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A BACKWARD PARTICLE INTERPRETATION
OF FEYNMAN-KAC FORMULAE

PIERRE DEL MORAL', ARNAUD DOUCET?*? AND SUMEETPAL S. SINGH*

Abstract. We design a particle interpretation of Feynman-Kac measures on path spaces based on
a backward Markovian representation combined with a traditional mean field particle interpretation
of the flow of their final time marginals. In contrast to traditional genealogical tree based models,
these new particle algorithms can be used to compute normalized additive functionals “on-the-fly”
as well as their limiting occupation measures with a given precision degree that does not depend on
the final time horizon. We provide uniform convergence results w.r.t. the time horizon parameter as
well as functional central limit theorems and exponential concentration estimates, yielding what seems
to be the first results of this type for this class of models. We also illustrate these results in the
context of filtering of hidden Markov models, as well as in computational physics and imaginary time
Schroedinger type partial differential equations, with a special interest in the numerical approximation
of the invariant measure associated to h-processes.
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1. INTRODUCTION

Let (Ey)n>0 be a sequence of measurable spaces equipped with some o-fields (&,)n>0, and we let P(E,) be
the set of all probability measures over the set E,. We let X,, be a Markov chain with Markov transition M,
on E,, and we consider a sequence of (0, 1]-valued potential functions G,, on the set E,. The Feynman-Kac
path measure associated with the pairs (M,,G) is the probability measure @Q,, on the product state space

Keywords and phrases. Feynman-Kac models, mean field particle algorithms, functional central limit theorems, exponential
concentration, non asymptotic estimates.

I Centre INRIA Bordeaux et Sud-Ouest & Institut de Mathématiques de Bordeaux, Université de Bordeaux I, 351 cours
de la Libération, 33405 Talence Cedex, France. Pierre.Del-Moral@inria.fr

2 Department of Statistics & Department of Computer Science, University of British Columbia, 333-6356 Agricultural Road,
Vancouver, BC, V6T 1Z2, Canada. arnaud@stat.ubc.ca

3 The Institute of Statistical Mathematics, 4-6-7 Minami-Azabu, Minato-ku, Tokyo 106-8569, Japan.

4 Department of Engineering, University of Cambridge, Trumpington Street, CB2 1PZ, UK. sss40@cam.ac.uk

Article published by EDP Sciences © EDP Sciences, SMAI 2010


http://dx.doi.org/10.1051/m2an/2010048
http://www.esaim-m2an.org
http://www.edpsciences.org

948 P. DEL MORAL ET AL.

Ejony := [lo<p<n Ep defined by the following formula

dQn = — ¢ ] Gp(Xp) ¢ dP, (1.1)

Z
n 0<p<n

where Z,, is a normalizing constant and P, is the distribution of the paths (X, )o<p<n of the Markov process X,
from the origin p = 0, up to the current time p = n. We also denote by I';, = Z,, Q,, the unnormalized version
of (1.1). In this article we design a particle interpretation of Q,, based on a backward Markovian representation
combined with a traditional mean field particle interpretation of the flow of their final time marginals.

These distributions on path spaces arise in a variety of application areas, including nonlinear filtering,
Bayesian inference, branching processes in biology, particle absorption problems in physics, and many other
instances. We refer the reader to the books [7,16] and references therein. In filtering problems, we are given a
Markov process (X,,Y,) taking values in some product space (E, x E ), with transition probabilities of the
following form

P ((Xn; Yn) S d(xnayn”(anl; Ynfl) = (xnfla ynfl)) = Mn(mnfladxn) gn(mn; yn) )\n(dyn)

with some density functions g, w.r.t. some reference measure A, on E/,. In this model (X, ),>0 is unobserved, or
the hidden Markov process, while only (Y},)n>0 is observed. Given a series of observations Yy = yo, ..., Y, = yn,
and setting G, := gn(.,yn) in (1.1) we find that

Qn = LaW((Xo,.. ,Xn) | Y0 Sp <n, Yp = yp)

Feynman-Kac models also play a central role in the numerical analysis of certain partial differential equations. It
offers a natural way to solve these functional integral models by simulating random paths of stochastic processes.
These Feynman-Kac models were originally presented by Kac in 1949 [21] for continuous time processes. Since
then they have also been used in molecular chemistry and computational physics to calculate the ground state
energy of some Hamiltonian operators associated with some potential function V' describing the energy of a
molecular configuration (see for instance [3,10,17,28], and references therein). To better connect these partial
differential equation models with (1.1), let us assume that M,,(z,_1,dx,) is the Markov probability transition
Xpn = xp ~ Xpy1 = Tpy1 coming from a time discretization X,, = X{n of a continuous time F-valued Markov
process X;. Let the time mesh be (t,)n>0 with time step (¢, — t,—1) = At. For potential functions of the form
G, = e_VAt, the measures Q, ~a;—o Q¢, represents the time discretization of the following distribution:

1 t )
dQ; = Z, P (—/O V(X)) ds) dp;* (1.2)

where PX’ stands for the distribution of the random paths (X!)o<.<; with a given infinitesimal generator L.
The errors introduced by the discretization of time discussed above are well understood for regular models, we
refer the interested reader to [12,14,24,25] in the context of nonlinear filtering. The marginal distributions ~;
at time ¢ of the unnormalized measures Z; dQ, are the solution of the so-called imaginary time Schroedinger
equation, given in weak formulations® on every sufficiently regular function f by

d

T )= w(LV(f)) with LV =L-V. (1.3)

5Consult the last paragraph of this section for a statement of the notation used in this article.
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Another way to see how these imaginary time Schroedinger equations fits into the above abstract setting is
to observe that the semigroup (P} );>¢ of the above evolution equation has the following Feynman-Kac path-
integral representation

W) =P (1) with Y () =B (7D e {- | tV(X;>ds}|Xa ).

The above formulation is called the probabilistic solution to the evolution equation (1.3), and the above func-
tional representation is customarily called the Feynman-Kac formula, in reference with the pioneering works
by these two researchers on this subject in the beginning of the fifties. We let E = R¢, and L be a second order
elliptic differential operator written as

d d
L(f) =5 3 a90,00(F) + 3 b0 (f)
i=1

4,J=1

for C° functions a, b and the matrix (¢’ (x)) is non-negative definite and invertible at each z. In this situation,
the Markov process X with infinitesimal operator L is given by the following It6 stochastic differential equations:

dX] = b(X})dt + o(X])dB, (1.4)

where B; is a d-dimensional Brownian motion and o = (O'i’j )1<i,j<d is chosen so that ool = a. We can also con-
sider diffusion models on a d-dimensional smooth compact manifold E. In this situation, the elliptic differential
operator is again written as above in a given chart, and J,: is the differential operator w.r.t. the ith coordinate
of the underlying chart. In this context, we can also associate to the infinitesimal generator L a Markov process
with continuous trajectories (see for instance the book of Emery [18], and Tkeda and Watanabe [20]).

Continuous time filtering problems are also connected in a natural way to stochastic partial differential
equations. In this situation, the signal X is given by a time homogeneous Markov process of the form (1.4),
and the observation process is an R? -valued process defined by

dY; = H(X{)dt + o dV; (1.5)
where V; is a d’-vector standard Wiener process independent of the signal, and H is some regular function from
R? into RY. We let tn, n > 0, be a given time mesh with to = 0 and ¢,, < t,, 1. Also let X, := X[’tn toii] be

the Markov chain taking values at each time n in the space E, = C([tn,tnt1], RY) of continuous paths from
[tn,tny1] into RY. Given the observation path Y, 0 < s < t,,, we define the “random” potential functions G,,
on E, by setting for any x,, = (27,(5))s,<s<tns1 € En,

Gt =e ([ o ave— 3 [ ) ) ).

n tn

In the above definition (.)* stands for the transposition operator. The Kallianpur-Striebel formula (see for
instance [22]) states that

Qn = Law (X[, ) | Vi) (1.6)
where )y, = o(Ys, s < t,) represents the sigma-field generated by the observation process. It is well known
that the marginal n;, := Law(X{ | );,) of Q, w.r.t. time ¢, is solution of the Kushner-Stratonovich stochastic
partial differential equation defined below for sufficiently regular test functions f on R¢

e, (F) = vo(f) + / " (L) + / " e F) = no(Hma(f)] (Vs — ny(H)ds). (L.7)
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In the above displayed formula vy stands for the initial distribution of the random state X(). To obtain a
computationally feasible solution, a traditional discrete time approximation of the above conditional measures

consists of selecting a sequence of meshes (¢,41 —t,) = A > 0 and an Euler type approximation (Xt/’nA, Y;f) of

the pair diffusion processes (X7, Y:) given in (1.4) and (1.5). If we set in (1.1), X,, = Xt/’nA and for any x, € R¢

Gulen) i= exp (1 () (Y2, = Y2) = 5 (@) (e, )A)

then, we find that
Qn = Law((Xg%, ..., X052 ) | Y&, V2.

L Xe
For further details on these approximation models, we refer the reader to [6]. The robust version of the above
continuous time filtering problem has the same form as (1.2), for some non homogeneous potential functions V;
that depends on the observation process. For further details on this model, we refer the reader to [9].

