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Abstract

Feynman-Kac models arise in a large variety of scientific disciplines including physics,
chemistry and signal processing. Their mean field particle interpretations, termed
commonly Sequential Monte Carlo or Particle Filters, have found numerous applica-
tions as they allow to sample approximately from sequences of complex probability
distributions and estimate their associated normalizing constants. It is well-known
that, under regularity assumptions, the relative variance of these normalizing con-
stant estimates increases linearly with the time horizon n so that practitioners usu-
ally scale the number of particles NV linearly w.r.t n to obtain estimates whose relative
variance remains uniformly bounded w.r.t n. We establish here that, under this stan-
dard linear scaling strategy, the fluctuations of the normalizing constant estimates
are lognormal as n, hence N, goes to infinity. For particle absorption models in a
time-homogeneous environment and hidden Markov models in an ergodic random
environment, we also provide more explicit descriptions of the limiting bias and vari-
ance.
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1 Introduction

1.1 Feynman-Kac models

Consider a Markov chain (X,,),>0 on a measurable state space (E,£) whose tran-
sitions are defined by a sequence of Markov kernels (M), ~,. We also introduce a
collection of positive bounded and measurable functions (Gn)n_zo on F and associate to
(My),,>, and (G )n>o the sequence of unnormalized Feynman-Kac measures (v, ),,~, on
(E, &), defined through their action on bounded real-valued measurable functions f by

() =E | f(X2) [ Go(Xp) ] - (1.1)

0<p<n
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Lognormal CLT for particle approximations

The corresponding sequence of normalized Feynman-Kac probability measures (1,),,~,
is thus defined by

N (f) = Y (f) /(1) (1.2)

It is easily checked that the sequence of measures (7,), - satisfies the evolution equa-
tion -

Yu(f) = Yn-1(Qn(f)) (1.3)

where @,, is a bounded positive integral operator given by

QMﬁ@%:/Gwﬂ@A%@dwf@) (1.4)

Additionally, the normalizing constant 7, (1) satisfies the product formula

(1) =E H Gp(Xp) | = H p(Gp)- (1.5)

0<p<n 0<p<n

The detailed proofs of (1.3) and (1.5) can be found for instance in [4], section 2.1.1.

Throughout the paper, for any finite signed measure ;. and bounded function f de-
fined on the same space, we denote by u(f) the Lebesgue integral of f with respect to
w, ie. p(f) :== [ f(z)du(z). Given a bounded integral operator K (z,dz’) from E into
itself, we also denote by pK the measure resulting from the action of K on y, i.e.

Pk (@) = [ ulde) K (o, do'),

while for a bounded measurable function f on E, we denote by K(f) the bounded
measurable function

Kumm=/memﬂw.

We recall that the Dobrushin contraction or ergodic coefficient S(K) of the Markov
kernel K from F into itself is the quantity defined by

B(K) =sup{|K(z,.) — K(y, )|l ; (z,y) € E*} €[0,1], (1.6)

where the total variation norm is given for any probability measures pu1, us on (E, £) by

11 — pallew = sup {|u1 (f) — p2(f)| 5 f € Osc(E)}.

Here Osc(F) stands for the set of £-measurable functions f with oscillations osc(f) :=
Sup,., | (x) — f(y)] < 1.

Feynman-Kac models appear in numerous scientific fields including, among others,
signal processing, statistics, chemistry and statistical physics; see [5], [6] and [13].
Their interpretation is dependent on the application domain. We describe here briefly a
few examples, two applications are discussed in more details in Sections 1.4.1 and 1.4.2.

Non-linear filtering. In a non-linear filtering framework, the measure 7,, corresponds
to the posterior distribution of the latent state X,, of a dynamic model at time n given
the observations Y,, collected from time 0 to time n — 1, and ~,(1) corresponds to the
likelihood of these observations; that is

M1 = Law (Xy | (Yo,...,Yn)) and vp41(1) = pu(Yo, ..., Yn)

where p,, stands for the density of the observation sequence (Y})o<p<, W.I.t some refer-
ence measure.
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Lognormal CLT for particle approximations

Physics and Chemistry. In these contexts, Feynman-Kac models are widely used to
describe molecular systems. The evolution equation (1.3) is interpreted as a discrete-
time approximation of an imaginary time Schrodinger equation. The Markov kernel
M,, ~ Id+ L At corresponds to the discretization of continuous-time stochastic process
X, with infinitesimal generator L, G, = e ¥ 2! where V is a potential energy and
At < 1 a discretization time-step. With this notation, we observe that the integral
operator (1.4) is such that @, ~ Id + LY At, where the Schrédinger operator LV is
defined by

Using (1.3), this implies that

V() = Yn-1(f) = -1 (LY (f)) At.

The resulting continuous-time model is given by the sequence of Feynman-Kac mea-
sures (7¢),~, defined, in a weak sense, by the evolution equation

d

%%(f) = %(Lv(f))

and its associated path space representation

w(h =B (10x) e { - [ tV(Xs)ds}> |

Here the normalizing constant +;(1) corresponds to the free energy of the system, and
its exponential decay is related to the top of the spectrum (whenever it exists) of the
Schrédinger operator LY. For a more thorough discussion on these continuous-time
models and their applications in chemistry and physics, we refer the reader to [2], as
well as to [17, 18, 20], the recent monograph [6] and the references therein.

1.2 Mean field particle models

A key issue with Feynman-Kac measures is that they are analytically intractable in
most situations of interest. Over the past twenty years, particle methods, termed Diffu-
sion or Quantum Monte Carlo methods in physics or Sequential Monte Carlo in statis-
tics and applied probability, have emerged as the tools of choice to provide numerical
approximations of these measures and of their associated normalizing constants. We
give a brief overview of these methods here and refer the reader to [5, 6] for a more
thorough and detailed treatment.

We first observe that the sequence (7,,),>0 satisfies the following recursion for all
n>1

N = Pn(Mn-1), (1.7)

where ®,, is a non-linear transformation on probability measures defined by
D (1) = Ve, (1) M.

Here, given a bounded positive function G and a probability measure p on F, ¥ de-
notes the Boltzmann-Gibbs transformation

Ue(p)(de) := —G(z)u(dx). (1.8)
)= iy @
It is possible to express ®,, as
D (1) = pk i, (1.9)
EJP 19 (2014), paper 94. ejp.ejpecp.org
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where (K, ,)n>1 is a collection of Markov kernels for any probability measure ;1 on
E. There is not a unique K, , satisfying (1.9). One can obviously use K, ,(z,dz’) :=
®,,(1)(dx’) but there are alternatives. For example, if G,,_; takes its values in the inter-
val (0,1], ¥¢,, _, (1) can be expressed through a non-linear Markov transport equation

Ve, (1) = pSa, (1.10)

with the non-linear Markov transition kernel

SG, 1, dr') == Gpo1(x) 62(d2") + (1 — Guoa(2)) Vg, _, (1) (dz"),

SO we can use
Ko = 56,1 uMn. (1.11)

The non-linear Markov representation (1.9) directly suggests a mean-field type parti-
cle approximation scheme for (),,~o- For every n > 0, consider a N —tuple of elements
of E denoted by 5 (S(N l)) , whose empirical measure 1)) := % Z;VZI 5£(N,j)

1<i<N b
provides a particle approximation of 7,. The sequence (g,ﬁN))nZU evolves as an EV-

valued Markov chain whose initial distribution is given by P (f(()N) € dx) = Hili 1 Mo (dx;),
while the transition mechanism is specified for any n > 1 by

N
P (&M edo | FIL) =TT Koy (607, da). (1.12)
i=1
Here F.Y , is the sigma-field generated by the random variables (Ep )nggn—lz and
dr = dx'x...xdz" stands for an infinitesimal neighborhood of a point x = (z!,...,2") €
EN.

