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Preface

This book is intended for students at the advanced undergraduate level or PhD
level who want to develop professional skills in statistics with applications
towards finance. The basis for this book is lecture notes written for a course
“Statistics in Finance” at the Technical University of Denmark (DTU). Those
notes were also used later in a related course at Lund University, now as a part
of larger package of courses covering financial economics, risk management
and financial mathematics.

The purpose of this book is to bridge the gap between on one hand classical
books on financial mathematics that typically provide a rigorous treatment of
the topic, but rarely connects the data, and on the other hand books on econo-
metrics or time series analysis that do not cover the specific problems related
to option valuation. We also include examples on how the statistical tools can
be used to improve, e.g., Value at Risk calculations.

There is of course a risk that a book trying to cover several fields will
become a “Jack of all trades, master of none”, but our intention has been not
only to cover different fields, but also to integrate them through examples, case
studies and cross references throughout the book, thereby adding value beyond
each part. In fact, the extended version of that quote is

Jack of all trades, master of none
Often times better than a master of one

A consequence of this design choice is that complete formal proofs seldom
are presented. Instead, we either provide a reference to a source where the full
proof can be found or try to make it plausible by presenting the main ideas of
the proof, but skipping the technical details.

The book can be used for several different courses. It can be used for a
course on financial econometrics, starting with a brief introduction of stylized
facts in finance (Chapter 1), followed by statistical methods in discrete time
(Chapters 4, 5 and 6), continuous time (Chapters 12, 13) and, finally, partially
observed models in discrete and continuous time (Chapter 14).

It can also form the basis for a course on financial mathematics with an
introduction to the problems (Chapters 1, 2 and 3) and then move over to con-
tinuous time problems using Brownian motions or jump process (Chapters 7
and 8), followed by applications in security markets (Chapter 9) and interest
rate markets (Chapters 10 and 11). It would also be possible to include the

XV



Xvi PREFACE

numerical schemes in Chapter 12 if that course also has some computational
elements. Chapter 14 also presents some cases on how options or bonds can be
calibrated to market data.

We still believe, however, that the book as a whole contains values that
are lost when using only a subset of the content. The integration of different
topics leads to new insights and will ideally inspire new research. For example
additional complexity in option valuation models can easily be motivated by
statistical findings in Chapter 1, while advanced option valuation models are
partly responsible for sparking an interest in statistics for partially observed
models in Chapter 14.

Many people have helped with the development of the text over the years,
Former students taking the course have been an especially excellent source
of constructive feedback. The text has also been improved on by suggestions
and feedback from former and current colleagues, where we especially would
like to thank (in alphabetical order) Stefan I. Adalbjornsson, Carl Akerlindh,
Mikkel Baadsgaard, Jan-Emil Banning-Iversen, Jingyi Guo, Jan Holst, Josef
Ho6k, Michael Preisel, Johan Svird, and Magnus Wiktorsson. Without their
help, the text would not have been what it is today!
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Chapter 1

Introduction

In Théorie de la Speculation (1900), Louis Bachelier made the first attempt to
model the inherent randomness in stock prices using a continuous-time coun-
terpart of white noise, the Brownian Motion. For many years this modelling
approach was of purely academic interest as financial institutions used less
mathematically demanding methods. More than 70 years later the ideas pro-
posed by Bachelier were used in two seminal papers by Robert Merton on
continuous-time finance in general and Fischer Black and Myron Scholes on
the pricing of options and corporate liabilities. Contrary to their own expecta-
tions, this area has expanded enormously during the last decades, and Merton
and Scholes received the Nobel Prize in economics in 1997 for their research
(Black passed away in 1995). The amount of money involved today is reported
in Table 1.1, which can be compared to the US GDP which was about 15000
billion US dollar (USD) in 2012.

Companies use these new products to protect themselves against changes
in interest rates, foreign exchange rates and commodities prices. Mutual funds
and pension funds use them to protect their stocks and bond investments. Major
banks, brokerage firms and insurance companies write them for customers,
while inventing such exotic names as caps, collars and swaptions.

The complexity of the vast range of new financial products that are contin-
uously being introduced on the financial markets and the inherent uncertainty
associated with stock prices, interest rates and foreign exchange rates have
given rise to the emergence of a new scientific field: mathematical finance. This
area of research encompasses the theory of stochastic processes (stochastic

Contracts Notional value | Market value
Foreign exchange 67358 2304
Interest rate 489703 18833
Equity-linked 6251 605
Commodity 2587 358
Credit default swaps 25069 848

Table 1.1: Notional and market value of outstanding OTC contracts in billions
in US dollars December 2012. Data from Bank for International Settlements.



2 INTRODUCTION

differential equations), partial differential equations, functional analysis and,
last but not least, economics and finance.

In contrast to many other books on mathematical finance, this course will
also cover the modern theory of financial derivatives from an empirical point
of view. Thus identification and estimation theory play an integral part of the
course. The reader should be able to utilize these methods in combination with
methods in operations research for risk assessment, risk management and op-
timal portfolio selection. This combination of mathematical finance, statistics
and operations research form the foundation of the science of financial engi-
neering.

The ambitious and broad scope of the book can only be obtained at the
expense of depth of coverage, so proofs and mathematical considerations of
purely technical interest will be omitted for brevity. Nevertheless, it is our aim
to bring the reader up to a level of understanding and managing empirical
research in this area.

1.1 Introduction to financial derivatives

Let us introduce the merits of one of the most important financial derivatives,
the European call option, by considering a fairly simple transaction between
two companies. Assume that the Danish company IDEA A/S today (t = 0)
orders 1 000 pieces of furniture from the American company Bench Inc. to be
delivered in exactly 6 months’ time (f = T'). They have agreed upon a price
of 500 000 USD, which should be paid upon delivery. We assume that the
exchange rate today is 6 DKK/USD.

Due to the 6 months between the order and delivery date, IDEA A/S faces
a serious risk regarding changes in the exchange rate between DKK and USD.
Today (¢t = 0) they are unable to determine the exchange rate upon delivery
(t =T) and hence the amount in DKK they are going to pay upon delivery
is random. In the very unlikely case that the exchange rate should remain the
same, they should pay 3 000 000 DKK, but if the exchange rate should go up
to, say, 6.50 DKK/USD they will have to pay 3 250 000 DKK. From IDEA’s
point of view there is, of course, no problem associated with a possible lower
exchange rate. Thus IDEA is exposed to an asymmetrical risk. There are at
least three different ways of eliminating this risk.

I: The most naive approach would be to buy 500 000 USD today (¢ = 0)
at the known exchange rate 6 DKK/USD, which would enable IDEA to avoid
exposing themselves to a higher exchange rate at time t+ = T. This approach
eliminates the risk, but there are a couple of noticeable drawbacks. First of all,
a large amount of capital is tied up during the next 6 months, which might
be put to more profitable uses. Second, they have lost the opportunity to take
advantage of a lower exchange rate at time t = 7.

1I: A slightly more sophisticated approach would be to negotiate a forward
contract with a participant on the foreign exchange (FX) markets that enables
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IDEA to buy 500 000 USD at time t = T at an exchange rate K determined at
time # = 0. The exchange rate K (unit DKK/USD) is called the strike price and
it is clearly specified in the contract.

No transactions are made at = 0 and the amount to be paid at time t =T
is fixed at K x 500 000 DKK. As the writer of the contract is obliged to sell the
predetermined amount of USD at the predetermined strike price at time t = T,
no matter what the exchange rate will be, this contract represents a value, and
it is possible to trade it as any commodity for 0 <¢ <T.

Let us say that a contract with a strike price of K = 6.2 DKK/USD has
been negotiated, and that IDEA is obliged to pay 3 100 000 DKK in 6 months’
time to the writer of the contract. If the exchange rate S at time t =T is 6.5
DKK/USD, IDEA may congratulate themselves by having (indirectly) earned
150 000 DKK, because they would have been forced to pay 3 250 000 DKK if
they had not written the contract. On the other hand, should the exchange rate
drop to, say, 5.9 DKK/USD, they lose 150 000 DKK.

Again, IDEA has eliminated the risk of a higher exchange rate, but they are
still unable to take advantage of a lower exchange rate.

I11: Thus the question remains: Is it possible to write a contract that allows
the holder of the contract (IDEA) to eliminate the risk and at the same time
take advantage of a possible lower exchange rate? The answer is yes, and such
a contract is called a European call option.

Definition 1.1 (European call option). A European call option on the amount
of Y USD with exercise date T and strike or exercise price K is a contract,
signed at time t = 0, that

e gives the holder of the contract the right to buy an amount Y dollars at the
exchange rate K [DKK /USD)] at timet =T, and

o allows the holder of the contract not to buy any dollars if the holder of the
contract does not want to.

Options of this type (and a number of variations hereof) are traded on the
international financial markets and the underlying asset can be anything from
exchange rates to stocks, apples or oranges.

Note that purchasing an option on, say, an AP Mgller stock is not the same
as buying an AP Mgller stock. The AP Mgller stock is just the underlying asset
that the holder has the right to buy if he finds it favourable.

Returning to IDEA, it now follows that they may buy a European call
option on Y = 500 000 USD with exercise date 7 and strike price K = 6
DKK/USD. Should the exchange rate at time t = T exceed 6 DKK/USD, they
may use (or exercise) the option and purchase the 500 000 USD at 6 DKK/USD
from the writer of the contract. Conversely, should the exchange rate drop be-
low 6 DKK/USD they can purchase the required amount of USD on the market
and forget about the option.

Whereas the forward contract was, per definition, free, the option has a
price. This price is determined by supply and demand on the option markets



4 INTRODUCTION

and it depends on the exercise date 7 and the strike price K. A higher strike
price K gives rise to a lower price on the option, so IDEA is faced with the
interesting problem of determining whether it is worth buying the option or
not.

It is worth noting that this European call option is just one in an ever grow-
ing class of options that have at least two similarities:

1. An option is a contingent claim which means that the holder of the option
owns an uncertain claim on an underlying asset and that the value of the
contract is contingent (conditional) on the future development of the price
of the underlying asset.

2. Anoption is a financial derivative as it exists solely in terms of the underly-
ing asset and its value is derived from the (expected) value of this asset (in
our case USD).

A major part of the course is to clarify what is meant by the fair, theoretical
price of, e.g., a European call option and how to determine it. A brief overview
of this project is as follows:

1. We are considering a market with a number of given assets, such as stocks.
The prices of these assets are assumed to vary randomly in time.

2. We are going to introduce new financial products in terms of these given
assets. These new products are called derivatives and typical examples are
options, swaps, futures and forwards.

3. We will then examine how to price such derivatives. The clue is that the
derivatives are introduced in terms of already given assets with their own
price processes and markets, so the derivatives cannot be priced at will. The
complete market consisting of the given assets and the new derivatives must
be priced consistently. In other words, the market should be efficient.

4. It turns out that the valuation problem may be solved for a large number of
derivatives such that each derivative is assigned a unique price. This price
is called the arbitrage-free price of the financial derivative or financial in-
strument.

It is very important to remember that we are not going to determine the correct
price, because the term "the correct price" of a derivative does not necessarily
make any sense. We are just trying to determine the fair price in terms of the
underlying assets.

Let us consider a very simple market where the uncertainty is limited to
two different events in the sample space Q = {®;, @, } with the probabilities
P(®;) =0.8 and P(@;) = 0.2. We are only considering the market at time =0
and ¢ = 1 year. The market consists of two papers or so-called securities:

e A bond with a deterministic price process given by

By=100, B =110. (1.1)
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This implies that the deterministic annual rate r is 10%. This can be seen by
solving
BIZ(I+F)BO (]2)

with respect to r. Note that the price of the bond (which could be a Danish
Government bond) is used to determine the interest rate.

o A stock with the price process S where Sp = 100 and S is given by

125 if o= w
Si(w) = 1.3
(@) {90 if = ws. -3

That is the initial price of the stock is 100. At time ¢ = 1 the price will be 125,
if the outcome w of our random process is @, or the price will be 90, if the
outcome is @». In other words, we know the values of the assets at time ¢ = 0,
but the value of the stock depends on the outcome @ of the stochastic process.
We are now going to introduce a European call option with exercise date
T =1 and strike price K = 105 DKK in this simple market. This implies that
the holder of the option has the right, but not the obligation, to buy a stock for
105 DKK. Assume that at t = 1, the random process generates the outcome @,
then the value of the stock is 125 DKK and we exercise the option. Thus we
have purchased a stock worth 125 DKK for 105 DDK and indirectly earned 20
DKK. Should the random process generate the outcome @, the value of the
stock is 90 DKK, so we buy the stock at 90 DKK and forget about the option.
By purchasing the option we are faced with the stochastic income at time
t=1
X = max[S| — K;,0] = max[S; — 105]. (1.4

This is illustrated in the payoff diagram in Figure 1.1.

X

K

Figure 1.1: Payoff diagram for a European call option. For § < K, the option is
not used. For § > K, the option is exercised and the amount S — K is (indirectly)
earned.
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The question is now how to determine the price I1(z,X) of the option at
time ¢ = 0. Two reasonable answers come to mind:

1. It seems reasonable to price the option such that the value of the option
equals expected value of the future incomes (properly discounted)

I1(0,X) = BEF [X] (1.5)

or equivalently

(0.X) _ o {H(I,X)} (1.6)

By B,

where the § = By/B; = 0.91 is the discount factor determined by the bond
prices. It is important to note that the paper with the deterministic price
process, i.e., a paper where the price is known with certainty at all times, is
used to determine the present value of the payoff function X at time r = 1.
We say that the future price (f = 1) of the option is discounted to determine
the present value (¢ = 0) of this payoff. The discount factor § may be used
to determine the so-called implied interest rate from the bond prices. We
get the solution

100,X) = B (P(w)(125—-105)+P(a)-0)
= 0.91(0.8-20+0.2-0) = 14.5 DKK .

In other words, the value of the option is expressed in terms of the bond
prices. In this case, we say that the bond is chosen as the numeraire.

2. From an economic point of view, it does not make any sense to talk about
a correct price, because the price is determined by supply and demand on
the market, and thus it depends on the perceptions of risk among the dealers
on the market, which vary greatly among individuals as well as financial
institutions.

As it will be shown later these answers are both right and wrong. Just to
give the basic idea, the expected value in (1.5) should be taken with respect
to another so called equivalent martingale measure QQ than the objective prob-
ability measure PP in order to obtain arbitrage-free prices, and this martingale
measure is determined uniquely in complete markets and in incomplete mar-
kets by the market participants (although they are probably not aware of it).
Besides these technicalities, it is obvious that the price should depend on the
uncertainty in the markets. This uncertainty is usually called the volatility and
it is associated with the standard deviation of the interest rates, foreign ex-
change rates or stock prices, e.g., pension funds tend to invest their members
payments in bonds which are less volatile than stocks.

1.2 Financial derivatives — what’s the big deal?

A large number of these exotic derivatives were developed by guants (a Wall
Street jargon for quantitative analysts) in the 1980s, where money was moving
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around the world as never before. This may partly be explained by historical
events: the demise of communism in Eastern Europe that expanded markets for
investors, the progression towards free enterprise in China, the liberalization
of economic policies in Latin America and the rapid economic growth of the
countries in the Far East.

Trespassing in such unchartered markets is a very risky business for west-
ern European and American companies. It is very difficult to assess whether
a newly established company in an Eastern European country is able to pay
the promised amount. The inflation, interest and foreign exchange rates may
vary enormously and in a manner that is essentially unpredictable. Thus, the
demand for security blankets or financial derivatives that were particularly de-
signed to protect companies against these uncertainties was high. Before 1973
all such derivative contracts were traded as "over-the-counter" (OTC) products,
i.e., anew derivative contract was individually negotiated by a broker on behalf
of two clients, one being the buyer and the other the seller. Trading on an offi-
cial exchange began in 1973 on the Chicago Board Options Exchange (CBOE)
with trading initially only in call options on some of the most heavily traded
stocks. Nowadays options are traded as "off-the-shelf" products on all of the
world’s major exchanges. They are no longer restricted to stock options but in-
clude options on indices, futures, government bonds, commodities, currencies,
etc. The OTC market stills exists, and specific options are written by institu-
tions to meet a client’s needs. This is where exotic options, such as Parisian,
Asian, Barrier and multi-asset options are created; they are very rarely quoted
on an exchange.

The fundamental advantage of derivatives is that you can buy the risk that
you want and eliminate (or hedge) the risk you do not want. Because there are
two sides of each transaction, one party will pass along the risk he or she does
not want to someone who wants to speculate. This also explains that derivatives
can be both conservative and highly speculative investments. Hedging is used
to spread the risk, but the implemented hedging strategies generate interlocking
commitments of trillions of dollars in a kind of financial cyberspace. If some-
thing goes wrong, it might spread fast due to the use of modern computers, and
the entire market may crash like a house of cards. This has happened several
times during the last decade, the most famous event being the Flash Crash that
occurred on May 6, 2010. The Dow Jones Industrial Average plunged almost
9% only to recover the losses within minutes when many market participants
realized something was seriously wrong with the market. Still crashes of this
type causes a lot of trouble; see Easley et al. [2011] for a discussion.

It’s one of the inherent paradoxes of derivatives that the market volatility
increases when each market participant aims at minimizing the volatility of his
portfolio.

Beside these speculative applications of financial derivatives, they may be
very valuable for more productive enterprises. The basic idea is that you can
buy, e.g., an option on a stock that you would like to purchase at some future
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date (maybe you do not have the money today) for only a limited amount of
money compared to the actual price of the stock; but you can choose not to buy
it if the price is not right.

Let us just for the sake of argument disregard the fact that the usual ex-
pected value of future payments is not an appropriate mean of computing the
price of a European call option.

Example 1.1 (Leverage). Assume that an investor would like to purchase an
AP Mgller stock in six months’ time. He or she writes an European call option
on the stock with exercise date T (in six months) and exercise price 250p."

If the AP Mgller stock costs 270p at time T, then the investor would be able
to purchase the stock for the exercise price 250p. Thus he has immediately
made a profit of 20p, i.e., he or she can exercise the option and buy the stock
at 250p and sell at the market value of 270p (assuming that there are no trans-
action costs associated with these trades). On the other hand, if the AP Mgpller
stock is only worth 230p at time T, with equal probability, then the expected
profit to be made is

11
~.04--20=10
2913 p

Ignoring interest rates for the moment, it seems reasonable that the order of
magnitude for the value of the option is 10p.

Of course, valuing an option is not as simple as this, but let us suppose that
the holder did indeed pay 10p for this option. Now if the stock price rises to
270p at expiry the investor has made a net profit of

profit on exercise = 20p
costof option = -10p
net profit = 10p

This net profit of 10p is 100% of the upfront premium (the price paid at
t = 0). The downside of this speculation is that if the stock price is less than
250p at expiry, the investor has lost all of the 10p invested in the option, giving
a loss of 100%. If the investor had instead purchased the stock for 250p at time
t = 0, the corresponding profit or loss of 20p would have been only £8% of
the original investment. Option prices thus respond in an exaggerated way to
changes in the underlying asset price. This effect is called leverage.

Thus the price of the option may grossly affect the expected profit, and the
idea behind hedging is to fence off the risk and avoid paying the price of the
option by option replication. That is, we construct a collection or a portfolio
of papers (stocks, bonds and money accounts in the bank) such that we get
the same payoff diagram of this portfolio as the one associated with the call
option without actually buying the option. Option replication may also be used
to construct a portfolio that is less volatile (risky) than the original portfolio.
In other words, the option is essentially redundant, and this observation will be

IThis is short for pence, but the choice of unit ($, DKK, etc.) is not important for the argument.
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used for valuation, because the price of the option should be the same as the

price of the replicating portfolio.

The moral is that financial derivatives should be used with caution, but
there are obvious advantages associated with their use. Otherwise they proba-
bly would not exist!

This discussion should demonstrate that there a number of important ques-
tions of technical interest that need to be addressed:

o [dentification: We need statistical methods to identify the structure of the
models from time series data, mathematical concepts to analyze these mod-
els and the statistical tools to apply these models to observed data sets. One
of the most important concepts is the volatility.

o Volatility: We need to assess the volatility, i.e., we need to model the stock
prices, foreign exchange rates, etc. such that we can quantify the market and
portfolio volatility using statistical estimation methods.

o Valuation: We need to define markets where existing and new derivatives
may be priced consistently.

e [nterest rates: It should be clear by now that the interest rate plays a funda-
mental role in determining the present value of future payments. Thus we
need to estimate the interest rates at these future dates using the information
that is available today. The bond market is used to express the market partic-
ipants’ expectations and the future interest rates are derived from the bond
prices. Hence, the modelling of bond prices and interest rates are inherently
important.

1.3 Stylized facts

Financial data have some pretty universal properties that differ from what we
know about data in physics, biology or engineering.

There are several nice papers summarizing these stylized facts (Rydén et al.
[1998], Cont [2001]). The most commonly mentioned are

e No Autocorrelation in returns

e Unconditional heavy tails

e Gain/Loss asymmetry

o Aggregational Gaussianity

e Volatility clustering

e Conditional heavy tails

e Significant autocorrelation for absolute value of the returns
e L everage effects

We evaluate these claims on daily OMXS30 data from 1991-2014. The
OMXS30 is an index composed of the 30 largest companies on the Swedish
Stock market.
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Autocorrelation, returns

Figure 1.2: Sample autocorrelation for returns on the OMXS30 (solid line) and
95% confidence bands.

1.3.1 No autocorrelation in returns

There is very little (linear) autocorrelation in returns (Figure 1.2). This fea-
ture may not be surprising as investors being able to predict future values of
assets would trade to benefit from the predictions. They would make a profit
(on average) at the expense of their counterparties, who would then revise their
forecasts or lose more money. The only long time surviving investors would
be those who are able to predict well and revise their forecasts when new in-
formations arrives.

Still some autocorrelation is often found in the first lags, due to trading
friction, etc.

1.3.2  Unconditional heavy tails

The Gaussian distribution may be fine for many applications, but it does not
represent the unconditional distribution of returns well. Large and extreme
events are much more common than predicted by the normal distribution (Fig-
ure 1.3).

1.3.3  Gain/loss asymmetry

It is often claimed that losses are bigger in absolute value than gains (Fig-
ure 1.4). The losses (compared to the overall upward sloping trend) are bigger
in amplitude and shorter in duration than the gains.

This would be consistent with risk averse investors and the leverage effect
discussed below.
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Figure 1.3: QQ-plot for the unconditional returns on the OMXS30.
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Figure 1.4: The evolution of the logarithm of OMXS30 between 1991 and
2014. Notice that losses are bigger and more rare than the gains.

1.3.4 Aggregational Gaussianity

Returns computed over long time periods are more Gaussian than returns com-
puted for short time periods (Figure 1.5). The return over a long period can
be written as a sum of returns over shorter periods. That suggests, under some
conditions, that the return over long periods should become increasingly Gaus-
sian.
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Figure 1.5: Returns the OMXS30 computed using one week (7), two weeks
(r2), four, eight, sixteen and thirty-two weeks of data.

This Central limit theorem type behavior indicates that the tails are heavy,
but not as heavy as some early studies would indicate.

1.3.5 Volatility clustering

The volatility in linear Gaussian time series is constant, meaning that the vari-
ability is the same. This is not true for financial data, as we are experiencing
calm periods and more volatile periods (Figure 1.6). Time varying volatility
contributes to the heavy tails.

Modeling time varying volatility is an important topic, and is covered in
Chapter 5.

1.3.6 Conditional heavy tails

The returns are heavy-tailed, even when applying a model that compensates
for the time varying volatility; cf. Figure 1.7. Events like earthquakes are ex-
tremely difficult to forecast, meaning that the volatility is going to be under-
estimated by virtually any volatility model during days when big unexpected
events occur.

1.3.7  Significant autocorrelation for absolute returns

The volatility clustering clearly shows that returns {r(r)} are not independent
and identically distributed, iid. Computing the autocorrelation for |r()| or r*(t)
reveals a different story (Figure 1.8). The effect can be found for power trans-
formations of the absolute returns |r(¢)|®, 8 > 0 but is most pronounced when
0 = 1. This is known as the Taylor effect (e.g., Granger and Ding [1995]).
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Figure 1.6: Returns of the OMXS30. It is clear that the variability varies over
time.

There is a significant dependence in the volatility (ranging for at least 150
days), perhaps even long range dependence. Recent studies, however (e.g.,
Nystrup et al. [2014]), indicate that this is probably not the case, but rather
due to lack of stationarity. This would also explain why the dependence does
not drop to zero at any point in the Figure.

1.3.8 Leverage effects

The leverage effects are really due to bookkeeping in firms. A company expe-
riencing bad times will either take up additional debt or live off savings. The
financial status will deteriorate in either case, resulting in additional uncer-
tainty in future earnings. A decrease in stock price means that the company is
more leveraged since the relative value of their debt rises with respect to their
equity. The effect due to good news on the other hand is rarely of the same
magnitude as that of bad news (Christie [1982], for a through discussion).

All of this results in a negative correlation between returns and the volatil-
ity, known as the leverage effect. Several models in Chapter 5 will take this
stylized fact into account.
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Figure 1.7: Normplot of the conditional returns when prefiltered using a
GARCH(1,1) model.
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Figure 1.8: Sample autocorrelation for the absolute values of the returns, |r(¢)|,
showing significant dependence.

1.4 Overview

Now that we have established some of the fundamental terms in mathematical
finance, we will sketch the contents of the remainder of this book.

Chapter 2, Fundamentals, will discuss applications of financial derivatives
with respect to risk assessment and elimination. Some methods for computing
the net present value of a future cash flow will be described using discount
factors. Finally, continuously compounded interest rates, which provide the
foundation of the remainder of the text, will be introduced.
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Chapter 3, Discrete time finance, will introduce the concepts of arbitrage,
probability measure transformations, self-financing portfolios and martingales
in a simple financial market.

Chapter 4, Linear time series models, briefly reviews linear time series
models and methods.

Chapter 5, Nonlinear time series models, extends the theory to nonlinear
and/or nonstationary time series. An overview of a number of model classes
is given. Emphasis will be placed on a description of the variance structure as
the variance of, e.g., interest rates varies with time and depends on the current
level of the interest rate. Such heteroscedastic behaviour cannot be described
by linear models.

Chapter 6, Kernel estimators in time series analysis, describes some sta-
tistical methods for identification of discrete and continuous-time models of
interest rates, foreign exchange rates, stock prices and other financial time se-
ries.

Chapter 7, Stochastic calculus, discusses the problem of introducing
stochasticity in mathematical modelling of dynamical systems by means of
the Wiener process. Focus is placed on Itd stochastic calculus.

Chapter 8, Stochastic differential equations, introduces stochastic dif-
ferential equations (SDEs) and the important Itd formula is presented. The
Feynman—Kac representation theorems establish a link between parabolic par-
tial differential equations and SDEs, which may be used as a mean of comput-
ing prices of financial derivates and solving SDEs. Finally the Girsanov mea-
sure transformation is introduced. The concepts in this chapter may be used in
many other areas of the natural and technical sciences.

Chapter 9, Continuous time security markets, provides a set of theoretical
tools that makes it possible to determine the arbitrage-free price of the large
variety of financial derivatives that are traded on the international markets.
The celebrated Black & Scholes model is covered in detail, and a number of
sensitivity parameters (the so called “Greeks”) are discussed.

Chapter 10, Stochastic interest rate models, uses the concepts of the previ-
ous chapter to describe a number of famous interest rate models.

Chapter 11, The term structure of interest rates, discusses the valuation
of bonds. Bonds are essentially simple options, but they are tremendeously
important for estimating the interest rate over a long period of time. This is
called the term structure of interest rates and it provides the foundation for
computing the present value of future payments.

Chapter 12, Discrete time approximations, provides sampling or discretiza-
tion schemes for computing a discrete-time approximation of SDEs, which is
required in the following chapters.

Chapter 13, Parameter estimation in discretely observed SDEs, intro-
duces a very general maximum likelihood method for parameter estimation
in continuous/discrete-time state space models. In addition the generalized
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method-of-moments (GMM) is discussed. The last method encompasses both
the well-known method-of-moments and nonlinear least squares methods.

Chapter 14, Inference in Partially Observed Processes, provides a consid-
erable extension of the estimation methods listed above which makes it possi-
ble to estimate parameters in multidimensional state space models (e.g., mul-
tifactor interest rate models). The Kalman filter is introduced for linear and
nonlinear continuous-time models. The topics covered in this chapter are of
general interest.

Appendix A, Projections in Hilbert spaces, provides a unified introduction
to a number of filtering and estimation methods, which may geometrically be
viewed as projections in Hilbert spaces.

Appendix B, Probability theory, covers the fundamentals of probability the-
ory from a measure-theoretical point of view.

Each chapter is closed with a number of problems that should support and
extend the material covered in the text. It is advised to solve as many problems
as possible while reading the text. Some problems in the early chapters require
very little mathematical skill and are intended to develop your intuition for
financial reasoning, which will be very important in later chapters, where the
mathematical concepts are significantly more difficult.



Chapter 2

Fundamentals

A first-time home buyer is typically not able to pay the price of the new home
up front, but will have to borrow against future income using the house as
collateral. A company which sees a profitable investment opportunity may not
have sufficient funds to launch the project (buy new machines, hire employees)
and will seek to raise capital by issuing stocks and/or borrowing money from
a bank. The home buyer and the company are both in need of money to invest
now and are confident that they will earn enough in the future to pay back loans
that they might receive.

Conversely, a pension fund receives payments from members and promises
to pay a certain pension once their members retire. Insurance companies re-
ceive premiums on insurance contracts and deliver a promise of future pay-
ments in the case of property damage or other unpleasant events which people
are willing to insure themselves against. The pension fund and the insurance
company are both looking for profitable ways of placing current income in a
way which provides income in the future.

Either way, a key role of financial markets is to find efficient ways of con-
necting the demand for capital with the supply of capital. The above examples
should illustrate the desire of various economic agents to substitute income
intertemporally (between now and some time in the future). Thus the chief
mechanism by which the markets allocate capital is determined through prices.
Prices govern the flow of capital.

The example on page 4 showed that interest rates play a fundamental role
in the valuation of financial derivatives as interest rates are used to determine
the present value of transactions, which will take place in the future, or the
future value of some investments made today.

Even though the concept of interest rates is familiar to most people, the
interest rate is not generally directly observable in the financial markets. Short
term interest rates are quoted on a daily basis in the money markets for maturi-
ties up to approximately one year, but longer term interest rates are traded only
indirectly through the bond market.

However, a lot of concepts need to be clarified before delving into this
fundamental relationship between interest and (bond) prices from both a theo-
retical and practical point of view, but we will get back to that in later chapters.
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time 0 1 2 3 n-1 n

term no. 1 2 3 n

Figure 2.1: Naming conventions for terms.

2.1 Interest rates

Basically, an interest rate is the payment that the borrower (debtor) pays to the
lender (creditor) at the end of each term for the right to use an amount that
rightfully belongs to the lender.

A term is some time interval measured in days, months or years. The terms
are numbered as shown in Figure 2.1. Usually transactions between the bor-
rower and the lender are only made at the predetermined terms.

The rate of interest of one unit of account (e.g., | DKK) is called the in-
terest rate, and it will henceforth be denoted by r. If r = 0.06, the borrower
should pay the lender 0.06 unit of account at the end of the term per borrowed
unit of account. Informally, the interest rate is the price of money.

In the following, we will assume that i) the interest rate  is deterministic
and constant, ii) the number of terms 7 is a positive integer, iii) the interest rate
is added to the capital instead of paid out at the end of the term and iv) the
compounded interest is treated as the original amount.

2.1.1 Future and present value of a single payment

Assume that an initial capital c( is deposited in a bank account with the interest
rate r in n terms. It is fairly obvious that the future value of this account is

cn=co(l+r)". (2.1)

Example 2.1 (Savings account). Assume that a student deposits 1000 DKK in
a savings account with the annual interest rate r = 0.12. Assuming that there
are no taxes, this amounts to in 10 years’ time

1000 (1+0.06)'° = 1790.85 DKK .
Assuming that the semiannual interest rate is r = 0.03, we get
1000- (1.03)%° = 1806.11 DKK .

Notice the difference between these two results, which is due to the fact that
the annual rate is not just twice the semiannual rate. For a semiannual rate of
3% the annual rate will be

((1.03)2—1)-100% = 6.09%.

Please refer to Section 2.3 for a further discussion.



INTEREST RATES 19

Assume that we are promised ¢, unit of accounts at time n. The present
value or discounted value of this amount at time 0 is

co=cp(l+r)™" 2.2)

The factor (1+r)~! is called the discount factor.

Example 2.2. Assume that you are promised 50000 DKK in 2 years’ time and
that the annual rate is r = 0.06. The present value is

50000 - (140.06) "2 = 44499.82 DKK .

2.1.2 Annuities

An annuity is defined as a series of equal payments that are due at some
equidistant payment dates. Each payment consists of a principal and an in-
terest. The principal accounts for the actual loan, whereas the interest accounts
for the expenses associated with the loan. As we shall see in the following,
Danish Government bonds and house loans, etc., are examples of annuities.

Consider an annuity with n terms. The duration of an annuity is the time
elapsed from the time the loan contract has been negotiated to the last payment
has been made (the n’th term). The first payments consist mainly of the princi-
pal, whereas the last payments consist mostly of the interest. Do note that the
n payments are equal, but the distribution between principal and interest varies
with time. The first payment of unit of account is made at the end of the first
term.

2.1.3  Future value of an annuity

In the following, we will need the well-known result.
Proposition 2.1 (Finite geometric series). The sum of a finite geometric series
inqis

¢ =1+¢"+@+.. +4"V = . (23)
=0 n fg=1.

=

= {H@ ifg#1
Proof. By direct calculation, we get for g # 1

n—1 n—1

i il—q 1—¢q
Yd=)Yd—=
i=0 i l=a 1-gq

n

where we used that the terms in the telescopic sum cancel out. Computing the
sum when g = 1 is simply adding » terms. O

Theorem 2.1 (Future value of a unit annuity). The future value of a unit an-
nuity as specified above is given by
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time

Figure 2.2: The evaluation of the future value of an annuity.

(1+r)"—1 .
sp=4 7 Ir#o (2.4)
n ifr=0.

Proof. By referring to Figure 2.2, where all payments are transferred to time n
using the interest rate r, we get

e = Syy=1+101+r)+1(1+r) 4+ +1(1+r)""
(4" =1 .
— ] @1 %f”éo (2.5)
n ifr=0

where we have used Equation (2.3).
O

Corollary 2.1 (Future value of an annuity). The future value of an annuity
with equal payments c per term is

Cn = CSp)- (2.6)

Proof. Follows readily from (2.5) by replacing the unit payments by payments
of amount c. O

2.1.4 Present value of a unit annuity
Let us again consider an annuity with unit of account payments with a duration
of n terms and a constant interest rate r.

Theorem 2.2 (Present value of a unit annuity). The present value of an annuity
as specified above is
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time

° 4
—
-
f
N
F
=}

Figure 2.3: The evaluation of the present value of an annuity.

=4 (141
an\r* - = (1+r)n.r r;éO 2.7

where Q. is called the annuity discount factor.

Proof. By referring to Figure 2.3, where all the payments are transferred to
time 0, we get

co="0y = 11+r)"+1(1+r) 2+ +1(1+r)" (2.8)
= (147 I+ 1+r) "+ (L) 0]
q1=-(14n"
_ 1
= (1+r) 01T r#£0
using Equation (2.3).
O

Corollary 2.2 (Present value of an annuity). The present value of an annuity
with equal payments of c units of account is

co = COC,,‘,. 2.9)
Proof. Follows readily from (2.7). [
Table 2.1 shows how @, varies with n and r, where 1 /r is called the cap-

italization factor.

2.2 Cash flows

In this section we will extend the annuities (with equal payments) from the
previous section to more general cash flows, where the payments at time i,
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o]
n—e | 1/r
r—0 n
7 — 00 0

Table 2.1: Important limiting values of o,

Cn

r
n
time/years

n

Figure 2.4: Naming conventions for cash flows and interest rates.

i=1,...,n, and the interest rates 7; may differ. Consider the cash flow diagram
in Figure 2.4, which should be interpreted as follows: An initial investment cq
is made at time r = 0. At time ¢t = 1, an income ¢ is obtained, which should
be discounted with the interest rate | to determine its present value, at time
t = 2, the income ¢, should be discounted with the interest rate r, for two time
periods, etc.

Theorem 2.3 (Present Value and Future Value). The present value (PV) of
a cash flow ¢ = (cy,...,c,) discounted by the interest rates ¥ = (ry,...,r,),
where n is the number of time periods, is

n

ci
PV(c,r) = - 2.10

The future value (FV) is given by
FV(er)=Y ci-(14+r)"" (2.11)

i=1

Example 2.3 (Duration). Let FV(c,r,N) denote the (future) value of the cash
flow ¢ at time N if the interest rate is fixed at level r. Then

FV(e,s,N) = (1+r)NPV(c,r) (2.12)
N-1 ‘

Zci(1+r)N_’+cN

i=1

N

+ Yy S (2.13)

iy (L)
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A reasonable question to pose is how a change in the interest rate immediately
after time 0 will affect FV (¢,r,N). There are important effects with opposite
directions which influence the risk.

1. Reinvestment risk: Assuming that r decreases, the first expression in the sum
(2.13) will decrease. This decrease is caused by reinvestment risk which is
due to the fact that the payments up to time N will have to be reinvested at
a lower interest rate.

2. Price risk: Conversely, the last sum in (2.13) will increase when the interest
rate r decreases. When the interest rate decreases the payments after time N
will be discounted by a smaller factor and thus the payments will be higher.
The payment af time N, cy, is unaffected by changes in the interest rate.

Theorem 2.4 (Net Present Value (NPV)). The net present value (NPV) is given
by

NPV (c,r) =

(2.14)

1=
iy
-
+|o
:
~
|
)
(=)

Proof. Straightforward. O

Example 2.4. Consider the following cash flow and interest rates:

1000
6% 800 800

6%

time/years

2250

The present value is determined by (2.10);

PVer) — 1000 800 800
T 106 1 (1.06)2 T (1.06)3

= 943.40+712.00+671.70 = 2327.10

and the net present value follows from (2.14)
NPV (c,r) = PV(c,r) —co = 2327.10 — 2250.00 = 77.10.

Thus by investing 2250 DKK we can make a profit of 77.10 DKK measured at
time t = 0.
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It is an interesting problem to determine the interest rate that implies that a
given cash flow has the net present value 0. This implies that the present value
of, e.g., a loan is zero such that it is merely an intertemporal substitution of
money.

Definition 2.1 (Internal rate of return). The internal rate of return (IRR) y =
IRR(co,¢) of a cash flow ¢ is a solution y > —1 of the equation

n Ci
co= l; Ty (2.15)

Forc; >0,i=0,1,...,n, the internal rate of return is called the yield.

Remark 2.1. For a cash flow with both positive and negative future payments
the IRR is not uniquely determined. In fact the polynomial (2.15) may have as
many as n — 1 roots. However, IRR is uniquely determined provided that the
initial payment co > 0and c; >0,i=1,...,n.

Remark 2.2. Functions for determining NPV (¢,r) and IRR(co,¢) for a given
cash flow may be found in most spreadsheets, but can easily be computed using
numerical methods (Quasi-Newton or Regula Falsi) in a general programming
language.

Example 2.5 (T-maturity bullet loan). A T-maturity bullet loan with face value
F and coupon rate c is essentially described by ¢ = (cF,cF,...,(1+c)F).

Assuming that the price of a bullet loan is given by m = co, we will show
later that the internal rate of return y is not a reasonable choice of a discount-
ing factor. It is unreasonable to assume that the interest rate will remain con-
stant during the entire duration of the bond. The variation of the bond prices
as a function of T is called the term structure of interest rates,' and this subject
will be studied in detail in later chapters. A primary goal will be to determine
the interest rates r given an interest rate model and one (or possibly several)
time series of bond prices.

Note that an internal rate of return is defined without referring to the un-
derlying term structure. The internal rate of return describes the level of a flat
term structure (i.e., a constant interest rate) at which the NPV of the cash flow
is 0.

An application of the internal rate of return in capital budgeting is to com-
pare some projects that one may wish to initiate in order to choose the most
profitable. When this criterion is used the better project is the one with the
highest IRR. Another way of choosing among alternative projects could be to
compare their net present values.

'A constant interest rate implies that the term structure is flat.
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2.3 Continuously compounded interest rates

As the financial markets around the world trade continuously, a more frequent
quotation (than on, say, a daily basis) of interest rates is called for. Thus we
will introduce continuously compounded interest rates, i.e., interest rates in
continuous time, which will be used extensively in the remainder of the text.

Assume that we deposit 1 000 DKK in a bank account with an annual rate
of 6%. If the interest rate is calculated at the end of the year, the bank account
will contain

FV =1000-(1+0.06)! = 1060 DKK

where (2.2) have been used.
Now assume that a semiannual rate of 6%/2=3% is added twice a year

FV =1000-(1+0.03)> = 1060.90 DKK .
If a quarterly rate of 6%/4=1.5% is used, we get
FV =1000-(1+0.015)* = 1061.36 DKK
and, if we use a monthly rate of 1% each month, we get
FV =1000- (1+0.005)'? = 1061.68 DKK .

Note that the number of interest additions during a year gives rise to a higher
future value of our deposit although the annual rate remains the same.
In general, assume that the annual rate is fixed at » and that we add interest
n times during a year. The future value of our deposit ¢ at time 0 will in a year
be n
FV = o)) (1 + E)

which readily follows from the previous computations.

It is an interesting problem to determine the compounded interest if we let
the number of interest additions tend to infinity. This implies that interest is
added to your account at the end of every infinitesimally small time interval
during the entire year.

Theorem 2.5 (Continuously compounded interest rate). Let n denote the num-
ber of interest additions to an account with a fixed annual interest rate r and a
unit deposit at time 0. The continuously compounded interest rate is given by

lim <1+f)":e’ (2.16)
n—soo n
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Proof. Consider the function
foy=(1+ %) = exp{nlog (1+ 2) b =exp(g(m).

Introduce the change of variable r = % in g(n) such that

g(l)zlog(l—&-rt).

t t
A first-order Taylor expansion of log(1 + rr) yields

rt+o(t)
t

—r for t —07.

This implies that f(n) — ¢” for n — oo. O

Let us illustrate the use of the continuously compounded interest rate with
a couple of examples.

Example 2.6. Assume that you deposit 1 DKK in the bank at the continuously
compounded interest rate r at time 0. The future value at time t is then e".
If you wish to use 1 DKK at time t you should deposit e™"" at time O.

Example 2.7. Assume that you deposit 1 DKK on a bank account with the
annual rate 6%. A year later this will be worth 1.06 DKK. The corresponding
continuously compounded interest rate is then

1.06=¢" < r=In(1.06) =0.0586 =5.86%.

This computation illustrates that one should carefully note whether it is the an-
nual rate (a discrete time entity) or the annualized continuously compounded
interest rate that is given in problems and other sources of information.

In the following we will need to be able to discount some amount C at time
t =T back to time ¢.

Let M(¢) denote the contents of a bank account with the continuously com-
pounded interest rate r. At some time ¢t = T, we know that the bank deposit will
be C, and we need to determine its value at time 7,0 <t < T.

The bank deposit will exhibit exponential growth with the growth rate r

dMm
— =rdt (2.17)
M
which has the solution
M(t) =ce" (2.18)

where ¢ is some constant. Using that M(T) = C, we get

M(t) = Ce T, (2.19)
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Assuming that the continuously compounded interest rate varies deterministi-
cally with time, we get

T
M(t)=Cexp | — /r(s)ds . (2.20)

t
‘We will also need to be able to determine the future value of some amount

using the continuously compounded interest rate. For this purpose we intro-
duce

Definition 2.2 (Money account). The money account process is defined by

t

B(1) = exp / r(s)ds 2.21)
0
or
dB(t) = r(t)B(r)dt (2.22)
B(O) = 1 (2.23)

where r(t) denotes the continuously compounded interest rate at time t.

The money account is simply a formal way of saying “money in the bank,”
because the amount B(z) is compounded continuously with the interest rate
r(t). Note, in particular, that the interest rate may be described by a stochastic
process, and that we just plug in a given sample path of the interest rate in
(2.21). By reverting the time in (2.21) (in which case we get (2.20)), it also
serves as a simple model of bonds, such as Danish Government bonds or US
Treasury bills.

2.4 Interest rate options: caps and floors

So far we have assumed interest rates to be deterministic, but this is clearly
at odds with reality. Consider, e.g., the Copenhagen InterBank Offered Rate
(CIBOR) in Figure 2.5, which is the interest rate banks use when they loan
or borrow money from one another. These rates are quoted for a number of
maturity dates, i.e., they are interest rates associated with loans on a 1, 3 or 6
months basis.

Referring to Figure 2.5, the first 600 observations (1/2 1990 to 1/7 1992)
of the interest rates fluctuate around approximately 10% with slightly higher
values at both ends of the period. Following this stable period, the currency
turmoil begins in the fall of 1992. First, the pound drops out of the EMS (Eu-
ropean Monetary System) on 22/9 1992 where the CIBOR 1M? is set at 35%,

2CIBOR 1M is short for the one-month CIBOR time series, etc.
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Daily observations of the CIBOR series
35 T T T T T T
’1-month’ —
’3-month’ ----
’6-month’ -----

Interest rate

0 200 400 600 800 1000 1200
Day (number)

Figure 2.5: The complete data set for the period 1/2 1990 to 20/3 1995.

whereas the CIBOR 3M and 6M equal 14.875% and 12%, respectively. In
November 1992, the international currency traders turned their attention to-
wards the Scandinavian currencies. The first attack was on the Finnish markka
on 8th September, that also influenced the Norwegian and Swedish currencies.
This was followed by devaluations of the Italian lire on 14th September and the
Spanish peseta on 17th September and the pound dropping out of the EMS on
22th September. Attention was the redirected towards the scandinavian curren-
cies again, with the Swedish krona floating from 19th November an attacks on
the Norwegian krone peaking at 23rd November (this is the first peak in Figure
2.5). The speculation continued through the year (the second cluster of peaks
in Figure 2.5) with a third cluster in 2013. These attacks are easily seen in the
group of observations numbered around 700-750, i.e., November-December
1992. The first peak on the November 11, 1992 was due to an attack on the
Finnish markka, the second peak concerns the Norwegian Krone December
12 and finally attention was turned to the Swedish Krona around December
11. On this date, the CIBOR 1M was raised to 34%. During this period the
National Banks in the Scandinavian countries spent large amounts of money
trying to defend their currencies. Later, in February 1993, the Danish Krone
came under attack and the CIBOR 1M was raised to 32.75% on February 8.
Following this turmoil, the interest rates drop exponentially until the
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French Franc is brought into focus during July and August 1993, where the
CIBOR 1M is raised to 24.7% on August 3, 1993. Although the figures in this
last period do not seem to be as externally determined as the previous periods
of currency turmoil, which might indicate that a very high level of volatility is
present in the series/markets, it is deemed that some interventions are made by
the National Banks.

By considering the three time series as a collection of three-dimensional
stochastic variables, the correlation structure of the time series is easily

obtained:
1.0000 0.9356 0.8311

[0;j] = | 0.9356 1.0000 0.9611 | . (2.24)
0.8311 0.9611 1.0000

It is readily seen that the CIBOR interest rates for different maturities are
strongly correlated, although it can be seen graphically that the correlation
varies (decreases) over time. More specifically, the correlation between the in-
terest rate was stronger prior to the events described in the text above.

Although some of the large variations in the CIBOR series may be ex-
plained by interventions from the National Banks, it is clear that market par-
ticipants would like to protect themselves against such large variations in the
interest rates. Indeed, a large number of interest rate derivatives have been
derived with this application in mind. Some of these use the interest rate it-
self as the underlying asset. In the following we will consider two interest rate
derivatives: The cap is a contract that can be used to protect a borrower against
floating or stochastic interest rates being too high. A cap can be thought of as
a series of interest rate options (these are called caplets.) Conversely, a floor
is a contract that can be used to protect a lender against floating interest rates
being too low.

Example 2.8 (A simple interest rate option). We will consider a 6 Month
European-style Call option on the 6 Month LIBOR® at a strike level of 8%
and a face value of 10 Million USD. We will assume that this option costs 30
000 USD, which corresponds to 3% of the face value (or 30 basis points of the
face value).

Let us adapt a tabular form of specifying the details of the option:

Option type: European-style Call option
Expiration date: 6 Months (183 days)
Underlying interest rate: 6 Month LIBOR

Strike level: 8%

Face value: 10 Million USD

Cost of the option: 30 000 USD

Current 6 month

LIBOR interest rate: 8%

3LIBOR is short for London InterBank Offered Rate.
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This call option gives the buyer the right but not the obligation to receive
the difference between the 6 Month LIBOR interest rate (the underlying) pre-
vailing in six months’ time (the expiration date) and the 8% strike level, if
the former happens to be greater. Thus the buyer of such an option receives a
higher payoff as interest rates rise. The face value determines the size of the
contract. The payoff function is as follows:

6 month LIBOR
interest rate Call option payoff
< 8% 0
>8% (r—8%) -182/360- 10 Million USD

Thus, the payoff is determined by the difference between the actual interest
rate r in 6 months (expressed as an annual rate in percent) and the strike
level of 8%. This is multiplied by the actual number of days in the subsequent
six months period as a proportion of the 360 days in a year (!), and the face
value of the option. Note that this payoff is received on the maturity date of the
underlying interest rate, i.e., 183+182=365 days from today. Thus, the current
time (t = 0 days) is when the contract is written, the contract expires in 183
days and the payoff of the underlying face value will be received 365 days
from today. Assuming that the actual interest rate in 183 days’ time is 9%, the
following payoff is obtained:

(9% — 8%) - 182 /360 - 10 Million USD = 50555 USD

and this amount will be received 365 days from today. Let us compute the
break-even point, i.e., the interest rate i, where the total borrowing cost would
be the same with and without the call option. This is not the strike level of 8%,
because we have to take the price of the option 30 000 USD into account.

Assuming that we didn’t purchase the option, the cash flow on the repay-
ment date of the loan of $10 million on the maturity date would be

10 million USD -[1+ (i% - 182/360)].

Using the call option, the interest rate will be limited by the strike level. Thus
the total payment on the loan on the maturity date would be

10 million USD - [1 + (8% - 182,/360)).

Recall that the option itself costs $30000 today, and we have to compute the
future cost on the maturity date. The interest rate for the first six months (183
days) is known today, but the interest rate for the second six month period
(182 days) is not known today. However this was denoted by i such that the
compounded cost of the option is

30000 USD - [1 + (8% - 183 /360)][1 + (i% - 182/360))].
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Thus the break-even point may be found from the equation

10 million USD - [1+ (i% - 182/360)] =
10 million USD -1+ (8% - 182/360)]
430000 USD - [1 + (8% - 183/360)][1 + (i% - 182/360)].

By solving this with respect to i, we get
i =8.64%.

This implies that the option starts to pay if the interest rate at the expiration
date exceeds 8.64%. If the interest rate is lower at the expiration date, we
would have been better off without the option.

An interest rate cap is a series of European call options. Let us consider an
example.
Example 2.9 (Caps). We consider a 5 year cap on 6 month LIBOR at 8% with
a face value of 100 million USD

Option type: Interest rate cap
Term: 5 years

Underlying interest rate: 6 Month LIBOR
Reset dates: January 13, July 13
Strike level: 8%

Trade date: January 13
Settlement date: January 15
Underlying amount: 100 Million USD
Upfront fee: 3 million USD

Essentially we wish to borrow 100 million USD and protect ourselves against
interest rates above 8%. This protection is obtained by purchasing a cap at the
cost of 3 million USD. Assume that we wish to pay this amount as a stream of
periodic payments. Since the term of the cap is 5 years, there are 10 periods of
6 months involved. However, since the interest rate for the first period is known
today, we need not purchase an option on this rate. Hence there are 9 options
in the cap (each of these is called caplets) with payoffs to be determined on the
reset dates: January 13 and July 13. The stream of periodic payments may be
considered as a cash flow which should be balanced against the upfront fee of
$3 million. Using a semiannual rate of 4%, we could determine the size of the
9 payments using (2.7)

co 3000000 3000000

- 9_
an\r 069‘4% (10471
(1.04)9-0.04

=403 479 USD.

Thus we should pay 403 479 USD every 6 months for the next 4.5 years. How-
ever, these payments were computed under the assumption of equal interest
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rates during this period. We have to consider the multiperiod scenario of the
cap spanning over 4.5 years, where the interest rate will be floating or vary
randomly. If this is taken into account the payoffs from the cap depend on the
whole sequence of future interest rates. Again, it turns out that we need to know
something about future interest rates in order to price financial derivatives. An
assessment of these future rates will be based on the term structure of interest
rates.

2.5 Notes

The material in this chapter is based on Lynggaard [1993], which contains
a number of examples and exercises. In addition in the lecture notes, Lando
[1996] provides an excellent introduction to mathematical finance in general.
An excellent introduction to a wide class of financial derivatives is Figlewski
et al. [1991]. In particular, this book contains a large number of carefully
worked examples.

2.6 Problems

Problem 2.1
1. Show the limits in Table 2.1.

Problem 2.2

Consider an European call option on the amount ¥ of USD with exercise date
T and strike price K.

1. Explain why a higher strike price K gives rise to a lower price II on the
option.

Problem 2.3

Consider an European call option on the amount ¥ of USD with exercise date
T and strike price K. Let ¢, denote the arbitrage-free price of this option.

1. Draw the payoff diagram.

Problem 2.4
Consider the following cash flow:

| Term | Payment

1 80000
2 80000
3 75000
4 65000
5 50000
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Assume that the interest rate is r = 0.12.

1. Compute the present value ¢y = PV (c,r).

2. Compute the future value ¢s = FV(c,r).

3. Determine the initial payment cg for this cash flow such that the net present
value is 0.

Problem 2.5

The Simpson family wish to have saved 100 000 in a bank account for a new
car in 5 years.

1. Determine the monthly deposits to a bank account assuming that the
monthly interest rate is r = 1%.

Problem 2.6

A man borrows 10 000 DKK at time O for three years, which should be paid
back as an annuity loan, i.e., as n = 3 equal payments a. The annual interest
rate is r = 0.06.

1. Compute the payment ¢ per term. Each payment of equal amount consists
of a payment of principal and interest. The last two differ from one-period to
another.

2. Complete the following table:

| Time | Payment | Interest | Principal | Remaining debt

0 10000
600

1
2
3

Problem 2.7
Show that

Problem 2.8
Consider the cash flow ¢ = (cp,c1,c2)". The internal rate of return y is the
solution to the equation

(2.25)

as stated in Definition 2.1.
1. Show that there may exist two solutions (y;,y») such that the internal rate
of return y is not uniquely specified.
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Problem 2.9
Consider the following cash flow:

1000
800 800 800 800

time/years

1 2 3 4 5

1. Assuming that the annual rate is 6%, what is the present value of this cash
flow?
Consider the same cash flow with different interest rates as shown below:

1000

4% 800 800 800 800

5% 6% 6% 5%

time/years

1 2 3 4 5

2. Determine the initial payment ¢ such that the present value is 0.
Consider the following cash flow with net present value 3600.78.

1000

5% 800 800 800 800

5% 3 6% 5%

time/years

1 2 3 4 5

3. Determine the interest rate r3.

Problem 2.10
Assume that you deposit 1 DKK in a bank account with an annual rate of 12%.
1. Determine the continuously compounded rate r.

Problem 2.11
Consider an annuity with n terms with equal payments ¢, a duration of n peri-
ods and the constant interest rate r.

If the first payment is made at the end of the first term the present value
is given by (2.7). Consider the more general case, where the first payment is
made at term k, where 0 < k < n.

1. Plot the cash flow in a diagram similar to Figure 2.3.
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2. Derive a formula for the present value in the more general case. The formula
should contain o,

Problem 2.12
Consider the simple market on page 4.
1. Show that the discount factor B = By /B; is given by

B=(+n)"

where r is the annual rate.

2. Now assume that the price of the bond at time # = 1 is fixed at B;. Explain
what will happen to the bond price at time ¢ = 0, By, if the interest rate r goes
up or down. Plot By as a function of r for reasonable values of r.

Problem 2.13
1. Show that (2.20) simplifies to (2.19) for r(t) = r, i.e., a constant rate.






Chapter 3

Discrete time finance

This chapter will describe discrete time models in order to introduce the reader
to some of the basic concepts to be used in subsequent chapters on continuous
time. The theory in discrete time is simpler as the proofs only require linear
algebra.

In this chapter we shall consider simple models of security markets and de-
scribe the basic principles of valuation of contingent claims (e.g., options, fu-
tures). The key idea behind valuation in markets with uncertainty is the notion
of absence of arbitrage. Roughly speaking, an arbitrage is a situation where an
investor, through buying and selling securities, takes a “position” in the market
which has zero net cost and which guarantees 1) no losses in the future and 2)
some chance of making a profit. In a model free of arbitrage such investments
are not possible.

3.1 The binomial one-period model

Consider a financial market with two securities, a stock and a bond, and two
time points ¢ = 0 and ¢ = 1. The bond is a riskless asset with initial price By,
and price (1 +r)By at time ¢ = 1, where r > 0 is the deterministic constant
interest rate and (14 r)~! is the discounting factor. The initial stock price is
given by Sy and the price at time ¢ = 1 is assumed to be unknown. At time
t = 1 the market can be in either of two states. With probability p the stock
price will be § % associated with state 1 (the upper index indicates the state),
and with probability 1 — p the stock price is S% at time t = 1.

(=]

time: 0 time: 1 time: 0 time: 1
Figure 3.1: The binomial branch for the stock and the bond.

37
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Suppose an investor is interested in a contract, e.g., an option which pays

c if state 1 is realized and ¢, if state 2 is realized. What should such a contract

cost in the one-period financial market consisting of a stock and a bond? One

suggestion would be to price the contract as the expected value of future pay-

offs, discounted by the factor (14 r)~!. Let V denote the price of the contract.
Then

V=>1+r)"E[C]=(1+r)"(pci + (1 - p)ec2). (3.1)

‘We shall, however, see that this is not correct, at least not in the naive form; cf.
Harrison and Pliska [1981], Biagini and Cont [2006].

Consider instead a general portfolio (¢, y) € R?, consisting of ¢ units of
the stock and y units of the bond. The price of that portfolio at time ¢t = 0 is
(PS() + WBy.

Attime ¢ = 1 the value of that portfolio would be ¢S} + y(1+r)By in state
1 and ¢S% + (14 r)By in state 2. To find the correct price of the contract we
could choose the portfolio (¢, ) in a way that yields ¢; in state 1 and ¢, in
state 2. The principle of buying a portfolio with the same cash flow/payoff as
a contract is called replication. By solving the linear equations

oSl +w(1+r)By = ¢ (3.2)
¢ST+y(1+r)By = o (3.3)

the following portfolio is obtained

C) —C]
¢ = og (3.4)
7 1 (c2—c1)ST
Vo= 0+@m<q s2—st ) (3-5)

If this portfolio is bought, the payoff at time = 1 would be c; in state j = 1,2.
The price V of the portfolio at time # = 0 is

~ Cc)—C] 1 (CQ-C])S%
V=¢S By =S — . 3.6
¢So+¥Bo O(S%—S{>+(l+r) (6‘2 s_s! (3.6)

This is an other candidate to the price of the contract which differs from
(3.1), and this is the correct price as we shall see.

Consider some other market maker offering to buy or sell the contract for
a price P less than V. Anyone could buy the contract in arbitrary quantity, and
sell the portfolio (¢, ) above to replicate it. At time # = 1 the value of the
contract would exactly cancel the value of the portfolio, whatever the stock
price would be — thus this set of trades carries no risk. But the trades were
carried out with a profit of V — P per unit of contract. By buying arbitrary
amounts anyone could make arbitrary risk-free profits, so P would not have
been a rational/fair price for the market maker to quote.
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Similarly if the market maker quotes a price P greater than V, anyone could
again make arbitrary risk-free profits. Hence the price V is the rational/fair
price for that contract. In the next section a more general! model will be con-
sidered, which includes this model as a special case.

3.2 One-period model

The model considered in this section is the simplest possible model of a se-
curity market with uncertainty — the Arrow—Debreu model. We assume that
there are N securities with the initial price vector Sy = (S(l),Sz, .. ,Sf)v )T, which
can be held in any positive or negative real number by any investor. An in-
vestor is said to hold a short position of a given security if he or she has a
negative amount of that security, and the position is long if the investor has
a positive amount. The security prices Sy are known at time ¢ = 0 while the
future prices S; are unknown at time ¢ = 0. It is assumed that the market can
be in M different states @; at time t = 1, and the security prices at time t = 1
can be represented by the cash-flow matrix D € RV*M as follows

Sj(on) Sj(on) - s}(@w)
D— Sy (wl) Sy (WZ) Sl(fDM) 37)
SY (1) SY (o) SY (con)
= [Si(@) Si(m) - Si(on)]
where ®; is an outcome from the finite sample space Q = {@,®,,..., 0y}

and Sy (w;) € R is the price vector at state j. Thus if the uncertainty in the
market generates the outcome ®;, the stock price will be S (®;).

The j™ column of D is the price vector S;(®;) € R associated with state
j and the " row is the possible payoffs which are associated with holding one
unit of security j.

A portfolio of securities is represented by a column vector h = (h!,h?,
<, hN)T ie., (h € RY), where h' denotes the number of securities of type
i bought at time ¢ = 0. The portfolio h is defined on R", i.e., h € R". This
implies that the investor is allowed both to go short in any security and own a
noninteger number of any securities (e.g., 0.3). Assume, e.g., that h' = —/2.
This means that at time ¢ = 0 you get v/2S] and at time t = 1 you owe V251 (®),
which is a stochastic variable.

The wealth process V;(h) is defined as

N
Vi(h) =Y n'S;=h"S,  for 1=0,1 (3.8)

! Although still very simple.
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and it equals the value of a given portfolio as a function of the time (¢ = 1,2), of
the initial price vector Sy, and of the outcome of the stochastic variable S; (®).

Definition 3.1 (Arbitrage in discrete time). An arbitrage portfolio is a portfo-
lio W such that hTSg = 0 and

W'D, >0 forall 1<j<M (3.9)
W'D, >0 forsome 1<j<M (3.10)

where D.; denotes the j" column of D.

This means that an arbitrage portfolio is a zero investment portfolio (at t =
0) where losses are impossible (at time ¢ = 1) and there is a positive probability
to make a profit (at time ¢ = 1), provided that all @; > 0.

3.2.1 Risk-neutral probabilities

As stated in the introduction, the value of a given security is in general not
given by the discounted expected value of future cash flows. In the following
we shall show that the right price of a security, in the sense of no arbitrage op-
portunities, is the discounted expected value of future cash flows. However, the
expectation should be computed with respect to an other probability measure
(possibly non-unique) called the risk-neutral probabilities q, which in general
differ from the objective probabilities p.

Theorem 3.1 (State price vector). If there exists a vector of strictly positive
numbers q € R

qa=(q1,92,---,qm)", (3.11)

called a state price vector, such that

M
So=Dq=) ¢q;D; (3.12)

J=1

then no arbitrage portfolios exist. Conversely, if there are no arbitrage portfo-
lios, there exists a state price vector q with positive entries satisfying (3.12).

Proof. See Duffie [1996]. L]

The theorem says that the initial price vector and the cash-flow matrix D
must satisfy certain conditions in an arbitrage-free model. Given a state price
vector 7 for the pair (D, Sp), let go = Y| g, and for any state j, let§; = g,/qo.
The vector § = (§1,42,...,4u)" has positive elements and the sum is 1 by
construction; hence, it can be interpreted as a probability distribution.

By inserting g; = §qo in (3.12) we obtain

M
Y 4;Di; = qoE°[D;] 3.13)

M
So =Y 904;Dij = qo
=1 j=1

j=
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where EQ[-] denotes the expectation operator with respect to the risk-neutral
probabilities.

Suppose there exists an investment opportunity which guarantees a riskless
payoff of 1 USD at time ¢ = 1. In terms of the model the payoff of this riskless
investment can be represented as a vector (1,1,...,1) in R¥. According to
Theorem 3.1 the value of such an investment must be ZI}/I qj = qo- Since a
bond basically is a security that pays a certain amount — say 1 USD without
any loss of generality — at the expiry date (z = 1), the price of a bond in this
one-period model is go. We call gg the discounting factor because it tells us
how much 1 USD at time ¢ = 1 is worth today ¢ = 0.

Equation (3.13) states that the fair price of a security in a model free of ar-
bitrage is the discounted expected payoff at time (# = 1), where the risk-neutral
probabilities are used in the expectation. The change from the objective proba-
bilities p to the risk-neutral “probabilities” q thus incorporates the discounting
factor g, as well as the real risk-neutral probabilities q.

Remark 3.1. We will see in the corresponding chapter on continuous-time
models that a slightly more general formulation is used. The definition there
is that a risk-neutral probability measure is a probability measure such that
ratios of traded assets are martingales

So S
e O N 14
B, [31} (3.14)

This definition will be helpful when valuing, e.g., interest rate derivatives.

3.2.2 Complete and incomplete markets

In the binomial model (with two states) presented in the beginning of this chap-
ter any vector of future cash flows, ¢ = (cy,¢;), can be replicated in terms of
a portfolio of a stock and a riskless bond. This property can be generalized to
the setting of N securities and M states.

Definition 3.2 (Complete market). A securities market is said to be complete

if, for any cash-flow vector ¢ = (ci1,c2,...,cu), there exists a portfolio h =
(h1,ha, ....hw)T of traded securities, which has a cash-flow cj in state j, for
all1 <j<M.

Remark 3.2. Market completeness is therefore equivalent to the existence of
a solution h € RN to the linear equations

h'D=c (3.15)

for any ¢ € RM, where D is the cash-flow matrix defined in (3.7). From linear
algebra it is well known that this property is satisfied if and only if

rank(D) =M (3.16)
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which is equivalent to saying that the rows of the matrix D span the entire RM
space.

Remark 3.3. A necessary condition for market completeness is that the num-
ber of traded securities must be at least as large as the number of states.

Proposition 3.1. Suppose that the market is complete and the model is free of

arbitrage. Then there exists a unique set of state prices (T, Ty, ..., Ty) and
hence a unique set of risk-neutral probabilities (1, fy, ..., fiyr). Conversely, if

there exists a unique set of state prices, then the market is complete.

Proof. Market completeness implies that the price of a contingent claim which
pays $1 in state j and O otherwise is determined for all j. Therefore, there can
be at most one set of state prices. Hence, if they exist they are unique.

The converse statement, that if there exists a unique state price vector (with
strictly positive elements) then the market is complete, is proved by a contra-
diction argument. Assume the market is not complete, then rank(D) < M. From
linear algebra, we know that the matrix D must have a non-empty nullspace,
i.e., there exists a vector A = (A1, A2,...,Ay) such that

DA =0.
Using the no arbitrage relation (3.12) we obtain
So=D(q+pA)

for all real numbers p. Since the entries of q are strictly positive, we can choose
p sufficiently small such that ¢; 4 pA; is positive for all j. Therefore we have
constructed a new state price vector, contradicting the hypothesis. We conclude
that in a market free of arbitrage, uniqueness of state prices implies that the
market is complete. O

The concept of completeness is a convenient idealization of the behaviour
of securities markets. However markets — with many possible price structures
satisfying the no-arbitrage condition — are the rule rather than the exception.

Example 3.1 (The trinomial model). By adding one more state to the binomial
model in Section 3.1 we obtain the so-called trinomial model, which is an
incomplete market since the cash-flow matrix D is 2 X 3. Due to the fact that
the state prices are not unique, the price of contingent claims can not in general
be determined uniquely.

Assuming that there is a riskless bond on the financial market, with a de-
terministic rate r and a value of one at time t = 1, and assuming no arbitrage
then we get from (3.13) that

1
—— =T Q+q3 Bond price (3.17)
I+r

So= S%ql +S%q2 +S*?q3 Stock price (3.18)
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where we assume that
S} <8t <83 (3.19)

Admissible sets of state prices T must satisfy Equations (3.17)—(3.18) and must
have strictly positive entries. By subtracting (3.18) from (3.17) we obtain

i St S
O=(1+r—— g+ |1+r—= |+ |1+r——=|gs. (3.20)
So So So

Since q is strictly positive the equation above can only be fulfilled if

Si S
S0<1+r<SO. (3.21)
With this condition the model is free of arbitrage, and the set of admissible state
prices can be visualized as a line segment corresponding to the intersection of
the planes described by (3.17) and (3.18) in the positive quadrant Ri .
Since the state prices are strictly positive in all coordinates, the extreme
values at the line segments are

5] S|
q1 = %7 =0, q3= #051, (3.22)
(+nGE -8 (1+n( -5
and
S (147) (147) -2
So S
q1 = Oa q2 = - 3 2 q3 = 3 (;2 (323)
- oG-
. S
lf%§(1—|—r),0r
i i
= =0 g3=0  (324)
(G- T aenE-§

iFS3/So > (1+7).

