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Preface

Population genetics is concerned with the distribution of alleles, that is, variants at
a genetic locus, in a population and the dynamics of such a distribution across gen-
erations under the influences of genetic drift, mutations, selection, recombination
and other factors [57]. The Wright—Fisher model is the basic model of mathematical
population genetics. It was introduced and studied by Ronald Fisher, Sewall Wright,
Motoo Kimura and many other people. The basic idea is very simple. The alleles
in the next generation are drawn from those of the current generation by random
sampling with replacement. When this process is iterated across generations, then
by random drift, asymptotically, only a single allele will survive in the population.
Once this allele is fixed in the population, the dynamics becomes stationary. This
effect can be countered by mutations that might restore some of those alleles that
had disappeared. Or it can be enhanced by selection that might give one allele an
advantage over the others, that is, a higher chance of being drawn in the sampling
process. When the alleles are distributed over several loci, then in a sexually
recombining population, there may also exist systematic dependencies between the
allele distributions at different loci. It turns out that rescaling the model, that is,
letting the population size go to infinity and the time steps go to 0, leads to partial
differential equations, called the Kolmogorov forward (or Fokker—Planck) and the
Kolmogorov backward equation. These equations are well suited for investigating
the asymptotic dynamics of the process. This is what many people have investigated
before us and what we also study in this book.

So, what can we contribute to the subject? Well, in spite of its simplicity,
the model leads to a very rich and beautiful mathematical structure. We uncover
this structure in a systematic manner and apply it to the model. While many
mathematical tools, from stochastic analysis, combinatorics, and partial differential
equations, have been applied to the Wright-Fisher model, we bring in a geometric
perspective. More precisely, information geometry, the geometric approach to
parametric statistics pioneered by Amari and Chentsov (see, for instance, [4, 20]
and for a treatment that also addresses the mathematical problems for continuous
sample spaces [9]), studies the geometry of probability distributions. And as a
remarkable coincidence, here we meet Ronald Fisher again. The basic concept
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of information geometry is the Fisher metric. That metric, formally introduced
by the statistician Rao [102], arose in the context of parametric statistics rather
than in population genetics, and in fact, it seems that Fisher himself did not see
this tight connection. Another fundamental concept of information geometry is the
Amari—Chentsov connection [3, 10]. As we shall argue in this book, this geometric
perspective yields a very natural and insightful approach to the Wright-Fisher
model, and with its help we can easily and systematically compute many quantities
of interest, like the expected times when alleles disappear from the population.
Also, information geometry is naturally linked to statistical mechanics, and this
will allow us to utilize powerful computational tools from the latter field, like the
free energy functional. Moreover, the geometric perspective is a global one, and it
allows us to connect the dynamics before and after allele loss events in a manner
that is more systematic than what has hitherto been carried out in the literature. The
decisive global quantities are the moments of the process, and with their help and
with sophisticated hierarchical schemes, we can construct global solutions of the
Kolmogorov forward and backward equations.

Let us thus summarize some of our contributions, in addition to providing a self-
contained and comprehensive analysis of the Wright—Fisher model.

* We provide a new set of computational tools for the basic quantities of interest
of the Wright-Fisher model, like fixation or coexistence probabilities of the
different alleles. These will be spelled out in detail for various cases of increasing
generality, starting from the 2-allele, 1-locus case without additional effects like
mutation or selection to cases involving more alleles, several loci and/or mutation
and selection.

* We develop a systematic geometric perspective which allows us to understand
results like the Ohta—Kimura formula or, more generally, the properties and
consequences of recombination, in conceptual terms.

* Free energy constructions will yield new insight into the asymptotic properties
of the process.

e Our hierarchical solutions will preserve overall probabilities and model the
phenomenon of allele loss during the process in more geometric and analytical
detail than previously available.

Clearly, the Wright—Fisher model is a gross simplification and idealization
of a much more complicated biological process. So, why do we consider it
then? There are, in fact, several reasons. Firstly, in spite of this idealization, it
allows us to develop some qualitative understanding of one of the fundamental
biological processes. Secondly, mathematical population genetics is a surprisingly
powerful tool both for classical genetics and modern molecular genetics. Thirdly,
as mathematicians, we are also interested in the underlying mathematical structure
for its own sake. In particular, we like to explore the connections to several other
mathematical disciplines.

As already mentioned, our book contains a self-contained mathematical analysis
of the Wright—Fisher model. It introduces mathematical concepts that are of interest
and relevance beyond this model. Our book therefore addresses mathematicians
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and statistical physicists who want to see how concepts from geometry, partial
differential equations (Kolmogorov or Fokker—Planck equations) and statistical
mechanics (entropy, free energy) can be developed and applied to one of the most
important mathematical models in biology; bioinformaticians who want to acquire
a theoretical background in population genetics; and biologists who are not afraid
of abstract mathematical models and want to understand the formal structure of
population genetics.

Our book consists essentially of three parts. The first two chapters introduce
the basic Wright-Fisher model (random genetic drift) and its generalizations
(mutation, selection, recombination). The next few chapters introduce and explore
the geometry behind the model. We first introduce the basic concepts of information
geometry and then look at the Kolmogorov equations and their moments. The
geometric structure will provide us with a systematic perspective on recombination.
And we can utilize moment-generating and free energy functionals as powerful
computational tools. We also explore the large deviation theory of the Wright—
Fisher model. Finally, in the last part, we develop hierarchical schemes for the
construction of global solutions in Chaps. 8 and 9 and present various applications in
Chap. 10. Most of those applications are known from the literature, but our unifying
perspective lets us obtain them in a more transparent and systematic manner.

From a different perspective, the first four chapters contain general material, a
description of the Wright-Fisher model, an introduction to information geometry,
and the derivation of the Kolmogorov equations. The remaining five chapters
contain our investigation of the mathematical aspects of the Wright—Fisher model,
the geometry of recombination, the free energy functional of the model and its
properties, and hierarchical solutions of the Kolmogorov forward and backward
equations.

This book contains the results of the theses of the first [60] and the third
author [113] written at the Max Planck Institute for Mathematics in the Sciences
in Leipzig under the direction of the second author, as well as some subsequent
work. Following the established custom in the mathematical literature, the authors
are listed in the alphabetical order of their names. In the beginning, there will be
some overlap with the second author’s textbook Mathematical Methods in Biology
and Neurobiology [73]. Several of the findings presented in this book have been
published in [61-64, 114-118].

The research leading to these results has received funding from the European
Research Council under the European Union’s Seventh Framework Programme
(FP7/2007-2013)/ERC grant agreement no. 267087. The first and the third authors
have also been supported by the IMPRS “Mathematics in the Sciences”.

We would like to thank Nihat Ay for a number of inspiring and insightful
discussions.

Leipzig, Germany Julian Hofrichter
Leipzig, Germany Jiirgen Jost
Leipzig, Germany Tat Dat Tran
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Chapter 1
Introduction

1.1 The Basic Setting

Population genetics is concerned with the stochastic dynamics of allele frequencies
in a population. In mathematical models, alleles are represented as alternative values
at genetic loci.

The notions of allele and locus are employed here in a rather abstract manner.
They thus cover several biological realizations. A locus may stand for a single
position in a genome, and the different possible alleles then are simply the four
nucleotides A, C, G, T. Or a locus can stand for the site of a gene—whatever that
is—in the DNA, and since such a gene is a string of nucleotides, say of length L,
there then are 4% different nucleotide combinations. Of course, not all of them will
be realized in a population, and typically there is a so-called wildtype or default
gene, together with some mutants in the population. The wildtype gene and its
mutants then represent the possible alleles.

It makes a difference whether we admit finitely many or infinitely many such
possible values. Of course, from the preceding discussion it is clear that in biological
situations, there are only finitely many, but in a mathematical model, we may also
consider the case of infinitely many possibilities. In the finite case, they are drawn
from a fixed reservoir, and hence, there is no possibility of genetic novelty in such
models when one assumes that all those alleles are already present in the initial
population. In the infinite case, or when there are more alleles than members of the
population, not all alleles can be simultaneously present in a finite population, and
therefore, through mutations, there may arise new values in some generation that
had not been present in the parental generation.

We consider here the finite case. The finitely many possible values then are
denoted by O, ...,n. The simplest nontrivial case, n = 1, on one hand, already
shows most of the features of interest. On the other hand, the general structure of
the model becomes clearer when one considers arbitrary values of n.

© Springer International Publishing AG 2017 1
J. Hofrichter et al., Information Geometry and Population Genetics,
Understanding Complex Systems, DOI 10.1007/978-3-319-52045-2_1



2 1 Introduction

We consider a population of N diploid individuals, although for the most basic
model, the case of a population of 2N haploid individuals would lead to a formally
equivalent structure. (Here, “diploid” means that at each genetic locus, there are two
alleles, whereas in the “haploid” case, there is only one.)

We start with a single genetic locus. Thus, each individual in the population car-
ries two alleles at this locus, with values taken from O, . . ., n. Different individuals
in the population may have different values, and the relative frequency of the value
i in the population (at some given time) is denoted by p;. We shall also consider p as
a probability measure on S,+; := {0, ..., n}, that s,

Xn:pi = 1. (1.1.1)
i=0

The relationship between the deterministic concept of a frequency and the stochastic
concept of a probability of course requires some clarification, and this will be
addressed below, through the passage to a continuum limit.!

The population is evolving in time, and members pass on genes to their offspring,
and the allele frequencies p; then change in time through the mechanisms of
selection, mutation and recombination. In the simplest case, one has a population
with nonoverlapping generations. That means that we have a discrete time index #,
and for the transition from 7 to ¢ 4 1, the population V; produces a new population
Vi+1. More precisely, members of V; can give birth to offspring that inherit their
alleles. This process involves potential sources of randomness. Most basically, the
parents for each offspring are randomly chosen, and therefore, the transition from
the allele pool of one generation to that of the next defines a random process. In
particular, we shall see the effects of random genetic drift. Mutation means that
an allele may change to another value in the transition from parent to offspring.
Selection means that the chances of producing offspring vary depending on the value
of the allele in question, as some alleles may be fitter than others. Recombination
takes place in sexual reproduction, that is, when each member of the population has
two parents. It is then determined by chance which allele value she inherits when
the two parents possess different alleles at the locus in question. Depending on how
loci from the two parents are combined, this may introduce correlations between the
allele values at different loci.

Here is a remark which is perhaps obvious, but which illuminates how the
biological process is translated into a mathematical one. As already indicated, in
the simplest case we have a single genetic locus. In the diploid case, each individual
carries two alleles at this locus. These alleles could be different or identical, but
for the basic process of creating offspring, this is irrelevant. In the diploid case,
for each individual of the next generation, two parents are chosen from the current
generation, and the individual inherits one allele from each parent. That allele then is

Tn a certain sense, we shall sidestep the real issue, and in this text, we do not enter into the issue
of objective and subjective probabilities.
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randomly chosen from the two that parent carries. The parents are chosen randomly
from the population, and we sample with replacement. That means that when a
parent has produced an offspring it is put back into the population so that it has
the chance to be chosen for the production of further offspring. To be precise,
we also allow for the possibility that one and the same parent is chosen twice for
the production of an individual offspring. In such a case, that offspring would not
have two different parents, but would get both its alleles from a single parent, and
according to the procedure, then even the same allele of that parent could be chosen
twice. (Of course, when the population size N becomes large—and eventually, we
shall let it tend to infinity—, the probability that this happens becomes exceedingly
small.) But then, formally, we can look at the population of 2N alleles instead of
that of N individuals. The rule for the process then simply says that the next allele
generation is produced by sampling with replacement from the current one. In other
words, instead of considering a diploid population with N members, we can look
at a haploid one with 2N participants. That is, for producing an allele in the next
generation, we randomly choose one parent in the current population of 2N alleles,
and that then will be the offspring allele. Thus, we have the process of sampling
with replacement in a population of size 2N. The situation changes, however, when
the individuals possess several loci, and the transmission of the alleles at different
loci may be correlated through restrictions on the possible recombinations. In that
case, we need to distinguish between gametes and zygotes, and the details of the
process will depend on whether we recombine gametes or zygotes, that is, whether
we perform recombination after or before sampling. This will be explained and
addressed in Chap. 5.

Since we want to adopt a stochastic model, in line with the conceptual structure
of evolutionary biology, the future frequencies become probabilities, that is, instead
of saying that a fraction of p; of the 2N alleles in the population has the value i, we
shall rather say that the probability of finding the allele i at the locus in question is
pi- While these probabilities express stochastic effects, they will then change in time
according to deterministic rules.

Although we start with a finite population with a discrete time dynamics,
subsequently, we shall pass to the limit of an infinite population. In order to
compensate for the growing size, we shall make the time steps shorter and pass to
continuous time. Obviously, we shall choose the scaling between population size
and time carefully, and we shall obtain a parabolic differential equation for the
deterministic dynamics of the probabilities in the continuum limit.

1.2 Mutation, Selection and Recombination

The formal models of population genetics make a number of assumptions. Many of
these assumptions are not biologically plausible, and for essentially any assumption
that we shall make, there exist biological counterexamples. However, the resulting
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gain of abstraction makes a mathematical analysis possible which in the end will
yield insights of biological value.

We consider a population V; that is changing in discrete time ¢ with nonover-
lapping generations, that is, the population V,y; consists of the offspring of
the members of V,. There is no spatial component here, that is, everything is
independent of the location of the members of the population. In particular, the
issue of migration does not arise in this model.

Moreover, we shall keep the population size constant from generation to
generation.

While we consider sexual reproduction, we only consider monoecious or, in a
different terminology, hermaphrodite populations, that is, they do not have separate
sexes, and so, any individual can pair with any other to produce offspring. We
also assume random mating, that is, individuals get paired at random to produce
offspring.

The reproduction process is formally described as follows. For each individual
in generation ¢ + 1, we sample the generation ¢ to choose its one or two parents. The
simplest case is to take sampling with replacement. This means that the number of
offspring an individual can foster is only limited by the size of the next generation.
If we took sampling without replacement, each individual could only produce one
offspring. This would not lead to a satisfactory model. Of course, one could limit
the maximal number of offspring of individuals, but we shall not pursue this option.

Each individual in the population is represented by its genotype £. We assume
that the genetic loci of the different members of the population are in one-to-one
correspondence with each other. Thus, we have loci « = 1,..., k. In the haploid
case, at each locus, there can be one of n, 4 1 possible alleles. Thus, a genotype is
of the form £ = (£',... &%), where £ € {0, 1,...,n,}. In the diploid case, at each
locus, there are two alleles, which could be the same or different. We are interested
in the distribution of genotypes & in the population and how that distribution changes
over time through the effects of mutation, selection, and recombination.

The trivial case is that each member of V; by itself, that is, without recombination,
produces one offspring that is identical to itself. In that case, nothing changes in
time. This baseline situation can then be varied in three respects:

1. The offspring is not necessarily identical to the parent (mutation).

2. The number of offspring an individual produces or may be expected to produce
varies with that individual’s genotype (selection).

3. Each individual has two parents, and its genotype is assembled from the
genotypes of its parents (sexual recombination).

Item 2 leads to a naive concept of fitness as the realized or the expected number
of offspring. Fitness is a difficult concept; in particular, it is not clear what the unit
of fitness is, whether it is the allele or the genotype or the ancestor of a lineage, or in
groups of interacting individuals even some higher order unit (see for instance the
analysis and discussion in [70]). Item 3 has two aspects:
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(a) Each allele is taken from one of the parents in the haploid case. In the diploid
case, each parent produces gametes, which means that she chooses one of her
two alleles at the locus in question and gives it to the offspring. Of course,
this choice is made for each offspring, so that different descendents can carry
different alleles.

(b) Since each individual has many loci that are linearly arranged on chromosomes,
alleles at neighboring loci are in general not passed on independently.

The purpose of the model is to understand how the three mechanisms of mutation,
selection and recombination change the distribution of genotypes in the population
over time. In the present treatise, item 3, that is, recombination, will be discussed in
more detail than the other two.

These three mechanisms are assumed to be independent of each other. For
instance, the mutation rates do not favour fitter alleles.

For the purpose of the model, a population is considered as a distribution
of genotypes. Probability distributions then describe the composition of future
populations. More precisely, p,(£) is the probability that an individual in generation
t carries the genotype £. The model should then express the dynamics of the
probability distribution p; in time 7.

For mutations, we consider a matrix M = (mg,) where &, range over the
possible genotypes and mg), is the probability that genotype 1 mutates to genotype &.
In the most basic version, the mutation probability m¢, depends only on the number
d(&,n) (d standing for distance, of course) of loci at which & and 7 carry different
alleles. Thus, in this basic version, we assume that a mutation occurs at each locus
with a uniform rate m, independently of the particular allele found at that locus.
Thus, when the allele i at the locus o mutates, it can turn into any of the n, other
alleles that could occur at that locus. Again, we assume that the probabilities are
equal, and so, it then mutates with probability ,:Z into the allele j # i. In the simplest
case, there are only n + 1 = 2 alleles possible at each locus. In this case,

mey = mdEN (1 — p)k—dEn (1.2.1)

When the number n + 1 of alleles is arbitrary, but still the same at each site, we
have instead

mAdED ;o\ k—dEn)
e, = (n) (1 - n) . (12.2)

In contrast to mutation, recombination is a binary operation, that is, an operation
that takes two parent genotypes 7, ¢ as arguments to produce one offspring genotype
&. Here, a genotype consists of a linear sequence of k sites occupied by particular
alleles. We consider the case of monoecious individuals with haploid genotypes for
the moment. An offspring is then formed through recombination by choosing at
each locus the allele that one of the parents carries there. When the two parents
carry different alleles at the locus in question, we have to decide by a selection rule
which one to choose. This selection rule is represented by a mask p, a binary string
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of length k. An entry 1 at position o means that the allele is taken from the first
parent, say 7, and a 0 signifies that the allele is taken from the second parent, say ¢.
Each genotype is simply described by a string of length k, and for k = 6, the mask
100100 produces from the parents n = n;...1¢ and { = ;... ¢ the offspring
& = 11828314856 The recombination operator

Rege = pr(i) Cenz (1) (12.3)
n

is then expressed in terms of the recombination schemes Cg, (1) for the masks u
and the probabilities p, (1) for those masks. In the simplest case, all the possible 2¢
masks are equally probable, and consequently, at each locus, the offspring obtains
an allele from either parent with probability 1/2, independently of the choices at the
other loci. Thus, this case reduces to the consideration of k independent loci.

Dependencies between sites arise in the so-called cross-over models (see for
example [11]). Here, the linear arrangement of the sites is important. Only masks
of the form . = 11...100...0 are permitted. For such a mask, at the first a(u.)
sites, the allele from the first parent is chosen, and at the remaining k — a(u.) sites,
the one from the second parent. As a can range from O to k, we then have k + 1
possible such masks p., and we may wish to assume again that each of those is
equally probable.

In the diploid case, each individual carries two alleles at each locus, one from
each parent. We think of this as two strings of alleles. It is then randomly decided
which of the two strings of each parent is given to any particular offspring.
Therefore, formally, the scheme can be reduced to the haploid case with suitable
masks, but as we shall discuss in Chap. 5, there will arise a further distinction, that
between gametes and zygotes.

With recombination alone, some alleles may disappear from the populations,
and in fact, as we shall study in detail below, with probability 1, in the long
term, only one allele will survive at each site. This is due to random genetic drift,
that is, because the parents that produce offspring are randomly selected from the
population. Thus, it may happen that no carrier of a particular allele is chosen at
a given time or that none of the chosen recombination masks preserves that allele
when the mating partner carries a different allele at the locus under consideration.
That would then lead to the ultimate extinction of that allele. However, when
mutations may occur, an allele that is not present in the population at time ¢ may
reappear at some later time. Of course, mutation might also produce new alleles that
have not been present in the population before, and this is a main driver of biological
evolution.

For these introductory purposes, we do not discuss the order in which the
mutation and recombination operators should be applied. In fact, in most models
this is irrelevant.

Finally, we include selection. This means that we shall modify the assumptions
that individuals in generation ¢ are randomly selected with equal probabilities as
parents of individuals in generation ¢ 4 1. Formally, this means that we need to
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change the sampling rule for the parents of the next generation. The sampling
probability for an individual to become a parent for the next generation should
now depend on its fitness, that is, on its genotype, according to the naive fitness
notion employed here. Thus, there is a probability distribution p,(§) on the space of
genotypes £. Again, the simplest assumption is that in the haploid case, each allele
at each locus has a fitness value, independently of which other alleles are present
at other loci. In the diploid case, each pair of alleles at a locus would have a fitness
value, again independently of the situation at other loci. Of course, in general one
should consider fitness functions depending in a less trivial manner on the genotype.
Also, in general, the fitness of an individual will depend on the composition of the
population, but we shall not address this important aspect here.

The preceding was needed to the set the stage. However, everything said so far
is fairly standard and can be found in the introduction of any book on mathematical
population genetics. We shall now turn to the mathematical structures underlying the
processes of allele dynamics. Here, we shall develop a more abstract mathematical
framework than utilized before in population genetics.

Let us first outline our strategy. Since we want to study dynamics of probability
distributions, we shall first study the geometry of the space of probability distribu-
tions, in order to gain a geometric description and interpretation of our dynamics.
For the dynamics itself, it will be expedient to turn to a continuum limit by suitably
rescaling population size 2N and generation time &7 in such a way that 2N — oo,
but 2Nét = 1. This will lead to Kolmogorov type backward and forward partial
differential equations for the probability distributions This means that in the limit,
the probability density f(p,s,x, 1) := axl a0 PX(@) = x|X(s) = p) with s < 1 will
satisfy the Kolmogorov forward or Fokker—Planck equation

n

3 1 ¢ o 3 .
oy (o350 = Za,a, M= (pos.x0)= D o (B0 (psix ),

(1.2.4)

and the Kolmogorov backward equation

d 1< . .
AU SRS DP la ,f(p,sxr)+2b'(p,s) il (Pr5:520)
ij=1 i=1
(1.2.5)

where the second order terms arise from random genetic drift, which therefore is
seen as the most important mechanism, whereas the first order terms with their
coefficients b’ incorporate the effects of the other evolutionary forces.

Again, this is standard in the population genetics literature since its original
introduction by Wright and its systematic investigation by Kimura. We shall develop
a geometric framework that will interpret the coefficients of the second order terms
as the inverse of the Fisher metric of mathematical statistics. Among other things,
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this will enable us to find explicit solutions of these equations which, importantly,
are valid across loss of allele events. In particular, we can then determine all
quantities of interest, like the expected extinction times of alleles in the population,
in a more general and systematic manner than so far known in the literature.

1.3 Literature on the Wright-Fisher Model

In this section, we discuss some of the literature on the Wright—Fisher model. Our
treatment here is selective, for several reasons. First, there are simply too many
papers in order to list them all and discuss and compare their relevant contributions.
Second, we may have overlooked some papers. Third, our intention is to develop a
new and systematic approach for the Wright—Fisher model, based on the geometric
as opposed to the stochastic or analytical structure of the model. This approach
can unify many previous results and develop them from a general perspective, and
therefore, we did not delve so deeply into some of the different methods that have
been applied to the Wright-Fisher model since its inception.

Actually, there exist some monographs on population genetics with a systematic
mathematical treatment of the Wright-Fisher model that also contain extensive
bibliographies, in particular [15, 33, 39], and the reader will find there much useful
information that we do not repeat here.

But let us first recall the history of the Wright—Fisher model (as opposed to
other population genetics models, cf. for example [17, 18] for a branching process
model). The Wright-Fisher model was initially presented implicitly by Ronald
Fisher in [46] and explicitly by Sewall Wright in [125]—hence the name. A third
person with decisive contributions to the model was Motoo Kimura. In 1945,
Wright approximated the discrete process by a diffusion process that is continuous
in space and time (continuous process, for short) and that can be described by a
Fokker—Planck equation. By solving this Fokker—Planck equation derived from the
Wright-Fisher model, Kimura then obtained an exact solution for the Wright-Fisher
model in the case of two alleles in 1955 (see [79]). Shortly afterwards, Kimura [78]
produced an approximation for the solution of the Wright—Fisher model in the multi-
allele case, and in [80], he obtained an exact solution of this model for three alleles
and concluded that this can be generalized to arbitrarily many alleles. This yields
more information about the Wright-Fisher model as well as the corresponding
continuous process. We also mention the monograph [24] where Kimura’s theory
is systematically developed. Kimura’s solution, however, is not entirely satisfactory.
For one thing, it depends on very clever algebraic manipulations so that the general
mathematical structure is not very transparent, and this makes generalizations very
difficult. Also, Kimura’s approach is local in the sense that it does not naturally
incorporate the transitions resulting from the (irreversible) loss of one or more
alleles in the population. Therefore, for instance the integral of his probability
density function on its domain need not be equal to 1. Baxter et al. [14] developed
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a scheme that is different from Kimura’s; it uses separation of variables and works
for an arbitrary number of alleles.

While the original model of Wright and Fisher works with a finite population in
discrete time, many mathematical insights into its behavior are derived from its dif-
fusion approximation that passes to the limit of an infinite population in continuous
time. As indicated, the potential of the diffusion approximation had been realized
already by Wright and, in particular, by Kimura. The diffusion approximation
also makes an application of the general theory of strongly-continuous semigroups
and Markov processes possible, and this then lead to a more systematic approach
(cf. [43, 119]). In this framework, the diffusion approximation for the multi-allele
Wright—Fisher model was derived by Ethier and Nagylaki [36-38], and a proof of
convergence of the Markov chain to the diffusion process can be found in [34, 56].
Mathematicians then derived existence and uniqueness results for solutions of the
diffusion equations from the theory of strongly continuous semigroups [34, 36, 77]
or martingale theory (see, for example [109, 110]). Here, however, we shall not
appeal to the general theory of stochastic processes in order to derive the diffusion
approximation, but rather proceed directly within our geometric framework.

As the diffusion operator of the diffusion approximation becomes degenerate
at the boundary, the analysis at the boundary becomes difficult, and this issue
is not addressed by the aforementioned results, but was dealt with by more
specialized approaches. An alternative to those methods and results some of which
we shall discuss shortly is the recent approach of Epstein and Mazzeo [29-31] that
systematically treats singular boundary behavior of the type arising in the Wright—
Fisher model with tools from the regularity theory of partial differential equations.
We shall also return to their work in a moment, but we first want to identify
the source of the difficulties. This is the possibility that alleles get lost from the
population by random drift, and as it turns out, this is ultimately inevitable, and as
time goes to infinity, in the basic model, in the absence of mutations or particular
balancing selective effects, this will happen almost surely. This is the key issue,
and the full structure of the Wright-Fisher model and its diffusion approximation
is only revealed when one can connect the dynamics before and after the loss of an
allele, or in analytic terms, if one can extend the process from the interior of the
probability simplex to all its boundary strata. In particular, this is needed to preserve
the normalization of the probability distribution. In geometric terms, we have an
evolution process on a probability simplex. The boundary strata of that simplex
correspond to the vanishing of some of the probabilities. In biological terms, when a
probability vanishes, the corresponding allele has disappeared from the population.
As long as there is more than one allele left, the probabilities continue to evolve.
Thus, we get not only a flow in the interior of the simplex, but also flows within all
the boundary strata. The key issue then is to connect these flows in an analytical,
geometric, or stochastic manner.

Before going into further details, however, we should point out that the diffusion
approximation leads to two different partial differential equations, the Kolmogorov
forward or Fokker—Planck equation on one hand and the Kolmogorov backward
equation on the other hand. While these two equations are connected by a duality
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relation, their analytical behavior is different, in particular at the boundary. The
Kolmogorov forward equation yields the future distribution of the alleles in a
population evolving from a current one. In contrast, the Kolmogorov backward
equation produces the probability distribution of ancestral states giving rise to a
current distribution. See for instance [94]; a geometric explanation of the analogous
situation in the discrete case is developed in Sect. 4.2 of [73].

The distribution produced by the Kolmogorov backward equation may involve
states with different numbers of alleles present. Their ancestral distributions,
however, do not interfere, regardless of the numbers of alleles they involve. Thus,
some superposition principle holds, and the Kolmogorov backward equation nicely
extends to the boundary. For the Kolmogorov forward equation, the situation is more
subtle. Here, the probability of some boundary state does not only depend on the
flow within the corresponding boundary stratum, but also on the distribution in the
interior, because at any time, there is some probability that an interior state loses
some allele and turns into a boundary state. Thus, there is a continuous flux into
the boundary strata from the interior. Therefore, the extension of the flow from the
interior to the boundary strata is different from the intrinsic flows in those strata,
and no superposition principle holds.

As we have already said, there are several solution schemes for the Kolmogorov
forward equation in the literature. For the Kolmogorov backward equation, the
situation is even better. The starting point of much of the literature was the
observation of Wright [126] that when one includes mutation, the degeneracy at
the boundary is removed. And when the probability of a mutation of allele i into
allele j depends only on the target j, then the backward process possesses a unique
stationary distribution, at least as long as those mutation rates are positive. This then
lead to explicit representation formulas for even more general diffusion processes,
in [25, 27, 35, 53, 54, 86, 105, 106, 112]; these, however, were rather of a local
nature, as they did not connect solutions in the interior and in boundary strata
of the domain. Finally, much useful information can be drawn from the moment
duality [68] between the Wright—Fisher model and the Kingman coalescent [81],
see for instance [26] and the literature cited there. The duality method transforms
the original stochastic process into another, simpler stochastic process. In particular,
one can thus connect the Wright—Fisher processes and its extension with ancestral
processes such as Kingman’s coalescent [81], the method of tracing lines of descent
back into the past and analyzing their merging patterns (for a brief introduction,
see also [73]; for an application to Wright—Fisher models cf. [88]). Some of these
formulas, in particular those of [35, 106] also pertain to the limit of vanishing
mutation rates. In [106], a superposition of the contributions from the various strata
was achieved whereas [35] could write down an explicit formula in terms of a
Dirichlet distribution. However, this Dirichlet distribution and the measure involved
both become singular when one approaches the boundary. In fact, Shimakura’s
formula is simply a decomposition into the various modes of the solutions of a
linear PDE, summed over all faces of the simplex; this illustrates the rather local
character of the solution scheme.
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Some ideas from statistical mechanics are already contained in the free fitness
function introduced by Iwasa [67] as a consequence of H-theorems. Such ideas will
be developed here within the modern theory of free energy functionals. A different
approach from statistical mechanics which can also produce explicit formulae
involves master equations for probability distributions; they have been applied to
the Moran model [89] of population genetics in [65]. That model will be briefly
described in Sect. 2.4.

Large deviation theory has been systematically applied to the Wright—Fisher
model by Papangelou [96—100], although this is usually not mentioned in the
literature. In Chap. 7, we can build upon his work.

As already mentioned, the Kolmogorov equations of the Wright-Fisher model
are not accessible to standard stochastic theory, because of their boundary behavior.
In technical terms, the square root of the coefficients of the second order terms of
the operators is not Lipschitz continuous up to the boundary. As a consequence, in
particular the uniqueness of solutions to the above Kolmogorov backward equations
may not be derived from standard results.

In this situation, Epstein and Mazzeo [29-31] have developed PDE techniques to
tackle the issue of solving PDEs on a manifold with corners that degenerate at the
boundary with the same leading terms as the Kolmogorov backward equation (1.2.5)
for the Wright-Fisher model in the closure of the probability simplex in (A,)—cc =
A, X (—00, 0). Such an analysis had been started by Feller [43] (and essentially also
[42]), who had considered equations of the form

3 P 3
o J D =2, fCnn) + b, f(x.1) forx >0 (1.3.1)

with b > 0, that is, equations that have the same singularity at the boundary
x = 0 as the Fokker-Planck or Kolmogorov forward equation of the simplest
type of the Wright—Fisher model. Feller could compute the fundamental solution
for this problem and thereby analyze the local behavior near the boundary. In
particular, the case where b — 0 is subtle; in biological terms, this corresponds
to the transition from a setting with mutation to one without, and without mutation,
the boundary becomes absorbing. For more recent work in this direction, see for
instance [21]. In any case, this approach which focusses on the precise local analysis
at the boundary and which only requires a particular type of asymptotics near the
boundary and can therefore apply general tools from analysis, should be contrasted
with Kimura’s who looked for global solutions in terms of expansions in terms of
eigenfunctions and which needs the precise algebraic structure of the equations.
Epstein and Mazzeo [29, 30] then take up the local approach and develop it much
further. A main achievement of their analysis is the identification of the appropriate
function spaces. These are anisotropic Schauder spaces. In [31], they develop a
different PDE approach and derive and apply a Moser type Harnack inequality,
that is, the probably most powerful general tool of PDE theory for studying the
regularity of solutions of partial differential equations. According to general results
in PDE theory, such a Harnack inequality follows when the underlying metric and
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measure structure satisfy a Poincaré inequality and a measure doubling property,
that is, the volume of a ball of radius 2r is controlled by a fixed constant times
the volume of the ball of radius » with the same center, for all (sufficiently small)
r > 0. Since in the case that we are interested in, that of the Wright—Fisher model,
we identify the underlying metric as the standard metric on the unit sphere, such
properties are natural in our case. Also, in our context, their anisotropic Schauder
spaces C{%(A,,) would consist of k times continuously differentiable functions
whose kth derivatives are Holder continuous with exponent y w.r.t. the Fisher metric
(a geometric concept to be explained below which is basic for our approach). In
terms of the Euclidean metric on the simplex, this means that a weaker Holder
exponent (essentially ) is required in the normal than in the tangential directions
at the boundary. Using this framework, they subsequently show that if the initial
values are of class C(%(An), then there exists a unique solution in that class. This
result is very satisfactory from the perspective of PDE theory (see e.g. [72]). Our
setting, however, is different, because the biological model forces us to consider
discontinuous boundary transitions. The same also applies to other works which
treat uniqueness issues in the context of degenerate PDEs, but are not adapted to the
very specific class of solutions at hand. This includes the extensive work by Feehan
[41] where—amongst other issues—the uniqueness of solutions of elliptic PDEs
whose differential operator degenerates along a certain portion of the boundary 92
of the domain €2 is established: For a problem with a partial Dirichlet boundary
condition, i.e. boundary data are only given on 92 \ 0p€2, a so-called second-
order boundary condition is applied for the degenerate boundary area; this is that
a solution needs to be such that the leading terms of the differential operator
continuously vanishes towards dy€2, while the solution itself is also of class C!
up to dp€2. Within this framework, Feehan then shows that—under certain natural
conditions—degenerate operators satisfy a corresponding maximum principle for
the partial boundary condition, which assures the uniqueness of a solution. Again,
our situation is subtly different, as the degeneracy behaviour at the boundary is
stepwise, corresponding to the stratified boundary structure of the domain A,,, and
hence does not satisfy the requirements for Feehan’s scenario. Furthermore, in the
language of [41], the intersection of the regular and the degenerate boundary part
0092, would encompass a hierarchically iterated boundary-degeneracy structure,
which is beyond the scope of that work.

Finally, we should mention that the differential geometric approach to the
Wright—Fisher model was started by Antonelli-Strobeck [5]. This was further
developed by Akin [2].

1.4 Synopsis

We now briefly describe, in somewhat informal terms, our approach and results.
Again, we begin with the case of a single locus. As already indicated, we consider
the relative frequencies or probabilities p°, ..., p" on the set {0, 1, ..., n} of possible
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alleles at our locus. This leads to the simplex

n

= p.....p") p' = Oforall i, Zpizl
i=0

of probability distributions on a set of n 4+ 1 elements. This means that when
p € »" and we draw an allele according to the probability distribution p, we obtain
i with probability p’. The various faces of 3" then correspond to configurations
where some alleles have probability 0. Again, when we take the probabilities
as relative frequencies, this means that the corresponding alleles are not present
in the population. Concerning the oscillation between relative frequencies and
probabilities, the situation is simply that the relative frequencies of the alleles in
one generation determine the probabilities with which they are represented in the
next generation according to our sampling procedure. And in the most basic model,
we sample according to the multinomial distribution with replacement.

A fundamental observation is that there exists a natural Riemannian metric
on the probability simplex ¥". This metric is nor the Euclidean metric of the
simplex, but rather the Fisher metric. Fisher here stands for the same person as
the originator of the Wright—Fisher model, but this metric did not emerge from his
work on population genetics, but rather from his work on parametric statistics, and
apparently, he himself did not realize that this metric is useful for the model. In
fact, the Fisher metric was developed not really by Fisher himself, but rather by the
statistician Rao [102]. The Fisher metric is a basic subject of the field of information
geometry that was created by Amari, Chentsov, and others. Information geometry,
that is, the theory of the geometry of probability distributions, deals with a geometric
structure that not only involves a Riemannian metric, but also two dually affine
structures which are generated by potential functions that generalize the entropy
and the free energy of statistical mechanics. We refer to the monographs [3, 10].

It will appear that the Fisher metric becomes singular on the boundary of
the probability simplex 3", These singularities, however, are only apparent, and
they only indicate that from a geometric perspective, we have chosen the wrong
parametrization for the family of probability distributions on n + 1 possible types. In
fact, as we shall see in Chap. 3, a better parametrization uses the positive sector §7, of
the n-dimensional unit sphere. (This parametrization is obtained by p’ = ¢' = (p')?
for a probability distribution (p°, p',...,p") on the types 0, 1,...,n.) With that
parametrization, the Fisher metric of " s nothing but the Euclidean metric on
S§* — R"t! which, of course, is regular on the boundary of §% .

More generally, the Fisher metric on a parametrized family of probability
distributions measures how sensitively the family depends on the parameter when
sampling from the underlying probability space. The higher that sensitivity, the
easier is the task of estimating that parameter. That is why the Fisher metric is
important for parametric statistics. For multinomial distributions, the Fisher metric
is simply the inverse of the covariance matrix. This indicates on one hand that
the Fisher metric is easy to determine, and on the other hand that it is naturally
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associated to our iterated sampling from the multinomial distribution. In fact, the
Kolmogorov equations can naturally be interpreted as diffusion equations w.r.t. the
Fisher metric. One should note, however, that the Kolmogorov equations are not
in divergence form, and therefore, they do not constitute the natural heat equation
for the Fisher metric, or in other words, they do not model Brownian motion
for the Fisher metric. They rather have to be interpreted in terms of the dually
affine connections of Amari and Chentsov that we mentioned earlier. From that
perspective, entropy functions emerge as potentials. In particular, this will provide
us with a beautiful geometric approach to the exit times of the process, that is,
the expected times of allele losses from the population. When considering so-
called exponential families (called Gibbs distributions in statistical mechanics),
information geometry also naturally connects with the basic quantities of statistical
mechanics. These are entropy and free energy. As is well known in statistical
mechanics, the free energy functional and its derivatives encode all the moments
of a process. We shall make systematic use of this powerful scheme, and also
indicate some connections to recent research in stochastic analysis. In Chap. 7, we
shall explore large deviation principles in the context of the Wright—Fisher model.
Moreover, the geometric structure behind the Kolmogorov equations will also guide
our analysis of the transitions between the different boundary strata of the simplex.
This will constitute our main technical achievement.

As discussed, the key is the degeneracy at the boundary of the Kolmogorov
equations. While from an analytical perspective, this presents a profound difficulty
for obtaining boundary regularity of the solutions of the equations, from a biological
or geometric perspective, this is very natural because it corresponds to the loss
of some alleles from the population in finite time by random drift. And from
a stochastic perspective, this has to happen almost surely. For the Kolmogorov
forward equation, in Chap. 8, we gain a global solution concept from the equations
for the moments of the process, which incorporate the dynamics on the entire
simplex, including all its boundary strata. This also involves the duality between
the Kolmogorov forward equation and the Kolmogorov backward equation. In
Chap. 9, we then develop a careful notion of hierarchically extended solutions of
the Kolmogorov backward equation, and we show their uniqueness both in the time
dependent and in the stationary case. The stationary case is described by an elliptic
equation whose solutions arise from the time dependent equation as time goes to
infinity.> The stationary equation is important because, for instance, the expected
times of allele loss are solutions of an inhomogeneous stationary equation. From
our information geometric perspective, as already mentioned, we can interpret these
solutions most naturally in terms of entropies.

2In fact, one might be inclined to say that time goes to minus infinity in the backward case, because
this corresponds to the infinite past. With this time convention, however, the Kolmogorov backward
equation is not parabolic. When we change the direction of time, it becomes parabolic, and we can
then speak of time going to infinity. This mathematically natural, although not compatible with the
biological interpretation.
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In Chap. 10, we shall explore how the schemes developed in this book, namely
the moment equations and free energy schemes, information geometry, the expan-
sions of solutions of the Kolmogorov equations in terms of Gegenbauer polyno-
mials, will provide us with computational tools for deriving formulas for basic
quantities of interest in population genetics.

We mainly focus on the basic Wright—Fisher model in the absence of additional
effects like selection or mutation. Nevertheless, we shall describe, in line with
the standard literature, how this will modify the equations. Also, in Sect.6.1, we
shall systematically apply the moment generating function and energy functional
method to those issues. The issue of recombination will be treated in more detail
in Chap. 5 because here our geometric approach on one hand leads to an important
simplification of Kimura’s original treatment and on the other hand also provides
general insight into the geometry of linkage equilibria.



Chapter 2
The Wright-Fisher Model

2.1 The Wright-Fisher Model

The Wright—Fisher model considers the effects of sampling for the distribution of
alleles across discrete generations. Although the model is usually formulated for
diploid populations, and some of the interesting effects occurring in generalizations
depend on that diploidy, the formal scheme emerges already for haploid populations.
In the basic version, with which we start here, there is a single genetic locus that
can be occupied by different alleles, that is, alternative variants of a gene.' In the
haploid case, it is occupied by a single allele, whereas in the diploid case, there are
two alleles at the locus. Biologically, diploidy expresses the fact that one allele is
inherited from the mother and the other from the father. However, the distinction
between female and male individuals is irrelevant for the basic model. In biological
terminology, we thus consider monoecious (hermaphrodite) individuals. Inheritance
is then symmetric between the parents, without a distinction between fathers and
mothers. Consequently, it does not matter from which parent an allele is inherited,
and there will be no effective difference between the two alleles at a site, that is, their
order is not relevant. Even in the case of dioecious individuals, one might still make
the simplifying assumption that it does not matter whether an allele is inherited
from the mother or the father. While there do exist biological counterexamples, one
might argue that for mathematical population genetics, this could be considered as
a secondary or minor effect only. Nevertheless, it would not be overly difficult to
extend the theory presented here to also include such effects.

Generalizations will be discussed subsequently, and we start with the simplest
case. In particular, for the moment, we assume that there are no selective differences
between these alleles and no mutations. These assumptions will be relaxed later,
after we have understood the basic model.

'Obviously, the term “gene” is used here in a way that abstracts from most biological details.
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In order to have our conventions best adapted to the diploid case, we consider
a population of 2N alleles. In the haploid case, we are thus dealing with 2N
individuals, each carrying a single allele, whereas in the diploid case, we have N
individuals carrying two alleles each.

For each of these alleles, there are n 4 1 possibilities. We begin with the simplest
case, n = 1, where we have two types of alleles A% A'. In the diploid case, an
individual can be a homozygote of type A°’A° or A'A! or a heterozygote of type
AA! or A'A°—but we do not care about the order of the alleles and therefore
identify the latter two types. The population reproduces in discrete time steps. In the
haploid case, each allele in generation m 4 1 is randomly and independently chosen
from the allele population of generation m. In the diploid case, each individual in
generation m + 1 inherits one allele from each of its parents. When a parent is a
heterozygote, each allele is chosen with probability 1/2. Here, for each individual
in generation m + 1, randomly two parents in generation m are chosen. All the
choices are independent of each other. Thus, the alleles in generation m + 1 are
chosen by random sampling with replacement from the ones in generation m. In this
model, the two parents of any particular individual might be identical (that is, in
biological terminology, selfing is possible), but of course, the probability for that to
occur goes to zero like 1{, when the population size increases. Also, each individual
in generation m may foster any number of offspring between 0 and N in generation
m + 1 and thereby contribute between 0 and 2N alleles.

In any case, the model is not concerned with the lineage of any particular
individual, but rather with the relative frequencies of the two alleles in each
generation. Even though the diploid case appears more complicated than the haploid
one, at this stage, the two are formally equivalent, because in either case the 2N
alleles present in generation m + 1 are randomly and independently sampled from
those in generation m. In fact, from a mathematical point of view, the individuals
play no role, and we are simply dealing with multinomial sampling in a population
of 2N alleles belonging to n + 1 different classes. The only reason at this stage to
talk about the diploid case is that that case will offer more interesting perspectives
for generalization below.

The quantity of interest therefore is the number? ¥,, of alleles A” in the population
at time m. This number then varies between 0 and 2N. The distribution of allele
numbers thus follows the binomial distribution. When n > 1, the principle remains
the same, but we need to work more generally with the multinomial distribution. We
shall now discuss the basic properties of that distribution.

2The random variable Y will carry two different indices in the course of our text. Sometimes, the
index m is chosen to indicate the generation time, but at other occasions, we rather use the index
2N for the number of alleles in the population, that is, more shortly, (twice) the population size.
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2.2 The Multinomial Distribution

We consider the basic situation of probabilities pO, ...,p"ontheset {0,1,...,n}.
That is, we consider the simplex

=% pt. ... p") i pt = 0forall i, Zpi =1
i=0

of probability distributions on a set of 4 1 elements. When we consider an element
p € %, and draw one of those elements according to the probability distribution p,
we obtain the element i with probability p'.

For each time step of the Wright—Fisher model, we draw 2N times independently
from such a distribution p, to create the next generation of alleles from the current
one. Call the corresponding random variables Y}, standing for the number of alleles
A" drawn that way. We utilize the index 2N for the total number of alleles here as
subsequently we wish to consider the limit N — oo. For simplicity, we shall write
i in place of A'. When we draw once, we obtain a single element i, that is, Y{ =1

and Y{ = 0 for all j # i. Since that element had probability p, we have
E(Y)) = B((Y}))?) = p' forall i, and E(YiY}) = 0 forj # i (2.2.1)
and hence
Var(Y)) = p'(1 —p'), Cov(YiY}) = —p'p/ fori # j. (2.2.2)

When we draw 2N times independently from the same probability distribution p,
we consequently get for the corresponding random variables Y},

E(Yiy) = 2Np', Var(Yiy) = 2Np'(1 —p'), Cov(YiyY}y) = —2Np'p/ fori # j.
(2.2.3)

By the same kind of reasoning, we also get
E((Y3y)*) = O(2N) (2.2.4)

for all other moments (where « is a multi-index with |e| > 3 whose convention will
be explained below in Sect. 2.11).
We also point out the following obvious lumping lemma.

Lemma 2.2.1 Consider a map

Z: En _>Em

() (g™
with ¢/ = D imiii 41 ijpi where iy = —1, i, = n, (2.2.5)
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that is, we lump the alleles Ai—1F+1 Al jnto the single super-allele B/. Then the
random variable Z5, that records multinomial sampling from %,, is given by

Zy= Y Yy (2.2.6)

|

2.3 The Basic Wright-Fisher Model

For the Wright-Fisher model, we simply iterate this process across several genera-
tions. Thus, we introduce a discrete time m and let this time m now be the subscript
for Y instead of the 2N that we had employed so far to indicate the total number of
alleles present in the population. Instead of the absolute probabilities of multinomial
sampling, we now need to consider the transition probabilities.

That is, when we know what the allele distribution at time m is and when we
multinomially sample from that distribution, we want to know the probabilities
for the resulting distribution at time m + 1. We also not only want to know the
expectation values for the numbers of alleles—which remain constant in time—and
the variances and covariances—which grow in time in the sense that if we start at
time O and want to know the distribution at time m, the formulas in (2.2.3) acquire a
factor m—, but we are now interested in the entire distribution of allele frequencies.

We recall that we have n + 1 possible alleles A .. A"ata given locus, still in a
diploid population of fixed size N. There are therefore 2N alleles in the population
in any generation, so it is sufficient to focus on the number Y, = (Yyln, ..., Y0) of
alleles A',..., A" at generation time m. Assume that Yo = no = ({n},....n4})
and that, as before, the alleles in generation m + 1 are derived by sampling with
replacement from the alleles of generation m. Thus, the transition probability is
given by the multinomial formula

i

(2N)! (7Y
(Yo = y[Yn =) @0)!@1)!'“@")!5) N @3.1)
where
ny eSS = n:(nl,...,n”):nie{O,l,...,ZN},Zni§2N§
i=1
and

" =2N—|p|=2N—n'—... =" W=2N—|y|=2N—y' —... ="
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In particular, if n/ = 0 for some j, then also

P(Y,u+1 = y|Y = n) = 0 whenever y/ # 0, (2.3.2)
and
(ON)! 7\
PY1 =y[Yn=1n) = GO (DI () ];[ (21\/) .
7]

(2.3.3)

for yy = 0. Thus, whenever allele j disappears from the population, we simply get
the same process with one fewer allele. Iteratively, we can let n alleles disappear so
that only one allele remains which will then live on forever.

Returning to the general case, we then also have the probability

PWpir =yYo=n) = Y PFus1 =YYn = 1) PWn = Nl Yoot = 1)

P(Yl = 7]1|Y0 = 7’}). (234)

This is the probability for finding the allele distribution y at generation m + 1
when the process started with the distribution 1 at generation 0. In order to go from
time O to time m + 1, we sum over all possibilities at intermediate times. This is also
called the Chapman—Kolmogorov equation.

In terms of this probability distribution, we can express moments as

E((Yn4 ) Yo =) = Y y*P(Yp1 = y|¥o = 1), (2.3.5)

y
assuming that the process started with the allele distribution 7 at time O.
From (2.2.3), we have
E(Ym+1|Ym = nm) = Nm, (2.3.6)
and iterating (2.3.6), we get

E(Ynt+1|Yo = 1) = n. (2.3.7)

In particular, by (2.3.6), the expected allele distribution at generation m + 1 equals
the allele distribution at generation m, and the iteration (2.3.7) then tells us that it
also equals the allele distribution at generation 0. Thus, the expected value does not
change from step to step. This, or more precisely (2.3.6), is also called the martingale

property.
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In order to prepare for the limit N — oo, we rescale

1 Y.
t= " , and hence 6t = , X = N (2.3.8)
2N 2N 2N
We then get a discrete Markov chain X; valued in {0, ,} ..., l}n with r = 1 for

X now corresponding to 2N generations for Y. With X,45; = X; + §X;, we then have
from (2.3.5)

(X80 |Xo = x0) = ) x* P = x|Xo = x0) (2.3.9)
where
P(Xi1s = x|Xo = x0) = P(Yyy1 = y|Yo = 1) (2.3.10)
and as in (2.2.3)
E(§X!) = 0, (2.3.11)
E(§X!.5X)) = X! (8; — X))t = zivx;'((s,.j — X)), (2.3.12)

noting that each time only one allele is drawn so that E(XfX{) = 0 for i # j. Also,
from (2.2.4) and (2.3.8),

E($X)® = o(8f) = o(}lv) for |ee| > 3. (2.3.13)

We now denote by m, () the ath-moment of the distribution at the #th generation,
ie.,

my (1) = E(X)* (2.3.14)

Then
me (t + 8t) = E(X; + §X)* (2.3.15)
Expanding the right hand side and noting (2.3.11)—(2.3.13), we obtain the

following recursion formula, under the assumption that the population number N
is sufficiently large to neglect terms of order 1\}2 and higher,

me(t + 81) = % 1— '“|(|°‘2| B 1)} ma(t) + > “"(“"2_ l)ma_ei(t) (2.3.16)

i=1
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Under this assumption, the moments change very slowly per generation and we
can replace this system of difference equations by a system of differential equations:

it () = — |“|(|°‘2| Do + 3 “i(“iz_ D e 1), (2.3.17)

i=1

2.4 The Moran Model

There is a variant of the Wright—Fisher model, the Moran model [89], that instead
of updating the population in parallel does so sequentially. When we shall pass to
the continuum limit below, the two models will have the same limits, and therefore
succumb to the same analysis. The Moran model will be useful for understanding
the relation with the Kingman coalescent below.

In order to introduce the Moran model, we slightly change the interpretation
of the Wright—Fisher model. Instead of letting members of the population produce
offspring, we simply replace them by other individuals from the population. Thus,
at every generation, for each individual in the population, randomly some individual
is chosen, possibly the original individual itself, that replaces it. If we do that for all
individuals simultaneously, we obtain a process that is equivalent to the Wright—
Fisher process. But then, instead of updating all individuals simultaneously, we can
also do that sequentially. Thus, for the Moran model, at a random time, we randomly
select one individual in the population and replace by some other random individual.

Thus, if there are n* carriers of allele A* in a population of haploid individuals

of size 2N, then the chance that a carrier of A’ is chosen for replacement is 2’7;\,, and

the chance that it is replaced by an individual of type A’ is 2'711, Thus, altogether, we
have that the probability of having a transition from a carrier of A’ to one of A/ is

i
T (2.4.1)
2N 2N
The expected number of individuals of type A/ after such a transition is
" . J
o= (2.4.2)
‘g 2N2N 2N

that is, this expected number is not affected by the transition. Thus, we can let
the process run and each random time, selected at some rate A, we can do such
a transition.

More generally, the arguments leading to (2.2.1) and (2.2.2) apply, and we
therefore get the same results for the variances and covariances as for the Wright—
Fisher model when we do this random updating 2N times.
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2.5 Extensions of the Basic Model

We return to the basic Wright—Fisher model and want to discuss how this model is
modified when mutation and/or selection effects are included. From the discussion
in Sect. 2.4 it is clear that we shall get analogous results for the Moran model.
In order to have a framework for naturally including mutation and selection,
instead of (2.3.1), we write
(2N)! S IIPANY
POt =¥Yn =0 = o)y LT@)7 @5.1)

i=0

where the ! which replace 2'71‘\, in (2.3.1) now should include those effects. The
rationale is this. In the original model (2.3.1), 2"1:/ simply was the chance to find the
allele A' when randomly picking an allele from the pool. When the alleles can mutate
before sampling (since we let the processes of sampling and mutation alternate,
their order plays no role), that probability is increased or decreased according to
the net contribution of mutations to the frequency of A’. When selection operates,
the chance to pick A’ is multiplied by a factor that expresses its relative fitness in
the population. In other words, the fitter alleles or allele combinations have a higher
chance of being chosen than the less fit ones. In order to incorporate selection effects
in a simple mathematical model, we shall need to make some assumptions that
simplify the biology.

Let us begin with mutation. Let %j be the fraction of alleles A’ that mutate into
allele A/ in each generation. (The factor ; is introduced here for convenience in

Sect. 6.2 below.) For convenience, we put #; = 0. Then 2”1:, needs to be replaced by

4 20" = 3 O + X D!
' = B B , 252
Vinae (1) AN (252
to account for the net effect of A’ mutating into some other A/ and conversely, for
some A’/ mutating into A'. When there is no mutation, then all ¥ = 0, and we have

() = J, and we are back to (2.3.1).
It turns that the case where the mutation rate depends only on the target, while

biologically not so realistic, is mathematically particularly convenient. In that case,
Uy =: 0 forall i #j, (2.5.3)
and (2.5.2) becomes

2- Z;‘l=0,j7éi ' + 0 Z;:o d

e (2.5.4)

Wé]u[ (77) =
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We model selection by assigning to each allele pair A’A’ a fitness coefficient
1 + oy. This includes the special case where the fitness of allele A’ has a value
1 + o; that does not depend on which other allele it is paired with; in that case,
1404 = ;(1 +0i) + é(l +0) =1+ Gi—ggf is the average of the fitness values
of the two alleles. Thus, our convention is that the baseline fitness in the absence of
selective differences is 1. This will be convenient in Chap. 4. We shall assume the

symmetry

Although there do exist some biological examples where one may argue that
this is violated, in general this seems to be a biologically plausible and harmless

assumption.
nl

When such selective differences are present, ,,

needs to be replaced by

Y=ol + o'

Yia() == -
sl Zj,k:o(l + Ujk)’]]’?k

(2.5.6)

When there are no selective differences, that is, o;; = 0, then since Z]’.lzo nf =
2N, we are again back to (2.3.1).

We should note that the absolute fitness 1 + oy of an allele pair A’A’ thus depends
only that allele pair itself, but not on the relative frequencies of these or other

o . . l+U,‘j
alleles in the population. Only the relative fitness S o (anint

depends on the

composition of the population. This is clearly an assumption that excludes many
cases of biological interest. For instance, the relative fitness of males and females
depends on the sex ratio in the population.’

The combined effect of mutation and selection may depend on the order in which
they occur. A natural assumption would be that selection occurs before mutation and
sampling. In that case, 7 in (2.5.2) would have to be replaced by ¥, (). Later on,
when we compute moments, however, this will play no role, as the two effects will
simply add to first order.

In any case, instead of (2.3.1), we now have

n

eV Ty (25.7)

P(Ypt1 =y|Yn=1n) = OOON! ... ()] plles

where () now incorporates the effects of mutation and selection. When no
mutations occur and no selective differences exist, then ¥'() = 7', and we have
the original model (2.3.1).

3This was already analyzed by Fisher [47]. See [74] for a systematic analysis.
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Analogously to (2.2.1), we have
E(Y,,41Ym = 1) = 2Ny (1), (2.5.8)

or equivalently, with X; = 2’;{,, 8X; = X;4+1 — X, as before,

i i X
E@X;) = ¢¥'(x) — N’ (2.5.9)
We shall assume that the mutation rates satisfy
W =0(. ) (2.5.10)
and the selection coefficients 1 + oj; likewise satisfy
o( 1 ) (2.5.11)
Oji = Q.
/ N

for all 7, and large N, and we consequently define
eij = 2Nl9,'j, 9]' = 2N'19j,
Sij = 2NO',:I'. (2512)
Thus, since the o0y; are symmetric, so are the s;;, that is,
Sij = Sji- (2513)
We then have
Vix) = ! (1 + Zs--xj - Zs-kxjx") - Z Qijxi + Z eﬁxj) + o( ! ).
2N - v m ! —~ 2 — 2 2N
(2.5.14)
This implies

i i i 1 i j ik eij i jS j
E@GX) =v¢'(x) —x' = 2N(x (;siix’—%:sjkx/x)—zj: Zx —i—; 2x/)

1

+0(2N

1, 1
) =: 2Nb () +0(2N)- (2.5.15)

The vector b'(x) will later on determine the drift terms in the Kolmogorov
equations.
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We also get from (2.5.10), (2.5.11)
E(§X/86X))) = ! x"(8-~—xf')+o(1)—- ! a’(x) + o( ! ) (2.5.16)
R NT Y N 2N 2N "

The terms a¥(x) will become the coefficients of the diffusion term in the
Kolmogorov equations.
We also have

1
E(8X) = o, ) for |a| = 3. (2.5.17)

Thus, under the assumptions (2.5.10) and (2.5.11), the second and higher
moments are the same, up to terms of order o( 2§\,), as those for the basic model,
see (2.3.12), (2.3.13).

Besides selection and mutation, there is another important ingredient in models
of population genetics, recombination. That will be treated in Chap. 5.

2.6 The Case of Two Alleles

Before embarking upon the mathematical treatment of the general Wright—Fisher
model in subsequent chapters, it might be useful to briefly discuss the case where
we only have two alleles, A% and A!. This is the simplest nontrivial case, and the
mathematical structure is perhaps more transparent than in the general case.

We let x be the relative frequency of allele A'. That of A° then is 1 — x. Likewise,
we let y be the absolute frequency of A'; that of A? then is 2N —y. The corresponding
random variables are denoted by X and Y. The multinomial formula (2.3.1) then
reduces to the binomial formula

N\, i i .
P(Ypit = j|Y, = i) = = _ YNJfori,j=0,...,2N. (2.6.1
Y1 =]l ) (J. )(2N)( o) forij (2:6.1)

Thus, in the absence of mutations and selection, the formulas (2.3.11), (2.3.12)
become

1
— 2 _ _
E(X) =0. E@X)* = X(1-X). (2.6.2)

The moments

m(f) = (X)) (2.6.3)
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then satisfy

. k(k — 1) _
iy =" VE(X( = X)X )
k(k—1) k(k—1) 264
= —1(r) — ).
, Mk 1(1) 5 my (1)
We next look at the case with mutation, and we put u := 0jp,v := 6y, that
is, A! mutates to A® at the rate 4‘1‘\,, and in turn A° mutates to A! at the rate 45\,.
Then (2.5.14), (2.5.15) become (writing b(x) in place of b'(x))
v + v
bon(0) = = H S (2.6.5)

In the case of selection, when the fitness values of A°’A°, A°’A' A'A' are 1 + .},
1+ é’g, and 1, resp., (for instance, h = ;), we get

bee1(x) = x(1 —x)(h — 1 + x — 2hx)s, (2.6.6)

and if we have both mutation and selection,

b(x) = bumu(x) + bsel (x). (2.6.7)
The diffusion coefficient is
a(x) = x(1 —x). (2.6.8)
Thus, altogether we have
E(5X,|X,) = (; _V ; “ X, X~ X)(h— 1+ X, — 20X,)5) 51 + 0(80).

