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THE QUASISPECIES REGIME
FOR THE SIMPLE GENETIC ALGORITHM
WITH RANKING SELECTION

RAPHAEL CERF

ABSTRACT. We study the simple genetic algorithm with a ranking selection
mechanism (linear ranking or tournament). We denote by £ the length of the
chromosomes, by m the population size, by pc the crossover probability and by
pay the mutation probability. We introduce a parameter o, called the strength
of the ranking selection, which measures the selection intensity of the fittest
chromosome. We show that the dynamics of the genetic algorithm depends in
a critical way on the parameter

7 =o(l—po)(1—pum)t.
If # < 1, then the genetic algorithm operates in a disordered regime: an
advantageous mutant disappears with probability larger than 1—1/ mP, where
[ is a positive exponent. If 7 > 1, then the genetic algorithm operates in a
quasispecies regime: an advantageous mutant invades a positive fraction of the
population with probability larger than a constant p* (which does not depend
on m). We estimate next the probability of the occurrence of a catastrophe
(the whole population falls below a fitness level which was previously reached
by a positive fraction of the population). The asymptotic results suggest the
following rules:
e 7 =0(1—pc)(1—pur)t should be slightly larger than 1;
e pys should be of order 1/¢;
e m should be larger than £1n¢;
e the running time should be at most of exponential order in m.
The first condition requires that ¢pys + pc < Ino. These conclusions must be
taken with great care: they come from an asymptotic regime, and it is a formi-
dable task to understand the relevance of this regime for a real-world problem.
At least, we hope that these conclusions provide interesting guidelines for the
practical implementation of the simple genetic algorithm.

1. INTRODUCTION

Genetic algorithms are search procedures based on the genetic mechanisms which
guide natural evolution: selection, crossover and mutation. The most cited initial
references on genetic algorithms are the beautiful books of Holland [25], who tried
to initiate a theoretical analysis of these processes, and of Goldberg [22], who made
a very attractive exposition of these algorithms. The success of genetic algorithms
over the years has been amazing. They have been used to attack optimization
problems of every possible kind. Numerous variants, extensions and generalizations
of the basic genetic algorithms have been developed. The literature on genetic
algorithms is now so huge that it is beyond my ability to compile a decent reasonable
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review. Unfortunately, the theoretical understanding of the mechanisms at work in
genetic algorithms is still far from satisfactory.

We study here the simple genetic algorithm with a ranking selection mechanism.
Ranking selection means that the selection mechanism depends only on the rank-
ing of the chromosomes according to the fitness function. We consider mainly two
popular selection mechanisms: linear ranking selection and tournament selection.
The simple genetic algorithm operates on binary strings of length ¢, called the
chromosomes. The population size is denoted by m. We use the standard single
point crossover and the crossover probability is denoted by pc. We use independent
parallel mutation at each bit and the mutation probability is denoted by pp;. We
introduce a parameter o, called the strength of the ranking selection, which mea-
sures the selection intensity of the fittest chromosome. For linear ranking selection
with parameters n~,n™, the strength of the ranking selection ¢ is equal to n*. For
tournament selection with parameter ¢, the strength of the ranking selection o is
equal to t. We show that the dynamics of the simple genetic algorithm depends in
a critical way on the parameter

7 = o(1—pe)(1 - pur)".

Heuristically, the parameter m might be interpreted as the mean number of off-
springs of the fittest chromosome from one generation to the next. We prove the
following results:

o If 1 < 1, then the genetic algorithm operates in a disordered regime: an advan-
tageous mutant disappears with probability larger than 1 — 1/m”, where 3 is a
positive exponent.

o If 7 > 1, then the genetic algorithm operates in a quasispecies regime: an ad-
vantageous mutant invades a positive fraction of the population with probability
larger than a constant p* (which does not depend on m).

These results hold in the limit of large populations, when m grows to co. One is nat-
urally led to think that the parameters of the genetic algorithm should be adjusted
so that 7 is larger than 1. Yet we think that the most interesting regime is when m
is only slightly larger than 1. Indeed, in order to increase m, the mutation and
crossover probabilities pa; and po should be decreased and this would slow down
the exploration of the space. However an efficient search procedure should realize a
delicate balance between the exploration mechanism and the selection mechanism.
This general idea is present in numerous works dealing with random optimization
[38,47,[53]. Another reason is that we wish to avoid the premature convergence
of the genetic algorithm, i.e., an excessive concentration of the population on the
current best chromosome. This problem has been encountered in practice and it
is discussed in several works on genetic algorithms (see for instance [46,67.58]). Tt
seems therefore more judicious to choose “large” values of py; and pec compatible
with the condition 7= > 1. This means that the mutation probability should be of
order 1/¢; more precisely, the condition 7 > 1 implies that

Ipapr +pe < Ino.

In particular, the crossover probability cannot be too large in order to avoid the
disordered regime. It has already been observed in the practice of genetic algorithms
that it is sensible to take the mutation probability pps of the same order as 1/¢.
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Another outcome of our study concerns the occurrence of catastrophes and the
influence of the population size. Loosely speaking, a catastrophe occurs if the
whole population falls below a fitness level which was previously reached by a
positive fraction of the population. A straightforward strategy to prevent the oc-
currence of catastrophes is to use “elitism”, i.e., to retain automatically the best
chromosome from one generation to another. Yet, in the quasispecies regime, the
simple genetic algorithm is robust enough to avoid catastrophes for a very long
time. We prove that, when m > 1, a catastrophe occurs typically after a number
of generations which is of exponential order in m, in fact of order exp(c*m), where
c* is a constant depending on 7 only. With a small population size, the danger is
that a catastrophe might occur before the genetic algorithm succeeds in finding an
advantageous mutant. Thus the genetic algorithm will work efficiently only if the
population size is sufficiently large. Suppose that the population is stuck on a local
maximum. The typical time to discover an advantageous mutant is of order pJT/[A,
where 0 < A < £ and A depends on the current population (rigorous estimates
were derived in [5]). We wish to ensure that, with high probability, this discovery
will occur before a catastrophe. So we should have

A 1
m > —In—.

c Py
A natural strategy would be to take m very large. Yet there is another practical
constraint: we wish to minimize the number of evaluations of the fitness function.
Therefore we aim for the smallest population size compatible with the desired goal.
To take into account these contradictory constraints, we suggest that the parameters
o,pc,pm, L, m should be adjusted according to the following rules:

o 7 =0(1—pc)(1 — pyr)* should be slightly larger than 1;

e pys should be of order 1/4;

e m should be larger than ¢1n ¢,

e the running time should be at most of exponential order in m.

These conclusions must be taken with great care: they come from an asymptotic
regime, and it is a formidable task to understand the relevance of this regime for
a real-world problem. At least, we hope that these conclusions provide interesting
guidelines for the practical implementation of the genetic algorithm.

We also provide sufficient conditions on the fitness function f ensuring that,
starting from any population, the hitting time of the optimal chromosomes is poly-
nomial in ¢. We close with a condition ensuring the concentration of the invariant
probability measure of the genetic algorithm on populations containing optimal
chromosomes. This condition reads:

c*
6 )
Here ¢* and mg are constants depending on 7 only. This result is certainly less rel-
evant in practice than the previous ones, however it demonstrates the asymptotic
validity of the genetic algorithm and it is reassuring to know that the genetic algo-
rithm works in this asymptotic regime. The other good news is that this condition
holds uniformly with respect to the fitness function. Hence a population of size of
order £In/ is enough to search an arbitrary function on the space {0, 1 }.

m=0cl-po)l—pn)' >1, pu > m>mg, m>cnl.



6020 RAPHAEL CERF

By the way, the results obtained here vindicate a conjectural picture outlined in
[6]; namely, the genetic algorithm running on a fitness landscape is a finite pop-
ulation model, approximating an infinite population model. This infinite model
presents several phase transitions, depending on the geometry of the fitness land-
scape. In a way, there is a phase transition associated to each local maximum.

The results presented here have been derived with the help of ideas coming
from the quasispecies theory. In 1971, Manfred Eigen analyzed a simple system of
replicating molecules and demonstrated the existence of a critical mutation rate,
called the error threshold [16]. This fundamental result led to the notion of quasispe-
cies developed by Eigen, McCaskill and Schuster [I7]. If the mutation rate exceeds
the error threshold, then, at equilibrium, the population is completely random. If
the mutation rate is below the error threshold, then, at equilibrium, the population
contains a positive fraction of the Master sequence (the most fit macromolecule)
and a cloud of mutants which are quite close to the Master sequence. This specific
distribution of individuals is called a quasispecies.

Several researchers have already argued that the notion of error threshold plays
a role in the dynamics of a genetic algorithm. This is far from obvious, because
Eigen’s model is formulated for an infinite population model. However there is
evidence that a similar phenomenon occurs in finite populations as well, and also in
genetic algorithms. In her PhD thesis [38], Ochoa demonstrated the occurrence of
error thresholds in genetic algorithms over a wide range of problems and landscapes.
This very interesting work is published in a series of conference papers [37L[39H44].
One of the most interesting and inspiring works on the theory of genetic algorithms
that I have read over the last years is the series of papers by van Nimwegen, Crutch-
field and Mitchell [5IH55]. In these papers, the authors perform a theoretical and
experimental study of a genetic algorithm on a specific class of fitness functions.
Their analysis relies on techniques from mathematical population genetics, molec-
ular evolution theory and statistical physics. Among the fundamental ingredients
guiding the analysis are the quasispecies model, the error threshold and metasta-
bility. In the last work of the series [53], van Nimwegen and Crutchfield describe an
entire search effort surface and they introduce a generalized error threshold in the
space of the population size and the mutation probability delimiting a set of pa-
rameters where the genetic algorithm proceeds efficiently. In a genetic algorithm,
the crossover operator complicates the dynamics and either it shifts the critical
points or it creates new ones. This phenomenon has been observed independently
by Rogers, Priigel-Bennett and Jennings [47] and by Nilsson Jacobi and Nordahl
[26].

A version of the quasispecies theory was recently worked out in the context of a
classical model of population genetics, namely the Wright—Fisher model [71[0]. The
Wright-Fisher model corresponds exactly to a genetic algorithm without crossover.
Let us explain briefly why quasispecies theory is relevant to understand the dynam-
ics of a genetic algorithm. Typically, on a complicated landscape, the evolution of
the genetic algorithm proceeds by jumps. The population stays for a long time
exploring the space around the current best fit chromosome, until it discovers a
better chromosome. If this discovery time is very long, the process reaches a local
equilibrium and the distribution of the population looks like a quasispecies. Our
goal here is to estimate the persistence time of this quasispecies, i.e., the time the
quasispecies stays alive until it is destroyed by a catastrophe. The persistence time
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depends in a complicated way on the structure of the fitness landscape. The per-
sistence time depends also on the population size. If the population size is large,
the genetic algorithm will be able to keep an interesting quasipecies alive for a long
time, long enough until a new advantageous mutant is discovered and creates a new
quasispecies. We shall obtain a simple lower bound on the persistence time of the
fittest chromosomes by comparing the genetic algorithm with a family of simpler
processes, which are amenable to rigorous mathematical analysis.

A very interesting conclusion of [53] is the existence of a critical population size
below which it is practically impossible to reach the global optimum. A similar
conclusion was obtained in the simpler framework of the generalized simulated an-
nealing [§]: within a specific asymptotic regime of low mutations and high selection
pressure, the convergence to the global maximum could be guaranteed only above
a critical population size. The approach presented here confirms this prediction.
The genetic algorithm is very unlikely to reach the global optimum if the popula-
tion size is too small. If the population size is too large, the genetic algorithm will
evolve slowly and will require too many evaluations of the fitness function. The
optimal population size seems to depend strongly on the optimization problem. In
any case a population size of order ¢*£1In ¢ should be enough to search the space of
chromosomes of length ¢ (here again ¢* is a constant depending on 7 only).

Technically, we study the genetic algorithm within the framework of the theory of
Markov chains. It has been noted numerous times in the literature that a genetic
algorithm is conveniently modelled as a Markov chain. Several researchers have
studied genetic algorithms in this context, here is a selection of works belonging
to this line of research: [214][15]23]B0H32]B34H3648-50,56,58]. Unfortunately, the
transition matrix is very complicated and the resulting formulas are intractable.
Our strategy is to consider a specific asymptotic regime. Twenty years ago, in [§],
an asymptotic regime corresponding to the simulated annealing was studied. In
this regime, the space { 0,1}’ and the population size were kept fixed, while the
mutation probability was sent to 0 and the selection strength to oo. It was then pos-
sible to analyze precisely the asymptotic dynamics of the population. Several other
interesting results have been obtained in this regime, in particular, the understand-
ing of the asymptotic dynamics helped to design potentially more efficient variants
of the genetic algorithm [10)[19}20,45]. Although this regime made it possible to
derive rigorous convergence results, it turned out to be irrelevant in practice, be-
cause it is certainly not the correct regime of parameters to run efficiently a genetic
algorithm. Another interesting approach based on the Feynman—Kac formula was
developed by Del Moral and Miclo [ITHI3]. Several other works have considered
other asymptotic approximations on specific fitness landscapes [3L4,[14,[33]. Here
we consider the asymptotic regime corresponding to the quasispecies theory in a
finite population, namely:

e The size m of the population goes to oc.

e The length ¢ of the chromosomes is large.

e The mutation probability is of order 1/¢.

We are able to derive various estimates in this specific asymptotic regime. We
hope that these results will be relevant in practice. The proofs use various tools

from the theory of Markov chains: coupling techniques, Galton—Watson processes,
large deviations estimates, Poisson approximation. The main strategy of the proofs
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is to analyze the evolution of the most fit chromosomes, and more precisely the
number of their descendants which are not altered by mutation and crossover. This
evolution is described by an auxiliary Markov chain which is adequately coupled
with the genetic algorithm. The study of this auxiliary chain rests on several ideas
which were developed in the Freidlin-Wentzell theory and in the analysis of the
simulated annealing.

The main results are stated in the section The simple genetic algorithm is
briefly explained before presenting the main results and it is formally described in
section[3l The remaining sections are devoted to the proofs. In sectiond we build a
coupling for the genetic algorithms starting with different populations. In section [
we develop stochastic bounds to study the disordered regime. In section [6 we build
an auxiliary chain and we study its dynamics. This auxiliary chain keeps track of
the evolution of the quasispecies within the genetic algorithm. Section [7 contains
the final proofs of the main theorems. Several classical results from probability
theory are gathered in the appendix.