Due to the fact that the model is incomplete, the price of derivatives cannot
be determined uniquely. However, since the set of admissible state prices is
the line segment mentioned above, bounds on the value of derivatives can be
calculated. Since the value of the derivative is a linear function, and the line
segment is an open convex set, an infimum and supremum of the price can be
found. To illustrate this, consider the case of a call option on the basic security
S, with strike price K. Assume that S% <K< S?. Then the cash flows for this
option are S? — K in state 3 and 0 in state 1 and 2. Its no-arbitrage value is
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C=m (S? —K). According to the extreme values of the admissible line segment

the upper bound for the call option is

Sl

(14r)—3

Ct=m(s}—K)= ﬁ(s? —K). (3.25)
(+nGE -8

IfS3/So > (1+r) the lower bound of the price is C~ =0, and if S3 /Sy < (1+7)
the lower bound is

S2
(I+r)—%
C™ =m(si—k) = 5 SOS% (S3 - K). (3.26)

(14 —5)

This example addresses two subjects. First, the example shows an impor-
tant application of state prices as a tool for valuation of derivatives in incom-
plete markets. State prices are not unique but they can nevertheless be used to
obtain partial information about fair prices. Second, the example shows that in
order to obtain complete markets, where the pricing of derivatives is uniquely
determined, the number of stocks must be at least as large as the number of
states.? To get more realism in a model of a financial stock market, the number
of states must be large, because why should the stock take only two or three
possible values? However the drawback by increasing the number of states is
that the number of stocks must be increased as well. Fortunately, there is a
clever way out of this problem.

3.3 Multiperiod model

The idea is to divide the interval from O to 7 into equidistant smaller subinter-
vals, where T denotes the expiry date of a given derivative, and allow the stock
price to move up and down in each subinterval; cf. Figure 3.2. With this setup
the stock price can have 27 different prices at time 7, if none of the nodes
at time t = T coincide. However, often a so-called recombinant tree is used,
where different branches can rejoin. Using the terminology of graph theory, a
recombinant tree is a graph where a given node can have more than one pre-
decessor. In the recombinant tree in Figure 3.2b the stock price can take 7 + 1
possible values at time 7.

Before we go into details with the mathematical technicalities, we provide
an example to guide the intuition.

Example 3.2 (Two period model). Consider a two period model consisting of
a riskless security, with initial value 1 and a deterministic interest rate r, and
a stock with uncertain values at time t = 1,2. The uncertainty of the stock is
modelled as a binomial tree, consisting of a binomial branch at the initial node

2This follows from Remark 3.2.
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= 4
1-p /pVQ 1\‘)‘

t=0 t=1 t=2 t=3 t=0 t=1 t=2 t=3

Figure 3.2: Two binomial trees — the one to the right is a so-called recombi-
nant tree, where a given node can have two predecessors.

at time t = 0, and binomial branches at the two possible nodes at time t = 1.
By truncating the tree in Figure 3.2 at time t = 2, the evolution of the value of
the riskless security and the stock price is given in Figure 3.3.

The initial value of the stock is assumed to be S. At time t = 1 we know
whether the state of the world is either () or w,) or (®3 or wy). If the state

States

A
oty

@ .

t=0 t=1 t=2

Figure 3.3: The evolution of the value of the stock price in a two period model.
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of the world is (@ or ) the value of the stock is uS, and the value is dS
if the state is (w3 or @u). The value of the money market account is (1+r)
independent of the state of the world. At time t = 2 the state is known, and
the value of the stock is listed in Figure 3.3. The value of the money market
account is (1+4r)>.

Now suppose we want to price a European call option on the stock with
exercise price K. The value of the option at time t =2 is V = max(Sy(®) —
K,0), where o indicates that the stock price depends on the state of the world.

In the one-period model the arbitrage-free price is found by the value of a
replicating portfolio (with the same cash flow at the end of the period). This
principle will be applied in a recursive manner to the two period binomial
model. We begin with the upper binomial branch at time t = 1. Let C,, denote
the value of the call option in state ®; and Cy, in state @,. As in the one-
period model we want to determine a portfolio (¢, ) in the stock and the
money market account, which replicates the value of the option at time t = 2.
This is obtained by solving the linear system

0’ S+, (14+7)? = Cu, (3.27)
GuduS+y, (141> = Ca (3.28)
The solution is
Cuu —Cau uCqy — dCyy
= ——, = . 3.29
%= sw—dy VT Ut rRu—d) (3:29)
The value C, of this portfolio is
C, = QuS+y,(1+7)
1 ((14r)—d u—(1+r)
l+r< S Cut ) (330)

and this is what the call is worth at time t = 1 if the first move was up. If the
first move was down the value of the call C; at time t = 1 can be determined in
a similar way, thus

1 ((I4r)—d u—(1+r)
Cd—lJrr( —d Cua + p— Cua ), (3.31)

where Cyq and C,q denote the value of the call at state w4 and w3 at time t = 2.
Now we know what the call is worth at time t = 1 depending on which state
we are in at that time. Looking at time t = 0 we want to construct a portfolio
which gives us C, if we are in state (@) or an) at time t = 1 and Cy is the state
in (@3 or y). Again we have a one-period problem, which we can easily solve,
and the value of the replicating portfolio, which is equal to the value of the call
Co at time t = 0, is given by

1 ((1+r)—d u—(1+r)
= . . 2
Co l+r< u—d T =g (3-32)
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By inserting (3.30) and (3.31) in (3.32), and defining g = (lzzjd, we get

Co= (C]zcuu + 2q(1 — ‘I)Cud + (1 — q)zcdd) . (3.33)

(1+7r)2
We recognize that this expression shows that the value of a call option is found
as the discounted value of the expected value of the payoff of the option at time
t =2, where the expectation is taken with respect to the risk-neutral probabil-
ities. The risk-neutral probabilities denote the probabilities under the equiva-
lent martingale measure Q, which we will discuss later. Formally we have

1
7

The important thing to learn from this example is the following: Starting out
with the amount Cy, an investor is able to form a portfolio of the stock and
the money market account which produces the payoffs C, or C; at time t =
1 depending on where the stock goes. Now without any additional cost, the
investor can rearrange his portfolio at time t = 1, such that the payoff at time
t = 2 will match that of the option. Therefore, at time t = 0 the price of the
option must be Cy.

Co= E%[C—,]. (3.34)

3.3.1 o©-algebras and information sets

In this section we shall present a general formula for derivative pricing in
multiperiod models. Some important concepts from probability theory, like
o-algebras, probability spaces, partitions, etc., will be used. If the reader is not
familiar with these concepts please consult Appendix B for a brief overview.

Given a probability space (Q,.7,P) with a finite sample space Q, and .#
the o-algebra of all subsets of Q, assume that P(®w) > 0 for all ® € Q (no
elements in Q have probability zero). Also assume that there are 7'+ 1 dates,
starting at date 0, ending at time 7. In the general theory of multiperiods mod-
els it will be shown that the pricing of derivatives consists of a conditional
expectation, where the conditioning argument is the “information set” up to
the present time. It is therefore important to formalize the concept of infor-
mation, which is done by introducing c-algebras. However, to illustrate how
information is revealed through time, we give an example.

Example 3.3 (Event tree). Consider the event tree in Figure 3.4 with three pe-
riods. In this example we shall only consider how we can represent knowledge
in terms of partitions/c-algebras, and not study a particular financial market.
Suppose that an outcome ® € Q is chosen by “someone” or “something,” but
the chosen state is unknown to us at time t = 0. We only know that one state has
been chosen. This is represented by a partition 2 containing one set, namely
the entire sample space, which can be interpreted as no information. At time
t = 1, we are in either state A or B, i.e., we know that the state is either (1)
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Figure 3.4: Event tree with three periods.

{01,0,03, 04,05} or (2) {wg, 07,08, 09}, which is formalized by the parti-
tion P in Figure 3.4. At time t = 2 the partition is even richer. Thus, we know
in which of the five subsets { o, @, },{@3},{®4, s },{ws, @7} or {@wg, w0} the
true state is. At time t = 3 we know exactly which of the states is the true state,
and it is represented by a partition &3 where each of the elements of 9?3 con-
tains one single state w;; cf. Figure 3.4. Thus as times goes by we obtain more
information, and at time t = 3 we have complete information.

Although the “information set” from now on will be represented by c-
algebras, it is fruitful to think of it in terms of partitions and information sets
that become more detailed as time goes by.

To formalize how information is revealed through time, we introduce the
notion of a filtration.

Definition 3.3 (Filtration). A filtration on (Q,.F) is a family {Z;}L_, of o-
algebras in F such that

Fo CF C...C Fr. (3.35)

If Zp = (9,Q) and F1 = .F the filtration may be considered as a sequence
of information sets increasing from “no information” to “full information” —
similar to the interpretation of partitions in Example 3.3.

Definition 3.4 (Adapted process). A discrete time stochastic process
(X:)i=0,....T is a sequence of stochastic variables Xo,X1,...,Xr. The process
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is said to be adapted to the filtration F if X; is Fg-measurable, which is typi-
cally written as X; € Fy.

3.3.2 Financial multiperiod markets

We are now ready to model financial markets as multiperiod models. Let
S: (@) = (8?,8!,...,SV) be a vector of adapted processes of the securities avail-
able on the market. This means that S!() is the price of security i at time ¢
in state @. Suppose one of the securities S is a money market account with
initial value 1 and a deterministic interest rate r for all T periods. In the one-
period model we defined a portfolio as an N-dimensional vector h, where h'
denotes the number of security i bought at time ¢ = 0. In a multiperiod model
this concept ought to be generalized because the portfolio might change over
time. Thus we obtain a portfolio vector at each time point. This is done in the
following definition.

Definition 3.5 (Trading strategy). A trading strategy is an (N)-dimensional
vector of adapted processes

h=(h',h% ... h") (3.36)

with the interpretation similar to that of a one-period model, so hi(®) denotes
the number of security i held at time t in state .

The requirement that the trading strategy is adapted represents the very im-
portant idea that the strategy can only be based on the current level of knowl-
edge. To illustrate this we assume we are in node A in Figure 3.4 at time t = 1.
Then the trading strategy can base the number of securities on the fact that we
are in node A and not in B. Notice that the number of securities may not be
based on whether the true state is @;, ;, @3, W4 or @s (i.e., it is not allowed to
base a trading strategy on information released in the future, for example, fu-
ture values of the stocks). From an economical point of view, it clearly makes
sense to require that the trading strategy should be an adapted process.

Definition 3.6 (Value process). The value process at time t corresponding to
h is defined as

=h,S, = Zh’ (w) fort=0,1,...,T. (3.37)

Definition 3.7 (Self-financing trading strategy). A trading strategy h is self-
financing if it satisfies
h[Sl :h[71S[ f()l"t = 1,2,...,T. (3.38)

The interpretation of a self-financing strategy is that it is only allowed to
change the portfolio in a way such that the total value of the portfolio does not
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change. However, the value of the trading strategy can of course change over
time due to changes in the stocks. The definition of arbitrage in multiperiods
models is based on the definition of self-financing portfolios.

Definition 3.8 (Arbitrage). An arbitrage is a self-financing strategy for which

Vo(h) =0 (3.39)

and
Vr(h) >0, (3.40)
P(Vr(h) >0) > 0. (341

In words this definition says that there are arbitrage possibilities in the
model if there exists a trading strategy with zero cost at the initial time with
the following two properties: (1) No risk of getting any losses at the future time
T; (2) A positive probability of getting a strictly positive payoff. If no arbitrage
possibilities exist in the model, we say that the model is free of arbitrage. Com-
pared with the definition of arbitrage in the one-period model (3.1) it is readily
seen, that the above definition is a generalization.

3.3.3 Martingale measures

The pricing of derivatives in discrete and continuous-time models is built on
so-called martingale measures which basically are probability distributions
that are related to the historical or objective probability distribution. In the one-
period model we saw that the price of a derivative, e.g., an option, was given by
the discounted value of the expected value of the payoffs at time t = 1, where
the expectation was taken with respect to the so-called risk-neutral probabili-
ties. In multiperiod models as well as continuous models, we basically use the
same procedure for pricing derivatives.

Since the pricing formulas stated in the following rely on conditional ex-
pectations it is necessary to be familiar with this concept, in the case where
the conditioning argument is a o-algebra. In Appendix B a brief overview is
given.

Definition 3.9 (Martingale). A stochastic process X is a martingale with re-
spect to the filtration { F;}1_, if it satisfies

1. The best prediction is the current value
E[X[‘ﬁffl] :Xl*l (3.42)

forallt =1,2,...T.

3In the one-period model two definitions of arbitrage were stated, where the first definition is
directly comparable with the multiperiod definition of arbitrage.
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2. X; is adapted to the filtration %, for all t.

3. The process has finite expectation
E[|X/|] <o forallt. (3.43)

Remark 3.4. In applications we shall mainly be interested in the first property
in Definition 3.9, and just assume that properties 2 and 3 are fulfilled.

Let us consider two simple examples of martingales.
Example 3.4. Consider a collection of independent and identically dis-
tributed stochastic variables X1,Xa,... with mean zero E[X;] = 0. Let %, =
6{X1,Xz,...,Xn} denote the c-algebra generated by X|,Xa, ..., X,. Further-
more, we introduce the filtration { #;}_| = {F1, %2, F3,...}.

We wish to show that the sum

Se=Y Xi

-

i=1

is an F-martingale. From the linearity of the expectation operator, we get
E[Sal Zu 1] = E[Xo| Zp 1] +E[Sp_1|F_1]. (3.44)

The latter S,_1 is %,_1-measurable, and the former has expectation zero.
Hence

E[S,|Zn-1] = Su-1 (3.45)
which shows that Sy is an {.F;}_,-martingale.

Example 3.5. We consider the same setup as above with the exception that
EX]=1landX;>0fori=1,2,...
We wish to show that the product

M,=X,-X-...-X,,
is a {.Z:}L_|-martingale. Thus we must show that
E[Mnlfg.n—l] =M,_.
AsX1-Xp-...- X1 is F,_1-measurable, we get
EM,|Z—1] = EXi-Xo-...-Xu|Fu1]
= X1 Xo-.. Xp E[Xa| Zpi]
= Mn—lE[Xn] =M,_1,

where the last equality sign follows from E[X,] = 1.

Definition 3.10 (Equivalent measures). Two probability measures P and Q are
said to be equivalent if they assign zero probability to the same sets A in the
o-algebra

P(A) =0 < Q(A) =0. (3.46)



52 DISCRETE TIME FINANCE

Definition 3.11 (Equivalent martingale measure). An equivalent martingale
measure for the security market model S, defined on (Q,.7 ,P,{.Z:}L)), is
a probability measure Q on Q with Q(®) > 0 for all ® € Q such that each
component in the vector of discounted price processes

Y EXVANA Nflsl sY 3.47
*(Z aZa"'vz )* a@a"'a@ ( )

is a martingale, i.e.,
EQ[Z|.Z 1|=Z7" |, fori=1,2,....Nandt=1,2,...,T. (3.48)

For the one-period model it was stated in Theorem 3.1 that a financial
model is free of arbitrage if and only if there exists a state price vector. Using
the concept of martingale measures we can state a similar, but more general,
theorem.

Theorem 3.2. In a discrete time security market with finite sample space the
following two statements are equivalent.

1. There are no arbitrage opportunities.

2. There exists an equivalent martingale measure.
Proof. See Lando [1996]. O]

Remark 3.5. In Example 3.2 we found that the pricing formula for the call
option was given by

Co
(1+4r)0

1
COZ = (l+r)2 (qzcuu+2q(1_q)cud+(l _q)zcdd>7 (349)

which exactly shows that Q = (¢*,2q(1 — q), (1 — q)?) is an equivalent mar-
tingale measure since

1. Strictly positive probabilities are assigned to the three final states.

2. The stochastic process Z; = ﬁ has the martingale property under the
probability measure Q,

Zo = EV[Z,|.%0). (3.50)

This leads us to the following theorem which is extremely useful for pricing
various types of derivatives.
Theorem 3.3. Let a security model S = (S°,...,SN) be defined on
(Q, 7, PA{F}L)), where S is a risk-free asset, and assume that S is
arbitrage-free and complete. Let QQ denote the unique martingale measure for
S. An extended model consisting of S and a new security price process C is free
of arbitrage if and only if

G = S'EC [g(ﬂ%} . (3.51)
T
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Proof. See Musiela and Rutkowski [1997]. O]

In the case where the discount rate is deterministic and constant, S? = (1 +
r)!, the expression simplifies somewhat.

o
(14r)T—
This arbitrage-free pricing formula can be applied to price options of various

types, e.g., European call and put options, American options, etc. In the prob-
lems some of these are considered.

G = EQ[Cr|.7]. (3.52)

3.4 Notes

If the reader is further interested in the theory of discrete time finance Lando
[1996] gives a excellent introduction and has some of the proofs that we have
omitted, and a lot more. There are in Duffie [1996] a few chapters on discrete
time finance which goes even further into the theory. This book is highly rec-
ommended, though it is written in a compact way.

3.5 Problems

Problem 3.1
Consider a one-period model with two states (M = 2) and the following three
securities:

1. A stock with initial price S(l) and payoff Dj; = GSp in state 1 and payoff
D1 = BSy in state 2, where G > B > 0.

2. A riskless bond with initial price S(z) and payoff Da; = Dy = (1 +1)S2,
where (1 +r) is the riskless return and (1+ )~ is the discounting factor.

3. A call option on the stock, with initial price S3 = C and payoffs D3 =
max[D;; — K,0] for both states, where K > 0 is the exercise price of the
option. (The call option gives its holder the right, but not the obligation, to
pay K for the stock, after the state is revealed.)

1. Show necessary and sufficient conditions on G, B and (1 + r) for the ab-
sence of arbitrage involving only the stock and the bond.

2. Assuming no arbitrage for the three securities, calculate the call-option
price C explicitly in terms of S(l), G, (1+r), B and K. Find the risk-neutral prob-
abilities ¢, and @, in terms of G, B and R, and show that C = (1 +r)~'E[D;],
where £ denotes the expectation with respect to (§ 1,42)

Problem 3.2
Suppose we have a trinomial market free of arbitrage as described in Exam-
ple 3.1. We have seen that this model is not complete since there are more
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states than traded asset. Now assume that a European call option with the value
Ci = max[S} — K.,0] at time # = 1 is added to the market.

1. Determine the values of K., which completes the market consisting of the
bond, the stock and the European call option.

2. Now assume that the market is complete. Determine the price of a European
put option with the value P{ = max[K, — S/,0] at time time = 1, in terms of
the bond, the stock and the call option.

Problem 3.3

A stock index is a weighted sum over some of the most important stocks traded
on a particular market. The C20-index is an example on the Danish stock mar-
ket which includes the 20 most traded stocks.

20
C20, = Y wiS, (3.53)
i=1

where 21-221 w; = 1. Now assume we have a two period model with 20 states
and with the 20 most traded assets, and that the market is complete and free of
arbitrage. Assume that the following is known at time ¢ = 0: the weights w;,
the initial prices of stocks Sy, the payoff matrix D and a vector v indicating the
number of stocks v; that are currently on the market.
1. Determine the value of a future contract which gives the exact value of the
C20-index at time r = 1.

Now assume that the weights are unknown at time ¢ = 0, but determined at
time ¢t = 1 as the fraction of the total market value that at time = 1 is placed
in stock i.

Problem 3.4
Consider a one-period model of a financial market with two securities: a stock
and a money market account with initial value By and a constant interest rate

120 o
1)
%8) o

t=0 t=1

Figure 3.5: Event tree for Problem 3.4.
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r = 6%. Let S! denote the value of the stock in state i (i = 1,2) at time ¢
(r=0,1).

We wish to replicate a contract that pays 115 in state 1 and 95 in state 2.
1. Determine the replicating portfolio (¢, ), i.e., a portfolio that contains ¢
units of the stock and y units of the bond.
2. Compute the fair price of the replicating portfolio at time 0.

3. Define the relative portfolio (¢, y') = (%, ﬁ) and fill out the table

|

[2% | 4% | 6% | 8% | 10% |

.
¢
v

pN

Y
Vv

Comment on the results.

Problem 3.5

Consider a two period model of a financial model with a stock and a money
market account with the constant interest rate r = 8%. Referring to Figure
3.3, the initial stock price is § = 100, S(e;) = 121 and S(w4) = 90.25. The
probability of an increasing stock price is p =0.70 and 1 — p = 0.30.

1. Determine the price in states 2 and 3. Is the event tree recombinant?

Now we wish to determine the arbitrage-free price of a European call op-
tion Cy with strike price K = 100, i.e., the payoff function is V = max(S, —
100,0) = (S, — 100)™, by constructing a replicating portfolio.

2. Assuming that the first stock price movement was upwards, determine the
optimal portfolio.

3. Assuming that the first stock price movement was downwards, determine
the value of the portfolio.

4. Compute the value of the replicating portfolio at time # = 0.

The following questions concern sensitivity analysis, i.e., an analysis of the

changes in Cy due to variations in K and r.

5. Repeat the previous question for the strike prices K = 98 and K = 102.

6. Compute the arbitrage-free price of the replicating portfolio for r = 6%
and r = 10%. You may assume that K = 100.






Chapter 4

Linear time series models

4.1 Introduction

In this chapter we introduce the concepts of linear stochastic processes and
linear time series models. The description is rather condensed and far from
complete. The justification for the non-completeness is that a lot of other books
deal with the subjects, while the main motivation for including this chapter is
for references as well as for a brief overview. For a more detailed treatment of
linear time series models we refer to Box and Jenkins [1976], Brockwell and
Davis [1991], Shumway [1988] and Madsen [2007].

Most of the attention is devoted to an introduction of linear time series
models and a discussion of their characteristics and limitations. However, since
the prediction concept is of high interest in finance, the use of linear time series
models for prediction is also treated. The concept of modelling using linear
time series models is only briefly mentioned.

Let us introduce some of the concepts by a very simple example.

Example 4.1 (Prediction models for wheat prices). In this example we assume
that a model is needed for prediction of the monthly prices of wheat. Let P,
denote the price of wheat at time (month) t.

The first naive guess would be to say that the price next month is the same
as in this month. Hence, the predictor is

Py =P. 4.1

This predictor is called the naive predictor or the persistent predictor.
Next month, i.e., at time t + 1, the actual price is P,y1. This means that the
prediction error or innovation may be computed as

&1 =P — By 4.2)

By combining Eq. (4.1) and (4.2) we obtain the stochastic model for the
wheat price
P=F_1+¢. (4.3)

If {&} is a sequence of uncorrelated random variables (white noise), the pro-
cess (4.3) is called a random walk. The random walk model is very often seen
in finance and econometrics. For this model the optimal predictor is the naive
predictor (4.1).

57
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The random walk can be rewritten as
P=g+¢& 1+ - “4.4)

which shows that the random walk is an integration of the noise, and that the
variance of P, is infinity, and therefore no stationary distribution exists. This is
an example of a non-stationary process.

However, it may be worthwhile to try to consider a more general model

B =0k 1 +&, 4.5

called the AR(1) model (the autoregressive first-order model). A stationary dis-
tribution exists for this process when |@| < 1. Notice that the random walk is
obtained for ¢ = 1.

Another candidate for a model for wheat prices is

P=vyh n+g, (4.6)

which assumes that the price this month is explained by the price in the same
month last year. This seems to be a reasonable guess for a simple model, since
it is well known that wheat price exhibits a seasonal variation. (The noise
processes in (4.5) and (4.6) are, despite of the notation used, of course not the
same.)

For wheat prices it is obvious that both the actual price and the price in the
same month in the previous year might be used in a description of the expected
price next month. Such a model is obtained if we assume that the innovation &
in model (4.5) shows an annual variation, i.e., the combined model is

(B—@P—1)—Y(P_12— QP _13) = &. 4.7)

Models like (4.6) and (4.7) are called seasonal models, and they are used very
often in econometrics.

Notice, that for v = 0, we obtain the AR(1) model (4.5), while for ¢ =0
the most simple seasonal model in (4.6) is obtained.

By introducing the back shift operator B by

B =P, 4.8)

the models can be written in a more compact form. The AR(1) model can be
written as (1 — B)P, = &, and the seasonal model in (4.7) as

(1-¢B)(1-B*)P =4 (4.9)
If we furthermore introduce the difference operator
V=(1-B) (4.10)

then the random walk can be written VP, = &.
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It is possible for a given time series of observed monthly wheat prices,
Py, Ps, ..., Pr to identify the structure of the model and to estimate parameters
in that model.

The model identification is most often based on the estimated autocovari-
ance function, since, as it will be shown later in this chapter, the autocovari-
ance function fulfils the same difference equation as the model.

The models considered in the example above will be generalized in Sec-
tion 4.4. These processes all belong to the more general class of linear pro-
cesses, which again is highly related to the theory of linear systems. Therefore
linear systems and processes are briefly introduced in Section 4.2 and Sec-
tion 4.3, respectively. The autocovariance function is considered in Section 4.5,
and, finally, the use of the linear stochastic models for prediction is treated in
Section 4.6.

4.2 Linear systems in the time domain

The definition of linear stochastic processes is highly related to the theory of
linear systems (Lindgren [2012]). Therefore the most important theory for lin-
ear systems will be briefly reviewed.

The following functions are needed.

Definition 4.1 (Impulse functions). (Continuous time) Dirac’s delta function
(or impulse function) 8(t) is defined by

/f (t—to)dt = f(to). 4.11)

(Discrete time) Kronecker’s delta sequence (or impulse function) is

|1 fork=0
5"_{ 0 fork=41,42,... - (4.12)

The following theorem is fundamental for the theory of linear dynamic
systems.

Theorem 4.1 (Existence of impulse response functions). For a linear
time-invariant system there exists a function h such that the output is obtained
as the convolution integral

/ h(u)x(t — u)du 4.13)
in continuous time, or the convolution sum
=Y Iy (4.14)
k=—oco

in discrete time. The weight function, h, is called the impulse response function,
since the output of the system is y = h if the input is the impulse function.
Sometimes the weight function is called the filter weights.



60 LINEAR TIME SERIES MODELS

Proof. Omitted (see Madsen [2007]). O]

Often the convolution operator * is used in both cases and the output is
then written as y = hxx.

Theorem 4.2 (Properties of the convolution operator). The convolution oper-
ator has the following properties:

a) hxg = gxh (symmetric).
b) (hxg)* f=hx*(g*f) (associative).

¢) hx & = h, where 0 is the impulse function.

Proof. Left for the reader. O

Remark 4.1. For a given (parameterized) system the impulse response func-
tion is often found most conveniently by simply putting x = 6 and then calcu-
lating the response, y = h; cf. Theorem 4.2. This is illustrated in Example 4.2.

Definition 4.2 (Causality). The system is said to be physically realizable or
causal if

h(u) =0 foru <0, (4.15)
he =0 fork <0, (4.16)

for systems in continuous and discrete time, respectively.
After introducing the impulse response function we have

Theorem 4.3 (Stability). A sufficient condition for stability is that the impulse
response function satisfy

/ Ih(u)| du < oo 4.17)
or -
Y I <ee. (4.18)
k=—oo0
Proof. Omitted. O

Example 4.2 (Calculation of ;). Consider the linear, time-invariant system
YVt _O~8yt—1 = 2x, —Xr—1- (419)

The impulse response is obtained by defining the external signal x as an im-
pulse function 8. We then see that yy = hy = 0 for k < 0. For k =0 we get

vo=0.8y_1+28 — -1 (4.20)
=08x0+2x1-0=2, “4.21)
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i.e., ho = 2. Going on we get

y1 = 0.8yp +268; — & 4.22)
=0.8x242x0—1=0.6 (4.23)
y2 =0.8y; =0.48 (4.24)
: (4.25)
ye = 0.810.6 (k > 0). (4.26)

Hence, the impulse response function is

0 fork <0
hy =<2 fork=20
0.8<10.6  fork>0

which clearly represents a causal system; cf. Definition 4.2. Furthermore, the
system is stable since Y3 |hi| =2+0.6(1+0.84+0.82+---) =5 < oo,

Theorem 4.4 (Difference and differential equations). The difference equation
Vitaryi1+ o+ apyrp =boxi 1t +b1x 1+ +bgXe 1y (4.27)

represents a linear, time-invariant system in discrete time with the input {x;}
and output {y, }, where T is an integer denoting the time-delay.
The differential equation

dPy(r) | dP7'y(r)

ar TN g Feeetapy(t) =
dix(t — 1) d?'x(t — 1)
bo o + by e +-+bgx(t — 1) (4.28)

represents a linear, time-invariant system in continuous time. Here 7T is a time-
delay from the input x(t) to the output y(t).

Proof. The systems are linear because the difference/differential equation is
linear, and time-invariant because the coefficients and the time-delay are con-
stant. O]

Linear systems are often most conveniently described by the transfer func-
tion, in the z-domain or in the s-domain for discrete time or continuous time
systems, respectively.

Theorem 4.5 (Transfer function). A linear, time-invariant system in discrete
time with input {x, }, output {y,} and impulse function {h;} is described in the
z-domain by

Y(z) =H(2)X(2) 4.29)
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where H(z) = Y52 hiz " is the transfer function. Here Y (z) and X (z) are the
output and input in the z-domain, which are obtained by a z-transformation of
the sequences, i.e, Y(2) =Y vz tand X(2) =Y %7 .

Proof. Use the Z-transformation on y; = Y ;7 hiX;—. O

Notice that the convolution in the time domain becomes a multiplication in
the Z-domain.
For continuous time systems the corresponding relation is

Y(s)=H(s)X(s) (4.30)

where Y(s) = ZL{y(t)} = [T.e ¥ y(t)dt, H(s) = Z{h(t)} and X(s) =
ZL{x(t)}, i.e., the Laplace transform of the various time domain functions.
Again H(s) is called the transfer function.

4.3 Linear stochastic processes

In the rest of this chapter we only consider stochastic processes in discrete
time. Stochastic processes in continuous time will be considered later on.

A linear stochastic process can be considered as generated from a linear
system where the input is white noise. White noise, which will be denoted
{&}, is a sequence of uncorrelated, identically distributed random variables.
Discrete time white noise is therefore sometimes referred to as a completely
uncorrelated process or a pure random process. We assume in the following

that the mean of the white noise process is zero and the variance is 6.

Definition 4.3 (The linear process). A (general) linear process {Y;} is a pro-
cess which can be written as

Yi—u=Y wie (4.31)
i=0

L

where {&} is white noise, and L is the mean of the process. (However, if the
process is non-stationary then L has no specific meaning except as a reference
point for the level of the process.)

By introducing the linear operator (see Madsen [2007])

y(B)=1+Y B (4.32)
i=1
then (4.31) can be written as

Y, — = w(B)g. (4.33)

Due to the close relation to linear systems y/(B) is called the transfer function
for the process (Madsen [2007], Box and Jenkins [1976] and Lindgren [2012]).
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Theorem 4.6 (Stationarity for linear processes). The linear process given by
(4.33) is stationary if the sum

=Y v (434)
i=0

converges for |z| > 1.
Proof. Omitted. O

Notice the relation between stability of a linear system and Theorem 4.6.

Remark 4.2 (Cointegration). If a time series X; shows a linear trend and Z, =
(1 —B)X, = VX, is stationary, then X, is said to be an integrated process of
order 1, which we write X; € I(1). If a time series X, shows a quadratic trend
and Z; = V*X, is stationary, then X, is said to be integrated of order 2, which
similarly is written as X; € 1(2).

In econometrics, additional variables are often introduced to model and,
eventually, predict the variations in the process X;. Consider the case when X;
is an I(1) process and an additional variable Y, is also an I(1) process. These
are said to be cointegrated if X; — &Y, is stationary and process (X, — aY;) is
1(0) (see e.g. Johansen [1995] for an introduction to cointegration analysis).

Consider the data in Figure 4.1. It is clearly seen that the money series
should be differenced once to obtain stationarity. This also pertains to the bond
rate, although it is less clear. By comparing the plots to the left, it is seen that
the money demand decreases when the bond rate increases and vice versa.
Thus it is to be expected that these series are cointegrated.

4.4 Linear processes with a rational transfer function

A very useful class of linear processes consists of those which have a rational
transfer function, i.e., where y(z) is a rational function.

4.4.1 ARMA process

The most important process is probably the AutoRegressive-MovingAverage
(ARMA) process.

Definition 4.4 (ARMA(p, q) process). The process {Y;} defined by
Yi+oY, 1+ 4@ p=6&+01& 1+ + 6,84, (4.35)

where {&} is white noise, is called an ARMA(p, q)-process.

By introducing the following polynomials in B

¢B) = (1+@B+-+¢,B") (4.36)
0(B) = (1+6iB+---+6,B) (4.37)
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Levels Differences

12 0.1

o f vvvw WWWMV/\V

0.
1975 1980 1985 1975 1980 1985

o

Levels Differences
0.22

Y [

0
9018 \/J
©
o6 -0.01
c
@R 0.14 -0.02
0.12 0,03
0.1
-0.04
1975 1980 1985 1975 1980 1985

Figure 4.1: The upper-left plot shows observations from 1974:1 to 1987:3 of
log real money (m2), where the log transformation has been applied to stabilize
the variance. The upper-right plot shows the differenced series. The lower-left
plot shows observations from the same time period of the bond rate, and the
lower-right plot shows the differenced series.

the ARMA process can be written as
9(B)Y, = 0(B)é:. (4.38)

The ARMA(p,q) process is stationary if all the roots of @(z~!) = 0 lie
inside the unit circle, and it is said to be invertible if all the roots of 8(z~!) =0
lie inside the unit circle.

4.4.2 ARIMA process

As mentioned in the introductory example the random walk given by (1 —
B)Y, = & is a non-stationary process, since it is an integration of the white
noise input.

The AutoRegressive-Integrated-MovingAverage (ARIMA) process is very
useful for describing some non-stationary behaviours like stochastic trends.



LINEAR PROCESSES WITH A RATIONAL TRANSFER FUNCTION 65

Definition 4.5 (ARIMA(p,d,q) process). The process {Y;} is called an
ARIMA(p,d,q)-process, if it can be written in the form

o(B)VYY, =0(B)g,  (de€N), (4.39)
where {&} is white noise, @(B) and 6(B) are polynomials of the order p and
q, respectively, and both polymials have all the roots inside the unit circle.

It is clear from the definition that the process
W, = V4, (4.40)

is a stationary and invertible ARMA(p,q) process.

4.4.3 Seasonal models

As a suggestion for a very simple model for the monthly wheat prices in the
introductory example we proposed to use the wheat price one year before as
an explanatory variable. Assume that the seasonal period is s, then this type of
seasonality can be introduced into the ARIMA model by making it multiplica-
tive, as also illustrated in Eq. (4.9) in the case of the wheat price.

Definition 4.6 (The multiplicative (p,d,q) X (P,D,Q), model). The process
{Y,} is said to follow a multiplicative (p,d,q) x (P,D,Q)y seasonal model if

?(B)p(B*)VVPY, = 0(B)O(B')¢, (4.41)

where {&} is white noise, and @ and 6 are polynomials of order p and q,
respectively. Furthermore, @ and ® are polynomials in B® defined by

9(B) = 1+@B +--+¢pB”, (4.42)
OB’) = 1+0,B +---+0B?, (4.43)

and the seasonal difference operator is
V,=(1-B). (4.44)

The roots of all the polynomials (¢, 0,¢,®) are all inside the unit circle.

Example 4.3. The number of new cars sold on a monthly basis in Denmark
during the period 1955—1984 was investigated in Milhgj [1994]. The variance
turned out to depend on the number of sold cars. Therefore, in order to stabilize
the variance, the chosen dependent variable is

Y; = In(Number of sold new cars in montht).

By considering, for instance, the autocovariance function, Milhgj [1994]
Sound that the following (0,1,1) x (0,1,1)15 seasonal model

VVY, = (1+6,B)(1+0,B?)g (4.45)

gave the best description of the observations.
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4.5 Autocovariance functions

In this section it is assumed that the considered processes are stationary — and
for simplicity it will also be assumed that the means of the involved processes
are Zero.

Definition 4.7 (Autocovariance function). The autocovariance function for the
stationary process Y; is

¥(k) = Cov[¥;, Y i) = E[YiY;. 1], (4.46)

where the assumption about zero mean for Y; is used in the last equality. In
order to indicate to which process the autocovariance function belongs we
shall often use an index, as for instance vy (k), for the autocovariance function
Sfor {¥;}.

Definition 4.8 (Cross-covariance function). The cross-covariance function be-
tween two stationary processes X; and Y; is

Yxv (k) = Cov[X;, Y, 1] = E[X; Y 4] (4.47)

The corresponding autocorrelation function p(k) and crosscorrelation
Sfunction pxy (k) are found by normalizing the covariance functions using the
appropriate variances, i.e.,

pk) = y(k)/v(0), (4.48)
_ Yy (k)
pxrlk) = YXX(O)YYY(O)' (449

For a more thorough treatment of the covariance and correlation functions
we refer to Madsen [2007].

4.5.1 Autocovariance function for ARMA processes

Consider the ARMA(p, g)-process:
Yt + (PlYt—l +- 1t (Pth—p =&+ 9181_1 +--t+ qut_q. (450)

Remark 4.3. Notice that by multiplying the relevant polynomials the above
formulation also contains the (stationary) seasonal models.

Theorem 4.7 (Difference equation for y(k)). The autocovariance function
Y(k) for the ARMA-process in (4.50) satisfies the following inhomogeneous
difference equation
YK) +@ry(k=1)+ -+ @py(k—p) =
Oter (0)+ -+ Oy Yy (q—K) fork=0,1,---  (451)

where Yey is the cross-covariance function between & and Y.
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Proof. Multiply by Y;_; and take expectations on both sides of (4.50). O

It is noticed that for p > ¢

i.e., the entire autocovariance function fulfils a homogeneous difference equa-
tion.

In general it is seen that from lag k = max(0,¢+ 1 — p) the autocovariance
function will fulfil the homogeneous difference equation in (4.52).

Remark 4.4. Since the process is stationary all the roots of the characteris-
tic equation corresponding to the difference equation for the autocovariance
function are inside the unit circle. This means that the autocovariance (and the
autocorrelation) function from lag k = max(0,q+ 1 — p) consists of a linear
combination of damped exponential and harmonic functions.

4.6 Prediction in linear processes

Assume that an estimate of ¥, (k > 0) is wanted given the observations avail-
able at time 7, namely Y;,Y;_1,---. The best estimate is then given by the con-
ditional mean. We have the following fundamental result.

Theorem 4.8 (Optimal prediction). Assume that the conditional distribution
of Yy« given the information set (Y;,Y;_1,---) is symmetric around the condi-
tional mean m and nonincreasing for arguments larger than m. Let the loss
function be symmetric and nondecreasing for positive arguments. Then the op-
timal estimate is given by the conditional mean

Vi = BVl %, Yion, -] (4.53)
Proof. Omitted. See for instance Madsen [2007]. O

Consider now, as an example, the ARIMA(p,d, q)-process
o(B)V?Y, = 0(B)g;, (4.54)

where {&} is white noise with the variance 6. All what follows can easily be
extended to, for instance, the seasonal ARIMA model.
By introducing ¢(B) = ¢(B)V? the ARIMA-process is written

Y+oY i+ +0pats pa=&+601& 1+ -+ 60,64 (4.55)

where the coefficients @y,..., @, are found from the identity (4.54).
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If the k-step ahead forecast is wanted, we consider the equation

Yl+k + P1 Yl‘+k*l +-+ (Perle‘+k7p7d =

&kt 01& k-1t + 0,144 (4.56)

and simply take the conditional expectations (as prescribed by Theorem 4.8),
ie.,

—QE[Y, 1 |Y Yy, ] =

— Qi dBYii—p—al¥i, Yie1,- ]
+E[g )Y, Vi1, ]+ 01E[g 41|V, Y1, ]
4.4 qu[gz+k7q|Yt7Yt—17"']-

Yt+k\z =

(4.57)

In the evaluation of (4.57) we use that

[Yt j‘YhYt 15" } = Xt—j 5 j:07172?'
EY YY1l = Yoy 3 j=12,-
E[E[ j‘YhYt 15" } - 8t—j 5 j:071727'
E[gtJr]‘Yle[ |P } =0 5 .]21727

Previously we have seen that the autocovariance function fulfils a homo-
geneous difference equation determined by the autogressive part of the model.
Exactly the same holds for the predictor ¥; ;.

Theorem 4.9 (Difference equation for optimal predictor). For the
ARIMA(p,d,q)-process (4.54) the optimal predictor satisfies the homogeneous
difference equation

@(B)V'Y, 1y =0 (4.58)

fork > gq.

Proof. Assume that we have observations until time ¢, write the ARIMA-
process for Y; 4, and take the expectations conditional on observations until
time ¢. Doing this the MA-part of the model will vanish. O

This is illustrated in the following example

Example 4.4 (Prediction in the ARIMA(O,d,g)-process). Consider the
ARIMA(0,d, q)-process
viy, =

0(B)g,. (4.59)

For k > g we obtain the homogeneous difference equation for the predictor

VY, g =0. (4.60)

The characteristic equation for the difference equation has a d-double root
in one. This means that the general solution is

Ve = Ap+ ATk +ASK + -+ Ak (4.61)
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where the superscript t on the coefficients indicates that the particular solution
is found using the information set, Y;,Y;_1,--- at time t. That is, the predictor
is a polynomial of degree d — 1.

4.7 Problems

Problem 4.1
Consider the linear, time-invariant system

(1-0.6B)(1—0.8B)y; = (2—B)x;

where it is assumed that y; = 0 and x; = 0 for k < 0.
1. Determine the impulse response function A for k =0,...,6.
2. Is the system stable?

Problem 4.2
Consider the first-order autoregressive process

Ve — QYr-1 = & (4.62)

where |@| < 1 and {g} is zero mean white noise with variance 2.
1. Determine the mean of yy.
2. Determine the variance of y.
3. Determine the autocovariance function for (4.62).
Now assume that bond prices may be described by the ARI(1,2) process

(1+ @B)V2y; = g. (4.63)

4. To which order is y; defined when (4.63) is integrated?

Problem 4.3
Consider the linear, time-invariant system

(1—0.8B)%y; = (2—B)x;

where it is assumed that y, =0 and x; = 0 for 7 < 0.
1. Determine the impulse response function 4, for ¢ > 0.
2. Is the system stable?

Problem 4.4
Consider the linear system
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where ¢(B) = (0.8B)(1 —7.7B) and 8(B) = (4—B)(2—B). It is assumed that
v =0and x, =0 forz < 0.
1. Determine the impulse response function 4, for ¢ > 0.
2. Is the system stable?
Now consider the linear stochastic process

¢(B)Y; = 6(B)g

where {g} is zero mean white noise with variance c7.

3. What is this process called? Is it stationary and/or invertible?
4. Determine and solve the difference equation for the optimal predictor Y; ,
for k > 2.

Problem 4.5
1. Calculate the autocorrelation for an AR(2)-process

Xit+ta X 1+aX; =8 (4.64)

where {&} is zero mean white noise with variance o7.
2. Calculate the autocorrelation for a MA(2)-process

Xt =&+C1&_1+0C28& 9. (465)

3. Calculate the autocorrelation for an ARMA(1, 1)-process

Xt+a]X[7] :8[+C]8[7]. (4.66)

4. Determine a suitable model using the sample autocorrelogram below:

1.2

1

o.8

0.6

0.4

0.2

o

-0.2

Figure 4.2: Autocorrelation for a linear process.
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5. Guesstimate the parameter values (and model order) from the autocorrela-
tion figure.
6. It is common in technical analysis when trying to predict trends to filter
data using a short-length MA-filter (say an MA(5)) and a long-range MA filter
(say an MA(50)). Trading strategies are subsequently triggered when these
processes cross.

What are people relying on these technical analysis tools really doing in
terms of linear filters?






Chapter 5

Nonlinear time series models

5.1 Introduction

The linear models have some characteristics, which have been discussed in
Chapter 4, and which clearly might be a serious limitation. Some of the most
important characteristics and limitations of the linear models are that the dy-
namics is constant for all values of the process and for all time. Furthermore,
the variance of any forecast is constant. It is, however, well known that finan-
cial data tends to display heteroscedasticity (Section 1.3), which means that
the (conditional) variance changes over time and typically depends on the past
observations. In finance the variance is an expression of the risk or the volatil-
ity, and it is often found that large values of, for instance, interest rates lead to
larger fluctuations in subsequent observations. The distributions (conditional
and unconditional) are also often non-Gaussian; cf. Section 1.3.

In this chapter we only consider stationary discrete time models, as
continuous-time non-linear models will be treated in some subsequent chap-
ters. The focus will be on parametric models, even though some non-
parametric models will be described in this chapter. The non-parametric mod-
els lead to a generalization of the impulse response function, whereas the para-
metric models can be seen as generalizations of the ARMA models. Several
of the most important parametric non-linear models will be described, and it
turns out to be convenient to divide the models into two main classes of mod-
els depending on the purpose of the model (conditional mean or conditional
variance, although combinations are also possible).

Most of the attention in the Chapter will be devoted to models where the
conditional mean and variance can be explicitly computed. The description
takes place mostly in the time domain. Frequency domain methods, and fur-
ther information about non-linear time series models, can be found in Priestley
[1988], Tong [1990] and Madsen et al. [2007].

5.2 Aim of model building

A model should be able to extract or collect all the information given in the
information set, i.e., all the past and present data. If this is the case, then the
sequence of model’s errors does not contain further information about the fu-
ture, i.e., they should be stochastic independent.

73
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Non-linear modelling: For a given time series {Y;} determine a general
function f such that {&} defined by

f{y}) =« (3.1

is a strict white noise i.e., a sequence of independent random variables.

If the strict white noise process is a sequence of identically distributed ran-
dom variables, then the noise process is strictly stationary, or, if the mean and
variance are constant, then the noise process is weakly stationary or stationary.
Notice the difference between strict white noise and white noise, as defined on
page 62.

The task in non-linear modelling is thus to find some relationship f(-) be-
tween the past, present and future observations which reduces the sequence
of residuals to strict white noise. This relationship could be expressed using
either non-parametric models as Volterra series (generalized impulse response
functions), neural nets or using parametric models like the SETAR or STAR
model.

5.3 Qualitative properties of the models

From Section 4.3 it is known that linear and stationary stochastic models (or
processes) can be written

=

Y—u=Y vi& s (5.2)
k=0

where {&} is some white noise, and y is the mean of the process. Suppose
that 7(B) = w~!(B) exists, then the function f is simply given by the non-
parametric model 7(B).

In the linear and stationary case, the modelling may be performed either in
the time domain or in the frequency domain (or z-domain). In the non-linear
case this twofold possibility does not exist in general and the concept of a
transfer function describing the system is therefore in general not defined.

However, in the following we shall see how (5.2) can be extended in order
to cover non-linear (stationary) models.

5.3.1 Volterra series expansion

Suppose the system is causal. In that case (5.1) can be reduced to find a func-
tion f such that
fYo,..) =&. (5.3)

Suppose also that the model is causally invertible, i.e., (5.3) may be
“solved” such that we may write

Y, = f*(&,&-1,...). (5.4)
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Furthermore, suppose that f* is sufficiently well behaved, then there exists
a sequence of bounded functions

Z|Wk|<°° ZZ|‘I/1<1|<°° ZZZ|Wk1m|<°°

=0/=0m=

such that the right hand side of (5.4) can be expanded in a Taylor series:

Y, = u+Y we k+ZZWk18z k€—1

k=0 k=01=0
+ Z Z Z Yiim€ —k€—1€—m+ - .. (5.5)
k=01=0m=0
where 5 >
_ A I
.Ll—f (0)7 Yy = (887 ) Yy = (8£t7kagtfl)’”“ (56)

This is called the Volterra series for the process {¥;}. The sequences
Vi, Wi, ... are called the kernels of the Volterra series. For the non-linear
model the sequence is called the sequence of generalized impulse response
functions. It is now clear that there is no single impulse response function for
non-linear systems, but an infinite sequence of generalized impulse response
functions.

Notice that the first two terms in Equation (5.5) correspond to a linear
causally invertible model; cf. Equation (5.2).

5.3.2 Generalized transfer functions

The kernel based description in (5.5) is the basis for the derivation of a transfer
function concept. Let U; and Y; denote the input and the output of a non-linear
system respectively. By using the Volterra series representation of the depen-
dence of {¥;} on {U;} and omitting any disturbance (or regarding them as a
possible input signal) we get

oo

+Y WU k+ZZWk1Uz kUi—i

k=0 k=01=0
PPN

where the sequences { W}, {wu},. .. are given by (5.6).
Recall that for a stationary linear system the transfer function is defined as

YiimUr kU 1Up—m + ... (5.7

\\["]8

=Y e (5.8)
k=0

and it is completely characterizing the system.
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For linear systems it is furthermore well known that

1. If the input is a single harmonic U; = Age’™’ then the output is a single
harmonic of the same frequency with the amplitude scaled by |H ()| and
the phase shifted by arg H (o).

2. Due to the linearity, the principle of superposition is valid, and the total out-
put is the sum of the outputs corresponding to the individual frequency com-
ponents of the input. Hence the system is completely described by knowing
the response to all frequencies — that is what the transfer function supplies.

Notice that the above defined transfer function is often (more appropri-
ately) called the frequency response function.

For non-linear systems, however, neither (1) or (2) holds. More specifically
we have that

1. For an input with frequency @y, the output will, in general, also contain
components at the frequencies 2@y, 3@y, . .. (frequency multiplication).

2. For two inputs with frequencies @y and @, the output will contain compo-
nents at frequencies @y, @1, (@y + @;) and all harmonics of the frequencies
(intermodulation distortion).

Hence, in general there is no such thing as a transfer function for non-
linear systems. However, an infinite sequence of generalized transfer functions
may be defined as:

o

Hi(o) = Y et (5.9)
k=0
H(o,m) = Y Y ygei@kreD (5.10)
k=01=0
Hy(or,0,03) = Y Y Y ypgme (@kFrom (5 17)
k=01=0m=0

In order to get a frequency interpretation of this sequence of functions,
consider the input U, to be a stationary process with spectral representation:

U = / ! ¢"®d7y () (5.12)

-7

when Z,(®) is the spectrum of U. Using the Volterra series in (5.7) we may
write the output as

T
Y, — / O H (@)dZy (o)

-7

T T
+/ / OO Hy (o1, @2)dZy (01)dZy (ar)
—rJ-m
. (5.13)



PARAMETER ESTIMATION 71

When U, is single harmonic, say U, = Age'™’, then dZy (®) = AgdH (® — ),
where H(w) = 1 for @ > @y and H(®) = 0 for w < ay. (Note that the Steiltjes
integral is used here.) Hence Eq. (5.13) becomes

Y, = AoHy (wp)e'™' + A3H, (ay, @y ) e ™ + ... (5.14)

The output thus consists of components with frequencies wy, 2wy, 3wy, .. ., etc.

5.4 Parameter estimation

Most statistical software have routines for fitting linear time series models to
data, but this is rarely the case for any larger class of non-linear models. The
statistician must instead be prepared to implement the software him-/herself.

We will review some basic statistical theory in this section. Recall from
basic courses in statistics that an estimator is a function of data

Oy =T(X1,...,Xy). (5.15)

Estimators should ideally be unbiased E[By] = E[T(Xi,...,Xy)] =
6y, where 6y is the true parameter, or at least asymptotically unbiased
limy e E[T(X1,...,XN)] = 6.

A related concept is consistency which means that

On LN 6y weak consistency (5.16)
or
Oy ©3 6y strong consistency (5.17)

where p mean convergence in probability and a.s. convergence almost surely
(see e.g. Shiryaev [1996] for definitions). Consistency is a stronger condition
than asymptotic unbiasness, as it also implies that the variance (when it exists)
of the estimator goes to zero; cf. the Chebyshev’s inequality.

5.4.1 Maximum likelihood estimation

A good estimator should optimize the fit of the model to data. This is done
in the least squares algorithm by minimizing the squared distance between
observations and the model predictions. It turns out, however, that the least
squares estimator is suboptimal in certain situation, such as Gaussian ARMA-
processes (Madsen [2007]), or when the data is heavy-tailed.

An alternative is to use the maximum likelihood estimator defined as the
argument that maximizes the joint likelihood

Oyre = argmax L(0) (5.18)
EC)
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where
L(O) :p(xo,...,xN|6) (519)
N
= (Hp(xn|xn1,...,x0,9)> p(x0|60). (5.20)
n=1

The argument maximizing L(0) is not affected by a logarithmic transforma-
tion, £(6) = logL(6). The optimization problem can then be written as

N
O = argngaxlogp(xd@) + Z log p(xnlx1,. .., X0—1,0) (5.21)
€ n=1

which is much nicer when trying to compute derivatives with respect to the pa-
rameters. The maximum likelihood estimator is consistent under rather general
conditions (see Van der Vaart [2000] for details). The estimates are asymptoti-
cally Gaussian converging according to

VN (6 —60) % N(0,I; 1), (5.22)

where 0y is the true parameter and Ir is the so-called Fisher information matrix
defined as

Ir = Var[Vglog p(X|6)] (5.23)
or equivalently
Ir =E[(Vglogp(X|69))(Velog p(X|6p))"] (5.24)
and
Ir = —E[VgVglog p(X|[6)] (5.25)

where Vg is the gradient and VgV is the Hessian with respect to the parame-
ters.

A nice feature of the Maximum Likelihood estimator is that it is invariant
under (nice) transformations, as the densities that are being used in the loss
function are transformed simultaneously with the data. This means that you can
typically transform log-Normal data (which can be hard to maximize the log-
likelihood for) to Gaussian data, which results in a much simpler optimization
problem.

5.4.1.1 Cramér-Rao bound

The maximum likelihood estimator is optimal among all asymptotically un-

biased estimators as the variance of any estimator 8 = T'(xj,...,xy) can be
bounded from below according to
Cov(T(X)) > I ". (5.26)

Some further analysis reveals that the only estimator achieving equality with
the Fisher information is the maximum likelihood estimator.
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5.4.1.2 The likelihood ratio test

It is well known how to use 7-tests and F-tests when analysing linear, Gaus-
sian regression models. There is a more general likelihood based theory that
includes these tests as special cases.

Assume that we are interested in testing

H() ZGi =da; (5.27)
H, :some 6; # a; (5.28)

where a; are some predefined values, typically O (the parameter is not needed).

The Likelihood Ratio (LR) statistic is defined as the logarithm of ratio be-
tween the likelihood when all parameters are optimized over and the likelihood
when some parameters are fixed (as in Hp)

A=log (supHOL(G)> . (5.29)

supy,um, L(6)

The intuition is that a large A close to one indicates that the models are similar
while a A far from one suggests that the restriction of the parameter space is a
bad idea.
It can be shown that
—2log(A) % x2(d) (5.30)

where d is the dimension of the parameter vector that is being restricted.

5.4.2  Quasi-maximum likelihood

The optimality of the maximum likelihood estimator is only valid when the
correct distribution is being used. This is impossible to check empirically,
which is why it is good to know what happens when this is not true.

Using a Gaussian likelihood function even when the data are non-Gaussian
is a kind of quasi-likelihood method. The general result is that estimates are
still consistent, but no longer efficient in terms of the Cramér-Rao bound. If
we denote the density used by ¢(X|0), then it can be shown that the estimates
converge according to

VN (6—60) S NO,J'17Y, (5.31)
where J=E[VyVglogq(X|6)] and I=E[(Vglogq(X|6))(Velogq(X|60))].

It can be seen that J~ 7 cancels out when the correct model is being used, but
they will differ when ¢(X|6) and p(X|6) are different.
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5.4.3 Generalized method of moments

The generalized method of moments (GMM) (Hansen [1982]), is often used in
econometrics, but rather seldom within other fields. It is commonly said that
GMM is the only development in econometrics in the 80s that might threaten
the position of cointegration as the most important contribution to the theory in
the field of econometrics. In fact, Lars Peter Hansen, who proposed the GMM
framework, was awarded in 2013 The Sveriges Riksbank Prize in Economic
Sciences in Memory of Alfred Nobel for his work (GMM and other results).

For the GMM method no explicit assumption about the distribution of the
observations is made, but the method can include such assumptions. In fact, it
is possible to derive the maximum likelihood estimator as a very special case
of the GMM estimator.

5.4.3.1 GMM and moment restrictions

Assume that the observations are given as the following sequence of random
vectors:
{Xl = 13 aN}

and let 6 denote the unknown parameters (dim(6) = p).

Let f(x;,0) be a g-dimensional zero mean function, which is chosen as
some moment restrictions implied by the model of x;.

According to the law of large numbers the sample mean of f(x,,0) con-
verges to its population mean

1 N
Jim ;f(x,; 0) = E[f(x0)]. (5.32)

The GMM estimates are found by minimizing

1 ¥ ! 1 Y
In(0) = (N Zf(:;,,@)) Wy (NZf(xt,9)> (5.33)
=1 t=1

where Wy € R7%7 is a positive semidefinite weight matrix, which defines a
metric subject to which the quadratic form has to be minimized.

Most often the number of restrictions is larger than the number of unknown
parameters, i.e., ¢ > p. This implies that different estimates are obtained by
using different weighting matrices. It can, however, be shown (Hansen [1982])
that:

e Under fairly general regularity conditions the GMM estimator is asymptot-
ically consistent for arbitrary positive definite weight matrices.

e The efficiency of the GMM estimator is dependent on the weight matrix.
The optimal weight matrix is given by the inverse of the covariance matrix
Q of the disturbance terms f(x;, 0).

o The efficiency can be highly dependent on the selected restrictions.
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The simplest weight matrix is simply an identity matrix having suitable
dimension. This would still lead to consistent estimates, and it is therefore
common practice to start with this matrix in order to obtain a first guess.

The optimal or near optimal matrix depends on the parameters and can be
computed (and recomputed) once estimates are available. This is either done
offline (optimizing the Jy function with a fixed weight matrix) or with a matrix
that depends explicitly on the parameters (that version of GMM is often called
continuously updated GMM and is closely related to Martingale Estimation
Functions; see Bibby and Sgrensen [1995]).

5.4.3.2 Standard error of the estimates

Assume that Qy is a consistent estimator for the covariance matrix Q (estima-
tors for Q are discussed in Section 5.4.3).

Let N
1 & of(x,,0)
be an estimator for 2H(x,.)
Xt7
E|l| ——2]]. .
(%56 539
It then holds that
VN (6y — 69) — N(0,%) (5.36)
where .
= (TyQy' Iy) . (5.37)

5.4.3.3 Estimation of the weight matrix

If the sequences of the disturbance terms f(x;, 0) are serially uncorrelated then
an estimate of the weight matrix W = Q~! is given by

N
Oy = % Y £(x,, 0)f(x,,0)" (5.38)
=1

In case of serial correlation (which is most often seen) we can use estima-
tions of the form:

Oy N i k (T) ®(1) (5.39)
" N=p S \SN .
where
1 N
D)=~ Y f(x,0)f (x,_¢,0) (5.40)
Nt=1:+1

and k(-) is a kernel function (cf. Chapter 6), and Sy is a bandwidth determin-
ing which values of the autocovariance function (cf. (5.40), that we are taking
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into account. The kernel acts as a lag window in spectrum analysis, and the
purpose is to weigh down higher lags in the autocovariance function. Also the
traditional lag windows, i.e., Bartlett, Parzen, Tukey-Hanning, may be used.
See Chapter 6 for more information.

5.4.3.4 Nested tests for model reduction

As in traditional maximum likelihood theory, a likelihood ratio type test is
also available in the GMM setup, to test nested models against each other. If
one starts by estimating a larger/unrestricted model, the test measures to what
extent the object function (5.41) is increased by considering a reduced model,
where some of the parameters are fixed — often by putting them equal to zero.
Formally the test is

L?Q:N(JN(éf)—JN(é“)), (5.41)

where J7(6") and J1(6") are the value of the objective function for the re-
stricted and unrestricted model. Under a set of regularity conditions the like-
liood ratio type test statistic has asymptotic chi-square distributions with s de-
grees of freedom, where s denotes the number of parameter restrictions im-
posed by the restricted model

LR ~ x*(d), (5.42)

where d is the dimension of the parameter space being restricted; cf. Equa-
tion (5.30).

5.5 Parametric models

The parametric models considered here belong all to various generalizations of
the linear ARMA model, namely to models which are able to cover different
aspects of non-linearity.

For Gaussian processes it is well known that the conditional mean is linear
in the elements of the information set, i.e., it is linear in the past observa-
tions. Furthermore, it is known that the conditional variance is constant, and
hence independent of the information set. It can be shown that any Gaussian
process conforms to a linear process. See Chapter 1 in Madsen [2007] for a
further description of the conditional mean and variance in the Gaussian case,
and Madsen and Holst [1996] for a further discussion on the relation between
Gaussian processes and linearity.

For a non-linear process the conditional mean is, in general, not linear, and
the conditional variance is, in general, not constant.

The parametric non-linear models can be subdivided into three different
classes which will be introduced below. This separation is related to how the
information set enters the conditional mean and the conditional variance. The



PARAMETRIC MODELS 83

separation is useful for identification purposes which will be shown in Chap-
ter 6, since the conditional mean and variance part of the model can be identi-
fied using non-parametric estimates of those quantities. Furthermore, the sep-
aration illustrates and introduces some of the various non-linear models.

1. Conditional mean models, where the conditional mean depends on some
(external or internal) variables. This class of models contains the threshold
models and regime models, which are motivated by a desire to describe
changes in the dynamic part of the model.

Consider for instance the first-order model

Y, =f¥-1,0)+& (5.43)

where f is a known function, 6 an unknown parameter vector and {& } is a
sequence of i.i.d. random variables. For this model the conditional mean is

E[Y,|Y,_1 =y = f(»0). (5.44)

This model contains, for instance, first-order versions of some of the thresh-
old models. Models belonging to this class are further described in Sec-
tion 5.5.1.

2. Conditional variance models, where the conditional variance depends on
some (external or internal) variables. This class of models contains the con-
ditional heteroscedastic model, where the conditional variance depends on
past observations

Y, =g(Y-1,0)e. (5.45)

As an example Engle [1982] suggested the pure AutoRegressive-Condition-
al-Heteroscedastic model (ARCH model) given by

Y, = &1/61 + 60X . (5.46)

For this model the conditional variance is
VarlY,|Y,_; =y] = (61 + 62y%)52. (5.47)

There is a considerable literature on various ARCH-like models, and in Sec-
tion 5.5.2 we shall go into more details. A survey article is Bera and Hig-
gins [1993] while Bollerslev [2008] provides a more updated overview of
the family of ARCH models.

3. Mixed models, which contain both a conditional mean and a conditional
variance component. A general model subclass consists of those models
where the conditional mean and the conditional variance can be expressed
using a simple and finite information set of past dependent variables, namely

Yl = f(thlv"‘aYl‘fp;Gl) +g(Yt717"‘aYl‘7p;62)£t (548)
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where both functions are known. For these models

E[Yl‘thl :y]a"wYT*p :yp] :f(yla"'7yp;61)a (549)
Var(V Y1 =i, Y p = vp] = &2 (1,- -, Vpi 62)OF. (5.50)

The bilinear models, like ¥; = & + Y;_1&_1, belong to the class of mixed
models, though not to the subclass (5.48). For some models it is possible to
establish an explicit expression for both the conditional mean and variance;
but in some other cases, as, €.g., the bilinear model, this is not possible. The
bilinear models are, however, very flexible models, and they have been used
in several applications.

Given time series of observations, estimates for the conditional mean and
variances in models like (5.43), (5.46) and (5.48) can be computed. These es-
timates can then be used for identification of the structure of the non-linear
model. Non-parametric methods and their use for identification of non-linear
models are described in Chapter 6.

5.5.1 Threshold and regime models

Most of the models described in this section belong to the class of conditional
mean models; but some of them also show conditional heteroscedasticity, and
these models then belong to the class of mixed models.

The threshold models belong to a very rich class of models, which have
been discussed, e.g., in Tong [1983], and in the book Tong [1990]. It has proved
to be useful if, for instance, the dynamical behaviour of the system depends on
the actual state or process value. In such cases the threshold model may, for
instance, approximate the dynamics in some regimes by “simple” models (usu-
ally linear). Threshold values determine the actual regime (or mix of regimes).
We list and name below some versions of models with thresholds. The analysis
of the probabilistic structure of these types of models including, e.g., discus-
sions of stationarity and stability, is in general very complicated. Some results
on stochastic stability may be found in Kushner [1971] and Tong [1990].

5.5.1.1 Self-exciting threshold AR (SETAR)

Define intervals Ry,...,R; such that RiU---UR; =R and R;NR; = 0 for all i, j.
Each interval R; is given by R; =]r;_1;r;|, where rp = —ccand ry,...,r;_1 €R
and r; = oo. The values ry, ..., r; are called thresholds.

The SETAR(I;d; k1, k2, ... ,k;) model is given by:

le
Y, =al) +Y a"y, i+ (5.51)
i=1
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SETAR (2,1,1)

Figure 5.1: A simulation of a SETAR model with two regimes, SETAR(2;1;1).

where the index (J;) is described by

1 for Y, 4€R;
2 forY, s€R

J, = (5.52)

[ for Y,_4 €R;.

The parameter d is the delay parameter. Hence the model has / regimes, a
delay parameter d and in the j’th regime the process is simply an AR-process
of order k;.

If the AR-processes all have the same order k we often write
SETAR(/;d;k).

Example 5.1 (SETAR(2;1;1) model). A simulation of the SETAR(2;1;1)
model:
v — { 1.0+0.6Y,_1+& forY,_; <0
T -1.0+04Y,_1+& forY,_; >0
where & € N(0,1) is shown in Figure 5.1.

One of the reasons why SETAR models are popular is due to the fact that
the parameters in SETAR models are easy to estimate. The complexity is [
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times that of an AR model (you will have to run / regressions instead of only
one regression).
5.5.1.2  Self-exciting threshold ARMA (SETARMA)

The SETARMA model is an obvious generalization to dlfferent ARMA models
in the different regimes. The SETARMA(/;d; 4, .. kl,kl, k 1) is:

kg k91
Yi=a{" + Y a"Y i+ Y 6" e+ e (5.53)
i=1 i=1

where J; is given as above in (5.52). It is, of course, possible also to let the
white noise process depend on the regime.
5.5.1.3 Open loop threshold AR (TARSO)

A second possible generalization of the basic SETAR structure above is to
choose an input signal U, and let that external signal determine the regime, as,
e.g., in the TARSO(Z; (my,m, ), ..., (m;,m;)) model:

n:agfuz ay,_ ,+Zb" Uit 8. (5.54)
i=1

=l

Now the regime shifts are governed by

1 for U;,_4 € Ry

2 for U,_4€R,
Ji . . ) (5.55)

I for U_4€R

i.e., for each value of the regime variable the system is described by an ordinary
ARX model. The extension of this structure to, e.g., ARMAX performance in
each regime, as well as to regime dependent white noise processes, is immedi-
ate.

5.5.1.4 Smooth threshold AR (STAR)

Now consider a class of models with a smooth transition between the regimes.
The STAR(k) model:

k k
Y,=ao+ ) aj¥i_j+ (bg +Y b ,»Y,,,-) G(Y,_q)+& (5.56)
j=1 j=1

where G(Y;_y) now is the fransition function lying between zero and one, as
for instance the standard Gaussian distribution.
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In the literature two specifications for G(-) are commonly considered,
namely the logistic and exponential functions:

G(y)=(1+exp(—n(y—cr) s 1m>0 (5.57)
G(y)=1—exp(—¥e(y—c£)?); ¥ >0 (5.58)

where Y, and g are transition parameters, ¢y and cg are threshold parameters
(location parameters). The functions used in (5.56) lead to the LSTAR and
ESTAR model, respectively.

5.5.1.5 Hidden Markov models and related models

In this variant of general threshold models the selection scheme for the regimes
is determined by a stochastic variable {J; }, which is independent of the noise
sources in the various regimes.

A simple example is the Independent Governed AR model, where the se-
lection of the regimes in the IGAR(/;k) model is given by:

ky,
Y, =al) +Y a"y, i+ (5.59)
i=1
where
1 with prob. p;
2 with prob. D2
J =< . (5.60)

I with prob. 1—25 1 pi.

The sequence {J;} may be composed of independent random variables,
in which case it is denoted Exponential autoregressive model (EAR) in Tong
[1990], who also allows in an extension to Newer Exponential autoregressive
models (NEAR) for a delay in the model to be regime variable dependent.

A particular case appears when the regime variable J; is given by a sta-
tionary Markov chain, i.e., when there exists a matrix of stationary transi-
tion probabilities P describing the switches between the basic autoregressions.
This type of [ Markov modulated autogressive models of order k is denoted
(MMAR(!;k)). Analysis and inference for this type of models is given in, e.g.,
Holst et al. [1994].

These types of Markov modulations are typically used in description of
stochastic processes in telecommunication theory by giving a mechanism for
switches between different Poisson processes (cf. Rydén [1993]), but the class
is becoming increasingly popular (Cappé et al. [2005]).
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Estimated Markov states
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Figure 5.2: A Markov modulated regime model with two AR-processes and a
rather inert Markov chain-MMAR(2;2)-process.

Example 5.2 (MMAR(2,2)-process). Let the process be defined by

@".d"y = (1.1,-05)
@?.d?) = (-12,-05)
e e N(0,1)

e? € N(0,1)

and let the transitions between the different regimes be governed by the matrix

0.95 0.05
P= ( 0.05 0.95 ) (5-61)

The performance of this system is shown in Figure 5.2. The example and the
figure are from Thuvesholmen [1994].

