The Annals of Applied Probability
2001, Vol. 11, No. 4, 1166-1198

GENEALOGIES AND INCREASING PROPAGATION OF CHAOS
FOR FEYNMAN-KAC AND GENETIC MODELS

By P. DEL MORAL AND L. MicLO
LSP-CNRS and Université Toulouse IIT

A path-valued interacting particle systems model for the genealogi-
cal structure of genetic algorithms is presented. We connect the historical
process and the distribution of the whole ancestral tree with a class of
Feynman-Kac formulae on path space. We also prove increasing and uni-
form versions of propagation of chaos for appropriate particle block size
and time horizon yielding what seems to be the first result of this type for
this class of particle systems.

1. Introduction. Over the last two decades them have been important
developments centering around the connections between genetic algorithms
and Feynman-Kac formulae. This subject has natural links to biology, evolu-
tionary computing, physics and advanced signal processing. The reader who
wishes to know more details about these connections and specific applications
is recommended to consult the survey paper [8] and references therein. In the
previously referenced paper we essentially discussed the asymptotic behavior
of the empirical measures associated to genetic-type particle systems as the
number of particles tends to infinity. The strong versions of propagation of
chaos presented here provide several measures of centrality and asymptotic
independence for the distribution of a block of particles up to a given time
horizon. These asymptotic results complement and strengthen those presented
in [8].

Another side topic of the present work concerns the modeling and the con-
vergence analysis of the historical process in population genetics. Aside from
inherent and mathematical interest one of the practical reasons for studying
the genealogical structure of a genetic algorithm stems from the fact that this
set up is precisely what we need to solve numerically the so-called non linear
filtering and smoothing problem.

This opening section is decomposed into three parts. We begin in Section
1.1 with the Feynman-Kac formulae and provide a brief description of the
corresponding genetic-type interacting particle system approximating model.
In Section 1.2 we describe in some details the main results of the paper. In
Section 1.3 we close with some comments on related works on the subject and
some open problems.

Here are some standard notations to be used in all the paper. Let #(E)
and %,(E) denote respectively the set of probability measures and bounded
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measurable functions on a given measurable space (E, &). As usual %,(E) is
regarded as a Banach space with the supremum norm

Vi € #y(E),  |fl= sup £ ()l

The relative entropy Ent(u;|uy) and the total variation distance ||pw; — pallty
between probability measures wq, uy € Z#(E) are defined by

du
Ent(uq|ps) = f log d—ldm
M2
if u; < py and oo otherwise, and

w1 = melley = sup {|ua(F) = wa(F)I = [ € Bp(E), |f]l <1}

For a distribution u € #(E) and @ > 1 we also write |.|, , the L,(x)-norm

VP el Il = ([ 171 i)

We also recall that any Markov transition K(x;, dx) from a measurable space
(E;, &) into another measurable space (E,, &) generates two operators. One
acting on bounded &3-measurable functions f € %,(E,) and taking values in
By (E1)

V(x1, f) € (Ex x #By(Ep)),  (Kf)(x1) = fE K(x1, dxg)f(x5)
2
and the other one acting on measures p; € #(E;) and taking values in £(E5)
V(pw, A) € (Z(E1) x &), (mK)(A) =fE pa(dxr) K(xy1, A).

Finally, if L(x, dx3) is a Markov transition from (Ej, &3) into another mea-
surable space (Ej, &3) then we denote (KL)(x;,dx3) the composite operator

(KL)(xy. daxg) = | K(xy. daey) L(xs. dxy).

1.1. Feynman-Kac formulae and genetic algorithms. Throughout the se-
quel {(E,, &,); n € N} denotes a collection of measurable spaces. We further
assume that X = {X, ; n € N} is a time inhomogeneous Markov chain such
that at the nth instant of time the state X, takes values in E, and we denote
by K, (x,_;,dx,) the Markov transition of X at time n € N. Let there also be
given a collection of bounded &,-measurable and strictly positive functions g,
onE,,neN.

We have shown in earlier papers that genetic algorithms arise naturally as
particle approximating models of distributions given by

Yn(f)

vneN, Vf e #%,(E,), n,(f) = v, (1)
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where v, (f) is a Feynman-Kac formula given by
n—1
p=0

(see, e.g., [8] and references therein). To be more precise we recall that the
distributions {7, ; n € N} are solution of a measure-valued dynamical system

(2) vn eN, M1 = Ppy1(my)

where the initial condition 1, € £(E,) is the distribution of X,. For each
n € N the one step mapping

q)n+1 : ‘@(En) - ‘@(En-k—l)

associates to any n € #(E,) a probability measure ®,_ ,(n) € #(E, ) given
by

(8 (K i1f))
(&)

We recall that the N-interacting particle systems approximating model as-
sociated to an abstract measure valued dynamical process (2) is the Markov
chain {¢, ; n € N} taking values at each time n € N in the product state
spaces {EY ; n e N} and defined by

n o

(3) Vf € %b(En-H)a ‘bn+1(77)(f) =

2

N
(4) U:D(gn-kl € dxn+l|§n = xn) = 1_[ (Dn+1 (m(xn)) (derL)-k—l)
p=1

where for each n > 0, m(x,) = % YN, 8,: is the empirical measure associated
to x, = (xL,...,xY) € EY and dx, = dx} x --- x dx is an infintesimal
neighborhood of x,. The initial system of particles &, = (53, e, fév ) consists
in N independent random variables with common law 7,. We refer to [4] for
a study of this abstract and general N-interacting particle systems model. In
our framework and in view of (3) we have that

N

o . )= gn(x,)
A P

Thus, we see that the transition £, — &,,; of the former Markov model splits
up into two separate mechanisms

Kn+1(xﬁz’ ‘)

e N N Selection
(5) é:\n N (i,ll, Y il\f) © E,Zl\, Mutation N
fnz(gn”fn)eEn —)§n+1€En+1

The selection transition consists in choosing randomly N particles (E,ll, cees
with common law

o &al&) o
N Jy én
i=1 2_ =1 &n(£r)
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After selection each particle E;L, 1 <i < N, evolves according to the transition
K, .1 In other words &,

Note that the larger g, (&!) is the more likely particles E,]L, 1< j<N,are
inserted in site ¢i. When a particle &, chooses a site £ we can interpret &

is a random variable with law K, +1(@, 2.

as being the “parent” of the individual &). In the same vein, recalling that ¢

~

has been sampled according to distribution K,(¢!_;,.), the particle E,?;H can

also be regarded as the parent of &.. In this way g;_l is an ancestor of 2,{
Running back in time we can mentally trace in this way the whole genealogy
of any particle.

Unfortunately the previous particle model does not carry any information
about such ancestors. In this study we propose a particle Markovian model
which allows us to trace at each time the complete genealogy of each individ-
ual.

Incidently through a suitable state space augmentation the historical pro-
cess has exactly the same form as before. Therefore most of the asymptotic
results known for previous genetic algorithm will also be valid for this ge-
nealogical model.

The key idea is to consider path-valued particles so that to trace the ances-
tral information back in time. Intuitively the resulting selection transition will
consist in exchanging the whole ancestral information of the particles and the
mutation only consists in extending each path with an elementary mutation
transition.