2. MAIN RESULTS

In this section, we provide a brief description of the simple genetic algorithm
and we present our main results. The goal of the simple genetic algorithm is to
find the global maxima of a fitness function f defined on {0,1}* with values in R.
The genetic algorithm starts with a population of m points of {0, 1}, called the
chromosomes, and it repeats the following fundamental cycle in order to build the
generation n + 1 from the generation n:

Repeat
e Select two chromosomes from the generation n.
e Perform the crossover.
e Perform the mutation.
e Put the two resulting chromosomes in generation n + 1.

Until there are m chromosomes in generation n + 1.

When building the generation n+1 from the generation n, all the random choices are
performed independently. Therefore, the above algorithmic description is equivalent
to the parallel version described in section Bl Let us describe more precisely the
selection, crossover and mutation steps.

Selection. We use ranking selection, meaning that the chromosomes are ordered
according to their fitness, and they are selected with the help of a probability
distribution which depends only on their rank. In case there is a tie between
several chromosomes, we rank them randomly (with the uniform distribution over
all possible choices). We consider mainly two popular selection mechanisms: linear
ranking selection and tournament selection. The linear ranking selection depends
on two parameters n~,n7 satisfying 0 < n~ <nt, n~ + 1t = 2 and we have

P(selecting the (m — i+ 1)fth) _ %(77_ F ot =) i—1 ) .

best chromosome 1
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The tournament selection depends on an integer parameter ¢ satisfying 2 <t < m

and we have
(selecting the (m — i + 1)7th) 1
P =
best chromosome

(i' = (i —1)").

We introduce a parameter o, called the strength of the ranking selection. In the
cases we consider, the parameter ¢ is equal to the limit

mt

o = lim me(

the selection operator chooses the best)
m—00 ’

fit individual present in the population

For the linear ranking selection, the strength of the ranking selection o is equal to
n*. For the tournament selection, the strength of the ranking selection o is equal
to t.

Crossover. We use the standard single point crossover and the crossover proba-
bility is denoted by pc:

P 000 011|011 001 . 000——011|001——111} _ Pc
100——110{001——111 100——110{011——001 -1

Mutation. We use independent parallel mutation at each bit and the mutation
probability is denoted by pas:

P(OOOOOOO — 0101000) = ph(1—pu)°.

We state next the main results in the form of six theorems. The first two theorems
show that the dynamics of the genetic algorithm depend in a critical way on the
value of

m=o(1l-pc)(l—pu).
If # < 1, the most fit chromosome is very likely to disappear before kInm gener-
ations. If 7 > 1, the most fit chromosome has a positive probability (independent
of m) to invade a positive fraction of the population. Heuristically, the parameter 7

can be interpreted as the mean number of offsprings of the fittest chromosome from
one generation to the next.

The disordered regime. We consider the fitness function f defined by

2 ifu=1---1,

1 otherwise.

Vu € {0,1}¢ flu) = {

This corresponds to the sharp peak landscape. The chromosome 1---1 is called the
Master sequence. We start the genetic algorithm from the population x( containing
one Master sequence 1---1 and m — 1 copies of the chromosome 0-- -0, i.e.,

1 -+ 1
0 --- 0

o =
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Theorem 2.1. Let m < 1 be fixred. We suppose that the parameters are set so that
{=m and o(1—pc)(1—pr)t = 7. There emist strictly positive constants k, 3, mg,
which depend on 7 only, such that, for the genetic algorithm starting from x,

the Master sequence 1---1 1
Ym > myg P | disappears from the population | > 1 — —.
before kInm generations m

This theorem furnishes an example where the genetic algorithm performs poorly,
even for large populations. To build this example, we take £ = m and we work with
the sharp peak landscape. To prove Theorem [2.I] we shall bound from above the
number of Master sequences present in the population with a subcritical Galton—
Watson process of parameter 7.

The quasispecies regime. We consider an arbitrary fitness function f. We start
the genetic algorithm from an arbitrary population zy. Let f; be the maximal
fitness in xg, i.e.,

fo = max f(xo(z))

1<i<m

Theorem 2.2. Let w > 1 be fized. We suppose that the parameters are set so that
o(1—pc)(1—par)t = m. There exist strictly positive constants V*,p*, which depend
on T only, such that, for the genetic algorithm starting from xg, for any £,m > 1,

until the generation exp(V*m)
P | the population always contains a chromosome | > p*.
with fitness larger than or equal to f§

To prove Theorem 221 we couple the genetic algorithm with an auxiliary chain
on the integers, which bounds from below the evolution of the most fit chromosomes
in the population. When 7 is strictly larger than 1, this chain can be seen as a
stochastic perturbation of a deterministic map, which has one stable fixed point p*.
Theorems 23] 2.4] are obtained in the same way, they are consequences of more
refined results on the dynamics of the auxiliary chain.

The catastrophes. We consider next an arbitrary fitness function f and we start
the genetic algorithm from an arbitrary position. For A € R and a population =z,
we define N(x,\) as the number of chromosomes in x whose fitness is larger than
or equal to A:

N(z,A) = card {i e {1,....,m}: f(z(i)) > A}.
Fori € {1,...,m} and z € {0,1}, we define A(z,1) as the fitness of the i—th best
chromosome in the population x:

A(z,i) = max { € R: N(z,\)>i}.

We denote by X,, the population of the genetic algorithm after n iterations.

Theorem 2.3. Let m > 1 be fixed. There exist strictly positive constants p*, c¢*, my,
which depend on 7 only, such that: for any fitness function f, any set of parameters
{,pc, vy satisfying o(1 — pe)(1 — par)t = m, for any m > myg, for the genetic
algorithm starting from an arbitrary population, we have

P (Vn <exp(c*m) max f(X,(i)) > max A(X,, \_p*mj))

1<i<m 0<s<n

> 1—exp(—c'm).
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It might be that p* is very small, especially if 7 is close to 1. We point out that
the sequence

Org;eLS)(?LA(XS, Lp*mJ)

is non—decreasing with respect to the time n. Thus, with very high probability,
until time exp(c*m), the maximal fitness observed in the population stays above a
non—decreasing sequence. We say that a catastrophe occurs at time n if

ma; X, (1 max A(Xs, |p* .

max f(Xa(9) < max A(X, [p*m])
This means that the maximal fitness in generation n has fallen below a fitness level
which had been previously reached by a fraction p* of the chromosomes. In other
words, a quasispecies has been destroyed before a better chromosome has been
found.

Hitting time of optimal chromosomes. We denote by H the Hamming distance
between two chromosomes:

Yu,v € {0,1} H(u,v) = card {j:1<j <0 u(j)#v(j)}.

For \ € R, we define L()) as the set of the points in { 0,1 }¢ having a fitness larger
than or equal to A:

L) = {ue{0,1}": flu)>\}.
For A\ <+, we define A(}A,) as the maximal distance between a point of L(\) and
the set L(7), i.e.,

A\ = in H(u,v).
O = ) ) ey

Let 7* be the hitting time of the set of the populations containing optimal chromo-
somes, i.e.,

™ =min {n>1:3i€{1,....,m} f(X,(i)) = max {f(u):ué{(),l}g}}.
We give next a theoretical upper bound on the expected value of 7*.

Theorem 2.4. Let m > 1 be fized. There exist constants c¢*, k*, mg, which depend
only on m, such that: for any set of parameters £, pc, ppyr, m satisfying

C*
7 )
for the genetic algorithm starting from an arbitrary population, for any increasing
sequence Ao < --- < A, such that

X =min { f(u):ue{0,1}}, N\ = max{f(u):ue{0,1}"},

we have

U(l—PC)(l—PM)ZZW, PM 2 m>my, m>cllnl,

r—1
E(r") < 2+ H*(lnm)m2 Z(pM)*A()"“A’““) .
k=0
In the next result, we make a strong structural hypothesis on the fitness land-
scape and we obtain a bound on 7* which is polynomial in ¢.

Theorem 2.5. Let v, A > 1. Suppose that the fitness function is such that there
exists an increasing sequence

AQZ{%}}%ef <A << AN < /\r:{I(I)lélnflf
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with r < 07 and satisfying

Vk‘E{O,...,T—l} A(/\k,/\k+1)§A.
Let m > 1 be fixed. There exist positive constants c¢*, mg, which depend only on w,
such that: for any set of parameters £, pc, par, m satisfying

m=o(l—pe)l=pm)'s pw > 5, mZmo, m>c'Alnt,

or the genetic algorithm starting from an arbitrary population,
th tic algorithm starti bit lati
E(t*) < 2+ (Inm)m200+4

Asymptotic convergence. The bounds on the hitting time of optimal chromo-
somes yield simple estimates for the invariant probability measure of the genetic
algorithm. Let us recall that the invariant probability measure p is given by

v,y e ({0,13)"  ply) = lim P(X, =y|Xo=1).

The invariant probability measure p depends on the fitness function f and the
parameters £, pc, par, m, as well as the selection mechanism.

Theorem 2.6. Let m > 1 be fized. There exist positive constants c¢*,mg, which
depend only on m, such that: for any set of parameters {,pc, pyr, m satisfying

™ =o0(l—pc)(l—pum), pMZ%, m>mg, m>clnl,

for any fitness function f: {0,1}* — R, the invariant probability measure u of the
simple genetic algorithm satisfies

p({z: 1rgnlzgnf(3:(z)) = {I(I)l}éll)fef }) > 1 —exp(—c*m).

This result is certainly less relevant in practice than the previous ones, since it is
extremely difficult to understand the speed of convergence of the genetic algorithm
towards its invariant measure, yet it demonstrates that the genetic algorithm is
successful in this asymptotic regime.

3. THE MODEL

Let ¢ > 1 be an integer. We work on the space {0,1}¢ of binary strings of
length £. An element of { 0,1 }* is called a chromosome. Generic elements of { 0,1 }*
will be denoted by the letters u,v,w. Let m > 1 be an even integer. A population
is an m-tuple of elements of {0,1}*. Generic populations will be denoted by the
letters x, 4y, z. Thus a population x is a vector

x(1)

x(m)
whose components are chromosomes. For i € {1,...,m }, we denote by

x(i,1),...,2(i,0)
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the digits of the sequence x(¢). In this way, a population  can be represented as
an array
z(1,1) - z(L,0)

x(m,1) - x(m,f)

of size m x £ of zeroes and ones, the i—th row corresponding to the i—th chromo-
some of the population. Let f : {0,1}¥ — R be an arbitrary objective function,
traditionally called the fitness function.

Mathematically, a simple genetic algorithm is conveniently modelled by a Markov
chain (X,,)nen with state space ({ 0,1 }Z)m, the space of the populations of m chro-
mosomes. The transition mechanism of the simple genetic algorithm can be decom-
posed into three steps: selection, crossover and mutation. We explain separately
each step.

3.1. Selection. We perform first the selection operation, which consists in selecting
with replacement m chromosomes from the population. To this end, we build a
selection distribution

sel: ({0,1}9)™ x {1,...,m} —[0,1].

The value sel(z, i) is the probability of selecting the i—th chromosome in the popu-
lation 2. We consider only ranking selection mechanisms, hence the value sel(z, 7)
depends only on the ranking of the chromosomes of the population z according
to their fitness. We first define a ranking function, which gives the rank of a
chromosome in a population. Let x € ({ 0,1 }Z)m be a population. We choose a
permutation ¢ of {1,...,m} such that

fa(e(1)) < -+ < fa(a(m))).

The choice of ¢ is not unique in case of ties, when several chromosomes have
the same fitness. It turns out that the way the permutation o is chosen affects
considerably the behavior of the genetic algorithm. We choose the permutation o
randomly, according to the uniform distribution over the set of the permutations o
which satisfy the above condition. The choice of ¢ is done independently from the
other steps of the algorithm, and it is performed again at each selection step. In
particular, each time the process returns to the population x, a new permutation o is
drawn independently, and the ordering of the chromosomes will change accordingly.
We define the rank of the i—th chromosome of the population x as

rank(z,i) = o '(i).

Thus if rank(x, i) = m, this implies that x () has the largest fitness in the population
x, but the converse is false: when the fitness function f is not one to one, a chromo-
some with maximal fitness might get a ranking smaller than m. Once the ranking
function rank(x, ) is built, we need a selection distribution F,, on {1,...,m} to
complete the definition of the selection distribution sel(x,7). A selection distribu-
tion F,,, on {1,...,m} is simply a probability distribution on {1,...,m}. We
define the selection distribution sel(x,i) by setting

Vie{l,...,m} sel(z,i) = Fp,(rank(z,4)).
Throughout the paper, we shall make the following hypothesis on Fy,.
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Hypothesis on F),. There exists a cumulative distribution function F' on [0, 1]
such that
Vs € [0,1] n}gnoo Z Fn(i) = F(s).
i<sm

We suppose that F' is continuous on [0, 1], strictly increasing on [0, 1], convex on
10,1[ and left differentiable at 1. The value of its left derivative at 1 is called the
selection drift and is denoted by o (necessarily o > 1). We suppose that the discrete
derivative of F,,, at 1 converges to ¢ in the following sense:

Ve>0 J6>0 Img>1 VYm>myg Vie{l,...,[émj}
Fm(m—i—i—l)—i—---—i—Fm(m)—ai‘Saoi.
m m

We consider two popular choices for the selection distribution F,.

Linear ranking selection. This selection scheme depends on two parameters
n~,n" which satisfy

0<n <n", n +n" =2
We define the linear ranking selection distribution by
1 1—1
Vie{l,..., Fo(i :_(— +_ -_).
i€f m} (@) = —{n"+ 0" =n")——

The linear ranking selection distribution satisfies the hypothesis with

_ 1 _
F(s) =ns+50m" =n7)s*,  o=n".
Tournament selection. This selection scheme depends on an integer parameter
t satisfying 2 <t < m. We define the tournament selection distribution by

Vie{l,...,m}  Fn(i) = %(it—(i—l)t).

The tournament selection distribution satisfies the hypothesis with
F(s) = s, o=t.

Finally, we draw independently m chromosomes from the population z according
to the selection distribution sel(z,-) to obtain the population after selection. The
stochastic matrix Pg associated to the selection operator is defined as follows. The
probability to select the population y starting from the population x is

Ps(z,y) = ﬁ( Z sel(x,j)).