Using the identity (1.5), we can easily obtain a particle approximation N (1) of the

normalizing constant vn (1) by replacing the measures (np)p o by their particle approx-

imations (n)’ ) " to get
IT # Gy (1.13)
0<p<n

We define the normalized version of this estimate by

FN) =N (1) /(1 H 1y (Gy) with Gy i= G /1n(Gy). (1.14)

0<p<n

The main goal of this article is to establish a central limit theorem for log 7% (1) as
n — oo when the number of particles N is proportional to n.

1.3 Statement of the main result

To state our result, we need to introduce additional notations. We use the conven-
tions ®g(u) := no for all u, Ko, (x, ) = no() for all z, FY, = {0,Q}, n_1 := ny and
nﬂ :=19. These conventions make (1.7)-(1.9)-(1.12) valid for n = 0.

We denote by V,V the centered local error random fields defined for n > 0 by

V= VN () = @n(ny)) (1.15)
so that )
777]1\] = ‘I’n(mjyfﬂ + ﬁVnN'
EJP 19 (2014), paper 94. ejp.ejpecp.org
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To describe the corresponding covariance structure, let us introduce for any n > 0,
bounded measurable functions f;, fo and probability measure p the notation

Covy,u(f1, f2) i= p [Kn u(f1f2) = Kn u(f1) Kn,u(f2)] -

We have the following explicit expression for conditional covariances
E (VY (fO)ViY (f2) | Fily) = Covyy v (f1 fa)- (1.16)

It is proved in [5, chapter 9] that (VnN )nZO converges in law, as N tends to infinity,
to a sequence of independent, Gaussian and centered random fields (V},),>o with a
covariance given for any bounded measurable functions f1, fo on E by

Cv, (f1, f2) == E(Va(f1)Va(f2)) = Covim, , (f1, f2). (1.17)
When K, ,(z,-) := ®,(u), (1.17) reduces to
Cv,. (f1, f2) = ma(f1f2) = ma(fr)ma(f2). (1.18)

Let us now introduce the family of operators (@, )o<p<n acting on the space of
bounded measurable functions defined by

Qpn(H)@) =B | f(Xn) [] GoXo)|Xp=2]|. (1.19)

p<g<n

It is easily checked that (Qp,n)o<p<n forms a semigroup for which

T = 1 1.20)
We also define 0nlh)
Q. n = DR (1.21)

Finally, we introduce the Markov kernel P, ,, through its action on bounded measurable
functions

Ppn(f) = Qpn(f)/Qpn(1). (1.22)

It is well-known in the literature, see for example [5, chapter 9], that, for any fixed
n, the following convergence in distribution holds

V@YW =1) =5 D7 (@, (1)), (1.23)
0<p<n

We are here interested in the fluctuations of 7 (1) in an alternative scenario where both
n, N — oo with N proportional to n. It has been recently established in [3] that, under
regularity conditions, the variance of 7' (1) increases linearly with n so that one should
increase N at least linearly w.r.t the time horizon n to obtain estimates whose variance
is uniformly bounded w.r.t n. This linear variance growth had been empirically observed
by practitioners for a long time and it is actually standard practice to set N proportional
to n in applications; e.g. see [1] and [19] for recent work in computational statistics.
However, the fluctuations of 7Y (1) under this linear scaling scheme have never been
investigated. We establish in this paper that, in this regime, the observed behaviour
is different from that described by (1.23). Indeed, the magnitude of the fluctuations of
WnN (1) around 1 do not vanish as n, N go to infinity, and they are described in the limit
by a lognormal instead of a normal distribution.

EJP 19 (2014), paper 94. ejp.ejpecp.org
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Whereas no regularity assumption is required for (1.23) to hold, our result requires
assumptions we now detail. First, the potential functions are assumed to satisfy

gn :=sup G, /inf G,, < +oo and g¢g:=supg, < +oo. (1.24)
n>0

Second, we assume that the Dobrushin coefficient of P, ,,, denoted (P, ,) and defined
in (1.6), satisfies
B(Ppy) < ae n7p) (1.25)

for some finite constant a < +00 and some positive A > 0. Third, we assume that there
exists a finite constant « such that the kernels K, , satisfy an inequality of the following
form

Supsep [[Knuy = Knpo] () (0)] < & [ [0 = pa] (Tn(f 12)); (1.26)

for any two probability measures u1, 12 on E and any measurable function f with os-
cillation osc(f) < 1, where T, (f, u2) is a measurable map with oscillations inferior or
equal to 1 that may depend on n, f, us. This regularity condition can be extended to
Lipschitz type control estimates (1.26) involving several functions T, ,,(f, y2) indexed
by some parameter u on some probability space; see for instance [6, 10].

In the rest of the paper, unless otherwise stated, we assume that (1.24)-(1.25)-(1.26)
hold.

Several sufficient conditions on the Markov kernels M,, under which (1.25) holds are
discussed in [5, Section 4.3] and in Section 3.4 in [10]. Conditions under which (1.26)
is satisfied are given in Section 2.

The main result of the paper is the following theorem.

Theorem 1.1. Assume (1.24)-(1.25)-(1.26), and define v,, as

o= Y E(Vp(@pa0)?) = D Cova, i (Qgn(1).Qqu(1).

0<p<n 0<g<n

Assume that N depends on n and satisfies

lim ﬁ:ozE(O,+oo)7

n——+o00

and that v
lim = =02 € (0,+00). (1.27)

n—+oo N

Then the following convergence in distribution holds
1
log 7N (1) —L— N (—aUQ,aUQ) : (1.28)
n——+oo 2

where N (u,v) denotes the normal distribution of mean u and variance v.

Remark 1.2. It follows from the continuous mapping theorem that 5% (1) follows asymp-
totically a lognormal distribution. The relationship between the asymptotic bias and
variance in (1.28) is unsurprising since (7Y (1)) = 1 for any n, N; see [5, Proposition
7.4.1.1.

Remark 1.3. Under assumption (1.24), it can be easily checked that one always has
sup,, %’ < +o0. If, in addition to (1.24)-(1.25)-(1.26), we assume that liminf,,_, | % >0
instead of the stronger assumption (1.27), the proof of Theorem 1.1 still leads to a
central limit theorem of the form

1
/o L
n

EJP 19 (2014), paper 94. ejp.ejpecp.org
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The result (1.28) was conjectured by Pitt et al. [19]. We believe that this theorem
could be established under the weaker stability conditions of [11] or [23] at the price of
a significantly more complex proof. Compelling empirical evidence can be found in [19]
and [12].

The fact that 72’ (1) exhibits asymptotically lognormal fluctuations has been used in
recent work to provide quantitative guidelines on how to select the number of particles
in a particle filter when the normalizing constant estimate is used within a Metropolis—
Hastings scheme; see [19], [12] and [21]. Another application of (1.28) is to the com-
putation of Bayes factors for long time series data in scenarios where the likelihood of
candidate models is computed using particle methods. Equation (1.28) suggests that
it is possible to perform an approximate bias correction and obtain approximate confi-
dence intervals for the particle estimate of the log-Bayes factor whenever estimates of
the variances of normalizing constant estimates are available.

