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Abstract

This thesis consists in three parts, all connecting to the Sequential Monte Carlo (SMC) frame-
work. The primary motivation is to understand the generalized Adaptive Multilevel Splitting
(gAMS, [BGG*16]), an algorithm that aims at estimating the rare-event transition probability be-
tween metastable states in the context of Molecular Dynamics. In the first part, we deal with the
Adaptive SMC framework, introduced by [BJKT16]. We prove that the variance estimator pro-
posed by Lee and Whiteley [LW18] in the non-adaptive setting, is still consistent in this adaptive
setting, under a slightly weaker assumption than in [BJKT16]. In the theoretical perspective, We
propose a new strategy that deals with the adaptiveness and genealogy of the particle system sep-
arately, based on coalescent tree-based expansions [CDMG11]. In the second part, we propose
Asymmetric SMC framework, a generalization of the classical SMC framework. The motivation
is to reduce the computational burden brought by the mutation kernels. We provide Central
Limite Theorem for the assoticated Feynman-Kac measures, along with consistent asymptotic
variance estimators. We remark that in some specific setting, the gAMS algorithm enters into
the Asymmetric SMC framework, which leads to a consistent variance estimator and asymptotic
normality for the gAMS algorithm. However, this result does not cover the general setting of
gAMS algorithm. Our analysis is based on generalized coalescent tree-based expansions, which
may provide an universal strategy that can be used to derive consistent variance estimators in
the general SMC context. In the third part, we propose some strategies that combine the gAMS
algorithm and modern statistical/machine learning. We investigate the coupling of gAMS algo-
rithm and a nonparametric regressor Mondrian Forests [LRT14], to improve the performance of
gAMS algorithm. The proposed iterative updating strategy may be helpful in developing auto-
mated and efficient rare-event estimation strategy in a high-dimensional and low temperature
setting.

Keywords: Sequential Monte Carlo, Interacting Particle System, Variance estimation, Geneal-
ogy, Central Limite Theorem, Rare-event simulation, Random Forests, Online learning.
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Chapter 1

Introduction

1.1 General background on Sequential Monte Carlo

Generally speaking, Sequential Monte Carlo methods (SMC) are a set of simulation-based meth-
ods aiming at sampling a sequence of probability or finite measures, usually connected by some
nonlinear operators in high dimensional state spaces. They are among the most widely used
tools in computational statistics, chemistry, finance and many other disciplines. It seems that
the term “Sequential Monte Carlo” was first coined by Liu and Chen in [LC98], where two typi-
cal problems are discussed: Bayesian missing-data problem and state-space models. In the latter
case, SMC methods are also called Particles Filters, and this term was first proposed by Del Moral
[DM96]. The most basic, and also the most famous Particle Filter was proposed a little bit earlier
by Gordon, Salmond and Smith in [Gor93], which is often referred to as Bootstrap Filter. Beyond
Filtering and Bayesian Inference, SMC methods also provide powerful tools in rare-event simula-
tion problems. A typical family of algorithms are called Subset Simulation, or Multilevel Splitting
methods. The original idea was brought in the 1950s by Kahn and Harris [KH51] and Rosenbluth
and Rosenbluth [RR55] to study particle transmission energies and molecular polymer confor-
mations. More recently, a more detailed study was conducted by Au and Beck [AB01, AB03] for
estimation of small failure probabilities in high dimensional setting. A more refined version of
this algorithm, called Adaptive Multilevel Splitting (AMS), was proposed by Cérou and Guyader
in [CGO7]. Generalized Adaptive Multilevel Splitting methods (gAMS) were introduced later in
[BGG*16] by Bréhier, Gazeau, Goudenége, Leliévre and Rousset, which are designed to solve
some typical rare-event simulation problems in Molecular Dynamics. These are the models at
the core of this thesis.

In this section, we provide some of the most important motivating examples of the SMC
methods mentioned above, as well as the basic mathematical language used in this thesis. The
reader is referred, for example, to [DdFG01] and [DM04] for a wider list of applications and
theoretical analysis. In particular, a good survey for the recent development of AMS methods
can be found in [CGR19b].

1.1.1 Particle Filters and Hidden Markov Models

The filtering problem consists in estimating the internal states in some unobserved dynamical
systems when partial observations are made, and random perturbations are non-negligible in
the observers as well as in the underlying dynamical system. The main objective is to compute
and/or sample from the posterior distributions of the states of some Markov chain, given some

1



2 CHAPTER 1. INTRODUCTION

noisy and partial observations. In this section, we present a basic setting of Hidden Markov
Models (HMM, cf. Figure 1.1) and the original algorithm of Bootstrap Filter to illustrate the basic
idea of the implementation of Particle Filters.

XO — X 1 — X 2 X, n Slgnal
Yo Y; Y, Y, Observation

Figure 1.1: An illustration of Hidden Markov Models.

We assume that (X,;n > 0) is a time-homogeneous Markov chain taking values in R%,

with initial distribution po(x)dx, where dx denotes the Lebesgue measure on R% and py(x) is a
probability density function. At each time step k > 1, we suppose that

L (X | Xi—1 = xx-1) = p (xx | Xpe—1) dxi,

where p (x | xx—1) denotes the probability transition density function of the underlying Markov
chain. The observations (Y,;n > 0) take values in R% and dy can be different from d,. We

suppose that (Yp, Y3,. .., Y,) are conditionally independent given (Xj, Xi, . . ., X,,). Moreover, we
assume that

L (Y | Xk = xx) = p(yx | xx)dyk.

A standard model that allows this structure can be reformulated as follows:

Xn = g(Xn—l) + Wy,
Y, = h(Xy) + V.

We assume that g and h are some known functions and (Wy;n > 0) and (V,;n > 0) are inde-
pendent sequences with known probability density functions. We remark that when g and h are
linear functions, and when W,, and V,, are Gaussian random variables, the problem can be analyt-
ically solved by the famous Kalman Filter, also known as linear quadratic estimation. However,
when g and h are nonlinear, the analytical solutions are intractable in general. This is one of the
main motivations of the Monte Carlo-based numerical methods such as Particle Filters. A typical
goal of HMM is to estimate recursively in time the posterior density p(x, | Yo, Y1, - - -» Yn—1) given
Yo =vo, Y1 = y1,.-., Yu-1 = yYn—1. In other words, for any test function f;,, we are interested in
estimating the integral

() = / FuGe)pGon | YooY+ s Yt

Thanks to Bayes formula, we have

p(yo: yla LICICN ) yn—l | xO:xla .. -,xn)p(XO’xls .. -,xn)
(Yo Y15+ -+ Yn-1)

p(x(]axl’---9xn | y09y1"'ayn—1) =

By the conditional independence in the HMM construction, it is easily checked that

n—1
p(y()s yl; .. -,yn—l | anxlr . -:xn) = np(yk | xk)a
k=0
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which also yields

n-1

P(Wos Y1 - - > Yn—1) = fp(xo, X1y vy Xn) np(yk | xp)dxodx: ... dx,.
k=0

Therefore, the integral of interest becomes

[ £ Gen) T17 2 (uie | x0)p(%0) TT} o Pk | X—1)dxodxs . .. dxy
T2 (i | xi)p(x0) TT7—g p(xkc | Xpo1)dxodacy ... dxy

In(ﬁl) =

The idea of Particle Filters is to simulate N particles at each iteration of the algorithm. Then, by
applying the importance sampling and bootstrap resampling steps, the quantity of interest I,( f,)
can be estimated recursively in time by exploiting the corresponding empirical measures. More
concretely, the mechanism of the Bootstrap Filter is the following:

(i) Initialization:
Setk =0;

Fori=1,2,...,N, sample xéi) ~ po(xp).

(if) Importance weights calculations:

Fori=1,2,...,N, calculate importance weights a)l(f) =p (yk | xlgi)).
(iii) Resampling step:

Resample with replacement N particles

(f](cl),fg), e, f](cN)) from the set (x,il), x](cz), .. .,x,EN))

(v (2 (N)
PR HTRN Gy )

according to the importance weights (w

(iv) Importance sampling step:
Setk=k+1;

(i) _

Fori=1,2,...,N, sample x; p(xk |5E]£?1),

Go to step (ii).

By replacing the posterior distribution with its empirical version, the integral of interest can
therefore be estimated by

i 1S 0
() =5 2 ).

As shown above, the implementation of Particle Filter is straightforward and can be applied to
a very large class of state-space models. The price to pay for this simplicity is the relatively
expensive computational cost. For this topic, the reader is referred to [DdFGO01] for more de-
tailed analysis and possible variance reduction techniques that can be applied to increase the
performance in real-world applications.
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1.1.2 Subset Simulation and rare-event simulation

A rare event is an event with non-zero, but extremely small probability. To give an idea, this
probability can be lower than 1072, Generally speaking, when the probability of interest is
extremely small, it is nearly impossible to have a single sample such that the event of interest
occurs within a reasonable simulation time through a crude Monte Carlo approach, let alone
to collect a handful of realizations to conduct any meaningful estimation. One typical example
in real-world applications is the risk management in insurance, in which case it is important to
estimate accurately the probability of some kind of catastrophe. Another example is when we are
interested in simulating some certain transition paths between metastable states of a stochastic
dynamical system. It can be a transition procedure that is not rare at the macroscopic scale.
However, when the associated dynamic can only be simulated with a very small time step, the
event of interest then becomes rare in the simulation timescale.

A classic solution for rare-event simulation problems is to apply Important Sampling (IS)
techniques. If the underlying probability distribution is 5, we draw samples according to another
auxiliary distribution 7, and weight each observation X = x by the Radon-Nikodym derivative
w(x) = dn(x)/dr(x). When the auxiliary distribution is well chosen, Importance Sampling
methods may dramatically decrease the variance of the estimated probability. As a consequence,
sample sizes needed to conduct reliable estimation may also be dramatically reduced. The readers
are referred to [RC10] for a discussion on Importance Sampling techniques in general, and to
[Buc10] for the context of rare-event estimation. However, the efficiency of IS methods depends
highly on the choice of the auxiliary distribution, and it may completely fail for bad choices
even compared to naive Monte Carlo. A good choice of auxiliary distribution 7 requires strong
knowledge and careful analysis on the underlying probability measure # and the rare event of
interest, which is not always tractable.

In this thesis, we mainly discuss another possible approach, that is referred to as Subset
Simulation, or Multilevel Splitting. Compared to IS methods, fewer information is needed to
conduct reliable estimation and inference, at the cost of a heavier computational cost. Some
comments on the comparison of these two approaches can be found in the survey [CGR19b],
which will not be discussed in this thesis. In this section, we present a static rare-event simulation
problem in order to have a big picture in mind. A more detailed setting in Molecular Dynamics
is provided in the following sections. Let E be some Polish space, namely, a separable completely
metrizable topological space. As is shown in Figure 1.2, we assume that there exists a decreasing
sequence of events

E=A1D2A DA DA D---DA, 1 DA =A,

where A, denotes the rare event of interest. Let r(dx) be a probability measure on E, and the goal
is to estimate the probability p. := n(A.). Let X be a random variable with distribution 5 (dx).
Thanks to Bayes formula, we have

n
P(XeA*):l_[P(XeAP|XeAP_1). (1.1)
p=0
The basic idea of Subset Simulation is to estimate the probabilities
P(XeA,|XeAy)

term by term, and the final estimator is therefore constructed as the product of these estimators.
The intuition behind this formulation is that each term of the conditional probability is not so
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A, = A,: rare event of interest.

Figure 1.2: The big picture of Subset Simulation.

small compared to the probability of the rare event of interest, and one expects that when they
are estimated separately, the variance of the estimation can thus be reduced. In order to achieve
this, it is required to be able to simulate according to some nontrivial transition kernel M, (x, dy)
at each time step n > 0 such that

PAnMn = PAn;

where P4, denotes the law of X given that X € A,, namely,

Pa,(dx) = 1xea,n(dx)/n(Ay).

A standard construction is given by Metropolis-Hastings techniques (cf. Figure 1.3). More pre-
cisely, we assume that n(dx) is absolutely continuous w.r.t. some reference probability measure
dx on E, and there exists an 5-reversible Markov kernel K on the state space E, that is

V(x,y) € EXE, n(dx)K(x,dy) = n(dy)K(y, dx).
A Metropolis-Hastings kernel can then be constructed:
My (x,dy) == K(x,dy)1a,(x)14, (y) + 6x(dy) (lE\An (x) +14,(x)K(x, E\An)) .

Since K is assumed to be p-reversible, standard calculations ensure that M, is indeed P4, -
invariant. Roughly speaking, the Markov kernel M, only accepts the transitions within the event
Ap; all the other kinds of transitions are rejected. In practice, this Markov transition kernel may
be applied several times to ensure a certain level of acceptance rate in order to ensure decorre-
lation between the initial condition and the new sample. Namely, one may replace M, by M,(lk)
defined by

M =M, My M,
| —
k times

Now, let us introduce the dynamic of Subset Simulation.
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if rejected
@ accept ,@
_________ - Ay
"7 K(xdy) Tl
- rejecf I

- N
s N
s . N
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’ N
’ - N
’ N
’ @ E\An )

Figure 1.3: The construction of a P4 -invariant kernel.

(i) Initialization:

Setty =p =0;

Fori=1,2,...,N, drané ~ n(dx).
(if) Absorbing time:

Denote by I, the set of the indices of the surviving particles at level p, i.e.,
I ={ie N | X} e 4},

with [N] :={1,2,...,N}.
Stop the algorithm if I, = @ and then set 7;y = (p — 1) V 0.
(iii) Selection:

Fori € I, let X.;) = X;;.

For i ¢ I,, uniformly draw a random index oc;, in I, and let )A(;‘, = Xp".

(iv) Mutation:
Setey =p+landp=p+1;
Fori=1,2,...,N, sample Xli ~ Mp(j(vli_l,dx);
Stop the algorithm if p = n;
Otherwise, go to step (ii).

At each iteration of the algorithm, each term in (1.1) is estimated separately by

41,
P(Xe€Ay|XeA)~ ~ X 1y p-

Therefore, the estimator of p, is defined by

N #{1|X GA}l—[#Ip

P* — X 11'N>n

Note that it is possible that the particle system degenerates before the desired time horizon n,
namely 7y < n, when the sequence of subsets (Ap; 1 < p < n) or the transition kernels (Mp; 1<
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p < n) are poorly designed. Theoretically speaking, one may encounter a situation where Subset
Simulation is worse than naive Monte Carlo. Hence, in practice, it is of crucial importance to
construct properly and wisely the sequence of subsets. This is one of the key motivation of AMS
methods, where these subsets are generated “on the fly” and in an optimal way. Let us provide
a slightly modified version of the AMS algorithm introduced in [CDMFG12, CG16]. The setting
will be referred to as static AMS in the following sections.

Adaptive Multilevel Splitting

We suppose that the rare event of interest is defined by
A, ={S(X) > L},

where X is a random variable on E with distribution n(dx) and S : E + R is a function that can
be computed for each input value x, but is explicitly inaccessible or too complex to be studied
analytically. The goal is to estimate the probability

P =P(S(X)>L").

We call L* the level of interest and this problem can be reformulated in the Subset Simulation
framework by defining
Ap ={S(X) > L}

for a fixed sequence of levels
—co=Lj<Ly<Lliy<---<L,4<L,=L"

The idea of static AMS is to estimate a sequence of adaptive levels when generating the particle
system at each iteration of the algorithm, by fixing a minimum number of particles K.. (or K, (N)
which depends on the number of particles N) to kill at each resampling step. Accordingly, the
mutation kernel M,, in the previous case is replaced by a sequence of Markov kernels M; indexed
by the level L. More precisely,

My (x,dy) = K(x, dy)1(s(x)>1}1(s(y)>L} + Ox(dy) (1(s(x <1} + 15> K (%, S (=00, L])) .

The construction is then identical to the previous case. Now, let us present the dynamic of static
AMS as follows.

(i) Initialization:
Setty =p =0;
Fori=1,2,...,N, drané ~ n(dx).
(ii) Level calculation:
Order the particles at iteration p such that
sy <50y <o <8Ny < s,
where o denotes a permutation on [N];
N _ o(K")y.,
Set L, = S(X, )
Stop the algorithm if L[I)" > L.
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(iii) Absorbing time:

Denote by I, the set of the indices of the surviving particles at iteration p,
I, = {i € [N] |S(X;;) > Lj;’}.

Stop the algorithm if I, = @ and then set 7;y = (p — 1) V 0.
(iv) Selection:
Fori € I, let X;)+1 = X;,;
For i ¢ I,,, uniformly draw a random index oc;; € I, and let )F(Vj’, = X;;;’.

(v) Mutation:
Setty=p+landp=p+1;
For i € [N]\I,, sample X;, ~ Mng_l ()?I’;_l, dx);
Go to step (ii).

Similarly, the estimator of the rare-event probability p. is defined by

#{i S( L) > L} N e
pY = u }n ~ XAN >

We remark that the algorithm above is indeed different from the algorithm discussed in [CG16]
due to some major difference in the resampling scheme. In the AMS framework discussed in
[CG16], the particles on the same level are killed according to a new sequence of uniform random
variables, in order to ensure that there are exactly K* particles to be killed at each iteration.
To the best of our knowledge, the adaptive method presented above has not been rigorously
studied in theory. Partial results will be given later under the Asymmetric SMC framework in
some special cases, that is, when the image of S is a finite set and K* is set to be 1. Roughly
speaking, this algorithm can be regarded as a static version of the gAMS algorithm introduced in
[BGG*16]: at each iteration p, the resampled particles perform a mutation step according to the
adaptive kernel MLN and the surviving particles stay at the same site. Only the construction of
the Markov kernel ML is different. This resampling scheme is different from the mechanism of
Subset Simulation introduced earlier in this section: in Subset Simulation, all the particles mutate
after each resampling step, while in the AMS, only the killed particles mutate. The intuition of
this modification is to reduce the computational cost brought by the mutation kernel MLN at each
resampling step. Imagine that K* is set to be very small compared to N, say, K* = 1. Most of the
particles will survive at each resampling step. If we only execute the mutation to the resampled
particles, the computational cost will be dramatically reduced. This resampling scheme will be
referred to as asymmetric resampling scheme, namely, the surviving particles and the resampled
particles mutate w.r.t. different Markov kernels. This difference will be addressed several times
in the following sections as it is one of the core problems discussed in this thesis.

In the same spirit as for the static AMS framework studied in [CG16], we expect that with
the same regularity assumptions, when the number of particles to kill K, (N) is set to be

K.(N) = | (1 - a)N]
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for a prefixed ratio a € (0, 1), the asymptotic behavior of the algorithm presented above is iden-
tical to a “limit” fixed-level Multilevel Splitting models with

Ly =Fyxy(1—a) S Ly = Fgly (1-a®) < -+ < Ly = Fgl\ (1-a") < L,

where Fg, (IX) (1-a) denotes the (1—a)-quantile of S(X). In this limit case, we have equal transition

probabilities at each level, namely,

P (S(X) > L

S(X) > L;_l) —a.

It is well understood that this balanced case is the optimal one in terms of asymptotic variance for
the fixed-level models. The interested reader is referred to Section 3.5 of [CGR19b] and reference
therein for details.

1.1.3 Feynman-Kac particle models

For the theoretical analysis of the algorithms presented above, we use the language of Feynman-
Kac particle models mainly developed by Del Moral and his co-authors (see, e.g., [DM04]), which
provides a powerful and elegant approach to reformulate different models under the SMC frame-
work. To give an idea, we start with a brief introduction on the connection between Feynman-Kac
particle models and the Feynman-Kac semigroup. Let (X;;t > 0) be a Markov process taking
values in R? with initial distribution X, and transition function Ps ;. For a Borelian function
V : R? > R, the Feynman-Kac semigroup is defined by

VAe BRY), Pl (x,A)=E [IA(Xt) exp (/t V(Xs)ds)

Xs=x].

Revealed by Feynman-Kac formula, the Feynman-Kac semigroup is strongly connected to the
solutions of parabolic Partial Differential Equations. If one is interested in simulating according
to this semigroup numerically, it is then necessary to consider the discretization in time. Taking
s =0, for any ¢t > 0, we consider a time discretization

0=ty <t <ty <-+<tpy<ty=L.
Under proper regularity assumptions, the Feynman-Kac kernel PX , can be approximated by

n-1

Py (6, A) ~ E [14(X,,) [ ] exp {V(X,,) (tp1 = 1)}
p=0

X():x

5

where the Markov chain (X, ;n > 0) is a discrete-time approximation of the continuous-time
Markov process (X;;t > 0). With a slight abuse of notation, we denote X, := X; . The Markov
kernel from X;,_; to X}, is denoted by M,,. In addition, we also denote

Gp(x) == exp {V(x)(tp+1 - tp)} .
As a consequence, we have

n-1

140X [ ] Gp(%,)

p=0

X():x .

P(Kt(xaA) ~ QO,n(x;A) = E
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Similarly, for each p < n, Pt‘; +(x, A) can be approximated by

n-1

Py (%, A) % Qpn(x,A) = E 140X [ | Ge(Xe) | Xp = x| . (1.2)
k=p

The semigroup Q,, , defined above is called a discrete-time Feynman-Kac semigroup. More gen-
erally, given a Markov chain (X,;n > 0) with initial distribution #n, and transition kernels
(Mp;n > 1), as well as a sequence of bounded nonnegative potential functions (G,;n > 0),
we call Q) , defined in (1.2) an element of the Feynman-Kac semigroup and we call Q,(x, dy) :=

On-1.n(x,dy) = Gp—1(x)M,(x, dy) a Feynman-Kac kernel. The measure y, defined by

Yn(A) = n0Qon(A) = E

n-1
14X | ] Gp(Xp)
=0

is called the Feynman-Kac terminal measure at time n. We also define the corresponding nor-
malized version 7, by

" Yu(A) E[lA(Xn) Z;é Gp(Xp)]
Mn(A) = =

(1) E[ Z;é Gp(Xp)]

Remark that 7, is well-defined if and only if

Vn>0, E >0,

ﬁ Gp(Xp)
p=0

which is assumed in the following. The elegant part of this formulation is that even for some
a priori different applications, such as HMM and rare-event simulation, the essentials of the
problems are identical. More precisely, in HMM, if we take G,(x) := p(y, | x), the prediction
problem of estimating I,,(f;) can be reformulated as to estimate ,(f,). Similarly, for rare-event
simulation, if we consider G,(x) := 14,(x), the estimation of p, can be reformulated as the
estimation of y,,(14,). Hence, in order to study the properties of the stochastic algorithms, which
are essentially the same as explained in the next section, there is no need to return to the details
of the models.

McKean interpretation and Interacting Particle System

Now, we give a brief introduction on how we can simulate according to the Feynman-Kac mea-
sures y, and 7. First, we remark that

n—1
Ya=nn | | 10(Gp). (1.3)

p=0
By definition, it is obvious that the unnormalized measures y,_; and y, are connected by the
Feynman-Kac kernel Q,, i.e,, y, = yn-10n- A natural question to ask is whether the sequence
of probability measures (7,;n > 0) can also be connected by some transition kernels. We con-

sider the McKean-type kernel K, , (x, dy) indexed by some entry probability measure 7 such that
(Gp-1) > 0 and defined by

nQn(dy)

Kn’”(_x, dy) = eGn_l(x)Mn(x, dy) + (1 - 6Gn—1 (X)) U(Gn—l) ’
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where € is a constant in [0, 1/]|G,—1]|»]. Standard calculations give

Un—lKn,r]n_l =Nn.

By “McKean kernel” we mean that the definition of such kernel depends on the probability mea-
sure of the previous step, and a discrete-time stochastic process that is connected by McKean
kernels is referred to as a McKean chain. Unlike the Markov case, the transition of the normal-
ized measures from 7,1 to n, depends on the probability measure #,_; itself. Therefore, it is not
possible to simulate directly according to K, ,_,. A natural solution is to construct an Interacting
Particle System (IPS), such that at step n — 1, N particles Xp_q := (X},
an approximation of 7,_;. Then, by exploiting the empirical measure

N
X: ..., X, ,) samples

(1.4)

| —
M=
4

i=1

we are able to sample from the approximated kernel K, , v - Similarly, by replacing each normal-

ized measure 7, by its particle approximation qgl in (1.3), we define

n-1

=1 ]_[ my (Gp).

In this way, an IPS is therefore constructed, along with the particle approximations of (1,;n > 0)
and (y,;n > 0). Now, let us provide the dynamic of the Feynman-Kac IPS.

(i) Initialization:
Set p = 0 and 5y = 0;
Sample Xy ~ n&N

(ii) Absorbing time:
Stop 1f17 (Gp) =0 and then set 7y = (p — 1) V 0.

(iii) Markov transition:
SetTN=p+landp:p+1'
Sample X, ~ ®l 1 Ky 1 )

Go to step (ii).

By definition, it is obvious that (X,;n > 0) is a Markov chain with absorption taking values in
EN. Roughly speaking, the IPS can be seen as a numerical technique that uses a Markov chain
defined in a high dimensional space to approximate a McKean chain in low dimensional space.
Another remark is that all the details in the mechanism of resampling are encoded in the design
of the McKean kernel K, ;. For example, in HMM discussed in Section 1.1.1, the Bootstrap Filter
corresponds to the case where € = 0. This resampling scheme is often referred to as multinomial
resampling scheme. The setting is thus referred to as Multinomial SMC. More concretely, when
€ =0, we have

19n(dy)

Kun(x,dy) = .
”7( y) U(Gn—l)
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Let nV | denote the empirical measure defined in (1.4). It is then easy to verify that

N
nl(rlfl)

K, .~ (x,dy) =
Yt Z Z@ 1 Yn— 1()(z 1)

n( l’dy)

In practice, in order to sample X' | ~» X}, according to this kernel, we first sample randomly a
parent index based on the values of the potential functions

Z n I(X 1) 5
Z( 1 Yn— I(X 1)

which corresponds to a multinomial selection mechanism. Then, based on the parent index, a
Markov transition step is executed and often referred to as a mutation step:

~ Mn(X:_nl_la )

For the Subset Simulation discussed in Section 1.1.2, the mechanism of the algorithm corresponds
to the case € = 1. In this case, ||G,||,, = 1 since G, = 14,,. Different from the previous case where
€ = 0, each particle performs a Bernoulli survival test based on its potential:

; 17~ Gn—l(Xriz—1)51 + ( Gn- 1( 1)) Jo.

Then, given the results of the survival tests (Bn ;»1 £i < N), the killed particles, namely, the
particle such that B! | = 0, execute a multinomial resampling. Finally, all the particles, i.e., the
surviving ones and the resampled ones, mutate according to the Markov kernel M,,.

In this way, by executing the mechanism encoded in the McKean kernel K, ,, we are able to
construct an Interacting Particle System (IPS), along with the particle approximations (yY;n > 0)
and (y);n > 0) of the Feynman-Kac measures. Both of these cases are intensely studied in the
nonadaptive context and many theoretical results, such as consistency and asymptotic normality
of yN and 7%, can be found in the literature such as [DM04, DM13].

Genealogy, survival history and variance estimation

We call the parent indices (Al; 1 < i < N,n > 0) the genealogy of an IPS and we call the results of
the Bernoulli survival tests (B.; 1 < i < N,n > 0) the survival history of an IPS. These structures
provide additional information on the fluctuation of the particle system. In particular, we are
interested by the variance estimation problem of the Feynman-Kac particle models.

Chan and Lai [CL13] have shown that one can derive consistent asymptotic variance esti-
mators for 71 using the genealogy of the particle system. Combined with the asymptotic nor-
mality, one is able to conduct statistical inference with a single run of the algorithm. Then, Lee
and Whiteley [LW18] provide a more refined analysis on the genealogy of the particle system,
and an unbiased non-asymptotic variance estimator for y2 is proposed. They also provide new
asymptotic variance estimators for both Y and yY, for which each term found in the decom-
position of the asymptotic variance can be estimated separately. All of these studies are done
under the multinomial resampling scheme, namely, for the case € = 0. In this thesis, we provide
new variance estimators for the case € = 1, and it turns out that the information encoded in the
survival history has to be taken into consideration. The study on these additional structures of
the IPS is still new in the domain and very few theoretical tools are available.
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Symmetric and asymmetric resampling schemes

Now, let us return to the static AMS methods introduced in Section 1.1.2. Besides the difference
in the choice of levels, we have mentioned that the mutation mechanism is also different: in the
static AMS setting, we only apply the mutation procedure to the resampled particles, while the
surviving particles stay at the same place. For a given level L, let us denote

Gp(x) = 1551, }-
It is easy to check that this resampling scheme can be reformulated by the following McKean

kernel:

1Qn(dy)
U(Gn—l) .
To the best of our knowledge, this setting is not covered in the literature of classic Feynman-Kac
particle models. To make it clearer, we consider a slightly generalized setting. We assume that
the sequence of potential functions (G,;n > 0) is [0, 1]-valued and two sequences of Markov
kernels (Z\;In; n > 1) and (M,,; n > 1) exist, such that

Kn,r; (x,dy) = Gp_1(x)6x(dy) + (1 = Gp_1(x))

YpQpn = YpQpin = Yns
where Qop)n and Q.p,n denote respectively the Feynman-Kac semigroups defined by

On(x,dy) := Gy (x) My (x, dy),

and ) .
Qn (X, dy) = Gn—l (X)Mn (x3 dy)

To give an idea, an illustration of the measures flow is presented in Figure 1.4.

él Ql,n én+1
Yo Y1 Yn Yn+1
~ 7 A ¥
Ql Ql,n Qn+1

Figure 1.4: Feynman-Kac measures flow for Asymmetric SMC.

Now, we consider the McKean kernel K, ,, defined by

nQn(dy)
U(Gn—l) '

This setting will be referred to as Asymmetric SMC in this thesis, to emphasize that the surviving
particles and the resampled particles mutate according to different Markov kernels. In particular,
when Qn = Q,, for all n > 1, that is, all the particles mutate according to the same mutation ker-
nel at each step, we say that the resampling scheme is symmetric. The setting thus returns to the
classic Feynman-Kac particle models for the case ¢ = 1 when the potential functions (G,;n > 0)
are [0, 1]-valued. With a slight abuse of language, this setting is referred to as Symmetric SMC,
to emphasize that the surviving particles and the resampled particles mutate according to the
same mutation kernel. It is well-known that symmetric SMC admits smaller asymptotic variance
than Multinomial SMC (see, e.g., Section 3.6.1). In general, the only additional requirement to

Knp(x,dy) == Qn(x,dy) + (1 = Gpy(x))
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implement Symmetric SMC compared to Multinomial SMC is that an upper-bound of the poten-
tial function G, needs to be tractable, in order to define “normalized” potential functions that are
[0, 1]-valued.

We also want to mention that in the static AMS algorithm, if S is a function that only takes
finite values, and in addition, the number of particles to kill K* is set to be 1, the static AMS
algorithm enters the Asymmetric SMC framework. This important and nontrivial observation is
inspired by the equivalence between SMC and gAMS revealed by Mathias Rousset in personal
communications and the reader is referred to [CGR19a] for discussion on this topic. This is the
original motivation for the introduction of Asymmetric SMC, which is one of the main topics
discussed in this thesis.

It is well-known that the estimation given by the unnormalized measure y2 is unbiased in
the classic Feynman-Kac particle models, namely, when all the particles mutate according to
the same Markov kernel at each iteration. However, if the underlying resampling scheme is
asymmetric, this lack-of-bias property will be lost in general. At the same time, the consistency
and the asymptotic normality are still valid. Considering the diversity of applications that can
be reformulated as the estimation of Feynman-Kac measures, we hope that Asymmetric SMC
framework may also provide new insights in other disciplines.

1.2 Rare-event simulation in Molecular Dynamics

In this section, we present a concrete example in Molecular Dynamics, namely, rare-event esti-
mation in the overdamped Langevin dynamics with two metastable states. This example is the
prime motivation for the gAMS framework widely used to sample reactive trajectories in Molec-
ular Dynamics. The interested reader is referred to [BGG*16] for more details and a very rich
list of numerical experiments.

Besides the original gAMS algorithm proposed in [BGG*16], we also provide a variant with
multinomial resampling scheme, which is referred to as Multinomial gAMS. The reference muta-
tion kernel (denoted by 7, in [BGG*16]) is set to be the most popular one in the AMS context (cf.
Figure 1.7). Since the regularity assumptions on the mutation kernel, especially Assumption 2
in [BGG*16], are fundamental for the unbiasedness of gAMS, and quite abstract in their original
form, we also provide some intuitive interpretations. The connection between gAMS and Asym-
metric SMC framework is revealed through recent developments on the level-indexed process,
which provide novel approaches to study the properties of gAMS thanks to Fleming-Viot particle
systems. The reader is referred to [CDGR18a] for a more profound and detailed introduction. We
also present the gap that exists in theoretical analysis, where the Asymmetric SMC framework
failed to cover, and why its continuous-time generalization is an interesting topic to explore. Fi-
nally, we discuss some particular generalizations of gAMS algorithm that enter into Asymmetric
SMC framework or its continuous-time generalization, and we explain heuristically why they
are promising in solving the multi-channel problems in Molecular Dynamics.

1.2.1 Overdamped Langevin dynamics and metastability

The Markov chain X = (X;,t € N) is defined by the discretization of the overdamped Langevin
dynamics:

Vt €N, X1 — Xi = =VV(X)h + V2B (Wirs1yn — Win). (1.5)
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Particularly, we let Xy = xo € E := R* and X; € R* is a random variable giving the positions
of d particles in R® at time th with h > 0 being the time step size. The function V : E — R
is the potential energy function of the system. The constant f = (kgT)~! denotes the inverse
temperature and (W;;t € R,) is a 3d-dimensional Wiener process on E. We denote P(x, dy) the
transition kernel of X.

A metastable state for X is an open subset of the state space, such that when the stochastic
process X is trapped in it, it takes an extremely long time to escape. In the overdamped Langevin
dynamics, a metastable state is typically a well in the energy landscape. In Transition Path Theory
(see, e.g. [VE14]), it is important to study the reactive trajectories that transit between such
metastable states, which is essentially a rare-event simulation problem. Let us denote A, B two
metastable states in R*. We assume that x, ¢ AU B but x is close to A. As is illustrated in Figure
1.5, our goal is to estimate the probability of X reaching B before A, i.e.,

ps =Py (18 <74) =P (18 < 74 | X0 = X0) , (1.6)
where the stopping times are defined respectively by

T4 =inf{t e N: X; € A} and 7p:=inf{t € N:X; € B}.

R2

rare event of interest

/4

Figure 1.5: Schematic picture of a 2-dimensional toy example with the level sets of V
(dashed lines).

1.2.2 Reaction coordinate

A reaction coordinate ¢ : E\(A U B) — R is a function designed to measure the advance of
a reactive trajectory towards the metastable state B (cf. Figure 1.6). Generally speaking, the
introduction of reaction coordinate can be regarded as a model reduction technique that uses
a one dimensional summary statistics to collect information on the original Markov process or
Markov chain. We suppose that there exists L* € R such that

Bc {x€E:¥&x)€]L", co[}.
For a given level L € R, we denote S; : EN + N defined by

Va = (x;;t e N) € EN,  Sp(x) :=inf{t e N: &(x;) > L}.
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Similarly, for an open subset F C E, we denote
Sp(x) :=inf{t € N: x; € F}.
We define the maximum level of a trajectory & € EN by

E(x) = sup{&(xsnsaup(@)}- (1.7)
teN
Remark that Z can be seen as a reaction coordinate in the path space EN.
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Figure 1.6: An example of reaction coordinate ¢ : (x,y) > x.

We know that the choice of the reaction coordinate is crucial for the performance of gAMS,
as well as for other rare-event simulation methods in this context. The optimal choice £* in terms
of asymptotic variance of the gAMS estimator of the probability p. is the committor function (see,
e.g., [BLR15, CGR19b]), which is defined by

E(x)=P(rp <14 | Xo=x). (1.8)

It is known that for the overdamped Langevin dynamics, £* is the solution of the following elliptic
Partial Differential Equation:

~VV -Vu+p'Au=0 onE\(AUB),

with the boundary conditions
u=0 onodA;
u=1 ondB.

1.2.3 A brief introduction to gAMS

Roughly speaking, gAMS is a generalized version of the static AMS algorithm introduced in
Section 1.1.2, dedicated to sampling reactive trajectories between metastable states. Before pro-
ceeding further, we remark that the resampling in gAMS takes place in the path space E := EN,
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which is indeed a Polish space. Before giving the precise description of the gAMS algorithm, we
want to mention that gAMS and static AMS as presented in Section 1.1.2 share the same mech-
anism when regarded as adaptive Feynman-Kac particle models. More concretely, if we replace
the statistics S in the static AMS models by Z defined in (1.7), the only difference between these
two algorithms is the construction of the adaptive mutation kernel M; . In the static AMS models,
My is built using a Metropolis-Hastings kernel (see Figure 1.3), while in the gAMS framework, the
construction of M, is guided by two regularity assumptions (Assumptions 1 and 2 in [BGG*16]).
A popular choice of My that enters into gAMS framework is defined as follows, and an intuitive
illustration is provided in Figure 1.7:

Yt = Xt if t < SL(X),

Y~ M(zx,) e { ~P(Y,_y,)) ift> S.(X).

and Y= (YMSAUB <Y>)teN (1.9)
Let us consider Xap = (X;as,,5(x);t € N) and denote by Pz.; the law of X4p given that
E(Xap) > L. It is easy to verify that My is indeed P=.|-invariant. Notice that this resampling
kernel heavily relies on the fact that we are in a dynamical setting, i.e., the random object of
interest is a Markov process, whereas the static case discussed in Section 1.1.2 is more general,

where the small probability is defined for any random variable.
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o . xS :
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reaction coordinate & : (x,y) — x

Figure 1.7: An illustration of M, that enters into gAMS framework.

Now, let us present the mechanism of the gAMS algorithm. This time, we also track the
genealogy and the survival history when generating the particle system. Recall that K* denotes
the minimum number of particles to kill at each resampling step.

(i) Initialization:
Setty =p =0;
Fori = 1,2,...,N, sample x (1.0) independently starting from Xéi’o) = xo € E\(AU B)

with transition kernel P described by the time discretization of the overdamped Langevin
dynamics (1.5), stopped when reaching A or B.

(ii) Level calculation:
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Order the particles at iteration p such that
(X)) < 5(x@@P)) < ... < XNV < 5(XON)P)Y,
where o denotes a permutation on [N];
Set L) = 2(X(K)P);
Stop the algorithm if L;,V > L*.
(iii) Absorbing time:

Denote by I, the set of the indices of the surviving particles at iteration p,

Ipz{ie[N]

= (¥ (L.p) N
=(xU )>Lp}.

Stop the algorithm if I, = @ and then set 7;y = (p — 1) V 0.

(iv) Selection:
For i € I, set X(:P+1) = X(#), AL = jand B} = 1;
For i € [N]\I,, uniformly draw a random index oc;J € I, and set X(ip) = x(%pP) A;) = oc;,
and B;, =0.
(v) Mutation:
Setty=p+landp=p+1;
For i € [N]\I,, sample X(6p) ~ MLNI()”{(W, -), where MLN1 is defined in (1.9);
- P~
Go to step (ii).

An unbiased estimator pN of the rare-event probability p. is defined by

N

Py = # {i | SB(X(i’TN)) < SA(X(i’TN))} N—1 %

N N XlL%IV>L*‘
p=0

In particular, if the selection step (iv) and the mutation step (v) are replaced by the following
variants, the corresponding algorithm will be referred to as Multinomial gAMS, for the fact that
it can thus be reformulated as an adaptive Feynman-Kac particle model with multinomial resam-
pling scheme. The Multinomial gAMS serves as a benchmark to be compared with the original
gAMS algorithm, but is of no interest in practice.

« Selection:

For i E [N], uniformly draw a random index oc;; € I, and set X () = x(@pp) E;;+1 = EZP
and B;, =0.
o Mutation:

Setty=p+landp=p+1;

For i € [N], sample X(5?) ~ MLNl(;(("’p), );
i

Go to step (ii).

Remark that in Multinomial gAMS, there is no need to track the survival history, as all the par-
ticles are resampled at each iteration of the algorithm.
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1.2.4 Level-indexed process

In static AMS, there is no unbiasedness property in general. However, by the nontrivial assump-
tions studied in [BGG*16], the gAMS turns out to provide unbiased estimations. This in practice
allows the implementation of parallel computing. The consistency is therefore ensured by run-
ning multiple gAMS algorithms and using the average as the final estimator. To the best of our
knowledge, the consistency and fluctuation analysis of gAMS w.r.t. the particle number N are
still open problems. Recent results can be found in [CDGR18a], where the underlying dynamic is
a continuous-time Markov process. The key ingredient is a nontrivial construction called level-
indexed process. Without loss of generality, we suppose that £(xy) = 0. For the Markov chain
X = (Xp; n € N), we define the level-indexed process Y = (Y;;0 < t < L*) by

Y: = Xs, a1 Si(X) < 5a(X);

) (1.10)
Y, =8 if S;(X) > Sa(X),

X() = YO and {

where O denotes the cemetery point. To simplify the notation, we assume that B = {£ > L*}.
In this case, we consider the potential function G;(y) := 1,.5. First, we provide an intuitive
interpretation of Assumption 2 of [BGG*16]. Let M; be a Pz~ -invariant kernel. When a refer-
ence trajectory x is resampled according to My, the part (xo, x1, . . ., X5, (2)-1) can not be changed.
Otherwise, the mutation kernel My does not enter into gAMS framework. Roughly speaking the
assumptions of [BGG*16] can be regarded as the condition such that gAMS w.r.t. X can be refor-
mulated as some continuous-time Symmetrical SMC w.r.t. Y, namely, the Fleming-Viot particle
systems. Therefore, the unbiasedness property is provided by the structure of the continuous-
time Feynman-Kac particle models. In particular, it is easily checked that in the case where ¢ can
only take finite values, say 0, 1,2,. .., n", the estimation of p* can be reformulated by Symmetric
SMC framework w.r.t. (Y;;,;0 < m < n*). However, when these assumptions are not verified, it is
then impossible to construct the level-indexed process in general. Fortunately, we still can refor-
mulate the gAMS algorithm as Asymmetric SMC models, expressed in its continuous-time gen-
eralizations on the path space. In such scenario, our work on the discrete-time Asymmetric SMC
failed to provide theoretical guarantee. So, it would be interesting to explore the continuous-time
Asymmetric SMC framework, which is left for future research.