E((6X)*[X;) = X:(1 — X,)81 + 0(81),

E((8X,)?|X,) = o(81), for a > 3.
2.6.9)

2.7 The Poisson Distribution

The Poisson distribution is a discrete probability distribution that models the number
of occurrences of certain events which happen independently and at a fixed rate
within a specified interval of time or space. This may be perceived as a limit
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of binomial distributions with the number of trials N tending to infinity and a
correspondingly rescaled success probability py € O( 11,).

The formal definition is that a discrete random variable X is said to be Poisson
distributed with parameter A > 0, if its probability mass function satisfies

Ake*
PX =k = X for k € N. (2.7.1)
We have
ke—A k—le—A
E(X) =2k =AM = A (27.2)
kef)» k*Zef/\ k*lef/\
E(X?) = 3 & =2 Azx(k—z)! + Zkkx(k—l)! =2+
and hence
Var(X) = A. 2.7.3)

2.8 Probabilities in Population Genetics

In this section we shall introduce some quantities which are important in population
genetics and which we shall compute in Chap. 10 as applications of our general
scheme. For the notation employed, please see Sect. 2.11.3 below.

2.8.1 The Fixation Time

In the basic Wright-Fisher model, that is, in the absence of mutations, the number
of alleles will decrease as the generations evolve, and eventually, only one allele
will survive. This allele then will be fixed in the population. One then is naturally
interested in the time 7 when the last non-surviving allele dies out. This is the
fixation time, when a single allele gets fixed in the population. This fixation time
is finite with probability 1, indeed, since we are working on a finite state space and
the boundary is absorbing, that is,

P(t < 00) = lim P(r <m) = lim P(¥,, € {0,2N}) = 1. (2.8.1)
m—>00 m—>00
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2.8.2 The Fixation Probabilities

The calculation of the fixation probabilities of the individual alleles, that is, the
probabilities with which each allele becomes the single surviving allele, is rather
easy. In fact, from (2.3.7), we know that

n = E(YulYo =n) = E(Y: Pt <m)|[Yo = n) + EXu P(r = m)|Yo = 1)
— E(Y;|Yy = 1) form — oo (2.8.2)

by (2.8.1). This means that the expected number of alleles A’ at 7 is equal to 7/, and

therefore their relative frequency is 2”1]\,. Thus, the probability for finding allele A/ at

v

the fixation time 7 is N

2.8.3 Probability of Having (k + 1) Alleles (Coexistence)

Thus, when we start our population with n+ 1 alleles, eventually only one allele will
survive, as all but one alleles will successively die out. Therefore, we would like to
know, at an arbitrary generation, how many alleles are present. The corresponding
probability is called the coexistence probability.

2.8.4 Heterozygosity

More precisely, we would also like to know the distribution of the alleles at each
generation m. For that purpose, we consider the heterozygosity or genetic variability
matrix with entries

2Y Y

P = v ~ 1y

(2.8.3)
which records the probability that two randomly drawn members of generation m

carry the alleles A’ and A/. When we have only two alleles A! and A° and Y stands
for the number of A!’s, then the quantity reduces to

_2Y2N-Y)

2NN -1)’ (2.8.4)

m

the probability that two randomly drawn alleles are of different type. We then have
h, = 0 when t is the fixation time.
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2.8.5 Loss of Heterozygosity

In a diploid population, if an individual has two different alleles at a specific locus,
we say the individual is heterozygous at that locus, and if the two alleles are the
same, the individual is homozygous. The allele frequency is used to characterize
the genetic diversity, or richness of the gene pool, in a population. The measure of
the amount of heterozygosity across loci can be used as a general indicator of the
amount of genetic variability. Loss of heterozygosity in the Wright—Fisher model
results from the random genetic drift.

2.8.6 Rate of Loss of One Allele in a Population Having
(k + 1) Alleles

When we are at a generation in which the population has only k£ + 1 alleles, we
would like to know how quickly one of the remaining alleles will be lost.

2.8.7 Absorption Time of Having (k + 1) Alleles

We denote by T,’fjr'll (p) = inf {t >0:X; € 0:A,|Xo = p} the first time the popula-

tion has at most (k + 1) alleles. Tfi 11 (p) is a continuous random variable valued in
[0, 00).

2.8.8 Probability Distribution at the Absorption Time
of Having (k + 1) Alleles

Xt » then is a random variable valued in d; A,,. We consider its probability valued
n+1

in A,(({iO""’ik}) , 1.e., the probability distribution of the alleles in the population at the
first time when at most (k + 1)-alleles coexist. That is, we ask which alleles survive
at that time and what their frequencies are.

2.8.9 Probability of a Particular Sequence of Extinction

Let Quy—1...2(p', ..., pM) be the probability that for a given initial allele frequen-
cies (p',...,p"), allele AY becomes extinct first, followed by allele A¥~!, AM~2
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and so on, ending with fixation of allele A'. This quantity encodes the order of the
loss of alleles in a population.

2.9 The Kolmogorov Equations

In this section, we shall introduce the Kolmogorov equations which we shall derive
in Sect. 4.2 as the diffusion approximations of Wright—Fisher models. There are two
such equations, the Kolmogorov forward equation for the density function and the
Kolmogorov backward equation for the ancestral state (cf. [82]).

Let us start with a brief description of the general theory. We consider a process
X() = (X'(¢))i=1..., with values in @ C R” and t € (fp,#;) C R which satisfies
the following conditions. Here, originally time ¢ is discrete, but we want to pass to
the continuum limit 6 — 0. The notation will be as in Sect.2.3. In particular, we
consider 2N — oo with 6t = 2}v asin (2.3.8).

: 1 i _ A .
513310 StEg,((SX |X() =x) = b'(x,1), i=1,....n (2.9.1)
and
1 o )
1 t d = = U [ ] =
;}Ln() &ES,(é’X X |X(t)=x) =d"(x,1), ij=1,....n (2.9.2)

existing for all (x,7) € Q X (f, t;) and further

1
li Es: ((6X)*|X(1) =x) =0 293
Jim o B ((6X)%[X(1) = x) (29.3)
for all (x,7) € Q x (t,#) and all multi-indices & = («y,...,q,) with |e| > 3.
In the limit of continuous time and an infinite population, the probability density

f(p,s,x, 1) = 3)61?.”.3)6” P(X(r) < x|X(s) = p) with s < ¢ (if it exists and is smooth

enough), then satisfies

* the Kolmogorov forward equation (also known as the Fokker—Planck equation)

n 2

aatf(p’ s, X, t) = - ; ail (bi(x’ t)f(p’ s, X, t)) + ; Z 8xi8xf (aii(x, t)f(p, S, X, l‘)) R

ij=1

(2.9.4)
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* the Kolmogorov backward equation

32
f(pv s, X, t)

P " P 1 < .
_ — 2 : i E ij
asf(pvssxs t) b (p’s) apif(p,s’x’ t) + 2 a (p’s) aptaI)}

i=1 ij=1

(2.9.5)

with (p,s), (x,1) € Q X (t, t;) in each case.

The probability density function f as given here depends on two points in the
state space (p,s) and (x, ) although either Kolmogorov equation only involves
derivatives with respect to one of them (correspondingly, f needs to be of class C?
with respect to the relevant spatial variables in  and of class C' with respect to the
relevant time variable in (%), ¢1)). In the theory of partial differential equations, the
first order derivatives are called drift terms (with b’ being the drift coefficients),
the second order derivatives diffusion terms (with diffusion coefficients a¥). We
should point out that this convention is the opposite of the biological interpretation,
as the second order terms arise from random genetic drift whereas the first order
terms represent diffusion effects due to such forces as mutation and selection.
Nevertheless, we shall follow the PDE terminology.

By expressing the model through such partial differential equations for prob-
ability density functions rather than as a stochastic process, we shift from the
consideration of random trajectories of the process to the deterministic evolution
of a function which encodes the randomness of the process. This will allow us,
in particular, a detailed treatment of the boundary behaviour and the hierarchical
structure of the process.

2.10 Looking Forward and Backward in Time

When we have described the Wright—Fisher model in Sect. 2.3, we have essentially
asked how a distribution of alleles in the population can be expected to evolve in
the future. Let us normalize the starting time of the process to be 0, which we shall
also call the present. We consider here the rescaled variables X, = ;1”\‘,, in order
to be able to work on the probability simplex X, (see (2.11.13)). Thus, given a
frequency distribution Xy = x, we ask about the probability distribution P(X,,| Xy =
xp) for the random variable X,, for m > 0. Of course, instead of starting with a
single value Xy = xo, we could also have a started with a probability distribution
P(xo) (see also (2.3.4)). The rescaling limit then yields the Kolmogorov forward
equation. Its solution simply yields the probabilities for allele distribution at future
times, in the rescaling limit of an infinite population evolving in continuous time.
That is, it tells us the probabilities of the various possible future states when we
know with which probabilities we started at time 0. And even if we start with a
distribution with non-vanishing frequencies for all alleles A% ... A", that is, with
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an initial condition in the interior X, of the probability simplex, after some time,
one or more alleles may get lost, and we land in the boundary of the simplex. In the
absence of mutations, we can then never come back into the interior. This happens
almost surely along any sample path, and since the dynamics continues to follow
the same pattern in any boundary face, the allele loss gets repeated, until only one
allele survives, and we end up in one of the corners of the simplex. We can also
look into the future at the population level. We can ask about the probabilities for
the offspring of each population member several generations from now. But in the
absence of selective differences, this is trivial. Each individual has the same chance
of producing offspring. Since, in the finite population case, the size of the generation
is fixed, when one individual produces more offspring, others can correspondingly
produce only less. Eventually, the offspring of a single individual will cover the
entire population.

But we can also look backward in time. Given again a current state at time 0,
we can ask about the probabilities of various ancestral states to have given rise to
that current state. Knowing the current state, we can neither determine its future nor
its past precisely, but can compute only the probabilities of future and past states.
Let us first look at the population level. Here, we can ask whether two individuals
in the current generation had the same ancestor in some past generation, or more
precisely, we can compute the probabilities for two or more individuals to have
the same ancestor £ generations back into the past. And we can ask how many
generation we have go back into the past at least so that all members of the current
generation descend from a single ancestor, that is, to find the most recent common
ancestor (MRCA). The resulting stochastic process is Kingman’s coalescent [81];
see Sect. 4.4 for some more details (a concise discussion can also be found in [73]).

Again, we can also ask about probability distributions for the allele frequencies
in the past. In the continuum limit, this is described by the Kolmogorov backward
equation. Thus, when we assume a definite state at time 0, we can ask about the
probabilities for its various ancestral states. The Kolmogorov backward equation
will then show how those ancestral probabilities evolve as time is running backward,
hence the name. This will reveal the same characteristics as in the forward
case: When we let any particular ancestral state evolve in turn, then, with some
probability, it will lose some alleles, that is, move into the boundary of the simplex
before reaching the present. While in the forward case such allele is simply lost and
does no longer influence the process, the backward case is somewhat asymmetric as
the absorption into the boundary will also make itself felt in the interior. Hence, it is
crucial whether our final condition, a probability distribution for relative frequencies
at time 0, also encompassed boundary strata, that is, states where one or more alleles
are lost. Of course, when the final condition is a definite state in the interior, that is,
we assume in particular that no allele loss has happened, then nothing could have
flown into the boundary. In general, however, the possibility of allele loss in the past
leads to some difficulties in the analysis of the backward equation, see Chap. 9.
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2.11 Notation and Preliminaries

In the last section of the current chapter, we systematically assemble some notation.
Random variables have already occurred above when we formally introduced the
basic Wright—Fisher model, but it should nevertheless be useful for the reader
to have all relevant notations in a single place. We then collect the notation for
moment generating functions which will also play an important role in subsequent
chapters. Finally, we introduce some notation concerning the geometry of the
standard simplex and its various faces, as well as for certain function spaces that
are adapted to that geometry.

We often employ a multi-index notation. Thus, & = (aO, ...,a") is a multiindex
with n 4 1 (the number of alleles present) nonnegative integer entries. We also put
le| = Y a'. X* then stands for [;(X")*, when X = (X°,..., X").

2.11.1 Notation for Random Variables

We start with some notations.

We may have either integer times m € N or real times ¢t € R™T. Time is
represented by a subscript. So, Z, or Z; is the value of the random process Z at
time m or t.

We usually consider a population of N diploid individuals. Thus, in the single
locus case, when every individual carries two alleles, we have a population of 2N
alleles.

The random variable Y denotes allele frequencies, whereas X denotes relative
frequencies. When we have alleles A% ... A" ata single locus, their frequencies
are given by ¥ = (Y°,...,Y"). Thus, }_|_, ¥’ = 2N. The corresponding relative
frequencies are given by X' = | Y*. Thus, > 7_ X' = 1.

We usually write p(y°,...,y") = P(Y? =%, ..., ¥"* = y") for the probability
that the components of the random variable Y take the values y'. We shall employ
the same notation for different random variables. Thus, p or P do not denote specific
functions, but stand for the generic assignment of probabilities. Which random
variable is meant will be clear from the variable names and the context.

When we have several loci © = 1, ..., k and possible alleles Aii‘ at locus u, we
denote the (relative) frequencies by Y?~# (Xi-i), In contrast, when we consider

the allele combinations at the loci of diploid individuals, we write Y/" or X/" for

the (relative) frequencies of the combination of alleles i and j in an individual.
We usually ignore the order, that is, we identify the combinations "~ and fl Thus,

K J
Y V=1 Y =Nand Yy, X/ = 1.
Turning to the special case of two loci with two alleles each, we denote the alleles
at the first locus by A%, A', and those at the second locus by B°, B!. Moreover, we
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write for the allele combinations
G’ =A° BY, G' = A° BY, G>=@A', BY), G =(A', BY (2.11.1)

and thus get the corresponding relative frequencies X° = X%, X! = x% x? = x1°,
X3 = X', We also put // = 0(1) if i = 1(0) and write

DI = XX — XVX",

When we use the G's, we also write D' := DY when G* = (A", B)).
Subsequently, we shall often abbreviate

(A" B) = (i)).

This notation possesses the advantage of a straightforward extension to the case of
more than two loci.

2.11.2 Moments and the Moment Generating Functions

We recall some facts about moment generating functions. In particular, we shall
discuss the moment generating function of the multinomial distribution.

LetY = (Y',...,Y) : Q — R'bea tuple of random variables with joint
probabilities p(y!,...,y") = P(Y! = y!,...,¥* = y") for their values. The
moment generating functions then is

M(si.....50) i= B(eZ=T) = 37 p(yl,....y"eZi™s, (2.11.2)
M encodes the moments of the distribution p in the sense that the moment

B = Y0 T1oY PNy

aZ Vi

- (ds1)™ ...(8s1<)”kM(sl""’s”)|“:° s=0- (2.11.3)

We shall also need the following transformation rule. If

14
v =Y d7z (2.11.4)
j=1
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then

E(eXi=) = E(eX= 297y = 3 p(z! =2 )emt T (2.115)

1 L

FARTITN

In particular, when the Y’ are allele frequencies, and X' = 2}\, Y' are the correspond-
ing relative frequencies, then

B(eXi=15%') — E(eXimt k"), (2.11.6)
and where we have of course P(X' = x!,...) = P(Y! =y!,...) withx' = zy;\,
If Y is the sum of k independent random variables Yj,...,Y, with moment
generating functions M;, then
M(sy,....s,) = ]_[Mj(sj) = Z PO, e (2.11.7)

Jj=1 yl ..... Y

When we apply this to multinomial sampling where we sample 2N times
independently, then the resulting random variable is the sum of 2N random variables
obtained by sampling just once. Thus, when, as before, we have n 4 1 possibilities

v = 0,...,n occurring with probabilities p,, we obtain for the moment generating
function
n
M(so.....s0) = (O pve™)?. (2.11.8)
v=0

Thus, with (2.11.3), we recover the moments of the multinomial distribution,
E(Y') = 2Np; (2.11.9)
E(Y'YY) = 4N’pipj + 2Np:i(8;; — p;) (2.11.10)
E(Y'YYY) = 2N(2N — 1)(2N — 2)pip;pe
+2N(@2N — 1)(pipj(8ic + 8j¢) + pipeSij) + 2Npidije,
(2.11.11)

where §;y = 1if i = j = £ and = 0 otherwise. In particular, we have

Cov(Y', ¥) = E(Y'V/) — E(Y)E(YY) = 2Np;(8;; — p;)- (2.11.12)
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2.11.3 Notation for Simplices and Function Spaces

Since we plan to develop a hierarchical scheme for the solution of the Kolmogorov
equations on the various boundary strata of the standard simplex, we need to develop
some notation which allows for the recursive application of our scheme on different
boundary strata. We also need suitable hierarchical products. That is the purpose of
this section.

We recall the simplex

T =200 X, X x> 0forall i, Zf:l ) (2.11.13)
i=0

This is the standard n-simplex in R"*! representing the probabilities or relative

frequencies K0, xt, .., x" of alleles A%, A?, ..., A" in our population. Thus we have

the normalization )7 »' = 1, and we therefore have x” = 1 — "7, x". Often,
however, it is advantageous to work in R” instead of R"t! we shall therefore work
with the (open) n-dimensional standard orthogonal simplex

A, = {(xl,...,x") €R'|¥ > 0fori=1,...,nand Y x < 1}, 2.11.14)
i=1
or equivalently,
A, = {(xl,...,x") €R'|W > 0forj=0.1,....nand 3 & = 1}. (2.11.15)
j=0
Its topological closure is
Ay ={E'.... ) eR|x¥=0fori=1...nand » ¥ <1} (21116
i=1

In order to include time ¢ € [0, 00), we shall also use the notation
(An)oo =A, x (Oa OO)

The boundary dA,, = A, \ A, consists of various subsimplices of descending
dimensions called faces, starting from the (n — 1)-dimensional facets down to the
vertices (which represent 0-dimensional faces). Each subsimplex of dimension k <
n — 1 is isomorphic to the k-dimensional standard orthogonal simplex A;. For an
index set I} = {io, i1,...,i} C{0,...,n} with ij # i forj # L
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We put
AW .= {(xl, LX) € A > 0fori € Ix = 0foriel,\ Ik}. 2.11.17)

We note that A, = Aﬁ,l”) .

For a given k < n — 1, there are of course ("”Ll

+11) different such subsets Iy of I,

each of which corresponds to a certain boundary face A,((I"). We therefore introduce
the k-dimensional boundary d; A, of A, by putting

wAl =) A oAl for0<k<n-—1. (2.11.18)

I CI,

With this notation, we have d, A, = A, although this is not a boundary component.
The concept of the k-dimensional boundary also applies to simplices which are
themselves boundary instances of some A}I’) , I C I, for0 <k <[ < n, thus

A =) A caal. (2.11.19)

I Cl;

In the Wright-Fisher model, A, corresponds to the state of all n 4+ 1 alleles
being present, whereas d; A, represents the state of exactly (any) k + 1 alleles being

present in the population. The individual A,(({io """ i) comprising d; A, correspond to
the state of exactly the alleles iy, ..., iy being present in the population. Likewise,

0k—1 A,(({io""’ik}) corresponds to the state of exactly one further allele out of iy, ..., i
being eliminated from the population. Eventually,

At = ) a®

I Cl,

corresponds to the state of at most (any) k41 alleles being present in the population.
We shall also need the function spaces

H,:= C®(A,), H’:= C(A,), and

H: {f 1 A, — [0, 0o] measurable such that [f, g], < oo, Vg € Hn},

More generally,

Hy = C®(0A,), kell,....nh.
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We shall also use the L?>-product

(f.8) = (f g 1= / FOg0IdA ). (2.1120)

Ay

where 4,(x) is the Lebesgue measure on the simplex A”. (We shall leave out the
index n when the dimension is clear from the context.)

Finally, we need a notion of hierarchical L?-product over a simplex and all of its
boundary simplices:

k=03kA,,

v= [rosmarw =Y [ rwewae
Ay

: (2.11.21)
=) > f FE)dAL D (),

k=0 {ip

and correspondingly

L2( U akAn) = {f: A, — R ‘f|3kAn is A; — measurable and
k=0

/ | £ dAr(x) < oo forall k = 0, .. n} (2.11.22)
Ay

Here, A again stands for k-dimensional Lebesgue measure, but when integrating
over some A,(CI") with 0 ¢ I, the measure needs to be replaced with the one induced
on A" by the Lebesgue measure of the containing R¥+!, which is denoted by
)L,(cl") . However, will also just write & as it is clear from the domain of integration

A,(CI“) with either 0 € I or 0 ¢ I; which version is actually used. We will use 4
without a sub- or superscript for the measure on the closed simplex composed of the
hierarchical family of Lebesgue measures on all its subsimplices.

In order to define an extended solution on A, and its faces (indicated by a
capitalised U) in Sect. 9.2, we shall in addition need appropriate spaces of pathwise
regular functions. Such a solution needs to be at least of class C? in every boundary
instance (actually, a solution typically always is of class C°, which likewise
applies to each boundary instance). Moreover, it should stay regular at boundary

(k)
k

transitions that reduce the dimension by one, i.e. for A;* and a boundary face

A C ak_lA,(:k). Globally, we may require that such a property applies to all
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possible boundary transitions within A, and define correspondingly for / € NU{oo}

U e Cy(An) & Ul an

1, 1,
Wy, a0 € A Uy AY) forallly L1 <d<n

(2.11.23)

with respect to the spatial variables. Likewise, for ascending chains of
(sub-)simplices with a more specific boundary condition, we put for index sets
I, C ... C I, and again for/ € NU {oo}

Ul o is extendable to U e (A Udy— AU with

n
[ )Y .
U e CP()(UAd ) o 1
d—k U| ) = UXA<ld—1)X{d>k} for all max(l,k) <d<n
Y

(2.11.24)

dg—1 A

with respect to the spatial variables.
Finally, we put ¢y := (0,...,0) € R", ¢; := (0,..., 1 ,...,0) € R" for
ith
ief{l,...,n}.

2.11.4 Notation for Cubes and Corresponding Function Spaces

For the regularising blow-up scheme of Sect.9.7.2, we furthermore introduce some
notation for cubes and their boundary instances: In conjunction to the definitions for
A, in Sect.2.11.3, we define for n € N an n-dimensional cube [J,, as

O, :={(p".....p")|p" € (0, Dfori=1,....n}. (2.11.25)

Analogous to A, if we wish to denote the corresponding coordinate indices explic-
itly, this may be done by providing the coordinate index set I, := {i1,...,iy} C
{1,...,n},i; # i; for j # [ as upper index of [J,,, thus

o® — {(p'.....p"|p" € (0, Dforiel}. (2.11.26)

This is particularly useful for boundary instances of the cube (cf. below) or if for
O, itself and if no ordering is needed, the index set may be omitted (in such a case
it may be assumed I/, = {1,...,n} as in Eq.(2.11.25)). Please note that a primed
index set is always assumed to not contain index O (resp. ip = 0, which we usually
stipulate in case of orderings) as the cube does not encompass a Oth coordinate.



42 2 The Wright-Fisher Model

In the standard topology on R”, 00, is open (which we always assume when
writing [J,,), and its closure [J,, is given by (again using the index set notation)

ol = {(p'.....p"|p €0, 1] fori e I}. (2.11.27)

Similarly to the simplex, the boundary d0J,, of [J,, consists of various subcubes
(faces) of descending dimensions, starting from the (n— 1)-dimensional facets down
to the vertices (which represent O-dimensional cubes). All appearing subcubes of
dimension 0 < k < n — 1 are isomorphic to the k-dimensional standard cube [y
and hence will be denoted by [J; if it is irrelevant or given by the context which

) . .
subcube exactly shall be addressed. However, we may state D,(( Y Wwith the index set
I = {i, ..., ik} C I, i; # iy forj # I stipulating that I; lists all k ‘free’ coordinate
indices, whereas the remaining coordinates are fixed at zero, i.e.

O = {(p',....p"|p € (0. ) forie I;p = 0forie [\ I}  (2.1128)

down until 0% := (0, ..., 0) fork = 0.
For a given k, there are of course (Z) different (unordered) subsets I of I/, each

of which corresponds to a certain boundary face D,((Ib. Moreover, for each subset I}
with k elements, altogether 2=k subcubes of dimension k exist in d7,,, which are
isomorphic to D,((Ib (including D,((Ii)) depending on the (respectively fixed) values
of the coordinates with indices not in f;. Thus, if necessary, we may rather state a
certain boundary face [J; of d0J,, for 0 < k < n — 1 by only giving the values of the
n —k fixed coordinates, i.e. with indices in I/, \ I, which may be either O or 1, hence

O = {p" =bi.....p"* = buu} (2.11.29)

with ji,....ju—k € I, iy # is for r # s and by,...,b,—x € {0,1} chosen
accordingly. In particular for dimension n — 1, it is noted that we have n — 1 faces,
which each appear twice; in zero dimension, there are 2" vertices. If we wish to
indicate the total k-dimensional boundary of OJ,, i.e. the union of all k-dimensional
faces belonging to [J,, we may write d;J, for k = 0,...,n with analogously
d,0, :=0,.

Lastly, when writing products of simplex and cube which do not span all consid-
ered dimensions, we indicate the value of the missing coordinates by curly brackets
marked with the corresponding coordinate index, i.e. for I, = {iy,i1,...,i,} and
I C I, with {4 ¢ I, we have e.g.

A]((Ik) x {1}({ik+1}) x DLIZ>(_II(1U{lk+I}))

p' > 0foriely,p+t =1,p €(0,1) forj e I\ (I, U {ix+1})}
(2.11.30)

={(p".....p")
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with po = p® =1 — Z]lle pYi. If coordinates are fixed at 0, the corresponding entry
may be omitted, e.g. we may just write A,(CI") for A,((I") x {0\,
Furthermore, we also introduce a (closed) cube D,((I“) with a removed base vertex

Dég) somewhat inexactly denoted by IZ,((I"), i.e.
I I ‘
=% .= g%\ g®@ = {p”,...,p”‘ e o. 1]‘ 3 pi > 0}. (2.11.31)
j=1

For functions defined on the cube, the pathwise smoothness required for an
application of the yet to be introduced corresponding Kolmogorov backward
operator (cf. p. 242) may be defined as with the simplex in equality (2.11.23); hence,
we put

ue C;,(Dn) & i|ouua,_ 0, € CZ(Dd U dy—10y) forevery O, C O,
(2.11.32)

with respect to the spatial variables, implying that the operator is continuous at
all boundary transitions within [J,,. This concept likewise applies to subsets of [,
where needed.



Chapter 3
Geometric Structures and Information
Geometry

3.1 The Basic Setting

We consider the probability simplex

n

Y o=

(xO,...,x”):inzl}. (3.1.1)
i=0

The x will stand for relative allele frequencies or probabilities that were denoted by
p'in (1.1.1). When the total number of alleles present in the population is 2N (i.e.,
a population consisting of N diploid individuals), we have

i e { 0 1 ZN}, (3.1.2)

2N'2N" 2N

but in the infinite population size limit that we shall mainly consider, the x' can take
any values between 0 and 1. The normalization

n

Zx" =1 (3.1.3)

i=0

induces correlations between the x', i = 0, . . ., n, that will be captured by the Fisher
metric introduced below. On this space of relative frequencies or probabilities, we
shall consider probability distributions p(x). As probability distributions, they need
to satisfy the normalization

/np(x)dx =1, (3.1.4)
by
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or in the discrete case

> pw =1 (3.1.5)

In the sequel, we shall equip the probability simplex " with various geometric
structures. Of course, it already possesses a geometric structures as an affine linear
subset of R"T!. Another geometric structure is obtained by projecting it to the
positive sector of the unit sphere in R"*!. Simple as these structures may seem, they,
and in particular the relation between them, will provide us with a lot of structural
insight. This is the content of information geometry. In order to treat information
geometry, we need to develop some basic concepts from Riemannian geometry. A
reader who is either familiar with that or not interested in geometry per se may skip
the next sections and continue with Sect. 3.5. In any case, those next sections only
provide a survey. For detailed proofs, the reader is referred to [71].

3.2 Tangent Vectors and Riemannian Metrics

Let M be an n-dimensional differentiable manifold M. Such a manifold can be
locally described by coordinates taking their values in R”. They are therefore written
as x = (xl, ..., x"). Properties like smoothness can then be checked in local
coordinates. In particular, all objects considered in the sequel will be assumed to
be smooth.

The tensor calculus works in such local coordinates and employs indices that
run from 1 to n, the dimension of our manifold. Since the coordinates are arbitrary,
geometric quantities should not depend on the choice of coordinates. Therefore,
tensor calculus incorporates certain rules for switching between different coordinate
systems. Even though most of our constructions will only involve a single coordinate
system, as the simplex or the positive spherical sector can be covered by a single
coordinate system, nevertheless the types of geometric objects, as they show
themselves by their transformation behavior, will also be important for our analysis.
Therefore, we shall introduce here the basic aspects of tensor calculus.

We usually write x = f(y) when we replace the coordinates x by other
coordinates y. The corresponding conventions include the Einstein summation
convention that a summation sign is omitted when the same index occurs twice
in a product, once as an upper and once as a lower index, that is, for instance

viwg =Y v'ws, (3.2.1)
i=1

Thus, in this chapter, unless explicitly stated otherwise, indices will range from 1 to
n, and such index pairs as in (3.2.1) will be summed over from 1 to n.
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There also exists a convention for inverses of tensors which we shall describe
here for the metric tensor, an important object to be defined below. When G = (g
is a metric tensor, the inverse metric tensor is written as G~ = (gif)i Jj» that is, by
raising the indices. In particular

N . 1 wheni==k
g'gik =8, = (3.2.2)
’ g 0 wheni# k.

More generally, the metric tensor is employed for raising and lowering indices, that
is,

v = g¥v; and v; = gjv. (3.2.3)

A tangent vector for M is a rule for computing directional derivatives of functions
at some point xy. In local coordinates x, a tangent vector is written as

V=uv_ . (3.2.4)

For a function ¢(x), we can then compute the directional derivative as

dp

axi ‘X=X() .

V(p)(xo) = v' (3.2.5)
The tangent vectors at a point p € M form an n-dimensional vector space, called the
tangent space T,M of M at p. When p varies in M, the tangent spaces 7,M constitute
a vector bundle over M, called the tangent bundle TM of M. That is, the fiber of TM
atp € M is the vector space T,M. We shall need this vector bundle below in Sect. 3.4
when we introduce connections.

The rule for how to transform the local expression (3.2.4) for V into a different
coordinate system, that is, when we change coordinates from x to y, is

LI (3.2.6)
=v . . 2.
oxt dyk
Thus, the coefficients of V in the y-coordinates are v gﬁ 1: . Of course, this transforma-

tion rule is set up in such a way that the result of the operation of the tangent vector
V on a function ¢, V(¢), is independent of the choice of coordinates. Expressed
more shortly, (3.2.5) does not depend on the choice of coordinates.

A vector field assigns to each point p of M a vector in T,M. In local coordinates,
we can write a vector field as V(x) = v'(x) aii' The space of vector fields on M is
denoted by I'(TM).

The transformation behavior (3.2.6) is called contravariant. There are also objects
that transform covariantly, that is, in a manner opposite to (3.2.6). The basic such



48 3 Geometric Structures and Information Geometry

objects are the covectors @ = w;dx'. With the basic rule

a()) =8 (3.27)

ox/

we can apply a covector o to a vector V, yielding

/.0 . .
w,-dx’(v’a ) = wiv/5]’- = w;v', (3.2.8)

X/

or written more shortly as w (V). The covariant transformation behavior

. Ox’
widy = @ dyt (3.2.9)
Vi

ensures the invariance of w(V).

We can then also form other tensors, with more than one index. A lower index
always indicates covariant, an upper one contravariant transformation. For example,
the metric tensor, written as g;dx' ® dx/, with g; = ( ai"’ 3‘;’(]-) being the product of
those two basis vectors, operates on pairs of tangent vectors. It therefore transforms
doubly covariantly, that is, when we change coordinates from x to y via x = f(y),

gii(x)dx’ ® dv' becomes

ax' Ox

k {
oyt ayldy ® dy'. (3.2.10)

gi(f )

The metric tensor provides a Euclidean product of tangent vectors,

g(V, W) := (V, W) := gjv'w/ (3.2.11)
for V. = viaii,W = W 32,-. (Here, g(.,.) and {.,.) are alternative notations for
the same object.) In this formula, vl and w' transform contravariantly, while g;
transforms doubly covariantly so that the product as a scalar quantity remains
invariant under coordinate transformations.

Equipped with a Riemannian metric, one can introduce all the notions and carry
out all the constructions that are familiar from Euclidean geometry. For instance,

two vectors V, W are called orthogonal if (V, W) = 0.
When we put

g := det(gy), (3.2.12)
we obtain the volume element \/gdxl ...dx" of a Riemannian metric. We can

then integrate functions. Again, the transformation behavior of the volume ele-
ment (3.2.12) is such that the result will not depend on the choice of coordinates.
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Definition 3.2.1 A differentiable manifold M that is equipped with a Riemannian
metric g is called a Riemannian manifold.

In particular, when we change the local coordinates the tensor (g;;) representing
the Riemannian metric has to transform according to (3.2.10).

The standard operations for differentiable manifolds are compatible with Rie-
mannian metrics. In particular, we have

Lemma 3.2.1

1. Let (N, g) be a Riemannian manifold, and let M be a (smooth) submanifold of N.
Then g induces a Riemannian metric on M.

2. Let (M1, 81), (M2, g2) be Riemannian manifolds. Then their Cartesian product
becomes a Riemannian manifold (M| x M5, g1 X g2).

Proof

1: Letx € M C N. Then the tangent space 7, M is a linear subspace of the tangent
space T,N. Thus, for V, W € T, M, we can form the product g(V, W). This then
yields the Riemannian metric on M.

2: Letx = (x',x?) € M;xM,.Every V € T.(M; xM,) can be uniquely decomposed
as V = V! + V2 with Vi € T M;,i = 1,2. We then put

(g1 x g)(V.W) = g1 (VI W') + g2(V>, W?) (3.2.13)

to define our product metric. O

Furthermore, let (M, g;) and (M5, g») be Riemannian manifolds of dimensions
n and m, and let g; x g, be the product metric on M| x M. Taking the representation

in local coordinates of the metrics, i.e. (glij(xl)),-FI ,,,,, . with x; = (x%, ...,x") and
(82102 kdmnt 1..ntm With xy = (571, 5 +"), we have
(8155(x1))ij=1,...n o
((g1 % 82)n), sy = (3.2.14)
om" (&2 (2))ki=n+1....n+m

with 0™ being the n x m null matrix. For the inverse metric, we correspondingly
obtain

((g1x8)"), i = (3.2.15)
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as for a block matrix M = (’é g) like ((g1 X gz)m)”:l > We have

-l (A +ATIB(M/A) T AT — IB(M/A)_l) (3.2.16)

—(M/A)~'CA™! (M/A)~!

with (M/A)™! := (D — CA™'B)™! being the Schur complement of A in M (cf. [127,
pp- 17£.]). Clearly, these considerations extend straightforwardly to product metrics
with more than two factors.

3.3 Differentials, Gradients, and the Laplace-Beltrami
Operator

The differential of a function ¢ is

dx!, (3.3.1)

which does not depend on the metric. This is a covector. When we want to have a
vector instead, the gradient of ¢, we need the metric:

;09 9

3.3.2
ox Oxi ( )

gradp = g

We also want to differentiate vector fields. The divergence of a vector field Z = Z' aii
is the function

N 0
divZ .= \/ o (\/g ) \/ o (\/gg < >) (3.3.3)
We can then define the Laplace—Beltrami operator
ad dp
— A ij
Agp :=divgrade = \/ o (Jgg 9 l,). (3.3.4)

Here, /g is the determinant of the metric tensor, see (3.2.12). Let us point out that
the sign convention adopted here differs from that of [71].

This is a self-adjoint operator in the sense that for any two smooth functions ¢, ¥
(compactly supported if the manifold M is not compact itself)

/(pAgl//\/gdxl...dx” = /wAg¢¢gdx1 .. dx", (3.3.5)
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A function ¢ is called harmonic if

Agp =0. (3.3.6)

3.4 Connections

Definition 3.4.1 Let M be a differentiable manifold with tangent bundle 7M. A
covariant derivative, or equivalently, a connection is a map

D:T(TM) @ T'(TM) — T'(TM) 3.4.1)
(V,Z) — DyZ 3.4.2)
satisfying

(1) D is tensorial in V:
DV_|_WZ = DyZ + DyZ forV,W,Z e F(TM), (343)
DyZ = fDyZ forf € C*°(M,R),V € T'(TM). (3.44)

(ii) D is R-linear in Z:
Dy(Z+Y)=DyZ+ DyY forV,Z, Y € I'(TM) 3.4.5)

and it satisfies the following product rule:
Dy(fZ)=V(f)-Z+fDyZ forf € C*°(M,R). (3.4.6)

Thus, when we multiply V by a smooth function f, we can simply pull that function
out, but when we multiply Z, we also need to differentiate that function f.

Again, tensor calculus expresses things in local coordinates. Thus, for a connec-
tion D, we define the Christoffel symbols l"i’]‘. (i,j,k=1,...,n) by

9 9
p, =Tt (3.4.7)

i OX/ y 3xk.

The Christoffel symbols, however, do not transform as tensors, in contrast to the
curvature tensor to be defined below.

Definition 3.4.2 The curvature tensor R of a connection D is defined by

R(X.Y)Z = DxDyZ — DyDxZ — Dx y/Z (3.4.8)
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for vector fields X,Y,Z on M. Here, [X, Y] is the vector field that operates on
functions ¢ via [X, Y]p = X(Y¢) — Y(X¢).
A connection whose curvature tensor vanishes is called flat.

We define the components R’gii of the curvature tensor by

o a\ o . 9
¥ (axi’ axf) axt = Rii g (49

(i,j,k, £ € {1,...,n}). (Note the convention about the position of the indices; this
is taken from [71] and may differ from the convention employed in some other
textbooks.) These components can be expressed in terms of the Christoffel symbols
via

ark Tk
k Jjt il k m k pm
b= o0 = o TR = ThTE. (3.4.10)

The curvature tensor is antisymmetric in X and Y, i.e.,
R(X,Y) = —R(Y,X), (3.4.11)
or with indices,
Ri; = —Rj; Vij. kL. (3.4.12)
Definition 3.4.3 The torsion tensor of a connection D on TM is defined as
TX,Y) =Tp(X,Y):=DxY —DyX—[X,Y] (X,Y e '(TM)). (3.4.13)
D is called rorsion free if

T

0. (3.4.14)
In terms of our local coordinates, the components of the torsion tensor 7 are

given by

d 0 d 0 0
T,=T(..... |=Ds..—D = (Tk-ThH " . 3.4.15

! (3x’ X/ ) i O i Ol ( v T Qxk ( )
Thus, the connection D on TM is torsion free if and only if

I =T} forallij k. (3.4.16)

So far, there was no relation between a connection D on a differentiable manifold
M expressed in local coordinates by the Christoffel symbols 1"{; and a Riemannian
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metric (-,-) expressed in local coordinates by a metric tensor g;;. We now impose
a compatibility condition in terms of a product rule for the differentiation of the
Riemannian product of two vector fields. Given a metric, for a connection D on M,
we may define its dual connection D* via

Z(V.W) = (D;V. W) + (V.DiW) (3.4.17)

for all vector fields V, W, Z.

Definition 3.4.4 A connection D on M is called metric when it is self-dual in the
sense that D = D*.

That means that
Z{(V, W) = (DzV,W) + (V,D;W) forallV,W,Z e I'(TM) (3.4.18)
For a metric connection, we have
Rj; = —Ry; forallij. k. £e{l,....d} (3.4.19)
(Compare this symmetry with (3.4.12) which holds for every connection, not

necessarily metric.)

Theorem 3.4.1 On each Riemannian manifold M, there is precisely one metric and
torsion free connection V, called the Levi-Civita connection of M. It is determined
by

!
(Vx¥.Z) = {X(Y.Z) ~ Z(X.¥) + Y(Z.X) (3.4.20)

—(X,[Y.Z]) + (Z.[X.Y]) + (Y. [Z.X])}.

forvector fields X, Y, Z.

For the Levi-Civita connection, the Christoffel symbols can be expressed in terms
of the metric g;:

1
ry = ngl(gil‘i + 8jti — i) (3.4.21)

where g1 1= %ﬂ’f . When we have a metric, we can also use it to pull down the upper

index of the Christoffel symbols of a connection D; with the convention (3.2.3), we
get

d 9
Iy =gulf= (D,

. 4.22
ad 0% 0xk ) 3 )
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where we now indicate the connection by a superscript for later purposes. In

particular, we obtain (3.4.21) by putting X = 3?(,-, Y = EE{,-,Z = aik in (3.4.20) and
. 2 2
use the fact that coordinate vector fields commute, e.g. [ ai"’ 3?(]-]@ = 3}3(1-5‘; ;= 321-3"; ;=

0. Also, (3.4.21) then becomes

1
Ty = z(gikJ + 8jki — 8ijk) (3.4.23)

Let us then consider a pair (D;, D,) of connections, as well as the Levi-Civita
connection V. Comparing (3.4.17) and (3.4.18) yields the following condition for
D; and D, to be dual in the sense of (3.4.17)

Tol+ T2 =20y, foralli,j.k. (3.4.24)

Not surprisingly, the curvature tensor R of the Levi-Civita connection V satisfies
some additional identities. R is given by

R(X,Y)Z = VxVyZ — VyVxZ — Vix nZ

(cf. (3.4.8)). In local coordinates, as in (3.4.9),

3 9\ 0 .0
R v o) e =Ry (3.4.25)

We use again the convention (3.2.3) to pull down an index with the help of the metric
tensor and put

Rk(lj = gkaZ] s

ie.

Ry = (R (aii’ aif) aif’ aik ) (3.4.26)

We point out that the indices k and / appear in different orders on the two sides
of (3.4.26), following the convention of [71].
For vector fields X, Y, Z, W, we then have

R(X.Y)Z = —R(Y.X)Z. i.e. Ruyj = —Rui (3.4.27)
RX.Y)Z+R(Y.Z)X + R(Z.X)Y =0, ie. Ruy + Rije + Riei =0, (3.4.28)
(RX.Y)Z. W) = —(R(X.Y)W.Z), ie. Ruy = —Ruy. (3.4.29)

(R(X,Y)Z. W) = (R(Z,W)X.Y), ie.Ruy = Ry (3.4.30)
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From the preceding, we recall that (3.4.27) holds for any connection, (3.4.28) for a
torsion free one, and (3.4.29) for a metric one. (3.4.28) is the first Bianchi identity.

Definition 3.4.5 The sectional curvature of the (linearly independent) tangent
vectors X = £ ai"’ Y =n/ aif € T.M of the Riemannian manifold M is

KX,Y):= (RX,Y)Y, X
_ Rie€n/g*nt
gingje(§'€knint — Eiginknt)
_ RiuE /g nt
(irgje — &ifgre)EMI& nt

(3.4.31)

with the normalization factor |[X A Y| = (X, X){(Y,Y) — (X, Y)%
With (3.4.10), we obtain

Ruij = gimRj; = 0:iTjue — 0;Tie — T Djns + gLy

as gung™ = 87 and where we have used the metric to pull down the upper index of
the Christoffel symbols, i.e., g T, = Fj‘}. And with (3.4.21), we can further rewrite
this as

1 )
Ruij = 5 (0:01gjx + 0,081 — 0:0kgii — 9;018ik) + 8" (Tkjs Tiar — Tir Liis)
(3.4.32)

which we will use for calculating sectional curvatures.
We also observe the following scaling behavior of the curvature.

Lemma 3.4.1 If the metric g Riemannian metric is scaled with a factor A > 0, then
the corresponding sectional curvatures are scaled by i

Proof In (3.4.31), g appears twice in the denominator, while Ry;; in the enumerator
according to (3.4.32) only contains either ddg or terms of the form g~'dgdg, which
both contribute only one factor A. O

Lemma 3.4.2 Let (M x M>, g1 X g2) be a Riemannian product as in Lemma 3.2.1.
Let x = (x',x*) € My x M. Let V € TaM;, W € TaM,. Then

KWV,W)=0. (3.4.33)

Proof Since the metric g = g; X g is a product metric, we have in product
coordinates g = 0 = g’ whenever the index i corresponds to a direction tangent
to M; and k to a tangent direction of M,. Therefore, by (3.4.21), also F{; =0
if, for instance, i,j represent directions tangent to M; and k a direction tangent
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to M5. Thus, from (3.4.32), also Ry;;; = 0 when k,i correspond to directions
tangent to M, whereas £, stand for tangent directions of M,. Equation (3.4.31)
then yields (3.4.33). O

3.5 The Fisher Metric

One can always equip a smooth manifold with some Riemannian metric. As such,
this is somewhat arbitrary, and this becomes more useful when that manifold carries
some additional structure that constrains or even determines such a Riemannian
metric. This is the case, as we shall now explain, for families of probability
distributions. In this and the following sections, we develop the basic structures
of information geometry which deals with the geometry of families of probability
distributions. A more detailed treatment can be found in [3, 10]; the latter will be
our main reference. Information geometry was originally developed by Amari and
Chentsov.

Let us consider a smooth family of probability distributions on some domain
Q parametrised by s = (s1,...,s,) € § C R" with probability density functions
p(wls): 2 —> R. When the sample @ € 2 is not important, we shall simply write
p(s) in place of one of the more detailed alternatives p(w|s), p(w; s) or p(.|s) .

The Fisher information metric of such a family is given by (cf. [4, p. 27])

d
g5(s) = p(s)(a logp(s) 1ogp(s)) forij e {l.....n},s €S
3.5.1)
= Z s, log p(w; s) logp(a) s) p(w;s) 3.5.2)
015191

a
= Z p(a) 9 3 ;S) as‘p(a);s) (3.5.3)

015191 J

where the expectation E is taken with respect to p(s). Of course, when the sample
space €2 is infinite, the sums in (3.5.2) and (3.5.3) have to be replaced by integrals.

It may be checked that this defines a Riemannian metric on the parameter space S,
indeed. The Fisher metric measures the sensitivity of the parameter s to sampling
from 2. That is, in statistics, one takes samples w from the sample space €2, and
one wants to find that parameter sy for which the distribution p(.|sp) best matches
the statistics of the samples. Of course, the more sensitive the parameters are to the
sample statistics, the easier the task.
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We first consider probability distributions that depend linearly on their parame-
ters. Thus, let us take a probability distribution on a collection of points ¢« of the
form

1
q° () =gy + Zg?ni, a=0,...,A (3.5.4)

i=1

The important assumption here is that the g“ be linear functions of the parameters,

which we now denote by 7 instead of s, with the index range i = 1,...,1.
We therefore require first of all
dogh=1. > gf=0fori=1...1 (3.5.5)
o o

in order to have

Y gr=1. (3.5.6)

that is, g is indeed a probability distribution. We now want to choose the coefficients
in (3.5.4) so that the 7’ become the expectation values of certain observables f? for
the probability distribution g. For this purpose, we require

Zfo’;qa(n) =nfori=1,...,L (3.5.7)
o
We compute the Fisher metric (3.5.3) of the family (3.5.4) as

r ., ., ..
gij:angigj’ fori,j=1,....1 (3.5.8)

o

We now look at the important special case that captures the basic Wright—Fisher
model. Fora = 0,...,nandi = 1,...,n (A = I = n), we simply take as our
observables the probabilities p* = ¢%, i.e. fi = §.. The expectation value ' of the
ith observable then is ¢, so that we get the special case 7' = ¢ of (3.5.4). We then
have

p(r)y=n" fora=1,...,n (3.5.9)

Py =n"=1-3 7" (3.5.10)
p=1

and accordingly

gy =265 and gf¥ =8—-46;, fora=0,...,nandi=1,...,n. (3.5.11)
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The Fisher metric (3.5.8) then becomes

n

1 a o 8ij
v ;) pa ] pl [70
We shall discuss the geometric interpretation of this formula in Sect. 3.8.
When we compute the inverse metric tensor of (3.5.12), we obtain
g’ =p'(& —p’), (3.5.13)

which is nothing but the covariance matrix of the probability distribution p,
see (2.2.2).

3.6 Exponential Families

In fact, (3.5.13), that the inverse metric is the covariance matrix, is not a coincidence,
but a general phenomenon. In order to elucidate that phenomenon, we now consider
a different class of families of probability distributions.

These are the exponential families with probability density function

p(:6) = g@)exp (Y 6.1 @) ~ F(©)) (3.6.1)
i=1
Here, the f!, ..., f" are again observables, and their values are checked on samples

w € 2, and one wants to find a probability distribution on €2 that best recovers the
statistics of those observables. In statistical mechanics, such distributions are also
called Gibbs distributions.

The factor g(w) will not play any important role in the sequel. In contrast F(6)
is needed to ensure the normalization

> " p(w:0) = 1forall 6, (3.6.2)
WwEQ
which yields
F©) =1og )" (s@)exp (3 6if @))). (3.6.3)
w i=1

(In statistical mechanics, F is called the free energy.)
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Differentiating (3.6.3) w.r.t. 6 yields
ad ;
00 FO) = Y g@) @) exp Z 0. (@)~ F0) =By (f). i=1.....m,

wEQ
(3.6.4)

the expectation value of the observable f'. In the sequel, we shall sometimes leave
out the subscript p(6) when computing expectation values.
Such computations become clearer when, instead of F, we work with

Z(0) = expF(0) = Y glw) exp ( 36, fi(w))). (3.6.5)
[0 i=1

Z, called the Zustandssumme or partition function in statistical mechanics, satisfies

akz 6 . 5
. = Csn e (L asw) (366
i=1
whence
; ) 1 okZ(6)
E, Ltk , 3.6.7
p@)(f" ") = 2(60) 96, -+ 96, ( )
foriy,...,ix €{1,...,n}.
We now consider the special case where
E,0)(f') = 0 for all i. (3.6.8)
In that case, (3.6.7) yields
*F(0) *log Z(0) . Y
= = L), 3.6.9
aeil .. aeik aeil . a@ik P(e)(f f ) ( )
In the general case, that is, when (3.6.8) need not hold, this becomes
OFF(8) | . ’ )
— ) i _ ) i . ik E )
96, - 00, 2@ ((f"" = Ep@) (f™)) -+ (f* = Bpoy(f*)))
; d ; ad
= Eyo)((f" — F)---(f* = F)), (3.6.10)

36, 36;,

because f — E,(f") in place of f* satisfies (3.6.8) and we can use (3.6.4).
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In particular, the Fisher metric satisfies

2i(0) = 82?59 ,- (3.6.11)
- 1’<9>((fi B a%,-F)(fj B a%F)) G612

J
=B, (fif) —Epo(fHEpa(f). ij=1.....n.  (3.6.13)

Thus, the Fisher metric is nothing but the covariance matrix of the corresponding
distribution. Also, since the metric is positive definite, (3.6.11) implies that F(6) is
strictly convex.

Now, in (3.5.13), the covariance matrix was the inverse of the Fisher metric,
whereas here it is the metric tensor itself. As we shall now explain, the reason for this
is a duality between linear and exponential representations of families of probability
distributions. We therefore return to the family (3.5.4) and consider

S() =Y ¢q*(m)logq* (7). (3.6.14)

the negative of the entropy of statistical mechanics, and compute

02 1 dg® 0g* 1 .
apin S = Za: o ot Bl = Za: o8 rij=lo L (615
Thus, we recognize the formula (3.5.3) for the Fisher metric. In particular,
since this is positive definite, S is a strictly convex function. Since strict convexity
is invariant under affine linear coordinate transformations, the particular form
of (3.5.4) is not important, as long as we represent our family of probability
distributions as a linear family.
We can therefore consider the Fisher metric

S

8ij =

S0, forij=1,...,L (3.6.16)
o'l
as a metric on an affine space.

Since S(7r) is a convex function, we can perform a Legendre transformation. That
means that we put

_ 3S(m)

= = glogg*fori=1,....1 (3.6.17)
7Tl
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and

1
F(7) : = max (Z L — S(ft))

i=1

L 08(m)
:;n i —S(m)

I
Zni<zg?‘1ogq“ + Zg?‘) —> g logg"
i=1 o o o

—_——
=0
1
= Z (Zg;"n" - q“) log ¢*
o i=1
=—) ghlogg". (3.6.18)

since the maximum is realized when (3.6.17) holds.
From the properties of the Legendre transformation, we also obtain

—1 —1
02F (1) _ 028() _ 1 ..
( 077 )ii=1 ; B (( omim/ )iJ:l ..... I o Z q”‘gi & ’ (3.6.19)

o

see (3.6.15).
We then have
. 9’F (1) . on/

g = S 97" (3.6.20)
ity i

again by the properties of the Legendre transform. That is, (3.6.20) is the inverse of
the Fisher metric.
We recall (3.6.16)

_ 028 () 07

= S = 3.6.21
&i omimi om/ ( )
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In fact, we have

i ij 0t 0T 4.
%:g/dr,-drj = %:g<’ a - Bnldn dm

=Y &'y gugpdntdn' (3.6.22)
i ki

= Z gkldﬁkdﬁl,
k1

that is, the inverse metric tensor g in the T-coordinates is the same as the tensor 8ij
in the w-coordinates.

We also put
0=y _ g logq”, (3.6.23)
and
fo=1, foralle. (3.6.24)
We can see that (f?) is an left inverse of (g%). In fact, fori = 1,...,1, we have

wt =Y fig"(r), dueto(35.7)
1
= fo; (gf)‘ + Z g}’n"), due to (3.5.4) (3.6.25)
o Jj=1

I
=) figi+> (Zfégf‘)nj :
o Jj=1 o
Therefore

Zfégf)‘ =0, fori=1,....1

o

and

> figh=8; forij=1,..1
o
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Moreover, from (3.5.5) and (3.6.24) we have
and
D fler = "gr =0, fori=1....1
o o
It implies that

> figt =8 forij=0.....1I

Remark We note that in this case, we do not need the condition A = 1.

Now, we can left invert (3.6.17) and obtain
I
logg* = > _fiz. (3.6.26)
j=0

that is,

1 1
q* = exp (Zféff) = exp (Zf({( tj) ew. (3.6.27)
j=0 j=1

The normalization ), ¢* = 1 and (3.6.18), (3.6.23) yield

1
F(r) = —19 =log ) _exp ( pA c,-) (3.6.28)
o i=1

so that we can rewrite (3.6.27) as

1
¢"(m) = exp (Zf;; i - F(r)) = pe(2). (3.6.29)

i=1

We have thus obtained the exponential family (3.6.1), and in particular, F' turns out
to be the free energy (3.6.3). From (3.6.22), we see that the Fisher metric w.r.t. the
exponential parameters is the inverse of the Fisher metric w.r.t. the linear ones. That
is, the metric g; considered in Sect. 3.5 has turned into the inverse metric g in this
section.
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From (3.6.13), we also see that the expectation value ¥ of the product fif/ for
the distribution ¢ is given by

7l = il + gl (3.6.30)
that is,

g’ = Cov(f".f).

3.7 The Multinomial Distribution

We finally discuss how this applies to the multinomial distribution M (2N; po, pl,

..,P"), p € A, introduced in Sect.2.2. First of all, we see that when we sample
only once, this is simply the situation of the simple linear family with p' = ¢
for which we get the metric tensor (3.5.12). As we have seen, the inverse metric
tensor is given by the covariance matrix, (3.5.13), and the covariance matrix of
the multinomial distribution for arbitrary 2N is given by (2.2.3). We should note,
however, that in (2.2.3), we have computed the covariance matrix for the random
variables Y’ that count the number of events of type i, but here we consider the
normalized variables p’, which differ by a factor 2}\, from the Y’. Therefore, we need

to multiply the covariance matrix by a factor and we obtain the inverse metric

1
(ZN)Z >
tensor of the multinomial distribution therefore as

. 1 . . .
g’ = 2Np’(&f—pf), (3.7.1)

and the metric tensor is then given by

8’ + ! ) . (3.7.2)

gy =2 (p p°

We can also check this by expressing the multinomial distribution as an
exponential family in their natural parameters

o 4 .
Hi.—log(1_27=1pj), i=1,...,n (3.7.3)

i

and With () = (1) n(ayon—, () A0 F() = 2Nlog (1 + 371, exp(6))).
the Fisher metric g thus defines a Riemannian metric on the space of natural
parameters © of the multinomial distribution with (g;(#)) coinciding with the

corresponding covariance matrix (cf. Eq.(3.6.11)). However, this is only true
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for (g;;) given in the @-coordinates, whereas the Ohta—Kimura formula and its
derivations are rather formulated in terms of the p-coordinates (see (5.6.4)).

Carrying out the corresponding coordinate change, the Fisher metric of the
multinomial distribution in the coordinates p',...,p" (the parameter p° does not
appear as coordinate due to Y p’ = 1) becomes, according to the transformation
rule (3.2.10) for the metric tensor,

- 06, 00,
= (0 S
gu(p) =Y gi( ) api ap

ij=1

= 2N ) gilew) (et = 2N (0(p))

ij=1
fork,l=1,....mpe A, (374

Here, we have used

2

06,36,

i

ap

N
26;

d . o
= 99 BV = F(0) = E(ff) —E(/)E(f) = g;(0).  (3.7.5)
J

where the first equality is a special property of the multinomial distribution. Thus,
the Fisher metric on the parameter space A, in the p-coordinates is the inverse of
the metric on the parameter space in the §-coordinates ® (up to the factor (2N)?;
cf. [73]). For the inverse metric, this further implies

1 1
kl k i
= 8(p)) = Sk — fork,]=1,....,n.p€A,,
g (p) (2N)zgkl( (p) NP (b —p') for n.p
(3.7.6)
and consequently we obtain (3.5.12),
8k1 1
gu(p) = 2N( g 0) fork,l=1,....n.p € A,. (3.7.7)
p*p

Note that the parameter 2N, which is the number of independent drawings, only
affects the Fisher metric in terms of a scaling factor.

As another example, let us also compute the Fisher metric for the Poisson
distribution (2.7.1) depending on the scalar parameter A. From (2.7.1), we have

log P(k|A) = klogA — A — logk!
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and hence

d*log P(k|))
-2

gA) = n2  PED

k

Ak—2e—A

:Xk:(k—l)!

1
= AZP(k—llA)
k

1
=, (3.7.8)

3.8 The Fisher Metric as the Standard Metric on the Sphere

In this section, we interpret the formulae (3.5.12), (3.5.13) for the Fisher metric in
geometric terms. We first use po, -+-, p" as coordinates on the simplex. Note that we
are using here n + 1 coordinate functions on an n-dimensional space, an issue to be
addressed shortly. The Fisher metric tensor (in the mathematical biology literature,
also called the Shahshahani metric) then becomes

0 0.0

n 0 ... 0
(”“ﬂ)aﬁ:l(”): S (3.8.1)

00...1

P

Equation (3.8.1), however, is not yet the expression for a Riemannian metric
because, as mentioned, we have n + 1 coordinates po, ..., p" on an n-dimensional
space. This can be easily corrected, however, by expressing

pP=1-) pl (3.8.2)
j=1

This means that we consider the Fisher metric as a metric on the n-dimensional
simplex

=00 > 0.) P =1y (3.8.3)
i=0
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By the transformation behavior (3.2.10) for a Riemannian metric,

x* 9P

8100 = vep (0

when transforming between the coordinates y and x = x(y) (here we take y

(p'.....p")x=p= (pO, ...,P")), and using

opi =—lforj=1,...,n,

we obtain the metric tensor g;; in the coordinates pl,...ptas

» PR 0
1 1 1 1
_ n p() p2 + p() e p()
(gii(p))i,j=1 = . . . . s
1 1 1 1
P P " + P

with p® given by (3.8.2). The inverse metric tensor g then becomes

p'a—-phH —p'p* ... —p'p"
@O, = —p'p* p*A-p*) ... —pp"
b= : : : :
1,.n _pzpn L pn(l _pn)

—pp

We can also compute the Christoffel symbols of this metric as (see [5])

i _1(p 1—p'
Fii — 2 (pn - P
i

ri = ;(lf; _P‘) fori # j

pl

= él’; forj # L.

We can also rewrite the metric in spherical coordinates, by simply putting

g = +/pi, fori=1,...,n.

Applying the transformation rule (3.8.4) with %’Z = 28]‘?‘qj forj,aa =1,..

67

:i):

(3.8.6)

(3.8.7)

(3.8.8)

(3.8.9)

., N, We

obtain y;(¢) = 48 in the g-coordinates, that is, simply the Euclidean metric. As
before, however, we need to satisfy the normalization constraint (3.8.2) which now
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becomes ¢° = \/1 -2 (¢7)*. Using g‘g; = —;’é forj=1,...,n, we obtain
2 2 n
(@) + () quqz L q'q
RY 4 a7 @+ ... Iq
(hij(Q)).. = 2 . . :
=1 (g% : : :
n n n 2
q'q 7q @+ (@)
(3.8.10)
and
2 n
1—(q") —q‘q22 ... —q'q
. n 1 P ) 1= 2 = 2. n
G S G8.11)
ij= N

~4'¢" —¢q" .. 1=

Since this has been obtained as the restriction of the Euclidean metric to the unit
sphere, this must simply be the standard metric on the unit sphere S", up to the
factor 4 that emerged in our computations. Since the standard metric on the sphere
has sectional curvature = 1, and since by Lemma 3.4.1, the sectional curvature of a
Riemannian metric scales with the inverse of a scaling factor, our factor 4 leads to

Lemma 3.8.1 The Fisher metric on the standard simplex x" is 4 times the standard

metric on the unit sphere S", and its sectional curvature is i.