1.4 Some illustrations

In this section, we discuss two applications of Theorem 1.1 where the variance ex-
pression (1.27) can be made more explicit.

1.4.1 Particle absorption models

Consider a particle in an absorbing random medium, whose successive states (X")n>0
evolve according to a Markov kernel M. At time n, the particle is absorbed with prob-
ability 1 — G (X,,) where G is a [0, 1)-valued potential function. Letting G,, := G for all
n > 0 and M,, := M for all n > 1, the connection with the Feynman-Kac formalism is the
following: denoting by T the absorption time of the particle, we have v, (1) = P (T > n),
and 7, = Law (X,, | T > n). In this situation, the multiplicative formula (1.5) takes the
form
P(T>n)= [[ P@=m+1|T>m),
0<m<n
where

IP(TZm—i—l|TZm):/G(x)IP(Xmde|T2m):77m(G).

In this context, we have ®,, = ® for all n» > 1, and conditions (1.24)-(1.25) ensure that ®
admits a unique fixed point measure 7., such that

Law (X, [T > n) —, oo = P(Noo)-
Moreover, we have

@()m(l)(x):IP(TZn\X():x)/]P(Tzn)—> h(x).

n— oo

Setting Q = Q/1,,Q(1), we find that the function h satisfies the spectral equations
Q(h) = h < Q(h) = MAh,with A = 1,.(G).

The measure 7, is the so-called quasi-invariant or Yaglom measure. Under some
additional conditions, the parameter A\ coincides with the largest eigenvalue of the in-
tegral operator Q and h is the corresponding eigenfunction. In statistical physics, @
comes from a discrete-time approximation of a Schrodinger operator and £ is called the
ground state function. For a more thorough discussion, we refer the reader to Chapters
2 and 3 in [5] and Chapter 7 in [6].

In this scenario, the limiting variance o2 appearing in (1.28) is given by

o = Covy . (h,h). (1.29)

EJP 19 (2014), paper 94. ejp.ejpecp.org
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In particular, if the Markov kernels used in the particle approximation scheme are given
by K,(z,.) = ®(n), then we obtain using (1.18) that 02 = 7. ([h — 1]?). The detailed
statement and proof of these results are provided in Section 3.3.

1.4.2 Non-linear filtering

Let (X, Y, )n>0 be a Markov chain on some product state space E; x Es whose transition
mechanism takes the form

P ((XTMYTL) S d(:my) ‘ (anlyynfl)) = Mn(anhdx) gn(yvx) Vn(dy)7

where (v,),-, is a sequence of positive measures on Ej, (M,),-, is a sequence of
Markov kernels from F; into itself, and (g,),, is @ sequence of density functions on
E5 x E;. The aim of non-linear filtering is to infer the hidden Markov process (Xy),~,
given a realization of the observation sequence Y = y. It is easily checked that -

N = Law (X, | Yoo = ym, 0 <m < n),

using G, := gn(Yn, .) in (1.1). Furthermore, the density denoted p,(yo,...,yn) of the
random sequence of observations (Yp,...,Y,) w.r.t. to the product measure ®o<p<nVp
evaluated at the observation sequence, that is the so-called marginal likelihood, is equal
to the normalizing constant 7,4+1(1). In this context, the multiplicative formula (1.5)
takes the form

Pr(Yos -+ Yn) = H G (Ym | Y1, 0 <1 <m)

0<m<n

with
qm(ym‘yla O§l<m):/gm(ym;x)P(Xm € dr ‘ Y, =y, 0§l<m):77m(Gm)~

For time-homogeneous models (g,,, M,,,) = (g, M) associated to an ergodic process Y
satisfying a random environment version of Assumption (1.25) detailed in Section 3.4,
the ergodic theorem implies that the normalized log-likelihood function converges to
the entropy of the observation sequence

1

logpn(Yo, -, Ya) = = D logqm(Vm | Vi, 0 <1< m)
0<m<n

n+1

—nsoo E(logq(Yo | Vi, m <0)),

where ¢(Yy | Yin, m < 0) is the conditional density of the random variable Y, w.r.t the
infinite past. In Section 3.4, we shall prove the existence of a limiting measure 1Y, and
function hY such that

q(Yo | Yo, m < 0) =n (9(Yo,.))

and v v
Qons1 (D)) : don{(00: .. V) | 2)

T 0 (de) qon((Yo,- -, Ya) | @)

where go.,((Yo,-..,Y,)|x) stands for the conditional density of (Yy,...,Y;,) given Xy = x.
Similar results have been recently established in [24] using slightly more restrictive
assumptions. In this situation, the limiting variance 02 appearing in (1.28) satisfies

— e WY ()

o> =F (cOv‘“(Y) (hY, hY))> , (1.30)

-1
Ll
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where 6 denotes the shift operator, and, if the Markov kernels used by the particle
approximation scheme are given by K, ,(z, .) = ®,(n) associated to the potential G,, :=
9n(Yn, +), then we obtain using (1.18)

oc?=E (ngl(y) ([hY — 1}2)) .
The detailed statement and proof of these results are provided in Section 3.4.

1.5 Notations and conventions

We denote, respectively, by M(E), P(F) and B,(E), the set of all finite signed mea-
sures on the measurable space (F, £) equipped with the total variation norm +v, the
subset of all probability measures, and the Banach space of all bounded and measur-
able functions f equipped with the uniform norm || f|| = Sup,cg|f(x)|. We also denote
by || X||;m = E(|X|™)*/™, the L,,-norm of the random variable X, where m > 1.

In the sequel, the generic notation c is used to denote a constant that depends only
on the model. To alleviate notations, we do not use distinct indices (e.g. ci,co,...)
each time such a constant appears, and keep using the notation ¢ even though the
corresponding constant may vary from one statement to the other. However, to avoid
confusion, we sometimes make a distinction between such constants by using ¢, ¢, c”
inside an argument. When the constant also depend on additional parameters p1, ..., py,
this is explicitly stated in the notation by writing ¢(p1, . . ., pe).

1.6 Organization of the paper

The rest of the paper is organized as follows. Section 2 establishes some basic reg-
ularity properties of the covariance operator. Section 3 analyzes the long-time behav-
ior of Feynman-Kac semigroups and provides a precise description of the asymptotic
behavior of the variance term v,, appearing in Theorem 1.1 in two special cases: time-
homogeneous models and models in a stationary ergodic random environment.

The key result, Theorem 1.1, is established in Section 4. The main idea is to ex-
pand log7Y (1) in terms of local fluctuation terms of the form VN, Broadly speaking,
the contribution of quadratic terms in the expansion amounts to an asymptotically de-
terministic bias term whose fluctuations are controlled with variance bounds, while the
contribution of linear terms is treated by invoking the martingale central limit theorem.

2 Regularity of the covariance function

We first note that, in the special case where K, ,(z,.) = ®,(n) for all z, Property
(1.26) is in fact a consequence of (1.24). Indeed, we can then write

L
M1 (Gn—l)

and check that for any f € Osc(E)
By = Knpia] (DI < 29 111 = p2] (o)1

where g is defined in (1.24) and

1
— G
2[| Gl

(@ (11) = P (p2)(f) = (11 = p2] (Gnoa M (f = @u(p2)(f)))

P = n—1Mn(f — @n(p)(f)) € Osc(E).

