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Preface

My interest in mathematics began at school. I am originally of Sikh descent, and as a young child
often found English difficult to comprehend, but I discovered an affinity with mathematics, a universal
language that I could begin to learn from the same start point as my peers.

Linear algebra is a fundamental area of mathematics, and is arguably the most powerful mathematical
tool ever developed. It is a core topic of study within fields as diverse as business, economics, engineer-
ing, physics, computer science, ecology, sociology, demography and genetics. For an example of linear
algebra at work, one need look no further than the Google search engine, which relies on linear algebra
to rank the results of a search with respect to relevance.

My passion has always been to teach, and I have held the position of Senior Lecturer in Mathematics
at the University of Hertfordshire for over twenty years, where I teach linear algebra to entry level
undergraduates. I am also the author of Engineering Mathematics Through Applications, a book that I
am proud to say is used widely as the basis for undergraduate studies in many different countries. I also
host and regularly update a website dedicated to mathematics.

At the University of Hertfordshire we have over one hundred mathematics undergraduates. In the
past we have based our linear algebra courses on various existing textbooks, but in general students
have found them hard to digest; one of my primary concerns has been in finding rigorous, yet accessible
textbooks to recommend to my students. Because of the popularity of my previously published book, I
have felt compelled to construct a book on linear algebra that bridges the considerable divide between
school and undergraduate mathematics.

I am somewhat fortunate in that I have had so many students to assist me in evaluating each chapter.
In response to their reactions, I have modified, expanded and added sections to ensure that its content
entirely encompasses the ability of students with a limited mathematical background, as well as the
more advanced scholars under my tutelage. I believe that this has allowed me to create a book that is
unparalleled in the simplicity of its explanation, yet comprehensive in its approach to even the most

challenging aspects of this topic.

Level

This book is intended for first- and second-year undergraduates arriving with average mathematics
grades. Many students find the transition between school and undergraduate mathematics difficult,
and this book specifically addresses that gap and allows seamless progression. It assumes limited prior
mathematical knowledge, yet also covers difficult material and answers tough questions through the use
of clear explanation and a wealth of illustrations. The emphasis of the book is on students learning for
themselves by gradually absorbing clearly presented text, supported by patterns, graphs and associated
questions. The text allows the student to gradually develop an understanding of a topic, without the

need for constant additional support from a tutor.

Pedagogical Issues

The strength of the text is in the large number of examples and the step-by-step explanation of each topic

as it is introduced. It is compiled in a way that allows distance learning, with explicit solutions to all of



vi

the set problems freely available online <http://www.oup.co.uk/companion/singh>. The miscellaneous
exercises at the end of each chapter comprise questions from past exam papers from various universities,
helping to reinforce the reader’s confidence. Also included are short historical biographies of the leading
players in the field of linear algebra. These are generally placed at the beginning of a section to engage
the interest of the student from the outset.

Published textbooks on this subject tend to be rather static in their presentation. By contrast, my book
strives to be significantly more dynamic, and encourages the engagement of the reader with frequent
question and answer sections. The question-answer element is sprinkled liberally throughout the text,
consistently testing the student’s understanding of the methods introduced, rather than requiring them
to remember by rote.

The simple yet concise nature of its content is specifically designed to aid the weaker student, but
its rigorous approach and comprehensive manner make it entirely appropriate reference material for
mathematicians at every level. Included in the online resource will be a selection of MATLAB scripts,
provided for those students who wish to process their work using a computer.

Finally, it must be acknowledged that linear algebra can appear abstract when first encountered by
a student. To show off some of its possibilities and potential, interviews with leading academics and
practitioners have been placed between chapters, giving readers a taste of what may be to come once
they have mastered this powerful mathematical tool.
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SECTION 1.1 © Systems of Linear Equations

By the end of this section you will be able to
solve a linear system of equations

plot linear graphs and determine the type of solutions

1.1.1 Introduction to linear algebra

We are all familiar with simple one-line equations. An equation is where two mathematical
expressions are defined as being equal. Given 3x = 6, we can almost intuitively see that x
must equal 2.
However, the solution isn’t always this easy to find, and the following example demon-
strates how we can extract information embedded in more than one line of information.
Imagine for a moment that John has bought two ice creams and two drinks for £3.00.

How much did John pay for each item?
Let x = cost of ice cream and y = cost of drink, then the problem can be written as

2x+2y=3

At this point, it is impossible to find a unique value for the cost of each item. However, you are
then told that Jane bought two ice creams and one drink for £2.50. With this additional informa-
tion, we can model the problem as a system of equations and look for unique values for the cost
of ice creams and drinks. The problem can now be written as

2x+2y =3
2x+y =25

Using a bit of guesswork, we can see that the only sensible values for x and y that satisfy both
equations are x = 1 and y = 0.5. Therefore an ice cream must have cost £1.00 and a drink £0.50.

Of course, this is an extremely simple example, the solution to which can be found with
a minimum of calculation, but larger systems of equations occur in areas like engineering,
science and finance. In order to reliably extract information from multiple linear equations,
we need linear algebra. Generally, the complex scientific, or engineering problem can be
solved by using linear algebra on linear equations.



D What does the term linear equation mean?
An equation is where two mathematical expressions are defined as being equal.

A linear equation is one where all the variables such as x, y, z have index (power) of 1 or
0 only, for example

x+2y+z=5
is a linear equation. The following are also linear equations:
x=3x+2y=53x+y+z+w=-8

The following are not linear equations:

¥ —1=0

x+yt+yz=9

sin(x) —y+z=3
OWhynot?

In equation (1) the index (power) of the variable x is 2, so this is actually a quadratic equation.
In equation (2) the index of y is 4 and z is 1/2. Remember, /z = z!/2.
In equation (3) the variable x is an argument of the trigonometric function sine.

Note that if an equation contains an argument of trigonometric, exponential, logarithmic
or hyperbolic functions then the equation is not linear.

A set of linear equations is called a linear system.

In this first course on linear algebra we examine the following questions regarding linear
systems:

Are there any solutions?

Does the system have no solution, a unique solution or an infinite number of
solutions?

How can we find all the solutions, if they exist?
Is there some sort of structure to the solutions?

Linear algebra is a systematic exploration of linear equations and is related to a new kind
of arithmetic’ called the arithmetic of matrices which we will discuss later in the chapter.

However, linear algebra isn’t exclusively about solving linear systems. The tools of matri-
ces and vectors have a whole wealth of applications in the fields of functional analysis and
quantum mechanics, where inner product spaces are important. Other applications include
optimization and approximation where the critical questions are:

Given a set of points, what’s the best linear model for them?
Given a function, what’s the best polynomial approximation to it?
To solve these problems we need to use the concepts of eigenvalues and eigenvectors and
orthonormal bases which are discussed in later chapters.
In all of mathematics, the concept of linearization is critical because linear problems are

very well understood and we can say a lot about them. For this reason we try to convert
many areas of mathematics to linear problems so that we can solve them.



1.1.2 System of linear equations

We can plot linear equations on a graph. Figure 1.1 shows the example of the two linear
equations we discussed earlier.

y
i l 1 -
= P \ ‘ Point of inTersecTion‘
2x+2y=3 1 \§ | = o
f —t — ~ 1 X
-1 B 3
§ ‘ \\
2x+y=25 e
-2
Figure 1.1

Figure 1.2 is an example of the linear equation, x + y + 2z =0, in a 3d coordinate
system.

x+y+2z=0

Figure 1.2

Q What do you notice about the graphs of linear equations?
They are straight lines in 2d and a plane in 3d. This is why they are called linear equations and the
study of such equations is called linear algebra.

What does the term system of linear equations mean?
Generally a finite number of linear equations with a finite number of unknowns x, y, z, w, ... is
called a system of linear equations or just a linear system.



For example, the following is a linear system of three simultaneous equations with three
unknowns x, y and z:
x+2y—3z=3
2x—y—z=11
3x+2y+z=-5
In general, a linear system of m equations in n unknowns X1, x2, X3, . . ., X, is written
mathematically as
anxi + axz + -+ + axp = by
anx1 + anxy + - + ks = by
™)
am1X1 + amaxz + - + AppXn = by

where the coeflicients ajj and bj represent real numbers. The unknowns xj, x2, . . ., x, are
placeholders for real numbers.

Linear algebra involves using a variety of methods for finding solutions to linear systems
such as (*).

Solve the equations about the cost of ice creams and drinks by algebraic means

2x+2y =3 1)
2x+y =25 2)

Solution
How do we solve these linear simultaneous equations, (1) and (2)?
Let's think about the information contained in these equations. The x in the first line represents the cost
of an ice cream, so must have the same value as the x in the second line. Similarly, the y in the first line
that represents the cost of a drink must have the same value as the y in the second line.

It follows that we can combine the two equations to see if together they offer any useful information.
How?
In this case, we subtract equation (2) from equation (1):

2x+2y =3 (1)
—(2x+y =2.5) 2)
0+y=205

Note that the unknown x is eliminated in the last line which leaves y = 0.5.
What else do we need to find?
The other unknown x.



How?
By substituting y = 0.5 into equation (1):

2x+2(0.5) =3 impliesthat 2x+1=3 gives x=1

Hence the cost of an ice cream is £1 because x = 1 and the cost of a drink is £0.50 because y = 0.5;
this is the solution to the given simultaneous equations (1) and (2).

This is also the point of intersection, (1, 0.5), of the graphs in Fig. 1.1. The procedure outlined in
Example 1.1 is called the method of elimination. The values x = 1 and y = 0.5 is the solution of
equations (1) and (2). In general, values which satisfy the above linear system are called the solution or
the solution set of the linear system. Here is another example.

(ERRRPIE T2 ——————

Solve
9x +3y=6 (1)
2x—7y=9 )
Solution
We need to find the values of x and y which satisfy both equations.
How?

Taking one equation from the other doesn't help us here, but we can multiply through either or both
equations by a non-zero constant.
If we multiply equation (1) by 2 and (2) by 9 then in both cases the x coefficient becomes 18. Carrying
out this operation we have
18x + 6y = 12 [multiplying equation (1) by 2]
18x — 63y = 81 [multiplying equation (2) by 9]
How do we eliminate x from these equations?

To eliminate the unknown x we subtract these equations:

18x + 6y = 12
—(18x — 63y = 81)

0+ [6—(—63)]y =12—81 [subtracting]
69y = —69  whichgivesy = —1

We have y = —1.
What else do we need to find?
The value of the placeholder x.
How?
By substituting y = —1 into the given equation 9x + 3y = 6:

9x + 3(=1) =6
Ix—3=6
9x = 9 which gives x = 1

(continued...)



Hence our solution to the linear system of (1) and (2) is
x=1landy=—1

We can check that this is the solution to the given system, (1) and (2), by substituting these values,
x = 1land y = —1, into the equations (1) and (2).

Note that we can carry out the following operations on a linear system of equations:

Interchange any pair of equations.
Multiply an equation by a non-zero constant.
Add or subtract one equation from another.

By carrying out these steps 1, 2 and 3 we end up with a simpler linear system to solve,
but with the same solution set as the original linear system. In the above case we had

I9x+3y=6 9Ix+3y=6
2x —7y=9 I:> 69y = —69

Of course, the system on the right hand side was much easier to solve. We can also
use this method of elimination to solve three simultaneous linear equations with three
unknowns, such as the one in the next example.

(ERGIE 113 ——————

Solve the linear system

x+2y+4z=7 (1)
3x + 7y + 2z = —11 2)
2+3y+3z=1 3)
Solution
What are we trying to find?

The values of x, y and z that satisfy all three equations (1), (2) and (3).

How do we find the values of x, y and z?

By elimination. To eliminate one of these unknowns, we first need to make the coefficients of x (or y or z)
equal.

Which one?

There are three choices but we select so that the arithmetic is made easier, in this case it is x. Multiply
equation (1) by 2 and then subtract the bottom equation (3):

2x + 4y + 8z = 14  [multiplying (1) by 2]
—(2x+3y+3z=1) (3)

0+ y +52=13 [subtracting]



Note that we have eliminated x and have the equation y + 5z = 13.
How can we determine the values of y and z from this equation?
We need another equation with only y and z.
How can we get this?
Multiply equation (1) by 3 and then subtract the second equation (2):

3x+6y+ 12z = 21 [multiplying (1) by 3]
—(Bx+7y+2z = —11) 2)
0—y+10z = 32 [subtracting]

Again there is no x and we have the equation —y 4 10z = 32.
How can we find y and z?
We now solve the two simultaneous equations that we have obtained

y+52=13  (4)
—y+ 10z = 32 (5)

We add equations (4) and (5), because y + (—y) = 0, which eliminates y.
) 45
0+ 15z =45givesz = — =3
15
Hence z = 3, but how do we find the other two unknowns x and y?
We first determine y by substituting z = 3 into equation (4) y+ 5z = 13:

y+(5x3)=13
y+15=13 which gives y = —2

We have y = —2 and z = 3. We still need to find the value of last unknown x.
How do we find the value of x?
By substituting the values we have already found, y = —2 and z = 3, into the given equation
x+2y+4z2=7(1):

x+@2x-2)+@x3)=7 gives x=—1

Hence the solution of the given three linear equationsisx = —1,y = —2and z = 3.
We can illustrate the given equations in a three-dimensional coordinate system as shown in Fig. 1.3.

Solution
x=—1,y=-2,z=3

X+2y+4z=T7
25 . — y

-

3x+7y+2z=-11 L 2x+3y+3z=1

Figure 1.3



Each of the equations (1), (2) and (3) are represented by a plane in a three-dimensional
system. The computer generated image above allows us to see where these planes lie with
respect to each other. The coordinates of these planes is the solution of the system.

The aim of the above problem was to convert the given system into something simpler
that could be solved. We had

xX+2y+4z=7 x+2y+4z=7
x4+ 7y+22=—11 ) —y+2z=32
2+ 3y+3z=1 15z = 45

We will examine in detail m equations with n unknowns and develop a more efficient
way of solving these later in this chapter.

1.1.3 Types of solutions

We now go back to evaluating a simple system of two linear simultaneous equations and
discuss the case where we have no, or an infinite number of solutions. As stated earlier, one
of the fundamental questions of linear algebra is how many solutions do we have of a given
linear system.

_

Solve the linear system

2x+3y=6 (1)
4x + 6y =9 2)
Solution
How do we solve these equations?
Multiply (1) by 2 and then subtract equation (2):
4x + 6y = 12 [Multiplying (1) by 2]
—x+ey=9

0+0=3
But how can we have 0 = 3?
A plot of the graphs of the given equations is shown in Fig. 1.4.

These equations have no solutions.

Figure 1.4



Can you see why there is no common solution to these equations?
The solution of the given equations would be the intersection of the lines shown in Fig. 1.4, but these
lines are parallel so there is no intersection, therefore no solution.

By examining the given equations,

2x +3y =6 (1)
4x + 6y =9 2)

can you see why there is no solution?
If you multiply the first equation (1) by 2 we have

4x + 6y = 12
This is a contradiction.
Why?
Because we have
4x+ 6y = 12
dx+ 6y = 9 2)

that is, 4x 4 6y equals both 9 and 12. This is clearly impossible. Hence the given linear system has no
solution.

A system that has no solution is called inconsistent. If the linear system has at least one
solution then we say the system is consistent.

Can we have more than one solution?
Consider the following example.

Graph the equations and determine the solution of this system:
2x+3y =6 (1)

Solution
The graph of the given equations is shown in Fig. 1.5.
y
~ 3 1
\\\\
2R
T
[4x+6y=12] B
11 ~_ 2x+3y=6
T
e
\\ X
- ) 3T 4
1 A 1 3 \.\\l\
-1+
Figure 1.5

(continued...)
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What do you notice?

Both the given equations produce exactly the same line; that is they coincide.

How many solutions do these equations have?

An infinite number of solutions, as you can see on the graph of Fig. 1.5. Any point on the line is a solution,
and since there are an infinite number of points on the line we have an infinite number of solutions.

How can we write these solutions?

Let x = a - where a is any real number - be a solution.

What then is y equal to?

Substituting x = a into the given equation (1) yields

2a+3y=6 [2x + 3y = 6]
3y=6-—2a
6—2a 6 2 2
y = =—-——-a=2—-a
3 3 3 3

Henceifx = atheny =2 — %a.
The solution of the given linear system, (1) and (2), is x = a and y = 2 — 2a/3 where a is any real
number. You can check this by substituting various values of a. For example, if a = 1 then

x=1 y=2-2(1)/3=4/3

We can check that this answer is correct by substituting these values, x = 1 and y = 4/3, into
equations (1) and (2):

2()+3@/3)=2+4=6 2x+3y =6 (1)
4)+6(4/3)=4+8=12 |4x+6y=12 (2

Hence our solution works. This solution x = a and y = 2 — 2a/3 will satisfy the given equations for
any real value of a.

The graphs in Fig. 1.6 represent the three possible solutions to a linear system with two
unknowns.

101

/ -2 2 4 4 7 2 4 21086 -4-2F 2 4
e “2F  Ssolution -5F

-4 41
—10f

(a) No solution (b) Unique solution (c) Infinite number of solutions

Figure 1.6



The graphs in Fig. 1.7 illustrate solutions arising from three linear equations and three
unknowns.

(a) No solution (b) Unique solution

Unique
@’ solution |

Every point on this

line is a solution

because all three

planes meet here.
(c) Infinite number of solutions

Figure 1.7

Fig. 1.7(a) shows three planes (equations) which have no point in common, hence no
solution.

Fig. 1.7(b) shows the three planes (equations) with a unique point in common.

Fig. 1.7(c) shows three planes (equations) with a line in common. Every point on this
line is a solution, which means we have an infinite number of solutions.

Q Summary

A linear equation is an equation in which the unknowns have an index of 1 or 0.
The procedure outlined in this section to solve such systems is the method of elimination.

* EXERCISES 1.1

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Which of the following equations are linear equations in x, y and z? If they are not linear
explain why not.

@Qx—y—z=3 b)Vx+y+z=6 (c) cos (x) +sin (y) = 1
d) etz =1 (e)x—2y+52=4/3 (f)x= -3y

b+ S =
(g)x:% (hrx+y+ez=5 (i)ﬁx+%y+z=0

() sinh™! (x) =In ‘x + /x% + 1’ (k) %x - ﬁy +zsin(w) =0
O +y* +2" =0 (m) yoos' @HI*W 4y — 7 =9
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Solve the following linear system by the elimination process discussed in this section.

x+y=2 2x—3y=>5 2x — 3y =35
(a) . (b) _ (©) _
x—y=0 x—y=2 x—y=2
5x—7y=2 TXx—5=2 ex—ey =2
GO _ (e) _ () —
x —3y =06 nx—y=1 ex+ey =0

(In part (f), e is the irrational number e = 2.71828182846 - - - )

Solve the following linear systems by the elimination process discussed in this section.

x+y+z=3 x+2y—2z=6
@ x—-y—z=-1 (b) 2x—3y+2z=-10
2x+y+5z=238 3x—y+3z=-16
3x+y—2z=4 6x —3y+2z =31
(c) 5x — 3y + 10z = 32 (d) 5x+y+ 12z = 36
7Xx+4y+16z =13 8x+5y+z=11

Plot the graphs of these linear equations and decide on the number of solutions of each
linear system. If there are any solutions, find them.

2x+y=3 2x+y=3 2x+y=3
(a) (b) (c)
x—y=7 8x +4y =12 2x+y=5
3x—2y=3 3x—2y—3=0
@ "7 @, 7
3x—2y=26 3x—2y—-5=0

5 —2y—5=0

3x—2y—-3=0

Without evaluating, decide on the number of solutions of each of these linear systems.
7x+y =10 ®) 12x + 4y =16

x—y=7 8x +4y =16

(f)

SECTION 1.2 © Gaussian Elimination

By the end of this section you will be able to
understand what is meant by a matrix and an augmented matrix
solve a linear system using Gaussian elimination

extend row operations so that the solution can be found by inspection



In the previous section we solved a linear system by a process of elimination and substitu-
tion. In this section we define this process in a systematic way. In order to do this we need
to describe what is meant by a matrix and reduced row echelon form. Just by examining
the matrix of a given linear system in reduced row echelon form we can say a lot of things
about the solutions:

Are there any solutions?
Is the solution unique?

Are there an infinite number of solutions?
1.2.1 Introduction to matrices

In our introductory example from the previous section, we formed two equations that
described the cost of ice creams x and drinks y:
2x+2y=3
2x+y=25
Note that the first column of values only contains coefficients of x, and the second
column only contains coeflicients of y. So we can write

Xy

(1) ()

The brackets on the left contain the coefficients from the problem, and is referred to as
the matrix of coefficients. The brackets on the right hand side contain the total cost in a
single column, and is referred to as a vector.

Matrices are used in various fields of engineering, science and economics to solve real-
life problems such as those in control theory, electrical principles, structural analysis, string
theory, quantitative finance and many others. Problems in these areas can often be writ-
ten as a set of linear simultaneous equations. It is easier to solve these equations by using
matrices.

Table 1.1 shows the sales of three different ice cream flavours during the week.

Table 1.1 Ice cream sales

Monday Tuesday Wednesday Thursday Friday
Strawberry 12 15 10 16 12
Vanilla 5 9 14 7 10
Chocolate 8 12 10 9 15

We can represent the information in the table in matrix form as

12 15 10 16 12
5 914 710
8§ 12 10 9 15

13
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The first column represents the ice cream sales for Monday, second column for Tuesday,
... and the last column for Friday.

Matrices are an efficient way of storing data. In the next section we look formally at the
methods used to extract information from the data.

1.2.2 Elementary row operations

Suppose we have a general linear system of m equations with n unknowns labelled
X1,X2, X3, . .. and x,, given by:

anxi + apxy + -+ ax, = by

anxy + anxy + -+ awx, = by

AmiX1 + amaX2 + -+ + ApnXn = by

where the coefficients a;j, b; are real numbers and x1, x2, x3, . . . and x;, are placeholders for
real numbers that satisfy the equations. This general system can be stored in matrix form as

This is an augmented matrix, which is a matrix containing the coefficients of the
unknowns xi, x2, X3,...,%, and the constant values on the right hand side of the
equations. In everyday English language, augmented means ‘to increase’. Augmenting
a matrix means adding one or more columns to the original matrix. In this case, we
have added the b’s column to the matrix. These are divided by a vertical line as shown
above.

Consider Example 1.3 section 1.1, where we had to solve the following linear system:

x+2y+4z=7
3x + 7y + 2z = —11
2x + 3y +3z=1

Write the augmented matrix of this linear system.
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Solution

An augmented matrix is simply a shorthand way of representing a linear system of equations. Rather than
write x, y and z after each coefficient, recognize that the first column contains the coefficients of x, the
second column the coefficients of y and so on. Placing the coefficients of x, y and z on the left hand side
of the vertical line in the augmented matrix and the constant values 7, —11 and 1 on the right hand side
we have

12 4 7
372 |-11
2 33 1

In the previous section 1.1 we solved these equations by an elimination process which
involved carrying out the following operations:

Multiply an equation by a non-zero constant.
Add or subtract a multiple of one equation to another.

Interchange equations.

Because each row of the augmented matrix corresponds to one equation of the linear
system, we can carry out analogous operations such as:

Multiply a row by a non-zero constant.
Add or subtract a multiple of one row to another.

Interchange rows.

We refer to these operations as elementary row operations.

1.2.3 Gaussian elimination

N
Gauss (1777-1855) (Fig. 1.8) is widely regarded as one
of the three greatest mathematicians of all time, the
others being Archimedes and Newton. By the age of
11, Gauss could prove that +/2 is irrational. At the age
of 18, he constructed a regular 17-sided polygon with
a compass and unmarked straight edge only. Gauss
went as a student to the world-renowned centre for
mathematics - Gottingen. Later in life, Gauss took up a
post at Gottingen and published papers in number
theory, infinite series, algebra, astronomy and optics.
The unit of magnetic induction is named after Gauss.

g Figure 1.8 )
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A linear system of equations is solved by carrying out the above elementary row oper-
ations 1, 2 and 3 to find the values of the unknowns x, y,z, w. .. This method saves time
because we do not need to write out the unknowns x, y, z, w. .. each time, and it is more
methodical. In general, you will find there is less likelihood of making a mistake by using
this Gaussian elimination process.

BEmpIe 17—

Solve the following linear system by using the Gaussian elimination procedure:

x—3y+5z=-9

2x—y—3z=19

3x+y+4z = —13
Solution

What is the augmented matrix in this case?
Let Ry, Ry and R3 represent rows 1, 2 and 3 respectively. We have

x—3y+5z=-9 Row 1 R /1 =3 5 -9
2x—y—3z=19 and Row2 Rpb| 2 -1 -3 19
3x+y+4z=—13 Row 3 Rz \'3 1 4 |-13

Note that each row represents an equation.
How can we find the unknowns x, y and z?
The columns in the matrix represent the x, y and z coefficients respectively. If we can transform this
augmented matrix into

x y z
L
* k% *
where A, B and * represents any real number
0 *x = *
Finalrow \ 0 0 A | B

then we can find z.

How?

Look at the final row.

What does this represent?

O0xx)+(0xy)+(Axz) =B

Az = B which gives z = g provided A # 0

Hence we have a value for z = B/A.

But how do we find the other two unknowns x and y?

Now we can use a method called back substitution. Examine the second row of the above matrix:
y z
* k| ok

X
*

Second row 0 % *x | %
00 A |B

By expanding the second row we get an equation in terms of y and z. From above we already know the
value of z = B/A, so we can substitute z = B/A and obtain y. Similarly from the first row we can find x
by substituting the values of y and z.



We need to perform row operations on the augmented matrix to transform it from:

Ry 1 -3 5 -9 * ok
Ry| 2 -1 -3 19 Jto | 0 %
R3 \'3 1 4 |-13 00

We need to convert this augmented matrix to an equivalent matrix with zeros in the bottom left hand
corner. That is 0 in place of 2, 3 and 1.
How do we get 0 in place of 2?
Remember, we can multiply an equation by a non-zero constant, and take one equation away from
another. In terms of matrices, this means that we can multiply a row and take one row away from another
because each row represents an equation.

To get 0 in place of 2 we multiple row 1, Ry, by 2 and subtract the result from row 2, Ry; that is, we
carry out the row operation Ry — 2R;:

Rj 1 =3 5 =0
R} =Ry — 2R; 2—-2(1) —-1—-(2x(=3) -3—-(2x5) 19 — (2 x (=9))
R3 3 1 4 —13

We call the new middle row R3. Completing the arithmetic, the middle row becomes

R (1 -3 5| -9
R [0 5 —-13 | 37
R; \3 1 4 |-13

Where else do we need a zero?

Need to get a 0 in place of 3 in the bottom row.

How?

We multiply the top row R; by 3 and subtract the result from the bottom row Rs; that is, we carry out the
row operation, R3 — 3R;:

Ry 1 =8 5 -9
R% 0 5 —i3 37
RE=R;—3R; \ 3—3(1) 1-(3x(=3) 4-(3x5 | —13—(3x(-9)

We can call R} the new bottom row of this matrix. Simplifying the arithmetic in the entries gives:

Ry /1 =3 5 | -9
RO 5 —13 37
R \0 10 —11 14

Note that we now only need to convert the 10 into zero in the bottom row.
How do we get a zero in place of 10?
We can only make use of the bottom two rows, R} and Rg‘.
Why?
Looking at the first column, it is clear that taking any multiple of R; away from Rz will interfere with the
zero that we have just worked to establish.

(continued...)
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We execute R} — 2R} because

10 — (2 x 5) =0 (gives a0 in place of 10)

Therefore we have

1 =3 5 -9
0 5 —13 37

Ry
Rj
REF=RE—2RE \ 0-(2x0) 10-(@2x5 —11—[2x(=13)] | 14—(2x37)

which simplifies to

x y oz
Ri /1 -3 5| —9
: )
R o 5 -13 | 37

S
(=}
—
(9]
|
[}
S

*ok
R3

From the bottom row R}* we have

60

15z = —60 which gives z = T —4

How do we find the other two unknowns x and y?
By expanding the middle row R of () we have:

5y — 13z =37

We can find y by substituting z = —4 into this

5y — 13 (—4) = 37 [Substituting z = —4]
15
5y 4 52 = 37 which implies 5y = —15 therefore y = -5 = =3

How can we find the last unknown x?
By expanding the first row R; of () we have:

x—3y+5z2=-9

Substituting y = —3 and z = —4 into this:

x=Bx(=3)+GEx (D) =-9
x4+ 9 — 20 = —9 which gives x = 2

Hence our solution to the linear systemisx = 2,y = —3and z = —4.
Remember, each of the given equations can also be graphically represented by planes in a 3d

coordinate system.
The solution is where all three planes (equations) meet. The equations are illustrated in Fig. 1.9.



Solution

3x+y+4z=-13
x=2,y=-3,z=—4

x—3y+5z=-9
2x—y—3z=19
Figure 1.9
In the above example we transformed the given system:
x—3y+5z=-9 X—3y+5z=-9
2x—y—3z=19 |:> 5y — 13z = 37
3x+y+4z=—13 15z = —60

The system on the right hand side is much easier to solve.

The above process is called Gaussian elimination with back substitution. The aim of
Gaussian elimination is to produce a ‘triangular’ matrix with zeros in the bottom left corner
of the matrix. This is achieved by the elementary row operations:

Multiply a row by a non-zero constant.
Add or subtract a multiple of one row from another.
Interchange rows.

We say two matrices are row equivalent if one matrix is derived from the other by using
these three operations.

If augmented matrices of two linear systems are row equivalent then the two systems
have the same solution set. You may like to check this for the above Example 1.7, to see that
the solution x = 2, y = —3 and z = —4 satisfies the given equations.

In summary, the given linear system of equations is written in an augmented matrix,
which is then transformed into a much simpler equivalent augmented matrix, which then
allows us to use back substitution to find the solution of the linear system.

EEmple 1.8 T ———

Solve the linear system:

x+3y+2z=13
dx+4y—3z =3
S5x+y+2z=13
(continued...)
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Solution

How can we find the unknowns x, y and z?

We use Gaussian elimination with back substitution.
The augmented matrix is:

Row 1 Ry N 3 2| 13) Needtoconvert the
Row 2 R, 4 -3 entries in this
Rl R, 2| 13 triangle to zeros.

Our aim is to convert this augmented matrix so that there are 0's in the bottom left hand corner, that is;
the first 4 in the second row reduces to zero, and the 5 and 1 from the bottom row reduce to zero. Hence
4—0,5— 0and1 — 0.

To get 0 in place of the first 4 in the middle row we multiply row 1, Ry, by 4 and take the result away
from row 2, Ry, that is Ry — 4R;. To get 0 in place of 5 in the bottom row we multiply row 1, Ry, by 5 and
take the result away from row 3, R3, that is R3 — 5R;. Combining the two row operations, R, — 4R; and
R3 — 5Ry, we have

Ry 1 3 2 13
RI=Ry—4R; | 4—(@4x1) 4—(@4x3) —3—-(4x2) | 3—(4x13)
RI=R3—5R; \5-(Gx1) 1-(5x3) 2-(x2) |13-(5x13)

We call the new row 2 and 3 — R; and R;r respectively. This simplifies to:

R (1 3 2| 13
RI |0 —8 —11 |—49
Rl \0 —14 -8 |-52

We have nearly obtained the required matrix with zeros in the bottom left hand corner. We need a 0 in
place of —14 in the new bottom row, R;. We can only use the second and third rows, R; and R;r.
Why?
Because if we use first row, Ry, we will get a non-zero number in place of the zero already established
in R}
How can we obtain a 0 in place of —14?

14 14
R;r — ng because —14 — |:§ X (—8)] = 0 (gives 0 in place of —14)

Therefore
Ry 1 3 2 13
R; 0 -8 —11 —49

Bl o —1a- [5 x (—8)] —8— [5 x (—11)] —52 — (E x (—49))
8 2 8 8 8

which simplifies to

Tt _ pt
Ri" =R} -

x y z
Rq 1 3 2 13 *)
i
R] 0 —8 —11 | —49

R;fT \ 0 0 45/4 | 135/4
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This time we have called the bottom row R;T. From this row, R;T, we have

45 135 135
—2z = —— which gives z = — =
4 4 45

How can we find the unknown, y?
By expanding the second row R; in (*) we have

—8y — 11z = —49
We know from above that z = 3, therefore, substituting z = 3 gives

—8y—11(3) = —49
—8y—33=—-49
—8y = —49 4 33 = —16 which yields y = (—16)/(—8) =2

So far we have y = 2 and z = 3.
How can we find the last unknown, x?
By expanding the first row, Ry, of (*) we have

x+3y+2z=13
Substituting our values already found, y = 2 and z = 3, we have

x+(B3x2)+2x3)=13
X+ 6 + 6 = 13 which gives x = 1

Hence x = 1, y = 2 and z = 3 is our solution. We can illustrate these equations as shown in Fig. 1.10.

Solution
x=1,y=2,z=3
x+3y+2z=13
4x+4y-3z=3
Sx+y+2z=13

Figure 1.10

We can check that this solution is correct by substituting these x = 1, y = 2 and z = 3 into the given
equations.
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In the above example we carried out row operations so that:

x+3y+2z=13 x+ 3y + 2z 13
dx+4y—3z=3 |:> muz = —49
5x4+y+4+2z=13 45z/4 = 135/4

Note that the right hand system is much easier to solve.

1.2.4 Extending row operations

The Gaussian elimination process can be extended in the above example so that the first
non-zero number in the bottom row of (*) is 1, that is

Convert this into 1
Ry 1 3 2 13

RI | o -8 —11 | <49
RIF \ 0 0 454 | 1354

How do we convert 45/4 into 1?
Multiply the bottom row Ry by f—s.

R 13 2 13
R} 0 -8 11 —49

Tt 4 (45 4 (135
3 45 45 \ 4 45 4

which simplifies to

R (1 3 2| 13

RI| o -8 —11 | —49
/

Rek{o o 1 3

The advantage of this is that we get the z value directly. From the bottom row, R}, we
have z = 3. We can extend these row operations further and obtain the following matrix:

100]=x*
010 |=x* )
001/
Why would we want to achieve this sort of augmented matrix?
Because we can read off the x, y and z values directly from this augmented matrix. The only

problem is in doing the arithmetic, because achieving this sort of matrix can be a laborious
process.

This augmented matrix (*) is said to be in reduced row echelon form.
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£ ) Amatrixis in reduced row echelon form, normally abbreviated to rref, if it satisfies all the

following conditions:

1. If there are any rows containing only zero entries then they are located in the bottom part
of the matrix.

2. If a row contains non-zero entries then the first non-zero entry is a 1. This 1 is called a
leading 1.

3. The leading 1's of two consecutive non-zero rows go strictly from top left to bottom right
of the matrix.

4. The only non-zero entry in a column containing a leading 1 is the leading 1.
- )

If condition (4) is not satisfied then we say that the matrix is in row echelon form
and drop the qualification ‘reduced’. In some linear algebra literature the leading 1 con-
dition is relaxed and it is enough to say that any non-zero number is the leading
coefficient.

For example, the following are all in reduced row echelon form:

—6 and

OOH
OHO

S O O O
OOOH
e
o O O
S O O
S O O O
°o o]
O O O W
SNEIE

S O Ul W

e =
O

The following matrices are not in reduced row echelon form:

A:oooo’Bzooandczooooo_9
i o
oo o o [1] 000 0 0 0 0
OWhynot?

In matrix A the third column contains a leading one but has a non-zero entry, 5.

In matrix B the leading ones do not go from top left to bottom right.

In matrix C the top row of zeros should be relegated to the bottom of the matrix as stated in
condition (1) above.

However, matrix A is in row echelon form but not in reduced row echelon form. Matrices
B and C are not in row echelon form.

The procedure which places an augmented matrix into row echelon form is called
Gaussian elimination and the algorithm which places an augmented matrix into a reduced
row echelon form is called Gauss-Jordan elimination.

23
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x y z
X 1 5 -3 -9\ .
Place the augmented matrix into reduced row echelon form.

0 —-13 5 37
0 0 5 |-—15

Solution
Why should we want to place this matrix into reduced row echelon form?
In a nutshell, it's to avoid back substitution. If we look at the bottom row of the given augmented matrix
we have 5z = —15.
We need to divide by 5 in order to find the z value.
The reduced row echelon form, rref, gives us the values of the unknowns directly, and we do not need
to carry out further manipulation or elimination.
What does reduced row echelon form mean in this case?
It means convert the given augmented matrix

Ry 1 5 =3 =4 100 |=x*
R, [ 0 —-13 5 37 | into somethinglike | 0 1 0 |
R3 0 0 5 |-—15 00 1]=x*

This means that we need to get 0 in place of the 5 in the second row, and 0’s in place of the 5 and —3 in
the first row. We also need a 1 in place of —13 in the middle row and 1 in place of the 5 in the bottom
row.

How do we convert the 5 in the bottom row into 1?
Divide the last row by 5 (remember, this is the same as multiplying by 1/5):

Ry 1 5 -3 -9
Ry 0 -—13 5 37
R’3 =R3/5 0 0 1 =3

How do we get 0 in place of —3 in the first row and the 5 in the second row?
We execute the row operations Ry + 3R} and Ry — 5R%:

Ri=R;+3R; (14+3(0) 5430 —3+3(1) |-9+3(-3)
R =Ry —5R; | 0—-5(0) —13—-5(0) 5—5(1) | 37—5(=3)
R’ 0 0 1 -3

Simplifying the entries gives

RE /1 50 |18
R5 |0 -130| 52
RA\0 01| -3

How do we get a 1 in place of —13?
Divide the middle row by —13 (remember, this is the same as multiplying by —1/13):



R} 1 5 0 | —18
RFF=R5/(-13) | 0 —13/(=13) 0 | 52/(—13)
R} 0 0 =3

Simplifying the second row gives

RE (150 |18
R [ o 10 | —4
R, \o 01 | -3

This matrix is now in row echelon form but not in reduced row echelon form. We need to convert the 5
in the top row into O to get it into reduced row echelon form.
How?

We carry out the row operation, R} — 5R3*:

RI* =R} —5R}* [ 1-5(0) 5-5(1) 0-5(0) | —18—5(—4)
Ry* 0 1 0 —4
R; 0 0 1 -3

Simplifying the top row entries gives

x y z

RF* (100 | 2
RZ* [ o1 0 |4
R, \oo1 |-3

Hence we have placed the given augmented matrix into reduced row echelon form.

Now we can read off the x, y and z values, thatisx = 2,y = —4and z = —3.

We will prove later on that the matrix in reduced row echelon form is unique. This means
that however we vary our row operations we will always end up with the same matrix in
reduced row echelon form. However, the matrix in row echelon form is not unique.

p
(T Summary

To find the solution to a linear system of m equations by # unknowns we aim to produce:

anxy + - 4+ amnxn = by anx1 + apxy + -0 + axn = by
anxy + -+ amxn = b |:> ayxo + -+ ayxy = b
amx1 + -+ + amnxn = bm a/mnxn = b

25
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(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Solve the following linear system by applying Gaussian elimination with back substitu-

tion:
x+2y—3z=3
@ =7 (b) 2x—y—z=11
Xy =4 3x+2y+z=-5
2x+2y+2z=10 x+2y+z=1
(0)x—3y+4z=0 (d) 2x+2y+3z=2
3x—y+6z=12 Sx+8y+2z=4

10x+y—5z=18
() —20x + 3y + 20z = 14
5x+3y+5z2=9

Solve the following linear system by placing the augmented matrix in row echelon form.

X+2y+3z=12 2x—y—4z=0

() 2x—y+5z=3 (b) 3x+5y+2z=5
3x+3y+6z=21 4x —3y+6z=—16
3x—y+7z=9

() 5x+3y+2z=10
9x+2y—5z2=56

Solve the following linear system by placing the augmented matrix in reduced row
echelon form.

x+y+2z=9 x+y+z =-2
(a) &x+4y—3z=3 (b) 2x—y—z =—4
5x+y+2z=13 4x+2y—3z=-3
2x+y—z=2 —2x+3y—2z =38
() 4x+3y+2z=-3 (d —x+2y—10z=0

6x — 5y +3z = —14 5x—7y+4z = —20



SECTION 1.3 € ) Vector Arithmetic
By the end of this section you will be able to

understand what is meant by vectors and scalars

use vector arithmetic such as addition, scalar multiplication and dot
product

As shown in the previous section, matrix notation provides a systematic way of both
analysing and solving linear systems. In section 1.2 we came across a single column matrix
that we referred to as a vector. Vectors, being the simplest of matrices, are also the most
frequently used.

However, to understand the ‘how and why’ of matrices we need to grasp the underlying
concept of vectors. Vectors are the gateway to comprehending matrices. By analysing the
properties of vectors we shall come to a fuller understanding of matrices in general.

Well, what are vectors?

In many situations answering the question ‘how much?’ is enough. Sometimes, one needs to know
not only ‘how much’, but also ‘in which direction?' Vectors are the natural type of thing to answer
such questions with, for they are capable of expressing geometry, not just ‘size’.

For instance, physicists rely upon vectors to mathematically express the motion of an
object in terms of its direction, as well as the rate that it is travelling. Engineers will
use a vector to express the magnitude of a force and the direction in which it is act-
ing. Each additional component to a problem simply requires an additional entry in the
vector that describes it. Using two- and three-dimensional vectors to express physical
problems also allows for a geometric interpretation, so data can be plotted and visually
compared.

In more abstract problems, many more dimensions might be employed, meaning that
the resultant vector is impossible to plot in more than three-dimensions but astonishingly
the mathematics works in this space too, and the resulting solutions are no less valid.

First we need to formalize some of the mathematics so that we can work with vectors.

1.3.1 Vectors and Scalars

The physical interpretation of a vector is a quantity that has size (magnitude) and direction.
The instruction ‘walk due north for 5 kilometres’ can be expressed as a vector; its magnitude
is 5 km and its direction is due north.

Velocity, acceleration, force and displacement are all vector quantities.

The instruction ‘Go on a 5 km walk’ is not a vector because it has no direction; all that is
specified is the length of the walk, but we don’t know where to start or where to head.

We shall now start referring to this as a scalar.

& So what are scalars?

A scalar is a number that measures the size of a particular quantity.
Length, area, volume, mass and temperature are all scalar quantities.

27
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Q How do we write down vectors and scalars and how can we distinguish between them?
A vector from O to A is denoted by 5:4) or written in bold typeface a and can be represented
geometrically as shown in Fig. 1.11.

A

o Figure 1.11

A scalar is denoted by 4, not in bold, so that we can distinguish between vectors and
scalars.

Two vectors are equivalent if they have the same direction and magnitude. For example,
the vectors d and e in Fig. 1.12 are equivalent, thatisd = e.

c
A Figure 1.12

The vectors d and e have the same direction and magnitude but only differ in position.
There are many examples of vectors in the real world:

A displacement of 20 m to the horizontal, right of an object from O to A (Fig. 1.13).

0 > A Figure 1.13

A force on an object acting vertically downwards (Fig. 1.14).

Object

N
o
=z

Figure 1.14

The velocity and acceleration of a ball thrown vertically upwards are vectors
(Fig. 1.15).



T Velocity

i Acceleration due to gravity

Figure 1.15

1.3.2 Vector addition and scalar multiplication

The result of adding two vectors such as a and b in Fig. 1.16 is the diagonal of the
parallelogram, a + b, as shown.

Figure 1.16

The multiplication ka of a real number k with a vector a is the product of the size of a
with the number k. For example, 2a is the vector in the same direction as vector a but the
magnitude is twice as long (Fig. 1.17).

2a

/"’"/
Figure 1.17

Q What does the vector %a look like?

a 1_a
2
/V/ Figure 1.18

It's the same direction as vector a but half the magnitude (Fig. 1.18).

Q What effect does a negative k have on a vector such as ka?
If k = —2 then —2a is the vector a but in the opposite direction and the magnitude is multiplied
by 2 (Fig. 1.19):

—2a /

Figure 1.19

29



30
A vector —a is the vector a but in the opposite direction. We can define this as
—a=(—-1)a

We call the product ka scalar multiplication.
We can also subtract vectors as shown in Fig. 1.20.

Figure 1.20

The vector subtraction of two vectors a and b is defined by
(1.1) a—b=a+(-b)

1.3.3 Vectors in R?

& What is meant by R??
R? is the x — y plane representing the Cartesian coordinate system named after the French
mathematician and philosopher Rene Descartes.

(" N
Rene Descartes (Fig. 1.21) was a French philosopher
born in 1596. He attended a Jesuit college and,
because of his poor health, he was allowed to remain
in bed until 11 o'clock in the morning, a habit he
continued until his death in 1650.

After graduating in 1618, he went to Holland to
study mathematics. Here Descartes lived a solitary life,
concentrating only on mathematics and philosophy.
His main contribution to mathematics was analytical
geometry, which includes our present x-y plane and
the three-dimensional space with x, y and z axes.

This coordinate system cemented algebra with
geometry. Prior to the coordinate system, geometry
and algebra were two different subjects.

Figure 1.21 Rene Descartes In 1649, Descartes left Holland to tutor Queen
1596-1650 Christina of Sweden. However, she wanted to study
mathematics at dawn, which did not suit Descartes
who never rose before 11 am. As a combination of the early starts and the harsh Swedish

winter, Descartes died of pneumonia in 1650.
_ J




The points in the Cartesian plane are ordered pairs with reference to the origin, which is
denoted by O.

Q What does the term ‘ordered pair’ mean?

The order of the entries matters, that is the coordinate (a, b) is different from (b, a), provided

a#b.

. . a .
The coordinate (a, b) can be written as a column < b) and is called a column vector or

simply a vector. For example, the following are all vectors in the plane R? (Fig. 1.22):

Y
A
-1 hd
5 . 2 7
&
\ 3
= A
\
‘ \_Z
» /*l X
-6 =4 =2 2 4
-6 i =
{_3J //, :
4
Figure 1.22

—6 7 2 -1
These are examples of vectors with two entries, <_ 3 ), ( 5 ) , ( 3> and ( 5 )

The set of all vectors with two entries is denoted by R? and pronounced ‘r two’. The R
indicates that the entries are real numbers.

We can add and subtract vectors in R? as stated above, that is we apply the parallelogram
law on the vectors (Fig. 1.23).

Figure 1.23
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32 1 LINEAR EQUATIONS AND MATRICES

Example 1.10

3 -2
Letu = ( 1 ) andv = ( 3 ) Plot u + v and write down u + v as a column vector.

Solution
Y
a
- S
m‘\ \l I I
v =(23) =
L _ - [
N 7
~.
1 hi™g
N 1 D
u+v i
. Ly
\‘ x
) 1 -~ . P
—Z 1 . 3
~.
1 r - ~5
[v=6.-1 |
5 N N B
c

Figure 1.24

By examining Fig. 1.24 we see that the coordinates of u + v are (1, 2) and this is written as a column

vector !
) )

What do you notice about your result?
If we add x and y coordinates in the vectors separately then we obtain the resultant vector.

. 3 -2 3—-2 1 .
That is, we evaluateu + v = (_1> + ( 3) = (_1+3> = (2),wh|ch means that we can

simply add the corresponding entries of the vector to find u + v.

In general, ifu = (Z) andv = (2) then we add corresponding entries:

o (00552
e

3
Letv = ( 1 ) Plot the vectors %v, 2v, 3v and —v on the same axes.

Solution
Plotting each of these vectors on R? is shown in Fig. 1.25.
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3 3v
_
I,
>
2
et
P> \
1 vV T
1 =|v
2 >
//
2 p y: 10
-
<l I 1
-V 1
o
Figure 1.25

Note that by reading off the coordinates of each vector:
1 173 1.5 3 6 3 9
2=3(0)=(85) =2 (1) = (5) o (2) = (5) e
o (3Y_ (3
=) T4

Remember, the product kv is called scalar multiplication. The term scalar comes from
the Latin word scala meaning ladder. Scalar multiplication changes the length or the scale
of the vector as you can see in Fig. 1.25.

a

In general, if v = < b

> then the scalar multiplication

a ka
w=k(3) = (i)
1.3.4 VectorsinR3

Q What does the notation R> mean?
RR3 is the set of all ordered triples of real numbers and is also called 3-space.
We can extend the vector properties in R2 mentioned above to three dimensions R? pro-
nounced r three'.

The x — y plane can be extended to cover three dimensions by including a third axis
called the z axis. This axis is at right angles to the other two, x and y, axes. The position of
a vector in three dimensions is given by three coordinates (x, y, z).

1
For example, the following vector | 2 | in R? is represented geometrically in Fig. 1.26:
5
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15 Figure 1.26

Vector addition and scalar multiplication are carried out the same way as in the plane
R2. That is, ifu = andv = then vector addition and scalar multiplication are

defined as

a d a+d a ka
ut+v=1\|> e b+e kn=k| b | =|kb
c f c+f c kc

1.3.5 VectorsinR"

Q What does R" represent?

In the 17th century Rene Descartes used ordered pairs of real numbers, v = (Z , to describe

a

vectors in a plane and extended it to ordered triples of real numbers, v=| b |, to describe
c

vectors in three-dimensional space.

Q Can we extend this to an ordered quadruple of real numbers, v = , or n-tuples of real numbers,

QU o SR



Yes. In the 17th century vectors were defined as geometric objects and there was no geometric
interpretation of R” for n greater than three dimensions. However, in the 19th century vectors
began to be seen as mathematical objects that can be added, subtracted and scalar multiplied
that allowed us to extend the vector definition.

There are many real life situations where more than three variables are involved. For
example

weather conditions
performance of companies in a stock market

mortality rates in a population

In 1905 the great German mathematician Hilbert (1862-1943) produced his famous
theory of a vector space of infinitely many variables known as Hilbert space.

V1 1

V2 -2
Avectorv=| . | iscalledann-dimensional vector. An exampleisv = .| where

Vi 8

8 is the nth entry.

Hence R" is the set of all n-dimensional vectors where R signifies that the entries of the
vector are real numbers, that is, vq, v, v3, . ..and v, are all real numbers. The real num-
ber v; of the vector v is called the component or more precisely the jth component of the
vector v.

This R” is also called n-space or the vector space of n-tuples.

Note that the vectors are ordered n-tuples.

What does this mean?

1 -2
-2 1

The vector v = | is different from . |; that is, the order of the entries matters.
8 8

How do we draw vectors in R" for n > 4?
We cannot draw pictures of vectors in R4, R, R®. .. but we can carry out arithmetic in this
multidimensional space.

Two vectors u and v are equal if they have the same number of components and all the
corresponding components are equal.

How can we write this in mathematical notation?
ul V1
Letu = andv = then

Un Vn

(1.2) u = vif and only if entries uj = vj forj=1,2,3,...,n

35
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1
For example, the vectors | 5 | and | 7 | are not equal because the corresponding
7 5

components are not equal.

x—3 1
Letu = (y aF 1) andv = (2) If u = v then determine the real numbers x, y and z.
z+x 3

Solution
Since u = v we have

x—3=1 gives x=4
y+1=2 gives y=1
z4+x=3 gives z+4=3 implies z=—1

Oursolutionisx =4,y =1andz = —1.

Vector addition in R” is defined as

Uy V1 u; +v1
(1.3) ut+v=| | +]| : | =

Un Vn Uy + vp

The sum of the vectors u and v is calculated by adding the corresponding components.

Note that u + v is also a vector in R”.

Scalar multiplication kv is carried out by multiplying each component of the vector v by
the scalar k:

V1 kv1
(1.4) kv=k =

Vi kv,

Again kv is a vector in R". This R" is called Euclidean space.
Euclidean space is the space of all n-tuples of real numbers. Here 7 is any natural number
1,2, 3,4, ... andis called the dimension of R".

1.3.6 Introduction to the dot (inner) product

So far we have looked at the two fundamental operations of linear algebra - vector addition
and scalar multiplication of vectors in R".
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Q How do we multiply vectors?
One way is to take the dot product which we define next.

u V1
uz V2

Letu=| . |andv=] . | bevectorsinR", then the dot product of u and v which
Up Vn

is denoted by u - v is the quantity given by
(1.5) u-v=uvy +uvy+usvz+ -+ u,vy

This multiplication is called the dot or inner product of the vectors u and v.
Also note that the dot product of two vectors u and v is obtained by multiplying each
component u; with its corresponding component v; and then adding the results.

-3 9
Letu = 1 |andv = 2 |.Findu-v.
7 —4

Solution
Applying the above formula (1.5) gives

-3 9
u~v=( 1) ( 2) =(—3x9) +(1x2)+ (7 x (—4)) = —27+2 — 28 = —53
7 —4

Henceu:-v = —53.

1.3.7 Linear combination of vectors

Let vy, Vvy,...,V, be vectors in R” and ki, ky, . . ., k,, be scalars, then the dot product
k1 V1
(1.6) -l i | =kivi +kava + k3vs + - - - + kv, is a linear combination
kn Vi
The entries in one of the vectors in formula (1.6) is another set of vectors vy, . . ., V,, so the

dot product is a linear combination of vectors.
The dot product combines the fundamental operations - scalar multiplication and vector
addition by linear combination.
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Letu = ( _? ) andv = (; ) Find the following linear combinations:

(Qu+v (b) 3u + 2v (c)u—u

(d) Determine the values of scalars x and y such that the linear combination xu + yv = O.

Solution

(a) By adding the corresponding entries we have

= (D))

(b) By applying the rules of scalar multiplication and vector addition we have

swraves( ) e2(D)= (1)« (22)=(3) = ()

(c) We have

-3 -3 =343 0
e=(3)-(0)=(55)=()=0
Hence u — u gives the zero vector O.

(d) We have the linear combination xu + yv = O:

xu+yv=x<_i)+Y<;> = <_3ii)3’y> - (g)

We need to solve the simultaneous equations:

—3x+y=0

x+3y=0} implies that x =y = 0

Hence the linear combination Ou + Ov gives the zero vector, that is Ou + 0v = O.

Linear combinations are sprinkled throughout this book so it is important that you
understand that it combines scalars and vectors.
Note that for any vector v we have

0

v—v=0where O =

The zero vector in R” is denoted by O and is defined as being ‘non-empty’, although all
entries are zero.
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Q Summary

Physically, vectors express magnitude as well as direction. Scalars only define magnitude.
R" is n-space where n is a natural number such as 1, 2, 3,4, 5, . .. Vectors in R" are denoted by
V1

Vn
We can linearly combine vectors by applying the two fundamental operations of linear algebra -
scalar multiplication and vector addition.

Q EXERCISES 1.3

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Consider the following vectors a and b as shown in Fig. 1.27.

b
a
Figure 1.27
Sketch the following vectors:
1 1
(@a)a+Db (b)a—b>b (c) 3a (d) _Eb (e) 3a — Eb

Letu = ( _1 ) andv = (i) Plot the following vectors on the same axes in R%:

(a)u d)v (u+v (du—v
Determine
(e)u-v Hv-u (@u-u h)v-v
2
Letu = 3 ]andv= 1 | be vectors in R?. Evaluate the following:
(Qu-v 1 (b)v'u2 (u-u (dv-v

2
Letu = ( _1 ) Plot the following vectors on the same axes in R?:

(@) u (b) —u (¢) 2u (d) 3u (e) —2u

39
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Letu = (_i> and v = (_?) Let w be the linear combination w = ()1\) . (:)

where A is a scalar. Find the linear combination for the following values of A:
(@r=1 b)yr=-1 (Qr=3 (Dr=—3 (r=1

Sketch on the same axes the vectors w obtained in parts (a), (b), (c), (d) and (e).

Letu = <_2),v= <2) andw = <k> . <u) where k and ¢ are scalars.
2 1 c v

Write out the vector w as a linear combination for the following values of k and c:
@Qk=1c=1 (b)k:%,c:% (c)k:—%,c:% (d)k:%,c:—%

Sketch on the same axes the vectors w obtained in parts (a), (b), (c) and (d).

Letu = *+3 andv = x—2 . Given that u + v = O determine the values of
y—2 y+11

the real numbers x and y.

Letu= <(1)),v= ((1)) andw = <;> be vectors in R?. Show that xu + yv = w.

-3
Letu = 5 ]andv = | —1 |.Find the linear combinations:
8
@Qu+v (b) 5u (c) 2u + 6v (d)u-—3v (e) —5u — 4v
-9 -2 1
Letu = 2|, v= 1 | andw = | —2 |.Find the linear combinations:
4 5

(@Qu+v+w b u—v—w 2u+v—w (d) —2u + 3v + 5w

1 0 0 x
Letu=|0],v=|1],w=[0|andx= | y | be vectors in R3. Show that
0 0 1 z

Xu+yv+zw=Xx

Find the real numbers x, y and z, if

1 0 —2 5
x| 2)+y 1)+z 0]l=1 3
0 -1 6 17



—1 3 0 X
3 -2 —1
Letu = , V= SW = andx = Y be vectors in R%.
2 5 1 z
0 1 2 a

Determine the following linear combinations:

@Qu+v+w B u—v—w (c)u—2v+ 3w (du—-3w+x

Ifu + v+ w + x = O determine the values of x, y, z and a.

Let ef be a vector in R” which has a 1 in the kth component and zeros elsewhere, that

is:

1 0 0 0
0 1 : 0
€ = 0 » € = 0 s € = 1 > €y =
: 0
0 0 1
x1
Let u be a vector given by u = | x; |. Show that
Xn

u=xie +x& + -+ xp€+ -+ x4€y

Let u and v be vectors in R”. Disprove the following proposition:
Ifu-v=0thenu=0orv=0.

SECTION 1.4 © Arithmetic of Matrices

By the end of this section you will be able to
execute arithmetic operations with matrices

use matrix theory to perform transformations

1.4.1 Matrices revisited

D What does the term matrix mean?

A matrix is an array of numbers enclosed in brackets. The numbers in the array are called the

entries or the elements of the matrix. The term matrices is the plural of matrix.

4
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£2

£2

Arthur Cayley (Fig. 1.28), an English lawyer who
became a mathematician, was the first person to
develop matrices as we know them today. He
graduated from Trinity College, Cambridge, in 1842
and taught there for four years. In 1849, he took up the
profession of lawyer and worked at the courts of
Lincoln's Inn in London for 14 years. He returned to
mathematics in 1863 and was appointed Professor of
Pure Mathematics at Cambridge, with a substantial
decrease in salary but was nonetheless happy to
pursue his interest in mathematics. In 1858, he
published ‘Memoir on the Theory of Matrices’ which
contained the definition of a matrix. Cayley thought
that matrices were of no practical use whatsoever, just
a convenient mathematical notation. He could not
have been more wrong. Linear algebra is used today in
engineering, the sciences, medicine, statistics and
Figure 1.28 Arthur Cayley, economics.

1821-1895.
. J

12
The size of a matrix is given by the number of rows and columns. For example, ( 3 g )

isa2 x 2 matrix (2 rows by 2 columns) and is called a square matrix. The size of this matrix
is verbally stated as being 2 by 2.
32

isa 4 x 2 matrix (4 rows by 2 columns) and is not a square matrix. An example

NS IO BN

6
9
1
1234
5678
Note that we state the number of rows first and then the number of columns. Hence

2 x 4 and 4 x 2 are different size matrices.
A common notation for general matrices is:

of a2 x 4 matrix is ( ) The size of this matrix is 2 by 4.

Column 1 Column 2
Row 1 ar apn
Row 2 anl ann
where a1 is the entry in the first row and second column.

What row and column is the element a1 in?
Element a3 is in the second row and first column. Note that the subscript of each element states
row number first and then the column number. The position of a1 in a matrix is different from ay;.

What is the position of an element ay3 in a 3 by 4 matrix?
Element a3 is in the second row and third column of a 3 by 4 matrix:
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Col. 3
arl a2 a3 ai4
A= a1 axn a3 a4 Row 2

() S Y) as3 a34

Generally lowercase letters represent the elements (or entries) of the matrices and bold
capital represent the matrix itself.

The columns of a matrix are called the column vectors of the matrix. The rows of a matrix are called the
row vectors of the matrix.

1.4.2 Transformation and scalar multiplication

Computer graphics are essentially created using high-speed transformations. For example,
a computer animated sequence is based on modelling surfaces of connecting triangles. The
computer stores the vertices of the triangle in its memory and then certain operations such
as rotations, translations, reflections and enlargements are carried out by (transformation)
matrices.

In this context, we apply a (transformation) matrix in order to perform a function such
as rotation, reflection or translation, as shown in Fig. 1.29:

1

° i

. i

° i

Y 1

° 1 1
1

° i

Y 1

° i

[ ] 1

L]

[ ]

Rotation Reflection Translation
Figure 1.29

First we examine scalar multiplication of matrices.

Q What does the term scalar mean?
A scalar is a number which is used to multiply the entries of a matrix.

Q What does scalar multiplication mean?
Let A be a matrix and k be a scalar, then the scalar multiplication kA is the matrix constructed by
multiplying each entry of A by k.

aiy - a kayy -+ kai
(1.7) IfA = : : : then kA =

aml - Amn kami -+ kamn
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Note that scalar multiplication of a matrix results in a matrix of the same size. Next we
show what scalar multiplication means in terms of transformations.

Consider the vertices of a triangle (Fig. 1.30) given by P(2,0), Q(2, 3) and R(0, 0):

3
/ Q@3
Pz

P (2,0)

R (0,0) T + ——++
0.5 1 1.5 2 25 3 Figure 1.30

P QR

220
A=
030
This can be represented in matrix form A with the coordinates of the point P as the entries in the first
column, the coordinates of the point Q as entries in the second column and the coordinates of the point

R as entries in the last column. Each of these vertices is represented by a column vector in the matrix A.
Determine the image of the triangle under the transformation performed by 2A.

Solution
Carrying out the scalar multiplication we have

P QR P QR
[Doubling each vector]
2A=2<220>_<440) g

030/ \060

Plotting the given triangle PQR (Fig. 1.31), and the transformed triangle P’Q'R’ we get:

= N WA O OoO<

/‘::::P::::::::—o—o—o—o—Pl —>

R and R’ e

Figure 1.31

What effect does scalar multiplication 2A have on the initial triangle PQR?
This scalar multiplication increases the length of sides of the triangle by a factor of 2. This means that 2A
doubles the length of each side of the initial triangle.
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What would be the image of the triangle PQR under the scalar multiplication of %A?
It would scale each side of the triangle to half its initial size.

Determine the following:

1 2 1/1 2 5 61
(a)10(3 4) (b)5<7 9 11 6 3)
Solution

(a) Multiplying each entry of the matrix by 10 gives

m 12\ (1x102x10) (10 20
34) \3x10 4x10 /)  \ 30 40

(b) Multiplying each element in the second matrix by 1/2 (or dividing by 2) gives
1125 61\_(051 25305
2\7 911 6 3)  \ 35 45 55 3 15
We can also go the other way, that is factorize out a common term. For example
10 15\  (5x%x2 5x3\ 5 23
3540 ) " \5x7 5x8) 7 8
1.4.3 Matrix addition

We add matrices in the same way that we add vectors. To add or subtract two matrices we
add or subtract the corresponding locations in each matrix respectively. For example

29) (38)_(2+3 948\ _ (517
41 57) \4+45 14+7) \9 8
Also
29\ (38\_(2-3 9-8\_ (-1 1
41 57) \4-5 1-7) \ -1 -6
The sum of matrices of size m by n (1 rows by n columns) is defined by:

ailr - A bir -+ b ain +bu - aw+ by

Aml - Amn b -+ b Aml +bm1 -+ Gmn 4 bn
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Similarly the subtraction of these matrices is:

ap - din bir -+ b ain — b -+ Ay — by
(1.9) oo - R =

Aml - Amn b -+ bun Ami — bm1 -+ Amn — b

Note that for addition (or subtraction) we add (or subtract) the elements in corre-
sponding locations. The result of this is another matrix of the same size as the initial
matrices.

(BRI T —————

Determine the following:

(a)12+56 (b)12561+98576
3 4 7 8 7 9 11 6 3 2 13 7 2 3
1 2 3 111

@las6|-(333 (d)(?i)—(;ié)
7 8 9 4 4 4

Solution

(a) Adding the corresponding elements of each matrix gives

12 4 56\ (1+52+6)\ ([ 6 8
3 4 78) \3+7 448/ \ 10 12

(b) Again adding the corresponding entries of the given matrices we have
12561+98576_101010137
7911 6 3 213723) \ 92218 86

(c) Similarly we have

123 111 1-1 2-1 3-1 01 2
456 |—-1333]|]=14-35-36-3|=|123
7 89 4 4 4 7—4 8—4 9—4 345

23 12 4
| he gi i = .
(d) We cannot evaluate the given matrices ( 5 4 ) ( - )

Why not?

Because they are of different size. The first matrix, ( i i ) is a 2 by 2 matrix and the second matrix,

12 4 X .
( 8 40 ) is a 2 by 3 matrix, therefore we cannot subtract these matrices.

Remember, when we add or subtract matrices the resulting matrix is always the same
size as the given matrices. This is also the case for vector addition and subtraction, because
a vector is simply a particular type of matrix.



1.4.4 Matrix vector product

Let us reconsider our example of simultaneous equations from section 1.1. We formed two
equations that described the cost of ice creams x and drinks y:

2x+2y =3
2x+y=25

We can write these equations as a linear combination of the vectors:

(3)+(3)r=(5s)

We can separate out the coefficients and the unknowns x and y of the left hand side:

D)

This is a matrix times a vector. In order to use this method, we need to define matrix
times a vector as the product of row by column:

(Row 1 ) 8 (Column) _ ((Row 1) x (Column) )

Row 2 (Row 2) x (Column)

We have
(Row 1) x (Col) = (2 2)(’;) = 2x+2y
(Row 2) x (Col) :(2 1)<;> =2x+y

Hence the above equations can be written in matrix form as

(GDE)-(s)

We can write any m by n linear equations in matrix form. The following simultaneous
equations:

x+y+3z=5
—2x—y+52=6

are written in matrix form as Ax = b, where

1 13 5
A:(_2 _1 5>,x= andb=<6)

[N S

47
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Linear equations are generally written in compact form as Ax = b, where A is the matrix
of coefficients of the unknowns, x is a vector of the unknowns and b is the vector containing
the constant values.

Clearly working with two or three simple simultaneous equations does not require
matrix intervention, but mathematicians, scientists and engineers frequently work with
much more complex systems, which would be virtually impossible to solve without
matrices.

Matrices are a much more efficient and systematic way of solving linear equations.

We can examine the geometric interpretation of systems of equations by looking at
transformations. For example

x—=3y=-1
x+y=2

These equations can be written as Ax =b where A = < i _i ) X = (;) and

b= < _; >, which means the matrix A transforms the vector x = (; to <_;) as

shown in Fig. 1.32.

,,,,,,,,,, AX \y T

X
-1 Figure 1.32

We say that the matrix A transforms the vector x to another vector b, say A acts on x to
give b. This Ax = b is like a function f acting on the argument x to give a value f(x) = y.
A acts on x to give b.

In general, if matrix A = (v1 vy ... v,,) where vy, v,..., v, are the column vectors
of matrix A and x is the vector of the unknowns x1, x5, . . ., x,, then we define matrix vector
product Ax as the following linear combination:

X1
(1.10) Ax=(v] v -+ V) = xX1V] + V2 + -+ + X,V

Xn

Note that the number of columns of matrix A must equal the number of entries of the
vector x. The product Ax is the linear combination of the column vectors of matrix A.



Calculate Ax for the following:
12
wa=( 2 2= (2) (b)Az(:g),X:(g) @a=(101x=(3)

Solution

(a) Writing this as the linear combination of columns of the matrix:
2 3 2 2 3 4+3 7
= (12)(5)=2(4)(5)-(53)- ()

The given matrix A acting on the vector (i ) yields the vector ( ; )

(b) Similarly we have
12 3 1 2 348 11
Ax=| 3 4 ( 4 ) =31 3 |+4]| 4 | = 9+16 | =| 25
56 5 6 15+ 24 39

Ax=(1 o)(i)=(3(1)+4(0))=(3>=3

(c) We have

Note thata 1 x 1 matrix such as (3) does not require brackets.

It is important to note that Ax means the matrix A acts on the vector x.
1.4.5 Matrix times matrix

Multiplication of matrices is not quite as straightforward as addition and subtraction, but
the method is not difficult to grasp. However, matrix multiplication is the most important
arithmetic operation.

Q How do we define a matrix times a matrix?
Exactly as we defined a matrix times a vector. Consider the matrix multiplication AB where
€ ¢ ¢

A=(1_3)andB=(l 2 3)
1 0 4 5 6

We denote the columns of matrix B as vectors ¢1, ¢; and ¢3. Next we see how matrix A
acts on each of these vectors ¢1, ¢; and ¢3:

w=(10) 0= (D)= (9)=(h)
s (1) (2)=2(1)+s(3)- (%)

49
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1 -3 3 1 -3 —-15
we=(70) (2) =2 (1) ()= (75)
We define matrix multiplication AB as
Cl1 C C3 ACl AC2 AC3

1 -3 1 2 3 —11 —13 —15
AB_<1 0)(4 5 6)_< ] 5 3> [Fromabove]

Generally, matrix multiplication is carried out as follows:
Matrix multiplication of matrix A with n columns, and matrix B = (¢; ¢ --- ¢) with
n rows and k columns, is defined as

(1.11) AB=A(c; ¢ - ¢) =(Ac; Ac; -+ Acy)
Matrix multiplication AB means that the matrix A acts on each of the column vectors
of B.
For AB we must have
Number of columns of matrix A = Number of rows of matrix B.
We can only multiply matrices if the number of columns of the left hand matrix equals
the number of rows of the right hand matrix.

Remember, we defined a matrix times a vector as row by column multiplication.
Applying this to two lots of 2 by 2 matrices gives:

ab y e f\ ([ ae+bg af + bh
cd g h) \cetdg of +dh
For example, applying this to the matrices:
21\ (49 _(@x9+Ax5 @x9+Ax8 ) _(13 26
37 58) T\ GBx)+Tx5 GxN+7x8) ) 47 83
Matrix multiplication can be carried out row by column:
Col. 1 Col. 2
Rowl (2 1 y 4 9 _ ( Rowl x Col.1 Rowl x Col.2
Row2 \ 3 7 5 8 J  \ Row2 xCol.1 Row2 x Col.2
We can only multiply matrices if the number of columns of the left hand matrix equals
the number of rows of the right hand matrix.

In general, if A isa m x r (m rows by r columns) matrix and B is a # x # (r rows by n columns) matrix
then the multiplication AB results in a m x n matrix.
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We can illustrate the size of the matrix multiplication as shown in Fig. 1.33.

m rows by r cols | X = .» m rows by n cols

r rows by n cols

Figure 1.33

Calculate the following, if possible:
3
2 3 2 36 236 37 1
(@) (3 4)(_1 5) (b)<l - 7) 411 (C)(1 5 7)(4 2) (d)(z)(x ¥)

Solution

[SSI SRR N

(a) Row by column multiplication gives:

23
3 4)(_1 5):((3><2)+(4><—1) (B3 x3)+(4x5))

= (2 29)

(b) Again using row by column gives:

4 2

157 1 3 Ax3)+Gxd)+Tx1) Ax7)+Gx2)+(7x3)
_ (24 38
—\ 30 38

2
(c) ( 1 z g ) ( i Z ) Since the number of columns in the left hand matrix is three and the

number of rows in the right hand matrix is two, we cannot multiply these matrices together.

<2 3 6) 37 _<(2x3)+(3x4)+(6x1) (2x7)+(3x2)+(6x3))

(d) Applying the row by column technique we have

1 [ 1xx 1xy\ [ x y
(2>(xy)_(2xx ZXy)_<2x 2y>

Note, the size of this matrix multiplication is 2 by 2.

A matrix with just one row such as (3 4) is called a row matrix or row vector. In general,
a matrix of size 1 x n (one row by n columns) is called a row vector.

Q Are there any other row vectors in Example 1.19?

Yes, (x y).
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R What do you think the term column matrix means?

L 1 . . .
A matrix with just one column such as ( 5 ) Again, a matrix of size n x 1 (n rows by one column)
is generally called a column vector.

The following example demonstrates the practical application of matrix multiplication.

A local shop sells three types of ice cream flavours: strawberry, vanilla and chocolate.
Strawberry costs £2 each, vanilla £1 each and chocolate £3 each. The sales of each ice cream
are as shown in Table 1.2.

Table 1.2
Monday Tuesday Wednesday Thursday Friday
Strawberry (S) 12 15 10 16 12
Vanilla (V) 5 9 14 7 10
Chocolate (C) 8 12 10 9 15

What are the sales takings for each of these days?
Of course, you can solve this problem without matrices, but using matrix notation provides a
systematic way of evaluating the sales for each day.

Let S = Strawberry, V = Vanilla and C = Chocolate. Writing out the matrices and
carrying out the matrix multiplication row by column gives:

M T W TH F

SVC (1215 10 16 12

(213)] 5 914 710 | =(53 75 64 66 79)
812 10 9 15

Hence the takings for Monday are:
(2% 12) 4+ (1 x5) + (3 x 8) = £53

Similarly for the other days, we have Tuesday £75, Wednesday £64, Thursday £66 and
Friday £79. The matrix on the right hand side gives the takings for each weekday.

1.4.6 Computation of matrices

We can write the computation of matrices in compact form. For example, let A and B be
matrices then A + B means add the matrices A and B. The computation 2A means multiply
every entry of the matrix A by 2.

A software package such as MATLAB can be used for computing matrices. In fact,
MATLAB is short for ‘Matrix Laboratory’. It is a very useful tool which can be used to
eliminate the drudgery from lengthy calculations.

There are many mathematical software packages such as MAPLE and MATHEMATICA,
but MATLAB is particularly useful for linear algebra. MATLAB commands and other
details are given on the website. In the present release of MATLAB, the matrices are entered
with square brackets rather than round ones.
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For example, in MATLAB to write the matrix A = ( 3 4 ) we enter A=[1 2; 3 4] after

the command prompt >>. The semicolon indicates the end of the row.

(EHRRPIE 1120 e —————

125 256 549
LetA:(469>,B= 172 |andC=|7 40
9 6 1 6 9 8
Compute the following:
(aB+C (b)A +B (c) 3B+2C (d) AB (e) BA
What do you notice about your results to parts (d) and (e)?
Solution
(a) Adding the corresponding entries by hand gives
256 5409 2+5 5+4 6+9 7 9 15
B+C=|172]|+|740]|=|14+7 7+4 240 | = 8§ 11 2
96 1 6 9 8 9+6 6+9 1+8 15 15 9

To use MATLAB, enter the matrices B and C after the command prompt >>. Separate each matrix by
a comma. Then enter B 4 C and the output should give the same result as above.

(b) A + Bisimpossible because matrices are of different size.

What sizes are matrix A and matrix B?

Aisa2 x 3 matrixand B is a 3 x 3 matrix, so we cannot add (or subtract) these matrices.
If we try this in MATLAB, we receive a message saying ‘Matrix dimensions must agree'.

(c) We have
256 549
3B+2C=3[17 2 |+2|7 40
961 6 9 8
6 15 18 10 8 18 16 23 36 Adding the
= 321 6|+ 14 8 0 ]=|17 29 6 corresponding
27 18 3 12 18 16 39 36 19 entries

In MATLAB, multiplication is carried out by using the command *. Once the matrices B and
C have been entered, you do not need to enter them again. Enter 3*B + 2*C to check the above
evaluation.

(d) Using row by column multiplication we have

256

AB=(}I§S>X 172
961

(A x2)+2x1D+Gx9 Ix5)+2x7)+(5x6) (1x6)+(2x2)+(5x1)
T \@x2)+F6EXDHOX9) @x5+6X7)+(Ox6) (4x6)+(6x2)+(9x1)

_ ([ 2+2+45 5+14+30 6+4+5 (49 49 15
8+6+81 20+42+54 24+12+9 )~ \ 95 116 45

(continued...)
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(e) BA isimpossible to calculate because the number of columns in the left hand matrix, B, is not
equal to the number of rows in the right hand matrix, A.

How many columns does the matrix B have?
Matrix B has three columns but matrix A has two rows. Since the number of columns of matrix B, three,
does not match the number of rows of matrix A, two, we cannot evaluate BA.

Notice that the matrix multiplication AB does not equal the matrix multiplication BA. In fact we have
just demonstrated that BA cannot be evaluated while AB is computed, as shown in part (d) above.

It is important to note that matrix multiplication is not the same as multiplying two real numbers. In
matrix multiplication the order of the multiplication does matter.

We will discuss important arithmetic properties of matrices in the next section but next
we apply this matrix multiplication to transformations.

The six vertices of the letter L shown in Fig. 1.34 can be represented by the matrix L
given by:

5
4 q r
3 pqg r s t u

1 =1 L_(1115152 2
» “\244 25252

P u
]
: : : : :
1 2 3 4 5

Figure 1.34

1 05 1115152 2 . . .
LetA = (O 1 )andL_ (2 44 25 25 2 ) be the matrix representing the points pqrstu

shown in Fig. 1.34. Determine the image of the letter L under the transformation carried out by the matrix
multiplication AL.

Solution

Let the image of the corners p, g, r; s, t and u be denoted by p’, ¢/, 7, s/, ' and u’ respectively. The six
vertices p, g, r, s, t and u of letter L are vectors, and the matrix A transforms each of these to new vectors
p.q. 7. s, t and ' respectively.
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Carrying out the matrix multiplication AL:

/ / / ! t/ /

pqr s t u p q r s u
= 105 1115152 2\ (2335275 3253
“\o1 244 25252) \244 25 25 2

Plotting the transformed letter p’q’r's’t'u as shown in Fig. 1.35.

5
4 q '
3

1 / o o
2 1 1

1 p u
1

T f f f f f

1 z 3 4 5 Figure 1.35

The transformation represented by matrix multiplication AL italicizes the letter L. The columns of our
transformed matrix are the coordinates of the italicized letter L.

Q How does matrix A in Example 1.21 produce this italics of the letter L?
The matrix A = (1) shifts the coordinates p, g, r, s, t and u horizontally by half or 0.5 of

their height because of the 0.5 entry in the first row. Matrix A transforms vectors as follows:
1 2 1 3 1.5 3.5 2 3
— 5 — 5 d e —

Q Summary

A matrix is an array of numbers. We can add or subtract matrices of the same size.

Scalar multiplication scales the matrix.

Matrix multiplication AB is carried out by multiplying the column vectors of matrix B by the matrix
A. AB means that the matrix A acts on each of the column vectors of matrix B.

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
You may like to check your numerical solutions by using MATLAB.

3 —1 5 3
uate, where possible, the following:

For A = ( b2 ),B = (6 -1 ) and C = ( _1 ), (uppercase C is a vector) eval-
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(@)A+B (b)B+A (cB+B+B (d) 3B
(e)3A + 2B (HA+C (gB+C (h) AC
(i) BC (j) 5A — 7BC (k) 3AC — 2BC

What do you notice about your answers to parts (c) and (d)?

Consider the following matrices:

1 —1 7 514 2 7 9 4
A:(2 96),B: 827 |,C=|4]andD=|1 3 =5
149 7 2 -1 -3
Compute the following where possible:
(a)A—A (b)3A—-2A (¢)BC (dCB (¢)B+D fH)D+B
1
(@A—-C (h) EC ()BD ()DB (k)BD—-DB (1)CD

Evaluate the following (g, b, ¢ and d are any real numbers):

@(39)GY) (GG e

236
@145
097

S O

00
10
01
What do you notice about your results?

Determine the following:

37 5 —7 1 3 —4 11 4 1 7 =9 79
(a)<2 5)(—2 3> (b)§<—7 11)( 7 3> (C)Z<—5 7)(5 7)
1 -1
1 -1
command A”2]. Comment upon your result.

5 -1 =2 1 1 3
Evaluate | 10 —2 —4 1 —1 —1 |.Comment upon your result.
15 =3 —6 2 3 8

Complete the subscript numbers in the following matrix:

am ag ag ag
ag ag ag ag
Determine A2=A x A, A=A xAxAandA*=A x A x A x A for

(10 [ 01 _(1)2 1)2
(a)A_(01) (b)A_<—10> (C)A_<1/2 1/2)

(The matrix in part (c) is called a Markov matrix because the numbers in the columns
total 1.)

*A discrete dynamical system is described by the formula x, = A"x. Write down
the formula for x,, = A"x with the matrices in parts (a), (b) and (c).

Let A= ( ) and find A2 = A x A. [A? in MATLAB is evaluated by the



Let the top of a table be given by the coordinates P(1,2), Q(2,2), R(2,4) and S(1,4).
Write down the matrix A which represents this table top PQRS.

Let
4444 01 —10
B‘(oooo)’ C_(—10>andD_( 01)

Determine the image of the table top under the following transformation and
illustrate what effect each transformation has.
(a)A—B (b) 3A (c)CA (d) DA

Determine the image of the matrix F under the transformation AF where

A (102) gpo (1122 141422 1414
“lo1 )T 13326262 216161

Plot your image.
Determine the vector x = (;) such that Ax = O where O = (8) for:

12 2 7 e (1 4
(a)A=<3 5) (b)A=(3 15) (C)A_(3 12)

*Determine whether the vector w is a linear combination of vectors u and v for:

(i) w= <(1));u= (§>andv= <i>

1 1 0
(1ii)w=(2 ;u:(O andv:(l

3 0 0

1 4 1
(iv)w:(z ;u:(S andv:( 2

3 0 —3/7

SECTION 1.5 € ) Matrix Algebra

By the end of this section you will be able to
simplify matrices using algebra
prove and use results of matrix arithmetic

compare and contrast between matrix and real number algebra

This section is a little different from previous sections in that it requires us to provide
justification for the solutions we arrive at.
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[ Why do we need to prove results?

( M
When the British mathematician Sir Andrew Wiles
(born 11 April 1953) - see Fig. 1.36 - was a young boy,
he stumbled upon one of the most enduring
mathematics problems in history.

In 1637, lawyer and amateur mathematician Pierre
de Fermat stated that ‘there are no positive integers a, b
and ¢, that satisfy the equation a™ + b"™ = ¢", for any
integer value of n greater than two. Unfortunately, the
truth of this statement is not self-evident, even if it was
to Fermat. If we start by trying n = 3, there are an
infinite number of values to try for a, b and c. Because
Fermat left no proof to back up his claim, the
statement could never be verified, although huge
prizes were offered for a solution.

Wiles dedicated most of his life to the seemingly

Figure 1.36 Andrew Wiles unfathomable problem, and after 32 years of studying,
1953-present © C. ). Mozzochi, finally struck upon a series of complicated steps that
Princeton, NJ. unquestionably underpinned Fermat'’s claim.

. J

From this example, it is easy to see why getting into the habit of proving your results is a
good idea. We want to prove our results because:

We want to make sure that our mathematical statements are logically correct.
Proofs lead to a deeper understanding of concepts.
Proofs explain not only ‘how’, but ‘why’ a particular statement is unquestionably true.

Proofs generalize mathematical concepts.

Mathematical proof is a lot more powerful than a scientific proof because it is not subject
to experimental data, so once we have carried out a mathematical proof we know that our
result is absolutely correct and permanent. Pythagoras’ theorem is as true today as it was
over two thousand years ago. Pythagoras died knowing that no one could ever dispute his
theorem, because it was developed on absolute truth.

For example, we often use the identity (x + y)* = x? + 2xy + y* but this is not true sim-
ply because it works for every example we try but because we can prove this result. Once
you have proven the general result (x + y)*> = x* + 2xy + y* then you don’t need to worry
about trying it for particular numbers because you have no doubt that the result is correct.

A lot of students have difficulties with this abstract mathematics of proving statements
because it is initially very hard to understand what is going on. If you can push yourself to
think logically then after a while you will enjoy this kind of mathematics a lot more than
the techniques or methods of approach that we have been using up to now. It is better to
understand mathematics rather than just learn to follow certain rules.

Proofs are a critical part of the mathematical thought process but it does take time to
digest and understand proofs.



1.5.1 Properties of matrix addition

First, we discuss the zero matrix.

&R What do you think the term zero matrix means?
A zero matrix is a matrix which has all zero entries and it is denoted by 0. The 2 x 2,2 x 4and 3 x 3

zero matrices are
000
00 0000 .
, and | 0 0 0 | respectively.
00 0000
000

Sometimes the zero matrix is denoted by O,,,, meaning that it is a zero matrix of
size m x n (m rows by n columns). The above matrices are denoted O23, O24 and O3
respectively.

In Exercises 1.4, question 1 (a) and (b), we showed that for particular matrices A and B

A+B=B+A.

This is true for all matrices that can be added.
In Exercises 1.4, question 1 (c) and (d) we also showed that for the particular matrix B,
B + B + B = 3B. In general,

B+B+B+ - +B=nB

n copies

Most of the laws of algebra of real numbers can also be extended to algebra of matrices.
These laws, and the above properties, are summarized in the next theorem.

Theorem (1.12). Properties of Matrix Addition.
Let A, B and C be matrices of the same size m x n (m rows by n columns). Then

A+B=B+A
(A+B) +C= A+ (B+ C) (Associative law for addition)
A+A+A+--+A=kA

k copies

There is an m x n matrix called the zero matrix, denoted O, which has the property
A+0=A
There is a matrix denoted —A such that
A+(-A)=A-A=0
This matrix —A is called the additive inverse of A.
Of course, having worked through the previous sections, we feel that the statements

above must be true. But we need to prove these statements for all matrices and not only
the ones in the previous sections.

59



60

Proof.

We will prove parts (a) and (c) only. The rest are left as questions in Exercises 1.5.

ar
Let A=

aml e

bi bin

and B =

bml bmn

Remember, the order of adding real numbers does not matter, that is for real
numbers a and b we havea+ b =b + a.
Adding the matrices A and B given above yields

ai -+ din b1 bin
A+B= nal IR
Aml - Ay b - bon
an + b ain + bin [ Adding the
= : : : corresponding
A1 + bl -+ @mn + Boan | entries
bii +an bin + ain [ Changing the
= : : : order of
byt + amy -+ by + am | addition
b bin air - An
= : |
b1 binn aml - Amn
=B =A
=B+A

Hence we have proved the statement, A + B = B + A.
Here we are required to prove that A+ A+ A+ --- + A = kA. We have

A+A+A+---+A

k copies

k copies
an ain an ain ar
. I x|
Aml " Amn Aml **° Amn Aml -
an t+an+---+an aip +ain + -+ ai
k copies k copies

am1+am1+...+aml

Amn + Amn + -+ Amn

k copies k copies
kayr -+ kai, ay - ain
A = k
kam - kamy factorizing \ a@m1 -+ @mn
out k

Amn

=kA



Hence we have proved that A + A+ A+ --- + A = kA.

k copies

The symbol m signifies the end of a proof. We will use this symbol m throughout the

book.
We can use these results to simplify matrices as the next example demonstrates.

1 -13 7 76 —3 2 -2 -7 8 6
Let A = ,B= =] .D i
et (2 9 5 —6) <1 4 5 3')andC ( 3 9 2 1) etermine

(aQ)A+B (b)B+ A (c)(A+B)+C (dA+®B+C)
(e)A+0O (A+A+A+A+A (8)C + (—C)
Solution

(a) We have

1 -13 7 7 6 =3 2
A+B= +
2 95 —6 14 53

(1+7 —146 3+ (=3) 7+2>_(8 5 0 9)

241 9+4 5+5 —6+3 3 13 10 -3

(b) Clearly by Theorem (1.12) (a) we have

8 5 0 9

313 10 —3) 7

B+A:A+B:(
(c) We have already evaluated A + B in part (a). Therefore we have

8 5 0 9 -2 -786
(A+B)+C= +
313 10 -3 3921

—_————
By Part (a)

_(8-2 5-7 0+8 9+6\ (6 -2 8 15
“\343 13-9 10+2 -3+1) \6 4 12 —2
(d) By Theorem (1.12) (b) we have

6 —2 8 15
A+B+C=(A+B)+C = (6 A0 2)
By Part (c) -

1 -13 7
(e) By Theorem (1.12) (d) we have A + O = A = (2 95 6)'

(continued...)
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(f) By Theorem (1.12) (c) we have

1 -13 7
A-I—A—G-A-I—A-I—A—SA_S(2 9 5 —6)
=5A

_ 5 =515 35 Multiplying each
“\10 45 25 —30 entry by 5

(g) By Theorem (1.12) (e) we have C+ (—C) = C —C = ( g g g g ) = 0y4.

1.5.2 Properties of scalar multiplication

We now examine some properties of another fundamental linear algebra operation - scalar
multiplication.

Theorem (1.13). Let A and B both be m x n (m rows by n columns) matrices and ¢, k be
scalars. Then

(ck)A:c(kA)
k(A +B)=kA+kB
(c+k)A=cA+kA

Proof.
We will only prove part (c) here. You are asked to prove the remaining results in

Exercises 1.5.

ail - Al

Let A = then
am1 - Amn

aiy - A

(c+k)A=(c+k)

Aml **° Amn

(c—i—k)au (c—l—k)al,,
_ . . . Multiplying each entry
B 3 : 3 by (c+k)
(c+k)am1 (c+k)amn
cain +kayn -+ calp +kay

. . ) Opening up the
N : : ' brackets

caml +kam - Camn + kamn




cayp -+ Cdip kan kal,,
_ . . . 4 . . . Separating out
N : : : . . : terms into ¢’s and K’s
Cam1 - Cdmn kam -+ kamn
an - aip an e A
= c : : : + k : : : =cA+ kA
Factorizing \ 9m1 - Qmn Factorizing \ @m1 *** Gmn
out ¢ A out k _a
]
X
—1 4 1
Let A= ( 9 2 1 >, B = ( > i 2), c=-2,k=5and x= z . Determine:

(@) (c+k)B (b) cB + kB (c) —10A (d) c (kA) (e) k(A +B)x

(f) Write the following linear system in terms of A, B, ¢, k, xand O:

14x + 14y + 28z = 0
—77x =21y +7z =0

Solution

(a) We first evaluate (c aF k) and then scalar multiply this result by matrix B:
(c+k)B=(-2+5B  [Substituting c = —2and k = 5]
—3B—3 ( 1538 ) _ ( 3 15 24 ) I:Multiplyingeach]
=2 3 2 -6 9 6 entry by 3
(b) By Theorem (1.13) (c) we have (c + k) B = ¢B + kB, therefore we have the same solution as

part (a).

(c) How do we evaluate —10A?
Multiply each entry of matrix A by —10:

-1 3 4 10 —30 —40
_IOA__l()( 9 6 1)‘(—90 —60 —10)
(d) What is c(kA) equal to?

By Theorem (1.13) (a) we have (ck) A=c (kA) and ck = —2 x 5 = —10, therefore
¢ (kA) = (ck) A = —10A. The evaluation of —10A was done in part (c) above.

(e) Adding the matrices A and B and multiplying the result by k = 5 and x we have

-1 3 4 158
carmemsf(22 )+ (23)]x

_a(os 2 [T)_(o e\ [T} _( doy+eoz
a 79 3 ~\ 35 45 15 ~ \ 35x+ 45y + 152

z z

=
=

(continued...)
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(f) We can write the linear system as
14x + 14y + 28z = 0 :> 14 14 28
—77x =21y +7z =0 =77 =21 7
The 2 by 3 matrix has a common factor of 7. Taking this out, we have

2 24 .
7(—11 —31) ©)

Since we are given c = —2,k = 5,we canwrite7 =5 — (—=2) =k —c.

X

=

(o)

z

-1 3 4
Can we find any relationship between the matrix in (*) and the given matrices A = ( 9 6 )

158
= ?
and B ( 53 9 )
Adding matrices A and B does not give us the coefficients in (*). However, B — A works:
B_A— 158\ (-134)\_ 2 2 4 Subtracting the
“\-232 96 1) \—-11 =31 corresponding entries
Hence we can write the given linear system as

(k—=c)B-A)x=0

1.5.3 Properties of matrix multiplication

The algebraic rules of matrices are closely related to the algebraic rules of real numbers, but
there are some differences which you need to be aware of.

X Can you remember one difference between matrix and real number algebraic rules from the previous
section?
Matrix multiplication is not commutative, which means that the order in which we multiply
matrices matters. If A and B are matrices then in general

(1.14) AB # BA [Not equal]
In Example 1.20 from the previous section we were given the matrices

256
A:(i§g>andB: 172
961

49 49 15
95 116 45
ber of columns (3) of the left hand matrix, B, is not equal to the number of rows (2) of the
right hand matrix, A; that is, we cannot evaluate BA while AB is as given above.

and we found that AB = < ), but BA could not be evaluated because the num-



You need to remember this important difference between matrix multiplication and

multiplication of real numbers. We say that matrix multiplication is not commutative.
Consider the following matrix multiplication AB:

jth column

- AB ... (AB);: ---(AB
ai a2 - air by -+ |byj | bin (AB)1y (AB)y (AB)1
a1 a2 azr by - |boj |- ban (AB)j -+ (AB)y ---(AB)y,

ithrow l[ayy ap  -—-a]|| © "] (AB);; ---[(AB); | ---(AB);,

Aml Am2 *** Gmr

— (AB)jp1 -/ (AB)yyj --- (AB)

We can calculate specific entries of the matrix multiplication/AB by using the notation
(AB);;. Applying the row by column multiplication to the ith rdw and jth column yields:

ainbij + apby + - - - + aisb,; = (AB);;

The entry in the ith row and jth column of a matrix AB is denoted by (AB);;. Hence
(AB);; = Row; (A) x Column; (B)

wherei=1,2,3,...,mand j=1,2,3,...,n.
Writing out the complete row and column gives

b]j

by
(1.15) (AB)ij = ( aj1 ap a3 -+ dir )

by
= (ai1byj) + (ainby)) + (aizbsj) + - + (airbyj) = Z aik by;
K=1

r

The sigma notation ) ajxbkj means summing the term a;xbgj fromK = 1to K = r.
K=1

10
Forexample, 1) Y k=1+2+3+4+---+10=155
k=1

1
(ii) 202k=21+22+23+~.+210=2046
k=1

This sigma notation can be difficult to get accustomed to but this compact way
of writing a sum is common in mathematics so you will see this in mathematical
literature.

Note, that (AB);; is the ij entry of matrix AB. We can evaluate specific entries of the
matrix multiplication AB by using this formula as the next example demonstrates.
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_

13 6 -1 3 -5 —6
letA=[ 4 7 —1 |Jand B= 21 -7 2
53 2 64 9 1

Determine the following elements (AB),, (AB);3, (AB)3;, (AB)43 and (AB)3y4.

Solution
What does the notation (AB),, mean?
(AB)1, is the entry in the first row and the second column of matrix AB which is equal to

3
AB),=(1 3 6)| 1 |=0x3)+@x1)+(6x4) =30
4
What does the notation (AB),3 mean?
(AB),3 is the entry in the second row and the third column of matrix AB which is equal to
=5
(AB)y3=(4 7 -1)| =7 | =UX(5)+Tx(=7)+(-1x9)=-78
9
Similarly, we have (AB)3; is the third row of matrix A times the first column of matrix B.
-1
(AB)3; =(5 3 2) 2 |=6x(1)+Bx2)+2x6)=13
6
What does the notation (AB)43 mean?
(AB) 3 is the fourth row of matrix A times the third column of matrix B, but matrix A only has three rows
so we cannot evaluate (AB) 43.
(AB)3, is the third row of matrix A times the fourth column of matrix B
—6
(AB)34y =(5 3 2) 2 | =6Gx(=6)+Bx2)+2x1)=-22
1

Hence in summary we have (AB)IZ = 30, (AB)23 = —78, (AB)31 =13, (AB)34 = —-22
but we cannot evaluate (AB)43 because matrix A does not have four rows.

Note, that we can work out (AB);4, = —22 but not (AB),3. Be careful in evaluating
(AB);; because the orders of the row i and column j matters; that is, for a general matrix C

we have C;j # Cj; [not equal].
Let us examine other properties of matrix multiplication.

,B= (1 2)and C:(5 6).DetermineA(B—i—C)andAB—i—AC.

Let A =
3 4 7 8

— N N
NN W



Solution

. . 12 56 6 8 . . L
FlrstweflndB—l—C_<3 4)-}—(7 8)_<10 12 ).NextweIeftmultlplythlsbymatrle‘

23 6 s 42 5
AB+C =] 6 7 (10 12): 106 132
12 26 32

Similarly, we can show AB + AC gives the same result. In this case, we have

A(B+C) = AB+ AC

Proposition (1.16). Properties of matrix multiplication.
Let A, B and C be matrices of an appropriate size so that the following arithmetic operation
can be carried out. Then

(AB) C = A (BC) (associative law for multiplication).
A (B + C) = AB + AC (left distributive law).
(B 4+ C) A = BA + CA (right distributive law).

A x O = O x A = O. Note that multiplication is commutative in this case.

Here we only prove part (b). You are asked to prove the remaining parts in Exercises 1.5.

The proof of part (b) might be challenging to follow because of the notation involved.
In fact, it is a lot less complicated than it appears at first. All we are really doing is looking
at the individual elements of the matrix formed by A (B + C), and comparing them to the
individual elements of the matrix formed by AB + AC.

Proof of (b).
Let A be a matrix of size m x r (m rows by r columns), B and C be matrices of size r x n (r
rows by n columns). Also let the entries in matrices A, B and C be denoted by ajj, bjx and
cjk respectively. [The subscripts ij and jk gives the position of the entry.]

If we can prove this result for an arbitrary row and column then we can apply our result
to all the rows and columns.

We need to prove A (B 4+ C) = AB + AC. First we look at the left hand side of this
identity and then we examine the right and show that they are equal.

Adding the two matrices inside the brackets on the left hand side gives:

bin+ecn btcn-r bijtcaj bt

bor+ca bntcn-r bytcy bt
B+C=

bi+c1 bt brj+crj b+ cm
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Writing out the left hand side A (B + C) we have

an an - any jth Col
a1 ax ayr bin+cun bia4cnn--- coobig i
byr+cn byp+cpn-- <~ bay + Con
ithRow | |ai1 a2 c- Qir : : :
by +cn batca--- <o b+ e
aml Am2 c o Amr

Expanding the ith row and jth column entry of [A (B + C)],-j we have
[AB+O)];; = an (byj + c1j) + aiz (boj + c2) + -+ + air (byj + cj) (1)
Now we examine the right hand side, AB + AC. By using the previous formula (1.15):
(AB); = (aiby)) + (aizbaj) + (aisbsj) + - - - + (airby))
For the ith row and jth column entry we have
(AB);; = ainbij + apby + - - - + airbyj
Similarly
(AC)j; = aincij +apcy+ -+ + airyj
Adding these gives

(AB);; + (AC);; = ainbij + aincij + ainbyj + aincrj + - - + airbyj + aircyj
Factorizing :|

= ap (bij + cyj) + aiz (byj + ¢35) + - -+ + air (byj + ) |:out the a’s

[A B+ O)]; [By (1]

Since (AB);; + (AC);; = [A (B + O)]; for an arbitrary row and column entry, we have
our general result, AB+ AC = A (B + C).
[ ]

2
Let A = L2 ,B = N ,C=| — and O be the zero matrix. Evaluate:
9 7 5 —7 6 9

(a) (AB) C (b) A (BC) ()A(B+C) (d) AB + AC
() B+C)A (f) A0 (g) BO33 (h) CO13
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Solution

(a) Multiplying the bracket term first:
12 2 3 —1
(AB)_<9 7)(5 -7 6)
(12 -11 11
~\ 53 —22 33
12 —11 11 2 178
AB = — =
(AB)C (53 -22 33) ; (513)
(b) By Theorem (1.16) (a) we have (AB) C = A (BC), therefore we have the answer of part (a).

(c) Matrices B and C are of different size, therefore we cannot add them. That is we cannot evaluate
B + C which means A (B + C) is impossible.

(d) By Theorem (1.16) (b) we have AB + AC = A (B + C), therefore we also cannot evaluate
AB + AC because we cannot add B and C.

(e) As part (c) above, we cannot add matrices B and C. Hence we cannot evaluate (B + C) A.
For the remaining parts, we use Theorem (1.16) (d) which says that

AxXxO=0xA=0

For parts (f) and (g) we have

12\/0 0 00
AO,, = = ,
02 (9 7)(00) <00>
2 3 -1 0 00 000
BOs =15 ; & 0 0 1=1oo0o0
0 o
2
(h) WehaveCO13=| —5 | (0 0 0)=(0)=0.
9

1.5.4 Matrix powers

Matrix powers are particularly useful in Markov chains - these are based on matrices whose
entries are probabilities. Many real life systems have an element of uncertainty and develop
over time and this can be explained through Markov chains.

A Markov chain is a sequence of random variables with the property that given the
present state, the future and past states are independent. For example, the game Monopoly
where the states are determined entirely by dice is a Markov chain. However, games like
poker are not a Markov chain because what is displayed depends on past moves.

See question 10 of Exercises 1.5 for a concrete example.

We define matrix powers for square matrices only.
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Q What is a square matrix?
A square matrix has an equal number of rows and columns, so any n by n matrix is a square matrix.

Let A be a square matrix then we define

(1.17) AF=AXxAxAx- - xA wherekis a positive integer

k copies

Q Why can't we define A¥ for non-square matrices?
Suppose matrix A is m x n (m rows by n columns) and m does not equal n (m # n).

Q What is A% equal to?

n columns
ail - dln aily - A4ln
A2 = Lo Do m rows
aml *° Amn aml ** Amn

Well, we cannot carry out this matrix multiplication because the number of columns of
the left hand matrix is n but the number of rows of the right hand matrix is m and these are
not equal (m # n), therefore we cannot multiply. If we cannot find A? then it follows that
we cannot evaluate A¥ for k > 2. Hence formula (1.17) is only valid if A is a square matrix,
thatis m = n.

A square matrix to the power 0 is the identity matrix (to be defined in the next section),
that is:

A’ =1 (identity matrix)

-3 7 59 -
LetA_( 1 8)and B_(2 3).Determme.

(a) A? (b) B2 (c)2AB  (d) (A + B)? (e) A% + 2AB + B?
(f) Why is the following result not valid (A 4 B)? = A% + 2AB + B??
(g) What does (A + B)? equal?

Solution

(a) Remember, A2 = A x A so we have

a2 (37N (37 (163
- 18 18) \ 571
B2 — 59) (59\_ (4 72

“\23 23) \16 27

(b) Similarly we have



(c) How do we work out 2AB?
Multiply the matrices A and B and then multiply our result by 2:

-3 7 59 -1 —6 -2 —12
( 18)(2 3) <21 33) (42 66)

(d) How do we find (A + B)??
Remember, (A + B)2 = (A + B) x (A + B). First, we add the matrices A and B and then

-3 7 59 2 16
A+B= + =
18 2 3 3 11
) 2 16 2 16 52 208
(A+B)? = x -
3 11 3 11 39 169
(e) Tofind A% + 2AB + B2 we add the above parts (a), (b) and (c):

5 5 16 35 -2 -12 43 72
A’ +2AB+B’ = + +
5 71 42 66 16 27
[ —— —_—— ——

=2AB )

square the result:

=A2
16 —2+43 35—-12+472 57 95
“\ 5442416 714+66+27 ]  \ 63 164
Note, that parts (d) and (e) are not equal. That is

(A+B)* # A% + 2AB + B® [not equal]

Why not?
(f) Because matrix multiplication is not commutative that means order of multiplication matters.

Remember, the matrix multiplication AB does not equal BA.
What is (A + B)2 equal to?
(A+B)? = (A+B) x (A+B)
= A2+ AB + BA + B?

AB # BA [not equal], therefore AB + BA # 2AB [not equal].

Let's check the result for this particular example.
We know what AB is by part (c) above but what is BA equal to?

(-

(continued...)
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(g) Nextwe work out A% + AB + BA -+ B2. By the above parts we have

2 2 (16 35 -1 —6 —6 107 43 72

A"+ AB+BA+E _( 571 ) T\ 21 33) T3 38) T 27
————— ———

—A2 =AB =BA —RB2

16 —1—-6+43 35—6+107+72
5421 —-34+16 71433438427

_ (52 208
39 169
This is the same answer as to part (d). Therefore we have (A + B)? = A% + AB + BA + B2.

As seen in the last example, we need to be very careful in carrying over our real number
algebra to matrix algebra. It does not always work. We can prove the general rule:

(A+ B)? = A% + AB + BA + B?

provided A and B are square matrices of the same size.
In mathematics, if you are asked to show a result is false then you only need to produce

one counter example to the result.

e

Show the following result is false by giving an example:

(A—B)2 =0impliesA =B

Solution
We need to give an example for which this result does not work.
Since we have A — B, both matrices A and B must be of the same size. Let’s take the simplest case of

size 2 by 2. We need (A—B)2 =0solet(A—B) = (i Z)then

2
(A—B) = ab ab _ a® + be ab-l—b;l _(00
c d c d ca+dc bc+d 00
Equating the first entry gives
a* +bc=0=a® = —bc
We can select any numbers which satisfy this a> = —bc. We like to deal with whole numbers because
they are easier,so letb = —1 and ¢ = 4then a = /4 = +2. Choose a to be the positive root, so let

a = 2. We need to find a value for d so that the above is satisfied.

How?
Equating the last entry

be+d>=0=d®>=—bc



We already have b = —landc =4sod = /4 = +2. This time select d = —2. Hence

ab 2 -1
(A_B)_<c d)_(4 _2) [becausea—2,b——1,c—4,d——2]

Check that (A — B)? = O. Now we just need to find matrices A and B such that

2 -1 .
A—B:(4 _2> *)

There are an infinite number of matrices A and B which give the above result (*). Here is one choice,
but you may have chosen others:

A=<3 _l>andB=< ! 0)
2 1 -2 3

Hence we have found matrices A and B such that

(A —B)? = O does not imply A=B

e N
Q Summary
Generally, if A and B are matrices for which multiplication is a valid operation then
AB # BA [not equal]
We cannot blindly apply the properties of real number algebra to matrix algebra.
Let A be a square matrix then
(1.17) AF=AXAXAX---xA
k copies
N J

‘_

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
You may like to check your numerical solutions by using MATLAB.

2 =25 -1 37 9 58 .
LetA—<0 _1 7),B—( s _g 6)and C—(_6 _1 6).Determlne

(a)A+B (b) (A+B)+C ()A+B+C) (dB+(C+A)
(eC+0 f)B+B+B+B+B (g) 5B (h) C+ (-0)
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5 -1 =2
Let A = ( 1 -3 2 )
(a) Find a matrix B such that A + B = O where O is the 2 x 3 zero matrix.

123
(b) LetC—<4 5 6

(¢c) Determine A — B —Cand A — (B — C).

). Determine A 4+ (—C)and A — C.

Ls o -107 7 8 -1
LetA:(3 - _9),]3: -321],C=| -8 6 —6 |andO = 0O3s3.
—4 16 6 -3 5
Determine, if possible, the following:
(a) AB (b) BA () AB+C) (d) AB + AC
(e)(B+C)A (f)BA+ CA (g) CO (h) BO + CO
(i) OB + OC ()(A+B)C (k) AC+ BC
123 100
LetA=] 456 |andI=| 0 1 0 |.Determine (a) Al (b) IA
789 001
What do you notice about your results?
123 2 -1
LetA = ( 456 ) andB=| 2 8 |.Evaluate the following:
7 5

(AB);;, (AB);;, (AB),1, (AB),, and AB

-1 3 5 1 -3 -5 .
ForA—( 41 _7),B—<_4 _1 7),c——9andk—8determ1ne

(a) (ck) A (b) c (kA) (c)k(A+B) (d) kA + kB
(&) (c+k)A (f) cA + kA (g (c+k)B (h) cB + kB

Determine the scalar A (Greek letter lambda’) which satisfies Ax = Ax where

21 1
A=<1 2>andx=<1)
1/3 1/3 1/3

LetA=| 1/3 1/3 1/3 |.Find A%, A% and A*.
1/3 1/3 1/3
What do you think A" will be for any natural number n?
A discrete dynamical system is described by the formula x, = A”x. Write the
formula for the given matrix x, = A”"x for the given matrix A.

Prove that the following results are false:
(a) AB=0=A=0o0rB=0.
(b) AB—BA=0=A=B.



Let T be a (transition) matrix of a Markov chain and p be a probability vector. Then
the probability that the chain is in a particular state after k steps is given by the vector

Pk:
pe = T'p
Determine py by using MATLAB or any appropriate software for

0.6 0.7 0.5
T= <0'4 0.3 ), p= <0.5) and k = 1,2, 10, 100 and 100 000

What do you notice about your results?
Prove property (d) of Proposition (1.16).
Prove properties (b), (d) and (e) of Theorem (1.12).
Prove properties (a) and (b) of Theorem (1.13).
Prove property (a) of Theorem (1.16).

SECTION 1.6 © The Transpose and Inverse of a Matrix

By the end of this section you will be able to
prove properties of the matrix transpose

define and prove properties of the inverse matrix

We should now be familiar with matrix operations such as addition, subtraction and
multiplication.

€ What about division of matrices?
You cannot divide matrices. The nearest operation to division of matrices is the inverse matrix
which we discuss in this section. We can use the inverse matrix to find solutions of linear systems.

There are other important operations of matrices such as transpose.
1.6.1 Transpose of a matrix

&R What do you think the transpose of a matrix might be?
It is a new matrix which is made by rotating the rows of the given matrix. For example, if

12

. . 135
3 4 | then the transpose of this matrix is (2 4 6)
56
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Column 1 becomes row 1 and column 2 becomes row 2. If A is the given matrix then the

. 135
transpose of A is denoted by AT In the above case, we have AT = ( )46 )

In general, the entry a;; (ith row by jth column) of matrix A is transposed to aj; (jth row
by ith column) in AT. We define the transpose of a matrix as

(1.18) A = (a;) implies AT = (aji) [The subscript ij changes to ji]

(BRGpIE 1129 ———

Find the transpose of the following matrices:

-9 23 100 134 1
(i)A = 7 =29 (i)B=] 020 (iii)C:( - O) (ivyD=| 2
6 -1 5 003 3
Solution
(i) Swapping rows and columns we have
-9 7 6
AT=| 2 —2 <1
3 9 5
100 100
(ii) TransposingB= | 0 2 0 | gives the same matrix, thatisBT = [ 0 2 0
003 003
Transposing this matrix does not change the matrix, that is BY = B.
(iii) We have
-1 7
-1 3 4
cl= 39 |:because C=< 79 0)]
4 0
1
(iv) What sort of matrixisD = | 2 |?
3
D is a column matrix (vector) and transposing makes it into a row matrix DT = (1 2 3).
X1
A column vector suchasx = | : | can be written as the transpose of a row vector, that
Xn
. T . ‘s
isx=(x; --- x, ) . Thisapproach of writing a column vector x as the transpose of a row
vector saves space. In this case, column vector x takes up # lines while x = (x; --- 1)

can be written on a single line.



Note, that transposing a matrix of size m x n (m rows by n columns) gives a matrix of
size n x m (n rows by m columns). If m # n then transposing changes the shape of the
matrix.

James Sylvester and Arthur Cayley are considered by many to be the fathers of linear
algebra.

James Sylvester (Fig. 1.37) was born to a London
Jewish family in 1814. He went to school in London
and in 1837 took the Mathematical Tripos exam at
Cambridge. The Mathematical Tripos is an
undergraduate mathematics exam which used to
distinguish students by ranking them in order of merit.
The word tripos is derived from a three-legged stool
which students used to sit on in order to take the
examination.

Sylvester did not graduate until 1841 and even then
from Trinity College, Dublin rather than Cambridge
because he refused to take the oath of the Church of
England.

In 1841, aged 27, he become Professor of
Mathematics at the University of Virginia, USA, for six
months. He resigned his post in March 1842 because
of the lenient attitude of the university towards
disruptive students.

He returned to England in 1843 and began to study
law and met Arthur Cayley, also a mathematics graduate studying law. During this time,
they made a significant contribution to what would became matrix theory.

In 1877 he went back to America to become Professor of Mathematics at the new Johns
Hopkins University. A year later he founded the American Journal of Mathematics, the first
mathematics journal to be distributed in the USA.

In 1883, he returned to England to become Professor of Geometry at Oxford University,
where he remained until his death in 1897.

Sylvester gave us the term matrix. He also adopted other mathematical terms such as
invariant (something that does not vary) and discriminant.

Figure 1.37 James Sylvester 1814 to
1897.

1.6.2 Properties of matrix transpose

Next we prove some of the results concerning the transpose of a matrix.

Theorem (1.19). Properties of matrix transpose.
Let A and B be matrices of appropriate size so that the operations below can be carried
out. We have the following properties (k is a scalar):
(@) (A7) = A (b) (kA)" = kAT
() (A+B)T =AT + BT (d) (AB)T = BTAT

We only prove properties (a) and (c). You are asked to prove the remaining in
Exercises 1.6.
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& (a) What does (A'l‘)l = A mean?

It means that the transpose of a transposed matrix is the matrix you started with. You
could think of it as flipping the matrix across the diagonal from top left to bottom right and

then flipping it again which gets you back to where you started.

Proof of (a).
Let a;; be the entry in the ith row and jth column of the matrix A.

AT = (a5)" = (@)

Then

. . T
Executing another transpose on this yields (AT) = (aﬁ)T = (a,j) = A.
Notice that the entries have swapped twice, for example a1 — a1z — da21,a31 — a;z —

as1, and so on. Hence (AT)T =A.

Proof of (c).
[ [ an ain - am byi by - by
- ay ap - dp by1 by - by
(A+B) = . . + ) L
aml Am2 *** Gmn bmi bmz -+ bun
T
ann+bn an+bo ain + bin
a1 +by axn+by azn + ban
Aml + bm1 ama +bma - Amn + bn
ain+bi ax+ba -0 am + b
aip+bix an+byn - am+bm
Ain + b1y 2n+ban -+ amn + bun
ap a4y -0 aml b1 by - b
ai ax -+ am b1z by -+ b
= . . . . + . . . .
Aln A2n *°° Amn bin ban -+ bun
=AT =BT

Hence we have our result (A + B)T = AT + BT.

[ adding the
corresponding
| entries

taking the transpose,
that is interchanging
rows and columns



The MATLAB command for transpose is an apostrophe. For example, to find the

12
transpose of ( 45 2) we enter the following command [1 2 3; 4 5 6] after the

prompt >>.

