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Abstract

We consider the Moran model on the sharp peak landscape, in the
asymptotic regime studied in [3], where a quasispecies is formed. We
find explicitly the distribution of this quasispecies.

1 Introduction

In his paper [9], Eigen introduced the model of quasispecies to describe the
evolution of a population of macromolecules which is subject to two main
forces: mutation and selection. The model was developed further in a series
of papers by Eigen and Schuster [I1], 12} 13], and analysed in great detail by
Eigen, McCaskill and Schuster in [I0]. A major conclusion is that this kind of
evolutionary process, rather than selecting a single dominant species, is more
likely to select a master sequence (the macromolecule with the highest fitness)
along with a cloud of mutants that closely resemble the master sequence.
Hence the name quasispecies. One other major discovery that Eigen made
on this model was the existence of an error threshold allowing a quasispecies
to form: if the mutation rate exceeds the error threshold, then the population
evolves towards a totally random state, whereas if the mutation rate is below
the error threshold, a quasispecies can be formed.

Even if Eigen’s original goal was to explain the behaviour of a population
of macromolecules, the theory of quasispecies rapidly extended to other ar-
eas of biology. In particular, experimental studies support the validity of
the model in virology [7]. Some RNA viruses are known to have very high
mutation rates, like the HIV virus, and this is a factor of resistance against
conventional drugs. A promising strategy to combat this kind of viruses con-
sists in developing mutagenic drugs that would increase the mutation rate


http://arxiv.org/abs/1312.2755v1

beyond the error threshold, in order to induce an error catastrophe [2] 23].
This strategy has successfully been applied to several types of RNA viruses
[4]. Moreover, several similarities have been observed between the evolution
of cancer cell populations and RNA viruses, in particular, the possibility of
inducing an error catastrophe [22].

Two important features of Eigen’s model are its deterministic nature (the
model is based on a system of differential equations derived from certain
chemical and physical laws) and the fact that the population is considered to
be infinite. When dealing with simple macromolecules, these assumptions are
quite natural. Nevertheless, they become unrealistic if we want to apply this
model to population genetics, and they are two of the major drawbacks when
applying it to virus populations, as pointed out by Wilke [24]. On one hand,
we have to take into account the stochastic nature of the evolution of a finite
population. The higher the complexity of the individuals, the harder it is to
explain the replication and mutation schemes via chemical reactions. This
fact, together with the widely recognised role of randomness in evolutionary
processes strongly suggest a stochastic approach to the matter. On the other
hand, when dealing with populations of complex individuals, the amount of
possible genotypes largely exceeds the size of the population. Therefore, if
we want to use Eigen’s model in population genetics, a finite and stochastic
version of the model is called for.

The interest of a finite stochastic counterpart to Eigen’s model is not new.
Eigen, McCaskill and Schuster already emphasise the importance of develop-
ing such a model [I0], so does Wilke in the more recent paper [24]. Several
researchers have pursued this task. Demetrius, Schuster and Sigmund [5]
introduce stochasticity into Eigen’s model using branching processes. Mc-
Caskill [15] also develops a stochastic version of Eigen’s model. Nowak and
Schuster [I8] use birth and death Markov processes to give a finite stochastic
version of Eigen’s model on the sharp peak landscape. Alves and Fontanari
[1] study the dependence of the error threshold on the population size for the
single sharp peak replication landscape. Saakian, Deem and Hu [20] com-
pute the variance of the mean fitness in a finite population model in order
to control how it approximates the infinite population model. Deem, Munoz
and Park [19] use a field theoretic representation in order to derive analytical
results. Other recent papers introduce finite stochastic models that approach
Eigen’s model asymptotically when the population size goes to oo, like Musso
[17] or Dixit, Srivastava, Vishnoi [6].

In [3], Cerf studies a population of size m of chromosomes of length ¢ over



an alphabet A of cardinality x evolving according to a Moran model [16].
The mutation probability per locus is g. Only the sharp peak landscape is
considered: the master sequence, which we denote by w*, replicates with rate
o > 1, while all the other sequences replicate with rate 1. In the asymptotic
regime where

{— +00, m — 400, qg—0,
m
fq—)a, ?—>O[,

a critical curve is obtained in the parameter space (a,«), which is given
by a¢(a) =Ink. If ap(a) < Ink, then the population is totally random,
i.e., the fraction of the master sequence in a population at equilibrium con-
verges to 0. On the contrary, if a¢(a) > In k, then a quasispecies is formed,
i.e., at equilibrium, the population contains a positive fraction of the mas-
ter sequence, which in the asymptotic regime presented above converges to
(cem®*—=1)/(c —1).

The aim of our article is to obtain the whole distribution of the quasispecies.
As it is customary with this kind of models, we introduce Hamming classes
with respect to the master sequence in the space A° of sequences of length ¢.
We say that a chromosome u € A‘ belongs to the class d € {0,...,¢} if it
differs from the master sequence in exactly d characters, i.e.,

card {i € {0,...,0} :w*(i) Zu(i) } = d.

We study then the concentration of each of these classes in a population at
equilibrium. For k > 0 fixed, in the above asymptotic regime, we recover the
critical curve a¢(a) = Ink. If ap(a) < Ink, then the fraction of the class k
converges to 0, whereas if a¢(a) > In, then the fraction of the class k in a
population at equilibrium converges to

We denote by Q(o, a) the probability distribution which assigns mass pj to k,
for k£ > 0, and we call it the distribution of the quasispecies with parameters
o, a.

The article is organised as follows. First, we present our main result, along
with a sketch of the proof, a brief discussion about the distribution of the
quasispecies and some background material from [3]. The remaining sections
are devoted to the proof.
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2 Main Result

Let A be a finite alphabet of cardinality x and ¢ > 1 an integer. We consider
the space A’ of sequences of length ¢ over the alphabet A. Elements of the
space A’ represent the chromosome of an haploid individual. We consider a
population of size m of individuals from A*. The size of the population m is
kept constant throughout the evolution.

When a reproduction occurs, the chromosome is subject to mutations. We
suppose that mutations occur independently at random at each locus, with
probability ¢ €]0,1—1/k[. If a mutation occurs, we replace the letter with a
new one, chosen uniformly at random between the remaining x — 1 letters of
the alphabet A. The mutation mechanism is encoded in a mutation matrix
(M(u,v), u,v € AZ), where M (u,v) is the probability that the chromo-
some u is transformed into v by mutation. We have the following analytical
expression for M (u,v):

¢
q
M(u,v) =[] ((1 — @) Lug)=o(y) + mluu)#v(j)) :
j=1
The only allowed transformations in a population consist of replacing a chro-
mosome of the population with a new one. For a population = € (Ae)m’
je{l,...,m}, ue A’ we denote by x(j < u) the populaton = where the

j—th chromosome x(j) has been replaced by u:

(1)

z(j —u) = U

The replication mechanism is encoded in a fitness function:
A A" — [0, 400 .

The discrete time Moran model is the Markov chain (X;);>o, whose transition



matrix is given by
vteN Voe (A" Vie{l,....¢} Vue A\ {z(j)}

P(Xpp=2(j )| X, =2) = % > Alx(i) M(x(i), u),

1<i<m
where A > 0 is a constant such that
A>max {A(u):ue A},

The other non—diagonal coefficients of the matrix are null. The diagonal
coefficients are arranged so that the matrix is stochastic, i.e., the sum over
each row equals 1. We will only consider the sharp peak landscape. Let
o > 1 be a real number. There exists a particular sequence, called the master
sequence or the wild type, and denoted by w*, for which the replication rate
is 0. The replication rate for all other sequences is 1. The fitness function is
then given by

1 if u # w*,

o ifu=w"*.

vu € A A(u) = {

We denote by dy the Hamming distance between two chromosomes:
Vu,v € A dy(u,v) = card{i:1<i<mu(i)#v(i)}.

Let x be a population in (Aé)m. We fix an integer K > 0 and we look at the
number N¥(z) of chromosomes in x which are at distance K or less from
the master sequence:

N¥(z) = card{i:1<i<m,dy(z(i),w*) <K} .
Let ¢ : RT — R* U {+00} be the map given by

1 _ —a
o(l—e™)In % + In(oe™)

Va <Ino ¢(a) = (= o(l—c) )

and ¢(a) =0 for a > Ino. Let (p})r>0 be the sequence given by
Vk >0 pp = (o7 —=1)— —.

We have then the following result:



Theorem 2.1. Suppose that

! — 400, m — 400, qg—0,
lg — a €10, 400/, %—m[e [0, +00] .

We have the following dichotomy:
o [fa¢(a) <lnk, then

1
VK >0 lim  lim E(—NK(Xt)> = 0.
£,m—00,q—0 t—00 m
Zq%a,%%a

o [fa¢(a) > Ink, then

1
VK 20 ﬁ,m—l>lcg}q—>0 tlir?o E<HZN (Xt) Po + * PK
{g—a, %%a

Furthermore, in both cases

1
VK >0 lim  lim Var(—NK(Xt)) = 0.
£,m—00,q—0 t—o0 m
Zq%a,%%a

2.1 Sketch of proof

The state space of the Markov chain (X;)io has cardinality x“™, which is
too big to work with. The first step in proving theorem 2.1] is to reduce
the state space. We use a classical technique called lumping and we build a
simpler process (O;):>0, called the occupancy process, whose state space is
much smaller. The occupancy process (O;)i>o keeps track of the number of
chromosomes in each of the ¢4+ 1 Hamming classes. This process will be the
main subject of our study. In addition, the state space of the process (O;)¢>0
is naturally endowed with a partial order which allows us to use coupling and
monotonicity arguments.

We then compare the time that the process (O;):>¢ spends having at least a
sequence in one of the Hamming classes 0, ..., K (which we call the persis-
tence time), with the time the process (O;):>o spends having no sequences
in any of the Hamming classes 0, ..., K (which we call the discovery time).
Asymptotically, when a¢(a) > Ink, the persistence time becomes negligible

7



with respect to the discovery time, whereas when a¢(a) < Ink, it is the dis-
covery time that becomes negligible with respect to the persistence time.
This already proves the first assertion in theorem 2.1

The second statement of the theorem requires much more work. We build first
a coupling to compare the occupancy process (O;)¢>o with simpler processes:
a lower process (Of);>o, and an upper process (Of™);59. These processes
stochastically bound the occupancy process (O;):>o, and they only keep track
of the number of chromosomes in the Hamming classes 0, ..., K. The goal
is to show that the invariant probability measures of the processes (Of);>o
and (Of™);5¢ both converge to the Dirac mass at the point (o, ..., pl).
This is achieved by estimating the typical time that the processes spend
inside and outside a neighbourhood of (pg, ..., pk). The time they spend
inside a neighbourhood of (pg, . . ., p¥ ) is typically of exponential order in m,
whereas the time they spend outside such a neighbourhood is typically of
polynomial order in m. These estimates are enough to complete the proof of
theorem 2.1l The strategy to obtain the estimates is as follows. The mutation
probabilities M (u,v) for v > v go to 0 when ¢ — o0, ¢ — 0 and g — a.
Thanks to this fact we can build the processes (Of);>0 and (Of*');>¢ in such
a way that, for 0 < k < K, the evolution of the Hamming classes 0, ...,k
does not depend on the remaining Hamming classes. We can then proceed
to prove the estimates by induction. Both the initial case and the inductive
step boil down to the study of birth and death Markov chains, for which
explicit formulas are available.

2.2 The distribution of the quasispecies

Let a be such that oe™® > 1. As stated in theorem 2.1] the distribution of
the quasispecies of parameters o, a, is given by the sequence (p})r>o:
k k
a i
Vk >0 = (o7 —=1)— —.
i>1
Nevertheless, we will carry out the proof by induction, and in our proof we
will not find the sequence (p})r>o in the above form, it will be given by the



following recurrence relation:

. oe -1
Po= 51
e @ ak
r - _ n ) k>
pk; (U—l)p0+1—€ a( 'pO ; |pl

We show next how to derive the explicit formula for (p;)i>o from the recur-
rence relation. Firstly, we remark that replacing pf by its value,

e 1

(c—Dpt+1—e* o—1"
Therefore, we can rewrite the recurrence relation as follows:

ce -1

o—1

a® 1 b akt

= —pp 4+ — — k>1.

Let f be the generating function of the sequence (p;)xr>o:
X) =Y px*t.
k>0

Let us consider the following formal series:

We do the Cauchy product of the two formal series above and we obtain:

k-1

f<X)(%eaX) - Z(%i (ka— z)!pT)Xk'

k>0 =0

Yet, thanks to the recurrence relation,

Thus,



Replacing pj; with its value gives the following expression for f:

6aX

J(X) = (e 1)

o — eaX

We remark that f(1) = 1, thus (pj)r>o is indeed a probability distribution
on N. We develop this last expression as follows:

X e X\’ 1 (aiX)* i\ ak
S (S) TS T ()
i>1 i>1 7 k>0 k>0 N i>1
We obtain finally
. Y CLk Zk

We call this the probability distribution of the quasispecies with parame-
ters o, a and we denote it by Q(o,a). A short calculation shows that the
expectation and the variance of Q(o, a) are given by:

E(Q) = Lﬂ, Var(Q) =

oe~® — 1

cae *(ce *+a—1)
(ce=e —1)2

The graphs at the end of the introduction show the frequency of the master
sequence and the first 10 Hamming classes for ¢ = 5 and o = 10°. The
graphs closely resemble those obtained by solving the differential equations
from Eigen’s original model [10] 21].

