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Keine Annahme scheint mir naturlicher, als dal3 dem Assoziieren oder
Denken kein Prozef3 in Gehirn zugeordnet ist; so zwar, dal3 es also unmdg-
lich ware, aus Gehirnprozessen Denkprozesse abzulesen. Ich meine das
so: Wenn ich rede oder schreibe, so geht, nehme ich an, ein meinem ge-
sprochenen oder geschriebenen Gedanken zugeordnetes System von Im-
pulsen von meinem Gehirn aus. Aber warum sollte das System sich weiter
in zentraler Richtung fortsetzen? Warom soll nicht sozusagen diese Ord-
nung aus dem Chaos entspringen? Der Fall ware ahnlich dem—dal3 sich
gewisse Pflanzenarten durch Samen vermehrten so dal3 ein Same immer
dieselbe Pflanzenart erzeugt, von der er erzeugt wurde,— dal3 aber nichtsin
dem Samen der Pflanze, die aus ihm wird, entspricht; so dal? es unmoglich
ist, aus den Eigenschaften oder der Struktur des Samens auf die der Pflanze,
die aus imh wird, zu schlief3en,—dald man dies nur aus seiner Geschichte
tun kann. So kdnnte also aus etwas ganz Amorphem ein Organismus sozu-
sagen ursachel os werden; und es ist kein Grund, warum sich dies nicht mit
unserem Gedanken, also mit unserem Reden oder Schreiben etc. wirklich
so verhalten sollte.

No supposition seems to me more natural than that there is no process
in the brain correlated with associating or with thinking; so that it would be
impossible to read off thought-processes from brain-processes. | mean this:
if 1 talk or write thereis, | assume, a system of impulses going out from my
brain and correlated with my spoken or written thoughts. But why should
the system continue further in the direction of the center? Why should this
order not proceed, so to speak, out of chaos? The case would be like the
following—certain kinds of plants multiply by seed, so that a seed always
produces a plant of the same kind as that from which it was produced—but
nothing in the seed corresponds to the plant which comes from it; so that it
isimpossible to infer the properties or structure of the plant from those of
the seed that comes out of it—this can only be done from the history of the
seed. So an organism might come into being even out of something quite
amorphous, as it were causelessly; and there is no reason why this should
not really hold for our thoughts, and hence for our talking, and writing.

Ludwig Wittgenstein, Zettel [145]
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1

| ntroduction

1.1 Formalizing the Darwinian Paradigm

The Darwinian theory of evolution [26] of reproducing entities with heritable variation
that effectstheir reproductive successis enormoudly flexible. In essenceit isaparadigm
for an explanative theory that can be applied to any system which contains objects

o that reproduce with variation.
¢ that have heritable characters.
e whose reproductive success is affected by their characters.

This flexibility and genera applicability is the paradigm’s strength, on the one hand,
while on the other hand it leaves unspecified how exactly the theory of evolution should
be mathematically formalized.

Thisisin contrast to the typical situation found in physics where theories are gener-
aly formulated in mathematical terms from the start. The analysis of the system under
study is generally conceptually clear. The dynamicsis rigorously defined at some mi-
croscopic level and one imagines that the (higher level) behavior of the system isin
principle derivable from these microscopic equations of motion when combined with
particular boundary conditions. One in general focuses on the task of deriving the be-
havior of interest from these underlying microscopic laws. Thistask isin itself highly
nontrivial and may not always be accomplished—such as in chaotic dynamical systems,
where closed-form solutions of the equations of motion are often not available. In other
words, one explores, to the best of one’s ahilities, the consequences of rigorously defined
microscopic equations of motion.

From this particular viewpoint, the Darwinian theory of evolution doesn’'t seem so
much atheory of evolution but instead more of a paradigmfor atheory of the evolution
of life on earth. That is, with respect to the theory of evolution, the question is still of
a conceptual nature: What is the “right” way to formalize the theory in a mathematical
framework?