(ERGmpIe 130 —————
3 -4 1 -2 7 5
Let A = B = .D i
et ( 5 26 ) and ( 13 —9 ) etermine

(a) (AT)T ) AT — BT () A+BT  (d)AT+BT  (e) (AB)T

Solution

(a) By Theorem (1.19) property (a) we have (AT)T =A= ( g _;1 é )

(b) Applying the same theorem property (b) we have
A — 3B)T = 24T — 3BT [by Theorem (1.19) (b) (kA)" = kAT]
(31N (27 s\
“\5 26 13 -9

35 =2

1 6 10 —6 3
=2| 42 ]-3 7 3 = -8 4 |- 21 9
16 5 =9 multiplying 2 12 15 —27
by scalars
12 7
=| —29 -5
—13 39

(c) Substituting matrices A and B we have

T
r_[(3 —41 -27 5
(A+B)_[<5 26>+< 13—9)]

1 6

B 13 6\  _ .
= 65 =3 L=

adding the taking transpose \ 6 —3

entries

(d) What is AT + BT equal to?

By Theorem (1.19) property (c) we have AT + BT = (A + B)T. This was evaluated in part (c)
above.

(e) Whatis (AB)T equal to?

We cannot evaluate (AB)T because we cannot work out AB. Matrix multiplication AB is

impossible because the number of columns of matrix A does not equal the number of rows of
matrix B.

It is not enough that matrices A, B are of the same size in order to execute matrix
multiplication as you can observe in the final part of the above example.
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1.6.3 Identity matrix

What does the term identity matrix mean?
The identity matrix is a matrix denoted by I such that

(1.20) Al = A for any matrix A
This is similar to real numbers where the number 1 is the identity element which satisfies
x1 = x for any real number x.

What does the identity matrix look like?
It is a matrix with 1's along the leading diagonal (top left to bottom right) and zeros elsewhere.

1000
10 100 0100
For example, ,] 010 ]and are all identity matrices.
01 00 1 0010
0001

How can we distinguish between these 2 by 2, 3 by 3 and 4 by 4 identity matrices?
We can denote the size in the subscript of I as I, I3 and I4 respectively.

Is the identity matrix, I, a square matrix?
Yes the identity must be a square matrix.

Q How can we write the formal definition of the identity matrix?

Definition (1.21). An identity matrix is a square matrix denoted by I and defined by

; 1 if k=j

What does definition (1.21) mean?
All the entries in the leading diagonal (top left to bottom right) of a matrix I are 1, that is

i =ip=i3=ig=--=1
and all the other entries away from the leading diagonal are zero.

For a 2 by 2 matrix we have:

<‘CI Z) <(1) (1)) = <LZ Z) where a, b, c and d are real numbers.

The identity matrix is illustrated in the next example.

Let P (1,1),Q (3,1), R (1, 3) and matrix A represent the vertices of this triangle. Determine the image of
the triangle PQR under the transformation IA.




Solution
Carrying out the matrix multiplication IA gives

P QR P QF
10 131 131
IA_(O 1)(1 1 3)‘(1 1 3)

We can plot this as shown in Fig. 1.38.

4
E Rland R’
2
1 7
P and P Qand Q'
05 1 15 2 25 3 Figure 1.38

The transformation given by the matrix multiplication IA does not change the given triangle PQR. This
means that the triangle PQR remains fixed under this transformation IA.

Note the different size identity matrices required for the following matrix multiplication:
(—1 47) (l)(l)g _(—1 47)
369 00 1 3 -69

10 -1 47\ (-1 47
01 3-69) 3 -69
If A is not a square matrix then the identity matrix is of different size, depending on pre-
or post-multiplying by the identity matrix.

D What does pre-multiplying by I mean?
It means the left hand matrix in a matrix multiplication is I.

&R What does post-multiplying by I mean?
It means the right hand matrix in a matrix multiplication is I.

-1 47
3 -69
identity matrix I3, that is A x Iz = A. If we pre-multiply A by the identity matrix we use
the 2 by 2 identity matrix, thatis I, x A = A.
In general, if A is a m by n (m rows by n columns) matrix then I,,A = Al

If we post-multiply matrix A = ( > by the identity matrix we use a 3 by 3
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A property of the identity is:

Proposition (1.22). Let I be the identity matrix. Then I” = I
Proof — See Exercises 1.6.

Q What use is the identity matrix if the transformation remains fixed?
We need the identity matrix in order to define and explain the inverse matrix.
1.6.4 Inverse matrix
Let x # 0 be a real number then the inverse of x is a real number x~! such that

x (xfl) =1

1 is the identity element of real numbers.

Q What do you think an inverse matrix is?
Given a square matrix A then the inverse of A is a square matrix B such that

AB=1

where I is the identity matrix defined earlier.

The inverse matrix of A is denoted by A~! where A~! = B in the above case. Note, that
Al £ 1
A

The inverse matrix is not equal to 1 over A. Actually 1 over A is not defined for a
matrix A.

We will define the process of finding A~ later in this chapter.

Graphically, the inverse matrix A~! performs the transformation shown in Fig. 1.39.

/ A-1\

Rat s

Figure 1.39



If a transformation A is applied to an object as shown in Fig. 1.39 then the transformation
A1 undoes A so the net result of A"!A = I is to leave the object unchanged.

Definition (1.23). A square matrix A is said to be invertible or non-singular if there is
a matrix B of the same size such that

AB=BA =1

Matrix B is called the (multiplicative) inverse of A and is denoted by A~

Normally we say matrices A and B are the inverse of each other. If matrix A is the inverse
of matrix B then B is the inverse of A.

If matrices A and B are of the same size then it can be shown that AB = I if and only if
BA = I. In this case, matrix multiplication is commutative, which means it does not matter
about the order of multiplication.

If BA = I then we call matrix B the left inverse of A. Also, if AC = I then we call matrix
C the right inverse of A. We will show in Exercises 1.6 that the left inverse is equal to the
right inverse of an invertible matrix, thatis B = C.

Show that matrices A and B are the inverse of each other, where

A=<3 7>andB:< > _7>
25 -2 3

Solution
What do we need to show?
Need to show that the matrix multiplications AB and BA give the identity matrix I.

(D360

Similarly, we have BA = I. Therefore, matrices A and B are the inverse of each other.

Show that matrix B is the inverse of matrix A given that

1 2 0 5 2 =2
A=|2 5 -1 JandB=| -2 -1 1
4 10 —1 0 -2 1

(continued...)
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Solution
Similar to Example 1.32 but the size of the matrix is 3 by 3. Multiplying the matrices:

1 2 0 5 2 =2 100
AB=| 2 5 —1 -2 -1 1]=|1010]=1I
4 10 —1 0 -2 1 001

Hence the matrix B is the inverse of matrix A because AB = I. You can also show that A is the inverse
matrix of B by proving BA is also equal to I.

Q Why is the inverse matrix important?
Remember, we want to use matrices to solve a system of linear equations which we can generally
write as Ax = b where x is the vector of unknowns that we need to find. If we multiply both sides

of this Ax = b by the inverse matrix A~! we obtain:

AlAax) =A"b
(A—lA) x=Ix=x=A"b

———
I

Hence we can find the unknowns by finding the inverse matrix, because x = A~!b.

_

Solve the following linear system:

x+2y =1
2x+5y —z=2
4x+ 10y —z =3

Solution
Let A be the matrix of coefficients and x be the vector of unknowns. Then the above system can be

written as Ax = b where

1 2 0 X 1
A=|2 5 -1 |,x=|y | andb=| 2
4 10 —1 z 3
By the above we havex = A~ !b.
What is A1 equal to?
5 2 =2
A'=B=| —2 —1 1 | whichwe found in Example 1.33 above. Therefore
0 -2 1
5 2 =2 1 3 x
x=A"lb=| -2 -1 1 2= -1]=|(y»
0 -2 1 3 =l z

Hence x = 3,y = —1 and z = —1. Check that this solution satisfies the given linear system.



However, not all matrices have an inverse as we describe next.

Show that matrix A does not have an inverse, where A = < Z i )

Solution

LetB = ( a b ) be a general 2 by 2 matrix. If we multiply out AB we have

c d
aB— (32 a b\ _(|3a+2c|3b+2d\ (|10
“\6 4 cd) \|6a+4c|6b+4d ) \|0o|1

Equating the entries of the first column gives:

3a +2c=1 1)
6a + 4c =0 )
These equations are inconsistent because equation (2) is double the first on the left hand side but is not

doubled on the right. There are no real numbers a, b, ¢ and d which satisfy both equations (1) and (2).
Hence the matrix A does not have an inverse.

Definition (1.24). A square matrix A is said to be non-invertible or singular if there is no
matrix B such that AB =BA =1

The zero matrix O has no inverse. We say the zero matrix is non-invertible.

1.6.5 Properties of the inverse matrix

In this subsection, we discuss various properties of the inverse matrix.

You may find the remaining parts of this section challenging to follow because they deal
with proving results. Generally, if not universally, students find understanding and con-
structing their own proofs very demanding. This is because a thorough understanding of
each step is needed. However, you will thoroughly enjoy linear algebra if you can follow
and construct your own proofs.

For the remainder of this section you will need to know the definition of an invertible
matrix, which is definition (1.23).

Proposition (1.25). The inverse of an invertible (non-singular) matrix is unique.

What does this proposition mean?
There is only one inverse matrix of an invertible matrix, or mathematically there is only one matrix
B, suchthat AB=BA =1
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Proof.

&R How can we prove this proposition?
We suppose there are two inverse matrices associated with an invertible matrix A, and then show
that these are in fact equal. Let's nominate these inverse matrices as B and C and show that B = C.
These matrices, B and C, must satisfy AB = I and AC = I (because B and C are inverses of A).

Since both, AB and AC, are equal to the identity matrix I we can equate them:
AB = AC
Left multiply this equation AB = AC by matrix B:

B (AB) = B (AC)
Since matrices A and B are inverse:|

(BA)B = (BA)C |:of each other, BA = AB =1
=I =I
IB =1IC

B=C [Remember IB=Band IC = C]

Hence we have proven our proposition that the inverse matrix is unique.

-1

Proposition (1.26). If A is an invertible matrix then A~ is invertible and (A™!)"" = A.

This proposition means that the inverse of the inverse matrix is the matrix we started
with.

Inverse Inverse

A Al A
This is like taking an ice cube, melting it, and then refreezing it into an ice cube again.

Proof.
Let B = A~! then by definition of the inverse matrix (1.23):
A is said to be invertible if there is a B such that AB = BA = 1.
We know that B is an invertible matrix because BA = I. Required to prove B~! = A.

&R Why?

Because at the beginning of the proof we stated B = A~!.

By the definition of the inverse matrix we have
BB~' =Iand BA=1
Equating these gives

BB~! = BA
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Left multiplying both sides by B~! yields:

B~'(BB™') =B ' (BA)
(B7'B)B™' = (B7'B)A
B! =1A [ remember B~'B =1
B 'l=A [because IX = X for any matrix X]

Hence B~! = A, which means (A’1)71 = Abecause B = A~!. Thus we have our result.
n

Proposition (1.27). Let A and B be invertible matrices, then AB is invertible and
(AB)"! =B !1A!

€ What does this proposition mean?
It means that the product of two invertible matrices is also invertible. Note that the inverse of
A x Bis equal to the inverse of B multiplied by the inverse of A. You undo the last operation first.
Compare this with putting on your shirt and then your tie. You remove your tie first and then your
shirt.

We can illustrate this by means of a flow chart:

(AB)'=B'A™

N B AB

Proof.
The inverse of AB is given by (AB)~ L.

& What do we need to show?
Required to prove B"A~! is the inverse of AB; that is, we need to show

(AB)B'A7! =1 and B'A" 1 (AB) =1
Let’s consider the first of these, (AB) B"!A~!:

(AB)B'A™' =A(BB')A™!
——
=I

=AIA'=AAT =1

Similarly we have B~!A~! (AB) = L
Hence by definition of the inverse matrix (1.23), we conclude that B~ 1A~!is the inverse
of AB which is denoted by (AB)~!. We have our result (AB) ! = B71A"L.
[
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Proposition (1.28). Let A be an invertible (non-singular) matrix and k be a non-zero scalar
then (kA)_1 is invertible (non-singular) and (kA)_1 = %A‘l.

Proof - See Exercises 1.6 question 5.
]

Proposition (1.29). Let A be an invertible (non-singular) matrix then the transpose of the
matrix, A7, is also invertible and (AT)_1 = (Afl)T.

What does this proposition mean?
For an invertible matrix, you can change the order of the inverse and transpose.

Proof.
Similar to the proof of Proposition (1.26).

The inverse matrix of AT is denoted by (AT)_I. We need to show that (A_I)T is equal
to the inverse of AT; that is, we need to show that

(A)'AT=Tand AT (A ) =1

Examining the first of these (A™?) " AT we have

(A")"AT = (AA™")"  [using Theorem (1.12) (d) Y'X” = (XY)]
=17 [remember AATl = I]
=1 [remember I = I because I is the identity|
Similarly we have AT (A_I)T =L
In summary we have (A*I)T AT =AT (A7) ! = I Hence (Afl)T is the inverse matrix

of AT. We have our required result (AT)_1 = (A_I)T.

In Exercises 1.6, there are questions on proof by induction. The method is fully
explained on the book’s website. Normally if a statement to be proved is valid for positive
integers n then we can apply mathematical induction. For example, say we want to prove

+1
1+2+3+-~+n=% ()

then we would use proof by induction. Let P (n) represent this statement (). The three
steps of mathematical induction are:
Step 1 Check the result is true for some base case such as n = 1.
Step 2 Assume the result is true for n = k.

Step 3 Prove the result for n = k + 1 by using steps 1 and 2.



If you are not familiar with proof by induction then it is important that you go over
the relevant material on the website. Some examples of proof by induction are also on the
website.

e ™

Q Summary

The properties of the transpose matrices are given by:

(AT)T =A; (k&) =kAT; A+B)T =AT+B7; (AB)T =BTAT
A square matrix A is said to be invertible if there is a matrix B of the same size such that
AB=BA =1
If A and B are invertible matrices then we have
(A_l)_l =A; (AB)'=B7!A7} (AT)_I = (A_I)T

N J

* EXERCISES 1.6

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.
uk/companion/singh>.)

Find AT in each of the following cases:

(a)A=<12) (b)A:(_i _2 3) (A= (-15 9 100)

3 4 2 -3
0100
00
ab 0010
@A—(Cd) @a=|o00 OA=| 0001
0000O0
5 8
LetA:(_148>,B= 0 —6 ,C=< )and
-9 12
5 6
-6 3 1
D= 8§ 9 =2
6 —1 5

Compute the following, if possible. (You can check your answers using MATLAB.)
@ 4B’ ®®BO" (@Cc-c" @D-D’ (9 (D7)

) @C0)"  (9AT+B (WA+BT () (AT+B)" () (2AT —5B)"
W (-D)T -7 ) ()" @ (cT)’
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1 4
Letu=| 2 |andv=| 5 |.Determine (a)u’v ®)viu ()u-v
3 6

Prove I” = I where I is the identity matrix.
Prove Proposition (1.28).
Let A be any matrix and k be a scalar. Prove that (kA) T = kAT.

Let A be a square matrix. Prove that (A?) - (AT)Z.
Prove the following:
If an invertible matrix A has a left inverse B and a right inverse C, then B = C.
Let matrices A and B be invertible. Prove that A + B may not be invertible.
* Prove Proposition (1.19) part (d). (This is a difficult result to establish, but try to

prove this without looking at the solutions. It will bring you great pleasure if you can
prove this result.)
Let A, B and C be matrices of the appropriate size so that they can be multiplied. Prove
that (ABC)T = CTBTAT.
* (If you do not know the method of proof by induction then you will need to read up
on ‘Proof by Induction’ on the web to do the following question.)

Let A}, Ay, ..., A, and A, be matrices of the appropriate size so that the matrix
multiplication, A} x Ay X - -+ X Ay_1 X Ay, is valid.

Prove that for any natural number 7 (a positive integer) we have

(A1Ay-- A, 1A)T = ATAT .. ATAT,

Let A be a square matrix. Prove that AT = (AT)n, where n is a natural number.

00 11 26
singular, that is non-invertible.

LetA = <0 O),B: (1 1)andC: (1 3,).ShowthatmatricesA,BandCare

Show that matrices A and B are inverses of each other:

123 1 -2 5
(a)A:(éi),B:(_lz _§>(b)A= 014],B=(0 1-4
001 0 0 1
1 02 11 2 2
©A=|2-13],B=| -4 0 1
4 18 6 —1 -1

Hence, or otherwise, solve the following linear system:

x +2z=1
2x—y+3z=2
4x+y+82=3

_ sin (6) cos (0) _ [ sin(@) —cos(9)
Let A = (_ cos(8) sin (0)> and B = <c0s ©) sin (0)). Show that A and B are

the inverse of each other. Solve the linear system



sin(@)x+cos(@)y =1
—cos(@)x+sin(@)y = —1
Explain why an invertible matrix A has to be a square matrix.
Let A and B be invertible matrices of the appropriate size so that matrix multiplication
is a valid operation. Prove that ((AB)_I)T = (AT)_1 (BT)_l.

Let A, B and C be invertible matrices of the appropriate size so that the following
matrix multiplication is valid: ABC. Prove that (ABC) ™! = C"'B~'A~L.

* (You will need to read up on ‘Proof by Induction’ on the web to do the following
question.)
Let A}, Ay, ..., A, and A, be matrices of the appropriate size so that

Al XAy x---x A1 XAy,
is a valid operation. Prove that
(A x Ay x--- XAy ><An)_1 :A;l ><An_711 X - ><A2_1 ><A1_1
In matrix algebra we define the negative indices of an invertible (non-singular) square
matrix A by
A" = (A_l)n where 7 is a natural number (positive integer)

By using this definition prove that A= = (A") 1.
Let C be an invertible matrix and A and B be matrices of appropriate size so that matrix
multiplications below are valid. Prove the following:
(a) If AC = BC then A = B. (This is called the right cancellation property.)
(b) If CA = CB then A = B. (This is called the left cancellation property.)

Prove that if A is an invertible (non-singular) matrix then AB =0 = B = O.

Let P and A be square matrices and matrix P be invertible. Prove the following results:
(a) (P7'AP)’ =P1A2P  (b) (P'AP)’ = P'A’P (c) (P'AP)" =P !A"P
(Hint: Use mathematical induction.)

SECTION 1.7 ) Types of Solutions

By the end of this section you will be able to

find a unique solution, infinitely many solutions or establish no solutions

to a linear system

solve homogeneous and non-homogeneous linear systems

Remember, linear algebra is the study of linear systems of equations.

In this section, we examine more complex linear systems which involve many equations
in many variables. We try to reduce these linear systems to their simplest possible form by
breaking them down to reduced row echelon form.

Here, we apply row operations to determine if there are no, unique or an infinite number
of solutions to a linear system.
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1.7.1 Equivalent systems

In section 1.2 we found the solutions to simultaneous equations by writing them in matrix
form, and then converting to a row equivalent matrix.

What does row equivalent mean?
Two matrices are row equivalent if one is derived from the other by applying elementary row
operations as described on page 19.

Proposition (1.30). If a linear system is described by the augmented matrix (A | b) and it
is row equivalent to (R | b’) then both linear systems have the same solution set.

Proof.
This follows from section 1.1 because the augmented matrix (R | b’ ) is derived from (A | b)
by elementary row operations which are:

Multiply a row by a non-zero constant.
Add a multiple of one row to another.

Interchange rows.
These are equivalent to:

Multiply an equation by a non-zero constant.
Add a multiple of one equation to another.

Interchange equations.

From section 1.1, we know that carrying out the bottom three operations on a linear
system yields the same solution as the initial linear system. The two sets of operations are

equivalent, therefore (A | b) and (R | b’ ) have the same solution set. -

This proposition means that when solving a linear system Ax = b, it can be simplified to
an easier problem Rx = b’ which has the same solution as Ax = b.

1.7.2 Types of solutions

As discussed in section 1.1 there are three types of solutions to a linear system:

No solution
Unique solution

Infinite number of solutions

All the examples of section 1.2 had unique solutions. If the system has no solution, we
say it is inconsistent. We can show that a system is inconsistent by using the above row
operations, as the next example illustrates.



Show that the following linear system is inconsistent:

x+y+2z=3
—x+3y—52=7
2 —2y+7z =1

Solution
The augmented matrix with each row labelled is given by

R; 1 1 2|3
R, -1 3 -5 |7
R3 2 =2 7|1
We use Gaussian elimination to simplify the problem. To get a 0 in place of —1 in the second row and
the 2 in the bottom row we execute operations, Ry 4+ Rj and R3 — 2Ry, respectively.
Ry 1 1 2 3
R} =Ry + Ry =41 341 —542 743
RE=R3—2R; \2—-(@2x1) —2—-@2x1) 7-(2x2) |1-(2x3)
Simplifying the arithmetic in the entries gives
R; 1 1 2 3
RF| 0 4 -3|10
REF\NO 4 3|5

Adding the bottom two rows, R} 4 R}, and simplifying gives:

Xy z

R; 11 2] 3

R} 04 —3]10
R¥*=R{+R; \0 0 0] 5

Expanding the bottom row, R}*, we have 0x + 0y + 0z = 5 which means that 0 = 5.
Clearly 0 cannot equal 5, therefore the given linear system is inconsistent.
The given equations can be illustrated as shown in Fig. 1.40.

—x+3y—-5z=17
x+y+2z=3

2x—2y+7z=1

Figure 1.40

(continued...)
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These equations are inconsistent because the three planes (equations) do not meet, which means there
is no point common to all three. There is no solution to the equations.

For a 3 by 3 linear system Fig. 1.41 illustrates situations where there are no solutions.

a b c
Equations with three Equations with two Three equations
parallel planes. parallel planes. form a prism.
Figure 1.41

In each of these cases there is no point which is common to all three planes, and this
means that there is no solution to the linear system.
In general, if a linear system leads to

0x; +0x; +0x3+---0x, =b

where b # 0 (b is not zero) then the system is inconsistent and does not have a solution.
A linear system (A | b) has no solution if and only if the row equivalent (R | b’ ) has no
solution.

1.7.3 Homogeneous systems

A homogeneous linear system is defined as Ax = O where A is an m by n matrix and x is
a vector.

Solve the following homogeneous linear system:

—x+2y+3z=0 =1 2 3 x 0
x — 4y — 13z = 0 which can be written as 1 —4 —13 y|=10
—3x+5+4z=0 =3 9 4 z 0

Solution
What is the augmented matrix equal to?

Ry /-1 2 310
Ry 1 —4 —13 |0
Rz \ -3 5 410

We need to get 0's in the bottom left hand corner of the matrix, that is in place of 1, —3 and 5.



How?
The row operations Ry 4+ Rj and Rz — 3R give 0 in place of 1 and —3 respectively:

Ry -1 2 3 0
R;=R2+R1 1-1 —4+2 —-13+43 0+0
RE=R;—3R; \ -3-3(-1) 5-3(2) 4-33) |0-3(0)
Simplifying the entries gives
Ry -1 2 310
RE| 0 -2 -10 |0
RE\ 0 -1 —5]0
Executing the row operation 2R} — R}, and simplifying, yields:
Ry -1 2 310
R} 0 -2 —10 |0

RFF=2R5—R;\ 0 0 00

Multiplying the first row by —1 and the second row by —1/2 we have

x y z

RE=—R; (1 -2 -3]0 o
RE*=-R52 |0 1 50
R} 0 0 0]o0

This augmented matrix is now in row echelon form.
By expanding the middle row, R}*, of (1) we have

y + 5z = 0 which gives y = —5z

How can we find x?
Expanding the first row R} of ():

x—2y—3z=0whichgivesx=2y+3z (*)
As long as these equations, y = —5z and x = 2y + 3z, are satisfied, we conclude that we have a

solution to the given linear system. In fact, there are an infinite number of solutions to this system
because we can let z be any real number and then write x and y in terms of z. Let z = ¢, where ¢ is any

real number, then y = —5z = —5t. Rewriting (*) using these values:
x=2y+3z = 2(-=5t) + 3¢
= —10t + 3t =7t
Hence our solution is x = —7¢, y = —5t and z = t where ¢ is any real number. This means that we

have an infinite number of solutions, which are in the proportion; x is —7 times z, y is —5 times z and z
can take any value t.
(continued...)
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The given equations are illustrated in Fig. 1.42

27
—x+2y+3z=0
x—4y—13z=0 —__ |

13

This line represents
the solution to the
given equations.

Figure 1.42

In this case the three given equations have a line in common, and any point on this line
is a solution; that is why we have an infinite number of solutions.

As shown above, we can write the general solution as x = —7t, y = —5t and z = t, where
t is an arbitrary number called a parameter. A parameter is something that can be varied
to give a family of solutions.

Particular solutions are given by substituting real numbers for the parameter ¢. For exam-
ple, substituting t = 1 gives the particular solution x = —7t = —7, y = —5t = —5 and
z =t = 1. Check that this is actually a solution to the above linear system.

6 What is the particular solution if t = 2?
x=-7t=—-14,y=—5t=—10and z=t=2

The solutionfort =mwisx = -7t = —7n,y=—5t=—5mandz =t = .

6 What is the particular solution if t = 0?7
x=0,y=0and z=10
All these solutions:
(=7,-5,1),(—14,-10,2), (=77, =5m, ), (0,0,0)
lie on the straight line shown in Fig. 1.42.

The solution x = 0, y = 0 and z = 0 is called the trivial solution to the homogeneous
system.



&R What does the term homogeneous mean?
A linear system is called homogeneous if all the constant terms on the right hand side are zero;
thatis, Ax = O:

ajlxy + apxy + -+ aipxp =0
a1x1 + axpxy + -+ ayxp =0

am1x1 + amax2 + -+ + amnxn =0
In general, if a linear system of equations contains
Ox; +0x2 +0x3 + -+ 0x, =0 ()

then this equation can be removed without affecting the solution. A row with all zero entries
is called a zero row.

Note, that carrying out elementary row operations on zero rows gives another zero row.
You can verify this by applying the three elementary row operations on a zero row.

To understand the proof of the next Proposition (1.31) you will need to be sure that you
can recall the definition of reduced row echelon form, which was given in section 1.2.

Proposition (1.31). Let the above homogeneous linear system Ax = O, whose augmented
matrix is (A |O), be row equivalent to (R |O), where R is an equivalent matrix in reduced
row echelon form. Let there be n unknowns and r non-zero rows in R. If r < n (the number
of non-zero equations (rows) in R is less than the number of unknowns) then the linear
system (A |O) has an infinite number of solutions.

By the above Proposition (1.30), (A |O) and (R |O) have the same solution set, therefore
in the following proof we consider the augmented matrix in reduced row echelon form
(R]0).

Proof.
(This might be a bit hard to grasp on first reading.)

We are given that the number of non-zero equations (rows) r is less than the number of
unknowns n. The non-zero equations of R is rectangular in shape (Fig. 1.43):

N . fR Number of non-zero
on-zero equations o equations (rows) = r
\ J

hd

Number of unknowns = n

Figure 1.43

The reduced row echelon form matrix R has r non-zero rows. This means that there are
exactly r leading 1’s.
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&R Why?
Because R is in reduced row echelon form, which means that every non-zero row has a leading
1. However, because the matrix is rectangular, r < n, there must be at least one column, call it x;
(free variable), which has no leading 1:

Jjth Column x| X Xy o X,
.\I‘ 0

| jth Row|0 | o] 1 a |0

This means that the variable x; can take any value:
xj = 1,2,3,w,—1,... which we can write as x; = s where s is any real number.

Hence we have infinite number of solutions.

Proposition (1.31) means that if a homogeneous linear system Ax = O has more
unknowns than (non-zero) equations then this system has an infinite number of solutions.
In Example 1.37 the row echelon form was given by (}) on page 95.

X y z <« 3 unknowns
Non-zero @ - ——————
I 1
equations of R. — _ _ Ry 41 =2 =3,
> | |
o 1 5,0

We had three unknowns (n = 3) but only two non-zero rows (r = 2) in row echelon
form therefore there must be an infinite number of solutions because r =2 < 3 = n.

If the number of unknowns 7 is greater than the number of non-zero equations in row
echelon form, n > r, then we say that there are n — r free variables. We normally assign
parameters such as s, t etc. to these free variables. In Example 1.37 we had 3 — 2 =1 free
variable which was z and we assigned the parameter f to it. The free variables are the
unknowns which do not start any equation (row) in row echelon form. In the above,
none of the equations (rows) begin with a value for z, therefore z is the free variable;
that is z = f, where ¢ is any real number and we can find x and y in terms of ¢, x = —7t,
y = —5t.

Applying Proposition (1.31) to a general 3 by 3 (three equations with three unknowns)
system we can state the following:

Case I If there are three non-zero equations (rows) in row echelon form, then we have a
unique solution x = 0,y = 0 and z = 0 - Fig. 1.44(a).

Case II If there are less than three non-zero equations (rows) in row echelon form then
the solution is not unique and forms a line or a plane - Fig. 1.44(b) and (c).

Note, that for Fig. 1.44(b) and (c) we have an infinite number of solutions.

Since we have a homogeneous system, we must have a solution even if it is only the
trivial solution x = 0,y = 0and z = 0.



Unique solution The whole line is a solution ~ The whole plane is a solution

Solution
l 0.0) Solution
r=3 r=2 r=1
(a) No free variables (b) 1 free variable (c) 2 free variables

Figure 1.44

1.7.4 Non-homogeneous systems

A non-homogeneous linear system is defined as Ax = b where b # O:

anxy + apxy + -+ awx, = by
azxi + anxy + -+ awx, = by

amX1 + amaX2 + - + AunXn = by

Here, at least one of the b’s must take a value other than zero.
Proposition (1.32). Let a consistent non-homogeneous linear system, Ax =b where
b # O, be row equivalent to the augmented matrix (R| b’) where R is in reduced row

echelon form and there are n unknowns and r non-zero rows in R.
If r < n then the linear system Ax = b has an infinite number of solutions.

Proof - See Exercises 1.7.
]

Proposition (1.32) means that if the consistent linear system Ax = b has more unknowns
than non-zero equations in reduced row echelon form then this system has an infinite
number of solutions. Again, the non-zero equations of R form a rectangular matrix (more

columns than rows):

Solve the following non-homogeneous linear system using Gaussian elimination:

x —y 2z +3u = 1
—x +y +2w —5u = 5
x —y +4z +2w +4u = 13

Il
|
i

—2x +2y -5z —w —3u
(continued...)
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Solution
The augmented matrix is

Ry 1 -1 2 0 3 1
RR|] -1 1 0 2 =5 5
R3 1 -1 4 2 4] 13
Re \ -2 2 -5 -1 -3 |-1

Note, that when a particular unknown does not exist in the equation, we place a 0 in the coefficient
part. To transform this matrix into (reduced) row echelon form, we execute the following elementary row

operations:
Ry 1 -1 2 0 3 1
R} =Ry +R; —1+1 1-1 0+2 240 —5+3 5+1
Ry =R3; —R; 1-1 —1—-(=1) 4-—-2 2-0 4-3 13 -1

RE=Ry+2R; \ —2+2(1) 2+2(=1) =5+2@2) —1+2(0) -3+203) | -1+2()

Simplifying this gives

Rp 1 -1 2 0 3 1
R o 0 2 2 -2 6
RElO 0 2 2 1]12
RF\0O 0 -1 -1 3 1

To obtain 0's in the bottom rows we have to carry out the following row operations:

Ry 1 -1 2 0 3 1
R} 0 0 2 2 =2 6
R}* =R} — R} 0—-0 0—-0 2=2 2=2 1—-(=-2) 12 -6

R =2RE+RE \2(0)+0 2(0)+0 2(—1)+2 2(-)+2 2(3) +(=2) | 2(1) +6

Simplifying the entries gives

Rl (1 -120 3|1
R; [0 022 2|6
Ri*[o o000 3|6
R*\0 000 48

Dividing the third row by 3 and the fourth row by 4 (or multiplying by 1/3 and 1/4 respectively) gives

R 1 -120 3]1

R} 0 022 -2|6
RI=R¥*/3|0 000 1|2
RI=R*/4\0 000 1]2

Subtracting the last two rows from each other and dividing the second row R} by 2 we have

(t1)

(=)
2
L
S N W =



This matrix is now in row echelon form. We have three non-zero rows with five unknowns, therefore
by the above Proposition (1.32) we conclude that we have an infinite number of solutions and there are
5 — 3 = 2 free variables. In (1) none of the equations (rows) start with y and w, therefore these are the
free variables.

From the third row R;r we have u = 2. By expanding the second row R} /2 we have

z+w—u=3
z+w—2=3 [substituting u= 2]
z+w =25 whichgives z=5—w

Let w = t where t is an arbitrary real number thenz =5 — t.

From the first row Ry we have

x—y+2z+3u=1
x—y+2G6-1H+32) =1 [substituting z=>5—tand u=2]
x—y+10—2t+6 =1 [simplifying]
x=y+2t—15

Let y = s, where s is an any real number, then
x=s+2t—15
Hence our solution to the given linear system is
x=s4+2t—15 y=s, z=5—t w=tandu=2

This is the general solution and you can find particular values by substituting any real numbers for s
and t. We have an infinite number of solutions.

1.7.5 Applications to puzzles

We can use Gaussian elimination to solve puzzles. We can solve Sudoku puzzles by using
this technique. Many of these have an infinite number of solutions but the puzzles in
national newspapers are for the general audience, so the answers are generally limited to
the positive whole numbers below 10 or 25.

Most people think that they have no choice but to solve these puzzles by trial and error,
but applying Gaussian elimination provides a general solution and is done systematically.

(ERRRIPIE T30 ———

In the following puzzle the row and columns add up to the numbers which are in the bold font. Find all
the unknowns x’s. (This is @ much tougher example than you would find in a national newspaper.)

X1 X X3 15
X4 X5 X6 6
8 7 6

(continued...)
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Solution
Forming the equations by summing up the rows and columns we have

X1 +x2 +x3 =15 first row
X4+ x5+ x5 =6 second row
X1 +x4 =38 first column
X2 + x5 =7 second column
X3 +x6 =6 third column

As long as this system is consistent, we can be sure that we have an infinite number of solutions,
because we have more unknowns (6) than equations (5).

The augmented matrix and reduced row echelon form which is evaluated by using mathematical
software such as MAPLE or MATLAB is given by:

X1 X2 X3 X4 X5 X6

111000]15 rowl (10 0 0 —1 —1]2
000111]|6 row2llo 100 1 oll7
1oo1oos:> row3:001001:6
010010] 7 rowd [0 00 1 1 1,6
001 001 6 row5 \ 0 0 0 0 0 0|0

In reduced row echelon form we have four non-zero equations and six unknowns, therefore there are
6 — 4 = 2 free variables. None of the equations start with x5 and xe, so these are our free variables. Let
x5 = sand x¢g = t, where s and ¢ are any real numbers.

Expanding row 4, we have x4 + x5 + x5 = 6 impliesx4 =6 — x5 —x6 =6 —s — t

Expanding row 3, we have x3 4+ x¢ = 6 impliesxz3 =6 —xg = 6 — t.

Expanding row 2, we have x + x5 = 7 impliesxpy =7 —x5 =7 — s.

Expanding row 1, we have x; — x5 — x¢ = 2 impliesx; =2+ x5 +x6 =2+ s+ t.

Our solution is

X1=2+4+s+txp=7—5x3=6—1, x4 =6—5s—1t, x5 =sandxg = ¢ *)

where s and ¢ are any real numbers. A particular solution can be found by letting s and t take on
particular values. For instance, let s = 1, t = 2, choosing these values so that they are different values
which might be one of the requirements of the puzzle and the numbers are nice and easy. Substituting
s=1,t = 2 into (*) gives

X1 =5, %X =6,x3=4,x4 =3, x5 =1land xg = 2

Check that this is actually a solution to the above puzzle.
Of course, there are an infinite number of solutions to above puzzle - you could take

s=1,t=1lors=—-1,t=50rs=m, t=+/2
and then feed these numbers into (*), which will give other values for the unknowns.

In the above example, the solution:

x1=2+s+t x=7—5 x3=6-—1 x4=6-—5—t, xs=sandxg="1 @)



is the general solution, and can be written in vector form as

X1 24s+t 1 1 2
X2 7—s -1 0 7
<= x| _ 6—t . 0 4t -1 n 6
X4 6—s—t —1 —1 6
X5 s 1 0
X6 t 0 1 0

Another application of Gaussian elimination is analysing a mechanical device such as a
robotic arm. In an engineering context degrees of freedom are important.
If there are d free variables in a linear system then we have d degrees of freedom.

Q Summary

Let (A|b) and (R| b’) be row equivalent where R is in reduced row echelon form.
Let n be the number of unknowns and r be the number of non-zero equations in R.
If r < n then the linear system (A | b) has an infinite number of solutions.

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Determine whether the following linear systems have a unique, infinitely many or no
solutions. Also determine the solutions in the case of the system consisting of infinitely
many and unique solutions.

X+3y+2z=>5 —x+y+z=0
(@ 2x—y—z=1 (b) 3x —2y+5z2=0
—x+2y+2z=3 4x—y—2z=0
() 2x+2y+3z=5 (d x+2y+z=4
6x+6y+9z=7 3x+3y—3z=6
3x—3y—z+2w=20 2x+3y+5z+2w=26
(e) 6x—7y+z+w=0 () 2x+3y+2z+2w=7
x—y—2z—w=0 8x+ 12y + 20z + 8w = 24
2x—2y+6z+8w =20 x+2y+4z+5w=06
—y +5u=3
—10y +38z=6
— 4 =
(@) 5x+6y—8wt4z=3 M) XY+ 2+ owiTu=5

15x — 20y + 2z + 30w + 3u = —1

10x + 7y 4 3w + 82 =
x+7y+3w+82=9 12x — 16y + 7z + 24w + 60u = 10
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—y +5u =3 2x—y +3z+5w +5u=1

L 3x—4y +z +6w +7u =5 ‘ x+7y+6z—1lw+7u = -8
® 15x — 20y + 2z + 30w+ 3u = —1 O x—2p+6z+4w + u=520
12x — 16y + 7z + 24w + 60u = 46 2x — 6y +14w+2u=?

The reduced row echelon form of the corresponding equations have been evaluated
using software. Determine the solutions in vector form:

X+y—2z4+4w = 5 110 —10]—9
@ 2x+2y—3z4w = 3 ) 001 —7|-7
3x+3y—dz—2w = 1 000 0] 0

X1+ x)+x3+ x4 +2x5 4+ 3x =0
(b) 2x1 + 2xp + 2x3 + 2x4 + 4x5 + 5% = 0
3x1 4+ 3x3 + 3x3 4+ 3x4 + 6x5 + 7x6 = 0

2x1 + 6x7 — 5x3 — 2x4 — 3x5 + 4xg = —1
x3+2x4+3x5 =1
x1 + 3x3 + 4x4 + 6x5 + 2x6 = 3

1112010

0001010

0000010

2

1

(©) 0
0

1
0
0
X1 +3x) —2x3+x4+2x6 =0 (

Determine the value of k in the following, so that the system is consistent, and solve it:
2x —y—4z=k
—x+y+2z=k
—x+y+kz=k

Let u and v be solutions of a linear homogeneous system Ax = O. Prove that for any

scalars such as k and ¢ the vector ku + cv is also a solution of Ax = O. This means that
Ax = O has an infinite number of solutions, provided u and v are solutions.

Consider the non-homogeneous linear system Ax = b where b # O. If x; is a particu-
lar solution to this Ax = b and xy, is the solution to the associated homogeneous system
Ax = O, then prove that x, + x;, is a solution to Ax = b.

Prove Proposition (1.32).

*Prove that the reduced row echelon form (rref) of an n by n matrix either is the
identity matrix I or contains at least one row of zeros.

You may use software for the remaining questions.

The numbers highlighted with bold are totals for each column and row. Solve the
following puzzle and write the general solution in vector form:

X7 X2 X3 6

X4 X5 Xg 15

5 7 9




Solve the following puzzle and write the general solution in vector form:

X1 X X3 16
X4 X5 X6 21
X7 Xg X9 8
17 15 13

The number in each circle is the sum of the numbers in the four squares surrounding
it. Solve the following Sujiko puzzle and write the general solution in vector form:

| A\ ; /J\ ’
19 18

‘ 28 > 25 6

. \T) . k[/ .

Global positioning system (GPS) is used to find our location. Satellites send signals to a
receiver on earth with information about the location of the satellite in xyz- coordinate
system and the time t when the signal was transmitted. After some calculations we
obtain the following three linear equations. Solve these equations.

2x — 4y + 4z 4+ 0.077t = 3.86
—2y + 2z —0.056f = —3.47
2x — 2y =0

SECTION 1.8 © The Inverse Matrix Method

By the end of this section you will be able to
understand what is meant by an elementary matrix
determine the inverse of a given matrix

apply the inverse matrix method to encryption of messages

Another way to solve the linear system Ax = b where A is invertible is to use the inverse
matrix, because x = A~'b. However, finding the inverse of a matrix is a long process and
we can often solve linear systems quickly using Gaussian elimination.
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Q So why do we want to find the inverse matrix?

The inverse matrix is not useful for solving a single linear system Ax = b, but it is useful if one
needs to solve many systems that have the same coefficient matrix A. For example, suppose you
have 100 linear systems Ax; = by, where the coefficients are fixed but the right hand side vector
by, varies and you want to solve these. In this case, you would invert the coefficient matrix A only
once and then find x; = A~ by, for each by.

There are many real life applications where you might need to solve the linear system,
Ax = b, in which matrix A remains the same while vector b changes. In that case, it is
more efficient to solve for the inverse of A once, then multiply that inverse by the various b
vectors. This is because matrix A is generally a common property but vector b a particular
property of the system.

In order to evaluate the inverse matrix we need to first describe elementary matrices and
show how they are related to row operations.

1.8.1 Elementary matrices

An elementary matrix is a matrix obtained by a single row operation on the identity
matrix L.

o&lo

1 0
For example, | 0 0 | is an elementary matrix because we have multiplied the
0 1

100
middle row of the identity matrix [ 0 1 0 | by +/2. We carried out a single row
001

operation.

(ERGpIE 1140 —————

Which of the following are elementary matrices?

1 —
10 0 0 (1) (5) g 103 01
A=|101 0], B= 0010,C=040 andD:<10>
0 0 23 00 01 001
Solution
A, B and D are elementary matrices.

Why?

Matrix A is an elementary matrix because we can obtain this matrix by multiplying the bottom row of the
identity matrix by 23. Matrix B is an elementary matrix because we can obtain this matrix by adding —5
times the third row to the first row of the identity matrix I4. Matrix D is clearly an elementary matrix

10
because we have just interchanged the rows of the identity matrix ( 01 ) Remember, swapping rows

is a single row operation.



Matrix C is not an elementary matrix because we cannot obtain the matrix C by a single row operation
on the identity matrix. Two row operations on the identity matrix are required to obtain matrix C. The
two row operations are:

1. Add 3 times the bottom row of the identity matrix to the top row.

2. Multiply the middle row of the identity matrix by 4.

If an elementary matrix, E, is obtained from the identity matrix by a certain row opera-
tion then the matrix multiplication EA produces the same operation on the matrix A. For
example, consider the general 3 by 3 matrix and the elementary matrix obtained from the
identity matrix by interchanging the bottom two rows:

abc 100
A=\|def |andE=| 001
g hi 010 D interchanged
100\ fabc abc interchanged
Then the matrix multiplication EA =10 0 1 def|=|ghi

010/ \ghi defj)

What does the given elementary matrix E do to the matrix A?
It performs the same row operation of interchanging the bottom two rows.

1 00
What effect does the matrix multiplication EA, where E= | 0 —2 0 |, have on the general 3 by
0 01

3 matrix A?
The elementary matrix E in this case is obtained from the identity matrix by multiplying the middle
row by —2. Carrying out the matrix multiplication EA gives

1 00 abc a b c
EA=|0 20 ||def|=| —2d —2¢ —2f
0 01 g hi g h i

Hence the matrix multiplication EA performs the same elementary row operation of
multiplying the middle row by —2.

In general, if E is a n by #n elementary matrix obtained by performing a particular row
operation on the identity matrix I,, and A is an n by  matrix then the matrix multiplication
EA performs the same row operation on A. We can use matrix E to execute a row operation.

Can you remember what is meant by the term row equivalent from the previous section?
Matrices that are obtained from one another by a finite number of elementary row operations are
said to be row equivalent.

Definition (1.33). A matrix B is row equivalent to a matrix A if and only if there are a finite
number of elementary matrices Ei, E», E3, ... and E, such that B = E,E,_; - - - E;Ej A,
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This definition means that the matrix B can be obtained from matrix A by a finite
number of row operations. Note, that A is pre-multiplied (left multiplied) by elementary

matrices.
Note, that if matrix B is row equivalent to matrix A then the reverse is also true, matrix

A is row equivalent to matrix B. You are asked to show this result in Exercises 1.8.

Proposition (1.34). An elementary matrix is invertible (non-singular) and its inverse is also
an elementary matrix.

Proof - See Exercises 1.8.

1.8.2 Equivalent statements

You will need to look up what is meant by reduced row echelon form (rref), which was
defined in subsection 1.2.4 to understand this subsection.

In the remaining subsections, we find the inverse matrix by placing the given matrix
into reduced row echelon form, but first we establish an important theorem showing
equivalence.

What does the term equivalence mean?
Two statements P and Q are equivalent if both P and Q are true or both are false. Another way of
saying this is ‘P if and only if Q' denoted by P < Q. This means that P implies Q and Q implies P, -
it goes both ways, P = Qand Q = P.

We prove propositions of the form P = Q by assuming statement P to be true and then
deduce Q.

In general, we say four statements P, Q, Rand S are equivalentif P = Q= R = S = P.

N
N

Next we prove an important theorem regarding invertible matrices.

Why do we bother with proofs?

One of the fundamental aims of a linear algebra course is to learn reasoning. Many people see
mathematics as just a tool used by engineers and scientists, but this misses the depth of reasoning
and the inherent beauty of it. Proofs explain why mathematics works and not just how.

Theorem (1.35). Let A be a n by n matrix, then the following 4 statements are
equivalent:

The matrix A is invertible (non-singular).

The linear system Ax = O only has the trivial solution x = O.
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The reduced row echelon form of the matrix A is the identity matrix I

A is a product of elementary matrices.

[ Proof - How can we prove this theorem?
We show (a) implies (b) and (b) implies (c) and (c) implies (d) and (d) implies (a). In symbolic
notation, this is (a) = (b) = (c) = (d) = (a). We first prove (a) implies (b).

For (a) = (b):

We assume statement (a) to be true and deduce statement (b).

By assuming A is an invertible matrix we need to show that the linear system
Ax = O only has the trivial solution x = O. Consider the linear system Ax = O, because A
is invertible, therefore there is a unique matrix A~! such that A~!A = I. Multiplying both
sides of Ax = O by A~! yields

A 'Ax=A"10
S——
=I
Ix=A"'10=0

Ix = O which gives x =0 [because Ix = x|

The answer x = O means that we only have the trivial solution x = O. Hence we have
shown (a) = (b). Next we prove (b) implies (c).

For (b) = (¢):

The procedure to prove (b) = (c) is to assume statement (b) and deduce (c). This time
we assume that Ax = O only has the trivial solution x = O and, by using this, prove that
the reduced row echelon form of the matrix A is the identity matrix L

The reduced row echelon form of matrix A cannot have a row (equation) of zeros, other-
wise we would have n unknowns but less than n non-zero rows (equations), which means
that by Proposition (1.31): if r < n then the linear system Ax = O has an infinite number
of solutions.

We would have an infinite number of solutions. However, we only have a unique solution
to Ax = O, therefore there are no zero rows.

Question (7) of Exercises 1.7 claims: the reduced row echelon form of a matrix is either
the identity I or it contains a row of zeros.

Hence the reduced row echelon form of A is the identity matrix. We have (b) = (c).
For (¢) = (d):

In this case, we assume part (c), that is ‘the reduced row echelon form of the matrix A
is the identity matrix I, which means that the matrix A is row equivalent to the identity
matrix I. By definition (1.33):

B is row equivalent to a matrix A ifand only if B = E,E,_; - - - E;Ej A.
There are elementary matrices E;, Ey, E3, ... and Ej such that

A = EE_;---EE(I [because A is row equivalent to I]
=EE_;---EE; [because I is the identity matrix]
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This shows that matrix A is a product of elementary matrices. We have (c) = (d).
For (d) = (a):

In this last case, we assume that matrix A is a product of elementary matrices and deduce
that matrix A is invertible. By Proposition (1.34): an elementary matrix is invertible.

We know that elementary matrices are invertible (have an inverse) and therefore the
matrix multiplication ExE;_; - - - E;E; is invertible. In fact, we have

A7 = (BB, - EoEy) )
=E'E;' - E' E' [because XYZ) ' =Z7'Y'X7!]

Hence the matrix A is invertible, which means that we have proven (d) = (a).
We have shown (a) = (b) = (c) = (d) = (a) which means that the four statements (a),

(b), (c) and (d) are equivalent.
]

1.8.3 Determining the inverse matrix

Any two statements out of four in the above Theorem (1.35) are equivalent. That is, (a) =
(b) and (b) = (a), which is normally written as (a) < (b).

By the above Theorem (1.35), we also have (a) < (c) which means that the (n by n)
matrix A is invertible < A is row equivalent to the identity matrix I. There are elementary
matrices E1, Ey, Es, . .. and Ej such that

I=EE - EEA ()
Right multiplying both sides of (*) by A~ gives

_1 = DEEY _1
IA™! = E.E;_, - - - E,E; AA
—A-1 =I

A™' = EE;_; - EE I

Hence from I = E;E;_; - - - EoE1 A we deduced that A~! = E;E;_q - - - EoE L

What does this mean?

It means that the same elementary matrices Ej, Ey, Es, ... and E; transform the identity matrix I
into the invertible matrix A~1. This actually implies that we have to perform the same row opera-
tions that transform the matrix A to the identity matrix I and also transform I to the inverse matrix
A~L. Summarizing this:

(A|I)><A_1=(I‘A_1)

This means that we convert (A | I) to (I | Al ) Hence the row operations that transform
matrix A into I, also transform I into A~!.
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1 2
Determine the inverse matrix A=l giventhat A= | 2 —1 3
4 18

Solution

Above we established that the row operations for transforming A into the identity matrix I are the same
as for transforming the identity matrix I into the inverse matrix A~, therefore we carry out the row
operations simultaneously. This is achieved by transforming the augmented matrix (A | I) into the
augmented matrix (I | A~1). Labelling the rows:

Ri /1 02]100
R |2 -13l010|=@|D
Rs \4 18[00 1

Remember that Ry, Ry and R3 represent the first, second and third rows respectively.
Our aim is to convert the given matrix A (left) into the identity matrix L.
How?
Need to convert the 2 and 4 in the bottom two rows into zeros by executing the following row operations:

Ry 1 0 2 1 0 0
Ry =R, —2R; [ 2—2(1) —1-2(0) 3-2(2) [0—2(1) 1—-2(0) 0—2(0)
Ry=R3s—4R; \4—4(1) 1-4(0) 8—4(2) |0—4(1) 0—4(0) 1—4(0)

Simplifying the entries gives

Ri /1 0 2| 100

Rylo-1-1]-210
R/3 0 1 0| —-401
We interchange the bottom two rows, R} and R}:
R, 1 0 2] 100
RE=R, [0 1 0|-401
RE=R, \0 -1 —1 [—2 10

Note that we have swapped the rows around so that the second row is in the correct format for the
identity matrix on the left hand side of the vertical line.
What else do we need for the identity matrix?
Convert the first —1 in the bottom row into zero.
How?
Add the bottom two rows and simplify the entries:

R, 10 2| 100
R} 01 0|-401
Ry =R +R; \0 0 -1 |—6 11

The —1 in the bottom row needs to be +1. Multiplying the bottom row by —1 yields
Ry 102 1 0 0
R} 010|—4 0 1
-
Ry=—-Ri* \0 01 6 -1 —1
We have nearly arrived at our destination, which is the identity matrix on the left.
(continued...)
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We only need to convert the 2 in the top row into 0. Carry out the row operation R} — 2R§:
R’i‘:Rl—ZR;r 1-20) 0—-2(0) 2—2(1) [1—=2(6) 0—2(—-1) 0—2(-1)
R} 0 1 0 —4 0 1
R} 0 0 1 6 -1 -1

Simplifying the arithmetic in the top row gives the identity on the left:

RE/100[-11 2 2
RE|o1o] -4 o 1 |=(1]a)
RI \oo1 6 —1 —1

Hence the inverse matrix, A~!, is the matrix with the entries on the right hand side of the vertical line,

-1 2 2
Al=] -4 o0 1
6 —1 —1

This might seem like a tedious way of finding the inverse of a 3 x 3 matrix, but there is
no easy method to find A~ (if it exists) for any given 3 x 3 or larger matrix A.

1.8.4 Solving linear equations

Consider a general linear system which is written in matrix form as
Ax=Db [A is invertible]
Multiplying this by the inverse matrix A~! gives

A'Ax=A""b
——
=I
Ix = A 'bimplies x = A"'b [because Ix = x|

Hence the solution of a linear system Ax = b where A is invertible is given by
(1.36) x=A""b

This is why we need to determine the inverse matrix A~!. The next example demon-
strates how this works for particular linear systems of equations.

Solve both the linear systems:
X =22 =15 x =2Z8 =11

(@ 2x—y+3z=7 (b) 2x —y+3z=2
4x+y+8z =10 dx+y+8z =3
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Solution

(a) Writing this in matrix form Ax = b where

1 02 x 5
A=|2 -13 |, x=| y |ad b= 7
4 18 z 10

By the above result (1.36) we have x = A~!b, provided A is invertible.

What is the inverse matrix A~! equal to?
The matrix A is the same matrix as the previous example, therefore the inverse matrix is already

evaluated:
-1 2 2
A= -4 0 1
6 —1 —1
Hence
X -1 2 2 5
x=|y|=[ -4 o 1 7 [X:A_lb]
z 6 —1 —1 10
—(11 x5+ @2x7)+ (2 x10) —21
= —(4x5+0Ox7)+(1x10) | =1 —10
(6 x5)—(1x7)—(1 x10) 13
We have x = —21, y = —10 and z = 13. You can check this is the solution to the given linear system

by substituting these values into the system.

(b) The coefficient matrix is the same and we have only changed the vector b. Hence

X —11 2 2 1 -1
x=|y |= —4 0 1 2 |l =1 -1 [because X = A_lb:|
z 6 —1 —1 3 1

Wehavex = -1,y =—landz = 1.

In the above example, we have solved two linear systems in one go because we had A~
Once we have the inverse matrix A~!, we can solve a whole sequence of systems such as

AX] = bl, AX2 = bz, AX3 = b3, ey AXk = bk by using Xj = A_lbj.

Proposition (1.37). The linear system Ax = b has a unique solution < A is invertible.

Proof - Exercises 1.8.
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We can add this statement (1.37) to the main Theorem (1.35) to get:

Theorem (1.38). Let A be an n by n matrix, then the following five statements are
equivalent:

The matrix A is invertible (non-singular).

The linear system Ax = O only has the trivial solution x = O.

The reduced row echelon form of the matrix A is the identity matrix L.

A is a product of elementary matrices.

Ax = b has a unique solution.

1.8.5 Non-invertible (singular) matrices

If the above approach of trying to convert (A | I) into the augmented matrix (I| A~ ) can-
not be achieved then the matrix A is non-invertible (singular). This means that the matrix
A does not have an inverse. By Theorem (1.38), we know that the matrix A is invertible
(has an inverse) < the reduced row echelon form of A is the identity matrix I. Remember,
the reduced row echelon form of an #n by n matrix can only: (1) be an identity matrix or (2)
have a row of zeros.

If we end up with a row of zeros then the given matrix is non-invertible.

Proposition (1.39). Let A be a square matrix and R be the reduced row echelon form of A.
Then R has at least one row of zeros < A is non-invertible (singular).

Proof.
See Exercises 1.8.
]

The proof of this result can be made a lot easier if we understand some mathematical
logic. Generally to prove a statement of the type P <> Q we assume P to be true and then
deduce Q. Then we assume Q to be true and deduce P.

However, in mathematical logic this can also be proven by showing:

(Not P) & (Not Q)

Means that (Not P) = (Not Q) and (Not Q) = (Not P). This is because statements
P & Qand (Not P) < (Not Q) are equivalent. See website for more details.
The following demonstrates this proposition.

(ERGPIE TIA3  ———

Show that the matrix A is non-invertible where

1 -2 3 5
2 5 6 9
-3 1 2 3
1 13 —-30 —49

A=



Solution
Writing this in the augmented matrix form (A | I) we have

R 1 -2 3 5|10
Ry 2 5 6 910 1
Rz | =3 1 2 3100
Ry 1 13 =30 —49 |0 O
We need to convert the 2, —3 and 1 (bottom row) in the first column into O's.
How?
By executing the following row operations:

R 1 -2 3 5 10
RE=Ry—2R; | 2-2(1) 5-2(=2) 6—-2(3) 9-2(5 | -2 1
RE=R3+3R | =3+3(1) 14+3(-2) 24+33) 3+305) | 30
R =Ry — R 1-1 13—(=2) —30—3 —49—5 | -1 0

Simplifying the arithmetic gives

Ry /1 =2 3 5 1000
RE |0 9 0 -1|-2100
Rf |0 -5 11 18 3010
Ry \0 15 —33 —54 | -1 0 0 1

Note, that the bottom row is —3 times the third row on the left. Executing R} 4 3R}:

R; 1 -2 3 5| 1000
R} 0 9 0-1[-2100
R} 0 -511 18| 3010
Ri*=R;+3RE\0 0 0 0| 8031

Since we have a zero row on the left hand side of the vertical line, therefore the reduced row echelon
form will have a zero row. We conclude by Proposition (1.37):

rref (A) = R has at least one row of zeros < A is non-invertible.

The matrix A is non-invertible (singular). That is the matrix A does not have an inverse.

If the matrix A does not have an inverse then the linear system Ax = b cannot have a
unique solution. We must have an infinite number or no solution.

We normally use the compact notation rref (A) = R to mean that the reduced row ech-
elon form of A is R. This notation rref (A) is the command in MATLAB to find the rref
of A.

1.8.6 Applications to cryptography

Cryptography is the study of communication by stealth. It involves the coding and decod-
ing of messages. This is a growing area of linear algebra applications because agencies such
as the CIA use cryptography to encode and decode information.

One way to code a message is to use matrices.
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Message ——— Code into matrix B |—»—— Multiply by A — P Received AB

Message —<¢—— Matrix B ——<—— Multiply by A" ——<—— Received AB

For example, let A be an invertible matrix. The message is encrypted into a matrix B such
that the matrix multiplication AB is a valid operation. Send the message generated by the
matrix multiplication AB. At the other end, they will need to know the inverse matrix
A~! in order to decode the message because A~! (AB) = B. Remember that the matrix
B contains the message.

A simple way of encoding messages is to represent each letter of the alphabet by its
position in the alphabet and then add 3 to this. For example, we can create Table 1.3.

Table 1.3
Alphabet A B C D L. W X Y Z
Position 1 2 3 4 .. 23 24 25 26 27
Position +3 4 5 6 7 26 27 28 29 30

The final column represents space and we nominate this by a value of 27 + 3 = 30.
To eliminate tedium from calculations, we use appropriate software to carry out the
following example.

_

Encode the message ‘OPERATION BLUESTAR’ by using matrix A where

123
A=|212
32 4

Solution
Using the above table we have the numerical values as shown in Table 1.4.

Table 1.4

Since the matrix A is a 3 by 3 matrix, we write these numbers in 3 by 1 vectors so that matrix
multiplication is a valid operation. Hence

18 21 12 30 24 23
19 |, 41, 18 |, 51, 8 | and 4
8 23 17 15 22 21
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Putting these together as column vectors of matrix B so that we can multiply by A in one go:
18 21 12 30 24 23
B=|19 418 5 8 4
8 23 17 15 22 21

Multiplying this matrix by A (use software to do this):

123 18 21 12 30 24 23 80 98 99 85 106 94
AB=| 21 2 19 418 5 8 4 | = 71 92 76 95 100 92
32 4 8 23 17 15 22 21 124 163 140 160 176 161

These numbers in the columns of matrix AB are transmitted, that is the encoded message is:
80,71, 124,98,92,163,99, 76, 140, 85, 95, 160, 106, 100, 176, 94, 92, 161
By examining these numbers you cannot say they are related to the alphabet.

How do we decode this message?
We need to multiply by the inverse matrix. By using software the inverse matrix A~! is

0 2 -1
A7l = 2 5 —4
-1 -4 3

To decode the message we need to find A~! (AB), which is evaluated by using software:

0 2 -1 80 98 99 85 106 94 18 21 12 30 24 23
Al (AB) = 2 5 —4 71 92 76 95 100 92 |=(19 4 18 5 8 4
-1 —4 3 124 163 140 160 176 161 8 23 17 15 22 21

The columns of this matrix A~! (AB) are the entries:
18,19,8,21,4,23,12,18,17, 30, 5, 15, 24, 8,22, 23,4, 21

Using the above Table 1.3 backwards, we can read the message as ‘'OPERATION BLUESTAR'.

We use cryptography all the time. For example, emails, websites, ATM cards and digital
passwords are all protected by encryption.

6 Summary

You can find the inverse matrix of A by transforming the augmented matrix (A | I) into the
augmented matrix (I | Al ) by elementary row operations.
If in the process of this you get a row of zeros then the matrix A is non-invertible.
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(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Which of the following are elementary matrices?
For the matrices which are elementary, state the row operation on the identity matrix

which produced them.
300 —-100 010 100
A=|1030],B= 06010}], C={100]), D=|310],
003 001 001 001
010y o=y (g 0100
E=|100], F= 01 0),G= and H =
00 2 00 1 1000 0000
0001 0001
Find the inverse of the following elementary matrices:
-10 01 1 0
(a)E1_< 01) (b)Ez—(lo) (C)E3—<0 _2>
500 1 00 100
(d)Ey = 010 @Es=[0—-v20 Es=|010
001 0 01 00w

Also describe the inverse operation.
Find the matrix multiplication EA (matrix A is the general 3 x 3 matrix) for the
following elementary matrices (k 7 0).

What effect, if any, does the elementary matrix E have on the matrix A?

1 00 001 k0O
@E=]0-10 b)E=] 010 E=]010
0 01 100 001
10 O
dDE=]101 0
00 —1/k
Find the inverse matrix, if it exists, by using row operations:
102
12 2 —
(a)A:(_l 4) (b)B=<_6 i’) ©c=[231
360
1 -1 1 2 -1 0
@Wp=]1 0 -1|@E=]| -1 2 -1
0 0 -1 0 -1 2
L3 a5
OF=|-11 1| (@6=
21 -2 24 816

4 8 16 32



1 2 -2 3 1 2 -2 3
2 1 -5 —6| . 2 1 -5 -6
WH=1 o 10 o 15| D= _5_10 9 _15

-6 —12 27 —18 -6 —12 12 —-19
Determine whether the following linear systems have a unique solution by using the
inverse matrix method. Also find the solutions in the unique case.

x+2y=3 2x—5y =3
(@) —x+4y =5 ®) —6x+y=-1
x +2z=-1 x—y+z=10
(0) 2x+3y+2z =1 (d) x —z=3
3x + 6y =9 —z=175
2x—y =5 x+3y+4z=-2
(&) —x+4+2y—2z=7 (f) x+y+2z=3
—y+2z=3 2x+y—2z=6

xX+2y—2z+3w=2_8
—2x+y—5z—6w=1
—5x—10y+9z — 15w = —1
—6x— 12y + 12z — 19w =5
For the next two questions use any appropriate software to carry out the evaluations.

(g)

By using Table 1.3 on page 116 encode the following messages using the matrix

3
A=1]1
1

— W

5
1
2

(a) ATTACK (b) IS YOUR PARTNER HOME

Leontief input-output model. The Leontief model represents the economy as a lin-
ear system. Consider a particular economy which depends on oil (O), energy (E) and
services (S). The input-output matrix A of such an economy is given by:

O E S
O /025 0.15 0.1
E 04 01502 |=A
S 0.15 0.2 0.2

The numbers in the first row are produced as follows:

To produce one unit of oil the oil industry uses 0.25 units of oil, 0.15 units of energy
and 0.1 units of services. Similarly the numbers in the other rows are established. The
production vector p and the demand vector d satisfies p = Ap + d.

Determine the production (the production needed) vector p if d=
(100 100 100) 7.

Let A be an invertible matrix. Show that ATx = b has a unique solution.

Consider the linear systems Ax = b and Bx = ¢ where both A and B are invertible.
Show that (A 4+ B) x = b + ¢ may have an infinite number of solutions.
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Prove Proposition (1.34).

Prove that if a matrix B is row equivalent to matrix A then there exists an invertible
matrix P such that B = PA.

(a) Prove that if a matrix B is row equivalent to matrix A then matrix A is row
equivalent to matrix B.

(b) Prove that if matrix A is row equivalent to matrix B and matrix B is row equivalent
to matrix C then A is row equivalent to C.

Prove Proposition (1.37).
*Prove Proposition (1.39).
Explain why there are only three types of elementary matrices.

Prove that the transpose of an elementary matrix is an elementary matrix.

\ MISCELLANEOUS EXERCISES 1

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
In this exercise you may check your numerical answers using MATLAB.

Let A = (; i)andB: <§ Z).Determine(a) (A—B)(A+B) (b) A2 — B?

Explain why A — B # (A — B) (A + B).
University of Hertfordshire, UK

Let A and B be invertible (non-singular) n by » matrices. Find the errors, if any, in
the following derivation:

AB(AB)"! = ABA!B!
= AA!'BB!
=IxI=1

You need to explain why you think there is an error.
University of Hertfordshire, UK

Given the matrix

3 -2 —6
A=-| -2 6 -3
—6 —3 —2

(a) Compute A% and A>.

(b) Based on these results, determine the matrices A~! and A2004,

University of Wisconsin, USA
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Let A, B and C be matrices defined by

1 1
1 0-1
1 2 1-1 1 0
A=111 1], B= o -1l C—<_2 ) 3>
0 1

Which of the following are defined?
A', AB, B+C, A —B, CB, BC', A’

Compute those matrices which are defined.
Jacobs University, Germany
(part question)

Show that AT A is symmetric for all matrices A.
Memorial University, Canada

. . . lab . .
Find conditions on a, b, ¢, d, such that the matrix [ . di| commutes with the matrix

12

30|
Give an example of the following, or state that no such example exists: 2 x 2 matrix
A and 2 x 1 non-zero vectors u and v such that Au = Avyetu # v.

lllinois State University, USA
(part question)

Memorial University, Canada

12

(a) IfA=<3 4

) and B = ( _(1) (1) ), compute A2 B2, AB and BA.

(b) IfA = <? Z) and B = (; {l),computeAB—BA.

Queen Mary, University of London, UK

11
11
M" = ¢ (n)Mforalln € Z,n > 1. (You are not required to prove any of your results.)
Queen Mary, University of London, UK

(part question)

Let M = < ) Compute M" for n =2, 3,4. Find a function c¢(n) such that

Let A = . Determine (i) A2 (ii) A3

| Q| =
| Q| =

1 /2\"
Provethat A" = - (-] A
2\3
University of Hertfordshire, UK

How many rows does B have if BC is a 4 x 6 matrix? Explain.
Washington State University, USA



122

Determine, with explanation, if the following matrices are invertible.

2 -1 -1
(@) | -1 2 -1
-1 -1 2

(b) The n x n matrix Bif ABC = 1I,, and A and C are n x n invertible matrices.

[llinois State University, USA
(a) What is meant by saying that the n x »n matrix A is invertible?

(b) Find the inverse of the matrix,

Check your answer.
University of Sussex, UK

Obtain a Gaussian array from the following set of equations and transform it to
reduced row echelon form to obtain any solutions:

x+y+22=38
—x—2y+3z=1
3x—7y+4z=10
Check your answer!

Any other method will not gain full marks.
University of Sussex, UK

1 2 7 3
LetA=| -2 5 4 |,andletb=| 3
-5 6 -3 1

(a) Reduce the augmented matrix for the system Ax = b to reduced echelon form.
(b) Write the solution set for the system Ax = b in parametric vector form.
University of South Carolina, USA
(part question)

Find the general solution in vector form to

X1 — Xy —2x3 — 8x4 = —3
—2x1+x2 +2x34+9x4 =5
3x1 —2xy — 3x3 — 15x4 = —9

using the Gaussian elimination algorithm. (Note: This means that you are allowed
to use your calculator only as a check.)
[llinois State University, USA



Solve the following system of linear equations by Gauss-Jordan elimination:

X1+ 2x)+x3—4x4 =1
X1+ 3%+ 7x3 +2x4 =2

X1 — IIX3 — 16X4 = -1

McGill University, Canada

Reduce the following augmented matrix to its (i) echelon form, (ii) row echelon form
and (iii) reduced row echelon form:

12 5 6
37 3 2
2 511 22

National University of Singapore
(part question)

Show that the following system of linear equations is inconsistent.
x1 +2xp — 3x3 — 5x4 = —13
3x1 +x3 +4x3 —4x4 = 5
2x1 —2xp +3x3 — 10x4 = 7
x1+x)+2x3+2x4 =0

National University of Ireland, Galway

(part question)
Let A be the 3 x 3 matrix determined by
0 -1 1 0 1 1
All|=]| 0o, A|lo|=|-1], Al1]|=]1
1 2 1 2
Find A.
Columbia University, New York, USA
2 2 02
. . -1 -1 21 .
Consider the matrix A = > 2 -11 | Find rref(A).
-1 —1 10

Johns Hopkins University, USA
(part question)

Find all the solutions to the following system of linear equations.
2x1 4+ 3x2 +x3 +4x4 — 9x5 = 17
X1 +x+x34+x4—3x5=26

X1+ x) + x3 + 2x4 — 5x5 = 8
2x1 4+ 2x5 + 2x3 4+ 3x4 — 8x5 = 14

RWTH Aachen University, Germany
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1 0
Let A = |:_5 2].

(a) Write A~! as a product of two elementary matrices.

(b) Write A as a product of two elementary matrices.

McGill University, Canada
Write down the elementary matrix E that satisfies EA = B where

51 9 11 0
24 0 24 0
A=| [ o|™dB= o
~13 —2 ~13 —2

University of Western Ontario, Canada

O EH

S I B R B
AERIR b

If

Suppose that
135 30 1 -3 1
B=|012]|], C=(02 0|, D= 1 0 -1
136 50 =2 0 -2

and that the 3 x 3 matrix X satisfies B (X 4+ C) = D. Find X.
University of Western Ontario, Canada

(a) Use Gaussian elimination with back substitution or Gauss-Jordan to solve:

x+y+z=>5
—x+3y+2z=-2
2x+y+z=1

(b) Check your answer using the inverse matrix method.

(c) Can you change the coefficient of the z variable in the third equation so that the
resulting system has no solutions? Find the value of the coefficient or explain
why such a change would be impossible.

Saint Michael’s College Vermont, USA



Prove (give a clear reason): If A is a symmetric invertible matrix then A~! is also
symmetric.
Massachusetts Institute of Technology USA

If A is a matrix such that A> — A + I = O show that A is invertible with inverse
I-A.

McGill University Canada 2007

(part question)

(a) Define what is meant by a square matrix A being invertible. Show that the
inverse of A, if it exists, is unique.

(b) Show that the product of any finite number of invertible matrices is invertible.

(c) Find the inverse of the matrix

A=| -

O =
—_— - O
O =

University of Sussex, UK

Let A and B be n x n invertible matrices, with AXA~! = B. Explain why X is
invertible and calculate X! in terms of A and B.
University of South Carolina, USA
(part question)
What is the set of all solutions to the following system of equations?

a

b
011020 4 c 7
000130 5 d| = 8
01102110 e 16

f

L&

Columbia University, New York, USA
Sample Questions
Show that
AB=1&BA =1

Prove that: If AB are square matrices and AB is invertible (non-singular) then both
A and B are invertible with (AB) ™! = B~1A~L,

Let D be the following n by n matrix

a 0O --- 0

0 a, O

D= .
o . 0

0 : 0 ap
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aj, 0 - 0

0 da, o

(i) Prove that D? = )
o . 0
0 0 dhn

—1

0



Des Higham

is the 1966 Professor of Numerical Analysis in
the Department of Mathematics and Statistics
at the University of Strathclyde in Glasgow, UK.

Tell us about yourself and your work.

I develop and apply mathematical models and computational algorithms. As a
mathematician, I am mostly interested in proving results, for example, showing that a
model can reproduce known behaviour of a physical system and then using it to make
predictions that can be tested experimentally. On the algorithmic side, I aim to prove
that a computational technique solves the required problem accurately and effectively.
However, I like to work alongside colleagues from other areas, including the life sciences
and e-business. This is a great way for me to get hold of realistic data sets, and it often
throws up challenges that inspire new mathematical ideas. So I find it very rewarding to
have my research stimulated and stress-tested by outside applications.

How do you use linear algebra in your job?

A good example is my research in network science. Here we are typically given data
about pairwise interactions (who phoned who, who emailed who, who follows who on
Twitter). This type of information is naturally represented by a matrix, and many of the
interesting questions (who are the key players, where are the bottlenecks, where is the
best place to learn the latest rumour, and can we categorize people into groups?) can be
thought of as problems in linear algebra.

How important is linear algebra?

Tasks such as solving linear systems and linear least squares problems and computing
eigenvalues/eigenvectors are the nuts and bolts that go into most of the algorithms used
in scientific computing.

What are the challenges connected with the subject?

In today’s high-tech digital world, we are being swamped with data. In fact, a lot of it is
about us! There is behavioural information about our on-line activities, our digital
communication patterns and our supermarket spending habits, and new experimental
techniques are generating more fundamental biological information about our DNA



sequences and the behaviour of our genes and our neurons. We need bigger computers
and smarter algorithms to keep up with the data deluge.

What are the key issues in your area of linear algebra research?

At the moment, I am focusing on two aspects. First, modelling issues for networks: what
‘laws of motion’ are responsible for the patterns of interactions that we see in digital
social media; i.e. how do matrix entries change over time? Second, what can we usefully
do with large scale interaction data; i.e. how do we summarize a giant matrix?

Have you any particular messages that you would like to give to students
starting off studying linear algebra?

You only have to look at the success of Google, and its underlying PageRank algorithm,
to get a feel for the relevance and power of linear algebra. If you want to understand
ideas in mathematics and statistics, and develop a useful set of skills, linear algebra is the
place to start.



SECTION 2.1 © Properties of Vectors

By the end of this section you will be able to
prove some properties of vectors in R”"
understand what is meant by the dot product and norm

prove dot product and norm properties of vectors

In chapter 1 we looked at R” or Euclidean n-space, named after the Greek mathematician
Euclid.

Euclid (Fig. 2.1) is famously known for his work ‘The
Elements’ which is also called ‘Euclid’s Elements’. This
work has been used in mathematics teaching for over
two thousand years and was first published as a book
in 1482. Only the Bible has been printed more times
than ‘Euclid’s Elements’.

Up until the 1970s, school mathematics in the UK
consisted of learning various parts of Euclid’s Elements.
The concept of mathematical proof and logical
reasoning is what made this work survive for so long.

Figure 2.1 Euclid lived around
300 BC (© Fondazione Cariplo.
o _/

Any element of R” is a vector as we discussed in chapter 1.

Q What are the two attributes of a vector?
Length and direction. For example, navigating in the air is impossible without knowing both length
and direction of a vector (Fig. 2.2).
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Figure 2.2

We discuss the length and direction of a vector in these next two sections.
Remember, a vector is represented by components. For example, suppose your journey
home requires the following directions:
3 blocks east
2 blocks north

4 floors up
We can specify this in three directions:

east/west — x axis
north/south - y axis

up/down - z axis

If we have three independent variables such as x, y and z, we can use R? to view a prob-
lem geometrically. In fact, we don’t have to stop at three, we can consider any number of
independent variables, although clearly these do not represent a geometric interpretation
that we can plot.

Linear algebra is directly related to the geometry of R” because in R” we can convert
between geometry and algebra.

2.1.1 Vector addition and scalar multiplication properties

Remember, R? forms a plane, and R3 is three-dimensional space.

Recall that a column vector in R” is just a special matrix of size n (number of rows) by
one (number of columns), therefore all the properties of matrices that we looked at in the
last chapter also hold for a vector in R".

Next we define the two fundamental operations of linear algebra — vector addition and
scalar multiplication.

Proposition (2.1). Letu, vand w be vectors in R” and k, ¢ be real numbers (or real scalars).
We have the following results:

u + v = v + u (commutative law)

(u+v) +w=u-+ (v+ w) (associative law)
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There exists a zero vector O such that u + O = u (neutral element)

For every vector u there is a vector —u such that
u + (—u) = O (additive inverse)

k(u 4+ v) = ku + kv (distributive law)
(k 4+ ¢)u = ku + cu (distributive law)
(kc)u = k(cu) (associative law)

For every vector u we have 1u = u (neutral element)

Proof.
All of these properties follow from the matrix properties that were discussed in chapter 1.
]

We can use this proposition (2.1) to prove other properties of vectors in R”.

Proposition (2.2). Let u be a vector in R". Then the vector —u which satisfies property (iv)
in the above Proposition (2.1) is unique:

u+(—u)=0

Proof.
Let v be a vector in R” such that

ut+tv=0 (M

O What do we need to show?
Show that v = —u. Adding —u to both sides of (*) gives

—u+uU+v)=(—u)+0
(—ru+uw+v=(—u)+0

u+(—u)+v=—-u
———
=0
O+v=-—-u
V=—u

O What does Proposition (2.2) mean?
It means that for every vector u in R” there is only one vector —u in R” such that

u+(—u) =0

Proposition (2.3). Let u be a vector in R” then (—1)u = —u.
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Proof.
uy
Letu= | : |. We first show that u + (—1)u = O and then use the above Proposition
uﬂ
(2.2) which says —u is unique to deduce (—1)u = —u:
Uy Uy uj —U
u+(=Du=| : | +(D =1 : |+ [scalar multiplication]
Uy Up Uy —up
U —up 0
= = =0
Uy —Uy 0

We have u+ (—1)u = O and by the above Proposition (2.2) the vector —u which
satisfies u + (—u) = O is unique, hence

(-u=—u
[

So far, we have looked at the two fundamental operations of linear algebra - vector
addition and scalar multiplication of vectors in R".
Next we look in more detail at the product of two vectors, covered in chapter 1.

2.1.2 Dot (inner) product revisited

Ui Vi

Letu=| : |andv=| : | bevectorsinR” then the dot product of u and v denoted
Un Vn

by u - v was defined in section 1.3.6 of the last chapter as

(1.5) u-v=uvy +uvy+usvs+ -+ u,vy

This is the same as matrix multiplication of the transpose of u by the column vector v:

T

up vi
u V:llTVI
Un Vn
v
= (w1 wp o ug) | 0| = wviFuava Fusvs 4o+ vy
Vn

Note, that this is how we multiply matrices - row by column. Recall that a vector is
simply a single column matrix. We transpose the left hand vector u because we can only
carry out matrix multiplication if the number of columns of the left hand matrix, u, is equal
to the number of rows of the right hand matrix, v.
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This matrix multiplication is called the dot or inner product of the vectors u and v and

(2.4) u-v=ulv=1uv + vy + uzvs + - - - + t,vy

Q What do you notice about your answer?
The result of the dot product of two vectors in R” is a real number; that is, carrying out the dot
product operation on two vectors gives us a scalar not a vector.

Also, note that the dot product of two vectors u and v is obtained by multiplying each
component u; with its corresponding component v; and adding the results.

letu=(-3 1 7 —5Tandv=©9 2 —4 1T Findu-v.

Solution
The given vectorsu = (=3 1 7 —5)Tandv=(9 2 —4 1)T were written in terms of the transpose
of the vector so that we can save space.

Applying the above formula (2.4) gives

-3 9
1 2
u-v= 1| s =(—3x9)+ (1 x2)+ (7 x (—4) + ((=5) x 1)
-5 1
=—-274+2-28—-5=-58
Henceu-v = —58.

You can check this answer, u - v = —58, by using the numerical software MATLAB. The
MATLAB command for the dot product of two vectors u and v is dot (u, v).
We can use dot product to write an equation. For example

3x + 4y = 11 can be written as (Z) . (;) = 4)(;) =11

To solve this equation means ‘to determine the vector whose dot product with the vector
(3,4) equals 171’

The dot product also gives information about the angle between the two vectors but we
will discuss this in the next section.

2
Letu = (5) andv = ( ;) Plot these vectors u and vin R2 and find u - v.

(continued...)
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Solution
Plotting the vectors u and v in R? gives (see Fig. 2.3).

. | Vector L
51 U=1@2M5))
4%
/
/
3 &
21-
1+
/
N - > L
-1
: Vector
-2 =20 Figure 2.3
2 5
u~v=<5>-(_2)=(2><5)+(5><(—2)):10—10:0

What do you notice about your answer?
Dot product is zero. Also note that the vectors u and v are perpendicular to each other.

Vectors u and v are perpendicular or orthogonal if and only if their dot product is zero.
Two vectors u and v in R” are said to be perpendicular or orthogonal <

(2.5) u-v=20

In linear algebra the concept of orthogonality is very important.

b .
Letu = (Z) andv = ( a) be vectors in R2. Prove that these vectors are orthogonal.

Solution
Carrying out the dot product of the given two vectors by applying the above formula (2.4):

u~v=<Z)-< b):(axb)+(bx(—a)):ab—ha=0

—a

The dot product u - v is zero, therefore by the above formula (2.5) we conclude that the vectors u and v
are orthogonal (perpendicular) as shown in Fig. 2.4.



(a,b)

N \(b,-a>

Figure 2.4

We can also apply the above formula (2.5), and use the dot product to solve equations
suchas 3x + 4y = 0.
Here, we need to find all the vectors (x y)T such that

(2 G)=0 om0 5) ]

We know from the above formula (2.5), that if u - v = 0, then the vectors u and v are
perpendicular to each other.

We need to find the vectors which are perpendicular (orthogonal) to the vector (Z)
We can illustrate this (Fig. 2.5).

vector
# G4
/V
vector *\, N d
(-4, 3) 2 r
£ /
b NP4
"4 x
- -2 N @
N
2 o vector
- NG (4,-3)
* . ’
Figure 2.5

By examining Fig. 2.5 we see that every vector on the dashed line is perpendicular to the

3 . . . . .
vector ( 4) so we have an infinite number of solutions to the given equation 3x + 4y = 0:

x=4,y=-3 or x=-—4,y=3 or x=0,y=0...
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We are given one equation, 3x + 4y = 0, and two unknowns; x and y. From chapter 1
(Proposition (1.31)) we know that there are an infinite number of solutions to this equation,
because we have fewer equations (1) than unknowns (2).

2.1.3 Properties of dot (inner) product
Next we state some basic properties of the dot product in R”.

Proposition (2.6). Let u, v and w be vectors in R” and k be a real scalar (real number). We
have the following:

(u+v)-w=u-w+v-w [distributive law]
u-v=v-u [commutative law]
(ku) - v=k(u-v) = (ukv)

u-u>0andwehaveu-u=0&u=0
(u - u is the square of the length of the vector u.)

Proof.

Letu= (u; - - u,) = © Jandv= (v --- vl = . | be vectors in R".
Up Vn
See Exercises 2.1.

Required to proveu-v=v-u:

U-v=uvy +uvy+usvz+---+u,vy [applying (2.4)]
= viuy + vaup +v3us + - - +vuu,  [because u; and vjare real so ujvj=vju;]

=v-u
Note that matrix multiplication is not commutative but the dot product is.
(D (i) How do we prove (ku) - v = k(u - v)?
By expanding the left hand side and showing that it is equivalent to the right:

up " kuy v

(ku)-v= |k

scalar multiplication
of the vector u by k

Un Vn kun Vn
= kuyvy + kugvy + kuzvz + - - - + kupvy [applying (2.4)]
=k(u1vi +upvy +uszvz + - - - + upvy) [factorizing]
=k(u-v) [because ujvy + - + uyvy = u - vj
Hence we have shown that (ku) - v =k (u - v).

Similarly we can show k(u - v) = (u - kv).



D (iv) What does u - u > 0 mean?
As a real number u satisfies u x u > 0 so similarly for vector u we have u - u > 0.

Q How do we prove this result?

up
Substituteu = | © | and then evaluate u - u:
Un
ui ui
wou=| || 0| =wuw +uus +usuz 4 A unun [applying (2.4)]
Up Up

=w1)? + W)? + W3)? + -+ (un)* = 0

Since all the u’s are real numbers then each (uj)2 > 0. Hence we have shownu - u > 0.
Q How do we show the last part:u-u =0 < u= 0?7
From above, we have u - u = (u7)% + (u3)? + (u3)? + - - - + (un)?, therefore
wou=0 () + W)+ @)+ + (un)* =0

<:>M1=M2=u3='-~=un=0

Remember that, from the definition of the zero vector u; = up = uz = --- = u,, = 0, we

have u = O. Hence we have our resultu-u =0 < u = O.

2.1.4 The norm or length of a vector

Let u be a vector in R”. The length or norm of a vector u is denoted by |u||. We can use
Pythagoras’ theorem to find a way to define the norm of a vector. Consider a vector u in R?

(Fig. 2.6):

Figure 2.6

The length or norm of a vector u = (x  y)T in R? is given by:
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Consider a vector v in R? (Fig. 2.7):

¥ Figure 2.7

The length or norm of avectorv= (x y z)Tin R? is given by

IVl = 2+ + 22

uj
Pythagoras' Theorem. Let u be a vector in R” then the length of u = | : | is given by:

Un

2.7) lull = V/(u1)? + (12)? + (u3)? + - + (un)?

The norm of a vector u is a real number which gives the length of the vector u.

Example 2.4

=7 8
Letu = ( 2) andv = <3 ) Plot these vectors u and v in R2 and evaluate the norms ||u|| and ||v]|.

Solution
Using Pythagoras’ theorem (2.7) gives the lengths:

lull = /(=7)% + (—2)*> = v/53 = 7.280 [3 dp]

Ivll = v/82 +32 = /73 = 8544 [3dp]

Plotting the vectors u = < :;) andv = (i) and labelling |[u]| and [|v|| in R? gives (Fig. 2.8):



Length of vector
3 (8,3) /,—v-'*
5 [Ivll= 8.544 ~
r 3 /'
-~
1 —
///
-6 -4 ’,—2”’ p 4 [ &
Il 1
e ' '
*’fi R Lengfhofvecfor‘ﬁz__iiﬂi IR
T T (=7 .,-2) "
[lull= 7.280
Figure 2.8

We can also write the length of the vector in terms of the dot product:
Let u be in R” then

(2.8) lu| = +/u-u [positive root]

Proof.
First, by applying formula (2.4) u-v=wujv; + uavas + - - - + uyvy, wecanfindu - w:

u-u=uju) + upuy + ususz +--- 4+ uyuy,

= () + (2)* + (u3)* + -+ + (un)?

Second, by taking the square root of this

Vuu = ()2 4 (u2)? + (u3)? + -+ (un)?

= Il

By (2.7)

which is our required result.
]

This ||u|| = +/u - uis called the Euclidean norm. There are other types of norms which
we will discuss in the next chapter.

The distance function (also called the metric) written as d(u, v) is the distance between
vectorsu = (ug tp -+ u,)  andv = (v; v, -+ v,)T in R” and is defined as

2.9) d(w,v) =|lu—v|

We can use this distance function to find the distance between various satellites for a
GPS system.
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Lets; = (1 2 3)T, s =(7 4 3)Tands3 = (2 1 9)T be the positions of three satellites as shown in
Fig. 2.9. Find the distances between the satellites.

Figure 2.9
Solution

Using the above formula (2.9) we have d(s1, s2) = |[s1 — s2||.

What is s1 — s equal to?
1 7 1-7 —6
si—=|2]|—-14]|=|2—-4]|=]| -2
3 3 3-3 0

By applying (2.9) we have
d(s1, 82) = [Is1 — 821l = vV (—6)2 + (—2)> + 02 = /40 = 6.32 (2dp)

Similarly, the distance between other satellites is

d(s1, s3) = 6.16 (2dp) and d(s2, s3) = 8.37 (2dp)

Next we state and prove certain properties of the Euclidean norm of a vector

2.1.5 Properties of the norm of a vector

For a scalar k we define the modulus of k denoted |k| as
k| = Vi2

Proposition (2.10). Letube a vector in R" and k be a real scalar. We have the following:
[lul| > 0 [positive] and |lul| =0 < u = O.
I kull = 1k[[u]l



141

Proof.
Let u be a vector in R”; therefore we can write thisasu = (u; --- u,)’.

Required to prove |[u]| > 0. By Pythagoras” theorem (2.7), we have the length of u:

lull = v(u1)? + (2)% + (3)2 + - - - + (un)?

Since the square root is positive, [Ju|| > 0.
Next we prove the equality; that is [|ul| = 0 & u = O. We have ||u|| = 0, which
means that

lul =vVu-u=0&u-u=0
By Proposition (2.6) part (iv), we have u- u = 0 <& u = O. We have proven our
equality.
Expanding the left hand side of || ku|| = |k|||u|| by applying definition;
(28) V]l = V-V gives
lku|| = Vku - ku = K2(u - u)
= Vi2Ju-u [because k and u - u are real, sovab = \/E«/E]
= |k|||u]| [from above we have Vi = |k|]

Normally, to obtain the length (norm) of a given vector v you will find it easier to
determine [|v||?> = v - v and then take the square root of your result to find ||v]|.

p
Q Summary

Let u and v be vectors in R” then the dot product u - v is given by (2.4)
U-v=1uvy +upvy +usvy +- -+ uyvy

The vectors u and v are orthogonal or perpendicular <& u - v =0
The norm or length of a vector u in R” is defined as

lull = Va-u = v(@1)? + @2)? + (u3)? + - - - + (un)?

* EXERCISES 2.1

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

You may like to check your answers using the numerical software MATLAB.

The MATLAB command for norm of a vector u is norm(u).
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Letu= < _;) andv = (i) be vectors in R2. Evaluate the following:

(Qu-v b)v-u (Ju-u (dv-v (e) [lull?
(f) lIvl? (g) Il () lIvll (i) lu+v|? (j) d(u,v)
Letu=(2 3 —1)Tandv=(5 1 —2)7 be vectors in R>. Evaluate
@Qu-v b)v-u QQu-u (dv-v (e) [lu]l?
(f) [Ivl? (g) lluall (h) livll (i) lu 4 v|? (j) d(u,v)
Letu= (-1 2 5 —3)Tandv= (2 —3 —1 5)7T be vectors in R*. Evaluate
(@Qu-v b)v-u (u-u (dv-v (e) [lull?
(f) lIvl? (g) llull () lIvll (i) lu+v|? (j) d(u,v)

1 0 0
Leti=|0],j=[1|andk=| 0 ].Show that

0 0 1

@i-i=1 Mj-j=1 (Qk-k=1 (di-j=0 (e)i-k=0 (f)j-k=0
Ifu=ai+ bj+ ckand v =di+ ¢j + fk show thatu - v = ad + be + f.

-3 -2 . .
Letu = ( 2) andv = < 3> be vectors in R2. Plot these vectors in R? and show

that the vectors are orthogonal. Hence solve the equation —3x + 2y = 0.

Letu = ( _;) andv = <_§ ) Determine the following norms and plot your result

on the same axes:
(@) lu+v] (®)d(u, v) = [[u—v]

Prove properties (ii), (v) and (vii) of Proposition (2.1).

Prove property (i) of Proposition (2.6).

1
Determine —u for the following vectors in R":

[[u]
(@u= =7)T ®u=(=9 3 T (Qu=(-3 5 8 6
(Du=(—6 2 8 3 57T
1
Determine nu in each case.
u

What do you notice about your results?

Show that, for any non-zero vector u in R”, we have

1
Y
llull

Let u and v be vectors in R". Disprove the following propositions:
(a) Ifu-v=0thenu=0orv=0.
(®) lla+vll = [lull + vl
Letu;, up, us,..., u, be orthogonal vectors in R”. Prove
(i) lur + w21 = fug 1> + JJuz||?

() flur +up + - g = |+ el 4 )
For part (ii) use mathematical induction.
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Let u and v be vectors in R". Prove that

(@) flu+ >+ flu = vlI> = 2[lul> + 2vII> ) l[u+v]> — u—v]* =4 (u-v)
This question is on the properties of the distance function d(u v) where u and v are
vectors in n-space.

(i) Show thatd (u, v) = \/(ul — )2+ (w2 — v2) 2+ (U — V)2
(ii) Prove thatd (u, v) = d (v, u).
(iii) Provethatd(u, v) > 0andd(u, v) =0 < u=v.

SECTION 2.2 © Further Properties of Vectors

By the end of this section you will be able to
evaluate the angle between two vectors in R”

prove inequalities associated with the inner product and norm

In the last section we mentioned that the dot product has a geometric significance in R?
and R3, explained in subsection 2.2.2. In this section, we discuss the angle between two
vectors. Additionally, we examine normalization, a process that standardizes the length of
the vectors, while retaining information about their direction. This simplification is useful
when we are interested primarily in the direction of vectors.

Subsection 2.2.3, which deals with inequalities and proofs, requires you to recall some of
the properties of dot products and norms of vectors.

2.2.1 Revision of norm and dot product
We first do a numerical example of norms (lengths) and dot product. Remember, the norm

or length of a vector v is denoted by ||v|| and the dot product with a dot - between the two
vectors.

Letu = (;) andv = (?) be in R?. Determine the following:

(i) [u-v| @ii) lull v (iii) [lufl + [IvI] (iv) lu + v]|

Solution

(i) Wehaveu-v = (;) . <‘11> =(1x4)+GBx1)=9so|u-v|=|9|=09.

(continued...)
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(ii) Remember, the symbol ||| means the length of the vector. By Pythagoras (2.7) we have

lull = V12 4+ 52 = /26 and |v| = V42 + 12 = V17

Multiplying these we have [[u]| [|[v]| = +/26 x /17 = 21.02 (2dp).
(iii) Adding both the above results in part (i) we have

llll + V]l = +/26 + V17 = 9.22 (2dp)

(iv) Similarly, by using Pythagoras:

lu+v]| = H(;) +<4>H = H(E)H = /52 + 62 = /61 = 7.81 (2dp)

1

We can illustrate these in R? (Fig. 2.10):

5 (@ "1/1 6 i /‘l
5 A
= / 4 fusvl=781 _~ !
) TENTY A L " >
Sl = 2¢ 3 ) .
2/ v 7u
/ EEEEmeE fca, 1] 2 7
1/ fvi= V17 : RE====_SE v
e — f P e L Y ;
1 2 3 4 1 2 3 4 B
(@) (b)
Figure 2.10

2.2.2 Angle between two vectors

|Flcos(6)

Figure 2.11 shows a constant force F applied to an object and, as a result, the object moves a distance ||d||.
The work done by the force is the product of the magnitude of the force in the line of action, ||F| cos(9), and
the distance an object has moved ||d|. Hence

Work done = ||F| cos(d) x ||d||

Work is defined as the product of the force applied in a particular direction and the
distance it moves in that direction.

A real-world example of this is to imagine a rope tied to an object, perhaps a barge. You
need to move the barge by pulling the rope (Fig. 2.12).



<« direction of travel ﬂi_)
0

Figure 2.12

If you could stand directly behind the barge and push, then all your force would be in
the direction of movement.
In this case, F and d are parallel and the angle between them is 0° so we have

Work done = ||F|| cos(0°) x ||d|| = ||F|| x ||d] [because cos(0°) = 1]

This is the least possible force used to push the object because we are pushing in the same
direction as we would like the object to move.

If you push the barge in a direction perpendicular (orthogonal) to the canal, it would not
move forward at all, so you would do no work because

Work done = ||F|| cos(90°) x ||d|| =0 [because cos(90°) = 0]

The actual amount of work done in moving the barge along the canal is a value some-
where between these two possibilities, and is given by the angle the rope makes with the
direction of the canal.

Q How can we find the angle 6 between two vectors in the above diagrams?

To find the angle between two vectors we need to use the cosine rule from trigonometry (Fig. 2.13):
XN
Ao} Q

< € > Figure 2.13

With reference to Fig. 2.13, the cosine rule from trigonometry states that
a® = b* + & — 2bccos(9)

Consider two non-zero vectorsu = (u;, uz) andv = (v, v») in R? with an angle 6 between
them (Fig. 2.14):

Vi, v2)

livll

liull (w1, u5) Figure 2.14
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By applying the above cosine rule to this triangle we have
v —ull® = [vI* + [[ull* = 2|[v][|u] cos(9)

Rearranging this:

[vlllull cos(®) = =(IIv]* + lu]|* — [Iv — u]|?)

[+ v+ ud+u3— (i —w)® — (2 — w)?]

[v% + V% + u% + u% - (v% —2uvy + u%) - (v% —2upvy + u%)]

N =N =N =

=3 [2u1vi + 2uava] = uvy + uzv2

[viilall cos(f) = ugvy +uzv2 = u-v
By (2.4)
Therefore the dot product is
(2.11) u-v = [ull[v] cos(9)

€ What does this formula mean?
It means that the dot (inner) product of two vectors u and v is the length of vector u times the
length of vector v times the cosine of the angle 6 between them.

In the example of pulling a barge, the work done, W = ||F||||d|| cos(9), in moving the
barge a distance ||d|| is given by the dot product:

W = [[F|l[|d]l cos(¢) =F - d

where F is the constant (pulling) force applied to the barge. Hence, the work done is given
by the dot product of force F and distance d.

In physical terms, we can define the dot product of two vectors u and v as the work done
by v in moving the object a distance of |lul| in the direction of u (Fig. 2.15).

Figure 2.15

Note the following:

If two vectors u and v are pointing in same directions then the dot product is
positive. The two vectors are working (pushing or pulling) in the same direction
(Fig. 2.16(a)).
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7]

\A\ v
E—>——  Figure 2.16(a)

If two vectors u and v are perpendicular (orthogonal) then the dot product is 0
because cos(90°) = 0. (The force applied in the direction of the vector u contributes
nothing to the motion in the direction of vector v.) (Fig. 2.16(b))

___________ Figure 2.16(b)

If two vectors u and v are pointing in opposite directions then the dot product is
negative (Fig. 2.16(c)).

u
Ty
Figure 2.16(c)

The two vectors are working (pulling) in opposite directions.
When we talk about the angle 6 between two vectors we mean the angle which lies
between 0° and 180° (or 0 to 7 radians), as shown in Fig. 2.17:

o

u

Not this angle

v
0
u
u
f u
v 0 Y]
Figure 2.17

Making cos() the subject of formula (2.11) we have

(2.12) cos(0) = provided u and v are non-zero vectors.

u-v
l[allliv]

For the above Example 2.6 the angle 6 between the vectors u = <;> andv = <41}> is

u-v 9
= 2102 becauseu-v = 9and|ull[lv] = 21.02
laflvl ~ 21.02 = =

0s(0) =

By part (i) By part (ii)

9
Taking the inverse cosine of both sides gives 6 = cos™! <m> = 64.88° (see
Fig. 2.10(a)).
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—5 4 . .
Letu = ( 1 ) andv = <2> be vectors in R?. Determine the angle between these vectors and label

the angle and the vectors u and v in R2.

Solution
How do we find the angle between the given vectors?
u’v
By using formula (2.12) cos(9) = .
[ull|v]

We need to find u - v, which is the dot product, and lengths ||u]|, ||v|| of vectors u and v.
What is u - v equal to?
Using formula (2.4) w - v = uivi + uava + - - - + uu vy, we have

u-v:(:i)-(;):(—5><4)+(—1><2):—22

(The negative dot product means the two vectors are working in opposite directions.)
How can we determine the norm (length) of the vectors u and v?
By applying Pythagoras' theorem (2.7) from the last section:

-] - -
| (§| -

Substitutingu - v = —22, ||lu|| = +/26 and ||v|| = +/20 into cos(f) = T u”~”v" gives
uf||lv
—22 22
cos(f) = = — = —0.965

V26+/20 /26 x 20

What is the angle 6 equal to?

6 = cos1(—0.965) = 164.74° [Taking inverse cos]

Plotting these vectors and labelling the angle between them in R? gives (Fig. 2.18):

|
1v=(4,2)

n

: : | 4
‘Thts angle is 164.74 Q

e MR BN
u=(-5,-1)| -

Figure 2.18

(Note, the two vectors are pulling in opposite directions.)



The formula for the angle between two non-zero vectors can be extended to any n-space,
that is let u and v be any non-zero vectors in R” then

(2.13) cos(0) = v where 0 < 0 < 7 (radians)
llalfivll

In the exercises, we show that this angle, 6, between the vectors is unique.

3 =2
Letu=| —1 | andv= 1 | be vectors in R3. Determine the angle between these vectors.

7
Solution
The procedure is very similar to Example 2.7. We need to use the above formula (2.13):

u-v
0s(f) = .
llaliivi

What are the dot product u - v and the norms |lu|| and ||v|| equal to?
Applying dot product formula (2.4) we have

3 -2
u-v=|-11]- 1] =0Bx(=2)+(-1x1)+(7x9) =56
7 9

To evaluate the lengths we use Pythagoras' theorem (2.7):

lull = /32 + (=1)2 + 72 = /59 and [|v]| = v/(=2)% + 12 + 92 = /86

Substituting u - v = 56, [[u]| = +/59 and ||v|| = /86 into cos(f) = TV gives
uf||lv

0.786

cos(f) =

56 56
V5986 /59 x 86
How do we find the angle 6?

0 = cos 1(0.786) = 38.19° [inverse cos]

2.2.3 Inequalities

Next, we prove some inequalities in relation to the dot product and norm (length) of

vectors.

Cauchy-Schwarz inequality (2.14). Let u and v be vectors in R” then

lu-v| =< [lullllv]
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For the above Example 2.6 we had

wevl = 9<2102 = [ulliv]
By part (i) By part (ii)

Proof.

D How can we prove this inequality for any vectors in R"*?
If the vectors u and v are non-zero then we can use the above formula:

(2.11) u-v = |lull|lv|] cos(d)
Taking the modulus of both sides we have
[u-v| = [[luf|[Iv]l cos(6)]

The lengths are positive or zero, |ul| > 0 and ||v|]| > 0, therefore the modulus of these is just
[lull and ||v|| respectively.

Q Why?

Because if x > 0 then |x| = x. Hence we have |u - v| = ||u]|||v]| |cos()|.

Q What can we say about the size of |cos(6)| for any real angle 67
From trigonometry we know that the cosine of any real angle cannot be greater than 1:

0 < |cos(P)| <1 [Lies between 0 and 1]

By substituting the right hand inequality |cos(6)| < 1 into the above derived equation
lu- vl = [lull[|v] [cos(6)| we have

lu- vl < [lafflivil (1) = [fullIvl

Hence we have proven the Cauchy-Schwarz inequality, [u - v| < |lu]|/||v|, for non-zero
vectors u and v.
Ifu=0orv=0 then

u - v = 0 and therefore |[u - v| = 0 and |[u]|||v] =0

Cauchy-Schwarz inequality, |u - v| < [|u]|||v]|, holds in this case as well because 0 < 0.
(]

The Cauchy-Schwarz inequality claims that the dot product is less than or equal to the
multiplication of lengths of the vectors.



FURTHER PROPERTIES OF VECTORS

AN

Figure 2.19 (a) Cauchy 1789-1857.

Augustin Cauchy (Fig. 2.19(a)) was born in 1789 in
Paris, France. He took the entrance exam for the
prestigious Ecole Polytechnique in 1805 and
graduated in 1807. For the next eight years he had
various posts in the field of engineering but he was
persuaded by Lagrange and Laplace to convert to
mathematics. In 1815, he became Assistant Professor
of Mathematics Analysis at the Ecole Polytechnique

and he was the first person to make analysis rigorous.

~

-

Figure 2.19 (b) Schwarz 1843-1921.

Hermann Schwarz (Fig. 2.19(b)) was born in 1843 in
Poland and wanted to study chemistry at university.
However, Weierstrass and Kummer convinced him to
study mathematics at the Technical University of
Berlin.

In 1864, he received his doctorate under the
supervision of Weierstrass and completed a teaching
qualification in 1867. Schwarz held various posts at
the University of Halle, and in 1875 he managed to
secure the post of Chair of Mathematics at Géttingen
University. At that time, Gottingen University was
building a prolific reputation in the field of
mathematics but in 1892 he left Géttingen to take up
a professorship at the University of Berlin.

Next we prove an inequality dealing with addition of lengths of vectors rather than

multiplication.

To establish the next inequality we need to use the following results of inequalities from

real numbers:

lx+y+z| < |x| + [yl + |zl @)

x <y & /x < /yprovidedx >0,y >0 **)
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Minkowski (triangular) inequality (2.15). Let u and v be vectors in R” then
la+ vl < [lull + [Iv]

O What does this mean in R%?

\\ ox ‘l\\

//V//

A (full B Figure 2.20

The length (norm) ||u + v|| is less than or equal to the other two lengths (norms) added together
(Fig. 2.20). (If a donkey is at station A and the food is located at station C then the donkey would
travel the shortest distance along AC not AB and then BC, because the route AB-BC would always
be at least as long, or greater.)

In the above Example 2.6 for Fig. 2.10(b) we had:

lu+vl = 781<92 = |ul+]|vl
By part (iv) By part (iii)

Proof.

O How can we prove this inequality?
We examine |lu + v||2 and show that this is less than or equal to (flu] + IvID? and then take the
square root of both sides to get our inequality.

&R What is [lu+ v||? equal to?

lu+v]> =@u+v) - (u+v) [By 2.8) [ull=+u-u]
=w-w+u-v+v-u+(v-v)
N— ———
=2u-v

= +2@ v+ vi? [Because u-u=[u)? andv.v= ||v||2]

We can take the modulus of both sides. Since [|u + v||? > 0, the modulus of this is the
same, that is |||u + v||*| = [lu + v||2. We have

la+ vl = [[lu)? + 2 @-v) + |[v]?|
< | + [2a - v + [[Iv]?| [applying |x +y + 2| < |x| + |yl + |2| ()]

Because |[u/|> > 0 and ||v]|?> > 0, the modulus of these is the same, that is
2 2 2 2
[llalI”] = [[ul|” and [[|v]|"] = [Iv]|
The middle term on the right hand side is |2u - v| = 2|u - v|. Hence we have

lu+vI? < ull? +2ju-v] + |lv]®



By applying the above Cauchy-Schwarz inequality (2.14) |u-v| < |u|| ||v|] to this
middle term in the last line we have

lw+ V1> < flull® + 2ju - v] + v
< l[ul® +2fjull vl + IvI*  [applying Cauchy-Schwarz [u - v| < [ull[}v]]
= (llull + [IvI)? [using a® + 2ab + b* = (a + b)?*]

Taking the square root of this |[u + v||?> < (||lu]| + ||v|)? gives our required inequality

a4+ vl < [lull + v [By (**)]

Next we give a brief biography of Minkowski (pronounced ‘Minkofski’).

Hermann Minkowski (Fig. 2.21) was born in 1864 to
Jewish parents in Lithuania, but received his education
in Germany at the University of Kénigsberg.

At the age of 19, while still a student, Minkowski
won a prize from the French Academy of Sciences. In
1885, he received his doctorate under the supervision
of Lindemann. (Lindemann was the first to prove the
transcendence of x, in 1882.)

Minkowski taught at the universities of Bonn,
Koénigsberg, Zurich and finally settled in Géttingen in
1902, where he secured a post in the Mathematics
Department. He become a close friend of David
Hilbert.

Minkowski died at the young age of 44.
B SMondyoet

Figure 2.21 Minkowski.
\ J

Note, that the Cauchy-Schwarz inequality is about the lengths of products of vectors:
lu-v| < [lullllv]
while the Minkowski inequality is about the lengths of addition of vectors:
llu+ vl < [lull + Iv]
2.2.4 Unitvectors

A vector of length 1 is called a unit vector. In Exercises 2.1, we showed that for any non-zero

1
—ull =
[[ull

vector u in R” we have

153



154

€ What does this mean?
It means that we can always find a unit vector in the direction of any non-zero vector u by dividing
the given vector by its length |lu|| (Fig. 2.22).

L u
S,
Figure 2.22

For example, a vector in a particular direction of length 5 can be divided by 5 to give a
vector in the same direction but length 1 (unit vector).

The process of finding a unit vector in the direction of the given vector u is called
normalizing. The unit vector in the direction of the vector u is normally denoted by @
(pronounced as ‘u hat’) meaning it is a vector of length 1, that is

1

[[all

=

(2.16)

Later on in this chapter we will see that normalizing vectors simplifies calculations.
Examples of unit vectors are shown in Fig. 2.23.

Figure 2.23

1 0
The vectors shown in Fig. 2.23, e; = <0> and e; = <1>, are unit vectors in R2, and

e;=(1 0 07,e=0 1 0)Tandes=(0 0 1)T are unitvectorsin R>. These are
normally called the standard unit vectors.
For any #n space, R”, the standard unit vectors are defined by

1 0 0 0

] )
e = ,e=|01, ee=111, > en=1_ o
0 0 1

That is, we have 1 in the kth position of the vector ex and zeros everywhere else.



Actually these are examples of perpendicular unit vectors called orthonormal vectors,
which means that they are normalized and they are orthogonal. Hence orthonormal vectors
have two properties:

All the vectors are orthogonal to each other (perpendicular to each other).
All vectors are normalized, that is they have a norm or length of 1 (unit vectors).

Orthonormal (perpendicular unit) vectors are important in linear algebra.
2.2.5 Application of vectors

An application of vectors is the support vector machine, which is a computer algorithm.
The algorithm produces the best hyperplane which separates data groups (or vectors).
Hyperplanes are general planes in R". In support vector machines, we are interested in
finding the shortest distance between the hyperplane and the vectors.

A hyperplane is a general plane in n-space. In two-space it is a line, as shown in Fig. 2.24.

R
Lot

| 22

AT

Figure 2.24

The shortest distance from a vector u to any point on the hyperplane v - x + ¢ = 0 where

. u-v—+c
)T in n-space can be shown to equal, ﬁ
v

Determine the shortest distance from the vector (1 2 3)T and plane x 4+ y + z = —1. This is the
distance of the thick line shown in Fig. 2.25.

X:(xy...

Solution
We can write the plane x +y +z= —lasx + y +z+ 1 = 0, and in dot product form:

1 X
(1) . (y) +1=0 [Thisisof theformv-x+ ¢ = 0]
1 z

(continued...)
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x+y+z=-1

Figure 2.25
1 1
Using the above formulawithu=| 2 |, v=| 1 |andc=1:
3 1

. 1x1 2x1 3x1 1 7
wovbd _JAXD+EXDHGEXDEU T o0

vl VOE+12+12 V3

The shortest distance between the plane x + y + z = —1 and the vector (1 2 3)T is 4.04.

p
6 Summary

Let u and v be non-zero vectors in R” and if 8 is the angle between the vectors then

u-v

0) =
<os6) = Tumvi

A unit vector in the direction of the non-zero vector u is denoted by u.
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m

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
You may like to check your numerical answers using the numerical software MATLAB.
To find the angle between two vectors u and v in MATLAB enter the command:
dot(u,v)/(norm(u)*norm(v)), acosd(ans).

Let u and v be vectors in R?. For the following u and v determine the angle between
the vectors and label this angle and the vectors u and v in R2.

(a)uz(D,v:(‘l’) (b)u=((1)),v=<(1))
<C>“=(_32>’V:<—11//22)

For the following vectors u and v in R* determine the angle between them.

-1 3 1 0
(a)u= 1],v=|] -1 ®)u=|0],v= 0
3 5 0 15
-1 V2
(u= 2 l,v=1[1/v2
3 —1

Find the angle between the following vectors in R*:

@u=@2 3 -8 DI, v=(-1 2 —5 —3)T
b)u=(=2 -3 -1 -, v=@a 2 3 4T

(c)u:(n J2 0 I)T,v=(l/n V2 -1 1>T

Determine the value of k so that the following vectors are orthogonal to each other:

-1 -3 2 3
(a)u = 51, v= 2 Bu=|-11], v=11

k 7 3 k

0 —7
(u= k|, v=| 5

V2 k
Determine the unit vector u for each of the following vectors. (Normalize these
vectors.)
(@Qu=2 3)T u=@q 2 3)7T

T

©u=0/2 -1/2 147 @u=(v2 2 -V2 V2)

(@u=(—n/5 ® - m/10 0)T

1/2
Determine the value(s) of k so thata = | 1/2 | isa unit vector.
k
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cos(0)

(a) Show thatu = (sin(@)

) is a unit vector.

(b) Plot this vector u in R? for § = %

_ cos(0)
(c) Letv = <—sin(9)

(d) Determine the angle between the vectors u and v.

i1
> be a vector in R?. On the same axes plot v for 6 = 1

Show that the vectors u = <Z> andv = <_z) in R? are orthogonal.

_ [ cos(A) _ [ cos(B) R,
Let vectorsu = (sin A) ) andv = (sin B) ) be in R=. Show that

u-v=cos(A—B)
Prove that the angle between a non-zero vector u and —u in any n-space, R”, is 7
radians or 180°.

Find a vector which is orthogonal to u=(1 1 1)T. Determine all the vectors
orthogonal to u.

Find the shortest distance, correct to 2dp, between the vectors and the corresponding
hyperplanes:

(@ (1 DT andy=x+1 () (0.5 2)T andy =2x — 1

(c) (=1 =3 3)Tand2x+y—z= 7

(@@ 23 Hlandx+2y+2z+w=10

Prove the Cauchy-Schwarz inequality by the following procedure:
(a) Show that the dot product (ku + v) - (ku + v) > 0 where u and v are vectors in R".