=1 ju(i)=y(i)

3.2. Crossover. After having selected m chromosomes, we perform the crossover
operation. The crossover depends on a parameter po € [0, 1] and it acts on pairs of
chromosomes. Let us explain how the crossover operator acts on two chromosomes
u,v. With probability 1 — p¢o, there is no crossover and the chromosomes u, v are
not modified. With probability pc, there is a crossover between the chromosomes
u,v. We choose uniformly at random a cutting position k in {1,...,£—1}. A new
pair (u/,v") of chromosomes is formed, where u’ (respectively v’) consists of the
first k digits of u (respectively v) and the last £ — k digits of v (respectively u).
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u = 000 011|011 001 . v’ = 000——011{001——111
v =100 110|001 111 v' = 100——110{011——001

cutting position

Mathematically, this mechanism is encoded in a crossover kernel

C: ({0,137 x ({0,139 = [0,1].

The value C' ((u, v), (v, v )) is the probability that, by crossover, the pair of chro-
mosomes (u,v) becomes the pair (u’,v"). More precisely, we define, for u,v two
chromosomes and k € {1,...,/—1},

switch (k, u,v) = u(1) - u(k)v(k + 1) v(l).

The crossover kernel C' is then equal to

/

(2 () = e

+-PC card{ke{l,...,é—l}:

switch(k:,u, U) =
{—1

switch (k:, v, u) =/

We apply simultaneously the crossover operator on the m/2 consecutive pairs of
chromosomes of a population of size m. The stochastic matrix Po associated to the
crossover operator is defined as follows. The probability to obtain the population
z after performing the crossover starting from the population y is

m/2 . (2 —
e = T4

3.3. Mutation. After having performed the crossover, we perform the mutation.
The mutation depends on one parameter, the mutation probability pas € [0, 1], and
it acts on a single chromosome. Let u be a chromosome. For each k € {1,...,¢},
the digit u(k) is kept unchanged with probability 1 —pjs and it mutates to 1 —u(k)
with probability pas;. These changes are done simultaneously and independently.
Mathematically, this mechanism is encoded in a mutation kernel

M:({0,1})* = [0,1].

The value M (u,v) is the probability that, by mutation, the chromosome u becomes
the chromosome v, and it is given by

M(u,v) = (par)? (1 = par)=H)
where H(u,v) is the Hamming distance between u and v, defined by
H(u,v) = card {j (1 <4 <4 uy) #v(y)}

The stochastic matrix P, associated to the mutation operator is defined as follows.
The probability to obtain the population z’ after performing the mutation starting
from the population z is
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3.4. Transition matrix of the SGA. The fundamental cycle of the simple ge-
netic algorithm consists in applying successively the selection, the crossover and
the mutation operators on the population. Mathematically, the simple genetic al-
gorithm is conveniently modelled by a Markov chain (X, ),en with state space
({ 0,1 }Z)m, the space of the populations of m chromosomes. The transition matrix
Psaa of the simple genetic algorithm is defined by

vr,a’ € ({0,1})"  Psga(e,a’) = P(Xpi =2 | Xo=2).
The matrix Psga is simply the product of the three matrices Py, Pco, Ps, i.e.,
Psga = PsPcPyy, or equivalently,

v,z € ({0,1 }Z)m Psga(z,2') = Z Ps(z,y)Pc(y, 2) Py (z,2')

Y,z

4. COUPLING FOR THE GENETIC ALGORITHM

Throughout the proofs, we rely on various coupling arguments. We will couple
here the simple genetic algorithm starting from any possible initial population. We
first define separately the maps for coupling the selection, crossover and mutation.

Selection. We define a selection map
S: ({0,139 x[0,1] = {1,...,m}

in order to couple the selection mechanism starting with different populations. We
first build a map Z : [0,1] — {1,...,m } which gives the rank of the chromosome
to choose. More precisely, for s € [0, 1[, we set Z(s) = ¢ where 7 is the unique index
in {1,...,m} satisfying

Fn() 4 4+ Fpli—1) < s < Fp(l) 4+ Fp(d).

Next, let # € ({0,1}*)™ and let s € [0,1[. We define S(x,s) = j where j is the
unique index in { 1,...,m } such that rank(z, j) = Z(s). The map S is built in such
a way that, if U is a random variable with uniform law on the interval [0, 1], then,
for any population z, the law of S(x,U) is given by the selection distribution:

Vie{l,...,m} P(S8(z,U) =1) = sel(z,i).

Crossover. We define a map

c: ({0,1}’5)2x{0,1}><{1,...,£—1}—>{0,1}f

in order to couple the crossover mechanism starting with different pairs of chromo-
somes. Let u,v € {0,1} andlet ¢ € {0,1}, k€ {1,...,£—1}. We define

Clu,v,e,k) = {

The map C is built in such a way that, if V, W are two independent random variables
with respective laws, the Bernoulli law with parameter pc and the uniform law on
{1,...,£—1}, then, for any chromosomes u, v, the law of the pair of chromosomes
C(u,v, V,W), C(v,u, V, W) is given by the crossover kernel C:

switch(k,u, v) ife =1,
U ife =0.

!

st () < of(2). ().
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Mutation. We define a map

M {01} x{0,1}* = {0,1}*
in order to couple the mutation mechanism starting with different chromosomes.
Let 1,...,e¢ € {0,1} and let uy,...,us € {0,1}. The map M is defined by
setting

M(51 "'Efaulv"' ,ul) :771 ...ne’
where

. Ej lfuz:O,
Vie{l,...,/ ;=
ied b {1—@- iy = 1.

The map M is built in such a way that, if U',...,U? are ¢ independent random
variables with law the Bernoulli law with parameter p,;, then, for any chromosome
u, the law of the chromosome M (u, U?, ..., U?) is given by the line of the mutation
matrix corresponding to u:

Vo € {0,1} P(M(u,U',...,U) =v) = M(u,v).

Coupling for the genetic algorithm. We will now combine the maps S,C, M
with random inputs in order to couple the genetic algorithm with various initial
conditions. We will build all the processes on a single large probability space.
We consider a probability space (2, F, P) containing the following collection of
independent random variables:

e Uniform on the interval [0,1]: Si, n>1, 1<i<m;

e Bernoulli with parameter ppr: U9, n>1, 1<i<m,1<j</;
e Bernoulli with parameter pc: Vi, n>1, 1<i<m/2;

e Uniform on {1,...,£—1}: Wi, n>1, 1<i<m/2.

The variables having subscript n constitute the random input which is used to
perform the n—th step of the Markov chains. For each n > 1, we build a map

@, ({0,1}9)™ = ({0,1}9)™

in order to realize the coupling between the genetic algorithm with various initial
conditions. The coupling map ®,, is defined by

Ve e ({0,11)"  ®,(2) =

M(C(S(x, L), S(x, 52), VI, W), UL, ... UL
M C(S(:L‘, S?L)’S(xasflz)vvnlawﬁgaU%lv "’Uﬁ’eg
M(C(S(x,53),8(x, S3), V2, W2), U, ... UM
M(C(S(x,80),S(x,83), V2, W2), Ut ... . UL)

M(C(S(x, Sm1), S (@, Sm), Va2 Wity um=11 L gm L
M(C(S(x, ), S (, S=1), Vi 2 Wir /2y umat L ot

The coupling is then built in a standard way with the help of the sequence (®,,),>1-
Let = € ({ 0,1 }é)m be the starting point of the process. We build the process
(Xn)n>o0 by setting Xy = z and

=1 X, = ®,(X,).
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A routine check shows that the process (X,)n>0 is a Markov chain starting from
x with the adequate transition matrix. This way we have coupled the genetic
algorithm with all possible initial conditions.

5. THE DISORDERED REGIME
We consider the fitness function f defined by

2 ifu=1--1,

1 otherwise.

Vu € {0,1}* f(u):{

This corresponds to the sharp peak landscape. The chromosome 1 ---1 is called the
Master sequence. We start the genetic algorithm with the population

1 - 1

o --- 0
Tro =

0O --- 0

and we wish to estimate the probability of survival of the Master sequence. We
denote by (X, )nen the genetic algorithm starting from 2. We shall develop bounds
in the sense of stochastic domination. Let m < 1 be fixed. Throughout the section,
we suppose that £, pc, pas satisfy

o(1-po)(1—pm)" = 7.

5.1. Genealogy. To build a chromosome in the generation n, we select two parents
in generation n — 1, and we apply the crossover and the mutation operators. Thus
each chromosome has two parents in the previous generation. With the coupling
construction, the parents of the chromosomes X,,(2i — 1), X,,(2i) are the chromo-
somes S(X,,_1, 527 1), S(X,_1,5%). The genealogy of a chromosome consists of
all its ancestors until time 0. We define auxiliary random variables in order to
control the progeny of the initial Master sequence. For n > 1,4 € {1,...,m}, we
set M, (7) = 1 if the initial Master sequence appears in the genealogy of X, (i) and
0 otherwise. We denote by M, the vector (M, (1),..., M,(m)) and we define also

The variable T, is the total number of descendants of the initial Master sequence at
time n. Also, let V' be the number of Master sequences present in the population
at time n:

Vn >1 Np =card {ie{l,...om}: X,(i)=1---1}.

We shall next compute stochastic bounds on (7, )nen and (V;f)nen. The process
(T))nen will be controlled by a supercritical branching process, while the process
(N})nen will be controlled by a subcritical branching process.
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5.2. Bound on T,,. By construction, the chromosomes X,,(2¢i—1) and X,,(2¢) have
the same parents; thus, M, (2i — 1) = M,,(2¢) and
m/2
Vn>1 T, = Z oM, (2i) .
i=1

Conditionally on X,,_1, M,,—1, the random variables M, (2i), 1 < i < m/2, are
independent and identically distributed. Let us estimate their parameter:
P(M,(2) =0| Xp—1,My_1)

the selection operator selects two parents
=P in X,,_1 which do not belong to
the progeny of the initial Master sequence

Xn—17 Mn—l

The number of chromosomes in the progeny of the initial Master sequence at time
n —11is T,,_1. The lowest value for the above conditional probability corresponds
to the situation where all these chromosomes are ranked best during the selection
process, therefore
2

P(My(2) = 0| X1, My 1) 2 (Fu(1) 4 Fn(m =Ty 1))

To go further, we need a bound on 7;,_;. Thus we define
T = inf{nzlzTn>m1/4}

and we will study the random variable T},1;, >,}. In order to incorporate the
event {77 > n } in the previous inequality, we condition with respect to the whole
history of the process. Noticing that the event

{Tl Zn} = {To §m1/4,...,Tn,1 §m1/4}
is measurable with respect to the variables Xo, My, ..., X,,_1, M,,_1, we get
P(M,(2)=1, 71 >n|Xy_1,Mp_1,..., X0, My)
= Linyemisa, 1 yemiayP(Mp(2) = 1| Xp_1, My_1,..., Xo, My)
= 1o} P(Mn(2) = 1| Xn1, My_1)

2
e T (1 - (Fm(l) 4ot Fpy(m— Tn,l)) ) .
Using the hypothesis on F},,, we obtain that, for m large enough, there exists 6 > 0

such that

Vie{l,...,[0m]}  Fu(m—i+1)+ -+ Fp(m) < 20—.
m

For m large enough, if 71 > n, then T,,_; < m'/4 < [6m], whence

P(M,(2)=1,71>n|Xp_1,My_1,...,Xo, M)

T, 172 T,
< 1{ﬁ>n}<1— (1—20 1) ) < A(ronydo ml.

m

Proposition 5.1. Let (Z,)nen be a Galton—Watson process starting from Zy = 1
with reproduction law v = 2P(40), i.e., the law v is twice the Poisson law of
parameter 4. For m large enough, we have

Vn >0 Tnl{ﬁzn} = Zy.
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Proof. We recall that < means stochastic domination (see appendix [C). We will
prove the inequality by induction on n. For n = 0, the inequality holds trivially,
since

Tol{.,-lzo} = Z() = 1
Let n > 1 and suppose that the inequality has been proved at rank n — 1. The

previous computation shows that, conditionally on Xgo,My,..., X,_1,M,_1, the
law of T}, 1f 7, >,y is stochastically dominated by the law

28(% do ).

__T’I’Lflﬂ' n
2 m 1Hnzn}

There exists to > 0 such that, for 0 < t < to, we have In(1 — ¢) > —2¢t. Therefore,
for m large enough so that 40m =3/ < t,, we have

do m/2
(1 - _Tn711{71>n}) > exp ( - 40Tn*11{7'1>"}> :
p- > >

By Lemma [CI] we conclude from this inequality that

m 4o
57ETn711{7’12n}> = 2P(40Tn711{712n}) .

Recall also that 7,117 >y} is measurable with respect to the variables Xo, Mo,
.oy Xn_1, M,,_1. Therefore, for any non—decreasing function ¢, we have

E((;S(Tnl{nz”}) |Xn,1,Mn,1,...,X0,MO)
Ta1l{ry>ny

<B(6( Y %)Xt Macrso Xo, Mo ),

k=1

28(

where the random variables (Y)r>1 are independent identically distributed with
law v = 2P (40), and they are also independent of the processes (X, )nen, (M )nen-
The last conditional expectation is a non-decreasing function of T, 11 >p}-
From the induction hypothesis, we have

Tnfll{nZn} < Tnfll{ﬁanl} = Zp-1.

Taking the expectation with respect to X,,_1, M,_1,...,Xo, My in the previous
inequalities, we get

Tn-1l{ri>n}

E(6(Tul(r2ny)) < E(o( kz::l )

< p(o( 3 1)) - B(ot2)
k=1
This completes the induction step. |

In order to exploit Proposition Bl we shall need a bound on 73, which we
compute next.
Proposition 5.2. There exist k > 0, ¢c; >0, my > 1, such that
1

met

vYm > my P(T1</<;1nm) <
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Proof. Let (Z,)nen be a Galton—Watson process as in Proposition [B.Jl We have,
for k>0,

P(ri=k) = P(r1 >k, Ty >m"*) = P(Tilg, 5y >m'/*)
< P(Z;C > m1/4) < m71/4E(Zk) < m71/4(80)k.