1.2. Statement of the main results. This study is related to the one in [8]
where the asymptotic behavior of the empirical measures

1 N
N = N Z‘;BQ € #(E,) and

~
Il

(6)

as N tends to infinity is considered. Although we have permitted here time
dependent state spaces all results such as fluctuations and large deviations
principles presented in there can be used without further work to study the
convergence of the random empirical measures (6) to the deterministic ones

def.
nneg(En) and M0,n] = n0®"'®nneg(EOX"'XEn)

In fact the time parameter n € N can always be added to the state space as an
additional variable. As a parenthesis if we consider the sequence 2, = (n, X,,)
on the state space E = |J,({n} x E,) we do get a time homogeneous Markov
chain 2" with transition

‘}i/((p’ x), d(q’ y)) = 6p+1(dQ)Kq(x7 dy)
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Nevertheless various useful mixing type conditions on the time inhomoge-
neous transitions K, introduced in [8] and required in the sequel are not
preserved by this state space augmentation. This is one of the reasons why
we have chosen to consider an abstract time homogeneous Markov chain X.
The other reason comes from the fact that the historical process model given
next is best introduced in terms of a path-valued genetic model. Here again
the time parameter can be added in the state space but we believe it is more
transparent to describe the genealogy of individuals at each time n € N in
terms of ancestral paths from the origins up to time n.

We do not get into more details since a full discussion would be too great di-
gression here but we would like to mention that the only assumption needed in
the study of the convergence of the particle density profiles 7’ is the following
condition on the fitness function {g, ; n > 0}:

(£) vn €N, sup. log(g,(x)/gn(¥))] < o0.

x,yeE

In contrast, the investigation of umform convergence results with respect to
the time parameter for the N-approximating measures nY and the asymp-
totic behavior of the empirical measures on path space nj, ,| rely on several
strengthening of an additional mixing type condition on the mutation tran-
sitions {K, ; n > 1}. To describe these different levels of assumptions it is
useful to introduce a sequence of conditions indexed by a parameter « € [1, oo],
namely

vneN,Vxe E,, K, (x,.)~n,. and

0 (“) et

sup
xeE, dnn+1

With [P’%Y ,)L] denoting the distribution of the path particles
VI<i<N, &= &)

and [P’(O nq), 1 < g < N, its marginal on the first g-particles and IP’( 9 the
margmal of the latter at time n our main result will basically be stated as

follows.

THEOREM 1.1. For any n > 0 and 1 < q < N we have the following
implications:

™ ()= [P — o, < SRLLA),
| c(n
® (£)and (), = Bnt(P i) < 9,
(N,q) I
(9) (£)and (¥), = “ dPn < exp(;zvc(n)) 5 Isup dlzléx, .)I
a,n%q x n I a,My

for some finite constant c(n) whose value only depends on the time parameter n.
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If (#) and (%), are both satisfied with

| | |
gn(x) K,(x,.)
(10) sup |log | <oco and sup |log (y) < o0
n,x,y gn(y)l n,x,y d n i
then
(N.q)

(N.9) qnc dPr exp(qc)

(11) Ent (l]:D[O n] [0 n]) < T and Snlig) W -1 . < T
00, Nn

for some finite constant ¢ which does not depend on the time parameter n.

REMARK 1.2. The entropy and L ,-estimates are stronger than those in vari-
ation. In fact if we want to translate all these estimates in terms of the total
variation distance we use the inequalities

2
dpy

Vg K pg, 2]y — pollfy < Ent(ug|uy) < i
2

2,19

(cf. [2], Theorem 4.1 for the first inequality and in this paper Lemma 3.10, page
1196 for the L, bound). Consequently, under (%), we also have the estimates
for the total variation distance

_exp(gc(n))

R O R e e

for some finite constant ¢’(n) whose value only depends on the parameter n.
In addition, if the uniform bounds (10) hold we have
/
_exp(gc)

an / “ (N,q) ® ’
<./=—=c¢ and sup|P — n®9
w- VN Sl T =T N

for some finite constant ¢’ which does not depend on the time parameter.

H H:D(N Q) ®q

]

(N q) ®q
|Plont’ — miom

As a direct corollary of Theorem 1.1 we deduce strong versions of propa-
gation of chaos for appropriate increasing block size q(/N) and time horizon

n(N).

COROLLARY 1.2. Under (¥¢) and (% )q the following implication holds:

. q(N) : (N.q(N))| _®q(N)
Ty S0= =0 jim Bt (P[o,n? Mo ) =0
In addition if (10) holds then
. q(N)n(N) . (N.g(N))|_®q(N)
T = 0= B (Plosant | o ) =0
and there exists some finite constant q, < oo such that
gp-a(v)
VN >1, g(N)=gqylog N = lim sup ”TN)—1 =0.
= n20 | dnyy? 50,724
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1.3. Notes and contents. This study has been influenced by papers of Ben
Arous and Zeitouni [1], Donnelly and Kurtz [12, 11], Graham and Méléard
[14] and Méléard [15].

To the best of our knowledge the idea to use genealogical paths to trace
the ancestral information of particles first appeared in Ethier and Griffiths
[13]. In this work the authors study the historical process with mutations but
no selection as a measure valued diffusion process. More recently Donnelly
and Kurtz study in [12, 11] genealogical processes with selections and recom-
binations in the context of Fleming-Viot processes. In this work the authors
consider a specific infinite population model with a particular labeling of the
individuals so that to identify the type of ancestors of populations. In contrast
to our situation the limiting Fleming-Viot model is a random processes. Al-
though our discrete generation particle models differ from the ones discussed
in [12, 11] such labeling techniques can probably be used in our setting. In
contrast, the strategy we have chosen here is to augment the state space so
that to represent the historical process as a genetic type interacting parti-
cle system in path space. We believe this construction is more transparent
than previously published genealogical models in genetic populations litera-
ture. It also gives novel and explicit connections between the distributions of
genealogical trees of genetic populations, path-valued genetic algorithms and
Feynman-Kac formulae.

In [14, 15] the authors present strong propagation of chaos for the total vari-
ation distance for the N-particle approximating model associated to a class
of generalized Boltzmann equations. Their approach is essentially based on
interacting graphs and precise coupling techniques. They show that the order
of convergence for the total variation distance between the law of the g-first
particles and the limiting distribution on a compact interval [0, ¢] is ¢2 c¢(¢)/N.
Their result does not depend on the form of the mutation transition and it im-
plies a increasing propagation of chaos for the total variation distance for block
size g(N) = o(~N ). The relationships between spatially homogeneous Boltz-
mann equations and continuous time Feynman-Kac formulae are described in
some details in [8, 9]. In this connection the increasing propagation of chaos
for the relative entropy for block size g(IN) = o(IN) given in Corollary 1.2 can
be viewed as an improvement of earlier results. But in view of the work of
Graham and Méléard [14] and Méléard [15] we believe that the estimate in
total variation distance (7) is not sharp and it can probably be extended to
distributions in path space. In other words we make the plausible conjecture
that the r.h.s. upper bound in (7) can be replaced by g2 c¢(n)/N.

As we shall see in the further development of Section 3.2 the entropy esti-
mates on path space presented in Theorem 1.1 are based on the fact that the
distribution of particles can be regarded as a mean field Gibbs measure. In
the recent and seminal paper [1] Ben Arous and Zeitouni proved increasing
propagation of chaos for block size g(N) = o(N) for a large class of Gibbs
measures with polynomial interactions and bounded Gibbs potential function
([1] also contains a useful bibliography on this subject). As will be seen our
potential function does not satisfy these conditions and it does not fit into the
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framework of classical literature on the subject. In this work we present an
alternative approach. In contrast to [1] our strategy is not based on Laplace
asymptotics and Banach space embedding. We also extend the previous result
in three different ways. First we extend this result to a fairly general class of
N-particle approximating models associated to an abstract sequence of func-
tions {®, ; n > 1}. Second we present an increasing propagation of chaos for
a pair (block size/time horizon) q(N) x n(N) = o(N). Finally we propose a
novel uniform increasing propagation of chaos, w.r.t. the time parameter for
the nth marginals P%N’q) .