In our analysis, we will also discuss generalizations of gAMS to new resampling kernels. The
motivation for introducing the resampling kernels that do not enter into gAMS framework is the
multi-channel problem, which is also presented in [BGG*16]. Roughly speaking, starting from
the neighborhood of A, the reactive trajectories may reach B from different channels that are
extremely unbalanced in terms of probability. This induces large variances on the estimators.
The multi-channel problem is partially due to the dependence between the trajectories, espe-
cially by the fact that a resampled trajectory and its parent share the same piece before the time
when they first pass the reference level of the mutation kernel. To counter this, an elementary
approach is to conduct rejection sampling from a lower level, which is not always practical due
to the uncontrollable computational costs. A better choice is the Particle Markov Chain Monte
Carlo (PMCMC) [ADH10] sampler since one can easily construct a Pz~ -invariant kernel by im-
plementing another gAMS using the freezing technique. The computational costs can therefore
be controlled by the size of the IPS. In both cases, the mutation kernels do not enter into gAMS
framework, even though the invariant property w.r.t. Pz~ is verified.
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1.3 Summary of the Chapters

In this section, we summarize the main contributions of the present thesis. We also briefly present
some intuition or heuristic knowledge we have collected when studying these subjects, which
may help future developments on these topics.

1.3.1 Chapter 2: Variance estimation in Adaptive Sequential Monte Carlo

A generalized version of the Adaptive SMC via summary statistics introduced in Section 2 of
[BJKT16] is investigated. We provide the conditions under which the asymptotic normality is
available, such that the asymptotic variance is identical to a “limiting” non-adaptive SMC model.
At the same time, we prove that the variance estimators proposed by Lee and Whiteley in a
non-adaptive context [LW18] are still consistent in the adaptive context.

Main results

Let (E,;n > 0) be a sequence of Polish spaces. For each level n > 1, we consider a family

of potential functions G,_1, : E,—1 — Ry and Markov kernels M,,, : (E,—1, B(E,)) — [0,1],
parametrized by z € R?. Accordingly, we define the family of Feynman-Kac kernels Q,, ; by

Qn,z (xs A) = Gn—l,z (x)Mn,z (x> A) .

We suppose that there exists a sequence of reference parameters (z},),>o and, for eachn > 1, we
denote
Gp1 = Gn—l,z;_ls My = A/In,zfl_1 and Qn = Qn,z’;_l-

By exploiting some summary statistics {, : E, — R%, such that, for all n > 0, 5,(&,) = z&, we
consider the adaptive Feynman-Kac particle models identified by the McKean kernel

NQnn(Zn-1) (dY)

Knp(x,dy) = .
4y N(Gn-1,(Zn-1))

This is an adaptive Feynman-Kac particle model under multinomial resampling scheme. Now, we
introduce the regularity assumptions required to establish asymptotic normality and to conduct
variance estimation. They are a slight generalization of the ones presented in [BJKT16] to obtain
consistency and asymptotic normality in the same context.

Assumptions For each n > 0, we assume that G, is strictly positive and bounded uniformly
overz € R4 ie.,
||G,,,.Ho0 = sup  Gp(x) < +co.

(x,z) €EpxR4

For any test function fy4; € By (En41), there exists a measurable function h,, : (E, X R%, B(E,) ®
B(Rd)) — (Rd, B(Rd)) such that, for all (x, z,,) € E, X RY,

Qn+1,z,, (ﬁ1+1)(x) - Qn+1 (ﬁl+1)(x) = <hn(x9 zn)s Zn — ZZ> .

The function h, is assumed to satisfy the following properties:

« The Euclidean norm |h,| is bounded over E, X R? by |||
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+ The application z — h,(x, z) is continuous at z}, uniformly over x € E,. More precisely,
for any € > 0, there exists § > 0, such that !zn - z:| < ¢ implies

sup fhn(x, zn) — hn(x, z’:,)| <€
x€E,

« h, satisfies the equality 1, (hn(+,2})) = 0.

Moreover, the summary statistics ¢, = (£2,..., (%) satisfies z, = 1,({,) and is such that, for all
k € [d], {,’f belongs to By (E,).

Under these assumptions, we have, for any test function f € B, (E,),
d
VN (1 (D) = 1) == N (0.62, ().

and

W(Uﬁ](f) _ Un(f)) E—d—a N (0, oy (f = Un(f))) -

—00

Moreover, convergent variance estimators of the asymptotic variances are provided respectively
by
N 1\2yN P 2
Ny, (D)V () ——= 0, (f),
N—oo

and
NVN(f = (1) —= o2, (f = ma(),

with, if E}, denotes the index of the ancestor of the particle X! at step 0,

n—1 .
V) = - e 0 FRRLOKD.

EL#E},

Note that these estimators are the same as the ones proposed by Lee and Whiteley in [LW18] in
a non-adaptive context.

Other comments

In Chapter 2, we provide a methodology such that the adaptiveness of the Feynman-Kac parti-
cle models and the variance estimation problem can be treated separately. The theoretical tools
we developed are mainly inspired by the pioneering work [LW18] of Lee and Whiteley, and we
made some modifications such that the randomness brought by the adaptiveness is easier to deal
with. As a consequence, the framework is also more consistent with previous works such as
[CDMG11] and [DMPR09]. We expect that the adaptive models that are not covered by our reg-
ularity assumptions, such as [CG16], can also be studied in a similar way. Heuristically speaking,
the regularity assumptions needed to conduct variance estimation are in general weaker than the
ones required to establish asymptotic normality. Therefore, the take-home message is simple: it
is expected that when an adaptive model has the same asymptotic behaviors as a “limiting” non-
adaptive model, the asymptotic variance estimators are also available and are identical to the
ones that can be derived in the corresponding non-adaptive context.
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1.3.2 Chapter 3: Asymmetric Sequential Monte Carlo

As briefly discussed in Section 1.1.3, Asymmetric SMC is proposed as a generalization of the
classic Feynman-Kac particle models, aiming at reducing the computational costs brought by the
mutation kernels at each iteration of the algorithm. In a very general setting, we provide con-
sistency and asymptotic normality for the Asymmetric SMC framework, which, in particular,
also covers the Symmetric SMC framework. In addition, we construct consistent and efficient
asymptotic variance estimators, that are available as a by-product of the simulation of a sin-
gle run of the particle system. Moreover, we also propose unbiased variance estimators for the
unnormalized measure yY under Symmetric SMC framework. Since the computations of the
variance estimators are highly nontrivial, we provide detailed and efficient algorithms w.r.t. time
and space complexity in Section 3.5.

Main results

Let (E,; n < 0) be a sequence of Polish state spaces. Given a sequence of [0, 1]-valued potential
functions (G,;n > 0) and a canonical Markov chain (X,;n > 0) taking values in (E,;n > 0),
with initial distribution 7y and transition kernels (My;n > 1), we define

FO) [ ]65(%)

p=0

Yn(f) =E

Assuming that y,(1) > 0 for any n > 0, we also define n,(f) := y,(f)/yn(1). For any test
function f € By (E,), when the number of particle N tends to infinity, the estimators given by
Algorithm 2 in Section 3.5, denoted respectively by y~ () and Y (), converge almost surely to

Yn(f) and 5, (f) if for any n > 1, we have

Vo, € Bb(En)a )/n—l(Gn—l X A;In((Pn)) =Yn-1 (Gn—l X Mn((Pn))

Moreover, we also have

VN (N () = va(f))  a
&,x (f) N—

N(0,1),

as well as

VN (N () = ma () 4
Gy (f = (f))  N-

where the computations of 6~ (f) and 6, ~ (f - nN(f)) are respectively provided in Algorithm
5 and Algorithm 6 in Section 3.5.

Moreover, under the condition discussed in Section 3.4.1, which at least contains the case
where M, = ]\;In for any n > 1, the estimator y2 (f) is an unbiased estimator for y, (f). Moreover,
the estimator provided by Algorithm 7 is an unbiased estimator for the non-asymptotic variance

of yy (f).

N(0,1),

Other comments

The theoretical tools introduced in Chapter 3 can be regarded as a development of the ones
introduced in Chapter 2, in order to deal with the challenge brought by the asymmetry in the
associated particle system. Although no rigorous mathematical foundation of the adaptive Asym-
metric SMC is provided in this chapter, we expect that in the same spirit as for the Adaptive SMC
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framework studied in Chapter 2, the variance estimators would still be valid if the underlying re-
sampling scheme is also changed accordingly. Many by-products of the analysis on the variance
estimators can be found in Section 3.7.8, which also help to understand the difference between
Symmetric and Asymmetric SMC frameworks. We also expect that a similar methodology can be
applied to derive variance estimators for Fleming-Viot particle systems [DCGR17], which enters
the continuous-time generalization of Symmetric SMC. In this respect, since we have mentioned
many times that gAMS enters into Asymmetric SMC framework when the reaction coordinate
& only takes finite values and the number of particles to kill is set to be K* = 1, it would also be
interesting to explore the continuous-time generalization of Asymmetric SMC framework, i.e.,
when & can be chosen as a continuous function.

1.3.3 Chapter 4: Estimating committor function with Mondrian Forests

As briefly mentioned in Section 1.2.2 and illustrated in the rich list of numerical experiments
in [BGG"16], the choice of the reaction coordinate & is crucial to the performance of gAMS and
many other rare-event estimation algorithms in Molecular Dynamics. In many cases, the optimal
choice is the so-called committor function ¢ defined in (1.8). Interestingly, gAMS can also be
used to estimate the values of the committor function. Hence, if we provide a regressor that
uses the estimations of gAMS, with some conventional reaction coordinate, as the training data,
and we use the trained model as the reaction coordinate to rerun gAMS algorithm to generate
new training data, it is expected that such iterative updating strategy may help to improve the
accuracy of both gAMS and the regressor. This is the crucial idea of Chapter 4.

In this chapter, we provide some preliminary analysis on the principles of the choice of the re-
gressor, and our choice is a new member in the family of Random Forests called Mondrian Forests,
recently proposed in [LRT14]. Roughly speaking, Mondrian Forests are a Random Forests-based
model such that online learning is available, and implemented in an elegant way. Several inter-
action strategies between gAMS and Mondrian Forests are presented and we also discuss some
possible improvements that can be applied to make Mondrian Forests even more suitable.






Chapter 2

Variance Estimation in Adaptive
Sequential Monte Carlo

abstract: Sequential Monte Carlo (SMC) methods represent a classical set of techniques to sim-
ulate a sequence of probability measures through a simple selection/mutation mechanism. How-
ever, the associated selection functions and mutation kernels usually depend on tuning param-
eters that are of first importance for the efficiency of the algorithm. A standard way to address
this problem is to apply Adaptive Sequential Monte Carlo (ASMC) methods, which consist in ex-
ploiting the information given by the history of the sample to tune the parameters. This chapter
is concerned with variance estimation in such ASMC methods. Specifically, we focus on the case
where the asymptotic variance coincides with the one of the “limiting” Sequential Monte Carlo
algorithm as defined by Beskos et al. [BJKT16]. We prove that, under natural assumptions, the
estimator introduced by Lee and Whiteley [LW18] in the nonadaptive case (i.e., SMC) is also a
consistent estimator of the asymptotic variance for ASMC methods. To do this, we introduce
a new estimator that is expressed in terms of coalescent tree-based measures, and explain its
connection with the previous one. Our estimator is constructed by tracing the genealogy of the
associated Interacting Particle System. The tools we use connect the study of Particle Markov
Chain Monte Carlo methods and the variance estimation problem in SMC methods. As such,
they may give some new insights when dealing with complex genealogy-involved problems of
Interacting Particle Systems in more general scenarios.

25
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2.1 Introduction

Sequential Monte Carlo (SMC) methods are classical Monte Carlo techniques widely used in
Bayesian inference, filtering, rare events simulations and many other fields (see for example
[DAFGO1] and references therein). The principle is to approximate a sequence of probability
measures (7,),>0 by simulating an Interacting Particle System (IPS) via an importance sampling
and resampling mechanism. The flow of measures is then approximated by the empirical version
(7N )n>0. A lot of convergence results when the sample size N goes to infinity can be found in
the literature (see for example [DM04, DM13]).

In practice, when applying these SMC methods, it is also very important to have a control on
the constructed estimators, such as confidence intervals. For this, if one has a CLT type theorem
for the test function f such as (see, e.g., [DM04, Cho04, DM08])

VN (0 () = () == N(0.0())),

it suffices to provide a consistent estimator o2 (f) of o, (f) since Slutsky’s lemma then ensures
that
VN (13 () = 1a(f)) _a
an (f) N-
A natural way to achieve this aim is by resimulating the IPS independently many times and by
estimating o, (f)? with the crude variance estimator. However, since a single run of the algorithm
may take a lot of time, this is usually intractable. In addition, as the estimator 72 (f) of 1,(f)
provided by SMC is typically biased, it is also nontrivial to implement parallel computing for a
large number of IPS with N relatively small. As a consequence, a variance estimator available
with a single run of the simulation is of crucial interest for applications.

The first consistent estimator of this type was proposed by Chan and Lai [CL13], by using the
ancestral information encoded in the genealogy of the associated IPS. Then, Lee and Whiteley
[LW18] proposed an unbiased variance estimator for the unnormalized measures yY and a term
by term estimator, with insights on the genealogy of the IPS. Both estimators are studied in the
classical SMC framework, meaning in a nonadaptive setting where the weight functions and the
Markov proposal kernels are fixed a priori.

In this chapter, we deal with adaptive SMC methods. At each resampling step, the weight
functions and/or Markov proposal kernels depend upon the history of the simulated process.
The idea is to approximate an ideal “limiting” SMC algorithm, which is usually out of reach, by
exploiting the induced information tracked by some summary statistics. Such approaches are
expected to be more efficient and more automated than the nonadaptive ones since they require
less user-specified tuning parameters.

Specifically, we are interested in the case where the adaptive SMC algorithm is asymptotically
identical to a “limiting” SMC algorithm. More precisely, we expect the asymptotic variance of
the adaptive SMC algorithm to be identical to the “ideal” nonadaptive one. This kind of stability
property is at the core of the pair of articles [BJKT16] and [CG16]. The framework discussed
in the present paper is just a slightly generalized version of the one presented in Section 2 in
[BJKT16] but still ensures the stability property of their Theorem 2.3.

Another remark is about Adaptive Multilevel Splitting (AMS), also known as Subset Simula-
tion, see for example [AB01, AB03, CG07, CDMFG12, CG16]. This is a class of ASMC algorithms
dedicated to rare event estimation and simulation. Despite the fact that our assumptions are not
verified in the AMS framework, we expect that the variance estimator would also work in this

N(0,1).
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context. Nonetheless, we believe that this case requires a specific analysis as well as different
assumptions. To account for this, one can notice that the proofs in [CG16] and [BJKT16] differ
in many points, although the take-home message is the same. In a nutshell, the main difficulty
in the AMS framework comes from the indicator functions in the potential functions as well as
in the transitions kernels, leading to severe regularity issues when dealing with CLT type results
and asymptotic variances.

From a theoretical viewpoint, to prove the consistency of the variance estimator proposed in
[LW18], we were not able to adapt their technical tools. This is due to the additional randomness
brought by the weight functions and Markov kernels in the adaptive case. As a consequence, we
propose to develop new techniques in order to estimate the terms I'? that appear in the expansion
of the variance given in [CDMG11]. The mains ideas are: first, our term by term estimator is
consistent and, second, the difference between our estimator and the one of Lee and Whiteley
goes to 0 in probability when the sample size N goes to infinity. However, in practice, one uses
the estimator proposed by Lee and Whiteley, which is computationally very simple, while the
one we introduce here may be seen as a handy tool to prove the consistency of the former.

The construction of our estimators I‘Z n uses the idea of many-body Feynman-Kac models,
which were designed in [DMKP16] to study propagation of chaos properties of Conditional Par-
ticle Markov Chain Monte Carlo methods [ADH10]. Above the specific context of the present
chapter, these connections may give some insights on how to deal with complex genealogy-
involved problems in more general settings.

Notation

Before proceeding, let us provide some notation that will be of constant use in the following.

« For any Polish space E, we denote respectively by M(E), M,(E) and P (E) the sets of
signed finite measures, nonnegative finite measures, and probability measures on (E, B(E))
while By, (E) denotes the collection of the bounded measurable functions from (E, B(E))
to (R, B(R)) equipped with uniform norm ||-|| -

+ For any p € M(E) and any test function f € B,(E), we write

= dx).

u() = [ fooutax)

A finite nonnegative kernel Q from (E, B(E)) to (F, B(F)) is a function
Q:ExB(F)— R,

such that, for all x € E, Q(x,-) € M,(F) and, for all A € B(F), Q(x,A) is a B(E)-
measurable function. We say that Q is a Markov transition kernel if, moreover, for all
x € E, Q(x,-) is a probability measure in $(F). For a signed measure gy € M(E) and a
test function f € B, (F), we denote respectively by pQ € M(E) and Q(f) € B, (E) the
measure and function respectively defined by

JO(A) = /E W(dx)0(x.A) VA€ B(P),

and

0(f)(x) = /F O dy)f(y)  VxeE.
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Given two finite nonnegative kernels Q; and Q; respectively from E, to E; and E; to Ej,
010; is the nonnegative kernel from E, to E, defined by

0102(x, A) = /E O1(x.dy) Qs A)  V(x.A) € Eo x B(Ey).

For two functions f, g € B(E), their tensor product is the function

f®g:E > (xy) — f(x)g(y) €R

and, in particular, we denote f®? := f ® f. For two finite nonnegative kernels Q and H
from (E, B(E)) to (F, B(F)), we denote

(Q®H) ((x,y), (A, B)) :== Q(x, A) X H(y, B)
for all (x,y) € E X E and all (A, B) € B(F) ® B(F). Accordingly, we write Q%% := 0 ® Q.

In order to define the coalescent tree-based measures of size 2, we introduce the transition
operators Cy and C; as

Co((x,y),d(x",y)) = §(xyd(x",y),

and
Ci((x,y),d(x",y")) = dxx)d(x',y").

In other words, for any measurable function H : E X E +— R, we have

Co(H)(x,y) =H(x,y) and  Ci(H)(x,y) = H(x,x).
Forall z = (x!,...,x") € EN, we define the empirical measure associated to x by
L X
m(@) = Z; 5. € P(E).

We also denote )
m®(@) = D Sxir) € P(E?),
LJj

and .
(@) = ———— ) O(xiri) € P(E?).
(@) = oD ; (i) € P(EY)
A straightforward computation shows that
N-1 1
m®(x) = ——m®(x)Cy + ﬁmez(:c)cl. (2.1)

With a slight abuse of notation, considering [N] :={1,2,..., N}, we write

N
mND) = 38 and m(ND) = m(IND @ m(IN]).
i=1
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2.2 Adaptive Sequential Monte Carlo

This section presents the formal definition and the regularity assumptions of the ASMC frame-
work studied in this chapter. The motivation is mainly from ASMC via summary statistics in-
troduced in Section 2 of [BJKT16]. We refer the reader to the latter for details on motivating
examples such as filtering or sequential Bayesian parameter inference.

2.2.1 Framework

The notations that are adopted are essentially those in the pair of books [DM04, DM13]. Let
(En, B(E,))n>0 be a sequence of Polish spaces. For each level n > 1, we consider a family of
potential functions G,-1, : E,—; — Ry and Markov kernels M, , : (E,—1, B(E,)) — [0,1]
parametrized by z € R%. Accordingly, we define the family of nonnegative Feynman-Kac kernels
Qn.z by

Onz(x,A) = Gpoy,2(x) Mp,2(x, A).

We suppose that there exists a sequence of reference parameters (z},),>o and, for eachn > 1, we
denote

Gn-1:=Gp-127_s My == My and  Qn:=Qnz .
Starting with a known probability measure y, := 1y € P(Ey), we define the unnormalized
Feynman-Kac measures y, by
Yn = ¥0Q1 - Ons
along with the normalized measures
1
Nn = m)’n-

Assumption 1 below ensures that, for all n > 0, G, is strictly positive so that

n-1
rn() = [ [15(Gp) > 0.
=0

Another formulation of the connection between normalized and unnormalized measures is thus
given by

Ya(1) = 1a(fa) [ | 10(Gp)- (2.2)

p=0

For p < n, we define the Feynman-Kac semigroup

Qp,n = Qp+1 “+ On,

and Qp »(x, A) := 6x(A). In this context, ASMC algorithms aim at approximating the sequences
of measures (y,)n>0 and (1,)n>0 by exploiting some summary statistics

{n:En > R?

such that, for all n > 0, we have
Un(gn) = ZZ-
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2.2.2 ASMC algorithm

In practice, ASMC and SMC algorithms share the same selection/mutation mechanisms. How-
ever, since in most situations of interest the parameters (z}),>o are not analytically tractable, the
potential functions (G, ), and transition kernels (M, ),>; are estimated on the fly through the
design of an adaptive algorithm.

Let N € N* be the number of particles (or samples). The Interacting Particle System (IPS)
associated to the ASMC algorithm is a Markov chain (Xy,),»¢ taking values in (EY, B(E,)®N),»0
with genealogy (Ay)n>o tracking the indice of the parent of each particle at each level. Specif-
ically, A;)_l = j means that the parent of the particle le; at layer p is X;;_l at layer p — 1. The
estimation of the normalized measure 7, is given by the empirical measure

1 N
N ._ i
M = N ;:1 5X,ll

At each level n > 0, the estimated parameters are defined by Z := ¥ (Z,). In order to lighten
the notation, we denote

Gn-1N = Gpy 2N M N = My gn and OnN = QpzN -

Then, considering (2.2), the unnormalized Feynman-Kac measures are estimated by

n-1
v (£ =y () | | mp (Gov)-

=0
In the following sections, we use the convention

N
-1

N =y = 1.

Let us give the formal definition of the IPS associated with the ASMC algorithm:

(i) Initial distribution:

At step 0, let X ~ V.

(ii) Transition kernels:

Forall p > 0, set Zf,\r = r]g(gp) The transition Xii ~w X;;H is decomposed into two steps:

» Selection: given X, = ,, we make an independent multinomial selection of the parent

of each particle by

N k
. Gp,N(x )
Sp (pda) = > L

— 6k (day,). (2.3)
k=1 ?21 Gp,N(x;z)

Thus, the genealogy of level p to level p + 1 is tracked by

N
Ap ~ X) Spn (Xp. )
i=1
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« Mutation: given the parent indices A, = a,, each particle at level p evolves indepen-
dently according to the transition kernel M, n, meaning that for i € [N],
ap
~ Mp+1,N (X ) )

i
Xp+1

Said differently, given X, and A, we have
N "
Xp+1 ~ ® Mp+1,N(X p, )
i=1

2.2.3 Assumptions

Our assumptions are introduced in a similar way as in [BJKT16], but just slightly weaker. The
reason why we can relax their assumptions is because we are only interested in the specific
situation where the asymptotic variance of the ASMC estimator is identical to the “limiting”
SMC algorithm which uses ideal potential functions and proposal kernels, namely G, = GP’Z;_l
and M, = Mp,z;l. Considering stability properties, Section 2.7 in [BJKT16] explains why this
case is particularly interesting in practice. In the following sections, we use A as a shorthand
for Assumption.

Assumption 1. For each n > 0, we assume that G, . is strictly positive and bounded uniformly
overz € R%, ie,
||G,,’.||OO = sup  Gpz(x) < +oo.

(x,z) €EpxR4

Notice that, under A1, Equation (2.3) above is always well-defined for the denominator is
always strictly positive. In the case where G, ; is only assumed to be nonnegative, as in the AMS
framework, one may consider the stopping time 7y defined by

7N = inf {p eN: U}J\I(GP,N) = 0} .

We believe that similar techniques can be applied to obtain results of the same taste as in the
present paper, but at the cost of considerable technical complications which are out of the scope of
this thesis. Let us mention that the strict positivity and boundedness of the potential functions is
also required in [BJKT16] (see page 1116 and Assumption 1 page 1118). In our second assumption,
“(-,-)” stands for the Euclidean scalar product in R? and | - | for the associated norm.

Assumption 2. For any test function fu41 € Bp(En+1), there exists a measurable function h,, :
(E, xR%, B(E,) ® B(RY) — (R%, B(R?)) such that, for all (x,z,) € E, x R%,

Onrtzy (1) (%) = Qnat (frus1) (%) = (%, 20), 20 = 23 -
The function hy, is assumed to satisfy the following properties:

« The Euclidean norm |h,| is bounded over E, X R? by ||hy||o.

« The application z — h,(x, z) is continuous at z, uniformly over x € E,. More precisely, for
any € > 0, there exists § > 0, such that |zn - zﬂ < & implies

sup |h,,(x, zp) = ha(x, ZZ)| <€
x€E,
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« hy, satisfies the equality n,, (hy (-, z},)) = 0.

Moreover, the summary statistics {, = (£, ...,{%) satisfies z = 1,({,) and is such that, for all
k € [d], Ik belongs to By (Ey,).

A2 guarantees some regularity properties of the transition kernels Q, , with respect to the
parameter z and is just a slight generalization of the framework studied in Section 2 of [BJKT16].
Indeed, our function h,, coincides with the function w defined in (2.17) of [BJKT16], that is

1
hu(z) = [ 0.Quetaloe) 0o, oy
0

As such, the first two conditions on h,, are satisfied as soon as Assumption 2 in [BJKT16] is ver-
ified. In this respect, our third condition on h, corresponds to their condition (2.19) in Theorem
2.3, which is precisely the “limiting” case mentioned above. Finally, the hypothesis that the sum-
mary statistics are bounded is also required in their Assumption 1, while the relation z;, = 1,({,)
corresponds in their notation to &, = 5,_1(&,).

We also want to mention that the second point is equivalent to

Ve > 0, g, € By(E,), 35 > 0, s.t.

*
|zn -z,

<6 = Vx €E, |hn(x, Zn) — hn(x, zi)! < gn(x)e.

We expect that the functions g, and h, can be relaxed to some unbounded functions, belonging
for example to L?(7,), along with stronger conditions on the test function f,;;. We believe that
this is one of the main differences between the ASMC framework studied in [BJKT16] and the
AMS framework studied in [CG16].

In general, it is not easy to verify the existence of such h,. However, we have, at least, a
direction to explore in the case where Q, . (f) is not globally differentiable with respect to z. We
also remark that we do not study the consistency of yY (f) and 5 ( f) with weaker assumptions,
as we are only interested in the CLT type result of Theorem 2.2.1 below and, more specifically, in
the estimation of the asymptotic variance. Nevertheless, let us briefly mention that to establish
the consistency of yY and 5Y, one just needs

Yrjzv—lQn,N(fn) - }/rlzv—lQn(fn) = Op(l)

for any test function f;, € B, (E,). This does not require such a strong assumption as A2. How-
ever, for CLT type results with the “stable” asymptotic variance, it is necessary that

P 0un () = 1 10n (i) = 0p (%ﬁ) |

A stronger regularity assumption like A2 over the parametrization is therefore required.

2.2.4 Central limit theorems

As explained before, the present chapter only deals with the case where the asymptotic variance
is identical to the “limiting” one, which is only a special case of the Central Limit Theorem 2.2
given in [BJKT16] under slightly weaker assumptions. This is why, in Section 2.4.2, we propose
a different strategy for the proof.
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Theorem 2.2.1. Assume A1-A2. For any test function f € B,(E,), we have

VN (1 (D = 1a(D) == N (0.6, ().

and
IN (0 () =) o N (0.0, (F = maF),
where

n

o ()= > (p(Wrp(Qpa(ND = 1)) and a2 (f) =02, () ya(D

p=0

One can notice that the CLT for 5 is just a consequence of the CLT for yY, Slutsky’s Lemma
and the decomposition

_ 1
ya (1)

VR (1 = 10()) = s W (1 = 1) = vl = ).

The main goal of this chapter is to estimate the asymptotic variances cr?n (f) and ng (f -
na(f)) by a single simulation of the particle system, exactly as is done by Lee and Whiteley in
[LW18] in a nonadaptive context.

2.3 Variance estimations

In this section, we recall the coalescent tree-based expansion of the variance firstly introduced
in [CDMG11] from which we deduce a new variance estimator. We also recall the variance
estimator proposed by Lee and Whiteley in [LW18] and explain the connection between both
estimators.

2.3.1 Coalescent tree-based variance expansion

We call b := (by,...,bs) € {0,1}"*! a coalescence indicator where b, = 1 indicates that there is
a coalescence at level p.

Definition 2.3.1. We associate with any coalescence indicator b € {0, 1}"*! the nonnegative mea-
suresT? and T € M, (E?) defined for any F € By,(E%) by

TE(F) = n&2Cy,02%Cy, - - - Q2%Cy, (F),

and
1

Yn(1)?

T2(F) = r2(F).

When there is only one coalescence at, say, level p, we write F,EP) (F) and f,ﬁ”) (F) instead ofl",f (F)
and T (F) (see Figure 2.1). When there is no coalescence at all, that isb = (0, ..., 0), we have

T\2(F) =y®(F)  and  T\?(F) = n%%(F).
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o . (o)) Qp-1 . Qp . Qp+2 Qp+3 On .
o . [ 9 On V.

Figure 2.1: A representation of the coalescent tree-based measure 1",5‘0 ),

By definition, it is easy to verify that

rn(p) (f®2) = Yp(l) Yp (Qpn(f)z) :

As noticed in [CDMG11], the latter yields alternative representations for the asymptotic vari-
ances of Theorem 2.2.1, namely

n

ot (f) =) (B (o - 12 (o). (24)
=0
and .
oz, (f) = ) (B2 -T2 (1)) . (25)
=0
As a consequence, if for any coalescence indicator b := (by, ..., b,) € {0,1}**!, we can construct

a consistent estimator f,ll”N of f,f , then we automatically deduce consistent estimators for the
asymptotic variances of Theorem 2.2.1. This is the idea behind our next definition.
In this definition, dl[,z] = (d},, df)) and EI[,Z] = (El,ﬁi) denote two couples of indices between
1 and N, while an (n + 1)—sequence of couples of indices such that E}, # Ef, forall0 < p < nis
written
Z([)ZJ — (g[Z], .. sgr[zz]) c ((N)Z)X("H) '

[2] 1 2
Additionally, we use the notation Xﬁ” = (X,f", X,f") to shorten the writings.

Definition 2.3.2. For any test function F € By,(E?) and any coalescence indicator b, we define the
estimator I? of the measure T} by

b Nt TT a0 4% gtz 5
Lon(F) = o Z HAP(AP Ay ) ¢ Co, (F) (X" ),
[2] 2yx(n+1) \ p=0
(2e((n)?)
where Af,(d[z], ZI[,Z]) € {0, 1} is an indicator function defined by
)Lb(~[2] E[z]) =1 1,- o iy +1 1,- o o
P ap 5ty = 1{b,=0} {a;,:e;ﬁea;:z;} {bp=1} {aé:ﬁ},:a?ﬁ@f,}'
The estimator of IV is defined by
Loy (F) = v (D2 Ty (F).

Since 6}, * Ef,, we also have

b, ~|2 2
Ay e = Lipp=0y1qa=eyaz=e2y + Hp,=1}1qal=1-a2 -
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Notice that, for n = 0, we get

ol2]

b ,_ 1 00y — 1 i j
v = v MZ(N)Z (DX ) = YN =T ;cw)(x XD @)

We also adopt the convention

T2 N (F) =T, (F) = n&Cp, (F).

A toy example As the definition of the estimator l"r’l’ N is not completely straightforward, we
illustrate the idea on a simple example. For this, we consider the IPS of Figure 2.2.

step 0 step 1 step 2 step 3 step 4 step 5 step 6

Figure 2.2: An IPS with n+ 1 = 7 levels and N = 5 particles at each level.

Suppose we want to estimate 1_“6(3) (F) by 1_"6(’2) (F). We denote b* = (0,0,0,1,0,0,0) the corre-
sponding coalescence indicator. In the associated IPS, we have to find the choices of E(E:zé] such

that
5

b 4l 2]
]_[Ap (Ap" e =1, (2.7)
Pp=0

step 0 step 1 step 2 step 3 step 4 step 5 step 6

Figure 2.3: The first family of 5(5:26] such that (2.7) is verified.

It turns out that there are 4 possible choices, taking into account that F(x, x”) is not neces-
sarily symmetric in its variables. Namely, the first couple of ancestral lines is (see Figure 2.3):

- 0B = ((5,3),(4,3),(2,5), (2,4), (2,5), (1,3), (2,4)),

o 02 = ((5,3),(4,3),(2,5), (2,4), (5,2), (3, 1), (4,2)).
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step 0 step 1 step 2 step 3 step 4 step 5 step 6

2]

Figure 2.4: The second family of Z(E:é such that (2.7) is verified.

The second couple of ancestral lines is (see Figure 2.4):
- 0 = ((5,3),(4,3), (2,5), (2,1), (2,5), (1,3), (2,4)),
e 02 = ((5,3),(4,3), (2,5), (2,1), (5,2), (3, 1), (4,2)) .

Hence, the number of choices of €(E:26] where 42] = (2,4) is 2, and the number of choices of K([):zé]

where 42] = (4,2) is also 2. As a consequence, we have
_ 55
3
IY(F) =2x {P (F(X2 X} + F(X, xg))} .

Our next result ensures the convergence of our estimators.

Theorem 2.3.1 (Convergence of I‘:N). Assume A 1-A2. For any test functions ¢,y € By(E,) and
for any coalescence indicator b € {0,1}"*, we have

Iope ) -THpe ) =0, (%ﬁ) .

The proof is given in Section 2.4.3.

2.3.2 Term by term estimator

Considering (2.4), (2.5), and Theorem 2.3.1, we are now in a position to provide term by term
variance estimators for o}z,n (f) and o;?n (f)-

Definition 2.3.3 (Estimators of the asymptotic variances). Given a test function f € By(E,), we
let

%)= ) (LR -LR0™),
p=0

and
n

o2 ()= Y (R - TR F).

p=0
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Theorem 2.3.1 ensures the consistency of both FrE[]J\),( £®2) and Frf?\; (f®%). Returning to the
equation (2.4), this amounts to say that

n n

O-)Z/n,N(f) — Z (rn(,l])\)f f®2) _ I‘n(,?i; (f®2)) ﬁ) (rrgl’) (f®2) _ rfg@) (f®2)) — O_)Z/H (f)
p=0 p=0

Similarly, for the consistency of O.gn,N (f = nN(f)), since by (2.5) we know that

=D (HP o -5 =),

p=0

it suffices to verify that, for any coalescent indicator b,
= ®2 P = ®2
iy ([F=m O]%) == T ([F - (1) (28)

Clearly, the linearity of frﬁ  yields

o ([F = ()™

=T () =l () (Tin 1@ f) + Ty (FO 1) + Y (DT (199).

Mutatis mutandis, the same relation holds for I'? ([ f=nN(f )] ®2). Since a by-product of Theo-
rem 2.2.1 is that

1
B =1 =0 ().
the verification of (2.8) is just a consequence of Theorem 2.3.1 and Slutsky’s Lemma. Hence, we
have obtained the following result.

Theorem 2.3.2 (Consistency of oﬁnN and agnN). Assume A 1-A2. For f € By(E,), we have

o2 (f)-ct (f)=0, (VLN)

as well as

aan =m0 (1) =0 (f =na(f)) = Op (\/LN) :
Even if the term by term estimator is very natural in theory, the computational cost is quite
heavy in practice since one has to trace the whole genealogy of a particle system and calculate
all the corresponding terms one by one. Therefore, we do not provide an efficient algorithm to
calculate this estimator. Instead, we show in the next section that this estimator can be connected
to the one given by Lee & Whiteley in a nonadaptive context (SMC), which is very simple and
fast to calculate. Let us also mention that our term by term estimator is different from the one
introduced in Section 4.1 of [LW18]. The interested reader can find more details on this point in
Appendix 2.5.3.
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2.3.3 Disjoint ancestral lines estimator

Let us now recall the variance estimator proposed in [LW18], which can be seen as a disjoint
ancestral lines estimator. Namely, given a test function f € B, (E,), consider

n—

1 .
V) = (0 - e D) SRRSO, 29)
Ei#E]

where E. is the ancestor index of X! at level 0. Returning to the toy example of Section 2.3.1, the
couples (i, j) such that i < j and E, # E{, are: (1,2),(1,4),(2,3),(2,5),(3,4), (4,5).

In a nonadaptive context (SMC), this is the variance estimator introduced in [LW18] when
the number N of particles is the same at each step. The reader is referred to [LW18] for an
efficient algorithm to compute this estimator.

According to our notation, since E, # EZ, corresponds to the case b = (0,...,0) = (@) of
disjoint ancestral lines, we may also write

VNP =Y () -T2

The following proposition makes a connection between VN (f) and our estimators. Notice
that this result does not depend on A2, but is provided by the structure of the IPS and the un-
derlying multinomial selection scheme. The proof is housed in Section 2.4.5.

Proposition 2.3.1. Assume A 1. For any test function f € By(E,), we have

1
NVN () - o2, () = O, (ﬁ) ,

and
1
NV =1 () = 0 7 = 1Y) = 00 )
By combining Theorem 2.3.2 and Proposition 2.3.1, we finally obtain the main result of the
present chapter.

Theorem 2.3.3. Assume A1-A2. For any test function f € By,(E,), we have

NV PN () - 0% (f) = O, (viﬁ)

and

NV (F =¥ () = 02 (F = mal(f)) = O (%ﬁ) |

Hence, the main message of the present work is that the computationally very simple esti-
mator proposed by Lee and Whiteley in a nonadaptive framework (SMC) is still consistent in an
adaptive one (ASMC). However, since we could not adapt easily their proof in our adaptive con-
text, we propose a new approach to show this consistency result. More details on the connection
between both estimators are given in Appendix 2.5.3.

As mentioned before, among other ingredients, the tools we use connect the study of Particle
Markov Chain Monte Carlo methods and the variance estimation problem in SMC methods. As
such, more generally, they may give some new insights when dealing with complex genealogy-
involved problems of Interacting Particle Systems.
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2.4 Proofs

2.4.1 Almost sure convergence

In this section, we provide classical almost sure convergence results on SMC framework under
our specific parameterization, namely with adaptive potential functions and transition kernels.
We focus on the properties that do not use the additional information given by the genealogy of
the associated IPS. Therefore, in order to simplify the story, we give a “rougher” definition of the
associated IPS without considering the genealogy.

. XON’Y(;@N

o Forp > 1, we let

N
i
Xp ~ Q) Ky, (X)1.7)
i=1

where, given X;, 1, K is the Markov kernel defined by

Py,

”gl—lQP,N (xa A)

V(x,A) € E,—1 X B(E,), K, ~ (x,A) = .
o e T G

It is easy to check that the distributions of the particles are identical to the ones defined in Section
2.2.2. Let us begin with the consistency of the corresponding adaptive estimators. Recall that, by
A2, the summary statistics ¢, = ({}, - -, f,l) satisfies 17,({) = z}, and, for all k € [d], ,f belongs
to By (E,).

Theorem 2.4.1. Assume A1-A2. For any f € By(E,), we have

v () === ya(f).
and

mY () == na(f).
In particular, we also have

Zy = (&)~ lln) = 2,

Proof. By definition, it is clear that the convergence of 2 implies the convergence of nY. There-
fore, it is sufficient to establish the first one. We prove by induction that

Vf € By(En), 1 (f) o ().

Step 0:

The almost sure convergence of y)¥ = nl¥ to yo = 1o with respect to a test function in By (Eo)
is given by the strong law of large numbers.

Stepn > 1:

We assume that
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and, for any ¢ € By(E,-1),
a.s.
Y;I;I—1(¢) }:;’ Yn-1(4).

For any f € B, (E,), the triangular inequality yields

[y () = va(F)|
< () = val 1 Oan (O +|yal1QnN (F) = ¥na Qn ()| + |yl Qn(f) = ¥a-1Qn(f)] . (2.10)

P1(N) P,(N) P3(N)

« For P;(N), we denote
Upn = M (Guor) F(X5) = 101 Qun (f)-
It is readily seen that
N

mmﬂ%m%;U
We consider the filtration (&£)y<;<n defined by

=N va(x... X))
with €% = fff_l = 0(Xo, ..., Xn-1)- By definition, we have

M1 Qn N (f)

N
- " =0.
'7” : (Gn_l,N) r]n—lQ ,N(f)

E[U;N i ] = (Gr) 2

Thus, (U N)0<,< ~ is an (&)y<;<ny-martingale difference array. Under A1, we have

Ul x| < G = 2||Guer ||, 1 Lo

Therefore, for any € > 0, Hoeffding-Azuma inequality gives

iUi > Ne| < 2ex €N
- nN| = = p zcrzl .

Consequently, Borel-Cantelli Lemma ensures that

Combined with the induction hypothesis, we get

a.s.