We sum this inequality: for n > 1,

n—1 o
—1/4 E 71/4(80) —1
P(rp<n) <m Z(Sa) =m S0 —1 -
k=0
We choose n = kInm, where k is positive and sufficiently small, and we obtain the
desired conclusion. O

5.3. Bound on N;. By definition, we have
m/2
vn>1 Np=> (1{X”(2i—1):1-»-1} + 1{Xn(2i):1»--1}) .
i=1
Let us define, for 1 <i < m/2,

B,(i) = 1y x,2i-1)=1-1} + 1{ x, (2i)=1.-1} -

Conditionally on X,,_;, the variables B, (i), 1 < i < m/2, are independent and
identically distributed. A Master sequence appearing in generation n is either in
the progeny of the initial Master sequence, or it has been created through numerous
mutations and crossover from 0---0. The probability of the first scenario will be
controlled with the help of T,_; (the size of the progeny of the initial Master
sequence in generation n — 1). The second scenario is very unlikely unless n is
large. To control its probability, we introduce the time 75, when a mutant, not
belonging to the progeny of the initial Master sequence, is at distance less than
¢ — /€ from the Master sequence. Let us recall that H(u,v) is the Hamming
distance between the chromosomes u,v. We set

mo=inf {n>1:3i€{1,...;m} H(X,(i),1---1) <L — VI, M,(i)=0}.
We recall that
T = inf{nZl:Tn>m1/4}.
We also set
T0 = inf{nEl:Nﬁ:O}.
We shall compute a bound on N} until time 7 = min(rg, 71, 72).
Proposition 5.3. Let m < 1. We suppose in addition that ¢ = m. For m large
enough, the process
(Nsl{‘an})neN
is stochastically dominated by a subcritical Galton—Watson process.
Proof. We shall estimate the law of B, (1). The proof is tedious because there
are several cases to consider. The chromosomes X, (1), X,,(2) are obtained after

applying the crossover and the mutation operators on the chromosomes of the
population X,,_1 having indices

I = S(X,_1,S)), I, = S(X,_1,5%).
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We denote by Y7,Ys the chromosomes obtained after crossover from the chromo-
somes Xp,—1(I1), Xn—1(I2), i.e

Vi = C(Xn-1(11), Xn-1(l2), V), W,h),

}/2 = C(Xn—l(IQ)7X ( )7V711’W )

Our goal is to obtain a stochastic bound on N;1{ >y}, so we need only to consider
the case where 7 > n. Thus, in the following computations, we suppose that 7o > n.
Let A > 0 be such that /0 > exp(—\). We then have

77 T
—— > — > exp(—A).
AT —p) = o = PN
Notice that A depends only on 7/c, and not on £ or py;. By Lemma [CIl the
binomial law B(¢,pys) is then stochastically dominated by the Poisson law P(\).

We will use repeatedly the bound given in Lemma

(1- pu)’ =

viza PO s Ui 2 < (5)

When using this bound, the value of ¢ will be a function of £. We will always take
¢ large enough, so that the value of ¢ will be larger than A. We examine several
cases, depending on whether the initial Master sequence belongs to the genealogy
of the chromosomes X,,—1(I1), X,,—1(I2):

o M, 1(I) = M,_1(I3) = 0. Since 75 > n, then the chromosomes X,,_1(I1)
and X,,_1(I2) have strictly less than V0 ones, therefore the chromosomes Y7, Ys
obtained after crossover have strictly less than 2v/¢ ones. Thus, for ¢ large enough
and * =1 or *x = 2,

P(M(Y*,U;J,...,U;vf) - 1---1)

e -2V
PU+. U >0—2V1) < (———
(U 4+ U > )< (;7)

Therefore

>n o e —2V1
P(Mn ?(1(11))51?4 ( 2) = ]\)271—1> = 2(6—2\@) '

o M, 1(I) =1, M,_1(I3) = 0. We estimate first the probability that B, (1) =
2. Since 72 > n, then the chromosome X,,_1(I3) has strictly less than Vi ones,
therefore at least one of the chromosomes Y7, Y5 obtained after crossover has strictly
less than (¢ + /£)/2 ones. Suppose for instance that it is the case for Yi. It is
then very unlikely that a Master sequence is created from Y; with the help of the
mutations. Indeed, for ¢ large enough, we have

P(MR, U, UMY =11 B, 101) > (- VD) 2)

-/
()"

< PUM 4+ UM > (-V1))2) <

Therefore

Py, B0

, To >N Xn1> < 2( 2)Xe )(5—\/2)/2
Mn 1 1) '

1M 1(I2) =01 My -/t
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We estimate next the probability that B, (1) = 1. Suppose that a crossover occurs
between X,,_1(I1), X,,_1(l2), i.e., that V! = 1. Since 75 > n, then the chromosome
Xn—1(12) has strictly less than V0 ones. After crossover, the probability that one
of the two resulting chromosomes Y7, Y5 has at least ¢ — \/Z ones is less than 4/+/Z.
Indeed, this can happen only if, either on the left of the cutting site, or on its
right, there are at most /¢ zeroes. The most favorable situation is when all the
ones in Y, are at the end or at the beginning of Y», in which case we have 2v/7
cutting sites which lead to the desired result. Now, if a chromosome wu is such that
H(u,1---1) > /4, then

P(M(U,U}LJ,,..,U;E):1...1> < P(U}L’1+"'+U,1L’Z>\/Z) < (%)\/Z.

From the previous discussion, we conclude that

B,(1)=1,V=1mn>n | X, 1
P
Mn—l(ll) = 17Mn—1(12) =01M,_y

< (5 +2(29) ") (Futm) ~ Bt~ 1)

We consider now the case where no crossover occurs between the chromosomes
Xn—l(ll)an—l(I2)7 i.e., we have
Veo=0, Vi=X, (), Ya=X,1(l2).

n

We write

P(Bn(l) = 1> Mnfl(Il) = 1>Mn71(‘[2) = 0>an = 077_2 >n ‘ anla Mnfl)
)

M(Xpo1 (L), U, UY) =11 Xy
S P n 1 n
Mn—l(Il) = 1, Vn = O, T2 Z n Mn,1

+P M(Xy—1(12), ,ll’l,..l.,U}Lf) —1...1
My—1(I2) = 0, Vo=0,122n

Xn—l
Mn—l '

We estimate the last term. Since 75 > n, then the chromosome Y5 = X,,_1(I3) has
strictly less than /¢ ones. As before, for ¢ large enough, we have

anl
Mn—l
e 0—/1
< PU*' .. U >0-Vi) < (——=
< P(UP 4.+ U > \[)—(g_\/z)

Thus it is very unlikely that a Master sequence is created from Y5 = X,,_1([2) with
the help of the mutations. The most likely scenario is that the Master sequence
comes from Y7 = X,,_1([1). We estimate the probability of this scenario, and to
do so, we distinguish further two cases, according to whether X,,(I;) is a Master

P M(Xpo1 (L), UM, ..., UM) =11
Mnfl(IQ) = 0, an = 0, T2 Z n
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sequence or not:

p M(Xpoi (1), U, .UM ) =11 | X,y
M, 1(I)=1,V;=0,12>n M,
_p M(Xpor (L), U, UM =101 X1
B Xn—l(Il) =11 Mn—l(Il) =1, an =0,m2>n| M,
M(anl(‘[l%Urlz’lv"'>Urlz7l) =1---1 Xn—l
+P 1 .
Xona()#1---1, My 1 (1) =1,V =0, 2 >n | M,
To estimate these probabilities, we make an intermediate conditioning and we ob-
tain
P M(anl(ll),UTlL’l,...,UTlL’Z) =1---1 Xn—l
Xp () =11, My 1 (I1) =1,V =0, 72 >n | M,
gP(/\/l(l-ul,U}LJ,...,U,}f) :1-.-1)
P Xn-1(l1)=1---1 Xn 1
M, 1(I))=1,V=0,m2>n| M,

< (1=pa) (1 = pc) (Flm) = Fulm = N;_)).

Indeed, the number of Master sequences present in X,,_; is N_; and the proba-
bility of selecting a Master sequence in X,,_1 is at most (Fy,(m) — Fy(m — Nj_1)).
In a similar way,

p M(Xp_1(I1), UL, UM) =11 Xno1
anl(Il) 7é 1--- ]., Mnfl(Il) = ]., an = O, T2 Z n Mn,1
anl(—[l) =1Uu
s N anl
<y P(M(u,U}Ll, UM =1 1)P Myoa(h) =1 /7
utl-1 To 2N

S PmMm (Fm(m) - Fm(m - Tnfl)) .
Putting together the previous inequalities, we obtain

P(Bn(1) =1, My_1(I1) =1, Mp_1(I2) =0, 72 > n| Xn—1, My_1)

NG e )
< (G + 20 ) Bt - Bt )+ (257)

+(1=pan)*(1 = p&) (Fun(m) = Fn(m = N;_1))
pum (Fm(m) — Fy(m — Tn_1)> .
e M, 1(I) = M,_1(I3) = 1. In this case, we have
P(My_1(I) =1, My 1(I) = 1,75 > n| X1, M,_,)

< (Fm(m) — Fp(m — T,,_l))2 .
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In conclusion, we obtain the following inequalities:
P(Bn(]-) =2,m>n | anla Mnfl)
e =217 2Xe \ (—VD)/2
(=57 )

- 2Vi -1
P(B,(1)=1,72>n|Xn_1, Mp_1)

+ (Fm(m) — Fp(m— Tn_l))2 :

22 e\ Ve
o) ™ (& #128))rnt-tn—)
#2( ) T 201 a1 =) (Fnlm) — Fm = ;)

2041 (Fun(m) = Fua(m = Tu)) + (Fanlm) = Froom TH))2 .

In order to incorporate the event {7 > n } in these inequalities, we condition with
respect to the whole history of the process as follows: for x =1 or x = 2,
P(Bn(l) =% T >n | Xn—la Mn—la s 7X0; MO)

< 1{72n}P(Bn(1) =k ’ Xn—lan—l) .

Let € > 0 be such that (14 5¢)m < 1. Next we use the hypothesis on the selection
function: there exists ¢ > 0 such that, for m large enough

C
1{T27L}(Fm(m)—Fm(m—Tnfl)) < 1{7’>n} n 1 S W

Moreover, for m large enough,

1{7—2n}<Fm( ) Fn (m Nn 1)) < 1{7—2n}

Thus there exists a constant ¢ > 0 such that, for m, ¢ large enough,

o(1+2) .

n—1-

1 c?
1{T>n}P( *Z‘Xn 13Mn71) < E"‘ma
1 8 ¢
1{r5n 1 P(Ba(1) = 1| Xpq, My—y) < T Jimi
2 N ¢ c c?
+EU(1+€)1{T2n}Nn71(1 —pm) (1 —pc) + 2pM_m3/4 + Yo

We rewrite the previous inequalities in the case £ = m. First, we have, for a positive
constant c,

C
P(B,(1)=2,7>n|X,1,Mn_1,..., X0, M) < 7

m

Moreover o(1 — pp)™ > 7, whence

1
< ——1 .
L, n(m/o)
For m large enough, we have therefore

1 n 8 c 4o c n 2 <
m2 " J/mm3/4 PM ST T sz S
and it follows that

TE ,

2
—7(1+ 28)1{7271}]\7;:71 .

P(Bn(].):1,7’2n|Xn,1,Mn,1,...,X0,M0) S m
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Coming back to the initial equality for N,?, we conclude that, for m large enough,
the law of N;1{;>,} is stochastically dominated by the sum of two independent
binomial random variables as follows:

Nil{rony = B(%, %77(1 + 25)1{T2n}N:;,1) + 28(%, #) .
For m large, these two binomial laws are in turn stochastically dominated by two
Poisson laws. More precisely, for m large enough,
m/2

2 *
(1 — —r(1+29)1(r2m) ,H)
(1 — cm_3/2)m/2 > exp(—¢).
Lemma [C.T] then yields that
N:;l{‘an} = ,P(ﬂ-(l + 35)N:;—11{72n}) + 27)(6) :

The point is that we got rid of the variable m in the upper bound, so we are now in
a position to compare N1y >, with a Galton-Watson process. Let (Y,;),>1 be a
sequence of i.i.d. random variables with law P(w(1+3¢)), let (Y,),,>1 be a sequence
of i.i.d. random variables with law P(e), both sequences being independent. The
previous stochastic inequality can be rewritten as

> exp ( —m(1+ 35)1{72n}N571) ’

Ny _11l{r>n}

N;;l{‘an} = ( Z Yk/) +2Yl//'
k>1

This implies further that

Ny _1l{r>n-1}

(%) Nolirsny = > (Vi +2vy).
E>1

Let v* be the law of Y{ +2Y{" and let (Z}}),,>0 be a Galton—Watson process starting
from Zy = 1 with reproduction law v*. We prove finally that, for m large enough,

Vn >0 N;;l{.,.zn} = Zr.

We suppose that m is large enough so that the stochastic inequality (x) holds and
we proceed by induction on n. For n = 0, we have

Ngl{fzo} =1<2Z;=1.
Let n > 1 and suppose that the inequality holds at rank n— 1. Inequality (x) yields

Ny 1l{r>n-1} Zn 4
Nil{rsny = Sy = > (Wt =z
k>1 k>1

Thus the inequality holds at rank n and the induction is completed. Moreover we
have

Ev") = E(Yl’ + 2Y1”) =7m(l+5¢) < 1.
Thus the Galton-Watson process (Z),>¢ is subcritical and this completes the
proof of Proposition [£.3] a

We close this section with a bound on 75, which will be useful when applying
Proposition 5.3
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Lemma 5.4. For m > 2 and for £ large enough, we have
1
P(TQ < glﬂé) < 1—exp < — ml exp ( —61/4)) .

Proof. If 5 < n, then, before time n, a chromosome has been created with at least
V€ ones, and whose genealogy does not contain the initial Master sequence. We
shall compute an upper bound on the number of ones appearing in the genealogy
of such a chromosome at generation n. Let us define

Vn>1 D, =max {{— H(X,(i),1---1):1<i<m, M,(i)=0}.

