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Notation

The following notations are used throughout the introduction of this thesis.

i.i.d.: independent and identically distributed.

For r,s € N such that r < s, we write [r: s] = {r,r + 1,...,s}. This notation extends to
collections of variables, e.g. we will sometimes write X" for (X", X" 1 ... X*).

We denote by M;(X) the set of probability measures on (X X'). We denote by F(X') the
set of bounded measurable functions. For the particular case of R? we write My (R?) and
F(RY).
For p € M (X) and h € F(X) we write u(h) = [ h(z)u(dzx).
For p,v € My (X)?, we write (1 ® v) for the tensor product defined for all (4, B) € X2 by
(h@v)(Ax B) = [ La(x)lp(y)u(dr)v(dy).
For a Markov kernel K from (X, X’) to another measurable space (Y,)), we write for all
heF(), K(h): X3z~ [h(y)K(z,dy).
If 4 € M{(X), then puK is a probability measure in M;()) defined for all A € ) by
WK (A) = [ 1a(y)u(da)K (z, dy).

2

x +— N(x; p,0?) is the Gaussian probability density with mean p and variance o2.






Chapter 1

Introduction

“Tout le malheur des hommes vient de l’espérance.” - Albert Camus.

This introduction surveys the main results of this thesis. We begin with a general discussion of
the challenges addressed by Monte Carlo simulation. Subsequently, we give a brief introduction
to the three subjects studied during the Ph.D.: importance sampling, sequential Monte Carlo,
and generative modeling. The outline of the remaining chapters and our contributions are
summarized at the end of the chapter.

1.1 Introduction générale

Dans de nombreuses applications, 'intégration par rapport a une mesure de probabilité et
I’échantillonnage sont primordiaux; ils permettent le calcul de probabilités, 'estimation de
parametres et d’états inconnus, ainsi que la comparaison de différents modeles. Dans la plupart
des scénarios réels, les mesures de probabilité d’intérét n’ont pas de formes analytiques simples
et vivent dans des espaces de grandes dimensions, ce qui rend les méthodes traditionnelles
d’échantillonnage et d’intégration inapplicables. Les méthodes de Monte Carlo se sont imposées
comme des outils puissants pour résoudre ces problémes complexes.

Pour illustrer la pertinence du probléeme d’échantillonnage, considérons par exemple le cas de
Iinférence bayésienne. Soient Y et X deux variables aléatoires dépendantes. Nous supposons
que Y est une observation incomplete de X. L’objectif est d’échantillonner les reconstructions
les plus plausibles de X en exploitant les connaissances préalables encodées dans sa loi, appelée
loi a priori, et 'observation Y. Ce cadre, en apparence simple, est utile pour de nombreuses
applications. En tomodensitométrie, des représentations précises de la structure interne du
corps d’un patient sont reconstruites a partir de mesures limitées de rayons X. Pour le suivi
d’objets, des observations incomplétes et potentiellement bruitées, ainsi que des connaissances
sur la dynamique de 'objet, sont utilisées pour estimer sa position et sa trajectoire dans des
séquences vidéo.

Si X € R% et Y € R%, la mesure de probabilité jointe de (X,Y) s’écrit :
ax,y (dz, dy) = qx (dz)qy x (dy|z),

ol gy est la loi a priori de X sur (R%, B(R%)) et Gy|x est un noyau de transition sur
R x B(R%). Cette loi jointe décrit le processus génératif de la paire (X,Y). Trouver les
reconstructions les plus crédibles de X étant donnée 1'observation Y revient donc a inverser ce
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processus génératif tout en maintenant la bonne loi jointe. Cela implique d’échantillonner la
distribution conditionnelle suivante, appelée loi a posteriori, définie pour y € R% par

qY|X(y|5L')qX (dz)
ay (y)

axy (daly) = C ot o) = [ayxlloax(de). (111
La loi a posteriori (1.1.1) pondere la distribution ¢, de X avec la vraisemblance conditionnelle,
ce qui rend I’échantillonnage potentiellement difficile, méme lorsque gy est relativement facile
a échantillonner. Au fil des années, différentes techniques et méthodologies ont été développées
pour relever ce défi, notamment les méthodes de Monte Carlo par chaines de Markov (MCMC)
telles que les algorithmes de Metropolis-Hastings Metropolis et al. (1953) et I’échantillonneur de
Gibbs Gelfand and Smith (1990) ainsi que I’échantillonnage préferentiel Kahn (1949); Goertzel
(1949) et les méthodes de Monte Carlo séquentielles Handschin and Mayne (1969); Gordon
et al. (1993b). Ces approches ont permis aux praticiens de générer des échantillons approxi-
matifs a partir de distributions a posteriori d’intérét et sont au coeur de nombreuses avancées
scientifiques.

Dans l’exemple de reconstruction que nous venons de décrire, X est la variable aléatoire
d’intérét. Pour les modeles génératifs, les roles sont inversés et X est une variable latente
dont le but est de complexifier le modele proposé pour la loi de Y. Dans ce contexte, gx et
qy|x sont souvent choisies faciles a échantillonner, de sorte a ce que I’échantillonnage de gy soit
simple. Le véritable défi réside plutdt dans I'estimation de la densité marginale gy (y) pour tout
y € R% | ce qui est un probleme d’intégration. Nous mettons en évidence ce défi en considérant
I’exemple suivant.

Example 1.1.1 (Modeles a variables latentes profonds (DLVM)). Dans Kingma and Welling
(2013), la paramétrisation suivante de la loi marginale de' Y est considérée. Soit © un ensemble
de paramétres et p: O x Rl 3 (0,z) — py(z), 0% : © x Rl > (0,2) — o2(z). Supposons que
X ~ N(04,,14,) et que conditionnellement a X, Y a pour loi N'(po(X),1a, - 05(X)). po(x)
et o5(x) sont généralement les sorties d’un réseau de meurones et x sert d’entrée. La densité
marginale résultante qg} est alors un mélange infini et est donc trés expressive. Cela signifie que
st les réseaur neuronaux g, 03 ont suffisamment de profondeur, qg’/ peut modéliser n’importe
quelle densité de probabilité positive presque partout.

Etant donné N observations i.i.d. (Y1, ..., YN) échantillonnées & partir d’une loi inconnue 7y,
le DLVM de I'exemple précédent peut étre appris pour approcher 7wy, c’est-a-dire trouver un
parametre 0, de telle sorte que qg/ soit une bonne approximation de 7wy. Avec cette loi qui se
substitue a 7y, nous pouvons ensuite générer de nouveaux échantillons qui sont approximative-
ment distribués sous my. Cependant, 'apprentissage de cette loi présente un défi important;
nous ne pouvons pas apprendre le parametre § par maximum de vraisemblance car qgf est une
intégrale (1.4.6) et n’a pas de forme analytique directe si g et 03 sont des réseaux de neu-
rones. On pourrait alors penser a une estimation de type Monte Carlo de qY car qX est facile
a échantillonner. Cependant, cela pose probléme en grande dimension car x — qY‘ X(y|x) est
susceptible de prendre des valeurs élevées uniquement dans un petit sous-ensemble A de R% qui
a de plus une probabilité tres faible selon gx. Il est alors probable qu’aucun échantillon de X ne
tombe dans cet ensemble. Ainsi, le défi pratique réside dans la taille d’échantillon substantielle
nécessaire pour obtenir une approximation fiable. Pour les problemes de grande dimension,
cette exigence devient irréalisable, rendant ’approche Monte Carlo standard impraticable. Il
est raisonnable de penser que si nous sommes capables d’échantillonner a partir d’'une mesure de
probabilité proche de la loi a posteriori, nous pouvons peut-étre estimer la probabilité marginale
gy (y) avec une grande précision en n’utilisant une modeste taille d’échantillon, et c’est en effet
le cas et le principal objectif de 1'échantillonnage préferentiel (Kahn, 1949; Goertzel, 1949) qui
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est présenté dans la Section 1.3.

En résumé, le probleme de l'intégration repose sur celui de I’échantillonnage, qui & son tour
dépend de la recherche d’une approximation appropriée de la mesure de probabilité cible. Il peut
s’agir soit d’une chaine de Markov qui converge vers la distribution cible souhaitée (MCMC), soit
d’une loi de proposition soigneusement construite (échantillonnage par importance et méthodes
de Monte Carlo séquentielles) dont un ensemble d’échantillons est pondéré pour former une
approximation empirique de la cible.

Cette these vise a contribuer a la problématique de la construction de lois de proposition
et d’estimateurs efficaces pour I’échantillonnage par importance et les méthodes de Monte
Carlo séquentielles. Dans les chapitres 2 et 3, nous étudions ce probléeme dans le contexte
de I’échantillonnage par importance en ’abordant sous deux angles différents. Dans le chapitre
2, nous cherchons une loi de proposition peu coliteuse et basée sur des étapes d’optimisation
qui peut étre utilisée pour 'apprentissage de modeles génératifs ou pour 'estimation en temps
réel dans le cas des méthodes de Monte Carlo séquentielles. Dans le chapitre 3, nous proposons
un nouveau schéma pour I'apprentissage de lois de proposition. Les chapitres 4, 5 et 6 sont
ensuite dédiés aux méthodes de Monte Carlo séquentielles. Dans le chapitre 4, notre objectif est
de fournir de meilleurs estimateurs de la variance asymptotique qui apparait dans le théoréme
central limite pour le filtre a particules. En tant que deuxiéme contribution, nous obtenons le
premier estimateur pour la variance asymptotique du lisseur a particules. Dans le chapitre 5,
nous étudions le probleme de l'estimation du gradient de la logvraisemblance de modeles de
Markov cachés et obtenons une procédure d’estimation avec un biais réduit dont nous prouvons
la convergence. Enfin, dans le chapitre 6, nous proposons une approche basée sur les méthodes
de Monte Carlo séquentielles et les modeles de diffusion pour résoudre des problémes inverses
linéaires bayésiens.

1.2 General introduction

In many applications, integration with respect to a probability measure and sampling are
paramount; they enable the computation of probabilities, estimation of unknown parameters
and states as well as the comparison of different models. In most real-world scenarios, the
underlying probability distributions of interest lack simple analytical forms and are high dimen-
sional, making traditional sampling and integration methods infeasible. Monte Carlo methods
have emerged as powerful and versatile tools for tackling these complex problems.

To illustrate the relevance of the sampling problem, consider for instance the case of Bayesian
inference. Let Y and X be two dependent random variables. We assume that Y is an incomplete
observation of X, e.g. a low dimensional representation corrupted with noise. The goal is to
sample the most plausible reconstructions of X by leveraging prior knowledge encoded in its
law, known as the prior, and the observation Y. This seemingly simple program encompasses
important applications. In Computed Tomography, accurate representations of the internal
structure of a patient’s body are reconstructed from limited X-ray measurements. For object
tracking, incomplete and potentially noisy observations, along with knowledge about the object’s
dynamics, are employed to estimate its position and trajectory in video sequences.

If X € R% and Y € R%, the joint probability measure of (X,Y) is written
ax,y (dz,dy) = qx (dz)qy x (dy|z),

where gy is the prior distribution of X on (R, B(R%)) and Gy|x s a transition kernel on
R% x B(R%). This joint distribution describes the generative process of the pair (X,Y). The



observed Y is a sample from gy|x(:|X) for some given X sampled from ¢x. Finding the most
credible reconstructions of X given Y then boils down to reversing this generative process while
maintaining the correct joint distribution. This involves sampling the following conditional
distribution, known as the posterior, defined for y € R% by

ax |y (dzly) = gy x (y|7)ax (dz) /ay (y) .  where qy(y)z/qnx(ylx)qX(dw)- (1.2.1)

The posterior (1.2.1) weights the distribution ¢y of X with the conditional likelihood making
it likely to be challenging to sample, even when ¢y is relatively easy to sample from. Over
the years, various techniques and methodologies have been developed to address this challenge,
including Markov chain Monte Carlo (MCMC) methods such as the Metropolis-Hastings al-
gorithms Metropolis et al. (1953) and Gibbs sampling Gelfand and Smith (1990) as well as
importance sampling Kahn (1949); Goertzel (1949) ans Sequential Monte Carlo Handschin and
Mayne (1969); Gordon et al. (1993b). These approaches have enabled practitioners to gener-
ate approximate samples from posterior distributions of interest and are at the heart of many
scientific advances.

In the reconstruction example we have just described X is the random variable of interest. In
generative modeling, the roles are inverted and X is a latent variable whose purpose is to design
a more complex law for Y. In this context, ¢x and gy |x are often chosen to be simple to sample
from and so overall, sampling from gy is straightforward. The real challenge instead lies in the
estimation of the marginal density gy (y) for all y € R%, which is an integration problem. We
highlight this challenge by considering the following example.

Example 1.2.1 (Deep latent variable models (DLVM)). In Kingma and Welling (2013) the
following parameterization for the marginal law of Y is considered. Let © be a set of parameters
and p1: O x R% 3 (0,2) > pp(x), 0 : © x R% 3 (0, 2) +— 02(z). Let X ~ N(04,,14,) and the
conditional distribution of Y given X be N(ug(X),1q, - 05(X)). po(z) and of(x) are typically
the outputs of a neural network and x serves as the input. The resulting marginal density q% is
an infinite mixture and is thus highly expressive meaning that if the neural networks ug, O'g are
given enough depth, q% can model any probability density that is positive everywhere.

Given N i.i.d. observations (Y'!,...,Y") sampled from an unknown data distribution 7y, the
DLVM of the previous example can be “learned” to approximate my, i.e. find a parameter
0, so that q%* is a good approximation of my. With this surrogate we can then generate new
approximate samples from 7y. However, learning this surrogate presents a significant challenge;
we cannot learn the parameter 6 through maximum likelihood since ¢ is an integral (1.4.6)
and does not have a straightforward analytical form if ug and Jg are neural networks. We could
think of a Monte Carlo estimate of qf/ as qx is easy to sample from. This is flawed however in
high dimensions as x — qf,| +(y|z) is likely to take large values only in a small subset A of R
that furthermore has a very small probability under ¢x. It is likely then that no samples from
X will fall in this subset. As such, the practical challenge arises from the substantial sample size
needed to achieve a reliable approximation. Particularly for high-dimensional problems, this
requirement becomes computationally infeasible, rendering the standard Monte Carlo approach
impractical. As we have mentionned before, the posterior reverses the generative process and
localizes the sampling in the regions of R% that have likely generated Y. It is then sensible to
assume that if we are able to sample from a probability measure that is close to the posterior
then perhaps we can estimate the marginal probability ¢y (y) with high accuracy using only a
small sample size, and this is indeed the case and the main point of importance sampling (Kahn,
1949; Goertzel, 1949) which is presented in the next section.

In summary, the problem of integration relies on the problem of sampling, which, in turn,
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hinges on finding an appropriate surrogate for the target probability measure. It can either
be a Markov chain that converges to the desired target distribution (MCMC) or, a carefully
crafted proposal (importance sampling and sequential Monte Carlo) of which a pool of samples
is weighted to form a consistent empirical approximation.

This thesis aims at contributing to the problem of constructing efficient proposals and estimators
for importance sampling and sequential Monte Carlo methods. In Chapters 2 and 3 we study
this problem in the context of importance sampling and approach it from two different angles.
In Chapter 2, we seek a lightweight optimization based proposal that can be used for learning
generative models or for real-time estimation in Sequential Monte Carlo and in Chapter 3
we derive a new scheme for learning sharp importance proposals. Chapters 4, 5 and 6 are
dedicated to Sequential Monte Carlo. In Chapter 4, we aim at providing better estimators of
the asymptotic variance that appears in the Central Limit Theorem for the particle filter. As
a second contribution we derive the first estimator for the asymptotic variance of the particle
smoother. In Chapter 5, we study the problem of particle smoothing estimation in the context
of parameter learning and derive a procedure with provably reduced bias. Finally, in Chapter 6
we devise Sequential Monte Carlo-based approach for solving linear Bayesian inverse problems
with generative model priors.

1.3 Technical background

1.3.1 Importance sampling
Principle

Importance sampling (IS) is a technique with roots dating back to Kahn (1949); Goertzel (1949).
We denote by 7 a target probability measure defined on a measurable space (X, X). Our goal
is to compute integrals of the form

~(f) = [ f@)(da)

where f is a real valued measurable function. IS comes into play when either: (1) it is not
possible to sample from 7, or (2) it is possible to sample from 7 but the vanilla Monte Carlo
estimator performs poorly for a fixed computational budget. The latter happens for example
when f takes non-zero values only in the tails of . IS consists in introducing an easy to
sample importance distribution p with support including the support of 7 and applying a
change of measure to estimate the expectation of interest.

Let p be a measure defined on (X,Xx) and dominating m, i.e. for any A € X, n(4) > 0
implies that u(A) > 0. Denote by dn/du the Radon-Nikodym derivative which satisfies the
change of measure identity w(dz) = S—Z(w)u(dx). For any m-integrable function f we have

that 7(f) = [ f(a:)ﬁ—ﬁ(x)u(dx), and hence, by drawing M i.i.d. samples from p we obtain the
following estimator Trfy(f) of 7(f),

M
M (f) = M—lzf(xi)j;;(xi), where (X1,...,XM)% . (1.3.1)
=1

The importance distribution y is a free parameter that may be optimized to improve the ef-
ficiency of the estimator (1.3.1), e.g. accurate estimation with M as small as possible. By
inspecting the variance of 71'2/[(]0) we see that it is equal to Mﬁl(u(fQ%ZQ) — m(f)?) and hence
if f > 0 for example, setting u = f - 7/7(f) achieves a zero variance estimator. In the more
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general case, setting p o< |f| - 7 minimizes the variance. This means in practice that p should
assign high probability in the regions of the space where the measure |f|- 7 has large mass.
This ideal importance distribution is however intractable and one should aim at setting u as
close as possible to this optimal choice. In fact, this should be done by paying a particular
attention to the tails of the importance distribution, as tails lighter than those of the target
distribution may result in an estimator with infinite variance. If one wants to estimate integrals
with different test functions f using the same samples, then it is best to choose u as close as
possible to .

When 7 is known only up to a normalizing constant, e.g. 7 is a posterior distribution, dr/du
is also known up to a scaling factor. We can still estimate 7(f) by noticing that 7(f)/m(1) is
free of any scaling factor and equal to 7r( f). Estimating both the numerator and denominator
with IS using the same samples XM id u then yields the estimator

M ~i » d A
Trff(f):;wf(xw where wzzﬁ(m, (1.3.2)

known as the self-normalized importance sampling (SNIS) estimator. In contrast with (1.3.1), it
is biased, i.e. E[T) (f)] # m(f). The non-asymptotic properties of the SNIS estimator are also
well understood, see Cappe et al. (2005); Agapiou et al. (2017); Chatterjee and Diaconis (2018).
Let us first formally define the a-Rényi and KL divergence which will allow us to quantify
the discrepancy between two probability measures. The most fundamental properties of such
divergences are covered in Van Erven and Harremos (2014).

Definition 1.3.1. The a-Rényi divergence between m € My and p € My with p > m is defined
for any o € (0,1) U (1,00) by

R || 1) i= = log [ 57 @)l (1.3.3)

Its extension to the order a = 1 is the backward Kullback-Leibler divergence

(|| p) /logd dz). (1.3.4)

For any o € (0,00), Ra(m || 1) =0 if and only if 7 = p

Theorem 1.3.2 (Agapiou et al. (2017)). Assume that > w. The bias and MSE of the SNIS
estimator over bounded test functions is given by

e 12.exp Ra(r | )
sup [B I, () = m(D]| < i !

sup E [ (7 (f) = 7(£))°] < 4epr]\2~4(7r lm)

IF1<1

Impact of the dimension

As for the standard IS estimator, the sufficient sample size M that guarantees a small variance
and bias for a fixed importance distribution u is proportional to the exponential of the 2-Rényi
divergence, or the variance of the importance weight. The 2-Rényi divergence captures the
intuitive idea that the importance proposal should have the same regions of high probability as 7.
This is observed by recognizing that Ra(7 || 1) = log [ g—Zdﬂ and hence it takes large values if 3—2
is large in regions of high probability under w. The same intuition holds for the KL divergence.
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Theorem 1.3.2 also highlights how the dimension of the ambient space X impacts the IS and SNIS
estimators. Indeed, assume that the target distribution is instead 7%¢(dz;.q) = H;-izl m(dx;) and
the importance distribution is u®%; we replicate d times the original target = and importance
distribution . Then according to the 2-Rényi divergence criterion in Theorem 1.3.2, the sample
size M is now exp(d-Ro(7 || p)) since Ro(7®¢ || u®?) = d-Ro(r || p); it scales exponentially with
the dimension. This a necessary and sufficient sample size for the IS estimator (1.3.1). If one is
however interested in being close to 7(f) in high probability then the sample size prescribed by
the variance is often much larger than what is required. In Chatterjee and Diaconis (2018) it
is shown, under the assumption that log S—Z(Y), where Y ~ m, is concentrated around its mean
KL(7 || u), that the necessary and sufficient sample size is in fact of the order exp (KL(7 || u)).
This confirms that importance sampling intriniscally suffers from exponential dependence on
the dimension since KL(7®? || u®?) = d - KL(r || u). While this discussion only holds for
probability measures that factorize over the dimensions, the curse of dimensionality is also
observed empirically for probability measures that have intrinsic dimension smaller than that
of the ambient space.

IS-based samplers

Interestingly, the SNIS estimator defines a consistent empirical approximation of 7 given by
ﬁfy(dx) = M Wi yi(dz) where w = &/ ij‘/il w/. This suggests that we can draw approxi-
mate samples from 7 as follows; sample (J}, ..., JM) " Categorical({w'}M ) and set X7 = X
for all j € [1: M] This results in a unweighted particle approximation %y of m given by
7~Tﬂ/1 = MM 6,(dx) where the samples X* are dependent however. Nonetheless, they be-
come i.i.d. when the sample size M of the underlying SNIS estimator goes to infinity, see (Cappe

et al., 2005, Chapter 9).