For example, which objects in the evolving system should one take as the funda-
mental reproducing entities when implementing the Darwinian paradigm? Should one

1



Introduction

take species, individuals, genomes, genes, or other less obvious constructions, such as
collections of interacting individual s? Indeed, precisely this question has been the source
of heated debates among evolution theorists; [29] for instance argues that genes are the
units at which natural selection acts. The main problem, in the opinion of the present
author, is that there is no such right or fundamental level: the Darwinian paradigm is
capable of describing evolutionary dynamics on many different levels without any of
these providing afundamental level of description by itself.

Surely, different genes are competing with each other within the genomes of organ-
isms and in that sense these genes undergo Darwinian evolution. However, this evolu-
tionary dynamics cannot be rigorously defined without taking into account interactions
with the evolution on higher level s—such as between genes within a genome and on the
level of individuals. Similarly, single-celled organisms appear to be undergoing Dar-
winian evolution, competing with each other for molecular resources. Cells, however,
interact, exchange genetic material and may form intricate spatial patterns. It is thus
clear that one cannot define evolutionary equations of motions that only have “single-
cell types’ as variables. One may also attempt to formalize Darwinian evolution on the
level of different species of single-celled organisms that compete with each other. At
an even higher level, collections of interacting cells form multicellular organisms that
can be considered to undergo Darwinian evolution as well. Finally, one may even form-
alize evolution on the level of different groups of organisms. See for instance [144]
and referencestherein for an overview of the group selection versusindividual selection
debate.

Onetypically finds that the theorist attempts to circumvent these issues by introdu-
cing the mathematical formalization directly at the level that happensto be of immediate
interest to him. The equations of motion are then constructed at this level and the be-
havior at the level of interest can be directly studied. However, as the examples above
point out, the dynamics might not have integrity at this chosen level, since it depends
on interactions with the dynamics on different levels. That is, evolution takes place at
different levels at the same time, and the evolutionary equations of motion on different
levels of description are often interdependent [73].

To give an illustrative example of such cross-level interdependence, which can be
found in [13]: In a spatial environment, hypercycles [35] of replicating molecules self-
organize into rotating spiral waves of different molecular species. Because of this, se-
lection not only takes place on the level of theindividua molecules, but also on the level
of the rotating spirals. The competition between these spirals feeds back on the evolu-
tionary dynamicson the level of theindividual replicating molecules. That is, dueto the
selection on the level of spirass, the selection on the level of the replicating moleculesis
changed. In a completely mixed environment, molecules with a high decay rate are out
competed by molecules with alow decay rate. In a spatia environment, however, these
fast decaying molecules give rise to spirals that rotate faster than those made up of mo-
lecules with alow decay rate. Since on the level of spirals the faster spirals out compete
dow spiras, the selection on the level of moleculesis reversed, i.e. the molecules with
a high decay rate now out compete those with alow decay rate.

From the viewpoint of mathematical formalization such situations present funda-
mental problems. The dynamics on the level of the individuals cannot be understood
without including the dynamics the level of the higher-order structures, i.e. the spir-
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1.1 Formalizing the Darwinian Paradigm

as. At the same time, the dynamics on the level of these higher-order structures cannot
be separated from the dynamics on the level of the individuals making it impossible to
define “closed” equations of motion on either of these levels.

This problem seems to occur frequently in evolutionary theory. It would in principle
be possible to define the evolutionary model at some fundamental level—i.e. involving
such things as distributions of genotypes, where in space the individuals are located,
what the states of the local environments are, which individuals interact with which,
what theinternal states of the different individuals are, etc. However, one is tempted to
immediately move to the level of description of interest and invent ad hoc evolutionary
equations of motion at thislevel. For instance, in mathematical popul ation genetics, one
is often interested in the evolution of the frequencies of certain genesin the population.
The complicated influences of the rest of the genomes and the dynamics on the level
of theindividuals are often ignored and the evolutionary dynamicsis simply defined on
the level of the gene freguencies only. On the other end of the spectrum, models are
constructed in which the dynamics on the level of genesis ignored and evolution is de-
scribed at the level of frequencies of certain adaptive phenotypic traitsin the population,
seeforinstance[72, 129].