The quantity D,, is the maximum number of ones in a chromosome of the gen-
eration n, which does not belong to the progeny of the initial Master sequence.
These ones must have been created by mutation. Let us consider a chromosome of
the generation n + 1, which does not belong to the progeny of the initial Master
sequence. The number of ones in each of its two parents was at most D,,. After
crossover between these two parents, the number of ones was at most 2D,,. After
mutation, the number of ones was at most

¢
D,y < 2Dn+max{ZUfz’j:1§i§m}.

j=1
We first control the last term. Let n > 1 and let us define the event £(n) by

4
£(n) = {Vie{l,...,m} Vke{l,...,n} S UM < 51/4}.

j=1

We have
Plewm) = (1-P(L Ui > o)™

The law of the sum Zle U} is the binomial law B(¢, pas). Let A > 0 be such
that 7/0 > exp(—A). We then have

0 ™
1— b= ° > > =A).
(1—pm) cd—po) = 7 = exp(—A)
By Lemma [C1] the binomial law B(¢, pys) is stochastically dominated by the Pois-
son law P(\). Using the bound given in Lemma [C.2, we obtain that, for £1/% > \,

P(Em) = (1- (Q—Z)W)m”,

whence, for £ large enough,
P(&E(n)) > exp ( — mnexp (— 61/4)) .
Suppose that the event £(n) occurs. We then have
Vke{0,....n—1}  Dyyq < 2D+ 04,
Dividing by 2¥*! and summing from k = 0 to n — 1, we get

n—1 él/4 1/4
D, <2 ZW < ngt/4
k=0
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Therefore, if 2" < ¢'/* and if the event £(n) occurs, then 75 > n. Taking n =
(In¢)/5, we obtain the estimate stated in the lemma. O

5.4. Proof of Theorem 2.1 We complete here the proof of Theorem 211 The
hypothesis of Theorem 2.1] allows to apply Proposition (.3l Thus there exists a
subcritical Galton-Watson process (Z;:),>0, with reproduction law v*, which dom-
inates stochastically the process (N;;1{;>n})n>0- A standard result on Galton-
Watson processes (see for instance [I]) ensures the existence of a positive constant
c*, which depends only on the law v*, such that

Vn > 1 P(Z} >0) < exp(—cn).

Let k,c; be as in Proposition We suppose that £ < 1/5, so that we can use
the estimate of Lemma [5.4l We have then

P(To >Hlnm)
< P(ro > klum, 7 <klnm) + P(N{y1npm) > 0, 7 2 £1lnm)
< P(n <klam) + P < klnm) + P(Z[s1m) > 0)
L + l—exp(_mzexp(—m1/4)) + exp(—c"[kInm]).

me
This inequality yields the estimate stated in Theorem 2.1

6. THE QUASISPECIES REGIME

For A € R and a population z, we define N(z, \) as the number of chromosomes
in x whose fitness is larger than or equal to A:

N(z,\) = card {i e {1,...,m}: f(z(i)) > A}.

We shall couple the processes (N(X,, A))nen, A € R, with a family of Markov

chains (N,(t,4)), .,, t € N. We then study dynamics of these Markov chains.

6.1. The auxiliary chain. Here we couple the genetic algorithm with an auxiliary
chain. Forn > 1,let T', : {1,...,m}?> — {0,1} be the map defined by

Lt Z(Sh) >m—i+1,

0 otherwise.

Vi,je{l,...,m} RMJ):{

Recall that the map Z is defined together with the selection map S. In fact, the
map '\, (4, j) is equal to one if the j—th chromosome chosen during the selection at
time n is among the best ¢ chromosomes of generation n. For each n > 1, we define
also a map ¥, : {0,...,m} — {0,...,m} by setting

‘

Vie{0,...,m} U, i( —y iz H Ujk>

Jj=1 k=1

The map ¥, (i) counts the number of chromosomes in generation n + 1 which
have been obtained by selecting a chromosome among the best i chromosomes of
generation n, and for which there was no crossover and no subsequent mutation.
For any j € {1,...,m}, the map i — T, (4, j) is non—decreasing, therefore the map
i — U, (i) is also non—decreasing. For t € Nand ¢ € {1,...,m}, let

(Mﬁﬂhﬁ
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be the Markov chain starting from i at time ¢ and defined by
Vn >t  Npyi(ti) = U (Ny(t,1)) .

Since the map W¥,, is non—decreasing, then the coupling defined above between the
chains (Nn(t,i))n>t, 1€ {1,...,m}, is monotone, i.e., we have

Vo>t Vi<j  Nu(t,i) < Nu(t,j).

This implies in particular that the Markov chain (N, (¢,%)),>; is monotone (see
Appendix [Bl for the precise definitions).

Proposition 6.1. For anyt € N and A\ € R, we have
Vn>t  N(Xp,A) = Np(t, N(Xi, N) .

Proof. Let us fix A € R. At time ¢, there is equality. We prove the inequality
by induction over n. Suppose that the inequality holds at time n > t. The value
U, (N(Xp, A)) is a lower bound on the number of chromosomes in generation n + 1
which are an exact copy of one of the chromosomes of generation n which have a
fitness larger than or equal to A. Therefore

N(Xp41,A) > \I/n(N(Xn,)\)).
Using the inequality at time n and the monotonicity of ¥,,, we get
U (N(Xn, A)) > U (N (8, N (X4, M) = Noga (8 N(Xe, V) -

The induction step is completed. O

6.2. Transition probabilities of IV,,. To alleviate the notation, we suppose that
the Markov chain ( Ny (t, z))n>t starts at time 0, we remove ¢, ¢ from the notation and
we write simply (/Vp,)n>0. Let us compute the transition probabilities of (Ny,)n>0-
The null state is absorbing for the Markov chain (N,,),>0. By definition, we have

m 4

=1 Nawo= 3 (Ta(Nard) (0= V) [[a -0 ).

j=1 k=1

The random variable NV,,;1 is a sum of m identically distributed Bernoulli random
variables, whose parameter depends on the value of N,. Yet these random vari-
ables are not independent, because the crossover creates a correlation between two
consecutive chromosomes (through the variable V12 ]). In order to get rid of this
correlation, we first count the number of crossovers occurring in generation n, and
then we sum over the indices where no crossover has taken place. Let B, be the
random variable defined by

m/2

B,=2-3"vi.
2 T &

The law of B, is the binomial law B(m/2,1 — p¢). Conditionally on N,, = 4, the
law of N,,;1 is the same as the law of the random variable

2B,

E i
Yk B

k=1
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where the variables Y,j, keN;jie{l,...,m}, are Bernoullii.i.d. random variables
(independent of B,, as well) with parameter

em(i) = (Fn(m—i+1)+ -+ Fpn(m)) (1 —pu)°.
Finally, we have fori € {1,...,m} and j € {0,...,m },
P(Npy1=3j| N, =1i)

= > (mb/2) (1=pc)(po)™>7" (ib> (DY (1 — e (i) 279 .

j/2<b<m/2

6.3. Large deviations upper bound. The formula for the transition probabil-
ities is very complicated, so we will study its asymptotics as m goes to co. The
goal of this section is to prove the large deviations upper bound stated in Proposi-
tion We do not have a genuine large deviations principle for the chain (NVy,)n>0,
because there is some freedom left for the parameters pc, pas, £. In order to derive
a corresponding lower bound, we would have to fix the limiting value of po and
(1 — par)*. However we wish to focus on the role of the parameter 7, and for our
purpose, we need only a large deviations upper bound under the constraint

7= o(1—pc)1—pu).
For p € [0,1] and ¢ > 0, we define
t 1—1t
thh—+(1—-t)ln—— O0<p<1,0<t <1,
P I-p

I(p,t) = 0 t=p=0ort=p=1,
—+00 (pef0,1},t#p)ort>1lorp>1.
The function I(p,-) is the rate function governing the large deviations of the bino-
mial distribution B(n,p) with parameters n and p. It is standard that I is lower

semicontinuous with respect to ¢, yet we will need a little more, as stated in the
next lemma.

Lemma 6.2. The map I(p,t) is sequentially lower semicontinuous in p,t, i.c., for
any p € [0,1], t € RT, any sequences (pn)n>1, (tn)n>1 converging towards p,t, we
have

liminf I(pp,t,) > I(p,t).

n—00

Proof. We need only to distinguish a few cases. For 0 < p < 1, the result is
straightforward. If p=0and ¢t > 0, or if p =1 and ¢ < 1, we check that

1inrgioréf I(pp,t,) = +o0.
If p=t=0orif p=1t=1, the inequality holds since I(0,0) = I(1,1) = 0. |
We define, for s €]0,1], ¢t € [0, 1],
(I-F1—s)m ¢ty
o(1-p) ’B) '

osml—f,ts&g}.
g

Vi(s,t) = inf{ %1(1 —p,B) + 51(

We set also V1(0,0) =0 and V;(0,t) = 400 for ¢t > 0.
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Lemma 6.3. The map Vi(s,t) is sequentially lower semicontinuous in s,t, i.e., for
any s,t € [0,1], any sequences (sp)n>1, (tn)n>1 converging towards s,t, we have

liminf Vi (sp,tn) > Vi(s,t).
n— oo

Proof. Let s,t € [0,1]. Let (sp)n>1, (tn)n>1 be two sequences in [0,1] which con-
verge towards s, t. For each n > 1, let p,, and 3, be such that
ngngl_ﬂ/av tnéﬂnglv

1 (1-F(1=su))m t, 1

“I(1 = pn, I( ,—)<V )+ —

D) ( Pn Bn) + Bn oL — pn) 3,) = 1(8n,tn) + n
By compactness, up to the extraction of a subsequence, we can suppose that there
exist p, B, ¥ such that

0<p<l-7/o, t<p<1,
lim p, = p, lim ﬁn:B, lim =~ = 7.
n—00 n—00 n—oo Op
Using the continuity of F' and the lower semicontinuity of I, we obtain
imint Vit 2 510-59) + 51U E73),
Let us denote by A the righthand quantity. We distinguish several cases:

e ¢>0. We then have 5 = t/3, whence A > Vi (s, t).

e t=0,3>0. We then have 5 = 0, whence A > Vi (s,0).

o (= O,E:O,s > 0. We then have A > %I(l —ﬁ,()) > Vi(s,0).

e t=0,3=0,s=0. Obviously, A > V4(0,0) = 0.

In each case, we conclude that A > Vi(s,t). This shows that V; is lower semicon-
tinuous. ]

Proposition 6.4. For any s € [0,1], any subset U of [0, 1], we have, for anyn > 1,

1
limsup — In P(Nyq1 € mU | N, = |[sm]) < —tlglg Vi(s,t).

m—oo M

Proof. Let n > 1,1let i € {1,...,m} and j € {0,...,m}. From Lemma [D.I] we
obtain that, for any b such that j/2 <b < m/2,

(mb/ 2) (1—pe)tpe”*™" (2;’) em (DY (1 — e (1)) 27

< exp < —m{%[(l —pc,%b) + %bl(am(i),%b)} +4lnm—|—6> .

We take the maximum with respect to b, we sum and we get

P(Nnt1=j|Ny=i) < (m+1)

1 %y 2b j
_ i —1(1 — ,—) —I( ; —)} 41 .
x exp ( m j/2£1§nm/2{2 be m * m em(7) 2b +4lnm+6
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Next we seek a large deviations upper bound for the transition probabilities. Let
€ [0,1] and let us take ¢ = |ms|. We first consider the cases s = 0 and s = 1.
For s = 0, we have £,,,(0) = 0 and
0 if 0¢&mU,
P(N, cmU|N, =0) =
(Nots € mU [ No =0) {1 if 0emU,

and the inequality stated in the lemma holds. Suppose that s = 1. We then have
0

mlm) = (L=p)f = T
It follows that

P(Nyy1 € mU|N, =m) < (m+1)* exp (4Inm + 6)
1 2b 2b 7r j
i (30 2)+ B )
X exp ( m Ogli)rgvrvlz/2jren';zrllf{2 pc m + m \o(l—pc) 2b
< 2 - i .
< (m+1)% exp (4Inm + 6) exp < m min Vl(l,t))
Taking In, dividing by m and sending m to co, we obtain the desired large deviations
upper bound. From now on, we suppose that 0 < s < 1. We have
lir_r& F,im—|sm|]+1)+--+F,(m)=1-F(1-ys)
m—-+00
whence
em([sm]) ~ (1= F(1—35))(1—pu)" as m— oco.
Let us set

e(s) = (1-F(1-1s)(1 — ).
For any u € [0, 1], we have

}I(Em(Lst),u)—I(E(s),u)} < ‘lnm‘ 4 ‘1 #ﬁfj}n” )

In order to bound these terms, we suppose in addition that 0 < s < 1. Since F' is
strictly increasing on [0, 1] by hypothesis, then 0 < F(1 — s) < 1. It follows that
there exist v and mg(s) such that for m > mg(s),

0<vy < Fy(m—|sm]+1)+---+F,(m) <1-v<1.
Let us set
A(s,m) = ‘1—F(1—s)—(Fm(m—Lst+1)+---—|—Fm(m))|.

Since, for any a < 1, any = €]0, 1],

a 1
2wt = | < 2
‘ n(l—za l—zal = 1-2
we have, for m > mg(s),
1—¢(
1 | < -a
’nl—Em(L (s,m)

Similarly, we have
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These inequalities hold uniformly with respect to the value of (1 — pys)*. Now let
s €]0,1] and let U be a subset of [0, 1]. Collecting together the previous inequalities,
we have, for any m > mg(s),

P(Nyy1 € mU|N, = [sm]) < (m+1)?

. o0l 2b 26 ((1—FQ1—3s))m j
: =
e exp ( " Ogrbrgﬁ/%ren;z% { 2 bor + m o(l—pc) 2b

2
+4lnm + 6+ —mA(s,m)> .
Y

We are now in position to replace the discrete variational problem appearing in
this inequality by a continuous one. Let Vi(s,t) be the function defined before
Lemma [6:3] The previous inequality implies that, for any m > mq(s),

P(Npy1 € mU| N, = [sm])
< (m+1)? exp < —-m Enig]lvl(s,t) +4lnm+6+ 2—mA(s,m)> .
€ v

Taking In, dividing by m and sending m to co, we obtain the desired large deviations
upper bound. O

Proceeding in the same way, we can prove a similar large deviations upper bound
for the [—step transition probabilities. For I > 1, we define a function V; on [0, 1] x
[0,1] by

-1

Vi(s,t) = inf {ZVl(pk,pkH) cpo=8,p =tpr €[0,1] for 0 < k < l}.
k=0
Corollary 6.5. Forl > 1, the l-step transition probabilities of (Ny)n>o0 satisfy the
following large deviations upper bound: for any s € [0, 1], any subset U of [0, 1], we
have

1
i — InP(N, N,, = < —inf .
im sup - n ( ntt € mU | N, = |sm] ) < tlgU Vi(s, t)

m—o0

6.4. Dynamics of N,,. Let us examine when the rate function V;(s,¢) vanishes.
Let 7 > 1 and let s,¢ € [0,1]. By Lemma [63] the variational problem defining
Vi(s,t) is well posed, i.e., there exists p*, 5* € [0,1] such that 0 < p* < 1—7/0,
t<pB*<1and

(1-F1-s)m t )

Vl(sat) = %I(l_p*vﬂ*)—’_ﬂ*l—( U(l—p*) a@

Thus Vi (s,t) vanishes if and only if

gre1-p, e T
or equivalently
7r
t=(1-F(1-s))—.
(1-F(1- )"
We define a function ¢ : [0,1] — [0,1] by

Vrel,1]  o(r) = (l—F(l—r))g.
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The Markov chain (N,,),>0 can be seen as a random perturbation of the dynamical
system associated to the map ¢:

z0 € [0,1], Vn>1 z, = ¢(z-1).