It is possible to extend the class further (MacDonald and Zucchini [1997]).
Zucchini and MacDonald [2009] or Cappé et al. [2005] provides a nice
overview on applications, theory and estimation methods for hidden Markov
models.
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Remark 5.1 (Transition mechanisms). For various threshold models the most
important difference is in the transition between the regimes:

o For SETAR the abrupt transition depends on X;_.
o For STAR the smooth transition depends on X;_4.

o For HMM the transition is stochastic.

5.5.2  Models with conditional heteroscedasticity (ARCH)

The ARCH process is introduced by Engle [1982] to allow the conditional
variance to change over time as a function of past observations leaving the un-
conditional variance constant. Hence, the recent past gives information about
the one-step prediction variance.

This type of model has proven to be very useful in finance and economet-
rics for modeling conditional heteroscedasticity, i.e., the conditional variance
is not constant, but depends on past observations. In finance the risk is ex-
pressed using the actual (conditional) variability of, for instance, the interest
rate. The actual variability is called the volatility of the phenomena.

Another reason for considering models for the volatility is that this will in-
crease the statistical efficiency of the estimates in the conditional mean model;
cf. weighted least squares.

The general formulation of non-linear, conditional models is the following
class of models:

Yl = f(thlvglfla' . 76f) +g(Yt7178t717' . ~79g)8t (562)

where f; = f(Y,w,0y) is the conditional mean, g, = g(Y,w,6,) the condi-
tional standard deviation and w;, is white noise having unit variance.
Adding the assumption of normality, the model can be more directly ex-
pressed as
Yi|Z 1 ~N(fi,8]) (5.63)

where .%; is the information set available at time ¢, and N is the multivariate
probability density function with mean f; and variance g, g7 .

5.5.2.1 ARCH regression model

The pure ARCH models belong to the class of conditional variance models,
and the ARCH model suggested by Engle [1982] has been used in (5.46). The
observation made in Engle [1982] was that volatility is clustering temporally.
The basic specification of the ARCH(p) model is written as:
Y, = opwy,
2 _ 2 2

o =apt+oaY +-+ oY,
where the strict white noise sequence {w;} satisfies E[w;] = 0, Var(w;) =
1 while ¢; > 0 is a sufficient but not necessary condition to ensure positive
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variances. Finally, } o; < 1 is required to ensure stationarity. Experience has
shown that the number of lags, p, has to be fairly large to fit real data.

The model was used to test whether the conditional volatility depends on
lagged values, i.e., if there is conditional heteroscedasticity. The tests are typi-
cally Lagrange multiplier or likelihood ratio type tests.

In the more general setup in Engle [1982] the following models are con-
sidered:

Y| Fio1 ~ F(X,Bs,07), (5.64)

where F(-,-) is some distribution (often but not exclusively Gaussian) with
mean X, B and variance 67, 6 = [a” B/]" is a vector of unknown parameters,
X a vector of variables included in the information set (lagged values of ¥ or

external signals) and

& =Y, —Xpy, (5.65)
p
ol =+ Y o . (5.66)

i=1

Modelling the conditional mean is important as the variance is the second mo-
ment minus the first moment squared. Ignoring the conditional mean will there-
fore incorrectly inflate the conditional variance.

An appealing property due to the simplicity of the ARCH(p) model is that
it can be estimated using ordinary least squares, but the least square estimates
won’t be efficient. Maximum likelihood estimation is therefore often the esti-
mator of choice, using the least squares estimates as initial values for the nu-
merical maximization. The likelihood function for conditional Gaussian mod-
els can be found in Engle [1982].

An interesting interpretation of ARCH regression models mentioned
by Engle [1982] is that the model for the conditional variance picks up the
effect of variables not recognized or otherwise not included in the model.

The ARCH regression model is very useful in monetary theory and finance
theory. Portfolios of financial assets are often assumed to be functions of the
expected means and variances of the rates of return.

5.5.2.2 GARCH model

The GARCH model, proposed by Bollerslev [1986], is an extension to ARMA-
like structure for the model describing the conditional variance. For the ARCH
process the conditional variance is specified as a linear function of past sample
variances only, whereas for the GARCH process past values of the conditional
variance are used as well. The Generalized ARCH (GARCH) model is given by

&% _1 ~F(0,02) (5.67)

q p
ol =0+)Y ol +Y Biot, (5.68)
i=1 i=1
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where all the coefficients (o, B;) must be non-negative to ensure positive vari-
ances, and Zle a; + Z?: 1 Bj <1 to preserve stability. It is also common to

add additional explanatory variables to the o2 that are expected to be highly
correlated with the variance; cf. Asgharian et al. [2013].

The GARCH(p,q) can be rewritten as an ARMA process. Introduce v =
&7 — 62 = o (w? — 1) which is a sequence of white noise. The GARCH(p,q)
process can then be written as

(1-y(B))& =w+(1—-B(B) v (5.69)

where y(B) = o(B) + B(B). The ARMA representation of the GARCH model
can be used for identification of the order of the GARCH(p,q) model. It has
been argued that a GARCH(1,1) is often sufficient for most data sets (Hansen
and Lunde [2005]).

There are plenty of non-linear GARCH models (Bollerslev [2008]). Many
of these are using the connection between ARMA and GARCH models, ex-
tending the ARMA structure by features originating from SETAR or STAR
models.

Extending to the GARCH regression model is similar to the extension for
the ARCH model

Y| i1 ~ F(X,Bs,07). (5.70)

It has been argued that a GARCH(1,1) is sufficient; cf. Hansen and Lunde
[2005]. They test a large number of alternative specifications and find, after
compensating for the asymmetrical test procedure, that they are unable to reject
the GARCH(1,1) in favor of more advanced ARCH/GARCH models.

5.5.2.3 EGARCH model

The GARCH model has a major limitation in that it is symmetric, i.e., it doesn’t
predict the volatility to behave differently depending on the sign of &, contrary
to empirical observations on real data.

Another problem with the GARCH model is the requirements on the pa-
rameters, making the numerical optimization difficult. These arguments were
addressed in the introduction of the EGARCH model in Nelson [1991], speci-
fied as

& = w0y, 5.71)
1
Oy = exp <2h,> , (5.72)
)4 q
he =0+ w1+ ) Bihii. (5.73)
i=1 i=1

The EGARCH-process addresses the symmetry problems and does also im-
pose less restrictions on the parameters, as the exponent of the conditional
variance equation is an ARMA-process.
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5.5.2.4 FIGARCH model

One of the more remarkable stylized facts is the dependence in squared or
absolute returns (Section 1.3.7). Long range dependence in ordinary time se-
ries is often modeled using ARFIMA models (Granger and Joyeux [1980]).
Their idea is introduce a fractional differentiation of the ARIMA model in
Section 4.4.2 according to

@(B)(1-B)"Y, = 0(B), (5.74)

where d is some number between O and 1. This leads to a model that sits
somewhere in between the stationary ARMA model and the non-stationary
ARIMA model. They also show that the variance of the resulting process is
finite if d < 1/2. Requirements for the volatility process to imposed positivity
of the process can be found in Conrad and Haag [2006].

Similar ideas were employed on GARCH models in Baillie et al. [1996],
Bollerslev and Ole Mikkelsen [1996], as the GARCH model can be written as
an ARMA model (Equation (5.69)). Recall the ARMA representation of the
GARCH model

(1-y(B))& =0+ (1—B(B) i (5.75)

while the IGARCH representation is given by
®(B)(1-B)e? =w+(1-B(B)v: (5.76)

where ®(B) = (1 — o(B) — B(B))(1 — B)~' being of order m — 1 with m =
max(p,q). The FIGARCH is defined by replacing the first-order differentiation
by a fractional differentiation

®(B)(1-B)e? =w+(1-B(B)v (5.77)

with the process having finite variance if —.5 < d < 0.5. Fractional differenti-
ation can be expressed by the hypergeometric function

& Tk—a)
(1-By'=} F(k+1)F(—d)Bk

k=0

(5.78)

The implications of the fractional integration in terms of memory of the pro-
cess are analyzed in Davidson [2004].

5.5.2.5 ARCH-M model

Several extensions of the basic ARCH model are possible. In Engle et al.
[1987] the ARCH model is extended to allow the conditional variance to affect
the mean. In this way changing conditional (co-)variances directly affect, for
instance, the expected return; cf. CAPM.
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The models are called ARCH-in-Mean or ARCH-M models. The ARCH-
M is obtained by a slight modification of Equation (5.63)

Y| Fiy ~ F(X,07+ 807, 67) (5.79)

where the conditional variance 612 is given by the ARCH model. It is possible
to generalize the ARCH-M models by replacing the ARCH model by arbitrary
conditional variance models. Additionally, other mean specifications have also
been suggested such as

Y| Fi-1 ~ F(X,0; +80;,07) (5.80)

or
Y,|Zi-1 ~ F(X,6; + 810g(c2), 67) (5.81)

(Engle et al. [1987]).

5.5.2.6 SW-ARCH model

A further extension of the ARCH models is the switching ARCH model. The
idea of the switching ARCH model is to use a combination of different ARCH
models. One possible parametrisation is given by

& = vV 8 S[ Oy, (582)

o’ ao+2 (S)i—i€—i) (5.83)

where S; is the state of a hidden Markov chain taking K different states, and
g(S;) is a constant taking different values depending on S;. The model can be
interpreted as an extension of the ordinary ARCH(p) process by using different
ARCH(p) processes for each state of the market.

Switching models are significantly more difficult to estimate than ordinary
(G)-ARCH models due to the large number of additional parameters and com-
plex likelihood function (see e.g. Henricsson [2002]), but it can be argued that
the states can be interpreted as states of the market, e.g., recession or boom,
giving an increased understanding of data.

5.5.2.7 General remarks on ARCH models

The performance of ARCH-like models can often be improved using a combi-
nation of the following three different strategies:

1. The AR or ARMA structure of the conditional variance can be extended
by introducing external signals (ARX or ARMAX), e.g., it is commonly
believed that the trading volume can be used to predict the volatility.
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2. The distribution of w; does not have to be Gaussian. In fact, it is often better
to use the 7-distribution or the generalized error distribution, the latter being
specified (having zero mean and unit variance) as

vexp (=3 1%]")

=—~ <21Al/ 5.84
where A is a constant given by
1/2
2-@Mr(1/v)
A= {1"(3/\/) . (5.85)

Other alternatives include the variance gamma or the normal inverse Gaus-
sian (henceforth called the NIG) distribution. The NIG distribution is a
Gaussian mean variance mixture model (Barndorff-Nielsen [1977]), and
has been popular in econometrics (Jensen and Lunde [2001], Kili¢ [2007])
as well as in the option valuation literature (Cont and Tankov [2004] and
Definition 7.11). The probability density function is given by

_ 00K (082 + (x—1)?) syipie-n)
/024 (x—p)? ’
where L is a location parameter, & controls the tail heaviness,  is an asym-

metry parameter and 6 is a scale parameter. Finally, K is a modified Bessel
function of the second kind.

fni(x) (5.86)

3. Introducing a non-linear influence of old values of &_; to account for the
the asymmetric response of volatility shocks. This can be done by replac-
ing lagged values of, e.g., &> by a function f(&_;/0;_;). The modified
EGARCH model would then be specified as

& = Owy (587)
1
O; = €Xp <2h[> (588)
P q
he= 00+ Y f(wii) + Y Bil— (5.89)
i=1 i=1

where f(w;—;) = A(|w;—i| — E[|w;—;|]) + yw;—i. The response will then de-
pend on the sign of w;_;, allowing for different response to good and bad
news.

A related modification is the Glosten-Jagannathan-Runkle (GJR) GARCH
model (Glosten et al. [1993]), where the conditional volatility is given by

q )4
of = o+ Z (061'83_; + %1{5,,,-<0}€t2_i) + Z Bio ;. (5.90)

i=1 i=1
Estimating a positive y; parameter means that additional volatility is found
due to bad news.
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5.5.2.8 Multivariate GARCH models

The are many multivariate GARCH models; see Silvennoinen and Terdsvirta
[2009b], for a review. These are defined similarly to the univariate models

ro=H'"n, (5.91)

where 1), is an iid zero mean, unit covariance random vector. The log-
likelihood (when 7 is a Gaussian vector) for these models is given by

(,(6) :—721n|det 27H,)| Zr, A (5.92)

It is rarely possible to write down closed form expressions for the param-
eter estimates. Equation (5.92) must therefore be maximized using numeri-
cal optimization. Many models are overparametrized from a practical point
of view, which is why the CCC and DCC models (more on those below) are
popular.

The first multivariate GARCH model was the VEC-GARCH model
(Bollerslev et al. [1988]), which is a straightforward generalization of the uni-
variate version. The model, for a N-dimensional problem, is given by

P q
vech(H;) =c+ ZAjvech(rt,jrtT,j) + Y Bjvech(H,_;) (5.93)
j=1 j=1

where the vech(-) operator stacks the columns of the lower triangular part
of the matrix. Sufficient conditions for strictly positive variances are rather
restrictive, and the model is also haunted by the shear number of parame-
ters in it. It can be shown that the dimension of the A; and B; matrices is
N(N+1)/2x N(N+1)/2 and hence that the total number of parameters is
given by (p+¢q) (N(N+1)/2)* + N(N +1)/2.

A restricted version of the VEC-GARCH model is the BEKK model (Engle
and Kroner [1995]). The number of parameters in this model is lower than for
the VEC-GARCH model, and the conditional variances are always positive by
construction. The conditional co-variance is given by

9 K p K
=cC'+ Y Y Ayl A+ Y. Y BUH,_ By, (5.94)
j=lk=1 j=lk=1

where Ay;, Byj and C are N x N matrices, and C is lower triangular. The esti-
mation is still rather complicated as the number of parameters is (p +¢q)KN? +

N(N+1)/2.
A simpler model is the Constant Conditional Correlation-GARCH model
due to Bollerslev [1990]. Here the conditional covariance matrix is defined as

H; = D,PD;, (5.95)
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where D; = diag(h}t/ S 7h,l\,/tz) and P is a positive definite correlation matrix.

The models for the processes rj are given by univariate models, which, in
case of GARCH models, leads to the vector conditional variance process

q P
h=0+) Ar,_;or_j+) Bjh,_j, (5.96)
Jj=1 Jj=1

where @ is a N x 1 vector, A and B are N x N matrices and ©® is element-wise
multiplication.

The CCC-GARCH is often considered to be too simple, as it is unable to
capture varying correlations. The Dynamic Conditional Correlation-GARCH
(see Engle [2002]) replaces the fixed correlation matrix with a dynamics ma-
trix. Start by defining the matrix Q, as

Q =(1-a—b)S+ag_1g" | +bQ,_;. (5.97)

The constants a and b are positive numbers satisfying a+b < 1, S is the uncon-
ditional correlation matrix of the standardized errors € and the initial condition
Qo is some positive definite matrix. This matrix is rescaled to obtain a dynamic
correlation matrix according to

P, =(10Q) ?QIeQ) /2 (5.98)

The additional flexibility is inexpensive from a computational point of view as
only two (a and b) new parameters were added. Several extensions of the DCC-
GARCH have been proposed (see e.g. Cappiello et al. [2006] and references
therein).

Another extension is the Smooth Transition Conditional Correlation-
GARCH suggested by Silvennoinen and Terésvirta [2005, 2009a]; cf. Sec-
tion 5.5.1.4. Their idea is to use a smooth transition between fixed correlations

P, = (1—G(s,))PYV +G(s,)P?, (5.99)

where P(") P(?) are correlation matrices and G(-) is some smooth transition
function. A particularly nice feature with the STCC-GARCH model is the pos-
sibility to test for smooth transition effects, by using a Lagrange multiplier
test, starting from the standard CCC-GARCH (Silvennoinen and Terésvirta
[2009a]).

5.5.3  Stochastic volatility models

A different class of models describing volatility changing over time is the class
of stochastic volatility models. The important difference between stochastic
volatility models and the class of ARCH models is that the stochastic volatility
models specify the volatility as a latent or unobservable process. This could
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be a significant advantage (but it is not for free as we will see soon) as the
volatility at time # 4 1 is not completely determined at time ¢. This matters
when there are unexpected shocks, such as terrorist attacks.

A simple stochastic volatility model (Taylor [1982]) is given by

Y, = exp(V;/2)wy, (5.100)
Vi=a+BVi1+e, (5.101)

where w; and e; are white noise having unit variance. The class of stochastic
volatility models can be generalized to continuous time models, where they are
being used to derive improved option pricing formulas.

Parameters in discrete time stochastic volatility models can be approx-
imately estimated using Kalman filters (Quasi-Maximum Likelihood), cf.
Chapter 14, or using Monte Carlo methods, like MCMC or Sequential Monte
Carlo methods (Lopes and Tsay [2011]).

The stochastic volatility can be transformed into a nicer problem by con-
sidering & = log(Y,?). This leads to

& =log(exp(V;)) +log(w}), (5.102)
Vi=a+BVi_1+e, (5.103)

which is a linear model. The downside is that log(w?) is non-Gaussian. It can
be shown that E[log(w?)] ~ —1.27 and Var[log(w?)] = &2 /2. Using a Kalman
filter to estimate the parameters is suboptimal (it is not a likelihood method),
but the estimates will still be consistent. The Quasi-ML estimates are therefore
useful as starting values for a likelihood based method, while modern Monte
Carlo methods can provide an approximate maximum likelihood estimate; see
Section 14.10 or (Cappé et al. [2005]).

Remark 5.2. Recall that for a normal distributed stochastic variable, X €
N(u,o?), it holds that

EX] = u (5.104)
EX?] = p’+o? (5.105)
EX’] = p’+43uc? (5.106)
ExY] = u*+6p*c’+30* (5.107)
EX] = p’+10p’c?+15u0* (5.108)
EXY = ub+15uc?+45u%6°+156%  (5.109)
E[(X -EX])"] = o*(Q2n—1)! (5.110)

for n € N where n!! denotes the double factorial, i.e., the product of every odd
number from n to 1.
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Recall also that Y = exp(X) is lognormally distributed LN (i, 62), and that

E[Y] = exp(u+0?/2) (5.111)
E[Y"] = exp(nu+n*c?/2) (5.112)
Var[Y] = E[(Y —E[Y])?] =exp(2u+c?)(exp(c?)—1) (5.113)

forneN.

5.6 Model identification

Model identification of non-linear models is almost an art, as the number of
possible models grows rapidly with increasing dimension of the parameter vec-
tor. The mainstream approach to model identification is to discover the domi-
nant features in data without going into specific models.

This is done in Nielsen and Madsen [2001] and Lindstrom [2013a] where
it is shown how a linear model can be compared to a general non-linear model,
defined either as a non-parametric model (Nielsen and Madsen [2001]) or
semiparametric model (Lindstrom [2013a]). The latter even admits testing in
terms of adjusted F'-tests.

Modern variable selection techniques, such as Lasso, LARS or elastic net
(Hastie et al. [2009]), make it possible to estimate and shrink complex models
without thinking too much about the exact model structure. This presents a
different approach as identification and model fitting procedure is merged into
a single step.

5.7 Prediction in nonlinear models

Under exactly the same conditions as for linear models (see Madsen [2007])
the optimal prediction is given as the conditional mean, i.e.,

Yk = Bl 1] (5.114)

where .%; is the information set at time 7.

One of the noticeable differences is, however, that the predictor is in gen-
eral not linear in the elements of the information set. This is illustrated in the
following simple example.

Example 5.3 (Prediction). Consider the first-order model
YV =f(Yi-1,0) + & (5.115)

where {&} is a strict white noise.
For this model the optimal predictor is

E[Y,.1|yi] = E[Yis1[Y; =] = f(5,60) (5.116)

where the fact that the model is a first-order Markov model has been used in
the first equality.
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The important difference between white noise and a strict white noise is
illustrated in the next example.

Example 5.4. Consider the process
Yi=¢&+0&_15 > (5.117)

where {&} is strict white noise.
The one-step predictor is

Py = 0&-182. (5.118)
Let us for illustration consider the autocovariance function for {Y;}
% = ENY ] =Elg&+0& 18 26k (5.119)
+ 08 E i 1Ek2 + 0P &2 k1 €42 (5.120)
= 0 fork#0, (5.121)

i.e., {Y;} is white noise. Hence, a non-linear predictor has to be used in order
to use the information set for prediction.

5.8 Applications of nonlinear models
5.8.1 Electricity spot prices

Hidden Markov models are frequently used when modelling the electricity
spot price (these models are often called Independent Spike Models; see Huis-
man and Mahieu [2003], Janczura and Weron [2010], Regland and Lindstrom
[2012], Lindstrom and Regland [2012]) as these are often extremely volatile.
Renewable energy (e.g. wind power) is less predictable than classical sources
of energy. Surplus or lack of energy leads inevitably to large temporal varia-
tions in the price.

It is well known that electricity spot prices are mean-reverting and het-
eroscedastic, and there are also seasonal effects (yearly, weekly and daily) and
jumps (Escribano et al. [2011]). The independent spike models provide a sim-
ple and very efficient solution to this problem by modelling the spread between
the spot price and the forward price, as the forward price is essentially a robust,
low-pass filtered version of the spot price (Figure 5.3).

The spread accounts for virtually all seasonality, but there are still bursts
of volatility. The logarithm of the spot, y;, was modeled in Regland and Lind-
strom [2012] using a HMM regime switching model with three states, a normal
state with mean-reverting dynamics, a spike (upward jumps) state and a drop
(downward jumps) state. This is mathematically given by:

M =a (“t —ny)) +og
Yﬁ% =Zss+ W, Zs~ LogN (Us,0Os)

D
y§+)] - _ZD,[ +.u't7 ZD ~ LOgN (,LLD, GD)
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Figure 5.3: The electricity spot price (left) and spread, defined as the difference
between the logarithm of the spot and the logarithm of the forward (right). Data
from the German EEX market.

where L, is the logarithmic month ahead forward price.
The regimes are switching according to a Markov chain R, = {B,S,D}
governed by the transition matrix

1 — 7gy — 7gp s TBD
1= TsB 1—7msp 0
DB 0 1-— V195):]

The resulting fit of the model is presented in Figure 5.4, where we see that the
regime switch captures the bursts well.

5.8.2 Comparing ARCH models

The performance of different models for conditional variance was evalu-

ated in Henricsson [2002]. Different ARCH(p), GARCH(p,q) and SW-ARCH

(with two regimes) models were evaluated on the Swedish stock index Af-

farsvirldens generalindex from 1980 to 2001 using a moving window of 4
years of data to estimate the models and the following year to evaluate the
forecasting performance. Some observations generated by the study were:

e The standardized residuals are not Gaussian, but are more heavy-tailed, pos-
sibly even student-¢ distributed.

e It is important to include a term in the volatility equation that captures the
asymmetric effect of lagged innovations & _;.

e The persistence in volatility can only be captured in a satisfactory way using
the GARCH model, although the improvement using SW-ARCH over an
ordinary ARCH model is significant. Could a SW-GARCH capture both
the persistence and the switching regimes?
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Figure 5.4: Fit of the independent spike model applied to EEX data.

Recent studies (Nystrup et al. [2014]) indicate that as many as four states are
needed to to model equity returns, as two or three state regime switching mod-
els are unable to capture both the conditional distribution and the dependence
structure found in market data.

5.9 Problems

Problem 5.1

Consider a SETAR(3;1;1,1,2) model for a univariate time series Y;, where R} =
] —0,0], R, =]0,15] and R3 =]15,c9].

1. Specity the thresholds and the delay parameter.

2. Write down the model.

3. Does the model pertaining to the second regime R, need to be stable for
the complete model to be stable?

Problem 5.2

Consider a STAR(2) with a delay parameter of 1.

1. Write down the model.

2. What is the major difference between SETAR and STAR models?

Problem 5.3

It is common to observe burst-like phenomena in financial time series, which
may be due to governmental interventions in the market, attacks on some cur-
rency in the foreign exchange markets, the effects of earthquakes in California
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and other unpredictable phenomena. Such phenomena may be described by
bilinear models.

1. Write down the bilinear model BL(2,0,1,1).

2. Write down the autocovariance function for this particular model.

3. Is it possible to uniquely identify a BL(2,0,1,1) model using this autoco-
variance function?

Problem 5.4

Consider the ARCH model (5.46) as a model of interest rates r;.

1. Which important characteristics do the ARCH models have compared to
linear ARMA models?

2. Write down an ARCH(3) model.

Problem 5.5
Consider the ARCH(1) process

X, = \/];Zt
hy = a0+a1Xt2,1.

1. Calculate the p’th moment of X; for p € N.
2. Can you use information about the moments to estimate parameters?
3. What about GARCH and EGARCH models?

Problem 5.6
Consider the stochastic volatility model
X, = exp{V,/2}Z,
Vi = ataVio1+e,

and assume Z and e are zero mean, unit variance independent random vari-
ables.

1. Calculate mean, variance and covariance of V;.

2. Calculate E[X?].

Hint: We can write the model as

InX?=InZ>+V,, (5.122)

where E[InZ?] = —(In(2) +7) ~ —1.27 and Var[InZ?] = 72 /2.
3. Calculate the autocovariance

2
Cov(InX2,InX2.,) = ry (k) + %1{k=0}, (5.123)

where 10y is an indicator function, being 1 if k = 0 and zero otherwise.



Chapter 6

Kernel estimators in time series analysis

6.1 Non-parametric estimation

Non-parametric methods are widely used in non-linear model building. Such
methods are particularly useful if no prior information about the structure is
available, since the estimation procedure is free of parameters and model struc-
ture (apart from a smoothing constant).

In this chapter we concentrate on kernel estimation. Some other non-
parametric methods are based on splines, k nearest neighbour (k-NN) or or-
thogonal series smoothing. Each method has a specific weighting sequence
{Ws(x);s =1,---,N}. These weighting sequences are related to each other and
it can be argued (Hardle [1990]) that one of the simplest ways of computing
a weighting sequence is kernel smoothing. For more information about non-
parametric methods see Robinson [1983], Hirdle [1990], Silverman [1986],
Ruppert et al. [2003] or Hastie et al. [2011].

6.2 Kernel estimators for time series
6.2.1 Introduction

This chapter considers kernel estimation in general and its use in time series
analysis. The non-parametric estimators are of particular relevance for non-
Gaussian or non-linear time series. From kernel estimates of probability den-
sity functions Gaussianity can be verified or the nature of non-Gaussianity can
be discovered. Thus non-parametric methods provide information that comple-
ments that given, for instance, by higher-order spectral analysis.
Non-parametric estimates of the conditional expectation can be used to de-
tect non-linear structures and to identify a family of relevant time series models.
Consider for instance the time series generated by the non-linear model:

Yi=gY—1,....Y—p) +h(Yi—1,.... Y ))& 6.1)

For this model
EY,[Y,—1,...] = g¥i-1,....Y—p) (6.2)
Varlt,|Y,—1,...] = K Y-1,....Y) (6.3)

where it is implicitly assumed that the variance of the white noise process & is
unity in order to avoid identifiability issues.

103
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Thus the non-parametric methods can be used to estimate, e.g., g(y) =
E[Y;;1|Y; =] in the simple case p = 1. Using this non-parametric estimate a
relevant parametrization of g(-) can be suggested.

Furthermore non-parametric estimates can be used to provide predictors,
i.e., estimators of future values of the time series. Use of non-parametric esti-
mators for getting insight in the time-varying behaviour and a complex depen-
dency on exogenous variables will also be considered.

In this section we first introduce the most frequently considered non-
parametric estimators for time series, the kernel estimators. Next the kernel
estimators are described in more detail. Finally, some examples are given on
how to use kernel estimation in time series analysis.

6.2.2 Kernel estimator

Let {Y;;t =0,%£1,---} be a strictly stationary process. A realization is given

as a time series {y,;f = 1,--- N}, and that single realization of the process is
the basis for inference about the process.
Introduce Z; = (Yi4j,,--»Yi4j,) and ¥ = (Yiip,,- -+, Yign,, ). In order to

simplify the notation we consider the case ¥, = (¥;) in the rest of this section.
It is obvious how to generalize the equations.
The basic estimated quantity is

E[G(Z)|Y: =yl fr (¥) (6.4)

where fy is the probability density function (pdf) of ¥; and G is a known func-
tion.
The estimator of (6.4) is

[G(Z,)sy - Z Gz (6.5)
where k(u) is a real bounded function such that [k(u)du = 1, and A is a real
number. Here, N’ is some number which corrects for the fact that not all N
observations can be used in the sum, typically N' = N — j,, and k(u) is the
kernel function and h is the bandwidth.

Let us consider two examples of using Equation (6.5). In the first example
it is illustrated that Equation (6.5) is a reasonable estimator.

Example 6.1 (Non-parametric estimation of a pdf). The pdf of Y; at y is esti-

mated by
N

)= Z <y Y‘) (6.6)

Assume that Y has pdf f(y), then

1
= 1 _— — < .
7o) }lzl—I}(l)Zh]P(y h<Y <y+h) (6.7)
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when P is the distribution function at Y. An estimator of f(y) is
1
F) = N [Number of observations in (y — h;y + h)]. (6.8)

Define the rectangular kernel

w(u) = {

Then the estimator (6.8) can be written as

fo) = %i%w (th’>-

t=1

iflul <1

otherwise. 6.9)

O

Now consider the general kernel ( [ k(u)du = 1). Then the estimator is

R 1 Y -Y,
f(y)=NhZ‘1k(yh ) (6.10)

which clearly is equal to Equation (6.6).

Example 6.2. The estimator of the conditional expectation of G(Z;), given
Y, =y, is
(G(Z):y]
[15y]
_ wEG@k(*F)
¥ (5
where [1;y] was found in the previous example.

Of special interest is the case G(Z;) = Y11, where (6.11) estimates
E[Y,1|Y; =]

EG(Z)|Y, =y =

6.11)

6.2.3 Central limit theorems

Central limit theorems can be established under various weak dependence con-
ditions on the process {¥;}. Let .%) be the o-field of events generated by
Y;;u <t <v. Then introduce the coefficient

oj=  sup  |P(ANB)—P(A)P(B)|:j>0. (6.12)

t 7
AeT!  BEFT

Definition 6.1 (Strong mixing condition). The process X; is said to be strongly
mixing if o; — 0 as j — oo.

The strong mixing condition has been used frequently in the asymptotic
theory of estimators for time series; but the condition is often very difficult to
check.

Central limit theorems for non-parametric estimators of pdfs of a process
{Y;}, as well as of conditional pdfs and conditional expectations at continuity
points, are given by Robinson [1983] under the strong mixing condition.
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Figure 6.1: Different univariate kernel functions.

If we allow g > 1 in (6.14) a kernel of order ¢ has to be used, i.e., a real
bounded function k,(x1,...,x,), where [k(u)du=1.

By a generalization of the bandwidth / to the quadratic matrix h with the
dimension g X ¢ the more general kernel estimator for g(X WX (‘1)) is

) — £ T Tkl (x =X,
T 1yn  kgh'(x—X)]

where X = (xq,...,x,) and Xg = (Xl(l)7 e ,Xl(q)). This is called the Nadaraya-
Watson estimator.

6.17)

6.3.2 Product kernel

In practice product kernels are used, i.e.,

_

kg(h™'x) = [ Tk(xi/h:) (6.18)
i=1

where k is a kernel of order 1.
Assuming that h; = h, i=1,...,q the following generalization of the
one-dimensional case in (6.14) is obtained

% =1 YSH?ZI k{h71 (x; _Xs(i))}
%Zg’:l H?=1 k{h_l (x; sz(l))}

g(x,...,xg) = (6.19)
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_
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6.3.3 Non-parametric estimation of the pdf

An estimate of the probability density function (pdf) is Robinson [1983]

n+ip

Y Hh U (xi, — Xeoi))} (6.20)

ld+lls ig+1j=

f(xi17"' 7xl'd)

6.3.4 Non-parametric LS
If we define the weight W;(x) by

4R =X

Wi(x) = - (6.21)
DN | VS URIETES 6O}
then it is seen that Equation (6.19) corresponds to the local average:
. 1 ¢
g(x1,. ., xg) = = Y Wi(x)Y,. (6.22)

nszl

The estimate is actually a non-parametric least squares estimate at the

point x. This is recognized from the fact that the solution to the least squares
problem

in — Y, — 2
argmin SZE 1WS(X)( s —0) (6.23)

is given by
A o1 Ws(X)Ys
BLS X) = Ss=1 TSV .
S AT
This shows that at each x, the estimate g is a scaled weighted LS location
estimate, i.e.,

(6.24)

A1 &
8(x) = Ous— ) Wi(x). (6.25)
s=1

6.3.5 Bandwidth

The bandwidth £ determines the smoothness of ¢. In analogy with smoothing
in spectrum analysis:

e If /1 is small the variance is large but the bias is small.

e If /1 is large the variance is small but the bias is large.

The limits provide some insight:

e Ash — ooitis seen that §(xi,...,x,) =Y as all data are included and given
equal weights.

e Ash— 0itis seen that §(xy,...,x,) =Y; for (x1,...,xy) = (Xi(l), e 7Xl.(q))
and otherwise undefined (or possibly 0 depending on how ratios of zeros
are defined).
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6.3.6 Selection of bandwidth — cross validation

The ultimate goal for the selection of 4 is to minimize the mean square error
(MSE)(see Hérdle [1990])

MSE(h) = % Y et x D) —g(xV, L X9 2x (6.26)
i=1

wxV . x?) (6.27)

where w(...) is a weight function which screens off some of the extreme ob-
servations, and g is the unknown function. A solution is the “plug-in” method,
where Y; is used as an estimate of g(Xim, . ,Xi<q)) in (6.26).

Hence, the criterion is

MSE(h) = — Y [2(X @y —yPwx,... x) (6.28)

i=1

=\~

but it is clear that @(h) — 0 for i — 0, since y; — g(x,(l), e ,xgq)) — 0 when
h— 0.

It is clear that a modification is needed! In the “leave one out” estimator
the idea is to avoid that (Xl-(l), e ,Xi(q)) is used in the estimate for Y;. For every
data (Xl-(l), . ,Xi(q) ,Y;) we define an estimator g(; for ¥; based on all data ex-
cept (Xl.“), . 7Xl.(q)). The n estimators &(y), ..., () (called the “leave one out”
estimators) are written

ﬁzs;éjysniqzlk{hfl(xi_XS(’))}
ﬁz#/‘n?:lk{h_l(xi—Xs(’))}

Now the cross-validation criterion using the “leave one out” estimates
81yse- s 8w is

E(j)(X15--15Xg) = (6.29)

[g'*( )(X<1) o ,XﬁQ)) _ Y,']ZW(X(U, o ’X‘(fl)). (6.30)

™=

CV(h) =

S|

i=1

It can be shown that under weak assumptions the estimate of the bandwidth
h that is obtained by minimizing the cross-validation criterion is asymptotic
optimal, i.e., it minimizes (6.26) (Hardle [1990]). An example of using the CV
procedure is shown in Figure 6.7.

6.3.7 Variance of the non-parametric estimates

To assess the variance of the curve estimate at point x Hérdle [1990] proposes
the pointwise estimator given by

. Z )1, (6.31)

:
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where the weights are given as shown previously by
Lok (X))
F T T k(! (= X))

Remembering the WLS interpretation this estimate seems reasonable.

Wi(x) = (6.32)

6.4 Applications of kernel estimators
6.4.1 Non-parametric estimation of the conditional mean and variance

Assume a realization of a stochastic process {Xj,...,X,}.
Goal: Use the realization to estimate the functions g(-) and A(-) in the
model
Xi=gXi—1,- . Xi—p) +h(Xi—1,.... Xi—g)&- (6.33)

For the conditional mean and the conditional variance we shall use the
notation

M(x,-l,...,xid) = E[X,|Xt_,-1:xil7...,Xt_id:xid], (634)
V(xil,...,xid) = Var[Xt|Xt,,-|:xl-l,...,X[,id:xid}. (635)

One solution is to use the kernel estimator (other possibilities are splines,
nearest neighbour or neural network estimates).
Using a product kernel we obtain

9 ﬁ ?:l‘rFl Xs H‘]izl k{h_l(xlj _X57lj)}
M(xilv"'a-xid) = 1 nti; 4 21 . (636)
n—ig+i Zs:id-H Hj:lk{h (Xij —XH'J-)}
Assuming that E[X;] = 0 the estimator for V(-) is

A ﬁ Z‘l:i,r&»lezH?:lk{hil(xij 7X.Yfl'j)}
V(i) = A — : (6.37)
n—i i Zx:id+1 Hj:l k{h (xij _XH‘J‘)}
If E[X;] # 0 it is clear that the above estimator is changed to
}’l—lid ?=l'd+1 XS2 Hj{zl k{h71 (xij _XS—ij>}
1 +i d _
n—ig+i Z?:i,;ﬂ j=1 k{h ! (xij _Xs—i_;)}

—MP(Xiy, - 0%iy) (6.38)

V(xl-l geee 7xid)

Example 6.3. Simulations of 10 independent time series have been generated
Jfrom the following non-linear models:

A: X = *O-SthlJth; XF]ZO
o 0.8X,_14+15+¢&, X_1<0

\/14+X2 &

B : Xl‘
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(a) Model A. SETAR(2,1,1) (b) Model B. ARCH(1)

Figure 6.2: Estimated conditional mean M (x).
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(a) Model A. SETAR(2,1,1) (b) Model B. ARCH(1)

Figure 6.3: Estimated conditional variance V (x).

The first model is a SETAR model with non-linear conditional mean and con-
stant conditional variance whereas the second model is an ARCH model with
constant conditional mean and state dependent conditional variance.

A Gaussian kernel with h = 0.6 is used to estimate the conditional mean
(Figure 6.2) and variance (Figure 6.3) in order to detect the nonlinearities.
The theoretical conditional mean and variance is shown with “+”.

6.4.2 Non-parametric estimation of non-stationarity — an example

Non-parametric methods can be applied to identify the structure of the existing
relationships leading to proposals for parametric model classes. An example of
identifying the diurnal dependence in a non-stationary time series is given in
the following.

Measurements of heat supply from 16 terrace houses in Kulladal, a suburb
of Malmo in Sweden, are used to estimate the heat load as a function of the
time of the day.



112 KERNEL ESTIMATORS IN TIME SERIES ANALYSIS
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Figure 6.4: Supplied heat to 16 houses in Kulladal/Malmo during February
1989.

The heat supply was measured every 15 minutes for 27 days. The transport
delay between the consumers and the measuring instruments is not more than
a couple of minutes.
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Figure 6.5: Supplied heat versus time of day and night.
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Figure 6.6: Smoothing of the diurnal power load curve using an Epanechnikov
kernel and bandwidths 0.125, 0.625,..., 3.625.

It is assumed that the heat supply can be related to the time of day, and that
there is no difference between the days for the considered period. Then the
regression curve is a function only of the time of day, and it is this functional
relationship, which will be considered.

Figure 6.6 shows the Epanechnikov curve estimate calculated for a spec-
trum of bandwidths. It is clear that the characteristics of the non-smoothed
averages gradually disappear, when the bandwidth is increased.

When the cross-validation function is brought into action for bandwidth
selection on the original data we get the result shown in Figure 6.7. Obviously
the minimum of the CV-function is obtained for a bandwidth close to 1.3.

6.4.3 Non-parametric estimation of dependence on external variables — an
example

This example illustrates the use of kernel estimators for exploring the (static)
dependence on external variables. Data were collected in the district heating
system in Esbjerg, Denmark, during the period August 14 to December 10,
1989.
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Figure 6.7: CV-function applied on the original district heating data (Kul-
ladal/Malmo) using the Epanechnikov kernel.

The interest in this example is the heat load in a district heating system,
when the two most influential explanatory variables in district heating systems,
i.e., ambient air temperature and supply temperature, are included in the study.

For the estimation of the regression surface the kernel method is applied
using the Epanechnikov kernel (6.15). A product kernel is used, i.e., the power
load estimate, p, at time ¢, at ambient air temperature a and, for supply, tem-
perature s is estimated as

3843

' Y. p(D)Kn, (t —1(i)Kn, (a — a(i)) Ky, (s — s(i))
Py o i (t,0,8) = lzlgg?m (6.39)
'7%:091% (t —1(i))Kn, (a—a(i)) Ky, (s — 5(i))

where Kj,(u) = k(u/h). The bandwidths were chosen using a combination of
Cross-Validation and visual inspection.

6.4.4 Non-parametric GARCH models

The very large number of parametric GARCH models makes model selec-
tion non-trivial (Bollerslev [2008] for a recent overview of different models).



APPLICATIONS OF KERNEL ESTIMATORS 115

pit] [Mye]
ACC
T
=
1EC
1L

=

it ["(‘tj =g (

Figure 6.8: Heat load p(¢) versus ambient air temperature a(¢) and supply tem-
perature s(¢) from August 14th to December 10th in Esbjerg, Denmark.
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(a) Kernel estimate of the dependence (b) Pointwise estimate of standard de-
on time of day, 7;, ambient air tem- viation of the surface estimates as a
perature, a, and supply temperature, s, function of ambient air temperature, a,
shown atz; =17. and supply temperature, s .

Non-parametric GARCH models were introduced by Biithlmann and McNeil
[2002] as an alternative to the non-parametric models. Their model is defined
as
X[ - G[Zf (6.40)
o = f(Xi-1,07) (6.41)
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where {Z} is an iid sequence of zero mean, unit variance random variables.
Their basic idea is to start from a parametric GARCH model, and iteratively
improve the estimate of the volatility function. Their algorithm is given by:

1. Estimate a simple GARCH model, recovering an approximation of the
volatility {c70: 1 <t <n}.

2. Regress X,2 against X;_; and Gtz—l‘m—l to estimate the unknown function
f(-,-), denoted f,,(-,-), form=1,...M.
3. Calculate 67, from the estimated function fy, (-, ).

The algorithm iterates between step 2 and 3 until the estimated function f (,)
has converged.
The method was evaluated in a simulation, where the volatility is given by

f(x,0%) =540.2+ (0.751 -0 + 0.1 - 11,0y )07 (6.42)

It was shown in Biihlmann and McNeil [2002] that the algorithm typically
converges in just a few iterations, but they also argue that it can be worthwhile
to iterate a few extra times, and use the average over the estimated volatility
surfaces as the final volatility forecast.

The non-parametric GARCH model was successfully used to forecast
crude oil price return volatility in Hou and Suardi [2012]. This is an excellent
application of the model, as the price dynamics of many commodities often are
more complex than those of, say, equities.

6.5 Notes

The reader is encouraged to dig into Hérdle [1990] for a more complete
overview of non-parametric methods and Robinson [1983] for details on how
this can be applied to dependent data.

Alternatively, semiparametric methods are nowadays an options (Ruppert
et al. [2003]). The explanatory properties of semiparametric methods are sim-
ilar to non-parametric methods (Hardle [2004], Hastie et al. [2009]), but there
are times when these are easier to apply to data.



Chapter 7

Stochastic calculus

In this and the following chapter, stochastic differential equations will be for-
mally introduced. This exposition to stochastic calculus does not pretend to
be complete. The presentation will be guided by intuition, and important top-
ics and results from a practitioner’s point of view will covered at a reason-
able mathematical level. General measure theory and other technicalities of
a (purely) mathematical interest will be kept at a minimum, but the reader is
referred to Arnold [1974], Karatzas and Shreve [1996], Ikeda and Watanabe
[1989] and @ksendal [2010] for a detailed account. It should be emphasized
that the material in this chapter is not only of interest in mathematical finance.
To stress the broad applicability, this chapter does not contain new financial
concepts or ideas. A detailed account of these are deferred to the following
chapters.

As the successful application of stochastic differential equations in math-
ematical modelling requires quite a substantial mathematical and statistical
setup, we shall now argue why we should bother to consider them.

Application of the nonparametric methods (introduced in Chapter 6) on
financial time series revealed some characteristics (e.g., heteroscedasticity)
which linear time series models cannot explain, because their conditional mean
functions are linear and their conditional variance functions are constants. This
is clearly at odds with the small scale empirical studies reported in these notes
(and the adjacent exercises) and the large scale studies reported in the open
literature. A large number of nonlinear time series models were introduced (in
Chapter 5) to model heteroscedasticity. In particular, the GARCH-type models
and their numerous extensions performed reasonably well. However, there are
a number of important reasons for using differential equations augmented by
some kind of randomness or stochasticity.

o Itisdifficult to interpret the parameters of, say, an ARCH(3) model, whereas
the embedded parameters in a stochastic differential equation model may
have some physical or financial interpretation. A formal relationship be-
tween some SDEs and GARCH models may be derived, but that is outside
the scope of this book.

e Numerous financial products (stocks, foreign exchange rates, etc.) are
traded very often or very irregularly on the markets. Thus a reasonable

117
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approximation is to use continuous-time models, and stochastic differential
equations provide a framework for describing heteroscedasticity.

e Beside, being continuous in time, stochastic differential equations are also
continuous in state, e.g., a stock price may be any positive, real number.
As opposed to the finite number of states @; considered in Chapter 3, the
uncertainty associated with a future stock price is modelled by considering
a continuous distribution. Although stock prices are often quoted in ticks or
units of, say, $1/8, we shall consider the number of possible prices as being
practically infinite. See Epps [1996] for a discussion of the discrete state
case.

Stochastic differential equations entail the best of two worlds, i.e., a combi-
nation of physical knowledge (laws of motion, preservation of energy etc.)
that may be used to develop a deterministic model of the system and statis-
tical methods for parameter estimation and model validation. This allows the
modeller to model causality as well as correlation, where causality may be con-
sidered as superior to the correlation functions used in traditional time series
analysis. There are a number of disadvantages associated with the use of SDEs;
one major disadvantage is the advanced probability theory involved. From an
empirical point of view, it is by no means trivial to estimate parameters in
SDEs, but we shall get back to that in later chapters.

The remainder of this chapter is organized as follows: Section 7.1 briefly
considers adding stochasticity to dynamical systems. Section 7.2 informally
introduces stochastic calculus while 7.3 considers stochastic integrals. Section
7.4 introduces concepts from stochastic processes and probability theory, and
formally introduces It6 calculus. Finally, Section 7.5 provides a brief overview
of jump processes and some convenient related mathematical tools.

7.1 Dynamical systems

Assume that we wish to model a general physical, chemical or technical sys-
tem. Mathematical modelling of such systems often leads to the formulation of
a system of coupled (nonlinear) differential equations, which may, in general,
be written on the form

dX(r)
dr

where f(¢,X(¢)) describes the time-directed evolution of the so-called state
variables X(t) € R". The state variables describe the state of the system at
time ¢ in the state space.

The derivation of these equations is often based on a number of concep-
tual, mathematical and numerical approximations and the validity of these are
difficult to evaluate per se.

By adding a stochastic term to (7.1) to account for these approximations
random differential equations are obtained as illustrated in these examples.

=X(t) =1(t,X(1)), (7.1)
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Example 7.1 (Money market account). Consider the simple money market
account introduced in Definition 2.2 on page 27, i.e.,

dB() = r(t)B(r)dr, (12)
B(0)=1, (7.3)

where B(t) is the value of the money account at time t, and r(t) denotes the
relevant (there are many different ones!) interest rate.
It is very likely that the interest rate evolves randomly over time, i.e., we
have
r(t) = 7(t) + o "noise"(t) (7.4

where F(t) is assumed to be deterministic. If we insert this in (7.2), we get
dB(t) = (F(t) + o "noise"(t)) B(t)dt, B(0) =1 (7.5)

where G denotes the standard deviation of the noise. The question is now how
do we formalize the concept of "noise" such that (7.5) makes sense and how do
we solve it?

Example 7.2 (Stock prices). We have previously argued that the volatility of
stock prices, foreign exchange rates and interest rates depend on the current
level, i.e.,

dS(1) = aS(t)d + "noise"(1)S(t)dt, S(0) = s (7.6)

which is essentially similar to (7.5).

Example 7.3 (Simple Black—Scholes). Consider a simple financial market
with two assets:

1. A risky asset, where the price of the asset S(t) at time t is described by (7.6),
and

2. a safe asset, namely the money market account (7.2).

We propose the model
dS(z) = aS(¢)dr + "noise"(¢)S(r)de, S(0) = 7.7
dB(r) = r(¢)B(t)dt, B(0) = 1. (7.8)

We get the celebrated Black—Scholes model, when we choose the so-called
Brownian motion for the noise process in (7.7). This model will be described
in detail later.

The discussion above raises a number of questions about the mathematical
and statistical nature of the added stochastic term. This chapter is devoted to
answering these questions.
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7.2 The Wiener process

The point of departure in our search for a formal definition of the noise terms
in the previous examples will be the random difference equation (7.9) with
AW (1) =W (t +At) —W(¢).

X(t+A)—X(t)=p(t,X(1)At+0(t,X (1)) AW (1) (7.9

where W () is a normally distributed random variable with zero mean and a
variance that is proportional to Ar. Furthermore W (z) is assumed to be inde-
pendent of all prior values of the process Wy, s <, and u(-,-) and 6(-,-) are a
priori known functions.

Remark 7.1 (Other driving processes). The driving noise process W (t) in the
random difference equation (7.9) need not be a normally distributed random
variable. It could easily be, say, a Poisson process or a compound Poisson
process, which could account for completely unpredictable phenomena, such
as attacks on some currency in the foreign exchange markets or the effects of
earthquakes. We will present a brief introduction to jump processes in Sec-
tion 7.5.

In order to obtain a more mathematical description of (7.9), a more formal
definition of the noise process W (¢) is required. In particular, we need a process
that generates mutually independent and identically distributed normal random
variables with zero mean and a variance that is proportional to Af. A definition
that also makes sense when we consider the limiting behaviour of (7.9) as At
tends to 0.

One possibility is to consider a Brownian motion, named after the Scottish
botanist Robert Brown, who used the process to describe the irregular move-
ments of pollen suspended in water. This random movement, usually attributed
to the buffeting of the pollen by water molecules, results in a diffusion of the
pollen in the water. Brownian motion is thus a physical example of a random
and continuous stochastic process.

A standard Wiener process is an abstract mathematical description of the
physical process of Brownian motion. The mathematical properties defining a
Wiener process, {W (t),t > 0}, are given in
Definition 7.1 (The Wiener process). A stochastic process [W (t);t > 0] is said
to be a Wiener process if it satisfies the following conditions:

1. W(0) = 0 with probability 1 (w.p.1).

2. The increments W(t;) — W (to), W (t2) = W(t1),...,W(ty) — W(t,—1) of the
process for any partitioning of the time interval 0 <ty <t < ... <ty <o
are mutually independent.



THE WIENER PROCESS 121

3. The increments W (t) — W () for any 0 < s <t are normally distributed with
mean and variance, respectively,

EW()-W(s) = 0, (7.10)
Var[W(r) - W(s)] = 1—s, (7.11)

ie, W(t)—W(s) € N(O,t—s).
4. W(t) has continuous trajectories.

It follows from (7.10) that the mean of the process is zero for any time
interval, whereas the variance grows unboundedly as the length of the time
interval ¢ — s is increased.

Using this definition of the Wiener process, we can write (7.9) as

X(t+A)—X(t)=p(t,X(1))At +0(t,X(2))AW(¢) (7.12)

where
AW (1) =W (t +Ar) —W(t). (7.13)

Let us now try to formalize (7.9) slightly by dividing through by Az and then
letting At tend to 0. Formally we should obtain

X() = pu(6,X(0) +onX(O)V(©),  X(0)=x (7.14)

where we have added an initial value x and introduced V (¢) as the formal time
derivative of the Wiener process.

Assuming that V(¢) is a well defined process, it should now be possible to
solve (7.12) for every realization or trajectory of V (¢). It can be shown that the
process V (¢) is unfortunately not well defined as the Wiener process is nowhere
differentiable, although it is continuous. For illustration consider the limit

oy ELOW@+R)?] —E[W@)?] _t+h—t
50 h T h &

Thus in a mean square sense the derivative of the Wiener process W (¢) is not
the derivative process V() = W(t) as defined above.

The Wiener process is a Markov process as well as a martingale as we
shall see later. The sample paths (realizations) of the process are continuous
with probability one, but they are nowhere differentiable with probability 1
due to the (independent) increments (see e.g. @ksendal [2010] for a rigorous
proof).

Another approach is to let Az tend to zero in (7.12) without dividing through
by At. Formally we get

dX (1) = u(t,X(r))dt + o (2, X (¢))dW (1), X(0)=x (7.15)
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and it is natural to interpret (7.15) as a shorthand notation for the following
integral equation

t

X(t) :x+/,u(s,X(s))ds+/6(s,X(s))dW(s). (7.16)
0 0

The ds integral may be interpreted as an ordinary Riemann integral, whereas
the natural interpretation of the dW (s) integral is as an Riemann-Stieltjes inte-
gral for every trajectory of W. Unfortunately this is not reasonable as it can be
shown that the process W (¢) is of unbounded variation, i.e. the dW (s) integral
in (7.16) is divergent.

Strictly speaking, the notation in (7.15) does not make any sense as it de-
scribes the infinitesimal evolution of X (¢), which is driven by a Wiener process
with unbounded variation. We shall, however, use the notation (7.15) for con-
venience repeatedly in the following, but it should be remembered that it is
only shorthand for (7.16).

The remaining questions are now

e how do we formalize the stochastic integral in (7.16),
e how do we define the adjacent stochastic calculus and
e how do we analyze (7.15) in this framework?

7.3 Stochastic Integrals

Although the Wiener process has some simple probabilistic properties it is
by no means simple to define stochastic integration with respect to a Wiener
process, because the trajectory of a Wiener process is very odd. Let us list some
of its peculiar properties

e As a Wiener process is of unbounded variation, it will eventually hit every
real value no matter how large or how negative.

e Once a Wiener process hits a value, it immediately hits it again infinitely
often, and then again from time to time in the future.

o It does not matter what scale you examine a Wiener process on — it looks
just the same. Thus a Wiener process or Brownian motion pertains to the
same self-similarity property as fractals.

Nevertheless, we intend to introduce the stochastic integral

t

1(t,0) = / g(s, 0)dW (s), (7.17)
0

where g(z, ®) is some suitably, smooth (possibly random) function in the fol-
lowing scheme, which is identical to the definition of the Riemann integral:
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1. Partition the time interval [0, ] into n subintervals of equal length, i.e. define
the time instants 0 =1y <t < ... <t, =1.

2. Define for each trajectory @ an approximate integral I,(®) by

0)= Y g(6.0) W, 0) - Wino)  (118)
k=0

where Ty is some arbitrarily chosen time in the interval [t;,f;11).

3. Finally, we let n tend to infinity and hope that 7,,(®) to some limit 7, which
we shall use to define the integral (7.17).

The objective of the following discussion is to show that it is important
where in the time interval [t [ the function g(7;, ®) is evaluated. Recall
that various choices of Ty, € [f,#11) yield the same results in ordinary calcu-
lus. We shall now show that this does not hold for stochastic calculus.

As an example, let us consider the case g(¢t) = W(t), i.e. we wish to com-
pute the stochastic integral

1) = / W (s)dW (s) (7.19)
0

where we choose to compute the integral from 7y = 0 instead of the more gen-
eral 7o, because we may use that W(0) = 0 to obtain a shorter formula.

As a preparation it is convenient first to consider the quadratic variation of
W (z) on the interval [0,7], i.e. we commence by considering the integral

t
/ (dW (s))>. (7.20)
0

Thus we introduce the notation AW, = W (#;1) — W (#;) and define the stochas-

tic variable
n—1

Sp =Y (AW,). (7.21)
k=0
If the Wiener process was differentiable, we would expect that S,, would con-
verge to zero as n tends to infinity, because the time interval [0,7] is finite. Let
us introduce the subintervals Ar = ;. — ty, i.e. At =t /n. From Definition 7.1,
it immediately follows that E [(AWy)?] = Az and thus

E[S ZE (AW;)? kaft

The variance of S, is found by direct calculation

2
Var S, Z Var AWk =2 Z A )? =2n <%)2 = 2

n
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where it is used that (AW )? € At x%(1). It is well known that a sum of N (1)
distributed random variables is a x(N) distributed variable with mean N and
variance 2N. In other words, we have
) 212
Var[S,] =E [(Sy —E[S4])?] =E[(S.—1)*] = —
and thus
lim E [(S, —1)*] =0.

n—oo

In this case, we say that S,, converges towards ¢ in a mean square sense or in
the space L?(dP x dr). This result is the foundation of the so-called Ito for-
mula, which plays a fundamental role in stochastic calculus as the stochastic
counterpart of the well-known chain rule from ordinary calculus.

The main result may be restated in differential form as

(AW (1))* = dr. (7.22)

Formally this metatheorem does not make any sense, but it is worth noticing
that it states that the square of a stochastic increment yields a purely determin-
istic property. Do, please, remember this result.

Let us return to the evaluation of (7.19). We proceed in a similar fashion
as above by constructing sums of the form (7.21). We consider two different
sums which evaluate the W (r) part at either the left hand side of the interval
[tks tir1[, Tk = fy, or the right hand side T = 1, i.e.

n—1

Ar=Y W)W (1) —W() (w=mn), (7.23)
=0
n—1

By=Y W(tict)(W(tir1) —W(tx)) (T =tir1). (7.24)
k=0

We immediately get the identities

A, +B, =W1), (7.25)
n—1

B, —An=Y (AW)? =S, (7.26)
k=0

for n — oo, where S, is given by (7.21). It immediately follows that B,, —A,, — ¢
in L? as n — oo. We therefore get the limits

A, — A,
B, — B,
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where
W2(t) t
A= - = 7.27
) > (7.27)
W2(t) ¢
B= —. 7.28
2 + > (7.28)

These results show that the value of the stochastic integral (7.19) depends crit-
ically on the placement of 7 in the interval [f;, ;. ), i.e. the integral depends
on where the integrand is evaluated in the interval [f;, 7, 1). Needless to say,
this is not the case in ordinary calculus.

By choosing 7; = t;, we get the enormously important Ito integral, which
yields

! 2
/ W (s)dW (s) = ;’ ) _ > (7.29)

0

By choosing 7, = #;41, we get

! 2
/ W (s)dW (s) = 2. . Dy (7.30)

’
5

Note that in both cases, we get the additional term ¢ /2 compared to ordinary
calculus. Finally, choosing #; = (# + f341)/2 yields the Stratonovich integral

2
/W )dW (s Wz( ) (7.31)

which is similar to classical calculus. However, there is a consensus that the
It0 integral is the only appropriate integral for financial modelling.

7.4 1to stochastic calculus

In this section we formally introduce the It0 stochastic integral. Therefore
some concepts from probability theory will be repeated for convenience.

We assume the existence of a filtered probability space (Q,.%,P), where
F is a o-algebra on the sample space Q of possible outcomes, (Q,.%#) is a
measurable space and P: .% — [0, 1] is some probability measure.
Definition 7.2 (Filtration). A filtration on (Q,.%) is a family {.Z(t)},~, of
o-algebras 7 (t) C F such that N

F(s) CF(t) for 0<s<t.

Generally speaking, Z (s) denotes the set of events (or the information
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set) up to time 5. The natural filtration {7 (¢)},- is increasing and right con-
tinuous, i.e. at time 7, 0 < s < ¢, more information is available (or, at least,
information is not lost) .%(s) C % (¢) than at time s and in the limit com-
plete information is obtained % (e0) = %. Application of the natural filtration
{Z (t)};>0 implies that information about X (¢) in (7.15) must be deduced from
observations of X(¢) as opposed to, e.g., Y(¢) = f(X(¢)), where f: R+— R is
some nontrivial (possibly nonlinear) function.

Example 7.4. Consider the function Y (t) = |X(t)|. Here, the value of Y (t) is
known when knowing X (t), but the converse does not hold.

Remark 7.2. Consider a stochastic variable X () as a function X (t): Q+— R
that maps the sample space Q into R. If {0 € Q: X(t,0) < x} € F for each
x €R, then X(t) is said to be F (t)-measurable.

Definition 7.3 (Martingale). A stochastic process {X(t),t > 0} on the prob-
ability space (Q,.%,P) is called a martingale with respect to a filtration
{FO}is0 if

1. X(¢) is Z (t)-measurable for all t

2. E[|X(1)|] < oo forallt, and

3. EX(@0)|Z(s)] =X(s) forall s <t.

Definition 7.4 (Adapted process). The stochastic process X (t) is adapted to
the filtration F (t) if X(¢) is an Z (t)-measurable random variable for each
t>0.

Remark 7.3 (Adaptedness). It is instructive to think of measurability and
adaptedness in the sense that if a function g(t) is said to be .F (t)-measurable,
then it essentially means that g(t) is known at time t.

Example 7.5. A Wiener process W (t) that is adapted to a given filtration .F (r)
possesses the property that

W (t) — W (s) is independent of F. (7.32)

The process W (t) is then said to be a F#,-Wiener process.

Please, refer to the Appendix for a more detailed exposition to these con-
cepts or consult the references given in the introduction to this chapter.

Definition 7.5 (The class .Z?). Let .#*[a,b] denote the class of processes
g(s, ) that satisfies the conditions:

o The function g(s, ®) is .7 (s)-adapted.

o The integral
b

/E [(g(s,))?] ds < oo (7.33)

a

is finite.
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For some a < b we now define the stochastic integral

b

/ g(s,0)dW (s) (7.34)

a

for all g € .#?[a,b]. We shall only consider simple functions (to be defined
below) and leave the generalization to the interested reader.

Assume that g is simple, i.e. there exist deterministic time instants a = fy <
t; <...<t, = b such that

g(s,0) = g(ty, w) for s € [t,tx11]
where
glty,w) e F(t) k=0,...,n.

In other words g(#, @) is . (f;)-measurable, i.e. g(#;) is known at time #.
For a simple process g we define the stochastic integral by a sum similar to
(7.23)

b n—1
/ g(s5,)dW (s) = ¥ g1, @) (W (1) — W (). (7.35)
" k=0

It is inherently important that we define the incremental Wiener process in
terms of the forward differences W (#511) — W (#).

Theorem 7.1 (Stochastic integration rules). Let g and h be simple processes
that satisfy (7.33) and let o, B be real numbers. The following rules apply

e Stochastic integrals are linear operators

b

b b
/ (g(s) + Bh(s))dW (s) = a / 2(s)dW (s) + B / h(s)dW(s).  (7.36)

a

o The unconditional expectation of a stochastic integral when g € £ [a,b] is
zero

b
E / 2(s)dw(s) | =o. (7.37)

e Stochastic integrals are measurable with respect to the filtration generated
by the Wiener process, i.e.

b
/g(s)dW(s) is & (b) — measurable. (7.38)

a
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e Stochastic integrals when g € £?[a,b] are martingales

b
E / ()W (s)| Z (a)| =o0. (7.39)

a

o The Ito isometry is a convenient way of computing variances when g €
Z?[a,b)

b 2 b
E /g(s)dW(s) = /E [g2 (s)]ds (Ito isometry). (7.40)

e [t also applies to covariance

b

. b b
E / 2(s)dW (s) / h(s)dW (s) :/ E[g(s)h(s)]ds.  (7.41)

a

Proof. That the It0 integral is a linear operator is trivial and is left as an exer-
cise for the reader.
To make the notation less cumbersome, we introduce the entities

gk =8t), AWy =W (try1) —W(t), Aty = tiy1 —tx, T =F (). (1.42)

We get
b n—1
E / g(s)dW(s) | = Y E[gaW]. (7.43)
a k=0

If we use the fact that the process g is adapted to the filtration .% (1), we get
E [gkAWk] =E [E [gkAWkLg\(l‘k)]] =E [ng [AWk‘gZ(lk)]] s (7.44)

where we have used the standard trick (iterated expectations) of introducing a
conditioning argument and taken the expectation with respect to that argument.
As the Wiener process has independent increments, we get

E[gE[AW|.F (#)]] =0

and we have proved (7.37).
Next we shall prove (7.40). By introducing the well-known sum, we get

2

b
E (| [s0aw(s) | | = LE s aw)aw)
a bJ

where we need to consider two cases:
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1. Fori= j, we get

E [¢7(AW,)*] =E [E [¢}(AW))*| Z]]
= E[E[(aW,)’|.7]] = E [s}ar]
=E[g]A

2. Fori# j with, say i < j, we get

E[gig;(AW;)(AW))] = E [E [gig,;(AW;) (AW;)|.Z}]]
=E[gig;(AW)E[(AW;)[.Z]] =0

as the Wiener increment has the conditional mean 0.

Thus we have

2

b b
E s)dW (s =Y E[g] A= | E[g(s)]ds. (7.45)
a/gu 6] | ~ZEld]a / [62(9)]

Equation (7.41) may be shown in a similar fashion. Eq. (7.38) follows imme-
diately from the definition of the stochastic integral, and (7.39) is shown as
(7.37). O

Remark 7.4 (It isometry). Note that (7.40) establishes an isometry between
stochastic integrals and deterministic integrals. This is very useful for the cal-
culation of variances.

Remark 7.5. The rules in Theorem 7.1 may be extended to cover a larger class
of functions than the simple functions considered above by considering Cauchy
sequences in L of simple functions, but we will not go into the details here.

Remark 7.6. It is possible to extend stochastic integration to all adapted pro-
cesses g which satisfy the condition

1
P /gz(s)ds<oo =1
0

For all such g it is not guaranteed that (7.37), (7.40) and (7.39) are valid, but
the properties (7.38) and (7.36) still hold. These stochastic integrals are known
as local martingales.

It is easy to show that the Wiener process is in itself an P-martingale and it
is a very important consequence of Theorem 7.1 that the martingale property
is preserved with respect to integration of .#%-processes.
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Theorem 7.2 (Continuous trajectories). Assume that g € £>[0,t] for allt > 0.
Define the process X by

t

ng:/g@qug. (7.46)

0
Then X (t) is a martingale with continuous trajectories.

Proof. By direct calculation we get
X(0) = [ gwaw(w = [ W+ [ gaww
0 0 s
=X+ [ gu)dW (w).

Using (7.37) we get

F(s)| = X(s).

EX(OL7(5)] =X +E | [ )W (w)

The continuity of the trajectories is difficult to prove, but it should be intuitively
clear as the Wiener process lacks jumps. [

7.5 Extensions to jump processes

It is possible to extend the theory on stochastic integration to discontinuous
processes, Cont and Tankov [2004] being a good start. The simplest example
of a discontinuous process with iid increments is the Poisson process.

Definition 7.6 (Poisson process). A Poisson process is an integer-valued
stochastic process {N(t),t > 0} satisfying the following conditions:
e N(0) = 0 with probability 1 (w.p.1).
o The increments N(t) — N (u) is independent of N(s) —N(0) fort > u>s>0.
o The distribution of N(t) — N(s) € Po(A(t —s)) where Po is the Poisson dis-
tribution and A is the so-called intensity of the process.
o The process is continuous in probability.
There are obvious similarities (and differences) between the Wiener pro-
cess (7.1) and the Poisson process.

Jump processes are easier to analyse if we introduce some well-known
transform methods (Fourier transforms, etc.).
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Definition 7.7 (Characteristic function). The Fourier transform of a random
variable or process is called the characteristic function

vx (u) =E [¢"¥]. (7.47)

Characteristic functions are incredibly useful in probability, as, e.g., the
distribution of sums of iid random variables is computed using convolution of
the densities. A simpler alternative is to use Fourier methods. This can be seen
by computing the characteristic function for the sum

V() = B [0 ] — B[] B[] =y, )y, (), (7.48)

where we use the independence of the random variables to factor the expecta-
tion.

Example 7.6 (Gaussian). The characteristic function for a Gaussian random
variable X with mean |l and covariance X is given by

w(u) = E [¢"X] = gt v 3020 (7.49)

Example 7.7 (Poisson). The characteristic function for a Poisson random
variable with parameter A is given by

w(u) = M), (7.50)

Example 7.8 (Compound Poisson process). A compound Poisson process is
defined as

N(t)
St =Y 1, (7.51)
n=1

where N(t) is a Poisson process and {Y,,n € N} are iid random variables
independent of N. The convention is that no terms are included in the sum
before N(t) reaches one

0
Y v.=o. (7.52)
n=1

The compound Poisson process is a nice model for large, unexpected, rare
events such as government interventions, earthquakes, etc.

Theorem 7.3. The characteristic function for a compound Poisson process is
given by
W) (u) = V0070, (7.53)

where A is the jump intensity and Wy (-) is the characteristic function for the
jumpsY.
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Proof. The characteristic function is computed, using iterated expectations as

Vs (1) = E [ 50| (7.54)
K [E [eius(’) |N(t)” —E [E [eiu(xl ()44 Xn(0) |N(t)” (7.55)
—E [(yy(@)"]. (7.56)

Here, we recognize that this is in fact the probability generating function,
g(z) = E[ZY)] = ¢*(=1)_for a Poisson random variable, evaluated at wy (1),
concluding the proof. O

Compound Poisson processes, as well as Wiener processes, are special
cases of a more general class of processes, namely Lévy processes.

