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Abstract

In this paper we develop a collection of results associated to the analysis of the
sequential Monte Carlo (SMC) samplers algorithm, in the context of high-dimensional
independent and identically distributed target probabilities. The SMC samplers algorithm
can be designed to sample from a single probability distribution, using Monte Carlo
to approximate expectations with respect to this law. Given a target density in d
dimensions our results are concerned with d — oo, while the number of Monte Carlo
samples, N, remains fixed. We deduce an explicit bound on the Monte-Carlo error for
estimates derived using the SMC sampler and the exact asymptotic relative L, -error of the
estimate of the normalising constant associated to the target. We also establish marginal
propagation of chaos properties of the algorithm. These results are deduced when the
cost of the algorithm is O(Nd?).
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1. Introduction

High-dimensional probability distributions are increasingly of interest in a wide variety of
applications. In particular, one is concerned with the estimation of expectations with respect to
such distributions. Due to the high-dimensional nature of the probability laws, such integrations
cannot typically be carried out analytically; thus, practitioners will often resort to Monte Carlo
methods.

An important Monte Carlo methodology is sequential Monte Carlo (SMC) samplers (see [10]
and [18]). This is a technique designed to approximate a sequence of densities defined on a
common state space. The method works by simulating a collection of N > 1 weighted samples
(termed particles) in parallel. These particles are propagated forward in time via Markov chain
Monte Carlo (MCMC), using importance sampling (IS) to correct, via the weights, for the
discrepancy between target distributions and proposals. Due to the weight degeneracy problem
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(see, e.g. [14]), resampling is adopted, sometimes performed when the effective sample size
(ESS) drops below some threshold. Resampling generates samples with replacement from the
current collection of particles using the importance weights, resetting unnormalised weights
to 1 for each sample. The ESS is a number between 1 and N, and indicates, approximately, the
number of useful samples. For SMC samplers, we are typically interested in sampling a single
target density on R4, However, due to some complexity, a collection of artificial densities are
introduced, starting at some easy to sample distribution and creating a smooth path to the final
target.

Recently (see [2], [4], and [24]) it was shown that some IS methods do not stabilise, in
an appropriate sense, as the dimension of target densities in a particular class grows, unless
N grows exponentially fast with dimension d. In later work (see [3]) it has been established
that the SMC sampler technique for independent and identically distributed (i.i.d.) targets can,
in some scenarios, be stabilised at a cost that is only polynomial in d. It was shown in [3]
that ESS and the Monte Carlo error of fixed dimensional marginals stabilise as d grows, with
a cost of O(Nd?). This corresponds to introducing d artificial densities between an initial
distribution and the one of interest. The case of fixed dimension (d) also has been analyzed
recently (see [25]), while other results associated to the dimension can be found in [15] and [23].

The objective of this paper is to provide a more complete understanding of SMC samplers
in high dimensions, complementing and building upon the results of [3]. A variety of results
are presented, addressing some generic theoretical properties of the algorithms and some issues
which arise from specific classes of applications. As stated above, the results in [3] hold only
for i.i.d. targets and further work is required to investigate more general model structures; in
this paper we focus explicitly only on i.i.d. target distributions.

1.1. Problems addressed

The first issue investigated is the increase in error of estimating fixed dimensional marginals
using SMC samplers relative to i.i.d. sampling. Considering the case when resampling is done
at the very final time step we show that the L,-error increases by a factor of only O (N )
uniformly in d. This result helps to establish the uniform in d performance of the algorithm,
coupled with a term that describes the additional loss of accuracy due to the dependence of
the particles (relative to i.i.d. sampling). Resampling at the very final time step is often of
importance in real applications; see, e.g. [11].

The second issue we address is the estimation of ratios of normalising constants approximated
using SMC samplers. This is critical in many disciplines, including Bayesian or classical
statistics, physics, and rare events. In particular, for Bayesian model comparison, Bayes factors
are associated to statistical models in high-dimensional spaces, and these Bayes factors need to
be estimated by numerical techniques such as SMC. The normalising constant in SMC methods
has been well studied; see [7] and [9]. Among the interesting results that have been proved in
the literature is the unbiasedness property. However, to our knowledge, no results have been
proved in the context of asymptotics in dimension d. In this paper we provide an expression for
fixed N of the relative [L,-error of the SMC estimate of a ratio of normalising constants. The
algorithm can include resampling, whereby the expression differs. The rate of convergence
is O(N~") when the computational cost is O (N d2). The results also allow us to compare
different sequences of densities used within the SMC method.

The third issue we investigate is the asymptotic independence properties of the particles
when we resample, i.e. propagation of chaos (see [9, Chapter 8]). This issue has practical
implications, which we discuss below. It is shown that, between any two resampling times, any
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fixed dimensional marginal distributions, over a fixed block of 1 < g < N particles among the
N particles, are asymptotically independent with the correct marginal. This result is established
as d grows with N fixed, whilst the classical results require N to grow. As in [3] and [25], this
establishes that the ergodicity of the Markov kernels used in the algorithm can provide stability
in high dimensions if the number of artificial densities is scaled appropriately with d.

The paper is structured as follows. In Section 2 we describe the SMC sampler algorithm
together with our mathematical assumptions. In Section 3 we give our main results. In addition,
we introduce a general annealing scheme, coupled with a consideration of stability results for
data-point tempering; see [8]. Section 4 considers the practical implications of our main results
with numerical simulations. We conclude with a summary in Section 5. Most of the proofs of
our results are given in Appendix A.

1.2. Notation

Let (E, &) be a measurable space and & (E) the set of probability measures on it. For u
a o-finite measure on (E, &) and f a measurable function, we set u(f) = f g f)u(dx).
For u € #(E) and P a Markov kernel on (E, &), we use the integration notation P(f)(x) =

[ P(x, dy) f(3) and wP(f) = [5 u(dx) P(f)(x). In addition,

PH()x) = /EH P(x, dx1) P(x1, dx2) X --- X P(f)(xp—1).

The total variation difference norm for u, A € P(E) is || — Allsy := supyee [ (A) — A(A)].
The class of bounded (continuous and bounded) measurable functions f: E — R is written
as Bp(E) (respectively Cp(E)). For f € B,(E), we write || f|loo 1= sup,cg | f(x)]. We will
denote the LL,-norm of random variables as || X ||, = E'/e |X | with ¢ > 1. For a given vector
(x1,...,xp)and 1 < g < s < p, we denote by x,.; the subvector (x4, ..., x;). For a measure
w, the N-fold product is written £®". For any collection of functions ( k=1, fi: E = R,
we write f| ® --- ® fi: EX — R for their tensor product. Throughout, M is used to denote
a constant whose meaning may change, depending upon the context; important dependencies
are written as M (-). In addition, all of our results hold on probability space (2, ¥, P), with
‘E’ denoting the expectation operator and ‘var’ the variance. Finally, ‘2 denotes convergence
in distribution.

2. Framework
We first set up the context within which we will derive our analytical results.

2.1. Algorithm and setup

We consider the scenario where we wish to sample from a target distribution with density
1 on EY (E C R) with respect to Lebesgue measure, known pointwise up to a normalising
constant. In order to sample from I, we introduce a sequence of ‘bridging’ densities which
start from an easy-to-sample target and evolve toward I1. In particular, we will consider the
densities

I, (x) o M (x)%", x € E¢

forO0<¢o < - < Pu_1 <@y <--- < ¢, = 1. Below, we use I', to denote unnormalised
densities associated to IT,,.
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We can sample from {I1,,} using an SMC sampler that can be designed to target the sequence

of densities
n—1
B, (rpo) = T, (x )l—[ M1 () Kjp1(xj, Xj41)
n n) — n n
i I (xjyn)
with domain (R?)" of dimension that increases withn = 1, ..., p. Let {K,} be a sequence of

Markov kernels of invariant density {I1,} and let T be an (unnormalised) density; assuming
the weights appearing in the statement of the algorithm are well-defined Radon—Nikodym
derivatives, the SMC sampler we will ultimately explore is the one defined in Algorithm 2.1.