Pi(N) =yl (D)< ZUrlzN_—_)

« For P,(N), A2 implies that there exists a function h,_; such that

Qun () (x) = On(f) (%) = {hp1(x, Z =z
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Hence, since |h,_1| and the potential functions G, ; are bounded, Cauchy-Schwarz inequal-
ity gives that

n—2

PaN) = 1230 Wl |22 =5 = {H ucp,.nw} el |2, = 5
p=0

By induction hypothesis, we conclude that
P, (N) —25 0.
N—ooo
« For P3(N), under A1, we have that Q,(f) € By(E,—1). Thus, the induction hypothesis

gives
P3(N) —5 0.
N—ooo

Considering (2.10), the verification of the convergence
Vf € By(En). 12 () == valf)

is then complete. o

2.4.2 Proof of Theorem 2.2.1

We prove by induction that
VN (1 (D = 1a(D) === N (0.02,(9)

The verification of step 0 comes from the CLT for i.i.d. random variables. For step n > 1, we
suppose that

vospsn-1 VN (') -1h) == N(0.65, ().

N—->oo

Notice that, by A2, this implies that
Vo<p<n-1, \/N|Zj,\’_1—z;_1|=op(1). (2.11)

For any test function f € B, (E,), we denote f,, := Qpn(f) € By(E,). Forany (x, A) € EgxB(Ey)
we set Qp(x, A) = Qo n(x, A) = 6x(A). Taking into account the convention yﬁ\fl = yo = 1o and the
fact that y, = y0Qo,.n, we have the telescoping decomposition

v (F) = ya(f)
= 2 () 110 )
p=0

n

N

= = D SN KD - Qo () + (i Qan ) ~ 11 0p (1))}
p=0 i=1

For k € [(n + 1)N], we denote

k
Pr = {NJ and ir =k —pr XN.
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We define the filtration

Vk e [(n+DN], &Y =F) vo(X). . Xk).

Then, we set

U,iv = \/LN (Yg((l)ﬁ)k (le;;i) - ch—lka,N(ﬁ’k))’
and
DY = VN (v 0 ()~ 110 ()
so that (n+1)N . (n+1)N n
W (R (D -mh) = (U,iV + ﬁDii) = WD e
k=1 k=1 p=0

From A2, we know that there exists a function h;,_; such that
Dg =VN <Y;]>V—1 (hp—l(" Zjl:f—l)) ’Zg—l - z;_1>
=N (1 (s (2000 = s ). 2 = )
+VN <Y11JV—1 (hp—l(" Z;—l)) ’Z;J;V—1 - Z;—1> :
« For the first part, we have by Cauchy-Schwarz inequality
VR (s (s (2300 = by 50 20 - 55

<VN Y;j—l(l) |Z;]>V—1 - Z;—l

N *
sup ‘hp_l(x, Zy_q) = hp1(x, zp_1)|.
.X'EEP,1
Then, let us consider
N—ooo r

Q1= {a) €Q: ZII)\]_I(a)) e z*_l}.

By Theorem 2.4.1, Q,_; has probability one. Therefore, by A2, for all ® € Q,_; and all
€ > 0, there exists N(w, €) > 0 such that, for all N > N(w, €),

sup
xEEp_l

Bpr (35, Z 1 (@) = By (x, z;_1)| <e.

This means that

sup  (hy-1(x, ZpLy) = hp-1(x, 2 )| —— 0.
x€Ep— N—ooo
Thus, we deduce from (2.11) that
* N P
\/ﬁ<y£’_1 (hf"l(" Zpia) = hpa (s Zp—l)) 2y - Zp—1> o

« For the second part, since Theorem 2.4.1 and A2 imply that
* a.s. *
YII)\I—l (hp—l ('5 Zp—l)) Nj) Yp—l (hp—l (" Zp—l)) = O>

we conclude by (2.11) that

* s P
\/JT]<)/;,V_1 (hp_l(-, zp_l)) ,ZIJ,\I_1 - zp_1> — 0.

N—oo
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Hence we have proved that

P
L
N—oo

which leads to
Z DY LN

N—ooo

Next, it is easy to check that (U,ﬁv )i<k<(n+1)N 1S an (E;CV )i <k <(n+1)N-martingale difference array.
In order to apply Theorem 2.3 in [McL74], we just have to check that

« By A1,

U] < —||f|| maxl_[||cq ||ms—||f|| Z]‘[ch [EEE)

max
1<p<
1<k<(n+1)N p<n o1 g=0

which shows that (max; <x<(n+1)N |UI£‘[ ) is uniformly bounded in L? norm.

« From (2.13), we also get that

max |UN| -——) 0.
1<k<(n+1)N N—co

« Standard calculation gives

(n+1)N

>, (o)

(1 Y D) + (@ Up))? = 21 (O () Qv () ) -

p=0

As shown above, the convergence of DII,V indicates that

1aQon () = 10 (fy) == .

Then, by applying Theorem 2.4.1, we obtain

(n+1)N
N
k=1
Therefore, we have the following central limit theorem
(n+1)N
> oy LN(O,JZ (f)).
o F N "

Returning to (2.12), the conclusion follows from Slutsky’s Lemma.
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2.4.3 Proof of Theorem 2.3.1

We want to show that, under A1-A2, for any test functions ¢, € By (E,) and for any coales-

cence indicator b € {0, 1}"*!, we have

opey) —THG oY) =0, (i) .

VN
Before proceeding, let us introduce some additional notation. With a slight abuse of notation,
for a coalescence indicator b = (by, ..., b,) € {0,1}"", we denote, for all 0 < p <n,
b ._ p(bo.bp) b . p(bo.ubp)
Iy =T, and v =N

with the convention
b _1rb _ _®2
I N =15 =10 Cr,.

Note that, with this convention, we have

b _ b ®2
I} =T ,0%Cy,.

We also remark that, for any b, € {0,1} and any ¢, € B (E,), there exists f and g in By (E,—1)
such that

Q¥%Cp,(p®Y) =f®g. (2.14)

Specifically, for b, = 0, it suffices to consider f = Q,,(¢) and g = Q, (1), while for b, = 1 one can
take f = Q,(¢¥) and g = Q,(1) = G,,—;. As usual, the proof is done by induction.

- Step 0:

« If by = 1, (2.6) and Definition 2.3.1 give

E[y(pey)|=F =no(¢y) =T ($ @ 9).

N
1 i i
~ D P
i=1
Hence, the central limit theorem yields

VN Ry (@ @) - TG @ 1)) — N (@m(d*) = no(d1)?),

so that

Dy(@ey) -T@oy) =0, (%ﬁ) .

« If by = 0, the central limit theorem ensures that
N 1 N 1
Mo (¢) = 1o(¢) = Op (\/_ﬁ) and 7y (V) —no(¥) = Op (\/_ﬁ) :
Therefore, we have

15 (@)1 (V) = 1o($)mo(¥)
= (@) = m0(@)) 1 D)+ 10(8) (1 ) = mo(w)

o (&)
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Thanks to (2.1), one has

N

N
V@09 = —— @O - 1 Z ¢<X5’>¢<Xé)) :

Combined with Definition 2.3.1 and the law of large numbers, one deduces that

I ($ @) ~TL($ 8 Y) = Ty($ @) - mo($mo(y) = O, (i)

VN

-Stepn > 1:

45

We suppose that for any test functions f, g € B,(E,-1) and coalescence indicator b, we have

1
I (f@9) -TL (fog) =0, (TN) |

Next, we consider the following decomposition

TN @Y) ~TX(p®y) =T y($ @) — T yO2,Ch, (¢ ®Y)
Ri(N)
+T0 N Ch, ($®Y) — TP NORZCh, (¢ ® Y)
Ry(N)
+T7 NOTCh, (p ® Y) — TP, 052Cp, (@ ).

R3(N)

The tools to terminate the proof are the following ones:

« Lemma 2.4.1 shows that
1
Ri(N)=0 (—) .
! P\VN

(2.15)

» Lemma 2.4.2 and the fact that one may write Cp (¢ ® ¥) as f ® g for any b, ensure that

Ry(N) = O, (\/LN)

« Finally, the convergence rate

Ry(N) = 0, (\/iﬁ)

is a direct consequence of (2.14) and the induction hypothesis.

2.4.4 Technical results

This section presents some useful technical results. Before going further, remind that

N T 26, 4%k
r:’N(l) . y'llv(l)z (N — 1)l Z {I_IAPI?(APP ’51[72])} )

(Rle(nyn ey Lp=0
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If we set
(2]
Ab = Z {n AL AP+1 o } (2.16)
(8 e((npy< =0
5[2]
together with the convention A’ := 1, we may write
N (2]
b N(q1\2 IS
Tn = W 2, A (217)
8[2] (N)2
so that
Nt o2 1]
2y ()2 =y (1) (W) A A (2.18)

(LG ()2

Note that (2.17) is still true when n = 0. Then, for n > 1, we have by definition
AL 2 n 1 b [2]
> A 2 1(A z 1. (2.19)
O e(N)?

This decomposition will appear several times in the sequel for it is a keystone to study the be-
havior of the coalescent tree-based measures.

Proposition 2.4.1. Assume A 1. For any coalescence indicator b, we have

sup E [FbN(l) ] < 400,
N>1

In particular, the sequence (I‘:N(l);N > 1) is uniformly tight.

Proof. We give a proof by induction. The verification for step 0 is trivial as F(f’ y(1) =1.Forn > 1,
we suppose that

sup E [I‘,II’_IN(l)Z] < +00.

N>1 '
As defined in Section 2.2.2, the IPS associated with ASMC is a Markov chain (Xy),»0 with ge-
nealogy (Ap)n>o tracking the indice of the parent of each particle at each level. More premsely,

A;J = j means that the parent of the particle X, I s X] . Accordingly, the filtration (GY),»o
w1th the genealogy of the IPS is defined by

S = o(Xo)

and, forn > 1,
9],:] = O'(A(), .. .,An_l,Xo, .. .,Xn).

By combining (2.18) and (2.19), and taking into account that

n-1

) =] 15 (Gon) = il (DnY.1 (Gusn) = vh 1 (D)m(Xn 1) (Ga1)
p=0
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is 91,:]_1—measurable, we have

NP1o)? 2 g
95_1] =>/f,v_1(1)4(—(N_1)n+l) > At Al

(Z[Z] z[zl) ((N)Z)XZ

E [r,iN(1)2

A (A P (A

nl’ nl’

m(Xn-1)(Gp-1,8)* E

gN. ] (2.20)

LG ey

For the notation concerning the indices in the IPS, we use

N1t = {(i1,....ig) € [N]9: Card{iy,...,iq} = p}.

In particular, we denote (N)? := [N ]g . We also write

(N)})™ .= (N)? x (N)2x -+~ x (N)2.

q times

With a slight abuse of notation, we admit that

(. ), (kD)) = (i, j. k. D).

With this notation, for N > 4, we have the decomposition

(N = (N N [N]3) U ((N)H** N [N5) U (V)™

The idea of the proof consists in analyzing (2.20) with respect to the three terms that appear in
the right-hand side of the latter. Recall from (2.3) that, given X;_4, we make an independent
multinomial selection of the parent of each particle at step n according to the discrete probability
measure

N k
Gn- lN(X 1) Gn—lN(X _1)
n— _ , n St
5=

Sn-1.N(Xn-1,7) =
n—-1,N (Xn-1 kZ; G, 1N(erl N m(Xp-1)(Gp-1,N)

with, for all k € [N],

Gn- 1N(Xn 1) < ”G” L ”oo
Nm(Xn 1)(Gn lN) B Nm(Xn 1)(Gn 1N)

We also recall that

Ay 21y o +1p, =
1( n—-1 —1) {bn—l_o} {Afl;il_el ¢An _EZ 1} {b"l—l_l} {An —61 _An igz 1}

. Case 1: (¢, €14y e (N)2)2 0 [N]L

AN AN &
A AT A

In this case, there are only two distinct random variables among An AL -

Recall that £} # /2 by construction. Let us first suppose that

A =¢' and 0% =02

n n
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*

Thus, we deduce that

s
2 (AL BB (Al ()

= 1(An 1’ - 9
=10, = O}P( V=l LA =0 92’_1)
+14p,.,= 1}1’( (=l = 9nN_1)

2
1Gn-1. I
" AN m(Xn-1)(Guoin) |
The analysis for the case where

(A =¢% and %=/}

n

is analogue. Hence, we conclude that

E |} 1(A 121)28 1(A 5[21)

nl’ n-1°

o [ N R
N m(Xn-1)(Gp-1.N) '
Meanwhile, we notice that
#((NH*®N[N];) =2N(N - 1).

Putting all things together yields

m(Xn-1)(Gnin)* E L1213 (A

(eI e((Ny2yen N

'[2]
1(An 1 n— l’g 1)

<2 Do, |1,

. Case 2: (¢, 611 € (N)2)2 0 [N]2.

As noticed in the previous case, the number of different indices within (E,[lz], €;,[2]) is the

only thing that matters for the upper-bound in (2.21). Accordingly, the same reasoning
gives this time

2 (Al 02120 (4

n-1° nl’nl)

O Y (=Y
N m(Xn-1)(Gn-1,n)

Since the total number of choices is

#((N)2 N [N]) = 4N(N - (N - 2),



2.4. PROOFS 49

it comes

D m(Xact) (Gaoan)* E | A2, (A% 02100 (A% SN

ey e(N)2yen N4

n-1° nl’—

4(N-1)(N-2
PR

[N

. Case 3: (0121 7121y € (N2,

This time, we get

E|Ab 1(A

D2l f1e)

n-1° n-1°

S D =
N m(Xn-1)(Gn-1,n)

#((N)*) = N(N - 1)(N - 2)(N - 3),

and

so that

5[2]1)/1 1(A [2]

nl’ —

Z mM(Xn-1)(Gp-1.n)* E

USNASTEIST

1(A

n-1°

*

(N-1)(N-2)(N-3) 4
< = Gacs I
As a consequence, since
N 4(N — 2) (N -2)(N - 3)
N N2 7
an upper-bound for (2.20) is
E [r,iN(1)2 N_l]
Nt VEN -1 4N g2
<7 ((N— 1)n+1) N ||Gn_1"||oo Yn—l(l) Z An—llAn—ll‘
(€2 LD ey

Replacing n with (n — 1) in (2.18) allows us to conclude that

N
B[ ? 91| < 75 o T

Finally, by applying the induction hypothesis, we have

supE [I‘bN(l) ] =supE l [ riN(l)z 921_1 < — ||Gn 1 H supE [ 1N(l) ] < 400,
Nz4 N4
which ends the proof of Proposition 2.4.1. O

Lemma 2.4.1. Under A1, for any test functions f, g € By(E,), we have, foralln > 1,

[ Pn(f®g) | Gn ]— Qe nCo, (f ®9), (2.22)

as well as

1
Iy(f @) ~ TP, N OZ4Ch (f @) = O, (TN)
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Proof. First, by exploiting the notation defined in (2.16), we have
N1

Tn(f®9) _)’N(l)zm Z A Cb (f®9)(X" )

[2] (N)Z

and (2.22) is then a direct consequence of Proposition 2.5.1 since for any E,[f] € (N)?
n—l

ZEIZ] ZLZ]
WAn Co, (f @ 9) (X" )

(1" N(N 1) N

95_1‘ -1 p TnCon (f ®9),

where the right-hand side does not depend on E,[,Z]. Second, thanks to Chebyshev’s inequality, it
suffices to verify that

Var [0y (f @ 9) T2, O G, (f @9)| = O( )
For this, by (2.22), we just have to show that
B [Ton(f ©9)2 = (T4 nQS%Ch, (F® 9| = 0 (%) .
Then, recall that, by definition,
Ton(f ®9)°

Nrlo\? g2 [ )
=¥ (1)° (W) Z A A (Cb f®9)° (X X
LGP ey

LN () I YR CRC R CRTEPI ROy

N -1 n+1
( ) ey e Ny

/12
)

Ri(N)

. NI 2 o2 g1 &2 g2l I
+yp (1) (Nt Z A AT (o, (f®9)T (X" . X" ).
UL (N2 (N

Ry(N)

« For R{(N), our goal is to establish that
B [R(N) =~ (5, N QA G, (@ 9)| = 0 (%) .
In fact, for any (¢, £1*) € (N4,
(A X0 ADXE) and (AT XD AT X0

are conditionally independent given G | by construction of the IPS. Hence, by applying
Proposition 2.5.1 respectively for 6,[12] and for En[z], we have

n-1

N N
(N _ 1)n+1 9n—1

2
ZLZJ Z;[ZJ KLZJ glnlzl
E yff(n‘*( ) AR A, (£ o (X )Ch (F 2 ) (X

m( ,?ijzvcb,,(f@g))z-
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Then, since

#((N)*) = N(N = 1)(N = 2)(N - 3),

we deduce that

E|Ri(N) - (5}_, yOZ3,Cp, (f ® 9))° nN_l}

_(N(N-1)(N - 2)(N - 3)
_( N?(N - 1)? -

1) (T 1025 Ch, (f ® 9))%
and

E [Rl(N) — (T NOZCo, (f ® 9))2]
_(N(N-1)(N-2)(N-3)
- ( N?(N —1)? -

1) B, 085,Gh, (f 02| = 0 (%)

where the final equality is due to Proposition 2.4.1, taking into account that f and g are
bounded, and so is G,—1 5 uniformly with respect to N by A1.

[2]
« For Ry(N), the nonnegativity of Af{‘ implies
NN g2 2]
BIR(V)] < B |0 | (g > Arar I gl
(0B e((Ny2y2\ ()
So the proof will be finished once we have shown that
N [N A 1
(€ E e((ny2y2\ ()

Once again, we proceed by induction. At step 0, we have

1 N(N = 1)(N = 2)(N = 3) 1
—_ 1=1- =0[—=].
N2(N-1)?% N2(N —1)? N

(@4 e ()2 (N
For step n > 1, we suppose that
Ny (N Ay g (2
E|yN, (1) ((N - 1)n) > ArIAT =0 (N) :

(e 2Bl e((N)2)2e\ (N)

n-1"n-1
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The adaptation of (2.20) to the present context gives

Nrlo\? 2 1]
E|p (1) (W) Z Ay AT
6 e((N)2)<2\ (N
N1 \2 J2 g
ZYI]’lv—l(l)‘l((N_l)rHl) Z A”lAnl
[21 2] 2)x2
(€1, e((N)?)

Z rn(>(n—1)(Gn—l,N)4

(e e (N)2)<2\ (N)

N
9n—l

AL Al P Al 412

n— 1] .
Now, for N > 4, it is clear that
(NH\(N)* = ((N*** N [N]3) U ((N)H** N [N]3) .
- Case 1: (/22 €1y e (N2 [N]L
By definition of S, n in (2.3),
2o (A L Al

*
S( [N

2
(1 bpa=rlt =00y Y Y, im0t =0t 2 02 )
N m(Xp-1)(Gpoyn) | N r=na=hsd 7 2 Hbna=06, = =t}

n-1"n-1

2
i)

n-1°

2
el V'
AN m(Xn-1)(Gu-1.N) {(HO O b O Y <)
and since

# (NN [N]y) =2N(N - 1),

it comes

> m(Xa-1)(Gp-1n)*

(eI e((Ny2yen N

2L (A 2 a1y

n-1°

|
_N(N-1)
N—”Gn L ”ool{#{e SV AN LIRS

- Case 2: (/2 €1y e (N)22 n [N]L
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First, we suppose that £1 = /1. As for the previous case, we have
PN R LI it
n—l( n-1° n—l) n—l( n-1°"n 1)

9{5_1]
S( Gas

3
(1 b=t =00} L, o = )
N m(Xn—l)(Gn—l,N) {bn-1=16,_=C, 1} {bn-1=0, =l,_,}

3
. [Gn-1-l.. o
AN mXao) (Gaorn) | Gl

2
n- lenl n- 1}<4}

By the same reasoning, for £ = (2, (% =

2 02 = (! and ¢? = (2, we also have
n 2 2]
I’l—l(’Arz—l’gr[l—]l)/1 1(An 1’£ s 1)

*
-

3
N m(Xn_l)(Gn_l,N)) Yo 002 )<a)

In addition, since

#((N)*)** N [N]3) = 4N(N - 1)(N - 2),
we get this time

m(Xn-1)(Gp-1.8)*
(e eI e(nyzyen N

1(An 1’€[2 1)/1 l(A

n-1°

2
i)

*

_AN(N-D(N-2)

4
= N3 ”Gn_ls'”oo 1{#{2}17 L 02 y<a)
By gathering both cases, we have
W NN P I
E |y (1) (W) Z A A | G
@G ()22 (N

N N2 \* NZ [(2N(N-1) 4N(N-1)(N-2)
SY”*“)Ll((z\f—l)") (N—1>2( Nt

2 e I
Z E[Z] ¢ /(2]

AN Y o 2 02 yes)

(b (N2
N?

N"2 2 [2] /(2]
B (N )2 HGn 1,- ||oo)’n (1)* ((N I ) Z AZ" IAZ" 1

(e 0B e (N2 (N)

The conclusion follows from the induction hypothesis by taking the expectation on both
sides.

53
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This ends the proof of Lemma 2.4.1. O

Lemma 2.4.2. Assume A1-A2, then for any test functions f,g € By (E,) and foralln > 1,

1
TP WOk (f ®9) —TL QS (f @) = O (Tﬁ) |

Proof. The verification shares some resemblance with the convergence of P,(N) in the proof of
Theorem 2.4.1. Specifically, we start with the following decomposition:

T 08k (f @) ~Th, NS (f @ g)|

<[t 02 (f® ) — T, y(Onn ® On)(f ® 9)

Dy (N)

+|T2 (Qun ® On)(f ®9) — T}, yOZ*(f ® 9)|.

D;(N)

For D;(N), we may write

(Qn(f ®9) = (Qnn ® On) (f ® 9)) (%, y) = Qun () (x)(Qun(9) () = On(9) (1))

By A2, for any g € By (E,), there exists a bounded function h,_; such that

|Qn,N(g)(y) - Qn(g)(y>| = }(hn—1(y, Z;i\]_1):ZrIlV—1 - ZZ—1>| < -1l ’Zrllv—l - 22—1 .
Since, in addition,

10n N ()] < (|G, [|o 1 lleo

it comes

Dy(N) < T, (D [|Grot [l 1f o Nrnalleo |[Za0y = 25s| -

By Proposition 2.4.1, one has
r? (1) =0,(1).

In addition, a by-product (2.11) of Theorem 2.2.1 is that

. 1
o)
Hence, one concludes that
1
Dy(N) = O (_) |
1 p \/N

The reasoning for D, (N) is the same. O
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2.4.5 Connection between the estimators

In this section, we give some combinatorial results on the coalescent tree-based measures Fb
In particular, these results allow us to connect the variance estimator (2.9) of Lee & Whiteley and
our term by term estimators. As mentioned before, these results do not depend on A2: they are
provided by the structure of the IPS and the underlying multinomial selection scheme.

Proposition 2.4.2. Under A1, for any test function F € B}, (EZ2), we have the decompositions:

_1\=bp
wHem = Y {]—[ S }r,i’,N(F),

be{0,1}n+!

and

— bP _
P (E) = )] {]_[(N Ok }r,ﬁN(F).

be{0,1}m+1

Proof. Since

=b N T bl 2] o2
Lo (F) = (N- Dt Z HAP(AP A7) ¢ Co, (F) (X" ),

E[Z]G((N)Z)Xmﬂ p=0
we have
N-1"b| _
RIS LXE
be{01}n+1 =0

:<N—]in;)ln+l 2. 2. {H(N_l)l bp}{l—[ﬂbW“ “])}Cb (F)(X2).

bE{O 1 }n+1 Z[Z] E((N)Z)X(rﬁl)
Enumerating all the possibilities for the coalescence indicator b € {0, 1}"*! leads to

Z {1—[ (N— 1) bp}f,f,N(F)

be{o,1}+!

(1 N-1
= Z s Z l_[ —1 a ' e + 1 a ) .
N (a, i AP =0zy N APt opiaa Py

e g enyz AP0

(N]\i 1) {N]\; 1 ne? (Xn)Co(F) + %moz(xn)cl (F)} '

To conclude, one just has to observe that

(1 N-1 N-1\"
Z Z 1_[ —1 , + 1 4 2 =|—] .
N (ap AP“ =02y N (aPopiea Pt =) N

Glemnz gl ez W0

while, by (2.1),
NT_mGZ(Xn)CO(F) + %mez(xn)a (F) = m®*(Xa) (F) = (7)) ®*(F).

Multiplying both sides by yY (1)? gives the corresponding relation for (yY)®?(F). m
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We can now proceed with the proof of Proposition 2.3.1. Recall that the goal is to show that

NVN(f) - a2, (f) = NVN(f) - pzo [ER e -] =0, (%) :
and
NV (- () - PZ (% (1= mY 1) -1 (I - 1)) = 0 ()
By construction, we have

V() =) (M2 - TR (%) = ) ®2(F) - TR (£22).

An implication of Proposition 2.4.1 is that, for any test function f and any coalescence indicator

b,
friN(f®2) = Op (1) .

Thus, a consequence of Proposition 2.4.2 is

_ n+1 _ n n
e = (M) TR g (M) R iR o ().
p=0

The desired formula is then obtained by remarking that

N-1\" 1 N-1\"" n+1 1
(T) —1—O(N) and (T) _1—_N +O(m)

Similarly, since

s ®2
o ([F = (D]%) = 0, (0,
the same algebraic manipulation yields

NV - - ) TR (L= 1) -T2 (L - ¥ D1 %)} = 0 (i) :

p=0

This closes the proof of Proposition 2.3.1.

2.5 Many-body Feynman-Kac models

The many-body Feynman-Kac model was proposed in [DMKP16] to study the propagation of
chaos property of the Conditional Particle Markov Chain Monte Carlo introduced in [ADH10].
The basic idea is to trace the information of all particles in the IPS along with its genealogy,
and to construct an instrumental particle block which is heavily dependent (identical) to some
specific particles. We call these instrumental particles the coupled particle block of the IPS.
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2.5.1 Duality formula

At each layer, the particles in the original IPS are denoted by X|,, with its genealogy A, 1. The

coupled particle block of g particles is denoted by )N(ng], with its genealogy denoted by A;[;q—]l'

The corresponding variables in the integral operators will be denoted by x,, a,-1, 3?1[,(1] and dj[:’_]l

respectively.

Before giving specific definitions, we want to mention that the mathematical object we would
like to look into is the whole particle system, namely the original IPS and the coupled particle block
with genealogy. At each layer p, we are interested by the tuple:

olal ;lal
(Xp7Ap—laXPq aqu_l)

As for the basic idea of Particle Markov Chain Monte Carlo method [ADH10], we study respec-
tively the distributions of

Xp’ Ap—l |X [q]’A;[;q—]1
and

>lq]l ;lql

XM AL | Xp, Apr.

Thanks to the specific construction, as well as the relatively simple multinomial resampling
scheme of Feynman-Kac IPS, Lemma 2.5.1 provides a duality formula to connect both distri-
butions and leads in particular to Proposition 2.5.1. This latter result is crucial to prove the
consistency of our term by term estimator in Theorem 2.3.1.

In this section, a transition kernel denoted by the letter Q is a Feynman-Kac kernel, meaning
that its total mass is not necessarily 1, and it can be expressed by the product of a positive po-
tential function and a Markov kernel. All transition kernels denoted by the letter M are Markov
kernels.

Notice that the transition from level p — 1 to level p of the IPS with its genealogy defined in
Section 2.2.2 can be expressed as

N
(Ap-1.Xp) ~ (X) Opn (Xp-1, (A}, X))

i=1
with @, y defined by
. . . ai _ .
Q)p,N(wP_l, d(a;,_l, X;,)) = Sp—l,N(mp—ls da;_l) X MP,N (xpi_’ll’ dx[l))
We define the transition of the original IPS with its genealogy by
N . .
My(@pr,d(apr,xp)) = | | @pn(@por. d(a);, x}))
i=1
and the potential function of the particle block of size g by
G, (Tp1) = m(@p-1)(Gp-1n)7.

We denote the associated Feynman-Kac transition kernel

Q! (@por, d(ap-1, Tp)) = G2, (X po1) X My (2pr, d(@po, Tp)).
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Given E}[}q] € (N)4, d;[;q—]1 € [N]9 and 9?1[,‘]] € Eg, we define

[q]l ej[,q] x}[}q]
M P (mp 19d(a’P lamp))

) ) plal olal
= n {(DP,N(CCP—L d(afo—px;g))} X 811 (dxy” ) X 8 1a1 (dapp—l)
P -1
€[N\ {L)....00}

the conditional transition for the original particle system given the coupled particle block )N(qu] =

~[q] [q]
Xp

at position El[, with frozen genealogy A Q] = a . In particular, we denote

Z[q], [q] X [[q]
M, 0 (dao) = [T mtaxd) X 8t (dx," ).
EINT\(tht0}

We also define

QP (s, d(@T, 517) = m(INDP(dal7)) Q2 0, 1),

and
' d(al? &19) =5 1, (dal?) 5 g (dild
M (ap—l,wp) (a )] = ([ql( a 1) g[ql(x ).
pl

Then we have the following pivotal duality formula, which is simply a generalization of
Lemma 4.1 in [DMKP16]. We will apply it in the proof of Proposition 2.5.1 with g = 2.

Lemma 2.5.1. Forp > 1,q € [N] andﬁl[,q] € (N)4, we have the following duality formula between
integral operators

QY (@, d(apes ) MY ((apes,p). d(l0, 247

5 N ;9] Z[q] 4l
o (@poy, d(@LD, %) M7 (@po, d(@po, ),

and
. . equ;[qJ
&N (dwo) & ol (dx\ 1) = p®l @zl ML ™ (dao).
Xo

Proof. Step 0 is clear. For p > 1, it suffices to check that the nonidentical parts are equal, namely

[q]
n Gpin(xK ) 1 A gl
<q> Z pLNVp-1 '\ 3 ®q b
1) da M ,d

1(Tp-1) {k_l N m(xp-1)(Gp-1,n) k} (day”y) My x5y )

Zlq] B Zlq] Zlq]
My ((@per, 2p), d(@, 5] = O (2pmr, d(@T 551) 8 0 (dx” ) 8101 (da) ).
Xp a,’ P

Fixing EI[]q] € (N)?andzxp_q € EIJJV_I, consider a function F € B;,([N]qX[N]qungg). Moreover,

let !9 = (ay,. .., aq) and xlal = (xy,..., x4) denote generic variables belonging respectively to
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[N]9 and EZ. Then, we may write

N Gpn(xpy) o o)
/m(xp—l)(Gp—l,N)q {; N @y (Cpoin) O (day. )

e[J

®q [q] -lq] Z[q] plal ~lql
Mp,N P 1 > )5 [lqj (d )5 Zlq] (d 1) F( P 1! P laxpp axp )
P p 1
:/m([ ])®‘1(da[q)G W “[q])M 7 Z[qll’dx[q]) F(al, al9) x14] xlal)

=/m([N])®q(da[q])Q ( ;[ql],dx[q)F(a[q],a[q],x[q],x[q])

® [q] 4l " 5" clal
- [ manperaa) ophis, . ) 8 (A )5[q](da,, DR, o )

@ la) gla) " & G Il
~ [ &7 @ daff 1) 8 0 ) 8,30 (dagt ) F@lt a5,

This ends the proof of the duality formula. o
Let us recall (2.16) and (2.19):

[2] [2]
Ar =y {]_[;U’(AP“ }: >oam (AL g2, (2.23)

ey ol e(n)?

oLzl
with the convention A, % — 1 fact, this gives another representation of the approximation of

the coalescent tree- based measures:
N1

b —
rn,N(f®g) (1)2 (N 1)n+1

3 A (Fo g ).

[Z] E(N)Z

Recall that
GN = 0(Xo.. ., Xn-1, A0 - - ., An_2).

The upcoming result is useful in the proof of Lemma 2.4.1.

Proposition 2.5.1. Under A1, for any E,[lz] € (N)?, any coalescence indicator b, and any test
functions f and g in By (E,), we have, for alln > 1, that

n—l

W/\ Cb (f®g)(X" )

yy (1) N

1
n— 1] :Wrrf 1L,N nNCb (f®g)

Proof. By applying (2.23), we obtain

n—l

ELZ] KLZ]
WAn Cp, (f ® 9) (X" )

vy (1)?
Nl [2]
—yn(>2(N S 2 A (A )6y, (@ 9) (06,

e e (N2



60 CHAPTER 2. VARIANCE ESTIMATION IN ADAPTIVE SEQUENTIAL MONTE CARLO

/2]
Since A Tl s SN -measurable, it is sufficient to show that for each Er[lz_]l € (N)?, we have

E | m(Xao1) (Garn) AL, (A% 02110, (F @ g) (X2 )

] (2.24)
®2 ELZ—]l

=Nz Cb wnCon (f ® 9)(X").

Before starting our reasoning, for the sake of simplification, we remark that

1(An LG, (f®9)(X )

can be seen as a bounded measurable function of (A,_1, Xy), rather than a measurable function

[2] [2]
of (X,f” ,Afl"_l). With this in mind, for any test function

Fe By([N]N x - x [N]NXEN x---x EN ),

(n—1) times

we have, by definition of Qp )(a:p 1 d(ap—1,Tp)),

E [m<xn_1)<Gn_1,N>2Ab (AD Pey, (F © ) (X )V F (Ao Xon—t)

/ 0P (@ s, d@nor, ) Ans (@ 0, 01210y (F @ g) (0 ) (225

F(a@o.n-2, To:n-1) fn-1(d@o:n-2, dTo.n-1),

where p,_1 denotes the measure corresponding to the underlying joint distribution of the IPS
from step 0 to step n — 1 with genealogy. Taking into account that

M ((anmro@n). d@5) = 8 o (@al2)) 8 o (@)
is a Markov kernel, we can introduce it in the right-hand side of (2.25) to obtain
E [m(xn—l)(Gn—l,N)z/lb 1(An l,g[z )Cb, (f®g)(X g )F(GOn 2, Lo:n— 1)}
- [ @ @erdaner )M ((a,, ), d(@l?), 2
An- 1(an pf[ ]1)Cb (f®9)(xn" )F(aOn 2> ©o:n—1) fin-1(d@o:n—2, dT0o:n-1).

2] gl2]
The design of many-body Feynman-Kac models allows us to replace (a,” ,, xn" ) with (dr[lz—]l’ JZ,EZ])

in the observation functions, as they are equal by definition. Hence, one has the following equal-
ity:
/2] 91 .
I ((an_l,wn),d(a,?_]l,x,?]))

n 1(an 1’2[2]1)Cb (f®g)(xn )F(ao n—-2, Lo: n—l),un 1(da0 n—Z;dmO n—l)
/ QP (s, d (s, )M ((aes, ), (@l 52))

n—1(a,[12]1,£[2]1)cb (f®g)(xr[zz])F(00n 2, To:n—1) fin-1(d@o:n—2, dTo:n—1).
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Now, the duality formula given in Lemma 2.5.1 yields
/ le )(wn—la d(an—l, mn))M ((an—la "L'n) d(an X [2]))
An-1(a ,[,Z]l;f[z]l)c (f ® 9)(xn )F (@o:n—-2, To: n—1)lln 1(dag.n-2, dxo.n-1)
121 g12) 12

/ QY (@ner, (@2 5020 M (@ ey, d(@er, )

dnoa @2 0By ey, (F © ) (F)F(@0mmz, Bome1) pin-1(d@0.ns, dT0:n1)-

In addition, since

a2l glel 512l
M v (wn l’d(an 1:5'917.))
is a Markov kernel for any choice of (anzjl, ngJ ~[2 ), we deduce that

21 g2 212
(Tp-1,d(@n-1,Tn))

/Q(Z)(wn—lad(a[Z]la n2]))M
21 o2he 2l p d d
n 1( n— 1) bn (f®g)(x ) (a0:n—2:m0:n—1),un—l( Qag:n—2, mO:n—l)
= / QY (xnr, d (@2 25)) Anoa (@2, 02)C, (F ® 9) (37T)

F(@o:n-2, ©o:n—1) fin-1(d@o:n—2, dx0.n-1).

Next, let us recall that

QP (@n-1, d(@?, 57)) = m(IN])®2(dal?)) 022 <xn l,d Fes)

n-1°

and

[2] pl2]y ._
An-1(@, =, 6,70 =1, 1t —a =0 w2y ¥ 1, m0a =00 za2 =2 )

n-1

whence we get the equality concerning the operator Cp, ,. More precisely, if b,_; = 0, we have

/ QP (@ oy, (@ 2120) 4, @ 30, (F 0 g) (&)
F(ag.n-2, To:n—1) n— 1(da0n 2, d%0:n-1) (2.26)

=/ %Q NCon (f®9)(x )F(aOn 2 L0:n—1) fin-1(d@o:n—2, dTo:n—1).

2(1‘1) o1 /1

Otherwise, if b,_; = 1, we get, with the convention x,"}' = (xn'fll, x," 1),

[ O @ d2 ) A @l )0, 0 9) )
F(@o:n-2, Toin—1) fin-1(d@o:n—2, dTo:n—1) (2.27)
/N2 2, (f ® g)(x," (11))F(00n 2, Zo:n-1) Hn—1(dAo:n—2, dTo:n-1).
Combining (2.26) and (2.27), we safely deduce that
[ 08 @ @25 20ca @ )G (F 0 )G

F(ao:n-2, To: n—l)IJn 1(dag:.n-2, diUo n-1)

1
= —Cbn_l Cb (f®9)(x )F(a0n 2, To:n—1) fin-1(d@o:n—2, dT0:n-1)

_E [_cbn 022,y (f ® ) (X ) F(Agm 2 Xomr) |
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In conclusion, we have established that

E [m<xn_1><cn_1,N>2A” (A% 0290, (£ g) (XM ) (Ao, Xom-1)

1
=E [Fcbn—l I?i]z\fcbn(f®g)(x = 1)F(A0n Z:XOn 1)

which terminates the verification of (2.24) and the proof of Proposition 2.5.1.

2.5.2 Some intuition

In general, the coupled particle block does not necessarily have the parents-children relations.
Let us see a representation of the duality formula given in Lemma 2.5.1 recursively applied in a
mini IPS from level 0 to level 5 to some randomly chosen indices 425] (see Figure 2.5).

original ¢

step 0 step 1 step 2 step 3 step 4 step 5

Figure 2.5: An illustration of the duality formula recursively applied to a mini IPS of
n+ 1 = 6 levels with 5 particles at each level. Every straight black or dotted arrow
within the original IPS represents a Markov transition My, 5 and the black twisted
ones pointing to the particles in the coupled particle block represent the Feynman-
Kac transition kernels Qp, n. The red dotted bending arrows are identities. The indices

of the original particles in the coupled particle block are E(Ez] = (4,5), 42] = (2,4),
A= (23), 0= (3,5, 48 = (1,5) and ¢! = (1, 2).

However, we can get any ancestral relations or coalescent tree-based form by manipulating
the genealogical information encoded in the coupled genealogy. This is the essential idea we
used by introducing many-body Feynman-Kac models. To make it clearer, we consider an event
defined by

(2] 2] p i1 _ A2 2 2] _ #l2]
fel <A o =&y =2 w0 = A7) (2.28)
On this event, we are able to track the coalescent tree-based form as in Figure 2.6.

OO
o-Fo®

Figure 2.6: The coupled particle block tracked by the event defined by (2.28).
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The coupled particle block and its genealogy are defined as the copies of certain particles and
parents indices in the associated original IPS. On one hand, we select certain events such that
the desired structure is trapped in the coupled particle block. On the other hand, we define the
estimator based on the information reflected in the original IPS as no additional randomness are
added by introducing the coupled particle block. Since their distributions are connected by the
duality formula, we can use the information coded in the original IPS to estimate the measures
corresponding to these coalescent tree-based particle blocks (see Figure 2.7).

@ —@ @
coupled. :
RN < <
® ® ®
step 0 step 1 step 2 step 3 step 4 step 5

Figure 2.7: An illustration of the duality formula recursively applied to a mini IPS of
n+ 1 = 6 levels with 5 particles at each level. Every straight black or dotted arrow
within the original IPS represents a Markov transition M x and the black ones within
the coupled particle block represent the Feynman-Kac transition kernels Qp n. The
red dotted bending arrows are identities. The indices of the original particles in the

coupled particle block are Z(EZ] = (3,5), 42] = (3,4), ééz] = (2,5), 53[2] = (1,2),
o1 = (2,5) and €11 = (1,3).

The duality formula provides a way to touch the adaptive versions of the coalescent tree-
based measures I'?, i.e., all the Feynman-Kac transition kernels Qp in the definition are replaced
with the adaptive version Q, n. This is the idea underlying the construction of the estimators
Ity

n,N

2.5.3 Connection with SMC

To conclude, let us say a few words about the behavior of I“r’l” N+ One remark is that, in general,
this estimator is not unbiased in the ASMC framework. This is a consequence of the adaptive
parametrization, as witnessed by Lemma 2.4.2. On the opposite, in a nonadaptive case (SMC),
the estimation is unbiased, exactly as yY is an unbiased estimation of y,, (see for example [DM04]
Section 3.5.1). It turns out that the classical SMC framework corresponds to the case where the
function h, in A2 is equal to zero, meaning that Q, y = Q, for all n. Thus, Lemma 2.4.1 and
(2.15) give the following proposition.

Proposition 2.5.2. Assume A1-A2 and suppose that h, = 0 for alln > 0. Then, for all test
functions f,g € By(E,),
E[Tiy(feg)| =T (feg).

In particular, we also have
E [y (DN ()] = Var [y) ()]
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In fact, the essential technical results in Section 2.4.4 and Section 2.4.5 only require A1l. In
other words, A2 can be studied separately in order to adapt to applications not covered in this
chapter.

Another remark is about the difference between I“,ll” ~ and pp as defined in Section 3.2. of
[LW18] in the nonadaptive context. However, since it is not straightforward to compare these
estimators that are extremely notation-heavy, we would just like to briefly and heuristically men-
tion that the main difference comes from the step where there is a coalescence, namely b, = 1.
If we consider Figure 2.3 in Section 2.3.1, our estimator is not the most “precise” that one could
propose. Let us look at the case where

0 = ((5,3),(4,3), (2,5), (2,4), (2,5), (1,3), (2,4)).