Remark Compare this with the state space of recombination (Proposition 5.6.1),

where the Fisher metric has been multiplied by four implying that the sectional
curvature will be divided by four.

3.9 The Geometry of the Probability Simplex

The simplex ¥ of (3.8.3) possesses a hierarchical structure. That is, its boundary
consists of n + 1 copies 27_1 ={(p°....p") € =", p/ = 0} of the simplex A
In turn the boundary of each E;H consists of n copies of En_z, and so on.

According to what we have discussed in the preceding, the simplex " (and
analogously each of its subsimplices) carries a hybrid structure. On one hand, we
have the affine structure underlying (3.8.3). By (3.8.3), we also obtain a measure &,
induced by the Lebesgue measure of R”. On the other hand, we have the Riemannian
metric (3.8.10) of the spherical sector, becoming (3.8.6) in our affine coordinates.

For the inverse metrical tensor (3.8.7) (as expressed in the coordinates

pl, ...,p"), its normal component vanishes on the boundary whereas the tangential
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component restricts to the corresponding Fisher metric on the boundary simplices.
This is simply seen by putting p/ = 0 in (3.8.7).

The simplex =" of (3.8.3) also possesses a dually flat structure. That is, a
Riemannian metric g together with two flat connections V, V* that are dual with
respect to g. This means that they satisfy (3.4.17), i.e.,

Zg(X,Y) = g(VzX,Y) + g(X,VzY), for all vector fields X, Y, Z.
Such dually flat structures have been introduced and investigated by Censov [20]
and Amari [3, 48].
In fact, we can construct the flat connections from g as follows (also see [75]):

For —1 < s < 1, we define the s-connection through

0) S 83S

(5)
Y =T o 3.9.1
ik k2 dwidmidmk ( )

where Fi(jz) represents the Levi-Civita connection VO for gij» 1.e., recalling (3.4.22),

a9
O _ [y©
Ty = g(Vaii 40l 87[") (3.9.2)

Also, from (3.4.23) and g;; = 9;0;¢, we infer

1 RERY
)
s o , 3.9.3
Uk 2 dmidmigmk ( )
we have
N 23S
(5)
r' = (- . , 3.9.4
ik 2( ) omidmiomk ( )

and since this is symmetric in i and j, V® is torsion free. Since (3.4.24) is satisfied,
i.e.,

(5) (=s) _ (0)
Fijk + Fijk = ZFijk ,
it implies that V) and V(= are dual to each other with respect to g.

In particular, Fi(jl) = 0, and so V) defines a flat structure, and the coordinates 7
are affine coordinates for V(1.
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The connection dual to V() then is V(=" with Christoffel symbols

_ 9°S
ey =

Uk didmidmk (3.9:5)

with respect to the w-coordinates. We can then obtain dually affine coordinates t by

aS
T = . (3.9.6)
ot
and so also
8t,~ 32S
= . = . 3.9.7
&y ot oriom/ ( )

The corresponding local potential is obtained by a Legendre transformation, as we
have seen in Sect. 3.5,

F(r) = max(7't; — S(7)), S(w) +F(t)—m-7 =0, (3.9.8)
and
i OF(7) j o 0°F (1)
= = = e (3.9.9)

It is easy to see that V(=1 defines a flat structure, and the coordinates 7 are affine
coordinates for V=, Therefore (Zk_l , 8, v, V(_”) is a dually flat manifold.

3.10 The Affine Laplacian

Remark The operator A defined here will be our 2L*, see (3.12.4).

Given an affine structure with coordinates 7',i = 1,...,n on " as above and a
metric
() PS(m) !
i(r) = ., Lj=1,...,n.
8y oo/ J

we formulate

Definition 3.10.1 The operator given by

L 02
= U
A: E g'(m) Sri sz (3.10.1)

ij=1
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is called the affine Laplacian (see also [75]), where the Kéhler affine structure is in
the sense of Cheng—Yau (see [22]).
A solution of

Af =0 (3.10.2)

is called an affine harmonic function.

Lemma 3.10.1 For the function
S(x) =) ¢*(x) logq* () (3.10.3)

of (3.6.14), we have
AS = k = const. (3.10.4)

The proof is obvious from the definition (3.6.16) of the Fisher metric.

This result will play a useful role below when we want to understand exit times
of genetic drift.

We now compute the transformation behavior of the affine Laplacian under non-
affine coordinate changes. Let us recall the general transformation formula for a
linear second order differential operator of the form

2
Mu(x) =) " al(x) Bx?axju(x) + b aiiu(x) + c(x)u(x). (3.10.5)
ij i

Lemma 3.10.1 The partial differential operator (3.10.5) transforms under a
change of the coordinates (x;); — (X;); into

Mia(3) = ; @ () 3;:2;61 (%) + Zk: B (%) aik (%) + @) (3.10.6)

with u(x(x)) = u(x) and

~ ..,l ~ 2..,
aMx) = %:aif(x) g)j g’“ ) = Xi:bi(x) 2’5 + %:aﬁ(x) aii;i @) = ).

X’

(3.10.7)
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Proof Let X be a coordinate change and u(x) = u(x(x)). The chain rule yields

; ; oxk 9
Z jax’axf _ZZ ' (axf oxk )

od o 9 T
= 2;: (;“] oxi o oxarc” T Xk:ajaxiaxf o i)

c0x! 9xk 92

4 . g 02k 9
- Z%: ]Bxl ox/ Bxlaxku+ Zk:%:a]axif)xf 35("”

and

i JOXF 0 axk 3
Zi:b 3x’ ZZ ol 3x’< Z i Bx‘ 3x’< (3.10.8)

k

Now putting ', b*

i g ;0 ~ Ik . s 0
lzj:ajaxiaxfu+2i:b8xiu+cu=;a 856135€ku+;b a)~Cku+cu.

and ¢ as in Eq. (3.10.7), we have

(3.10.9)

O

In particular, the coefficient matrix of the second order derivatives a¥ transforms
like the coefficients g¥ of the inverse of the Riemannian metric g = (gij) under
coordinate changes (i.e. twice contravariantly). This is, of course, in line with
our geometric approach where we interpret a’ as an inverse metric tensor g¥ of
a Riemannian manifold. We should point out, however, that the transformation
behavior of the second order terms also yields an additional first order term.
Geometrically, this is due to the fact that the operator M, := Zi J gv%(x) af?;j is
not the Laplace—Beltrami operator for the metric g;; that latter operator is given

by Agp = ZM \/dle gy <\/det 28" (x) 3 j) for some function ¢, see for instance

[71]. In particular, M, and A, differ by a first order term. This will be elucidated in
Sects.3.11 and 3.12.

With (3.10.6) at hand, we can also transform the affine Laplacian from the
coordinates 7' to the dual coordinates 7;. Even though those dual coordinates also
define an affine structure that is dual to the original one, this transformation is not
affine itself, simply because the two affine structures are different. Therefore, in the
t-coordinates, A will acquire an additional first order term. We have

92 01¢ 0Ty 021
o 3.10.10
oriom/ — om! dm/ 8rg8rm Z 0 ( )

wioml 803



3.11 The Affine and the Beltrami Laplacian on the Sphere 73

Here and in the sequel, all sums range from 1 to n.
We recall (3.6.20), i.e.,

928 () 0T
i = S = . 3.10.11
8y omimi om/ ( )

and therefore obtain
92 02 335(n) P 0
A= vooo = m L R . 3.10.12
%:g oridn/ {zy;gz 10Ty, + ; dridmidng drioni dty ( )

. i
Since ania;fngw = (n,)z 880 by (3.6.15), we obtain

Slm 1 82 1 P
o Z (exp(ﬁ[) eXP(l’O)) 90T, th: (exp(t0))? dt¢ (3.10.13)

Here, the 7, range between 0 and —oo, and exp(7p) = 1 — ZZZI exp(z¢). Thus, we
have transformed the singularity at the boundary, where some 7' become 0, to —o0.
Our operator, however, then will become singular at —

3.11 The Affine and the Beltrami Laplacian on the Sphere

Under the coordinate transformations from p’ on the simplex to the coordinates
g = \/ p' on the sphere, the affine Laplacian becomes

agt gm0 324!
317 ap/ Z dp' dp’ dqtdq™ Z apiopi 3q (3.11.1)

Then on the sphere, the affine Laplacian is given by the form

A= —Zm( ) 82 - (q()Z a
N 1 dgtogm 4qt  dq"’
where g (q) = 411 (&m - qlq’”) is the inverse metric tensor on the sphere.

The affine Laplacian is different from the Laplace—Beltrami operator, the natural
divergence type operator derived from the Riemannian metric of the sphere, given
by

02 (1—=n)q* 9

Az(q) =3™" :
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As we see from this formula, the affine Laplacian has the same leading term as the
Laplace—Beltrami operator, but differs from it by a first order term. That term with
a factor 1/2 has been called the Christoffel force in [5].

3.12 The Wright-Fisher Model and Brownian Motion
on the Sphere

As in Sect. 3.8, we want to interpret the coefficients of the operators L and L* as
the inverse metric tensor of the standard sphere in simplicial coordinates x/,i =
L...,n—1with0 <x',}7 Y <1,

g = xi(gi,. —x). (3.12.1)

We recall the Laplace—Beltrami operator (3.3.4)

1 d 0
Ay = s > o (Jgg” axi)‘ (3.12.2)

iy
We rewrite the Laplace—Beltrami operator as

, 9 9
Zglf)x‘axf Z o (VEE' ’) o

J— 1) l[ I
Zglf)xlaxf Zg 143 J (3.12.3)

after some computation.
When we apply this to the inverse spherical metric (3.12.1), we see that the first
term on the right hand side of (3.12.3) is our affine Laplacian (3.10.1)

— Y
=2L* Zg 8x’ o (3.12.4)

or twice the generator L* of the backward Kolmogorov equation for the Wright—
Fisher model.

The lower order terms, however, are different, and we now wish to discuss this
difference in geometric terms as in [5]. The Laplace-Beltrami operator (3.12.2)
generates Brownian motion for the Riemannian metric g;. We shall explain in a
moment what Brownian motion on a Riemannian manifold means (see [66]), but
we first point out that the probability density p(t, z, x) for Brownian motion, that is,
the probability density for the position x at time ¢ of a particle starting Brownian
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motion at z at time 0, evolves according to

d 1
5 tp(t, Z,x) = 2Agp(t, Z,X), (3.12.5)

where A, operates w.r.t. to the variable x. Since A, is self-adjoint, see (3.3.5), also
the expectation values of a function ¢ evolve according to (3.12.5),

9 1
3 tfp(t, x) = 2Ag<p(t, x), (3.12.6)

that is, there is no difference between the corresponding forward and backward
equations.
Comparing (3.12.3), (3.12.4), we obviously have

1 1 9
Lf0) = [ Auf () + > g'ry, faf:)
ij.L

L Aef () + ZW af( ) (3.12.7)

for smooth functions f with a vector field V.
Recalling the formulae (3.8.8) for the Christoffel symbols,

[ 1—x!
Fii -2 (x” X )
ri= 1(x—-=« fori #j
i 2\ X J

i _ 1 X .
W= 5 forj # £,

the above vector field V in (3.12.7) is given by

Zglﬁ“{l =— 1 — n). (3.12.8)

This vector field vanishes at the center of the simplex, the point with ¥ = 1 for
all j. At the corner x* = 1, the component V¥ = " ! is positive, whereas all other
components V/ = —}1 are negative. More generally, V(x) always points towards that
corner of the simplex closest to x. Thus, we see the difference between Brownian
motion and the backward Wright-Fisher process given by the vector field V in
geometric terms. Also, while Brownian motion is invariant under all isometries of
the sphere, the Wright—Fisher is only invariant under permutation of the alleles and

hence has a much smaller symmetry group.
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Informally speaking, Brownian motion is a stochastic process whose time deriva-
tive is Gaussian white noise. The trajectories represent particles moving randomly
on the sphere. In particular, such particles are not confined to the positive sector.
The heat equation (3.12.5) involving the Laplace—Beltrami operator describes the
evolution of the corresponding probability density on the sphere. In contrast, the
elements of the positive sector of the sphere that arise from the continuum limit
of the Wright—Fisher-model represent probability distributions on our allele space.
With a slightly different interpretation, they stand for relative allele frequencies in
an infinite population. Again, we may consider trajectories which then represent
random such relative frequency evolutions, where the randomness is governed by
the multinomial distribution. For elements of the sphere outside the closed positive
sector, no such interpretation is possible, and the random trajectories cannot leave
that sector. The densities occurring in the Kolmogorov equations then stand for
probability densities on the space of such relative frequencies.



Chapter 4
Continuous Approximations

4.1 The Diffusion Limit

4.1.1 Convergence of Discrete to Continuous Semigroups
in the Limit N — oo

In this section we prove a result about diffusion limits of Markov chains that we
shall need in the sequel. This result follows from the general theory of convergence
of Markov processes, see [36], but we shall present the proof here in order to keep
our treatment self-contained. The proof can be shortened by appealing to general
theorems about stochastic processes, but, in order to be self-contained, we do not
invoke those results here. A reader not interested in the technical details of the
justification of the diffusion limits may directly move on to Sect. 4.2.

Let us start with some remark on the notation. In Chap. 2, and in particular in
Sects. 2.2 and 2.3, we had introduced the random variables Y and X. The variable
Y expresses the absolute allele numbers with integer time steps, whereas X denotes
their relative frequencies, but also with rescaled time. We now need another variable
Z which records the relative frequencies, but without rescaling time.

We consider a sequence of homogeneous Markov chains {Zy(m)},,en in the state
spaces

@) $ J
A =z=(0(.....7Y: 7 <l1,7= >0 jinteger,i=1,...,ny,
n ( ) ;—1 =< oy 20 Jinteg
© Springer International Publishing AG 2017 77

J. Hofrichter et al., Information Geometry and Population Genetics,
Understanding Complex Systems, DOI 10.1007/978-3-319-52045-2_4



78 4  Continuous Approximations

with transition probabilities as in (2.5.7) (note, however, that the Y,, are not
normalized, whereas the Z,, are normalized by the factor (2N)™!)

Py(zm+1,2m) =P (ZN(’" +1) = Zm+l)ZN(m) = Zm)

= ( . ) (V0 )™ o (0 )

2Nz 1+ 2Nz

(4.1.1)
@eNy o _ 1 noa0 1 n
where z,41,2m € A, Lz, =1—2,— =2, YY" =1—y¢ —-.-—¢Y", and
V¥i(zm),i = 1,...,n are probabilities that may also be influenced by processes of
selection and mutation.
We then also have the Chapman—Kolmogorov equation
Py (12 Zn-1) = D Pr(znt1.2) Py (@ 2me). (4.1.2)
Z

Note that the notation is somewhat ambiguous here, as on the left hand side, we are
looking at the transition probabilities for two time steps, from m—1 to m+1, whereas
on the right hand side, single time steps occur. For a more precise version, we refer
to (2.3.4). An analogous result will also hold subsequently in the time continuous
case.

The following proposition summarizes (2.5.14), (2.5.16) and (2.5.17).

Proposition 4.1.1 The sequence of homogeneous Markov chains {Zy(m)}nen sat-

isfies

© E(Zion+ 1) = Zyom)|Zx(m) = 2v) = BN + o(2N) 7

. E((Z;'\,(m + 1) = Z,m) (Z(m + 1) — z{v(m))‘zN(m) = ZN) = 2,8 —
2N +o(@N) )

. E((ZN(m 1) —ZN(m))"‘)ZN(m) - zN) = o((@N)"") with & € NI : |ae| =
o' +...4+a">3.

Definition 4.1.1 Let E be a metric space. Denote by Dg[0, 0o) the space of right

continuous functions x : [0, 00) — E with left limits.

Then, let Xy(f) = Zy([2Nt]) be the homogeneous Markov process with sample
paths in D ACY) [0, 00) embedded in D, [0, 00). We shall show that there exists a

homogeneous continuous (diffusion) process {X()};>0 in A, as a limit process of
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the Xy when N — oo. That process will have the following properties.

E(Xi(t 80 — X(D)|X(1) = x) = b () (81) + 0(80);

E((xf(t +81) — X (1)) (X (2 + 81) — X (1)) ‘X(t) - x) = X (8; — ) (81) + 0(80);

E((X(t + 81 — X(0)"

X(t):x) = o) withae e N : ja| =o' +... +a" > 3.
(4.1.3)

These conditions are the continuous analogues of those in Proposition 4.1.1,
and we shall prove that the process {Xn(#)};>0 tends to the continuous process
{X(9)}:1>0, in a sense that needs to be specified. A technical point, which is not really
conceptually difficult, but requires technical efforts to resolve, is that the discrete
processes are defined on discrete spaces with spacing Z}V, but the limit space should
be defined on the positive real axis. Therefore, the notion of convergence needs
some care.

We first recall the basic definitions of semigroup theory, see for instance
[36, 58, 72].

Definition 4.1.2 A one-parameter family {7'(¢)},>o of bounded linear operators on
a Banach space B is called a semigroup if T(0) = [ and T(t 4+ s) = T(t)T(s) for all
t,s > 0.

In our setting, the semigroup property will arise from the Chapman—Kolmogorov
equation.

In order to be analytically tractable, our semigroups need to satisfy some
properties that will ensure that they are generated by some infinitesimal generator
with controlled behavior; those technical concepts are described in the following
definition.

Definition 4.1.3 A semigroup {T(f)};>0 on B is strongly continuous if
IimT()f =f, VfeB;
N0

it is contracting if
ITOI <1, Vi=0.

A (possibly unbounded) linear operator A on B is a linear mapping whose domain
D(A) is a subspace of B and whose range R (A) lies in B. The graph of A is given by

GA) ={(f.Af): f € D(A)} CBxB.

A linear operator A on B is closed if G(A) is a closed subspace of B x B.

A linear operator B is a linear extension of A if D(A) C D(B) and Bf = Af,
Vf € DA).

A linear operator A on B is closable if it has a closed linear extension.
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If A is closable, then the closure A of A is the minimal closed linear extension of
A, more specifically, it is the closed linear operator B whose graph is the closure (in
B x B) of the graph of A.

The (infinitesimal) generator of a semigroup {T(t)};>0 on B is the linear operator
A defined by

Af = lim T(0f —f7
N0 t

where the domain D(A) of A is the subspace of all f € B for which this limit exists.

We shall use the abbreviations B = C(A,),By = C(AiZN)) for the Banach

. . (2N)
spaces of continuous functions on A,, A,

projection operator

with the sup norm, and we need the

my B =By, wy(f) =flem,

which obviously is a contracting linear operator.

Lemma 4.1.1
UN . BN — BN,

defined by

(2N)
Unfv(an) = E(fv(Zw(D)[Zv(0) = 2v), Vi € Byozw € 477,
is a contracting linear operator Uy on By.

Proof This follows from the fact that averaging w.r.t. a probability distribution

. 2N
decreases norms. In detail, for fy € By, zy € AL )

|Unfv(zn)| Z‘ Y S PN(ZN7ZN)‘

2N
€ A,(, )

Z | fv(@n)| Py (av. zn)
aes ™ (4.1.4)
Z HfN HBN Py (2w, zv)

2N,
ZNEAI(z )

|

IA

IA

By



4.1 The Diffusion Limit 81

Thus
H Unfn -~ HfN B’
which is the contraction property. O
Lemma 4.1.2
Tn(?) : By — By,
defined by

Ty(Ofn(xy) = E(fN(XN(f)) ’XN(O) = XN), Vv € By, xy € ALZN),

yields a one-parameter family of contracting linear operators {Ty(t)}>0 on By with
the semigroup property (only) on Rt /2N.

Proof Tt follows from the homogeneity and the Chapman—Kolmogorov equa-
tion (4.1.2) that

Tw(0fiv(in) = E( fu(Zn(2N) [Z6(0) = )
= E(fN(ZN(m)) ’ZN(O) = xN> (where m = [2Nt])

= Y &P (Zyim) = 2

m
W

= > W@ Y P (zom) =25
X

(m—1)
N

Zy(0) = XN)

Zy(m—1) = zg"—“)x

x P (ZN(m -1 = z,(\',n_l) ‘ZN(O) = xN) (by the Chapman Kolmogorov equation)

=Y @ DD P (Zwm) = Zifzvem—1) = " )x
@ .

(1) 7(,,,,1)
m
% P (ZN(m —1) = Zg”—"‘zN(m —2) = z;;"—”) ...P (ZN(I) - z}V‘”zN(O) = xN>

m m—1 m m—2 m—1 1
=Y @ D Puey g Puy YT P 2y)
(

e 1 m—1
N N - z}v )

(by the homogeneous Markov property)

—1 —2 —1 1
= Y Y @ Py g Py Ty ) Py 2y)

(1 m—1) M
N) ng oy
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Yoo D Ut ) Py ) P 2

(1) (m—2) (m—1)
N N N

S UGEYT) P 2y)

7( 1) (m—2)

Z

N el

= Upfv(w) = Uy""fu (o). 4.1.5)
Therefore, Ty (f) = U, EN[] is a contracting linear operator for every ¢. The semigroup
property on R™ /2N is obvious. This completes the proof. O

We shall now prove the analogous result in the continuum limit and identify the
generator.

Lemma 4.1.3
T() :B — B,
defined by
T()f(x) = E( £(X() )X(O) - x), Vf eB,x € A,
yields a strongly continuous contracting semigroup {T(t)};>0 on B with generator

I« O o Of
Af) = ; (=), @)+ ; B0 o (0. (4.1.6)

We note that when the coefficients b’ vanish, which is the case in the absence of
selection or mutation effects, this operator is the same as the operator (3.10.1) for
the inverse metric (3.8.7) (except for a factor ;).

Proof We denote the transition density function of the homogeneous diffusion
process {X(f)}>0 by p(t,x, z). It follows from the Chapman—Kolmogorov equation
that

T(1 + 9)f (x) = E(f(X(t + £))|X(0) = x)

= /f(z)p(t +5,x,2)dz

= / f (Z)( / p(t,x,2)p(s, z, Z)dz)dz (by the Chapman—Kolmogorov equation)
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_ / ( / F@p(s.z.9de)p(.x. )ds

= / T(s)f (2)p(t. x, z)dz
=TT (s)f (x). 4.1.7)
Moreover, T(0)f(x) = E(f(X(0))|X(0) = x) = f(x), i.e., T(0) = I. Therefore

{T()}:>0 is a semigroup on B. The strong continuity of this semigroup follows from
the continuity of f and X(¢). The contraction follows from

T ) = ‘ / F@plt.x.2)dz

< f £l x. 2)dz @.1.8)
< / Iflls p(t.x.2)dz = I flls. Vi = 0.f €Bux e A,

It follows that | T(f)f||ls < ||f||s forallt > 0,f € B.
Now, for f € C3(A,) we have

T () —F(x) = / F@p(t.x.2)dz —f()
— [ (1@ 1w )pte.x.a:

" o i i I ¢ azf i N j
:/(l:l axi(X)(Z —x)+ 2,-; axiaxj(x)(z - —x)+

1< Pf S
V(A V(A — ) (K — 1K
te i;l Oxi 9 9k ()@ =x)(F =) —x ))p(t,x, 2)dz

(by Taylor expanding f at x, where x*is some pointin A,,)
y lay p g p

n n )
= gﬁl (€9 (bi(x)t + o(t)) + ; > Biing (x)(xi(&:i — )i+ O(I))
i=1 ij=1

1 < Pf §
+ 6 iél 9t 9 Ok (x")o(t) (dueto Eq.(4.1.3))

O R N
= ; oxi (X)b (-x)t + > i‘]zz:l i (x)x (81:1. _xl)t 4 O(I).

(4.1.9)
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Therefore, C3(A,) C D(A)! and for f € C3(A,)

o) = iy T =10

0 t
n n (4.1.10)
T S B PR
= ;b (), 00+ i;x =) o).
This completes the proof. O

Theorem 4.1.1 The sequence of discrete generators Ay of {Tn(t)}1>0 given by

TN(z}v) -1
1
2N

converges to the generator A in the sense that for all f € D(A) there exists a
sequence fy € By such that fy — f and Axfy — Af as N — 00 in the sense
that

| fy = zonf ey = 0.
and
lim ”ANfN — ]TNAf”BN = O
N—oo

Proof As C*(A,) C D(A) is dense in B, we only need to prove the theorem for
f € C3(A,). In fact, for each f € C3(A,,), choosing fy = mnf, we have

Anfn(xn) — anAf (xwv) = 2N(Uy — Dfw(xn) — mnvAf (xn)

=2V Y (fulen) = fuow) o (ew, 2w) — TvAf (o)

=y (21\/ Z (f(ZN) _f(xN))PN(st ) — Af(XN))

N

=y (ZNZ (Z gfl (x)(zj\, — xf\,)pN(xN, ZN)

N i=1

'The maximal domain of definition D(A) of A is larger than C?(A,), but we shall not need that
here. It suffices for our purposes that C? is dense in B.
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+1Xn: azf (X)(Zi _x[)(z/‘ —xj) (x Z)
2 - laxiaxf N — ANy = XN)PNIN, N

ij=

I & o
+ i\;l axiax{axk (F*) (2 — X\ Dy — Xy (2 — X)pn (v, zN)) —Af(xN))

"9 , I & & , ,
= nN(; afi (x)(bt(x) + 0(1)) + ) i; axing (x)<xt(5,~j —x)+ 0(1))

FUy B () - At

6 4= dxigwiont " w
= ny(o(1)) = o(1). 4.1.11)
This implies the proof. O

Theorem 4.1.2 The sequence of {Tn(t)}i>0 converges to the semigroup T(t);>0 in
the sense that for each f € B there exists fy € By such that fy — f and Ty(t)fy —
T(t)f uniformly in bounded intervals as N — oo.

Proof Choosing fy = mnf, we have

ITw()fy — inT@f | < I1US " — POV Dg ) 4
+ [|leNAUN=D g ANWUN=Dig 4 | 2NONDIg o T(f|| (4.1.12)
= A + A, + As.

We start by estimating A;.

Lemma 4.1.4

Uty — "Dyl < mll(Unfy — vl
forallm=0,1,...
Proof Fixm > 0.Fork =0, 1,..., we have due to the contraction of Uy

A

m k—m
Uzt — Ul < 105y —
lk—m|—1

Y Un(Unfy —fv)

i=0

< |k —m|||Unfy — 5.

(4.1.13)
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Therefore,

1URifi — "N Df | =

o0 k
_ m

Ulfy —e '"E : k'B"N
k=0

° k
—m m m
=" D _(Uify = Uxfi)
k=0
e Z |k —m| k! Unfv — Il (4.1.14)
=0 :

_ E(|X _ E(X)I) 1Unfv — fil

2
< \/E(X - E(X)) |Unfv —full
= Vm||Unfy — fll,

where X is a Poisson random variable with parameter m, i.e.

k

—mm.
PX=k)=e T

X has mean and variance m (see (2.7.1)—(2.7.3)). O
Therefore,
Ar = UY iy = PN p |
< V2N | Unfy — i 4.1.15)
V2N
= A .
N [Anfwl

As Anfy converges to Af as N — 00, so ||Anfy|| is bounded, therefore A; tends to O
uniformly in bounded intervals as N — oo.

To estimate A,, Az, put Ty(f) = V' = 2NUN=D! We easily see that {Ty(f)}>0
is a strongly continuous contracting semigroup on By with the generator Ay. In fact,
the contraction follows from

2 —
ITn @] = [l =]

— e—ZNt”eZNtUN ”

(4.1.16)
< e—ZNteZNtll Uyl

<1
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Then, we have

A2 — ”e[ZNr](UN—I)fN _ eZN(UN—I)t”
{2Nt}
= 1(1=e>" )Tyl
{2Nt}
= (1= )1l
{2Nt}
= (1=¢>")I71.

Therefore, A, tends to 0 uniformly on bounded intervals as N — oo.
We finally estimate As.

4.1.17)

Lemma 4.1.5 For N e Nandt > 0,

TN(Z‘)]TNf — JTNT(l)f = / TN(I — S)(ANJTN — JTNA)T(S)de,
0

and therefore

ITv@msf ~ a1 = [ Nt = o)) lds,
Proof Ttis easy to see that T(s)f € D(A) for all f  B. Set
M) = T(— 9T (5.
Then we have
() = (L TN) T + Ta— s TG
= (= AT T + Tle — ) TvAT(s)

= Tw(t—s) (nNA - ANJrN) T(s)f.
Thus we obtain

Ty(O)nnf — anT(@)f = ha(0) — hy (1)

= —/Ot jshN(s)ds
= /Ot Ty(t—s) (ANnN - rrNA) T(s)fds.

This completes the proof. O
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Therefore, we have

Az = |[Tn(O)fy — anT (O ||

' (4.1.18)
< / |(Awry — TN () 1ds.
0
Hence, A3 tends to 0 uniformly on bounded intervals as N — oo.
This completes the proof. O

The following corollary summarizes the results that will be important in our
study.

Corollary 4.1.1 Forf € B,x € A, E(nnf(xn)|Xn(0) = x) converges to

f0) = TOF @) = E(£(X0) |X(0) = x)

which satisfies

0 ren = _1",_8f( ,af()
o D = A0 = ) > 2 =) Zb() (4.1.19)

La 5
ij=1

Proof The convergence follows from Theorems 4.1.2 and 4.1.1. Equation (4.1.19)
has been derived in Lemma 4.1.3. O

The functions f that we shall apply Corollary 4.1.1 to are the moments of
our distribution. Thus, we consider the smooth function f(x,7) = mg(x, ) =
E(X*(7)|x(0) = x) on A,. Theorem 4.1.2 implies that the ath moment of the
diffusion random variable X (7) is approximated by the acth moment of the Wright—
Fisher discrete variable Xy (¢) in the sense that, if xy — xin A, as N — oo, then

me (Xn ()| Xn(0) = xy) = E(nnf(xn)) = T (O)fv (xn)

—T(O)f (x) = E(f(X(0)|X(0) = x) = me(X(1)|X(0) =x) asN — oc.
(4.1.20)

By Corollary 4.1.1, the moments of the diffusion process will satisfy the equation
0 1 & - 0%my " Omy
= "Si—x) . .. b o
o= 5 LG ; ) o

ij=1

4.2 The Diffusion Limit of the Wright-Fisher Model

Utilizing the theory developed in the previous section, in this section, we shall
consider the diffusion limit of the Wright-Fisher model and state the corresponding
Kolmogorov equations. In contrast to the previous section, however, we shall also
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incorporate boundary transitions, but for simplicity, we shall concentrate on the case
where the b’ vanish.

We recall Poy (f + 8¢, x¢, x) from (2.3.10) and the moment expression (2.3.9). By
the general results of the previous section (see Theorems 4.1.1, 4.1.2), the processes
P,y converge to a limiting process p(t, xo, x), and also the corresponding moments
converge to the moments of the limiting process by Remark 4.1.20. Considering
the special case without selection or mutations, the coefficients b’ of the semigroup
generator A of (4.1.6) all vanish. The same technique, however, also works for the
case of mutations and selection where we get nontrivial coefficients b'. This follows
from the corresponding moment evolution derived in the next section.

The moments then become

Mg (2, x0) = [x“,p(t, xo,x)]n. 4.2.1)

Here, we now also include the initial value xy in our notation.

Equation (4.2.1) requires some discussion. The moments as defined in (2.3.14)
also involve values of the frequencies X where some components are zero. Such
values correspond to boundary points of the simplex. Therefore, the moments in
the diffusion limit should involve the contributions from the boundary. These are
incorporated in the product [.,.],. Subsequently when we introduce the boundary
flux, we shall see that this is the correct product, indeed.

The differential equation (2.3.17) then becomes

Mg (t, x0) = |: |a|(|a| * 4 Z a,(a, X (s, xo,x)] (4.2.2)

n

We now recall the generator (4.1.6) of our semigroup. It has polynomial coefficients,
and therefore, it maps polynomials to polynomials; in fact, as we assume in this
Section that the coefficients »' vanish, we have

-1 oo — 1
el =1 | g =),

Ax® = — 423
X ) 2 ) (4.2.3)

Hence, we can rewrite (4.2.2) as
T (2, x0) = [Ax%, p(2, X0, X)]p. 4.2.4)

On the other hand, differentiating (4.2.1) w.r.t. ¢ yields

1 (1, %0) = [x"‘, gtp(t,xo,X)]n. 4.2.5)
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Equating (4.2.4) and (4.2.5) therefore yields

0
[x“, atp(t, xo,x)]n = [Ax®, p(t, x0, X)]n (4.2.6)

for all x* and by linearity then for all polynomials. Since the polynomials are dense
in the space of all smooth functions, we conclude that for any smooth function ¢,
we must have for the expectation value ¢(f, xo) := Epq.x.) (@) 1= [@(x), p(t, X0, X)]s
(where again the identification of the convolution with p(t,xp,) via the scalar
product [., .], with the expectation value will be justified below) that

a ad
at(p(ts .X()) = atEp(t,xo,.) (‘P) = [A(p(-x)’ p(ts X0, -x)]n- (427)

Also,

d d 0
tEpu,xo,.)(w) =4 [p(x), p(t, x0,%)], = [w(X), 5 tp(t, xO,x)] (4.2.8)

0 n
An important point in all our considerations will be to investigate the formula
resulting from integrating (4.2.7) by parts. In general, this formula will involve
boundary terms, and they will be identified in Chap. 8, Eq.(8.1.11). In any case,
for smooth test functions ¢ vanishing at the boundary, integrating (4.2.7) by parts
yields

d
ot = [ WAL nan (4.29)

with the adjoint A*, where the subscript x indicates that A* operates w.r.t. the
variable x. Since this holds for all smooth functions ¢ vanishing at the boundary,
we conclude that the density p(t, xo, x) satisfies the differential equation

d
atp(t, X0, %) = ATp(t, X0, %). (4.2.10)

Altogether, we generally have (there is an alternative proof in [113], Proposi-
tion 3.5; see also the original derivation of Kolmogorov in [82] on R" instead of on
the simplex as here):

Theorem 4.2.1 The diffusion approximation of an n-allelic Wright—Fisher model
may be described by the Kolmogorov equations for its transition probability density
u: (Ao —> R of its gametic configurationx = (x', ..., x") € A,:

n

A q .
Layu(x, 1) = A%u(x,1) = ) Z i (a" ()u(x, 1) — Z i (b'(Xu(x, 1))
ij=1

i=1

4.2.11)
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is the forward operator, and the Kolmogorov forward equation then is
d :
atu(x, t) = Lyu(x,t)  in (Ap)oo = A, X (0,00) (4.2.12)

foru(-,1) € C*(A,) for each fixed t € (0,00) and u(x, -) € C'((0, 00)) for each
fixed x € A,.

Moreover, when we consider the dependency on the initial data xo,s of u,
i.e., consider a conditional probability density u(x,t|xg,s), then for any Borel
measurable subset B in A, the probability

v(s,xp) = /Bu(t,x|s,xo))k,,(dx)

satisfies the Kolmogorov backward equation

aa v(xp,5) = Lyv(x0,5) in (Ap)oo = Ay x (0, 00) (4.2.13)
s

for v(-,s) € C*(A,) for each fixed s € (0,00) and v(xg,-) € C'((0,00)) for each
fixed xy € A, where

n

1 . & SN
LY'v =Av = v . , b . , 4.2.14
A=, D a0, )+ 3B oG9 @219

ij=1 X0

is the backward operator.

4.3 Moment Evolution

In this section, we write down the moment evolution equations in detail, from the
simplest case of the 2-allele model without selection and mutation to the most
general case. We hope that this section can be a useful reference for various
applications. A reader only interested in the general theory may wish to skip this
section.

We recall the moments of our continuous Markov process (X;);>o; they satisfy

E(8X!|X,) = b'(X,)8t + o(81),
E(8XIX]|X,) = a¥(X,)8t + o(5¢). (4.3.1)
E(8X%1X,) = o(81), for |a| > 3.

Note that the factor 2}\, from (2.5.15)—(2.5.17) is incorporated in the time step §¢
here.
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We now generalize (2.3.16) and (2.3.17) to also include selection and mutation
effects:

my (t + 81) := E(X7} 5)

-5 (3 eeone

p=a

= ma(t) + Z BB (0X; ) + ) e (X) (81 (X))
=l i
i Xn: Oli(Ol,'z— I)E(a""(X,)(&)Xf‘_ze") + o(8¢).
=1

(4.3.2)
Subtracting my () from both sides, dividing by ¢ and letting & tend to 0, we obtain

titg (1) = Xn:aiE(bi(X,)X;"_e") + > o ( 15'0) Gl )
= 7 (43.3)

- Ol,'(Ol,' - 1) i —De;
3 E(a (X)X )
i=1

We shall now display these equations for various choices of the coefficients a and
b' as derived in Sect. 2.5. In all cases, the a¥(X;) and b’(X,) are polynomials in X;.

1. For the basic Wright-Fisher model with two alleles, b(x) = 0, a(x) = x(1 —x),
and the moment evolution equation is

k(k—1
iy = VE(x,0 -x)xt-2)
k(k— 1) (k 3 4.3.4)
=, M- 1) — my(1).
2. For the Wright—Fisher model with two alleles with mutation, by (2.6.5), b(x) =
5= ;”x, a(x) = x(1 — x), and the moment evolution equation is
. 1 1 _ k(k—1 _
g () = kE((Zv — X)X 1) 4 M ) )E(X,(l — x)x* 2)
v +v k(k—1
=k me@ =k o+ D om0 - mo
k(k—14+v kk—14+p+v
= K ) )mk—l(l) _ K 5 - )mk(f)-

(4.3.5)
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3. For the Wright—Fisher model with two alleles with selection, by (2.6.6), b(x) =
x(1=x)(h—14x—2hx)s, a(x) = x(1—x), and the moment evolution equation is

(t) = kE((s(h — DX,(1 = X;) + s(1 — 2h)X2(1 — xt))xf—l)

+ k(kz_ D E(X,(l - X,)XH)

= ks(h — D)my(¢) + ks(2 — 3h)my41(t) + ks(2h — D)my2(t)

+ k(kz_ 1) (mk_l(t) — mk(t))
D = 0+ B,

. . 1
(m the special case h = 2)

= )~ e ) + k(kz_ Ym0 = o,

1
(in the special case h = 2).
(4.3.6)

4. For the Wright-Fisher model with two alleles with mutation and selection,

by (2.6.7), b(x) = 5 — ’Hz'vx +x(1 —x)(h— 1+ x—2hx)s,a(x) = x(1 —x),

and the moment evolution equation is
. 1 1
in(r) = kE((zv — (VX s(h = DX, = X)
k(k—1
+s(1 — 2m)X2(1 —xt))xf—l) L ) ) E(X,(l —X,)XH)

- k;mk_l(t) e ;r () + ks(h — Dymy(8) + ks(2 — 3y (1)

k(k — 1)
2

+ ks(2h — D)my42(t) + (mp—1 (t) — my (1))

 k(k—1+v) k(k—1+ s+ pu+v)

k.
5 my—1(t) — ) my(t) + zsmk+1(f)

1
(in the special case h = 2).
(4.3.7)

5. We now turn to the Wright—Fisher model with (n 4 1) alleles. If there is neither
selection nor mutation, then by (2.3.11),(2.3.12), b’ (x) = 0, a’(x) = x'(§;—x/),
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and the moment evolution equation is

e (t) = Zaiaj ( XXqu ei— e)
i#]

+ Z Oli(aiz_ I)E(X;(l _X;')X“_zef) 4.3.8)
i=1

L > e 0

6. For the Wright—Fisher model with (rn + 1) alleles with general mutation rates,
by (2.5.15),

bi(x) = —(Zn: Gzlj)xi + Zn: ezjixj,

J=0 J=0

where 6; is arbitrary and can be fixed as 0, and a”(x) = x/(§; — ¥/), and the
moment evolution equation is

my(t) = zaiE<( _ 2 HZIYX;- n 9;); n Zl ;i ; 00iX{>Xf‘_ei)
= j= j=

+ZO‘O‘J ( XIXJ a—e; Ej)+§ai(ai2_ 1)E<X;(1_X;')Xcz—2€,-)

i

=Z— (m+2f”a%@+zzf@_%m@ﬂ
i=1

i=1 j=1

_leldel =D, 0y 5 D 0, (wheren, = 30,)
i=1

2 =
o~ (% 6) ;b i (6 — boi)
_; 5 ma(t)—i-; 5 ma_ei(l)-i-i; S Maart
i
lee|(Jee| — Ot(ot, 1)
- z)a@+2 ey 1)

i=1

_ _<|u|(|a2| — 1) n Z Ol,'(l?,';‘ 001’)) (t) + Z 0[1(0[; 1 + 001) Mg e,(t)
i=1 i=1
(8 — o
T Z [67 ( j ) O)md—e,‘“rfj' (439)

ij=li7j
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7. For the Wright-Fisher model with (n 4 1) alleles with uniform mutation
(mutation rates depending only on the target genes), by (2.5.4), (2.5.15),
bi(x) = g’ - ‘g‘x",a’:"(x) = x'(§; — #), the preceding moment evolution
equation (4.3.9) simplifies as

e (1) = Xn:“iE((;Qi - ;|0|Xf)Xf‘ _e") + ZmajE( —X;‘X{X;’“e"‘e-f)
i=1

i
+ Z a"(a"z_ 1)E(X;'(l - Xf)X"‘_z"i)
i=1

_ _lef(el =1 +16]) (t)+2": (o — 14 6;)

= w—e ().
, > a0
(4.3.10)
In fact, if 0;; = 6, forall i # j, then foralli € {1, ...,n} we have
O+ 6= O+ 060i= 0;+6u=> 6+6=10]
=0 =0 j=0
J#i J#i
therefore
o0+ 600)  ~—~ilf] |e)|6]
Z 2 B Z 2 2
i=1 i=1
Thus, the first term in (4.3.9) becomes
—1+10
ol 110D
2
For the second term, because of 8y; = 0;, forall i € {1, ..., n} we obtain

S e o

i=1

Finally, because of ai(ojiz_e(’i) = 0forall i,j € {l,...,n} with j # i, the third
term is zero. Thus, for uniform mutation, (4.3.9) becomes (4.3.10), indeed.
8. For the Wright-Fisher model with (n + 1) alleles with special selection

coefficients s; = Si;Sj ,(2.5.15) yields

bi(x) _ xi(z si‘;ijj _ Z Sk—z‘rslxkxl) _ Szixi_ Z ‘;ixixj’
j=0

=0 k=0
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and a’(x) = x'(§;; — '), and the moment evolution equation is

. . Si i 5j ivi —e;
ma([) = Za1E<(2Xt - Z 2]XtX£)X;¥ I)
i=1

j=0

iv)ve—ei—ej : Oli(Ol,'—l) i i —2e;
+ e —XXXTT) + 30 , B(X/(1 - x)x*)

i i=1
Sel(5e-5 )
i=1 Jj=1
of|(je|—1 - ai(a;—1
_ led 2' )ma(t) + ; ( 5 )ma—e,'(t)

n n

- Z ai(siz_ SO)ma (n— Z ai(s‘iz_ s0) My 4¢;(1)

i=1 ij=1

=Dy D

i=1

R ) PR S

i=1 i=1

" ai(s; — o)
- Z 2 et te;-

ij=1

(4.3.11)

9. For the Wright-Fisher model with (n + 1) alleles with general selection,
by (2.5.15)

b = ( Z sy — Z Skzxkxl)

j=0 k=0

n

j=1 k=1

+2 Z(SIO — s00)x' + 500))

=1
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n n
= 'xi( - Z (Sk] + $00 — Sk0 — le)-ﬂ(xl + Z(SU — S0 — 2Sj0 + 2S00)_xj

ki=1 j=1

+ si0 — Soo)

= xi< - Z Sux'x' + Z(Eij — 5 + 51’)’ (4.3.12)

ki=1 j=1

where :S“kz = Sg7 + So0 — Sko — S0 :S"j = Sjo — S00, and aij(x) = x"(8,;,~ — xj), and the
moment evolution equation is

titg (1) = Z(x E(( Z SuXiX! + Z(s, —5)X + si)x;*)

ki=1 j=1

+ aigy ( XIXIXE T ) + Z “i(“;_ 1)E(Xﬁ(l —X;')X“—Zef)

i#] i=1

Zaz( Z SkiMa+e,+e, () + Z(Elj - gj)mdt+e_,-(t) + Simy (t))

ki=1 j=1

=Dy D

i=1

= e fumatera® + DY il — 5)mate (1)

ki=1 i=1 j=1

- (=D Za,s,)ma(t)-f-z e,

i=1
(4.3.13)

10. Finally, for the most general case considered here, that is, the Wright—Fisher
model with (n + 1) alleles with general mutation and selection, by (2.5.15)

b’(x)z—(Z ) +Z "x]+x<Zs,,x/ Zn:s;dxkxl),

j=0 k=0
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and a’(x) = x'(§;; — '), and the moment evolution equation is

g (1) = = Y |alSumasacre®) + D Y il — 5)mare (1)

ki=1 i=1 j=1

n

_CW@—D+Z%@+?_Eva (4.3.14)

i=1

‘ Oéi(O{i -1+ 901’)
+ Z 5 Mg—e; ().
i=1

11. For the Wright-Fisher model with two loci with two alleles each with recom-
bination,

b'(x) = erD(x) = eir(xl(l —x' ==X —x2x3),
where € = —€;, = —e3 = —1,r = 2NR and a¥(x) = x'(§; — ¥) fori,j =
1,2, 3, then the moment evolution equation is

3

g () = ZaiE(éirD(Xt)(Xt)a_ei> + 23:

i=1

Oti(Oli —1

lee|(jee| = 1)
2 2

My (t)

)
Mo—e; (1) —
i=1
3
= Zaieir(mu—ei+el (t) — My —e;+2e; (t) — My—c;+e1+en (t) — My—c;+e)+e;3 (t)
i=1

> ai(ei — 1) oldel =), gy,

— Ma—e;4er+e;3 (t)> + Z 2 My —e; (t) -
i=1
(4.3.15)
If we start at a linkage equilibrium, i.e. D(X(0)) = 0, we obtain

r

t
D) = (1= ) DX(©) =0

(X)) ) PX©)
for all ¢. At linkage equilibrium, the genotype frequencies at one locus are
independent of the genotype frequencies at the other locus. In this case, it
suffices to consider the variables (X 1(z‘),Xz(t)) € A,, as they determine the

other two via

30 X' 1 2
X0 = s g 1-X0=X0).
Xp=_ X0 (1 - X'(1) — X2(1)).

X'(») + X*()

The problem thus becomes equivalent to the case of a single locus with three
alleles.
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12. For the Wright—Fisher model with two loci with two alleles each with mutation,
selection and recombination,

3

3 3 3
bi(x) = ¢;rD(x) — (Z 921‘/' )xi + Z szixj + xi<2sijxj — Z skp/‘xl),
j=0 J=0

=0 k=0

and a’(x) = x'(8;; — ¥) for i,j = 1,2, 3, and the moment evolution equation is
3

g () = ZaiE(éirD(Xt)(Xt)a_ei> + 23:

i=1 i=1

Oti(Oli —1

lee|(jee| = 1)
2 2

My (t)

) My—e; (t) -

3 3

3
= Y lelSuma ot () + Y i — §)mate(t)

ki=1 i=1j=1

3
= Zaieir(mu—ei+el (t) — My —e;+2e; (t) — My—c;+e1+en (t) — My—c;+e)+e;3 (t)
i=1

> aiai = 1)
— My —e;+er+e3 (ﬂ) + Z 2 Ma—e; (0 —

i=1

el =1

3 3 3
— > e Bumatare () + Y Y @i — 5)mae (1)

ki=1 i=1j=1
= ZAa,ﬂmﬂ ®,
B
(4.3.16)
where A = (Aa,,g) 5 is an (infinite dimensional) sparse matrix whose entries
o,

depend on r, sy, 0;.

4.4 Moment Duality

As we have noted in Sect. 4.2, the evolution of the moments determines the entire
Wright-Fisher process. In other words, it suffices to solve the moment evolution
equations. This also implies that if we find some other model with the same moment
evolution equations, then we could also use that model to derive properties of the
Wright-Fisher process. And if that other model turns out to be simpler, then this
scheme may be used to great advantage. This is indeed possible. There exists a
simple death process with the same moment evolution. Actually, that process can
also find a biological interpretation in terms of the Wright—Fisher model. That is the
Kingman coalescent [81]. We shall make use of the exposition in [26].
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Although, in this book, we shall not make systematic use of this relation, we
nevertheless would like to use this opportunity to explain it. We shall do so, however,
only for the simplest case, the 2-allele model without selection or mutation.

We thus recall Eq. (2.6.4) for the evolution of the moments (¢, y) = E(Y;)*|Yo—
y) in the diffusion limit,

iy (t,y) = (I;) (mi—1 (2, y) — my (2. y)). (4.4.1)

We then look at the death process D = (D) on N where the transition from k to k—1
occurs at the rate (’;) That is, in a population of size k, the death of an individual
happens at that rate. The expectation value

n(t,y) := EGP'|Dy = k) (4.4.2)
then satisfies
k
nk(t + Sts y) - nk(ts y) = (2) (nk—l(tv y) - nk(tv y))v (44‘3)
and for 8t — 0, we get
. k
nk(ts y) = (2) (nk—l(tv y) - nk(tv y))v (44‘4)

that is, the same as (4.4.1). (Note that for §t > 0, my (¢, y) does not satisfy (4.4.3)
exactly, but only up to some error terms of order o(6¢). Thus, the moment evolutions
of the two processes only become identical in the diffusion limit.)

Anyway, this then implies

mi(t,y) = m(t,y), (4.4.5)
or spelled out,
E(Y)"|Yo —y) = EG” Do = k). (4.4.6)

Such a relation is called moment duality, and this can be developed in a general and
abstract manner, see [68]. Here, however, we do not explicate that theory, but only
point out the interpretation in terms of the Kingman coalescent.

But before doing that, we should first point out that since the process D, is much
simpler than the Wright—Fisher process, we can use the relation (4.4.6) to derive
some results about the latter in a simpler manner. For instance, (2.8.2) directly
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follows from
E(Y:|Yo=y) =EG™ Do =1) =y. (4.4.7)

Now, the Kingman coalescent model considers the process where we ask about
the probabilities that two individuals in the current generation had the same ancestor
£ generations back in the past (note that time is running backwards here, and
therefore, we call the generation £ instead of m). Obviously, we should then look
at the transitions from some generation £ back in the past containing the k ancestors
of the current generation of size 2N (as always) to generation £ + 1 back in the past
and ask how many members of that population created the current one. That is, in
each generation in the past, we neglect all individuals that don’t have any descendent
left in the current generation. Again, we scale the process and look at time steps of
size §s (again, time s is running back into the past). The process is scaled such that
the probability for two individuals at time s had the same ancestor at time s + §s
back from the present is ds, up to terms of order o(§s) which we neglect. Therefore,
if at time s, there were k ancestors, then there are (’2‘) pairs of them each of which
could have the same ancestor. Thus, the number of ancestors is expected to reduce
by (IZ‘)SS when we go s back in time. But this is precisely the same as the above
death process D with rescaled time step ds. Therefore, the moment duality that we
have described above finds its natural explanation in the Kingman coalescent that
yields a process that traces the ancestry of individuals resulted from Wright-Fisher
sampling back in time.



Chapter 5
Recombination

5.1 Recombination and Linkage

Gametes consist of several loci, each of them occupied by an allele from a set of
alleles that is specific for the locus in question. The sites are assumed to be linearly
ordered. The number of loci, as well as the set of possible alleles for each, are the
same for all gametes within the population under consideration. When two gametes
are paired, they form an offspring gamete that at some of its sites gets the alleles
from the first parent, and at the other sites those of the second parent. This is
recombination, and a recombination scheme may restrict the possibilities for the
combinations.

We observe that by such a recombination scheme, half of the alleles of the pair of
recombined gametes are wasted. In principle, instead of simply creating one gamete
from a pair of gametes by recombination, one could also create the complementary
gamete which precisely gets its alleles at those loci from the first (second) parent
where the other one received its alleles from the second (first) parent. We would
then have to sample only half as many gametes. For the models that we shall
consider, this will make no difference for the dynamics of the probabilities of the
allele frequencies.

First, we consider the special case of two loci with two alleles each. Recalling
the conventions of Sect.2.11.1, the set of possible alleles at the first locus contains
A%, A', and for the second locus B°, B'. We thus have the gametes, i.e., allele
combinations

G’ = (A, B°),G' = (A°,B"),G* = (A'.B),G* = (A', B").

The corresponding relative frequencies are X = X¥ when G* = (A?, B/). With
i = 0(1)if i = 1(0),

DY = XUx"/ — XV x"I and D' = DV when G' = (A', B/).

© Springer International Publishing AG 2017 103
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When DY = 0, then the relative frequency of (A’, B/) equals the product of the
relative frequencies of A’ and B/. This is called linkage equilibrium.

Let R be the recombination rate. This means that when the gamete (A’, B/) is
mated with the gamete (A%, B"), then the gametes (A, B/) and (A¢, B") are produced
with probability é(l —R) each, whereas the combinations (A’, B") and (A¢, BY) occur
with probability éR each. The factor é here comes up because we assume that the
mating and recombination of two gametes produces a single offspring in place of
two.

In more detail, recombination can have

* no effect on a relative frequency, for instance when (A, B®) is paired with
(A%, BY), then (A°, B®) is produced with probability é independently of R

* anegative effect on a relative frequency, for instance when (A°, B®) is paired with
(A', BY), then (A°, B®) is produced with probability é(l — R) only

* a positive effect on a relative frequency, for instance when (A°, B') is paired
with (A!, B), then (A°, B) is produced with probability éR, even though neither
parent was of this type.

We now present a preliminary discussion of the effects of these recombination rules
where we leave out the multinomial sampling step; as we shall see below the relative
order of recombination and sampling does matter, and so, we shall need to address
that issue. The relative frequency of G° then changes between the generations
according to

1 1 1 1
E(XSH_1 [xm) = (x°)% 4 2x°x! 5 +2x0x? 5 + 2% 2(1 —R) + 2x'x? 2R =x"—RD°,
(5.1.1)

since x” + x! 4+ x2 4+ x> = 1; the factor 2 occurs for symmetry reasons, because the
order of the two gametes does not matter. And in general

E(X}, 4 |xm) = x* —RD". (5.1.2)
It is important for the interpretation that R is a probability. R = 0 means
that no recombination occurs, whereas R = é means that the two loci behave

independently. The reader will readily check that R and 1 —R lead to mathematically
(but not biologically, of course) equivalent models. Therefore, we may restrict
ourselves to the range 0 < R < é

For later purposes, we also write (5.1.2) as

E(Xp i lxn) = Y aloxy, (5.1.3)
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with the coefficients a’,, which again represent probabilities. For £ = 0, they are

displayed in (5.1.1), and for general £, they are given by the following table

a’, (=0 (=1 (=2 (=3

(r,5) = (0,0) 1 0 0 0
©o.1n ) 0 0
0,20 ) 0 > 0
(0.3) ,(1—R) IR IR 11-R
1Ly o 1 0 0 (5.1.4)
(1,2 IR JA-RI1-BR IR
(1,3) 0 : 0 :
2,20 0 0 1 0
2.3 0 0 5 )
(3.3 0 0 0 1

with the symmetry
at, = a! forallr,s,{. (5.1.5)

Here, we assume that the two partners in a pair are independently chosen for their
random union, which is indicated by the i, j-notation as upper index, that is,

X =X'X" andx™ = x"x. (5.1.6)

As before, we consider a population of N individuals. In the present context,
this means that we have 2N gametes in each generation. In distinction to the single
locus case, we now have two operations, sampling and recombination. Their order
matters, and there are two different possible schemes which we shall now describe.

Perhaps the following general remark concerning randomness will be useful, as
the same type of reasoning will appear repeatedly. As long as there are no correla-
tions, it does not matter for the stochastics of sampling (always with replacement)
whether we sample individual gametes or pairs of gametes, or according to which
scheme we pairwise mate randomly sampled gametes, as long as this scheme does
not depend on their identity.

5.2 Random Union of Gametes

In the random union of gametes model (as proposed by Karlin and McGregor
in [76]), abbreviated as RUG, 2N, or N pairs of gametes, are randomly sampled
from the population, and then pairwise recombined in a mating step to produce
the next generation of 2N gametes. Thus, for the formal model, we do not need to
speak about individuals at all, as in the basic Wright-Fisher model with a single
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locus. Of course, for the biological picture, one might want to ask how individuals
fit into it. Well, a diploid individual possesses two gametes. Instead of sampling
2N gametes, we might then sample N individuals and mate them pairwise and
recombine the first gametes of such a pair to form the first gamete of the offspring,
and likewise produce the second gamete of the offspring from the second pair of
parental gametes. We note that this sampling of pairs of parents each carrying two
gametes is different from the simple sampling of pairs of gametes. If, however,
there are no correlations between the frequencies of the two gametes an individual
carries, then this recombination process will not introduce such correlations either,
and therefore, the probabilities for the gamete frequencies are not affected by
this different sampling scheme. We should point out, however, that this might
change when selection effects are included. The reason is that selective differences
might introduce correlations between the gametes within individuals, as certain
combinations of two gametes might be fitter than others.

So, anyway, we shall sample from a population of 2N gametes to create the next
generation by pairwise recombination.

We can easily derive the moments of the RUG process. In fact, the first moment
has already been given in (5.1.2). For the sequel, we write

gt .= x* —RD". (5.2.1)
The higher moments can now easily be derived from the fact that the RUG model

consists in random multinomial sampling from the frequencies given by £. Thus,
recalling (2.11.9)—(2.11.11), we have

E(X!, 4 Jxn) = £° which is (5.1.2) (5.2.2)
1 1
B X o) = (1= JEE" + ) E'8u (5.2.3)
1 1
=(1- ZN)(x‘ —RDY) (X" — RD") + ZN(x‘z — RDY)8y,
Bt X" Xk ) = (1— 1)(1— 2)5‘shsk+ ! E4808m
m+1m+1m+11"'m N N (2N)2

1 1
T op (17 g €880+ 78 80+ 86580). (5.2.4)

and so on. In particular, we get for the coefficient of linkage disequilibrium
from (5.2.3)
Bl b = (1= A= RDI = (1= @7 6. (525
m+1 N m 2N

Thus, the corresponding coefficient of linkage disequilibrium for the £ gets
decreased by a factor of (1 — 2;,), and the latter is decreased by a factor of (1 — R)
compared to the coefficient for the x{,.
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From (5.2.2)—(5.2.4), we also get

E(8X‘|x) = E(X},q 1 — X, Ixw) = —RD’ (5.2.6)
E(6X'8X"|x,) = E(X‘X"|x,n) 4+ E(SX* |x,)E(SX" |x,)

— E(X |, E(X"[x,)
_ 1) __¢h 2 (b
= Gu—E)+RD'D (52.7)
E(SX*6X"6X |x,,) = B(X"X"X/|x,,) — x’ ¥ ¥, (5.2.8)

— E(X“X"x,)%, + E(Q¥|x,)xt o

m’m

— EXX )l + B(Xx,)xE

m’m

— E(X"X|x,)x5, 4+ B(XE|x,)x"

m’m

= —RDDID = | (EE 01— 5D + £ — 5)D + (1 —5,)D))

g BT — €88y — £y — B0 + £ (5.2.9)

5.3 Random Union of Zygotes

In the random union of zygotes model, abbreviated as RUZ, which has been
developed in [123], we represent an individual by a pair of gametes, called a
zygote. From each zygote, that is, pair of gametes, we form a single gamete
by recombination. The model then consists in sampling 2N zygotes, from which
we form 2N gametes which are then pairwise mated into N individuals, i.e.,
zygotes. (Since the zygotes are sampled randomly, the precise mating scheme then
does not matter, as long as it does not depend on the identity of the gametes,
and will effectively constitute random mating.) Thus, here the paternal and the
maternal gamete are not recombined when forming an individual, but only when
that individual produces offspring itself. In other words, recombination is shifted
here by one generation compared to the RUG model.

Again, when there are no correlations between the two gametes constituting
a zygote in the initial population, then the model will not introduce any such
correlations. Therefore, we can consider the two gametes in a zygote as being
statistically independent. Again, we point out that this need not remain valid when
selection is introduced.

We consider a discrete time m, sometimes indicated by a corresponding subscript.
Let Y™* and X"* be the absolute and relative frequencies of a zygote of type
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(G', G’). When the random variable X"** assumes the value x"**, the probability that
recombination then produces a gamete of G is

E(X} i) = Y arx™ (5.3.1)

where x stands for the collection x™*,r,s = 0,1,2,3 and the afs are the
coefficients of the recombination scheme. Here, importantly, since the two gametes
in a zygote are statistically independent, the corresponding random variables satisfy
(analogously to the RUG case)

X = X"X°. (5.3.2)

Therefore, we can equivalently write

E(X}i ) = EQ_ab X’ (o) = ) alox,. (5.3.3)

This then is the transition rule for the random variables X¢ in the RUZ model.
Applying (2.11.5) therefore yields the formula of [123]

B(e™t Mt |x,) = (=" 2rs Xt Yot [x,) = (3w e=eoi)y  (5.3.4)

where we have used the formula (2.11.8) for the moment generating function of the
multinomial distribution and the fact that we are now multinomially sampling pairs
instead of individual gametes.