Algorithm 2.1. (The SMC samplers algorithm.) We consider multinomial resampling, so
resampled particles are i.i.d. samples from the discrete law determined by the particles just
before resampling and their weights.

(Step 0.) Sample X}, ..., X(I)v i.i.d. from T and compute the weights, for each particle i €
{17 AR N}’ .
; To(xg)
wé):O = NG
T (xg)

Setn =1and/ =0.

i
n—1°

(Step 1.) If n < p, for each i sample X;l | X;_l = xfl_l from K, (x
independently) and calculate the weights

-) (i.e. conditionally

wf. :—Fn(x;'fl) wf, -
.n anl(xilfl) =D

Calculate the ESS s
N .

(Zi:l w;:n)

Z:zN:l(w;:n)2 '

If ESS;.,(N) < a. The value a € [1, N]is user set, oftena = N /2.
Resample particles according to their normalised weights

ESS;:n(N) =

i

—i Wiy .
Wy = N j
> j=1 W
set ] = n and reinitialise the weights by setting w;:n =1,1<i<N;
letx), ..., XN now denote the resampled particles and set (x., ..., xV) = (¥}, ..., V).
Setn =n+1.

Return to the start of Step 1.

For simplicity, we will henceforth assume that Y = I'y. It should be noted that when Y is
different from I'g, we can modify the sequence of densities to a bridging scheme which moves
from Y to I', (an appropriately modified version of our results in this paper are expected to
hold in this scenario). However, in practice, we can make Iy as simple as possible so we do
not consider this possibility; see [25] for more discussion and analysis when the dimension is
fixed. Note that here we consider only the multinomial resampling method.

We will investigate the stability of SMC estimates associated to the method in Algorithm 2.1.
The actual analysis is performed on a modified version of Algorithm 2.1, which will not perform
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the dynamic resampling described in Section 2.2. To obtain analytical results we will need to
simplify the structure of the algorithm. In particular, we will consider an i.i.d. target

d

Me) =[]r@), 7)) ocexplex))}
j=1

with x; € E for some g: E — R. In such a case all bridging densities are also i.i.d.:

d
M, () o [ [aCx),  max)) o< expighng(x))}.
j=1

Thus, in this context we will have

d
Ty(x) = exp{d)n Zg(x,-)}.

J=1

It is remarked that this i.i.d. assumption is made for mathematical convenience, as it will
allow for analytical tractability of asymptotic results as d — oo. This is exactly in agreement
with the i.i.d. setup followed for deriving powerful asymptotic results as d — oo in the MCMC
literature (see, e.g. [20] and [22] or the review in [21] and the references therein). Going beyond
the i.i.d. context when investigating d — oo in the more established MCMC literature requires
a lot of technicalities for each particular modelling scenario (see, e.g. [1] and [5]) so we will
leave this for future work for our SMC context. Using our result, some reasonable conjectures
can still be made when looking at targets used in practice; see [3] for an extensive discussion
on potential extensions of our results to the non-i.i.d. contexts.

A further assumption that will facilitate the mathematical analysis is to apply (conditionally)
independent kernels along the different coordinates. That is, we will assume that

d
Kn(x, dx') = [ T ha(x;j, dac)),
j=1

where each transition kernel &, (-, -) preserves m,(x); that is, m,k, = m,. We study the case
where cooling constants ¢, = ¢,,(d) and p = p(d) are selected as below:

p=d. ¢n<=¢n,d>:¢o+@ for0 < n < d, @1

with 0 < ¢ < 1 given and fixed with respect to d. It is possible, with only notational changes,
to consider (as in [25]) the case when the annealing sequence is derived via a more general
nondecreasing Lipschitz function; see Section 3.2.1. As in [3], it will be convenient to consider
the continuum of invariant densities and kernels on the whole of the time interval [¢g, 1]. So,
we will set

ms(x) o w(x)* = exp{sg(x)}, s € [¢o, 1].

Similarly, ks (x, dx") with s € (¢, 1] is the continuous-time version of the kernels &, (x, dx').
As in [3], the mapping I (s) = [d(s — ¢0)/(1 — ¢o)] is used to move between continuous and
discrete time.
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2.2. Conditions

We state the conditions under which we will derive our results. We will require that E C R
with E being compact. The conditions below correspond to a simplification of the weaker
conditions in [3] under the scenario of the compact state space E that we consider here. We
note that imposing compactness has been done mainly to simplify proofs and keep them to a
reasonable length. The numerical examples later on are executed on unbounded state spaces,
and do not seem to invalidate our conjecture that several of the results in the sequel will also
hold on unbounded spaces under appropriate geometric ergodicity conditions, as was the case
for the stability results as d — oo in [3]. We remark that all results of [3] also hold under the
assumptions stated here.

(Al) Stability of {ks}—uniform ergodicity.
There exists a constant 6 € (0, 1) and some ¢ € & (E) such that for each s € (¢, 1] and
any (x,A) e Ex &
ks(x, A) = 05 (A).

(A2) Perturbations of {ks}.
There exists an M < oo such that for any s, t € (¢, 1] we have

sup [lks (x, ) — ki (x, )l < Mls —1].

xeE

In the context of our analysis, we will consider an SMC algorithm that resamples at the
deterministic times t1(d), ..., tyx@)(d) € [¢o, 1] (i.e. resamples after n = [;(#x(d)) steps for
k=1,2,...,m*(d)) such that to(d) = ¢9 and

to(d) < ti(d) < -+ < tyr@)(d) < typr@y+1(d) =1

with I;(tux(d)) < d. We will also assume that, as d — oo, we have m*(d) — m* and
te(d) — t for t; € [¢g, 1] for all relevant k. Such deterministic times are meant to mimic
the behaviour of randomised ones (i.e. as for the case of the original Algorithm 2.1 which
involves dynamic resampling at stochastic times) and provide a mathematically more convenient
framework (but still a very challenging one for deriving analytical results) than dynamic
resampling for understanding the impact of resampling on the properties of the algorithm.
Examples of particular specifications of such times, chosen so that they connect with the
randomised ones, can be found in [3] and [12]; the results therein provide an approach for
converting the results for deterministic times to results for randomised times. In particular,
they show that, with a probability converging to 1 as N — oo, the randomised times essentially
coincide with the particular deterministic ones. We do not consider such results here as we
will focus on other aspects of the algorithm, and point the readers to [3] for more details. For
simplicity, we will henceforth assume that d is large enough so that m*(d) = m*.