For the terminal point X3, the conditional distribution of A3 is simply the categorical distribution
since X is a terminal point. Roughly speaking, once all the genealogy of the terminal points is
calculated, one can deduce . Hence, the take-home message is simple: if one is interested in
estimating I'? numerically, then the estimator y, proposed in [LW18] is expected to be more
accurate, meaning that the variance should be smaller in general.

Nevertheless, as a theoretical tool, our estimator is easier to deal with in the adaptive frame-
work. Indeed, induction is highly involved in our proof of consistency, so estimators that are
stepwise easy to manipulate are required. Another difference is that we do not use instrumental
random variables such as K! and K* in the definition of y;. This also simplifies the analysis in
an adaptive context where there is already more randomness than in a nonadaptive context.



Chapter 3

Asymmetric Sequential Monte Carlo

abstract: Sequential Monte Carlo is a general framework aiming at sampling a sequence of mea-
sures (17,; n > 0) connected by some nonlinear operators. In the classical setting, the simulation
consists in a multinomial resampling selection step and a Markov mutation step at each itera-
tion of the algorithm. When the potential functions are [0, 1]-valued, a well-known variant is to
conduct a Bernoulli survival test before the multinomial resampling step: the surviving particles
will not be resampled, whilst the non-survived particles perform a multinomial resampling. We
go one step further, that is, we suppose that the surviving particles and non-surviving particles
will mutate according to different Markov kernels. This setting is referred to as “asymmetric re-
sampling” in this chapter. The idea is natural in rare-event simulation, where the Markov kernel
at step n is ,-invariant. In this scenario, since the surviving particles have already “well placed”,
there is no need to implement another mutation. The idea is to reduce the computational burden
induced by the mutation kernels. We provide a CLT-type result as well as consistent variance
estimators, which allows to conduct statistical inference with a single run of the simulation.
We also provide an unbiased variance estimator for the unnormalized measures under certain
conditions. To do this, we introduce generalized coalescent tree-based measures and their par-
ticle approximations as a complement of the ones introduced respectively in [CDMG11] and
[DG19](Chapter 2). We firmly believe that they represent an important and natural family of
mathematical objects in the general framework of SMC. We expect the same methodology may
also inspire further analysis for the models in a continuous-time setting, such as Fleming-Viot
particle systems (see, e.g., [DCGR17]).

65
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3.1 Introduction

Sequential Monte Carlo (SMC) methods are powerful numeric algorithms widely used in many
fields in computational statistics, such as Bayesian inference, filtering, rare-events simulations,
etc. The reader is referred to [DdFGO01] for a larger list of available applications. The basic
idea is to simulate an Interacting Particle System (IPS) in order the approximate a sequence of
probability measures (1,),>0 or positive finite measures (y,),>0 connected by some non-linear
operators. The estimators are naturally designed as the associated empirical measures at each
level of the IPS. The proper mathematical foundation and more theoretical aspects such as con-
vergence results and bias analysis can be found for example in the pair of books [DM04, DM13]
and references therein.

Classical SMC methods consist in a multinomial selection step and a Markov mutation step
at each step of the algorithm. This resampling strategy is well-understood both in theory and
in practice. It corresponds to a natural interpretation of the Boltzmann-Gibbs transformation
w.r.t. the potential functions (G,;n > 0) on the empirical measures (7Y;n > 0). There are a
lot of variants on this resampling strategy, such as residual resampling, stratified resampling and
systematic resampling, etc. The reader is referred to [HSGO06] for a quick survey. Some theoretical
analysis can be found in the recent work [GCW17], which includes the most important variants
of the resampling schemes mentioned above.

In contrast to the resampling strategy discussed above, we are interested in the case where
there are two different Markov kernels, denoted respectively by M,, and M, at each iteration of
the algorithm. In the rest of this chapter, they are referred to as mutation kernels. Roughly speak-
ing, at each iteration, say, from level n — 1 to level n, each particle performs a Bernoulli survival
test w.r.t. the [0, 1]-valued potential function G,,—;: the survived particle mutates according to M,
while the non-surviving ones execute a multinomial resampling w.r.t. the potential function G,,_,
after which a mutation according to the kernel M,, will be executed. The precise mathematical
definition will be given in Section 3.2.4.

The main motivating example is the generalized Adaptive Multilevel Splitting (zAMS) meth-
ods introduced in [BGG*16], where the kernel M, is set to be the identity J,(dy). It is a natu-
ral choice in the applications such as Particle Tempering and other Subset Simulation methods,
where M, is designed to be an 5,-invariant kernel. The primal motivation of this implementation
is to reduce the unnecessary computational costs brought by the mutation kernel M,. Moreover,
since the invention of Particle Markov Chain Monte Carlo methods (PMCMC, cf. [ADH10]), the
design of mutation kernels M,, becomes much easier and more computationally demanding at
the same time. One typical example is SMC? methods (see, e.g., [CJP13, CRGP15]). The basic idea
is to use another SMC-based IPS and freezing techniques to construct an 5,-invariant kernel at
each level. One can imagine that the computational costs are mainly from the implementation
of the mutation kernels (]\;In; n > 1), which can be dramatically reduced by applying asymmetric
resampling scheme if we choose M, to be the identity or some other “cheaper” kernels.

Another motivation is the variance estimation in the context of symmetric sampling, namely,
the case where all the particles mutate according to the same Markov kernel at each step. More
precisely, it means that M, = M, for each n > 1 and this setting enters into the classic Feynman-
Kac particle models (e.g. [DM04]). It is well-known that the asymptotic variance is smaller than
the one under classical multinomial resampling scheme. The exact difference at each step is
presented in (3.20). As the symmetric resampling can also slightly reduce the computational costs
required by the multinomial resampling, there is no practical reason to implement multinomial
resampling scheme if an upper bound for G, is available.
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In order to conduct statistical inference, it is important to study the asymptotic behaviors of
the empirical measures associated to the IPS (see, e.g., [DM04, Cho04, DM08]). For example, if
one has a CLT-type theorem for some test function f such as

VN (1 (F) = () == N(0.0n(F)P),

it is sufficient to provide a consistent estimator o2 (f) of o,,(f) since Slutsky’s lemma guarantees
that

VN (N () = ma(f) 4
N (f) N—

~ N(0,1).

An asymptotic confidential interval can therefore be derived once the IPS is simulated. Although
SMC methods are intensely studied for over 20 years, the classical way to achieve this is still by
resimulating the IPS independently many times and by estimating o,,(f)? with the crude variance
estimator. This is not always practical: a single run of an IPS may take a lot of time, and one
also expects that all the computing budget is used to improve precision, rather than to estimate
the variance. In addition, as the estimator Y () of n,(f) provided by SMC methods is typically
biased, it is also nontrivial to implement parallel computing for a large number of independent
IPS with N relatively small. As a consequence, a variance estimator available with a single run
of the simulation is of crucial interest for applications.

The breakthrough is made by Chan and Lai in [CL13]. The first consistent variance esti-
mators are proposed by exploiting the ancestral information encoded in the genealogy of the
associated IPS. Then, Lee and Whiteley [LW18] provided an unbiased variance estimator for the
unnormalized measures yY and a term by term estimator, which provide a deeper understanding
on the role of the genealogy in variance related problems. In the sequel, a more numerically
stable variance estimator is provided in [OD19], as a natural fixed-lag version of the original one
proposed in [CL13], when more stability properties of the IPS are available. Another recent re-
sult is given in [DG19](Chapter 2), by extending the estimator of Lee & Whiteley to the adaptive
SMC context (cf. [BJKT16]). All these estimators are studied in the classical SMC framework,
meaning under multinomial resampling scheme.

From a theoretical viewpoint, the current setting can be regarded as a “toy model” for more
sophisticated algorithms in the adaptive context and/or in a continuous-time setting: there is no
additional attention required to deal with complicated regularity assumptions, and we can thus
focus on the structural properties of the IPS. Similar to the case where the variance estimators
provided by Lee & Whiteley in [LW18] are still valid in the adaptive SMC framework with some
additional assumptions (cf. Assumption 2, [DG19](Chapter 2)), we expect that the variance es-
timators provided in this chapter are still valid in more general settings, and our methodology
can also be extended in such scenarios. The rigorous mathematical formulation of the current
setting can be seen as a generalization of the discrete-time Feynman-Kac particle models pre-
sented in the literature such as [DM04, DM13]. Our technical tools consist in a new family of
mathematical objects, i.e., the so-called coalescent Feynman-Kac measures and coalescent tree
occupation measures. They are introduced as an extension to the methodology developed in
[DG19](Chapter 2), which can potentially be a universal strategy to conduct variance estimation
in the one-parent IPS context. We hope these theoretical tools will be of benefit to the analysis
of more complex and advanced models in the IPS context.
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3.1.1 Main results

On one hand, in a very general setting, we provide consistent estimations for the target measures
in the SMC context with controllable asymptotic uncertainty under our specific asymmetric re-
sampling scheme. Since the computations of the variance estimators are highly nontrivial, we
provide detailed and efficient algorithms with time and space complexity analysis in Section 3.5.
If there is any ambiguity w.r.t. the notation, the reader is referred to Section 3.1.2.

Theorem 3.1.1. Let (E,;n < 0) be a sequence of Polish state spaces. Given a sequence of [0,1]-
valued potential functions (Gn;n > 0) and a canonical Markov chain (X,;n > 0) taking values in
(Ep;n > 0), with initial distribution no and transition kernels (My;n > 1), we define the family of
measures (y,;n > 0) by

foa ]G]

p=0

ya(f) =E

Assuming that y,(1) > 0 for any n > 0, we also define n,(f) := yn(f)/yn(1). For any test function
f € By(E,), when the number ofparticle N tends to infinity, the estimators given by Algorithm 2
in Section 3.5, denoted respectively by yN () and nY (f), converge almost surely to y,(f) and n,(f)
if foranyn > 1, we have

V(ﬂn € Bb(En)a Yn—l(Gn—l X A;In((pn)) =Yn-1 (Gn—l X Mn((Pn))

Moreover, we also have
VN (W () =)
o~ (f) N—eo

N(0,1),

as well as

VN (1N () = na()  «
Gon(f =N () Noe

where the computation of &2 o (f) and & N (f = 7 (f)) are respectively provided in Algorithm 5
and Algorithm 6 in Section 3. 5

N(0,1),

On the other hand, under mild assumptions, we provide an unbiased non-asymptotic variance
estimator of y2 (), which, again, represents the output of Algorithm 2.

Theorem 3.1.2. Assume the same setting as in Theorem 3.1.1. Under the condition discussed in
Section 3.4.1, which at least contains the case where M, = M, foranyn > 1, the estimator y (f) is
an unbiased estimator for y,(f). Moreover, the estimator provided by Algorithm 7 in Section 3.5 is
an unbiased estimator for the non-asymptotic variance of yN (f).

3.1.2 Notation

Before getting into details, let us provide a few notations which are useful in the following.

« The underlying probability space is denoted by (Q, F,P). For o-fields £, c F, EV §
denotes the smallest o-field on Q containing € and G. For any x,y € R, we denote x Ay :=
min{x, y} and x V y := max{x, y}. We also adopt the standard convention inf @ = co.
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+ Let X be a number, a function or a random variable. We adopt the following convention:

(3.1)

< Ixz0 ==

1 & if X#0,
X

0 otherwise.

Therefore, we admit the calculation

1
Xx =1 = Ixx0-
X X#0 X#0

« Random variables take values in Polish spaces, i.e., a topological space E which is metriz-
able, separable and complete for some distance dg. It is endowed with the Borel o-algebra
generated by dg, denoted by B(E).

« We denote respectively by M(E), M, (E) and P (E) the set of all signed finite measures,
the subset of all nonnegative finite measures and the subset of all probability measures
on (E,B(E)). The set P(E) is endowed with the Prohorov-Lévy metric, i.e., the weak

convergence “4» is tested with continuous bounded functions.

« B,(E) denotes the collection of all the bounded measurable functions from (E, B(E)) to
(R, B(R)) equipped with uniform norm ||-||.,, among which the constant function will be
denoted by 1 with a slight abuse of notation. Given a probability measure 7 in (E) and

for all test functions in B} (E), we denote 5-ess sup(f) the essential supremum of f. It is

defined by
n-esssup(f) :=inf{ae R:n(x € E: f(x) > a) = 0}.

« For all y € M(E) and for all test functions f € B (E), u(f) denotes the integration

[ feoutan.

E

A finite transition kernel Q from (E, B(E)) to (F, B(F)) is a function
0:ExB(F) — R,.

More precisely, for all x € E, Q(x,-) is a finite nonnegative measure in M, (F) and for
all A € B(F), x — Q(x,A) is a B(E)-measurable function. We say that Q is a Markov
transition kernel if Q is a finite transition kernel and for all x € E, Q(x, -) is a probability
measure in P (F). For a signed measure p € M(E) and a test function f € B,(F), we
denote respectively pQ € M(E) and Qf € B,(E) are respectively defined as follows:

VA€ B(F), uO(A) = /E u(d)Q(x, A),

and

Vx € E, Of(x) := /F Q(x,dy) f(y)-

Let Q; and Q; be two finite transition kernels respectively from E, to E; and from E; to E,.
When well-defined, we denote Q; - Q, or simply Q1Q», the transition kernel from E, to E;
defined by

Vi A) € B x B(Ey), 010s(xA) = /E 01 (x, dy) 0 (4. A).
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Note that, there is no reason that Q;Q; is still a finite transition kernel in general. We say
that Q, is a uniformly finite transition kernel from space Ey to E; if

sup/Ql(x,dy) < +o0.

x€Ey

For example, a Markov transition kernel is a uniformly finite transition kernel. Let Q, be
a uniformly finite transition kernel from E; to E;, we have that Q;Q, is also a uniformly
finite transition kernel from E, to E,.

For two test functions f, g € B, (E), we denote
f®g:E 3 (x,y) = f(x)g(y) €R.
In particular, we denote
f*=fof
Accordingly, we denote

By(E)** :={f®g:f.g€ By(E)}.

For two finite transition kernels Q and H from (E, B(E)) to (F, B(F)), we denote, for all
(x,y) € EXE and for all (A, B) € B(F) ® B(F),

Q®H ((x,y), (A B)) = Q(x,A) X H(y, B).

Similarly, we also denote

0% :=0®0.

In order to define the coalescent tree-based measures of size 2, we introduce the transition
operators Cy and Cy as

Co((x,y), (dx’,dy")) = b(xy) (dx', dy"),

and
Ci((x,y),d(x",y)) = d(xx) (dx’, dy’).

In other words, for any measurable function H : E X E — R, we have

G(H)(xy)=H(xy) and  C(H)(xy) =H(xx).

Forall z = (x!,...,x"N) € EN, we define the empirical measure associated to x by

N
1
m:x +— m(x) = N Z(Sxi € P(E).
i=1

We denote )
m® x> m®(x) = e Z S(xini) € P(E),
ij

and

1
2. x> m®? =— i E).
m® : x> m®(x) NN =D ,éj O (xii) € P(E)
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A straightforward computation shows that
N-1 1
m®(x) = Tmm(x)co + Nmoz(:c)Cl. (3.2)

With a slight abuse of notation, considering [N] := {1,2,..., N}, we write

N
m(IND) =< '8 and m®([N]) = m(IN]) ® m([N]),
i=1

as well as )
m®2 N = 51
(IN1) N(N—l); (i

3.2 SMC framework

In this section, we define the SMC framework studied in this chapter. We present some standard
convergence results on the consistency and asymptotic normality of the associated Interactive
Particle System (IPS) in the discrete time setting. We mainly use the language of Feynman-Kac
particle models, and the reader is referred to the pair of books [DM04] and [DM13] for more
details. The main goal is to establish central limit theorems and to specify the asymptotic variance
in our specific asymmetric setting.

3.2.1 Setting

Let (E,, B(E,))n>0 be a sequence of Polish spaces and let us fix a probability measure ny € P (Ey).
We consider a sequence of [0, 11—Valued measurable potential functions (G,),>¢ and a sequence

of Markov transition kernels (M,,),>1 s.t. Mn : (Ep-1, B(E,)) +— [0,1]. We define the Feynman-
Kac kernels as follows

V(x,A) € (En-1,B(En)),  Qn(x,A) := Gpoy (x) My (x, A).

It is readily checked that Q, is a uniformly finite transition kernel. Therefore, we define the
unnormalized Feynman-Kac measure y, by

Vn>1 vy,:= ’70Q°1Q°2 T én,

with yy = 5. By definition, for all n > 1, y, is a sub-probability measure. For all n > 0, we
suppose that we have a meaningful sampling problem at each step, i.e., we assume that y, (1) > 0.
Therefore, one can define the normalized Feynman-Kac measures

Yn

Vn > 1, = .
n }’n(l)

We adopt the convention
-1 =7¥-1 = TNo-
By standard convention for the product symbol “[]”, it is readily checked that

n—1
Vn=0, yn= {l_l ”p(Gp)} Nn. (33)

p=0
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Different from the classical framework of SMC methods, we suppose that there exists an ad-
ditional sequence of Markov transition kernels (M), >0, such that for the Feynman-Kac kernel

defined by
V(x,A) € En-y X B(En),  On(x,A) = Gpoy () X My (x, A),

we have, for all n > 0,

YnQnH = )’nQon+1 = Yn+1-

Using the Feynman-Kac kernels én and Qn, we define the Feynman-Kac kernel Q,, by

On = Nn-1 (Gn—l)Qn +[1- NMn-1 (Gn—l)] Qon

More rigorously, for any p € M(E,-;) and for any f € B;(E,), we have

HO(f) = N1 (G- HOn (f) + [1 = a1 (Gn1)] pQn(f).

Hence, for all 0 < p < n < 400, the associated Feynman-Kac partial semigroup is defined as
follows:

Qp,n = Qp+1 tet Qn-

The term “partial” comes from the fact that the state spaces E, may vary w.r.t. the time horizon
n. Hence, it is not a semigroup. In particular, the partial unit elements at each step is defined by
Qnn(x,A) := 6, (A) on the space E,,.

o) Q2+ On Onn
SN N 7N
=Y — Q1 —> Y1 —— Qin —>Vn On+1 —> Yns1 -+
\\_/ \ ,,,,, / \\_/
Ql QZ"'Qn Qn+1

Figure 3.1: Illustration of the Feynman-Kac measures flow.

Remark. Technically speaking, such M, always exists. For example, one may consider the choice
M, = M,. Even in this simple symmetric setting, the variance related problems are already very
challenging. The CLT-type results are well-known (see, e.g., Chapter 7 of [DM04]). However, to
the best of our knowledge, there is no consistent asymptotic variance estimators available with
a single simulation of the particle system. Meanwhile, it is natural to implement the asymmet-
ric resampling in the case where M, is an nn-invariant kernel: we are interested by the choice
My (x, dy) = dx(dy) since it requires the least computational cost, which is widely-used by the
practitioners in tempering and rare-event simulation. Therefore, we combine these two examples
and go one step further: we consider the asymmetric resampling scheme and we provide some
theoretical analysis. When M, is not an 77,-invariant kernel, it is also always possible to construct
a nontrivial M, using M,,. In fact, M, can still be thought as some “cheaper” version of the latter:
M, can be designed as the composition of M, and an 5,-invariant kernel, for which one may
consider the PMCMC-type kernel, which is always available with (G,;n > 0) and (Mn, n>1
under the current setting. Intuitively speaking, this SMC?-type design can help to reduce the
dependence due to the multinomial resampling step.
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Definition 3.2.1. We introduce the asymmetric McKean kernel Ky, ;, from E,_; to Ey, parameterized
by some positive finite measure u € My (E,—1) such that u(G,—1) > 0, defined as follows

(1(Gny X My (A))

VA € B(E,), Knu(x,A) = Gpy (x)My(x, A) + (1 = Gpy ()

,U(Gn—l)
Accordingly, we also define the McKean-type Feynman-Kac kernel Q,, , by
Qn,y = ;U(Gn—l)Kn,u(x: A),
with the convention
Vx € E, QO,‘U(X, A) = T]o(A) (34)

Remark. Standard calculations show that the McKean-type kernels K, ;,,_, and Qy5,,_, also con-
nect the Feynman-Kac measures flow:

Un—lKn,iyn_l =Nn and Yn—lQn,nn_l =Yn- (3-5)

Assuming that G, is upper bounded by 1 rather than a finite positive number ||G,||, is purely
for technical reasons, in order to simplify the relatively heavy notation. There is no loss of gen-
erality for the case where ||G, ||, is known: we could always consider the “normalized” version
of potential function
G, = —n
1Gnlleo

in order to construct a potential function varying on the interval [0,1]. However, when ||G||, is
not explicitly tractable, it is not possible to design the asymmetric version of SMC sampler with
fixed normalizer. When the normalizer is set to be +oc0, we return to the classical multinomial re-
sampling scheme. This is a crucial problem in applications such as tempering, when determining
a reasonable upper bound of the potential function is not always trivial. One possible solution is
to consider the adaptive normalizer, depending upon the entry measure g, rather than a prefixed
one. An interesting example of the adaptive normalizer is defined by

pr-ess sup(Gp-1)

where u denotes the entry measure of the McKean kernel. This is the “laziest” resampling scheme
we could ever design, which gives potentially the smallest asymptotic variance, and no upper
bound of the potential function is required. However, we failed to provide the general analysis
for this case since the calculation of the asymptotic variance in the CLT-type results will become
more challenging and it is possible that stronger mixing properties for (j,, and O, have to be
assumed. Heuristically speaking, in order to establish the CLT-type results and to conduct the
asymptotic variance estimation, one needs a convergence of the following type:

. p
Je, € RI, 1/ max G,(X})) —— ¢€,,.
n + /1SiSN n( n) N—soo n

This requires much stronger convergence than the well-known almost sure convergence of the
empirical measures. However, if the convergence above holds, we expect that the methodology
in this chapter would still be valid, with only minor notational complications. In a nutshell, one
needs to discuss the property above in concrete applications, such as the mixing property of the
Markov kernels, etc. Meanwhile, the goal of the present work is to obtain some general structural
results without further assumptions. As a consequence, we decide to leave this important case
for future research.
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3.2.2 Interacting particle system

The Interacting Particle System (IPS) in this chapter refers to a Markov chain (Xy;n > 0) with
absorption in the product spaces (EY, B(E,)®N;n > 0). As we have seen in the previous sec-
tion (3.5), the normalized Feynman-Kac measures 7, and 7,4, are connected by K1 ,, which
depends on the measure of the previous step 1,. Hence, it is not possible to simulate directly ac-
cording to the kernel K41 . The idea of the IPS is to simulate N particles X, = (X}, XZ,...,X2)
step by step. Therefore, by exploiting the empirical measure m(Xp) to approximate its “limiting”
measure 1, we are able to simulate the next layer of particles X;4; with the approximated kernel
Kn+1,m(x,)- In this section, we deal with the version without the genealogy (i.e., the indices of
the parent of each particle) and the survival history of IPS. The mechanism of the IPS is defined
as follows:

(i) Xo ~ ®N,
(i) Stop the algorithm at step n > 0 if m(Xy)(Gp) = 0;

(iii) If not stopped at step n > 0,
N
Xns1 ~ ® Kn+1,m(Xn) (X,lp )
i=1

A more detailed explanation on the algorithm can be found in Section 3.2.4. The particle approx-
imation of the normalized measure 7, is defined by

|
N _ _ A
M o= m(Xn) = N ;:1 Oxi-

According to (3.3), the unnormalized version yY is defined by

n-1
= {]‘[ n;V(Gp)} .
p=0
The absorbing time 7 of the Feynman-Kac IPS is defined by

=inf{n € N: m(X,)(G,) =0}.

3.2.3 Asymptotic results

In this section, we establish some basic convergence results such as law of large numbers and
central limit theorem for the empirical Feynman-Kac measures. These results are standard in the
case where Qn = Qn (see, e.g., Chapter 7 of [DM04]) and the proofs are housed respectively in
Section 3.7.3 and Section 3.7.4. The goal is to understand the consequences of the introduction
of Qn, especially on the form of the asymptotic variances.

Theorem 3.2.1. For any test function f € By (E,), we have

a

YIJ‘l\r(f)ITNZTl NTOO’ Ya(f).
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The almost sure convergence also holds for nN 1., >,. In particular, by taking the test function 1 for
N
n, , we get

a.s.
1yon — L
N—oo

Moreover, if we assume symmetric resampling, that is Q, = Q, for anyn > 1, we also have

Vn>0, E [Yrjzv(f)erZn] =yn(f).
Theorem 3.2.2. For any test function f € By(E,), we have

vn >0, VN (1 (Dleyen = 1) = N (0.02,(1)).

with the asymptotic variance defined as follows:

()= ) (1 QEA ) ~ P Ci0R:, QRR (). )
p=0

Similarly, we also have

Vi 2 0, VN (1 (Alogan = 1)) —— N (0.2, (F = m(F))

with agn defined by
Vo € By(En), oy, (9) =y, (9)/yn(1)%. (3.7)

Let us emphasize that one of the main goals of this chapter is to provide consistent estimators

w.r.t. the particle numbers N for the asymptotic variances oﬁn and o;?n defined above. In practice,
thanks to Slutsky’s lemma, the consistent variance estimators allow us to deduce confidential

intervals with one single simulation of IPS.

3.2.4 Genealogy and survival history

In this section, we give a more detailed version of the IPS defined in Section 3.2.2, namely, the ac-
tual simulation algorithm we execute in practice. Specifically, we trace two kinds of information:
the genealogy A, = (AL, ..., AN) € [N]" and the so-called survival history B, = (BL,...,BY) €
{0,1 }N . They are both intermediate random variables introduced in the real-world algorithm, so
that one can simulate according to an approximated kernel K1 n(x,)- Note that

Ay =
means that the parent of X! | at level n is X Besides, Bl =1 indicates that the particle X! has
survived at step n, i.e., the parent ofX,’Al+1 is X,’; (Ail =i)and

Xi

ne1 ~ Mn(XG, ).

Note that this does not mean that a non-survived particle at step n, i.e., a particle such that
Bl =0, is disappeared in the IPS after step n: it can still be selected as a parent by the multinomial
resampling step. Unlike the multinomial selection scheme, the information encoded in IPS and
its genealogy is not enough to conduct the variance estimation. This is the reason why survival
history has to be taken into consideration. Another remark is for rare-event simulation, or more
generally, the case where (G,;n > 0) are all indicator functions: the survival history is already
encoded in (G(X!),n > 0,i € [N]). Hence, there is no need to track them separately. Now, let
us give the proper definition of the IPS with its genealogy and survival history:
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(i) Initial distribution:

At step 0, we let Xy ~ U?N

(if) Stopping criterion:
Stop the algorithm at step n > 0 if m(X,)(G,) = 0.

(iii) Transition kernels:

If not stopped at n > 0, we execute the elementary transition X} w> X!, forall 1 <i <N
conditionally independently, following the three steps:

« Survival test: Let B, be a Bernoulli random variable with probability G,(X}), that is
By, ~ Gu(X;)81 + (1= Gp(X3)) 0.

« Selection: If Bfl = 1, we let Aﬁl = i. Otherwise, the parent index is selected by the
following multinomial selection

~ i Gn(XF) _GaXD) o
L Gu(X))
Therefore, given B, = B., we have

. G (X5
~ n5 +(1- n) —5
p B ; T G (X)) k

« Mutation: Given B}, = Bl and A} = a!, each particle X! evolves independently from
level n to level n + 1 according to the following transition kernel:

17 B;Mn+l(Xriv )+ (1- B;)Mnﬂ(xr?n, ).

3.3 Variance estimations

In this section, we provide estimators for the asymptotic variances oﬁn (f) and ng (f): we provide
a term by term asymptotic variance estimator, an unbiased variance estimator under symmetric
resampling scheme, and finally, an efficient asymptotic variance estimator. The strategy is almost
identical as in [DG19](Chapter 2). First, we give an alternative representation of the asymptotic
variance cr)z,n (f) using some generalized coalescent tree-based measures. Next, we provide con-
vergence results of the particle approximations of these generalized coalescent tree-based mea-
sures, which gives naturally a term by term variance estimator. Finally, we connect this term
by term estimator to the non-asymptotic variance using a nontrivial combinatorial property of
the IPS given in Theorem 3.6.1, from which we derive an efficient variance estimator that can be
computed with the optimal O(nN) time complexity.

3.3.1 Asymptotic variance expansion

In this section, we revisit the asymptotic variance crin (f) of Theorem 3.2.2 using some novel
coalescent tree-based measures. More precisely, unlike the multinomial case, the form of the
asymptotic variance cr)z,n (f) is relatively complex under asymmetric resampling and there is no
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free coalescent tree-based expansion as in [DG19](Chapter 2). Hence, we need to introduce some
generalized coalescent tree-based measures as a supplement of the one introduced in [CDMG11].
The goal is plain and simple: we want to establish an alternative representation of the asymptotic
variance based on some coalescent tree-based measures. To begin, let us define the so-called
coalescent Feynman-Kac kernels:

7.0 ._ n®2.
(i) frl,l " ’®2 2 H®2
n = ClQn _Unfl(anl) len .

o0 . H®2.

n - n

(ii) éjzl = Nn-1 (Gn—l) [(Gn—l X Qn) ® én + Qon ® (Gn—l X Qn)]
+77n—1(G,21_1) [ .;?2 - Qn ® Qon - Qon ® Qn] .

The full description of this new family of kernels can be found in Section 3.6.2. Using the partial
semigroup property of the coalescent Feynman-Kac kernels defined above, we introduce some
generalized coalescent tree-based measures. They will be referred to as coalescent Feynman-Kac
measures in this chapter. In the next definition, we call b := (b, ..., b,) € {0,1}"*! a coalescence
indicator where b, = 1 indicates that there is a coalescence at level p.

Definition 3.3.1. For any n > 1 and for any coalescence indicator b € {0,1}"*!, we define the
. . b =ib
signed finite measuresI,;” and T,,” by

b b e
VF € By(E2), TP(F):=nS Qb Qifr...Qlbn1cy (F),

and
=t ~tbo AT, ~tbn-
VF € By(E2), T U(F) =82 QP QbPr ... Qlbn1(F),

with the convention
P (F) = n¥2Cy, and TP(F) = n&

When there is only one coalescence at level p, we write respectively I“,j’(p) (F) and ﬂ’(p) (F) instead.
When there is no coalescence, we denote respectively l",:r’(@) (F) and I“,:(’(@) (F).

The connection of the original coalescent tree-based measures proposed in [CDMG11] and
the generalized version defined above will be discussed in Section 3.6.1 and Section 3.6.2. By
exploiting this novel pair of coalescent Feynman-Kac measures, we have the following alternative
representation of the asymptotic variance O'}%n (f). The rigorous verification is housed in Section
3.7.2.

n n—

1
ot (f) = (TP () = TP (o)) + Y TP (o). (338)
0

p=0

S

3.3.2 Term by term asymptotic variance estimators

Thanks to the alternative representation (3.8) given in the last section, the variance estimation
problem is reformulated as how we can estimate the corresponding coalescent Feynman-Kac
measures. Using the same idea as in [DG19](Chapter 2), we construct the particle approximation
of I’ and T". They will be referred to as coalescent tree occupation measures in this chapter.
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In the following, dj[,z] = (ay,dy) and 61[32] = (£,,(3) denote two couples of indices between
1 and N, while an (n + 1)-sequence of couples of indices such that E}, * KIZ, forall0 < p < nis

written )
X(n+1
=l Py e ()Y,

where (N)? := {(i, j) € [N]?: i # j}. Especially, we denote

g[ — (g[z

pip+l ” p+1 ) :

[2] 1 2
Additionally, we use the notation Xﬁ” = (X,f", X,f") to shorten the writings. One can also find a
toy example in [DG19](Chapter 2) in order to get more intuitions for the following definition.

Definition 3.3.2. For anyn > 0 and for any coalescence indicator b € {0,1}"*!, the estimator I“:’Il\’,
of It s defined by

1 - _ 012 J12]

VF € By(E), TFY (F) = NN-D Z 1—[ Z GE(Xp) AL (AL 02N £ Gy, (F) (™),
ol e(Nyz | PO glP ()2

with GiT; defined by

N
Va, € E), Gl (zp) = mm®2(azp)(<3§’2),

and /15(&[2], EI[,Z]) € {0, 1} is the indicator function defined by
bsl21 pl2ly
Ap(ay s 0p7) = Vpp=0y Lat ey sat =) + 1(bp=1) (@) =th=i 22}
Notice that, by standard convention, we get

b 1

ol
rO,N = m Z Cbo(F)(X() )

ePle(ny?

N( T Z Coy (F) (X3, X)) (3.9)

Remark. In fact, I“;t defined above is exactly the same estimator as Fb defined in Definition
3.2 of [DG19](Chapter 2). The change of notation is due to the change of resampling scheme,
and the exact reason lies in a technical result (cf. Proposition 3.7.9). The inhomogeneity of the
notation w.r.t. “}” and “” is due to some nontrivial combinatorial structure of the asymmetric
SMC framework. The detailed explanation can be found in Proposition 3.6.3 and other remarks
in Section 3.6.2.

Definition 3.3.3. For any test function F € B, (E2) and any coalescence indicator b, the estimator
F;’i, of F,j’b is defined by

n-1 [2]
Thb my 1 by yl2] @) Jlon yl2] o2
Lo (F) = NN=D E | | E Gy " (£ a1 Bp Xp) Ay (A, 07 1 FIX™ )
eFenyz | P70 P e(n)2
n P
with é;’bp defined as follows:

V(gj[72}]7+1’ By Zp) € ((N)Z)XZ x {0, 1}V x Eg,
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we let
Gy (Cyperr By p) = GH(Xp) = =G (1.1, By ).
and
GI 1(£ p+1,[3p, p) _B pﬂﬁ pH (wp)(G;;)

Gy (s ym(xp) (Gp) — m(zp) (G2)
Dt} (1 - Gp(X;f)) /N
Gp(x,)m() (Gp) = m(p)(G2)
Dt} (1 - Gp(X,'f)) /N

+Bp 21— ””)m( z,)(Gp)

”“ (1- ”“)m(wp)(Gp)

We also define
VF € By(E2), T3(F) =T\ (F).

Remark. In particular, if G, is an indicator function for all n > 0, we consider

G (121, By p) 1= By By m(Xp) (G2,

which leads to a simpler form of G;’ e,

At 2 €1+ €2+ €1+ +
G By p) = By By () (Gy) + o (1= By B Im® () (GF). (310)

Returning to the coalescent tree-based expansion given in (3.8), it is natural to define the
term by term estimators G)i’lv (f) as follows:

O.)Z/YIIV(f) - (i (ri .(p) (f®2) ri (2) (f®2)) + ”Zl T.(p) (f®2)) .-

p=0 p=0

Then, by (3.7), it is natural to consider
0'%1\1 (f) = 0';11\/ (f) /Yr]:](l)z-

Therefore, thanks to Theorem 3.6.3 and Corollary 3.6.3.1 , we have the consistency of these term
by term variance estimators.

Theorem 3.3.1 (Consistency of 0;11\, and U;N). For any test function f € By (E,), we have

sup VNE H oty (f) -, (f)” < +oo,

N>0

as well as
1
2 N 2
O (£ =N (F)) = o2, (F = () = O (v_ﬁ) .

Remark. We do not provide the algorithm to compute these estimators, since, to the best of our
knowledge, they can only be computed with time complexity O(nN?). Therefore, they mainly
serve as theoretical handy tools prove the consistency of the efficient estimator given in Algo-
rithm 5 and Algorithm 6. However, with the same techniques as in these two Algorithms, one
should be able to design an algorithm such that each term in the asymptotic variance can be

evaluated separately, with time complexity O(nN). The details are given in Section 3.6.6.
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3.3.3 Unbiased non-asymptotic variance estimator

In this section, we provide an unbiased non-asymptotic variance estimator which is only valid
under symmetric resampling scheme, i.e., Qn = Qn for all n > 0. However, we prove that
in the general case, this estimator also yields a consistent asymptotic variance estimator. In
fact, in order to provide an unbiased non-asymptotic variance estimator, the idea is much more
straightforward: thanks to Theorem 3.2.1, we know that under symmetric sampling scheme, the

estimation y2 (f)1,, »n is unbiased. As a consequence, one has

Var [)’rlzv(f)erZH] =E [Yrjy(f)zerZn] —-E [lez\[(f)lfNZn]z-

=vn (f)?=y5 (f?).

It is then clear that constructing an unbiased non-asymptotic variance estimator is equivalent to
constructing an unbiased estimator for the measure y22. Therefore, the following proposition is
a direct consequence of Proposition 3.7.3. The detailed computation is provided in Algorithm 7
in Section 3.5.

Theorem 3.3.2. Assume symmetric resampling, that is, Qn = Qo,, foralln > 0. For any test
function f € By(E,), the estimator VN(f) defined below is an unbiased variance estimator of

lez\](f)lTNZH"
VN = (O - TRE) Toyon (3.11)

Remark. In fact, this unbiased estimator can also be used by AMS methods if the image of the
reaction coordinate is a finite set, and under some regularity assumption on the resampling kernel
(e.g. Assumption 1, 2 of [BGG*16]) is satisfied. Although the associated IPS is not simulated
by symmetric resampling, recent results (cf. [CDGR18b]) show that one can construct an IPS
with particles defined by some level-indexed processes that are “mathematically symmetrically
resampled”. It can be regarded as an almost sure equivalence between an artificial asymmetric
IPS, i.e. the real-world algorithm, and a symmetric IPS constructed by some abstract mathematical
objects. More generally, when the reaction coordinate is finite-valued, the AMS method enters
the asymmetric SMC framework. More discussions on this topic can be found in Section 3.4.1. As
a consequence, for all the unbiasedness results in this chapter, we only use the condition under
symmetric resampling or assume symmetric resampling in order to simplify the writings.

3.3.4 Connection between the estimators

The connection between the term by term estimators and the non-asymptotic variance estimator
is based on Theorem 3.6.1. Unfortunately, to the best of our knowledge, both of these estimators
can only be computed with O(nN?) time complexity. However, this connection inspired the con-
struction of the efficient consistent estimator provided in the next section. The proof is provided
in Section 3.7.5.

Proposition 3.3.1. For any test function f € By (E,), we have

sup NE HNV,fV (f) - o2 ( f)” < 400, (3.12)

and

NV = () = oy (= () = 0 ) 619)
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3.3.5 Efficient asymptotic variance estimators

The efficient variance estimator can be regarded as a “mix” of the term by term estimator and the
non-asymptotic estimator provided respectively in Section 3.3.2 and Section 3.3.3. Inspired by a
by-product (3.41) in the proof of Proposition 3.3.1, an intermediate estimator can be proposed as

follows
n—1
(N (2 =THP ) + ) T (f®2)) Loyon:
p=0
By the same technique as the one proposed in [LW18], the former term can be approximated by
N (N2 =T o),

which can be computed with O(nN) time complexity. This term corresponds to V¥ founded
in Algorithm 5 in Section 3.5. Hence, the design of an efficient variance estimator amounts to

I‘T (p)

constructing an efficient estimator for Since we failed to provide an efficient algorithm

to compute I’J P) | \ve consider some particle approximation f:z(f ) of f;,f’(p ), such that f:l(\f) is

“close” enough to the original one f::’(‘o ), and which, at the same time, can be computed with
O(nN) time complexity.

Definition 3.3.4. For any test function F € By, (E2) and any coalescence indicator b, the efficient
estimator I“:’f] of I“,.,{_’b is defined by

n—1 [2]
S5 oy 1 Sibp yl2] (@) 2l yl2] g
Lo = 5N D DUATT D) Gl By Xp) AP (A" 0 F(X )

o e(nyz | PO ol e(n)2

with G defined by, V((%) B, x,) € (N)2)* x {0, 1} x EY,
Gy (L, . B p) = G (p);

2] 2]

Gi ! E[ p+1, BP’ wp) = GT ! (e[ p+1’ ﬁps wp)

Proposition 3.3.2. For any test function F € B, (EZ) and any coalescence indicator b € {0, 1}"*1,
we have
Thb b
sup NE [[FF%, (F) - T4, (P)|| < +oo.
N>1 ’ ’
Finally, we provide the efficient asymptotic variance estimators, which are respectively the
output of Algorithm 5 and Algorithm 6. For any test function f € B, (E,), we define

-1

i () =N (N -THD ) + X TP (), (3.14)

=0

B

S

and
&an(f) = 5')2,'11\1(]0)/%]1\](1)2

Thanks to Proposition 3.6.4, Proposition 3.3.2, Proposition 3.6.4, Theorem 3.3.1 and Theorem
3.2.1, we have the following consistency result.
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Theorem 3.3.3 (Consistency of 6’55 and 6’?"1\,). For any test function f € B, (E,), we have

sup VNE [

N>1

5L () =, ()] < +oo.

as well as

52 2 1
TN (f - '75<f>) — a2 (f —ma(f) = Op (v_ﬁ)

3.4 Discussions

3.4.1 Unbiasedness condition

We discuss the condition such that the estimations for the unnormalized measures are unbiased.
More precisely,

E [y (Aleysn] =va(f) and E [T (Hleyzn| = ()2

The major motivation is to give an intuitive interpretation of Assumption 2 of [BGG*16] in our
fixed level setting. Recent works (cf. [DCGR17] and [CDGR18b]) show that Assumption 2 of
[BGG*16] can eventually be regarded as a requirement to reformulate AMS methods as Fleming-
Viot particle systems, which enters the continuous-time generalization of the current framework,
with symmetric resampling, namely, the case where Qn = (jn. More concretely, if the real-
world simulation is under asymmetric resampling scheme, but we are somehow able to find
out an underlying mathematical structure that is symmetrically resampled, the unbiasedness
will be recovered. In addition, as discussed in Section 3.6.1, it also gives a smaller asymptotic
variance than the multinomial resampling. Unfortunately, the only setting we could provide that
allows this property is the family of AMS methods in the dynamical setting. The readers are
referred to [DCGR17], [CDGR18b] and [BGG*16] for more details. In this respect, since the real
mathematical object is simply a symmetric SMC model, we did not emphasize the more complex
condition discussed above, which is also due to the fact that the variance estimators are the same
in the symmetric and asymmetric resampling schemes. Moreover, it would be interesting to see
if we can implement the same technique in Particle Tempering methods, at least in some specific
situations.