This paper is divided in two parts devoted respectively to the modeling of
the historical process in terms of genetic algorithms in path space and the
study of strong versions of propagation of chaos.

In Section 2 we propose a particle model for the historical process associated
to a genetic algorithm. Section 2.1 introduces a path-valued interacting parti-
cle systems model. In Section 2.2 we show that the latter can be regarded as
the historical process associated to a genetic algorithm. The modeling impact
of this framework in the study of non linear filtering and smoothing problems
is performed in Section 2.3. In Section 2.3 we examine several examples of
fitness functions and mutation transitions which fit into our framework.

Section 3 is concerned with the proof of Theorem 1.1. This section is divided
in two parts. In Section 3.1 we study the asymptotic behavior as N tends to

infinity of the time marginals {P;N’q) ; N > 1}. In Section 3.2 we prove the
entropy estimates on path space. The approach taken in here is different from
the one we took in Section 3.1 and it can be read independently of the latter.
Furthermore we propose L ,-conditions on the N-particle approximating model
underwhich an increasing propagation of chaos holds for a fairly general class
of functions {®, ; n > 0}. Incidently we shall see that these criteria also
appear to be useful in the study of weak convergence of the corresponding
empirical processes.

2. Path-valued interacting particle systems.

2.1. Description of the models. Let us suppose that X is a path-valued
Markov chain of the following type

(12) vneN, X,=(X},....X,)eE,=E)x-xE,

where X' = {X/, ; n > 0} is an auxiliary Markov chain taking values in an ad-
ditional collection of measurable spaces {(E, &) ; n > 0}. Since X, = X[, we
have that E, = E;. We also notice that the Markov transitions {K, ; n > 1}
of X and the Markov transitions {K/, ; n > 1} of X’ are connected by the

n °
formula

Vn € N7 Kn+1((x67"'7x/n)’d(y£)""7y;z+1))

(13) / / / ’ /
= O(x,) (A(Y0s - o> VK 1 (V7> A1)
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We finally note that for this path-valued Markov chain the Feynman-Kac dis-
tributions (1) have the form

vneN, Vf € %,(E,),

n—1
(14) E (f(Xn)”lL__IO gm(Xm)>,
Yn(f) = el
[E<f(X6,---,X;) [1 gm(XE),-.-,X;n)>.

m=0
Using the framework of the preceding section we see that the N-genetic ap-
proximating model consists here in path-valued particles
gﬁz =(§g,n7""§;1i,n)e En =E£) XKoo X E;l’

(15) VneN,V1<i<N, T o
fﬁL:(fg,n,..., Z,n)eEn:EE)XXE/n

The selection transition consists in choosing randomly N-path particles (Eg,n,
. E;;‘,n), 1 <i < N, with common law
N gn(EGs s Enn)

2

N 1J 1y
i=1 Zj:l gn(fo’n’ ey é:n,n

In view of (13) and during the mutation transition each end point EZ’” evolves
randomly according to the transition K/  ;, that is

O vt )"

n+1>
fz+1 = ((gg,nﬂ» cees fg,n-&-l)? §Z+1,n+1
= ((gg,n’ ------ an)’ §Z+1,n+1) €k, .=E,xE,
where §Z+1,n+1 is a random variable with law K;Hl(/\/,f’n, ..

2.2. The historical process. To see the strength of the preceding modeling
it is instructive to note that each path-particle

&= (En - nn)  and & =(E e En)

can be regarded as the genealogical branch of the end point particles ;fn and
g’,fn In this sense the former model can be regarded as a genealogical path-
valued genetic algorithm. If we use a graphical representation we easily see
that the set of all individuals and vertices defined formally by setting

vneN, V1<i<N, fg,n—>§6i,n—>~--—>§/'

12 17
n—1,n gn,n

represents the complete genealogy of the population { ;;n ; 1 <1 < N} at
time n € N. At closer inspection we also notice that selection acts on the
whole ancestors but the mutation stage does not affect the ancestry levels but
each genealogical path is only extended with an elementary move according

to the transitions K.
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Next we examine the situation in which the selection pressure only depends
on the end point particles. In this situation we will see that the resulting
marginal model formed by the projections of the path particles in Ej x---x E,
on the sets E’, is again a selection/mutation genetic algorithm. Furthermore
the complete genealogy of this marginal model can be recovered in a natural
and simple way from the path-valued model.

Suppose the fitness function g, only depends on the nth component, that
is

vn e N, g, E,=Eyx---xE, —]0,00]

for some bounded and strictly positive function g, on E’,. In this situation we
see that the marginal model

def. 1 N N Selection =

f;‘L = (g;L,n""’giz,n) € E;L E— f;‘L
def. o1 SN N Mutation N
(G BN e BN M Y,

is again a selection/mutation genetic algorithm. It is clearly defined as in (5)
by replacing g, and K, by g, and K.

To clarify the presentation we slightly abuse the notation suppressing the
double notational dependence on the time parameter and we simply write &
and &/ instead of £/, and & .

Using these simplified notations the selection/mutation transitions are de-
fined as follows. During the selection stage the N-particles E; = (3;}, ce gA;jV )
are chosen independently with the distribution

% gu(&) 5
iz g (&)
After selection, each particle ?n‘ evolves randomly according to K, so that
for each 1 <i < N, &', denotes a random variable with law K/,Hl(fg;’,f, ..
As announced, the path valued selection/mutation genetic algorithm {¢,,, g?n;
n > 0} gives precisely the time evolution of the genealogical structure of the
latter. More precisely the path-valued particles

Vi<i<N, & =(&, ....8,)eE,=Eyx---xE,

represent the line of ancestors (%’;n, ce g-’\’,f_l’n) of the individual g?’,; During
the mutation transition the branch of ancestors does not change and the “par-

ent” particle ?,jn evolves according to K, ;.
From previous observations it is also easily seen that the Markov chain

(16) [¢,, €, ; neN}
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is the N-genetic approximating model associated to a measure valued dynam-
ical system

vneN,  muy =0, 4(n))
where n, = ny € Z(E) = #(E,) and the one step mappings
vn e N, w1t P(E,) — P(E L)

are defined as in (3) by replacing g,, K, and E, by g/, K|, and E/,. It is also
easily checked that the resulting distributions vy, and 7/, are the nth marginal
of y, and 7,, that is

amn Vn e N, vf/ c ‘@b(E/n)a n/n(f/) _ 'Y;L(f,)
Yn(1)
with
n—1
a8 7 = (£ TT 2,0
m=0

Condition (%), is clearly never met for the mutation transitions {K, ; n > 1}
defined in (13). However if the elementary transitions {K); n > 1} of the
marginal model satisfy for some « € [1, co] the mixing type condition

VneN,Vx € E, K} ,(x,.) ~n,,; and

(dK/n-&-l(x: ')
dny,q

() sup
xekE,

) € La()s1)-

then techniques presented in [8] apply to study uniform convergence results
and the asymptotic behavior of the empirical measures

! 1 N / ! 1 N /
N = ¥ Y 8q € A(E,) and mpg, = ~ > Befen € P(Egx - x Ey)

i=1 =
as N — oo to the deterministic measures

m, € Z(E,) and g, o N ®m, € A(Eyx - x E)).
Moreover the conclusions of theorem 1.1 remains valid if we replace ¢,, E,,
K, and (%), by ¢&,, £, K, and (%"),.