The analysis considered here makes rather strong assumptions. The strong mixing assump-
tions, which can hold for sampling problems on compact state spaces, may lead the reader
to think that SMC methods would not be needed in such scenarios. However, we argue that
there are problems, to which our analysis extends, where we would use SMC samplers even
if MCMC mixes extremely well (see Section 3.2.2). In addition, the proofs and ideas here
provide a first analysis on which to base proofs with weaker assumptions. We also remark that
the use of weaker assumptions in the stability analysis of SMC methods is quite recent; see for
example [3], [25], and [26].
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2.3. Log-weight-asymptotics

Given setup (2.1), the resampling procedure at the deterministic times #1(d), ..., t;*(d) €
[¢0, 11, and due to the i.i.d. structure described above, we have the following expression for the
particle weights:

d
. 1 _.
i _ 1
108 (W, @itatzea) = 3 2 Gl
j=1

where (_;j(] = (1 — ¢p) Zizditll;(gz)j(ld)) g(Xfw.) for1 <i < N and X}’;’j is the jth component

of X!. The work in [3] illustrates stability of the normalised weights as d — co. Define the
standardised log-weights as

, La( ()1 , ,
= U=g0) > ((Xi ) —Ex_ ,[g(Xi ). 2.2)

n=lg(tx—1(d))

Note that the notation Emk_l @ [g(XiL j)] refers to an expectation under the initial dynamics

X ;d (@ ™~ Tl @) after that, X jl j will evolve according to the Markov transitions k;,. We
also use the notation
E eve [-]

Tig_1(d)

when imposing similar initial dynamics, but now independently over all coordinates and
particles; such dynamics differ, of course, from the actual particle dynamics of the SMC
algorithm. In what follows, we use the Poisson equation

gx) —my(g) = gu (x) — ky (’g\u)(x)

(i.e. g, is the solution of the Poisson equation associate to kernel k,, with invariant measure 7,,;
this exists under our assumptions) and in particular the variances

t
o :(1—¢o>/ @ — k@)D du, go<s<t<l. 2.3)

The following weak limit can be derived from the proof of Theorem 4.1 of [3].

Remark 2.1. (Log-weight-asymptotics.)
Assume (A1)—(A2) and g € Bp(E). For any N > 1, we have

1< N

. o

(a5e), * @
j=1 ‘

where the Z's are i.i.d. copies from N (0, Gt%—lifk)'
The result illustrates that the consideration of @ (d) Markov chain steps between resampling
times stabilise the particle standardised log-weights as d — o0.
3. Main results

We now present the main results of the paper. The emphasis here will be to illustrate that
Monte-Carlo errors for important estimates will be stable as d — oo, for fixed N.
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3.1. Asymptotic results as d — oo

The first result of the paper pertains to the Monte-Carlo error from estimates derived via the
SMC method.

3.1.1. Ly-error. We will consider mean squared errors and obtain L,-bounds with resampling
carried out also ‘at the end’, that is, we resample also at time + = 1. Recall that in Algorithm 2.1
the X-notation is used for resampled particles once they have been resampled. Resampling at
time r = 1 is required when we wish to obtain unweighted samples. We have the following
result, which is proved in Appendix A.2.

Theorem 3.1. Assume (Al)—(A2) and g € Bp(E). Then, forany N > 1, ¢ € Cp(E) we have

2

hm H( Z[(p(Xd D - ﬂ(‘ﬂ)])
2

< varn[<p]—(1 + M(o} i)

for
2 2 2 1
M(o},.) = explo] ) + Mexpl170] 1)~
with M < oo independent of N and ot ol

Remark 3.1. Comparedtoani.i.d. sampling scenario, the upper bound obtained in Theorem 3.1
contains the extra term var, [@](1/N)M (crt2 ..1)- This is due to the dependence of the particles
from resampling.

3.1.2. Normalising constants. The second main result of the paper is the stability of estimat-
ing normalising constants in high dimensions. The quantity of interest here is the ratio of
normalising constants

_ Jpa Ta(x)dx
o Jga To(x) dx’

We first consider the SMC sampler in Algorithm 2.1 without the resampling step. Define

| N | N 14 14
N1y _ i _ ~i _ A1
vy (D) = ~ i:E] Wiy = N iE:l exp{; E 1 G’j}, ya(l) = E[exp{gj; Gj”,

where G = (1 — ¢) - Og(x;'h ;). By [9, Proposition 7.4.1], we have E[y,'(1)] =
ya(1) = cd Now consider the relative IL;-error

N 2
Vot (1)) =H«:[<Vd O 1) }
cd

We then have the following result, which is proved in Appendix A.3.

Theorem 3.2. Assume (Al)—(A2) and g € Bp(E). Then, for any N > 1,

Jim Vz()/d ) = eXp{%O] 1}.
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The result establishes a © (N~!) rate of convergence at a computational cost of O (N d%).
The information in the limit is in terms of the expression oq%():l. As in [3], this is a critical
quantity, which helps to measure the rate of convergence of the algorithm.

We now consider the SMC sampler in Algorithm 2.1 with resampling at the deterministic
times {f¢(d)} as described in Section 2.2. We make the definitions

N d d
1 1 . 1 _
N _ i _ 1
Yar(D) = N ;GXP{ 7 JX_; Gy }, va k(1) = ]Eﬂlfivldu) [exp{ 7 ; Gy, }i|
wherek € {1,...,m*+1}and (_}};,j is as defined in Section 2.3. As in the nonresampling case,

we again have the unbiasedness property for the estimate of ¢y

m*+1 m*+1
E[ I1 y;Yka)} =[] vax®) = ca.
k=1 k=1
We have the following result, which is proved in Appendix A.3.
Theorem 3.3. Assume (Al)—(A2) and g € Bp(E). Then, for any N > 1,

m*+1

im v2< [ m(l))
k=1

m*+1

1 1
=expl—og .} [ ] [ﬁ exp{20, ..} + (1 — N) exp{ai_lztk}i| —1.
k=1

Remark 3.2. The estimation of normalising constants without resampling as in Theorem 3.2 is
usually not feasible, as the asymptotic variance in the theorem can be extremely large. However,
making an analytical comparison to Theorem 3.2 the limiting expression here depends upon
the incremental variance expressions. On writing the limit in the form

m*+1

]_[ [1 + l{exp{a2 - 1}] —1
N Te—1:tk ’

k=1

if N > (m*+ 1)(exp{c72} —1), with32 = maxy 01%71 .1, » then using the inequality e’ <1+42x,
x < 1, we have

m*+1 —2
. 2m* + 1) —1)
lim V. ) < .

Jim, 2({[1 Y k( )) < N

Contrasting this bound with the limit in the case without resampling in Theorem 3.2, it involves
one term that increases linearly with the number of resampling times and an exponential term
that decreases with the number of resampling times as the o-2-terms are calculated over smaller
time intervals. Following the proof in Appendix A, the stated limit in Theorem 3.3 is determined
by the behaviour of

E ona [y (D /vax(1)*]
tg—1(d)

between resampling times. In effect, the ergodicity of the system takes over, and breaks up the
error in estimation of the ratio of normalising constants to different tours between resampling
times (see Proposition 3.1).
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To provide some intuition for Theorem 3.3, we give the following result. It is associated to
the asymptotic independence, between resampling times, of the log-weights 2721 (1/d)G;, j
in (2.2). The proof is in Appendix A.3.

Proposition 3.1. Assume (Al)—(A2) and that g € Bp(E). Then, for any N > 1, i €
{1,...,N}, cikx € R, andk € {1, ..., m* + 1}, we have

k d k
1 .
dlim E[exp{Zczg ZG; /” = HE[exp{chl}],
— 00 o
=1 j=1

I=1
where Z! ~ N(0, J,%_m) independently over 1 <1 < k.

3.1.3. Propagation of chaos. Finally, we deduce a rather classical result in the analysis of
particle systems: propagation of chaos, which, in the standard setting with fixed dimension d,
refers to the asymptotic independence of any fixed block of ¢ out of N particles as N grows.
Consider the following scenario, with the SMC sampler with resampling at times {#(d)}. Let
s(d) be a sequence such that s(d) € (tx—1(d), tx(d)) for some 1 < k < m* + 1, with limit
s € (tx—1(d), tx(d)). Denote by

(q,N)
Pia.j

the marginal law of any of the g particles out of N attime s(d) and in dimension j € {1, ..., d}.
By construction, particles are considered at a time when they are not resampled. We have the
following propagation-of-chaos result, the proof of which is in Appendix A.4.