The mean field particle approximation models associated with the continuous time flow of measures (1.3), (1.6)
and (1.7) are discussed in [6,9,10] (see also [3,17,28]). These interacting stochastic models can be interpreted in
different ways depending on the application domain. In advanced signal processing, these stochastic models are
called particle filters or sequential Monte Carlo methods. In molecular chemistry, these evolutionary type models
are often interpreted as a quantum or diffusion Monte Carlo model. In this context, particles often are referred
as walkers, to distinguish the virtual particle-like objects to physical particles, like electrons of atoms. The
numerical approximation of the full path-space measures Q, and their discrete time versions defined in (1.1), is
clearly much more involved, mainly because it requires the use of stochastic analysis tools for Markov processes
on path spaces. A standard strategy is to keep track of the particle ancestral information in the mean field
particle interpretation of (1.3). The corresponding path-particle approximation model coincides with that of the
traditional genealogical tree based particle approximation model (see for instance [7], and references therein).

In this article, we design an original numerical approximation scheme for the discrete time distributions Q,,
based on the simulation of a sequence of mean field interacting particle systems. In contrast to the more
traditional genealogical tree based approximations (see for instance [7]), the particle model presented in this
article can approximate additive functionals of the form

Fn(I'Oa"'axn) - # Z fp(xp)ﬂ (18)
(n+1)

0<p<n

where || fp|| < 1, with an asymptotic variance which decreases to zero with the time horizon n. Moreover this
computation can be done “on-the-fly”. We now summarize our main results.

Let QY denote the N-particle approximation of Q,. (The precision of the algorithm corresponds to the
size N of the particle system.) Under some appropriate regularity properties, we can calibrate the performance
of the model using the following uniform and non asymptotic Gaussian concentration estimate

l1ogsupIP’ (|[QN - Qu)(F )‘ > L +e) < —€%/(20%)
n n - —
N “nxo " VN

for any € > 0, and for some finite constant b < co. We also prove that the asymptotic variance of vV N[QY —
Qn](F,,) decreases to zero at rate 1/n. In newly obtained results [13], we have established the following non
asymptotic bias and variance bounds

c

where c is some finite constant that does not depend on the time parameter n. Thus, for any large time horizon
n > N, the above r.h.s. mean square error is of order 1/N?2.
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In the context of filtering, QY corresponds to the sequential Monte Carlo approximation of the forward
filtering backward smoothing recursion [19]. Recently, another theoretical study of this problem was undertaken
by [15] — our results complement theirs. We provide new functional central limit theorems, non-asymptotic bias
and variance bounds (see [13]) as well as uniform exponential concentration inequalities. Additionally, we show
how the forward filtering backward smoothing estimates of additive functionals can be computed using a forward
only recursion. This has applications to online parameter estimation for non-linear non-Gaussian state-space
models [13,26].

For time homogeneous models (M,,, f,, Gy) = (M, f,G) with a lower bounded potential function G > 4, and
a M-reversible transition w.r.t. to some probability measure p s.t. M(z,.) ~ p and (M (z,.)/du) € La(u), it
can be established that Q,,(F},) converges to un(f), as n — oo, with the measure py, defined below

1

In the above display, h is a positive eigenmeasure associated with the largest eigenvalue of the integral operator
Q(z,dy) = G(x)M (x,dy) on La(u) (see for instance Sect. 12.4 in [7]). This measure py, is in fact the invari-
ant measure of the h-process defined as the Markov chain with elementary Markov transitions Mp(x,dy) «
M(xz,dy)h(y). As the initiated reader will have certainly noticed, the above convergence result is only valid
under some appropriate mixing conditions on the h-process. The long time behavior of these h-processes and
their connections to various applications areas of probability, analysis, geometry and partial differential equa-
tions, has been the subject of many papers for many years in applied probability. In our framework, using
elementary manipulations, the Gaussian estimate given above can be used to calibrate the convergence of the
particle estimate QY (F,,) towards yup,(f), as the pair of parameters N and n — oo.

The rest of this article is organized as follows:

In Section 2, we describe the mean field particle models used to design the particle approximation mea-
sures Qﬁ[ . In Section 3, we state the main results presented in this article, including a functional central limit
theorem, and non asymptotic mean error bounds. Section 4 is dedicated to a key backward Markov chain rep-
resentation of the measures Q,,. The analysis of our particle approximations is provided in Section 5. Sections 6
and 7 detail the proof of the two main theorems presented in Section 3. In Section 8, we provide some com-
parisons between the backward particle model discussed in this article and the more traditional genealogical
tree based particle model. In the final Section 9, we present a numerical example which is relevant for the
problem of maximum likelihood estimation of the model parameters of a Hidden Markov Model (HMM). The
gradient of the likelihood of the observed data can be computed using an Infinitesimal Perturbation Analysis
(IPA) representation recently proposed in [5], and we compare the numerical implementations of this gradient
using our backward particle model and the genealogical tree based particle model. The former is shown to have
significantly less variance when both methods are implemented with the same number of particles.

Results contained in standard probability texts such as the book of Shiryaev [29], Billingsley [2] or the books of
Stroock [30,31], are assumed and used without reference, as well are results from measure theory and elementary
functional analysis. A few results on local sampling estimates and on the fluctuations of Feynman-Kac particle
models are also needed and references for these are included. The study of any stochastic particle model often
involves the analysis of the stability properties of the semigroup associated with some limiting measure valued
equation. Instead of writing summations or integrals with respect to some density functions, these semigroups
are preferably expressed in terms of integral operators acting on measures or on test functions. This integral
operator framework is notationally lighter and of great practical value. Functional inequalities may be used
and it also enters in a natural way contraction coefficients of semigroup operators, and other related quantities.
For the convenience of the reader, we end this introduction with a summary of the notation used in the present
article, and also present some basic definitions from probability and operator semigroup theory.

We denote respectively by M(E), and B(FE), the set of all finite signed measures on some measurable space
(E,€&), and the Banach space of all bounded and measurable functions f equipped with the uniform norm
I fIl. We let u(f) = [ p(dz) f(x), be the Lebesgue integral of a function f € B(E), with respect to a measure
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€ M(E). We recall that a bounded integral kernel M (z,dy) from a measurable space (E, £) into an auxiliary
measurable space (E’,E’) is an operator f +— M(f) from B(E’) into B(E) such that the functions

x— M(f)(z):= M (z,dy)f(y)

E’

are £-measurable and bounded, for any f € B(E’). In the above displayed formulae, dy stands for an infinitesimal
neighborhood of a point y in E’. The kernel M also generates a dual operator u — pM from M(E) into M(E")
defined by (uM)(f) := w(M(f)). A Markov kernel is a positive and bounded integral operator M with M (1) =1
Given a pair of bounded integral operators (M7, Ms), we let (M;Ms) the composition operator defined by
(M1 Ms)(f) = M1 (Mx(f)). For time homogeneous state spaces, we denote by M™ = M™ 1M = MM™~! the
mth composition of a given bounded integral operator M, with m > 1. In the context of finite state spaces,
these integral operations coincide with the traditional matrix operations on multidimensional state spaces.
Given a positive function G on E, we let U : n € P(E) — ¥g(n) € P(E) be the Bayes-Boltzmann-Gibbs
transformation defined by

Ya(n)(de) = G(x) n(dx).

1
n(G)
2. DESCRIPTION OF THE MODELS

The numerical approximation of the path-space distributions (1.1) requires extensive calculations. The mean
field particle interpretation of these models are based on the fact that the flow of the nth time marginals 7, of
the measures Q,, satisfy a nonlinear evolution equation of the following form

T (dy) = / I (d2) K 1,3, (2, ) (2.1)

for some collection of Markov transitions K41 5, indexed by the time parameter n > 0 and the set of probability
measures P(FE,). The mean field particle interpretation of the nonlinear measure valued model (2.1) is the
EN_valued Markov chain

&= (&nr6ns- - &) € BY
with elementary transitions defined as

N N
i3 . 1
]P)(gnJrl €dx | fn) - H Kn—i—l,nf,\,’ (fn,dl‘ ) with 777];[ = N Z 5,5% (22)
i=1 j=1
In the above displayed formula, dz stands for an infinitesimal neighborhood of the point = = (z!,...,2V) €

EY.,. The initial system &, consists of N independent and identically distributed random variables with common
law 19. We let FY := 5 (&, . .., &) be the natural filtration associated with the N-particle approximation model
defined above. The resulting partlcle model coincides with a genetlc type stochastic algorithm &, ~~ fn ~ €t
with selection transitions &,, ~~ En and mutation transitions En ~ &4 dictated by the potential (or fitness)
functions G, and the Markov transitions M, ;.

During the selection stage &, ~ &, for every index 4, with a probability €,G, (1), we set E;L = ¢!, otherwise
we replace £ with a new individual 5; = &) randomly chosen from the whole population with a probability
proportional to G, (/). The parameter €, > 0 is a tuning parameter that must satisfy the constraint €,G,, (£}) <
1, for every 1 < i < N. For ¢, = 0, the resulting proportional selection transition corresponds to the so-called
simple genetic model. During the mutation stage, the selected particles 5; ~ £ 41 evolve independently
according to the Markov transitions M, 1.