As said, | do not believe there is any one level that is the right level for describing
evolutionary dynamics. The problem in evolution theory is not to formulate new dy-
namical laws for how natural systems behave at afundamental level. Such laws already
exist: they are the laws of physics. The problem is to investigate the consequences that
emerge out of these physical laws in the context of biological systems. That is, we need
to discover what higher level behavior isinduced in biological systems by the underly-
ing laws. The Darwinian evolution theory provides a theoretical paradigm that seemsto
capture the essence of most of this higher level behavior.

Fortunately, it is not necessary to formalize the Darwinian evolutionary dynamics
at one particular level exclusively. Defining the equations of motion at a certain mi-
croscopic level doesn’'t necessarily mean that one can only study its behavior at that
level. It is possible to start at a certain microscopic level of description and to infer the
dynamics at a higher level of interest. Precisely this reconstruction of the behavior at
the level of interest from the underlying microscopic equations of motion is the goal of
statistical mechanics in physics. The main mathematical methodology for systems in
thermodynamic equilibrium was developed by Gibbs [57] and Boltzmann [14]. In the
1950s Jaynes generalized this methodology and put it on a stronger conceptual basis,
which includes exposing its close connections with information theory [84]. This gen-
eral methodology allowsoneto start at the fundamental microscopic equations of motion
of asystem, and derive macroscopic equations of motion for the dynamics at some other
level of interest. In the opinion of this author, this methodology is important for evolu-
tionary theory since it may bridge the conceptual gap between the precise microscopic
equations of motion of an evolutionary system that do not address the questions that
interest us, and the ad hoc macroscopic evolutionary models that are not properly foun-
ded in a realistic microscopic dynamics. Although this methodology is conceptualy
straightforward, its technical implementations for different situations are far from fully
developed.

In this thesis, the benefits of this methodology are demonstrated by application to
some very simple evolutionary systems that are of interest in their own right. In these
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model s, the microscopic evolutionary dynamicsis precisely defined on the level of dis-
tributions of genotypesin the population. At the sametime, we are only interested in the
dynamical behaviors of the population at some much coarser level—such as the average
and best fitness in the population. Although the exact microscopic dynamics is almost
impossible to solve analytically in detail, we show how the approximate macroscopic
dynamics may still be constructed from the underlying microscopic equations of motion
by using the statistical mechanics methodology. Since we focus on dynamics as opposed
to the stationary statestypically studied in statistical mechanics, we denotethis approach
as statistical dynamics!' The methodology in itself is general enough that we expect that
it can be applied in more or less modified form to many different evolutionary systems
including much more complicated and realistic ones.

1.2 Simple Evolutionary Systems

Apart from providing illustrative examples of how one can, starting from the micro-
scopic equations of motion, derive the evolutionary dynamics on amacroscopic level of
interest, the modelsin thisthesis al so have some more direct relevance for understanding
the evolutionary dynamics of simple evolutionary systems. The particular evolutionary
systems analyzed in this thesis, and some of the assumptions that we make in defining
them, will now be briefly introduced.