This formula then has eliminated the zygote frequencies; only the gamete
frequencies remain. We should keep in mind, however, that the coefficients a’, here
represent probabilities.

From (5.3.4) and the considerations in Sect.2.11.2, we obtain the moments

E(X., 4 lv) = Y ald 2], which is (5.3.3) (5.3.5)
i
1o, 1,
B X on) = DD (1= g, + 2,80 ajal,
ij rs
£ h k . 3 2 P vy sk
E(Xm+1Xm+1Xm+l bem) = (1 B N + N2) mexmaij Z m*m%pq me mrs
i pq r.s
(5.3.6)

1 1 i g L0 sk
+ (N o NZ) X (Z'xinxjnatjatj Zx;zx‘mam
ij r,s
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q 4 h J
+ E x’y’nxmapqapq E x xma”-i— E xmxmamam
i

pq

X Zx”xfn Zq) mexmaf;ahak (5.3.7)

p-q

From (5.1.1), (5.1.3), we have

m-m

> apd, = x' —RD. (5.3.8)
h.k

Therefore, the moments of the RUZ model behave essentially like those of the
RUG model, that is, they coincide in the diffusion limit (or in case of absence of
recombination). The differences in the formulae for the second and for the higher
moments only result from technicalities (that is, sampling with 2N trials (RUG) vs.
N trials (RUZ)) and as such diminish with increasing N.

5.4 Diffusion Approximation

As in Sect.4.2, we now pass to the diffusion approximation, that is, we let the
population size N — oo and rescale time with §¢t = 2}\/' The expectation values
then need to be multiplied by 2N. We obtain the coefficients of the drift term
be(x) = lim 2NE(8X") = lim (—2NRD"). (5.4.1)
N—o00 N—oo
This can only remain finite if

R=R©N) = 0(11,), (5.4.2)

that is, if the recombination rate goes to 0 like 1{, ‘We henceforth assume (5.4.2). But
then

ag(x) = lim 2NE(8X'6X")
N—o00
1
= lim 2N(_ x*(8¢ — x*) + (RD")(RD"))
N—00 N
= 2x(8¢p — A7), (5.4.3)
because of (5.4.2). Thus, with this assumption that was needed to keep the first

moments finite, the diffusion coefficients ay, are independent of recombination.
Since in this situation the third and higher moments behave like o( 11,), we can
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pass to the diffusion limit as in Theorem 4.2.1 to obtain the forward and backward
Kolmogorov operators, that is,

LR P
LF: Hy— Hy L) =5 3 PECu e =3 g be(Ou0).

Axtoxh
5.4.4)
and its adjoint
3
32 a
L™ Hy = Hy, (L) *™up) = 3 35 pGon=p"), 050 + X))
=1
(5.4.5)

5.5 Compositionality

In addition to the hierarchy that we have already discussed for the single locus case,
we also have a compositionality in the following sense. In the two-locus case, we
could, for instance, ignore the dynamics at the second locus and only consider the
dynamics at the first locus. An inspection of the model shows that in the absence
of selective effects (which we have assumed so far), the frequencies at the first
locus are not affected by those at the second locus. Recombination only affects the
correlations between the probabilities at the two loci, but not the marginals. Thus,
for the frequencies of A, which are given as the sums of the frequencies of the pairs
(A, B®) and (A%, B'), we have a standard Wright—Fisher dynamics. When X’ now
denotes the frequency of A’ and X¥ that of the pair (A’, B/), we have

X = ZX/ (5.5.1)
J

This matches with the coefficients of the Kolmogorov operators, as we have

1
> b =0 (55.2)
=0
1 1 1 1
Y ame = Y Zx("’)(f?aj)(m —x) = o X Bir =), (5.5.3)
Jj.s=0 Jj.s=0

where in (5.4.1), (5.4.2), we let the index £ for an allele pair correspond to the pair
of indices (ij).
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Analogously, we can consider the dynamics of the frequencies at the second
locus only. Thus, by taking marginals, the frequency dynamics governed by the
Kolmogorov operators (5.4.4), (5.4.5) lead to two frequency dynamics governed
by the operators L, L}. Geometrically, we thus have a dynamical process on the
positive hyperoctant of the three-dimensional sphere that projects to a process on
the product of two one-dimensional spheres. The projected processes do not feel
effects of recombination.

Obviously, this picture generalize to more than two loci with more than two
alleles at each of them. This naturally leads into the field of algebraic statistics,
see for instance [95], but this will not be explored here.

5.6 The Geometry of Recombination

In this section we will consider the geometry of the state space of recombination.
We shall see that the geometric perspective that we have developed in Chap.3
can substantially clarify the underlying mathematical structure. We start with the
formula of Ohta and Kimura as presented in [93]

f 1 2f 1 2f 1P 1 92f
= 4p(l -p) (8p)2 + 4q(l —q) (8q)2 + 2D8p8q + 2D(l —2p) 9paD (5.6.4)
1 Proo1 5 0%
+,D(1—29) 940D + ,pad=p)(1—q) + D1 = 2p)(1 -29) =D }(81))2

1 of
— _D(1 +2NR
L PAF2NBY,

for f(+,1) € C*Q(pqp)) for every t > 0 and f(p,q,D, ) € C'((0,00)) for
(ps q, D) € Q(p,q,D) and Wlth

Qpqp) =

{(p,q,D) € R‘WO <p,g<lmax(p+¢g—1,00—pg<D < min(p,q)—pq}.
(5.6.5)

Thus, the coefficient matrix of the 2nd order derivatives equals

(@’(p.q.D))

p(l1—p) D D(1 —2p)
= D q(1 —q) D(1 —2q)
D(1 —2p) D(1 —2q) pq(1 —p)(1 — q) + D(1 — 2p)(1 — 2q) — D?
(5.6.6)
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In fact, we will show that for Eq.(5.6.4) (a¥) coincides with (the inverse of) a
Fisher metric on 2, 4.p).

Here, Q(,4.0) C R? clearly is a differentiable manifold, and it may be checked
that g = (g;) given by (g) = (a”) defines a scalar product (i.e. (g;) is symmetric
and positive definite in €2, 4.p)) with its coefficients depending continuously on the
base point. However, inverting (g¥) yields a quite lengthy expression, which we state
here only for completeness:

—(p—Dp(g—1)’@—(2p—1)(g—1)q(2g—1)D+(=1-3(g—1)g)D?
(g1)(pap) = 4det (g¥) " —(p—Dpg—1)gD+D? .
D(q(—1-2p(q—1)+q—2D)+D)
(5.6.7)

—(p—Dp(qg—1)gD+D?
(g2)(pap) = 4det (87) " | —(p-1)22 (14— (p—1p2p—1) 2g—1)D+(~1-3(—1p)D? |
D(p(—14p+29—2pq—2D)+D)
(5.6.8)

. D(q(—1-2p(g—1)+q—2D)+D)
(gi3)(p.g.0) = 4det(g¥) D(p(—14p+2¢—2pg—2D)+D) |. (5.6.9)
(p—Dp(g—1)g—D*

This is too complicated, and therefore, we shall introduce new coordinates so that
we can identify the metric. We begin with simplex coordinates.

Lemma 5.6.1 Under a change of coordinates (p.q.D) —> x = (x', x?, x*) with
L 2= (] — ) — 3 e o(1—p) —
x :=pg+ D, =p(l—¢q)—D, x :=q(—p)—D, (5.6.10)

the domain 24 p) is mapped onto A3, while the coefficient matrix (a’( p, q, D)) of
the 2nd order derivatives in Eq. (5.6.4) transforms into

(1 =x) —x'x? —x'x3

(@’ (x) = i —xlx? 2(1-x2) =23 |, xeA; (5.6.11)
—xly3 —x23 x3(1 _x3)
and
O+ @@ @)~
(a;(x) = 4 [ B € = W AT Ct) B ¢ . x€As
@)~ E 0 I O AT

(5.6.12)

. 0._ 3 i
withx’ :=1-Y""_ x"
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Proof The assertion on Q2,4 p) is straightforward to check. Furthermore, we have

i i i q po1
(?;c ’ E(;x ’ ng) =|1-¢qg —p -1]. (5.6.13)
P 0q i=1,2,3 —q 1—p—1

Applying the transformation formula for a” of Lemma 3.10.1 yields the desired
result. O

We next apply the natural bijection A3 — Si to transform the simplicial into
spherical coordinates by y = Vxi ‘fori =1,2,3,see (3.8.9).
o — 1 8 from which we obtain the formu-

This transformation satisfies .
0%/ 23/

lae (3.8.11), (3.8.10), that is,
2
) 1=0Y" Yy =Y
(&"(y))=16 Iy 1=0%F o |, vest (5.6.14)
3
- = 1-07)

and
1,2 1,2 1,3
1+ () 'y vy
1 (30)2 (y°)22 of)j
@on=16] 27 149, 2n | yesi (5.6.15)
0% 0" 0" )
¥y 3 Q)

0%’ 0%’ + 0%’

with y° := \/1 - Z?:l 092

Thus, (a;) resp. (a;;) coincide (up to the prefactor 16) with (the inverse of) the
standard metric g* of the 3-sphere $% C R*. Lemma 3.8.1 (cf. also Lemma 3.4.1)
therefore yields

Proposition 5.6.1 2, ,p) equipped with the Fisher metric of the multinomial
distribution carries the geometrical structure of a manifold of constant positive

curvature = 116 .

In particular, a¥(x) is (up to scaling and the missing prefactor N) the covariance
matrix of the multinomial distribution M(N;p°,p',...,p?) with parameters p' =
X, i=1,2,3p"=1- 21‘3=1 x'. Therefore, it also coincides with the Fisher metric
of the multinomial distribution on A3z. We state this result as

Lemma 5.6.2 The coefficients of the 2nd order derivatives of the Ohta—Kimura
formula (5.6.4) equal (up to a constant factor) the components of the inverse of the
Fisher metric of the multinomial distribution on Q4 p).
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5.7 The Geometry of Linkage Equilibrium States

If D = 0, a population is said to be in linkage equilibrium. This means that the
product of the gross frequencies of the alleles A° and B equals the frequency of
the gamete AYBY. and likewise for all other combinations of alleles at different loci,
e.g. A' and B'. In the following, we will analyze the geometry of such linkage
equilibrium states utilizing the concepts introduced in Sect. 3.2.

Returning to the Ohta—Kimura formula (5.6.4), D = 0 yields

) p(l—=p) 0 0
(@’(p.q.0)) = A 0 q¢g(1—g9q) 0 (5.7.16)
0 0 p(p—Dgl@—1

with (p.q.0) € Qg0 = {(P.4.0) € R?x{0}|0 < p,q <1} as coefficient
matrix of the second order derivatives and

Lo 0
p(1-p) X
(aj(p.q,0)) =41 0 4, 0 (5.7.17)
0 0 1

p(p—Dglg—1)

for its inverse (cf. Eq. (5.6.7)f.). Interpreting (a;;( p, g, D)) as the Fisher metric of the
multinomial distribution on €2, 4 p), we thus have that dropping the third coordinate
D = 0, (a;(p, q,0)) yields a product metric (cf. Lemma 3.2.1) on A; x Ay, in
which each factor A; is equipped with the (inverse) metric g(x) = ix(l —X),x €
A—corresponding (up to the prefactor) to the standard metric of the 1-dimensional
sphere § LL - Ri. Hence, the state space €2, 4.0) resp. a corresponding restriction
of Aj; of the diffusion approximation of the two-loci two-allelic recombinational
Wright—Fisher model in linkage equilibrium equipped with the Fisher metric of the
multinomial distribution (cf. Lemma 5.6.2) carries (independently of the chosen
coordinate representation) the geometrical structure of

sLox Sy csi, (5.7.18)

which is known as the Clifford torus (after William K. Clifford, who in [23] first
described S! x S! as a closed, (locally) Euclidean surface embedded in an elliptic
3-space (cf. [103, p. 373])).

We wish to extend this observation to more general Wright—Fisher models as
presented previously in this book.
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5.7.1 Linkage Equilibria in Two-Loci Multi-Allelic Models

In order to generalize the above observations, we first extend the notion of
linkage equilibrium to models with more than two possible alleles at a locus.
Generally, ‘linkage’ between certain loci (or sets of loci) relates to the fact that
the allelic configuration at the one locus resp. loci set affects/determines the allelic
configuration at the other locus resp. loci set, i.e. in the two-loci 2-allelic model,
each allele at the one locus is ‘linked” with both other alleles at the other locus.
However, as the allele frequencies at each locus actually form a 1-dimensional
space, for a given allele only one parameter suffices to describe the degree of
linkage disequilibrium with respect to both other alleles at the other locus as well
as both relations for the other allele at the same locus. Hence, only one parameter is
sufficient to describe 2 - 2 linkage relations.

With n + 1 > 3 alleles and two loci, we have (n + 1) - (n + 1) linkage relations,
which—as the allele frequencies at each locus form an n-dimensional space—
effectively reduces to n? linkage relations, which are expressed by n? coefficients
of linkage disequilibrium D7, i,j = 1, ..., n defined by

Dij(c) = Y (cucy — cijcu). (5.7.19)
kb

If all these coefficients vanish, the population is defined to be in linkage
equilibrium. In that case, each allele at one locus is in linkage equilibrium with
all other alleles at the other locus and conversely.

To determine the geometrical structure of the two-loci model in linkage equi-
librium, the corresponding state space A, y2—; needs to be transformed appropri-
ately, so that all DY become coordinates. This may be achieved by a transformation
into the alternative coordinates (x*,D) = (x*,D);j=1,.., comprising 2n allele
frequencies x'* and x* and all coefficients of linkage disequilibrium D¥. This implies

oDy
a xkl

ox'® ax%

ot =% g =0 = =88] + 5x¥ + x*8) (5.7.20)

fori,j # 0 and (k,]) # (0,0), and transforming the (inverse) metric given by

the coefficients of the second order derivatives of the corresponding Kolmogorov
equation, i.e. (@ (x)) = (x¥(8;, — x¥')), accordingly yields

. i® o/
ax‘.’x.](x°,D) _ Z Zx”q(&r’;f _ xm) 3x 8x

0xP4 0x’s
pgq s
iq (giq rl
E E X8, —x")
q r

xll _xloxol — Dtl

x‘[’xw

(*.D) fori,l=1,....n (5.7.21)
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(with the last equality being due to the undirectedness of linkage) and similarly
a” (D) = ¥ (8l —x**) forik=1,....n, (5.7.22)
" (x*.D) = x%(8 —x*) forjl=1,....n. (5.7.23)

For the other components of the metric, we have

i i® Dkl
P Dy = D0 (et — i) 9x* 9

d0xP4 0x’s
p.q s
=Y xiq( — G =D+ D @G — a6 - x“)x")
q r K
= —§iD" + x*D¥ 4 XD (5.7.24)

=d”"""(*.D) forikl=1,....q

and analogously

ax'j,Dkl (x',D) = aDl‘],x'-f (x',D) — —S{Dkl + x-jDkl + xolej
forj k,l=1,...,n. (5.7.25)

Thus, these entries also vanish in linkage equilibrium. This means that the cor-
responding coordinate representation of the inverse metric in linkage equilibrium
becomes a block matrix, i.e.

io ke 2

( at ) Or%,n o
(a(x‘ ,D)) — Qnen (ax'f,x") 0nn2 , (5.7.26)
Onz,n On2 n (aD’f ,Dk’)

with the remaining entries being
a”"P (k. D) = (' — S (¥ — 8)x* forijkI=1,....n. (5.7.27)

This yields the generalization of the metric representation corresponding to the
Ohta—Kimura formula in linkage equilibrium (cf. Eq.(5.7.16)) to an arbitrary
number of alleles.

Moreover, (a*"P)(x*, D)) may be inverted in accordance with Eq.(3.2.16),
exhibiting the product structure of (a( py(x*, D)). We thus have:
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Lemma 5.7.1 In linkage equilibrium, for all n + 1 > 2 the corresponding
restriction of the state space A,y of the diffusion approximation of a two-
loci (n + 1)-allelic Wright—Fisher model equipped with the Fisher metric of the
multinomial distribution is a 2n-dimensional manifold and carries the geometric
structure of

§nox st c sy (5.7.28)

5.7.2 Linkage Equilibria in Three-Loci Multi-Allelic Models

When there are more than two loci, the situation gets significantly more complicated
as now linkage does not only need to be considered between pairs of loci, but also in
higher order relations. In particular, we need to clarify the term ‘linkage equilibrium’
in this extended setting. To keep the calculative effort manageable, we first analyze
a three-loci model; in doing so, we will give a definition of linkage equilibrium in
the current setting plus an adaptation of Lemma 5.7.1.

When wishing to analyze the geometry of the corresponding state space
A(uy1y3—1 testricted to the—yet to be determined—Ilinkage equilibrium states,
again we need to transform the state space appropriately, for which in turn suitable
coordinates are required: This may be done somewhat tentatively by first adapting
the coordinate scheme of the two-loci model as far as applicable and subsequently
extending it to also fit the three-loci model.

Hence, analogous to the two-loci model, the configuration at each locus will be
assessed by the corresponding allele frequencies x'1*®, x*2®, x** with iy, i,i3 =
1,...,n, yielding n? coordinates; the coefficients of linkage disequilibrium DY
are transferred into 3n? coefficients of generalized 2-linkage disequilibrium
D12112’7D121°l3’ D;m}, i1,ip,i3 = 1,...,n with

D3P () = 100t — e,
DY (x) 1= x1°0x%0B — X105, (5.7.29)
D;izig (x) = x0i20x00i3 _ x'izis’

measuring the linkage disequilibrium with respect to any pair of loci (the corre-
sponding twofold interactions are structurally analogous to those of the two-loci
model, giving rise to the notion of ‘generalized 2-linkage’).

However, (x*®, D,) does not yet form a full set of coordinates nor is linkage
between more than two loci (threefold interactions) taken into account. For this
reason, we introduce the coefficients of generalized 3-linkage disequilibrium by
extending the structure (5.7.29) into

D375 (x) 1= x"10x20x% — X125 foriy, i, i3 =1,...,n, (5.7.30)
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now taking into account all three loci and hence employing the product of all
corresponding allele frequencies. By adding these n® coefficients as coordinates,
(x**, D5, D3) now forms a complete set of (n+ 1)* — 1 coordinates, which will yield
a suitable description of the linkage equilibrium.

Thus, the linkage equilibrium with respect to all three loci is defined to be
a state where all coefficients of generalized 2-linkage and generalized 3-linkage
disequilibrium vanish, i.e. both all twofold and all threefold linkage interactions
between the loci are in equilibrium. Consequently, we then have for the coordinate
representation of the inverse metric

(aX.‘,X.‘) On,nz 0",7!3
(a(""sz’D3)) — 0”2’" (aDz’Dz) (aDz,Ds) (5.7.31)
OnS,n (CZD3 ,Dz) (CZDS'DS)

with (a*""*"") being a block matrix itself, i.e.

(axiln,x”") Qn’n . o
(ax‘.,x.‘) — o (ax'lz',x.jz.) Qn,n » s (5732)
o o (axoo,3 X3 )

and the remaining entries (a”>??) equaling
aDél"z"Dizl./ZC (x..7D27D3) — (xiloo _ 8;11 )leoo(xoizo _ S;Z)X.jz.,
PP (100 Dy, Ds) = (610 — 51 (60 — 55 )", (5.7.33)
aD;izis ’D;jm (x“,Dz,Dg,) — (xoizo _ 5;§)xquo(xooi3 _ SE)X“B
as well as
PR x**.Dy,D3) = P (x**,Dy,D3)
= —§[! DB 4 x*o DR 4 1o DR (5.7.34)
aD; iz',D;./'z/'s (x", Ds. D3) — aD;jm ,Dél e (x", D». D3)
= —§2DRB 4 x*2*DYRR 4 xohDIRE - (57.35)

/213 pi1®i3
A

Dil.i’z,D.jZ/3 (1} _ D (1}
a2 2 (-x 3D23D3) =a? (-x 3D23D3)

= —§2DRB 4 x**BDYRI 4 xoos DB (5.7.36)
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and (aP¥P?) resp. (aP>P?) being

11213 1®j2j3 ®j2/3 1yi1i2i3
aD3 .D, aD2 Dy

(X.., DZs D3) (X..,Dz,D:;)

_ xiloo(xoizo Slz)x'n'( ooi; 3”) “/3 (5.7.37)

11203 11973 1973 pi1i2i3
" (% Dy, Dy) = a2 (1**, Dy, D)

— (xil" 5”) 11°°x°lz°( oei3 813) “13 (5.7.38)
aDglizig, ,D/éljzo (x", Dy, D3) — aDlélij,Dgllzﬁ (x"’ D2,D3)
= (1% — 810 (x0 — 52 )x%20x (5.7.39)

and eventually (a”3?3) equaling

Di1i2i3.D’1-/2/3
a’s v (x**, Dy, D3)

xilooleooxoizoxojzoxooi3x00j3
xilooleooxoizoxojzoxooi3x00j3 (2 - i 1 . i . )
81 100482 x%20 62 03
= iee® eire
ijee _jlee_eire ejre_ eei3 eej3 X —+ x i1in (5740)
XIS SR8 B0 (2 — Ay
xilooxoizo J1J2
ijee CTI2) eire 003
_x +x i3 _x +x 1213)
_xil ooxooi3 J1J3 x'il'x°°i3 J2J3

if either none, one or two of the indices i1, i3, i3 and jj, j», j3 coincide resp.

D12l pilini3 g
as v (x*,Dy,D3)
— xilooxoizoxooi3(l _ xilooxoizo _ xoizoxooi3 _ xilooxooi3 + 2xilooxoizoxooi3)

(5.7.41)

if all three indices coincide.

Thus, the block matrix (a“**P2P3)) may be inverted in accordance with
Eq.(3.2.16), demonstrating the product structure of (aqeep,p;)), and we
consequently obtain for the three-loci model transferring the assertion of
Lemma 5.7.1:

Lemma 5.7.2 In linkage equilibrium, for all n + 1 > 2 the corresponding
restriction of the state space A1)y of the diffusion approximation of a 3-
loci (n + 1)-allelic Wright—Fisher model equipped with the Fisher metric of the
multinomial distribution is a 3n-dimensional manifold and carries the geometric
structure of

§%ox 8t xSt C Sy (5.7.42)
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5.7.3 The General Case

From these constructions, we naturally expect that also general models with
an arbitrary number of loci and alleles feature a product structure in linkage
equilibrium when equipped with their Fisher metric. Clearly, the definition of
linkage equilibrium for three loci (cf. p. 118) may be extended to any number of
loci by defining suitable coefficients of linkage disequilibrium with respect to any
tuple of loci. This may be achieved by generalizing (5.7.29) and (5.7.30): For a
model with k£ > 2 loci and n + 1 > 2 alleles resp. arbitrary number of alleles at each
locus (then put n as the maximum number of alleles at a locus), we introduce the
coefficients of generalized l-linkage disequilibrium for 2 < | < k by putting

1
Dl@jl """ bi®) (x) := 1_[ i) ey @) (5.7.43)
m=1
for ij,,...,i; = 1,...,n and every subset {ji,....j;} C {1...,k} withj. # j; for

r # s, measuring the /-fold linkage interactions for every subset of / loci.

Taking the (’;)nl coefficients of generalized [-linkage disequilibrium,/ =2, ...,k
plus the kn allele frequencies as coordinates yields a full alternative description of
the ((n + 1)* — 1)-dimensional model as we have

k
> (’l‘)nl =+ DF-1. (5.7.44)

=1

We may also formulate coefficients of generalized 1-linkage disequilibrium

1
DI () = [t —xli® = 0 forall iy = 1.....nwithj; € {1.....k},
m=1
(5.7.45)

which, however, provide no information about the state of the model as each locus
is trivially in (full) linkage equilibrium with itself. Instead, the allele frequencies are
used as non-interaction coordinates.

As in the three-loci case, we may then define the model to be in linkage
equilibrium if for all / the coefficients of generalized [-linkage disequilibrium
vanish. It may then be shown as an application of information geometry that the
corresponding restriction of the state space A, 1yx—; when equipped with the Fisher
metric of the multinomial distribution carries the geometrical structure of

ST x...ox Sn s (5.7.46)

k
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ije--e
5

To prove this, we first consider the allele frequencies x iir = 1,...,n. They
serve as a parameter set of the multinomial distribution M, hence we may consider
the corresponding Fisher metric g*® on A, (cf. also Sect.3.5). However, due to
their frequency property, i.e.,Zil X1t =1, (1) ;, may itself be interpreted as a
discrete probability distribution in A, (the last coordinate may be suppressed). We
thus consider the corresponding (proper) Fisher metric g*® on A,, given by

() = ! 8+ ! (5.7.47)

ij xi..... j xo.....
However, from Eq. (3.7.7), we directly observe that both metrics coincide, except
for the factor N (for N = 1, the multinomial distribution with parameter p € A,
agrees with p, which immediately confirms the identity of both metrics). Hence, we
may ignore the factor N (which also does not appear in the coefficient matrix of
the Kolmogorov equations due to the chosen scaling) and just write g. Analogous
considerations hold for x*2*® ... x*"* i =1,...,n.
Next, we consider the product

(A 8°7%) X (A 8%°7%) X . X (A4, 8%7%) — (Apug1)t—1-8) (5.7.48)

(1970 x0TIy i (5.7.49)

As known from information geometry, the image of the product, i.e. the correspond-
ing restriction of the Fisher metric, has a product structure itself, if the following
independence relations are satisfied:

ije-® . xolzo.... .. .xo...uk — xt]lz...lk’ ilv l'2’ R ik — 1’ o, n (5750)

X
By suppression of the respective n-th coordinate indices, it may directly be seen
that this corresponds to the vanishing of all coefficients of linkage disequilibrium
Dl(lj"""”’")(x) for ij,,...,i; = 1,...,n and every subset {j,,....j;} C {1...,k}
with j, # jsforr # sand [ = 2, ..., k. This implies

Proposition 5.7.1 In linkage equilibrium, for all n + 1 > 2 and k > 2 the
corresponding restriction of the state space A,y of the diffusion approximation
of a k-loci (n + 1)-allelic Wright—Fisher model equipped with the Fisher metric of
the multinomial distribution is a kn-dimensional manifold and carries the geometric
structure of

Sx...ox St s (5.7.51)
k

Other interesting observations in this context include the following: All consid-
erations with respect to linkage equilibria actually do not take into account the
recombinational structure of the model (if present at all) as the calculations only
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relate to the diffusion coefficients of the corresponding Kolmogorov equations of the
diffusion approximation of the model—which are independent of recombination,
see (5.4.4), (5.4.5). Without recombination, however, the assignment of alleles to
loci becomes moot as a k-loci (n + 1)-allelic model and a (1-locus) (rn + 1)k-allelic
model may be identified.

In contrast, as soon as any loci structure comes in, the concept of linkage between
different loci or subsets of loci leads to the question of linkage equilibria, which
themselves directly relate to the concept of recombination via the common structure
of coefficients of linkage disequilibrium.



Chapter 6
Moment Generating and Free Energy
Functionals

6.1 Moment Generating Functions

In this section, we will construct the moment generating function for the Wright—
Fisher model and derive a partial differential equation that it satisfies. This
differential equation encodes all the moment evolution equations from the Sect. 4.3.
We shall then solve that differential equation and use this to obtain information
about the model. moment generating functions are a standard tool in stochastic pro-
cesses, see for instance [73, Chap. 3]. Master equations for probability distributions
have first been applied to the Moran model of population genetics in [65].

Definition 6.1.1

1. For the 2-allele case, let X be a random variable with discrete values with
probability distribution function p(x) = P [X = x]. The (exponential) moment
generating function of the random variable X is

H(s) := E[eSX] = Ze”p(x)

(defined for those values of s € R for which the sum converges).
2. In the general case, let X = (X ... ,X") be a tuple of random variables with

the joint probability distribution function p(x!,...,x") = P [X Pyl X" =

x”] The (exponential) moment generating function of X then is

Xn: siX! sixt
H(sy,...,s) = E|:e"—l :| = Z e’ p(xl,---,xn)zze‘v'xp(x)
(defined for those values of s € R” for which the sum converges).

© Springer International Publishing AG 2017 123
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When we have the moment generating function H(s), the moments of X can
directly be computed from its derivatives at s = 0,

E[ a] 0*H (s)

0

s=0'

We shall now derive the (second order) partial differential equation for the (expo-
nential) moment generating functions of our Markov process X;.

6.1.1 Two Alleles

In this case, the exponential moment generating function is

H(t;s) = E[e*™]

=3 l,E[(Xf) ]
>0 (6.1.1)
I
s
>0
where m;(f) is the Ith moment of X;.
From the moment equation (4.3.4)
. I(1-1 I(1-1
i@ =" Py + " V.
2 2
we obtain
0H(t; s
( ) Zml(f)
>0
(i-1 (i-1 st
= Z |:— ) mi(t) + ) my—1 (1) I
>0
— _ 6.1.2
= Z mz(f)( _ )1 +Z m— 1(f)( —2) ( )
>2
52 S8 st
=5 Zmz+2(l)l, T, Zmz+1(f)l,
>0 : >0 :

2 92 2

s s© 0
= — H(t; H(t;s).
2 0s2 (&s) + 2 0s (&:5)
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We now consider solutions of such equations. First, we solve Eq.(6.1.2) by
separation of variables. With H(¢t; s) = T()S(s), the equation becomes

T'() —s28"(s) + s2S'(s) _

T 28 —*

It follows that T(f) = Ce™' and that S(s) satisfies the ODE
2 2. _
— X Yxx +x Yx = —2/\)7 (613)

By putting y(x) = ) a,x" and equating coefficients in the ODE (6.1.3), we
n>0
obtain:

LLIFA A = {uz = M;l),n € N}, then the ODE (6.1.3) has a unique solution
y(x) = 0.

2. If A = o, then yo(x) = a(()o) = 1.

3. If A = u, for some [/ > 1, then the solution is of the form

@) = alx (6.1.4)
>0
where
0, ifi<l,
aA"=1 1, ifi=1 (6.1.5)

=l l e
2(pi— 1) 21— 1) ifi>1+1.

Therefore, the solution of (6.1.2) is

H(t;s) = Z cyi(s)e !

>0

= Cl( > “z@S") e (6.1.6)

120 i>l
i Si

- i1 D o=t

ZGZ%E)W

=0 \ =0

This yields the moment formula

i i
mi(t) =il Z Clal(.l)e_y“/t — ZC[AI(-I)E_MII.
=0

=0
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The coefficients ¢; can be calculated from the initial condition

. J

Ly j I .

(ZN) =p/ =m(0) = E clA(.), Vj=>0.
1=0

In fact, by representing these equalities in matrix form

1 0 O 0 Co 1
AV 1 0 0| ¢ P
: = s (6.1.7)
0 41 . _
AP ALY =D | | g pl
0 (1 i—1
Aj( ) Aj( ) . Aj(l ) | C] p]
it follows that
co }0) o --- 0 071 1
1 A7 1 -« 0 0 p
= : . : S (6.1.8)
cj1 A‘Eﬁ AQ’l (Do | p!
¢ A(O) A(l) .. A;]_l) ]| p/

Remark We can easily check some instances: Because of ¢co = 1,¢; = p, ¢ =
) -p 3
Pl ey = 3/2’; T2 then mo(t) =1, m(t) = p,my(t) = p+ (p> —p)e™,
ma(t) = p+3/2(p =l + (p* —3/2% + 1/2p)e.

We shall employ a notation analogous to that in (2.3.4); that is, P(t, 1, ) denotes
the probability that a process starting with i alleles of type A! at time 0 has j alleles

of that type at time 7.
We then obtain the fixation probability at time ¢ as

P(1,i.2N) = lim m;(1)
J—>00

J
~lim Y A0
ji‘?o;” j ¢ (6.1.9)

=p+ lim ZC;A(Z)E mt = f(p, 1)

]—)OO
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and the eventual fixation probability

J
Ploo,,2N) = lim, (1’ + lim ) czAf-”e‘“”)
’ =2

j (6.1.10)
=p+ lim lim Y ¢AYe
j—>00 t—>00 = J

= p‘
This is the same as (2.8.2), where a somewhat different notation had been employed.
Denote by T} (p) = inf{r > 0:X, € {0, 1}|Xy = p} the absorption time. Then
we have

P(T)(p) < 1) = P(1,i,0) + P(t,i.2N).

Therefore, the expectation of the absorption time is

E(T;(p)) = /0 T gt (P(t, i,0) + P(t.i, 2N))dt

J
: 1
=—1im§ cl(A; + ADD
=i A+ 4 ]

Moreover, we have

2N 0\ !
J L. . p, forl>1,
P(00,i,j) = lim my(t) = (6.1.11)
;(21\7) =00 1, forl=0.

Hence, we obtain the eventual probability
P(00,i,j) = p(SzNJ + (1 —p)go\j,

which is, of course, 0 unless j = 0 or 2N.
The probability of heterogeneity is

2N . .
_ Jo(, .
H := 2;:0 2N<1 2N)P(t,l,J)
= 2(my (1) — my(1))

= Z(p — (p + CzA(zz)e_’))

=2p(1 —p)e".

6.1.12)



128 6 Moment Generating and Free Energy Functionals

6.1.2 Two Alleles with Mutation

We start with the moment evolution equation (4.3.5)
. v (-1 V4 u (1-1)
) = l —1() — l 7). 6.1.13
iy (1) (2 + 0, )mz 1(1) ( , T, my (1) ( )
As before, we can obtain the differential equation for the moment generating

function. Let

!
H(t,s) := Z my(t) ;! ;

>0
then we have
3H(t s)
m(t)
ZZO: ’
(-1 I(l—1 !
:Z[(;H (2 ))m,_l(t)—<”;”z+ (2 ))ml(t)];!
>0

= Zmz 1(t) T Z 11() 2),

>1
l

1
u+MlZml(t) b 212 i) o,
>1
29 v 2aZH(”)
asz

v s
2sH(t,s)+ 29 H(t;s) — 5 H(t s) —

2 92 2
_ 50 H(t;s)—i-(;—v—;'u) H(t:s) + sH(ts)

2 0s?
(6.1.14)

We can likewise solve this equation by separation of variables and equating

coefficients.
Proposition 6.1.1 The operator

2 2
Ly(x) = —"2 V') + (”2+ WX+ y(x) (6.1.15)

has the set of eigenvalues

A=

{w: 1(1—1)2(”“)1,161\1} (6.1.16)
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and corresponding eigensolutions

) =Y a’y 6.1.17)
Jj=0
where
0. ifj<I
a’ =1 1. ifj=1 (6.1.18)
A S S| e
v vy ST
where |, = "+;_l

Proof Similar to the case without mutations, by putting y(x) = Y ;¥ and equating
j=0
coefficients in the ODE (6.1.15), we obtain:

LIFA & A = { p = e g e N}, then the ODE (6.1.15) has a unique
solution y(x) = 0.

2. If A = vy, then yp(x) = a(()o) = 1.

3. If A = v, for some [ > 1, then the solution is of the form

n@) =Yy ay (6.1.19)

Jj=0

where @ as in (6.1.18). O

Therefore, the solution of (6.1.14) is

H(t;s) = chyl(s)e_"’t

>0

_ Oy —wt

= ch<2“j S’)e N (6.1.20)
>0 =

J J

— . (l) —vt s
= E J! E ca;’e .
( =0 ! )]!

Jjz0

This yields the moment formula

J J
mi() = 1Y e’ =3 e,
=0 =0
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The coefficients ¢; can be calculated from the initial condition

. J

Ly j I .

(ZN) =p/ =m(0) = E clA(.), Vj=>0.
1=0

In fact, by representing these equalities in matrix form

1 0 0 01T ¢ |
AV 1 0 0| ¢ p
: = , (6.1.21)
A AD G0 | e pi-l
© L) (—1) j
A AV A 1L g »
it follows that
-1
co 1 0 - 0 0 1
¢ A 1 .. 0 0 D
=| : T : (6.1.22)
0 1 . i
oo | |ARAD G- pro| [
¢ AJ(,O) A](,l) A](,’—l) ! p

6.1.3 Two Alleles with Selection

We use the moment evolution equation (4.3.6)
-1 l
i =" () - m) % (0~ e )

to get the differential equation for the exponential moment generating functions:

0H (t; x) _ oA
o ;ml(t) I
2
Z+sx 0 2+ osx aH(t;x).

H(t;
v a2 TEIE 4N

(6.1.23)

Then, we need to solve the eigen-problem

—(x2 + 5X)Vux + ()c2 + sx)y, = —2Ay.
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By putting y(x) = _ a;x' (note that @y = 0 follows from the above equation), we
=1

are lead to the difference equation
s(l+ Dlaj + 11— 1=5)a;— (I — Daj—1 =2 a;, [>1. (6.1.24)

This equation is difficult to solve explicitly. However, we can apply a perturbation
technique used in [107] to get an approximate solution as follows:

We first rewrite the difference equation (6.1.24) in the (infinite-dimensional)
matrix form

—s 2 0 0 0 «vvvn- a(ll) a(ll)
—12(1—5) 6s 0 0 «oveee al! al
0 -2 3Q2-s) 125 0 «----- al al
0 0 —3 4(3—5)20s--- - af() =2 ail) , (6.1.25)

where A, are the eigenvalues which satisfy
0<Ay <A+ <A, = 0.

We approximate the moment generating function by suppressing the eigen-solutions

corresponding to large eigenvalues and solving for the eigenvalues AEN) and the

corresponding eigen-vectors {a(ll) e ag\l,)} of the truncated matrix

—s 25 0 0 0 0
—12(1—5) 6s 0 0 0
0 0 0 -+ —(N—1)NN—1—5) NN + 1)s

(6.1.26)

Thus, we have the approximate eigen-solution

N

N 0 i
W = a.

J=1
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6.1.4 n + 1Alleles

We can apply the same scheme for any n. The exponential generating function now
is

sd
H(t;sl,...,sn) = Zma(t)a!’
o

where my (¢) is the ath moment of X, around 0.
From the moment evolution equation (4.3.8)

titg (1) = —""'('“2' Do + 3 “"(a"z_ D e 0, (6.1.27)
i=1
we obtain
aH(t; S) . . 5%
a Zma(l)a!

o

o

i Qi TACTES! *
=Z<_Z¢,w,_z,a(a ))maa)fx!

Jee|(lee| — 1) oo — 1) s
=Z[— N ma(r)+; ) ma_e,(r)]a!

2 2

+ Z Z ai(aiz_ 1)mu—ei (1) io:

o =1

1 2H(t,s) 1 CPH(ES) 1 , 0H(t, 5)
__z;:s"sf 0s;0s; _22:* bs? +; 221:” ds;

lzn: ” H(t)+zn:S’28H(t)
= — SiS; ;s ;S).
2 ij=1 ]8si8sj i—1 2 Bsi

(6.1.28)
Separating variables as above, T(f) = Ce™*" and S(s) satisfies the PDE

1 < 92 "2
-, ; 5iS;j asias,»y(s) + ; 3 55,7 = ~AY): (6.1.29)
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By putting y(s) = Y aqs® and equating coefficients in the PDE (6.1.29), we

obtain:

LIFAEA = {uz = W;l),l € N}, then the PDE (6.1.29) has a unique solution

y(s) = 0.
2. If A = o, then yo(x) = a(()o) = 1.
3. If A = p, for some [ > 1, then there are (é) independent solutions of the form

Vie(s) = Zag?ﬂsﬂ, V| =1 (6.1.30)
B

where

0, if|p| <1
aly =1 s it|l=1 6.1.31)
inductively defined by (6.1.32) below, if |B] > [+ 1

n

Y (Bi— Daly_,,

0 i=1

aly = . (6.1.32)
PIBIBI - — 1= 1)
Therefore, the solution of Eq. (6.1.29) is
H(t; S) = Z Z Cl,ayl,a(s)e_ﬂlt
120 |o|=1
= Z Z cz,a(Zag,)ﬂsﬂ)e_“”
>0 |a|=I B
18l (6.1.33)
_y (Z 5 c,,aaf,j?,,e—w) #
B\ =0 |a|=I
— | (eel) —M|e|! sﬂ
= Zﬂ Z Clalaly.g € gl
B o] <IB] '

This yields the moment formula

mp(t) = B1 Y Clalatyy ¢ = D claaylye
lel=l8] lal<18]
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where the coefficients c|q| 4 can be computed from the initial condition

pP=mg0)= ) Clal,aAgjg‘)v V.
le|<[BI

Similarly to the two alleles case, we immediately obtain some interesting
quantities:
The fixation probabilities at time ¢ is (/ = 0,n with ¢g = (0,...,0) and pg =
L=pi——pw)
P(t,i,2Ne;) = lim myp,, ()

n—>o00

= lim Clal A1) g Hl!
1o aX::o o (6.1.34)

n
— ; E () ,—p1alt
=Pt nll>rgo C\“\saAoc,neze <
loe|=2

and the eventual fixation probability

P2 = i (et Jm, 3 cnatit )

=2 (6.1.35)

=p.

The moments of the sojourn and absorption times were derived by Nagylaki [92]
for two alleles, and by Lessard and Lahaie [84] in the multi-allele case. We denote by

Tr’fill(p) = inf {t >0:X; € 0:AXo = p} the first time when the population has

(at most) k + 1 alleles. T;‘Ill (p) is a continuous random variable valued in [0, c0)

and we denote by ¢(z, p) its probability density function. It is easy to see that d; A,
is invariant under the process (X;);>o, i.e. if X; € 0xA, then X; € 0y A, forall ¢ > s
(once an allele is lost from the population, it can never be recovered). We have the
equality

n

P(Ty, (p) <) =) P(t,i,2Ne). (6.1.36)
=0

Therefore, the expectation of the absorption time is

E(T,,,(p) = /0 tgt(z P(t,1i, 2Nez))dt

=0

n n
== lim > clola ZZO: ALl

I
/=2 Hia
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Moreover, by using the same technique as in [85] (see also [39, Chap. 5]) we obtain

k+1
E(T/ 1 (p) = Z( 1)’ (k s ) > / S e ph e,
where the second sum runs over all possible ordered s-tuples j; < ... < js in

{l,...,n+ 1} and f(p, 1) is defined from (6.1.9). The probability of heterogeneity
is (see [118])

e 0 3 () () (1= () == () e
jeay
0 1! () = 3 s 9)
=1
(where 1=(1,---,1), ¢, =(0,---,1,---,0)).

We have from the moment equation

{n'n(t) = "D (1)
mu(0) =pi1...pn

which yields my(f) = py ... pne~ "
Moreover,
Mt () = —(M;l) "M, (1) + ma(t)
Mo, (0)  =pi...pn Xpi,

which yields mye, (1) = e~ py .. pn( Dt —1)

Therefore, the probability of heterogeneity is

Hy =+ D! (ma(0) = - mare 1)),
=1

n(n 1) " (n+l)n e" _1
=(n+D!pi- —Ze 2 pr. -pn(pz+ . )

_ (nt+Dn
:(n+1)!P1---Pn(1—Pl—"'—Pn)e 2!

_(nJrl)nr
= Hye 2
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6.1.5 n + 1 Alleles with Mutation

We use the moment evolution equation (4.3.9)

. || (Je] — 1) |9||a|) i (ai(ai —1) e,ai)
Mgy (t) = - + My (t) + + My —e; (t)
( 2 2 ; 2 2
(6.1.37)

We again want to obtain the differential equation for the moment generating
function. With

sO(
H(I,S], .. 7s}’l) = Zmd(t)a'7
o
we have

H(t 5) = Zma(t)
-y - (""'(""2' Dy '9!"")%@

" Oéi(()éi — 1) 9[0[,‘ 5%
a—e; (I
i i=1 ( 2 ! 2 )m I( ):| !

—Z( s Bl 'Q'Za,)ma(r)

« i#j

o

aile;—1) 6 s
+ Zazzl: ( 2 + Zai)ma—e;(t)a'
I PH(.s) . 82H(t 9 1]
_2 Z#: S,’sj asiasj Z Z H(t S)
i#j

I ,0H(.5) 6
+ 5 Zi:Si s, + Zl: 2s,H(t,s)
9 s? s,|9| O;si
]le,s,aay(mnz( 2 e >+Z Ht.s)
(6.1.38)

We can also solve this equation by separation of variables and equating coeffi-
cients as in [118] to obtain:
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Proposition 6.1.2 The operator

2 0
Ly =~ 3 Lajy()+2 G ()+Z Yy
v (6.1.39)

has the set of eigenvalues

s {w _ =1 +16)

5 e N}, (6.1.40)

and the corresponding eigenspaces of dimension ("+l ] l) with independent eigenso-
lutions
Via(x) = Za”’ B, V| =1 (6.1.41)
where
0. il <L
(Z) .
dop =1\ . IBI=1 (6.1.42)

inductively defined by (6.1.43) below, if |B] =1+ 1,

Z (’3‘ + 0 — 1)at(¥lq)/3—€i
ayy =" - . (6.1.43)

Therefore, the solution of Eq. (6.1.38) is

H(t;s) = Z Z ClaYla (S)e_wr

120 |o|=1
I _
vy q,a(zag?ﬂsﬂ)e
>0 |a|=I B

(6.1.44)

1=0 |a|=I

8
:Zﬂ'< 3 Claaal®e V"'t)ﬁ!‘

B lee|<[BI
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This yields the moment formula

mg(t) = B! Z C\a\,aagfﬂ)e_”“"tz Z C|u|’uAL|fg)€_V|“|t,
lee| <81

lee|<IB]

where the coefficients ¢|q| 4 can be computed from the initial condition

pP=mg0)= ) Clal,aAgjg‘)v V.

loe|<IB|

6.1.6 Exponential Families
Asin (3.6.1), we consider an n-dimensional exponential family of (Gibbs) probabil-

ity densities of the form

YO HOV-FG) 1 y0+ X fiGov
plx;v)=ce ! = e i=1 , (6.1.45)
Z(v)

where the f' are observables and the v are the family parameters. Z(v) is the

partition function

W+ X e
Z(v) = &V = / SOt E O (6.1.46)

and F(v) is a convex function (the free energy).
Now let X, be an (n-dimensional) family of random variables with probability

densities p(x; v) and Y, = f(X,). Then we obtain the expectations (3.6.4)
Yl = E,wfi(X)) = /f,-(x)p(x; v)dx = D;F(v),

and moreover from (3.6.4) and (3.6.10),

B (Yo~ 1) = [ (10 =7) plasvyas
1, if |a| = 0,
0, if || =1,
DyF(v), if || > 2.
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Hence, we obtain the moment generating function for Y, as
. _ Yy-s
H(U, S) = E‘,,(.,\,)e

= 6‘)_/"'SE‘,,(.,\,)e()lv_)_/")"Y

o

. -\
= eDF(U)S Z Ep(~,\))(YV - Yu) a'

|ee|>0

eDf(v)'S<1 + Z DeF(v)’ ')
o

lee|>2

= e”“’“(l + F(v+s) —F(v)—DF(v)- S)-

6.2 The Free Energy Functional

Free energy functionals have already been introduced in Sect. 3.5. In this section,
we shall systematically construct free energy functionals for our Kolmogorov
forward equations. We shall then use them to construct a necessary and sufficient
condition for our diffusion processes to have a unique stationary, reversible, or
ergodic probability measure. When this condition is satisfied, we show that the
flow of probability measures (densities) converges to the stationary one under
various notions of convergence (exponential, total variation, entropy distances,
etc.) Connections to information geometry and large deviation theory will also
be mentioned. A free energy functional has already been considered in [67], but
here we can draw upon a richer theory to draw more precise conclusions about the
asymptotics of the Wright—Fisher process.

6.2.1 General Definitions

We begin with some general concepts in order to introduce the theoretical context;
a good reference is [13].

In this section, for simplicity, we just write dx instead of dA (x) for the Lebesgue
measure on A, and leave out the dimension index as no confusion is to be feared.

Definition 6.2.1 Let {X,},>0 be a Markov diffusion process on 2. Denote by
(T})1>0 the corresponding strongly continuous semigroup, by £ its generator, and by
u(x, t|xo) the conditional transition probability density with respect to the Lebesgue
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measure dx.

(i) A measure u on Q2 is called stationary (invariant) if

[ rrwan = [ rodue. vizorecr@ w2
Q Q

or if equivalently (following [49, Theorem 2.3])
/Qﬁf(x)d,u(x) =0, VfeCPER). (6.2.2)
If 1 (x) has a density p(x) with respect to dx, then (6.2.1) is equivalent to
plx) = /Qp(xo)u(x, tlxo)dxg, Vx,x0 € Q,t>0. (6.2.3)

(i) Itis called reversible if

/Q ST () = /Q FOTe@du(), Vi =0.f.g € C(Q)
(6.2.4)

or equivalently

| sermane = [ focewan. Vg cE@.  ©29)
If again p(x) has a density p(x) with respect to dx, then (6.2.4) is equivalent to
u(x, t|xo)p(xo) = u(xg, tJx)p(x), Vx,xp € Q,t>0. (6.2.6)
(iii) Itis called ergodic if

tl_l)r(r)lo Tf(x) = /Qf(y)p,(dy), u—ae.xeQ,Vfe C(RQ). (6.2.7)

Definition 6.2.2 For a nonnegative functional f(x) defined on a o-finite measure
space (€2, i), we define its (negative) entropy functional by

S, (f) == /Q flogfdp — ( /Q fdu) log( [9 fdu). (6.2.8)

If f(x) is a density with respect to u, i.e. fQ fdpu = 1, then this reduces to the
standard negative entropy functional,

Sﬂ(f):/Qflogfdu. (6.2.9)
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Definition 6.2.3 We say that the family of densities {u(-,f)};>0 on a o-finite
measure space (2, i) satisfies the condition I(A, ) if it solves a diffusion equation
of the form

dulx, 1) = ; (Aif ) ux. ) + AT ()u(x, t)3j1//(x))
=V, - (A@)Vou(x, 1) + A@u(x, HVY (x) (6.2.10)
= V.- (A@utx. 0V (logu(x, ) + ¥ () ).
where
AV(x) = A (x),

and that it satisfies the condition II(A, ¥ ) if, in addition to I(A, ¥), we also have

/ e "du(x) < oo.
Q

Definition 6.2.4 For a family of densities {u(-,7)};>0 on a o-finite measure space
(2, n) with condition I(A, ¥), we define the potential energy functional by

W(u(-, 1) = / u(x, )Y (x)dp(x) (6.2.11)

Q

and the free energy functional by

Flu(-, 1)) = / ulx, t)(logu(x, £+ W(x))d,u(x)
o (6.2.12)

= Su(u(,0) + (u(,1).

(See [16, 69], for instance.)
We can extend this functional to the space of all densities D as

Fo@ = [ a0(1oga) + ¥ )duto 62.13)

Q

We therefore say that the family of densities {u(-, #) };>0

(1) has a free energy functional on (€2, w) if it satisfies the condition /(A, ¥) as in
Eq. (6.2.10);

(ii) has a good free energy functional on (2, w) if it satisfies the condition II(A, V)
as in Eq. (6.2.10).
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Remark Inthe important paper [69], the relation between a Fokker—Planck equation
and the associated free energy functional was systematically explored. In particular,
it was demonstrated that a Fokker—Planck equation with gradient drift term may be
interpreted as a gradient flux, or a steepest descent, of a free energy functional with
respect to a certain (i.e. Wasserstein) metric. This result was originally developed
for Fokker—Planck equations on R” for which the second order operator is the
standard Laplacian. This result has been extended in various ways, for example
on Riemannian/Finsler manifolds, but the results usually assume that the operator
is uniformly elliptic, which is not satisfied in our context, as the operator becomes
singular on the boundary. This problem will be discussed elsewhere in more general
terms.

Definition 6.2.5 Let f,f, be densities on a o-finite measure space (€2, ). The
relative entropy relative entropy (Kullback—Leibler divergence) of f; with respect
tof is

Jo i) log i du(x) if supp(fi) C supp(f2),
o0 otherwise.

DxL(fillf2) == {

Theorem 6.2.1 Let {u(-, t|x0) }>0 be a family of conditional densities on the simplex
A, endowed with the Lebesgue measure A(x) satisfying the Kolmogorov equations

Buu(x. tlxg) = VIV (A"f'(x)u(x, t|x0)) v (b"(x)u(x, t|x0)) = La(x, 1]xo),

(6.2.14)

duu(x. flxo) = AT (xo) VI VI u(x, tlx0) + b (x0) VI ulx, tlxo) =1 LY u(x. 1}xo).
(6.2.15)
where A (x) = x!(8;—x), b'(x) are smooth functions on A, and Vl.(x) = 32,- , Vl.(x") =

3;35' . Then the family {u(-, t|x0)}>0 has a good free energy functional if and only if
0

there exists a unique absolutely continuous probability measure on A, which is
reversible with respect to the infinitesimal generator

Ly = AT VOIVY + i) v

Proof (=): We assume that {u(-, t|xo) };>0 satisfies the condition II(A, V), i.e. d;u =
L.u with

La = VY (Ax)VYu) + VO . (A0)uVO ¥ (x)),

where ¥ (x) € C'(A,) satisfies

/ e VWdx < o00. (6.2.16)
An
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Then the generator L} is of the form
L*f = VO (A VYY) —Ax) VY (x) - VOF. (6.2.17)

By (6.2.16), djioo () = ¢, dxis well-defined. By Lemma 6.2.3 below, d oo (x) =

e_;(x) dx is reversible with respect to L*. (Also note that in this case ditoo(x) =
e_;(x) dx is also stationary with respect to L*, by applying the reversibility condition,
which we have just observed, with an arbitrary f and g = 1 and using L*1 = 0.)
We now want to show that duc(x) = f?“ dx is the unique absolutely
continuous probability measure on A,, which is reversible with respect to L*. Indeed,
assume that v is an absolutely continuous probability measure on A, which is
reversible with respect to L*. Then dv (x) = k(x)d 10 (x) for some positive function

k and of course we also have djLoo(x) = k(x)~'dv(x). Therefore,

0:/ L*fdv

= / L*fkd oo (6.2.18)

n

= fL*kdpioo  due to the symmetry of (loo.
Ay

This implies that L*k = 0. Similarly, because of the symmetry of v, we also have
L*(k™') = 0. Thus

0=L*(1)—kL*(k™") =k 'L*k
— Al () VD @ 1
AV V kv k 62.19)
AT VIRV
_ " ,

which implies that k is constant. Because v and 1, are probability measures, k = 1.
This means that v = [, Which is the desired uniqueness.

(<): Assume that dv(x) = wv(x)dx is an absolute continuous stationary
probability measure that is reversible with respect to L*. This implies that v is the
unique positive solution of Lv = 0 in A, with [ a, V(@)dx = 1. Following the

technique in [83], we rewrite Eq. (6.2.14) in the canonical form

i

Lv(xp) = Ag(xy)v(x0) — v (ozi(xo)v(xo)) =0, (6.2.20)

where A, is the Laplace—Beltrami operator with respect to the metric depending
only on the state (g;j(x0)) = (A;(x0)) = (A7(x))™" and &/ (x9) = b'(x0) — [k (x0),
where "X (xo) is the Christoffel symbol corresponding to metric 8ij(xo). Rescaling
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by volume density \/ glx) = \/ det (A;(x))

u(x, tlx0) = Vg(@e(x, flxo)  and v(xo) = /g(x0)7 (x0), (6.2.21)

we obtain equations for ¢ and  as follows:

Bup(x. 1]x0) = Agay(x. 11x0) + e’ (x0) Vi p x. 1]x0). (6.2.22)
ip(x. 1]x0) = Ay, o) — V. (oc @) (x, r|x0>) (6.2.23)
Ay (x0) = V1 (@ ()7 (x0) ) = 0. (62.24)

Moreover, the reversibility of v means also that
u(x, t|xo)v(xo) = u(xo, tJx)v(x), Vi>0,x,x9 € A,. (6.2.25)
This is equivalent to
©(x, tlxo)(xo) = @(xo, tlx)w(x), Vi>0,x,x9 € A,. (6.2.26)
It implies that
9 (p(x. 1lx0)7 (x0)) = (¢ (x0. 1]x) 7 (x))

= Ay (@, tx0)(30)) — VI (@ (o) (. o) (x0) ).
(6.2.27)

Combining (6.2.22), (6.2.24), and (6.2.27) we obtain
(X()) i Vi,(xo) =0
o, o) (= (o) (x0) + V0 (x0) ) = 0.

Since Vl.(x") @(x, t]xo) does not vanish identically in A,, we have in A,

(X) (x)
i(+) — v® i g(x) ,] iy — i 7 (x)
D(x) =V g"(x) — 2 2(0) ) =d(x) =g () 2

which implies that
B (x) — VVei(x) = ¢/ (x)V In (7[ )V, g(x)),
ie.

—Zl(x) = Vi(") In (n(x) v g(x)) = Vi(x) Inv(x),
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where the vector Z is

AN(x) < A\ (A () + -+ 0,A1(x) — b (¥)
Z(x) = : oo :
A (x) -+ A™(x) (A (x) + -+ + 0,A™(x) — b"(x)

Thus, Z is of the form Vv, which implies v = Ce™¥ for some ¥ € C'(A)).
Because of [, vdx = 1, we obtain C = z < 00, which means that {u(-, 7);>0}
satisfies the condition I (A, ¥). This completes the proof. O

Remark The necessary condition in the two alleles case was proved by Ethier and
Kurtz [36, p. 417].

6.2.2 The Free Energy of Wright-Fisher Models
Two Alleles with Mutation

We start with a diploid Wright Fisher population of N individuals Wlth two alleles
A%and A'. Assume that there are mutations from A' to A? with rate , and from A°
to A with rate 4y (the time unit is 2N generations). Then the frequency X; of allele
Al at generation 2Nt satisfies (2.6.9), which we recall here as

Eexix) = (5= "7 Fx) 60 + o6,
E((8X)2[X,) = X,(1 — X,)(81) + 0(81), (6.2.28)

E((6X,)%|X,) = o(8f), for o > 3.

The Kolmogorov forward equation (4.2.12) for the family of density functions
{u(-, 1) };>0 on the probability measure space ([0, 1], dx) thus becomes

2

dulx, 1) = ; aax2 (x(l — ulx, t)) — aax (b(x)u(x, t)) (6.2.29)

with drift coefficient b(x) = & — "Fx.
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To construct a free energy functional for this equation, we will rewrite it in the
following form

dulx, 1) = ai (x(lz_x) aaxu(x, z)) + ai ((1 —22x - b(x))u(x, t))

d [x(1—x) 0 d [x(1—x) l—v 1—pu
=3x( 2 Bxu(x’t))_'_ax( 2 u(x,t)( x 1—x))

=V -(Ax)Vulx, 1)) + V- (Ax)ulx, ) Vi (x))

V. (A(x)u(x, 0V (logu(x. 1) + w(x))),

(6.2.30)
where
0 _x(I—x)
V= ox’ Al) = 2
and
Yv(x) = (1 —v)logx+ (1 —p)log(l —x). (6.2.31)

We see that the normalizing coefficient

1 1
Z(v, 1) = /0 e VWdx = /0 XN = x)*tdx = B(v, )

is finite if and only if both v and p are positive.

Therefore, this family of densities always satisfies the condition /(A, ) and
satisfies the condition II(A, V) if and only if v, u > 0. Thus, we need positive
mutation rates for I1(A, ).

In the finite case, the unique minimizer of the free energy functional is the Gibbs
density

eV _ PR O S U

Uoo(X) := = (6.2.32)
= Z(v. p) B(v. p)
This is seen by solving the stationary density equation
0=V. (A(x)uoo(x)V(log oo () + w(x))). (6.2.33)

The minimum of F is

1
Foo = /0 Joo(¥)(10g foo (¥) + ¥ (x))dx = —log Z(v, jt) = —log B(v. jt).
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Two Alleles with Mutation and Selection

We next consider the case where in addition to mutation as in Sect. 6.2.2, there
are also selection effects. Let the fitness of an individual of type A'A', A'A?, A°A°

be 1,1 + 231}\‘,, 1+ 2“;\,, resp. We recall (2.6.9) for the frequency X, of allele Al at

generation 2Nt

E(6X,|X,) = (; Y er HX +sx,(1=X)(1—h+ (1— 2h)X,))(8t) + 0(81),

E((SXt)2|Xt) = X,(1 = X,)(81) + o(82),

E((6X,)%|X,) = o(81), for o > 3.
(6.2.34)

For the family of density functions {u(:, f) };>¢ on the probability measure space
([0, 1], dx), we have the Kolmogorov forward equation (4.2.12)

2
dulx, 1) = ; aax2 (x(l — ulx, t)) — aax (b(x)u(x, t)) (6.2.35)

with drift coefficient b(x) = & — "x + sx(1 —x)(1 — b + (1 — 2h)x).