2.3 The occupancy process

The occupancy process (O;);>o will be the main subject of our study, it is
obtained from the original process (X;);>o via lumping, as in section 6.3 of
[3]. Let P}, be the set of the ordered partitions of the integer m in at most
¢+ 1 parts:

Py = {(0(0),...,0(0)) e N i 0(0)+ - +o0(l) =m }.
A partition (0(0), ..., o({)) is interpreted as an occupancy distribution, which

corresponds to a population with o(l) individuals in the Hamming class , for
0 <[ < /. Since we are working with a Moran model, only a chromosome can

10



change classes at a time, i.e., the only possible transitions for the occupancy
process (Oy);>o are of the form

o — olk—=1), 0<k,1</,

where o(k — [) is the occupancy distribution obtained by transferring a
chromosome from the Hamming class k& to the class [, i.e.,

o(h) if h £k, 1,
Vhe{0,....t}  ok—=1)(h) =3 ofk)—1 if h =k,
o(l) + 1 if h=1.

We will work with a discrete time occupancy process (O;)¢>0, whose transition
matrix is given by

Voe P, Vki1e{0,.. .}, k#I,

Po (0, o(k — l)) = h=0 ,

where Ay is the lumped fitness function, defined as follows

o itb=0,
Vbe{0,...,0} AH(b):{ ) b 1

and My is the lumped mutation matrix: for b,c € {0,...,¢} the coefficient
My (b, c) is given by

= (D)6 et Q-2

0<k<é—b
0<I<b
k—l=c—b

3 Stochastic bounds

In this section we will build a lower process (Of);>o and an upper process
(Of )50 in order to bound stochastically the occupancy process (Oy);so.
The space Py}, of the occupancy distributions is endowed with a natural

11



order <. If 0,0’ are two occupancy distributions we write that o < o’ if and
only if

Vie{0,....4}  0o(0)+---+o() <0)+---+(1).

We will construct the lower process (Of)y> and the upper process (OF )5
in such a way that for any o € Py, if Of = Oy = Of ! = o, then

VE>0  Of = O, = OF .

The processes (Of)i>o and (OF*1);5 will be much simpler than the occu-
pancy process (O)>o-

3.1 The lower process

We start by building the lower process (Of)i>o. First of all, let us explain
loosely the dynamics of the lower process (Of);>o. As long as there is no
master sequence present in the population, the lower process (Of);>q evolves
exactly as the original process (O;):>o. When a master sequence appears, all
the chromosomes in the Hamming classes K + 1,...,¢ are sent to the class
(. As long as the master sequence is present in the population, a mutation
to any of the classes K +1,...,/ is directly sent to the class . Furthermore,
every mutation from a Hamming class to a lower class is also sent to the class
¢. To make this construction rigorous, we will modify the coupling map ®¢
defined in section 7.1 of [3]. To do so, we will also use the maps My and Sp
defined in the section 7.1 of [3]. We take R to be the set

R =1[0,1] x {0,...,m}*x [0,1])°,

and we define a map

as follows. Let r = (s,4,7,u1,...,u) € Rand o € Pf},. We take [ = Sp(o, s)
and k the only index in {0,...,¢} such that

0(0)+---+ok—=1) < j < o(0)+---+o(k).
We define the map @, by:

(k’—)g) ifMH(l,ul,...,u£)<l,
(k‘ — Myl uy,. .. ,uz)) otherwise.

2o(0.7) = { )

12



From this construction we see that
Vre R Yo P, Dy(0,7) X Pplo,r).
We define a map 7, : Py, — Py, by setting, foro € Pj} andl € {0,...,0},

o(l) if0<I<K,
me(o)(l) = 0 if K<l</,
m— (0(0) + - -+ o(K)) if 1=¢.
This map satisfies
Yo e P, (o) < o.
We denote by W* the set of the occupancy distributions having at least one
master sequence, i.e.,

W ={oePt :00)>1},

and we denote by N the set of the occupancy distributions having no master
sequence, i.e.,

N ={oePl:00)=0}.
Let us define

o' = (0,...,0,m), 0 e = (1,0,...,0,m —1).

exit enter

We define a lower map @, by setting for o € Pl and r € R,

Po(o,T) ifoe N and Pp(o,r) & W*,

&L (0.1r) — 0 o ifoe N and ®p(o,r) € W*,
o T (®o(me(0),7))  ifoeW* and Py(m(o),r) €N,
o' if o e W* and @, (m(0),r) € N.

The next proposition compares the map ®% to the map ®.

Proposition 3.1. For all r € R and for all o € P},

(I)é(O, T) = ®p (07 T) :

Proof. Let us take r € R and o € P} ;. We consider the four following cases:
e If o € N and ®p(0,7) € W*, then

@é(o, r) = ®p(o,r).

13



o If 0o € N and ®p(0,7) € W*, we have

enter

% (0,1) = of and ®p(0,r)(0) =1,

the inequality holds since for all 0 € P, with o(0) = 1, we have o}, < o.

enter

o If o € W* and @, (m(0),7) € N, since the mapping @, is lower than @,
we have

Do(me(0), 1) = Po(me(0),7)

Also my(0) = 0, and ¢ is monotone, so that

Te(Ro(me(0),7)) 2 Bo(m(0),r) = Po(m(0),r) = Po(o,r).

o If o € W* and ®,(m(0),7) € N, we have @5 (0) = oly,
that for all 0 € PJy, ofy = 0.

exit

we remark then

We finally conclude that ®f(0,7) < Po(o,7), for all o € Py, and for all
reR. O

We define next the lower process (Of)i>o. Let
Rn: (-[naJnasn)Un,l)"'aUn,f)7 TLZ ]-7

be an ii.d. sequence of random vectors with values in R, as defined in
[3]. The components of R, are independent random variables with uniform
distribution on their corresponding spaces. Let o € P/, be the starting
point of the process. We set Of = o and

vn>1 O = 050! |, R,).

Proposition 3.2. We suppose that the processes (Of)i>o and (Oy)i>o have
the same starting occupancy distribution o. We have then

vt>0  Of =< O;.

The proof is similar to the proof of proposition 8.1 of [3].

3.2 Dynamics of the lower process

We study now the dynamics of the lower process (Of);>o in W*. For the
process (Of);>o, the states in the set

T = {0 € Py 0(0) = Land o(0) + -+ + o(K) +o(t) <m }

14



are transient, and the states in the set N'U (W* \ Tz) form a recurrent class.
We will therefore focus on the dynamics of the process (Of);>¢ restricted to

W*\ T*. Since
WN\T" = {oe Pt :0(0)>1and o0) + -+ o(K)+o(l) =m},

a state in W* \ T* is completely determined by the occupation numbers of
the classes 0, ..., K. The process (Of);>o always enters the set W* \ T* at
o’ Fori € {0,...,K }, we denote by w; the vector of NX*1 given by:

enter *

1 ifl=1
vie{0,....K (1) = ’
{ } will) {O otherwise .

The only possible transitions for the Hamming classes 0, . . ., K of the process
(Of)¢>0 starting from a state in W* \ T* are

if o0)+---+o(K)<m-1, 0<i<K,

(0(0),...,0(K)) — (0(0),...,0(K)) — w; +w;
if 1<o(i), 0<ij<K, i#j.
The process (Of);>o always exits the set W* \ T* at of. If the process
(Of)¢>0 starts from a state in W* \ T¢, until the time of exit from W* \ T*,
the dynamics of (Of(0),...,0f(K)) is that of a Markov chain on the state
space
Ex = {zENKH:zO—l—~-~+zK§m}.

Let us compute the associated transition probabilities. Let z € Ek.

efor0<i<KandO<zy+:---+2xk <m,

p(z, 2 +w;) =

m—Zzl
=0 )X<

m((oc—1)zo+m

O'ZQMH(O, Z) -+ i ZlMH<l, Z)) .

=1

15



efor0<i< K and 1<z,

Zi
X
o—1)z+m)

p(z, 2z —w;) = mi(

efor0<i,j<K,i#jand 1<z,

p(z, z—wi+w;) = o ?)ZO ey X (azOMH(O,j)jL; leH(l,j)>.

The other non—diagonal coefficients of the matrix are null. The diagonal
coefficients are arranged so that the matrix is stochastic, i.e., the sum over
each row equals 1.

Since we are interested in the dynamics of (Of);>o in W* \ T%, the transition
probabilities starting from a point in {z € Ex : zg = 0} are not relevant.
Moreover, the law of the exit point from {z € Ex : zg > 1} is also not
relevant, what matters is the law of the exit time. Therefore we will modify
the matrix p into another stochastic matrix p‘ such that:

e Starting from {2z € Ex : zyp = 0}, there is a jump with probability 1 to
(1,0,...,0).

e The law of the exit time from {z € Ex : zp > 1} is unchanged, but the
exit point is (0,...,0) with probability 1.

More precisely, we define the matrix p* as follows:
e For 2,72 € Ex with z5 =0,

p(2 (1,0,...,0)) =1,
p(z,7) =0 if 2 #(1,0,...,0).

e For z,2' € &k with zp =1 and 2| =0,

K

p(2,(0,...,0)) = p(z,z—wo)—l—Zp(z,z—wo—l—wi),
=1

p(z,7) =0 if z,=0 and 2 #(0,...,0).

16



Finally, p‘(z, 2') = p(z,2') for all remaining z, 2’ € .

Let (Zf)i>0 be a Markov chain with state space €, starting at the point
2 = (1,0,...,0) and having for transition matrix p‘. Since (Of);>o always
enters W* \ T* at of,., and its dynamics inside W* \ T* is the same as the

dynamics of the chain (Zf);>0, we will rely on this Markov chain to compute
the desired estimates.

3.3 The upper process

We build now the upper process (O *');5o. First of all, let us explain loosely
the dynamics of the upper process (O *1);59. As long as there is no master
sequence present in the population, the upper process (OtK +1)t20 evolves ex-
actly as the original process (Oy);>o. When a master sequence appears, all the
chromosomes in the Hamming classes K +1, ..., /¢ are sent to the class K +1.
As long as the master sequence is present in the population, a mutation to
any of the classes K +1, ...,/ is directly sent to the class K +1. Furthermore,
for all ¢ < b, the mutation probability from the Hamming class b to the Ham-
ming class ¢ is taken to be equal to My (c+ 1, ¢). To make this construction
rigorous, we modify the mutation probabilities (M u(b,c), 0<bc< E) and
we define new mutation probabilities (Mg(b, c), 0<bc< f) for the process
(Of ™) 1>0. Let us set for b€ {0,..., K + 1} and ¢ € {0,...,¢},

Mpy(c+1,¢) if 0<ec<b<K+1,
MET(b,c) = My (b, c) if b<c<K,
0 fce {K+2,....0}.

The coefficient M+ (b, K 4 1) is adjusted so that each row adds up to 1,
i.e., we take, for b€ {0,..., K +1},

K
MEP (b, K +1) = 1=Y MY (b,h) =

h=0
b—1 K
L= My(h+1,h) =Y My(bh).
h=0 h=b

Moreover, for b € {K +2,... 0}, we set

Vee {0,....0}  METY(b,c) = My(b,c).
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We must verify that (Mf (b, c),0 < b,c < £) is a stochastic matrix, i.e.,
that all entries of the matrix are non—negative and that each row adds up to 1.
Since (My(b,c),0 < b,c < /) is already a stochastic matrix, these conditions
are satisfied for the rows M7 (b, ), b€ { K+2,...,(}. For the first K +2
rows, the only thing left to verify is that the coefficient Mf; (b, K 4 1) is
non—negative, in other words, that

b—1 K
Whe{0,....K+1} > My(h+1h)+> My(bh) < 1.
h=0 h=b

However, we are interested in the asymptotic regime

{ — +o00, m — +00, q—0,
m
lg — a, ?—Hy.

Thus, it is enough to verify the preceding inequalities for ¢, m big enough
and ¢ small enough. The mutation probabilities have the following limits:

0 if 0<ec<b,
Vb, c >0 li My (b,c) = c—b
€= Z,Wigoo (b, ) “ e @ if 0<b<e.
q—0,4q—a (C — b)'
We deduce that, for b€ {0,..., K + 1},
b—1 K
Jim Y Mi(h+ 1)+ 3 Mg (b h) =
q—0,4g—a h=0 h=b
K h—b Kb g
a —a __ CL_ —a
Z(h—b)!e = Z !e < 1.
h=b k=0

Therefore, for ¢, m big enough and ¢ small enough, the modified mutation
matrix (M7 1(b,c),0 < b,c <{) is indeed stochastic. We build now two
maps

by METL L0 0 x [0,1] — {0,..., 0}

in order to couple the mutation mechanisms of the processes (O;);>¢ and
(OF 1)50. Naturally, this coupling will allow us to compare these processes.
Let b€ {0,...,£} and u € [0,1]. We define M/;(b,u) to be the only index
ce€{0,...,0} such that

My(b,0)+ -+ My(byc—1) < u < Mg(b,0)+ -+ Mg(b,c).
Likewise, we define M2 (b, u) to be the only index ¢ € {0, ..., ¢} such that
M+ (b,0) 4+ Mt (be—1) < u < MEH(5,0)+ -+ M (bc).

18



Lemma 3.3. The map M, is above the map MET in the following sense:
Vb e{0,...,0} Yue[0,1] My (b,u) > MET(b,u).

Proof. Since My (b,c) < My(c+1,¢) for b > ¢, it follows from the definition
of the matrix (M} (b, ¢),0 < b,c < f) that

Vbe€{0,..., 0} > My(bh) <> MfH(bh).
h=0 h=0
These inequalities imply the desired result. O

We have also the following result:

Lemma 3.4. The map M/, is non—decreasing with respect to its first argu-
ment, 1.e.,

Vb,ce {0,....,0} Yue[0,1] b<c = My u < Mycu).