All evolutionary systemsthat are studied in thisthesis consist of populationsevolving
in a constant and homogeneous external environment. That is, for each individual in the
population its reproductive success is only a function of its “type”. This assumption
excludes a vast array of possible complications that typically occur in more realistic
situations. To name afew of these: in many situations the reproductive success of anin-
dividual is not only afunction of its own type but also of itsinteractionswith individuals
of other types. In these situations one often says that the selective environment is not
externally imposed but is afunction of theinternal state of the system. One also talks of
frequency dependent selection—see for instance [17, 39]—when the reproductive suc-
cess of one type of individual depends on the frequencies with which other types occur
in the population. In case where the different types evolve and determine each other’s
reproductive success, the word co-evolution is also used to describe these situations—
see for instance [124]. Even if selection is entirely externally determined one may still
have that the reproductive success of an individual depends on where in time and space
the individual finds itself, since the selective environment may vary in space and time.
On top of these complications, individuals cannot generally be considered to be char-
acterized by a particular “type”’. That is, individuals can occur in many different states
themselves and their reproductive success may depend on when and wherethe individual
findsitself in which states. In other words, athough an individual can be mainly iden-
tified with its genotype—the particular DNA sequence that constitutes its genome—it
goes through a complicated developmental process of interactions with its environment
that eventually leads to a phenotype—-the actual shape, form, and behavior of the or-
ganism. These phenotypes generally show complicated behaviors and interactions with

1This terminology was first coined in an evolutionary context by Crutchfield. See also [131, 132] for a
development of approximately the same analytical approach under the same name.
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their environment, which in turn determine the reproductive success of the genotype.

As noted, none of these complications are studied in this thesis. We will look at pop-
ulations of individuals whose fithess is a constant function of their genotypes only and
that reproduce with certain definite genetic operators acting on their genotypes. Such
simple systems occur in practice only in very specific situations. For instance, one may
think of recent experiments where bacteria of a single species are evolved in a constant
environment for many thousands of generations [97]. In vitro experiments with rep-
licating biomolecules are a'so examples of the kinds of systems that may be modeled
by the systems studied in this thesis. Particular examples are the in vitro experiments
with replicating RNA molecules [10, 102] that are closely related to the Eigen model
of molecular evolution [33]. Even simpler cases of relevance are examples of in vitro
evolution where biomolecules are evolved to perform a certain biochemical task, such
as binding a particular ligand [135, 147]. Similar in vitro evolution experiments have
also been simulated in detail on computers [46, 47, 76, 81]. These artificial evolution
experiments are closely related to the systems studied in this thesis. In al these cases
the dynamics is fairly well understood on an microscopic level: simple “individuas’,
i.e. molecules, that can be identified with their genotype, reproduce and undergo simple
genetic operators—such as mutation and recombination—in a constant selective envir-
onment.

Finally, the models studied here are examples of what are generally called evolution-
ary algorithms. Evolutionary algorithms are stochastic search methods that are based on
the Darwinian evolution paradigm. Populations of candidate solutions, represented as
“genotypes’ in a computer, evolve under selection for solving the problem under con-
sideration and undergo (random) genetic operations that introduce variation; see for
instance [4, 18, 94, 103]. Although most of the interest in evolutionary algorithmsis
focused on the performance of these algorithms as search methods, they can also be re-
garded as simple prototype models for evolutionary dynamics. Thisisthe way in which
such evolutionary algorithms are studied in most parts of this thesis. Understanding the
dynamics of such evolutionary algorithmswill of course also lead to a better understand-
ing of their optimization and search properties. This type of analysisis aso presented,
see chapters 5 and 6 in thisthesis.

1.3 Epochal Evolutionary Dynamics

Now that some of the conceptual motivations behind the analysisin this thesis, as well
as the natural and artificial systems that are most directly related to the models studied
here, have been introduced, | finally introduce briefly the type of dynamical behaviors
that this work focuses on.

As emphasized above, we are not interested in the precise dynamics on the micro-
scopic level of distributions of genotypes at which the evolutionary dynamicsis defined.
Especidly for the kinds of natural and artificial systems that are related to the evolu-
tionary models that we study, it is natural to be interested only in the dynamics on the
coarser level of average or best fitness in the population. For instance, when running
an evolutionary algorithm, one is interested in the quality of solutions that are evolved
and related statistics—such as the average time to evolve a solution of a certain quality.
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In most of this thesis, the analysis thus attempts to predict the dynamics on the level of
fitness in the population. In principle, the same type of analysis could be used to study
the dynamicsonthe level of phenotypesinstead of fitness or, even, onthelevel of certain
phenotypic traits.