To construct a free energy functional for this equation, we rewrite it as

0 fx(1-x) 0 d 1—2x
dulx, 1) = 8x< S, t)) + o (( ) —b(x))u(x, t))
0 (x(1—x) 0 d [ x(1—x) l—v 1—pu
N 8x< 2 8xu(x’t)> + 8x( 2 u(x,t)( x l-x
25(1 —h+ (1 — 2h)x)))

=V -(AxVu(x, 1)+ V- (A@ulx, )V (x))

—-V. (A(x)u(x, YV (logu(x. 1) + I/I(x))),
(6.2.36)
where

_a _x(1=x)
V= ox’ Al) = 2

and

Y(x) =1 —v)logx+ (1 —p)log(l —x) — 2s((1 —h)x + ;(1 - Zh)xz).
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Again, the partition function
1 1 1 2
Z(v, i, 5, h) = / e VWdx = / 7 —x)“_lez‘v((l_h)ﬁ2(1_2”)" )dx
0 0

is finite if and only if both v and p are positive.

Therefore, this family of densities always satisfies the condition /(A, ) and
satisfies the condition 71(A, v) if and only if v, u > 0.

The free energy functional is

1 1
F(u(-, 1)) ::/0 W (x)u(x, t)dx—i—/o u(x, r)log u(x, t)dx, (6.2.37)

which is finite if and only if v, u > 0.
In the finite case, the unique minimizer of the free energy functional is the Gibbs
density

o VO i _x)ﬂ_lezs((l—h)w;(1—2h)x2) 6238
Hoold) == Zw, s, h) Z(v, i, s, h) -
obtained by solving the stationary density equation
0=V. (A(x)uoo(x)V(log oo (X) + w(x))). (6.2.39)

The minimum of F is

1
Foo = /0 foo (0) (108 foo (x) + ¥ (0))dx = —log Z(v. . 5. ).

We shall see that our flow of density functions exponentially converges to this
Gibbs density function and the free energy functional plays the role of the Lyapunov
functional.

n + 1 Alleles with Mutation

For a diploid Wright Fisher population of N individuals with n+1 alleles A°, . .. , A"

undergoing mutations from A’ to A/ with rates fl’(, eRforalli #j€{0,1,---,n},

the relative frequencies X, = (X!,...,X") of alleles (A!,...,A") and X° =
1 — X! —--.— X" for allele A° at generation 2Nt satisfy (2.5.15)—(2.5.17), recalled
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here as
E(8X;1X,)) = b'(X))(81) + 0(81):
E(XI8X|X,) = d¥(X,)(81) + o(8t), Vij=1.....n; (6.2.40)
E((6X)*|X;) = o(61), for || >3

with the drift term
; n 1 i n 1 ; .
b(x):—(' 29U)X +229ﬁx, l=1,...,n
Jj=0 j=0
and the diffusion term

a'(x) =X —¥) ij=1,....n.

Remark Putting
0 _ 1/ ¢ 0 0 S 0.0
b (x) = —2<Z Oj)x + ZZ o,
j=0 j=0
we have

Xn:bi(x) =0.
i=0

We shall prove:

Theorem 6.2.2 In a diploid Wright—Fisher model of N individuals with n+1 alleles
with general mutation rates, a necessary and sufficiency condition to have a unique
stationary distribution is

0j=0;>0 foralli#j, 1i,j=0,...,n (6.2.41)
The stationary distribution in this case is of the form

=¥ (x) Hn NOi—1
dpn ) = rwde = e = =)

200 "= ) dx. (6.2.42)

Proof Again, we consider the Kolmogorov forward equation for the density func-
tion u(x, t)

n

o~ 9 dix) d [
dulx, 1) = ; i axi( )l t)) - Z o (b ulx, z)). (6.2.43)

i=1
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To use the free energy method, we rewrite this equation in divergence form:

du(x, 1) = ZI: Ef))c" (Z 8x1( 2(x) (x, t))) - Z ail. (bi(x)u(x, t))

i=1

n

n a L n a n 3 ; i
- ; O (; ( ) u(x t))) + ; o ((; G AT — b (x))u(x, ;))
n 0 n Al (I’l+ 1)X .
2 (Z (1760 3t ”)) Z (( b))t t))
i=1 =1

=V -(A®Vux, 1) + V- (A@u(x, )V (x)),

(6.2.44)
with the gradient
0 d
V= (axl"“’ Bx”)
and the diffusion coefficients
. n 1 . n
A@ = (W) = ().
Y then has to satisfy
l—(n+ x|
(Awvpw) = T —r
and hence
. & 1 l—(n+ 1Dy .
0i = 2 Y b
V) ; (x/ + xo) ( ) (x))
_1=2b(x) 1= 2b°(x) (6.2.45)
= N )
= fi(x) = fo(x).

We are looking for conditions for the rates 0; so that there is a potential function.
Such a ¥ exists if and only if (see [59, p. 253])

(£~ @) = %0 o).
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This is equivalent to

Oy B Bo By Bo ) Bio

+ % -

. ; 0 Vi#j,x € inth,.
X X X X X X

Letting x' — 0 while keeping ¥/, x° fixed, we conclude that 6;; = 6 for all j # i.
Similarly, we obtain 6;; = 6y ; and 6;¢ = 6, . It follows that

0;=0; foralli#j, i,j=0,...,n (6.2.46)
From (6.2.45), we then get
Y) =Y (1-6)log(x).
i=0

Moreover, ¥ then satisfies

/ e VWdy < 00
Ay

if and only if 6; > 0 for all i. O

For a diploid Wright—Fisher population with uniform mutation rates z’\', € R for
alli #£j€{0,1,---,n}, the free energy functional then is

F(q) :=/ W(x)q(x)dx+/ q(x)log g(x)dx (6.2.47)
free energy \A,, - - \A,, _ -

potential energy negative entropy

for a density function g on A,,.
As we assume 6; > 0 for all i, the partition function

Z(Q) = / e_W(y')dy — A (yl)91—l (yZ)Oz—l . (yn)ﬁ,,—l(l _ yl I yn)e()—ldy

= B(0)
(6.2.48)
is finite, and the minimizer of the free energy is the Gibbs density

eV

20)° (6.2.49)

Goo(X) 1=
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Below, we shall consider the evolution of the free energy functional along the flow
of densities

F(p(-,1) ::/A W (x)u(x, t)d)c—}-/A u(x, r)logu(x, r)dx (6.2.50)

n + 1 Alleles with Mutation and Selection

. 6; .
We return to the case of general mutation rates ,,, € R fori # j € {0,1,---,n}.

In addition, we now also include selection and assume that the genotype A’A’ has
fitness 1 + ZY}(, Equations (2.5.15)—(2.5.17) then become
E(8X[1X,) = b'(X,))(81) + o(81),
E(8XI5X]|X,) = d/(X,)(8) + o(81). Vij=1.....n, (6.2.51)
E((6X)*|X;) = o(81), for |a| > 3,

with the drift term

n

. 1 RN . .
b'(x) = —( Z 20,-j)x’ + Z 29]-,-)6’ 4+ 5i(x0)x' —sx)x', i=1,...,n (6.2.52)
j=0

j=

with
si() =) sy (6.2.53)
Jj=0
and
s =Y s’ (6.2.54)
(=0

and the diffusion term
al(x) = xi(5,-j —-X), i,j=1,...,n.

We then have the following extension of Theorem 6.2.2.

Theorem 6.2.3 In a diploid Wright—Fisher model of N individuals of n + 1-alleles
with mutation and selection, a necessary and sufficient condition for having a unique
stationary distribution is

0; =0>0 forall i#j, i,j=0,....n (6.2.55)
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and

s; = sjiforalli,j. (6.2.56)
The stationary distribution in this case is of the form

e—x//(x) _ H?:o (xi)ei—l es(x)

20,5 dx = 20,5 dx (6.2.57)

Ay (x) = 5 (v =
with the partition function
Z(0,s) = / H;’=O(xi)0"_les(x)dx
Ay

Proof As in the proof of Theorem 6.2.2, ¥ exists if and only if for all i # k

Bk(ﬁ(x) —fo(x)) = ai( frlx) — fo(x)), (6.2.58)
where
foy="" il.bl(x). (6.2.59)

Since we have already handled the mutation terms in (6.2.58) and shown that for
them (6.2.41) is necessary and sufficient, we only need to look at the contributions
from selection. From (6.2.52), (6.2.53), this contribution is

d d
, (5i(0)=s(x) — 50 (x) —5(x)) — - (se(x) — s(x) — 50(x) — 5(x))
ox oxt
_ as;(x) B 0s0(x) B sy (x) N dso(x)
T xk oxk ox’! ox!
= Sik — Sok — Sio + Soo — Ski + Soi + S0 — Soo,

which vanishes if and only if the symmetry condition (6.2.56) holds for all indices.
In the case of uniform mutation rates, then

Izlxi + 5;(0)x" — s(x)x'.

0;
bi(x) = 2 —
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Therefore we can easily calculate the potential energy function as

Y@ = (1 - 6)log(x) — s(x), (6.2.60)

i=0
which follows from

1—2bi(x) 1—2bo
X x0

iy (x) =

— 6 —4
(ui+wvﬂmwﬂ@0—Cﬂ°+wvnmnﬂmg

1-6; 1-—26
= = 2000 = s0(x).
X X
(6.2.61)
O
‘We now assume that the selection coefficients are of the form
="t (6.2.62)
’ 2
In that case, (6.2.53), (6.2.54) become
s =Y"" TSk = 3 s (6.2.63)
2. 5 j ' 2.

since ka" = 1. Therefore, (6.2.60) becomes

n

vx) = Z(l — 6) log(x') — Zsixi, where x’ = 1 —x! —... —x".

i=0 i=0
In this case, the partition function for the free energy becomes

, et e ot
Z(6,s) ;:/A e—wO)dy:/A GHI1 ()L (=T (1—yl oyl =0 gy,
! ! (6.2.64)

and Z is finite if and only if 6; > 0 for all i = 0,...,n. In that case again, the
minimizer of the free energy is the Gibbs density

eV

20.5)° (6.2.65)

Goo(X) 1=
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6.2.3 The Evolution of the Free Energy

Now we consider the evolution of the free energy functional along the flow of
densities

F(p(-, 1) ::/Ql//(x)u(x, t)dx-l—/Qu(x, 1) logu(x, t)dx. (6.2.66)

We shall see that our flow of density functions exponentially converges to the
Gibbs density function (6.2.65) and the free energy functional plays the role of the
Lyapunov functional.

We know from the last subsection that in order to have a unique stationary
reversible density we need to assume uniform positive mutation rates. So, in this
subsection we shall assume that.

Lemma 6.2.1 F(p(:,t)) decreases along the flow of densities.
Proof Using the divergence form of the flow (6.2.44), we have

gtF(p(-,t)) :/Qgﬁ(x)aatu(x, t)dx—i—/glogu(x, t)gtu(x, t)dx—i—/Q gtu(x, )dx

=0

=/w@w-mmVMnmw+wuw-muwwowmmw
Q
+ / logu(x, 1)V - (A(x)Vu(x, 1))dx + logu(x, 1)V - (A(x)u(x, 1)V (x))dx
Q
= —/Q Vi (x) - (A) Vu(x, 1)dx — Vi (x) - (A)u(x, )V (x))dx

- /Q Vilogu(x. 1) - (A(x) Vu(x, 1)dx — Vlog u(x. 1) - (A(x)u(x, 1)V (x))dx
(integrating by parts as in [114], Proposition 2.4)

= —/Q Vy(x) - (Ax)Vulx, 1)dx — Vi (x) - (AX)u(x, )V (x))dx
_LVMM%MWWMﬁ)

dx — Vu(x,t) - A(x) Vi (x)dx
u(x, t)

= —/ I(x, t)dx.
? (6.2.67)
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where
1
I(x,t) = u(x, )V (x) - Ax)Vir(x)) + u(x. ) Vu(x, t) - (A(x)Vu(x, 1))
4+ 2V (x) - (A(x)Vu(x, 1))

1
=p< VY, V¥ >p+ < Vp,Vp>p +2<Vy,Vp>p
p
> 0.
(6.2.68)

This completes the proof. O

Remark We note that in our case A(x) does not satisfy a uniform ellipticity condition
as in [16]. In fact, when x goes to the boundary d€2, the Fisher information metric
goes to infinity, and therefore A(x) goes to 0.

We assume that there exists a unique stationary distribution dleo (X) = o (x)dx.

We focus on the rate of the convergence of u to 1. Putting

h:= ,

Uoo

we shall investigate the rate of the convergence of 4 to 1.
The stationary density is the Gibbs density function

—V(x)
e
Uoo (X) = )

VA
which is an exponential family (3.6.1). Thus
logus + ¥ = —logZ.
Since Z is independent of x, this implies

u
dj(logu + y) = aj(log ; ) + 0j(logueo + V) = 09;(logh).

We now derive a partial differential equation for 4 from that of u.
Lemma 6.2.2

dh =V - (A(X)Vh) — V- A(x)Vh = L*h.
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Proof We have
arh == M;ol a,u

uy) ai(Aijuaj(log u+ W))

50 01 Aoy (10g 1) )

(6.2.69)
= 9 (A9 (log h) ) + uzd (oo (A7 (log 1))
— 9 (A’ifa,-h) + 9:(108 t1o0): (Aijajh)
— V- (A®)Vh) — V- A(x)Vh
This completes the proof. O

Then, we can easily see that

VW

diloo(X) = Uoo(x)dx = 7 dx

is reversible with respect to L*.
Lemma 6.2.3

L*gdjiog = / Lo, Vf.g € C(A).
A, A,

Proof

/A it = /A (V- 40V oty ~ / F(V¥ - AW Vg o)

n

= —/ A(x)Vg'V<fe_;(X))dx—/ (Vw -A(x)Vg)fuoo(x)dx

n n

—_ / AWVe- (VYY) "
A, Z

_/ (Vw.A(x)Vg oo (x)dx
A,

eV
:—/ A(x)Vg-Vf 7 dx

n

_ /A A()Vg - Vfdjioo (x),

(6.2.70)

which is symmetric between f and g. This yields the proof. O
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We can now compute the decay rate of the free energy functional towards its
asymptotic limit along the evolution of the probability density function u. For
simplicity, we shall write F(¢) in place of F(p(-,1)).

Lemma 6.2.4
F(t,0) — Foo(0) = Dxr(u|ltco) = Sy (B) > 0.

Proof We have

F(t,0) = /u(logu + V)dx

Ay

= / u(logueo + ¥)dx + / u(logu — log uso )dx

An A”
u
= [urogziax+ [ utog " as (62.7)
Ay Ay

:—logZ—i—/ulog ! dx
u

o0
An

=—logZ + /hloghdp,oo

Ay
and
Foo(0) = F(uso) = / Uso(log oo + ) = —logZ.
This implies the proof. O
Lemma 6.2.5

A(X)Vh-Vh

d
S ) = 050.0) = ~d iy = = [ AN g,

n
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Proof We have

0,F(t,0) = / du(logu + ¥)dx + / ud;(logu + ¥)dx
All

n

= / Bi(Aiqu)j(logu + 1//))(10gu + Y)dx+ [ Oudx

n Ay

(because 9,y = 0)

= _/ (Aifuaj(logu + w))ai(logu + ¥)dx + 8,(/ udx)

n n

(integrating by parts)

=_ / AVud;(log h)d;(log h)dx

n

AT9:hd;h
= —/” jh UosodX.

(6.2.72)

Since F(uso) is independent of #, this implies the proof. O

6.2.4 Curvature-Dimension Conditions and Asymptotic
Behavior

We start with some general notions, see [13] again.
We consider an operator (L, D(L)) defined on a measure space (€2, i) of the form

Lf = d¥(x)3;0,f + b (x)9f,Vf € A= L*(Q, ) N D(L).
Definition 6.2.6 The carré du champ operator of L is defined by
O = ) (L) ~fg — 1), VrgeA (62.73)
and the iterated carré du champ operator of L is defined by
Lhg) =, (0.9 - T(LL) ~T.LN). VigeA (6274

We will also denote I'(f,f) = I'(f) and I'2(f,f) = I'2(f) for short.
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Definition 6.2.7 The measure u satisfies the logarithmic Sobolev inequality LSI(p)
(see [55]) if for all densities f we have

1 1
1 Vf|*du.
[ rroesin < | [ 15t

Definition 6.2.8 The measure yu satisfies the spectral gap condition SG(p) if for all
functions & with fQ h(x)dp(x) = 0, we have

1
/hzduf /|Vh|2du.
Q P JQ

Definition 6.2.9 A family of densities {u(-,#)};>0 on a o-finite measure space
(2, ) is called hypercontractive with respect to w if for all p; satisfying

pi—1=2e"(po—1),

we have

( / \u(x,t)|"’du(x)) < ( / \u(x,0)|"°du(x)) :
Q Q

Definition 6.2.10 We say that L satisfies the curvature-dimension condition
CD(p,n) forp > 0andn € [1,o0] if forall f € A

02(f) = pl(f) + i(Lf)z, p-a.e. (6.2.75)

We recall some background results:

Proposition 6.2.1 (Bochner-Lichnerowicz Formula) For a Riemannian mani-
fold (2, g), the Laplacian and the Ricci curvature are related via

;Ag('vf ) = vr- V(Agf) + [VVf P + Ric,(Vf, Vf) (6.2.76)

for all smooth functions f: 2 — R.
Proof See [71], for instance. ]

Proposition 6.2.2 (Hessian Formula) For a Riemannian manifold (2, g), we have
the Hessian formula

1
VVf(Ve.Vh) = (P& T(f.h) + T(hT(F.8) = T(£ T (&) (62.77)

Sfor all smooth functions f, g, h: Q — R.
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Proof See [13], for instance. O

Proposition 6.2.3 Consider an n-dimensional Riemannian manifold (2, g) with
Riemannian measure [Ly. Let m > n, then L = A, + Z satisfies CD(p, m), i.e.

Do(f) = pl'(f) + (Li)z,Vf €A peae,
if and only if

Ric(L) := Ric, — VsZ > pg + m 1_ nZ ®Z,
where

L
(Vs2)y = (62 +0Z). ij=1..n

is the symmetric covariant derivative of the vector field Z in the metric g. Ric(L) is
often called the generalized Ricci tensor.

Remark

1. The case m = n can only occur when Z = 0;

2. The case m = oo, L € CD(p, 00), i.e. ['2(f) = pI'(f), occurs if and only if
Ric(L) = pg.

3. IfZ=—-VW.V,then Ric(L) = Ric, + VVW. Therefore, L € CD(p, oo) if and
only if Ric, + VVW > pg, which is a general result of Bakry and Emery [12] in
the Riemannian setting. Moreover, by denoting w}"™" = ¢~", we have the more

general criterion L € CD(p, m) if and only if Ric, (L) := Ric,—"""VVw; > pg.

w1

Proof This follows from the Bochner—Lichnerowicz and Hessian formulas. O

We note that for the above operator L, we always have

I'(f.g) = a’0,f0;5.

We now consider the Kolmogorov backward operator on Q = A, with A =
C*(An):

L*h = A‘/(x)alajh + bi(x)aih,

where

AV = ;(xi(&j — xj)
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and
o 10|
2 2

b =

We have g;; = 2( ] + Xl()) as our Riemannian metric on A, which is the inverse

of AY(x). We note that this metric is twice the metric in Chap. 3, but since the Ricci
curvature tensor R;; does not change when we multiply the metric by a constant A
(although the sectional curvature will change by A4), by the relation R;; = pg;; (which

holds since we have a constant curvature metric), the Ricci curvature p becomes ”gl .

With this Riemannian metric, we can write our Kolmogorov backward operator
in the form

L*=A,—VW-V,

where e=" is the density of the reversible measure j with respect to the Riemannian

measure djt,(x) = | det(A(x))|_§dx. We know that the only reversible measure in
this case iS jLoo. Therefore we can obtain W(x), wy (x) by

o _ T60) ... T(6)

. i9i—;: m—n
YA [T Wi ().

i=0
We have

w1

T(wif) = AT@Imdyf = m—m?" (6.2.78)

where

7f =) (ci—lcl)af

i=1

is a vector field on A, with ¢; = 0; — é, le| =Y gci=10] — "*2'1 . Therefore

Ricy(L)(VF. Vf) = Ricy(VF. V) = " "V (VF. V)

-1 1
e (V)= (20U D0 =T e T (1))

by the Hessian formula (6.2.77)

@) + AT )

n—1
8 (V1. V) = (4(m —n)

- ;Z(Aij(x)aifajf)) by (6.2.78)

=" gy 4 e v + et -

@7
(m—n)

(6.2.79)
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Hence, if ¢; > Oforalli =0,...,nie. 6; > |

> i_2foralli:O,...n,thenform—>oo
we have

n—1+2|c|

Ricoo (L") > 8

8 = Pn§-

Thus, L* € CD(py, 00).

Remark For 6; = é, iie.¢; = 0, then Zf = 0 and L* = A, is the Laplacian;
moreover,

. ) n—1
Ricy, (L) = Ric, = g g

for all m > n. Therefore in this case, L* satisfies CD "gl ).

We can also directly calculate

02(f) = [VVFI? + Ric(L*)(Vf, Vf)

) (6.2.80)
= |VVf2 + Ric,(Vf. Vf) + VVW(VS, Vf).

We now apply the Hessian formula (6.2.77) to calculate VVW. We have

270 51 ; :
W(x) = —log Zz + ;(2 —6;))logx’ = —logc + ;d,-logx’
where
1 - n—+1
d=_-06, |d=) d= —16].
5 i ; , 1ol
Then
dj _ do
oW = ¥ X0
and

ij L i do 1 i
AT = (8 — ) (] =) = (@~ la).
This implies that

T(W,f) = ATg,Wo;f = ;(d,- — |d|¥)of.
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Therefore,

VVW(Vf, V) =T(f. T(W.f)) - ;F(W, (/.

= ;Aifai FO;((di — |d])drf) — i(dk - |d|xk)3k(Aijaifajf)
1 . 1 -

A, f( - |d|a,-f) = 4 (= 1dIX)DATD, fosf

_ _ldl
T2

1 . .
|V — g (dy — |d|X*) (Sl — Suex! — 8ux) 0, fO;f

__la ! i
= = DIV = o (@) = 1@,

— 2y 0 + 21| (Y (@:f)?)

d 1 -
- |2| VAP = ¢ ((di(aiff — 20, Oy

+ 1d(*@:f)?) - 2|d||VfI2)

\d| 1
= = IVP = (d0if =2 + do(@if)?))

e

1
= IR+ o (s =2 + o2 ?)

(6.2.81)
with the vector field

Zif =x'0,f.
This implies that

D) = 991+ Rico(97. V) + < (97 4 | (ei0uf = 2 + eo(2?).

Ifc; >0foralli =0,...n,ie. 0; > ;foralli:O,...n,thenweobtain

G 18+ 2|c|1“(f) = puT(f). (6.2.82)

This means that we have the curvature-dimension condition CD(p,, c0) and that
Moo satisfies the LSI(p,, 00).
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Note that

_ n—1+2|c|
Pn = 8

is not optimal as we have used the rather coarse estimate
ci@if = Zif)* + co(Zif)? = 0.

So, let us try to find the optimal value for the case of two alleles (n = 1). In this
case, the Ricci curvature 3! vanishes. We have

T80T (6o)

W =-log om0 + 60)

1 1
+ (2 —6))logx + (2 — 6p) log(1 — x).
With the Riemannian metric g(x) = X(lz_x) on Ay = (0,1), we have I'(f) =
[VF? = ;x(l — x)(0,f)? and the Hessian of W

c1+co

VWL ="

IVFI* + ; (Cl(l —x)? + Cox2>(8xf)2, (6.2.83)

where ¢; = 6, — é and ¢cg = 0y — é

When 0y, 6y > ;, i.e. co, c1 > 0, the smallest eigenvalue of the Hessian of W is

p1 = (\/Cl ; \/CO)Z

by the Cauchy inequality.
Therefore, we have

Lemma 6.2.6 If 0,0, > é, then L* satisfies CD(py, 00) with
\/91 - é + \/90 - é 2
b1 = 2 .

Proposition 6.2.4 If L is symmetric with respect to the stationary measure . and
satisfies the CD(p, 0o) condition, then p satisfies LSI(p, 00).

Proof See for example [13]. O

These results will allow us to reach very precise conclusions. For instance, we
have:

Theorem 6.2.4 For the Wright—Fisher model with n+1 alleles and positive uniform
mutation rates satisfying 0; > ;for alli = 0,...,n, the stationary distribution fsdx
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satisfies the LSI(py, 00) with

_n—1+]c] n—3+2[0]
b=y g
Proof Applying the results of (6.2.82) and (6.2.4). O

Theorem 6.2.4 immediately implies some corollaries (see for example [13] for
further details):

Corollary 6.2.1 Under the above assumptions, the family of densities {u(-, t)};>o is
hypercontractive with respect to |Loo, i.e., for all p, satisfying

pr— 1= ezm(l’o -1,

we have

( / Jue. 1) "’duoo(x)) < ( / \u(x,ml""duoo(x)) :
Q Q

Corollary 6.2.2 Under the above assumptions, the measure |l has the spectral
gap SG(p).

We now recall some known transport inequalities, which will be helpful for our
entropy estimates.

Proposition 6.2.5 (Csiszar—-Kullback—Pinsker Inequality) If i and v are two
probability distributions, then

1
I — vy < \/ZDKL(MHV), (6.2.84)

where
l—vllrv = sup {|pL(A)—v(A)| : A is an event to which probabilities are assigned.}

is the total variation distance (or statistical distance) between |4 and v.
Proof See for example [19]. O

Proposition 6.2.6 If © and v are two probability distributions with Radon—
Nikodym derivatives f and g with respect to p, then

If =gl < V2Dgr (1 |[v). (6.2.85)
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Proof It follows from (6.2.84) and the equality

1
v =plrv =, If =gl B

Corollary 6.2.3 Under the above assumptions, the rate of convergence of the
relative entropy Dxy (u]|uso) is

Dyr.(u(1) [ uoo) < €' Dir.(u(0) | uoo).-

Combining this with (6.2.84) and (6.2.85) implies that

(i) u(t)dx exponentially converges to usodx with respect to the total variation
distance;
(ii) u(t)dx exponentially converges to usodx with respect to the L' -norm.



Chapter 7
Large Deviation Theory

This chapter applies Wentzell’s theory of large deviations to the Wright—Fisher
model, using the approach of Papangelou [96-98, 100]. For a different approach
to the large deviation principle for exit times in population genetics, we refer the
reader to [90, 91]. As customary, we shall abbreviate Large Deviation Principle as
LDP.

7.1 LDP for a Sequence of Measures on Different State
Spaces

In this section, we develop the definition of LDP for a sequence of probability
measures on different state spaces. This will be illustrated by some standard
examples.

Definition 7.1.1 Let {<2,}, be a sequence of discrete state spaces, [, a probability

measure on 2, and {a,}, a sequence of positive real numbers such that lim a, =
r—>00

0o. We consider a functional 7 : D(I) := U,Q, — R. We say that the sequence
{u,}, satisfies a large deviation principle with speed {a,}, and rate I, denoted by
{u,} € LD(I,{a,}), if for every x € D(I), there exists a sequence {x,}, such that
x- € Q,and x, — xasr — oo and

lim ar_l In . (x,) = —I(x).
r—00

When a, = r, we simply write {i,} € LD(I).

© Springer International Publishing AG 2017 169
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In this setting, Varadhan’s examples [121] become

Example 7.1.1 Consider tossing a coin: The probability of k heads in r tosses of a

fair coin is
r
P(r,k) = 27",
o (k)

. . _ 1
A corresponding sequence of state spaces is 2, = {0, ..., 1}, and we put

() = P

as a probability measure on 2,. As |, 2, is dense in Q@ = [0, 1], there exists a
sequence x, = kr" € Q, with x, - x as r — oo forevery x € [0, 1].
Using the Stirling approximation

r!
li =1,
r—1>120 \/an(;)r

we easily get

1 1
lim  Inp(y) = lim  InP(r k) = —(xlnx—i— (1—x)In(1 —x) + 1n2)
r r—>00 r

r—>00

( m* -9 x)

=—(xIn —x)In .

0 VI

Therefore {it,} € LD(I) with the rate functional I: [0, 1] — R given by

I(x) = xIn 1;2 +(1-xh 11;;.

Similarly, we can see that the sequence of probability measures on €2,

ke [r) « r—k
/‘Lr,p(r) = (k)P (1 _[7)
satisfies {1, ,} € LD(I,) with the rate functional ,,: [0, 1] — R defined by
X 1—x
L(x)=xIn  +(1—-x)In
p l=p

Remark We can also interpret this example in the following manner (see [104]):
Let X be a Bernoulli distributed random variable with a parameter p in the
state space {0,1}, i.e. P(X = 1) = pand P(X = 0) = 1 — p, denoted by
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X ~ Bernoulli(p). Assume that we have a sequence of i.i.d. random variables
X1,X5, ... with the same distribution as X and put S, = X; + --- + X,. Then
{’r} € LD(1,), ie.

lim 11nP(S’ - [er]) = —1,(x).

r—>oo r r

We see that at x = p we have I,(p) = 0 therefore lim,_, o P (Sr = [’P]) =1

which is the law of large number; at x # p we have [,(x) > 0 and thus obtain
a large deviation. We note that the rate function /, can be represented by 1,(x) =
D1 (Bernoulli(x) ||Bernoulli(p)) which is Sanov’s version of the LDP (see 7.2.5).

Example 7.1.2 Consider a sequence of n-dimensional normalized discrete sim-
plexes

QoY =

i i' " . .
= ci'eNo,...,i"eNyand Y * <2N} ,
2N (21\/ 2N) LSS0 e Hoan /;l =

and multinomial distributions with parameter p, denoted by uon, ~ Multinom
(2N, p), i.e.

i NV oo a0 o
“2N"’(2N):i0!...in!(p) Py €8

with p € A, :={ x”)x>0forz—1 noand x' .+ X
<1Lp’=1-p' —.. —p andz—ZN—z— =i

Similarly, we have for each p € A, {iton} € LD(I,) where the rate functional
I,: A, — Ry is defined by

i

n ) X
) = ¥ = Diarlp). x€ A

7.2 LDP for a Sequence of Stochastic Processes

7.2.1 Preliminaries

For consistency of notation and definitions, we shall adapt the concepts of Papan-
gelou for LDP in continuous state space to our setting.

Definition 7.2.1 Let (2, to) be a Polish space, i.e. a separable completely metriz-
able topological space, {a,}, be a sequence of positive real numbers such that
lim, o0 a, = 00, and letI: 2 — [0, 0o] be a lower semicontinuous functional which
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is proper (also called “good” in the literature), i.e. every level set {x € Q:1(x) < c}
is compact in 2 for all ¢ > 0. Furthermore, let 1, be a sequence of probabilities
on 2.

We then say that the sequence {u,},

1. satisfies an upper large deviation principlewith speed {a,}, and rate I, denoted
by {u,} € LD,(I,{a,}), if for all closed subsets C in (2, tq)

lim sup ar_l log u,(C) < — ingl(x);
XE€

r—>0o0

2. satisfies a lower large deviation principle with speed {a,}, and rate I, denoted by
{u,} € LD/(1,{a,}), if for all open subsets A in (2, tg)

lim infar_1 log i, (A) > —inf I(x);
r—>00 XEA

3. satisfies a large deviation principle with speed {a,}, and rate I, denoted by
{u,} € LD(I,{a,}), if it satisfies both the upper and the lower large deviation
principle with speed {a,}, and rate I;

4., satisfies a G-lower large deviation principle with speed {a,}, and rate I, denoted
by {u,} € LD;s(1I,{a,}), if for all open subsets A in (G, ;) of a given subset
GCQ

liminfa, ' log u,(A) > —inf I(x).
r—>00 XEA

If a, = r, we will drop the expression {a,} in LD(I, {a,}), and simply write
LD(I).
Definition 7.2.2 Let 2 be a Polish space, {a,}, be a sequence of positive real
numbers such that lim, .o a, = o00. Let {X((,r)) }ren, be a sequence of Markov
processes in the state space €2 starting at some given p € 2. Let K be a compact
subset of 2 and fix some 7 > 0 . We say that the sequence {X(Tr) }» satisfies the
large deviation principle with speed {a,}, and rate J, r uniformly on K, denoted by

XY € LD, 1. {a,}, K) if

1. alower bound condition holds uniformly on K, i.e.

limsupa, ' log sup PP(X(Tr) € C) < —inf inf J, 7(q)
r—00 pEK PEK qeC

for all closed subsets C,
2. an upper bound conditions holds uniformly on K i.e.

lim sup ar_1 logsupP, (X(Tr) € A) < —supinfJ,r(q)
peK gEA

r—>00 PEK

for all open subsets A.
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7.2.2 Basic Properties

We now list some basic properties of the large deviation principle (see, for example,
[104, 120]):

Proposition 7.2.1 If u, € LD(I) and F € BC(S2,R), then

1
lim log/ ey, (dx) = sup{F(x) — I(x)}.
Q XEQ

r—oo r

Proposition 7.2.2 Let be given a sequence {F,}, of nonnegative functions and a
lower semicontinuous nonnegative function F satisfying

liminf F,(x,) > F(x) forallx € Q and x, - x as r — o0.
r—>00

Then, if i, € LD(I), we have

r—oo I

1
limsup log / e (dx) < — inf {F(x) +1(x)}.
Q XE€

Proposition 7.2.3 Let Q' also be a Polish space and F € C(2, Q). If u, € LD(I),
then Fy, := ji, o F~' € LD(I') with

I'(y) = inf I(x).

xeF~1(y)

Proposition 7.2.4 Let Q' also be a Polish space and F, € C(Q2, Q') a sequence
converging locally uniformly to F. If u, € LD(I), then u, o F;' € LD(I') with

I'y)= inf IQ).

x€F~1(y)

Proposition 7.2.5 (Sanov’s Theorem) Assume that X|,X>, ... are i.i.d. random
variables with values in a Polish space E and probability distribution p € P(E).
Denote by dy, the 2-Wasserstein metric in P(E). It is well known that (P(E), dw,)
is also a Polish space (see [122, Theorem 6.18, p. 104]).We consider a sequence of

probability measures |, = i Y 0x; € P(P(E)). Then {j,} € LD(I) with the rate
Jj=1
Sunction I(-) : P(E) — [0, o] defined by
D b
1) = ke (V). v < p

00, else.

Proposition 7.2.6 (Cramér’s Theorem) Assume that X1, X, ... are i.i.d. random
variables with common distribution v. Let |1, be the distribution of the sample mean
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Y, = X‘+;'+X’. Denote by A() := log E(e**") the logarithmic moment generating
Junction associated with v and A* (x) = sup, g {Ax — A(L)} the Legendre—Fenchel
transform of A(X). Then, {i,} € LD(A™).

Example 7.2.1 Here are some illustrative examples for Cramér’s and Sanov’s
theorems (see [101, pp. 144—147]):

1. If the i.i.d. sequence of random variables {X;} are normally distributed with mean
w and variance 62, i.e. X; ~ N(u, 62), then

1
AA) = uA + 20212, (A eR)

and

Y
A*(x)z(nglj), (x € R).

It is easy to see that

| o
\/2 e 202
o

1 _ 2
Dir(N(x, 0% IN(i, 02)) = / ( e )log
R

d
V2o ( 1 e—”’;’é)z) ’
«/2710
(7.2.1)
_/ 1 —‘«“2—*;2 v — w)? _ (v —x)? J
B R(\/Zﬁae ’ )( 202 202 ) Y
(7.2.2)

2. If the i.i.d. sequence of random variables {X;} are Poisson distributed with
parameter 6 > 0, i.e. X; ~ Poisson(6), then

AQR) =60(* —1), (A eR)
and

9—x+xlog(’9‘) if x>0,

else.

A*(x) =
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It is easily seen that

o0 —x K
e log T kL ifx>0
Dy (Poisson(x)||Poisson(6)) = { k=0 ' e (7.2.4)
00, else
= A*(x). (7.2.5)

3. If the i.i.d. sequence of random variables {X;} is Bernoulli distributed with
parameter p € (0, 1), i.e. X; ~ Bernoulli(p), then

A(A) = log(pe* +1—p), (A €R),
and

xlog(y) + (1 —x)log(;7y)  ifxe[0,1],

o) else.

A*(x) =

It is easy to see that

A*(x) = Dgr(Bernoulli(x)||Bernoulli(p)).

7.3 LDP for a Sequence of t-Scaled Wright-Fisher Processes

In this section we first show that t-scaled Wright—Fisher processes are t-processes,
in the terminology of Wentzell [124, p. 20]. We then recall Wentzell’s theory for
finding an action functional for a sequence of such processes, which immediately
yields the rate functional as well as the speed function for the large deviation
principle of the sequence. We also briefly mention the techniques of Papangelou
in treating the singularity problem on the boundary. Finally we systematically
reconstruct minimizers for action functionals for the various Wright—Fisher models.

7.3.1 t-Processes

We consider here a diploid Wright—Fisher population of N individuals with n +
1 types of alleles {Ay,...,A,} with mutation and selection. Let the mutation rate
from A; to A; be y; and the fitness for genotype A;A; be 1 + o;;. We denote by Z!,
the relative frequency of allele A; at generation m for i = 0,...,n and also write
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Z, = (Zyln, ..., Z). We then have a Markov chain {Z,, },en, With the state space
(2N) il i .
A= z) = :i' €Ny,...,i" e Ngand Y i <2N§,
i i) = () 4 € ol Toana 30

and the transition probability given by

P (Zm+l = Z’Zm = Z)

(2N)!

T (2NZ)!...(2NZ)! —

whereZp = 1— 3 Zand ¥\ (2) = 1 — 3 ¥ (2) with
= k=1

and

k=1

V@) S+ o v ™ ()
vWao=, ,
> (1 + oy @y @)

ij=0

k=1,...,n

¥ (@) = u I_Zykl +ZZZV11¢, k=1,....n.
Ik I#k

n .
Jk ~ IN
[1 (w,fms)(z)> o @ze A™ meny),

(7.3.6)

(7.3.7)

Remark This model implies that we allow mutations, and then selection before

random sampling with replacements in each generation takes places.

Now, for each r = 1,2,..., following the method of Papangelou, see for
example, [97], we consider its 1-scaled chain, i.e. a time continuous Markov chain

{X,(r)},zo with X,(r) = Zy. Assume further that mutations and selection are small
with order of lr, i.e.

Oy ij
vi= and(r,-j:s].
;
Then the transition probability at jumps is
(2N) ! - (ms) 2Ny
P bt o= = (i)
Y T oot 2Ny)! [T

k=0

(2N)

(x,ye A, ",t>0)
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with

e =2+ 1 (1) , (7.38)

r

where

bi(x) = —( Z eij)xi + Z O+ ( Z sl — Z st xl)-
j=0 j=0 Jj=0 k=0

)

S L . . 2N) Lo .
This implies that X,(r) is piecewise constant in AL with jumps at times ¢ =

’; , k € Ny and each unit time of the chain {X,(r) }: is equivalent to r generations in
the chain {Z,,},,. These processes {X,(r)}, are called 7-processes (see [124, p. 20]).

kn

Remark In case of r = 2N, it is well known that for N

— tas N — oo,

the sequence of discrete Wright—Fisher processes {X (kIZVN) } converges to a Wright—
2N

Fisher diffusion process {X,}; on every bounded set of times as N — co.

7.3.2 Wentzell Theory for T-Processes

In this subsection, we fix T > 0 and look for the large deviation principle for a
sequence of t-processes {X},en, with sample paths in A([0, T]; A,). We recall
Wentzell theory (see [124, Chap. 3]) for finding the action functional in the setting of
variational problems and derive then the rate functional on the basis of the following
remark:

Remark That a,Sor(-) : A([0,T]; A,) — [0,00] is the action functional (see
[124, pp. 4-5] ) for {X®},en, as r — oo is equivalent to {X"},ey, satisfying
the large deviation principle with a good rate functional Sp 7 and speed a,, i.e.
X} € LD(Sor. {ar}).

We start with notation.

A([0,T]; A,) :={:[0,T] — A, is cadlag, i.e. paths are right continuous and have left limits},
Apq([0.T]; Ay) :={p € A([0.T]; Ay) : 9(0) = p,o(T) = g},
AC([0,T]; A,) := {@:][0,T] = A, : absolutely continuous},

ASC(0.T]; Ay) = {p € A([0.T]; Ay) : 9(0) = p.o(T) = g}.

P9
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From [124, p. 27], we have the definition of the cumulant generating function of
a Markov chain:

Definition 7.3.1 For a sequence of Markov chains {X,(r) }r>0 in the state spaces

A, =

X = (x17...,x") ER”ZO:ZXICS 1} s
k=1
the cumulant generating function is
G'(x,7) = rlogE, {exp [z- (X(lr) —x)]} , (xeA,zeRY.
Therefore,

rl_iglo(a,)_lG’(x, az) = rl_i)lgo(ar)_lrlog E, {exp [a,z' (X(lrr) - x)]}

lim { —rx-z+ (a,) 'rlog Z exp [a,z Y] Pxy

r—>00
@N)
YEA,

2N)! )\ 20

{ (zzv)
(o >>2””]§

2N
=1ml{ﬂwz+«m>rmg (“muo+§: /W”R))

n
X
k=1

= lim
r—>00

—rx-z+r210g|: +Xn:(er —1) 1//(”“)( ):|}

k=1

1
52 ‘Az + b(x) -z =1 G(x,2),
where

A = (@ @)y = (@S =), -
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The Legendre—Fenchel transform of G(x, z) is

H(x,u) =sup[z-u—Gx,2)] = ;(u — b)) - A7) (u—b(x), (xe€A,ueck"
' (7.3.9)
= L llu—bCO)I, (7.3.10)

where we consider the Riemannian manifold (A,, g) with the Fisher information
metric

8 1
gix) ="+ o, forij=1,...d
Xt X

Then, from the results of Wentzell for t-processes [124, Theorem 3.2.3°, p. 68]
as well as techniques of Papangelou for treating the singularity at the boundary (see,
e.g., [96]), we obtain the main proposition:

Proposition 7.3.1 Assume that a, = 1}’ — 00 as r — o0o. Then a,So 7 is the action

functional for {X"},en, as r — oo, where the normalized action functional Syt is

defined by

Jo Ha@), k)t if x € AC(0,T]; A,),
Sor(x) ==
00 otherwise
T (7.3.11)
5 [N = bGxe(e))|2dr - ifx € AAC([0, T]: A,).
- 0
00 otherwise.
In other words, we have
Sor(x) = — lim lim ' logP (|X§” —x(0)| < 8 forall t € [0, T]). (7.3.12)
§—>0r—>o00 N
Remark

1. Assume that Sy r vanishes at x(-), (this also means that x(-) is the minimum of
So.r) then Eq. (7.3.12) implies that the process {X} will asymptotically follow
the path x(-). This may be considered as the law of large numbers for paths.

2. In case b(x) = 0, i.e. if there is only random genetic drift, the minimizers of Sy r
are precisely the Fisher metric geodesics with constant speed.

3. In case b(x) = 0, if we fix endpoints, i.e. sample paths of {X)} in
A,4([0,T); A,), then, asymptotically, when the path X (¥) starts at p and ends
at g, then with overwhelming probability, it has followed the shortest geodesic
w.r.t. the Fisher metric betweens its start and end point.

4. In case b(x) = 0, if we fix the start point at p, we have the following results of
Papangelou [99, 100] about the large deviation theory for {X(Tr)},.
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Proposition 7.3.2 (Theorem 1in [100]) Ler K be a closed subset of A, F a closed
subset of A, and G a subset of A,, open in the relative topology of A,. Then, for any
T > 0, we obtain {X\} € LD(S, 1. {a,}, K) with

R 2
Sp.r(q) = ; [arccos (Z \/p"qk)] :
k=0

Moreover, when lim ”r' = 00, we have the lower estimate for the large deviation
r—>00

on the boundary (see Theorem 8.2.2 in [99]):
Proposition 7.3.3 Let T > 0. If lim % = oo, then for every subset G C 0A,

r—>00

which is open in Ty, , we have {X(Tr)} € LD;G(Sp 1. {a:}).

7.3.3 Minimum of the Action Functional S, 4(-)

In this subsection, we consider {X?}, with sample paths A, ,([0, T]; A,) and would
like to find minima for the action functionals S, ,(-) for the various Wright—Fisher
models. In general, from the Euler—Lagrange equation, we conclude that if x is an
extremal curve, then

WFHy = H = gi(x) 5k (¥ — HI() + 83 (7 — b () — (7 — ' () (¥ — D (x)))
= gi(0) ¥ — b ()P (x))
= [l&lg = 6@l

= ¢ for some constant c.
(7.3.13)

Remark The geometric idea behind finding the extremal curve is the following. In
case of b(x) = 0, the extremal curve is simply the geodesic curve with respect to
the Fisher information metric. When b(x) does not vanish, the extremal curve is
a perturbation of that geodesic curve. More precisely, it is the solution of a non-
homogeneous geodesic equation in which the non-homogeneous part comes from
the evolutionary forces b(x). In one dimension, the variational problem is

ST Hx(), (1))dt — min  for x(-) € A,4([0, T]; (0, 1)),
x(0)=p, x(T)=gq.
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where the Lagrangian is

He ) = g0~ ()

with g(x) = x(ll—,\t)'

The Euler—Lagrange equation can be rewritten in the form
260 ( + T}, (80)2) = 26 ()g(®) + b2 (x)g(x), (73.14)

where T}, (g(x)) = g;,((i)) is the Christoffel force (see Sect. 3.11), the symbol - means
a derivative with respect to time ¢ whereas ’ stands for a derivative with respect to
the coordinate x.)

This implies that

d
4 (Pe@) = 21500 + 5/ (05 = 260 (¥ + I (60N )5

= (26005 (500 + P W) = & (5.

which implies that ¥>g(x) — b*(x)g(x) = c as in Eq. (7.3.13). On the other hand,
Eq. (7.3.14)is

2x—1
—x)

a non-homogeneous geodesic equation. It becomes a geodesic equation if F(x) = 0,
ie.,b(x) =0orb(x) =c+ é In x(1—x) (the latter case does not occur in population
genetics where b(x) should be a polynomial). By the transformation y = 2 arcsin /x
(Fisher’s angular transformation, see [5]), i.e., dy = \/ g(x)dx is the Riemannian
volume measure with the Fisher information metric, Eq. (7.3.15) is transformed

into the simpler form ¥ = /g(y)F(y) := G(y) with g(y) = g(x) and F(y) = F(x).

¥4 T (g())i* = b(x)b (x) + bz(x)z = F(x), (7.3.15)

x(1

Two Alleles Case Without Mutations and Selection

In this case we have n = 1, b(x) = 0 and

1 1

1
§() = X + l—x x(1—x)°
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Fig. 7.1 T =05, p = 0.16, ¢ = 0.64, x(1) = sin’ ((1 — 2¢) arcsin +/0.16 + 27 arcsin «/0.64)

It follows from (7.3.13) that each extremal x of Sy r(x) satisfies

x(1)?

x()(1 = x(1))

¢, te€]0,T] (forsome constantc).

Therefore, by taking the square root on both sides and integrating from 0 to ¢, we
obtain

2arcsin /x(s)| = et

t
0
Combining this with the boundary condition x(0) = p, x(T) = ¢, we obtain (see
Fig.7.1)

T—1t t
x(f) = sin? ( T arcsin /p + T arcsin \/q)

Two Alleles Case with One-Way Mutation
In this case we have n = 1, b(x) = —6px := yx, (6; = 0) and

) 1+ 1 1
x) = = .
§ x 1—=x x(1—-x)

It follows from (7.3.13) that each extremal x of Sy r(x) satisfies

(02 = y2x(1)?
x()(1 = x(1))

=c¢, t€][0,7T] (forsome constantc).
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This implies that
i(0)? = (y* —o)x()* 4+ cex(r)  fort € [0,7T].

Now put g(c, x) = (y>—c)x> +cx = y*x*+cx(1—x) and, without loss of generality,
assume that p < g. Then, we see that ¢ should be found such that g(c, x) > 0 for all

. 2
x € [p,q]. Itis easy to see that ¢ > ¢y := ;’_”{ and g(c,x) /" oo as ¢ — oo. Put

A du
G(c,x) = / \/g(c, " .
P

We note that the quantity

q
du
T=T(p,q,.c) = / (7.3.16)
J Vstew

has nontrivial derivative with respect to c, i.e.

q

1 [ u(l —u)du
T =— .
7= [ e #0
p

Therefore, there is a unique ¢ = ¢(p, g, T) which solves Eq. (7.3.16). For this ¢, we
define

; du
Hel) = / Je@ )’

Then we have t = Hz(x(f)) — Hz(p) and T = Hz(q) — Hz(p), which implies that

He) = | Hep) + ).

1

Since 0,Hz(x) = el

> 0, then H; is invertible and we immediately obtain the
minimum

xy = #2 (T Hep) + ).
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Remark In the case of two alleles without mutations or selection, Hz(x) =
2 arcsin 4/x and Hz-_l (y) = sin? >~ Then the minimum curve is

() = H;I(T_

t t
- Hip) +  Hi(q))

T—1t t

= H{1< T 2 arcsin /p + T2 arcsin \/q) (7.3.17)
T—t t

= sin’ ( T arcsin \/p + T arcsin \/q)

Remark The behavior of x(7) will depend on ¢ = ¢(p, ¢, T).

1. If ¢ = p?, then the minimum curve is of parabolic type. In this case, the
equality (7.3.16) becomes

q
du 2
T = / v Ju = J/(\/q— /D). (7.3.18)

p

This means that if p, g, T satisfy the above relation (7.3.18), then we have ¢ = y?
. ) — 2 —l(y) — 722
and we egsﬂy obtaln.I-{C(x) =, Vxand H-'(y) = 7, y*.
This yields the minimum curve

T —
x(1) = H;l( . tHz(p) + ;HE(Q))

T—1t2 t2
=H;' 7.3.19
S QRN (73.19)
T—t t 2
:( r VP T‘/q) ’
which is of parabolic type (see Fig.7.2).

2. If ¢ > y?, then the minimum curve is of trigonometric (co)sine type. In this case,
the equality (7.3.16) becomes

q
/ du
T =
V=@ —y)u? + cu
p

- Ve—y?

Then, we easily obtain

Hz(x) = J 1_ 2 arcsin (Z(E —Eyz)x - 1)

! (arcsin (2(5 —Eyz)q — 1) — arcsin (2(5 —Eyz)p — 1)
(7.3.20)
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2
Fig. 7.2 T=05y=2c=4=12p= L qg= > x(t) = ((1—2z)i+(2z)3) = (1—pp

and

o0 =" (sin (Ve—rn)+ 1)

This implies the minimum curve
T—1t t
_ -1 _ _
x(1) = H; ( T Hc(p)+THc(q))

i T—t 1 _2@=y)p
= H; arcsm( _ —1)
T Je—y? ¢

(7.3.21)

t1 . (2@E—7Yq
+ T \/E e arcsm( z — 1))

T—1t 2(¢c — y?
= _C 1 + sin arcsin( (@ _y )p—l)
2(c—7y?) T c

+ ; arcsin (2(5 —E)/Z)q - 1)):|,

which is of trigonometric (co)sine type (see Fig. 7.3).
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,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Fig. 7.3 T=05y=1¢=10>y%p= L g=3 x() = 3| 1 +sin (1—2t)arcsin(—

;(1)) + 2tarcsin (270))i|

3. If ¢ < y?, then the minimum curve is of hyperbolic cosine type. In this case, the
equality (7.3.16) becomes

q
/ du
T =
V@2 = + tu
p

V@ -0¢ + Eq)
Cc

1 ¢
= 1 2_¢ “+
el
- 2_¢ ¢ 2 _ )2 4
ln(\/y cp+2\/y2_z+\/(y c)p +cp) .
(7.3.22)
Then we easily obtain

Hz(x) =

! ;
\/y2_51n<\/y2—5x+2\/;2_5+ \/(yz—é)xz—i-Ex)

and

Hz_l(y) = z(yzc_ E’) (COSh (\/yz - Ey_a) - l)s
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where

c
o =In ( )
2\/yr-¢
This implies the minimum curve
T—1 t
— g1 _ _
x) = H= (7 Hep) + L He@))

T—t 1
=H;l[ _ln(Jy2—5p+

T fyr-c

¢

2\/),2_

+ ! ! In \/yz—Eq—l— ¢ +\/()/2—E)q2+5q
2y —¢

T y2-c¢

T—t _
= ¢ |:cosh< T ln(\/yz—cp—i-

c
2/y? -

which is of hyperbolic cosine type (see Fig. 7.4).

_+HVer-op + Z’p)
C

¢ ) _
W +\/(J/2—C)P2+CP>

_+ V2 -8 + &) —a) —1,
C
(7.3.23)

Two Alleles Case with Two-Way Mutation

In this case we have n = 1, b(x) = 6, — (6p + 61)x and

1 1

1
80 = X + 1—x x(1—x)°

It follows from (7.3.13) that each extremal x of Sy r(x) satisfies

2
517 = (61 = B + 00x(0))
x(0)(1 — x(1))
It implies that for all ¢ € [0, T

¢, t€][0,T] (forsome constantc).

(0?2 = (01— (0o +01)x(1))> +ex(t) (1 —x(1)) = ((Bo+61)*—c)x® +(c—261 (69 +01))x+ 67

Put g(c,x) = ((6o + 61)* — ¢)x*> + (c — 261 (6p + 61))x + 67. Without loss of
generality, we assume that p < g. Then, we see that ¢ should be found such that
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T
l ,
| /
| /
/

1 ---------- e P
| /
| /
| /
| /
I L,/
| 7/
| /
| /
I e
| 7
‘ .
! P
| py
o

q

|
|

p |
|
® t

0 [ 0.5

Fig.74 T=05y=4/10.c=1<y p=1.g= 1 x00) = 118|:c0sh ((1 —2nIn(} +

Jo+2m + \/;‘)—m;) —1}

g(c,x) = O forall x € [p, q]. It is easy to see that ¢ > ¢¢ := ( — (91_(9"+91)P)2) Y

p(1=p)
( _ (B1—(B0+61)g)*

a(—q) ) and g(c,x) /" oo as ¢ — oo. Put

r du
G(c,x) = / \/g(c, "
P

We note that the quantity

q

d
T=TQp.qc) = / ! (7.3.24)
Va(e.u)
p
has nontrivial derivative with respect to c, i.e.
1 { u(l = wd
u — Uu)au
d.T = — 0
2 / g(c, u)3/2 7

p
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Therefore there is a unique ¢ = ¢(p, g, T) which solves Eq. (7.3.24). For this ¢, we
define

[ d
He(x) = / .
V(@ u)
Then we have t = Hz(x(t)) — Hz(p) and T = Hz(q) — Hz(p), which implies that

He) = | Hep) + ).

Because 0.Hz(x) = Ve
the minimum

;z- o > 0 then H: is invertible and we immediately obtain

x(1) = H;I(T_

t t
- Hp)+  He(@)).

Then, the behavior of x(7) will depend on ¢ = ¢(p, ¢, T) and similar to the one-
way mutation case, we easily obtain

1. If¢ = (6y+0;)?, then the minimum curve is of linear or parabolic type depending
on whether 6 is equal to 6, or not. In this case, the equality (7.3.24) becomes

q
T—/ du
ARV s

qe_lp, lf 9() - 91
953912 (\/(93 —607)g + 67 — \/(93 —60)p + 912) otherwise
(73.25)

Thus, if p, ¢, T satisfy the above relation (7.3.25), then we have ¢ = (6y+ 6,)?
and we obtain

Ho () o if 6, = 6,
() = '
9&3912 \/(93 —03)x + 07, otherwise
and
_ 01y, if 0, = 6,
H:'() = o6 » 6

4 Y 6262 otherwise.



190 7 Large Deviation Theory

X
l¢---------- -
.
P 1
. ¢
0 0.5

Fig.7.5 T = 05, 0y = 6, = 0.6, ¢ = 1.44 = (§, + 6,)>, p = 0.4, ¢ = 0.7 [i.e. (p.q. T)
satisfy (7.3.25)], x(r) = (1 — 20)0.4 + (2)0.7 = 0.4 + 0.6t

It implies the minimum curve

wo = (" ) + ] b))

— L .
T \/(65 —0hp + 607 + }\/(93 — 0D + 912) ~ g otherwise

(7.3.26)

_ T;tp + ;l], if 91 = 9()
= . (
03—67

which is of linear or parabolic type (see Figs. 7.5 and 7.6).
2. If ¢ > (B + 61)?, then the minimum curve is of trigonometric (co)sine type. In
this case, the equality (7.3.24) becomes

q
du
= p/ V(@ u)

1 _ kg—"? _ kp=?
= k arcsin . — arcsin X s
ST SN

(7.3.27)
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X

Fig.76 T = 05, 6, = 1, 6p = /3, ¢ = 1+ /3% p = 8. g =5 [ie (p.q.7)
satisfy (7.3.25)], x(t) = J(] + 12—}

where
P=c—(0+6)% b= ; — 01(6) + 7).

Then, we easily obtain

1 _b
H:(x) = P arcsin k

2

b, + 60}

and

2
J5 40

b
—1 _ .
H: ' (y) = L sinky + 2



192 7 Large Deviation Theory

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Fig.77 T=05y=1,c=10>y* p= (. g= . x(t) = ;| 1 +sin (1—2t)arcsin(—

71 : 7
80) + 2tarcsin (20))i|
This implies the minimum curve

x(1) = H{I(TT_ tHz(p) + ;HE(Q))

T—1t1 kp—" r1 kg—"?
= Z,_l< karcsin P +Tkarcsin g k)
2 2
Zz +912 2]2"'912
2
e+ (r—r kp=? B b
X sin T arcsin , =+ Tarcsm , =+ 2
o+ o7 v+ o
(7.3.28)

which is of trigonometric (co)sine type (see Fig. 7.7).
3. If ¢ < (6 + 0))?, then the minimum curve is of hyperbolic cosine or hyperbolic
sine or exponential type depending on ¢(46p6, —c) < 0, > 0 or = 0, respectively.
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In this case, the equality (7.3.24) becomes

q
/ du

T= ~

V(@ u)
P
1 b b\2 b?
= 2 _ (7.3.29)

k|:ln<kq+k+\/(kq+k) + 0; k2)

b b2 o, P
_ln<kp+k+\/(kp+k) +91—k2)]

=0 +6)—¢ b= ; —0,(60 + 6)).

where

Then we easily obtain

1 b b2 b2
H-(x) = kln(kx—i-k—i-\/(kx—i-k) +912—k2)

and
,i (e“ cosh(ky — o) — Z) if c(6061 — ¢) <0,
H-'(y) =
= ) ' (w sinh(ky — o) — ’;) if ¢(6p0, — ¢) > 0,
e =5 if ¢(6p61 — ¢) =0,
where
!In (’,jﬁ - 912) if c(Bob: — ¢) < 0,
o =
Uin ( — By 012) if (6o, — c) > 0.

This implies the minimum curve

x(1) = H' (TT_ tHz(p) + ;H;(q)), (7.3.30)

which is of hyperbolic cosine type (see Fig. 7.8).
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Fig.7.8 T=05y=4/10.c=1<y p=1.qg= 1 x00) = 118|:cosh ((1 —2nIn(} +

Jo+2m + \/;‘)—m;) —1}



Chapter 8
The Forward Equation

In this chapter, we treat the Kolmogorov forward equation for the diffusion
approximation of the (n+ 1)-allelic 1-locus Wright-Fisher model, without mutation
and selection. We recall the basic definitions.

1 n
Lou(x, 1) 1= Z o a (8 = xulx, 1)) (8.0.1)
is the forward operator (cf. also Sect. 2.9). The Kolmogorov forward equation then
is

du(x, 1) = Lu(x,1) in (Ay)os = Ay x (0, 00)

(8.0.2)
u(x,0) = f(x) in A,.f € L2(A,)

for u(-,t) € C*(A,) for each fixed ¢ € (0, 00) and u(x, -) € C'((0,00)) for each
fixed x € A,,. Also, we have the backward operator

Lru(x,t) = Au(x,1) = Z a’(x)

lJl

la,u(x t>+Zb'(x) (D). (8.0.3)

Furthermore, we shall need

wi(x) —l—[x =x'x? (1—fo)

i=0
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8.1 Eigenvalues and Eigenfunctions

We shall start our solution scheme with expansions in terms of the eigenvalues
and eigenfunctions of the forward and backward Kolmogorov operators, i.e., of
L and L*. In this section, we shall therefore determine these eigenvalues and
eigenfunctions.

For later purposes, we shall present these results not only for the top-dimensional
simplex A,, but also for all simplices Ay, as these results are the same in all
dimensions. In particular, the subsequent formulae will then apply to the various
boundary strata d;A,. The corresponding index scheme will be used throughout:
n refers to the top-dimensional component (corresponding to n + 1 alleles in the
Wright—Fisher model), whereas for any (specific) boundary stratum of dimension
smaller than n, we usually use k.