Proof. We consider the map
My :{0,....0}x[0,1]" = {0,...,¢}

defined in section 7.1 of [3] by

Vb e {0,....0} Vuy,...,us €[0,1)°
b ¢
MH(b, Uy ,W) =b— Z ]-uk<p/n + Z 1uk>17p(171//£) .
k=1 k=b+1

The interest of this map lies in the following fact: if Uy,..., U, are i.i.d.
uniform random variables taking values on the interval [0, 1], then for all
be{0,...,0}, the law of My(b,Uy,...,U,) is given by the b-th row of the
mutation matrix My, i.e.,

Vee{0,...,0} P(My(b,Uy,...,U)) =c) = My(b,c).

Moreover, we know thanks to lemma 7.1 of [3] that the map My is non-
decreasing with respect to the Hamming class, i.e., for all b,c¢ € {0,...,¢}
and uq, ..., u, € [0,1],

b<c= Mguy,... u)<Mglc,ug,... up).
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Take a,b,h € {0,...,¢} with a < b and let Uy,...,U, be i.i.d. uniform
random variables on [0,1]. Thanks to the properties of the map My, we
have

MH<a7O>++MH<a’7h) = P(MH(aaUlu"'7U5>§h) >
P(MH(b,Ul,...,Ug) Sh) = Mgx(b,0)+ -+ My(b,h).

This implies the desired result. O

Let us define
R = [0,1] x {0,...,0}* x [0,1].

We build next two coupling maps

Take 7 = (s,4,7j,u) € R', and 0 € P}};. We set | = Sp(o, 5) and we set k to
be the only index in {0, ..., ¢} such that

0(0)+---+ok—1) < j < o(0)+---+o(k).
The maps @}, et o are defined by:

O, (0, 1) = o(k — M'H(l,u)) ,
Do(0,r) = o(k = MET (L)) .

We have thanks to lemma [3.3] that
VreR' Yoe P, Dy (0,7) = Polo, 7).

Let
R =(S,I,J, U), n>1

be an i.i.d. sequence of random vectors with values in R', the random vari-
ables S/ I/, J/ U being independent and having the uniform law in their
corresponding spaces. We also take the sequence (R)),>; to be independent
of the sequence (R,,),>1 defined in section B.Il We build the process (O;)¢>0
with the help of the sequence (R,),>1. Let o € P/}, be the starting point of

the process, we set Oy = o and
Vn > 1 0, = ®,(0,.1,R)) .

The next lemma shows that the process (O;);>¢ is monotone.
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Lemma 3.5. The coupling map ¥}, is non-decreasing with respect to the
occupancy distribution, i.e.,

Yo, o' e Pl YreR'  o0=0 = Pylo,r) = Oy(d,r).

The proof is very similar to that of lemma 7.5 in [3], so we do not include
it here. We build next the upper process (Of*!);>o. We define a map

T4 : Pty — Pty as follows: for o € Pyt and [ € {0,...,¢},
o(1) if0<I<K,
Tr+1(0)(l) = m—(0(0)+---+o(K)) ifl=K+1,
0 iftK+2<1<0.

This map satisfies
Yo € P;—T—l o j 7TK+1(O) .

We also define
o5 = (0,m,0,...,0), of = (1,m —1,0,...,0).

exit enter

We build an upper map @g“ by setting for o € P/}, and r € R/,

P, (0,1) if o e N and @, (o0,r) & W*
BEH (0, 7) = ok B if o e N and ®)(0,7) € W*

Ti1(Po(mr41(0),7)) if 0 € W* and ®p(mg41(0),7) € N

o if o € W* and ®p(mx11(0),7) EN

A proof similar to that of proposition B.I] shows that:
Proposition 3.6. For all r € R' and for all o € Py},
Op(0,1) = @57 (o,7).

We define an upper process (OtKH)tEO with the help of the i.i.d. sequence
(R!,)n>1 and the map ®5 . Let o € P;; be the starting point of the process,
we set OF T = 0 and

\v/n >1 OK+1 —_ q)K—i—l (OK+1 Rl)

n—1>

Proposition 3.7. Suppose that the processes (Oy)>0, (OFf ™) i>0, have the
same starting occupancy distribution o. We have then

Vt>0 O, < OFth.

See proposition 8.1 of [3] for a detailed proof.
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3.4 Dynamics of the upper process

We will now study the dynamics of the upper process (Of™);5¢ in W*. For
the process (Of*1);50, the states in the set

TE = {oeP, :0(0)>1and 0(0) + -+ o(K) +o(K +1) <m}

are transient, and the states in the set N'U (W*\ T5*!) form a recurrent
class. We will therefore focus on the dynamics of the process (Of™);s¢
restricted to W*\ T**1. Since

W*\TK+1_{0€P£+1: 0(0) > 1and o(0)+---+o(K)+o(K+1) = }

a state in W* \ TE ! is completely determined by the occupation numbers of
the classes 0, ..., K. The process (Of);>q always enters the set W*\ TK+!

at of L. The only possible transitions for the Hamming classes 0, ..., K of

the process (Of* )5 starting from a state in W* \ TX+! are

(0(0),...,0(K)) — (0(0),...,0(K)) — w;
if 1<o(i), 0<i<K,

(0(0),...,0(K)) — (0(0),...,0(K))+ w;
if o(0) 4 -toK)<m—1, 0<i<K,

(0(0),...,0(K)) — (0(0),...,0(K)) — w; +w;
if 1<o(i), 0<i,j<K, i#j.

The process (Of™);5¢ always exits the set W* \ TE+! at of . If the

exit

process (OF™),5¢ starts from a state in W*\ 75+ until the time of exit
from W* \ 75+ the dynamics of (OFf*(0),...,0F ™ (K))o is that of a
Markov chain on the state space

Ex = {ZENKH:zoJr---JrZKSm}.

Let us compute the associated transition probabilities. Let z € E.

efor0<i<KandO<zy+---+2xk <m,

p(z, 2z +w;) = m((cr— l)zo+m)

K K
X <UZOM§+1(0, i)+ Y aMET (L) + <m -y zl) MEHY(K +1, i)) .
=0

=1
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efor0<i< K and 1<z,

K

p(z, 2 —wi) = = Z M0, ) )

x| oz
m((o —1)z0 + m) 0

+Zzl< ZMK“(Z h) (m izl) (1—;:]M§“(K+1,h))>.

h=0

efbor0<ij<K,i#jand 1<z,
Z4
m((o —1)z0 + m)

p(z, 2 —w; +wj) =

K K
x (moM}j“(o,j) +Y A METL ) + (m -y zl) ME+HY(K + 1,j)> .
1=1 1=0
The other non—diagonal coefficients of the matrix are null. The diagonal
coefficients are arranged so that the matrix is stochastic, i.e., the sum over
each row equals 1.

Since we are interested in the dynamics of (Of™!);5o in W*\ TK+1 the
transition probabilities starting from a point in {z € Ex : zo = 0} are not
relevant. Moreover, the law of the exit point from {z € Ex : zp > 1} is
also not relevant, what matters is the law of the exit time. Therefore we will
modify the matrix p into another stochastic matrix p*! such that:

e Starting from {2z € Ex : zp = 0}, there is a jump with probability 1 to
(1,m—1,0,...,0).

e The law of the exit time from {z € Ex : 29 > 1} is unchanged, but the
exit point is (0,...,0) with probability 1.

More precisely, we define the matrix p+! as follows:

o For 2,2 € i with 29 =0,
P (2 (L,m—1,...,0)) =1,
(2, ) =0 if YA (A,m—1,...,0).
o For z,2' € &k with 29 =1 and 2 =0,

K
pK+1(Zv (07 cet 70)) = p(Z,Z - wO) + ZP(Z,Z — Wo +wl)7

i=1

p" Ttz 2) =0 if 2,=0 and 2 #(0,...,0).
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KJrl(

Finally, p z,2') = p(z,2') for all remaining z, 2’ € Ek.

Let (ZF*") >0 be a Markov chain with state space £, starting at the point
2K+ = (1,m —1,0,...,0) and having for transition matrix p*1. Since the
process (OF )50 always enters W* \ TE*1 at of ! and its dynamics inside

enter

W*\ TK+1 is the same as the dynamics of the chain (Z/ )50, we will rely
on this Markov chain to compute the desired estimates.

3.5 Bounds on the invariant measure

We denote by b, o, pe ™" the invariant probability measures of (Of);>o,
(010, (OF ) 0. Let vk be the image measure of po through the map

0E P, —s %(0(0)+-~-+0(K)) e 0.1].

For any function f : [0,1] — R,

fae = [ f dpio(0)
[0,1] Py

_ lim E(f<0t(0)+-~-+0t(K))) .

(o(o)+-7~7é+o(K))

t—00 m

We fix a non—decreasing function f : [0,1] — R such that f(0) = 0. Thanks
to proposition we have the following inequality:

0!(0) +-~-+Of(K)) < f(0t<0> +~-~+Ot(K)) '

m m

vt >0 f(

Moreover, thanks to proposition [B.7]
Ot(0)+---+0t(K)) - f<05“(0)+---+05“(K))

m m

vt >0 f(

We take the expectations and we send ¢ to oo, and we obtain

[, o(0 )

/41

< fdvg <
[0,1]

L. f(‘)((’)*';n'“(m)dug*%o).

/41
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Our next goal is to find estimates of the above integrals. The strategy is the
same for the lower and upper integrals. Let 6 be either K + 1 or £ and let
us study the invariant probability measure p%. We will rely on a renewal
result. Let (X;):>0 be a discrete time Markov chain taking values in a finite
space €. We suppose that (X;);>¢ is irreducible and aperiodic and we call p
its invariant probability measure.

Proposition 3.8. Let W* be a subset of € and let e be a point in €\ W*.
Let f be a function from € to R. We define

=imf {t>0: X, eW}, r=if{t>7:X,=e}.

We have

[ @) = g B( [ x| xi=c).

The proof is standard and similar to the proof of proposition 8.2 in [3], so
we omit it. We apply this renewal result to the process (OY);>o restricted to
NU W\ T?), the set W*\ T?, the occupancy distribution of;, and the
function o — f((0(0) + - -+ + o(K))/m). Set

™ =inf {t>0:0] e W},
T=inf {t>7":0] =0l }.

We then have

/Pgn f<0(0) + m+ O(K)) 2 (o)

+1
E(/Tf<0g<0)++02( )dS‘OG_OeXlt)
_ 0 m

L
R
LA )
B(r]0f = L)

As long as (OY);s0 is in W*\ T?, the dynamics of (0Y(0),...,0(K))so is
that of the Markov chain (Z?);>q defined at the end of the sections and
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B4l Suppose that (Z9);>¢ starts from 2%, where 2 is the point of £x given
by

22 = (1,m—1,0,...,0) if 6=1.
Let 79 be the first time that the coordinate 0 becomes null, i.e.,

7o =1inf {n>0:20(0)=0}.

, { K+ = (1,0,...,0) if =K +1,
z =

Since the process (0?);>q always enters the set W* \ T? at of,,.,, the law of

To is the same as the law of 7 — 7% whenever the process (Of)tzo starts from
0. We conclude that the laws of ((0/(0),...,0)(K)), 7* <t < 7) and

(Zf ,0<t< 7'0) are the same. In particular,

E(T—T*

0§ = o ):E(TOIZS):ZO),

exit

and also

T (% . 0 K
E(/ f<os(0) +--+ 0Y( )) s | 0§ = oixit) _
- m
7o YA 4+ 79K
0 m
The formula for the invariant measure u, can then be written as follows:
0(0) +---+o(K

L, (™ ) duito) =

P m

+1
™ 0 4
[ 5( 20O yop
0 m
E(r*|0f = o) + E(7o | Z§ = 2°)

exit

([0 2
0 m
E(r*|0f = o) + E(r0 | Z§ = 2°) '

exit

_|_

The process (Z¢)>0 always enters the set {z € Ex : 20 > 1} at 2%, and always
exits the set {z € €k : 20 > 1} at (0,...,0). In order to write the previous
formula in terms of the invariant probability measure of (Z¢);>0, we apply
the renewal result stated in proposition to the process (Z?);>0, the set
{z € &k : 2 > 1}, the point 0 and the map z — f((zo+- -+ 2x)/m). We
set

o= inf {¢t>0:2/(0)>1},
mo=inf {t>n:2/ =0},

26



and we denote by 1Y the invariant probability measure of the process (Zf);>o .

We have
o4 2K
Jo ST e =

E</076f<zg(0)+‘},;+ Zﬁ(K))dS’Zg:(])
B(r| 25 =0) |

Since p?(0, 2%) = 1, the Markov property yields

/5K pREEEY () —

([ (B0 20 g
0 m
1—|—E(7'0‘Zg:,2€) )

Reporting back in the formula for uf, we get:

[ (i

+1
™ 0 4
([ (B0t )
0 m
E(T*|Og =0’ )+E(TO|Zg = 2%

exit
1+E(7’0|Z§ZZ’€) / (ZO++ZK> 0
—_—|d )
* E(T*|Og = Ozxit) +E(7‘0|Zg = 29) 5Kf m vi(2)

In the sequel, we will try to estimate each of the terms appearing on the
right-hand side of this formula.

4 Induction and estimates

In this section we estimate the integral

/EK PR ).
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Suppose that ce™ > 1 and let p* = (pj, ..., p}) be the point of [0, 1]5+1
given by

p’,;:(cre*“—l)a—zl—., 0<k<K.

Let f: Pt — R be a non-decreasing continuous function with f(0) = 0.
We consider the following asymptotic regime:

{ — 400, m — 400, qg—0,

m
lg — a, ?—Hy.