Proposition 3.2. Assume (Al)—(A2) and that g € Bp(E). Then, for any fixed j € {1, ...,d}
andany 1 <k <m* + 1, a sequence s(d) € (ty—1(d), ty(d)) with s(d) — s, and any N > 1
with 1 < q < N fixed, we have

Jim B — 7 = 0.

The result establishes the asymptotic independence of the marginals of the particles, between
any two resampling times, as d grows. This is in contrast to the standard scenario, where the
particles only become independent as N grows. Critically, the MCMC steps provide the effect
that the marginal particle distributions converge to the target m® 7. Thus, Proposition 3.2
establishes that it is essentially the ergodicity of the system which helps to drive the stability
properties of the algorithm. It should be noted that if we consider the particles just after
resampling, we cannot obtain an asymptotic independence in d. Here, as in classical results
for particles methods, we have to rely on increasing N.

3.2. Other sequences of densities

We now discuss some issues associated with the selection of the sequence of chosen bridging
densities {IT1,,}.

3.2.1. Annealing sequence. Recall that we use the equidistant annealing sequence ¢, in (2.1).
We could also consider a general differentiable increasing Lipschitz function ¢ (s), s € [0, 1]
with ¢(0) = ¢p > 0, ¢(1) = 1, and use the construction ¢, 4 = ¢ (n/d); then the asymptotic
result in Remark 2.1 (and then the main results in Section 3), generalised to the choice of ¢, 4
considered here, would involve the variances

S _ do ()
o = f n¢(u><g,i(u>—k¢<u><g¢<u))2>[ - ]d¢<u>, O<s<t<1l, (I
N
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in place of os%t in (2.3). Our proofs in this paper are given in terms of the annealing sequence
(2.1), corresponding to a linear choice of ¢ (-), but it is straightforward to modify them to the
above scenario.

This point is illuminated by our main results. For example, Theorem 3.2 helps to compare
various annealing schemes for estimating normalising constants, via the limiting quantity (3.1).
That is, if we are concerned only with variance, we would prefer an annealing scheme ¢ (s)
giving a lower (exp{ogz’f) } — 1)/N, equivalently a lower 002:’145 . In practice, however, one has
to numerically approximate a(i’fb , which lessens the practical impact of this result. Similar
considerations apply for the result in Theorem 3.3.

3.2.2. Data point tempering. An interesting sequence of densities introduced in [8] arises in
the scenario when I is associated with a batch data set yy, ..., yr. The idea is to construct the
sequence of densities so that arriving data points are added sequentially to the target as the time
parameter of the algorithm increases. More concretely, we will assume here that the target I1
corresponds to the posterior distribution for the quantity of interest x:

(x) = p(x [ y1,y2,---5YL)
< pX)py1 1 X)p(y2 | y1,x) - p(yL | Y1:(L=1), X)

L d
) 39 ST N

1=0 j=1

so that in the final expression we again impose a simplified context when all factors in the
specification of IT have an isomeric product structure over the x s, via the consideration of the
functionals g(l) = g(l)(yl;g, xj); we use the convention that y;.0 = @. In this scenario one
could then adopt a sequence of densities of the form

1 d
HU)(X)KGXP{ZZg(k)(ylzk,xj)}, 0<l=<L.

k=0 j=1

Clearly, for d — oo, we cannot stabilise the associated SMC algorithm (Algorithm 2.1) as ap-
plied on the sequence of targets [T, 1D TI®) as IT¢+D /1O explodes for increasing d.
To stabilise the algorithm as d grows we can insert |d/L | annealing steps between consecutive
data points, thus forming the densities

d
% (x) exp{qs(w’;—u) ;g(l)(yu, x,~>} x 14D (x)

forl € {1,...,L}and n € {1, ..., |d/L]}, where ¢(s) is as in Section 3.2.1 with ¢9 = 0.
Then we can adopt Markov kernels K,gl), 0 <1 < L, of product form with each component
kernel k,(ll) having invariant measure

1—1
7 (x) o exp{¢<kj—“)g<’>(m,x> + §g<k>(y1:k,x)}, xeE.

The continuous-index versions ns(l) and k_gl) are defined accordingly.
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With a small abuse of notation, we now consider the application of Algorithm 2.1 upon the
sequence of targets 1'[5,]) defined above, with particles moved according to the kernels K,gl).
We consider the scenario where there is no resampling and denote here by ESS (g 4)(N) the
effective sample size after all data points have been incorporated in the sampler. Throughout,
the data are taken as fixed. We have the following result, which is a small generalisation of
Theorem 3.1 of [3] and follows directly from its proof; it illustrates stability of ESSg 4)(N) as
d — oo. (For simplicity we write g(l) (x) instead of g(l)(yu, X).)

Proposition 3.3. Assume conditions (Al)—(A2) for kernels kil), lef{l,...,L}. Suppose that,
for each | € {1,..., L}, we have g¥' € B,(E). Then, for any fixed N > 1 and n > 1,
ESS(0,4y(n, N) converges in distribution to

ZIN=1 e2?!

k]

where Z' ~ N(0, 2) are i.i.d. with

1 ! n o~ do ()
=3 [ Rl = K Bl 1 a0,

where g A( ) i the solution to the Poisson equation g(l)(x) — ]TS(Z) (g(l)) = §§’) x)— ks(l) ('g\g))(x).
In pamculai;
Z’ 2
lim E[ESS,q)(N)] = |:(Z ) ]
d=00 YL e

As for the case with annealing densities, there is a direct extension to the case where we
resample. In addition, we can easily extend the results in Section 3 in the data-point tempering
case examined here. In connection to filtering, this is a class of densities that falls into the
scenario of a state-space model with a deterministic dynamic on the hidden state (i.e. only the
initial state is stochastic and propagated deterministically; see, e.g. [6]). This is a scenario
where we would want to use SMC methods, even if MCMC techniques work very well; this is
due to the fact that the problem is sequential by its nature—see [16] for real examples in such
a context.

4. Numerical simulations

We now present two numerical examples, to illustrate the practical implications of our
theoretical results. It is noted that the state space E is not compact here, yet the impact of our
results can still be observed.

4.1. Comparison of annealing schemes

We consider a target distribution comprised of d i.i.d. N(0, 1) coordinates. The bridging
densities are, in this case,
T (s)(X) o exp{—1(s)x?}. 4.1

Two annealing schemes are considered:

o(s) =¢o + (1 —¢0)S;
v(s) = ¢°e — Ly <1 _¢°>e“. (4.2)

e’ — 1
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These are graphically displayed in Figure 1 (a), with & = 5.

The purpose of investigating the two annealing schemes is as follows. In practical applica-
tions of SMC samplers, we have observed that algorithms with slow initial annealing schemes
can often out-perform those with faster ones (see Figure 1(a)). Thus, we expect scheme v(s) to
perform better than ¢ (s) with respect to the expression for the asymptotic variance (3.1), and,
hence, deliver a lower relative L,-error for the estimation of the normalising constant in high
dimensions. To obtain some analytically computable proxies for the asymptotic variances (3.1)
we use the variances that we would obtain when kg (x, dx’) = m,(dx’), that is, we substitute
o) (&%) — Tpw)(g)? for n¢(u)(§£(u) — kp ) (@p@))?) in (3.1). In this scenario it is simple to
show that, under the choice (4.1), we have

26 1T 1 do)7?
Tt = 2 / [¢(u) du ] du
%o

Figure 1(b) now plots the analytically available variances aéoqbl and ag(’) | (dashed line) against ¢p.
The graph indeed provides some evidence that the scheme v(s) should give better results. This
is particularly evident when ¢ is small; this is unsurprising since we initialise from ITg,,
and, hence, if @ is closer to 1 we expect a constant increase in the annealing parameter to be
preferable to a slow initial evolution.