This thesis further focuses on a dynamica behavior in evolving populations that
we have called epochal evolution. In epochal evolution, long periods of stasis in the
population average of a macroscopic variable are punctuated by sudden “innovations’
of rapid change. That is, the evolutionary dynamics shows metastable behavior on the
level of the macroscopic variable of interest. In cases where fitness is the macroscopic
variable of interest, innovationsgenerally lead to asudden increase of the averagefitness
in the population. On the level of phenotypesin the population, innovations can often
be identified with the emergence of new phenotypic functionality.

Such epochal evolution has been observed in awide class of evolutionary dynamical
systems. First there is the common occurrence of punctuated equilibria in the fossil
record [64]. On macro-evolutionary time scales the fossil data seems to indicate that
phenotypic evolution occurs in short bursts that are separated by long periods of pheno-
typic stasis. Such behavior has recently also been observed on much shorter time scales
in the evolution of bacterial colonies[37]. There, the epochal behavior occurred both on
thelevel of fitness (reproductionrate) and a phenotypictrait (cell size). The behavior has
also been observed in the evolutionary dynamics of replicating computer programs[1],
where innovations correspond to the sudden increase of the reproduction rate of these
computer programs. In computer simulations of in vitro evolution of biomolecules, such
epochal evolution seemsto be acommon occurrenceaswell. For instancein cases where
RNA sequences are evolving towards a certain secondary structure [47, 79]. And finaly,
it is also commonly observed in the behavior of evolutionary search agorithms, for in-
stance in the evolution of cellular automata toward performing a certain computational
task [22]. In those evol ution experiments, the innovations correspond to sudden changes
in the dominant types of computational strategies that occur in the population.

In general, the epocha behavior in natural and artificial evolutionary systems can
be the result of a variety of different mechanisms. In this thesis, we focus on some
mechanisms that we believe may be responsible for much of the observed metastabil-
ity in evolutionary systems. These mechanisms for epochal evolution are now briefly
introduced.

On an abstract level, the different mechanisms take on the same mathematical form,
which results from an interplay between the finite sizes of evolving populations, and
the expected flow of these populations through the state space of macroscopic variables.
That is, from the original microscopic dynamics on the level of the genotypes one con-
structs an expected dynamics on the level of the macroscopic variables of interest. The
state space on this macroscopic level then consists of all possible population distribu-
tions over these macroscopi ¢ variables—such as, fitness or phenotypictraits. For afinite
population such a state space is a discrete lattice; the percentage in the population of a
certain macrovariable must be a multiple of the inverse population size. Metastability
occurs when the expected flow through this state space is small in comparison to the
state space lattice spacing, which is equal to the inverse population size.

On amore concretelevel, such small flows occur when the expected number of indi-
viduals of a certain macroscopic typethat is produced per unit time is much smaller than
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one. Thisisquitelikely to happen for macroscopic typesthat are rare in genotype space,
since genotype spaces are generally much larger than population sizes. That is, even
if the population spreads uniformly through genotype space, it can only visit a minute
fraction of this space, so that rare macroscopic typeswill not be generated for long peri-
ods of time. Still, there might be different reasons for the low rate of production of these
rare macroscopic types. Most prosaically put, their production may be inhibited because
evolutionary forces are keeping the popul ation from approaching them or, alternatively,
they may just be hard to find since the evolving population has no way of directing itself
towards them. Let us briefly review these two distinct mechanisms in the context of
popul ations evolving under selection and mutation in a constant environment.