Our goal is to prove that in this regime

lim /gf(w)dﬁ(z):f(pm---m;).
K

£,m—00,q—0 m
Lg—a, %—)a

In order to prove this convergence, we estimate some hitting times associated
to the Markov chain (Z?);50. Let us define for 0 < k£ < K and for § > 0,

Uk(5):{z€€K: <5,0§i§k}.

Zi %

— P

m

We also define, for any subset A C £ the hitting time of A:
T(A) = inf{t>0:2 c A}.

Theorem 4.1. Let 6 > 0. For all 0 < k < K, there exist positive real
numbers oy, ay, Br, Br. (all of them depending on d), such that for ¢,m big
enough and for g small enough, we have:

e forall z € E,
P(T(Uk(5)) > m* ‘Zg = Z) < exp(—ajm).
e For all z € Ug(9),
P(7(Ux(26)°) < exp(Bem) | Zg = 2) < exp(—Bym).
We will prove this theorem by induction on k. The strategy is as follows.
From the definition of Uy (§) we see that

Up(6) D Uy(6) D -+ D Uk(d),
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and that in order to know whether the process (Zf)s>¢ is in Ug(9), it is enough
to check the first k + 1 coordinates, Z%(0), ..., Z%(k). The process (Z?);>o
has been built in such a way that the dynamics of (Z¢(k)):o does not depend
on the coordinates k + 1,..., K. The case k = 0 boils down to the study of
birth and death Markov chains, which are very similar to the ones studied
in section 9 of [3]. If the estimates hold at rank & — 1, then we know that
the process (Z7)i>o spends almost all of its time inside the set Uy_1(5). As
long as the process is in Uy_1(d), we can bound stochastically the dynamics
of (Z!(k))i>o with a pair of birth and death chains, which can be studied
with the same techniques as the birth and death chains from the case £ = 0.
To begin with, we show that the process (Z?(k));>o does not depend on the
coordinates k£ + 1,..., K. Let us take k in {0,..., K}, z = (20,...,2K) &
point in £, and let us compute the following transition probabilities:

P(Zla(k) =2+ 112) = 2) = P’z 2 +w) + ) Pz 2 +w—wy),
0<i<K
ik
P(Zf+1(l<;) =z — 1| Zf = z) = pe(z,z —wg) + Z pe(z,z — wg + w;) .
0<i<K
ik
In the case of the lower process (Z);>0, we obtain
p'(2, 2 +wy) + Z (2,2 +wp —w;) =

0<i<K
itk

k
m — Zr X (O’ZOMH«), k)"‘ZZlMH(l,k)) ,

m((o — 1)z +m) 1=1

¢ ¢ 4
ng‘ZgK m((cr — 1)z + m)
itk

k k
><<ozo(1—MH0k +Zzll—MHlk)) - zl>.
=1 l

=0
In the case of the upper process (Z<');>o, we obtain
m — Z
m((o — 1)z + m)

KH (2, 2 4+ wy) + E PR (2, 2 +wy, — w;) =
0<i<K
i#k

k k
X (azOMH(O, k) + Z My (1, k) + (m - Z Zz) Mgk +1, k‘)) ;
1=0

=1

b
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pK+1 Z pK+1 wk—i-w@) _

0<i<K

) (azo(l — My(0,k)) + Z 2(1— My (L, k))

+ (m—izl) (1 —MH(k:+1,k))> :

=0

2k
m((oc —1)z0 +m

We observe that none of the above expressions depend on zp,1, ..., zx. More-
over, if we define for k € {0,..., K},

ML k) =0,  METNK+1,k) = Mg(k+1,k),
we can rewrite the above transition probabilities as follows:

m((o —1)z0 + m)

(2,2 +wy) + Z PPz, 2 +wp —w;) =
0<i<K
ik

k
(azOMHOk +ZleHll<; <m Zzl>M9 9k>

=0

pe(z,z—wk)Jr § pe(zaz_wk+wl) =
0<i<K

i <Uzo(1 — Mg(0, k)) + Z Zl(l — Mu(l, k))

m((o —1)z0 + m) —

B

k

+ (m — Zzl) (1— ME(, k;))) .

=0

We first give some general results concerning birth and death Markov chains,
which we then use to study both the initial case & = 0 and the inductive
step.

4.1 Birth and death Markov chains

First of all we give some explicit formulas for mean hitting times of birth
and death Markov chains. These formulas can be derived from the classical
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formulas for finite state space Markov chains (see [14], chapter 6). Next, we
apply these formulas to study the limiting behaviour of a family of birth and
death Markov chains, under suitable hypotheses. Let (Z;):>o be a birth and
death Markov chain taking values in {0,...,m } and having the following
transition probabilities

P(Zy=i+1|Z =1) = 6, 0<i<m,
P(Zyn=i—1|Zy=1) =, 0<i<m.
Let us define
616, |
w(0)=1, m(i) = ) 0<i<m.
0) (i) = 2

For a subset A C {0,...,m}, we define the hitting time of A by
T(A) =inf{t >0: 2, € A}.

Let a,b be two points in {0,...,m}, with a < b.l We have the following
formula for the hitting time of b starting from a:

Likewise, we have the following formula for the hitting time of a starting

from b:
r({a})| Zo = b) ZZ

_ ’7@-1-1 7T

Let a < i < b be three points in {0,...,m }. We have the following formulas
for the exit point of {a,...,b}:

T
L

1
(j

—

=

P(Zrapyy = a| Zo=1i) =

o‘~u
»—A@

1
(j

ﬁM

IS
Lol
= e

1
(j

ﬁM

P(Zetapy =b| Zo=1) = 12171
= n(j)
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We consider now a family of birth and death Markov chains (Z;);>¢ depending
on four parameters: m,¢ > 1, ¢ € [0,1], &' > 0. For m,¢ > 0, ¢ € [0,1] and
d" > 0, the process (Z;);>¢ is a birth and death Markov chain with state space
{0,...,m} and transition probabilities given by:

P(Zy=i+1|Z,=1i) = b;, 0<i<m,
P(Zyr=i—1|Zy=1) =y, 0<i<m,

where 6;,7; can depend on the parameters m, ¢, q,0’. We are interested in
the asymptotic behaviour of (Z;);>¢ when m, ¢ go to oo and ¢, " go to 0. We
make the following assumptions.

Assumption 1. There exist a constant C' > 0 (which can depend on ¢, ¢, &’
but not on m) and an integer k > 1 such that for all m, ¢ large enough and
q,9’ small enough

. C

Vie{0,...,m—1} 5i2—mk,
» C
Vie{l,...,m} %Zﬁ'

Assumption 2. For all p € [0, 1], we have the following large deviation
estimate:

lim  —nr(lom]) = fi (o).,

lm—oo M
q—0
where fy : [0,1] — R is a function for which there exists pj < p* < ph
in [0,1] such that fs is increasing over [0, pi[ and decreasing over |p},1].
Moreover, p* does not depend on ¢ and

lim pf = lim pi = p*.
5/~>0p1 5’%0p2 P

Assumption 3. For each m,¢ > 1, ¢ € [0,1], & > 0, there exists r < ry in
[0, 1] such that

1<i<j<|rmm] = 7w(i) <7(j),
lrom] <i<j<m = w(i) 27(j).
Moreover,
lim r = pj, lim 7y = p;.
£,m—r00 ¢,;m—ro0
q—0 q—0
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These three assumptions will be verified by the birth and death Markov
chains that we will derive later from the process (Z¢);>o. With these as-
sumptions in hand we can prove the following proposition. Let us define, for

0 >0,
¥ <5}.

For any subset A C {0,...,m} we define the hitting time of A by

V(5) = {ie{(),...,m}: 7;

T(A) =inf{t>0:Z, € A}.

Proposition 4.2. Suppose that the three assumptions are satisfied. Let § >
0. There exist positive real numbers o, o, 3, ' (depending on 6,¢") such that
for m, ¢ large enough and q,d" small enough

Vie{0,...,m} P(r(V()) =m®| Zy=1) < exp(—a'm),
Vi e V(0) P(1(V(26)°) < exp(Bm) | Zy = i) < exp(—f'm).

Proof. We begin by showing the first statement in the proposition. The cases
1 < p*m and ¢ > p*m are dealt with in a similar way, thus, we will only show
the result for ¢ < p*m. Let us call b the minimum of the discrete interval
V(9),

b= [(p"—dm|+1.

From the formulas provided at the beginning of the section we obtain

b— .
E(r(V(8) | Zy=1) = E(r({b})| Zo = i) = ZZ%%.
=i k=j

By assumptions 2 and 3, for m, £ big enough and ¢, ' small enough, the point
r1 is in V'(9), so that b < ry, thus

1§j§k§b—1:>wg1.
(k)

Furthermore, by assumption 1, for m, ¢ large enough and ¢, ¢’ small enough,
VjE{O,,m—l} (%Z
It follows that

E(r(V(6)) | Zy=0) < L oke2
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Let a > k + 2. By the Markov inequality,

P(r(V(8) > m® | Zy = i) < ém(ak2).

We will next estimate for n > 1,
P(r(V(6)) > nm* | Zy =) .
We decompose this probability according to the possible states of the process
at time (n — 1)m®*
P(r(V(6)) = nm* | Zy =) =
Z P(Z(n_l)ma =4, 7(V(5)) > (n—1)m* 7(V(J)) > nm* } Zy = z)

Jj<b

= 2 P(Zoyme =5, 7(V(9) = (n = )m" | Zy = i)

X P(T(V(5)) > nm* ’ Zo =1, Zn-1yms = J, 7(V(9)) > (n — l)m“) )
Thanks to the Markov property,
P(T(V(é)) > nm? } Zy =1, Zin—1yme = 3, 7(V(9)) > (n — 1)m“)
= P(r(V(8) = nm" — (n— m*| Z = j) < m ).
Therefore, for all n > 1,

P(r(V(6)) = nm* | Zy=1i) <

S DD ((V(8) 2 (n - Dyt Zo =)

We iterate this procedure for the times (n—2)m?, ..., 2m m® and we obtain

P(r(V(8)) > nm®| Zy = i) < (émwkz))"

= exp(—n((a—k‘—Q)lnm+lnC)).

Thus, setting n = m, we obtain the desired result with o = k + 3 and
o =(a—k—3)Inmg+InC for my large enough so that o’ > 0.

We show next the second statement of the proposition. Let ¢t > 0, i € V(4),
and let us first estimate the value of

P(T(V(20)) < t| Zo =1i).
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Let 6 be the last time the process (Z;)i>o visits the set V(J) before time
T(V(26)°), i.e
0 = max{s<7(V(20)°): Z, € V(d) }.
We denote by b and ¢ the extreme points of the discrete interval V'(¢),
b= L(p" —)m] +1, ¢ = (5" +0)m).

Likewise, we denote by O’ and ¢’ the extreme points of the discrete interval

V(26),

Vo= [(p"—20)m] +1, ¢ = [(p"+20)m].
We have then
P(r(V(20)°) < t|Zy=1i) = Y _ P(0=s7(V(20)) <t|Zy=1i)
= Z(P(@:s,z ,T(V(20)°) < t| Zo = 1)
B +P(0 =52, = c.7(V(20)) S t| Zy = i)

Let us consider the first term within the parenthesis. By the Markov property,

PO =s,Z,=b7(V(20)) < t|Zy=1)

= P<ZSZT_¢b’VZ(S+)1f<;Z <r <(TE 5()2?5) ‘) 'ZO - Z)

T(V(20)) <t—s—1 ZO:b‘1>
S P(ZT(V(Q(;)CU{I)}) € V(25)c ZO == b - 1)
= P(Zyqr—1pp = —1|Zg=b—1).

< P(Zr Z V(0) for r < 7(V(20)°)

We now use the formulas provided at the beginning of the section:

1
w(b—1
P(ZT({b/fl,b}) =V —-1|Zy=0— 1) = — 1)
i=b'—1 ﬂ-(Z)
Therefore,
(b —1)
P(Z =b—-1Zy=b-1) <
( ({b'—1,b} 0 ) T(b—1)



Let € > 0 and let ¢, m be large enough and ¢ small enough so that

<

1)~ foly’ )

NI DN O™

1)~ foly’ -2

We have then

= 1)) = exp (m% (¥~ 1) = (s - 1)>)

T0-D m
< exp (= m(frlp" = 0) = fu(p —26) — 2)).
Thanks to assumption 2, we can choose € and ¢’ small enough so that
e < fo(p" —6) — for(p™ —26).
We choose (3; as follows:
Pr = fo(p"=0) = fo(p" —20) —¢.
We have g; > 0 and
PO =s,Zy1=b—1,7(V(20)°) < t|Zy=1) < exp(—Sim).

The term
P(0=s,Zy =c+1,7(V(26)°) < t| Zy =)

is dealt with in a similar fashion, thus obtaining [y > 0 such that
PO =s,Zy1=c+1,7(V(25)°) <t|Zy=1i) < exp(—Bm).
It follows that

P(T(V(20)) <t| Zo =1i) < t(exp(—/flm) + exp(—ﬁzm)) -

We choose 5 < min(f1, 52) and for mg large enough

B = min(, —5752—5)—%1112.