3.4.2 Other comments

On the adaptive SMC models First, we want to mention that the current setting covers the
Adaptive Multilevel Splitting methods when the image of the reaction coordinate is a finite set.
This is due to the fact that under asymmetric resampling scheme, when the potential of a par-
ticle is 1, there is no additional computational cost required to evolve the IPS. In practice, it
corresponds to the case where the reaction coordinate function is calculated by some prefixed
grid. Next, since the ingredients we need to implement asymmetric SMC are nearly the same as
for the classical multinomial SMC, we can therefore consider the corresponding adaptive meth-
ods as in our previous work in [DG19](Chapter 2). Since all the technical results are done in a
similar style, we expect the adaptive version with Assumption 2 of [DG19](Chapter 2) to be a sim-
ple generalization from a mathematical point of view, at the price of some notational complica-
tions. Therefore, the variance estimators may be used as a reference if the underlying resampling
scheme is changed to the asymmetric one. We also expect the asymptotic variance estimators to
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apply to another family of adaptive SMC models, which contain an online adaptive resampling
strategy, such as [GDM17, DMD]J12]. Roughly speaking, the resampling is executed when some
summary statistics, such as the popular Effective Sample Size, attains some prefixed threshold.
In this scenario, as the adaptive model and the fixed reference model are connected by a cou-
pling argument, one is also encouraged to use our estimators in the real-world applications as a
reference. However, there are situations where we are sure that the estimators provided in this
chapter will fail. The first example is in Section 2 of [BJKT16]. If the stability property given in
Theorem 2.3 is not verified: namely, if the “limit” model has different asymptotic variance, then,
it is not possible to conduct variance estimations with our estimators. The same argument also
applies to the Adaptive Tempering introduced in section 3 of [BJKT16]: it is not possible to use
our variance estimator as a reference even if we change the underlying resampling scheme. In
all cases, the rigorous analysis of the adaptive context requires more attention on the regularity
of the adaptive parametrizations.

On the non-asymptotic variance expansion and long-term behaviors There is an an-
gle that we did not cover in the present work: using the finer analysis given in Lemma 3.7.10
and the decomposition in Theorem 3.6.1, a very sharp upper bound of the non-asymptotic vari-
ance can be obtained, w.r.t. both n and N. Since it is well understood that the non-asymptotic
variance may also contribute to the bound encountered in the propagation of chaos property of
the particle system (cf. [DMPR09]), we expect that one can also derive the sharp propagation of
chaos bound for the non-asymptotic empirical measures. In particular, this kind of analysis can
provide information on the bias associated to the estimation 7Y (f)1,y>n. The same idea can
also be applied to obtain sharp LP-bound estimates. This is a relatively large topic, the rigorous
analysis is thus left for future investigations. Returning to the variance estimation problems,
we remark that all the consistent variance estimators provided in this chapter are essentially for
“short-term” models, namely, n is set to be finite and N tends to infinity. When more stability
properties of the Feynman-Kac kernels are available, it would be interesting to investigate the
fixed-lag variance estimator such as the one introduced in [OD19]. The same kind of estimators,
i.e., by considering only part of the genealogy, as well as the survival history, is expected to be
more numerically stable in the long term. We expect that the regularity requirements will be the
same as in the multinomial case.

On the PMCMC-type kernels Another remark is on the PMCMC-type kernels: starting from
a trajectory of the particle system, the new sample is constructed by simulating an IPS with this
frozen trajectory, and we pick randomly and uniformly an ancestral lineage in the novel IPS,
using its terminal point as the new sample. This kind of kernel does not enter the framework
of gAMS since Assumption 2 of [BGG*16] is not verified. Therefore, no level-indexed process
can be derived. However, it is a widely used kernel in the Particle Filters and Particle Tempering
contexts. In rare-event simulation context, it is also promising in resolving the high dimensional
multimodal metastable problems. As a complement, the present work can implement this type
of kernels: in fact, one may prefix a very fine grid of levels: since the resampling scheme we use
does not require additional computation when all the particles have survived, the implementation
is very close to the last-particle AMS methods in practice. Moreover, one can also construct
the PMCMC-type kernel by using the standard transition kernel that satisfies Assumption 2 of
[BGG*16]. It is possible to study the performance of this Markov kernel with the theoretical
tools we provided in this chapter. This kind of connection is also well illustrated in [ALV18].
Nevertheless, the rigorous analysis is also left for future research.
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3.5 Algorithms to compute variance estimators

We provide all the supporting algorithms in this section. The matrix-type data structures will be
denoted by bold abbreviations, such as IPS, GENE and SH. They stand respectively for Interacting
Particle System, genealogy and survival history. For any set E, we denote M, xn (E) the collection
of all the n X N matrices with elements taking values in E. For example, the notation SH{p, i]
stands for the element at p-th row and i-th column of the matrix SH. In particular, since the
state space may vary w.r.t. time horizon, IPS is not necessarily a matrix, however, we still use the

notation IPS[p, i] to denote the i-th particle at level p of IPS.

Algorithm 1: Simulation of an IPS with genealogy and survival history.

o N AR W N =

T
2 0 R @ o RO

17
18
19
20
21
22
23
24
25
26
27
28
29
30

Require: particle number N, time horizon n, potentials (G,;0 < p < n — 1), Markov kernels
(]\;Ip;l <p<n)and (Mp;l < p < n), initial distribution r,.
Result: absorbing time T € {0, 1, ..., n}, particle system IPS of size (n + 1) X N, genealogy GENE
€ Mpxn ([N]), survival history SH € M,,xx ({0, 1}), ancestor indices EVE € M p41)xn ([N]).
Initialization:
Allocate memory for IPS, GENE, SH and EVE;
T=0;
SumG = 0;
forie {1,2,...,N} do
IPS[0,i] ~ 0;
SumG = SumG+G, (IPS[0, i]);
EVE[0,1] = i;
end
Iteration:
while SumG > 0 and T < n do
SumG = 0;
forie {1,2,...,N} do
U ~ Uniform|[0, 1];
if U < Gr(IPS[T, i]) then
ParentIndex = i;
IPS[T + 1, 1] ~ Mrs (IPS[T, ParentIndex], -);
SH[T,i] = 1;
else
ParentIndex ~ Categorical (GT(X%), GT(X%), .. .,GT(X%V));
IPS[T + 1, i] ~ Mr: (IPS[T, ParentIndex], -);
SH(T,i] = 0;
end
EVE[T + 1,i] = EVE|[T, ParentIndex];
GENE|T, i] = ParentIndex;
SumG = SumG+Gr4 (IPS[T + 1,i]);
end
T=T+1;
end
T = max{0,T — 1}1r<y, + nlt=p.
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Algorithm 2: Computation of y () and 7Y (f).
Require: absorbing time T, the associated interacting particle system IPS, test function f.
Result: estimators y2 (f) and % (f).

1 if T < n then

ny (f) =0;
YN (f) =0;
else

Normalizer = 1;
for pe{0,1,...,n—1} do
‘ Normalizer = Normalizer xﬁ Zﬁl G,(IPS[p, i]);
end
my () = § ZiLi fAPS[n,i]);
},'le(f) = Normalizer X rynN (f);
end

return vy (f) and 1 (f).

(-RE- N - N I S SU R N}

-
N o= o

Now, let us provide the efficient algorithms for the consistent asymptotic variance estimators
(cf. Algorithm 5, 6). We need some auxiliary steps: generation of backward genealogy tracing
matrix © and definition of a special “star inner product” on R3. They are provided respectively in
Algorithm 3 and Algorithm 4. With a slight abuse of notation, we use the notation M, (E) to
denote the collection of all the array of length n on the set E. For A € M,»1(E), we use A[p] to
denote the p-th element of A. To simplify the notation, A = zeros(n, N) means that we allocate
memory for A € M,xn(R) and let all the elements of A be 0. In addition, the k-th row of A will
be denoted by A[k,:].

Algorithm 3: Generate backward genealogy tracing matrix: ©.
Require: absorbing time T, genealogy of an IPS GENE € M,xn([N]).
Result: backward genealogy tracing matrix ©, where O [p, i] stands for the parent index at level p of
i-th particle at level T.

1 Initialization:

2 Allocate memory for ® € Mryn([N]);
3 Iteration:

4 forie{1,2,...,N} do

5 CurrentIndex = i;

6 forpe{1,2,...,T} do

7 ParentIndex = GENE[T — p, CurrentIndex];
8 O[T — p, i] = ParentIndex;

9 CurrentIndex = ParentIndex;
10 end
11 end

Algorithm 4: Compute star inner product in R3: starProduct(X, Y).
Require: vector X = (X[1],X[2],X[3]) € R%, vector Y = (Y[1],Y[2],Y[3]) € R®.
Result: value of (X,Y), € R.

1 return starProduct(X,Y) = X[1] x Y[1] + X[2] x Y[3] + X[3] x Y[2].
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Algorithm 5: Consistent asymptotic variance estimator for y (f).
Require: (G,;0 < p < n-1), T, IPS, test function f, ©, SH, EVE and yf;’(f)
Result: asymptotic variance estimator 6)2/,\, ).

1 if T < n then
2 ‘ return 0;
3 else
4 Allocate memory for MeanG and MeanG2 € M,,»; (R);
5 Normalizer = 1;
6 forpe{0,1,...,n—1} do
7 MeanG|[p] = & I X, G,(IPS[p, i]);
8 MeanG2[p] = & SN Gp(IPS[p, i])%;
9 Normalizer = Normalizer X MeanG|p];
10 end
11 ArrayEve = zeros(N, 1);
12 forie {1,2,...,N} do
13 ‘ ArrayEve[EVE([n, i]] = ArrayEve[EVE[n, i]] + f(IPS[n, i]) X Normalizer;
14 end
15 SumEve = 3N, ArrayEve[i]?;
16 Vi:NX(y,}lV(f)z—[(nyrjs[(f))z—SumEve]X%);
17 Vi = 0;
18 forp e {0,1,...,n—1} do
19 MatrixEve = zeros(N, 3);
20 forie {1,2,...,N} do
21 Index = O[p, i];
22 IndexPrime = O[p + 1, i];
23 F = f(IPS[n, i]) X Normalizer/MeanG|[p];
24 MatrixEvel[i, 1] = SH[p, IndexPrime] X 4/MeanG2[p] X F;
25 MatrixEve[i, 2] = SH[p, IndexPrime] x NX(](\};’_ (111)15\][1];\1/11(1?61}:?ﬁ?:(clgps][;ﬁ/:;:xﬁf[p]) X F;
26 MatrixEvel[i, 3] = (1 — SH[p, IndexPrime]) X MeanG[p] X F;
27 end
28 SumMatrixEve = zeros(N, 3);
29 forie {1,2,...,N} do
30 ‘ SumMatrixEve[EVE(n, i], :] = SumMatrixEve[EVE[n, i],:] + MatrixEve[i, :];
31 end
32 SumEve = 0;
33 forie {1,2,...,N} do
34 ‘ SumEve = SumEve + starProduct(SumMatrixEve[i], SumMatrixEve[i]);
35 end
36 forie{2,...,N} do
37 ‘ MatrixEve[1, :] = MatrixEve[1, :] + MatrixEve[i, :];
38 end
39 SumCurrent = starProduct(MatrixEve[1, :], MatrixEve[1,:]) — SumEve;
40 V! = V' + SumCurrent x %;
41 end
42 end

43 return Vi+ VT,
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Algorithm 6: Consistent asymptotic variance estimator for 7Y (f).

Require: (Gp;0 < p < n-—1), T, IPS, test function f, ©, SH, EVE and ry,l;](f)
Result: asymptotic variance estimator 63 N (f =1 ().

1 if T < n then

2 ‘ return 0;

3 else

4 Allocate memory for MeanG and MeanG2 € M,,»; (R);

5 forp e {0,1,...,n—1} do

6 MeanG[p] = £ TN, G,(IPS[p, i]);

7 MeanG2(p] = I\ij >N G,(IPS[p, i])%

8 end

ArrayEve = zeros(N, 1);

10 forie {1,2,...,N} do

11 ‘ ArrayEve[EVE[n, i]] = ArrayEve[EVE[n,i]] + f(IPS[n,i]) — 1}V (f);

12 end

13 SumEve = 3N, ArrayEve[i]?;

14 V¥ = SumEve x #;

15 \~7Jr =0;

16 forp e {0,1,...,n—1} do

17 MatrixEve = zeros(N, 3);

18 forie {1,2,...,N} do

19 Index = O[p, i];

20 IndexPrime = ©[p + 1, i];

21 F = (f(IPS[n.i]) - 1, (f)) /MeanG[p];

22 MatrixEvel[i, 1] = SH[p, IndexPrime] X 4/MeanG2[p] X F;

23 MatrixEve[i, 2] = SH[p, IndexPrime] X NX(iﬂ(llfls\f[ii\iixg])[:J]\ieGa:(GILps][;i/:;;G])z[p])
24 MatrixEvel[i, 3] = (1 — SH[p, IndexPrime]) X MeanG[p] X F;

25 end

26 SumMatrixEve = zeros(N, 3);

27 forie {1,2,...,N} do

28 ‘ SumMatrixEve[EVE([n, i], :] = SumMatrixEve[EVE[n, i],:] + MatrixEve[i,:];
29 end

30 SumEve = 0;

31 forie {1,2,...,N} do

32 ‘ SumEve = SumEve + starProduct(SumMatrixEve[i], SumMatrixEve[i]);
33 end

34 forie{2,...,N} do

35 ‘ MatrixEve|[1,:] = MatrixEve[1,:] + MatrixEve[i, :];

36 end

37 SumCurrent = starProduct(MatrixEve[1, :], MatrixEve[1,:]) — SumEve;
38 Vi = V' + SumCurrent x %;

39 end
40 end

41 return Vi+ VT,

X F;
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Algorithm 7: Unbiased non-asymptotic variance estimator for y2 (f).
Require: (G,;0 < p < n—1), T, IPS, test function f, GENE, SH, EVE and yrjlv (f)-
Result: non-asymptotic variance estimator VN ( f).

1 if T < n then

2 ‘ return 0;

3 else

4 Allocate memory for MeanG, MeanG2 and MeanGdot2 € M, (R);

5

6

forpe{0,1,...,n—1}do
MeanG|[p] = & XN, G,(IPS[p, i]);

7 MeanG2(p] = ﬁ Zfil G,(IPS[p, i1
8 MeanGdot2[p] = (MeanG[p] — MeanG2[p]/N) X %;
9 end
10 v(@ =,
11 forie{1,2,...,N-1}do
12 forje{i+1,...,N}do
13 if EVE[n,i] # EVE[n, j] then
14 ProdCouple = f(IPS[n,i]) x f(IPS[n, j]);
15 Index1 = i, Index2 = j;
16 for pe{0,1,...,n—1} do
17 ParentIndex1 = GENE[n — p — 1,Index1];
18 ParentIndex2 = GENE[n — p — 1,Index2];
19 if SH[n — p — 1,Index1] = 1 & SH[n — p — 1,Index2] = 1 then
20 ‘ ProdCouple = ProdCouple X MeanGdot2[n — p — 1];
21 else if SH[n —p — 1,Index1] =1 & SH[n — p — 1,Index2] = 0 then
22 ProdCouple = ProdCouple X MeanG[n — p — 1] X {MeanG[n —-p-1] X% %
N x Gp—p-1(IPS[n—p—1,ParentIndex1]) xMeanG[n—p—1]-MeanG2 [n—p—1] }
(N—l)><(N—1—MeanG[n—p—1]+Gn_p_1(IPS[n—p—l,ParentIndexl])) ’
23 else if SH[n —p — 1,Index1] =0 & SH[n — p — 1,Index2] = 1 then
24 ProdCouple = ProdCouple X MeanG[n — p — 1] X {MeanG[n —-p-1] X% %
_Nx Gp—p-1(IPS[n—p—1,Parentindex2]) xMeanG[n—p—1]-MeanG2 [n—p—1] }
(N—1)><(N—l—MeanG[n—p—1]+Gn_p_1 (IPS [n—p—l,ParentIndexZ])) >
25 else
26 ProdCouple = ProdCouple x % x MeanG[n — p — 1]%;
27 end
28 Index1 = ParentIndex1;
29 Index2 = ParentIndex2;
30 end
31 V(@ = v 4 ProdCouple;
32 end
33 end
34 end
35 end

36 V@ =2x V@ /(N(N -1));
37 return yN(f)%-V(©@),
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Above, we also provide Algorithm 7 to compute unbiased non-asymptotic variance estima-
tor for yN(f). A tremendous amount of effort has been spent in order to find an O(nN) time
complexity algorithm, which, unfortunately, does not pay back. The Algorithm 7 is of O(nN?)
time complexity, which means that even with a very little n, the computation will be intractable
when N > 10°. In fact, the construction for the consistent asymptotic variance estimators, i.e.,
Algorithm 5 and Algorithm 6, of O(nN) time complexity is highly nontrivial, and we failed to
apply the same technique to reduce the time complexity for the unbiased non-asymptotic vari-
ance estimator. Still, this estimator may be useful for rare-event simulation problems or other
applications whose target measure is y,. One can thus take advantage of the parallel computing
for relatively small N. Though, the crude estimator is a by-product in this case, the average of
this estimator may still be typically more accurate and the statistical inference for the variance of
the variance estimator is also available if an unbiased variance estimator is provided. Note that
the lack-of-bias is not free in general, and we provide a relatively general condition in Section
3.4.1. In fact, even without unbiased condition, this estimator multiplied by N is also a consistent
asymptotic variance estimator for y (f). Another remark is that V# found in Algorithm 5 and
Algorithm 6 represent respectively the estimators NVN(f)yN(1)2 and NVN(f - 5 (f)) pro-
vided in [LW18]. Due to the change of resampling scheme, some modifications, namely, V' have
to be taken into consideration. Now, we provide the time complexity and space complexity of the
algorithms in the SMC context. The multinomial resampling scheme will be set as benchmark,
with the variance estimators provided in [LW18].

Estimation Time complexity Space complexity
ma (f) or v (f) O(nN) O(N)
non-asymptotic variance of y (f) O(nN) O(N)
asymptotic variance of y () O(nN) O(N)
asymptotic variance of 1 (f) O(nN) O(N)

Table 3.1: Time and space complexity under multinomial resampling scheme.

Estimation Time complexity Space complexity
m (f) or v (f) O(nN) O(N)
non-asymptotic variance of y2 (f) O(nN?) O(nN)
asymptotic variance of yY ( f) O(nN) O(nN)
asymptotic variance of 1 (f) O(nN) O(nN)

Table 3.2: Time and space complexity under asymmetric resampling scheme.

We remark that we did not provide the algorithm to compute y (f) and 72 (f) with O(N)
space complexity, which is readily obtained with some modification of Algorithm 1, since we
mainly focus on the variance estimation problems. We can see from Table 3.1 and Table 3.2
that the main drawback of the presented setting is the space complexity and the unbiased vari-
ance estimator for the non-asymptotic variance of y (f). However, the main computational
consumption, in general, is brought by the resampling kernels M, at each iteration of the algo-
rithm. If a cheap kernel M, is available, it is expected that the asymmetric resampling scheme
would dramatically reduce the computational cost of the simulation of IPS. In fact, in real-world
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applications, the computational consumption of the asymptotic variance estimators is negligible
compared to the simulation of IPS. In addition, the asymmetric setting also gives smaller variance
in some specific situations, such as AMS methods.

3.6 Coalescent tree-based expansions

As we have seen in Theorem 3.2.2, the asymptotic variance becomes sophisticated when the
asymmetric resampling is implemented. Therefore, we need to develop a novel mathematical
language in order to conduct calculations and eventually, to understand the structures behind.
In this section, we give a detailed development of the coalescent tree-based expansions encoun-
tered in the asymmetric SMC framework. Before going further, let us list some definitions and
properties associated to McKean-type Feynman-Kac kernel Q, , within reach by some straight-
forward algebraic calculations in the following proposition. For the sake of simplification, these
properties will be of constant use in the following sections and may be applied without reference.

Proposition 3.6.1. For any probability measure i € P(E,—1) and test function f € By(E,), we
have the following properties:

(@) supyeg, , Qnu(f)(x) < 2|flle-
(ii) We define Ry, by
V(x,A) € En1 X B(En),  Rou(x,4) = j1(Gp1)QOn(x, A) = Guor ())uQn(4),  (3.15)
with the convention
Vx € Ey, Ro,‘u(X,A) = l]o(A) (316)

Then, we have

Quyu(f)(x) = 1On(f) + Ruu(f) (%),

and
Un—an,r]nfl (f) =0.

(iii) We have ) ]
Qnu(F)(x)* = pQn(f)? + Ruyu(f) (x)* + 211Qn ()R () (),

as well as

Mn-1 (Qn,nn—1 (f)z) = Un—lén(f)z + Nn-1 (Rn,nn-l (f)z) . (3.17)

3.6.1 Original coalescent tree-based measures

First, let us recall the original coalescent tree-based expansion introduced in [CDMG11]. The
following definition is adopted from the Definition 3.1 of [DG19](Chapter 2), which is essentially
the same as the one introduced in [CDMG11]. A more general version for the particle block of
size greater than 2 can be found in [DMPR09].

Definition 3.6.1. For any n’ > n, we associate with any coalescence indicator b € {0, 1}”,+1 the
nonnegative measures TP € M, (E2) defined for any F € B,(E%) by

TV (F) = n¢2Cp, QF*Cy, - - - QFCy, (F).
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When there is only one coalescence at, say, level p, we write F,Ep) (F) instead of T (F) (see Figure
3.2). When there is no coalescence at all, that isb = (@), we have

17 (F) = y22(F).

él anfl Qp Qp+2 ép+3 én

Qp+2 QpH

Figure 3.2: A representation of the original coalescent tree-based measure F,SP ),

Comparison of asymptotic variance. Now, we suppose that Qn = Qn for alln > 1. Let us
go back to the form of the asymptotic variance O')Z,n (f) defined in (3.6). It is easy to verify that

5 (%) = 1 (1) 1 (Qpn(£)7) (3.18)
By applying (3.17) with some standard algebraic manipulations, we have
ot (N = (LD -T2 () = 2 11 V¥po1 (Rpps Qpn(F?) . (3:19)
p=0 p=1

One may notice that the first term corresponds to the asymptotic variance of the multinomial
resampling scheme (see., e.g Theorem 2.1 of [DG19](Chapter 2)). Since the term

Yp-1(1)Yp-1 (Rp,r]p_lQp,n (f)z) (3.20)

is nonnegative, we deduce that the choice Qn = Qn is always better than the multinomial resam-
pling scheme in terms of asymptotic variance. Moreover, we notice that the original coalescent
tree-based measures introduced in [CDMG11] and [DG19](Chapter 2) failed to provide a full
description of the asymptotic variance, even in this simple symmetric case. This is the main dif-
ficulty compared to the multinomial resampling scheme, where the alternative representation is
free. Therefore, we need to develop some new tools to understand the term given in (3.20).

3.6.2 Coalescent Feynman-Kac kernels

As we have seen in the last section, the original coalescent tree-based measures fail to provide
insights on the asymptotic variance 0)2,'1 (f). In order to go one step further, let us go back to
Definition 3.6.1. We consider the following alternative writing

L (F) = 5" Co,QF" C5, Q5%+ Co,, Q5" C, (F),
——— S——
lbO Qé’l Qfln—l
which gives a similar definition as y,, based on the partial semigroup structure of the Feynman-
Kac kernels:

b 2 b b bp-
rn(F) = ’7(;@ : 10' 21"'Qn lcbn(F)'
We say Qfl”’l conserves the structure of coalescence if

Vbn_1 € {0,1}, Cp Qb1 =Qbrt,
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This simple observation gives an interesting idea on how we could possibly overcome the dif-
ficulties encountered in the asymptotic variance representation: we change the construction of
the partial semigroup according to our asymmetric resampling scheme, in order to establish the
coalescent tree-based expansion of the asymptotic variance. The first pair of replacement is for
Q° and Q.. We define

o 2 . o ®2
Qg = (Qn + ’7?_1(1 ® Gp-1)(On — Qn)) 5
Q= CiQy.

(3.21)

This replacement is compatible with the notation above if Qn = Qon. Note that

’7n 1(1®Gn 1) = Nn-1(Gn-1).

Next, we need to introduce several important coalescent Feynman-Kac kernels, which, at the
moment, is not as intuitive as the one introduced above. Their introduction is motivated by an
observation in the proof of a technical result (cf. Proposition 3.7.9):

0. 0
G) {7 "
7= QL - %2 (G22) (108

a0 . 0O.
n - n»

(i) 1@k = 124(18 Got) [(Grs X On) © O+ 0 ® (Gas X 00|
+’7n 1(C16®21) [Q Qn ® Qn - Qn ® Qn] .

3.0 . 00.
(i) < ffll '_ Qn”'T ®2 12
Q. =G - ”n 1(C1G _1)C1 n

. Fal ’bn_ O ’bn_
(IV) Vbn—l € {Oa 1}’ Q;’(N)l = ﬁ jl 1'

T, b N bn-
(v) Vbuy € {0,1}, QLN; = g Q.

(vi) {Qn (N) T 1 D+ Qn <N>?
Ql’l (N) Qn + er (N)

It is readily checked that they are all uniformly finite transition kernels and that, except the
kernels with “~”, namely,
Q:l,bn-1 and QT b1

all of the other kernels conserve the coalescence structure. This observation may be the intrinsic
reason why they play a particularly important role in variance related problems. No matter how
anecdotal it seems, we claim that these kernels are at the core of the analysis of the variance
related problems. Although we are not able to clarify the exact purpose of the construction of
these coalescent Feynman-Kac kernels at the moment, we can explain, however, the logic of
our notation: the number of daggers “t” indicates the number of kernels between b,,_; = 0 and
b,—1 = 1, that is changed from the original definition (3.21). At the same time, the kernel for
b,—1 = 1is always replaced before the kernel for b,,_; = 0. This is why all the kernels that have
only one dagger share the same QY for the case b,_; = 0. Since the number of particles N is
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also involved in the definition, we add parenthesis “(N)” to specify the number of particles N,
in order to differentiate from the coalescent tree occupation measures. With a slight abuse of
notation, when there is no ambiguity, we omit the part “(N)” for simplicity. For example, we
may use Qf{b to denote Qi’lz N - All the kernels defined from point (i) to point (v) are introduced
to describe the binary dec,omposition w.r.t. “+” in the definition of point (vi). We say that the
kernels defined above are in the class Q,(lz), or the kernels are of Qf,z)—class.

Next, we define the generalized coalescent tree-based measures. In this chapter, they will be
referred to as the coalescent Feynman-Kac measures, by using the partial semigroup properties
of these coalescent Feynman-Kac kernels. For example, we denote

b ._ bp bp+1 by
Qp,n = Qp+1,n Qp+2,n T QPJll’

with the convention
bnfl o— ®2

nn nn*
Definition 3.6.2. Foranyn > 1, N > 2 and for any coalescence indicator b € {0,1}"*!, we define
the signed finite measures Fj’(l’N) by

b ,b b b
VF € By(En). Ty (F) =152 QUity) Qhy Q) Con (B,

with the convention

b _ 2

Similar as in Definition 3.6.1, when there is only one coalescence at level p, we write l"ni’((f])) (F) instead.

When there is no coalescence , we denote I“:((% (F).

Meanwhile, we define the Qéz)-class kernels by replacing all the 7% in the definition above
with the empirical sub-probability measure

(UnN—l)Qzl‘rNZn—l =m® (Xn—l)lfNZn—l-

«_ % A

In regard to the notation, all the “n” in the definition will be replaced by “A” correspondingly:

o . o ®2
Q% = (Qn + (UnN_l)Qz(l ® Gn—l)erZn—l(Qn - Qn)) 5
QIA = Cngt

n

0 ._ 0.
(ii) Q?l . Q’f, N \02(®2 N ®2
Q. =0Q, - (M=) (G ) ey 2n-1C1Qp "

(i)

oh0 .— 0o.
Q) = QY

(iii) Qj{l = (1) % (1 ® Gp-1) 1oy 21 [(Gn—l X 0n) ® On + O ® (Gt X Qn)]
N )G )y zn-1 |05 = 0n ® On = 0n ® O

510 . 0.
(iv) 9’;1 ' Qn’:’fl N o2 ®2 192
QA’ = ClQﬁ’ - (’7”_1) (ClGn_l)lTNZrl—lClQn .

n

i.bp ~tbn-
(v) Vbuo1 € {01}, QLlnt = QL.
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) 5T b NTbn—
(Vi) Vbuor € {0,1), QFr := (Lo QTbr,

E e L e 1L

(vii) {le(N) = Q,}1 + 9?,1(1\[),

Qv =% + %y
We remark that the kernels of Qr(iz)-class will not be used to define the coalescent tree-based
measures, the introduction is purely for technical reasons (cf. Proposition 3.7.9, Proposition
3.7.10, Lemma 3.7.10 and Lemma 3.7.11). They are eventually proved to be very “close” to the

Q,-class kernels (cf. Lemma 3.7.12) by the propagation of chaos property of the IPS (cf. Proposi-
tion 3.7.5).

3.6.3 Binary decompositions

Next, we define some auxiliary coalescent Feynman-Kac kernels using the same idea. Before that,
we need some new notation to describe the coalescence structure that is a little bit more com-
plicated than the basic binary structure illustrated in Figure 3.2. For one coalescence indicator b,
we use |b| to denote the number of 1 in b, namely

n

|b| = Z|bp|.

p=0

Using the same definition as above, for two coalescence indicators b and b’ in {0, 1}"*!, the
notation |b — b’| denotes the number of different elements between b and b’. More precisely,

b—b| =Z‘bp—b;)
=0

In particular, when |b| = 0, we denote (@) := (0,...,0).
For two coalescence indicator b and b’ in {0,1}"*!, we say b < b’ if forany 0 < p < n, we
have b, < b;,. More over, if b < b’, and b # b’, we say b < b’. We also consider the set of

coalescence indicators 8,(b), S, (b) and én(b) defined as follows:
« 8u(b) = {b" € {0,1}™ | b, =1} ;
. 87(b) = {b" € {0, 1} | b >bandb, =b,};
+ 8,(b) = Sn(b)\{b}.

Let us consider the following auxiliary coalescent Feynman-Kac kernels:

=#{pe{o,1,...,n}:b,,¢b;,}.

0]o 0 00 _ ~T0

nl = j'l Qn,(N) To=n

1o ,_ 5tl o ._ atl

n = Qn and Qv = Q) (3.22)
011, _ il Q0|1 ._QT,l )
noToxn n(N) = =n,(N)

11 _ fl 11 _ ofl

M=l Qlin) =

We remark that these kernels are constructed in respect of the decomposition of the partial group
structure w.r.t. the composition “+”, namely, at level n, we have

. OO0 . OBl
0: Qn,(N) and 1: Qn’(N), (3.23)
~— S ——’

0, 5T 1,80
0/0:Q; +QL,1(N>:1|° 1|1:QLI+Q:;,1(N):OI1
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whence the four cases which correspond to the four possible choices when the partial semigroup
structure is passing through the coalescent Feynman-Kac kernel Qi b )1 With this in mind, we
define some auxiliary coalescent tree-based measures that are useful for the decomposition men-
tioned above.

Definition 3.6.3. Foranyn’ > n > 1 N >2 andfor any coalescence indicators b, b’ € {0, 1}”'“,
we define the signed finite measures T, 1V and F respectlvely by

by |b bilb b |bn-
VF c Bb(Ei), b |b(F) — ®2 Ql [bo Qz |b1 .'.an_ll 1Cbn(F),
and
- Qb0 BilE Pl

with the convention

b b b b
P(F) =1y [0 (F) = n§Ca,.

We finally define all the coalescent tree-based measures as a generalization of the work in
[CDMG11]. The following proposition is a direct consequence of the introduction of

Stbnt _ 1 Siba, Stbay _ L Siba
Qn,(N) - N— 1Qn and Qn,(N) - N— 1Qn .

Proposition 3.6.2. Foranyn’ > n > 1, N > 2, for any coalescence indicators b, b’ € {0,1}"*!
and for any test function F € By, (E2), we have the following equalities:

() FTEJN)(F) ( 1 )|b|rTb(F)

(i) Vb’ € 87 (b), TV % (F) = (55)" 7" T P (B

(iif) ”(']’:,)(F) (w) "I TP ().

Since we have all the necessary ingredients at hand, we provide the most important result of
this section. For all test function F € B, (E?), we have

b _ 1o
rE (B = > TR ()
b €8, (b)
_rblb b b
Lo () + Z Lon ()
b €S, (b)
1b=bl (3.24)
blb 1 b'|b .
GEEDY (—N_l) L (F)
b €S, (b)
1\l o
_1hb /
_rn (F)+ Z (N—l) 1—‘n (F)
b€, (b)
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In particular, for the case where b = (@), we have

HICE YR

b'eS,, (b)
@)1(@) @)
=L B+ ) T ()

b'e8n((2))

v (3.25)
1 .y

=IO F)+ ) (—N_l) LY (F)

b€ ()

= 1o\
_F(Q)(F)+ ZFT(P)(F)+ (ﬁ) TH (F).

o= bres; (b).Ib']>2

Taking into account that all the coalescent tree-based meaures are finite signed measures, the
calculations above give the following proposition.

Proposition 3.6.3. For anyn’ > n > 1 and for any coalescent indicator b € {0,1}"*!, we have

VF € By(ED), T ()~ T (F) = O (%)

In particular, we have

n—1
2y (@) (@) T 1
VR e BB, THOE TP - 120 (F) = (Nz).
p=

Remark. Above lies part of the reason why we have inhomogeneity in the notation w.r.t. “4” and
“+” in Definition 3.3.2. In fact, the strategy to prove the consistency given in Theorem 3.6.3 is
divided into two steps, and the latter is done by Proposition 3.6.3 above:

O rib (F)lTN>n I‘j”(bN)(F) = O]Ll (\/Lﬁ) 5

C T () - (F) = 0 (ﬁ) .

3.6.4 Coalescent tree occupation measures

In this section, we introduce the particle approximations of the coalescent tree-based measures
discussed in the last section. To do this, we need to adopt some notation from [DG19](Chapter
2). The readers are also referred to Appendix A.2 of [DG19](Chapter 2) to find more intuitions
and the connection between the construction of these particle approximations and the Particle
Markov Chain Monte Carlo methods. Due to the fact that the underlying resampling scheme is
changed, the analysis also becomes more challenging. Fortunately, the basic idea remains the
same: we exploit the information encoded in the genealogy, and in addition, the information
encoded in the survival history, to approximate the coalescent Feynman-Kac measures. The key
idea is to collect all the corresponding coalescent tree-type forms illustrated in Figure 3.2, and
the coalescent tree occupation measures are constructed as weighted empirical terminal mea-
sures of these particle blocks. The intuition of this procedure remains identical to the previous
work in [DG19](Chapter 2). More precisely, the major difference is about the weights mentioned
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above, which correspond to the potential function of the original IPS in many-body Feynman-
Kac models (cf. ngq) (zp) defined in A.1 of [DG19](Section 2.5.1)). Under asymmetric resampling
scheme, it is necessary to consider the influence of the survival history. Thus, it is expected that
the constructions become more sophisticated. Another remark is on the measure I*%: since the
related coalescent Feynman-Kac kernels do not conserve the coalescence structure, its particle
approximation also turns out to be a little bit different. Recall that /lz(d[z], EI[)Z]) € {0,1} is an
indicator function defined by

b, ~|2 2
)Lp(a;[, ],@[, ]) = Y=oy Vab=rrzaz=2y + Vpp=1} Val=rr=a2 22}

Definition 3.6.4 (Coalescent tree occupation measures). For anyn’ > n > 0 and for any coales-
cence indicator b € {0,1}"*!, the random measure ffl’N is defined by

_ Nn-1 = 02 2
VEEBE), TN = o ), {ﬂﬂﬁw’ ,f}f])}cbn(F)(xﬁ" ).
p=0

E(gﬂ = (N)Z)X(n+l)

The next theorem is brought from Proposition 4.2 of [DG19](Chapter 2), and the proof is a
slightly modified version of the one given in Section 4.5 of [DG19] (Section 2.4.5). It is one of
the most important ingredients that connect the coalescent tree occupation measures and non-
asymptotic variance of Feynman-Kac IPS. It provides information on the combinatorial structure
of the IPS in regard to the coalescent tree occupation measures l_"nb) N Which does not depend on the
resampling scheme and regularity assumptions whilst the IPS is well-defined. Namely, it reveals
the essential combinatorial properties that apply to all genealogy tree-based particle systems
when each particle has only one parent. This combinatorial property, in particular, is also valid in
continuous-time settings and/or in the frameworks with even more complex resampling schemes.
In this chapter, it is the bridge between the asymptotic variance, non-asymptotic variance, and
eventually, the construction of our variance estimators. The proof is given in Section 3.7.6.

Theorem 3.6.1. For any test function F € By, (E2), we have the following decompositions.

s N =1\l B
(’7;1 )® (F)ITNZH = Z (T) (_) rn’N(F)l‘rNZn, a.s.

be{o,1}n+! N
and 1-1b] ;4\ 16l
N-1\"""" th
()P (F) oy = (—) (N) L (F)1pysn. s
be{o,1}n+!

Below we list the most important lack-of-bias and convergence results of the coalecent tree
occupation measures, serving as the particle approximations of the coalescent Feynman-Kac
measures. The proofs are divided into several technical results: they are direct consequences
of the combination of Lemma 3.7.1, Lemma 3.7.2, Proposition 3.7.2, Proposition 3.7.3 and Propo-
sition 3.6.3, with some standard manipulations of bounded i.i.d. random variables for the case
n = 0, which is provided in Lemma 3.7.4. The only remark is that for any coalescent indicator b
and for any coalescent Feynman-Kac kernel, e.g., Qj{b, we have, by definition,

Vo, € By(E,), 3f.g€ By(En1) st. Qf(poy)=foyg.

The property above also holds for Qf;b.
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Theorem 3.6.2 (Unbiasedness). Assume symmetric resampling, that is Qn = Qon foralln > 1,
then, we have

B [T{Q (F)1oyon| = T2 (F) = y£2(F).

n+1

Theorem 3.6.3 (Consistency). For any coalescence indicator b € {0,1}"*" and any test function

F € B(E,)®?%, we have

() TR (F)loyan = T (F) = 0L (e )

Z

(i) T () ey zn — TP (F) = 0ps ()

2

Remark. The notation

b Fbry 1
Lo (F)legzn — 7 (F) = O (\/_ﬁ)

means that

b b _ 1
||rn’N(F)1,NZn 1 (F)”Ll =0 (—) .

VN
The reader is referred to the beginning of Section 3.7 for details.

By linearity of signed measures, we have, on the event {zy > n},

i (L - n1®)
=T PR = () (T35 (Lo )+ T (F o 1)) + 0 (FPTER (199),
as well as
E (L -mY ™)
TR = () (T34 (Lo N +T0% (F o 1)) + 0l (TR (199).

Then, Theorem 3.2.1 gives

UnN(f)erZn - Un(f) = 0p (1),

and
1/Yr]z\](f)21TN2n - 1/Yn(f)2 =0p (1) .

Finally, combined to Proposition 3.7.7 and Proposition 3.7.8, we have the following corollary.

Corollary 3.6.3.1. For any coalescence indicator b € {0,1}"*! and any test function f € By(E,),
we have

) T2 (1F = m (O] oo/ (02 =T (1 = 1 (D1%) frn(1)? = Oy () s

~—

i) T3 (1 = (D] % Lo v (O = T3 (L = ma (1) /a1 = 0p (5
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3.6.5 Feynman-Kac measures flow in a random environment.

In this section, we gives some intuition on the construction of the coalescent tree occupation
measures from another point of view. One of the main message of [DG19](Chapter 2) is to provide
some intuition on the construction of the coalescent tree occupation measures using the many-
body Feynman-Kac models introduced in [DMKP16], by considering a Gibbs sampler w.r.t. the
original IPS and coupled particle block on a sophisticated path space. Then, we define the event
that traps the desired coalescent particle block and eventually, we construct the estimator given
in Definition 3.6.4. This methodology gives the foundation of the present work: Definition 3.3.3
is also obtained by this procedure, though it is not discussed in detail as in [DG19](Chapter 2).
Now, let us look at this family of random measures from a different angle. We begin with some
basic observations. To facilitate the writings, let us fix a time horizon T € N*. The following
discussion is valid on the event {ry > T} and 0 < n < T. Given WITV (cf. Section 3.7.1) and fixing

6,[12_]1 € (N)?, we have
Vbe {01}, vne[T], > A b (Al gty g

n-1>"n-1
o e(ny?