Since ¢ is non—decreasing, the sequence (z,)nen is monotonous and it converges
to a fixed point of ¢. We have supposed that F' is convex, so that ¢ is concave.
Moreover we have ¢(0) =0, ¢(1) = /0 < 1 and ¢'(0) = =, therefore:
o If 7 < 1, then the function ¢ admits only one fixed point, 0, and (2, ),en converges
to 0;
o If m > 1, then the function ¢ admits two fixed points, 0 and p*(7), and (2, )nen
converges to p*(m) whenever zy > 0.

We can even compute p*(7) for linear ranking and tournament selection:

Linear ranking selection. In this case, we have
Tournament selection. The non-—null fixed point is the solution of
Lt () 4o p" () = 2
In the case where t = 2, we obtain
pi(m) = Z - 1.

The natural strategy to study the Markov chain (N,),>0 is to use the Freidlin—
Wentzell theory [2I]. The crucial quantity to analyze the dynamics is the following
cost function V. We define, for s,t € [0, 1],

V(s t) = llgg Vi(s,t)

-1

_ligfl'inf{];)vl(pk,pk_,_l) o =8, pi=t, pr€0,1] for0§k<l}.

Lemma 6.6. Suppose that m > 1. For s,t € [0,1], we have V(s,t) =0 if and only
if:

e cither s =1t =0,

o ors>0,t=p“(m),

e or there exists | > 1 such that t = ¢'(s).

Proof. Throughout the proof, we write simply p* instead of p*(r). Let s,t € [0, 1]
be such that V(s,t) = 0. For each n > 1, let (pf, ..., pl"(n)) be a sequence of length
I(n) in [0, 1] such that

I(n)—1
1
PG =S Pi(n) =t Z Vi (PZWZH) = n
k=0
If s = 0, then necessarily pf' = --- = p; , = 0 and ¢t = 0. From now on, we suppose

that s > 0. We consider two cases. If the sequence (I(n)),>1 is bounded, then we
can extract a subsequence

(Pg(n)v e ,Pf((;()n)))
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such that I(¢(n)) = I does not depend on n and for any k € {0,...,1 — 1}, the
following limit exists:
lim pf(n) = pg .

n—oo
The map V; being lower semicontinuous, we then have

Vk’E{O,...,l—l} Vl(pk>pk+1)207
whence
ke (0.1} py = 6 (po).
Since in addition py = s and p; = t, we conclude that t = ¢'(s). Suppose next that
the sequence (I(n))p>1 is not bounded. Our goal is to show that ¢ = p*. Using
Cantor’s diagonal procedure, we can extract a subsequence

é(n) $(n)
(k0 v Py n)))
such that, for any k > 0, the following limit exists:

lim pi(n) = pg .
n—oo

The map V; being lower semicontinuous, we then have
Vk>0  Vi(pr pr+1) = 0,
whence
VE>0  pr = ¢"(po).
We also have V; (p*, p*) = 0. By Lemma[6.3] there exist p*, 3* such that 0 < p* <
1—m/o, p* <f*<1and

Vil = 10 -5 + g (T

Since p* is in ]0, 1], certainly we have * > 0. Let £ > 0. The map
1-F(1—p )7 t
Ay )
is continuous at p*, thus there exists a neighborhood U of p* such that
VpeU Vi(p*,p) < e.

Since s > 0, the sequence (¢"(s))nen converges towards p* and ¢"(s) € U for some
h > 1. In particular,

t»—>[3*[((

lim pf(") = ¢"(s) € U,

n—00

so that, for n large enough, pi(") isin U and

n n 1
V(p*,t) < Vl(p*,pi( )) +V(pi( ),t) < E+E'

Letting successively n go to oo and € go to 0, we obtain that V(p*,t) = 0. Let
0 €]0,p*/2[ and let U =]p* — 6, p* + [. Let a be the infimum

o = inf{vl(po,/h) : Po GU,pl gU}
Since V; is lower semicontinuous on the compact set U x ([0,1] \ U), then
35, 1) €U X (0,1J\U) = Vi(p,p1)-

The function ¢ is non—decreasing and continuous, therefore

¢(U) = o(lp* = 0,p" +0]) = [6(p" —0),0(p" +9)].
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Since p* is the unique fixed point of ¢ in ]0,1], then ¢(p) > p for p €]0, p*[ and
@(p) < p for p €]p*,1[. Therefore we have

pr—=0 < d(p"—08) < p(p"+0) < p 44,

Thus ¢(U) C U and necessarily p; # ¢(p§) and a > 0. It follows that any sequence
(po, - -, p1) such that

-1
po €U, Y Vilprpri1) < a
k=0

is trapped in U. As a consequence, a point ¢ satisfying V (p*,¢) = 0 must belong to
U =]p* — §,p* + §[. This is true for any § > 0, hence for any neighborhood of p*;
thus t = p*. |

6.5. Creation of a quasispecies. Our goal in this section is to prove a lower
bound for the probability of the creation of a quasispecies around the current best
fit chromosome in the population. The delicate situation is when there is only one
chromosome in the population which has the best fitness. This chromosome might
be destroyed or it might invade a positive fraction of the population. We will obtain
a lower bound on the fixation probability by estimating the probability that the
progeny of the best fit chromosome grows geometrically. The key estimate is stated
in the next proposition.

Proposition 6.7. Let m > 1 be fized. There exist
6o >0, p>1, c>0, mg=>1,

which depend on w only, such that: for any set of parameters £,pc,pa satisfying
7 = o(l—pc)(1—pun)t, we have

vm>mg Vie{1l,... [6om]} P(Nps1<pi|Ny=1i) < exp(—coi).

Proof. We recall that, conditionally on N,, = i, the law of N, 1 is the same as the
law of the random variable
2B,

>V
k=1
where the law of B, is the binomial law B(m/2,1 — pc), the variables Y}/, k € N,
i€{1,...,m}, are Bernoulli i.i.d. random variables with parameter
em(i) = (Fn(m—i+ 1)+ -+ Fu(m))(1—pn)-.

Let € > 0 be such that 7(1 —¢)? > 1 and let

m.e) = | S —pc)(1=e)| +1+ (1= po)e.

For m large enough, we have

lm,e) < T(1-pc).
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Let p > 1. We write
2B,
P(Npy1 < pi| N, =i) = P(ZY,; < pi)
k=1
2l(m,e)
< P(B, <l(m,e)) +P( Y vi< pi) .
k=1
We control the first probability with the help of Hoeffding’s inequality (see Appen-
dix [E). The expected value of B,, is m(1 — pc)/2 > I(m,€); thus
4 /rm 2
P(Bn < l(m,e)) < exp ( — E(E(l —po) — l(m,s)) ) .

Recall that 1 — pe > 1/0. For m large enough, we have

m m € me me

—(1-pec)—1 > —(l-po)o—1>-———1>——.

2( pc) —l(m,e) > 2( Pc)2 = o < 3
It follows that

m &2
P(B, <l(m,e)) < exp ( - E;) .

To control the second probability, we decompose the sum into 7 blocks and we use
the Tchebytcheff exponential inequality. Each block follows a binomial law, and we
bound the Cramér transform of each block by the Cramér transform of a Poisson
law having the same mean. More precisely, we choose for the block size

2l(m,e) — %(1 —po)e

b=| i +1,
and we define the sum associated to each block of size b:
bj
Vie{l...,i} Y= > Y.
k=b(j—1)+1

Notice that Y{ follows the binomial law with parameters b,e,,(i). We will next
estimate from below the product be,, (7). By the choice of b and [, we have

b > %(2[(771,5) — %(1 —pc)5> ;

whence

Let &9 > 0 be such that
1
do < 1(1 —po)e.

Let mo > 1 be associated to € as in the hypothesis on F,, (see section BI]). We
have, for m > mg and 7 € { 1,..., | dom] },
. 1
em(i) > o(l — E)E(l —pu)t,
and we conclude from the previous inequalities that

bem (i) > (1 —po)(1—¢)?0(1 —pM)g =7m(l—¢)?.
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We choose p such that 1 < p < (1 — €)?, this implies in particular that
p < E(Y]) = bey(i).
We also have that
bi < 2l(m,e) — %(1 —pc)e+i
< 2l(m,e) — %(1 —po)e + dom < 2l(m,e).

We then have, using the Tchebytcheff exponential inequality (see Appendix [E]):

2l(m,e)
P( Z Yk<pz) <P(ZYk<pz)
k=1 k=1

< P(Zijyj’ <pi) < P(i—Y; > —pi) < exp (= ik y (=p)),

where A* Ly s the Cramér transform of —Y7. Let Y]’ be a random variable following
the Poisson law of parameter be,, (7). By Lemma [C.3] we have

Ayi(=p) = Atyp(=p) = pln( bg:(i)) — p+ben(i).

The map
)\r—>pln(§> —p+A
is non—decreasing on [p, +oo[; thus

AZyi(=p) = pln (ﬁ) —p+m(l—e).

Let us denote by c¢q the righthand quantity. Then ¢y is positive and it depends only

on p,m and €. Finally, we have for m > mg, i € { 1,..., [ dom] },
2l(m,e)
P( Y v <pi) < expl—co)
whence
m &2
P(Nnﬂ < pi ‘ N, = z) < exp ( — EF) + exp(—cot) .

Let 1 €]0, 1] be small enough so that
2
Co g
T3S 1607
For such an 7, the following holds:

2
o sz o~ 52) < () (- (03]
g

For m > max(mg,m1) and i € {1,...,[dom] }, we have

P(Npy1 < pi| Ny =1i)

1co c
< exp ( 777) (1 — exp ( nf)) + exp ( - nico)

iCO
< e (-ny)

and this inequality yields the claim of the proposition. ([l
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We define
To = inf{nZl:N :0}.
For § > 0, let T'(6) be the first time the process (N,,)n>0 becomes larger than dm:
T() =inf{n>0:N,>0m}.
Proposition 6.8. Let m > 1 be fized. There exist 6o > 0, k > 0, pg > 0 which
depend only on w such that
Ym > 1 P(T(&O)Sﬁalnm, T0>T((50)|N0:1) > Do -
Proof. Let T}, be the first time the process (N,,),>0 hits k:
T, = inf{n>0:N,=k}.

Let dg, p > 1, cg, mg be as given in Proposition We suppose that the process
(Np)n>o starts from Ny = 1. Let £ be the event:

& = {Vk€ {1,...,L50mj } NTkJrl >PNTk}-
We claim that, on the event £, we have
Vn < T((so) Nn+1 > pNn .

Let us prove this inequality by induction on n. We have Ty = 0 and N7 > pNy, so
that the inequality is true for n = 0. Suppose that the inequality has been proved
until rank n < T'(dp), so that

Vk<n Niy1 > pNy, .
This implies in particular that
Nog < Ny < --- < N, < mdp.

Suppose that N, = i. The above inequalities imply that 7; = n. The occurrence
of the event £ yields that

NTr‘rl = Nn+1 > pNn7

so that the inequality still holds at rank n + 1. Iterating the inequality until time
T(60) — 1, we see that

Nr(se)—1 > pl o=t
Moreover Np(s,)—1 < mdop, thus
| 1)
T(60) < 1+ 2m%)
Inp
Let m; > 1 and x > 0 be such that
1
Ym > mq 1+ n(mdo) < klnm.
Inp

The constants m1, x depend only on Jy and p, and we have
P(T((SQ) < klnm, o > T((SQ) ‘ Ny = 1) > P(g) .

By Lemma [A2] the random variables Nr, 11, k < dom, are independent. To be
precise, we cannot directly apply Lemma [A.2] because the Markov chain (N,),>0
has an absorbing state at 0 and therefore it is not irreducible. So we consider
the modified Markov chain (N, ), >0 which has the same transition probabilities as
(Np)n>0, except that we set the transition probability from 0 to 1 to be 1. The
event we wish to estimate in the lemma has the same probability for both processes.
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Indeed, we require that T'(dp) < xlnm and 79 > T'(dg), so that the processes do
not visit 0 before T'(dy). Using Proposition [67, we obtain, for m larger than my
and mq,

[60m ]
PE) > H P(Nz, 41> pNoy,)
k=1
[60m ]
[T (1= P(N <ok No =)
k=1
[dom |

H (1 — exp(—cok) ) ﬁ (1 — exp( cok')> i

k=1 k=1

Y

The last infinite product is converging. Let us denote its value by p;. Also let
P2 = min {P(T((SO) < klnm, 19 > T(6o) | No = 1) : m < max(mqg, m1) }

The value ps is positive and the inequality stated in the proposition holds with
po = min(pi, pz). 0

Lemma 6.9. Let w > 1 be fized. For any d > 0, there exist h > 1, ¢ >0, mg > 1,
which depend only on § and 7, such that: for any set of parameters £,pc,pm
satisfying m = o(1 — pc)(1 — par)t, we have, for any m > my,

P(Ny >0,...,Ny_1 >0, Ny > m(p* —8) | No = |mb]) > 1—exp(—cm).

Proof. Let 6 > 0. The sequence (¢"(0)),cn converges to p*, thus there exists h > 1
such that ¢"(§) > p* — 4. By continuity of the map ¢, there exist pg, p1,-..,pn > 0
such that py = 6§, pp, > p* — 6 and

VEe{l,...,h} d(pk—1) > pr-
Now,
P(N1 >0,...,Np—1 >0, Ny >m(p* —0)| No = Lmé])
> P(Vke{1,...,h} Np=mpp|No=md]).
Passing to the complementary event, we have
PEke{l,...,h=1} Np=0 or Np<m(p*—6)|No=|md])
< P(er{l,...,h} Ny, < mpi | No = Lméj)
< Z P(Nl >mp1,...,Ng—1 > mpg—1, Np <mpg | No = Lmé])
1<k<h
> P(N,H =i, Ny < mpy | No = Lméj)

1<k<hi>mpi_1

<y 3 P(Nk<mpk|Nk,1:i)P(Nk,1:i\N0:Lméj)

1<k<hi>mpr_1

< Z P(N1 < mpy | Ng = mek,lj) .
1<k<h
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The large deviations upper bound for the transition probabilities of the Markov
chain (N,,)n>0 stated in Proposition [6:4] implies that

1
Vke{1l,...,h} limsup ElnP(Nl <mpg | No = mek_lj)

m— oo

< —inf {Vl(pk,l,t) 1t < pk} < 0.
Since h is fixed, we conclude that

Fke{l,...,h—1} Np,=0

) 1
lim sup ElnP( or Ny <m(p*—3)

m—ro0

‘NO = |mé J> <0
and this yields the desired estimate. |

With the estimate of Lemma [6.9] we show that the process is very unlikely to
stay a long time in [md, m(p* — 9)].