Definition 7.8 (Lévy process). A cadlag' process {X(t),t > 0} is called a
Lévy process if it satisfies the following conditions

o X (0) = 0 with probability 1.

o The increment X (t) — X (u) is independent of X (s) — X (0) fort >u > s> 0.

o The increments are strictly stationary, i.e. X (t + 8t) — X (t) CA X(t)—X(t—
or).

e The paths are continuous in probability,
ImP(|X(r+h)—X(1)| > €) =0. (7.57)
h—0

Theorem 7.4 (Lévy-Khinchin representation). Let {X(¢)} be a Lévy process
with a characteristic triplet (b,X,Vv). Then

E [e"“X (f>] — 9 (7.58)
with the characteristic exponent
1 .
0(u) = b u—Su" Tu+ / (e'“” 11— iuTxl{‘x|<1}> vidy) (759

where u,b € R, X is a non-negative d x d matrix and v is a measure on R?
with v({0}) = 0 and [ min(||x||,1)v(dx) < eo.

The first two parameters in characteristic triplet (b, X, V) can be identified
as the drift and diffusion in a Brownian motion with drift; cf. (7.49). The mea-
sure Vv is called the Lévy measure and controls the jumps. It is defined, for
some Borel set A € Z(R?), as

v(A) =E[#{t € [0,1] : AX(r) # 0,AX(t) € A}]. (7.60)

‘We will see in Section 9.6 how characteristic functions can be used to value
a large class of options, under rather general models.

IRight continuous with left limits.
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Definition 7.9 (Merton). The Merton model (Merton [1976]), is a simple jump
process. The log spot price is modelled as a compound Poisson process with
Gaussian N (W, 8%) jumps with intensity A

N(t)
logS(t) =X (1) =10gS(0) +yr + oW (1) + ) Y. (7.61)
n=0

The conditional distribution generated by the Merton model is a mixture of
Gaussians. Option prices computed using the Merton model will therefore be
a mixture of Black & Scholes prices.

It follows from Equation (7.49) and Equation (7.53) that the characteristic
function (assuming S(0) = 1) is given by

2.2
2,2 iy 95u”
iytu— t+/1t(e’““ 2 71>

E [e"""“)} —e (7.62)

; 2,2
t(iyuf#wdt(e'“”*éz 7]>>
—e (7.63)

where the second line presents the characteristic exponent.
We can easily find how to choose the parameter 7y such that the discounted

process becomes a martingale. Evaluating the characteristic function in u = —i
vields
¢(—i)=E [ef“X (ﬂ —E [ex <f>] —E[S(r)]. (7.64)
u=—i
Doing this for the Merton model gives
o’ b
E[¢’")] = exp [r (y+2+/1 (e“+2 - 1))} (7.65)
implying that
o’ 32
yfrzﬂt(e“z 1) (7.66)

transforms the discounted price process into a martingale.

Definition 7.10 (Variance Gamma process). The Variance Gamma (VG) pro-
cess (Madan and Seneta [1990]), is a time-shifted Wiener process, where the
time shift is controlled by a Gamma process U(t,1,v). The Variance Gamma
process is then defined as

X(t)=0I(t,1,v)+oW('(t,1,v)). (7.67)

This definition is very useful for Monte Carlo simulations.
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The characteristic function for a Variance Gamma process (Cont and
Tankov [2004], Hirsa [2013]) is given by

E {eium} _ ( ! )t/v. (7.68)

1 —iubv+oc?u?v/2

Lévy processes that are defined as time-shifted Brownian motions are com-
monly referred to as Subordinated Brownian motions.

Definition 7.11 (NIG process). The Normal Inverse Gaussian (NIG)
(Barndorff-Nielsen [1997]), is similar to the VG process, the difference be-
ing that the time shift process is an Inverse Gaussian (IG) process, rather than
a Gamma process. The corresponding characteristic function is given by

k2,02 (6 iu 2
E[o] - e<_cm) (7.69)

Definition 7.12 (Time-shifted Lévy processes). The processes Defined in def-
inition 7.9-7.11 all have iid increments, while it is well known that real world
data typically exhibit time varying volatility. This can be achieved by another
time shift, this time using an integrated, positive process. One of the most pop-
ular time shifts is to use an integrated Cox—Ingersoll-Ross (CIR) model (Cox
etal. [1985]) (Stochastic differential equation will be introduced in Chapter 8).
The Cox—Ingersoll-Ross model is given by the stochastic differential equation

dy(r) = xk(n —y(t))dt + A+/y(2)dW(z). (7.70)
It is well known that this process is positive. Integrating this process
t
Y () = / V(s)ds (7.71)
0

generates a time shift process.
A time-shifted Variance Gamma or NIG process would then be defined as

ZVGfClR(t) = XV(;(Y(I)). (7.72)
The characteristic function can be derived (see Hirsa [2013]), arriving at
E |:eiuZVG—CIR(I):| — yerr (—ilog Wy (u)) (1.73)

which is rather similar to Equation (7.53). Finally, the characteristic function
for the integrated CIR process is given by

veir(u) = E[e™ 0] = A(t,u)eP0), (7.74)
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where
K2t
e 2?2
A(tyu) = e (7.75)
(cosh(%) —&—%sinh(%)) 2
2iu
B(t,uy) = ———— 7.76
) K+ ycoth(¥) (7.76)
with
—2A2%u. (7.77)

Time-shifted Lévy processes provide a very good fit to market data (Lind-
strom et al. [2008]).

The characteristic function can also be derived for some stochastic volatil-
ity models, most notably the Heston model (Heston [1993]).

Definition 7.13. The risk-neutral version of the Heston stochastic volatility
model is given by
dS(t) = rS(t)dr +/V ()S(t)dw S (1) (7.78)
dv(t)=x(0—V(t))dt+0,/V dW (7.79)
where the driving Wiener processes are allowed to be correlated on an in-
finitesimal scale dWS) (1)dW () (¢) = pdt.

It can be shown that the characteristic function for the logarithmic stock
price, X(t) =1og(S(t)), is given by

Wiieston (1) = exp (iu(log(S(0)) +rt) + C(u) + D(u)V (0)) (7.80)
where
cuy="2 [(K‘— poyui—d)t (7.81)
Oy
(k —poyui)(1 —e ) +d(e T +1)
—2log < 2d ) }

. 2

. - —dt —lu—Uu
D) = (=) e a1 —e @) £ d(e @+ 1) (782)
d= \/ (povui — k)2 + o2 (ui+u?). (7.83)

Extending the Heston characteristic function to the Bates model (Bates
[1996]), is rather straightforward.

Definition 7.14. The Bates model is a Heston model, with independent jumps
in the S component, formally deﬁned as

dS(r) = yS(6)dt +/V (1)S(1)dws +S,_dJ() (7.84)
V() =k(0—V( dt+0'v\/ Hdw (7.85)
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where the driving Wiener processes once again are allowed to be correlated,
dwWS) (1) dW V) (r) = pdr, while J(t) is a compound Poisson process with in-
tensity A and lognormal distributed jumps of size k such that log(1 +k) €
N(u,8%). The jumps are independent of the diffusion part, although it is still
possible to derive the joint characteristics function when the jump intensity is
a linear function of the state variables (Duffie et al. [2003]).

Computing the logarithm of the stock price X (t) = log(S(t)) leads to the
dynamics

dX (1) = (y—k (e“+522 - 1) - ;vm) dr ++/V(0)dWwS (1) +dJ(1).
(7.86)

The discounted price process will therefore be a risk-neutral martingale if the
risk-free rate in the Heston models is replaced by

52
Fr=r—2 <e“+z — 1> . (7.87)

The characteristic function for the Bates model is, due to the independence
between the jumps and the Wiener processes, given by a multiplication of the

&
Heston characteristic function, replacing r with r — A (e“+ 2 — 1>, while the

Jjump term given by

A (e"“”* e 71>
¢Jumps(u) =e

leads to the joint expression

, (7.88)

¢Bates(”) = ¢Hest0n(u)¢1umps(u)~ (7.89)

7.6 Problems

Problem 7.1
1. Show (7.25).
2. Show (7.27).

Problem 7.2
Referring to (7.18), the important Stratonovitch integrals are obtained by in-

troducing
e+l
&= 7

i.e. the integrand is evaluated at the midpoint of the interval [t;, |-
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1. Compute the integral

/ W (s)dW (s)
0

in the Stratonovitch sense.

Although it may be shown that Stratonovitch integrals are neither Markov
processes nor martingales, they are important for theoretical work because the
ordinary chain rule applies for variable transformations.

Problem 7.3

Let B(t) denote a standard Brownian motion (a Wiener process) on the proba-
bility field (Q,.7,P) and let .7 (¢) be the natural filtration generated by B(z).
1. Show that B(¢) is a martingale.

2. Show that only one of the following is a martingale

3. Use this result to give an intuitive explanation of the martingale property.
(Hint: Sketch a realization of the two processes.)
4. Show that N(t) = B(t)® — 3tB(t) is a martingale.






Chapter 8

Stochastic differential equations

Having established stochastic calculus in the Ito sense in the last chapter, we
are now prepared to consider stochastic differential equations. For ease of no-
tation, we shall in general only state the important results for univariate SDEs,
but a few results will be generalized to multivariate SDEs.

We repeat that the notion of stochastic differential equations (SDEs) is
merely a shorthand notation for stochastic integral equations. The latter may
be defined in several ways, but we restrict our discussion to stochastic integrals
in the Itd sense. Unfortunately, this implies that the well-known chain rule for
variable transformations must be replaced by the so-called It6 formula, which
will be introduced in the multivariate case. This formula may be used to ob-
tain closed form solutions of some SDEs. Besides, it just makes It stochastic
calculus more tedious.

In the following exposition to stochastic differential equations, we shall
only use the Wiener process as the driving noise process. We recall that the
Wiener process is both a Markov process and a martingale, and that the mean
of the stochastic integral (in the Itdo sense) of any square integrable, adapted
process with respect to a Wiener process, is zero.

Stochastic differential equations driven by, e.g., a Poisson process (or jump
processes, counting processes or marked point processes) are gaining ground
in the financial literature (Cont and Tankov [2004] for a gentle overview).
However, a considerable extension of the measure-theoretical concepts of
adaptedness and predictability is required, which is beyond the scope of this
book. It is duly noted that the topics covered in this chapter may be generalized
to cover the very general class of square integrable processes (see e.g. Bjork
[2009], Karatzas and Shreve [1996], Ikeda and Watanabe [1989] for details).

The remainder of this chapter is organized as follows: Section 8.1 intro-
duces stochastic differential equations. Section 8.2 considers analytical solu-
tion methods. Section 8.3 considers a link between parabolic partial differential
equations (PDEs) and SDEs, which we shall use later in order to avoid solving
such PDEs. Section 8.4 introduces continuous measure transformations, which
will be used in later chapters.

139
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8.1 Stochastic Differential Equations

We assume the existence of a probability space (Q,.7,P), where .%# is a o-
algebra on the sample space Q of possible outcomes, and (,.%) is a measur-
able space and P: .% — [0, 1] is a probability measure. Let the drift t: R— R
and the diffusion 6: R — R be Borel-measurable functions' and assume that
X;: Q+— R is a solution to the time-homogeneous It6 stochastic differential
equation

dX (1) = (e, X (¢£))de + o(6,X (£))dW (1),  X(0) = xo 3.1)

where {W(z),t > 0} is a standard Wiener process defined on the probabil-
ity space (Q,.%#,P) equipped with the natural filtration {.%# (¢)} generated by
W(z).

The standard Wiener process is defined in Definition 7.1; the concepts of
filtration, martingales and adaptedness are defined in Definitions 7.2, 7.3 and
7.4. Please refer to Appendix A for a detailed discussion of these concepts.

Let us give a number of examples to illustrate the following discussion.

Example 8.1 (The Wiener process). Consider the Wiener process
dX(¢) = cdW(z), X(0) =xp (8.2)

where G is the standard deviation of the process and x is a deterministic initial
condition, which is short for

X (1) :xo+/GdW(s).
0

From the definition of the Wiener process (Definition 7.1), it immediately fol-
lows that
X(t)=x0+0c(W(t)—W(0)) =xo+cW(t).

Next we compute the mean of X (t), i.e.

E[X(1)] =E x0+/GdW(s) = xo
0

I'The functions u and o will, in general, depend on a p-dimensional parameter vector 8 € ® C
R?, where ® may be some constrained subset of R”. For notational convenience this parameter
dependency will be suppressed in this chapter.
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which follows from (7.37). The variance is given by

t t
Var [X(1)] = Var | xo + / cdW(s)| = o°E / AW (s)
0 0
t
= 0'2/E [1%] ds = o1,
0
where we have used the Ito isometry property (7.40). This shows that
Var [X (¢)] — o as t — oo. However the process is still bounded in finite time.

Example 8.2 (Wiener process with drift). Let us compute the mean and vari-
ance of X (t), where X (t) is the solution to

dX (1) = pdr +odW(r),  X(0) =xo

where L and ¢ are some constants. This SDE corresponds to
l. l.
X(t)=x0+ /,uds—f—/GdW(s).
0 0
As in the previous example, we get

t t
E[X(1)] = xo+E /uds L E /ch(s) — xo+ut,
0 0

t t 2
Var[X(t)] = Var /GdW(s) =0’E /dW(s) =o’t.
0 0

We see that the mean of X (t) has a linear trend (or drift).
Example 8.3 (Stochastic exponential growth). Consider the SDE

dX(¢) = uX(r)dt + cdW(z), X(0) =xo (8.3)

where [l and © are constants, which may describe unlimited growth in biolog-
ical systems or a stochastic money market account.
If we take expectations in the adjacent stochastic integral equation, we get

E[X(1)] = xo+E /uX(s)ds +E o/'dW(s)
0 0
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Of course, the last term equals zero. Using Fubini’s theorem (which we nei-
ther state nor prove here), we may exchange the expectation and integration
operators, i.e.,

E[X(1)] = xo+E //J.X(s)ds zxo—&—u/E[X(s)}ds.
0 0

Compared to the last two examples the problem is now that E[X (1)) exists on
both sides of the equation. A standard trick is to introduce m(t) = E[X (¢)] and
then take the expectation and derivative with respect to time t on both sides,
Le.,
dm(r)
dr
which clearly has the solution

=n(t) = um(r);  m(0) =E[X(0)]

E[X ()] =m(t) = m(0)e".

We see that E[X (t)] grows exponentially as t — .

Considering the slightly more complicated Geometric Brownian Motion
(GBM)
dX(r) = aX(¢)dt + oX (r)dW(z), (8.4)

where o and o are positive constants, it is not clear if there is existence and
uniqueness of the solution for all # > 0 or if the solution might blow up with
positive probability in finite time. Along the same lines we must examine
whether it is possible to determine a closed form solution or not. In the for-
mer case, we may have to impose some restrictions on the functions y and o
in (8.1) in order to obtain existence of the solution.

It is an interesting result that the answers to these questions only depend on
the properties of the infinitesimal characteristics |t and ¢ in (8.1) (and possibly
the initial condition X (0)).

8.1.1 Existence and uniqueness

As for ordinary differential equations (ODEs) Lipschitz and bounded growth
conditions must be imposed on the drift and diffusion terms in order to obtain
existence and uniqueness of solutions.

We must distinguish between weak and strong solutions to (8.1). A strong
solution is obtained if the driving Wiener process is given in advance as a part
of the problem such that the obtained solution to (8.1) is .%# (r)-adapted, where
Z () is the o-algebra generated by the Wiener process. On the other hand,
if we are just given the infinitesimal characteristics ¢t and ¢ in advance and
the solution should apply for all possible Wiener processes, then the obtained
solution is called a weak solution. It is clear that a strong solution is also a
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weak solution, because the particular Wiener process W (¢) that resulted in the
strong solution is just one of infinitely many Wiener processes that will give a
weak solution. The converse is not true in general.

Theorem 8.1 (Strong uniqueness). Suppose that the infinitesimal characteris-
tics (x) and o(x) are locally Lipschitz-continuous in the state variable; i.e.,
for every integer n > 1 there exists a constant C, such that for every t > (),
|x| <nand|y| <n:

lu(x) —u(y)|+]ox) —o(y)| < Culx—yl. (8.5)
Then strong uniqueness holds for (8.1).
Proof. Omitted. See Karatzas and Shreve [1996]. O

Let us consider an example that does not satisfy the condition (8.5).
Example 8.4. It is easy to verify that the differential equation

dx

& 523

dr x
has several solutions, for any a > 0,

x(t):{o fort <a,

(t—a)® fort>a.

This ODE is excluded as y(x) = 3x*/3 does not satisfy (8.5) for x = 0.

We need an additional assumption in order to obtain existence and unique-
ness of the solutions of (8.1).

Assumption 8.1 (Linear growth). The functions U and o satisfy the usual
linear growth condition

K@) +Io@)| <K(1+ ), VreR 8.6)

where K is a positive, real constant.

Example 8.5. The differential equation

dx
@ =x*(1), x(0)=1
corresponding to W(x) = x* has the solution

1
x(t)zﬁ; 0<r<l.

Thus it is impossible to find a solution for all t. This is due to the fact that
w(x) = x* does not satisfy Assumption 8.1.
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Next consider an example of a SDE.

Example 8.6 (Trespassing in a minefield). Consider as an example of the pro-
cess which satisfies (8.5), but not (8.6)

dx(r) = f% exp(—2X (¢))dt +exp(—X (¢))dW (z).

For X (r) < 0, we get exponential growth, which is faster than linear growth,
and (8.6) is not satisfied. It may be shown that the solution is given by

X(t) =In(W(r) +exp(X(0))).

It can be seen that the solution blows up when W (t) < —exp(X(0)), as we
would have to compute the natural logarithm of a negative number! If we define
the (stopping) time ©(X (0), @) by

7(X(0),0) =inf{r > 0: W(t,0) = —exp(X(0,®))}, @eQ

it is clear that the solution only exists up to time T(X(0),®). This explosion
time depends on the stochastic initial condition and the actual trajectory of the
driving Wiener process.

Example 8.7 (Geometric Brownian motion). Consider the process given in
(8.4). In this case an explosion time e may be defined by

e=inf{t > 0:X(r) € {0,0}} (8.7)

which states that the explosion time e is the first (i.e., smallest) time, where the
process X (t) hits the boundary 0 or takes the value of «. Note that it is also
critical if X (t) attains the value 0 because the process X (s) will remain at zero
for s > t. The value of X(t) as t — o depends on the parameters |l and G as
follows (this is illustrated in Example 8.10):

L. Ifu > 302 then X(t) — o a.s. ast — oo.
2. If u < 0% then X(t) = 0 a.s. ast — oo,

3. Ifu= %0'2 then X (t) will fluctuate berween arbitrary large and arbitrary
small values a.s. ast — oo,

where a.s. is an abbreviation of almost surely. It may, however, be shown that
X (t) does not take either the value 0 or o in finite time. Hence the geometric
brownian Motion does not explode. This is also clear as the infinitesimal char-
acteristics are linear in X (t) and thus fulfils the Lipschitz condtions (8.5) and,
in particular, the linear growth condition (8.6).

It may be shown that the conditions in Theorem 8.1 and Assumption 8.1
ensure the existence and uniqueness of solutions of (8.1). In particular (8.6)
ensures that the solution does not explode in finite time. These assumptions
may be generalized to the multivariate case (Karatzas and Shreve [1996]).



STOCHASTIC DIFFERENTIAL EQUATIONS 145

For one-dimensional processes (8.1), the assumptions (8.5) and (8.6) are
not necessary to ensure nonexplosive solutions. The assumptions can be weak-
ened to the following theorem.

Theorem 8.2 (The Yamada conditions). Suppose that L and ¢ are bounded.
Assume further that the following conditions hold:

1. There exists a strictly increasing function v(u): Ry — R such that v(0) =
0, and [ v=2(u)du = o and |6(x) — o(y)| < v(]x—y|) for all x,y € R.
0

2. There exists an increasing and concave function x(u): Ry — R such that

k(0) =0, TK_I(u)du =ooand |u(x) — u(y)| < x(jJx—y|) forall x,y € R.
0

Then the pathwise uniqueness of solutions holds for (8.1) and hence it has a
unique strong solution.

Proof. Omitted. See Ikeda and Watanabe [1989]. O

Remark 8.1. The usual Lipschitz condition requires that v(u) = Kyu and
K(u) = Kou, where Ki,K, € Ry are some constants, or even a unified con-
dition for | and © as shown in, e.g. Rydberg [1997].

There exist solutions to (8.1) which do not fulfil the linear growth condi-
tion (8.6). Thus we need to determine other conditions that ensure the nonex-
plosiveness of solutions, in particular conditions which are easier to check than
those in Theorem 8.2.

Consider the scale function

x y
_ 2u(8)
s(x) —!exp - Gz(é)dé dy (8.3)

c

for some fixed ¢ € R,. This function may be used to establish sufficient con-

ditions on the parameters 8 € ® C R” so that the explosion will never occur.

Theorem 8.3 (Probability of an explosion). Ler X (¢) be described by (8.1), the

scale function s(x) by (8.8) and the explosion time e by (8.7).

1. If 5(0) = —oco and s(e0) = oo, then the probability for no explosion in finite
time is one

Ple=o0) =1
Sor every X (t).
2. If s(0) > —oo and s(oo) = oo, then liTmX(t) exists asymptotically and
tte
P(limX (1) =0) = P(supX(¢) < o0) =1
1fe t<e

for every x. A similar assertion holds if the roles of 0 and o are inter-
changed.
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3. If s(0) > —co and s(o0) < oo, then liTmX(t) exists asymptotically and
tTe

. . 5(o0) —s5(x)
P(limX(t) =0) =1 —-P(limX(t) = o) = ——=.
(leI? 1)=0) (tlTI? ) ) 5(e0) —5(0)
Proof. Omitted. See e.g. Ikeda and Watanabe [1989]. O]

Thus, if case 1) in Theorem 8.3 can be verified, the SDE in (8.1) does not
explode with probability 1 and the solution exists for all . On the other hand,
if case 1) is not fulfilled, (8.1) may explode with positive probability in finite
time. A further generalization is required, and this is called Feller’s test for
explosions. We refer the interested reader to, e.g., Karatzas and Shreve [1996,
Section 5.1] for details.

Remark 8.2. For specific choices of 1 and & in (8.1) the integral (8.8) may
be difficult to evaluate. However, the computations may be simplified consid-
erably by a change of measure using Girsanov’s Theorem (see later) provided
that a unique equivalent Martingale measure exists under the new measure
(see e.g. Rydberg [1997] for the appropriate conditions in the one-dimensional
case?). Informally speaking, Girsanov’s Theorem simply introduces a measure
that moves along with the deterministic drift and thus, under the equivalent
martingale measure, the drift is removed.

The following example illustrates the use of the scale function.
Example 8.8. For the process (8.2), there is no drift (X (¢)) = 0 and the
diffusion is simply 6(X (1)) = o, Le.,

X

s(x):/exp /yO dé dy—/xexp(O)dy—xc.

c c

Thus we get s(0) = —c, which implies that

g 0) = ==
and
s(oo) —oc0o—C VC€R+.

Thus condition 1) in Theorem 8.3 is fulfilled and the Wiener process (8.2)
does not explode. This may seem contradictory, but it is important to stress
that the trajectories of the Wiener process remain finite despite the fact that
Var[X (t)] — oo as t — oo. Note that o does not belong to the real line R.

In the remainder of this book (and the problems), we simply assume that a
unique solution exists. For brevity we shall not, in general, list the restrictions
on the parameters that must be imposed to ensure nonexplosiveness.

2These conditions do not immediately generalize to higher dimensions.
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8.1.2  Ito formula

An important feature of Itd stochastic differential equations is stated in the next
theorem, but first we need a definition.

Definition 8.1 (The C'2 space). Let ¢ : R? — R be a function of two variables.
The function @ is said to belong to the space C'? (R x R) if ¢ is continuously
differentiable w.r.t. the first variable and twice continuously differentiable w.r.t.
the second variable.

Theorem 8.4 (The Ito formula). Let X (t) be a solution to (8.1) and ¢ : R*> — R
be a CV*(R)-function applied to X (t)

Y(1) = o(1,X(2)). (8.9)
Then the following chain rule applies

do Jde 1 , d%¢ L)
5 uax(t)+26 IX(1)? dt—l—GaX(Z)dW(t) (8.10)

where the functions W and © are as defined prior to (8.1).

dr(r) =

Proof. For notational brevity, we will leave out the argument in @(¢,X(z)),
X(¢) and W(¢) in this ad hoc proof. A second order Taylor expansion of d¢
gives
J? 9%

? (dn?+ 22 grax.

aQ 0] 19%¢ 10%¢
2 0t? dtdx

do = 5 —dr+—-dX +

Y 2
ox X5 g (X7 +

From (8.1), we get
(dX)* = pu?(dr)* + 62(dW)? +2uo (dr) (dW).

Compared to terms with df and dW, the terms containing (d¢)? and (dt)(dW)
are insignificant while (dW)? ~ &'(dt). Thus we get
op 2p 1 ,d%
do = 8—dt+ a—(udtJr odW)+ = o ﬁ(dW)
_de 2p 2p 12 2°p
=5 dtﬂt(9 dtJrGa dW+§ o = dr
op 8(p 1, 82 2p

where we have also used Metatheorem 1. O

Remark 8.3 (Short form of the Itd formula). By introducing the notation @, =
A/ o1, etc., (8.10) may be written as

1
do = (o +poc+ 5cr2qom)dr+c;qoxdw, (8.11)

where we stress that @, should not be confused with ¢(t).
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Remark 8.4 (Additional term in the It6 formula). As opposed to classical cal-
culus, (8.10) contains the additional term 6> 9>@(X;)/dX?, which makes
Ito calculus more complicated for theoretical considerations, although solu-
tions to (8.1) are both Markov processes and martingales.

Remark 8.5. It follows from the last remark that the diffusion term from (8.1)
enters the drift of (8.10). Another remarkable observation from (8.10) is that
the transformed variable Y (¢) is also described by an Ito diffusion process.

Example 8.9. Consider the integral

0 = /0 "W(s)aw (s)

Choose X (t) = W (t), which implies that dX (1) = dW (¢), ie. 4 =0 and 6 = 1.

In addition choose the transformation @(t,x) = ;x Then

V()= 9, W (1) = 3W(e).

Using (8.10), we get

() = — dt+a—dW()+§W(dW(t))2
= OFW()-AW(0) + 5 (@W ()
— W)W+ %m.
This implies that
A5 W()) = W(e)-aW () + 5

or in integral form

1= /OIW(s)dW(s) -

Example 8.10 (Geometric Brownian motion). We wish to solve the SDE given
by

dX (1) = uX(t)dr+oX(t)dW;, Xo > 0. (8.12)
This SDE is called the geometric Brownian motion and is considered exten-

sively in mathematical finance as a model for interest rates and stock prices.
This is mainly due to the fact that the solution X (t) is lognormally distributed
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and thus excludes negative interest rates (or populations in biology or concen-
trations in chemistry).
By introducing the transformation Y (t) = ¢(¢,X(¢)) = In(X(¢)), we get
0 ¢ 1 2’ 1

or 7 9X(r)  X(r) X2 X(1)*
Inserting these in (8.10) we get

ay, = uX(t)% + %ovzx(t)2 <_X(1t)2>:| dr + GX(t)ﬁdW(t)

or

d(InX(£)) = (1 — %Gz)dt +odw (1)
and, finally,
X(1) = Xoexp((p — %oz)w oW (r)). (8.13)

8.1.3 Multivariate SDEs

Let the state variable X(¢) € R" be described by the multivariate SDE
dX(r) = p(s,X(¢))dr + o (¢, X (7)) dW () (8.14)

where (t,X(7)): RxR" = R", 6(¢,X(7)): RxR" — R" x R™ and W(¢) is
an m-dimensional standard Wiener process. Note that n need not equal m.
Alternatively, Eq. (8.14) may be written as

m
dXi(r) = i, X(0))de + Y 03(1,X(1))dW;(1);  i=1,...,n. (8.15)
j=1
For this process, we define the instantaneous covariances as

(1, X(1)) = o(t,X(1))o” (1,X(1)). (8.16)

Consider the following generalization of Theorem 8.4.
Theorem 8.5 (The multivariate 1td formula). Let X(¢) be a solution to (8.14)
and @ : R" — RK be a CV2(R)-function applied to X(t)
Y() = (1, X(1)). (8.17)
Then the following chain rule applies

do 9 1 2
do A4 + lu + Etrace (GGT

“|or ToX

0 ap
~Xo%T )} di+ o7 odW(r) (8.18)

where ¢ = @(t,X(1)), u = u(t,X(z)), etc.
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Proof. Omitted, but it is similar to the proof of Theorem 8.4. O

Remark 8.6. The multivariate Ito formula may also be written as

8(,0 1L aZ(P
) ~:1,~; IXX, (dX;)(dX;) (8.19)

1

29 u
d<p_§dt+i;

where (dW;)(dW;) = 0;;dt (Kronecker’s delta), i.e.,

(AW)(dW;) = 0 i, (8.20)
(dW;)(dw;) = dr, 8.21)
(dW)(dr) = (de)(dW;) =0. (8.22)

The following example illustrates the use of 1t6 ’s formula.

Example 8.11. Consider the two-dimensional SDE

dS; = oyS;dt+o015dW; 51(0) = Sio0, (8.23)
ds, 0pS>dr + 025, dWs SQ(O) = S99, (8.24)

where o, 0, 01 and o, are constants, and Wy, W, are two uncorrelated, stan-
dard Wiener processes. (We have left out the time argument t for brevity.)
By introducing the transformation

S1

®=0(81,5) = 5,

in (8.19), we get

1 S
dp = 0-dr+ S—((xlSldt +0181dWp) — Sfé((XQSzdl-f— 025,dW;)
2 2

1 1
+50-d51dS) + 81 (—(—25,%))dS,dS,

1 1 1 1
— [ —= | dS1dS; + = | —= | dS,dS
—|—2< S%) 1 2+2( S%) 2051

S S
= (061 — 0+ 622) fldl‘—l- (ordW; — szWQ)fl.

Sz S2
The difference between two uncorrelated Wiener processes Wi and W, with
standard deviations o1 and ©,, respectively, may be expressed as one Wiener
process W with the standard deviation o = \/612 + 622 (as for normally dis-
tributed random variables). Thus

S

S] 2 Sl
d| — | =(t1 —p+05) —dt + oc—dW.
<S2> ( 1 >+ 2)52 + 55
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Note that (8.23) may be solved independently and the solutions are given on
the form (8.13). Thus

Sl(t) _ m

2 2
» 05 +0j ) 2

= — + 05 — t++1/024+0W(t)|.

$20) S exp{((al )+ o; 5 > +4/ 07 +0; ()}

Remark 8.7 (The sum of two Wiener processes). From the Example, it follows
that the sum of two standard Wiener processes Wi (t) and Wa(t) may be written
as one Wiener process

oW (t) + oaWh(t) = 612+022W(I). (8.25)

This important result, which we state here without a formal proof, also applies
to the increments of the Wiener process, i.e.,

o1S(t)dW; (1) + 628 (t)dWs (1) = \/ o7 + 028 (t)dW (1). (8.26)

These results will be very useful in some problems and applications.

8.1.4 Stratonovitch SDE

An alternative definition of SDEs that adhere to the classical calculus (e.g., the
chain rule) is given by the Stratonovitch SDE

dX(t) = (X (2))dt + 6 (X (1)) odW(r) (8.27)

where fi: R+— R and 6: R — R are Borel-measurable functions and the o-
symbol is used to distinguish the Stratonovitch SDE from the Itd SDE (8.1).
Although (8.27) does not define neither a Markov process nor a martingale
(due to the definition of the Stratonovitch integral), this fact makes it unsuit-
able for, e.g., prediction and estimation purposes and it is more appropriate for
theoretical work, such as existence and uniqueness theorems, stability analysis,
bifurcation analysis (Baxendale [1994]) or Taylor series expansions (Kloeden
and Platen [1995]).

Fortunately there is a link between the stochastic integrals in the 1td and
Stratonovitch senses, namely

A(X (1) = (X (1) — ;G(X(;))a‘;g(x(f’)))

where 1,0 and [I are defined by (8.1) and (8.27), respectively. See, e.g., Kloe-
den and Platen [1995], Pugachev and Sinitsyn [1987], @ksendal [2010] for fur-
ther mathematical details, and Wang [1994], Nielsen [1996] for a discussion
of the appropriate application of SDEs (Itd or Stratonovitch) in mathematical
modelling.

Remark 8.8. Note that (8.1) and (8.27) coincide provided that (X (t)) =
6 (X (¢t)) is independent of X (t), because do (X (t))/dX (t) = 0 in this special,
but important, case.
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8.2 Analytical solution methods

Generally, it is difficult to obtain closed form solutions to stochastic differential
equations. However, the Itdo formula, that in all other aspects complicates an-
alytical calculations considerably, may be valuable as an intermediary step in
obtaining closed form solutions to (8.1). Some examples along these lines will
be given. As with linear ordinary differential equations, the general solution of
a linear stochastic differential equation can be found explicitly.

Closed form solutions for a number of SDEs (linear and nonlinear) are
listed in Kloeden and Platen [1995], where a very elaborate discussion of nu-
merical solutions may be found as well.

8.2.1 Linear, univariate SDEs

The general form of a univariate linear stochastic differential equation is

dX (1) = (t ()X (1) + k2 (1))di + (01 (1) X (2) + 02(2) )dW (1) (8.28)
X(t()) =Xo (8.29)

where the coefficients U, ly, 01 and 0, are given functions of time ¢ or con-
stants. We assume that these functions are measurable and bounded on an in-
terval 0 < < T such that the existence and uniqueness theorem from the pre-
ceding section applies and ensures the existence of a strong solution X (7) on
to<t<Tforeach0<ty<T.

When all the functions are constant the SDE is said to be autonomous and
its solutions are homogeneous Markov processes. Otherwise, the SDE is said
to be nonautonomous. When 1;(¢) = 0 and o,(¢) = 0, the Equations (8.28)
reduce to the homogenous linear SDE

dX (1) = w(OX@)dt + o1 (OXO)AW(1); X(10) =Xo  (8.30)

which clearly has the solution X(¢) = 0. The so-called fundamental solution
@, ;, which satisfies the initial condition @, ,, = 1 is much more important,
because any other solution may be expressed in terms of the fundamental so-
lution. To determine ®; ;,, we consider the simple case where oy (f) =0, i.e.,

dX (1) = ()X (1) + u2(2))dt + o2 (1)dW (1); X (1) = Xo (8.31)

where the Wiener process appears additively. In this case we say that the SDE
is linear in the narrow sense.

Theorem 8.6 (Solution to a linear SDE in the narrow sense). The solution of
(8.31) is given by

t t
X(t) =y | Xy + / 1 (5) @y 4 ds + / 0 (s) @5, AW (s) (8.32)
) 1o
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where
@, = exp / i (s)ds | - (8.33)
fo

Proof. The homogenous version (0, (¢) = 0) of (8.31) is an ordinary differen-
tial equation

X(t) = m ()X (1) (8.34)

with the fundamental solution

P, ;, =exp /,ul(s)ds

fo

Applying the It formula (8.10) to the transformation ¢ (¢, x) = x/®; ;, = P, t(l)x
and the solution X (¢) of (8.34), we get

. (dcpw(‘) _1>
d(@,X(1) = | — X0+ (w@)X()+ ()P, | dr

+02 ()P, dW (1)

= Wp(s)D; dt + 0 (1) D, dW (1) (8.35)

as {
do;, -

% = 7¢)t,t(1)u“l (t)

The right hand side of (8.35) can be integrated giving
cI)”(I)X() (Dlto tO +/#2 CD”Ods—&—/Gz CDS,OdW( )

We have thus obtained the solution (8.32) as &, , = 1. O

10, t()
Remark 8.9. Notice again that Py, l(lJ means 1/®; ,, and not the inverse func-
tion.

Theorem 8.7 (Solution to a linear SDE in the wide sense). The solution to
(8.28) is given by

X() = @ | X+ / (1a(5) — 01(5)oa(s)) @i Lds  (8.36)

+/62 )P, dW)

8,10
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where ®, ;, is given as the solution to the SDE
dq)l‘,to = U (t)q)t,todt + 01 (t)q)ttodW(t), cI)tOvtO =1. (837)
Proof. Omitted. See Kloeden and Platen [1995, Section 4.3]. O

Theorem 8.8 (Moments of a linear SDE in the wide sense). The
mean m(t) = E[X (¢)] of (8.28) satisfies the ordinary differential equation

m(t) = (O)m(t) + wa(t);  m(0) =my (8.38)
and the second order moment P(t) = E [X?(1)] satisfies

P(t) =

(2411 (1) + G2(0)P(1) + 2m(1) (1a(r) + 01 (1) 32(1)) + 03 (1), (8.39)
P(0)=P.

P (8.40)
Proof. By proceeding as in Example 8.3, Equation (8.38) is readily seen. In

order to show (8.39), we apply the 1td formula (8.10) to the transformation
o(t,x)=x%ie.,

1
do <0+(u1X+u2)2X+2(61X+62)2-2> dr
+(O'1X + Gz)ZXdW
(2(mX* + wX) + 07X* + 05 +2010:X) dt

+2(61X? + 02X )dW

where the arguments have been left out for brevity as in the following equiva-
lent stochastic integral formulation

t
X2(1t) =X (1) —|—/ (2(mX? + wX) + 0fX? + 05 +2010,X) ds
fo

1
+/2(01X2+02X)dW.

fo

By taking expectations the last term drops out; cf. (7.37). If we define P(¢) =
E [X?()] and take derivatives, we obtain

% =20 (1)P(t) + 22 (1)m(t) + 07 (1) P(t) + 03 (1) + 201 (1) 02 (1)m (1)
which equals (8.39). O

Remark 8.10. Recall that the variance Var [X (t)] may be determined from

Var [X (1)] = P(t) — (m(1))>. (8.41)
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In order to solve (8.39) the following result from calculus may be useful.
Remark 8.11 (A formula for solution of ODESs). The solution to the ODE

)+ y(t)x(t) =0(t), teSs, (8.42)

where W, : & — R are continuous in the interval ¥, is given by

(1) = exp(—¥(1)) < / exp(W(1)) 0 (1)d +c) , 1e€F,ceR  (843)

where
W(r) = / w(1)di.

As an example consider the SDE from Example 8.3 again.

Example 8.12. Consider the Langevin equation
dX(r) = —uX(t)dt +ocdW(t); X(0) = Xo. (8.44)

Without loss of generality, we assume that ty = 0. From (8.33), we immediately
get

t
D 9=exp| — / pds | =exp(—put)
0

and thus (8.32) yields the solution

X(t) = exp(—put) X0+G/exp(us)dW(s)
0

which is called the Ornstein-Uhlenbeck process.
The mean m(t) = E[X (t)] is obtained from (8.38), i.e.,
m(t) = moexp(—ut).
The second moment P(t) should fulfill
P(t)+2uP = o”.

Using Remark 8.11, we get

t
W(r) = /2/,Ldt —2ut
0
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and insertion into (8.43) yields

t

X(t) = exp(—2ut) /exp(2us)02ds+P0
0
2

c
= Pexp(—2ur) + o (1 —exp(—2ut)).
—_— u

Impact from initial variance

Response of the system

The variance may be found as stated in Remark 8.10, i.e.,
o? )
Var [X (¢)] = Poexp(—2ut) + n (1 —exp(—2ut)) —myexp(—2ur)

and the stationary value is

. c
tlgIoloVar X)) = TR

Note that it is not just 6>.

8.3 Feynman-Kac representation

In this section we shall describe a close relationship between stochastic differ-
ential equations and parabolic partial differential equations (PDEs).
Consider the following Cauchy problem

JF OF 1 9°F
W(tvx)_'_ou(tax)g(tvx)_'_Ecz(trx)ﬁ(trx) =0 (3.45)
F(T.X) = ®(X) (8.46)

where the functions p(#,x), o(t,x) and ®(T,x) are given and we wish to de-
termine the function F(¢,x)

As opposed to solving (8.45) analytically, we shall consider a representa-
tion formula for the solution F(¢,x) in terms of an associated stochastic differ-
ential equation.

Assume that there exists a solution to (8.45). Fix the time ¢ and the state x.
Let the stochastic process X () be a solution to the SDE

dX (s) = u(s,X(s))ds+o(s,X(s))dW(s), X(t)=x (8.47)

where s is now the running time.

Remark 8.12 (Same p(-) and o (-)). The functions u(t,X(t)) and o(t,X(t))
in (8.45) and (8.47) are the same — except for the fact that the running time
variable in (8.47) is s.
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If we apply the Ito formula (8.10) to the process F(s,X(s)) and write the
result in stochastic integral form, we get

F(T,X(T)) = F(t,X(1))
T
[ (G X+ X ) G X0

1 9’°F
+262(S,X(s))axz(s,X(s))) ds

T
+ / G(s,X(s))g—i(s,X(s))dW(s). (8.48)

Let us further assume that the process

G(s,X(s))%(S7X(S))

belongs to the space £, T|; see Definition 7.5. If we use that F(¢,x) solves
(8.45), then the ds integral drops out of (8.48). If we apply the boundary con-
dition F(T,x) = ®(x), and the initial condition X (¢) = x, and take the expected
value of the remaining parts of (8.48) then the last term also drops out; cf.
(7.37). The only remaining term is

F(t,x) = B, ([0(X(T))] (8.49)

where the subscript ¢,x on the expectation operator is used to emphasize the
fixed initial condition X (r) = x.

We state this important result in a theorem.
Theorem 8.9 (The Feynman—Kac representation). Assume that F solves the
boundary problem (8.45) and that the process

8i
ox

where X (t) is defined by (8.47). Then F has the stochastic Feynman—Kac rep-
resentation

o(5,X(s)=—(s,X(s)) € L*fort <T,x€R (8.50)

F(t,x) = B, [0(X(T)))]. (8.51)
Proof. Follows from the preceding derivation. O

Note that the theorem simply states that the solution to (8.45) is obtained
as the expected value of the boundary condition.

Remark 8.13. A major problem with this approach is that it is impossible to
check the assumption (8.50) in advance as it requires some a priori information
about the solution F to do so. At least two things can go wrong:
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1. Eq. (8.45) does not have a "sufficiently integrable" solution, i.e., the process
(8.50) does not belong to the class L. If the latter is the case, the solution
offered by the Feynman—Kac representation is pure nonsense.

2. The solution of (8.45) is not unique. If there are more solutions, the
Feynman—Kac approach just supplies the "sufficiently integrable" solution.
The remaining solutions must be found using another technique.

In this book, we shall assume that all the functions in question are “sufficiently
integrable.” We shall not go into all the technical details (see e.g. Bjork [2009],
Dksendal [2010]).

Let us consider an example of this remarkable approach.
Example 8.13. We wish to solve the following boundary problem in the do-
main [0,T] x R:

oF IF 1 ,,0°F
E—F,uai—F o°X az = 0

F(T,x) = In(x?)

where L and © are assumed to be constants.
It is readily seen that the associated SDE is given by

dX(s) = uX(s)ds+ X (s)dW(s); X(t) =x.

We recognize this as the geometric Brownian motion from Example 8.10 on
page 148, where the solution was found to be

X(T) = exp (1000 + (0 = 30207 1)+ W (T) - W() )
Using Theorem 8.9, we get the result
F(t,x) = E;[2In(X(T))]
= 2In(x)+2(u— %Gz)(T—t)

as the expected value of the Wiener increment W (T ) — W (¢) is zero.
We shall now consider a more general case.

Theorem 8.10 (The Feynman—Kac representation with discounting). Let the
functions U, o and ® be given as above, and let r be a constant. The solution
to

2
%—I;(I,x) —|—,u(t,x)g—F(t )+ ;02( )%Tf(z,x) P (tx) = 0
F(T,x) = ®(x)
is given by
F(t,3) = exp(r(T — 1))y [@(X (7)) 552

where the process X (t) is given by (8.47).
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Proof. Omitted. See e.g. Bjork [2009]. O

The Feynman—Kac representation theorems will be used extensively in the
following chapters. Further generalizations and examples are to be found in
the problems.

These theorems may be used to solve for the transition probabilities for
SDEs in order to obtain the conditional and unconditional probability density
functions (pdf) of X(¢), where X (¢) is the solution of (8.47). This is outside the
scope of this book.

8.4 Girsanov measure transformation

In this section we introduce the concepts of (probability) measures, the Radon—
Nikodym derivative and the Girsanov theorem, which enables us to change
(probability) measures in continuous-time models. The theory is much more
complicated than in the discrete time case (as described in Chapter 3), so this
exposition does not pretend to be complete. Whenever possible, mathematical
rigour will be substituted by intuitive arguments.

Note that a measure transformation is an inherently mathematical concept,
which greatly simplifies the pricing of financial derivatives, but it is very diffi-
cult to fully comprehend the concept.

The objective of this section is to provide the reader with an elementary
understanding of the concept of absolute continuous measure transformations,
which will be used extensively later to determine arbitrage-free prices of a
large class of financial derivatives. This is due to the fact that there exists
an intimate relation between arbitrage-free markets and absolute continuous
measure transformations. A particularly interesting problem is the existence
of equivalent martingale measures (EMM), because it may be shown that the
existence of an EMM yields arbitrage-free markets and vice versa.

8.4.1 Measure theory

Intuitively, a measure is a notion that generalizes those of the length, the area
of figures and the volume of bodies, and that corresponds to the mass of a set
for some mass distribution throughout the space. Please refer to Appendix B
for details.

Example 8.14 (Does 2 equal 1?). Consider two independent, normally distri-
buted stochastic variables X ,Y with zero mean and variance 1. If we interpret
(X,Y) as a point in R? then we can introduce polar coordinates (R, ), which
are also independent.
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Consider the conditional mean

5
ERX=Y] = E [R2|¢ = Zor ﬂ —E[R]
= E[X*+7’]=1+1=2.
Now introduce the new variables Z = X—\g and W = % which are both

N(0,1)-distributed. It is clear that Z> + W? = X% +Y? = R? such that
E[RX=Y]|=E[Z2+W* W =0] =E[Z*] = 1.

Obviously 2 # 1 so there must be something wrong! The problem is that in
both conditional expectations we condition on a null set, W = 0, which does
not make any sense, whereas the expectation E [R2|X —-Y = v] makes sense
for almost all v, i.e., we should consider the expectation as an integral with
respect to dAv (as usual). Thus we need to consider conditional expectations in
a wider sense, and this is exactly what measure theory and the Radon—Nikodym
derivative enable us to do.

Let (X, %, 1) be a measurable space and let f: X — R be a positive % -
measurable function such that

/ F)du(x) < o. (8.53)
X

As an example consider a continuous stochastic variable X with the probabil-
ity density function f(x). We may define the Lebesgue measure by du(x) =
S (x)dx such that (8.53) takes the form

/ F(x)dx < oo,
X

We may now define a new function v: .% — R by

V(E) = / F0du(x) forallE € F (8.54)
E

which is also a measure on (X,.%).
It follows directly that the measure v has the property

if E€.% and u(E) =0then also v(E) =0 (8.55)

which means that the v has at least the same null sets as .

Definition 8.2 (Equivalent measures). Let (X,.%) be a measurable space, and
let p and v be measures on (X,F). The measure V is said to be absolute
continuous with respect to W if (8.55) is fulfilled. In short, we write v < U. If
both v < 1 and L K v are true, the measures are said to be equivalent and
we write V ~ L.
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Remark 8.14. That two measures are equivalent simply means that they have
the same null sets. Beside that there need not be any similarities.

Example 8.15. As an example consider an oil tanker that has run aground
and starts to leak oil. Let the space X be some limited area of the ocean (a
subset of R?). At each location x € X, we define f(x) as the density of the oil
and the measure |1(x) as the depth of the oil. Then the measure v(x) defined by
(8.54) measures the amount of oil at location x. These measures are equivalent,
because if there is not any oil at any depth at location x, expressed by [1(x) =0,
then there is indeed no oil at location x, which means that v(x) = 0, and vice
versa. As there is a limited amount of oil in the tanker, (8.53) is obviously
fulfilled.

8.4.2 Radon—Nikodym theorem

Assuming that u is given and we define the new measure v by (8.54), then v is
absolute continuous with respect to (. A very important result attributable to
Radon—Nikodym states that the converse is also true, namely that any measure
v, where v < U, can be written on the form (8.54). We state this as a theorem
without proof.

Theorem 8.11 (Radon-Nikodym). Let (X, %, L) be a finite measurable space
and let v be a finite measure on (X,.7 ) such that v < [. Then there exists a
positive function f: X — R which satisfies

f is & -measurable (8.56)
[ rdu) < 857)
X
v(E)= /.f(x)d,u(x); for all Borel sets E € F . (8.58)
E

The function f is called the Radon—Nikodym derivative of v with respect to
U (on the c-algebra F ). It is uniquely determined almost everywhere and we
write

d
f= ﬁ or dv(x) = f(x)dp(x). (8.59)

Example 8.16. A simple example of absolute continuity is obtained if we let X
be a finite set, i.e., X = [1,...,N] and define the 6-algebra by F = 2%, i.e., the
family of all subsets of X. Let the measure |1 on (X,F) be given by the point
masses W(n = ([n])), n=1,...,N. The relation v < |l means that v(n) =0
Sor all n where [1(n) = 0. If we assume that v and |L are given and that v < |1
then the Radon—Nikodym derivative is simply found from
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or

Note that the special case u(n) =0 and v(n) # 0 is excluded by v < p. If,
however, both [L(n) = v(n) = 0 then we may define f(n) by

v(n)
f(l’l _ ”&) f()r,u(n) 7& Oa
Not defined  for u(n) =0.
The function f(n) is not uniquely defined for the n where [1(n) = 0, but the set
of these null point has the measure 0. We say that f(n) is uniquely determined
almost everywhere (with respect to |L).

It is important to note that the concept of absolute continuity is linked to
the specific o-algebra that we are considering. If for example u is defined on
(X,.7) and .# D ¥ then it is possible that v < u on (X,¥) is true, while it is
not true that v < u on (X,.%#).

Example 8.17. Consider the set X = [1,2,3] and the measure

pn(1)=2, u(2)=0, u@3)=2
v(l)=8, v(2)=5 v(3)=13

and the c-algebras F =2X and ¢ = [X,0,[1],[2,3]]. It is clear that v <  is
not true on .F because v(2) # 0 while 1(2) = 0. On the other hand, we have
vV < U on G with the Radon—Nikodym derivative

_[8/2=4 forn=1
f(n){(5+13)/(0+2):9 forn=723.

By comparing .F and 9, it is clear that the absolute continuity property may
be lost, if we consider a finer c-algebra. The G-algebra 4 cannot distinguish
between [2] and [3].

We shall now consider measure transformations on filtered probability
spaces and we assume that the probability space (Q,.%#,P) augmented by the
filtration .% (1) is given on the time interval [0, 7], where T is some fixed time.
Assuming that we have a non-negative .% (T )-measurable stochastic variable
Ly, we may construct a new measure Q on (X,.%7) by

dQ = LydP (8.60)

and if we further have that
Ef [L7]=1 (8.61)

then Q is a new probability measure on (X,.% (T)).
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Measure transformations of this kind are closely related to martingale the-
ory. Let P, and Q; denote the restrictions of P and Q on % (¢), which implies
that knowledge about the probability measures is only based on information
up to and including time ¢. Then Q; is absolute continuous with respect to P,
for all ¢, and the Radon—Nikodym Theorem 8.11 guarantees the existence of a
stochastic process [L;; 0 <t < T| defined by

_dg,

L =
T

or dQ, = L,dP;. (8.62)
It also follows that L; is adapted. Furthermore, we shall now show that L, is
also a martingale with respect to (% (¢),P).

Theorem 8.12. The stochastic process L, is a (F (t),IP)-martingale.
Proof. We need to show that
L=EY[L;|Z(1)] Wt<T (8.63)

which is indeed the martingale property; namely that the expected value at time
t of a stochastic variable L at some future time 7', # < T, is simply the expected
value of L based on the information up to time 7.

In other words we need to show that for all F € .%;, we have

/gw:/hw (8.64)
F F

which follows from the following argument: As F € .Z(¢) it follows from
(8.62) that

/ LdP = Q,(F) = Qr(F)
F

where the latter is due to Q, = Q7 on % (¢). This simply states that our in-
formation about the probability measure Qr given the information set .% (¢) is
limited to the restricted probability measure ;. As the filtration is increasing
F € Z; C Zr, we finally get (8.64). O

Remark 8.15 (Restricted probability measures). Think of a restricted
probability measure P, in the following way: Assume that we gather informa-
tion about, say, stock prices in time. Each time we observe a price we obtain
more information about the probability density function (pdf) of stock prices
(by e.g., drawing a histogram). As t — oo, we obtain complete information
about the pdf and our knowledge is no longer restricted to P;.

It is sometimes convenient to exchange probability measures as we did
in Chapter 3 to compute arbitrage-free prices. We recall that the price of any
financial derivative may be expressed as the expected value of a (properly dis-
counted) payoff function under an equivalent martingale measure QQ, Thus we
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need to establish a relation between expectations under different measures. We
will need an important term before we can state the main result.

Definition 8.3 (The L!-space). Let an integrable stochastic variable X be de-
fined on the probability space (Q, F ,P). If

E? [X] < o (8.65)

then X is said to belong to the class L'. We write X € L'(Q, .7 ,P).
Theorem 8.13 (Expectation under the Q-measure). Let the probability
space (Q,.7,P) and a stochastic variable X € L'(Q,.7,P) be given. Let Q
be another probability measure on (X, F) where Q < P with the Radon—
Nikodym derivative given by

L= dQ

-~ dP’

Assume that X also belongs to L' (Q,.%,Q) and that a 9 is a 6-algebra such
that 9 C .%. Then

EF [LX|9¢
EQ[x|¥] = EP[[L|§|§]] Q — almost surely. (8.66)
Proof. Omitted. See Bjork [2009]. O]

We may apply this theorem to characterize martingales under the Q-
measure in terms of the characteristics under the P-measure.

Theorem 8.14. Consider the probability space (Q,.F,P) augmented by the
filtration % (t) on the time interval [0,T). Let Q be another probability measure
such that Qp < Pr and define the process L as in (8.62). Assume that M is an
Z (t)-adapted process with EQ [M(t)] < oo for all t € [0,T)] such that

L-Misa (P, (t))-martingale. (8.67)
Then M is a (Q,.% (t))-martingale.
Proof. Omitted. See Bjork [2009]. O

Remark 8.16. The theorem simply states (under some additional conditions)
that if we apply the Radon—Nikodym derivative to a P-martingale M then we
get a Q-martingale. Thus (under some conditions) the martingale property is
preserved. This is a very important result.

8.4.3 Girsanov transformation

So far we have shown that is possible to introduce absolute continuous measure
transformations from the objective probability measure P’ (the real-world mea-
sure) to an equivalent martingale measure (Q such that we can obtain arbitrage-
free prices of financial derivatives. We now show that such measure transfor-
mations affect the properties of the driving Wiener process and the infinitesi-
mal characteristics of a stochastic differential equation.
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As the mathematics is fairly complicated, one should at all times keep in
mind that the objective is to choose a particular new measure QQ such that we
can obtain arbitrage-free prices.

The mathematical framework is as follows: We consider a Wiener process
X (t) defined on the probability space (Q,.%#,P) augmented by the natural fil-
tration Z (¢) for 0 <t < T, where T is some fixed time T (e.g., the maturity
time of a bond or the exercise date of a call option on a stock). We introduce a
nonnegative .% (¢)-measurable stochastic variable Ly with E [L7] = 1. We wish
to exchange measures by

dQ =LydP (on.Z#(T))

and consider the problem how this change of measure affects the P-Wiener
process.

Let us consider a univariate stochastic differential equation (defined on
some probability space)

dY (1) = p(t)de + o (£)dX (1) (8.68)

where X (¢) is a P-Wiener process.
Heuristically, the functions 4 and ¢ may be interpreted as

u)ds = E[dY(¢)|[-F(¢)] (drift) (8.69)
o(r)dt = E[(dY(1))*|Z(t)] (diffusion) (8.70)

where dY (¢) is short for Y (¢t +d¢) — Y (¢). In particular for the P-Wiener process
we have

EF [dX(1)|.Z(t)] = 0-dr (8.71)
E [(dx(0))*Z ()] = 1-dt (8.72)
under the P-measure. We wish to determine
EQ[dX (1)|.Z (1)] (8.73)
EQ[(dX (1)*|Z (1)) (8.74)

under the Q-measure. To this end, we may use (8.66) from Theorem 8.13

o EPIL(+ di)dX ()| F ()]
EY X ()17 () = @ a s @ Z 0

(8.75)

where we must evaluate L at time ¢ + df, because we have defined dX (¢) =
X(t+dr) — X (¢). From Theorem 8.12, we know that L is a P-martingale such
that the denominator in (8.75) is simply L(¢). For the numerator we get

E°[L(t +d0)dX (1)|.7 (1)] = E° [(L(1) +dL(1))dX (1) .7 (1))
=E"[L(1)dX (1)|.F (1)] + EF [dL(1)dX (1) |7 (1)]
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As L(r) is .Z (t)-measurable, L(r) can move out of the first expectation, i.e.,
EX[L(t+dn)dX (1)|.7 (1)] = L(0)E" [dX (1)].7 ()] + E7 [dL(1)dX (1) 7 (1)]
As dX(¢) is a Wiener-increment with zero mean, we finally get
EF [L(t +dr)dX (1)|.Z ()] = EF [dL(r)dX (1)|.Z (1)].
Thus (8.75) may be written as

dL(1)dX (1)|-7 (1)
L(t) '

EQ[ax (0|7 (1] = EL 8.76)

This is as far as we can get in general, but for very particular choices of the
likelihood process L(t), Equation (8.76) may be simplified considerably. We
recall that L(¢) is a P-martingale and that we know the properties of the P-
Wiener process X. It is to be expected that (8.76) may be simplified if the
likelihood process takes the form

dL(t) = f(1)dX(r), L(0)=1. (8.77)

It is by no means clear if there exist likelihood processes of the form (8.77).
The process L(¢) does indeed become a martingale if f € £, but we have
no a priori guarantee that L(¢) remains non-negative for some choice of f. For
now we shall just assume that an f(¢) process exists and that L(f) remains
non-negative. If we use (8.77) in (8.76), we get

E[L()7 (1)) = E°[f(0)(dX ()’ (1)]
= fOE"[(dX(0)*|F(1)] = f()dr
where we have used that f(¢) is .% (t)-measurable and that
E°[(dX(1))*|F (1)) = dr

because X () is a P-Wiener process. If we now choose f(#) of the form

and insert this into (8.76), we get

ECQ [dX(l‘)‘f(t)] _ EF [dL(t)dX(tﬂy(t)]

as g(¢) is also .7 (r)-measurable.
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Using a similar argument, it may be shown that
EQ[(dX (1)*| 7 (1)] = dt.

By comparing these last results with (8.69), we see that the process X has the
infinitesimal characteristics (1(¢) = g(¢) and o(¢) = 1 under the Q-measure.
Thus under the Q-measure, X (¢) may be described by

dX(¢) = g(r)dr +dW () (8.78)

where W () is a Q-Wiener process.

It is seen that the P-wiener process obtains a drift term g(7)d¢ and a diffu-
sion term dW (¢) which is a Q-Wiener process. The function g() is called the
Girsanov kernel. It plays a very important role in mathematical finance as we
shall see.

We shall now formalize these results. We start with a small lemma.

Lemma 8.1. Let g(t) be an .7 (t)-adapted process that satisfies

T
P| [ g (t)dr <o =1. (8.79)
/
Then the equation
dL(r) = g(O)L(H)dAX (1), L(0)=1 (8.80)

has the unique and strictly positive solution

t t
1
L{t) = exp / $)AX(s) — 5 / 2(s)ds | . 8.81)
0 0
Proof. Omitted. We leave it as an exercise for the reader. O

Recall that it is important that EF [L(T)] = 1 for Q to be a probability mea-
sure. It is also important to note that it is not guaranteed that L(¢) defined by
(8.80)—(8.81) may be applied as a Radon—Nikodym derivative because we do
not know if L(z) satisfies the condition E¥ [L(T)] = 1. If L(¢) was a martin-
gale (i.e., if we knew a priori that g(t)L(t) € .£?) then the initial condition
L(0) = 1 would ensure that L(r) is a martingale. Unfortunately, we can only
state that L(t) is a supermartingale, i.e., E¥ [L(T)] < 1 for functions satisfying
Lemma 8.1. We now state the main result in this section.

Theorem 8.15 (The Girsanov theorem). Let X(t) be a (P,.% (t))-Wiener pro-
cess and let g(t) and L(t) be as defined in Lemma 8.1. Assume that

EF[L(T)) =1 (8.82)
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and define the probability measure Q by dQ = L(T)dP on % (t). Then the
process W (t) defined by

W) =X (1) — / g(s)ds (8.83)

becomes a (Q, .7 (t))-Wiener process.
Proof. Omitted. See e.g. Bjork [2009]. O
Remark 8.17. Note that (8.83) on differential form is
dW (¢) = dX (¢) — g(r)dt
or
dX(r) = g(r)dr +dW (z),
which is similar to (8.78).

The assumption (8.82) is obviously very important and we now state a the-
orem (without a very difficult proof) that establishes necessary and sufficient
conditions for g(¢) such that (8.82) is satisfied.

Theorem 8.16 (The Novikov condition). Assume that g(t) satisfies
T
E" |exp 3 / g)de || <oo (8.84)
0

then L(t) becomes a P-martingale and, in particular, we have

EF [L(T)] =1. (8.85)

8.4.4 Maximum likelihood estimation for continuously observed diffusions

In this section, we introduce the Girsanov measure transformation as the theo-
retical foundation of a modern application of the well-known Maximum Like-
lihood method.

The intuition behind the classical maximum likelihood approach is that

e there is one measure (or one probability density function parametrized by a
parameter 6 and we wish to estimate this 0),

o there is one Wiener process or driving noise process and

e there are many processes X () and that we have only observed one of these.
The modern view is that

o there are several measures (one measure for each admissible parameter 0),
e there are equally many Wiener processes and

e there is just one X () process, namely the one that we have observed.
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In the modern view the problem is thus to determine the measure given
only one set of observations X (¢). To be specific, we fix the probability space
(Q,#,P), where the process X () is a Wiener process under the P-measure.
For each 6 € ® C R, where O is the admissible parameter set (for e.g., the
exponential distribution only positive parameters are allowed ® = R), we
define the measure transformation

dLg(t) = OLg(t)dX(z), (8.86)
Le(0) = 1. (8.87)

Next we define the measure Py by the Radon—Nikodym derivative
dPg = Lg(¢)dP on .Z ()%, (8.88)

where .7 (¢)X is the natural filtration generated by the process X (¢) up to and
including time ¢. This is essentially the likelihood ratio as given in Newman-
Pearsons lemma. We see that the likelihood ratio should be evaluated using our
observations .7 (¢)X. To be specific, the quantity Lg(t) should be maximized
with respect to @ and we interpret the solution € as the most probable or the
most likely parameter given the observations.’

Our process X () is no longer a Wiener process under the P-measure, but
it is a Wiener process under the new Py-measure. We say that X (¢) is a Pg-
Wiener process.

The Girsanov theorem with the Girsanov kernel 6 = g states that these two
measures are connected by

dX (1) = 6dt +dWe (1) We(r) EX(t)—/Gds (8.89)
0

where Wy (1) is a Pg-Wiener process, and that
dPg(t) = Lg(r)dP.

Thus there is one measure associated with each Pg-Wiener process for 6 € O,
but there is only one observed process X (), 0 <t < T, where T is some finite
time.

Example 8.18 (Maximum likelihood estimation 1). Assume that we wish to
estimate the parameter 0 in the process

dX(r) = 6dt +dw(z).
The L(t)-process is given by
dLe (1) = 6Lo(1)dX (1)

3In compact form our statistical model can be expressed as ([Pglgcocr » Qs -F X ).
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which according to (8.81) has the solution

t t
i
exp / 64X(s) — 5 / 62ds
0 0

1
exp <9X(t) - 592t .

Lo(t)

As usual, we compute

92
lg(t) =1InLg(t) = 0X(t) — 5t
and solve Dl (1)
o\l A
70 lg_o=0 & X(1)— 6t =0;
thus the maximum likelihood estimate of 0 is
A X(1)
(n=="

where the notation 6(t) emphasizes that the estimate of 0 is based on .F (t).
Consider a slightly more complicated example.

Example 8.19 (Maximum likelihood estimation 2). Consider the Langevin
equation
dX(r) = 60X (¢)dt +dW(r) (8.90)

where W (t) is a P-Wiener process. Assuming that we have observations of X (t)
for 0 <t < T, we wish to estimate the parameter 6.
The associated likelihood process (g(t) = 60X (¢)) is

dLg () = 60X (¢)Lg(¢)dX(z), Le(0)=1. (8.91)
Another way of posing the estimation problem is to state that we wish to deter-
mine the measure Py that maximizes the likelihood ratio
_ dPy
CdP
The likelihood process Lg(t) should fulfill the condition (8.82), i.e.,

Lo(T)

E°[Lo(T)] =1

in order for Lg(t) to be a probability density function. In addition the process
should fulfil the square integrability condition

T
1
EY |exp E/GzXz(t)dt < oo,
0
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This condition is fulfilled under the assumption that X (t) € £>.
The Girsanov theorem 8.15 states that

dX(r) = 6X(¢)dr +dWy ()

where Wy (t) is a Pg-Wiener process.
The solution to (8.91) is, cf. (8.81),

exp / 9X(s)dX(s)—% / 02x2(s)ds
0 0
~ exp |6 / X(s)dX(s)—%Oz / X2(5)ds
0 0

Using the standard ML-approach, we get

JInLe(
“9 /X )X (s e/x2 )ds =0

Lg(t)

which has the solution

where we have used the result from Example 8.9. The notation é(t) is used to
emphasize that the estimate of 0 is based on information up to time t.

These examples should just illustrate an application of the Radon-—
Nikodym derivative and the Girsanov theorem. From these examples, it should
also be clear that this approach is not immediately applicable for empirical
work when dealing with more complicated models, although the approach in
Beskos et al. [2006] is building on this idea. More general methods will be
introduced in Chapter 13.

8.5 Notes

Some of the material in this chapter is inspired by the very readable Bjork
[2009]. A more thorough treatment is given by, e.g. Arnold [1974], Kloeden
and Platen [1995], @ksendal [2010]. In particular the monograph by Kloeden
and Platen [1995] covers a large number of interesting topics — also of practical
interest. The often referenced books by Karatzas and Shreve [1996], Ikeda and
Watanabe [1989], Doob [1990] are also recommended, although they require
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some understanding of measure theory and other rather technical subjects. It
should, however, be clear from the preceding section that absolute continuous
measure transformations have some interesting applications, albeit the trans-
formations are a purely abstract mathematical concept. Thus, measure theory
is inherently important if one wishes to obtain a deeper understanding of the
theory of modern mathematical finance.

8.6 Problems

Problem 8.1
Compute the stochastic differential dX in the following cases:
1. X(z) = exp(at).

t

2. X (1) = [g(s)dW(s), where g is an adapted stochastic process.
0

3. X(r) =exp(aW(1)).

Problem 8.2
Use the Ito formula (8.10) to show that
t 1 t
/ W2(5)aW (s) = 3 W3 (1) - / W (s)ds. (8.92)
0 0

Problem 8.3

Let X (¢) be a solution of (8.1).

1. Assuming that o(x)? > 0, for all x, determine a transformation ¢ (X (z)) us-
ing It ’s formula such that the diffusion term in the SDE for dY (z) = d@(X (7))
is constant.

Problem 8.4

Consider the two SDEs
dX(1) = aX(r)dr+oX()dw (), (8.93)
dr(t) = BY(t)dt+8Y(r)dw?(z). (8.94)

Compute the SDE for d¢(X,Y) in the following case:
e(X,Y)=XVY.

Problem 8.5

Let W(r) = (W) (t),Wa(t)) be a two-dimensional Wiener process and define
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the distance from the origin
R(t) = [W(0)| = (WP (1) + W3 ()2,

Assuming that W(0) = 0, show that

Wi (2)dWy () + Wa(¢)dWa (¢ 1
dR(1) = 1 (1)W1 () + Wa (1) dW (1) i@,
R(1) 2R(t)

This process is called a Bessel process of order 2.
Problem 8.6
Consider the geometric Brownian motion

dX, = uX,dt +oX,dW;, Xo>0. (8.95)
1. Determine the solution to (8.95).
2. Determine the mean.
3. Determine the variance.
Problem 8.7
Consider the one-dimensional SDE

dX, = (6 +nX;)dr + pdW;. (8.96)

1. Solve this SDE.
2. Determine the mean.
3. Determine the variance.

Problem 8.8
Consider the nonautonomous SDE

X (1) = <12_HX(I)+G(1+t)2) dr+o(1+12AW(1); X(to) =a. (8.97)

1. Show that the fundamental solution to (8.97) is

1+1\°
¢t)t0 = (1) .
+1
2. Determine the general solution to (8.97).

Problem 8.9
Consider the SDE on ¢ € [0,T] defined by

dX (1) = p(t,X(1))dt +o(¢,X (¢))dW (1) (8.98)
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with starting value X (0) = u. Show that the dynamics of the Bridge Diffusion
Process when X (T) = v is given by

dX(r) = (u(t, X (1)) +[o0”](t,X(t))Vilogp,r (X (T) = v|x))dr  (8.99)
+0o(2,X(2))dW (z). (8.100)

Bridge processes are very useful when deriving Monte Carlo-based estimators
for parameters; cf. Section 13.5.1.