We now describe the iterated SIR (iSIR) algorithm Andrieu et al. (2010) which defines, with
finite M, a geometrically ergodic Markov chain, i.e. one that gets arbitrarily close to 7 in finite
time. iSIR proceeds iteratively as follows; given a state X . at iteration k, (1) set X} 11 = X i
and sample (X,?_s_17 ... ,X,QZIH) id w; (2) compute the unnormalized weights @} = S—Z(X,iﬂ) and
set wj_ 4 =wh,/ Zj]\il Qiﬂ; (3) sample Ij 11 ~ Categorical({w}_,}*,) and set Xk+1 = X,?f:ll.
Basically at each step a promising particle is selected according to its importance weight and
propagated to the next iteration. This procedure defines a w-invariant Markov chain (X &) kEN

with transition kernel defined by

M jdu(,)
Py(z,dy) = / { ) (dy)}%(dw}g DMz .
; M dr/dp(a] ) T i i

Theorem 1.3.3 (Andrieu et al. (2018a)). Assume that we, = sup,cx dn/du(x) < co. Then for
any initial distribution & € M1(X) and all M > 1,

H,]r_gpl\kJ”TV S plfWa

where ppr =1 — (M — 1)/ (2w + M — 2).

The Markov chain resulting from the iSIR procedure thus converges to m geometrically fast.
The mixing rate p decreases with M but depends on wes, which is exponential in the dimension,
making the use of iSIR prohibitive in large dimensions, similarly to SNIS. Indeed, in high
dimensions the variance of the importance ratio increases exponentially and iSIR gets stuck in
points with large importance ratio, which are difficult to escape. It has recently been shown
in Samsonov et al. (2022) that its performance can be improved by combining it with a local
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MCMC kernel, i.e. by considering instead the kernel Ky (z,dy) = [ Py(x,dz)R(z,dy). R can
be for example the Metropolis Adjusted Langevin algorithm (MALA) or Hamiltonian Monte
Carlo (HMC). By incorporating a local MCMC step, the sampler can eventually move to areas
where points have small importance ratio and escape at the next iSIR step. Finally, Compared to
traditional MCMC algorithms, iSIR chooses one sample X k+1 from N proposals (X ,1, X ,iv )
and thus incurs a non-negligible computational waste since N — 1 samples are discarded at
each step. Naesseth et al. (2020); Cardoso et al. (2022) propose to recycle the candidate pool
(X}, ..., X}) and their normalized weights to form a SNIS estimator. Specifically, the following
roll-out estimator is considered in Cardoso et al. (2022)

1 k M ot codmr
—M 4 ~1 7
Tk x(f) = Z {Zf(Xe)} ,  where w; =—(X;),
o k—=ko =, Lo 2L @) du

and is shown to have a geometrically decreasing bias, thus inheriting the properties of iSIR.

Optimization of the importance distribution

In light of these results, a crucial and natural question arises: how can we minimize the KL or
2-Rényi divergence between w and p within a specific family of probability measures? We now
review the existing methods that explicitly focus on doing so.

In Cappé et al. (2008) the authors propose a method for minimizing pu +— KL(7 || p) within
the family of probability measures written as p?(dz) = [ ng ,(dz|2)uf(dz), where “gﬂ » and

19 are chosen within some parametric classes of probability measures on (X, X) and (Z, Z)
respectively. For such probability measures we have that

(7 || u?) //1 MX|Z7TZ)§(Z|EB)) (dz)mg)x (dz|z) == KL(r @ mzx || 17 © 1Y),

for all kernels 7| x, and we can thus minimize the upper bound with respect to 6 and the kernel
T+ 7z x(dz|r) in a coordinate ascent fashion. For a fixed 0y, the minimum w.r.t. to 7 x(-[7)

for all x € X is attained at u?‘X(dzM‘) x ugglz(ﬂz)u%’ (dz), in which case the upper bound is

equal to KL(7 || 1%). As a consequence, optimizing the upper bound is equivalent to solving
iteratively,

Or1 = arggﬂin—//logung(mlz)uez(zv)u%ﬂx(dzlm)W(dw), (1.3.5)

and induces the decrease of KL(r || 1) at each step. This procedure is the exact equivalent of the
Ezxpectation-Mazimization algorithm Dempster et al. (1977). In particular, it offers closed form
integrated updates for the means, covariances and weights when p? is a mixture of Gaussian
distributions, thus avoiding any parameterization of the weights and covariances. The updates
are however given in terms of expectations over w. They are in practice estimated with SNIS
at step t + 1 using u%, which in some sense is the best available importance distribution up
to step t that one can choose. This procedure lies more broadly within the family of Adaptive
importance sampling (AIS) Oh and Berger (1993); Cappé et al. (2004); Douc et al. (2007a);
Cornuet et al. (2012); Daudel et al. (2021b) methods, where the importance distributions are
updated adaptively using samples and weights from previous iterations. See Bugallo et al.
(2017); Elvira and Martino (2021) for a detailed overview. Their convergence properties are also
well understood, see Douc et al. (2007a); Marin et al. (2019); Portier and Delyon (2018).

More recently, AIS has shifted towards the use of MCMC, SMC algorithms and deep learning
for optimizing the importance distribution. While we have omitted its discussion in the previous
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paragraph, the choice of the family on which one optimizes is of the utmost importance. The
integrated EM method we have just presented relies on a specific factorization of the importance
distribution. Furthermore in order to obtain closed form updates, ©8 x|z needs to lie within the
exponential family and 4 7 has to be a discrete measure with a number of components chosen
beforehand. One also needs to account for the tails of the target distribution. Optimizing
within families of probability measures that avoid these constraints altogether while having at
the same time a strong approximation power is thus crucial. Normalizing flows (NF) Rippel
and Adams (2013); Dinh et al. (2014); Papamakarios et al. (2021) are able to represent ar-
bitrarily complex probability distributions using deep learning architectures, thus allowing for
automatic adaptation to the tails and multimodality of the target distribution.

A NF uses invertible neural networks Ty : X — X with easy to compute Jacobian to represent
probability densities positive everywhere on X. The idea is then to push a base distribution p
(often a Normal distribution, hence the normalizing terminology) to the target distribution ,
i.e. fit the parameters of the invertible neural network Ty so that the law of Ty(X), X ~ p,
which we denote by Tgxp, is approximately m. Tyxp is easy to sample and furthermore its
density is tractable. Indeed, by the change of variable formula, see (Bogachev and Ruas, 2007,
Chapter 3), Tgup(z) = p(Tgl(ac))|JT0_1(x)|, where x — |JT0_1(x)| is the determinant of the

Jacobian.

Similarly to standard AIS, when fitting Toxp to m with gradient descent one is faced with an
intractable expectation w.r.t. m;

VKL || Togp) = = [ Vologp(Ty (@) + log [Ty (2 n(da) (1.3.6)

At this point, one may estimate the gradient at 8; using either importance sampling, MCMC or
SMC with Ty, , 4 p as initial proposal. We focus first on MCMC and SMC based estimates which
have been exploited recently in Naesseth et al. (2020); Gabrié et al. (2022); Arbel et al. (2021);
Samsonov et al. (2022). See Grenioux et al. (2023) for a more detailed survey and comparison.
In Naesseth et al. (2020) the authors use iSIR with proposal Ty, ,4p. Gabrié et al. (2022)
alternate between an Independent Metropolis-Hastings with proposal Ty, ,#p and a MALA or
Unadjusted Langevin algorithm (ULA) initialized at samples from Ty, ,4p. Samsonov et al.
(2022) use iSIR combined with MALA and Arbel et al. (2021) devise an SMC sampler with
a normalizing flow approximating the intermediate bridge distributions thus facilitating their
sampling when combined with an MCMC kernel. The convergence of the MCMC only adaptive
samplers Naesseth et al. (2020); Gabrié et al. (2022); Samsonov et al. (2022) is undertaken in
Kim et al. (2022).

These methods have shown superior performance compared to those which estimate the gradient
using importance sampling Miiller et al. (2019a); Prangle and Viscardi (2023). The latter also
suffer from exponential dependence on the dimension due to the importance weight and hence
the optimization procedure fails when the initial distribution Tg,4p is not already close to . See
Geffner and Domke (2021); Dhaka et al. (2021) for a more thorough disccusion of this matter.
On the other hand, MCMC based adaptive IS may not encounter the same issue since MCMC
samplers, at least when 7 is log concave, exhibit more favourable dependence on the dimension.
Finally, let us emphasize that using MCMC algorithms to learn importance proposals, when
we could just use MCMC algorithms directly, is not contradictory in itself. Indeed, after the
map Ty is learned, we can use it to obtain i.i.d. (although approximate) samples on the fly and
estimate normalizing constants unbiasedly.

We end this section with two research directions that we believe are relevant in the context of
the previous discussion.
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(Q1) Gradient-based samplers such as the unadjusted Langevin algorithm Besag (1994) and
Hamiltonian Monte Carlo Neal et al. (2011) have gained widespread popularity. However,
the density of the ¢-th iterate for these samplers is generally intractable, making them
unsuitable for use as importance proposals. One possible approach to overcome this
limitation is by expanding the dimension of the state space and introducing reverse kernels
Neal (2001a). Unfortunately, devising such reverse kernels is challenging in most cases.

Are there any gradient-based samplers that have tractable density? Furthermore, can
we leverage all the orbits (i.e. the whole chain) on the trajectory of these samplers in a
principled manner to estimate normalizing constants unbiasedly?

(Q2) The use of MCMC, weighting mechanisms and resampling has been useful for adressing
the various challenges of adaptive importance sampling. Is it possible to identify an
appropriate weighting mechanism that, when combined with MCMC and resampling,
improves the exploration of the target probability measures?

1.3.2 Sequential Monte Carlo

Importance sampling can be implemented sequentially to solve a specific type of problems,
called non-linear filtering, involving a time component. As the time horizon expands, so does
the dimension of the state space, leading to a degradation of the resulting importance sampling
estimates. The solution of Gordon et al. (1993b) that we shall present now allows the rejuve-
nation of the samples by duplicating those with high importance weights and discarding those
with low weights.

Setting

Let My be an initial probability measure. For all ¢ € N+ define the Markov kernel M; : X x X >
(x,A) — [ 1a(y)M(z,dy) and for all ¢ € N the potential function g; : X 3 x — g¢(z). Define
also for all ¢t € Ny the measure, or Feynman-Kac model

t
Yo:t(dzoy) = Mo(dxo) [ ge—1(w—1) My(ai—1, day), (1.3.7)
s=1
and yo(dzg) = Mo(dzp). We subsequently write vi(day) = [ Lxe(xo:—1)Y0:4(dzo:t). Define
respectively the predictive and filtering probability measures

ne(dey) = ve(dawy) /ve(Ix),  de(dwy) = ge(xe)me(dae) /ne(ge) - (1.3.8)

The following recursion linking the predictive and filtering distributions is satisfied
nt(dxt) = /¢t_1(dxt_1)Mt(xt_1,dxt). (1.3.9)

From the definitions in (1.3.8) and (1.3.7), we observe that if we have an empirical approximation
of ¢;—1, we can use it to approximate 7; and consequently ¢; using (1.3.8). Before delving
into the details of how these approximations are obtained, let us provide two examples that
demonstrate the utility of this framework for Bayesian inference and the approximation of
target distributions known up to a normalizing constant.

Example 1.3.4 (Hidden Markov models). HMMs consist of an unobserved state process { Xy }ren
and observations {Y; }ten. They respectively evolve in two general measurable spaces (X, X) and
(Y,Y). It is assumed that {X;}ien is a Markov chain with transition kernels (Miy1)ien and
initial distribution My. Given the states { Xy }ien, the observations {Y;}ien are independent and
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for allt € N, the conditional distribution of the observation Y; only depends on the current state
Xi. This distribution is written G¢(Xy,.) and admits the potential gi(xt,.) as density (the de-
pendency in Yy is made implicit and we drop the second argument). Given a realized observation
record Yo.¢, the predictive and filtering distributions (1.3.8) are then the distributions of X; given
Yo—1 and X; given Yo respectively. Interestingly, the recursions (1.3.8) and (1.3.7) show that
it is even possible to build online approximations of the posterior; when a new observation Y1
s available, we can approximate the distribution of Xiy1 given Yy.e11 using the approximation
of that of X; given Yy.t.

Example 1.3.5 (SMC sampler Del Moral et al. (2006a)). Let T € N and 7 be some target
probability measure defined on (X, X). Consider a sequence of probability measures {m}1_, also
defined on (X, X) with w1 < 7y, ™o easy to sample and 7y = 7, and let {K;}]_, be a sequence
of Markov kernels such that K; is m-invariant. Using that mp = mK; we find

mo(dzy) / dep(oe) (2o 1) Ki(21-1, dz2)
= -1 -1 -1, )
+(dy 7 d?r:rt (1)1 (@) f ¢ (x4 ¢

and letting My(xi—1,dx;) = Ki(zi—1,dzt), ge(xe) = (dmegr/dme)(z) we see that ny = g1 =
me. A popular example of sequence {m}i_, is the annealing sequence defined by my(z) o
mo(z)! 7w (z) where 9 = 0 < ... < yr = 1 control the interpolation between my and =.
The invariant kernel K; can be a Metropolis-Hastings kernel, which does not require the knowl-
edge of the normalizing constant of each m. If the discrepancy between mwiy1 and m is small
enough, then it is possible to build efficient particle approximations of each m and hence .
This provides an interesting alternative to the SNIS particle approximation where an artificial
time component is introduced.

Particle filtering

Let us now detail how the particle approximations of 1, and ¢; are obtained sequentially. We
recommend Del Moral (2004); Douc et al. (2014) for an in-depth description of the theoretical
properties of SMC algorithms and Chopin and Papaspiliopoulos (2020) for a more recent account
balancing theoretical aspects, algorithmic details and implementation.

Assume that we have at hand a consistent particle approximation ¢ = Zfil wicS& of ¢;. By
plugging this approximation in (1.3.9) we obtain the mixture

N
$p My1(dwesn) = Y wiMea (&, dagga), (1.3.10)
i=1
approximating 741 and which serves as a basis for obtaining its particle approximation. In-
deed, this is done by sampling from the same mixture, which boils down to first sampling
conditionally i.i.d. ancestor indexes (4},..., AN) Y Categorical ({w] ;V:1) and then sampling
for all i € [1: N, X, ~ Myy1(£%, ). This results in an unweighted particle approximation
nt]YH =N"! Zfil 552;“. The particle approximation of ¢.1 is then obtain by plugging nt]il in
(1.3.8), which yields

N
¢ﬁr1(dxt+1) = Zwiﬂ%gﬂ(dxtﬂ)a where  wiy 1 o¢ ge1(§q) -
i=1

The initial particle approximation is obtained by simply drawing N particle §3’N ~ M[?N and
then weighting according to gg. This procedure coincides with the bootstrap particle filter with
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multinomial resampling Gordon et al. (1993b). Other possible resampling schemes are also
possible Douc and Cappé (2005). Another approach to obtaining the particle approximation of
ne+1 differently consists in simply sampling & 11~ My 1(€,-) for all i € [1 : N] and setting n}¥ =
>N wtiég-ﬂ. The particle approximation of ¢;41 is then ¢, = SN W +15§§+1 where wj |
wigi+1(&l41). As aresult, the weight at step ¢ +1 is wj | o HZQ) gs(€%) and quickly degenerates
as t grows. This phenomenon is in fact directly related to the degeneracy of the importance
weights discussed in the previous section, where, after a few time steps, all normalized weights
except one are equal to 0, see (Douc et al., 2014, Chapter 10) for numerical evidence. By
resampling according to the weights {wi}X, Gordon et al. (1993b), the particles with small
importance weights are eliminated whereas those with large importance weights are replicated
with weights reset to 1/N. Interestingly, the resampling step increases the variance locally while
at the same time guaranteeing that the particle approximations do not degenerate globally.

The particle approximation of the measure 7; is obtained as a byproduct of 7} and is given
by

;N (dzy) = {H Zw} (day) . (1.3.11)

Surprisingly, it provides unbiased estimates of v;(f) Crisan et al. (1998) for any bounded test
function f. The particular case of f = 1 allows for unbiased estimation of the likelihood of
the observations in HMMs in Example 1.3.4 and the unbiased estimation of the normalizing
constant in Example 1.3.5.

The theoretical properties of the particle filter (PF) are well understood. More specifically,

N(F), &N (f) and 4V (f) all converge almost surely to 7;:(f), ¢:(f) and v;(f) respectively for
bounded test functions f. Deviation inequalities are given in Del Moral and Guionnet (1998)
and the particle approximations satisfy central limit theorems with explicit expressions of the
asymptotic variances Del Moral and Guionnet (1999); Chopin (2004). Stability results, which
are fundamental for assessing the reliability of the particle approximations, are also relatively
well understood by now Del Moral and Guionnet (2001); Oudjane and Rubenthaler (2005);
Van Handel (2009); Whiteley (2013); Douc et al. (2014). Indeed, at the most basic level, a
particle filter consists in the accumulation of approximations; we use the approximation of the
filter at step ¢ to obtain the one at step t + 1. One may then expect the overall approximation
error to blow up very fast, in which case the PF would be a truly useless algorithm for Bayesian
inference tasks that involve streaming data. Fortunately, the ergodicity of the signal { X };en and
observation process {Y;}+cn, the most basic assumptions which have been relaxed by now, allow
showing that the particle filter converges to the true filter uniformly in time. Furthermore, the
stability of the PF is also observed for more general models that are not even close to satisfying
the strong mixing assumptions.

Particle smoothing

The poor man smoother. We now turn to smoothing which is highly relevant in Bayesian
inference. Smoothing corresponds to approximating the conditional distribution of the state
X, or in fact a subsequence of states X for s < ¢, given the observation record Yy.;. As
we will see, smoothing distributions are particularly useful for parameter learning via the EM
algorithm. To simplify the discussion, we will focus only on the joint smoothing distribution:
i.e. the conditional distribution of X.; given Yj.;.

In the frameowrk of Example 1.3.4 the distribution of Xy.; given the observations Yj.; coincides
with
¢0:t|t(d$0:t) = Qt($t)’70:t(d$o:t)/%(gt) .

14



The filtering distribution ¢; at step t is its t-th marginal. Assume that the particle approxima-
tion at step t is qbé\ftlt(dx();t) =N, w%‘é&é't(dxo;t) where &, € X'*1 is a particle path. Since we
have

G0:t41)041(d20:441) X g1 (Te1) Mieg1 (@, dzps1) Pogge (dzose)

we may obtain an estimate of ¢g.;; 1141 by resampling and propagating according to M1,
similarly to the particle filter. The key difference is that instead of resampling particles, we select
ancestor paths at each step. The particle smoothing approximation is hence given by

Go:t41)t+1(dTo:t41) Zwt+15( ai - (dzow41) (1.3.12)

0t7 t+1

and recursively we see that a particle path &}, is made of the ancestors from ¢ — 1 to 0 of the
particle &, i.e.

i

E ; E!
601: — (6157 tt 1, e ,50 t,O) 5 Whel‘e EZL/,S — AS t’s+1:ﬂ.[0:t)(8) +’L . :H.{t}(s) . (1.3.13)

Unfortunately, the simplicity of this procedure has a cost; as the time horizon ¢ grows larger
than the number of particles N and we keep selecting from the previous paths, the pool of
particles with time index far from ¢ in the support of gbé\f 4t keeps shrinking. As a result, there
likely exists a timestep ty € [1 : t] (typically txy = O(N), see Koskela et al. (2020)) such that
E%,tN =...= Ei\@ v+ Consequently, for s much smaller than ¢ we get a particle approximation
®o:s|¢ that is supported only on one particle path. This makes the particle smoothing estimate
unpractical for any task involving smoothing over long time horizons.

Forward filtering backward smoothing (FFBS). The FFBS algorithm has been proposed
to overcome the degeneracy of the vanilla particle smoother Godsill et al. (2004). The FFBS re-
lies on the following backward decomposition of the smoothing distribution, which assumes that
the transition kernel M; admits a density m; with respect to some dominating measure:

t—1

Go4t(dwo:) = dr(dwy) [ [ B, (@s41, das) (1.3.14)
s=0

where By, (2s41,dxs) o< mgy1(Ts, Ts41)Ps(das) is the backward kernel. As it is expressed in
terms of the filter ¢ we can estimate it by plugging in the particle approximation ¢¥,

N
wims 1 (&L, st
Bgs(:st,dxs g 1€ Tor1) 55§(d:133).
o1 2 N wlmgi (€, wap1)

The FFBS particle approximation ¢é\f£EFBS of ¢g.; is then
N,FFBS =
¢0:£|t (deIt) = QZ)iv(dmt) H Bq]:[g (xs+1a dxs)
s=0
= Z { it H B Zsals 1 } (5107“.7675,5)((1.%0:15),
ig. €[L:N]t+1 0 ¢

where for all (i,7) € [1: NJ?, 8B5(i,j) wg_lms( g_l,fg). The resulting smoothing estimator
is no longer supported on the ancestral paths; instead, its support is made of N**! weighted
particle paths which enables it to avoid the particle degeneracy problem. Interestingly, the FFBS
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estimator can also be obtained by marginalizing the vanilla smoothing estimator (1.3.12) w.r.t.
to the ancestor random variables (AJ?, ..., AFY) and so its mean squared error is smaller. It
is however impractical for any problem of interest that involves a time horizon ¢ large enough
as the cost of evaluating all the weight products is O(N**1). Godsill et al. (2004) propose the
forward filtering backward simulation (FFBSi) estimator to approximate the FFBS by drawing
N particle index trajectories {(Bj, ..., BY)}¥, according to the weight product. The i-th path
for each i € [1 : M] is obtained as follows: draw B} ~ Categorical({w] ;\le) and then for all
s € [0:¢—1] draw B! ~ Categorical({38% (BL,,, 7) j=1)- The resulting particle approximation
is then

N
(ZS(]J\:/;'};FBSl(d:L'();t) = % Z 5(5531---»§F§)(d$0¢t) )

i=1
The FFBSi estimator has of course a larger variance than the FFBS but the overall cost for
computing an estimate with N paths is now O(N?t)). Douc et al. (2011a) propose to further
bring down the complexity by using the accept-reject algorithm. Indeed, assuming that the
transition density my is bounded above, i.e. mg(zs_1,75) < cy for all (z5_1,75) € X2, then we
have that wi_;mg(&_, &) < cywi ;| for all (4,5) € [1 : N]? and we can thus draw the indexes
according to Categorical({w!_;}% ;) and then accept or reject the proposals. If the kernels
are bounded from below, i.e. mg(ws_1,25) > c_ for all (zs_1,2s) € X2, the complexity is then
provably linear in the number of particles N. However, when this assumption does not hold, the
running time may be heavy-tailed, in which case on may resort to a hybrid rejection sampler, see
Taghavi et al. (2013); Olsson and Westerborn (2017); Dau and Chopin (2022). It was then later
suggested to instead sample the s-th index of the i-th backward index trajectory by running a
few steps of Independent Metropolis-Hastings targeting S22 (BL, |, -) with Categorical({wi}¥ )
as proposal Bunch and Godsill (2012), and later mentioned in Gloaguen et al. (2022) in the
context of online smoothing. In this setting, the backward index B! are sampled from the
following MH kernel (or its iterations) initialized at i, € [1: N],

. . B is B
K (is, dbs) = E , W? min (L m8+1(§§,§5+f1)/m8+1(§;,fs_i_fl))ék(dbs)
kE[1:N]\is

Bt . B
i 8 whmin (L€ €5 (€65 o).