Corollary 6.10. Let m > 1 be fized. For any 6 > 0, there exist h > 1, ¢ > 0,
mg > 1, which depend only on § and m, such that: for any set of parameters
0, pc,par satisfying m = o(1 —pe)(1 — par)t, we have, for any m > my,

Vk € [mé,m(p* —9d)] ¥n>0

P(m5§NtSm(p*—é)f0r0§t§n|]\]o:k) < exp(—cm{%J).

Proof. Let k € [md, m(p* —¢)]. Let § > 0 and let A > 1 and ¢ > 0 be associated to
0 as in Lemma We divide the interval {0,...,n } into subintervals of length h
and we use repeatedly the estimate of Lemma Let i > 0. We write

P(mé < Ny <m(p* —6) for 0 <t < (i+1)h| Ny = k)

= Z P(méSNtSm(p*—é) for 0 <t < (i+1)h, Nih=j|N0:k:)
Im<j<(p*—8)m

= > P(md < Ny <m(p* —6) for 0 <t <ih, Ny =j|No=k)
Im<j<(p*—8)m

x P(mé < Ny <m(p* —6) for ih <t < (i + 1)h| Nip, = j)

IA

> P(md < Ny <m(p* —6) for 0 <t <ih, Ny =j| Ny =k)
dm<j<(p*—=d)m

X P(Nh <m(p*—98)| No = LmJJ)
< P(m6 <N <m(p* =) for 0 <t <ih|Ny= k) exp(—cm) .
Iterating this inequality, we obtain
Vi >0 P(m6 <N <m(p*—96) for 0 <t <ih|Ny= k) < exp(—cmi).

The claim of the corollary follows by applying this inequality with ¢ equal to the
integer part of n/h. O
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6.6. The catastrophe. We have computed the relevant estimates to reach the
neighborhood of p*. Our next goal is to study the hitting time 7, starting from a
neighborhood of p*. Since we need only a lower bound, we shall study the hitting
time of a neighborhood of 0. For § > 0, we define

TS = inf{nZO:Nn<m5}.
Proposition 6.11. Let m > 1 be fixed. For any 6 > 0, there exists mg > 1, which

depend only on § and 7, such that: for any set of parameters {,pc,py satisfying
7 = o(l—pc)(1—pu)t, we have

Ym > myg Vi > |(p* —d)m] Yn >1
P(15 <n|Nog=1) < nexp(—mV(p*—4,6) +md).

Proof. Let i > [(p* — d)m]. The strategy consists in looking at the portion of the
trajectory starting at the last visit to the neighborhood of p* before reaching the
neighborhood of 0. Accordingly, we define

S =max {n<75: N, > (p"—8)m}.
Notice that S is not a Markov time. We write, for n,k > 1,
P(rs<n|Ny=i) = > Pln=tS=s|Ny=i)

1<s<t<n
= Z P(T(;:t,S:sHVO:i)—I— Z P(Tg:t,S:s\Nozi).
1<s<t<n 1<s<n
s<t<s+k s+k<t<n

Let h > 1 and ¢ > 0 be associated to § as in Corollary For 1 <s<n and
t>s+k,

P(rs=t, S =5|No=1i)
= > P(rs=t,S=s Nep1=j|No=1)

mé<j<(p*—d)m

om < N, < (p* — 8)m .
< - - =
- Z P(fors+1§r§t—1 Net1 ‘7>
mé<j<(p*—d)m

< mow (-en| =572,

h
whence
t—1
Z P(7—5 =t, S=s|Noy :i) < anexp(—cm{—D .
h
1<s<n t>k
st+k<t<n

Forl<s<t<nandt<s+k,
P(rs=t,8=5s|Ng=1)
< > Plu=tS=s N.=j|Ny=1i)
J>(p*—6)m
< >  P(N,<dém|N,=j)
J>(p*=8)m
< mP(Ni—s < dm|Ng = [(p* = 8)m] ),
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whence
Z P(Tézt, S:s\Nozi) <n Z mP(Nt < om| Ny = L(p*—é)mJ).
1<s<n 1<t<k
s<t<s+k

Putting together the previous inequalities, we obtain

w210 <1 -l 5]
t>k

+n Y mP(Ny <m|No=[(p*—)m]).
1<t<k
We choose k large enough so that

lim sup %m(Zmexp(—cm{%J)) < =V(p*—4,0),
t>k

m—r 00

and we use the large deviations upper bound stated in Corollary to estimate
the second sum:

1
limsup—ln< mP (N, <dm|Ng = [(p* —d)m )
mawp (| 30 mP(N < om|No = (" = 9)m))

< - miEkVt(p* —6,0) < =V (p* —4,9).

1<t
Therefore there exists mg > 1 such that
Ym>mg Vn>1 P(7'5 <n|Np :i) < nexp(—mV(p* —6,5)+m6).
This proves the proposition. (]
Lemma 6.12. Let V* <V (p*,0). There exists § > 0 such that
V(p* —46,0)—26 > V*.
Proof. Let V* < V(p*,0). Let € > 0 be such that V(p*,0) —4e > V*. For § > 0,

we have
Next we bound V(p*, p* — §) and V(4,0):

V(6,0) < I(w,o) < -m(1- w)

g g

and the righthand terms go to 0 when § goes to 0. Thus we can choose § > 0 such
that

d < e, V(4,0) < €, Vip*,p*=9) < €.
We then have
V(p*—=6,0)—20 > V(p*,0) =25 —2c > V",
and the lemma is proved. O
Corollary 6.13. For any V* < V(p*,0), there exist § > 0 and my > 1 such that
Vm > myg P(75 > exp(mV*)| No = [(p* — 6)m]) > 1 — exp(—md).
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Proof. Let 6 > 0 be associated to V* as in Lemma[6.121 We apply Proposition
with § and n = exp(mV™*): there exists mg > 1 such that
Ym > my P(15 < exp(mV™) | Ng = [(p* — 0)m]) < exp(—md).
This is the desired inequality. O

For 6 > 0, let T'(p* — &) be the first time the process (N, ),>0 becomes larger
than (p* — 0)m:

T(p*—0) =inf{n>0:N,>(p"—d)m}.

Proposition 6.14. Let m > 1 be fized. For any § > 0, there exist k > 0 and
p1 > 0, which depend only on m and 8, such that: for any set of parameters £, pc, py
satisfying m = o(1 — pc)(1 — par)’, we have

Ym > 1 P(T(p* —6) <klnm|Ny=1) > p;.

Proof. Let k,dy be given by Proposition Let 6 > 0 be associated to V* as in
Corollary 6131 We suppose in addition that § < dg. Then we have

P(T(p* —6) < 2klnm| Ny =1)

klnm
> Y N P(T(p* = 6) < 26lnm, T(8) =k, Ny =i| No = 1)
k=1 i>mé
klnm
= Z Z P(T(p* —6) < 2/<;1nm|T(5) =k, Ny =1)
k=1 i>mé
x P(T(8) =k, Ny, =1i|No =1)
x1lnm
= Z Z P(T(p* —0) §2/§1nm—k‘N0:i)
k=1 i>md

x P(T(8) =k, Ny =i| No =1)
> P(T(p* —-0) < Hlnm‘NO = Lm(SJ) P(T((S) < /ilnm‘No = 1) .

Let A > 1, ¢ > 0 as in Lemma We suppose that m is large enough so that
kInm > h. Using again the Markov property, we obtain

P(T(p* —6) < klnm ‘ No = [mé])
> P(N1>0,...,Ny—1>0,N, >m(p* — )| No = [md])
> 1—exp(—cm).

Putting together the previous inequalities, and using the inequality of Proposi-
tion [6.8] we conclude that for m large enough,

P(T(p* —6) <2klnm|No=1) > (1 —exp(—cm))po.
This implies the result stated in the proposition. |
Corollary 6.15. Let m > 1 be fized. For any V* < V(p*,0), there exists p* > 0,

which depends only on V* and =, such that: for any set of parameters {,pc,py
satisfying m = o(1 —pc)(1 — par)’, we have

Ym > 1 P(mo > exp(mV*)| No =1) > p*.
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Proof. Let V* < V(p*,0). Let § > 0 and mg > 1 be associated to V* as in
Corollary [6.13] Let x > 0 and p; > 0 be associated to § as in Proposition [6.141 We
write

P(19 > exp(mV*) | No = 1)
> P(ro > exp(mV*), T(p* — 6) < klnm| Ny = 1)
> Z P(19 = exp(mV*), T(p* — 6) < klnm, Np(p_g) =i|Ng = 1)
i>(p*—d6)m
> Z P(7o > exp(mV™*) | Np(p-—s) = i, 70 > T(p* — 5))
i>(p*—d)m
P(Nrp(pe—sy =1, 70 > T(p* = 8), T(p* = 0) < klnm | Ny = 1)
> P(mo > exp(mV*) [ No = [(p* — 8)m])
xP(rg>T(p* = 6), T(p* —6) < klnm|No=1).
Since 19 > 75, we have by Corollary [6.13] that for m > my,
P(ro > exp(mV*) | No = (5" — 6)m]) > 1 - exp(—mb),
whence, by Proposition 6.14],
P(TO > exp(mV™)

No=1) > (1 —exp(—md))p1 .

For m < myg, the above probability is still positive, and we obtain the desired
conclusion. ]

7. PrROOF OF THEOREMS 2.2, 23] 2.4, 23]

7.1. Proof of Theorem Let f; be as in Theorem By Proposition [G.1],
we have
Yn>0  N(X,, f5) > N,(0,1).

Let V* > 0 be such that V* < V(p*,0). By Corollary there exists p* > 0,
which depends on m and V* only, such that

Ym > 1 P(Vn <exp(mV*) N,(0,1)>1) > p*.
This yields the conclusion of Theorem

7.2. Proof of Theorem[2.3l We apply PropositionG.Ilwith n = t, starting time s,
A =A(X,, [p*m]). By definition of A,
N(Xs, A(X, [p*m])) > p*m],
therefore
Yt >s N (X4, A(Xs, [p"m])) = Ni(s, [p*m]).
If for some time t > s, we have

max f(X;(i)) < A(Xs, [p*m]),

1<i<m

then
N(XhA(XS, Lp*mj)) =0,

and from the previous inequality, we conclude that N, (s, Lp*mJ) =0. Yet
P(Ne(s, [p*m]) =0) < P(ro <t—s|No=[p*m]).
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Let V* > 0 be such that V* < V(p*,0). Let § > 0 as in Lemma By
Proposition [6.11] there exists mg > 1 such that, for m > myq,

P(ro<t—s ’ No = [p*m]) < (t —s)exp(=V*m).
We sum this inequality over s, ¢ such that s < t < exp(V*m/4) to obtain
< * . *
P(Ht < exp(V*m/4) 1285;@f(X,:(Z)) < OrgggtA(Xs, Lp mJ))

< Z (t —s)exp(=V*m) < exp(=V*m/4).
0<s<t<exp(V*m/4)

This proves Theorem 2.3
7.3. Proof of Theorems [2.4] and For E a subset of ({0,1 }é)m7 we define

the entrance time of the genetic algorithm in E as
T(E) =inf {n>0:X, € E}.

For A € R and k > 1, we define L(\, k) as the set of the populations containing at
least k& chromosomes with a fitness larger than or equal to A:

L\E) = {x € ({0,1})™ : Az, k) > )\}.
Recall that the quantity A()\, ) is defined just before Theorem [Z41

Lemma 7.1. Let 7w > 1. Let V* < V(p*,0). There exist positive constants §, K*, mg
which depend only on m and V* such that

VA <y Vzge LA L(p"—08)m]) VYm >mg
P(T(L('y, [(p* — 5)mJ)) > %*(lnm)mz(pM)fA()‘”) ’XO = xo)
< & (Inm)m?(par) "2 exp (—mV*).

Proof. Let m > 1. Let V* < V(p*,0). Let 6 > 0 and mg > 1 be associated to V*
as in Corollary Let p1 > 0 be associated to § as in Proposition Let us
fix A < v € R. By the very definition of A(\,~), any chromosome in L(\) can be
transformed with at most A(},~y) mutations into a chromosome of L(y), and the
corresponding probability is bounded from below by

(par) 2 (1 = pay)~ 2

Let xy belong to L()\, 1). The population xy contains at least one chromosome
belonging to L(\). By estimating the probability that this chromosome is selected,
that there is no crossover on it, and that it is transformed by mutation into a
chromosome in L(+y), we obtain that

P(X1 € L(v,1) | Xo = z0) > Fu(m)(1 - pc)(par) (1 = par) 2O

The hypothesis on F,,, (see section B.I)) implies that, for m large enough, F,(m) >
o/(2m). Since we have also 7 > 1, then

1
P(Xy € L(v,1) |X0 =z9) > Q—(PM)A(/\’W)-
m
Suppose next that X; belongs to L('y, 1). Then the population X contains at least
one chromosome in L(7v), hence N(X1,v) > 1, and by Proposition [61 we have

Yn>1  N(X,,7) > N,(1,1).
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Thus, by Proposition [6.14] there exist x > 0 and p; > 0 such that, for any z; €
L(77 1), and any m > 1,

P(r(L(v, [(p* = 6)m])) < klnm + 1| X1 = a1)
> P(T(p*—é)ﬁnlnm—i—l‘Nl:l) > pr1.

Combining the previous bounds, we get

VI‘Q S L()\7 1)
1
P(T(L(’% \_(p* - (5)77”)) < klnm +1 | XO = ;1;0) > Pl — 5 (p]\/[)A()\,'y) )
We decompose {1,...,n} into subintervals of length |klnm + 1] and we use the

previous estimate: we obtain that for any g € L(A,1) and n > 1,
P(T(L()\, 1)0) >n, T(L(v7 [(p* — 5)mJ)) >n | Xo = a:o)

<(1-m %(W)A(m) hmnnleJ .