In the alternative case (1.11), we have

[Kn,m - Kn,uz] (f) =(1-Gp-1) [q)n(lh) - ‘bn(lm)] (f)

EJP 19 (2014), paper 94. ejp.ejpecp.org
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so that (1.26) is also satisfied.
Observe that (1.26) immediately implies the following Lipschitz-type property

SUI]; HKTL’M(CL’? ) - Ko s (, ')Htv < “H/il — p2[v- (2.1)
xEe

Proposition 2.1. There exists ¢ < co such that for any p1, us € P(E) and any functions
f17f2 € OSC(E)
|COVn,u1(f1af2) - Covn,uz (fl; f2)| < CHMl - M2Htv~ (2.2)

Proof. We have

Covn,/—tl (fh f2) - Covn,,tm (fh f2)
= [ (p1) — P (p2)] (f1f2) + (12 — pa] (Koo (f1) K (f2))

i (Ko (F1) Koy (f2) = Koy (F1) Ko,y (£2))

and
[P (1) — P (p2)] = Ml[Kn,m - Kn,uz] + [ — M2]Kn,uz-

There is no loss of generality in assuming that pus(f1) = p2(f2) = 0 so that || fi]| <
osc(f;) < 1. Thus, using

HKmuz (fl)Kn,uz (f2) - Kn,m (fl)Kmm (f2) H

<y (F1) = B (PO By (F2) = Ko i (F2) ]

the desired conclusion follows from (2.1).
O

Finally, we can also easily check that there exists ¢ < oo such that for any f1, f2, ¢1, 92 €
By(E)

|Covy u(f1, f2) — Covy u(d1, @2)| < c (I fall [[f2 — d2ll + (P2l 1f1 — ¢1ll) - (2.3)

3 Feynman-Kac semigroups

3.1 Contraction estimates

We denote by (®,, ,)o<p<n the semigroup of non-linear operators acting on probabil-
ity measures defined by
Dy i=Ppo- 0@y,

so that
M (f) = @pn(p) (f) = 1pQpin () /1pQpn (1) = Yo, (1) (11p) Ppn (f)- (3.1)
We have
Suuf [Pp,n (1) = Ppn(V) 6w = B(Pp,n), (3.2)

see for example [5, chapter 4]. We also define

gpn = sup [Qpn(1)(2)/Qpn(1)(y)] and dpn(f) = Q@ (f = 1(f))-

z,yeE

We observe that Q,, ,,,;(1) = Gyn/nn(Gr) = G, and

dp’n(én) = @p,n(@n,n+l(1) - 1) = @p,n+1(1) - Qp n(l) (33)

)
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We will use the fact that the semigroup @), ,, satisfies a decomposition similar to (1.5);
that is for any probability measure o on E

1Qpn(1) = [ @pa(m)(Gy). (3.4)

p<g<n

Combining (1.21) and (3.4), we can also write

log @, ,(1)(x) = D [log®y(6:)(Gy) —log By q(np)(Gy)]. (3.5)

p<qg<n

Lemma 3.1. For any 0 < p < n and any f € Osc(FE), we have
Gpn <b:=exp(alg—1)/(1— e_)‘)) and ||dy.(f)| < abe 7P, (3.6)
Additionally, for any p,v € P(E), we have
1@y, (1) = By () ew < ab e ) |l — vy (3.7)

Proof. Using the decomposition (3.4), we have

Qprn(D(x) _ 02Qpn(1)

= = exp log @, 4(62)(Gq) —log @, 4(0,)(G . (3.8)
me(l)(y) 6yQp,n(1) p;n( pq( )( q) pq( y)( q))
Using the inequality |logu — logv| < m‘iZZJLJ)' valid for any uw,v > 0, we deduce the
inequality
Qpn(1)(2) ~ =~ =~
——— < < exp Gq X |Ppq(02)(Gq) — Dp q(0,)(G ,
me(l)(y) Z q p.q )( q) p,q y)( q)

p<g<n

with G, := G,/o0sc(G,) (and the convention that G, := 1 if G, is constant) and g, :=
osc(Gy)/infGg < gg—1<g—1.
Using (1.25) and (3.2), we deduce that

Gpn < expa(g—1) Z e~ MaP) < p,
p<g<n

This ends the proof of the 1.h.s. of (3.6). The proof of the r.h.s. of (3.6) comes from the
following expression for dj, ,,(f)

dp,n(f) = @p,n(l) X Pp,n [f - ‘I]Qp,n(l)(np)Pp,n(f)]

which implies, using the fact that ||Q,,,,(1)[| < gp,n, that

I dp,n (£l < Gpin B(Pp,n) 05c(f) < ab e ") osc(f). (3.9)

From [5, Section 4.3], see also Proposition 3.1 in [10], we have

[Pp.n (1) = Ppn(W)llev < gpin B(Bpn) [l = vty

Using (3.6), we conclude that

”(I)p,n(,u) - ‘I)pm(”)”tv < ab e Mn=p) = vl

This ends the proof of the lemma. O
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3.2 Limiting semigroup
We now state a general theorem on the convergence of @p,n(l) as n — +oo.
Theorem 3.2. There exists ¢ < oo such that forall0 < p <n

1@ (1) = @Qp oo (D)]| < ce¥mmr), (3.10)

where the limiting function me(l) is defined through the following series

log @) 0 (1)(2) := D [10g Dp,q(82) (Gg) — 108 Dp,q (1) (G)] (3.11)

q=p

Proof of Theorem 3.2. We first check that the function @pm(l) is well defined, using
the fact that, as in the proof of Lemma 3.1,

|10g q)P,Q((Sx)(Gq) - log (I)p.,q(np)(Gq” < a(g — 1)e_>‘(q—P).
One then obtains

|1Og @p,n(l)(‘x) - log @p,oo(l)('r)| S Z |10g (I)qu((sl')(Gq) - IOg (bp»q(nl))(G(J” ?

q>n

whence

’10g @p,n(l)(x) —log @p’w(l)(x‘)’ < Z alg—1) e Ma7P) < ¢ e AP
q=>n

Using the inequality |e* — e¥| < |u — v| max (e*,e”), we finally check that
||Qp,n(1) - @p,oo(]‘)H <c HlOg @p,n(]‘) - log @p,oo(]‘)

as [|@, (1| < gp,n < g- This ends the proof of (3.10). O

’

3.3 The time-homogeneous case

Here we consider the special case of time-homogeneous models, where there exist
G,M,K such that G, = G foralln > 0, M, = M and K,, = K for alln > 1. Our
assumptions imply the existence of a unique fixed point 7,, = ®(1) towards which 7,
converges exponentially fast

2™ (M0) — Nooltv < ab e™ ™ for any n > 0. (3.12)

This result and a more thorough discussion on invariant measures of Feynman-Kac
semigroups and their connexions with particle absorption models, Yaglom limits and
quasi-invariant measures can be found in [7, 8, 9], chapter 4 in [5], as well as chapters
12 and 13 in [6].