If we interpret the selection transition as a birth and death process, then arises the important notion of the
ancestral line of a current individual. More precisely, when a particle E;’L_l — & evolves to a new location &,
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we can interpret @—1 as the parent of £,. Looking backwards in time and recalling that the particle @1_1 has
selected a site fZL—1 in the configuration at time (n — 1), we can interpret this site 531—1 as the parent of E;_l
and therefore as the ancestor denoted &;,_, ,, at level (n —1) of ¢. Running backwards in time we may trace
the whole ancestral line

T 2.3
More interestingly, the occupation measure of the corresponding N-genealogical tree model converges as N — oo

to the conditional distribution Q,. For any function F), on the path space Ejy,), we have the following
convergence (to be stated precisely later) as N — oo,

1o i |
lim N;Fn@é,mgim'“v&z,n)/ Qn(d(@o, .- 7)) Ful(zo, ... 2n). (2.4)

N—oo

This convergence result can be refined in various directions. Nevertheless, even under very favourable mixing
assumptions, the asymptotic variance o2 (F},) of the above occupation measure around Q,, increases quadratically
with the final time horizon n for additive functions of the form

Fulwoyyan) = 3 fylap) = 02(Fn) = n? (2.5)

0<p<n

comprised of some collection of non negative functions f, on E,. To be more precise, let us examine a time
homogeneous model (E,, fn,Gn, My,) = (E, f,G, M) with constant potential functions G,, = 1 and mutation
transitions M s.t. ngM = 1. For the choice of the tuning parameter ¢ = 0, using the asymptotic variance
formulae in [7], equation (9.13), p. 304, for any function f s.t. no(f) = 0 and 79(f?) = 1 we prove that

2

on(Fa)= Y B[ Y MUPH()(X,)

0<p<n 0<q<n

with the positive part ay = max (a,0) and the convention M° = Id, the identity transition. For M (z,dy) =
no(dy), we find that
2

A(F)= > E|| > f(X,) =(n+1)(n+2)/2. (2.6)

0<p<n 0<q<p

We further assume that the Markov transitions M, (z,—1,dz,) are absolutely continuous with respect to
some measures A, (dz,) on E, and we have

dM, (zp—1, -
(H) V(zp—1,2n) € (En_1 X Ey) H,(tp—1,2Tn) = néfnl)(xn) > 0.
In this situation, we have the backward decomposition formula
Qn(d(zo, ..., xpn)) = Nu(dzy) My (xn, d(xo, ..., Tno1)) (2.7)
with the Markov transitions M,, defined below
n
Mo (T, d(0, ... Tp—1)) := H Mgy, (g, dzg_1). (2.8)

g=1
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In the above display, M, 11, is the collection of Markov transitions defined for any n > 0 and n € P(E,,) by

1

Mn R :c,dy =
) = o )

Gn(y) Hps1(y, z) n(dy). (2.9)

A detailed proof of this formula and its extended version is provided in Section 4. In a nonlinear filtering
context, equations (2.7)—(2.8) correspond to the forward filtering backward smoothing decomposition [19].

Using the representation in (2.7), one natural way to approximate Q,, is to replace the measures 7, with
their N-particle approximations Y. The resulting particle approximation measure, QY , is then

Qg(d(mo, ceyTp)) = ng(dmn) Mév(:nn, d(zo,...,2n-1)) (2.10)

with the random transitions
MY (2, d(x0, . 1) H o (g, dzg1). (2.11)

At this point, it is convenient to recall that for any bounded measurable function f,, on E,, the measures 7,
can be written as follows

'Vn(fn)
’Vn(l)

nn(fn) = with ’Yn(fn) =E fn n H G =Tn fn H 771) (2-12)

0<p<n 0<p<n

The multiplicative formula in the r.h.s. of (2.12) is easily checked using the fact that v,41(1) = 7.(Gn) =
D (Gn) Yn(1). Mimicking the above formulae, we set

TN = (1) x @) with (1) = J[ mV(Gp) and ~Y(dz) =~ (1) x 1) (dz).
0<p<n

Notice that the N-particle approximation measures Q2 can be computed recursively with respect to the time
parameter. For instance, for linear functionals of the form (2.5), we have

Q) (Fn) =y (Fy)

with a sequence of random functions F¥ on E,, that can be computed “on-the-fly” according to the following
recursion
N N
Fn = Z [Mn,'r]ZﬁI s M;D-i-l,??;],\’} (fp) = fn + Mn,ni’fl(anl)
0<p<n
with the initial value F¥ = fo. In contrast to the genealogical tree based particle model (2.4), this new particle
algorithm requires N2 computations instead of N as

(&) Hn (&1, 6) N

anl( "rizfl)'

VI<SG<SN,  FY(&)=fal&h) + —
! & &) 1§Zi§:1v 1gi'gNGn—1(‘fn—1) H, (8 1,6h)

An important application of this recursion is to parameter estimation for non-linear non-Gaussian state-space
models. For instance, it may be used to implement an on-line version of the Expectation-Maximization algorithm
as detailed in [23], Section 3.2. In a different approach to recursive parameter estimation, an on-line particle
algorithm is presented in [26] to compute the score for non-linear non-Gaussian state-space models. In fact,
the algorithm of [26] is actually implementing a special case of the above recursion and may be reinterpreted



A BACKWARD PARTICLE INTERPRETATION OF FEYNMAN-KAC FORMULAE 955

as an “on-the-fly” computation of the forward filtering backward smoothing estimate of an additive functional
derived from Fisher’s identity.

The convergence analysis of the N-particle measures QY towards their limiting value Q,, as N — oo, is
intimately related to the convergence of the flow of particle measures (nzj,v Jo<p<n towards their limiting measures
(Mp)o<p<n. Several estimates can be easily derived more or less directly from the convergence analysis of the
particle occupation measures 7Y developed in [7], including L,-mean error bounds and exponential deviation
estimates. It is clearly out of the scope of the present work to review all these consequences. One of the central
objects in this analysis is the local sampling errors V¥ induced by the mean field particle transitions and defined
by the following stochastic perturbation formula

1
T#LV = niLV—lKn,nf:Ll + \/—N VnN' (213)

The fluctuations and deviations of these centered random measures V, can be estimated using non asymptotic
Kintchine’s type L,-inequalities, as well as Hoeffding’s or Bernstein’s type exponential deviations [7,11]. We
also proved in [9] that these random perturbations behave asymptotically as Gaussian random perturbations.
More precisely, for any fixed time horizon n > 0, the sequence of random fields V¥ converges in law, as the
number of particles IV tends to infinity, to a sequence of independent, Gaussian and centered random fields V;,
such that, for any bounded function f on E,,, we have

E(V(f)?) = / et (A2) Ko (,dy) (F(9) — Ko (F)())°. (2.14)

In Section 5, we provide some key decompositions expressing the deviation of the particle measures (T'Y, Q)
around their limiting values (I',,, Q,,) in terms of these local random fields models. These decompositions can
be used to derive almost directly some exponential and L,-mean error bounds using the stochastic analysis
developed in [7]. We shall use these functional central limit theorems and some of their variations in various
places in the present article.

3. STATEMENT OF SOME RESULTS

In the present article, we have chosen to concentrate on functional central limit theorems, as well as on non
asymptotic bias and variance theorems in terms of the time horizon. Unless otherwise is stated, we further
assume that the potential functions G,, are lower bounded. To describe our results, it is necessary to introduce
the following notation. Let 8(M) denote the Dobrushin coefficient of a Markov transition M from a measurable
space E into another measurable space E’ which defined by the following formula

B(M) :=sup {osc(M(f)); f € Osci(E")}

where Oscy (E') stands the set of £'-measurable functions f with oscillation osc(f) less than or equal to 1, with
osc(f) = sup {[f(z) — f(y)); =,y € E'}. Some stochastic models discussed in the present article are based on
sequences of random Markov transitions M that depend on N random particles. In this case, 3(M™) may fail
to be measurable. For this type of models we shall use outer probability measures to integrate these quantities.
For instance, the mean value E (3(M")) is to be understood as the infimum of the quantities E(B") where
BN > B(MP") are measurable dominating functions. We also recall that +, satisfies the linear recursive equation

Tn = ’Ypr,n with Qp,n = Qp-‘,—lQp-‘,—Q ...Qn, and Qn(xa dy) = Gn—l(x) Mn(xady)

for any 0 < p < n. Using elementary manipulations, we also check that

Fn(Fn) = PYpr,n(Fn)
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with the bounded integral operators D), ,, from E, into Ejg ;) defined below

D, o (Fn)(zp) := /Mp(xp,d(xo, ey Tp=1)) Qo (Tp, d(Tpt1s - -, 2n)) Fu(xos ...\ xn) (3.1)

with
Qp,n(xp; d(Ip—i-h S al‘n)) = H Qq-i—l(xqa dxq-i—l)'
p<q<n
We also let (Gpn, Pp,n) be the pair of potential functions and Markov transitions defined below

Gpn = Qpn(1)/1pQpn(1) and Py n(Fyn) = Dyn(Fy)/Dpn(l). (3.2)
Let the mapping ®,.,, : P(E,) — P(E,), 0 < p < n, be defined as follows

Npr,n

Dy, (ptp) = 10 Con(D)

Our first main result is a functional central limit theorem for the pair of random fields on B(Ej ) defined
below
WhN .= VN (TN -1,) and W2V :=VN QN - Q,] (3.3)
WM is centered in the sense that E (W} (F,)) = 0 for any F, € B(Ejy,)). The proof of this surprising
unbiasedness property can be found in Corollary 5.3, in Section 5.
The first main result of this article is the following multivariate fluctuation theorem.