The first of these two mechanisms is the most commonly evoked explanation for
metastability in evolving populations and involves the notion of a fitness barrier. As-
sume that the most-fit genotype occurring in the populationisfitter than any of itssingle
mutant neighbors. Selection then concentrates the population around thislocal optimum
in genotype space. In thisway, the populationis kept from even higher-fitness genotypes
by a“valley” of low-fitness genotypes around the local optimum at which it is currently
located. Note that in this fitness barrier mechanism, the population is metastable on the
microscopic level of the genotypes themselves. The evolutionary dynamics of crossing
such fitness barriers is the topic of chapter 8. In most of this thesis, however, it is the
alternative mechanism—that in which higher fitness types are simply hard to find—that
is studied.

The central concept involved in this aternative mechanism is the occurrence of neut-
rality in the genotype-to-phenotype and genotype-to-fitness mapping over the micro-
scopic genotype space. The concept will be discussed in more detail later. For now it
suffices to point out how it is involved in bringing about the epocha evolutionary dy-
namics. The main idea is that there are large degeneracies in the genotype-to-fitness
mappings. That is, there are many more genotypes than there are distinct fitness types.
Neutrality refers to the fact that (almost) any genotype in genotype space has one or
more mutant neighborsthat are neutral to it with respect to fitness. Instead of the fittest
individuals in the population occurring at a local optimum in genotype space, trapping
the population genotypically around thislocal optimum, neutrality causes the population
to diffuse through neutral subbasins of equal fithess genotypes. Since genotypes with
even higher fitness might be rare, the population may have to search through this sub-
basin for along time until aportal is discovered to agenotype of higher fitness. Nothing
keeps the population from visiting these higher fitness genotypes, they are just hard to
find. We refer to this situation as an entropy barrier. Note also that in this case the
metastability does not occur on the microscopic level of genotypes, but only occurs on
acoarser level of phenotypesor fitness.

This mechanism for metastability received increasing attention recently [6, 47, 77,
79, 108]. A growing consensus has devel oped that neutrality is acommon occurrencein
genotype-to-phenotype and genotype-to-fitness mappings that typically occur in biolo-
gical systems. Theideagoes back to Kimura's contention that most evolutionary change
at the genotypelevel isselectively neutral [91]. Morerecently, “biological” genotype-to-
phenotype mappings have been studied in much more detail. Large scale neutrality was
observed both in the sequence to secondary-structure mapping of RNA [48, 65, 126] and
in sequence to structure mappings of proteins [3, 9]. Neutrality seemsto commonly oc-
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cur in combinatorial optimization problems [22] as well, especially when thereis some
redundancy in the coding of candidate solutions.

Since neutrality seemsto be so common in the fitness functions of evolutionary sys-
tems, we believe that the epochal evolutionary dynamics caused by the entropy barriers
that it induces might be a common occurrencein experimental and natural systems, and
play arolein the metastable behavior of many of the different evol utionary systems men-
tioned above. Much of the analysisin thisthesisis concerned with studying in detail the
dynamics of epochal evolution in selective environmentsthat possess neutrality.

1.4 Outlineof the Thesis

Chapter 2 gives a general introduction to the conceptual foundations of deriving mac-
roscopic laws from underlying microscopic laws. Such “macroscopic”’ laws are very
common in physics; any useful physical law that has direct applications is amost al-
ways a macroscopic (approximate) law. Historicaly, statistical mechanics might be
considered the first theory that attempts to formalize deriving macroscopic laws from
the underlying microscopic ones. It has been very successfully applied to systems in
thermodynamic equilibrium. Unfortunately, the conceptual foundations of the statistical
mechanics approach have been, and to a certain extent still are unnecessarily muddied.
Since the statistical mechanics framework is going to be used in this thesis on systems
relatively far removed from the kind of systems normally studied in statistical physics,
it isimportant to get these conceptual issues laid out very transparently. Thisiswhat is
being attempted in chapter 2. The exposition is based on the idea that statistical mech-
anicsisaspecial example of ageneral method of statistical inferencethat goes under the
name of the maximum entropy method. As will also be discussed, this methodology is
intimately related to information theory. The chapter ends with some comments on the
(inrelevance of the second law of thermodynamicsfor evolutionary systems.