In this situation, Theorem 3.2 leads to a precise description of the asymptotic be-
havior of the variance term v,, appearing in Theorem 1.1. Define indeed the function A
by

log h(z) := ) _ [log ®"(8,)(Gn) — log ®" (na0) (Gn)]
n>0
In the stationary version of the model where 7y := 7., h corresponds to the limiting
function @O,oo(]') whose existence is asserted by Theorem 3.2. In this situation, it turns

out that, by stationarity, ,, (1) = h foralln > 1.
Proposition 3.3. There exists ¢ < oo such that for any p > 0

Q)00 (1) = Rf| < ce™ . (3.13)
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Corollary 3.4. The variance term v,, appearing in Theorem 1.1 satisfies

n_ 1 o
e 3T €OV (@g0(1):@y (1) = Covy (,R) +O(1/n), (3.14)

0<g<n

where we use the notation Cov,, to denote the common value of Cov, , for g > 1.
An alternative spectral characterization of h is given in the following corollary. In
the homogeneous case, (), ,+1 does not depend on p, so we use the simpler notation Q.

Corollary 3.5. In the homogeneous case, (1.Q(1),h) is characterized as the unique
pair (¢, f) such that Q(f) = (f and 1o (f) = 1.

Proof of Proposition 3.3. Using the exponential convergence to 7, stated in (3.12), and
the Lipschitz property (3.7), we have

Z [log @,q(1p)(Gq) —log @y 4(1156)(Gg)] < ¢ Z e MamPte) < (f A,

q=p q=p
We conclude as in the proof of Theorem 3.2. O

Proof of Corollary 3.4. Using the Lipschitz property (2.2), and the fact that [|@, ,,(1)] <
g for all ¢ < n, we see that replacing each n,_; in the Lh.s. of (3.14) by 1. leads to
a O(1/n) error term. Then, using Theorem 3.2 and (2.3), we see that we can replace
each Q, (1) term by @, (1) in the Lh.s. of (3.14), and commit no more than a O(1/n)
overall error. Finally, (3.13) allows us to replace each @q,m (1) by h, again with an overall
O(1/n) error term. O

Proof of Corollary 3.5. We consider the stationary version of the model where we start
with 79 = M.
We first check that one indeed has 7. (h) = 1 and Q(h) = 1. (Q(1))h. By Theorem
3.2, we have
lim ||Qy.,(1) —h| =0. (3.15)

n——+o0o

Since by construction, 7..Q, (1) = 1, (3.15) yields 7o, (h) = 1. Then, due to stationarity,

one has Q,,, = Q" © where Q(f) := Q(f)/nQ(1), so that one can also deduce from
(3.15) that Q(h) = h, which yields Q(h) = 70 (Q(1))h.

Now consider a pair (¢, f) such that Q(f) = ¢f and 7.(f) = 1, and let us show that
¢ =Neo®(1) and f = h.

By stationarity, one has

Qon(f) =Q"(f)/McQ™ (1),

and we deduce from (3.4) and the stationarity of 7., that

Moo Q" (1) = (N @(1))" -

Using the fact that ®(1,,) = 7.0, we have the identity

NooQ(f) /M50 (Q(1)) = 1o (f)-

Since Q(f) = ¢f and 1 (f) = 1, it immediately follows that { = 7., (Q(1)).
Consequently, the equality Q(f) = 17(Q(1))f implies that, for all n > 1, one has on
the one hand

@O,n(f) = f7
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whereas on the other hand, we have for any bounded functions f1, f

Qo (f1 = f2)(@) = Po.n(02)(f1 — f2) X Qp,, (1) ().

Letting n — oo, (3.12) and Theorem 3.2 yields
nlgn;o@o,n(fl — f2) = o (f1 — f2) X h.
Using f1 := f and f5 := h, we deduce that f = h. O

3.4 The random environment case

3.4.1 Description of the model

We consider a stationary and ergodic process Y = (Y;,),ez taking values in a measur-
able state space (5,S). The process Y provides a random environment governing the
successive transitions between step n — 1 and step n in our model. In the sequel, we
define and study the model for a given realization y € S?% of the environment. It is only
in Corollary 3.7 that we exploit the ergodicity of Y to establish the almost sure limiting
behavior of the variance v,,.

Specifically, we consider a family (M;)scs of Markov kernels on E and a family
(Gs)ses of positive bounded functions on E. For n € Z and y € S%, we set MY := M,
and GY, := G,,,. We then denote with a y superscript all the objects associated with the
Feynman-Kac model using the sequence of kernels (MY),>; and functions (G%),>o0, i.e.
the measures v} and 7}, the operators ®7 ,, G7 ., Covgm, etc. To define the particle ap-
proximation scheme, we also consider a family of Markov kernels (K (s s/) .)s,s'eS, neP(E)
such that, for all s, s’, u, one has

Vg, () My = Pk (s,50), -

We then use K}, := Ky, _, 4, foralln > 1.
We define the shift operator on S by setting 0(y) := (Yn11)nez for any y = (Yn)nez €
SZ. With our definitions, one has forall0 < p <n
6P (1 67 (14
g’n — Q (v) (I)g,n =& (v)

0,n—p’ 0,n—p?

and, in particular,
oy, =dp Y ody . (3.16)
Our assumptions on the model are that £ has a Polish space structure, and that
the bounds listed in (1.24), (1.25) and (1.26) hold for MY, GY¥ and K}{M uniformly over
y € 52,

3.4.2 Contraction properties

Rewriting (1.25), (3.2) and (3.7) in the present context, we have for any y € SZ

B(PY,) =sup @, (1) — F,(V)]lew <ae " (3.17)
v
and
1Y (1) — @F (V) ]lew < ab e [l — vllsy, (3.18)

with the constant b defined in (3.6). Using (3.16), we have

6—(n+m) (y
0,n+m

6=t (y)
0,m ’

) _ (bg;:(y) )
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so that, using (3.17), one obtains

—n g~ (ntm) _
sup ||(I)0 n @ (M) - <I)O,n-‘rm 2 (V)HtV Sae A,

v

Arguing as in [15, 24], we conclude that, for any f € By(F) and any p € P(E),

<I>O n (y)( )(f) is a Cauchy sequence so that <I> (y)(

nY,, as n — oo. In addition, for any n > 0, we have

u) weakly converges to a measure

®f, (1%) = n% @ (3.19)
and exponential convergence to equilibrium

sup ||‘1>g;(y) (1) — 0% llew < ae™ ™ (3.20)
w

We now restate the conclusion of Theorem 3.2 in the present context : there exists
c < oosuchthatforall0 <p<n

Y Y —A(n—
HQp,n(l) - Qp,oo(l)H <ce MR, (3.21)
where the limiting function @im(l) is defined through the series
log QY (1)(z) := Z [log @Y (0 )(GY) —log @} . (nY )(GY)] (3.22)
p,o0 p,g\"T p,g\'p q : .
q=>p
We now define the map hY by
log h¥(x) := > [log ®§ ,(5,)(GY) —log & (%) (GY)] .
q=>0
Proposition 3.6. There exists ¢ < oo such that for any y € S and any p > 0
1@p00 (1) = W] < ce™. (3.23)
Proof of Proposition 3.6. Setting ¢ := q¢ — p in (3.22), we find that
log @l oo (1)(x) = 3 [l0g @0/ 7(6.) (@ @) ~ log @ P () (G )]
q=>0
for any p > 0, while
P 214 P or P P
log b (2) = 3 |log @, (8:)(G'*)) — log @y (n% (G )]
q2>0

Using (3.20), we obtain
7Y = 0% @ e < ae .

Combining this bound with (3.18), we deduce that
! q( () (G @) — (’/)( PG W) < e AHD),
We can now conclude as in the proof of Theorem 3.2. O

Introduce the map C defined on S% by

p—1
C(y) = Cov’ nj_yfm (h¥,h¥).