Theorem 3.1. We suppose that the following regularity condition is met for any n > 1 and for any pair of
states (z,y) € (En—1, En)

(HT) by (y) < Ho(z,y) < hj(y) with (hy/hy) € La(nn) and  h € Ly(An). (3.4)

In this situation, the sequence of random fields WEN | resp. W | converge in law, as N — oo, to the centered
Gaussian fields W, resp. WQ, defined for any F, € B(Eo,n)) by

Wi (Fa) =Y (1) Vp (Dpn(Fn))  and WE(Fa) =YV (Gpn Ppn(Fo — Qu(Fn))) .
p=0 p=0

An interpretation of the corresponding limiting variances in terms of conditional distributions of Q,, w.r.t.
to the time marginal coordinates is provided in Section 8.1.
The second main result of the article is the following non asymptotic theorem.

Theorem 3.2. For anyr > 1, n >0, F, € Osci(Ej,)) we have the non asymptotic estimates

VRE(Q) - QIE) <o 3 B, 55

0<p<n

for some finite constants a, < co whose values only depend on the parameter r, and a pair of constants (bp », cﬁn)
such that
bpn < sup (Qpn(1)(2)/Qpn(L)(y))  and ey, <E(B(F,),)) -
‘:Efy
In the above display, sz?]n stands for the random Markov transitions defined as P, ,, by replacing in (3.1) and (3.2)

the transitions M, by M;,V .
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For linear functionals of the form (2.5), with f, € Osci(E,), the L,.-mean error estimate (3.5) is satisfied
with a constant ¢, in (3.5) that can be chosen so that

pyn
cﬁfn < Z E (5 (Mpm,ﬂv,l "'Mq+1,n§’>> + Z bi,n B(Sp,q) (3.6)

0<q<p p<q<n

with the Markov transitions Sy 4 from E, into Ey defined for any function f € B(Eq) by the following formula
Spyq(f) = Qp,q(f)/prq(l)'

We emphasize that the L,-mean error bounds described in the above theorem enter the stability properties of
the semigroups S, ; and the one associated with the backward Markov transitions M,, ; ,~. In several instances,
the term in the r.h.s. of (3.6) can be uniformly bounded with respect to the time horizon. For instance, in the
toy example we discussed in (2.6), we have the variance formula (see Sect. 8 for more details)

E(W2(F,)?) = (n+1)

and the non asymptotic L,-estimates
1

bpn=1 and Y, <1 — \/NE(HQ;M@,I](F”)\T); <a, (n+1).

In more general situations, these estimates are related to the stability properties of the Feynman-Kac semigroup.
To simplify the presentation, let us suppose that the state space FE,, and the pair of potential-transitions
(Gn, M,,) are time homogeneous (E,,, Gy, Hy,, M,) = (E,G, H, M), and chosen so that the following regularity
condition is satisfied

(M),  V(z,2') G(z) <dG(x') and M"(z,dy) <p M™(2',dy) (3.7)
for some m > 1 and some parameters (6, p) € [1,00)2. Under this rather strong condition, we have

bpn < pd™ and  B(Sp,4) < (1 _ p—25—m)t(q*p)/mj .
See for instance Corollary 4.3.3. in [7] and the more recent article [4]. On the other hand, let us suppose that

inf (H(z,y)/H(z,y")) = a(h) > 0.

z,y,y’

In this case, we have
My, dy) < a(h) ™2 My (2!, dy) = B (M o Mgy ) < (1= a(k)?)" ™"

For linear functional models of the form (2.5) associated with functions f,, € Oscy(E,,), it is now readily checked
that

1

VNE([[@Y - Qu(F)|") " <ap b (n+1) (3.8)

for some finite constant b < co whose values do not depend on the time parameter n. The above non asymptotic
estimate is not sharp for » = 2. To obtain better bounds, we need to refine the analysis of the variance using

first order decompositions to analyze separately the bias of the particle model. In a companion paper [13], we
prove that

sup |E (Q) (Fn)) — Qu(Fy)| < < and E (WRN(F,)?) <c(n+1) (1 o 1)
n>0 N N

where ¢ is once again a finite time-independent constant.
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With some information on the constants a,, the above LL,.-mean error bounds can turned to uniform expo-
nential estimates w.r.t. the time parameter for normalized additive functionals of the following form

_ 1
Fo(zo,... o) = > folap).
n+l 0<p<n

To be more precise, by Lemma 7.3.3 in [7], the collection of constants a, in (3.8) can be chosen so that
azr < (2r)!1277/r1 and a3ty < (2r+ 1)1 277 /0l (3.9)

In this situation, it is easily checked that for any € > 0, and N > 1, we have the following uniform Gaussian
concentration estimates:

1 _
— logsup P (HQ,]:[ — (@n](Fn)| > —+ e) < —€e2/(2b7).
N ">
This result is a direct consequence of the fact that for any non negative random variable U
(wz 1, EU)" <a, b) = logP(U > b+e) < —¢2/(26%).

To check this claim, we develop the exponential to prove that

2 2
bt+@ =1ogP (U >b+¢€) < —sup <et@)~

V>0
<
>0 2

logl& (etU)

We end this section with a brief discussion on the regularity condition (M), introduced in (3.7).

Firstly, we recall the mixing condition stated in the r.h.s. of (3.7) is satisfied for any aperiodic and irreducible
Markov chains on finite state spaces, as well as for bi-Laplace exponential transitions on the real line associated
with a bounded drift function, and for Gaussian transitions with a mean drift function that is constant outside
some compact domain. We also mention that this condition is met with m = 1 for the A-time step Markov
transition M of a continuous time regular diffusion models on some compact manifold. In this context, the
r.h.s. of (3.7) is satisfied with m =1 and p = a exp (b/A), for some a,b < co (see for instance [1]). Of course,
when applied to a particular situation the uniform estimates presented above are not sharp. They only reflect
the worst case error in a rather large class of models.

Moreover these two regularity conditions are sometimes not satisfied in some important applications. In
particular, this is the case for Coulomb interactions in molecular Hamiltonian models as well as indicator type
potential functions in hard obstacle particle absorption models. In these singular settings a more refined analysis
is required. Several strategies can be underlined:

The first classical idea is to use cutoff techniques, such as replacing the original process X,, by its restriction
to a given bounded subset of the state space, or by replacing the original potential GG,, by the cutoff function
(G, Ve), for some parameter € > 0. These cutoff techniques can be thought as another approximation level. For
singular potential models, using stochastic perturbation type arguments the expected performance of our particle
technology applied to cutoff approximation models depends on the stability properties of the corresponding
limiting flow of Feynman-Kac measures.

Another strategy, which is more probabilistic in nature, is to change the reference probability measure P,, so as
to work with a new Markov chain model X,, whose elementary transitions depend on the potential function G,,.
For instance, for indicator type potential functions G,, := 14 associated with some measurable subset A C E,,,
we can choose a reference Markov chain )?n with elementary transitions restricted to the set A, and a new
potential function G, that reflects the probability to stay in the desired set A starting from some given state.
In the context of particle absorption models, this rather well known technique is sometimes used to turn a hard
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obstacle model into a soft obstacle one (see for instance [8]). From the pure mathematical point of view, these
change of probability models have the same form as the one given in (1.1), but their mean field particle model
differs. For more details on this change of measure technique and the corresponding particle approximations,
we refer the reader to Section 3 in the book [7], as well as [8].

When the potential functions G, vanish in some regions of the state space, we also mention that the particle
model is only defined up to the first time 7 = k we have 1) (Gy) = 0. When 7,(1) > 0, we can prove
that the event {7 < n} has an exponentially small probability to occur, and the estimates presented in the
above theorems can be extended to these singular situations by replacing QY (F,,) by the particle estimates
QN(F,) 1.~ >n. The stochastic analysis of these singular models are quite technical, for further details we refer
the reader to Sections 7.2.2 and 7.4 in the book [7].