Chapter 9

Continuous-time security markets

In this chapter we consider financial markets in continuous time, contrary to
the discrete time approach in Chapter 3. The multiperiod binomial model con-
sidered in Chapter 3 allowed the asset prices to take only one of two values
in the next period, which certainly contradicts the actual behaviour of stock
prices. In real financial markets, trading is not restricted only to take place at a
limited number of time points; hence, it seems reasonable to model the finan-
cial market in continuous time where the prices are allowed to change at any
time.! The mathematical description of a stochastic process in continuous time
presented in Chapter 8 will be used to model the price of securities.

9.1 From discrete to continuous time

Consider a financial market with n securities, e.g., stocks. The objective of this
section is to derive, in an ad hoc manner, a formula for the wealth process of a
self-financing portfolio in the n securities in continuous time. However, in or-
der to obtain a formulation that is consistent with the definition of Ito stochastic
integrals in Chapter 7, the discrete time model of Chapter 3 is restated. Let

1. hi(t) = the number of stocks of type i held in the period [t, -+ &[.
2. V(t,h) = the value of the portfolio 4 at time 7.

3. Si(t) = price for one stock of type i in period [t,t + k[.

The interpretation is as follows:

1. At time ¢, i.e., at the beginning of period ¢, we are equipped with the port-
folio h(r — k) € R” from period t — k.

2. Attime t we observe the stock prices S'(¢) € R for all i.

3. After observing the stock price, we decide the portfolio h(¢) for the next
period t.

't may be argued that it is misleading to model prices in continuous time as stock exchanges
are closed at night and during the weekends and that there is only a finite number of trades each
day. However, as the financial markets are becoming more internationalized and computerized,
there always exists an open stock exchange somewhere around the globe where the trading can be
effected.

175
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period period period  period
0 t t+k t+2k
‘ | | | | |
| | | | | |
0 k t t+k t+2k  t+3k
h(t) h(t+k)
St  S(t+k)

Figure 9.1: Illustration of how the periods are related to the time points.

At time ¢ the value of the portfolio A(z — k) is given by
n
V(t,h) =h"(t—k)S(r) =Y n'(t—k)S'(r) ©.1)
i=1
and the value of the new portfolio bought at time ¢ is

W (£)S'(t). 9.2)

D=

V(,h) =h' (1)S(r) =
i=1
If we assume that the portfolio is self-financing we have the following equality
according to the Definition 3.7.

h’ (t —k)S(t) = h (1)S(t). 9.3)

By introducing the lag operator AX () = X (¢) — X (¢t — k) formula (9.3) may be
written as
ST (¢)Ah(r) = 0. 9.4)

Since our aim is to obtain a model in continuous time, we consider ST(t +
k)Ah(t 4+ k) = 0 and let k — 0. We then get that

ST (r)dn(r) = 0. (9.5)

In Chapter 7 where Ito stochastic calculus was introduced, it was shown that
the value of a certain stochastic integral depends critically on where the inte-
grand is evaluated in the interval [¢,7 + k[. In the formulation above the inte-
grand is evaluated at the right endpoint of the interval, which means that the
results will be inconsistent with the definition of It0 integrals (and differen-
tials). In order to obtain It differentials the integral must be evaluated at the
left endpoint. By adding and subtracting S(¢)Ah(z + k) in (9.4) we get

0 ST (t)Ah(t) + ST (r)Ah(r + k) — ST (t)Ah(t + k) (9.6)
ST ()An(r + k) + AST (1 + k)Ah(r). 9.7)
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For k — 0 we obtain
0 =S”(t)dh(r) +dh” (r)dS(r) (9.8)

which might be interpreted as an infinitesimal budget restriction, since it says
that one is only allowed to change the portfolio according to (9.8). Otherwise
the portfolio (trading strategy) would not be self-financing. In order to obtain
a stochastic differential equation for the wealth process V (z,h) we apply the
1t6 formula (8.10)

dV (t,h) = h' (t)dS(t) + S (¢)dh(z) +dh” (t)dS(z). 9.9)

For self-financing trading strategies the last two terms cancel out and we get
1
av(e,h) =h'(1)dS(1), V()= / b7 (1)dS (u). 9.10)
0

The interpretation of the equation is that changes in the total value are gener-
ated by changes of the asset prices S(¢). It is important to understand that the
differentials and the integral should be interpreted in the Ito sense, because if
we instead had used the concept of, e.g., Stratonovitch integrals, the SDE for
the wealth process would not be the same as (9.10).

Define the relative portfolio strategy as

uf(t)w, foralli=1,...,n 9.11)
where ;
Y u'(r)=1 (9.12)

and where u'(¢) denotes the fraction of the total wealth that is placed in asset i.
By substitution of 4(¢) into the wealth process (9.2) we get

dv (z,h) = V(z,h) iui(t)(i:jl((tt))
i=1

which gives an expression of the wealth process we shall need in the following.

(9.13)

9.2 Classical arbitrage theory

In this section we consider a financial market consisting of a riskless asset with
a deterministic price process By, and a stock with the stochastic price process
S;. The model we shall consider is the famous Black—Scholes model and we
will derive the Black—Scholes formula for pricing European call options.

The riskless asset is assumed to follow the following differential equation

dB(r) = rB(r)dr (9.14)
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where r is a constant interest rate. This asset is called the money market ac-
count. The solution is

B(1) = B(0) exp ( /O t rds> — B(0) exp(rt). 9.15)

The corresponding solution, if the short term interest rate was varying deter-
ministically, is simply given by

!
B(t) = B(0)exp (/ r(s)ds) . (9.16)

0
The price process of the stock is assumed to be stochastic in the following way
ds(r) = aS(¢)dt + oS(r)dW, (9.17)

where o and ¢ are constants. Note that the price process has a deterministic
drift of magnitude a.S(z). In Example 8.10 we found that the solution to (9.17)
is given by

S(1) = S(0) exp ((oc— ;GZ)HGW(t)). (9.18)

It seems like the growth rate is reduced to o — %0'2 plus some random noise.
However by computation of the expected value we get

E[S(1)] = S(0)exp ((a - ;62)t> Efexp(oW (1))] = S(0)exp(ar)  (9.19)

because exp{coW (t)} is lognormally distributed with mean exp{c?¢/2}. Thus
the solution gives a trajectory with random fluctuations around the determinis-
tic growth curve S(0)exp{ot}.

Remark 9.1 (Lognormal distribution). Assume that X(t) is normally dis-
tributed. Then Elexp(X (t))] = exp (E[X (¢)] + Var[X (r)]/2).

The objective is now to find the "correct" price P(z) for a European call
option at time ¢ < 7. As we have seen in a previous chapter, the value at time
t =T is given by P(T) = max[S(T) — K,0] where K is the exercise price.
However it is not obvious what the price of a call option should be at time
t<T.

Since the solution of the SDE for the stock price is a Markov process it is
natural to assume that the price of a European call option is a function of time
and the actual stock price P(¢) = F(¢,S(¢)). Similar to the approach taken in the
discrete time framework we now want to price the call option by constructing
a replicating trading strategy.
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Since the price of the option is a function of the stock price, we can apply
the Itd formula to obtain a stochastic differential equation for the price of the
call option.

dP(t) = [F, 4+ aS(1)F; + %GZS(t)sts]dt +oS(t)FdW (1) (9.20)

where

_JF(1,5(1)) _ JF(1,5(1)) _ 9*F(1,8(1))
E—T, FS—T@, Fss—w~ 9.21)
By defining
1,52

ap =T oS() :(;)26 SO g op = fo(tt))ﬂ (9.22)

we get
dP(t) = apP(t)dt + opP(t)dW (z). (9.23)

Consider a trading strategy in the stock with price process (9.17) and the option
with the above price process. According to (9.13), the total wealth process of
such a trading strategy is given by

av(t) =V (r) ([ula +utapldt + [u'o +u*op] dW(t)) (9.24)

where u' and u? denote the fraction of the total wealth placed in the stock and
the option. If u' and u? are chosen such that

u'o+utop=0 (9.25)

it is readily seen that the stochastic part of the wealth process (9.24) cancels,
and the wealth process then becomes deterministic with the drift term (u'o +
uzap). Since we know that u' +u> = 1 we can express the relative trading
strategy as

| SR (1,5(0))

SOR(S0) —F(6,50)°

PR J (1))
SOR(S0) — Fe,50)

Since the stock price as well as the option price is a stochastic process, it is
obvious that the relative trading strategy is a stochastic process as well. By
choosing the trading strategy above we obtain a riskless return of u' ot + u? op.
Since the market consists of a riskless asset with interest rate r the riskless
return of the trading strategy above must be the same as the riskless asset;

(9.26)

(9.27)
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otherwise arbitrage is possible in the market. The argument goes like this: If
u o+ u? o, > 1 you borrow money in the bank (the riskless asset) at the interest
rate r, and reinvest the money in the trading strategy (u',u?) with the riskless
return u' & + u? op. Thus the trading strategy is an arbitrage. If u' o + u? o, <r,
a similar argument gives that the trading strategy is an arbitrage. This gives us
the following restriction

wa+uop=r. (9.28)

By inserting ' and u? from (9.26) we get

1

50°S(0)Fis (1, S(1)) + S(O)rFi(t, S(1)) + F(2,8(6)) = rF (1,5(1)) = 0. (9.29)
We have now derived a parabolic partial differential equation (PDE) which
the price process F(¢,S(¢)) for the call option must fulfil in order to exclude
arbitrage possibilities in the market consisting of the riskless asset, the stock
and the call option. The boundary condition is

F(T,S(T)) = max(S(T) — K, 0) (9.30)

where T denotes the time of exercise. Notice that the PDE and the boundary
condition do not involve the drift parameter & of the stock price. Contrary to
most PDE:s it is possible to give an analytic solution, which we shall return to
later. In the derivation of the PDE above we did not use the fact that the price
process F(¢,5(¢)) was the price process of a call option. We only use it in the
boundary condition at time 7. This gives rise to the following generalization:
Theorem 9.1 (Arbitrage-free pricing). Consider the financial market given by
(9.14) and (9.17) and a contingent claim with payoff ®(S(T)) at time T. If the
market is free of arbitrage, the price P, = F(t,S(t)) is given by the solution to
the following PDE:

%GZS(I)ZFSS(I,S(I)) +8(1)rFy(t,8(6)) + F(1,8(1)) —rF(t,5(t)) =0 (9.31)
with the boundary condition

F(T,S(T))=®(S(T)). (9.32)
Proof. Follows from the above. O

The theorem enables us to price contingent claims X = ®(S(T)), where
the value at the exercise price T is a function ®(-) of the underlying stock
S. The reader will now notice that the boundary value problem stated in The-
orem 9.1 is similar to the Cauchy problem considered in Section 8.3 where
some Feynman—Kac representation theorems were stated. According to Theo-
rem 8.10 the solution of the boundary value problem is given by

F(1,5(1)) = e "TVEQ[@(S(T)|S(t) = 5)] (9.33)
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where S(u) has the following dynamics
dS(u) = rS(u)dt + &S (u)dW (u) (9.34)
Sit)=s (9.35)

where s denotes the value of the underlying stock at time # and W (u) is a
standard Wiener process.

9.2.1 Black—Scholes formula

We will now apply this representation theorem to derive the famous Black—
Scholes formula for pricing European call options, where ®(S(T)) =
max(S(7T) — K,0). The solution to the SDE for the stock (9.34) is given by

S(T) = se (2o T +o (W (D)W@) (9.36)

Since increments of the standard Wiener process are normally distributed with
zero mean and variance T — ¢, the exponent (r — $62)(T —t) + o(W(T) —
W (t)) has the distribution N((r — %62)(T —1),0%(T —1)). Let E € N(0,1) be
a standard Gaussian random variable, then the value of the stock at timer =T
is given by

S(T) = selr— 30T —)+oVT=iE) (9.37)

We now want to find which values of the random variable & give the call option
a positive value at the time of expiry.

S(T) > K (9.38)
o selr3e)TntovT=iE) | (9.39)

N <r ;cﬂ) (T —t)+0VT —tE >1n (f) (9.40)
In(K/s) = (r— 5 )(T—1)

= >
é ovT —t

=—d. (9.41)

In this case we say that the call option is in the money. Later on it will become
clear why the entity —d is introduced. The price of the call option at time ¢ is
given by

F(1,5()) = e "T"DEQ [max(S(T) — K,0)]

T’/ max (S KO)\/E e 7dg
e <Tf/ (S(T)—K) lme-%dé
et s e v e ke Fag] o
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The last term is given by

r(T=1) é; “T-DKd(d) (9.43)

where ®(-) is the cumulative normal distribution function. By inserting the
solution (9.37) into the first term in (9.42) we get

Tf/s F dé

2

- - (r-sr-nrovr=e) L -5,
e /_dse me 2
_ S/WLE(JT(T t+o‘\/7§——) de
21
= i(eevtn)’

= 2 d

s[dme :
= s®(d+oVT—1t). (9.44)

From the calculations above we get the following theorem:

Theorem 9.2 (Black—Scholes formula for European call options). In the
Black—Scholes model the price of a European call option with strike price K
and time of expiry T is given by

P =F(t,5(t)) = s®(d + 0T —1) —e " T DKD(d) (9.45)

where R

In(s/K)+ (r— S )(T —t).

ovT —t

d=

(9.46)

From this formula it is seen that the price of a European call option depends
on

Time to expiry T —t.

The actual value of the underlying stock s.
The strike price K.

The deterministic interest rate r.

ok wh =

The volatility parameter o. Notice once again that the pricing formula does
not depend on the drift parameter o.

In Figure 9.2 the price of the call option is plotted for some specific choice
of the parameters. It is readily seen that the price of a call option with strike
price K = 100 is increasing in the actual price of the underlying asset, which
could be expected because as the actual price of the stock increases so does
the probability that the stock price at the time of expiry exceeds the strike
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30 40 50

Option price
20

10

Figure 9.2: The price of a European call option with the Black—Scholes model
with the following parameters: 0 =0.1, 7 =1, K =100 and r = 0.1.

price. Notice furthermore that the price as a function of the actual stock price

converges towards the payoff function max(S(7T) — K,0) as the time to expiry
T —t decreases.

9.2.2 Hedging strategies

In the derivation of the partial differential equation for the Black—Scholes
model, we constructed a relative portfolio (u',u?) in the stock and the call
option, which eliminated the stochastic part of the SDE for the price process
of the call option. This trading strategy is called Delta-hedging in the finan-
cial literature. Hedging means reduction of the sensitivity of a portfolio to the
movements of the underlying asset by taking opposite positions in different
financial instruments. The delta is defined as A = athS’(S[Y)). The idea behind
Delta-hedging is that the writer of a call option can eliminate the risk asso-
ciated with the call option by taking a position in the underlying asset (the
stock). If we look at the absolute portfolios 4!, 42 instead of the relative ones
we immediately get from (9.26)

B = S@)F(t,5()) =S(1)®(h+06VT —1) (9.47)
R = —F(t,5() = —(S®(h+0vVT —1) —e "T"KD(h)) (9.48)
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where F'(¢,5(t)) denotes the price of the call option. By holding this portfolio
the writer of the call option will automatically hold the correct amount (one or
zero units) of the stock at expiry. This should be expected since delta-hedging
is a risk-free strategy. If the option expires in-the-money (S(7') > K), the re-
quired asset has been bought over the lifetime of the option, firstly in setting
the initial hedge and secondly in a series of transactions as S(t) change. Con-
versely, if the option expires out-of-the-money, the initial hedge is gradually
sold. Since the delta-hedging is only instantaneously risk-free, the portfolio
must be rebalanced continuously according to the movements of the underly-
ing stock, which make this strategy inefficient from a practical point of view
due to transaction costs in the underlying stock.

In delta-hedging the random component, the stock price, is eliminated.
However one can be more subtle and hedge against the dependency of some of
the parameters in the pricing formula. The following list is usually considered.

A = 3—? =®(d+0VT —1), ©.49)
r— 2P aseyTon 9.50)
98?2 oSVT -1t ’ '

_ 9F _S¥(d+oVT—1)o )
e — o= T rKe D(d), 9.51)
p = ?97}; _ K(T —t)e_r(T_t)q)(d)7 (952)
v o %:m’(dm\/ﬁ)\/ﬁ. 9.53)

These are for obvious reasons called the Greeks. Hedging against any of these
dependencies requires the use of other options as well as the call option and
the stock. It is beyond the scope of this book to go any further into the subject
of hedging.

9.2.2.1 Quadratic hedging

Hedging based on the Greeks (e.g., A or A — T  strategies) may be accurate
enough as long as then rebalancing is frequent and the asset paths are contin-
uous. An alternative that is more appropriate for advanced models in general
and jump processes in particular is to minimize the quadratic hedge error

{h1,hy} = argminE [(V(t FAD) — IB(t+ At + haS(t + A1) \gZ(:)}
(9.54)
where we are deliberately vague regarding the probability measure; see Cont
and Tankov [2004] for a discussion on using the P measure or the () measure.
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It turns out that quadratic hedging and adaptive calibration can be done si-
multaneously, as shown by Lindstrom and Guo [2013], Wiktorsson and Lind-
strom [2014]. This makes it computationally comparable to using Greeks,
while in general providing better hedge strategies (especially when there are
jumps in the asset dynamics).

9.3 Modern approach using martingale measures

In the following section we shall use some of the advanced techniques pre-
sented in Chapter 7 in order to derive a general pricing formula for contingent
claims in the Black—Scholes model. In the derivation of the partial differential
equation of Theorem 9.1, it was assumed that the price P(r) = F(¢,S(¢)) only
depended on the time and the actual value of the underlying asset. By using
a modern approach this assumption is not needed, which from a mathemati-
cal point of view is more satisfactory. However the primary object of deriving
the pricing formula for contingent claims once again is that it demonstrates
how the Girsanov measure transformation may be applied to a concrete finan-
cial model. Hopefully the reader will get a better understanding of the basic
idea of measure transformations, which will be used in a subsequent chapter
concerning the term structure of interest and bond pricing.

In the following the results are stated for the simple Black—Scholes model,
although they are valid for a larger class of financial models. To begin
with, the Black—Scholes model is restated. On the filtered probability space
(Q, F,P,{F(t)}1>0), we have the following two assets

dB(1) = rB(r)dt, (9.55)
dS() = aS(t)dt+oS(t)dw(r), (9.56)

where W (¢) is a Wiener process with respect to the probability measure IP, and
B denotes a risk-free asset and S denotes a risky asset. As in discrete time we
shall need the concept of martingale measures.

Definition 9.1 (Martingale measure). We say that a probability measure Q is
a martingale measure if
1. Q ~Pi.e., the two measures are equivalent.
2. The discounted price process Z(t) = S(t)/B(t) is a martingale under the
measure Q.
The set of martingale measures is denoted by &. The denominator B(t) is
called the numeraire.

In the Black—Scholes model it is easy to find the class of equivalent mar-
tingale measures. The stochastic differential equation of the discounted price
process Z(t) = ¢(S(z),B(t)) = S(¢)/B(t) is found by applying the multivariate
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It formula stated in Theorem 8.5. The following derivatives are needed

g 0 do 1 % 0
9t asSkt) B(r)  aS(t)?*
do  S@) ¢ S0
dB(t)  B(1)2 9Bt “B(1)¥
2% 1

which gives

az() = |- g((;))z rB(1) + %(XS([) dt+$os(t)dv~v(t)
= (a—r)Z(t)dt + 6 Z(t)dW (z). 9.57)

Thus the discounted price process is again a geometric Brownian motion,
where the drift is (o« — r). In order to find the class of equivalent martingale
measures we perform an absolute continuous measure transformation by ap-
plying the Girsanov theorem (8.15). Define a new measure (Q where

dL(t) = g(t)L(t)dW(r), (9.58)
L) = 1 (9.59)

According to the Girsanov theorem we have
dW () = g(¢)dt +dW (¢) (9.60)

where W (¢) is a Wiener process with respect to the probability measure Q. By
substituting dW (¢) into (9.57) we get the following dynamics of the Z-process
under the Q-measure

dZ(t) = (a —r+og(t))Z(r)dt + oZ(z)dW (¢). 9.61)

By choosing the Girsanov kernel g(#) to be

g(r) = (9.62)

the drift term in the Z-process is removed; hence the process is a martingale
under the measure Q. Since P and Q are equivalent measures the Q measure is
a martingale measure according to Definition 9.1.

Definition 9.2 (Wealth process). For a given portfolio strategy h we define the
wealth processes V (t,h) and VZ(t,h) as

V(t,h) = h'(t)B(t) + B> (1)S(r), (9.63)

VZ(t,h) = =h'(t) +1*(1)Z(1). (9.64)




MODERN APPROACH USING MARTINGALE MEASURES 187

Definition 9.3 (Self-financing portfolio strategy). A portfolio strategy h is self-
financing if

V(t,h) = V(0,h) + / u)dB(u) + / B2 (1)dS (u). (9.65)

The self-financing condition is intended to formalize the intuitive idea of
a trading strategy with no exogenous infusion or withdrawals of money, i.e.,
a strategy where the purchase of a new asset is financed solely by the sale of
assets already in the portfolio.

Lemma 9.1 (Self-financing portfolio strategy).
1. A portfolio strategy h is self-financing if and only if

dvZ(t,h) = h*(t)dZ(t). (9.66)

2. If h is a self-financing portfolio, the wealth process V*(t,h) is a Q-
martingale.

Proof. Let h be a self-financing portfolio, then we want to prove (9.66). Since
VZ(t,h) = e "'V (t,h), we can apply the Itd formula and get

dVZ(1,h) = dfe _”V(t h)] = —re "V(t,h)dt + ¢ "dV (¢,h)
= —re”"(h' (1)B ()+h2() S(r))dt

)
+e*”( (1)dB(r) + 1 (1)dS (1))
= (a—r)H2(t)e "' S(t)dt + 12 (1) oe " S(1)AW (1) = h2(1)dZ(t).

The opposite implication is proved in a similar way.
By integration of (9.66) we get

VZ(h) = VZ(0,h)+ /O "2 (w)dZ ()
— VZ(0,h) + /O[hz(u)O'Z(u)dW(u). 9.67)

By taking conditional expectations under the measure @ on each side the
stochastic integral cancels and we get

E[VZ(1,h).Z (1)) = VZ(0,h) (9.68)
which shows that VZ(¢,h) is a Q-martingale. O

Definition 9.4 (Contingent claims). A contingent claim with expiry date T is
a F (T)-measurable random variable.*

2This means that the value of the contingent claim, e.g., an option, is known at time T.
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The set of contingent claims is called .#". Now define a subset ¢ * con-
sisting of contingent claims X € /¢ such that

P(X>0)=1, and P(X>0)>0. (9.69)

These two conditions ensure that X is non-negative and not all the probability
mass is assigned to the event X = 0.

Definition 9.5 (Arbitrage strategies). A trading strategy h € ¢ is an arbitrage

strategy if
Vo(h) =0, and Vr(h)e x™. (9.70)

The definition says that a trading strategy is an arbitrage strategy if the
value of the portfolio initially is zero, and the value at time 7T is non-negative
and with a positive probability greater than zero. We recognize that the defini-
tion is similar to the one stated in discrete time financial models (3.1). A model
without any arbitrage strategies is free of arbitrage.

Theorem 9.3. Assume that there exists a martingale measure Q. Then the
model is free of arbitrage in the sense that there exist no arbitrage portfolios.

Proof. Assume that h is an arbitrage portfolio with P(V(T,h) > 0) = 1 and
P(V(T,h) > 0) > 0. Then since Q ~ IP we also have Q(VZ(T,h) > 0) = 1 and
Q(VZ(T,h) > 0) > 0 and consequently

V(0,h) = VZ(0,h) = EQ[VZ(T,h)] > 0 (9.71)
which contradicts the arbitrage condition V(0) = 0. O

Since we have found an equivalent martingale measure in the Black—
Scholes model, it immediately follows that it is free of arbitrage.

We have seen that the existence of a martingale measure implies the ab-
sence of arbitrage, and a natural question is whether there is a converse to this
statement, i.e., if the absence of arbitrage implies the existence of a martingale
measure. For models in discrete time with a finite sample space, we have seen
that this is indeed the case. In continuous time there is not complete equiva-
lence between the existence of a martingale measure and absence of arbitrage.
Although it is somewhat unsatisfactory, the general consensus seems to be that
the existence of a martingale measure is (informally) considered to be more or
less equivalent to the absence of arbitrage.

Definition 9.6 (Complete markets).

1. A contingent claim X with expiry date T is said to be attainable if there ex-
ists a self-financing portfolio h, such that the corresponding wealth process
has the property that

V(T,h)=X, P-as. 9.72)

2. The market is said to be complete if every claim is attainable.
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Theorem 9.4. If the martingale measure Q is unique, then the market is com-
plete in the sense that every claim X satisfying
X
So(T)

eL'(Q,7(T),Q) (9.73)

is attainable, with L'(Q, . Zr,Q) being the class of stochastic variables with
finite expected values under the measure Q. The class L'(Q,.7 (T),Q) is de-
fined explicitly in Definition 8.3.

Proof. Omitted. See e.g. Duffie [2010]. O

Remark 9.2. In the Black—Scholes model we found a unique martingale mea-
sure by Girsanov transformation of the objective probability measure P; thus
the model is complete.

9.4 Pricing

We now turn to the problem of determining a "reasonable" price process
I1(z,X) for a contingent claim with a fixed date of expiry T. Assume that
the market is free of arbitrage and the market is complete, i.e., a martingale
measure exists and it is unique for the market consisting of the money market
account B and the stock S. Then it seems reasonable to demand that the price
process I1(-,X) should be chosen such that the extended market [B,S,T1(,X)]
is free of arbitrage possibilities. This can be obtained by requiring that the dis-
counted price process I1(r,X)/B(¢) is a martingale under Q, where Q is the
martingale measure for the market [B, S]. Thus we have

and since B(T) is deterministic we get the following pricing formula

I(r,X (1)) = B(t)EQ ﬁ;g,;‘ﬁ(t)] — ¢/ TEQ {X(T)‘ﬁ(t)} . (975)

Notice that this is the same pricing formula as (9.33) where the classical
approach to arbitrage-free pricing was taken.
Example 9.1 (Binary option). A so-called binary option (or digital option) is
a claim which pays a fixed amount if the stock at certain dates lies within some
prespecified interval. Otherwise nothing will be paid out. Consider a binary
option which pays K $ to the holder at date T if the stock price at time T lies
in the interval [a, B, i.e., the contingent claim X = 114 5)(S(T))K where 1.
is the indicator function. The arbitrage-free price of the option is determined
by the pricing formula above. We get

I(t,X) = exp " TV EQ 1 5 (S(T)K|F (1)) (9.76)
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Since the solution S(T) under the equivalent martingale measure Q is given
by

)T —1)+ o (W(T) —W(t))) (9.77)

N —

S(T) = S(t)exp ((r—

we notice that the exponent (r

INT —1)+0(W(T)—W(t)) is normally dis-
02)(T —t) and variance 6 = 6*(T —1t)

=

tributed with mean m; = (r —
S(T) = S(t)exp (m,+ 0;2). (9.78)

It is easily found that the option pays K $ if m;+ o,z € [log(a/S(¢)),log(B/S(¢))].
Thus we have

(t,X)=e " T’/l 5)(S(T))KdQ(S(T))
log Lt
= —r(T—t)K (S())dQ(S(T))
tog
B_
— Tk oe(sfy) 1 ef%dz

log(%) \/277170'z
log (%) —my

tor (sf) —m (102 i) =
o, o, ’

="K |®

(9.79)

where ®(-) is the cumulative normal distribution function.

The standard Black & Scholes framework reduces the statistical problem
to a single parameter, the volatility parameter o. This can be estimated from
either historical price data (the P measure) or from options (which in gen-
eral carries information about the Q measure) as the parameter coincides un-
der both measures. Calibration in a more general context is discussed in Sec-
tion 14.11.1.

It turns out, however, that the model fit is not perfect (it is still very good
compared to most models in social science!), something that should be rea-
sonable as few of the stylized facts reviewed in Chapter 1 were incorporated
into the model. Model extensions (or rather classes of models) are briefly in-
troduced in Section 9.5, but it is worth remembering that a good model is both
able to capture the relevant empirical properties and is computationally con-
venient to work with (for pricing, hedging and calibration purposes). Efficient
computational techniques are discussed in Section 9.6.

9.5 Model extensions

The risk-neutral framework is very general and applies for all extensions be-
low. Modern pricing theory has developed in several overlapping directions;
cf. Section 7.5.
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e Stochastic volatility (Hull and White [1987], Heston [1993]). Adding an
extra process means that the market becomes incomplete, but the complete-
ness of the market can be recovered by introducing a liquid vanilla option.
Some models, like the SABR model, even admit closed form expressions
for the price (Hagana et al. [2002], Larsson [2012]).

e Jump models (Merton [1976], Kou [2002]) introduce random jumps to cap-
ture the small, but non-zero risk of large price movements that are hard to
hedge. Cont and Tankov [2004] is a good starting point for further studies.
Mathematics needed for jump processes was developed in Section 7.5.

e Local volatility models define the volatility as a complex function of time
and the underlying asset (Derman and Kani [1994]) so that the market is
complete, and still provides perfect fit to the market. The approach is simi-
lar to fitting splines the observations, as the fit to data (in sample) is perfect
but there is a real risk for overfitting the data (Orosi [2010]). The overfitting
may lead to models that provides good fit in sample, but also introduces
arbitrage. Lindholm [2014] introduces a regularizaton through optimal con-
trol that forces the recovered local volatilty model to be free from arbitrage.

e Uncertain volatility models (Cont [2006], Lindstrém [2010], Lindstrom
and Stralfors [2012], Lindstrom and Wu [2014]) tries to account to the
imperfect-facing investors. Small, but consistent, improvements are found
correcting for uncertainty.

Some models, like the class of affine jump diffusions (Duffie et al. [2003]),
include both stochastic volatility and jumps, but still allow for computationally
efficient methods for pricing (Fourier methods, see Carr and Madan [1999],
Lindstrom et al. [2008], Hirsa [2013]).

9.6 Computational methods

There is a need to be able to compute prices, at least numerically, if we are
going to use option prices in a statistical model. There are roughly speaking
four main techniques used today

e Trees, typically binomial or trinomial tree (Cox et al. [1979]). Trees were
initially introduced as an easy alternative to the continuous-time derivation
of the Black & Scholes model, but have also found useful applications when
considering path dependent options, or local volatility models.

e Monte Carlo methods are very general, and therefore well suited for com-
puting expectations as convergence is ensured by the law of large numbers.
The method is very easy to implement for European type contracts, but can
also be used for path dependent contracts (least squares Monte Carlo) (see
Longstaff and Schwartz [2001]). Monte Carlo methods are often the only
feasible method for high-dimensional problems.
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o PDEs or PIDEs (for jump processes) are the equivalent formulation due
to the Feynman—Kac representation. Numerical methods for PDEs/PIDEs,
such as finite difference or finite element methods, are generally more ef-
ficient than Monte Carlo or binomial/trinomial trees for low-dimensional
problems (one or two dimensions), but they also work well for some multi-
asset options (Lotstedt et al. [2007]). The methodology can also handle
path-dependent problems well; see Hirsa [2013] for many schemes.

e Fourier methods that use the characteristic function of the log-price pro-
cess to obtain nearly analytical expressions. These approximations are mag-
nitudes more accurate and faster to compute than any of the others listed
here.

9.6.1 Fourier methods

The title of the section may be misleading as there are several similar methods,
using different transform methods, including several standard (Lindstrom et al.
[2008]), and Fast Fourier methods (Carr and Madan [1999)), fractional Fourier
methods (Hirsa [2013]) and cosine methods (Fang and Oosterlee [2008]); see
Hirsa [2013] for a general overview.

However, we will review some of the basic steps of the Fourier method
below. Assume that the characteristic function (cf. Section 7.5) of the log price
s(T) =1logS(T) is known

w(u) =E [ef"“’m} - / ™ dQ(s). (9.80)

The risk-neutral measure is absolutely continuous with respect to the Lebesgue
measure in virtually every model we consider in this book, and we will there-
fore assume that we can use the density instead, dQ(s) = ¢(s)ds.

It is known from Section 9.4 that the price of a European call option is
given by

C(k) = /k me—’T(eLe")q(s)ds (9.81)

where k = log(K) is the log strike price. The option price is not a square inte-
grable (which is required by the Parseval’s theorem), but a modified version of
the price is

c(k) = e*C(k) (9.82)

where « is some positive number. It is then possible to compute the Fourier
transform of modified price c(k) as

o(v) = / (k) dk. (9.83)
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This expression can be extend further accordingly

o(v) = / eV e(k)dk (9.84)

:/eineak/ e T (e — eF)g(s)dsdk (9.85)
!

e Ty(v—(a+1)i)
A+ a—v24i2o+ 1)y’

(9.86)

It is also possible to compute the option price by applying the inverse
Fourier transform to (9.83)

e—ock

et =5 / e~ ¢ (v)dv =

—ak oo

/ cMo(dv. (9.87)

T Jo

where the second equality holds as C(k) is real. Hence, call prices are given by
inserting Equation (9.86) into (9.87) arriving at

ek o e Ty(v— (a4 1)i)
C(k) = vk dv. 9.88
(k) T /0 ¢ o2+ —v:+i2a+1)v Y (©-88)

The integral can be computed using either Fast Fourier Transform (FFT)
or related fast transforms (Hirsa [2013]) or Gauss-Laguerre quadrature meth-
ods (Lindstrom et al. [2008]) as both types of methods provide very accurate
approximations with very limited computational efforts.

The modification, here parametrized by ¢, is needed due to Parseval, but it
can also be seen that choosing o = 0 would introduce a singularity in (9.88). It
can also be shown that the o parameter can dampen numerical oscillations in
the integrand, leading to better numerical approximations (Lee [2004], Lind-
strom et al. [2008]) for further details.

9.7 Problems

Problem 9.1

Consider a standard Black—Scholes model with the usual dynamics
ds(r) = oS(r)dr+oS(r)dW(r), (9.89)
dB(t) = rB(r)dr (9.90)

and T with 0 < T} < T», and consider the contingent claim X = S(73)/S(T1).
The claim is to be paid out at 75.

1. Compute the arbitrage-free price.

2. Try to construct the replicating portfolio.
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Problem 9.2

Consider a standard Black—Scholes model with the usual dynamics
ds(r) = aS()dt+oS(t)dw(r), (9.91)
dB(t) = rB(t)dt. (9.92)

1. Determine the arbitrage-free price of a put option X = max[K — S(T),0],
where K is the strike price and T is the time of expiry.

2. Express the value of a put option in terms of a call option, the underlying
stock and the money market account.

Remark. This formula is called the put-call parity.

Problem 9.3
Consider the standard Black—Scholes model. Fix the time of maturity 7 and
consider a so-called butterfly defined by
K—-S(T) if0<S(T)<K
_[K-sr) iro<s(r) <K, ©93)
S(T)—-K ifK<S(T).

This contract can be replicated using a portfolio, consisting solely of bonds,
stock and European call options, which are constant over time.

1. Determine this portfolio.

2. Determine the arbitrage-free price of the contract.



Chapter 10

Stochastic interest rate models

In this chapter, we shall provide a catalogue of a number of well-known models
of interest rates as it is important to be familiar with these often referenced
models and, in particular, their properties. The main focus is on univariate
stochastic differential equations or one-factor models as they are called in the
financial literature because only one state variable (or factor), r(z), is used to
describe variations in the interest rate.

Conceptually r(t) is the continuously compounded interest rate of risk-free
financial securities, which was introduced in Section 2.3. Thus r(¢) denotes the
instantaneous interest rate or the spot rate obtained by investing in a riskless
security in the time interval [r,7 + dt].

Application of univariate SDEs is based on the assumption that the spot rate
contains all relevant information about the financial market, the expectations of
the market participants (agents), etc. For some time interest rates were assumed
to follow a random walk, which implies that the mean and variance structures
are independent of time and the current level of interest rate, i.e., there are no
level effects. The analysis of interest rates in the problems and exercises has
shown that this is clearly not the case.

Empirical studies have shown that at least 3—4 state variables are required
to explain the variations in observed interest rates (e.g. Braes and Larsen
[1989], Nielsen [1995], Piazzesi [2010]). The former reference uses multivari-
ate statistics (principal component analysis, etc.) and the latter uses the concept
of the fractal dimension of an attractor in state space and other methods from
deterministic chaos theory. The first component will typically capture parallel
shifts in the interest rate, the second difference between short and long term
interest rates, while the third will capture how intermediate rates will move
contrary to the movements of the short and long term rates.

In Section 2.3, we assumed that the interest rates were deterministic, but
our discussion of e.g., the CIBOR time series in Section 2.4 showed that inter-
est rates are indeed stochastic.

As we shall see interest rates models are inherently important for pricing
and hedging financial derivatives which should be clear from the definition of
a money market account (Definition 2.2). Recall that this is used to discount
future payments of some contingent claim to determine its present value. In
particular for fixed income securities, i.e., securities whose future payoffs are
contingent on future interest rates, it is important to model interest rates. As we

195
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have argued previously, interest rates are obtained from bond prices, and we
will briefly discuss this relation in order to view interest rate models in their
context. The bond pricing framework and a detailed study of the so-called term
structure of interest rates shall be postponed to later.

This chapter is organized as follows: Section 10.1 describes models that
give rise to normally distributed interest rates. Section 10.2 extends these mod-
els to non-Gaussian interest rates. Section 10.3 extends the last section by al-
lowing the drift and diffusion parameters to be time-dependent functions. Sec-
tion 10.4 provides a brief introduction to a very broad class of multivariate
SDEs or multifactor models, where additional variables are used to model the
interest rate. It also considers stochastic volatility models, where one aims at
modelling the volatility by considering a function of the volatility as a state
variable.

10.1 Gaussian one-factor models

We fix a standard Wiener process W (¢) restricted to some finite time interval
[0,T] on a given probability space (Q,.%,P) augmented by the natural filtra-
tion {.% () };>0. This establishes the structure of information in the considered
models. We assume that r(¢) is .% (¢)-adapted and that it does not explode.

10.1.1 Merton model

The simplest, non-trivial model for spot interest rates was suggested by one of
the pioneers in continuous-time finance, Robert Merton (Merton [1993]) for an
overview of his work. The Merton model is a Wiener process with a constant
drift, i.e.,

dr(r) = 6dt + odW (1) (10.1)
where 6 and ¢ are some constants and (0) is a deterministic initial value. The

model is sometimes called the arithmetic Brownian motion.
This model was considered in Example 8.2, where we found that

E[r(t)] = r(0)+ 01 (10.2)
Var[r(t)] = or. (10.3)

We see that there is a drift in the mean and that the variance grows with time.
The solution to (10.1) is given by

rr=r(0)+ 6t +0oW(t). (10.4)

As the Wiener process generates normally distributed stochastic variables, it is
clear that r; is also normally distributed with the parameters given in (10.2).
Thus the Merton model (10.1) does not exclude negative interest rates, which
renders the model unapplicable for empirical work. It is also unclear why the
interest rate should have a constant drift at all times.
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10.1.2  Vasicek model

The constant drift and unlimited variance of the Merton model (10.1) is not
found in the classical model attributable to Vasicek! (Vasicek [1977]).
The Vasicek model is given by

dry = (0 +nr(t))dt + cdW (1) (10.5)

where 11 < 0, 6 and ¢ are some constants, ry is a deterministic initial value
and W, is a standard Wiener process.

The Vasicek model belongs to the class of linear SDEs in the narrow sense
considered in Section 8.2.1. Thus the solution is readily found from Theo-
rem (8.6), i.e.,

t
r(t) = (r(O) + TG]) e — % +oe" /efnde(s). (10.6)

0

This stochastic process is also called the Ornstein-Uhlenbeck process.
The mean and variance are

0 0
E[rl] - <r(0)—|—n> Ent—ﬁ, (107)
62
Var[r;] = G (21 —1). (10.8)

It is seen that the process tends to the long term mean value —6 /7, and that
the variance is finite for n < 0.

Remark 10.1. A reparametrization of the Vasicek model, which is often seen
in the literature, makes the interpretation of the parameters more clear,

dr(t) = a(f —r(t))dr + cdW(z). (10.9)

With this parametrization the long term mean is B and the process is said to
mean-revert around this mean with the speed of adjustment «.

The Vasicek model is sometimes called an elastic Brownian motion, be-
cause the diffusion term is a Brownian motion, but the mean reverting drift
term pulls the process towards a long term mean if the short term rate is either
above or below the long term mean.

The mean-revertion property of the Vasicek model (10.5) is a very impor-
tant property of interest rate models, although it may be difficult to estimate
the two parameters in the drift term from financial time series.

Clearly the solution to (10.5) is also normally distributed and hence nega-
tive interest rates cannot be excluded. The probability of negative interest rates

I'The original paper Vasicek [1977] is highly recommended reading.
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depends on the actual parameter values. This means that if there is a fast speed
of adjustment to a relatively high long term mean and a low level of volatility
in the market then negative interest rates are clearly highly unlikely, but still
negative interest rates can not be excluded.? Thus the model is not considered
as a reasonable model for observed interest rates, but it is nonetheless often
used for theoretical work.

Thus we turn our attention to non-Gaussian models in the hope that nega-
tive interest rates may be excluded in some of these models. A more important
objective is to be able to model the state dependent diffusion, which is, per-
haps, the most important property of any interest rate model.

10.2 A general class of one-factor models

In this section, we consider a fairly general one-factor model class, which is at-

tributable to Chan et al. [1992]. With reference to the authors of this article this

model is typically called the CKLS model or the generalized Cox—Ingersoll—

Ross (CIR) model.> The CKLS models has also been used to model mean

reverting commodities such as electricity (Regland and Lindstrom [2012]).
The CKLS model class is as follows

dr(t) = (0 +nr(t))dt +or(t)"dW (1) (10.10)

where o denotes a proportional rate of volatility and y denotes the elasticity of
the volatility with respect to spot interest rate changes, and the specification of
the drift term is as in the Vasicek model (10.5).

Although this general model specification pertains to the important prop-
erties of a mean-reverting drift and a state dependent diffusion term, it is not
possible to solve it unless some parameter restrictions are imposed in (10.10).
An overview of the important models that belong to this model class is depicted
in Figure 10.1. The hierachical structure is well suited for statistical inference.
The models obtained by these parameter restrictions are listed in Table 10.1.

Theorem 10.1 (Existence and uniqueness for the CKLS model). A sufficient
condition for the existence and uniqueness of the solution to (10.10) is that the
parameters 0 = (0,1,7) fulfil one of the conditions

1L y=1%16>106%n<0

2. 7€(3,1),6>0,1n<0,

3. y=1,60=01n=10%or

4. y=1,(60,n,0) e Ry xRxRy.

Proof. The conditions are obtained using the scale function (8.8) and Theo-
rem 8.3. See Honoré [1996] for further details. O

2Nevertheless the normal distribution is often applied as a reasonable model of the height,
weight, etc., of a population even though a negative height or weight is impossible.
3The reason for the latter will be clear later.
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Unrestricted model
dr,= (O+nrydt+orydw,

v=0 06=0
=12 =1
Vasicek CIR1 Courtadon C.EV.
=1
\ J Y
Merton G.B.M. X
n=0 v=3/2
=1
J Y
Dothan CIR2

Figure 10.1: The nested models of the CKLS model class.

Remark 10.2. It is duly noted that the case y > 1 is not covered by the theorem.
This will have some implications when estimating parameters in the model.
Figure 10.2 presents the US 3 month T-bill between 1983—1995. It can be seen
that the variance increases with increasing interest rates.

This empirical property will have some consequences. ... The Y parameter
will typically be less than one if the interest rate is less than one and greater
than one when the interest rate is greater than one. A linear scaling (i.e., using
r=0.05 or r =5) will often change the estimates!

In the following some comments will be made to each of these models.
The Merton and Vasicek models have already been discussed, and they are
also members of the CKLS model class.

The Cox—Ingersoll-Ross model (Cox et al. [1985]), is possibly the most
popular one-factor model:

dr(t) = (0 +1r(1))dr + 0+/r(1)dW (1). (10.11)

It also has the mean-revertion property and it allows the interest rate level to
proportionally influence the variance of the process. Depending on the param-
eters the process will have a reflecting or an absorbing barrier at zero with the
appealing and obvious implication that interest rates will never become neg-
ative. The model is for obvious reasons also called the square root process.
The CIR model does not belong to the class of linear SDEs in the strong sense
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3 4

2k 1 1 1 L L
Feb83 Aug85 Feb88 Aug90 Feb93 Aug95

Figure 10.2: US 3 month T-bill between 1983—1995.

Author \ 0 \ n \ Y \ Model

Merton 0|0 | dr(r)=6dr+0cdW(r)

Vasicek 0 | dr(t) = (0 +nr(t))dt +cdW (1)

CIR 1 I dr(t) = (8 +nr(t))dt + 0/r(1)dW (¢)
Dothan 00| 1/|dr(t)=0cr()dW(r)

Marsh & Rosenfeld | 0 1 | dr(t) = nr(t)dt + or,dW (1)
Courtadon 1 | dr(t) = (0+nr(r))dt +or(r)dW(z)
CIR 2 0]0]3]dr(r)=0r()?dw(r)

Cox (& Ross) 0 dr(t) =nr(t)dt+or()?"dW ()

Table 10.1: By imposing restrictions on the parameters in (10.10) a large num-
ber of known models are obtained.

considered in Section 8.2, but it may nevertheless be solved in the sense that
the marginal distribution of the solution 7, is known to be a gamma-distribution
(the conditional density is a non-central x2-distribution).

The Marsh & Rosenfeld model is the well-known geometric Brownian mo-
tion (GBM) that has been applied as a model of stock prices in the Black &
Scholes model. However, it is highly questionable whether this model con-
forms to the characteristics that economic intuition would normally lead one
to expect from an interest rate model, as the interest would either grow towards
infinity or converge towards zero (at least under the P measure).

The Courtadon model is a combination of the Vasicek and Dothan model,
and it belongs to the class of linear SDEs in the strong sense considered in
Section 8.2.
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The Cox (& Ross) model is also called the constant elasticity of variance
(CEV) model, and it allows for a very general modelling of the volatility. How-
ever, the drift term does not seem reasonable.

An empirical comparison of these models shall be made in the following
chapters on parameter estimation in stochastic differential equations.

10.3 Time-dependent models

In this section, we introduce time-dependent counterparts to some of the mod-
els from the last section. The financial reasons for allowing the parameters in,
e.g., (10.10) to be time-dependent will be discussed later. It is, however, rather
obvious that a better fit to observed time series may be obtained by allowing
the parameters to be time-dependent.

10.3.1 Ho—Lee

The Ho-Lee model is simply obtained by allowing the drift term in the Merton
model (10.1) to be time-dependent, i.e.,

dr(t) = 0(¢)dt + cdW (z). (10.12)

It can be shown that 6(¢) can be chosen such that a perfect fit to all zero-coupon
prices can be obtained (Section 11.3.2).

10.3.2  Black—Derman—Toy

The Black—Derman—Toy model is obtained by allowing the parameters in the
Marsh & Rosenfeld model to be time-dependent, i.e.,

dr(t) =n()r(r)dt + o (t)r(r)dW(z) (10.13)

where both the drift 6(¢) and the diffusion o(f) are allowed to be time-
dependent. This will make the model more flexible, but also more prone to
overfitting. The BDT model is often implemented in a trinomial tree.

10.3.3  Hull-White

The Hull-White model exists in two versions, namely as extensions of either
the Vasicek model (10.5) or the Cox—Ingersoll-Ross model. For brevity, we
will only list the latter, i.e.,

dr(t) = (0(t) +n(1)r(t))dt 4 o (1)\/r(t)dW (1) (10.14)

This makes the model prone to overfitting as three functions are used to fit
a finite number of observations, but the model is still not able to account for
the dynamics of the term structure; cf. HIM models (Section 11.4).
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10.3.3.1 CIR++ model

A rather clever special case of the Hull-White model is the so-called CIR++
model (Brigo and Mercurio [2001, 2006] for a detailed analysis). The idea is
to introduce a time varying function such that a simple model (here a CIR pro-
cess) plus that time varying function provides perfect fit to the term structure.

Consider the model where the interest rate is a combination of a diffusion
process x(¢) and a deterministic function of time ¢ ()

H(t) =x(t)+ 0 (r). (10.15)

We focus on the case when x(¢) satisfies a CIR process. It is then clear that all
we need to know in order to obtain a perfect fit to the current term structure is
knowledge about the model implied term structure of x(¢). The time varying
function ¢ (¢) can then be chosen such that perfect fit to the term structure is
obtained (Brigo and Mercurio [2006] for details on theory and implementa-
tion).

10.4 Multifactor and stochastic volatility models

An alternative approach to obtain more flexibility than in the constant param-
eter univariate case is to introduce additional state variables, such as the price
level, the inflation level, the money supply, etc.

One way to introduce the so-called multifactor models is to assume that
the spot interest rate is given by a function r(¢) = R(¢,X(¢)), where the n-
dimensional state variable X(¢) is described by the multivariate Ito stochastic
differential equation

dX(r) = u(e,X(¢))dr + o (¢,X(2))dW(r) (10.16)

where R: [0,00) x R" - R, p: [0,00) x R" = R, 0 [0,00) x R* — R"™" are
sufficiently well-behaved functions such that existence and uniqueness of the
solutions are guaranteed, and W(¢) is a n-dimensional Wiener process.

We shall provide a few examples of multifactor models as the theoretical
analysis of such models is outside the scope of this book.

First, we extend the CIR model (10.11), which we choose to parametrize
slightly different in this case

dr(t) = a(u — r(t))dt + 6 /r(1)dW (1) (10.17)

where « is the speed of adjustment and t is the long term. Although this model
contains the level effects discussed previously, it is unreasonable to assume that
the long term mean p should be a constant. Thus we may model the long term
mean U as another CIR model, i.e.,

dr(t) = o(u(t) —r(2)de 4 o/rt)dw () (10.18)
du(r) = B(6—pu(r))dt+8/u(t)dw? (1) (10.19)
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where B, 6 and § are constants, and W) (r) and W?)(z) are two mutually in-
dependent standard Wiener processes. A problem with this model specification
is that the long term mean process L (z) is unobservable. Conversely, that also
means that bond prices no longer will be perfectly correlated, an empirical fact
that is often observed.

Alternatively, we may choose to introduce additional explanatory vari-
ables. As an example we consider the model proposed by Pearson and Tong-
Schen [1994], i.e.,

dr(r) = x1(61 —r(t))dt +01\/r(t dW(l)(t (10.20)
dp(t) = y(0)p(t)dt+o,p(t)/y(1)dw @ (r) (10.21)
dy(r) = k(6 —y(1))dt + o /y(1)dW ) (1) (10.22)

where k1, K2, 01, 65, 01, 02 and 0, (< 1) are positive constants; w@ (t) and
W) (1) are correlated Wiener processes but both are independent of W () (r).
We see that the model is essentially two CIR models supplemented by a pro-
cess that couples y(¢) and p(¢). The interesting part is that the state variables
have an economical interpretation and may be observed on the market. The
state variable r(¢) denotes the real interest rate, p(t) denotes the price level and
y(¢) the inflation rate. This particular model specification has the advantage
that it is possible to solve the bond pricing equation as we shall see later.

Empirical studies have shown the interest rate and the volatility of the for-
mer are two of the most important factors in the financial markets. If we denote
the volatility by V (¢), we may, e.g., consider the model proposed by Longstaff
and Schartz [1992], i.e.,

ps-yC | -
ar() = <a7+ﬁn ar(r) oavo)a
V(t

(0 +B)\ 575
a/sa g 0 /3@ as, )>dt

_O‘r aw (10.23)
dv(r) = (a v+ BN —

/ (1) + B2, / (1) (10.24)

where the parameters «, 8, ¥, §, n and { are assumed to be constant.* Again
this particular model parametrization has been chosen because it is possible to

4We have chosen to use the parametrization from the original paper.



204 STOCHASTIC INTEREST RATE MODELS

solve the bond pricing equation. Furthermore, it may be shown that

E[r(1) = %7 1 P1

=5t (10.25)

Var|r(1)] = 2‘%3 + ‘;Z’Z (10.26)
E[V ()] = %Y + ng; (10.27)
Var|[V ()] = ;‘—;Z ’;2’; (10.28)

It should be evident that an infinite number of multifactor models may be
proposed. So far the criterion in the financial literature has been that it should
be possible to determine closed form solutions to the bond pricing equation.
However, this may also be done by Monte Carlo simulation or another numer-
ical method such that this criterion is no longer valid. Instead the model that
provides the best fit (in some sense) to observed time series should be chosen,
but this is clearly a very difficult problem.

10.4.1 Stochastic volatility models

A stochastic volatility model is obtained by using a function of the time-
dependent volatility o; as a state variable. These models may be considered as
a continuous-time extension of the ARCH models considered in Section 5.5.2,
but we shall not go into the mathematical details here.

Empirical studies have shown that log Gtz is an important state variable. As
a very general example consider the model

dr(t) = oy ((2) — r(t))de + o (£)r(2)"dw D (1) (10.29)
d(log6%(1)) = o (B —log 62(1))dr + & \/r(t)dW P (1) (10.30)
du(t) = o(0 — u(1))dt + E/n () dw® 1), (10.31)

We recognize (10.29) as the CKLS model (10.10), where the long term mean
U, and the volatility o; are now assumed to be time-dependent. The time de-
pendency of y, is simply modelled by (10.31), namely a Cox—Ingersoll-Ross
model (10.11). The interesting part compared to multifactor models is (10.30),
where the log volatility log 612 is modelled with the mean-reversion and state
dependent diffusion term that we have come to expect. In particular note that
the short term interest rate r; enters the diffusion term in (10.30). Although a
clear-cut definition of stochastic volatility models is hard to find, it is (at least)
required that (a function of) the volatility is modelled and that the short term
interest rate enters this model as in (10.30). Clearly, it is very difficult to de-
termine the parameter restrictions that must be imposed on (10.29)—(10.31) to
ensure existence and uniqueness of solutions.
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It is an unresolved question whether stochastic volatility models are su-
perior to general multifactor models. The latter aims at modelling the drift
by including additional (un)observable variables, whereas the former tends to
disregard the drift (except mean-reversion) and focuses on the diffusion. As
stochastic differential equations consist of both a drift term and a diffusion
term, it is hardly surprising that (at least two) different schools have emerged
in the financial community. The reader is encouraged to consider the funda-
mental difference between these two schools.

10.4.2  Affine Term Structure models

Computational considerations has caused much focus on models that are sim-
ple enough to admit a (semi-)closed form expression, and still be flexible
enough to capture stylized facts. Here we consider models given by a mul-
tivariate jump diffusion

dX(t) = pu(,X(t—))dr + o (¢,X(r—))dW (t) + dJ (¢) (10.32)

where J(t) is a compound Poisson process with jump distribution independent
of X (r—) having intensity A (X(¢)); cf Section 7.5.

The class of Affine Term Structure models (Piazzesi [2010] for an extensive
overview) requires the drift, squared diffusion and jump intensity to satisfy
certain conditions under the risk-neutral measure Q:

e The drift u(z,X(¢)) is affine in X(z).
e The squared diffusion o (¢,X(t))o” (¢,X(¢)) is affine in X ().
e The jump intensity A (X(#)) is affine in X(7).

It is then possible to show that the price of a zero-coupon bond, formally
computed as

p(t,T) =E2 [e-/}T )5 2 (5], (10.33)

can be expressed even when the model includes stochastic volatility and
stochastic long term mean, etc., as

p([,T) — eA(T—I)+B(T—t)TX(t) (1034)

where A(-) and B(-) are solutions to some differential equations (Piazzesi
[2010] for examples). The solution here resembles the Fourier methods in Sec-
tion 9.6.1, explaining the computational advantages.

The class of Affine Jump Diffusions is very general, including the Vasicek
model and the Cox—Ingersoll-Ross model, as well as certain stochastic long
term interest rates and stochastic volatility models.
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10.5 Notes

Survey articles on interest rate models appear regularly in the financial litera-
ture, but we only list a couple, namely Chan et al. [1992] and Strickland [1996].
The first reference introduces an estimation method and compares univariate
SDE models empirically. We shall in later chapters discuss and extend their
work. The last reference is highly recommendable reading.

A theoretical analysis of interest models (or SDEs in general) may be found
in Karatzas and Shreve [1996], Ikeda and Watanabe [1989], but very few re-
sults are available on multifactor models.

An excellent discussion of stochastic volatility (SV) models may be found
in Musiela and Rutkowski [1997] and Andersen and Lund [1997]. The first
reference gives an overview of continuous time models whereas the latter dis-
cusses the relation between (G)ARCH models and SV models in detail, and
uses the Efficient Method of Moments for parameter estimation (Gallant and
Tauchen [1996]).

10.6 Problems

Problem 10.1
Show (10.4).

Problem 10.2

One-factor stochastic interest rate models are very popular for theoretical anal-
ysis and thus a huge range of models have been proposed in the financial liter-
ature through the years. We have considered the CKLS model class previously.
In this problem, we consider a slightly simpler model class (actually a subclass
of the CKLS model class) attributable to Courtadon, which gives rise to lin-
ear models in the narrow sense. Thus the model may be solved and the first
moments may be computed using the methods of Chapter 8.

Consider the one-factor stochastic interest rate model

dr(t) = (0 +nr(t))dt +pr(r)dW(r) r(0)=ro (10.35)

where 0, 1 and p are constants, and W (¢) is a standard Wiener process.
1. Solve (10.35).
2. Determine the mean E[r(¢)]. In particular determine tle E[r(2)].

3. Determine the variance Var[r(¢)]. In particular determine tlim Var|[r(t)].
—o0

Problem 10.3
For 6 =0 in (10.35), we get the geometric Brownian motion

dr(t) =nr(t)dt+or(t)dW(r) (10.36)
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which, according to Example 8.10, has the solution
r(t) = r(0)exp((n — 62/2) + oW (1)). (10.37)

It appears that the deterministic growth rate in (10.37) is (7 — 6%/2) as op-
posed to the growth rate 1 in (10.36).

1. Determine E[¢®W ()],

2. Use this result to show that there is no discrepancy between the expected
growth rates in (10.36) and (10.37).

Problem 10.4
Show (10.25) and (10.27).

Problem 10.5
An even more general model of interest rates than (10.10) is considered
in Duffie [2010]. It takes the form

dr(t) = (alz + (Xzﬂ’(t) + O‘St”(t) logr(t))dt + (ﬁlz +[32,r(t))vdW(t) (10.38)

where o, 0ty, 03, B1; and By, are time-dependent functions, Vv is a constant
and W () is a standard Wiener process. The reader is encouraged to make a
table of the parameter restrictions that must be imposed on (10.38) in order to
obtain the models discussed in this chapter.

Assuming that the functions ay;, @, 03, Bi; and By are constants, we
shall now shed some light on the reasonability of the logr(z) term in (10.38).

It might be useful (e.g., for numerical reasons or in order to obtain some
kind of variance homogeneity) to consider the process /(1) = logr(r), where I,
is described by a Vasicek model

di(t) = (a+bl(r))dt + cdW (z).

Use the Itd formula (8.10) to determine the SDE for r(¢) and compare the result
with (10.38).






Chapter 11

Term structure of interest rates

In this chapter the concept of no-arbitrage will be discussed in the interest
rate markets, which we also refer to as the bond market. Just to motivate the
discussion, it should be noted that trading in various types of bonds grossly
exceeds trading in the financial derivatives considered so far.

In Chapter 3, we considered pricing in complete (and incomplete) markets
in discrete time and showed that the existence of a state price vector resulted
in an arbitrage-free market. In Chapter 9, we presented a similar theory in
continuous time and the tremendously important result was the correspondence
between the existence and uniqueness of an equivalent martingale measure and
arbitrage-free prices.

In the Black & Scholes model it is possible to determine the arbitrage-
free price of a large class of financial derivatives. This result stems from the
fact that it was possible to trade in the underlying asset (the stock) and thus
generate replicating portfolios. However, this important result does not hold in
the interest rate (or bond) markets as it is not possible to trade directly in the
underlying asset, namely the interest rate itself. Nevertheless, a large number
of interest rate derivative products exist as discussed in Section 2.4.

It could be said that the concept of arbitrage in the Black—Scholes model
was based on a vertical argument across the underlying asset and the financial
derivative. In the bond markets, the concept of arbitrage is considered horizon-
tally through time.

In Chapter 2, we considered deterministic interest rates and introduced the
money market account in Definition 2.2 for continuously compounded interest
rates. In Chapters 7-8, we introduced stochastic calculus and stochastic dif-
ferential equations. These techniques were used in Chapter 9 to determine the
arbitrage-free price of any financial derivative under the basic assumption that
the interest rate was deterministic.

The objective of this chapter is to extend the theory to cover stochastic
interest rates. In particular, we wish to discuss various types of interest rates
such that we may determine the discounting factor in, e.g., (9.75) for stochastic
interest rates. Basically, we wish to answer the following questions:

QIl: How can one determine the interest rate at a future date when it is
stochastic, i.e., described by a stochastic differential equation?

209
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Q2: How can one discount future payments (i.e., the payoff of a financial
derivative) when the discounting factor is stochastic?

This chapter is organized as follows: Section 11.1 introduces a number of
important concepts. Section 11.2 derives the term structure of interest rates
using the classical approach. In Section 11.3 specific models of the term struc-
ture of interest rates are considered based on the interest rate models from
Chapter 10. Section 11.4 briefly considers the socalled Heath—Jarrow—Morton
framework for modelling the forward rates. As usual the chapter concludes
with some notes and problems.

It should be stressed that this exposition does neither go into institutional
details nor into the finer differences between the wide range of fixed income
securities such as corporate bonds, mortgage backed securities and collateral-
ized mortgage obligations (CMO). Some references will be given in the Notes.

11.1 Basic concepts

A bond is a contract, paid for up-front, that yields a known amount on a known
date in the future, called the maturity date, t = T. The main purpose of a bond
issue is to raise capital, and the up-front premium can be considered as a loan
to the government or the company. In Denmark, bonds are issued by the gov-
ernment (i.e., The National Bank), all the major banks and a few trade-specific
mutual funds.

A cash flow may be associated with the bond such that a cash dividend
(or coupon) is paid out to the holder of the contract at fixed times during the
lifetime of the contract. If there are no coupons the bond is known as a zero-
coupon bond or just a zero-bond.

Definition 11.1 (A zero-coupon bond). A (zero-coupon) bond with maturity
date T is a contract that gives the holder of the contract C units of account
(e.g., DKK) at time T. The price at time t of a T-bond is denoted by P(t,T).

Example 11.1 (Zero-coupon bonds). On the Danish market, there will typi-
cally be three zero-coupon bonds in circulation. These are called skatkammer-
beviser and have been issued by the Ministry of Finance since 1st April 1990.
They have a relatively short lifetime of 3, 6 and 9 months, and the face value
C is 1 000 000 DKK. These zero-bonds are traded under circumstances that
differ from other bonds, e.g., the price is determined through an auction.

11.1.1 Known interest rates

We now derive an equation for the value of the bond P(¢,T) at time ¢ prior
to the maturity date 7. We assume that the interest rate r(z) and the coupon
payments K (¢) are known functions of time. Thus we assume that cash coupon
payments may also be made continuously in time. Such payments are often
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called dividends. The change in the value of one bond P(¢,T) in the time inter-
val [t,1+dt[is

dpP
— dt

If we have received a coupon payment K(¢) during the time period df, our
holdings (including the cash) change by the amount

(‘g; +K(t)> dr.

Alternatively, we may also choose to deposit our capital in a savings account
with the known interest rate r(¢) and the value V (¢). In order to exclude arbi-
trage possibilities, we must have

dp

3t K(t)=rt)V(t) =r(t)P(t,T). (1L.1)

Otherwise a riskless profit may be made by moving our holdings from the sav-
ings account to the bond (>) or vice versa. With the final condition P(T,T) =
C, this ordinary differential equation may be shown to have the solution

T T T
P(t,T) =exp —/r(s)ds C—i—./ K(u)exp —/r(s)ds du ). (11.2)

t t u

Assuming that there are no coupon payments K (¢) = 0, we get

T
P(¢,T) = Cexp —/r(s)ds (11.3)

t

from (11.2). If the bond prices P(¢,T) are quoted today at time ¢ for all values
of the maturity date 7', then we know the left-hand side of (11.3) for all T.
Thus we may compute

T
/r )ds =log[P(z,T)], (11.4)
t

where we have assumed that C = 1. This is a standard convention which states
that the bond pays out 1 unit of account at time 7. This unit of account may be 1
000 000 DKK (e.g., skatkammerbeviser) or some other appropriate value. It is
merely a question of choosing a normalizing factor such that the mathematical
computations may be slightly simplified, i.e., we may exclude the log C term
because log1 = 0.
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Assuming that P(z,T) is differentiable with respect to T, we get

dP

HT) = —ﬁﬁ(uﬂ. (11.5)

Thus assuming that the prices of zero-coupon bonds genuinely reflect a known
interest rate we may compute that interest rate at future dates 7 > ¢ from the
bond prices.

Since interest rates r(¢) are inherently positive, we must have

JP

—(t,T) <0 11.6

T (116
which shows that the longer a bond has to live, the less it is now worth. In other
words, the longer you have to wait to get the payment of C DKK the less this
amount is worth to you today.

11.1.2 Discrete dividends

So far we have assumed that coupon payments were made continuously in
time. However, in practice, coupon payments are only made at discrete time
instants t = (tl,...,tN)’ , i.e., every three, six or twelve months or so. With
respect to (11.1) this may be modelled using the Dirac delta “function”
dpr

E—FKCS(I—IC) =r{t)V()=r()P(,T) (11.7)
where we have assumed that only one coupon payment K. is made at time #,
for simplicity. The solution is

T T
P(t,T) =exp —/r(s)ds C+K.H(t. —t)exp /r(s)ds (11.8)

t fe

where the Heaviside function is given by

%”(x):/5(s)ds:{0 forx <0
E 1 forx>0

or in other words

A (x) = 8(x).

Let us consider the effect of a discrete coupon payment K, at time 7. on the
price of the coupon bond. Prior to time ., the bond has the value P(z.,T) and
immediately after, at time 7.", the value of the coupon bond is decreased by the
coupon payment K:

P(th,T)=P(t.,T)—K.. (11.9)

c
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Bond prices for ISIN 7916
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Figure 11.1: The graph shows the prices of a bond with the international code
ISIN 7916 (to be precise DK000997916) from the period 2/8 1994 until 8/9
1995 with a coupon payment of 6 DKK. The bond is a 6% Danish Government
bond (stdende 1&n) that matured 10/2 1996 at which time the holder of the bond
obtained 106 DKK. The jump in the bond price given by (11.9) is clear. It is
also clear that the bond prices show random variations.

This will be called the jump condition, and it will still apply when we move on
to consider stochastic interest rates. The coupon payment also implies that the
bond price is not continuous. In turn this implies that the derivation of (11.5) is
not valid. The jump condition is illustrated in Figure 11.1 for real market data.

Remark 11.1 (Notation). As the maturity date T is a parameter, we occasion-
ally use the notation
P'(t) = P(t,T).

Clearly we have
P'(t)=P(t,1)=1, forallt >0 (11.10)

which states the price of a bond at time t that matures at time t is 1.
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11.1.3 Yield curve

If we consider stochastic interest rates, P(t,T) becomes a stochastic process
for every fixed T. Thus as a function of the time parameter ¢ the trajectories
of P(¢,T) become highly irregular (Figure 11.1). For a fixed ¢ (and a fixed
trajectory @) the price process P(¢,T) is typically a smooth function and in
particular differentiable with respect to 7. Thus we introduce the notation

dP(t,T)

Pr(t,T) = ——.
T( ) ) oT

The objective is now to determine the price process P(#,T).

Definition 11.2 (Forward rates). Fort < S < T the forward rate for the time
period [S,T| at time t is defined as

_ log[P(t,T)] —log[P(t,5)] '

R(t,S,T) = T

(11.11)

The instantaneous forward rate at time T seen from time t is defined as

f(6,T)=1limR(t,S,T) = _ 9log[P(1, )]

ST oT (11.12)

We consider a special case of (11.11) in the following definition.

Definition 11.3 (The yield curve). The forward rate for the period [t,T] is
defined as
log[P(z,T)]
T—t
Aplot of Y (t,T) against T —t is called the yield curve.

Y (¢,T)=R(t,t,T) = (11.13)

In the following definition, we introduce the most important concept in this
chapter, namely the term structure of interest rates.

Definition 11.4 (The term structure of interest rates). The dependence of the
yield curve on the time to maturity T —t is called the term structure of interest
rates.

» o«

Remark 11.2. The terms “the yield curve,” “the term structure of interest
rates” and bond prices are used interchangeably in the financial literature due
to the following relationship.

From (11.13), we immediately get
P(t,T)=exp[-Y(t,T)(T —1)] (11.14)

which shows that Y (¢,T) is the implied average interest rate for the time pe-
riod [¢,T]. The yield curve is another measure of future values of interest rates
than (11.5). The yield curve has a couple of advantages which are important
for empirical work, namely
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e The bond prices P(¢,T) need not be differentiable, and
e a continuous distribution of bonds with all maturities is not required.