(b) Show that (ku+v) - (ku+v) =k*(u-u) + 2k (u-v) + (v-v).
(c) Equate the right hand side in part (b) to the general quadratic
ak® + bk + ¢

(d) Assuming that ak? + bk +c > 0 if and only if b* < 4ac, show the Cauchy-
Schwarz inequality |u - v| < |[u]| ||v]|.
[Also assume the following inequality from the main text

x§y<:>\/9_c§\/)7providedx20,y20
and Vx2 = |x|.]
By applying the Cauchy-Schwarz inequality, prove that —1 < cos(9) < 1, where 6 is
the angle between two given vectors u and v in any n-space R".

Let u and v be non-zero vectors in R”. Prove that the angle 6 between the two vectors
u and v is unique in the range [0, 7 ].

u . u .
[Hint: Consider cos(0) = M v

cos (B) =
cos(A) — cos(B) = —2sin <A —2}_ B) sin <A ; B) ]

an . the identity
[[all]v] ([allfIv]




SECTION 2.3 © Linear Independence

By the end of this section you will be able to
understand what is meant by linear independence
test vectors for linear independence

prove properties about linear independence

2.3.1 Standard unit vectors inR"

Q What does the term standard unit vector mean?
Recall from the last section that unit vectors are of length 1, and standard unit vectors in R” are
column vectors with 1 in the kth position of the vector e, and zeros everywhere else (Fig. 2.26).

z kth position
Standard unit vectors 0
€3

> X e.
2 Standard unit
y vector

Figure 2.26

Q Why are these standard unit vectors important?
Because we can write any vector u of R” in terms of scalars and standard unit vectors as we
showed in Exercises 1.3, question 14. We proved the following important result:

Proposition (2.17). Letu = (x1 e X xn)T be any vector in R” then

u= x e] + x € + o+ Xk ey + -4 x, e,
- —_ = = —_ — — —
scalar unit vector scalar unit vector scalar unit vector scalar unit vector

The position of vector u can be described (uniquely) by these scalars and unit vectors
e}, ey, ... and e,.

2. .
For example, the vector u = < 3> in R? can be written as

2 1
(3) =2 <0> +3 <(1)> = 2e; + 3e [In this case the scalars x; = 2 and x; = 3.]

Note that the scalars x; = 2 and x, = 3 are the coordinates of the vector u.
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This representation

X1
u=| : | =xi1e; +xex + - + x5€y
Xn
is a linear combination of the scalars and standard unit vectors ej, e;, ... and e,. We can

write this u = x1e7 + xe; + - - - + x,€, in matrix form as

X1 1 0
u=(e; e e3 ---e,)| : where e; = 0 R e
Xn 1
The matrix (e; e, e3 --- e,) = I where Iis the identity matrix.

Proposition (2.18). Let u be any vector in R” then the linear combination
u=xi€e; + xp€y + -+ + xXg€k + -+ + xy€y
is unique.

& What does this proposition mean?
It means for any vector u the scalars in the above linear combination are unique.

Proof.
Let the vector u be written as another linear combination:
11:)’191 +y2e2+...+ykek+... +ynen

R What do we need to show?
We must show that, in fact, all the scalars are equal: y; = x1, y2 = x2,--- and y, = xy.

Equate the two linear combinations because both are equal to u:

x1e1 + x€ + -+ + x4€, = y1€1 + o€ + -+ ypep =1
xiep +x€ + -+ x4€p — y1€1 — Y26 — - —yep=u —u = O
(xi—y1)er+ (2 —y2)e2+ -+ (xn — yu) €, = O [factorizing|

Writing out ej, 2, . . ., €, and O as column vectors in the last line we have
1 0 0 0
0 1 0 0
Cr=y)|. | +2=n) o[+ +E@-—y)|.|=
0 1 0
Zeros

remember e =




Scalar multiplying and adding these vectors gives

X1 — )1 0
X2 — Y2 0
Xn — )Yn 0
Hence we have x; —y1 =0, x—y2 =0, x3 —y3=0,... and x, — y, = 0 which
gives:
X1=y1, X2=y2, X3=103,... and x, =y,

Therefore, the given linear combination, u = xje; + x2e2 + - - - + Xy, is unique.

2.3.2 Linearindependence

Find the values of the scalars x1, x2, x3, . . . and x;, in the following:

x1e] + xpex + - + xpe + - + x46, = O

Solution
Substituting e1, e, . . . and e, we have

1 0 0
1 0 0

X1 + x2 0 + + Xn . =
0 1 0

We can write this in matrix form as

1 0 X1 0

. [Thisis Ix = O]

0 1 Xn 0
In compact form, we have Ix = O where I is the identity matrix. Ix = O gives x = O.
The zero vector x = O has entriesx; =0, x, =0, x3 =0,...and x, = 0.

We say that the standard unit vectors ej, ez, ... and e, are linearly independent, when
any one of the vectors ey cannot be made by a linear combination of the others.

One of the reasons we can write any vector of R” in terms of e, ey, . . . and e, is because
these vectors are linearly independent.
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Definition (2.19). We say vectors vi, v3, v3,...and v, in R" are linearly independent
& the only real scalars k;, ks, ks, ... and k, which satisfy:

kivi + kovy + ksvs + -+« + kv, =0 areky =ky=ks=--- =k, =0

Q What does this mean?
The only solution to the linear combination k;vy + kyvy + -+ + kv, = O occurs when all the
scalars k1, kp, k3, ... and ky, are equal to zero. In other words you cannot make any one of the
vectors vj, say, by a linear combination of the others.

We can write the linear combination kyvy + kvy + k3vs + - -+ + kv, = O in matrix

form as
ki 0
v )| |2
kn 0
The first column of the matrix (v; vy --- v,) is given by the entries in v;, the second

column is given by the entries in v, and the nth column by entries in v,,.
The standard unit vectors are not the only vectors in R” which are linearly independent.
In the following example, we show another set of linearly independent vectors.

ERRPIE T —————

Show thatu = < _11 ) andv = (i) are linearly independent in R? and plot them.

Solution
Consider the linear combination:

ku + cv = O [using k and c as scalars]

Substituting the given vectors u and v into this ku + cv = O:
-1 2 0
H71)+(3)-6)

) andx = (lz).We need to solve Ax = O where O = (8)

—-12
13
Carrying out row operations on the augmented matrix (A | O):

LetA=(uv)=(

k ¢ k ¢
Ri (-1 2|0 |:‘> Ry -1 2|0
R 1 3]0 Ry + R 0 5|0

From the bottom row, Ry 4 Rj, we have 5¢ = 0, which gives ¢ = 0. Substituting this into the first row
yields k = 0. This means that the only values of the scalars are k = 0 and ¢ = 0.

Hence the linear combination ku + c¢v = O yields k = 0 and ¢ = 0, therefore the given vectors u and
v are linearly independent, because all the scalars, k and ¢, are equal to zero. The plot of the given vectors
is shown in Fig. 2.27.
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Figure 2.27

When the vectors u and v are linearly independent, it means that they are not scalar multi-

ples of each other. Arbitrary linear independent vectors u and v in R? can be illustrated as
shown in Fig. 2.28:

Linearly independent
»
u ¥ vectors u and v

Figure 2.28

Linearly independent vectors u and v have different directions.
2.3.3 Linear dependence

6 What does linear dependence mean?

Definition (2.20). Conversely we have: the vectors vi, v3, v3,... and v, in R" are
linearly dependent < the scalars k;, k3, ks,...and k, are not all zero and satisfy

kivi + kyvy + ksvz + - + kv, = O

Linear dependence of vectors vi,v,, V3, . .. and v, means that there are non-zero scalars
k’s which satisfy

kivi + kovy + ksvs + - + kyv, = O

Show thatu = ( _f) and v= ( _11/3) are linearly dependent in R? and plot them.

Solution
Consider the linear combination:

ka +cv=0 [k and c are scalars]

(continued...)
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Substituting the given vectors

ku+cv=k<_13)+c<—11/3>:<8)

The augmented matrix for this is given by

Ry -3 1 0
Rz( 1 —1/3 ‘ 0) [because(u v | O)]

Carrying out the row operation 3Ry + Ry:

k ¢
Ry -3 1 0
3Ry + R 00 0
From the top row we have —3k + ¢ = 0, which implies ¢ = 3k. Let k = 1 (for ease of arithmetic) then
c=3k=3x1=3
Substituting our values k = 1 and ¢ = 3 into ku + ¢v = O gives

u+3v=0o0ru= —3v

We have found non-zero scalars, k = 1 and ¢ = 3, which satisfy ku + cv = O, therefore the given

vectors u and v are linearly dependent, and u = —3v.
Plotting the given vectors u and v we have (Fig. 2.29):
y
-3 1
u= { =-3v 0.8 T
0.6 T
047
02T
: ‘ ‘, = x
-3 -2 -1 o2t 1 1
Figure 2.29
Note that u = —3v means that the vector u is a scalar multiple (—3) of the vector v.

Hence the size of vector u is three times the size of vector v, but in the opposite direction.
If vectors u and v in R? are linearly dependent then we have

ku + ¢cv=0 wherek #0orc # 0
That is, at least one of scalars is not zero. Suppose k # 0 then

ku=—cv [transposing ku + cv = O]

u=— %v [dividing by k|



This means that the vector u is a scalar multiple of the other vector v, which suggests that
u is in the same (or opposite) direction as vector v. Plotting these we have (Fig. 2.30):

Linearly dependent vectors u and v
Figure 2.30

Of course, in the previous Example 2.12, we could have let k = 2,3, 7,666 . ... Any non-
zero number will do. Generally, it makes the arithmetic easier if we use k = 1.

-3 0 2
Determine whether the vectors u = 1],v= 1 | andw = [ 0 | in R? are linearly dependent
0 -1 0

or independent.

Solution
Consider the following linear combination

kiu + kv + ksw = O

where k's are scalars.

-3 0 2 k1

letA=(u v w)= 1 1 0 |andx= | k; |. We need to solve Ax = O.
0 —-10 k3
Carrying out row operations on the augmented matrix:

ki ka ks ki ky k3

R1 -3 0 2|0 R1 -3 0 2|0

Ry 1 1 010 [> Ry + R3 1 0 0/0

R3 0-1 010 R3 0 -1 00

From the right hand matrix we have k; = k» = k3 = 0, that is all the scalars are zero:
kiu + kov + ksw = O implies k1 = k = k3 =0

Hence the given vectors u, vand w are linearly independent.

2.3.4 Properties of linear dependence

In this subsection we describe easier ways of testing for independence.

Example 2.14

Test the following vectors for linear independence:

2 —4 0
u=|3],v= 191, w=|{0
7 -5 0

(continued...)
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Solution
Consider the linear combination:

kiu + kv + ksw = O (1)

Letk; = kp = 0 and k3 # 0, then for these values of scalars, the above linear combination (t) is
satisfied. Hence we have non-zero scalar(s), k3 # 0, which implies that the given vectors are linearly
dependent.

The presence of the zero vector ensures that the vectors are linearly dependent. We don’t
need to find the values of the scalars in the case where we have the zero vector.

Proposition (2.21). Let vy, vy,. .. and v, be vectors in R”. If at least one of these vectors, Vj
say, is the zero vector then the vectors vy, v», . .. and v, are linearly dependent.

Proof.
Consider the linear combination

k1V1+k2V2+"'+ijj+"~+ann=O *)
In (*) take kj # 0 [non-zero number] and all the other scalars equal to zero, that is
kl:kZZ"-:]_1=k]+1="'=kn=0

Since v; = O we have k;v; = O, which means that all scalars in (*) are not zero (k; # 0).
By Definition (2.20) in section 2.3.3:
If non-zero K’s satisty k1vy + kavy + - - - + k,v, = O then vectors v’s are dependent.

We have that vectors vy, v2,. .. and v, are linearly dependent because k; # 0.

Q What does Proposition (2.21) mean?
If among the vectors v1,v2,v3,... and vy, one of these is the zero vector then they are linearly

dependent.
-3 0 2 1
Test the vectors u = 1], v= 1|,w=/[0] and x=| 2 | inR3 for linear
0 -1 0 3
independence.
Solution

Consider the linear combination

kiua + kv + k3w + kyx = O



What do we need to find?
We need to determine the values of the scalars, k's.
Substituting the given vectors into this linear combination:

-3 0 2 1 0
kiu + kov + kaw + kyx = ky 1| +k 1 |+ks|O0)+kal2]=1]0
0 = 0 3 0
The augmented matrix of this is given by
R1 -3 021 0
Rz 1 102 |0 [Using (u v w x | O)]
Rz 0 —-10 3 0

Carrying out the row operation Ry 4 R3 gives one extra zero in the middle row:

ki ko ks ks
Ry -3 021]o0
Ry + R3 1 005 /|0
Rs 0 -1 0 3|0

From the bottom row, we have —k; + 3ks = 0 which gives k; = 3ky.Letky = 1:
ky =3ks =3x1=3

From the middle row we have k; + 5k4 = 0 implies that k; = —5k4 = =5 x 1 = —5.
The top row gives —3k; + 2k3 + ka = 0. Substituting k; = —5 and k4 = 1 into this:

—3(=5) + 2k3 + 1 = 0 implies k3 = —8

Our scalars are k1 = —5, ko = 3, k3 = —8 and k4 = 1. Substituting these into the above linear
combination kju + kv + k3w + kax = O gives the relationship between the vectors:

—5u+3v — 8w+ x=0 or x =5u — 3v+ 8w

Since we have non-zero scalars (k's) the given vectors are linearly dependent.
The linear combination x = 5u — 3v 4+ 8w means that we can make the vector x out of the vectors
u, vand w.

In the next proposition we will prove that if there are more vectors than the value of # in
the n-space then the vectors are linearly dependent. In the above Example 2.19 we had four
vectors u, v, wand x in R? and 4 > 3, therefore the given vectors u, v, w and x were linearly
dependent.

Proposition (2.22). Letvy, vz, v3,...and v, be different vectors in R”. If n < m, that is the
value of # in the n-space is less than the number m of vectors, then the vectors v, v, vs, . ..
and v, are linearly dependent.
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Proof.
Consider the linear combination of the given vectors vi, v, v3,...and vy,:

kivi +kovo + -+ + kg + knp1Vepn + - F kv = O ™)

The number of equations is n because each vector belongs to the n-space R"” but the

number of unknowns ki, k2, k3, . . ., kn, knt1, - - . ki is m. Writing this out we have
V11 V21 Vnl V(n+1)1 Vil
V12 V22 Vn2 V(n+1)2 V2
kl . +k2 . ++kn . +kn+1 . ++km
Vin Von Vin V(n+1)n Vimn

m unknowns

=1. n equations

By Proposition (1.31) of chapter I:

In alinear system Ax = O, if the number of equations is less than the number unknowns
then the system has an infinite number of solutions.

In our linear system the number of equations # is less than the number of unknowns m
because we are given n < m. Therefore we have an infinite number of k’s which satisfy (*)
and this means all the k’s are not zero. By Definition (2.20) in section 2.3.3:

If non-zero K’s satisty k1vi + kava + - - - + k,v, = O then vectors v’s are dependent.

Hence the given vectors vi,v2,Vs, ... and vy, are dependent.

[ ]

Normally, we write the vectors as a collection in a set. A set is denoted by { } and is a
collection of objects. The objects are called elements or members of the set.
We can write the set of vectors vi,vy,vs,... and v, as

S={vi,v2,v3,...,Vp}

We use the symbol S for a set.
The following is an important test for linear independence.

Proposition (2.23). Let S = {v1,v2,V3,...,V,} be n vectors in the n-space R”. Let A be the

n by n matrix whose columns are given by the vectors vi,v2,v3,... and vy:
A=(vi v3 -+ V)
Then vectors vq, v, . .., v, are linearly independent <> matrix A is invertible.

Proof - See Exercises 2.3.
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This proposition means that the columns of matrix A are linearly independent < A is
invertible. We can add this to the main theorem of the last chapter - Theorem (1.38):

Theorem (2.24). Let A be a n by n matrix, then the following six statements are
equivalent:

The matrix A is invertible (non-singular).

The linear system Ax = O only has the trivial solution x = O.

The reduced row echelon form of the matrix A is the identity matrix L

A is a product of elementary matrices.

Ax = b has a unique solution.

Columns of matrix A are linearly independent.

e ™
Q Summary
Consider the following linear combination:
kivi + kovo + ksvs + -+ + kyv, = O
If the only solution to this k; = k, = k3 = --- = k, = 0 (all scalars are zero) then the vectors
V1,V2,V3,...and vy, are linearly independent. Otherwise the vectors are linearly dependent.
N J

m

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Determine whether the following vectors are linearly dependent in R?:

ou=(o}=()  we=()+=(3)
(c)u=<160), v=<:§) (d)“=<_;n>’vz<_;)
o= (5)+= (")

Determine whether the following vectors are linearly dependent in R*:

1 0 0
(@Qer=10),ea=|11],e5=1]0

0 0 1

2 1 0 1 -2
®lu=|2|,v= 2 l,w=|0 Qu=|1]|, v=| -2

2 —1 1 1 -2
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—1 0 2
(d)u= 2 l,v=|-4],w=|0
-3 6 6

Determine whether the following vectors are linearly dependent in R*:
@u=0 -103T, v=aq o050, w=2 10 07
x=010 —)7T
®u=01 -133),v=0150, w=(=3 -6 —9 —47T,
x= (=55 —15 —15)T
Qu=(=2234Tv=03 -2 -3, w=(2 -2 -1 0T,
x=0 30 DT
Let u and v be non-zero vectors in R”. Prove that if u = kv where k is a real scalar then
the vectors u and v are linearly dependent. (Vectors u and v are scalar multiples of each
other.)

Let u, v and w be any vectors in R”. Prove that the vectors u + v, v+ wand u — w are
linearly dependent.

Let e; and e, be the standard unit vectors in R?. Prove that e; and e; + e, are linearly
independent.

Let e;, e; and e3 be the standard unit vectors in R>. Prove that ej, e; + e, and
e; + e, + e3 are linearly independent.

Let u, v, w and x be linearly independent vectors in R". Prove that
u+v,v+w, w+xand u+x

are linearly dependent vectors in R".

Let u, v and w be linearly independent vectors in R”. Let the vector x be in R” such
that x = kju + kyv + ksw, where the k’s are real scalars. Prove that this representation
of the vector x is unique.

Let S = {v1,Vv2,v3,...,V,} be a set of linear independent vectors in R”. Prove that
T = {c1V1,€2V2, €3V3, . . ., €y V), Where the s are real non-zero scalars, is also a set of
linear independent vectors.
Prove that if S={vi,v2,v3,...,v,} is linearly independent then any subset
T = {v1,v2,V3,...,Vp}, where m < n, is also linearly independent.
Determine the real values of ¢ in the following vectors which form linear independence
in R3:
—1
u=|1],v= t | and w=
1 t



SECTION 2.4 € ) Basisand Spanning Set

By the end of this section you will be able to
show that given vectors span R”
test whether given vectors are a basis for R”

prove properties of basis

To describe a vector in R” we need a coordinate system. A basis is a coordinate system or
framework which describes the Euclidean n-space.

For example, there are infinitely many vectors in the plane R?, but we can describe all of
these by using the standard unit vectors e; = (1 0)7 in the x direction ande; = (0 1)7 in
the y direction.

. 2
Q We can write a vector <3 > but what does 2 and 3 represent?

It indicates two units in the x direction and three units in the y direction which can be written as
2e1 + 3ej.

2.4.1 Spanning sets

From the last section we know that we can write any vector in R” in terms of the standard
unit vectors e, €3, ... and e;,.

letv=(a b ¢)T be any vector in R3. Write this vector v in terms of the unit vectors:

ei=01 007, =0 1 0)Tand es=(0 0 1T

Vectors ey, ez and ej3 specify x, y and z directions respectively. (Illustrated in Fig. 2.26.)

Solution

We have
a 1 0
bl=al0]+b|1]|+c| 0] =ae + bey + ces
c 0 0 1

That is, we can write the vector v as a linear combination of vectors e, e; and e3.

We say that the vectors e;, e, and e; span or generate R3, because the linear
combination:

ae, + bey + ce3
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produces any vector in R?. We define the term ‘span’ as follows:

Definition (2.25). Consider the n vectors in the set S = {v{,v»,v3,...,V,} in the n-
space, R". If every vector in R” can be produced by a linear combination of these vectors
Vi,V2,V3,... and v, then we say these vectors span or generate the n-space, R".

This set S = {v1,v2,V3,...,Vy,} is called the spanning set. We also say that the set S spans
the n-space or S spans R".

1 0
For example, the standard unit vectors e; = (0> and e; = < ) ) span R2 because ke;

spans the x axis and ce, spans the y axis. Hence, by introducing scalars, k and ¢, the linear
combination, ke; + ce;, of these vectors e; and e, can produce any vector in R2.

To check that given vectors {v},v2,V3,...,V,} span R", we carry out the following:
We show that an arbitrary vector w = ( Wy - wn) is a linear combination of these
vectors:

w=kivi + kyvp + - -+ + k,v, where ks are scalars.

The unit vectors are not the only vectors which span R?, there are other vectors which
also span R?, as the next example demonstrates.

(ERPIE T —————

Consider the vectors u = (;) and v= ( _11 ) in R2:

(i) Show that the vectors u and v span IR?.

(ii) Write the vector (3 2)T in terms of the given vectors u and v.

Solution

(i) Letw = (Z) be an arbitrary vector in R2. Consider the linear combination:

ku + cv = w where k and c are scalars

1 =l
ku specifies vectors in the (2) direction and cv specifies vectors in the ( 1 ) direction. We need to

show that we can make any vector w out of uand v.
We can write this ku + ¢v = w in matrix form as

-6

Writing this as an augmented matrix, we have
a
b

Ry 1 -1
R, \2 1




We execute row operations so that we can find the values for scalars k and c:

a
b—2a

k ¢

Ry 1 -1
R,—2R; \ 0 3

From the bottom row we have

L b—2a
3¢ =b— 2aimpliesc =
Substituting this c = (b — 2a) /3 into the top row gives:
K b—2a i k_b—za _b—2a+3a b+a
—T_almples = +a= 3 =3
b—2a

. Therefore w = ku + cv, which means that

We have found the scalars k = % and c =

these vectors u and v span or generate R2. We can illustrate these vectors as shown in Fig. 2.31.

=X
-1 05 1 15
05 a

Figure 2.31

Any vector in R? can be written as:
(a) _ (a+b>u+(b—2a)v
b 3 3
o . 3\ . 1 =l
(ii) How do we write the vector (2) in terms of u = <2) and v= ( q )?

We can use part (i) with @ = 3 and b = 2, because we have shown above that any vector in R?
can be generated by the vectors u and v. Substituting these, a = 3 and b = 2, into

(5)=(557)ne (557 rove
3 342 2-203) 5 4
(3)=(5)=+ ((52)r= -5

(continued...)

173



174

This is illustrated in Fig. 2.32.

4 L
5u
3 z
3 3
2 .
2
1
1 2 3 4
-1
-2 -V

Figure 2.32
3. .5 4
The vector 5 ) made by adding 5“ and —gv.

5 4
You may like to check this by arithmetic means: 5“ = gv = <;>

If we cannot write an arbitrary vector w as a linear combination of vectors {vy,...,v,}
then these vectors do not span R”.

1 0 10
Show that the vectors u = (_2) andv = (0) do not span R2. (Columns of (_2 0 ) do not

span R2)

Solution

a . . . . —
Letw = (b) be an arbitrary vector in R2. Consider the linear combination

ka +cv=w

where k and c are real scalars
This linear combination can be written in matrix form as

10 k a k a
0)(0)=6) = G)=()
We have the simultaneous equations
k=a

—2k=bor b= —2a [because k = a

This case only works if b = —2a, that is for the vector w = (Z) = (—Za) =a (_12 )

. L 1
Vectors u and v only span (generate) vectors in the direction of ( 2).



sl The given vectors
1 u and v only span
vectors along this

2 / line (1-space).
5L Teell

~s
~

~<
S~
~

~~
~
~~
~

Figure 2.33

Any vector away from the dashed line in Fig. 2.33 cannot be made by a linear combination of the given
vectors u and v.
We conclude that the vectors u and v do not span R?.

2.4.2 Basis

We want a simple way to write down our vectors.

How can we do this?

Given some vectors we can generate others by a linear combination. We need just enough vectors
to build all other vectors from them through linear combination. This set of just enough vectors is
called a basis.

An example is the standard unit vectors e; = (1 0)T, e, = (0 1T for R2. This is the
basis which forms the x and y axes of R2 because e; = (1 0)T specifies the x direction and
e =0 DT specifies the y direction.

Each additional basis vector introduces a new direction.

Definition (2.26). Consider the n vectors v, v, V3, . .. and v, in the n space, R".
These vectors form a basis for R"” <

V1,V2,V3,... and v, span R” and
V1,V2,V3,... and v, are linearly independent
We can write the vectors vq,v,,V3,... and v, as a set B = {v{,Vv»,V3,...,V,}. These are

called the basis vectors — independent vectors which span R". Any vector in R" can be
constructed from the basis vectors.

Bases (plural of basis) are the most efficient spanning sets. There are many sets of vec-
tors that can span a space. However, in these sets some of the vectors might be redundant
in spanning the space (because they can be ‘made’ from the other vectors in the set).
A basis has no redundant vectors. This is exactly what is captured by demanding linear
independence in the definition.

175



176

(ERAPIE 19—

Show that the vectors u = ( i ) and v = < 1 ) form a basis for R2.

Solution
We are required to show two things: that u and v (i) span R? and (ii) are linearly independent.

(i) How do we verify that vectors u and v span R??

a . . . . —
Letw = (b) be an arbitrary vector in R? and consider the linear combination:

ku+cv=w

Substituting the given vectors u, v and w yields:

1 1\ (a , R (11
k<l>+c(_l>_(b) with the augmented matrix Ry (1 —1

Carrying out the row operation Ry 4 Ry:

k ¢
R1 11 a
Ry + Ry 20 b+a
. . ) 1 1 )
Solving this for scalars gives k = 5 (a+b)andc= 3 (a—b).Since w = ku + cv we can

write any vector w in R? as

W= (‘;) _ %(a+b)<i> + %(u—b)(_i)

Therefore we conclude that the vectors u and v span R?.

(ii) What else do we need to show for vectors u and v to be a basis?
We need to verify that they are linearly independent. To show linearly independence of two
vectors we just need to check that they are not scalar multiples of each other. (See question (4) of
Exercises 2.3.)

. 1 1 . .
The given vectors ( 1 ) #m ( _1 ) (m is scalar) are not scalar multiplies of each other,

therefore they are linearly independent.
Vectors u and v both span R? and are linearly independent so they are a basis for R2.
Equivalently we can say that the columns of matrix A = (u v) form a basis for R?,

The standard unit vectors e; and e, (illustrated in Fig. 2.34(b) on the next page) are
another basis for R?. This is generally called the natural or standard basis for R,

Figure 2.34(a) shows some scalar multiplies of the vectors u and v of the above example.
These basis vectors u and v form another coordinate system for R? as shown. Figure 2.34(b)
shows the natural basis e and e;, which form our normal x-y coordinate system for R2.

Q Why use non-standard basis such as the vectors u and v shown in Fig. 2.34(a)?
Examining a vector in a different basis (coordinate system) may bring out structure related to that
basis, which is hidden in the standard representation. It may be a relevant and useful structure.
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(b) Figure 2.34

For example, looking at a force applied to an object on an inclined plane, the components parallel
and perpendicular to the plane are far more useful than the horizontal and vertical components.
Choosing a basis wisely can greatly reduce the amount of arithmetic we have to do.

In general, the standard unit vectors {e;, e, €3, . . ., e,} form a natural basis for R”. Try
proving this by showing linear independence and span.

This agrees with our usual Cartesian coordinate system on R". For example, the vector
u=(—1 7 2 —4 97 in RS can be written as

u=(—1)e; + 7e; + 2e3 + (—4) es + es
Each vector xin R" is denoted by x = (x; x; - -- x,) T which can be written as
X = x1€1 + xe + -+ + x,€,

in the standard basis {e1, 5, €3, . .., €e,} for R".
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2.4.3 Properties of bases

Proposition (2.27). Any n linearly independent vectors in R” form a basis for R".

Proof - Exercises 2.4.
]

Note that this is an important result because it means that given n vectors in the n-space,
R", it is enough to show that they are linearly independent to form a basis. We don’t need
to show that they span R” as well. For example, we only need:

3 linearly independent vectors in R? to form a basis for R>.

103 linearly independent vectors in R'% to form a basis for R1%3,

Proposition (2.28). Any n vectors which span R” form a basis for R".

Proof - Exercises 2.4.

Again, we only need to show that # vectors span R” to prove that they are a basis for R".
For example, we need 666 vectors that span R®® to form a basis for R,
Both these results, (2.27) and (2.28), make life a lot easier because if we have # vectors in
R" then we only need to check one of the conditions, either independence or span.

1 0 -2
Show that thevectorsu=| 0 |, v= 1] and w= 3 | form a basis for R3.
1 —1 0

Solution
What do we need to show?
Required to prove that the given vectors are linearly independent in R3.
Why don't we also have to prove that these vectors span R3?
Because by the above Proposition (2.27):
Any n linearly independent vectors in R” form a basis for R”.
It is enough to show that three vectors are linearly independent for them to be a basis for the 3-space,
RR3. Consider the linear combination:

kiu + kov + kasw = O
Using row operations on the augmented matrix (A|O) with A = (u v w):

ki ky k3
Ry 1 0 -2
R 0O 1 3|0
R3 1 -1 0|0

givesk; =k, =k3 =0

The given vectors u, vand w are linearly independent because all the scalars are zero.
By the above Proposition (2.27) the given three vectors u, v and w form a basis for R3.



Figure 2.35 shows vectors produced by u, vand w.

I /
AN /
0 \\
L
x 1 Figure 2.35

By linearly combining these vectors, we can make any vector x in R>:
x=kiu+ kyv + ksw (ks are scalars)

We can measure vectors such as x with reference to these basis vectors {u, v, w }.

Determine whether the following vectors form a basis for R*:

vi=14 -3 6T, =093 -1 -6, v=6G211 —DTandvs=(@© 00 0)T

Solution
Sincevs = (0 0 0 0)T = O is the zero vector, by Proposition (2.21) of the last section:

If at least one of vectors is O then the vectors are dependent.
Therefore the vectors {v1, v2,v3, v4} form a linearly dependent set which means that these vectors
cannot form a basis for R*. Remember that for a basis, we need the vectors to be linearly independent.

The remaining work in this section is a little more difficult than the above. You will need
to be sure that you understand the definitions of spanning set, linear independence and
basis of R".

Proposition (2.29). Let the vectors {vi,v2,V3,...,V,} be a basis for R". Every vector in R"
can be written uniquely as a linear combination of the vectors in this basis.

What does this proposition mean?
There is only one way of writing any vector as a linear combination of the basis vectors.
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We have already proven this result for the standard basis in Proposition (2.18) of the last
section.

Proof.

Let ube an arbitrary vector in R”. We are given that the vectors {v, v2, . . ., v, } form a basis,
so they span R” which means that we can write the vector u in R” as a linear combination
of {v1,va,...,vy}. There exist scalars ki, k3, k3, . . . and k,, which satisfy

u=kvy +kyvy+ k3yvz +--- + kv,
Suppose we can write this vector u as another linear combination of the basis vectors
u=cvy + V2 + ¢33 + -+ + ¢4Vy

where the c’s are scalars.

What do we need to prove?
We need to prove that the two sets of scalars are equal: ky =c¢;, ky =¢3,... and k, = ¢y
Equating the two linear combinations because both are equal to u gives

kivi +kova + -+ kpvp =civi v + - Fcpvp =1
kivi +kovy + -+ kpvp — v — v — - —pvp=u—u=0
(k1 — Cl)Vl + (k2 — 62) vy + - + (kn — Cn) vp =0 [factorizing]

The basis vectors {v}, V2, V3,...,V,} are linearly independent, therefore all the scalars are
equal to zero.

Why?
Because this is the definition of linear independence given in the last section (2.19):
Vectors vi,v3,v3,... and v, in R” are linearly independent <

mivy + myvy + mavy + - + myvy, = O givesmy =my=m3=---=my =0
Applying this to the above derivation:
(k1 —Cl)Vl + (k2 —Cz)vz + - + (kn —Cn)Vn =0

we have

ki—c1=0,ky—cp=0,kzs—c3=0,...andky, —c, =0

klzcl,k2262, k3=C3,... andknzcn

Hence any arbitrary vector u can be written uniquely as a linear combination of the basis
vectors {v{,v2,v3,...,Vy}.



Next we prove alemma. A lemma is a proposition or theorem, the proof of which is used
as a stepping stone towards proving something of greater interest. However, there are many
lemmas in mathematics which have become important results in themselves, such as Zorn’s
lemma, Euclid’s lemma and Gauss’s lemma.

Lemma (2.30). Let T = {w1, w2, W3,..., Wy} be a set of m vectors that are linearly
independent in R” then m < n.

What does this lemma mean?
There can be at most n independent vectors in R". For example, there can only be three or less
independent vectors in R3.

What is the largest number of linearly independent vectors in R10?
10

Proof.

By Proposition (2.22): In R" if n < m, then the vectors vy, v, ... and v, are dependent.
We are given that T is a set of vectors that are linearly independent. Therefore n > m
which is our required result.

The maximum number of independent vectors in R” form a basis for R".

The next proof is a ‘proof by contradiction’. Here the procedure to prove that a
statement P implies a statement Q (denoted P = Q) is to suppose that P does not
imply Q, and then prove that this can’t be the case. Proof by contradiction is a com-
mon technique in mathematics and is a powerful mathematical tool often used to prove

results. )

For example, show that = x has no solution.

X

Proof - Suppose that the given equation does have a solution, call it a:

a*+2

= aimplies a* 4 2 = a* implies 2 = 0

but 2 cannot equal 0, therefore we have arrived at a contradiction. This means that there
is something wrong. Since all our derivations are correct, our supposition that there is a
solution is incorrect.

]

Another example of proof by contradiction is in the field of number theory: to prove that
there are an infinite number of prime numbers, we first suppose that there are only a finite
number of primes numbers, and then arrive at a contradiction.

Proposition (2.31). Every basis of R” contains exactly n vectors.
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Proof.
Let B = {v1,V2,V3,...,Vy} be a basis for R”. By the above Lemma (2.30) we have

m=<n [because the vectors are linearly independent]

Suppose m < n. Let T = {ey,ez,€3,...,e,} be the natural basis for R”. We can write
each of these vectors in the set T in terms of the basis vectors B = {vy,vs,...,Vu}:

ey =anvy + auve + -+ amivm
ey =apvy + anve + -+ apaVm

e, =aivVi + a2Va + - + AmnVm
Consider the linear combination
crer + ey + - + cpep =0 ™)
Substituting the above for the vectors e;, e3, €3, . . ., e, into this and rearranging:
c1(@anvi + -+ amVm) + c2 (@12v1 + - - + A2 Vi) + - - -
+cn(@nvi + -+ GunVim) = 0
(cra11 + a1z + - -+ + cparn) v1 + (c1a21 + c2a22 + -+ + cuaon) V2 + - -

+ (c1am1 + 2am2 + - + chmn) Vin = O

The vectors in B = {v1,V2,V3, ...V} are linearly independent because they are a basis,
so all the scalars (bracketed terms) in the above must be equal to zero:

cay + cap + -+ cpa =0 (Equation 1)
ciay + can + -+ cpazn =0 (Equation 2)
c1am1 + 2amy + -+ + Cnmn =0 (Equation m)

We can write this in matrix form as Ax = O where

ail] ... 4ain C1 0
A= oo , x=] ¢ |JandO =

We have m equations and n unknowns. Our supposition is that m < n, therefore there
are fewer (m) equations than the number (1) of unknowns (c’s). By Proposition (1.31):
If the number of equations is less than the number of unknowns then the linear system

Ax = O has an infinite number of solutions.
We have an infinite number of solutions which means that Ax = O has non-trivial

solutions, so all the ¢’s are not zero.
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By the linear combination in (*) we conclude that the vectors T = {e}, ez, €3,...,e,} are
linear dependent because all the ¢’s are not zero. This cannot be the case because this set T
is the standard basis for R”, which means that these vectors are linearly independent. We
have a contradiction, so our supposition that m < n must be wrong, therefore m = n.

Hence every basis of R” has exactly n vectors.

]

This result means that in a basis, there are enough vectors to span (generate) the whole
n-space, R", but not too many so that the vectors become dependent. Hence we need
exactly n vectors to form a basis for R”.

Proposition (2.32). Any n non-zero orthogonal vectors in R" form a basis for R".

Proof - Exercises 2.4.

| |
s N
Q Summary
The set Sis a basis for R” &
(i) S={vi, v2, v3,..., vn}spansR"and
(ii) S={vi, v2, v3,..., vu}islinearly independent
Every basis of R” contains exactly n vectors.
N J

* EXERCISES 2.4

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Determine whether the following vectors span R?:

(a)elz((l)> and ezz((l)) (b)u:(i) and v=(_11>
(c)u:(i) and v:(ii) (d)u:(i) and v=<1_01>

Determine whether the following vectors span R>:
0

(@u= and w =

(b)u=

and w =

—_ == O O N
W = Do o

[NSTRN ST SR OB
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1 1 1
QQu=|1}], v=|1]andw=]|0
1 0 0
1 2 -2
(dDu=[2]), v=|4)andw=| -2
1 0 3
Determine whether the following vectors form a basis for R?:
@u=@1 2%, v=0 »’ bu=(-2 -, v=a 27
@Qu=@¢ DI, v=0a 37T (du=@3 57, v=02 37T

Explain why the following vectors do not form a basis for the indicated Euclidean
space:

@u=@1 27, v=(0 DT, w=(1 0)7 for R?

®u=@111D" v=01107" w=(0 0 07 forR?

@Qu=a11D, v=a10 —DT, w=(-1 -2 =3 47,
x=02 22 2)TforR*

du=012345", v=1 50247, w=3B32 —54 —9T,
x=02 927 7)7T forR®

Determine whether vector b is in the space spanned by the columns of matrix A:

110 1 123 1
(@A=|250|,b=]|3 b)A=| 456 |,b=]3
349 4 789 4

Show that the following vectors form a basis for R>:

@u=G00)" v=0 6 007, w=© 0 7)T

®) u=( 0 0, v=@© B 00T, w=(0 0 1)T, where o, 8 and A are any non-
zero real numbers.

Show that the vectorsu= (1 1 2)T, v=(-11 —2)T, w=(@1 —5 2)T donot

form a basis for R3.

Show that the vectors
u=1 11D, v=011 D, w=o0o1DT, x=000DT

form a basis for R%.
Letu=(1 5 0)7, v=(0 1 0)T.

(a) Determine the dependency of u and v.
(b) Find the space spanned by {u, v}.

(c) Write down a general vector w such that {u, v, w} form a basis for R3.

Let vi,v2,V3,...,V, span R”. Show that vi,v,,vs3,...,v, and walso span R".
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Let S = {v1,v2,V3,...,V,} be abasis for R". Prove that
T = {kyvi,kava, k3vs, ..., kv }

where none of the k’s are zero, is also a basis for R”.

Let matrix A = (v; v, --- V,). Prove that A is invertible < {vy,...,v,} form a basis
for R”.

Prove Proposition (2.27).
Prove Proposition (2.28).
Prove Proposition (2.32).

*Let {v1,V2,V3,...,V,} be a basis for R” and A be an invertible matrix. Prove that
{Avy, Av,, Avs, . .., Av,} is also a basis for R".

\ MISCELLANEOUS EXERCISES 2

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Determine whether the following vectors are linearly independent in the vector
space V (show your working).

VvV =R3

o o
— =
o

Purdue University, USA
(part question)

Give an example or state that no such example exists of :
A set S containing two vectors from R? such that Span § = R3.
Illinois State University, USA
(part question)

Letvi=(1, 1, 1), v, =(1, 0, —1)andvs = (0, 1, 1).
(a) Are v and v; linearly independent? Explain why or why not.
(b) Is (3, 2, 1) in the span of v; and v,? Explain why or why not.

(c) Is{vy, v3, v3}abasis for R3?

Mount Holyoke College, Massachusetts, USA

Can the vector (3, 1, 1) be expressed as a linear combination of the vectors
2, 5 —1),(1, 6, 0),(5 2, —4)?Justify your answer.
University of Western Ontario, Canada
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(a) Define what is meant by stating that a set of vectors {v;, v»,..., v} in R" is
linearly dependent.

(b) Prove that the following set of vectors in R? are linearly dependent.

1 2 1
2 (4, | =11, 7
-1 3 —6

University of Manchester, UK
(a) Find two different bases for the real vector space R.
(b) Do the following sets form a basis for R3? If not, determine whether they are
linearly independent, a spanning set for R? or neither.
i {0, 0, 1), (0,2, 1), (3, 2, 1), (4 5, 6)}
ii' {(17 O) 1)) (4) 37 _1), (5> 3) _4)}
City University, London, UK
(part question)

Find a Basis for the following subspace S of the given vector space V. (Do not show
it is a subspace.)

Purdue University, USA
(part question)

Find the largest possible number of linearly independent vectors among

1 1 1 0 0
ool s O] O sl M| Y| O
1= 0| 2= | | T 1= | V5= 0| V6= 1
0 0 -1 0 -1 -1
[llinois State University, USA
3 4 3
—1 —7 7
(a) Letvy = 1| 2= 3|0 V= 2,
0 2 —6

Show that {v;, v, v3} arelinearly independent.
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1 1 1
(b) For what value(s) of  is 1], o], | -1 a basis for R3?
2 —1 A

Provide your reasoning.
King's College London, UK

(part question)
1 2 2
Find a real number ¢ such that the vectors | 2 |,| 3 |, 7 | do not form a basis
4 5

of R3.
University of California Berkeley, USA
(part question)

Suppose that {vi, v} are linearly independent set in R™. Show that {v;,v; + v»} is
also linearly independent.
University of Maryland, Baltimore County, USA

(part question)
Which of the following form a basis for R3? Why?
1 2 1 4 6
@ll2], | =1 itz (5], |9
3 5 3 6 12
1 4 7 10
@©l21, 5], (8], [11
3 6 9 12
University of Maryland, Baltimore County, USA
(part question)

Consider the three vectorsu = (1, 3, 1),v= (4, 2, —1) and w = (-3, 1, 2).

(a) Either prove that the u is in the span of the vectors v and w, or prove that it is not.

(b) Are the three vectors u, v and w linearly dependent, or linearly independent?

Clark University, USA

1 —1 2 8
Letuy=|0 |, up = 4|, uz = 1 |andx=| —4
1 1 -2 -3

(a) Determine if the set {u;, u, us} is orthogonal.

(b) Ts {u;,up, us} a basis for R*? If yes, express x as a linear combination of uj, uy

and us.
Washington State University, USA
2 6 2
Letu=|0|, v=| 2 |andx= | 4 [.Find the following:
3 —4 0
(a) u-u

(b) lul
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(¢) A unit vector in the direction of u.
(d) u-v
(e) Areu and v orthogonal? Explain.

(f) The distance between v and x.
Washington State University, USA

(a) Define the scalar product of x = (x1, ..., x,) andy = (y1, ..., yn) in R™.
(b) Define the norm of x = (x1, ..., x,) in R™.

(c) In R", describe what is meant by the angle 6 between the two vectors u and v.
Use this to find the angle between the vectors u, ve R® given by

ll:(—l, 1) 1) _1) O)) VZ(O, 2) 1) 0) 2)

University of Sussex, UK
(part question)

(a) Define the standard inner product and the Euclidean norm on the three-
dimensional Euclidean vector space R3, i.e. (x, y) and ||x| forx,y € R>.

(b) Define an orthonormal set of vectors.

(c) InR3letu = (1, 1, 1).Byfinding the condition for the general vector (x, y, z)
to be orthogonal to u, find a vector v that is orthogonal to u. Then, by finding the
condition for the general vector (x, y, z) to be orthogonal to v, find a vector w
that is orthogonal to both u and v. Hence construct an orthonormal set of vectors
that contains a scalar multiple of (1, 1, 1).

Queen Mary, University of London, UK

(@) Let u=(2, 2, -1, 3), v=(1, 3, 2, —=2), w=(3, 1, 3, 1) be vectors
in R* Compute the following dot products u-v, (u—v)-(u—w) and
(2u — 3v) - (u+ 4w).

(b) Verify the Cauchy-Schwarz inequality foru = (1, 1, 1) and v = (—1, 1, 2).

Jacobs University, Germany
(part question)

Let vi,v2,v3 € R? be an orthogonal set of non-zero vectors. Prove that they are
linearly independent.

University of Southampton, UK

(part question)

Let {u;,uy,...,u,} be a basis for R”, and let A be an invertible n x n matrix. Prove
that {Auy, Auy, ..., Au,} is a basis for R”.
[llinois State University, USA

Sample Questions

Let u and v be vectors in R”. Prove that

uv=0 <& Jutv|=fu—v|
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Prove that if for all non-zero vectors uin R” we haveu - v=u-wthenv=w.

a c . .
Letu = ( b) andv = < d) be vectors in R?. Prove that vectors u and v are linearly
independent < ad — bc # 0.

Prove that a set of m vectors where m < n cannot span R”.

Prove that any # vectors which span R” form a basis for R”.



Chao Yang

is a Staff Scientist in the Scientific Computing
Group at the Lawrence Berkeley National
Laboratory (LBNL) in California.
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I have been working on numerical linear algebra since graduate school (Rice University).
My expertise is in solving large-scale eigenvalue problems. At LBNL, I work on a number
of interesting science projects. All of them require using linear algebra to obtain
desirable solutions.

How do you use linear algebra in your job?

I use linear algebra to solve quantum mechanics problems. One of the fundamental
problems in chemistry and material science is to understand the electronic structure of
atoms, molecules and solids. This problem can be solved by computing the solutions to
Schrodinger’s equation, which is an eigenvalue problem. There are various ways to
obtain approximations to the solution. All of them ultimately result in solving a large
sparse matrix eigenvalue problem.

How important is linear algebra?

Linear algebra is indispensable in my research. Every problem eventually boils down to a
linear algebra problem.

What are the challenges connected with the subject?

The main challenge is the size of the problem, which nowadays can be in the order of
millions or even billions. However, these large problems often have structures (e.g.
sparsity). Therefore, to solve these problems, one has to take advantage of the structure.

What are the key issues in your area of linear algebra research?

Convergence of iterative solvers for linear equations, least squares problems and
eigenvalue problems, methods that can take advantage of the sparsity or other structures
of matrices.



SECTION 3.1 © Introduction to General Vector Spaces

By the end of this section you will be able to
understand what is meant by a vector space
give examples of vector spaces

prove properties of vector spaces

In the last chapter we used vectors to represent a quantity with ‘magnitude and direction’.
In fact, this ‘magnitude—-direction’ definition relates to a specific application of vectors,
which is used in the fields of science and engineering. However, vectors have a much
broader range of applications, and they are more generally defined as ‘elements of a
vector space’. In this chapter we describe what is meant by a vector space and how it is
mathematically defined.

We discuss the vector spaces that accommodate matrices, functions and polynomials.
You may find this chapter more abstract than the previous chapters, because for Euclidean
spaces R? and R?® we were able to visualize and even plot the vectors. It is clearly impossible
to draw a vector in four dimensions, but that doesn’t make the mathematics carried out in
that vector space any less valid.

First, we define what is meant by a general vector space in terms of a set of axioms.

What does the term axiom mean?
An axiom is a statement which is self-evidently true and doesn't have a proof.

We define vector space with 10 axioms, based on the two fundamental operations of linear
algebra - vector addition and scalar multiplication.

3.1.1 Vector space

Let V be a non-empty set of elements called vectors. We define two operations on the set
V- vector addition and scalar multiplication. Scalars are real numbers.

Let u, v and w be vectors in the set V. The set V is called a vector space if it satisfies the
following 10 axioms.

The vector addition u + v is also in the vector space V. Generally in mathematics
we say that we have closure under vector addition if this property holds.

Commutative law: u + v =v + u.
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Associative law: (u +v) + w=u+ (v+w).

Neutral element. There is a vector called the zero vector in V denoted by O which
satisfies

u+ O = uforevery vectoruin V

Additive inverse. For every vector u there is a vector —u (minus u) which satisfies
the following:

u+(—u) =0

Let k be a real scalar then ku is also in V. We say that we have closure under scalar
multiplication if this axiom is satisfied.

Associative law for scalar multiplication. Let k and ¢ be real scalars then
k(cu) = (kc)u
Distributive law for vectors. Let k be a real scalar then
k(u+v)=ka+kv
Distributive law for scalars. Let k and ¢ be real scalars then
(k+cu=ku+cu
Identity element. For every vector uin V we have
lu=u
We say that if the elements of the set V satisfy the above 10 axioms then V is called a
vector space and the elements are known as vectors. This might seem like a long list to

digest, so don’t worry if it seems a little intimidating at this point. We will use these axioms
frequently in the next few sections, and you will soon become familiar with them.

3.1.2 Examples of vector spaces
& can you think of any examples of vector spaces?

The Euclidean spaces of the last chapter - V = R%,R3, ..., R" - are all examples of vector spaces.

D Are there any other examples of a vector space?
The set of matrices My, that are all matrices of size 2 by 2 where matrix addition and scalar
multiplication is defined as in chapter 1 form their own vector space.

_fab _(ef i L
Letu_<c d)’v_<g h) andw—<k l)bematr1ces1nM22.

O What is the zero vector in My»?

The zero vector is the zero matrix of size 2 by 2 which is given by ( g g ) =0.
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The rules of matrix algebra established in chapter 1 ensure that all 10 axioms are satisfied,
defining My, as an example of a vector space. You are asked to check this in Exercises 3.1.
We can show that the set M3, which is the set of matrices of size 2 by 3, also forms a
vector space. You are asked to do this in Exercises 3.1.
There also exists vector space which is neither Euclidean space nor formed by a set of
matrices. For example, the set of polynomials denoted P(¢) whose elements take the form:

p(t) =co+crt+ et + -+ cut”

where cg, ¢1, ¢2, ... and ¢, are real numbers called the coeflicients, form a vector space.
The following are examples of polynomials

p) =t —1,qt) =1+2t + 72 + 128> — 3t* and r(t) = 7

The degree of a polynomial is the highest index (power) which has a non-zero coefficient,
that is the maximum # for which ¢, # 0.

What is the degree of p(t), q(t) and r(t)?

pt) = 2 —1is of degree 2, q(t) =1+ 2t + 7t2 + 1263 — 3t is of degree 4 and r(t) =7 is of
degree 0. Note that the last polynomial r(f) = 7 = 7t° is of degree 0 because 0 is the highest
index with a non-zero coefficient (cp).

How do we define the zero polynomial?
The zero polynomial, denoted by O, is given by

O0=0+0t+ 02 +--- + 0"

All the coefficient ¢’s are zero. We say that the zero polynomial has no degree.

Let P(t) be the set of polynomials of degree less than or equal to n where # is a positive
or zero integer. The zero polynomial O is also in the set P(¢).

We define the two operations of vector addition and scalar multiplication as:

Vector addition p(¢) + q(¢) is the normal addition of polynomials.

Scalar multiplication kp(t) is the normal multiplication of a constant, k, with the
polynomial, p(#).

In the next example we show that P(t) is also a vector space.

(ERRRPIE ST ————————

Show that P(t), the set of polynomials of degree n or less, is indeed a vector space.

Solution
We need to check all 10 axioms with the elements or vectors (polynomials) of this space which have the
general polynomial form:

p(t) = co+ a1t + cat? + - + cut”, q(t) = do + dit + dat? + - - - + dyt" and
r(f) = eg + e1t + ext> + - - - + ent"

(continued...)
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1. Adding two vectors (two polynomials):

p(t) +q(t) = co + 1t + o> + - 4 cpt" +do + dit + dot® + - + dpt”

=p(t) =q(t)

= (co +do) + (c1 +d)t+ (2 + d)* + -+ + (cn + d)t"

Hence p(t) + q(t) is in P(t) which means that we have closure under addition.

2. Commutative law:
We are required to show that p(t) + q(t) = q(t) + p(?):

p(t) +qt) = co +crt + ot + - et +do + dit + dot? + - 4 dpt"

=dy+ dit + dot® + -+ dut" +co + c1t + 2> 4+ - + cpt”

=q(t) =p(t)
=q(t) + p(t)

3. Associative law:
We need to show that [p(#) + q(#)] + r(t) = p(t) + [q(#) + r(#)]. Substituting the above
polynomials into this yields:

[p(t) +q®)] + () = | co + c1t + c2t® + - + cut +do + dit + dot? + - - + dyt"

=p(t) =q(t)

+eg+ert+ ext? + -+ eyt"

=r(t)
=co+ct+at? + -+ cat" +do +dit + dot? + - -+ dyt”
+eoFert4eat? + - +eyt"

=co+ct+ ot + -+ ct"

=p(#)

+ | do+dit + o + -+ dpt" +eg + 1t + ert> + - - - + ept"

=q(t) =x()

=p() + [q(t) + r(1)]

4. What is the zero vector in this case?
The zero polynomial O is the real number 0 and is in the set P(¢). Clearly

p(t)+o=CO+Clt+C2t2+-~~+cnt”+0=p(t)

=p(t)
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5. Additive inverse. For the polynomial p(t) we have the inverse as —p(t) and

p(t) — p(t) = co + c1t + 2t + -+ - + cnt" — (co + c1t + cat? + -+ + cut")
=ctettett+ - tont" —cop—at—ct? —- o —cut”
=(co —co) + (c1 — c1)t+ (2 — ) + -+ (cn — cp)t"
=0+040+---40=0=0

6. Let k be a real scalar then
kp(t) = k(co + c1t + cat® + - - - + cut™)
= keo + keit + kept? + - - - + kept"

Hence kp(t) is also in the space P(t) because it is a polynomial of degree less than or equal to n.

7. Associative law for scalar multiplication. Let k1 and k3 be real scalars:

ki (kap() = ki(kalco + c1t + et + - + cut"])
= ki(kaco + kacrt + kacat? + - - - + kacut™)
= kikyco + kikacrt + kikacat? + - - - + kikacnt”
= kiky (co + c1t + 22 + - - - + cut™) [factorizing]

=p(®)
= (k1k2)p(?)

8. Distributive law. Let k be a real scalar, then we have:

KIp(t) + q()] = k | co + c1t + cat? + -+ + eyt + do + dit + dat® + - - - + dyt”

=p(t) =q(t)
= keg + keit + keat® + - - - + ket + kdo + kdit + kdat? + - - - + kdyt”

= k(o+at+at+ - +cnt")+k(do+dit+dot* + -+ dyt")
Factorising

=p(t) =q(t)
= kp(t) + kq(t)

9. Distributive law for scalars. Let k; and k; be real scalars:

(k1 + k)p(t) = (k1 + k2)(co + c1t + ot + -+ + cut")
= ki(co +crt + -+ eat”) + kalco + cat + -+ + eut”)
= k1p(t) + kop(£)

10. The identity element is the real number 1. We have

1p(t) = 1(co + c1t + cat? + - - - + cut™)
=(1xc)+ (Ixcrt)+(1xcat?)+ -+ (1 x cat")
=co+cit+ct? +-- -+ ct” =p(t)

All 10 axioms are satisfied, therefore the set P(t) of polynomials of degree # or less is a vector
space.
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(ERAPIES 2 ———

Let P(t) be the set of polynomials of degree equal to n where # is a positive integer. Show that this set
P(t) is not a vector space.

Remark Note the difference between Example 3.1 and this example. Here the polynomial is of degree n
exactly. In Example 3.1 the degree of the polynomial was less than or equal to 7.

Solution
If we check the first axiom, that is if we add any two vectors in the set P(¢), then their addition should also

be in the set. Let
p(t) = 4+ 5t" and q(t) = 3 — 5t

We have p(t) + q(#) = 4 + 5¢" + 3 — 5¢ = 7. This result is not inside the set P(¢).
Why not?
Because P(t) is the set of polynomials of degree n, but p(t) + q(t) = 7 is of degree 0, which means that it

cannot be a member of this set P(¢).
Hence P(¢) is not a vector space because axiom 1 fails, that is we do not have closure under vector

addition.

(BRampIe 313 ——————————

Let V be the set of integers Z. Let vector addition be defined as the normal addition of integers, and
scalar multiplication by the usual multiplication of integers by a real scalar, which is any real number.

Show that this set is not a vector space with respect to this definition of vector addition and scalar
multiplication.

Solution
The set of integers Z is not a vector space because when we multiply an integer by a real scalar, which is
any real number, then the result may not be an integer.
1 2
For example, if we consider the integer 2 and multiply this by the scalar 1/3 then the resultis = (2) = 5
which is not an integer. Our result after scalar multiplication is not in the set of integers Z. Hence the set

of integers fails axiom 6.
We do not have closure under scalar multiplication, therefore the set of integers Z is not a vector space

with respect to vector addition and scalar multiplication as defined above.

In general if a set forms a vector space with the scalars being real numbers then we say we
have a vector space over the real numbers.

Another example of vector space is that which contains real-valued functions. You
should be familiar with functions.

Examples of functions are f(x) = x, f(x) = x*> + 1, f(x) = sin(x) and f(x) = ¢*.

Let a and b be real numbers where a < b, then the notation [a, b] is called the interval
and is graphically displayed as shown in Fig. 3.1.

We use square brackets to indicate that [a, b] is inclusive of the end points a and b.
(la, b[ contains every value between the end points, but does not contain the end points a
and b.)



@ f f p—————— Figure 3.1

-10 L

Figure 3.2

The functions in Fig. 3.2 are defined for the interval [—2, 2].

Let F[a, b] be the set of all functions defined in the interval [a, b]. Let fand g be functions
in Fla, b]. Normally fand g (being vectors) would be in bold but since we are used to seeing
functions without bold symbols we will sometimes write these as f and g respectively. We
define:

Vector addition. The sum f + g is also in F[a, b] and
(f +8)(x) =f(x) +g(x)

Scalar multiplication. Let k be a real scalar then for all x in [a, b]

(kf)(x) = kf (x)

The zero vector in F[a, b] is the zero function 0(x) which is equal to zero for all x in the
interval [a, b], that is

0(x) =0 for all x € [a, b]

For any function f there is a function —f (minus f) for all x in the interval [a, b] which
satisfies

(=N = —f(x)

You are asked to prove that F[a, b] is a vector space with respect to these definitions in
Exercises 3.1.

Next we go on to prove some basic properties of general vector spaces, using the 10
axioms given in subsection 3.1.1.

197
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3.1.3 Basic properties of general vector spaces

Proposition (3.1). Let V be a vector space and k be a real scalar. Then we have:

For any real scalar k we have kO = O where O is the zero vector.
For the real number 0 and any vector u in V we have Ou = O.
For the real number —1 and any vector u in V we have (—1)u = —u.

If ku = O, where k is a real scalarand uin V, thenk = 0 oru = O.

We use the above 10 axioms given in subsection 3.1.1, to prove these properties.

(a) Proof.
Need to prove kO = O. By applying the above axiom 4, u + O = u, we have

kO = k(0 + 0)
= kO + kO [applying axiom 8 which is k(u 4 v) = ku + kv]

Adding —kO to both sides of this, kO = kO + kO, gives

kO + (—=kO) = kO + kO + (—kO) [By axiom 5 u+ (—u) = O]
—_— —_—
=0 =0
0 =kO

Hence we have our required result, kO = O.
(b) Proof.
Required to prove Ou = O. For real numbers 0 = 0 4 0 we have

Ou = (04 O0)u
= Ou + Ou [by axiom 9 (k + c)u = ku + cu]

Adding —0u to both sides of this, Ou = Ou + Ou, gives

Ou + (—0u) = Ou + Ou + (—0u)
— —
=0 =0

O =0u

We have result (b), that is Ou = O.
(c) Proof.
Required to prove (—1)u = —u. Adding u to (—1)u gives

u+ (—lu=1lu+(—1u
=(1-Du=0u = O
by part (b)



By axiom 5 we have u + (—u) = O. Equating this with the above, u + (—1)u = O, we
have

u+(—l)u=u+(—u)
Adding —u to both sides of this gives:

—u+u+(—lu=—u+ u+t(—u)
——— ———
=0 =0
O+ (-Du=0+(-u)

(—u=—u

Hence we have our result, (—1)u = —u.

(d) Proof.
Need to prove that ku = O impliesk = 0 oru = O.
If k # 0 (non-zero) then

ku=0

1 1 1
%(ku) = %O |:mu1tiplying both sides by %]
——

=0
1 .
(Ek> u= O gives lu =0
Since lu = u, therefore u = O which is our required result.

If k = 0 then clearly the result holds because Ou = O by part (b).
]

Proposition (3.2). Let V be a vector space. The zero vector O (neutral element) of V is
unique.

D What does this proposition mean?
There is only one zero vector in the vector space V. Remember, by axiom 4 there is a vector called
the zero vector denoted by O which satisfies

u+ O = ufor every vector u

Proof.
Suppose there is another vector, say w, which also satisfies

ut+w=u

€ What do we need to prove?
Required to prove that w = O. Equating these two, u + O = uand u + w = u, gives

u+O0O=u+w

199
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Adding —u to both sides of this yields:

—u+(u+0)=—-u+(utw)
(—ru+uw)+O0O=(—u+u) +w
—_——— ——
=0 =0
0+0=0+wgivesO=w

Hence w = O, which means that the zero vector is unique.
[ ]

Proposition (3.3). Let V be a vector space and k be a real scalar. The vector —u which
satisfies axiom 5 is unique:

ut+(—u)=0

Proof.
Suppose the vector w also satisfies this;

ut+tw=0

Q What do we need to prove?
Required to prove that w = —u. Equating these two, u + (—u) = O and u + w = O, gives

u+(—u)=u+w
Adding —u to both sides yields:

—u+ (et (—w) = —u+ (utw)
(—ru+w+(—u)=(-u+u)+w
—— —
=0 =0
O+(—u)=0+w = —-u=w

Hence the vector —u is unique.

p
(T Summary

A vector space is formed by a non-empty set within which the operation of vector addition and
scalar multiplication satisfies the above 10 axioms.

Examples of vector spaces include the sets of matrices, polynomials and functions.

Some properties of vector spaces are:

(a) k0=0
(b) ou=0
(€) (-Du=—u

(d) Ifku =Othenk=00ru=0
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The zero vector O and the vector —u have the following properties
u+(—u)=0andu+O0O=u

and are unique.

* EXERCISES 3.1

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
Throughout this exercise assume the usual operations of vector addition and scalar multipli-
cation as defined in early chapters or in section 3.1.

Show that R? is a vector space.

Show that R is a vector space.

Show that the set M3, of 2 by 2 matrices is a vector space.

Show that the set M33 of 2 by 3 matrices is a vector space.

Show that the set F[a, b] which is the set of all functions defined on the interval [a, b]
is a vector space.

Show that the following set of matrices does not form a vector space:
10
0a

0
Show that matrices < g b ) form a vector space.

Show that the set of 2 by 2 non-invertible matrices do not form a vector space.

Let P, be the set of polynomials of degree 2 or less and
p(x) = ax* + bx + cand q(x) = dx* +ex + f
be members of P,.

Show that the set P, is a vector space with respect to the usual vector addition and
scalar multiplication.

Consider the set R? with the normal vector addition, but scalar multiplication

defined by
a 0
()= ()

Show that the set R? with this scalar multiplication definition is not a vector space.
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a
b

vector addition and scalar multiplication, the given set is not a vector space.

Let V be the set < > in R? where a > 0 and b > 0. Show that with respect to normal

Let V be the set of rationals (fractions) Q. Let vector addition be defined as the normal
addition of rationals and scalar multiplication by the usual multiplication of rationals
by a scalar, which is any real number.

Show that this set is not a vector space with respect to this definition of vector
addition and scalar multiplication.

Let V be the set of real numbers R. Show that this set is a vector space with respect to
the usual definition of vector addition and scalar multiplication.

Let V be the set of positive real numbers RT. Show that this set is not a vector space
with respect to the usual definition of vector addition and scalar multiplication.

Prove that if the vector u is in the vector space V then the vector —u is also in V.

Let V be a vector space and u be a vector in V. Prove that
(=ku = —(ku) = k(—u)

Let V be a vector space and u and w be vectors in V. Let k # 0 be a scalar. Prove that if
ku = kwthenu = w.

Let V be a vector space with a non-zero vector u (% O) and scalars k; and k;. Prove
that if kju = kyu then k; = k».

Let u and w be vectors in a vector space V. Prove that
—(u+w)=—-u—w
Let u be a vector in a vector space V. Prove that

utut+u+---+u=nu

n copies

SECTION 3.2 © Subspace of a Vector Space

By the end of this section you will be able to
prove some properties of subspaces

understand what is meant by a linear combination and spanning set

In section 3.1 we discussed the whole vector space V. In this section we show that parts
of the whole vector space also form a vector space in their own right. We will show that a
non-empty set within V, which is closed under the basic operations of vector addition and
scalar multiplication, is also a legitimate vector space.



203
3.2.1 Examples of vector subspaces

Let V be a vector space and S be a non-empty subset of V. If the set S satisfies all 10 axioms
of a vector space with respect to the same vector addition and scalar multiplication as V
then S is also a vector space. We say S is a subspace of V.

Definition (3.4). A non-empty subset S of a vector space V is called a subspace of V if it is
also a vector space with respect to the same vector addition and scalar multiplication as V.

We illustrate this in Fig. 3.3.

Figure 3.3

Note the difference between subspace and subset. A subset is merely a specific set of
elements chosen from V. A subset must also satisfy the 10 axioms of vector space to be
called a subspace.

Let V be the set R? and vector addition and scalar multiplication be defined as normal. Let the set S be
the single element O which in this case is the origin. Show that S is a subspace of V.

Solution
We know from the last section that R is a vector space and also that it contains the origin O. This means
that the given set S containing the single element O is a non-empty subset of V.

Vector addition and scalar multiplication in this set is defined as

O + O = O and kO = O, where k is a scalar.

By checking all 10 axioms of the last section, we can show that the set S is also a vector space. You are
asked to do this in Exercises 3.2.

Hence by definition (3.4) we conclude that S is a subspace of V = R2.

We can represent this graphically in Fig. 3.4.

The set S with the single 10
element O is a subspace of R2.

-10 -5 (o} 5 10
_5%

V=R? I
-10

Figure 3.4
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A set with a single element is called a singleton set.

More generally, we will use the following proposition to check if a given subset qualifies
as a subspace.

(You will need to look again at the 10 axioms to understand the proof below.)

Proposition (3.5). Let S be a non-empty subset of a vector space V. Then S is subspace
of V &

If u and v are vectors in the set S then the vector addition u + vis also in S.

If uis a vector in S then for every scalar k we have, ku is also in S.

Note that this proposition means that we must have closure under both vector addition
and scalar multiplication. This means that S is a subspace of V' < both the following are
satisfied, as shown in Fig. 3.5.

\Y

Vector addition Scalar multiplication

Figure 3.5

&R How do we prove this proposition?
(=). We first assume that S is a subspace of the vector space V, and from this we deduce
conditions (a) and (b) [show that we have closure under vector addition and scalar multiplication].

(«<). Then we assume conditions (a) and (b) are satisfied, and from this we deduce that the
set S is a subspace of the vector space V.

Proof.
Let u and v be vectors in the set S.

(=). Let S be a subspace of the vector space V. By the above definition (3.4) we have
closure under vector addition and scalar multiplication because the set S is itself a vector
space. [Remember, axioms 1 and 6 state that we have closure under vector addition and
scalar multiplication]. Hence conditions (a) and (b) hold.

(«). Assume conditions (a) and (b) are satisfied, that is we have closure under vector
addition and scalar multiplication.

Required to prove that all 10 axioms of the last section are satisfied.

We have closure, therefore axioms 1 and 6 are satisfied. Axioms 2, 3, 7, 8, 9 and 10 are
satisfied because these axioms are true for all vectors in the vector space V and vectors u
and v are vectors in the vector space V.

For the set S we need to prove axioms 4 and 5 which are:

There is a zero vector O in V which satisfies

u+O0O=u for every vector uin V
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For every vector u there is a vector —u which satisfies the following:
u+(—u)=0

We have to show (Fig. 3.6) that the zero vector, O, and —u are also in S for any uin S.

o S Figure 3.6

We are assuming closure under scalar multiplication (part (b)), which means that if u is
in S then ku is also in S for any real scalar k. Substituting k = 0 gives

Ou=0Oisalsoin§
Substituting k = —1 gives
(=1)u= —uisalsoin §

Hence the zero vector, O, and —u are in the set S.
Now that we have shown all 10 axioms of a vector space are satisfied, we can conclude
that S is a vector space, therefore it is a subspace of V.

Q What does Proposition (3.5) mean?
Proposition (3.5) makes life a lot easier because we only need to check closure under vector addi-
tion and scalar multiplication to show that a given set is a subspace. No need to check all 10
axioms.

In everyday English, closure refers to the act of closing or sealing, such as the lid for a
container. It has the same meaning here: u 4+ v and ku are closed inside the subspace as
shown in Fig. 3.7.

Subspace
Figure 3.7

If vectors u and v are in subspace S then u + v and ku cannot escape from S.

Let V be the set R? and vector addition and scalar multiplication be defined as normal. Let S be the set

of vectors of the form (,(V) ) Show that S is a subspace of V.

(continued...)
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Solution
We only need to check conditions (a) and (b) of Proposition (3.5). These are the closure conditions under
vector addition and scalar multiplication. We need to show:

(a) If uand v are vectors in the set S then the vector addition u + v is also in S.

(b) If wis avectorin S and k is any real scalar then ku is also in S.

Letu = (2) andv = (2) be vectors in S. Then
utv— 0 n 0\ 0 closure under
“\a b) \a+b vector addition
which is in the set S and

0 0 closure under
ku=k = R
a ka scalar multiplication
which is in S as well.

Conditions (a) and (b) are satisfied, therefore the given set S is a subspace of the vector space R2.
Note that the set S is the y axis in the xy plane as shown in Fig. 3.8.

0
y ThesetSof[ ]isa
y

/ subspace of R’

——ee 2 X

Figure 3.8

Let S be the subset of vectors of the form (;) where x > 0 in the vector space R2. Show that S is not a
subspace of R?.
Solution

How do we show that S is not a subspace of R??
If we can show that we do not have closure under vector addition or scalar multiplication of vectors in S,

. . 1
then we can conclude that S is not a subspace. Consider the scalar k = —1 and the vector u = <2>;

then clearly u is in the set S, but the scalar multiplication

w-c(3)-(2)

isnotin S.



Why not?

=l
Because the first entry in the vector ( 2) is —1 which is less than 0 and the set S only contains vectors

of the form (;) where the first entry x > 0 (greater than or equal to zero).

Hence S is not a subspace of R? (Fig. 3.9).

This shaded region S

is not a subspace of
R2, ’ T

-10

Figure 3.9

Clearly Sis a subset but not a subspace of R2.

Note that by Example 3.5 the vertical axis x = 0 is a subspace of R? but the whole region
to the right of x > 0 is not.

Let My, be the set of 2 by 2 matrices. From the last section we know that this set is a vector space. Let S

1
be a subset of M3;, containing matrices of the form < c Z )

Show that S is not a subspace of V.
Solution
We need to show that one of closure conditions (a) or (b) of Proposition (3.5) fails.

Letu = L andv = Lo be vectors in the subset S. Then
c d 00

wdvo (VO (L O (1L b0 _(2b
“\cd 00/) \c+0d+0/) \cd
Hence u + v is not a member of the set S because the elements in S are of the form

1 2
( c Z ) butu+v= ( c Z ) The first entry in the matrix u 4 v needs to be 1, not 2, to qualify as an

element of the subset S. Therefore S is not a subspace of the vector space M>;.

207
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3.2.2 Revision of linear combination

Linear combination combines the two fundamental operations of linear algebra — vector

addition and scalar multiplication.
In the last chapter we introduced linear combination in R”. For example, we had

u=ke +kye,+---+kue, (K’s are scalars)

which is a linear combination of the standard unit vectors e, e;, ... and e,,.
Similarly for general vector spaces we define linear combination as:

Definition (3.6). Let vy, v,... and v, be vectors in a vector space. If a vector x can be
expressed as

x = kyvi +kovy + k3vs + - - - + k,v,, (Where ks are scalars)

then we say x is a linear combination of the vectors vi, va, v3, ... and v,.

Let P, be the set of all polynomials of degree less than or equal to 2.
Letv; = t2 — 1, v = t2 + 3t — 5and v3 = t be vectors in P,.
Show that the quadratic polynomial

x =7t —15
is a linear combination of {vy, v;, v3}.
Solution

How do we show x is a linear combination of vectors vi, v2 andvs ?
We need to find the values of the scalars k1, kz and k3 which satisfy

kivi + kaova + ksva=x (%)

How can we determine these scalars?
By substituting vy = t> — 1, v = t> + 3t — 5, v3 = tand x = 7t> — 15 into (*):

kivi + kovy + k3vs = kl(tz —-1)+ kz(t2 + 3t — 5) + kst

= kit® — ky + kat® + 3kot — 5ky + kst [expanding]
= (ky + k2)t2 + (3ky + k3)t — (ky + 5kz) [factorizing]
=7t — 15 [remember x = 7t> — 15]

By equating coefficients of the last two lines
(k1 + ko)t + (3ka + k3)t — (k1 + 5kp) = 72 — 15
gives
ki+ky=7 [equating ]
3ky +k3 =0 [equating ¢]
ki + 5k; = 15 [equating constants]



Solving these equations gives the values of the scalars: k; = 5,k =2 and k3 = —6.
Substituting these into k1vy + kava + k3vs = x:

5vi +2vy — 6v3 =X
This means that adding 5 lots of v1, 2 lots of v, and —6 lots of v3 gives the vector x:
52— 1) +2(2 +3t—5) — 6t =7t — 15
You may like to check the algebra.

We conclude that x is a linear combination of {vi, v2, v3}.

The next proposition allows us to check that S is a subspace, by carrying out the test for
scalar multiplication and vector addition in a single calculation.

Proposition (3.7). A non-empty subset S containing vectors u and v is a subspace of a
vector space V < any linear combination ku + cvis also in S (k and ¢ are scalars).

How do we prove this proposition?
Since it is a ‘&’ statement we need to prove it both ways.

Proof.
(=). Let Sbe a subspace of V, then S is a vector space. If uand vare in S then ku + cv is also
in S because the vector space S is closed under scalar multiplication and vector addition.
(&). Assume ku + cvisin S.

Substituting k = ¢ = 1 into ku + cv we have u + v is also in S. Similarly for ¢ = 0 we
have ku 4+ cv = ku isin S.

Hence we have closure under vector addition and scalar multiplication. By Proposition
(3.5): S is subspace of V < S is closed under vector addition and scalar multiplication.

We conclude that S is a subspace.

Proposition (3.7) is another test for a subspace. Hence a subspace of a vector space V is
a non-empty subset S of V, such that for all vectors u and v in S and all scalars k and ¢ we
have ku + cvis also in S.

Let S be the subset of vectors of the form (x y 0)T in the vector space R>. Show that S is a subspace
of R3.

(continued...)
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Solution
How do we show that S is a subspace of R3?
We can use the above Proposition (3.7), which means we need to show that any linear combination
ku + cvis in S for any vectorsu and vin S.
letu=(@ b 0)Tandv=(c d 0)T beinS.Then for real scalars k; and k; we have

a C
kiu+kyv=ki | b | +ky| d
0 0
kia koc kia + kxc
=\|kib|+ | kd | =| kib+kyd
0 0 0

Hence kju + kyvis also in S.

By the above Proposition (3.7):

Sis subspace of V < any linear combination ku + cv is also in S.

We conclude that the given set S is a subspace of the vector space R>.

You might find it easier to use this test (3.7) rather than (3.5) because you only need to
recall that the linear combination is closed in S.

Note that the given set S in the above example describes the xy plane in three-
dimensional space R* as shown in Fig. 3.10:

z
Subspace of R?.
/ / X
y Figure 3.10
X X
Sometimes we write | y | as the set S = y z =10 ¢ where the vertical line in
0 z

the set means ‘such that. That is, S contains the set of vectors in R® such that the last entry
is zero.

3.2.3 Revision of spanning sets

Definition (3.8). Ifevery vector in V can be produced by a linear combination of vectors
Vi, V2, V3, ... and v, then these vectors span or generate the vector space V. We write
this as span{vi, v2, v3,...,Vu}.




. 1 0
For example, the standard unit vectors e; = ( 0) ande; = < 1) span R? because a
linear combination of these vectors e; and e, can produce any vector in R2.

1
For example, the vector u = ( ] ) spans the line y = x in R? as Fig. 3.11(a) shows.

3 Span{u}
Any vector on this line is ’
an element of span{u}. I ou= GJ

-3 \ -2 -1 1 2 3'
-1

Figure 3.11(a)

Proposition (3.9). Let S be a non-empty subset of a vector space V. The set span{S} is a
subspace of the vector space V.

Proof - Exercises 3.2.
]

For example, in the above Fig. 3.11(a) span {u} is a subspace of R2. This is illustrated in
Fig. 3.11(b).

Span{S} = Subspace @ y
Figure 3.11(b)
Example 3.10

Let P53 be the vector space containing the set of polynomials of degree 3 or less. Show that the set
{1, t, 2, 13} spans {P3}.

Solution
Let at® + bt? + ct + d be a general polynomial in the space P3. Then we need to show that there are

scalars ki, ka, k3 and k4 which satisfy the following:
kit® + kot? + kst + ks = at® + bt® +ct +d

Equating coefficients of £3, 2, t and constant gives k; = a, ko = b, k3 = cand kg = d respectively.
We have found scalars, ky = a, ko = b, k3 = cand k4 = d, therefore the linear combination of
{1, t, 2, t3} can generate any vector in P3 which means {1, t, 2, t3} spans P3.

211
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L

Let P, be the set of polynomials of degree 2 or less. Let the following vectors be in P;:
vi=—t—1, vy=6*+3t—3andvs =1 +5t+1
Determine whether the vector u = 3t% + 2¢ + 1 is spanned by {vi, v2, v3}.
Solution

How do we check that the vector u is spanned by {v1, va, v3}?
We need to see if scalars, k1, k2 and k3 exist which satisfy the following linear combination:

kivi + kova + kavz =u
Substituting vy = t2 — t — 1, v, = 61> + 3t — 3,v3 = t> + 5t + 1 and u = 3t2 + 2t + 1 into this:
kivi + kava + kavs = ki (£ — £ — 1) + ka(61% + 3t — 3) + k3 (£* + 5t + 1)
= (k; + 6ky + k3)t2 + (—ky + 3ky + 5k3)t + (—k1 — 3ky + k3) [rearranging]
=32 42641

Equating the coefficients of the last two lines gives:

ki + 6k, + k3 =3 (equating 12)
—k1 + 3ky + 5kz =2 (equating t)
—k1 —3ky + k3 =1 (equating constants)
What are we trying to find?

We need to find values of the scalars k;, k, and k3 which satisfy the above linear system. Writing the
above system as an augmented matrix gives:

Ry 1 613
Ra -1 3 5|2
R3 -1 -3 1|1
Executing row operations, Ry + Ry and R3 + Ry, gives:
R1 161]3
R; =R+R | 09 6|5
R; =R3+R \0 3 2| 4
Carrying out the row operation 3R} — R}:
ky ky k3
Ry 1613
R% 096]5

3R5—R; \0o0o0|7

From the bottom row we have 0k; + 0ky + 0k3 = 0 = 7, which means that the linear system is
inconsistent, therefore we have no solution. There are no scalars (k’s) which satisfy the above linear
system. Hence the vector u does not exist in the span{vi, v2, v3}. This means that we cannot make u out
of a linear combination of {vy, vz, v3}.

By Proposition (3.9) we have span{vi, v, v3} is a subspace of P, in the above example
but u = 32 + 2t + 1 is not in the span{vi, v2, v3}. We can illustrate this as shown in
Fig. 3.12.
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- Span{v,v,,v3}
Figure 3.12

Let F[—m, 7] be the vector space of continuous functions defined in the interval [—m, 7]. Let the
functions f = cos?(x) and g= sin®(x). Determine whether 2 is in spani{f, g}.

Solution
We need to find scalars k and ¢ such that

kf+cg= kcos?(x) + csin?(x) = 2

From trigonometry we have the fundamental identity cos?(x) + sin?(x) = 1. Multiplying this by 2
gives us our result 2 cos?(x) + 2 sin®(x) = 2.
Hence with k = ¢ = 2 we have kf + cg = 2, therefore 2 is in the span{f, g}.

Let My) be the vector space of 2 by 2 matrices. Consider the matrices

1 -1 0 2 01
a=(7 5 )e=(5 3)mc=(23)
1
—4

Determine whether the matrix D = ( _22 ) is within the span{A, B, C}.

Solution
We need to solve the linear combination

kiA + kB + k3C=D

for scalars k1, ky and k3:

1 -1 0 2 01

k1A+sz—i-k3C—k1(1 2)+kz(0 _1)+k3<5 2)

_ ki —k; 0 2k 0 ks

- ( ki 2k ) T ( 0 —k T 5ks 2k3

_ ky —k1 + 2k + k3 _ 1 2 X

- < ki +5ks 2k1 —ky+2ks )]\ —4 —2 gyl

Equating entries of the matrix gives

k=1, —ky +2ky +k3 =2, ky+5k3s=—4 and 2k; —ky +2k3 =2

We have k; = 1, but how do we find k, and k3?
Substituting k1 = 1 into the third equation k1 + 5k3 = —4 yields

1+ 5k3 = —4 givesk; = —1
(continued...)
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Substituting k1 = 1 and k3 = —1 into the last equation 2k; — kj + 2k3 = —2:

2(1) — k2 +2(-1) = -2
—ky = —2 which gives kp =2

Hence we have found scalars, k1 = 1, ko = 2 and k3 = —1, which satisfy
kiA+kB+ksC=A+2B—C=D

Therefore D belongs to span{A, B, C} because D can be made by a linear combination of A, B and C.

s N
[T Summary
Proposition (3.5). The set S is a subspace of a vector space <:
(a) Sis closed under vector addition.
(b) Sis closed under scalar multiplication.
(3.6) If a vector x can be expressed as
x = kivy + kyvy + kavs + - - - + kv, (where k's are scalars)
then we say x is a linear combination of the vectors vi, vz, v3,... and vy.
(3.8) If every vector in V can be produced by a linear combination of vectors v, va, v3,... and v,
then we say these vectors span or generate the vector space V.
N J

m

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
Throughout this exercise assume your scalars to be real numbers.

Consider Example 3.4. Show that S is a vector space with respect to the usual vector
addition and scalar multiplication of R2.

Let S be the set of vectors <g> in the vector space R2. Show that S is a subspace
of R2.
Let S be the set of vectors <Z> in the vector space R2. Show that S is a subspace

of R2.

Let S be the set of vectors (0 0 ¢)T in the vector space R, Show that S is a subspace
of R3.



Let S be the set of vectors (1 b ¢ d )T in the vector space R*. Show that S is not a
subspace of R*.

Let S be the set of vectors (a b ¢ )T where a+ b+ c = 0 in the vector space R>.
Determine whether § is a subspace of R>.

P

aand b are integers} be a subset of R?. Show that S is not a subspace

of RZ,
a

Let S = b a, b and c are rational numbers } be a subset of R3. Show that S is
c

not a subspace of R>.

Let M>; be the set of matrices of size 2 by 2. Let S be the subset of matrices of the form

( (z cll ) Show that S is not a subspace of M;.

Let M>; be the set of matrices of size 2 by 2. Let

s={(%4)

Show that S is not a subspace of M»;.

a, b, ¢, d areall integers}

Let S be the set of symmetric matrices (these are matrices A such that AT = A, that is
A transposed is equal to A). Let V be the set of all matrices. Show that S is a subspace
of V.

Letvi =t —1, vy = t+ 1and v3 = 2¢2 + t — 1 be vectors in P, where P, is the set
of polynomials of degree 2 or less. Show that x = 7> + 8¢ + 1 is a linear combination
of vi, v, and v3.

Let py =t +2t — 1, p, = 2t + 1 and p3 = 5t> + 2t — 3 be vectors in P,. Show that
the following are linear combinations of these vectors p;, p2 and p3:

(a)x =42 —2t—3 b)x=—2t* -2 (c)x=6

Let V be the set of real valued continuous functions. Then V is a vector space. Let
vy = sin?(¢) and v, = cos?(¢). Show that the following are linear combinations of v;
and v,.

(A)x=1 b)x=m (c) x = cos(2t)

a 1 -1
Let S be a subspace of R3 givenby | b |. Letu= | 2 | andv= 5 |. Show that
0 0 0

the vectors u and v span S.

Let P be the set of polynomials of degree 2 or less. Let
p1=t"+3, py=2t"+5t+6and p; = 5¢

Determine whether the vector x = ¢ + 3 is in the span {p1, p2, p3}.
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Let M, be the set of 2 by 2 matrices. Consider the matrices

11 -1 2 26
A_<1 l>,B_< 57)andC—<80>

7 =3
—14 —-26
Let F[0, 27r] be the vector space of continuous functions. Let the functions f = cos(2x)

and g = sin(2x). Determine whether the following are in span {f, g}:
(@0 (b) sin(2x) (c) cos?(x) — sin®(x) (d1

Determine whether x + 1 and (x + 1)? span P;.

Determine whether the matrix D = ( ) belongs to span {A, B, C}.

Prove Proposition (3.9).

Let S be a subspace of a vector space V. Show that if T is a subset of S it may not be a
subspace of V.

Let S and T be subspaces of a vectors space V. Prove that
@sSNT (b)ysuT

are subspaces of V.

[SN T is the intersection of S and T and is the set of elements which lie in both S
and T. This meansifu € SN Tthenu € Sandu € T.

SU T is the union of S and T and is the set all the elementsin Sor T. |

SECTION 3.3 © Linear Independence and Basis

By the end of this section you will be able to
test vectors for linear independence
prove properties about linear independence

determine whether given vectors are a basis for a vector space

We discussed the terms linear independence and basis during chapter 2, using examples in
Euclidean space R". In this section we expand these definitions to general vector spaces V.
From previous sections we know that the set of matrices, polynomials and functions
form a vector space which means that they behave the same way although they are different
objects.
A basis is a sort of coordinate system for vector space which we measure a vector against.

3.3.1 Linearindependence

We extend the definition of linear independence to a general vector space V.
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Definition (3.10). We say vectors vy, v, v3, ... and v, in V are linearly independent
& the only real scalars ki, ka, k3, ... and k, which satisfy:

kivi+kvy+ksvs+---+k,v, =0 are ki=ky=ks=---=k, =0

Q What does this mean?
The only solution to the linear combination kyvy + kvy + k3v3 + - - - + kv, = O requires all the

scalars ki1, ka, k3, ... and ky, to be equal to zero. In other words, you cannot make any one of the

vectors vj say, by a linear combination of the others.

Let M>) be the vector space of size 2 by 2 matrices. Consider the matrices:

10 02
A=(0 1)andB:(2 0)

Show that the matrices A and B are linearly independent.

Solution
How do we show that matrices A and B are linearly independent?
Required to show that kA + ¢B = O is true only when the scalars k = ¢ = 0.
Let k and ¢ be scalars, then by applying the above definition (3.10) to these matrices with the zero

matrix O = 00 we have
00

10 02
kA+cB—k<0 1>+c(2 0)
_k0+02c_k2c_00_0
“\0k 2 0) \2c k) \oo)
Equating entries gives k = 0 and 2¢ = 0. Since both (all) our scalars, k = 0 and ¢ = 0, are zero, then by
definition (3.10) we conclude that the given matrices A and B are linearly independent.

Linear independence means that we cannot make any one vector out of a combination
of the others.

What does this mean in relation to Example 3.14?
It means that matrix A is not a multiple of matrix B.

Let V be the vector space of continuous functions defined on the real line.
Let u = cos(x), v = sin(x) and w = 2 be vectors in V.
Show that the vectors u, v and w are linearly independent.

(continued...)
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Solution
By the above definition (3.10) we need to consider the linear combination

kiu + kv + k3w = kq cos (x) + k sin(x) + k3(2) = 0 *)

where ki, kj and k3 are scalars.
What do we need to prove?
We need to show that the given vectors u, v and w are linearly independent.
How?
Required to show that all the scalars are equal to zero, that is ky = ky = k3 = 0.
We need three equations, so we substitute three different values of x into (*). We choose values that
help to simplify the equations.
Substituting x = 0 (to eliminate the sine term) into (*) gives

k1 cos(0) + kp sin(0) + k3(2) = k1 + 2k3 =0 (1)
—— =
=1 =0

Next we substitute x = 7 into (*):

k1 cos() + kp sin(r) + k3(2) = —k; + 2kz =0 2)
~—— =
=—1 =0

Substituting x = 7/2 into equation (*):

ki cos(%) +ka sin(%) 4 k3(2) = ks + 2k3 = 0 (3)
=0 =1

We can write these three equations - (1), (2) and (3) - in an augmented matrix and solve:

ki ko k3 ki k2 k3
R1 1020 R1 102|0
Ry | -1 0 2|0 Ry + Ry 004|0
R3 012]|0 R3 012|0

By inspection we can see that k; = ky = k3 = 0.
Since the only solution is k1 = kz = k3 = 0, the given vectors u = cos(x), v = sin(x) and w = 2 are
linearly independent.

& Inthe above Example 3.15, how do we know which values of x to substitute?
Since the linear combination

kiu+ kpv + kaw = ky cos(x) + kp sin(x) + k3(2) =0

is valid for any real value of x, we can try any real number. Normally we choose x values which
simplify our arithmetic.



219

3.3.2 Linear dependence

Q What does linear dependence mean?

Definition (3.11). The vectors vi, v2, v3, ... and v, in a vector space V are linearly
dependent < the scalars k1, ka, k3, ... and k, are not all zero and satisfy

kivi+kvy+ksvs+---+kv, =0

Example 3.76

Let V be the vector space of continuous functions defined on the real line.
Letu = cos?(x), v = sin®(x) and w = 2 be vectors in V.
Show that the vectors u, v and w are linearly dependent.

Solution
From our knowledge of trigonometry, we have the fundamental trigonometric identity

cos? (x) + sin? x)=1
Multiplying each side by 2 gives

2 cos?(x) + 2 sin?(x) = 2
2ut+2v=w [because u = cos?(x), v = sin?(x) andw = 2]

2u + 2v = w implies that we can make vector w out of a linear combination of vectors u and v, (2 lots of
u plus 2 lots of v), therefore vectors u, v and w are linearly dependent.

Let P, be the vector space of polynomials of degree 2 or less. Decide whether the following vectors in P>

are linearly independent or dependent.

(@) p=6t2+8t+2andq=3t> 44t +1
(b) p=22+3t+2andq=1t>+t+1
() p=t>+3t—1,q=22+7t+5andr=7

Solution

(a) What do you notice about the first two given vectors, p = 6t> 4 8t 4 2 and q = 3t + 4t + 12
The vector p is double vector q, thatis p = 2qorp —2q = O.

What does this mean?
p and q are linearly dependent because we can make vector p by doubling q.

Notice that the non-zero scalars are T and —2 because p — 2q = (1)p + (—2)q = O.
(b) In this case the vector p = 2¢2 4 3t + 2 is not a multiple of q = > + ¢ + 1, which means that

they are linearly independent.
(continued...)
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(c) With three vectors it is much harder to spot any relationship between them, so we have to carry
out the general procedure for solving simultaneous equations.

Let k1, kz and k3 be scalars. We need to find values for ki, k; and k3, so that they satisfy
k1p+k2q+k3r=0 *)
Substituting our given vectors p = t2 4 3t — 1, q = 2t> + 7t + 5, r = 7and O = 0 into (*):

kip + kaq + kst = k(2 + 3t — 1) + ky (2% + 7t + 5) + k3(7)
= ki t? + 3kt — ki + 2kpt? + Tkyt + 5ky + 7k3

= (ki +2k) + Bk + 7ka)t + (—k1 + 5k + 7ks)
collecting like terms

=0

Equating the coefficients of the last two lines gives

2. ki +2k; =0
t: 3k; +7k; =0
const : —ky + 5k; +7k3 =0

The only solution to these equations is k1 = k2 = k3 = 0.
We conclude that the given vectors p, q and r are linearly independent.

3.3.3 Properties of linear dependence and independence

Some of the properties associated with the linear independence and dependence of vectors
in Euclidean space R" were proved during chapter 2 in subsection 2.3.4. We can extend
these results to the general vector space V. The proofs are very similar to the Euclidean
space proofs that you were asked to show in chapter 2.

Proposition (3.12). Two vectors u and v in a vector space V are linearly dependent < one
of the vectors is a multiple of the other.

Proof.
(=). Assume vectors u and v are linearly dependent.

& What do we need to prove?
We need to prove one vector is a multiple of the other. The vectors u and v are linearly dependent,
therefore by the above definition (3.11) there must be non-zero scalars k or ¢ such that

ka+cv=0

Suppose k # 0 then ku = —cv which impliesu = —iv. We haveu = —iv, therefore the vector
u is a multiple of the vector v.



(«<). Now we prove it the other way. Assume that the vector u is a multiple of vector v which
means that we can write this as

u=mv (m is a scalar)
Taking —mv from both sides, we have u—mv= 0. Since this linear combination

()u — mv = O gives the zero vector with non-zero scalars, then by definition (3.11) we conclude
that vectors u and v are linearly dependent.

]
Proposition (3.13). Let S = {vy, v2, V3, ..., V,} be a set of linearly dependent vectors
in a vector space V. Then the set of vectors T = {vi, V2, ..., Vy, Vuy1} are also linearly

dependentin V.

& What does this proposition mean?
It means that if a set of n vectors are linearly dependent then the same n vectors plus
another vector are also linearly dependent - the addition of more vectors does not change
dependence.

Proof.
Since we are given that the vectors S = {vy, V2, v3, ..., v, } are linearly dependent, we can
write these as

kivi +kovo +ksvs 4+ -+ kyv, =0 *)
where all the ks are not zero. Consider the linear combination

kivi + kovo + - -+ kyvy + kg 1V
——

extra vector

If we take the case where k;,,+; = 0 then we have

kivi +kovo + - + kuVy + knp 1V = O
———

=0 by (%) extra vector
By (*) all the scalars are not zero in the last equation, therefore by definition (3.11) we

conclude that the set of vectors T = {v1, V2, ..., Vy, Vu4+1} are linearly dependent.
]

Proposition (3.14). The vectors in the set S = {v}, V2, V3, ..., V,} are linearly dependent
& one of these vectors, say v, is a linear combination of the preceding vectors, that is

Vi = C1V1 + V2 + €3V3 + - - -+ Cp_1 Vi1
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D What does this proposition mean?
This means that if the vectors vy, v, v3, ... and v, are linearly dependent, then one of these
vectors can be written in terms of the other vectors. This proposition also goes the other way, that
is if one of the vectors can be written as a linear combination of the preceding vectors then these
vectors are linearly dependent.

Proof.
(=). Assume the vectors S = {vi, V2, V3, ..., V,} arelinearly dependent. We need to show
that we can write the vector v as a linear combination of vectors vy, v3, ..., Vik_1.

By the above definition (3.11):

Dependence: If ky, k», ..., k, are not all zero then kjvy + kyvy + -+ - + kv, = O

We can write the vectors in S as

avit+ova+cavy+ -+ cpv, =0

where all the scalars c’s are not zero. Let k be the largest subscript for which ¢ # 0 [not
zero] then

avi+ v+ v+ -+ g1V H v =0

Carrying out vector algebra

CkVk = —C1V1 — V2 — €3V3 — » - - — Ck—1Vk—1 [transposing]
C1 (% Cc3 Cle— o 1s
Vi = ——V] — —V) — —V3— e — ﬁvk_l [dividing by ¢ # 0]
Ck Ck Ck Ck
G

=dvi +dovy + d3vs + -+ + dg_ Vg1 where d; = T
k

As can be seen, the vector v can be written as a linear combination of the preceding
vectors.

(«=). Now we go the other way. Assume that we can write the vector vy as a linear
combination of the preceding vectors. This means that we have

Vi = C1V1 + 6V + €3V3 4+ -+ - 4 1 Vi—1 (c’s are scalars)
Rearranging this gives
avitavatavit -tV — v =0

Hence the vectors vy, vz, v3, ..., Vx_; and v are linearly dependent.

&> Why?

Because we can write the last line as
avit+aova+eavi+ -+ 1V + (v =0

There is at least one non-zero scalar, —1.
By the previous Proposition (3.13):
IfS={vy, ..., vq} are dependent then T = {vy, ..., vu, V441} are also dependent.



We conclude that the vectors vi, v2, ..., Vg, Vki1, ... and vy, (adding more vectors does not
change dependency) are linearly dependent. This completes our proof.

Note that the above proposition also implies that if none of the vectors in a set can be
written as a linear combination of the preceding vectors then the set is linearly independent.
Hence to prove linear independence it is enough to show that none of the vectors is a linear
combination of the preceding vectors.

Let P, be the vector space of polynomials of degree n or less.

Show that the set of vectors {1, t, 2, t3, ..., "} are linearly independent.
Solution
Note that none of polynomials can be written as a linear combination of the preceding polynomials. For
example, we cannot write the polynomial such as tk as a linear combination of {1, ¢, 2,8, ..., tk_l}

with scalars c's:
ol +cit+ et +ctd +--+ ck,ltk_1 == tk [not equal]

Since none of the polynomials is a linear combination of the preceding polynomials we conclude that
the given set {1, t, 2, £3, ..., t"}is linearly independent.

3.3.4 Basis vectors

This section extends the definition of basis vectors to the general vector space V.

During chapter 2 we covered basis in section 2.4.2, but only for the Euclidean space R".

In this section we discuss the nature of a basis in a general vector space V.

You can think of a basis as the axes of a coordinate system that describes a vector space.
This means that every vector in a vector space V can be written in terms of the coordinate
system which is represented by the basis vectors. You can decompose each vector into its
basis vectors.

Definition (3.15). Consider the n vectors vy, v,, v3, ... and v, in the vector space V.
These vectors form a basis of V <

V1, V2, V3, ... and v, span V
Vi, V2, V3, ... and v, are linearly independent
We can write these n vectors vi, vz, v3, ... and v, as a set
B={vi, v2, V3, ..., Vu}

These are generally called the basis vectors.
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Q What does the term {vy, va, V3, ..., V,} spans V' mean?

If every vector in V can be produced by a linear combination of vectors {vy, v2, v3, ..., V4}
then we say that these vectors span or generate the vector space V. This is generally proved by
considering an arbitrary vector in V and then showing that it is a linear combination of vectors

Vi, V2, V3, ... and v,.

Next we show how to prove that a set of given vectors form a basis for a general vector
space. The proofs are similar to the ones in the last chapter but we cannot visualize the
vectors because we are dealing with general vector spaces.

Let P, be the vector space of polynomials of degree n or less.
Show that the set of vectors S = {1, t, 2, ..., t"} is a basis for P;,.

Solution
How do we prove this result?
We need to show two things for S to qualify as a basis:

1. The set of vectors S must span Py,.

2. The set of vectors S must be linearly independent.
Span: Consider an arbitrary vector ¢y + c1t + et + c3t3 + ... + cut™ in P,,. This can be written as a
linear combination of {1, t, t2, £3, ..., "} as follows:

ko + kit + kot? + k3t® + - + knt" = co + c1t + 22 + 3 + -+ + cut”
where kj =¢jforj=1, 2, 3, ... and n. Hence the vectors {1, t, i i o i) span P,.

Linearly independent: We have already shown this in Example 3.18.

Both conditions (1 and 2) are satisfied, therefore the given vectors S = {1, t, 2,..., t"} form a basis
for P,,.

These basis vectors {1, t, 2, 3, ..., "} are generally known as the natural or standard
basis for P,. This is not the only basis for P,; there are an infinite number of them. For
example, you can multiply each element in this {1, ¢, 2, £, ..., "} by anon-zero number,
and the set would then be another basis for P,,.

We can write any vector in terms of these basis vectors. This is similar to writing vectors
in R? in terms of e; = (1  0)7 representing the x axis and e; = (0 DT representing the
y axis.

Let M»; be the vector space containing matrices of size 2 by 2. Show that the following matrices are not a

basis for M»;:
10 01
A_<Ol)andB_<10)




Solution

How do we show this result?

We need to show either that the matrices A and B do not span Ma; or that they are linearly dependent.
To show that matrices A and B do not span M3, we only need to select a matrix in Mz and prove that

a linear combination of A and B do not generate the selected matrix.

Consider the matrix C = ( ; i

10 01
k1A+sz:k1(0 1>+k2<1 0)
_ ki O i 0 k _ ki ks (12
- 0 k kr 0 ) \ky ki ) \ 3 4

By equating entries we have

). Let k; and k; be scalars then

‘klzl, k=2, k2:3andk1:4‘

This is inconsistent because we have two different values for k1, 1 and 4, which means that we cannot

12 10 01
obtain the matrix ( 3 4 ) Hence the given matrices A = ( 01 ) and B = ( 10 ) do not span

M3, because we cannot generate the matrix C, therefore these matrices cannot form a basis for M»;.
The scalar k; also has two different values; 2 and 3.
[Note that matrices A and B are linearly independent but that is not enough to be a basis.]

. ) : ab :
In fact, the given matrices only produce matrices of the form ( b ) which means that we cannot
a

obtain the matrix ( : Z ) wherea # dorb # c.

In the study of Fourier series, we discuss periodic (one which repeats itself) continuous

functions. For example, the following is a periodic continuous function:
2 2 2
y = — sin(x) + — sin(3x) + — sin(5x)
b4 3 5w
Figure 3.13 illustrates that this function repeats every 27 intervals.

y
14+

gsin()() + 3sin(3)() + isin(5)()
T 3n 5n

-1+

Figure 3.13
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As you can see, this periodic function y is made up of a linear combination of sin(x),
sin(3x) and sin(5x). Any function in the vector space of F[0, 2] of the form

y = ky sin(x) + k3 sin(3x) + k3 sin(5x)
has a basis {sin(x), sin(3x), sin(5x)}. Clearly these vectors span the space and you are
asked to show linear independence of these in Exercises 3.3.

We can represent any periodic continuous function as a linear combination of sines and
cosines. In general, a Fourier series will have the form

y = ko + kq cos(x) + kz cos(2x) + - - - + ¢ sin(x) + ¢z sin(2x) + - - -
where ks and ¢’s are scalars. A basis for this general function is
{1, cos(x), cos(2x), cos(3x), ..., sin(x), sin(2x), sin(3x), .. }

We need 1 in the basis because this will create the constant term kg in the above. Hence
we have an infinite number of basis vectors.

3.3.5 Uniqueness

Choosing a basis for a vector space is essentially choosing a coordinate system which allows
each vector to be expressed uniquely.

Proposition (3.16). Let the set B = {v}, v2,...,V,} be a basis for a vector space V. Every
vector in V can be expressed uniquely as a linear combination of the basis vectors.

D What does this proposition mean?
Any vector in V written as the linear combination of basis vector has unique scalars.

Proof.
Consider an arbitrary vector win V. Since B = {vy, V3, V3,...,V,} is a basis for the vector
space V, there exist scalars kj, kj, k3, ... and k, such that

kivi +kava + kavs + -+ kyvg =W ()
Suppose we can write this vector w as another linear combination
avitoavatavito+ovn=w (1)

where c’s are scalars.

& What do we need to prove?
Required to prove that the two sets of scalars are equal: k1 = ¢, ko = ¢2,... and ky, = ¢



Subtracting the two w vectors, (1) - (1), gives

kivi+kovy +ksvs+- -+ kv —civi — Vo —C3V3 — - — iV = W— W
(k1 —c)vi+(ka —c2)va + (ks —c3)v3 + - -+ (ky — cu)vy, = O ™

Since vy, vz, v3,... and v, are basis vectors, they are linearly independent, which means

that all the bracketed terms (scalars) in (*) must be equal to zero (Definition (3.10)). We
have

k1—61=0, k2—62=0, k3—C3=0,... andkn—c,,=0

ki=c, ko =cp, ks =c3,... andk, =¢,

Hence we have proved that the basis vector representation of any vector is unique.

| |
e N
Q Summary
Consider the linear combination:
kyvi +kova +k3va+ -+ kyvy = O
If the only solution is k; = ky = k3 = - -- = k, = 0 then vectors v, v, --- , vy are linearly
independent, otherwise they are dependent.
Definition (3.15). Vectors B = {v1, V2, V3,..., V,} of the vector space V form a basis of V' <
(i) {vi, v2, v3,..., V4} span V
(ii) {vi, v2, v3,..., v,} are linearly independent
N J

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Let My, be the vector space of size 2 by 2 matrices. Decide whether the following
matrices are linearly independent or dependent:

(a)A=<(1) (1)) andB=<(1) é) (b)A:(i i) andB=<§ j)

(12 (22 (12 _(2/54/5
(C)A_<34>andB—(22> (d)A_<3 4>andB_<6/S 8/5)

On a course in differential equations it is important that you can test the following
functions in questions 2 and 3 for linear independence.
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Let V be the vector space of continuous functions defined on the real line. Test the
following vectors for linear independence:

(@f=(x+1)?andg=x*+2x+1 (b)f=2andg = x*

(gf=1landg=¢" (d) f = cos(x) and g = sin(x)

(e) f = sin(x) and g = sin(2x)

Let V be the vector space of continuous functions defined on the real line. Test the
following vectors for linear independence:

(a) f = cos?(x), g= sin?(x)andh = 5

(b) f = cos(2x), g = sin?(x) and h = cos?(x)

(c)f=1, g=xandh = «?

(d) f = sin(2x), g = sin(x)cos(x) and h = cos(x)

(e) f = €*sin(2x), g = €* sin(x)cos(x) and h = ¢* cos(x)
fHf=1g=eandh=¢"*

(g)f=¢", g=e*andh =¥

Let f=sin(x), g = sin(3x)andh = sin(5x) be in the vector space of continuous
functions F[0, 27 ]. Show that these vectors are linearly independent.

Let M, be the vector space of size 2 by 2 matrices. Show that the following matrices
are a basis for My):

10 01 00 00
2=(00)2=(50)-e=(10)mer=(57)
[These are generally called the standard or natural basis for M»;]

We denote the vector space of polynomials of degree < 2 by P, which is discussed in the
next two questions.

Show that {1, t — 1, (t — 1)?} forms a basis for the vector space P,. Write the vector
p = t> + 1 in terms of these basis vectors.

Show that {1, t> — 2t, 5(t — 1)?} does not form a basis for the vector space P,.

Prove that if a set of vectors {v}, V2, V3,..., V,} is linearly independent then the set
{kvi, kva, kvs,. .., kv,}, where k is a non-zero scalar, is also linearly independent.

Prove that any non-zero vector v on its own is a linearly independent vector in a vector
space V.

Prove that the zero vector, O, on its own is a linearly dependent vector in a vector space
V.

Consider the set of vectors {v1, V2, V3, ..., V,}. Prove that if any two vectors v; = vy,
where j # m in the set are equal then the set is linearly dependent.

Consider the set of linearly independent vectors S = {v}, v2, v3,..., V,}. Prove that
any non-empty subset of this is also linearly independent.

Consider the set of vectors S = {vi, v, v3,..., v,} which spans a vector space V. Let
w be a vector in V but not in the set S. Prove that {vi, v, v3,..., v, w} spans V but
is linearly dependent.



Consider the set of vectors B = {vy, V2, v3,..., V,} in a vector space V. Prove that if
the set B is a basis for V and S = {vy, V2, v3,..., Vj,} is a set of linearly independent
vectors in V then m < n.

*Prove that if By = {v1, V2, V3,..., V,} and B, = {uj, uy, us,..., u,,} are bases for a
vector space V then n = m. [That is every basis of a vector space has the same number
of vectors.]

Prove that if the largest number of linearly independent vectors in a vector space V is
n then any » linearly independent vectors form a basis for V.

*Let S be a subspace of a vector space V. Prove that if S and V have the same basis then
S=V.

SECTION 3.4 £ ) Dimension

By the end of this section you will be able to
understand what is meant by the dimension of a vector space
determine the dimension of a vector space and subspace

prove properties of finite dimensional vector spaces

We have used the word ‘dimension’ without really defining it. Our physical interpretation
of a vector space of R” is that it has #n dimensions.

How can we find the dimensions of other vector spaces such as the set of matrices My, or
polynomials Py,?

In this section we give the precise definition of dimension so that we can give a numerical value
to the dimension of any vector space. This is a challenging section. You may need to look back at
the definition of a basis of a vector space to understand the proofs later on in this section.

3.4.1 Introduction to dimension

What does the word ‘dimension’ mean in everyday language?
Dimension normally refers to the size of an object in a particular direction. For example, the height
and diameter of a cylinder are the dimensions of the cylinder.

What does the term dimension of a vector space mean?
The definition of dimension is the number of basis vectors or axes needed to describe the given
vector space V.

Definition (3.17). The number of vectors in a basis of a non-zero vector space V is the
dimension of the space.
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We will show later in this section that the number of vectors in a basis depends on two
things: linear independence and spanning.

We will prove that if we have too many vectors in the basis set, they become linearly
dependent and if there are too few vectors then they will not span the whole vector space.

What is the dimension of R? and R3?
Evaluate the dimension of R".

Solution

From the previous chapter we know that e; = (1 0)fande, =0 17T (unit vectors on the x and y
axes respectively) form a basis for R2.

What is the dimension of R??

Two vectors, e; and e;, are needed for the basis of R2, therefore dimension of R is 2.

What is the dimension of R3?

Similarly, we have the unit vectorse; = (1 0 0 Y. ea=(0 1 0) andes=(0 0 1) inthe
directions of x, y and z axes respectively, is the natural basis for R, therefore the dimension of R is 3
because we have three vectors in the basis of R3.

What is the dimension of R"?

From the last section we have that the n vectors {e;, €, e3,..., e,} form a natural basis for R”, so the
dimension of R" is n.

The number of vectors in the basis gives the dimension of the vector space V. This is
often denoted by dim(V).

dim(R?») =2, dim(R?) =3 and dim(R") = n

Q Why does the above definition (3.17) say non-zero space?
Because the zero vector space {O} is linearly dependent, there are no vectors in the basis of {O},
which means that it has dimension 0. (The zero vector does not need any axes.)

3.4.2 Finite dimensional vector space

Q What does the term finite dimensional vector space mean?
It is a vector space V which has a finite number of vectors in its basis.

Definition (3.18). In general, if a finite number of vectors form a basis for a vector space
V then we say V is finite dimensional. Otherwise, the vector space V' is known as infinite
dimensional.

If the vector space V consists only of the zero vector then it is also finite dimensional.

Q Can you think of any finite dimensional vector spaces?
The Euclidean spaces - R, R3, R4, ..., R".



Q Are there any other examples of finite dimensional vector spaces?
The set P, of polynomials of degree 2 or less for example, or the set of all 2 by 2 matrices M»;.
(These were covered in the previous section.)

Definition (3.19). In general, if n vectors {vi, v2, Vs, ..., v,} form a basis for a vector space
V then we say that V is n-dimensional.

Q What is dim(M»») equal to?
The standard basis for My, (matrices of size 2 by 2) from the Exercises 3.3 question 5 is

A:<1 0),13:(0 1>’C:<0 0) andD:(O o)
00 00 10 01
Therefore dim(Mj;) = 4 because we have four matrices in {A, B, C, D} which form a

basis for M;.

Q What is dim(P,) equal to?
Remember that the standard basis for P, (the set of all polynomials of degree 2 or less) is the set
{1, ¢, t2}, which means dim(P;) = 3 since the basis consists of three vectors.

Table 3.1 shows some vector spaces and their dimensions.

Table 3.1 Some vector spaces and their dimensions

Vector space Dimension
R" n

Pn n+1
an mn

The dimension does not need to be the number of vectors in the standard basis; it can
be any basis for the given vector space because the number of vectors is the same, as the
following theorem shows.

Theorem (3.20). Every basis for a finite dimensional vector space has the same number
of vectors.

Proof.
We proved this in question 15 of Exercises 3.3.
]

Since every basis has the same number of vectors in a finite dimensional vector space,
definition (3.17) means that:

number of vectors in any basis = dimension of vector space

Theorem (3.20) is important in linear algebra and definitely worth learning.
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There are, of course, many infinite dimensional vector spaces, such as the set of all poly-

nomials P (or Py,). However, we confine ourselves to finite dimensional vector spaces for
the remainder of this chapter.

3.4.3 Subspaces revisited

We discussed subspaces in section 3.2 of this chapter. A subspace is a non-empty subset S
in a vector space V, which forms a vector space in its own right, with respect to the same
vector addition and scalar multiplication as its parent set V. This is illustrated in Fig. 3.14.

Figure 3.14

What is the dimension of a subspace of V?
That depends on the number of vectors in the basis of the subspace.

Let R? be a vector space and S be the set of vectors <g) In Example 3.5 we showed that this is a

subspace of R2. Find a basis for the subspace S and determine dim(S).

Solution

Every vector of S is of the form (Z) which we can express in terms of e; = (?) as

(2)=(3) =

This vector e, forms a basis for S, therefore dim(S) = 1. This is shown graphically in Fig. 3.15.

(|

This subspace S is spanned by e,

-4 -2 2 4

Figure 3.15

Figure 3.15 shows that the subspace S is the vertical axis (y axis) and e, generates any vector in S, along
this line.



2 =l 0
Letu=|0])],v= 0 | andw= | 0 | span a subspace S of R3.
0 0 1

What is the dimension of S?

Solution
What do you notice about the first two vectors u and v?
They are linearly dependent because u = —2v. Note that the vector w is linearly independent of u and v.

How many vectors are in the basis of the subspace S?

Two vectors u and w (or vand w).

What is dim(S) equal to?

Two because we only have two vectors in the basis of S, that is dim(S) = 2. This means that the given
vectors u, v and w span a subspace S which is a plane in R? as demonstrated in Fig. 3.16.

Subspace S which is
spanned by u, v and w.

Figure 3.16

Note: a general misconception is that the dimension of a space is how many entries are
required to specify a vector in that space. This is clearly wrong because in Example 3.23
above we require three entries to specify a vector in the subspace S but it has dimension 2.
This means the space S in Fig. 3.16 can be spanned by two basis vectors or two axes rather

than the three given vectors.