Le[1:N)\is

Dau and Chopin (2022) show that using only one step of IMH initialized at iy = ABw1, the
ancestor of B! 11, is enough to produce a fast, consistent and stable estimator.

In contrast with the particle filter, the FFBS as presented above is essentially an offline algo-
rithm. Indeed, there is no obvious way to use it in a context where observations are processed in
real time without incurring a prohibitively large computational cost. Furthermore, even when
used in an offline context both its memory and computational costs grow linearly with the time
horizon t. It can be made online if we restrict ourselves to computing smoothing estimates of
additive functionals Del Moral et al. (2010b). We say that ho. is an additive functional if

t—1

hg;t(.’Bo;t) = Z h5($s, $s+1) , V.’L‘();s S Xt+1 . (1.3.15)
s=0

As we will now see, it is possible to obtain ¢éﬁi€ﬁi1<h0:t+1) from (ZS(J)\:%'I;FBS( hoyt) for such func-

tionals with O(N?) memory cost and operations that can be further reduced with additional
approximations. Note that smoothed expectations of such functionals appear naturally in the
context of parameter learning for HMMs with the EM algorithm; the F-step is in fact a smoothed
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expectation of the joint log likelihood, which is an additive functional. In pairwise marginal
smoothing, any expectation w.r.t. ¢, 1.5 for s € [1 : t] is the expectation of an additive
functional.

Define for all ¢ € Nsg, Ty(x¢, dzoy—1) = szl By, (z¢,dz¢—1). The decomposition (1.3.14) is
alternatively written as @o.;(dzo.t) = ¢i(dwe) Te(2e, dwo—1). We write

Tt [ho:t](x¢) /hOt x0:t) Te (e, dzoe—1) -

For all ¢t € N>1, Ty[ho.] satisfies the following recursion,
T[ho.t)(2e) = /{hO:tfl(x&tfl) + Btfl(mtflal't)} By, (x4, dri—1)Ti—1(24—1,dx0:—2)
= /{Tt—l[hO:t—l](oTt—l) + ilt—l(xt—la JUt)} By, , (x4, dxi—1) .
Consequently, starting from the initial particle approximation,
T [hoa](21) /ho o, 1) BY, (21, do)

_ = Woml'(foam) NGEND)

i=1 Z;V:I whm (§), 1)

we can build recursively the particle approximations of each T[ho.]

N

TN [hoa) () =Y w151, 21) ){TtN_ hoaa)(€1) + hea(€, 2} - (1.3.16)

N
=1 e Wi (&,

The particle approximation ¢(J)Vt|FtFBS(h0;t) is recovered by integrating T} [ho.] w.r.t. ¢1¥. From

(1.3.16) we see that in order to approximate the smoothed expectations online we only need to
evaluate the functionals T} [ho.¢] in the particles £}*. Thus, the forward smoother can run in
parallel of the particle filter. Letting 7 := T} [ho.](£}), this forward version of the FFBS then
boils down to the following recursion

N . ~ . .
= 308050, 5) {my + e (66D ) (1.3.17)
j=1

The per time step cost of this forward version of the FFBS is O(N?) but can be reduced by
approximating the update (1.3.14) by means of additional Monte Carlo simulation Olsson and
Westerborn (2017), yielding an “FFBSi”-like forward-only smoother. It is obtained as follows;

at each step t and for all ¢ € [1 : N], sample (J” Ly-e- Jm 1) py BS (i, -) (or approximately)
and set
1 Y g
= RN (€. (1.3.18)
M k=1

The smoothing approximation is then @%ﬁmls(ho:t) = SN, wiF}. Similarly to the FFBSi, the
indexes can be sampled either by accept-reject, hybrid accept-reject or IMH, thus reducing the
complexity if M is small enough. The key feature of this smoothing estimator is that M does
not necessarily need to be large in order to ensure performances comparable to those of the
forward smoother with (1.3.16). Theoretical results and numerical experiments in Olsson and
Westerborn (2017) illustrate that setting M € {2,3} is enough to produce a stable estimator
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with good performance. Interestingly, the case M = 1 yields an estimator that degenerates but
not in the same way as the vanilla particle smoother (1.3.12). In this case, the support of the
particle approximation qﬁéﬁ’?ms is made of particle trajectories that correspond to what one
would obtain by running the vanilla particle smoother (1.3.12) and selecting ancestor particle
trajectories according to the backward weights. The resulting estimator degenerates eventually

and the PaRIS circumvents this issue by selecting more than one ancestor.

Monte Carlo error

As for static Monte Carlo, assessing the error of SMC estimators is crucial for obtaining confi-
dence intervals and comparing the performance of two different estimators, e.g. in the context
of auxiliary PF Pitt and Shephard (1999). The particles involved in SMC estimates are far from
being i.i.d. which renders the theoretical expression of their asymptotic variances (given by the
CLT) quite convoluted Chopin (2004); Douc et al. (2011a). For the asymptotic variance of the
particle filter, see Section B.4 where we derive its theoretical expression from first principles.
The main challenge is then to estimate the asymptotic variances using only a single run, as
running multiple instances of the PF or particle smoother in parallel may not be feasible due
to computational constraints.

The first breakthrough in estimating the asymptotic variance of the PF was achieved in Chan
and Lai (2013) where a strikingly simple consistent estimator is provided. For the asymptotic
variance of the predictive distribution particle approximation, their estimator reads

VNR) = =NTU Y gy {B(E) — n (A — n ()} (1.3.19)
BwjENZ

where for i € [1: N], E} is time 0 ancestor of & defined formally in (1.3.13). (1.3.19) allows
tracking the asymptotic variance online since E;O can be computed recursively by adding one
line of code to the original particle filter. This estimator was later refined and extended in Lee
and Whiteley (2018); Du and Guyader (2021). Lee and Whiteley (2018) provide a different
derivation and proof of consistency for (1.3.14) using techniques developed in Cérou et al.
(2011); Andrieu et al. (2018a) as well as a novel estimator. Du and Guyader (2021) extend all
the previous work to the adaptive SMC framework Beskos et al. (2016).

Unfortunately, the simplicity of (1.3.19) comes at a cost; as we have mentioned earlier, after
O(N) time steps all the particles end up with the same ancestor at time 0, i.e. E} j = Eg,o for all
(i,7) € [1: N]?, t larger than N, and (1.3.19) collapses to 0. Inspired by the fized-lag smoother
Kitagawa (1993), Olsson and Douc (2019) workaround the degeneracy by only considering the
ancestors up to some time t—\ where A € [0 : ] is known as the lag. Their estimator reads

NA/py . - i j
VIR =N Y L g AE) ¥ YRE) ()} (1320)
BjEN ’
In the regime where (1.3.19) degenerates, (1.3.20) can be made stable provided that the lag A
is chosen carefully such that there is little asymptotic bias.

(Q3) As we have seen, the FFBS solves to a certain extent the degeneracy problem of the vanilla
particle smoother. Is it then possible to derive a FFBS version of (1.3.19)7 Can it be
made online?

(Q4) While there exists an explicit expression of the asymptotic variance for the FFBS Douc
et al. (2014), there is currently no estimator in the literature. Can the techniques devel-
oped in the aforementionned papers be extended to derive consistent asymptotic variance
estimators for the FFBS?

18



Particle Gibbs

Similar to importance sampling, the particle filter enables the definition of an ergodic sampler
that targets ¢g.,¢. This sampler is known as the Particle Gibbs (PG) or conditional particle filter
(CPF) and is the sequential counterpart of iSIR Andrieu et al. (2010). At each step, a promising
trajectory ((o,...,(;) is selected by sampling from the particle smoothing approximation and
then inserted in the pool of particle trajectories at the next iteration. More formally, let k£ € N be
the iteration index and (o.[k] := ((o[k], ..., (t[k]) the trajectory selected at the same iteration.
PG consists in running a modified particle filter where at step s € [1 : ¢] weset €& = (s[k], AL =1,
sample the remaining N — 1 particles from ¢~ ; M, and set ¢ = SN, wéégg. Co:t[k + 1] is then
obtained by sampling from the vanilla particle smoothing approximation ¢[J)\:[t|t (1.3.12) where
by construction &}, = (o.¢[k]. The procedure we have just described defines a Markov chain that
converges geometrically fast to ¢g.;; under standard strong mixing assumptions.

As is the case of particle smoothing, sampling from <Z>é\:f e results in bad mixing since ¢é\:[5| ; has
large variance if s < t. This may be overcome by instead sampling the particle trajectory with
backward sampling Whiteley (2010). The resulting sampler is still geometrically ergodic, is
provably better than the vanilla PG and only requires the number of particles to scale linearly
with the trajectories length t Lee et al. (2020).

(Q5) Similar to iSIR, the PG suffers from significant computational waste as only one trajectory
is kept at each iteration. Is it possible to recycle the successive particle clouds generated at
each step of the PG to generate smoothing estimates with reduced bias, thereby extending
the approach presented in Cardoso et al. (2022) to state space models?

1.3.3 Generative modeling

Generative modeling consists in finding a suitable model of observed data which can then be used
to generate new samples that resemble the original data distribution. The basic underlying idea
is that a dataset YUV := (Y!,... YV) is assumed to be N ii.d. realizations of some unknown
probability distribution my defined on a measurable space (Y,7). As an illustration, a datum
Yi=[Y{,...,Y}] could be images in which case Y may be [0, 1]¢ for simplicity and 7y exhibits
spatial correlation, or Y € Y = R is a time series or natural language text and my may be
in this case Markovian. More generally, the data generating distribution is highly complex and
the current effort in generative modeling lies in designing powerful parametric approximations
qff of my which are easy to sample with possibly tractable density. Here approximation means
that D(g¥, my) is relatively small, where D is some (pseudo-)distance or discrepancy measure
between two probability distributions.

Of course, the design choices for ¢§ are restricted by the fact that it needs to be a valid
probability measure and hence be non-negative and integrate to one; i.e. [y & (dy) = 1. By
now there are many ways for enforcing these two constraints and each design has its own
tradeoffs. We herebelow detail three different design choices. To keep the presentation simple,
we use the standard notations for conditional densities.

Variational auto-encoder

Variational auto-encoders (VAE) Kingma and Welling (2013) model ¢§- through a parameterized
latent variable model (LVM),

A (dy) = [ afx(dyioya(do). (13.21)
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where gy is a probability measure on a measurable space (X,X) and the dimension of the
latent space X need not be the same as that of Y. A possible choice for gy and qf,l y When
Y = R? and X = R’ is gy () = N(x;04,1;) and q€,|X(y|:L‘) = N(y; po(x),14 - 03 (z)) where for
all 0 € O, pp : R® —» R, 62 : R — R? are neural networks. In this case, (1.3.21) may thus be
interpreted as an infinite mixture of Gaussian distributions. VAEs are trained by maximizing

the following lower bound on the log-likelihood coined Evidence LOwer Bound (ELBO) obtained
by introducing a parametric importance distribution V‘)’;'Y and using Jensen’s inequality

N ' N 0 YZ.I 6
2 log v (") :Zl‘)g/ qyf;y('xﬁ%( Dty

i=1

(1.3.22)

1 (V2)d4 (2) Z
> Z/l Y])/(le |Y)Z() VXlY(d:c]Y )= LN (6, ).

In Kingma and Welling (2013), the authors choose y}'}‘y(.]y) to be the density of a multivariate
Gaussian with mean p,(y) and covariance I - ai(y) where p, : R? — R’ and O'?D : R —
R’ are neural networks. The gradient of the lower bound in (1.3.22) can then be estimated
by drawing samples from V}'}‘Y(‘\y) and noting that a sample X ~ V§|Y('|y) can be written
as fp(y) + ou(y)Z ~ y§|y(-]y) where Z ~ N(04,1;), thus allowing the decoupling of the
randomness (Z) from the parameter ().

Choosing a coordinate ascent point of view we see that the optimization of the lower bound
n (1.3.22) involves iteratively minimizing the Kullback-Leibler (KL) divergence between the

importance distribution and the true posterior, and maximizing the expected log-likelihood of
the data given the latent variables,

N

. i 0 i
Opa1 = argmlnz KL(v?(-]Y") || q;‘y(‘\Y ), (1.3.23)
Y =1
N . .
s = argmax Y / log ¢fx (Y [2)v#++1 (da|Y"). (1.3.24)
i=1

This procedure recovers the well known FEzpectation Maximization algorithm Dempster et al.
(1977) if the variational family in which the variational posteriors y}'}‘y(- ly) lie contains {qf,l <(ly) -
y € Y,0 € ©}. For this reason, a subset of recent works have focused on departing from the
vanilla mean-field parameterization of Kingma and Welling (2013) and building more expressive
variational posteriors Rezende and Mohamed (2015); Salimans et al. (2015); Wolf et al. (2016);
Hoffman (2017); Thin et al. (2020); Papamakarios et al. (2021).

Energy based models

Energy based models (EBM) Ackley et al. (1985) draw inspiration from Boltzmann distributions
in statistical physics to introduce

exp(—FEy(y))

(o) = TESIE where 25 = [ exp(—By(y)dy. (1.3.25)
The normalizing constant Zy is also known as the partition function. In terms of flexibility, the
EBM model (1.3.25) is generally more versatile than (1.3.21), as the latter is bottlenecked by
the less flexible parametrization of the variational posterior. However, this increased flexibility

comes with a tradeoff since the normalizing constant Zj is intractable and (1.3.25) is unavailable
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for sampling. This has implications for maximum likelihood training through SGD of the EBM
as we now see.

Consider the gradient of the log-likelihood objective function:
Vef ZlOg @(Y") lop=—— Z VoEo(Y") 9, + Volog Zg g, -
i=1

By utilizing Fisher’s identity, we can express the gradient of the partition function as fol-
lows

J=Voexp (= Eo()) 6,4y — [ VoEy(y)9, exp (— Eg,(y))dy
Jexp(—Eg,(y))dy [ exp(—Eg, (y))

/VeEe ) 6005 (dy) ,

Volog Zy |9, =

where we have used common differentiability assumptions. Hence, the gradient of the partition
function may be estimated by drawing independent approximate samples from q@ (dy) using
MCMC Tieleman (2008); Qiu et al. (2020), IS or SMC Carbone et al. (2023) which do not
require the knowledge of Zp,.

Denoising diffusion probabilistic models

Denoising diffusion probabilistic models (DDPM) or diffusion models Ho et al. (2020); Song
et al. (2021c) rely on a forward noising process which slowly turns the data distribution 7y into
pure noise; i.e. a standard Gaussian. The goal is then to reverse this noising process so that
we can turn noise into samples from the data distribution. The forward noising process is a
Markov chain with transition

Qi1 (T |) = N (@15 (1= Ban) 22y, BiLa)
where {f;}ten C (0,1). The joint distribution of the noising process is then given by

n—1

qO:n(de:n> = 7TY(C.L@O) H CIS—&-l(dws—l—l’xs) y (1326)
s=0

where n € N is some final time step which we assume to be large enough. The marginal
distributions of this joint process qs(dzs) := [ qo.n(dzo.n) have an intuitive interpretation; they
slowly bridge between the initial distribution 7y and the terminal one q,,, which is approximately
a standard Gaussian if n is large enough. The forward process (1.3.26) can be reversed; we can
write that

n—1
s Tsy1|2s)qs(das
qO:n(d$0:n) = qn(dwn) H qg(dxs|xs+1)v where QS(dx5’x5+1) =1 +1( +1‘ )q ( )
s=0 qs-l—l(zs-i—l)

The backward decomposition above suggests that we can turn pure noise into samples from
my if we can approximate the backward kernels. For this purpose the following parameterized
backward process is introduced

n—1

pg:n(dx()ln) = pn(dxn) H pz(dxs‘xs—&-l)? (1.3.27)
s=0
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where for all s € [1: n],

1 1-p
0 o . s 0
ps(xs_l‘ﬂfs) = N (f]fs_l, W {xs — m S( )} /BSIC[> y (1328)
where @ = [[5_1(1 — B¢), {€?}7_, are neural networks and p, := N(04,1;). See Ho et al.
(2020) for more details on this particular parameterization. Denote by pg the time 0 marginal
of (1.3.27). The backward process is learned by minimizing an the KL divergence between qg.y,
and pgm which upperbounds the KL between 7y and pg,

Then, using that under the forward process (1.3.26) X, given X, and Xy is distributed
according to a Gaussian distribution with mean linear in X171 and Xy, see Ho et al. (2020), we
find that

argmin KL(qo:n || PO

—angin [ 5 eSS e a0+ (1= 222 i (LN (e 00 e
—a,) =
(1.3.29)
In short, the score networks {¢/}"_; aim at predicting ¢ from the input ai*zg + (1 — ag)/ 2.

They can also be interpreted as approx1mat10ns to Vlogqgs (up to a constant). To see why this
is the case, note that by Fisher’s identity

Vlogqs(zs) = /Vlogqs|o($s|$0)qws(d$0|$s)»

where g0 (dzs|xo) = fH?;(l) Gr+1(dxpsq|ze) = N(dazs;o_z;ﬂxo, (1 — as)Iy) and qops(dwglzs) o
7y (dzo)gsjo(ws|z0). Hence, using the previous definitions and the fact that

Ty (dzo)qso(dxs|z0) = qs(dzs)qos(dzolzs) ,

E [|le - ed(@ay/?Xo + (1 - as)'/2)|I3]
=B [[|(1 - 65)"/2V log 4.0 (Xs| Xo) + €0(X,) 3]

— E[|40C)I3] +2(1 — 672 [ Tlog gyo(wlao)Tel(w)au(de oy (daolas) + o

—E|[(1- 4?7 oga,(X.) + () )] + €,

where C and Cs are constant independent of #. This insight is also in agreement with the SDE
interpretation of diffusion models Song et al. (2021c). The forward process we have introduced
is simply the discretized version of an Ornstein-Uhlenbeck process initialized at my and the
associated reverse SDE has a drift involving V logqs. The backward process (1.3.27) can thus
be seen as a discretization of the reverse process started at p,.

By now DDPMs have outperformed GANs and VAEs, which were state of the art just two
years ago, and are the backbones of the very recent stable diffusion Rombach et al. (2022)
which produces stunning high resolution images. It is thus interesting to understand the key
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distinctions between a DDPM (Denoising Diffusion Probabilistic Model) and a VAE (Variational
Autoencoder) since both are latent variable models. A VAE learns to transform random noise
into the desired data distribution (1.3.21) in a single step using qg‘  and it attempts to reverse

this process in a single step as well through V§Y which is assumed to be Gaussian and is
known to be suboptimal. On the other hand, DDPMs rely on multiple simple transformations
during the forward process that are comparatively easier to reverse and, for which the Gaussian
approximation (1.3.28) is no longer suboptimal according to the SDE interpretation. As a
result however, it is more expensive to train and sample from a DDPM since n needs to be large
enough for the approximation (1.3.27) to be valid. This divide and conquer approach, which
involves sampling from intermediate distributions which are simple to bridge, has also been
used successfully in the Monte Carlo literature Neal (2001a); Del Moral et al. (2006b).

DDPMs have allowed interesting developments in controlled generation. Assume that we are
interested in sampling from ¢f(dzo) o g§(xo)my (dzo). The potential g§ is interpreted as the
likelihood of some observation y given xy and can be given for example by a Gaussian linear
inverse problem. Denote by ¢¥ the marginals of the forward noising process applied to ¢,
ie.

$U(da) = [ éh(deo)ayo(daleo)

Following the previous developments, if we are able to approximate V log ¢¥ then we can obtain
approximate samples from ¢f using a DDPM. By reversing the forward process and using the
definition of ¢f, we have that

$Y(da.) x au(de.) [ gf(zoans(daola).

and thus Vlog ¢¥(zs) = Vlogqs(zs) + Vlog [ g§(x0)qojs(dzolzs). In Ho et al. (2022); Chung
et al. (2023) it is proposed to approximate the intractable integral [ gg(zo)qo|s(dzolzs) by
98 (E[Xo|Xs]) where by Tweedie’s formula, we have under the forward process that

E[Xo|X,] = {X, + (1 - &)V logq,(X,)} /al/2. (1.3.30)

As a result, we can approximate the conditional score V log ¢¥ if we have score networks {€?17_,
approximating Vlogqs, i.e.