Example 11.2 (The yield curve). Consider three zero-coupon bonds (skatkam-
merbeviser (SKBV)) with maturities Ty < To < T3 and a face value C of DKK
1 000 000. From (11.14), it follows that

T

P(t,T1) = exp —/r(s)ds =exp(—R(T1 —1))  (11.15)
t
1))

P(t,Ty) = exp —/r(s)ds —exp(—Ro(T—1))  (11.16)
t
T3

P(t,T) = exp —/r(s)ds —exp(—Ry(Ts—1))  (11.17)

where the yield is denoted by R;, i = 1,2,3, after the continuous convention
used in Denmark.

In practice the yield is the interesting quantity when discussing zero-
coupon bonds rather than the integral over continuously compounded interest
rates as the latter cannot be observed in the market. A selection of real prices
and yields is presented in Table 11.1.

An interesting and important observation from Table 11.1 is that the yield is
not constant. The yield varies with the maturity of the bonds. This should come
as no surprise, since this is exactly the same situation as in the bank where a
savings account pays a higher interest than a check account. In other words,
the longer your investment horizon the higher the return. This observation,
that the interest rate depends on the investment horizon, is expressed by the
zero-coupon term structure of interest rates (or, in short, the term structure). It
is clear that only a limited number of points on the term structure is available,
and our problem is basically to determine a reasonable interpolation method.
We also note that the prices and the maturities confirm (11.6), namely that the
price and the yield move in adverse directions.

’ Zero-coupon bond \ Price (DKK) \ Maturity (years) \ Yield ‘

SKBV 97/111 991218 0.2417 0.0365
SKBV 97/1V 981640 0.4917 0.0377
SKBYV 98/1 968117 0.7417 0.0437

Table 11.1: Skatkammerbeviser quoted at the Copenhagen Stock Exchange
April 3, 1997.
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Y(t,T)

T-t

Figure 11.2: Typical yield curves.

From empirical market data it is observed that yield curves typically come
in three distinct shapes (as illustrated in Figure 11.2), each associated with
different economic conditions:

e [ncreasing: this is the most common form for the yield curve as it shows that
future interest rates are higher than the short interest rate, since it should be
more rewarding to tie money up for a long time than for a short time. E.g.,
the interest rate of a savings account is typically larger than for a check
account.

e decreasing: this is typical of periods when the short rate is high but expected
to fall.

e humped: again the short rate is expected to fall, although in a more compli-
cated manner.

Now the last type of interest rates to be considered in these notes is defined.

Definition 11.5 (The spot interest rate). The instantaneous (spot) interest rate
at time t is defined by

r(t) = f(t,1) (11.18)

where f(t,t) is given by (11.12).
Note that the spot interest rate (for which a number of SDE models were
proposed in Chapter 10) is connected to the forward rate. The spot interest rate

r(t) is simply the forward rate obtained by investing our money in a bond in
the time interval [¢,7 + dt]. For obvious reasons the spot rate is also called the
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P

Y(@,T)
R(t,S,T)
® f(t,T)
o r(t)
time
t S T

Figure 11.3: A graphical interpretion of the interest rate concepts in Defini-
tions 11.2, 11.3 and 11.5. The eye should indicate that all the interest rates are
evaluated as they are seen at time ¢ regardless of the time (interval) for which
the interest rates apply.

instantaneous rate of interest or the short rate. The process of continuously
investing our holdings at the spot rate r(¢) is referred to as rolling over the
money (see the discussion later on page 220).

All of the considered interest rate concepts are illustrated in Figure 11.3.

11.1.4 Stochastic interest rates

In the following we assume that the spot rate, the bond price and the forward
rate may be described by the univariate [t6 SDEs

dr(t) = u(r)dr+ o (r)dW(z) (11.19)
dP(¢,T) =m(t,T)P(t,T)dt + v(¢,T)P(t,T)dW (¢) (11.20)
df(t,T)=o(t,T)dt + o (z, T)dW (¢) (11.21)

where W (¢) is a standard Wiener process defined on the usual filtered proba-
bility space (Q,.#,P).

The functions p(¢) and 6(¢) may depend on r(¢), while m(¢,T) and v(¢,T)
may depend on P(¢,T) and so forth; we use this slightly more sloppy notation
for convenience. The functions u and o are adapted processes, defined for all
t > 0. For every fixed T, the functions m(-,T), v(-,T), a(-,T) and o(-,T) are
adapted processes defined for0 <t < T.

Assumption 11.1. In situations where some of the SDEs (11.19)—(11.21) are

given, we assume that the involved processes are continuous functions of t and
twice differentiable continuous functions of the parameter T. Furthermore we
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assume that
v(T,T)=0, forallT >0. (11.22)

Remark 11.3. The assumption (11.22) is a necessary condition for (11.20)
to satisfy the boundary condition (11.10). It may be shown that this boundary
condition also implies that the drift term m(t,T)P(¢t,T) in (11.20) should be
finite with probability 1.

From the definitions of the bond prices, spot rates and forward rates, it is
clear that the infinitesimal characteristics in (11.19)—(11.21) are related to one
another.

Lemma 11.1 (From P(¢,T) to f(¢,T)). Let P(¢t,T) for every fixed T be de-
scribed by (11.20). Then f(t,T) for every fixed T is described by (11.21) where

alt,T) = v(t,T)vr(t,T)—mr(t,T) (11.23)
o(t,T) —vr(1,T) (11.24)

where vy (t,T) = 9dv/dT(¢t,T), etc.
Proof. First, we write (11.20) in stochastic integral form

P(1,T) = P(0,T)+ / m(s, T)P(s, T)ds + / v(s, T)P(s,T)AW(s). (11.25)
0 0

Taking derivatives with respect to T yields

Pr(t,T) = Pr(O.T)+ [ {mr (s, T)P(5,T) +m(s, T)Pr (s, T)}ds
0

+ / (vr(s, T)P(s, T) +v(s, T)Pr(s, T)}dW(s) (11.26)
0

or in SDE form
dPr(t,T) = {my(¢t,T)P(¢,T) +m(t,T)Pr(¢,T)}dt
+{vr (&, T)P(t,T)+v(,T)Pr(t,T)}dW (). (11.27)
From (11.12), it follows that

_PT(Z‘,T)

fe.1) = P(1,T)

=@(Pr(1,T),P(1,T)) (11.28)

where the function ¢(-,-) has been introduced.
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In order to apply the multidimensional 1t formula (8.18) to this function,
we need

8£_O do P do 1 %¢ 1

ot ' oP P2 9P P’ 9PoP; P2
Po_ P e 0 I 1
op>  "P¥ 9P " oPpoP P

Now (8.18) yields

11 1 P .
~—dPdP; + = (—2) == (dP
5 prdPAPr +5(=2) 55 (dP)

11 1 2
—— P+ —-0(dP, 11.2
+ > dPrdP + 2 O(d T) ( 9)

Pr 1
do =0-dt + —=dP — —dP.
¢ —|—P2 P T+

where the shorthand notation should be clear.
By inserting (11.20) for dP and (11.27) for dPr herein, we get, after some
trivial computations,

[P Pro v aPr oPr
do = mP mr mP+vv +vP v}D dr
Pr Pr
V——V,—v—|dW(s). (11.30
[ v vE av. a120

Now the results in (11.23) readily follow.
The reader is encouraged to perform all the computations in this proof in
detail. The results in Remark 8.6 on page 150 may be helpful. O

Lemma 11.2 (From f(¢,T) to r(t)). Assume that f(t,T) for every fixed T is
described by the SDE in (11.21). Then r(t) may be described by (11.19) where

=

=
=

=
|

fT(O,T)+a(t,t)+/OcT(s,t)ds+/GT(s,t)dW(s)(l1.31)
0 0

o(t) = of(t,1). (11.32)

Proof. This proof is omitted as it is of purely technical nature and quite hard.
See Bjork [2009]. O

Lemma 11.3 (From f(¢,T) to P(¢,T)). Let f(-,T) be described by (11.21) for
every fixed T. Then P(t,T) may be described by the SDE

dP(t,T) = (r(t) +b(t,T)) P(t,T)dt +a(t, T)P(¢,T)AW (1) (11.33)
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where the functions a(t,T) and b(t,T) are given by
a(t,T) = —[o(t,s)ds (11.34)

b(t,T) = -

Tit— i T TN

1
a(t,s)ds+§a2(t,T). (11.35)

In relation to (11.20), we have

m(t,T) = r(t)+b(T) (11.36)
v(t,T) = a(t,T). (11.37)
Proof. Omitted. See Bjork [2009]. O

The forward rate R(¢,S,T) is the return over the time period [S,T],t < S <
T, of a bond purchased at time ¢, and f(¢,T) is the instantaneous return at time
T of a bond purchased at time ¢ (see Figure 11.3).

From (11.18), we get that r(¢) = f(z,7), which shows that we may inter-
pret the spot rate r(¢) as the instantaneous return of a bond with expiry 7 + dt
purchased at time ¢. Thus the spot rate is the return of the following trading
strategy: At every time instant #, we invest our entire wealth in a bond that is
just about to mature. Such a strategy is called a roll-over strategy. Formally the
value process V() of the roll-over strategy is

dP(z,1)
P(t,t)

dv(e) =V (t)u(r)
where u(t) denotes the fraction of our wealth invested in the bond at time #. A
roll-over strategy is thus defined by u(¢) = 1 for all 7. From (11.33), we get

dpP(#,T)
P(t,T)

={r(t)+b(¢,T)}dt +a(t,T)dW (z).

It follows immediately from (11.125) that a(¢,t) = b(¢,¢) = 0 such that we get
v (r) = V(1)r(r)dt. (11.38)

Thus the possibility of using a roll-over strategy on the bond markets implies
the existence of a locally riskless paper with the stochastic interest rate r(t).
Note that the paper is riskless although the interest rate is a stochastic pro-
cess, because the interest rate process r(z) is adapted, which means that r(z) is
known at time ¢ (recall that the pricing formulas for financial derivatives are
conditioned on . (¢)). To be precise, it should be said that future interest rates
are stochastic.
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So far we have considered the internal relations between bond prices and
various types of interest rates. We have yet to determine the fair price of a
bond.

Thus we wish to answer the following questions:

Q3: Assume that the dynamics of the short rate r(t) is known. Which bond
prices will be consistent with this particular choice of r(t) and is it pos-
sible to determine unique bond prices from r(t) and the no-arbitrage re-
quirement?

Q4: Which restrictions must be imposed on P(t,T), 0 <t < T, in order to
obtain an arbitrage-free money market?

Q5: Which restrictions must be imposed on f(t,T), 0 <t < T, in order to
obtain an arbitrage-free money market?

Q6: What can we say about the prices of financial derivatives in an arbitrage-
free money market? Is it, e.g., possible to determine the arbitrage-free
price of a European call option on a bond?

11.2 Classical approach

Let us now model the short rate of interest 7(¢) by the univariate Ito stochastic
differential equation

dr(t) = p(t,r(e))dr + o (t,r(t)dW(t) (11.39)

where 1 and o are adapted processes, and W (¢) is a standard Wiener process
defined on the usual probability space (Q,.%,P).

The only possibility of investing our capital a priori is to invest it in the
bank using a roll-over strategy. As argued above this implies that our capital
evolves according to the ordinary differential equation

dB(r) = r(¢)B(t)ds. (11.40)

We have considered this money market account repeatedly before, but we
should now take into account that the interest rate is stochastic. As argued
previously the possibility of using a roll-over strategy implies the existence of
a paper with the price process given by (11.40). Now we formalize this as an
assumption.

Assumption 11.2 (Price process B(t)). On the capital market, there exists
a financial security, B(t), with a price process given by (11.40), where the
interest rate dynamics of r(t) is given by (11.39).

The value of a bond clearly depends on the (expected value of the) future
evolution of the short rate of interest r(¢), so we may consider a bond as an
interest rate derivative.

Our primary interest is now to discuss what can be said about the structure
of the prices of bonds P(¢,T) with different maturity dates (Q3). We are faced
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with the difficulty that it is not possible to trade in the underlying asset, namely
the interest rate.

Recall that the arbitrage-free price of a financial derivate in the Black—
Scholes model was determined by A-hedging a portfolio consisting of a bond
and a stock (the underlying asset). In particular, we could trade in both the
bond and the stock, and thus generate a replicating portfolio. With respect to
bond pricing, there is no underlying asset to trade in, thus we must make the
arbitrage argument using at least two bonds with different maturity dates 7}
and 7>.

Before we formalize this approach, let us consider if we can expect to ob-
tain a complete market and if we can determine unique, arbitrage-free prices
in this market.

Let us for a moment consider a financial market with M securities (bonds,
options, etc.) and N independent sources of noise (Wiener processes). For in-
stance in the Black—Scholes model, we have M = 2 and N = 1 and we recall
that this market is complete and arbitrage-free. We see that M =2 and N =1
satisfies the relation M = N + 1 and we may wonder if this relation is generic
or if it is merely a coincidence. What happens if M < N+1orM > N+ 1?

The first important observation is that the concepts of no-arbitrage and
completeness introduce diametrically opposite restrictions on M versus N.
If for instance we fix the number of random sources, N, then each new se-
curity yields arbitrage possibilities, which imply that the number of papers
should be small compared to the number of random sources, which means that
M < N+ 1. On the other hand, each new paper allows us to replicate a given
financial derivative X using a replicating portfolio. Thus completeness requires
a large number of securities compared to the number of random sources, i.e.,
atleast M > N+ 1.

We state these results in a metatheorem, which does not have a pre-
cise mathematical meaning. In each particular case, we should rephrase the
metatheorem as a genuine theorem.

Theorem 11.1 (No-arbitrage and completeness metatheorem). Let M denote
the number of a priori given securities (including the risk-free paper, if any).
Let N denote the number of independent random sources. Then we have

e The market is arbitrage-free if and only if M < N + 1.

e The market is complete if and only if M > N + 1.

o The market if arbitrage-free and complete if and only if M = N 4 1.
Proof. The proof is far from trivial in the general case (Delbaen and Schacher-

mayer [1994, 1998] for details). However, the arguments presented above
should make it plausible that this holds for diffusion processes. O

Remark 11.4 (Geometrical interpretation). Let M’ denote the number of secu-
rities excluding the riskless paper B(t), i.e., M' = M — 1. Then we should have
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M' = N in order to obtain an arbitrage-free and complete market. Interpret a
realization of the N random sources at time t as a point in the N-dimensional
Euclidean space. If M' = N then we have a sufficient number of papers to reach
this point (to eliminate the randomness, so to speak).

For the financial market described by (11.39) and (11.40), it follows that
there is one security M = 1 and one random source N = 1. Thus the market is
arbitrage-free, but it is not complete. Thus it should be expected that we can-
not price a bond uniquely in terms of the riskless paper B(¢). The number of
securities is simply too limited to enable us to construct a replicating portfolio.
However, this does not imply that the fair price of a bond can be an arbitrary
value. On the contrary, the point is that in order to obtain arbitrage-free prices,
bonds with different maturity dates must satisfy some internal consistency con-
ditions.

In other words, if we assume that the fair price of one bond with a fixed
maturity date T is given, then all other bonds may be priced uniquely in ferms
of this bond (and the short rate of interest).

This statement is in complete accordance with (Meta)theorem 11.1 because
the market consists of the riskless paper B(z), the short rate of interest model
and the bond yields N = 1 and M = 2. The particular bond given above is called
the benchmark and it is very important to note that the price of all other bonds
are given conditioned on the price of the benchmark bond. In practice, it is, by
no means, a trivial task to determine the benchmark.

In order to make the arbitrage argument, we replace the previous assump-
tion by the following.

Assumption 11.3. Assume that there exists a financial market consisting of the
riskless paper B(t) described by (11.40) and bonds for every choice of maturity
date T > 0. In addition, assume that the market is arbitrage-free and that the
price of a T-bond may be written on the form

P(t,T) = F(r(t),1,T) (11.41)

where F is only a function of three real valued variables, and r(t) is given
by (11.39).

As T is a parameter, we may also write F7 (r,t) = F(r,t,T). It follows
immediately from (11.10) that

F(r,T,T)=1forall r. (11.42)

Given this boundary condition, we will now determine the properties of the
function F, see (Q4). In the following derivation, we write u for p(¢,r(¢)), and
FT for F(r(t),t,T), etc., for simplicity.

In order to obtain portfolios consisting of bonds with different maturity
dates, we need to determine the dynamics of each 7-bond. By applying the
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Ito formula (8.10) to (11.41) and (11.39), we get
1
drT = (Ff +uF’ + 202F,C> dt +oFdw(r) (11.43)

where FI = dFT /dt, etc.
By introducing the following in (11.43)

Fl'+uF!l +10?FT

ar = =T (11.44)
oFT
or = F; , (11.45)
we get
dFT = FT apdi + FT ordW (1). (11.46)

Note that a7 does not mean the partial derivative of & with respectto 7.

Next we consider a self-financing portfolio (#5,u”), where u5 denotes the
fraction of bonds with maturity date S, and u! denotes the fraction of bonds
with a different maturity date 7 in the portfolio. The associated value process
V(2) is given by

dFT  dF’
dV—V<uTFT+uSFS>. (11.47)
By inserting (11.46) for FT and a similar formula for FS, we get
AV =V (u” ar +uSag)dt +V (ul or +ubcg)dW (1). (11.48)

If the portfolio is constructed such that
uTGT + uSO'S =0,

then the stochastic part of (11.48) drops out. Under the natural assumption that
wW+ul =1, we get (after some tedious calculations)

(11.49)

av=v (O‘m - OWS) dr.

Or — Oy

Now we have constructed a portfolio without a stochastic element and for the
market to be arbitrage-free we must have that the relative growth in V (¢) equals
the short rate of interest r(¢), i.e.,

OO — OOy
—_— =7

(¢) for all t (11.50)
Or — Oy

or equivalently
os(t) —r(r) _ ar(t) —r(t)

a0 = orl (11.51)
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Note that the left hand side of (11.51) does not depend on T and the right hand
side does not depend on S. Thus we have obtained a property that does not
depend on the particular choices of S and T. We restate this important result in
a theorem.

Theorem 11.2 (The market price of risk). Assume that the bond market is
arbitrage-free. Then there exists a process A(t) such that

o (1) —r(t)
— L =A(t 11.52
o =M (11.52)
for every choice of maturity date T > 0.
Proof. Follows from the preceding discussion. O

Although the term the market price of risk should not be taken too literally,

it plays an important role in the following. By inserting (11.52) into (11.46),
we get

dFT = F"(r+ Ao7)dt + FT opdW (2). (11.53)

We see that the return (the relative growth in FT) of a T-bond differs from the
return of the riskless paper B(t) by the term Aor. This term is called the risk
premium as it is required to exclude arbitrage opportunities. The risk premium
is simply the additional return that the holder of the bond should have in order
to take on the risk associated with o7 diffusion, which is not present in the
price process (11.40) for the riskless paper B(¢). As o7 denotes the volatility,
A is also called the risk premium per unit of volatility.

It is important to note that A (¢) does not depend on 7', which implies that
all bonds have the same risk premium per unit of volatility (regardless of the
maturity date 7).

Eq. (11.52) also gives rise to the most important equation in this theory.

Theorem 11.3 (The term structure equation). In an arbitrage-free market
PT = P(t,T) = F(r(t),t,T) satisfies the term structure equation

opr’ op’ T
W—F(H—AG)W—%%; —rPt = 0 (11.54)

P(T,T) = 1. (1155

Proof. The boundary condition follows immediately from (11.42). From (11.52),
we get
A(t)or(r) = ar(t) —r(t).
Inserting (11.44) herein yields
1
Fl +uFl 4 5025{ —r(t)F = A(t)oF
which completes the proof using the fact that P(¢,T) = F(r(t),t,T). O
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Two important concepts are related to the solution of the term structure
equation (11.54).
Definition 11.6 (The duration). The duration of a security with the price
P(t,T) is defined as

D, T)=D" = 8P((9tr,T) (11.56)
and the modified duration is
D(t,T)=D" = &Pgr’n/P(t,T). (11.57)

Definition 11.7 (The convexity). The convexity of a security with the price
P(¢,T) is defined as

~ ~r  O0°P(1,T)
—_ 0T _ )
Ct,T)=C" = 3,2 (11.58)
and the modified convexity is
d°P(t,T)
T )
Ct,T)=C" = arz/P(t,T). (11.59)
Rewriting (11.54) we get
op’ orPT 1 ,0°PT
T_ (9 _ or 1 07
P = ( 3 (u—Ao) 3 +26 3,2 )/r (11.60)
or |
r:6+(M—AO')D(I,T)+§O'2C(t,T) (11.61)

where we have introduced 6 = % / PT | the durations and the convexity.
Thus it is possible to give each term in (11.61) an economic interpretation:
The first term accounts for the time-dependency of the price. The second term
accounts for the interest rate dependency of the price, and we call this term the
modified duration. The last term accounts for the interest rate dependency of
the duration and we call this term the modified convexity.
Remark 11.5 (Approximating the bond price). If we consider two zero-cou-
pon bonds with different maturity dates Ty and T, with the prices P' and P?,
then it is possible to obtain a fairly accurate price by using the associated
durations and convexities as opposed to solving (11.54). If we assume that the
bonds have the same duration D then Equation (11.61) yields

r=0"'4+(u—A0)D(t,T) +c*C'(t,T), (11.62)
r=0>+(u—A0)D(t,T)+c*C*(1,T). (11.63)
Arbitrage possibilities may be excluded by equating (11.62) with (11.63), from

which
o(C'-Cc*)=0*-0". (11.64)

Notice the inverse relations between the convexities and time dependencies.
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Whereas durations are available from the Copenhagen Stock Exchange
(Kpbenhavns Fondsbgrs), this is not the case for the convexities. Thus in order
to use this simple approximation, one must compute the convexities (e.g., using
a finite-difference approximation based on the duration). The approximation is
fairly accurate provided that the interest rate changes are small.

11.2.1 Exogenous specification of the market price of risk

The term structure equation is clearly related to the Black—Scholes equation,
but it is more complicated to solve due to the presence of the market price
of risk, A(¢). From (11.52), it follows that A is a function of both ¢ and r(¢),
which implies that (11.54) is a partial differential equation in the usual sense.
The problem is that A(z,r) is not specified within the modelling framework. It
must be specified exogenously and this is an important observation.

It is possible to obtain a Feynman—Kac representation theorem for a closed
form solution of the term structure equation (11.54) by studying the process

t
exp —/r(s)ds “F(r(1),:,T). (11.65)
0
Applying the Itd formula (8.10) to this process and using that F (r(¢),#,T) sat-
isfies (11.54) the following theorem may be proved.
Theorem 11.4 (The bond pricing equation). The bond price P(t,T) is given
by the formula

T
P(t,T) = F(r(1),1,T) = E@ |exp | — / r(s)ds | |7 (1) (11.66)
t
where the martingale measure Q implies that the expectation should be taken

with respect to a martingale measure conditional on . (t) and that the short
rate of interest r(t) has the dynamics

dr(s) = (u(s,r(s)) — A(s,r(s))o(s,r(s)))ds+ o (s,r(s)dW(s)  (11.67)
#(0) = ro. (11.68)

Proof. The proof is sketched prior to the theorem, and the (purely technical)
details are omitted. O

Equation (11.66) has a very natural interpretation, which becomes clear if
it is written as

T
F(r(t),1,T) =E2 |exp [ — / r(s)ds | - 11.7(1)
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We see that the bond price is simply the expected value of the payoff X = 1
at time T discounted until today. The expectation should not be taken with re-
spect to the objective probability measure P. Instead the socalled risk-adjusted
martingale measure Q should be used. Recall from the Black—Scholes model

dS(r) = aS(t)dt + oS(¢)dW (¢)

that the absolute continuous measure transformation from PP to (Q was obtained
by replacing the drift term ¢ by the short rate of interest . The elimination of
arbitrage opportunities is connected to transformations of the drift term, i.e.,
the drift term should be equal to the short rate of interest (7). From (11.66)—
(11.67) it readily follows that a new martingale measure (Q is associated with
each particular choice of A(z,r(t)), that is, the martingale measure Q is not
uniquely determined. Thus the model is not complete, and the bond price may
not be uniquely determined from the short rate of interest r(z). As previously
discussed the market price of risk should be specified exogenously. In other
words, there exists a multitude of arbitrage-free bond prices that are consistent
with the interest rate r(¢). The particular market price of risk (or martingale
measure Q) is determined by supply and demand in the bond market. Thus the
market participants select the appropriate market price of risk and the associ-
ated martingale measure Q (although they are probably not and need not be
aware of it).

In conclusion: the market participants select a market price of risk by trad-
ing a particular 7'-bond (the benchmark bond mentioned before). Thereby they
select the martingale measure QQ and the arbitrage-free prices of all other bonds
may then be determined uniquely from (11.66)—(11.67). The point is that the
other bond prices are given in terms of the benchmark.

11.2.2  Illustrative example

Now we shall apply the presented techniques to a very simple model of the
term structure. It is assumed throughout that the spot interest rate r(¢) follows
the univariate Ito stochastic differential equation (or the single-factor model
using the terminology from Chapter 10)

dr(t) = pdr+odW(t); r(0)=ry (11.69)

where 1 and o are constants and W(¢) is a standard Wiener process. This
model is called the arithmetic random walk or the Merton model. It was con-
sidered in Section 10.1.1 (with different parameters), where it was shown that
the solution is

r(t) =ro+ur+oW(r) (11.70)
and the mean and variance readily follow
E[r(1)] = ro+ut, (11.71)

Var[r(t)] = 6°1. (11.72)
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It is seen that there is a drift in the mean, the variance grows with time and
negative interest rates cannot be excluded. This model is merely chosen here
for its simplicity.

We further assume that the market price of risk is a constant A (¢,r(¢)) = A.
These assumptions lead to the following term structure equation

oPT oPT 1 ,9%PT
——+(—-Ao)5—+-0>

—_ T —
5, S50t P 0 (11.73)

P(T,T) = 1 (11.74)

where p, o and A are constants compared to (11.54). It is duly noted that the
introduction of the market price of risk implies that the riskless spot interest
rate is described by

dr(t) = (4 — Ao)dt + odW (1) (11.75)

which follows from (11.73) using the connection between parabolic PDEs and
SDEs provided by the Feynman—Kac representation theorems (discussed in
Section 8.3). To be precise, the factor in front of the dPT /dr term in (11.73) is
the drift term in the associated SDE. Similarly the (squared) diffusion term is
written in front of the dPT /dr term.

In order to determine P(z,T), we assume that it takes the following form

P(t,T) = exp[A(t) + B(17)r(2)], T=T-—t (11.76)

where A(7) and B(7) are functions that only depend on the constants i, ¢ and
A and the time-to-maturity T = T — . Next, we compute the derivatives given
in (11.73)

oP

5, = B@PET) (11.77)
9’P )

5z = BOPWLT) (11.78)
oP oP

5 =~ =A@ +B(Dr()P(.T)  (1179)

where A;(7) denotes the derivative of the function A(7) with respect to 7.
Inserting these in (11.73) we get
1
—(Az(t)+B(7)r(t)) + (U —Ao)B(T) + EGZBZ(T) —r(t)|-Pt,T)=0

(11.80)
or

—(Be(2)+ V() + 30232(1) FB(E)(—A0) —Ag(T) =0  (11.81)
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which shows that (11.76) is indeed a solution to (11.73). If this equation is to
be satisfied for all r(¢) the following two ordinary differential equations must
clearly be satisfied

—B:(t)—1 = 0 (11.82)

1

Ecsz(T)JrB(r)(ufﬂto)fAr(f) = 0. (11.83)
The initial conditions A(0) =
as the initial condition P(7,T
tion of (11.82), we get

0 and B(0) = 0 follow immediately from (11.76)
) = 1 should hold for all r(¢). By simple integra-

B(t)=—7 (11.84)

which is then substituted into (11.83). As A(0) = 0, the solution to (11.83) is
easily obtained

T
A(r):/(—(u—/lc)s—i-;ozsz) ds:—%(u—lc)rz+éczr3. (11.85)
0

This implies that the bond price P(z,T) is given by

1 1
P(t,T) =exp (—(T —)r(t) — E(u —Ao)(T —1)*+ gcz(T —1)?).
(11.86)
From (11.13), we get the adjacent term structure of interest rates
Y(.T) = logP(1,T)
T—t
1 1

:r(r)+§(u—Ac)(T—z)—EGZ(T—r)Z. (11.87)

This expression illustrates a flaw in single-factor spot interest rate models,
namely that the entire term structure is shifted if r(r) shifts. Thus if r(¢) in-
creases, the entire term structure is shifted upwards. This implies that longer
interest rates should rise with the same order of magnitude as the short rate of
interest, which is clearly at odds with empirical findings. The long interest rate
should clearly be less sensitive to changes in the short rate, i.e., the dynamics
of the long interest rates should be slower.
From Definitions 11.6-11.7, we get

D(t,T)=—-1=—(T—1), (11.88)
C(1,T)=1*= (T —1)% (11.89)
The shape of the term structure is generally determined by a mixture of

(1) future adjustment of the short rate and (ii) the volatility effects. Thus it is
possible to give each term in (11.87) an economic interpretation as follows:
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The future adjustment effect stems from the fact that the larger the drift u,
the more upward sloping is the yield curve. The interest rate volatility exerts
two influences on the term structure. First, there is the drift adjustment —A o,
whose effect is similar to the (pure) adjustment effect discussed above. As
empirical studies show that the market price of risk A is generally negative,
the first volatility effect tends to increase the drift 4t — A o, which causes lower
bond prices (and higher interest rates).

The second volatility effect is the term proportional to 62 in (11.87), but
its influence is more complicated than the adjustment effect.

If the risk adjusted drift 4 — Ao = 0, it seems natural to assume a flat
term structure, but from (11.87) it is seen that the term structure is uniformly
downward sloping which is caused by the socalled second volatility effect. The
intuitive argument is that the price reaction to interest rate changes is asymmet-
rical. The percentage increase from a drop in the short rate (and hence Y (¢,T))
is greater than the drop in P(¢,T) followed by a similar increase in interest
rates, and the difference is again positively related to the variance of interest
rates. The mathematical reason for the second volatility effect is that the bond
price is a convex function of future spot interest rates, and if f(x) is a convex
function of x then E[f(X)] is greater than f(E[X]) (this follows from Jensen’s
inequality). This phenomenon is called the convexity of the bond. Therefore the
present bond prices are higher, the higher the interest rate volatility, because
they are potentially higher in the future.

Generally, the first and second volatility effects have opposite signs, but it
is not possible to say which one dominates the other. In (11.87), the second
effect clearly dominates as P(¢,T) — o0 as T — 0. In this model the bond price
is not bounded from above by 1 (as it should be), but 0 is still a lower bound
for the bond price. As the interest rate can become arbitrarily negative for long
periods of time, the bond price may tend to infinity due to the convex rela-
tion between short rates and bond prices. Whereas the convexity and the two
volatility effects apply in general, the last remarks about the (un)boundedness
of the bond price only apply for this (too) simple model.

11.2.3 Modern approach

The results in this section may be derived using the modern approach (basically
the Girsanov theorem) along the same lines as in Section 9.3, where a general
pricing formula for a large class of financial derivatives was presented. We do
not choose so, because it is merely an academic exercise that does not reveal
anything new. The main result is, of course, the same as in this section. In
particular, the Girsanov kernel turns out to be equal to (minus) the market price
of risk, which clearly illustrates the close relation between the market price of
risk and the martingale measure Q. See the Notes for references.
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’ Author \ Model ‘
Merton dr( ) = 0dt +ocdW ()
Vasicek dr(t) = (0 +nr(t))dt + cdW (z)
CIR 1 dr(r) = 9+m ))dt + o \/r(t)dW (1)
Dothan dr(t) = or(t)dW(r)
Courtadon dr(r) = (0 +nr(t))dt 4+ or(t)dW (¢)
CIR 2 dr(t) = or(t)’/?dw (1)
Cox (& Ross) dr(r) = nr(t)dt + or(r)"dW(r)
Ho-Lee dr(r) = 0(t)dt + odW(r)
Black-Derman-Toy | dr(t) = n(¢)r(t)dt + o (t)dW (z)
Hull & White dr(t) = (8(t) +n(t)r(t))dt + o (t)\/r(t)dW (1)

Table 11.2: An overview of one-factor spot interest rate models. Not all of
these gives rise to an affine term structure.

11.3 Term structure for specific models

In this section we consider an immediate generalization of the example given
above, which gives rise to the socalled affine term structure models. This gen-
eral model class is not empirically founded. It is merely used because it is
possible to determine solutions in a closed form of the term structure equa-
tion (11.54), which enables us to discuss its properties. We shall provide the
general framework and use the Vasicek, Ho-Lee and CIR models as exam-
ples. Other examples will be given in the Problems. For an easy reference, the
one-factor models considered in Chapter 10 are repeated in Table 11.2.

As argued in Section 11.2.3, the introduction of the market price of risk
A(z,r(t)) is equivalent to an absolutely continuous measure transformation
from the objective probability measure P to a martingale measure Q. Accord-
ing to the bond pricing equation (11.66), the bond price may be expressed as
an expectation under Q. This implies that we could consider a model of the
spot interest rate r(¢) under Q. In order to limit the amount of tedious calcu-
lations, we will simply assume that the models in Table 11.2 are formulated
under Q, which thus accounts for the market price of risk. Should we wish to
specify the spot interest rate model under PP, the market price of risk must be
inserted explicitly.! Please note that the actual interest rates () under Q have
no economic interpretation. They are a mathematical abstraction (at least for
A #0).

Now we define the affine term structure of interest rates.

'In order to remember this we have chosen to use the notation r(z) as opposed to r; in Chap-
ter 10.



TERM STRUCTURE FOR SPECIFIC MODELS 233

Definition 11.8 (Affine term structure). If the term structure of interest rates
P(t,T) takes the form
P(t,T)=F(rt),t,T) (11.90)

where the function F has the property
logF (r(t),t,T)=A(t,T)—B(t,T)r(t) (11.91)

then the term structure is said to be affine in r(t).

Remark 11.6. Note that the example in Section 11.2.2 gave rise to an affine
term structure. We choose to parametrize the functions A(t,T) and B(¢,T) in
t, T in this more general discussion. The sign in front of B(t,T) is also changed.
This notation is the most often applied in the literature. However, the previous
notation may also be found.

The class of affine term structure models is associated with a number of
nice properties. It is, e.g., possible to determine simple formulae for the dura-
tion and convexity, so it is important to determine the particular infinitesimal
characteristics ( and ¢ in the spot interest rate model

dr(t) = u(e,r(t))dt + o (¢, r(r))dW (¢) (11.92)

which gives an affine term structure. On the other hand, if A(t,T) and B(¢,T)
are given a priori then it is an interesting question whether there exist uniquely
defined infinitesimal characteristics it and ¢ which give rise to this particular
term structure. In short, we need to determine the relations between (A, B) and
(1,0).

First, we consider the restrictions that need to be imposed on u and ¢ in
order to obtain an affine term structure. Assume that the term structure is of
the form (11.91) such that

F(x,t,T) =exp(A(¢,T) — B(t,T)x). (11.93)
As F should satisfy the term structure equation (11.54), we get
Ai(t,T) = {1+B;(t,T)}x— pu(t,x)B(t,T) + %Gz(t,x)Bz(t, T)=0 (11.94)
where the boundary condition P(T,T) = 1 implies that
A(T,T)=0, B(T,T)=0. (11.95)

Assuming that (i, ) are given a priori then (11.94) provides a differential
equation for the determination of (A, B) and vice versa. We state an important
result as a lemma.

Lemma 11.4 (Unique w(z,x)). Given a particular set of functions o(t,x),

A(-,T) and B(-,T) for every T > 0, then there exists a unique choice of [L(t,x)
such that L and o yield the term structure described by A and B.
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Proof. Follows immediately by solving (11.94) with respect to (¢, x). O

If 1 and o are affine functions in x then (11.94) is separable with respect
to A and B. Thus we obtain two ordinary differential equations which might be
solved as in Section 11.2.2.

Lemma 11.5. Assume that A, B, |l and © satisfy (11.94). Then U is affine in x
if and only if 62 is affine in x.

Proof. Trivial. O

Assume that both y and o2 are affine in x, i.e.,

ut,x)=a(t)x+0b(r), ot,x)=+/c(t)x+d(z), (11.96)

where a(t), b(t), ¢(t) and d(r) are sufficiently well-behaved functions.
Then (11.94) takes the form

A(t,T)—b(t)B(t,T) + %d(l)Bz(t, T)
—{1+B(t,T)+a(t)B(t,T) - %C(I)Bz(t, T)}x=0. (11.97)

As this equation should be valid for all # and x, it may be separated and written
as a system of two ODEs

B,(t,T) = —a(t)B(t,T) + %c(l)Bz(t,T) —1, (11.98)
Ai(t,T) =b(t)B(t,T) — %d(t)Bz(t,T)7 (11.99)

which should be solved subject to the boundary conditions A(T,T) = 0 and
B(T,T) =0.

Equation (11.98) is called a Riccati equation. This is used extensively in
control and filtering theory. Once B(z,T) has been determined A(¢,7) may be
determined by integration of (11.99).

Remark 11.7 (An important trick). In order to solve (11.99) by direct integra-
tion it is necessary to reverse the signs on the two terms in (11.99), because
the time-derivative of A;(t,T) = dA(t,T)/dt is computed with respect to the
lower integration limit t. This also implies that the initial condition A(T,T) =0
is automatically fulfilled and we need not introduce (and determine) additional
integration constants.

Lemma 11.6. Assume that U and o are given by (11.96). If the equa-
tions (11.98)—(11.99) are solvable for 0 <t < T for every T <0, then the
model has an affine term structure of the form (11.93) with the coefficients
given by (11.98)—(11.99).
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Proof. Follows from the preceding discussion. O

An interesting question is whether it is only affine functions y and ¢ that
yield an affine term structure. In general this is not the case. However, if we
assume that i and o are independent of time, then it may be shown that affine
functions u and ¢ are necessary conditions for an affine term structure. (See
the Problems for a proof.)

One of the advantages of affine models (from a mathematical point of view)
is that the dynamics of the bond prices (11.20) and the forward rates (11.21)
becomes very simple.

Theorem 11.5. Assume that the model is affine. Then the following holds un-
der the martingale measure Q.

dP(,T) = rO)P(t,T)di — o(t,r(1)B(, T)P(t,T)AW(r)  (11.100)
df(t,T) = o>*(t,r(t))B(t,T)Br(t,T)dt + o (t,r(t))Br (¢, T)dW (1)

where By (¢t,T) = dB/dT(¢,T).
Proof. Omitted. See Bjork [2009]. O

In the next four sections, we give examples of the theory described above.

11.3.1 Example 1: The Vasicek model

We wish to determine the term structure for the Vasicek model, which we
choose to parametrize under the measure QQ as

dr(t) = a(f —r(t))dt + odW(z). (11.101)

Compared to (11.96), we have a(t) = —a, b(t) = af, c(t) =0 and d(t) = o2.
Eq. (11.98) takes the form

B,(t,T)=aB(t,T)—1; B(T,T)=0
which has the solution
B(t,T) = é (1—exp(—a(T —1))).
Eq. (11.99) takes the form

A(t,T) = aBB(t,T) — %osz(t,T); A(T,T)=0
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which has the solution (using the trick in Remark 11.7)
T T
o [,
A(,T) = —aB/B(s,T)ds—i-?/B (5,T)ds
t t

_ (;azzﬁ) (Tt)+é(1exp(a(T[)))( "2>

o2
o2
+ v (1—exp(—2a(T —1)))
where we have left out a number of tedious calculations. Thus the term struc-
ture is
logP(¢,T)
T—t
2

R =)

Y(#,T) =

o2
“I8T =0 (I —exp(—20(T —1))).
It is easily seen that the term structure tends to
: o’
Y (o) :ThgloY(t,T) :B—W.

It may be shown that the yield curve is monotonically increasing for r(¢) and
smaller than or equal to

o2

Y(o0) — —.
() 402
For values of r(¢) larger than that but below

2

202

it is a humped curve. When r(¢) is equal to or exceeds this last value, the yield
curves are monotonically decreasing; see Figure 11.2 for a sketch.

Note that these results are given under the arbitrage-free martingale mea-
sure Q. In order to obtain the results under the objective probability measure
P, we should introduce the market price of the risk A, which we assume is
a constant (for simplicity). Recall from the previous discussion that the drift
term g in the spot interest rate model under P is replaced by 4 — Ao under
Q. Now we go from Q to P, which implies that we should add A o to the drift
term. Due to the specific parametrization of the Vasicek model in this exam-
ple, we could substitute 8 for § + A6 /o, where 3 is the long term mean of the
spot interest rate r(¢) under the measure P. The reader is encouraged to make
this substitution such that the results above are available under P for future
reference.

Y () +
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11.3.2  Example 2: The Ho—Lee model

We now will consider the slightly more complicated Ho—Lee model, which has
the Q-dynamics
dr(r) = ¢(¢)dt + cdW(7) (11.102)

where the drift term ¢(z) is allowed to be a deterministic function of time #
and o is a constant. A typical application of this model is to estimate ¢ from
historical data of the spot interest rate, whereas the function ¢(¢) is chosen
such that the theoretical term structure fits the observed yield curve.

Although the model (11.102) is specified under the measure Q and the
spot interest rates are observed under the objective probability measure P, it
is actually reasonable to estimate ¢ directly from historical data, because the
diffusion term is not affected by a measure transformation from Q to P and
vice versa.

The Ho-Lee model gives rise to an affine term structure, where B(¢,T) and
A(t,T) should satisfy

B(t1,T) = -1, B(T,T)=0
1
At(th) = ¢(I)B(I7T)_§O-ZBZ(I7T)7 A(T7T):O
It is easy to show the solutions of these ODEs are
B(t,T) = T-t, (11.103)
T
2 T—t 3
A(,T) = /(b(s)(s—T)dH—%( . r (11.104)
0

Thus we have determined the theoretical term structure which we wish to fit
to the observed initial yield curve, i.e., the observed bond prices at time ¢ = 0.
Now we are going to discuss estimation of ¢ (¢). We denote observed entities
by a * such that the observed bond prices at time # = 0 are denoted by P*(0,T)
and the associated forward rates by f*(0,7).

It is easy to show that the forward rates are given by

T

2
£(0,7) :r(0)+/¢(s)dsf%T2. (11.105)
0
Derivation with respect to T yields
fr(0,T) = ¢(T) — 6°T. (11.106)

As o7 is estimated from historical data, and f7(0,T) may be observed in the
market at time ¢+ = 0, we have that the deterministic function ¢(¢) may be
determined from

o (1) = ££(0,1) + o>t (11.107)
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Thus we have estimated both ¢ and ¢(¢) from market data and we may com-
pute the estimated theoretical term structure by inserting (11.103) into (11.93).
However, this is computationally rather demanding. However, it turns out that
it is easier to proceed using the forward rates. From Theorem 11.5, we get

df(t,T) = o*(t,r(¢))B(t,T)Br(t,T)dt + o (t,r(t))Br (¢, T)dW (7).
As B(t,T) =T —t, this SDE is readily solved and we get
f(t,T) = f(0,T)+6t(T —1/2) + oW (1). (11.108)
From (11.12), it follows that

T
P(1,T) = exp —/f(t,s)ds . (11.109)
t

Inserting (11.108) herein we get

o2Tt

T
P(1,T) = exp —/f(O,s)ds— (T—1)—o(T—0W() | . (1.110)

By computing P(0,T) and P(0,¢) from this expression and using (11.109), we
obtain

P T) ="

exp (— GZZTt(Y})—G(T—t)W(t)>. (1L.111)

In order to remove the Wiener process from this result we use a little trick.
From Definition 11.5 it follows that

2
r(t)=f(t,t)=f(0,t)+%+cw(t). (11.112)

Isolating W (¢) herein and inserting the result in (11.111) we get the final result

P*(0,T) 2

PUT) = S %O ((T ) fH(0,1) — %I(T (T t)r(t)) .

Although this result does not look very handy, it is important. As P*(0,7),
P*(0,1), f*(0,t) and o are determined from market data, this result allows us
to determine the price of any 7-bond.

11.3.3 Example 3: The Cox—Ingersoll-Ross model

In this example, the famous Cox—Ingersoll-Ross model is considered with re-
spect to bond pricing. The spot interest rate model is

dr(t) = k(8 — r(t))dt + 6 /r(1)dW (1) (11.113)
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where k,0 > 0 and ¢ > 0. It is clear that the drift p(z,r(r)) = k(6 —r(z))
and the squared diffusion 62(t,r(t)) = o?r(t) are affine in r(t). Let us repeat
the properties of the CIR model. Negative interest rates are ruled out because,
loosely speaking, the drift will force the interest rates to rise when it is very
small. The line r(t) = 0 as a function of ¢ is called a barrier.” The drift term
is mean reverting, meaning that the interest rate reverts around the long term
mean 6.

This model also gives rise to an affine term structure and it may be shown
that

A(t,T) = —m [2ye<K NIT=012 oz, T)} (11.114)
B(1,T) = Z(e "T=0 _1)/g(t,T), (11.115)
y=Vk2+202, (11.116)
g(t,T) =2y—(k—y)(e T —1). (11.117)

The forward rate is
f(t,T)=r(t)+x(r—0)B(t,T)— %Gzr(t)Bz(t, T). (11.118)

It may be shown that the long term yield is

Y (e0) = Jim Y (t,7) = s'f)y. (11.119)

This steady-state value implies that the interest rate volatility decreases as a
function of 7.

For different sets of parameter values, it is possible to obtain yield curves
as sketched in Figure 11.2 for the CIR model.

So far we have only considered the yield curve Y (¢,T) as a function of
T —t (or T), which gave rise to the term structure of interest rates. This is also
referred to as the zero-coupon term structure because it is based on the yield
of zero-coupon bonds. The forward rate f(¢,T) as a function of T gives rise to
another term structure, namely the forward rate term structure.

11.3.4 Multifactor models

In this section, we have only considered one-factor models of the term struc-
ture and we have stated that they have a number of flaws. As an example of
multifactor models, we briefly discuss the term structure implied by the two-
factor model proposed by Longstaff and Schartz [1992], which was discussed

2The precise behavior at the barrier depends on the relation between the drift and diffusion
parameters (Feller [1951]).
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in Section 10.4. Another example is the class of affine term structure models
discussed in Section 10.4.2. Despite the nice properties of multifactor models,
we do not pursue the topic any further in this book (see the Notes for refer-
ences). We shall now move on to an alternative framework, where the spot
interest rate model may be considered as infinite-dimensional.

11.4 Heath—-Jarrow—Morton framework

Our discussion of the bond pricing framework in Section 11.2 was essentially
based on a specification of a univariate SDE model of the short rate of interest
r(t). Although multifactor models may also be considered, only a limited num-
ber of parameters are available. This makes it impossible to make a perfect fit
of the term structure, because a parsimonious parametrization imposes some
restrictions on the shape of the term structure. The Ho—Lee model, which was
considered in Section 11.3.3, contained an infinite number of parameters as
the drift term was allowed to be time-dependent. It turned out that it was more
tractable to obtain important results using the forward rates. It should also be
clear that this approach will be very difficult to complete for more complicated
spot interest rate models.

We will now provide an introduction to a formal analysis based on the
forward rates, which has been suggested by Heath et al. [1992]. It is therefore
often referred to as the H/IM-framework.

We commence by repeating some important results.

Assumption 11.4. For every fixed T > 0, we assume that the forward rates
f(t,T) are described by the Ito SDE

df(t,T) = a(t,T)dt + o (1, T)dW (1) (11.120)
where o(-,T) and (-, T) are adapted processes. The initial forward curve
{f(0,T); T >0} is assumed to be given a priori.

Once the infinitesimal characteristics & and ¢, and the initial forward curve
{f(0,T); T > 0}, have been specified, the entire forward structure f(z,T) is
given. Due to the relation

T
P(t,T) =exp —/f(t,s)ds (11.121)
t

the entire term structure is also given.

The problem is now to determine the infinitesimal characteristics o and ¢
such that (11.120) and (11.121) give rise to a financial market that generates
arbitrage-free bond prices.

As usual, we assume that we have access to a money market account or a
riskless paper with the dynamics

dB(r) =r(¢)B(t)dt, B(0)=1 (11.122)
where the short rate is defined by r(z) = f(z,t).
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In order to obtain an arbitrage-free market, we wish to establish conditions
that guarantee the existence of a measure Q under which all processes Z(¢,T)
on the following form become martingales
P(t,T)

B(r) -

Remark 11.8. As the solution to (11.122) is

Z(t,T) =

(11.123)

T

B(1) = exp /m@m :

t

we may refer to the Z(t,T)-process as the discounted bond price process.

Lemma 11.3 states that the forward dynamics (11.120) implies that the
bond prices have the dynamics

dP(+,T) = (r(t)+b(t,T))P(¢t,T)dt +a(t,T)P(t,T)dW (1) (11.124)

where the functions a(z,T) and b(¢,T) are given by

a(t,T) = — [ o(t,s)ds, (11.125)

b T) = - am®$+%f@T) (11.126)

Tt —n T T

It follows from (11.123) that Z(¢, T) has the dynamics
dZ(#, T)=b(t,T)Z(¢,T)dt +a(t,T)Z(¢,T)dW (¢). (11.127)

Thus the question of the existence of a martingale measure Q is reduced to
determining whether there exists a Girsanov transformation g(¢) such that the
drift term in (11.127) may be eliminated for all 7 simultaneously.

We fix T and choose a Girsanov kernel g. As discussed in Section 8.4, we
may exchange measure from P to Q using

dP=L(T)dQ on Fr (11.128)
where the likelihood process L(?) is given by
dL(t) = g(t)L(r)dW(z); L(0)=1. (11.129)
This transformation implies that
dw(r) = g(r)dr +dv (z), (11.130)

where V (¢) is a Q-Wiener process.
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Inserting (11.130) into (11.127) yields
dz(¢,T)={b(t,T)+gt)a(t,T)} Z(¢t,T)dt +a(t,T)Z(¢,T)dV(¢). (11.131)

It is readily seen that if Z(¢,T) should be a Q-martingale (i.e., the drift term
should drop out) we must choose the Girsanov kernel g(¢) such that
b(t,T)
a(t,T)

g(t,T)= (11.132)
where we have stressed that the choice of g(z,T) depends on the fixed T'.

Thus, if we fix T, then we may choose the Girsanov kernel given
by (11.132), which generates a measure Q7 under which Z(z,T) is a martin-
gale. As both the Girsanov kernel and the measure depend on 7', we have no
guarantee that a process Z(z,5), S # T, becomes a Qr-martingal. However, we
wanted to determine a Girsanov transformation that generated a measure under
which Z(¢,T) would become a martingale for all 7 > 0. This implies that the
Girsanov kernel may not depend on the choice of T'.

We state this result as a theorem.

Theorem 11.6. The following conditions are equivalent:

(i) There exists a measure Q under which every Z(t,T)-process becomes a
martingale.

(ii) For every choice of T and S, we have

b(t, T) b(z,5)

at,T) alt,S)’

P-almost surely (11.133)

forallt <min(T,S).
(iii) The process g(-,T) does not depend on the choice of T.

(iv) For every choice of S and T, we have
T
a(t,T) = —o(1,T) | g(t,5) - /G(t,s)ds . (11.134)
t

Proof. Omitted. O

We state an important result in the following theorem.

Theorem 11.7. Assume that one of the conditions in Theorem 11.6 is fulfilled.
Then the market is arbitrage-free.

Proof. See Bjork [2009]. O
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As stated earlier the Girsanov kernel is sometimes referred to as the mar-
ket price of risk for T-bonds. It follows immediately from condition (iii) in
Theorem 11.6 that the market price of risk does not depend on T'.

Assume that one of the sufficient conditions in Theorem 11.6 is fulfilled.
Then we may define a measure Q under which all discounted bond price pro-
cesses are martingales. The implications of this statement on the relations be-
tween the infinitesimal characteristics a.(¢,T) and o (¢, T) are remarkably sim-
ple and are stated in the following important theorem.

Theorem 11.8 (Unique drift term). Let the forward dynamics under P be given
by
df(t,T) = o(t,T)dt + o (¢, T)dW (2) (11.135)

and assume that one of the conditions in Theorem 11.6 is fulfilled. Then the

dynamics of the forward rates f(t,T) under the martingale measure Q is given
by
df(t,T)=0o(t,T)dt + o (¢, T)dV(z) (11.136)

where the process @(t,T) is given by
T
&(1,T) = G(t,T)/G(t,s)ds. (11.137)
t

Proof. After the Girsanov transformation the Q-dynamics of (11.135) is
df(¢,T)={a(t,T)+g(t)o(t,T)}dt +o(t,T)dW(t) (11.138)
and then (11.137)—(11.138) follows from (11.134). O]

Let us illustrate this setup in a simple example.

Example 11.3 (The Heath—Jarrow—Morton framework). Consider the simple
process
o(t,T)=0>0.

From (11.137), it follows that
a(t,T)=o*(T —1)

such that forward rate process is

1) = f*(O,T)+/a(s,T)ds—i—/G(s,T)dV(s)
0 0

£(0,7) + / o*(T —s) ds+ / o2V (s)
0

Il
=]
~

0
£50,T)+0*t(T —t/2) + oV (¢).
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We see that this solution is equal to the solution of the Ho—Lee model
in (11.108), and we may proceed as we did in Section 11.3.3.

Remark 11.9 (Comparison with the classical approach). We note that the
HJM-framework is based upon a specification of the initial forward curve
f(0,T), which may be determined from market data at time 0. This initial for-
ward curve corresponds to the determination of the market price of risk from a
benchmark bond in the classical approach. In addition, we should just specify
the diffusion term. Theorem 11.8 states that the drift term is uniquely specified
in order to obtain an arbitrage-free market.

If one wishes to use a more complicated volatility structure than in the
previous example, then it is rather straightforward to assume that the volatility
depends on the forward rate, i.e.,

o(t,T,f(t,T)): R* = R.

Given such a function, we must solve

df(r,T) = oat,T)dt+o(t,T,f(z,T))dV(z), (11.139)
£O,T) = f10,T), (11.140)

where .
alt,T) = G(t,T,f(t,T))/G(t,s,f(t,s))ds. (11.141)

0

The question is now which restrictions must we impose on o (¢, T, f(¢,T))
in order to obtain a solution that does not explode. Such restrictions exist and
they are given in the following theorem for completeness.

Theorem 11.9. Let 6 (t,T, f(¢,T)): R? = R be a given function with the prop-
erties that

(i) o is Lipschitz-continuous in the third variable.

(ii) o is uniformly bounded.

(iii) o is positive.

Then there exists a solution of (11.139) for every choice of the initial forward
curve f(0,T).

Proof. Omitted. O

It is clear that the solution of (11.139) is a difficult problem, which may,
in general, only be solved numerically. We shall not go into such methods of
solution in this book.
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11.5 Credit models

Most models is this book implicitly assume that there is no counterparty risk.
However, there is counterparty risk in most over the counter (OTC) trades.

Counterparty risk is the risk that the other party in a derivatives trade is
unable to fully pay its debt. It is common that the defaulting party will pay
a small fraction (“the recovery”) of the debt, but the size of the recovery is
typically not known beforehand and will vary from time to time.

Regulatory institutions are currently requiring banks to include this type of
risk in the overall risk management; cf. the Basel II and Basel III framework.>

This section will introduce counterparty risk in a risk-neutral framework,
which can be used to price the basic credit derivative, the Credit Default Swap,
but can equally well be used to value hybrid derivatives combining credit and
market risks. Specifically, we will focus on so-called reduced form models,
also known as intensity models, as these share some nice features with interest
rate models.

11.5.1 Intensity models

Default is a binary process (default/no default). Hence, we introduce the de-
fault time 7 as the stochastic time when a company no longer will be able to
pay its debt.

The default time can be thought of as the time when a Poisson process
increases from O to 1. Poisson processes can have deterministic or stochastic
(Cox process) intensity.

A Poisson process is a stochastic process with stationary and independent
increments, increasing in unit steps. The risk-neutral probability for default
(i.e., the probability for the time inhomogeneous Poisson process to jump)
within a (to be infinitesimally) small time interval &¢, conditional that the pro-
cess has not defaulted, is

Q(ret,t+0t)|t >1) = A(t)0t. (11.142)

Integrating this quantity is known as the Hazard function

Alt) = /0 "2 (w)de (11.143)

It is well known that the jump time, transformed with the Hazard function,
is a standard exponential random variable 7

A(T) L~ Exp(1). (11.144)
Hence, we find that

Q(z>1)=Q(A(T) > A(t) = Q(A(1) > n) = ¢ JoAw)du, (11.145)

3http://wuw.bis.org.
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This can be extended to stochastic intensities, arriving at
Q(t>1) =EQ [e*f“(“)d"} . (11.146)

The similarity with short rate interest models is remarkable!
We can use this framework for defaultable bonds, which will be denoted
by P(t,T). It follows that

Loy P(t,T) =E2 [D(t, T)1 o1y | Z (1)] (11.147)
where D(t,T) = exp(— [ r(s)ds) is a stochastic discount factor. It is rather
common that some value is recovered during the default; this is modelled

through the recovery rate RR. The value of the bond, when assuming that the
recovery is paid out at time 7', would then be

Lo P(t,T) =E@ [D(t,T)1jzory +RR-D(t,T)ljeery | F ()] (11.148)
=EY[D(t,T)(1 = Lz<r}) + RR-D(t, T)lz<r) | F (1)]

(11.149)
=E%[D(t,T)(1 — 1z, (1 - RR))|.Z (1)) (11.150)
= P(t,T)(1 —PD-LGD) (11.151)

where we used that probability of default is given by PD = E2 [1{T§T} |7 (1)]
and Loss Given Default is given by LGD = 1 — RR.

11.6 Estimation of the term structure — curve-fitting

Clearly the term structure of interest rates plays an important role in our at-
tempts to model financial markets. So far we have discussed it from a theoret-
ical point of view and deduced some properties that pertain to a term structure
model.

It should be clear from the material in this chapter that it is by no means a
simple task to estimate the term structure, especially not if one wishes to gain
some understanding of the properties of the term structure with minimal effort.
The estimation methods to be presented differ mainly by their application of a
priori knowledge about the term structure of interest rates.

In this section, we describe a number of methods for estimating the term
structure from empirical market data. In the financial literature this is some-
times referred to as calibration, the inverse problem or inversion of the yield
curve. Here the statistical term estimation of the term structure will be used
throughout.

In Section 14.11.3, the Extended Kalman filtering technique from Chap-
ter 14 will be used, where the spot interest rate model describes the underly-
ing process and the solution of the bond pricing equation is the measurement
equation. Thus the method enables us to estimate both parameters and implied
interest rates directly from observed bond prices.
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11.6.1 Polynomial methods

In practice it is fairly common to assume that the yield curve may be approxi-
mated by a polynomial in T of order s, i.e.,

Y(T)=a—1+aT+ml*+...+oT". (11.152)

This is a reasonably general formulation. A number of estimation methods
exist and have been implemented in statistical packages, which we shall not
discuss here.

A program package called RIO, which is based on cubic splines, has been
developed at the Aarhus School of Business. This package is also used today
in a number of financial institutions, because it allows the modeller to split the
term structure into a number of segments. The package can also calculate other
types of information.

11.6.2 Decay functions

Decay functions are very useful for term structure estimation if the term struc-
ture should converge to a constant interest rate for 7 — oo. The simplest possi-
ble decay function is

Y(T) = o+ aexp(—apT). (11.153)

In the next section, we discuss in some detail an extension of this model.

11.6.3 Nelson—Siegel method

The relation between the price of a zero-coupon bond, P(¢,T), and the instan-
taneous forward rate, F(¢,T), is given by (11.109), i.e.,

T
P(t,T) =exp —/f(t,s)ds . (11.154)
t

The yield curve follows from (11.13), i.e.,

loglP(1,7)] _

v(1) =50

T
1
T_t/f(t,s)ds. (11.155)

Today, at ¢t = 0, we may observe the yield of a number of bonds with different
maturities. In accordance with Nelson and Siegel [1987], we define

T
Y(T) = Y(0,T) = %/f(O,s)ds. (11.156)
0
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We assume that the instantaneous forward rate at time is given by

F(0.7) = Bo -+ Brexp(—T/7) + Bo(T/T)exp(~T/7))  (11157)
where Bo, B1, B2 and T are constants. Note that 7 is not related to the time-to-
maturity 7 —t. By direct integration of (11.157) in (11.156), we get

V()= ot i =Dy (AZRETID) g1
(11.158)

The three components of this equation represent the level, scope and curvature
of the yield curve. Assuming that a number of yields for bonds with different
maturities are given, the parameters in (11.158) may be estimated by a nonlin-
ear least squares method.

Fort=1,8y=0and §; = —1, we get

Y(T) =1-(1=Ba)(1 —exp(=T))/T — Baexp(=T). (11.159)

For B, € [-6,12] and T up to 10 years, the yield curves in Figure 11.4 are
obtained. It is seen that the Nelson—Siegel model is able to fit a large variety of
yield curves, increasing, decreasing and humped yield curves.

- N w
T T T

Yield curve (Y(T))

o

Time to maturity (T)

Figure 11.4: A variety of the term structures encompassed by the Nelson—
Siegel model.
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short term (exp(-T))

Yield curve (Y(T))
o
=

0.2r

medium term (T*exp(-T))
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0 2 4 6 8 10
Time to maturity (T)

Figure 11.5: An illustration of the short, medium and long term components of
the Nelson—Siegel model.

Another way to see the shape of the attainable yield curves is to inter-
pret the terms in (11.159) as measuring the strength of the short, medium and
long-term components (or segments) of the yield curve. The contribution of
the long term component is By, that of the short term components is §; and 3
indicates the contribution of the medium term component. This is depicted in
Figure 11.5. Thus estimation of the yield curve is merely a question of obtain-
ing parameter estimates that weigh these three contributions simultaneously.

It can be shown that the Nelson—Siegel model does not give rise to
arbitrage-free prices, but there are arbitrage free extensions (Christensen et al.
[2011]). Nevertheless the Nelson—Siegel method is used today in a number of
financial institutions.

11.7 Notes

For an introduction to the large variety of bonds on the Danish market (Jensen
et al. [1994] and Christensen [1995]). In these notes, we have only considered
univariate models for the short rate of interest and the forward rates. Extensions
to multivariate SDEs may be found in Strickland [1996], Jgrgensen [1994],
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Duffie [1996], Brennan and Schwartz [1979], Longstaff and Schartz [1992],
Chen [1996] or the original paper by Heath et al. [1992] with respect to forward
rates.

Multivariate affine models are considered in an excellent article by Duffie
and Kan [1996]. See Bjork [2009] for the derivation of the term structure equa-
tion using the modern approach. A more thorough analysis of the CIR model
from a PDE point of view is given by Feller [1951].

Whether one chooses to build the bond pricing framework on the short
rate of interest or the forward rate, the pricing equations turn out to be
parametrized in (¢, T) with T being the fundamental parameter in spite of the
fact that the initial discussion showed that a more natural choice would be the
time-to-maturity 7 —¢. The latter approach is taken in the socalled Musiela
parametrization (Bjork [1996] for further details and references). See Wilmott
et al. [1995] and Brigo and Mercurio [2006] for two different but excellent
overviews of interest rate and credit derivative products.

11.8 Problems

Problem 11.1

Consider a coupon bond with N payments ¢ = (cy,...,cy)’ at discrete time
instants T = (T1,...,Ty)’ and maturity date T = Ty.

1. Show that the price of a coupon bond is given by

P(1,¢,T) =Y ciP(t,T) (11.160)
i=1

by direct application of (11.2).
Problem 11.2
1. Show that the following applies fort <s < T

T
P(t,T) = P(t,s) exp —/f(t,u)du (11.161)

and in particular

T
P(1,T) = exp —/f(t,u)du . (11.162)
t

Problem 11.3

Show that the zero-coupon bond and forward rate term structures are equal
for the time-to-maturity 7*, where the zero-coupon term structure reaches its
highest value in the following special cases:
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1. The Merton model.
2. The Vasicek model.
3. The Cox-Ingersoll-Ross model.
Can you give an intuitive or financial explanation of this property?

Problem 11.4

Consider an affine term structure.

1. Show that the duration D(¢,T) is —B(¢t,T).
2. Show that the convexity C(¢,T) is B>(t,T).

Problem 11.5
Consider the CIR model

dr(t) = k(0 —r(r))dt + o/r(t)dW (7). (11.163)
Assume that the term structure is affine, i.e.,
P(t,T) = OB, (11.164)

1. Determine A(7) and B(7).

Problem 11.6
Consider the Ho—Lee model

dr(t) = 0(t)dt + odW (1), (11.165)
which gives rise to an affine term structure

P(t,T) = AT =BT, (11.166)
1. Determine A(z,T) and B(z,T).
2. Determine the forward rates f(0,7).

3. Determine the forward rates f(¢,T).
4. Use the relation

T
P(1,T) = exp —/f(t,u)du (11.167)
t

to show that

P(0,T) exp {_ o’Tt

3 (T—t)—G(T—t)W(t)}. (11.168)

5. Determine the spot interest rate r(¢) from f(z,-).
6. Use this result to eliminate the Wiener process in (11.168).
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Problem 11.7

Consider the Nelson—Siegel model described in Section 11.6.3.

1. Show (11.158).

2. Determine Thfio Y(T) and }11}1}) Y(T). Use these limits to explain why it is

reasonable to impose the constraints By > 0 and By + B; > 0.

3. Plot (11.156) and (11.157) as a function of T'.

4. Show that the curvature component of (11.158) reaches its maximum for
T=r.

In Svensson [1994], an additional term, B3(T/72)exp(—T /%), T2 > 0, is
added to (11.157) to add flexibility to the model and to allow for better fits to
real data. The resulting model is called the Nelson—Siegel-Svensson model.

5. Compute (Y(T), defined by (11.156), for the Nelson-Siegel-Svensson
model.
6. Determine 111_1)130 Y(T) and }gn Y (T) for the Nelson—Siegel-Svensson model.

In Gilli et al. [2010] and Annaert et al. [2013] some of the problems re-
lated to estimating the parameters in the Nelson—Siegel and Nelson—Siegel-
Svensson models are discussed.



Chapter 12

Discrete time approximations

In this chapter we introduce some basic issues concerning discrete time ap-
proximations of stochastic differential equations, which are used in a later
chapter to estimate the parameters in SDEs using the Generalized Method of
Moments (GMM). Furthermore the methods are used to simulate discrete ob-
servations from a continuous time system, which, for example, can be used
to determine the price of a financial derivative in cases where no closed form
solution of the pricing formula exist.

12.1 Stochastic Taylor expansion

The stochastic Taylor expansion is a stochastic counterpart of the Taylor ex-
pansion in a deterministic framework, and it is essential for the discrete time
approximation of stochastic differential equations to be described later in this
chapter. The stochastic Taylor expansion is based on an iterated application of
the Itd formula. Due to the high complexity of the multi dimensional case we
shall only consider one-dimensional stochastic differential equations (Kloeden
and Platen [1995]).
Consider the integral form

X(0) =X () + t'lu(x(s))dsjt IIG(X(s))dW(s) (12.1)

for ¢ € [1y, T], where it is assumed that the functions u and o are "sufficiently"
smooth in the neighbourhood of X (). If we apply the It6 formula to the func-
tions i and o, and assume that the functions are time homogeneous, we obtain
the following

X() = Xg+u(X(w) [ ds+oX@) [ aw(s)+R  (122)

R

/t‘t | £Ou(X(2))deds + /tl tis'f (X (2))dW (2)ds
L /’ " 206 (X (2))dzdW (s)
+/,I " 21 6(X(2))dW (2)dW () (12.3)

253
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where the operators .# and .#"! are defined as

d 1 , 92

0 2

0 = u—aX+§G X2 (12.4)
L = GTBX' (12.5)

This is the most simple Taylor expansion, where Ito’s formula is only used
once. The deterministic integral in the Taylor expansion (12.2) is equal to the
length of the discretization interval ¢ —#g, and the stochastic integral is Gaus-
sian with distribution N(0,z —to).

By continuously expanding the integrands of the multiple integrals in the
remainder R, multiple integrals with constant integrands will appear. For ex-
ample if we use the Itd formula on the integrand 2! 6(X (z)) in (12.2) we get
the following

XO) = X()+aX () [ d+oXw) [ aw()
+ L6 (X (1)) /t AW (2)dW (s) + R (12.6)

where the remainder R is a sum of multiple integrals with non-constant inte-
grands.

In Section 12.3 the Itd-Taylor expansion is used to obtain discrete time
approximations with different degrees of accuracy. In the same manner, we
can obtain more accurate Taylor approximations by including more multiple
stochastic integrals in the Taylor expansion, because these integrals contain
additional information about the sample path of the stochastic process.

12.2 Convergence

In order to get a measure of the amount of error introduced in the discrete
time approximation, two definitions of convergence are stated in the following.
The distinction between the two definitions refers to whether the continuous-
time discretized stochastic process approximates the sample paths of (12.1)
pathwise for all ¢, or if it just approximates the moments or some probabilistic
properties of (12.1).