_

Let S be a set of vectors in P, which are of the form
ax? + (a + b)x + (a + b) where a and b are scalars

Then S is a subspace of Ps. Find a basis for S and determine dim(S).

Solution
We can write vectors in S as

ax® + (a+b)x+ (a+b) = ax* + ax+ bx+ (a+b) [expanding]

=a(®+x+1)+blx+1) [factorizing]
(continued...)
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Hence the vectors x> + x + 1 and x + 1 span S, because we have demonstrated that the original set can
be generated by these two vectors
What else do we need to show for these vectors to be a basis for §?
We need to prove that they are linearly independent. Since x> 4+ x 4+ 1 and x + 1 are not multiples of
each other, they are linearly independent.

Hence the two vectors {x2 + x + 1,x+ 1} form a basis for S, therefore dim(S) = 2.

3.4.4 Properties of finite dimensional vector spaces

In this section we show some important properties of bases and dimension. This is a
demanding section because the proofs of propositions are lengthy.

Lemma (3.21). Let V be a finite n-dimensional vector space. We have the following:

Let {vi, v, v3,..., V,} be a set of linearly independent vectors. Then
{vi, V2,..., Vin} where m > n (m is greater than n) is linearly dependent.
If the n vectors {u;, uy, u3,..., u,}span Vthen {u;, uy, us,..., u,} wherem < n

does not span V.

What does part (a) mean?
In n-dimensional vector space, if you add additional vectors to n linearly independent vectors
then the set becomes linearly dependent.

How do we prove this result?
By using proof by contradiction.

Proof of (a).
The number of basis vectors in V is n. Suppose that {vi, v,..., vy} are linearly indepen-
dent. Then we must have m < n (m is less than or equal to n).

Why?
Because by question 14 of Exercises 3.3 we know that the number of vectors in a linearly
independent set must be less than or equal to n, m < n (the number of basis vectors).

However, we are given that m > n (m is greater than ), therefore our supposition that
{Vi, V2,..., Vpu} isalinearly independent set of vectors must be wrong, so this set is linearly
dependent.

]

What does part (b) mean?
If n vectors span V where V is an n-dimensional vector space, then less than n vectors cannot
span V. Again, we use proof by contradiction.

Proof of (b).

Suppose {u;, uy, u3, - - -, w,,} where m < nspan V, that is

Span{ul) up, us, -+, um} = V (*)
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The dimension of the left hand side, dim(spanf{u;, wy, us, ..., u,}) < mbut the dimen-
sion of V is n. This is a contradiction because we are given m < n and the dimension of both
sides of (*) must be equal. Hence {uj, u,,..., u,} where m < n cannot span V.

]

Theorem (3.22). Let V be a finite n-dimensional vector space. We have the following:

Any linearly independent set of n vectors {vy, v, V3, ..., v,} form a basis for V.

Any spanning set of n vectors {u;, uy, us, ... , u,} forms a basis for V.

&R How do we prove these results?
By using the definition of basis as described in the last section, that is:
Definition (3.15) A set of vectors is a basis for V < it is linearly independent and spans V.

Proof of (a).
We are given that the vectors {vi, v2, v3,..., v} are linearly independent so we only need
to show that these vectors also span V. Suppose there is a vector w in V such that

w=kivi + kava + kavs + -+ + kyVy + kngt1Vip1 *)

where ks are scalars. [We are supposing that the given vectors do not span V that is why
we have added an extra vector v, 1].

By the above Lemma (3.21) part (a):

In a n dimension space, vectors {vi, V2, ---, V,} where m > n are linearly dependent.

The set of vectors {vi, V2, V3,..., Vs, Vpy1} is linearly dependent so we can write the
vector v, in terms of its preceding vectors, that is

Vi1 = €1V1 + V2 + ¢3V3 + - - - + ¢, v, where Cs are scalars
Substituting this into (*) gives

w=kivi +kvo + -+ kv + kng1 Vg1
=kivi+kvo+ -+ kv +knpi(avi+ava+ -0+ V)
= (k1 + kny1c)vi + (k2 + kng1c2)va + - - - + (k4 kng164) Vi

Thus the vector w can be written as a linear combination of the given linearly indepen-

dent vectors {vy, V2, V3,..., V,}. Thus {v], v, v3, - -+, v,} spans V, therefore it forms a
basis for V.

]
Proof of (b).
We are given that {u;, uy, us,..., u,} spans the vector space V. Let w be an arbitrary

vector of V, then we can write
w=kuw +kw+- - +k_1u,-1 + kpuy, (1)

where ks are scalars because {u;, uy, u3,..., u,} spans V.
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Q What do we need to show for this set of vectors to be a basis for V?
Required to prove that the set of vectors under consideration {uy, uy, u3,..., u,}islinearly inde-
pendent. Suppose {uj, uy, us,..., u,} is linearly dependent then we can write the vector u,, in
terms of its preceding vectors, that is

u, = cjuy + coup + czuz + - - - + ¢y—1u,—1 Where ¢'s are scalars
Substituting this into the above () gives

w=kiuy +kuy + - +ky_1u,—1 + kpuy
=kjup +kouy + -+ kp_1uy—1 +knlcrug +cQup + - 4 cp—quy—1)
= (k1 + kncp)uy + (k2 + kncx)ug + -+ - + (ku—1 + kncp—1)uy—1

This shows that the above n — 1 vectors {uj, uy, us,..., u,—1} span V. This is impossible
because, by the above Lemma (3.21), part (b):

If n vectors {uy, uy, ---, u,}span Vthen {uj,up, - -+ ,u,,} where m < n does not span V.

Fewer than n vectors cannot span V. Thus {uj, uy, us,..., u,} is linearly independent which

means it is a basis for the given vector space V.

Theorem (3.22) says two things:

The maximum independent set for an n-dimensional vector space is # vectors. If you
add any more vectors then it becomes linearly dependent. The basis is a maximum
linearly independent set.

The minimum spanning set for an n-dimensional vector space is n vectors. If you
remove any of the vectors of the spanning set then it no longer spans V. The basis is
a minimum spanning set.

Two Definitions of Basis

A basis for a vector space is the largest independent set of vectors.

A basis for a vector space is the smallest spanning set of vectors.

This means if you have 7 linearly independent vectors in an #-dimensional vector space
V then it is a basis for V. You do not have to check that it spans V.

Also, if you have #n spanning vectors in an n-dimensional vector space V then it is a basis
for V. You do not have to check that the set is linearly independent.

A Dasis (axes) is the most efficient set of vectors used to describe a given vector space.

Let us apply the above theorem and see how it simplifies matters.

Eiample 3.5 ————

Show that the following vectors form a basis for Py,:

S={lt+1, ¢t+1D% ¢t+1)> -, ¢+ 1"}



Solution
We have dim(P,) = n + 1, and there are n + 1 given vectors.

We need to show that the set of vectors in S are linearly independent or span the vector space P,.
Note that none of the polynomials in the set S can be written as a linear combination of the preceding
polynomials in the set. This means that we cannot write (t 4+ 1)™ where m < n in terms of the vectors
before we get to (¢t + 1)™.

What can you conclude about this set?

Since we cannot write any of the polynomials (vectors) in terms of the preceding polynomials (vectors),
the set S must be linearly independent. Again, by the above Theorem (3.22) part (a), we conclude that the
vectors in the set S are a basis for P;,.

Let M>; be the vector space of all 2 by 2 matrices. Show that the following matrices do not form a basis

for Mp:
10 01 21
A_(O 3),3_(2 0) andc_(l 5)
Solution

What is the dimension of M,?

Recall from Table 3.1 in section 3.4.2 that dim(M3,) = 2 x 2 = 4. In the above list, we have three
matrices so they cannot form a basis for M»;.

Why not?

Because dim(M>;) = 4, and by Definition (3.17) we need exactly four matrices for a basis.

Let F[0, 27] be a vector space of periodic continuous functions which is spanned by
S = {sin(x) cos(x), sin(2x), cos(2x)}
Show that these vectors do not form a basis for F[0, 277 ]. Also find a basis for this space.

Solution
From trigonometry we have the identity

sin(2x) = 2 sin(x) cos(x)

Hence the first two vectors in S are dependent, therefore the set S cannot be a basis.
A basis can be established if we remove one of the vectors; sin(x) cos(x) or sin(2x). A basis for the
given space is {sin(2x), cos(2x)}.
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p
Q Summary

(3.17). The number of vectors in a basis of a non-zero space V is the dimension of the space.
(3.20). Every basis for a finite dimensional vector space has the same number of vectors.
(3.22). Let V be a finite n-dimensional vector space. We have the following:

(a) Any linearly independent set of n vectors forms a basis for V.

(b) Any spanning set of n vectors forms a basis for V.

\
m

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Find the dimension of the following vector spaces and exhibit a basis for each space:
(a) R? (b) R (0 R (d) RV (e) M33
(f) Mus (g) M3 (h) P3 (i) Ps (GO

Let R? be a vector space and S be the subspace given by the set of vectors (g) Find a

basis for S and evaluate dim(S).
Letu=(00 3),v=(-50 O)Tandw= (009 )TspanasubspaceSofR3.
Determine the dimension of S.

Let S be the set of vectors in P, which are of the form
at* +b
Then S is a subspace of V. Find a basis for S and determine dim(S).

Consider the subspace S which consists of matrices of the form (this is the

ab
( b ¢
set of symmetric matrices) of the vector space M»;. Find a basis for S and evaluate the
dimension of S.

Find the dimension of the following vector spaces and subspaces:

(a) My, (matrices of size m by n).

(b) The subspace S of P3 given by the cubic polynomials S = {at® + bt* + c}.
(c) Let S be the set of vectors in P3 which are of the form

S={a’ + b’ + ct + d}

Show that the following vectors are a basis for the corresponding vector spaces:

1 2
(@) u= <5> andv = <1> for R2.

0 1 1
®u=|3],v=[1|andw=| 0| for R3.
4 1 1
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(c) {t", Mt 1} for the vector space P,.

@[30 (2. (2.3 2) oo

Explain why the following vectors are not a basis for the corresponding vector
spaces:

(@) {14+t 1+t 142t +t% 1+ 2t} for P;.
(b) {1+t 1+ 2t+ %} for P,.
(©) {1+ )2 141 24 4t + 2%} for P,.

10 20 00 00

@ e (1)om=(20) e= (02 ) o= (20) e
10 20 10 30

o [am (20 m=(20) o= (12 )omm (20 rrnes

Show that the following set of vectors is a basis for R>:

1 -1 -3 2 1
2 -5 5 3 0
S= 1], 21, 21,131,160
0 1 0 1 0
0 0 0 1 0

Let S be a subspace of an n-dimensional vector space V. Prove that dim(S) < n.

Let S be a subspace of an n-dimensional vector space V. Prove that if dim(S) = » then
S=V.

Let n be the dimension of a finite dimensional vector space. Prove that # is a positive
integer or zero.

Let V be a one-dimensional vector space and vector v # O be in V. Prove that vis a
basis for V.

Let V be an n-dimensional vector space and S = {vy, v, v3,..., v, } be a set of vectors
in V such that none of the vectors is a linear combination of the preceding vectors.
Prove that the set S forms a basis for V.

Let P be the vector space of all polynomials. Prove that P is infinite dimensional.

SECTION 3.5 © Properties of a Matrix

By the end of this section you will be able to
understand what is meant by the row and column space of a matrix
determine a basis for the row space of a matrix

find the rank of a matrix
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In this section we examine the rows and columns of a matrix and define what is meant by
rank. These are important concepts in solving linear equations which will be discussed in
the next section.

You will need to know some of the work of chapter 1, such as elementary row operations
and the definition of row echelon form. In this section we will not carry out the row opera-
tions but use MATLAB to place a given matrix into row echelon form. Of course, you don’t
have to use MATLAB; any appropriate software will do or you can use hand calculations.

3.5.1 Row and column vectors

Q What are the ‘row vectors of a matrix’?
The row vectors of a matrix are the entries in the rows of a given matrix. For example, the row

1 4

123

vectors of A = ( 456 ) are | 2 | and | 5 | because the first row of matrix A has the entries
3 6

1, 2 and 3 and the second row has entries 4, 5 and 6.

123
O What are the column vectors of A = ( 456 )?

The matrix A has three columns vectors:

(4 €)= )

We generalize this by considering the m by n matrix:

Col1 Col2 --- Coln

ayl a2 -+ ain Row 1

ayy axy -+ axy Row 2
A=

aml am2 -+ amn ) Rowm

Q What are the row vectors of this matrix A?
The row vectors of A denoted rj, ry,... and ry, are given by:

arl a1 am1

a2 a2 am?2
rp = , I = ,o--and ry =

ain azn Amn

& What are the column vectors of the matrix A?
The column vectors of A denoted ¢, ¢;,... and ¢, are given by:

arl a2 ain
az1 a2 arn

€= . , €= . ,o+-and ¢y =

am1 am?2 Amn



-3 6
For example, the row and column vectors of B=| —5 2 are
-2 7
-3 6
-3 -5 -2 .
ry = p ,r) = 5 , I3 = 5 andc; = | =5 |, ca =] 2 | respectively.
-2 7

3.5.2 Row and column space

The row space of a matrix A is the space spanned by the row vectors of A. Remember, the
space spanned by vectors means the space containing all the linear combinations of these
vectors.

What is the row space of the above matrix B?

- - -2
It is the space, S, spanned by the vectors r; = ( 63> , 1= ( 25) andrz = ( ; )

Any linear combination of these vectors, r1, r; and r3, is in the row space S. Hence

Row Space S = span{ri, 12, 13} = k; (_63> +k <_25> + k3 <_72>

where kj, k; and k3 are scalars. Each row vector has two entries of real numbers and we
can show that § is a subspace of R?.

The row space S is the set of vectors u such that u = kjr; + kyry + ksrs. This row space
S, spanned by r;, r; and r3, is the vector space given by

S=1{u|u=kr + kr, + k3rz}

In this case, these vectors span the whole of R? because no two vectors in S are multiplies
of each other (they are linearly independent). The row space of the above matrix B occupies
R2. Similarly the column space of a general matrix A is the space spanned by the column
vectors of A. We formally define the row and column space as follows:

Definition (3.23). Let A be any matrix. Then
The row space of the matrix A is the space spanned by the row vectors of matrix A.

The column space of the matrix A is the space spanned by the column vectors of
matrix A.

What is the column space of the above matrix B?

-3 6
It is the space spanned by the vectors ¢c; = | —5 | andc; = | 2 |. Any linear combination of
-2

these vectors, ¢; and ¢, is in the column space of matrix B.

What sort of space is spanned by these vectors?
Each vector has three entries of real numbers and we can show that the column space is a subspace
of R3. The vector space spanned by vectors ¢; and c; is actually a plane in R3 (Fig. 3.17).
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Figure 3.17

In general, we have the following proposition:

Proposition (3.24). Let A be a m by n matrix, that is we have

n columns
am alin
A= oo M TOWS
Aml *° Amn

The row space of matrix A is a subspace of R".

The column space of matrix A is a subspace of R™.

Proof - See Exercises 3.5.

. 1
For example, the row and column space of matrix A = <

-139

The row space of matrix B = ( 5926

subspace of R2.

3.5.3 Basis of a row space

O Why do we want to find a basis for the row space of a matrix?

This dark shaded plane in R?
is the column space

of matrix B. (Space

spanned by column

vectors ¢; and ¢,.)

4 . )
5 9> is a subspace of R~.

) is a subspace of R> but the column space is a

Recall that a basis is formed by the least number of vectors, or axes, required to describe the space.
Our matrix may contain zero rows, or rows that are linearly dependent. By using row operations
in the row space to reduce our matrix to its simplest form (or basis), we often end up with a much

more efficient matrix, which is row equivalent to the original.
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&R What does row equivalent matrix mean?
Two matrices are row equivalent if one is obtained from the other by elementary row operations.
(This was discussed in chapter 1.) These operations are:
Multiplying a row by a non-zero constant.
Adding or subtracting a multiple of one row from another.

Interchanging rows.

Consider the matrix A with rows a; and aj, converted using row operations, to the

matrix R:
a 12 3 —A ry = a 123 -R
ap \ 4 8 12 rp,=ay—4a; \0 00
Note that the rows of matrix R, r; and r,, are simply a linear combination of rows a;
and aj:

r; = aj;andr, = a; — 4a;
The rows of matrix R are a linear combination of the rows of matrix A. This means that
the row vectors of matrix R lie in the row space of matrix A.

&R What can you predict about the row space of row equivalent matrices?
The space they occupy is equal.

For example, the row space S of the above matrix A is given by the vectors v in S such

that:
1 4 1 1 1
v=kiaz+ka=k|2]|+k| 8 =k|2]|+3k]|2]=c|2]=wm
3 12 3 3 3

where ¢ = k; + 3k,

Hence all the vectors v are in the row space S of matrix R. In fact, you can span the row
space of matrix A with just one vector (1 2 3 )T which is the non-zero row in matrix R.
Actually the row space S created by matrix A is the same as the row space created by matrix
R. We have

Row space of A = Row space of R
Proposition (3.25). If matrices A and R are row equivalent then their row spaces are equal.
&R How do we prove this result?

By showing that

The row space of A is in row space of R.

The row space of R is in row space of A.

If both these conditions are satisfied then the row spaces of matrices A and R must be equal.
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Proof.
Let A and R be row equivalent m by n matrices. Let the row vectors of A be aj, aj,
a3, ..., a,; and the row vectors of Rbe ry, r,, r3,..., r;,. This means that we have
a; r;
A = R =
am I'm

1) Matrices A and R are row equivalent, therefore the r row vectors are obtained from
the a row vectors by elementary row operations. This means that every r row vector is a
linear combination of the a row vectors. Therefore the row space of matrix A lies in the
row space of matrix R.

2) Similarly, by considering the above argument the other way, we have that the row
space of matrix R lies in the row space of matrix A.

Hence the row space of matrices A and R are equal.

]

Remember, we can use elementary row operations to put a matrix into row echelon form.
Additionally, we can apply this to find a basis for the row space of a matrix as the following

proposition states:

Proposition (3.26). If a matrix R is in row echelon form then its non-zero rows form a
basis (set of axes) for the row space of matrix R.

Proof - See Exercises 3.5.

By combining the above two propositions (3.25) and (3.26) we have:

Proposition (3.27). If matrix A is row equivalent to matrix R where matrix R is in row
echelon form then the non-zero rows of matrix R form a basis for the row space of matrix A.

Proof.

‘ Row space of A = Row space of R

Basis for row space of A

‘ Non zero rows of R are a basis

By the above Proposition (3.26) the basis of the row space of R is given by the non-zero
rows of matrix R. By the above Proposition (3.25) we have

Row space of A = Row space of R [because R and A are row equivalent]
Thus the non-zero rows of matrix R form a basis for the row space of matrix A.
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Q How can we use this proposition to find a basis for the row space of a given matrix?
By carrying out elementary row operations and placing the given matrix into row echelon form.
We aim to achieve the following:

These non-zero rows (vectors)
form a basis for the row

A= anm, |:‘> R=|rn space of matrix A.

We can use MATLAB to place a matrix into row echelon form. Actually MATLAB and
the command rref places a given matrix into reduced row echelon form. In the following
examples we will use the reduced row echelon form but it is enough to find the row echelon
form.

Determine a basis for the row space of the following matrices:

-3 6
12 -1 3 9
(a)A=<2 4) (b)B=<_5 ; 6) (c)C= :z i

Solution

(a) Applying row operations we have

12 1 2\ < Non-zerorow
=(21) = =)

1
The vector ( 2) is a basis for the row space of A (Fig.3.18).

5
4 /v// PP
- This line represents the
3+ basis vector AT row space of matrix A.
2

2

1 /

-1
=2 Figure 3.18

(b) Similarly, to find the reduced row echelon form of B we use MATLAB:

=(S30) = x=(013)

(continued...)
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What is a basis for the row space of matrix B?

1 0
The vectors 01,1 form a basis for the row space of matrix B. Hence the row space of B is a
0 3

subspace of R,

(c) By using MATLAB, the reduced row echelon form of matrix C is given by:
36 10 Non-zero rows
c—| s 2 :> R=| 01
00

=2 7

Remember, it is the non-zero rows which form a basis for the row space. Thus the vectors

{ (é) s <(1J> } form a basis for the row space of matrix C. We need two vectors { ((1)) s (?) } to

span the row space of C rather than the three given row vectors in matrix C. Remember, this basis span
the whole of R, so the row space of matrix C is R2.

The above example can easily be carried out by hand calculations because of the simple
integer entries for the given matrices.

3.5.4 Basis of a spanned subspace of R"

Letu= (123 )T andv=(456 )T be vectors in R3. Let S be the space spanned by
these vectors which is illustrated in Fig. 3.19.

>

Vectors u and v

N jw A o8 N

1 4
u=|2 ;4 v=|s span the dark
3 6 shaded plane S
\7/ in R3.
) 7
0 &
01
2 3
X >
4 @ S
Figure 3.19

We are generally interested in finding a simple set of axes to describe this plane, or more
formally, a basis for this space S.
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Q How can we find such a basis?
. . u .
Writing the vectors as rows of a matrix A = ( ) then the row space of A is the vector space
v

spanned by vectors u and v. By using row operations on A, we can find a basis for the row space
of a matrix A as we did in subsection 3.5.3 above.

The procedure of finding a basis for a subspace of R” which is spanned by the vectors

{r1, r2, 13,..., Iy} is given by:
r
Form the matrix A= | : |. The row space of A is the space spanned by
I'm
ry, t2,..., Ip.

Convert this matrix A into (reduced) row echelon form, R say.

The non-zero rows of matrix R form a basis for the vector space span{r;,r,. .., ty}.

(BRI S 29—

Determine a basis for the vector space S = span{u, v, w} where

1 4 7
u=|2]|,v=|5] andw=| 8
3 6 9
Solution
u 123
Let A be the matrix givenby A= | v |, thatisA=| 4 5 6 |.The row space of matrix A is the
w 7 89

subspace spanned by vectors u, v and w. Thus
span {u, v, w} = Row space of A

What do we need to find?

The basis for the row space of the matrix A.

How?

By finding the (reduced) row echelon form matrix R of A and then the non-zero rows of R form a basis
(axes) for the row space of matrix A. By using MATLAB we obtain:

123 10 -1
A=|456 |::> 01 2 |=R
7 89 00 O
The non-zero rows of the above matrix R form a basis of the row space of A:
1 0
r, = 0| andrp,=| 1
=l 2

Thus a basis (axes) for the given vector space S = span(u, v, w) is B = {rj, r;} where r; and r; are
vectors stated above. Note that S is a subspace of R?, but is actually a plane and can be spanned by two
vectors, r] and ry, rather than the three given vectors u, vand w.



248

(ERAPIE 5130 ————

Determine a basis for the vector space S = spanf{u, v, w} where

and w =
15

18

O 0 N —

1
3
5
6

Solution
By applying the above procedure we have:

Step 1 and 2: Writing the matrix A and evaluating its reduced row echelon form:

u 135 6 10 275 375
A=|v|=[17 8 9 |:‘> R=|01 075 075
w 3915 18 00 0 0

S = span{u, v, w} = Row space of matrix A.
Step 3:

What is a basis for S = span{u, v, w}?
It is the non-zero rows of the reduced row echelon form matrix R. We have

1 1 4 0 0 0

S U D B o}, o U N P R 1[4
2.75 11/4 4| 11 0.75 3/4 413

3.75 15/4 15 0.75 3/4 3

Since the row space is the linear combination of vectors r; and r; so any non - zero scalar multiple of
r1 and r; is also a basis for the row space. (The basis gives the directions of the two axes for the space.)
Hence, multiplying vectors r; and r, by 4 gives vectors:

{(4 011 15)7,(0 4 3 3)T}

which form a basis for S = span{u, v, w} and this is a subspace of R%. This Sis a plane in R* because we
have two axes or two basis vectors for this space.

3.5.5 Rank of a matrix

&R Why is rank important in linear algebra?

Consider the linear system Ax = b. The augmented matrix (A | b) in row echelon form may
produce zero rows, which means 0 = 0, but these are not important in the solution of linear equa-

tions. It is the number (rank) of the non-zero rows in row echelon form which gives the solution of

a linear system of equations. We will discover in the next section that the rank of matrix A and of
the augmented matrix (A | b) tell us if there are no, a unique or an infinite number of solutions.

The rank of a matrix gives the number of linearly independent rows in a matrix which
means that all the rows that are linearly dependent are counted as one. For example, the
following matrix has a rank of 1:

Rpf1234 can be transformed to Ry 1234
R, \2 46 8 Ry—2R; \0 00O
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The second row is double the first, so carrying out row operations results in a single
independent row. The rank of a matrix measures the amount of important information
represented by the matrix.

An application of linear algebra is the transfer of digital data which is normally stored
as a matrix. In these fields it is important that data is transferred as fast and efficiently as
possible without losing any of it. The concept of a rank is critical here because a matrix with
a lower rank takes up less memory and time to be transferred. Low rank matrices are much
more efficient in the sense that they are much less computationally expensive to deal with.

Computer graphics rely on matrices to generate and manipulate images. The rank of

111
the matrix tells you the dimension of the image. For example, the matrix A= | 4 5 6

222
transforms a vector in 3D onto a 2D plane because matrix A does not have ‘full rank’ (the
top and bottom rows are linearly dependent) as shown in Fig. 3.20.

Matrix A will only transform
vectors onto the plane shown
and not anywhere else in R3.

Figure 3.20

We define the rank in terms of dimension.

D Can you recall what the term dimension of a vector space means?
It is the least number of axes needed to describe the vector space, or in other words, the number
of vectors in the basis of a vector space.

The dimension of the row space of a matrix is called row rank and the dimension of the
column space is called the column rank. Note that the row rank of a given matrix A is the
number of non-zero row vectors in row echelon form matrix R because the non-zero rows
form a basis for the row space.

" NON-ZEro rows
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Row rank of matrix A = m
The row rank of a matrix is called the rank of a matrix.

Definition (3.28). The rank of a matrix A is the row rank of A.

The rank of matrix A is denoted by rank(A). Thus (3.28) says
rank(A) = row rank of A

What is the difference between rank and dimension?
Strictly speaking, the rank is an attribute of a matrix, while dimension is an attribute of a vector

space.

Determine the rank of the matrices A, B and C given in Example 3.28.

Solution
What is rank(A) equal to?
From the solutions to Example 3.28 we have one vector in the basis of the row space of A, therefore the
row rank is equal to 1 which means that rank(A) = 1.
Similarly we have rank(B) = 2 and rank(C) = 2.

1 2 3 4 5 6
27 28 29 30 31 32
Determine the rank of matrix A = | 15 16 17 18 19 20
31 32 33 34 35 36
45 46 47 48 49 50

Solution
What do we need to do?
Place the given matrix A into row echelon form. By using MATLAB, we can find the reduced row echelon

form matrix R:

0 —-1 -2 -3 —4 < Non-zero row

0 2 3 4 5 < Non-zero row
R=)1 0 o 0o 0 o0 o

0 0 0 0 0 O

0 0 0 0 0 o

What is the rank of the given matrix A equal to?
rank(A) = 2 because we have two non-zero rows. In this case the rank tells you that two rows are
important and three rows are redundant because the row space of matrix A can be spanned by the first
two rows of matrix R.

If matrix A represents a digital image then we can compress this data to a matrix with rank 2, which is
more computationally efficient than matrix A.



Proposition (3.29). Let A be any matrix. Then

Row rank of matrix A = Column rank of matrix A
This means
rank(A) = Row rank of A = Column rank of A

Proof - Exercises 3.5.

The row and column rank of a matrix are equal.

We can also find a basis for the column space of a matrix by considering the columns
of the reduced row echelon form matrix with leading I’s. In the above Example 3.32 the
first two columns of matrix R have leading 1s. It can shown that the corresponding column
vectors of matrix A form a basis for the column space of A. Hence the following vectors are
a basis:

(127 15 31 45)Tand (2 28 16 32 46)7

for the column space of matrix A.
3.5.6 Rank and invertible matrices

In this subsection we discuss the relationships between rank and invertible matrices.
Proposition (3.30). Let A be an #n by n matrix. The matrix A is invertible < rank (A) = n.

What does this mean?
Matrix is invertible < it has no redundant rows. We say that the matrix A has full rank.

Proof.
(=). We assume matrix A is invertible. By (1.35):

Theorem (1.35). Let A be a n by n matrix, then the following are equivalent:
The matrix A is invertible.

The reduced row echelon form of the matrix A is the identity matrix I.

The reduced row echelon form of the matrix A is the identity n by n matrix I. Thus there
are n non-zero rows of I, therefore rank(A) = n.

(«=). In this case, we assume that rank(A) = n and we need to prove that the matrix A
is invertible. Since rank(A) = n, the reduced row echelon form of A has no zero rows. By
(1.39);

Proposition (1.39). R has at least one row of zeros < A is non-invertible (singular).

This means that matrix A must be invertible.

Hence if a square matrix is not of full rank then it is non-invertible.
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p
Q Summary

(3.23) The row space of a matrix A is the vector space spanned by the row vectors of matrix A.
(3.25). If matrices A and R are row equivalent then their row spaces are equal.
(3.27). A basis for the row space of matrix A is the non-zero rows of the equivalent row echelon form
matrix R.
The rank of a matrix is the dimension of the row or column space of the matrix.

\
M

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

For the following matrices find the row and column vectors:

12 1 2 3 4 12
(a)A=(34) WB=(56 7 8| ©@c=]|34
9 10 11 12 56

1 523

(d)D=(123> @i=[ 370 OF=| 717

456 13 —7 6 1

-2 52

Determine a basis for the row space of the matrices given in question 1. Also state the
rank of the given matrix.

Determine a basis for the following subspace of R” which are spanned by the vectors:

wo=(1).v- (1) wu=(5)v= (%)

3 2 12
Qu=|6],v=|1],w=]|15
5 2 15
-1 0 2 —4
(Du=|-2),v=|1},w=]|3],x= 1
-5 5 2 -7
1 -1 2 0
2 3 -1 5
(e)u= | v= sv=| 5 x=1
2 7 -5 9
Find a basis for the subspace of R* which is given by S = span(u, v, w, X, y) where
-1 -5 0 —6
1 -9 7 -1
il ST A A R T R
1 -1 3 3
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[You can convert the decimal entries of the reduced row echelon form matrix into
fractional entries by using the command rats(rref(A)) in MATLAB. In MATLAB, the
rats() command converts the argument into a rational number.]

Determine a basis for the column space of the matrices given in question 1 by taking
the transpose of the given matrices. Also state the rank of the given matrix.

Let A be any matrix. Prove that rank(A) = rank(AT).
Let A be an invertible matrix. Prove that rank(A) = rank(A™1).

Let A be a square n by n matrix. Prove the following:

(a) A hasrank n < the linear system Ax = O has the trivial solution x = O.
(b) A has rank n < the linear system Ax = b has a unique solution.

Let A be a square n by n matrix whose row vectors are given by the set of vectors,
S={ry, rp, r3,..., 1y}

Prove that matrix A is invertible < § is a set of linearly independent vectors.

Let A be a square n by n matrix whose column vectors are given by the set of vectors;
S = {Cl, €2, C3,..., Cn}:

A=(c - cn)

Prove that matrix A is invertible < S is a set of linearly independent vectors.

Prove that the row space of a matrix A is identical to the row space of k A, where kis a
non-zero scalar.

Let A be any matrix and k be a non-zero scalar. Show that rank(kA) = rank(A).
Prove Proposition (3.24).

Prove that if R is the reduced row echelon matrix then the non-zero rows of R are
linearly independent.

Prove that if A is a matrix and the reduced row echelon form matrix R of A contains
zero rows then the rows of A are linearly dependent.

Prove Proposition (3.26).

Let A be any matrix whose rows are given by the set of linear independent vectors
S = {ry, 1, 13,..., ty}. Prove that rank(A) = n.

For the following you may assume:
The columns of matrix A with the corresponding leading 1’s in reduced row echelon
form matrix R are a basis for the column space. Prove Proposition (3.29).
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SECTION 3.6 © Linear Systems Revisited

By the end of this section you will be able to
understand and determine the null space and nullity of a matrix
prove some properties of null space, nullity and rank of a matrix

determine solutions to a non-homogeneous system of linear equations

In the last section we concentrated on the row space of a matrix, but in this section we

examine the part played by the column space of a matrix in the solution of the linear system
Ax =b.
In this section we answer the critical question of linear algebra:

What conditions provide infinite, unique or no solutions to a linear system?
You will need to ensure you are familiar with the concepts of row space, column space and the
rank of a matrix to analyse solutions of linear systems.

3.6.1 Null space
We consider the homogeneous system first, which is a linear system of equations written

in matrix form as Ax = O. By using elementary row operations we solve the equivalent
system Rx = O where matrix R is row equivalent to matrix A.

(ERGpIE 3133 ———

Solve the homogeneous system of linear equations:

x +2y+3z2=0
4x + 5y + 62=0
7x + 8y +9z2=20

Solution

We have the linear system Ax = O where A is the coefficient matrix, x is the vector of unknowns and O
is the zero vector.

How can we find the unknowns x, y and z?

We can write out the augmented matrix and then convert this into reduced row echelon form by using
hand calculations or MATLAB with command rref(A):

12 3]0
Al0)=| 4 5 60 |:>
78 9|0

From the middle row of the matrix on the right hand side we have

o~ o'
|

oo - x
S N = N
[=I=lw]

y+ 2z = 0 which gives y = —2z

None of the rows start with z so z is a free variable.
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Let z = s where s is any real number then y = —2s and from the top row we have

x —z=0whichgivesx =z =s

Our solution setis x = s, y = —2s and z = s which we can write in vector form as
X s 1
x=|y|=| 25| =s| —2 | wheresisaparameter
z s 1

This free variable s is any real number and the solution is the set of all points on the axis (thick line) as
shown in Fig.3.21:

3
2 . . .
All the points along this axis
1 are solutions to the given
linear system Ax=0.
z 0
—
—2
-3
_“3-4 -8
_2_1
0
X 1
2
3
Figure 3.21
1 1
The solutionx = s | —2 | is a scalar multiple of the vectoru = | —2 |, so this vector u is a basis
1 1

vector on the axis shown for the solution space. Note that this solution space is a subspace of R3.

The vector or solution space, call it N, of a homogeneous system Ax = O is called the
null space of matrix A. In general, we have:

Definition (3.37). Let A be any matrix. The set of vectors x in N (or N(A)) which satisfy the
homogeneous system Ax = O is called the null space of matrix A. The dimension of this
null space is called the nullity of matrix A and is denoted by nullity(A).

For the above Example 3.33 the null space is the set of vectors N = {su | s € R} which
is shown as an axis in Fig. 3.21. In this case, nullity(A) = 1 because we have one axis or a
single vector u, which is a basis for N. Hence the null space of matrix A is of dimension 1.
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Q How can we write the general solution to Ax = O?

a] ... ain X1 0

Aml *°° Gmn Xn 0

Multiplying these matrices we have:

anx1 + -+ + amxp = 0
amx1 + -+ + aupxy = 0
We can write this in terms of the column vectors ¢, ¢3,... and ¢, of matrix A:
1 Cn
an ain 0 ")
X + - + Xy =
aml amn 0
Note that the left hand side is a linear combination of the column vectors ¢;, ¢,... and
¢, of matrix A. Recall that this linear combination is the column space of the matrix A.
The null space consists of vectors x = (x; x2 -+ Xy )T such that they satisfy the linear

combination (*).
The null space is a non-empty set.

How do we know it is non-empty?
Because the homogeneous system Ax =0 always has the trivial solution x=0
(x1 = -+ =x, = 0) so we know the null space of matrix A is not empty.

Proposition (3.32). If A is a matrix with n columns then the null space N(A) is a subspace
of R".

Proof - Exercises 3.6.
The null space of a matrix is a vector space.

_

1234
Determine the null space, nullity and rank of the matrix B = ( 567 8 )

Solution
How do we find the null space of the given matrix B?
The null space is the set of vectors x which satisfies the homogeneous system Bx = O:

Xy z w

1234]0 10 -1-2]0
(Blo):<5678’0)|:‘><01 2 3‘0>:(R|0)
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The matrix on the right hand side R is actually the reduced row echelon form of matrix B.
Expanding out the bottom row gives:

y+2z+43w=0 yields y = —2z — 3w
None of the rows begin with z and w, so these are our free variables. Let z = sand w = t where tand s
are any real numbers. We have y = —2z — 3w = —2s — 3t.
Expanding the top row we have
x—z—2w=0 gives xX=2z+2w
Substituting z = sand w = t into x = z + 2w gives x = s + 2t. The solution of Bx = O is the null

space of matrix B given by the set of vectorsx = (x y z w )T which has the entries x = s + 2t,
y=—-2s—3t,z=sandw==¢

X s+ 2t 1 2
‘= y | _ —2s — 3t — -2 e -3
z s 1 0
w 0 1

letu=(1 —2 1 0)Tandv=(2 —3 0 1)T then we can write the null space N as
N={su+tv | teR, seR}

Substituting s = ¢ = 0 into su + tv gives the zero vector O, which of course is in the null space N. We
can substitute any real numbers for s and t to obtain an infinite number of vectors in N.

Note that N is a subspace of R* because vectors u and v have four real entries.
What can we say about the vectors u and v?
The vectors u and v span the null space N and they are also linearly independent.
How do we know these vectors are linearly independent?
Because u and v are not multiples of each other. This means that vectors u and v form a basis for the null
space N. (Actually the null space N is a plane in R* because we have two axes or basis vectors, u and v.)
What is the nullity of matrix B equal to?

nullity(B) = 2

This means the set of vectors x which satisfy Bx = O is of dimension 2. Hence we require two axes or
basis vectors to describe the null space of matrix B.
What is the rank of the given matrix B equal to?
The above reduced row echelon form matrix R has two non-zero rows, therefore

rank(B) = 2
Using the procedure outlined in this Example 3.34 gives us a basis for the null space.

(EHRRPIE 135 —————

1
Determine the null space, nullity and rank of the matrix C = ( 5 135 )

(continued...)
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Solution

The null space N is the set of vectors x which satisfy Cx = O.

How do we find this vector space?

By applying elementary row operations to convert into reduced row echelon form:

X
(C|0)=(; 135‘8> ::> (Rlo):<(1)3'g>nonzerorow
We only have one non-zero row in the reduced row echelon form matrix R, therefore
rank (C) = 1
Considering the equivalent homogeneous system Rx = O we have
x + 3y = 0 implies x = —3y

Let y = sthen x = —3y = —3swhere s is any real number. Hence
)=(2)=(3)
X = = =S
y s 1

Letu = (_13) then the null space N = {su | s € R} and the graph of this space is:

The null space N of
matrix C is all the
vectors on this axis which
are solutions to Cx = O.

: = x
5 10

Figure 3.22

Note that the vector u spans the null space and is linearly independent so it is a basis for N.
What is the nullity of matrix C equal to?

It is the dimension of the null space N, which is 1, because it has only one basis vector u (or one free
variable - s). We have nullity(C) = 1.

We can also evaluate the nullity of a matrix by finding the number of free variables in the

system.

Proposition (3.33). The number of free variables in the system Ax = O is equal to the
nullity of the matrix A.

Proof - Exercises 3.6.



3.6.2 Properties of rank and nullity
In the above examples 3.33, 3.34 and 3.35 we had

nullity(A) + rank(A) =1+2=3
nullity(B) + rank(B) =2+4+2 =4
nullity(C) 4+ rank(C) =14+ 1=2

&R can you see any relationship between the nullity, rank and the number of unknowns in vector x?
Nullity + Rank = Number of unknowns

In general, if we have a m by n matrix A:

ar ain X1 0
=1 [Ax = O]
am1 Amn Xn 0
n columns

Then
nullity(A) + rank(A) = n

Note that 7 is the number of columns of matrix A which is the total number of unknowns
in the homogeneous system Ax = O. This result normally has the grand title of “The
Dimension Theorem of Matrices'.

Theorem (3.34). The dimension theorem of matrices (rank-nullity theorem):
If A is a matrix with n columns (number of unknowns) then

nullity(A) + rank(A) = n

Proof.

Let R be the reduced row echelon form of matrix A and let it have rank r, which means that
it has r non-zero rows located at the top of the matrix. By the definition of reduced row
echelon form, we know that each of these r rows has a leading 1.

n unknows
-
0o . 7 NON-ZEero rows
R - <«
0 0 0 --v - 0
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There are n unknowns in total and r of these can be expressed in terms of the remaining
n — r unknowns. This means there are n — r free variables in the system. By the above
Proposition (3.33):

The number of free variables in the system Ax = O is equal to the nullity of the matrix A.

We have nullity(A) = n — r and transposing this gives us our result

nullity(A) +r=n which is nullity(A) + rank(A) = n

Q What is the nullity of a matrix A which is of full rank?
Full rank means rank(A) = n, therefore

nullity(A) = n — rank(A) =n—n=20

Hence the dimension of the null space is 0, so null space only contains the trivial solution - zero
vector, x = O. In case of full rank, Ax = O = x = O is the only solution.

(ERGpIE 3136 —————

Determine the nullity and rank of the matrix:

1 2 3 4 5 6 7
8§ 9 10 11 12 13 14
A= 15 16 17 18 19 20 21
22 23 24 25 26 27 28
29 30 31 32 33 34 35

Solution
By using MATLAB, the reduced row echelon form matrix R of A is given by

10 -1 -2 -3 —4 -5 < non-zero row

01 2 3 4 5 6 <— non-zero row
R=]J00 0 0 O O O

00 0 O O O o

00 0 O O O o

What is rank (A) equal to?
Since there are two non-zero rows in matrix R, therefore rank(A) = 2. Note that the matrix has five rows
but there are only two linearly independent rows.
What is nullity(A) equal to?
nullity(A) is the dimension of the null space and can be evaluated by:
Theorem (3.34) nullity(A) + rank(A) = n
Substituting rank(A) = 2 and n = 7 (the number of columns of matrix A) we have

nullity(A) + 2 = 7 gives nullity(A) = 5

This means that the set of vectors x which satisfy Ax = O is of dimension five. We need five axes or
five basis vectors to describe the vectors x in the null space of matrix A.

Sometimes it is more convenient to write nullity(A) + rank(A) = n as
nullity(A) = n — rank(A)



3.6.3 Non-homogeneous linear systems

Now we consider linear equations of the form Ax = b where b # O (not zero). Equations
of the form Ax =Db, where b # O, are called non-homogeneous linear equations.

Throughout the remaining part of this section we assume b # O.

Solve the above Example 3.35 with Cx = bwhereb = (7 35)7:

x + 3y =7
5x + 15y = 35
Solution
We first write out the augmented matrix and then evaluate the reduced row echelon form:

&y
1 3|7 :> 137
5 15 | 35 00]0
Expanding the top row of this right hand matrix we have
x 4 3y = 7 which givesx =7 — 3y

Lety = s, thenwe havex =7 — 3y = 7 — 3s.
We have x = 7 — 3sand y = s. The general solution x is

=()-()=(0) ()

The homogeneous solution xz to Cx = O in Example 3.35 was xg = s(—3 1)T.

What do you notice?
Solving this non-homogeneous system Cx = b where b = (7 35)7 gives a two-part solution:

the homogeneous solution; xg = s(—3 l)T plus an extra term, (7 O)T, called the particular solution,

which we denote by xp.
=3 7
XH =S ( gives us the slope —%, and (0) moves the line horizontally by seven units to the

solution x. We demonstrate this in Fig. 3.23.

X=Xp+Xp 1

Xp 1

XH

(7,0

L \xp
2

|

1

o
Figure 3.23

(continued...)
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Hence our general solution to Cx = b is x = xg + xp where

xg = s(—3 1)T and xp = (7 O)T

Notice that in the above example we have
Cxy =0andCxp=Db

because xy is the homogeneous solution and xp is the particular solution.
Combining these to solve the non-homogeneous system Cx = b we have

Cxg+Cxp=0-+Db
Cxg+xp)=Db = X = Xy + Xp

Hence the general solution of Cx = b is given by:
x = (homogeneous solution) + (particular solution)

In general, for non-homogeneous systems we have the following:

Proposition (3.35). Let xp be the particular solution of Ax = b and xy be the solution to
the homogeneous system Ax = O. All the solutions of Ax = b are of the form xp + xp.

& What does this proposition mean?
The solution of Ax = b consists of two parts:

(homogeneous solution) + (particular solution)

Remember, the homogeneous solution x; (vector) belongs to the null space of matrix A.

Proof.
Let x be the solution of Ax = b then
A(x — xp) = Ax — Axp
=b—-b=0
Since we have A(x — xp) = O, therefore x — xp is the homogeneous solution, that is
Xy = X — Xp. Hence we have our result x = xp + xjy.

We need to show all the solutions are of this format xp + xpy.
Let X’ be a solution of Ax = O, then

Ax+xX¥)=Ax+AxX =Ax+0=b+0=>b

Hence x + X' is a solution of Ax = b.
We conclude that all the solutions are of this form x = xp + xg.
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Solve the non-homogeneous linear system:

x—2y+2z+003%= 17
- y+ z—-002t=-16
xX—y 0.01t = 0

Solution
Writing the augmented matrix and evaluating the reduced row echelon form gives

xyz t
1 -2 2 003 1.7 100 007 |49
0 -1 1 —0.02 | —16 |:‘> 010 006 | 49
1 -1 0 001 0 001004 |33

The general solution is

x+0.07t = 4.9, y + 0.06t = 4.9 and z + 0.04¢t = 3.3
x=49—0.07t, y=49—0.06tand z = 3.3 — 0.04¢

where t is our free variable. In vector form we have

x 4.9 —0.07¢t 4.9 —0.07
<= y|_ 4.9 — 0.06¢ _ 4.9 i —0.06 "
z 3.3 —0.04t 3.3 —0.04
t t 0 1
— ——

particular soln=xp homogeneous sol'n=xp

This is an example of an underdetermined system: a system with more unknowns than
equations, which gives infinitely many solutions provided it is consistent. The row echelon
form matrix R of an underdetermined system has the following shape:

More unknowns

R ‘ } Fewer equations

An overdetermined system is a system with more equations than unknowns. The row
echelon form matrix R has the following shape:

R| | More equations than unknowns
Fewer unknowns L
3.6.4 Properties of non-homogeneous linear systems

Proposition (3.36). The linear system Ax = b has a solution <> b can be generated by the
column space of matrix A. (Fig. 3.24)
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&>

&>

</iobF\7 : Column space of A
SR Figure 3.24

Proof - Exercises 3.6.
|

For the homogeneous system, Ax = O, we have the zero vector O in the column space of
matrix A. However, in the non-homogeneous case, Ax = b, we cannot guarantee that the
vector b is in the column space of matrix A. The vector b must be in the column space in
order for Ax = b to have a solution.

Proposition (3.37). Let A be a m by n matrix and b # O then the linear system Ax = b has
a solution < rank(A | b) = rank(A).

What does this proposition mean in simple English?
The ranks of augmented matrix (A | b) and A must be equal for Ax = b to have a solution. Also,
the other way, if Ax = b has a solution then the ranks of A and (A | b) are equal.

Proof.
(=). Let Ax = b have a solution.

How do we prove rank(A | b) = rank(A)?
We show that the following are impossible:
(a) rank(A | b) > rank(A) (b) rank(A | b) < rank(A)

(a) Suppose rank(A | b) > rank(A) where rank(A) = p say. Then we have p non-zero
rows in the row echelon form R of matrix A but more than p non-zero rows in the
augmented matrix (R | b):

X1 X2 - Xn
i by
p non-zero 0
rows
roi . b
0 0 0 -« --- 0 b}+1 <+ (p+ 1) th non-zero row
...... 0
Expanding along the (p + 1)th row we have
0x1 4 0x2 + -+ + Oxp—y + Oxp = by, @)

However, b}, 41 cannot equal zero.

Why not?
Because by our supposition rank(A | b) > rank(A) = p which means (p + 1)th row must be non-
zero, therefore b;H £ 0.



It is impossible to have the solution (*) because the left hand side is zero but the
right hand is non-zero. We have a contradiction, which means that our supposition
rank(A | b) > rank(A) must be wrong.

(b) We cannot have rank(A | b) < rank(A) or rank(A) > rank(A | b).

&R Why not?

Because this would mean we have:

Same matrix as R on the left.

1 rin | b Non-zero
1 "1n Non-zero S } WS
R= rows (RY) =
— . 010
0... 0 0... 010

The number of non-zero rows in matrix R is greater than the number of non-zero rows
in the augmented matrix (R | b’). This is impossible because the same matrix R cannot have
more non-zero rows in matrix R than (R | b).

Since both rank(A | b) > rank(A) and rank(A | b) < rank(A) are false, we must have
rank(A) = rank(A | b)

(«<). We assume rank(A) = rank(A | b). Writing this out we have

C1 C) e Cn
AVENEE Tin o rin | 01
rank 0 0 ... o |=rank 0 o0 ... olo

Expanding out the augmented matrix in terms of equations, we have b is in the column
space of matrix A. By the above Proposition (3.36) the linear system Ax = b has a solution
]

The above Proposition (3.37) can be used as a test to see if there are any solutions to the
given linear system. Note that the above proposition is also saying:

rank(A | b) # rank(A) < No solution

& But how do we test for a unique solution or an infinite number of solutions?
The next proposition gives the number of solutions to a non-homogeneous linear system.

Proposition (3.38). Consider the linear system Ax = b where A has n columns and b # O.
(A has n columns means that there are # unknowns in the system.)
rank(A) = rank(A | b) = n (Full rank) < the linear system has a unique solution.
rank(A) = rank(A | b) < n < thelinear system has an infinite number of solutions.

rank(A) # rank(A | b) < the linear system has no solution.
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Proof - Exercises 3.6.

Determine whether the following systems have infinite, unique or no solutions (you do not need to find
them):

x +2y+3z=1
(b) 4x + 5y + 6z =2

7x + 8y + 8z =3

(a) X —y —2z— 3w =5
—4x + 4y + 8z + 12w = 2

Solution

(a) Writing out the coefficient matrix, A, augmented matrix, (A | b), and placing the given matrices
into reduced row echelon form we have:

A— 1 -1 -2 -3 1T —1 —2 —3 '\ <« non-zerorow
_—44812:>0000

We have rank(A) = 1.

(A|b) = 1 -1 -2 -3 |5 1T -1 =2 =3 |0 <— Nnon-zero row
“\—4 4 8 122 |::> 0 0 0 0|1 / <« non-zerorow
Hence rank(A | b) = 2.

We have rank(A) = 1 but rank(A | b) = 2, so rank(A) does not equal rank(A | b). Therefore
the given system has no solution.

(b) Similarly we have

123 1 10 -1 —-1/3 < non-zero row
(Alb)=| 456 |2 :> 01 2 2/3 < non-zero row
7 8 8 3 00 1 0 <— non-zero row

What is the rank of A and (A | b) equal to?
In both cases, we have rank(A) = rank(A | b) = 3 which means it is of full rank because the matrix A
has three columns, so we have a unique solution.

The matrix A in part (b) is of full rank so by proposition (3.30):

Let A be a n by n matrix. The matrix A is invertible < rank (A) = n.
The matrix A is invertible.

We can also deduce the following results:

Proposition (3.39). Let A be an n by n matrix then the following are equivalent:

Matrix A is invertible.

rank(A) = n (full rank)

Null space of matrix A only contains the zero vector.

nullity(A) =0

Rows of matrix A are linearly independent. (See question 9 of Exercises 3.5.)

Columns of matrix A are linearly independent. (See question 10 of Exercises 3.5.)



It can be shown that a basis for the column space of a matrix is given by the columns

containing the leading 1’s in reduced row echelon form:

Proposition (3.40). The columns which have leading 1’s of a matrix A form a basis for the
column space of A.

Proof — Website.

p
Q Summary

(3.31) The set of vectors x which satisfy the homogeneous system Ax = O is called the null space of
A, and the dimension of this space is called the nullity of matrix A.
(3.33) If the matrix A has n columns then nullity(A) + rank(A) = n.

A non-homogeneous system Ax = b has the general two part solution:

x = (homogeneous solution) + (particular solution)

* EXERCISES 3.6

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/

companion/singh>.)

Determine and sketch the null space of the following matrices:

(b) (

Determine the solution of the following homogeneous systems:

@ ((1)

X
(a) 4x
7x
2x

(c) 5x
9x

0
1

+
+
+

)

0

S O O O

0

(©)

(b)

(d)

10

1 2 (d)

6 10

2x — 2y — 2z
4x — 4y — 4z
8 — 8y — 8z =

(=]

=3x + y — z
2x + 5y — 7z
4x + 8y — 4z

o

Determine the null space, rank and nullity of the following matrices:

(a) A =

(c)C=

2y — 3z =
5y — 6z =
8 — 9z =
9y — 3z =
6y — z =
8y — 9z =
1 -2 -3
4 -5 —6
7 =8 =9
29 -3

56 —1

98 -9

2 =2 =2

b)B=| 4 —4 —4
8§ -8 -8

-3 1 -1

(D= 25 -7
4 8 —4

g W =
(o)W N S
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Determine the null space of the matrix:

1 2 3 4 5 6 7

8 9 10 11 12 13 14

A=] 15 16 17 18 19 20 21
22 23 24 25 26 27 28

29 30 31 32 33 34 35

Determine bases for row, column and null space of the following matrices. Also state
their rank and nullity.

1 —4 —9 1 3 13 -95
(a)A:(2 5 _7> (b)B = 2 5 @©C=]|26 71
—14 37 13 -81
Solve the following non-homogeneous system of linear equations:
2 + 5y + 7z + 10w = 3 w- oy — A= B
(a)x+y+22+5w (b) 3x + 3y — 5z = 13
3x — 4y + 10z = —10

Determine whether the following systems have infinite, unique or no solutions:
2x + 8y = 12 2x — 3y — 6z + 12w = 2
@) i’ (b) ¢

7x + 28y = 42 3x — 5 — 7z + 16w = 5

2x 59 — 3z — 7w =0
X + 2 4 3z =1 to

x + y — 4z — 8w =9

(c) 4x + 5y + 6z = 2 (d)

3x + 4y + w =6
7x + 8 + 9z = 4

5 + 2ly — z + 3w = 2

Check to see if the following vectors u are in the null space of corresponding matrices:

() u= ; A= ; 11_; b)u= 1 | L*7°
a)u= A= - b)u= B={_ 5 ,
3 5 2 -3 1
5 1 261
1234 3 3678
(Qu=|1],C= (d)u= ,D=
5 567 8 —4 5 217
7 1 632

Prove that a n by n matrix A is invertible < nullity (A) = 0.
Prove that elementary row operations do not change the null space of a matrix.

Let A be an m by n matrix. Prove that every vector in the null space of matrix A is
orthogonal to every vector in the row space of matrix A.

Prove Proposition (3.32).
Prove Proposition (3.36).
Prove Proposition (3.38).
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* MISCELLANEOUS EXERCISES 3

In this exercise you may check your numerical answers using MATLAB.

Find a basis for the null space of A, where

1 =211
A= -1 201
2 410

University of Western Ontario, Canada

Let A be a 7 x 5 matrix, and suppose that the homogeneous linear system AX = O
is uniquely solvable. Answer the following questions:

(i) What is the rank of A?
(ii) If the linear system AX = B is solvable, is it then uniquely solvable?

A. rank(A) = 7; no.
B. rank(A) = 5; yes.
C. rank(A) = 7; yes.
D. rank(A) = 2; yes.
E. rank(A) = 5; no.
F. rank(A) = 2; no.
University of Ottawa, Canada

If we denote by Cy, C;, C3, Cs4, Cs the columns of the matrix

13 -2 0 2
26 -5 -2 4
A= 00 5 100
26 0 8 4

then a basis of the column space of A is
A.Cy, G, Cs
B.Ci, G35, C4
C.C, G
D.Cy, G
E.Cy, C3, G5
F.Ci, Gy
University of Ottawa, Canada

Let A be an m x n matrix, let b be a vector in R™, and suppose that v is a solution of
Ax=b).

(a) Prove that if w is a solution of Ax = O, then v 4+ w is a solution of Ax = b.

(b) Prove that for any solution u to Ax = b, there is a solution to Ax = O.

Illinois State University, USA
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Let A be an n x n matrix such that Ax = b has exactly one solution for each b in R".
What three other things (or facts) can you say about A.
[llinois State University, USA

For each of the following situations, provide an example of the item requested, or
explain why such an example could not exist.
(a) A homogeneous linear system of equations with no solutions.
(b) Two matrices, A and B, that are not the same size but so that AB = BA.
(c) A set of four vectors that spans R* but is not a basis for R*.
(d) A three-dimensional subspace of the vector space formed by the set of 2 x 2
matrices.
Saint Michael’s College, Vermont, USA
(part question)
Which of the following are true?
(a) If V is a vector space of dimension #, then every set of n linearly independent
vectors in V is a spanning set of V.
(b) P, contains a basis of polynomials p satisfying p (0) = 2.
(c) {1, sin*(x), cos’(x)} are linearly independent subset of F [0, 27].
University of Ottawa, Canada
Let V be a vector space. Which of the following statements are true?
(a) If {u, v, w} is a linearly independent subset of V, then also {u, v} is linearly
independent.
(b) Every spanning set of V contains a basis of V.

(c) If dim(V) = n then every set of n linearly independent vectors of V is a basis.

University of Ottawa, Canada

10-2 1 3
. -11 5 -1 -3 . .
It is given that A = 02 6 0 1 and its reduced row echelon form is
11 1 1 4
10-210
. 01 300
given by B = 00 001
00 00O

(a) Find the rank of A.

(b) Find the nullity of A.

(c) Find a basis for the column space of A.
(d) Find a basis for the row space of A.

(e) Find a basis for the null space of A.

Purdue University, USA
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(a) Letwuy, ..., ug be vectors in a subspace U of R". Define what it means
(i) foruy, ..., ug to be linearly independent
(ii) forwy, ..., ugtospan U

(b) Determine the null space of the matrix

1 3 —4
A= 2 —1 —1
-2 —6 8
(c) Determine whether the vectors
-5 —1 0
V] = 4 |, vy = 2, va=| -2
—6 -1 3

in R3 are linearly independent or linearly dependent. If they are linearly depen-
dent, express one of the vectors as a linear combination of the other two.

University of Southampton, UK

(part question)

(a) When is a subset V of R" a subspace? Give two distinct examples of subspaces
of R".

(b) What is meant by saying that the vectors vi, v, ..., Vs in R” are linearly
independent?
How is the linear span of the vectors vi, v,, ..., v, defined?

(c) Show that the following vectors in R? are linearly dependent:
vi=(L L 1),v>=(23 -2),vs=(-2 -5 10)

What is the dimension of the linear span of v, v, v3?
University of Sussex, UK

Consider the following matrix A and vector b:

2 6 —47
A=|-2-5 4|, b=
4 11 -8 -1

(a) By using row reduction, reduce the augmented matrix [A l;]

(b) Using part (a) of this question, explain why A and [A I;] have the same rank.

(c) Find in vector form the general (or complete) solution to Ax = b,
L g p
[Note that b is the vector b].

University of New Brunswick, Canada
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Compute the reduced row echelon form of the matrix

123
A=]1246
369

[ e

23
25 | € Maxs (R)
8 3

P4

Determine a basis of the null space N(A).

RWTH Aachen University, Germany
(a) Define the terms null- space N(A) of A, column space C(A) of A, rank A, nullity
A, where A € M, (R).

(b) For the following matrix A, find the reduced row echelon form of A, a basis for
N(A) and rank A and nullity A:

1 -1 20
A= 2 -2 13
-2 2 =73

Also explain why (1, 5, 1 YT and (0, 3, 3)T form a basis for C(A).
University of Queensland, Australia

(a) Determine whether the following subsets are subspaces (giving reasons for your
answers).

cd
[M (2, 2) is the vector space My, ].

(i) V = {p(x) € P, | p(3) = 0} in P,

() U:{(“ b) e M2, 2)‘a2:d2}inM(2, 2)

(i) W= {(x, y, 2 ) € R* ‘y=z+t}inR4

(b) Find a basis for the real vector space R* containing the vector (3, 5, —4).
(c) Do the following sets form a basis for V? If not, determine whether they are
linearly independent, a spanning set for V, or neither.
(i) {(1,0,1), (1,1,0), (0,1,1), (1 1 1)} for V =R3.
(i) {5, 2+x—3x2, 4x — 1} for V=P,
City University, London, UK
Let V and W be two subspaces of R”. Define the set

V+W={ueR"| u=v+ wforsomev € Vand somew € W}.

Prove that V 4+ W is a subspace of R".
lllinois State University, USA
(part question)

For the given set S and vector v, determine if v is in the span of S.

os={laa] [ La) [0S b= 20]



b)) S={l4+x x+x% x+2, 1+x+x2+x°}, v=2—3x + 4x* + &>
lllinois State University, USA

122 8
LetB=| 2 4 4 13
1115

Reduce B to reduced row echelon form by performing appropriate elementary row
operations. Hence, or otherwise, find the following.

(a) A basis for NULL(B)
(b) A basis for Col(B)
(c) The nullity of B.

(d) The rank of B.

University of Sydney, Australia

A square matrix A is called skew-symmetric if AT = —A. Prove the set of n-by-n
skew-symmetric matrices is a subspace of all n-by-n matrices.
Harvey Mudd College, California, USA

Consider the vectors:
= (
(
= (

fu—
—
~

2
4
6

L»I\)»—‘
®© NN
NN
(20 ]
SN N

(a) Are these vectors linearly independent? Justify.

(b) Let these vectors span a vector space V. Find the dimension of V and a set of
basis vectors for V.

(c) Doesthevectorv=[2 1 1 1 ]belong to the vector space V. Justify.

(d) Letvy, v2 and v3 be arranged as the first, second and third rows of a 3 x 4 matrix
A. Let the null space of A be the vector space W. Determine the dimension of W.

(e) Find a set of basis vectors for W.

National University of Singapore

If Aisa5 x 3 matrix, show that the rows of A are linearly dependent.
Clark University, USA

Can a4 x 10 matrix A have a null space of dimension 22 Why or why not?
University of South Carolina, USA
(part question)

Start with this 2 by 4 matrix
231 -1
A= [6 93 —2}

(a) Find all special solutions Ax = O and describe the null space of A.
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(b) Find the complete solutions — meaning all solutions ( x1, x2, x3, X4 ) — to

Ax — 2x1 4+ 3x) + X3 — X4 . 1
- 6x1 + 9x3 + 3x3 — 2x4 )

(c) When an m by n matrix A has rank r = m, the system Ax = b can be solved for
which b(best answer)? How many special solutions to Ax = O?

Massachusetts Institute of Technology, USA

1 2 2
Find a real number ¢ such that the vectors | 2 |, | 3|, | 7 | do not form a basis
4 5 c

of R3,
University of California, Berkeley, USA
(part question)

Find a 3 x 3 matrix whose null space (kernel) is the span of the vector (1, 2, 3), and
whose column space (image) is the span of the vectors (4, 5, 6) and (7, 8, 9).
University of California, Berkeley, USA

(a) Show that {cos(x), cos (2x), cos(3x)} is linearly independent.

(b) Show that (1 +x)3, (1 — x)3, (1 + 2x)3, (1 — 2x)3, (1 + 3x)> are linearly depen-
dent functions. State clearly any general fact about vector spaces that you use to
justify your assertion.

Hint: First show that these functions are in the subspace spanned by 1, x, x2, x°.
McGill University, Canada

(a) Prove or disprove the following statement:
Span(( 1) 2) _1: -2 )) (2: 1> 2) -1 )) = Span(( _1> 4) _7) _4)> (8) 7: 4> =7 ))

(b) If u, v, w are linearly independent vectors in R" for which values of k are the
vectors ku + v, v + kw, w + ku are linearly independent?
McGill University, Canada

True or False? Give a complete justification for your answers.

(a) Let A be an n x n matrix. If there is a vector y € R” so that the equation Ax =y
has more than one solution, then the columns of A span R”.

(b) Thesubset H={(x, y) € R? | y = x?} of R? is a vector subspace of R>.

(c) Let Abea5 x 6 matrix. Then the null space of A is a vector subspace of R®.

University of Maryland, Baltimore County, USA

Suppose that vj,...,v, are vectors in R” and that A is an n x n matrix. If
Avy,...,Av, form a basis of R”, show that vy,...,v, form a basis of R” and that
A is invertible.

University of California, Berkeley, USA



Janet Drew

is Professor of Astrophysics and Assistant Dean
of School (Research) at the University of
Hertfordshire, UK.

Tell us about yourself and your work.

I am a research astrophysicist and university professor who qualified via a physics
undergraduate degree and astrophysics PhD. Over the past 30 years I have worked in the
UK successively at University College London, Cambridge, Oxford and Imperial

College — moving to Hertfordshire a few years ago. For two-thirds of my research career
I have operated as a theoretical astronomer specialising in the modelling of ionised
outflows from hot stars and accretion disks in various settings. More recently the
emphasis has shifted to observational astronomy through leading the international
consortium of scientists carrying out digital optical broadband surveys, with
narrowband H-alpha, of the Milky Way (see e.g. http://www.iphas.org).

How do you use linear algebra in your job?

It was more important to me as a theoretical astrophysicist, because then the modelling
involved the numerical solution of mildly non-linear systems of simultaneous equations,
generally rendered in linear form to make them tractable. Although less important now,
it hasn’t gone away because it turns out that one of the best methods of establishing a
global uniform calibration to wide-field astronomical survey data is to set up and solve a
large system of simultaneous equations (of dimension several thousand).

How important is linear algebra?

Very. The need to obtain reliable solutions to systems of linear equations is extremely
common in the world of physical science. It's everywhere, frankly. As I set out on my
research career, after obtaining my PhD, one of the first book purchases I needed to make
was a textbook in numerical analysis (the real-world computational application of linear
algebra, essentially) to sit by my side as I found ways to model radiation transport effects
in the statistical equilibrium of many-level hydrogen atoms. Hydrogen, incidentally, is
far and away the most abundant and therefore most important element in the Universe —
it has to be described well in understanding its gas content both in stars and in the space
in between them.



What are the challenges connected with the subject?

If I may subtly redefine the subject as numerical analysis, one of the challenges is to find
ways to test that you really are solving the system(s) of equations you want to solve in
non-trivial cases. The issue of convergence (and efficiency) arises too, for schemes that
aim to deal with non-linearity through iteration. It doesn’t usually take too long to set up
an algorithm, but it takes a whole heap longer to validate them.

Have you any particular messages that you would like to give to students
starting off studying linear algebra?
... Just that it really has more applications than you can even begin to imagine when you

first meet the nuts-and-bolts mathematics at school and undergraduate level. Matrices
are your friends: treat them nicely and they will do so much for you.



SECTION 4.1 © Introduction to Inner Product Spaces

By the end of this section you will be able to
understand what is meant by an inner product space
prove some properties of inner product spaces

define and prove properties of the norm of a vector

In chapter 2, we introduced the idea of a dot product for a Euclidean n-space. In this
chapter, we extend the concept of a dot product to general vector spaces. The general oper-
ation that will replace the dot product in general vector spaces is called an inner product. In
fact, the dot product was an example of a specific operation more commonly referred to as
an inner product, in a Euclidean n-space.

General vector spaces such as the set of polynomials, matrices and continuous functions
are fundamentally identical in structure to the Euclidean n-space. Because of this, all of the
proofs we introduced for the dot product in Euclidean n-space hold for any inner product
space. An inner product space is a vector space with additional structure which caters for
distance, angle and projection of vectors. We need inner products to define these three
notions for general vector spaces.

So far we have only looked at the fundamental linear algebra operations of scalar mul-
tiplication and vector addition. We have not mentioned anything about an inner product
that involves multiplication of vectors with each other in the general vector space, or inner
space.

4.1.1 Definition of inner product

How did we define the inner or dot product in chapter 2?

Ul V1

letu=| : | andv=] : | bevectorsin R" then the inner product of u and v denoted by
Un Vn

u-vis

(2.4) u-v=ulv= upvy + upvy +uzvy + - -+ upvy

Remember, the answer was a scalar not a vector. This inner product was named the dot
product (also called the scalar product) in R”. This is the usual (or standard) inner product
in R” but there are many other types of inner products in R”.
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For the general vector space, the inner product is denoted by (u, v) rather than u - v. For
the general vector space, the definition of inner product is based on Proposition (2.6) of
chapter 2 and is given by:

Definition (4.1). An inner product on a real vector space V is an operation which assigns
to each pair of vectors, u and v, a unique real number (u, v) which satisfies the following
axioms for all vectors u, vand w in V and all scalars k.

(u, v) = (v, u) [commutative law]
(u+v, w) = (u, w) + (v, w) [distributive law]
(ku, v) = k(u, v) [taking out the scalar k]

(u, u) >0 and we have (u,uy =0 u=0 [Means the inner product
between the same vectors is zero or positive.]

A real vector space which satisfies these axioms is called a real inner product space. Note
that evaluating (, ) gives a real number (scalar) not a vector. Next we give some examples

of inner product spaces.

4.1.2 Examples of inner products

Example 4.1

Show that the Euclidean n space, R", with the dot product as defined in (2.4) on the previous page is
indeed an example of an inner product space.

Solution
See Proposition (2.6) of chapter 2.

The dot product is just one example of an inner product. In fact, there are an infinite
number of ways we can define an inner product. The next example demonstrates another
inner product on R? defined by a matrix sandwiched between two vectors.

Let the Euclidean 2 space, R2, be a vector space with

12
(u, w) :uTAwwhereA:(2 5)

Show that this is an inner product for R2. [Similar to the dot product which is u”w, but this time we are
required to multiply the vector w by the matrix A and then carry out the dot product.]

Solution
Exercises 4.1. [This example works because A is a symmetric matrix, that is AT = A ]
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Let P, be the vector space of polynomials of degree 2 or less. Let
p=co+cx+ cx% and q=do+dix+ dax?
be polynomials in P,. Show that the multiplication of coefficients:
(p. ) = codo + c1d1 + 2>

defines an inner product on P;.
[For example, if p = 2 + 3x 4 5x® and q = 4 — x + 7x? then

(P, q) =2 x4+ 3B x (=1)) + (5 x 7) = 40]
Solution

How do we show (p, q) = codo + c1d1 + c2d2 is an inner product on Py?
Checking all four axioms of Definition (4.1).

(i) We need to check (p, q) = (q, p) holds for the multiplication of coefficients:
(p, 9) = codo + c1d1 + 24>

= doco + dic1 + dac
Ll 141 22 does not matter

remember, the order of multiplication ]

=(a. p)

(ii) We need to check (p + g, r) = (p, 1) + (g x):
Adding the two quadratics p = ¢y + c1x 4+ x> and q = do + dix + dpx? gives:

p+aq=(co+do)+ (c1 +di)x+ (c2+da)x*
Letr = ep + e1x + exx?. Finding the inner product of p 4+ q and r:

p+q 1= <(CO +do) + (c1 +di) x+ (c2 + da) %, e + erx + ezx2>

= (co + do) ey + (cl + dl) e + (cz + dz) e [multiplying coeiﬁcients]
= cpep + doeg + cre1 + dier + caex + daes

Evaluating the addition of the other inner products:

(p, r) + (q, r) = cpeg + c1e1 + caex +doeg + die + dae

=(p, 1) =(¢1)
= cpeo + doeg + c1e1 + dier + crex + daer [rearranging]
= (p +q, r) [from above]

Hence part (i) is satisfied — (p + g, 1) = (p, r) + (g, 1).

(continued...)
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(iii) We need to check (kp, q) = k(p, q)  [taking out the scalar kJ:

(kP’ ‘1) = (k (co +c1x+ czx2>, do + dix + d2x2)
= (k o + keix + keax?, do + dix + d2x2> [opening brackets]

= kcodg + ke dy + keydy [multiplying coeﬂicients]
=k (codo + c1dy + Czdz) [taking out a common factor]

= k{p. q)

Hence part (jii) is satisfied.

(iv) We need to show (p, p) > 0 and that we have <p, p) =0&p=0:
<P> P) = (co +c1x + czxz, co +cax+ czxz)
= coco + c1c1 + 262 = (c0) + (c1)* + (c2)* = 0
Also
. p)= )+ @)+ (@2)?=0 & g=ca=c=0

Ifco =c1 =c; =0thenp=0.
All four axioms are satisfied, therefore multiplication of coefficients:

(p, q) = codp + c1d1 + coda
forms an inner product on P;.

In the above example, we defined the inner product as multiplication of each coefficient
of the quadratic polynomial:

(p. @) = codo + c1d1 + c2d;
However, if we define this as the addition of the coefficients:
<P, q) = (Co + do) + (C1 + dl) + (Cz + d2)

then <p, q) is not an inner product.

&R Why not?
Because axiom (iv) of Definition (4.1) fails, that is (p, p) > 0 is false.

For example, if p = —1 — x — x* then

(p, p>=<—1—x—x2, —l—x—xz)
=-1-D+(C-1-1)+(-1-1)=-3<0



Hence (p, p) #0 [not greater than or equal to zero].

Next we define an inner product on the vector space of matrices, M. For this we need
to define what is meant by the trace of a matrix:

The trace of a matrix is the sum of its leading diagonal elements, that is

trace( @ é)=a+d

One example of an inner product on the vector space of matrices is the following:
Let M>; be the vector space of 2 by 2 matrices and inner product on My, be defined by

(A, B) = tr (BTA)

where tr is the trace. This is an inner product on M, - you may like to check all 4 axioms.
If we define the inner product as our normal matrix multiplication (A, B) = AB on M,
then this is not an inner product.

&R Why not?

Because the commutative law does not hold, that is
(A, B) = AB # BA = (B, A) [not equal]

There are many other examples of inner product spaces which you are asked to verify in
Exercises 4.1. Next we move onto proving properties of general inner products.

4.1.3 Properties of inner products

Proposition (4.2). Let u, v and w be vectors in a real inner product space V and k be any
real scalar. We have the following properties of inner products:

i) (u, 0) = (0, V) =0 (ii) (u, kv) = k(u, v)

(iii) (u, v+ w) = (u, v) + (u, w)

&R How do we prove these properties?
We use the axioms of inner products stated in Definition (4.1).

Proof of (i).
We can write the zero vector as 0(O) because 0(0) = O. Using the axioms of definition
(4.1) we have
(u, 0) = (u, 0(0))
= (0(0), u) [by part (i) of (4.1) which is (u, v) = (v, u}]
= 0(0, u) [by part (iii) of (4.1) which is (ku, v) = k(u, v)]
=0

Similarly (O, v) = 0.
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Proof of (ii).
The inner product is commutative, (u, v) = (v, u), which means we can switch the vectors
around. We have

<u, kv) = (kv, u) [switching vectors (u, v) = (v, u)]

=k(v, u) [by part (iii) of (4.1) which is (ku, v) = k(u, v)]
=k

(u, v) [switching vectors (u, v) = (v, u)]
[
Proof of (iii).
We have
(u, v+w) = (v+w, u) [switching vectors (u, v) = (v, u)]
— v ) 4w, u) by part (ii) of (4.1) which is
(v+w, u) = (v, u) + (w, u)
= (u, v) + (u, w) [switching vectors (u, v) = (v, u)]
[

4.1.4 The norm or length of a vector

From chapter 2 we know that we can find the length (norm) ||u|| of a vector u.

Do you remember how the (Euclidean) norm was defined?
The norm or length of a vector u in R" was defined by Pythagoras’ Theorem: |lu]| = /u - u.

The norm is defined in the same manner for the general vector space V. Let u be a vector
in V then the norm denoted by ||u|| is defined as

(4.3) lul| = +/(u, u) [positive root]

Note that for the general vector space we cannot use the definition for the dot product
because that is only defined for Euclidean space, R", and in this chapter we are examining
inner products on general vector spaces. The norm of a vector u is a real number which
gives the size of the vector u.

Generally to find the norm ||ul|| we find llull?> = (u, u) and then take the square root of
the result.

How do we find the norm of a function or a matrix?
The norm of a matrix A in the vector space M, is given by the above (4.3):
Al = +/(A, A) where (A, A) is the inner product of A and A.

Norm measures the magnitude of things. For example, if take our earlier inner product
defined for matrices, (A, B) = tr (BTA), then we can evaluate the magnitude of ||A|| and
|B]| by calculating the norms.
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Let A = ( ; i ) and B = ( 1020 ),ﬁnd |A] and ||B]|.

30 40
We have

JAIP = (A, A>=tr[(; Z)TC j)}
S ERIEE (o e

Hence ||A| = +/30. Since the inner product is the trace of the matrix, we don’t need to
worry what the entries on the other diagonal are; that is why we have placed * in those
positions.

Similarly

[IB]l = /3000 = 104/30 = 10]|A|| [because ||A| = +/30]

Notice that the entries in matrix B are 10 times the entries in matrix A. The norm of
matrix B is 10 times the norm of matrix A.

Q Why are we interested in the magnitude of a matrix?
Remember, matrices are functions applied to vectors such as x, say. We generally want to compare
the size of vectors Ax with Bx, which is given by their norms ||Ax|| = [|A]| [Ix]| and [|Bx|| = ||B]| |Ix]|.
In the above example, the vector Bx is 10 times larger in magnitude than vector Ax.

In the following example we apply the norm to vector spaces of continuous functions.

ERpIe AR ————————

Let C [0, 1] be the vector space of continuous functions on the closed interval [0, 1]. Let f(x) = x
and g(x) = x* — 1 be functions in C[0, 1] and their inner product be given by

1
(f g) = / f(x) g(x) dx
0

This inner product requires us to multiply two vectors and then sum them over [0, 1]. [Similar to the
dot product but in place of a finite sum we have an integral because we are dealing with continuous
functions.] Determine:

(£ g) (ii) 1] (iii) | g (iv) g (v) I — h|| where h(x) = x*

Solution
1

(i) The inner product (f, g) = [ f(x) g(x) dx with f(x) = x and g(x) = x% — 1 gives
0

(continued...)
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1

(f g) = f f(x) g(x) dx
0

1
= /x (x2 — 1) dx [substitutingf(x) =xandg(x) = x> — 1]
0

(i) As stated above, to find ||f| we determine [|f]|> = (f, f) and then take the square root of the result:

IF1* = (£ O
1 1 ! o
- /f(x) ) dx = fxx dx = /x2 dx = [%] =5 [because xx = x2]
0 substituting fix)=x 0 0

What is || f|| equal to?
2 _ 1 hich 1
Square root of ||f||* = 3 which is [[f]| = 7

What does this ||f]| = % signify?

1/2

1

The norm ||| = ( f [f(x)]2 > dx involves integrating (summing) the function squared, and then
0

taking the square root which measures an average value of the function, called the root mean

square — rms.
Ifll = 1/+/3 = 0.577 (3dp) is the rms value of the function f(x) = x between 0 and 1.

(iii) Similarly we have

1

lgl* = (g ¢ = / g g(x) dx

0

1
= / (x2 = 1) (x2 = 1) dx [substituting g(x) =% — 1]
0
1
5 8 t
1 2 8
= / (x4 — 2% + 1) dx = |:x— = ZX— +x:| ====Fl== [integrating]
o 5 3 5
0

What is || gH equal to?

We need to take the square root of % to find Hg“ Hence Hg” =4 1% signifies the rms value, which is an
average value of the function g(x) = x> — 1 between 0 and 1. Note that this Hg“ is always a positive
value, despite g(x) = x> — 1 being negative between 0 and 1, because we have squared the function and
then taken the positive square root.
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(iv) Similarly to find ||f — g|| we first determine ||f - g||2 and then take the square root:

lt—g|* ={f-g f—g
1
= / [f®) —g@] [fx) —g@)] dx
0

= / [x — - 1] [x — X2 — 1] dx [substituting]
0

1
:[( 2—x3—x—x3—|—x4—{—x2—x—|—x’2—|—1>dx [expanding]
0
1
_ 4 3 2 e F3:
= [ (x — 2x° 4 3x —2x—|—1> dx [s1mphfy1ng]
0 1
x 2x4+3x3 2x2 + [integrating]
=|— —z— -_— — 44— X ntegratin;
5 74 73 T2 0 S

N ST SN N S WY
=|———4+x —x"+x| =|=-—= - = —
5 2 o L5 2 10
Hence ||f— g|| = 4/7/10.
(v) Similarly [|f — h|| = +/8/105.

”f — g” measures the distance between functions f and g and is critical in the study of
mathematical and numerical analysis. A measurement of distance between functions tells
us how close together these functions are.

The distance or metric between two vectors u and v is denoted by d (u, v) and is
defined as
(4.4) d, v) =lu—v|

In the above Example 4.4, the distance between f and g was given by ||f — g|| = J7/10
and the distance between f and h was ||f — h|| = +/8/105. Clearly f is closer to h than g
because +/8/105 = 0.276 is smaller than +/7/10 = 0.837.

Remember, we have introduced f and g as vectors in a vector space of C [0, 1]. We can
view this as shown in Fig. 4.1.

1
Al = —
ngn:\/% J3

Figure 4.1

We use inner products to measure how close one function is to another. This is
important in the study of numerical analysis.
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Q What does |f — g| = 0 mean?
The functions f and g are equal because

lf—g|=0 = (f-gf-g=0 = f=g

Next we look at a norm on the set of polynomials P,,.

Determine the norm |||| of the quadratic (vector) in P, where the inner product is given by

(p, q) = codo + c1d1 + coda [multiplication of coefficients]
for (i) p=x*>+x+1 (ii) q =2x% +2x+2 (i) r = c2x® + c1x + ¢
Solution
We can plot these vectors in 3d space with axes labelled x%, x and constant. These axes are not
perpendicular to each other as we will show in section 4.3.

Sincep = x% + x + 1, the %, x and constant coefficients for pare1,1and 1 respectively. Similarly we
plot the other vectors (Fig. 4.2).

2
X

o
s

pr—

X Figure 4.2

Constant

We will show in section 4.3 that the constant and x axes are, in fact, perpendicular to each other.
However, the x? axis is not perpendicular to these.

(i) By definition (4.3) above we have ||p| = ,/(p. p) so first we find ||1:J||2 = (p, p) and then take the
square root:

o) =(F+x+1 2 txt1)=12+12+17=3

Taking the square root yields ||p|| = /3.
(ii) Similarly we have

0 9)= (22 +2+2 22 +2x+2) =2+ 22+ 22 =12
Hence ||q|| = «/1_: V4 x 3:2«/3,

(iiii) Again, repeating this process for r = cx? + ¢1x + co:
(r, 1) = coco + c101 + €262 = (c0) + (1) + (2)?

Therefore ||r] = /15, 1) = v/(c0)? + (c1)% + (c2)%.




This ||x|| gives the size of the quadratic by applying Pythagoras to each of the coefficients
(legs), co, ¢1 and cy.

Note that, for this Example 4.5, we had ”p” = /3 and Hq” = 24/3, which means that
the quadratic q = 2x? + 2x + 2 is twice the size of p = x* + x + 1, and note that q = 2p.

Some norms are not defined in terms of the inner product.

. . T .
Consider the Euclidean space R” and let x = ( X1 X2 o+ Xp ) be a vector in R”, then
the following are important norms in this space:

Ixlly = Ix1] 4+ lx2| + |x3] 4+ - + |x4] [This is called the one norm]

x|, = \/|x1|2 + x> + %31 + -+~ + |x/*>  [This is called the two norm]

|x|| oo = max (|x]|) where j=1,2,..., n [This is called the infinity norm]
Note that [|x]|o, = max (’xj|) where j =1, 2,..., n means that we select the maximum
absolute value out of x1, x5, X3,... and x,. This norm measures the maximum absolute

value. For example, if we have the vector x = (—1 4 -9 7) "'in R* then

Ixlly = [—11+ 4] + [-9] + 17| = 21

x|, = \/|—1|2 + 412 4 [-91* + |7]* = V147 = 12.12 (2 dp)
”X”oo = maX(|_1| > |4| > |_9| > |7|) = maX(l, 4) 9: 7) =9

Which norm should we use?

In a physical situation, you must decide which of these norms suits your problem. For example,
suppose we want to measure the noise on a signal, which means that we need a way to measure
the variation from the main signal. For the above defined norms, ||x||o, would measure the largest
difference, |x|l, would measure the added average variation and ||x||; would measure the total
difference from the main signal. Once you have decided which measure is most appropriate then
you try to minimize this.

4.1.5 Properties of the norm of a vector
Next we state certain properties of the norm of a vector.

Proposition (4.5). Let V be an inner product space and u and v be vectors in V. If k is any
real scalar then we have the following properties of norms:

(i) llu]l > 0 [non-negative] (i) lul =0 u=0 (i) ”ku” = |k| [l
[Note that for a real scalar k we have Vi2 = |k| where |k| is the modulus of k.]

How do we prove these results?
We use the definition of the norm given above:

(4.3) lull = /{u, w)
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Proof of part (i).
By the definition of a norm (4.3) |lu|| = +/{(u, u) we have

lull = v/ (u, u) >0

Proof of part (ii) which is |lul| = 0 < u = O.
Again, by the norm definition (4.3) we have

lu =V{w,uy=0 = u=0
and

u=0 = |u|=+v(0, 0)=

Proof of part (iii), which is ||ku|| = |k| [l
Applying the norm definition (4.3), we first find H ku|| ? and then we take the square root:

[kl = [k, ku)
= k(u, ku)
= kk(u, u) = k* (u, u)

Taking the square root gives

|ku] = VR (u, w) = Vi2/(u, w) = [K| u]

This is our required result.

Q Summary
(4.1). An inner product is a function on a vector space which satisfies the four axioms.
The norm or length of a vector denoted ||ul|, is defined as [|u|| = /(u, u).

« EXERCISES 4.1

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Consider the inner product defined on C [0, 1] defined in Example 4.4.
Iff(x) = x and g(x) = x* then determine the following:

(@) (£ g) (b) (g. f) (c) (3, g) @ (£ O

(e) Il () (g 8)




Let C[—1, 1] be the vector space of all the continuous functions on the interval
[—1, 1]. The following is an inner product on C[—1, 1]:

1
(f, g) = /f(x)g(x) dx
-1

If f(x) = x and g(x) = x° then determine the following:
(a)(f, g (b) (g, f) (0 (3, g) (d) (£ )
(@) Il () (g g) ® [l

Let P,(x) be the vector space of polynomials of degree 2 or less. Consider the inner
product on this space given in Example 4.3.
If p=2—3x+ 5x* and q = 7 + 5x — 4x? then determine the following:

@ (p, q) (b) (g, p) © (p, —3q) @ (p: p)

© |p] () {a. q) @ [al
Show that (u, w) = u’ Aw, as defined in Example 4.2, is indeed an inner product.

Let M>; be the vector space of 2 by 2 matrices and inner product on M3, be defined
by
(A, B) = tr (BTA)

where tr is the trace. For A = ( L2 ), B = (5 6 ) and C = ( -1 > determine

3 4 7 8 2 5
(a) (A, B) (b) (5A, B) (c) (A, —B)  (d) [IA] (e) IB|
(f) (A, C) (g) (B, C) (h) (A+B, C) (i) (A, C+B)

Let V be an inner product space. Prove the following results in the inner product
space:

(@) (w, v—w) =(u, v) — (u, w)

() (w—v, w) = (u, w) — (v, W)

(©) (k1u, kv) = kik; (u, v)

(d) (k1w + kv, ksw + kyx) = kiks (u, w) + kiky (0, x) + kaks (v, w) + kaks (v, x)
(e) (kruy + kauz + -+ - + kpu, W) = ki (wg, W) +ka (02, W) + - + ky (u, W)

Let C[0, 1] be the vector space of all the continuous functions on the interval [0, 1].

Consider the normal inner product of this space given in Example 4.4.
Iff(x) = x+ 1, g(x) = x? and h(x) = x — 1 then determine the following:

(@) (f g) (b) (g, h) () (£, h) (d) (f+g h)
(e) (£, h+g] (f) (£ + 3g, ) (8) {f—3g h) (h) (f — g h)
(i) (2f + 5g, 6h) (j) (—10f, 2h + 5g)
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Let C[0, 1] be the vector space of all the continuous functions on the interval [0, 1].
Explain why the following is not an inner product on C[0, 1]:

1
/ f(x) —gx)] d
0

Show that (u, v) = u’ Av, where A = ( ; i ) is not an inner product on R2.

T
Show that (u, v) = uyvy + upvy + u3vs — ugvs, where u = ( Uy Uy U3z Uy ) and
T , . .
v= (v v v3 vs4) arevectorsinR*, is not an inner product on R*.

Let u, v and w be vectors in an inner product space V. If
(w, v) =—1, (u, w) =5, (v, w) =3, [v]| =2, [[u]| = 4and [|w]| =7,

then determine the following:
@) (w, v+w) (b)) 2u+3v,5v—=2w) (Jflu—v] (d)llu—v—w]|

In (4.4) we defined the distance function as
d(u, v)=lu—v|

where u and v are vectors in V. Prove the following properties of this distance

function:
(@) d, v) =d(v, u) ®)d(u, v) >0 dw,vy=0&u=v
(d) d(ku, kv) = |k| d(u, v)

SECTION 4.2 © Inequalities and Orthogonality

By the end of this section you will be able to
state and prove Cauchy-Schwarz and Minkowski inequalities

understand what is meant by orthogonal, normalized and orthonormal

vectors

A common application of the inner product is to establish when two or more vectors are
orthogonal, or perpendicular to each other.

[ Why is orthogonality important?
For general vector spaces such as polynomials, matrices and functions, a simple basis is one where
the set of vectors are mutually orthogonal (perpendicular) and have unit length. We will discuss
the concept of a basis in the next section.

First, we do a numerical example involving the norm and the inner product in R2. In
this example, the inner product is the usual dot product for R?.



_

Letu = <; ) andv = (i) be in R?. Determine the following with respect to the dot product:
(i) [{w, v)| (i) full v (iii) flal + (v (iv) flu+ vl

Solution

1
2

(ii) Remember, the symbol ||| means the length of the vector. By Pythagoras we have
ful = H (;) ” CVETZ =5 and vl = H (i) ” _TiEes

Multiplying these we have ||u]| [|v|| = /5 x 5= 11.1803 (4dp).

(i) We have (u, v) =u-v= ( ) . (i) = (1 x3)+ (2 x4) = 11. Hence |{u, V)| = |11| = 11.

(iii) Adding both the above results in part (i) we have
lull 4 [[v]l = +/5 + 5 = 7.2361 (4dp)

(iv) Similarly by using Pythagoras we have
(;) + (Z) H = H (:) H = V42 +62 = /52 = 7. 2111 (4 dp)

We can illustrate these in R? (Fig. 4.3):

lu+vl =

- NN W b~ oo

Figure 4.3

4.2.1 Inequalities

In this subsection we prove two inequalities:

[(u, v)| < |lu|l v  Cauchy-Schwarz inequality
lu+ vl <llull + vl Minkowski inequality

First we state and prove the Cauchy-Schwarz inequality. It is an important inequality

which is used in many applications and fields of mathematics. It is a slightly more involved
proof because we apply one particular result of quadratic equations in order to prove the
Cauchy-Schwarz inequality.
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O Under what conditions is the general quadratic ax* +bx+c¢>0 (greater than or equal to zero)?
Well, the graph of such a quadratic lies above (or on) the x axis, as shown in Fig. 4.4:

y

ax?+bx +¢c=0

b*—4ac<0

> X Figure 4.4

For the quadratic, ax? + bx + c, to be greater than or equal to 0 for all x means that either
the graph does not cross the x axis or it touches it at just one point. This is satisfied when

b* —4ac <0 (t)

This is where the discriminant, b?> — 4ac, is less than or equal to zero. [Remember, the
discriminant in this case means that it discriminates between real and complex roots of a
quadratic equation.]

The Cauchy-Schwarz inequality for Euclidean space R" was covered in section 2.2.3.

It demonstrates a universal inequality between inner products and norms, and was given
by:

lu-v] < [[ull [|v]|

Here we expressed the inequality in terms of the dot product, but we can extend this
definition to the general inner product:

[(a, V)| < [lall Iv]

The Cauchy-Schwarz inequality (4.6). Let u and v be vectors in an inner product space,
then

[{w, )| < [lullIv]
We can see this inequality for the above Example 4.6:

[{(w,v)| = 11 <11.1803 = vl
by part (i) by part (ii)

Note that the Cauchy-Schwarz inequality connects the notion of an inner product with
the notion of length.
[Hint: Consider the inner product (ku +v, ku+ v) where k is a scalar.]



Proof.

& How do we prove this result?
p
By the hint, expanding the given inner product <ku +v, ku+ v) and by using the rules on inner
products established in the last section:

(ku +v, ku +v) = (ku, ku) + (ku, V> + <v, ku> + (v, V)
=K (u, u) + k{u, v) + k(v, u) + (v, v)
—
=2k(u, v) because (u, v)=(v, u)

= 12 [u)l? + 2k(u, v) + [Iv] [remember (u, u) = ||u||2]

By Definition (4.1) Axiom (iv), we have (w, w) > 0, which means that the inner product
between the same vectors is > 0:

<ku +v, ku+ v) >0 [remember ku + v is a vector]
Substituting this into the above expansion we have
K [l + 2k(w, v) + [[VI* =0 ()
We consider this as a quadratic equation by taking k as our variable. We can write this as
ak? + bk + ¢ > 0 where a = |[u||>, b =2 (u, v) and c = ||v||?

The quadratic is > 0, therefore we can substitute these a = lull®>, b=2{(u, v) and
¢ = ||v||? into (1), which is given above by; b2 —4ac < 0:
b —dac= 2 (u, v))> —4Jul*v|* <0
2 (w, v)* < 4|u|?|v]?
4((u, v)* < 4lu)* v/

((w, v)? < [u?[Iv|>  [cancelling 4]
V{u v)? < Vllu)? v? [square root]
[{u, v)[ < [lu]l [v] [remember, V= |x|]

This is our required result, the Cauchy-Schwarz inequality.

An important inequality for addition of norms of vectors is the following:

The Minkowski (pronounced ‘Minkofski’) or triangular inequality (4.7). Let V be an inner
product space. For all vectors u and v we have

e+ vl < [l + v
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O What does this mean?

In R? we have (Fig. 4.5):

» «~\

oy

lull 8 Figure 4.5
[Remember, this is the donkey theorem: if a donkey is at station A and the food is locat-
ed at station C then the donkey would travel the shortest distance along AC not AB and
then BC.]
In the above Example 4.6 (see Fig. 4.3(b)) we had the inequality:

lu+vll = 72111<72361 = [ull+]|v]
by part (iv) by part (iii)

Proof - Exercises 4.2.
|

Note that the Cauchy-Schwarz inequality establishes an inequality connecting the multi-
plication of vectors:

[(u, V)| < [lull [Iv]
while the Minkowski inequality is an inequality relating addition of vectors:
o+ vl < flull + vl

4.2.2 Orthogonal vectors

Can you remember what orthogonal vectors meant in the Euclidean space R"*?
Two vectors u and v in R” are said to be orthogonal or perpendicular <

(2.5) u-v=20
Hence for the general vector space V with an inner product we have:

Definition (4.8). Two vectors u and v in the vector space V are said to be orthogonal
& (u, v)=0

This is a fundamental and very useful result in linear algebra.

If vectors u and v are orthogonal, we say that u is orthogonal to v, or vice versa that is v
is orthogonal to u because (u, v) = (v, u) = 0.

Consider the vectors u, v, w and x in R?2 (Fig. 4.6):



(u, x) is positive

(u, w) is negative

(u, v)=0 Figure 4.6

You may recall from chapter 2 that vectors acting in the same direction have a positive
dot product and vectors in opposite directions have a negative dot product. If they are
perpendicular (u and v) then the dot product is zero.

Applications such as signal processing, communication and radar systems rely on inner

products such as S = KH—;”, H_Z’HM where x and y are non-zero signals (vectors) in an inner

product space. In the exercises, you are asked to show that this expression S lies between
0 and 1. S measures the degree to which the two signals are alike. A value of S close to 1
means that the signals are similar in nature. A value of S close to 0 means that the signals
are very different but not necessarily orthogonal.

This expression S is useful in a matched filter detector. The detector uses S to compare a
set of signals against a target signal to decide which signal is most like the target signal.

Another application of orthogonality is in information retrieval, because vector spaces
can be used to represent documents. A document and a query term can be represented by
vectors d and q respectively. If (q, d) = 0 then vectors q and d are orthogonal, which means
that the query term does not exist in the document.

To know that two functions or a set of functions are orthogonal is of incredibly pow-
erful mathematical value, because you can use the theorems of linear algebra to develop
approximations that are as close as you like to difficult functions that may be impossible
to calculate in any other way. This is particularly true in the fields of mathematical physics
such as Fourier analysis, polynomial series approximations and Legendre polynomials.

Orthogonality signifies a certain kind of ‘independence, or a complete absence of
interference. If the inner product is zero then one vector has no interference on the other.

Show that the vectors p = x% + x + 1 and q = —x? — x + 2 are orthogonal in the vector space of
polynomials of degree < 2, P,, where an inner product is given by

(p, q) = cady + c1d1 + codp  [multiplying coefficients]

(p = C2x2 +c1x+cpandq = d2x2 + dix + dp).

Solution
Forp = x* +x+ 1and q = —x2 — x + 2 we have

(p. q)=<x2+x+1, — —x+2>
=<(1)x2 + M) x+1, (1)K + (—l)x+2>
=1 (=D +1(=1)+1@2)=0

(continued...)
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We conclude that the given vectors p and q are orthogonal because (p, q) =0.
We can illustrate this as shown in Fig. 4.7.

Figure 4.7

Example 4.8

Let the vector space of matrices of size 2 by 2, M»;, have an inner product defined by
(A, B) =tr (BTA) where tr is trace
. -1 -1 12 .
Show that the matrices A = 1 s and B = 3 o )2 orthogonal with respect to each
other.

Remember, the trace of a matrix is the addition of leading diagonal entries.

Solution

wm=n(a)=s|(12) (71 2]
= AGHCT) 2, (L 5)-2em

transposing multiplying

Hence matrices A and B are orthogonal, because (A, B) = 0.

The structure of Euclidean vector spaces is exactly the same structure we find in other
vector spaces. In the next example you will see this structure extended to accommodate the
integrals of sine and cosine products.

Example 4.9

(Fourier series). Show that the vectors f () = cos () and g(#) = sin (¢) are orthogonal in the set of
continuous functions C [0, 7] with respect to the inner product given by

(£ g = /0 f® gt dt
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Solution
We have

g

(£, g) = {cos (), sin (1)) = /cos (¢) sin (¢) dt @)
0

How do we integrate cos (t) sin (t)?
Use the following trigonometric identity:

cos (t) sin (t) = % sin (2t) (1)

Substituting this into the above we have

N =

n T
/ cos () sin (¢t) dt / sin (2¢) dt [applying the identity (T)]
0 0

= 1 |:— M] |:because[ sin (kt) dt = — cos (kt) i|
2 2 k

0

—i [cos (271) — cos (0)] |:

= —i [I—=1]=0 [because cos (271) = cos (0) = 1]

substituting limits and
taking out — 1/2

By (*) we conclude that (f, g) = 0, which means that f(#) = cos (t) and g(t) = sin (¢) are orthogonal
in C [0, 7r]. Hence sine and cosine functions are orthogonal in C [0, ]. This is an important result in the
study of Fourier series.

Next we prove Pythagoras’ Theorem which is applicable to vectors in general vector space
with an inner product.

Pythagoras' Theorem (4.9). Let the vectors u and v be orthogonal in an inner product space
V then

2 2 2
lw+vI|” = [lul|” + [Iv]

Proof.
Expanding the left hand side we have

lu+v|’>=(u+v, utv) [by definition of norm, [|w||?> = (w, w)]
= (u, u) + (u, v) + (v, u) + (v, v) [u, v are orthogonal so (u, v) = (v, u) = 0]
S——— - ——
=0 =0

= ul®+[vl*>  [remember, (w, w) = ||w]*]
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Proposition (4.10). Every vector in an inner product space V is orthogonal to the zero
vector, O.

Proof.
Let v be an arbitrary vector in V. Then

(v, O) = 0 [because by (4.2) part (i) we have (v, O) = 0]

Since v was arbitrary, every vector in V is orthogonal to the zero vector, O.

4.2.3 Normalizing vectors

Q What is a unit vector?
A unit vector u is a vector of length 1 or a norm of 1, that is [lul| = 1.

The process of converting a given vector into a unit vector is called normalizing.

Proposition (4.11). Every non-zero vector w in an inner product space V can be normal-
ized by settingu = .

wll

Proof - Exercises 4.2.

We write the normalized vector w as W, which is pronounced as ‘w hat'. We have u = w.

_

Normalize the vector p = 5x> — 2x + 1 in P, with respect to the usual inner product of multiplying
coefficients.

Solution

The normalized vector P is given by p = p/ ||p|| where p = 5x% — 2x + 1.

What is ||p|| equal to?

By the definition of the norm (4.3) we have ||p||2 = (p, p), which we can evaluate by using the given
inner product:

ol = {p. p) = (55> — 2+ 1, 5% — 25+ 1)
=05x54+(-2x(=2)+ (1 x1)=30 [multiplying coefﬁcients]
Taking the square root of ||p||2 = 30 gives ||p|| = /30. Hence the normalized (unit) vector is

p=-Lr = (5x2—2x+1)

_—p=—
Iel — lel™ v30 il __— 7
=p



4.2.4 Orthonormal set

A set of vectors which are orthogonal (perpendicular) to each other is called an orthogonal
set.

A set of vectors in which all the vectors have a norm or length of 1 is called a normalized
set.

A set of perpendicular unit vectors is called an orthonormal set. This is a set of vectors
which are both orthogonal and normalized.

T T.
For example, the set of vectors e; = ( 10 ) and e; = ( 01 ) in R? are orthonormal
(perpendicular unit) vectors with the inner product as the dot product:

(el,eg):((1)>~<(1)):(1x0)+(0x1)20

The vectors e; and e, are orthogonal (perpendicular). The norms or lengths of these
vectors:

leill = llez2fl =1

Thus the vectors e; and e; are orthonormal (perpendicular unit vectors) because they
are both orthogonal and normalized vectors.
Examples of orthonormal sets are shown in Fig. 4.8 for R? and R>:

€=(0
1 €
A

(a) (b)

Figure 4.8

Remember that these are the standard basis vectors and they are also an orthonor-
mal (perpendicular unit) basis for R? and R3. These perpendicular unit vectors make a
convenient basis as we will discuss in the next section.

Definition (4.12). Let V be a finite-dimensional vector space with an inner product. A set
of vectors

B= {ul> up, u3,..., un}

for V is called an orthonormal set if they are
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orthogonal, that is (u;, ;) = 0 for i # j
normalized, that is ||uj || =1lforj=1,23,...,n

Normalized vectors have a norm (or length) of 1.
Orthogonal (different) vectors are orthogonal (perpendicular) to each other.

_

Show that B = {ej, e, e3} forms an orthonormal (perpendicular unit) set of vectors for R3 with the
inner product given by the dot product. (See Fig. 4.8(b).)

Solution
Remember,e; = (10 O)T, e =(01 O)T ande3 = (00 1)T. We first check for orthogonality:

1 0
(e, e)=e-ea=10]-|1]=0x0+Ox1)+(0x0)=0
0

Similarly (e, e3) = (e, e3) = 0.

We have (e, e3) = (e1, e3) = (e2, e3) = 0, therefore the set B = {e;, e;, e3} is orthogonal, which
means that each of the vectors {e1, ez, e3} is perpendicular to the others.
What else do we need to prove?
The norm (or length) of each vector is 1, that is we need to show

lerll = llezll = llesll =1

Verify that the length of the vectors |le1|| = [le2]| = [les]| = 1.
Thus B = {e1, €2, e3} forms an orthonormal (perpendicular unit) set of vectors in R3, because each
vector is orthogonal to the others and all the vectors have a norm of 1.

This B = {e;, ez, e3} is not only an orthonormal set in R3, but actually forms an
orthonormal basis for R®. The most useful type of basis is an orthonormal basis.

An orthonormal basis turns out to be a great tool used in the fields of differential
equations and quantum mechanics.

Let’s examine an orthonormal set for the vector space of polynomials.

Let P3 be the inner product space of polynomials of degree 3 or less with the usual inner product
generated by multiplying coefficients. Let {p, q} be an orthonormal set of vectors in P3. Find ||p + q||

Solution
Since {p, q} is an orthonormal set, by definition the vectors are orthogonal and normalized (Fig. 4.9).



Figure 4.9
Applying Pythagoras (4.9), we have
lp+al* = [p|*+af* =1+1=2

Taking the square root gives |p + q| = +/2.

The next example is more demanding because it relies on integration, and there are an
infinite number of vectors — we have an infinite dimensional vector space. You will study
this vector space in a subject called Fourier series. In Fourier series, a periodic function (a
function which repeats itself in a given period) can be written as a linear combination of
sines and cosines.

In the context of periodic functions, the inner product can be used to generate the
Fourier coefficients.

You might be able to evaluate most of the integrals, but since this is not a course on
calculus, the integrals are calculated for you.

Let C [0, 27r] be the vector space of continuous functions on the interval [0, 27r] and the inner product
on this vector space be defined by

2
W&A=O fa®) gn(®) dt

Let S be the set {1, cos (t), cos(2t), cos (3t),..., sin(t), sin(2t), sin (3t),...}. By letting
fo = cos (0) = 1, f,, = cos (nt) and g, = sin (nt) show that the set S is orthogonal and normalize these
vectors to create an orthonormal set.

[Results: for any positive integers n and m we have

(i) JJ cos (nt) sin (mt) dt = 0,
(ii) [J" cos (nt)dt =0,
(i) /" sin (nt) dt =0,
(iv) [¢" cos (nt) cos (mt) dt = 0 provided n # m,

(v) ¢ sin (nt) sin (mt) dt = 0 provided n # m and
(vi) fozn cos? (nt) dt = 02” sin® (nt) dt = 7]

(continued...)
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Solution
How do we show that the given set of vectors in S are orthogonal?
By using the integration results in the brackets above. First we test fy with the other vectors:

2 2w
(fo, £,) = / [1 x cos (nt)] dt = / cos (nt) dt = 0
v v by result (ii)

2w 2
(fo, gn):/ [1 x sin (nt)]dt:/ sin (nt) dt = 0
€ v by result (iii)

Next we test f,; with g,:
2
(fn, gm) = / cos (nt) sin (mt) dt = 0
L by result (i)
Lastly we test f,, with f,, and g, with g, where m # n:

2
s thp) = / cos (nt) cos (mt) dt = 0 provided m # n
O by result (iv)

2
(gn, gm> = / sin (nt) sin (mt) dt = 0 provided m # n
0 b i
y result (v)

Hence the inner product of all distinct vectors is zero, which means that the set
{1, cos (¢), cos(2t), cos(3t),..., sin(t), sin(2t), sin(3¢),...}is orthogonal.

Normalizing:
First we determine ||fp ||2 , I ||2 and ||g,, || % and then we take the square root:

Ifoll* = (fo, fo)

2
:/ (1x1)dt
0

= [H¥F=2m-0=2r7

ra—)

integrating
I£211> = (£, £2)
2w 2
= / cos (nt) x cos (nt)dt = / cos® (nt) dt = b4
0 0 b o g
y result (vi)

lnl® = {gn» )

2w 2
= / sin (nt) x sin (nt) dt = / sin’ (ntydt =«
v ® by result (vi)



Taking the square root of these results ||fo||> = 27, ||f,||> = 7 and ||gn ||2 = 7 gives ||fy|| = /27,
Ifsll = /7 and ||gn || = /7 respectively.
How can we normalize these (convert into unit vectors) fy, £, and g,?
By using Proposition (4.11) u = TI%H which means that we divide each vector by its norm. Forall n > 1
we have

fo 1 f,  cos(nt) gn _ sin(nt)

D , = d =
bl ~ v2z. Tl vz o Je] 7

1 cos () cos (2t) sin (t) sin (2¢)

Var Jm o oJm U ym Jm

Hence the set { . } is an orthonormal set of

functions.

This orthonormal set is critical in the study of Fourier series. Note that the sines and
cosines are orthogonal to each other in the vector space C [0, 27].

e ™
Q Summary
(4.8) Vectors u and v are orthogonal < (u, v) = 0.
(4.12) A set of perpendicular unit vectors
B={u}, up, u3,..., uy}
for vector space V is called an orthonormal set.
N J

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/

companion/singh>.)

Show that the following vectors in R? are orthogonal with respect to the dot product.
Also plot them on R2.

(a)u:(i) and v=<_1) (b)“=<:§> and v=(_§>
(c)u=<_§> and v=<i) (d)“=<§) and V=<_;)

Show that the vectors u = (Z) andv = ( _i> are orthogonal in R? with respect to
the dot product.

Show that the following vectors in R® form an orthogonal set with respect to the dot
product.
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5 0
@Qu=|0], v=]1 and w= 0

0 10

0 1 -3
B)u=|0],v= 1 and w=| 10

0 —1 7

Let the vector space of size 2 by 2 matrices M3, have an inner product defined by
(A, B) = tr (BTA) where tr is the trace of the matrix.

(a) Show that the matrices A = < z Z ) and B = < i _1; ) are orthogonal.

(b) Determine |A + BJ|.

Determine the values of k so that the following vectors are orthogonal in R* with
respect to the dot product.

@u=(01234T,v=(-23k5" OGu=(k-1k1),v=024k5)"
Let C [0, 1] be the vector space of continuous functions on the interval [0, 1] with an
inner product defined by

1
(f g) = /0 fx)g(x) dx

Verify the Cauchy-Schwarz inequality for
(@) f(x) =xand g(x) =x—1 (b) f(x) =1and g(x) = ¢€*

Show that any non-zero vectors x and y in an inner product space satisfy:

0= |<n %”>| -1

Let C[—m, ] be the vector space of continuous functions with an inner product
defined by

(€ 8) = f g d

(a) Show that fand g are orthogonal for f(x) = cos (x) and g(x) = sin (x).
(b) Verify the Cauchy-Schwarz inequality for f and g given in part (a).
(c) Verify the Minkowski (triangular) inequality for f and g given in part (a).
(d) Normalize these vectors f and g.
b b
[You may use the following result: [ sin? (x) dx = I cos? (x) dx = 7]

-7 -
Let C [0, 7] be the vector space of continuous functions on the interval [0, 7] with an
inner product defined by



(f, g) = /0 F(Dga(H) dt

Let f(t) = 1 and g,(¢) = sin 2nt) wheren =1, 2, 3,...

Show that the set {1, sin (2t), sin (4t), sin (6t), ...} is orthogonal. Normalize this set
of vectors and write down the orthonormal set.

[You may use [ O” sin (nt) sin mt)dt =0  providled n#m  and
[o sin? (nt)dt = Z]
Show that the following set S is an orthonormal set of 2 by 2 matrices My, with an inner
product defined by

(A, B) = tr (BTA>

S§=1{A, B, C, D} where A=(10>, B=<01>, C:(O 0) and

00 00 10
00
>~ (51)

Suppose a guitar string is modelled between 0 and 1 as shown in Fig. 4.10.

z(1)

z(t) )

Figure 4.10

Consider a vertical force f () at each point of the string and a vertical displacement
of z(t) at that point. The amount of energy released is given by the inner product:

1
(F(8), =(5) = /0 FO2(0) dt

Find the energy released if f(#) = 100 sin (100¢) and z () = cos (10¢).
[Hint: 2 sin (A) cos (B) = sin (A + B) + sin (A — B)]
Prove Proposition (4.11).

Let u and v be orthogonal vectors in an inner product space. Prove that

2 2 2
lu = v[|” = [laf|” + v
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Let u and v be orthonormal vectors in an inner product space V. Determine

(@) [lu+vl () lu— v

(i) Let {u;, uy, us,..., u,} be an orthogonal set of vectors in an inner product space.
Prove Pythagoras’ theorem for these vectors, that is

- w g 4wl = Pl sl 4 )
(ii) Let {f;, f,, f3,..., f,} be an orthonormal set of vectors in inner product space of

C[0, m]. Find the length Iy + £+ 15+ --- + £,

Prove that the vectors {u;, u, ..., u,} are orthogonal < {klul, ku,. .., knun} are
orthogonal, where the k’s are non-zero scalars. Is the result still valid if any of ks are
zero?

Prove Minkowski inequality (4.7).

SECTION 4.3 Q Orthonormal Bases

By the end of this section you will be able to
understand what is meant by an orthonormal basis

find an orthonormal basis by using the Gram-Schmidt process

4.3.1 Introduction to an orthonormal bases

Q Why is an orthonormal basis important?
Generally, it is easier to work with an orthonormal basis (axes) rather than any other basis. For

1 0.9 1
example, in R?, try working with a basis of u = andv = . Writingw = in terms
0 0.1 1

of th

14

0.8+
0.6 1
0.4+
0.2+

ese basis (axes) vectors u and v we have (Fig. 4.11).

w=-8u+10v

12 Figure 4.11



i)

—8u + 10v

Writing w = —8u + 10v involves a lot more arithmetic than expressing this vector w
. . T
in our usual orthonormal basis e; and e, as w = e; + e, because e] = ( 10 ) and e; =

(01 )T are the unit vectors in the x and y directions respectively.

In an n-dimensional vector space there are n orthogonal (perpendicular) axes or basis
vectors. We will show that an orthogonal set of n vectors is automatically linearly inde-
pendent, and therefore forms a legitimate basis (normalizing is just a matter of scale).
Generally, it is easier to show that vectors are orthogonal rather than linearly independent.

For Fourier series (which is used in signal processing), an example of an orthogonal
basis is

{1, sin (nx), cos (nx)} where n is a positive integer

What do you think the term orthonormal basis means?
An orthonormal basis is a set of vectors which are normalized and are orthogonal to each other.
They form a basis (axes) for the vector space.

Examples of orthonormal (perpendicular unit) basis are shown in Fig. 4.12 for
R? and R*:

R2 R®

&

L Y

X

N
X

Yy Figure 4.12

Note that our usual x, y and z axes are orthogonal to each other. The vectors {e;, e;}
form an orthonormal (perpendicular unit) basis for R? and the set {e;, e;, e3} forms an
orthonormal (perpendicular unit) basis for R3.