We ran SMC samplers with both annealing schemes with N = 10* particles and different
dimension values d € {10, 25, 50}. The choice ¢g = 1/d is used for both annealing schemes.
We used a Markov kernel k; (x, dx”) corresponding to a random-walk Metropolis with proposal
y = x + N(0, 1/25¢¢). Thus the proposal variance is 21—5 times the variance of the starting
distribution of the bridge N (0, 1/¢0). This is a choice that gave good acceptance probabilities
over all d bridging steps of the sampler. Multinomial resampling was used when the effective
sample size dropped below N /2. We made 50 independent runs of the algorithm, and calculated
the corresponding realisations of the log ratio

m*(d)+1

N

Va1 >/ < Ya.x(1) )
E log| ——V——— log| ———— 43
s Og(y;,vkl(l) *#am )

o o -
o)} e} (e}

Annealing parameter
<
~

Asymptotic variance

I
to
)

o
o

: T T T 0 T T T T !
0 02 04 06 08 1.0 0.00 0.01 0.02 0.03 0.04 0.05
s b0

(a) Annealing schemes, ¢ = 0.01 (b) Asymptotic variances
FIGURE 1: (a) Plot of the annealing parameters ¢ (s) and v(s) (dashed line), defined in (4.2), against time

when ¢g = 0.01 and & = 5. (b) Plot of adi’f] and adi’) ':)1 (dashed line) against ¢ for the case of exact
sampling with kg (x, dx") = 75(dx’) and the scenario (4.1).
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TaBLE 1: The empirical variances (over 50 independent runs for the SMC sampler) of the log ratio (4.3)
using the annealing ¢ (s) over the corresponding variances for the annealing sequence v (s).

Dimension d 10 25 50
Ratio of variances (for ¢ (s) over v(s)) 2.32 347 7.05

(note that now the resampling times and their number are random) and their sample variance.
This experiment was carried out for choices of dimension d € {10, 25,50} and for both
annealing schemes ¢ (s) and v(s). The ratios of the obtained variances for the annealing
sequence ¢ (s) over v(s) are shown in Table 1. The results confirm our theoretical findings
above for the superiority of v(s) over ¢ (s) based on the analytical expression for the asymptotic
variance even for moderate d.

4.2. Bayesian linear model

We now consider the implications of the main results in the context of a Bayesian linear
regression model (see [13] for a book-length introduction as well as a wealth of practical
applications). This is a statistical model that associates an L-vector of responses, say Y, to an
L x d-matrix, X, of explanatory variables for some L > 1, d > 1. In particular,

Y=XB+e,

where B is a d-vector of unknown regression coefficients and € ~ N (0, 17), with 1, the
L x L identity matrix. A prior density on § is taken as N;(0, 1;) which yields a posterior
density found to be the d-dimensional Gaussian Ny((1; + X' X)7'X"Y, (1, + X" X)),
where X T denotes transpose. This is the target distribution for our SMC sampler.

The objective is to investigate the bound in Theorem 3.1 and the implications of Propo-
sition 3.2. Note that the target distribution is not of product structure here. The data-point
tempering method (see Section 3.2.2) is also compared with annealing. We consider the case
d = 50, L = 50 with N = 103; the data are all simulated. The annealing scheme v in
(4.2) is adopted as well as the data-point tempering method with [10d/L] steps between
the L data-point arrivals. Particles are propagated along the bridging densities via Markov
kernels corresponding to random-walk Metropolis within Gibbs: the proposal for a univariate
coordinate x conditionally ontherestis y = x+N (0, %). Dynamic resampling according to the
ESS is employed (threshold N /2) as well as resampling at the last time step (see Theorem 3.1).
For the annealing scheme, the number of SMC steps is scaled as amultiple of d. By this increase
in the number of time steps we aim to illustrate the propagation of chaos (Proposition 3.2).
We fixed d = 50 for computational cost considerations, but the SMC algorithms will easily
stabilise for much larger d.

Each SMC method is repeated 100 times. We calculate the mean square error for the
estimation of E[B; | Y] (analytically available here) over the 100 replications and we compare
with the corresponding error under i.i.d. sampling of the posterior of f1; the results are reported
in Table 2. In the table we can observe the increase in mean square error of the (annealed)
SMC algorithm relative to i.i.d. simulation. The increase here is not substantial, as indicated
by Theorem 3.1, although one may need to take d very large (and have an i.i.d. target) before
the bound in Theorem 3.1 is realised. As the number of time steps increases, we can observe
an improvement. This is due to an increase in the diversity of the population, which improves
the SMC estimate even when resampling at the end. For the data-point tempering method (the
CPU time is roughly comparable with the case of 10d time steps of the annealed SMC), the
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TaBLE 2: The mean square error when estimating [E[B; | Y] for the (annealed) SMC sampler over 100
repeatitions relative to i.i.d. sampling. 1000 particles are run and we resample at the final time step. The
error is calculated for different choices of the number of time steps for the SMC sampler.

Time steps d 5d 10d
Relative error  4.75 447 39

corresponding value of the relative mean square error is 7.5, which is slightly worse than the
annealing scheme. In general, it is difficult to draw a definite conclusion on which scheme may
be better.

5. Summary

In this paper we have considered the stability of SMC methods in high dimensions. In
particular, we considered the ILp-error of marginal estimates, the IL,-relative error of the
normalising constants, and the propagation of chaos properties. The main focus has been
illustrating stability of estimates in high dimension d for a fixed number of particles N. Some
directions for future work are as follows.

Firstly, in the context of normalising constants, one direction is the consideration of rare-
events problems, e.g. as described in [7]. Following [7], it is possible to obtain computational
complexity results for some rare events problems. Relevant to the material in this paper, we
can pose some rare-events problems in terms of the dimensionality (that is, the event of interest
becomes less likely as the dimension grows). Our results would, in many cases, not apply to
this scenario and an extension to this case is important.

Secondly, for normalising constants we have considered only the relative LL;-error. It would
be of interest to consider higher-order errors for example. In addition, by studying the normal-
ising constant, we have considered only one particular important functional that changes with
d. More generally, we can ask the following. When we can perform estimation with direct
Monte Carlo, with a cost which is less than exponential in d, is it also possible to do this with
SMC methods?

Thirdly, one important research direction would be to investigate the relevance of results in
high dimensions in the context of SMC methods used in filtering (e.g. particle filtering). This
appears to be the main interest in the literature and it may be that there is no SMC algorithm
which will always perform well in high dimensions for every model. One potentially important
algorithm in this direction can be found in [19].

Finally, we could considerably weaken the hypotheses made in this paper; as noted earlier,
the use of weaker conditions in the stability analysis of SMC methods is rather recent. Given
the work of [26] and the number of exponential moments that we need to treat, it seems that
multiplicative drift conditions (see [17]) could be adopted.

Appendix A. Proofs

A.1. Preliminary results

We summarise in Lemmas A.1 and A.2 below some results required in the proofs obtained
in [3] or implied directly from results in that paper. Recall the definition of G} j from (2.2).
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Lemma A.1. (G-asymptotics.) Assume (Al)—(A2) and g € By (E).