To measure the magnitude of the approximation error introduced by the
pathwise approximation {¥%(r)}, with maximum step size 8, of an Itd process
{X (1)}, consider the absolute error criterion

e =E[|X(T)—Y°(T)]] (12.7)

where the error is expressed as the expectation of the absolute value of the
difference between the Itd process and the approximation at a finite terminal
time 7.
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Definition 12.1 (Strong convergence). A general time discrete approximation
Y% (t) with maximum step size 8 converges strongly to X at time T if

lim E[|X () —Y*(T)[] =0, (12.8)

and if there exists a positive constant C, which does not depend on 8, and a
finite &y > 0 such that

£(8) =E[X(T) - v(T)|] < C8“ (12.9)

for each § € (0,8), then Y? is said to converge strongly of order ot > 0.

In many practical situations we do not need such a strong convergence as
the pathwise approximation considered above. For instance, we may only be
interested in the computation of moments, probabilities or other functionals
of the Itd process. Since the requirements for such a simulation are not as
demanding as for the pathwise approximations, it is natural and convenient
to classify these approximations separately. For that purpose we define the
concept of weak convergence.

Definition 12.2 (Weak convergence). A general time discrete approximation
Y% with maximum step size 8 converges weakly to X, at time T as 8 | 0, with
respect to a class C of polynomials g : R? — R if we have

lim [E[g(X ()] —E[g(*(T))]| = 0, (12.10)

and if there exists a positive constant D, which does not depend on 8, and a
Sinite & > 0 such that

£(5) = |Elg(X(T))| ~Elg(r*(7)]| < D&? (12.11)

for each & € (0,8), then Y9 is said to converge weakly of order 8 > 0.

In Kloeden and Platen [1995] it is shown that the strong and weak conver-
gence criteria lead to the development of different discretization schemes. As
we shall see in the following a given dicretization scheme usually has different
orders of convergence with respect to the two criteria.

12.3 Discretization schemes
12.3.1 Strong Taylor approximations
12.3.1.1 Explicit Euler scheme

The simplest strong Taylor approximation is the Euler scheme, also called the
Euler-Maryama scheme. It utilizes only the first two terms in the simple Taylor
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expansion (12.2), and it attains the order of strong convergence ¥ = 0.5. In the
one-dimensional case the Euler scheme has the form

Yoi1 =Y+ u(Y)A+ o (Y,) AW (12.12)
where
A=T 11— 1, (12.13)

is the length of the time discretization interval, and

AW - an+l - WT

n

(12.14)

is the N(0,A) increment of the Wiener process W.

12.3.1.2 Milstein scheme

If we add one additional term to the Euler scheme, we obtain a scheme pro-
posed by Milstein [1974], which is of order 1.0 strong convergence.

Vit = Yot 1(G)A+ G (H)AW + Lo ()0’ (5)[(AW) —4]  (1215)

where the prime denotes the derivative with respect to the state variable. It
is readily seen that the Euler scheme and the Milstein scheme coincide if the
diffusion term o is independent of the state variable, because then the last term
in (12.15) drops out. Due to the fact that the multiple integral can be expressed
as . |
/ dW (z)dW (s) = = [(AW)? — A] (12.16)
o J1o 2
the Milstein scheme appears to correspond with the stochastic Taylor expan-
sion (12.6) — refer to Kloeden and Platen [1995] for details.

12.3.1.3 The order 1.5 strong Taylor scheme

The order 1.5 strong Taylor scheme is given by
Yoo1r = Y, +UA+GAW + %co’ [(AW)2 — A]
+1' 6AZ + % (uu' + %cﬁ/)Az
+(uo + %G%”)[AWA—AZ]

+%6(60‘H +(c)?) [%(AW)Z —AlaW  (12.17)

where 1 and o are evaluated at Y, and AZ is a random variable representing
the double stochastic integral

T+l S
AZ:/ /dW(s)ds. (12.18)
Tn Til
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In Kloeden and Platen [1995] it is shown that AZ is normally distributed with
zero mean and variance equal to %A3. The covariance between AW and AZ is
1 A2

A

FA%.

12.3.2  Weak Taylor approximations

As with the strong approximations, the desired order of convergence deter-
mines where the Taylor expansion must be truncated. However, the weak con-
vergence criterion only concerns probabilistic aspects of the sample path and
not the sample path itself. Therefore, for a certain degree of convergence, the
required number of terms of the expansion is less for the case of weak conver-
gence than for the case of strong convergence if a certain degree of convergence
is desired.

For example it can be shown that the Euler approximation attains the order
of weak convergence f = 1.0, whereas it only attains the order ¢ = 0.5 of
strong convergence.

12.3.2.1 The order 2.0 weak Taylor scheme

The order 2.0 weak Taylor scheme is given by
Yor1 = Yo+uA+GAW + %Go/ [(AW)? — A] +
W oAZ + %(uu/ + %GZMH)AZ +
(uo’+%o2o”)[AWA—AZ]. (12.19)

Compared with the order 1.5 strong Taylor scheme the order 2.0 weak Taylor
scheme is simpler, even though the degree of convergence is higher.

12.3.3  Exponential approximation

Some attention has recently been given to so-called exponential schemes
(Mora [2005]) as these are generally better for stiff systems. The methodol-
ogy does only apply to models where the diffusion is independent of the state,
reducing the applicability somewhat.

The idea is to approximate the diffusion by an Ornstein-Uhlenbeck pro-
cess, rather than an arithmetic Brownian motion (cf. the explicit Euler scheme).
This idea is far from new, as it was used in Madsen and Melgaard [1991], Kris-
tensen and Madsen [2003]. The advantage of approximating using an Ornstein-
Uhlenbeck process is increased stability and, for some schemes, increased rate
of convergence. Here, we present the Euler-exponential scheme

Yoi1 = MO (Y, + (u —J(0)Y,)A+ GAW) (12.20)
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where J(u) is the Jacobian of u. This is a first-order scheme, but a similar,
second order version can be found in Mora [2005].

12.4 Multilevel Monte Carlo

Consider the standard problem of approximating an expectation, E [®(S(T))],
with some numerical scheme, say the Euler-Maruyama scheme, {S,‘S},E[oﬂ,
with 8 = T' /M. The error between the numerical approximation and the exact
value is then given by

O(S%(T)) —E[®(S(T))]. (12.21)

™

I
Z| =
M=

n

This error can be decomposed into

Ly ey -ty s L § o(s(T)) — E[®(S(T
€= Nn; ( ())—Nn; (S(T)) | + Nn; (S(T)) —E[®(S(T))]
Discretization bias Variance

(12.22)
where the bias from the first term is ¢/(6) and the variance from the second
term is &'(1/N), leading to a mean squared error (MSE) of

MSE = ¢,8 + jvi (12.23)

Balancing these terms means that 8% o< 1/N. If the MSE equals €2, the §2 =
O(€*) and 1/N = & (&*) which means that the complexity needed for a root
mean squared error of size € is

Complexity = McNe = O(e ) 0(e72) = O(e73). (12.24)

It turns out that this complexity can be reduced substantially to
0(e%(log(¢))?) by organizing the computations in a clever way (Giles
[2008]), called MultiLevel Monte Carlo (MLMC).

Consider a simple approximation computed at the crudest possible scale,
& = T, computed using Ny samples. That approximation, called Py, will be
severely biased but the complexity is low as only a single step is taken. The
idea behind multilevel Monte Carlo is to compute a series of corrections with
§=M'TM being an integer) to this crude level. Denote the Monte Carlo
approximation at level / using N; samples by P,. It then follows that the ex-
pected value of the sequence of approximations is

L
P+Y (P—Py)
=1

E —E[P)] (12.25)
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which is the accuracy of the finest level of approximations. The question is if
the sequence of approximations can be computed in a less expensive way. This
can in fact be done, provided that ideas related to so-called control variates are
used.

The correction term, ¥; = P, — B}, is computed from two different levels
of discretization using the same Brownian path, as this will introduce a strong
coupling between these approximations. The paths should be independent of
the other levels of approximation. Straightforward calculations (Giles [2008]
for details), show that the variance of the sequence of corrections Zlel Y is
given by

L
Var[y] =Y NV, (12.26)
=1

where V; is the variance computed for a single Brownian path while the com-
putational cost is given by

L
Cost= Y N;§ " (12.27)
=1

It can be shown that the variance is minimized for a fixed computational cost
when N; «< 1/V;8;, and that V; = 0'(§;).

The number of samples N; needed to obtain an overall variance of &2
is N = O(L&e7?) while the corresponding bias, provided that an Euler-
Maruyama scheme is used, is €/(8). Hence, we can compute the number of
levels needed as

OM™*T)=¢ (12.28)

leading to L = log(e~!))/log(M) + O(1). The total computational cost for
achieving a MSE of at most 2&> would then be

L L
Cost= Y N§ ' =Y 0(L&e )6 = 0(e72L%) = 0 *(log(e))?).
=1 =1

(12.29)
This is a remarkable result as the cost for a perfect algorithm without bias
would be &(e72). Variations of the multilevel Monte Carlo method have been
applied to, e.g., American options (Belomestny et al. [2013]). For simulation
of exit times, see Higham et al. [2013].

12.5 Simulation of SDEs

Since explicit solutions of stochastic differential equations do only exist in a
limited number of cases, numerical solution methods must be used. Different
numerical approaches have been proposed, such as Markov chain approxima-
tions where both the state and the time variables are discretized. However for
simulation purposes we shall use discrete time approximations because they
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have been presented in this chapter. By choosing a sufficiently small length
of the subinterval A, the discretization schemes above can be used to generate
discrete observations of a continuous-time system.

To illustrate some aspects of the simulation of a time discrete approxima-
tion of an Ito process we shall examine a simple example.

Example 12.1. Consider the geometric Brownian motion
dX () = uX(r)dr + o X (t)dW (), X(0) =x0 > 0. (12.30)
We know from Example 8.10 that the solution of (12.30) is given by

X(t):xoexp<(u—;GZ>I+GW(I)>. (12.31)

The knowledge of the explicit solution gives us the possibility of comparing
the discretization schemes with the exact solution and to calculate the error.
To simulate a trajectory of the Euler approximation of the geometric Brow-
nian motion we simply start from the initial value Y (0) = X(0) and proceed
recursively to generate the next value from

Yoi1 =Y, + uY,A+ oY,AW, (12.32)

where AW, is the N(0,A) increment of the Wiener process in the interval with
length A = 1, — T,—1, which we assume constant. The Milstein approximation
of the Geometric Brownian Motion is given by

1
Yoi1 = Yy + uY,A+ oY, AW, + 5c;zyn((AWn)2 —A). (12.33)

For comparison, we can use (12.31) to determine the corresponding values of
the exact solution for the same sample path of the Wiener process, obtaining

1 n
X, :xoexp<(u—262> 17,,+GZAW,~_1>. (12.34)

=1

In Figure 12.1 the exact process as well as the Euler and Milstein approxima-
tion are plotted for different values of the interval length A. It is readily seen
that the approximations become better as the number of subintervals increases.
Furthermore it is seen, as expected, that the Milstein scheme provides a better
approximation than the Euler scheme.

Example 12.2. Valuation of European call options in the Black & Scholes

universe was covered in Chapter 9. Here, we have valuation options using
Monte Carlo. The model we consider is given by

dS(r) =rS(¢)dt + oS(t)dW (¢) (12.35)

with Sy = 100, r = 0.4 and o = 0.3. The time to maturity was T = 0.5, while
the strike was varied between 80 and 120 in steps of 10. We consider four
different cases:
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Figure 12.1: Euler and Milstein approximation and the exact solution to (12.31)
with initial value X(0) = 1, drift parameter 4 = 1 and diffusion parameter
c=1forA= % (upper plot) and A = % (lower plot).

e FExact value, computed using Equation (9.45) and (9.46).
e Crude Monte Carlo, using Euler-Maruyama without subsampling.

e Monte Carlo simulation using exact simulation, i.e., using the solution to
the geometric Brownian motion.

o Multilevel Monte Carlo, using M = 4.

All Monte Carlo algorithms used the same number of random samples (in all
N =21 760 samples) in order to make the results comparable.

The resulting call prices are presented in Figure 12.2. It can be seen that
the exact Monte Carlo is unbiased, the multilevel Monte Carlo is virtually un-
biased, while the crude Monte Carlo is clearly biased (but the sign of the bias
depends on the contract). The variance is roughly the same for all methods.

The convergence of the multilevel Monte Carlo for different levels of refine-
ment is shown in Figure 12.3. It can be seen that just a few correction terms
are usually enough to obtain nearly unbiased results.
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Figure 12.2: Prices for a European call option computed using the exact for-
mula, an Euler-Maruyama scheme without subsampling, exact Monte Carlo
and multilevel Monte Carlo.
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Chapter 13

Parameter estimation in discretely
observed SDEs

13.1 Introduction

This chapter describes methods for estimating parameters in stochastic differ-
ential equations (SDEs). A brief introduction to the GMM method is given,
but a major part of the presentation is devoted to a class of maximum likeli-
hood methods which can be used for estimation parameters in both linear and
non-linear SDEs.

It is clear that a method for estimating parameters of non-linear stochastic
differential equations can also be used for estimating the parameters of a linear
stochastic differential equation. If a linear model is considered, it is, however,
advantageous to take the linearity into account at the estimation procedure.
Likewise it is beneficial to simplify the method if it is known that the model is
time invariant.

In this section we shall briefly introduce the various types of models which
will be considered in the subsequent sections.

There are several reasons why it is advantageous to consider the
continuous-discrete time state space approach:

e If any physical knowledge is available it is easily included in the model,
since the system equation is described in continuous time.

o The estimated parameters are readily interpreted by experts in the field.
e Multivariate models are easily considered.
e Time varying models can be handled.

e Missing observations, as well as time varying sampling times, can be han-
dled.

e It is often the case that less parameters are needed for the continuous time
formulation than for the traditional discrete time formulation.

e The solution of the It6 equation is a Markov process.

The main limitation is the difficulty to derive estimators, or, rather, deriving
the Maximum Likelihood estimator in closed form. Instead, we have to rely on
approximations of the Maximum Likelihood estimator.

265
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There are some perhaps unexpected results! regarding asymptotic proper-
ties of the estimators that are useful to know.

Example 13.1 (Estimating parameters in the drift and diffusion). Consider the
arithmetic Brownian motion

dX(t) = pdr+ocdw(z). (13.1)

The solution is well known, X (t,11) — X(tn) = U(tns1 — tn) + (W (tgt1) —
W (t,)), implying that each difference of observations is an independent Gaus-
sian random variable. All that is needed is to compute the mean and covari-
ance! The drift is estimated by computing the mean, and compensating for the
sampling 6 =ty 1 — 1,

R 1 N—1
b=s5x ngoxml) — X (tn)- (13.2)

Expanding this expression reveals that the MLE for [ is given by

X(ty) =X (t0)

P (13.3)

ﬂ =

The only thing that matters is the lengths of the observation window; recording

measurements inside the sample is of no use whatsoever for the drift parameter.

The situation is different for the diffusion (o) parameter, as the MLE is
given by

1 N—-1 2 -1
A2 _ _ a2 d X (N—1)
9 —m’;)(x(fnﬂ) X(ta) —f8)" =0 N1 (13.4)

which converges to the correct quantity. The & parameter can be well esti-
mated by either having a short sampling interval and sampling frequently, or
by having a fixed sampling frequency and sampling for a very long time.

13.2 High frequency methods

It should be clear from Example 13.1 that the variance term can be estimated
using high frequency data. In fact, that variance estimator is closely linked to
the convergence of the stochastic integral and the 1t6 formula. Here we assume
that the process we study is a compound Poission Jump Diffusion

dX () = pu(t,X(t))dt + o (¢, X(¢))dW () +dZ(r) (13.5)

N(t)

n=1

withZ(t) =Y,
process.

J, where J are the stochastic jumps and N(¢) is the Poisson

!'Similar results exist in the theory on discrete time series analysis.
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Let my = [0=1) < 71 <...7y =T] be a partition of the interval [0,T],
where sup | Ty+1 — | — 0, and define

RV = i (X(1) = X(T0_1))%. (13.6)
n=1

Then it follows the statistic RV, called the Realized Variance estimator, con-
verges to the Quadratic Variation (QV) of the process, cf. Section 13.7.

N(t)
RV 5 /o(s,x(s))de J2=0V (13.7)
1

n=

while a small modification called the bipower estimator defined as
N
T
BPV =2 Y X (Tu1) = X (%) | X (T0) = X (Ta1)| (13.8)
n=1
converges to the continuous component

BPV & / 6 (5,X (s))2ds. (13.9)

Shifting the computations a single step will eliminate jumps as the jumps only
contribute to one of the terms, while the other term will be very small when
the partitioning gets finer and finer.

The implication of these methods (Barndorff-Nielsen [2002], Barndorff-
Nielsen and Shephard [2004]) is that high frequency data can be used to es-
timate the variance and jump parts with very good accuracy. However, mar-
ket microstructure (Hansen and Lunde [2006], Zhang et al. [2005]), generally
prevents us from going to the limit, and there seems to be a consensus that
sampling too often will contaminate the data more than the additional variance
reduction obtained due to the larger data set.

We illustrate the realized volatility by computing it on simulated data from
a geometric Brownian motion; see Figure 13.1. The constant volatility of the
log returns implies that the integrated squared volatility grows linearly.

Computing the realized variance and bipower variation on index returns on
the Swedish OMXS30, as shown in top graph in Figure 13.2, reveals that the
variance is not constant; cf. Section 5.5.2 and 5.5.3.

These statistics can also be used to investigate whether there are jumps as
the difference RV — BPV should equal to the sum of the squared jumps

N(r)
RV-BPV 5 Y J,. (13.10)
n=1

This difference is computed in the lower graph in Figure 13.2, where some
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Figure 13.1: Realized variance computed on simulated log returns from a geo-
metric Brownian motion
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Figure 13.2: Realized variance and bipower variation computed on log returns
on the OMXS30 index (top graph) and the difference between the bipower
variation and realized variance (bottom graph).

evidence for jumps is presented. Notice that most jumps are rather modest in
size, and also that the jumps often seem to cluster to periods of high variance.

Realized volatility was used in Phillips and Yu [2009] to derive Maximum
Likelihood estimators for some diffusion processes by first estimating the in-
tegrated volatility and then using methods like those in Section 8.4.4.
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13.3 Approximate methods for linear and non-linear models

The complexity estimating parameters in discretely observed diffusions, i.e.,
estimating parameters when the full state vector is observed as discrete time
points, depends on a number of factors, most important being the dynamics of
the process and the sampling frequency.

Many data sets are sampled at high frequency, compared to the dominant
dynamics of the stochastic system, making the bias due to discretization of the
SDEs using any of the schemes in Chapter 12 acceptable.

The simplest discretization, the explicit Euler method, would for the
stochastic differential equation

dX(t) = u(t,X(¢))dt + o (2, X (2))dW (¢) (13.11)

correspond to the Discretized Maximum Likelihood (DML) estimator given by

N—1
Opmr = argmax Z log ¢ (X (tnr1), X (tn) + 1 (t, X (tn) ) A, Z(t0, X (1)) A)

60c® ;=1
(13.12)
where ¢ (x,m, P) is the density for a multivariate normal distribution with ar-
gument x, mean m and covariance P and

2(t,X (1) =o(t,X(1))o(t,X(1)", (13.13)

and A = 1,41 —1t, is the time between two consecutive observations.

Note that the Euler scheme and the Milstein scheme coincide when the
diffusion term is independent of the state vector. Similarly, it was shown in
Chapter 12 that higher order method can readily be derived when the diffusion
term is independent of the state vector, which indicates that transformations to
get rid of state dependence are generally a good idea.

13.4 State dependent diffusion term

If the SDE contains a state dependent diffusion term then the methods de-
scribed in the previous section cannot be used directly. Frequently it is, how-
ever, possible to transform the SDE into an equivalent SDE where the diffusion
term is independent of the state vector. The equivalent SDE contains the same
parameters and describes a relation between the same input and output vari-
ables.

13.4.1 A transformation approach

We shall only consider the scalar case here. The transformation approach is
based on the Itd formula which we restate here for convenience.
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Theorem 13.1 (The It6 formula). Let X(t) be a solution to
dX () = p(2,X(2))dt + o (¢t,X (¢))dW (¢) (13.14)

and @: R? > R be a C'?(R?)-function applied to X (t)

Y()=(t,X(2)). (13.15)
Then it holds that
(o0  de 1, d% I
dy(¢) = T +”8X(t)+26 IX(1) dt+g8x(t)dW(t). (13.16)
Proof. See page 147. O

Notice that the diffusion term in the new Itd process dY (¢) is equal to the
product of g and d¢/dx. This leads us to the following lemma.

Lemma 13.1. Let X (¢) and @ be defined as above, then by choosing the trans-

formation
1

O, 1) = /W dx (1) (13.17)

the new process Z(t) = @(X (t),t) will be an Ito process with a constant diffu-
sion term.

The procedure is easily generalized to the multivariate case where the ma-
trix g(X(7),7) only contains non-zero values on the diagonal, but is far more
complicated in the general case (cf. Ait-Sahalia [2008]).

Example 13.2 (Transformation of the CKLS-model). Consider the CKLS-
model (Chan et al. [1992]):

dX(f) = a(6 — X (£))dt + o X (£)7dW (¢) (13.18)

where X (t) is the short term interest rate, and & and 0 are parameters related
to the drift term and & and y are related to the diffusion term.

The drift term represents a tendency to pull the process back towards its
long-term mean 0 with the rate of adjustment determined by o. The diffusion
term describes that the variability (the volatility) is increasing with x if Y > 0.

Some important models used in the field of finance are obtained as a special
case of the CKLS-model:

v = 0 we get the Vasicek model (Vasicek [1977])
1
Y = 3 we get the Cox—Ingersoll-Ross model (Cox et al. [1985])

By applying the lemma, the following transformation is suggested in order
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to obtain a constant diffusion term in a new process which contains the same
parameters and relates the same input and output.
1 1

Z(t) = 1) = dX (1) = ——X(1)"7. 13.19

)= 9(.0) = [ 57 ) = 75X ) (13.19)

The SDE for Z(t) is found by using the Ito formula. Hence we need

99 I o, P9
i —r_X Yy ~—_*
a0 X0 G
Insertion into the Ito formula leads to the following SDE for Z(t)

=—yX(t)"" L. (13.20)

Y yo?

az(t) = |ad (1= Z(0)7" —a(1=NZ0) - 555705

+0dW (). (13.22)

dr (1321

13.5 MLE for non-linear diffusions

It is rarely possible to do full maximum likelihood estimation for non-linear
diffusions, but the likelihood function can often be approximated arbitrarily
well. Some technical difficulties are avoided if the class of models is restricted
to discretely observable models.

There are at least three types of competing algorithms that are compu-
tationally efficient. The most general, and also the computationally least effi-
cient class of algorithms, are the Monte Carlo simulation based estimators. The
Fokker-Planck based estimators are computationally more efficient (at least in
low dimensions). Finally, the series expansion approach is the computationally
most efficient algorithm but it is also the most restrictive estimator. Common
for all estimators is that their computational efficiency is usually improved if
the diffusion term is independent of the states of the process; cf. Section 13.4.

13.5.1 Simulation-based estimators

The class of simulation based estimators can be applied to virtually any con-
tinuous time Markov process, for which a numerical scheme has been de-
rived. The basic idea is to calculate the unknown transition probability density
p(x/|xs) by successive approximations. Assume that s < 7) < 7; < Ty_1 < 1.
The transition probability density is then (due to the law of total probability
and the Markov property) given by

(% |x5) :/p(x,|xrl.)p(xri|xs)dxri.

This can be iterated N times, and the following expression is derived

p(xlxs) = ./p(x,|xTN)/.../p(xfl |xXs)dxz, ... dxg,.
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The N X dx dimensional integral (dy = dim(X(¢))) is easily calculated us-
ing Monte Carlo methods (e.g. Pedersen [1995]). An implementation of this
algorithm is actually quite easy as the numerical representation of the integral

plub) = [ plabee)plxch)ds

is given by
1

X p(x,|x’§)

M=

i (xilxs) =

k=1

where xX was generated from p(x;|x;), see Chapter 12 for numerical schemes.

However, the simple Monte Carlo approximation is usually too inaccurate to be
useful (e.g. Durham and Gallant [2002]), and variance reduction is regularly
applied. An efficient version was introduced in Durham and Gallant [2002],
and uses a combination of antithetic variables, moment matching and impor-
tance sampling (so-called Brownian bridge sampler, see Problem 8.9). Lind-
strom [2012a] improves that Brownian bridge sampler further by introducing a
regularization term that improves the performance for sparsely sampled mod-
els.

The simulation based estimators converge as 1/v/K regardless of dimen-
sion. This leads to relatively slow convergence in low dimensions but is very
competitive in higher dimensions.

13.5.1.1 Jump diffusions

Similar methods have been developed for jump diffusions and Lévy driven
SDEs (e.g. Hellquist et al. [2010], Lindstrom [2012b]). A computationally at-
tractive alternative to direct maximization of the likelihood function is to use
the EM algorithm (e.g. Sundberg [1974], Dempster et al. [1977]).

The EM algorithm finds the Maximum Likelihood estimate by iteratively
alternating between computing the Expectation of the intermediate quantity

0(6,6") =E [logpe(X,Y)|Y,6'] (13.23)

where X are some latent variable and Y the observations, and maximizing that
quantity
0,41 = argmax Q(6, 6,,). (13.24)

Computing the posterior distribution is similar to the simulated maximum
likelihood methods. Define Y as the observations (Y = Y;,,...,Y;,) and X =
(Xz,,..., Xz, ) as latent values of the process in between the observation (f; <
Ty < ... < 1Ty—1 < ty). The posterior is then given by

p(XTn ‘YtrNYtrH»l) o< p(YtrH»l |XTn)p(XTn |an) (1325)

It is therefore possible (this is very similar to what is done in the bootstrap
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filter, see Section 14.10) to use resampling of particles generated from the
naive dynamics to compute a sample from the posterior distribution (Lind-
strom [2012b]).

The intermediate quantity will typically be easy to maximize as the tran-
sition density for a short time interval is well approximate using even simple
discretization schemes (cf. Chapter 12), typically leading to a sum of loga-
rithms of Gaussian densities.

13.5.2  Numerical methods for the Fokker—Planck equation

The Fokker-Planck based estimators apply deterministic numerical schemes to
the Fokker-Planck equation, a parabolic partial differential equation governing
the evoluation of the transition probability density.

The Crank-Nicholson scheme was applied in Lo [1988] while Lindstrom
[2007] used higher order schemes as well. It is usually computationally effi-
cient to use higher order finite difference schemes. The Fokker-Planck equation
is typically solved by defining a grid in the domain of the process and approx-
imating the derivatives in the domain with central differences on the grid. This
reduces the partial differential equation

2
P () = - (s )plen)) + 4 2 (0(x)p(x.r)

to a system of linear differential equations

L=

A
5 p(t)+b

which has a closed form solution. It was shown in Lindstrom [2007] that
the rate of convergence of the Fokker-Planck based estimators is significantly
faster than, i.e., simulation based estimators, but it is known the rate deterio-
rates as the dimension increases.

The partial differential equation approach can also be used to compute mo-
ments or eigenfunctions, which could lead to substantial computational sav-
ings as fewer PDEs need to be solved numerically. These can be used to derive
GMM or Quasi-likelihood estimators (see Ho0k and Lindstrom [2014] for de-
tails).

13.5.3 Series expansion

The Ait-Sahilia estimator (Ait-Sahalia [2002, 2003]) derives a closed form
expression of the transition probability density. This is achieved by approxi-
mating the true transition probability density by a standard Gaussian random
variable and correcting for the deviations using Hermite polynomials (Hermite
polynomials are orthogonal polynomials associated to the standard Gaussian
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density). Unfortunately the correction only does converge if the true density is
similar to the standard Gaussian density.

The solution in Ait-Sahalia [2002] is to transform the process dX(r) =
Wx (X (r))dt + ox (X (z))dW (¢) to a new representation where the diffusion term
is independent of X (¢); cf. Section 13.4. This can be achieved by introducing

(1) u
ro=rxw)= [

Gx(u)

resulting in
_(x(y'(Y(r)) 1oy
0= () 29

The second step is to normalize Y (¢) by its approximative standard devia-
tion

(yl(Y(t)))> dt +dw(t).

Z() = w

The density for Z(¢) is then expanded in Hermite polynomials (orthogonal
polynomials with respect to the Gaussian density) as

pz(zlys) = ¢(2) (1 + i g (t = 5.y5: 9)H1(1)> :
=1

where the formula to calculate né/ =1 /(J!)Ez[H;(Z)] is given in Ait-Sahalia
[2003], H;(z) are Hermite polynomials and ¢(z) is the density of a standard
Gaussian random variable. The closed form expression for pz(z|ys) is then
used to calculate py (x|x,). It is not guaranteed that the Hermite expansion
will generate a pdf (i.e., a density that > for all function values and integrates
to one). Another approach is then to work with log densities (log p) rather than
densities (p) (Ait-Sahalia [2002]). That would eliminate the risk for negative
densities, but the approximation will still not integrate to one, unless infinitely
many terms are included in the expansion.

The estimator is very efficient from a computational point of view when
t — s is small. A multivariate version of the algorithm was presented in Ait-
Sahalia [2008], but the generalization is not as smooth as one could hope; the
expansion is only valid for so-called reducible diffusions, which excludes many
models in financial economics such as stochastic volatility models.

13.6 Generalized method of moments

The Generalized Method of Moments is a method attributable to Hansen [1982]
which can be used for estimating parameters in stochastic differential equa-
tions. Similar ideas (called estimation function) can be found in Bibby and
Sgrensen [1995]; see Sgrensen [2012] for a recent overview.
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For the GMM method no explicit assumption about the distribution of the
observations is made, but the method can include such assumptions. In fact, it
is possible to derive the ML estimator as a special case of the GMM estimator.

The standard version of the GMM method requires that all the state vari-
ables are observed directly. This is clearly a drawback of the method, since
it dramatically limits the complexity of the models which can be considered.
In the modeling of spot interest rates, this is a severe restriction, due to the
fact that the spot interest rate is not observed directly, but only implicitly via
the bond prices. Furthermore, the estimation does not take place directly in
the continuous-time model; the stochastic differential equations must be dis-
cretized (see Chapter 12), before using the GMM method, and the sampling
time must be constant. The best reference to discretization techniques so far
is Kloeden and Platen [1995] and Platen and Bruti-Liberati [2010]; see also
Chapter 12.

13.6.1 GMM and moment restrictions

We shall introduce the moment restrictions by first considering an example
which is of great interest in statistical finance.

Example 13.3 (GMM estimates of the CKLS model). Consider the following
stochastic differential equation

dr(t) = (0 +nr(t))dt +or(t)"dW (1) (13.26)

where W (t) is a standard Wiener process. This model, which is called the CKLS
model (Chan et al. [1992]), is often used to model the short term risk-less
interest rate. The structure of the CKLS model implies that the conditional
mean and variance of the short term rate depend on the level of r(t).

The observations are in general given in discrete time. Hence the model
(13.26) has to be formulated in discrete time before setting up any moment
restrictions which can be evaluated using the discrete time data.

In financial and economical applications the Euler approximation method
(see Chapter 12) is most often used to formulate the discrete time equivalent
of the continuous time model. Using the Euler approximation of model (13.26)
we obtain the following discrete time model

Tkt 1 :rk+(9+nrk)A+8k+1 (13.27)

where
E[8k+1 |Bk] =0 (1328)
E[e | 7] = o*ri'A (13.29)

and where % denotes the information set at time ty.
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Under the assumption that the restrictions implied by the model, i.e., by
(13.27), (13.28) and (13.29) are true, the following moment restrictions follow

Ele 1 —E[g.1 %] =0, (13.30)
E[e}, | —E[e} |#]] =0. (13.31)

The GMM procedure consists of replacing the expectation E[-] with its sample
counterpart, using the N observations available {r(k) ; k=1,--- /N}.

Now we are ready to formulate the GMM method more formally. Assume
that the observations are given as the following sequence of random vectors:

{X[;tzl,"',N}

and let 6 denote the unknown parameters (dim(6) = p).

Let f(x;,0) be a ¢ > p-dimensional zero mean function, which is chosen
as some moment restrictions implied by the discretized model of x;.

The GMM estimates are found by minimizing

! Nf 0 TW ! Nf e] 13.32
- (Ntzzl (Xta )) N<N,:Z{ (Xtv )> ( . )

where Wy € R7%7 is a positive semidefinite weight matrix, which defines a
metric subject to which the quadratic form has to be minimized. The key ob-
servation is that any remaining bias in the moment conditions (e.g., (13.30) or
(13.31)) is going to increase the Jy function.

Example 13.4 (GMM estimates of the CKLS model (cont.)). Consider
again the CKLS model given in Eq. (13.26), and the Euler approximative dis-
crete time equivalent model given by (13.28)—(13.29). The unknown parame-
tersare = (0,1,7,0)".

In order to use the GMM method we may use the moment restrictions given
by

&1 — Elei1|-F]
f(r,0) = (&1 —E[&r1|Fi]) e
b §13+1 [£k+1|</]
(e2.1 —Ele 1| 7]) e
Ert1
17k
_ X oy (13.33)
€1 — O A

2
(£k+l — GzrkYA)rk

Note that in the second and fourth equation the variable ry, is used as an
instrumental variable. Those equations are justified by the fact that ry is inde-
pendent of the entities (&1 — E[&x+1|Z]) and (€2, —E[e} |- F]).
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Some extensions of the GMM for diffusions include Simulated GMM of-
ten called Simulated Method of Moments (SMM) (McFadden [1989]). Monte
Carlo simulations can be used to compute arbitrarily accurate approximations
of moments, thereby eliminating the bias caused by the discretization scheme.
Solving PDEs is a computationally attractive alternative in many cases (H66k
and Lindstrom [2014]).

The characteristic function is known for a fairly large class of processes,
as presented in Section 7.5. These can be used to construct suitable moments
without having to use any discretization scheme (Singleton [2001] and Chacko
and Viceira [2003]). It can be useful to add many moment conditions (Carrasco
et al. [2007]), who showed that Maximum Likelihood efficiency is achieved
when a continuum of moments is employed in the estimation, although there
is a practical upper limit when employing the method on real data (for example,
the number of conditions has to be smaller than the number of observations).

Another approach suitable for diffusion (or Markov processes in general)
is to use eigenfunctions of the generator as moments (Kessler and Sgrensen
[1999]). The downside is that these can be tricky to compute, and other meth-
ods may be preferred (i.e., maximum likelihood methods) for simple models
where eigenfunctions are computable in closed form.

13.7 Model validation for discretely observed SDEs

Model validation for linear, discrete time models is a well known subject. Not
only do we know how to estimate the parameters in most models, but there is
also a large variety of suggestions on how we can validate the models.

Continuous-time models based on stochastic differential equations are
harder to validate except for linear models, where validation techniques devel-
oped for discrete time models can be applied. Instead, we are often restricted
to techniques telling us whether one model is better than another using e.g. LR
and Wald tests, which is based on general theory on likelihood functions, not
the models per se.

13.7.1 Generalized Gaussian residuals

Discrete time residuals are usually defined as standardized martingale incre-
ments, i.e.,
g — Xi — E[Xi| Fi1
(o2 (Xk|yk,1 )

where {& }x>0 is assumed to be a sequence of iid random variables. This def-
inition is only valid for discrete time models, and using this definition on data
generated by a diffusion process will not (in general) generate an iid sequence.

The difficulties encountered when working with validation of diffusion
processes can be attributed to the (unknown) transition probability density,
p(xg,8:%,t), implying that {& }x>0 is not an iid sequence.
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Let us, however, assume that we know (or can calculate) the transition
probability density. We could then transform all innovations to a sequence of
identically distributed random variables with a known distribution, making the
validation problem easier.

This is done by calculating the conditional distribution function for all pairs
of observation, Fx, x, , (x) =P(Xy <xi|Xx—1) = T, p(xy_ | te—13X, 1 )dx. Hav-
ing calculated the distribution function, we use the fact that the distribution
function applied to the stochastic variable is a uniformly distributed random
variable

Uk = FX’klxlk—l (X’k; 9)

It can also be shown that the sequence {Uy }x>0 is pairwise independent (e.g.
Lindstrom [2004, 2003]). Note that we have not assumed stationarity of the
process, i.e., time variations, non-linearities and non-equidistantly sampled
data are allowed. Stationarity will, however, often simplify the calculations of
the cumulative transition probability density. The sequence can be used to ob-
tain generalized Gaussian residuals by transforming the sequence once more:

Y= ().

The sequence {¥; }x>o will inherit the nice properties of {Uj }r>o but the Gaus-
sian residuals offer many advantages to uniform residuals. Most important is
the property that uncorrelated Gaussian random variables are independent ran-
dom variables, but it may also be argued that there are other advantages of
using Gaussian residuals for validation (e.g. distributional tests and outlier de-
tection).

The Gaussian residuals may be difficult to calculate as the inversion of the
standard Gaussian distribution function is numerically sensitive. It is thus im-
portant that the transition probability density can be calculated accurately for
all pairs of observations. It is recommended to approach this problem by solv-
ing the Fokker-Planck equation (see Section 13.5.2) numerically to calculate
the transition probability density. Simulation could also be used but importance
sampling would be needed to preserve the accuracy in the tails.

13.7.1.1 Case study

The first set of data used is simulated data from the Cox—Ingersoll-Ross model
(Cox et al. [1985]). The model is widely used in the finance community as a
model for short interest rates, but it has also been used as a model for volatility.
The model is specified by the stochastic differential equation

dX, = a(B — X (£))dt + o/X (1)dW (7).

The data were simulated using a Milstein scheme using equidistant observa-
tions. The distance between the observations is Af = 1 and the parameters used
were chosen as o = 0.17, B = 0.05 and o = 0.07. The simulation produced
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Figure 13.3: Simulated Cox—Ingersoll-Ross process (left) and corresponding
normal probability plot.

500 observations, where 100 intermediate steps between each observation have
been simulated to decrease the bias (Figure 13.3).

The sample autocorrelation and QQ plot for the generalized Gaussian
residuals are presented in Figure 13.4. These are uncorrelated and Gaussian
(and thus independent) which is not surprising since the data were simulated
using the correct model.

The benchmark for stocks is the geometric Brownian motion, dS(z) =
uS(t)dr + oS(t)dW (¢). Let Ay = 1y — t;_; be the sampling interval and let
AW, =W, =W, ,i=(u— 672 /2). The solution to the stochastic differen-
tial equation is given by S, = S, ,e#* AW We obtain Uy by applying the
distribution function. The conditional distribution of S;, is given by

DAL+0AW, < S ) log (sk/Stk—l) B ﬂAk
1€ _Sk| fk—]) G\/Kk .

By applying the inverse of the distribution function of the standard Gaus-
sian random variable, we find that

P(S,

k

. log (Sk/stkfl) - [:lAk
oAy ’
The generalized Gaussian residuals are consistent with the ordinary stan-

dardized residuals (for linear diffusions) but the technique is also able to han-
dle non-linear models. We have calculated the generalized Gaussian residuals

Y =@ ' (Uy)
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Normal Probability Plot

0 100 200 300 400 500 -2 0 2

Figure 13.4: Sample autocorrelation and QQ plot for the generalized Gaussian
residuals computed for the Cox—Ingersoll-Ross process.
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Figure 13.5: Generalized Gaussian residuals (left) and QQ plot (right) for con-
tinuously compounded returns on the S & P 500.

for the S & P 500 using weekly data from 1983-2002. The residuals are pre-
sented in Figure 13.5. It can be seen that the residuals are non-Gaussian and
heteroscedastic, reaffirming the well-known fact that the S & P 500 is not gen-
erated by a geometric Brownian motion.

13.8 Problems

Problem 13.1

Consider the stochastic variable X € N(u, c?).

1. Specify two moment conditions that can be used for estimating the param-
eters u and o2,

2. Specify an additional moment condition.
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3. Simulate 100 observations of X. Estimate the parameters and their covari-
ances based on these observations using the two moment conditions. Estimate
the parameters and their covariances based on these observations using the
three moment conditions. Comment on the results.

Problem 13.2 Consider the GARCH model (5.67) for p=1and g =1, i.e.,
the GARCH(1,1) model.
1. Write down suitable moment conditions for estimating the parameters.
Ilustrate the choice of moment conditions!

Hint: Use (5.69).

Problem 13.3 Consider the CKLS model
dX(r) = k(0 —X(¢))dt + o X (1)"dW ().

1. Calculate the simple estimation functions obtained from choosing h(x) =
2 .3 4

X, x°,x°, x*.

2. Do an Euler approximation of the CKLS model with timestep A. Use this to

derive suitable moment conditions for a GMM estimation of the parameters.






Chapter 14

Inference in partially observed processes

14.1 Introduction

This section concentrates on filtering (state estimation) and prediction theory
related to state space models. There are several reasons for considering state
space models. The primary reason is probably that the process described by
the system equation of the state space model is a (first-order) Markov process
(assuming that the It0 interpretation is used). Furthermore, the state space for-
mulation contains a measurement equation which allows for a rather flexible
structure of the observations (aggregation of the state variables, missing mea-
surements, etc.).

More specifically we shall assume that the system is described by the conti-
nuous-discrete state space model, which will be introduced in the next section.
The evolution of the state vector of the model will be described by a vector
Itd stochastic differential equation, which is the system equation of the state
space model. The observations are taken at discrete time instants, and the mea-
surement equation of the state space model describes how the observations are
obtained as a function of the states plus some measurement noise.

In many references on filtering for SDE (as for instance @ksendal [2010]) a
continuous-continuous time setup is used. The continuous-discrete-time setup
is, however, the most relevant setup in practice, since the changes of the sys-
tem most often take place in continuous time, whereas the observations are
obtained at discrete time instants.

Assume that we want to estimate the state of the system at time ¢ based
on measurements until time #;. Then this chapter describes some estimation
methods which might be useful:

e State interpolation (¢ < 1)
e State filtering (estimation) (r = 1)
e State prediction (¢ > fy)

In particular the methods are needed for estimating parameters in the stochastic
differential equations.

283
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14.2 Model

In the most general case we shall assume that the system equation is the vector
1to stochastic differential equation

dX(r) = u(X(),0(¢),1)dt + o (X(2),1)dW(t) (14.1)

with {W(¢)} being a vector Wiener process with incremental covariance Q(t),
and U(¢) some input vector valued function. The observations y; are taken at
discrete time instants, #, as described by the measurement equation:

Vi = h(xg,ug, 0,1) + e (14.2)

where {e;} is a vector Gaussian white noise process independent of W(z), for
all t,k, and e, ~ N(0,Sy). (The super- or subscript k is a shorthand notation for
t.)

However, occasionally a scalar version of the above model will be con-
sidered. From the deterministic settings it is well known that a solution to a
differential equation dX(¢)/dr = p(¢,X(¢)) with initial condition X(0) exists
and p(¢,X(t)) is unique if p(X(¢),) satisfies the Lipschitz conditions in X(¢),
and is bounded with respect to ¢ for every X(¢). Similar conditions are relevant
for the SDE in Equation (14.1).

Condition 14.1 (Lipschitz and growth conditions). Suppose the real functions
U and 6, and initial condition X(0), satisfy the following conditions. The func-
tions L and o satisfy the uniform Lipschitz conditions in X :

||,U,(X2,t) —,U(Xl,t)H S KHX2 _X1||a
[o(x2,1) — o (x1,0)[| < K[x2 — x|

The functions U and © satisfy Lipschitz conditions int on [ty,T] :

u(x,0) — u(x,n)| < Klea —11],
o(x,n2) —o(x,11)|| < K|ta —11].

Furthermore, assume that the drift and diffusion term satisfies
10|+ llo(x,0)* < K(1+x]?). (14.3)

The initial condition X(0) is a random variable with E[||X(0)|*] < oo, in-
dependent of {W(t),t € [to,T]}.

If condition 14.1 is satisfied then {X(¢)} is a Markov process, and, in
the mean square sense, is uniquely determined by the initial condition X(0)
(Jazwinski [1970], @ksendal [2010]).

The Lipschitz condition in x guarantees that the equation has a unique so-
lution, while the Lipschitz condition in # guarantees that the solution does not
explode, i.e., it is a restriction on the growth of the functions. The latter is
illustrated in the following example.



EXACT FILTERING 285

Example 14.1 (Growth restriction on (). Consider the deterministic differen-
tial equation

dx
T(tt ) e (14.4)
The general solution is
1
= 14.5
X0 = =, (14.5)

where C is an arbitrary constant. For the initial condition xo = 1 the solution
is

1

which is defined only for 0 <t < 1.
Given this initial condition no solutions exists for t > 1, and we see that
the solution explodes fort 1 1.

14.3 Exact filtering

In the general case exact filtering requires that the whole distribution is used.

14.3.1 Prediction

We start by analysing the Scalar case to build some intuition, before proceeding
to the multivariate case.

14.3.1.1 Scalar case

Let us first consider the scalar SDE
dX () = u(X(2),t)dt + o (X (¢),2)dW (z). (14.7)

From a previous chapter it is well known that (given the It interpretation,
which will be adapted in the following) X (r) is a Markov process. Being
Markov, the process is then characterized by the density p(x,¢) and the tran-
sition probability p(x(t)|x(s)) (s < t), and the key issue is to find out how
this transition probability propagates in time. Note that we use the shorthand
notation p(x(¢)|x(s)) instead of the more correct notation p(x(¢),z|x(s),s).

Let us consider the process at times s < ¢ < ¢ + 0t. For a Markov process
we have the Chapman—Kolmogorov equation

oo

PG+ 801l = [ p(ale+ 8l) p GO0 (148)

—o0

where it is used that p (x(r + 8¢)|x(¢),x(s)) = p (x(¢ + 8t)|x(¢)) because of the
Markov property.
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Using the Chapman—Kolmogorov in a Taylor expansion of p(x(¢)|x(7) (see
Maybeck [1982a] p. 192—-196) we get the Fokker—Planck equation (F-P) (or the
forward Kolmogorov equation)

Ip(x(1)x(z)) _ dp(x(r)lx())m(x,1) +192P(X(f)|x(7))02(x,l)
ot ox 2 ox?

for the Scalar case (14.7).

Example 14.2 (Einstein’s 1905 paper on Brownian motion). As an example
of the F-P equation and its solution we might consider the 1905 paper of Ein-
stein where he treated the Brownian motion. Take L = 0 and 6 = 2D in Equa-
tion 14.7. Then Einstein proved that the density p conditioned on a known
initial state xy satisfies

Ip(D|x(z)) _ *p(x(t)lx(z)) (14.10)

ot o0x?

This is the heat diffusion equation with diffusion coefficient D. Notice that this
equation is a special case of the F-P Equation 14.9.
It is well known and easy to check that the solution is

1 2
= 55 P (- 2)22(3)) (14.11)

which is the Gaussian density with mean zero and variance 2Dt.

(14.9)

p(x(1)[x(0) = 0)

14.3.1.2 General case

For the general state space model (14.1)—(14.2) the evolution of the proba-
bility density p(X(#)|.-Z¢), t € [tk tk+1] is described by Kolmogorov’s forward
equation or the Fokker—Planck (F-P) equation:

dp(x(1)|.#(0) = L(p) dt (14.12)
where o e .
_ n ',ui 1 n &

L(-)= l; ox; +2wz::1 oxix; (14.13)

is the forward diffusion operator (Jazwinski [1970], Maybeck [1982b]). This is
the evolution between observations. The initial condition, at t, is p(x|.Z (0)).
We assume this density exists and is once continuously differentiable with re-
spect to ¢ and twice with respect to x.

Example 14.3 (The F-P equation used on a linear system). Consider the linear
system
dX(t) = A()X(¢)dt + 0, dW(¢) (14.14)

where W(t) is a Wiener process with incremental covariance Q(t).
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If we assume that the initial density is Gaussian, then the density for X(t)
will be Gaussian. Hence also the conditional densities will be Gaussian. The
Fokker—Planck equation gives the following equation for the conditional den-
sity

ap apt 1 2%p
— = —ptr(A(t)) — = A@)x+=tr( 0Qo’ == |. 14.15
L pu(A() - 52 AWx+5u(0QeT S (14.15)

Since it is known that the solution is the Gaussian density, the (conditional)

characteristic function for the solution can be written as

00

o(u,r) = / exp(iu’ x)p(x)dx (14.16)

1
= exp(iu/m, — EuTP,u) (14.17)

where m; and P; are the conditional mean and covariance, respectively.

Using a similar Fourier transformation of the Fokker—Planck equations
and comparing the terms with the terms in (14.16) we get (after some calcula-
tions — see McGarty [1974]):

dm(t)
= AWmG@), (14.18)
%Y) = ANPH)+POAMN) +0(nQ(N)c®).  (14.19)

This gives the exact solution for linear systems driven by a Wiener process,
but for non-linear systems it is not sufficient to consider only the conditional
mean and covariance. However, some approximative solutions involving only
the first and second moment will be considered in some subsequent sections.

14.3.2 Updating

Now, we also assume that the observation mapping h, given in (14.2), is con-
tinuous in x and in ¢, and bounded for each #; with probability 1.

An integrating of the Kolmogorov’s equation yields p(xx;1|-Z (f)). When
anew measurement is available at 7, |, the distribution can be updated through
Bayes’ rule yielding p(xj41|% (tx+1)). This is used in turn as the new initial
condition for Kolmogorov’s equation.

The updating equation is therefore

N P(Yi|Xk) p(X|-F (tk-1))
Pl Z () = T dE)P(EIZ (5)) G

Note that the denominator is simply p(y|-% (t—1)). Conceptually, we now
have the analytical tool to solve the state filtering problem, but in practice the
tool is in general not feasible. Therefore some approximations or truncated
expansions are often used. One possibility is to concentrate on only the first
moments of the entire distribution. This will be considered in the next section.

(14.20)
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14.4 Conditional moment estimators

What we have achieved so far is that by defining a suitable integral (It0 inte-
gral), we presented a solution to the transition (prediction) distribution of the
state (Kolmogorov’s equation). Then we used the observation equation and the
Bayes’ rule to update the distribution after each measurement. Thus, we have
the whole posterior probability distribution of the state. We often like to reduce
the distribution to some numbers that are much easier to work with.

A very common approach is to look only upon the first and second mo-
ments of the posterior distribution. In fact, it can be shown that choosing the
posterior mean of the state as an estimate for the value of the state, we have
minimized a Bayesian risk. More precisely, we have the following theorem:
Theorem 14.1 (Optimal state estimation). The estimate that minimizes
E[(X(t) —%,)TW(X(t) — %)), is the conditional mean. Here W is some positive
definite weight matrix and X, a functional on F (t.) fort > 1.

Proof. See Jazwinski [1970]. O]

14.4.1 Prediction and updating

Let EX[] denote the conditional mean of [-] given .Z (#;). Also, let %, and
P, i denote the conditional first and second (central) moments given . (),
respectively.

The time propagation (prediction) and the update of the conditional mean
and covariance are described by the following theorem:

Theorem 14.2 (Conditional moment estimators). Assume the conditions re-
quired for the derivation of the conditional density in (14.12) and (14.20).
Prediction: Between observations, the conditional mean and covariance

satisfy

d’A‘t|k ~
o - RX(@)r) (14.21)
dP — —_— —
d—;"‘ = xuT —&pf” +px — 3] +0QoT  (14.22)
fort € [ty tyy1], where [/\] =E[|Z (%)), i.e., the conditional mean with respect

to F (t).
Updating: When a new observation arrives at t;, we have
% = E [xip(yi %) |7 ()]
| E [p(vilx)) -7 ()]
E [xix] p(yi|xi) |7 (1)) T
P = — R X (14.24)
o Elp(vidxol Z ()]

Predictions X, and Py, with t > ti, based on Fy, also satisfy (14.21) and
(14.22).

(14.23)
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Proof. 1s found, e.g., in Maybeck [1982b]. O

The theorem provides the complete solution to the state filtering problem,
but an evaluation of the conditional expectations requires knowledge of the
entire conditional density. In order to obtain a computationally realizable filter,
some approximations must be made. First, we restrict our attention to a special,
though at the same time, very important class of models, namely, linear models.

14.5 Kalman filter

The exact solution of the state filtering problem for linear dynamic models,
i.e., models described by stochastic differential equations of the form

dX(r) = A(U(@#),n)X(r)dt+B(U(¢),r)dr + o (r) dW(¢)
Yo = Clug,ti)x,+D(ug, ) ug+ ey

where W(¢) is a Wiener process with incremental covariance Q(z), and ey is
the Gaussian white noise, given by the Kalman Filter.

Theorem 14.3 (Continuous-discrete Kalman filter). The Kalman filter (KF)
consists of recursive equations for updating and prediction. In the following
the dependencies of time and external input of the matrices in the Kalman
filter equations have been suppressed for convenience.

The formulas for predicting the mean and covariance of the state-vector
and observations are given by,

df‘t\k 5
7 = AX,‘k—l—But, (1425)
Py T T

ar APt|k +Pl|kA +0Qo’, te [tkatk—H [ (14.26)

The initial conditions are Xy o = Ho and Pyjg = V.
Having the moments for predicting the state vector, the mean and covari-
ance of the next observation are readily found:
Yerie = CReppp+Dugyy, (14.27)
Rip = CPpyC"+8. (14.28)

The formulas for updating the mean and the covariance are given by the
following equations:

Ke = K1 +Ke(ye —Juge-1), (14.29)
Py = Pruor —KiRyy K, (14.30)
Ky = Pk\k—ICTR/:Ul,l- (14.31)

Proof. See e.g., Maybeck [1982b]. O
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14.6 Approximate filters

The derivation of the standard Kalman filter is done under the assumption of
linearity and Gaussian distributions. However, it can be shown using Hilbert
space formalism, (Appendix A) that these predictions and updates are the op-
timal linear updates, even when the distributions are non-Gaussian.

14.6.1 Truncated second order filter

Let us for simplicity first consider the scalar SDE
dX(¢) = u(X(r),t)dt + o(X(¢),1)dW (z). (14.32)
Furthermore, let ¢(-) be some function of x(r). It is well known that
E[o(X)] = J=. ¢(x)p(x,7)dx. Hence

Sep)] = [ o2

00 o 2
o Zpma+ 1 [ o002 (o

do(x 9?
= B0+ SE T2 2 x(0),1) (143
where the first equality follows from the F-P equatlons for (14.32), whereas
the second one follows by using partial integration.

Equation (14.33) is fundamental for finding the truncated second order fil-
ter. Choosing ¢ (x) = x, then (14.33) implies that m(¢t) = E[X(¢)] and

) Bl (x(0).0)) ~ (0.1 (14.34)

which describes the time propagation of the conditional mean, or the condi-

tional first moment when the process X (¢) and the conditional mean m(t) are

similar. Note that the time propagation depends on the entire distribution for x.
Now, by taking ¢ (x) = x* and again using (14.33) we get

d
aE[xz] (t) = E2X ()u(X (),1)] + E[c* (X (1),1)]. (14.35)
A first-order approximation of this expression is given by

d au(my,t
SELI(0) ~ 2m(e)(m(e). 1) +2, 2201

Since d(m?) = 2m, d’zt(') dt = 2m(t)u(m(t),t)dt we finally get the predic-
tion equation for the conditional variance

b B (X (1).0)] — mp(m(e).0) + E[G*(X(1),1)]  (1437)

dr
a‘u (ml ) )
ox

where the second line is the first-order linearized dynamics.

(14.36)

~ 2P, + 0% (my,1) (14.38)
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These equations for the conditional (on % (1)) mean and variance are valid
for times ¢ > f;. These prediction equations are generalized to the vector case
in (14.21)—-(14.22).

The prediction equations of the truncated second order filter are now ob-
tained by approximating the various expectations above by using a Taylor se-
ries representation, truncating to second order and taking conditional expecta-
tions for the resulting terms:

dm, _ 1 azu(mt;t)

T ,u(m,,t)JrEP,T (14.39)
dPI _ a”(mlat)

T = S (14.40)

2

%) ? %)
+ (cﬂ(m,,t) +P (axc(m,,t)> +P,G(m,,t)8x20(m,,t)>
which clearly is a system of non-linear differential equations.

14.6.2 Linearized Kalman filter

In the general non-linear case, a very common approach is based on lin-
earization of the functions around a nominal trajectory. Thus, we can use the
Kalman filter derived for the linear model. The matrices are calculated by
A(W(),0,t) = 8[,L/8xfx:x*, B(W(t),0,t) = 8,1,1/8u|x etc., where x* is
some reference signal.

There are different ways to calculate the reference trajectory. One way is
integrating the state equation after setting the noise equal to zero. This method,
called the linearized Kalman filter, will only converge if the noise levels are
sufficiently small.

—x*

14.6.3 Extended Kalman filter

Consider now the slightly simplified, vector-valued, non-linear state space
model

dX(¢) = u(X(z),t)dt + o ()dW(r) (14.41)

with {W(z)} being a Wiener process with incremental covariance Q(z). The
observations y; are taken at discrete time instants, f,

Vi = h(xg, 1) +e (14.42)

where {e;} is a Gaussian white noise process independent of W(¢), for all 7,k
and € ~ N(O, Sk)
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Compared to the state space model (14.1)—(14.2) the simplification is
mainly obtained by assuming that the diffusion term is independent of the state
vector.

The extended Kalman filter (EKF) is a better choice for the linearization
trajectory. The EKF uses the current estimate of the state in the linearization
and applies then a Kalman filter to the resulting linearized model.

Theorem 14.4 (Continuous-discrete extended Kalman filter). For the
continuous-discrete state space model (14.41)—(14.41) the (linearized) predic-
tion equations are

dmy

dl - :u(mtat)v (1443)
dp
d;"‘ = F(m,r)P +PyF (m,1)+0Qo”,  (14.44)
F(m,1) = %‘; , (14.45)
x=my;

fort > ty. Remember that m; = X, denotes the conditional mean.
The update at time ty is given by

K¢ = Py Hf [HPy Hf +8]7, (14.46)

e = Ko +Kie(ye—h), (14.47)

Pue = P — KiHilPypp, (14.48)
Jh

H = — (14.49)
Ix X=Ryp|

The conditional expectations are calculated as if X, were Gaussian with mean
Xy k-1 and covariance Py .

Proof. See Jazwinski [1970]. It is seen that, e.g., the prediction equations are
obtained as a simplification of the truncated second order filter. O

Performance improvement for the extended Kalman filter may be obtained
by local iterations (over a single sample period) on nominal trajectory redefi-
nition and subsequent re-linearization.

The algorithm called the iterated extended Kalman filter (IEKF) is obtained
by iterating the equations for the measurement update, where we replace Equa-
tion (14.29) with the following iterator

Ni = Xepe—1 + Ke (Yo —h(Mim1,1) — C Repe—1 — Mi-1)) (14.50)

with C = (dh/Jx) ‘x ; and Ky = Ki(n;_1), iterated fori = 1, |, starting

=MNi—
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Extended Kalman

filter subsampling

Discrete time

observations

Continuous-time

evolution of states

Figure 14.1: The continuous-time and discrete time scales considered for the
iterated extended Kalman filter.

with 1o = X1, and terminating with the result X, = ;. The algorithm is
illustrated on Figure 14.1. Linearizing often leads to significant improvements
when the observations are informative; cf. Lindstrom et al. [2008].

14.6.4  Statistically linearized filter

In this approach, we approximate ((X(z),¢) by a linear approximation of the
form

w(X(),t) = uo(t) +F()X(t) + & (14.51)
which has the minimum mean square error
J=E[g] We |7 _1] (14.52)

for all t € [tx_1,t[, where W is a positive definite weight matrix. Calculating
the partial derivatives of (14.52), with respect to uo(¢) and F(¢) and setting
them to zero, we get by using the notation of Theorem 14.2

po(t) = A-F@)% (14.53)
F(r) = (uX@)"-p%/)P,/ (14.54)

—

where uX(z)T notation indicated that the quantity is an approximation of
E[u(X(r),1)X(r)"], with P, being the conditional covariance of X(r).
Similarly for the measurement equation:

h(xy, 7)) = ho () +H(t) x¢ (14.55)
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with the coefficients statistically optimized to get

ho(te) = h—H(t) % (14.56)
H(n) = (hx] —h&_ )Py, . (14.57)

The issue now is the computation of ft, h, F(¢) and H(z;). They all depend
upon the conditional probability density function of x, which in general is not
available. We therefore assume that the density is Gaussian.

We obtain the statistically linearized filter, with the following equations
for the time propagation

B _ g 14.58
& B (X k) (14.58)
dP; T T

ar = F(Z)Pt‘k+P,‘kF ([) +0Qo, 1€ [tk7[k+1[ (14.59)

with F(¢) given by (14.54), and the conditional expectations involved calcu-
lated under the assumption that x; is Gaussian with mean X,; and covariance
P;|;. The measurement update at time 7 is given by

Ke = P H (1) [H() Py H (1) +8]' (14.60)
R = Rpor +Kelyx —h) (14.61)
P = Py — KeH () Py (14.62)

The conditional expectations are calculated as if x; were Gaussian with mean
Xy(x—1 and covariance Py ;1. The equations for the gain and covariance are the
same as those for the EKF, with the changes F(r) replacing (9t /0x)| and

X=X,
H(;) replacing (dh/9x)|

X=Rp—1’

14.6.5 Non-linear models

Let us first introduce the most general class of models which will be consid-
ered, namely the non-linear models where the system equation is the Itd equa-
tion

dX(r) = u(X(r),0(¢),0,1)dr + G(U(¢), 0,1)dW(t), (14.63)

where the state vector x is d-dimensional. The r-dimensional input u is as-
sumed to be known. The functions y and G are continuous and given up to the
unknown parameter 8 € ® C R”, and W, is a standard Wiener process. The
solution X(#) of the Itd equation is a Markov process. The initial state X(0) is
assumed to be Gaussian with mean mg and covariance Py.

The observations are taken at discrete time instants, #;, as described by the
measurement equation

Yi = h(xp, ug, 0,1) + e (14.64)
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where y is m-dimensional and e is a Gaussian white noise process independent
of w, and e; ~ N,;,(0,S,(6)). (The super- or subscript k is a shorthand notation
for #;.)

Note that the state dependence of the ¢ matrix is discarded, which makes
the state filtering much simpler than described in Section 14.3. Furthermore,
it will be shown that if the actual system contains a state dependent diffusion
term, then a transformation approach might be used to transform the equations
into an equivalent state space model where the diffusion term is independent
of the state. It is equivalent in the sense that it contains the same parameters
and relates the same input and output.

14.6.6  Linear time-varying models

If the model is linear in the state variable, then a considerable simplification is
obtained in the estimation procedure. Hence, consider the linear time-varying
stochastic differential equation

dX(r) = A(U(r),0,1)X(r)dr + B(U(¢),0,t) U(t) dr + o (U(r), 0,1) dW().
(14.65)
The measurement equation is

Vi = C(uy, 0,1) x; + D (uy, 6,1 ) uy + €. (14.66)

The specifications of the noise terms are the same as for the non-linear models
in the previous section.

There are different approaches leading to the model (14.65)—-(14.66). The
model may be formulated directly in this form. Alternatively the model may
typically be formulated as a linear model, only with coefficients varying
according to some known external signal. Yet another approach leading to
this class of models is a linearization of the general Ito differential equation
around some reference signal x*. In this case the matrices are calculated by
A(W(t),0,t) = 8/.1/8x|x:x*, B(W(¢),0,1) = 8/.1,/8u| . etC.

X=Xx"

14.6.7 Linear time-invariant models

A further simplification is obtained if the model is linear and time-invariant.
Hence, the system equation is

dX(r) =A(0)X(r)dr +B(0)U(¢t)dt + o (0)dW(¢) (14.67)
and the measurement equation is
Yk :C(G)XkJrD(Q)llk +ey. (14.68)

Note that the matrices in (14.67)—(14.68) are now constant, and thus indepen-
dent of r and W(¢).
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14.6.8 Case: Affine term structure models

The price of a zero-coupon bond valued in the affine term structure framework,
(Section 10.4.2), is given by an exponentially affine function of latent variables
such as the infinitesimal interest rate r(¢), stochastic volatility v(z), etc.

p(t,T)=exp(A(t,T)+B(t,T)r(t)+C(t,T)v(r)). (14.69)

This form makes it easy to estimate the latent factors within the Kalman filter
framework by defining the measurement equation using log prices

i =logpp(t,T) =A(¢,T)+B(t,T)r(t) +C(t, T)v(t) + ek (14.70)

while the latent processes are given by diffusion models for the short term
interest rate and stochastic volatilty.

14.7 State filtering and prediction

In order to estimate the embedded parameters of the various continuous-
discrete time state space models introduced in the previous section, we need
the one-step prediction errors of the measurements and the associated covari-
ance.

The one-step prediction error or innovation is

&(0) = ye— V1 (14.71)
Vi1 = h(Rypor,u 0,1) (14.72)

where the predictor, g(#, 0,y*~!,u") is a function of old outputs, the parame-
ters and the inputs. In the following the input sequence u” is skipped for con-
venience, but since we are considering off-line methods the inputs are assumed
to be known.

The issue now is to formulate the predictor corresponding to the various
models. For the Gaussian maximum likelihood method, which will be consid-
ered in subsequent sections, we also need the covariance of the predictions, for
evaluation of the likelihood function. For non-Gaussian maximum likelihood
methods higher order moments or even the whole distribution p(yx|-%i—1,0)
is needed.

To solve these problems, we must establish the conditional density for x;
conditioned on the measurements p(x,|.-Z) up to and including time #. If this
objective can be accomplished, then various estimators can be defined, optimal
with respect to some specified criterion, such as the conditional mean or the
conditional mode.

Gaussian maximum likelihood methods will be used for parameter esti-
mation. For linear models the Gaussianity follows directly from the Wiener
and Gaussian noise assumption, whereas for non-linear models the Gaussian
method is an approximation.
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As indicated in Eq. (14.72) a prediction of the state vector is needed in
order to predict the output. For the different state space models this prediction
is provided by either an ordinary or an extended Kalman filter. Let us first
consider the ordinary Kalman filter, which can be used for linear models.

14.7.1 Linear models
14.7.1.1 Linear time-varying models

It is known from Section 14.5 that for linear models the ordinary Kalman filter
provides an exact solution of the filtering problem. Hence, for the linear models
(14.65)—(14.66) and (14.67)—(14.68), the updating formulas are

X = Xpp—1 T Ki& (14.73)
Py = Pk\kfl*KkRk\kflK]{ (14.74)
K, = Pk‘k,lcTR,;‘,Ll (14.75)

and the prediction formulas for the conditional mean and covariance of the
state vector are

d’A‘t|k 5
T = Axtlk +But te [tk7tk+] [, (1476)
dPy T T

ar API‘]{'FP,V(A +00" te [tkatk+1[- 14.77)

Then the one-step prediction of y and the associated covariance are finally
obtained

Viriek = CXppp+Dugyy, (14.78)
Rep = CPpyCT+S. (14.79)
The dependencies of time and external input of the matrices in the Kalman
filter equations have been suppressed for convenience. This implementation

of the Kalman filter thus involves the solution of a set of ordinary differential
equations between each sampling instant.

14.7.1.2 Linear time-invariant models

If the matrices in the system equation, i.e., A, B and o, are time invariant, then
it is possible to find an explicit solution for (14.25) and (14.26), by integrating
the equations over the time interval [f;,#; [ and assuming that u, = u; in this
interval, thus obtaining

ﬁk+l\k = d)f(k|k+1“uk (14.80)
P = PPy +A (14.81)
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where the matrices @, I" and A are calculated as

D(1) = AT (14.82)
[(t)= / A Bds (14.83)
/<I> ool ®(s)ds (14.84)

and T = ;4| —t; is the sampling time. This implementation of the Kalman
filter thus involves the calculation of the exponential of a matrix. In the time
invariant case this is done only once for each set of parameters.

14.7.2  The system equation in discrete time

Let us first consider the linear and time invariant case.

Assuming that the sample interval is [tg,#; 4+ T[= [tx,fx+1] the discrete time
model corresponding to the continuous-time model (14.67) is in the same way
given as

Tkt Tkt1
X1 = ATx + AUHT)By(s5)ds + AUFTTAW(s).  (14.85)
7% 1y

Under the assumption that W(¢) is constant in the sample interval the sam-
pled version can be written as the following discrete time model in state space
form

X1 = O ()X +T(7)up + vi(7) (14.86)
where
o(t) = A7, I(1)= /TeAS‘Bds, (14.87)
0
-
vi(t) = / AT gw (). (14.88)
Ik

On the assumption that W is a Wiener process, v (7) becomes Gaussian
distributed white noise with zero mean and covariance

R (1) = E [vi(7) / 0(s)RSH(5)Tds (14.89)

where R{ is the incremental covariance of the Brownian motion; cf. the
Ito isometry. If the sampling time is constant (equally spaced observations),
the stochastic difference equation can be written

X1 = Ox; +Tug 4 vy (14.90)

where the time scale now is transformed such that the sampling time becomes
equal to one time unit.