Therefore, let us consider the state space (N)?, the matrix of size N(N — 1) x N(N — 1), with
some prefixed ordering rule on the set (N)?, is denoted by

( 1(An ! (3.26)

)(E,E”I,ZE])e«N)Z)“
which can then be regarded as a random transition matrix, with

1(A

n-1° n 1)

denoting the probability of transition from the site Er[lz_]l to the site 5,[12]. For the general theory
regarding to the Markov chain in a random environment, the readers are referred to [Cog80].
Returning to the definition of coalescent tree occupation measures 1"3,’;{], we can find a similar
semigroup structure: the initial distribution on the state space (N)? is m®?([N]) and the potential
function on the site Kr[lz_]l is Gﬁ(Xn_1), which is a constant function given WITV . Therefore, by
denoting

HEP 012 012)] = GED(X,_ )20, (A

n-1°

(2]
[ )

and by respecting the composition law of the matrix multiplication, we define

n-1°

n+1]

b b
(Hib Hfm) [gr[‘l ]1’€r[fk]1] = Z Hib[ﬁr[f]vfm] X H;+1[£[Z] o
e e(n)z

In addition, for any random measure A,_; on the state space (N)?, we define
O N E SR W (A P L (PR
P e(n)2

and for any random test function F on the state space (N)?, we define

HY(B)[60] = ), BP0 <P,

n-1°
o e(Ny?
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In particular, we denote
An(F) = > AalG] PO,
tle(ny?
Obviously, these composition law does not depend on the prefixed ordering rule on the set (N)?
since the sum “+” of the random variables is commutative. Now, we are able to give an alternative
representation of F’f’ﬁ,. We define
N :

AEP[O] = m®2([NT) - HPP - HEP - HEP (A7), (3.27)

n

with the convention Ag’b := m®?([N]). Accordingly, the random test function F? is defined by

[2]
FL[0) = ¢y, (F) (X ).

Consequently, we have

ARP(FD) =T33 (F). (3.28)
The random measure notation above is frequently used in the proof of technical results, an ex-
plicit form can be found later in (3.56). Similarly, we denote

~+ o2
O] =GR (012 By g, X )2l (A 1)

n-1:n’

i_"lj;,b [5[2]

n-1°
and B _ _ _
RRP162 = m(IND -H]? - HY - HRP 16,

n

with the convention 1~\g’b := m®2([N]). Apart from the fact that this writing guided and simplified
some of the proofs of the technical results, the main motivation is to provide a decomposition re-
sult similart to the one in (3.25), which is essentially due to the partial R-algebra homomorphism.
We define H := H,°. By definition, we have

e = w6,

n-1°

1 -
HY, [ﬁ,[,z_]l, o + mﬂll [5,[,2_]1,

which yields, for the associated random matrix,

1 ~
0 1 _ kb
Hn + HHL = Hfl .

Therefore, we have the following decomposition:

[b']
i 1 ~ g
AR =AY () + (—N_l) AP (D)
b esy ((2))

1 n-1 1 15"l ,
=N )+ D AT E Y (ﬁ) ALY (R,
p=0 b eS8 (b), b |22

which is equivalent to

v
£(2) (1 _1(2) 1 =y
Trn (F) =T, (F) + § (—N_l) T (F)
ves; ()

, (3.29)
(@) 1 =) 1\
=I, v (F) + N_1 Z Lon (F)+ N1 Ty (F).
p=0 b e8; (b),|b|>2

Thanks to Proposition 3.7.8 and the decomposition (3.29) above, we have the following proposi-
tion.
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Proposition 3.6.4. For anyn’ > n > 1 and for any coalescent indicator b € {0,1}**!, we have

B 1 n—-1 — 1
VF € By(E2), |THY(F) -T 3 (F) - T > I (F)) Loyon = O (ﬁ) .
=0

3.6.6 Efficient estimator of FT (p)

As is mentioned before, we failed to provide an O(nN) time complexity algorithm to compute
the term by term variance estimator and the non-asymptotic variance estimator provided in the
previous sections. Therefore, we give a new asymptotic variance estimators that can be computed
with O(nN) time complexity. The idea is to construct some new coalescent tree occupation
measures that are very “close” to f;f (p ), which is easier to obtain by some numerical techniques
to reduce the computational costs. First, let us define a new sequence of random matrix on the
event {ty > n}. For any N > 1, we consider

0 0 _ Tto 1

H,' =H," =H," + g5H
H;' :=H}"

Next, using the same semigroup property of these random matrix and random test function as

in (3.27) and (3.28), by consider the initial distribution m®?([N]), we define the new coalescent
tree occupation measure l"i for each b € {0,1}"*! by

VF € By(E;), Tig(F) = A5 (F,) = m®([N]) - H{ - H” - - HE(Fy),
with "
Full] = FOG™).
The theoretical property of the approximation discussed above is provided in the following
proposition. The proof is housed in Section 3.7.7.

Proposition 3.6.5. For any test function F € By, (E2) and for any coalescence indicator b, we have

T T 1
(rj;fv(F) - rj;}’v(F)) Trysn = Op2 (N) .

In particular, for any p € {0,1,...,n — 1}, we have

T T 1
(E0 ()~ T (F)) 1y = O (ﬁ) _

Finally, without loss of generality, we explain why the estimator given in (3.14) can be com-
puted with O(nN) time complexity. In fact, the first part of the estimator

Z (ri .(p) (f®2) r::](\]@) (f®2))

p=0
can indeed be approximated by the variance estimator NVN ( £)yN(1)? proposed by Lee & White-
ley [LW18]. Hence, an O(nN) algorithm is therefore available. It is then sufficient to provide an

O(nN) algorithm to compute f:}(f ) (f®?%). This is possible due to the homogeneity of the potential

function Gfl (Xy) w.r.t. the different indices E,[f] and the following technical lemma.
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Lemma 3.6.1. Let (R, +, ) be a ring, and (&;)ie(x] be a disjoint partition of [N] for somek > 1,
then for any sequence (a;);c[n] composed by elements of R, we have the following equality:

N N k
5 avu= (S [Sa] -3 Sava
i€&p,j€Eq s=1 s=1 r=1 (€&,
1<p#q<k
In our case, the partition (&;);c[x] is the divided by the ancestor indices of the particles of
level n. The ring R is R® and the “x” product refers to the operation

R*xR*> (x,y,2) x (x',y,2)) — (x; xx",yx 2/, zxy') € R,
which represents an intermediate step in the Algorithm 4, whose final output is
(6 y,2), (x, ¢, 2")), =x1 xx"+yxz' +zxy’.
This is useful in calculating the term
AR LR 0.
In fact, for any test function F € B;(E,)®?, the term above can be a.s. reformulated as

N —_—
Aarkerny € (R, st Vo e (N2 AP RS = (ap,ag),

Hence, by applying Lemma 3.6.1, one can therefore compute f;fj(f) (f®%) with O(nN) time com-
plexity. The details can be found in Algorithm 5, and the design of the Algorithm 6 is similar. We
remark that we are not able to construct the ring homomorphism discussed above for the mea-
sure fji, This is the intrinsic reason why we failed to apply the same technique to reduce the
time complexity of the non-asymptotic variance estimator V.V (f). In the Algorithm 7 of Section
3.5, the corresponding term

m® (INDHS) [¢}2 1R (e

is therefore calculated by violently searching all the possible pairs of E,[lzl. This is why the com-
putation is of time complexity O(nN?).

3.7 Proofs

In this section, we list all the proofs in the present work. Some notation are gathered in Section
3.7.1, such as the formal definitions of the filtrations frequently used in the proofs, along with
the most important martingale decompositions. A little plan on the organization of the technical
results is also provided. In order to facilitate the writing, the stochastic bounds introduced in
[Jan11] are intensely involved in our technical results. More precisely, we use frequently the no-
tation Op, Ore and Og .. Let (an; N € N) be a sequence of natural numbers, where N represents
the number of particles in the IPS. The notation

XN = Op(aN)

means that the sequence (Xy/an; N € N) is tight, namely, for any € > 0, there exists 0 < M, <
+00, such that

limsup P (| Xn/an| > M) < e.
NeN
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In particular, o,(1) means convergence to 0 in probability. The notation

XN = O (an)

means that the sequence (Xy/an; N € N) is uniformly bounded in LP-norm w.r.t. N. The nota-
tion

XN = 045.(an)
indicates that

P ({w € Q: sup [ Xy(w)/an| < +c>o}) =1.
NeN

Thanks to Cauchy-Schwarz inequality and Markov’s inequality, we have

XN =04s.(an) = Xn =012(an) = Xy =0pi(an) = Xn = Op(an).
We also remark that for all these 4 types of stochastic bounds, they are weaker than the corre-
sponding convergence. For example, if

L/P
Xn/any —— Const. < +oo,
N—>ooo

one also has
XN = Opijp(an)-

3.7.1 Martingales

We present some important martingales encountered in the analysis of SMC framework. They
are crucial to some of the technical results in this chapter. We also hope that the similar con-
struction may inspire the future work in different context. Before proceeding further, let us define
some filtrations associated to the Feynman-Kac IPS.

Filtrations. (FY),-, denotes the filtration that consists the information of the values of par-
ticles. More precisely,

Stl_vl ={2,Q} and Vn>0, TV :=0(Xo,...,Xn).

If we only add one particle at each step, a more refined filtration (8;:[ k>0 can be defined by

Vke [(n+1)N], &Y =F)  Va(Xp, -, X%),
where for any k € [(n+ 1)N], we adopt the notaition
Pk = {%J and ir =k —pr XN.

Next, (GN)n>o denotes the filtration that contains the genealogy of IPS, which is defined by
Vne{-1,0}, SN :=FN and Vnx1 GY =FNvo(Ay...,Ar1).

Finally, the filtration that contains all the information including survival history of the particle
system are denoted by (WX),,5¢, namely,

N N N N
Vne{-1,0}, W, =3, and Vn>1 W, : =G, Vo(By,...,By).
Moreover, as is used several times in some technical results, we also consider an updatated fil-

tration (Wf)nzo defined by
W = WN v o(By).
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Proposition 3.7.1. For any test function f € B, (n), we define

f}),n = Qp,n (f)-
Then, (U,ﬁv (f))k>1 defined by

U]i\](f) = Y;];\,C(l)ﬁ)k,n(xlii)lmzpk - Yﬁi_l(l)ka’nﬁlk—l (fbk,”l)(X;)];—l)lTNZPk_l

is a (&))-martingale difference array.

Proof. The measurability is clear by definition. Since |G, ||, is bounded by 1, we have

TN (O] <31fle,  as. (3.30)

which gives the integrability. Then, by the fact that
1oy ope-1 = Loy zpr + Lon=pi—15
one writes
E[US (D | &)
=E [ Y3 (D fpan X5 Ly 2t = Vs (DQpy s i) X Lot

-E [Yg{(l)ﬂk,n(x;;i)lmwk—l | Ejk\r—l]

x|

=0 a.s.
=LowsptE [V (D fpn(OG8) = 1 (DQp, gy ) (X y)

=0. a.s.

o]

This ends the verification of Proposition 3.7.1. O

Recall that, by definition, we have
On = Qon + Mn-1 (Gn—l)(Qn - Qn)

Hence,
Yn-1Qn = ¥n,
which yields
Yo(fon) = ya(f).
We denote
DL (f) = v 1(Qp = Qp) (fpn) Loy 2p-1s
with

Vo 21, Qpi=Qp+1p 1 (Gp1)leyzp-1(Qp — Qp)-
The interest of the martingale difference sequence defined above lies in the following bias-
martingale decomposition:

Yr}lv(f)lTNZVl = ¥a(f)

n
=Z (Y;I;V(ﬁ),n)erzp - YIJ;V—1QP,;711;’_1 (ﬁ),n)erzp—l)
p=0 (3.31)

1 (n+1)N

== 2 U,?’(f)+zn:D},V,n(f),
p=1

k=1
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taking into account the convention
YN=vo=n0 and Qyn(for)(®) = n0(fon) = ya(f)-

Note that, for the case Qp = Qp, we have almost surely DIJ,V_ 1a(f) = 0. In this case,

(13 QD)

0<p<n
isa (Fp;0 < p < n)-martingale.

Now, to facilitate the writing, we fix a finite time horizon T € N*, and a test function F €
By (ET). As a natural extension, we discuss a similar family of bias-martingales decomposition
brought by the partial semigroup structure of coalescent Feynman-Kac kernels. Let us consider
the term defined as follows:
b — 7hb otb
sz (F) T r:,N Qn,T(F)erZn-

First, the integrability is guaranteed by Proposition 3.7.7. Then, thanks to Proposition 3.7.9, we
get a almost sure equality which is very “close” to a martingale structure:

b
E Frf’b QE’T(F)ITNZn

N _ b ot/ b
9n—l] - rj_l’NQ;, ' QE,T(F)ITNZYI—I-
Note that, since Qfl’ff conserves the coalescence structure, the term Cp,, disappears. We denote

iDL (F) = XEV(F) — E [Xf;”(F) 9{;’_1] ,

as well as
"D (F) = B [X50(P)

9{1\[_1] - sz{)l (F)

Thanks to Lemma 3.7.10, Lemma 3.7.12, the Minkowski’s inequality and conservation of coales-
cence structure, we deduce the following Lemma 3.7.1. Then, the Proposition 3.7.2 is a direct
application of Doob decomposition theorem.

Lemma 3.7.1. For any test function F € B, (E%) and any coalescence indicator b € {0,1}7*1, we

have .
¥DEP(F) = O, (i) ,
2, w
and

\ PpEL(F) = 0 (i)
2 '\

Proposition 3.7.2. For any test function F € By(E3) and any coalescence indicator b € {0, 1371+,
the integrable process (Xi’b(F);O < n < T) can be decomposed to a (§Y;0 < n < T)-martingale
(Mf{b(F);O < n < T), and a integrable predictable process (Af;b(F);O < n < T), respectively
defined by

n
MP(F) = X5 (F) + ) *DEb(F),
p=1
and

n
ALP(F) =) "DEN(F).
p=1
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Similarly, we also discuss the martingale decomposition associated to the measure FI:LZ We
define
e b AT.b
X;’b (F) = r,zN Q:T (F)ITN >n>
as well as B B B
DR = EEE) B [Tt R | W]
and
By (F) = B[ Z(P) | WY, | - F2 ().
Thanks to Proposition 3.7.10, Lemma 3.7.11 and Lemma 3.7.12, we have the following results.

The unbiasedness given in Proposition 3.7.3 is a direct consequence of the definition of é;’(g)

and @2’@).

Lemma 3.7.2. For any test function F € Bb(E%) and any coalescence indicator b € {0,1}7+, we

have .
B F) =0 (—1 )
n = VL1 — |
1)21 N
and

S5 (R = 0 (i)
2 “\w

Proposition 3.7.3. For any test function F € By(E3.) and any coalescence indicator b € {0, 1},
the integrable process (XZ’I’(F);O < n < T) can be decomposed to a (WN:0 < n < T)-martingale
(Mj;b(F);O < n < T), and a integrable predictable process (Aj,’b(F);O < n < T), respectively
defined by
n
MP(F) = KPP (F) + ) *DE(F),
p=1
and
—_— n —_—~
ARb(F) =) "D} (F).
p=1

In particular, under symmetric resampling scheme, that is Qn = Qo,, foralln € [T], we also have
b]b'):r{(@) (F)=0, a.s.

which yields
(%@ )

0<n<T

isa (WN;0 < n < T)-martingale.

3.7.2 Verification of asymptotic variance expansion

In this section, we verify the asymptotic variance expansion (3.8) given in Section 3.3.1. Recall
that, with the introduction of coalescent Feynman-Kac kernels, we have

oL, (f) = ) (rEPCiQi (£ - v Ci0gs, Qi (%)

p=0
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By definition, since

®2

;?_Zng = Yn—lQon + Nn-1 (Gn—l)Yn—l(Qn - én) = }’?2,

=0.

we have
2C1Q(®) (f®2) — rrip) (f®2)-
Next, for the latter term, since

Qo (F) = (Qpn (1)
by applying (3.17), we deduce that

Vpenl, yP4Ci088 Q <®>(f®2>

o2 (Cr D)% 08 Qi (F5) +y 4 CiRe  Qp) (F%2)
\? (£o2)
Note that
Vo € By(Ep), Ry, (9)(x)
=1p-1(Gp-1)20n(0) (x)? + Gp1 (x)21p-10p (9)?
— 2151 (Gp-1)1p-1Qp(9) (Gp1 X 0p) ($) (),
whence

Yp 1C1R§’$7p 1(‘P®2)
=1p-1(Gp- D%y 1C1QS’2(§0®2)

- _’7p—1( 1)Yp 1 ;92 +2’7p—1(Gp—1))’f_21 [Qp ® (Gp—l X Qp)] ((P®2) .

Np-1 (Glz,_l))/;le [Qﬂﬁz—Q.p ®Qp—ép ®Q.p]

ve4,05! (92)=T Q) (02)
Replacing ¢®? above by Q(Q) (f®?) = QJF () (f®?), we get
Vpe[nl, yLCi08:  Qu (f%Y)

=2 (£%%) - TP Q) Qi (£%%) +1p-1(Gp- ozy,, 1 QL (%)
:ré@) (f®2) _ r;,([? 1) (f®2) + 11 (Gp_l)z FT (Q)C (@) (f®2)

Taking into account that
Vpelnl, T (%) = npei(Gp0)? T P Ci02Qu0 (£ = T PV (£22),

and
T\ (£2) = T (£2),

107
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as well as the convention (3.4) for the case p = 0, that writes
yfz’lzCl ng,’;ilQ(()i) (£%2) = rrgfb) (£%2),
we finally obtain the coalescent tree-based asymptotic variance expansion:

n

oL, (f) = Y (P () -T2 (£59)) + ) TP (%),
0

p=0

S

b~

3.7.3 Proof of Theorem 3.2.1

For any test function f € B;(E,), the unbiased property

E [yr];v(f)erZn] = Yn(f)

for the case Qn = Qn is a direct consequence of the martingale decomposition (3.31). For the
almost sure convergence, the proof is done by induction. For the step 0, the almost sure conver-
gence of 17(1]\[ is a direct consequence of law of large numbers for i.i.d. random variables. For step
n > 1, we suppose that for each 0 < p < n — 1, we have

Vop € By(Ep). 1y (0p) ——— 1 (@p).

We first check that

1 (n+1)N
a.s.
k=1

Taking into account that

UN ()| <31Iflles  as.

we have, thanks to Azuma-Hoeffding inequality, for any a > 0,

(n+1)N N —2NO(2
P U No| <2exp{—————}.
( 2 W) ) p{9(n+1)||f||§o}

Hence, the almost sure convergence (3.32) is then ensured by Borel-Cantelli lemma. On the other
hand, the induction hypothesis gives

Vpelnl. Dp(f) ———>0,

which yields

n
DN a.s. 0
pon(f) N—oo
p=1
The verification of the almost sure convergence for y (f)1;y>n is then complete. The almost
sure convergence of n is then trivial since for any test function f € B, (E,), the convention
(3.1) allows the writing

Y;év(f)lfNZn

N
n (f)lr >n — .
mTINEE T N (D)1 on
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3.7.4 Proof of Theorem 3.2.2

Lemma 3.7.3. Let ;™ be an empirical on E,,_;, we suppose that there exists a probability measure
pon E,_y, such that for any test function ¢ € By(E,—1), one has

1N (@)~ u(@).
Then, for any test function f € By,(E,), we have the following almost sure convergence:
) 1 (Ruv (F2) == 1 (Rug(£)?)

i) 1 (Quuv () == 1 (Qma()?)

Proof. Before starting the proof, let us recall that for any probability measure y € $(E,—;) and
for any test function f € B, (E,), we have

Qnpu(f)(x) = tOn(f) + Ruu(f)(x)

with Ry, , defined in (3.15). Basic algebraic mulipulation gives

O (F) ()% = pOn()* + Ruu () (2)? + 2000 (f) R () ().
Recall that, by definition, we have
Ry ()(x) = 1 (Gue) O () (%) = Gt ()N 0 ()

and

Ry, (f) ()
=1 (Gp-1)20n(F) ()% + Gt () 2N O ()% = 26N (Gt ) 1N O () Gt (x) O () (%),

whence we deduce that
i (Ru (1)?)
= (Gu) e (Ou(F?) + 1 G (0n) =2 G B O (G On()).
Since Gp_1, On(f) € Bp(En_1), Theorem 3.2.1 gives that

1N Gae) v (Gn(H)?) + v (Go_ N Gal(F)? = 24 (G t) BV On(Piin (Gami ()

a

s (Gt (Qn(?) + (G ) ()P = 20(Gr)uOn ()1t (GuaOn(F) )

N

On the other hand, as

(R (F)) = HGa 1) (Qn(D?) + HGE- 0w () = 24 G- 1)Qn (Nt (Gu-10a(F))

we safely deduce that
1Y Ruu()?) ~— 1 (Ruu(£)°)
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which terminates the verification for the point (i). Next, by standard calculation, we obtain
Qv (N)(0)* = 1N Qu () + Ry () () + 24N Qun () Ry v () (),
whence
N (Qup (?)

=N O On ()4 1 (R (1)2) + 26N G (£ (Gum) (G = O (F).
Finally, as Qo,, ), Qn (f) € By(E,-1), point (i) and Theorem 3.2.1 combined with the fact that

1 (Quu(N)?) = p(DHQu(F)? + 1 (Ruyu(F)°) + 21 ()Gt ) (O = Qu) (f)
ensure the desired convergence in point (ii). This closes the proof of Lemma 3.7.3. O

Now, let us start the proof of the CLT-type result for yN1,,,>, and 7)Y 1, >,. The proof is done
by induction. The verification of step 0 is trivial by the central limit theorem for i.i.d. random
variables. For step n > 1, we suppose that, for any test function ¢, € 8;(E,), we have

d
Vosp<n=1 VN (1) (0p)enzp — 1p(0p)) —— N (0.2 (0 = mp(0p)))

Again, let us go back to the decomposition (3.31). First, we prove that

(n+1)N

1 d

= > U —— N (o). (3.33)
k=1

In order to apply Theorem 2.3 in [McL74], one needs to verify that

+ The boundness of G,, gives that

< 2 flle. (3.34)

N
Ue (f) N~

1<k<(n+1)N ’ VN

which shows that max; <k <(ns1)N |\/LNU’5] (f )| is uniformly bounded in L2-norm.

« From (3.34), one also gets that

1<k<(n+1)N‘\/_ k (f)’ N—oo

« For the asymptotic variance, we deduce that

N 2 _ . N 2 ir ix 2
(Uk (f)) _}/pk(l) fj‘)k,n(X ) 1TN>pk+}/pk 1(1) ka qN (ﬁ)k n)(ka 1) lszpk—l

P{V (k) PN (k)

-2 )’;,\,iq (1)2Ugc—1(ka—l)ﬁ7k,n (Xlk )ka ”N (fi’k n) (X;;I; 1)1TN 2Pk

PN (k)
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First, let us prove that

(n+1)N

% > PfV(k)J-V%:ZYP(l)YP(]ﬁn)' (3.35)
k=1 p=0

In fact, by the construction of the Feynman-Kac IPS, we have

(n+1)N

rIIRCEDWACTTAL
=1 p=0

Hence, Theorem 3.2.1 gives the desired convergence (3.35). Second, for the term concern-
ing P, (k), we would like to show that

(n+1)N n
> BN < Y (Dt Qo ). (336
k=1 p=0
Similar to the previous case, we deduce that
1 Y N N N 2
PIRACE ; Hol (O1p (Qpy, fon)?)

= > L P Qe o?)
=0

The convergence (3.36) is then obtained by combining Theorem 3.2.1 and the point (ii) of
Lemma 3.7.3. Then, for the term concerning Ps(k), we prove that

(n+1)N

5 D PN = Y (01 (G ). (3.37)
k=1 p=0
Notice that
[PN (k) | Fp— 1]

=/t (V%1 1) Qpy gy ) O E [f(X’k gy ]

=V pe-1 (D 1y 1 (Gpm1)K, P (o) (X5 D Qpeny (o) (X))

Qe pm) (X% )
Kk~

i’k~’7p
=Py’ (k).
Hence, by exploiting the already proved convergence (3.36), it is sufficient to verify that
(n+1)N

% > (Y- P (b)) 0 (3.38)

k=1
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Recall the filtration (E;CV ;k > 0) defined by

Vk e [(n+)N], &Y =Fp Va(X,. . Xk5).

It is readily checked that (PY (k) — P (k)) is a (Elkv )-martingale difference array. In addi-
tion, the boundness of G,, ensures that

P (k) = Py (K)| < 8Ifll-  as.
Thanks to Azuma-Hoeffding inequality, one obtains

(n+1)N

> PN (k) - PY (k)

Yo > 0, P(
k=1

—o2N )
32(n+ 1) [IfIIZ

The almost sure convergence (3.38) is then followed from Borel-Cantelli lemma. In con-
clusion, by combining (3.35),(3.36) and (3.37), one gets

ZNoc) < Zexp(

1 (n+1)N 2 asp
N Z (U'iv(f)) ﬁaﬁn(f)- (3.39)
k=1

Next, the induction hypothesis, Lemma 3.7.5 and Theorem 3.2.1 ensure that

DY) = |131(Gpt) = 1p1(Gp) | Tenzpe1 11 (B = Q) (p) Tz (3.40)
(%) "
whence
SO () o (i)
pa p.n P \/ﬁ .

Slutsky’s lemma then gives the CLT-type convergence for y~ ()1, >,. The CLT-type result for
nN ()1, =n is a direct consequence of Slutsky’s lemma and the following decomposition

VN (1 (P ez = () Lo
VN (1 (F =t (D ez = 1 = 10 (1)) Tz

1
ya (1)
This ends the proof of Theorem 3.2.2.

3.7.5 Proof of Proposition 3.3.1

First, we notice that
VY (f) = (yflv(l)2 - F,ﬁ’f\,@)) Lesn + (F,‘fjﬁ,@) - F,f‘fy)) lrsn. as.

We start by study the first term on the right-hand side of the equality above. Thanks to Theorem
3.6.1, and by considering the stochastic bound given in Proposition 3.7.7, we have, on the event
{tn 2 n},

N-1\"

(YN)®2(f®2) _ (N - 1)n+1 ri,(G)(f®2) + 1 ( ) C ri(l’)(f@Z) +0O1s (i)
n N n,N N N - nN L N2 .
p:
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Notice that

-1 n 1 _ n+1
N-1 =1-0|—=] and N-1 PP 0 ! ,
N N N2
which yields
N (YN(l)Z _ ri,(fb)) 1o = N (ri,(p) (F%) - (@ (f®2)) +0 (l) (3.41)
n n,N 2n nN n,N L2 N . .
=0

Next, by applying the decomposition given in Proposition 3.6.4, we deduce that
1 n—
N (07 =T 1esn = (1 T 1) Z TP (F)1esn.
p=0

Combining the two parts, we finally obtain the desired stochastic bound in (3.12). For (3.13), the
reasoning is similar by the same algebraic manipulations. The only remark is that due to the
“normalization” procedure, the stochastic bound w.r.t. L2-norm given by Proposition 3.7.7 and
Proposition 3.7.8 will be replaced by a weaker version, namely,

TE(P) /YN ()2 = 05(1) and TP7(F)/ya (1)% = 0p(1).

This is ensured by Theorem 3.2.1.

3.7.6 Proof of Theorem 3.6.1

On the event {ry < n}, it is clear that both equalities hold. On the event {ry > n}, the particle
system is well-defined from level 0 to level n. Since

N = 1\ yieh,
e A

we have

n+1—|b| b
) (5] e

_ .Z\]n_1 Z l_l (N_l)l b r[/lb Ap+1 16[2]) C (F)(Xn )

T (N -1 bn :
f[Z] E((N)Z)X('H'l)

Enumerating all the possibilities for the coalescence indicator b € {0, 1}"**! leads to

Z {1—[ (N— )" }f;f,N(F)

be{0,1}n+!

1 N-1
N i | n [EP N,
N (apn AP“ =0y N AP =nza =)

ey gl e P70

() {5 ot + gme xaci ).
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To conclude, one just has to observe that, for each 0 < p < n -1,

1 N - 11 N-1
N Z};H_ [§)+1_ 1,92 + N é;)+1_ 1 Z?H—l_ 2 N
(AP =AY =0 202y (Al =t zA P =0}

07l e(N)?
while, by (3.2),
N-1 1
—— M (Xa)Co(F) + =m® (Xa)Ci (F) = m®(Xa) (F) = (1) **(F).
Multiplying both sides by y (1)? gives the corresponding relation for (y2)®?(F).

3.7.7 Proof of Proposition 3.6.5

For all N > 2, let us consider the following auxiliary random matrix:

A = 1 H, o = B
bl _ Tl ghllo . 1 f[hl
Ij" = Ha and I;I”’(N) = Nt
H;rtl,Oll = 0: Hi,0|1 = 0:
= 0; oy =0
bl . i B
n ey Hn,(N) = Hn .

Using the partial semigroup structure, we define, for any coalescence indicators b and b’,
=Y |b LY |b oLt b b |b it |b
VF e By(E2), Tiv"(F) = A" (F)) = mO2((N]) - BP0 P (Fy),
with "
Ful (1] = F(OX ).

Similarly, we also define

~EY|b SEb b Eb b L0 |b
VF € By(E), ALUD(Fh) =mOX([N]) - Hig ) - HEQL - HET L ().

Remark that 0 = 0 x ﬁ Hence, by definition, we have

|b~b|
1 b by _ ] bbb
An,(N)(Fn)_(—N_l) Ay U(F)).  as.

Next, we consider the binary decomposition w.r.t. a coalescence indicator b. More precisely,
—_—~ —_~ ’b/ b
Air:z’b(Fn) = Z Ai’(j\lj) (Fn)
b'eS(b)
_ablb ~ib|b
=M (Fa) + ) A (Fa)
b eS(b)
NEblb TEY|b
=N+ Y KA (F)
e (b)

[6'=b|
~ 1 ~',b,b
=AJP(F,) + Z (m) A ().
b eS(b)
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Therefore, it suffices to verify that for any coalescence indicator b” and b, we have
A (Fn) = 002 (D).
By definition, if there exists ny > 0 such that
by, =0 and by =1,

we have
real _
AR (R ) = 0.

If not, let us consider the mapping ¢ : {0,1}% — {0, 1} defined by
$(0,0) =0, #(1,0) =1 and ¢(1,1) =1.
We also denote by := (gb(bo, b;), ¢(b1,b7), ..., d(bp, b;l)) It is then easily checked that
AR = R, (Fa) =T, (F).
As a consequence, thanks to Proposition 3.7.8, we have
A (F) = 0:(1).

This is sufficient to end the proof of Proposition 3.6.5.

3.7.8 Technical results

In this section, we list some technical results in support of the proofs given in the following
sections. We remark that Lemma 3.7.5 serves as a technical lemma, designed to prove Proposition
3.7.4 by induction. Since the latter one is proved to be true, the hypothesis in Lemma 3.7.5 can
thus be removed. This is why in the Proposition 3.7.5, it can be used without induction argument.
In the proof of Proposition 3.7.7, we do not give the finest analysis, which is done later in the proof
of Lemma 3.7.10. This organization is due to the complication of the notation in the present work.
Since the rougher analysis in the proof of Proposition 3.7.7 is more straightforward than the finer
version in Lemma 3.7.10, we consider it to be a good warm-up to the techniques involved in this
section, which are highly repetitive in regard of the application of the pivotal decomposition
(3.63).

Lemma 3.7.4. For any test function f, g € By(Ey) and for both by = 0 and by = 1, we have

(’75)\])®2Cb0(f®9)1m20 - ’I(?zcbo(f‘gg) =0p (\/117]) :

Proof. For the case by = 1, it is sufficient to verify that

Vo € By(Ee) 1Y (9)1oys0 — 1a() = Or (%ﬁ)

which is clear for the bounded i.i.d. random variables. More precisely, we have
E [ (f)(Lay20 + 1= 1) =no(f)] =E [ng (f)(1zy20 = 1)]
<1l P (1 (Go) = 0)
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Since E[l]é\] (Go)] = n10(Go), we have, thanks to Hoeffding’s inequality for bounded i.i.d. random

UO(GO))
5 ,

variables,

P(’?é\](Go) =0) < P( (Go) <

exponential decay rate w.r.t. N.

which guarantees
E [0 (H)leyso—mo()] =0 (%) (3.42)

whence, by Cauchy-Schwarz inequality,

1
”’7 () eyzo0 - Uo(f)”[[_,z = (\/_N) .

For the case by = 0, since

(1) Con (f © 9)ey 20 = 157Co, (f ® 9)
=1 () (1 (9) = 10(®)) Trz0 + 10(9) (1Y (F) = 10(F)) Tey 20,

The conclusion is also straightforward by considering the case by = 1. O

Lemma 3.7.5. Ifforall0 < p < n—1, we have

1
V‘Pp € Bb(Ep)s Ug(fpp)lfNZp - Up(‘/’p) = Ope (\/ﬁ)’

then, we also have

P(TN<n):O(]\if)'

Proof. By definition, we have
P (TN < 0) =0.

For n > 1, thanks to the bias-martingale decomposition (3.31), the almost sure boundness (3.30)
and Azuma-Hoeffding inequality, we have
) +P
exponential decay rate w.r.t. N

PyN(1D)1ysn < y"él)) < P(
mn) 0 (;)
N

(n+1)N

% > o>k

k=1

(1)

Z ()] >

) (3.43)

Then, we verify that

pn(D)] >

By Markov’s inequality, one has

ya(1) 4]z Dﬁn“)HLl A2 (1258
) - Yn(1) - Yu(1)

(D] >
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Thanks to Cauchy-Schwarz inequality, one derives

N
5o,

= ||Y11;V—1(1)’711;V—1(Q.p - Qp) (Qp,n(l)) [’7‘2}—1(Gp—1) - Up—l(Gp—l)] oy >p-1

< HYII,V_1(1)’7;]:]—1(Q.1> - Qp) (Qp,n(l)) 1oy >p-1 L2

In addition, we also have

||Y1[;\[_1(1)’71[;\]—1(Q.p = 0p) (Qpn(1) Lrypt 12

< HY;V—I(l) (’72’-1Q.p (Qpn(1) Toyzp-1 = 1p-10p (Qp,n(l))) 1oy >p-1

Ll
(U}I:I—I(Gp—l) - Up—l(Gp—l)) 1ry>p-1 .

) (1340 (Qpn(1) Tewspot = 151Gy (Qpn(D)) Ty

Therefore, consider the hypothesis, and the fact that

yN.(1) <1, a.s.

we get
1

D} 1' =0(=|.

“ pon(1) L! (N)
which yields

Ya(1) 1
P 0nmn < 2] 20 2]

Next, since

{TN<n}C{TNSn}:{TNSn—l}U{yflV(l)zo}

c{tn<n-1}U {yf;’(l)lmzn <

one derives that

P(ty €n) <P(tv <n-1) +P(y,11\r(1)1m2n <

Yn(1)
2

Yu(1)

)

By applying the inequality above recursively from n to 0, one finally obtains

1

P(TNSH)IO(N).

Proposition 3.7.4. For any test function f € B, (E,), we have

Ur]:](f)erZn - Un(f) = Oy (\/lﬁ) .

In particular, one also has

VY (F)Loyon - ya(f) = Ous (vlﬁ) |

I

12

117

(3.44)
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Proof. The proof is done by induction. For n = 0, the stochastic bound is clear for the bounded
ii.d. random variables. which is guaranteed by Lemma 3.7.4. For step n > 1, we suppose that

1
Vop € By(Ep), 1y (0p)laysp = Mp(@p) = O (\/ﬁ) :

We consider the event QY ¢ Q defined by

Q= {yff(l)lmz” > Y"él)}.

By the definition of the absorbing time 7, one has

Yn(1)
2

QN = {yff(l)lmm > and 7y > n} c {tny = n},

whence

IQI';T < erZn-

Then, by the fact that

1ryon = loyon — lQnN + IQnN Syzn—1+1- 1Q{1\J| + ].QnN

(3.45)
<[1=1psn|+ ‘1 - 195‘ +1gx < 21(gn)e + 1gn,

we obtain

Y (1) = (Dl Tezn < 1Y () = (P gy +41f s 1 gapye- as.

Then, by applying the induction hypothesis, and thanks to a by-product (3.44) of Lemma 3.7.5,

the inequality above leads to
LAl P ((@))

o)

(7 = 1) tegma|, < | (3 = maF)) 10

It is thus sufficient to verify that

H(ﬂnN(f) - nn(f)) 1y, =0 (L) , (3.46)

VN

By the fact that 15817y >n = 1gn, we have the following equality:

(10 =1ty = (P tewn = 10() 1y

_ m(f)
v (1)

Then, by the definition of the event QJ,Y , we have

(lez\](l)erZn - Yn(l)) 1.

(lelv(f)l‘l'NZfl - }’n(f)) Ign < L (y,l,v(f)lmz,, - yn(f)) 1oy, as.

Y (1) yn(1)
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As a consequence, to prove that

(A ton = 10) 10 =02 ).

ya (1) VN
and 0
Nn N 1
—_ Diyson—yn(1) )18 =0 .
}/r]l\](l) (Yn( ) N2> Y ( )) QN L2 (\/ﬁ)
One only needs to verify that
N 1
}/Tl (f)lTNZn - Yn(f) = OLZ '\/N . (3'47)
According to the bias-martingale decomposition (3.31), we have
1 (n+1)N n
N _ N N
 (Neza =1 =5 D A+ D).
k=1 p=1
whence
N 2
N (1 (D leoyzn = 1a(1)
| [(ON 2 n 2 ()N n
=5 ( >y (f)) +N ZDﬁn(f)) +2 30 UN() D DY)
k=1 p=1 k=1 p=1

By definition, we have

[N, = [ 0231 (Gp = B (@) 11 (Gp) = 151 (G| Tz
<2||flle ||(’7[];]—1(Gp—1)1n\]2p—1 - ’7p—1(Gp—1)) 1ry>p-1 .
By applying the induction hypothesis, one obtains
o =0u )
n = 2 >
f2 L VN
which gives
- 1
D =0u ).
and, by Cauchy-Schwarz inequality,
n 2 1
ZDiin(f)) = Oy (N) .
p=1
Meanwhile, since (U,iv (f )) is a martingale difference array, we have
1<k<(n+1)N
. (n+1)N 2 | (N
N _ N ()2 2
~E ( kZ Wl =x g E[UY ()] == o}, () < +eo,
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where the convergence is a by-product (3.39) of the proof of Theorem 3.2.2 and dominated con-
vergence theorem. Hence, we obtain
(n+1)N
PIAGEE (\/N) .
k=1

In summary, we have

NE [l (F1eyzn - 1 (]

(n+1)N (n+1)N n n 2
:% kZ:;) E[UYN(f)?] +2E ; UYN (f) ;D;,Yn(f)‘ +2NE ;Dgn(f)) ,
0.2(VN) o:(&) | [ 0 (#)
which, thanks to Cauchy-Schwarz inequality, leads to
Mﬁqnmzwq%ﬁmu=0(7%). (3.48)

This ends the verification of (3.47) and the proof of this proposition.

Proposition 3.7.5 (L*-propagation of chaos). For any test function f, g € By(E,), we have

) (F @ g)1aysn — nZ2(F @ g) = Ors (vlﬁ) |

Proof. Before starting the proof, let us mention that by Minkowski’s inequality, for two random
variables X and Y, one has

1
X:OLZ(

\/N) and Y= oLz(

)= xor-onf)

Notice that
() (f ®9) ey on =1 (F@9) = () (F © 9) = 12 ©9)) Leyon+ 12 (FOG) (1~ Try2n).

Thanks to Proposition 3.7.4 and Lemma 3.7.5, one derives

E |02 (f © 9)(1 = Leyzn)|*| < 1fll 191 B [1 = Lazn] < 1f s llglloo P (5 < ),
|

0(x)

which implies that

r]?z(f(@g)(l - ITNZn) = OLZ (\;N) .
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Next, considering the decomposition (3.2), we deduce that

(2 ©9) =12 (F @) 1eyzn =i () @ 9) = 1S (£ @ 9)) Ty

N-1
— (19 + 1 (F1(9)) Ty

N-1

+

Concerning the term at the right-hand side of the equality above, we noticed that

2
<
o N-1

1 lleo l19lleo -

| (G0 4 1@ e
In addition, since
(2 © ) =02 (F ©9)) Lo
= (1 () [1Y @) = 1a(@] + 10(@) [1Y () = 10()]) Teym
<2 (Ifll v llgll) ([ (F) = ma (] V [1Y 9) = m0(@)]) 1eyos a5

it is then sufficient to verify that

1
U BB, (D) 1) 1m0 ). 6.49)

which is guaranteed by Proposition 3.7.4 since

(1 () = 1(D) Loz = (1 (D lazn = 1)) Loy a5
The proof is then finished. m|

Proposition 3.7.6 (Biasedness). For any test function f € B (E,), we have

1
E [UnN(f)ITNZn - Un(f)] =0 (N) .

In particular, we also have

E [Y;I;[(f)erZn - Yn(f)] =0 (%) .
Remark. Different from the other technical results, the order of the bias given in this proposition
will not be used to prove the consistency of the variance estimator. They are put in this section
simply because we think the order of bias is important but not as relevant in the present work,
where the most results we discussed are “short term” asymptotic properties of the IPS. In addition,
we want to mention that by the same strategy, one can obtain an explicit bound w.r.t. both n and
N for the bias. The main difference from the classic Feynman-Kac particle models discussed in
[DM04] is the “lack-of-martingale” or, said differently, the bias-martingale structure (cf. (3.31)).
As a consequence, the decay rate of the absorbing time is not exponential w.r.t. N any more.
Instead, it is replace by O(1/N), as stated in Lemma 3.7.5. This is why the order of bias w.r.t.
N is not affected. The “lack-of-martingale” structure also requires an induction in order to deal
with the bias term encountered in the bias-martingale decomposition (3.31). This technique is
frequently used in the adaptive SMC context (cf. [DG19](Chapter 2)).
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Proof. The proof is done by induction. Thanks to a by-product (3.42) of Lemma 3.7.4, we have

1
B (o = m(P] =0 ().
For step n > 1, we suppose that
1
Vﬁ” € Bb(En—l)’ E [’72]—1 (QD)ITNZn—l — Nn-1 (f)] =0 (ﬁ) .
By the bias-martingale decomposition (3.31), it gives
1
V‘ﬁ € By(E,), E [Yrjzv(qo)erZn—l - Yn(f)] =0 (N) .
Next, standard calculations give
N
NeF) o )1 [ ),
(1 () =1 () Ty (yzm e
yn(1) (N
=N~ n) = ¥Yn (fn) | Liy>ns
e U G = () 1
with .
Remark that, by definition,
¥Yn (fn) = 0.