0

We apply the previous inequality at time ¢t = exp(fm) and we obtain the
desired result. O
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4.2 The initial case

We study here the case £ = 0. We will use the results from the previous
section to study the birth and death Markov chains (Z2(0))>0, 6 = k + 1
or § = (. These processes are very similar to the upper and lower birth
and death chains studied in [3]. In particular, the analysis in chapter 9
of [3] is still valid for (Z?(0))i>o. The process (Z7(0));>0 is a birth and
death Markov chain taking values on {0,...,m} and having the following
transition probabilities

b =1,

5. — oi(m — i)MH(o,Q) + (m - i)> M (0,0) | l<i<m—1.

m(ot +m — 1)
oi*(1— Mp(0,0)) 4+ i(m —i)(1 — M}(6,0))
m(oi +m — 1)

Vi = ; 1<i<m,
where M} (¢,0) = 0 and M5 (K +1,0) = Mg(1,0). The mutation prob-
abilities MY depend on the parameters £ and g. In particular, the process
(Z9(0))¢>0 belongs to the class of birth and death Markov chains studied in
the previous section, even if there is no parameter ¢’. We show next that
(Z2(0))¢>o fulfils the three assumptions made in section Il From the ex-
pressions given for §; and 7; we see that for all £,m > 1, ¢ € [0, 1],

M
Vie{0,....m—1} & > M,

Define a function ¢ :]0,1] x [0,1[ x ]0, 1[ — ]0, +oo[ by

(1—p)(oBp+ (1= p)e)
plo(l=B)p+(1-p)(1—¢))’

and let p(8, ) be the only positive root of the equation ¢(f,¢,p) = 1, i.e.,

o(B,e,p) =

p(B,e) = #(06—1—5+\/(06—1—5)2+45(cr—1)>.

2(c — 1)

As shown in [3], we have:
1<i<j<|p(B,e)m] = (i) <7(j),
lp(B.e)m] <i<j<m = w(i) >7(j).

We have also the following result:
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Proposition 4.3. Let a €]0,+oco[. For p € [0, 1], we have

{m—oo M
q—0,4g—a

lim iln7r(meJ) = /Oplnqb(exp(—a),o,s)ds.

A detailed proof is provided in [3]. Let us define, for oe™® > 1,

. ey ot —1
Py =pe0) = ——
The function )
p»—)/ Ing(e™?,0,s)ds
0

is increasing on 0, p§[, and decreasing on |pg, 1[. We also have

ﬁrlggloo p(Mp(0,0), M};(60,0)) = p.
q;O,Zqﬁa

Since all three assumptions are verified we can apply proposition to the
process (Z7(0))¢o. Let 6 > 0 and define
Vo) = {ie{o,...,m}: ]%—pg <5}.

We also define, for any subset A C {0,...,m} the hitting time of A:

T(A) = inf{t>0:2(0)e A}.

Corollary 4.4. Let 6 > 0. There exist positive real numbers g, o, Bo, B
(depending on ¢ ), such that for ¢, m big enough and q small enough,

Vie{0,...,m} P(r(Vo(0)) = m™ | Z§(0) = i) < exp(—agm),
Vi € Vo(9) P(1(Vo(26)°) < exp(Bom) | Z5(0) = i) < exp(—fym).

4.3 The inductive step

We perform now the inductive step. Let us fix an integer k € {0,..., K }.
We suppose that the result of theorem [41] is true at rank £ — 1, and we
prove that it remains true at rank k. We recall that, for > 0, the subset
Uk(0) C Ek is defined by

UW(5) = {zEc‘:K:)%—p;‘

<5 Ogigk}.
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The hitting time of a subset A C £ is defined by
7(A) = inf{t>0:2c A}.

We will prove that for § > 0, there exist positive real numbers ay, o, B, G;,
(depending on 4, ¢") such that for £, m large enough and ¢ small enough,

Vze &k P(r(Uk(0) = m™ | Z§ = z) < exp(—ajm),
Vz € Ug(9) P(7(Ui(20)°) < exp(Bym) ’ Z§=z) < exp(—Bym).

Let &' > 0. By the induction hypothesis, the process (Z!);>o spends most
of its time inside the set Uy_1(20"). Therefore, we will study the dynamics
of the kth coordinate (Zf(k));>o when Z¢ is in U;,_1(28"). Conditionally on
(22(0), ..., Z¢(k — 1))t>0, the process (Z¢(k))i>o0 can be seen as a birth and
death process having time-dependent transition probabilities. The classical
formula for birth and death processes cannot be applied directly to the pro-
cess (Z2(k))s=0. Our goal is to get rid of this time dependence. We will build
a process (Z;);>o whose conditional law given (Z{(0),...,2J(k — 1))15>0 is
the same as the law of (ZY(k));>0. We will then realize a coupling between
the process (Z;):>o and a pair of birth and death Markov chains, a lower
one (Z});>o and an upper one (ZY);>o. The key point is that the transition
probabilities of (Z)i>o and (ZY);>0 are not time dependent any more. The
coupling only works as long as the process (Zf);> is in the set Uj_;(20").
Since (Zf)¢>0 spends most of its time inside Uy_;(20"), the coupling will
allow us to obtain the desired estimates. For i € {0,..., K}, we define
a pair of maps d&;,v; : [0,1]* x {0,...,m} — {0,...,m} as follows. Let
p=(po,,pe-1) €[0,1]%.

e We set d,,(p) =0 and for 0 <i < m,

k-1

1—1/m
/ (UpOMH<Ouk) +) oMyl k)
=1

+ %MH(k:, k) + <1 — %Pl — %)Mva k)) :

e We set vo(p) =0 and for 0 < 7 < m,

k—1

(apo(l — Mp(0,k)) + > pu(1— Mp(l, k)

o i/m
’7@(p) ( 2

o—1)p+1
k—1

b= Mk R) + (1= S o= ) (1= Mo, k))) -
=0
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These maps allow us to express the transition probabilities of (Z?(k));>o in
the following way. For z = (zp,...,2) € Ex \ {0} and i = z,

P(Z0 (k) =i+1]20 =2) = 5(%%)
P(Z0 (k) =i—1]|20 =) = N%%)

The process (Z7(k))i>o is not well suited to build a coupling, therefore, we
build another process (Z;):>o whose conditional law given the trajectories
(22(0),...,2Z)(k — 1)), is the same as the law of (Z(k));>0. We define a
map

>0
C:10,1* x {0,...,m} x [0,1] — [0,1]
by setting for p € [0,1]%, i € {0,...,m} and u € [0, 1],
C(p, i, u) =1— 1u<%‘(p) + 1u>175¢(P) :

The map C' is defined so that if U is a uniform random variable on [0, 1],
then for p € [0,1]* and i € {0,...,m },

P(C(p,i,U)=i+1) = &(p),  P(Clp,i,U) =i—1) = v(p).

Lemma 4.5. For m large enough, the map C' is non—decreasing with respect
to the argument i:

Vpe[0,1]" Vi,je{0,....m} Vuel0,1]
i<j = Clp,i,u) <C(p,ju).

Proof. 1t is enough to show that the result holds for 7 =i + 1. We have

C(pa { + 17u> - C(pa Z,U) =
L= (Tucyinnto) = ucnin) + (Lust-sia () = Lus1-5.00))
This quantity is negative if and only if
Yilp) < u < yialp) and  1=0di(p) < u < 1—6di4a(p).

This can only happen if §;(p) + 7;41(p) > 1. However, taking y € [0, 1] such
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that i = |ym|, we see that
lim 6;(p) +7i41(p) =

({1~ 00,09 + 51 = M (0.1))

+ sz((l — )M (L k) +y (1= Ml k))>
((1 y) My (k, k) +y(1 — My(k, ’f))>

(1= S 0) (0 40 0))).

Yet, for u €]0,1[ and v € [0, 1] we have
I—uwpv+ul—v) <v+l—-v=1.

Thus,

lim 6;(p) +7i1(p) <

k—1 k—1
il
. |\ %P0 T Pl+y+<1— Pl—?J)):l,
(0 —1)po+1 ; ZZ;
as required. O

Let (Up)n>1 be an i.i.d. sequence of uniform random variables on [0,1]. We
define the process (Z;);>0 using the process (Z¢);> and the sequence (U, ),>1.
Let 2 = (20,...,2x) € Ex \ {0} be the starting point of the process (Z¢);>o.
We take Zy = 7z, and

z! Z0 (k-1
Vn > 1 _C( m<0>,..., w1 ),an,Un)

m

From this construction, conditionally on (Z/(0),..., Z{(k — ))t>0, both pro-
cesses (Z;)i>0 and (Z(k))>0 have the same law.

Let us fix &' > 0. We build next a lower birth and death Markov chain (ZF);>o
and an upper one (Z");>o in order to bound stochastically the process (Z;)so
when (Z9)>¢ is in Uy,_1(28"). Let Wy_1(&’) be the subset of [0, 1]* given by

Wi () = {pe(0,1]": |p;—p}| <&, 0<i<k}.

41



In particular, we have

Zk
Wia(§) N = = Upa (§).

We define (ZF);>0 to be a birth and death Markov chain on the state space
{0,...,m}, having the following transition probabilities:

§F = min{ 6;(p) : p € Wi_1(26") }, 0<i<m,

vF = max{7i(p) : p € Wy_1(20") }, 0<i<m.
Likewise, we define (Z");>0 to be a birth and death Markov chain on the
state space {0,...,m } having the following transition probabilities:

6V = max{ &;(p): p € Wip_1(28)} 0<i<m,

Y= min{vi(p) : p € Wip_1(28) } 0<i<m.

The processes (Z})i>0 and (ZY);>0 are well defined, since if p; and p} are the
points that maximise the functions v;(p) and J;(p) respectively, we have

0+ = 67 +7lps) < dilpr) +vlp) <1,
&+ = 0i(ph) + v < dilpr) +vlpl) < 1.
In order to couple these processes we define the maps
ct.cv:{o0,...,m} x[0,1] — [0,1]
by setting for i € {0,...,m} and u € [0, 1],

CL(’L., U) =7 — 1U<’YiL + 1u>1—5iL s

CU(iu u) =1— 1u<'yiU + 1u>1—61U .

The maps C*, OV are built so that if U is a uniform random variable on
[0, 1], then

P(CHi,U)=i+1) = 6¢ and P(C*(i,U)=i—1) = 7,
P(CUG,U)=i+1) =Y and P(CU(G,U)=i—1) =Y.

The definition of the transition probabilities 6%, vF,6Y, +Y implies that the

(2

map C' is below the map C and the map CV is above the map C, i.e.,

Vp e Wi1(20") Vie{0,...,m} Vuel01]
CH(i,u) < Clpyi,u) < CY(iu).
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We define the processes (Z})i>0, (ZY)i>0 with the help of the same sequence
(Up)n>1 that was used to define (Z;);>0. Let i € {0,...,m} be the starting
point of the processes. We set ZF = ZV =i and

vn>1 zZF=c0kZE Uy, ZV =cY(ZY | u,).

Let 7(Uk—1(26")°) be the exit time from the set Uy_1(29’) for the process
(Z))ezo:
T(Up_1(26)) = inf {t >0: 20 €U, _1(25)}.

Proposition 4.6. Let z = (zy,...,2x) € Up_1(20") be the starting point of
the process (Z)o. If Z8 = Zy = Z§ = 2, then

Vn € [0, 7(Up_1(20")°)] 7l <z, < ZY.

Proof. We will show the inequality by induction on n € N. For n = 0 we
have equality Zl' = Z, = Z{. Suppose that the inequality holds at time
n < 7(Up-1(20")%), 1., Zt < Z, < ZY and (Z5(0)/m, ..., Z5(k —1)/m) is
in the set Wj;_1(20"). We then have

= CL(Zrlzla Un+1) P

) 0(1.
Zoo = C<Zn(0)7m7 Zy(k —1)

L
Zn+1

m m
zV, = CY(Z],Upta) -

9 Zn7 Un+1) )

Lemma and the induction hypothesis together imply that

A4 Zh(k—1
C( n(o)” n( )7Z£7Un+1)
m m
VA4 Z0(k —1
S C( n<0)77 TL(k )7Zn7Un+1) S
m m
A4 Z%(k -1
C(ﬂ,...,M,ZT?,UnH).
m m

Since the map C* is below C and the map CV is above C, we have

Z9(0 79k -1
CL(Zé/aUn-Fl) S C( T;r(l)a"'a TL(m )7ZL Un+1)7

Z%(0 Z%(k -1
CU(ZgaUn-Fl) ZC< n( )7"'7 n< )7ZgaUn+1>-

m m

Combining the above inequalities we obtain ZL,, < Z,.; < ZU,| and the
induction step is completed. O
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Let 6 > 0 and define

Vi(6) = {iE{O,...,m}:’%—p}z

<0 } :

We define the hitting time of a subset A C {0,...,m} for the processes
(ZF)is0, (Z7)i>0 as follows

MA) = inf {t>0:2} € A},

Y(A) = inf{tZO:ZtUGA}.

T
T

The following result will help to finish the proof of the induction step for
theorem Il We recall that the definition of (Z});>0 and (ZY);>¢ depends
on the parameter §' > 0.

Proposition 4.7. Let 6 > 0. There exist positive real numbers o, o/, 3, 5
(depending on 6,0") such that for £, m large enough and q,d" small enough:

e Forallie {0,...,m},
P(TL<Vk(5
P(TU(Vk(5

Zmo“ZOL:i)
zma‘Zg:i)

)) eXp<_O/m) )
) exp(—a'm).
e For alli € Vi(9),

P (15 (V3 (20)°)
P (Y (Vi.(26)°)

exp(fm) ‘ ZOL = z)
exp(Bm) | Zy = i)

exp(—f'm),
exp(—f'm).

IA A

<
<

We prove this proposition in the next section. The proof is the same for
both the lower and the upper birth and death chain, we will therefore show
the result for the process (ZF);>0 only. We show now how to complete the
inductive step with the help of this result.