STATE FILTERING AND PREDICTION 299

If the time dependence is slow compared to the dominating eigenvalues of
the system, this implementation of the Kalman filter may also be used for time
varying systems, by evaluating (14.88) for each sampling instant, assuming
that A, B and ¢ are constant within a sampling time. This solution requires less
computations and is more robust than integrating (14.25) and (14.26) (Moler
and van Loan [1978], van Loan [1978]).

14.7.3  Non-linear models

Let us now consider the non-linear model defined by (14.63)—(14.64). In this
case the extended Kalman filter is used as a first-order approximative filter.
Being linearized about &, the state and covariance propagation equations have
structures similar to the Kalman filter propagation equations for linear systems.
Hence, we are able to reuse the numerical stable routines implemented for the
Kalman filter.

The necessary modifications of the equations in the previous section are
the following. The matrix C is the linearization of the measurement equation,

o oh
C(Rep—1,, 0,1) = == , (14.91)
X=8p k-1
and A is the linearization of the system equation,
N u
AR(),U(1),0,1) = 5—| (14.92)
ox =t

and @ is the discrete system matrix calculated as a transformation of A, (Equa-
tion (14.88)). The prediction of the output, Eq. (14.78), is replaced by

Ve 1k = DRy 1) Wer1, 0, 141)- (14.93)

The formulas for prediction of mean and covariance of the state-vector are
normally given by

df\(z|k s

T - I.L(thk,U(t),e,t) (1494)
dPt|k N T /s

o AR, U(1),0,0) P+ P A7 (R, U2), 0, 1)

+0(8,1)07(6,1) (14.95)

where A is given by (14.92) and ¢ € [t;,#;+1]. In order to make the integra-
tion of (14.94) and (14.95) computationally feasible and numerically stable for
stiff systems, the time interval [f,#;. 1| is subsampled and the equations are
linearized about the state estimate at the given subsampling time. For the state
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propagation the equation becomes
dx N PN
5 = RE) AR %}

= A(ﬁj)ﬁt +{[J(ﬁ]) —A()’Zj) ﬁj} ,te [tjvtj-H[ (14.96)

where [fj,7j41] is one of the subintervals of the sampling interval [f,# [, and
we assume that the sampling interval has been divided in ng subintervals. In
these derivations only the state dependency is given for simplicity. Equation
(14.96) is a linear ordinary differential equation which has the exact solution

o1 = &+ (AN -DAR) &) (14.97)
= R+ (D(%) —D(AR) ' u(x))) (14.98)

where T, =41 —t; = T/n,, and 7 is the sampling time. Correspondingly the
equation for the state covariance becomes

P = (%,)P;0, (%) + AR, (14.99)

which is similar to (14.81). The algorithm to solve (14.94) and (14.95) uses )A(k‘k

and f’k‘k as starting values for (14.98) and (14.99) and then performs n; itera-
tions of (14.98) and (14.99) simultaneously. This algorithm has the advantage
of being numerically stable for stiff systems and still computationally efficient,
since the fast and stable routines of the linear Kalman filter can be used.

14.8 Unscented Kalman Filter

The approximations in Section 14.6 can sometimes be a bit crude, and/or can
be complicated to compute in practice. Specifically, the covariances can be
poorly approximated, and may even become negative definite under certain
circumstances which would lead to a diverging filter.

An alternative is to use the unscented Kalman filter (UKF) which computes
second order (third if the density is Gaussian (Julier and Uhlmann [1997],
Julier et al. [2000])) accurate approximation of the first and second central
moments; see also Ngrgaard et al. [2000] for a related idea called central dif-
ference Kalman filter.

The idea is to approximate the joint distribution of two random vectors X
and Y when

X eN(m,P) (14.100)
Y =g(X) (14.101)
where g : R” — R™ is some non-linear function. This can of course be com-

puted using standard quadrature methods, but the unscented transform is doing
it in a computationally convenient way.
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The unscented transform approximates the joint density of X and Y accord-

ing to
X\ m P Cy
G (@) =) e

This is rather straightforward (perhaps a bit tedious though) to compute.
Define the Cholesky factorization of the covariance matrix P as

P=LL". (14.103)

This will be used to compute the sigma point and associated weights as
x0 = (14.104)
x<l’>:m+[\/m4,i:1,...,n (14.105)
O =m— [+ A)L], i=n+1,...20 (14.106)

and
m _ A
_ 14.107

WO 7’l+2,’ ( )
o A +(1—a2+B) (14.108)
0 n+A ’

m_ 1 -:
W = ST 1,....2n (14.109)
W@:L i=1,....2n (14.110)
1 2(”—’—2,)’ P | .

where A = a?(n + k) — n. These parameters can be used to tune the filter («
and «x control the spread of the sigma points while f is related to the distribu-
tion of X), but a common choice is &« = 1073, k =0and 8 = 2.
Each sigma point is propagated through the non-linear function g according
to
y =¢x), i=0,...2n (14.111)

The parameters in Equation (14.102) are then computed as
— (m) ¢ (2) 4
uy =Y w™y", (14.112)
. . T
Ro=Y i (v =) (¥ - o) (14.113)

Cy = zwl@ (x(") —m) (y<"> - uy) : (14.114)
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The unscented transform, taking a function g, a mean m and covariance P, will
be denoted UT (g, m, P) for the remainder of the text.

The resulting filter is then given by iterating the prediction and update
steps. Assume that the discrete time model is given by

e = h(xx) +ex, ex € N(0,S5), (14.115)
kaf(xkfl,ukfl)—FVk, VkEN(O,Q). (14.116)

Starting from a Gaussian density at time k, i.e., x; € N (my, Pyy), the pre-
diction step is then given by

(M1 Peg 1) = UT (f sy, Pegie) (14.117)
Ptk =P+ 0 (14.118)
where the last line is needed to correct for the fact that the function f is ignor-

ing the additive noise.
The update step is similar, computing predictions as

[uy, Ry, Cul = UT (h,myy 1k, Pes1x) (14.119)
Ry=Ry+S (14.120)

where the variance of the measurement noise S is added to the variance of y in
the second line. No noise is added to the covariance, however, as the measure-
ment noise is independent of the latent state x;. Finally, the state is updated
using the standard Kalman filter equations

Kir1 =CuRy', (14.121)
M1kl = M1+ Kt Okt — o) (14.122)
Peiips1 = Py — Kt RuK( .- (14.123)

The near optimality (the equations are optimal in the class of linear updates)
of these equations is proved using Hilbert space methods in Appendix A.

The unscented Kalman filter is generally seen as more robust than the ex-
tended Kalman filter (Van Der Merwe [2004], Lindstrom and Stralfors [2012],
Wiktorsson and Lindstrém [2014]). The unscented Kalman filter has also been
extended further to continuous-discrete models in Sarkka [2007].

14.9 A maximum likelihood method

This section describes how the embedded parameters of the linear and non-
linear continuous-discrete state space models can be estimated using a maxi-
mum likelihood method. We stress that much of these results presented in this
Section carries over to the unscented Kalman filter, even though the results are
presented for a simple class of processes.
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First it is assumed that the evolution in time of the states of the system is
described by the diffusion process

dX(¢) = AX(r)dr + BW(r)dr + cdW(t), t >0 (14.124)

where X is d dimensional, and the process W(¢) is assumed to be a Wiener
process with the incremental covariance R§(z). Furthermore it is assumed that
X(O) is Nd(mo,Po).

As described in Section 14.7.2 the evolution of the states in discrete time
is under some conditions exactly described by the following discrete time
stochastic process

Xy =D Xp 1+ U+ v, k=1,....N (14.125)

where {X; }%'_, are random d x 1 vectors, and {Ui}Y_, are non-random r x 1
input vectors, and xg is Ng(mg,Pg) and v; ~ Ny(0,P}),k =1,...,N. The ran-

dom vector xp and the system noise vy,..., vy are all assumed to be stochastic
independent. Here, {®;} and {I';} are non-random d x d and d x r matrices,
respectively.

The relation between the continuous-time matrices and the discrete time
matrices are described in Section 14.7.2.

If we assume that the functions A, B and R{(¢) are continuous and given up
to the unknown parameter 8 € ® C R”, then we can write down the likelihood
function for 6

Lx(e) = p(XOaXlr--aXN‘e)
N
- (Hp)/:k1(Xk|xk1’6))px(x()|6) (14.126)
k=1

where pgj(-;0) is the density for the distribution of xq and Pl (-]-;0) the
density for the conditional distribution of x; given x;_;. Hence

N
logL*(6) = log(p(%0/6)) + Y log (Pt (Xk[Xk-1:0)). (14.127)
k=1
However, often we do not observe the state vectors Xg,X{,...,Xy directly. We

assume that the state vector is only partially observed and possibly with mea-
surement errors. We assume that the measured quantities are given by the mea-
surement equation

yi = Cixy +Dyui +-e,k=0,1,...,N (14.128)

where {C;} and {Dy} are non-random matrices of dimensions m x d and
m X r (m < d). For the measurement error we assume that e; ~ N,,(0,S;),k =
0,...,N. Finally, we assume that Xg,Vy,...,Vy,€p,€[,...,ey are stochastically
independent.
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In the following let all the non-random elements in (14.124) and (14.128)
including mg and the unknown variance parameters be given up to some un-
known parameter 8 € ® C R” where ® is some compact set. Furthermore,
recall that

T = [Yk:Yk-15----Y1,¥0] (14.129)

is the information set containing all the observations up to and including time

k.
The likelihood function is

L(G) = P(YI77YN|9)

N
= (Hpkk—l(Yk|9k17 9)) po(yol6) (14.130)
k=1

where po(yo|0) is the density for the distribution of yo and pyj— (yk|Fk—1,6)
the density for the conditional distribution of y; given .%;_. Hence

N
logL(8) = log(po(y0|0)) + Y log(pij—1(¥k|-Fi-1:0)). (14.131)
=1

Note that due to the incomplete observation of the state variable we now
need to condition on all previous observations and not only the previous obser-
vation as in (14.127).

Furthermore, note that the unknown vector mg can be a part of 6. Even the
conditional log-likelihood function (conditioned on yq) for 6

N
logL(8lyo) = Y, log(pri—1(yx|-Fi-136)) (14.132)
k=1

depends on my. This is also clear from the fact that my is needed as an initial
value for calculating pyx—1 (Yi| Zi—1; €) (see for instance the filtering approach
described in Section 14.7.1). In the literature, however, the initial value is often
chosen at random (Pedersen [1993]).

Since v, e; and X¢ are all Gaussian distributed, the conditional density
Pili—1 (Y| Fi—150) is also Gaussian. The Gaussian distribution is completely
characterized by the mean and covariance.

Hence, in order to parameterize the conditional distribution, we introduce
the conditional mean and covariance as

Vi1 = Elyx|Fi1,6], (14.133)
Ri—1 = Varly|F1,0], (14.134)

respectively. It is noticed that (14.133) is the one-step prediction and (14.134)
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the associated covariance. Furthermore, it is convenient to introduce the one-
step prediction error (or innovation)

& =Yk — Yap-1- (14.135)
Using (14.132)—(14.135) the conditional log-likelihood function becomes

N
logL(6]yo) = -1 Z (log detRyji—; —&—EkTR,;VLlsk) + const (14.136)
k=1

where m is the dimension of y.

The conditional mean §;;_ and covariance Ry, are calculated recur-
sively by using the state filtering techniques described previously in Sec-
tion 14.7.1.

The maximum likelihood estimate (ML estimate) is the set 6, which max-
imizes the likelihood function. Since it is not, in general, possible explicitly to
optimize the likelihood function, a numerical method has to be used.

An estimate of the uncertainty of the parameters is obtained by the fact
that the ML estimator is asymptotically normally distributed with mean 6 and
covariance

D=H"' (14.137)
where the matrix H is given by
(92
hi} = —E | =—===1logL(0 . 14.138
{huc} [86186k og L( |)’o)} ( )

However, this is not necessarily true if the filter is not exact. Then Quasi-
Maximum likelihood asymptotics should be used instead of this approxima-
tion.

An estimate of D is obtained by equating the observed value with its ex-
pectation and applying

2

J
{hy} =~ — (Mlogum)’o)) o

The above equation can be used for estimating the variance of the parameter
estimates. The variance also serves as a basis for calculating ¢-test values for
test under the hypothesis that the parameter is equal to zero. The correlation
between the estimates is readily found based on the covariance matrix.

The maximum likelihood method described in this section is implemented
in a software tool called CTSM (Kristensen et al. [2004]).

(14.139)

14.10 Sequential Monte Carlo filters

Recent advances in computational resources have made Monte Carlo methods
viable. Sequential Monte Carlo methods (or particle filters) approximate the
filter problems by Monte Carlo sampling and resampling; see Lopes and Tsay
[2011], Creal [2012], for an overview.
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14.10.1 Optimal filtering

The optimal filtering problem for general state space models is non-trivial, as
we will see soon. Let us consider a model where the latent system equation is
a Markov process, and hence is defined by the transition kernel

Po (Xnt1]xn). (14.140)

We remind the reader that this is not a severe restriction as, for example, an
AR(p) model (which is non-Markovian) can be rewritten as an VAR(1) model
with dimension p which is a Markovian model. Other models, like fractional
AR processes, can also be approximated by Markovian models.

Observations are thought of as noisy and/or incomplete readings of the
latent state vector, formally expressed through the measurement kernel

Po (Ynlxn) - (14.141)

The observations are assumed to be independent, when conditioning on
the latent state vector. We are now ready to compute (at least theoretically) the
log-likelihood for the observations

N
0(0) =Y log po (Yuly1:n—1), (14.142)
n=1
where y1.,—1 is used as shorthand notation for y,...,v,_1.

The likelihood for observation y, conditional on the history can be ex-
pressed as

p@(yn‘ylzn—l) = /Pe (yn|xn)p9 (xn|y1:n—1)dxn (14.143)

where we used the law of total probability and the conditional independence
of the observations. The likelihood for observation can be seen as the measure-
ment kernel, weighted by the prediction of the latent state pg (x,|y1:n—1)-

The prediction can in turn be computed using the law of total probability
and the Markov property, according to

Po (nly1nt) = / P Cns X1 [¥1n—1) A1 (14.144)

= [ o (b 1) o (it i) A, (14145)

where we see that the prediction is derived from the transition kernel and the
Sfilter density, pg (x,—1|y1:n—1). What remains is to compute the filter density,
which is found by using Bayes’ formula, arriving at
Po (Xn—1[Y1:n-1) = Po On=1Pin=1) Po (-1 V1n—2) (14.146)
Po(Yn—1y1:n—2)
— po n1lxa—1) po(Xn—1]y1:0-2)
S po (Yni1]xa1) po(xa—i1]y1n—2)dx, 1

(14.147)
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This closes the recursion if we also know the initial distribution for the la-
tent Markov process, pg(xp), as shown in Algorithm 1. The algorithm is similar
to the Kalman filter, but this should not to surprise anyone as the Kalman filter
is a very well-known special case of the general optimal filtering equations.

Algorithm 1 Optimal filtering recursion

Require: p(Xo), p(Xu|Xn-1), p(Yu|Xn)
forn=1:Ndo
Compute prediction using Equation (14.145)
Update using Equation (14.147)
end for

14.10.2  Bootstrap filter

The main problem with Equation (14.145) and (14.147) is the difficulties to
solve them in practice. There are two well-known cases where we can solve
them: the linear Gaussian case (leading to the Kalman filter) and the Hidden
Markov model with a discrete and finite state space (as all integrals will be
finite sums).

The main idea behind the bootstrap filter is to approximate the general
state space model with a Hidden Markov model. This allows for very general
results concerning stability and convergence of the approximate filters (Kiinsch
[2005]).

Replacing a measure p(x) with a Monte Carlo sample from that measure
pr(x) =YK ZKwk 59 (x—x®) =YK @5 (x—x")) (sometimes referred to as
the empirical mé:falsure, cf. theoretical statistics) will introduce some unwanted
variability, but it will also make computations easier. It is worth noticing that
the empirical measure can be written, using the law of total probability as

p(x) =Y p(x.k) =Y p(xlk)p(k) (14.148)
k k

where p(x|k) = §(x —x*)) and p(k) = ax.
Computing the expectation (assuming that the expectation is finite)

E[/(0) = [ f0p(ods (14.149)
is potentially very difficult whereas the Monte Carlo approximation
o K
EF00) = [ f0pcde= Y o) (14150
k=1

is a trivial to computation. The law of large numbers ensures that the approxi-
mation converges (a.s.) as K — co. The convergence is more complicated when
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the samples are dependent, but the results still hold under rather general con-
ditions (Douc and Moulines [2008]).

It is possible, given some minor modifications, to solve the optimal fil-
tering problem (cf. Section 14.10.1) for arbitrary distributions when they are
replaced with empirical samples. It should not be a problem (direct sam-
pling, accept-reject, etc.) to sample from the initial distribution, generating

pr(x0) = XK a8 (xo — ).

What remains in Algorithm 1 is to alternate between prediction and updat-
ing. Predicting is simple as

P Con1|y1m) = / (s [n) P (a1 ) (14.151)

*/P xn+l|xn Zwk xn dxn

= o0 [ plnalel?)
k=1

(k)

A common choice is simply to sample x,

empirical measure

from p(x,41 |xn ) leading to the

K
Pr(nsi i) = 1 081 = - (14.152)

Updating is less trivial, as the empirical filter measure is given by

p(yn—H ‘xn+1)pK(xn+l \y1 n)
S POntt [ 1) PR (e V1) A1
_ PVn 1% 41) Pr (Xni1]y1:0)

Y oo x) )

(14.153)

PK (Xn+1\Y1 nil) =

It should be clear to the reader that this new empirical measure only takes
values where there is a Dirac measure, meaning that the expression can be
simplified as follows

Th 0 (st 1) )8 (onst — 3

Pr (a1 [yins1) = 0 (14.154)
Y op(Yusilx, 1)
=Y b x5,y
where
gy — PPt ) (14.155)

Y 0p(Yat Ix,(fll)

which ensures that the weights sum to unity.
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A practical problem, which can be shown theoretically, but is more easily
seen in a “trial and error” Monte Carlo simulation, is that the weights tend to
become unevenly distributed after only a few iterations, i.e., the largest weight
will be close to one and the rest close to zero. This is called particle degeneracy,
as the original K particles act as there is only one particle.

However, this is solved by resampling, thus creating a new empirical mea-
sure with equal weights. That prevents serious particle degeneracy as there will
be plenty of particles with non-zero weight even if the weights are updated un-
equally.

The Sequential Importance Sampling with Resampling (SISR) algorithm
(also known as the bootstrap filter) is presented in Algorithm 2, where we also
consider using an importance sampler in order to improve the performance of
the Monte Carlo approximations.

Algorithm 2 Sequential Importance Sample with Resampling

Require: p(XO)a p(xn|xn71 )7p(yn|xn)

(k)
At time n=0, draw xék> ~ qo(xo) and set wék> = p((xo(k>)>
qo(x
forn=1:Ndo '

(k) (k) (k)
(k (k ~ (k k) pOnlen” )Pl x5, 2,)
Draw x,, ) qn(xn|xn21,yn) and compute (0,5 ) — (L),L1 qn(:lcﬁf‘) "‘(éll-,yn) 1

. . . k)
Normalize the importance weights to get ol = o _

Draw (with replacement) K indices I,Sk) ~ a),gk) to get a new equally weight
(k)
empirical measure with particle xf,l" ),

end for

14.10.3  Parameter estimation

A major problem with particle filters is that the straightforward approximation
of the log-likelihood is only a pointwise approximation. It can also be shown
that the approximation is discontinuous in the parameter space, due to the re-
sampling of the particles (Figure 14.2). That graph shows the log-likelihood
function for the model

Vi =Xt ek (14.156)
X = axp_1+vx (14.157)

where ¢; and vy are standard Gaussian random variables, and a = 0.6 in the
example. The simulation is based on N = 500 observations and K = 1 000 par-
ticles. Still, the Monte Carlo approximation is sharing the same global features
of the exact log-likelihood, and the Monte Carlo error can be controlled by
using sufficiently many particles.
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Figure 14.2: Log-likelihood function for a partially observed AR(1) model
(N = 500 observations) with true parameter a = 0.6. The maximum likeli-
hood estimate is shown with a pentagon, and 95% confidence intervals are
shown with the dotted line. The solid line is the log-likelihood function com-
puted using a Kalman filter, and the dots are 3 independent estimates of the
log-likelihood function using a particle filter, each using K = 1 000 particles.

It is argued in Spall [2005] that derivative-free optimization methods, such
at the Nelder-Mead simplex (e.g., fminsearch in MATLAB®), often are
quite capable of optimizing a noisy function, often reaching a point close to
the true optima of the function.

Other methods include Expectation-Maximization methods (Cappé et al.
[2005] and references therein), but this requires the smoothing distribution (as
opposed to the filter distribution). Simple (typically slightly biased) approx-
imations include fix lag smoothers (Olsson et al. [2008]) while Briers et al.
[2010], Fearnhead et al. [2010], Douc et al. [2011] present computationally
efficient algorithms for asymptotically unbiased approximations of smoothing
distribution. The EM algorithm will have to be replaced by either a Monte
Carlo EM (MCEM) algorithm (Cappé et al. [2005]) or a Stochastic Approxi-
mation EM algorithm (Ditlevsen and Samson [2014] for an example).

An alternative is to augment the state space with the parameters. This is in
general not a consistent estimation technique, but Ionides et al. [2006, 2011]
derived a version where consistency is proved. Their algorithm was later re-
fined in Lindstrom et al. [2012] and fine-tuned in Lindstrom [2013b].

14.11 Application of non-linear filters
14.11.1 Sequential calibration of options

Non-linear Kalman filters have successfully been used to calibrate vanilla S
& P 500 index options in Lindstrom et al. [2008]. The most common method
for calibrating options to market data today is some non-linear weighted least
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squares estimator

2
6= argminZ?Li (Cﬁwurka(Si,Khri, T,') - C?/I()del(S,‘,K,',l’,',Ti; 9)) (14.158)
i

where cM@*et (S, K;. r;,7;) are the market price that depends on the underlying
asset S;, strike level K;, interest rate r; and time to maturity 7; and A; are weights
(it is statistically optimal to relate the weight of an observation to the inverse of
the variance of the measurement error for that observation — i.e., observations
that we trust are given more weight than the others).

There are two main (implicitly related) problems with this approach:

e The parameter estimates are noisy,
e Old data are typically discarded, as only the most recent data are used.

Old data are discarded as adaptivity is sought, but this comes at a price. If
yesterday’s data are of little use today, then today’s data will be of little use to-
morrow! Lindstrom et al. [2008] rewrites the calibration problems as a filtering
problem, augmenting the latent states with the parameter vector

Ciwarket(Sn7Ki7rl’7Ti) = C?/IOdel(SIHKi,ria Ti; 9}’1) + nrh (14159)
0, = 6,1 +epn. (14.160)

This decomposes the change of the option prices into changes in the under-
lying state variables (i.e., the index level), changes in the parameters (which
is captured by the random walk dynamics) and pure noise due to the ask-bid
spread.

It is sometimes worthwhile to include the underlying asset in the calibra-
tion as well. The algorithm was extended further in Lindstrém and Guo [2013]
where it was shown that quadratic calibration strategies are found for free
when using this algorithm. A computational refinement of the simultaneous
calibration and hedging algorithm was presented in Wiktorsson and Lindstrém
[2014]. The extended calibration mode is given by the measurement equations

Market (g K. ri 1) = cMOdel(S, K ri i1 6,) + 1, (14.161a)
sMarket — 5, 4 ), (14.161b)
and the latent states
6,=06,_1+e,, (14.162a)
Sy = p(SplSu_1). (14.162b)

The performance of the non-linear filter, when changing some parameters, is
evaluated in Figure 14.3 for the Heston model.

The non-linear filter is able to track the changing parameters (smooth vari-
ations are tracked well, jumps in the parameters are assimilated after a few
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Figure 14.3: Adaptive calibration of the Heston model to simulated data, when
parameters are changing. The true parameter value is the solid line, non-linear
filter estimate is the dotted line and the triangles are daily non-linear least
squares estimates.
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consecutive observations), while the non-linear least squares using only the
current observations are quite noisy but generally adapt somewhat quicker.

The performance of the sequential calibration algorithm, when calibrating
a Heston model to S & P 500 data between late 2001 and 2003, is presented in
Figure 14.4. The cloud of non-linear least squares estimates is again scattered
around the filter estimates.
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Figure 14.4: Calibration of the Heston stochastic volatility option valuation
model to S & P 500 index options.
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14.11.2  Computing Value at Risk in a stochastic volatility model

Value at risk is a popular measure of risk; cf. Embrechts et al. [2005], Hult et al.
[2012]. It is well known that volatility varies over time (cf. Chapter 1), so some
sort of stochastic volatility model is needed. The standard GARCH family of
model (Section 5.5.2), is very popular, but is unable to cope with unexpected
events as the volatility (according to the model) at time n+-1 is perfectly known
at time n. An alternative is the stochastic volatility model (Section 5.5.3),

Vn =exp(V/2)zn (14.163)
V, = ayg+a\V, + ce, (14.164)

where z, and e, are independent standard Gaussian random variables.

A stochastic volatility model was fitted to OMXS30 (a Swedish stock index
consisting of the 30 largest companies listed) with data from March 30th, 2005
to March 6th, 2009. The parameters were found by optimizing the likelihood
using MATLAB’S fminsearch routine, which is a (derivative free) Nelder-
Mead simplex method. The returns and estimated log-variance are presented
in Figure 14.5 and 14.6.

More interesting is the computation of the Value at Risk (VaR) statistic. It
is defined as the quantile

u
VaRy = inf{u e R: / PVnly1m—1)dy, = a}. (14.165)

This is rather easy to compute as we know that the measurement kernel is

0.1

L L L L L
200 400 600 800 1000 1200

Figure 14.5: Returns on the OMXS30 from March 30th, 2005 to March 6th,
2009.
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Figure 14.6: Estimated volatility on the OMXS30 from March 30th, 2005 to
March 6th, 2009.

Gaussian and we have a particle representation for p(x,|y1.,—1). It follows that
/_:,1’ (nlyin—1)dyn = /_ :p(yn|xn)p(xnb’l:n—l )dyn (14.166)

~ /_ m /R POnlXn) Pk (Xnly1n—1)dyndx,  (14.167)

= /f Y i p(yalxi)dy,. (14.168)

We know from the model specification that the measurement kernel is Gaussian
with zero mean and variance v,21. Computing the VaR simply comes down to
numerically solving Equation (14.165) with the measurement kernel plugged
into Equation (14.168). The result in shown in Figure 14.7 where 61 returns
were below the VaR level when computing VaR at the 5% level.

This deviation is not statistically significant as an approximate interval of
the number of observations that is expected to end up below the VaR level is
(36,64) observations.

14.11.3  Extended Kalman filtering applied to bonds

In this section, we utilize the modelling framework from Chapter 14 consist-
ing of the state space model (14.1) and the measurement equation (14.2). In
this particular case, the state space model will describe the spot interest rates
and the measurement equation will be the solution of the bond pricing equa-
tion (11.66) (plus some additive white noise). This framework allows us to
estimate both the parameters in the state space model and the implied interest



316 INFERENCE IN PARTTIALLY OBSERVED PROCESSES

0.15

01

I I I I I I I I I
0 100 200 300 400 500 600 700 800 900 1000

Figure 14.7: Value at Risk computed for the OMXS30 between March 30th,
2005 and March 6th, 2009. Approximately 5% of the returns are lower than
the computed VaR at the 5% level.

rates. The term implied is used, because the estimated interest rates (obtained
by utilizing the extended Kalman filter) are the interest rates implied by the
bond prices and not the interest rates that are quoted in the financial markets.

It should be noted that this framework is only applicable for Gaussian in-
terest rate models, although they may be multivariate. Thus it is not possible
without some modification to use this method for, e.g., the Cox—Ingersoll-Ross
model. This restriction may be overcome by introducing the transformation of
the diffusion term with that was discussed in Section 13.4. In addition, it is
a necessary requirement that an explicit solution to the bond pricing equa-
tion (11.66) is available.

For the large class of models, where this solution is not available, one has
to resort to, e.g., Monte Carlo simulation. In this case, the measurement equa-
tion is estimated on the basis of a bond price which is obtained by a Monte
Carlo simulation of the expectation in (11.66). Due to the Feynman—Kac rep-
resentation theorem, the bond price may also be obtained by solving the PDE
associated with (11.66) numerically. Although both methods are conceptually
simple, they are extremely demanding from a computational point of view. We
will not go into more details here, but a number of references are listed in the
Notes.

Let us sketch the procedure that we wish to use:

e Given an interest rate model (or state space model),

o the bond pricing formula (11.66) is solved analytically. The solution consti-
tutes a measurement equation.
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’ ISIN \ Bond \ Maturity ‘
DKO0009915035 | 9% Danske Stat St. Laan 15/11 1996
DKO0009915548 | 9% Danske Stat St. Laan 11/11 1998
DKO0009916439 | 9% Danske Stat St. Laan 15/11 1995
DKO0009917916 | 6% Danske Stat St. Laan 10/2 1996
DKO0009918054 | 5.25% Danske Stat St. Laan | 10/8 1996
DKO0009918567 | 6.25% Danske Stat St. Laan | 10/2 1997

Table 14.1: The considered Danish Government Bonds

e Input series are designed to model the payout of coupons and the time to
maturity

e This is implemented in a program, and

e the model parameters are implemented using the conditional maximum
likelihood method discussed in Chapter 14.9.

Data description

The method is applied to time series of daily observed prices for Danish Gov-
ernment Bonds' listed in Table 14.1 for the period 2/8-94 to 8/9-95. Each time
series consists of 282 observations. These bonds pay out a coupon once a year
and the size of the coupon c is constant throughout the lifetime of the bond. At
maturity the bond pays out a coupon ¢ and the amount C, where C = DKK 100
for Danish Government Bonds.

Certain conventions are associated with trading of Danish Government
Bonds: A “bond year” consists of 12 months each containing 30 days. There-
fore months with 31 days are cut one day short and February is extended by 2
days (or 1 day in leap years). This is not taken into account in this thesis. Fur-
thermore the day of settlement is 3 days later than the day of agreement, but
this is not deemed to be relevant as we are modelling the actual bond prices.

Bonds are not traded during weekends, so bond prices for weekend days
are not available, but the model should take these “missing” prices into account
as the underlying stochastic process that generates the spot interest rate evolves
in continuous time. The extended Kalman filter is used to predict the missing
prices using the dynamics of the interest rate model (rather than replacing bond
prices for the weekends by some interpolation scheme). Hence each time series
is expanded to cover a period of 402 days.

Should a bond be traded less than 30 “bond days” prior to the coupon
being payed to the holder of the bond. Hence the bond price is reduced by the
coupon value ¢ 30 prior to the maturity date. Furthermore the time-to-maturity

I'The ISIN number is an international coding used for bonds. Only the last four digits will be
used in the following.
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Figure 14.8: The designed input variables.

T —t in the measurement equation has to be incorporated into the estimation
procedure. These conventions have been implemented by incorporating two
designed input variables U = [u; u,] in the measurement equation as illustrated
in Figure 14.8, where u; models the time to the first coming payout 77 —¢ and
u, models the payout of a coupon. If bond prices were available for a longer
period of time spanning n coupon payouts, n similar input variables should be
incorporated.

14.11.4 Case 1: A Wiener process
A simple Wiener process is considered initially
dr(t) = odW(z) (14.169)

where 6 (r,t) = o implies constant volatility. The solution to (14.169) is given
by
r(t) =r(ty) + oW(r) (14.170)
where r(fp) is the implied interest rate at time #y.
Using this model, it may be shown that the price of a coupon bond should
satisfy the equation

N 1
P(t,Ty,r(t)) =c ;exp (—(Tn —1)(r(t) — 802(T,, - t)2)>

+Cexp (—(TN—I)(r(t)—écz(TN—t)z)), (14.171)
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or, by adding a noise term to account for measurements errors,
3 1, 2
Y, = ¢ Z exp (—(T,, — 1) (r(t) — 66 (T, — 1) ))
n=1
1
+C (—(TN — 1) (r(te) — EGZ(TN —tk)2)> +er (14.172)

where {e;} is a white noise with zero mean and variance o3.

y ISIN | ) ] 6’ \ 67 | 6
poomisns | S0SE T LT | ey | 1o
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Table 14.2: Estimation results for the Wiener process. The values given in
parentheses are asymptotic 7-test values for the hypothesis that the parameter
is equal to zero. It is seen that 622 does not differ significantly from zero, i.e.,
there are no measurement errors. Similar results are obtained by reestimation
without the variance parameter 0.

14.11.5 Case 2: The Vasicek model

Again, we consider the Vasicek model
dr(t) = a(y—r(t))dt + cdW(¢) (14.173)

where o, ¥ and o are constants, and W (¢) is a standard Wiener process.

In the literature, it is reported that it is very difficult to estimate the adjust-
ment parameter ¢, unless a long time series is available (i.e., at least several
times longer than the half life of the process implied by o parameter). A long
time series might give rise to other problems on its own, namely that the time
series structural breaks, regime shifts or other nonlinear phenomena render the
model 14.173 unappropriate. We had serious difficulties in obtaining reason-
able and consistent estimates of the model parameters with the parameterisa-
tion of the original model suggested by Vasicek [1977].

In Jgrgensen [1994], an alternative parameterisation of the model is sug-
gested, but the bond pricing framework is not worked through with this new
parameterisation:
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dr(t) = (8 — nr(r))dt + cdW (7). (14.174)

The complete framework will be reported in this section. The bond pric-
ing framework for this spot interest rate model is established by making the
transformations

a=n (14.175)
y=0/a=0/n (14.176)

in the framework introduced in Vasicek [1977].
This yields the bond pricing formula

P(t,T,r) = exp{ <; <Z>2 f'> (Tft)+% (1 —e‘””‘”) X
<f' - (f])z) +$ (%)2 (1-e2nrn) } (14.177)

The conditional mean and variance of the interest rate is

Elr(s)] = z+(r—z)e—”<“>, (14.178)
2
Var[r(s)] = %(1—{2’7(”)). (14.179)

Especially, in the limits, we get

r for t=T
E[r(s)] = {9 for T — o0 (14.180)
n
V: 0, for =T 14.181
ar[r(s)] = % for T —so0 ° (14.181)

It is seen from (14.181) that the variance is zero at maturity t = T, i.e., the
instantaneous rate of return is exactly the spot interest rate r. This is in com-
pliance with the deterministic nature of the partial differential equation that
the individual bond prices must satisfy and the adjacent boundary condition
P(T,T,r)=1.

The results in Table 14.3 are obtained.? The estimates of 6 are not shown
as the obtained estimates did not differ significantly from zero. Therefore the
estimation procedure was repeated for each time series with 7 fixed at zero.
This also applies for the variance of the measurement noise.

2Unless stated otherwise, the values in parentheses are asymptotic 7-test values for insignificant
parameters.
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| 5548 8054 8567 |
. 444167E-04 5.70140E-04 5.11133E-04
n (13.7703) (94.5229) (1.5214)
0.0728404 0.0675208 0.0693201
(to) (49.1246) (43.9797) (44.9230)
52 2.27742E-07 2.06625E-07 2.15661E-07
(12.8445) (12.7473) (13.1400)
5, 12.4308% 12.7734% 12.7109%
x° 47.77 59.06 49.17
(a) (44.1%) (11.2%) (38.6%)
100 —.06 .00 ]|]1.00 .00 .00 ]|[1.00 .02 .00
p ||—06 100 —o1|||.00 100 —02|/|.02 100 .02
00 —.01 1.00(/|.00 —02 1.00[[].00 .02 1.00

Table 14.3: Results for the Vasicek model

A first examination of the listed correlation matrices shows that the param-
eter estimates are uncorrelated, and, hence, each parameter may be interpreted
independent of the others.

The estimates of 1 are very small, and similar across time series, but it
should be kept in mind that 1 is a continuous-time parameter. The estimates of
r(tp) seem reasonable and are well determined. Based on these estimates, the
annual relative volatility o, is determined for each time series. As discussed
previously, the o, should be within the range 10-20%, and this is indeed the
case.

14.12 Problems

Problem 14.1

(3 ) () (o )

be a vector of jointly multivariate Gaussian random variables.
1. Derive the distribution for p(X|Y).
2. Show that

E[X|Y =y] = ux +ZxyZy ' (v — piy ),
Var[X\Y = y} =Xy — ZXYz;IZYx.
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Problem 14.2
Lety, = m+ &, where & € N(0,02).
1. Derive the conditional distribution for i, = p(m|y;.) using a Kalman filter,
assuming some Gaussian density for my, e.g., p(mo) = N(Uo,Xo).

Hint: Design a latent process such that the distribution of m, can be found.
2. Relate the result to prior knowledge in statistics.



Appendix A

Projections in Hilbert spaces

A.1 Introduction

In many situations we want information about variables that are not directly
measured, assuming that we have information about some variables which are
correlated with the unmeasured variable. If this (cross)correlation is known
or estimated, then it can be used for estimating the value of the unmeasured
variables.

Consider for instance the interest rates. Short term interest rates are quoted
on a daily basis in the money markets for maturities up to, say, one year; but
longer term interest rates are traded only indirectly through the bond markets.
Theoretically, options dependent on interest rates are priced according to a
stochastic process describing the evolution in continuous time of the short term
interest rate even though this process is not directly observable. The observed
(or measured) variables, when modelling interest rate processes, are the bond
prices.

The Wiener filter (see Madsen [2007]) is an example where the known
cross-correlation is used together with the projection theorem to estimate an
unmeasured time series based on a measured time series. The Kalman filter,
which will be introduced in this appendix, is some sort of online version of the
Wiener filter.

The main goal of this appendix is to present the projection theorem, and to
illustrate the wide range of applications of this theorem. Finally the theorem is
used to formulate the (ordinary) Kalman filter. The contents of this appendix is
basically based on Madsen [1992] and Brockwell and Davis [1991], and more
information about the theory and applications of the projection theorem can be
found in those references.

One of the advantages by considering the projection theorem as it is for-
mulated in this appendix is that many of the well-known concepts from two-
and three-dimensional Euclidean geometry, such as orthogonality, carry over
to the more general Hilbert spaces considered in the following.

By using the projection theorem it can be realized that a unified set of
equations can be used in different contexts. Hence it can be shown that many
of the methods used in time series analysis, such as prediction, filtering and
estimation, are seen in a unified context.

323
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A.2 Hilbert spaces

A Hilbert space is simply an inner-product space, i.e. a vector space supplied
with an inner product, with an additional property of completeness. The in-
ner product is a natural generalization of the inner (or scalar) product of two
vectors in n-dimensional Euclidean space. Since many of the properties of Eu-
clidean space carry over to the inner-product spaces, it will be helpful to keep
Euclidean space in mind in all that follows.

Let us first consider a well-known inner-product space, namely the Eu-
clidean space.

Example A.1 (Euclidean space). The set of all column vectors
x=(x1,....x)7 e R (A.1)

is a real inner-product space if we define

k
(xy) =Y xiyi. (A.2)
i=1

It is a simple matter to check that the conditions above are all satisfied.

Definition A.1 (Norm). Let ||x|| > O, if x # O, then the norm of an element x of
an inner-product space is defined to be

[l = v/ (x,%). (A3)

In the Euclidean space R* the norm of the vector is simply its length.

Definition A.2 (The angle between elements). The angle 0 between two non-
zero elements x and y belonging to any real inner-product space is defined
as

6 = arccos|[(x,y) /([lx[[llv[D)]- (A4)
In particular x and 'y are said to be orthogonal if and only if (x,y) = 0.
Now let us define the Hilbert space:

Definition A.3 (Hilbert space). A Hilbert space F€ is vector space, equipped
with an inner product, in which every Cauchy sequence x, converges in norm
to some element in x € €. The inner-product space is then said to be complete.
Example A.2 (Euclidean space). The completeness of the inner-product space
R¥ can be verified. Thus R¥ is a Hilbert space.

Example A.3 (The space L?*(Q,.7,P)). Consider a probability space
(Q,#,P) and the collection C of all random variables X defined on Q and
satisfying the condition E[X?] < oo. It is rather easy to show that C is a vector
space.

For any two elements X,Y € C we now define the inner product

(X,Y) = E[XY]. (A5)
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Figure A.1: Projection in R3.

Norm convergence of a sequence X, of elements of L? to the limit X means

|X, — X||> =E[|X, —X|?] = 0 asn — oo (A.6)

Norm convergence of X, to X in an L?* space is called mean-square con-
vergence and is written as X, 3 X.

To complete the proof that L* is a Hilbert space we need to establish com-
pleteness, i.e. that if || X, — X||* — 0 as m,n — o, then there exists X € L* such
that X,, — X (see Brockwell and Davis [1991]).

A.3 The projection theorem

Let us start by considering two simple applications which illustrate the projec-
tion theorem in the two types of Hilbert spaces.

Example A.4 (Linear approximation in R?). Suppose three vectors are given

in R3,
y = (1/41/41)", (A.T)
a o= (1,0,1/4)7, (A.8)
x = (0,1,1/4)T. (A.9)

Our problem is to find the linear combination Y = 01x1 + Opxy which is
closest to y in the sense that S = ||y — ayx; — 0px3||* is minimized.

One approach to this problem is to write S in the form S = (1/4 — oy)* +
(1/4—)?+ (1 —1/4a; — 1 /40)?* and then to use calculus to minimize with
respect to oy and 0. In the alternative geometric approach we observe that
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the required vector § = 01 x1 + Q.x3 is the vector in the plane determined by x;
and xy such that y — 1 x| — 0px2 is orthogonal to the plane of x| and x; (see
the figure). The orthogonality condition may be stated as

<y—(X1X1—062)C2,x,‘>=O i=1,2 (A.10)

or equivalently
(4] <x1,x1>—|—a2<x2,x1> = (y,x1> (A.11)
ar{xi,x) + 0 (x2,x) = (yx). (A.12)

By solving these two equations for the particular values of x1, xo and y speci-
fied, it is seen that oy = €y =4/9, and $ = (4/9,4/9,2/9)’.

Example A.5 (Linear approximation in L?>(Q,.%,P)). Now suppose that X,
X, and Y are random variables in Lz(Q, F,P). Only X, and X, are observed
and we wish to estimate the value of Y by using the linear combination ¥ =
a1 X1 + 0 Xy which minimizes the mean square error,

S=E|Y — o X; — aXo|? = ||Y — oy X1 — 00X || (A.13)

As in the previous example there are at least two possible approaches to the
problem. The first is to write

S = E[rY+ofEX{]+3EX5] - 24 E[Y X;] —
2062E[YX2] + 0y (XzE[X]Xz} (A.14)
and then to minimize with respect to o and 0.

The second method is to use the same geometric approach as in the previ-
ous example. Our aim is to find an element in Y in the set

M={X cL*(Q,F,P): X = X; + X (a,00 € R)} (A.15)

which implies that the mean square error ||Y — Y ||? is as small as possible. By
analogy with the previous example we might expect Y to have the property that
Y —Y is orthogonal to all elements of 4. Applying it to our present problem,
we can write

Y — oy X) — X2,X) =0 forallX € A (A.16)
or, equivalently, by the linearity of the inner product,
<Y—(X1X1 —OCQXQ,X,'> ZO, i= 1,2. (A17)

These are the same equations for 0 and 0y as in the previous example,
although the inner product is of course defined differently in (A.17). In terms
of expectations we can rewrite (A.17) in the form

aEX}]+ mEXoX)] = E[YX] (A.18)
aE[X1 Xs] + E[X5] (A.19)

I
=
h<
=

from which oy and o are easily found.
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Before establishing the projection theorem for a general Hilbert space we
need to introduce some new terminology.

Definition A.4 (Closed subspace). A linear subspace # of a Hilbert space
H is said to be a closed subspace of F if M contains all of its limit points
(i.e. if xy € M and ||x, —x|| — O imply that x € A ).

Definition A.5 (Orthogonal complement). The orthogonal complement of a
subset M of A is defined to be the set .M+ of all elements of H which are
orthogonal to every element of M. Thus

xe.#* ifandonlyif (x,y)=0 (writtenx Ly) (A.20)

forallye #.

Theorem A.1. If .# is any subset of a Hilbert space S then .4~ is a closed
subspace of .

Proof. Omitted. O

Theorem A.2 (The projection theorem). If .# is a closed subspace of the
Hilbert space 7€ and x € ¢, then

1. there is a unique element X € .# such that

— %] = inf [x— A21
[be =& = inf fb—yll (A21)

and
2. R€ M and |x—%|| =infye 4 |[x—y|| ifand only if £ € M and (x—%) € M.
The element % is called the (orthogonal) projection of x onto M.

Proof. Omitted — see Brockwell and Davis [1991]. O

Theorem A.3 (The projection mapping of S onto .#). If 4 is a closed
subspace of the Hilbert space 7€ and I is the identity mapping on J€, then
there is a unique mapping P, of 7€ onto M such that I — P, maps 5 onto
M*. Py is called the projection mapping of 7 onto M .

Proof. By the projection theorem, for each x € J# there is a unique £ € .#
such that x — £ € .#*. The required mapping is therefore

Pyx=2x x e . (A.22)
O

Theorem A.4 (Properties of projection mappings). Let 7 be a Hilbert space
and let P denote the projection mapping onto a closed subspace . Then

1. Py(ax+By) = aP yx+BPyy.
2. |lxl? = [|Pgxll* 4+ | (I — Py )x||*.
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3. each x € 5 has a unique representation as a sum of an element of .4 and
an element of ML e

x=Pyx+(I—Py)x. (A.23)
4. Pyxy, — Pyxif||x, —x|| = 0.
5. x€ A ifand only if P yx = x.
6. x € .#* ifand only if P yx = 0.
7. M C Ay ifand only if Py P g x = Py x for all x € 2.
Proof. Omitted — but rather obvious from a geometrical point of view. [

A.3.1 Prediction equations

In the following a set of equations, the so-called prediction equations will be
derived. The equations describe how to find the projection that gives the mini-
mum mean square error (Minimum MSE).

Given a Hilbert space 77, a closed subspace .# and an element x € 7,
then the projection theorem shows that the element of .# closest to x is the
unique element £ € .# such that

(x—%y) =0 forally e .. (A.24)

Compare the general equation above with the special cases in the examples
prior to projection theorem.

The quantity, X = P 4x, is frequently called the best predictor of x in the
subspace M .

Remark A.1. It is helpful to visualize the projection theorem in terms of Figure
A.1, which depicts the special case in which # = R>, and . is the plane
containing x1 and x», and Yy = P 4. The prediction equation (A.24) is simply
the statement that y — ¥ must be orthogonal to .# . The projection theorem tells
us that y = P 4y is uniquely determined by this condition for any Hilbert space
F and closed subspace M .

The projection theorem and the prediction equations play fundamental
roles in time series analysis, especially for estimation, approximation, filter-
ing and prediction. Examples will be given.

Example A.6 (Minimum MSE linear prediction).

Let {X,, t =0,£1,...} be a stationary process on (Q,.F,P) with mean zero
and autocovariance function y(-), and consider the problem of finding the best
linear combination

n
Xny1 = Z ¢ann+17j (A.25)
=1

which best approximates X1 in the sense that E[(X, 11 — Z;!: 1 On anH,j)z]
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is minimum. This problem is easily solved with the aid of the projection theo-
rem by taking # = L*(Q, .F P) and M = {Z?=1 OjXnp1—j: ..., 0, €RY}.
Since minimization of E[|X,+1 — X,11|?] is identical to minimization of the
squared norm || X, 11 — X,11||%, we see at once that X,,11 = P,y X,+1. The pre-
diction equations are

n
(Xur1— Y 0njXur1-,Y) =0 forallY € A (A.26)
j=1
which, by the linearity of the inner product, are equal to the n equations

n
Xos1— Y, OnjXur1-j,Xe) =0 k=nn—1,..,1. (A.27)
j=1

Recalling the definition (X,Y) = E[XY] of the inner product in L*(Q,.7 P),
we see that the prediction equations can be written in the form

1—‘n(l)n =M (A.28)

where @, = (@n1, s @), Yo = (¥(1),....¥(n))" and Ty = [y(i — j)I} ;_,- The
projection theorem guarantees that there is at least one solution ¢, to the prob-
lem. If ', is singular then there are infinitely many solutions, but the projection
theorem guarantees that every solution will give the same (uniquely defined)
predictor.

A.4 Conditional expectation and linear projections

It is well known that the conditional expectation plays a central role in time
series analysis, as the optimal prediction (under some mild assumptions) is
found using the conditional expectation.

Consider the random variables ¥ and X from L2.

Definition A.6 (The conditional expectation). The conditional expectation of
X givenY =y is

oo

EXIY =)= | tfiroy@)ds (A29)

where fX|y:y(x) is the conditional density function for X givenY =y.

Remember that E[X|Y = y] is a number, whereas E[X|Y] is a stochastic
variable.

It can be shown that the operator E[X|Y] on L? has all the properties of a
projection operator, in particular

E[cX +dZ|Y] = CcE[X|Y]+dE[Z]Y],
E[l]Y] = 1.
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Theorem A.S (Best mean square predictor). The conditional expectation
E[X|Y] is the best mean square predictor of X in My, i.e. the best function
of Y for predicting X.

Proof. Follows from the projection theorem. O

However, the determination of projections on .#y is usually very difficult.
On the other hand it is relatively easy instead to calculate the projection of X
on span{1,Y} C .4y, i.e. the linear projection

E[X|Y] =a+bY (A.30)

which gives a subset of the best function of Y (in the mean square sense) for
predicting X.

The linear projection (A.30) is a projection of X onto a subspace of .Zy.
Therefore it can never have a smaller mean square error than E[X|Y]. However
it is of great importance for the following reasons:

e The linear projection (A.30) is easier to calculate.

o It depends only on the first and second order moments, E[Y], E[X], E[Y?],
E[X?] and E[XY], of the joint distribution of (¥,X).

e If (Y,X)' has a multivariate normal distribution then the conditional expec-

tation is linear, i.e.
span{1,Y} = .#y. (A.31)
Let us now consider two multivariate stochastic variables X and Y and the
corresponding second order representation (first and second order moments for
(X,Y))
My, Ux, Xxx,Xxy, Zyy. (A.32)

Theorem A.6 (Linear projection in L?). Given the second order representation
for (X,Y) the linear projection is given by

E[X|Y] = pux + ZxyZyy (Y — 1) (A.33)
and the variance is
Var[X — E[X|Y]] = Zxx — ZxyZ,yZyx. (A.34)
Furthermore
Cov[X —E[X|Y],Y] =0, (A.35)

i.e. the error X —E[X|Y] is uncorrelated with Y.

Proof. From the prediction equations:

(X-EX|r],y) = 0,
(X-EX[Y[,1) = 0,
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or

(a+by)Y) = (X,Y),
(a+by,1) = (X,1).

Using the fact that in the multivariate case the inner product in L? is
(X,Y) =E[XYT] we get
aE[Y]" +bE[YY"] = E[XY],
a+bE[Y] = E[X].

By solving these equations and using the fact that Tyy = E[XY'] —
EX]E[Y] we obtain

= IxvY,y, (A.36)
a = px—ZxyIyply. (A37)
Hence the linear projection is
E[X|Y] = ux —IxyZyy (Y — py). (A.38)
The variance follows immediately
VarX —E[X|Y]] = Var[X—a—bY]

= Xxx-+ bebe —bYyx — nybT

= Xxx —ZxyZypIyx.

The orthogonality between the error X — E[X|Y] and Y follows directly
from the projection theorem. O

Theorem A.7. If (X,Y)T has a normal distribution then X|Y is normal dis-
tributed with mean

E[X|Y] = ux — Zxy Iy, (Y — 1) (A.39)
and variance
Var[X|Y] = Var[X —E[X|V]] = Zxx — ZxyZ,y Zyx. (A.40)
The error X —E[X|Y] and Y are stochastic independent.

Proof. Omitted. O

Let us illustrate the importance of the equations above by a couple of ex-
amples.
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Example A.7 (Regression). Let us consider the regression in L> of Y on X
E[Y|X]=X06 (A.41)

and assume that E[X] = E[Y] =0.

Note that — compared to the discussion above — we have interchanged
X and Y. And in order to compare the results directly with the ordinary LS
estimator for the general linear model in R" we have also interchanged X and
0.

The best estimator is found by the prediction equations

(Y —E[Y|X],X)=0 (A.42)
or
(Y —X6,X) =0. (A.43)
Then we get
Yyx —07Exx =0 (A.44)
or
6= Txy. (A.45)

Compare this result with the well-known LS estimator in %".

Next an example where the formulation of the linear projection above is
used directly. As this example is very important it is embedded in a section.

A.5 Kalman filter

As mentioned in the introduction, the Kalman filter can be used for estimat-
ing some variables, which are not directly measured, by using some measured
variables, which are correlated with the unmeasured variables. In the case of
the Kalman filter the correlation between the unmeasured variables X and the
measured variables Y is described by a linear state space model.

Consider the linear stochastic state space model

Xy =A X1+ By 1 teny, (A.46)

Y; = G X; +ey, (A47)

where X; is a m-dimensional state vector, u; is the input vector and Y; is the
measured output vector. The matrices A;, B; and C; are known and have appro-
priate dimensions.

The two white noise sequences {e¢;,} and {e,,} are mutually uncorrelated
with variance X ; and X, ;, respectively.

The matrices A;, B, C;, X1 and Xp ; might be time varying, as indicated by
the notation. However, in the rest of this example we skip the index ¢ although
all the given results are valid in the time varying case.
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Let us consider the problem of estimating X;,; given the observations
{Ys;s =t,6—1,...} and input {us,s =1 —1,...}. In the case k = 0 the problem
is called reconstruction or filtering. The solution to this problem is given by
the linear projection theorem.

It is clear that the linear projection theorem also is valid for the conditioned
stochastic variable (YX)'|Z. If the stochastic variables have a normal distribu-
tion we get

E[X|Y,Z] = E[X|Z] + Cov[X,Y|Z]Var '[Y|Z](Y —E[Y|Z]),  (A48)

Var[X|Y,Z] = Var[X|Z] — Cov[X,Y|Z]Var '[Y|Z]CT[X,Y|Z].  (A.49)

Let us now introduce
%:(Ylu"'uyt)a (ASO)

which is a vector of all observations until time ¢. The input is assumed to be
known.
Further introduce

A

Xy = EXi %], (A51)
Ve = Eeul#], (A52)
and the variances
fiklt = Var[X,|%], (A.53)
S = Var[Y]#], (A.54)
i = CovlXew Y], (A.55)

then we have the Kalman filter

Theorem A.8 (Kalman filter — Optimal reconstruction). The reconstruction
Xi\e which has the smallest mean square error is given by

N N ) -1 N
Ry =R+ (Bh) (6=Tu) (A.56)

tr—1

and the variance of the reconstruction error is
poye yn (Y (e ) (A.57)
tle = -1 tle—1 \ Tt|r—1 te—1) :
Further the construction error and the observations are orthogonal, i.e.
Cov [Xeix — E[ X1k %], %] = 0. (A.58)

Proof. LetX =X,;,Y =Y; and Z = %/_| and use the linear projection theorem.
See e.g., Madsen [2007] for details.
Together with equations for making one-step predictions in the state space
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model the above equations give the Kalman filter. It is readily seen that the
prediction equations are

Xt-ﬁ-l\t ZAXm + Buy, (A.59)
= AZRAT + 1, (A.60)

Y T
Z-;illt =C ;‘jl‘,c +X (A.61)

with initial values

Xij0 = E[X1] = uo, (A.62)
ﬁ‘o =Var[X;]| =V,. (A.63)
O

We now leave the projections in L? and continue by considering projections
in R”,

A.6 Projections in R"”
Previously we showed that R” is a Hilbert space with the inner product
(x,y) =xTy. (A.64)

In many statistical applications it is convenient to consider the weighted inner
product
(r,y)gr =227y (A.65)

where X is a positive definite symmetric matrix.
For both definitions of the inner product we have the norm

[lx[] = v/ (x,x). (A.66)

Consider a closed subspace .# of the Hilbert space R". The following
theorem enables us to compute P ,x directly from any specified set of vectors
{x1,...,xXm} (m < n) spanning .# .

Theorem A.9. Ifx; e R"i=1,...,m, and .# = span{x,,...,x,} then
Pyx=Xp (A.67)
where X is the n X m matrix whose j*" column is x j and
XTxp=x"x. (A.68)

Equation (A.68) has at least one solution for B but the prediction X B is the
same for all solutions. There is exactly one solution of (A.68) if and only if X'X
is non-singular and in this case

Pux=XXTXx)"'xTx. (A.69)
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Proof. Since P yx € ., we can write
m

Pyx=Y Bixi=Xp. (A.70)
i=1

The prediction equations (A.24) are equivalent in this case to
(XB,xj) = (x,xj), j=1,....m (A.71)

or in matrix form
XTxB=x"x. (A.72)

The existence of at least one solution for § is guaranteed by the existence of
the projection P ,x. The fact that X 8 is the same for all solutions is guaranteed
by the uniqueness of P ,x — see the projection theorem. O

Remark A.2. If {x|,...,x,} is a linearly independent set then there must be
a unique vector 3 such that P yx = X . This means that (A.68) must have a
unique solution, which in turn implies that X'X is non-singular and

Pyx=XX"X)"'xTx forall x e R". (A.73)

The matrix X(XTX)™'XT must be the same for all linearly independent
sets {x1,...,Xm} spanning M since P j is uniquely defined.
Remark A.3. Given a real n x n matrix M, how can we tell whether or not
there is a subspace M of R" such that Mx = P yx for all x € R"? If there
is such a subspace we say that M is a projection matrix. Such matrices are
characterized by the next theorem.

Theorem A.10. The n x n matrix M is a projection matrix if and only if
(a) MT =M, and
(b) M* =M, i.e. the matrix M is idempotent.

Proof. Omitted — but it is easily verified that (a) and (b) are satisfied for the
matrix X (X7X)~1x7T. O






Appendix B

Probability theory

In this appendix it is the intention to give a brief overview of probability theory.
Some of the concepts introduced are widely used in the lecture notes. It is not
necessary to understand all the technical details, but an intuitive understanding
of the concepts introduced is important.

B.1 Measures and o-algebras

Let Q denote a finite sample space which contains all the elementary outcome
w; fori=1,2,... ,N. In a two period binomial model the elementary outcome
is the state of the world at time # = 2, which determines the stock price at that
time.

Definition B.1 (c-algebra). Let Q be a set of points ®. A family % of subset
of Q is called a 6-algebra if

1. oe¢F

22 Ae F=A€e s

3 A, €7 forn=12,..= A, €Z

n=1
The definition says that (1) the empty set is an element of .%#. (2) If A €
Z, then the complement of A is in .%# as well. As an example the entire set
Q € .7 since the empty set is in .%. (3) Countable unions of elements of .#
are elements of .% as well.

Example B.1. The family of all subsets of Q is an example of an o©-
algebra, and it is denoted by 2. In the two period binomial model with
Q= (w,w,w3,ns) we have

22 = (2,0, 03,01, {0, 0}, {0, 03}, {0, s}, {02, 03},
{on, 04}, {ws, o}, {01, 0,03}, {01, 0, 04},
{o1, 03,04}, {0, 03, 04}, {1, 0, 03, 04 },Q}. (B.1)
Definition B.2 (Measurable space). A pair (Q,.%), where Q is a set and F is

a o-algebra on Q, is called a measurable space, and the subsets of Q which
are in & are called & -measurable sets.

Definition B.3. A probability measure P on a measurable space (Q, %) is a
Sfunction P : .F — [0,1] such that

337
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1. P()=0, P(Q)=1.
2. If A1, Ay, ... € F and {A;}7, is disjoint (i.e. AiNAj = @ if i # j) then

IP(UA,) =Y P(4)). (B.2)
i=1 i=1
The triple (Q,.7,P) is called a probability space.

B.2 Partitions and information

Definition B.4 (Partition). A partition & of a set Q is a finite family
{A;,i=1,2,...,K} of subsets of Q, such that

K
1. JAi=Q

i=1
2. i#j:>AiﬂAj =d.

Consider a sample space Q and a given partition & = {A;;i=1,2,...,K}
of Q. We can then interpret & intuitively in terms of “information” in the
following way.

1. "Someone" chooses an outcome @ of the sample space Q, which is un-
known to us.
2. However, we are assumed to know which component of & that @ lies in.
With this interpretation of a partition the trivial partition & = {Q} corresponds
to “no information.” If we assume that the sample space Q = {®;, @, ..., ®,}
is finite, and the partition & = {{®,},{m},...,{®}} then we have “full
information,” since we know exactly which @ is chosen.
Example B.2. Ler Q = {w), ®,, 03,4} denote the sample space, and define
two partitions 21 = {{w, 0 },{@s, 04} } and P, = {{w1, @ },{ms}, {ows}}.
Then intuitively speaking the partition &) contains more information than
partition &y, since one of the elements in &P {ws,®4} is partitioned into
“smaller” elements in partition ;.

This leads to the following definition:

Definition B.5. A partition .7 is said to be “richer” than a partition & if &
and &P are partitions on the same sample space Q, and each component of &
is a union of components of ..

Although the more general concept of c-algebras is used to denote the
“information set,” it might help to think of it as a partition. In the next section
we need the following definition:

Definition B.6 (c-algebra). A o-algebra & generated by a partition & is the
smallest 6-algebra that includes 27, i.e.

1. #CY.
2. 9 is a o-algebra.
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3. If % is a 0-algebra such that & C F then 4 C 7.
The generated G-algebra is denoted 4 = 6{Z}.

Example B.3. Consider a sample space Q = {®,,®,, 03,04} and a partition
P ={{o,m},{w3,04}}. The G-algebra generated by that partition is then
given by

%:{ga{wlva)z}v{abaah}ﬂg}’ (B3)

Example B.4. Let the sample space Q consist of the real numbers in the in-
terval [0, 1]. Define the partitions

P =1{A1,A2,A3,A4} P ={Bi1,B2,B3}

where

1 13 3
Bl_ |:073|:7 BZ_ |:374|:7 B3_ |:471:| .

It is intuitively appealing to state that &P contains more information than &,
because 2P| is partitioned into smaller parts.

B.3 Conditional expectation

The objective of this section is to define the conditional expectation E[X|¥]
where ¢ is a o-algebra, which should be interpreted as the expectation of
X given the information represented by the o-algebra. However, we begin
with the elementary definition of conditional expectation, given the probability
space (Q,#,P) and two stochastic variables X and Z.

Definition B.7 (Conditional probability). The probability of X conditioned on

Z is given by

PX=x,NZ= Zj)
P(Z=z))

The intuition behind this definition is as follows.

P(X:xi|Z:Zj) =

(B.4)

1. The probability of a given event x; is the fraction of the total probability
mass that is assigned to that event, e.g.,

(B.5)

2. When we have conditioned on the event z;, we know that z; has occurred,
hence z; now is the sample space. This explains the normalisation by P(Z =
zj) in (B.4).
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3. The fraction of x; that can occur, given the fact that z; has occurred, is given
by x;Nz e
The definition of the conditional expectation for discrete stochastic variables
is
EX|Z=z] =) xP(X =x|Z=z)). (B.6)

The (unconditional) expectation of a stochastic variable X is given by
- / X(0)dP(o) (B.7)
Q

where the integration is taken over the entire sample space, with respect to the
measure (distribution) IP. This covers the case where no prior knowledge of the
outcome @ is available. Now assume that we know that ® € B, and P(®@) > 0.
As a preliminary definition of conditional expectation we have the following:

Definition B.8 (Conditional expectation given a single event). Given a prob-
ability space (Q,.%,P) assume that B € % with P(B) > 0. The conditional
expectation of X given B is defined by

E[X|B] — / X(@)dP( (B.8)

Note that this definition is very similar to the definition of conditional prob-
abilities given in (B.4), and with a similar interpretation. This definition is now
generalized to the case where the conditioning argument is a partition. Let
P ={Aj,...,Ax} be a partition of Q with P(A;) > 0, then we know from
Section B.2 that this could be interpreted as if we know in which set A; the
true @ lies. This leads to the following preliminary definition of conditional
expectation:

Definition B.9. Let &2 ={A\,...,Ax} be a partition of Q with P(A;) > 0, then
the conditional expectation is given by

E[X| 2] = f o € A,)E[X|A,] (B.9)

n=1

where I{-} denotes the indicator function.

The problem with this definition is that it assumes that each set must have
positive probability, which is a unnecessary restriction as we shall see. To give
an idea of the interpretation of the final definition of conditional expectation,
based on c-algebras, consider the following.

Let & be a partition of Q into Z-atoms,! where the random variable Z is
constant. The o-algebra 4 = ¢(%) generated by this consists of exactly 2"
possible unions of the Z-atoms. It is clear from the elementary definition of

'If the sample space is finite an atom is a set which only consists of one element.
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conditional expectation that the conditional expectation Y is constant on the
Z-atoms, or to be more precise

Y is ¥-measurable. (B.10)

Since Y takes the constant value y; on the Z-atom {Z =z}, we have
/ YdP =y, P(Z=1z). (B.11)
{Z=2}

Applying the elementary definition of conditional probability and expectation
(B.4) and (B.6) we get

/ YdP = Y xP(X =x|Z=z,)P(Z=z))
{Z=z;} i

ZX,‘P(X =xiNZ= Zj)

= / XdP. (B.12)
{Z=z;}

If we write G; = {Z = z;}, this says that E[YIg,] = E[XIg,], where I denotes
the indicator function. Since I is a sum of I, for every G € ¥ we have
E[Ylg] = E[XIG], or

/ YdP = / XdP,  forallGe¥. (B.13)
G G

This leads us to the final definition of conditional expectation.

Definition B.10 (Conditional expectation). Ler (Q,.#,P) be a probability
space, X a stochastic variable on this space and let ¢ C F be a c-algebra
on Q. If Y is a stochastic variable such that

1. Y is 9-measurable

/Y(a))dIF’(a)):/X(a))dIP(a)) forallGe% (B.14)
G G

then Y = E[X|¥] is the conditional expectation of X given 9.
To give an intuitive understanding of conditional expectation given a -
algebra consider the following example.

Example B.5. Suppose we have a finite sample space Q = (@;, @, 03, ®4)
with four possible outcomes. Define three stochastic variables X, Y| and Y»
: Q — R with the following values

W W w3 W4
X 1 2 3 4
Y 1 2 1 2
Y, 15 10 15 10
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Since the stochastic variable X takes different values for all outcomes wj,
the o-algebra generated by that variable is given by

o{X} = {901,003, 04, {0, 0}, {0, 0}, {0, 04}, {0, 03},
{m,04},{03, 04}, {01, 02, 03}, {01, 0, 04},
{0, 03,4}, {0, 03,04}, {0, 2, 03, 0%}, Q} (B.15)

which corresponds to full information. The c-algebra generated by Y| and Y;
contains less "information" since these variables take the same value for
and @ and the same values for @, and wy. The two generated c-algebras

o} =o{hh}={2,{0, 03}, {0, 0}, Q} (B.16)

contain the same information about X despite the fact that Y| and Y, take dif-
ferent values. Assume that each outcome has probability %. By the elementary
definition of conditional expectation we have

1 1

EX|Yi=1] = 5-1+53=2 (B.17)
1 1

EX|Yi=2] = 5245 4=3 (B.18)

which summarize to

2 oc{o,m}

3 oe{w,m}. ®.19)

EX[Y1](w) ={

We shall now check whether the two conditions stated in Definition B.10
are fulfilled. Since E[X|Y](®) is constant on the two subsets {®;,®s} and
{2,004} the conditional expectation (B.19) is measurable with respect to

G{Yl }
The other condition says that

/{whw}}E[XWl](w)dP(a)) = /{wm}x(w)dmw) (B.20)

/{%m}E[XIYl](w)dP(w) ./{%wz‘}X(a))dP(a)) (B.21)

which are also fulfilled. It is easy to show that E[X|c{Y,}] = E[X|o{Y»}],
since the generated o-algebras are the same.

Some of the most important properties of conditional expectation are given
in the following list, where ¢ and .Z denote sub-c-algebras of .7 :

1. If X is ¥-measurable, then E[X|¥] = X a.s.
2. ElaiX; + axX2|9] = aiE[X1|9] + a2E[X2|9] a.s.
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3. If 57 is a sub-c-algebra of ¢, then
E[EX|¥9]|.¢) =E[X|#] as. (B.22)
4. If Z is ¥-measurable and bounded, then
E[ZX|9| =ZE[X|¥9] as. (B.23)

Remark B.1. Intuitively, the statement that X is &-measurable simply means
that X is known, and thus E[X|¥9] = X a.s. Item 2 simply states that the ex-
pectation operator is linear. Eq. (B.22) is often called the Tower Property,
and it states that the most coarse sub-c-algebra € overrules the finer sub-c-
algebra 4. Eq. (B.23) states that we can take out what is known (namely Z)
from the expectation operator.

B.4 Notes

Should you wish to pursue these (purely) mathematical topics, a number of
books are available (Grimmett and Stirzaker [1992], Karatzas and Shreve
[1996], Williams [1995], Royden [1988]). The first reference provides an ex-
cellent and readable introduction to stochastic processes and probability theory
in general. The other references are given in an increasing order of difficulty
and the topics considered herein are outside the scope and aim of these lecture
notes.
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