(1) Under the starting distribution xk ld (fk ™ t?j\l, ?d) we have, as d — o0,

i

ki 1 ;D 2
x/ﬁj = NG, Ty d ZG;@/ = NO, 05 )-
(ii) We have |E X 1(4)),[(;;"/']' < M, and, for any p > 2,

i |G}; 1P < M@V
g (tg—1(d).j J

®Nd

(iii) Under either T @) 98 in (i) or the actual particle distribution we have, as d — 00,

1
|:exp{ ZG ” — E[exp{cN (0, O’tk )= exp{zczoti | tk}
(iv) We have, as d — o0,

d
E ; [G} /.] — 0, inly,
— /d(fk 1), Jj *

& |

lg(tg—1 (), j

d
2 d(fk 1(d))/ k.j X Ak te—1:tx° .

Proof. (i) Both weak limits follow from the proof of Theorem 3.2 of [3]. Notice that a
minor difference is that, instead of the fixed times ¢¢ and 1 considered in Theorem 3.2
of [3], we now sum terms between the varying time instances 7, (d) and tx (d). However,
the proof for this case follows trivially from the proof for the fixed times due to the limits
ti—1(d) — tx—1 and ;. (d) — 1.

(i1) All these results follow directly from Theorem A.1 of [3].

(iii) This follows from the central limit theorems in parts (i) and (ii) and the uniform integra-
bility result obtained in Lemma A.6.

@iv) The first result corresponds to [3, Proposition C.4]. The second result is shown in the
proof of Theorem 4.1 of [3].

Lemma A.2. (Convergence of marginal laws.) Assume (Al)-(A2) and g € By(E). Then we
have the following.

(1) For a sequence of times s(d) € (¢o, 1), with ty_1(d) < s(d) and s(d) — s € (tx—1, 1),
and the collection of time steps u(d) = (lg(tx—1(d))+1): lz(s(d)), we have, as d — oo,

kway X7 s an.1) — T @kuc@llo = 0, in Ly,

7o @y ku@ — syl — 0.
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(i1) For a sequence of times s(d) € (¢o, 1), with ty_1(d) < s(d) and s(d) — s € (tx—1, 1),
and the collection of time steps u(d) = l;(tx—1(d)): l4(s(d)), we have

ezl:N
1:N
@i XEivan) = (—N Y )

pIMEECS
where {Zi}f\]:] are i.i.d. copies from N (0, Ut%_l:s) and, independently, {Y' }N | are Li.d.
copies from 1.

Proof. (i) The first result follows by the proof of Proposition C.4 of [3]; the second result
from Proposition A.1 of [3].

(i) The weak convergence of the weights is analytically illustrated in the proof of Theo-
rem 4.1 of [3]. The weak convergence of the positions of the Markov chain is proven in
Proposition A.1 of [3]. The independence between the Z'" and YV limiting variables
follows trivially from the fact that any single coordinate has a vanishing effect on the
weights as d — oo.

A.2. Ly-Error
Proof of Theorem 3.1. We begin by noting that, due to the exchangeability of the particles,

1 I T Nel__ o _ .
E[(ﬁ E[Mé;,]) - n(w)]) } = NE[{w(X},,l)}Z] + TE[qo(X;,l)mxz,l)], (A.D)

where we have set 9(x) = ¢(x) — m(¢). Starting with the first term on the right-hand side of
(A.1), and averaging over the noise introduced by resampling, we have

1 . 1Y . .
SEUEXG P = 4 D B, @ (X )]

where we have set u(d) = l;(t,,+(d)) : d. Recall that w; ) denote the normalised weights. By
the asymptotic independence result in Lemma A.2(ii), we have

Y : var, [¢]
Jim Z]E[wu(d){q)(xd DY = —E[Z N—ZI{WU}Z} =
o1 2i=1€
where {Z’}N1 are i.i.d. from N (0, 0 .-1)> and, independently, Y-, ... , YN are ii.d. from 7.

We now look at the second term on the rlght hand side of (A.1). Averagmg over the resampling
index and invoking again the asymptotic independence result of Lemma A.2(ii), we have

N
El@(Xy )9(X3 D1 =Y E@* (X} )@ )1+ > El@(X) DXy )W, )0l )]

i=1 i+l
) N e2Zi
> (@ )E[ —]+o
R PO
) e2z1
= N7 @E| — A2
7 (@) [@N:lezlﬂ} A2
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for random variables {Z’ i~ as defined above (in the last calculation we took advantage of ex-

changeability). We have the decomposition (writing 0% = 0'12 eyl for notational convenience)

e27! 1 27! 2 e22! .2 21N=1 eZ'\2
N oz T N2 oo T ¢ N oz \& T N '
Q_iz1e%) € Qo121 e%)
We concentrate on the second term. Using Holder’s inequality, we have
e2Zl o? ZIN=1 eZl ?
Bl zm\& Ty —
Qi=1e) N

1 N 7IN2
< Em[ ;32 : ]]Em[ oo _ <Zl=l e’ )
Qime%)? N

Setting Z(1 := min;<;<y Z we get (also using Cauchy—Schwarz)

1

37!
E[<z—§ zz)‘a] < Bl 7 < RV 1)
1=1¢ )

By standard results on order statistics the probability density function (PDF) of Z(1 is upper
bounded by N times the PDF of N (0, 02). So, we have

—_6zM 2
E[C 6Z ]S NelSo‘ ]

By adding and subtracting ¢’ in the summand and multiplying the square, we can use
Minkowski and the Marcinkiewicz—Zygmund inequality to obtain

N _7I\2
IE1/3[ 0o’ _ (Zl:l e’ >

N
for some M < oo that does not depend upon N or o2, Putting together the above arguments,
we have shown that the right-hand part of the right-hand side of (A.2), when d — o0, is
upper-bounded by the quantity var, (¢)((1/N )e”2 + M 617"2(1 /N7/6)) which completes the
proof.

3 Mebo’
= N1/2

A.3. Normalising constants

Proof of Theorem 3.2. By the expression of the normalised variance (and the fact that the
different particles are i.i.d.), we can recentre to rewrite

—=N 2
Va(ya(1) = E[(V_‘f L 1) }
7a()

with
N

d d
1 1 . 1
—N o — _ 1
Vd(l)_ﬁ E exp{g E G’j}, yd(l)_E[exp{g E Gj”,
i=1 j=1 j=1
where we have now set

d—1

Gh=(1=¢0) Y (e(Xj, ) — Elg(X} ) (A.3)

n=0
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andi € {l,...,N}, je{l,...,d}. Wehave

=N 2

7 (1) ” )
E —1 =1—-—F 1 E[y; (1
[(nm d<1> 7 (D) + —<1)2[ 4 (17’

E[7) (171, (A4)

70

where we have used the unbiasedness property (e E[FY 4 (D] = y,4(1)) of the normalising
constant; see, e.g. [9]. We define 7l = (1/d) Z,:l G’I for G’J. definedin(A.3)and1 <i < N.
Thus, due to the Zéis being i.i.d., we have
1 1 1 1
E—lez_E 2Z, 1 — — ]E2 Zd_
vy (D] N[e 1+ N [e“d]
By Lemma A.1(iii), applied when #;_1(d) = ¢o and tx(d) = 1,
E[ezzcll] — exp{2a£0:1}, E[eZ d] — exp{ a¢0 1}
Using these limits in (A.4), and also recalling that y ;(1) = E[ezd], gives the required result.
Proof of Theorem 3.3. Denote