4. A BACKWARD MARKOV CHAIN FORMULATION

This section is mainly concerned with the proof of the backward decomposition formula (2.7). Before pro-
ceeding, we recall that the measures (7,,7,) satisfy the nonlinear equations

Yn = Yn-1Qn and  Nny1 = Ppp1(mn) = Vo, (M) M1

and their semigroups are given by

Yo = 1pQpn and Nn(fn) = ﬂpr,n(fn)/anp,n(l)

for any function f, € B(F,). In this connection, we also mention that the semigroup of the pair of measures
(I'n, Q) defined in (1.1) for any 0 < p <n and any F, € B(Ejy)), we have

Ln(Fn) =% Dpn(Fn) and  Qn(Fn) = npDpn(Fn)/mpDpn(1). (4.1)

These formulae are a direct consequence of the following observation

npD;D,n(Fn) = /Qp(d($0, v a‘rp)) Qp,n($p7d(xp+lv s 7l‘n))Fn(IOa ER ,xn)-
Lemma 4.1. For any 0 < p < n, we have

VP(dIIJ) Qp,n(xpa d($p+17 oy Tn)) = Yn(dwy) Mn,p(xm d(xp, ey Tpo1)) (4.2)

with
Mo p(@n, d(Tp, o Tn1)) 1= H M1, (2q11, dzg).

p<q<n
In particular, for any time n > 0, the Feynman-Kac path measures Q, defined in (1.1) can be expressed in
terms of the sequence of marginal measures (np)o<p<n, With the following backward Markov chain formulation

Qn(d(zo, ..., xpn)) = np(dzn) My o(zn, d(zo, ..., Tn—1)). (4.3)

Before entering into the details of the proof of this lemma, we mention that (4.3) holds true for any well
defined Markov transition M1, (y,dz) from E, into E, y; satisfying the local backward equation

Vg, (nn)(dz) My (z,dy) = g1 (n,)(dy) M1, (y,dz)

or equivalently
1n(dz) Qnia(z, dy) = (10 Qni1)(dy) Mni1p, (v, dz). (4.4)
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In other words, we have the duality formula

Ve, (1) (f Mnt1(9)) = Pos1(0a) (9 M1, (f)) - (4.5)

Also notice that for any pair of measures p,v on E, s.t. pu < v, we have uM,+1 < vMp41. Indeed, if we
have vM,,11(A) = 0, the function M, 1(14) is null v-almost everywhere, and therefore p-almost everywhere
from which we conclude that pM;,11(A) = 0. For any bounded measurable function g on E,, we set

Ve, (m)(dz) = ¥e, () (dz) g(x) < Vg, () (d2).

From the previous discussion, we have \I/%n (M) Mpt1 < ¥a, () Mp41 and it is easily checked that

dWg, ()M

= e () My ¥

M1, (9)(y)

is a well defined Markov transition from FE, ;; into E, satisfying the desired backward equation. These manip-
ulations are rather classical in the literature on Markov chains (see for instance [27], and references therein).
Under the regularity condition (H) the above transition is explicitly given by the formula (2.9).

Now, we come to the proof of Lemma 4.1.

Proof of Lemma 4.1. We prove (4.2) using a backward induction on the parameter p. By (4.4), the formula is
clearly true for p = (n — 1). Suppose the result has been proved at rank p. Since we have

7;;-1(de—1) Qp—l,n(wp—la d(xp, ceyTp)) = VP—I(dIIJ—l) Qp(wp—la dxp) Qp,n(xpa d($p+17 CyTn))

and

Vo-1(dzp-1) Qp(Tp—1,dzp) = Yp(dap) Mpy, , (2p, dap-1).
Using the backward induction we conclude that the desired formula is also met at rank (p — 1). The second
assertion is a direct consequence of (4.2). The end of the proof of the lemma is now completed. O

We end this section with some properties of backward Markov transitions associated with a given initial prob-
ability measure that may differ from the one associated with the Feynman-Kac measures. These mathematical
objects appear in a natural way in the analysis of the N-particle approximation transitions M,]y introduced
in (2.11).

Definition 4.2. For any 0 < p < n and any probability measure n € P(E,), we denote by My 1, the
Markov transition from Ey, 41 into Ejp ) = (B X ... X E,) defined by

M1 pm @ni1,d(@p, . w0) = [ Mo, (g1, dzy).

p<q<n

Notice that this definition is consistent with the definition of the Markov transitions M, ,, introduced in
Lemma 4.1:

Mn+1,p,77p (30n+17 d(xp, s ,xn)) =Mupi1p (In-i-la d(%v cey X))
Also observe that M1, can alternatively be defined by the pair of recursions

Moi1pn (1, d(mpa ey Tp)) = Mn+1,p+1,<1>p+1(77) (Tny1, d(prrla ey Tp)) X Merlm(prrla dmp)
= Myi1,0,,0) (Tnt1,dTn) Mo py (00, d(Tp, ..., 20 1)) (4.6)

The proof of the following lemma follows the same lines of arguments as the ones used in proof of Lemma 4.1.
For the convenience of the reader, the details of this proof are postponed to the appendix.
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Lemma 4.3. For any 0 < p < n and any probability measure n € P(E,), we have
NQp.n(dzn) Muypn(Tn, d(@p, ... 2n-1)) = n(dzp) Qpn(rp, d(Tpt1,. .. 20)).
In other words, we have

(1 X Qpn-1)(d(@p, -, Tn-1))Gn-1(Tn—1) Hn(Tn-1,7s)
(nQp,nfl) (anl Hn(axn))

Mo (T, d(2p, - Tn-1)) = (4.7)

with the measure (n X Qp n—1) defined below
(% Qpn—1)(d(@p, ..., 2n-1)) == n(dap) Qpn—1(2p, d(Tps1, ..., Tn-1)).

5. PARTICLE APPROXIMATION MODELS

We provide in this section some preliminary results on the convergence of the N-particle measures (I'Y, Q)
to their limiting values (T'y, Qy,), as N — oo. Most of the forthcoming analysis is developed in terms of the
following integral operators.

Definition 5.1. For any 0 < p < n, we let DN be the fN 1-measurable integral operators from B(E ) into
B(E,) defined below

DN( n)(xp) /M (p,d(zo, ..., 2p-1)) Qpn(Tp, d(@pt1, ..., 2n)) Fn(zo, ..., 2T0)

with the conventions D(J)Yn = Qo,n, and resp. D,an = MN for p=0, and resp. p=n
The main result of this section is the following theorem.

Theorem 5.2. For any 0 < p < n, and any function F,, on the path space Ejg ), we have
E (TN (F.) | FY) =~ (D), (F.) and WEN(F, nyp 1) VN (D), (F))

Proof of Theorem 5.2. To prove the first assertion, we use a backward induction on the parameter p. For p = n,
the result is immediate since we have

03 (Fa) =7 (1) my (DR (F)) -
We suppose that the formula is valid at a given rank p < n. In this situation, we have
E (FTJY(F") | fé\i1) = Vév(l) E (77;\[ (D;)\,[n(Fn)) ‘ ]:é\il)

W) [0 (G Hols ) Apldzg) DY (Fu)ay) 6.1

Using the fact that
7;];\]—1(1) ﬂév—l(pral(-axp)) Ap(dzyp) Mp,ngil(xpﬂdmpfl) = ’Ygﬁl(dfﬂpfl)Qp(xpfladmp)

we conclude that the r.h.s. term in (5.1) takes the form

/fyév_l(d:npfl)/\/lg,v_l(xp,l, d(zo, ..y 2p—2)) Qp—t1,n(@p—1,d(zp, ..., 2n))Fn(zo,...,2n) = 'yzj,v_l (Dév_l,n(Fn)) .
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This ends the proof of the first assertion. The proof of the second assertion is based on the following
decomposition

[E (T3 (Fa) | 77) —E (T (F) | FL0)]

NE

(Frjy_rn) (Fn) =

p=0
= 3 (3 O - iy i P
p=0 p—1\-p—1

where F ivl is the trivial sigma field. By definition of the random fields VpN , it remains to prove that

77;];\]—1 (D;f;v—l,n(Fn)) = (77;])\[—1@17) (D;f;\,[n(Fn)) .

To check this formula, we use the decomposition

77,],\11(d96p71) Mévfl(mpfla d(wo, ..., ¥p-2)) Qp—1,n(Tp-1,d(@p, ..., 7)) = 77,])’71(d9€p71)@p(93p71,d%)

XM (2p-1,d(20, - - - Tp-2)) Qpin (T, A(Tps1s- .-, T0)). (5:2)
Using the fact that
ﬂévfl(dxpfl)Qp(mpfla dz,) = (77117\[71Qp)(dmp) Mp,nzf)[l(xpv dzp_1)
we conclude that the term in the r.h.s. of (5.2) is equal to
(n,ff’_lQp)(diﬂp) ijav(xpv d(zo, .. -, 2p-1)) Lp.n(p, d(Tps1, ..., 2n)).
This ends the proof of the theorem. O

Several consequences of Theorem 5.2 are now emphasized. On the one hand, using the fact that the random
fields V.V are centered given F. ;, we find that

E (D) (F.) = Tu(Fy).
On the other hand, using the fact that

(1) _ (1) _ 1
Yn (1) ’Vpr,n(l) anp,n(l)

we prove the following decomposition

—I',N N

W, () = VN (T (1) @Y = Qn) (B) = Y35 (W) VY (D (Fa) (5.3)
p=0

with the pair of parameters (72[ (1),3;: n) defined below

(5.4)
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Using again the fact that the random fields V.V are centered given F2 |, we have
— n — 2
E(W, " (F)?) =Y E (75(1)2 E [VPN (DpaF) | f;VlD .
p=0

Using the estimates

D5 (FE) < 1Qp (D IF]
Qpn(1)

—N — . Y
1Dy (E)ll < (1@ (W [ Fnll - with Qp,n(1)=m (5-5)

we prove the non asymptotic variance estimate

n

E (W, (F.)?) spzzjoxa(wﬁ (W) 1@ WI* =" [L+E ([ (1)~ 19)] @D

p=0
for any function F,, such that | F,,|| < 1. On the other hand, using the decomposition
(' (1) Q' = Qn) = [ (1) = 1] Qi + (Q1 — Qn)
we prove that

1/2

E([QY(F) - Qu(F)]") <

1 r 2\1/2 —N 2\1/2
= EWI(F)?) " +B (FYa-117)
Some interesting bias estimates can also be obtained using the fact that
and the following easily proved upper bound

1/2 1/2

B (@Y (F) - @u(F)| <E ([1-77W]") 7 ([QY (F) - Qu(Fa)]?)