Another remark is that most of the convergence results presented in [8] such
as fluctuations, Donsker and Glivenko-Cantelli Theorem but also exponential
rates and large deviations only rely on assumption (#). Recalling that the
historical process is nothing else than a particular example of genetic model
the latter results can be used without further work to study the asymptotic
behavior of the genealogical-path empirical measures
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Our last remark is that estimate (7) in Theorem 1.1 is again independent
on the form of the mutation transition. Thus it can be used to evaluate the
distance in total variation between ng? and the distribution of the first g-
genealogical path-valued particles {(&f ..., &!,); 1<i <q}.

2.3. Applications to non linear filtering. The Feynman-Kac formulae (14)
and (18) and their particle approximating models play a major role in the
theory of non linear filtering. In mathematical terms the non linear filtering
problem can be expressed as follows.

Let (X,Y) = {(X,,Y,) ; n > 0} be a Markov chain taking values in
some product spaces {(E, x F,) ; n > 0}. Here {(F,,%,) ; n > 0} is an
auxiliary sequence of measurable spaces. Further we assume that the initial
distribution u, the Markov transitions {G, ; n > 1} of (X, Y) have the form

(19) to(d(xg, ¥0)) = &n(x0> ¥Yo)N0(dxg)vo(dyo),

(20) Gn((xn—b yn—1)7 d(xn’ yn)) = En(xn’ yn)Kn(xn—I’ dxn)yn(dyn)

where, foreachn e N, g, : E, x F, —]0, oo[ is a strictly positive function and
Yn € P(F).

The non linear filtering problem consists in computing the conditional dis-
tributions of the state signal X given the observations Y. To understand
the motivations behind this problem we can think the signal X as being the
Markovian model for the time evolution of a target in tracking problems or an
aircraft in radar signal processing. The observation process models the noisy
and partial information delivered by sensors as radars or sonars. Of course the
exact values of the signal X and the values of the various disturbance sources
are not known but it is reasonable to assume that we know their statistics.
This corresponds to the situation in which 7, g, and K, are explicitly known
(the interested reader is referred to [6] for a discussion of some practical prob-
lems in which we also need to approximate these three parameters).

In engineering and advanced signal processing literature an alternative
and more classical way to define the pair (signal/observation) Markov process
(X,Y) is as follows. The signal X = {X, ; n € N} is a Markov chain with
transition probability kernels {K, ; n > 1} and taking values at each time n
in some measurable space (E,,, &,) and the observation process is defined by

(21) VneN, Y,=H/(X,,V,).

The sequence V = {V, ; n € N} is independent of X and it represents
the noise sources. It consists of a collection of independent random variables
taking values in some auxiliary measurable spaces {(S,, .#,) ; n € N}. For
each n € N, the random variable V, is distributed according to a probability
measure vy, € Z(S,). The collection of measurable functions H, : E, x S,, —
F,, is chosen so that

vn e N, Vx, € Erw P(Hn(x> Vn) € dy) = En(xrw y)'}’n(dy)

In other words, the laws of the random variables H,(x, V,) and V,, are abso-
lutely continuous and g,(x,,, .) is the corresponding density.
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If we fix the sequence of observations Y = y then a version of the conditional
distributions of the states of the signal given their noisy observations can be
expressed in terms of Feynman-Kac formulae of the same type as the ones
discussed above. More precisely, if we take

vneN, Vx € E,, gn(x)zgn(xn’ yn)
in (1) we have for any [ € %,(E),),

nn(f) = [E(f(Xn)|YO =XY05--+> Yn—l = yn—l)’

7 () = U8 _ (X )Y = yorea i Yo = 3).
N.(&n)

It is also interesting to examine the situation where X is given by (12).
Namely, suppose we have that

vneN, X,=(X},....,X,)eE,=E)x-xE,

where X’ = {X, ; n > 0} is Markov chain taking values in some measur-
able spaces {(E’,&,) ; n > 0} with initial distribution 1, and transitions
{K’ ; n > 1}. In this situation the observation sequence (21) takes the form

VneN, Y,=H,(X)....X)),V,)

This means that the information delivered by sensors at each time n depends
on the whole path (X, ..., X/,) of the signal X’ back from the origin and up to
time n. Note that in this case the function g, ((xy, ..., x},), ¥,) depends on the
current observation Y, = y, and on the whole path-coordinates (x, ..., x},).
This type of sensor is in fact more general than those arising in practice. In
classical filtering problems the observation sequence is rather defined by

vn e N, Y, =H/(X,,V,)
for some appropriate function H) : E) x S, — F, and the resulting func-

tion g,(x, y,) only depends on the end point coordinate x| of the path
(xg, - - ., x,); that is,

En((xb, cees x,n)’ yn) = E;(x/na yn)
for some strictly positive function g, : E/, —]0, oo[. We emphasize that in this
particular situation the pair process (X', Y) = {(X,,,Y,); n > 0} has the
same form as before. It is a Markov chain taking values in the measurable
spaces {(E),x F,); n > 0}. The initial distribution and the Markov transitions
of (X',Y) are defined as in (19) and (20) by replacing (g,, K,) by (g,,, K,).
From these observations one concludes that

n/n(fl)z[E(f/(X/nNYO =Yor---> Ynfl = yn71)7

nn(f):[E(f(XE)’ ) X,n)|Y0 = Y05 Y1 = Ypo1)
for any ' € #,(E)) and f € %,(E{x---x E’)). The historical process (15) asso-
ciated to the N-particle approximating model (16) of the limiting distributions

{n), ; n € N} is therefore an particle approximating model of distributions
{n.; neN}

(22)
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2.4. Examples. To illustrate and motivate our study we end this introduc-
tory section with some comments on assumptions (#) and (.%'),. Assumption
() clearly holds as soon as the fitness functions satisfy

1
(23) vn>0,Vx,x € E,, — < 8n(%) <a

a, ~ gu(x) " "
for some collection of numbers a, € [1,00[, n > 0. In non linear filtering
settings the fitness function g, depends on the current observation Y, = y,
at time n, that is

VvneN,Vx e E,, g.(x)=7g,(x,y,)
In terms of the densities g, condition (23) reads
_ 1 < gn(x, y) -
a,(y) ~ &.(x,y)

for some functions @,, : F,, — [1, oo[ and with these notations a, = a,(y,).

(24) Vn >0,Vx,x’ € E,,Vy € F,, a,(y)

EXAMPLE 2.1. As a typical example of nonlinear filtering problem assume
the observations take values in R? and densities g, are given by

_ 1 1 /-1
vneN, g,(x,y)= W exp (_§ (y = ha(x)) R, (v, — hn(x))>
Forany n e N h, : E, — R? is a bounded measurable functions and R, is
a d x d symmetric positive matrix. This correspond to the situation where the
observation sequence is given by

vneN, Y,=h(X,)+V,

where (V,),-1 is a sequence of R¢-valued and independent random variables
with Gaussian densities. After some easy manipulations one can check that
(24) holds with

log @, () = osc,(7n)IIR; Il (1|l + 17241 )

as soon as for some a, B > 1 with é + % =1 we have
-1 -1 . d
1R lls =sup {IR, 215 5 2 € RY, |zl =1} < o,

05y (hy) = sup |2, (x) = hy(2)o <00 and ||h,llg = sup |2, (x)llg < oo

x,x' ek, xekE,

To connect assumptions (%), with some more easily verifiable properties on
the one step mappings K, let us suppose that for each n > 1 there exists a
reference probability measure A, € #(E,) such that K, (x,.) ~ A, for any
xeE, ;and

Vy € By, sup |[logl,(x,y)| <b,(y)  wherel,(x, )= AR (x,.)