We add to (1.24)-(1.25)-(1.26) the assumption that C is measurable with respect to the
product o—algebra on SZ.

Arguing as in the proof of (3.14), then applying Birkhoff’s ergodic theorem (on
canonical space), we deduce the following asymptotic behavior for the variance v,,.
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Corollary 3.7. We have

Un 1 Y
g = E COVp »,, (Qp,n(l) p,n Z C ep + O(l/n)

0<p<n 1<p<n

so the ergodic theorem yields

n—oo N

lim 2 = F (Cov R 1(Y)(hy hy)) a.s.
1,n

sTloo

4 Fluctuation analysis

4.1 Moment bounds

In addition to the local error fields VnN defined in (1.15), we consider the global error
fields W,V defined by

1
WY =VN (n) —m,) < n5=nn+ﬁWé\’- (4.1)

We now recall some key moment estimates on VnN and W, see [5, chapter 4] or [6,

chapter 9]. Under our assumptions, one has for any n > 0, N > 1, f € Osc(E) and
m>1

VNI, < clm), 4.2)
and
< ¢(m). (4.3)

||’H’L -

W)

4.2 Expansion of the particle estimate of log-normalizing constants

Starting from the product-form expression (1.14), we apply a second-order expan-
sion to the logarithm of each factor. Using (4.3), we have that foranyn >0and N > 1

1 — .\ 2 1 n
log 7Y (1) = Z WY@ -5 S (WNG,) +\/7N(N) C(n,N), (4.4)

0<p<n 0<p<n

where the remainder term satisfies ||C(n, N)||m < ¢(m) for all m > 1.

4.3 Second order perturbation formulae

We derive an expansion of W, (f) in terms of the local error terms V¥ introduced
in (1.15), up to an error term of order 1/N. The key result we prove is the following.

Theorem 4.1. For alln > 0, N > 1 and any function f € Osc(FE),

WX () = WY () +  RY () @5)

D VN [dg p(Gy)]

q=0

p=0 0<p<n
where the remainder measure RY is such that ||RY (f)||m < c¢(m) for all m > 1.

To prove Theorem 4.1, we start with the following exact decomposition of WV (f)
into a first term of order 1 involving the VpN for p = 0,...,n plus a remainder term of

order 1/v/N.
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Theorem 4.2 ([6, chapter 14, p. 432]). For alln > 0, N > 1 and any function f €
Osc(FE), we have the decomposition

n 1
W) =) VN [dpn(f)] +—= SV (), (4.6)
2. e+ 7

with the second order remainder

Y= S

o2 Y (Gy) WY (@) WY [dpn(F)]-

p

Under our assumptions, the remainder term satisfies for all m > 1
1S (Pl < e(m). 4.7)
Decomposing 1/7)Y(G,) into a term of order 1 plus a term of order 1/ VN as follows

1 1 1
1 _—

=1 —— wN(G,), (4.8)
e ) N e O

we refine Theorem 4.2 into the following decomposition, which now has an error term
of order 1/N.

Corollary 4.3. For alln > 0, N > 1 and any function f € Osc(FE), the following decom-
position holds

. 1 — 1
WX (f) = 2_% V' (P = ; WY (Gp) Wl ldpn(H] + 5 RA(), (4.9)

where the remainder term is such that ||RY (f)||, < c¢(m) for all m > 1.

Proof. Using (4.8), we obtain (4.9) with the remainder term

R = 3 gy W @ WY ()
0<p<n ''P p

and, for any m > 1, we have
N m ?% N/~ \|4m %ﬁ N 2m %ﬁ
E(RYNM) <9 > B(WNXG@™) B(WY donH)]™) ™"
0<p<n
Combining (4.3) and (3.6), we obtain
E(RY(N[")" <elm) > eXmn),
0<p<n
for some finite constant ¢(m) < co. This ends the proof of the corollary. O

We are now ready to derive Theorem 4.1, by replacing the WIfV terms appearing in
the previous corollary by their expansions in terms of the VpN provided by Theorem 4.2.
Here is the proof of Theorem 4.1.

Proof. Using (4.9), we have
1
whN = pWv.1) PN,2) — RN ,
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with

VIND(f) = Z VN [dyn(f)],

V()= = S WN@Gy) W [dyn( /)]
0<p<n
This implies that
NGy N 70 (1) 1 e )
OS,Z@ W, (Gp) Wy ldpn (1)) = T + mz () + 5 I + 3z TV (),
with
() = > VIVIG,) VIV (dpn (),
0<p<n
IO = D V@) VD Ay ) + VYD (@) VD (dpin ()]
0<p<n
@) _ N(A (N.1) Lo
70)(f) Z{R @) [vp (1) + = VS (dp,n(f))]
_ 1 _
RYpal) [ VG + 2 YOG

Ir(Lg)(f) = Z szov(ép) Rgl)v(dp’n(f))-

0<p<n

Arguing as in the previous proof, we see that sup; ;<3 I (

yields the conclusion. O

4.4 Fluctuations of local random fields

As mentioned in Section 1.3, when N goes to infinity, the fields (V,),,>o converge

in distribution to a sequence of independent centered Gaussian random fields (V},),>0
whose covariances are characterized by

CVn (fv (ZS) = E(Vn(f)Vn(QS» = COVTI,77]71,—1 (fv ¢)a

for any f, ¢ € By(E).
We recall that for any n > 1, ¢ > 1 and any g—tensor product function

[ = ®1<i<qfi € Osc(E)®4

the ¢-moments of a centered Gaussian random field V are given by the Isserlis-Wick

formula [16, 26]
V®q Z H E f124 1 (fizl))a (4.10)

iem(q) 1<4<q/2
where 7(q) denotes the set of pairings of {1,..., ¢}, i.e. the set of partitions ¢ of {1,...,¢}
into pairs 41 = {i1,i2},...,%4/2 = {iq—1,1¢}. Note that when ¢ is odd, E (V®I(f)) = 0.
In the following proposition, we give quantitative bounds on the convergence speed
of product-form functionals of the fields (V,V),,>o.

Proposition 4.4. For any p > 1, there exists c(p) < oo such that for any f = (f;)1<i<p €
Osc(E)?, any integers a = (a;)i<i<p, » > 0 and any N > 1

BV (f1) -+ V(1) = B(Vay (f1) -+ Va, ()] <

DS
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To prove the proposition, we use the following lemma.

Lemma 4.5. Consider a sequence of N independent random variables (Z;)1<i<y with
distributions (11;), ;< on E, and define the empirical random fields V" for f € Osc(E)

by
N
V() = N2 (1(Z5) = ().

Let VN denote a centered Gaussian random field with covariance function defined for
any f,¢ € Osc(F) by

N
Con(£:0) = B (VXN 0) = 1 3 covi (/.0),

where
covy, (f,¢) = pi ([f — ()] @ — pi(9)]) -

For any 1 < q < N, there exists ¢(q) < oo such that for any q—tensor product function
f=®<i<qfi € OSC(E)(X"I7

the following inequality holds
‘E (v () -E ([VN] - (f)) ’ < c(q) N7, (4.11)

where p(q) := 1 for even ¢, and p(q) := 1/2 for odd q.

Proof. We write

V() = = 30 502 with 0 = i)

1<j<N

Expanding the product, we get
® j ;
NEE(VINN) = > BUY (2 S50(2,).