Under the regularity condition (M),, stated in (3.7), we proved in a recent article [4], that for any n > p > 0,
and any N > (n+ 1)pd™ we have

[@pa(MI 3™ and NE[FY(1)-1)"] <4 (m+1)pom

From these estimates, we readily prove the following corollary.

Corollary 5.3. Assume that condition (M), is satisfied for some parameters (m, 0, p). In this situation, for
any n >p >0, any F, such that ||Fy,|| <1, and any N > (n+ 1)pé™ we have

E (Wf;N(Fn)) ~0 and E (Wf;N(Fn)?) < (6™p)2(n + 1) (1 + % pd™ (1 + 2)) .

In addition, we have

N E([QY(F) - Qu(F)]*) < 2(n+1)p8" (4 oot [1 - %(n " 2)])
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and the bias estimate
9 1/2
N |E(QY(Fn)) — Qu(F,)| < 2V2 (n+1)ps™ (4 + pom [1 + ot 2)]) .

6. FLUCTUATION PROPERTIES

This section is mainly concerned with the proof of Theorem 3.1. Unless otherwise is stated, in the further
developments of this section, we assume that the regularity condition (H™) presented in (3.4) is satisfied for

some collection of functions (h,,, k). Our first step to establish Theorem 3.1 is the fluctuation analysis of the

N-particle measures (I')Y, QY) given in Proposition 6.2 whose proof relies on the following technical lemma.
Lemma 6.1.
N _
My (@n, d(zo, .-y 2pn—1)) = My(zp, d(z0, ..., 2p—1)) = Z |:Mn,p,n$’ - Mn,pﬁi’p(nﬁ’,l)

0<p<n

X (@, d(zp, ..oy 2no1)) MY (2p,d(20, ..., 2p-1)).

The proof of this lemma follows elementary but rather tedious calculations; thus it is postponed to the
appendix. We now state Proposition 6.2.

Proposition 6.2. For any N > 1,0 <p <n, z, € B, m > 1, and F,, € B(E[p,)) such that |[F,,|| <1, we

have
2

m hf
VI E (DY (F) = DpnlFe)| ") < alim) v (72(2)) (6.1)
P
for some finite constants a(m) < oo, resp. b(n) < oo, whose values only depend on the parameters m, resp. on
the time horizon n.
Proof. Using Lemma 6.1, we find that
Dgn(Fn) - Dp,n(Fn) = Z [Mp,qu;’ - Mp,q,'@q(né\il)} (T;Yq,n(F"))

0<q<p

with the random function TIfqu(Fn) defined below

TN (Fa)(@g. .. 2p) = / Qi d(@pis - 20)) MY (09, d(0, . #g1)) Fol(o, -, 2m).

Using formula (4.7), we prove that for any m > 1 and any function F' on Ej,

m o hE N
VI E (Mg =My )] B )| 1 250)7 < atm) b0y 1) (320, )
for some finite constants a(m) < oo and b(n) < oo whose values only depend on the parameters m and n. Using
these almost sure estimates, we easily prove (6.1). This ends the proof of the proposition. O

Now, we come to the proof of Theorem 3.1.

Proof of Theorem 3.1. Using Theorem 5.2, we have the decomposition

WEN(E) = 3 AN (1) VY (Dyu(F) + BN ()
p=0
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with the second order remainder term

n

n
RUN(F,) = Zvév(l) VpN (Fév ) and the function F;fn = [D;)\,[n — Dy (Fn).
p=0

By Slutsky’s lemma and by the continuous mapping theorem it clearly suffices to check that RL-Y (F},) converge
to 0, in probability, as N — oo. To prove this claim, we notice that

E (VY (EN) 1 F) <@ t00) ((B)7).
On the other hand, we have
&, (1) (E2)7) = [ ) Ve, (42) (Hue)) )
<o ((ER)) + [ ) (W, (1) = W, ()] (HyCom)] Ef(on)
This yields the rather crude estimate
&, (1) ((F35)7) = [ dulde,) e, () (o) B )
< ((B)7) + 40Qun (I [ Naldey) Ve, (172) = Wi,y (pm0)] (Hy(erp)|
from which we conclude that
B (1Y (£2)7) < [ mo(da) B[ (B2 00))7] + 11Qua0)?
< [ anlda) B ([, (1) — P, ()] (Hy(-om,)).
We can establish that
VN E(|[¥a, , (1) = Wa,_, (np-1)] (Hy (e 3p))]) < b(n) hif ().
See for instance Section 7.4.3, Theorem 7.4.4, in [7]. Using Proposition 6.2,
VNE (VN (FN)?) < () (ﬁ M ((21)4) + A,,(h;))

for some finite constant ¢(n) < co. The end of the proof of the first assertion now follows standard computations.
To prove the second assertion, we use the following decomposition

VN @Y = QuI(F,) = =— W (Fn — Qu(Fy))

with the random fields WZ’N defined in (5.3). We complete the proof using the fact that 7Y (1) tends to 1,
almost surely, as N — oo. This ends the proof of the theorem. O

We end this section with some comments on the asymptotic variance associated to the Gaussian fields W,2.
Using (4.1), we prove that

Qn="Y5, )01 Ppn
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with the pair of integral operators (Dp,n, Ppn) from B(Ej ) into B(E))

- Dpn(Fn) _ Dpa(1)
" Fn = P, — P,
P ( ) anp,n(l) anp,n(l)

from which we deduce the following formula

>

P,n(F,) and P,,(F,):=

Dypn(Fn — Qu(Fn))(2p) = Dpn(1)(p) / [Bpon (Fn)(@p) — Ppn (Fr) (yp)] qjﬁp,n(l)(%)(dyp)- (6.2)
Under condition (M),,, for any function F,, of the form (2.5) with osc(f,) < 1, we have the following estimate
[Dpn(D)[| <6™p=E (Wg(Fn)Q) <c(n+1).

This follows since osc(P, ,(Fy,)) is uniformly (in p and n) bounded by virtue of the contraction property of the
single-time marginals of P, ,. (See Sect. 8 for more details.)

7. NON ASYMPTOTIC L,-MEAN ERROR ESTIMATES

This section is mainly concerned with the proof of Theorem 3.2. We follow the same semigroup techniques as
the ones we used in Section 7.4.3 in [7] to derive uniform estimates w.r.t. the time parameter for the N-particle
measures 7. We use the decomposition

@Y - Qul(Fn) = >

(n;gaVD;])\,]n(Fn) - ﬂév_lD,J,V_l,n(Fn)>
0<p<n

' Dpln(1) mply Dty (1)

with the conventions nﬂDyLn = 10Q0,n, for p = 0. Next, we observe that

WY DY | (Fy) = /ng,l(dx,,_l)M;V,l(x,,_l,d(xo, ey Qytn(@pts A, oy 20)) F(0s s )
= /nzj,v_l(dacp_l)Qp(xp_l,dxp)/\/lf,v_l(xp_l, d(zo, - s 2p—2)) DQpn(@p, A(@ps1, - - -, Tn)) Fnl(To, - - -, ).
On the other hand, we have

ﬂévq(dxpfl)Qp(mp*lvdxp) = 77;{1@17((1%) Mp,né\il(xpﬂ dzp—1)

from which we conclude that
Mo 1Dy 10 (Fo) = (01 1Qp) (Dl (Fn)).
This yields the decomposition

@Y — Q.)(Fn n¥ DY, (1) @, ) (DY, (1))

(7.1)

)= Z <771]>VD110\,[n(Fn) q’p(névﬂ(Dé\fn(Fn)))

0<p<n

with the convention ®(n;) = 1o, for p = 0. If we set

q)p(n;];\]_ﬂ(D;])\{n(Fn))
Dy (1)1 1) (DN, (1))

EN, =F,—
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then every term in the r.h.s. of (7.1) takes the following form

DY) _ Q)
Mp Di])\,[n( ) ni])VQp,n(l)

Y Dy () = () Dy (B,

with the integral operators D , defined in (5.4). Next, we observe that D, (1) = Qpn(1), and ﬁgn(l) =
Dpyn( ). Thus, in terms of the local sampling random fields VN we have proved that

NN (N
My Dy Fp) 1 1 < VNDY (BN (7.2)
my DY) VN gl Dya(l) P PR
and N( )
N _ . DN (F,
D, (Fy) =Dypn(1) x BN (F,) with PN (F,):= %. (7.3)
p,n