Let 4,8 > 0 with 20’ < § and let 2 € £k be the starting point of the pro-
cess. Thanks to the induction hypothesis, there exist positive real numbers
k-1, 1, Bk—1, B (depending on §’) such that for ¢, m large enough and
q small enough,

Vze &k P(r(Up—1(8)) = m™ | Z§ = 2) < exp(—aj_ym),
Vz € Up1(8)  P(T(Up—1(26")%) < exp(Brim) | Zg = z) < exp(—B,_ym).
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Let oy, > a1, we have

P(7(Uk(0)) = m™ | Zg = 2°)
= P(1(Up=1(¢")) = m*=1, 7(Ug(8)) > m* }Zg = 2Y)
+ P(1(Up=1(8")) < m®=1,7(Ug(6)) = m™ | Z§ = 2°).

By the induction hypothesis the first term in the sum is bounded above by
exp(—aj,_ym). We use the Markov property to control the second term:

P(1(Up-1(0")) < m™=1, 7(U(8)) > m*™ | Z§ = 2°)
— Z P(r(Up-1(8") = ¢, 70 = 2, 7(Ui(8)) > m* ‘ ZY = zo)

t<m“k—1
2€UR_1(8")

= Y PO =t 2 = 2| Z) =)
t<m®k—1
2€U,_1 (&)

X P(T(Uk(5)) > m —t ’ 7Y = z) )

Let m be large enough so that m® — m®-1 < exp(fi_1m). For t < m®-1

P(r(Up(8)) = m™* —t| Z§ = z) < P(r(Ux(6)) > —m™-1| Z§ = z)
= P(T(Uk—l(%/) ) < exp(Br—1m), T(Up(6)) > m™ —m™-1 | Z§ = 2)

P(1(Up-1(20')) > exp(Br—1m), T(Up(6)) = m™ —m™* | Z§ = z) .

By the induction hypothesis, the first term in the sum is bounded above by
exp(—pf,_ym). For the second term we have:

P(r(Up-1(20')) > e (5k 1), 7(Ux(8)) = m® — m® | Z§ = z)
< P(r(Uk(8)) = m™ — m® = | 7(Uyp_1(20")) > exp(Br-_1m), Z = z) .

Since exp(fBr_1m) > m** — m*-1 and 20’ < 0, conditionally on the event
T(Ug—1(20")¢) > exp(Br_1m), the event 7(Ug(5)) > m™* —m-1 depends only
on Z?(k). Moreover, by proposition 6]

vt € {0,....exp(B_m)}y  ZF < Z0(k) < 2V .
Therefore,
P(7(Uk(8)) = m™ — m™*-— ’T(Uk,l(%/)c) > exp(Br_1m), Z§ = z)

< P(T(Vi(8)) > m™ —m™ 1| Z} = z)
+ P(tY(Vi(8)) > m™ —m*1 | Z§ = z) .
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Let @« > 0 be given by proposition .71 Choosing «4 large enough so
that m® — m-1 > m®, this last expression is bounded by 2 exp(—a’m) (by
proposition 7)), and this yields the desired bound for the hitting time of
Uk(9).

In order to show the bound on the exit time of Uy (2J), we argue in a similar
way. Let 2% € Ug(d) be the starting point of the process. Let 8;_; be given
by the induction hypothesis and let g, > 0. We have

P(7(Uk(26)°) < exp(Brm) ’ z§=2") =
P(7(U-1(20)°) < exp(Br_1m), 7(Uk(26)°) < exp(Bpm) ’ 78 = 20)
F P(r(Us1(20)) > exp(Bo-m). 7(Un(20)%) < expl(em) | 2§ = =)

By the induction hypothesis, the first term in the sum is bounded above by
exp(—p;._;m). For the second term we have:

P(7(Ug-1(26)°) > exp(Br_1m), 7(Ux(26)°) < exp(Brm) } zy = 2")
< P(1(Ug(20)°) < exp(Bym) } 78 = 2° 1(Up_1(26)°) > exp(Be_1m)) -
Let 8 be given by proposition [4.7] and 8y > 0 such that 8y < Bx_1 AB. Then,
conditionally on 7(Uy_1(20)¢) > exp(Br_1m), the event 7(Uy(0)) < exp(Brm)

only depends on Z?(k). Since 7(Up_1(20)¢) > exp(Br_1m) > exp(Bym), by
proposition we have
vVt € {0,...,exp(Br_1m) } 7k < 72%k) < ZY.

Therefore,

P(T(Uk(20)°) < exp(Bem) | Z§ = 2°, 7(Up-1(26)) > exp(Br_1m))
< P(TH(Vi(20)) < exp(Bem) | Zy = 2})
+ P(rY(Vi(20)°) < exp(Bym) | Zg = 2) < 2exp(—f'm).

This completes the induction step.

4.4 Dynamics of (Z});>g

We study here the dynamics of the process (ZF);>o in order to prove propo-
sition 71 First of all, we look for the points p in Wj_;(d’) that minimise
and maximise the functions J;(p) and ~;(p). Since we have

VZE{l,...,k—l} MH<Z,/{Z)ZMH(9,/{Z),
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the function d;(po, . .., pr—1) is non—decreasing with respect to the variables
P1y- -, Pr—1. Likewise, v;(po, ..., pr—1) is non—increasing with respect to the
variables p1, ..., pr_1. Therefore, for all i € {0,...,m},

L . s / s /

5i == mll’l* ,5i<p07p1_57---7/7k—1_5)7
po:lpo—pg|<d

L * / * !

Vi =  max Y(po,p — &, ..., pp —0).
po:lpo—p§l<d

Let us take the partial derivatives of §;(p) and 7;(p) with respect to po:

aéz(po,é/-)(;,pm) _ e :);/(Z % (cr(MH(O, k) — Mpg(0, k))
—(o—1) ki pu( Mg (0, k)= My (0, 1)) = (o - 1)% (M (k, k)= M 6, k;))) ,

=1

8’7i(p07"'7pk—1) _ Z/m — —
Ipo - (o —1)po +1)° < (MH(O’ o) M0 k))+

(0—1) 2 o (MH(z, k) — M (6, k)) Y (o— 1)% (MH(k;, k) — M (6, k;))) .

The sign of these partial derivatives does not depend on py. In particular, for
fixed py, ..., pr_1, the functions &;(p) and 7;(p) are monotone with respect to
po- Furthermore, the partial derivatives above have opposite signs, thus

85@'(P0>---apk—1) YN G%(PO,---,Pk—ﬂ —0
dpo dpo

= o—(MH(o, k) — M0, k;)) —(o—1) kip, (MH(Z, k) — M6, k;))

(o — 1)%<MH(I<;,I<;) ~ My(6, k;)) ~ 0.

We suppose that
! — 400, m — 400, qg—0,
in such a way that

g — a €]0,400].
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We have the following limits for the mutation probabilities:

ak—l
- <k
lim My( k) = &—1)° s
T 0 if =6,

For ¢ large enough and ¢ small enough, the coefficient My (I, k) — My (0, k)
is positive. Since the equation 9d;(po, ..., px—1)/0po = 0 is linear with re-
spect to i, we conclude that there exists an * € {0,...,m} (depending on
m, pi, ..., pi_q,0') such that:

o If 0 < ¢ < 4% the function py — &;(po,p; — ¢',...,p5_; — ¢') is non—
increasing, the function py — 7v;(po, pi — &', ..., pi_; — ¢') is non—decreasing,
and

5zL = 5i(p8+5/7p1<_5,7"'7p2—1_5,)7
%‘L = ’yi(p(ﬂ;"“a,vpﬂl(_a,?"'vpl#;—l_5,)'

o If i* < i < m, the function py — 0;(po, p; — 0',...,p5_; — ') is non—
decreasing, the function py — ;(po, p; — ', ..., pi_; — ¢') is non-increasing,
and

5 = 52(p3 _5,>pi _5/7"'7p271 _5/)7

(2

W=l =i =8 = ).

From the definition of 6;(p), v:(p) we deduce that, for m > 2,

: L o(ps— ) Mg(0,k) c
Vie{0....m—1} o; Zm((o—l)(p3+5’)+1)za’
. L o(ps—39)(1 — My(0,k)) c
Vie{l...,m} v > (oD 1)+ 1) > —,

where ¢ is a positive constant depending on k, ¢’ but not on m.

We study now the products 7(7), which are defined by
G 6
IRETRRRE
We study first the ratio d;(p)/vi(p). For 0 < i < m, we have

©(0) =1, (1) , lI<i<m.

iizi = ¢(MH(0,k),...,MH(k, k), My (6, k),po,...,pk_l,%>,
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where the function ¢ :]0, 1]¥71 x [0, 1] x ]0, 1[¥x ]0, 1] —]0, +o0[ is given by:
V3 €]0, 1%t Vee [0,1] Vpe€lo,1[F Vnelo,1]
¢(B,e,p,m) =
k-1 k-1
(1—mn) (0/7050 + ) B+ 0B+ (1 -> n— 77>5)
I=1 1=0

k—1

?7(0/)0(1—50)+§Pl(1—5l)+77(1—5k)+ (1—Zpl—n)<1—a>) |

=0

In order to understand the behaviour of the products 7(i), it is enough to
know whether the value of ¢ is larger or smaller than 1. The equation
o(B, e, p,m) = 1 is linear with respect to 7, its only root being

k—1

k-1
apofo + Zplﬁl + (1 - sz)é
=1

1=0
(c—Dpo+1—LFr+e

n(B,e,p) =
Therefore,

¢(B,e,p,m) >1 if  n<n(B,ep),
o(B,e,p,m) <1 it  n>n(B,ep).

Moreover, the function ¢(3,¢, p,n) is continuous and non—decreasing with
respect to the variables 3,e. Take v :]0, 1]**! x [0, 1] x ]0, 1[ —]0, +o00] to
be the function defined by:

VB €]0,1]* Ve e [0,1] Vn€lo,1]

6757 *+5/7 *_5/,..., *_ —5/, lf S’L* m,
w(/87€777) = gb( pg / pi / pf: ! / n) . n */
o(B,e,ps =08, p5 =6, ..., pr_—0,n) ifn>i/m.

We have the following large deviation estimates for the products ().

Proposition 4.8. Let a €]0,+oco[. Forn € [0, 1], we have

1 K a”
lim —Inn(|npm]) :/ lnw(e’aﬁ,...,e’“,o,:s)ds.
O .

lm—oo MM
q—0,4g—a
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The proof is very similar to that of proposition 9.1 of [3], so we omit it. Let
us define

p- = min{n(e_a%l:,...,6_“,0,p8+5',p’{ =0, P —5'),
ok
n(e’“H,...,e’“,O,pS = =08 o —5') } ,
pt = max{n(e“2—?,...,6“,0,/}3—1—5/,1)’{ — 0Py —5’),
! y
n(e_“H,...,e_“,O,pS — =0 — 5’) } .

From the definitions, we see that

k

S

w(e’“ -,e’“,O,n) >1 for n<p™,

k!
—aak —a +
@Z)(@ ek ..,e ,0,77)<1 for n>p".

In particular, the function

n aF
77»—)/ ln@b(e_aﬁ,...,e_“,(),s) ds
0 .

is non—decreasing on |0, p~[ and non-increasing on |p™,1[. Furthermore,
when ¢ goes to 0, the points p~ and p™ converge to pj:

lim p~ = lim p™ = pf.
6’ —0 P 8’ —0 P Pk

We also define

77 =

min{n(MH(O, k), ..., Mgk, k), My (0,k),p5+ 0", pi =&, ....pp_1 — ),
(M (0, k), ..., My (k, k), My (0, k), pi — &', pt — &, gy — 0) } ,

nt =

max { n(MH(O, k),...,My(k, k), Mu(0,k),p5+ 8,07 — 0, ..., pk_1 — 5'),

(M (0, k), ..., My (k, k), My (0, k), pi — &', pt — &, gy — 0) } .
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We then have

I<i<j<nm —  7(i) <
nTm<i<j<m — (1) >

and the situation between n~m and n*tm is somewhat more delicate. Any-
how, when ¢, m — oo, ¢ — 0 and g — a, we have

: - _ - : + _ 7t
lim »n =p, lim »n" =p".
£,m— 00 £,m— 00
9—0,£9—a q—0,lg—a

For 6 > 0, we set

<5},

and we define the hitting time of a subset A C {0,...,m} by

Vi(5) = {iG{O,...,m}:’%—pz

™HA) =inf{t>0:Z €A}.

We recall that the definition of (Z1);¢ depends on the parameter ¢’ > 0. The
above results show that the birth and death Markov chain (Z1);>o verifies
assumptions 1,2,3 of section [4.Il we can therefore apply proposition to
the process (ZF);>0 and we obtain the following result.

Corollary 4.9. Let § > 0. There exist positive real numbers oy, oy, Pk, By,
(depending on 6,0') such that for €, m large enough and q, 9" small enough,

Vie{0,...,m} P(r"(Vi(6)) = m®™ | Zy =) < exp(—ajm),
Vi € Vi(9) P(T"(Vi(20)°) < exp(Brm) | Z5 = i) < exp(—Bym).

Thus the estimates of proposition T for the lower process (ZF);>o are proved.

4.5 Convergence

In this section we will prove that when oe™ > 1, the invariant probability
measure ¥ converges to the Dirac mass at p*. Let a such that ce=® > 1. Let

p* be the point of [0, 1]5*! given by:

Vk >0 pr = (o7 —=1)— —.



We consider the asymptotic regime

{— +00, m — 400, qg—0,
m
fq—)a, 7—>O[.

Theorem 4.10. For every continuous and increasing function f : P/, — R
such that f(0) =0, we have

. o+ 2K\, g
1 (—> R SR
ol fo SR = St a0
Zq%a,%%a

Proof. Let 0 > 0 and let us define

<4, ogkgK}.