In chapter 3 we first describe in more detail the kind of evolutionary systems that
will be studied in this thesis. In particular, we describe the general type of microscopic
equations of motion that is obeyed by these systems. After that, we discuss what kind
of macroscopic variables seem reasonabl e candidates in the context of evolutionary sys-
tems, and how the maximum entropy methodology is applied in these situations. In
particular, we derive the general form of the macroscopic equations of motion that are
used throughout the applications in this thesis. We then describe how metastability is
induced by finite populationsin this framework. Finaly, this chapter describes the gen-
era view of the dynamicsthrough macroscopic state space in epochal evolution that has
arisen from the analysis in this thesis. Specifically, the sudden innovations in epochal
dynamics correspond to the unfolding of new macroscopic, i.e. fitness or phenotypic,
dimensions. This unfolding of a new dimension in macroscopic state space can, to a
certain extent, also be identified with phase transitions through a dynamic symmetry
breaking on the microscopic level of the dynamics, i.e. onthelevel of genotypes. In this
way, the epochal evolution unfolds its macroscopic state space over time through evol-
utionary innovations. This view on the evolutionary dynamics seems especially nice
since it can accommodate more naturally the conception of evolution as a dynamic open
ended process that doesn't take place in an a priori defined state space, but builds its
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effective state space as it goes along. As an aside, it is aso consonant with the literal
meaning of the word evolution as unfolding.

Chapter 4 presentsin detail our statistical dynamics approach to amodel of asimple
evolutionary system. In particular, we study the dynamics on the level of fitness of a
“genetic algorithm” on a set of fitness functions known as Royal Road fitness functions.
These fitness functions divide the genotype space into arelatively small number of nes-
ted neutral subbasins, and the epochal dynamicsis the result of the entropy barriers that
are generated in this way. We analyze where in the space of fitness distributions the
epochs occur and study the stochastic finite population dynamicsin these areas using a
linearization of the dynamics together with a diffusion equation approach. This allows
us to calculate many quantitative features of the epochal dynamics on these sets of fit-
ness functions such as fitness fluctuations during epochs, the shape of innovation curves
between epochs, epoch stability and destabilization times. We also study and give ap-
proximations to the average durations of the metastable epochs. The quantitative theory
is then used to understand a wide range of qualitatively different dynamical behaviors
that evolving populations exhibit on this class of fitness functions under changes of the
evolutionary parameters.

This analysis is then used and extended in chapters 5 and 6 to derive optimal evol-
utionary parameter settings for epochal evolutionary search. That is, we derive how to
set mutation rates and population sizes such that evolving populations will on average
reach the globa optimum as quickly as possible. In these chapters we thus study the
evolutionary dynamics particularly in the context of evolutionary search algorithms. To
model the epochal evolution, we use aclass of fitness functionsthat we have called Royal
Saircase fitness functions, which are closely related to the Roya Road functions stud-
ied in chapter 4. These functions too consist of nested neutral subbasins of increasing
fitness. Apart from providing quantitative predictions, the understanding of the general
mechanisms involved in parameter optimization should have relevance to more general
evolutionary-search settings. In chapter 5 we also study in more detail the role of cros-
sover for evolutionary search in systems that show epochal evolution. Comparison of
the scaling of the total number of fitness function eval uations needed to reach the global
optimum with those for hill climbing algorithms are also made. In chapter 5 we focus
mainly on the optimization of the mutation rate, while in chapter 6 we focus on the
population size effects which turn out to be mainly related to destabilization of epochs
due to finite population size. At the end of chapter 6 we discuss in more generality how
the evolutionary dynamics effectively induces a coarse graining of the fitness function
on which the population evolves. We relate this to the question of what kinds of fitness
functions may be efficiently searched by an evolutionary agorithm.