S A, (»)
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for some positive function b, : E, — [0, oo[. A simple calculation shows that
for any choice of the reference probability measure A, € #(E,) and for any
a > 1 we have

dK ,(x,.)\* dK, (x,)\* (dn, ¢
(25) /sup (%) dn, =/sup< a’llix, )) (dzn) dn,.

n

Since

dnn (y) — nnfl(gnflln(ﬁ y))
d)\n Tln—l(gn—l)
we find that
dn,
log an, <b,.

From (25) one concludes that
dKn(x7 ') “ (2a—1)b
It is now easily checked that

vn > 1, /e(2a—1)bn(y))\n(dy) = (H ),

supa, < oo and sup ||b,| < oo = (10).
1

n>0 n>
EXAMPLE 2.2. Suppose that E = R? and K, is given by

K, (x, dy) = 50~ Bal)) Q7 (v~ Bu(a) )y

1 <_
(@m)Q,n72 P

where @, is a d x d symmetric nonnegative matrix and B, : R — R? is a
bounded function. Using previous observations it is not difficult to check that
(%), is satisfied for any « > 1 with

1 1,
A, (dy) = W exp (_53’ in y) dy

and
dK,(x,.)

1
)] = by Qi v+ 5 o) @77 b ()

log

- d -
= 0,(») = [ Bullll @ Mllslly s + S 1 Ba I Q5 Iy

where

d d
1Bl = 1sylpdsupIBL(JC)I, 11Qu I = sup 1@l Nyl =1yl
== x 1 i=1

1<j<d ;-
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For d =1 and K, given by
Kn(x, dy) = %e_C(n)‘y_B"(x)‘dy

for some c¢(n) > 0 conditions (%), also hold for « = co. Indeed, if we choose

An(dy) = e iy

we clearly have

dK,(x,. .
log %(3’) <b,(y) with VyeR, b,(y)=c(n)|B,].

We also notice that in this situation sup,,.;(c(n)|B,||) < 0o = sup,-1([|b,|)-

3. Strong propagation of chaos. The object of this section is to prove
Theorem 1.1. As announced in the introductory Section 1.3 our analysis in-
volves two different techniques. Therefore we have chosen to decompose the
proof of the theorem in two independent sections.

In Section 3.1 we study the asymptotic behavior as N tends to infinity of
the time marginals {PEJV"’) ; N > 1}. The approach taken here is partly based
on ideas presented in [8]. More precisely our strategy will be to extend the
analysis of the asymptotic behavior of the empirical measures n% as N tends
to infinity to their g-tensor product measures (n2)®9.

Section 3.2 discusses entropy estimates on path space. This investigation
relies on the fact that, under (.%");, the distribution of the particles can be
viewed as a mean field Gibbs measure on path space with partition function
equals to 1. As we shall see in the further development of Section 3.2 this prop-
erty simplifies considerably the analysis since it allows us to relate without
further work the desired relative entropy with more tractable L,-norms.

3.1. Time marginal estimates. Throughout this section %} (E) denotes the
set of bounded and strictly positive functions g on a measurable space (E, &)
such that sup, , [g(x)/g(y)| < oo.

Let N and g be two natural numbers such that N, ¢ > 1. For any N-vector
x=(x,...,xY) e EV, let m(x)®? be the finite measure on E? defined by

1
m(x)eq = Na Z 8(xi1 ,,,,, xia)
(i1,-sig)€l(q)

where I(q) is the set of g-indices (iy,...,7,) € {1,..., N}? such that i; # i
forany 1< j# j <N.
The main object of the section is to prove the following result.
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THEOREM 3.1. Under assumption () we have Vn e N, ¥(f, g) € (%,(E?%) x
By (ER)), VY N/2 > q>1,

edc

\/(Nn) I£1 sup |8(x)/8(¥)

1
2

(26) E (%, (m(£,)°() = ¥, (nZ)(H|*)" =

2
’

c(n)
@D [E(,m(£)7)(D) = V()] = 51 sup |/ a0

where

V(w, ) € (P(E7) x Zy(ER)),  Wo(u)(f) = n(gf)/m(8)-

In addition, if (%), holds for some a € [1,00] then we have the L (ny?)-
estimate

legLN’q) q

(28) II — -1

' _e(gen) | dK,(x..)
dnn?

®q - N X d'nn

@, Nn

My,

The constant c(n) only depends on the parameter n. If (£) and (%), are both
satisfied with (10) then the estimates (26), (27) and (28) are true for some
constant c(n) = c which does not depend on the the time parameter.

REMARK 3.2. (i) Observing that

1 ay o, (1 1) 1
v EUEL D) =)= (1- SRl e
+E(m(£,)°7() ~ ()
and
@), NON-1 (N -(g-1)
30) Na — N4a
51_ (1_q__1>q1 < u
N N

we can easily deduce (7) from (27).
(i1) We can reduce the proof of (26) and (27) to the case where g = 1. Indeed,
suppose we have proved (26) and (27) for g = 1. Then using the decomposition

W, (m(£,)°)(f) =Yg (n79)(f)

_ mi(9) o g W (@
= mteyeem) " gy YO0
and noticing that
®q g _ ®q _ ”’ng(g) < &
T <n§q<g> (F = ¥maf ”)‘0 and ‘m@n)@q(g) =2 e
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(since i q)‘ < 2 as soon as /N /2 > q) one deduces (26) for any g € %,(E?).

To treat (27) we use the alternative decomposition

W (m(£,)°)(f) = Yg(n7)(f) = Ay + Ay + Ay

og gf ®q gf )
m(fn) ( ®q( )> Mn (ﬂ%q(g) s

with

\ (£)°9(8)
Ay =V, (n? )(f)( %)
Ogq
Ay = (W, (m(£,)°)(f) - g(nn")(f))( M)
Nn (g)

Assuming that (27) has been proved for g = 1 and (26) is true for any g €
#; (E%) one can check that

[E(A

and

o\ 1/2
[E(A)| = E((¥,(m(£)°)(F) — W, () F))) ((1 - —’”(qu)fggg)> )

edqc(n) 3
& Ifllsup lg(x)/g(y)]" .
x,y

This clearly implies (27). From previous observations it suffices to check (26)
and (27) for g = 1.

The proof of Theorem 3.1 is ultimately based on the observation that the
sequence of g-tensor product measures {ns? ; n € N} is solution of a measure
valued dynamical system of the same form as in (2), namely

vneN, ol = 0o

where q:ﬁj’jl : P(E) — P(E}.,) are given by Vn € N,Vn € 2(E}),Vf €
‘@b(EnJrl)

n (&KL 1))

n (&) ’

with for any (xy,...,x,) € E} and (yy,...,y,) € Eq 4,

9 (n)(f) =

(31) Sy, xy) = 829(x1s . Xy) = &n(%1) - - - 8a(%y)
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and

(32) K(q>1((x1> ) xq)a d(yla XS} yq)) = Kn+1(x17 dyl) e Kn+1(xq7 dyq)

This observation allows us to apply the arguments of [8] and conclude that
the non linear semigroup formed by the composite mappings

q)ng) o (I)glq,)]_ o- q)(Q)

(@)
VO<p=<n, o p+1

nlp —

(q)

nin

(with convention @’ = Id) again has the same form as the one step mappings

(@ n>1}.