Each term in the above r.h.s. such that an index j; appears exactly once in the list
(j1,---,Jq) must be zero, so the only terms that may contribute to the sum are those for
which every index appears at least twice. When ¢ is odd, the number of such combi-
nations of indices is bounded above by c(¢q)N(?~1)/2, for some finite constant c(q) < oo
depending only on ¢. Since each expectation is bounded in absolute value by 1, we can
conclude.
Now assume that ¢ is even. Consider a pairing ¢ of {1,..., ¢} given by 41 = {i1,i2},...,44/0 =

{iq-1,%4}, and a combination of indices j,..., j, such that j, = j, whenever a, b belong
to the same pair, while j, # j, otherwise. Denoting by k%, the value of j, when a € 2,
and using independence, we see that the contribution of this combination to the sum is

E( 1(J1)(Z71) e fq(JQ)(ZM)) = COVHM (fiufiz) U COVHkq/2 (fiq—17 flq)

Every combination of indices in which every index appears exactly twice is of the form
just described. Then, the number of combinations in which every index appears at least
twice, but which are not of the previous form, is O(N%/2~1). Consequently, we have

N2 E(VN)®(f))

= Z Z COVHkl(fiwfh)”'Covukq/Q(fiqflzfiq)—|—O(N(1/2—1)’

i€n(q) ke(g/2,N)
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where (p, N) stands for the set of all (N), = N!/(N — p)! one-to-one mappings from

[p] := {1,...,p} into [N]. Moreover, for any function ¢ € R™™ such that lp| < 1, we
have

A X eh- g X e < TR

P ke(p,N) ke[N](?]

A detailed proof of the above inequality is provided in Proposition 8.6.1 in [5] (cf. for
instance the derivation of formula (8.14) p. 269). Now note that

Ei€7r(q) ﬁ Zke[N][q/zl CoOVy,, (firs fin) - COVMW (fiq,l,fiq)

= Zzew H1<€<q/2 N Zl<]<N CoVy, (-flze 1afz2z)

= Sien Mhisezya o U fud =B (7))

where the last identity uses Wick’s formula (4.10).
This yields

N2 E(VN)®(f)) = (N), ), E ((VN)®q (f)) +o (N2
We end the proof of (4.11) using the fact that 0 < (1 — (N),/N?) < (p — 1)?/N for any
p<N. O

Lemma 4.6. Let ¢ > 0 be an even number and m > 1 an integer. There exists ¢(q,m) <
oo such that for any functions (f;)i1<i<q € Osc(E)?, anyn > 0 and any N > 1, we have

IT Coviuy (favfo) = [ CoVmm (a1, foo)|| < elgm)/VN. (4.12)

1<¢<gq/2 1<¢<q/2 m

Proof. Arguing as in the proof of Proposition 2.1, combining (4.2) and (1.26), we obtain
that for any f1, fo € Osc(E)

VN HCOV fhfz) COVn,nnfl(fhfz)Hm <c (m). (4.13)
We end the proof of (4.12) using the bound
H u; — H vy < sup(|ug, [vi]; 1< i <m)™ ! Z lu; — vy,
1<i<m 1<i<m 1<i<m
valid for any v = (u;)1<i<m € R™ and v = (v;)1<i<m € R™. O
We now come to the proof of Proposition 4.4.

Proof of Proposition 4.4. Assume that the a; are ordered so thata; < ... <ayp < ap41 =
- = Qg4q, Where £ + g = p. Set

AN .— Vaf(fl) - Vajj(fz) and BY :=VN(frr1) - VN (frrq)

where a := a,. Given F.¥ ;, we let V be a sequence of Gaussian random fields with
covariance function defined for any f, ¢ € Osc(F) by

Cvi\’ (f7 (b) = COVG»"?i\Ll (f’ ¢)
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and we set

BY = V2 (fes1) -V (forq) and Bi=Vi(fer1) -~ Va(ferq)

Now E(ANBYN) = E(AYN x E(BY|FY,)), and, by Lemma 4.5 applied to conditionally
independent samples, one has the deterministic bound

EBNFEY) B (B |FXL )| < o)/ V.

Moreover, combining (4.12) with Wick’s formula (4.10), we obtain

E( ) Z H Cov(“7 f(“% 1) f(e+2r))

i€m(q) 1<r<q/2

hence it follows that

VF B (B 17, ) @), < ctm).

m

Using the decomposition
B(ANBY) — B(ANE(B)) = E (AN [E(BV|FX,) - B(B)]),
we conclude that
[E(AVBY) — E(AN) E(B)| < ¢(q)/VN.

One then concludes by iterating the argument. O

4.5 Expansion of the particle estimates continued

By inserting the expansions obtained in Section 4.3 in the development obtained in
(4.4), we obtain, after some rearrangement, the following proposition.

Proposition 4.7. For anyn > 0, N > 1, we have the second order decomposition

= X WG -gy ¥ WG

0<g<n 0<g<n

77 2 Vi @

O<q<n (4.14)

o 2 @ () = Qi) WY @i (1) 4 @y (1))

0<k<p<n
1

~§UN e o () Caln. ),

where U and Y," are centered random variables given by

UV = Y VN (drg(Go)) VN (dip(Gy)) (4.15)
0<k#I<q<p<n
YnN = Z VkN [dk’q(é )} [dl,q(é )}
0<k<i<g<n

and the remainder term satisfies ||Cy(n, N)||m < ¢(m) for allm > 1.
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Proof. By Theorem 4.1, we may replace WqN by the random fields W,f\' given in (4.5)
in the linear terms of the expression we want to expand, i.e. the l.h.s. of (4.14), while
committing at most an error of the form

- (&) ot ),

where for all m > 1

‘|C3(n’N)||m < C(m)

On the other hand, using the cruder expansion provided by Theorem 4.2, we may
replace W by just 3°7_( V¥ [d, ,(G,)] in the quadratic terms appearing in the Lh.s. of
(4.14), and commit an overall error of the form

\/% (%) Ca(n, N),

where forallm > 1

1Ca(n, N)||m < ().

By the definition of W2 given in (4.5), we have

p=0
1 P _ _
- D> VY [k (Gy) ka [dy.q(Gy)

N 0<p<q Lk=0
so that
1 N =
7N Wq (Gq)
0<g<n

= %

By (3.3), we recall that

Z dp;'](éq) = Z [Qp,q-‘rl(l) - @p,q(l)] = @p,n(l) -1

p<g<n p<g<n

so on the one hand we have

Z VPN Z dpvq(éq) = Z ‘/pN @p,n(l)]v

0<p<n p<g<n 0<p<n
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whereas, on the other hand, we have

ka dk,p G )}

k=0

= Z VkN [dk,p(ép)] Vk-N [dk,q(éq)] + Uvjzv

0<k<p<q<n

§:0<p<q<n

= ZVkN

0<k<g<n

> dip(Gy)

k<p<q

Z vy [@k,q(lﬂ vy [diq(Go)] + uy.