In chapter 7 we move away from studying the dynamics of populations between
different neutral subbasins and study the dynamics of an evolving population within
a single neutral subbasin. Such neutral subbasins are generally referred to as neutral
networks within the theory of molecular evolution. We describe a general neutral sub-
basin/network architecture by a graph embedded in genotype space and study how an
evolving population distributes itself over such a neutral network. The analysis shows
that this distribution is independent of evolutionary parameters such as mutation rate
and population size and is a function only of the topology of the neutral network. Ad-
ditionally, the theory shows that the population will evolve a mutational robustness (the
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insensitivity of the phenotype to mutations) that is higher than if the population were to
spread randomly over the neutral network. The independence of this mutational robust-
ness to the evolutionary search parameters then allows us to classify neutral network
topologies according to the mutational robustness that they generate. Finaly, we dis-
cuss the possibility of in vitro or in vivo experiments that would allow one to infer the
topology of neutral networks of biomolecules from simple population statistics.

Inmost of thisthesis, we have studied metastability in the context of entropy barriers
in genotype space. The general occurrence of fitness barriers and local optima are how-
ever the more traditionally invoked explanations for the occurrence of metastability in
the population dynamics. In chapter 8 we turn to studying this mechanism for metasta-
bility so asto be able to compareit with the metastability caused by entropy barriers. In
thefirst parts of the paper we define simpl e fitness functionsthat consist of asinglelocal
optimum, afitness “valley” and a portal genotype. We then study in detail the dynamics
of crossing this single fithess barrier between the local optimum and the portal using a
branching process approach. We derive accurate analytical expressions for the barrier
crossing time as a function of the evolutionary parameters and the parameters defining
the fitness function, i.e. barrier height and width. We then also derive the rough scaling
behavior of these barrier crossing times. Notably, we show that these barrier crossing
times scale very differently from the barrier crossing times typically found in physics
(such as the waiting time for a physical system to cross an energy barrier). We discuss
how these different scalings arise and clarify the danger in the “landscape’ metaphors
so often used in evolution theory. We then study in more detail the dynamics of entropy
barrier crossing and in particular show that the waiting times for entropy barrier crossing
exhibit anomal ous scaling in both population size and mutation rate.

In the second half of the paper we combine our previous statistical dynamics ana
lysiswith thefitness barrier crossing analysisto study the general metastabl e population
dynamicsin fitness functionsthat contain both fitness and entropy barriers. Thesefitness
functions are called Royal Staircase with Ditches and provide a further extension of the
class of fitness functions that we study. This wide class of fitness functions alows usto
compare the fitness and entropy barrier crossing times directly within the same model
setting. Theanalysis shows clearly how much faster entropy barrier crossing occursthan
fitness barrier crossing. The analysisthus quantifies the intuitive idea that the possibility
for further evolution of a population is largely determined by where neutral evolution
may takeit.

Finally, a short comment on the methodol ogy followed in most of this thesis. Gen-
eraly, wefirst define aset of microscopic evolutionary equations of motion whose mac-
roscopic behavior on the level of, for instance, fithess we want to understand. After that,
we present our theoretical approach that attempts to quantitatively describe and predict
this macroscopic behavior. Finally, we compare our predictions with results from simu-
lations of the precise microscopic equationsof motion. In particular, apart from showing
parameter values for which our predictions are in accordance with simulation data, we
also study where in parameter space our predictions break down, and why they do so.
We feel that thislast step is essentia for giving our results the power of generalization.
By analyzing the regime of validity of the theory, we are immediately pointed to the re-
strictions on the theoretical results. Additionally, these restrictions may point the way to
further improvements of the theory. Without this, it seems that theoretical developments
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may start to suffer from inbreeding; it may become a theoretical game that relates to
nothing whatsoever but itself.
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