From these observations, we prove that

@p (1" 1) (Dpin(Fn)) _ 2p(1p01)(Qpin(1) By (Fn))
@p(név_l)(Dé\,’n(l)) (I)p(nzj,v_ﬂ(Qp,n(l))

Arguing as in (6.2) we obtain the following decomposition

= \I/Qp,n(l) (‘I’p(nﬁiﬁ) Pgn(Fn)~

Egn(ﬁéyn)(%) = Ep,n(l)(xp) X / [P;fYn(Fn)(Ip) - P;fYn(Fn)(yp)] ‘IlQp,n(l)(q)p(n;])Vfl))(dyp)

and therefore

bpnOSC(P;fYn(Fn)) pnﬂ( w)osc(Fy) with  by,, < sup Qpn(1)(p) |

HD (FN ) @pyp @pin(1)(Yp)

We end the proof of (3.5) using the fact that for any » > 1, p > 0, f € B(E}) s.t. osc(f) < 1 we have the almost

sure Kintchine type inequality
1

E(V¥OI [ FL) <ar

for some finite (non random) constants a, < oo whose values only depend on r. Indeed, using the fact that
each term in the sum of (7.1) takes the form (7.2) we prove that

VI E([0) - QlE)) <ar 3 B E(ose(PY,(F). (7.4)
0<p<n

This ends the proof of the first assertion (3.5) of Theorem 3.2. For linear functionals of the form (2.5), it is
easily checked that

DY () = Qo) D [Mypy o Mosi | (F)+ Y Qralfa Qun(1))

0<g<p p<g<n

with the convention M, ,~ . .M,
-
Qp.n(1), we conclude that

P;szn(Fn):fp‘i‘ Z |:Mp1n11;v,1'"Mq+1,7]éV:| Z qu Qqn )fq)

0<g<p p<q<n pa(Qqn(1))

gy = Id, the identity operator, for ¢ = p. Recalling that D]]D\fn(l) =
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and therefore

N _ @pa(@an(1) fo)
) = 30 [y Mysap | (i) + 30 <L s
0<g<p p<g<n
Qp,q(Qqn(1) fq) _ (Q_ (1) fq) with  S,.4(g) = Qp.a(9)
@p.q(Qqn(1)) pa(@gn(1)) @p.q(1)
with the potential functions @, (1) defined in (5.5). After some elementary computations, we obtain the

following estimates

OSC(P;fV Z ﬁ( pnp 1 +177 )OSC fq Z b pq OSC(fq)

0<g<p p<g<n

This ends the proof of the second assertion (3.6) of Theorem 3.2.

8. COMPARISONS WITH GENEALOGICAL TREE PARTICLE MODELS
In this section, we provide with a brief comparison between these particle models and the genealogical tree
particle interpretations of the measures Q,, discussed in (2.4).
8.1. Limiting variance interpretation models

Our first objective is to present a new interpretation of the pair of potential-transitions (G, Pp,n) defined
n (3.2). We fix the time horizon n and we denote by Eq, the expectation operator of a canonical random path
(Xo, ..., Xy) under the measure Q,. For any function F' € B(Ej, ), p < n, using (2.7) we check that

EQn (F(X;DaaXn)) /nn dxn H Mq Ng— 1(IQ7d$q 1) (Ip,...,l‘n).

p<q<n

This implies that for any F' € B(E]g,)), we have the Q,-almost sure formula

EQn (F(Xo, . ,Xp) | (Xp, . ,Xn)) /Mp(Xp, d(%o, . ,l‘p_l))F((xo, . ,l‘p_l), Xp)

- EQn (F(X07~'~7XP)| XP)

Using elementary calculations, it is also easily checked that for any function F' € B(Ej ;) we have the Q,-almost
sure formula

Eq, (F(Xo,..., Xn) | (Xo,..., X)) = QM /Qp, d(@pi1, - 2n)) F((Xoy oo Xp), (@pt1s -5 20))

and therefore, for any function F,, € B(FEjyy)), we prove that
Eq., (Fn(Xos - Xn) | Xp) = Pp,n(Fn)(Xp)-

In much the same way, if we denote by (@%p ) the time marginal of the measure Q,, with respect to the pth
coordinate, we have
(p)

ngp) <1p  with dnz =Gy
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For centered functions F, s.t. Q,(F,) = 0, by the functional central limit Theorem 3.1, the limiting variance of
the measures QY associated with the genetic model (2.2) with acceptance parameters €, = 0 has the following
interpretation:

E (W an [ Z @n<

(p)

(Xp) Eq, (Fa(Xo, ..., Xn) IXp)Q) :

We end this section with some estimates of these limiting variances. Arguing as in (6.2), for any F;, € B(E[g.)),
we readily prove the estimate

( Z b 1 05¢(Py 1 (F))2.

0<p<n

For linear functionals of the form (2.5), with functions f, € Osci(E,), using the same lines of arguments as
those we used at the end of Section 7, it is easily checked that

osc(P, Z B (Mpy,_, - Mgt1m,) Z b p.q)-

0<g<p p<q<n

Under the regularity condition (M ),, stated in (3.7), the r.h.s. term in the above display is uniformly bounded
with respect to the time parameters 0 < p < n, from which we conclude that

E(WR(F,)?) <c(n+1) (8.1)

for some finite constant ¢ < oo, whose values do not depend on the time parameter.

8.2. Variance comparisons

We recall that the genealogical tree evolution models associated with the genetic type particle systems
discussed in this article can be seen as the mean field particle interpretation of the Feynman-Kac measures 7,
defined as in (2.12), by replacing the pair (X, G,) by the historical process X,, and the potential function G,
defined below:

Xn = (Xo,..., X)) and G,(X,) = Gn(X,).
We also have a nonlinear transport equation defined as in (2.1) by replacing K, ,, , by some Markov
transition K, ,,_, from FEjg,_y; into Ej . In this notation, the genealogical tree model coincides with the
mean field particle model defined as in (2.2) by replacing KnynN,l by IC”JIN,l’ where nY | stands for the

occupation measure of the genealogical tree model at time (n —1). The local sampling errors are described by a
sequence of random field model VY, V,, on B(Ejo,n)) defined as in (2.13) and (2.14), by replacing Ky, ;, by Ky, .
More details on the path space technique can be found in Chapter 3 of the book [7].

The fluctuations of the genealogical tree occupation measures

N
1
N N N N
W= D0 e and = [T 0 (G) | o (8.2)
i=1 0<p<n
around their limiting values 7,, and ~,, are described by the pair of empirical random fields defined below

Wy = \/N(’yflv f'yn) and WY .= VN [N —n,).
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To describe the limiting Gaussian random fields W) and W,!, we need another round of notation. Firstly, we

observe that the pair of measures (vn,7,) on the path space Ejy, coincide with the measures (I',, Q) we
defined in the introduction of the present article. For these path space models, it is easily checked that

Tn = VPDP,H

with the integral operator from B(Ejg ) into B(Ejg ) defined below

Dpn(Fn)(zo, ..., xp) == / Qpn(Tp, d(@psi, - xn)) Ful(zo,. .., 2p), (Tpt1s.--)Tn))-
In the above display Q,, ,, is the integral operator defined in (3.1). Notice that

Dy (1) (o, -, 2p) = Qpn(1)(xp) = Dpn(1)(wp) = Qpn(1)(xp)-
As in (3.2), we consider be the pair of potential functions and Markov transitions (G, Pp.») defined below
Gpn(xos -y xp) = Gpn(xp) and Ppn(Fn) = Dpn(Fn)/Dpn(l). (8.3)
In terms of conditional expectations, we readily prove that
Eq, (Fn(Xo,..., Xn) | (Xo,...,Xp)) = Ppn(Fn)(Xo, ..., Xp) (8.4)

for any function F, € B(Ejq )

It is more or less well known that the sequence of random fields W)™V, resp. W1~ converge in law, as
N — o0, to the centered Gaussian fields W), resp. W/, defined as W', resp. W;?, by replacing the quantities
(Vs Gp.ny Dp.ny Py Q) by the path space models (V,, Gp.n, Dp.ns Ppon, n); that is we have that

Wi (F,) = Z'Yp(l) Vo (Dpn(Fn))

WilFn) = Vp (Gp.n Ppn(Fn = 110 (Fn))) -

p=0

A detailed discussion on these functional fluctuation theorems can be found in Chapter 9 in [7]. Arguing as
before, for centered functions F), s.t. Q,(F,) = 0, the limiting variance of the genealogical tree occupation
measures 7)Y associated with the genetic model (2.2) with acceptance parameters ¢, = 0 has the following
interpretation:

n d szp)
E(WJ(F.)?) = Y Eq, ( Sﬁ) (Xo,...,X,) Eg, (Fn(XO,...,Xn)|(X0,...,Xp))2>
p=0
2y L oy
= E(WR2(F.)?) + ) Eq, (Xp) Varg, (Pp,n(Fn) | Xp)
p=0 dnp

with the Q,-conditional variance of the conditional expectations (8.4) with respect to X, given by