Uk (8) = {265;(:‘%—/)};

We define two sequences of stopping times (7},),>0 and (7,5),>1 as follows.
Let Ty = 0 and set

Ty = inf {t>0:2Z] € Ux() }, Ty = inf {t>1T;:Z] ¢ Ux(26) },

Ty =inf {t>T)_1:Z €Ux(0)}, Ty =inf {t>T;:2Z) & Uk(26)},

The ergodic theorem for Markov chains implies that

/E:Kf<zo+-7-n-+z;<)dy9(z) _— E(Zf(ze -T-TﬁZf(K)))_

Let t > 0. We decompose this last sum as follows:

§f<25<0>+- : ) 5 TZ f< .sz(m)

n>1 1=Tp_1/At

+ZT%1]‘< —|—ZG(K)).

n>1 =T}At

The function f is continuous. Let ¢ > 0 and let us choose d small enough so
that

<

— flpo+ -+ Pk)

V2 € Uk (9) ‘f(zo—l—-..

"—ZK)
m

Do | ™
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We have then

‘E(§f<zf<0)+...+zf<f<))) o] <

m

sz(l)E(T; At —To 1 At) + ke
n>1 2
Next we study the expression
> (Tpnt=Tug At).

n>1

Let us define
N(t) =max{n>0:T,<t}.

We can rewrite the previous sum as follows

N(t)
SN (Tpnt=ToaAt) < (Tp = Tor) + (t— Tn) -
n>1 n=1

We study now the random variable N(t). Let n € N, b > 0 and z € &k.
More precisely, we week estimates on the following probability:

P(N(nexp(bm)/2) > n| Z§ = z) .

From the definition of N(¢), it follows that N(¢) > n if and only if T,, < t.
Thus

P(N(nexp(bm)/2) > n}Zg =z) = P(T, < nexp(bm)/Z}Zg =z).
Let us define for ¢ > 1,
Y, = T—-Ti,, Y/ =T-T.

By theorem 1], there exist positive real numbers 5 et 8’ such that, for all
1>1,
P(Y; < exp(Bm) | 25 = 2) < P(Y7 < exp(Bm) [ 25 = 2)
2/ €Uk (0)

= > P(Ty<exp(Bm) | 20 = ) P(Z8. = ' | Z) = 2)

2 €Uk (8)
< exp(—f'm).
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Let us define the following Bernoulli random variables:
Viz1l, & = lyr<epsm) -

Notice that
T, =Y +---+Y, > }/1*+...+Y7:_

If T, < nexp(fm)/2, then there exist n/2 indices in {1,...,n} such that
Y;* < exp(fm). Therefore,

S

1
T, < §nexp(ﬁm) — a1+ +e, > 3

Thus,
P(N(nexp(ﬁm)/Q) >n ‘ 78 = z) =
P(Tn < nexp(pm)/2 ’ 78 = z) < P(51 +ten > n/2> :
Let A > 0, thanks to Chebyshev’s exponential inequality we have
P(el +- e, > n/2) < exp (— A/2+InE(exp(Aei/n)-- -exp()\en/n))) :
Since €1,...,£,_1 are measurable with respect to (Zf, 0<t< T;{),

E(exp(Ae1/n) - -exp(Ae,/n))
= E(E(exp()\z—:l/n) cexp(Aen/n) | 28, 0<t < T,’;))

= E(exp()\z—:l/n) - rexp(Aen1/n)E(exp(Aen/n) | Z], 0 <t < T;:)) .

Thanks to the strong Markov property, the above conditional expectation
can be rewritten as follows:

E(exp(Aen/n) | Z], 0 <t <Tr) = E(exp(Xei/n)| Z) = Zfﬁ).

Yet, for all 2’ € Uk (0),

E(exp(Aei/n)| Z5 =2") < exp ( —B'm+ %) +1—exp(—p'm).

We iterate this procedure and we obtain
/ )\ / "
E(exp(Xer/n)---exp(Aen/n)) < ( exp < —B'm+ ﬁ) +1—exp(—=p'm) ) .
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The change of variables A\ — n\ yields
Pler+-+eu2n/2)
< exp ( — n()\/Q —In (exp(—=f'm+A)+1— exp(—ﬁ’m)))) :

Let A*(t) be the Cramér transform of the Bernoulli law with parameter
p = exp(=f'm):

A*(t) = sup ()\t —1In (pe’\ +1 —p)) )

A>0

Optimising the previous inequality over A > 0, we obtain
P<51 +te, > n/2) < exp (—nA*(1/2)).

We can rewrite the function A*(t) as

t 1-—1t
A(t) =tln—-+(1—1t)In .
(6 =t + (1=l —
In our particular case, for m large enough,
1 ! 1 !
A*(1/2) = =In exp(8'm) i exp(B8'm) > ¢(m),
2 2 2 2(exp(f'm) —1)

where ¢(m) is a positive constant depending on m but not on n. It follows
that for m large enough,

Vn >1 P(N(nexp(ﬁm)/Q) >n } 78 = z) < exp (—ne(m)) .

Let t > 0. We seek next an upper bound for the expectation

N(t)

E(Z (77 = Tia) + (¢ - TN@)) :
k=1
The sum inside the parenthesis is at most ¢, therefore, for n > 1
N(t)
E(Z (75 = Toa) + (1 = TN(t))) <
k=1

E(( > (T7 = Tia) + (t = Tww) ) 1N(t)<n) + tP(N(t) > n).
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Let
n exp(m)
)
On one hand, the analysis of the random variable N(nexp(fm)/2) shows
that taking n = n;, the second term is bounded by

nt:min{nEN:tS

%eﬁmP(N(nteﬁm/Z) >n;) < % exp(fm — nye(m))

which goes to 0 when ¢ goes to co. On the other hand, we can bound the
first term thanks to theorem [4.1k

E((

=

0
(Ti = Tima) + (- TN(t))) 1N(t><m)

k=1
ne+1 ne+1 «

< E< (Tl:_Tk—l)) - Z E(T’:_Tk_l) < (nt+1)1 — exp(—a/m) ’
k=1 k=1 P

where o, ¢’ > 0. We combine the above inequalities, and we obtain for m
large enough and for all ¢t > 0,

%E(Z (T At — T /\t))

n>1

2 Ny m-
= = Dexp(Bm) <5 xp(fim = nec(m)) + (e + 1)y exp(—a'm>) |

When ¢ goes to oo this expression goes to 2m®/ exp(fm)(1 — exp(—a’'m)),
which in turn goes to 0 with m. We deduce that, for m large enough, there
exists t,, > 0 such that for all t > £,

%E<§f<zi6(0)+...+zie([()>)_f(p3+...+p}<)

< €.
m

Thus,

lim /EK PRI w2 = fa k).

£,m—00,q—0 m
Lg—a, %—)a
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5 The neutral phase

Throughout this section we take a such that ce™® < 1. Let po be the
invariant probability measure of the process (O;);>¢ and let v be the image
measure of po through the map

o€ P — E(0(0)+---+0(K)) € [0,1].

We will prove that when oe™® < 1, the probability measure v converges to
the Dirac mass at 0. In order to prove the convergence of v to &y, we slightly
modify the occupancy process (O¢)i>0. Let Wi be the set of the occupancy
distributions having at least one individual in the Hamming classes 0, ..., K,
ie.,

Wic = {oeP:00)+ +o(K)>1},

and let N be the set of the occupancy distributions having no individuals
in the Hamming classes 0, ..., K, i.e.,

Nk ={oeP/t:00)+ +0o(K)=0}.
Let us define the occupancy distribution oe; by:

m if l=K+1,

0 otherwise .

VIe{0,...,0}  ou(l) = {

Let ®p be the coupling map defined in section 7.1 of [3]. We define a new
coupling map ®g by setting for o € P}, and r € R,

Bo(o.7) Oexit if o € Wi and ®p(o,7r) € N,
o,1) =
© ®p(o,7) otherwise.

Since for all 0 € Ng we have 0 < 0uyit, the map ®g is above the map ®o in
the following sense:

VreR Yo P, dp(o,r) <X Pglo, 7).

Thus, we can build an upper process (O;);>¢ with the help of the i.i.d. se-
quence of random vectors (R,,),>0, such that if the processes (O)>0, (©1)t>0
both start from the same occupancy distribution o, then

vVt >0 Oy X O,.
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Let pe be the invariant probability measure of the process (0;):>0. We fix a
non—decreasing function f : [0,1] — R such that f(0) = 0. We have

fave < [ F (A0 DY o).

m
041

[0,1]

We apply now the renewal result of proposition 8.8 to the process (©;):>¢, the
set Wi, the function o — f((0(0) + -+ o(K))/m), and the occupancy
distribution 0eyit. Set

T = inf{t>0:0, € W},

Tk = inf{t > 75 : Oy = Ocxit } -

We have then

/Pm f<o(0)+.7.7;+0(K)>du®<0> _

(+1
E(/TK f<@s(0) 4+ -4 @s(K)> ds ’ @0 = Oexit)
) m
B (7 | 80 = 0exit) |

Since f(0) = 0, we have

/TKf(@S(0)+---+@S(K))d8 _ /TKf(@S(0)+'”+@S(K))dS.

K

Moreover, since f is non—decreasing,

/Pm f<o(0)+.7.7é+o(K))d”®(0) <

0+1
F)E(ric — 7| ©0 = 0exit)
E (15| ©0 = 0exit) + E (T — 7 | ©0 = Oexit)

Our aim is to show that the ratio of the right-hand side of this expression
converges to 0. We call 7/ the discovery time of the first K + 1 Hamming
classes, and 7k — 7 the persistence time of the first K +1 Hamming classes.
Let o € Ny. Starting from any occupancy distribution o, the processes
(O1)t>0 and (Oy)s>p both have the same dynamics until time 7x. Thus, it
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is enough to estimate the expectations of 75 and 75 — 75 for the original
occupancy process (O;)i>o. With a slight abuse of notation, we set

T = inf{t >0:0, € Wy },

T = inf{t > 75 : Oy = Ocxit } -

We deduce from the last inequality that

/ deK < f(l)E(TK — TI*( | OQ = Oexit) .
[0,1] N E(T[*( ‘ Op = Oexit) + E(TK — T ‘ Op = Oexit)

We estimate next the expectations appearing in the above inequality.

Proposition 5.1. For all o € N, we have

. 1
lim -InFE (T[*(
£,m—o0, q—0 E

Lg—a, %—)a

00:0) = Ink.

Proof. Let 7* be the discovery time of the master sequence, i.e.,
T =inf{t>0:0,0)>1}.

Obviously, 7% > 75. Moreover, thanks to propositions 10.3 and 10.6 of [3],
we know that for any occupancy distribution o such that o(0) = 0, we have

. 1
lim —IHE(T*‘OOIO) = Ink.
£,m—00,q—0 €

lg—a, %Hox

We immediately deduce the upper bound for 7j:

1
Yo € Nk lim sup —IDE(TI*(’OO:O) < Ink.
£,m—o00, q—0 E
{g—a, %%a

We next prove the lower bound following the strategy proposed in [3] to esti-
mate the discovery time of the master sequence. We work with the distance
process (Dy);>o introduced in chapter 7 of [3]. We set

Nk ={de{0,....0}":d(i)> K, 1<i<m},
Wi = {de{0,....0}":3Fie{1,...,m} such that d(i) < K }.
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Let
T =inf{t>0:D, € Wy }.

The law of the discovery time 7j; is the same for the distance process and
for the occupancy process. Let b € {0,...,¢} and let us denote by (b)™ the
column vector whose entries are all b:

(b)m = :
b

On the sharp peak landscape the distance process restricted to the set A is
monotone (corollary 8.6 of [3]). Thus,

vde N  E(rg

Do=d) > E(rj | Do = (K +1)™).

In order to estimate this last expectation we use lemmas 11.4 and 11.5 of [3],
which we state next. We denote by B the binomial law with parameters /¢
and 1 — 1/k.

Lemma 5.2. For b < (/2, we have

1/ 0\’ ¢
— | — < <
Kt (26) < B < Ll

Lemma 5.3. For p € [0, 1], we have

lim %lnB(Lpr) = —(1-p)In(k(1—p)) —pln

{—00 k—1"

The following result is a variation of lemma 10.15 of [3]. The proof is similar
and we omit it.

Lemma 5.4. Forbe { K+1,...,0}, we have

Vn >0 P(rjc <n|Do= (b)™) < nm

We show next the lower bound on the hitting time 7j:

o 1 . m
MrlgnoigiozlnE(TK‘DO:(K+l) ) > Ink.
Zq%a,%%a
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Let € be the event given by
E={Vn<mf* VI<Int Uy, >p/k}.

If the event £ happens, then until time m¢*/*, none of the mutation events in
the process (D,,)n>0 can create a chromosome in one of the classes 0, ..., K.

Indeed, on &,

Vbe {K+1,....0} VYn<me*
MH(b7 Un,h ey Un,ﬁ) Z MH(K + 1a Un,la ey Un,ﬁ)
¢
> K+1+ Z Ly, >1-pa-1/s) = K+ 1.
I=K+2
Thus, on the event &€, we have 75 > m¢3/4. The probability of £ is
>m€3/4 Int

Pe) = (1-2

KR

Let € > 0. Let us suppose that the process starts at (K + 1)™ and let us
estimate the probability

P(T}Q > HZ(I’E)) > P(T[*( > A=) 5)
> P<Vt e (mf,. . K=Y Dy e Ny, 5)

= Z P(VtE{mE?’M,...,Hz(l*e)} DtENK, D, 32 =d, 5)

dENK
> 3 P(Vt e (mt¥ .. K0-9Y Dy e N | Dy = d, 5)
d>(In )m
X P(Dmg3/4 = d, 5) . (21)

Using the Markov property we obtain
P(vte {me/', .. w09} D€ Ni|Dypn=d. €)
— P(Vt € {0,..., k0= _ Y D, e Nie| Do :d>
= P(TI*( > 1179 34| Dy = d) > P<7}*( > 179 | Dy = d) .