LEMMA 3.3 [8]. Forany 0 < p <n,n e #(E}) and f € %,(E?) we have
that

(g (KD )

(33) o\ ()(f) =
o n(gfﬁ;)

The fitness functions gfffl)o : E% — 10, oo[ and the Markov transitions K 53;

EY into E}) satisfy the backward formulae

(from

34) Vi<sps<n, g0 =g KPD) and K =80 K

nlp—=1 = “n|p~*nlp

with for any f € %B,(E$)

K9 gn)f
S = #g()))

and conventions g(Q) —1land K9 = Id.

nin
As in [8] we will now use the decomposition of errors Vf € %,(E%),

m(&,)°(f) = (f)

(35) "
_y [cp;ql;,(m(g,,)@qxf) = B (@ (m(€,-)°))(F)]

with convention for p = 0, ®\(m(&_;)®7) = n%. Since

Y (m(é,_1)%9) = @, (m(£,_1))%.
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Formula (35) can also be written

m(£,)°°(F) = n29(f) = J1(F) + I5(f)
with
J1(f) = ZO [ @50 (m(£,)°9)(F) = DL (@, (m(&,-1))*)(F)]
and
Io(f) = ZO [0} (m(£,)°9)(f) - @) (m(€,)°D))(F)].

The next lemma is instrumental for the proof of Theorem 3.1. Its proof follows
the proof of the theorem.

LEMMA 3.4. Let (E, &) be a measurable space and let g, N > 1. For any N-
vector x = (x',...,xN) e EN, \/N/2 > q > 1 and (f, g) € (B,(E?) x B (E?))
we have

12
36) (%%~ m(x)l, = G,

W, (m(x)°9)(f) — wg<m<x>®q>(f)|
37 20q—12  |a(x)|?
=T N WPek)

where ¥(u, f) € (P(E?) x #By(E)), ¥ (0)(f) = n(gf)/n(g)- If X = (X7, ...,
XNY are i.i.d. random variables with common law n € P(E) then for any

JN2=q>1,

sup!f(x)—f(y)}

Dol

E((W,(m(X)*")(f) - ‘I’g(n®q)(f))z)

% sup () - £()].

(38)

ff

I[E(‘Ifg(m<X)®q)<f))— W (n%9)(f))

< su ()|s

for some universal and finite constant C.

f(x)— f(¥)]
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PROOF OF THEOREM 3.1. In view of Remark 3.2 it is enough to prove (26)

and (27) for g = 1. We start by proving (27). By (39) and (33) we easily see
that for any \/N/Z >q>1,

B2 ()] = 3 E([E(900m(6,)°)() €51 ) - (@, (m(£,-)°)(F)])
p=0

3
2 n (9) |
q°C Znip(®) |
< Losup | | sup | K (A0 — KL (N()
p=0 %Y | &1 y)I x,y

3
(x
= L1713 sup| == | sup | K{f)(x.) — K{f) ()

p=0 ¥ | &, (¥)| =Y v

for some universal constant C < oo. In much the same way (37) yields

| @]

2¢2 "l g, (%) I I

2Pl = ZHNFIY sup | == sup | KD (x, ) = K (y, )]
N p=0 %Y Ign“zp y)l x,y I I

tv

By the product definitions (31) and (32) of g,(lq) and K 5?), a clear backward
inductive proof gives that

B (xr, s xg) = g (k1) &L ()
and
KD (31,000 %), (315 s ¥g)) = K (21, dyy) - KU (g dyy)-
It is now clear that for any \/ N_/Z >q,
[E(m(£,)°(F)) = n7(F)]
is bounded by

for some universal and finite constant C’ and the proof of (27) is now straight-
forward.

The proof of (26) is a repeat of arguments used in the proof of (27). It is
therefore only sketched. We use again decomposition (35) to check that

E(Jm(£,)°U(F) — n®9()P)? < Jy(F) + To(f)
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with
1
2

Ti(F) = 3 £ ([0l e - alfh @, (me, ()] )
p=0

n—1
W(F) = X E[IBN(m(£,)°0)(F) = ®40) (m(€,)° D)) ]
p=0

Then we use (37) and (38) to check that the sum J(f)+ J5(f) is bounded by

Cq?, . & Ig<1|)( )|2q | 2 (D) 8 I
| Enlpt) 1 - k¢
\/N”f”gsx’y Ig(l‘) )I S;.’l‘}},) HKn‘p(xa -) Kn|p(y> .)HtV
- »()|

for some universal and finite constant C’.
In the case when (#) and (.%"); hold with

K dK .
M(g) = sup |log =—= 8n(%) < oo and M(K) = sup logﬂ(y) < 00
nay| o &n(Y) 2 n,%,y dn,
we can use the backward formula (34) to check that
(1)
(X K g, x
V(x, y) € E2, g(l‘f( ) ‘g”(x) il (l'f“( ) <exp M(g, K)
gun| 18K (g1 ()

with

M(g, K) = M(g) + M(K).

Moreover, using the same line of arguments as [8], we also have
n—p
1) 1)
sup | Ki — K, .)”W < 1 (1-a (i)
k=1

where a(S) is the Dobrushin ergodic coefficient of a Markov transition S on
a measurable state space E defined as

a(S) = inf imin(S(x, A;), S(z, A)))
i1

where the infimum is taken over all x, z and all resolutions of the state space
into pairs of non-intersecting subsets {A;; 1 <i <m} and m > 1.
Since forany 0 < p<n, x € E, and A € Eps

K (gnh)ulA)( ) N eiM(K)np (ggjfle)
K, (gi) @) m, (&)

s

n|p

(x, A) =
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we have a(S\|)) = e"M(®)_ This implies that
1 _ n—p
sup H Kfm)p(x’ ) - K5L|L(y, -)Htv < (1 —e M(K))
X,y

If we combine these two estimates we conclude that

E(Im(£,)°7(F) — n3U()P) < 39||f||exp(ff§4 (j‘;’(?))

and

|[E(m(£,)°9(f)) — n2(f)| < 2 llf”exp(fff (zf}’(lz?))

According to Remark 3.2(i), this ends the proof of (26) and (27).
We now turn to the proof of (28). Under (-%"); we use the representation

V(y1,---»¥y) € Ex:

ap,"” A, (m(£,1))>
W(yl’”-syq):[E< (df']®q1)) (yl’-'-syq)
_ g (4ol )
= dq)(q)( oq yl""’yq .
n \Mp-1

Again we observe that

Ao\ (m(&, 1)%9) M(£n 1) B (0 (91, -5 3g)))

a@ (et Y m(£, )%\,
with
. dE P (a1, ..., %),
knq((x19""xq)7(yls"'9yq)): ®q 4 (yla--qu)
dnn
= Bty ey,

=k,(x1, y1) - kn(x(p yq)'
Using (27) and (37) one gets after some tedious but easy calculations
apy’?
dnz’

3q q

1_[ sup kn(xp’ yp)

p=1 *p

edc¢'(n)
sup

gn—l(x)
N X,y

8n-1(y)

(yla'“ayq)_l =

for some constant ¢’(n) which has the boundness properties stated in the
theorem. This clearly implies that

apio
dn%q

a¢(n) ¢
< su
=N 3P

gn1(x) ™

Va € [1, o0], sup k,(x,.)