We shall construct solutions of the forward and backward Kolmogorov equations
by the method of separation of variables. That is, we first consider a solution of
(4.2.10),

u = Ly in A (8.1.1)
of the form

u(x,t) = Xx)7T(). (8.1.2)
This entails

;’ = L;X =—A. (8.1.3)

A then is a constant! which is independent of 7', X. From Proposition (8.1.4) below,
we shall then obtain the local® solution of Eq. (8.1.1) as a linear combination

o0

Mk(xs t) = Z Z Cm,otXm,ot (x)e—/lmr,

m=0 |a|=m
where

_ (k+m)(k+m+1)

Am
2

The convention with the minus sign is used to make the eigenvalues nonnegative, as L is a
nonpositive operator.

2“Local” here means that the boundary conditions are not yet included.
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is the eigenvalue of L; and
Xna(X), |oj=m

are the corresponding eigenvectors of L;. We now enter the details. The reader
should be alerted to the fact that the same construction will in fact work on every
face of our simplex Ay. Later, on each such face, we shall have to compare the
process inherited from A with the corresponding intrinsic process on that face with
fewer alleles. We shall subsequently utilize this principle for building up a global
solution from the local solutions on A and on all its faces.

Proposition 8.1.1 For each multi-index o = (o', ..., a%) with |a| = a' +--- +
aX = m, the polynomial of degree m in k variables x = (x',...,x*) in A,
Xpo(x) =x% + Z am,ﬂxﬂ, (8.1.4)
1Bl<m

where the a,, g are inductively defined by

ma =1, amg =0, VB #oawith|B|=m,

k
Z(,Bl + 2)(:3l + 1)am,ﬁ+e,-

i=1
amp = — . V|B| < m,
P T m— 1Bl (m+ |B| + 2k + 1)

is an eigenvector of Ly for the eigenvalue A,, = (m+k)(72"+k+l).

Proof We have

LXo(x) = Z (3x’)2 x(l—x’)(x + Z A, X ):|

|Bl<m

3)5;)@1' R (e X2 "m’ﬂxﬂ)}

i ; |Bl<m

_ a+ei _ et2e B+ei
- Z (axz)z X + Z m.px

L 1Bl<m

_ Z am,ﬂxﬂ +2ei:|

|Bl<m

_ Z axlﬁx/[ ateite 4 Z a ﬂxﬂ+e,+e]:|

|B|<m
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; > |:(ai + Dalx® % — (af + 2)(af + 1)a®

1

+ > (B + DflanpP = > (B + 2B + 1)am,ﬁxﬂ}

[Bl<m |Bl<m

- [(a" + D@+ D+ Y (B + D+ l)am,ﬂxﬂi|
i#j |Bl<m

- [‘ ; Y@@+ 1) =) @+ D + 1)}«“
i i

I i e S
+ 22[;(0(’4—1)0[’)5" €y ZZ Z (,Bl+1)ﬁlam,ﬂxﬁ e

i |Bl<m

Y {— DR ISR S RN 1)}am,ﬁx”
|Bl<m i i#j

- [— ;(Xi:ai+k)(2i:ai+k+ 1)}&"

1 . .
+ 5 Z Z(y’ + )y'amyx? ™% (here ap,y = Ofor |y| =mand y # «)

lyl<m+1 i

1 : .
+WZ {—Z(Zﬁ’+k)(2ﬂ’+k+1)}am,ﬂxﬂ
m+kym+k+1) ,
= — 5 X
£ Y Y D+ D

|Bl<m i

oy BBk

1Bl<m
By equating coefficients we obtain the eigenvalue

_ mRmtk+ 1)

Am
2
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and

k
B+ 2 + Danpse

_ i=1 m
W= 1B+ (Bl + 2k + 1) L=

This completes the proof. O

Remark For k = 1, X,,,,,(x") is the mth Gegenbauer polynomial (up to a constant).
Thus, the polynomials X,,  (x', ..., x*) can be considered as generalizations of the
Gegenbauer polynomials to higher dimensions.

The following propositions describe the relations between the two operators.

Proposition 8.1.2 If X € C*®(Ay) is an eigenvector of Ly corresponding to A then
wiX is an eigenvector of L for the same eigenvalue A.

Proof Looking for a function w; with L} (wxu) = wiLi(u) (and hence for Lj-
eigenfunctions ¢ consequently L} (wrp) = wiLi(¢) = Awygp), we have on the one
hand

_ k(k+ 1) ,. , a 3
Lae=—"" u—l—Z(l—(k—i—l)x) u+ Zx(a )i gt
(8.1.5)
and
L (oyu) = Zx(8' ax’ ax] (8.1.6)

o d 0 0 d 0
_ iei
2 ,ij (8j x)((axi axiwk)u + zaxjwk 8xiu + o oxt axju)
8.1.7)

on the other hand. Thus, it is sufficient if such a function wy satisfies

6 =) o = —klk + Do

. (8.1.8)
ij (8]‘. —x’)axjwk =(1—(k+ Dx')awy, foralli,

which is the case for wy as can easily be verified by direct computation. O



200 8 The Forward Equation

Proposition 8.1.3 Let v be the exterior unit normal vector of the domain Ay. Then
we have

> dW =0 (8.1.9)
J
for each i on the corresponding boundary simplex.
Proof In fact, on the surface (x* = 0), for some s € {1,...,k} we have v = —e¢,,
and hence >_ a/V/ = —a;; = —x*(8;; — x') = 0. On the surface (xX° = 0) we have

J
= Jk (e1 + ...+ ), hence )~ alV/ = Jk Yal = kaixo = 0. This completes

J J
the proof. O

Proposition 8.1.4 L, and L} are (formal) adjoints in the sense that

(LiX,2) = (X,L}Z) forallX € Hy,Z € H).

Proof We put Fi(x) := Y 3(””52?“” . Since Z vanishes on the boundary of our

J
simplex, we can use the second Green formula and Proposition §.1.3 to obtain

2( i
(LiX,Z) = Z / 9 (a](x)X(x))Z(x)dlk(x)

la -
ij Ay
1 JF;
=593 / a)ff)Z(x)de)
i Ay
1
:22 / Fi(x)viZ(x)dA—1 (x) — Z / F() )dl (x)
A e
(8.1.10)
=Y [ rw i anew
LA,
(@’ ()X (x)) 0Z(x)
_ Z / I i)
ij Ay
= _; Z / ”(x)v,X(x) 0Z(x )dlk 1(x) + (X.L{Z)
33 An)
= (X.L;Z).
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More generally, from the preceding proof, in particular (8.1.10), we obtain

Proposition 8.1.5

1
(LX,Y) = (X,L;Y) + 2/ YF-vdAi—, forallX,Y € Hy. (8.1.11)
3(3kA,,)

Proposition 8.1.6 {X,, o} >0 jaj=m is a basis of L*(Ay) for which the members
corresponding to different eigenvalues are orthogonal with respect to the weight
wy, 1.e.,

(Xm,ava)ka,ﬂ) =0, V];ém, |a| =m, |ﬂ| =J.

Proof The proof is standard. {X,o}m>0jel=m iS @ basis of L*(Ay) because
{x*}, is a basis of this space. To prove the orthogonality we apply the
Propositions 8.1.1, 8.1.2, 8.1.4 (noting that w; vanishes on the boundary of Ay)
as follows

A (Xma: 1Xj ) = (LiXmas 01X;p)

= (Xm,oz s L]t (kaj,ﬂ))
=~ (Xna. X p)

Because A, # A;, this finishes the proof. O

Proposition 8.1.7 The spectra of the operators Ly and L, where in the latter case
we require vanishing boundary values, are

_ mAR0m +k+ 1)

= A
) k

Spec(Ly) = Spec(L}) = U {)Lm

m=>0

and the eigenvectors of Ly corresponding to A,, are linear combinations of the Xy, o,
and those of L} are linear combinations of the wiXmq. Hence, the eigenspace
corresponding to A is of dimension (kt'_"l_l) In addition, L} possesses the

eigenvalue 0 with eigenfunctions I andp',i =1, ... k.

Proof For Ly, this follows from Proposition 8.1.1 and the fact that the X, , consti-
tute a basis by Proposition 8.1.3. For L}, this then follows from Proposition 8.1.4.
O

From the {X,,}, We can then construct a basis {¥,,} of L?(A;) of eigenfunc-
tions of Ly for the eigenvalues A,, with

| ifm=j.a=8.
(Yier 1Y ) = ifm=je=p (8.1.12)

0 else.
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Let us summarize the findings of this section. We have obtained all the eigenvalues
and eigenvectors of L and L;. The idea of the method was quite simple. Since
we are taking the partial derivatives w.r.t. x' and ¥ of a function multiplied by
—x'%/, we should expect the eigenfunctions to be polynomials. Moreover, by this
simple algebraic observation, we should be able to have any monomial x* as the
leading term. For the lower terms, we then can determine the appropriate coefficients
recursively. In particular, since the monomials x* constitute an L?-basis of our
function space, so then should these eigenfunctions. Thus, we can be sure to find all
of them by this method. Moreover, since the problem is invariant under permutations
of the alleles, the eigenspaces should be representation spaces for this permutation
group. In particular, this yields the multiplicities of the eigenspaces. More simply,
the multiplicity of the eigenvalue A,, can also be obtained by counting how many
different monomials there are for degree m in k variables.

Finally, we have observed that the operators L and L} are formal adjoints. In fact,
in the proof of Proposition 8.1.4, one of the boundary terms arising from integration
by parts vanishes because suitable coefficients a’ vanish on the boundary, whereas
the other boundary term vanished by assumption. Below, we shall investigate the
relationship between these operators for arbitrary boundary values.

As a consequence of our results about the eigenvalues and eigenfunctions of the
operators Ly and L,f, we can write down local solutions for the forward and backward
Kolmogorov equations as expansions in terms of the eigenfunctions. We shall now
move on to the construction of global solutions by combining the local solutions in
the interior of the simplex A and on all of its boundary simplices.

8.2 A Local Solution for the Kolmogorov Forward Equation

Knowing the eigenfunctions as constructed in Proposition 8.1.1, it is straightforward
to reconstruct the local solution of [14, 80] (for details cf. [113, 118]).

Proposition 8.2.1 Forn € N and any initial conditionf € L*(A,,), the Kolmogorov
forward equation corresponding to the diffusion approximation of the n-dimensional
Wright—Fisher model (8.0.2) always allows a unique solution u: (An)oo —> R with
u € C®°(A, x (0,00)). Furthermore, this solution (and all its spatial derivatives)
may be extended continuously to the boundary A,

The regularity, which follows from the regularity of the generalized Gegenbauer
polynomials (see the discussion in Sect. A.l, in particular Proposition A.1.1), of
course agrees with standard PDE theory (cf. e.g. [72]).

Thus, we know the existence (and uniqueness) of a solution in the interior A,,.
The more difficult question is the behavior of the process near the boundary. After
all, the appropriate inclusion of the boundary in terms of a probability density
describing the entire evolution of the process is crucial for a complete account of
the model. Thus, we will establish a solution scheme which includes the behavior
of the process on the boundary. For this purpose, we have to extend the solution to
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the boundary in a regular manner. More precisely, we want an extension of at least
class C? with respect to the spatial variables. In the interior, we have the regularity
result of Proposition 8.2.1. In order to start the investigation of the regularity at the
boundary, we observe that by the proposition, the solution and its spatial derivatives
extend continuously to dA,,.

8.3 Moments and the Weak Formulation of the Kolmogorov
Forward Equation

The solution of Eq. (8.0.2) in A, lacks conservation properties: As the smallest
eigenvalue of L, is )L(()") = ”(";' Y > 0, a solution vanishes everywhere in A, for
t — oo, which in particular implies that the total mass and other moments are not
preserved. However, again these properties are an important aspect of the validity of
the model, and what disappears in the interior of the simplex should accumulate in
its boundary. After all, the process should continue after the loss of one or several
alleles. We shall therefore introduce a suitable extended solution on the entire A,,.
This solution will be derived from the conservation of the moments of the process.

The moments of the n-dimensional process as obtained as limits of those from
the underlying discrete model satisfy the moment evolution equations (2.3.17)

9 (el = 1) 2 ai(a; — 1)
oM =—""", ma () + ) 5 Maa(D) (8.3.13)

i=1

fora = (ay,...,q,), || > 1, whereas aatmo(t) = 0 (with ¢; denoting the multi-
index (0,...,0,1,0,...,0) with 1 appearing at the i-th position). These moments
can be defined as

n

my(t) = [U.x*], =) / U(x, )x* Ag(dx), (8.3.14)
k=0 akAn
fort > 0, = (a1, ..., q,). Here, we utilize the hierarchical product as introduced

in Eq. (2.11.21). This now involves an integration over A,, that is, including
the boundary dA, of the state space, which corresponds to configurations of the
model where some allele frequencies may be zero. Correspondingly, the capitalized
U:(An)oo —> R is introduced as an extended solution which is assumed to be
the probability density function of the diffusion approximation of the n-dimensional
Wright-Fisher process on the entire A, (thus in particular U|,, is a solution of the
Kolmogorov forward equation (8.0.2) in A,).

We shall now discuss the consistency between the moment evolution equa-
tion (8.3.13) and the Kolmogorov backward operator L* in A, as defined in
Eq. (8.0.3); however, the following considerations also hold for a generic product
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[-,-]: Since L* has polynomial coefficients, it maps polynomials to polynomials,
and we have

N
* o __ ieQi _ j o
L= Zijz=:1 y @ X))f)xiaxfx
= 1Zn:ot-(oz~—l)()c"‘_e"—x"‘)—1 E a;ox®
2 i\ 2 - i;
i=1 i#j
DS o 06— el - e forre A, (83.15)
= oila; — D)x™ 7" — _|e|(|loe| — 1)x or x s 3.
2 2

i=1

which yields, using the notation of Eq. (8.3.14),

(00,15, = ) Yo = Do) = el = D) (8.3.16)

i=1

with the right-hand side being equal to that of Eq. (8.3.13). Thus, if the moments
equation is satisfied for some probability density function U, we may equivalently
write

;tma(t):[gtU(t),x“} =[U@®.L;x*], fort e (0,00). (8.3.17)

n

Since the x* generate the space of all polynomials and since the polynomials are
dense in C*°, we therefore also have such relations for arbitrary test functions ¢,

[;tU(t),go} =[U@®).L;¢], forg e C®(A,)andallte (0,00).  (83.18)

n

This is our weak formulation of the Kolmogorov forward equation (8.0.2). We may
also write the initial condition® weakly as

[U(-,O),(p]n = [f,(p]n forall p € C*°(A,), (8.3.19)

which requires no explicit regularity towards the boundary (yet, we will need that
its restriction to interior strata is continuously extendable to the corresponding

3 As the integration is over A,,, f may now also be formulated as an extended initial condition on the
entire A,,. Then, f|a, 7 0 would correspond to the process (partially) already starting on certain
boundary strata. However, since there can be flux into the boundary, but not from the boundary into
the interior (alleles can get lost, but then cannot reappear), these boundary contributions will not
affect our considerations. For this reason, we will usually assume f|ya, = O or that f is extended
that way if it is only given on A,,.
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boundary). Only, an integrability condition applies, which is U(-, 1), aat Uuc-,n,.f e
L*(Ujzo 9 Ay) forz > 0.

Summarizing our findings, we have:
Lemma 8.3.1 A function U: (A,),, — R, U(-.1), JU(-.1) € L2(Uj=o %An)
fort > 0 with corresponding moments mgy (t) = [U(t), x*],, & = (a1, ..., a,), >0
satisfying the moment evolution equation (8.3.13) also solves the weak formulation
of the Kolmogorov forward equation (8.3.18) and conversely.

8.4 The Hierarchical Solution

The operator L7, if restricted to subsimplices A,((Z) ~ A; of A, of any dimension &,
coincides with the corresponding differential operator L} for that simplex:

Lemma 8.4.1 L} satisfies
L:|Ak =L. (8.4.1)

Proof We consider
Ay = A,((LO""’“) ={(',... ,x”)|xi > 0fori = ip,...,0k, X = Oelse; Y i jx' =
1}.

* 1 “ i/ol ; 82
Lol = 20 W@ =), ol (84.2)
ij=1
1 N *
) Z (x © —)) i L
=10,k
O

We may therefore omit the index & in L] whenever convenient.
In contrast, the operator L, does not satisfy such a restriction property: If

restricted to some Ay = A7, it does not correspond to Ly, which describes
a (k + 1)-allelic process in Ay. We rather have

_n(n +1)

, ulen)+ D (1= (n+ 1) aiiu(x, 1) + L u(x, 1)

i=1

Luou(x,t) =
(8.4.3)

This expanded equation may be interpreted as follows. In order to obtain the
boundary relations for L,, we need to go through the adjoint operator Ly, which
differs from L, by a first and zero order term. The second order derivatives (= L)
then represent the contribution of diffusion, while the first order derivatives may be
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interpreted as (directed) drift from the center (nj_l AU n41-1) of A, to the boundary.
n(n+1)

The reaction term —"")""u expresses the total loss of mass due to the flux into
the boundary (see Proposition 8.1.5). Now restricting Eq. (8.4.3) to some A,—; by
putting x¥* = 0 for some k and subtracting the corresponding equation for L,_; on
A,—1, we obtain

(L, — Ly—1)u(x, t)’A”_l = —nu(x,t) + ;(—xi) 3ii”(x’ 1)+ aik u(x,t). (8.4.4)

Thus, a distribution on A,_; inherited from the process on the higher-dimensional
simplex A, satisfies a different differential equation. On one hand, we see additional
first order derivatives, which may be interpreted as the flux from the interior of A,
into its boundary part A,_;. On the other hand, we have an additional reaction term
with the factor —n, which arises from the larger number of possibilities to lose an
allele in the higher-dimensional solution.

We now wish to construct a global solution by piecing together the local solutions
on the various open simplices, from the top-dimensional simplex A,, to the trivial
solution at the corners Ag){i }), Jj=0,...,n. We shall utilize the results of Sect. 8.1.

On the basis of (8.3.18), we now explicitly formulate the definition of our
solution

Definition 8.4.1 # € H is a solution of the forward Kolmogorov (or Fokker—
Planck) equation associated with the Wright—Fisher model if

u, = Lyuin A, x (0, 00), (8.4.5)
u(x,0) = 8y, (x) in Ay; (8.4.6)
[ur, pln = [M,LZQD],[, Vo € H,. (8.4.7)

In fact, this definition is somewhat redundant, as (8.4.7), the weak formulation
(8.3.18) introduced above, already implies (8.4.5). Nevertheless, it might be helpful
for understanding the meaning of the definition to include the latter equation
explicitly.

We shall make the fundamental ansatz of representing a solution as a super-
position of solutions of the form (8.1.3). We can then use the eigenvalues A
and the corresponding eigenfunctions, the generalized Gegenbauer polynomials,
determined in Sect. 8.1.

Step 1: We start with the general local solution, i.e., the solution of (8.4.5), on the
open simplex A, which by Proposition 8.1.4 [recalling (8.1.12)] is of the form

o0
4y
up(x, 1) = Z Z MY (x)e Am't

m=0 |a|=m
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with coefficients cfﬂx, where

m+mm+m+1)

A —
" 2

is an eigenvalue of L, and
Ve, lal=m

are the corresponding eigenvectors of L,.
Form > 0, |B| = m, we conclude from Proposition 8.1.2 that

L (a)Y,glig) = 20w, Y.
It follows that the moment condition

s 0nYirphy = [u.L (@,Ying ) |

is satisfied for the w, Y(") , hence for all smooth functions vanishing on the boundary
of A,,. Therefore, because w, vanishes on the boundary,

3
(s @0 Y e ) = (-, 0), 0, Yy g)pe ™!
= ()Y (xo)e ",
We can thus determine the coefficients by the initial condition. In fact,

A,

= (unﬂ wnY(nﬂ)n

4y
= Z (n) (Yr(r:lzwiny(n/g)n )lm ta

loe|=m

n(X0) Y1 (x0)e

and hence with (8.1.12)
¢ = walx0) Y (x0).

Step 2: We now make the ansatz for the global solution u € H, i.e., satisfying all
the conditions in Definition 8.4.1, in particular (8.4.7),

u(e.t) = wex. 0 xo,a, (). (8.4.8)

k=0

Here, x4, is the characteristic function of diA,,.
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We use the condition (8.4.7) to iteratively obtain the values of uy, k = n —

1,...,0. The solution u, in the interior of the simplex A, is already known from
Step 1. We next turn to u,—;, the solution on the (n — 1)-dimensional faces. For
instance, let us consider u({o’l"""_l}) (xl, - x Lo, 1.

‘We note that, if we choose
o) =x' VG T B =k

({0 ..... n—1})

[u, ¢ln = (Un, 0)n + (U, N7y (8.4.9)

The left hand side can be calculated easily by the condition (8.4.7)

[y, @1n = [, L (@)]n = =2 u, ], (8.4.10)
It follows that

0. ¢l = p(xo)e .

Since we have already determined u,,, the first part of the right hand side of (8.4.9)
is

4y
(. @) = Zcﬁi’a( /A Y%L(x)w(x)dx)e b,

m,o

(n—=1)

Therefore we can then determine the coefficients ¢, ,

w0 L 10,0,
Similarly we shall obtain u#,—; on the other faces. Iteratively, we shall obtain all

ux, k=mn—1,...,0. Thus, we obtain the global solution

in the expansion of

n

u(x, 1) = Z Uj X3, (X)
k=0 (8.4.11)

=3 Y @ g, ).

k=0 m>0 1>0 |a|=I

By construction, u is a solution of our Kolmogorov forward (Fokker—Planck)
equation.
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Step 3: This solution is unique. In fact, if u;, u, are two solutions, then u = u;—u,
will satisfy

u, = Lyuin A, x (0, 00),
u(x,0) =01in A,;
[, @)n = [, L* @), Vo € Hy.

It follows that

[Mtv l]n = [uvL:(l)]n - Os
[0, 51w = [, Ly ()] = 0,

005eees i k 00yeees i k
[ur,w,i{ 0 k})Yj( )]n _ [u,L:(a),g{ 0 k})Yj(’a))]n

,0

Therefore

[u, 1], = [u(-,0),1], =0,
[, x], = [u(-,0),x], =0,

o . k - . i 3 ®
[u’ wli{to lk})Y'(oc)X oo ik})]n — [u(_’ 0), w/ﬁ{lo lk})Y'(u)X o ik})]ne A;
Js Ak Js Ak

=0.
Since {1, {xi}i,{w,i{i" """ i"})Yj(,?)(Ak(uo ..... ik;)}1Sksn,{io,“,,ik}\jzo,\a|=j} is also a basis of
H, it follows thatu = 0 € H.

In conclusion, we have established

Theorem 8.4.1 The forward Kolmogorov (Fokker Planck) equation associated with
the Wright—Fisher model with n + 1 alleles possesses the unique solution

n

u(x, 1) = Z Uj X 8., (X)

k=0

S S e e o).

k=0 m>0 1>0 |a|=I

(8.4.12)
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8.5 The Boundary Flux and a Hierarchical Extension
of Solutions

We shall now investigate the flux from the interior into the boundary in more detail.
This will also yield an alternative proof of the existence and uniqueness of a global
solution of the Kolmogorov forward equation.

In order to construct suitable boundary values as required for an extended
solution U: (A")oo —> R, we shall now introduce the concept of the boundary
flux. The investigation of the boundary flux as the basis for a hierarchical solution
scheme is the main technical contribution of this chapter.

The flux G,: (A,)eo —> R” of a solution u: (A,)ee —> R” of Eq. (8.0.2) is
given in terms of its components

n

i . 1 . 3 il A _ 1 3 ij .
G(x.0) =~ ,; 50 —u.0) = Z 20 (du(x,0), i=1,...,n

(8.5.13)

Again, this concept directly extends to boundary strata of A, if u is extendable to the
boundary such that the extension is of class C?> with respect to the spatial variables
(which is the case for a solution as in Proposition 8.2.1).

The boundary flux is related to the Kolmogorov forward operator via

divG, =) gt G = —Lnu = —u, (8.5.14)
xl
i=1

and therefore, it shall naturally appear in integration by parts formulae. In particular,
we can now extend the adjointness relation for the Kolmogorov operators L, and L
of Proposition 8.1.4 to the case of non-vanishing boundary terms.

Proposition 8.5.1 Forn € Ny andu, ¢ € C? (An), we have

(Lott, @) = — / 0 Gy vdA,_i + (u.L ), (8.5.15)
8n—lAn

where (., ), is the L*-product (see (2.11.20)), G, is the boundary flux of u and v is
the outward unit normal vector to 0,

Proof For a domain Q with piecewise continuous boundary 92 and u, ¢ € C!(R),
we have the integration by parts formula

9 ‘ 9

/ "odo = /(puv’daQ—/u ¢ aq, (8.5.16)
oxt dx!

Q 0 Q
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where V' is the i-th component of the outward unit normal vector to dS2. This yields

(Lntt, @) = /Z 5. G AR

Ay

—/ZG Vi dA,— 1+/ZGL,3 9 dh,. (8.5.17)

an, !
Since UZ;%) drA, is a null set with respect to 4,1, it suffices to evaluate the

boundary integral on d,—; A,. We then integrate the last term once more by parts
(again, with a boundary integral on 9,1 A,):

/ZGug LpdA, = / Zx(r?’—x/)uv’ qod)kn 1

Op—14n

/ Za”u qod)k (8.5.18)

Ap
We have 9,14, = U, Ailli\l{l}), and vV = —8{ on Affi\l{l}),l =1,...,n and
vi= ) on AT, which yields
in(Sj — v = X' —xHu=0 on Aflli\l{l}) = {xl = 0}
(8.5.19)
and

IR N 1 icei
;x((sj—x/)uv’: n zj:x((sj—x/)u

= \}nXI(l - ij)u =0 on Ailli\l{()}) = {1 — Zx’ = O}.
! ' (8.5.20)
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Thus, the boundary integral in (8.5.18) vanishes. From (8.5.17) and (8.5.18), we
therefore obtain

i 1 ij 82
(Lott, @) = — / Zcuwdxn_l +/u2;a]3xiaxj<pdxn (8.5.21)
1 An 1

Op—14n

= - / Gu VY dAn—l + (I/t, L:@)n
8n—lAn

O

We now want to integrate (8.5.15) over time. If ¢: A, — R is a polynomial of
degree less than 2, we have L*¢ = 0. Integrating the flux G, on d,,_; A,, over time as
boundary values for a solution u of Eq. (8.0.2) (resp. for its continuous extension to
dA,), Proposition 8.5.1 already yields the behavior for the Oth and the 1st moment
which is prescribed by the moment evolution equation (8.3.14). Thus, the total mass
and the expectation value of the process are preserved.

This concept of a solution in A, plus accumulated flux on the boundary 9,1 A,,,
however, does not yet suffice for our purposes. It does not yield the desired evolution
laws for moments of degree 2 or higher, nor does d,—; A, account for the full
boundary dA,,. To resolve this, instead of accumulating the incoming flux on d,,—1 A,
for n > 2 statically, we assume that it rather evolves as if it were an (n — 1)-
dimensional Wright—Fisher process, i.e. as a subsolution on d,—; A,. We therefore
consider the boundary flux on the next lower strata, that is, on d,—,A,—;. We then
iterate the construction to go down to lower and lower dimensional strata. This leads
us to

Definition 8.5.1 For A" with I, = {0,1,...,n} and a solution u: (Ai{”)) —

o0
In)

R of the Kolmogorov forward equation (8.0.2) for given f: A,g
Proposition 8.2.1, a hierarchical extension

— R as in

U (A), — R with Un) =Y Ux.1) Xy ) (X) (8.5.22)
k=0

is given by
u(x, r) forx € Af,l”) = BnAf,I”)
Up: (0 AP) . — R with Ur(x,t) := 4 Uy (x,1) forx € A c 8,A 1, C 1,

0 else
(8.5.23)
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forall0 <k <nand

t
Uit (AY) , — R with  Upy(x.1) := / ug, (.t —1)dt (8.5.24)
0

for 0 < k < n—1 and for all subsets I, C I,,. Here, u}c’lk(x, 1): (A,((I"))oo —> Risa
solution of

Lku(.x, ) — ot ( ’ ) ( ) ( I(( )): (8 5- )
t ulx, 1 . 25
L ( ’ ) Zlk+131k G[‘]‘ Llg41 (x ) l(( )

L

for all T > 0 as in Proposition 8.2.1 and GUk+l -
k41

is the normal component of the

. . (g41)
flux of the continuous extension of Ug+1,,., to A7

Remark 8.5.1 1t is important to realize that for a solution u of Eq. (8.0.2), the
induced boundary functions Uy on akAﬁ,I”) for 0 < k < n — 1 in general do not
satisfy the equation aar U, = L Ui in some A,(CI") C akA,(f”) and therefore are not
solutions of the corresponding k-dimensional problem (8.0.2) in A,((Ik). This equation

is an intrinsic equation on A,((I") C O A;I”) , but the Uy, here contain not only intrinsic
contributions of those boundary strata, but also include what flows in from higher
dimensional strata.

8.6 An Application of the Hierarchical Scheme

For the hierarchically extended solution and the product [-,-],, we may now
continue the line of reasoning of Propositions 8.1.4 and 8.5.1.

Proposition 8.6.1 A hierarchical extension U: (A;I”))oo —> R (¢f Defini-
tion 8.5.1) of a solution u of the Kolmogorov forward equation (8.0.2) in A,
satisfies the weak formulation (8.3.18), that is,

[gtU(t), q0:| =[U@®.L*¢], (8.6.26)

n

forp € C*® (AELI”)) and for all t € (0, 00).
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Proof By Proposition 8.5.1 we have for U, = u and arbitrary ¢ € C*® (A;I”) )

(;tUn,<p) = (LuUn.9), = — / ¢ Gy, dAny + (Un LYg), (8.6.27)

au—l Al(zln)
with Gf;n = Gy, - v denoting the (normal) flux of the continuous extension of U,

to 0,—1 A" The boundary integral may be expressed in terms of the evolution of
the boundary function U, that lives on Bn_lAﬁlI”) . As this implies a hierarchical
dependence on the particular subprocesses, we directly start our consideration for
arbitrary k € {1, ...,n}. Then we have by Proposition 8.5.1 and for all I, C I,

/ (LkUka)QD dA, = — / © ij“k dA_ + / Uk,IkLZGD dA; (8.6.28)
Ajclk) 3k71A1((1k) A]((’k)
where Gy, " again denotes the flux of the continuous extension of Uy j, to dx—; A,ilk)
(not to be confused with the proper boundary function Uy—; on ak_lAL’") ). In
order to account for the whole k-dimensional boundary d; Aill”) of Aﬁ,l”) , we simply
sum over all A,((Ik) C BkA,(f”) resp. all subsets Iy C I,. This yields (because of
Uncr, ALY = 8:A" and the definition of Uy)

/ (LU dAy = Z / @Gf]‘“k dAi—1 + / UlLfodh;.  (8.6.29)

Iy Cl,
EONG "o A;(fk) RA

Transforming the boundary term using U, <, 8k_1A,iIk) = U c, A,((Iﬁ]l) and
employing the product notation, we get

LUk @), = Y / ¢ Y. G, dhr + (Ui Lig),. (8.6.30)

b—1Ch gy IDh—
ArZ

Now, the sum of fluxes appearing here may be expressed in terms of the evolution
of the associated boundary function Uj—; ,_, on A,(ffll) for every I;—; C I,. By the
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. Ii—
chain rule, we have on A"
t

) o[
ot Uk—le—l (-x7 t) = 9t / uk—l,lk—l(x’t_ t) dr
0

t
ad
= M;é_lslk—l ()C, 1= ‘L—)|T=l‘ + / atui—l,lk—l ('x’ I—= ‘C) dr
0

t

= u;(_”k_l (x,0) + /Lk—l’/‘i—l,lk_l (x,t—1) (8.6.31)
0

by the solution property of u;_, ; . Interchanging L,—; with the r-integration and
substituting i} _, 5, (x.0) by the 1n1t1a1 values as prescribed altogether yields

d
- Z GUk, (x, 1) = o U1 (6 0) + L1 Ug—1 g, (X, 0). (8.6.32)

L DI—

Multiplying this with ¢, integrating over A( “ ‘) and summing over all f_; C I,
results in

-y / 0 Y G, dhi

Ik_lCI”A]ilﬁTl) I DI—1
ad
=— Z ? o Ui—14_y dAj—1 + Z @ Li—1Ug—15,_, dAy—
Ik*lcbtA]((liTl) Ik*lCInA]((liTl)
d
==y Uk-1, 9 + (Lic1 U1, 9), (8.6.33)
k1

because of UIHC,H A,(fﬁ]‘) = -1 A Combining this with Eq. (8.6.30), we get

0
(LkUk,go)kz—(atUk_l,q)) + (L1 U1, 9),_, + (U L{ @), (8.6.34)
k—1
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which—by assumption—holds for all k € {1, ..., n}. Hence, this formula may be
iterated over k, yielding

ad
(BtU"’ (p)n = (LuUn-0),

9 9 .
& ( Un,q)) +( Un_l,go) = (Un, ;9), + (Li-1Un-1,9),_,
ot " ot 1

n n

ad
& ( U, ) =Y (Ur.Lio), + (LoUo. ¢),-
k=1

k=0
(8.6.35)

The last summand on the right-hand side may (formally) be replaced by (Uo, La‘qo) 0
as they both vanish due to Ly = L = 0, thus proving the assertion. O

By Lemma 8.3.1 we immediately obtain:

Corollary 8.6.1 All moments my(t), t > 0 as defined in Eq. (8.3.14) of a

hierarchical extension U: (A;I”))Oo —> R (c¢f. Definition 8.5.1) of a solution u
of the Kolmogorov forward equation (8.0.2) in A, satisfy the moment evolution
equation (8.3.13).

Proof For ¢ = 1 and ¢ = x, we have L*(¢) = 0, thus by Eq. (8.6.26)

" (9
> (atUk,qo)k =0.

k=0
|

Thus, the hierarchical extension of a solution of the Kolmogorov forward
equation (8.0.2) via the flux of the solution yields the ‘right’ boundary values on the
entire dA,, in the sense that all moments of the process defined via the hierarchical
product[-, -], in Eq. (8.3.14) do behave like the limit of the moments of the original
discrete processes. This also justifies our choice of the hierarchical product |-, - ],,.

Moreover, we may show that any extension of a solution of the Kolmogorov
forward equation (8.0.2) to A, that yields the correct moments already coincides
with the hierarchical extension as in Definition 8.5.1. This is due to Lemma 8.3.1
and the following proposition:

Proposition 8.6.2 For any initial condition f € L*(A,), a solution U: (A,), —>

R of the weak Kolmogorov forward equation (8.3.18) is uniquely defined on A,,.
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Corollary 8.6.2 For any initial condition f € L*(A,), a solution U: (A”)oo — R
of the weak Kolmogorov forward equation (8.3.18) coincides with the hierarchical
extension U.: (A”)oo —> R (c¢f. Definition 8.5.1) of a solution u of the (strong)

Kolmogorov forward equation (8.0.2) in A,,.
For the proof of Proposition 8.6.2, we need the following lemma:

Lemma 8.6.1 The linear span of {a)n(p eCcye (An) i(p eigenfunction oan} is dense
in C2°(A,).

Proof From Proposition 8.1.1 we already see that the linear combinations of the
eigenfunctions of L, are dense in C°°(A,,). Dividing a function f € C2°(A,) by w,
(cf. Proposition 8.1.2) again yields a function in C°(A,) C C§°(A,) as w, is in
C§°(A,) itself and positive in the interior A,,. O

Proof of Proposition 8.6.2 Assume that U”: (A”)oo — R is another solution of
Eq. (8.3.18) for a given initial condition f. We need to show that U and U’ agree on
all 9y A, C A, fork = n,...,0. Westart with d,A,, = A,,. For an eigenfunction ¢ €
C*(A,) of L, (corresponding to the eigenvalue A1), we obtain by Proposition 8.1.2
that ¥ := w,e is an eigenfunction of L} corresponding to the eigenvalue A and,
by the properties of w,, that ¢y € C{°(A,). For such a y, the weak Kolmogorov
forward equation (8.3.18) then reduces to

(;’;U, w) = L) = AU, (8.6.36)

and

0
(at U, w) = (U/, L: V) = —A(U/, V)n (8.6.37)
respectively. Integrating these differential equations yields

(U@, Y)n = e (U0, ¥),, (8.6.38)
(U'(®).Y)n = e (U (0), ¥)n. (8.6.39)

and since U(0) = U'(0) = f
U@, ¥ = U ®,¥), fort>0 (8.6.40)

and for all eigenfunctions ¥. Since the linear span of these functions is dense in
C>(A,) (cf. Lemma 8.6.1), U and U’ agree in A, indeed.
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Now, we proceed inductively. Assume that we have already shown that U and U’
agree on all d;A, C A, with k > m. Then for an eigenfunction ¢: A,, — R of
L,, (corresponding to the eigenvalue A), then, see Proposition 8.1.7, ¥ := w,,¢ is
an eigenfunction of L} corresponding to the same eigenvalue A and ¢ € C§°(A,,).
Givensucha ¥: A,, — R, we may construct a function v: Aﬁ,l”) — R as follows.
We copy ¥ to A,(,g’”) C 0, A, for all I,, C I, and form convex combinations of the
boundary values to extend it to all higher dimensional (boundary) strata, and we put
¥ := 0 on all lower dimensional boundary strata. Of course, ¥ is in general not
an eigenfunction of L* in A, but we still have (L*l//)| Al = Ly = —Ay for all
A" C dA,.

For such a ¢, the weak Kolmogorov forward equation (8.3.18) is converted into

3 u F)
(atU,w) =—(U.Ly),+ Y. ((atU,w) —(U,L,fw)k) (8.6.41)
m k

k=m+1

and

d . . J —
(atu,l/f)m=—(u,an)m+ > ((atU,I//) —(U,Lkw)k) (8.6.42)

k=m+1 k

where the sums on the right are the same as U = U’ on all d; A, with k > m, hence

0
(at(U - U, w) =U-U.Lvy), =AU -Uv),. (8.6.43)
which yields—analogously to our considerations above—U = U’ in 3, A, on
account of the completeness of the ¥’s and the initial condition. O

Thus, with the additional assumption that the moments of the process coincide
with the limits of the moments of the underlying discrete processes, we altogether
have an alternative approach to Theorem 8.4.1 with a more precise understanding
of the boundary transitions.

Theorem 8.6.1 For n € N and an initial condition f € L*(A,), the Kolmogorov
forward equation corresponding to the diffusion approximation of the n-dimen-
sional Wright-Fisher model (8.0.2) always allows a unique extended solution
U: (A”)oo —> R in the sense that U|a, is a solution of Eq. (8.0.2) and that its
moments my(f) 1= [U(t),x“]n, t > 0 (c¢f. Eq. (8.3.14)) satisfy the n-dimensional
moments evolution equation (8.3.13).



Chapter 9
The Backward Equation

The backward solution u( p, t) expresses the probability of having started in some
p € A, at the negative time ¢ conditional upon being in a certain state u(p,0) =
f(p) at time ¢ = 0, i.e. having reached the corresponding (generalised) target set.
It becomes a parabolic equation upon time reversal, that is, replacing r by —t. We
can then treat u(p,0) = f(p) as the initial condition at time t = 0. In view of
the biological model behind the Kolmogorov backward equation, however, we shall
work with negative time and call u(p, 0) = f(p) a final condition.

Now, there is an asymmetry between the forward and the backward equation.
When we look at how the forward solution evolves from some initial condition
supported in the interior of the simplex, then some of the probability will move
into the boundary, and asymptotically, nothing will be left in the interior. When, in
contrast, we solve the backward equation and look at which probability distribution
in the past may have lead to a current final condition, then that past probability
distribution has to be contained entirely in the interior of the simplex, as nothing can
move into the interior from the boundary. However, that past probability distribution
likewise could have moved into the boundary. Therefore, if we only specified a final
condition in the interior, but not on the boundary, the flow into the boundary would
be undetermined, and therefore, no uniqueness of the solution could be expected.
Thus, in order to get uniqueness, we also need to specify a final condition on the
boundary. But then, what we see in the boundary at such an final condition, could
also have come from the boundary instead of from the interior. In other words,
whatever in the past could have lead to a current distribution in the interior of the
simplex could also have lead to a distribution in the boundary. Therefore, when we
want to follow a current distribution back into the past, we need to look in turn
at all distributions in the closure of the simplex to which an ancestral distribution
could have lead. Thus for a solution, we also need to take the configuration on
the boundary into account in order to properly assess its influence on the interior.
Technical issues then arise for the lower dimensional boundary strata, that is, those
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that correspond to the loss of more than one allele. We shall treat this by a blow-up
procedure. Also, the issue of the order of allele loss will arise.

This again illustrates the fundamental difference between the forward and the
backward equation: For the forward equation, as we have seen in the preceding
chapter, it sufficed to specify an initial condition in the interior. The reason for this is
that the boundary is independent from the interior in the sense that its configuration
has no effect on the interior. However, conversely, the interior influences the
configuration on the boundary; this was the major difficulty in constructing the
global solution in the preceding chapter.

With the backward equation, the situation is the converse: As hinted in Chap. 1,
a backward solution describes ancestral distributions, and those do not interfere,
regardless of the numbers of alleles they involve. This indicates that we have
some superposition principle, and hence, a solution in the interior extends to the
boundary. However, going in the opposite direction, this means that a solution in
the interior always is influenced by the boundary. Hence for any solution, the role
of the boundary, i.e. its contribution to the interior, needs to be clarified, which also
requires the extended final condition. Eventually, this applies to the entire stratified
boundary of the domain. Thus, analyzing the contribution of each of the strata of the
domain and thereby establishing the uniqueness of a solution is what will occupy us
in this chapter.

9.1 Solution Schemes for the Kolmogorov Backward
Equation

The Kolmogorov backward equation and of the Kolmogorov forward equation
are linked by the adjointness of the Kolmogorov operators L, and L, proved
in Proposition 8.1.4. Therefore, there also exists a relationship between their
corresponding solutions, and known solution schemes (cf. [14, 80]) can be applied
to either equation. Nevertheless, there is a subtle difference between these two
equations caused by the different boundary behavior. This is reflected in the fact that
the spectra of L, and L) don’t match (cf. [118]). All eigenfunctions of L} derived
from the adjointness with L, in Proposition 8.1.2 are in C{°(A,), but L} in A,
possesses additional eigenfunctions (in particular for smaller eigenvalues) that do
not correspond to eigenfunctions of L,. The reason is that all eigenfunctions of L;
in Ay for some 0 < k < n also occur as eigenfunctions of L} in A, e.g. for some
eigenfunction ¢ of L} in Ay, simply put ¢(p) := ¢(p) for p 1= (p,p’) € A,
p € A to obtain an eigenfunction ¢ of L}. In case A, is a boundary stratum
of A, which lacks the Oth-coordinate, i.e. AY := {(p',....pF ") Y0t pi = 1}

i=1

as a face of A, = {(pl,...,p")|2;‘=1p7 < 1}, we have for p € A, that

ShE1 i € A,?, and hence we may put ¢(p) := ¢(p) as an extension of
the eigenfunction ¢ to A,,.
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The construction of a solution of Eq. (4.2.13)in A,, in terms of the eigenfunctions
(e.g. the generalised Gegenbauer polynomials, cf. [113]) is rather straightforward.
However, the, when compared with the forward case, larger set of eigenfunctions
causes ambiguities when decomposing a final condition, which prevents uniqueness
results for the solution. But if we restrict the choice of eigenfunctions to the
‘proper’ eigenfunctions in the domain,’ i.e. those in C5°(A,), which correspond to
eigenfunctions of L,, the same existence and uniqueness scheme as in the forward
case applies. Thus, for such a solution by proper eigenfunctions (which will be
called a proper solution of the Kolmogorov backward equation in A,), we have the
result of e.g. [86]:

Proposition 9.1.1 For n € N and a given final condition f € L*(A,), the
Kolmogorov backward equation corresponding to the diffusion approximation of
the n-dimensional Wright—Fisher model (4.2.13) possesses a unique proper solution
u: (An)_, —> Rwithu € C(A, x (—00,0))

By construction, such proper solutions do not cover the boundary. In the next
section, the non-proper components will be interpreted as originating from (proper)
solutions on lower-dimensional boundary strata.

9.2 Inclusion of the Boundary and the Extended Kolmogorov
Backward Equation

We shall now include the boundary and its contribution into the model. We enlarge
the domain of Eq. (4.2.13) such that it comprises the entire A,,.
This yields the extended Kolmogorov backward equation

—2U(p.t)y =L*U(p.1) in(As)__ = Ay x (—00,0)

9.2.1)
U(p,0) =f(p) inA,, f€ LZ(UZ:Q akAn)

for U(-,1) € C3(A,) for each fixed t € (—00,0) and U(p, -) € C'((—00,0)) for
each fixed p € A,. Here, f is the extended final condition which is defined on A,,.
Thus, any boundary stratum of the boundary of the simplex may also belong to the
target set considered.

Our problem now is different from standard final-boundary value problems. This
is because in our case, the configuration on the boundary is no longer static, but

!This is also sufficient as their linear span is already dense in C>°(A,,) and consequently also in
£2(A,): Linear combinations of the generalised Gegenbauer polynomials as eigenfunctions of L,
(cf. [113]) are dense in C°°(A,); dividing a function f € C>°(A,) by w, (cf. Proposition 8.1.2)
again yields a function in C2°(A,) C C§°(A,) as w, is in C§°(A,) itself and positive in the
interior A,,.
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evolves itself according to the various L where k is the dimension of a subsimplex
of the boundary of our simplex. We have already observed, that such an L} simply is
the restriction of L to the corresponding domain (cf. Lemma 8.4.1). Hence, we may
omit the index k and simply write L* (for dimension 0, we formally put L* = L :=
0). In terms of the underlying Wright—Fisher model, this means that the boundary
is subject to the same type of evolution, merely in a different dimension, justifying
the choice of Eq. (4.2.13).

The key point now is to connect the different boundary strata, by requiring
U e Cg(An) w. r. t. the spatial variables: Clearly, inside each boundary stratum the
solution needs to be sufficiently regular for L*, but regarding the boundary, we also
ask for such regularity for simple boundary transitions, i.e. when the dimension
decreases by one. For higher order transitions, however, singularities may occur.
This corresponds to the degeneracy behaviour of the operator at the boundary. This
leads us to a much wider class of global solutions, which are not artificial, but
correspond to natural scenarios in the underlying Wright—Fisher model.

9.3 An Extension Scheme for Solutions of the Kolmogorov
Backward Equation

We want to construct the class of global solutions of the Kolmogorov backward
equation (4.2.13) by successive backward extension of local solutions in different
boundary strata. For this, we first look at single extensions of solutions from a facet
in the boundary of our domain to the interior. The extensions are confined by?:

Definition 9.3.1 (Extension Constraints) Let I; be an index set with |I;] =
d+1 > 2,05 € Iy and AV = {(phic,\olp’ > Ofori € I} with
P’ = 1=\ P Ford > 2 and a solution u: (Affi\l{S}))_oo —> R of the
Kolmogorov backward equation (4.2.13), i.e. u(-,t) € C°°(Agi\l{s})) fort < 0,
u(p, -) € C®((—00,0)) forp € Agi\l{s}) and

0

—_u=L"u in (Agi\l{s}))

o (9.3.2)

—o0’

a function i: (Ag")) — R with a(-,1) € C® (Aff")) fort < Oand u(p, ) €
C*®((—00,0)) forp € Aff") is said to be an extension of u satisfying the extension

—00

*Note the dimension index conventions as in the forward case: n refers to the top-dimensional
component (corresponding to n + 1 alleles in Wright—Fisher model), whereas k or d denotes the
dimension of any (specific) boundary stratum. Specifically, d will be used as running index for
iterations over dimension.



9.3 An Extension Scheme for Solutions of the Kolmogorov Backward Equation 223

constraints if

(i) fort < 0 u(-,1) is continuously extendable to the boundary d,—, Ay") such that
it coincides with u( -, ¢) in A(I"\{Y}) resp. vanishes on the remainder of d;—; Ag")

and is of class C*® with respect to the spatial variables in Ag") U dg—1 Ag") R

(i) it is a solution of the corresponding Kolmogorov backward equation in

(AY) ie. =2 =L*uin (AY") .

For d = 1, this analogously applies to functions u with — ; tu = 0 (since Lj = 0),
and consequently the equation in condition (ii) is replaced by L*# = 0. An extension
that involves multiple extension steps is said to satisfy the extension constraints if
this holds for every extension step.

Remark 9.3.1 In case of d > 2, if u for ¢t < 0 extends smoothly to the boundary
04— Ag"\l{s}) such that this extension vanishes everywhere on 9, szi\l{S} ) , the
above definition means that (uy o\t + ux, (1,,)) € (A(Id\{é}) U Ag")) with
respect to the spatial variables for td < 0 (cf. equahty (2. 11 24))

We shall first investigate the existence of such extensions that obey Defini-
tion 9.3.1. After that, we shall turn to the issue of their uniqueness. Since our

construction is based on a separation ansatz (cf. Proposition 9.1.1), we shall have to
construct extensions of the eigenmodes:

Lemma 9.3.1 (Extension of Eigenfunctions) Let I; be an index set with |I;| =
d+1>20,s € I; and Ag") = {(Pier\o3|P" > Ofori € I} with p° =

1—- ZiEId\{O} p'. For d > 2 and an eigenfunction yy € C® (Aflli\l{“v})) of L;_, for the
eigenvalue k > 0, i.e.

L5y =—ky  in AU c 9al), 9.3.3)
; : i T — arse A D) Ta\{s})
a linear interpolation ¥ = Y™ : A, — R of ¥ from A, (source face)

towards Agi\l{r}) C Bd_lAfild)for some r € Iy \ {s} (target face) is given by

r

Ve =y o) L forpe Al ©34)
ptp

withw™(p',....p) = @', ....p% suchthatp* = 0,p" = p* + p" and p' = p' for
el \ {s. I
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_ The regularity of W corresponds to that of ¥ in Afil") (i.e. it is of class C*°) and
Y satisfies

Ly = -y in AY, 9.3.5)

fili\l{s}) and Afili\l{r})

Moreover, W extends smoothly to A , and there we have

1&|A;11\1{s}) = 1/f, 1&|A;11\1{r}) =0. (9.3.6)

If furthermore  extends smoothly to Agi\z{s’q}) C Bd_zAgd\{S}) for some q €
Agi\l{q}) . In particular, V satisfies the
extension constraint 9.3.1 (i) if ¥ extends smoothly to 8d_2Afili\l{S}) \ Ag_\z{m}) and
vanishes there.

For d = 1, the preceding statements analogously hold for arbitrary

W:A(()Il\{s}) —> R as eigenfunction of L; = 0 for the eigenvalue 0; then,

1\ {r, s}, then yr likewise extends smoothly to

V is of class C* in A(II‘), and such an extension always obeys the extension
constraint 9.3.1 (i).

Since the eigenfunctions are the building blocks for a solution scheme, the pre-
ceding lemma directly extends to solutions of the Kolmogorov backward equation:

Proposition 9.3.1 (Extension of Solutions) Let I; be an index set with |1;| =
d+1>20,s € I; and Ay") = {(Pier\o3|P" > Ofori € I} with p° =
1— Ziel,,\{o} p'. For d > 2, a given final condition f € Ez(Agi\l{x})) and a given
oo —— Rof the
Kolmogorov backward equation (4.2.13), u(-,t) € C“(Afili\l{S})) fort < 0 and
u(p, ) € C®°((—o0,0)) forp € Agi\l{‘v}), may be extended to a function

extension target face index r € I; \ {s}, a solution u: (Affi\l{s}))

=" (A)_  —R 9.3.7)

—0o0

with (-, 1) € C®(AY?) fort < 0 and a(p, -) € C=((~00,0)) for p € A and
which satisfies

0

— = L*a in (V") . 9.3.8)
Furthermore, fort < 0 u(-,t) smoothly extends to the boundary in Agi\l{‘v}) with

(-, t)|Af,Ii\lm) =u, inparticular u(-, 0)|Aftli\1m) :fIAf,,'i}{m 9.3.9)
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and in Agi\l{r}) with ﬁ(-,t)|A(,d\{,‘}) = 0. If furthermore u(-,t) for q € I; \ {r,s}
d—1
extends smoothly to Affi\z{q"v}) C 8d_2Ay"\{‘Y}) for some t, then u(-,t) likewise

extends smoothly to Agj\l{q})

if u( -, 1) extends smoothly to 04— Agi\l{s}) \ Afil_\z{”} ) and vanishes there for t < 0.
Ford = 1, the preceding analogously holds for functions u: (A(()Il \{S}))_ — R

o0
with u(p,-) € C*®((—00,0)) and gtu = 0; then, u(-,t) is of class C* in A(lll)
for every t as well as u(p, -) € C®((—o00,0)) forp € Ag") with gtﬁ = 0, and
Eq. (9.3.8) holds correspondingly. Furthermore, this extension always satisfies the
extension constraints 9.3.1.

. In particular, u satisfies the extension constraints 9.3.1

Remark 9.3.2 The extension of a solution of the Kolmogorov backward equation
for a final condition f € EZ(A;@\I{‘Y}) ) as in Proposition 9.3.1 is also applicable for
t = 0, yielding an analogously extended final condition f = f"* € LZ(AZI") ) We
then have it(-,0) = f in Ag") by continuous extension as we have u(-,0) = f in
Agi\l{S} ) ; however, for d > 2 this extension of f need not be regular at the boundary
because f is not necessarily regular (and hence in general, it does not satisfy the
extension boundary constraint 9.3.1 (i)).

In addition to the preceding proposition, it should be noted that u# does not
necessarily extend continuously to the entire Ay, in particular not to the remaining
boundary parts of dimension d — 2 and less. This is due to the fact that on
components of d;—» Ag") , which are shared boundaries of higher-dimensional faces
of the simplex, continuous extensions from each of those faces may exist, but do not
necessarily coincide.

Proof of Lemma 9.3.1 The regularity assertion for ¥ in Aff") follows from the
regularity of 7 and of the projection and from [ r being of class C*° on Ag"’).

pi+p" )
The boundary behaviour is similarly straightforward as 7™ = id and pﬂrp, = 1lon
Agi\l{S} ) , whereas ' ., = 0 on Agi\l{r}). Both boundary extensions are smooth
pi+p

in the sense described, which is again due to the regularity of the projection

and of ,”  when approaching Aifi\l{m resp. Agi\l{r}). Analogous considerations

rtp”
yield the assertion for other boundary faces of 0, Ag"’): The projection 7”* maps
3d_1Agd) \ (A;’i\l{r}) U Agi\l{x})) smoothly onto ad_zA;’i\l{f”, which together with
pﬂ;pr being of class C* on d,—; Ag") (vial p* + p” > 0) yields the stated regularity;
the value of this boundary extension of ¥ of course coincides with the one of the
corresponding extension of .
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To prove Eq.(9.3.5), w.l.o.g. let I; = {0,1,...,d}; summation indices,
however, run from 1 to d unless indicated otherwise. To begin with, we have

r r

p
Pt

p
+p"

- . 0 a p
+Zp'<8f—p'>( ix/x(n”(p»)( - )
i op p'p*+p

1 ‘ o o f 0 0 "
sy i -, ")
ij

L (W(H”(P)) : ) = (Lyy (" (p))) »

ap' op' p* +p’
(9.3.10)

Next, we will show that the first summand equals —k/, whereas the two other
summands vanish on AY".

For the first summand, we use L) ¥ = —kV in A(I"\{Y}) , which holds by
assumption. To extend this statement to AZ"), the interplay of the operator with
the projections m™* needs to be analysed, for which several cases have to be
dlstlngulshed That is, for s # 0, r = O the projection 7% yields p* = 0 and
p=pforie{l,....d}\{s}, hence ° a = §"(1 —4Y"), and we have

pi

1 i 0 9
L) = 5 P, VP

= ZZP((S’ P8 (1~ 5871 =67) m3~ Iﬁ(p)

m,n l\]

1 a d
2 2B =B o s VO = Ly () = ¥ ().
m,n#s
(9.3.11)

If s = 0, r # 0 and hence Agi\lm}) = {@".....pHp" > Ofori =
Ld, Y b =1}, wehave p' = pifori e {1,...,d}\ {r}and " = p" + p°,
thus aai'), = 6" — &' We get:

Ly (2" (p))

1 o ) 0
DI AC A SICAETRICIEES - ) i)

mn ij

S ) VO~ DX v

m,n

2W(P)

e, o V) + Zp(a” )
m j

(a ")
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= Zp’"(&"—pn WW) ZO" a~ v )

m,n

2

_ 1 m 0 _ 9 ~
2 277 g5 o IRICESVURD ) V@ 0312)

When replacing the remaining p-coordinates by p (except for p°, which is missing
A(Id\{O})) viap' = p' — p%8’ fori = {1,...,d}, the expression transforms into:

den”)(p»— Zﬁ”’((?’”—”’) o a~,1w<p>+ Z(—p"+p°)ﬁ amw(p)
mn;&/ nsr

+ Zp (-5 +p> - " v+ (p’—p(’)(l — 7+ ")
m;ér

o5 ,)2w<p> Z‘“" wwm Z”“ " v )

—p’(¢" = p") r)zl/f(p)Jr L)

O 2W(P)

(a )
l ~m Qm ~n ~ * ~\ ~
=, 2 "6 P )aﬁm WW) =LV (G) =—«y(@).  (93.13)

m,n

The next-to-last equality is due to the fact that in A(l" M one coordinate is obsolete
and consequently ¥ is formulated in d — 1 coordinates (which may be chosen
freely). It is straightforward to show that, independently of the choice of the omitted

coordinate r, we have LY, =} Y, it P — .0 o 3p A(l"\{O}).
Finally, if s # 0, r # 0, the projection 7”* yields p* = 0, p” = p* + p” and
p' = p' for the remaining indices, hence 3’[’7 ; = 68"(1—8m) + §m5i. Then we have:

1 o 0 0
Liy @™ ()=, ) p'@—r) api gV (P
ij

1 . . .
S 2P = P61 = 87) + 878D (81— 80) + 8?8’) o Vo)

m.n,
ij

1 - 1
2 Z pm((g:’" n)a’“m 8“nW(p) - 2 Z 8 a’“nl/[(p)
mnEs n#s
2

Z "pt ,W " v+ p(l—p)

v (f). (9.3.14)
m;ér (8 r)2
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Replacing the p-coordinates works as shown in the preceding case, and thereupon
we obtain

) 1 N .. d 0 - " - -
Ly (p) =, >0 "G —5") aim g V) = LV ) = ¥ B).
m,n#s
(9.3.15)

thus in total

Liy(x™(p)) = Ly ¥ (p) = =« (p) = —cy (2" (p)) (9.3.16)

for arbitrary r, s, which is the desired equality result for the first summand.
To show that the two remaining summands vanish, an analogous case-by-case
analysis is necessary. If s = 0, r # 0, we have =, Zp# o Due to (remember
T LlFr

p" _ em _ gm
ap! —5,‘ —8,)

pr
p() +pr

a r,0 _ aﬁm 3 ~\
VTP = Xm: apr gV ) =0 9.3.17)

the second summand is

i( 2y ) sl 9.3.18
;’7 (apiw(n () ;(, ﬂ)(aﬂl—z#rﬂ) 93.18)

_— -

=(1-Y_p) pr ! 0,

JFEr (1 - Zl;ﬁrpl)z 1= Zl#rpl

and so is the third summand,

o i 00 P
21#(7r (P))Z (ZP(‘SJ ) (api apl 1 _Zl;ﬁrpl)

i#r \ jr
2 ir 3 a pr
-2p'p"| .
oplopr 1 =31, 1!