Vlog ¢¥(zs) = —(1 — a,)"2el(ws) + Vlog g8 (X2 () , (1.3.31)

where
X (2s) = {ms = (1= a) 2l ()} /al/

approximates (1.3.30). In practical terms, the significance of this approach lies in its ability to
tackle various controlled generation tasks using the same data distribution my. This is made
possible by relying solely on the score networks {e? 7_, that approximate the data distribu-
tion. To illustrate its importance, consider its application in Computed Tomography (CT) and
Magnetic Resonance Imaging (MRI), where the reconstruction of medical images from partial
measurements is crucial. Traditionally, supervised learning methods for image reconstruction
in CT and MRI heavily depend on paired datasets consisting of both partial measurements and
corresponding complete medical images. However, this approach presents significant drawbacks
as it imposes stringent restrictions and incurs high costs. The requirement of pairing partial
measurements with their corresponding complete images poses a considerable challenge in data
acquisition, preparation, and annotation. The approach we have just described does not bear
such constraints.
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(Q6) Undoubtedly, the approximation (1.3.31) introduces a non-negligible bias and is not guar-

anteed to sample from the targeted posterior. This, in turn, gives rise to safety concerns,
particularly in sensitive applications like medical imaging. There is thus an urgent need
to develop controlled generation methods that have at least asymptotic guarantees. On
the other hand, sampling approximately from ¢f using bridge distributions is the kind of
tasks that are handled best with SMC samplers Del Moral et al. (2006b). How can we
leverage the bridge distributions of DDPM and SMC to devise an asymptotically exact
method for sampling from the posterior of the diffusion model ¢Y(dxo) o g8 (x0)py* (dao)
where 6, is the approximate solution of (1.3.29)7

1.4 Outline and contributions of this thesis.

The content of the present thesis is motivated by the research questions (Q1-2-3-4-5-6) studied
in the following papers which constitute the five remaining chapters of this thesis.

1.

NEO: Non-equilibrium sampling on the orbit of a deterministic transform (Thin et al.,
2021).

Achille Thin, Yazid Janati El Idrissi, Sylvain Le Corff, Charles Ollion, Eric Moulines,
Arnaud Doucet, Alain Durmus, Christian X. Robert.

Advances in Neural Information Processing Systems 35 (NeurIPS) (2021).

. Entropic Mirror Monte Carlo.

Yazid Janati El Idrissi, Alain Durmus, Sylvain Le Corff, Yohan Petetin, Julien Stoehr.
Preliminary work.

. Variance estimation for SMC algorithms: a backward sampling approach (Janati et al.,

2023).
Yazid Janati El Idrissi, Sylvain Le Corff, Yohan Petetin.
To appear in Bernoulli.

. State and parameter learning with the PaRIS particle Gibbs (Cardoso et al., 2023a).

Gabriel Cardoso, Yazid Janati El Idrissi, Sylvain Le Corff, Eric Moulines, Jimmy
Olsson.
International Conference in Machine Learning 40 (ICML) (2023).

. Monte Carlo guided Diffusion for Bayesian linear inverse problems (Cardoso et al., 2023b).

Gabriel Cardoso, Yazid Janati El Idrissi, Sylvain Le Corff, Eric Moulines.
Under review.

While not present in this thesis, I have also co-authored the following paper on variational
inference for jump state space models:

e Structured variational Bayesian inference for Gaussian state-space models with regime

switching (Petetin et al., 2021).
Yohan Petetin, Yazid Janati El Idrissi, Franccois Desbouvries.
IEEFE Signal Processing Letters.

Below, we provide a summary of the contributions made in each chapter. Please note that we
introduce notations in each chapter, although there may be some overlap. These notations are
always defined at the beginning of each chapter.
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Chapter 2 / (Q1) - Non-equilibrium sampling on the orbit of a deterministic trans-
form

Langevin and Hamiltonian-like dynamics have now become widely popular sampling algorithms
due to their ability to efficiently explore high-dimensional spaces and sample from complex
distributions. However, they cannot be used as an importance sampling proposal as their
density cannot be evaluated. They are instead used in adaptive importance sampling schemes
to build proposals well tailored to the target 7 Hoffman et al. (2019); Noé et al. (2019); Gabrié
et al. (2022). The computational cost of learning the proposal can be prohibitive and too slow
for applications where accurate (and potentially unbiased) estimates need to be computed on
the fly.

In this chapter we derive a novel unbiased importance sampling estimator of normalizing con-
stants based on a well chosen deterministic and invertible transform T : R? — R? with iterates
(or orbits) {T%(z)}I,, with x € R%, that define a trajectory that explores the target distribu-
tion m. Our estimator combines these orbits initialized at some (not necessarily well adapted
to m) initial proposal p and weights them in a principled way so that the overall estimator is
unbiased.

Define pr = K~ YK | Tf#p where Tiép(a;) = p(T74(x))|Jp—e(x)|. Our IS estimator is based on
the following identity valid for any A € B(R?)

K s ¢ x
[ tateimian) = 3 [ 1A @) oo,

and which straightforwardly defines an unbiased estimator by drawing M i.i.d. samples from
p. If the trajectories of the transform are informed with the target m, e.g. through Vlogm,
then this estimator may improve over the vanilla IS estimator with p as proposal since 7 is
evaluated at the orbits. In fact, it is possible to define such a transform by taking inspiration
from Hamiltonian Monte Carlo Neal et al. (2011). We examine the non-asymptotic properties
of NEO-IS and its SNIS counterpart. Additionally, we leverage this estimator to develop a new
geometrically ergodic MCMC sampler akin to iSIR, which can be directly compared to HMC.
Through numerical experiments, we demonstrate that both NEO-IS and NEO-MCMC exhibit
competitive performance when compared to several other well-known methods.

Chapter 3 / (Q2) - Entropic Mirror Monte Carlo

We continue our study of importance sampling by focusing in this chapter on building adaptive
importance sampling methdods with improved exploration of the state space. Our AIS scheme
is based on the iterates of the following mapping

A w(x)® 1—A w(x)®
Fem(; Ay Krye)(da) = G ( )8 p(dz) + oG ( )5 pK(dz),
J 5 p(dy) () J e K (dy) #(2)

where K is a Markov transition kernel, pKr(dz) = [u(dz)Kx(z,dx) and A\, € [0,1]. Its
iterates are defined recursively by

pt1(de) = Fem(pe; e, Krye),  where A € [0,1]. (1.4.1)

If Ay =1 for all t € N we recover the updates obtained by minimizing u — KL(7 || ) with
entropic mirror descent Beck and Teboulle (2003); Dai et al. (2016); Korba and Portier (2022).
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To see why (1.4.1) can be of interest, consider its particle approximation obtained by drawing
N i.i.d. samples from p; (which we assume to be feasible for now),

N N
pg (dz) = N wagéxi (dx) 4+ (1 — A\p) Z wydyi(dx) , (1.4.2)
i=1 i=1
where
i W(Xi)a / 3 m(X7)° 1:N iid
wy . S here X5 ~ g, 1.4.3
bou(XT) le (X9 " (143)
j W(Yi)e / Y W(Yj)s 1:N 1 N
V= . —_ here Y™ ~ K (X", )®...0 K (X",-). 144
wy (Y1) ; 1 (Y9)e w ( ) ( ) ( )

The weight (X %) /ut(X?)® (1.4.3) is regularized and has less variance than the classical impor-
tance weight (Korba and Portier, 2022). The second normalized weight (1.4.4) is non-standard
in the sense that p; in the denominator is evaluated in samples Y from p; K, and not p;. If K
is informed with the target 7 then the samples from p:K, that are in the regions of the space
where 7 is likely and i is inadequate will have a larger weight. Thus, the second component of
the mixture allows a greedy approach for exploring the target 7 if the involved Markov kernel
K can make global moves.

The contributions of this chapter are the following. We start by showing that the introduced
sequence is principled. In particular, we show that if the sequence (\;):cn is chosen appropriately
and the transition kernel K is m-invariant, i.e. 7K, = m, then the sequence (u)ien enjoys
a geometric convergence to m in backward KL divergence. If K is the unadjusted Langevin
kernel, which is not m-invariant, we provide quantitative bounds in total variation distance
under appropriate assumptions on .

These results suggest that we may be able to build a suitable importance proposal for © by
considering the scheme

g, = argmin Ry (F (uo,_,) | 1), (1.4.5)
neFe

where R, is some criterion and Fo is a parametric family of densities. We then introduce a
novel criterion coined skew Rényi projection which guarantees that when Ry (F(ug, ,) || e.) is
sufficiently small for all s € [1 : T] (where T" is the number of iterations), KL(7 || ug,) is also
small. To the best of our knowledge, this is not guaranteed if R is the KL divergence. Finally,
we devise a practical algorithm for solving (1.4.5) approximately by leveraging the particle
approximations (1.4.2).

We provide preliminary numerical results. We demonstrate on highly challenging experiments
that the final parametric approximation is close to what one would obtain by learning directly
m via maximum likelihood. We also provide encouraging normalizing constants estimates ob-
tained with our proposal using a moderate sample size relative to the dimension of the ambient
space.

Chapter 4 / (Q3-4) - Variance estimation for SMC algorithms: a backward sampling
approach.

The first contribution of this chapter is to propose a parameter free estimator of the asymptotic
variance of the particle filter with multinomial resampling that trades computational cost for
stability and reduced variance. The construction of our estimator starts from the observation
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that the degeneracy of the current estimators Chan and Lai (2013); Lee and Whiteley (2018); Du
and Guyader (2021) is similar to that of the vanilla particle smoother (1.3.12) and Particle Gibbs.
In both cases, a backward sampling step which aims at diversifying the particle trajectories has
shown to be a reliable workaround that decreases the (theoretical) variance of the estimators at
the expense of higher computational cost. We thus aim at introducing such a mechanism in the
estimation of the asymptotic variance. The construction of our estimator relies on the analysis
conducted in Lee and Whiteley (2018) in which it is shown that the estimator of Chan and Lai
(2013) can be interpreted as a conditional expectation with respect to the indices that retrace the
genealogy of the particles, given all the particles and ancestors. We show that this construction
still holds when the distribution of the indices relies on the backward importance weights. The
resulting estimator is computed by averaging auxiliary statistics that are very similar to those
of the forward implementation of the FFBS for additive functionals Del Moral et al. (2010c);
Dubarry and Le Corff (2013) and can be thus updated online. The time complexity per update of
our estimator is of order O(N3). Driven by the efficient implementation of the FFBS for additive
functionals developed in Olsson and Westerborn (2017), we show that the computational cost
of our estimator can be reduced from O(N3) to O(N?) by means of additional Monte Carlo
simulation while remaining as competitive in terms of bias and variance.

We next focus on the FFBS algorithm for the estimation of smoothed functionals (1.3.15).
Despite the fact that a CLT has been obtained for estimators based on the FFBS Douc et al.
(2011a), no variance estimator has been proposed in the literature. We show that our previous
construction enables us to fill this gap and we thus provide a consistent estimator in the case
of additive functionals. Again, this estimator can be computed online and in the particular
case of marginal smoothing its computational cost can be drastically reduced. We validate our
results with numerical experiments. Notably, we show empirically that our novel estimator for
the filter has a favourable dependence on the time horizon ¢ in comparison with the existing
estimators.

Chapter 5 / (Q5) - State and parameter learning with the PaRIS particle Gibbs.

In this chapter, we consider the problem of parameter learning with stochastic gradient algo-
rithms. We set the focus on learning the parameter of a function whose gradient is the smoothed
expectation of an additive functional (1.3.15).

In this specific context, where a smoothing estimator is employed repeatedly to produce gradient
estimates, controlling the bias and the MSE of the estimator becomes critical, see Karimi et al.
(2019). This learning problem is usually tackled using either the Particle Gibbs Lindholm and
Lindsten (2018), or classical smoothing algorithms such as the FFBSi or the PaRIS Olsson and
Westerborn (2017). While the former has exponentially decreasing bias (w.r.t the number of
iterates) under standard assumptions, it usually results in high variance and a non-negligible
waste of the particle cloud generated. The latter is biased, since it is self-normalised but results
in smaller variance than the particle Gibbs. Recently, zero bias estimators Jacob et al. (2020);
Lee et al. (2020) have been proposed based on the coupling of the particle Gibbs that could be
used in this framework, but they suffer from having a random computational complexity and
high variance.

We propose a new algorithm combining the PaRIS and the PG algorithms. The conditional
particle cloud resulting from the PG is now used not only to generate the next conditioning
trajectory as in the usual PG but it is also used to generate a smoothing estimate, reducing
waste of computational work.

This leads to a batch mode PaRIS particle Gibbs (PPG) sampler, which we furnish with an
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upper bound on the bias that decreases inversely proportional to the number N of particles
and exponentially fast with the particle Gibbs iteration index (under the assumption that the
particle Gibbs sampler is uniformly ergodic), while keeping the MSE comparable to that of
the underlying backward smoother. Furthermore, in the context of score ascent with the PPG
we provide a non-asymptotic bound for the expectation of the squared gradient in terms of
bias and MSE of the PPG. This bound establishes an O(log(n)/+/n) convergence of the learning
procedure.

Chapter 6 / (Q6) - Monte Carlo guided Diffusion for Bayesian linear inverse prob-
lems.

In this chapter we consider the problem of sampling from the posterior of a diffusion model
given by
¢4 (dxo) o gf(z0)p (dw) . (1.4.6)

where pd* is the time 0 marginal of (1.3.27) and 6, is the approximate solution of (1.3.29). We
focus on potentials g§ that are given by a linear Gaussian inverse problem

Y =AX +0Z, where AeRW % Z~N(04,1), o>0.

Current methods Song et al. (2021a); Kawar et al. (2022); Lugmayr et al. (2022); Chung et al.
(2023) aiming to sample from (1.4.6), including those that rely on approximations of the condi-
tional score (1.3.31), introduce an irreducible bias rendering them unreliable for critical appli-
cations such as medical imaging. Our goal in this chapter is to devise a sequential Monte Carlo
sampler that returns a consistent particle approximation of (1.4.6), ensuring that asymptotically
we sample from the target posterior. For this purpose we introduce a sequence of distributions
{g¥}i, given by

s=1

oY (das) o g¥(xs)p?" (dws) ,

and with potentials {g¥}7_, chosen so as to ensure that the discrepancy between ¢¥ and ¢¥,
is small for all s € [0 : n — 1]. Our first contribution is a specific choice of potential in the case
where the inverse problem is “noiseless”, i.e. ¢ = 0, that is simple to compute. We then show
that more generally, a “noisy” Gaussian linear inverse problem with ¢ > 0 can be seen as a
noiseless inverse problem on the extended states with prior pgfn. In both cases we devise a SMC
sampler that targets the posterior and we furnish it with a non-asymptotic bound on the KL
divergence between the target posterior and the expected particle approximation.

To evaluate the performance of our algorithms, we perform numerical simulations on several
examples (in high-dimension) for which the target posterior distribution is known. Simulation
results support our theoretical results, i.e. the empirical distribution of samples from our
algorithms converge to the target posterior distributions. This is not the case for the competing
methods (using the same denoising diffusion generative priors) which are shown, when run with
random initialization of the denoising diffusion, to generate a significant number of samples
outside the support of the target posterior.
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Chapter 2

NEO: Non-equilibrium sampling on
the orbit of a deterministic
transform

2.1 Introduction

Consider a target distribution of the form 7(x) o p(x)L(z) where p is a probability density
function (pdf) on R? and L is a nonnegative function. Typically, in a Bayesian setting, 7 is a
posterior distribution associated with a prior distribution p and a likelihood function L. Another
situation of interest is generative modeling where 7 is the distribution implicitly defined by a
Generative Adversarial Networks (GAN) discriminator-generator pair where p is the distribution
of the generator and L is derived from the discriminator Turner et al. (2019); Che et al. (2020).
In a Variational Auto Encoder (VAE) context Kingma and Welling (2014); Burda et al. (2016),
7 could be the true posterior distribution, p the approximate posterior distribution output by
the encoder and L an importance weight between the true posterior and approximate posterior
distributions. We are interested in this chapter in sampling from 7 and approximating its
intractable normalizing constant Z = [ p(z)L(z)dz. These problems arise in many applications
in statistics, molecular dynamics or machine learning, and remain challenging.

Many approaches to compute normalizing constants are based on Importance Sampling (IS)
- see Agapiou et al. (2017); Akyildiz and Miguez (2021) and the references therein - and its
variations, among others, Annealed Importance Sampling (AIS) Neal (2001b); Wu et al. (2016);
Ding and Freedman (2019) and Sequential Monte Carlo (SMC) Del Moral et al. (2006b). More
recently, Neural IS has also become very popular in machine learning; see e.g. El Moselhy and
Marzouk (2012); Miiller et al. (2019b); Papamakarios et al. (2019); Prangle (2019); Wirnsberger
et al. (2020); Wu et al. (2020). Neural IS is an adaptive IS which relies on an importance
function obtained by applying a normalizing flow to a reference distribution. The parameters
of this normalizing flow are chosen by minimizing a divergence between the proposal and the
target (such as the Kullback-Leibler Miiller et al. (2019b) or the x2-divergence Agapiou et al.
(2017)). Recent work on the subject proposes to add stochastic moves in order to enhance the
performance of the normalizing flows Wu et al. (2020).

More recently, the Non-Equilibrium IS (NEIS) method has been introduced by Rotskoff and
Vanden-Eijnden (2019) as an alternative to these approaches. Similar to Neural IS, NEIS con-
sists in transporting samples { X* fil from a reference distribution using a family of determinis-
tic mappings. For NEIS, this family is chosen to be an homogeneous differential flow (¢;)¢cr. In
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contrast to Neural IS, for any i € [N], the sample X° is propagated both forward and backward
in time along the orbits associated with (¢;):cr until stopping conditions are met. Moreover,
the resulting estimator of the normalizing constant is obtained by computing weighted averages
of the whole orbit (¢¢(X i))te[T i) Where T4 ;, T ; are the resulting stopping times, and not
only the endpoints ¢-, ,(X"),¢,_,(X*). In Rotskoff and Vanden-Eijnden (2019), the authors
provide an application of NEIS with (¢;);cr associated with a conformal Hamiltonian dynamics,
and reports impressive numerical results on difficult normalizing constants estimation problems,
in particular for high-dimensional multimodal distributions.

We propose in this work NEO-IS which alleviates the shortcomings of NEIS. Similar to NEIS,
samples are drawn from a reference distribution, typically set to p, and are propagated under the
forward and backward orbits of a discrete-time dynamical system associated with an invertible
transform T. An estimator of the normalizing constant is obtained by reweighting all the points
on the whole orbits using the IS rule. Contrary to NEIS, the NEO-IS estimator of Z is unbiased
under assumptions that are mild and easy to verify. It is more flexible than NEIS because it
does not rely on the accuracy of the discretization of a continuous-time dynamical system.

We then show how it is possible to leverage the unbiased estimator of Z defined by NEO-IS
to obtain NEO-MCMC, a novel massively parallel MCMC algorithm to sample from 7. In a
nutshell, NEO-MCMUC relies on parallel walkers which each estimates the normalizing constant
but are allowed to interact through a resampling mechanism.

Our contributions can be summarized as follows.

(i) We present a novel class of IS estimators of the normalizing constant Z referred to as
NEO-IS. More broadly, a small modification of this algorithm also allows us to estimate
integrals with respect to m. Both finite sample and asymptotic guarantees are provided
for these two methodologies.

(ii) We develop a new massively parallel MCMC method, NEO-MCMC. NEO-MCMC com-
bines NEO-IS unbiased estimator of the normalizing constant with iterated sampling-
importance resampling methods. We prove that it is w-reversible and ergodic under very
general conditions. We derive also conditions which imply that NEO-MCMC is uniformly
geometrically ergodic (with an explicit expression of the mixing time).

(iii) We illustrate our findings using numerical benchmarks which show that both NEO-IS and
NEO-MCMC outperform state-of-the-art (SOTA) methods in difficult settings.

2.2 NEO-IS algorithm

In this section, we derive the NEO-IS algorithm. The two key ingredients for this algorithm are
(1) the reference distribution p and (2) a transformation T assumed to be a C!-diffeomorphism
with inverse T~!. Write, for & € N* = N\ {0}, T = ToT* !, T = Id; and similarly
T % =T loT 1, For any k € Z, denote by pi : RY — R, the pushforward of p by T*,
defined for z € R? by pp(z) = p(T~*(x))Ip-r(x), where Jg(z) € R is the absolute value of
the Jacobian determinant of ® : R? — R? evaluated at z. In line with multiple importance
sampling d la Owen and Zhou Owen and Zhou (2000), we introduce the proposal density

pr(z) =Q7! Zkez wpr(T), (2.2.1)

where {wy}rez is a nonnegative sequence and Q = >, ., wy. Note that we assume in the
sequel that the support of the weight sequence defined as {k € Z : wy # 0} is finite. Thus, the
mixture distribution in (2.2.1) is a finite mixture. Given z € R? pp(x) is a function of the
forward and backward orbit of T through x.
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For any nonnegative function f, the definition of p1 implies that

[ tweray =07t [ mf (T4 @)p(a)da

kEZ

Assuming that wp > 0, the ratio p(z)/pr(z) < @y 'Q < oo is bounded. We can therefore apply
the IS principle which allows to write the identity

[ s@o@as = [ (1022 iy = [ 3 (0 @u@pade,| (@222

pr(y) =

where the weights are given by (see Section A.1.2 for a detailed derivation),

wi(z) = wip(TH (@) {Qpr (T (@)} = @rpi(a) /Y, wrvipi(a) - (2.2.3)

We assume in the sequel that g > 0. In particular, note that under this condition, the weights
wy, are also upper bounded uniformly in z: for any = € R, wy(x) < wy/wo. Equations (2.2.2)
and (2.2.3) suggest to estimate the integral [ f(z)p(z)dx by

INEO -1 Z Z wk Xz XZ))

i=1k€eZ

where { X}, are i.i.d. samples from the proposal p, which is denoted by XV i p.