In general, the set B = {ey, ey, es,..., e,} forms an orthonormal (perpendicular unit)
basis for R" with respect to the dot product. Remember, e = (0 «ov1 0-- ~)T (1 in the
kth position and zeros everywhere else.)

Definition (4.13). Let V be a finite dimensional vector space with an inner product. A set
of basis vectors

B={u}, up, u3,..., u,}
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for V is called an orthonormal basis if they are

Orthogonal, that is (u;, ;) = 0 fori # j
Normalized, thatis |[uj| = 1forj=1,2,3,..., n

& What do you notice about this definition?
It's the same as the definition of an orthonormal set (4.12) given in the last section, but this time
the set of vectors are the basis vectors of the vector space.

&R Can you remember what the term basis means?
It's a set of vectors which represent the axes of the vector space and satisfies two conditions:
1) Span the space 2) Linearly independent

Basis is like a coordinate system of a vector space — you can write any vector in terms of
basis vectors.

For example, the normalized sine and cosine functions form an orthonormal basis
for the vector space of periodic continuous functions, C[0, 27]. (See Example 4.13 of
section 4.2.4.)

To check that a given set of vectors form a basis for a vector space V can be tedious.

&R Why?
Because normally we need to check two things about a basis:
1) the vectors span V  2) the vectors are linearly independent.

From the last chapter, we know that it is enough to show that for any n-dimensional
vector space, n linearly independent vectors form a basis for this vector space. We only
need to check condition (2). Next we show that an orthogonal set is linearly independent,
that is

orthogonality = linear independence

4.3.2 Properties of an orthonormal basis

In this subsection, we prove that if we have an orthogonal set of vectors then they are lin-
early independent. We use this to prove that in an n-dimensional vector space, any set of
n orthogonal non-zero vectors forms a basis for that vector space. (Generally, checking
orthogonality is easier than checking linear independence.)

Proposition (4.14). If {vy, v, v3,..., V,} is an orthogonal set of non-zero vectors in an
inner product space then the elements of this set are linearly independent.

&R How do we prove this proposition?
We want to prove that the vectors {v, v, v3,..., v4} are linearly independent, so we consider
the linear combination:

kivi + kovy + -+ + kyvy = O

and show that all the scalars are zero: k; =0, k;, =0, k3 =0,... and k, = 0.
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[ Why?
Because from chapter 3 we have:
(3.10). Vectors vy, va,. .., v, are linearly independent < the only solution to
kivi+kvy+ksvs+ -+ kpvy =0 is ki =ky=kzs=---=k, =0
Proof.
Consider the linear combination of the vectors {v;, v2, v3, ..., v,,} and equate them to the

zero vector, O:
kivi +kovo +k3vs + -+ kv, =0 (1)

Consider the inner product of an arbitrary vector v; in the set {vi, v, v3,..., v,} with
the zero vector given in (7).

€ What is the inner product (k1vi + kava + k3v3 + - - - + knVn, vj) equal to?
0, because

(k1V1 + kyvy + k3avz + -+ + kpvp, Vj> = <O, V]) =0 @)

We are given that {vq, v2, v3,..., V,} is orthogonal, this means that the inner product
between two different vectors is zero:

(vi» vj) = 0if i # j
Expanding (*) and using (vi, v;) = 0 if i # j we have

(kivi - v, Vi) = (lave, i) 4 - 4 (kv vi) -+« + (kv )
= ku{vi i) -k (v Vi) R (v )

taking out scalars

= ki{vi, vj) £ ki (V) Vi) + -+ Kn (Vs )
=0 =0 =0 =0

= ki () +0---0+ki[vj[*+0---0+k, (0) = ki v

The last line follows from the definition of the norm (u, u) = ||ul|. The only non-zero
contribution is the inner product of the vectors v; and v;. By (*) we know that all this is
equal to zero, which means that we have

ki |lvi]* =0

vj is one of the non-zero vectors among the set {vi, vz, v3,..., v,,}, therefore
“Vj ||2 # 0[not equal to 0]. Thus to satisfy the above k; “Vj ||2 = 0 we must have k; = 0.
Since v; was an arbitrary vector, we conclude that all the scalars ks in (f) must be zero,

which proves that an orthogonal set of vectors is linearly independent.
]
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Q What does this proposition mean?
It means that orthogonality implies linear independence. For example, the vectors {ej, €2, e3} are
orthogonal (perpendicular), therefore linearly independent.

We can go further, as the next proposition states.

Corollary (4.15). In an n-dimensional inner product space V, any set of n orthogonal non-
zero vectors forms a basis (or axes) for V.

Q Which tools do we use to prove this result?
Theorem (3.22) (a) of the last chapter which says:

Any linearly independent set of n vectors {vi1, v, v3,... , v,} forms a basis for V.
Proof.
By the previous Proposition (4.14), we know that the set of n orthogonal vectors are linearly
independent.

By Theorem (3.22) we conclude that n orthogonal vectors form a basis for V.

Q What does this corollary mean?
If we have an n-dimensional vector space with an inner product then any n orthogonal
(perpendicular) non-zero vectors form a set of basis (axes) vectors for that vector space.
However, vectors which are linearly independent may not be orthogonal. For example, the
vectorsu = (3 l)T andv=(1 2)T in R? are linearly independent (we cannot make v from a scalar
multiple of u, and vice versa) but not orthogonal as you can see in Fig. 4.13.

N

These vectors are linearly
independent but not orthogonal

3 (not perpendicular).
b =
=
-
—
0O-F= -
U =
el
=
el
-0.5 05 1 15 2 25 3
Figure 4.13

Hence orthogonal vectors are independent, but independent vectors are not necessarily
orthogonal. We have

orthogonality = independence but independence 7 orthogonality



Example 4.14

—1 —1
Show that u = ( ] ) andv = ( —1 ) are orthogonal in R? with respect to the dot product and write

down an orthonormal (perpendicular unit) basis (axes) for R2.

Solution
How do we show that the given vectors u and v are orthogonal (perpendicular)?
By showing the inner (dot) product of these vectors is zero:

wv=u-v= (‘i) : (:i) =(-1x(-1)+Ax(=1)=0

Hence vectors u and v are orthogonal (perpendicular).
How do we normalize these vectors?

W

By using Proposition (4.11) ol which means dividing a vector by its length.
W

What is length ||ul| equal to?

Tl = (u, ) =u-u = (‘i) : (‘i) — (SRR

Taking the square root gives |lu|| = V2. Similarly we have ||v|]| = V2.
Thus the normalized (unit) vectors are

=72 (1) == (5)

—1 —1
i it) basi 251 L L
An orthonormal (perpendicular unit) basis (axes) for R“ is {ﬁ ( 1), 5 (_1 ) }

We can plot this orthonormal basis (vectors representing new axes) for R? (Fig. 4.14).

51—

o7

==
()]
()
[

ar

Figure 4.14
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4.3.3 Generating orthogonal vectors

Consider two given vectors u and v in R?. We can project the vector v onto vector u.

O What does projection mean?
Projection is the procedure, for example, of showing a film on a screen; we say the film has been
projected onto a screen. Similarly we project the vector v onto u as shown in Fig. 4.15.

Projection of v onto u U  Figure 4.15

&R What is the projection of v onto u equal to?
Since it is in the direction of vector u, it is a scalar multiple of u. Let's nominate this scalar by the
letter k, so we have

Projection of v onto u = ku
Let p be the perpendicular vector shown in Fig. 4.15. Adding the vectors gives
v=ku+p

The vector p is orthogonal (perpendicular) to the vector u, therefore (u, p) = 0. This
means that the projection of the perpendicular vector p onto vector u is zero.
Taking the inner product of this, v = ku + p, with the vector u, we have

(u, v) = (u, (ku + p))
= k(u, u) + (u, p)

b d dicular,
— kf[ul® + 0 [ ecause p and u are perpendicular, ]

therefore (u, p) =0and (u, u) = |Jul?
= kllu?
Rearranging this (u, v) = k|lu|? to make k the subject of the formula gives

=00

lul®

Rearranging the above v = ku + p to make p the subject:

orthogonal vector p = v — ku [p = v — [projection of v onto u] |
(u, v)
=v-— u by (1)
lu? [ ]

We have perpendicular vector p (Fig. 4.16):



— < Vectors u and
-Projection of v onto u= -ku celors it anc pare
perpendicular.
v
oA
_ u
Projection of v onto u Figure 4.16

Hence we have created orthogonal vectors p and u out of the given non-orthogonal

vectorsu and v.

It is important to note that the projection of orthogonal vectors is zero. This is what we
were hinting at in the last section; orthogonality signifies a certain kind of independence or a

complete absence of interference.

BRI ATTS ———

3 1
Letv; = <0> and v, = (2) be vectors in R2. Construct a pair of orthogonal (perpendicular) vectors

{p1, p2} from this non-orthogonal set {vi, v2}.

Solution
We start with one of the given vectors, v1 say, and call this vector p;. Hence p1 = vi. We construct a
vector which is orthogonal to p; = v.

u, .
By the above formula, orthogonal vector py= v — (” ”‘;) u withu =v; =pjandv = vy:
u
5 V.,
orthogonal vector py = vy — (1”)1 ”§> P1
P1

Substituting p; = v1 = (g) and vy = ( ;) into this formula gives:
<(3> <l)>
0/ \2
orthogonal vector py = ( ! ) - <3> *)

2 N ? \o
(c)
Evaluating each component of (*):

()} ())-(6)-()=exnroxa=> ()

2
= . =3 0°=9
(5)-(2) =7+
Putting these values into (*) yields

orthogonal vector p <1> 3<3) (1> 1 (3) (1—1> (0)
n= — = = _ - _ _
2 9\ 0 2 3\0 2—0 2

lllustrating the orthogonal vector p, and the given vectors v1 and v, as shown in Fig. 4.17.
(continued...)
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ol

/-

1. —

: /v,

Orthogonal
rthog Vectors p, and p
vector p, 1€ 2
9 are perpendicular.
Vi=Py
L=
-0 5 15 P 2 -3
=0.F
Figure 4.17

Note that we start with one of the given vectors, v say, then we create a vector orthogonal
(perpendicular) to it by using the other given vector v,. We have achieved the following:

[=G) =0} ® {n=()==C)}

We can extend this procedure to any finite dimensional vector space and create an
orthogonal basis for the vector space. Suppose we have a basis {vi, v3, v3,..., v,}, and
from this we want create an orthogonal basis {p1, P2, P3, ..., Pn}. The procedure is:

Let p1 = vy, that is p; equals one of the given vectors.

We create vector p,, which is orthogonal to p; = vy, by using the second given vector
<V2) Pl

- 2z P1-
[

We create vector p3, which is orthogonal to both p; = v; and p;, by using the third
given vector v3. The formula for this is similarly produced:

v,. Hence we apply the above stated formula p, = v, —

(v, P;)p1 N\ pi)Pz
1] [p-|

pP3 =V3

We carry on producing vectors which are orthogonal (perpendicular) to the previous
created vectors pi, P2, ..., Pk by using the next given vector vi_ ;.

These steps are known as the Gram-Schmidt process.

4.3.4 The Gram-Schmidt process

Given any arbitrary basis {vi, v, v3,..., vy} for a finite dimensional inner product space,
we can find an orthogonal basis {pl, P2 P3>---» pn} by the Gram-Schmidt process which
is described next:
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Gram-Schmidt process (4.16).

Letpy =i

(va, p1)
pP2=Vv2— 7 P1

1]
p3 =Vv3 — (V3) Pl) 1— <V3’ Pz)pz

edf® ™ 2

by = va (va, Pl)p1 B (va, Pz)p2 B (v4, p3>p3

o e [es]?
pr=v (Vm Pl) (Vn, pz) (v,,, p3> (Vn, pn_1>
n—r¥Yn

- p1 — p2— Pn-1
leol® ™ eal® T s ’

These vectors p are orthogonal, therefore a basis.

[P ]

Q What else do we need to do to form an orthonormal basis?
Normalize {p1, p2, p3.-- ., Pn} by using Proposition (4.11) which is P

ol [Dividing by their norms
j
(lengths).]

The proof of Gram-Schmidt process (4.16) for an inner product space is given on the
website <http://www.oup.co.uk/companion/singh>.

_

2 1
Transform the basis v = ( ] ) and vy, = ( " ) in R? to an orthonormal (perpendicular unit) basis (axes)
for R? with respect to the dot product. Also plot this orthonormal basis and the given basis on two
different graphs.

Solution
Using the above Gram-Schmidt process (4.16) means that we need to find vectors p; and p2 which are
orthogonal (perpendicular) to each other.
2
We have p1 =vi = < ] ) which is one of the given vectors. By the above Gram-Schmidt process
(4.16) we have

(v, p1)
Ip1]®

p2=V2 — pr

We need to evaluate each component of (¥).
What is the inner product <vz, p1) equal to?

(VZ:P1>:V2'P1=<i>'<i>=(1x2)+(lxl)=3

(continued...)
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What is || P1 || : equal to?

Ip1])? = (pr> p1) = p1 - p1

() ()esries

Substituting all these, v, = <i> (va, p1) =3, le ||2 =5andp; = (i) into (*) gives

{v2, p1) 1
lo1[?

-(1)-:()
~(=R)-CR)-:C)

2 =l
Our vectors p; = ( 1) and py = % < 2) are an orthogonal (perpendicular) basis.

But how do we make these into an orthonormal (perpendicular unit) basis?
By normalizing these vectors (converting into unit vectors), which is achieved by dividing the vectors by

p2=Vv2—

their norms (lengths). Call these new unit vectors u; and uy, and they are

P1 p2
u=-——- and w = —
1] 2|

From above ||p1 ||2 = 5 and taking square root gives le || = /5. We need to normalize the other

perpendicular vector pa, which means we need to convert it to a unit vector:

HP2H2 = (p2, p2) = é <_;> ’ é <_;>

1 . 1 5
=—[1 2]:7:7
25[( A 25 5

Thus ||p2 | = ﬁ Our normalized (unit) vectors are

a P1 1 . 1 (2)
1= 57 7= 7 nPl= —F#
[ oo™ V5 \1

L L 1<_1) L <_1> [B Law of Indi 1 ﬁ]
u = 7P2 = —_—— = — y aw oI Indices —o> —
el 5\ 2) =B\ 2 75

Our orthonormal (perpendicular unit) basis is the set {u;, uz} where these are given above

0= (2) m ()



Plotting these orthonormal (perpendicular unit) basis and our given basis in R? (Fig. 4.18):

This is our given basis This is an orthonormal basis for R
' ‘ ! u
08 Vs / / 2 .
| I A

06 —+—— / /1 - T T T T
04 EE | FEENE ! u,

: / T N > |
02+ ! C\ aENNENEE N

0.5 1 15 2 -04 -0.2 02 04 06 08 1

1
;3

D

O

”
[o)

Figure 4.18

From Fig. 4.18 you should observe that u; is in the same direction as the given vector
v) but has a length of 1. Remember, we start with p; = v, and w; is a unit vector in that
direction.

We can generally ignore the fraction (scalars) because vectors are orthogonal indepen-
dent of scalars, as was established in question 16 of Exercises 4.2 which says:

Vectors {vy, v2,..., V,} are orthogonal < {klvl, kovas. .., knvn} are orthogonal.

—1
For example, in the above case we have p, = % ( 5 ) Ignore the scalar (fraction) % and

. . —1
normalize (convert to unit) the vector 5 )

2
-1 (-1 -1\ _ o o
”( 2) _< 2)( 2>_( 1)* + 2% = 5implies

Normalizing this vector gives u; = \L@ (

2=+

-1 1. . .
5 ) , which is the same unit vector u, as in the

above Example 4.16. It makes the arithmetic a lot easier if we ignore fractions or any other
scalars.

The orthonormal basis is not unique. For instance, if you do not remove the scalar
(fraction), you could have a different orthonormal basis. Also, if we apply the Gram-
Schmidt process in reverse order, that is {v,, v}, then the result may be a different
orthonormal basis. In question 2 of Exercises 4.3, we have switched vectors v; and v, of
Example 4.16. See if you obtain the same or different set of vectors for the orthonormal
basis.

We can also apply the Gram-Schmidt process to other vector spaces. Next we apply this
to vector space of polynomials.
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Let P, be the vector space of polynomials of degree 2 or less with inner product given by:

1
(a1 =/ 9097 () dx
—i
Transform the standard basis {l, X, xz}, which is not orthogonal, to an orthogonal basis.

Solution
letvi=1, vy =x and vz =x2.

The first vector is given p; = vi = 1. Next we find a vector which is orthogonal to this by using (4.16)
which is:

p2=v2— %Pl *)
P1

We need to find each of these components.
What is the inner product (vz, p1) equal to?

1 1 270 17, 5
(vz,pl)zf_lx(l)dxzf_lxdxz[7]71=5[1 -] =0

Since the inner product is zero, so the vectors v, and pj are already orthogonal. Putting this into (*)
yields

p2p=v>2—0)pr=v2=x [because we are given vy = x]
What else do we need to find?
The perpendicular vector p3 by applying Gram-Schmidt process (4.16) which is

(vs, p1) (v3, p2)

_ =
[ -]
Evaluating each of the components gives

1 1 391
_[ e — B 0 R PE ) B
(V3,p1)_f_1x (1)dx_/_1x2dx_[3]_1_3[1 0?]=3

_['e dx_l3dx_x4l_114 04l =
(V3,p2>_/_1x &) _/—1x _[Z]_I_Z[ _(_)]_0

1
Ip1| = (p1. p1) = /1 1Dde=[x]}, =[1- (-] =2

")

pP3 =V3

1 1 2
”PZ“ZZ(PZ’ pz):/1x(x)dx=/_1x2dx:§

Substituting all these, (V3, pl) = % ||p1 ||2 =2, (V3, pz) =0,and ||p2 ||2 = % into (**) yields

(V3, Pl) (V3) Pz)

P3=V3— > P1— > P2

1] 2
2/3 0 1
=x2—L(1)——x=x2——
2 2/3 3

Our three orthogonal polynomials (vectors) are
1
2

pi=1 p2=x and p3=x ~3



In this example, we have transferred the standard basis to an orthogonal basis:
{1, X, x2} I:> {1, x, X2 — 1/3}
If we scale the above obtained orthogonal polynomials
pi=1, p=x and p3=x2—1/3

so that at x = 1 they have a value of 1, we get

(3x2 — 1)

N =

pi=1 p2=x and pj=

These three orthogonal polynomials p;, p, and p} are the first three Legendre polyno-
mials. An important property of Legendre polynomials is that they must be orthogonal
with respect to the inner product given in Example 4.17. Legendre polynomials crop up in
differential equations.

There are also other orthogonal polynomials such as Chebyshev (pronounced
‘chebishef’) polynomials which are important in approximation theory. In approximation
theory we try to provide the ‘best’ polynomial approximation p(x) to a function f (x) with a
series expansion of orthogonal polynomials. By ‘best’ we mean that we construct a polyno-
mial p(x) so that the distance function or the error || f(x) — px) || is as small as possible for
all xin [a, b], where [a, b] is the interval our function is defined on.

This is different from a Taylor expansion, which gives the best approximation at a point.

Notice that the structure you see with dot product in Euclidean space is exactly the same
structure you have with these polynomials.

It is interesting to know: if we have two given vector spaces U and V, are they essentially
identical? We can think of U and V as identical if they have the same structure but only the
nature of their elements or points differ. We say that vector spaces U and V are isomorphic.

For example, P, and R? are isomorphic because they have the same structure but the
elements such as (1 2 3)T in R3 differ from 1 + 2x + 3x2 in P,. We can plot these in three-
dimensional space with our normal orthogonal x,y and z axes in R® and constant, x and
x? — 1/3 orthogonal axes in P;.

In the next chapter we will prove a very important result in linear algebra:

Every n-dimensional real vector space is isomorphic to R”.

This means that all the non-Euclidean vector spaces we have looked at in this chapter,
such as the set of polynomials P,, matrices M,,, and continuous functions on C [a, b], are
identical in structure to R”, provided they have the same dimension.

Proposition (4.17). Let {v1, v2, v3,..., v,;} be an orthonormal set of vectors in an inner
product space V of dimension #. Let u be a vector in V then

u=(u vi)vi + (u, v2) vo +(u, v3) va + - - - + (0, v;) vy,

Proof - Exercises 4.3.
Note, the scalars are given by inner products.
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e A
Q Summary
(4.13). Let V be a finite dimensional vector space with an inner product. A set of basis vectors
B={u, w, u3,..., uy}
for V is called an orthonormal basis if they are both orthogonal and normalized.
The Gram-Schmidt process (4.16) produces an orthogonal basis for a finite dimensional vector
space.
N J

* EXERCISES 4.3

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/

companion/singh>.)

Transform the following basis vectors in R? to an orthonormal basis for R? with respect
to the dot product. Also plot the orthonormal basis.

(a)wz(é) andv2:<§) (b)“:(;) andez(_i)
(C)V1=<§> andv2=<§) (d)v1=<:§> andvzz(:?)

Consider Example 4.16 with the vectors v; and v, the other way around, that is

() =)

Transform these basis vectors in R? to an orthonormal basis for R? with respect to
the dot product.
What do you notice about your answer in relation to Example 4.16?
. T T T,
Transform the basis v = ( 111 ) , V) = ( 11 0) and vz = (2 0 0) inR3 to
an orthonormal (perpendicular unit) basis for R® with respect to the dot product.

Transform the following basis vectors in R? to an orthonormal basis for R® with respect
to the dot product.

@wu=(101),vy=(311) andvs=(-1 -1 -1)"

Mwvi=(222),va=(-10-1)" andvs=(-123)"

©@w=(120)"wv

(202) andvs=(103)"



Transform the following vectors which span a subspace of R* to an orthonormal basis
for this subspace with respect to the dot product.

@wv=(1030) ,va=(1210) andvs=(2100)"
®wvi=(1152) vo=(-334-2) andvs=(-1 —225)"
©@wi=(1234)"va=(2110) andvs=(30 -13)"

Normalize the orthogonal polynomials found in Example 4.17.

Transform the basis v; = x, v; = x, v3 = 1 to an orthogonal basis for P, with respect
to the inner product given in Example 4.17. Compare this with the orthogonal basis
obtained in Example 4.17.

Write the following polynomials in P, as linear combinations of the Legendre polyno-
mialsp; =1, po =x and p3 = % (3x2 — 1):

@x*+x+1 (b)2x*—1 (c)3 (d) 2 (e) 5x +2

Prove Proposition (4.17).

SECTION 4.4 () Orthogonal Matrices

By the end of this section you will be able to
understand what is meant by an orthogonal matrix

factorize a given matrix

4.4.1 Orthogonal matrices

One of the most tedious problems in linear algebra is to find the inverse of a matrix. For
a 3 by 3 or larger matrix, it becomes a monotonous task to determine the inverse by hand
calculations. However, there is one set of matrices called orthogonal matrices where the
inverse can be obtained by transposition of the matrix. It is straightforward to find the
transpose of a matrix.

Orthogonal matrices arise naturally when working with orthonormal bases. Working
with orthonormal bases is very handy because it allows you to use a formula like Pythagoras
or it allows you to work in the field of Fourier series.

Orthogonal matrices are important in subjects such as numerical analysis because these
matrices have good numerical stability.

Definition (4.18). A square matrix Q = (v1 V) V3 cer Vy ), whose columns vi, Vs,
v3,...,Vy are orthonormal (perpendicular unit) vectors, is called an orthogonal matrix.

An example of an orthogonal matrix is the identity matrix.
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1 1 1
LetQ=(u; u u3)whereu1=\/i§ 1 ,uzzﬁ 1 andm:\% —l)whichisan
-2

orthonormal basis for R3. Determine QTQ.

Solution
What does the notation QT mean?
The transpose of the matrix Q. We have

QTQ=(u1 u u3)T(ul u u3)
7

u; When transposing the column
= u2T ( u; u u3 ) vector u] becomes the row
ug vector uf.

1/V/3 1/4/3  1/J3 1/V/3 1/4/6  1/42
1/V/6  1/4/6 —2//6 1/V/3 1/V/6 —1/v2
V2 -1/¥2 0 1/V/3 —2/V/6 0

To evaluate this by hand is rather tedious, unless we can factor out some of the square roots:

R V2 _ V2 multiplying numerator
V3 - 2.3 - \/3 and denominator by«/f
L _ V3 _ ¢_§ multiplying numerator
ﬁ f f J6 and denominator by«/g

Replacing 1/+/3 and 1/+/2 in terms of 1/+/6 in the above:

V2/V6  V2/V6 V246 V2/V6 16 Y3/
Q'Q=| 16 1/v/6  —2//6 V2/V6  1V6 =36

V36 —V3/M6 0 V2/ve =260
V2 N2 2 V2 1 V3 taking out a
1 1
= 7 1 1 —2 7 N2 1 —/3 scalar multiple
S\vza -3 o /Y8 \v2 2 o 1/3/6
11 6 0 0 1 6 0 0 1 0 0
=——| 0 6 0 |]=-10 6 0 |=|0 1 0
V6 Ve 0 0 6 6 0 0 6 0 0 1

Q What do you notice about your final result in the above example?
We end up with the identity matrix I, that is QTQ = 1. This is no coincidence. There is a general
result which says that if matrix Q is orthogonal then QT'Q = I. We can also go the other way, that
is if QTQ = I then matrix Q is orthogonal.

Proposition (4.19). Let Q = (v1 V) V3 e v,,) be a square matrix. Then Q is an
orthogonal matrix & Q'Q =1L
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O How do we prove this result?
We have < in the statement, so we need to prove it both ways, = and «.

Proof.
(=). We assume that Q = (v1 V2 V3 st Yy ) is an orthogonal matrix, which means
that vy, v, ..., v, is an orthonormal (perpendicular unit) set of vectors in R”. Required to

prove Q'Q = 1. We carry out the matrix multiplication:

T T
QAQ=(vi 2 vi - vy ) (vi 2 v3 - v )
T
Vi
T
v, .
transposing to convert columns
= ( Vi V2 V3 Vu )
. to rows
T
V}’l
T T T
ViVI ViV2 - V[V,
vivi vliv, - vlv i t matri
2V V) V2 2V carrying out matrix
= ) ) . multiplication - row by
' ' : column
T T T
V.V V,V2o e Y,V

Remember, our destination is to show that the final matrix in the above is the identity.
O What is the first entry VlTVl in the above matrix equal to?
This is the dot product because we defined this in chapter 2:
(2.4) u-v=uv
Applying this to vlTvl we have
VTVI =V V]
O What is vi - vi equal to?
By the definition of the norm (length) of chapter 2: (2.8) [lul| = /u-u

Hence v; - v; = ||vi||>. Remember, v; is an orthonormal (perpendicular unit) vector
which means it has a length of 1. Therefore v; - v; = ||v; I = 1. This means that the first
entry of the matrix Q7 Q is vI'v; = 1. Similarly all along the leading diagonal of QTQ, the
entries are 1 because

ng2=v§V3 =VZV4=-~- =vz;vn=1

O What does the second entry v'{vvz in the matrix QT Q equal to?
Again, by (2.4) we have vlTvz =v] V).
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Q What is vy - v, equal to?

Remember, we are assuming vectors vi and v; are perpendicular unit vectors because they belong
to an orthonormal set of vectors. Vectors v; and v; are perpendicular so v - v5 = 0. Similarly the
dot product of two different vectors v; and v; is zero, that is

viT Vi=vVi-vi=0 provided i does not equal j

This means that all the remaining entries are equal to zero. Hence the matrix Q’Q has
1’s along the leading diagonal and 0’s everywhere else, which means that it is the identity
matrix L.

We have proved our required result QTQ = L.

(<) . See Exercises 4.4.

From this QT Q = 1, can you deduce any other result?
Since QTQ = I, we conclude that the inverse of the matrix Q is Q7.

Proposition (4.20). Q is an orthogonal matrix & Q™! = Q7.

This is a powerful result because the inverse of any orthogonal matrix is the transpose
of the matrix. It is a lot easier to transpose a matrix, rather than converting to reduced row
echelon form.

Proof.
(=). From the previous proposition, we have Q'Q =1 for an orthogonal matrix Q.
Remember, Q is a square matrix, so it has both left and right inverse and they are equal
to each other.

By the definition of the inverse matrix of chapter 1:

(1.16). A square matrix A is said to be invertible if there is a matrix B such that AB =
BA = I where B is denoted by A~!

Hence QT is the inverse of matrix Q, which means that Q! = Q7.

(). Required to prove that Q! = QT implies that Q is orthogonal. Right multiplying
Q! = QT by Q gives Q7 !Q = I = QT Q. By the above Proposition (4.19):

Q is an orthogonal matrix < QlQ=1

We already have Q7Q = 1, so Q is orthogonal.

4.4.2 Properties of orthogonal matrices

_

1 1 1 3
1 _ _ i :
LetQ = 7 ( . ) u= <2> andw = <1> Determine the dot products:

(i) Qu-Qw (ii) u-w (iii) What do you notice about your results?
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Solution

(i) Evaluating the dot products:

(ii) Similarly, we have

u-w=(;)~(i>=(1><3)+(2><1)=5

(iii) NotethatQu - Qw=1u-w.

This result Qu- Qw = u - w for the last example is no coincidence. This is a general
result that if Q is an orthogonal matrix then the dot product of Qu and Qw is exactly u - w.
Actually:

Proposition (4.21). Let Q be an n by n matrix and u and v be vectors in R”. Then
Qis an orthogonal matrix <& Qu-Qw=u-w

& What does this proposition mean?
This means that an orthogonal matrix preserves the dot product, and if the dot product is
preserved then Q is an orthogonal matrix.

Proof.
(=). Assume matrix Q is orthogonal. Required to prove Qu - Qw = u - w. Let us examine
the left hand side of this Qu - Qw = u - w. We use

24)u-w=ulw

Applying this formula (2.4) to Qu - Qw we have

Qu-Qw = (Qu’ Qw

_ <uTQT> Qw [by (1.19) (d) (AB)T = BTAT]

_— (QTQ) w [by (1.16)(a) (AB)C = A (BC)]
—u"Mw [because Q s orthogonal so Q7Q = 1]
= uTW u-w

—_—

By (2.4)
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This proves that the dot product is preserved under matrix multiplication by an
orthogonal matrix.
(«). Now we go the other way. Assume Qu - Qw = u - wand prove that Q is an orthogonal
matrix. We have:

Qu-Qw = (Qu)’ Qw
= (uTQT) Qw
=ul (QTQ> w=uw [by assumption]

T

Using (2.4) u - w = u’ w on the right hand side of the last line, we have

u’l (QTQ) w=ulw implies that QlQ=1

By the above Proposition (4.19): Q is an orthogonal matrix < QlQ=1
We conclude that Q is an orthogonal matrix because Q7Q = I, which is our required
result.
]

_

1 1 1
_ 1 _ ; .
LetQ = v ( 1 —1 ) andu = (2> Determine the lengths:

@i) [ull (ii) [|Qu|| (iii) Plot the vectors u and Qu on R2.

Solution
(i) Using Pythagoras, we have

1 1
||u||2=u'u=< )( >=1Z+22=5 = |lull =~/5

2 2
(ii) Similarly we have

[Qul*> = Qu- Qu =
by Example 4.19

Sl =
)
A/
—
\_/
|b—l
[S)
/N
|

— W
\—/
Il
SR
r
w
8}
e
—

|
—
=
8]
—_
Il
(&}

Hence [|Qu|| = /5.
(iii) A plot of uand Qu is shown in Fig. 4.19.
Note that since lengths [lu|| = [|Qu|| = /5, the vectors u and Qu lie on the circle which has a radius of

/5 from the origin.
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Figure 4.19

For an orthogonal matrix Q the length of vectors Qu and u are equal.

Proposition (4.22). Let Q be an n by n matrix and u be a vector in R”. We have
Q is an orthogonal matrix < [|Qu|| = |ul|

What does this proposition mean?
Applying an orthogonal matrix Q to a vector u may change the direction but not the length. An
orthogonal matrix Q in Qu will just rotate the vector u (Fig. 4.20).

%
c

e 4 Figure 4.20

An orthogonal matrix preserves the length of a vector and if a transformation matrix
preserves length then it is an orthogonal matrix.

Proof - Exercises 4.4.

4.4.3 Triangular matrices
What are triangular matrices?

Definition (4.23). A triangular matrix is an # by n matrix where all entries to one side of
the leading diagonal are zero.
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For example, the following are triangular matrices:

(-2 3 (10 0
(@ |0 45|and (b) |2.3 0
006/ 4 5.6

leading diagonal

is an example of an upper triangular matrix.

is an example of a lower triangular matrix.
Another type of matrix is a diagonal matrix.

Q Do you know what is meant by a diagonal matrix?

Definition (4.24). A diagonal matrix is an n by n matrix where all entries to both sides of
the leading diagonal are zero.

Q Can you think of an example of a diagonal matrix?

100 100
The identity matrixI=] 0 1 0 |.Another exampleis| 0 2 0
001 003

A diagonal matrix is both an upper and lower triangular matrix.

4.4.4 QR factorization

Let A be an m by n matrix with linearly independent columns. We can factorize matrix A
into

(4.25) A =QR

where Q is an orthogonal matrix and R is an upper triangular matrix.

Q Why factorize the matrix A into an orthogonal matrix Q and upper triangular matrix R?

So that we can efficiently solve linear systems such as Ax = b. This linear system can be
written as

(QRx=QRx)=b ()
Left multiplying this (*) by the inverse of Q which is Q! = QT gives

QTQ®Rx) = Rx = Q@%b
—
=I
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Qb is a vector ¢ say, that is QTb = c. The given linear system Ax = b has been reduced to
solving Rx = ¢, where R is an upper triangular matrix. We can solve this system Rx = ¢ by
back substitution because R is an upper triangular matrix:

"y K

In

Rx = ¢ in matrix form is Q N B
r X c

nn n n

X G

The advantage of this method is that once we have factorized matrix A then we can solve
Ax = b for various different vectors b in one go.

Factorizing a matrix is also applied in solving least squares approximation which is:
Find the vector x such that ||[Ax — b|| isa minimum

Additionally QR factorization is used to find the eigenvalues and eigenvectors (to be
discussed in chapter 7) of a matrix by numerical means.

We need to find an orthogonal matrix Q and an upper triangular matrix R such that A =

QR.

&R How can we find such matrices?
Since Q is an orthogonal matrix, its columns are orthonormal (perpendicular unit) vectors:

Q=<q1 qQ© q3-~-qn)

€& But how do we get these orthonormal vectors from the matrix A?
Well, let matrix A = (a; ap a3 - -- a, ) where the vectorsaj, aj,..., a, are linearly independent.
Then by applying the Gram-Schmidt process we can transform these a vectors into q vectors
because Gram-Schmidt produces orthonormal vectors.

Applying the Gram-Schmidt process (4.16) and normalization from the last section we

have:
Leta; = ||?1_1|' Rearranging this gives a; = r11q; where r;; = ”qll B
Also qp = 7 |:a2 e q12) q1:|. Transposing this gives
lla2l llaull
<V23 ‘h)
yn=""7a+ e
la
We can write this as a, = r12q; + r22qa where 1 = (2 a1) g Ty = qu H

la]l*
Expanding by applying the Gram-Schmidt process we have
a1 =riqa
a2 =r12q1 +122Q2

a3 = r13qq + 12392 + 133q3

A =11nq1 +720qQ2 + 730qQ3 + - - + TinqQn
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We can write this in matrix form as

A=(ajayas---ay)

=(rmqr r2q1 +72292 r13q1 +72392 +733qQ3 - r1aq1 + 12092 + 73093 + -+ TenqQn )
1 r2 o fa
0 rp -+ 12g

=(q@ 9 93 - qn) 0 0 :

=Q .
0 - T
=R
= QR

The problem is how do we find the upper triangular matrix R? Since Q is orthogonal we
know the inverse of matrix Q is Q”. Left multiplying both sides of A = QR by QT gives

Q'A=Q'QR=IR=R
——
=I

Hence the upper triangular matrix R is given by
(4.26) R=Q’A

Let us apply this QR factorization to a particular matrix A.

_

112
Find the QR factorizationof A= 1 1 0
100

Solution r r r
The column vectors of A area; = ( 111 ) ,a) = ( 110 ) and a3 = ( 200 ) . These are the
same vectors given in question 3 of Exercises 4.3. By applying the Gram-Schmidt process, we found the

following orthonormal vectors:

1 . 1 : 1 .
Q= whereqi=— |1 |,.qp0 = — 1] andqgz=—1] —1
(‘h qQ2 qa) q1 e X q; 76 5 q /2 .

The matrix Q and its transpose were simplified in Example 4.18:

) ﬁ 1 1//3_ oo V2 V2 V2
Q=—|v2 1 -3 |adQ'=—| 1 1 -2
velyz -2 o e\ i -3 o



Why do we need to find the transpose of the matrix Q?
Because the upper triangular matrix R = QT A:

) V2 V2 V2 1 1 2
R=QTA=7_ 1 1 —2) 1 1 0
S\ V3 -v3 o 10 0

3v2 242 242

=—| o 2

2
V6 0 0 23

You may like to check the following by carrying out the matrix multiplication:

1 1 2 | V21 V3 | 3V2 242 22
A= 1 1 0 |=Qr= 7 V2 1 =3 7 0 2 2
10 0 S\ V2 2 o 6\ o 0 23

Q Summary

Orthogonal matrices are square matrices whose columns are orthonormal (perpendicular unit)
vectors.

We can factorize an m by n matrix A whose column vectors are linearly independent into
A = QR where Q is an orthogonal matrix and R is an upper triangular matrix.

\ EXERCISES 4.4

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

In each of the following cases, show that QTQ =I:

(a)Q=¢%<i_i> (b)Q=é<i _;‘)

cos(6)  sin (9))

(©Q= (sin 0) —cos(0)

Determine Q! for each of the matrices in question 1.

Determine which of the following matrices are orthogonal. If they are orthogonal find
their inverse.

331



332

Lo o Lo
@A=]|0 20 (b)B =3
00 3 bl
1 -1
V2 N3 1/
@C=| -1/vV2 1/4/3 1/V6
0 1/v/3 —2/v6
Let A = < rz Z ) What can you say about the size and angle between the column

vectors of A, where A is an orthogonal matrix?

Find the third column vector of an orthogonal matrix whose first two columns are:

1/v3 1/v2
1/4/3 | and 0
1//3 —1/3/2

Determine Qu where Q = < Z?ns ((g)) _ CS:; Ez; ) and u = <(1)) Plot your result on

R?. What effect does the orthogonal matrix Q have on the vector u?

2 -1 -1
Let A=|2 0 2 |. The column vectors of A were the vectors given in
2 -1 3

Exercises 4.3 question 4(b).

(a) Determine the QR factorization of matrix A.

(b) Solve the linear system Ax = b where b = ( -3 89 )T.
(c) Solve the linear system Ax = b where b = ( —5 12 11 )T.

Prove the converse of Proposition (4.19).
Prove Proposition (4.22).

Prove that if A is a square matrix with the property ||Au|| = 1 for all unit vectors u
then A is an orthogonal matrix.

If Q is orthogonal prove that QT is also orthogonal.

Prove that the columns and rows of an orthogonal matrix are linearly independent.

\ MISCELLANEOUS EXERCISES 4

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Decide whether the following statement is True or False. Justify your answer.



Every linearly independent set in R” is an orthogonal set.
Washington State University, USA
(part question)

The vectors

X;=[1111],X%=[1L001],X3=[0,2 1, —1]

are a basis of a subspace U of R*. Find an orthogonal basis of U.
University of Ottawa, Canada

Let S = Span

oS = O =
—_— = O
(NI NS T

(a) Find a basis for S.

(b) Find an orthonormal basis for S.

Purdue University, USA

(a) Which bases of a Euclidean space V are called orthogonal? Orthonormal?

—1 0 1
(b) Show thatf; = 0], 6, = =2 | andf; = | 1 | form a basis of R3.
2 3 4

(c) Find the orthogonal basis of R* which is the output of the Gram-Schmidt
orthogonalization applied to the basis from part (b). (The inner product on R?
is the standard one.)

University of Dublin, Ireland

(a) Prove that an orthogonal set of non-zero vectors in R” is linearly independent.

(b) Let B= {vy,..., v,} be an orthonormal basis of R”. Show that for w € R”,

W=V - WVI+ V- WVvy+ -+ (V- W)V

University of Manchester, UK
(part question)

(a) Define what it means for vectors w;, wy, w3 in R to be orthonormal.
(b) Apply the Gram-Schmidt process to the vectors

1 5
vV = 1 , Vo = 1 > V3 = 4
1 0 6

in R? to find an orthonormal set in R?.
University of Southampton, UK
(part question)
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Consider the real vector space R* with real inner product given by
(X, Y> = X1Y1 + X2)2 + X3y3 + X4)4

forx=(x1, x2, %3, %4 ),y = (y1, y2 y3 ya) € R%
(a) Define the norm of a vector x = (xl, X3, X3, X4 ) € R* with respect to the
above inner product. What is the norm of ( 2, =3, 5 1 )?

(b) When do we say that two vectors x, y € R* are orthogonal? Are (0, 1, —1, 1)
and (6, 3, 3, 27 ) orthogonal?

(c) What is an orthonormal set of vectors in R*?
1 =2 1 21
Is {(0, 0, 1, 0), (76’ NG 0, NG ), <7§’ 75 0, 0)} an orthonor-
mal set? Justify your answer.

(d) Use the Gram-Schmidt process to construct an orthonormal basis for R* starting
from the basis

{(1,0,0,0), (1, 1,0, 1),(0,1,1,1),(0, 1, =1, 0)}

City University, London, UK

Consider the real vector space M (2, 2) with real inner product given by
(A, B) = tr (BTA)

forall A, B € M (2, 2).
[M (2, 2) is My, which is the set of 2 x 2 matrices and tr is the trace of the
matrix.]

(a) Define the norm of a matrix A € M (2, 2) with respect to the above inner

product. What is the norm of < i _i )?

(b) When do we say that two matrices A, B € M (2, 2) are orthogonal (with respect

to the above inner product)? Are ( _(1) 1 ) and ( g 2§ ) orthogonal?

(c) What is an orthonormal set of matrices in M (2, 2) (with respect to the above
inner product)? Is

e (i3 () ()

an orthonormal set? Justify your answer.

01
(d) LetB:(_l .

M (2, 2), find a matrix A4 such that {A;, A, A3, A4} is an orthonormal basis
for M (2, 2).

>. Using (c) and the fact that {A;, Aj, A3, B} is a basis for



(e) Find A1, Ay, A3, Ag € R such that

10
( 01 ) = MA1] + A + A3A5 + A4Ay
City University, London, UK

Suppose q1, q2, qs are orthonormal vectors in R* (not R?).

(a) What is the length of the vector v = 2q; — 3q2 + 2qs?

(b) What four vectors does Gram-Schmidt produce when it orthonormalizes the
vectors q;, q2, q3, u?

(c) If u in part (b) is the vector v in part (a), why does the Gram-Schmidt break
down?
Massachusetts Institute of Technology, USA (part question)

Consider the vectors
vi=1[0,1,01,0],v,=1[0,1,1,0,0],vs=1[0, 1, 0, 1, 1]

in R, Find w;, w2, w3 in R such that w; - w; = 0 for i # j (i and j between 1 and
3), and such that Span ({w1, wa, w3}) = Span ({v, v2, v3}) fori =1, 2, 3.
University of California, Berkeley, USA
(a) Can you find vectors v = [ V1, vz] and w = [ w1, W ] in R? which are
orthogonal with respect to the inner product (v, w) = 3v;w; + 2v,w», but not
orthonormal with respect to the usual dot product?

(b) If your answer to (a) is ‘yes, find v and w. If your answer to (a) is ‘no; give a
reason why you cannot find v and w.
University of Toronto, Canada

[Edited version of question.] Let P; be the set of all polynomials with degree less
than or equal to 3. We will think of them as a subspace of C[—1, 1], the continuous
functions from the interval [—1, 1] to the reals. P3 has an inner product given by

1
(f, g) = f f(x) g(x) dx. P3 has what we call a standard basis {1, X, X2, X3}. Let V be
21

the space spanned by {1, x}. Find an orthonormal basis for V.
Johns Hopkins University, USA

Define, for A and B in M>, » (R)

(A, B) =tr (ATB)

n
(Recall, if M = [mjj] € My, (F), tr (M) = Y m;;.)
i=1

(a) Show that (A, B) isan inner product on M » (R).

12

(b) Find the distance between A = |: 10

space.

} and B = [ ? ; :| in this inner product
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33

. 12
(c) Find the angle between A = |: 10 ] and B = [ 1 2

space.

:| in this inner product

University of Toronto, Canada

Consider the linear space V of polynomials f(t) = co + ¢t + otfon0<t<l1
with inner product

1
(. g) = f f(t) g(t) dt
0

Find a basis for the subspace S of all f in V orthogonal to 1 + ¢ satisfying the
additional restriction equation f(%) =0.
University of Utah, USA

Define the inner product of two polynomials f and g by the rule

1

(f, g) = /f(x) g(l — x)dx
0
Using this definition of the inner product, find an orthogonal basis for the vector
space of all polynomials of degree < 2.

Columbia University, New York, USA
Sample questions

Explain why (A, B) = tr (AB) where A, B € My, is not an inner product.
Prove Proposition (4.17).

Let P3 be the vector space of cubic polynomials with the inner product given by

1
(£ g) = / f(x) gx)dx
—1

Convert the standard basis {1, X, X%, X3} to an orthonormal basis for Ps.
[The resulting polynomials are called the Legendre (normalized) polynomials.]

Find an orthogonal basis for the column space C (A) of the matrix

SN O =
= U = O
O~ W N
S O W

Let V be an inner product space. Prove that if the vector u is orthogonal for every
ve Vthenu=0.

Let V be an inner product space. Prove that if the vector u is orthogonal to v then
every scalar multiple of u is also orthogonal to v.



Let {vy, v2, v3,..., v,} be a set of orthonormal vectors in an inner product space V.
Prove that

(rivi +xava - xVin Y1V yava b b yaVa) = X1 b X2 Xy

where x; and y; are scalars.

The distance function between two vectors u and v in an inner product space V is
denoted as d (u, v) and defined in (4.4) as

d(u, v) = lu—v|

Prove the following results:

(a) Ifu # vthend (u, v) > 0.
®) d(u, v) <d(u, w) +d(w, v) wherew € V.
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Anshul Gupta

is a Research Staff Member in the HPC Group,
Business Analytics and Mathematical Sciences,
at the IBM Thomas J. Watson Research Center
in New York.

Tell us about yourself and your work.

Although my background is in computer science, my work is at the confluence of
computer science and numerical linear algebra. It often involves applying computer
science techniques to develop scalable parallel algorithms and software for numerical
methods used in scientific computing and optimization.

How do you use linear algebra in your job, how important is linear algebra
and what are the challenges connected with the subject?

I both use and develop linear algebra algorithms and software. The biggest challenge that
I face is that there is no software for many numerical linear algebra algorithms that are
published in linear algebra journals, such as SIMAX, SISC, etc. The corresponding papers
typically present limited experimental evidence of the effectiveness of the proposed
techniques and a reliable comparison with competing techniques is even harder to find.

What are the key issues in your area of linear algebra research?

There are two important issues:

1) lack of resilience of linear algebra algorithms and software to soft errors on massively
parallel machines,

2) scalability limiting effects of global communication and synchronization on linear

algebra software on massively parallel machines.

Addressing both these issues requires the developing of novel algorithmic techniques.

Have you any particular messages that you would like to give to students
starting off studying linear algebra?

Always pay attention to how a linear algebra algorithm will perform on real problems on
real computers. Asymptotic bounds based on operation counts are almost obsolete when
the operations are virtually free and almost all the cost is in data transfer. Different
algorithms with similar complexities can have different spatial and temporal locality
properties, which have a huge impact on the behaviour of the algorithm in a realistic
setting.



SECTION 5.1 Q Introduction to Linear Transformations

By the end of this section you will be able to
determine what is meant by a transformation

prove some properties of linear transformations (mappings)

In this chapter we look at functions defined on vector spaces called transformations. Most
of the theorems in linear algebra can be formulated in terms of linear transformations
which we will discuss below. Transformations also give matrices a geometric flavour. For
example, rotations, reflections and projections of vectors can be described by writing a
transformation as a matrix.

Transformations are particularly useful in computer graphics and games. Examples of
transformations which can be used to create an animation are shown in Fig. 5.1.

Sometimes linear algebra is described as the study of linear transformations on vector
spaces.
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5.1.1 Functions

Q What does the term function mean?

In everyday language it means the purpose of something or someone. In mathematics, a function
is a process that takes an input value, and generates a unique output value.

More formally:

Definition (5.1). A function operating from set A to set B is a rule which assigns every
element of A to one and only one element in the set B.

A function f from A to Bis denoted by f : A — B. The set where the function starts from
(A) is called the domain and where it arrives (B) is called the codomain. The function f
takes a particular value, such as x, and converts it to a value y. This is denoted by

f) =y
The actual values that the function f takes in the set B is called the range or image (Fig. 5.2).

Domain Codomain Domain Codomain

Range or
image.

Figure 5.2

In this chapter we discuss a function between two vector spaces such as V and W. For
example, f : R> — R? is a function between two vector spaces (Euclidean spaces) where
RR? is the domain and R? the codomain.

In general, if for a function f we have f : V' — W (a function from V to W), where V and
W are vector spaces, then the function f is called a transformation or map from V to W.
Transformation is just another word for function and works on vectors as well as numbers.
Also we tend to use the letter T for transformation, thatis T: V — W.

In some mathematical literature you will see the term map used to mean transformation.
They are both the same thing. We will use transformation.

Consider T : R? — R? (transformation from R? to R?) defined by T ([;]) = ( _y>'

X
. 1 1 1 2
Determine T 5 and plot both ) and T 5 |)on R-.



Solution

How do weﬁndT([i])?

By substitutingx = 1and y = 2 into T ([;]) =

Plotting these on R? we have (Fig. 5.3).

Figure 5.3

The transformation T rotates the vector (2 ) by 90° in an anti-clockwise direction with centre at the

origin.
x —
Consider the transformation T : R® — R? definedby T | | y | | = (i )z/> Determine
z
1 —1
Tl 2 Gi)T| | —2
3 =3
Solution

This type of transformation is common in computer graphics because it represents something in three
dimensions (R?) onto a two-dimensional screen (RR?).
(continued...)
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1 X
(i) ForT 2 we substitutex = 1,y =2and z = 3into T' y = (i:ﬁ)
3 z

r(]2])=(23)=(2)

—

(ii) Similarly we have

(1= _[(-1+2) _ (1
(E)--En-e

Note that the transformation T maps a vector from R3 (3-space) to a vector in R? (2-space). (Transforms
a vector in 3d onto a plane.)

5.1.2 Linear transformations (linear mappings)

&R What do you think the term ‘linear transformation’ means?
A linear transformation between vector spaces is a special transformation (mapping) which
preserves the fundamental linear algebra operations - scalar multiplication and vector addition.

The formal definition is:

Definition (5.2). A transformation T : V — W is called a linear transformation < for all
vectors u and v in the vector space V and for any scalar k we have

Ta+v)=T )+ T(v) [T preserves vector addition]

T(ku)=kT (u) [T preserves scalar multiplication]

For example, the transformations given in the above examples 5.1 and 5.2 are linear.
For T to be a linear transformation or a linear map it needs to satisfy both conditions, (a)
and (b).

€ What do these conditions mean?
They both mean that for a linear transformation it does not matter whether you carry out the
vector operation first and then transform, or vice versa.

A transformation is a function with an input and an output (Fig. 5.4).

Input————»———  Transformation =~ ———»———— Output

Figure 5.4

A linear transformation is one where the output changes proportionately to the input. A
real-life example is cooking recipes — double your ingredients and you double your output.
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Figure 5.5

We can treat matrices as linear transformations which act on points or vectors
(Fig. 5.5).

Fig. 5.5(a) shows an example of a transformation which enlarges an object. (Triangle
ABC is enlarged to AB'C’ - doubles each side.) The matrix transformation in this case is

20
(52)

Fig. 5.5(b) shows an example of a transformation which rotates the points of the rectangle

. . . . .. (=1 0
anti-clockwise by 180° about the origin. The matrix transformation is < 0 —1 )

1 0\. . .
0 1 is a linear transformation.

Show that T : R?2 — R? defined by T(x) = Ax where A = (

Solution
What does this transformation do?

wx= o (D)) =(0 5)()=(5)

The transformation T places a negative in front of the y. The result is shown in Fig. 5.6.

y

~ X Transformation

(x. )

Figure 5.6

(continued...)
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The given transformation reflects the vector in the horizontal axis. We need to show that this is a linear
transformation.

Letu = [;] andv = [i] be our vectors in R2.
How do we show that the given T is linear?

Show that T preserves both vector addition and scalar multiplication. This means that we need to check
that both conditions (a) and (b) of the above Definition (5.2) hold.

Checking condition (a):

rera-i (G-
=T<[;‘:[j]) = <—<yxft§>=<—;i)

applying the given
transformation

Now we need to show that T (u) + T'(v) is equal to this vector on the right, < S S):

ro+to=()+()=(51)
—y —t —y—t

Thus we have shown condition (a), thatis T (u + v) = T (u) + T(v).

In this example, linear transformation means that we can add the vectors u and v and then reflect in
the horizontal axis, or we can reflect first and then add. In either case, we end up with the same vector
because T (u +v) = T (u) + T(v).

Checking condition (b):
We need to demonstrate that T' preserves scalar multiplication, thatis T(ku) = k T (u),
where k is any scalar:

e =r(])-r([5])-(5)  [emer([F])-(5)]

What do we do next?

Show that k T' (u) is equal to the above vector on the right, ( _2; ):

kT () :kT([xD — k( ") — < k") — T(ku) [from above]
y —y —ky

Thus we have our result. Again, we can change the order, that is first apply scalar multiplication and
then transform, or vice versa. We end up with the same vector, T(ku) = k T (u).

This means the given transformation T satisfies both conditions (a) and (b) of definition:

(52)(@ T(m+v)=T(u)+ T(v) and (b) T(ku) =kT (u).

Therefore T'is a linear transformation.

Let V be a vector space. Then a linear mapping or transformation T : V. — V (the domain
and codomain are the same vector space) is called a linear operator. Linear operators are
important in subjects such as functional analysis and quantum mechanics because they
preserve vector addition and scalar multiplication.
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Q Is the transformation T given in the above Example 5.3 a linear operator?
Yes, because the transform goes from R? to R? (same vector spaces), that is T : R> — R2.

x+y

Show that the transformation T : R? — R3 defined by T ([;]) = | x—y | islinear. Thisis nota

y
linear operator because T goes from R? to R (different vector spaces). The transformation T in this case
transforms a vector in the plane onto 3d space (Fig. 5.7).

HiAY

T Transformation
Figure 5.7
Solution
Letu = <;) andv = (i) As for the above Example 5.3 we have:
x s
Tu+v) = T([y] I [tD
tis G+ +(+1) x+s+y+t
=T< y+t] = (x+s)—(y+t) =|x—y+s—t
applying the given ytt y+t
transformation

We need to show that T' (u) + T(v) is equal to the vector on the right hand side.

T (W) + T(v) = T([;]) + T([;D

x+y s+t X+y+s+t
= x—y|+|s—t]|=|x—yts—t
applying the given J t y+t
transformation

This is identical to T (u + v), therefore T (u + v) = T (u) + T(v), which means that T preserves
vector addition. Similarly we can check T(ku) = k T (u) for any scalar k. Therefore by

52)@ T@m+v)=T )+ T(v) and (b) T(ku) = kT ()

the given transformation T is a linear transformation.
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A square function such as f(x) = x? is also a transformation. In this case, we have
f:R — R given by f(x) = x%.

a Is f a linear transformation?
We need to check both conditions (a) and (b) of definition (5.2):

f(x+y)=(x+y)2 =x2+2xy+y2

) +f() =% +52

Since x? + 2xy + y* # x> + y? [not equal], therefore
Fx+y) #fG) + ()

What does this mean?
It means that f is not a linear function or linear transformation because condition (a) of (5.2) fails.

[The output does not change in proportion; we have an extra 2xy with f (x + y).]

Let V be an inner product space. Show that T': V' — R defined by T (u) = ||u] is not a linear
transformation. [This transformation measures the norm or length of a vector.]

Solution
How can we show that the given transformation is not linear?
If the transformation T fails one (or both) of the conditions of (5.2), that is:

@Tm+v)=T()+ T(v) (b) T(ku) =k T (u)
then T is not a linear transformation. Checking condition (a):
Tu+v) =|u+v]
T (w) = [lull and T(v) = vl

However, by Minkowski's inequality of chapter 4:
(4.7) lu+v[l < |lull + [Iv]l [less than or equal to],
we have

Tu+v) = [[u+v|
< llall + lIvll = T (w) + T(v)
Hence T (u+v) < T (u) + T(v), therefore condition (a) fails because we don't have equality and so

the given transformation is not linear. In this case, T'is not a linear transformation because the length of
the vector u + v is not equal to the length of u plus the length of v.

Example 5.6

Let V' be a vector space. Show that the identity transformation T': V' — V defined by T (u) = uisa

linear operator.
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Solution
This is the identity transformation because T maps a given vector u back to u (Fig. 5.8).

u~ » | Identity transformation |—®»——y

Figure 5.8

How do we show that this transformation is linear?
Clearly, the output is proportional to the input but intuition does not constitute a rigorous test. We use
our definition of linear transformation. Check the two conditions of (5.2):

@T@+v) =T+ T(v)and (b) T (ku) =k T (u)

Let u and v be arbitrary vectors in the vector space V. We have

Tu+v)=u+v [as transformation has the same input and output]
T () + T(v)

Hence condition (a) is satisfied. Let k be any scalar, then
T(ku) = ku=kT (u)

Thus condition (b) is satisfied. Therefore by the above Definition (5.2), we conclude that the given
identity transformation, T, is a linear operator.

5.1.3 Properties of linear transformations

In this subsection, we highlight some of the properties of linear transformation.

Proposition (5.3). Let V and W be vector spaces and u and v be vectors in V. Let
T :V — W be alinear transformation, then we have the following:

T(O) = O where O is the zero vector.

T(—u)=—-T (u)
Tu—v)=T ) — T(v)

Proof of (a).

We can write the zero vector O as Ou:

TO)=T(@Ou= 0T@m =0
——
because T is linear

Thus T(O) = O.
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Proof of (b).

We write —u as (—1) u. We have

I'~o)=T({(-DHw = (DT (w)=-T(w

because T is linear

[
Proof of (c).
We writeu —vasu + (—v):
Tu—v) =T+ (—v))
=T )+ T(—v) [because T is linear]
=T(u — T(V) [by part (b) T(—v) = —T(v)]
[

Another important property of linear transformation is the following:

Proposition (5.4). Let V and W be vector spaces. Let T : V — W be a linear transforma-
tion and {u;, uy, u3, ..., u,} be vectors in the vector space V such that

v=ku +ku +- - +kyu,

where the k’s are scalars. This means that the vector v is a linear combination of the ugypscript
vectors. Then

T(v) =k T(u) +kT(a) + -+ kyT(uy)
&R How do we prove this proposition?

By using mathematical induction. The three steps of proof by mathematical induction are:

Prove the given result for some base case n = 1 or n = my.
Assume that the result is true for n = m.

Prove the result for n = m + 1.

Proof.

We can take out the scalar T(kju;) = k1 T (uy) because T is linear. The result holds
forn =1.

We assume that the result is true for n = m, that is

T(kiwy + kouy + - -+ + kpuy) =k T(uy) + - - - + ki T(uyy,) @)



349

Required to prove the result for n = m + 1:
T (kiuy + -+ - + kW + kg 18ms1)
=T ([kiar + - + k]| + kg 18me1)
=T ([kia1 + - + kmtm]) + T (km1ums1)  [because T is linear|
=KkT (w) +---+ kT (wp) + km+1T (um+1)
By ()
Hence the result is true for n = m + 1.
By mathematical induction we have our required result.

We can use both these propositions (5.3) and (5.4) to determine whether a given trans-
formation is linear or not. If any one of these properties (5.3) (a), (b), (c) or (5.4) is not
satisfied for a given transformation then we conclude that T is not a linear transformation.

In the exercises, you are asked to show that if T(O) # O [not equal] then T is not linear.

Let P, be the vector space of polynomials of degree 2 or less. The polynomials are of the form
ox® +cix+ co Where the ¢'s are the coefficients.
Show that the transformation T : P, — P, defined by

T(sz2 +c1x+ co) = +oax+ (c+1)

is not a linear transformation.
Solution
We can try testing (5.3) (a) which says that T(O) = O.

What is the zero vector in this case?
The zero vector is the zero polynomial which means that all the coefficients, c's, are equal to zero.

T(0) = T(0x* + 0x + 0)
=02+ 0x+(0+1) =1 [applying transformation]

Since 1 is not the zero vector, therefore T is not a linear transformation because we have
T(O) #0 [not equal].

Example 5.8

Consider the linear transformation T : R — RR? defined by

T (u) = Auwhere A = (_i i)

(continued...)
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(i) The five corners of a house are given by the column vectors in the matrix:
H= 00244
03530
Transform each of the column vectors of H under T.
(ii) Describe the effect of the transformation T on the column vectors of H.
Solution
(i) Remember, the matrix multiplication AH means matrix A acts on each column vector of H:
11
AH — 00244:03774
-11 03530 033 -1 —4

(ii) Plotting our results (Fig. 5.9):

5% 4]
47 27
3 Transformation T’
g ABIPIPIP
1 -2 ‘
1 2 3 45 -4 Figure 5.9
The transformation T rotates the given vectors (corners) by 45° in a clockwise direction.
e N
Q Summary
A transformation or mapping is a function which assigns every element in the domain (start) to a
unique element in the codomain (arrival).
A transformation between two vector spaces V and W denoted T': V. — W is linear <
(@) T(u+v) =T (u)+ T(v) forall vectors u and v
(b) T(ku) = kT (u) for any scalar k
\ J

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Consider the transformation T : R?> — R? given by T (u) = Au where A = < (1) (1) >

Determine the vector T (u) where u is given by:



(a)u=<;> <b)u=<_§) (c>u=(?> (d>“=<:§>

For each of these vectors u and T (u) plot them on the same plane R?.

x

Consider the transformation T : R* — R? givenby T | | y = (?z} ) Determine
z

the vector T (u) where u is given by:

1 -1 V2 -2
(aQ)u=|3 b)u= (—4) (u= \/§) (du= —3)
5 4 V18

x x+y
Let T:R® — R3begivenby T'| | y = | y+z |.Find T (u) where
z zZ+x

2 -3 T 1/2
(Qu=| 4 b)u= 8 Qu= |27 (du=1]2/3
7 —6 57 3/4

Explain why T : U — V given by T (u) = £4/u is not a transformation.

Determine whether the following transformations (mappings) are linear:

(@) T:R? > R? givenby (i) T ([x:D = <y) @) T ([x])
y x y

X
(b) T:R?* — R? givenby T y ):(iﬁ)
z
X
y
z

1
N
\<m kl\)
N——"

x+y x Jx
—y+z|a@r|]|y N
zZ+x z Jz

©T:R?—>R3 givenby (i) T

Let P, be the vector space of polynomials of degree 2 or less. Decide whether the
following transformations are linear:

(a) T:P, — P, givenby T (czx2 +cx+ Co) =cox* +cax+ o
(b) T:P, — P, givenby T (czx2 +cx + co) = c%xz + cfx + cé

Let My, be the vector space of size n by n matrices. Decide whether the following
transformations (mappings) are linear:

(a) T: My — My givenby T (A) = AT where AT is the transpose of the matrix A.
(b) T: My — R given by T (A) = tr (A) where tr (A) is the trace of the matrix A.

[Remember, the trace of a matrix is the addition of all the leading diagonal elements
of the matrix.]

351
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() T: My, — R given by T (A) = a11a22a33 - - - aun Where aj; are the entries along
the leading diagonal of a n by n matrix.

Show that the transpose of any square matrix is a linear transformation (mapping).

1
Let T : C[0,1] — R be a transformation (mapping) given by T (f) = [ f(x)dx where
0

f is a continuous function defined in the interval [0, 1]. Show that T is a linear
transformation.

Let T:V — W be a transform such that T(O) # O. Prove that T is not a linear
transform.

Let T: V — W be the zero transform, that is T (v) = O for all vectors v € V. Show
that T is a linear transformation (mapping).

Let T: V — W be a linear transformation of an n-dimensional vector space into a
vector space W. Let {v1,V2,V3,...,V,} be a basis for V. Prove that if u is any vector in
V then we can write T (u) as a linear combination of

{T(V1)> T(VZ)’ T(V3)> ) T(Vn)}

SECTION 5.2 © Kernel and Range of a Linear Transformation

By the end of this section you will be able to
understand what is meant by the kernel and range of a linear transform

derive some properties of the kernel and range

This is a challenging section which will use some of the results from earlier chapters. In
particular we will need to apply some propositions from chapter 3 to prove some of the
properties of the kernel and range. Try to do the proofs on your own first, and if you get
stuck then have a look at the text. This is a good way of understanding a proof.

The next two sections have similarities with subsection 3.6.1, where we defined: null
space, nullity and rank of a matrix. In this section we describe the kernel (null space), nullity
and range of a linear transformation.

Why is the kernel and range important?
Generally the kernel and range tell you which information has been carried over in the transform
and what has been lost.
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Q How do we know this?
By one of the most important results in linear algebra which is:
Let T : V — W be a linear transform where V is of finite dimension (dim). Then

dim(kernel(T)) + dim(range(T)) = dim(V)

This result says that all the information is contained in these two sets - kernel and range.
This is equivalent to the dimension theorem (3.34) that we mentioned in chapter 3.

Q How is the kernel and range connected to a linear system of equations?
A matrix, say A, can be used to represent a linear transformation, so finding the kernel means
finding all the vectors x such that Ax = O. The linear system Ax = b has a solution if and only if
vector b is in the range (image) of the linear transformation.

5.2.1 Kernel of a linear transformation (mapping)

The notation Ax = b means that the matrix A transforms (maps) the vector x to the vector
b. Matrix A is a function with input x and output b (Fig. 5.10).

X——p— MatrixA ——»—b

Figure 5.10

Generally a function f in mathematics acts on numbers, but the matrix A acts on vectors.

Find v such that T(v) = O for the linear transformation T : R — R? defined by

T(v) = Avwhere A = ( _i i )

Solution
Letv = (x y)T and A be the given matrix, then

(G)-(L)G)-()  [omsrer-ar=o-(3)]

Opening out the matrix gives the simultaneous equations:

x+y=0

—x~|—y=0}:>x:0 and y=0

Hencev = (x y)T =0 0T =o0.
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The set of vectors in the starting vector space which are transformed to the zero vector is
called the kernel (pronounced ‘kur-nl’) of the transformation and is denoted by ker(T).

For the above Example 5.9 we have ker(T) = {0}, that is the kernel of T is only the zero
vector. There are o other vectors in R? which get transformed to the zero vector under T.
(This ker(T) = {O} is the null space of the matrix A.) Note that T(v) = O is equivalent to
solving Av = O, because matrix A represents the transform 7.

We will show later that if the kernel is just the zero vector, O, then we can move things
back, that is the linear transform has an inverse. It means that all the information was
carried over. In general, there may exist other vectors besides the zero vector which are also
transformed to the zero vector as Example 5.10 below demonstrates.

For a general linear transform, T : V — W, the set of vectors in the domain V which
arrive at the zero vector O in W is called the kernel of T and is illustrated in Fig. 5.11.

Zero
vector

Kernel of T

Figure 5.11

In everyday English language, kernel means softer part inside a shell. In linear algebra,
kernel represents those parts which get transformed to the zero vector.

Definition (5.5). Let T : V — W be a linear transform (map). The set of all vectors vin V
that are transformed to the zero vector in W is called the kernel of T, denoted by ker(T). It
is the set of vectors v in V such that T(v) = O.

Consider the zero linear transformation T : V. — W such that T (v) = O for all vectors vin V. Find
ker(T).

Solution
All the vectors in V arrive at the zero vector under T, thatis T (v) = O, therefore ker(T) = V. This
means all of the input set V is the kernel of T (Fig. 5.12).

T

Kernel of T Zero vector

Figure 5.12
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i) Consider the linear transformation T : R3 — R3 given by T = . Find ker(T).
g y y Yy
z 0

(ii) Show thatu — visin ker(T) whereu= (1 2 3)T andv= (1 2 5)T.

Solution

(i) We need to find the vectors in R? which arrive at the zero vector under T.
Which vectors are transformed (mapped) to the zero vector?

x X
Inspecting the given transformation T' y = | y | we arrive at the zero vector if x = 0,y = 0
z 0

and z = r, where r is any real number. Therefore

0 0
T 0 =|0]=0
r 0
0
Thus the kernel of T in this case is 0 || risareal number ¢. The kernel of the given
r

transformation T is the z axis in R as illustrated in Fig. 5.13.

A

z axis |= ker(T)

Figure 5.13

The given T transforms any point in R? to the shaded plane shown in Fig. 5.13.
(ii) We have
u—v=(01 23T — @1 25" =@ o0 27T
Transforming this vector u — v:

Tw-v)=T(0 0 -2)7)= (0 0 0 =0

Since T (u — v) = O the vector u — vis in ker(T). Using T'is linear on T (u — v) = O gives

T(—v)=T(u) — T(v) = Oimplies T (u) = T(v)

(continued...)
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u — vis in ker(T) means that vectors u and v arrive at the same point under T (Fig. 5.14).

//u;i\il\‘”””r‘\”/ 30\\\
\ T W)

A

Ve
\¥ \\'7// Figure 5.14

Hence the kernel detects when two points are transformed to the same point.

The linear transformation in Example 5.11 projects vectors in R® onto a plane in R3.
This type of linear transformation crops up in computer graphics. In computer graphics
the concept of two vectors being transformed to the same point means that one object is
‘blocking’ the view of the other on the screen.

If the vector u — v is in ker(T) for a linear transformation T, which projects vectors onto
a screen, then T (u) is blocking T(v) or vice versa on the screen.

5.2.2 Properties of the kernel

Proposition (5.6). Let T:V — W be a linear transformation (mapping) between the
vector spaces V and W. Then the kernel of T is a subspace of the vector space V.

What does this mean?
The set of vectors v in V such that T(v) = O is a subspace of V which can be illustrated as shown
in Fig. 5.15.

gro vector

Ker(T) T

v w Figure 5.15

How do we prove this result?
By using Proposition (3.7) of chapter 3 which states:
A non-empty subset S with vectors u and v is a subspace < ku + cvisalsoin S.

In this case, the set S in question is ker(T).

Proof.

How do we know that ker(T) is non-empty?
Because by Proposition (5.3) (a) of the last section we have T(0) = O for a linear transform T.
Hence the zero vector O is in ker(T) so it cannot be empty.
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Q What else do we need to show?
(3.7) says that if u and v are vectors in ker(T) then any linear combination ku + cv (k and ¢ are
scalars) is also in ker(T).

Let u and v be vectors in ker(T), consider the vector ku + cv:

T(ku+ cv) = kT (u) + cT(v) [because T is linear]

_ T (u) = T(v) = O because
= k0 +c0 [u and v are in ker(T) i|
=0

We have T(ku + cv) = O, therefore ku + cvis in ker(T).
Any linear combination of vectors u and v are in ker(T), therefore ker(T) is a subspace
of V.
]

Since ker(T) is a subspace of the vector space V we have the following definition:

Definition (5.7). Let T : V. — W be a linear transform. Then ker(T) is also called the null
space of T and the dimension of ker(T) is called the nullity of T which is denoted by
nullity(T).

This definition is identical to the definition of null space of a matrix given in chapter 3.

Let T (u) = Au be a linear transformation then ker(T), or the null space of T, is the
general solution u such that Au = O. [Definition (3.31).]

This means that ker(T) is the set of input vectors u that arrive at the zero vector by
applying matrix A. Remember, this is the same as the null space of matrix A. The null space
definition given above is more generic because it applies to any linear transformation as
you will see in later examples.

Let T : R3 — R? be given by T(x) = Ax where x is in R and

A= 123
456

Find (i) ker(T) (ii) null space of T (iii) nullity(T)

Solution
(i) ker(T) is the solution space of
T(x) =Ax=0
Hence it is the null space of matrix A. We found null spaces of matrices in section 3.6.

(continued...)
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How?

By placing the matrix A into (reduced) row echelon form R and then solving Rx = O:

-(i5s) =017

Lettingx = (x y 2z)! then Rx = O gives:

x—z =0
y+2z2=0
From the first equation, we have x = z and the bottom equation gives y = —2z. Letz = r,
where r is any real number, then x = r, y = —2r and z = r. This means that ker(T) is the
solution:
X r 1
x=|y|=|-2r]|=r| -2
z r 1

We have ker(T) = {ru | u= (1 —2 1T andrisany real number}.
(i) The null space of T and matrix A isker(T) = {ru|u= (1 -2 1T }.
(iii) What does nullity(T) mean?
Itis the dimension of the null space or ker(T). The dimension is the number of vectors in the

basis of ker(T). There is only one vector in the basis of ker(T) whichisu = (1 —2 DT,
therefore nullity(T) = 1.

The challenge is finding ker(T'), the kernel of the given linear transformation (mapping).
Once we have ker(T) then the dimension of this subspace, given by nullity(T) is normally
straightforward, we only need to find the number of basis vectors for ker(T).

However, finding a basis can be more challenging.

Biample 3 ——

Let P, and P35 be the vector space of polynomials of degrees less than or equal to 2 and 3 respectively.
Consider the linear transformation T : P3 — P, given by

T(p) = p'(x)

where p(x) is a cubic polynomial and p’(x) represents the first derivative of p(x).
Determine nullity(T).

Solution
How do we find nullity(T)?
First we find ker(T).
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What is ker(T) equal to?
ker(T) is the set of polynomials that arrive at the zero vector under the given linear transform T. This
transform T differentiates a given polynomial p(x). We have

T(p)=p'(x) =0

Which polynomials gives zero after differentiation?
The constant polynomials, that is

T (c) = ¢ = 0 where ¢ is a constant

Thus ker(T) = {c| cis any real number }.
What is the dimension of this?
A basis for ker(T) is {1}, therefore dimension of ker(T') is 1 because there is only one vector in the basis.
We have

nullity(T) = 1

5.2.3 The range (image) of a linear transformation

We briefly defined what is meant by the range (image) of a function in section 5.1.

O What is the range of a linear transformation T : V. — W?
Figure 5.16 illustrates the meaning of the range or image of a linear transform.

Range or
image of T

Figure 5.16

The range of a linear transformation T is the set of vectors we arrive at after applying T.

Definition (5.8). Let T: V. — W be a linear transform. The range (image) of the linear
transform is the set of all the output vectors w in W for which there are input vectors v in
V such that

Tv) =w

The range is the set of output vectors in W that are images of the input vectors in V
under the transform T. We can write the range(T) of T : V. — W in set theory notation as
follows:

(5.9) range(T) = {T(v) | vin V}
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Note that the range(T) may not include all of the arrival vector space W as you can see
in the above Fig. 5.16.

Example 5.14

Consider the zero linear transformation T : V — W such that T (v) = O for all vectors vin V. Find
range(T) or in other words the image of T.

Solution
All vectors arrive at a single destination — the zero vector under T, therefore:

range(T) = O [zero vector]

Thus the range or image is a single element {O}. This is illustrated in Fig. 5.17.

Zero vector
= range(T)

Figure 5.17

Note that the ker(T) is the whole of the start vector space V, ker(T) = V, but range of T is just the
zero vector, O.

It is important to note the difference between kernel and range. The kernel of a
transformation lies in the domain (start) and range lies in the codomain (arrival).
A common term for range is image. We will use both.

Consider the linear transformation T : P, — R such that T(p) = fol p(x)dx where P; is the vector space
of polynomials of degree 2 or less. Determine range (T). [You can check that T is indeed a linear
transformation.]

Solution
Let p(x) = ax* + bx + ¢ because p(x) is a polynomial of degree 2 or less, then

1
T (p(x)) = /(axz + bx + c)dx
0

_ ﬁ o % g 1_ o b i substituting limits
= 3 2 o 3 2 x=1landx =0

integrating
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We have a, b and c are any real numbers, therefore T(p) = § + %’ + ¢ can be any real number.
What is range(T) equal to?
The set of all the real numbers, that is range(T) = R. We have all of P, being transformed to the set of
real numbers R (Fig. 5.18).

T
/ Range of T
T
P, R

5.2.4 Properties of the range of a linear transformation

Figure 5.18

Note that the range of a linear transform T : V — W is composed of vectors in the arrival
vector space W. (The vectors we arrive at in W after applying T to vectors in V.) Next we
show that the range of T is a subspace of the arrival vector space W.

Proposition (5.10). Let V and W be vector spaces and T : V — W be a linear transfor-
mation. The range or image of the transformation T is a subspace of the arrival vector
space W.

What does this mean?
The shaded part in W in Fig. 5.16 is a subspace of W.

How do we prove this proposition?
Again, by using Proposition (3.7) of chapter 3:
A non-empty subset S with vectors u and v is a subspace < ku+ cvisalsoin S.

Proof.
For a linear transform we have T(O) = O, therefore O is in the set of range(T), which
means the range is non-empty.

How do we prove that range(T) is a subspace of the arrival space W?
By showing any linear combination is also in the range. Let u and w be vectors in range(T) then
we need to show that

ku+ cwis alsoin range(T) [k and c are scalars]

Range of T

Figure 5.19



362

Required to prove that the set range(T) is closed, which means that ku + cw cannot
escape from range(T).
Since u and w are in range(T), there must exist input vectors x in V and y in V such that

T(x)=uand T(y) =w

Figure 5.20

Consider the vector ku + cw:

ku+cw=kT(x) + cT(y)
= T(kx) + T(cy) [because T is linear]
= T(kx+cy) [because T is linear]

V is a vector space, therefore the linear combination kx + cyisin V. We have
Tkx+cy)=ku+cw

therefore ku 4 c¢w is in range(T). Hence by (3.7), we conclude that range(T) is a subspace
of the vector space W.
n

Q Summary

Let T: V — W be a linear transformation. We have the following:

(5.5) The set of all the vectors v in V such that T(v) = O is called the kernel of T.
(5.9) The range (or image) of T in W is defined by range(T) = {T(v)‘ vin V}.

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Find the kernel of the following linear transformations:

(a) T:R? — R’ given by T(v) = Av where A = <(1) (1)>
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(b) T:R? — R? given by T(v) = Av where A = ( 11 )

11
() T:R? — R? givenbyT((ji)) = <g)

(d) T:R>— R3givenby T

N R
I
® © o

(e) T:R3— R%givenby T

= R
Il
7N
R =
[
N N
N——

N

Let T : My, — My, be the linear transformation given by the transpose, that is
T(A) =AT

Determine ker(T) and range(T). [My,, is an n by n square matrix].

Let T : P, — Pj be the linear transformation of differentiation
T(p) =p'(x)

Determine ker(T) and range(T).

Let T: V — W be a linear transformation. Show that if u € ker(T) and v € ker(T)
then for any scalars k and ¢ the vector (ku + c¢v) € ker(T).

Let T : V — W be alinear transformation. Prove that if v € ker(T) then —v € ker(T).

Consider the zero linear transformation T : V — W defined by T(v) = O for all v in
the domain V. Prove that ker(T) = V.

Consider the identity linear transformation T: V — W defined by T(v) = v. Prove
the following results:
(a) ker(T) = {O} (b) range(T) =V

Let T : V — W be alinear transformation and vectors u, vbe in V.
Prove that if T (u) = x and T(v) = x then (u — v) € ker(T).

Let T : V — W be alinear transformation. Prove thatif S; = {vy,v»,...,Vv,} spans the
domain V then S, = {T(Vl), T(v2),..., T(vn)} spans range (T).

Let T : V — W be a linear transformation. Prove that if B = {v{,v;,...,V,} is a basis
for the domain V then S = {T(vl), T(v2),. .., T(Vn)} is a basis for range(T).

Let T:V — W be a linear transformation. Let S be a subspace of V and
T(S) = {T(s)‘ s € S}. Prove that T(S) is a subspace of range(T).
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SECTION 5.3 () Rankand Nullity

By the end of this section you will be able to

find the rank and nullity of a linear transformation

5.3.1 Rank of a linear transformation (mapping)

In chapter 3 we discussed what is meant by the rank of a matrix and why it is important.
The rank of a matrix is the maximum number of linearly independent rows in the matrix,
or the dimension of the row space of the matrix. Remember, in some matrices many of the
rows vanish because they are linear combinations of the other rows (linearly dependent).
The rank is important in transferring data because a transformation with a lower rank
takes up less memory and time to be transferred. Low rank transformations are much more
computationally efficient.

The rank of a linear transformation tells us how much information has been trans-
formed over and is measured as the dimension of the range. The rank also tells us whether
information has been lost by the linear transform.

Definition (5.11). Let T : V — W be a linear transform (map) and range(T) be the range.
Then the dimension of range(T) is called the rank of T denoted rank(T) (Fig. 5.21).

Range(T).

The dimension of
this space is the
rank of 7.

Figure 5.21

Next we state one of the most important results of linear algebra. The proof of this the-
orem is given towards the end of the section because it is long and requires you to recall
some definitions given in previous chapters.

Dimension theorem (also called the rank-nullity theorem) (5.12). Let T: V — W be a
linear transformation from an n-dimensional vector space V to a vector space W. Then

rank(T) + nullity(T) = n

O What does this formula mean?
It means

dim (range(T)) + dim (ker(T)) = n



where dim represents dimension. This is same as the dimension theorem (3.34) of chap-
ter 3. This suggests that adding the dimension of the range and kernel gives the dimension
of the start vector space V. As stated earlier, this result says that all the information is
contained in these two sets — kernel and range.

Why is the rank of a linear transformation important?

The rank gives us how much information has been carried over by the transform. If the rank of
the linear transform T : V. — W is equal to the dimension of the start vector space V then all the
information has been moved over and we can go back; that is, the linear transform has an inverse.
We have:

If rank(T) = dim(V) then all the information has been carried over by T.
If rank(T) < dim(V) then some information has been lost by T.

If rank(T) = 0 < dim(V) then virtually all the information has been lost by T.

i

Determine the rank and nullity of the linear transformation (mapping) T : P, — R:

1
T(p) = / p(x)dx
0

where P; is the vector space of polynomials of degree 2 or less.

Solution

What do you notice about the given linear transform?

It's the same transform as in Example 5.15 of the last section. We have already established that
range(T) = R in Example 5.15.

What is the rank of T?

By the above definition (5.11) we have

rank(T) = dim(range(T)) = dim(R)

dim (R) = 1 because of the general rule dim (R™) = m. Thus rank(T) = 1.
We also need to find the nullity of T' which is the dimension of the kernel.

How?

By using the above formula (5.12):

dim(range(T)) + dim(ker(T)) = n

What is the value of n, the dimension of P, equal to?
From chapter 3, Table 3.1 states that dim (Py) = k + 1 so dim (P;) = 3.
Substituting n = dim (P2) = 3 and dim(range(T)) = 1 into

dim(range(T)) + dim(ker(T)) = n
gives
1 + dim(ker(T)) = 3 whichyields dim(ker(T)) =2

(continued...)
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Hence the nullity of T is 2 and the rank of T'is 1.
Since rank(T) = 1 but dimension of the start vector space P; is 3, some of the information has been
lost by the linear transform T.

We are given that T : P, — R and we know that dim (P,) = 3. However, the dimension
of the arrival vector space R is 1. Clearly the given transform T has lost some information
by going from dimension 3 to 1.

(BampIe ST ————————

Find the rank and nullity of the linear transform, T : R? — R? defined by
T x _ 2x—y
y 6x — 3y
Solution

Since T is linear we can find the rank and nullity of T.
How do we find these?
Apply the dimension theorem formula (5.12):

dim(range(T)) + dim(ker(T)) = n

What is n equal to?
Remember, 7 is the dimension of the domain (start vector space) which is R? because we are given
T : R? — R2 Hence n = dim (R?) = 2.
We need to find the dimension of the kernel of T.
What is ker(T) equal to?
Remember, ker(T) represents those vectors in R2 which arrive at the zero vector under the

transformation 7'
((*)) = 2x—y _ 0
y 6x — 3y 0

We have the simultaneous equations:

2x—y=0

6x—3y=0} gives y = 2x

Let x = s where s is any real number, then y = 2s. Thus

ker(T) = {s(i)

What is the dimension of ker(T)?
A basis (vector representing axis) for ker(T) is {(1 Z)T}, therefore dim(ker(T)) = 1 because we only
have one vector in the basis. Hence nullity (T) = 1.

To find the rank which is the dimension of the range, we substitute n = 2 and dim(ker(T)) = 1 into
the above formula (5.12):

sisareal number}

dim(range(T)) + dim(ker(T)) = n
to get dim(range(T)) + 1 = 2. This gives dim(range(T)) = 1. Therefore rank(T) = 1.
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Hence rank(T) = nullity(T) = 1.

rank(T) = 1 means that the actual arrival space is of dimension 1. However, the dimension of the start
vector space R? is 2, so some information has been lost by T because T transforms vectors from
dimension 2to 1.

5.3.2 Kernel and rank of the linear transformation T(x) = Ax

Proposition (5.13). Let T : R” — R™ be alinear transformation given by T(x) = Ax. Then
range(T) is the column space of A.

Proof.
See Exercises 5.3.
]

In the next example, we convert the given matrix into its (reduced) row echelon form.
The method of conversion has been covered so many times in previous chapters that we
will not detail the steps, but simply write down the final (reduced) row echelon form.

Let T : R* - R? be given by T(x) = Axwhere xis in R* and

A ( 13 4 5 )
2 6 -8 —6
Find a basis for (i) ker(T) (i) range(T)

Solution

(i) The kernel is a subspace of R* because R* is the start vector space of T.

What is ker(T) equal to?

It is the null space x of matrix A.

How do we find a basis for ker(T)?

We need to place the above matrix A into (reduced) row echelon form R and then solve Rx = O. The
general solution x gives a basis (axes) for the kernel. We can use MATLAB or hand calculations to obtain
the reduced row echelon form:

13 4 5 1301
A_(26—8 —6) :> (0011>_R

Letx = (x y z w)T.Expanding the rows of Rx = O gives the simultaneous equations:

x+ 3y +w=0 (1)
z+w=0 2)

(continued...)
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From the bottom equation (2) we have z = —w. Let w = s where s is any real number. We have
z = —w = —s. Substituting w = s into the top equation (1) gives

x+3y +s=0 implies x=—-3y—s

Let y = t where t is any real number. We have x = —3y —s = —3t —s.Hencex = —3t —s,y = ¢,
z=—sandw =s:
x —3t—s -1 =3
y t 0 1
X = =] = t
z —s -1 + 0
w s 1 0

Therefore a set B of basis (axes) vectors for the kernel of T is given by
B=|(-1 0 -1 D7,(=3 1 0 0}

Hence nullity(T) = 2 because we have two basis (axes) vectors for ker(T).
(ii) What is range(T) equal to?
By the above Proposition (5.13):

range(T) is the column space of A.

The column space of A gives range(T). We convert the columns of matrix A into rows by taking the
transpose of A.

A set B’ of basis (axes) vectors for the range of T can be found by determining the reduced row
echelon form of AT (matrix A transposed). The non-zero rows of this reduced row echelon form give a
basis for the range of T. We have

S

“«—— non-zero row

4/_ non-zero row

>
—~
|
G R W =
|
o D
S O O =
—

(=]

The first two rows of the reduced row echelon form matrix R’ is a basis for the range of T:
B = {(1 HEN() 1)T}

Since the range of T has two basis (axes) vectors so rank(T) = 2.

Remember, adding the rank and nullity of T' gives the dimension of the start vector space:
rank(T) + nullity(T) = 2 + 2 = 4 = dim (R*)
5.3.3 Proof of the dimension theorem
Now we prove the dimension theorem which was:

(5.12). Let T : V — W be alinear transformation from an n dimensional vector space V'
to a vector space W. Then rank(T) + nullity(T) = n.



Proof.
Let dim(ker(T)) = k and {vy,V,V3,...,V,} be a set of basis (axes) vectors for ker(T). Since
ker(T) is a subspace of the n-dimensional space V, therefore k < n. We consider the two
cases, k =nand k < n:

Casel: k =n.

&R What does k = n mean?
It means that all the vectors in V are transformed to the zero vector O, that is

T(v)=0OforallvinV

&R What is the range of T?
All the vectors arrive at the zero vector O so range(T) = {O}.

€D What is dimension of range(T) = {O}?
By section 3.4 of chapter 3 we have dim ({O}) = 0.

Hence we have dim(ker(T)) = n and dim(range(T)) = 0:
dim(range(T)) + dim(ker(T)) =0+n=mn

This is our required result.

Case 2: Consider k < n. Let {vl,vz, e Vi Via - - ,v,,} be a set of basis (axes) vectors
for the vector space V where {vi,v3,v3,..., vy} is a basis (axes) for ker(T') as stated above.
This is possible because we are given that the dimension of the vector space V is n and
dim(ker(T)) =k < n.

Let v be an arbitrary vector in the start vector space V, then we can write this vector v as
a linear combination of the basis (axes) vectors, that is

V=V +evy+- -+ Ve + -+ CyVy

where the ¢;’s are scalars.
Thus the vector T(v) is in range(T) and we have

T(v) = T(crvi + cava + -+ + Vi + Cop1 Vg1 + -+ + CnVi)
=T (Vi +cva+ 4 Vi) +T(ckp1Vip1 + -+ cava)  [because T is linear|

isin ker(T)
= O + T(cks1Vig1 + -+ + CuVn)
= 1 T(Vkr1) + -+ cnT(vp) [because Tis linear]
We have
Tv) = c1T(ky1) + -+ caT(va) *)

where v is an arbitrary vector in the start vector space V, and T(v) is in range(T). Thus
the vectors on the right hand side of (*), that is S = {T(vk_H), T(Vit2)s- - > T(vn)} span
(or generate) range(T). We need to show that these vectors in the set S form a basis for
range(T).
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We have already established that these vectors span range(T), but what do we need to show for these
vectors in S to form a basis for range(T)?
Show that they are linearly independent.

How?
Consider the linear combination

dk+1T(Vk+1) + dk+2T(Vk+z) 4+ +dyT(vy) =0
where the dj’s are scalars.

How do we show linear independence?
We need to prove that all the scalars djs are zero.

Since T is linear we have
A1 T(Viy1) + 2 T(Viy ) + - -+ dy T(vy) = O
T(di1Vit1 + dk2Vit2 + -+ duvn) = O
This means that the vector dii1Viy) + dksoViso + -+ + dyv, is in ker(T). Since
{v1,v2,v3,- -+ ,vi} is a basis for ker(T), we have
v + Vo + 63V3 + - -+ Vi = di 1 Vi + drg2Vipa + 0+ davi
avi+ vy + 63V + -+ GV — i1 Vi — Gk Virr — - — dnVa = O
Remember, at the start of the proof we had {v;,v2,...,V,...,V,} as a set of basis (axes)
vectors for the vector space V, therefore they are linearly independent so we have
Cl=C2="'=Ck=dk+l=dk+2=”'=dn=0

All the djs are zero, therefore S = {T(Vit1), T(Vis2)s - . .» T(vy)} is a linearly indepen-
dent set of vectors. Thus S = {T(Vk+1), T(Vkg2)s---» T(vn)} forms a set of basis (axes)
vectors for range(T).

Q How many vectors are there in this basis?

There are n—k vectors in this basis. Hence the dimension of this space is given by
dim(range(T)) = n — k. We have our result

dim(range(T)) + dim(ker(T)) =(n—k)+k=n

This completes our proof.
]

We can apply the dimension theorem to check whether a given transformation is linear
or not.

Example 5.19

X
Consider the transform T : R> — R? given by T |:(y ):| = (i;) Test this transform for linearity.
z




Solution
The value of n in the dimension theorem (5.12) is dimension of the start vector space:

n:dim(R3) =3

What is the kernel equal to in this case?
It is the set of vectors in the start vector space which are transformed to the zero vector:

X

0
T(|» — (= = x=0,y=randz = swherer,sare any real numbers
- xy 0

The entries of vector x such that T(x) = O givesx =0,y =rand z = s:

x 0 0 0
x=|y|= =r|1]+s|O
z 0 1

A set of basis (axes) vectors for the kernel of T is {(O 1 07,0 o I)T}. This means nullity(T) = 2.
The range of T is given by (i;) which is RZ. Hence dim(R2) = rank(T) = 2.
We have

rank(T) + nullity(T) =2+2=4#3=n

Since the dimension theorem fails, the given transformation cannot be linear.

e N
Q Summary
(5.11) The dimension of range(T) is called the rank of T.
(5.12) Dimension or rank-nullity theorem is
rank(T) + nullity(T) = n
where # is the dimension of the domain V.
J

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/

companion/singh>.)

Determine

(i) ker(T) (ii) nullity(T) (iii) range(T) (iv) rank(T)
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for the following linear transformations without using the dimension theorem:

(a) T:R> — R’ given by T(v) = Av where A = ( i §>

100
(b) T:R?>— R3 given by T(v) = Avwhere A = 0 )
1
5

01

00

1 3
(c) T:R®— R?givenby T(v) = Avwhere A= | 2 6
4
(d) T:P; — Ps5givenby T(p) = xp’.

() T:P3 — P,givenby T(p) =p.
1

(f) T:Ps — Rgivenby T(p) = [ p(x) dx.
0

(g) T: My — Py givenbyT((i Z)) =@+ox+(b+4d

For each of the examples in parts (a) to (g) in question 1 verify the dimension theorem
(5.12) which says nullity(T) 4 rank(T) = n where n is the dimension of the domain of
the linear transformation T.

Let T : R® — R3 be given by T (u) = Au where u is in R> and
1 3 4 21
A=|2 6 -7 =25
412 6 46
Find a basis for (i) ker(T) (ii) range(T)
Prove Proposition (5.13).

SECTION 54 © Inverse Linear Transformations

By the end of this section you will be able to
prove properties of a one-to-one and onto transformations
test which transforms have an inverse

understand what is meant by isomorphism

In this section we state the conditions that allow an inverse transformation to exist. Inverse
transformations are important because we often want to be able to undo a transformation.
We need a way back from our destination to our starting point and this can only be achieved
by the inverse transformation.
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1
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® /Tr'ansfr‘ma'rion\\ ..
0
O + ® 0,
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o o o o

InversTta transformation

Figure 5.22

Figure 5.22 illustrates what is meant by an inverse transform.

Transformations are used in cryptography, where a message is encoded by a linear
transform T. In order to decode this message we use the inverse transform of T.

Before we examine inverse transformations we need to discuss what is meant by one-
to-one and onto because they are closely related to the inverse. Having established these
definitions we prove some properties of these concepts.

This is a challenging section because you are required to prove a number of results.
However, if you learn the definitions thoroughly and can apply these with confidence then
the proofs should be straightforward.

5.4.1 One-to-one (injective) transformations

O What do you think a one-to-one linear transformation is?

It's a linear transformation T in which every vector in the domain (start) arrives at a different vector
in the range under T (Fig. 5.23).

7
> T
T R T
T T
T T
v w 4 w
(a) One-to-one (b) NOT one-to-one (many-to-ohe)
Figure 5.23

Fig. 5.23(a) shows a one-to-one transformation while Fig. 5.23(b) is not one-to-one (it is
actually a many-to-one) transformation. Next, we give a formal definition of one-to-one.

Definition (5.14). Let T : V — W be a linear transform, u and v be in the domain V. The
transform T is one-to-one <

uF#v implies T (u) # T(v)
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Q What does this definition mean?
Different vectors such as u and v where u # v have distinct images T (u) # T(v) under the linear
transformation T. Two different start vectors arrive at different destinations.

In other literature on linear algebra, terms such as 1—1 or injective are used for one-to-
one. We will stick with one-to-one.

Example 5.20

Consider the linear identity transformation T : V — W defined by T(v) = v for all viin V. Show that this
transformation T is one-to-one (injective).

Solution
Let u and v be different vectors in V, that is u # v. Applying the given identity transformation we have

T(u)=uand T(v) =v

We have u # v, therefore T (u) = u # v = T(v). Hence T (u) # T(v), so by the above Definition
(5.14):
The transform T' is one-to-one < u # vimplies T (u) # T(v)

The given transformation T is one-to-one because different vectors, u # v, arrive at different
destinations, T (w) # T(v).

Let T : V. — W be the zero linear transformation defined by T'(v) = O for all v in V. Show that this
transformation is not one-to-one (not injective).

Solution
Let u and v be different vectors in V, that is u # v. Then applying the given transformation:

T() =0 and T(v) = O

This gives T (u) = T(v) = O. We have different vectors, u # v, arriving at the same destination,
T (u) = T(v), therefore by (5.14) we conclude that the given zero linear transformation is not
one-to-one.

Another test for one-to-one is:
T is one-to-one <

(5.15) T (u) = T(v) impliesu =v

[If we have arrived at the same destination T (u) = T(v) then we have started with the
same vectors u = v.]



Let T : R2 — R? be the linear transformation defined by
(GI=-)
y xty
Show that this transformation is one-to-one (injective).

Solution
This time we use result (5.15) for the given T.

d

v =([5])=(C32) maro=n{[e]) = (52)

If T (w) = T(v) then we have (a a b) = (C - d) and equating corresponding entries gives:

Letu = [ Z] andv = [ ¢ ] Applying the given transformation to vectors u and v we have

a+b c+d

a—b=c—d N
u—i—b:c—i—d} implies a =cand b =d

Thus the solution of the above simultaneous equations is a = c and b = d which gives

~[3)-[:)-

We have T (u) = T(v) impliesu =v.
This means that the same arrival vectors T (u) = T(v) implies that we started with the same vectors
u = v so by the above result (5.15) the given transformation T is one-to-one.

5.4.2 Properties of one-to-one transformations
An easier check for one-to-one transformation is the following:

Proposition (5.16). Let T : V — W be a linear transformation between the vector spaces
V and W. Then T is one-to-one < ker(T) = {O}.

Q Why do we need another test for one-to-one?
This is a much simpler test for one-to-one. The proposition means that ker(T) = {O} is equivalent
to T is one-to-one. The kernel of T measures one-to-one.

Q How do we prove this result?
By going both (= and <) ways. (=) Firstassume T is one-to-one and derive ker(T) = {O} and
then (<) assume ker(T) = {O} and derive T is one-to-one.

Proof.
(=) Assume T is one-to-one. Since T is linear, by result (5.3) part (a):
If T is linear then T(0) = O
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We have T(O) = O. Suppose there is a vector u in V such that T (u) = O then
T (uw) = O = T(O) implies T (u) = T(O)

Since we are assuming T is one-to-one, by
(5.15) T (w) = T(v) impliesu = v
we have

T (u) = T(O) impliesu = O
Thus the only vector transformed under T to the zero vector is O, which gives
ker(T) = {O}

(<) Now going the other way, we assume ker(T) = {O} and we need to prove T is one-
to-one. Let u and v be vectors in V which arrive at the same destination, T (u) = T(v).
We have

T () =T(v)
Tw—Twv)=0
Tu—v)=0 [because T is Linear]

This means that (u — v) is in ker(T) = {O}. Thus

u—-v=0=u=v

By statement (5.15):

T is one-to-one < T (u) = T(v) impliesu = v

We have T (u) = T(v) implies u = v, therefore T is a one-to-one transformation.
We have proved our result both ways, therefore T is one-to-one < ker(T) = {O}.

Show that the linear transformation T given in Example 5.22 is one-to-one by using proposition (5.16).

Solution

What do we need to show?

Required to prove that the kernel of T of Example 5.22 is the zero vector.

How?

Applying the given transformation and equating to zero (because we are trying to find the kernel) yields

r(5)=(322) = (O) oo 2228 svesmo—o

Thus the kernel of T'is (0 0)T = O. Therefore ker(T) = {O} (is the zero vector) which means that T
is one-to-one.



There are many examples where the kernel of a transformation T is not equal to the zero
vector. For example, if we consider the derivative transformation S of polynomials then the
kernel of S is the set of all constants which are not the zero vector.

Another test for one-to-one is the following:

Proposition (5.17). Let T: V — W be a linear transformation. T is one-to-one <
nullity(T) = 0.
(Remember, the nullity of the transformation T is the dimension of the kernel of T.)

Proof - Exercises 5.4.

5.4.3 Onto (surjective) linear transformations

What do you think the term onto transformation means?
An illustration of an onto transformation is shown in Fig. 5.24.

P T
T
4 w 4 w
Tis onto Tis NOT onto
(@ (®) Figure 5.24

An onto transformation is when all the information carried over by T fills the whole
arrival vector space W.

How can we write this in mathematical terms?

Definition (5.18). Let T : V — W be a linear transform. The transform T is onto < for
every w in the arrival vector space W there exists at least one v in the start vector space V
such that

w=T(v)

In other words T': V — W is an onto transformation < range(T) = W. This means the
arriving vectors of T fill all of W. We can write this as a proposition:

Proposition (5.19). A linear transformation T : V. — W is onto < range(T) = W.

Proof - Exercises 5.4.
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In other mathematical literature, or your lecture notes, you might find the term
surjective to mean onto. We will use onto.

Example 5.24

Show that the linear transformation T : R? — R? given by

T(v) = Avwhere A = < (1) (1) )

is an onto (surjective) transformation.

Solution
How do we show that the given transformation is onto?
Show that the range of T is R2.

Letv = (;) then applying the given transformation to this vector yields:

o 6D6)-6)

Since T ((;)) = (;) we have range(T) = R2, which means that the range of T fills the whole

arrival vector space R2. Hence the given transformation T is onto.

Show that the linear differentiation transformation T : P3 — P3 given by
T(p) =p'

is not onto (not surjective).

Solution
Let p = ax® + bx® + cx + d because p is a member of P3 which is the vector space of polynomials of
degree 3 or less. Applying the given transformation to p = ax> + bx? 4+ cx + d yields:

T(ax3 +bx® + cx + d) = (ax3 + bx® + cx + d)/
= 3ax? +2bx+ ¢ [differentiating]

We have T(p) = 3ax? + 2bx + c and this is a quadratic (degree 2) polynomial (not a cubic, degree 3,
polynomial) which means that it is a member of P,. (Remember, P; is the vector space of polynomials of
degree 2 or less.) Thus the range of T'is P, and because P, # P3 (not equal) the given transformation is
not onto (or not surjective) (Fig. 5.25).
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The given transform T does not fill the whole of the arrival vector space Ps.

5.4.4 Properties of onto (surjective) linear transformations
Proposition (5.20). Let T : V. — W be a linear transformation. Then T is onto <
rank(T) = dim(W)

This proposition means that if the dimension of the range is equal to the dimension
of the arrival vector space then the transformation T is onto. Also, if T is onto then the
dimensions of the range and codomain are equal. (The range = codomain.)

Proof - Exercises 5.4.
]

Proposition (5.21). If T: V — W is a linear transformation and dim(V) = dim(W) then
T is a one-to-one transformation < T is onto.

This means that if the start and arrival vector spaces are of equal dimension then a trans-
formation which is one-to-one is also onto and an onto transformation is also one-to-one.
We get both (one-to-one and onto) or neither provided the start and arrival sets have the
same dimension (Fig. 5.26).

T
If Vand W are of the same size
then we either have both one
to one and onto or neither.

4 T w Figure 5.26

Q How do we prove the given result?
(=) First we assume that T is one-to-one and deduce T is onto and then (<) we assume T is
onto and deduce that T is one-to-one.
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Proof.
Let the start and arrival vector spaces have the same dimension, dim(V) = dim(W) = n.
(=) Assume T is one-to-one. By Proposition (5.17):
T is one-to-one < nullity(T) = 0
We have nullity(T) = 0. By the dimension theorem (5.12):
rank(T) + nullity(T) = n (where n is the dimension of V)
We have rank(T) = n because nullity(T) = 0. Since dim(W) = n so

rank(T) = dim(W) = n
By the above Proposition (5.20):
T:V — Wisonto < rank(T) = dim(W)

We conclude that T is onto.
(<) Conversely we assume that T is onto and prove it is one-to-one.

O How?

We prove nullity(T) = 0 then by Proposition (5.17) we have one-to-one:
T is one-to-one < nullity(T) = 0

We are assuming T is onto, therefore W = range(T). We have
rank(T) = dim(W) = n [remember, at the start we let dim(W) = n]

We also have dim(V) = n, therefore substituting this and rank(T) = n into the dimen-
sion theorem

rank(T) + nullity(T) = dim(V)
gives
n+nullity(T)=n = nullity(T) =0

Since the nullity(T) = 0 so by (5.17) we conclude that T is one-to-one.
]

Proposition (5.22). If T: V — W is a linear transformation and dim(V) = dim(W) then
T is both one-to-one and onto < ker(T) = {O}.

Proof - Exercises 5.4.

Proposition (5.22) makes life easier.

[ Why?
It means that to prove a linear transformation T : V — W with dim(V) = dim(W) is both one-to-
one and onto, we only need to show ker(T) = {O}.
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Q Why is this important?
If the kernel is the zero vector, O, then you know that everything was carried over by the transform,
and you can move things back (i.e. your linear transformation has an inverse).

Let T : R — R? be a linear transformation given by T ((x)) = (x - y).
y x+y

Show that T'is both onto and one-to-one.

Solution

What is the dimension of R??

2. Both our start and arrival vector space have the same dimension:
dim (Rz) = dim (RZ) =72

We can use the above Proposition (5.22) to show that kernel of T is the zero vector, ker(T) = {O}. We

have
r((* _(x=r)\_ 0
y x+y 0
Solving these simultaneous equations:
i;i z g } gives x = 0 and y = 0 implies ker(T) = (g) =0

Since ker(T) = {O}, by (5.22) the given transformation is both one-to-one and onto.

The above example shows a simple test for a transformation to be one-to-one and onto.
Just check ker(T) = {O} provided the dimension of start and arrival vector spaces are equal.

A transformation which is both one-to-one and onto is called a bijection, or we say the
transform is bijective.

5.4.5 Inverse linear transformations

For inverse transformations to exist we need the given transformation to be bijective (one-
to-one and onto). This is why the work on these topics preceded this subsection.

Q What does the term ‘inverse linear transform’ mean?
In everyday language, inverse means opposite or in reverse. An inverse linear transform undoes
the linear transform. Figure 5.27 overleaf illustrates this.

It shows a linear transform T : V' — W in which T takes the vector uto T (u) and inverse
T takes T (u) back to u.

Q How do we denote inverse T?
T~! denotes inverse T (recall T~! does not equal 1/T.)
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T

e

InverseT

4 w Figure 5.27

Next we give the formal definition of T~

Definition (5.23). Let T : V. — W be a bijective linear transform. The inverse transforma-
tion T~! : W — V is defined as

v=T"'w o TWv)=w

If T has an inverse transform, we refer to T as being invertible. To be invertible, T
must be both one-to-one and onto (bijective) as the above proposition states. This means
that if a given linear transform is bijective (one-to-one and onto) then it has an inverse
transform.

Let T : R? — R2 be a linear transformation given by

r((3)=(3)

Find the inverse transformation T~

Solution

We can only find T~ if T is both one-to-one and onto.

How do we show this?

We have already established that the given T is one-to-one and onto in Example 5.26, because we have
the same transformation T.

How do we determine T2

Let our arrival points be a = x — y and b = x + y, then express our starting points x and y in terms of a
and b.

Why?

Because we have the situation shown in Fig. 5.28.

(T e T

Figure 5.28



383

Adding these equations:

XxX—y=a

+ x+y=>b eih 1
2x+0:a+bwhichgivesx:T:E(a—l—b)

Subtracting these equations:

x—y=a
(x+y=0b)

- . b—a 1
0—2y=a—bwhichgivesy = —— = -(b—a)

Thus the inverse transformation T~! : R? — R? is given by
b y %(b —a) 2\b—a
1
Hence we have T~! a =~ (“ +b .
b 2\b—a

Let T : R? — R? be a linear transformation given by T(x) = Ax where A = ( ; 2 )

Find the inverse transformation T~

Solution
Since the start and arrival vector spaces are of same dimension R?, there is a chance that the given
transform is invertible.

If we can show that the kernel of T is the zero vector, O, then by (5.22) we can say T is a bijection and
so it is invertible.
How can we find the kernel of T?

x . . .
Let vector x = ( ) be in the start vector space, which arrives at the zero vector under T. We need to

find x such that T(x) = Ax = O. The augmented matrix is given by:

Xy
1 3]0 1 3]0
2610 00(O
We have x + 3y = 0 implies x = —3y. Let y = r, where r is any real number, then x = —3r:

= ()-(%)r( o

Hence ker(T) # O [not zero] so the given transform does not have an inverse.
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Proposition (5.24). Let T: V — W be a linear transform which is both one-to-one and
onto. Then the inverse transform T~! : W — V is also linear.

Proof - Exercises 5.4.

5.4.6 Isomorphism

At the end of section 4.3.4 of chapter 4 we described isomorphic vector spaces, but next we
give the formal definition:

Definition (5.25). Ifthe linear transformation T : V — W is invertible then we say that the
vector spaces V and W are isomorphic. Such a transformation T is called an isomorphism.

What does isomorphism say about the vector spaces?
An isomorphism between vector spaces means these spaces are identical from a mathematical
viewpoint, even though they are different spaces.

Well, what does this mean?

It means that isomorphic vector spaces have an identical structure. They have similar proper-
ties with respect to the fundamental linear algebra operations of vector addition and scalar
multiplication.

We can make an analogy with music. Consider a low C note on a piano or a guitar, as
an example. Although the piano and guitar have different sounds, both the low C notes on
the piano and on the guitar will be in tune and is a representation of the same vibration.
Both instruments will produce a sound vibration with the same characteristics and prop-
erties. We can think of the piano and guitar as being isomorphic on a particular range of
notes.

Why is isomorphism useful?

If we didn't look for isomorphism then we would be reinventing the wheel each time by studying
the same things over and over again for different vector spaces. An isomorphism between two
vector spaces preserves the structure.

Show that vector spaces P, and R”*! are isomorphic.

Solution

Remember, P, is the vector space of polynomials of degree # or less and R"*1 is the n 4 1 Euclidean
space. We need to create a linear transformation between P, and R"+1,

How?

We can write every polynomial p in Py, as

P=P(X)=Co+clx+ch2+...+cnxn



The set of standard basis (axes) vectors for Py, is {1, % x%, ...« } We can describe this vector p by
writing it in terms of the coordinates (co, 1, ¢2, - - -, ¢n). This coordinate can also correspond to our
Euclidean space R"t1. Hence, we write the transformation as T : P, — R"*! given by

<o
1
T(co + x4 -+ cnx") =

Verify that this transformation is indeed linear.

In order to show P, and R+ are isomorphic we need to prove T is invertible.
How?
Since the dimensions of the two vector spaces are equal, dim (P,) = dim (R"*1) = n + 1, we only
need to prove that kernel of T is the zero vector, that is ker(T) = {O}.

Remember, the kernel of T are those vectors in P,; which arrive at the zero vector under T. The zero
vector in the arrival vector space R”*! is given by

(Co & coo Cn)T:(o 0 --- o)T:O

Hence all the coefficient c's are equal to zero:

o
=}
(=]
o
=]
|
S

o
-
o
-
I
(==

T(oot+ax+ax+ - +ex")=| . | =

This gives p = 0 + 0x + 0x2 + - - - + 0x" = O. Hence ker(T) = {0}, so T is one-to-one and onto
which means it is invertible.

Since T is invertible, the vector spaces connecting T are isomorphic. Hence P, and R"+1 are
isomorphic.

Lemma (5.26). Let V and W be finite-dimensional real vector spaces of equal dimension

and T : V — W be an isomorphism. If {v,v,,...,v,} is a basis (axes) for V then
{T(v1), T(v2),...., T (vu)}

is a basis (axes) for W.

Proof - Exercises 5.4.

Next we prove a powerful result.

Theorem (5.27). Let V and W be finite-dimensional real vector spaces. Then V is

isomorphicto W <
dim(V) = dim(W)

385
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[ Why is this result important?
Because it says that any two vector spaces of the same dimension are identical in structure. Given
two vector spaces V and W then are they essentially the same. We can think of V.and W as
identical if they have the same structure and only the nature of their elements differs.

Proof.
If V and W are of dimension 0 then clearly the result holds. Assume the dimensions of V/
and W are not zero.

(«<).Let T: V — W be a transformation. Required to prove V and W are isomorphic
which means that we have to show that T is invertible.

& How do we show that T is invertible?
Prove that ker(T) = {O}.

Since both the vector spaces are of same dimension, 7 say, they have the same number of
vectors in a basis (axes). Let {v1,V2,V3,...,V,} be a basis for V. By the above Lemma (5.27)
we have {T(v1), T(v2), T(v3), . .., T(vy)} is a basis (axes) for W.

Let T : V. — W be the transformation:

T(kivi +kyvy +ksvs + -+ kyvy) = k1T (v1) + kT (vp) + -+ - + Kk, T (vy)

where k’s are scalars.

Verify that this transformation is linear.

Let u be a vector in vector space V which is transformed to the zero vector under T, that
is T (u) = O. Required to prove u = O because we need ker(T) = {O}.

We can write the vector u as a linear combination of the basis (axes) vectors of V:

u=kvi+kvy+kvs+---+ kv, @)
We have

T (u) = T (kivy + kava 4+ k3vs + - + knvy)
=kTw) + kT )+ 4+ kT (vy)
=0 [because T (u) = O]

Since {T(vl), T(vy), T(v3),..., T(vn)} is a basis for W, these vectors are linearly inde-
pendent, which means that all the scalars are equal to zero:

ki=ky=ks=---=k, =0
Substituting these scalars into (*) gives
u=kvi+kv,+ksvs+---+k,v, =0

Hence ker(T) = {0}, so the transformation is invertible, which implies that start V and
arrival W vector spaces are isomorphic.
(=). Exercises 5.4 question 19(c).
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By the above Theorem (5.27) we have:
Proposition (5.28). Every n-dimensional real vector space is isomorphic to R”.