=;w(n”°(p))z(p"(1—2p") S

1
itr J#r (1 - Zl;érp) (1 - Zl;ﬁrp)

(9.3.19)

Thus, they both vanish.
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- . 0 - 5
Similarly, if s # 0, r = 0, thus px[-)l—po = 1122,][7 , and again (with a;
8§ (1—67))
) Y@ () = > P i) =0 (9.3.20)
apx — apv al‘am ’ o

the second summand is

a 1->,p
0.s 81 . l
> (v o) 3 p])<3l”1—21¢sp’)

- —_ -

) -1 i - lel
—(1-Yp) + (=20 =0
( X]: - Z[;Asl’] ( ; ) (1 - Zl;éspl)2
(9.3.21)

and the third summand via

i 000 1=3p
A G I
= T opiop 1 = !

i /
—Z’(’ m(“ DHG=D o _gyogy )

(1 - Zl;ﬁv ) ( Zl;év )
(Z;ﬁs )( Zﬁésp]) i i 1_2117
= +2 1— / 3 = 0
(1= S p)’ (;p)( ;p)(l — i)
(9.3.22)

also vanishes.
Ultimately, if s # 0, r # 0, we have

r

;0 p P
. = 8 — 8. (9.3.23)
7 pp +p (p+p)? ( )

Using this property for the second summand, we obtain

i0Qi r.s 9 pr )
) .
EHP( p’)( v (m (P))) (ap,ps+p,

L

:Zi:(aiiw(N”(P))) (251(31,;,7 +p) Zj:p](ap/p +p))

—Za, v Y+ ,)2(8’—8)—0 (9.3.24)
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The last equality is due to the fact that the sum over i in the last line vanishes
"
apt

because of the symmetry of & in the coordinates p* and p”, i.e. we have
8"(1 — &™) + 85! and consequently

d 0 N d s
Y@ (p) = vp) =, Y@ (p). (9.3.25)
ap ap ap
For the third summand, we use

3 9 p _25}(5§P’—5ips) 881 (1 =8)(p" —p")

s = (9.3.26)
Ip' op/ p* +p’ (P +p)’ (P +p)
and get
PN 2p* (1 =pp" = 2p" (1 = p")p* = 2p°p"(p" = p*)
p—-p), . .. = =0.
,2]: ! ap’ op/ p* +p" (p+p)
(9.3.27)
Altogether, we have
Ly =L; (Iﬁ(ﬂ”(p))- r ) =—«y (" (p)) o —Kky (9.3.28)
pX + pr pX + pr
for arbitrary r, s € I, thus proving Eq. (9.3.5). O

9.4 Probabilistic Interpretation of the Extension Scheme

Before proceeding with an iteration of the extension scheme, we should like to
discuss the meaning of the extension constraints 9.3.1. A target set on the space
of d — 1 alleles can not only be reached from a constellation of d — 1 alleles, but also
from one of d alleles by allele loss. That is, the ancestral populations might have
possessed more alleles than the current one.

Therefore, we need to analyze how such a target set can also attract contributions
from the space of d alleles. A natural assumption for such an extension is that the
probability density at the transition from the d-allelic domain to the (d — 1)-allelic
domain stays regular, i.e. small alterations of the allelic configuration should only
affect the probability in a controlled way. This is formulated in condition (i) and
implies the C;° regularity (cf. equality (2.11.23)) for the corresponding domains.
Moreover, a boundary condition enters, as for transitions to domains of a different
set of d — 1 alleles, the corresponding probability should also stay regular with
the additional requirement that in the limit it vanishes on those other (d — 1)-
allelic domains; this is also part of condition (i) and correspondingly implies the
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G, regularity (cf. equality (2.11.24)). We also wish to link the evolution of the
original probability density and its extension by requiring that both are subject to
the same type of evolution in the corresponding domain, i.e. are governed by the
corresponding Kolmogorov backward equation in the relevant formulation, which is
condition (ii). The extension Proposition 9.3.1 then states that any (proper) solution
of the Kolmogorov backward equation, which describes the evolving attraction
of some target set via the final condition f, may be extended to a corresponding
solution of the Kolmogorov backward equation in the domain of subsequent higher
dimension with both conditions above applying. In the context of a Wright—Fisher
model, this loss of the extra allele s is modelled as if it was in competition with just
one other allele  dependent on the index chosen (fibration property) . Thus, we say
that allele s is lost over allele r.

However, as may be observed by Remark 9.3.2, this extension actually yields
the solution to a different problem, namely the attraction generated by the target
set itself plus an induced (generalised) target set in the bigger domain which are
given by f and its corresponding extension f. If one wishes to return to the original
problem, the attraction of the original target set only located in the (d — 1)-allelic
domain, the induced target set needs to be compensated for by a proper solution in
(the interior of) the d-allelic domain for a corresponding final condition.

As may also be seen in Proposition 9.3.1, for d > 2 the given extension scheme
involves a potential ambiguity regarding the choice of the extension target face
index r. However, in case of iterations, the boundary condition in Definition 9.3.1 (i)
limits this to a unique appropriate value as will be demonstrated in the next section;
for a simple extension from a O-dimensional domain or if the starting distribution
smoothly vanishes towards all boundaries of subsequent lower dimension (as with
proper solutions), an extension is always in accordance with the boundary condition.

9.5 Iterated Extensions

A repeated application of Proposition 9.3.1 yields the existence of iterated exten-
sions (generalising the corresponding result for n = 2 in [85] and the (less explicit)
result stated in [87] without proof):

Proposition 9.5.1 (Pathwise Extension of Solutions) Ler k,n € N with 0 <
k < n {igixp1s..0iny C I, = {0,1,...,n} with i; # i for i # j and
Iy = I, \ {ix+1,...,0in}, and let uy, be a proper solution of the Kolmogorov
backward equation (9.2.1) in A,((Ik) for some final condition f € EZ(A,((I")) as
in Proposition 9.1.1. Ford = k+ 1,...,n and I = I U {ix41,...04}, an
extension of IZ'I’; """ =t (Afffl‘))_oo fo IZ'I’; """ = (IZ'I’; """ i"_‘)ld_l’ld in (Ay"))_oo
as by Proposition 9.3.1 is compatible with the extension constraints 9.3.1 if (and for
d > k+2and[f] # 0inL? (A,((I")) also only if) putting r(d) = is—1 for the extension
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target face index, and we respectively have

d—1 i

=iy 2 [/ pU

w0l g e (A8 0529
j=k L~l=j

withp® = 1 _Zield\{o} pland n(p) = (B, ..., p") such that p* = p* + ...+

P, pit = ... =pld =0andp = p/ forj € I;\ {ix, ..., i} B
Thus, the resulting combination of all extensions to a function UZ

( Uk<d<n Ag"))_oo is obtained by putting

----- In

in

Uy (p) = w (p. 0,0 (P) + D i (P01 yu (P)
k+1<d<n

. . p}
= (p.Ox 0 (P)+ Y w (). [ pilXAyw(P)
k+1<d<n j=k £~l=j

(9.5.30)

with p° = 1 — D ien\{o} plis in C;:(Uksdgn Afild)) with respect to the spatial

variables fort < 0 as well as in C*°((—o0, 0)) with respect to t, and we have

—o0 9.531)

in A,((I").

Corollary 9.5.1 Forn € Ny, k = 0 and ug,y = 1in A € 9A,, Eq.(9.5.29)
resp. Equation (9.5.30) restricted to A, and with the t-coordinate suppressed
coincides with Littler’s formula in A, (cf. [87]):

pil pin—l

l_pi() ""1_ ;’z_gpiz'

A”(p) = ;{@(,)i}l...,in(p) — pio .

7700501 0s0n

U (9.5.32)

Proof of Proposition 9.5.1 The result is basically an application of Proposi-
tion 9.3.1, which yields the regularity and the solution property (cf. Eq.(9.5.31))
in every Ag"). It only remains to show inductively that the boundary behaviour
in each extension step respects the extension constraints 9.3.1 as well as the
formula (9.5.29).
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Clearly, a proper solution u;, of the Kolmogorov backward equation in (A,((I"))_oo
as in Proposition 9.1.1 satisfies Eq.(9.5.29) and is of class C§° (A,((I")) w.r.t. the
spatial variables for ¢ < O (which in particular implies that it is smoothly extendable
to d—1 AM). Extending u, to (A,(iﬁ‘))_ via Proposition 9.3.1 with s(k + 1) =

ir+1 and r(k + 1) = i yields a function uk 1 of type (9.5.29), which for ¢ < 0

smoothly extends to all boundary faces 9y A,(( _ﬁ‘) and vanishes there except for A,ilk)

(where it coincides with u;, ) by the assumed boundary behaviour of u;,. We may thus
assume that for k < d — 1 < n an assembled extension U’k """ a1 (corresponding to
Eq.(9.5.30)) in G (Uksms 1 A ) with respect to the spatial coordinates exists

whose top-dimensional component U} "H|( A1) =: u}k """ -1 gatisfies
-1 ) _so

Eq.(9.5.29).
We may then perform an extension of L_‘Z """ =1 qn (A;’i‘l‘))_w
(A(I"’))_ via Proposition 9.3.1 with s(d) = iy and r(d) = ig—i. BY the assumed

boundary behaviour of u”‘ """ -1 (e, l_]i" """ =1 being of class Coo), g™ 4 smoothly

A(Id) \ A(I"\{’d ) and vanishes there except for

extends to all boundary faces 9,
A(I" Y (where it coincides with i u """ =1y for t < 0. By putting r(d) = iz_i, this
in particular also holds for A(Id\{"’ 1) , which in turn would otherwise be violated

if f # 0 almost everywhere as may be seen from the proof of Proposition 9.3.1.
Then, the boundary behaviour respects the extens10n constraints 9.3.1, and we
correspondingly have U™ := U= g )(Aud) € C2°(Ui<m=d AS™)
w. I. t. the spatial Varlables forr < 0. o

To show Eq. (9.5.29), we obtain for ;" by Eq.(9.3.4) when plugging in the
formula (9.5.29) for u "”‘ """ a1

. fd—1
w ) = w e

= uy, (j‘[lk ..... ig— l(nld ”d(p)) t)l—[ (”ld lld(P))lj Pid71
b S Grievia () Pt 4

—kawmﬂﬂ """ in (A%)__ (9.5.33)

j=k l—jp
as (wie=vid(p))i = pii for ij = iy,...,iq— and (wie=1id(p))ia-t = pli—1 4 pid,
If some index i; equals zero (w.l.o.g. iy = 0) corresponding to (]Tid*l’id( p))O,
this expression gets replaced by p° € Ag") as we have (-1 (p))? = 1 —

Y| (imvia(p))i = 1 — YL, pi = p°. Furthermore, 7r't-ia=1 (srld=tid(p)) =
mlkid (p) directly follows from the definitions, thus proving Eq. (9.5.29) for i "’k""’i"

. In)
1n(l |k<m<dA£” ) . O
== —00
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Remark 9.5.1 Geometrically, the choice of the extension target face indices s(d) =

ig and r(d) = iy signifies that the extension source face A;{f’l’""id_z’i"_‘}) and the

{lo wid—2ia})

target face A( are adjacent faces to the highest degree, as they share d —1

({to ~~~~~ ig—2}) -

vertices (for d > 2). Furthermore, their intersection A, is the extension

source face of the previous step.

Sticking to the preceding probabilistic interpretation, u,k f el depicts the

iterated ‘attraction’ of an (analogously extended) target set in A,((I") along a
corresponding extension path speciﬁed by i, ..., i, resp. the corresponding index

sets Iy C ... C I,. Thus, u”‘ firk 1 " gives the total probability for all paths in A,
starting in Aﬁl , passing through the (sub)simplices

A}(][IKI]) N A(In 1) s . — A(I]‘+1) — A/((Ik) (9534)

and reaching the eventual target set, which, in the setting of the Wright—Fisher
model, corresponds to eventually losing n — k of originally n + 1 alleles in such
a manner that from dimension n — 1 down to k exactly the allele sets

Iy —> Loy —> .. —> [ — Iy (9.5.35)

are present until reaching the eventual target set.

As depicted, these pathwise extensions are a consequence of the boundary
condition of the extension constraints 9.3.1: On the one hand, there is only one
allele which is lost at a certain time; on the other hand, as this loss is modelled as
if it was in competition with just one other allele, the corresponding allele always
is the one which is lost next. Thus allele i, is lost over iy—;; merely in the last step,
i.e. the loss of allele ix+, the index i; determines which of the alleles in [ is the
one ix4; is lost over. Other extensions which may likewise be constructed by the
extension Lemma 9.3.1 will not be considered here.

However, the corresponding extensions in Proposition 9.5.1 lack a global
(pathwise) regularity property on the entire A, i.e. are not in C° w.r. t. the spatial
variables, as this applies only along the corresponding extension path. Outside this
path, generally no continuous, and a fortiori no smooth extensions exist. This is
caused by the incompatibilities involved by this construction (cf. also Sect. 9.4): For

example on A,((fg‘) with Iy := I U {7} and i € I, \ [x11, a positive hit probability

for the target set in A,((Ik) by a direct loss of allele 7; would exist, yet the considered

. . . ] . 1 .
solution necessarily vanishes on A _ﬁ‘) as this is a boundary face of A,((fg” outside

the specified path.

This defect is overcome by mounting these extensions into a global solution
covering all possible extensions paths, each one of them corresponding to a certain
ordering of the indices in 7, \ ;. As in the first extension step, the extension
target face is not defined for a given extension path and a non-empty target set
by the extension boundary condition (i) in Definition 9.3.1 (except for k = 0;
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cf. Proposition 9.5.1), correspondingly all indices in [y may serve as target face
index. This is taken into account by additionally summing over all possible first
stage extensions and normalising, yielding in total:

Proposition 9.5.2 (Global Extension of Solutions) Lerk,n € Nwith0 <k <n,
Iy C I, == {0,1,....,n} with |I| = k + 1, and let uy, be a proper solution of
the Kolmogorov backward equation (9.2.1) in A,(CI") for some final condition f €
LZ(A,((I“ ) as in Proposition 9.1.1. Then we assemble all pathwise extensions of uy,
as by Proposition 9.5.1 into a function l_llk S (An)_oo by putting’

le(pv 1) = u,(p, t)XA,El") (p)

N |Ilk| Z Z Z Z ’jl;];c ..... id(P7t)XA‘(j’kU{i’<+1 ..... ia» (P)

iK€l k+1=d=n i €l,\Ix ig€l,\(IU
Lkt 10emsia—13)

(9.5.36)

for (p,t) € (UlkC{dCL, Ailld))—oo and l_]lk(p, t) := 0 in the remainder of (A”)—oo'
Then this function U;, € (A”)—oo is in C;° (An) with respect to the slzatial variables
fort < 0aswell as in C®((—o0, 0)) with respect to t. Furthermore, Uy, is a solution
of the corresponding Kolmogorov backward equation in (A”)—oo and fort = 0

matches an analogously assembled extension F noff =fi in A,((Ik) as final condition
in A, (cf. Remark 9.3.2).

Proof The asserted global regularity directly follows from properties of the applied
extension scheme as stated in Lemma 9.3.1 and Proposition 9.5.1 and the construc-
tion of Uy,, which is such that potential discontinuities are ruled out by assembling
all extensions along arbitrary paths. The solution property and the compliance with
the analogously constructed final condition likewise straightforwardly extend from
Proposition 9.5.1. O

Returning again to the probabilistic interpretation, U;, now depicts the full
iterated ‘attraction’ of some eventual target set in A,(fk) and its (successively) induced
target sets in Ay") C A, with I; D I, which may now be reached along arbitrary
paths. Thus, U, gives the total probability for all paths from AP 1o eventually

A,((I")—With no assumptions on possible intermediate stages made. In the setting of
the Wright—Fisher model, this corresponds to eventually losing n — k of previously
n + 1 alleles irrespective of any order of loss.

3The last sum actually only comprises a single summand; this notation is used to illustrate the
choice of the index iy, however.
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Since U, represents the most general extension of a given solution u;, in A,(CI")
to A,, the general solution scheme for solutions of the extended Kolmogorov
backward equation (9.2.1) may now be developed.

9.6 Construction of General Solutions via the Extension
Scheme

We now consider a general final condition of the form f = Y/ _,fsxo,a, €
L?(U—0 94A4). Our aim is to construct a solution of the extended Kolmogorov
backward equation (9.2.1) that captures the full dynamics of the process on the entire
(An)_oo. This will be achieved by global extensions of a (proper) solution of the
Kolmogorov backward equation in every face of the domain as in Proposition 9.5.2;
these globally extended solutions then will be superposed in a way that eventually
the given final condition is met in the entire A,. The probabilistic interpretation of
this process was described in Sect. 9.4.

The procedure works as follows. First, Eq. (9.2.1) is solved in each (Aé{i[’}))_oo C
(00A,)—co for the final condition fy, and afterwards, these solutions are iteratively
extended to (A”)—oo with the help of Proposition 9.5.2, which analogously gener-
ates an iteratively extended final condition in A, for t = 0.

Subsequently, a (proper) solution in each (A(lll))_oo C (01A,)—o for the final
condition f; minus the extension of f; is determined, which is then iteratively
extended to (An)_oo (again likewise generating an analogously extended final
condition). This procedure is repeated until after finding a (proper) solution in
(A,)—c0 an extended solution in the entire (A”)—oo is determined.

A solution of the extended Kolmogorov backward equation (9.2.1) restricted to
some (A((){i“}))_oo C (00An)—co is—of course—trivial, i.e. ugy(p.t) = fo(p) for
(p.1) € (Aé{“’}) ).~ and by Proposition 9.5.2 we obtain Uy;,y as an extension to
(A”)—oo' Summing over all A((){io}) yields

Uo:= Y Uuy  in(Ay)_ (9.6.37)
{iO}CIn

with U in Co°(A,) with respect to the spatial variables as well as in C>°((—00, 0))
with respect to t and

L*U() = —gtl_]() in (A")—oo

_ A (9.6.38)
Uo(-,0)=F) inA,
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where F6 is a corresponding superposed global extension of all fj = f; in dpA,
as described above for the ug, (cf. also Remark 9.3.2); in particular, we have
Uolaga, (-, 0) = fo.

For the next step, proper solutions in (d;A,)—c are determined and likewise
extended to (An)_oo. However, as this extension procedure will be repeated
for all d-dimensional faces of (A,)—oo for d = 1,...,n, we directly assume
that suitable solutions in (Ufn_:lo amA,,)_oo already have been determined and

extended to (A”)—oo' Thus Zi_:lo U, solves the extended Kolmogorov backward
equation (9.2.1) in (A,,)_oo and matches the final condition f for + = 0 in
Ufn_:lo A, (still, with Uy(-,0),. ..,l_]d_l(_-,O) in A, respectively matching a
corresponding superposed global extension F/, of the final condition f}, in 9,,A,
modified as below). Then, a proper solution u;, by Proposition 9.1.1 in each

(Ag") )_oo C (04A1)=c0> Iy C I, is determined which matches the modified final
condition

d—1
fr=fi=Y_ Fhloa, indaA,, (9.6.39)

m=0

correspondingly restricted to the relevant Aff") . For each 1, the solution u;, is then
extended to (A,,)_oo via Proposition 9.5.2 each leading to a function Uj,. Clearly,
these extensions do not interfere with the solutions on lower dimensional faces by
definition.

Summing over the extensions of all u;,, I; C I,,, we obtain

U, := Z U, in(A)__ (9.6.40)

as the global extension of all (proper) solutions in (d4A,)—cc- By Proposition 9.5.2
and the linearity of the differential equation, Uy is in C;O(A,,) w.r.t. the spatial
variables as well as in C°°((—o0,0) with respect to ¢ and solves the extended
Kolmogorov backward equation and for + = 0 matches a corresponding super-
posed global extension I:"Zl of the final condition f) in d4A,, thus in particular
Ua(-,0)|o,0, = f;. Consequently, the sum of all solutions that we have extended
so far also is in C;O(An) w. . t. the spatial variables as well as in C*°((—o0, 0) with
respect to ¢ and satisfies

L (Shoal) = 5 (Thoal) (o)

d 7 . d (9.6.41)
(Zm=0 Um) |Uﬁ1:0 BMAH(. -0) :f|U;1n:() oty M Un=o 9.

Iterating the preceding step, we eventually arrive at an_:lo U,,. For the remaining
(Ap)—oo, finally a (proper) solution u;, =: U, by Proposition 9.1.1 is determined
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matching the modified final condition

n—1
fi=f= Y Fyls, inA, (9.6.42)
m=0

Then the sum of all globally extended (proper) solutions in all strata of the domain

U:=)Y U (9.6.43)
j=0

isin C° (A,,) w.r.t. the spatial variables as well as in C*°((—o0, 0)) with respect
to ¢ and satisfies

L*U=-2U in (A,
- wl I (B) o (9.6.44)
U(,O):f inAn,
and thus is a solution of the extended Kolmogorov backward equation (9.2.1).
Altogether, we have obtained the following existence result.

Theorem 9.6.1 For a given final condition f € Ez( Ui=o 8dAn), the extended Kol-
mogorov backward equation (4.2.13) corresponding to the n-dimensional Wright—
Fisher model in diffusion approximation always has a solution U: (A,,)_oo — R
with U(-,1) € C;;o (An) for each fixed t € (—00,0) and U(p, -) € C®((—o0,0))
for each fixedp € A,

Below, we shall show that for f € L2 (BOAn)—and under some additional
regularity assumptions—the solution obtained, i.e. Uy, also is the unique solution
given the described extension scheme. For this, we will employ a regularising blow-
up scheme, which will be the subject of the next section.

9.7 A Regularising Blow-Up Scheme for Solutions
of the Extended Backward Equation

In the present section, we continue the detailed investigation of the boundary
behavior of solutions of the (extended) Kolmogorov backward equation (9.2.1).
In analytical terms, the issue is the regularity of solutions at singularities of the
boundary, that is, where two or more faces of the simplex A, meet. The particular
extension paths from the boundary into the interior of the simplex may result
in boundary singularities at certain strata of the boundary the domain. We are
interested in the directions in which the singularities of the boundary of the simplex
are approached from the interior, because our aim is to resolve these boundary
singularities.
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What we want to achieve in this section is the global regularity in the closure
of the domain by resolving any incompatibilities between different boundary strata.
For that purpose, we shall construct an appropriate transformation of the relevant
part of the domain (i.e. the simplex A,, cf. below) which transports the whole
problem to the corresponding image domain of a product of a simplex and a
cube. Through this procedure, the iteratively extended solutions are turned into
corresponding solutions of the transformed equation, which are then of sufficient
global regularity, in particular, they are globally continuous. For generic iteratively
extended solutions this does not yet yield global continuity. It seems, however, that
their transformation image may be extended that way as well.

In Sect. 9.8, we shall also apply this to the stationary case. In the stationary case,
such regularised solutions are uniquely defined by their values on the vertices of
the domain (analogous to a globally continuous solution of the original problem in
A, cf. Sect. 9.8). It just needs to be shown that there is sufficient (unique) boundary
data.

9.7.1 Motivation

The current section is the technically most involved one of this book. Therefore,
it might be helpful for the reader to have some motivation for our technical
constructions. To illustrate the motivation for the regularisation scheme, we use the

of the domain where we have p™ + p~! = 0, hence A,(ZSZ) . On all other boundary

strata of arbitrary dimension, ﬁllf(”’ as in Eq.(9.5.29) is continuously extendable
and of class C* with respect to the spatial variables there. Thus, at first there is
only one connected component of the boundary gap which needs to be addressed.

=Tfyenns

LI”;Z) in the sense that also i =1 does not extend

a nested incompatibility in A"

continuously to A"3* and so forth until & **'*+* not extending continuously

to A,((I"). This implies that the desired transformation needs to affect all relevant
dimensions, which will be accomplished by an iterative procedure: In each step,
one dimension from the simplex is removed and converted into a dimension of
the corresponding cube component, i.e. the corresponding coordinate is released
from the simplex property >, p' < 1. In doing so, the solution gains the required
regularity at the corresponding level with each iteration, i.e. eventually each of its
components is transformed such that it extends smoothly to the boundary. Thus,

after n — k — 1 of these steps, the relevant component of A;I”) is converted into
a cube of dimension n — k — 1, and the correspondingly transformed solution is
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sufficiently regularised. In particular, we shall show that it smoothly extends to the
full boundary.

9.7.2 The Blow-Up Transformation and Its Iteration

We shall now present the details of the blow-up transformation and derive all
necessary results. We start with the basic transformation and then proceed to
the results for a suitably iterated application of this blow-up transformation (see
Fig.9.1). For the notation, we refer to Sect. 2.11, in particular to Sect.2.11.4 for the
cube notation.

Lemma 9.7.1 (Blow-Up Transformation) Ler I, = {0,1,...,d}. A blow-up
transformation ® withr,s € I; \ {0} mapping

AYON MY = Al pD|p = 0fori € Lup +pf > 0F (9.7.45)

with p® ;=1 — Zield\{o} p' C*®-diffeomorphically onto

( Afili\l{s}) \ A;’i\z{”‘v}’) % Dg{s})

={@".....pYp' = 0forie I\ {s}.p" > 0:p* € [0, 1]}  (9.7.46)

3

Ag{o,r,s})

Fig. 9.1 An illustration of the blow-up transformation for d = 2
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withp® := 1 — D il 0.5} p' and altogether

A (AT < D) \ N, (9.7.47)
with
N, = AUNTD 5oy 5 gt (9.7.48)
a . dditi _ . . (a\{s}) (CEH I
ppearing as an additional (d — 1)-dimensional face of A,;2;"" x O}, is given
by
pi= p fori##r,s, (9.7.49)
pi= p+p, (9.7.50)

~ rpx s r+ >0
B Jr JTPEP 9.751)

0 forp"+p° =0.

Corollary 9.7.1 While we obtain N, = A"V x &Y 45 an additional (d —1)-

dimensional face with @, the existing (d — 1)-dimensional faces of Ag") including
their boundaries are mapped as follows:

AYOID s AJNEY 103D, (9.7.52)
AUND \ AU | ( AUNSD | A;’i\;’“}’) x {130s) (9.7.53)

and

Agi\l{i}) \ Ayi\;i”}) —> (Agi\z{i’s}) \ Agi\;i”})) X D(l{s}) foriel;\ {r,s}.

(9.7.54)
Remark 9.7.1 1f the p* in Lemma 9.7.1 is chosen differently with
- 4
P’ = , (9.7.55)
pr+p

this flips the orientation of the p*-coordinate in D(I{S}) as p* now need to be replaced

by 1 — p* wherever it occurs. This, however, does not affect the statements of
Lemma 9.7.1, whereas in Corollary 9.7.1 the images of Agi\l{r} "\ Agi\z{”}) and

Agi\l{S} A\ Agﬂ \2{”}) are interchanged. Thus, unless stated otherwise, in the following



242 9 The Backward Equation

we shall always assume that the p*-coordinate is chosen with an orientation as given
in Lemma 9.7.1.

Proof of Lemma 9.7.1 The transformation corresponds geometrically to a scaling of
the domain into the p°-direction with scaling factor given by ,;lr . The assertion about

. . . . . S
the transformation domains is straightforward since we have 0 < p"ipf < 1lon

Ay") \ Agi\z{”}). Likewise, the C*°-diffeomorphism property follows from the fact
that ®f is smoothly differentiable as long as p” = p” + p* > 0 and the smoothness
of the inverse transformation (®7)~!, given by

pr=p"(1-p", (9.7.56)
P =pp, (9.7.57)
pi=p fori#r,s. (9.7.58)

By this, it also becomes obvious that (®7)~! maps (A(l"\{v}) \ Affi\z{”})) x O

onto Aff") \ Agi\z{r"v}) . O

The next lemma is concerned with the transformation behaviour of the operator
Ly; all considerations apply to L} in its domain A, as well as, taking the restriction
property of LY (cf. Lemma 8.4.1) into account, in the closure A, resp. to the trans-
formed operator Z,: in the subsequent transformed images of the domain (the domain
in question will not be stated explicitly—this will be done in Proposition 9.7.1):

Lemma 9.7.2 Let [} := {1,...,n} be an index set with r,s € I/, and let {i\, . .., i}
be an ordering of I, such that r,s € {i, ..., iy} for some m < n. When changing
coordinates (p"),-elr; = (ﬁi)ie1; by @, the operator

R N
Li=,)a ’(p) o (9.7.59)

ij=1
with a¥(p) = pi(S; —p) forije i, ..., in}, a¥ = 0 elsefori # j is transformed
into

1 k

LY = a 9.7.60
; %Zl (”)apkap (9.7.60)

with @(p) = prof — p') for k.l € i, iny \ {s), @) = "7, @l =
a* = 0 forl # s and a"(p) = a"'(p) (with the coordinates yet to be replaced) for
all remaining indices. This also holds if the p*-coordinate is chosen with opposite
orientation (cf. Remark 9.7.1).



9.7 A Regularising Blow-Up Scheme for Solutions of the Extended Backward. . . 243

Proof As we have derived in Lemma 3.10.1, under a change of coordinates ( p) —
(p'), the coefficients of the 2nd order derivatives a¥ transform as

aﬁk 8131
a’ = a o 9.7.61)
i 9pi
y ap' dp
while we may get additional first order terms with coefficients ) _; ; al 3272,’3 "

For the transformation at hand, we have (cf. Egs. (9.7.50) and (9.7.49)

aﬁk k kos
=84 8885 fork # s (9.7.62)
ap!
and (cf. Eq. (9.7.51))
ap* P P 1-p* P
= 8 — sr="_"&=" 4. (9.7.63)
p (pr+p)? "t (pr+p)? P P
Therefore, (9.7.61) yields
d'(p) =) al(p)(8f + 8585 (8) + 818) (9.7.64)

iy
for k, 1 # s, that is,
a"(p) = d'(p) + a"(p)8, + " (p)8; + a™(p)3;5,
= p&; —p) = p'p'8l — p'p'S + p*(1 — p*)8)5!
=p'6 - p) (9.7.65)

fork,l € {iy,...,in}\{s} using the given form of the a”, whereas for all other index
pairs not containing the index s, we always have

a’“(p)é’i = a”(p)Sf = a”(p)Sfé’i =0 (9.7.66)
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and hence

a'(p) = Za”(p)sksl =d"(p). (9.7.67)

thus proving the last statement. Furthermore, we have for arbitrary [ # s

. 1 S 7S
a'l(p) = Za'](p)( P ag—lfrag)(aj +5ls8
m p p

1

_133‘ s s§ i)s i rs

P @'(p) + a*(p)s)) — 5 @'(p) + a”*(p)8))
1_ﬁ res S ~S\E

= (— 5 PP+ ~,(1 - )P pl))({il ,,,,, iy (D

I’is ~r ~g l_i)sﬂws ~r~s i)s~r ~S\ =TS
— 5P (1—p)8ﬁ+( 5 PPU=FP)+ b (1—p)pp)5ﬁ=0

(9.7.68)
as well as @ = 0 (I # s) by symmetry and finally
o B 1— I‘}v ﬁx 1— I‘}v I‘}v
a*(p) = a’( )( . Sf—NSi’)( N 5‘?—~8.’)
(p) IXJ: p pr pr pr J pr J
(1= P\ P —p)
- a“(p)( 5 ) +a"(p)(~,) 2’
p @)’
~s ~r K} ( _pS)Z ~5 r~s (ps)Z
=p(1-p'p’) + A =pH1=p +pp) .
—25"p(1 — )p =P _ P =p), (9.7.69)
4 P’

Thus, all @ have the desired expression.
Possible additional first order terms would have to contain second derivatives

of p; the only component for which they do not obviously vanish is p°. But we have
(cf. Eq.(9.7.63))

d 8 2

op/ 8p T (0 +p) (6:8] = i)

(9.7.70)

1
87— P88 + 8°) +
P PG N+
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and subsequently

9 0 2 1
al/ ) lﬁS — pS(arr + ars) _pr(arr + aSS) + (arr _ ars)
12,: ptopt  (p +p) ( ) (P +p)?
= 2 (PP =p" =p)+p' P’ (P —14p%) =0,
(P +p)

(9.7.71)

for which again the particular expression for the a¥ is needed.
If p* is chosen with different orientation as in Remark 9.7.1, instead of
Eq. (9.7.63) we then have

~5 ~s 1=
PP P 9.7.72)
p

ap

This means that in the respective formulae the indices r and s are swapped, which

in turn is matched by the corresponding inverse transformation which now yields

=5 andpt = (1 - ), 0

Combining the preceding results, we obtain for an iterated application of the
blow-up transformation:

Proposition 9.7.1 Let k,n € Nwith 0 < k < n—2, {i,lx41,...,0} C I, :=
{0,1,....n} withi; # ij fori # jand I; := I, \ {igy1,..., L,y ford=k,...,.n—1.
A repeated blow-up transformation @1 o ... o & with (" as in Lemma 9.7.1

With vy = in—pm and Sy, = ip—m+1 form = 1,...,n—k — 1 maps A,((I_ﬁl) onto itself
and

AUD s A S U g — k42, (9.7.73)
and altogether

n—1
AP (Al < o U (9.7.74)
j=k+1

The n — k — 1 additional (n — 1)-dimensional faces Ni+1,...,Ny—1 of A,((Ifgl) X
Di’i}(’f{'l) are given by

Nigr = AW x oyt o i) (9.7.75)
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and

forj =k+2,...,n—1. At the same time, the operator L* = Zpi(S; —p) 3i,. 3;» in

Aﬁ,l”) is transformed into*

k+1 noo .
~i ~1 plj(l _plj) 82

E P8 — l)a 3 ; il i a2 (9.7.77)

zl 1 P , =k+2 H1=k+1p (9p")

(Te4-1) In\Ii+1)
in (AL X TR )\ Ui s
If in any step the coordinate p% is chosen with opposite orientation (cf.
Remark 9.7.1), p%i, whenever it appears in the above formulae, is replaced by

(I =pY).
Thus, the iterated blow-up translates the (extended) Kolmogorov backward
equation in A, into a corresponding differential equation in (A,(ff;l) E]ff”}(h‘fl)) \

U] w1 N;. For the iteratively extended solutions of the Kolmogorov backward
equation 1ntr0duced in the preceding chapter, the transformation behaviour is as
follows:

Proposition 9.7.2 Let k,n € N with 0 < k < n — 2, {ix,lg+1,...,0ny C
{0,1,...,n} with iy # i for i # j and Id = I, \ {ig+1,..., 0} for
d=k,...,n—1,andlet uy, in (A,(CI"))_oo and l_];]f in (Uk<d<n A(Id)) as in

Proposition 9.5.1. Then a repeated blow-up transformation ®{"~*~1 o ... o CD" with
<I>§z as in Lemma 9.7.1 with vy, = iy—y, and s, = ip—mt1 form =1,...,n— k -1
converts

U (p.0) = u (p 0y (P) + D B (p.0x y0 (P)

k+1=<d=<n
= u, (p.Ox 0 (p)+ Y (T p), r)]‘[ Xy (P)
k+1<d<n =k 1—]
(9.7.78)
(In\Ix+1)

“*Note that on boundary strata of OI," ,**", i.e. p = 0 for some € I, \ I;+,, the corresponding
summands are assumed not to appear in the right sum in Eq. (9.7.77), which may be interpreted as
a result of a successive restriction. The given domain is the maximal domain for the operator as it
is not defined on the exception set Uj";,i +1 N (however, cf. also Lemma 9.8.2 for the stationary
case).
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on (Uksdsn Ag"))_oo into

Uz,szrl Sik42 500 sln (13’ l) = uy, ([3, t)XALIk) ([3)

~ ksl 158k 2 50 eold ~
+ > i B OX g0 g0 @) (9:7.79)
kt+1<d<n L d=k=l

on (ngdgn Al(cl-ﬁl) X Dili}’if")_w with

d
iy T Gy = T @ ). [ =B ford=k+2....n
j=k+2
(9.7.80)

with T+ () = pi for ij € Iyr, T*1(PY) = 0 else. The transformed

i L2 i
functions i, "

¢ smoothly extend to (A,((I_ﬁl) X foi}gf{l) ) respectively;
—00

Frio k1 ik 2 in ! In\j
consequently also U;: It gmoothly extends to (A;{_ﬁl) X Di_}f{_l))
—00

Furthermore, it may be simplified to

/N P TS SO VR ) /8 SIS 5 /ST SO M . (I+1) (I \Ix1)
7) .oy =i (.0 in (ALY < OP

Iy —00
(9.7.81)

If in any step the coordinate p% is chosen with opposite orientation (cf.
Remark 9.7.1), p% in the above formulae need to be replaced by (1 — p%).

For the stationary components, we have in particular:

Corollary 9.7.2 For k = 0 and w.l.o.g. iy = 0, the transformed function of
Proposition 9.7.2 in Eq. (9.7.81) simplifies to

F1i0, 1312 iy ~in -
TR (p) = ugy() - [ [ =p7)  in Oy, (9.7.82)
j=1
while in accordance with Proposition 9.7.1 the domain is mapped
)

A(dld) — Dd ford = O’ I /) (9.7.83)

and altogether

n—1
j=1
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The n — 1 additional (n — 1)-dimensional faces N1, ..., Ny— ofaljill’/’) are given by

Ny = {03 xfﬁ\lll) (9.7.85)
and
Ny = O x 03 g (9.7.86)
forj = 2,...,n— 1, whereas the operator L* = Zp’(é’]’ —p)ai 32" in A i
transformed into
Dl 1— ij 92 ’ =l
Z pra=p in 0%\ N (9.7.87)

j=1 1 1p” (aplj) j=1

Proof of Propositions 9.7.1 and 9.7.2 We prove the assertions of both propositions
in parallel: Our aim is to transform U, i """ " into a function that does not feature
any incompatibilities and hence is of sufficient regularity with respect to the entire
closure of the (transformed) domain. For that purpose, we shall show that the
full blow-up via a repeated application of the coordinate transformation ®{ of
Lemma 9.7.1 with the indices r and s to be picked as shown in each step yields the
desired result for U it 1320 hile the transformation behaviour of the domain
and the operator is as stated in Proposition 9.7.1. For notational simplicity, we will
usually suppress the f-component in the notation for our domains throughout this

proof; for instance, we shall write A instead of (Aﬁ,l”) )

' /oo’
Starting with the top-dimensional component of U;*", which is
pin—l
u,k """ n(p, 1) :u;i """ =t (it (p) 7)) - pin-1 4 pin
. o P pr ()
_ Fseoes n—1 n—1.ln . i "
= I,t[k(ﬂ (7{ (P)) t) l_[ ZZ ]p” pin—l +pin mn An
(9.7.88)

with p = p® = 13" p¥ (if iy # 0, one may change the coordinates, i.e.
permute the vertices correspondingly), we initially put® | := i,—; and s; := i,.
Changing coordinates (p) + (p') by @' maps A onto Aff:‘) X D(l{‘”}) and

3 Alternatively, one could also put r; := i, and s; := i,—;, which would correspond to inverting the
orientation of the p* -coordinate as in Remark 9.7.1 (cf. also below) plus subsequently swapping
the coordinate indices i, and i,—;, thus p" would get replaced by 1 — p—' and p—' with p'.
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Aff:‘) onto ALITII) x {0} whereas the entire domain AU is transformed into

(ALY x O ) \ Ny with
Nyoy o= AU qoytlinm1h) 5 (i) (9.7.89)

being an additional (n—1)-dimensional face of Aff:‘) X E](l{i”} ) (cf.Lemma9.7.1). At

the same time, the (n — 2)-dimensional incompatibility at ALISZ) of the continuous
extension of IZZ """ " 10 0p—1 Ay") is removed as the transformation yields

i ) = T E T ()) - (1= )
= (e G ), r)]"[Z RRE D)
1= P

in Al 5 gl (9.7.90)

by Eq.(9.7.56) et seq. (note 7~'(p) = m»~*"(p)). Hence, the complete function
U™ is transformed into

U= pony = 3wy (P 0 yun (1)
k<d<n—1

+ ft;‘; ..... in— l,l”(p’I)XAZ@TI)XD(IIW\IK_“(IQ) (9791)

with the transformed top-dimensional component i} ~”‘ """ in=13in (5. 1) smoothly extend-

ing to Affi}‘) X D(l{l”}) with

~ifyeerin—1 aln

i} B st oy = T G0y in A < (03D 9.7.92)

As u}“ """ =1 jtself smoothly extends to 9, zA(” V. thus i u """ =13 now smoothly

Y in particular to A(I”—Z) x D({’n}) c

(n 1)

extends to the entire (0,— ZA(I” Dy x E]({'”

lk ..... Ln 1

N,—1 (however, uy, resp. its continuous extension to d,—» A, """ still has an

incompatibility at A( " ‘) ).
The operator L* = Z, =1P (8’ —p)? oy a o in A% transforms into (cf.
Lemma 9.7.2)

1”'" 1—pm) 8 9
Zﬁ’f(Sf ””)3 3 L7 @ P )3~i e (9.7.93)
2 7 P pret popn
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on (A(Ii Do D({’”})) \ N,—1 since we have a¥(p) = p*(8f — p') = p*(8f — p') for

k,l # iy—1,i,. If p™ is chosen with opposite orientation (cf. Remark 9.7.1), then p™
needs to be replaced by (1 — p’") everywhere.

As already indicated, the transformed solution is still not smoothly extendable to
the full boundary of the transformed domain: Its (n—2)-dimensional incompatibility
is resolved, but its lower-dimensional incompatibilities persist. Thus, the highest-
dimensional incompatibility now is of dimension n — 3, and hence the situation is
ready for another application of the blow-up transformation.

Thus, we need an iterative procedure to resolve all incompatibilities. For
this purpose, we assume that after the m-th step m = 1,...,n —k —2) an
already transformed function U """ rmmiien et g ith (note that we again associate
coordinates p resp. p etc. to the domain before/after the (m + 1)-th transition;
furthermore, we will use the convention 12'1’; = yy, to simplify the notation)

0;1; ..... In—mslp—m=-1se++s ln(p’ t) — Z ﬁl]],i ..... id(p, t)XAft’d)(p)

k<d<n—m

i Z ﬁlli,...,ln—mﬂn—m-‘rl ..... “(p, t)XAﬁ'ﬂﬁm)ngi\ﬁ'“r_m) (p) (9.7.94)

n—m—+1<d<n

with

d
l,:tllj;(,...,ln m3ln—m—41sees (p, ) — Mlk ..... In—m (ﬂinfm(p)’ t) 1_[ (1 _pij) (9795)

Jj=n—m+1
ford=n—m+1,...,nand
. . . . pinfmfl

S S — — lkseesln—m—1 In—m—1sln—m .

ulk (Ps t) - ulk (T[ (p)v t) pin—m—l + pin—m

n ﬁ 2 ij piu—m—l
=uy, (n-lk win—m—1 (n-ln—m 1in—m (p)) t) " . B -
Z _Ipll ln m—1 +pln m
(9.7.96)

in A" The corresponding total domain as an image of A s given by

n—1
(A,(flﬁi") % Diy{n\ln—m)) \ U N; (9.7.97)

j=n—m
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with additional (n — 1)-dimensional faces from previous steps

Nn—m = ALIZ;I’”_]” X {0}({1}17;11}) X x%n\lnfm) (9798)
and
Ny = All) s Ol s g0y o g0 (9.7.99)

forj=n—m+1,...,n—1.

(la \In—m)
d—n+m >

seensln—mslnp—m4-15000s id

The functions itl;; smoothly extend each to A,(lll;{”) x O

and we have

~lkseesin—mSin—mA-15--sld — ~lksemsdn—m i 1 seeesdd—1
U |A;lﬂ7nm>xul(éd71\1u—m> = Uy, (9.7.100)

ford=n—m+2,...,nand
~ikseeesin—m>in—m=1 _ =ikseenp—m
uy, IA.(«'l?n’”’ =y, . (9.7.101)

With L"t;i"“’i”*’” being smoothly extendable to an_m_lA,(fl;{”), also the functions

ity smoothly extend to <8n_m_1A§,117n”’) ) x OYNm in particular
all additional faces are covered.
Furthermore, we assume that the operator L* has the corresponding form

e I g 0D 1 & pid=phy o?
L =2pr(5§—p’)

o ; (9.7.102)
ij i — P in2
Jl=1 apj apl 2j=n—m+1 njl=1£—mp” (apj)

In—m In\In—m -
on (A;_m ) Ol \ )) \U;l=;—m N;.
For the (m + 1)-th blow-up step, we first notice that lj{;’;{"'-sinfm resp. its continuous

extension to 8n_m_1A£lIi?,,’”) still has an incompatibility at Anli;n”’_’f) C Af,lljn”’) ,
corresponding to pi—m + pin—n—t = (. Consequently, this may be resolved by a
blow-up transformation CDZZI; with 741 = i—pm—1 and s,,4+1 = iy—, (note that, due
to the stipulation iy = 0, we always have ry,+1, Sp+1 # 0), mapping the simplex

part of the domain (cf. Lemma 9.7.1)
Al s Alr=n=) oo y(tinnd (9.7.103)
resp.

A s Al s (o i) (9.7.104)

n—m—1
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and altogether

Al s A0 sl \ N, (9.7.105)
with
Nyt i= A=) s g0y linn=1) 5 g{tin—nd) (9.7.106)

being an additional (n — m — 1)-dimensional face of Anli;;”__ll) X D(l{i”_’”} ).

From this, when gradually adding the cube part D%”\I”’”’) with coordinates
pl=mti, .., p', Bq.(9.7.103) turns into

Al se giitem o Al s gliiend ford > n—m,  (9.7.107)

and by applying Eq. (9.7.105) to the previous image of the initial domain AP in
Eq.(9.7.97), we obtain for the transformed total domain

n—1
(A s gDy ) R (9.7.108)
j=n—m—1
with Nn_m, ... ,Nn_l being the images of the previous additional faces: The faces
Ny—m+1, - .., Ny—1 are only affected indirectly as they contain the full Anli;,’") as a

factor, and hence only the i,—,-th coordinate is moved from the simplex to the cube,
thus

Ny = Al s gl i) o oy 5 ) (9.7.109)
forj =n—m+1,...,n— 1, whereas N,—, = Nn_m is virtually not affected
as only p— = 0 is transformed into p— = 0. For the ‘new’ additional (n —

1)-dimensional face Nn_m_l (resulting from N,—,—1), we may—having added the
remaining dimensions—relax the condition p’»— > 0 in Eq. (9.7.106). This ensures

Ny—m—1 # Aflli;l’"__;), into };n_m P > 0. Hence, we obtain
N Ill_"'l_ 3 —m— I” Ill_"'l_
N = A=) s foydinn—t) 5 gUn\ion=1), (9.7.110)
=ik yeensin—m ~iks~~~sin—m;iu—m+l ~~~~~ ]

At the same time, i,

: A and u I
transformed into

d
ﬁz(c,---,in—m—l;i,,—,m---,id (#.1) = L—t;i.,....,in—m—l (j‘tiu—m—l (). 1) l_[ ( _Igij) (9.7.111)

Jj=n—m
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in Aflli;l’"__ll) X E]gi}lﬁ“__”:"ﬂ) for d > n — m, and hence
i]ik,...,infmfl Sin—mseeesin 1) = Ijlik,...,id ot
I (p.1) Yooy Al (P)

k<d<n—m—1

n Z ﬁj};(,...,infmfl Sl (. t)XA“T'lj“xD“"’\’”*’”*” (p). (9.7.112)

d—n—+m—+1
n—m<d<n

The transformed functions ﬁ;fc""’i"_’”_‘;i"_’” """ “ then each smoothly extend to
Up—m—1) (Ta\Iy—m—1)
A x Oy, and we have

n—m—1

~ikyeeesin—m—1sin—ms--sid ~ ik yeesin—m—1in—m s esid—1
u | (Ip—m—1) (UIg—1\Ip—pm—1) — U (9.7.113)
1, 1 d—1 1 1
k A< g e k

ford=n—m+1,...,nand

gy e = A (9.7.114)
With ﬁ;i"“’i”’””‘ being smoothly extendable to 8n_m_2AflIi;l’"__ll), the functions
~i ,,,,,‘n,m, ;'nfm ----- ] In—m— I, Iu—m—
DA “ also smoothly extend to (8n_m_2Ai_m_ll) ) x O\ et by

which all additional faces are covered; in particular, ﬁ;i"“’i”””";i””” smoothly

extends to N,—,,—; resp. eventually QZ weestn—m—lit—mtn oy tends to Ny—m—1 (however,

(In—m—l )
n—m—1

ﬁ;i"“’i”’””‘ resp. its continuous extension to d,—,,—2 A
bility at A",

To analyse the transformation behaviour of the operator, we first note that the
requirements of Lemma 9.7.2 on a” are met as for i,j € {ij,...,i,—,} we have
a’(p) = p'(8; — p/) by Eq.(9.7.102), while all other non-diagonal coefficients
vanish. Hence, by the lemma, we have for i,j € {i1, ..., {—n}

still has an incompati-

a’(p) =p' - p). (9.7.115)
while for a%% withj =n—m + 1,...,n we obtain

N N ii(1 — pli Dii(1 — pli
i (5) = ai(p) = p,-(_l P _ p,-_(l 7 (9.7.116)
I=n—m & I=n—m—1 p”

Likewise, ai»—mi—n takes the form

i)in—m (1 _ I’}in—m)

Sln—min—m () —
a (17) - I’aiu—m—l

(9.7.117)
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whereas all other coefficients vanish. Altogether, this yields

n—m—1 n ~i: ~i:
~ 1 o a 0 1 (1 —pt 92
A D D LI/ IN PU=PD 0 g 7118)
2 Ji=1 op" ap 1 n—m nl—n —m— lp” (aplj)

n (ALIZ,,’”_]‘) X DZ:L\{”’””‘)) \ UjZy——1 Nj. If p»=m is chosen with opposite

orientation (cf. Remark 9.7.1), then p— needs to be replaced by (I — pin—m)
everywhere.

Thus, after the (m + 1)-st blow-up step, domain, solution and operator are of
analogous form as before, just with the index m replaced by m + 1. Eventually, after
n — k — 1 blow-up steps domain, solution and operator have attained the asserted
form of the corresponding statements. In particular, the remaining u;, as a proper

solution smoothly extends to the entire boundary of A,((I") , and hence so does u 1" fi

~ ik 13 k2000 Tet1) o D(Id\1k+l)

in A/i +)1, implying that each u;, " smoothly extends to A P i

and eventually Ulk e 32 smoothly extends to A(IH‘) Dfﬁﬁf‘) . Moreover,
the restriction property in Egs. (9.7.113) and (9.7.114) yrelds Eq.(9.7.81). O

Proof of Corollary 9.7.2 In the given setting, we have u"”‘(p) gy (P +

ll)plo+pl1 — u{zo}(l)(l _pzl) in A({lo i1}) D({ll}) (and A({lo}) {O}({io})), which
proves the asserted form of the (simplified) solution, the domain and the additional
faces. O

However, the global smoothness of the transformed solution of Proposition 9.5.1
observed in the preceding corollary does not necessarily hold for other functions
in question, i.e. arbitrary iteratively extended solutions U satisfying the extension
constraints 9.3.1 (this corresponds to U particularly being of class C;Oo). However,
we still have a weaker global regularity assertion for the transformed function U
on the entire image of the simplex (only formulated for the stationary component
corresponding to the setting of Corollary 9.7.2):

Lemma 9.7.3 Letn > 2,1; := {io,i1,...,iqy C{0,1,...,n}ford =0,..., nwith
il # ij fori ;éjand o} A({io}) —> R. Then an iterated extension U = Y_j_uq €

Co (Ud 0 A( 4) ) of uygi,y obeying the extension constraints 9.3.1 is transformed by
a successive blow up transformation 7~ o ... o & as in Proposition 9.7.1 into
a function U = Yoot U= D(I‘/’) —> R with extension to all faces {[)il =
1}, ey {p’" = 1} (which can be considered as boundary strata of any D(l" ) DLI'Q) )
which is of class Cgo and vanishes on the mentioned faces.

For the proof, we trace the extendability of U towards the additional faces

back to that of U in A;I”) for approaching the incompatibilities—which will be
accomplished by the next lemma. Note that in the following we will use a disjoint
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formulation of the additional faces by putting

I .
N = O x (0 <

M (9.7.119)

Lemma 9.7.4 In the setting of a full blow-up transformation as in Proposi-
tion 9.7.1, for d = 1,...,n the additional face Ny = foi—ll) x {0}iah)

AV 1) (i—1) ) . .
X," ;" C Op" corresponds to A< C Ay with additional values existing for
ld+1 in in . . N .
I_dﬁ+ ! :—1++1’+ b -’ tpin (which can be considered as limits of corresponding
V4 y4 .. Fpin n

sequences). Furthermore, for j = 1,...,d — 1 the face {p = 1} C Dgi_ll)

corresponds to pi-' = 0 in Agfll), in particular its interior corresponds to
(Ia—1\{ij—1})
A5 .

Proof To take account of the ‘additional’ faces N, of Dfll’;) produced during
the blow-up transformations, we carry out the full blow-up transformation of
Proposition 9.7.1. This yields

pli=pt 4. +p (9.7.120)
P2 ph i in
B2 = ) P forp‘ + .. +P‘ >0 9.7.121)
0 forp" + ...+ p" =0,
) ) pij"r.‘.."l‘Pi” f ij—l . i 0
B d i TP P (9.7.122)
0 forpi—t 4 ... 4+ p' =0,
4 ; P for pht 4 pin > 0
pin i ot SOTPT TP (9.7.123)
0 forp! +p" =0
forp € Ui, AY” and conversely
P = (1= pP), (9.7.124)
pli=pl - pi(1 = plit), (9.7.125)
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Pt =Pl pi (1 = pin, (9.7.126)
pin — I"jil .. .i)i" (97127)
forp € U)— Dg") (note that we also have p = 1 — p!); however, the given

7
equations also smoothly extend to the entire Dfll”). We can therefore also transform
the N; C O, back to A, i.e. p* = 0 implies p™,...,p" = 0, whereas 0 <

P, ..., p1 < 1leads to p't,...,p"~t > 0. Keeping the values of p'e+1,..., p"
. . .. . id+l+___+)i11 in
ields the pivotal allele (limit) ratios 7" Pr o, P If however
v p ( )' P fogpin 0 it
p’ = 1, this corresponds to p7~! = 0 (and p",...,p7=' pitt. .. pH > 0 if
0<ph,....poit,pitt, ..., p < 1and ple+t = 0). ]

Proof of Lemma 9.7.3 By Lemma 9.7.1 and Proposition 9.7.1 and Corollary 9.7.2,
the full blow-up transformation respectively maps

Ja% — o (9.7.128)
d=0 d=0

C>-diffeomorphically (cf. Eq.(9.7.83)). By the C3°-regularity of U, u, in A{"

. . _ ~ . I
smoothly connects with u,—; in A" and consequently so does #, in Dﬁ,”)

@ n—1 >
n—1/.

with u,_; in O an analogous statement holds for all lower dimensions. Thus

n—1 >
it remains to show that U extends those faces of DLI';) given by {pi = 1} for
j =1,...,nsuch that the extension is of class Cgo.
By Lemma 9.7.4, the interior of {pi = 1} C ol corresponds to pi—! = 0

and p" > Oforl # j—1in Aﬁ,l”) , thus to AZIZ\I{I}_I}), which is a boundary face
of A" outside the assumed extension path defined by the (ordered) 7,,. Hence by
the ng’-regularity, the relevant continuous extension of U needs to be zero there,

and this is attained smoothly when coming from the interior A,(ll”). Because of the
diffeomorphism properties of the transformation, this also applies to the cube.

An analogous observation holds for subcubes Dgfl‘) cO,d=1,....n

The interior of its face {p’ = 1} corresponds to Aill,‘fll\{ijfl}) C Afffl‘) when

transformed back to the simplex (cf. Eq. (9.7.128) and Lemma 9.7.4). This is again
outside the assumed extension path, in particular if starting in Agi_l‘ ) , and hence the
corresponding boundary extension of u;—; needs to smoothly attain zero there by

the C[?g’ -regularity, which likewise applies analogously to the cube. O
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9.8 The Stationary Kolmogorov Backward Equation
and Uniqueness

When we ask for the long-term behaviour of the process, i.e. which alleles are
eventually lost and in which order, we are lead to the stationary Kolmogorov
backward equation. Solutions of this equation have already appeared implicitly in
the preceding section as extensions of solutions in dgA,, since the corresponding
operator Lj has 0 as its only eigenvalue.

Although we have already developed the extended setting presented in Sect. 9.2,
we start by considering some interior simplex A,, (resp. the corresponding restric-
tion of an extended solution). Then, for a solution in A,, we may argue again
that all eigenmodes of the solution corresponding to a positive eigenvalue vanish
for t — —oo, while those corresponding to the eigenvalue zero are preserved.
This implies that a solution of the Kolmogorov backward equation (4.2.13) in A,
converges uniformly to a solution of the corresponding homogeneous or stationary
Kolmogorov backward equation

L*u(p) =0 inA,

(9.8.129)
u(p) =f(p) indA,

foru € C*(A,) and with boundary condition f (which needs to be attained smoothly

in a suitable sense).

At first sight, this appears as a boundary value problem (for some suitably chosen
boundary function f, assuring the uniqueness of a solution). However, as may be
expected from the previous considerations, the role of the boundary here is different
from usual boundary value problems and again requires some extra care: On the
one hand, a proper solution in A, always converges to the trivial stationary solution
(= 0), whose (continuous) extension to the boundary also vanishes at all negative
times. On the other hand, any solution which extends to dA, is already strongly
constrained by the degeneracy behaviour of the differential operator if suitable
regularity assumptions on the solution in A, (cf. also equality (2.11.23)) apply:

Lemma 9.8.1 (Stem Lemma) For a solution u € C*°(A,) of Eq. (9.8.129) with
extension U € C[?O (A,,), we have

L'U=0 in A,. (9.8.130)

Proof We shall proceed iteratively: Assuming that LU = 0 for all A,(fk) C kA,

we show that this property extends to each A,((If?) C Bk_lA,((Ik) for every A,((I"),
and hence we obtain L7 ;U = 0 on d;—1A,. A repeated application then yields
Eq. (9.8.130).
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W.lo.g let A and A" € 8,1 A with I \ i = {it}. Then for the
operator L in A%, we have

) i .9 0
L;: = L;:—l +plk Z (812 _plj) 5 i 9 ik) (98131)
i€\ (0} P op

with L}, being the restriction of L}/ to A,((If?).

We take some p € A,(fﬁ]‘) and choose a sequence (p;)jen in A,(fk) with p; — p
and apply this operatorto U at p; € A,((Ik). The resulting expression in the big bracket
is controlled by p)* — 0 while approaching p and—with the derivatives of U inside
being bounded on a closed neighbourhood of p because of the regularity of U—is

continuous up to p. Likewise, all derivatives of U within A,((If]‘) are continuously

matched by the corresponding ones in A,((I") ,thus L (U(py)) is also continuous up
to the boundary in p (as the corresponding coefficients are, too). Hence, the whole
expression is continuous up to the boundary in p with L}, U(p) = L;U(p) = 0,
and since p was arbitrary, this applies to all of A,((If_ll) . O

Assuming the stated pathwise regularity, this confines the boundary values of U
resp. f on 0A, = UZ;IO dr A, and consequently, Eq. (9.8.129) is rather restated as
an extended homogeneous or extended stationary Kolmogorov backward equation®

L*U(p) =0 inA,\ A,

(9.8.132)
U(p) =f(p) indoA,

for U € C;(A,) with the only ‘free’ boundary values remaining the ones at the
vertices dypA,,. If we also assume global continuity of the solution, the values on
doA,, however, suffice as boundary information determining a solution uniquely
because we can extend the solution iteratively to strata of increasing dimension. In
such a case, a stationary solution and the stationary component of a global extension
as in the preceding section also coincide:

Proposition 9.8.1 A solution U € C°(A,) N C°(A,) of the extended sta-
tionary Kolmogorov backward equation (9.8.132) for some boundary condition
fo: doA, —> R is uniquely defined and coincides with (the projection of) a solution
of the extended Kolmogorov backward equation (9.2.1) in (A,,)_oo to A, for a final
conditionf € LZ( Uizo adAn) withf = foxaya, as by Theorem 9.6.1. Furthermore,
the space of solutions is spanned by p', ..., p" and 1.

6As already stated, it is without effect whether dyA,, is added to the domain of definition of the
differential equation or not. Although dypA, has been included in Eq. (9.8.130), this is not done
here for formal reasons.
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Proof The first assertion may be shown by an iterative application of the maximum

principle: On every face A,(CI") C 0xA, for all 1 < k < n, the operator L* is

locally uniformly elliptic, and hence, U]| RG is uniquely defined by its values on
k

BA,((I” by virtue of the maximum principle. Applying this consideration iteratively
for dgA,, ..., d,A, = A, yields the desired global uniqueness.
Next, we will show that a final condition f = y Altioh for some iy € I, gives rise
0

to an extended solution U(p,t) = U(p) = p” in (An)_ resp. A, proving the
second assertion. With f as described, the extended solution (cf. Theorem 9.6.1) is
solely given by U = U,O, 1.e.

D{i()} (p’ t) = u{i()} (p’ t)XAf){io}) (p)

+ D0 D D UM 01w (p) (98133)

I=d=nijel,\{io}  iz€l\{io,...ia—1}

(cf. Eq.(9.5.36)). Considering an arbitrary Ay") C A,, I; C I,, we obtain for the
restriction of U, to A( 4 using Eq. (9.5.30)

Z . Z Ué%.}..,id(p, t)

ir€lg\{io} i€
Ia\{io,.ria—1}

2o 2 (), r)]‘[

i1€lz\{io} ig€ Zl—/
Ia\{io,.ria—1}

U{i()}(p’ t)|Aftld)

i’

(9.8.134)

with ug (w0 (p),1) = 1 as go-i(p) € A({"’}) forall p € A(") and ugy =
f=1in (Ag{“’}’)_w by assumption. Since we have >4 p" = 1 in Ay"), we

may replace the expression 27=j pilby 1 — jz;i) p'! and rearrange the sum (by
also suppressing the last sum as the index i; does no longer occur), which yields
altogether

(_J{io}(n t)IA;’d) =

. p pi pli=
pzo(z ( 3 ( 5 )))
e 1—p° e 1= Yisop! i€ -5 p

I\ {io} L\ {0, nsij—1} Id\{ios---,idfz}
(9.8.135)
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p’f+.i.+pid

_ 1_211;1)1"7 _ B

Usiy(p. D yuo = p". Since Aff“) was arbitrary, we obtain Ug(p, 1) = Ugipy(p) =
d

As we have = lforj =d—1,...,1, the whole expression reduces to

P in the entire A,,. |

In terms of the probabilistic interpretation, the extended setting (9.8.132) also
matches the considerations of Sect. 9.2 as Eq. (9.8.132) may be viewed as the limit
equation for t — —oo of the extended Kolmogorov backward equation (9.2.1)
(which may be shown as previously). This is also reflected in Proposition 9.8.1:
For t — —oo and any solution, the only target sets with persisting attraction are
of course the vertices (which correspond to configurations of the model where all
but one allele are extinct), and hence the stationary solutions match the stationary
components of the global extensions as in Theorem 9.6.1, which in turn result from
a non-vanishing final condition in dyA,,. Then, every Aé{i}) C doA, may give rise to
a solution (component) p'—in particular yielding a positive target hit probability on
the entire A, for all times. However, even the stationary component of solutions as in
Theorem 9.6.1 may in principle be perceived as time-dependent and also describing
the transitional attraction of target sets in the entire A, induced by a given ultimate
target set in dpA,,.