Algorithm 1 NEO-IS Sampler

1. Sample XN & pfor i € [N].

2. For i € [N], compute the path (T (X’A))jezland weights (w;(X?));ez.
8. INTR(f) = N1 Yher wie(X7) f(TH(XY)).

This estimator is obtained by a weighted combination of the elements of the independent forward

and backward orbits {T*(X?)}rez with X1V " p. This estimator is referred to as NEO-IS.
Choosing f = L provides the NEO-IS estimator of the normalizing constant of :

ZZ = Y her LTH( X wp(XT), ZTn =N'2N, 27, (2.2.4)

We now study the performance of the NEO-IS estimator. The following two quantities play a
fundamental role in the analysis:

BF = Exp[(Sher we(X)L(TH(X))/2)*], MF = sup,epa Sper wi(@)L(TH(2))/Z . (2.2.5)

Theorem 2.2.1. ZA;?I:N is an unbiased estimator of Z. If EF < oo, then, E[]ZA;?I:N/Z —1/?]
N-YEZ —1). If M¥ < oo, then, for any § € (0,1), with probability 1, \/N’ZA;LN/Z ‘
ME g @02,

The proof is postponed to Section A.1.3. EF plays the role of the second-order moment of the
importance weights Ex~,[L?(X)] which is key to the performance of IS algorithms Agapiou
et al. (2017); Akyildiz and Miguez (2021). In addition, since the NEO-IS estimator Z% N
unbiased, the Cauchy—Schwarz inequality implies that Ex,[( > ;cz wk(X)L(Tk(X)))Z] > 22

and hence that EF > 1. Note that if ||L||cc = sup,cgra L(z) < 0o, then since the weights are
uniformly bounded by Quw, !, we have MF < ||L||oQwy /2.
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Using the NEO-IS estimate ZA)%: ~ of the normalizing constant, we can construct a self-normalized
IS estimate of [ f(z)m(x)dz:
N zg L(T*(X?))wy,(X?)
JNEO -1 Z Z - k

w ()
le N keZ Z5i

f(TF(XY), (2.2.6)

referred to as NEO-SNIS estimator. This expression may seem unnecessarily complicated but
highlights the hierarchical structure of the estimator. We combine estimators

(Z5)7" 3 L(TH(X))wi (X7 f(THXT))
keZ

evaluated on the forward and backward orbits through the points {X}N | using the normalized
weights {ZXZ/ 2w}l Although the NEO-IS estimator is unblased, the NEO-SNIS is in
general biased. However, for bounded functions, both the bias and the variance of the NEO-
SNIS estimator are O(N 1), with constants proportional to EZ. For g a m-integrable function,
we set w(g) = [ g(z)m(x)dx

Theorem 2.2.2. Assume that EY < co. Then, for any function g satisfying sup,cga |g(z)| < 1
onR%, and N € N

E i) (V2R (9) = (9)"] <4 NTUEF, (2.2.7)
B, [25900) ~ n(9)] | <2 N1 2238)

If MF < oo, then for ¢ € (0, 1], with probability at least 1 — 4,
VNIIZER (9) = 7(9)] < llgllooMF |/3210g(4/5) . (2.2.9)

The proof is postponed to Section A.1.4. These results extend to NEO-SNIS estimators the
results known for self-normalized IS estimators; see e.g., Agapiou et al. (2017); Akyildiz and
Miguez (2021) and the references therein. The upper bounds stated in this result suggest it is
good practice to keep EF /N small in order to obtain sensible approximations.

Lemma 2.2.3. For any nonnegative sequence (wy)kez, we have EF < exp (Ra(m || pr)).

The proof is postponed to Section A.1.5. Lemma 2.2.3 suggests that accurate sampling requires
N to scale linearly with the exponential of the 2-Rényi divergence between the target m and the
extended proposal pr.

Remark 2.2.4. We can extend NEO to non homogeneous flows, replacing the family {Tk: ke
Z} with a collection of mappings {Tx: k € Z}. This would allow us to consider further flexible
classes of transformations such as normalizing flows; see e.g. Papamakarios et al. (2019). The
2-Rényi divergence provides a matural criterion for learning the transformation. We leave this
extension to future work.

Conformal Hamiltonian transform The efficiency of NEO relies heavily on the choice of
T. Intuitively, a sensible choice of T requires that (i) ET is small, i.e. pr should be close
to 7 by Lemma 2.2.3 (see (2.2.5)), (ii) the inverse T~! and the Jacobian of T are easy to
compute. Following Rotskoff and Vanden-Eijnden (2019), we use for T a discretization of a
conformal Hamiltonian dynamics. Assume that U(-) = —logn(+) is continuously differentiable.
We consider the augmented distribution 7#(q,p) o exp{—U(q) — K(p)} on R?? where g is the
position, p is the momentum, and K(p) = p? M~!p/2 is the kinetic energy, with M a positive
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definite mass matrix. By construction, the marginal distribution of the momentum under 7 is
the target pdf m(q) = [ 7(q,p)dp. The conformal Hamiltonian ODE associated with 7 is defined
by

dgi/dt = VpH (qi,pt) = M~ 'py (2.2.10)
dpi/dt = =V H (qs,pt) — vpe = —VU(qt) — vps ,

where H(q,p) = U(q) + K(p), and v > 0 is a damping constant. Any solution (g, pt)i>0 of
(2.2.10) satisfies setting H; = H(qs,p;), dHy/dt = —ypf M~1p; < 0. Hence, all orbits converge
to fixed points that satisfy VU (q) = 0 and p = 0; see e.g. Franca et al. (2020); Maddison et al.
(2018).

Figure 2.1: Left: EEE[;(] (K) —1 vs ES(K) — 1 (red) in logyy-scale as a function of the length
of trajectories K (the lower the better). Second left to right: Four examples of orbits with the
same random seed for different values of vy (from left to right, v =0.1,1,2).

In the applications below, we consider the conformal version of the symplectic Euler (SE) method
of (2.2.10), see Franca et al. (2020). This integrator can be constructed as a splitting of the two
conformal and conservative parts of the system (2.2.10). When composing a dissipative with a
symplectic operator, we set for all (¢, p) € R, Ty,(¢q,p) = (¢+hM~He ™ Mp—hVU(q)},e "p—
hVU(q)), where h > 0 is a discretization stepsize. This transformation can be connected with
classical momentum optimization schemes, see (Franca et al., 2020, Section 4). By (Franca
et al., 2020, Section 3), for any h > 0 T}, is a C!-diffeomorphism on R?? with Jacobian given by
Jr,(q,p) = e~ 7"d_ In addition, its inverse is T;l(q,p) = (q—hM~p, " {p+hVU (¢g—hM~'p)}).
Therefore, the weight (2.2.3) of the NEO estimator is given by

@.p(Th (g, p))e

ez @rrip(T;7 (g, p))erind

where 5(q,p) o p(q)e” K@), Figure 2.1 displays for different values of  on a log-scale the bound

E%?ZK] — 1 appearing in Theorem 2.2.1 as a function of K, here we use the sequence of weights
(@r)kez = (Lj0:x1(k))kez (i-e. only the K + 1 first elements of the forward orbits are used and
are equally weighted). For comparison, we also present on the same plot the bounds achieved by
averaging K + 1 independent IS estimates, E™5(K) — 1 = (K + 1) 'Ex.,[L(X)?]. Interestingly,
Figure 2.1 shows that there is a trade-off in the choice of 4 which controls the exploration of
the state space by the Hamiltonian dynamics since the higher «y, the faster the orbits converge
towards the modes. This fast convergence prevents a “good” exploration of the space; e.g.
Ei[::m is smaller for v = 1.0 than for v = 2.0 when K > 7. the evolution of Eim shows that
the use of the forward orbit of a conformal Hamiltonian with an appropriately chosen damping
factor outperforms the IS estimator. The associated trajectories are plotted for different values
of 7 (the higher ~, the faster the orbits converge towards the modes).
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2.3 NEO-MCMC algorithm

We now derive an MCMC method to sample from 7 based on the NEO-IS estimator. A natural
idea consists in adapting the Sampling Importance Resampling procedure (SIR) (see for example
Rubin (1987); Skare et al. (2003)) to the NEO framework.

Algorithm 2 NEO-MCMC Sampler
At step n € N*, given the conditioning orbit point Y,,_1.
Step 1: Update the conditioning point
1. Set X! =Y, 1 and for any i € {2,..., N}, sample X}, Y p-

~

2. Sample the orbit index I,, with probability proportional to (Z)%-L )ie[n]s (2-2.4).
3. Set V;, = X[,

Step 2: Output a sample
4. Sample index K, with probability proportional to {wy(Y;)L(T*(Y,))/ ZAQL};CGZ
5. Output U, = TE(Y},).

The SIR method to sample Jgg\? (see (2.2.6)) consists of 4 steps.

- raw independently X % pan compute the associated forward and backward orbits
SIR-1) Draw ind d le'Nudp d h d f d and backward orb
{T*(X%)}rez of the point. R

(SIR-2) Compute the normalizing constants associated with each orbit {ZZ,}¥,.

(SIR-3) Sample an orbit index IV € [N] with probability {Z%,/ Z;-V:l ZA)% W

(SIR-4) Draw the iteration index K on the I’V-th orbit with probability

(LR X)) (X)) 225 ez

The resulting draw is denoted by UV = TX N (X1 N). By construction, for any bounded func-
tion f, we get that E [f(UN)]XLN,IN} = {223} Shen we(Xn)L(TH(X ) which im-
plies E {f(UN)‘Xl:N} = Jgg\(f)(f) (see (2.2.6)). Using Theorem 2.2.2, we therefore obtain

IE[f(UN)] — [ f(2)n(2)dz| < 10Y2||f|lo EEN"!, showing that the law of the random variable
pun = Law(U) converges in total variation to 7 as N — oo,

ln — v = sup v (F) - ©(f)| <10Y2EFN!. (2:3.1)

Based on Andrieu et al. (2010), we now derive the NEO-MCMC procedure, which in a nutshell
consists in iterating the SIR procedure while keeping a conditioning point (or equivalently,
orbit); see Section A.3. The convergence of NEO-MCMC does not rely on letting N — oco: the
NEO-MCMC works as soon as N > 2, although as we will see below the mixing time decreases
as NN increases.

This procedure is summarized in Algorithm 2. The NEO-MCMC procedure is an iterated

algorithm which produces a sequence {(Y;,,Up,)}nen of points in R, The n-th iteration of

the NEO-MCMC algorithm consists in two main steps: 1) updating the conditioning point

Y,-1 — Y, 2) sampling U, by selecting a point in the orbit {Tk(Yn)}keZ of the conditioning

point. Compared to SIR, only the generation of the points (step (SIR-1)) is modified: we set
iid

X} =7V, _; (the conditioning point), and then draw X2V X p.

The sequence {Y}, }en defined by Algorithm 2 is a Markov chain:
P(Y, € A|Yom-1) =P (Y, € A|Y,—1) = P(Y,,A),
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where

N
A) = /5y(d:r1) 1_[2 p(x?)dz’ Z Zw 1a(z?), yeRY AcBRY. (2.3.2)
= -

Note that this Markov kernel describes the way, at stage n + 1, the conditioning point Y41 is
selected given Y,,, which depends only on the estimator of the normalizing constants associated
with each orbit, but not on the sample U, selected on the conditioning orbit. In addition, given
the conditioning point Y;, at the n-th iteration, the conditional distribution of the output sample
Uy is P (Up € B| I, X¥N) = P(U, € B|Y,,) = Q(Y,,B) where

Qy,B)=>" ng(ﬂ(y)) , yeRY BeB(RY). (2.3.3)
kEZ Y

With these notations, if the Markov chain is started at Yy = y, then for any n € N, the law of
the n-th conditioning point is P (Y, € A|Yy = y) = P"(y,A) and the law of the n-th sample is
P (U, € B|Yy) = P"Q(y,B). Define 7 the pdf given for y € R% by

w0 = 22 S urh ) = 292 (2.3.4)

kEZ Z

The following theorem shows that, for any initial condition y € R? the distribution of the
variable Y, converges in total variation to 7 and that the distribution of U, converges to
.

Theorem 2.3.1. The Markov kernel P is reversible w.r.t. the distribution 7, ergodic and Har-
ris positive, i.e., for all y € RY, lim, o0 |P™(y,") — #llTv = 0. In addition, 7 = #Q and
limy, o0 || P"Q(y, - ) — 7|lrv = 0. Moreover, for any bounded function g and any y € RY,
limy, oo n~ 70 g(Ui) = 7(g), P-almost surely, where {U; }ien is defined in Algorithm 2 with
Yo=y.

The proof is postponed to Section A.1.6.

Remark 2.3.2. We may provide another sampling procedure of {Y}, },en. Define the pdf on the
extended space [N] x RN by (i, z1V) = N~17(a?) ]_[;V 1,ji P(@7). Consider a Gibbs sampler
targeting 7 consisting in (a) samphng Xy 1}|( In-1,Xpn-1) ~ [z, , p(27), (b) sampling
L XEN ~ Cat({Z%, / Z Zw N and (c) set Y,, = X}, This algorithm is a Gibbs sampler
on 7 and we easily \T/Lerify that the distribution of {Y;, }en is the same as Algorithm 2.

The next theorem provides non asymptotic quantitative bounds on the convergence in total
variation. The main interest of NEO-MCMC algorithm is motivated empirically from observed
behaviour: the mixing time of the corresponding Markov chain improves as N increases. This
behaviour is quantified theoretically in the next theorem. Moreover, this improvement is ob-
tained with little extra computational overhead, since sampling N points from the proposal
distribution p, computing the forward and backward orbits of the points and evaluating the
normalizing constants {ZAwl N | can be performed in parallel.

Theorem 2.3.3. Assume that M < oo, see (2.2.5). Set ey = (N —1)/(2MF + N —2) and
ky = 1—en. Then, for anyy € R? and k € N, |P*(y, ) — 7 ||ltv < &% and |P*Q(y, ) — 7||tv <
ik

Instead of sampling the new points X*" independently from p (Step 1 in Algorithm 2), it is
possible to draw the proposals X!V conditional to the current point Y, _1; see So (2006); Craiu
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and Lemieux (2007); Shestopaloff et al. (2018); Ruiz et al. (2021) for related works. Following
Ruiz et al. (2021), we use a reversible Markov kernel w.r.t. the proposal p, i.e., such that
p(x)m(x,z’) = p(z')m(a’, z), assuming for simplicity that this kernel has density m(z, z’). pr =
N(0,0214) , an appropriate choice is an autoregressive kernel m(z,z") = N(z'; azx, 0%(1 — a?)1y).
More generally, we can use a Metropolis—Hastings kernel with invariant distribution p. In this
case, ri(z!, 2N\ = HéVZQ m(z7~1, 27) and for each i € [2: N],

N

i—1
ri(at, M) = H m(xi Tt 27) H I (2.3.5)
Jj=1 J=i+l

Since m is reversible w.r.t. p, for all i,5 € [N], p(z?)r(z?, "N\ = p(ad)r; (27, 22N\
where r;(z%; 2"N\#) defines the the conditional distribution of X N\{} given X? = 2%, The
only modification in Algorithm 2 is Step 1, which is replaced by: Draw U, € [N] uniformly, set
Xg » =Y, 1 and sample X, LN\{Un} ~ Ty, (Xg . -). The validity of this procedure is established
in Section A.1.6.

2.4 Continuous-time version of NEO and NEIS

The NEO framework can be thought of as an extension of NEIS introduced in Rotskoff and
Vanden-Eijnden (2019). NEIS focuses on normalizing constant estimation and should be there-
fore compared with NEO-IS. In Rotskoff and Vanden-Eijnden (2019), the authors do not consider
possible extensions of these ideas to sampling problems. We consider here how NEO could be
adapted to continuous-time dynamical system. Proofs of the statements and detailed technical
conditions are postponed to Section A.2.

Consider the Ordinary Differential Equation (ODE) i; = b(x;) , where b: R? — R? is a smooth
vector field. Denote by (¢):cr the flow of this ODE (assumed to be well-behaved). Under appro-
priate regularity condition Jy, (z) = exp(fy V - b(¢s(x))ds); see Lemma A.2.2. Let w : R — Ry

be a nonnegative smooth function with finite support, with Q¢ = [*°_w(t)d¢t. The continuous-
time counterpart of the proposal distribution (2.2.1) is p$(x) = ()~ %2 @(t)p(p—t(2))T s, (2)dt,
which is a continuous mixture of the pushforward of the proposal p by the flow of (¢s)scr. As-
suming for simplicity that p(z) > 0 for all z € R?, then p%(x) > 0 for all x € R?, and using
again the IS formula, for any nonnegative function f,

[ st = [ ) E piaas = | { " wi@r@enal s, @4

wil(z) = w(t)p(6n(2) g, (x / )/ [ s+ 0p(0u() 3, ) (24.2)

These relations are the continuous-time counterparts of (2.2.2). Eqgs. (2.4.1)-(2.4.2) define a
version of NEIS Rotskoff and Vanden-Eijnden (2019), with a finite support weight function
w; see Sections A.2.2 and A.2.3 for weight functions with infinite support. This identity is
of theoretical interest but must be discretized to obtain a computationally tractable estima-
tor. For h > 0, denote by T} an integrator with stepsize h > 0 of the ODE & = b(x).
We may construct NEO-IS and NEO-SNIS estimators based on the transform T <« T and
weights @y, + w(kh). We might show that for any bounded function f and for any z € R,
limpo Y ez wi(2) f(TH () = [, w§(z) f(¢r(z))dt, where we omitted here the dependency in h
of wy,. Therefore, taking h | 07, the NEO-IS converges to the continuous-version (2.4.1)-(2.4.2).
There is however an important difference between NEO and the NEIS method in Rotskoff and
Vanden-Eijnden (2019) which stems from the way (2.4.1)-(2.4.2) are discretized. Compared to
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NEIS, NEO-IS using T < T}, and weights wy < w(kh) is unbiased for any stepsize h > 0.
NEIS uses an approach inspired by the nested-sampling approach, which amounts to discretiz-
ing the integral in (2.4.1) also in the state-variable x; see Skilling (2006); Chopin and Robert
(2010). This discretization is biased which prevents the use of this approach to develop MCMC
sampling algorithm; see Section A.2.

2.5 Experiments and Applications

Normalizing constant estimation The performance of NEO-IS is assessed on different
normalizing constant estimation benchmarks; see Jia and Seljak (2020). We focus on two
challenging examples. Additional experiments and discussion on hyperparameter choice are
given in the supplementary material, see Section A.4.1.

(1) Mixture of Gaussian (MG25): m(z) = P~ ' 37 N(x; 5, Dg), where d € {10,20,45},
Dy = diag(0.01,0.01,0.1,...,0.1) and ;= [i,4,0,...,0/7 with i,5 € {~2,...,2}.

(2) Funnel distribution (Fun) 7(z) = N(z1;0,a?) [T%; N(z;0,e?**1) with d € {10,20,45},
a =1, and b = 0.5. In both case, the proposal is p = N(O,aﬁld) with 0/2) = b.

The NEO-IS estimator is compared with (i) the IS estimator using the proposal p, (ii) the
Adaptive Importance Sampling (AIS) estimator of Tokdar and Kass (2010), (iii) Stochastic
Normalizing Flows (SNF)! and (iv) the Neural Importance Sampling (NIS)2. For NEO-IS, we
use @y = Lig)(k) with K = 10 (ten steps on the forward orbit), and conformal Hamiltonian
dynamics v =1, M =51 for dimensions d = {10,20}, and v = 2.5 for d = 45 (where = is the
damping factor, M the mass matrix, h is the stepsize of the integrator). The parameters of AIS
are set to obtain a complexity comparable to NEO-IS; see Section A.4.1. For NIS, we use the
default parameters and for SNF we used the same architectures as in Wu et al. (2020). In Fun,
we set v = 0.2, K =10, M = 5-14, and h = 0.3. The IS estimator was based on 5-10° samples,
and NIS, NEO-IS and AIS were computed with 5 - 10* samples. Figure 2.2 shows that NEO-IS
consistently outperforms the competing methods. NEIS is run with the default parameters of
the implementation with 2 - 10 samples (to get the wall clock run time)

Sampling NEO-MCMC is assessed for the distributions (MG25) (d = 40) and Fun (d = 20).
NEO-MCMC sampler is compared with (i) the No-U-Turn Sampler - Pyro library Bingham et al.
(2019) - and (ii) i-SIR algorithm Ruiz et al. (2021). The proposal distribution is p = N(0, 0214)
with U% = 5. Dependent proposals are used (see (2.3.5)) with m(z,2’) = N(2/; az, ag(l —aH)ly)
with a = 0.99. For NUTS, the default parameters are used. For i-SIR, we use the same number
of proposals N = 10, proposal distribution and dependent proposal as for NEO-MCMC. To
perform a fair comparison, we use the same clock time for all three algorithms. The number
of iterations for correlated i-SIR, NEO-MCMC, and NUTS are n = 4 - 105, n = 4 - 10°, and
n = 5- 10, respectively. Figure 2.3 displays the empirical two-dimensional histograms of the
two first coordinates of samples from the ground truth, i-SIR, NUTS and NEO-MCMC sampler.
It is worthwhile to note that NEO-MCMC algorithm performs much better for MG25 which is a
very challenging distribution, even for SOTA algorithm such as NUTS, which struggles to cross
energy barriers between modes. For Fun, NEO-MCMC performs favourably w.r.t. NUTS, which
is well adapted for this type of distributions.

Tmplementation available at https://github.com/noegroup/stochastic_normalizing_flows.
2Implementation available at https://github.com/ndeutschmann/zunis.
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Figure 2.2: Bozplots of 500 independent estimations of the normalizing constant in dimension
d = {10,20,45} (from left to right) for MG25 (top) and Fun (bottom). The true value is given by
the red line. The figure displays the median (solid lines), the interquartile range, and the mean
(dashed lines) over the 500 runs.

Figure 2.3: Empirical 2-D histogram of the samples of different algorithms targeting MG25 (top)
and Fun (bottom). Left to right: samples from the target distribution, correlated i-SIR, NUTS,
NEO-MCMC.