N d
_ 1 1 : _ 1
o=+ exp{g > G j}, Zar(D) =Eqons [exp{ 22 G, ” (A5)
i=1 j=1 j=1
for the standardised G};’ j in (2.2). We look at the relative IL,-error

m*+1 m*+1 —N (1) 2
Vz( I1 J/d,k(l)) = (l_[ 1) ]

k=1 k=1 ydsk(l)

Using the unbiased property of normalising constants (see, e.g. [9]), we have

m*+1 =N 1 29 m*+1 —N 12
(I 7 == 11 S -
| d.k

iz Yax(D bl

For notational convenience, we set:

v 32 5 E [7“(1)2}
kd ‘= — 75> kd ‘= ®Nd | ———
yd,k(l)z [k 1(d) Yd k(1)2

k
Alga = 1_[ Ag.d, Oik,d = H 8g.d-
g=1

q=1

Following the definitions of 72’ (1) and ¥, (1) in (A.5), and exploiting independence among

: ®Nd
particles under T, )y Ve have

[75,,41)2]  WElexpl3 0_, G+ (1 — )E2[expl} X, GL )]
e [ 7 (M?] E2[exp(} Y-9_, G} ;)1

—g2 2 2 l 1— l 2
— exp{ le—13tk} exp{ Utk—l:tk}N + N exp{otk_]:,k}
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with the limit obtained from Lemma A.1(iii). Therefore,

m*+1

1 1
e | [ﬁ exp(207;_ 1} + (1 - N) exp{o,’f_l;,k}}
k=1

Thus, it suffices to show that the following difference goes to 0 as d — oo:
Ag = |E[A 1@ +1),a] — 81:m* 41,4

Now, note that simple calculations give

m*+1
Ag = Z ElALG—1).a Bl Aka | Y )] = 35Dt im0,
k=1
under the conventions that A1.9.¢ = 8¢u*+2):(m*+1) = 1. Applying Cauchy—Schwarz yields the
upper bound

E[A1G-1).d|E[Aa | F  @)] = Sk.all

<EYV2[AL 1) JEPIE Ak g | FY ()] — Sk.al’].

Via Lemma A.3 the second of the terms on the bottom line vanishes in the limit, so it suffices
to show that the first term on the bottom line is upper-bounded uniformly in d. Using the
Cauchy-Schwarz inequality, we have

k—1
E[A%;(kfl),d] =< HEI/Z[A;d]'
g=1

Recalling the definition of Ay g = 75’ k(1)2/7d’k(1)2 from (A.5) and using the triangle
inequality for norms, we have

1 8 <
Efyy, (D] < (ﬁ ZEI/S[GXP{; ZGZJH)
i=1 =1

Now, we can complete the proof via Lemma A.6.

8

Proof of Proposition 3.1. To simplify the notation we drop i for the particle number and

define
d
G1.a = Z Gij
j=1

for 1 < I < k. Our proof proceeds by induction. For k = 1, the result follows by
Lemma A.1(iii). Assume that the result holds at time k — 1 > 1. Then we have the simple
decomposition
L
E -
oo{ L gesial |
k—1 k—1

1 1
= E[E[eckgk,d/d | fti\/l(d)]{exp{z ECZgl’d} — E[exp{z Eclgl,d}} }i|
=1 =1
k—1 1
_ CkGr.d/d
+ E[exp{g dclg,l,d”E[e kdk,d/ 4], (A.6)
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We begin by dealing with the first term on the right-hand side of (A.6). By Lemma A.4, we
have

Ele™#/T | 7N )]~ E”rfflu) [e*94/4] = 0,

whereas, from Lemma A.1(iii), we have

E es [e%H/?] — exp{icior ..} (A7)

Ti_1 @
Moreover, by the induction hypothesis,

k—1 k—1

k—1 k—1
{exp{z %clgl,d} - E[exp{z éclg,l,d”} > exp{chXl} - exp{% chzat?—litl }
=1 =1

=1 =1

The expression in the expectation of the first term of (A.6) is uniformly integrable: indeed,
careful and repeated (but otherwise straightforward) use of Holder and Jensen inequalities will
eventually give

k—1

k—1
‘ 1 1
it 52 o] X gt 2w X e}

=1 =1

k—1 k 1 1/(1+87)
)
=1

=1

IL]-H:‘

for positive constants ¢/, 81k, and M independent of d. As a consequence, convergence in
distribution also implies convergence of expectations:

k—1 k—1
1 1 1
Gka/d N — _ - -
E[E[ec" kod I?}kl(d)]{exp{;dqu,d} E[exp{dgdqgl,d””
k—1 1k—l
— IE|: exp{ckatk Lt {exp{z chl} —exp{ chzatlzm}”
=1 =1

0.

Now turning to the second term on the right-hand side of (A.6), we work as follows:

E[eﬂkgkd/d] _E[]E[eckgkd/d| k 1(d)] Eﬂ@d [eck?fkd/d]]+E od [eCka,d/d]
f—1(d

k 1d
-0 +exp{ ckai 1:lk}’
from Lemma A.4 and (A.7). Thus, we can deduce, by the induction hypothesis, that

k—1

k

1 l

E[exp{ E Eclglde]E[eCk%k/d — exp{ E c, o 1t1} = H]E[eClZ]
=1 =1

which completes the proof.
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Lemma A.3. Assume (Al)—(A2) and g € Bp(E). Then, foranye >0, N> 1,and 1 <k <
m* +1,
—N 2
7D ,
Fiu 1(d)} - E”t‘fivf(d) [m — 0, inLjyg.

Proof. Due to conditional independence among particles given 57 " @) We have

[yd N (1)?
Vax(D?

Vd k(l) | 7 T 1(d)]

{7
gl el )

(A.8)

Now, for any constant ¢ > 1 we have

d

d
c .
supE_ oV [exp{g ;Gj”” < 00

from Lemma A.6. Hence, it suffices to prove that, for any constant ¢ > 1, we have, asd — oo,

d
c . .
slew; ZG o] -my [orl 3 et 0 mran
j=1

The factor of two in the norm arises since we have to use Cauchy—Schwarz to separate the product
terms on the right-hand side of (A.8). Now, Lemma A.4 established the above convergence in
probability; this, together with uniform integrability, implied by Lemma A.6, establishes the
result.

Lemma A.4. Assume (Al)—(A2) and that g € Bp(E). Then, forany N > 1,i € {1,..., N},
ke{l,...,m*+ 1}, andc € R,

d
c ; P
lew| 7 ZG 7] =B, [p{zZGH -0
Proof. By the conditional independence along j, we have

d
_ . (c/d)G,
[exp{ ZG } ‘ k= ](d)i| B nEX[d(’k—l(d))vj[e “/1-
j=1

We now omit various sub-/superscripts to simplify the notation, using also E, = E and

T—1 ()
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E, =E, We can rewrite

Xo,j Xigg_y@).j’
d c d
o) [r]-renfonfs o]
li[ E

QJ

|:exp{
d (B, -— _
CGf/d])[]_[{ XO‘I’En[ech_/d] +1p—1]. (A.9)

J=1

(112

From Lemma A.1(iii) it follows that ]_[ i1 Ex [ecCild] — exp{;czat% y tk} hence, we can now
concentrate on the second factor-term on the right-hand side of (A.9). We will replace the
product with a sum using logarithms. To that end, define

(Ey,  — Ex)[ecCil]
E[e“C//]

Bj(d) =

Note that, since g € B, (E), we have G ; /d bounded from above and below. Hence, there exist
an ¢ > 0 and M > 0 such that

—1+e=<B;jd) =M < o0. (A.10)

We need to prove that exp{Z‘;=1 log(1+8;(d))} —1 ~> 0. We consider a second-order Taylor
expansion of the exponent

d

d
1
> log(l + B;(d)) =Z{ﬂ,(d> 2Wﬂ (d)}, (A.11)

=1 j=1

where §;(d) e [0 A Bj(d),0V B;(d)]. By Lemma A.5 we have

d d
Y Bid) >0, Y pHd) >0,

j=1 j=1

Since the &;(d)s are bounded due to (A 10), these two results imply, via the Taylor expansion
in (A.11), that Z = 1 log(1 + Bj(d)) = 0 also. Due to the continuity of the exponential
function, this now implies that exp{zj 1 log(1 + Bj(d))} —1 = 0 and the proof is now
complete since weak convergence to a constant implies convergence in probability.