Altogether, Proposition 9.8.1 under the given restrictions thus already yields
a full description of the stationary model in the entire A,. However, dropping
the global continuity assumption, a much wider class of (stationary) solutions,
i.e. iteratively extended solutions of the Kolmogorov backward equation obeying
the extension constraints 9.3.1, may be obtained as described in the preceding
section. To establish the uniqueness also for this bigger class, we may apply the
blow-up scheme of Sect.9.7 and demonstrate the uniqueness of solutions of the
correspondingly transformed stationary Kolmogorov backward equation on the cube
(which is basically analogous to the simplex, cf. the preceding considerations). The
eventual result will be obtained by applying the uniqueness result for the cube
to the transformed iteratively extended solutions (assuming sufficient regularity if
necessary). Again, this is limited to the stationary components.

Regarding the uniqueness of stationary solutions on the cube with the trans-
formed Kolmogorov backward operator given by Eq.(9.7.87), we have the cube
version of the simplex result of Lemma 9.8.1.

Lemma 9.8.2 (Stem Lemma, Cube Version) For a solution u € C*°(0,) of the
stationary Kolmogorov backward equation Lu = 0 in O, with

B 1 noosi 1—5p 2
fri= PSP (9.8.136)
23 [T= P (3p)

and with extension U € C.°(0,), we have

L*U=0 in0O,, (9.8.137)
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ie.
- N 1 n 5i(1 —pt 92
Lu=0 win L=, Y P (i_l P , (9.8.138)
I A
i#im j=i(d)+1
j#iﬂ’l
inOy; = {[7” = by,...,pmd = b,-n_d} C 040, foralll <d < n—1and all
i1y eoeyin—g €{1,...,n}, iy # i) fork # lwithT = 1(d) := argmax{b;, = 0} resp.

] seensin—d
i(d):=0ifb,, =1 foralliy,.
Proof The statement is proven iteratively: Assuming that Eq.(9.8.138) holds in
some (arbitrary) domain Oy4; C 94410, we show that a corresponding formula
also holds for any O, C 9,0,4+1 C 9400,. A repeated application of the argument
then yields the assertion.

Let Dd+l = {ﬁil = bl, - ,ﬁi”_d_l = n—d—l} and Dd = {ﬁil = bl, A ,i)i”_d =
bn—d} with i,,—y 7é i, .., lp—g—y and b,y € {O, 1} If we have i, < i(d + 1), then
as pi»~d — 0 resp. p"~¢ — 1, the value of the operator in Eq. (9.8.138) applied to
U—with the occurring derivatives and the coefficients being continuous—depends
continuously on p up to the boundary, thus Eq. (9.8.138), which already has the
corresponding form for O, (note 7(d) = i(d + 1)), also holds on O,.

If we rather have i,—; > i(d + 1) and b,—;, = 1, then, when choosing some
p € O, and a sequence (p;)jen in Oy4 with p; — p, the expression

11'3;}:7(1(1 _ﬁénfd) pel
T
nj=f2c{)+11’z (@py=)

JFEim

Up) (9.8.139)

is controlled by (1 — ﬁ;”"’) while approaching p and—with the derivatives of U
being bounded on a closed neighbourhood of p because of the regularity of U—
is continuous up to p. Analogous to the previous case, all other summands of the
operator in Eq. (9.8.138) are also continuous on the boundary, thus proving that the
corresponding form of Eq. (9.8.138) (with the i,—;-th summand deleted) holds in
Og (againi(d) = 1(d + 1)).

If instead i,y > i(d + 1) and b,—; = 0, then we may multiply the whole
Eq.(9.8.138) by p—. If now p"~¢ — 0, then by a similar argument as above
all derivatives of the operator that do not contain 5~ in the denominator of their
coefficient continuously vanish, whereas the values of all other summands are also
continuous up to the boundary. Thus, Eq. (9.8.138) holds on O, with the index
7(d + 1) replaced by i (d) = iy—g- O

The obtained Eq.(9.8.137) may again be perceived as an extended version of
the stationary Kolmogorov backward equation on the cube (cf. also Eq. (9.8.132),
although the domains do not fully correspond), and we have (cf. Proposition 9.8.1):
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Proposition 9.8.2 A solution U € C°(0,) N CO(DH) of the extended stationary
Kolmogorov backward equation

*Uu=0 in0O, (9.8.140)

with L* as in Eq. (9.8.138) is uniquely determined by its values on do0J,,.

Proof The uniqueness may be shown by a successive application of the maximum
principle: In every stratum of the domain O0; C 9400, for all 1 < d < n, the
solution U], is uniquely defined by its values on d[1,: If Eq. (9.8.138) comprises d
derivative terms, this follows directly from Hopf’s maximum principle (see e.g.
[72]) as the operator is locally uniformly elliptic on O0,; if it only comprises d’ < d
derivative terms, analogous considerations apply for each d’-dimensional fibre of
O, (with corresponding boundary part), thus giving the uniqueness of a solution on
every fibre first and after assembling also on all [0;. Applying this consideration
successively for dod,,, ..., 3,0, = O, yields the desired global uniqueness. O

With the blow-up scheme of Sect.9.7 at hand, the preceding uniqueness result
may also be conveyed to the simplex A,, assuming some additional regularity. We
finally arrive at
Theorem 9.8.1 Letn € Ny, I; := {ip,i1,...,iq} C{0,1,...,n}ford =0,...,n
with i; # i for i # j and ug: Aé{“’}) —> R be given. Then an extension
l_]é‘;(’)'}'"i”: Uo<d<n AU — R as in Proposition 9.5.1 is unique within the class of
extensions U which satisfy the extension constraints 9.3.1, i.e.

. I .

(i) are of class Cgf(U05d5n A;d)) with U|A§f"°” = ug,y and
(ii) solve the stationary Kolmogorov backward equation (9.8.132) in U0§d§n Ay"),
as well as, in case n > 2, whose
(iii) transformation image U: Uizo Dg") —> R by a successive blow-up transfor-
mation @~ o ... o Q1 as in Proposition 9.7.1 has an extension to the entire

boundary 3[]1(11’/’) which is of class C;° (D’(f’/’)) N ([]’(11'/')).

Consequently, also the global extension l_]{io} as in Proposition 9.5.2 resp. also in
Theorem 9.6.1 is unique.

Proof The assertion for the trivial case n = 1 directly follows, as l_]?l’.[’)"}‘ is
already sufficiently regular in AY‘) = D(II‘) for an application of the maximum
principle, in particular globally continuous. For n > 2, any function U which is

a solution of the stationary Kolmogorov backward equation (9.8.132) in~A£lI”) by
a full blow-up transformation of the domain transforms into a function U, which

solves the stationary Kolmogorov backward equation (9.7.77) in ([}, Dfil‘/‘) (cf.
Proposition 9.7.1 and Corollary 9.7.2 and Lemma 9.7.3). Furthermore, with the

assumed regularity after a full blow-up, it has an extension to [J ZI';) which is pathwise
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smooth as well as globally continuous and by Lemma 9.8.2 solves the stationary

Kolmogorov backward equation I*U = 0in Dil'g) with L* as in Eq.(9.8.138).
Hence, the uniqueness result of Proposition 9.8.2 applies and proves the uniqueness
of the transformed function (and, in view of the injectivity of the blow-up, also the

uniqueness of U)—for specified boundary data on the entire d DLI': ), Thus, we only
need to show that these boundary data are uniquely determined by the assumptions.
This is straightforward: In accordance with Lemma 9.7.3, U or its corresponding

continuous extension vanishes on {p¥ = 1} C BD,(lI”),j = 1,...,n. As by

. . . . . ny &
assumption (iii) the continuous extendability applies to the entire Di”) , U or its
extension even vanishes on

{pr =1},.... {p =1} (9.8.141)

In particular, this means that U or its extension vanishes on any vertex (g C
I . .
do Dfl”) —which may always be written as

Oy = {13‘7 =b; forj=1,... n} with correspondingly b; € {0, 1} —

(9.8.142)
except for the vertex Df)g) = {(0,...,0)}, where it attains the value u as stated
previously. Thus, the (transformed) boundary data given on all vertices are the

. . . . 1 T (la) :
same for any extension in question, and since U {io} ‘U0§d§n A;” — Roasin

Proposition 9.5.1 satisfies the extension constraints and has an extension to the entire
boundary 8DLI”) which is in leo([lfll';) ynct (Dilé) ) (this may be seen directly from
Eq. (9.7.82)), it also is the unique extension. O

9.9 The Backward Equation and Exit Times

In this section, we shall consider the Kolmogorov backward equation and its
stationary solutions. We shall utilize this to derive the general formula for the
absorption times of the Wright—Fisher model, that is, the expected times for loosing
one or several alleles. The relevant differential operator is

I« s
Ly = "G —=p) o 9.1
P 2 PGP 9.9.1)

ij=1
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As we have seen in Sect. 9.8 (see Proposition 9.8.1), the Dirichlet problem for this
operator,

Liu(p) =0in A,
u(p) = ¥ (p) on oA, (9.9.2)

is solvable, in contrast to that for L,, where, instead of boundary values, we had to
impose the moment condition.

We now turn to the inhomogeneous stationary Kolmogorov backward equation,
because from this, the expected first time 7, can be obtained. 7, is the expected
time when one allele gets lost from the population. This expected first exit time is
given by the solution of

L'u(p) = —1in A,
n—1
u(p) = 0on 0A, = |_J dA,. (9.9.3)

k=0

From the restriction Lemma 8.4.1, we can then also formulate the equation for the
expected time for losing m alleles,

Liupp) = —lin (] %A,
k=n—m+1

n—m

u(p) = 0on ) dA,. 9.9.4)

k=0

From Lemma 3.10.1, we now recall that we can construct such solutions from
the potential of the affine structure. In fact, for the function

o(p)= Y pilogp; (9.9.5)

=i0,...,Ik

of (3.6.14), we have

k S
L = , in Atk (9.9.6)

1

(note the factor ,

Lemma 3.10.1).
In order to realize the boundary condition u(p) = 0, we start with m = n, that is,
with the case where n alleles get lost and thus only a single one remains. From the

in the definition of L in contrast to the operator A in
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preceding, we observe that

n+1

u(p) = =2 (1—pi)log(l —p;) 9.9.7)

i=1

satisfies (9.9.4) for m = n. Therefore, u; (p) is the expected time for losing n of the
n + 1 alleles in the population when starting at time 0 with allele frequencies given

by p.
Next,
n+1
w@)i==2( Y (=py—pu)log(l —py —py) = (=1 pilogpi)
1<ii<ia<n+1 i=1

(9.9.8)

satisfies (9.9.4) for m = n — 1. To see this, we note that L (3 <, <y <p+1(1 — piy —
pi) log(1—=pi, —pi,)) = 4. L (3 (1—p;) log(1—p;)) = ) forallk = 2,...,nand
also check the boundary condition. u,(p) then yields the expected time for having
only two alleles left, that is, for having lost n — 1 of the n 4 1 ones.

Iterating this process, we obtain Littler’s formula [85]

n(p) = —2 (Z(—l)’”—f (Z:’J) ( oo oa- ;pmog(l - ;p,},))) .

j=1 1<ii<ip<--<ij=<n+1
9.9.9)

In particular, this shows that u,(p)(p) = EP(ta,), the expected time for the process
X, to leave A, is finite. More generally, we can also solve hierarchical Dirichlet
problems on A, U d,—1A, U---Ud,A, for0 <m < n.

We can also treat the fixation probabilities, that certain alleles die out and others
remain in the population. The probability 7 (py, ..., p,) of the fixation event given
in terms of a boundary condition solves the time independent Kolmogorov backward
equation

Lim = | Z (85— p) Pr (9.9.10)
T2 g apiap T .

The boundary condition specifies that 7 is 1 on some part of the boundary and 0
on the rest. This simply means that ultimately the process leaves A, on that part of

its boundary where 7 = 1. For instance, for the probability that eventually allele A/
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becomes fixed, we have the boundary condition

9.9.11)

ﬂ(plv""pn) =

and impose the PDEs L7 = 0 on the remaining parts of the simplex A, and its
boundary. The solution with the boundary condition (9.9.11) is simply given by

T =pj, 9.9.12)

that is, the probability that allele A/,j € {1,...,n + 1}, gets fixed is equal to its
initial relative frequency p;. This can, in fact, also be seen by the following intuitive
argument of Ewens [39]. At any time, any allele in the population is derived from
some ancestral allele at time 0, and the probability for any such allele A’ in the
ancestral population (i.e., that at time 0) to be the ancestor of some given allele
whose identity is not known is equal to its relative frequency p;. This then also
applies to the asymptotic state when only one allele survives. Without knowing
its identity, the probability of it being derived from A’ then is again p;. Turning
this around then yields the probability that A/ is that allele that eventually becomes
fixated is p;.

Moving on, the probability that A’ and A¢, j, £ € {1,...,n 4 1},j # £, are the
last two surviving alleles leads to the boundary condition

1 ifpj+p=1
0 if Ypi=1.

The solution of (9.9.10) with the boundary condition (9.9.13) is (cf. [87, p. 216], or
(39D

T(P1s-.. Pn) = (9.9.13)

1 1
7w = pipe( + ). (9.9.14)
L=pj  1—=p

The general scheme is as follows. Let Tx(p) = v, be the expected time for the
process starting at p to have only k alleles left. Let ; be the function of k variables
defined inductively by

m(p') =p";
1 2 p' 2 P 1
m(p'.p7) =, _pzm(p )+ 1_p1m(p );

k1 ;
p . .
Jrk+1(p1,...,p"+l)=z1_Zlﬂm<(171~..,p‘ LptL L

i=1 s
Vil
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Then
Theorem 9.9.1

P
1 —pi—.. —pi’

and elementary combinatorial arguments, see [87].
Method 2: By proving that it is the unique solution of the Dirichlet problem

Liup)  =0in Uiy, 0nA,
limu(p) =1,9¢ Al(({io,...,i,(})’



Chapter 10
Applications

In this chapter, we derive explicit formulae for various quantities of interest in
population genetics that have been introduced in Sect.2.8. In particular, we shall
calculate the expectation and the second moment of the absorption time, fixation
probabilities, the probability of coexistence, ath moments, and the probability of
heterozygosity of the process (X;);>o0.

We shall use two different methods. On one hand, we use the geometric
constructions of Chap. 3; these will give explicit expressions involving in particular
entropy like terms. On the other hand, we shall use the expansions of Chap.8,
which will yield formulas involving series in terms of the coefficients derived in
the Appendix.

10.1 The Case of Two Alleles

As in previous sections, we begin with the simplest case, that of two alleles A?, A'
and let X, be the relative frequency of allele A! at time .

10.1.1 The Absorption Time

The moments of the sojourn and absorption times were first derived by Nagylaki
[92] for the case of two alleles. Let dgA; = {0, 1} be the domain representing a
population of 1 allele. Here, 1 corresponds to the loss of A, that is, the fixation of
A, and 0 corresponds to the opposite situation. Either of these irreversible events is
called an absorption.

We denote by Tl(p) = inf{t>0:X, € dA|Xo = p} the first time when
the population has only 1 allele left, that is, when absorption occurs. T, (p) is

© Springer International Publishing AG 2017 269
J. Hofrichter et al., Information Geometry and Population Genetics,
Understanding Complex Systems, DOI 10.1007/978-3-319-52045-2_10
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a continuous random variable valued in [0, co) with probability density function
denoted by ¢(z,p). dpA; is invariant (absorption set) under the process X;, i.e. if
X, € doA then X, € dpA for all # > 5. We have

P(Ty(p) <1) = P(X, € JA1|Xo = p)

It follows that
ad
otp) = [ o uep.)di(@.
doA; O

Therefore the expectation of the absorption time for having only 1 allele is (see also
[114]):

muwnsz@mm
0

:/ 7t§tu(x,t)dt A, (dx)

doA| 0
00 o0

:Z / / teMdt | (=A))er (X (x) x0.1)(dx)
r=030A1 0

(10.1.1)
+ ar,0860 (dx) + ar,1861 (dx))

1
= - Z Cr (ar,O + ar,l)
r=0 Ar

201
= ; Azrc2r
_Silwa—prwavn&xm
e 2r + 1)2(2r + 2)2

’
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and its second moment is
o0
ETpP = [ Potpdr
0

= / / zlau(x,p,t)ml(dx)
A, Jo ot

o

= Z /30A1 (/0 ﬂe—lrrdt) (=Aner (Xr(x))((o,l)(dx)

r=0

+ @,,080,(dx) + .18, (dx)) (10.1.2)

2
= - Z /\2 Cr (ar,O + ar,l)
r=0 "7

o0
2
ZZ A’z C2r

r=0 ""2r

o 64p(1 — p)(2r + 3/2)X2:(p)
2r+ 1)3@2r + 2)3

3

r=0

3
where X,(p) is a Gegenbauer polynomial X,.(p) = C;.(1 —2p) and

_r+Dr+2)

A
2

’

1
aro = — (1 —x)X,(x)dx = 5

Q)
(10.1.3)

1
ar) = —/ xX,(x)dx = (—1)'+l ,
Q 2

. _w(pX:(p) _ 8w(p)X,(p)(r+3/2)
" (XewX,) r+1)(r+2)

Remark We already know from Sect. 9.9, see (9.9.7) that
E(T;(p)) = —2{pIn(p) + (1 —p) In(1 — p)}

is the unique solution of the one-dimensional boundary value problem (also see in
[39, p. 140])

L*v = -1, in(0,1)
v(0) =wv(l)=0.

It can be checked that this agrees with (10.1.1), of course.
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10.1.2 Fixation Probabilities and Probability of Coexistence
of Two Alleles

The fixation probability for A' is

P(X, = 1[Xo = p) = / u(r. DA (d)
{1}

[ele)

2 : — At
=p + Cray1€ "

r=0

= r+D(r+2)

In particular, for t — oo, we obtain (2.8.2).
Analogously, the fixation probability of A? (loss of A!) is

P(X, = 0[Xo = p) = / (. 1)k (d)
{0}

o0
=1-p+ Z crappe M
r=0

oo

1 3 8w(pX:(p)(r+3/2)

=l=-r=, r+ D(r+2)

r=0
The probability of coexistence of the two alleles A, A! therefore is

P(X, € (0. 1)[Xo = p) = / (e 1)1 (d)
0,1)

o0
:Zc, / X,(x)dxe_k"’

r=0 0.1)

o0
=) cpe
r=0

[e.]

=S Sw(p)Xor(p)Q2r+3/2) 0
~ Q2+ 1)2r+2) '

These three probabilities sum to 1, as they should.
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08 |

Fig. 10.1 p = 0.3
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Fig. 102 p = 0.5

We consider their behaviour for p = 0.3 and p = 0.5 (see Figs. 10.1 and 10.2):

Remark

(i) P(X; € [0,1]|Xo = p) = P(X; = 0[Xo = p) + P(X; = 1[Xo = p) +P(X; €
0.DXo=p) =1

(i) P(X; = 0|Xp = p) and P(X; = 1|Xy = p) increase quickly in # € (0,5) (10N
generations) from 0 and then tends slowly to 1 — p and p, resp.;
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10.1.3 The ath Moments

By induction, it is easy to prove that

1((@=1)...(x—7) B
2((a@+1)...(a+7r)

’

/ “X,_ (x)dx = (=1)"

0.1)

3
where again X,_; (x) is a Gegenbauer polynomial X,_;(x) = C;,_,(1 — 2x).
Therefore, the oth moment is

me (1) = [u. x%]y

o0 o0
= Z c, / x*X,(x)dx e M 4 (p + Z c,a,ﬁle_k"t>
r=0 ©.1) r=0
o0
=p+Y e / X, (dx + @y | e
r=1 0.1]
o0
2(2r+1) (@=1)...(a—=r) _r+y,
=p+ 1-p)(—-D)'X,— e 2
P ; r(r+1)p( PE=h 1(p)(Ot—i-1)...(0{—}-;’)

This formula for the «th moment was first derived by Kimura in [79].

10.1.4 The Probability of Heterozygosity

The probability of heterozygosity again was first derived by Kimura (see [79, p. 6],
note our rescaling of time by 2N)

H, = / 2x(1 — x)u(x, ) A (dx)
0.1]
= 2(u, wXy)
= 2(coXo, on)e_AOt
= 2w(p)Xo(p)e™
= Hpe .

Of course, this goes to 0 for ¢+ — oo, as it should.
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10.2 The Case of n + 1 Alleles

In this section, we consider the case where we initially have n + 1 alleles. We
compute the expectation and the second moment of the absorption time, the
probability distribution of the absorption time for having k41 alleles, the probability
of having exactly k + 1 alleles, the ath moments, the probability of heterozygosity,
and the rate of loss of one allele in a population having k + 1 alleles. Several of our
formulas are known from other methods, see [39, 78-80, 85, 87], but we emphasize
here the general and unifying approach.

10.2.1 The Absorption Time for Having k + 1 Alleles

The moments of the sojourn and absorption times were derived by Lessard and
Lahaie [84] in the multi-allele case. We denote by T,’fjr'll( p) = inf{r>0:X, €

Ay Xo = p} the first time when the population has (at most) k + 1 alleles.

Tr’l‘j_'ll (p) is a continuous random variable valued in [0, co) and we denote by ¢(z, p)

its probability density function. d;A, is invariant under the process (X;)s>o, i.e. if
X, € 0¢A, then X; € 0, A, for all # > s (once an allele is lost from the population, it
can never again be recovered). We have the equality

P(Tfl‘ill(p) <1) =PX, € A |Xo =p) = / u(x, p, Hydu(x).

Ay
It follows that

d
o(t.p) = /a s

Therefore the expectation for the absorption time of having k + 1 alleles is (see also
[118])

o0
(T (p) = /0 tp(t.p)d
>
=/ / t.. u(x,p, Hdtdu(x)
wA, Jo o Of

= - 0) 0 ® 0 (i .-w-ij)
Y T Sl [ ([T he )
Jj=1 J

(i, i) ) EL; m=0 |a|=m
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¢ * K ® 0 b,
FETE S ([T ).
=0 k=1

m>0 |a|=

k N
Z Z Z Z /(\10 ----- ‘)Xr(r{?a(x) (—Al(/,))d“;lo,...,zj)(x)

J=1 (ig.....;;)€L; m>0 || =
n n 1
k) 00
ORI CHA]
i=0 k=1 m>0 ‘(x =m m

and the second moment of this absorption time is
o0

ET () = / Po(r.p)dt
0

_/(Mn/ u(x p, dtdj(x)

d * .9 (] (i i)
) 2 — ) [\
YD SP ML) PR AT ([ 22 a9

(i0,...ij) €I m=0 |a|=m

+ZZZ 3 o (/oozzae—x‘mk’rdz)
mot m(Xl 8[ 4

i=0 k=1m=>0 |a|=m

2 1000l
DI 3D S PR XS] Co M PR

J=1 (io,...i;)) €L; m=0 |a|=m

2
LYY Y E:L,(—(m))z).

i=0 k=1m=>0 |a|=m

In order to see what this means, we consider the case of three alleles (n = 2).
First, we construct the global solution:

0.1 . 02 )
u(x' 220 =up (e g, + ) (L 0; DX (o + 1y (O,xz,t))(A({o_z;)
1 1
0,0
+ul O 1= DX ytoon + M(l)(f)SA({l}) + M%(I)SA«z}) + u8(1)5A<{o})~
1 0 0 0
Thus,

[, 9]a = (u2, )2 + @', 0,01 + @7, 90, )1 + @', o, 1=
+ ub(1,0;D¢(1,0) + u2(0, 15 1)p(0, 1) + u3(0, 0; )¢(0, 0)

1
:/ uz(xl,xz;t)(p(xl,xz)dxldxz+/ u?’l(xl,O; He(x', 0)dx!
Ay 0
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1
+ [ 2020000000
0
N 1
V-
+ ub(1,0; )91, 0) + u2(0, 1;1)¢(0, 1) 4+ ud(0, 0; 1)¢(0, 0).

1
5 / u}’z(xl, 1 —xb e, 1 —xVdx!
0

By expansion of eigenvectors, we have

0
wipi) =Y Y 2 (pXE, (e
m>0 |a|=m
where oy (p) is uniquely defined. We represent u; (x; t) by
W' (0 =" al! (e ', (10.2.4)
m=>0
)
W20, = Y a2 (e (10.2.5)
m=>0
w2 (', 1= xt0) =Za:y,’2(xl)€_ki"”’, (10.2.6)
m>0

where the coefficients a;; (x') are defined as follows: First, putting
Ya(x') = x' (1 —xHxP .
we note that ¥,(0) = v,,(1) = 0 and
L3yn(x') = =20y ().
It follows that
[t v, = [ L @]
= A wn(xl)]z
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Therefore

Wi

Pa(phe ™ = [u0). 9 )] e =[x ]

= (12 va(H)_+ (1090 @) + . 6o

X () 0 T ()

m>0 |a|=m m>0

where a,,(x") := a%' (x") + a!*(x") and ¥,,(0) = ¥,(1) = 0

= (aol), Y )) e

2

m>1

(am(xl),wn(xl))l+ Z cij)—l,d(Xr(nzll,aswn(xl))z} et

la|=m—1
(because of AL}) = Afj)_l)

We obtain by equating the coefficients in terms of e™*

(ao(xl), Wn(xl))l = SO,nl/fn(pl)
() 40), b1 3 (2 ) 1

la|=m—1
(10.2.7)
This implies that we have the formula for a,,(x) = a%!'(x) + al-?(x). Similarly,
putting
Va(?) =21 —A)XP ) and 9,0 =201 —20)XP ()
we also have the formula for @/, (x) = a%*(x) +al(x) and a (x) = a%! (x) +a%?(x).
These formulae imply the formula for each a;; (x).

Remark The coefficients of u; occur in the representation of the coefficients of u;
because of the probability flux.

Similarly because of

Ly(x" =0,

[u,,xl]z = [u,L;(xl):Iz =0.
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We have

[u(O) x ] = [u,xl]z

= (Mz,xl)2 + (Ml,xl)l + (0, x")o

Thus,

2 2 1) P
%@n—p—Ejij;L (X2 at) e

m=0 |o|=

ol

}: 0,1 _1 —Am't

B (a’” ,x)le "
m=>0

(1)

1,2 1 —Am't

— E (am , X )e "
m=>0

W
—p' - (ao(xl)JCl) kot
1

1 @) @) 1 Ay
_Zg(am(x ),x) Z Cin— la(Xm—la’x )2§e r'

m=1 loe|=m—1

Thus, we obtain the explicit global solution, and it easily yields the expectation
and the second moment of the absorption time 7} (p).

There is an alternative way [118] for calculating the expectation for the absorp-
tion time of having only 1 allele; this works as follows

aﬂ@»=£ (1. p)dr
* 9
= [ty (w0 + 0 + 0 )

We first calculate the first term; the other terms will be obtained similarly. To do
this, we expand x' by v, (x!)

=" d ).
n>0
We construct a sequence of entropy functions on [0, 1] as follows
* Eoy(x) = —
e E,.(x) is the unique solution of the boundary value problem
Ly (E(x) = —rEi()
E,(0) =E(1)=0
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By some simple calculations, we obtain the first entropy functions

Ep(x) = —

Ei(x) = -2(1 —x)log(1 —x)

E>(x) = —8xz(x) + 8(1 —x) log(1 —x)

E3(x) = 48(1 — x)u(x) + 96[xz(x) — (1 — x) log(1 —x)]

where

Un(l —
z(x) :/ (y y)dy, u(x) =/ IZ(_Y)

Lemma 10.2.1 The entropy functions satisfy

(Xr(nl),xl)
b= (B xP) .

A%

Z(X’("I)’XI)l
ey

— (Ez(xl),X,(nl)) ,

1

and more generally,
r! (X,(,ll ) ,x! )

()

I (E,(xl),X,(nl)) . r>2.
1

Proof We have

Af,})(El(xl),Xf,})) =(Ei1(x"), A(I)X(l))l

(
=(
=(-
=(-

1
Lt (El(x )) Xml))l, because of E;(0) = E; (1) = 0
)
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Similarly we have

(Afnl))z(Ez(x XP) =20 (B2 A0, )
=BG, L (X(1,))
=A0(-rp (Ez(xl)),X,(nl))l, because of E>(0) = E»(1) = 0
(- )
=14(

1

=a0(—r* (Ez(xl)),X,(nl)
2E (), X 1>)
= (2x1 , X,(nl)) X because of the above calculation.
The proof for all r is similar. O

From the Lemma, we have the expansion of E; (x')

d,
B =D 0.

n>0
Therefore we have

/00 w0,
0 ot

1y L1 LW,
= (ao(x ), x )1 tAy e "0 ldt
0
Iy .1 (2) ) 1 OO 1y —atPe
X (@) + Y 2 (X2 ), / Ay

m>1 Ja|=m—1
2 2
(ao(xl),f)l (am(xl),xl)l + 2 al=m—t € in)—loc(X:n)la’ 1>2
- (M + (M
AO m>1 Am

(a0, v )

= Zd"§ A(()l)

n>0

2

m>1

(CHEORTACO) D Wi Sf)la(xj,flm,wn(xl))z}
A
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1 1
= Zdn Soa¥n(P7) + Z Sma¥n(P) because of (10.2.7)

1) 1) ’
n>0 A0 m>1 m
d
A
m=>0 7*m
=E(p").

Thus, we have

E(T3(p)) = E1(p") + E1(p*) + E1(p).

Remark We can obtain the r-th moments of this absorption time by the same
method, i.e.

E(T3(p)) = EA(p") + E/(p*) + E(pY).

Remark We can generalize the preceding to the case of n+1 alleles by the inclusion-
exclusion technique of Feller [44, p. 109]

k+1—s

1<ii<..<ig<n+1

k+1
E(T,31(p)" = Z(_l)m_s( - ) Z E.(p" + -4 p").

s=1

For the case of r = 1, such formulas were derived by Littler and Good [87, p. 217];
see also [39, p. 194].

10.2.2 The Probability Distribution of the Absorption Time
Jor Having k + 1 Alleles

We note that Xﬂ+1 - is a random variable valued in d;A,. We consider the
n+1

probability that this random variable takes its value in A,(({i" """ i) je., the probability

of the population at the first time having at most k + 1 alleles to consist precisely of
the k+1 alleles {4, ..., A; }. Let g, be a function of k variables defined inductively
by

gi(p') =p"
1 2 P! 2 P’ 1
g(p'.pY) = ,81(p7) + &1(p):
-p I—p

k1 ;
p . .
g (p' P =) 1__§:pjgk(p‘~--,p’l,p”*5~.-,pk+‘)

i=1 —
J#i
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Then we have

Theorem 10.2.1

po

n— = pic

and elementary combinatorial arguments, we immediately obtain the result (see

[851)
Method 2: We check that gx+1(p, ..., p’) solves the classical Dirichlet problem

Liv(p) =0indA,

This can be seen as a generalization of Lemma 3.10.1. By the results of Sect. 9.8, it
is the unique solution. O

10.2.3 The Probability of Having Exactly k + 1 Alleles
The probability of having only the particular allele A; is (see [S1])

Pt e Ao =p = [ ol @
Ag{i})
= ug) (ei 1)

)

n
)
_ i (k) i (k) (GM
=p _2: 2: §: §: Cm(k),l(k),aac)(x7X1<k),a<k) L

k=1 13®) >0 1) >0 | ®) |=1%)
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The probability of having exactly the (k + 1) alleles {Ao, . .., A} (the coexistence
probability of alleles {Ay, ..., Ax}) is (see [78, 87])

PG e A =g = [ o

({ig.em
Ay

k k 00 RYG)
SYY Y | [ x|

m>0 10 |a|=I

10.2.4 The ath Moments

The ath-moments are (see [78-80])
me (1) =[u, x*],

= / X u(x, 1)d(x)

Ay

=3 3 / X (e, D) d g (x).

k=0 Go....i)€lk. (1ig....ix})
Ak

10.2.5 The Probability of Heterozygosity

The probability of heterozygosity is defined in [78] as

H, = E(2 fo(z)x"(t)).

j>i

By applying the moment evolution equation (4.3.8) for & = ¢; 4 ¢; for i # j we
have

me,--l—ej (t) = _m€i+€j (t) .
This implies

H =2 Zmeﬁ_e_/(t) =2 Zmei+ej(0)e_’ = Hye ™.

i =
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10.2.6 The Rate of Loss of One Allele in a Population Having
k + 1 Alleles

We have the solution of the form
w=Y wlx.t)fo,a,()
k=0

The rate of loss of one allele in a population with (k+1) alleles equals the rate of
decrease of

k k _, k) k)
up(x, ) = Z Z Z cin,)l,aXl(,a)(‘x)XakAn (X)e 't = 0(eH ).

m=>0 [>0 lee]=1

This mean that this rate is )k(()k) = k(k;' D This implies that the rate of loss of alleles

in the population decreases as k gets smaller in the course of the process (see [45,
52,78]).

10.3 Applications of the Hierarchical Solution

In this section, we shall use the hierarchical solution to compute other quantities of
biological interest. To make the computations more transparent, we shall spell out
the details for three alleles.

10.3.1 The Rate of Loss of One Allele in a Population Having
Three Alleles

We have the hierarchically extended solution of Definition 8.5.1

2
UGx.1) = ) Uk(x 0,y ()
k=0

2
= Z Z Uk, (x, f)XAzlw(x)

k=0 I, Clh

= Us(x, 1) + Uy 0,13 (x, t)XA(l{O.l})(x) + Ui 02 (x, f)XAﬁ:o.zn (x)
+ Ui (x, f)XA(l:l.zn ()

+ U (13 (x, D)8, (x) 4 Up (23 (x, )8, (x) + Up g0y (x, £)8e, (x)
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where the local solution U (x, f) has the form

Ur(r) = 3 e@XD (x)e ", (10.3.8)

m=>0
the boundary solutions U ;, are given by, for example,

t

U 0.1y (x, t))(A(l{o,l})(x) = / Mi,{o,l}(xl’ 0,t—1)drt (10.3.9)
0

and the vertex solutions Uy 4, can be calculated similarly.

It is easy to see from (10.3.8) that the rate of loss of one allele in a population of
three alleles is Aéz) .

To calculate the rate of loss of one allele in a remaining population of two alleles,
we consider boundary solutions.

Because of “i,{o,l}(xl’ 0,1): (Aio’l})oo —> R is the solution of

{Llu(x, n=2uxn) (e (aP™), (10.3.10)

u(x,0) = Gg;z(x, T) XE€ Aio’l}

L
U144

. . (Ik+1)
flux of the continuous extension of U4y, to A s

Note that in this case,

for all = > 0 as in Proposition 8.2.1 and G is the normal component of the

10 10
G000 = (@) + ) (P0)
x=(x1,0) x=(x1,0)
1 1
= —2U2(x ,0,7)
The normal unit vector at y Alto1) is
1
v =(0,-1).

It implies that

1
ijz(x, T) = 5 Us(x',0, 7).

We represent X7 (x!, 0) in terms of the basis of X,ﬁl)(xl) as

m
X2 0) =Y aux ().
k=0
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This implies

(2)
1 Cim 0,
w0 0.0) = UG 0.0 =3 X, 0)e™

m=>0
C 4@ 1
:Z " Zaka()(x
m=>0
Cn @ 1
—z(z e
k>0 \m>k
- -
di(7)
1
= di(@X" ().
k>0

Therefore

t

Ui (0,13 (x, Z‘)XA(l{o.m(x) = /Mf,{oql}(xl,(),l‘—f) dt
0

t

- /Zdk(f)XJ(cl)(xl)e_lzl)(’_r) dt

0 k>0
(2) (1)
=3 xO! )/Z " M= =0 g
k>0 m=>0

@ (A2, @)1

W 1y e -1
> X 6D 5 amke 0
m

o
k>0 m>k Ak

ZX(U( )Z Cm A(z) Amk l(mz)t

m°
k>0 m>k A

4
L) e Am

(1)
k>0 m>k A

=o(e").

This means that the rate of loss of one allele in a population of two alleles is )L(l).
More generally, we can prove that the rate of loss of one allele in a population of
k + 1 alleles is /V(g = k(k;' Y In particular, the rate of loss of alleles in the population
decreases as k gets smaller.



Appendix A
Hypergeometric Functions
and Their Generalizations

In this appendix, we list the basic properties of the hypergeometric functions used
for the 2-allele case and their generalizations used for the multi-allele case in
Chaps. 8 and 9. These functions are useful tools for solving singular linear second
order ODEs. We refer readers to [1, 108, 111] for hypergeometric functions and to
[6-8, 32, 40, 86] for generalized hypergeometric functions for further details.

A.1 Gegenbauer Polynomials

Definition A.1.1 Gegenbauer polynomials or ultraspherical polynomials (named
after Leopold Gegenbauer [50]) C;(x) are defined in terms of their generating
function [108, § IV.2]:

(1 — 2xt + ) Z G

They generalize the Legendre polynomials and the Chebyshev polynomials, and are
special cases of the Jacobi polynomials.

Proposition A.1.1 (Suetin ’01 [111])

e The Gegenbauer polynomials satisfy the recurrence relation

Ci(x) =1 (A.1.1)
CY(x) = 20x (A.1.2)
1
Ci(x)= [Rx(n+a—1)C_(x)—(n+20—2)Ci_,(x)]. (A.1.3)
n
© Springer International Publishing AG 2017 289
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e The Gegenbauer polynomials solve the Gegenbauer differential equation
(1—=x2)y" — Qa + Dxy + n(n+ 2a)y = 0. (A.1.4)
» The Gegenbauer polynomials are special cases of the Jacobi polynomials

20), /20—
Cfl“)(x) _ (a( f)l) Pgla 1/2. 1/2)(x).
2 n

In particular, we see from the recurrence relations that C2 (x) is a polynomial of
degree n, hence in particular smooth. We shall apply these polynomials in the range
—1 < x < 1 where (A.1.4) is nondegenerate and where therefore any solution of
this equation is smooth. The behavior at the boundary points x = =1 then is an
important issue.

Proposition A.1.2 For a fixed «, the Gegenbauer polynomials are orthogonal

polynomials on the interval [—1, 1] with respect to the weight function (1 — xz)“_é :

7272 (n + 2a)

1
— )2 [C@(x “(x)] dx = '
/_1(1 o lGrwler @] de=dm e

(A.1.5)

For a detail proof, see [28]. Also see [1, p. 774] for the first formula setting.

A.2 Jacobi Polynomials

Definition A.2.1 The Jacobi polynomials are defined as

patiy = F@tntD n(n)r(a—}-ﬁ—}-n—}-m—}—l)(z—l)m,

n!F(oz+,3+n+l)mZ=% Fla+m+1) 2
(A.2.6)

forne N, > —1,z€[-1,1].

Proposition A.2.1

» The Jacobi polynomials satisfy the symmetry relation
PP (—2) = (1)'PP (2);
o The kth derivative of (A.2.6) is

F(a+,3+n+1+k) (a+kﬂ+k)

pp
@ = 2T(@+p+n+1)

oy (@
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e The Jacobi polynomial Pﬁla’ﬁ )

neous differential equation

is a solution of the second order linear homoge-

A=)y +B-a—(@+B+2x)y +nn+a+p+1)y=0 (A2.7)
e The Jacobi polynomials are special cases of the hypergeometric polynomials

D)n
P =t D
n:

1_
1(—n,l+a+,3+n;a+l; ZZ)-

Proposition A.2.2 For fixed « > —1 and B > —1, the Jacobi polynomials are
orthogonal polynomials on the interval [—1, 1] with respect to the weight function
(1 =x)%(1 + x)8:

/ 1 (1 =x)*(1 4+ x)? PP () PP (x) dx
-1

_ 20Fh+1 Fn+oa+DIn+B+1)
C 2n+a+B+1 Tm4+a+p+Dn!

nm

A.3 Hypergeometric Functions

Definition A.3.1 The Gaussian or ordinary hypergeometric function ,F(a, b; c; 7)
is a special function represented by the hypergeometric series,

o0
(@n(b)n "
Fi(a,b;c;2) = A.3.8
2Fi(a,bic;z) ; ©, nl ( )
provided c is not 0, —1, =2, ..., where the Pochhammer symbol is given by
I'a+n
(@, =a@a+1)a+2)---(a+n—-1)= (F(a) ), (a)o = 1. (A3.9)

For complex values of z it can be analytically continued along any path that avoids
the branch points 0 and 1.

Proposition A.3.1 The hypergeometric function is a solution of Euler’s hypergeo-
metric differential equation

d*w

d
=2 dle—(@+rb+ 1" —abw=0. (A3.10)
dz? dz
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which has three regular singular points: 0,1 and co. The generalization of this
equation to three arbitrary regular singular points is given by Riemann’s differential
equation. Any second order differential equation with three regular singular points
can be converted to the hypergeometric differential equation by a change of
variables.

Proposition A.3.2

» The Jacobi polynomials P,(la’ﬂ ) and their special cases the Legendre polynomials,

the Chebyshev polynomials, the Gegenbauer polynomials can be written in terms
of hypergeometric functions using the following

Fi(—na+1+B+na+lx) = PP (1 - 2x)

n!
(o + 1),

» The Gegenbauer polynomials are given as finite Gaussian hypergeometric series

2a),, 11—
Cﬁf‘)(z) = (20) JFi | —n 20 +nja+ ¢ .
n! 2 2

A.4 Appell’s Generalized Hypergeometric Functions

In 1880, Appell [6, 7] introduced the concept of a generalized hypergeometric
function.

Definition A.4.1
o o0 i
(b); (V)i ¥y
F sbv b/s 3 /; 9 - i /
2Fa(a c,c’;x,y) ;;(ﬁl)ﬁk () k!
=0 k=
Proposition A.4.1

(i) 2F2(a,b,b';c,c;x,y) is a solution of the equation
X(1 = X)Zee — Xy2ey + (c — (@ + b + 1)X)z, — byzy —abz = 0;
(ii) 2F2(a,b,b’;c,c’;x,y) is a solution of the equation
Y(1 = ¥)zyy = xyzgy + (" = (@ + b’ 4 1x)zy — b'xz, — ab'z = 0;
(iii) 2F2(a,b,b’;c,c’;x,y) is a solution of the equation

(1 = 0202220 + Y(1 = V)7 + (¢ = (@ + b+ b + Dx)z
+(=(@+b+b +1)yz —ab+b)z=0.
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first two assertions.

293

Proof Firstly, note that we need only to prove the first assertion. The second follows
immediately by interchanging x and y, b and &', ¢ and ¢’ respectively, and the last
assertion is obtained when we add the

We shall prove the first assertion by equating coefficients. We denote by [v][J, k]

the coefficient of ¥'y* in the Taylor expansion at (0, 0) of v. Then for

0o o0 (3 ik
v = Zz(a)i‘*‘k (b)j(b )i Xy

perer

we have
= |
[l k] = (“)[)’:l(f);:.,(f "
o= AL
el Kl = “{)":zf(b)):f.,(f)k
o]l K = <a>g;;;j§i?;:;§,ﬁ,if“
oL, K = (c()ag;*)i((l;)’_(bl o
bollrH = (c()fi?fﬁ?iﬁfli r ;,
(v, k] = ((Siik(t/l)(/igﬂ (1]9) !)/f!;

(@)j+x(b);(D)x

x? j, k] = ;
(X vad [, &] (C)j(C’)k(j—z)!k!’

Therefore,

[—x(l _x)vxx — XYUxy + (C - (a +

(©);(c i jk

b+ Dx)v, — byvy, — abv][j, k]

= [—xvxx] [.]v k] - [—xvxx] [.]v k] - [vaxy] []s k]
+ cvilj. k] = (@ + b + Dxvi][j. k] — blyvyl[j. k] — ab[v][j. k]

_ (@)j+x(b);(D)k
T (0)()gk!

(a+j+kbB+))
+c )
c+J

=0.

(@a+j+k)b+)),
J=J

1) — ik
ot (=D —jJ

—(a+b+1)j—bk—ab

(A4.11)
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This holds for all j, k > 0, thus
X(1 = X) Vg — xyvyy + (¢ — (@ + b + 1)x)v, — byv, —abv = 0;

i.e. v is the solution of the first equation. This completes the proof. O

A.5 Lauricella’s Generalized Hypergeometric Functions

Definition A.5.1

. ol
2Fu(a, by, ... . bycy,...onix, ..., X"

o0

Z (a)m1+...+m,, (bl)ml oo (bn)m,, (-xl)ml . (xn)m,,

(Cl)lm cee (Cn)mn ml! mn'

Proposition A.5.1

(i) 2Fu(a,by,....bycl,...cuixt, ... ,X") is a solution of the equation

Aiz = in(S,;i—xi)zxixj—f— (c,-—(a—i— l)xi)in—bl' ijzxj—ab,-z =0;Vi=1,n
=1 =1

(ii) 2Fq(a,by, ..., byicy,...caxt, ..., x") is a solution of the equation

n

Z xi(Sij—xj)zxij+Z (ci—(a+b1 +-- -+bn+1)xi)zxf—a(b1 +...4+by)z=0.
i=1

ij=1

Proof 1t is easy to see that the second assertion follows by adding the equalities in
the first assertion for varying i. So we need only show the first assertion.

Similar to the case of two variables, for any given (my,...,m,), we denote by
[v] = [v][m1,...,m,] the coefficient of (x')™ ... (x¥")™ in the Taylor expansion at
(0,...,0). Then we have

~ —— —
n

_ (a)m1+,,.m” (b])ml e (bn)m,, .
- (Cl)ml cee (Cn)mnmll e mn! ’
o o] = @Dm+..omy 1Oy - - O mpt1 - - (Br)m,

€Dmy - (€hmpt1 -+ (C)mmi! oo (my — Do omy,!
[ ) ] _ (“)m1+...mn+2(bl)m1 ---(bi)mi+l~~~(bj)mj+l~~~(bn)mn . f . 7é .
Uil = 0y e 1Dyt i smi= )L Gm=D)Lmy > 1O L 72T

(a)m1+...m,1+2(bl)m1 cee (bi)m,-+2 oo (bn)mn
Dmy -+ (€Dmt1 - (C)mmi! ... (mi —2)! .. my,!

© [v]

El

[Vsini] =

El
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R [xiv i I_] _ (a)ml,...,m,,+l(bl)m1 cee (bi)m,-+1 cee (bn)m,,

e €Dmy - CHhmt1 - (C)mmi! .oy — Do omy!

[(xi)zv . i] — (a)ml ..... my, (bl)ml ---(bn)m,,

o cmy - (e)mmi!...(m; =2)! .. .m,!
(a)ml,...,mn (bl)ml v (bn)m,,

€COmy - (e)mmr! .. (mi— Doy — 1D omy!

(@my ..y 10D my + o ) i+1 -+« (br)m,

€Dmy - (CHhmt1 - - - (C)m,mi! ... my! ’

)

)

o ¥vuy] = ; fori#j

[xi Vyi ] =
Therefore

At = [Xil)xixi] - [(Xi)zvxixi] — Z[Xixivxixj] + Ci[l)xi]
Veall

—(a+ Dx'v] — b Z[xjvx/] — ab;[v]
j=1

vy (b i
R PRI S o

Cimi j#i
a+my,...,my)(b; +m; ‘
—}—c,-( ! Ci+mi)( )—(a+1)mi—bi;m]~—ab,~
=0
This holds for all (i, ..., m,) so
Av =0,
i.e. v is the solution of the first equation. This completes the proof. O

A.6 Biorthogonal Systems

In 1881, Appell [8] introduced the polynomials

[w(x, y)]—l am+n

Enal@ Y500 = ) 0, daniyn

<W(x, VY1 —x— y)’"+”)
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in connection with the analysis of polynomials that are orthogonal with respect to
the weight function

w(x,y) =27y (1 —x =y

in the triangle 7 = A,.
In 1882, he also proved that in the special case @« = y + y’, the two families

[tCe )]

Fun(y. vy :ixy) = )
(V)m(y)n Oxmay"

(t(x, Y (1 —x— y)'”+")

and
Enn(y. 7 ix.3) = 2F2(y +y' +m+n,—m, —n;y.y"ix.y)
form a biorthogonal system with the weight function
Hxy) =~y
ie.

/ / 1Y) F (v, v s X, V) Exi(y, v's x, y)dxdy
T

- 8ikSul ()T (y")ymin!(m + n)!
S Y 2Ly m D))

Definition A.6.1 In »n dimensions, we call
wx!, ) = T )T (= - e e

the weight function on A, and

gml ..... mn(a,)’ls---,)’mxl,---,xn)
= oF(@tmy b,y Y Y X LX)
and
[w(xl, o ,X")]_l am1+...+rrm
Fm ..... mn(aayla'"ayn;xla"'axn):
: (6720 RN (7% Wy B T6'2 LT 6 L

(w(xl, ) Y630 LI € Ll § e _xn)m1+...+mn)§

the corresponding biorthogonal systems.
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These two families of hypergeometric functions satisfy

Proposition A.6.1 Each

VTN (7 P yn;xl, )

and

Enpmy (@Y1, yn;xl, oo xh
is a solution of the equation
n n
Z x’(SU—x])zxixj+Z (yi—(a-i-l)x')zxf-i-(ml-i-. . .+mn) (a+m1+. . .+mn)z =0.
ij=1 i=1
Proof From Proposition A.5.1, it is easy to see that

Enpmy (@Y1, yn;xl, X

is the solution to the equation

Z xi((Sij—xj)zxij—}—Z (y,-—(ot—i—l)xi)zxi—}—(ml—}—. . .+mn) (a+m1+. . .—i—m,,)z =0.

ij=1 i=1

To prove the other assertion we proceed as follows. First, note that by Taylor
expansion at (0, ..., 0) we have

_—
n

[ee] 1 i1 x’l iu
(1—=x1—...—x,)° =' Z (=i +..+i, (x; ( )

Vool iy!
14l =0 1 n

Therefore

Forooamy @ y1, oyt XY

I IC e i,
T 0D G, | DDy

(w(xl, XD Eh™ M- X — _xﬂ)m1+...+mn)§
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L) mitbm,
= (Vl)rm e (yn)m,, a(_xl)ml L a(xn)m”

<<x1>ml+yl—l N L (S xn>"“+---+'""+“—V1—~~—V")§

_ wi!, ..., )] ! gty
- (yl)ml s (Vn)m,, a(xl)ml - a(xﬂ)m,,

( Z (V1+ —ml—...—mn—ot)i1+m+in
i

Ghym+n=I+i eyt )}
x

il... i,
e,
N (y1) (Vn) Z o+ —mp My = )i,
e N\ Gy =0

X (yl + il)ml oo (Vn + in)m,1 . .
... i,

(=t (xn)yn—l+in)

Z ()/1+ .+yn—m1—...—mn—ot)i1+___+in

i]sennsiny=0
X 1+ 0my - (V) () gx")l" (1 —x) — ... —x,) 1ty
()/l)ml (yn)m’1 l]! . ln!

Z 4.t yn—mi— =My — )i 44,

Q]aenes i, =0
« (Vl + ml)il cee ()’n + mn)in (-xl?il (xn)z,, (1 X — . — _xn))’1+...+)/u—a
(yl)il "'()/n)in 11!...ln!
=1 —x—...—x,) " Tt an(yl it Yu—m— .. —m, —«,

V1 +m1,...,yn+mn;yl,...yn;xl,...,X”).
To simplify the notations, we put

F&) = Fopom @Y1 Y X X,
gx) = oFy(V1+ ... F Ya—mi— . =y — o,y My, Y

+mn;)/1,...yn;x1,...,)ﬁ’),
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and
e(x) = (1 —x; — ... —x,)tHtr—e,
Then we have

) = ¢p(x)g(x).

It follows that
Xn:xi(éij —X)fug + i (yi — (o + l)x")fxz + (m1 +...+ mn) (a +m 4.+ mn)f
ij=1 i=1

n

= Z xi(Sij - xj) (‘pgxi.xf + DOxi 8 + ©yi 8xi + (px’xfg)
ij=1

+ Z (Vi —(a+ l)xi)(<ﬂgxx + fpxig) + (m1 +.. +mn)(o¢ +mit. +mn)(fpg)

i=1

=) X =g+ ) ((Vi —(@+DxYp +2) xS - x")%/)gxi

ij=1 i=1 j=1

+ ( Z xi((sij —x")(pxix/ + Z ((J/i — (o + 1)xi)¢,d

ij=1 i=1

) me)e

n n
= §0< Z xi(sij - xj)g)c’)cf + Z (y’ - (2]/1 t.F 2%1 —ot I)Xi)g)cl
ij=1 =1

—<y1+...+y,,—m1—...—m,,—ot)(y1+...+y,1+m1+...+m,l)g)

=0 by Proposition A.5.1

This completes the proof. O

Proposition A.6.2 The generalized hypergeometric function

-
Ent et (V1 Vi X, X
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; . p ,
is the sum of a monomial of degree m| + ... + m,

m’ m, (Ol + m/l +...+ m;)m/+...+m; ' '
(_1) 1ty ) ( 1 (xl) 1 (xn) ;
62 AR Y,

/
n

+ { polynomial of degree < m' + ...+ m

Proof In fact, from the definition of £ we have

ol
5,”1 ml/l(a,yl,...,y,,,x s X

/ / / /. Ll
= SF(a+m+...+m,—m,...,—m;iy, . VX, X))

G (=m})i (=m,)i 1
= ! /,' i i nin i‘...x”i”
D b T @ )

oo ol . (), ' ‘
— (oz—i—m/ +---+m/)'+...+',1 /i - . n Ln‘ (xl)”.,.()t,ﬂ)l”.
Z Z ! i ! (yl)il R ()’n)i,,ll Looiy!

i1=0 i, =0
(because if iy > mj then (—m});, = 0)

(ot + .. 40 (i< Mk i
= (x m e m / / X e \X "
1 n/m| +...+mj, ()/l)mi . (Vn)m;m/ll - m,’1'

/
n

+ { polynomial of degree <m| + ...+ m

/ / (C\f + m/l + e + m:,l)m/++m;‘ / ,
= (it T D e ey
Y1 my e VYn)ml,

+ { polynomial of degree < m| + ...+ m,,

This completes the proof. O
Lemma A.6.1 Withay,...,a,+ given positive numbers, we have

C(a1) ... T(ant1)

D=l (M@= 1 (1 —x — ... —x,) " dx = .
/(x) ARSI %) T D@+ ang)
Ay
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Proof Obviously, when a,b > 0

r 1
/x”_l(r —x)!ldx = /(iy)“‘l[r(l — WP rdy = ! C(a)T (D)
0

C(a+b)
0
So we have
/(xl)‘”_l )T =X — = e T g
A
1 1—x!
— /(xl)al—lg / (x2)a2—1
0 0
1=zl —. —x—1
.. ( f (x”)a”_1 (l —xl— = - x”)a"+l_1dx”) .. .dxz} dx!
0

Zj(xl)al—lg I]XI(xz)az—l
0 0

antapt1—1 r n r n
(l—xl—...—ﬂ_l) i @)L (@n+1) dxPy dx!
F(an + an-{—l)

1 1—x!
/ eyt / @11 — ot = Ryebeaimt L)) ol g
I'las + ...+ aut1)
0 0

1
_ /(xl)al_l(l _xl)az+-.-+an+1—1 F(az)F(ag + ...+ an+1) I'(a3) AP I'(an+1) dxl

F(a2+...+a,,_|_1) F(a3+...+an+1)
0

1
= /()Cl)“l—l(l _xl)a2+...+a,,+1—l F(dz) ce F(Cl,,+1) dxl

I'a, + ...+ aut1)
0

_ F(al)F(az +...+ an—|—l) F(dz) N F(an_|_1)
I'(ay ~|—...+an+1) F(a2~|—...+an+1)

_ C(ay)...T(an+1)
Tai+...+ a,l_H)'

This completes the proof. O
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Proposition A.6.3 The system of

mn(a,yl,...,y,,;xl,...x”)

and

..... mn(a,yl,...,y,,;xl,...x”)

is a biorthogonal system with the weight function w, i.e.

1 1 n
/w(x v s XD F i Ety o XX = Koy Sy - - - Sy
Ay
where

K _ (latmi+ . m)m ! my!
LTty [()’l)ml]2 cee [(yn)mn]z

o L +y)... T +y)Tm+ .o +my+a—y1—... =y + 1)
r@m +...42my+a+1) '

Proof From Proposition A.6.1 we have

n

> XSy — iy + ) (J/i —(x + 1)xi)uxi

ij=1 i=1

(4 m) (@t m =0 (A612)
where

u= Fum..m@,y1,..., yn;xl, Lo xXh

and

Xn: X (85— vy + Xn: (Vi —(a + 1)Xi)vxi

ij=1 =1

() (o =0 (AGI3)
where

ol
vzgmq mé(a,yl,...,y,,,x,...,x")
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Multiplying Eq.(A.6.13) by u and subtracting Eq. (A.6.12) multiplied by v, we
obtain

n

Xn:xi(Sij —x) (M'Uxixj — Mxixj'l)> + Z (y,- — (¢ + l)xi> (uvx,- — ux,-v>

ij=1 i=1

= (ot—l—ml—l—...—i-mn—i-m/l+...+m,’1)(m1+...+mn—mi—...—m;)uv.

Multiplying both sides of this equation by w and integrating over A, we obtain

/(a—i—ml—l-...—l-mn—i-m/l+...+m,’1)(m1—l—...—l—mn—mi—...—m;)wuvdx
A"

n

= / ( Z X (85 — o) (Wuv,iy — wiyv) + z”: (vi — (@ + Dx') (wuv,s — wuxiv))dx

A, W= i=1

n 3 n . ‘
N / 2 ax/ (Zx’(&,» — X )w(uvg — uva))dx
A, J=1 i=1

n

= /didex, where F/ = in (8,-j —xj)w(uvxi — leiv)

An i=1

= /F‘vdo(o)

A,

=0, since Fjpp, =0 follows from wjs, = 0.

It follows that if

mo+ ... tmEm 4.+ m

/wuvdx = 0.

Ay

then
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Now we consider the case m; +...+m, = m| +...+m,,. Applying the integration
by parts to the Proposition A.6.2 and Lemma A.6.1, we obtain

/ wuvdx

All
Wl gty |
— my+y1—1 my+y,—1
- A/ Y m o agetyaenyn | @) )
X (1 _xl - .= xn)m1+...+m,,+a—y1—...—y,,)} vdx
(=)t / Lymi+y1—1 +ya—1
— (x )ml Y1 . (xn)mu Yn
YOmy - (Vn)m,
An
am1+...+m,,v
1— 1 _ L my+...+my,+a—yr—...—yn d
x (=~ ) Gy L ageym
(_1)m1+...+m,, / . A o
— (X )ml Y1 . (xn)mrz Yn
(yl)rm ce (yn)mu
An
% (1 _xl - = xn)ml+...+m,,+a—y1—...—y,,)
T (=DymFtmo +my 4+ A M)yt m"!dx
e e (yl)ml s (yn)mu
s s Cdmit e m) !
e et [(Vl)nn]z cee [(Vn)mn]z
o L +y)... T+ y)Tm+ .o +my+a—yi—...—y+ 1)
r@m +...42m,+a+1) '
This completes the proof. O
Whena =2n+ 1,y = ... = y, = 2 we have the result of Littler and Fackerell
[86].
Corollary A.6.1
K _ Cnt+l+m+ . m) i+ pmm! !
mi -

""" " (@] - - [, ]
y rm+2)..Tm,+2)T'(m; +... +m, +2)
r2m+...4+2m,+2n+2) '
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B Cn+14+m + ...+ m)m+. 4+mm! ... .my,!
B [(m + D2 [(m, + D2
8 my+D..(my+ D my 4+ ... +my + 1!
2m; 4+ ... 4+ 2m, + 2n+ 1)!
_ 1
S+ (m 4+ 1)
8 Cn+14+m~+...+m)m+.4m,(m + ... +my +1)!
@2my+ ...+ 2my, +2n+ 1)!
_ 1
S+ (m 4+ 1)
1
g+ 2) o (e g+ 20) 2y 4+ 2my 4 204 1)
_ 1
A+ D . myFDmF A my 201 my + .+ 2my + 20+ 1)
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