Next let zg € L(A, [ (p*—0)m]). We use Proposition@ITand the previous estimate:
there exists mg > 1 such that, for n > 1,

P(r(L(v: L(p" = 0)m])) > n| Xo =w) < P(r(L(, 1)) !Xo 7o)

+P(7(L(A, 1)0) >n, T(L('y, )) n ’ Xo = xo)
1 n
SRR SN A |
< nexp (=mV”) +exp (= p15—(pwr) e £ 1]
We choose
* 1
K — 8KV : n— _K*(lnm)mQ(pM)fA()\,v),
D1 2
and for m large enough, we obtain the estimate stated in the lemma. ]

Now let \g < --- < A, be an increasing sequence such that
Xo =min { f(u):ue{0,1}}, A\ =max {f(u):ue{0,1}}.

Let m > 1, V* < V(p*,0) and let 6, k*, mg be as given by Lemma [T.Tl We write

. <Z( (s L0 = ym])) = 7(L (v, L0 — ).

Thus, for any starting population zy, we have

K* J
7(lnm)m2 Z(pM)fA()‘k—l’)‘k) | Xo = zo)
k=1

> P(Vke {1,....r} 7(LOw (" = O)m

P(T* <

)) = T(L(Mk-1, L(p” = 8)m]))

2 —AAk—1, k) _
0 — .
(Inm)m*(par) | X CUO)

|7 2

<
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To control this last probability, we use repeatedly the Markov property and the
estimate of Lemma [Il Finally, we obtain

P(r* < S (mm)m? Y (par) A1) | X = )
k=1

> TI (1w (nmym2(oa) 2= exp (= mv*))
k=1
We now complete the proof of Theorem 2.4l We suppose that m > ¢*¢In ¢ and that
py > ¢ /L. Since A(Mg—1, Ag) < £ for any k, we have for m large enough

VEe{l,...,r} &5 (Inm)m?(pa) ~APMe-120) < exp (2m/c*).
We take ¢* such that 2/c¢* < V*/2 and we obtain, for m large enough,

P(T* < %(lnm)mz Z(PM)_A(’\’“””\’“) | Xo = 370)
k=1

2¢ 1
> (l—exp(—mV*/2)> > 3
The bound on the expectation of 7* is a consequence of this estimate and Lemma[A 3]
This completes the proof of Theorem 2.4
We complete next the proof of Theorem The proof is a variant of the

previous argument. We take ¢* such that

*> * *> 4 *> 27
C K C — C .
’ v V<A

We suppose that m > ¢*Alnf and that pyy > ¢* /0. Let k € {1,...,r}. Since
A(Ag—1, ) < A, we have for m large enough,

k*(Inm)m?(pay) ~2Re=12) < (Inm)m> < exp (2m/c*).
It follows that

P(T* < %(lnm)m%ﬁhLA ’XO = aco) > (1 — exp ( — mV*/Q))m >

N | =

We conclude as before with the help of Lemma [A3]

7.4. Proof of Theorem Let V* < V(p*,0) and let § > 0 as in Lemma [6.12
Let

A = max { f(u) :ue{0,1}"}.
We apply the estimate on the invariant measure given in Lemma [AT] with the
following sets:

Vo= AN [(pF = 8)m]), G = A\, 1)°.
We obtain

w(@) < sup P(TG <7y |X0 = x) sup E(TV |X0 = y) .
eV yeG

Let x € V and n > 1. We have
P(Tg<TV}X0:x) < P(ngn|X0:x) + P(n<Tg<T\/|X0:l‘).
We estimate separately each term. Let i = N(z,A*). Then i > [(p* — 6)m| and
P(rg<n|Xo=x) = PEk<n N(X3,\")=0|Xo=ux).
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From Proposition [6.1], if Xy = z, we have
Vk>0  N(Xg,A*) > Ni(0,4).
Applying Proposition [6.11] we obtain, for m large enough,
P(TG <n | Xo = x) < P(TO <n ’ Ny = z) < nexp(—mV™).
For the second term, we remark that, on the event {n < 7¢ < 7y }, we have that
Vke{l,...,n} 1 < Ng(0,1) < [(p*—d)m].

We use Proposition [6.14] and we decompose {1,...,n} into subintervals of length
kInm + 1 to conclude that

P(n<T(;<Tv‘X0:J;) < (1—p1)L#n"&1J.

Putting together the previous inequalities, we have, for n > 1,

P(TG < Ty ‘ Xo = x) < nexp(—mV™*) + (1 —p1) Lnlnm+1J )
We take n = m? and we conclude that, for m large enough,
Pt <7v|Xo=12) < 2m”exp(—mV™).

Next let y € G. Using the bounds obtained in Theorem [Z4] with » = 1 and A = ¢,
we have

Yy e G E(T*|X0:y) < 2+ k*(Inm)m? (pas)~*.

Inspecting the proof of Theorem[Z4] we see that we have in fact proved this estimate
for 7y (this is a little stronger since 7y > 7). Thus, for pyy > ¢*/¢, m > ¢*¢1In¥
and m large enough, we have

w(G) < 2m? exp(—mV™) x (2 + &*(Inm)m? (pM)_Z)
< m®exp ( —Llnpy — mV*) .

We choose ¢* large enough in order to obtain the conclusion of Theorem

APPENDIX A. MARKOV CHAINS

We state here some results on Markov chains with finite state space which we use
in the main proofs. In the sequel, we consider a discrete time Markov chain (X;):>0
with values in a finite state space £ and with transition matrix (p(z,y))s yee-

Invariant probability measure. If the Markov chain is irreducible and aperiodic,
then it admits a unique invariant probability measure u, i.e., the set of equations

py) = > @) p(z,y), yeE,

el

admits a unique solution.
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Representation formula. Let us suppose that the Markov chain (X;);>¢ is irre-
ducible and aperiodic. Let u be the invariant probability measure of (X;);>0. Let
V' be a non—empty subset of £. We define

TV = min{nZl:XnEV}.
We then have, for any subset G of &,

Tvl

u(G) = ﬁ/du (Z Lo(Xe) | Xo = 2)

This formula can be found in the book of Freidlin and Wentzell (see chapter 6,
section 4 of [21]), where it is attributed to Khas’minskii, and in the books of Kifer
R7.23).

Lemma A.1. For any subsets V,G of €, we have

u(G) < sup P(TG < Ty |X0 = 1‘) sup E(TV |X0 = y) )
eV yeG

Proof. From the representation formula for the invariant measure, we obtain that

val

w(G) < sug E( Z la(Xk) ‘XO = x) .
ve k=0

Let us try to bound the last expectation. We denote by F, the expectation for the
Markov chain starting from x. We have

Tv—]. TV — 1
Eo( D 16(X0) = Ba D Trgen 1= 2 Lo(Xi ))

k=0 yeG

TV — 1
= ZE ( Z lg Xk))Pm(TG <7Tv, X.,—G :y)

yeG
<ZE TV Tg<Tv,XTG:y)
yeG
< sup E, (TV) P, (TG < TV) .
yeG

Taking the supremum over x € V', we obtain the inequality stated in the lemma. [

For z € &, we define
T(z) = inf {n>0:X, =z}.

Lemma A.2. Let k > 1 and let x1, ...,z be k distinct points of £. The random
variables Xp(p )11, -+ X7(e)+1 0re independent.

Proof. We do the proof by induction over k. For k = 1, there is nothing to prove.
Let £ > 2 and suppose that the result has been proved until rank k£ — 1. Let
x1,...,T, be k distinct points of £. Let y1,...,yr be k points of £. Let us set

T:min{T(:vi):lgigk}.



QUASISPECIES AND GENETIC ALGORITHM 6065
Let us compute

P(X7@)11 =Yt Xr(ap)+1 = Uk)

Z P(Xr@o41 = Y1, s X141 = Yk T = T(x;))
1<i<k

= Z P(Xr(a)41 = Y15 s X141 = Uk | T = T(2:)) P(T = T(x;))
= P(Vi#i Xr@)4 =y X1 =yi| Xo =) P(T = T(x,))
= plai, y)P(Vj #i Xr)+1 =5 | Xo =) P(T =T(x;)) .

We use the induction hypothesis:
P(Vj#i Xpwpw =yl Xo=y) = Hp(iﬂj,yj)-
J#i
Reporting in the sum, we get

P(X7(@y41 =Y1s - Xr(ap)41 = Uk)

S 1 planv)P(T=T()) = ] pzj.y)-

1<i<k 1<j<k 1<j<k

This completes the induction step and the proof. O

Lemma A.3. Let T be a stopping time associated to the Markov chain (X¢)i>o. If
there exists an integer k and 8 positive such that

Vee&  P(r<k|Xo==z) > 8,
then we have

Vee&  E(r|Xo=1z) <

|

Proof. Reversing the inequality, we have
Ve e & P(T>k|X0:x)§1—B.
Since the bound is uniform with respect to x, we prove by induction on n that
Veel Vn>1 P(r>nk|Xo=1z) < (1-8)"

We compute next the expectation of 7 as follows: for xz € &,

oo k—1

E(t|Xg=1) = Z (r>n|X,=uz) <ZZPT>ik+l|XO:z)
n=0 01=0

Z T>ik;|X0=ac)§ k(1 —-p)" <
i=0 i=0

8s

)

|

as requested. (Il



6066 RAPHAEL CERF

APPENDIX B. MONOTONICITY

We first recall some standard definitions concerning monotonicity and coupling
for stochastic processes. A classical reference is Liggett’s book [29], especially for
applications to particle systems. In the next two definitions, we consider a discrete
time Markov chain (X,,),>0 with values in a space £. We suppose that the state
space € is finite and that it is equipped with a partial order <. A function f : £ - R
is non—decreasing if

Y,y € € r<y = f(x)<fy).

Definition B.1. The Markov chain (X,,),>0 is said to be monotone if, for any
non—decreasing function f, the function

re&m E(f(Xn)]|Xo=u1)
is non—decreasing.
A natural way to prove monotonicity is to construct an adequate coupling.

Definition B.2. A coupling for the Markov chain (X,,),>0 is a family of processes
(XZF)n>o indexed by « € £, which are all defined on the same probability space, and
such that, for z € &, the process (XF),>¢ is the Markov chain (X,,),>0 starting
from Xy = x. The coupling is said to be monotone if

Ve,y € € <y = Vn>1 Xr<XY.

If there exists a monotone coupling, then the Markov chain is monotone.

APPENDIX C. STOCHASTIC DOMINATION

Let u,v be two probability measures on R. We say that v stochastically domi-
nates p, which we denote by pu < v, if for any non—decreasing positive function f,

we have u(f) < v(f).

Lemma C.1. Let n > 1, p € [0,1], A > 0 be such that (1 — p)™ > exp(—A).
Then the binomial law B(n,p) of parameters n,p is stochastically dominated by the
Poisson law P(\) of parameter A.

Proof. Let X1, ..., X, be independent random variables with common law the Pois-
son law of parameter —In(1 — p). Let Y be a further random variable, independent
of X1,...,X,, with law the Poisson law of parameter A + nln(1l — p). Obviously,
we have

Y+ X1+ + X, > min(Xy,1) + - + min(X,,1).

Moreover, the law of the lefthand side is the Poisson law of parameter A\, while the
law of the righthand side is the binomial law B(n, p). O

Lemma C.2. Let A > 0 and let Y be a random wvariable with law the Poisson law
P(A) of parameter \. For any t > X\, we have

PY >1) < (%)t
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Proof. We write

Z o exp Z x exp M)A

k>t k>t
th=t . Aeyt
k>t

Let Y be a random variable following the Poisson law P(\). For any ¢ € R, we
have

Ay (t) = mE(exp(tY)) = (Z —exp(—A+ kt)) = A(exp(t) — 1).

For any a,t € R,
Aoy (t) = Ay (at) = M exp(at) —1).
Let us compute the Fenchel-Legendre transform A’ . By definition, for z € R,

Ay (z) = ilelﬂg (tas — A exp(at) — 1)) .

The maximum is attained at t = (1/«) In(z/(Aa)), hence
x x x

Ayp(r) = S (Z) - Z 4.

o (2) ! n()\o) a+/\

Lemma C.3. Let p € [0,1] and let n > 1. Let X be a random variable following
the binomial law B(n,p). Let Y be a random variable following the Poisson law
P(np). For any o € R, we have Ay > Ay

Proof. For any t € R, we have
Ax(t) = mE(exp(tX)) = nln (1 —p+pexp(t)) < np(exp(t) —1).
For any a,t € R,
Aax(t) = Ax(at) < np(exp(at) —1).

It follows that
vt e R AaX (t) < AocY (t) .

Taking the Fenchel-Legendre transform, we obtain
VreR ax (@) = Ayy (2)

as required. O

APPENDIX D. BINOMIAL ESTIMATE
We recall a basic estimate for the binomial coefficients.
Lemma D.1. For anyn > 1, any k € {0,...,n}, we have

n! k n—
In —— In — — k)1
nk!(n—k)!+knn+(n k)In

< 2lnn+3.
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Proof. The proof is standard (see for instance [18]). Setting ¢(n) = Inn!—nlnn+n,
for n € N, we have

n!
- = | — | — — k!
In Hin— )] Inn! —Ink! —In(n — k)!

=nlnn—n+¢(n)— (kInk—k+¢(k)) — (n—k)In(n—k) — (n— k) + ¢(n — k))
E o 6(n) — (k) — oln — ).

Comparing the discrete sum Inn! = Zlgkgn In k to the integral fln Inx dx, we see
that 1 < ¢(n) <Inn+ 2 for all n > 1. On one hand,

¢(n) — ¢p(k) — ¢(n—k) < Inn,

n —

= —klnﬁ—(n—k)ln
n n

on the other hand,
o(n) — (k) —p(n—k) > 1—(Ink+2)—(In(n—k)+2) > =3 —2Inn,

and we have the desired inequalities. O

APPENDIX E. EXPONENTIAL INEQUALITIES

Hoeffding’s inequality. We state Hoeffding’s inequality for Bernoulli random
variables [24]. Suppose that X is a random variable with law the binomial law
B(n,p). We have

Yt < np P(X <1t) gexp(—%(np—t)z).

Tchebytcheff exponential inequality. Let X;,...,X,, be i.i.d. random vari-
ables with common law p. Let A be the Log—Laplace of pu, defined by

vt e R A(t) =In (/ exp(ts) dp(s)) .
R
Let A* be the Cramér transform of i, defined by

VeeR  A'(x) = ilelﬂg (te — A(t)).

We suppose that p is integrable and we denote by m its mean, i.e., m = fR x dp(z).
We then have

Y >m P(%(X1+~-~+Xn) Za:) gexp(—nA*(x)).
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