Block Gibbs Inpainting with Deep Generative models and NEO-MCMC We apply
NEO-MCMC to the task of sampling the posterior of a deep latent variable model. To be
consistent with the rest of the chapter, we use non-standard notation here with = being the
latent variable and z the observation. More precisely, we assume that x ~ N(0,Iz) and a
conditional distribution p(z | x) which generates an image z = (z',...,2"”) € RP. Given
a family of parametric decoders {x — py(z | z), § € ©}, and a training set D = {z;}}L,
training involves finding the MLE 6* = argmaxgpece po(D). As pp(z) = [po(z | )p(x)dz, the
likelihood is intractable and to alleviate this problem, Kingma and Welling (2014) proposed
to train jointly an approximate posterior gy(z|z) that maximizes a tractable lower-bound on
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the log-likelihood: ELBO(z,60,¢) = Ex.q,(|2)logpe(z, X)/qs(X|2)] < po(2), where gg(z | 2)
is a tractable conditional distribution with parameters ¢ € ®. It is assumed in the sequel
that conditional to the latent variable z, the coordinates are independent, i.e. pg(z | ) =
T2 po('|z).

Note that it is possible to train VAE with the NEO algorithm, using the unbiased estimate of
the normalizing constant to construct an ELBO. This approach is described in the supplement
Section A.5. We do not focus on this approach here and assume that the VAE has been
trained and we are only interested in the sampling problem. In our experiment, we use a VAE
trained on CelebA dataset ® Liu et al. (2018). We consider the Block Gibbs inpainting task
introduced in (Levy et al., 2018, Section 5.2.2). Given an image z, denote by [zt,zb] the top
and the bottom half pixels. Assume only 2! is observed, then we are interested in in-painting
the bottom of an image by the posterior distribution of 2® given z!. This is achieved using
Block Gibbs sampling. A two-stage Gibbs sampler amounts to (a) sampling pg-(x|2?, 2°) and
(b) sampling pg« (2°|z, 2*) = pg«(2°|z) (since 2* and z* are independent conditional on z). Given

2, = (21, 20), we sample at each step x ~ pg«(z | 2z;) and then 2., ~ pg-(2° | z)). We

then set zpy1 = (2L, 22 +1)- Stage (b) is elementary but stage (a) is challenging. We use an
MCMC-within-Gibbs scheme using different samplers. We use the following decomposition of
po+(x | 2) o p(x)L(z) for p(x) qg* (z | 2) and L(x) = pg«(z, z)/qg* (x| z) with 8 € (0,1). Tt is
possible to sample from p(x) as g4+(x | 2) is Gaussian. In our experiments with CelebA and the
chosen trained VAE, we have z € R0 (recall that z is our latent variable here), z € R22®8 and
use 5 = 0.1. We then compare i-SIR, HMC and NEO-MCMC sampler in stage (a), with the
same computational complexity (N = 10, K = 12, v = 0.2 for NEO-MCMC, N = 120 for i-SIR,
and HMC is run with K = 20 leap-frog steps). Again, NEO-MCMC and i-SIR use dependent
proposals, with m a Random Walk Metropolis kernel with stepsize 0.1. For each algorithm, 10
steps are performed. Figure A.4 displays the evolution of the resulting Markov chains. The
samples clearly illustrate that NEO-MCMC mixes better than i-SIR and HMC. More details

and examples are presented in the supplementary.

2.6 Conclusion and perspectives

In this chapter, we have proposed a new family of algorithms, NEO, for computing normalizing
constants and sampling from complex distributions. This methodology comes with asymptotic
and non-asymptotic convergence guarantees. For normalizing constant estimation, NEO-IS com-
pares favorably to state-of-the-art algorithms on difficult benchmarks. NEO-MCMC is also able
to sample some complex distributions: it is particularly well-adapted to sampling multimodal
distributions, thanks to its proposal mechanism which avoids being trapped in local modes.
There are numerous potential extensions to this work. For example, it would be interesting
to consider deterministic transformations other than conformal Hamiltonian dynamics integra-
tors. These transformations could be trained, as for Neural IS, using a variation lower bound. It
would also be interesting to further investigate the influence of the mixture weights {wy }rez on
the efficiency of NEO. Also, while it is not investigated in the present chapter, we believe that
the NEO estimator with the Hamiltonian transform can be useful in particle filtering Pitt and
Shephard (1999). Finally, our bounds are valid for any transform T and it would be interesting
to derive specific bounds for the Hamiltonian transform in order to quantify the improvements
over the vanilla SNIS estimator with proposal p observed in Figure 2.1.

3Publicly available online, see https://github.com/YannDubs/disentangling-vae/tree/master/results/
betaH_celeba
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Figure 2.4: Two examples for the Gibbs inpainting task for CelebA dataset. From top to bottom
(twice) : i-SIR, HMC and NEO-MCMC: From left to right, original image, blurred image to
reconstruct, and output every 5 iterations of the Markov chain. Last line: a forward orbit used
in NEO-MCMC for the second example.
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Chapter 3

Entropic Mirror Monte Carlo

3.1 Introduction

In Bayesian statistics, inference on unknown quantities often requires sampling from com-
plex posterior densities, which are frequently intractable. As an alternative to the dominant
paradigm of Markov chain Monte Carlo (MCMC), Variational Inference (VI) methods aim to
approximate the posterior density. They achieve this by seeking the best variational density,
with respect to some user-specified criterion, within a set of probability densities Fg parame-
terized by variational parameters 6 that lie in a parameter space ©. This approach effectively
formulates an optimization problem to find the most suitable approximation. The criterion
optimized is defined by the specific task being solved. When learning the parameters of a
hierarchical model, the forward Kullback-Leibler (KL) divergence appears naturally as the ap-
propriate criterion through the evidence lower bound (Kingma and Welling, 2013; Blei et al.,
2017). When the goal is to estimate expectations with respect to the posterior by means of
importance sampling (IS), which will be the focus of this paper, the backward KL and the
2-Rényi divergence are instead the natural criteria (Cappe et al., 2005; Agapiou et al., 2017;
Chatterjee and Diaconis, 2018).

More formally, let m be a target distribution known up to a constant and p be a proposal

distribution dominating 7 and from which sampling is tractable. Using the change of measure

m(dx) = g—’;(x)u(dx), any expectation 7(f) := [ f(x)n(dz) = pu( 3—2) can be estimated using NV

independent samples (X!,..., XV) drawn from g,
N , Cdr
Wl]:[(f) ::;wzf(XZ), where w' @(XZ),

and 37, w' = 1. The so-called self normalized importance sampling estimator is useful when-
ever sampling directly from 7 is impossible but can also be seen as a variance reduction method
of the crude Monte Carlo (MC) estimator, in particular for rare event simulation. Over broad
classes of functions, the performance of 7, ,(f) relies on the quality of the importance distri-
bution p and is captured by the following bound (Agapiou et al., 2017),

4
sup 7 (1) = 7 ()5 pon < ~ &P (Ra(m | 1),

where ||.||3 o~ is the 2-norm with respect to the product measure pEN and Ro(m || p) the
2-Rényi divergence. Hence, the sample size needs to grow exponentially with the 2-Rényi diver-
gence to get a sharp upper-bound on the Mean Squared Error (MSE) between the importance
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and the target distributions. Moreover, according to Chatterjee and Diaconis (2018), a log
sample size set to the Kullback-Leibler (KL) divergence between 7 and v is also necessary for
guarantees in high probability. These results highlight the relevance of optimizing Ra(m || )
and KL(7 || p).

One of the earliest attempts to optimize the backward KL divergence can be traced back to
the cross-entropy (CE) method (Rubinstein, 1999; De Boer et al., 2005). CE is a stochastic
optimization procedure for the minimization of y — KL(7 || ©) within a family of parametric
probability measures Fg = {ug € My : 6 € O} for which sampling and density evaluation
are straightforward. As KL(7 || pg) is an expectation with respect to 7 from which sampling
is intractable, the optimization is carried out using a reference probability measure u.t € Fo
as importance proposal from which samples are drawn. The generalization of this method-
ology is known as adaptive importance sampling (AIS) (Oh and Berger, 1993; Cappé et al.,
2004; Cornuet et al., 2012). AIS is an iterative procedure in which the importance proposal is
dynamically adjusted using weighted samples from the proposal of the previous iteration. In
contrast, the proposal in CE is updated at each step using samples from the fixed reference
measure. Traditional AIS methods differ by the weighting scheme (Cappé et al., 2004, 2008;
Cornuet et al., 2012; Elvira et al., 2017; Korba and Portier, 2022) and on how the proposal is
updated (Douc et al., 2007b; Cappé et al., 2008; Cornuet et al., 2012). The parametric family
Fo is often chosen to be that of the mixture of an exponential family distribution and specific
procedures have been developed to handle these cases. In Cappé et al. (2008), an integrated
Expectation-Maximization (EM) algorithm for the optimization of Fg 3 g — KL(7 || pg) is de-
veloped, yielding explicit updates for the means, weights and covariance matrices for Gaussian
and Student-t mixtures. This procedure effectively avoids the need to parameterize the weights
and covariance matrices during the optimization.

Arguably, one of the main bottlenecks when performing AIS is the family of proposals on which
the optimization is performed. In designing a parametric family Fg, two key considerations are
vital; the densities within the chosen family must have more modes and heavier tails than the
target distribution. Unfortunately, obtaining such information beforehand is challenging, as we
only have access to the density and estimating any additional statistics necessitates is not at
all trivial. To circumvent these hurdles, non-parametric AIS methods based on kernel density
estimates, which can atleast adapt to the multimodality of the target, have been considered
(Neddermeyer, 2009; Dai et al., 2016; Delyon and Portier, 2021; Korba and Portier, 2022).
In more recent years, the particular aspect of designing an appropriate parametric family for
AIS has benefitted from the advances in probabilistic modelling driven by variational inference
and generative modelling. Normalizing flows (Tabak et al., 2010; Papamakarios et al., 2021),
which can represent arbitrarily complex probability measure with positive density using deep
learning architectures, have emerged as efficient tools for automatic adaptation to the tails and
multimodality of the target distribution, thus paving the way for black-box AIS. This recent
research direction have resulted in a few computationally efficient methods that scale well with
the dimension and have helped bridge the gap between AIS and adaptive Markov chain Monte
Carlo (MCMC) methods. In Naesseth et al. (2020); Gabrié et al. (2022); Samsonov et al. (2022),
a normalizing flow is adapted by minimizing the backward KL divergence estimated using
MCMC kernels with proposal the normalizing flow at the previous parameter, thus resulting in
an AIS proposal as well as an adaptive MCMC algorithm. In a more traditional way, Prangle
and Viscardi (2023) estimate the backward KL using importance sampling with the normalizing
flow at the previous parameter as proposal and by truncating the importance weights. Arbel
et al. (2021) optimize the backward KL using the main ingredients of a sequential Monte Carlo
(SMC) sampler, i.e. resampling and MCMC kernels. Although these methods may not explicitly
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identify themselves as AIS techniques, they still belong to its broader framework; obtaining
the subsequent proposal in these approaches involves learning from samples that have been
transformed to resemble samples from 7 as closely as possible. They are transformed either
through weighting, MCMC kernels, non-linear transformations or reweighting.

Contributions

In this paper, we develop a novel AIS scheme by recursively defining a sequence of probability
measures { i }teny by per1 = F(uy) where F is a well-designed functional on the set of probability
measures P(X) ensuring contraction of the iterates with respect to the backward KL. The
functional considered builds upon Entropic Mirror Descent (EMD) updates considered in Beck
and Teboulle (2003); Dai et al. (2016); Daudel et al. (2021a); Korba and Portier (2022). While
this sequence results in the geometric decrease of the backward KL along the iterates, its
practical implementation can lead to poor parametric approximations of the target distribution
(see Figure 3.2 below). To address this problem, we augment the original EMD updates with
Markovian dynamics that leave invariant the target density 7 in order to improve the exploration
of the state space. The resulting AIS scheme informs the samples of the proposal by combining
regularized weights, that achieve a bias variance trade-off, and a non-standard weight which
allows the greedy exploration of the target if the involved Markov kernel allows global moves.
In this context, our contributions are the following:

e In Section 3.2 we define a principled objective, coined skewed Rényi divergence, to minimize
in order obtain an appropriate practical implementation of a sequence of iterates that
contracts with respect to the backward KL.

e Motivated by the failure of the optimization procedure in the case of EMD, which is due
to the nature of the sequence and not the objective, we derive in Section 3.2.2 a novel
sequence akin to EMD that incorporates Markovian moves. We show its backward KL
contraction under mild assumptions, mainly the w-invariance of the underlying Markov
kernel. When the Markov kernel is that of the Unadjusted Langevin Algorithm (ULA),
we show contraction in total variation distance up to a discretization error explicit in the
step-size and the dimension of the ambient space.

e In Section 3.2.3 we define the vanilla stochastic version of our algorithm and improve it
by means of additional resampling and local MCMC steps. The numerical experiments,
which are presented in Section 6.3, show that our algorithm outperforms existing AIS
methods on highly challenging examples.

3.2 Entropic Mirror Monte Carlo

3.2.1 General framework

In this chapter, we are interested in mappings F : M; — M, that induce a systematic decrease
of the backward KL divergence, i.e. such that for all y € M,

KL(r | F(p)) < pKL( | 1), (3.2.1)

where p € [0,1). Let us start by providing one notable example of such a map.

Entropic Mirror Descent. For all u € M, write:

Fep) = (jZ)EM/ " (SIDE dp (3.2.2)
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where € € (0,1]. The functional F, corresponds to one iteration of the Mirror Descent algorithm
applied to the convex map p — KL(p || w) Beck and Teboulle (2003). In Korba and Portier
(2022), it is shown that (3.2.1) is satisfied with p = 1—¢. As aresult, the closer ¢ to 1 is, the faster
the convergence. On the other hand, since € € [0, 1], by Jensen’s inequality [ (dw/d,u)ad,u <1
and

KL(t || Folp /10g( “) dp+log/ (jZ)Edu < eKL(g || 1), (3.2.3)

the value of € controls the discrepancy between a probability measure p € M, and its update
Fe(p) in forward KL. These two observations naturally lead in practice to a tradeoff between
speed of convergence and the quality of the approximation of Fe(u).

While appealing theoretically, the iterates of a mapping satisfying (3.2.1) are in general in-
tractable for both sampling and density evaluation. Therefore, in order to approximate these
updates we plan on projecting each application of the mapping F on a family of probability
measures Fg = {pp € M1,0 € ©}. Note that Korba and Portier (2022) focus instead on building
non-parametric approximations with kernel density estimates.

We give below one notable example of family Fg.

Example 3.2.1 (Normalizing flows). Let Ty : R? s RY be a C*-diffeomorphism for any 6 € ©.
For any p € M1 admitting a density w.r.t. the Lebesque measure, the pushforward To#u, which
corresponds to the law of To(X) where X ~ p, has density

Toyin(y) = n(Ty ' (W) Ip1 (W)l

where |J-1(y)| is the determinant of the Jacobian at y € R?. By taking p to be a Gaussian
(or in fam? any simple distribution) and Ty an invertible neural network with cheap to compute
Jacobian, we can model complex distributions with Toyp using SGD Papamakarios et al. (2021).

We may consider two different choices for the projection step as we will now see. In either
case, the projection step will be solved approximately once we are able to obtain an empirical
approximation ¢}V of F(ug,),

N
N — ngfsxz : (3.2.4)

where (X}, ..., X}¥) are random variables and the weights {w!}}¥; sum to one.

(i) Backward KL projection. As we will essentially work with the particle approximations of the
updated measures F(u), weighted maximum likelihood seems to be the most straightforward
way for obtaining a parametric approximation. The population criterion is then

po, 4, = argmin KL(F (ug,) || v) , (3.2.5)

veFg
which is solved approximately by replacing F(ug,) with its particle approximation (3.2.4);

= argmin / log —— 'ugt d¢Y = argmin — Z wilogv(X}). (3.2.6)
veFg veFg i=1

Of course, the cost of replacing (3.2.5) with (3.2.6) heavily depends on the quality of the
empirical approximation (3.2.4) which is discussed later on.

(ii) Skewed Rényi projection. Let v € M,. For any u € M, we define the skewed Rényi
divergence

_ d
Row || 1) = log/dZdV. (3.2.7)

o8



If v = 7 then Ry(m || ) = Ro(m || p). For p = 7 or = v we get that R(v || ) = 0,
and by strict convexity of z — 1/z on Rsq we also get that R,(v || ar + (1 — a)v) < 0 for
a € (0,1) which contrasts with the non-negativity of the usual Rényi divergence. We motivate
the introduction of this functional with the following inequality. For all y € My,

KL(r || ) = KLGr || Fag,) + [ log (AF (o, /dp)dm

< PKL(r | o) +log. [ (dF (g, _,)/dye)dm
— PKL( | p_y) + R (Fptg,_) || 1)

where we have applied Jensen’s inequality and the contraction of the mapping F (3.2.1). Iter-
ating the bound, we get that for any sequence {ug, }!_,,

t
KL(7T H :uet) < ptKL(W H MHO) + Zpt_sRW(J:<:u9.s—1) H Mos)a (3'2'8)

s=1

which hints that one way to achieve a small backward KL between 7 and g, is to take for all
sel:t] N

po, = argmin R (F(pg,_,) || 1) - (3.2.9)

ueFe

Furthermore, any mismatches resulting from Ry (F(ug,_,) || 16,) being too far from the mini-
mum are forgotten geometrically fast as ¢t grows. If we are able to achieve a uniform error A
when estimating each F(ug,), i.e. Ra(F(uo, ,) || po,) < A for all s € [1 : T] where T is the
total number of steps, then the final approximation p,. satisfies

A
KL( || por) < p"KL(m | p1gy) + i (3.2.10)
Let us now detail how to approximate the solution to (3.2.9) when Gradient Descent is performed
on the parameters of the parametric family. Under common differentiability assumptions we
have that

drr/dpg(x)
J (dm/dpg)dF (g,

and a biased Monte Carlo approximation of the gradient is thus obtained by plugging in an
empirical approximation (3.2.24) of F(ug, ,),

VoRax(Fluo, ) || po) = — /{ )Vg log,ug(ac)} Flugp, ,)(dz), (3.2.11)

N ; ‘
o wi_dm/dpe(X:_
VGRW(‘F(/‘LGS—l) H :ué’) = _Z - / ( 1)

L Vg ue(X: ). (3.2.12)
i=1 ijl wl_qdm/dpug(X7_q) ’

In the case of (3.2.2), we may consider the following weighted empirical approximation obtained
by sampling from pg, ,

N ;
dr/dpe, , (X7_1)°
Ct]L = E , S

i=1 E?:l d”/dﬂét_1 (thfl)e

Oxi » where X! XN (3.2.13)

In the next example we illustrate that when N is not large enough (3.2.13) can be a poor
approximation even if ¢ is chosen so that the forward KL between g, , and F(pg, ,) is small
following (3.2.3), resulting in a non-convergent scheme.
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Example 3.2.2. We consider two target distributions, m1 = N'(10,1) and o = 0.5- N'(0,1) +
0.5-N(10,1). In Figure 3.1 and 3.2 we display the iterates of the EMD mapping (3.2.2) Fe,
e = Fe(pe—1) targeting each distribution and their approzimations pg,. The parametric family is
respectively that of the unimodal and bimodal Gaussians. We use the Expectation-Maximization
algorithm to solve (3.2.6) using N = 5000 samples. In the unimodal case, there is overlap
between two consecutive iterates so that the updates are well approximated. In the bimodal
example, this is not the case anymore and the approximate iterates fail to converge as sampling
from the second mode remains unlikely.

Figure 3.1: Unimodal target. Top plot: the exact iterates of p; (3.2.2), bottom plot: approximate
iterates g, (3.2.6). We only display the iterates from t =6 to t = 15. ¢ is set to 0.2.

ks
e

ks
e

Figure 3.2: Bimodal target. The setup is the same as in Figure 3.1.

0 10 0 10 0 10 0 10

The issue underlying the previous example is the same as in importance sampling. Indeed, if the
(conditional) variance of the unnormalized weights dr/dug, , (X;_;)° that appears in (3.2.13)
is too large then (3.2.13) will be a poor approximation which in turn hinders the convergence
to .

3.2.2 Entropic Mirror Descent with Markov kernels

In this section we introduce our modification of the mapping (3.2.2) using a m-invariant Markov
kernel K. Let € € [0,1] and A € [0,1]. For all p € M, write

fem(u;)\mee) =A- ]:e(:u) + (1 - )‘) : ‘FKW(H) : (3'2'14)
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where Fe is (3.2.2) and

= (22 e/ [ (25

Note that K can be an ¢-th iterate of a m-invariant Markov kernel. As a result, if such iterates
are able to effectively explore 7, then we can expect that u; K, will have high density regions
similar to those of m. To a certain extent, this can potentially alleviate the issues raised in
the previous section. However, using p; K, alone in (3.2.14) does not necessarily yield the
contraction (3.2.1) which comes from the fact that ;K is different from 7. As we will see in
the following, the weight inspired by (3.2.2) (dm/du)” acts as a correction that will ensure the
contraction (3.2.1).

For notational convenience we may write Fem (1) instead of Fem(p; A, K, €) whenever there is
no ambiguity. Let us provide a sufficient and weak condition under which the iterates

e = Fem(pe—1; Ay Kry€),s (3.2.15)
with A; € (0,1] are well defined.

Lemma 3.2.3. If u € My is such that ||dn/du]|ee < 00 and A € (0, 1] then Fem(p; ) is well
defined and is a probability measure in My satisfying ||dm/dFem(i; ) |loo < 00.