Then, by applying Lemma 3.7.5, we noticed that

E [(UnN(f)erZn - nn(f)) - (nnN(f) - qn(f)) erzn]
=B | (1 (N eyzn = 1)) (1= Layn) |

<2|IfllP(ty <n) = O (%) .

Mutatis mutandis, one also has

1

B[ (A (D 1van 1) = (10 = 1 D) 1en] =0 ().

Therefore, considering the induction hypothesis (3.50), we only have to show that

o [ AR

__ (yif(l)lmn — (1)
v (1)

Recall that the event QY c Q is defined by

(1
Qilv = {yrjl\](l)lfNZn > Y ; )},

) (lel\[ (fn) N I (ﬁz)) loyon = O (%) .

(3.50)

(3.51)
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and we have 1oy < 1gyen < 21(QN)C + 1. Notice that, by Lemma 3.7.5 and the definition of

fn, one has
Yn(1)
(M - 1) (1 ) = v () 1y
< |’7nN(f)1rN2n - Un(f)| I(QnN)c + !)’rll\[ (ﬁl) 1rysn — ¥ (fn)| 1(QnN)C (5:52)

<4[fllw 1 (qyye = Our (%) :

In addition, by definition of Q, one gets

~ (yﬁ’(l)lmzn—yn(l)
ya' (1)

) (Yr]z\[ (fa) Leyzn — ¥ (ﬁl)) 1Q,’y

2
Sy (1) |yrjlv(1)1TNZn - )/n(l)| |le1\] (ﬁl) 1TN2n —VYn (fn)' . a.s.
Thus, thanks to a by-product (3.48) in the proof of Proposition 3.7.4, we obtain
Yn(l) N _ 1
(yﬁ?’(l) - 1) (Yn (fa) = Yn (fn)) loy =0u (] (3.53)

Finally, combining both (3.52) and (3.53) terminates the verification of (3.51), which also ends the
proof of Proposition 3.7.6.
O

Before proceeding further, we recall and introduce some notation that is used frequently in
the following technical results. For N € N*, we denote

[N1§ = {(i1,....iq) € [N]?: Card{iy, ..., ig} = p} . (3.54)

In particular, we denote (N)9 := [N ]g . We also write

(N)?)?:= (N)? x (N)? x - -+ x (N)?. (3.55)

q times

With a slight abuse of notation, we admit that

((i,)).k) = (i,j,k). and (i), (kD) = (i, j. kD).

We also adopt the notation introduced in Section 3.6.5. Fixing some b € {0, 1}"*!, we denote

n-1 (2]
bppl2ly _ 1 b Al pl2]
A ] = N(N-1) Z {HGP(XP)AP(APP Ay )}’ (3.56)
ez (p=0

with the convention
ZJ] — 1

" N(N-1)
It is readily checked that

12
AP = > AR EPGE (Xl (A ).

n—1°
o e (N2
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This allows an alternative representation of F:,’Il\’,:

o)
VF e By(E), TH(F) = > ALIEEC, (F)(X™), (3.57)
(i e(n)?

which covers the case n = 0. Similarly, we also denote

~ 1 +.b e[2+]1
N B Tl {]_IG " B Xp) 4" (47,4 1 (3.58)

lim €2 AP=

with the convention

s 1
AP = ———
o L6 = N(N-1)’
We also have the decomposition
AbPLel) = Z ARt [ GEE (] By, X 1))Lf1@>1(An l,f[”l) (3.59)

G (N2
As is shown in the previous case (3.57), Tﬁf ~ admits the following alternative representation:
=t.b ~t ¢
VF e By(ED), TIN(F)= > APIGTIFOGH), (3.60)
P e(ny2
which covers the case n = 0.

Proposition 3.7.7. For any coalescence indicator b € {0, 1}"*!, we have
T2 (D15 = Or2(1).

In particular, for any test function F € B, (EZ), we also have
TH (F)1eysn = Opi(1).

Proof. The proof is done by induction. For the step n = 0, it is clear since i"l"ob)l\,(l) = 1. For step
n > 1, we suppose that

SupE[rib N(l)z TN >n—1 < +o0.
N>0

By the alternative representation (3.57), for all N > 4, we have

[I’J’ (1) 1y>n 92[—1]
b by
N AN
((LZ]I gn[Zl)e((N)Z)xz (361)
El Y Gl (a2l (AT P ] B g

(@ L e
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since the definition of Gfl_l gives

E > G (Xau1)?Al_, (A
@6 e((N))<2

n—1° 6[2] ))L 1(A [2] 92]_1 1:y=n-1=0.

nl’nl

In order to simplify the notation, we may omit 1., »,-1, which is Sfl"_l—measurable, in the rest of
the proof. Before proceeding, we recall the conditional distribution of the selection step. Given
Sn 1» we have

Gn-1(XE_)
Nm(Xn—l)(Gn—l)

Vie [Nl Aby~Gua(Xi)8i() + (1= Gua(X] 1>>Z 5k ().

Hence, for any j € [N], we have

N
m(Xa1)(Ga1) ) P (A, = 7| G
i=1

Gp- X 3.62
=m(Xn-1)(Gp-1)Gn- I(XJ 1)+Z(1— n-1(X, 1)) 1( 1) ( )

=G, 1(Xj ) <1 as.
With the notation introduced in (3.54) and (3.55), for N > 4, we have the decomposition

(N = ((N**? N [N]3) U (NP N [N]3) U (N (3.63)

The rest of the proof consists in studying the term

El Y G (a2l (A 22 (Al 12 | o)
eI e (N

with respect to the decomposition above and the bound given in (3.62).

(i) Case: (¢ 011y € (N)2)® n [N]2:

2
In this case, there are only two distinct random variables in the tuple

(Agl A(Z AK 1 AZ ’2 )

n-1"""n-1"""n-1°

Due to the symmetry of the particles, we first calculate the number of choices to assign two
different random variables in the tuple above.

C3/2 - 2/2 =2. (3.64)
—— ——

possible choices to assign limitation by ((N)?)*2.
two distinct couples in (4)*.

More precisely, in this case, the two possible assignments are

o 71 2 02 72 2 A
Ann—l - Ann—l’ Ann—l - Ann—l and A An 1 Ann—l - Ann—l'
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[2]
Without loss of generality, we suppose that Af;"_l are two distinct random variables, with
/(2]
one of the two assignments above. Then, when 6,[,2] varies freely in (N)?, the values of Ai”_ L

[2]
will be a.s. determined by the chosen assignment and the value of Ai”_ .- By the fact that
/15_1 is indicator function, we have

In addition, since G, varies on the interval [0, 1], we have
0<m(Xn)(Gy) £1. as.
Now, let us deduce that

E Z Gj;1—1(Xf1—1>2/1b 1(An 1’6[21))L 1(A,, 1,5[21) nN—l
L2l e(n2

<E| Y Gl (e (A, ) | 5
e e(ny?

2
<|[——| E m(X G,)*1 1 N
(N—l) Z (Xn-1)(Gn)* { n =gl } {Aiz’il=bn_1£}1_l+(l—b,._l)ffl_l} In-1

e (N2

By the conditional independence between A , and A one deduces

n—-1°

E Z m(Xn 1)(Gn) 1 1 02 92]—1

_El A =b, £} 1-by_1)0?
fLZ]E(N)Z { - } { no1=on-145,_1+( n-1)4,_

= Z E [m(X,- 1)(Gn)1{ ath 21,1} 92]—1

G e(Ny?
E |m(Xn-1)(Gn)1 Sn (3.65)
{ —bn IZ1 +(1 bn 1)[
N
< ) E )Gty y )| S
the[NT | e
E m(Xn 1)(Gn)1 9N_1 .
, { " =bp b+ (1=bp) } "
4€[N]

Combined to (3.62), one gets

N
E| > G (Xan)Ah (A Py LGN <1

[Z] E(N)2

a.s. (3.66)
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which gives

N 2
E Z (;3:1_1()<n—1)2/1 I(An 1 ,[12]1 92]_1 < (—) . a.s. (367)

e e (N2

Considering the choices of assignments mentioned above, one finally gets

E > G (Xn_1)28_ (Al
e e((Ny)<en [N

2 2
G AR a1 | g

(i) Case: (¢, €1y € (N)2)* n [N

In this case, there are three distinct random variables in the tuple

(A Al Al AE”Z)

n-1"""n-1"""n-1°

Similar to the previous case, we calculate the number of choices to assign three different
random variables in the tuple above.

c; - 0 =4. (3.68)
—— S~~~
possible choices to divise limitation by ((N)?)*%.

(4)* into three distinct parts.

Let us fix one assignment. We suppose that Z,[lz] and /! are three distinct numbers. Then,
whilst (f,[lz],ﬁ' ) varies freely in (N )3, the value of Ag"2 is a.s. determined by the chosen

assignment and the values of (An b A ) Given Sn > by the conditional independence
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é

between An DA andA one derives

n-1°

E Z GE_ (Xn_1)25_ (Al

TUNAEINE

<E| >

nl’

g;m ,
)A 1(An—1’€n[—2]1) 911;]—1

Gi_1(Xn—l)2A'b 1(An 1, )1 El 9nN_1
TGRNAEINE { - }

N

/ 9]‘1*1
L]

S m o) (Gon) AL (AL Pf”h)l{ 0
CSNAEIE "

) X

(GRNAEINE

E |m(Xs-1)(Gn- 1)1{ A% } N

N

E |m(X Gn-1)1
(Xn-1)(Gn-1) { n =bplL +(1—bn—1>fi71} i

E |m(Xn-1)(Gp- 1)1{ 4 5'1,1} SN,

Again, combined with (3.62), one deduces

E Z Gxil—1(Xn—1)2/1 1(An 136[2]1)’1 I(An 1’ n[zi 9nN—l <1
GRNATEISE

Considering the number of assignments, we obtain

" fln[z] ’
GE_ (Xaet)228_ (AL 012120 (L") f12]) [ gN

E 2

(e e(N))y2n N4

nl’

(iii) Case: (012! 712y e (N)%:

In this case, all the random variables

n-1"""n-1"""n-1""n-1

(AZ}I Al Al Aenz)

are distinct. Similarly, by the conditional independence of A;_; and the bound given in
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(3.62), one gets
El Y Gh (a2l (Al ) (Al ey gy
GRNASEIYE
N ? [ 41D
<|v =3 S E{m(Xa) (Ga) 2L, (Al 1

USNASTEINT

2 _
:(ﬁ) S E|m(Xa-) (G- 1)1{ ) Y,

B eMemyt |

N
n-1

E |m(Xn-1)(Gn-1)1
m(Xn-1)( nl){ " =bp 1Ll +(1=bp_1) 0% } .

E m(Xn—1)(Gn—1)1{Agg ot } g,

n-1"""n-1

E |m(X Gp1)1 N
( n— 1)( n— 1) { % b 1£1 +(1=by 1)62 } 9n—1

()
<1" X
N-1

Combining the three cases discussed above, we safely deduce that

E 3 Gh (Kac) AL (AD )0 (A% P | g
(e e ()<

N 2
<(2+4+1)x . as.
——— N_l

=7

Now, let us go back to (3.61), by taking expectation on both sides, we have, for N > 4,

2
N b
E rﬂi](l)zlmm] <7 (m) E [Fi:,_l)N(l)ZITNZn—l]
112
<—E[ 1N(l) 1y on- 1] < 400,
This closes the proof of Proposition 3.7.7. O
Proposition 3.7.8. For any coalescence indicator b € {0, 1}"*1, we have
LR (D ley2n = Oz (1).

In particular, for any test function F € By, (EZ), we also have

TP (F) 1oy sn = O (D).
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Remark. Before starting the proof of Proposition 3.7.8, we would like to mention that the tech-
niques involved are similar but a little bit different from the ones in the proof of Proposition 3.7.7.
First, G\;" is not nonnegative in general except for the case where G, is indicator function for all
n > 0. In addition, it is not obvious that

61111(6[2] Bna Xn)l‘rNZn

n:n+1’

is bounded almost surely. In fact, it is easy prove that it is a.s. upper bounded by 3. However,
there is no obvious reason that this term is a.s. lower bounded. This leads to the fact that

E#}1}11(6[2] Bn> Xn) ITNZn

n:n+1°

is not a.s. bounded in general, which is the main difficult part in the following technical results.
Hence, unlike the previous case shown in the proof of Proposition 3.7.7, one should be extremely
careful where dealing with the bound associated to the term

— f12)
GE (] B, Xa)| A2 (A, ) 15

n:n+1’
Therefore, we introduce the following Lemma in order to facilitate the proof.

Lemma 3.7.6. For any nonnegative real numbers a,b,c € R, if a < b, b > 0 and c > 0, then, we

have
a a+c
- < .
b~ b+c
Proof. Direct calculation gives
a+c a ab+bc—ab—-ac (b-a)c S
b+c b b(b+c) Cb(b+c) T
The conclusion follows. |
Lemma 3.7.7. For any E,[lz] and K,[i]l € (N)?, we have

G (Xi")m(Xn) (G) — m(Xn(G2))
ke (1= Gu(XF)) /N

o Vi
Bnn+1 (1 - Bnn+l)m(xn)(Gn)

and ,
Gn(Xy)m(Xn) (Gn) — m(Xa(G2))

iz (1= Ga(XF)) /N

Vi o
Bnn+I (1 - Bnn+1)m(xn) (Gn)

are both well-defined on the event {ty > n}.
Proof. By symmetry of the definition, we only show that

G (XEm)m(Xa) (Gp) — m(Xn(G2))

Bf;}nl 1 _Bf;ﬁl Xn Gn
( () Yizes, (1= Ga(XD)) /N

is always well-defined on the event {ry > n} with the convention (3.1). In fact, when

> (1-6a0xh) =0,

k+0}
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z . Iz
we have 1 — G,(X,,”"") = 0 on the event {ry > n}. By definition of B,*"', we have
EZ
1-B," =0
This implies that, on the event {zy > n}, we have

Gr(Xem)m(Xa) (Gn) — m(Xn(G2))
Sieer (1= Gu(XF)) /N
Gu(XE")m(Xa) (Gp) = m(Xn(G2))
See (1= Ga(XE) IN {Zke (1-Gn )20}

o 72
Bnn+1 (1 - Bnn+1)m(Xn)(Gn)

/1 02
:Bnn+1 (1 - Bnn+l)m(xn)(Gn)

The conclusion follows. O

Lemma 3.7.8. For anyf,[lz] € (N)?, and for any coalescence indicatorb’ € {0,1}"*! andb, € {0,1},
we have almost surely

,opl2l
sup E Gl (02 1 B Xa) | A2 (A ) 1eyon | WY | < 4o,
N>1 [2]
o €INT?
In particular, we have
E[Z]
supE | >0 (GE(€2), ) Bo, Xa) | A7 (A 07 o | W | < oo,

N>1 o121

n+l

€(N)?

Remark. We remark that in the definition of l“Jr , we do not need to investigate A% for a different
coalescence indicator b’ in general. The reason that b’ is not set to be (@) lies in the fact that
Lemma 3.7.8 is applied in the proof of Lemma 3.7.9.

Proof. If not mentioned otherwise, the calculations of the random variables is only valid on the
event {ry > n}. Recall that, given 6’[12] € (N)?,

2 Al g2 = q 1 ,
( )= {A%l el} {Af;*l:b’,lf}ﬁ(l—b’n)ﬁf,}

. =N
and given W, , one has

Gn(XF)

Nm(Xe) (G )

VOe [N, AL~ Buoe()+(1- >Z

By definition, one has

1 2
Gi (02! B Xy)| <Bi By m(Xa) (G2)

n:n+1°

2m(Xa) (Gn) = m(Xa(GE))|
Sieey (1= Gn(XD)) /N
2m(Xy) (Ga) = m(Xe (G)

Sieez (1 - Gn(XF)) /N

VA Vi
+ Bn"Jrl (1 - Bnn+1)m(xn) (Gn)

Ve s
+ BnnJrl (1 - Bnnﬂ)m(xn) (Gn)
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whence

GHl(e B, Xy

n:n+1°

o Vi Z, L,
2B, (1= B, )m(Xa)(Gn) | 2B, (1= B,"")m(Xa)(Gn)

oL 2
SBnn+1Bnn+1 Xn Gn
m(Xn)(Gy) + Sieerr (1= Ga(XE)) /N Sizer (1 - Gu(XF)) /N

1 2
Since Bﬁ" and Bf,” are both {0, 1}-valued, we deduce that

N

b gl gl2] Eve
BnaXn) /1,1 (An 3£n )ITNZn Wn

nn+1’

) e Ny
b, 0L +(1-b),)

<B nB " (Xn)(G )1TN>H

b 0L +(1-b),) 42
2G X n*n n
+ Bl Z (1 - Bl 2o )1
n+1

TN >n

Ykzer 1 -Gy (x5

£
AL Z (1- e;lH) 2G, (X)) .
n NZ=
2z 1= Gn (X3)
n+1

By applying Lemma 3.7.6 and considering the convention (3.1), we have

Bl ),

2l [N

n+1

N

GTl E Ab, ér[lz-jl [2] YY)
( n(An agn )1TN271 Wn

Bna XII)

n: n+1’

<B BI (X, (G2) 1oy

a & L 2G, (Xt (1 G (X n)

+B " Z (1 n+) k TNZn
&,=1 Zin 1= Gu(X2)

EZ

b’£1+(1 )2 Z ( ,M 2G, (X, ")+1 Gn(X3")
1- ) TN 2n*

n+1

Zk=1 1- Gn(Xrlf)
The simple fact 0 = BX(1 = BX) 1,5, < Go(XK) (1 = G (XK)1,, 5p) for any k € [N] yields

Bl ),

o €[N

n+l

< (Ga (MG (G") V Gu(X") ) m(Xa) (G Loy 2

,opl2l
Gl (¢ 2 (A Y s | WY

Bl’la Xl’l)

n:n+1°

7 gl 1
2G,, (X bt (b ly g _ Gn(x,f")1

ZN 1- Gn(Xr]zc)

IN=n

N 2
+Ga(X) Y (1= Gul(X,™)

£2_

n+1
£, £,
2Gn(Xvn ) +1- Gn(Xn )
Zijzl 1- Gn (Xrllc)

+G, (Xb O+(1- bn)fn) Z (l—G (X n+1))
0=

n+1=

(G (XY (Xn) (G2) + 4G (XM G (X

TN =N

b 0} +(1-b") 62
wlnt(1=07) ) +2) wen <7, as.
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By definition, since

'{ 0
(gn n+1° n:n+1°

. 1 |=
By, Xu)| = GE(Xy) + 7 GHl(e?! B, Xy,

the analysis for the case b, = 0 is the combination of the case b,, = 1 and the similar reasoning
in (3.65), namely, a direct consequence of (3.62). This terminates the proof of Lemma 3.7.8.
o

Lemma 3.7.9. For any 6,[12] € (N)? and for any coalescence indicator b € {0, 1}"*!, we have almost
surely

Ve, €[Nl swpE| > ’GTbn(gnnH,Bn,xn) e | WY <40, (3.69)
N>1 | Almi_p
"+1€[N]
as well as
Vo € INL supB | 37 [GL (G0, B Xa)| 1 e Toyan | Wi | <40

N>1 c[N]

n+1

Proof. By symmetry of the definition of Gbn (K[?] By, X5), it suffices to verify (3.69). In fact,

n:n+1’
by simple observation, one has

N

1 =1 1. <1 p Zlez .oas.
AnnH:e}z Ann+l=al An"+1=é}1 An"+1=él ; AnnH:Z}z

n+l=

Therefore, one only needs to show that

—~ [2]
Gjl,bn (6[2] Bn; Xn) /1’(1") (Af;nﬂ, ELZ])ITNZH W],:] < +00,

n:n+1°

which, by taking b’ = (n), is guaranteed by Lemma 3.7.8. This terminates the proof of Lemma
3.7.9. |

Proof of Proposition 3.7.8. Now, we start the proof by induction. It is trivial for the step n = 0 as
FOT’N(l) = 1. For step n > 1, we suppose that

sup E [1"”’ N(l) 1rysn-1| < +00.
N>0

By the alternative representation (3.60), for all N > 4, we have
o~ ,b 2
E [rlN(1) 1oy om | WY,

= > AR M e

(e B e (N2

(3.70)
E > G Ba, X )G (G B, Xa )
@ e (N2
n— 1]’

2] 2
22 (A% (121020 (A6 121y |y

n-1° n-1°
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since by definition of Gk b” ', one has

E Z GT bn- 1(51[12]1 n’ n lan—l)GJr - 1(€n 1:n’ “ I’Xn_l)
(ZLZ],K:;[Z])G((N)Z)XZ

2 2
22 (Al 0121)1@) (40" 120y |y

] TN:n—l = O

n-1° n-1°

As we have mentioned several times, in the following part of the proof, we omit the notation
17y >n-1. Similar as in the proof of Proposition 3.7.7, the rest of the reasoning relies on the de-
composition (3.63).

() Case: (£, 01y € (N)2) n [N

In this case, there are only two distinct random variables in the tuple

n-1"""n-1"""n-1°

(A 47 A% AL ")
As we have already mentioned in (3.64), there are 2 possible assignments such that we can
fix two distinct random variables within the tuple above. Without loss of generality, we
1 ’1
suppose that Afl”_ , and Afl” are two distinct random variables, and we fix one of these two
2 '2
assignments. Then, when (£1, Enl) varies freely in (N)?, the values of Ai"_ , and Ai"_ , will be

1
a.s. determined by the chosen assignment and the values of Afl"_ , and Afl"_ .

E Z GTb" 1(6,[12]1 .2 Pn— 1: n— I)GTbn l(gn 1:n° n 1:Xn—‘l)
LG e(vy2yeniNgg
() (2) 2]
A l(An 1 n 1)/1 I(An 1’6 1) :|
(3.71)
=E| > G Ba Xa )G (4, Baot, Xaa)
(Lnt) €(N)?
N
A(Q) (An !t 1)/1(@ (An 1’6[21) —1}
Given Wn 1» by the conditional independence of A n , and A " " . under the chosen assign-

ment, we have

E Z GT bn- 1(£r[12]1 n’ Bn-1, Xn—l)GT e 1(én 1:n’ B l’Xn_l)

(LD e(N)?
2@ (An I (An i n_l]
N (3.72)
SE Z ‘. 1(€n 1:n° l‘l la n— 1)| AE}’ o Wn—l
0N { n1= }
—N

Ghbwr (12 By g, Xa1)|1

E Z n—-1:n’

{ 6’1 } n-1{| -
_Z,nlE[N] n-1""n-1 |
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Then, by applying Lemma 3.7.9, one gets

E Z GTbn I(K;EZ]l n’ n 1: n— l)GTbn 1(€n 1:n’ n 1’Xn_1)
(€h.01) e(N)?

(2) [2] y4(2) '[2]
)LQI(A e 1)/161(A e hiw

n-1° n-1°

] = oa.s.(1)~

Since the number of different assignments 2 does not depend on N, one deduces that

E Z GTbn l(gn 1:n° 1‘1 ls n— l)GTbn l(gn 1:n° n I;Xn—l)
(ERLEED e((Ny2yenINgg

2 2
22 (A% (121242 (A 12

n-1° n-1°

N_1] = Oa.s.(l)-

(i) Case: (€1, £1%) € (N)2)* N [N]4:
In this case, there are three distinct random variables in the tuple

(A Al A A“)

n-1""n-1"""n-1
As is calculated in (3.68), the number of assignment is 4 at this time. Let us fix one assign-
[2] 1
ment. We suppose that AE" ", and AK"1 are three distinct random variables. Then, whilst
2
(fn , n) varies freely in (N )3, the value of A ", is a.s. determined by the chosen assign-
An 1) Given W

ment and the Values of (A by the conditional independence between

Z

n-1° n-1»

An" o , and An” 1> one derives
E Z GTbn 1(£LZ]1 B 1,Xn_1)GTb" 1(€n 1. B 1 Xn1)
(e e((N)2peniNg
2 2 2 25 | 7o
A el e W
=E| > G Bat X )G (CV] By, Xaa)
KGRNAEINE (3.73)
—N
A(Q)I(An 1’6[2]1)’1(6)1(1% 1 n[21 Wn_l]
—N

[2]
/1,(1@1 A% o2y |35

nl’nl n-1

GTbn 1(6[2] n 1, n— 1)

n—-1:n’

<E| >

e e(N)?

El ), [

[ £1e[N]

‘. 1(671 1:n° l’l 19X1’l—1) n-1]1 -

{A”—le}
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Thanks to Lemma 3.7.8 and Lemma 3.7.9, we get

E Z GTbn 1([,[12]1 > Pn— 1, Xn- 1)GTbn 1(€n[21 > T 1: Xn-1)
(g e(N)3

%) 2 %)
A( )1(An 1’6[ ]I)A( )I(An 1° n 1

WN ] = Oa.s.(l)'

Again, since the number of the different assignments 4 does not depend on N, we obtain

E > G (U] B X )G (60, Bt X )|
(eI e((Ny2yen N (3.74)

Wf_l} = 045.(1).

(2) 2] (2)
A I(An 1’ /1 I(An 1° n 1)

(iii) Case: (¢! £12) e (N)*:

In this case, all the random variables
n-1"""n-1°

’ /2
()

are distinct. This time, Lemma 3.7.8 gives directly

E| > G Ba X )G (G Bt Xan)
(USNALEINE

A A A AL ||
(3.75)
bn-
<E Z ‘GT 1 i[‘lZ]lzn’ Bn 1’ n-— 1) Ar(IQ)I(An 1’6[2]1)
_Z[ZJE[N]Z
| D7 (G (6%, By X | AL A 2D WY | = 04, (1),
Lol eIN?
Combining the three cases above, we finally obtain
sup E > G B X )G (L] B, Xa)
N>0 [2] /[2]
(n "y ) e((N)2)*
i
2@ (Al 2152 (407 FH W | ol s,

Returning to (3.70) and induction hypothesis, the verification of step n is then finished, so as the
proof of Proposition 3.7.8.
O
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Proposition 3.7.9. For any test function F € By, (E%), we have

E [rr:lt,,if(F)lTNZ" 95—1] If bl NQ%’bnilcbn (F)erZn—l'

Proof. First, by the alternative representation we have introduced in (3.57), we have
b N
riN(F)ITNZn 9n—1

b
= Z Al_l [6,[12_]1]11'1\]271—1
(e?1)ye(n)?

E| Y GE (X2 (A% 02 c, ()X | S|
2 e(ny2

Thus, it suffices to show that

E| Y Gh(Xao) 2 (A 021G, (FY (X ) | Y| Loysns
el e(N)?
~QktCy, (P (XL
TN=>n—1-
Alghough it may seem unnecessary, we recall that we have almost surely
N - 1 VAl 02
TG;E_1 (Xn-1) :Bnn_ann_lm(Xn—l) (Gn—l)z
tn £ 2
+ Bn_l(l - Bn_l)m(xn—l)(Gn—l)
02 0}
+ Bnn_l (1 - Bnn_l)m(xn—l)(Gn—l)Z
£} 02
+(1-B,")(1- B, )m(Xn-1)(Gn-1)".

Given W for any ¢ € [N], the definition of the Feynman-Kac IPS gives

n-1»

(AL XY ~B.  8,(dAL Mu(XE . dXY) + (1 - B

n-1°

Nm(Xn—l) (Gn—l)
(i) Case b,_; =0:

Notice that

N-1 + 2 12
B D G2 (A d)e, (oGt | W

—N

n-1
e (N2

él—l 621 ®2 ®2 ®2 ]

=B By m® (Xaea) (GE2)MEAC, (F) (X,

+ —B n-1 Z (1 - Bnn—l)m(xl‘l—l)(Gn—l)(Mn ® Qon)cbn (F)(Xﬁéz_il

n-1
N Gzl
el o . 4[2]1
+—B"1 > (1= B, )m(Xn-1)(Gno1)(Qn ® My)Co, (F) (X,
o#0

Zl ZZ o g[z_]
= > (=B (1B )O%Ch, (F) (X)),

[2] €(N)?

Sk (dAL_)0n (XK, dxt
1)2 k( 1)Q( n—1 )

137

(3.76)

(3.77)

(3.78)
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which yields

ZLZ] ZLZ]
Bl >, Gh (Xa-0)Ah (A, 65)Ch, (F(X)
e (N2
_ N ®2 ®2 ®2 112—|1
_N— (Xn 1)(G 1)Q Cb (F)(X n—1
1

N-1

+

6
ZZ; (1 - n I(X 1))m(Xn 1)(Gn 1)(Qn ®Qn>cbn(F)(Xn_1 (3'79)

Gt (X ))m(Xa1) (Grt) (O ® On)Co, (F) (X7

Zl #02

[2]
N(N_) > (1= Guat (X)) (1= Guea (X )OS Co, (F) (X770,

@[2] (N)2
First, by decomposition (3.2), we noticed that

N
N-1

m® (Xn-1)(G%) = ( %2 (Xn) (G2) + 1_ -m(Xa-1)(Gpy). (3.80)

N

Then, we deduce that

ﬁ Z (1= Gua (X,7))m(X1) (G 1)

20
:%mw(xn_l)(c;n_1 ® (1-Gp1))
_ ﬁ(l Gt (X)) m(Xn—1) (Guor)
:mQZ(Xn_l)(Gn_l ® (1 - Gn—l)) (381)

1 N 1
+m;(nl(x’" O (40 G (41
=m®?(Xn-1)(Gn_1 ® (1 = Gu_1))

+ o (Gut (XM (K1) (Gaet) = m(Xa-1)(GEy))

1
N-1
The exactly same manipulations also give

Z (1= Gp- 1(X 1))m(Xn 1)(Gn-1)
21 #02_
=m®*(Xa- 1)(G 1® (1-Gp-1)) (3.82)

— (Gns (M 1) (Grer) = (X 1) (GE)).

+
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Now, let us put (3.80), (3.81) and (3.82) back into (3.79). One derives

Z,[f] £’[12]
El D, Gh (oo (A7, 00)Ch, (F)OG™) | W,
L e(n)?

:{ »mOZ(an)(Gf_zl)Q'fz + Mm% (Xp-1)(Gpo1 ® (1= Gp1))On ® Qp

+m® (Xp-1)(Gno1 ® (1= Gpo1))Op ® Op + m® (Xpq) (1 - Gn—1)®Z)Q°,§’2] (3.83)

+

Nl_ 1 [m(Xn—l)(Gn—l) ((Gn—l X Qn) ® Qon + Q0n ® (Gn—l X Qn))

. . o o . (2]
+m(Xa-) (Ghy) (057 = 0n ® 0n = 0n @ ) ]}(cb,, (F) (X,

which, by definition, turns out to be the following equality:

&[12] Z,[f]
E| D Gh(Xa0Ah Ay, 2)Ch, (YOG ) | WA | ayznea
e (N2

~ [2]
[0+ 5501 o) )

(3.84)

(ii) Case b,_; = 1:

By the similar calculations done in the previous case, one has

N-1 p12] ng| —N
TE Z Gﬁ(anl)Az—l(Ann_ls gr[lz_]l)cbn (F) (Xn ) Wn—l
t e(N)?
=0
1 . 22 . o 5(1_311)
+ 5B > (1= B )m(Xao1) (Guet) (M © Qu)Co, (F) (X,
Gzl

1 o o o . oy
+ NBnn_ll Z (1 - Bn_l)m(xn—l)(Gn—l)(Qn ® Mn)cbn (F) (Xn_ll
o#0

1 o1 02 o 6511—)1)
tum 2, (=B =B )0, ()X,
o e(Ny?
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which yields

ZLZ] ZLz]
E| ), Gh, (X)X (4, 02)C, (D)
ol e(Ny?

=0

+N1_ 1 Z (1_ n— I(X 1))m(xn 1)(Gn I)Cl (Qn®Qn) Cbn(F)(Xj'liz_il

) (3.85)

[2]
b Y (1 G (X )X ) Gu)Cr (Gn 8 G o, (YK

e ),
* N(N-1) 5[2]§N)2(1 o 1(X 1))(1 - O 1(X 1))C1Q§2Cbn(F)(Xn—1

Then, taking into account the equality (3.81), one obtains a similar equation as (3.83):

E| Y GE, (X, (A 012Gy, (XY | W

1‘L'NZn—l
| (2T e(N)2

={ Mm% (Xa-1) (GE4)C1082 +m® (Xa-1) (Gt © (1= )i (On ® G,

+ mOZ(Xn—l)(Gn—l ® (1 - Gn—l))cl (Qon ® Qn) + m®2 (Xn—l)((l - Gn—1)®2)clé$2}

~ m®(Xa-1) (G 1O

1_ 1 [m(xn—l)(Gn—l)Cl ((Gn—l X Qn) ® On + Op ® (Gpy X Qn))

+
N

= m(Xa1)(GE)C1 (On ® On + 00 @ On) ]}(Cb (F) X .

(3.86)
By definition, we finally obtain that on the event {ry > n — 1},
: 29b (A% L2 o)
E| > G Ko (A, (2)C,, (F) (")
(N2
1 . e (3.87)
= (Q}l M (K1) (G2 Toyzn1 G107 + =93 | (Co, (F) (6,7

(d ! cj ) (Cp, (F)) (x

Combining the two cases, we conclude that we have proved that

E| 3 Gh, ()2, (Al 42 cy, (FY(XE) | W
(P e(n)2 (3.88)

_Qi s (Cb (F)) (X )11—N>n 1. a.s.
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In addition, since
b
QP (Cy, (F)) (X 1 2

is SnN_l—measurable, the verification of (3.77) is then finished, so as the proof of Proposition 3.7.9.
O

Proposition 3.7.10. For any test function F € B, (EZ), we have

E T3 (F)Loysn

b ;T.bn-
W]r:]—l] = rn_l,NQ,L 'Cp,, (F)1ry2n-1-

Proof. By combining Proposition 3.7.9 and the fact that

GEO(02) By Xy A2 (A 121
= (GAA Bt Xar) = B U B XA A, ). 0

it suffices to check the case b,,_; = 1. Similar as in the proof of Proposition 3.7.9, we consider the
alternative representation (3.60), which gives

[r' P (F)loyon | WY

- > A“’[f”]] Loyznoi
@ )e(ny (3.89)

E| > G Bar X2 2 A% 2 )C, (P (i) | W
o e(N)?

Thus, it suffices to show that

El Y G Bat X2 (AT 62 Cy (YOG ) | WL | Toysnes
P e(n)2 (3.90)

2]
-1 )17N>n 1.

— /
=QCy, (F) (X,
We omit the notation 1., >,-; in the rest of the proof. Recall that

GT 11(‘6[2] n I:Xn—l)

n-1:n’
=Bl" B m(Xoo1)(G2))
G- 1(X m(Xn-1)(Gp-1) — m(Xn-1)(Gi_,)
Sz Gnr(X )
Gn- 1(X m(Xn-1)(Gp-1) = m(Xn-1)(Gi_ 1)
Skeez G (X))

A 02
+ Bnn_l(l - Bnn_l)m(xn—l)(Gn—l)

02 2
+ Bnn_l(l - Bnn_l)m(xn—l)(Gn—l)
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Hence, with the definition (3.78), standard calculation gives

—N
n 1> Xn—l)lr(lg) (A [2] Wn—l

nl’nl

E| > Gitul
E[Z]E(N)Z

n-1:n’

{B "1 B (X)) (G2, ) ME?

Gt (X" m(Xot) (Guot) = m(Xat) (G2_)
B n- 1 _ | n-1 M, ® M,
¥ Z (1 n 1) Zk:ﬁf}l_l(l - n 1(X 1)) ®

ZE TN
n X XII Gn - Xn G .
P S (1o gt Gt e G =) G
gliez qutéfl_l(l_ n— 1(X 1))
o2l
}Cb (F) (X,
whence
Bl D) GH U, B Xa A A, 00 (WY
b €(N)?
={M(Xn—1)(G,2,_1)Q.§?2
+ (Gu (G m(Xa 1) (Gret) = m(Xa1)(GEy) ) G © O
+(Gua () m(Xa ) (Grt) = m(Xa 1) (GEy) ) G © O
Z[ZJ
}Cbn (F) (X,
which yields
E Z G1 1(£n 1:n° Bn-1, Xn- 1)/1516)1(14” 1’6[2 1) Wizv—l 1TNZH—1
o e(Ny?
. o . . 3.91
={m<xn_1)(Gn_1> ((Gn-1 X Gn) © O + 0 ® (Gt x G) e
. . . . . [2]
+ m(xn—l)(Gi—l) ( ;?2 - Qn ® Qn - Qn ® Qn) }Cb (F)(X )1TN>n 1-
By definition, this gives the desired equality (3.90).
O

Lemma 3.7.10. For any test function F € Bj,(E?) and any coalescent indicator b € {0,1}"*!, we
have

i 1
rrf,,ll\]I(F)erZn - I‘j,_bl)NQ:{bn_ICbn (F)lfNZn—l = OLl (\/_N) )

Proof. Thanks to Cauchy-Schwarz inequality and Proposition 3.7.9, it suffices to verify that

1

E |T5 (F)10y s — T QEP™1Cy, (F) 10y 50 1] -0 (ﬁ)
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Next, thanks to the alternative representation (3.57), one derives that

b 2
E [I‘J’N(F) erZn 91,21_1
b b /
D AR A P
flf'l Ol e((nyzy
/12!
E 2. Gy (X220 (A, (2028 aly 0P, (2o Xy [ g
(e e (N2
To simplify the notation, we denote
’ Z[Z] K’[Z]
Ri(N) = > E | AP [P AR [0 Cy (B B2 (X X >‘9ﬁy_1] Loysm
(e e (N)2)=2\ (N)*
and
5[2]
Ry(N) = > E [Agb [eNc,, (F) (X, N_l}
(eI e ()22 (V)
+ ’ Z’[Z]
E [A:;b [6C, (P (X" ) ‘ 9N} Loysn
as well as

RN =Y E Ai”’[eL”]chF)(XﬁL”)‘92&]

LG ey
N_1] 1TNZTZ

’ [[Z]
E [A;&” [£*1cy, (F) (X,
/2]
Thanks to the conditional independence between A " , and A " | given gN

n_1» We have

R3(N) — Ry(N)

@r[lz] ’ 5:1[2]
= ) E[Aﬁ’bwfﬁcbnw)(xn >]92’_1}E[Ai”’wnm]cb,xF)(xn )‘92’_1] Liyzn
USNASEINE
/2]
z'NZn,

= > NPT T gy, ()2 (i X
(eL”,e;”'>e<N>4

whence we deduce that

E D5 (F) Ty

g ] Ri(N) = Ry(N) + Rs(N). as.
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In addition, since one of the by-product (3.88) in the proof of Proposition 3.7.9 yields
£ ®2 gl
(Q5" o (P)) X X0 )

= Z E|Gi_,(Xn-1)A I(An " )Cb (F)(X”)‘S }
(he(ny2=

>, E [Gi_l(xn_m LAl e, (P ]
(G e((n)2)=

= > E[Gﬁ_1<xn_1>a (Al e, <F><x">‘9}
(e e (N2

E [Glji—l(xn—l)/1 1(An 1’ )Cb (F)(X n ) ’ 9n 1},

one has ,
by
Rs(N) =T QtPiCy (F) 1ryono,  as.

which guarantees that

& 2
E[R;(N)] = B[}, Q5" "Co, (F) Loyt |

Therefore, it suffices to verify that

E[R,(N)] =o(%) and E[R,(N)] =o(%). (3.92)

Together, we prove both of the two convergence above by induction, as the proofs share the same
mechanism. Without loss of generality, we suppose that F = 1. For n = 0, standard calculations
give

Ri(N) = Ry(N) = % =0 (%) .

For n > 1, we suppose that

b 2 b 12 1
: Z A;’tl_l [6'[1—]1]/\3:1—1 [gn[—hlfNZn—l =0 (ﬁ) .
(€|2| Y [2])€((N)Z)X2\(N)4

n-1""n-1

Now, it is time to go back to the decomposition (3.63). As is mentioned for many times, we may
omit the notation 1,y >p,1.