®
(Y,T]nq My

This ends the proofs of the theorem.
The proof of Lemma 3.4 is now complete. O



GENEALOGIES AND INCREASING PROPAGATION OF CHAOS 1189
PrROOF OF LEMMA 3.4. Since
®q oq < | (Q)|
Im(x)®(f) — m(x)*(f)| < 71l

the proof of (36) is a clear consequence of (30). To prove (37) we rewrite

W (m(2)°)(f) = ¥ g (m(x)*)(f)
as

<m(x)Oq(g)> m(x) q[m(x)@z(g) (f = ¥y(m(x) q)(f))}

Using the fact that
2
ﬂ < (1 — q_) < 2,
[1(q)| N

for any \/N/2 > q one gets

8(x)

< 2sup FO

x,y

m(x)°4(g)| ~

Since

) = m(2) () = [(F) = F0)) - ED ()" (o)

one easily concludes that

W, (m(2)°9)(f) — ¥, (m(x)®))(f)]

is bounded by
g(x)|*
g()

and the proof of (37) is now a consequence of (36). The proof of (39) is a little
more involved. We start by noting that

2 sup
x,y

sup |[£(x) = F()] Im(x)7 = m(x)®

1°(F) - Em(020(F) = (1= FE ) e,

Using (36) the above decomposition yields

Emx)=1() - no()] <2y,

Replacing g and f by (¢ + q) and (f ® f) we arrive at

2
E(m(X)®(H]*) — [n2(HF| = 8L 1711
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Combining the preceding two inequalities yields
E((m(X)®9(f) = n®9(£)]")
= E([m(X)*UN]) = [0°(H]* + 20°9(F) (n°U(f) = Eom(X)®(f))

and therefore

E([m(X)®9(f) — n®U()]")? < —"nfn

Qy

(40)

1 4
(X% () = 0 (D)) = T+ N}ufn 11

as soon as v/ N > +/2q(> q/4). Now we use again the decomposition
Y (m(X)*)(f) = Vg (n®)(f)

_(_n%(8) g
= (atrrcety) MO0 st 7~ watn™) |

As before we observe that

2

n®I(g)
oy g(y)

m(X)ea(g)| = < 5a

and

F0) =V 0°)F) = [(F@) = Fo) £ ne1(dw),

We conclude that for any \/N/2 > q,

E(|W(m(X)°)(f) = W, (n®)(F)]")
is bounded by

1

y

2 sup

x,y

(' R e )]

Since

0o | E (=) =0

it does follows from (40) that

[N

E (|7 m(X)P() = ¥ (°) () = 16— sup % sup ()~ £ 7).
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We end the proof of (39) by noting that
E(P,(m(X)®)(f)) = Vo(n®)(f)

=L ([‘I’g<m<X)®q>(f> — W, (19)(£)] [1 - MD

n®(g)
and using Cauchy—Schwarz’s inequality. O

3.2. Entropy estimates on path space. The study of the asymptotic behav-

ior of distributions {IP’((J)V ,’L(]I) ; n >0} as N — oo becomes more transparent if
we introduce a more abstract formulation.

In the further development we assume that {¢, ; n € N} is the N-inter-
acting particle systems approximating model associated to a given sequence
of functions {®, ; n € N}. We denote as usual {7, ; n € N} the solution of the
corresponding limiting system.

We will use in our development the following condition:

(2) For any n e N and n € #(E,) we have @, (1) ~ n,,1.

Note that when {®, ; n € N} are given by (3) condition (£) holds if, and
only if, for any n € N and x € E,, we have (®,,1(5,) =)K,;1(x,.) ~ 1,41. This
condition is not satisfied when K, is the transition (13) of the path-valued
Markov chain (12) but it is in many cases fulfilled when K, represent the
signal transition in classical non linear filtering problems (see examples given
in Section 2.4).

Assumption (&) first appeared in [5]. In this work the authors prove large
deviations principles for the laws of the empirical measures on path space. A
crucial practical advantage of () is that the distributions of the particles in
path space can be regarded as a mean field Gibbs measure with unit partition
function. The approach taken here to obtain useful entropy estimates and
related increasing propagation of chaos is based on the similar ideas.

The following assumption on the N-interacting particle systems approxi-
mating model summarizes the only [ -estimates on the particle density pro-
files {m(¢,); n € N} needed in the sequel:

(#) There exists some a > 1 and a collection of functions 0, , € L,(n,),
n > 1 such that

(y)—-1

dD,(m(£, 1)) ) _ an()
dq)n(nn—l) B ‘/N .

Conditions (&) and (.#) also appear to be useful in studying the weak con-
vergence of the empirical processes associated to the N-particle approximat-
ing model. Although this subject is tangential to this paper we have chosen
to present the result. The results for the genetic algorithm (5) will then be
deduced directly from these results.

To state the main result of this section we need to introduce some additional
notations. If & is a collection of bounded measurable functions f, || f]| < 1, on

vn>1,Vye E,, [E(‘
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a measurable space (E, &) and p € #(E) and ¢ > 0 we denote N(e, 7, Ly(n))
the minimal number of Ly(w)-balls of radius ¢ needed to cover 7. We also
denote by .# (e, %) and by I(7) the uniform covering numbers and entropy
integral given by

'/’/(87 ‘?) = sup {N(E’ 7, H-Z(/J*)); Mme Q(E)}

and
1 — e
17)= [ Jlog (s, 7) do.
0

For any n > 0 and for any collection %, of bounded measurable functions
fE, - R, |fll <1, we denote by {m(&,)(f) ; f € &,} the F,-empirical
process associated to ., and the particle density profile m(¢,). The Zolotarev
Z,-semi-distance between m(¢,) and its limiting distribution 7,, is defined by

Im(&,) = mallz, = sup{Im(&,)(F) — . (H5 f e Tt

THEOREM 3.5. Foreach n € N, let 7, be a collection of bounded measurable
functions f : E,, — R such that ||f|| < 1 If the functions {®,, ; n € N} satisfy
conditions () and (7 ) for some number a > 1 then there exists some universal
constant A, < oo such that

a % Aa a
@) VneNYN 21 E(Im(E) = ml3)" = 72 (1) + 100aly,)

In addition, if (#) holds for o = 2 then we have that

N, 2q &
42) VneN,vl<g<N, Ent( () e n]) i Z 165,12,

The proof of (41) is very simple therefore we give it first. Using the decompo-
sition

m(&,)(F) = 1a(f)
= m(&,)(f) = @p(m (&, ))F) + Pp(m(&n_))(f) = Pu(n-1)(F)

= m(E)(F) ~ @alm(6y )P + [ )| T E ) 1 )

we clearly have

lm(&,) = mall 7, < lm (&) = @p(m(€,-1)) 5,

/‘dcbn(m(&n 1)
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Under our assumptions and using Marcinkiewicz—Zygmund’s inequality to em-
pirical processes (see [10] and Lemma 2.10 in [8]) we conclude that

i B

E(Im(é) = ml;)" = =1(7)
Do e

 Zeriys ol oan]

for some universal constant B, which only depends on the parameter «. This
clearly ends the proof of (41).

The weak convergence of empirical processes for the genetic approximating
model (5) has been started in [7] and it is been further developed in [8]. In
[8] the authors proved L,-mean error estimates of the same type using dif-
ferent techniques without any assumptions on the mutation transitions. Here
we present an alternative and more simple proof based on the mixing and
L,-conditions (%),. Next analysis emphasizes the new points in which this
approach differs from the one in [7, 8] with an eye toward precise uniform
bounds w.r.t. the time parameter.

A basic result giving L ,-mean error bounds in terms of the fitness functions
{gfllll)!7 ; 0 < p < n} and the Markov transitions { K Sﬁo ; 0 < p < n} introduced
in Lemma 3.3 is as follows.

%

LEMMA 3.6 ([8], page 36). If the functions {®, ; n > 1} are given by (3)
and condition (£) holds then we have Vn > 0,Vf € %,(E,),Va > 1,VN > 1,

1
@

E(InY (F) = m.(F)I%)" < \/a’—z\';llfﬂ
where
@ 1
B, , =B Z sup % S P HKi\L ) - Ki\;,(x/,-)N
—Q %X gn\p( ) tv

and B, is a universal constant which only depends on the parameter «.