Proof. 1f ||d7 /dp|eo < 0o then [ (dr/dp) duK, < oo and thus Fem(jz; ) is indeed a probability
measure. Next, since € € [0,1] and A € (0, 1], we have that

dm { lde, .. [dm

sup W(@ < sup X@(l‘) au

cu(d < 0.
S T F sup (y) u( y)} o0

O]

Based on the previous Lemma, starting from an initial distribution pg such that ||dr/duol|ec <
oo, we get that [|[dm/dullec < 0o and in the sequel we will write fi(z) = dm/dui(z) for the
Radon-Nikodym derivatives in order to simplify the notations.

We are now ready to state the first result of this chapter; we identify sufficient conditions on
the kernel K and the sequence (A;);en under which the iterates (3.2.15) converge geometrically
fast to m in backward KL.

Proposition 3.2.4. Let ug € My such that ||dm/dpol|ec < 00 and 5; € (0,1). If the kernel K,
is a w-invariant Markov kernel then the iterates (3.2.15) with

log [ ffdp Ky

A = < log [ fidpueKr —log [ fidu:’
Bt otherwise,

if log [ fiduKr >0

satisfy
KL(m || pe) < (1= €)'KL(m || po) -

Proof. Tf yy is well defined then by Jensen’s inequality we have that [ (dr/dsu) dp, < 1 since
e € [0,1]. A straightforward induction shows that \; € (0, 1] for all ¢ € N and that y; is indeed
a mixture of two probability measures. Next, by convexity of the KL divergence, we have that

KL(7 || pe41) < AeKL(7 || Fe(pe)) + (1 = A)KL(T || Fre,, (112))
< A(1 = e)KL(m || 1) 4+ (1 = M) (KL(7 || pe ) — eKL(7 || par))

+ At log/ffd,ut + (1 — )\t) log/ftad,utKﬂ— .
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By the Data Processing inequality Van Erven and Harremos (2014) and the fact that 7 is
invariant for K we have that

KL || pre b)) = KL(m K || e ) < KL( | o)

and thus
KL(T | i) < (1= KLGE | ) + Alog [ fedgu + (1= ) log [ frdu .

Finally, by definition of \; and using that [ ffdu; <1 we get

At log/ffd,ut +(1- /\,5)10g/f,fd,utK}r <o,
from which the contraction follows. O

In what follows we write Z,, = [ ffdu; and Z,,k, = [ ffduKx. As it can be noted from the
proof, the particular choice of A; ensures that the backward KL decreases along the iterates,
taming the behavior of the second term in (3.2.14). Indeed, log Z,, k, may not always be
negative; taking Kr(z,-) = m, we get log Z,,k, = eRi4<(m || pe) > 0 which may prevent the
desired contraction (3.2.1). In fact, it is not difficult to come up with examples in the discrete
case where setting Ay = 0 for all ¢ € N results in a non-convergent scheme. Our choice of A\
provided by Proposition 3.2.4 is the smallest parameter, when log Z,, k., > 0, that ensures the
contraction holds and thus maximizes the weight of the second term in (3.2.14) under this same
constraint.

We may investigate the range of A; in the case K (z,-) = m. Indeed, using that the Rényi

divergence is increasing with respect to its order we get that

log Zurc, Rage(r | 1) _.
o8 Zurc, — 108 Z,  eRuge(m || ju) + (L—)Re(r [ ) ~

which shows that \; € [e,1].

Proposition 3.2.4 requires minimal assumptions regarding the choice of the Markov kernel K,
except that it is m-invariant. Therefore there is a diverse range of options to choose from, e.g.,
MALA Besag (1994), HMC Neal et al. (2011) or iSIR Andrieu et al. (2010). However, we may
also be interested in using kernels that are not m-invariant such as the unadjusted Langevin
Algorithm (ULA). ULA corresponds to the Euler-Maruyama discretization of the Langevin
diffusion

dX, = Vlog m(X,)ds + V2dB;, (3.2.16)

with (Bjs)s>0 a d-dimensional standard Brownian motion, and defines the discrete time Markov
chain

Xi41 =X +9V 10g7T(Xk) +V2vZk41, (3.2.17)

where (Zj)k>1 is an ii.d. sequence of d-dimensional standard Gaussian vectors and v is a
fixed positive stepsize. We write R, for the Markov kernel corresponding to the ULA recur-
sion: R,(z,-) is the Gaussian distribution with mean = + yVlog7(z) and covariance matrix
2v14.

We now give guarantees for the iterates of (3.2.14) using ULA, defined by
R _ R . y*
e = Fem(pi—15 A7 Ry) - (3.2.18)
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where
log | ff dﬂf Ry
A = ¢ log [ fidpfRy —log [ fiduf’
G, otherwise,

if log [ ffdpgR, >0,

and f; = dn/duR. For this purpose, we strengthen the assumptions on the target distribution
.

(A1) The target 7 satisfies a log-Sobolev inequality; there exists CrLg > 0 such that for all
smooth functions g : R? — R

Entr(g°) < Cis [ [Vl *dr. (3.2.19)

(A2) The log target is continuously differentiable and L-smooth; there exists L > 0 such that
for all z,y € RY,

IViogm(z) — Vleg(y)|| < Lilz —yl|.

Assumptions (A1) and (A2) are standard in the sampling literature Durmus and Moulines
(2019); Vempala and Wibisono (2019); Chewi et al. (2022); Erdogdu et al. (2022). In partic-
ular, Assumption (A1) provides a powerful tool for analyzing the exponential convergence of
Markov semi-groups; see Bakry et al. (2014). This condition holds for a large class of probability
measures, including log concave distributions and is stable under bounded perturbations Hol-
ley and Stroock (1986). Combining (A1) and (A2) enables the derivation of non-asymptotic
convergence bounds for ULA in the forward Kullback-Leibler divergence and more broadly,
the forward a-Rényi divergence for @ > 1 Vempala and Wibisono (2019); Chewi et al. (2022);
Erdogdu et al. (2022).

To ensure the existence of an invariant distribution ., for R, we consider the following drift
condition Meyn and Tweedie (2012).

(A3) There exist V : R? — R such that V' > 1, b > 0 and a compact set C C R? such that

R,V <V —1+blc. (3.2.20)

Condition (A3) is “almost” a necessary condition for R, to admit an invariant distribution and
to be ergodic. Indeed, Using (A2) it is easily shown that for any compact set K C R? there
exists C' > 0 such that for all z € K and A € B(R?)

R,(z, A) > CkLeb(ANK), (3.2.21)

and thus R, is Leb-irreducible and strongly aperiodic. Therefore, by (Meyn and Tweedie, 2012,
Theorem 14.0.1) R, is positive recurrent and admits a unique invariant distribution if and only
if (3.2.20) is satisfied for some petite set C. In (A3), we only strengthen this condition on C'
and suppose that it is compact which is satisfied in most applications.

We rely on the following result which is a consequence of (Vempala and Wibisono, 2019, Theorem
1).

Proposition 3.2.5. Assume (A1-2-3) and that v € (0,1/(2CLsL?)]. Then Ry has a unique
stationary distribution m, that satisfies

KL(my || 7) < 4ydL*Cys .

63



Proof. As mentionned before, (3.2.21) implies that any compact set is small for R, and the
Lebesgue measure is an irreducibility measure. Together with (A3) and (Meyn and Tweedie,
2012, Theorem 14.0.1) this implies that for m,-a.e. = € R,

. Y4 _
Jim R (2, ) = my[lrv = 0.

Furthermore, for all z € R? and A € B(R?) such that Leb(A) > 0, R, (z, A) > 0 which implies
that m,(A) = m,R,(A) > 0 and thus 7, > Leb. Finally, for any v € M;

7R~ myllry < [ wdn)IRE (@, ) = v
and by the Lebesgue dominated convergence theorem it follows that
Jim. [vRE — my[|7v = 0. (3.2.22)
In (Vempala and Wibisono, 2019, Theorem 1) it is shown that for all £ > 0
KL@WRY || ) < exp(—Crsv¢/2)KL(v || 7) 4+ 4vdL*Cys .

Thus, the lower semi-continuity of the KL for the weak topology (Van Erven and Harremos,
2014, Theorem 19) and the convergence in total variation distance (3.2.22) imply that

KL(my || 7) < ht;nianL(uRﬁ | 7) < 4vdL*Cys .
—00
where v is such that KL(v || 7) < 0. O

Theorem 3.2.6. Assume (A1-2-3). Let uR € My such that ||dr/dul|le < oo and let v €
(0,1/(2CLsL?)]. The iterates (3.2.18) satisfy

I — pllry < (1 - 5)t/2\/2K|-(7H Il 1) + 4\/2’7dL20Ls-

Theorem 3.2.6 gives quantitative convergence bounds for the iterates (3.2.18) in the total varia-
tion distance. In contrast to (3.2.4), the sequence (ufX); does not converge to 7. This comes from
the fact that the stationary distribution of ULA 7 is different from 7 which introduces a bias
at each iteration. However, Theorem 3.2.6 establishes that the accumulated error is bounded
by /vdL2Cls. This type of result is typical in studies of ULA, and as a result, for a precision
§ it is enough to take v < §2/8dL%*Crs and t > log (8KL(m, || &)/?)/|log(1 — €)| to obtain
|7 — pR|lrv < d. It is worth noting that we do not establish a bound in KL divergence. Since xR
is obtained by initializing ULA at ,uf_l doing so would require the control of the discretization
error of ULA with initial distribution xR in Rényi divergence through Girsanov’s Theorem and
comes at the cost of much stronger assumptions on the tails of each iterate ,uf. Here we show
convergence under a weaker measure of discrepancy by only requiring mild conditions on the
initial measure uf.

Proof. By convexity of the KL divergence and the definition of A} (3.2.4),
KL(7 || ) < AF /10 Ty rdm —)\*)/lo ﬂdﬂ
v Mt+1 t gdft v T t gdff RR v
+xm/ﬁw (1= X)log [ frdufR,
dm
< )\*/log —dm, + (1 —)\*>/10g77dﬂ' ,
Y ag e t dffpiRy
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© ®

and we have that

dm
[ 105 dm, = (1= 2KL(m, || 1)+ eKL(m, | 7).
dffp

dm
log ———dm, < (1 —e)KL(m,, || uf) + eKL(m, || 7),
/ dff,MFR»y Y v t ( v H )

where the second inequality follows using the Data Processing inequality and the fact that R,
is m-invariant. Thus,

KL(7y || pir) < (1= )KL(my || 1) + eKL(my || 7) < (1 —)'KL(my || p15) + KL(my || 7) -
The desired bound follows by Pinsker’s inequality and Proposition 3.2.5,

R R
|7 —pillrv < 7 = myllrv + [lmy — pgllrv

< (1—€)"/%\/2KL(my || 1) + 24/2KL(y || ).

Algorithm 1: Entropic Mirror Monte Carlo (EM2C)
Input: ug, €, N, global kernel K, local kernel L, family Fg, number of iterations 7.

Output: pp,
forte[0:T—1] do
Sample X}N " 1o,
Set &} = (dm/dpg,)(X})* and wf =&/ SN &
Sample V'V ~ K (X} ) ® - @ Ky (XtN, >
Set @! = (dr/due,)(X})? and @} = %t/zj )
if N“'S N, & > 1 then
L Set Al y = log (N Z Ly )/ {log (Xfey @) —log (i, @f) }

else
L Set Ajp v =16

1d ;
Sample 2 5 {)‘*N >y wthl (=X n) >y wiéyj} L
Set pg,,, = argmin, g, —N~ LS log p(Z7)

3.2.3 Stochastic updates

We now detail the practical implementation of the sequence (3.2.14) with the criterion (3.2.5).
The complete procedure is summarized in Algorithm 1. Given pg, € M the update Fem (10,5 Aiy1)
is approximated as follows. The first step consists in obtaining an empirical approximation of the
update by drawing N samples X}V from pp, and then sampling Y, ~ K, (X},-) for i € [1 : n).
These samples are then used to estimate the intractable mixture weight i (3.2.4) with A7, v
given by

log N1 \ .
. NN AODT o Nt s, A > 0,
Ay =4 log o fi(Y)e —log Sl fi(X})e (3.2.23)

Bt otherwise.
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where f; : @ — dm/dug,(z). An empirical version of Fem (g, Af11 ) is then

N N
G =N szdxti + (1= Aw) way;’ ; (3.2.24)
i—1 i=1

where w} = fi(X])?/ Y5, ft(Xg)E and wj = fy(Y{)*/ >, f(Y7)E. In comparison with fi(XD),
the unnormalized weights f;(Y}') are not classical importance weights since Y}’ is sampled from
1o, K. Consequently, if p9, K has non-negligible mass in the effective support of m where 1,
does not, it is expected that the distribution of f;(Y)® with Y ~ pug, K exhibits heavier tails
than f;(X)® when X ~ pg,. This provides an intuitive interpretation of (3.2.24). The first
component of the mixture 3 | wié x;i adapts the samples from pg, to the target m through the
importance weights raised to €, thus providing a more biased particle approximation of 7 with
less variance, see Korba and Portier (2022). This also helps avoiding the situation where one
sample has a normalized weight close to 1, which often happens in large dimensions. The second
component Efvzl w%éyti on the otherhand corresponds to a greedy exploration step; the samples
Y} that land in regions of the effective support of © where pg, is unlikely are assigned a large
unnormalized weight. The counterpart of this greedy approach is that, more often than not,
one sample will have a normalized weight close to 1. This an undesirable feat as it may result
in poor parametric approximations. To circumvent this issue and benefit from such samples,
we add a resample-move step; we sample from the mixture (3.2.24) and diversify the samples
by running a local MCMC algorithm with kernel L, leaving 7 invariant, such as the Random
walk Metropolis or MALA. Formally, this additional step boils down to sampling from (N L,;
first sample A}*N Y ¢V and then sample Z},..., ZN ~ L.(X},")® ... L:(X},-). In Example
(3.2.8) we illustrate the benefits of this additional step.

The scheme we have just described can be thought of as an approximation of the updates

e (o) = [ Fam(ati N1, ) (dy) Ly, d). (3.2.25)

Since L, is m-invariant, by the Data Processing inequality, the KL contraction in Proposi-
tion 3.2.4 still holds. The bound in Theorem 3.2.6 also holds by applying the Data Processing
inequality for the total variation distance.

Remark 3.2.7. We can further improve our algorithm by allowing sampling from some heavy
tailed distribution hy (which may eventually depend on the iteration number) and considering
instead the iterates

pe1(dr) = / (A Felp) + (1= Noy) - Fre, (i) } (dy) L (y, da)

where fiy = oy + (1 —ay)hy and oy € [0,1]. Mizing the iterate py with a heavy tailed distribution
allows for a better exploration of m observed numerically at the cost of a bias in the bounds of
Proposition 3.2.4, Theorem 3.2.6 (this may aswell be an artifact of the proof techniques).

Example 3.2.8. Assume that

7r:0.8-N(02,12)+0-2'N<12'12’ [_65 ?D

and K, = Rg and Ly is the composition of ¢ random walk metropolis steps. Both are run
with step size v = 0.05 and ¢ = 100. The initial distribution pg is a standard Gaussian. In
Figure 3.2.8 we display the effect of the resample-move step described above.

66



. Samples from gy and MoRﬁ Weighted samples Resample-move step

N ~ ™ o 1S T

R NN RN

N .

NN o © 8&Poe . CN SN
% o N

T T T
N ~

/

/
4
4

T LS

RN

NS

R

Figure 3.3: Left: samples from pg (in blue) and samples from poKy (in orange). Middle: same
samples weighted according to {wi}™ ; (in blue) and {i}™ | (in orange). The size of each dot
is proportional to the weight of the associated sample. Right: samples from ('L (3.2.24). The
blue and orange samples come from the first and second component of (3.2.24) respectively. The
contour plot of logm is in dashed lines.
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Figure 3.4: The 7; associated with the target distributions.
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3.3 Numerical experiments

In this section we assess the performance of our algorithm on three different synthetic examples.
We would like to stress that these are only preliminary experiments. For each example we
compute the normalizing constant Z = [m(dz) = 1 using importance sampling and estimate
the inclusive KL using exact samples from 7.

We test the robustness of our method with respect to: (i) initial distribution g, (ii) dimension
d of the ambient space and (iii) model specification. In all experiments we use ¢ = 0.5 and
the kernel K, is the composition of 40 of ULA with step-size v = 1/k%2. The kernel L, is the
composition of 100 steps of random walk Metropolis. We implement the scheme described in
Remark 3.2.7 with h; = Student(04,1;) using the KL projection (3.2.5). N is set to 1000 in
each experiment and we compute the normalizing constants using M = 5000 samples.

The target distributions considered factorize as m; = 77? /2 and thus we only specify 7; in the

next examples. The targets 7.3 are shown in Figure 3.4.

(1) Two component GM with unbalanced modes (GM2).

(2) Four component anisotropic GM (GM4).

1 3 4
Ty =0.25> N (m,, [4 101),
=1

where m; = (=10, 10), m2 = (10, —10), m3 = (15,15), mg = (=15, —15).
(3) Twenty five component GM (GM25).

T3 = 0.224:24:/\/( [gﬂ ,0.25 - Ip).

¢=0k=0

We denote by GM; the family of Gaussian mixtures with ¢ components and full covariance
matrices, GM, = {Zle wiN (mi, $3) : wi., M, B € Sp x R x (Sfr)g}, where Sy is the
£-simplex and S:{+ is the set of d x d positive definite matrices. We use the FExpectation-
Mazimization (EM) algorithm for the maximum likelihood step with Gaussian mixtures in step
11 of Algorithm 1.

We first investigate if our parametric approximations are able to learn unbalanced targets (1).
We let Fg = GMa. Let (wg, way, mg, mbg, 35, 25) denote the parameters output by EM2C where
(wg, mg, £5) (resp. (wdy, m3g, X3)) are the weight, mean and covariance matrix associated with
the component that is the closest to that with mean 04 (resp 20 - 14). The results are given in
Table 3.1 for GM2 where we write Dy, for ||m{+mb;—20-1,4||2 and Dy, for || (E§+25) — (T2 +2) ||
Remarkably, even in d = 100 EM2C is able to recover the correct weight of the mixture while also
being very close in mean and covariance. In Table 3.2 we provide the results for the estimation

of Z.

Next, we consider the example GM4 and test the robustness of EM2C to mispecification of the
parametric family. We learn parametric approximations within the families GM2 (underspec-
ified), GMy (perfectly specified), GMg (overspecified). Here the point of comparison is the EM
algorithm; we compare the quality of the approximations obtained by EM2C to those obtained
with EM using N = 10000 ezact samples from 7. The results are given in Figure 3.5. The dashed
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Table 3.1: Bias correction step. Results are given in mean + standard deviation format

d=10 d =50 d =100

wg  0.19+£0.01 0.19+£0.01 0.19£0.01
D,, 0.114+0.07 0.59£0.28 0.60 %+ 0.30
Dy 1.10+£0.25 10.15£1.50 7.89£4.71

Table 3.2: GM2 example. Estimates of Z computed with N = 5000 samples. Results are given
in mean * standard deviation format

d=20 d =50 d =100
GM2 1.00£0.00 1.00+£0.02 1.0040.10

lines represent the median value obtained by EM for each example and dimension d, over a total
of 30 runs. In this example, the initial distribution for EM2C is set to be a standard Gaussian
with mean —10 - I;. Notably, in higher dimensions EM2C is competitive with EM which uses real
samples from the target. The results for the estimation of Z are given in Table 3.3.

— d=20
== EMd=20
— d=50

- EMd=100

— d =100 1

== EM d = 100
8 10 12 14
8 10 12 14
8 10 12 14

Step

Figure 3.5: GM4 example. Top to bottom: EM2C and EM with variational families GMs, GMy and
GMg.

Finally, we consider the most challenging example, GM25. We run EM2C on the variational family
GMg and then use the resulting variational approximation as a warm start in a MALA. We
run 20000 parallel chains with 5000 steps each and then use the obtained samples to perform
maximum likelihood within the family GMgs and also with an RNVP Dinh et al. (2016). Strik-
ingly, under perfect specification, we are able to achieve a KL of 1.13 in d = 50 and accurate
normalizing constant estimates. For the RNVP, we do not match the performance of the Gaussian
mixture but this is to be expected, since normalizing flows inherently struggle with multimodal
distributions Cornish et al. (2020).
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Table 3.3: GM4 example. Estimates of Z computed with M = 5000 samples. Results are given
in mean * standard deviation format

d=20 d =50 d =100

GM; 1.00£0.09 1.004+0.07 1.00+£0.25
GMs 1.00£0.00 1.00£0.02 1.00+0.24
GMg 1.00£0.00 1.00+£0.02 0.9040.23

d=20 d=250 d=20 d=>50

GMyg 0.99+0.05 1.03£0.13 GMyg 242+0.20 3.44+0.23
GMgs 1.00£0.01 1.01+£0.12 GMys 0.25+0.056 1.13+0.06
RNVP  0.99£0.23 0.97£0.63 RNVP 3.244+0.25 5.78+0.94

Table 3.4: GM25 example. Left table: normalizing constant estimates. Right table: inclusive KL
value. The results are given in mean + standard deviation format, obtained over 100 seeds. The
estimates are computed with M = 5000.

3.4 Conclusion and perspectives

We have presented a novel sequence that extends the entropic mirror descent sequence by
incorporating Markovian moves. We have shown that it converges geometrically fast to the
target distribution in KL divergence under mild assumptions, mainly the invariance with respect
to m of the Markov kernel. For ULA, which converges to a biased limit, we showed that the
iterates converge geometrically fast to m up to a bias explicit in the smoothness and log-Sobolev
constants of m, the step size and the dimension. We have derived a principled objective to
minimize aswell as a pratical stochastic scheme. Current numerical experiments show that the
proposed algorithm performs well on difficult normalizing constant estimation tasks.