In the neutral case the distance process is monotone (corollary 8.6 of [3]).
Thus, for all d > (In¢)™,

Pt > k"9 | Dy=d) > P(rj > """ | Dy = (In)™).
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Therefore, we can rewrite inequality (X;) as follows:

P(TI*( > K/(l_s)) >

P(rje > 6" | Dy = (In0)™) P(Dyyysss > (nO)™, E) . (o)
Since the distance process is monotone, we have
P(Dm£3/4 Z (hlf)m, & | DO = (K + 1)m) Z
P(Dm£3/4 Z (111 f)m, & | DO = (1)m) .

We also have the following estimate (section 10.5 of [3]):

P(Dys > (In0)™, €| Dy = (1)) > (v)

(1-mesp (- Samep)) (1-2)""

K

We estimate next
P(75 > £M179 | Dy = (InO)™).

Let ¢ > 0. We have
P(T;; > 51079 | Dy = (In e)M)
= P(T}; > mEQ, Dt - NK for mEQ S t S /{6(1_5) }DO — (ln E)m)

=y p(, Tem s Due =
B Dt c NK for me? <t< 55(1*5)
deNg

Dy = (In eyn)

> Z P(Dt € Ny for m#? <t < 09 }7’}‘( > ml?, Dye = d)
d>e(1—-¢'))m

x P(T;; > ml?, Doz = d | Dy = (In e)m) . (%3)

The Markov property and the monotonicity of the process (D;);>¢ give for
d> (1 —¢"))m,

P(Dt € Ny for me? < t < 09 }7’}2 > ml?, Dy = d)
- P(Vt €{0,..., k"9 —mP} D, € Nic| Dy :d>
= P<7}*( > 78 2 } Dy = d) > P<7'1*( > gf1-e) ’DO = d)
> P(rj; > "7 | Dy = (£,(1—£)™).
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Reporting back into the inequality (33),
P(T;; > ('179 | Dy = (hw)m) > P(rj > k079 | Dy = (£,(1— &)™)
x P(T; > M2, Dy > (6e(1 — €)™ | Dy = (me)m) (@)
Estimation of P(7j; > ml? D2 > (0.(1—¢"))™| Dy = (Inf)™) . We write
P(T;; >ml®, Dy > (61— €)™ | Dy = (In E)m) > ()
P<Dmgz > (£,(1— &)™ | Do = (me)m) . P(T;; <ml*| Dy = (w)m) .

We control the last term by applying lemma (5.4 with n = m¢? and b = In ¢:

B(0) +---+ B(K)
B(In /) '

P(1j; <ml?| Dy = (In0)™) < (ml)?

Using lemma we get

BO)+---+B(K) _ 1— (k)5 /2Infy\n¢
B(In¢) S Tk (f) '

Thus,

o1 — (br)KH! (21116)1115.

P(r* <ml*| Dy = (Inl)™) < (md) - 7

9
An estimate from section 10.5 of [3] will help us control the other term: there

exists a constant ¢(¢’) > 0 such that for ¢ large enough, we have

P(Dmp > (L(1—€)™| Do = (In f)m> > 1—mexp(— %c(z—:')f) :

This inequality together with estimates (f) and (b) give

P(T;; > m2 Dy > (Le(1— €)™ | Dy = (In E)m) > (&)

o1 — (Ur)ET! <21n€>1nf
1—Ik 4 '

1
1—mexp(— 50(5’)6) — (m?)
Estimation of P(7}; > k079 | Dy = (£,(1 — £'))™). We use the inequality
of lemma 5.4 with n = /079 and b = £,(1 — &'):

B(0) + - + B(K)
B(t:(1—¢)

P(TI*( < KL=e) ’DO _ (f,@(l N 6/))m) < la=e),,
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For ¢ small enough, the large deviation estimates of lemma [£.3] imply the
existence of a constant c(g,¢’) > 0 such that, for ¢ large enough,

P(rie < K079 Dy = (tu(1 = )™) < expl(—c(,€)0). (#)
Plugging the inequalities (&) and (#) into (O) we obtain
P(TI*( > f179) | Dy = (In f)m> > (1 — exp(—c(e, z—:')f)) (A)

(1 - %c(a’)ﬁ) - (m€>21 —l(fﬁg):ﬂ <21;e>1n4).

We now use the inequalities (o), (v7), (A) to conclude that, for £ large enough,

P(r;; > K079 | Dy = (K + 1)m> >

(1= mesp (- Smnep)) (1= 2)" (1 - exp(-cle. 1)
<1 —mexp (- % ()0) — (mf)Ql — (fr)E+T <21n€)lnz) |

14
Moreover, thanks to the Markov inequality,

1—"/Yk

E(ric| Do = (K + 1)) > 5079 P (7 > 507 | Dy = (K +1)").
We finally deduce that

1
lim inf lnE(TK|D0 (K—i—l)m) > (1—¢)lnk.
£, m—00 q~>0 E

lg—a, gﬁa

Sending ¢ to 0 gives the desired lower bound. O

We estimate next E(7x —7j | Op = 0exit). Let ¢ :]0, +-00[ — [0, +00] be the
function defined in [3] by setting ¢(a) =0 if @ > Ino and

o(l—e*)In oll=e™)

— + In(oe™®)
Va <lno ¢(a) = = 0271 — )

Proposition 5.5. We have

1
zm—1>1cglq—>0 m lnE(TK —Tx | Oo = Om't) = ¢(a).
Lg—a, B 7
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Proof. For any subset E' C Pj}; we define the hitting time of E by
T(E) =inf{t>0:0,€ E}.

Let us define also the following occupancy distributions:

oo = (1,m—1,0,...,0), oo = (1,0,...,0,m—1),
1 if 1=K,
vie{0,...,0} o3(l) = m—1 if l=1¢,
0 otherwise .

Thanks to the monotonicity of the process (O;);>o we have
E(T(NK) ‘ OO = 03) S E(TK — T;( ‘ Oo = Oexit) S E(T(NK) ‘ OO = 01) .

We prove first the lower bound, i.e.,

. 1
z,riglloiﬁio — lnE(T(NK) | Op = 03) > ¢(a).
lg—a, %—)a

Indeed, we have

E(t(Nk)|Og = 03) >
E(T(NK)|OO = 03,01 = OQ)P(Ol = 02|OO = 03) .

On one hand, thanks to the Markov property and the monotonicity of the
process

E(7(Nk)|Oo = 03,01 = 03) > 14 E(7(Nk)|Op = 0s) .
>

Since 7(Nk) > 7(N), thanks to the estimate for 7(N') (corollary 9.2 of [3]),
we obtain

1
liminf —InE(r(Nk)|O = 0s) >
l,m—o00,q—0 M
lg—a, %Hox

o 1
z,yifloiﬁio — InE(T(N)[Og = 02) > é(a).
lg—a, %—)a

On the other hand, we have

P(Oy = 03] 00 = 03) = %(MH(K, 0) + (m — 1)M(€,0))

%MH(K, 0) = %(1 —p(1— l))Z_K@)K.

v

K K
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Thus,
1
lim inf _lnP(01202‘00:03) > 0.

l,m—o00,q—0 M

lg—a, %Hox
The above inequalities give the desired lower bound:

1
liminf —InE(r(Nk)|Op=o03) > ¢(a).

£m—00,q—0 M
lg—a, %Hox

We prove next the upper bound:

1
limsup —InE(7(Nk)|Op=01) < ¢(a).
£,;m—o0,q—0 T
lg—a, %Hox

To alleviate the notation we denote by P, and F, the probability and the ex-
pectation for the process (O;);>¢ starting from the occupancy distribution o.
Let o’ be the occupancy distribution given by o’ = (0,m,0,...,0). We have

Eo, (TWk)) = Eo,(T(N) + Eo, (TWk) = 7(N)) -

Yet, thanks to the strong Markov property and the monotonicity of the
process, and since 7(Ng) > 7(N),

E,, (T(NK) - T(N)) = Z EO(T(NK))Pm (OT(N) = O)
0eN

S Z EO/ (T(NK))P01 (OT(N) = O) = EO/ (T(NK)) .

o0eN

We develop this last expectation as follows:
Ey (T(NK)) = Ey (T(W* UNK)) + Ey (T(NK) —T(W* UNK)) )

Yet,

Ey (T(Nk) — TOWV* U NK))
= Y E,(T(WNk))Po (Oroweuni) = 0)

oEW*

< Y By (T(NK)) P (Oroweunie) = 0)

oEW*

= E01 (T(NK))PO/ (T(W*) < T(NK)) .
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Thus,
E, (T(NK)) < E, (T(W* UNK)) + E,, (T(NK))PO/ (T(W*) < T(NK)) )
Therefore,
1
Py (t(Ng) < T7(W"))
We estimate next the three terms appearing on the right-hand side of this

formula. We control the first expectation with the help of the estimate for the
persistence time of the master sequence (corollary 9.2 of [3]) and we obtain:

E01 (T(NK)) S (Egl (T(N)) + EO/ (T(W* UNK))> .

1
limsup — InE,, (1(N)) < ¢(a).
,m—o0,q—0 T
{g—a, %%a

We bound from below the probability in the denominator using the estimates
on the discovery time 7j. On the event

E={vm<mb* Vi<t U, >p/k},
if D,ygsa > (In0)™, we have 7(N) < 7(W*). Therefore, using (77 ),

Py (t(Ng) <T7(W*)) = P(Dpgsss = (In0)™, €| Do = (1)) >
(1-mesp (- Samep)) (1-2)"

It remains to estimate the expectation E, (T(W* UN, K)) We estimate first,
for n > 0, the probability P, (T(W* UNk) > n) We have
PO/(TO/V* UNK) > n) =
Z PO/(T(W*UNK>>n,On,1:O,T<W*UNK)>n—1)
0EW; \W*
= Z Po/(T(W*UNK)>n‘0n,1:O,T(W*UNK)>n—1)
0EW\W*
X PO/(On,1 = O,T(V\ﬁ< UNK) >n— 1) .

Thanks to the Markov property and the monotonicity of the process, we have

for all 0 € Wi, \ W*,
PO/(TO/V* UNK) > n|On,1 = O,T(W* UNK) >n — 1) =
P,(tOV* UNk) > 1) = 1= P,(tOW* UNg) =1)
<1-P,(tW") =1) < 1-P(r(W*) =1| 0 = 03)
My (K,0)

<1-—2
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Thus,

My (K,0)

2

Py (r(W' UNg) > n) < (1- )P (FOV UNG) > n—1).

m

We iterate this inequality and we obtain

- MH(K,O)>H.

2

Py (v UN) > n) < (1

m

Finally,

MOy i
< n>0 <1 m? ) Mp (K, 0) (1 -p(l- %)Y_K(%)K |

We put together the above inequalities and we obtain the desired upper
bound. O

Let ¢ :]0, +oo[— [0, 4+00] be the function defined by ¢(a) = 0 if @ > Ino
and

1 _ —a
o(l—e*)In ol—e™) + In(oe™®)

o—1

(1-o(—e™)

From the estimates obtained in this section we conclude that for « € [0, +00|
or & = +00,

Va <lno ¢(a) =

lim E(1x — 7 | Og = Oexit) _ { 0 ifa¢la) <lnk

tm—00.q-0  E(7j | Op = Oexit) +oo ifag(a) >Ink
{g—a, %%a

In particular, if @ ¢(a) < In x, we have

lim fdvk = 0.
£,m—00,q—0 [0,1]
lg—a, %%a ’
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6 Synthesis

Let us look at the formula given at the end of section 3.5

/Pm f<o(0)+.%+o(K))dM%(O) _

+1
E(/ f<03(0>+---+02(K))d8
0 m
E(T*|Og:09 )+E(7’0\Zg:z‘9)

0 _ 6
OO - Oexit)

exit
1+E(TO\Zg:z9) / <z0+-~-—|—zK> 0
—)d )
E(T* ‘ 08 — ngit) + E(TO | Zg — z(?) S f m v (Z)

The integral appearing in the first term of the right-hand side is bounded as
follows:

0 < E(/OT*f<o§(o)+---+0§(K))ds) < FE( |00 = o).

m

The stopping times 7* and 7y are the same as the discovery time of the master
sequence and the persistence time of the master sequence from [3]. As shown
in [3], the following estimates hold:

1
: * 0 __ 0 _
Z};rilw “InE(t"|0f = oly) = Ink,
q—0,lg—a

: 1 o _ .0
Z#goo EIDE(TO|Z0 =2") = ¢(a),
q—0,4qg—a
where the function ¢ : Rt — Rt U {+o0 } is given by ¢(a) =0 if a > Ino,
and

o(l—e*)In % + In(oe™®)
Va <lno ¢(a) = A—o(l—c)

Therefore,

E(ro| Z§ = 2°) B 0 sia¢(a) <lnk,
tm—s0.¢=0 E (7| Of = 0] )_ +oo sia¢(a) >Ink.

it
lg—a, %%a o1

This, together with the results form the previous section and section
imply that
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o If ap(a) < Ink, then

lim f
£,m—00,q—0 pm

lg—a, % —a s

o If a¢(a) > Ink, then

ol (MO i) = k).

Lg—a, % —a s
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