REMARK 3.7. The assumptions based on the preceding lemma are remark-
ably weak since they do not depend on the form of the mutation transitions.
In the case where (£) and (%), are both satisfied with

8n(%)

M(g)=sup |log < oo and
nxy|  &n(Y)
(43) MK 4K,
( )_sup |1og¢( )| < o0,

2 n,x,y | dnn
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we proceed as in the proof of Theorem 3.1 to check that for any a > 1 the
sequence {B, ,, ; n € N} is uniformly bounded. More precisely in this situation

a,n >

we have that

exp (2M(g, K))
Va > 1 B.,=B '
*=5 S Ban = B0 X TG0 M(K)

Using the decomposition

dq)n+1(m(§n)) 1 nn(gn) > 8n _
D, T e (g m(f")<nn<gn)(k"“("y) ”)
with
V)€ By x Ep). ) = L),

it is easily checked that

dq)nJrl(m(fn))
dq)nJrl(nn)

- 8n(%)
-1 < mmp | S5

Im(ENFL) — ma(F)
with
V(x,y) € (By x Bpyy). f2(x) = Ti';f;n)) (ps1(x, y) — 1).

Using Lemma 3.6, condition (.#) clearly holds for some @ > 1 and

8n(%)

(44) O, (Y =Bansu ;
() "o g (@)

x,x

2
(1 T sup hya(x, y>)

as soon as (K), is met. Arguing as before if () and (.%"); are both satisfied
with (43) one also concludes that

exp (4M(g, K))
0 <B .
S;ng 16a.nlla.n, = Bao x 1-exp—M(K)

As a direct consequence of (41) and Lemma 3.6 we have:

COROLLARY 3.8. For each n € N, let 7, be a collection of bounded mea-
surable functions f : E, — R such that ||f| < 1. Assume that the functions
{®, ; n > 1} are given by (3) and conditions (£) and (%), are both satisfied
for some a > 1. Then there exists a universal constant c, such that

Cq o /
W(I(Jn)Jrcn)

vneN,VN > 1, [E(||m(§n) - 77n||§;)5 <

where ¢, is a finite constant which only depends on the time parameter pa-
rameter n and such that sup, ¢, < oo as soon as the uniform bounds (43) are
satisfied.
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As we said in the Introduction, the proof of the entropy estimates (42) on
path space relies on the fact that Pfé\,’ ,)l] is a mean field Gibbs measure. To

describe the potential function we notice that under (&) we have for any
F e #,(EY x ---x EY)

E(F(SO’ e gn))
= [ Fo, o 2)®, (1)) () - By (m(x)* (g0 (o)
= [ Flxon o) exp (H (w0, . 2 )03 (@) -V ()

with

dq)p(m(xpfl))

(1) dm(x,).

Hy (0, ., 2,) = N Y [log
p=1

In other words, IPE(])Y ,)L] is absolutely continuous with respect to the tensor prod-
uct measure

M =Y o @ ngY € 2(BY - x EY)

and
(N)
dIP’[On

] (N) N
JooN. exp H; 7, Mo,n) — &€
M0,n]

In addition if we consider the function

(I)[O,n]:‘@(EO X - X En) — ‘@(EO X oo X En)
o= @) =m0 @ Pi(pg) ® - Py (y—1)

where pup, 0 < k < n, stands for the kth marginal of u then it is easy to check
that H SLN) can be rewritten as

N — (1 X
ng )(xo,,xn)ZNHn (NZS(% ..... xz))

with the potential function H,

dPpo, (1)

Vue P(Eyx...x E,), H,(p) = /log p; du

q’[o,n](ﬂ[o,n]) '

Before presenting the proof of (42), two elementary lemmas are stated and
proved. As noticed in [1] a natural tool for the analysis of a strong version
of the propagation of chaos for mean field interacting particle systems is the
following inequality due to Csiszar [3] (see also the proof of Theorem 2 in [1]).
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LEMMA 3.9 ([3], (2.10), page 772). Let (E, &) be a measurable space and let
wN) be an exchangeable measure on the product space EN such that uN) «
n®YN for some n € P(E). If u'N-9, 1 < q < N, are the marginals of u™) on the
first q-coordinates then we have

(N.g)|,,® q {N/Q}) (M), &N
(45) Ent(u™9|n q)5N<1+[N/q] Ent(u™|n®V)

where [a] is the integer part of a € R and {a} = a — [a].

PROOF. The proof of (45) is quite simple. From the variational definition
of the relative entropy

Ent(u|n) = sup {u(f)—logn(exp(f))}
fe(E)

we already have Ent(u™)|n®V) > (u™)(f(@) — log n®N (exp f(9)) with

[N/q]
f(q)(xl, ey .X'N) = Z ¢(x(p71)q+1’ ey x(pfl)quq)? (NS gb(Eq)
p=1
Since uM(f(?) = [N/qlu™9(¢) and 7®N(exp f@) = (19(¢))"'¥ taking
the supremum over ¢ € €,(E?) one concludes that

Ent (4™ [n®") = [N/q] Ent (u™9|n1).

We end the proof by noting that
Vae[l,oo]’ LZEM21<1+@><<2) O

[a] a [a] a [a] T a

LEMMA 3.10. If u is absolutely continuous with respect to n and fil—’; € Ly(n)
then we have
2

Bni(ulm) < | 1

2,m

PrOOF. Using the standard inequality, log u < u — 1, which is valid for any
u > 0, we clearly have

d d d d
Ent(u|n) = /10g ﬁdu < f <d—l; - 1) dp = / (d—': - 1) d—T';;dn,

from which one concludes that

du 2 du 2
Ent(u|n) < / <% - 1) dn = ”d— -1
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Lemma 3.9 highlights the relations between the relative entropy and the

. . =5 (N . .
mean value of the potential function H ; ). More precisely, according to Lemma
3.9 we have that

(N.9) | _®q q (N) | ®N o4 (N)
(46)  Ent (o, njot ) < 2 Ent (Plom [ ) = 2CEHL (fo. .., £,)).
It can be seen from definitions of H 51 ) and ¢ that

E(HY (é0s .-, €,)) = N Y E(E (m(€,)[log (d® ,(m(£,_1))/dn ,)]IE 1))

p=1

_ N Y E@®,(m(£, )log (dD,(m(&, 1)/dn,)].

p=1

Therefore one gets

(N)
Ent ([P’ o,n] |1

n—1
®N ) =N ) E(Ent (¢p+1(m(§p)) iq)erl(np)))'
p=0

Using Lemma 3.10, the end of the proof of Theorem 3.5 is now straightforward.
Indeed, under the assumptions of the theorem, Lemma 3.10 implies that

E(Bnt (B (m(£,)) [®p1(1,))) = E (1= d,s m(E))/dnpals, )

e <|1_ A, .1(m(£,))

et >|2) Mpa(d)

1
= ﬁ/giﬂd”’lml = ﬁ”eerl”%ﬂiml'

From this and taking into account (46) on concludes that

N.q)
Ent (ﬂj’( n(]l Mo, n]) Z [ p||2 m

and the proof of the theorem is complete. The earlier discussion given in Re-
mark 3.7 leads to the following immediate corollary of (42), Theorem 3.5.

COROLLARY 3.11.  If{®, ; n > 1} are given by (3), and conditions (¢) and
(X#)y are both satisfied, then we have that

qC(n)

(47) vn>0,V1<g<N, Ent(PE(I)\,];;]I)M[o np) =

In addition if the uniform bounds in (10) are satisfied then (42) holds with
some linear function of the time parameter, that is c¢(n) = cn for some ¢ < 0.
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