0<k<g<n

This implies that

T 2 Wi (@

0<q<n
N
f 0§<nv [@p,n(1)]
— 1
Z VPN @p,q(l)] VpN [dp,q(Gq)] - N Uvjzv-

0<g<n 0<p<q

It remains to analyze the quadratic part, which we write as

Z (Z V;N[dp:q(é ) Z Z VN dp.4(Gy) ] + YN,

0<g<n \0<p<q 0<g<n 0<p<q

Now notice that

- ZOSP<Q VPN [dp,q(éq)] VpN [% [@p,tﬁl(l) o Qp’q(l)] * Qp’q(l)}
= —%VqN @(m.;.l(l) - @qﬂ(l)]

_%20§p<q rp,q+1 p,q ] V rp,q+1 +Qp,q( )]
Recalling that Q, ,(1) = 1, we conclude that

= W @O (@] 5 X VY @)

0<p<gq 0<p<gq
= _% Eogkgq vy [@k,q+1(1) - @k,q(l)] vy [@k,q“(l) +@k,q(1)] .
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O

The next step is to show that both centered terms U2 and Y,V yield negligible con-
tributions in (4.14).

Proposition 4.8. There exists ¢ < oo such that foranyn >0, N > 1

E(UN)?) <c (n + \7%) .

Proof. From (4.15), we obtain

E((UTJLV)Q) = ZE (VkN (dk,q(éq)) VlN (dl,p(ép)) ka)’ (dk’yq’ (éq’)) VZ{V (dl’,p’ (ap/)))

with
0<k#I<qg<p<n O<K'#l'<q <p'<n
First consider replacing each Vk.N by the corresponding Vj, in the above expectations.

By Proposition 4.4 together with the exponential estimates (3.6), the overall error due
to this replacement is bounded by

2

C n
— > exp(-MNg—k+p—Il+¢d -k +p -1') <d—.
\/NE xp(—Alg p q p ))—C\/N

Now consider the corresponding sum associated with the Gaussian fields Vj, which is
given by

DB (Ve (41g(Ga)) Vi (d1p(G) Ve (A, (Go)) Vir (dyr pr (Gir))) -

We only have a non-zero term when either k = k' and !/ =1 or k =1’ and k¥’ = I.
Restricting summation to this subset of indices, we claim that

S exp(-Alg—k+p—l+q —K+y 1)< xn. (4.16)

To see this, consider first the subset of indices suchthat0 < k<l <n, k¥ =kandl' =1
and write (¢ —k+p—I1+q¢ -k +p -U)=20-k)+(q—1l+p—1+q —1+p —1). The
corresponding sum is thus bounded above by

S oexp(-2M(1-k)x > exp(-Mg—l+p—Il+q —l+p —1). (4.17)

0<k<i<n p.p’,q,q' 21

Clearly, the r.h.s. of the product in (4.17) is bounded above by a constant since A > 0,
and, for the same reason, the expression Z;;OEH exp(—2A(l — k)) is bounded above by
a constant which does not depend on k. Since (4.17) is a sum over at most n values of
k, we deduce that the sum in (4.17) is bounded above by a constant times n. The other
three subsets of indices contributing to (4.16) (namely {0 < [ < k < n, k' = k,lI' = 1};
{0<k<i<nk =1I'=k}; {0<l<k<n,k =1,I'=Ek}) can be dealt with in exactly
the same way, leading to the bound in (4.16).

O
Using a similar argument, we obtain the following result.
Proposition 4.9. There exists ¢ < oco such that foranyn >0, N > 1
N2 n?
E(Y, <c |(n+ > .
() <e (n o
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Now we consider the remaining term in (4.14), i.e.
HY = > (V¥ (@ () = Quy(D] VY [@rpia (1) + Qi (1] ) 4
0<k<p<n
and show that it can be replaced by its expectation up to a negligible random term.

Proposition 4.10. There exists ¢ < oo such that for anyn > 0, N > 1 the following
variance bound holds
V(HY) <cn.

Proof. If we set
Jop = Qk,p-&-l(l) - @k,p(l) and Kyp = @k,p-i-l(l) +@k,p(1)7

then we find that
EEHY)= Y BV k) ViV Kl ),

0<k<p<n
whence
(E (H,Y))
= > Yo EWY Vol Vi [Kipl ) E (VY [ew] Vi (K] ),
0<k<p<n 0<k/<p'<n
while

E((HY)?)

= Y Y BNl VK VY e w] VY K] ) -
0<k<p<n 0<k’'<p’'<n

Observe that the terms in the above two sums coincide whenever k # k’. Therefore,
it remains to bound the contribution of the terms such that ¥ = &’ in both sums. In both
expressions, the corresponding sum is bounded above in absolute value by

’
2 : J e—A(p —k+p—k) < ' n.
0<k<p,p’<n

This ends the proof of the proposition.

O
Proposition 4.11. There exists ¢ < co such that foranyn >0, N > 1
EHY)=v, +€Y with [€Y] <en/VN.
Proof. Recalling that @, ,(1) =1 =3, _, (@, 1 — @, ), We prove that
Vo(Qpn(1))?
_ _ 2
= <Zp§k}<n Vo (Qpit1 — Qp,k’))
— — 12
= Zp§k<n Vp (QP:]C+1 - QPJC)
+2 Zp§l<n Vp (Zp§k<l [@p,kJrl - Qp,kD Vo (ap,lJrl - @p’l)
— = 12
= Zp§l<n Vp (Qp,l+1 - Qm)
+2 Zp§l<n Vb (@pl) Vb (@p,l-s-l - @pl> :
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This yields the formula

Vu(Q, = Vo (@pirr = Qpi) Vo (@it + Q) -

p<i<n

Replacing each VkN by V;, in the expectation of HY, we obtain

ZO§p§l<nE (Vp @p,H—l(l) ] Vp rp 1+1(1) + sz( )])
= 2 0<pen E (Vp(Qpn(1))?) = vy

To control the error introduced by the replacement, we use Proposition 4.4, (3.3)
and (3.6). It follows that the overall error can be bounded above by

7)\p k)

n
c Z <d —.
0<k<p<n \/7 \/N
This ends the proof of the proposition. O

4.6 Central limit theorem

This section establishes the proof of Theorem 1.1.

Proof. Using the decomposition (4.4) and Propositions 4.8 to 4.11, we obtain

1
10g7n = Z VN qn ) - ﬁ Un +€£:Ia

O<q<n

with ¢ going to zero in probability as n goes to infinity. Thus, to prove the theorem, it
remalns to show that
N@
e 22 Va @ga(1)

O<q<n

converges in distribution to a standard normal. We do so using the central limit theorem
for martingale difference arrays (see e.g. [14, 22]). The martingale property just comes
from the fact that we have for any ¢ > 0 and any bounded function f,

E (VY (fo)|Fly) = 0as.

We now have to show that

LS B (1Y @) 17)

n 0<g<n

converges to 1 in probability. One easily checks from the definition that

B (VY @ ()] 1Y) = Covyp (@, (1), (1)

We observe that

Z CoVyy,_1 (Qgn(1),Q,.,(1))

0<g<n
and
20<q<n ([VN( qn( ))} | 1) - 1’
< vL Zogq<n Covqu,v,l(@qm(l)vaq,n(l)) - Covqmqﬂ(Qq,n(l)véq,n(l)) .
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Using (4.13), we see that
n 1
Ed¥)<e [— ) —,
@z (3) 7x
so we can conclude using (1.27).
The last point to be checked is the asymptotic negligibility condition, that is, for all

€ > 0, we have to prove that

1 — 2 — 2
= 3 B[ @) 0 [V @ ()] 2 € 0a) 1FY)
n 0<g<n
goes to zero in probability. By Schwarz’s inequality and (4.2), the expectation of this

expression is bounded above by

This ends the proof of the theorem. O
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