This means that all the non-Euclidean vector spaces we have looked at in previous chap-
ters, such as the set of polynomials P,, matrices M,,, and continuous functions Cla, b],
are identical in structure to R”, provided they have the same dimension. This is the most
useful isomorphism in linear algebra, because any n-dimensional vector space can be recast
in terms of the familiar Euclidean space R".

For example, the vector space My is isomorphic to R*. However, M3 is not isomorphic
to R® because M3 is of dimension 6 but R is of dimension 5.

s N
Q Summary
letT: V> W.
The transform T is one-to-one < ker(T) = {O}.
The transform T is onto < range(T) = W.
(5.23) If T'is bijective then the inverse transformation T~! : W — V is defined as
v=T"1 W Tv)=w
Vector spaces V and W are isomorphic if there is an invertible linear transformation between V
and W.
N J

M

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Show that the following linear transformations are one-to-one by using Propositions
(5.14) or (5.15):

(a) T:R? — R?given by T(v) = Ivwhere I = <1 0).

01
(b) T:R?* - R? givenbyT((i)) = <i>
() T:R? > R? givenbyT((i)) = (ii—i)

Let M, be the vector space of m by n matrices. Consider the linear transformation
T : My — My, defined by T'(A) = AT. Show that T is one-to-one. (Remember, AT
is the transpose of the matrix A).
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Determine whether the following linear transformations are one-to-one and/or

-
)-(
|

(a) T:R? > R? givenby T ((

xR
(=)

(b) T:R?> — R3givenby T

=
=

N

=

z
=1
X

(c) T:R?> — R3givenby T

IS

2x + 3y
(d T:R? > R3 givenbyT<(;>> = x+y
0

Let T : R* — R3 be the linear transformation defined by
0

T (u) = Auwhere A = 1

0

S O
-0 O

Show that T is one-to-one and onto.

Show that the linear transformation T : P3 — P, given by T(p) = p’ where p’ is the
derivative of p, is not one-to-one but is onto.

Show that the linear transformation T : P, — P, given by T(p) = p” where p” is the
second derivative of p is not one-to-one nor onto.

x
Let T : R?® — R? be the linear transformation defined by T | | y = (}/ )
z
Show that T is not one-to-one but is onto.

Show that the linear transformation T : P, — P53 given by
T(ax*> + bx+¢c) =ax+ (b+c)

is neither one-to-one nor onto.

Show that the linear transformation T : P, — P, given by

T(p) =

is neither one-to-one nor onto.
Prove Proposition (5.17).

Prove the following:
If T:V— W is a linear one-to-one transformation then for every vector w in
range(T) there exists a unique vector vin V such that T(v) = w.

Prove Proposition (5.19).



Prove Proposition (5.20).
Prove Proposition (5.22).
Prove Proposition (5.24).
Prove Lemma (5.26).

Let T : R? — R2? be a linear transformation given by

y — y
Find the inVerse hnear transformation.

Show that T : My, — R*, given by
T<[€Cl ZD =@bcdl

Prove the following properties of isomorphism.

is an isomorphism.

(a) Alinear transform T : V — W is an isomorphism < ker(T) = {O}.
(b) If T: V — W is an isomorphism then T~! : W — V is also an isomorphism.

(c¢) If vector spaces V and W are isomorphic then dim(V) = dim(W).

SECTION 5.5 © The Matrix of a Linear Transformation

By the end of this section you will be able to
find the standard matrix of a linear transformation
determine the transformation matrix for non-standard bases

apply the transformation matrix

Two of the most powerful tools in mathematics are linear algebra and calculus. In this
section we establish a link between them by representing a derivative in terms of a matrix.

We start by showing that any linear transformation can be written in matrix form. This
simply requires us to write our linear transform equations in the form Au, where the vari-
ables x, y, z . .. are stored in the vector u, leaving behind their coefficients in the matrix A.
Writing a linear transformation in this way has untold benefits. With the numerical com-
ponents of the transformation held in isolation, we can use some conventional arithmetic
to manipulate them.

389
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> ©

For example, if the matrix of coefficients performs a rotation and a number of rotations
need to be performed in succession to create an animation, then you can just multiply by
the matrix as many times as required. Each application of the matrix performs another
rotation.

Using the transformation equations or using the matrix alternative are equivalent. You
won’t lose information if you use the matrix, and in many cases, using the matrix is simply
much more efficient

In the next section we cover composition of transformations. We find that if trans-
formations are written as matrices, then this radically reduces the work involved in the
composition of linear transformations.

5.5.1 The standard matrix for a linear transformation (mapping)

We can describe a linear transformation T : R” — R™ by a matrix as the following
example demonstrates.

Let T : R? — R? be the linear operator (start and arrival spaces are identical) given by

()= ()

Write this transformation as T (u) = Au where u = (x y)T.

Solution
Writing (ix _y> in the form Au where u = (;) is given by

=+ 3y
2x—y\ _ (2 -1 X\ _ (2 -1
(55)= (0 5) () =pumerea=(173)

Thus T (u) = Au. Since T : R2 — RZ so the matrix A is of size 2 by 2.

In this section we write a general linear transformation T : R” — R" as T (u) = Au. We
say that A is the matrix representation of the linear transformation T. The transformation
T acts on the vector u. Similarly the matrix A acts on the vector u to give Au.

Is it always going to be possible to write any linear transformation in matrix representation?
Yes, provided we have finite-dimensional vector spaces.

How are we going to show this?

Consider a general linear transformation T : V — W. We examine the basis (axes) vectors in V
and look at the images of these under the given transformation T. To find T(v) for any vin V we
only need to know how T behaves towards these basis (axes) vectors because v can be written as
a linear combination of the basis (axes) vectors.



First we consider a linear transformation with respect to the standard basis for R";
{e1,e2,€3,...,e,} which represents our normal x, y, z, ...axes in R”. Remember, e; is the
unit vector in the x direction, e; is the unit vector in the y direction. . ..

Proposition (5.29). Let T : R” — R™ be a linear transformation and {e;, e, €3, .. ., e,} be
the standard basis for R”. If

C11 C12 Cln

1 22 Con
Ten=| . |, T)=| . |,---andT(en) =

Cm1 Cm2 Cmn

then we can write the transformation T (u) as

T (u) = Au
1 c Cin
01 2 Con
where A= (T(e) T(ex) -+ T(e))=| . . - . |anduisinR"
Cml Cm2 Cmn

A is called the standard matrix and is of size m by n.

Note that the first column of matrix A is the column vector T (e;), the second column of

matrix A is the column vector T (e;), . .. and the last column is the column vector T (e,,).
Proof.
Let u be an arbitrary vector in R” and {e;, ez, ..., e,} be the standard basis (axes) vectors

of the n-dimensional vector space R". By the definition of standard basis we can write

uy 1 0 0
up 0 1 0
u=|  |=wm| . |tuw|og|t+ -tus| .| =mer+uer+ -+ uye,
Uy 0 1
——’ — ——
=e€] =€ =€y

where u;s are scalars and are the coordinates of u with respect to the standard basis (axes)
{e1,e2,€3,...,e,}). Applying the linear transformation T we have

T (n) = T (u1e1 + uzes + - - - + uye,) [because u = uje; + uzer + -+ - + upey|
urT (e1) +upT(e3) + -+ u,T (e,) [because T is linear]

C11 €12 Cln
21 €22 Con
wm | . | tw]| |+ Ful| (1)
Given in Cm1 Cm2 Cmn
Proposition N—— N —’ N ——’

=T(ep) =T(ey) =T(en)
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€11 C12 Cln

€1 €2 ... Cn
Let the matrix A = (T (e1) T(ep) --- T (e,,)) =

Cml Cm2 Cmn

Applying the matrix A to the vector u gives Au, which is the linear combination of the

column vectors of A:

C11 €12 Cln 23 C11 C12 Cln

€1 €2 -+ Cp Uz 21 22 Con
Au=| | ) =wm| L | L w0 ()

Cml Cm2 Cmn Un Cm1 Cm2 Cmn

The right hand sides of (1) and (2) are identical, so we have our result T' (u) = Au.

(ERARPIES ST ———

Let T : R? — R2 be the linear operator given by

(1*1]) = 2x—y
y x+ 3y
Determine the standard matrix A which represents T'

Solution
What is the standard basis for R??
e1 = (1 0)T is the unit vector in the x direction and e, = (0 1)7 is the unit vector in the y direction.

Applying the given linear operator to these basis (axes) vectors {ey, ez} yields:
_ 1 (2 -0\ (2 . x|\ _(2x—y
ren=1([o])-(1%50)= () [oer(G])-(25)]
_ 0 _(20)—-1) (-1 . X _(2x—y
re=1([1])- ()= (5)  er(G])-(55)]

Note, T (e1) gives the x coefficients and T (ey) gives the y coefficients, because e; and e, are the unit
vectors in these directions respectively.
What is the standard matrix A equal to in this case?
2 -1
By the above Proposition (5.29) we have A = (T (e1) T (e2)) = ( L 3 )
Note that we have the same matrix as in Example 5.30, which represents the given transformation T.
We have T (u) = Au whereu = (x y)T.
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Let T : R® — R? be the linear transformation given by

T x _ (3xt+y+tz
)z/ T \x—-3y—z

Determine the standard matrix A which represents T.

Solution
What is the standard basis for R3?

er=[100]" ea=[010]" andes =[001]"

where ey, e, and e3 are unit vectors in the x, y and z directions respectively.
We first examine how T acts on these basis (axes) vectors. Applying the given linear transformation to
the basis (axis) vector e; yields:

1 X
_ (3 +0+0) (3 _(3x+y+z
T(er) =T g —<1_3(0)_0>—(1) because T i _<x—3y—z>

Similarly, applying T to e, and e3 gives T (ez) = (_;) and T (e3) = (_i) respectively.

What is the standard matrix A equal to?
By (5.29) which says A = (T (e;) T (ez) --- T (ey)), we write these vectors as the first, second and
last columns of matrix A:

A= (T() T(e) T(e3))=<i _; _i>

We can check this result by evaluating Au, where u = (x y z)T:

x
Au = 3 1 1 5| = 3x+y+z
1 -3 -1 . x—3y—z

This is the given transformation, therefore matrix A represents transformation T.

Normally the standard matrix can be found by inspection.

Q How?

From Example 5.32, we have the transformation and standard matrix as

Yy
X
T y = Fty+z and standard matrix is A = 311
x—3y—z 1 =3 ~1

z

A is the standard matrix because we use the standard basis to write A.
In the above example T : R? — R? so the matrix A is of size 2 by 3.
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5.5.2 Transformation matrix for non-standard bases

Q Why use non-standard bases?

Examining a vector in a different basis (axes) may bring out structure related to that basis, which is
hidden in the standard representation. It may be a relevant and useful structure. For example, we
used to measure the motion of the planets in a basis (axes) with the earth at the centre. Then we
discovered that putting the sun at the centre made life simpler - orbits were measured against a
basis with the sun at the focus.

For some motions, such as projectiles, our standard basis (xy axes) may be the most
suitable, but for studying other kinds of motions, such as orbits, a polar basis (r,6) may
work better.

If we use latitudes and longitudes to work out a map then we have been effectively using
spherical polar coordinates (r, 8, ¢) rather than our standard xyz axes.

Another example is trying to find the forces on an aeroplane as shown in Fig. 5.29. The
components parallel and perpendicular to the aeroplane are a lot more useful than the
horizontal and vertical components.

N Transform
basis

Figure 5.29

In computer games and 3D design software we often want to rotate our xyz axes (basis)
to obtain new axes (basis) which are a lot more useful. (See question 7 of Exercises 5.5.)

In crystal structures, we need to use a basis which gives a cleaner set of coordinates
called Miller indices. The Miller indices are coordinates used to specify direction and
planes in a crystal or lattice. A vector from the origin to the lattice point is normally writ-
ten in appropriate basis (axes) vectors and then the coordinates are given by the Miller
indices.

Many problems in physics can be simplified due to their symmetrical properties if the
right basis (axes) is chosen. Choosing a basis (axes) wisely can greatly reduce the amount
of arithmetic you have to do.

For the remaining part of this section we will need to use the notation [u] 3, which means
the coordinates of the vector u with respect to a basis (axes) B.

Write the vectoru = (;) of R2 in terms of new basis (axes) vectors B = {b1 = ( ! ) ,by = ( L ) }
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Solution
This means find [u] g. Let k and ¢ be scalars, then we write the linear combination

1 1 3
(1) +<(3)=()
Solving the simultaneous equations

k+ ¢c =3

i =1, =2
k+4c:9} gives k c

We have u = (3) =1b; +2by; =1 ( i) a4 2 (i) or coordinates with respect to basis B is
HEO
9 B 2
. 3. (1Y) . ) 1 1
The coordinates of the vector (9) is (2) with respect to the basis B = {bl = ( l)’b2 = (4)}
(Fig. 5.30).
y

12 1 New axis [in/the

direction of b,

10 1
81
New axis in the
6 direction of b,
4
2]
T X
b; 1 2 3 4 5 6 7
Figure 5.30

Note that u = (3 9)T coordinates are calculated with respect to a standard basis {e;, e;}
or our normal xy axes, but the coordinates with respect to the new basis B = {by, by} is
a 2)T.

We assume that if we have the vector kj u; + k; up + - - - + k, u,, where k’s are scalars,
then

(5.30) [flur +hkowy 4+ k] = ki [wilp 4 ko [wa]p + -+ - + ki [ua]

Proposition (5.31). Let T:V — W be a linear transformation and V and W be
finite-dimensional vector spaces with basis B = {v,v2,...,v,} and C = {wi, Wz, ..., Wy}
respectively. Then we can write the transformation as

[T ]c=Alu]g
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where [T (u)]c are the coordinates of T (u) with respect to the basis (axes) C, [u]p are the
coordinates of u with respect to the basis (axes) B and A is a matrix given by

A=(Tole [Te)c - [Tle)

Q What does this notation mean?
Figure 5.31 illustrates this:

[ | |,

Writing vector
u in basis B.
Transformation Multiplying by A.

| Y [ (1w - A,

Writing vector
T(u) in basis C.

Figure 5.31
Proof.
Let u be an arbitrary vector in the n-dimensional vector space V with basis {vi,v2,...,V,}.
By the definition of basis we can write u as a linear combination of basis (axes) vectors:

u=kvi+kvy+---+ky,

where k’s are scalars.

The coordinates of vector u with respect to basis (axes) B={vy,...,v,} is
k1
[ulg=1] :
ky

Applying the rules of linear transformation we have

Tw=T (k1v1 +kyvy + -+ knvn) [because u=kvy+kyv,+---+ knvn]

= kiT (vi) + kT (v2) + -+ -+ kuT (vy) ()

because T is linear

Note that T (vy), T (v2),..., and T (v,) are all in the arrival vector space W. Let
C = {w1, Wy, ..., Wy} be a set of basis (axes) vectors for W then we can write

T (V) =ciiwi + c2iw2 + - - - + Cpp1 Wi
T (v2) =coW1 + W2 + -+ - + Cra Wi

T (Vi) = c1aW1 + C2nW2 + -+ - + Cun Wi
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where the ¢’s are scalars. We can write these as coordinates with respect to the basis
(axes) C:

c11 12 Cln
€21 €22 Con
(Tole=1 . |>[TOGle=| . |,...and [TV)lc=| . ()
Cm1 Cm2 Cmn
11 €12 Cln k1
€1 €2 ... Cn k>
Let A = . . . and from above [u]g = | . | then A [u]p is given by
Cml Cm2 Cmn ky
o2 Cln ky
C1 €2 ... Cp k2 -
Afu]p = o : : )
Cml Cm2 Cmn kn

Examining [T (u)] we have

(TW]c = [T (V1) + k2T (v2) + -+ + kT (va) ] [from (*)]
= kITW)lctk[TW)lct+ - +ka[T (V)lc

by (5.30)
11 12 Cln
€21 €22 Con
=k| . |+k| . |+ Fk]| . [by (D]
Cm1 Cm2 Cmn
11 C12 Cln ki
1 Con ka
= , = Alul
by (k)
Cml Cm2 Cmn kn

Hence we have our result [T (u)]c = A [u]p.

_

Let T : R — R? be the linear transformation defined by

()¢5

(continued...)
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Find the transformation matrix A with respect to the bases for R and R? given by:

1 —1 0
1 —1
B=3{vi=|1],w= 0],v3=]0 andC:{w1=<2>,W2=< 1)}respectively

Note that B is a set of basis (axes) vectors for the start vector space R> while C is a set of basis (axes)
vectors for the arrival vector space R2.

Solution
Applying the given linear transformation T to each of the basis (axes) vectors B = {vy, v, v3}:

1 X
_ (34141 _( 5 _(3x+y+z
T(v1)=T i —(1_3(1)_1>—(_3) because T )Z/ _<x—3y—z)

Similarly (verify this) we have

—2 1
T (v2) = (_2) and T (v3) = (_1)
What else do we need to find?

We need to write each of these arriving vectors, T (v1) , T (v2) and T (v3), as the coordinates of the basis

wegc= = (D)ows= ()}

T(vl):(_g):uwl—kbwz:a(;)—kb(_i) (1)
T(V2)=(:§>=CW1+dW2=C<;>+d<_i> @
T(V3)=(_i)=eW1+sz=e<;)+f<_i> 3)

How can we find the matrix A?
By the above Proposition (5.31) we have A = ([T vDle [T()]c [T (V3)]C) which in this case is

ace
A= ( bdf )
Why?
Because by (1), (2) and (3) we have

[T vl = (Z) [T ()l = (;) and [T (v3)lc = (Jf)

Remember, the scalars in the linear combination of wj and w; give the coordinates of vectors
T (v1), T (v2) and T (v3) with respect to basis (axes) C.



How can we determine the unknowns a, b, c, . . ., f?
We need to solve the three pairs of simultaneous equations (1), (2) and (3) in the above. Consider the first

pair (1):
5_a1+b—1_a+—b_a—b
-3) "\2 1) \2a b) \2a+b
What is the solution to this pair of simultaneous equations?

2ot b——3 glvesa:§andb:——

a—b=>5 2 13
3

Similarly, we can find the solutions of the other two simultaneous equations. They are

c—d=-2| . 4 2
(2) 2C_i_d:_z}glvesc_—gandd_g
(3) Zej-;J::—” givese=0and f = —1

What is the matrix A equal to?
A% e\ 2/3 —4/3 0
“\bdf) \-13/3 2/3 -1
This means that [T (u)]c = A [u]g which is

(23 —4/3 0
[T (wlc = (_13/3 s _1)[u13

To write the vector T (u) in terms of basis (axes) C, denoted [T (u)]c, we multiply the
vector u written in basis (axes) B, denoted [u]g, by the matrix A.

(ERRRPIES 35—

For the linear transformation given in the above Example 5.34, use the matrix A to find T'(w) where
u=(1 0 2)T with respect to the same bases

1 =l 0

1 —1
B=3{vi=|1]|wn= 0], v3=10 andC:{W1=<2>,W2=( 1)}
1 1 1

Solution
We need to find [T (u)]c = A [u]p. First we determine [u]p.
What does [u]p represent?
Remember, the entries in the given vectoru = (1 0 2)7 are the coordinates with respect to the
standard basis (xyz axes). However, we need to write u with respect to the given basis B because [u]p is
the coordinates of the vector u with respect to the basis (axes) vectors B.

(continued...)
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1 1 —1 0
u=|0]|=avi+bvy+cvs=a|l]|+0b 0)+c|o *)
2 1 1 1

These a, b and c are not the same values as for Example 5.34.
How can we find these?
Solve the simultaneous equations by expanding (*):

a—b =1
a =0 givesa=0,b=—landc=3
at+b+c=2

What are the coordinates of u with respect to the basis (axes) B, [u]p, equal to?

[u]p =

o = 8
I
|
i

Note thatu = (1 0 2)7 gives the coordinates of u with respect to our standard basis (xyz axes) but
[ulg=(0 -1 3)T gives the coordinates of u with respect to the given basis B = {v1,v2,v3}.

From the above Proposition (5.31): [T (u)]c = A [u]p

We found matrix A in the previous example, so using this A we have

2/3 —4/3 0
[T(]c=A[u]p= ( ) [u]p

—13/3 2/3 —1

and evaluating this right hand side gives
2/3 —4/3 0 0 4/3
[Twle= ( ~13/3  2/3 -1 ) _; = (—11/3)

We can illustrate the above process as shown in Fig. 5.32.

1 0
u=|(0 _1
2 s = 5
Writing vector
u in basis B.
Transformation Multiplying by A.
1 4/3
7|0 Writing vector (Tw]lc=Alulp=| _ 11/3
2 T(u) in basis C.

Figure 5.32



4/3
The coordinates of T (u) whereu = (1 0 2)T with respect to the given basis C are < _1{/3 )

We have measured the vector T (u) against the new axes represented by wi and wy:

4 11
T () =-w; — —Ww,
() VT W

This is illustrated in Fig. 5.33.

New axis in the direction of w

New axis in the
direction of w. _
2 w,=

Figure 5.33

However, the coordinates of T (u) with respect to our standard basis (xy axes) are given by:
T 0 _ éw _ Ew _ é 1y E -1 because w; and wp
BEAEE AR V) 3 1 are vectors in basis C
43\ _(-11/3\_( 5
8/3 11/3)  \ -1

5
You can check this T (u) = ( _1 ) by applying the given transformation directly with

u=(1 0 2)~.

5.5.3 A matrix for the derivative

Example 5.36

Let the linear transformation T : P, — P; be defined by

T(p) =p'

(continued...)
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where p’ is the derivative of p. Determine the matrix A which represents the given transformation with
respect to the ordered bases

B=[1,x,x%] and C = [1, x]
for P, and P; respectively. Find T (2x% 4 3x + 1) by using this matrix A.
Solution
First we look at how T behaves towards the basis (axes) vectors. Applying the given linear transformation

to the vectors in basis (axes) B = [l,x, xz] we have

T(1)=1=0 [differentiating]
Tx) =« =1 [differentiating]

T(xz) = (xz)/ =2x [differentiating]
We need to write each of these as the coordinates of the basis (axes) C = [1, x]:

T(1) =0=a(l)+b(x) givesa=0andb =0
T(x) =1=c(l)+d(x) givesc=1landd =0
T(x?) = 2x = e (1) + f(x) givese =0 and f =2

What is our matrix A equal to?

A=(TWlc [T@]e [TE*)]) = (Z 2 ;) - < 8 (1) g>

1
For T (2x2 +3x+1) wehavep = 2x%> +3x+ 150 [p]lp = | 3 | (coefficients of 1, x and x2, and it
2
must be in this order, because the given basis is ordered, B = [l,x, xz]. Remember, a basis is a set of
vectors which represent axes, so the order of the basis vectors matters.):

1
010 3
[T(p)]c=A[p]B=<0 0 2) z =<4)

The entries 3 and 4 in the right hand column vector are the coefficients of the basis C = [1, x], which
means that we have

T(2x* +3x+1) =3 (1) +4(x) = 3+ 4x
Checking this result by differentiating the quadratic:
T(2x* +3x+1) = (24 +3x +1) = 4x + 3.

Thus the matrix A does give the derivative of the quadratic polynomial 2x> + 3x + 1.
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We can find the derivative of any quadratic polynomial by using the matrix A. For
example, to find (3x* + 5x + 7)/ we use the above matrix A as follows:

( 010 ) Z _ (5)

002 3 6

Hence (3x2 + 5x + 7)/ =5+ 6x.

If we consider the derivative of the general quadratic (ax® + bx + c)/ then

c
010 (b . . 2 r
(0 0 2) Z _(2a> implies (ax +bx+c) = b+ 2ax

There is another advantage of using matrix form: we can write a matrix for a different
non-standard basis such as B = [1, 1—x(1— x)z]. You are asked to find such a matrix in
Exercises 5.5. It is not clear what happens using calculus, whereas the matrix form makes it
transparent.

Note that a problem in differentiation can be converted to a problem in arithmetic of
matrices. This is always going to be the case as long as we have a linear transformation T
between two vector spaces U and V because by Proposition (5.31) we have

[T(w)]c=Alulg

where B and C are bases for U and V respectively.

e N
Q Summary
(5.31) Let T : V. — W be a linear transformation and V and W be finite-dimensional vector spaces
with bases B = {v1,v2,V3,...,Vy} and C = {w1, w2, W3, ..., Wy} respectively. Then
[T(w]c=Al[u]p
where uisavectorin Vand A = ([T (vDlc [T ™2)lc -+ [T va)lc).
N J

M

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Determine the standard matrix for the following linear transformations:

or(()-G) er(()-(5)
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x 2x+3
or(() = (323)
(d) T((x y z)T) =x+y+z x—y—z 2x+y—z)T
@©T(x y 2T)=@x—y 4x—y+3z 7x—y—2)T
OT((xy z wl)=@—y+z-3w —x+3y—7z—w 9x+5y+6z+ 12w x)T
(g) T((x Yy z W)T) =0
Determine the standard matrix of the following linear transformations without reading
oft the coeflicients of x, y, z.

or(()-(3) er(()-(52)

x x—y—2 x 0
T~ =<x+y+z) @rf{f»]=1{o0

z z 0

x —3x — 5y — 62z
@Tl|y]|]=|-2x+7y+52

z 0

The linear transform T : R? — R? satisfies the following:
T(h 0)=a23"and7 (0 1) =56

Determine the matrix A which represents this transformation T.

For the linear transformation T : P, — P given by
T(p)=yp'

where p’ is the derivative of p, determine the matrix A which represents the given
transformation with respect to the ordered bases

B:[l,l—x,(l—x)z] and C = [1, x]

for P, and P; respectively. Find T (2x* + 3x + 1) by using this matrix A.

For the linear transformation T : P3 — P, given by
T(p)=p'
where p’ is the derivative of p. Determine the matrix A which represents the given

transformation with respect to the ordered bases in each of the following cases:

(i) B= [l,x, xz,x3] and C = [1,x, xz] for P3 and P, respectively.
(ii) B= [l,x, x%, x5 ] and C = [xz,x, 1] for P3 and P, respectively.
(iii) B = [x,x% x,1] and C = [1,x,x*] for P3 and P, respectively.



&R What do you notice about the matrix A for parts (i), (ii) and (iii)?
In each case find T (—1 + 3x — 7x*> — 2x7) by using this matrix A.

Let T : R? — R? be the linear operator defined by T ((;)) = (i i_ i)
Find the transformation matrix A with respect to the basis

ool (- ()

. -3 . . . . . .
Find T << 1)) by using this matrix A and directly by using the given transfor-
mation.
In a computer game we want to change our standard basis {e;, e} by a rotation of 45°
cos (45°) — sin (45°)
sin (45°) cos (45°) )’
Determine the new basis and write the coordinates of the vector v = (2 1)T in terms
of the new basis. Sketch the new basis and the vector v.

Let T : R? — R3 be defined by

anti-clockwise which is given by the matrix A = (

T([x y]T) =(—x —y x+3y)T
Determine the transformation matrix A with respect to the bases

B= {v1 —12%v,=01 1)T} and

C:{w1:(1 0 D wy=(0120Lws=(0 1 1)T}

for R? and R? respectively. Find T ([2 1 ]T) by using this matrix A.
Let T : My; — M>; be defined by

T(X)=X" (whereX isthe transpose of the matrix X)

Determine the transformation matrix A with respect to the bases

s=o=fm= (3 0)m= (0 ) m= (1) m=(37)]

12
3 4

Let V be vector space spanned by the set {sin(x), cos(x)}. Let T be the differential linear
operator T': V — V given by

for My, where My, is the 2 by 2 matrices. Find T << >> by using this matrix A.

T (f) = f’ where f’ is the derivative of f

405
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Determine the transformation matrix A with respect to the ordered bases
B= [sin(x), cos(x)]

By using this transformation matrix A find T(g) where
(i) g = 5sin(x) + 2 cos(x)  (ii) g = msin(x) + n cos(x)

Let T : Py — P, be the linear operator given by

T(p) =p(x+3)

This means that T(ax2 + bx + c) =a(x+3)2+b(x+3)+c Determine the
transformation matrix A with respect to the ordered basis B = [1,x,x?].

Find T(q + nx + mx?) by using this matrix A and directly by applying the given
transformation.

Let V be a vector space spanned by the set {sin(x), cos(x), e } Let T be the differential
linear operator T : V. — V given by

T(f) = f’ where {’ is the derivative of f
Determine the transformation matrix A with respect to the ordered basis:
B= [sin(x), cos(x), ex]

By using this transformation matrix A, find T(g) where
(i) g = —sin(x) + 4 cos(x) — 2¢* (ii) g = msin(x) + ncos(x) + pe*

Let V be a vector space spanned by the set {e?*, xe**, x?¢?*}. Let T be the differential
linear operator T : V. — V given by

T (f) = f’ where f' is the derivative of f
Determine the transformation matrix A with respect to the ordered basis:
B = [er)erx)x2er]

By using this matrix find T (ae* + bxe™ + cx?e™).

Let T: V — V be the identity linear operator on an n-dimensional vector space V
which is given by

T(v) =v forallvectorsvinV

Prove that the matrix A for the linear transformation T with respect to any basis B is the
identity matrix I,.
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SECTION 5.6 © Composition and Inverse Linear Transformations
By the end of this section you will be able to
understand what is meant by composition of linear transforms
prove some properties of composition of transformations

prove that the inverse matrix represents the inverse transform 7-!

5.6.1 Composition of linear transformations (mappings)
Remember that linear transforms are functions and you should be familiar with the concept
of a function.

Q What does composition mean?
Composition means making something by combining parts.

Q What do you think composition of linear transformation means?
It is the linear transformation created by putting together two or more linear transformations.

Figure 5.34

Fig. 5.34 shows a linear transformation T : U — V which takes the vector uto T (u) and
then the linear transformation S: V. — W takes T (u) to S (T (u)). This composition of T
and S is denoted by S o T. The formal definition is the following:

Definition (5.32). LetT: U — VandS: V — W be linear transforms and u and T (u) be
in the domain (start vector spaces) of U and V respectively. Then the composition of these
two transforms, S and T, denoted by So T is defined by So T : U — W (from U to W)
and

(SoT)(w = S(T(u)
Q What does S (T (u)) mean?

Means first apply the transform T to the vector u to get T (u) and then apply the transform S to
this vector to give S (T (u)).
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Let T : R? - R? and S : R?> — R? be linear operators given by
(G- =s(GD- ()
y x+y y x =5y
. 2 2
Determine (So T) ([3]) and (T o S) ([3])

Solution

(SoT) <|: 2 ]) means apply the transform T' to the vector [;] and then apply transform S to this

result. By using the above Definition (5.32) we have

sen([3])=>(([5)
-s([333]) [omee([7])
s(B)-CA2%EY)  [ees(())
~(a0)

Similarly, carrying out the transformations the other way, first S then T, we have [verify this]:

res () -r6(E)-(3)

These vectors are illustrated in Fig. 5.35.

=

()]
()]

15 20 25

Figure 5.35

Note that (So T) <|:§]) = (_;Z) does not equal (T o S) ([i]) _ (206>.
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In general, (So T) # (T o S) [not equal]. This means that changing the order of trans-
formation gives a different result.

Next, we prove that if S and T are linear transformations then the composite of these
So Tis also a linear transformation.

Proposition (5.33). Let T: U — VandS: V — W be linear transforms. Then the compo-
sition transformation So T : U — W is also linear.

Remember, linear transformations preserve the fundamental linear algebra operations
of vector addition and scalar multiplication. This proposition means that combining two
linear transformations preserves scalar multiplication and vector addition. This is a useful
property to have because we don’t have to worry about the order of doing things.

&R How do we prove this result?
To prove that S o T is a linear transformation we need to show two things:

SoT)(u+v)=(SoT)(u)+ (SoT)(v) [vectoraddition]
(SoT)(ku) =k (SoT) (u) [scalar multiplication]

where u and v are in the start vector space U of transform T and k is a scalar.

Proof.

Let u and v be vectors in U. Then by the above definition of composition (5.32) we
have

(SoT)(+v) =S[T (u+v)]
=S[T () + T()] [because T is linear]|
=S[TW]+S[TH)] [because S is linear |
=@8oT)(w)+ (SoT)(v) [because S(T() =(SoT) (u)]

Similarly we have

(So T)(ku) = S(T(ku))
= S(k T(u)) [because T is linear]
= kS(T(u)) [because Sis linear]
=k(So T)(u) [because S(T(u)) = (So T)(u)]

Since both the above conditions, 1 and 2, are satisfied, S o T is a linear transformation.
n

5.6.2 Matrix of composition linear transformations

In the last section we showed that we can write a linear transformation as a matrix. In this
section we prove that the matrix of the composite transformation is the multiplication of the
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matrices that represent each transformation. Multiplying matrices is painless compared to
combining linear transformations by using the given formula.

The next proposition is complicated because of the different bases used. If we used stan-
dard bases then the result would be a lot simpler - (S o T) (u) = BA (u). However, we want
to have the flexibility of using any bases.

Proposition (5.34). Let T: U — Vand S: V — W be linear transforms and U, V and W
be finite-dimensional vector spaces with bases B, C and D respectively. If

[T (w)]c=A[u]p and [S(v)]D =B[v]c
where u is a vector in U and v is a vector in V then
[((SoT) (w)]p =BA[ulg

Here the bold B is a matrix and italic B is a basis. We could remove all the subscripts if
we used the standard bases and the proposition would be (S o T) (u) = BA (u).

Figure 5.36

This means that the matrix multiplication BA represents the composite transform So T.

Proof.
Let u be an arbitrary vector in the start vector space U. Then by assumption we have

[T(w]c=Alulg @)
Let the vector v = T (u) be in the vector space V. Then by the other assumption we have
[S(T (w)]p =B[T (W] )
Note that S (T (u)) = (S o T) (u) by the definition of composition. We have

[(SoT) (w]p = [S(T (w)]p
=B[T W] [by ()]
=B (A[ulp) =BA[ulp [by ("]

Hence this proves our required result that the composite transformation So T can be
represented by the matrix multiplication BA.
|
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(EHRRPIE 5138 ———

Let T : R? — R? and S : R? — R? be linear operators given by:

(1 *N=(*"7) ands(|*]) = 2x + 3y

y x+y y x =5y

Determine the standard matrices for the compositions (So T) and (T o S).
Also, find how the composite transforms act on vector u = (i) (SoT)(u)and (T o S) (u).

Solution
How do we find the standard matrix for the given transformation T?
Read off the coefficients of x and y. Let A be this matrix then

2=(7) [ = ()]

Let B be the standard matrix for the other given linear transformation S:

-(i2) pees((3)- (2]

By the above Proposition (5.34) and using the standard basis we have

(So T) (u) = BA [u]
2 3\ [1-1 5 1
=<1—5>(1 1>[“]=<—4 —6)[“]

The composite transform S o T on vector u = |:§j| is given by (So T) <|: i :|>

wn(D)-(2 DE)-(2)

Similarly, applying the composite transform T o S on vector u gives

(ToS)(u) = AB [u]

1-1\/2 3 1 8
=<1 1)(1—5>[u]=<3—2>[“]

Also in the above manner we have

s ([3))=(G2) ()= (7)

Note that these answers agree with the previous Example 5.37 because we have the same
transformations.

The calculations in this example are easier than Example 5.37 because we have reduced
the combining of linear transformations to a matrix arithmetic problem.

If a linear transformation represented a rotation, then a number of rotations can be eval-
uated by multiplying matrices. This is a much smoother task than applying the formula to
the composition of many linear transformations.
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S {u
(S,5,)(u) \ u
Il

Figure 5.37

For example, consider the rotation transformations S;, S and S3 on vector u (Fig. 5.37).
If the transformation S; is represented by the matrix A; then

(S308,08)) (w) = AzAZA (u)
—_——

multiplication of matrices

Multiplying the matrices on the right hand side is a lot simpler than evaluation of
S3 o Sz o Sl.

Since matrix multiplication is not commutative so the composition of transforms is not
commutative:

BA # AB [not equal], therefore (T o S) # (So T)

Changing the order of the transformations changes the resulting vector as you should
have noticed for the above examples.

Let V be the space spanned by B = {¢*, xe*, x*¢*}.LetT:V — VandS:V — V be defined by

T(p) = p’ (differential operator) and S(p) = p (identity operator)

where p = ae* + bxe* + cx?e*. Determine the matrix for the composite transform S o T and find
(SoT) (¥ + 2xe* + 3x%¢Y).

Solution

We need to find the matrix which represents the given differential operator T
How?

By finding the transformation of each vector in {€*, xe*, x2¢* }:

T () = (e")’ =¢°  [differentiating]
T (xe*) = (x¢*)’ = " +xe* [differentiating by product rule]

T(x%¢*) = (x*¢*) = 2x¢* +x%¢*  [differentiating by product rule]
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We need to write these in terms of the vectors {e*, xe*, xzex}:

T (e¥) = ¢ = 1(e*) + 0 (xe¥) + 0(x*¢")
T (xex) = +xef =1 (ex) +1 (xex) + O(xzex)

T(xze") = 2xe* + x*¢5 =0 (ex) +2 (xe") 4 1(xzex)

What is the matrix that represents the transform T equal to?
We use (5.31) of the last section: A = ([T (vD)]¢ [T (v2)]c -+ [T "))

110
A=(T(") T(xe) T(x?e)) =012
001

What is the matrix for the identity transformation S(p) = p?
Let B be the matrix for this transformation S. By question 14 of Exercises 5.5:
If S is an identity linear operator then the matrix for S is the identity matrix I,.

B=1I [Identity matrix]
Thus the matrix for composite transform S o T is BA which is
BA=1IA=A
We need to evaluate (S o T) (¢* + 2xe* + 3x%¢*). Rewriting
¢ + 2xe* + 3x%¢* = 1(€°) + 2 (xe*) + 3(x*¢") = p

Hence [plp =(1 2 3)T:

110 1 3
o (1) +2() +3(2¢)) =BAlls = Alls=[0 1 2|[2|=]s
because BA=A 00 1 3 3

Hence using these values gives
(So T) (€° + 2xe* + 3x%€") = 3¢ + 8xe* + 3x’e"

Verify this result by applying the differential operator T to the vector e* + 2xe* 4 3x2¢* and then the
identity, and you should end up with the above result 3¢* + 8xe* 4 3x%¢*.
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5.6.3 Invertible linear transformations

Q What is an invertible linear transformation?

From section 5.4.5 we have

Transformatig

4 w Figure 5.38

Fig. 5.38 shows a linear transformation T : V — W (from V to W) which takes u to T (u). The
inverse transformation denoted by T~1: W — V (from W to V) takes T (u) back to u.

Definition (5.35). Let T : V — W be alinear transform. Then T is invertible <> there exists
a transformation T~! such that

(T_1 o T) = Iy where Iy is the identity transformation on the start vector space V'

(To T_l) = Iw where Iy is the identity transformation on the arrival vector
space W

If a linear transform T is invertible we say it is an invertible linear transform.
Proposition (5.36). Let T: V — W be a linear transform of finite-dimensional spaces V
and W. Then T is invertible < the matrix A which represents the transformation T is

invertible.

Proof - Exercises 5.6.
]

We found an inverse transformation in section 5.4.5. We use the same technique estab-
lished in that section to find the matrix for T~! in the following example.

_

Let T : R? — R? be the linear operator given by T ([x]) = (x—y)
y xty

(i) Determine the matrix for the linear operator T-1:R?> — R2

(ii) Show that the identity matrix I represents the composite function T o T~L.

T is the same transform given in Example 5.27 of section 5.4.5. (continued...)



Solution

(i) By Example 5.27 we have the inverse transformation 7~ !:

= (G)-:(53)

What is the standard matrix, call it A, which represents T-12

1 11
It is the coefficients of x and y, which means the matrix is A = B ( . )

What is the matrix, call it B, which represents the given transformation T [; ]) = <i _T_ i ) ?
1

. . - =1
Again, this is the coefficients of x and y as column vectors. We have B = < 1 1 )

(i) How do we show that the identity matrix I represents the composite transform T o T~1?
By showing BA = I because BA represents the composite transform T o T~1. We have

m=c(3 ) 1)=2(0 2)=G 1)=

In the next proposition, we state and prove that we can find the inverse transformation
of a given transform by determining the inverse matrix A~.

Proposition (5.37). LetT : V — V be an invertible linear transform (actually a linear oper-
ator) of finite-dimensional space V. Let A be a matrix representing the transform T with
respect to a basis for V. Then A~! is the matrix representing the inverse transform 7!
with respect to the same basis.

& How do we prove this result?
We use the above Proposition (5.36) which says:
T is invertible < the matrix A which represents the transformation T is invertible.

Proof.
By (5.36) we know that the matrix A is invertible. Since T is invertible we have

T loT=1Iy

This means that T~! o T is the identity transformation. Let B be the matrix representing
T~! then we need to show B = A~

By Proposition (5.35) we have that the matrix multiplication BA represents the compos-
ite transform T~! o T which is the identity. Thus by the result of question 14 of the last
Exercises 5.5 which says:

If T is an identity linear operator then the matrix for T is the identity matrix I,,
We have BA = I, because T~! o T is the identity transformation.

415
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Q What is the matrix B equal to?
Because BA = I, therefore B = A~! which is our required result.

|
x x+ 5y + 3z
Let T : R® — R3 be the linear operator given by T [ | y =|2x+3y+z
z 3x+4y+z

Determine the inverse transformation T~! : R? — R3.

Solution

How do we find the inverse transformation T~ ?

First we write out the standard matrix for T and then we find the inverse of this matrix. The standard
matrix for T is given by reading the coefficients of x, y and z:

1 5 3 x x+ 5y + 3z
A=|2 3 1 Because T | | y =|2x+3y+z
3 41 z 3x+4y+z

For the inverse transformation T~ ! we need to find the inverse matrix A~L.
How?
We can use row operations or apply MATLAB. You can verify (in your own time) that the following is the
inverse matrix A~ 1:

-1 7 —4
Al = 1 -8 5
-1 11 -7

What is the inverse transformation T~! equal to?
The entries of the first column of this matrix A~! are the x coefficients, the entries in the second column
are the y coefficients and the entries in the last column are the z coefficients:

x —x+7y—4z -1 7 —4
=" y =| x—8y+5z because A~} = 1 -8 5
z —x+ 11y —7z -1 11 -7

Finding the inverse matrix is no easy task but it is still simpler than trying to find the
inverse transformation by transposing formulae.

_

Let T : P, — P, be the linear operator given by

T(p) = (px)’ where p = ax? + bx + ¢

and B = [xz,x, 1] be an ordered basis (axes) for P,. Determine an expression for the inverse
transformation T~ (p) with respect to the same basis B.
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Solution

What do we need to find first?

The matrix which represents the given transformation T'
How can we locate this matrix?

By finding the transformation T(p) = (px)’ of each basis (axes) vector in B = [xz,x, 1]:
T(xz) = (xzx)/ = (x3)/ = 3x%
T(x) = (xx) = (xz)/ =2x
T()=1x)' =@ =1
We need to write these in terms of the basis vectors B = [xz, X, 1]:

T(x?) = 3x* = 3(x*) + 0(x) + 0 (1)
T(x) = 2x = 0(x*) +2(x) + 0 (1)
T(1) =1=0(x*) +0(x)+ 1(1)

What is the matrix A which represents the given transformation T equal to?
300
A=|020
001

To find the inverse transformation T~! we need to find A~!. By using row operations we have:

1/3 0 0
Al=| 0o 1/2 0
0 0 1

With p = ax® + bx + c we can evaluate the coefficients of x2, x and constants of the inverse
transformation T~! as follows:

1/3 0 0 a a/3
0 1/2 0 b |=| b2
0 0 1 c c

The entries in the right hand vector are the coefficients of x%, x and constants respectively.
This means that the inverse transformation is given by

b
T-(p) = T_l(ax2 +bx+c) = gxz + Ex—{—c

Note that in the above Example 5.42 we were given the transformation

T(p) = (px)' = ([ax® + bx + | x)/
= (ax3 + bx* + cx)/ = 3ax’ 4+ 2bx + ¢
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In this transformation we have multiplied a general quadratic ax®> + bx + ¢ by x and
then found the derivative of this result. The inverse transformation is

b
T*I(p) = Tfl(ax2 + bx + c) = gxz + zx—i— c

This is the same as integrating a general quadratic ax’? + bx +c¢ which gives
2% + %xz + cx and then dividing this result by x which yields §x* + gx +c= T\ (p).
Note that this is the reverse process of the given transformation T. We can illustrate this as
shown in Fig. 5.39.

p —>—| Multiply by x |—>—| Differentiate I—P— T(p)
T_l(p) —<—| Divide by x |—<—| Integrate I——<—— p

Figure 5.39

5.6.4 Operations of invertible linear operators

Proposition (5.38). Let T: V — Vand S: V — V be invertible linear operators of finite-
dimensional space V. Then S o T is invertible and

SoT) '=T"1los!

Remember, inverses undo the last operation first as illustrated in Fig. 5.39 above.
Q How do we prove this result?
We use the above propositions and the matrix result of chapter 1:

(1.27) BA) ' =A"1B"!

Proof.
Let the matrices A and B represent the given linear transformations T'and S respectively.
By Proposition (5.34)

(SoT)(u) =BA (u)
We know that the matrix multiplication BA represents the composite transform S o T. By
applying the above Proposition (5.37):
If matrix A represents the transform T then A~! represents the inverse T~}

We have that the matrix representation of (So T) ! is (BA) L. By the above (1.27) we have

(BA) ! =A"!'B7!
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The matrix A~! represents the transform T~! and B! represents the transform S~1.

Thus A~'B~! represents the composite transform T~! o S~!. This means that we have our
required result

SoT)y t=T71os!

P
Q Summary

The composite transform denoted S o T is defined as
(5.32) SoT) ) =S(T (u)

(5.37) Let A be a matrix representing the transform T then A~! is the matrix representing the
inverse transform T~1.

* EXERCISES 5.6

| /
-

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Consider the linear operators T : R? — R? and S : R? — R? given by

(5] C) e (G- )

(i) Determine the vector (So T) ([; ]) and (T o §) ([ ; ])
(ii) Determine the vector (So T) <|: i ]) and (ToS) ([ i ])

LetT: Py, — Py and S: P, — P, be defined by
T(p) = p’ and S(p) = ax> + bx where p=ax*+bx+c

Determine (a) (T o S)(p) (®) (SoT)(p) () (ToT)(p) (d)(So9)(p)
Let the linear operators T : R? — R? and S : R? — R? be given by

"(GD=CE3) wes(GD-(25)
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Determine the standard matrices for the compositions So T and T o S. Also find

0 (S"T)([;D (i) (ToS)([é]) (i) (ToT)([;D (iv (SoS)<[;]>

Let the linear transformations T : R* — R3 and S : R? — R? be given by

x 2x —y+ 10z X —X—y—z
T y =| 3x—5y+6z | andS y = x+y+2z
z x+3y—9z z x+2y+3z
Determine the standard matrices for the compositions So T and T o S. Also find
1] 1 1
@ Son| |2 G) (ToS) | |2 |] Gi)(ToD || 2
3| 3 3
1
(iv) (S0 S) 2
3

(a) Let V be the space spanned by {e*, xe*, x?¢*}.LetT:V — VandS:V — Vbe
linear operators defined by

T(p) = p’ and S(p) = ce* + bxe* + ax’e* where p = ae* + bxe* + cx*e*

Determine the matrix for
(i)SoT (i) ToS (iii)) To T (iv) So S
What do you notice about the transformation S o S? Find S~ (p).

(b) Show that the linear operator T is invertible and find T~!. Use T~! to determine

f xrerdx

LetT: P, — Py and S: P, — P, be linear operators defined by
T(ax2+bx+c) = —ax’ —bx—candS(axz—i—bx—i—c) =-bx—c

and B = [1, x, x*] be an ordered basis for P,.
Determine the matrix which represents the following transformations.
i) SoT (i) ToS (iii)) ToT (iv)So S
Also find (So T) (1+ 2x+3x?), (To$) (1+2x+3x), (ToT)(1+ 2x+ 3x?)
and (So S) (1 + 2x + 3x2).

Let T : R? — R? be the linear operator given by T ([xi|> = (x N y).

y x+y
Determine the standard matrices for transformations T and T~1 : R — R2,
X x+y+z
Let T : R? — R3 be the linear operator given by T'| | y =|x+y—=z|. Find
z X—y—z

the inverse transformation T—! : R3 — R3. [Use MATLAB to find the inverse.]
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Let T : P3 — Pj be the linear operator defined by

T(p) = (px) wherep = ax® + bx> + cx +d
and B = [x?,x%,x, 1] be an ordered basis for P3. Determine an expression for T~ (p)
with respect to the same basis B.

Let T : R? — R3 be the linear operator given by

X x+y+z
T |y =|2x+2y+z
z y+z

Find 77! : R3 — R3.
Determine which of the following transformations are invertible. If they are invertible
then find the inverse transformation.

X
(a) T:R® — R*givenby T z :<x—)|c-;j-z)
m 0
(b) T:R* - Rigivenby T [ | y [ | = | x+y+2
z XxX—y—z

(c) T:P3; — P; givenby T(p) = p where p = ax® + bx? + cx + d.

In computer graphics, each pixel on a screen can be viewed as a point or a vector. The
following matrices carry out the corresponding operations on the vector or point:
( cos (6) —sin (9)
Ry =

sin (@) cos(0) > rotates a vector by an angle of 0 anti-clockwise about

the origin.

1 0 . .
RF, = ( 0 _1 ) reflects a vector in the x axis.

Let T, Q : R — R2 be the linear operators acting on x = (x y)” be given by

T(x) = Ryx and Q(x) = RF,x

(i) What is the net effect of (Q o Q) (x)?

(ii) Show that if we apply the linear operator Q an odd number of times on the vector
x then the net effect is reflection in the x axis.

(ii) Show that the composite transform T o T rotates the vector x by an angle of 26.

The probabilities of injury (I) and death (D) on urban roads (U) and motorways (M)
are given by the matrix A:

I D
(13 2/3\ M
A_(2/3 1/3>U
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A linear operator T : R? — R? is given by T(x) = Ax. The nth vector x,, is defined
as

xp=ToToTo-- 0T (xg) wherexg = (1 0)T

n copies

(i) Use MATLAB or some other software to find x1, X2, x3, x4 and x5 correct to 4dp.
(ii) By using MATLAB, or otherwise, predict a value for x,, for large n.
Let T: V — W be a linear transformation. Let Iy and Iy be the identity linear

transformations on V and W respectively. Prove that
() Toly=T {)IwoT=T

Let T: U — Vand S: V — W be linear transformations and U, Vand W be finite-
dimensional vector spaces. Prove that (So T) # (T o S).

Let T: U — Vand S: V — W be linear transformations, and U, V and W be finite-
dimensional vector spaces. Prove that

k(SoT) = (kS) o T = So (kT) where k is any scalar.

Let T : V — V be an invertible linear operator. Prove that T~! is linear.
Let T : V — V be an invertible linear operator. Prove that (T_l)_1 =T.

Let T : V — W be an invertible linear transformation. Prove that the inverse transfor-
mation T~! : W — V is unique.

Prove Proposition (5.36).

\ MISCELLANEOUS EXERCISES 5

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
[In chapter 5 we used the term transformation to mean map.]

Show that the function T : R — R3 is a linear transformation.
X X1 + 5x;
2 2x1 — 3x2

University of Puget Sound, USA
Let T : R — R? be the map defined by

T[x1, X2, X317 = [2x1 — 3x2 + 4x3, —x1 + 227

Show that T is a linear map and find its standard matrix.
University of Ottawa, Canada



Give an example or state no such example exists of:
A function f : R? — R? that is not a linear transformation.
lllinois State University, USA
(part question)

Let T(x1, x2, x3) = (3x2 + 2x3, 3x1 — 4x3).

(a) Find the standard matrix for T.
(b) Is T one-to-one?
(¢) Is T onto?
University of South Carolina, USA
(a) Let S denote the subset of all vectors ¥ in R? for which % - & = 0 for some

— .
fixed % € R2.Is S a subspace of R? or not? Give reasons for your answer.

(b) Let @ = [_” and vV = [_(1)} be two vectors of R, and let T : R? — R? be

a linear transformation for which T (_u)) = [fi| and T (7) = [;i|

(i) Find T (%7 ) and T ().

(ii) Find the matrix representation of T with respect to the standard basis

— =
{ €1, e }.
(iii) For what vector w of R is T (T&) = [;}?

University of New Brunswick, Canada
Let the operator S : R — R* be defined by

S(x1, x2, x3) = (x1 — 4x3 + 2x3, 2x1 + 7x3 — x3, —X1 — 8xp + 2x3, 2%1 + X2 + x3)

(a) Find the standard matrix of S.
(b) Find a basis for the range of S.

University of Western Ontario, Canada

(a) Given the vector spaces, V, W, over the field K, state what is meant by a linear
transformation T : V — W.

(b) What is meant by the kernel of T, ker T?
(c) Show that T is injective if and only if ker T = {O}.
(d) If T : R® — R2 is given by the formula,

Tx, y, 2)=(x+y, x+y+2),

find ker T.
University of Sussex, UK

423
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Let T : R* — R3 be a linear transformation defined by

fcl 11 10 ;”
T x2 =11 -11 x2
3 00 21 3
x4 x4

(a) Find a basis for the set of vectors in R3 that are in the image of T.
Do the columns of the matrix associated with T span R3?

(b) Is T onto? Explain clearly why or why not.

(c) Find a basis for the null space of T.

(d) Is T one-to-one? Explain why or why not.

Mount Holyoke College, Massachusetts, USA

1
Suppose T : R? — R is a linear transformation such that T |: _Z] = | —1] and
2
-1 3 . 7
T = 0 [.Determine T .
2 _5 —11

University of Puget Sound, USA

Let L : R? — R3 be a linear transformation such that

-2 -3 3 2 -1 -1
L 1 = 1|, L 2 =|(-21, L —1 = 2
-2 2 —1 1 1 4
1
Find L 1
-1

Purdue University, USA
Let Abea6 x 5 matrix such that the nullity of A is 0. Let T : R” — R be the linear
transformation defined by T(x) = Ax. Answer each of the following questions.
Be sure to justify your answers.

(a) What is the value of m? What is the value of n?
(b) What is the maximum number of linearly independent vectors in the range of T?
(c) Is T onto?
(d) Is T one-to-one?

[llinois State University, USA

The images of the unit vectors in R? under the linear transformation T : R*? — R?

2 3
are given as T(e;) = | 1 |, and T (e2) = | k |. Determine all the values of the
h 0

parameters h and k for which T is one-to-one.
Washington State University, USA



Let C![0, 1] represent the vector space of continuously differentiable functions
defined on the interval [0, 1] and let C[0, 1] be the vector space of continuous
functions on [ 0, 1]. Define the transformation T': C'[0, 1] — C[0, 1] by

df

f — Tf where (Tf) (x) = Ec(x) —2f(x)for0 <x<1

Thus, T (¢¥) = dfi—f) —2e" = —€¥, i.e, ex—T> —e.

(a) What is the zero vector in the space C[0, 1]?
(b) Show that T is a linear transformation.
(c) Determine the kernel of T. What is dim ker T?

Harvey Mudd College, California, USA
If T:V — W isalinear mapping, show that

(a) ker(T) is a subspace of V.

(b) im(T) is a subspace of W.

(c) For the linear transformation T given below, find the dimensions of the kernel
and the image respectively.

T:R3—>R3given by T(x, y, 2) =(x+2y—2z, y+z x+y—2z)

University of Sussex, UK

Let T: V — W be a linear transformation from the vector spaces V to the vector
space W. Let S = {v1,V2,...,V,} be aset of vectors in V. Suppose that the set of vec-
tors {T (v1), T (v2),..., T (vy)} is a linearly independent set of vectors in W. Prove
that S must be a linearly independent set in V. Produce a counter-example to show
that the converse is generally false.

Harvey Mudd College, California, USA

Let T : Py — Ps be defined by

T (ao + ait + axt?) = 3ay + 2axt + agt” + (a1 + ap) £°

(a) This is a linear mapping. What are the two conditions that one has to check in
order to prove this? Check one of them.

(b) Equip these two spaces P, and Ps; with the bases B={1,t t*} and
C= { Lt 8 }, respectively. Compute the matrix A that represents T with
respect to these two bases.

(c) Demonstrate how to work with this matrix by computing T (2 + 5¢ — ),
using A.
(d) Tsit possible to do the same with T(p) := > + p (£)? (If yes, don’t do it!)

University of New York, USA

425
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(a) Give the definition of a linear transformation T from R" — Rk,
(b) (i) Showthat T:R3 — R* given by

T([xyz])=[x+22y—3zz+x x|

is a linear transformation.
(ii) Find the standard matrix representation of 7.

(c) Let T : R" — R be a linear transformation and let B = {bl, by, ..., b, } bea
basis of R”. Show that, for any v € R", the vector T(v) is uniquely determined
by the vectors T (by), T (bz), ..., T (by).

University of Toronto, Canada

Consider the subspace V of C (R) spanned by the set

B={14+x1-x ¢, A+xe}

(a) Show that B is a basis for V (by showing that it is linearly independent).
(b) Find the coordinates [u]? in the ordered basis 8, where

u=1-—xe"

(c) Let D: V — V be the differentiation operator D : f %

Find the matrix representation [D]g.
(d) Verify that

[Du}? = [D]f [u]?

Loughborough University, UK
(a) Determine whether the following maps are linear or not. Justify your
answers.
(i) f:]R2 — Ps:(a, b) = (a+Db)x°.
(i) f:M(2,2) > R?: (‘Z Z) — (ad, bo).

(b) Let V, W be two real finite-dimensional vector spaces and let f : V. — W be
a linear map. Define what is meant by the image, the kernel, the rank and the
nullity of f and state the rank-nullity theorem.

(c) Letf : Py — R3 be alinear map with nullity f = 1. Determine whether the map
f is injective, surjective, both or neither. Justify your answer.

(d) Consider the map f : R* — R3 given by
f oz, )=x+y 0, z+1)

forall (x, y, z, t) € R* Determine whether f is injective, surjective, both or neither
and find a basis for the kernel of f and a basis for the image of f.
City University, London, UK
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it (D) =[5 3 ]mars([3]) <[5 ]

Which of the following matrices represents the composition T; o T, with respect
to the standard basis for R??

31] 34
03] B'|:01:|

ezl ele] e[

University of Toronto, Canada

Suppose S and T are the linear transformations given by

S((x1, x2, x3)) = (3x1 +5x2 — x3, 4x2 4 3x3, x1 — X2 + 4x3)

and T(x) = Ax, where

1
A= 2 -1
4

Find the matrix C so that (So T) (x) = S (T(x)) = Cx.

University of Maryland, Baltimore County, USA

Let ¢ : R* — R* be the mapping given by ¢(x) = Ax with

10 —-11
1 11
A= 1 3 4
-1 22

[S2 1 S )

(a) Is ¢ a linear mapping? Justify your answer. Let e; = (1, 0, 0, 0)7. What is
¢ (e1)?

(b) Compute the determinant of A. [Determinants are covered in the next chapter.]

(c) Find a basis for the subspaces ker(¢) and im (¢). Is the mapping ¢ invertible?

Jacobs University, Germany

(a) Let V be a vector space of dimension # with a basis

B={ui,....u}

(i) Give definition of a linear transformation on V.

(ii) If T is a linear transformation on V, define what is meant by the matrix of T
with respect to the basis B.

(b) Let V be the vector space of all functions of the form f(x) = asinx + b cos x for

arbitrary real constants g and b. Select in V the basis B = {sin x, cos x}.
Find the matrix [T]p of the linear transformation

T (f(x) = f'(x) +£"(x)
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with respect to the basis B. Here, f'(x) and f”(x) denote the first and the second
derivative of the function f(x),

y d 1 _ d / _ d*
flx) = af(x), ) = af (%) = @f(x)

(c) Is the operator T from part (b) invertible? If so, find the matrix of the inverse
operator T~! in the basis B.

(d) Using the operator T~!, find a function f(x) in V such that

f"(x) + f(x) = 2sinx + 3 cosx
University of Manchester, UK
Let V be a vector space over R, and let T: V — R” be a one-to-one linear
transformation. Show that for u,v € V the formula

<u> V)V = (T (u) > T(V)>

defines an inner product on V. (Here (—, —) is the standard inner product on R".)
University of California, Berkeley, USA
Let v; and v, be independent vectors in V andlet T : V. — W be a one-to-one
linear transformation of V into W. Prove that T (v;) and T (v2) are independent
vectors in W.
University of Toronto, Canada (part question)
True or false:
If Vis a vector space and T : V — V is an injective linear transformation, then T
is surjective. (Be careful.)
University of California, Berkeley, USA (part question)

Suppose A is a linear operator on a 10-dimensional space V, such that A? = 0.

(a) Show that Im(A) C Ker (A).
(b) Show that the rank of A is at most 5. (Hint: (a) and the rank-nullity theorem
might help.)
Stanford University, USA (part question)
Sample questions

Let M,,, be the vector space of size n by n matrices. Let B be a matrix of M, and
T : M,,;, — My, be a transform such that T (A) = AB + BA where Ac M,
Show that T is a linear transform.

X
Let T : R* — R% be given by T ((;)) = (Z)’ ) Show that T is not linear.



Petros Drineas

is Associate Professor of Computer Science
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New York.

Tell us about yourself and your work.

Linear algebra is a fundamental tool in the design and analysis of algorithms for data
mining and statistical data analysis applications: numerous modern, massive datasets are
modelled as matrices. Naturally, a solid background in linear algebra is a must if your
work will eventually involve processing large-scale data, and many highly rewarding jobs
in the future will involve the analysis of Big Data. Think, for example, of the following
data matrix: the rows of the matrix correspond to customers of your favourite online
store, and the columns correspond to the products available at the store. Let the (i,j)-th
entry of the matrix be the ‘utility’ of product j for customer i. Then, a recommender
system like the ones used by many such online stores, seeks to recommend high utility
products to customers, with the obvious hope that the customer will purchase the
product. Since it is not possible to ask every customer to reveal his or her preference for
every product, a recommender system tries to infer products of high utility for a
customer from a small sample of known entries of the matrix. A lot of my work focuses
on problems of this type: how can we reconstruct missing entries of a matrix from a
small sample of rows and/or columns and/or elements of the matrix? Solving this
problem better than the current state of the art would have made you a millionaire in the
Netflix challenge a couple of years ago!

A related question focuses on identifying influential rows and/or columns and/or
elements of a matrix. Imagine, for example, that you are interested in approximating the
product of two matrices by selecting a few rows of the first matrix and a few columns of
the second matrix. Which rows and or columns will return the best approximation? Such
problems are of particular interest when dealing with massive matrices that cannot be
easily stored in random access memory (RAM). Similar sampling-based algorithms are
very useful in approximating singular values and singular vectors of matrices. These
operations are of particular importance in data mining, since they lie at the heart of
principal components analysis (PCA), a fundamental dimensionality reduction
technique that helps visualize, denoise and interpret high-dimensional datasets.

The challenges in my line of work lie at the intersection of linear algebra and
probability theory. This ‘marriage’ of the two domains as well as the formal study of the
effects of sampling rows/columns/elements of matrices is relatively recent, and you can
trace it to a few influential papers in the late 1990s. On the one hand, probability theory



provides the fundamental tools that help quantify the ‘distance’ between the original
matrix and the sampled one. On the other hand, linear algebraic tools (for example,
matrix perturbation theory), allow us to quantify how characteristic properties (e.g.
singular values, singular vectors, etc.) of the original matrix can be approximated using
the sampled matrix.

Have you any particular messages that you would like to give to students
starting off studying linear algebra?

You need to understand singular value decomposition (SVD)! This will probably be
towards the end of an introductory linear algebra course, but it really should be the
take-home message of any such course. It lies at the heart of so many things, from
computing the rank of a matrix, to solving least-square problems and computing the
inverse or pseudoinverse of a matrix. I will quote Prof. Dianne O’Leary of the University
of Maryland: SVD is the Swiss Army knife and the Rolls Royce of numerical linear
algebra. It has numerous uses (like a Swiss Army knife), but it is computationally
expensive (like a Rolls Royce). I hope that some of my own work on randomized
algorithms for the SVD has helped make it a bit more affordable!



- Determinants
and the Inverse Matrix

SECTION 6.1 Q Determinant of a Matrix
By the end of this section you will be able to
evaluate the determinant of 2 by 2 matrices

understand the geometric interpretation of a determinant

T. Seki (Fig. 6.1) is credited with being the first person
to study determinants in 1683. Seki taught himself
mathematics from an early age after being initially
introduced to the subject by a household servant. He
was from a family of Samurai warriors.

The famous author Lewis Carroll, better known for
his popular book Alice’s Adventures in Wonderland,
wrote a book on determinants called An Elementary
Theory of Determinants in 1867.

Lewis Carroll proposed that Oxford University set
up a mathematical institute 65 years before it was
eventually built. He also wrote to the Dean proposing
his salary be lowered from £300 to £200 per year
because his College was suffering a financial crisis.

Figure 6.1 T. Seki 1642-1708.

(Source: http://turnbull.mcs.st-
and.ac.uk/~history/).

In this chapter we will find that every square matrix has a unique value associated with it,
called the determinant. We can use this value to establish whether the matrix has an inverse
or not, as well as finding whether the linear system has a unique solution. The determinant
of a matrix A is used like a pregnancy test to see whether the linear system Ax = b has a
unique solution or not. Hence the determinant is useful whenever linear systems appear on
the scene.

6.1.1 The determinant of a 2 by 2 matrix
We find the determinant of a 2 by 2 matrix in this section and then expand to3 by 3, ..., n

by n size matrices in the next section.
You can only find the determinant of a square matrix.
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The determinant of a matrix A is normally denoted by det(A) and is a scalar not a matrix.

The determinant of the general 2 by 2 matrix A = < ch Z ) is defined as:

a . b
(6.1) det(A) = ad — bc minus
\d c/

What does this formula (6.1) mean?
It means the determinant of a 2 by 2 matrix is the result of multiplying the entries of the leading
diagonal and subtracting the product of the other diagonal.

Example 6.1

Find the determinant of B = ( i 2 )

Solution
By applying the above formula (6.1) det ( j Z ) = ad — bc we have

20

det(B) = det( 3 4

)=(2x4)—(3x0)=8

Note that the determinant is a number (8), not a matrix.
Next, we look at the geometric interpretation of the determinant of matrix B.

6.1.2 Applications to transformations

Example 6.2

Let the matrix A represent the corners of the triangle PQR whose coordinates are given by
P(0, 0), Q(2, 0) and R(0, 3). Determine the image of this triangle under the transformation BA where

once again, B = 20
ganB=134)

By illustrating this transformation, determine the areas of the triangle PQR and the transformed triangle
P/Q/R/
How does this transformation change the size of the area?

Solution

020
We are given coordinates P (0, 0), Q(2, 0)and R(0, 3), therefore A = (

00 3 ) Evaluating the
matrix multiplication BA:

P QR P Q R

20)(020 04 0
BA_(a 4)(0 0 3)‘(0 6 12)
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The plot of this is shown in Fig. 6.2.

Pand P’ . Q % e x
1 2 3 4 5
Figure 6.2
. 2x3 . - 12 x4
The area of shaded triangle PQR = = 3 and area of large triangle PQ'R’ = — = 24.

The transformation B increases the original area by a factor of 8 because 24/3 = 8.
This ratio 8 is the area scale factor and is equal to the determinant of matrix B which was evaluated in
Example 6.1:

2
Determinant of matrix ( 3 Z ) =2x4)—-3B3x0)=8

The determinant of a 2 by 2 matrix is the area scale factor.

The points <8), (é), <(1)>, ( 1 ) form a unit square with an area of 1, as shown in
Fig. 6.3(a).

What affect does multi ing the matrix A = ave on this square:
& wh does multiplying the matri ?i h his square?

PQRS PQRYS
31 6c1ro1)y (031341} (0314
14 0o011) \o1414+4) \0145

The transformation of the unit square to the parallelogram is shown in Fig. 6.3(b).
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3 3]
Area= 1
2 21

[ §
\\\\\\\\ J

7
7

\\

\\\\\\\‘
\

// f////////

Q1)

Figure 6.3
. 31
The matrix A = 1 4 changes the area by a factor of 11 because

Area of PQ'R'S 1
Areaof PQRS 1
Q Do you notice any relationship between the matrix A and the area of 117

=11

. . . 31
11 is the determinant of the matrix A because det L4 )= (3 x 4) — (1 x 1) = 11. Hence the

area of the parallelogram, 11, is equal to the determinant of the matrix A.

Consider the general 2 by 2 matrix A = < Zl Z ) Transforming the above unit square
PQRS by multiplying by this matrix A gives :

ab 0101\ (0 a b a+b
cd 0011/ \0 ¢ d c+d

We can illustrate this as shown in Fig. 6.4.

2 Area = ad-b
15 a : b, c+d)
rea= <
R4 S d “§§\\\\\\§\\%\\\\
9 § \
I AN \&Q\%%
0s Y
- _lac
P 05 1Q 15 2 (0,0) &

(a) (b)

Figure 6.4
The matrix A = < ? Z ) changes the area by a factor of ad — bc because

A f 1lel d—b
rea of parallelogram  a € ad—be

Area of square 1



This ad — bc is the determinant of the matrix A; depending on the values we choose for
the symbols a, b, c and d the shape may change but the area is always ad — bc. Hence
det(A) represents the shaded area shown in Fig. 6.4(b).

Q What does a determinant equal to T mean in relation to transformations?
Applying a matrix with a determinant of 1 means the total area will remain the same under the
transformation. For example, a simple rotation leaves the area unchanged, so any matrix that
achieves a pure rotation will have a determinant of 1.

What does a negative determinant mean?
It changes the area over as shown in Fig. 6.5(c).

" o/ 4

LY ') - A2 ?(‘)

A‘ " B A ur A v
(a) (b) determinant is positive (c) determinant is negative
Figure 6.5

A negative determinant changes the orientation of the area. If matrix A = (u v) and
the determinant of matrix A = (u v) is positive then swapping vectors gives a negative
determinant, that is det(v u) is negative.

6.1.3 Inverse of a matrix

1 _
LetA = (‘z Z) and B = ( d :) Evaluate the matrix multiplication AB provided

det(A) \—c
det(A) # 0.
What do you notice about your result?

Solution
ab 1 d —b
AB =
(c d)xdet(A)(—c a)
1 a b d —b remember A(kB) = k (AB)
" det(A) \ ¢ d —c a where k = 1/ det(A) is a scalar
1 ad — bc 0
T det(A) 0 ad — bc

1 _ 1oy 1 taking out the common
= T & ( 01 ) = Qera) SUAT [factorad— be = det(A)]
=1

[cancelling out det(A)]
Note that the matrix multiplication AB = I.

435
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Q Since AB = 1, what conclusions can we draw about the matrices A and B?

B is the inverse of matrix A, thatisB = A~1.

. . . a
This means the inverse of the general matrix A = (

(6.2)

-1

_ 1
~ det(A) (

d

—C

cd

_:17 ) provided det(A) # 0

b ) is defined by:

The inverse of a 2 x 2 matrix is calculated by interchanging entries along the leading
diagonal and placing a negative sign next to the other entries, and then dividing this by the
scalar det(A).

Q What does (6.2) imply?
It means that we can find the inverse matrix A~!, such that A=!A = L Being able to find and
use the inverse of a matrix can make solving some equations much easier. Furthermore, if a linear

transformation T(x) = Ax is applied to an object whose vertices (corners) are the vectors x then
this transformation expands the area of the object by det(A). This means that T7lx) = A~ 1(x)
must reverse this expansion, so we divide by det(A) as you can see in formula (6.2).

In the above we have described what is meant by a negative determinant and a
determinant of 1.

R What can we say if the determinant is zero, that is det(A) = 0?
If det(A) =0 then the matrix A is non-invertible (singular) - it has no inverse. The geometric
significance of this can be seen by examining transformations.

Consider the image of the triangle PQR, represented by matrix A = (

. 32 S . .
transformation BA where B = ( 6 4 ) Multiplying the matrices, we have (Fig. 6.6):

020
under the
003
y
12 /Q'andR'
10 /
8
6
) —
R2\ /
Pand P R by
1 2 5 6

Figure 6.6
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Under the transformation performed by B, the triangle represented by matrix A becomes
a straight line P’Q'R’ which means that it has no area. The transformation B collapses the
area of triangle to zero so that matrix B cannot have an inverse because there is #no matrix
that can transform the one-dimensional line back to the original two-dimensional object.
The area is increased by a factor of zero, therefore we expect det(B) = 0 and we can confirm
this by using the formula:

det(é i):(3x4)—(6x2):0

(Eiample 4™ ————————————

Find the inverses of the following matrices:

ann(32) wee(Gh) wee(1])

Solution

(a) When finding the inverse, we should evaluate the determinant first.
Why?
Because finding the determinant of a 2 by 2 matrix is simple, and if it turns out to be 0 then the

matrix does not have an inverse and we can save ourselves a lot of unnecessary additional
calculation.

Therefore by (6.1) we have

2 3

det(A) = det ( -

)=(2x5)—(—1><3)=13

The inverse matrix A~! is given by the above formula (6.2) with det(A) = 13:

2=(30)=503) e (20w ()]

(b) We adopt the same procedure as part (a) to find B~!. Applying (6.1) det(B) = ad — bc:
g

det(B)=det<f k):(ﬁxﬁ)—(—lxl):Z—i—l:.”

By substituting det(B) = 3 into the inverse formula (6.2) we have

o () (T R) e (1) - mm (2]

(c) Similarly applying (6.1) det(C) = ad — bc we have

T

det(C) = det (
T

):(nxn)—(nxn)zo

What can we conclude about the matrix C?
Since det(C) = 0, the matrix C does not have an inverse.
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6.1.4 Wronskian determinant

The Wronskian determinant is used in differential equations to test whether solutions
to the differential equation are linearly independent. If the Wronskian determinant is
non-zero then the solutions are linearly independent. Let f(x) and g(x) be two solutions
to a differential equation then the Wronskian W(f, g) is defined by:

ﬂ@gw)

W(f, g) =d
(f g) et(f’(x) g/(x)

where f’(x) and g’(x) are the derivatives of f(x) and g(x) respectively. If W(f, g) # 0 then f
and g are linearly independent.
For example, the Wronskian W( cos(x), sin(x) ) is given by:

W (cos ) sin(x)) — det cos(x) sin(x) because (cos(x))' = — sin(x)
’ B —sin(x) cos(x)

and (sin(x))/ = cos(x)
= cos?(x) + sin’(x) = 1 # 0

Remember, the fundamental trigonometric identity cos? (x) + sin?(x) = 1. Hence sine
and cosine are linearly independent solutions because W (cos(x), sin(x)) # 0 [Non-zero]

e A
Q Summary
We can only find the determinant of a square matrix.
LetA = ( Z z ) then the determinant and inverse of matrix A are given by
det(A) =ad —bc and Al = ! d =b) | ovided det(A) £ 0
a T det(A) \ —¢ a P
\ J

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
You may like to check your numerical answers using MATLAB.

Compute the determinant of the following matrices.

79 9 2 17 7 71
@A:(57) wwz(w3) @C=<u5) @D=<Mz>

Compute det(A) and det(B) for the following:

(a)Az(; i)andB:(i g) (b)A:(_Sl i)andB=<_21 g)



(A = < cos(—m) cos () ) and B — < cos (—m) sin(—m) >

sin (—m) sin () cos(mr) sin(m)
What do you notice about matrices A and B and your results for det(A) and det(B)?

ab
cd

21
03

column vectors, ((2) ) and ( ; ), of matrix A.

What is det ( ; (2) ) equal to?

For A = < ) Show that det(A) = det (AT).

Let A = < ) Show that det(A) is the area of the parallelogram which connects the

By using determinants decide whether the following linear system has a unique solution?
If so find it.

2x + 3y = -2

5 —2y= 14
Let T: R? — R? be alinear transformation given by T (x) = Ax. Determine a formula
for det (Az) in terms of det(A).
Show that the Wronskian W( ex, e ) # 0.

Decide whether the transformation T : My, — R given by T(A) = det(A) is linear
or not.

SECTION 6.2 © Determinant of Other Matrices

By the end of this section you will be able to

understand what is meant by the terms cofactor, minor and adjoint of a

matrix

determine the inverse of an n by n matrix

In the last section we found the determinant of a 2 by 2 matrix, and used it to work out
the inverse matrix. However, finding the determinant and inverse of a 3 by 3 matrix is not
quite as straightforward as for a 2 by 2. First we need to examine what is meant by the
terms ‘minors, ‘cofactors’ and ‘adjoint’. We need to define these terms before we can find
the inverse.

6.2.1 Minors and cofactors

abc

Consider the general 3 by 3 matrix A= | d e f |. The determinant of the remaining
g hi

matrix after deleting the row and column of an entry is called the minor of that entry.

439
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For example, in the case of the matrix A we have

det ( Z J; ) is the minor of entry a

det ( Z J; > is the minor of entry b

Q What is the minor of entry e?

] deleting the row and column

a c
«——  containing theentry e

¢ |

g i

Hence det < ; f ) is the minor of entry e.

35 7
Determine the minorof —1in | —1 2 3
—4 4 —9

Solution
After deleting the rows and columns containing —1,

> 7 «—_ deleting these

“ 4 -9

we obtain the matrix ( i 79 ) The minor of —1 is the determinant of this matrix:

5 7 a b
det<4 _9>=(5x(—9))—(4x7)=—73 |:by(6.1)det(c d)=ad_bc]

Next we give the formal definition of minor.
Definition (6.3). Consider a square matrix A. Let a;; be the entry in the ith row and jth

column of matrix A. The minor M;; of entry a;; is the determinant of the remaining matrix
after deleting the entries in the ith row and jth column.

ai ain
M;j = det : . : ith row

jth column

\ anl  -t- Qun
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Note that when calculating the minor of an entry in a 3 x 3 matrix, we need to find
the determinant of the remaining 2 x 2 matrix as seen in the above Example 6.5. When
calculating the minor of an entry in a 4 x 4 matrix we would need to find the determinant
of the remaining 3 x 3 matrix which we have not yet stated.

Next, we define the term cofactor, which is a sign associated with the minor M;;.

Definition (6.4). Consider a square matrix A. Let a;; be the entry in the ith row and jth
column of matrix A. The cofactor Cj; of the entry a;; is defined as

Cij = (=™ M;
where M;; is the minor of entry a;;.

This definition may appear at first to be a little complicated, but it simply states that for
any n by n matrix, the cofactors are just the minors with the following place signs:

Q What do you notice about the place signs?
The first entry of a matrix has a positive sign and then the place signs alternate.

(BampIE 616 ————————

35 7
Determine the cofactorof 5in | —1 2 3
—4 4 -9

Solution
After deleting the row and column containing 5 we find that the minor of 5 is

det( :i _39 ) = (-1x(=9) - (—4x3) =21 [(6‘1) det(‘z Z) —ad— bc]
by (6.1)
According to the rule, the place sign of the central entry in the top row is negative, so the cofactor of
5is —21.
Note that the minor of 5 is 21 but the cofactor is —21 because the position of 5 in the matrix means
that the cofactor inherits a negative sign.

By the above Definition (6.4) the cofactor is given by

an gl a1n
Cij = (—1)"" det : P . This definition might seem difficult to follow

an1 - l © Aun
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J

Y

because of the complex 7j notation, but this ij simply locates the entry of a matrix. There is
no easier way to locate an entry. The cofactor is just the minor of an entry with a plus or
minus sign depending on its position in the matrix. For example, the cofactor of the first
entry ap; is equal to the minor, C;; = M;; because D" =(=1?=1.

What is the cofactor of the entry aj,?
In this case, ajp meansi=1,j=2andi+j= 14 2 = 3, therefore Cj; = (=13 My = —Mys.

What is the cofactor of the entry a;3?
Since i +j =1+ 3 = 4 therefore C13 = (=1)* My3 = M;3. If we carry on developing the cofac-
tors we find that they are just the minors with a place sign.

We can write the determinant of a 3 by 3 matrix in terms of its cofactors. Let

abc + — +
A=|def remember that place signsare | — + —
g hi + - +
then:
(6.5) det(A) = a (cofactor of a) +b (cofactor of b) +c (cofactor of c)

Expanding out (6.5) gives:

o sl )] o)) fe(£ )]

Why is there a minus sign in front of the b in formula (6.6)?
This is no mistake; the minus sign comes about because the place sign for b is minus.

We can find the determinant of a matrix by expanding along any of the rows. For example, the
formula for expanding along the middle row is

det(A) = d (cofactor of d) + e (cofactor of e) + f (cofactor of f)
What is the formula for expanding along the bottom row?
det(A) = g (cofactor of g) + h (cofactor of h) + i (cofactor of i)

We can also expand along any of the columns to find the determinant of A. The formula for
expanding along the first column is

det(A) = a (cofactor of a) + d (cofactor of d) + g (cofactor of g)

If any of the rows or columns contain zeros then we choose to expand along that row or
column because it simplifies the arithmetic.

A transformation T : R3 — R® means that T goes from three-dimensional space R3
to R3.
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Example 6.7

=1 B =2
Let T : R? — R3 be defined by T (x) = AxwhereA=| —6 6 0 |.Find det(A).
3 -7 1

Solution
Since there is a 0 in the last column, it is easier to expand along this column:

det (A) = —2 (cofactor of — 2) + 0 (cofactor of 0) + 1 (cofactor of 1)

—1 5 -2
det| —6 6 | 0] = (—2) det 66 — 0det - + 1det 1S
s | 3 -7 3 -7 —6 6

expanding along —2(42-18 — 0+ w =
this column by (6.1) by (6.1)

We can illustrate the given transformation by examining how T acts on the unit cube
determined by e; = (1, 0, 0),e; = (0, 1, 0) and e3 = (0, 0, 1). Applying T to each of
these vectors gives:

T(e))=(—1, —6, 3), T(e2)=(5 6, —7) and T (e3) = (-2, 0, 1)

These coordinates are the column vectors of matrix A.

What does the determinant of —24 represent in geometric terms?
We have a 3 by 3 matrix A, and the modulus (absolute value) of the determinant, —24, is +24
which is the volume of the three-dimensional parallelogram formed by the three column vectors

of matrix A; (—1, —6, 3),(5, 6, —7)and (-2, 0, 1) (Fig. 6.7).

This three dimensional box is made T(ey)=(5.6,-7)
Za from the columns of matrix A with T - i

volume = |det (A)| =24.
=

e, e Y

Unit cube
(volume=1)

Figure 6.7
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The volume scale factor of transformation T is |det(A)| = 24.

The determinant measures the (signed) volume. Negative determinant means the col-
umn vectors of matrix A are left handed set of vectors. This means with our left hand the
positive x axis is in the direction our forefinger, the positive y axis is in the direction of
our middle finger and the positive z axis is in the direction of our thumb. This is called the
left handed orientation - Fig. 6.8(a). Similarly we have the right handed orientation -
Fig. 6.8(b).

Left handed
orientation >
X Right handed
A + orientation

(@) (b)

Y

Figure 6.8

The minus sign for the determinant in three dimensions means that we are changing
from a right handed set of vectors (unit cube) to a left handed set of vectors.

We can use determinants to find the area of a parallelogram or the volume of a
parallelepiped (higher dimension parallelogram) given just the coordinates.

Next we look at a more formal definition of the determinant, with respect to n by n
matrices.

al] ... 4din
The general formula for the determinant of an n by n matrix A =
anl Ann
where n > 3 is:
n
(6.7) det(A) = a11Ci1 + a12Ci2 + -+ + a1,C1n = ) axCix

k=1

where the a’s are the entries in the matrix A, and the C’s are the corresponding cofactors.

Don’t be put off by the sigma ) notation. This is just a shorthand way of writing the
lengthy sum (6.7), developed by the great Swiss mathematician Euler, pronounced ‘oiler,
(1707-1783). The sigma ) notation is often used by mathematicians to write a sum in
compact form. For example

n n
@14243+4+-+n=> k (b)2+4+6+8+ - +2n=) 2k
k=1 k=1

n
> a1xCix means summing every value of a3 Cyy, from k = 1 to k = n, which has the form
k=1
given in (6.7).
(6.7) is the formula for finding the determinant by expanding along the first row of the
matrix A.
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Q What is the formula for expanding along the ith row?
For expanding along the ith row of the matrix, the formula is

n
(6.8) det(A) = a;1Ci1 + ai2Ci2 + -+ + ainCin = Y ayCy
k=1
6.2.2 Cofactor matrix

Let C be the new matrix consisting of the cofactors of the general matrix A. If

abc A B C
A=|def then C=| D E F
g hi GHI

where A is the cofactor of entry 4, B is the cofactor of entry b, C is the cofactor of entry
¢ ...The matrix C is called the cofactor matrix and it is used in finding the inverse of
A. Note that bold C represents the cofactor matrix and plain C is the cofactor of the
entry c.

Find the cofactor matrix C of

1 -15 F o= 4F
A= 3 97 remember the place signsare | — + —
-2 10 + - +
Solution

Cofactor of the first entry, 1, is

det(? (7)) = [Ox0)-Ux7)]=-7
by (6

Cofactor of —1 is

_ det<_3;g> = —(Bx0)—(-2x7)]=—14
Minus By (6.1)
place sign

Cofactor of 5 is

[Bx1)—(=2x9)] =21

(continued...)
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Cofactor of 3 is

— det( _11 g > i
minus by (6.1)
place sign

—[(-1x0)—(1x5)]=5

Cofactor of 9 is

det(_;g) = [Ix0)—(-2x5]=10
by (6.1)

Cofactor of 7 is

- det( _12 _11 > i
minus by (6.1)
place sign

—[Ax1)—(=2x(-1)] =1

Cofactor of —2 is

-1 5
det( 0 7) [(=1x7) — (9 x 5)] = —52
by

1)

=t

Cofactor of 1 (the 1 on the bottom row of the given matrix) is

- det(;g) = —[Ax7)—B3x5]=8
minus by (6.1)

place sign

Cofactor of the last entry 0 is

det(; _91) = [Ax9-Bx(-1)]=12
by (6.1)

Hence by collecting these together and placing them in the corresponding position we form the
cofactor matrix:

-7 =14 21
(€= 5 10 1
—52 8 12

As stated above, we use the cofactor matrix to find the inverse of an invertible matrix.
The final term we need to define is ‘adjoint’.



Definition (6.9). Let A be a square matrix then the matrix consisting of the cofactors of
each entry in A is called the cofactor matrix and is normally denoted by C. The transpose
of this cofactor matrix is called the adjoint of A and is denoted by adj(A). That is

adj(A) = CT

Remember, we discussed the transpose of a matrix in chapter 1 and it simply means
swapping the rows and columns around.

Find the adjoint of the matrix A given in the above Example 6.8.

Solution
We have already done all the hard work in evaluating the cofactor matrix C above. The adjoint is the
transpose of this matrix C:

-7 5 —52 -7 —14 21
adiA)=CT'=| —14 10 8 becauseC= | 5 10 1
201 12 -5 8 12

6.2.3 Inverse of a matrix

The remainder of this section might seem demanding because we use mathematical proofs
to support the propositions. If you are struggling to understand the chain of arguments in
the proof then come back and go over the proof a second time. It is not necessary that you
understand every detail on the first reading.

The statement and proofs of the next three propositions are working towards the proof
of the inverse formula given in Theorem (6.13).

Proposition (6.10). If a square matrix A consists of two identical rows then det(A) = 0.

Proof - Exercises 6.3.
]

This proposition may seem a bit random and out of context, but we need this (6.10) to
prove the next proposition.

Proposition (6.11). Let A be an n by n matrix. If Cj; denotes the cofactor of the entry aj
fork =1,2,3,... and n then

det(A) ifi=j

ainCy + apCpp + ai3Cs + -+ + ainCjy = { 0 ifi #j
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Proof.

&R How do we prove this result?
We consider the two cases i = j and i # j then show the required result in each case.

Case 1: Let i = j then substituting this into the left hand side of the above gives:
ai1Ci1 + apCip + anCiz + - - - + ainCiy = det(A) [by (6.8)]

Case 2: Consider the case when i # j (not equal):
Let A* be the matrix obtained from matrix A by copying the entries of the ith row into the
jth row of matrix A. That is the matrix A* is the matrix A, apart from the jth row being
replaced with a duplicate of the ith row.

a1 412 - Ain a1 a2 - Ain

ith row

ajp  ap - G \ a1 @iz v Gin
* _
and A* = \ ith row = jth row

LW

> ‘ ajp ap - Gjp ‘ ail1 a2 din

anl Gn2 - AGnn anl an2 ' Onn

We have det (A*) = 0.
[ Why?

Because we have two identical rows, i and j, in A*, therefore by the previous Proposition (6.10) the
determinant is zero, that is det (A*) = 0.

Expand along the jth row of A* by using (6.8) which is given by
det(A) = aiCiy + apCip + - -+ + ainCin
In the right hand matrix A* we have
0 =det(A") = a;Cjy + apCj + -+ + ainC}, (1)

where C]?kk is the cofactor of entry aj; in the jth row of matrix A*.

Consider the cofactor Cj;, which is the place sign multiplied by the determinant of the
remaining matrix after deleting the row and column containing the entry a;; in the left
hand matrix A. Similarly, the cofactor C;‘l is the place sign multiplied by the determinant
of the remaining matrix after deleting the row and column containing the entry a;; in the
right hand matrix A*. We have



449

ai -+ Qi ap - A
i1 ap o Qi i1 an Ain
Ch = (—=1y*! det . . . and Cfl = (—1)YT! det
T ]th row T
an2 =+ QGun an2 - QGun

& What can you conclude about Cj; and Cfl?

Cj*1 = Cj; because the cofactor is made up of the same entries of matrix A and A*. In both

cases we delete the jth row and first column. Similarly, we have Cj‘z = Cp, Cj*3 =Cj3,... and
C, = Cjy. Substituting these, C]’.“1 = Cj1, CJ’.“2 =Cp, ...and CJ’.“n = Cjp, into (1) gives

jn
0 = det (A¥) = ai1C;k1 + a,‘2C72 +oo 4t ainC}kn
=ai1Cj1 +aipCpp + -+ + ainCjn
Hence in the case where i # j we have
ai1Cj1 + aipCpp + -+ + ainCjn = 0

which is our required result.

The final piece of jigsaw we need for finding the inverse matrix is the following:

Proposition (6.12). Let A be a square matrix. Then
A adj(A) = det(A)I
Proof.

Writing out the entries of the general n by n matrix A and the transpose of the cor-
responding cofactors of each entry, because adj(A) is the transpose of the cofactors,

gives
ail a2z - Adin
ar axp - a2
Ci Cy Cn1
: : : : _ C Cxn Cn2
A= and adj(A) = .
ith row ail ap ce Ain : : :
Cln CZn le
Gn1 Ama cct Gan jth column

Consider the ij entry of the left hand matrix multiplication in A adj(A).
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& How do we evaluate the ij entry in the matrix multiplication A adj(A)?
Remember, matrix multiplication is row by column. So the ij entry of A adj(A) is the ith row times
the jth column. For an ij entry we have

(A adj(A)],-j =ai1Cj1 + ainCpp + -+ + ainCin

) det(A) ifi=j by the above
1o ifi £ j proposition (6.11)

Repeating this for each ij entry and writing out the matrix A adj(A) means that we have
det(A) when i = j, along the leading diagonal, and 0 everywhere else in the matrix A adj(A):

dettA) 0 -~ 0
0  det(A) --- O
A adj(A) =
adj(A) 0
0 det(A)
10---0
Remember I is the identity
010 matrix, which has 1’s alon
= det(a) [ . .. . | =derax > W 8
e 0 . the leading diagonal and
taking out the : 0’s everywhere else.
common factor 0 -1
—_—

=I

Hence we have A adj(A) = det(A)I.
]

All the above propositions are an aid in proving the next result, which is an important
theorem in linear algebra.

Theorem (6.13). If det(A) # 0 (not zero) then

1
Al = di(A
Tora)” /j(A)
Proof.
This follows from the previous Proposition (6.12). Since det(A) # 0 we can divide the
above formula given in Proposition (6.12) A adj(A) = det(A)I by det(A):

1
A [ - ad](A)} 1 M

As we have A times another matrix gives I, therefore A~
det(A) # 0.

- det(A) adj(A) provided



Q What does Theorem (6.13) mean?
The inverse of an invertible matrix A is given by the formula A™! = ﬁm)adj(A). To determine
the inverse of a matrix you need to find the cofactors and the determinant of the given matrix.
Q What is the point of finding the inverse of a matrix?
We need the inverse to solve linear system of equations, although it is more efficient to use the
elimination process discussed in chapter 1 for large systems. For example, to find the determinant
of a 10 by 10 matrix requires 10! = 3,628,800 operations. From a computational point of view, a
determinant is expensive so we try not to compute it for large matrices. However, determinants
play an important role in many areas of mathematics.

(EHARPIE G0 ————————

Find the inverse of the matrix given in Example 6.8 which is

1 -15
A= 3 97
-2 10
Solution
We need to find A~! which is given by the above Proposition: A~! = detl(A) adj(A)
What is adj(A) equal to?
Remember, adj(A) is the cofactor matrix transposed, and was found in Example 6.9 above:

=7 5 =52

adiA)=c’' = —14 10 8

21 1 12

We only need to find det(A). Expanding along the bottom row of the given matrix A, because it
contains a 0:
Lo 1 5 1 5
= 3 9 7 = — - —
det (A) = det 2det< 5 7) ldet(3 7>+O

. =—-2(=7—45 —(7—15) =112
expanding along

this row

Substituting these into formula (6.13) gives

-7 5 —52
S a]()—L —14 10 8
det(A) 112 a1 1 12

Normally, we would find the determinant first and then the adjoint of the matrix, because
if the determinant is zero, this tells us that the matrix has no inverse or is non-invertible
(singular).

Check that the matrix found in Example 6.10 is indeed the inverse of A.

451



452

How?

Check the matrix multiplication A x A=! = 1.

p
Q Summary

If we expand along the ith row of a matrix A, then the formula for determinant is
(6.8) det(A) = aiCi + apCip + -+ + ainCin

If a row or column vector of a matrix contains zero(s) then expand along that row or column.
The inverse of a square matrix is defined as

1
=il __ q q
(6.13) AT = _det(A) adj(A) provided det(A) # 0.

V EXERCISES 6.2

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
You may like to check your numerical answers using MATLAB.

Calculate the determinants of the following matrices:

1 3 —1 2 —10 11 —-12 9 -5
() A= 20 5 ®)B=|5 3 —4 (c)C = 3 9 1
-6 3 1 7 9 12 -7 2 =2
ij k
Show thatdet| 7 3 —2 | =25i—57j+ 2k.
4 2 7
10 -3
Find the values of x so thatdet | 5 x —7 =0.
39 x—1
1 05
Find the cofactor matrices Cand CT of A= | —2 3 7 |. Also determine A",
6 —10

Determine the inverse of the following matrices:

9 2 17 7
(a)A:(m 3) (b)Bz(u 5)

3 -5 3
(C)C:G‘l*) @p=| 2 1 -7
—10 4 5
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Find the determinants of the following:

235 6 71
@QA=]006 ®G)B=| 132
153 015
151 9 51
cgC=1]1037 dD=]130 2
029 11 0 3
The formula for the area of a triangle with coordinates (x1, y1), (x2, ¥2), (x3, ¥3) is
1 X1 )N 1
given by Area = 3 det| x2 y2 1 ||. Determine the areas of triangles connecting:
X3 y3 1

(a) (0’ 0)) (3) 2)) (7) _4)

(b) (_3) 2)> (2> 6): (8> _3)

(c) (=2, —1), (1, 5) (0.5, 4). What do you notice about this result?

Let P; = (x1, y1) and P, = (x2, y2) be two points in a plane. The equation of the line
going through these two points is given by

x y 1
det| x1 1 1 | =0
X2 yzl

Find the equation of the line through the points:
(a) (1, 2) and (5, 6) (b) (—3, 7)and (10, 10)
(c) (=3, 7)and (9, —21)
In a 6 by 6 matrix A, decide the place sign of the following entries:

as1, ase, ez, Aes and azy

Show that in an n by n matrix the place sign of a,,, is equal to that of ay,.

abcd
. 0000
Find det(A) where A = e fgh
ij k1
Find the values of k for which the following matrix is invertible:

k12

A=|0 k2

5 =5 k

Show that the 3 by 3 Vandermonde determinant is written as

111
det| *x ¥ z2 | =(x-py—2(z—x

x2 y2 Z2



454

The volume of a parallelepiped (three-dimensional parallelogram) which is spanned
by the vectors u, vand w is given by |det (u v w)|.
Find the volume of the parallelepiped generated by the vectors

u=(12 1", v=2 3 5Tandw=(7 10 —1)7
Show that the determinant of the following rotational matrix R is 1.

cos(f) sin(f) 0
R=| —sin(@) cos(@) 0
0 0 1
What does determinant equal to 1 mean in this context?

In multivariable calculus we have to transform from rectangular coordinates (x, y)
to polar coordinates (r, 6). The Jacobian matrix J given below is used for such a
transformation. Show that det (J) = r.

J= cos (8) —rsin (0)
“ \sin(@) rcos(d)

The Jacobian determinant J is defined as

cos (0) sin (¢p) —p sin (0) sin (¢p) p cos (0) cos (¢p)
J = |det | sin(0)sin(¢) pcos(0)sin(¢p) psin(0)cos (¢)
cos (¢) 0 —psin (¢)
This determinant is used in change-of-variable formulae when studying multi-

variable calculus. This is used to transform from (x, y, z) coordinates to spherical
coordinates (p, 6, ¢).Show that ] = p?sin (¢).

f(x)  glx) hix)
The Wronskian W(f, g, h) =det| f'(x) g'(x) H(x) |.Determine
(%) g'(x) h'(x)

W(1, cos(x), sin(x))
Show that for an n by » identity matrix I,, we have det (I,) = 1 for every natural
number .

Prove that det (AA’I) = 1 where A is an invertible matrix.

Prove that if a square matrix A contains a zero row or zero column then
det(A) = 0.

Let A be an n by n matrix. Prove that det (AT) = det(A).

Let B be an n by n matrix obtained from a matrix A by multiplying one row (or column)
by a scalar k. Prove that det(B) = k det(A).

Prove that det (kA) = k" det(A) where A is an n by n matrix.



SECTION 6.3 © Properties of Determinants

By the end of this section you will be able to
find the determinant of a triangular and diagonal matrix
convert a given matrix into a triangular matrix

establish certain properties of determinants of matrices

To calculate the determinant of matrices of size 4 by 4 or larger is a lengthy process. In this
section we establish some properties of determinants that make evaluating such determi-
nants a lot simpler. You will need to remember the definition of a determinant of a matrix
and the technique to evaluate it by using cofactors. This is a challenging section because
you will need to understand the abstract mathematics and recall some of the definitions of
chapter 1 to prove certain results.

6.3.1 Revision of properties of a determinant
You have proved certain properties of the determinant of a matrix in Exercises 6.2 such as
Proposition (6.14). Let A be a square matrix then det (AT) = det(A).

What does this mean?

The determinant of a transposed matrix is equal to the determinant of the initial matrix. Since
det (AT) = det(A), we can expand along a row or a column and achieve the same result.
Propositions about the determinant of the matrix with the word row can be swapped with the
word column because of this result. Another important property is:

Proposition (6.15). Let B be a matrix obtained from matrix A by multiplying one row (or
column) of A by a non-zero scalar k then

det(B) = kdet(A)

We can visualize this proposition by looking at transformations. Multiplying one row of
a matrix by k means one of the row vectors has its length multiplied by a factor of k.

For example, the unit square in Fig. 6.9(a) is transformed to the rectangle shown in
Fig. 6.9(b):

1 H \
10 1
01 det(A) = Area = 1 g'z
! det(B) = Area = k
0.4

|
|
|
|
|
0.2 |

(a) (®)

Figure 6.9
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Unit
Cube

Figure 6.10

Proposition (6.16). Let A be any n by n matrix and k be a scalar then
det (kA) = K" det(A)

Q What does this mean?
The scalar multiplication kA means that each column vector of A has been multiplied by k. For a
2 by 2 matrix, kA means the length of each side of a parallelogram has been changed by k so the
area has changed by a factor of k x k = k.

For a 3 by 3 matrix, kA means the length of each side of a three-dimensional box has been
multiplied by k so the volume has changed by k x k x k = k°. If we double each column
vector of a 3 by 3 matrix then the volume increase will be 2 x 2 x 2 = 23. Fig. 6.10 shows
the transformation from a unit cube with volume 1 to k>.

For an n by n matrix the length of each side of the #n-dimensional box has been multiplied
by k for the scalar multiplication kA which means that the volume has changed by k".
For example, if we double every side of an n-dimensional box or parallelepiped (higher-
dimension version of a parallelogram) then the volume will increase by a factor of 2.

In general, we have det (kA) = k" det(A).

6.3.2 Determinant properties of particular matrices

We can easily find determinants of particular matrices such as triangular matrices.
Q What are triangular matrices?

Definition (6.17). A triangular matrix is an n by n matrix where all entries to one side of
the leading diagonal are zero.

For example, the following are triangular matrices:

3 0 0
(a) 0 5 and (b) 2 0
0 0 4 5

T AN

leading diagonal
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is an example of an upper triangular matrix.

is an example of a lower triangular matrix.

Another type of matrix is a diagonal matrix.

Definition (6.18). A diagonal matrix is an n by n matrix where all entries to both sides of
the leading diagonal are zero.

&R Can you think of an example of a diagonal matrix?

100 100
The identity matrixI= | 0 1 0 |.Anotherexampleis| 0 2 0
001 003

A diagonal matrix is both an upper and lower triangular matrix.
Triangular and diagonal matrices have the following useful property.

Proposition (6.19). The determinant of a triangular or diagonal matrix is the product of
the entries along the leading diagonal.

& What does this proposition mean?
Let A be an upper triangle matrix then

leading

/ diagonal

ain

det (A) = det =aj1a22a33 X -+ X dpp

This is a useful result because finding the determinant of such matrices is just a matter
of multiplying the entries on the leading diagonal.

We prove this for an upper triangular matrix; the proof for the lower triangular matrix
is similar. The diagonal matrix is a special case of an upper (or lower) triangular matrix,
therefore the proof of the diagonal matrix follows from the upper triangular result.

Proof.
In each of the steps below we expand along the first column of the remaining matrix because
only the first entry makes a contribution to the determinant as the remaining entries are
zero.
Expanding along the first column of the above matrix A we have
ary ain apl ... G
det (A) = det 0 = (a11) det 0

0... au : 0... au

(continued)
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as3| . aszn

= (ar1az2) det 0

——

expanding along the .
first column with ay; entry . 0--- Ann
Q44 dan
= (an1axasz)det| | 0
taking out a33 and .
deleting the rows : 0--- au,

and columns containing a33

An—1)(n—1) Am—1)n
0

Ann

= (a11022a33 - * - A(n—2)(n—2)) det (
= a11422033 * * * A(n—2)(n—2)A(n—1)(n—1)4nn
Hence the determinant of an upper triangular matrix is the product of the entries along

the leading diagonal. This completes our proof.
]

Find the determinants of the following matrices:

123 4 1 000 3—06883
056 7 3 200
(@)U = (b) L = (c)D = 0 0 400
0038 9 11 8 50 0 003 0
000 10 89 9 32 0 0 00 10
Solution

We use the above result, Proposition (6.19), because the three matrices are upper triangular, lower
triangular and diagonal respectively.
In each case the determinant is the product of the leading diagonal entries.
(a) det(U) =1 x5 x 8 x 10 = 400
(b) det(L) =1x (—2) x5x2=-20
(c) det(D) = (=2) x (—6) x 4 x 3 x 10 = 1440

You may like to check these answers by using MATLAB - the command is det(A) where
A is the matrix you have to enter.

6.3.3 Determinant properties of elementary matrices

Q Do you remember what an elementary matrix is?
An elementary matrix is a matrix obtained by a single row operation on the identity matrix.
Examples of 2 by 2 elementary matrices are



50 1 0 01
El = 5 E2 = and E3 =
01 0.5 1 10

Recall from chapter 1 that there are three different types of elementary matrices:

An elementary matrix E obtained from the identity matrix, I, by multiplying a row
by a non-zero scalar k. For example, E;.

An elementary matrix E obtained from the identity matrix, I, by adding (or subtract-
ing) a multiple of one row to another. For example, E,.

An elementary matrix E obtained from the identity matrix, I, by interchanging two
rows (or columns). For example, E.

Since E; and E; are triangular matrices we have det(E;) =5x1=5 and
det(E;) =1x1=1. The row vectors of matrix Es; have swapped over so
det (E3) = (0 x 0) — (1 x 1) = —1, see Fig. 6.11(c).

Applying these transformation matrices E;, E; and E; to the unit square we have:

D 15 > q F’ C
1 c D//
,7,,,%3,*,3, 1 ( s /
\ | R - \
N—r | P ; N
A ‘ B 7~ | A D+
(a) 5 (b) A 1 (© f
det(E))=5 det(E,) =1 det(Es)=—
Figure 6.11

(EHRRPIE 612 ————

Find the determinants of the following elementary matrices:

1 00 001 10 -5
(@Aa=[o0 -5 0 ®B=[010 @c=(o0o1 o
0 0 1 100 00 1

Solution
(a) Matrix A is obtained from the identity matrix by multiplying the middle row by —5.
Since A is a diagonal matrix we have det(A) =1 x (=5) x 1 = —5.

(b) How is matrix B obtained from the identity matrix?
By swapping top and bottom rows. Expanding along the top row gives det(B) = —1.

(c) We have added —5 times the bottom row to the top row to get matrix C from the identity.
Since C is an upper triangular matrix, det(C) = 1 x 1 x 1 = 1.

We can write all these operations and their determinants in general terms.
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Proposition (6.20). Let E be an elementary matrix.

If the elementary matrix E is obtained from the identity matrix I by multiplying a
row by a non-zero scalar k then det (E) = k. (Matrix A in Example 6.12)

If the elementary matrix E is obtained from the identity matrix I by adding a multiple
of one row to another then det (E) = 1. (Matrix C in Example 6.12)

If the elementary matrix E is obtained from the identity matrix I by interchang-
ing two rows then det (E) = —1. (Two row vectors have swapped over, matrix B in
Example 6.12.)

Proof.

With one row of the identity matrix multiplied by non-zero k we have a diagonal
matrix with one entry equal to k on the leading diagonal and the remaining entries
being 1. Hence

det(BE)=1x1x---xkx1l---x1=k

If we add a multiple of one row of the identity matrix to another then we

1 kK 0 1 00
have a triangular matrix E=| o . or E=|0 . i |. By (6.19):
01 .

Determinant of a triangular matrix is a product of entries along the leading diagonal.
We have det (E) = 1 because E is a triangular matrix with 1’s along the leading
diagonal so

det(E)=1x1x1x---x1=1

We have to prove it for the case when two rows (or columns) have been inter-
changed. This is a more complex proof and is by induction. Recall the three steps
of induction:
Prove it for the simplest case, n = 1 or n = 2 (or for some other base n = k).
Assume that it is true for n = k.

Proveitforn =k + 1.

Step 1: We first prove the result for n = 2 which means a 2 by 2 elementary matrix:
01 rows of I, have
10 been interchanged

=0—1=-1

det (E) = det <

Hence if we swap the two rows of the 2 by 2 identity matrix then the determinant is —1.

Step 2: Assume that the result is true for n = k, that is, for a k by k elementary matrix Ej
with rows i and j interchanged:

det (Ep) = —1 (1)
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Step 3: We need to prove the result for n =k + 1. Let E;,; be the k+ 1byk+1
elementary matrix with rows i and j of the identity matrix interchanged.

1 0 v i e o0

ith row

o ... 0 ... 1 o /
Eepr=1: ¢ o 1 o0 jth row

0 1 0 0

: 0 1

0 1

To find the determinant of this matrix we can expand along the kth row where the kth
row is not one of ith or jth row. Note that in the kth row all the entries should be 0’s apart
from the diagonal item ey which is 1. Therefore the determinant of this matrix Ej is

det (Ex11) = (—=1)"* det (B) *)

&R Why?
Because if you delete the elements containing the row and column containing the entry e then
the remaining matrix is the k by k elementary matrix with rows i and j interchanged, which is Ey.

D What is the determinant of E.?
By (1) we have det (E;) = —1. Substituting this into (*) gives

det (Eyp) = (—DFF (1)

=D*n=-1 [because (—1)2k = 1]

Hence we have proved that the determinant of an elementary matrix of size k + 1 by
k + 1 which has two rows interchanged is —1.
Therefore by mathematical induction we have our result that if the elementary matrix E
is obtained from the identity matrix I by swapping two rows then det (E) = —1.
]

Note that we can use this Proposition (6.20) to find the determinants of elemen-
tary matrices. Summarizing this Proposition (6.20) we have that the determinant of an
elementary matrix E is given by:

1  if a multiple of one row is added to another
(6.21) det (E) = { —1 if two rows have been interchanged
k  if a row has been multiplied by non-zero k

Hence the determinant of an elementary matrix can only have values 1, —1 or k
(non-zero).
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6.3.4 Determinant properties of other matrices

In the above, we restricted ourselves to elementary matrices. However, in this section we
deal with general matrices and find that they have identical results.
We can extend Proposition (6.20) or result (6.21) to any square matrix A as the following:

Proposition (6.22). Let B be a matrix obtained from the square matrix A by:
adding (or subtracting) a multiple of one row to another; we have det(B) = det(A)
interchanging two rows; in this case det(B) = — det(A)

multiplying a row by a non-zero scalar k; in this case det(B) = k det(A).

Proof.
Part (iii) is Proposition (6.15) stated earlier in this section. See Exercises 6.3 for proofs of
parts (i) and (ii).

[ ]

We can summarize this into the following result.

(i) det(A) if a multiple of one row is added to another
(6.23) det(B) = { (ii) —det(A) if two rows have been interchanged
(iii) kdet(A) if a row has been multiplied by non-zero k

We use this result (6.23) to cut down on the arithmetic required to evaluate a determi-
nant as the next example illustrates.

EREmpIE 6.3 ——

Find the determinant of the following matrix:

1/23 —2/23 1
A=| 12 1/6 5/6
1/11 3/11 —1/11

Solution

How can we find the determinant of this matrix?

Expanding along a row would be a very tedious task because of the fractions involved. We can create a

simpler matrix, which is matrix B, with the top row multiplied by 23, second row multiplied by 6 and

bottom row multiplied by 11.

How is the determinant of this new matrix, B, related to the determinant of matrix A?

By part (iii) of result (6.23), if a row has been multiplied by a non-zero scalar k, then det(B) = k det(A):
Taking out the multiple of each row (23, 6 and 11):

(23 x 6 x 11)det(A) =det(B) =det| 3 1 5 1)



We can find the determinant of matrix B:

1 -2 23
detB)=det| 3 1 5 =det(1 5)—(—2)det(3 5)+23det(3 1)
1 3 1 3 —1 1 —1 1 3

=(—1-15+2(=3—-5)+23(9—1)
=—16—16 +23(8) = 152

Note that evaluating the determinant of matrix B is much easier than trying to find the determinant of
matrix A, because of the simple integer values of matrix B. We would prefer to work with integers rather
than fractions.

Substituting this, det(B) = 152, into () gives

(23 x 6 x 11) det(A) = 152
152 152 76

det(A)=—=—=—
(23x6x11) 1518 759

76
Hence det(A) = = Note that we don't have to involve fractions until the end, which makes the

evaluation a lot easier.

6.3.5 The determinant of larger matrices

Proposition (6.19) stated that: Determinant of a triangular matrix is the product of the

entries along the leading diagonal.

This implies that if we can use row operations to convert a large matrix to a triangular or
diagonal matrix, then evaluating its determinant is simply a case of finding the product of

the entries along its leading diagonal. The next two examples demonstrate this.

(EHRRPIE G ——

Find the determinant of the following 4 by 4 matrix by using row operations:

2 4
3 0
[o] o
0 [o]
Solution
Can we convert this matrix A into a triangular matrix?
Yes, by using row operations. Note that the given matrix A is not a triangular matrix because both sides of
the leading diagonal contain non-zero entries. You will need to recall your work from chapter 1 on row
operations.
(continued...)
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How can we convert the matrix A into a triangular matrix?
First we label the rows of matrix A and then we apply row operations:

Ry 12
Ry 7 8
R3 32
R4 10

Re ([1] o o o
R | 3 [2] o o
Re | 7 8 [3] o
Ri \'1 2 2 [4]

What is the determinant of this matrix?

We have a lower triangular matrix, so the determinant is the product of the entries on the leading
diagonal, thatis 1 x 2 x 3 x 4 = 24.

What is the determinant of the given matrix A?

The bottom matrix is obtained from matrix A by interchanging rows R; and R4, Rz and Rs.

How does interchanging rows affect the determinant of the matrix?

By result (6.23) part (ii):

det(B) = —det(A) if two rows have been interchanged

Interchanging rows multiplies the determinant by —1. We have two interchanges, therefore the
determinant of the matrix A is given by

(—1) (—1) det(A) = 24 which gives det(A) = 24

Each time an interchange is made, the determinant is multiplied by —1. This is much
simpler than trying to expand along a row or column of the 4 by 4 matrix A.

(BampIe 6115 ——————

Find the determinant of the following matrix:

51111
15111
A= 51511
15151
51515

Solution
Expanding along a row or column to find the determinant of this 5 by 5 matrix would be a tedious task.
We aim to convert this into a triangular matrix and then find the determinant.