() Case: (£, 01y € (N)2)* n [N

As we have seen in the proof of Proposition 3.7.7, there are 2 different assignments

o A e £2 e 0
An—l - An—l’ An—l - An—l and A An 1’ An—l - An—l’

such that two distinct random variables can be found in

Zgl
(AAAA)

n-1"""n-1"""n-1°
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Let us fix one assignment. This time, in order to execute a finer analysis, we suppose that £}
’ 2 /2
and /,! vary freely in (N)? and the values of Ai"_ ,and Afln_l will be almost surely determined

1 ’1 -
by the values of Afl"_l and Afl"_l. Since the potential function G}, and indicator functions are
both nonnegative, we extend (N)? to [N]?, which gives the following inequality:

El Y G, (Xe) AL, (A% 022 (Al ey gy

| (€1,.61) e(N)?

et
<E| > G (Xn) Ay (A 02 | Y (3.93)
0L e[N]

2
E Z qu(xn—ﬂ)L I(An 1=€[1) ne1 I{W1 L1 <4}}

, nlnlnl
£n €[N]

Now, we explain why there is an indicator function

Lo 2 01 02 <ay)

n-1""n-1""n-1""n-1

at the r.h.s. above. For the case b,_; = 0, one has

1(A A 1(A

£

2]
K[ h=1, T
n— 1’ n-1° Ly _ _ Ly ro Al |
{ n-1""n-1 nfl_Anril} {Anﬁl_enlfl¢enfl_Anril}

AT =01 22
Hence, since (E,[IZ],E;I[Z]) € ((N)»)*2\(N)*, we have

#{E;—I’Ei—l’g’nl— 1}—#{A"1An1A"1Anzl}<#{fl EZE 2}<4‘

n-1°"""n-1>""n-1’ ntntns

At the same time, when b,_; = 1, one has

Ak 1(A 121)28 1(A elzl) =1

nl’ n-1°

Go_p A% e 1 G g a0 e
An—l_en—l_An—I:#gn—l An—l_gn—l_An—lqtzn—l
Since £} # (2 and £} # (?, we have

Ji,je{1,2}, st =10

In no matter which case mentioned above, it is necessary that K}l_l = E’nl_l. Therefore, one
also gets

{01 /! } < 4.

nl’nl’nl’nl

The arguments above will be applied repeatedly in the rest of the proof. Next, by the same
procedure in the proof of Proposition 3.7.7, we obtain

E Z Gi—l(xn—l)zflb 1(An 1’ )’1 1(An 1° n[zl 92[—1
(eI e((Ny2yen N

<CGix 1{#{6 A <4}

nlnlnlnl
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where C; denotes positive constant which does not depend on N. Meanwhile, by the same
procedure, we also have

o)
> elaa)
2 e e(N)2yen [N

2
[ I(An 1’ []

91,:]_1] Gi_1 ()(nfl)2

9 ] <C ><1{#{( e, <4}

nlnlnlnl

where C] is also a positive constant which does not depend on N.
(i) Case: (¢, 01y € (N)2)* n [N
Again, similart in the proof of Proposition 3.7.7, there are 4 different assignments such that
there are 3 distinct random variables within
(Ael AeZ AZ ’1 Aé ’2 )

n-1"""n-1""n-1°
Let us fix one assignment As is done in the previous case, to conduct a finer study, we
suppose that (E,, ,U1) vary freely in (N)? and the values of AL "1 w1ll be almost surely
[2]
and An"_ 1~ This time, by

determined by the choice of assignment and the values of An .

extending (N)® to (N)? U [N], we get

El D) GhL(Xan)?A (Al o)

[ (£h.61) €(N)?
g[ ]
1(A,, 1,6[2])@, (F)®2 (x5 xin
<E Z Gi_1(xn—1))t 1(An 1,g[z] )Cy, (F)(X it ) 921—1 (3.94)
_KLZ]G(N)Z

E| 3 Gl (Ko, (4%, £2he, (X | oY,

| 01e[N]

1{#{12 A <4}}

nlnlnlnl

Again, by similar argument given in the proof of Proposition 3.7.7, we get

E Z Gi 1(Xn 1)2/117 1(An 1’ 2]1)’1b 1(An 1’ n 1) Ji;[fl
(eI e((N)2yen N
<SG Xl e o <ayp

nlnlnlnl

and

b [2]
E|A 1(An ol
2 e(N)2yen [N

N—l] Gi_1 ()(11—1)2

9 <C Xl{#{el el <4}}

71n1nln1

il

where C; and C; are positive constant which does not depend on N.
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Combining both cases, one gets

Ri(N)
b 2 b /)2 ’
= Z Ai—l [51[1—11]/\%1—1 [gnl—i] Lryen-1(Cr+ Cl)l{#{e}l_l,ei_l,e;l_l,e;z_l<4}}
(el 2B e (N2
b by ’
- Z ARE AR (P, G+ ), as.
(02 C 1l e ((N)2)e\ (V)4
and
Ry(N)
b 2 b )2 ’
< Z AR [ﬁ,[,_]l]l\i_l [E,,[_i] 1ryon-1(Co + Cz)l{#{5271’53171’4171’5;271<4}}
(e Bl e (N2
= > AP AR [0 N sn 1 (G4 C)). as.

(e Bl e (N)2)y22\ (N)

The desired convergence (3.92) are therefore guaranteed by the induction hypothesis by taking
the expectation on both sides of the inequalities above. This is the end of the proof of Lemma
3.7.10.

O

Lemma 3.7.11. For any test function F € B, (E2) and any coalescent indicator b € {0,1}"*!, we
have

— —_ ~ 1
b b b
FJ,N(F)erZn - Fr;—l,NjS "(F)1ry>n-1 = O (—) .

VN

Proof. Before starting, we mention that this proof bears a resemblance to the one of Lemma
3.7.10. Thanks to Cauchy-Schwarz inequality, it is sufficient to verify that

TT.b =tb  Xfbn 1
E [F,T,N(F)Zlmn - 00 1(F)21TN2,1_1] -0 (N) ,

Again, similar to the equation (3.70), by the alternative representation (3.60) and decomposition
(3.59), we deduce that

~ 2
E [r,f;;(F) 1oyon
—~ )b S~ ’b 7
= Z A:;—l [Er[zz—]l]A:;—l [gn[fh 1ry>n-1

(6[2] ’é'[zl)e((N)Z)xz

n-1"n-1

|

E Ghlmr (0l B, 1, Xn )Gl (£ By 4, Xa 1)

n—1:n> n—1:n’

LG ey

er[zZ] eln[z] ’ gLZ] E,,,[Z]
R
Similar to the previous case, we denote
~ ~ ’ Z[Z] E,[Z]
Ri(N) = > E|A LGP AR P o (G, X0 ) ‘ 95_1] Loyzm

(el ey e (N)2)=2\ (N)
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and
- o2
Ry(N) = D E [ALJ’ (PG ) ‘ Wff_l]
(WG e\ ()
~ ’ 5,[2]
E [A,*;” [ FCG™) ’ wif_l] Loysn
as well as
~ 5[2]
Ry(N) = Z E |[ADP e R ’WnN_l]
LG e
’ Z,[Z]
E [Ai’b [ PG ) ] wff_l] Loz
L2l Z[Z] ‘) '[2] ’[2]
Thanks to the conditional independence between An s B™ and A", B" given WN
have

R3(N) - Rz(N)

~ ZLZ] ~ ’ Z,"[z]
= ), E|APITIRX, >‘W5_I]E[Az"’[£nm]zv<xn >]W£¥_1] Loy
USNASEINE

[2]
= REP LR [ Pee o X ‘W ]w,
(e,'f',e;'zbe(N)‘*

from which we get

BT () Toyon

Wf;’_l] = Ry(N) = Ry(N) + R5(N). as.

Notice that Proposition 3.7.10 gives, on the event {ty > n — 1},

B{GEY (0, Ba, Xo )22 (AL

n—-1:n’ n-1°

[2] ;
(P F(x ’ Wy }
(R ey

sk /2l
[G* b (012 By, X ) A2 (A YOG ‘ WnN_l]

([2] ¢ /(2]

= (@)t ) (el Xl

Hence, one has
T b T bn 1
R3(N) = F 1NQ (F) 1TN>n 1, a.s.

which guarantees that

E[Ry(N)] = B [T, 05" (1) 1oyan |

Therefore, it suffices to verify that

E[Ri(N)] =o(%) and E[Ry(N)] =o(%).

13

(3.95)
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Without loss of generality, we suppose that F = 1. The rest of the proof is done by induction.
For n = 0, by definition, we have

Ri(N) = Ry(N) = % =0 (%) .

For n > 1, we suppose that

~ib —ib 1
; Z Ajl_l[KLZ—]l]A-Il—I[En[EthNZn—l =0 (K/v) .
(elZJ Z lz{)é((N)z)Xz\(N)Al

As is stated many times, we may omit the notation 1., >,-; since it is Wf_l-measurable. Once
again, let us return to the decomposition (3.63). Since the essential idea is highly repetitive w.r.t.
the reasoning in the proof of Proposition 3.7.10, we skip some of the unnecessary details in the
rest of the proof.

(i) Case: (£, 01y € (N)2) n [N

By the same procedure given in the proof of Proposition 3.7.8 and Lemma 3.7.10, we obtain

E Z GI e 1(&[’2]1 n’ By1, Xqu- l)GTbn 1(€n[21 n’ By l’Xn_l)
<elZJ,z"2'>e((N)?)XZﬂ[N]‘*

(2) 2] (2)
A 1(An 1’ A’ 1(An 1’

F®2<X X" )’w ] N 2n-1

<Cilgyp 2 0v 02 <))

n-1""n-1""n-1""n-1
and
B |G (02 B, X )AL (A, 42 | W ]
@l h e eniNgg
[GTbn l(gn L B,._ 1,Xn_1)/1(® (An 1, ] T~ >n-1
<C 1{#{£n 1 n lenll n— 1<4}}
where C; and C| are some constant that does not depend on N.
(i) Case: (¢, €1y € (N)2)* n [N
This time, we get
E > G (02 Bact, Xa)GEY (G2, Bot, Xa1)

wm,e’[”)e((N)Z)XZm[N]a

(@) (1217
22) (Al gl21)2(@) (4l

nl’ nl’

47[121 g;[zj
[ F®2(Xn :Xn ) WI,:]_1 11'NZn—1

<C21{#{€ A <4}p

nlnlnlnl
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and

Gibn- o
Z E Gn’fl 1(£r[12—]1:n’ Bn_l’Xn_l)Ar(f)l(An—l’ng—]l)
B e(N)2yen [N

wy,|

1 n-1:n’ —

—_~ B ’ e’[zl ’
E [Gz’i’" (P Bay, Xn1)A 2 (Al (]

Wl,y_l] er >n-1

’
<Claye e 0 02 <)

n-1""n-1""n-1""n-1

where C; and C; are some constant that does not depend on N.

By combining the both cases, we establish that

Ri(N) < Z Ki’fl [5,[12_]1]K2”_]1 [5;1[_21]1er—1(C1 + C{)1{#{@11_1,531_11;1_1,5;2_1<4}}
(@2 el e((Ny2)<
= > AL PN 1 M sn i (G4 €Y, as
(2 0D e((n2ye\ (N
and
Ry(N) < > AN P e sn G+ CDV i o 1 gy
@2 £ ()2
= > AL I [ 01 (G + €Y. as.
(@2 0D e((N)2ye\ (N

By taking the expectation on both sides of the inequalities above, the desired convergence (3.92)
are then verified thanks to the induction hypothesis. The conclusion follows. O

Lemma 3.7.12. For any test function F € By, (E,)®? and any coalescent indicator b € {0,1}"*!, we
have

b b b ybba _ 1
5 QEPmiCy, (F) - TH (kb1 Gy (F) = Opa (—)

VN
as well as

Sib b =tb Stba _ 1
T8 (5 (F) T Qi (F) = O, (Tﬁ)

Proof. First, we noticed that for any test functions Fj, F, € B,(E,)®?, Minkowski’s inequality

gives

b

r,:f_l,N(l)l‘rNZn—l |(’7nN—1)OZ(F1 + FZ)ITNZI’[—I - ’7;?_21 (Fl + F2)|IL1“
b

T W legznt [0 ) 2 (F) ey zn1 — 12 ()|

b
+ ||r,q:_1,N(1)11'N2n—1 |(’7nN—1)®2(F2)11'N2n—1 -1 (F2)| ’]Ll .

Second, thanks to Cauchy-Schwarz inequality, Proposition 3.7.5 and Proposition 3.7.7, we deduce
that

< (3.96)

’]L1
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Similarly, thanks to Proposition 3.7.8, we also have
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(3.98)

(3.99)

Finally, returning to two pairs of decompositions (3.76), (3.86) and (3.89), (3.91), the boundness of
Gp-1 and the homogeneous structure in these two decompositions allow us to apply respectively

(3.96), (3.97) and (3.98), (3.99). Note that
m(Xn—l)(Gn—l) = rnez()<n—l)(1 ® Gn—l);

and
m(Xn—l)(GrZI—l) = mez(xn—l)(l ® Gr21—1)~

The desired L!-bound can therefore be obtained with some standard algebraic manipulations.

O






Chapter 4

Estimating Committor Function with
Mondrian Forests

abstract: In Molecular Dynamics, the rare event of interest can be modeled by the transition of
some underlying Markov process between metastable states. In Transition Path Theory, a very
important model reduction technique is to design a reaction coordinate, which is a function that
measures the advance of a reactive trajectory towards a metastable state. Let A and B be two
metastable states. A committor function is the perfect choice of reaction coordinate in the sense
that it measures exactly the probability of reaching B before A. The committor function is also, in
some sense, the perfect reaction coordinate for generalized Adaptive Multilevel Splitting (gAMS,
see [BGG*16]) and crucial to the performances of many other rare-event estimation algorithms.
We investigate the performance of Mondrian Forests (MF) [LRT14] to estimate the committor
function, and we provide strategies to couple gAMS iteratively: first, since gAMS can also provide
information on the committor function, we can use this algorithm to generate training data for
MF, and, conversely, to update gAMS by using the trained MF model as its reaction coordinate.
As iterations go, the updated-gAMS to generate the training data of better quality, with with, MF
is expected to be able to yield a good approximation of the committor function.
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4.1 Introduction

In Transition Path Theory (TPT, see, e.g., [EVE10]), a typical problem is to sample the transi-
tion paths between a metastable state A and another metastable state B (see Figure 4.1). More
precisely, let E denote a state space in which the underlying dynamics is modeled by a Markov
process X := (X;;t > 0). A metastable state of X is an open subset of E such that when X is
trapped in such set, it takes an extremely long time for X to escape (see Figure 4.1). Let A, B be
two metastable sets in E, then the committor function at point x is the probability that X starting
from x, reaches B before A.

RZ

Figure 4.1: Schematic picture of transition paths.

By the metastability of A and B, when evaluating the values of the committor function close
to A, crude Monte Carlo typically fails because the process is very much likely to go back to
A rather than to go to B: the probability to be evaluated is thus very small. This metastability
problem is related to a time scale problem: although the molecular transitions are not so rare at
the macroscopic timescale, the dynamics encoded in the Markov process can only be simulated
w.r.t. femtosecond timescale. Therefore, in order to ensure a certain level of accuracy, the wall-
clock time of simulation is typically intractable.

One popular numerical approach to counter this is the gAMS framework [BGG*16]. The
basic idea is to generate an Interacting Particle System (IPS) based on an adaptive level updating
strategy, where the trajectories that advance more survive. A level is calculated w.r.t. a reaction
coordinate, which is of crucial importance to the performance of the algorithm. It is well-known
(see, e.g., [BLR15, CGR19b]) that the committor function is the optimal reaction coordinate for
gAMS. In addition, since gAMS is able to evaluate efficiently the values of the committor function
close to A, the idea of designing a regressor to estimate the committor function is therefore
natural.

An elementary approach is to split the state space E or some compact subset based on a
regular grid cells, and a natural approximation of the committor function can then be derived in
each cell thanks to ensemble of paths generated by the gAMS algorithm. The reader is referred to
[LL19] for a rich list of numerical experiments and a concrete application on alanine dipeptide.
However, this natural construction will only work in low dimensional settings, since it is not
possible to create a uniform mesh when the dimension of the state space is large. Intuitively, a
possible generalization of such a method is to find an intelligent way to create an adaptive mesh,
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such that it may also work in a high-dimensional setting.

Mondrian Forests (MF) [LRT14], a variant of Random Forests (RF), i.e., an ensemble of ran-
domized decision trees, are proposed as the regressor of committor function. The construction
of MF are based on a stochastic process called Mondrian process (MP, see, e.g., [RT09]), taking
values in guillotine partitions of an axis-aligned box. Roughly speaking, a Mondrian process
is a high-dimensional generalization of the partition on an interval that is split by a Poisson
process. Said differently, MF provide an intelligent way to create “randomized uniform mesh”
that is tractable in a high-dimensional setting. From a different angle, MF can be regarded as an
RF-based regressor, such that online learning is available. More concretely, when new training
data come, there is no need to retrain the model in order to have a better quality regressor. This
property is crucial for our iterative updating strategy (cf. Figure 4.2).

serving as reaction coordinate

SN

NS

generating training data

Figure 4.2: The illustration of iterative updating strategy.

Unfortunately, the theoretical understanding of MF are still in its infancy. To the interested
readers, we refer to [MGS17] and [MGS18] for recent theoretical developments on MF, where
a Purely Random Forests version of MF are proposed, along with a min-max convergence rate
analysis. Therefore, we mainly provide numerical illustrations and ideas on how to use MF to
design efficient strategy to estimate the committor function.

4.2 Setting

4.2.1 Overdampled Langevin dynamics

We consider an overdamped Langevin process X = (X;;t > 0) taking values in the state space
E = R? defined by

dX; = —VV(X,)dt + 2B 1dW;, (4.1)

where (W;;t > 0) denotes a d-dimensional Wiener process, V denotes the associated energy and
the inverse temperature (xgT) ! is denoted by S.

A metastable state is an open subset of E such that when X is trapped in such set, it takes an
extremely long time for X to escape. Let us denote A and B two metastable states in a state space
E. For the Markov process X := (X;,t > 0), let 74 and 75 denote respectively the stopping times

4 :=1inf {t > 0 | X; € A},

and
g :=inf {¢t > 0 | X; € B}.
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The committor function £&* : E\(A U B) — [0, 1] is defined by
§*(x) = P(TB < TA | Xy = X) .

Our goal is to design an efficient strategy to estimate this function on some compact subset of
the state space E. In particular, we are interested in exploiting this estimation to improve the
performance of gAMS and vice versa.

4.2.2 Ground truth

In this section, we show how one can obtain the reference values of a committor function in
overdamped Langevin dynamics for some low-dimensional toy examples, which will be referred
to as ground truth, namely the “real” values of the committor function. This method only works
in low-dimensional setting. It is well known (see, e.g. [BLR15]) that £* is the solution of the
following elliptic Partial Differential Equation (PDE):

~VV-Vu+p'Au=0 on E\(AUB), (4.2)
with the boundary conditions

4.2))

u=0 onodA;
u=1 onodB.

For sufficiently fine grids, the numerical solution of (4.2) using Finite Difference method is precise
enough so that it can be regarded as the real committor function.

Three-hole potential The main example studied in this chapter is the following toy exmaple
(see Figure 4.3):

V(x,y) =3exp (—x* - (y — 1/3)%) — 3exp (—x* - (y - 5/3)°)
—5exp (—(x —1)* —y?) = 5exp (~(x +1)* = ¢*) +x*/5+ (y — 1/3)?/5.

We consider the following two metastable states respectively defined by
A={(x,y) eR%: (x+1)2+4? < 0.1},

and
B:={(x,y) eR?: (x - 1) +1* < 0.1}.

The reader is referred to [MSVEO06] for a wider list of toy examples. In order to solve the
elliptic PDE (4.2) by Finite Difference method, we consider a rectangular domain Q = [-2,2] X
[—2,2] and a uniform mesh with stepsize 0.01. We also add a Neumann boundary condition on
the boundary 9Q of the rectangular domain, i.e., 9;u = 0 where 7 denotes the unit normal vector
on the boundary. These fictitious boundary conditions do not affect too much the quality of the
result since when starting far from A and B, the difference of the values of the committor function
for two close points is negligible. This ensures that the Finite Difference result yields an accurate
approximation of the solution to (4.2)-(4.2’). The numerical solution of (4.2)-(4.2°) for the inverse
temperature f = 1.67 is illustrated in Figure 4.4.
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Figure 4.3: Representation of the three-hole energy landscape.

Figure 4.4: The numerical solution of (4.2) with inverse temperature f = 1.67.
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4.2.3 On the choice of regressors

The committor function is a smooth function, taking values in [0, 1]. In this sense, any state-
of-the-art machine learning model may serve as a regressor the committor function. However,
when interacting with gAMS methods, certain practical aspects have to be taken into account
when choosing the learning method:

« First, the regressor has to be fast in terms of prediction speed. In fact, gAMS algorithm
requires that at each state of each trajectory, the reaction coordinate is evaluated. This is
a huge amount of computation costs if the prediction of the regressor is complicated, and
most of them would not be useful. In this sense, a sophisticated fine-tuned Deep Learning
model may not be a relevant candidate.

+ Second, the regressor must be able to execute online learning or incremental learning.
When new data come, the regressor should be able to update in order to have better accu-
racy. In this sense, classic Random Forests may not be a good choice.

« Finally, we expect it to be as adaptive and robust as possible in high dimension, since we
do not have much insights on how to tune a specific model to learn a high-dimensional
function.

As such, we may consider two families of regressors in order to estimate the committor function
efficiently. The advantages and disadvantages are listed as follows.

(i) Gradient-based learning algorithms, such as logistic regression, XGBoosting, or some shal-
low neural network:

(a) Online learning is available by a Stochastic Gradient Descent-based optimization al-
gorithm;

(b) It is easy to add regularization modules, such as the “smoothness” of the prediction,
etc;

(c) The parameters of the algorithm are hard to tune in general;

(d) Sometimes, the results are hard to interpret.
(ii) Ensemble-based learning algorithms, mainly variants of Random Forests:

(a) The ensemble methods are super robust in high-dimensional settings by the design of
Monte Carlo-typed structure;

(b) Nearly no tuning is needed, which also means that the regularization modules are not
easy to implement in general;

(c) Online learning is generally difficult to design;

(d) It is straightforward to understand and control possible dangerous situations.

4.3 A brief introduction to Mondrian Forests

Mondrian Forests (MF) were introduced in [LRT14], named after the famous Dutch painter Piet
Mondrian, as the partitions created by each Mondrian tree (MT) and Mondrian’s paintings have
similar style. The fundamental idea of the construction is based on a guillotine-partition-valued
stochastic process called the Mondrian Process (MP). For details, the readers are referred to
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[RT09] and [BW15]. In general, MF are a variant of RF such that online learning is available,
and designed in a smart way. In this section, we present the basic mechanism of a Mondrian tree
and we explain why MF are a competitive candidate as a regressor for estimating the committor
function.

4.3.1 The mechanism of a Mondrian tree

In this section, we provide an intuitive interpretation on the construction of a Mondrian tree on
a 2-dimensional toy example. For the generic algorithm, the reader is referred to [LRT14]. Let
us fix a parameter A € R U {+0o}, which defines the lifetime of a Mondrian tree. Let us denote
by (Xj, Yi;1 < i < n) the training data. Before starting, we remark that the partition defined by
a MT only depends on the inputs (X;;1 < i < n) of the training data.

Construction of MT in dimension 2 At step 0, we denote ABCD the minimum rectangle
that covers X, Xz, ..., X, (see Figure 4.5). Then, we sample an exponential random variable E,
with rate (|AB| + |BC|). If E; < A, a split on the side AB or BC will be executed. More precisely,
we sample a uniform random variable U on the interval [0, |AB| + |BC|]. If U < |AB|, a splitting
point will be uniformly sampled on the side AB; otherwise, the split will be done on the side BC.
After the splitting point is determined, a split will be executed orthogonally to the chosen side.
For short, this amounts to say that an orthogonal split is performed uniformly on ABC. In Figure
4.5, the splitting point is on the side AB and its abscissa is denoted by xg. Therefore, the training
data is vertically divided into two subgroups.

D

A

Figure 4.5: First split in the construction of MT.

At the same time, a node in a decision tree according to the split is therefore constructed (see
Figure 4.6). By definition, the condition node x > xj illustrated in Figure 4.6 can be determined
by the pair of sets ({x > x¢}, {x < x¢}). We say that the lifetime of the node ({x > xp}, {x < x0})
is Ey. Note that a decision tree uniquely determines a partition on the whole state space R?.

Next, we perform the splitting for these two subgroups of data recursively. Let us start by
the subgroup of data on the left-hand side (see Figure 4.7). Denote again by ABCD the minimum
rectangle that covers all the data in this subgroup of data. We sample E] w.r.t. an exponential
distribution with rate (|AB| + |BC|). Now, if Eg + E] < A, we perform a uniform split on BCD,
in the same way as presented at step 0. The same mechanism is applied mutatis mutandis to the
right-hand side (see Figure 4.8). The associated decision tree is also updated accordingly, and one
tracks the lifetime of each node (see Figure 4.9).

The splitting procedure stops when the lifetime of the proposed condition node surpasses the
prefixed lifetime A. We also remark that, when a subset contains only 1 data, the splitting stops
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lifetime: A

Figure 4.6: Decision tree corresponding to the first split.

A B

Figure 4.7: Second split in the construction of MT.
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Figure 4.8: Second and third splits in the construction of MT.
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L]

t life time: A

Figure 4.9: The decision tree with three splits.

automatically since the minimum rectangle that contains one point degenerates to a point. In the
final stage, a randomized decision tree is therefore constructed, along with a random partition
of the state space R In a high-dimensional setting, the orthogonal lines used to execute the
splitting procedures are replaced by hyperplanes, and the rectangles are replaced accordingly by
hypercubes. The basic mechanism remains the same. The prediction of MT is then provided fol-
lowing the decision tree. More precisely, the prediction on the point x* is defined as the average
of the outputs of the training data that are in the same hypercube as x*. The online learning of
MT exploits the memoryless property of exponential distribution. Indeed, when new data come,
one regenerates part of the decision tree such that the existing structure is not changed. It turns
out that the online training of a Mondrian tree does not change its posterior distribution given
the same data (cf. (4.4)), and the reader is referred to Section 5 of [LRT14] for detailed algorithms.

4.3.2 Theoretical aspects of MF

In this section, we provide some theoretical properties of MF, highlighting the missing part in
the theory.

Properties of Ensemble methods MTF are ensemble methods, meaning that many weak re-
gressors are constructed independently and we use the average of their predictions as the final
estimation. Here, these weak regressors are Mondrian trees: they are variants of classic decision
trees used in Random Forests. Denote by D(,; = (D;;1 <i < n) = (X;,Y;;1 < i < n) a sequence
of training data. We also denote T;(Dy,]),- -, Tpm(D(n)) a collection of conditional i.i.d. Mon-
drian trees. We denote Predr,, (x | Dip) the prediction at point x made by T, (D[y,]). Then, the
final prediction is

M
1
Predr,,, (x | Din)) = i Z Predr,, (x | Din))
m=1
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Hoeffding inequality and Borel-Cantelli lemma give the following law of large numbers as the
prediction is uniformly bounded by 1 for the committor function estimation problem:

PredT[M] (x | D[,,]) %) E [PI‘edT1 (x) ’ D[n]] .
At the same time, we have
1
Var [PredT[M] (x ! D[n])] = MVar [PredTm (x | D[n])] .

The final prediction is then more consistent than the prediction made by each regressor. Hence,
M can be set as large as possible in practice such that we only have to deal with the randomness
introduced by a single MT.

Missing parts in the convergence analysis As is shown above, the variance brought by
ensemble methods can be reduced simply by adding more MT in MF. However, for the expectation
of the prediction provided by MT given data, the consistency is not guaranteed in general. Let
us give a more detailed setting. Assume that the distribution of D; writes,

X; ~ Unif(Q);
€ ~ N(Oa 0.12)’
Y= E ) +e

there is no theoretical guarantee such that

a.s.or Por LP

E [Predr, (x) | Dpnj| ——— &' (x). (4.3)

n—

The assumption that ¢; is Gaussian is quite natural since both crude Monte Carlo and gAMS
provide estimation with normal limit distribution. Recent results [MGS17] show that when 1 <
+00, there is no consistency in general. A more refined analysis and a variant of Purely Random
Forests version of MF are proposed in [MGS18], with a min-max rate for a-Hélder functions.
However, we did not use this variant since the construction of the purely random Mondrian
tree allows empty cell, and 0 is set to be the estimation when the evaluation is needed to be
conducted in such cells. This induces problems in the implementation of gAMS algorithm since
¢ = 0 means a sudden death of a transition path, which makes the implementation of gAMS
numerically unstable.

Since providing a huge amount of training data is not possible due to the computational
cost of gAMS methods, we are more interested by the performance when relatively few training
data is provided. Hence, asymptotic properties such as consistency are not the priority for the
applications in order to improve the performance of gAMS, since the final estimation of rare-
event simulation is eventually estimated by gAMS, and even with non-converged estimation of
committor function, we still have a theoretical-guaranteed unbiased estimator. In addition, since
the construction of decision tree-type regressor ensures that the estimator can only take finite
values, gAMS enters into Asymmetric SMC framework introduced in Chapter 3 and can also
provide theoretical guaranteed consistent estimations.
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Self-consistency of MT The online training of each MT does not depend on the arrival orders
of D; = (X}, Y;). More precisely, we have

Tm(Din)) ~ T2 (Da));

(4.4)
Tm(D[n+1]) | Dpyq ~ MD,,+1 (Tm(D[n]): ) s

Tm(Dins1]) ~ Ta(Dins1)) & {

where Mp, ., represents the online updating strategy of Mondrian tree given the data D,,,; and
72(D[n]) denotes the distribution of Mondrian tree with lifetime A given the data D,). According
to the author of [LRT14], this is the only construction of decision tree available such that the
property above is verified. However, this beautiful property comes with a cost: the splits of the
MF do not use the value of the Y;. Therefore, they are not the “optimal” splits given the training
data used in classical decision tree’s construction. Hence, the robustness over the “extremely
bad quality data” will be affected. This will be discussed in the numerical illustration in the next
section.

4.4 Numerical illustrations

In this section, we provide some numerical illustrations and interpretations on the estimation of
committor function. The energy is set to be the three-hole energy introduced in Section 4.2.2. In
the following sections, the sample points are uniformly sampled in the rectangle Q = [-2, 2] X
[-2, 2], and by “perfect training data” we mean the numerical solution of (4.2) given by Finite
Difference methods.

4.4.1 Learning with perfect data

Unlike the typical estimation problems in statistics and machine learning context, the quality of
the training data is indeed controllable in the committor function estimation problem. Although
it is of no practical interest to do this kind of trade-off, we investigate the performance of training
MF with perfect data (ground truth) to test its adequacy and to have an idea on how many data
is needed to provide reasonable approximations. The results are given in Figure 4.10.

4.4.2 Learning with noisy data

Now, we consider adding some artificial Gaussian noise to the training data. For a gAMS algo-
rithm with N = 100 and K* = 20, the typical variance over the rectangle Q is between 107°
to 107*. Therefore, we consider adding a slightly larger centered normal noise with variance
4 X 107, The results are shown in Figure 4.11. Although it seems that MF cannot handle the
situation perfectly, the approximation is still quite impressive. Since the added noises are i.i.d.
normal random variables, the relative variance on the left (x < 0) is noticeably larger than on the
right (x > 0). This is why the estimation quality on the left is worse than on the right in general.
The situation where the noise is relatively large is presented in Figure 4.12. We use the possibly
largest variance, 1, that can be made by crude Monte Carlo or gAMS. This time, unsurprisingly,
MF failed to provide reasonable predictions.
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Figure 4.10: Learning with the ground truth, where the training data is uniformly
sampled over Q = [-2,2] X [-2,2]. For the parameters of MF, we set 1 = oo and
M = 50. The inverse temperature is f = 1.67.
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Figure 4.11: Learning with slightly perturbed data, where (X;) are uniformly sampled
over Q = [-2,2] x [-2,2]. For the parameters of MF, we set A = co and M = 50. The
inverse temperature is § = 1.67.
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Figure 4.12: Learning with largely perturbed data, where (X;) are uniformly sampled
over Q = [-2,2] x [-2,2]. For the parameters of MF, we set A = co and M = 50. The
inverse temperature is f§ = 1.67.

4.4.3 Capability of recovering from a ruined model

By a “ruined model” we mean the model generated using extremely low quality training data.
We start by training a MF model with largely perturbed data, and then, we continue by providing
perfect data to the MF model, to see if it could recover from the ruined model. As presented in
Figure 4.13, it may be difficult for an MF model to recover from a ruined one, meaning that a
huge amount of high quality training data is required. According to Figure 4.10, a high quality
training data of size 1000 is enough to provide an accurate approximation.

4.4.4 Conclusion of the numerical tests

In this section, we summarize the empirical knowledge on MF that we have collected in the
numerical tests:

(i) MF do not need a huge sample size to give a reasonable approximation of committor func-
tions;

(ii) MF prefer having less high quality data rather than more low quality data;
(iif) MF are not robust to largely perturbed data;

(iv) It is difficult for a ruined MF model to recover by updating through online learning with
high quality training data.
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Figure 4.13: The figure on the left represents the prediction made by a MF model
trained by 100 largely perturbed data. The one on the right represents the model
trained with 1000 more perfect data. (X;) are uniformly sampled over Q = [-2,2] X
[-2, 2]. For the parameters of MF, we set A = co and M = 50. The inverse temperature
is f = 1.67.

As a consequence, in the design of the iterative updating strategy mentioned in the previous
sections, it is crucial to ensure the quality of the training data for MF. This intuition is contrary
to the one in typical Machine Learning applications, where the size of the data is usually of top
priority.

4.5 Iterative updating strategy with gAMS and MF

In this section, we discuss some possible combinations of MF and gAMS algorithm, and explain
how they can help each other in order to improve accuracy. Some numerical illustrations are
also provided.

4.5.1 Crude interaction between gAMS and MF

Let us start by using gAMS to estimate committor function in a crude way: we use the estimation
provided by gAMS as the training data of MF, with some prefixed reaction coordinate such as
the Euclidean distance to the state A. The number of replicas is N = 100, and the minimum
number of replicas to be killed at each iteration is K* = 20. The reaction coordinate & is the
Euclidean distance to the point (—1,0) with the threshold L* = 1.8. The starting point X, is
sampled uniformly over the rectangle Q. In particular, when the sampled point turns out to be
in A (resp. B), we provide directly 0 (resp. 1) as the output of gAMS. At each point, we simulate
independently ng;, = 50 runs of gAMS, and the final estimation is the average. The prediction
given by the MF model is presented in Figure 4.14. Then, we use the trained MF model as the new
reaction coordinate and the updated gAMS is therefore implemented to generate new training
data for MF. The final performance of the MF model is provided in Figure 4.15.

Clearly, the quality of approximation is improved. This procedure can be done repeatedly
and we expect the approximation of the committor function to be more and more accurate.

4.5.2 Tempering

In the previous section, we need to have a reasonable reaction coordinate in order to run gAMS
in the first place. This is not always tractable, especially in high dimensional situations. Here,
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Figure 4.14: Learning with the training data generated by gAMS algorithm. The reac-
tion coordinate is set to be the distance to the state A (i.e., £1). The inverse temperature
is f = 1.67.
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we provide a possible strategy that allows to “start out of nowhere”. The idea is simple: when
the temperature is high, the rare events associated to the energy barriers become less rare. We
start with a small inverse temperature f,, such that crude Monte Carlo provides reasonable es-
timations. Therefore, we estimate the associated committor function &g, by crude Monte Carlo.
Next, we consider a tempering sequence (see Figure 4.16) fy < f1,< --+ < Bg-1 < g = B,
where % denotes the target inverse temperature. For each g € [n], we estimate {g_ by using
&g, as reaction coordinate, until we get the target inverse temperature. Although this strategy
is computationally intensive, it allows to design gAMS algorithm in a much more adaptive and
optimal way.

-2 -1 0 1 2

Figure 4.16: Illustrations of committor functions for different temperatures.

4.6 Discussions

In this chapter, we mainly discussed the possibility of using MF to estimate committor functions.
This paves the way to a wide range of possible interacting strategies of gAMS and MF. However,
a more refined study still needs to be conducted.

The first remark is on the sample points of the training data. In high-dimensional settings,
the uniform sampling strategy is typically intractable. In fact, one does not need to estimate the
whole picture of the committor function if one only seeks to improve the performance of gAMS.
A possible approach is to sample along the reactive trajectories generated by gAMS. In this way,
it is expected that the prediction of MF to be more accurate along these transition paths, which
yields a more accurate gAMS estimator. However, to develop a proper sampling strategy for the
sample points is not trivial. For example, for the overdamped Langevin dynamics, the reactive
trajectories stay longer in the well of the energy landscape, which means that by uniformly
sampling the points along the reactive trajectories is not efficient in general. Hence, the details
still need to be investigated.
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The second remark is on hybrid approaches that combines gAMS and crude Monte Carlo. In
fact, the implementation of gAMS is mainly due to the behaviors of committor function close to
the metastable states A and B. We remark that when close to B the rare event is of form 1 — p.,
namely the values of the committor function is very close to 1. This means that in a lot of places
where the values of the committor function is around 0.5, crude Monte Carlo is already able
to provide reasonable estimations. Therefore, the design of an adaptive hybrid approach may
greatly increase the efficiency of the algorithm.

The final remark is on Mondrian Forests. Since it is proved that finite lifetime parameter A
yields non-consistent estimator, it would be interesting to explore another alternative stopping
criterion for the growth of MT, in order to improve its robustness against largely perturbed data.
One possible choice is standard in a Random Forests context, that is to fix a threshold to control
the minimum number of data in each subset of the partition of the decision tree. Said differently,
we fix a number Ny, in N such that when a subset in the partition contains less data than
Nmin, the split is rejected. The ideal case is that we can somehow design a strategy such that
this number Ny, can be evaluated by the variance of the output of the data. Since variance
estimation is available for both crude Monte Carlo and gAMS with MF as reaction coordinate, it
would then be possible to develop more automated and advanced algorithms.
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Appendix A

Generalized AMS under Asymmetric
SMC framework

This appendix sets out to stress the implementation and numerical performance of the general-
ized AMS method ([BGG*16]) with discrete reaction coordinate under Asymmetric SMC frame-
work. The equivalence of AMS and Asymmetrical SMC is not straightforward to implement in
practice—several adaptations should be taken into consideration, especially for the variance es-
timators. This implementation will simply be referred to as AMS for short in the following. An
optimized and structured (readable) python package (powered by Cython [BBC*11]) is provided
in the following github repository:

https://github.com/MGIMM/aAMS

Several numerical experiments on the performance of different variance estimators will also be
provided. In particular, we are interested in the behaviors of the Variance of different Variance
estimators. The Variance of Variance estimators (VoV) will be used to assess the quality of differ-
ent variance estimators (through the length of the 95% confidential interval). Finally, we provide
some general suggestions on the application of AMS methods under Asymmetric SMC frame-
work.

A.1 Setting

Before proceeding further, we remark that all the numerical experiments are based on the Over-
damped Langevin dynamic with three-hole potential (see Section 4.2.2). The discretization step
is fixed to dt = 0.05. In order to make sure the reaction coordinate only take finite values, we in-
troduce a new parameter i (iota) that indicates the discretization step of the reaction coordinate.
More precisely, we consider the reaction coordinate

£(x) =V(x+1)? + 9%

The corresponding discretized version ¢, is defined by

Vx € R%, E(x) = E(x/i)y).
The metastable states are defined as follows:

A:={(xy) eR?: (x+1)?+y? <0.2?} and B:= {(x,y) e R? : (x — 1)% +y* < 0.22}.
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Our goal is to estimate the rare-event probability
pP= = P (TB < TA | Xo = (—0.75, 0)),

where 74 := inf {t > 0| X; € A} and 7g := inf {t > 0 | X; € B}. If not mentioned otherwise,
the inverse temperature f = 4.1 and the final level L* = 1.75. In this case, the reference value
of p. based on Naive Monte Carlo is 3.368 X 107>, and the associated naive asymptotic variance
estimator is 3.374 X 107°.

A.2 Uncertainty control with a single simulation

Now, let us implement AMS with the efficient variance estimator provided in Section 3.3.5. The
illustration is shown in Figure A.1. Note that the asymptotic variance for the AMS with N =
50000 is around 1.844 x 1077, which is nearly 200 times better than the Naive Monte Carlo with
the same particle size.

-- Naive MC
0.00020 i AMS with 95% CI

0.00015

0.00010

0.00005

___________________

Estimation of rare-event probability

0.00000

—0.00005

1002000 6000 10000 18000 30000 50000
Particle numbers

Figure A.1: An illustration for the estimation of AMS method along with 95% confi-
dential interval. The number of particles N varies from 100 to 50000 and ¢ = 0.01.

A.3 VoV behaviors

Let us continue to see the comportment of the VoV with different particle size N varies from 10
to 500. We sample the IPS independently for 200 to 10000 times, and the confidential interval is
obtained from the crude variance estimation of our variance estimators. The illustration can be
found in Figure A.2-A.6. First, it is clear that when N is small, the efficient asymptotic variance
estimator is heavily biased (see Figure A.2-A.3). Then, it also shows that the average of the
unbiased variance estimators over the independent IPS depends strongly on the crude variance
estimator. Finally, we remark that from a relatively small particle size (N = 500, Figure A.6),
the VoV of efficient variance estimator becomes noticeably smaller than the unbiased variance
estimator. Hence, when using one particle system of large size for the rare-event estimation, the
efficient variance estimator is expected to be more accurate and more efficient at the same time.
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Figure A.2: An illustration for the estimation of asymptotic variance with 95% con-
fidential interval. The number of particles N = 10 and ¢ = 0.01. The naive variance
estimator is computed on the same sample of unbiased variance estimators.
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Figure A.3: An illustration for the estimation of asymptotic variance with 95% con-
fidential interval. The number of particles N = 50 and : = 0.01. The naive variance
estimator is computed on the same sample of unbiased variance estimators.
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Figure A.4: An illustration for the estimation of asymptotic variance with 95% con-
fidential interval. The number of particles N = 100 and ¢ = 0.01. The naive variance
estimator is computed on the same sample of unbiased variance estimators.
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Figure A.5: An illustration for the estimation of asymptotic variance with 95% con-
fidential interval. The number of particles N = 200 and : = 0.01. The naive variance
estimator is computed on the same sample of unbiased variance estimators.
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Figure A.6: An illustration for the estimation of asymptotic variance with 95% con-
fidential interval. The number of particles N = 500 and ¢ = 0.01. The naive variance
estimator is computed on the same sample of unbiased variance estimators.
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