Varg, (Ppn(Fa) 1X,) = Ea, ([Eq, (Fa(Xo,- - Xa) | (Xo,.-, X)) = Ba, (Fa(Xo, -, Xu) X121, ).
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For sufficiently regular models, and for linear functionals of the form (2.5), with local functions f, € Oscy(E,),

we have proved in (8.1) that E (W2(F,)?) < ¢ (n+ 1), for some finite constant ¢ < co, whose values do not
depend on the time parameter. In this context, we also have that

Varg, (Ppn(Fn)|Xp) = Eq, Z (fo(Xq) = Eq, (fo(Xq)|Xp))| |Xp
0<q<p

These local variance quantities may grow dramatically with the parameter p, so that the resulting variance
E (W!(F,)?) will be much larger than E (W(F,)?). For instance, in the toy model discussed in (2.6), we

clearly have (@%p ) = np = Mo and

Eg, (Fu(Xo, .., Xn) |(Xo,. ., Xp)) = Y f(Xy):

from which we conclude that

1
E(WA(FR)) = (0 +1) and BWA(E)) =B (WE(E)?) + "0 (85)
9. EXAMPLE
Consider the following hidden Markov model which is comprised of a R%valued Markov chain
Xn == hO(anla Vn)a (91)

where (V,,)n>1 is a sequence of independent identically distributed random variables and a R? -valued observed
process (Yy,)n>0

P, €dy | X» =2n) = go(zn, yn) An(dyn). (9.2)
In the above displayed formulae, hy : RY x R™ — R%, go(z,,y,) is the conditional density, with respect to
the reference measure \,, of Y,, given X,, = x,. The vector § € © C R™ parameterizes the model. Given
(Xn)n>0 = (@n)n>0, (Yn)n>o is independent with laws gg(xn, yn)An(dy,). We also assume that the law of
(Vi)n>1 and X are independent of 6. By construction, the distribution of the observation path from the origin,
up to a given time 7T is given by

Py ((Yo,...,Yr) € d(yo, ..., yr)) {Hgg s Yn } Xo(dyo) - - - An(dyn)

where the expectation is computed with respect to the law of (X, )o<n<r with parameter 6.

An important problem in statistics is that of estimating the model parameters that most aptly describes an
observed real time series. There are many methods to solve this problem (see [23] for a recent review) and here
we concentrate on the Maximum Likelihood method. Given a finite observation history (y»)o<n<7, the model
parameter that best describes the data can be taken to be the maximizer of the density function given below

0€O — po(yo--.,yr) = {Hga nyn}

An iterative procedure such as a gradient ascent method can be used to solve for this maximizer or for any one
of them if there are local maxima. To implement gradient ascent, an estimate of the gradient of the likelihood is
needed. Recently, an IPA gradient estimate has been proposed and implemented using the standard genealogical
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tree based particle system [5]. This approach is compared here with our backward particle system which is

demonstrated below to have a much lower variance.
The IPA gradient of the log-likelihood log ps(yo, - - ., yr) is given by

Eg {Rn nli[o 96(Xn, yn)}

Vo logpe(yo, .-, yr) = 7
EG { Uoge(Xna yn)}

where
Zn = VGhG(Xn—la Vn) + vth(Xn—h Vn)Zn—h
R, = R, i+ ng$g9(Xm Yn) + VGQG(Xn; yn)7
gG(Xnayn)

with X, evolving as in (9.1). (See [5] for the regularity conditions the model must satisfy for this to be true.)
Here V, indicates differentiation with respect to the state vector while Vy differentiation with respect to the
model vector. The quantity Z € R™ x RY can be interpreted as the gradient of X,, with respect to #, which
indeed depends on all past state values. Zy and Ry are initialized to the zero matrix and vector respectively.

The gradient Vglogpo(yo,...,yr) may be estimated using the standard genealogical tree based particle
system for the Markov process (X,,, Z,, Ry )n>0 with potentials Gy, (X, Zn, Ry) = go(Xn, yn) as was proposed
by [5]. It is also straightforward to implement an on-line version of the backward particle model to estimate
this same expectation. (Note though that this involves a function F,, in (2.4) which is slightly more complicated
than the additive form in (2.5).) Details are omitted.

Results for the following linear Gaussian model are presented in Figure 1:

X, = ¢Xn_1+ovVy, (9.4)
Y, cX, +owWy, (9.5)

where (Vp,)p>1 and (Wp,),>1 are independent sequences of independent Gaussian random variables with zero
mean and unit variance. The model vector is 0 = (¢,0v,c,ow)t € R x (0,00) x R x (0,00). Data was
generated from this model with (¢, ov,c,ow) = (0.8,0.1,1,1). Such a simple model was assumed since the
gradient of the log-likelihood can be computed exactly with the Kalman filter, which serves as a benchmark.
As can be seen from the boxplots, our estimator outperforms the genealogical tree based particle system. Note
though that the computational cost is significantly higher for our method, i.e. O(N?) compared to O(N) for the
genealogical approach. However, from (8.5), we see that the new method with N particles may still outperform
the genealogical tree based particle system with N? particles (in variance performance) as the variance of the
latter can grow quadratically with time compared to linear growth of the former. (Admittedly, this growth was
established in Section 8 under stringent mixing assumptions.) This has indeed been demonstrated in similar
estimation problems involving models for which mixing has not been established [26].

APPENDIX
Proof of Lemma 4.3. We prove the lemma by induction on the parameter n(> p). For n = p+ 1, we have
Mpt1,p,0(@p41,dzp) = Mpi1,y(Tpt1,dap)  and  Qp i1 (Tp, dapy1) = Qp1(2p, dzpsa).

By definition of the transitions M1 ,, we have

NQp+1(dxpi1) Mpi1py(Tpi1,dry) = n(dzp) Qpp+1(zp, drpir).
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FIGURE 1. Comparison of the new backward particle system (left column) and genealogical
tree based particle system (right column) implementation of the IPA derivative. Each column,
from top to bottom, displays the estimate of the gradient of the log-likelihood computed with
respect to (¢, oy, c,ow) = (0.8,0.1,1,1). The gradient of the log-likehood was computed after
2500, 5000 and 7500 observations had been gathered. The long horizontal line dissecting the
box plots are the true values computed with the Kalman filter.

We suppose that the result has been proved at rank n. In this situation, we notice that

n(dzp) Qpnt1(Tp, d(Tpt1, .- Tnt1)) = 0(dxp) Qpn(Tp, d(Tpt1s- -y 0))Qnt1 (T, dTpg1)
= nQp,n(dzn) QnJrl(fEna denJrl) Mn,p,n(zna d(zpa ceey znfl))
= ﬂQp,n(l) q)p,n(n)(dxn) Qni1(Tn,dzny1) Mn,p,n(xna d(:cp, ey Tn1))-

Using the fact that
q)p,n(n)(dxn) Qni1(Tn,dzng1) = (I)p,n(n)QnJrl(denJrl) Mn+1,&I>p,n(n) (Tny1,dzy)

and
nQp,n(l) q)p,n (n)Qn—i-l (dxn—i-l ) = 77Qp,n+1 (dxn-i-l)

we conclude that

ﬂ(diﬂp) Qp,nJrl(pra d(prrla ey Tpg1)) = nQp,nJrl(denJrl) Mn+1,¢>p,n(n) (Tny1, dxn)Mn,p,n(xnv d(:cp, ey Tn—1))
= NQpn+1(dTnt1) Mut1,py (Tni1, d(@p, ... T0)) .

This ends the proof of the lemma. U

Proof of Lemma 6.1

Using the recursions (4.6), we prove that

Mn—i—l,p,n;ﬂ\’ (In-i-la d(I;m cee axn)) = Mn+17p+17q>p+1(7711)\f) (xn-i-la d(x;v-i-h cee axn)) X Mp-‘,—l,n;f (I;D-i-h dxp)'
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On the other hand, we also have

Mév_;’_l(prrl, d(zo,...,zp)) = MPH%V (@pt1, d:Ep)MéV(:cp, d(zo,...,xp-1))
from which we conclude that

Mn+1,p+1,¢p+1(n$’) (@n41, A(Tpt1s -5 Tn)) Mév+1(xp+1, d(zo,- .-, xp)) = Myt1py @nt1,d(Tp, - .., 20))

X M;,V(acp, d(zo, ..., zp-1)).

The end of the proof is now a direct consequence of the following decomposition

M»,];](xn7d(x07 cee 7l‘n—1)) - Mn(xn7d(x07 cee 7l‘n—1)) - Z |:Mn7p7ng (In, d(Ip, SRR 7-7;71—1))

1<p<n

X Mg)v(mpv d(l‘o, s 7xp71)) - Mn,pfl,n;[l (zna d(xpfla s 7'737171)) M;f;v—l(m;nfla d(an s 71'p72))i|

+ M, 0y (@n,d(z0, ..., Tn-1)) — Mn,0m0 (Tn,d(x0, ..., Tn-1))
with the conventions
Mn,O,néV (Tn, d(x0, ... Tn—-1)) Mév(xo, d(zg,...,x1)) = Mn,07n[1)\l (Xp, d(x0y ..oy Tpo1))
for p=0, and for p=n

Mn,n,'r]fy ($n, d(xna e 7l‘n—1)) M,,].:](In, d($05 e 7l‘n—1)) - Mév(xn7d(x07 cee 7'7;71—1))-
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