Labelling the rows of this matrix we have

R1 51111
R 15111
R3 51511
R4 15151
Rs 51515
Executing the following row operations:
R1 51111
RS =Ry — Ry —4 4000
R} =R3 — R 00400
R} =Rs— Ry 00040
R =Rs —Rs 0 00O 4
Carrying out the row operation 5R} gives
Ry 5001 1 1 1
R, =5R, —20 20 0 O O
R} 0 0 4 0 0
RZ 0 0 0 4 0
R; 0 0 0 0 4

What is the determinant of this last matrix B?
We have an upper triangular matrix so that the determinant is the product of all the entries on the
leading diagonal, that is det(B) = 5 x 24 x 4 x 4 x 4 = 7680.
What is the determinant of the given matrix A?
All the above row operations apart from 5R; makes no difference to the determinant.
Why not?
Because by (6.23) (i) adding a multiple of one row to another has the same determinant:
det(B) = det(A) if a multiple of one row is added to another.
How does the row operation 5R change the determinant?
By (6.23) (iii) det(B) = kdet(A) if a row has been multiplied by non-zero k.
We have the above determinant det(B) = 7680 is equal to 5 x det(A), that is

7680
5 det(A) = 7680 which gives det(A) = = = 1536
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Generally, to find the determinant of matrices of size 4 by 4 or larger it is a lot easier to
try to convert these into a triangular matrix. To do this, we apply the row operations as
discussed above.

6.3.6 Further properties of matrices

Proposition (6.24). Let E be an elementary matrix. For any square matrix A we have
det (EA) = det (E) det(A) where EA is a valid operation

What does this proposition mean?
It means that we can find the determinant of each individual matrix, E and A, and then multiply
the scalars det (E) and det(A) to give det (EA).

Proof.
We consider the three different cases of elementary matrices separately.

Case 1. Let E be the elementary matrix obtained from the identity matrix by adding a
multiple of one row to another. Then from chapter 1 we have EA performs the same row
operation of adding one row to another of matrix A. By result (6.23) (i):

det(B) = det(A) if a row has been multiplied by non-zero k.

We have

det (EA) = det(A)

By the first line of result (6.21):
det (E) = 1 if a multiple of one row is added to another. We have det (E) = 1 therefore

det (EA) = det(A)
=1 x det(A) = det (E) x det(A)

Hence for this case we have det (EA) = det (E) det(A).

Case 2. Let E be the elementary matrix obtained from the identity matrix by multiplying
a row by a non-zero scalar k. By the bottom line of result (6.21):

det (E) = k if a row has been multiplied by non-zero k
We have det (E) = k. The matrix multiplication EA performs the same row operation of
multiplying a row by a scalar k on matrix A. By

(6.23) (iii): det(B) = kdet(A) if a row has been multiplied by non-zero k
We have det (EA) = kdet(A).

det (EA) = ¢ det(A) = det (E) det(A)
=det(E)

We have proved det (EA) = det (E) det(A) for the second case.
Case 3. See website.
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Proposition (6.25). Let Ej, Ey, .. .and E; be elementary matrices and B be a square matrix
of the same size. Then

det (E1E; - - - EB) = det (E;) x det (E;) x --- x det (E;) x det(B)

Proof - Exercises 6.3.

Next we prove an important test to identify invertible (non-singular) matrices.
Theorem (6.26). A square matrix A is invertible (has an inverse) < det(A) # 0.

What does this proposition mean?

It means that if matrix A is invertible then the determinant of A does not equal zero. Also if the
determinant is not equal to zero then the matrix A is invertible (non-singular). This result works
both ways.

How do we prove this result?
(=). First we assume matrix A is invertible and show that this leads to det(A) # 0.
(<). Then we assume that det(A) # 0 and prove that matrix A is invertible.

Proof.
(=). Assume the matrix A is invertible. By Theorem (1.29) part (d):
A is invertible <> A is a product of elementary matrices
We have matrix A is a product of elementary matrices. We can write the matrix A as

A =EEE; - E

where E;, Ey, E3, . . . and Ey, are elementary matrices. By the above Proposition (6.25):
det (E;E;E;3 - - - ExB) = det (E;) det (E;) det (E3) - - - det (Ey) det(B)
We have

det(A) = det (E{E3E; - - - Ep)
= det (Ey) det (E;) det (E3) - - - det (Ey)

By (6.21):
1 if a multiple of one row is added to another
det (E) = { —1 if two rows have been interchanged
k  if a row has been multiplied by non-zero k
The determinant of an elementary matrix can only be 1, —1 or the non-zero k.
Multiplying these non-zero real numbers, det (E;) x det (Ez) x --- x det (Ey), cannot give
0. Therefore det(A) # 0.
Now we go the other way («<). Assume det(A) ## 0 then by Proposition (6.13) A7l =
;adj(A) which means that matrix A has an inverse so it is invertible.

det(A)
| |
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This result says that invertible matrix A is equivalent to det(A) # 0.

We can add this to the test for unique solutions of linear systems described in chap-
ter 1: Proposition (1.37). The linear system Ax = b has a unique solution < A is invertible.
Hence we have:

Proposition (6.27). The linear system Ax = b has a unique solution < det(A) # 0.

We can extend Proposition (6.24) to any two square matrices of the same size as the next
proposition states.

Proposition (6.28). If A and B are square matrices of the same size then
det (AB) = det(A) det(B)

We can see this result by examining transformations.

Consider the transformations T' (x) = Axand S (x) = Bx. The transformation S changes
the volume (area for 2 by 2) by det(B) and T changes the volume (or area) by det(A). The
composite transform (T o S) (x) = AB (x) must change the volume first by det(B) and then
by det(A) so the overall volume change is det(B) x det(A). Hence

det (AB) = det(A) det(B)

Proof.
We consider the two cases of matrix A. Case 1 is where the matrix A is invertible (has an
inverse) and case 2 is where matrix A is non-invertible.

Case 1. Assume the matrix A is invertible. Then by Theorem (1.29) part (d):

A is invertible < A is a product of elementary matrices

We have matrix A is a product of elementary matrices. We can write

A = EEE; - E
where E;, Ep, E3, . .. and Ey are elementary matrices. We have

det (AB) = det (E;E;E3 - - - E;B)
= det (E;) det (E;) det (E3) - - - det (Ej) det(B) [by (6.25)]

= det | E{E2E; - - - E; | det(B) = det(A) det(B)
———
=A
Case 2. Assume matrix A is non-invertible. By the above Proposition (6.26) we conclude

that det(A) = 0. Matrix A is non-invertible, therefore matrix multiplication AB is also non-
invertible.

Why?
Because Proposition (1.27) says: (AB) ™1 = B~1A™!



Since AB is also non-invertible, we have det (AB) = 0. Hence we have our result

det (AB) = det(A) det(B) because det(A) = 0 and det (AB) =0
| |

Again, we can extend the result of Proposition (6.28) to n square matrices as the next
proposition states.

Proposition (6.29). If A1, A;, A3, . ..and A, are square matrices of the same size then
det (A1A;---Ay) =det (A1) x det (Ap) x --- x det(A,)

Proof - Exercises 6.3.

What use is this result?
Knowing that

det (AjAy - -+ Ay) = det (A7) x det(Ay) x --- x det (Ay)
allows us to test whether the matrix AjA; - - - A, is invertible or not. This is much faster than

multiplying A1, A, ..., A, and then testing for invertibility.

Generally a function in mathematics which has the properties of Proposition (6.28) is
called a multiplicative function.
In mathematics, we say a function f is multiplicative if

o) =f)f(y)

The determinant is an example of a multiplicative function. Another example is the
square root function, because vab = ﬁﬁ

1
= det(A)’

Proposition (6.30). If A is an invertible (non-singular) matrix then det (Afl)

Proof - Exercises 6.3.

p
(P Summary

The determinant of a triangular or diagonal matrix is the product of the entries along the leading
diagonal.

(i) det(A) ifamultiple of one row is added to another
(6.23) det(B) = { (ii) — det(A) if two rows have been interchanged
(iii) kdet(A) if arow has been multiplied by non-zero k

If A and B are square matrices of the same size then det (AB) = det(A) det(B).
A square matrix A is invertible < the determinant of A does not equal zero.

o _/
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m
\

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Compute the determinants of the following matrices:

1 0 0 100 100
QA= 0 —10 0 ®)B=| 001 egC=]1011
0 0 1 010 001
0001 10 0 0 10 00
0100 01 0 0 01 -70
@WD=105010 ©@E=100 060 PF=[00 10
1000 00 0 1 00 01
Find the determinants of the following matrices:
100 1 —-17 -2 00
@A=]020 ®B=[0 29 @C=| -98 =3 0
003 0 03 67 17 1
1 -3 5 9 10 0 0 O
0 -3 67 9 0 20 0 O
WD=14 o 50 |@E=] 0 030 0
0 0 0 3 0 0 0 40
-9 0 00 1 00
67 3 00 2 20
(D F 675770 @E=| 5 34
23 78 6 5 9 =81
Compute the determinants of the following matrices:
a —f8 § sin (0) 0 0 y z
@QA=]| 0 B8 —« b)B = 1 cos(@) 0 (C=|0yo0
0 0 y —2 sin(f) 2 00 z
Find the value(s) of x which make the following matrix non-invertible (singular):
12 «x
A=|3 x4
55«x
Find the determinant of the following matrices:
0009 1234 1 257
0145 1356 3 6 28
@A=10035 ®A=11 437 @A=| | 547
1234 1619 —4 —51 2
Evaluate the determinant of the following matrices:
11001 1 2 3 45
—-1200 0 25 8 111
(a) A= 001416 ®A=]7 6 1 9 8
0 01525 4 10 16 22 2
0012 4 23 7 95




471

(a) Show that det (A + B) # det(A) + det(B).
(b) Show thatdet(u v w) # det(v u w).
(c) Show that det (kA) # k det(A) where A is an n by n matrix and n > 2.

Evaluate the determinants of the following matrices:

1/2 1/2 —1/2 1/2 1/3 1
@A=| 2 3 4 b)B=| 1/7 2/21 1/21
1 —1 1 2/3 1/3 —4/3
10 20 —30
(c)C= -4 5 —6
—70 80 —90

Let A, B be 3 by 3 matrices with det(A) = 3, det(B) = —4. Determine

(a) det (—2AB) (b) det (A5B6) (Hint: See question 19 below.)
(c) det (A71AT)

12 56 9 10 . .
LetA—(3 4), B—<7 8)andC—<11 12).Decldewhetherthematnx

A x B x Cis invertible.

Without evaluating the determinants of the following matrices, decide whether they
are positive, negative or zero:

0 0 0 61 2 5 7 8 00 251
08 0 0 7 8 3 1 00 =50
@1 6 0 98 0 ® {12 30 42 a8 ©1 o2 0o
200 0 0 10 51 41 44 220 0 0

Prove that the determinant of a lower triangular matrix is the product of the entries
along the leading diagonal.

Prove that the determinant of a diagonal matrix is the product of the entries along the
leading diagonal

(a) by using induction (b) without using induction

Prove parts (i) and (ii) of Proposition (6.22).

Prove Proposition (6.30).

Prove that the matrix A is invertible (non-singular) if and only if the matrix multipli-
cation ATA is invertible (non-singular).

Prove Proposition (6.25).

Prove Proposition (6.29).

Prove that det (A") = [det(A)]" where A is a square matrix.

Let A and B be square matrices. Prove that det (AB) = det (BA).

If a square matrix A satisfies ATA =1 (A is an orthogonal matrix) where I is the
identity matrix, show that det(A) = +1.
1

= det(A)’

Let A be an invertible matrix. Show that det ((AT)_I)
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Let A be a matrix which contains a multiple of a row within the matrix. Show that
det(A) = 0.

We say matrices A and B are similar if there exists an invertible matrix P such that
B = P! AP. Prove that if A and B are similar matrices then det(B) = det(A).

Prove that det (adj(A)) = [det(A)]ni1 where matrix A is an n by » invertible matrix.

The linear system Ax = 0 has an infinite number of solutions < det(A) = 0. Prove
this proposition.

SECTION 6.4 9 LU Factorization

By the end of this section you will be able to
find the LU factorization or decomposition of a matrix

solve linear equations

6.4.1 Introduction to LU factorization

(L is a lower triangular matrix and U is an upper triangular matrix.)

Solving a system of equations of the form Ax = b, where A is a 4 by 4 or larger matrix,
can be a tedious task. For example, to calculate the inverse of such a matrix is a lengthy
process. We are interested in finding the inverse of matrix A because we may want to solve
Ax = b for various different b vectors.

In this section we establish a new numerical method to solve such linear systems.

11
(i) ConvertA = ( 3 2 ) into an upper triangular matrix U by using row operations.

(ii) Find a lower triangular matrix L such that LU = A.

Solution

(i) What is an upper triangular matrix?
All the entries below the leading diagonal are zero. This means that we need to convert the 3 in
the bottom row of matrix A into zero.
How?
By applying row operations. Subtracting three times the top row from the bottom, Ry — 3R;:

Ri (11 :> Ri L 1)\ _y
R, \ 32 Ry—3R; \0 -1/



a0
b ¢
diagonal are zero. Substituting this L and U into LU = A gives:

(5 0)(o )

a a 11
= (b b—c) (3 2) implies a b=3andc
matrix multiplication

(ii) A lower triangular matrix has the form L = ( ) where all the entries above the leading

LU

0 10
HenceL = < Z . ) = < 3 1 > We can check this by multiplying out the matrices:

w=(30)(3 4)-( 1)

This result means that we can factorize the matrix A into LU where L and U are lower
and upper triangular matrices respectively.

Why do we want to break a matrix into LU?

As mentioned above, finding the inverse of a matrix by using cofactors is very slow and cum-
bersome. If we wanted to invert a 30 by 30 matrix by using cofactors it would take more than
the lifetime of the universe. We can use the LU factorization of a matrix A to solve linear sys-
tems Ax = b and also to find the inverse of an invertible matrix A because it is a lot more
efficient.

Solving linear systems of equations of the form Ax = b is the fundamental concept of
linear algebra. If the linear system is not too large, we can solve it by using a direct method
such as Gaussian elimination which was described in chapter 1. This Gaussian elimination
procedure gives us an upper triangular matrix, but computer software tends to use the LU
factorization method, which is one of the fastest ways that computers can solve Ax = b.
The numerical software MATLAB uses LU factorization.

This factorization is particularly useful if we need to solve many linear systems of the
form Ax = b for different b vectors but the same coefficient matrix A.

But why don’t we use Gaussian elimination?
We do use the Gaussian elimination procedure to get the upper triangular matrix U, but this is not
sufficient.

Why not?
We would have to repeat all the steps of Gaussian elimination for every different b vector, which
would be tedious, especially if we had 100 or more different b vectors.

In this section, our aim is to factorize a given matrix A into LU where L is a lower tri-
angular matrix and U is an upper triangular matrix. We can illustrate this as shown in
Fig, 6.12
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Figure 6.12

6.4.2 LU factorization procedure

Q Given a matrix A, can we form an upper triangular matrix U by using the following two row

operations?

Multiplying a row by a non-zero constant.

Adding a multiple of one row to another.

If the answer to this question is yes then we can form an LU factorization of the matrix A.
Suppose these row operations are represented by the elementary matrices:

El) EZ) E3’ PRI Ek

Remember, an elementary matrix is a matrix with one row operation applied to an
identity matrix. These are all examples of 2 by 2 elementary matrices:

20 12 01

o1/)>\o1)’ 10
For LU factorization we do not allow the row operation of swapping rows. By
applying Gaussian elimination with only the above two operations (1 and 2) we have

(EkEk_1 E2E1)A=U. Taking the inverse of(EkEk_l E2E1) gives
-1
A= (EE, -+ EE)) U
If we do not allow the third row operation of swapping rows then this
(EkEk_1 e E2E1)71 is a lower triangular matrix L; thus
-1
L= (BxEx_; --- EE)
—1p—1 -1 -1 - Il s—
=E'E' - EE [by (1.27) (ABC) ' = C™'B'A™"]
~1g-1 -1 g-1
= (e7'E;" o BB

This means that if a given matrix A can be converted into an upper triangular matrix U
by only using the above row operations (1 and 2) then we can factorize matrix A into LU
where L is a lower triangular matrix. This matrix L is obtained from the identity I by using
the reverse row operations used to find U.

In the above Example 6.16 we carried out the single row operation of Ry — 3R; to find
the upper triangular matrix U. To find the lower triangular matrix L we carry out the
reverse row operation of Ry + 3R; on the identity I to give us the lower triangular matrix

(1)



Reverse row Reverse row Reverse row
< < . e v | . le
L operation 1 operation 2 operation n I
Figure 6.13

The flow chart in Fig. 6.13 shows how to obtain the upper U and lower L triangular
matrices of a given matrix A by applying the above two row operations (1 and 2). We can
apply these operations as many times as we want.

We obtain the matrix L by using the reverse row operations that were applied to A in
finding U. Also we reverse the order as you can observe from the flow chart above. (Go
back from U to A, or if we start with the identity I then we obtain the matrix L.)

(BIE 617 ———————————

2
5

1 3
Find an LU factorizationof A = | 4 6
3 -3 5

Solution
We apply row operations to find an upper triangular matrix U, which means all the entries below the
leading diagonal are zero. Labelling rows

Ri (1 2 3
R, |4 56
Rs \3 -3 5

Steps 1 and 2: Executing the row operations Ry — 4R; and R3 — 3R; gives

Ry 1 2 3
RE=Ry—4R; | 0 -3 —6
R§=R3—3R1 0 -9 —4
Step 3: Carrying out the row operation R} — 3R} yields
R1 1 2 3
R} 0 -3 —6]|=U
R¥—3R; \0 0 14
We have got our upper triangular matrix U.

How do we obtain the lower triangular matrix L?
Starting with the identity matrix I we reverse the above row operations and the order:

R 100
R, [0o10]=1
Rz \00 1

The reverse row operation of step 3 above is R3 4 3R,. Executing R3 + 3R, on the identity matrix:
Ry 100

Ry 010

RI=Rs+3R; \0 31

(continued...)
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The reverse row operation of steps 2 and 1 are R; + 3R; and Ry + 4R;. Carrying out these row
operations Rg 4+ 3Ry and Ry 4 4R; gives

Ry 100
Ry + 4Ry 410 ]|=L
RI+3R \3 31
Hence we have our lower triangular matrix L.
By multiplying matrices we can check that LU = A, that is

100 1 2 3 1 2 3
LIU=| 410 0 -3 6|]=|4 56]|=A
331

0 0 14

There is a slightly easier way of finding the lower triangular matrix L which is described
next.

If we carry out the row operation Row k + ¢ (Row j) then c is called the multiplier. The
negative multiplier of +c is —c which is used for obtaining matrix L.

Observe in Example 6.17 that the entries in the lower triangular matrix L are the negatives
of the multipliers used in the row operations to obtain the upper triangular matrix U.

Here are the steps carried out above in the derivation of the upper triangular matrix U
and the resulting operations on the identity matrix I to get the lower triangular matrix L:

Step 1
The first row operation was, R; — 4Ry, so our multiplier is —4. We replace the zero in (2, 1)
(second row, first column) position of the identity by +4.

Step 2
Our second row operation was R3 — 3R; which means our multiplier is —3. We replace the
zero in the (3, 1) (third row, first column) position of the identity matrix with +3.

Step 3
Our third step was R} — 3R3. We replace the zero in the (3, 2) (third row, second column)
position of the identity matrix with +3.

Carrying out these three steps we have our lower triangular matrix L:

(2, 1) position

i
I
o —
(= =)
= o O

- - (3, 2) position
, 1) position

The general row operation Row k + ¢(Row j) means that we add c times row j to row k. The
reverse of this operation is Row k — ¢(Row j). In order to find matrix L we carry out the
reverse row operations on the identity matrix I, as shown in Fig. 6.14.

If we carry out the row operation Row k 4 ¢(Row j) on the given matrix A to get the
upper triangular matrix U, then in the identity matrix I we replace the zero in the (k, j)
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Jjth column Jjth column
Row i /.1 = Row j[ [0 1 \
il {J i \1 | \ ] 1
Row k + ¢ (Row ) [ [KIreGD) ~_|Kj+e(ii) 1 Row k-c(Row j) [0+c(0)=0 £ [0-c(D)=-c /] kth row

Given matrix A Identify matrix

(k, j) position
Figure 6.14

position which is row k and column j by the negative multiplier, —c. If we continue to do
this then we obtain the lower triangular matrix L from the identity.

If we carry out the row operation ¢ x (Row k) to produce a 1 on the leading diagonal in
matrix U then we place the reciprocal 1/c in the same position on the leading diagonal in
the matrix L.

This is the easiest way to find the lower triangular matrix L because all the work is done
in finding the upper triangular matrix U. We do not need to carry out extra row operations
to find L. However, we need to record the row operations executed in evaluating U.

1 4 5 3

5 22 27 11
6 19 27 31
5 28 35 -8

Find an LU factorization of A =

Solution
We record our row operations to find the upper triangular matrix U, and we use the negatives of the
multipliers to get the lower triangular matrix L from the identity.

Ri (1 4 5 3 1000
Ry [ 52227 11| _ 0100 |_,
Ry | 6 19 27 31 0010
Re \5 28 35 —8 0001

Carrying out Ry — 5Ry, R3 — 6R; and R4 — 5R; on matrix A and the negative multipliers (+5, +6 and +5)
on the identity gives:

Ry 1 4 5 3 1 0 0 o
Ry =Ry —5Ry 2 2 —4 |<— multiplier=—5 1 0 0
Ry =Rs — 6R; _5 _3 13 |<=— multiplier=—6 0 1 0
Rj; — Ry — 5R; 3 10 —23 )< multiplier =—5 0 0 1
Carrying out R} /2 and 1/(1/2) = 2 in position (2, 2) in the right hand matrix:
. Ry 1 4 5 3 1 0 0 0
Ry =R3/2 0o D 1 -2 |<—— multiplier=1/2 5 0 o0
R, 0 -5 -3 13 6 0 1 0
R, 0 8 10 -23 5 0 0 1

(continued...)
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Executing RY + 5R} and R} — 8R} gives

Ry

1 4 5 3 1 0 0 0

R} 0 1 1 -2 5 2 0 0
Rl =R + 5R} 0 2 3 |<— multiplier = +5 6 10
RZ =R - SRE 0 2 =7 ) <«— multiplier = —8 5 0 1
Executing R — R} gi

g Ry 3 gives
Ri 1 4 5 3 1 0 0 0
R 01 1 -2 5 2 0 0
=U =L

R} o0 2 3 6 -5 1 0

Rl —Ri 0 0 (0D -10 / «——— multiplier = —1 5 8 (D1

Once we can place linear systems into triangular forms, such as L and U, the linear system
becomes easy to solve. Doing this involves throwing away a lot of the matrix, as you can see
in the above example.

6.4.3 Solving linear systems

We want to solve a linear system Ax = b and assume that we can break matrix A into LU.
The linear system Ax = b becomes

(LU)x=Db implies L(Ux)=Db

Suppose applying the upper triangular matrix U to the vector x gives the vector y, that is
Ux = y. Substituting this into the above gives

L(Ux) =b implies Ly=Db

We illustrate this in Fig. 6.15.

We need to solve Ax=b

And we solve Ly=b
Instead we solve Ux=y Figure 6.15

This factorization of the matrix A in the linear system Ax = b into LU means that we
need to solve two equations; Ux = yand Ly = b.
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Q Why should we solve two equations rather than just the given one?
Because both these Ux = y and Ly = b are much easier to solve than the given Ax = b.

& Why is this?
Because Ly = b means that we have a lower triangular matrix L times the given vector b.

We can use a method called forward substitution because we have

an O 1 by
Ly — E '.. 5 = 5 = b (T)

Aml - OGmn Ym bm
Expanding the top row of (}) gives
anyr = by whichimplies y; = ﬂ provided a;; # 0
an

Similarly we can find y, from the second row, and so on for the rest of the y values. By
applying this we find all the entries in the vector y.
Now we use this vector y to find our unknown vector x from Ux = y.

Q How can we do this?
Since U is an upper triangular matrix, writing out Ux = y we have

ailr - G1n X1 )1
Ux = S el B e *)
This time, we use back substitution to find our unknowns x1,x2, . . . , X.

Expanding the bottom row of (*) gives

Ym

AmnXm = Ym implies Xm = provided a,,,, # 0

mn

Substituting these x,, into the penultimate row of (*) will produce the value for x,,_;.
Repeating this process we can find all the unknown x’s, which is what we were looking for.

Solve the linear system Ax = b where A is the matrix of Example 6.18and b = (7 13 106 —94).

Solution

We first need to find the vector y such that Ly = b where L is the lower triangular matrix that we
evaluated in the previous example. Substituting this L and the given b into Ly = b:

1 000\ /n 7
5 200 ]| 13
Ly = -
Y=16 510 || 5 106 ®
5 811) \p —94

(continued...)
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From the first row we have y; = 7. Substituting this y; = 7 into the second row gives

51 + 22 13
5(7) + 2y, = 13 gives y, = —11

Using these values y; = 7 and y, = —11 in the third row of (t) yields

6y1 — 51 +y3 106
6(7) —5(=11) + y3 = 106 = y3 =9

Repeating this process with y; = 7, y» = —11 and y3 = 9 on the bottom row of () gives

501 + 8y 4+ y3+ys=-—94
5(7) +8(—11) + 9 + ys = —94 = y4 = —50

We have y; =7,y = —11, y3 = 9 and y4 = —50, or in vector form:
y=@7 —11 9 —50)7
Now we use our upper triangular matrix U to find the required unknown x's from Ux = y. We found

the upper triangular matrix U in the above Example 6.18. Substituting that matrix U and the above vector
y into Ux = y gives

145 3 X1 7
011 —2 x| | -1 N
002 3 x| 9 )
000 —10 X4 —50

From the bottom row of (*) we have x4 = 5. Substituting this x4 = 5 into the penultimate row of (*)

gives
2x3 + 3x4 =9
2x3 +305) =9 = x3=-3
Using the second row and x values already found, x3 = —3 and x4 = 5 gives
X3 + x3 — 2x4 = —11
xp— 3 —205)=—-11= x =2
Using these values x, = 2, x3 = —3 and x4 = 5 in the top row of (*) yields
X1+ 4x) + 5x3 4+ 3x4 =7
x1 +42) +5(=3)+305) =7 = x1 =—1
Hence our unknowns are x; = —1,xp = 2,x3 = —3 and x4 = 5.

Remember, we apply this LU factorization method if we want to solve a linear system
Ax = b for different b vectors.

This LU factorization method is especially useful if you have a lot of b’s for which you
want to find solutions, because once you have found L and U, then the remaining work is
pretty straightforward.



We can also use LU factorization to find the determinant of a matrix, as the next example
demonstrates.

(EHAPIE 620 I —————

Find the determinant of A where A is the matrix of Example 6.18.

Solution
From Example 6.18 we have

1 000 145 3
5 200 011 —2
A = LU where L= U=
U where 6 510" %" |oo02 3
5 811 000 —10

Since we have a lower triangular L and an upper triangular matrix U, the determinant is the product of
the diagonal entries, because we have the following proposition from the last section: Proposition (6.19).
The determinant of a triangular matrix is the product of the entries along the leading diagonal.

Using this proposition we have

det(L) =1 x2x1x1=2and det(U) =1x1x2 x (—=10) = —20

By the multiplicative property of determinants: Proposition (6.28). det (AB) = det(A) x det(B).
We have

det(A) = det (LU) = det (L) x det (U)
=2 x (=20) = —40
Hence det(A) = —40.

Once we have an LU factorization then evaluating the determinant is simple multiplica-
tion.

We can also use LU factorization of an invertible matrix A to find the inverse of A.

Q How?

We have A = LU so taking the inverse of both sides gives
Al-—qul=ulL"! [By (1.27) (XY) ! =Y—1x—1]

Since L and U are triangular matrices, their inverses are a lot less demanding to find. We
use row operations to find the inverse rather than using cofactors - see Exercises 6.4.

6 Summary

We can break a given matrix A into a lower triangular matrix L and an upper triangular matrix U
such that A = LU. This approach is used by computers to solve linear systems Ax = b for the same
coefficient matrix A but many different vectors b because it is much less computationally expensive.

481



482

« EXERCISES 6.4

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Solve the following linear systems Ax = b by using LU factorization for:

1 2 2 5
(@A=|3 -3 -2], b= 0
4 -1 -5 —10
1 5 6 1
b)A=| 211 19 |, b= —4
3 19 47 —22
2 1 3 5
(A= 4 -1 0], b= —-11
10 12 34 84
1 2 3 =5
(d)A = 3 -9 —-12 |, b= 9
-1 8 18 —4
Solve the following linear system Ax = b by using LU factorization:
1 2 3 4 —10
A= 17 22 27 8 b= 22
77 44 47 —49%4 2106
=10 1 7 63 —243
Find the determinant of the matrix A given in question 2.
123
Decompose the matrix A= | 0 4 5 | into LU.
006
1 2 3
LetA=|3 7 14
4 13 38

(a) Convert the matrix A into LU form.
(b) Find A~ L.
(c) Solve Ax=bfor:()b=(1 2 3)T (G)b=(-1 3 DT

Explain why we cannot convert the following ( g ; ) into LU factorization.

w MISCELLANEOUS EXERCISES 6

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
In this exercise you may check your numerical answers using MATLAB.
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Cramer’s Method is described on the book’s website.

The determinant of the matrix

0 1 5
A=(3 -6 9
2 6 1

is
A. 165 B.0 C.-35 D. =75 E. 68
University of Ottawa, Canada

—-178 3 0 0

LetE = 056 |andF=| -1 -5 0
004 0o 1 =2

Find det (E) , det (F), det (EF) and det (E + F).

University of Western Ontario, Canada

Evaluate the determinant of

W == W = W
— 09 = D
W = W = =
S e i
W = = =

University of Western Ontario, Canada

Let A and B be n x n matrices. Complete the following formulas with the simplest
possible expressions. If a formula does not exist, write ‘No Formula’.
(a) det(AB) =
(b) det(A™!) =
(c) det(A+B) =
(d) det(3A) =
(e) det (AT) =

Mount Holyoke College, Massachusetts, USA

12 00

. . 01 20
Consider the matrix B = 00 12
-3 4 -5 6

Use row operations or straightforward calculation to find det(B).
Mount Holyoke College, Massachusetts, USA

Suppose
2x1+ x2 + x3 = 8

351 —2x) — x3 = 1
4x1 — 7xp + 3x3 = 10
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By Cramer’s rule we find (fill in determinants without doing the computation):
Xy =

Mount Holyoke College, Massachusetts, USA

2 123 -1
LetA= |1 456 1 |.If you know that det(A) = —420, then find the value of x;,
2 789 1
X1 1
in the solution of the linear system A [ x, | = | 0
X3 1

Purdue University, USA
Using Cramer’s method, solve the system
5x, + x3 = —8
X1 — 2x2 — X3 = 2
6x1 + x3 — 3x3 = —8
University of Wisconsin, USA (part question)

Calculate the determinant of the matrix

2 1 3 1
0 8 -2 5
-6 —3 -5 =5
2 5 3 —4

National University of Ireland, Galway (part question)

Compute the determinant of the following matrix

10 =2 3 16
1 1 1 1

9 =3 2 15
110 23 12 —-15

RWTH Aachen University, Germany
Let A be the 3 x 3 matrix

>

I
= = O
g =
—_— O W

(a) Calculate det(A) using the cofactor expansion.
(b) Calculate A~! using elementary row operations.

(c) Use the calculation you performed in (b) to find det(A).
University of Maryland, Baltimore County, USA



(i) Compute the inverse of the matrix

2 -1 —4
A= -1 1 2
-1 1 3

(ii) Use the result of part (i) to find the inverses of the three matrices A’, 3A and A2.

University of New Brunswick, Canada

Let A be an upper triangular n x n matrix with determinant equal to 3. Multiply

by 5 all terms in the matrix above and to the right of the diagonal (but not on the
diagonal). What is the determinant of the new matrix?

Johns Hopkins University, USA

Find adjA, det A and hence A~! when

and when
3 41
A=]|1 -1 3
2 =25
University of Sussex, UK (part question)
2 0 00
1 -7 =50
LetA = 3 8 60
0 7 54

(a) Use determinants to decide if A is invertible or not.
(b) What is det (AT)?
(c) What is det (A’l)?
Washington State University, USA (part question)

Consider the following determinants:

oM o =
oM
SO N
N O N O
Kiw o N
|
—_ o = o

Evaluate D; by direct expansion. Evaluate D, by relating it to D;. Evaluate D3 by
using standard properties of determinants. In each case, explain your method briefly.
Queen Mary, University of London, UK
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Find the value of the determinant of each of the following matrices.

s 0 00 1 23 45

0 00 4 61 —9 8

(a) A = B=| 12102 7 0
17 y 10

e e 4 61 —9 8

L 1 52 43
4 -2 15
2 90 3
@C=13 50 0
|5 80 7

Memorial University, Canada

(a) Consider the matrices

-1 -2 -3 1 2 00 0
1 -2 0 3 5 10 0
A=l 5 5 | |dB=| _; 1,
01 0 0 2 31 -3

Find the determinants of A, B, AB and A3.
(b) Let A be an invertible n x n matrix. Prove that det(A) # 0.
University of Southampton, UK (part question)

(a) By elimination or otherwise, find the determinant of A:

=

0 1
1

<
)

1 0
0 0
A=
0 0 1 us
vi v2 v3 O

(b) If that zero in the lower right hand corner of A changes to 100, what is the change
(if any) in the determinant of A? (You can consider its cofactors.)
Massachusetts Institute of Technology, USA (part question)

Use row operations to calculate the determinant

1 a® b+

1 v atc

1 & a+b

University of Maryland, Baltimore County, USA
Let A be an invertible 3 x 3 matrix. Suppose it is known that

uv w a 30
A=| 33 —2 | andthatadj(A)=| -1 1 2
Xy z c —2d

Find det(A). (Give an answer not involving any of the unknown variables.)
McGill University, Canada (part question)

Evaluate det ((2A)_1 (3A) T), where A is any invertible (2 x 2) matrix.
Memorial University, Canada



(a) Evaluate the determinants:

|31 3]; (i)
131 0022
3100

(b) Assume that A, B and C are 4 x 4 matrices with determinants
det(A) = 2, det(B) = —3 and det(C) =5
Find the following determinants:
(i) det (3A); (i) det (C™'B); (i) det (A2C™'BT)
University of Manchester, UK

(a) Evaluate the determinants:

00a00 00300
88;? 0b00O 02400
O DS (i)[c 0000 (iii)|1 0 50 0
31 e d 00001 006009
00020 00780

(b) Assume that A and B are 3 x 3 matrices with determinants det A =3 and
detB = —2. Find the following determinants:
(i) det (BBT) (i) det (A"'BA) (i) det (AB™?)
University of Manchester, UK
(a) Let A, B be 2 x 2 matrices with det(A) = 2, det(B) = 3. Find
(i) det (—A’B™2)  (ii) det (2A7!BA)  (iii) det (A7'AT)

adg a+d d+g g+a
®)If|b e h|=1find| b+e e+h h+b|.
c f i c+f f+i i+
McGill University, Canada
al?2
We have a 3 x 3 matrix A= | b 3 4 | with det(A) = 3. Compute the determi-
c 56
nants of the following matrices:
a—212 7a 7 14 a—212
(@ b—4 3 4 b)| b 3 4 (c)2A7TAT  (d) b 314
c—6 56 c 56 c 56

Purdue University, USA 2006
In the following question, consider the field F to be a set of real numbers.

LetFbeafield,anda, b, ¢, d, e, f, p, ¢ 1, s, t, u € F.Consider the matrix

b ¢ p 0o
A= de qro0
0 s tu

f
Find det(A). (Advice: you can do this the hard way, by multiplying out and

calculating, or more easily, using facts about determinants.)
University of California, Berkeley, USA

S O
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Use Cramer’s rule to solve for x in the system of equations

Columbia University, New York, USA

Supply a short proof for the following statement:
If Aisan x n matrix satisfying A> = O, then det(A) = 0.
University of California, Berkeley, USA (part question)

Let A, denote the following n x n matrix.
1 2 3 4 ..-n

-1 0 3 4--n
A,=| -1 -2 0 4-n

-1 -2 -3 -4 ---0
(a) Determine Ay, A3 and Ay4. Use elementary row operations and properties of

determinants to compute the determinants of these matrices.

(b) Based on your work on part (a), use elementary row operations and properties
of determinants to compute A,, the determinant of the matrix A, for an integer
n> 2.

[llinois State University, USA

What is the formula for the inverse to the following matrix?

A B D
0 CE
00 F
Columbia University, New York, USA

Using Cramer’s rule, solve for y in the following system of equations:

A B D X 1
0 CE y | =11
0 0 F z 0
Columbia University, New York, USA
100 2 4 6 87

010 51213 9

001 —-131 5 23

Evaluate the determinant of thematrix [ 0 0 0 4 2 7 1

000 -2 1 3 =2

000 O 1 0 O

L0000 -1 2 5 3

University of Californ_ia, Berkeley, USA



For which real numbers k is the following matrix invertible?

1
0
9

OO O
(=R R el
— == O O
Xk WO O

6
2

=

Stanford University, USA

Let B be the invertible matrix given below, where ? means that the value of the entry
does not affect the answer to this problem. The second matrix C is the adjoint of B.

Find the value of det (ZB_1 (CT)_Z).

? 2?20 6 39 0
0—-12 0 -6 =36 0
B_l 100’C_ -3 63 0
? 7?3 2 13 —5

University of Utah, USA

Sample questions

Find the determinant of

123
A_<456)

Let P be an invertible n by n matrix and A be a n by # matrix. Show that

det (P"'AP) = det(A)

0 0 e ain
o 0 - axu-1) a2

Let A be a n by n matrix given by A =
anl Gn2 " Qnn

Prove that det(A) = (— D)3 gy, - - az(n—1)an1 where | | is the floor function.

[The floor function | | is defined on the set of real numbers. Let x be a real number
suchthatx =n+ ywhere0 <y <1

We define the floor function to be [x| = n

That is [x] = n gives the largest integer less than or equal to x. For example

[24] =2, 1699] =6, [10]=10, |7]=3, |-34] = —4]
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Francoise Tisseur

is Professor of Numerical Analysis in the
School of Mathematics, University of
Manchester, UK.

Tell us about yourself and your work.

I am a numerical analyst specializing in numerical linear algebra. My work spans the full
range from developing fundamental theory to deriving algorithms and implementing
them in software.

I am particularly interested in the theory and numerical solution of algebraic
eigenvalue problems, that is, to find scalars A and non-zero vectors x and y satisfying
N(X)x = 0, where N : 2 — Cnxn is an analytic function on an open set 2 C C, the
standard eigenvalue problem (A — AI)x = 0 studied in Chapter 7 being the simplest
case. However, in practical applications, such as in the dynamic analysis of mechanical
systems (where the eigenvalues represent vibrational frequencies), in the linear stability
of flows in fluid mechanics, or in the stability analysis of time-delay systems, the
elements of N(1) can be polynomial, rational or exponential functions of A and the
corresponding non-linear eigenvalue problems can be very difficult to solve.

I am also interested in tropical algebra (also known as max-plus algebra), where
matrices and vectors have entries in R U {—00} and where the addition a + b is replaced
by a maximization max(a, b) and the multiplication ab is replaced by an addition a + b.
As in section 1.4 of this book, we can add two tropical matrices and also multiply them.
In fact, many of the tools of linear algebra described in this book are available in tropical
algebra. A major difference with classical linear algebra is that the maximum operation
lacks inverses. Tropical algebra allows us to describe, in a linear way, a phenomenon that
is non-linear in the conventional algebra. These include, for example, parallel
computation, transportation networks and scheduling.

What are the challenges connected with the subject?

Non-linear eigenvalue problems present many mathematical challenges. For some there
is a lack of underlying theory. For others, numerical methods struggle to provide any
accuracy or to solve very large problems in a reasonable time.



SECTION 7.1 Q Introduction to Eigenvalues and Eigenvectors

By the end of this section you will be able to
determine eigenvalues and eigenvectors

prove properties of eigenvalues and eigenvectors

Eigenvector/value problems crop up frequently in the physical sciences and engineering.
They take the form Av = (scalar) x vwhere visa non-zero vector and A is a square matrix.
By knowing the eigenvalues and eigenvectors of a matrix we can easily find its determinant,
decide whether the matrix has an inverse and determine the powers of the matrix. For an
example of linear algebra at work, one needs to look no further than Google’s search engine,
which relies upon eigenvalues and eigenvectors to rank pages with respect to relevance.

7.1.1 Definition of eigenvalues and eigenvectors

Before we define what is meant by an eigenvalue and an eigenvector let’s do an example
which involves them.

Let A = ( ‘11 _? ) andu = <i) then evaluate Au.

Solution
Multiplying the matrix A and vector u we have

w=(1 ) 0)-6)-0)

Q What do you notice about the result?
We have Au = 3u. The matrix A scalar multiplies the vector u by 3, as shown in Fig. 7.1.

In general terms, this can be written as
(7.1) Au = lu (matrix A scalar multiplies vector u)

where A is a square matrix, u is a vector and the Greek letter A (lambda) is a scalar.
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Figure 7.1

This is an important result which is used throughout this chapter and well worth
becoming familiar with.

Q Why is formula (7.1) important?
Because the matrix A transforms the vector u by scalar multiplying it, which means that the trans-
formation only changes the length of the vector u unless A = +1 (in which case the length remains
unchanged). Note that (7.1) says that the matrix A applied to u gives a vector in the same or

opposite (negative 1) direction of u.

Q Can you think of a vector, u, which satisfies equation (7.1)?
The zero vector u = O because AO = 10 = O. In this case we say that we have the trivial solution
u = O. In this chapter we consider the non-trivial solutions, u # O (not zero), and these solutions

are powerful tools in linear algebra.

For a non-zero vector u the scalar 1 is called an eigenvalue of the matrix A and the vector
u is called an eigenvector belonging to or corresponding to A, which satisfies Au = Au.

In most linear algebra literature the Greek letter lambda, A, is used for eigenvalues. These
terms eigenvalue and eigenvector are derived from the German word ‘Eigenwert’ which
means ‘proper value’. The word eigen is pronounced ‘i-gun’.

Eigenvalues were initially developed in the field of differential equations by Jean d’
Alembert.

Vs

Figure 7.2 Jean d’Alembert 1717 to
1783.

Jean d’Alembert 1717-1783 (Fig. 7.2) was a French
mathematician and the illegitimate son of Madam
Tencin and an army officer, Louis Destouches. His
mother left him on the steps of a local church and he
was consequently sent to a home for orphans. His
father recognised his son's difficulties and placed him
under the care of Madam Rousseau, wife of a wealthy
architect.

However, dAlembert’s father died when he was only
nine years old and his father’s family looked after his
financial situation so that he could continue his
education.

In 1735, Alembert graduated, and he thought that a
career in law would suit him, but his real thirst and
enthusiasm was for mathematics, and he studied this
in his spare time. For most of his life he worked for the
Paris Academy of Science and the French Academy.

J/




11
LetA = . Verify the following:
-2 4
1
(a) u= ) is an eigenvector of matrix A belonging to the eigenvalue A; = 2.

1
(b) v= (2) is an eigenvector of matrix A belonging to the eigenvalue A, = 3.

Solution

(a) Multiplying the given matrix A and vector u we have

me (22 ()-6)=()

Thusu = (1 1)T is an eigenvector of the matrix A belonging to A; = 2 because Au = 2u,
Matrix A doubles the vector u.

11 1 3 1
A=l e )\ 2) T e) T3
Thus v = (1 2)7 is an eigenvector of the matrix A belonging to A, = 3 because Av = 3v.
This Av = 3v means matrix A triples the vector v.

(b) Similarly we have

What do you notice about your results?
A 2 by 2 matrix can have more than one eigenvalue and eigenvector.

We have eigenvalues A and eigenvectors u for any square matrix A such that Au = Au.

50 0 0
letA=|] =9 4 —1 |andu= | 1 |.Show that the matrix A scalar multiplies the vector u and find
—6 2 1 2

the value of this scalar, A, the eigenvalue.
(continued...)
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Solution
Applying the matrix A to the vector u we have

50 0 0 0
—6 2 1 2 4 2

We have Au = 2uso A = 2. Hence A = 2 is an eigenvalue of the matrix A with an eigenvector u.
Matrix A transforms the vector u by a scalar multiple of 2 because Au = 2u.

7.1.2 Characteristic equation

From the above formula (7.1) Au = Au we have
Au = Alu

[AIu = Au - multiplying by the identity keeps it the same]
where I is the identity matrix. We can rewrite this as
Au—2AIu=0
(A—ADu=0

@A Under what condition is the non-zero vector u a solution of this equation?
By question 26 of Exercises 6.3:

Ax = O has an infinite number of solutions < det (A) = 0.

Applying this result to (A — AI)u = O means that we must have a non-zero vector u
(because there are an infinite number of solutions which satisfy this equation) <

det(A —AI) =0

This is an important equation because we use this to find the eigenvalues and it is called
the characteristic equation:

(7.2) det(A —AI) =0

The procedure for determining eigenvalues and eigenvectors is:

Solve the characteristic equation (7.2) for the scalar A.

For the eigenvalue A determine the corresponding eigenvector u by solving the
system (A — A)u = O.

Let’s follow this procedure for the next example.

Note that eigenvalues and eigenvectors come in pairs. You cannot have one without
the other. It is a relationship like mother and child because eigenvalues give birth to
eigenvectors.
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20
Determine the eigenvalues and corresponding eigenvectors of A = ( 13 ) Also sketch the effect of

multiplying the eigenvectors by matrix A.

Solution
What do we find first, the eigenvalues or eigenvectors?
Eigenvalues, because they produce eigenvectors.

We carry out the above procedure:

Step 1.
We need to find the values of A which satisfy det(A — AI) = 0. First we obtain A — AL

a-n=(13)(01)
-(12)-(52)-(7".2)

Substituting this into det(A — AI) gives

2—X 0
det(A—AI)-det( i 3—A>

ab

. d) = ad — bc, thus:

To find the determinant, we use formula (6.1), det (

2—A2 0

det(A—AI):det( 1 ey

):a—m@—n—o

For eigenvalues we equate this determinant to zero:
2—X2)B—A)=0 impliesi;j =2 or Ay =3

Step 2.
For each eigenvalue, A determine the corresponding eigenvector u by solving the system (A — AI)u = O.

2
Let u be the eigenvector corresponding to A; = 2. Substituting A = ( 1 g ) and A1 = A = 2into

(R
(25)ms

(A — AI)u = O gives

Remember, O = (8) and letu = (;) so we have
00 x\_ (0
11)\y) \o

0+0=0
x+y=0

Multiplying out gives

(continued...)
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Remember, the eigenvector cannot be the zero vector, therefore at least one of the values, x or y, must
be non-zero. From the bottom equation we have x = —y.

2 -3 b4 5
The simplest solution is x = 1, y = —1 but Id h 5 5 5 T
e simplest solution is x Ly ut we cou ave<_2> ( 3> (—7[) (_5>

Hence we have an infinite number of eigenvectors belonging to A = 2. We can write down the general
eigenvector u.
How?
Let x = s then y = —s where s = 0 and is a real number. Thus the eigenvectors belonging to A = 2 are

u= ( _j) =s <_i ) where s # 0 |:( _i ) is one of the simplest eigenvectors]

Similarly, we find the general eigenvector v belonging to the other eigenvalue A, = 3. Putting
Az = A = 3into [A — AI] v = O gives

(A—AI)V:[(? (3))—((3) g)]v:OSimplifiesto<_i g>v:0

By writing v = (;) [different x and y from those above] and O = (8) we obtain

-1 0 x\ _ (0
10/)\y) \o
Multiplying out:

—x+0=0, x+0=0

From these equations we must have x = 0.
What is y equal to?
We can choose y to be any real number apart from zero because the eigenvector cannot be zero. Thus

y = swheres # 0

The general eigenvector belongingto Ay = 3 is

V= (;) = (2) =s <(1)) where s # 0 [(?) is one of the simplest eigenvectors]

Summarizing the above we have:
1 0
Eigenvectoru = s < 1) belonging to A1 = 2 and eigenvectorv = s ( 1) belonging to A, = 3.

What does all this mean?
The given matrix A scalar multiplies the eigenvector u by 2 and v by 3 because

Au = 2u and Av = 3v
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Plotting these eigenvectors, the effect of multiplying by the matrix A is shown in Fig. 7.3.

3l
- Av=3v
2,'_
o) 1
V=
1 |
|
-1 ]
u_[l] Au=2u
o] "1 —
Figure 7.3

Matrix A doubles (A1 = 2) the eigenvector u and triples (A, = 3) the eigenvector v as you can see in
Fig. 7.3. Matrix A does not change the direction of the eigenvectors.

Eigenvectors are non-zero vectors which are transformed by the matrix A to a scalar
multiple X of itself.

Next, we find the eigenvalues and eigenvectors of a 3 by 3 matrix. Follow the algebra
carefully because you will have to expand brackets like (1 — 1) (=3 — 1).

To expand this it is usually easier to take out two minus signs and then expand, that is:

A=-2NEFE3-N)=——=(C-14+40)@+A)=A*—-1B+ 1) [Because — — = +]
10 4
Determine the eigenvaluesof A=| 0 4 0
35 -3
Solution
We have
10 4 A 00 1—A 0 4
A—M=|104 0]—-|0Ar0|= 0 4—21 0
35 -3 00 A 3 5 —-3-—-A

It is easier to remember that A — Al is actually matrix A with —A along the leading diagonal (from top
left to bottom right). We need to evaluate det(A — AI).
What is the simplest way to find det(A — AI)?
From the properties of determinants of the last chapter, we know that it will be easier to evaluate the
determinant along the middle row, containing the elements 0, 4 — A and 0.
Why?
Because it has two zeros we do not have to evaluate the 2 by 2 determinants associated with these zeros.
[Spending a second or two in choosing an easy way forward can really help save on the arithmetic later
on.] From above we have

(continued...)
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1—A 0 4
det (A — AI) = det 0 4—1 0 middle row
3 5 —3—A\

o 1—2 4 expanding the
=@-2 det( 3 _3_A>] [middIeRow ]

= @4-2) [(1 —A(=3-X)—(Gx 4)] [by determinant of 2 by 2]
= (-1 [(x 1B+ — 12] [taking out minus signs]
=U-n[3+r2-3-2-12] [opening brackets]

= (4—n [ +21 - 15 [simplifying]

— (=N R+5(G=3) [factorizing]

By the characteristic equation (7.2), det(A — AI) = 0, we equate all the above to zero:
A=A +50—-3)=0

Solving this equation gives the eigenvalues A} = 4, A, = —5and A3 = 3.

Determine the eigenvectors associated with A3 = 3 for the matrix A given in Example 7.5.

Solution
10 4
Substituting the eigenvalue A3 = A =3 andthematrixA=| 0 4 0 | into(A—ADu=0
35 -3
(subtract 3 from the leading diagonal) gives:
1-3 0 4
(A—3Du= 0 4-3 0 u=0
3 5 —-3-3
where u is the eigenvector corresponding to A3 = 3.
What is the zero vector, O, equal to?
0 x
Remember, this zero vectorisO = | 0 |.Letu = | y |. Substituting these into the above and
0 z
simplifying gives
20 4 X 0
1 0 y]l=1]0
—6 z 0
Expanding this yields the linear system
—2x+ 0+ 4z=0 (1)
0+ y+0 =0 )

3x + 5y —6z2=0 3)



From the middle equation (2) we have y = 0. From the top equation (1) we have
2x = 4z which gives x = 2z
If z =1 then x = 2; or more generally if z = s then x = 2s where s # 0 [not zero].

X 2s 2

The general eigenvectoru= | y | =| 0 | =s| 0 | wheres # 0 and corresponds to A3 = 3.
z S 1

The given matrix A triples the eigenvector u because Au = 3u.

You are asked to find the eigenvectors belonging to A} = 4and A, = —5 in Exercises 7.1.

7.1.3 Eigenspace

Note that for A3 = 3 in the above Example 7.6 we have an infinite number of eigenvectors
by substituting various non-zero values of s:

2 4 1 —4
u=|0)]oru=|0] oru= 0 oru= 0
1 2 1/2 -2

Check that the matrix A triples each of these eigenvectors by verifying Au = 3u. The
above solutions u are given by all the points (apart from x = y = z = 0) on the line shown
in Fig. 7.4:

2 Figure 7.4

In general, if A is a square matrix and A is an eigenvalue of A with an eigenvector u then
every scalar multiple (apart from 0) of the vector u is also an eigenvector belonging to the
eigenvalue ). For example, if we have Au = 3u then 666u is also an eigenvector because

499
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A(666u) = 666(Au) = 666 (3u) = 3(666u)
—

because Au=3u

Since the matrix A triples the vector 666u so 666u is an eigenvector with eigenvalue 3.
Thus we have the general proposition:

Proposition (7.3). If A is an eigenvalue of a square matrix A with an eigenvector u then
every non-zero scalar multiplication of u, such as ku, is also an eigenvector belonging to A.

This means that if u is an eigenvector belonging to A then so is 2u, 0.53u, —666u, .. ..

Proof.
Consider an arbitrary non-zero scalar k, then
A(ku) = k(Au) [by rules of matrices]
= k(lu) [by (7.1) Au = Au]
= A(ku)

Thus we have A(ku) = A(ku), which means that the matrix A acting on the vector ku
produces a scalar multiple A of ku. Hence ku is an eigenvector belonging to the eigenvalue
A. Since k was arbitrary, every non-zero scalar multiple of u is an eigenvector of the matrix
A belonging to the eigenvalue .

Hence the scalar A produces an infinite number of eigenvectors.

[

Proposition (7.4). If A is an n by n matrix with an eigenvalue of A, then the set S of all
eigenvectors of A belonging to A together with the zero vector, O, is a subspace of R":

$ = {0} U {u| uis an eigenvector belonging to A}

How do we prove the given set is a subspace of R"?
We can use result (3.7) of chapter 3:

Proposition (3.7). A non-empty subset S containing vectors u and v is a subspace of a
vector space V < any linear combination ku + cv is also in S (k and c are scalars).

This means that we need to show:

If vectors u and v are in S then for any scalars k and ¢ we have ku + cv is also in S. This
means that S is a subspace < S is closed so the vector ku + ¢v cannot escape from S, as
shown in Fig. 7.5.

Figure 7.5



Proof.

What do we need to prove?
Required to prove that if u and v are eigenvectors belonging to the eigenvalue X then ku + cv is
also an eigenvector belonging to A.

Let u and v be eigenvectors belonging to the same eigenvalue A, and k and ¢ be any
non-zero scalars. Then by the above Proposition (7.3):

If A is an eigenvalue of a square matrix A with an eigenvector u then ku is also an
eigenvector belonging to A.

We have ku and cv are eigenvectors belonging to A, therefore by (7.1):

A(ku) = A(ku) and A(cv) = A(cv) *)
We need to show that A(ku + cv) = A(ku + cv):
A(ku + cv) = A(ku) + A(cv) [applying the rules of matrices]
= A(ku) + A(cv) [by the above (*)]
= A(ku + cv) [factorizing]

Since A(ku + cv) = A(ku + cv) so the matrix A scalar (1) multiplies the vector ku + cv
so it is an eigenvector belonging to A which means it is a member of the set S. By Proposition
(3.7) we conclude that the set S is a subspace of R".

n

This subspace S of Proposition (7.4)

§ = {0} U {u| uisan eigenvector belonging to 1 }

is called an eigenspace of A and is denoted by Ej, that is E, = S.
For example, the eigenspace associated with Example 7.4 for the eigenvalue A; = 2 is the

. 1 . 0
eigenvector u = s (_ ] ) and for A, = 3 the eigenvector v =s (

1) which are shown in
Fig. 7.6.

y
3
2
0
14 v=
- - X
-3 -2 ) 1 2 3
The eigenspace Ej is this ) 1
vertical line. u= [ J
3 -1 /'

The eigenspace E, is this line.

Figure 7.6
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E; and E3 denote the eigenspaces given by A = 2 and A = 3 respectively.
0 1
Note that the vector <1) is a basis (axis) for the eigenspace E3 and (—l) is a basis
(axis) for the eigenspace E,. These eigenvectors are a basis (axis) for each eigenspace.

We can also use the numerical software MATLAB to find eigenvalues and eigenvectors:

10 4
As an example, we'll find consider the matrix in Example 7.6:A=| 0 4 0
35 -3

In MATLAB, we enter the matrix A by typing: 2=[1 0 4 ; 0 4 0 ; 3 5 -3]
where the semicolon denotes the start of the new row. We'll let the matrix containing the
eigenvectors be called V and the matrix containing the eigenvalues as d. We then use
the following MATLAB command. [V,d]=eig (A, ‘nobalance’). The ‘nobalance
prevents MATLAB from normalizing the vector. The result of this command is:

vV =
1.0000 0.6667 —1.0000

0 0 —0.4500 =———m
0.5000 —1.0000 —=0.7500

Reading down each column gives
the eigenvectors.

d =

3 0 0 The leading diagonal entries give
0 =5 0 the eigenvalues.

0 0 4

By reading the above MATLAB output, the eigenvectors are

1 2/3 1
o |.[ ol.|9n20
1/2 -1 3/4
So the general eigenvectors are
2 2 20
u=r|0]),v=s 0], w=t| 9
1 -3 15

where r, s, t # 0. Note that the eigenvector u is the eigenvector found in Example 7.6. You
are asked to verify the other two by hand in Exercises 7.1.

e
[T Summary

The eigenvector u belonging to eigenvalue A satisfies:
(7.1) Au = Au (matrix A scalar multiplies eigenvector u by A)
The following equation is used to find the eigenvalues:

(7.2) det(A —AI) =0

Eigenvectors u are found using (A — AI)u = O.
o /
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(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
In this exercise you may check your numerical answers using MATLAB.

Find the eigenvalues and particular eigenvectors of the following matrices:

7 3 5 =2 -1 4
(a)A—<0_4) (b)A—(4_1> (c)A_< 21)
Obtain the general eigenvectors of 1} = 4 and A, = —5 for the matrix in Example 7.5.

1
Find the eigenvalues and eigenvectors of A = ( ? 3 ) Plot the eigenspaces E,.

5 =2
7 —4
the eigenvector by the matrix A. Plot the eigenspaces E; and write down a basis vector
for each of the eigenspaces.

-2 8 —4 16
LetA_< s 1>andB—<10 2).

(a) Determine the eigenvalues of A.

Find the eigenvalues and eigenvectors of A = ) State the effect of multiplying

(b) Determine the eigenvalues of B.
(c) State a relationship between the eigenvalues of A and B and predict a general
relationship.

Let A be a square matrix and B = rA, where r is a real number. Prove that if A is the
eigenvalue of matrix A then the eigenvalue of B is rA.

0...0
Prove that the zero n x n matrix, O = | : . . |, only has zero eigenvalues.
0---0
[Hint: Use the Proposition of chapter 6 which gives the determinant of a diagonal
matrix. |
121
Determine the eigenvalues and eigenvectors of A= | 2 1 1 |. By using appropriate
112

software plot the eigenspaces and write down a basis for each eigenspace.

SECTION 7.2 © Properties of Eigenvalues and Eigenvectors

By the end of this section you will be able to
determine eigenvalues and eigenvectors of particular matrices
prove some properties of eigenvalues and eigenvectors

apply the Cayley-Hamilton theorem
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As we discovered in chapter 6, finding the inverse of a matrix can be a lengthy process.
In this section we will show an easier way to find the inverse. We will also show that
the Cayley-Hamilton theorem significantly reduces the workload in finding the powers
of matrices.

It is worth reminding ourselves that eigenvalues and eigenvectors always come in pairs.
You cannot have an eigenvalue on its own; it must have an associated eigenvector. But they
are like chalk and cheese because an eigenvalue is a scalar and an eigenvector is a vector.

First we look at multiple eigenvalues and their corresponding eigenvectors.

7.2.1 Multiple eigenvalues

€ What is the characteristic equation of a square matrix A?
The characteristic equation was defined in the last section 7.1 as:
(7.2) det(A — AI) = 0 where A is a square matrix, I is the identity matrix and A is the eigenvalue
which is a scalar. By expanding this we have

ayl ... din A0
det(A — AI) = det 1o . o
L\ 49nl " Gnn 0 A
aig—A ... ain ’ |
taking away A alon
= det : - : =0 Ing W Yy : g
: : : the leading diagonal
anl ann — A

Evaluating the determinant of this matrix results in a polynomial equation of degree n.
An example of a polynomial p(1) of degree 3 is

503 — 212 + 3 + 69
An example of a polynomial p(1) of degree 4 is
7A%t — 537 — 0.1A% + 340 + 5
An example of a polynomial p(1) of degree n is
33307 + 2" 4 - 4+ 617 4+ A 4271828
In general terms, we can write a polynomial p(A) of degree n as
P = cad” + cu A+ ik +

where the ¢’s are the coefficients.

&R What is the difference between a characteristic polynomial and an equation?
A characteristic polynomial is an expression p(A) while an equation is p (1) = 0.
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Q How many roots does the equation p(x) = 0 have?
The impressively titled ‘Fundamental Theorem of Algebra’ tells us that the polynomial equation
p(A) = 0 of degree n has exactly n roots. Don't worry if you have not heard of the ‘Fundamental
Theorem of Algebra’. It is a known theorem in algebra which claims that a polynomial equation
of degree n has exactly n roots. For example, x> — 2x + 1 = 0 has exactly two roots because it is a
polynomial equation of degree 2 (quadratic equation).

Other examples are:

Equation Number of roots
X —1=0 5
21223 +1=0 12
—5x101 _x100 _..._7=9 101

We will not prove the fundamental theorem of algebra but assume it is true. Thus by the
fundamental theorem of algebra we conclude that

P =l F A" b A"+ A+ A+ =0

has n eigenvalues (roots). There might be n distinct eigenvalues or they might be repeated
such as

A=1>0n=-2) = Owhich givesA; = 1,Ay =1L, A3 =1land Ay =2

Normally we write the first three roots in compact form as X;,5 3 = 1 rather than as
above.
We distinguish between simple and multiple eigenvalues in the next definition.

Definition (7.5). Let A be an n by n matrix and have the eigenvalues 11, A2, A3,... and
An. If A occurs only once then we say A is a simple eigenvalue, otherwise it is called a
multiple eigenvalue. If A occurs m times where m > 1 then we say A is an eigenvalue with
multiplicity of m or A has multiplicity m.

In the above equation (A —1)* (A —2) =0 we have Aj 3 =1 is an eigenvalue of
multiplicity 3 and A4 = 2 is a simple eigenvalue.

Solution

What do we determine first?
The eigenvalues, because they produce the eigenvectors. Using the characteristic equation (7.2)
det(A — AI) = 0 we have

N O W

21
Determine the eigenvalues and eigenspaces of A = ( 02
00

(continued...)
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2—A 1 3
det(A — AI) = det 0 2—A 0
0 0 2—A
_ 2—1 0 expanding along
= (2= A)det ( 0 2—A ) [the first column

:(2—A)[(2—k)(2—k)—0]:(2—A)3:0

Thus we only have one repeated eigenvalue A = A1 3,3 = 2. We say that A = 2 has multiplicity 3.
How do we find the corresponding eigenvector?
By substituting this, A = 2, into (A — AI)u = O where u is the eigenvector:

2-2 1 3
(A-2Du=| 0 2-2 0 |u=o0
0 0 2-2

Simplifying this and substituting unknowns x, y, z for the eigenvector u and zeros into the zero vector,
0, gives

013 X 0
ooo|flyl=1{o
000 z 0
Note that this matrix is already in reduced row echelon form (rref). There is only one non-zero
equation and three unknowns, therefore there are 3 — 1 = 2 free variables (x and z, because none of the

equations begin with these). The term ‘free variables’ was defined in chapter 1.
By expanding the first row we have y 4 3z = 0, which gives y = —3z. Let z = s where s 7 0 then

y = —3s. Clearly x can be any real number, that is x = ¢. Hence, we write the eigenvector (x = ¢,
y = —3sand z = s) in terms of two separate vectors which are a basis for the eigenspace E;:
X t t 0 1 0
u=|[y| = —3s|=10)+| 3s|=¢t]0]+s]| -3
z S 0 s 0 1

where s and t are not both zero. If s and t were both zero then u would be the zero vector but u is an
eigenvector so # O. This u is our general eigenvector and we can write our eigenspace as

1 0
E=1t10]|+s| -3 and plot this in R3 as shown in Fig. 7.7.
0 1

This shaded plane is our
eigenspace E,.

0
_3 1
1 0
0

Figure 7.7
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Note that we have a plane rather than just a line because we have two basis vectors (as shown above)
which span a plane. A set of basis (axes) vectors B of the eigenspace E, are given by

)G

The matrix given in the above example is a type of matrix called a triangular matrix
which was defined in the previous chapter. A smarter way to evaluate the eigenvalues of
such matrices is described next.

7.2.2 Eigenvalues of diagonal and triangular matrices

In Exercises 7.1 you proved that the eigenvalues of the zero matrix, O, are 0.

D

What sort matrix is the zero matrix?
A diagonal matrix.

D

What is a diagonal or triangular matrix?
By definition (6.17), a triangular matrix is an n by n matrix where all the entries to one side of the
leading diagonal are zero.

By definition (6.18) we have a diagonal matrix is an n by n matrix where all the entries to
both sides of the leading diagonal are zero.
The following are examples:

1000 8§ -1 5 9 -9 0 0 0
0200 0 -8 3 —6 8§ 3 0 O
A=looso B o o5 7]™C=[_5 4 1 o
0004 0O 0 0 4 1 0 5 10
diagonal matrix triangular matrix triangular matrix

B is actually called an upper triangular matrix and C a lower triangular matrix.

We prove that for a diagonal or triangular matrix the eigenvalues are given by the entries
along the leading diagonal which goes from top left to bottom right of the matrix. For
example, the above diagonal matrix A has eigenvalues 1, 2, 5 and 4.

O What are the eigenvalues of the triangular matrices B and C?
B has eigenvalues 8, — 8, 5 and 4. C has eigenvalues —9, 3, —1 and 10.

Proposition (7.6). If an n by n matrix A is a diagonal or triangular matrix then the
eigenvalues of A are the entries along the leading diagonal.

O How do we prove this?
We apply Proposition (6.19) to the matrix A: The determinant of a triangular or diagonal matrix is
the product of the entries along the leading diagonal.
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The proofs for the three different cases of upper, lower triangular and diagonal are very
similar, so we only proof this for one case. In mathematical proof, we say ‘without loss of
generality (WLOG)’ meaning that we prove it for one case, and the proof for the other case
is identical.

Proof of (7.6).
ap a2 - Aain
0 axy - axn
Without loss of generality (WLOG), let A = 0 be an upper triangular
0 1 0 am
matrix. The characteristic equation det(A — AI) = 0 is given by
an—A ai - aip
0 ap —A -+ a
det(A — AI) = det 0
0 D0 Gpm— A

= (an—A)an—A): - (anm— A) = 0implies A1 = a1, Aa= a2, ..., An= aun

multiplying the leading
diagonal entries.
(by Proposition (6.19))

The roots or eigenvalues of this equation are aj1, a22, a33,... and a,, which are the

leading diagonal entries of the given matrix A. This completes our proof.
[

Determine the eigenvalues of A =

Solution

What do you notice about matrix A?

Matrix A is an (upper) triangular matrix, therefore we can apply the above Proposition (7.6) to find the
eigenvalues of matrix A.

What are the eigenvalues of A?

The eigenvalues are the entries on the leading diagonal which runs from top left to bottom right. Thus the
eigenvalues are

AM =5 i)=9 A3 =6and Ay = —17

Note that the eigenvalues of the matrix A given in Example 7.7 are
Ai,2,3=2

because all the entries along the leading diagonal of the triangular matrix A are 2.



509

7.2.3 Properties of eigenvalues and eigenvectors

Proposition (7.7). A square matrix A is invertible (has an inverse) < A = 0 is not an
eigenvalue of the matrix A.

Proof - Exercises 7.2.

This proposition means that if A = 0 is an eigenvalue of matrix A then A has no inverse.

Proposition (7.8). Let A be a square matrix with eigenvector u belonging to
eigenvalue A.

If m is a natural number then A™ is an eigenvalue of the matrix A™ with the same
eigenvector u.
If the matrix A is invertible (has an inverse) then the eigenvalue of the inverse matrix

1
A lis 5= 17! with the same eigenvector u.

Q What does this proposition mean?

Matrix Eigenvector Eigenvalue
A u A
(a) A™ (power) u A
(b) A™! (inverse) u A=l

We illustrate this for A = 2 (the matrix A doubles the eigenvector u) as shown in Fig. 7.8.

A
E// Au=2u
1

Alu=— /
u 2[1

Figure 7.8

Q How do we prove proposition (a)?
By using mathematical induction. The three steps of mathematical induction are:
Step 1: Check the result for some base case m = my.
Step 2: Assume that the result is true for m = k.

Step 3: Prove the result for m = k + 1.
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Proof.

Step 1: Using the definition of eigenvalues and eigenvectors (7.1) we have Au = Au which
means the result holds for m = 1:

Au = Au *)
Step 2: Assume that the result is true for m = k:
Afu = 2ku )
Step 3: Required to prove the case m = k + 1; that is, we need to prove
ARy — skt
Expanding the left hand side:
Aftly = A(Aku) [writing AR = AAk]
= A (Au) = A5(Aw) = 2F (w) = A u= 2K
——

k-
by () by =

Thus A¥1u = A*+1y, therefore by mathematical induction we have our result that A"

is an eigenvalue of the matrix A with the eigenvector u.
[

Proof of (b).
Using formula (7.1) we have Au = Au. Left multiplying both sides of this by A~! gives

(A'A)u=A""0w) =2A7"u
=I

Remember, multiplying by the identity I keeps it the same, that is ITu = u, so we have
u=72A""u
Dividing both sides by A gives

1 1
Fu= A~ 'u or writing this the other way, we have A~ 'u = ke

Since A™! scalar multiplies u by % so the eigenvalue of A1 is % with the eigenvector u.
]
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Example 7.9

145
Find the eigenvalues of A” where A= [ 0 2 6
00 3

Solution
Because A is an upper triangular matrix, the eigenvalues are the entries on the leading diagonal, that is
A1 = 1,13 = 2and A3 = 3. By the above Proposition (7.8) (a) we can see that the eigenvalues of A7 are

AMi=1"=1, A}=2"=128 and A} =37 =2187

Proposition (7.9). Let A be any n by n matrix with eigenvalues A1, A2, A3,...1,. We
have:

The determinant of the matrix A is given by det (A) = A1 X Ay X A3 X + -+ X Ay
The trace of the matrix A is given by tr(A) = A1 + A2 + A3 + -+ + Ay.

What is the trace of a matrix?
The trace (tr) of a matrix is the addition of all the entries on the leading diagonal:

=ay +ax+tasz+---+ann

What does part (b) mean?
Adding all the eigenvalues of a matrix is equal to the trace of the matrix.

Q Can you see any use for part (b)?
We can use part (b) as a rough check to see if we have the correct eigenvalues.

Why is (b) a rough rather than an exact check for eigenvalues?
Because there are so many different ways of adding to the same value.

What does the first part (a) mean?
It means that we can find the determinant of a matrix by multiplying all the eigenvalues of that
matrix.

How do we prove part (a)?
By using the characteristic equation det(A — AI) = 0.

Proof of (a).

We are given that matrix A has eigenvalues A1, A2, A3, ... and A,,.
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Q What does this mean?
It means that these, A1, A2,... and Ay, are roots of the characteristic equation, det(A — AI) = 0,

which implies that we have
detA—2AD=RA1 =)A=V A3 =2 A —21) ()

[For example, if the eigenvalues of a matrix B are ; = 2, A, = 4 and A3 = 5 then the
characteristic equation would be given by det (B —AI) = (2 — 1) (4 — 1) (5—1).]
If we substitute A = 0 into () we get

det(A) = (A1 —0) (A2 —=0) (A3 —0) -~ (A, — 0)
= (A1) (A2) A3) -+ (M) = A1 X A2 X A3 X - -+ X Ay
This is our required result.

Proof of (b) - See website.

Summarizing this proposition we have:

Matrix A A1, A2, A3, .., An Eigenvalues
Determinant of A A XA X A3 X+ X Ay Product of eigenvalues
Trace of A AMAA+A3 4+ -+ Ay Addition of eigenvalues

The above proposition states that we can evaluate the determinant (or trace) of any n by n
matrix by finding the eigenvalues and multiplying (or adding) them.

1
1 | given that the eigenvalues of A are 1,4 and —1.
2

Find the determinant and trace of A =

— N
—_— = N

Solution
By the above Proposition (7.9) we have

det(A) =1 x 4 x (—=1) = —4 [multiplying the eigenvalues]
Tr(A)=14+4—1=4 [adding all eigenvalues]
Remember, the trace of the matrix is found by adding all the entries in the leading diagonal
Tr(A)=1+1+2=14

Hence we have illustrated for matrix A that the trace of the matrix is the same as the sum of the
eigenvalues.



Proposition (7.10). Let A be an n by n matrix with distinct eigenvalues A1, A2, A3, ..., Ay
and corresponding eigenvectors uj, uy, us, . . ., U, where 1 < m < n. Then these eigenvec-
tors uy, Uy, us, . .. and u,, are linearly independent.

We need this proposition to prove the Cayley-Hamilton theorem which is given in the
next subsection.

Proof - Exercises 7.2.

7.2.4 Cayley-Hamilton theorem

The biography of Arthur Cayley was given in section 1.4.1. Here we give a brief profile of
Sir William Rowan Hamilton.

s N
William Hamilton (Fig. 7.9) was born in Dublin,
Ireland in 1805 and became one of the greatest Irish
mathematicians. Initially he took an interest in
languages, but during his early school days he found
an affection for mathematics. At the age of 18 he
entered Trinity College, Dublin and spent the rest of
his life there. In 1827, Hamilton was appointed
Professor of Astronomy at Trinity College, but he did
not take much interest in astronomy and devoted all
his time to mathematics. Hamilton is best known for
his work on quaternions which is a vector space of four
dimensions. In fact, in 1843 while he was walking
along the local canal in Dublin with his wife he had a
flash of inspiration and discovered the formula for
quaternion multiplication.
At present there is plaque at the bridge stating this
Figure 7.9 formula. He also invented the dot and cross product
of vectors.
Throughout his life he had problems with alcohol and love. He fell in love with
Catherine but due to unfortunate circumstances he ended up marrying Helen which he

regretted for the rest of his life.
\ J

In general, we have not evaluated powers of matrices such as A%, A, . ... This is because
trying to determine A" is a tedious task for almost all matrices. Finding A% by A x A is
simple enough for small size matrices but A3 is not so elementary. The Cayley-Hamilton
theorem simplifies evaluation of A" for a given matrix A.

The statement of the Cayley-Hamilton theorem is straightforward.

Cayley-Hamilton (7.11). Every square matrix A is a root of the characteristic equation, that
is p(A) = O where p represents the characteristic polynomial.

Proof - This is a difficult proof and is on the book’s website.

513



514

(TRAPIE T TT e ———

32

Find the characteristic polynomial p(A) of the matrix A = ( 3 4

) and illustrate the Cayley-Hamilton

theorem for this matrix A.

Solution
We use p(1) = det(A — AI) and substitute the given matrix A into this:

3—1 2 ) |:taking away A along i|

3 4-—AX

p() = det(A — AI) = det ( the leading diagonal

B-—A)(4—1)—6
=12-72+22—6=A2—71L+6

Thus the characteristic polynomial is p(A) = A> — 7 + 6.
What is p(A) equal to?
Substituting matrix A into this equation yields:

p(A) = A2 —7A + 61
3 2\° 32 10
“lsa) "7 34)8 01
32 32 21 14
— - +
3 4 3 4 21 28
15 14 21 14 6 0
“la22) \aws)los
15—214+6 14—14+0 00
212140 2-2846 )=\ 00)=°
Thus p(A) = O.
What does this mean?
This means that matrix A satisfies its characteristic equation p(A) = A% — 7A + 61 = O which is what

the Cayley-Hamilton theorem states.
We can use this result A> — 7A + 6I = O to find higher powers of matrix A.

[substituting A and I

6 0 carrying out scalar
06 multiplication

We can apply the Cayley—-Hamilton theorem to find powers of matrices. For example, if

(0902 00 _ (294 135
A= <0.3 0.6) then AT = <20.2 9.2) (1dp)

A% s not evaluated by multiplying 100 copies of matrix A. The evaluation of A% is found
by using the eigenvalues of matrix A. Calculating A'% is a very tedious task which can be
significantly reduced by applying the Cayley—Hamilton theorem. The powers of a matrix
can be written in terms of a polynomial of lower degree in matrix A. This is illustrated in
the next example.



Let A = ( _f _;1 ) Determine A%,

Solution
Working out the determinant of A — AI gives

—2—% —4
det(A—AI):det( ) 3_)\):(—2—)»)(3—)»)4—4

=A+2)A—-3)+4
=22 —1—2=p(n)
By the Cayley-Hamilton theorem we have p(A) = A% — A — 2I = O. Transposing this gives
A% = A+2I (1)
A =A%42A [multiplying by A]
= A +21 +2A =3A+2I
N —
=A2 by above (1)

Multiplying the last equation A3 = 3A + 21 by A gives

A* = 3A% +2A
=3 [A+21] +2A = 5A+ 6l
==

=A2 by above (1)

-2 —4 10 —4 —20
Thus A* = 5A + 61 = = .
usAf = 5A 1 6 5(1 3)+6(01) (5 21)

Note that we can evaluate A* without working out A3 and A% because A* = 5A + 61 is a polynomial
of degree 1 in matrix A.

In MATLAB we can find the characteristic polynomial of a matrix A by using the command
poly(A). We can also use the Cayley-Hamilton theorem to find the inverse of a matrix as
the next example demonstrates. Remember, determining the inverse of a 3 by 3 or larger

matrix is a laborious job. However, by applying the Cayley—-Hamilton theorem we find it
becomes much simpler.

10 15 0
Determine A~! whereA=| 2 4 0 | given thatthe characteristic polynomial of this matrix is:
3 6 6

p(A) = A3 — 2042 + 94 — 60

Solution
By the Cayley-Hamilton theorem (7.11) we have
p(A) = A% — 20A% + 94A — 601 = O [because p(A) =23 — 200 + 944 — 60]

(continued...)
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Adding 601 to both sides gives

A’ —20A% 4 94A = 601
A(A2 — 20A + 941) = 60I [factorizing out the matrix A]

By the definition of the inverse matrix we have AA~! = I, which means that dividing both sides by 60
in the above gives

1
A—(Az —20A+94I> =1
60

=A-1

1
Hence A™! = % (A% — 20A + 94I). Evaluating the components of this yields

10 15 0 10 15 0 130 210 O
A= 2 40 2 40 |=[ 28 46 0
3 66 3 66 60 105 36
10 15 0 200 300 0 94 0 0
20A=20] 2 40]=| 40 8 o and 94I=| 0 94 0
3 66 60 120 120 0 0 94

1
Putting these into A~! = % (A2 — 20A + 94I) gives

. ) 130 210 © 200 300 O 94 0 0
A_1:%<A2—20A+94I):% 28 46 0 |—[ 40 80 o |+| 094 0
60 105 36 60 120 120 0 0 94
| 130-200494 210-300+0 0—0+0
=| 2-%+0 46-80+94 o0-0+0
60—604+0 105—120+0 36— 120 + 94
. 24 —90 0
=512 e o
0 —15 10

Finding A" still involves a fair amount of calculation but is generally easier than finding
the cofactors of each entry.

6 Summary

Proposition (7.6). If A is a diagonal or triangular matrix then the eigenvalues of A are the entries
along the leading diagonal.

Let A be a square matrix with an eigenvalue A and eigenvector u belonging to A.




Then we have the following:

Matrix Eigenvector Eigenvalue
(78)(a) A™ u Am
(78)(b) A7l u Al

Cayley-Hamilton theorem (7.11). Every square matrix A is a root of the characteristic equation, that
is p(A) = O.
. J

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

In this exercise check your numerical answers using any appropriate software.

_ i ) and plot the eigenspace

Determine the eigenvalues and eigenvectors of A = (

E;. and write down a set of basis vectors for Ej.

—-12 7

Determine the eigenvalues and eigenvectors of A =( 7 9

) and plot the

eigenspace E; and write down a set of basis vectors for Ej.

Let A be a 2 by 2 matrix. Show that the characteristic polynomial p(1) is given by
p(r) = A% — tr(A)A + det(A)

where tr(A) is the trace of the matrix A.

Let A be a 2 by 2 matrix with tr(A) = 2a and det(A) = a? where a is a real number.
Show that this matrix has an eigenvalue of a with multiplicity of 2.

100
Determine the eigenvalues and eigenvectorsof A= | —3 1 0 |. By using appropri-
791
ate software or otherwise, plot the eigenspace E; and write down a set of basis vectors
for this eigenspace.

Determine the eigenvalues and eigenvectors of the following matrices and write down
a set of basis vectors for the eigenspace Ej.

500 123 -2 0 0
@A=]1050 b)B=] 051 (egC= 2 -2 0

002 009 4 10 =2
Determine the eigenvalues and eigenvectors of the following matrices:

702 3 1000 3000

074 6 0100 0300
@A=10o05 3| ®B=15010 ©@C=10030

000 5 0003 0003
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Prove Proposition (7.7), which says a matrix is invertible < A = 0 is not an eigenvalue.

Let A be a square matrix and A be an eigenvalue with the corresponding eigenvector u.
Prove that the eigenvalue A is unique for the eigenvector u.

Let A be a 2 by 2 matrix. By using the result of question 3, the characteristic polynomial
p(A) is given by

p(X) = A% — tr(A)A + det(A)

Show that if [tr(A)]2 > 4 det(A) then A has distinct eigenvalues.
State under what conditions we have equal and complex eigenvalues.

For each of the following matrices

1000 -13 47 2 0 00

3200 06 —35 0—-4 00
@A=15,30]| ®A=] (959 @2=|4o o 70

981 4 00 03 0O 0 00

Determine
(i) eigenvalues of A (ii) eigenvalues of A” (iii) eigenvalues of A~
(iv) det(A) (v) tr(A)
21

-2 1
the inverse of this matrix by using the Cayley-Hamilton theorem.

Find the characteristic polynomial p(A) of the matrix A = ( ) and determine

LetA = ( g > ) By using the Cayley-Hamilton theorem determine A% and A°.

4
2
Let A = 1
1

—_— N =

1
1 | and the characteristic polynomial of this matrix be given by
2

p(N) =A% —4r> — 1+ 4

Determine expressions for A~! and A* in terms of the matrices A, I and A2,
Prove Proposition (7.10).

Prove that the eigenvalues of the transposed matrix, AT, are exactly the eigenvalues of
the matrix A.

SECTION 7.3 © Diagonalization

By the end of this section you will be able to
understand what is meant by similar matrices
diagonalize a matrix

find powers of matrices
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12
Q IfA = - then how do we find A190?

We could apply the Cayley-Hamilton theorem of the last section. However, using Cayley-
Hamilton requires us to find a formula for A%, A3,..., A% and then use this to determine A1%0,
Clearly this is a very laborious way of finding A%, In this section, we examine an easier method
to find powers of matrices such as A190. We factorize a given matrix A into three matrices, one
of which is a diagonal matrix. It is a lot simpler to deal with a diagonal matrix because any matrix
calculation is easier with diagonal matrices. For example, it is easy to find the inverse of a diagonal
matrix. Also, proving results about diagonal matrices is simpler than proving results about general
matrices.

In this section we aim to answer the following question:

Q For a square matrix A, is there an invertible matrix P (has an inverse) such that P~! AP produces a
diagonal matrix?
The goal of this section is to convert an n by n matrix into a diagonal matrix. The process of
converting any n by n matrix into a diagonal matrix is called diagonalization (Fig. 7.10).

= N

n by n matrix Diagonal matrix  Figure 7.10

Q What has this got to do with eigenvalues and eigenvectors?
This section explores how to diagonalize a matrix, for which we need to find the eigenvalues and
the corresponding eigenvectors. These eigenvalues are the leading diagonal entries in the diagonal
matrix.

First, we define similar matrices and some of their properties.

7.3.1 Similar matrices

_

10 0 —1 |
LetA_<1 2)andP_(1 1>.Determ|neP AP.

Solution
We first find the inverse of the matrix P, denoted P~

P () s (D=1 [0 s ()]

Carrying out the matrix multiplication
e [ L 1Y[{10\[0 -1
PAP = ( -10 12 1 1

_ 2 2 0 -1} (20 first multiplying the
“\-10 1 1) \o1 left and centre matrices.
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Definition (7.12). A square matrix B is similar to a matrix A if there exists an invertible
matrix P such that P"'AP = B.

20
In Example 7.14, the final matrix ( 0 1> is similar to matrix A because

20
—1APp —
P AP_<01>.

Similar matrices have the following properties (equivalence relation):

Proposition (7.13). Let A, B and C be square matrices. Then
Matrix A is similar to matrix A.

If matrix B is similar to matrix A then the other way round is also true, that is matrix
A is similar to matrix B.

If matrix A is similar to B and B is similar to matrix C then matrix A is similar to

matrix C.

Proof - Exercises 7.3.
|

By property (b) we can say matrices A and B are similar. The following proposition gives
another important property of similar matrices.

Proposition (7.14). Let A and B be similar matrices. The eigenvalues of these matrices are
identical.

Proof.
We are given that matrices A and B are similar.

What does this mean?

By (7.12) there exists an invertible matrix P such that P"!AP = B. Let det (B — AI) be the char-
acteristic polynomial for the matrix B and det(A — AI) be the characteristic polynomial for the
matrix A.

Required to prove that the polynomials given by these determinants are equal:
det (B — AI) = det(A — AI)
We have
det (B — AI) = det (P"'AP — AI)
= det (P"'AP — AP 'P)

( replacing B = P~'AP]
(

= det (P"'AP — P7'2P) moving the scalar |
(
[

substituting I = P~'P]

[

[

[

= det (P"'AP — P 'AIP)  [rewriting AP = AIP]

= det P_I(A — XI)P] [factorizing out P! and P]
= det (P™") det(A — AI) det(P) [using det (ABC) = det (A) det (B) det (C)]
= det(A — AI) [because det (P_l) det(P) = 1]
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Similar matrices A and B have the same eigenvalues A because X satisfies the equation:

det (B — AI) = det(A — AI) = 0
| |

Proposition (7.14) means that similar matrices carry out an identical transformation — they
scalar multiply each eigenvector by the same scalar A.

7.3.2 Introduction to diagonalization
What do we mean when we say that a matrix is diagonalizable?

Definition (7.15). An n by n matrix A is diagonalizable if it is similar to a diagonal
matrix D.

10 . . .
The matrix A = ( 1 2 ) in the above Example 7.14 is diagonalizable because the matrix

0 —1 . 2 0. . .

P= ( 1 1 ) gives P"!AP = D where D = < 01 ) is a diagonal matrix.

What does this definition (7.15) mean?

P~ AP = D which means that we can convert a matrix A into a diagonal matrix by left multiplying
by P~! and right multiplying by P. We say the matrix P diagonalizes the matrix A.

Why diagonalize a matrix?

In general, a diagonal matrix is easier to work with because if you are multiplying, solving a system
of equations or finding eigenvalues, it is always preferable to have a diagonal matrix. The diagonal
matrix significantly reduces the amount of numerical calculations needed to find powers of a
matrix, for example. We will show later in this section that it is easy to evaluate the 100th power
of a diagonal matrix. Remember, we aim to convert a given matrix into a diagonal matrix.

Next, we give a trivial example of a matrix which is diagonalizable.

Show that a diagonal matrix A = ( 3 g ) is diagonalizable.

Solution

We need to find a matrix P such that P~ AP = D where D is a diagonal matrix.
What matrix P should we consider?

The identity matrix P = I because the given matrix A is already a diagonal matrix:

I'AI=A

Thus the given matrix A is diagonalizable.
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Show that any diagonal matrix is diagonalizable.

Solution
Let D be any diagonal matrix. The diagonalizing matrix is the identity matrix P = I because I"'DI = D.

Q How do we know which matrices are diagonalizable?
The next theorem states a test for establishing whether a matrix is diagonalizable or not.

Theorem (7.16). An n by n matrix A is diagonalizable <> it has n linearly independent
eigenvectors.

Proof - Exercises 7.3.

We must have #n linearly independent eigenvectors for the matrix to be diagonalizable.
The procedure for diagonalizing an n by n matrix A can be derived from the proof of (7.16).
In a nutshell it is the following procedure:

Using det(A — AI)u = O for each eigenvalue X1, Az,. .., Ay, we find the eigenvec-
tors belonging to these Aj, Az, ..., A,. Call these eigenvectors p1, p2, p3, ... and
Pn- If matrix A does not have n linearly independent eigenvectors then it is not
diagonalizable.

Form the matrix P by having these eigenvectors pi, pz, ... and py, as its columns.
That is matrix P contains the eigenvectors:

P=(p1 p2 p3 - Pn)

The diagonal matrix D = P~!AP will have the eigenvalues Aj, A2, ... and A, of A
along its leading diagonal, that is

O eigenvalues of A

O

The eigenvector p; belongs to the eigenvalue A;.

It is good practice to check that matrices P and D actually work. For matrices of
size greater than 2 by 2, the evaluation of the inverse matrix P! can be lengthy so
prone to calculation errors. To bypass this evaluation of the inverse, simply check
that PD = AP.



€D Why?

Because left multiplying the above D = P~1AP by P gives
PD = P(P 'AP)
= (PP"')AP=1AP=AP [remember PP~ =1]

Hence it is enough to check that PD = AP.

Note that since matrices A and D are similar, they have the same eigenvalues.
The matrix P is called the eigenvector matrix and the diagonal matrix D the eigenvalue
matrix.

(ERRRPIETTT R ——

. . . S . . 14 .
Determine the eigenvector matrix P which diagonalizes the matrix A = ( 5 3 ) given that the

=2
eigenvalues of this matrix are A} = —1 and A, = 5 with corresponding eigenvectors u = ( T ) and

1
V= ( 1 ) respectively.

Solution
Steps 1 and 2.
We have been given the eigenvectors, u and v, of matrix A so the eigenvector matrix P is

P=(u w:(‘f D

Step 3.
Since matrices A and D are similar, so our diagonal matrix D contains the eigenvalues of A, A} = —1 and
Ay =5:
0 i | f A
D= ( %)/ eigenvalues o
Step 4.

We need to confirm that this matrix P does indeed diagonalize the given matrix A.

How?
By checking that PD = AP:
-2 1 -1 0 25
PD_( 11)( os)‘(—15>
1 4 -2 1 2 5
AP_(za)( 11)‘(—15)

Thus the eigenvector matrix P does indeed diagonalize the given matrix A.

Notice that the eigenvalues, A; = —1 and A, = 5, of the given matrix A (and D) are
entries along the leading diagonal in the matrix D. They occur in the order A and then A,
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because the matrix P is created by P = (u v) where u is the eigenvector belonging to 1,
and v is the eigenvector belonging to the other eigenvalue A,.

Q What would be the diagonal matrix if the matrix P was created by swapping u and v, that is
P=(vu?

5 0
Our diagonal matrix would be D" = < 0 _1 ) [See Exercises 7.3].

Note that the diagonal eigenvalue matrix D contains the eigenvalues, the eigenvector
matrix P contains the corresponding eigenvectors.

1 -2 3
Show thatthe matrix A = | 0 2 5 | with eigenvalues and eigenvectors given by
0 02
1 =2 2
M=Lu=|0|;Am=2v= 1] andAiz=2,w=| —1
0 0 0

is not diagonalizable.

Solution

Why can't we diagonalize the given matrix A?

According to the procedure outlined above we cannot diagonlize matrix A if the three eigenvectors are

linearly dependent. (Linear dependency occurs when we can write one vector in terms of the others.)
Note that vectors v and w are linearly dependent because v = —w or v + w = O. Thus the matrix A is

not diagonalizable.

7.3.3 Distinct eigenvalues

Next, we state a proposition that if an # by n matrix has n distinct eigenvalues then the
eigenvectors belonging to these are linearly independent.

Proposition (7.17). Let A be an n by n matrix with n distinct eigenvalues, 11,2, ... and A,

with the corresponding eigenvectors u;, uy, u3, ... and u,. These eigenvectors are linearly
independent.
Proof.
By Proposition (7.10):

Let A have distinct eigenvalues Aq,A2,...,A, with corresponding eigenvectors
up, Uy, ..., u, where 1 < m < n. Then these eigenvectors are linearly independent.

Using (7.10) with n = m gives us our required result.



Proposition (7.18). If an n by n matrix A has n distinct eigenvalues then the matrix A is
diagonalizable.

Proof.
The n by n matrix A has » distinct eigenvalues, therefore by the above proposition (7.17)
the corresponding n eigenvectors are linearly independent. Thus by the above result (7.16):
An n by n matrix A is diagonalizable < it has n independent eigenvectors.
We conclude that the matrix A is diagonalizable.

|
1 -6 2
Determine whether the matrix A= | 0 4 25 | is diagonalizable.
0 0 9

Solution
What type of matrix is A?
Matrix A is an upper triangular matrix, therefore by Proposition (7.6): If an n by n matrix A is a diagonal
or triangular matrix then the eigenvalues of A are the entries along the leading diagonal.
The eigenvalues are the entries along the leading diagonal; A1 = 1,1, =4 and A3 = 9.
How do we determine whether the given matrix A is diagonalizable or not?
A is a 3 by 3 matrix and it has three distinct eigenvalues; A} = 1,A =4and A3 =9,
Therefore by Proposition (7.18) the matrix A is diagonalizable.

An n by n matrix might be diagonalizable even if it does not have n distinct eigenvalues.
For example, the identity matrix I is diagonalizable even though it has n copies of the
same eigenvalue 1. (If we have n distinct eigenvalues for an # by n matrix then we are
guaranteed that the matrix is diagonalizable.)
The process of finding the eigenvalues, eigenvectors and the matrix P which diagonalizes
a given matrix can be a tedious task if you are not given the eigenvalues and eigenvectors;
you have to go through the whole process.

1 -6 2
Forthe matrix A= | 0 4 25 |, determine the eigenvector matrix P which diagonalizes matrix A
0 0 9
given that the eigenvalues of A are A = 1, A = 4 and A3 = 9 with corresponding eigenvectors
1 =2 =7
u=|0| v= 1 | andw= | 10 | respectively.
0 0 2

Check that P does indeed diagonalize the given matrix A.

Solution
Step 1 and Step 2:
We have been given the eigenvalues and corresponding eigenvectors of the matrix A.
(continued...)
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What is our eigenvector matrix P equal to?
Eigenvector matrix P contains the eigenvectors:

P:(uvw): 0 1 10 gvenu=[ 0 |,v=[ 1 |.w=] 10

Step 3:
The diagonal eigenvalue matrix D has the eigenvalues A1 = 1, A, = 4 and A3 = 9 along the leading
diagonal, that is

0 0 eigenvalues of matrix A.

Step 4:
Checking that we have the correct P and D matrices by showing PD = AP:

1 -2 -7 100 1 -8 —63
PD=| 0 1 10 040]=(10 4 9
0o 0 2 009 0 0 18
1 -6 2 1 -2 -7 1 -8 —63
AP=| 0 4 25 0 1 10| =10 4 90
0 0 9 0o 0 2 0 0 18

Hence, this confirms that the matrix P does indeed diagonalize the given matrix A.

7.3.4 Powers of matrices

We discussed the above diagonalization process so that we can find powers of matrices. For
example, to find A% is a difficult task.

What does diagonalization have to do with powers of matrices?
If A is a square matrix which is diagonalizable, so that there exists a matrix P such that P"1AP = D
where D is a diagonal matrix then

A™ = PD"P~! where m is any real number

We will show this result in the next proposition.

In the meantime, using this formula, we can find the inverse of matrix A by substituting
m = —1. To find A% it is much easier to use this formula, A” = PD™P~!, rather than
multiplying a 100 copies of the matrix A. We can use this formula to find A™ if we first
determine D™.

How?
The matrix D™ is simply a diagonal matrix with its leading diagonal entries raised to the power m,
that is



dy O ™ O

IfD = then D™ =

o 4 o @

You are asked to show this result in Exercises 7.3. A” might be hard to calculate but
because D is a diagonal matrix, D™ is simply D with the entries on the leading diagonal
raised to the power m.

The eigenvalue matrix D consists of the eigenvalues on the leading diagonal, therefore
D" has these eigenvalues to the power m on the leading diagonal.

Proposition (7.19). If an n by n matrix A is diagonalizable with P~!AP = D where D is a
diagonal matrix then

A™ = PD"P!

D

How do we prove this result?
By using mathematical induction.

D

What is the mathematical induction procedure?
Step 1: Check form = 1.
Step 2: Assume that the result is true for m = k.

Step 3: Prove it for m = k + 1.

Proof.
Step 1: Check for m = 1, that is we need to show PDP~! = A.
We have D = P! AP. Left multiplying this by matrix P and right multiplying it by P~!:

PDP ' =P (P 'AP) P!
——
=D

= (PP"')A(PP') =IAI=A

Thus we have our result for m = 1 which is A = PDP~!. This means that we can
factorize matrix A into three matrices P, D and P~
Step 2: Assume that the result is true for m = k, that is

Ak — PDkP—l (*)
Step 3: We need to prove the result for m = k + 1, that is we need to prove

Ak+1 — PDk-HP—l
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Starting with the left hand side of this we have

AF = AkA [applying the rules of indices]
= (pp*p") (PDP)
~———

—Ak by () =A by Step 1
— PDF (PflP) DP! [using the rules of matrices (AB)C = A(BC)]
=pPD*@)DP! [because P~'P = 1]

——

=DD

— PD*DP! = pDk+!p-! [because DD = Dk“]

This is our required result. Hence by mathematical induction we have A™ = PD""P~!.
]

In general, to find A we have to multiply m copies of the matrix A which is a laborious
task. It is much easier if we factorize A™ into A™ = PD"P~! (even though we need to
find P, P! and D, which is no easy task in itself). This formula means that if you want
to evaluate A™ without working out lower powers then using the diagonal matrix is more
efficient than the Cayley-Hamilton method discussed in the previous section.

Note that in the above subsection when we diagonalized a matrix we could avoid the
calculation of P! AP.

€D Why?
Because we check that PD = AP. This means that P~ AP = D is the diagonal eigenvalue matrix.
However, in evaluating A™ we need to find P~! because A™ = PD"P~ L.

1 -2 3 I =2 =7 2 4 —13
1

letA=|[ 0 2 5 | FindA®giventhatP=] 0 1 10 |andP~'1=_-] 0 2 —10

0 03 0o 0 2 00 1
Solution

0 0
The diagonal matrix D = P~1AP = 0 0 |.Because A is an upper triangular matrix, its
0 0

eigenvalues are the entries on the leading diagonal of A, thatisA; = 1,A2, =2and A3 = 3.
How do we find A>?

By applying the above result (7.19), A™ factorizes into A™ = PD"P~! with m = 5:

A’ = PD’P !
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Substituting matrices P, D and P~ ! into this A> = PD°P~! gives

A’ =PDP!
_ eigenvalues of A.
1L =2 =7 {24 -1
= 0 10 0 > 0 2 -—10
0 0 2 0 v
_ _ > _ B 1
1 : z 7 g v 2 4 = taking — to the front and
=510 1 10 0 2° 0 0 2 -10 2
0 0 2 0 0 3 0 0 1 / | evalues to the power 5
1 1 -2 =7 1 0 0 2 4 13 [ replacing the e.values
= E 0 1 10 0 32 0 0 2 -—10 B B 5
0 0 2 0 0 243 0 0 1 11" =12 =32and 3> =243
1 Loo—ee =L o4 =L [ multiplying the first
= E 0 32 2430 0 2 -—10 .
0 0 486 0 o 1 | two matrices on the left
1 2 —124 -—1074 1 —62 =537 multiplying by the
= 3 0 64 2110 = 0 32 1055
0 0 486 0 0 243 AEnar L2

You may wish to check this final result by using appropriate software.

Note that in the above example the diagonal matrix D has eigenvalues 1, 2 and 3 on the
leading diagonal, and D” has 1°, 2° and 3° on the leading diagonal. 1°, 2° and 3° are the
eigenvalues of A°.

7.3.5 Application of powers of matrices

Matrix powers are particularly useful in Markov chains - these are based on matrices
whose entries are probabilities. Many real life systems have an element of uncertainty which
develops over time, and this can be explained through Markov chains.

(ERRMpIE7 22—

The transition matrix T below gives the percentage of people involved in accidents who were either
injured (1) or were killed (K) on urban (U) and rural (R) roads. The entries in the first column of matrix T
indicate that 60% of road injuries on urban roads and 40% on rural roads. The second column of T
represents 50% of road accident deaths occured on urban roads and 50% on rural roads. Out of a sample
of 100 accidents this year the number of accidents on urban roads was 90 and rural roads 10 and this is
represented by the vector x.

I K
T — 0.6 05\ U and x— 90
04 05/ R 10
The vector x,, given by x, = T"x gives us the number of accidents on urban and rural roads out of a
sample of 100 accidents after n» number of years. Determine to 2sf

(i) x, for n = 10. (ii)x, asn — 0o
(continued...)
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(This gives us our long term number of injuries and deaths on urban and rural roads out of a sample of
100 accidents.) For a Markov chain, we are interested in the long-term behaviour of x;,.
Solution

(i) This means that we need to find x,, = T"x when n = 10, that is x;0 = T'x. To evaluate T!°, we
diagonalize the matrix T by finding the eigenvalue D and eigenvector P matrices. Verify that the
eigenvalues and the corresponding eigenvectors are given by

5 —1
Alzl,u:<4) andkzzo.l,v:< 1)

=l 1
> and eigenvalue matrix D = 0 .
4 1 0 0.1

By result (7.19) A™ = PD"P~! with m = 10 and A = T we have

Our eigenvector matrixP = (u v) = (

TlO — PDIOP—I )

To evaluate T'° we need to find P~!, which is given by

pri_L( 11
9\ —4 5
o (5 -1\ (10 o101 1y, :
Substituting P = (4 , ),D = (0 01 ) andP™" = 5 (_4 5) into (1) gives

D

TlO — PD10P71

1
9
-1 because 119 = 1 and
4 0.1 = 1 x 1071° = 0(3dp)
5 0 11\ 1(55
40 —45) 9\44

Substituting T'0 = 5 ( > 2 ) andx = <?8> into x19 = T'%x gives

4 4
o155 (% _ 10/ 55\/9\ 1075\ (555) U
=944 ) 10 = o\aa)\1)79\a) " \aaa) r
taking out a
factor of 10

This means that after 10 years the number of people likely to be injured or killed on an urban
road is 56 (2sf) and on a rural road is 44 (2sf) out of a sample of 100 accidents.

n
1 0 1” 0
3 n __ p—
(ii) We have D _(0 0.1) _< D G )

How does this change as n — oo?
As n — oo we have 1" — 1and 0.1" — 0. This means that D” = D' correct to 2sf which gives the
same results as part (i).
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Q Summary
If A is diagonalizable then we can convert A into a diagonal matrix D.
If an by 7 matrix A is diagonalizable with P~1AP = D where D is a diagonal matrix then
A" =pPD"P"!
. J

* EXERCISES 7.3

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
In this exercise check your numerical answers using MATLAB.

For the following matrices find:

(i) The eigenvalues and corresponding eigenvectors.

(ii) Eigenvector matrix P and eigenvalue matrix D.

10 11 30 22
(a)A=<02) (b)A:(ll) (C)A=<44> (d)A=<13>

(i) For the matrices in question 1 find A°.
(ii) For the matrix in question 1 part (c) find A~1/2,

For the following matrices find:

(i) The eigenvalues and corresponding eigenvectors.

(ii) Matrices P and D where P is the invertible (non-singular) matrix and D = P~!AP
is the diagonal matrix. To find P! you may use MATLAB.

(iii) Determine A* in each case by using the results of parts (i) and (ii).

100 -140 200
@A=]1020 (b) A = 043 c)A=|150
003 005 126

For the following matrices determine whether they are diagonalizable.

2 0 O 0

100 -1 23 {\/50 0

@QA=|010 b)A = 025 (c)A = 6 7 1/2 0
001 00 8 /

2 9 7 =5
In Example 7.17 take P = (v u) and determine the diagonal matrix D given by

1 4
—1 _
P APwhereA—(2 3).

Q What do you notice about your diagonal matrix D?

531
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Let A be a 3 by 3 matrix with the following eigenvalues and eigenvectors:

1 5 0
M=-2,u=[2], Mm=-5v=|4]andi3=—-1,w= |0
0 0 1

Is the matrix A diagonalizable? If it is then find the diagonal eigenvalue matrix D
which is similar to the matrix A and also determine the invertible matrix P such that
P~!AP =D.

Find A®. [Note that you do not need to know the elements of matrix A.]

Show that the following matrices are not diagonalizable:

123
(a)Az(f _i) (b)A:(j _‘é) ©a=013
001

LetA = ( :3 52; ) Determine (i) A!! (i) A1

Prove that if D is a diagonal matrix then the matrix D™ is simply a diagonal matrix
with its leading diagonal entries raised to the power m.

Prove Proposition (7.13).

Prove that if A is diagonalizable then the transpose of A, that is A7, is also diagonaliz-
able.

In a differential equations course, the matrix exp (At) is defined as

ot st )t

Let A = < (3; 2 ) and find an expression for exp (At) up to and including the term

t* by diagonalizing matrix A.

10
and D, where P is an invertible matrixand D = P"!APisa diagonal matrix.

11
Let F = ( > [F is known as the Fibonacci matrix]. Evaluate the matrices P, P!

Let A be a 2 by 2 matrix with [l‘r(A)]2 > 4 det(A) where tr represents the trace of the
matrix. Show that A is diagonalizable.

Let A be an invertible matrix which is diagonalizable. Prove that A™! is also diagonal-
izable.

Prove that if A is diagonalizable then A™ (where m € N) is diagonalizable.
Let A and B be invertible matrices. Prove that AB is similar to BA.
If matrices A and B are similar, prove that
(i) tr (A) = tr (B) where tr is trace.
(ii) det(A) = det (B).
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Let A be a diagonal matrix such that the modulus of each eigenvalue is less than 1.
Evaluate the matrix A™ as m — oo0.
[You may assume that if [x| < 1 then lim (x) =0.]
m— 00

Let A be a diagonalizable matrix with eigenvalues A, A3, ... and A,. Prove that the
eigenvalues of A™ are (A1)™, (A2)™, ... and (A,)™.

Prove Theorem (7.16).

SECTION 7.4 © Diagonalization of Symmetric Matrices

By the end of this section you will be able to
prove properties of symmetric matrices

orthogonally diagonalize symmetric matrices

In this section we continue the diagonalization process. Diagonalization was described in
the previous section — we found a matrix P which diagonalized a given matrix; this allowed
us to find the matrix D:

P~'AP = D where D is a diagonal matrix.

Left multiplying this by P and right multiplying by P! gives the factorization of
matrix A:

A =PDP!

Eigenvector matrix P contains the eigenvectors of A, and D contains the eigenvalues
of A.

From this we deduced (result (7.19)) that the powers of matrix A can be found by
factorizing A™ into three matrices:

A™ = PD"P!

If you want to find A0 then A'® = PD!°P~!. This can still be a tedious task even for a
small size matrix such as 3 by 3.

Why?
Because we need to find the inverse matrix P~!, which will involve putting the matrix P into
reduced row echelon form or using cofactors. Either way, a cumbersome task.
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Q Is there a type of matrix for which we can easily find the inverse?

Yes, the orthogonal matrix Q, described in chapter 4, for which Q! = qQr.

Q What is an orthogonal matrix?

It's a square matrix whose columns are orthonormal (perpendicular unit) vectors.

In this section we aim to find a diagonalizing matrix Q which is an orthogonal matrix.
Eigenvector matrix Q is the diagonalizing matrix which is made up by writing its columns as the
eigenvectors of the given matrix A.

However, when we find eigenvectors, they are usually not perpendicular (orthogonal)
to each other. In this section we obtain eigenvectors which are perpendicular and nor-
malized. We aim to get orthonormal (perpendicular unit) eigenvectors as columns of the
diagonalizing matrix. Once we have achieved unit perpendicular eigenvectors as columns
of the diagonalizing matrix then we will find working with the diagonal matrix even
easier than the previous section. The columns of Q are also an orthonormal basis for
the eigenspace E;. Remember, orthonormal bases (axes) are one of the simplest bases to
work with.

We cannot guarantee that the diagonalizing matrix will be an orthogonal matrix.
However, in this section we will show that if the given matrix is symmetric then we can
always find an orthogonal diagonalizing matrix.

7.4.1 Symmetric matrices

Can you recall what a symmetric matrix is?
A square matrix A is a symmetric matrix if AT = A (A transpose equals A).

Examples are

Q What do you notice?

We get a reflection of the entries by placing a mirror on the leading diagonal as highlighted.

Q Why are symmetric matrices important?

We will show later in this section that all symmetric matrices are diagonalizable by an orthogonal
matrix. This is not the case for non-symmetric matrices.

-3 4
Let A = ( i 3 ) Diagonalize matrix A.
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Solution
The characteristic equation is given by

—3—-1 4
det(A—M):det( 34 3_}L)=A2—25=0whichgiveskl:SandAZ:—S

?) for Ay = —5.

The eigenvectors u and v are linearly independent (not multiples of each other) therefore

P=(u v):(i_f) andD:P_lAP:(g _(5)>

The eigenvector matrix P = (u  v) contains the eigenvectors of A and the eigenvalue matrix D
contains the eigenvalues of A.
Remember, matrices A and D are similar, so they have the same eigenvalues.

1
The corresponding eigenvectors are u = <2> fork; =5andv = <

1 2
&R What do you notice about the eigenvectors u = <2> and v = < ) )?

The inner (dot) product of eigenvectors u and v is zero:

1 2
u-v= <2>-(_1> =1x2)+2x(-1)=0

&R What does u - v = 0 mean?
Eigenvectors u and v are orthogonal which means that they are perpendicular to each other. (See
Fig. 7.11 overleaf.) We can normalize these eigenvectors (that is make their length 1).

O How?

By dividing by its length : (2.16) u = |Tlx||“ where 1 is the normalized (unit) vector and ||u]| is the
norm (length) of u.

D Forthe eigenvector u what is length ||ul| equal to?

luf*=u-u= (;) : (;) =12+422 =5 [by Pythagoras]

We have ||u||> = 5, therefore taking the square root gives ||u|| = /5. Thus the normal-
~ 1 1 /1
ized eigenvectoru = —u= — < )

[[all V5 \2

~ 1 1 2
Similarly, the other normalized eigenvectorv= —v = — ( )
vl /5 \~1

Note that U and V are unit eigenvectors, which means that they have norm (length) of 1.
Plotting these in R? is shown in Fig. 7.11.
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>4
ik
o1
A

Figure 7.11

These vectors @ and v form an orthonormal (perpendicular unit) basis for R2.

In the above Example 7.23 the diagonalizing matrix for A was P = (u  v). However, we
can show that the matrix Q = (4 V) also diagonalizes the matrix A because W and V are
the same vectors u and v but normalized, which means that they have the same direction
as u and v but have length 1-see Fig. 7.11.

Example 7.24

Show that Q = (0 V) diagonalizes the matrix A of Example 7.23.

Solution
What is the matrix Q equal to?

ot 9-(5(2) (1)) frms- 5 0) e 5 )
_ %(; _f): %P |:becauseP= (; _f)]

How do we show that matrix Q diagonalizes matrix A?
We need to verify that Q' AQ = D, where D is the diagonal eigenvalue matrix. From the above we
have Q = %P, and taking the inverse of this gives

Q'= (LP>_1 = (L)_l Pl =5p! [because (kA)_1 = k_lA—l]

NG NG
Substituting these into QlAQ yields
Q'AQ= (\/gP_1>A(%P> = Plap = D
5

cancelling /3 by Example 7.23

Thus matrix Q diagonalizes the matrix A because Q 'AQ=D.
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7.4.2 Orthogonal matrices

The matrix Q which diagonalizes A in the above Example 7.24 is an orthogonal matrix.

Q Can you remember what an orthogonal matrix is?
By chapter 4 Definition (4.18): A square matrix Q = (vy v5 ... v,) the columns of which
V1, V2,...,Vy are orthonormal (perpendicular unit) vectors is called an orthogonal matrix.

Q Why is Q an orthogonal matrix in the above Example 7.24?
That's because the columns of Q = (u V) are perpendicular unit vectors, u and v, as illustrated
in Fig. 7.11 above.

We use an orthogonal matrix Q to diagonalize a given matrix A. One critical application
of diagonalization is the evaluation of powers of a matrix, which we found in the previous
section and was given by formula (7.19): A™ = PD"P~!

From chapter 4, Proposition (4.20) we have: If Q is an orthogonal matrix then

Q'=Q"

In this case, the diagonalizing matrix is the orthogonal matrix Q therefore
A" =QD"Q ' = QD"Q" [because for an orthogonal matrix Q! = QT]

This means that calculating the power of a matrix is even simpler because we don’t have
to evaluate the inverse of matrix Q by some tedious method but just transpose matrix
Q. This is the great advantage of using an orthogonal matrix to diagonalize a matrix
because

(7.20) A" = QD"Q"
Evaluation of all the matrices on the right hand side; Q, D" and Q7 is straightforward.

Find A for the matrix A given in Example 7.23.

Solution
To find A®, we use the above formula A™ = QD™ QT with m = 6:

A°=qQp°QT (%

By Examples 7.23 and 7.24 we have

5 0 1 (1 2 , r 1 /(1 2
D_<O _5>, Q_ﬁ<2 _1>andtaklngthetransposeQ _ﬁ<2 _1)—Q

(continued...)
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Substituting these into (*) yields

6
6 _ (6l _ L (1 2\(5 0\ 1 /1 2
A =apia _«/3(2—1)(0—5) fs(z_1>
_ L1 /12N (55 0 1 2
T s 2 1) o -5° ) 2 -1
01 2\ (10\(1 2 .
?(2 _1)<01)(2 _1> [because(—S) :5]
s(1 2 1 2\ {50\ (10) .6
<2 _1)(2 —1>_5<0 5>_5 (01)_51

3]

7.4.3 Properties of symmetric matrices
Proposition (7.21). Let A be a real symmetric matrix. Then all the eigenvalues of A are real.