Lemma A.5. Assume (Al)—(A2) and g € Bp(E). Then we have, for any N > 1,i €
{1,...,N}, ke{l,..., m*+1},andc € R,

yel)
d EV) (e y@n. E”fkqw)}[ech'j/d]
(1) Z Ak - — 0, inLy.
st E [e“Cki/]
Ttg—1(d)
cGi . /d
Xy @, —En e SN
(ii) Z( (g1 @), ] o ) — 0, inlL;.
c .
By yale 7]
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Proof. To simplify the presentation, we drop many super-/subscripts; that is, we write the
quantity of interest as:
Gj/d
(g, , — Ex}leOr/]

Er[e¥i/]

Note that E,[eCi/4] = E,[e¢C1/4]. Since |g| is bounded, |G1/d| is also bounded, and
therefore ., [e°C1/4] is lower and upper bounded by positive constants and can be ignored in
the calculations. We will be using the second-order Taylor expansion

G, 1 ¢Gj\?
Gjjd _ 4TI L@ Y A2
€ =1+ + 26 < d > s ( )

where §;(d) e [0Ac¢G;/d,0V cGj/d].
Proof of (i). The Li-norm of the variable of interest is upper bounded by (recall that
E[G;]=0)

d

Sl = flo(2)])

j=1

C2

—E
2

E

d E CGj
2 Bi| 27| *

j=1

The first term in this bound goes to 0 by Lemma A.1(iv). Thus, considering the second term,
we have the trivial inequality (for convenience we set 02 = o> ., )

_O—tn—litn
d G 2
S R A
=1t
d 2 d 2
Gi Gi
y §jd) _ —J =J _ 52
<e2en [ -0(7) e [(F) ]
Jj=1 j=1
1
+ 02_ EEﬂ[e (A13)

Note that:

e |£1(d)| < M (due to the boundedness assumption on g);

e £1(d) > 0 in distribution (thus also in I, for any p > 1 due to the above uniform
bound);

o E;[G}/d] — o2,

with the last two results following from Lemma A.1(i,ii). These results, together, imply that
the last term on the right-hand side of (A.13) goes to 0. For the first term on the right-hand side
of (A.13) we work as follows. Since for each j, |G;/d| is bounded, we have lefid — 1| <
MI|&;(d)| < M|Gj/d|. As aresult, using the triangular inequality and then this latter bound,

we have
d 2
G
Z (d
j=1
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From Lemma A.1(ii), the latter term is upper-bounded by (M/d>)dd>/* — 0. Now, for the
second term on the right-hand side of (A.13) we work as follows. We have

Ex,. [G7]= Eg, [(G) = lE;(OJ[G,-]V] + E§o,,- [G;].
Lemma A.1(ii) gives |[E;  [G;]| < M, so we have (1/d?) Z, 115:2 [G ]— 0inL,. The

result now follows from Lejmma A.1(3v).

Proof of (ii). We will use again the Taylor expansion (A.12). Clearly, the ILj-norm of the
random variable of interest is bounded by

(o [F) T2 e ([, = [3(5) )]

The first term goes to O from the first result in Lemma A.1(ii), and the second term goes to 0
from the second result in Lemma A.1(ii) applied here for p = 4.

Lemma A.6. Assume (Al)—(A2) and g € Bp(E). Then we have, for any N > 1,i €
{1,...,N}, ke{l,...,m" + 1}, and any fixed c € R,

d
I .
sgp]E[exp{E ;GL” < 0

Proof. To simplify the notation we rewrite the quantity of interest as

ool Sof] = {T [ool e ]

Applying a second-order Taylor expansion for e(/?C; yields the above equal to

A [ 35 [ ))

with §;(d) € [0 AcG;/d,0V c¢Gj/d]. Using the fact that |G;/d| is upper bounded by a
constant, from Lemma A.1(ii) we have

G; M G\
|G Mo e (@b
C]E"O*f[d] < lelg 2Exof[<ej d)]

ofeoli Sorf]= (0 )

with the latter upper bound converging by standard results in analysis.

IA

C

2 M
R

Hence, we have
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A.4. Propagation of chaos

Proof of Proposition 3.2. For simplicity, consider the first g of N particles and j = 1. Then,

for a function F: E9 — [0, 1], we have, using the notation XSIEZ) = (Xsl(d) Lo X;’(d) D

|E[F(Xé(d) Dl _ns 1(F)|
= |]E[F(Xs(d) 1)] - EN%NI [F(Xg(d) 1)]| + |En$1\’l [F(Xg(d) 1)] - JT;GE;{)(FN
+ I (F) — 20U (F)). (A.14)

The last term on the right-hand side goes to 0 via the bounded convergence theorem (this follows
directly from having assumed that g is upper bounded), so we consider the first two terms. For
the first term on the right-hand side of (A.14) we can use conditional expectations and write it
as

E[ELF (X5, ) | %, o] = Eon [F (X )]

where ,‘77 \(d) is the filtration generated by the particle system up to (and including) the (n —1)th
resamphng time. The quantity inside the expectation can be equivalently written as

l:
e X0 i) = @ ku@) 4 (F), (A.15)

where we set u(d) = (lz(tx—1(d)) + 1): l4(s(d)). For 1 <1 < g we define the probability
measures

_ ®(g—1) 3 (+1
= widyra-n, dyasizg) = G @ku@)®' ™" @ ku(fiq) )(Xl(d(,k)lq(d))’l, ).

Notice the simple identity (since intermediate terms in the sum below will cancel out)
®q ®
{ku(d)( l,i(tk a1 D)~ G @ku@) 1 (dyig)

= Z(ku(d)()vffd(,k_,(d)),l, ) = Ty @dku@) ([dy) @ pi(dyia—1y, dya+iyq). (A.16)
=1

Since |F| < 1, we have | f,ul(dylz(l_l), dya+1):q¢) F(y1:¢)| < 1forany y;. Given this property
and using the identity (A.16), the expression in (A.15) is bounded in absolute value by

vl
) X1, (@10 D) — Ty @ku@y Y (dyr)

y { S mi(@yr:a—1y, dya+iy:q) F (i) H
supy,eg | [ mi(dyr:a-1), dya+1):q) F (1)

v
< Z lku@) (X7, @y 1) — Tty @Ku@ lliw-
=1

The above total variation bound converges to 0 in ILj as d — oo by Lemma A.2(i). Thus, the
first term on the right-hand side of (A.14) also goes to 0 as d — oo. The second term on the
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right-hand side of (A.14) can be treated in a similar manner. We again have the identity

l:q ®q
E;‘[@N @ [F(XY(d),l)] - T[S‘(d) (F)

k-1
’ -1
=) /{mk,l(d)ku(d) - ﬂs(d)}(dm){ﬂfig)_ '@ (1 @y k@)D (F (1))
R
1=1

< Ny @ku@) — 7s@llrv-

This last bound goes to 0 by Lemma A.2(i). Hence we conclude.
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