Proof.
We omit the proof because we need to use complex numbers, which are not covered.
|

Proposition (7.22). Let A be a symmetric matrix. If A; and A, are distinct eigenvalues
of matrix A then their corresponding eigenvectors u and v respectively are orthogonal
(perpendicular).

How do we prove this result?
We use the dot product result of chapter 2:

T

u-v=uly, and showthatu-v=ulv=0.

Proof.
Let u and v be eigenvectors belonging to distinct eigenvalues A; and X, respectively.

What do we need to prove?

Required to prove that the eigenvectors are orthogonal, which means that we need to show
u-v=0. Since u and v are eigenvectors belonging to distinct eigenvalues A; and A, matrix A
scalar multiplies each of the eigenvectors by A1 and 1, respectively:

Au=Xiju and Av= v *)
Taking the transpose of both sides of Aju = Au gives

rw’ = AwT
aul = ulAT [by(1.19) (b) (kC)" = kC" and (d) (AB)” = BTAT]

=u’A [because A is symmetric therefore AT = A]



Right-multiplying the last line A;u” = u” A by the eigenvector v gives

)\.111TV =ulAv
=u'av by (M)]
XluTv — )»zuTv =0

(A —A)ulv=0 [factorizing]
A1 and X, are distinct eigenvalues therefore A; — A2 % 0 [not zero] so we have
u’v = 0 which means thatu - v =0

The dot product of the eigenvectors u and v is zero, therefore they are orthogonal.

We can extend Proposition (7.22) to n distinct eigenvalues:

Proposition (7.23). Let A be a symmetric matrix with distinct eigenvalues A1, A2, ..., A,

and corresponding eigenvectors v, v, . . . and v,. Then these eigenvectors are orthogonal.

Proof - Exercises 7.3.

The next two examples show applications of this Proposition (7.23).

1
1 | are orthogonal.
2

—_— =N

1
Show that the eigenvectors of matrix A = | 2
1

Solution
If you have reached this point then you should be able to find the eigenvalues and eigenvectors of the

given matrix. Verify that the characteristic equation p(1) is given by

pA) =23 —402 —A+4=0

A+1)(A—1)(L—4) =0yields A = —1,4, = land A3 = 4
Let u, v and w be the eigenvectors belongingto A1 = —1, A5 = 1 and A3 = 4 respectively. We have
(verify)
1
u=|-11],v= 1] andw=1|1
0 =2

(continued...)
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How do we check that the eigenvectors u, v and w are orthogonal to each other?
We need to confirm that the dot productiszero:u-v=0, u-w=0 andv-w = 0.

1 1
uv=[-1]| 1]=AxD+(-1)x1)+@Ox(—2)=0
0 -2
1 1
uw=|-1]-]1]=0andv-w= 1]-11]=0
0 1 -2 1

Thus the eigenvectors u, v and w are orthogonal (perpendicular) to each other.

ETTRPIET 2T ———

2 2 =2
Show that the eigenvectors belonging to distinct eigenvalues of A = 2 —1 4 | areorthogonal.
-2 4 -1

Solution
By solving the determinant you can verify that the characteristic equation p(1) is

p(A) =23 —2704+54=0
(A—3)2(A+6) =0givesA; = 3,Ap = 3and A3 = —6

Let u, v be the eigenvectors belonging to A1 = 3, X2 = 3 and w be the eigenvector belonging to

A3 = —6. You can verify the following in your own time:
-2 -1
u=|1],v= 0 belong to the same evalue A1 = 3, A =3 andw = 2| tod3 =—6
1 -2

We need to check that eigenvectors u, w and v, w are orthogonal (dot product is zero):

2 —1 -2 —1
uw=|1]- 2| =0andv-w= 0] - 21 =0
0 —2 1 -2

However, note that the eigenvectors u and v belonging to the same eigenvalue A1 =3 and A, = 3
need not be orthogonal to each other. Actually

2 =
uv=[1][ o]l=2xE2)+Ux0)+@Ox1)=-4 (1)
1

Thus the eigenvectors u and v belonging to the same eigenvalue A1 = 3 and A, = 3 are not
orthogonal because u - v = —4 # 0 [not zero].



7.4.4 Orthogonal diagonalization

Definition (7.24). In general, a matrix A is orthogonally diagonalizable if there is an
orthogonal matrix Q such that

Q 'AQ = QTAQ = D where Disa diagonal matrix.

Eigenvector matrix Q contains the eigenvectors of A and eigenvalue matrix D contains
the eigenvalues of A.
-3 4

In the above Examples 7.23 and 7.24, the matrix A = < 43

> is orthogonally

5 0

diagonalizable because with Q = % ( ; _f ) we have Q1AQ = < 0 —5

> which is a

diagonal matrix.

Theorem (7.25). Let A be a square matrix. If the matrix A is orthogonally diagonalizable
then A is a symmetric matrix.

How do we prove this result?
We assume that A is orthogonally diagonalizable and deduce that A is symmetric, which means
that we need to show that AT = A.

Why?

Because AT = A means that the matrix A is symmetric.

Proof.

Assume that the matrix A is orthogonally diagonalizable. This means that there is an
orthogonal matrix Q such that Q! AQ = D, where D is a diagonal matrix. Left multiplying
this Q !AQ = D by Q and right multiplying by Q! gives

A =QDQ! ()

Taking the transpose of both sides gives

"= (@pQ ™) =(@Q ") p"Q’ [by (ABC)T = CTBTAT]
= (Q")™'pQ” [usmg = (A") ' and D" = D]
=(Q ) 'pQ! [because Q s orthogonal, Q7 Q*l]
=QDQ™! [because (@) ' = @]

We have AT = QDQ 1.
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&R What do you notice?
By (1) we can see that this is equal to matrix A. Thus
AT = QDQ_1 = A which means we have AT = A

Hence A is a symmetric matrix because AT = A, which is our required result.

Now we will show that the other way round is also true.

2 What does this mean?
If A is a symmetric matrix then A is orthogonally diagonalizable. This means that there is at least
one type of matrix, symmetric matrices, which can be diagonalized orthogonally.

Lemma (7.26). If A is a real symmetric matrix with an eigenvalue A of multiplicity m then
A has m linearly independent eigenvectors.

Proof — See <http://www.oup.co.uk/companion/singh>.
|

Theorem (7.27). If A is an n by n symmetric matrix then A is orthogonally diagonalizable.

&R How do we prove this?
We consider two cases:

(i) A has distinct eigenvalues (ii) A does not have distinct eigenvalues
Proof.
Case (i): Let the symmetric matrix A have distinct eigenvalues A1, Ay, . .. and A,. Then by
Proposition (7.23): Let A be a symmetric matrix with distinct eigenvalues A1, A2, ..., Ay
and eigenvectors vi, vy, . . . and v,. Then these eigenvectors are orthogonal.

So the eigenvectors vy, vy, . . . and v, belonging to distinct eigenvalues A1, A2, . .. and A,

are orthogonal. Because they are orthogonal, they are linearly independent and so we have
n linearly independent eigenvectors. By Theorem (7.16):

An n by n matrix A is diagonalizable < it has n independent eigenvectors.

We have that the matrix A is diagonalizable. Let Q = (v; Vv, --- V), then the
columns of the matrix Q are orthonormal, which means it is an orthogonal matrix. Thus
we have Q 'AQ = D, so matrix A is orthogonally diagonalizable.

Case (ii): Let the symmetric matrix A have an eigenvalue A with multiplicity m > 1. By
the above Lemma (7.26) A has m linearly independent eigenvectors uy, uy, ... and uy,,.
These are a basis for the eigenspace E, . By the Gram-Schmidt process we can convert these
m vectors into orthonormal basis vectors for E;.

We can repeat this process for any other eigenvectors belonging to eigenvalues of A
which have a multiplicity of more than 1.

All the remaining eigenvalues are distinct, so the eigenvectors are orthogonal.

Thus all the vectors are orthogonal. By repeating the procedure outlined in case (i), we
conclude that matrix A is orthogonally diagonalizable.

]



Q By combining Theorems (7.25) and (7.27) what can we conclude?
If A is orthogonally diagonalizable then A is a symmetric matrix and the other way round; that
is, if A is symmetric matrix then A is orthogonally diagonalizable. We have the main result of this
section which has a special name — spectral theorem:

Spectral theorem (7.28). Matrix A is orthogonally diagonalizable < A is a symmetric
matrix.

Proof - By the above Theorems (7.25) and (7.27).

This means that if we have a symmetric matrix then we can orthogonally diagonalize it.
This is the spectral theorem for real matrices.

i

2
Determine an orthogonal matrix Q which orthogonally diagonalizes A = ( ; 0 )

Solution
Since matrix A is symmetric, we can find an orthogonal matrix Q which diagonalizes A. Verify that the
characteristic polynomial is given by:

M—3k—4=0=>0Q+1) (A -4 =0
A =-—landi; =4

Let u and v be eigenvectors (verify) belonging to A; = —1 and A, = 4 respectively:

o= ()=

The given matrix A is symmetric and we have distinct eigenvalues, therefore u and v are orthogonal
(thatis u - v = 0). Remember, the question says that we have to find an orthogonal matrix Q.
What is an orthogonal matrix?
A square matrix the columns of which form an orthonormal set.
What is an orthonormal set?
A set that is orthogonal and normalized. The eigenvectors u and v are orthogonal but we need to
normalize them, which means make their norm (length) to be 1.
How?
Divide by the norm (length) of the eigenvector, which in both cases is /5 because

Jull = /12 + (=22 =+v5and v =V12+22 = /5

Normalizing gives

% 1 1 ( 1) 0 1 1 (2)
u=—u=—— and v—= —vVv=—
[lull V5 \—2 (vl V5 \1

(continued...)
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Thus our orthogonal matrix Q is given by

- 5( 1)

Q is an orthogonal matrix, therefore Q! =ql. Verify that QTAQ =D orQD = AQwhere Dis a
diagonal matrix with eigenvalues along the leading diagonal:

QTAQ=D = ( -1 0 ) |:—1, 4 are the elgenvalues]

0 4 of the given matrix A

7.4.5 Procedure for orthogonal diagonalization

We can work through a procedure to find an orthogonal matrix which diagonalizes a given

matrix.
The procedure for orthogonal diagonalization of a symmetric matrix A is as follows:

Determine the eigenvalues of A.

Find the corresponding eigenvectors.

If any of the eigenvalues are repeated then check that the associated eigenvectors are
orthogonal. If they are not orthogonal then place them into an orthogonal set by

using the Gram-Schmidt process described in chapter 4.
Normalize all the eigenvectors.

Form the orthogonal matrix Q whose columns are the orthonormal eigenvectors.

Check that QD = AQ, where D is the diagonal matrix whose entries along the

leading diagonal are the eigenvalues of matrix A.

(TRAPIE 7120 ——

2 2 -2
Determine an orthogonal matrix Q which diagonalizes A = 2 -1 4
-2 4 -1
Solution
Steps 1 and 2:
This is the same matrix as Example 7.27. Thus we have
2 —2 -1
u=|1],v= 0 belongtoA;, 2 =3 andw = 2| toks =—6
0 1 -2

Step 3:
We need to check that eigenvectors u and v belonging to repeated eigenvalue A1, 2, = 3 are orthogonal.



Remember that in Example 7.27 we showed that u - v = —4, therefore eigenvectors u and v are not

orthogonal. We need to convert these u and v into an orthogonal set, say q; and q; respectively.
How do we convert u and v into the orthogonal set q; and q2?
By using the Gram—Schmidt process (4.16):

V- q1

q=u and @=v-———>q ()

lau]
How do we evaluate q; and qp?
By substituting u and v and evaluating v - q; and qu H2 We have

2

qu=u=|1] andv-q =v-u=u-v=—4 [already evaluated]
0
2\ > [2\ (2

lal>={(1]] ={1]-|1]|=22+12+0*=5 ()
0 0 0
=2 2

Substituting the above v = O)q=|1]v-q=—-4and qu H2 = 5into
1 0

v U
Jaa

voa 2\ o (2
Q=V-——544 = 0)——711
lau] 1 > o
—2+38/5 —2/5 1 =2
= 0+4/5| = 4/5 | = = 4] =q
1-0 1 > 5
2 =2 =ll
Thuswehaveqi = | 1 |, @@ = = 4 | andw = 2 |, which are orthogonal to each other.
0 5 —2
What else do we need to do?
Step 4:

We need to normalize these eigenvectors by dividing by the norm (length) of each. We have already
established above in (**) that qu ||2 = 5. Taking the square root gives ||q1 || = /5.

Remember, we can ignore any fractions (scalars) because vectors are orthogonal independent of
scalars. Thus for the eigenvector gz, we can ignore the fraction 1/5 and call this q3:

-2 -2
lglP= 4| | ¢|=2*+£+5=s5
5 5

Taking the square root gives | q} | = +/45 = 3+/5. Similarly we have

—1 ~1
wi2={ 2]-| 2]=D*+224+(-22%=9
—i -2

(continued...)
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Taking the square root gives the norm [|w|| = 3. Normalizing means we divide each vector by its norm

(length):
! _421 and W ! _;
= — W= —
W5\ 5 3\,

_ 2/v5 —2/35 —1/3
Q= ((ﬁ q; W) = ( 1/v5  4/3v5  2/3 )
0 5/3v/5 —2/3

N———
&

Step 5:
What is the orthogonal matrix Q equal to?

Step 6:

Check QD = AQ, where D is a diagonal matrix with entries on the leading diagonal given by the
eigenvalues of the matrix A.

What is D equal to?

3 0 O . . 5
p=[o 3 o eigenvalues of the given matrix
0 0 AareA; = Ay =3and A3 = —6

6 Summary

Definition (7.23). In general, a matrix A is orthogonally diagonalizable if there is an orthogonal matrix
Q such that Q~'AQ = QTAQ = D, where D is a diagonal matrix.

Spectral Theorem (7.28).

Matrix A is orthogonally diagonalizable <> A is a symmetric matrix.

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
In this exercise check your numerical answers using MATLAB.

For the following matrices find an orthogonal matrix Q which diagonalizes the given
matrix. Also check that QTAQ = D where D is a diagonal matrix.

(a)A:(o 2) (b)A=<11) (C)A=<12> (d)A:<12 ‘5)

For the following matrices find an orthogonal matrix Q which diagonalizes the given
matrix. Also check that QTAQ = D where Disa diagonal matrix.

() oa-(3x %)

on=(4%) an= ()



For the following matrices find an orthogonal matrix Q which diagonalizes the given
matrix. By using MATLAB or otherwise check that QT AQ = D where D is a diagonal

matrix.
100 222 000
@QA=]020 b)A=1]222 )A=]011
003 222 011

For the following matrices find an orthogonal matrix Q which diagonalizes the given
matrix. By using MATLAB or otherwise check that QAQ = D.

122 211 -5 4 2
(@A=]|212 b)A=| 121 (c)A = 4 -5 2
221 112 2 2 -8

Let A = ( 1 1 ) Show that A = 2°A. Also prove that A™ = 2"~!A where m is a

positive integer.
Show that if A is a diagonal matrix then orthogonal diagonalising matrix Q = I.

Prove that (a) the zero matrix O and (b) the identity matrix I are orthogonally
diagonalisable.

Prove that A = ( Z ZC) ) # O is orthogonally diagonalisable and find the orthogonal
matrix Q which diagonalizes the matrix A.

[Hint: If the quadratic x> + px + g = 0 has roots a and b then a + b = —p.]

Let A be a symmetric invertible matrix. If Q orthogonally diagonalizes the matrix A
show that Q also diagonalizes the matrix A~!.

Prove Proposition (7.23).

SECTION 7.5 () Singular Value Decomposition

By the end of this section you will be able to
understand what is meant by SVD

find a triple factorization of any matrix

The singular value decomposition (SVD) is one of the most important factorizations of
a matrix. SVD factorization breaks the matrix down into useful parts such as orthogonal
matrices, and the method can be applied to any matrix; it does not need to be a square or
symmetric matrix.

The SVD of a matrix gives us an orthogonal basis (axes) for the row and column space
of the matrix. If we consider a matrix as a transformation then SVD factorization gives an
orthogonal basis (axes) for the start and arrival vector spaces (Fig. 7.12).
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‘ Orthogonal means
"@“ — Too: the angle between
<> vectors is 90 degrees.

<>

Basis (axes) for start vector space Basis (axes) for finish vector space

Figure 7.12

A very good application of SVD is given in the article by David Austin in the Monthly
Essays on Mathematical Topics of August 2009:

Netflix, the online movie rental company, is currently offering a $1 million prize for anyone
who can improve the accuracy of its movie recommendation system by 10%. Surprisingly,
this seemingly modest problem turns out to be quite challenging, and the groups involved are
now using rather sophisticated techniques. At the heart of all of them is the singular value
decomposition.

First, we look at the geometric significance of SVD factorization.

7.5.1 Geometric interpretation of
singular value decomposition (SVD)

To find the SVD of any matrix A we use the matrix ATA because ATA is a symmet-
ric matrix, as we will show later in this section. Remember, symmetric matrices can be
orthogonally diagonalized.

First we define the singular values of a matrix A.

Definition (7.29). Let A be any m by n matrix and A1, A2, . . ., A, be the eigenvalues of AT A,
then the singular values of A denoted by o1, 03, . . ., 0, are the numbers:

01 =V, 02 =2, ...,00 = /A, [positive root only]

21
Find the eigenvalues and eigenvectors of ATA where A = ( 1 2 )

Solution
Since the given matrix A is a symmetric matrix so AT = A. We have ATA = AA = A2,

We found the eigenvalues t; and #, with the normalized eigenvectors v; and v; of this matrix A in
Exercises 7.4 question 1(c):

t1 =3 Lt d =1 ! !
1—.V1—ﬁ 1 an 2_,vz_ﬁ .

What are the eigenvalues and eigenvectors of matrix A%?
By Proposition (7.8)(a): If m is a natural number then A™ is an eigenvalue of the matrix A with the same
eigenvector u.



Let A1 and A, be the eigenvalues of matrix A2, then by using this proposition we have

1 /(1 1 1
A1=32=9,v1=—() and AZ=12=1,v2=—< )
V2 \1 V2 \-1

(ERRRPIE T ST ——

(i) Find the singular values o7 = +/A1 and o3 = /A, of the matrix A given in the above
Example 7.30.

(ii) Determine oju; = Av; and ouy = Avy, where v; and v; are the normalized eigenvectors
belonging to the eigenvalues of matrix ATA.

Solution
(i) From Example 7.30 we have the eigenvalues A1 = 9 and A, = 1. Taking the square root:
61=+/9=3 and o =+/1=1 [positive root only]

The singular values of matrix A are 3 and 1. Since A is a symmetric matrix, the singular values
of A are the eigenvalues of A. This would not be the case if A was a non-symmetric matrix.

21 1 1
(ii) Substituting A = ( 2 ),v1 = E (1) and o1 = 3 into o1u; = Av; gives

o= ()0)- 50

Similarly o2uy = Av; is

1
omin=(11)(2)- 5 ()

We have
Avi =3u; and Av; =uw,

Q What does this mean?

It means that the transformation T : R? — R? given by T (v) = Av transforms the vector v; to 3
times the vector u; in the same direction. The vector v is transformed under the matrix A to the

same vector, v, = uy (Fig. 7.13).

The unit circle in Fig. 7.13(a) is transformed to an ellipse in Fig. 7.13(b) under the matrix
A. Note that the unit circle in Fig. 7.13(a) is stretched by the factors oy =3 and 03 = 1
in the direction of u; and u; respectively. Remember, these factors o = 3 and 0 = 1 are
the singular values of matrix A. Also observe that vectors u; and u, are orthogonal (per-
pendicular) and normalized (length equals 1). In SVD factorization, orthogonal vectors get

transformed to orthogonal vectors - this is why this factorization is the most useful.
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at
Vi=—F—
i V2 (1
=/ %
T (v)=Av
1 1
Vo= —
=)
(@) (b)
Figure 7.13

Actually the vectors u; and u, form an orthonormal (perpendicular unit) basis (axes)
for the arrival vector space R?, similarly v; and v, form an orthonormal basis (axes) for the
start vector space R2,

The eigenvectors u; and u; give us the direction of the semi-axes and the singular values
o1 and o, give us the length of the semi-axes.

Q What do we mean by semi-axes?
We illustrate the semi-axes for an ellipse in Fig. 7.14.

i 1
B e A
| e
| s el s
T i oml
‘ ! ‘%r e f
| » ‘ LElIipse
! 1 —T = EEEE
| |

Figure 7.14

We can write Av; = 3u; and Av, = u, in matrix form as

AWy V) = Gur w) = (wy uz)(f) ‘1’) )

30

IfweletV=(vi v»),U=(u; wp)andD = <0 I

) then (*) can be written as

AV=UD ()

Matrices U and V are orthogonal because V = (v; v;) and U = (u; uy) contain the
orthonormal vectors vy, v2, u; and u, which are illustrated in the above Fig. 7.13.
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Right multiplying () by the inverse of V (remember for an orthogonal matrix
V! = VT) whichis VT:
AV) VT = A (VVT) — A = UDV’
———

=I

Hence we have factorized matrix A = UDV’. Matrix A is broken into a triple matrix
with the diagonal matrix D sandwiched between the two orthogonal matrices U and V7.
This is a singular value decomposition (SVD) of matrix A.

Check that A = UDVY for A of Example 7.30, that is the matrix A = ( 21 )

12

Solution
What are the orthogonal matrices U, V and the diagonal matrix D equal to?

1 /3 1 (1 1 1
By the results of Example 7.31 we haveu; = —— < ) = — < ),uz = — ( )
Y P 3v2\3)” 2 \1 =
V] = —= , V) = —= ,01 = >andop = 1.
/2 \1 V2 \-1

1 1 1 o 0 30 1 1 1
omtmmr= (1 D)2-(32)-( ) w v-oum-(; )

Carrying out the matrix multiplication U x D x vT;
T
1 1 1 30 1 1 1
T _ —
upye = ﬁ(l —1)(0 l)ﬁ(l —1)

SG()-HED-( )

Note, the similarity to orthogonal diagonalization from the last section, A = QDQT. As
the given matrix A is a symmetric matrix, then U= Q,D = Dand Q" = V'.

Q What use is this section on SVD if we can simply apply the orthogonal diagonalization technique of
the last section?
Well, for SVD you do not need square or symmetric matrix. (Recall that symmetric matrices must
be square matrices because if the number of rows does not equal the number of columns then
transposing changes the shape of the matrix.) SVD can be applied any matrix.

7.5.2 Introduction to singular value decomposition (SVD)
In the previous section, and again above, we factorized only symmetric matrices. In this

section we extend the factorization or decomposition to any matrix. We factorize the matrix
A where A is m by n and m > n. The results in this section are also true if m < n but we
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have chosen m > n for convenience. Note that the results in this section are valid for ANY
matrix A.

Singular value decomposition theorem (7.30).
We can decompose any given matrix A of size m by n with positive singular values
01 > 0y > -+ > 0 > 0 where k < n, into UDVT, that is

A=UDV"
where U is an m by m orthogonal matrix, D is an m by n matrix and V is an n by

n orthogonal matrix. The values of m (rows) and n (columns) is the size of the given
matrix A.

We have the situation shown in Fig. 7.15.

= X 0 X
O o0

A U D v’

Figure 7.15

The matrix D looks a bit odd but it is a diagonal-like matrix. The matrix D has the pos-
itive singular values o7 > 02 > - -+ > o} > 0 of matrix A starting from the top left hand
corner of the matrix and working diagonally towards the bottom right. The symbol O
represents the zero matrix of an appropriate size. Matrix D is of shape (Fig. 7.16).

Oy

62 O
D= "dk
o O }- m—k rows

LY_J n—k columns F|gu re7.16

We need to be careful with the size of the matrices in Theorem (7.30).

@ If the given matrix A is a 3 by 2 then what size are the matrices U, D and V in the above formula
(7.30)?
Uis a 3 by 3 matrix, D is a 3 by 2 matrix and V is a 2 by 2 matrix.

11
Find the eigenvalues and eigenvectors of ATA where A = ( 11 )




Solution
First, we carry out the matrix multiplication:

11
sa=( ) )= (03)
—2 1
Since AT A is a diagonal matrix, the entries on the leading diagonal are the eigenvalues

Al =6and Ay = 3.

Verify that the eigenvectors vi and v, belonging to these eigenvalues 11 = 6 and 1, = 3 are

() mn=(?)

Note that we cannot find eigenvalues of matrix A because A is a non-square matrix. This is why the
question says find the eigenvalues of ATA.

Note that in the above example ATA is a symmetric matrix.
& s this always the case?
Yes.

Proposition (7.30). Let A be any matrix. Then ATA is a symmetric matrix.

Proof.
Remember, a matrix X is symmetric if XT = X.

To show that ATA is a symmetric matrix, we need to prove (ATA) T — ATA:
(ATA)" = AT(AT)" [by (1.19) (d) XV)T = YTXT]

—ATA [by (1.19) (@) (X7)" = x]
Hence ATA is a symmetric matrix.

&R What do we know about diagonalizing a symmetric matrix?
From the previous section, we have the spectral theorem (7.28):
Matrix A is orthogonally diagonalizable < A is a symmetric matrix.

This means that we can orthogonally diagonalize the matrix ATA because it is a sym-
metric matrix. This is why we examine the matrix ATA for the purposes of finding the
SVD of A.

We show that the eigenvalues of this matrix ATA are positive or zero:

Proposition (7.31). Let A be any matrix. Then the eigenvalues of AT A are positive or zero.
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Proof - Exercises 7.5.
]

Example 7.34

(i) Find the singular values 01 = /A1 and 02 = /A, of the matrix A given in the above
Example 7.33.

(ii) Determine oju; = Av; and ou) = Av,, where v; and v; are the normalized eigenvectors
belonging to the eigenvalues of matrix AT A.
Solution
(i) From Example 7.33 we have the eigenvalues A1 = 6 and A, = 3. Taking the square root:
o] = V6 and o) = V3

The singular values of matrix A are +/6 and /3. Note that matrix A does not have eigenvalues
because it is a non-square matrix but has singular values which are the square roots of the
eigenvalues of ATA.

1
(ii) Substituting A = 1 1 |,eigenvectorv; = (0) and o1 = +/6 into o1u; = Avy:
-2 1

11
1
\/gu1 = Av] = 11 ( ) =
1
Similarly for ocouy = Av, we have

«/5112 =Av; =

1 0
The matrix A transforms the two-dimensional eigenvectors v; = <0> and v, = ( 1)

to three-dimensional vectors (1 1 —2)T and (1 1 1)T respectively. This transformation is
T : R? — R3, such that T(v) = Av where A is the given 3 by 2 matrix.

—1 4 \/6_11 _

—2

Figure 7.17



The transformation of the unit circle in Fig. 7.17(a) under the given matrix A is a two-
dimensional ellipse in 3d space R?, but not illustrated above because of the limitation of
software available.

Since the given A is a 3 by 2 matrix, by using the above formula (7.30) we find that U is
a 3 by 3 matrix. This means that U = (u; uy u3).

O In the above Example 7.34 we have found u; and u; but what is uz equal to?
The vector uz needs to be orthogonal (perpendicular) to both vectors u; and u; because U is
an orthogonal matrix. This means vector us must satisfy both u; -u3 =0 and uy - u3 = 0. Let
u3 = (x y z)T. We can ignore the scalars because the vectors will be orthogonal (perpendicular)
independently of their scalars. We need to solve

1 X 1 X [Remember, for orthogonal
1]-ly]|=0 and 1 y|l=0 (perpendicular) vectors, the dot
-2 z 1 z product is zero]

In matrix form, and solving by inspection, yields

x
<ii_i> y =<8) givesx=1,y=—landz=0
z

1
Normalizing the vector gives u3 = —(1 —1 0)7. Hence

V2

1/v/6 1//3  1/42
U=(u w u3)= 1/vV/6 1/4/3 —1/42
—2/4/6 1/4/3 0

Note that the column vectors { uj, up, U3 } of matrix U is a basis (axes) for R3 (Fig. 7.18).

Figure 7.18
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11
Check that A = UDV for the matrix A = 1 1 | given in the above Example 7.33.
=2 1

Solution
We need to break the given matrix A into A = UDV ! where U is 3 by 3, D is 3 by 2 and V is 2 by 2.

What are the matrices U, D and V equal to?
By the results of Example 7.34 and above we have:

1/V/6 1//3  1/4/2 o1 0 V6 0
U=@ w w)=| 1/V/6 1//3 -1/v2 |, D= 0 oz |=[ 0 3
—2/46 1//3 0 0 o 0 0

10

- ) =1 [identity matrix]

andV = (v; vp)= (

By transposing the last matrix VX = IT = I, let us check that this triple factorization actually works;
thatis UDVT = UDI = UD = A:

1/v/6 1/4/3  1/4/2 N
uDpv! =UD = 1/v/6 1/4/3 —1/42 | x| 0 V3| = 11]=A
—2/3/6 1/4/3 0 0 0 -2 1

Hence a non-square matrix such as A can be broken into UDVT.

7.5.3 Proof of the singular value decomposition (SVD)
Singular value decomposition can be applied to any matrix A.

Proposition (7.32). Let v, v, ..., vk be the eigenvectors of AT A such that they belong to
the positive eigenvalues A1 > Ay > A3 > -+ > A; > 0. Then
forj=1,2,3,..., kwehave |Av;| = oj where o; = ,/A; is the singular value of A.

{Av), Avy, . .., Avy} is an orthogonal set of vectors.

Note, the following:

o; gives the size of the vector Avj, or the length of the semi-axis (u;) of the ellipse.

This part means that orthogonal (perpendicular) vectors {vi,vs,...,v;} are
transformed to orthogonal (perpendicular) vectors {Avy, Avy,.. ., Avy} under the
matrix A.

Proof of (i).

By the above proposition (7.30): Let A be any matrix. Then AT A is a symmetric matrix.
ATA is a symmetric matrix, so we can orthogonally diagonalize this because of the
spectral theorem (7.28): A is orthogonally diagonalizable < A is a symmetric matrix.



This means that the eigenvectors belonging to the positive eigenvalues of AT A, given by

V1, V2, ..., Vg are orthonormal (perpendicular unit) vectors. Consider || Av; |I>. Then
AV, |2 = Av, - Av; = (Av)T Av, [by 24 u-v= uTv]

= vlTATAvl [because xy)T = YTXT]

= vlT (A1vy) [kl and v, are e.values and e.vectors of ATA

) ATAvl = Alvl]
= )lelTvl
=A1 (vi-V]) = &g [because v} is normalized so (v - vi)=|v1 > = 1]

Taking the square root of this result || Av; 1> = a gives

AV || = VA1 =01

Similarly for j = 2,3,...,n we have | Av;| = o;. This completes our proof for part (i).
]

Proof of (ii).

Required to prove that the vectors in the set {Avy, Av,, ..., Avy} are orthogonal (perpen-
dicular). We prove that any two arbitrary different vectors Av; and Av; where i # j in the
set are orthogonal, which means that we need to show that Av; - Av; = 0:

Av; - Av; = (Av)T Av; = v/ AT Ay;
=v! Ajvi [Aj and v; are e.values and e.vectors of ATA
SO ATAvj = jvj]
=1 (viij) =1 (vi . vj) =0 [vi and v; are orthogonal so
Vi - Vj = 0]

We have Av; - Av; = 0, therefore Av; and Av; are orthogonal (perpendicular). Hence the

set of vectors {Avy, Av,, . . ., Avy} are orthogonal to each other.
]

Next we prove the main result in this section, which was stated above and also repeated
here:

Singular Value Decomposition Theorem (7.30).

We can decompose any given matrix A of size m by n with positive singular values
01 > 0y > - > 0 > 0where k < n, into UDVT, that is

A =UDV’T

where U is an m by m orthogonal matrix, D is an m by n matrix and V is an n by n orthogonal
matrix.

557



558

Proof.
The size of matrix A is m by n. This means that the transformation T given by matrix A is
T : R" — R™ such that T (v) = Av (Fig. 7.19).

T(v)=Av

—> R"

Figure 7.19

Let vi, Va,..., vk be the eigenvectors of ATA belonging to the positive eigenvalues
A1 > Ay > -+ > At > 0 respectively. Then by the above Proposition (7.32) part (ii)

Avi, Avy, .. Avp (%)
is an orthogonal set of vectors. We want to convert this into an orthonormal set which

means we need to normalize each of the vectors in the list (*). Convert the first vector Av;
into a unit vector u; say, (length of 1):

1 1
u = Av; = —Avy by (7.32) part(i) |Avj| = o;
||AV1 ” o1 [ ” J” J]
Similarly converting the remaining vectors Avy, . . ., Avy into unit vectors we have
1 .
uj = —Avjforj=2,3,4,... .k
9j
The vectors in S = {uj,uy,...,u;} constitute an orthonormal set of vectors. We need
to produce a matrix U which is of size m by m. If k < m then the vectors in this set
S = {uy,up,...,u;} are the first k vectors of the matrix U. However, we need m vectors
because
U=(u uw - U wyg - Uy)
We extend the above set S to an orthonormal set §' = {ul,uz, e oW Wt ], ,um}.

This § is an orthonormal (perpendicular unit) basis for R™. Let
U=(u u - up)
Multiplying the above result u; = %Avj byojforj=1,2,3,...,kgives

ojuj = Avj (1)



The remaining singular values are zero, thatis oy, = o1, = --- = 0, = 0. We have
Av; =ouj =0ujforj=k+1,...,n (1)
Collecting all these together we have
Av) = o1uy, Avy = osuy, . .., Avg = ok, Aviy ) = Ougy g, ..., Av, = Ouy
In matrix form we have

AV =A (Vi Vg Viyp-Vp) [V is an n by n orthogonal matrix|
= (AV1 s AVk AVk+1 s AVn)
= (alul coeopuy Ouggq - Ou,,) [by (1) and (’r’r)]
The scalars 07,07, . . . in front of the u’s can be placed in the diagonal-like matrix D and
the vectors u’s into the above matrix U = (u1 U - Uy )
Hence the above derivation

AV =(oju; -+ opug Ougy; --- Ouy)

can be written as:

o1 O

(Ulul AL Ouk+1 e Oun) — (ul up--- um) O . O
=U Ok
o 0
=D
=UD = AV

Since V is an orthogonal matrix so V-1 = VT, Right multiplying both sides of UD = AV
by V7 gives us our required result UDVT = A.
]

Proposition (7.33). Let A be an m by n matrix with factorization given by A = UDV7. Let
matrix A have k < n positive singular values. Then we have the following:

The set of vectors {u;, uy, ..., u;} form an orthonormal basis for the column space
of matrix A.

The set of vectors {vy,Vy,..., v} form an orthonormal basis for the row space of
matrix A.

The set of vectors {vk+1,vk+2, e ,vn} form an orthonormal basis for the null space
of matrix A.

Proof - Exercises 7.5.
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Q Summary

We can break any matrix A into a triple factorization A = U x D x V7.

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)

Determine the matrices U, D and V such that A = UDV’ for the following:
10

10 14
(a)A=<02) (b)A=(4 7) (A= (1);

101 11 111
(d)A=(012> (e)A=(33) (f)A=<333)

Prove Proposition (7.31).

Let matrix A have k positive singular values. Show that the rank of matrix A is k.
Hint: You may use the following result:
If matrix X is invertible then rank(XA) = rank(A) and rank(AX) = rank(A).

Prove Proposition (7.33).

Prove that the singular values 01,03, . . ., 0, of an m by n matrix A are unique.

Prove that the column vectors of the orthogonal matrix U in A = UDVT are the
eigenvectors of AAT.

Prove that the singular values of A and AT are identical.

Let T : R" — R™ be a linear transformation given by T (x) = Ax, where A is an m by
n matrix. Let the singular value decomposition A = UDVT with k <  positive singular
values of matrix A. Prove the following results:

(a) The set of vectors {uy, uy, . .., ux} form an orthonormal basis for the range of T.
(b) The set of vectors {Vii1,Vit2,...,Vx} form an orthonormal basis for the kernel
of T.

w MISCELLANEOUS EXERCISES 7

(Brief solutions at end of book. Full solutions available at <http://www.oup.co.uk/
companion/singh>.)
In this exercise you may check your numerical answers using MATLAB.

11
IfA_<0 3>.

(a) Find all the eigenvalues of A.

(b) Find a non-singular matrix Q and a diagonal matrix D such that Q"'AQ = D
(thatis A = QDQ™!).
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(c) For the matrix A find A°.

Purdue University, USA

Let A = ( _;1 _i ) Compute A!000 001,

Harvey Mudd College, California, USA

Find the eigenvalues and bases for the corresponding eigenspaces for the matrix

022
A=1202
220

Harvey Mudd College, California, USA

Answer each of the following by filling in the blank. No explanation is necessary.

(a) Let A be an invertible n X n matrix with eigenvalue A. Then is an
eigenvalue of A1,

(b) An n x n matrix A is diagonalizable if and only if A hasn _ _ _

[llinois State University, USA
Let A be the matrix

(5

(a) Find matrices S and A such that A has factorization of the form
A =SAS™!

where § is invertible and A is diagonal: A = diag (A1, A2).

(b) Find a matrix B such that B> = A: (Hint: first find such a matrix for A. Then use
the formula above.)

Massachusetts Institute of Technology, USA

+=(17)

(i) Find the eigenvalues and eigenvectors of A.
(ii) Find a matrix P such that P"!AP is diagonal.

(a) Consider the matrix

(iii) Find the eigenvalues and the determinant of A2008

(b) Consider the matrix
110
B=]1010
000

Is B diagonalisable? Justify your answer.
Loughborough University, UK
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Do one of the following.

(a) Isthe matrix A = |: 110 g ] diagonalizable? If not, explain why not. If so, find an

invertible matrix S for which S AS is diagonal.

20

(b) The matrices A = |:O 3

] and B = |: (3) (2) :| are similar. Exhibit a matrix S for
which B = S71AS.
University of Puget Sound, USA

Consider the matrix

2= (1 41)

Do there exist matrices P and D such that B = PDP” where P! = PT and D is a
diagonal matrix? Why? If these matrices exist then write down a possible P and the
corresponding D.

New York University, USA

4 2 =2
Consider the 3 x 3matrixA=| 0 3 1
01 3

2 1

Already computed are the eigenpairs | 2, | —1 R 4,10

0

(a) Find the remaining eigenpairs of A.

(b) Display an invertible matrix P and a diagonal matrix D such that AP = PD.
University of Utah, USA (part question)

Prove that, if A; and A, are distinct eigenvalues of a symmetric matrix A, then the
corresponding eigenspaces are orthogonal.
Harvey Mudd College, California, USA

(a) Find the eigenvalues and corresponding eigenvectors of A = |: g i ]

(b) Determine which of the following vectors

1 1
S I B O I
[ I B R |
-1 2
1 1 1 1
. . . 1 -1 1 -1 .
is an eigenvector of the matrix 11 -1 —1 and find the corresponding

1 -1 -1 1
eigenvalue.
University of New Brunswick, Canada
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(a) Find the eigenvalues and corresponding eigenvectors for

>

Il
—_— =
—_— =
—_— =

(b) Is A diagonalizable? Give reasons for your answer.
University of New Brunswick, Canada

(a) (i) Show that the eigenvalues and corresponding eigenvectors of

are given by

1
A =0,u= 1],2,=0v=] —-1] andA3=3,w=|1
-2 0

(ii) Find an orthogonal matrix Q which diagonalises the matrix A.
(iii) Use the Cayley-Hamilton theorem or otherwise to find A>.

(b) Let B be an 1 by n real matrix. Prove that B and BT have the same eigenvalues.
University of Hertfordshire, UK

(a) Define what is meant by an eigenvector and an eigenvalue for a real n x n matrix.

021 1
(b) Let A= 1 1 1 |.Show that the vector | 1 | is an eigenvector for A. What
120 1

is the corresponding eigenvalue?

(c) Show that the matrix A given in (b) is diagonalizable and hence find an invertible
3 x 3 matrix P (and P~!) such that P~! AP is diagonal.
City University, London, UK

(a) Let A be the matrix

1 =2 2
A= 8 11 -8
4 4 -1

By finding a basis of eigenvectors, determine an invertible matrix P and its
inverse P~! such that P~ AP is diagonal.
(b) State the Cayley-Hamilton theorem and verify it for the above matrix.
City University, London, UK
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Let A € M4 (R) be the following matrix

0-30 0
1 -10 0
A= 1 -10 -9
1 —-11 10

(a) Show that the characteristic polynomial of A is given by
Py(t) = (P +t+3)( —10t+9)

(b) Compute all real eigenvalues of A. Choose one real eigenvalue X of A and find a
basis of its eigenspace E,.
Jacobs University, Germany
00
0
0

0

1
Find the eigenvalues of the matrix A = 0 . To save time, do not

0

1

|
w
oo o~

find the eigenvectors.
University of Utah, USA

0
(Calculators are not allowed for this question). Let A = 1
1

O =
— N

(a) Find the eigenvalues for A.

(b) For A, find an eigenvector for each of the eigenvalues. To make it easier to grade,
choose eigenvectors with integer coordinates where the integers are as small as
possible.

(c) Use your eigenvectors to make a basis of R>. Choose the first basis vector to be
the eigenvector associated with the largest eigenvalue and the third basis vector
to be the eigenvector associated with the smallest eigenvalue. Call this basis S.
We have a linear transformation given to us by A. What is the matrix D when
we use coordinates from this new basis, D : [x]g — [Ax]g?

(d) We know that there is a matrix S such that S"!AS = D. Find S.
(e) Find S~

(f) Modify the basis 8 so that you can orthogonally diagonalize A.
(g) Find the new S needed to orthogonally diagonalize A.

(h) Find the inverse of this last S.

Johns Hopkins University, USA

(a) Ifa # ¢, find the eigenvalue matrix A and eigenvector matrix S in

_ ab _ —1
A_|:0 c]_SAS
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(b) Find the four entries in the matrix A0,
Massachusetts Institute of Technology, USA

(a) Define what is meant by saying that an n x n matrix A is diagonalizable.
(b) Define what is meant by an eigenvector and an eigenvalue of an n x n matrix A.

(c) Define the algebraic multiplicity and the geometric multiplicity of an eigenvalue
Ao of a matrix A.
[Note that geometric multiplicity of an eigenvalue is not discussed in this book
but have a look at other sources to find the definition of this.]

(d) Suppose that a 3x3 matrix A has characteristic polynomial (A — 1) (A — 2)%.
What is the algebraic multiplicity of each eigenvalue of A? State a necessary and
sufficient condition for the diagonalizability of A using geometric multiplicity.

(e) Each of the following matrices has characteristic polynomial (A — 1) (A — 2)2.

1 =21 1 -11
(1 12 G| -1 11
1 03 -1 -13

Determine whether each of the matrices is diagonalizable. In each case, if the
matrix is diagonalizable, find a diagonalizing matrix.
University of Manchester, UK

(a) Define what it means for vectors wi, wy, w3 in R3 to be orthonormal.

(b) Apply the Gram-Schmidt process to the vectors

1 5
vi=|1|,wp=[1],v3=1]4
1 0 6

in R3 to find an orthonormal set in R3.

(c) Consider the matrix
324
A=1202
423

(i) Obtain the characteristic polynomial and find the eigenvalues of A.

(ii) Find a complete set of linearly independent eigenvectors corresponding to
each eigenvalue.

(d) Let the non-zero vectors vi,vs,v3 € R? bean orthogonal set. Prove that they are
linearly independent.
University of Southampton, UK

(a) Define the terms orthogonal and orthonormal applied to a set of vectors in a
vector space on which an inner product is defined.

(b) State the relationship between an orthogonal matrix and its transpose. Prove that
the set of columns of an orthogonal matrix forms an orthonormal set of vectors.
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(¢) (i) Show that (1,0,1,0) and (1,0, —1,0) are eigenvectors of the matrix

5 0-1 0
0 1 0 -1
A= -1 0 5 0
0-1 0 1

and find the corresponding eigenvalues.
(ii) Find the two other eigenvalues and corresponding eigenvectors of A.
(iii) Find matrices P, Q, A such that PQ = I and PAQ = A is diagonal.
Queen Mary, University of London, UK

[The wording has been modified for the next two questions so that it is compatible with
the main text. You will need to look at the website material for chapter 7 to attempt
these questions.]

Express the following quadratic in its diagonal form:
3x% + 4xy + 6y* = aX? + bY?

Write X and Y in terms of x and y.
Columbia University, USA

Express the following quadratic in its diagonal form:
2xy + 4xz 4 4yz + 32% = aX? 4+ bY? + cZ?

Write X, Y and Z in terms of x, y and z.
Columbia University, USA
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rief Solutions

SOLUTIONS TO EXERCISES 1.1

1.

(a) Linear (b) Not linear (c) Not linear (d) Not linear
(e) Linear (f) Linear (g) Linear (h) Linear
(i) Linear (j) Not linear (k) Linear (1) Linear
(m) Linear
(a)X=1’y=l (b)x:l,y:—l (C)x=—29,y=—3l

3 1 3 1 1 1
Dx=",y=1 @x=_—y=—7 Ox=-,y=—-
(@x=y=2z=1 (b)x=-2,y=1andz= -3

1

(c)x=3,y=—4andz=z (d)x=3,y=—-3andz=2
(a) Unique (b) Infinite (¢) No solution (d) No solution
(e) No solution (f) Unique
(a) Unique (b) Unique (c) No solution

SOLUTIONS TO EXERCISES 1.2

1.

2.
3.

(@)x=6andy=1 (b)x=2, y=—4andz=-3
()x=1,y=3andz=2 (dx=1/2, y=1/8andz=1/4
(e)x=—-62, y=30andz=—10

@x=1 y=4z=1 b)x=-1Ly=2,z=-1 (Ox=y=z=1

(@x=1, y=2andz=3 (b)x=-2, y=1landz= -1
()x=-1/2, y=landz= -2 (dx=-3, y=landz=1/2

SOLUTIONS TO EXERCISES 1.3

W N

152

=)}

(o)1 (f)1 (8) 2 (h) 5
. (@15 (b) 15 (c) 14 (d) 30

2 —4 1/2 —5/2 0
'(“"<0) ‘b)( 2) ‘”(1/2) (d)< 3/2) (e)<2/3)
0 0 2 -2
@ (3> ® (3/2> “ (—1/2) @ (1/2>
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10.

11.

13.

(”)
s )
( )

0
@(500)
8
2
6
44 44
72 71
29 12 —43

d) (g) and (1) Impossible

o)

(m<6

—24 —13
(d) 8 ()| —21
2 —48
17
(d 1 —-11
26

-7 x—1
4 y+6
O @ 777
4 a—=6

‘\ SOLUTIONS TO EXERCISES 1.4

71 18 —3
(b)<8 2) (C)(IS 9)
15 4 1

(e)<19 3) (h)<—4)

(k) ( > Parts (f), (g) and (j) cannot be evaluated.

42

(b) A (073
81

12 10 8 1

() 9 52 (h) | 2
3 36 3.5

111 41 127 —67 3 —124
G| 24 —13 —20 ®| 48 84 21
—1 —12 —26 30 24 —17

236
7> (c)(“ Z) @ | 145
¢ 097

The result is always the first (or left hand) matrix.

00

(@(é?) (m(
0
0
0

matrix.

1)

00
. and 6. (0 0) and ( 00 ) Multiplying two non-zero matrices gives a zero
00

<>(1°>
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N EmEmEEEm
) 3]

8. (a)A2=A3=A4=((1) ?)andxn=<(1) ?)x:x

-1 0 0 —1 10
2 3 4 r .
(b)A—< 0_1>,A—<1 0),A—<01)andxn—Axwhererlsthe

reminder after dividing # by 4. If the reminder »r = 0 then A"x = x.
(c)A2=A3=A%*=Aandx, = Ax.

1221 3 -2 -2 -3 36 6 3
9'A=<2244) (a)< 2 2 4 4) (b)(6612 12)
-2
2

2 2 4 4 1 -2 —2 -1
(C)<—1 —2 -2 —1) (d)< 2 4 4)

10. AF — 12 1.6 2.6 252 192 1.8 24 232 1.72 1.6
) “\1 3 3 26 26 2 2 16 16 1
11. (@)x=0, y=0 (b)x=0, y=0
(c) x = —4r, y = r where r is any real number.
1
12. (i) u—2v (ii) 1 (5v — 2u) (iii) No (iv) 2u — 7v

G\ SOLUTIONS TO EXERCISES 1.5

1 112 10 6 20 10 6 20
L. (a)(z ~10 13) (b)<—4 —11 19) (°)<—4 11 19)
10 620 9 58 -5 15 35
(d)<—4 —11 19) (e)(—6 -1 6> (f)< 10 —45 30)
(g) Same as part (f). (h) <g g g)

2@( 755 3) CIE
9 —4 -7 110 -1
(C)(—z ~11 —2)and< 6 —1 10)
88 0 . —53 52 —41
3. (a)( 12 5 —26> (b) Impossible (c)(_77 98 —116)

—77 98 —116
(i) O33 (j) Impossible (k) Impossible

(d)(_53 >2 _41> (¢) Impossible () Impossible () O35 (h) O3

4., We have Al = 1A = (

N oA

2
5
8

O N W

) . Note, that ATl = TA = A.
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2
5. (AB);; =27, (AB), = 30, (AB),, = 60, (AB),, = 66 and AB = ( 730 )

60 66
72 —216 —360 72 —216 —360
6. (a)<—288 —72 504) (b)<—288 —72 504)

(c) 023 (d) Oz (e)B (fH)B (8 A (h) A
7. A=3

1
8.A:A2:A3:A4:g(

[ —

11
1 1),A”:A.Alsoxn:Ax.
11

9. (a)A:(i i),B:(_i _;);(b)Azo,B;&O

10 0.65 0.635 0.636 0.636 and 0.636
" \035)10.365 )\ 0364 )’ \ 0364 )° 0.364 /°
0.636
— Tk —
For large k we have p;, = T"p = (0.364)'

[®  SOLUTIONS TO EXERCISES 1.6

1 —1

2 2 ©) g
3 -3

000
ooo) ®

[«]
— O O O
S O O O

j

~

4 4 13)
-1 =5 8
6 —8 —6
—58 32 —26 @ (:i’ _z _;)
(m) (? g) (n)

3. (a) 32 (b) 32 (c) 32

—27 8 —9> ®



15.
16.

x=-1l,y=—-landz=1
x = sin (0) 4 cos (8), y = cos (8) — sin (6)

SOLUTIONS TO EXERCISES 1.7

1.

(A)x=3/4, y=13/4andz = —11/4
(b)x=0,y=0andz=0
(c) No Solution (d)x=3t,y=2—2tandz =t
()x=—-7t,y=—6t,z=—t,w=1t
)x=11t—20/3,y=7—8t,z=—-1/3, w=t

1 1
(g)x= % (33 — 144t — 20s), y = 3 (19t —3),z=tand w = s.
(h) No Solution

1 1
(i)x=5(71t—185—47),y=5t—3,z=5(26—32t),w=sandu=t

1 1
(j)x:—(1+2t+3s),y=§(15t—6s—13),z:5(14+6t+3s),

w=tandu =s.
(Qx=-9410t—s,y=s,z=—7+7tandw =1t
b)x1=—p—q—1r, x2=p,x3=q, x4=1,x5=0andxg =s

()x1 =2—-3r—6s—2t,xp =1, x3=1—35,x4=0, Xx5=35, x5=1

3.x=4+2s,y=6andz=s

8. x1=—10+s+tx=7—85,x3=9—t,x4=15—s—t,x5 =sand xg = ¢

9. x1=—10+s+tx=7—85x3=9—t,x4=15—s—t,x5s =sand xg = t,

10.

11.

x; =8 —s—t xg=sand xg = t.
x1=-24p+r—txa=-T7—p+s+tx3=p, x4=3+q—r+t
X5=25—q—s—txs=¢q X7 =1, x3 =sandxg =t

x = 5.41 — 0.095t, y = 5.41 — 0.095t, z = 3.67 — 0.067¢ and t is free.

SOLUTIONS TO EXERCISES 1.8

1. Matrices B, C, D and G are elementary matrices.

2.

-1 _ —10 -1 01
(2) E, _< 0 1) (b) E, _<1 0>

L o ~1/5 0 0
(E;' = (0 _1/2> (A E;! = 010
001
1 0 0 10 0
@E'=] 0 —1/ﬁ 0 OE'=[01 0
0o o0 1 00 ln

571
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a b ¢ g hi
3. —d —e —f b)| def
SN (1)
ka kb ke a b
(c)(def) @| 4 ¢/
g h i & h i
kK k k
1 /4 =2 1 15
4'(a)8<1 1) (b)_ﬁ<6 2)
( 01 —1) ] (3 2 1)
@ -11 -2 (@5 [242
00 —1 123
131 -2 8 15
N 1] -43 1 -9 o
(f)ﬁ(g _12 _Z) D5l —25 05 o
-30 0 0 -5
(¢) Non-invertible (g) Non-invertible
(h) Non-invertible
5. (a)x=1/3, y=4/3 (b)yx=1/14and y = —4/7
(c) No unique solution (d)x=-2,y=—17andz = —5
(e)x=8,y=1landz=7 f)x=—-2,y=4andz= -3

(g) x =222.6, y=—66.8, z= —39and w = —53
7. p = (220.04 277.58 235.40)T

C SOLUTIONS TO MISCELLANEOUS EXERCISES 1

1.1.

1.2.

1.3.

1.4.

1.5.

1.6.

(a) —16 ( j g ) (b) —4 < ig Z ) This is because AB does not equal BA.

Error in first line because (AB)™! £ A~!B~! and error in line 2 because matrix
multiplication is not commutative.

(a)A2=TandA>=A  (b)A ' =Aand A =1

111
Al = ( 012 ) . The operations AB, B+ C, A — B and BC! are not valid.
—-113

0 -2 —4
c};:(_(l) _i>,A2= 3 3 3
6 8 10
Prove that (ATA)T = ATA using XY)T = YTXT and (XT)T =X

2
a:candb:d:;c
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1.7. An Au = Av

() ()

example  is

I
N
o O
N———"

I

@)

z.

-

=

>

I
N
N =
=N
N———"

[

=]

ol

1.8.

(a)A2=<IZ ;(2’),1;2=<‘(1) _(1)>,AB=(;2l ;>andBA:( 5

bg —cf

_ af 4+ bh — be — df
(b)AB_BA_<ce+dg—ag—ch >

of —bg

-1 =2

1.9. M? = 2M, M> = 4M and M* = 8M. ¢ (n) = 2"~ L.
2 3
1/2 1/2
1.10. HA’==(=) A {A>==(=Z) A
2\3 2\3
To prove the required result use mathematical induction.
1.11. Matrix B has four rows.
1.12. (a) The given matrix is non-invertible (singular).
(b) B™! = CA so the matrix B is invertible.
7/2 0 =3
L13. WA= -1 1 o0
0 -1 1
1.14. x=3, y=1landz = 2.
1031
1.15. (a) Reduced row echelon formis [ 0 1 2|1
000]|0
x 1—3t 1 -3
b)|y|=|1=-2t|=|1|+¢t| -2
z t 0 1]
M x1 ] -2+t -2 1
X 3 -3t 3 -3
1.16. =
| x —1-2t S R
| X4 | t 0 1
[ x1 ] [[—1+11s+ 16t -1 11 16
X 1—6s— 6t 1 —6 —6
1.17. = =
7 X3 s 0 +s 1 + 0
| X4 | t 0 0 1
12 5 6 12 5 6 100 —20
118. )| 0 1 —12 —16 G| 01 —12 —16 Gi)lo1o0 8
00 13 26 00 1 2 001 2
1.19. The system is inconsistent because if you carry our row operations you end up with
something like 0x; + 0x 4 0x3 4 0x4 = —33 which means that 0 = —33
10 —1
1200 A= 01 —1

11 1
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1.21.

1.22.

1.23.

1.24.

1.25.

1.26.

1.27.

1.28.
1.29.
1.30.

1.31.

1.32.

1101
0011
rref (A) = 0000
0000
X1 342t—2s 3 -2 2
X2 14+s—t 1 1 —1
x3 | = s =]10]|+s 1|+t 0
X4 2t +2 2 0 2
X5 t 0 0 1
1 0 10 1 0 .
(a)E2E1_<0 1/2><5 1)_(5/2 1/2)_A
10 10 10
—1p-1 _ _ _
(b) E, _<—5 1><0 2)_(—5 2>_A
0010
0100
E= 1000
0001
. ... | 4 —4
Option D which 15[5 11 :|
-6 —2 2
X=| -5 43
-2 =30
—1 0 1
(A)x=—4,y=—24andz =33 (b) Inverse matrixis | —5 1 3
7 —1 —4

(c) If our z coefficient is 5/4 then the linear system has no solutions.
Prove (A_I)T = A~! using matrix operations.
Pre- and post-multiply A by I — A and in each case the result should be L.

(a) To show uniqueness, assume that we have two matrices which are inverses of a
matrix A and then show that they are equal.
(b) Use mathematical induction.

-1
(c)A_lzz 0 0 2
1 1 -1 |

Pre-multiply AXA™! =B by A~! and post-multiply by A. You should get
X = A7!BA. Take the inverse of both sides to find X! = A"!B~!A.

al [ p T[0T 17 " 07 M 0] 07
b 7—q—2r—4t 7 0 -1 -2 —4
c q 0 0 1 0 0
d|= 8 —3r— 5t =|8|+p|0]|+g O|+r| =3 |+t| -5
e r 0 0 0 1 0
f 9 — 6t 9 0 0 0 —6
gl L t 1 LO | 0| | 0] L 0] | 1]




1.33. Go both ways (=) and (<) to show the required result.

1.34. Prove (AB) (B"'A™!) =1 by using matrix operations and then apply result of

question (33) to show that B~'A~! is the inverse of AB.

1.35. (i) Use mathematical induction to show the required result.

(ii) Multiply out the two matrices to show that DD~ = L.

’ SOLUTIONS TO EXERCISES 2.1

1.

(a)1 (b)1 (c) 10 (d)5 (e) 10 ()5
(g) 3.16 (2dp) (h)2.24 (2dp) (i) 17 (j) 3.61 (2dp)
. (@15 (b) 15 (c) 14 (d) 30 (e) 14 (f) 30
(g) 3.74 (2dp) (h) 5.48 (2dp) (i) 74 (j) 3.74 (2dp)
. (a) —28 (b) —28 (c) 39 (d) 39 (e) 39 (f) 39
(g) 6.25 (2dp) (h) 6.25 (2dp) (i) 22 (j) 11.58 (2dp)
. x = 2s, y = 3s where s is any real number
(@) /5 (b) 13
L gyt L T L T
. (a) \/%(2 7) (b) @( 937 (o m( 3586)
L T
(d) m( 62835

SOLUTIONS TO EXERCISES 2.2

L e

N

(a) 6 = 45° (b) 6 = 90° (c) 6 = 168.69°
(a) & = 55.90° (b) 6 = 90° (c)6 = 115.38°
(a) 0 = 41.98° (b) & = 135° (c) & = 56.56°
(a) k= —13/7 (b)k=-5/3 )k=0
1 2

L G L T
(a)u—m<3) (b)u—m(i) (c)u—3( i)
(d)ﬁ:%(l V2 -1t (e)ﬁ:\/%(—Z 10 —10 1 0)T
k= 1 ork = —l

2 2
(d) & =90°

.(11 =2)and (—=s—t s )T
. (2)0.71 (b) 0.89 (c)6.12 (d) 0.76

575
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SOLUTIONS TO EXERCISES 2.3

1
2
3

. (a) independent. (b), (c), (d), (e) dependent
. (a), (b) and (d) independent (c) dependent
. (a) independent (b) and (c) dependent

SOLUTIONS TO EXERCISES 2.4

M

(a) Span R? (b) Span R? (c) Does not span R? (d) Span R?

(a) Span R3 (b) Does not span R3 (¢) Span R3 (d) Span R3

(a) Forms a basis (b) No basis (c) Forms a basis (d) Forms a basis
(a) b is in the space spanned by columns of A.

(b) b is not spanned by the columns of A.

(a) independent. (b) (x y 0)T @Qw=(0 0 2T (z#0)

SOLUTIONS TO MISCELLANEOUS EXERCISES 2

2.1. Linearly dependent.
2.2. No such example exists because to span R? you need three vectors.
2.3. (a) Linearly independent ~ (b)2v; +v, =(3, 2, 1)  (c) Yes

2.4. (3, 1, 1) cannot be expressed as a linear combination of the vectors (2, 5, —1),

(1, 6, 0), (5 2, —4).
1 2 1
25.b)=3| 2|+ |-1|+| 7|=
—1 3 —6
(b) (i) No because the set is linearly dependent but it does span R>.

1 0 1 1
26.0{(,)- (1)} =e{(s)- (1)}
(ii) Yes the given set of vectors is a basis for R3.

S O© O

a b 0
0 b 0
2.7. A basis is 0ol,0f{, c
0 0 0
0 b c

2.8. The first three vectors are linearly independent.

2.9. (a) Use definition (3.22) and show that all scalars are equal to zero.

(b) For all real values of A providing A # —4.



2.10.
2.11.
2.12.

2.13.
2.14.

2.15.

2.16.

2.17.

2.18.

2.19.

2.20.
2.21.
2.22.

2.23.

2.24.
2.25.

c=17
By showingcivi+ 2 (vi+v2) =0 =c1=¢ =0

None of the given sets form a basis for R>.

1 4 6
(a) We only have two vectors. (b) Linear dependence2 | 2 | + | 5 | = 9
3 6 12

(c) We are given four vectors.
a.v+w=mu b.Yes, they are linearly dependent because v+ w = u.

(a) Since the dot product is zero therefore {u;, u,, us} is orthogonal.

5 3
(b) 5111 - Euz +2u3 =x

2
(Au-u=13 () |[u]| = /13 (c:)ﬁ:L 0 (Du-v=0 (e) Yes
3

V13
@ llv—xll=6
1 b4

Q) =cos ! [=) ==
© (3)-3

X -1 -1 -2
@Qv=1[y|=s 0]+t 1 | wheres, t € R. A particular v = 1

z 1

0 1 L2 0
w=|-1].Alsoa=—]|1],v=— 1| and w= — | —1 | where

1 V3, Ve V2

(U, ¥V, W} is an orthonormal set of vectors in R3.

(AQu-v=0,(u—v)-(u—w) =20and 2u — 3v) - (u + 4w) = —20.

(b) [u-v| =2, lul ||v] = 3+/2 therefore [u - v| = 2 < 33/2 = || ||v]|

Consider the linear combination kjv; + kv, + k3v; = O then show that the dot
productof O -vi =0 -v, = O -v3 givesk; =k = k3 = 0.

Show that k1 (Auy) + k2 (Aup) + - - + k, (Au,) = Oimpliesk; =k, =-- -k, = 0.
Prove that |ju + v||? = ||u — v||%.

From u - (v —w) = 0 we have
up(vi—wi) tup (2= w2) + Uy (Vo — wy) =0

Thusvi = wi, vo = Wwa, ..., Vy = Wy.

(). Showthatkiu+kv=0 = ki =k, =0.
(=) . By assuming k; u + kyv = O and k; = ky = 0 show that ad — bc # 0.

Use proof by contradiction. Suppose m linearly independent vectors span R”.
Consider kyvy + kava + k3vs + -+ + k,v, = O and prove that
ki=ky=ks=---=k,=0

Then {vi, v, v3, ..., V,} are linearly independent which means they form a basis
for R".
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RIEF SOLUTIONS

SOLUTIONS TO EXERCISES 3.2

1
1

7. Sis a subspace of R3.
8. (a), (b) and (c) are in span{f, g} but part (d) is not in the span{f, g}.

9. Does not span.

SOLUTIONS TO EXERCISES 3.3

1
2
3
6

. (a) and (c) independent (b) and (d) dependent

. (a) dependent (b), (c), (d) and (e) independent

. (a), (b), (d) and (e) dependent. Others independent.
L242(—1) + (- 12

7 SOLUTIONS TO EXERCISES 3.4

< NS B PR S

.@5 )7 (@11 (@13 (9 ({16 (g6 ()4 (@6 ()0
. dim(S) =1
. dim(§) =2
dim (S) =2
. dim(S) =3
. (@) mn )3 (c)4

? SOLUTIONS TO EXERCISES 3.5

1

1 3 1 2
. (a) Row vectors — <2>, <4> and column vectors — <3> and <4

(b) Rowvectors(1 2 3 4T, (5 6 7 8)Tand(9 10 11 12)T.
Column vectors (1 5 97, 2 6 10)T, 3 7 11)T and (4 8 12)T.

(c) Row vectors (1 2)T, 3 )T, (5 6)T. Column vectors (135)T and (246)T.
(d) Row vectors (123)7 and (4 56)". Column vectors (14)7, (25)T and (3 6)7.

—1 -3 —8
(e) Row vectors 21, 7 | and 1].
5 0 3

-1

Column vectors ( -3



-5 7 —7
(f) Row vectors 21,111, 6
3 0 1

-5 2
Col ¢ "I ] ana
olumn vectors _7 6 an
-2 5
1 0
. () {<0>, <1)},mnk(A) =2

o[- ()=

N = O W

(b)

1
(d) 0
-1

N = O W N = O

, rank (B) = 2

, rank (D) =2

(e) and (f) { ( ) ( ) ( ) } with rank (E) = 3 and rank (F) = 3

—

o) O el
el 66)

~
B 0 O
N
w = N o

. For rank, see solution to question 2.

@{6)- ()]
©) { (_(1)) ,

1

0
—-0.8
—-1.6

0
1
1.4
1.8
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1. (a) {0} (b) {s<_f)

(d) {0}

D))

(c)and (d)x =0

s€ R} (c) {0}

()6

—1
3. (a) s (—2) , rank (A) = 2, nullity (A) =1

1 1
(b) s (1) +t (0),mnk(B) = 1, nullity (B) = 2
0 1

(c) and (d) {O}, rank (C) = rank (D) = 3, nullity (C) = nullity(D) =0
4. (s+2t+3p+4g+5r —25s—3t—4p—5q9—6r st p q )T

13 0 I 0 73
5. () 0], 13 {(0) , <1)}, —11 | ¢, rank (A) = 2, nullity (A) = 1
=73 13
1 0
(b) <0>, (1) ( ) ( )} {0}, rank (B) = 2, nullity (B) = 0
0
0
0
1

1 0 0 _i
5 0),|11],1]0 , 0 , rank (C) = 3,
0 0 1 0

0

O O W

z 1 0
w 0 0
~——

=XH =Xp
X 2
O ly]=1-1
z -2

7. (a) infinite (b) infinite (¢) no solution (d) unique solution

8. (a) and (b) in the null space. (c) and (d) not in the null space.



G\ SOLUTIONS TO MISCELLANEOUS EXERCISES 3

31. N=

3.2
3.3.
3.4.
3.5.

3.6.
3.7.
3.8.
3.9.

3.10.

3.11.

3.12.

3.13.

B
F

(a) Use Av =band Aw=0

(a) Matrix A is invertible (non-singular)

O O = N

(c) rank (A) = n
(a) false

(a) true

All three statements are true.

(b) true
(b) true

(a) rank (A) = 3

(©)

(e)

al

1
0
ol’
0

2
-3

1
0
0_
1
1
1

— O = O
—— O O

S = O O

SGR]

(a) {O} and the space R”

10-2
@01 o0
00 O

-3 2
1 i| =R (b) The system is consistent. (c) x = s |:Oi| + |:
0 1

(= el =)

(b)Au=bandAx=Db

(b) linear independent rows

(d) true

(b) nullity (A) =2

S O W= O

—_ o O O O

(c) v1, vz and v are linearly independent.

=XH

(c) —4v; 4+ 3v, + v3 = O and dimension is 2.

-3
1
0

=Xp
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3.14.

3.15.

3.16.
3.17.

3.18.

3.19.
3.20.

3.21.
3.22.

3.23.

3.24.

3.25.

1-10 2 i _3
) [0 01 —-1{|=R, ol ] , nullity and rank of matrix A is 2.
0 00 0 0 )

Two linearly independent and linear combination of first and last columns of the
matrix A.

1 0 3
(a) (i) Not a subspace (ii) Subspace (iii) Subspace (b) {0 |, | 1], 5
0 0 —4

(¢) (i) Not a basis, linearly dependent, span R3. (ii) Is a basis
Apply the definition of subspace.

(a) vis in the span of S (b) vis in the span of S
1000 _(1) 1 0 0
0110]|=R (a) ) (b) oO),|1],10
0001 0 0 1
0
(c) Nullity (B) =1 (d) rank (B) = 3
Use the definition of subspace.
(a) Yes (b) Dim is 3 and a set of basis vectorsareu; = (2 0 5 3)7,
u=0100Tanduz=( 02 DT
—0.25
. . 0
(c) Yesisin V. (d)1 (e) 05
1
Use Proposition (4.34).

Use Proposition (4.34).

+s

-3 —1
2 0
(@QN=1{t 0 +s 5 s, teR
0 0
0
0
b)x=xp+xpy = 0
1

-1
0
2
0

S o

xy solution of part (a)
(¢) n — m solutions.

c=17
4 7 —6
A=1]|58 -7



3.26.

3.27.

3.28.
3.29.

(a) Use the trigonometric identities of cos (x) , cos (2x), cos (3x).
(b) Expand each of these to show that they are in the span {1, x x2, %3 }

(a) Write two matrices whose rows are each of the given vectors and then show that
they have the same basis which means they are equal.

b)k=0, k=-1

All three statements (a), (b) and (c) are false.

Suppose vy, ..., v, are linearly dependent and derive a contradiction. Because these
are n linearly independent vectors and dimension of R” is # therefore they form a
basis.

To show that A is invertible write an arbitrary vector u uniquely as
C1AV] + AV, + -+ -+ c,Av, = u

Rewrite this as Ax = u where x is unique then A is invertible.

SOLUTIONS TO EXERCISES 4.1

9w b=

N

@1/4  ®1/4 (34 @13 (@1/~/3 O15 (@15
@2/5 ®)2/5 (6/5 (D23 (9v2/3 ©)2/7 (92/7
@-21 () —21 (c)63 (d) 38 (38 ()90 (g) V90
()70 (b)350 ()70 (d)~/30 (e)/174 ()27 ()55 (h)82 (i)97
7 1 2 3 1 11
(a) 12 (b) 12 (c) —5 (d) 1 (e) 12 (f) 12
5 7 . 1 . 5
® -4 (h) - (D) —105 () —15¢
- (@) 4 (b) 12 () V22 (d) V67

SOLUTIONS TO EXERCISES 4.2

4.
5.

(b) 17.23 (2dp)

(a)k=-8 b k=-1
f _cos (%) g sin (x)
d - 2
Dier = e
The orthonormal set is { N \/7 sin (2t), \/7 sin (4t), \/7 sin (6t), - }
. 1.713
@ lu+v] =2 (b) lu—v|[ = 2

. (i) /7
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C SOLUTIONS TO EXERCISES 4.3
1 0

N
—~
()
=
£
I
S =
=
)
I

=

£

|

|~

—

=

[\

|

|H
/=

b
SN———

I

=]

o,

=

W

I

|H

— N N
o L

3\1 6\ 1 2 1)
L (! ) 4 -2
QDu=—7[2),u=—| -2 |,andu; = - 1
510 45 5 5
1 3 3
1 0 1 10 1 —1
5. (a) u = — , U = —/—— andu3:—
J10 | 3 110 | —1 1| -1
0 0 0
1 —109 —2929
1 1 1 77 1 —1289
) wi = — R = andw, = ——
V3|5 T V28582 44 37 /15555062 | —78
2 —94 2304
1 53 224
() u 1 2 u ! 16 andu ! —140
1= —F— > U = 3= T
30 | 3 /3930 9 /224665 | —308
4 —28 245
~ 1 3 R 45 1
6. pp=—, =4 -xandpy=,/— (> — =
2 2 8 3
2 > 2
7.p, =% Pp,=x and p3—1—§x
4 2 1 4 1 2
8. (a) §P1 +p,+ §P3 (b) _§P1 + §P3 (c) 3p; (d) §P1 + §P3

(e) 2p; + 5p,



SOLUTIONS TO EXERCISES 4.4

2. Ineachcase Q! = Q.
3. (a) and (b) not orthogonal.

1/V2 =1/V2 0 )

(c) Orthogonal and inverse is ( 1/V3 1//3  1/4/3

1/v/6 1/4/6 —2//6

4. Lie on the unit circle and perpendicular.

5. Two matrices ( 1/4/3 0 —2//6

6 (

L (V213
7.(a)Q=—(ﬁ—2 0 ) R =

1//3 0  2/V6

1/4/3 1/4/2 1/4V6 1/v/3 1/¥2 —1//6
) (uﬁ —-1/v2 —1/%)

1/4/3 —-1/v2 1/4/6

cos (6 .
©) ) Matrix Q rotates the vector.

sin (6)

0 -2 =2

0 0 43

&l

/6

62 —242 42
V2 1 /3 ( )

b)x=1,y=2,2=3 ()x=2,y=5andz=+4

SOLUTIONS TO MISCELLANEOUS EXERCISES 4

4.1.

4.2

4.3.

4.4.

4.5.

4.6.

4.7.

False.
1 1 1
1 —1 1
wi=| SWy = 1 and wj = .
1 1 -1
1 0 1 1 —1 1
0 1 1 1 0 1 2 1 -2
a b 5 b - = > y— > y—
@111 1 IR NAR Jio| 1 5| -1
0 1 2 0 2 3
4
(b) Show fi, f; and f3 are linearly independent. (c) 0 , 13
2
(a) Expanding (vi, O) = (v2, O) = (v3, O) = = (Vi O

(b) Consider w = kyv; +kavy + -+ + kyvy, and show that k1 (V1 -W)y.uts
kn = (vy - W)

S IEHEE

(a) /39 (b) No
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4.8.

4.9.

4.10.

4.11.

4.12.

4.13.
4.14.
4.15.

4.16.
4.17.

4.18.

4.19.

4.20.
4.21.
4.22.
4.23.

1 0 0 0
(c) Yes (d) o | E NERNE ﬁ .

0 1 0 -1
@V3®  BNo  (©Yes (@D (° !

V2 \0 —1

(e))‘-l =1, )\'22 %, )\320, )\4:_%
(a) J_
(b)yw= wherew = u— (u, q,)q; — (u, q,)q, — (u, q5) q;

(c) Because u is linearly dependent on q, q,, q;.

0 0 0

1 1 0
wi=|0|w= 2 {andw; = | 0

1 —1 0

0 0 1
(a)and (b). Wehavev=[2, —1 Jandw=[1, 3].

1 «/gx
%)
Check definitions (i) to (iv) of (4.1). (b) |A — B|| = v/9 = 3 (c) 31.65°
{4 — 10t + 41}

1 Lx o x
y X— —, X7 —X =
2 6

Show that condition (iv) of definition (4.1) fails.

Let u € V where u = kyv; + kova + k3vs + - - - + k,v,. Show that k]- = <u, vj) for
i=1,23,

f \[ \[ UL ‘3")}

-2 2 —4
0 1 2
21’ O I I O 2
0 4 -3

Letu = vthen (u, v) = (u, u) = 0 givesu = O.
(ku, V) =k{(u, v)=0

Use the definition of orthonormal vectors.

(a) Use Proposition (4.5).

(b) Apply Minkowski’s inequality (4.7).
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SOLUTIONS TO EXERCISES 5.1

1. (@3 DT b G -7 ©a V2T (d) (=3 -2)T
2. ()3 57 (b) 4 -7 (©) 4 6)T (d 6 8T

6 5 3 7/6
3. |11 o[ 2 © | 77 @ [ 17/12
9 -9 67 5/4

5. (a) and (d) linear (b), (c) and (e) not linear
6. (a) linear (b) not linear

7. (a) linear (b) linear (c) not linear

SOLUTIONS TO EXERCISES 5.2

1. (a) {0} (b){r(‘})

R

2. ker (T) = {O} and range(T) = My,
3. ker (T) = {c| c € R} = Py and range(T) = P,

re R} (c) R?

reR]

SOLUTIONS TO EXERCISES 5.3

1. @) () {r<_i> reR} (ii) 1 (iii){(Z)

(b) (i) {0} (ii) 0 (iii) R? (iv) 3

-3 -5
(c) @) 1{s 1]+t 0
0 1

d G)Po ()1 (iii) {dx® + ex? + fx | d, eandf e R} (i) 3

(e) {c|ceR} =Py (i) 1 (iii) P, (iv) 3
a= —i;b —2c— 4d} i)3 @GR (@Gv)1

ae R} @iv) 1

seRandte R} (ii) 2 (iii) R (iv) 1

f) @G {ax3 +bx* +ex+d

(@) () ker (T) = {(_Z _Z)} 2 @GP (iv)2
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2. Substitute the values obtained in question 1 into nullity (T) 4 rank (T) = n.
The values of # for each part are as follows:
(Qn=2 b)yn=3 (c)n=3 (dn=4 (e)n=4 HHn=4
(gn=4

3. ) B={(-3100 07,320 —04 107 (-360020 1T}

(i) B ={(1 0 8/3)T, (0 1 2/3)T}

SOLUTIONS TO EXERCISES 5.4

3. (a) and (b) T is not one-to-one nor onto.
(¢) T is one-to-one and onto.
(d) T is one-to-one but not onto.

iffa)|_1(a+b
e r(3)] =5 ()
SOLUTIONS TO EXERCISES 5.5

11
1. (a)A:(22) (b) A =

1 1 1
2 3
@Az( ) dHA=]1-1 -1
b= (2 1—1)

1 -1 1 -3
(&) A = 421_1 (3J wa=| L 371
&A= 7_1 X =l 9 5 6 12

S 1 0 0 O
(g) A =04
1 —1 3 2
24@A=(12> (b)A:(_1 5)
1 -1 —1
@a=(17171) (@A =0s

-3 —5 —6
e)A=| -2 7 5
0 0
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a3 )mar((2)- ()
() = (U ()

7/3 1 5 -2
8. A=| —-10/3 -2 andT((l)) =1 -1
14/3 3 5

1000
0010 13
A=109100 and(z 4)
0001
0 —11Y,. . . .
10. A = < ] O) (i) —2sin (x) + 5cos (x) (ii) —n sin (x) 4+ m cos (x)
139
11. A= 016 andT(q—I—nx+mxz)=q—|—3n—}—9m—i—(n—i—6m)x—i—mx2
001
0 —-10
12.A=]|1 00 | (i) T(—sin(x)+ 4cos(x) —2€") = —4sin (x) — cos (x) — 2¢*
0 01
(ii)T(msin X) + ncos (x)—i—pe") = —nsin (x) + mcos (x) + pe*
210
13. A=] 02 2 |and
00 2
T (ae®™ + bxe™ + cx?e™) = (2a + b) e + (2b + 2¢) xe** + 2cx?e*

1. (i)((l))and (g) (ii)(é) and(?)

2. (a)2ax+b (b) 2ax (c) 2a (d) ax? + bx
31 0 —1
3.<_21)and<5 4>.
o) w(2) W) (2
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-6 3 -7 7 17 26
4, 7 0 =2 ]and| -2 4 5
11 -2 -5 -7 —16 —22
—21 119 —151 —17
(i) 1 (ii) 21 (iii) (iv) 31
—8 —105 54
021 001 100 100
5.@@M@M| 110 @@ifpor11 @i)f 210 iv){ 010
100 120 2 41 001
=S (p) = ce* + bxe* + ax?e® (b) 2¢* — 2xe* + x2¢* + C
1 0 0 100 100 100
6. ( 010 @ifo1o @@)fo1o iv)] 010
000 000 001 000

(SoT) 1+ x+3x =1+ 2x, (ToS)(1+2x+3x):1+2x,
(ToT)(1+ x—|—3x)—1+2x+3x2and(SoS)(1+2x+3x2)=1+2x

(1 -1 VAR
7.A—(1 1)andA —2<_11).

x] WERE:
8. T7'| |y =57+
z | x—y

9. T (p) =T ! (ax’ + bx* + ecx + d) = Zx3 + gxz + %x-l-d

x] xX—z
10. 77! y =|2x+y+z
J 2x—y

N

11. (a) Not Invertible (b) Not Invertible (c) Invertible, T~! (p) =p
12. (i) No change.
13. (i) x 0.3333 0.5556 = 0.4815 __{0.5062

) 0.6667 0.4444 )>™ ~ \ 0.5185 )’ X= 0.4938

0.4979
andxs = | 001 )

. (05
(i) (0.5)
[ SOLUTIONS TO MISCELLANEOUS EXERCISES 5

2 -3 4
as=] 2701

s (5])-()
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340
5.5. (a) S is a subspace of R?.

(b)(i)T@:[_;] T<e3)=[:;] (ii)A:[_;_;} (iii)w=[:ﬂ
1
2
1
2

54. (a) S = ( 0 32 > (b) T is not one-to-one. (c) T is onto

1 —4 0
2 7 -1 5
se. @A=| | &, ORS B

3

57. (d)ker T=t (

1 0
5.8. (a) B= 0], , 10 (b) T is onto
0 1

1
(c) 0 (d) T is not one-to-one
0
- 9"
59. | =3
- 2 -
e
5.10. | —2
- _4 -
5.11. (a) Wehave T : R> — R which givesm =6andn=>5. (b)6
(¢) T is not onto (d) T is one-to-one

3
5.12. For all real h and k provided h # 0 and k # 7

5.13. (a) zero function (c) ker (T) = Ae** and dim is 1.
5.14. (c) dim (ker (T)) = 1 and dim (image (T)) =2

5.15. ConsiderT([xiD = (x—y) with v = <1) and v, = <2>
y x—y 1 1
030
002 .
5.16. (b) A = 100 (c) 15 — 2t 4 2t° + 4t (d) yes
011
12 0
.. 02 -3
5.17. (b) (ii) S = 10 1
10 0
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1/2 1/2 -1/2 0 0 0
1/2 1/2 -1/2 0 0 0
5.18. (b) ] (c) 0 0 ] ] (d) 0
—1 0 0 0 1 —1
5.19. (a) (i) f is a linear map (ii) f is not a linear map
(b) Rank (f) + Nullity (f) =n
(c) f is not injective nor surjective
(d) f is not injective nor surjective.
_i g 1 0
A basis for ker (f) is o || 1 | { andbasis forimageis 4 | 0 ], | 0 | ¢.
0 ) 0 1
5.20. Option C.
9 —6 15
521. C=BA=| 20 -1 0
15 5 5
1
5.22. (a) i (b) det (A) = 27
—1
1 0 0 0
. . 0 1 0 0 .
(c) A basis for Im(¢) is ol lol: 111 |0 . No basis for ker (¢).
0 0 0 1
(d) ¢ is invertible since det (A) = 27 #

0
5.23. (b) [T]g = ( _11 :i ) (c) [T]E1 = % < :i _i ) dfx= %sinx— gcosx
5.26. True.

C SOLUTIONS TO EXERCISES 6.1

. (@) 4 (b) 1 (o)1 (do
. (a) —8and —8 (b) —13 and —13 (c) det (A) =0and det(B) =0
. In both cases det (A) = det (B) = ad — bc.

6 and —6.

x=2,y=-2.
. det (Az) = det (A) x det (A).
. not linear



SOLUTIONS TO EXERCISES 6.2

. (a) —117 (b) 1288 (c)—114

x = —13.38,5.38

7 42 —16 7 —5 —15
c=| -5-30 1], cr'= 42 30 —17 |,
-15 —17 3 -16 1 3
) 7 —5 —15
A7l =—— 42 —30 —17
B\ 16 1 3
-1 _ 3 =2 1 5 —7
@A _<—13 9) (b)B _<—12 17)

33 37 32

1 - 1
(c)C_1=—5<_; :) (d)D_lz—E 60 45 27
18 38 13

6. (a) —42 (b) 44 (c)13 (d) —85
7. (a) 13 (b) 34.5 (©0

8. The place sign for az;, ase, a2 and ags is 1, —1, 1 and —1 respectively. There is no a7,

10.
11.
14.
18.

entry in a 6 by 6 matrix.

det(A) =0
All real values of k provided k # «/—10.
7

1

SOLUTIONS TO EXERCISES 6.3

1.

o R NN W

10.
11.

(a) det(A) = —10 (b)det(B) = —1 (c)det(C) =1 (d) det (D) = —1
(e)det(E) = —0.6 (f)det(F)=1

(a)6 (b)6 (06 (d) =72 (e) 240 000  (f) —945
(g) impossible

(a) det (A) = aBy (b) det (B) = sin (20) (c) det (C) = xyz
—1.38(2 dp) and 3.63 (2 dp).

(a) —27 (b) 2 (c) —39

(a) 18 b)o

(@7 (b) —5/378 (c) 600

(a) 96 (b)995328 ()1

invertible

(a) and (c) are negative. (b) is zero.

593
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SOLUTIONS TO EXERCISES 6.4

1. (@x1=1,x=—landx; =3 b)x1 =2, xp=1landx3 = —1
(c)x1 = —2,xp=3and x3 =2 (dx;=-2,%=-3x=1

2. x1=1,x=—-2,x3=3, x4 =—4

3. 15984

4. L=1 U=A

100 123 84 —37 7
5.@QL=[310),U=|015 A =] —58 26 —5
451 001 11 -5 1

X3

(¢) (1) x; =31, x, = —21 and (ii) x; = —181, x, = 131 and x3 = —25

SOLUTIONS TO MISCELLANEOUS EXERCISES 6

6.1. det (A) = 165
6.2. det(E) = —20, det (F) = 30, det (EF) = —600 and det (E + F) = —
6.3. 64

6.4. (a) det (AB) = det (A) det (B) (b) det (A™!) = detl(A) provided det (A) # 0
(c) det (A 4+ B) = No Formula (d) det (3A) = 3" det (A)

(e) det (AT) = det (A)

6.5. 56
2 8 1 2 1 1
66. x, =det| 3 1 -1 /det(3 -2 —1)
(4 10 3) 4 -7 3
6 1
7. Xy = m
6.8. x1 =0,x, = —2and x3 =2
6.9. —448
6.10. 0
1 -2 —14 6
6.11. (a) det (A) = —10 bYA= — 1 12 -3
10 3 -4 1

(c) det(A) = —

10
1 -1 2
612. HA'=|1 20
0 -1 1
11 0 L1102 0 —5 4
(ii)(Af)‘1=(—12—1),(3A)—1=§(1 20),(A2)‘1=( 3 32)
20 1 011 -1 -31

6.13. 3
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6.14. For the 2 by 2 matrix: adjA = |:i }i| , det(A) =0 which means that A~!
1 18 —11
does not exist. 3 by 3 gives adjA=|1 13 —8 |, detA=—1 and
0 -2 1
-1 —18 11
Al=| -1 -13 8|
0 2 —1
1
6.15. (a) —16 means that A is invertible.  (b) det (AT) =—-16 (c)det (A’l) = T
6.16. D, = —-7,D, =7,D3 =0
6.17. (a) det(A) = —24 (b)det(B) =0 (c) det (C) = -2
6.18. (a) det(A) = —17, det (B) = —12, det (AB) = 204, det (A*) = —4913
(b) Take the determinants of AA~! = I to show the required result.
6.19. (a) — (u1v1 + up vy + uzvs) (b) 100 — (u1vy + uavy + uzvs)
6.20. (a—b)(a—c)(c—b)
6.21. 16
9
6.22. —
4
. . . 3 L 12
6.23. (a) (i) 8 (ii) 18 (b) (i) 162 (ii) —3 (iii) -
3
6.24. (a) ()24 (i) 2abc (iii) 432 b4 @-2 ()
6.25. (a) (i) 8/9 (i) 12 (iii) 1 (b) 2
6.26. (a)3 (b) 21 (c) 8 (d)7
6.27. adfpru
1 3a—3 1—a
6.28. x = s y= 5 z=
3a —2 3a—-2 3a—2
6.29. Apply this det (AjAzA3---A,) =det(A;)det(Ay)det(Az)---det(A,) to get
det (A%) = det (A) det (A) - - - det (A) =0
6.30. (a) det (Ay) = 2!,det (A3) = 3! = 6and det (A4) = 4! =24 (b)det(A,) = n!
1 CF —BF BE — CD
6.31. X! = yrod B AF  —AE
0 0 AC
6.32. y = !
32, y= c
6.33. —125
6.34. k#3, k#4ork #—1
6.35. 2%/157
6.36. Not possible
6.37. Use properties of determinants.
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6.38. Convert the given matrix into an upper triangular matrix by swapping rows. The
number of swaps is | 1/2 ], which means we multiply the resulting determinant which
is the product of the leading diagonal by (—1)"/2/.

SOLUTIONS TO EXERCISES 7.1
1. (a) )»1 =—4,u= <_31/11> andkz =7, v= (é)

1 1
G ry=1Lu= <2>andk2=3, v= (l)
(C))"l =-3, u= <_?>and)\2=3, V= (1)

20 —2/3
2. QA =4u=s| 9]andry = -5v=s 0
15 1

i L 1 | R PR T
1 Lo 1G] T ]

A basis vector for E_; is (i) and a basis vector for E3 is < i >

5. (a) The eigenvaluesof Aare A} = =7, Xy =6.
(b) The eigenvalues of Bare A3 = —14, A4 = 12.
(c) If t is the eigenvalue of matrix B and X is the eigenvalue of matrix A then t = 2A.

1 1 1
8. A =lu=s 1 |, basis vector is 1). AM=4v=s|1],
—2 -2 1
1 —1 —1
basisvectoris | 1 |. A3 =—-1, w=s 1 |, basis vector is ( 1].
1 0 0

SOLUTIONS TO EXERCISES 7.2

The variables are non-zero in the following answers.

1
1. A basis vector for Ej is ( _1 ) which corresponds to A1, 2, = 3.

1
2. A basis vector for E_s is ( ) ) which corresponds to A1, , = —5.



0
5. A basis vector for E; is | 0 | which correspondto 11,2 3 = 1.
1
1 0
6. (a) Basis vectors for E5 is B = 0,11 which corresponds to 11, = 5and a
0 0
0
basis vector for E; is B = 0 which corresponds to Az = 2.
1
1 1
(b) ForA; =1,B = 0 .ForAy, =5,B= 2 and for A3 =9,
0 0
7
B = 4
16
0
(c) For A; 5 3 = —2and abasisis B = 0
1
1 0 —1
7. @A, 2=7u=s 8 +t (1) and A3 4 =5 v=s _i
0 0 0
s 1 0 0 0
(b)A1,2,3=Lu= : =5 8 +t (1) +r (1) and Ay =3, v=s 8
0 0 0 0 1
1 0 0 0
(A A1,2,34=3u=s g +t (1) +r (1) +q g
0 0 0 1
11. (a) (i) Eigenvalues A; =1, A =2, A3 =3 and Aq4 = 4.

(ii) Eigenvalues of A® are (A1)° = 1, (A2)° = 32, (A3)° =243 and (Ag)° = 1024
1 1
(iii) Eigenvalues of A=V are (A1) 1 =1, (Ap) 7! = > )7l = 3 and

ot =5
(iv) det (A) = 24 (v) tr (A) =10
b)) A = —1, A =6, A3 = —8 and A4 = 3.
(i) (A\1)° = =1, (W) = 7776, (A3)° = —32768 and (14)° = 243

1 1
(iii) Eigenvalues of A= are (A1)~} = —1, (Ay) ! = o (r3)7 = ~3
1
and (A4) "' = 3

(iv) det (A) = 144 v)tr(A)=0
Q@)A1 =2, A2 =—4, 23 =—7and gy =0.
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(ii) Eigenvalues of A>  (11)° = 32, (A2)° = —1024, (A3)° = —16807
and (Ag)° =0

(iii) A~! does not exist.

(iv) det (A) =0 v) tr(A) = —

1 -

2 2
51 50 456 455
2 _ 3 _
13- 4 _<30 31)andA _<273 274)

1
14. A7l = — (A? —4A —T) and A* = 17A% — 161

C SOLUTIONS TO EXERCISES 7.3
. 1 0\ .. 10 1
1. (1)A1—1,u—<0)andkz—2,v—(l>(11)P—(0 1>—I, —<0 )_A

0
2
(b)(i)k1=0,u=<_ andxzzz,sz)(ii)P:(_l ,D=<8
3
0
1
0

1

1 1
(c)(i)/\1=3,u=( i) and A, = 4, v_<(1)>(ii)P:(_i

2

1

(d)(i)M:l,u:< andxz_4v_(i)(ii)1>:<_f

16 16 243 0 342 682
= ()()<0 32) ®1 16 16) (C)(3124 1024) (d)(341 683)

(n)( 1/v3 0 )
2_
0
1 |andAiz =3, w= )
0
1 00
(iii) A% = (016 0)
0 0 81
4 2
(5) and A3 =5, w= (3)
0
142 -100 1 204 636
@P=[053]| D= 040 (iii) A* = 0256 1107
001 005 0 625
0
0
1

—12 0
@A =2,u= 4 |, =5v= and Az =6, w =
1 —2

3.(@@OMm=1Lu= (

1
() P=LD=1{ 0
0

G)@O)r=—-1lu= (
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A © O

16 0 0
(iii) A* = [ 203 625 0
554 1342 1296

—-12 00 20
(i) P = 4 10 ),D=|05
1 =21 00

4. All (a) (b) and (c) are diagonalizable.

5 0
—p-! —
5.D=P AP—(0 _1>

-2 0 0 150
6. A is diagonalizable, D = ( 0 —5 0),P= (2 4 0),
0 0 -1 001
—203 975 0
A’ = (—156 70 o)
0 0 -1
7. (a) Only one eigenvalue A = 3 and one independent eigenvector u = _1 )

_2) to the only eigenvalue A = —4.

(b) Only one independent e.vector u = < ]

(c) Only 1 linearly independent eigenvector (1 0 0 )T

—2050 1366 1/-5 2
: 11 __ iy o
8. WA _<—6147 4097>(“)2<—9 4)
b 10 N 35 - 9 25 f+ 27 95 f+ 81 325 er
“\o1 02 0 4)2 0 8)3 0 16 ) 4
. A Ao 1 1 1 —x _ A O
13.P_<1 1), P -l D= Y

145 1-45
5 .

and A, = 5

where A =

19. O

c SOLUTIONS TO EXERCISES 7.4

1 11 00
1 11 10 1 3 -2
(C)Q=—ﬁ<_l1),D=(03>(d)Q=—13(2 5

1 —-13 0 0 1 2 V2 40

2 GﬂQ:?( 31)’D:<010)(b)Q=_6<ﬁ 2 ’D:(01>
1 (=3B, (-6 0 11 3
(C)Q——12< 2V ,D—< 0_2>(d)Q_5< ! 1),
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3. @Q=IandD=A (b)Q:(

1/v/6
—2/v/6 0

) V2 00 000
©Q=— 0 11)],Dp=|o000
V2 0 —11 002
—2//6 0 1/4/3
4. Q= 1/V/6 -1/v2 l/f) (
1/v/6  1/42 1/4/3
—-1/v2 —1/4/6 1//3
Q= 1/v2 -1/V6 1/43
0 2/J/6 1/3
—1/v/2  1/32 2/3
@Q=| 1/v2 1/3V2 2/3), —(
0 —4/3v2 1/3
b )\.2—C

8. Q=

VR + (0 —a)? Vg -0+ 12
)\.1 —a b
VP + =) Vo — 0+

9. By taking the inverse of QT AQ = D show that D! =

1/V2 1/4/3 0
1/V/6 —1/42 1/@),D=(o
0

1
0
0

S O© O

A © O
SN——

1/v/3

-1 00
0-10
0 05
00
10
04
-9 0 0
0 -9 0
0 0 0

where A} and A, are eigenvalues of A.

Q'aA™'Q

C SOLUTIONS TO EXERCISES 7.5

10 1 (1 2 90
1. (a)U:I,D=<02>,V=I (b)U:E(Z _1), D:(O 1),
1 1 2
v=7(s 1)
1/4/30 —=2/v/5 1/4/6 V6 0 ) L
(U= 2/V/30 1//5 2/J/6 |, D= 0 1 ,VT=—<_2 1)
5/+/30 0 —1/J6 0 0 >
_( 6/¥/180 —2/4/5 _(~6 0 0
(d)U_<1z/m 1/¢§>’D_< 0 1 0)’
1/4/30 2/4/30  5/4/30
(—Z/ﬁ 1/4/5 0)
1/vV6  2/J6  —1/6
1 (1 3 V20 0 1 (1 1
0v=75 (5 2) o= o )v=50 )
1/vV/3  1/4/3  1/V3
(f)U:L(;_i),D:(@gg),VTz(l/ﬁ “1VZ 0 )
10 1/vV6  1/v6 —2/v/6
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G\ SOLUTIONS TO MISCELLANEOUS EXERCISES 7

7.1.

7.2.

7.3.

7.4.

7.5.

7.6.

7.7.

7.8.

7.9.

7.10.

7.11.

7.12.

7.13.

02
1121
5 _
©A _<0 243)

4 5
=)
—1 -1 1
)»1,22—2&1‘1(1)»324,E_zis 0 s 1 ,E4iS 1
1 0 1

27! and linearly independent eigenvectors.

5 1 8§ 0 1/7 5 1
@s=(] 3)a=(5 ) om=g(77)=q
(a)(i))»1=3,U=(i)and)\zzl,v=<i> ﬁi)P:(ii

(iii) The eigenvalues of A2°%8 are A; = 1, A, = 3298 and det (AZOOS) = 32008,
(b) We have three linearly independent eigenvectors for a 3 by 3 matrix so the matrix
is diagonalisable.

10 01
(a)S:( 10 1> (b)SZ(I 0)

Eigenvalues are distinct 11 = /2 and 1, = —+/2 therefore the matrix B is diagonal-

isable. The matrix P = 1+V2 1-v2 and D = V2 0 .
1 1 0 —v2

0 210 200
@14 11 ®)P=| -101 JandD=| 04 0
1 101 004

Show that u”v = 0 by taking the transpose of Au = Aju.
1
1 2 1 . .
@A =2,u= (_2> and A, =7,v= <1> (b) ] with eigenvalue 2
—1
-1 0 1
@QA=1Lu= 1], 2=2v=]|1]andAs=0,w=| —1
1 1

(b) We have distinct eigenvalues therefore A is diagonalizable.

1/v/6  1/v/2 1/4/3
(a) (i) Substitute these into Ax = Ax. (ii) Q = ( 1//6 —1/42 1/4/3 )
—2/J6 0 1/43
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7.14.

7.15.

7.16.

7.17.
7.18.

7.19.

(iii) A3 =

© \© \©

99
9 9)
99
(b) Show that they have the same ppr (1) = pp (1).

1 -1 =2 ] 1 2 1
®Mrx=3 @P=|1 o 1|,pl==| -1 =2 3
(1 1 o) 4(—1 2 —1)
-1 1 -1 1 1 -1
@P=| 4 0 1|,pP'=|-2-2 3],P!AP=
2 1 0 —4 —3 4

(b) Check p (A) = (A —5I) (A —3D?> =0

=

S o v

(b) Real eigenvalues of A are t; = 1 and t; = 9. A basis for Ej is

— O O O

AL2=1 A3 4=—land A5 = =3
(@)A; =0, Ay =1and A3 =3

-1 1
(b)u= 1], v= 0
-1 -1
1 1
(B = 21, o],
1 -1

(d)S= (w v u =(

) 12
(e)S!=- 30 —
/ L (1 . 1 e
orefali) ) (0]

2/v/6 0 1/4/3

1/v6 1/v2 —1/4/3
(&8 ( )
1/v/6 —1/¥2 —1/4/3

o UNE 2/Ve 16
mE) = vz 0 -1v2
—1/3/3 1//3 —1/4/3
b a0
@S = ( c— ) A= (0 c
(b) A1000 _ < at0% b 999 4 998, 4 C997;§0(;|- o4 ca®8 + a999) )

S W o
w o o
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7.20. (d) The algebraic multiplicity of A1 = 1 is one and X, 3 = 2 is two.

7.21.

7.22.

7.23.

7.24.

Matrix A is diagonalizable if and only if A; = 1 has geometric multiplicity of 1
and A,, 3 = 2 has geometric multiplicity of 2.

11 -1
(e) (i) is not diagonalizable ({H)P=1] 10 1
11 0
1 1 2 1
b)ywi=—|1], wh=— 1 |andws = — | —1
=5 2= o =5 1
(c) () A> — 6A2 — 151 — 8 = (A + 1) (A — 8) = 0. The eigenvalues are A1, , = —1
and A3 = 8.
1 1 2
(ii) —4 1, 01,11
1 —1 2

(c) Consider kyvy + kovy + k3vs = O. Prove that k; = k, = k3 = 0.
(b) See chapter 4.

0 0
. 1 1
(c)@) A1 =4and 1, =6 (i) A3 =0, w = 0 and Ay =2, x = 0
1 -1
1 10 0 10 1 0
1o o1 1 1 110-1 0
WP=—=11_10 o[|?Q= —L2lo1 o 1)
0 01 —1 01 0 -1
4000
0600
A= 0000
0002

1 1
X=—(2x—y) andY = —

7 ) NG
3x? + 4xy + 6y* = 2X° + 7Y?

(x + 2y). The diagonal form is

X= o (xty=2), ¥ = - = (
= — (x —2z), Y= — —
N N /6
The diagonal form is 2xy+4xz+4yz+322=—X2—Y2+SZZ.

—x)and Z = x+y+2z).






Index

Ax 49
Ax=Db 48
AT 76

A7l 82
(AB)"! 87

| 80

u-v 37

Oumn 59
P& Q 108
P = Q 108
[lul| 137

u 154

(u,v) 278
d(u,v) 285
P(t) 193
Mz 193
Fla,b] 197
T:U— V 340
ker(T) 354
[u]p 399

So T 407
TV W — V 414
det(A) 432
adj(A) 447
E, 501

o, 548

Au = Au 491
det(A — AI) = 0 494
d(u,v) 285
7! 382
1—-1 374

A

additive inverse 59,131,192

adjoint 447

Alembert, Jean d” 492

approximation 2, 319, 329

area scale factor 433

associative 59, 67, 130-1, 192

augmented matrix 14-26, 92, 97, 99,
114, 248, 264-6

axiom 191

axioms of inner product 278

axioms of vector spaces 191-2

B

back substitution 16, 329, 479
basis 171, 175, 394

basis for Fourier series 307
bijective transformation 381

C

calculus 389, 403

Carroll, Lewis 431

Cauchy, Augustin 151

Cauchy-Schwarz inequality 149-50,
153,291-4

Cayley, Arthur 42,77, 504, 513

Cayley-Hamilton 513

characteristic equation 494

characteristic polynomial 504, 513

Chebyshev polynomials 319

closure 191, 205

codomain 340

cofactor 441

cofactor formula for determinants
445

cofactors 439, 442, 444

column space 241-2

column vectors 43, 48, 159, 240, 555

commutative 64-5, 67, 83, 130, 136,
191, 278, 412

composite transformation 409-10

compress 250

computer graphics 43, 249, 339, 356

consistent 9, 99, 102, 104

coordinates 159, 391, 394

coordinates of a polynomial 385

coordinates with respect to
non-standard basis 395-402

cosine rule 145-6

cryptography 115, 373

D

decompose 552,557
degree of a polynomial 193
derivative 377, 389
derivative matrix 401-3
determinant 431-72
by LU factorization 481
by row operations 463-5
formula of a 2 by 2 matrix 432
formula of a 3 by 3 matrix 442
formula of a n by n matrix 444-5
formula of triangular or diagonal
matrix 457

geometric interpretation 432-3,
443
negative 435, 444
properties 462
diagonalization 519, 526
illustration 519
differential equations 438, 492, 532
differential operator 412
dimension 229, 231
dimension infinite 232
dimension n 231
dimension theorem of linear
transforms 364
dimension theorem of matrices
259
dimension zero 230
direction 27-30, 129-30, 144-7
distance function 139, 143, 290, 319
distributive law 67, 131, 136, 192,
278
document term 295
domain 340
donkey theorem 152, 294

eigenspace 501
eigenvalue 492
addition of 512
eigenvector 492
the inverse matrix 509
powers of matrices 509
product of 512
elementary matrices 106-10, 459,
466-8
elementary row operations 14-5, 19,
92,107, 243-45
elimination 5, 12-27, 91-105, 451,
473
ellipse 549-50
equivalence 108, 520
Euclidean norm 139-40
Euclidean space 36, 129, 220, 230,
287,319

F

Fermat, Pierre de 58

finite dimensional vector space 230
forward substitution 479

Fourier series 225,296-7, 301
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free variables 98, 101-3, 260

full rank 249, 251, 265-6

function 340

functions 196-7

Fundamental Theorem of Algebra
505

G

Gauss 15,181

Gaussian elimination 12-27,
91-105, 451, 473

Gauss-Jordan 23

general solution 96, 262

general solution in vector form 103

generate 171-5

Google 491

Gram-Schmidt 314-5

graph 3,5,10-11

H

Hilbert space 35
homogeneous 94, 97
homogeneous solution 261
homogeneous system 254-5
hyperplane 155

identity operator 412

identity transformation 414-5

if and only if 108

image of a transformation 340, 359

inconsistent 9, 85, 92-4, 212, 225

independent variables 130

inequality 149-53,291-4

infinite dimensional vector space

301

infinite number of solutions 92, 265

infinity norm 287

information carried by a transform

365

information retrieval 295

injective transformation 374

inner product 277-90, 292, 295

integers 196

interchange rows 15

intersection 216

interval 196-7

inverse by determinants 447-51

inverse by LU factorization 481

inverse by row operations 110

inverse transformation 372, 381-2
illustration 373

invertible linear transform 414-5

isomorphic 319, 384

isomorphic to Euclidean space 387

K

kernel of a transformation 352-4

L

largest independent set 236

leading coefficient 23

leading diagonal 80, 281

leading one 23

left handed orientation 444

Legendre polynomials 295, 319

lemma 181

Leontief input-output 119

linear algebra 3, 108

linear combination 37, 47-8, 160,
208-10

linear dependence 163,219

linear dependent 183

linear equations 2

linear independence 163, 168, 175,
217,223,308

linear mapping 342

linear operator 344

linear system 2, 3

linear transformation 342

LU factorization 472-81

LU procedure 474

M

map 340
MAPLE 52,102
Markov chain 69, 75, 529-30
MATHEMATICA 52
MATLAB 52,473
angle between vectors 156
converting to rationals 253
determinant 458
dot product 133
eigenvalues, eigenvectors 502
entering a matrix 53
matrix dimensions must agree 53
matrix multiplication 53
no balance 502
norm 141
polynomial 515
power 56
rref 115
transpose 79
MATLAB commands 53, 56, 79,
115, 133, 141, 156, 253, 458,
502, 515
matrix 42, 70, 80, 251, 321, 431, 449,
491, 519, 526
cofactor 445
diagonal 328
eigenvalue 523, 541
eigenvector 523, 533-5

elementary 106
Fibonacci 532
identity 80-2, 106, 108, 110
inverse 85, 114, 436, 451
invertible 83, 85, 88, 114
Jacobian 454
lower triangular 328, 457, 476
matrix representation of a
transformation 390
non-invertible 85, 114-5, 436,
451
non-singular 83, 85, 88, 114
orthogonal 321-9, 534
similar 520-1
singular 85
skew-symmetric 273
square 42,70
standard 391
symmetric 273
upper triangular 328-9, 457, 476
zero 59
matrix times matrix 15, 19
matrix vector multiplication
49-51
maximum independent set 236
metric 139, 285
Miller indices 394
minimum spanning set 236
Minkowski, Hermann 153
Minkowski inequality 151, 153,
293-4
minor 439-42
modulus 140
multiple eigenvalue 505
multiplicative function 469
multiplicity 505
multiplier 476

N

natural basis 176-7, 228

natural basis for polynomials 224

negative determinant 435, 444

Netflix challenge 429, 548

neutral element 131, 192

no solution 9, 11, 92, 94, 265

non-homogeneous 99, 261

non-standard bases 394

non-standard basis 176, 403

non-trivial solutions 182, 492

non-zero row 98, 243, 249

norm 137-43, 152, 155-6, 282,
286-8, 298

norm of a matrix 282-3

normalized 154-5, 298-300

normalized set 299

null space of a matrix 255

null space of a transformation 357



nullity of a matrix 255
nullity of a transformation 357

(o)

one norm 287

one-to-one transformations 373-7

one-to-one test 373-5, 377

onto transformations 377

onto test 379

optimization 2, 338

ordered basis 416

orthogonal 134, 155, 183, 290,
294-321

orthogonal diagonalization 541, 544,
551

orthogonal set 299, 307-9, 544,
558

orthogonality 134, 290, 295, 308,
310

orthogonally diagonalizable 541-3

orthonormal 155,299

orthonormal basis 300, 306-8, 315,
534, 550

orthonormal vectors 155, 329

overdetermined system 263

P

parallel 177

parallel planes 94

parallelepiped 444, 454, 456

parallelogram 29, 31, 434

parallelogram higher dimensional
444

parallelogram three dimensional 443

parameter 96, 98

particular solution 96, 262

periodic function 225, 301

perpendicular unit vectors 155, 299,
537

place holders 4

place sign 441

plane 3,38, 31, 98-9, 155-6, 249

point(s) of intersection 3,5

polar basis 394

polar coordinates 454

polynomial approximation 2,319

polynomials 193

powers of a matrix 70, 514, 537

procedure for diagonalization 522

procedure for eigenvalues and
eigenvectors 494

procedure for orthogonal basis 314

procedure for orthogonal
diagonalization 544

procedure for basis of a subspace
247

projection 312-3

proof 58

proof by contradiction 181

proof by induction 88-9

puzzles 101

Pythagoras 58, 137-8, 282, 287, 297,
321

Pythagoras’ Theorem 297

Q

query term 295
QR factorization 328-30

R

range of a transformation 340, 359
rank

column 249-51

low 249

of a matrix 250

of a transformation 364

row 249-51
rank-nullity theorem 259, 364
real inner product space 278
reduced row echelon form 13, 23,

97-9, 108-9, 114, 245
redundant rows 251
reverse order 317,418
reverse row operations 474-6
right handed orientation 444
rms value 284
row by column 47, 50
row echelon form 23
row equivalent 19, 92, 94, 97, 99,
107-10, 2434, 254

row equivalent matrix 243
row space 241-2
row vectors 43, 51, 240-4
rref 23, 115, 245, 253

S

scalar 27-30, 33

scalar multiplication 30, 33-4, 37,
43-5, 62,130, 191-2

scalar product 277

Schwarz, Hermann 149-51

Seki, T. 431

semi-axes 550

set 168

shortest distance 155

sigma notation 65

signal processing 295

simple eigenvalue 505

singleton set 204

singular value decomposition (SVD)
430, 547-8

singular values 548

size 42

smallest spanning set 236

solution set 5,19, 92,97

solution test 265

span 171-5

spanning set 172, 235-6

spectral theorem 543

spherical coordinates 454

spherical polar coordinates 394

standard or natural basis 176, 183,
224,231, 385, 391

standard unit vectors 154, 159-61,
171,177

subset 203

subspace 203-7,209-14

subspace test 204, 209

Sudoku 101

support vector machines 155

surjective transformation 378

SVD factorization 547

swapping vectors 435

Sylvester, James 77

T

three-dimensional space 30, 34, 130,
210

trace of a matrix 281, 511

transformation matrix for
non-standard bases 394-6

transition matrix for Markov chain
529

transpose of a matrix 75-9, 447, 534

triangular inequality 151, 293

triple factorization 547

trivial solution 96, 256, 260

two norm 287

types of solution 8, 91-105

U

underdetermined system 263
union 216

unique solution 10-11, 92, 265
usual inner product 277

uhat 154

Vv

Vandermonde 453
vector space 191-3, 198
vector space over the real numbers
196
vectors 143, 145, 149
angle between 156
dot product 37

607



vectors (continued)

length — Euclidean space 137
length — non-Euclidean space 282
negative 147

parallel 145

perpendicular 134, 147, 155
positive 146

unit 153

zero 147

volume scale factor 444

w

Wiles, Andrew 58

without loss of generality (WLOG)
508

work done 144-6

Wronskian 438

X
x direction 171, 175, 391

Y
y direction 171, 175, 391

Z

zero determinant 436

zero function 197

zero polynomial 193

zero row 23,97-8, 242-3, 248



	Cover
	Contents
	1 Linear Equations and Matrices
	1.1 Systems of Linear Equations
	1.2 Gaussian Elimination
	1.3 Vector Arithmetic
	1.4 Arithmetic of Matrices
	1.5 Matrix Algebra
	1.6 The Transpose and Inverse of a Matrix
	1.7 Types of Solutions
	1.8 The Inverse Matrix Method

	Des Higham Interview
	2 Euclidean Space
	2.1 Properties of Vectors
	2.2 Further Properties of Vectors
	2.3 Linear Independence
	2.4 Basis and Spanning Set

	Chao Yang Interview
	3 General Vector Spaces
	3.1 Introduction to General Vector Spaces
	3.2 Subspace of a Vector Space
	3.3 Linear Independence and Basis
	3.4 Dimension
	3.5 Properties of a Matrix
	3.6 Linear Systems Revisited

	Janet Drew Interview
	4 Inner Product Spaces
	4.1 Introduction to Inner Product Spaces
	4.2 Inequalities and Orthogonality
	4.3 Orthonormal Bases
	4.4 Orthogonal Matrices

	Anshul Gupta Interview
	5 Linear Transformations
	5.1 Introduction to Linear Transformations
	5.2 Kernel and Range of a Linear Transformation
	5.3 Rank and Nullity
	5.4 Inverse Linear Transformations
	5.5 The Matrix of a Linear Transformation
	5.6 Composition and Inverse Linear Transformations

	Petros Drineas Interview
	6 Determinants and the Inverse Matrix
	6.1 Determinant of a Matrix
	6.2 Determinant of Other Matrices
	6.3 Properties of Determinants
	6.4 LU Factorization

	Françoise Tisseur Interview
	7 Eigenvalues and Eigenvectors
	7.1 Introduction to Eigenvalues and Eigenvectors
	7.2 Properties of Eigenvalues and Eigenvectors
	7.3 Diagonalization
	7.4 Diagonalization of Symmetric Matrices
	7.5 Singular Value Decomposition

	Brief Solutions
	Index