We believe that a few fundamental questions remain to be answered. First, do the projected
iterates (3.2.5) or (3.2.9) converge towards some biased limit? If yes, can we characterize this
limit, i.e. is it for example argmin,,cp, KL(7 || 1), which is what we are interested in? Finally,
the ultimate goal is to be able to obtain bounds in backward KL divergence between 7 and
the iterates of the stochastic scheme. For now we have no clear path on how this can be
achieved.
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Chapter 4

Variance estimation for SMC
algorithms: a backward sampling
approach

4.1 Introduction

Sequential Monte Carlo (SMC) methods offer a flexible framework for the approximation of
posterior distributions in the context of Bayesian inference, for instance in Hidden Markov
Models (HMM). These models presuppose that the observations are defined using an unobserved
process assumed to be a Markov chain. In such a setting, we are particularly interested in
estimating the law of a hidden state given all past observations referred to as the filtering
distribution and the laws of sequences of states given past and future observations, referred
to as smoothing distributions. These distributions can be approximated by weighted empirical
measures associated with random samples, usually known as particles. All SMC methods are
based on successive importance sampling and resampling steps. When a new observation is
available, new particles are sampled according to an importance distribution and then weighted
to match the target distribution. Finally, through a resampling scheme, particles with large
weights are duplicated while low weighted particles are discarded. This general procedure has
been used in a wide range of applications such as signal processing, target tracking, econometrics,
biology, see Cappe et al. (2005); Douc et al. (2014); Chopin and Papaspiliopoulos (2020) and
the references therein.

The quantification of the Monte Carlo error of SMC estimators is a major challenge. For a
variety of SMC methods such as the bootstrap filter Gordon et al. (1993a) or the Forward
Filtering Backward Smoothing (FFBS) Tanizaki and Mariano (1994) algorithms, Central Limit
Theorems (CLT) with theoretical expressions of the asymptotic variance (in the number of
particles) have been derived Del Moral and Guionnet (1999); Chopin (2004); Kiinsch (2005);
Douc et al. (2011a). However, these expressions are not computable in practice and give rise
to the natural question of their estimation. Since this problem appears in an online context,
a critical constraint is that the samples produced by the original SMC algorithm should be
recycled to compute such estimates.

This problem has received some satisfactory solutions recently: a simple estimator of the asymp-
totic variance when multinomial resampling is used has been proposed in Chan and Lai (2013)
for the bootstrap filter algorithm and has since been refined in Lee and Whiteley (2018); Ols-
son and Douc (2019); Du and Guyader (2021). The computation of the associated asymptotic
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variance estimator at time ¢ is based on tracing the genealogy of each particle down to time 0.
Although it has been shown to be consistent as the number of particles N grows to infinity, it
is particularly prone to instability when ¢ is large, as the successive resampling steps lead to
the well known path degeneracy issue. After a few time steps, particles are likely to share the
same ancestor at time 0 which in turn makes the asymptotic variance estimates collapse. To
overcome this degeneracy issue, Olsson and Douc (2019) proposed to only trace a part of the
genealogy of each particle according to a fixed-lag parameter following the fixed-lag smoothing
approach introduced in Olsson et al. (2008). As long as the number of particles is balanced
with the chosen lag, the bias introduced by considering only the most recent ancestors of each
particle can be controlled as shown in Olsson and Douc (2019). However, while this alternative
estimator remains easily computable, choosing an optimal lag is a non trivial task which makes
this approach hard to tune in practice. We thus address the limitations of current asymptotic
variance estimators in this chapter.

The first contribution of this chapter is to propose a parameter free estimator of the asymptotic
variance associated with the bootstrap particle filter with multinomial resampling that trades
computational cost for stability and reduced variance. The construction of our estimator starts
from the observation that the aforementioned degeneracy is similar to that of classical SMC-
based smoothing algorithms Doucet et al. (2000); Fearnhead et al. (2010); Poyiadjis et al. (2011)
or Particle Markov Chain Monte Carlo algorithms such as the Particle Gibbs sampler Andrieu
et al. (2010). In both cases, a backward sampling step which aims at diversifying the particle
trajectories has shown to be a reliable workaround that decreases the (theoretical) variance of
the estimators at the expense of higher computational cost Godsill et al. (2004); Douc et al.
(2011a); Olsson and Westerborn (2017); Del Moral et al. (2010b); Lindsten and Schén (2012);
Chopin and Singh (2015a). We thus aim at introducing such a mechanism in the estimation
of the asymptotic variance. The construction of our estimator relies on the analysis conducted
in Lee and Whiteley (2018) in which it is shown that the estimator of Chan and Lai (2013)
can be interpreted as a conditional expectation with respect to the indices that retrace the
genealogy of the particles, given all the particles and ancestors. We show that this construction
still holds when the distribution of the indices relies on the backward importance weights. The
resulting estimator is computed by averaging auxiliary statistics that are very similar to those
of the forward implementation of the FFBS for additive functionals Del Moral et al. (2010c)
and can be thus updated online. The time complexity per update of our estimator is of order
N3. Driven by the efficient implementation of the FFBS for additive functionals developed in
Olsson and Westerborn (2017), we show that the computational cost of our estimator can be
reduced from O(N3) to O(N?) by means of additional Monte Carlo simulation while remaining
as competitive in terms of bias and variance.

We next focus on the FFBS algorithm for the estimation of smoothing estimators. Despite the
fact that a CLT has been obtained for estimators based on the FFBS, no variance estimator
has been proposed in the literature. We show that our previous construction enables us to
fill this gap and we thus provide a consistent estimator in the case of additive functionals
which are particularly critical, for instance in the Expectation Maximization framework. Again,
this estimator can be computed online and in the particular case of marginal smoothing its
computational cost can be drastically reduced.

The chapter is organized as follows. In Section 4.3 we briefly review the SMC framework and
discuss the current estimators of the asymptotic variance proposed in Chan and Lai (2013);
Lee and Whiteley (2018); Olsson and Douc (2019). In Section 4.4, we introduce our estimator
based on the backward weights, propose an online implementation and establish its asymptotic
properties. In Section 4.5, we extend our derivations to the FFBS algorithm and provide
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a consistent asymptotic variance estimator. We finally validate our results with numerical
experiments in Section 4.6. Notably, we show empirically that our novel estimator for the filter
has a favourable dependence on the time horizon t in comparison with the existing estimators.
All additional proofs and discussions can be found in the appendix.

4.2 Notation

For any measurable space (E, £), we denote by F(&) the set of R valued, £-measurable functions,
by Fy(E) the subset of F(&) of bounded functions on E, and by M (E) the set of measures on E.
For any u € M1 (E) and h € F(E), we write

p(h) i= [ ha)u(da).
For any transition kernel M from (E, &) to another measurable space (G, G), define
M{h](z) == /GM(a:,dy)h(y), vheF(G), VreE,
and write uM the measure defined on G by
UM (A) = /Eu(dx)M(:c, A), VAeg.

If M is a transition kernel from (E,&) to (G,G) and M; a transition kernel from (G,G) to
a measurable space (H,H), then M;Ms is the transition kernel from (E, &) to (H,H) defined
by

MlMg(x,A):/GMl(:c,dy)MQ(y,A), Ve c€E, VAEH.

In addition, M; ® My is the transition kernel from (E, &) to (G x H,G ® H) defined by
My ® My(z, A) = /]lA(y, )My (2, dy)Mo(y,dz), Vo cE, AcGaH.

In particular, for all N > 1, we will write M®N for ®£\i1 M. For two E-measurable functions
f, g the tensor product is defined as

f®g:E*> (z,y) — f(x)g(y) .

The sets N and Ny g are respectively the sets of natural numbers and positive natural numbers.
The L, norm of a random variable X is || X ||, := E[|X|?] Y4 The supremum norm of f € Fy(E)
is denoted by |f|oo. The unit function 1 is such that 1(z) = 1 for all z € E. The transpose
of a matrix A is denoted AT. If A, B € RM*N are two matrices, then the Hadamard product
A ® B is the element-wise product, i.e forall1 <i < M and 1 <j < N, (A® B);; = ai ;b ;.
If A € RV*N_ then Diag(A) is the N x N diagonal matrix such that for all 1 < i < N,
Diag(A);; = A;; and if £ € RY*! then Diag(z) is the N x N diagonal matrix such that
Diag(x);; = x;. For (a,b) € N [a:b] := NN a,b] and [b] := [1 : b]. If f is a mapping from
[N]? to R, we denote by f the associated N x N matrix such that f;; = f(i,). Finally, we
adopt the following conventions. Given some set {§§}8€[0:t]7ie[m, we write &8 = (&}, -+, &N),

50:O£t = ( 00"" ) tt)v %i\/ T {fo%f}kojtew]up
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4.3 Sequential Monte Carlo

In this section, we first review the bootstrap particle filter methodology and recall the main
asymptotic results associated with the estimates produced by this algorithm. A state of the art
and a discussion of the estimation of the asymptotic variances related to this algorithm are also
presented.

4.3.1 Definitions

Let (X, &) be a general measurable space. Let My and (M;)en be a probability measure on
(X, X) and a sequence of Markov transition kernels on X x X, respectively. Consider also a
family (g¢)ien of non-negative X-measurable functions, referred to as potentials. Throughout
this chapter, we make the following assumptions on {M;}ien and {g; }en.

(A4) The probability measure My admits mq as probability density with respect to some ref-
erence measure v € My(X). For all t € N and z; € X, Myy1(x¢,.) admits meq1(xe,.) as
probability density with respect to v.

(A5) There exists a constant G, > 0 such that for all t € Nand z € X, 0 < g4(2) < G .

Define the sequence of unnormalized transition kernels (Qqy1)ten where, for all ¢ € N, z; € X
and A € X,

Qir1(we, A) = ge(ae) Myq1 (e, A)
and, for any s,t € N2,

Qs®--®Q if s <t,
Qs:t::{ !

Id otherwise .

Let Q,., denote its marginal with respect to the variable x;, i.e. for all z,_1 € X and all
measurable set A,

Qs:t(xs—lv A) = / Qs:t(l's—h dzs, ... 7dxt>ﬂA($t>-

Xt75+1

Define recursively the sequence of measures (7p.t)ten by

Yo(dxo) := Mo(dzo), ~ox(dzo) := Y0:e—1(dxo—1) Qe (zi—1, dzy) (4.3.1)

and let v(A) = [xit1 Y0:¢(dxos)La(zy) for all measurable sets A. Sequential Monte Carlo
algorithms aim at solving recursively the filtering problem, i.e. at estimating the sequence of
probability measures defined as

me(day) =y (W)ve(dmy),  el(dme) = ge(we)me(dae) /me(ge) (4.3.2)

respectively called the predictive and filtering measures. Note that 7 can be computed recur-
sively using

ne(dae) = /¢t—1(d9€t—1)Mt(ﬁCt—1,d$t). (4.3.3)

We motivate these definitions with the following example.

Example 4.3.1. Hidden Markov models consist of an unobserved state process {X;}ien and
observations {Yi}ien. They respectively evolve in two general measurable spaces (X, X) and
(Y,Y). It is assumed that {X;}ien is a Markov chain with transition kernels (Miy1)ien and
initial distribution My. Given the states { X }ien, the observations {Y;}ien are independent and
for all t € N, the conditional distribution of the observation Y; only depends on the current
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state Xy. This distribution is written G¢(X¢,.) and admits the potential g¢(x¢,.) as density (the
dependency in Y: is made implicit and we drop the second argument). Given an observation
record Yo.t, the predictive and filtering distributions (4.3.2) are then the distributions of X; given
Yo.t—1 and X; given Yy respectively.

These two distributions are of considerable interest in Bayesian filtering as they enable the
estimation of the hidden states through the observed data record. Unfortunately only in a few

cases, such as discrete state spaces or linear and Gaussian HMM, can they be obtained in closed
form, see Cappe et al. (2005); Chopin and Papaspiliopoulos (2020) for a complete overview.

4.3.2 Particle filter

We now illustrate how to obtain empirical estimates of 7; and ¢; in an online manner through
Monte Carlo simulation. Assume that at time ¢ the empirical measure

dwt -1 Z (5&1 dxt

based on random samples {£}}1<;<n approximates n;(dz;). Plugging n{¥ in (4.3.2) provides an
approximation of ¢;(dz;),

where wi := Q7 '@}, @ := g:(&}) and Qy := Zi]il @! . Replacing ¢; by ¢ in (4.3.3), we obtain the
mixture ¢¥ My, which allows to construct nﬁl by drawing N samples from it by performing
for all i € [N]

fti+1 ~ Mt+1(§:‘%, -), where Ai ~ Categorical( lzN) ]

The algorithm is initialized with the approximation n}’ Iy N, 58 (dzy) where &3V ~
M(j@N and coincides with the bootstrap algorithm with multmomlal resamphng Gordon et al.
(1993a). Note that this mechanism has been extended in many directions in the past decades
Pitt and Shephard (1999); Douc and Cappé (2005); Chopin and Papaspiliopoulos (2020).
Alongside ¥ and ¢}, the particle approximation of the unnormalized marginal ;(dx;) is given
by

N (day) - {II]V %2}nt(¢m) >0, (4.3.4)
5=0
and ) (dzg) = 7}’ (dwo). In particular, +;¥(h) is unbiased for any function h Del Moral

(2004).

In the remainder of this chapter, we denote by .7-'tN the o-field containing all the particles and
ancestors up to time ¢, i.e.

]:tN —0<EéfvaA0t 1)'

4.3.3 Asymptotic variance estimation in particle filters

The particle filter described above yields consistent estimators, see for instance Cappe et al.
(2005); Douc et al. (2014); Chopin and Papaspiliopoulos (2020); Liu and West (2001); Del Moral
(2004) and references therein for a complete overview. Indeed, for a test function h € F(X) and
under assumption (A5), the SMC estimators satisfy a Strong Law of Large Numbers when the
number of particles N goes to infinity, i.e.

W) 5 ) ) S ), 6 () = eulh). (43.5)
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Under the same assumptions, CLTs for 4{¥(h), n¥(h) and ¢}¥ (h) are also available Del Moral
and Guionnet (1999); Chopin (2004):

VNN (h) —ve(h)) = N(0,V55(h)),
)

N—oo

VN (h) —m(h)) = N(0.V35(h)), (4.3.6)
VN (h) = én(h)) = N(O, v¢,t<h>> :

where = denotes weak convergence and

1)7s(Qsaalh — me()]?)

T , (4.3.8)
Voi(h) = Z 7s(1 )’)’s(Qs+1t[1 gi{h — ¢1(R)}]?) .

s=0 Y1 (1 )

An intuitive derivation of (4.3.7) is proposed in Section B.4 of the Appendix. The authors
of Chan and Lai (2013) propose to estimate (4.3.7) online using the samples produced by the
particle filter described above. Their estimator is based on the genealogy of the particle system
induced by the successive resampling steps of the particle filter. From the indices A%, it is
possible to trace back the ancestors of each particle and deduce the corresponding ancestor at
time ¢t = 0. More interestingly, these ancestors can be computed in a forward way by introducing
the Eve indices Ef ;. For all i € [1 : N], Ef, describes the index of the ancestor at time 0 of
particle ¢ and can be computed from

Z (s (D)7 (Qapralh?) = ()} (4.3.7)
-3

(4.3.9)

. Ai
10 = B 1 0lts0 +ili=o . (4.3.10)

The asymptotic variance estimator of 7{¥(h) obtained in Chan and Lai (2013) reads (see Sec-
tion B.2.1 of the supplementary for a proof):

Var(h) = =N"1 37 Mg gy {0(€) —ni ()HME) = ¥ ()} (4.3.11)

1,JE€[N]?

We sometimes refer to V,]Xt(h) as the CLE (Chan & Lai Estimator). Note that it can be computed
online in a remarkably simple way since the Eve indices (4.3.10) are computed recursively.
However, the counterpart of its computational simplicity is that it degenerates as soon as the
ancestral paths coalesce. Indeed, it is widely known in the SMC literature that all lineages
eventually end up with the same ancestor when t is large enough with respect to the number of
samples NV (see e.g. (Fearnhead et al., 2010, Section 2.2) for a more detailed explanation). This
means that for a fixed N, as t grows and s < ¢, EL, = E!  for all (i,j) € N* and V%(h) =0
for any test function h.

The degeneracy problem concerning (4.3.11) is partially addressed in Olsson and Douc (2019)
by truncating the genealogy of the particle system. Denoting A € [t] the lag and E};  the
ancestor of £ at time ¢ — ), their estimator reads

Vod ()= =N"1 37 g {BED) — ¥ () i ()} (4.3.12)

i,7€[N]?

In the regime where (4.3.11) degenerates, (4.3.12) can be made stable provided that the lag A
is chosen such that there is little asymptotic bias. However, besides the strong mixing case for
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which the authors propose a heuristic, the practical choice of such a A, although crucial, is a
non trivial task.

In Lee and Whiteley (2018), the CLE is revisited using different techniques based on Cérou et al.
(2011); Andrieu et al. (2010, 2018a). These tools enable them to derive a weakly consistent
term by term estimator of (4.3.7) based on the unbiased estimation of v;(h)? and of each
Ys(1)7s (Qup1:4[h]?), for all s € [0 : t]. The construction of this second estimator is appealing and
insightful in that it helps identifying the deep root of the degeneracy in the CLE. They indeed
show that (4.3.11) and each 7(1)7vs(Q,1.¢[h]?) can be interpreted as a conditional expectation
with respect to particle indices that retrace the ancestral paths. Indeed, by introducing discrete
random variables K}, and K2, such that conditionally on F/¥, K} and K? are distributed
uniformly on [N] and such that for any s € [0: ¢ — 1],

Kl — A§;+17 K2 — 1

s s+1

K2
#K§+1A5 s+ + ]]‘Kl —K2 Cs 5

s+1

where Cy ~ Categorical(w!V), then for example

VN(h) = —NE |T] Ve I(EEE) = nl ()M = Y <h>}]ﬂN] .

s=0

An intuitive extension is to replace the deterministic assignments K} = A§;+1 and K? =
Afszﬂ by random ones based on backward sampling. Essentially, backward sampling consists in
sampling at time s a particle index ¢ starting from the j-th particle at time s+1 with probability
proportional to @im, 1 (&L, fg +1) and thus allows considering relevant trajectories which are not
necessarily ancestral trajectories.

4.4 Variance estimation with backward sampling

In this section we present three variance estimators for the bootstrap particle filter. In Section
4.4.1, we lay out our methodology and derive a term by term variance estimator; its computation
is detailed in Section 4.4.2. In Sections 4.4.3 and 4.4.4, we provide two additional estimators
that have a lower computational cost. All estimators and justifications are provided for the
distribution (4.3.4). We give the expressions for the variance estimators of the predictor and
filter and provide their justification in Section B.2.2 of the Appendix.

4.4.1 Term by term variance estimator

For any t € N, let By := {0,1}!*!. Denote by 0 the null vector in B; and es the vector with
1 at position s and 0 elsewhere. Let (X, X{)c[o be a bivariate Markov chain in (X2 x®?)
and depending on b € B; with initial distribution /\/10 and transition kernels Mt Lt > 1,
where

Mgo (d.ro, d.CL‘z)) = Mo(dﬂfo){]lbO:oMo(dxf)) + ]150:15950 (dﬂ:‘é)} s

4.4.1
M (2’ dz, d2') == My(x, d2){1p,—o My (2, d2") + 1p,210.(d2")}, VE>1. ( )

Define also for any b € B; the measure Qp; by Qpo(dxo,dzy) = MSO (dzo,dz() and for ¢ >
1:

t—1 t
Op.t(dzwo, dzgyy) = ./\/lo (dzo, dzp) Hgs (s, )H./\/lbs(xs 1,251 dzg, dal) . (4.4.2)
s=0 s=1
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The measure Qp; is the joint distribution (4.3.1) of the Feynman-Kac model defined by the
initial distribution /\/lgo, the transition kernels {MgS}SE[Lt] and by the potential functions
{9$*}se04-1). Remark that for any h € F(X), writing hy : oy — h(x;), we have that
Qo,t(ny*) = 7(h)? and

Qe.,t(hi?) = 7s(1) s (Qu g1 [h)?) - (4.4.3)

A generalization of (4.4.3) is proved in Proposition 4.5.1. Consequently, for A € F(X) V%(h) in
(4.3.7) can be rewritten as

Vs (h) =D { Qe t(hi?) — Qou(h{?)} (4.4.4)
s=0

where h; : zo; — h(x;). Following this observation, for a given b, an estimator of Qp;(h;)
could be obtained with a single run of a bootstrap particle filter in augmented dimension (i.e.
relying on the the bivariate transition Mi’t at time ¢ and on the weighing of the associated
particles with ¢©%). As a direct extension of (4.3.4), this estimator would be unbiased and as
a byproduct, we would get an unbiased estimator of (4.4.4). However, this procedure is not in
line with our initial objective in the sense that we aim at estimating (4.4.4) with the particles
and indices already available.

In order to motivate and introduce our approach, let us consider the static situation where
t=0, by =0 and let (h, f) € F(X)% Then,
1 iid

) ] 1:N
]wv_l)i’jg[;v]z)ﬂi#jh(fo)f(éé), N My, (4.4.5)

is an unbiased and almost sure convergent estimator of Qoo(h ® f) = MF*(h ® f) and only
relies on i.i.d. samples from Mj rather than M(j@Z. Note that for h = f, we thus get an unbiased
estimator of y(h)2. If by = 1, then N~' "N | h(&}) f(&}) is an unbiased and consistent estimator
of Quo(h® f) = Mo(h ).

Taking advantage of the fact that the particles at time ¢ are i.i.d. conditionally on F}¥, as we
use multinomial resampling for the particle filter, we can carry these simple observations to the
sequential case in two directions as we now detail. Define for any ¢ € Ny the functional version
of the backward weights:

gi-1(y)mu(y, =)
B (,y) = — ;
Sl f g€y, )
Assume that ¢ = 1 and define for any (k, k3) € [N]? the following random variables that involve
the backward weights

Y(z,y) € X2. (4.4.6)

3 KLk K2 k2., kL L k2
E° (ko k) = gy 2o LmwsA (60 &NAY G &DREDSED,  (44T)
k}2e[N)?
03 Y N = SN S NP -
EP (o, kD) =57 D0 LmweBl (66" Jwo W& F(&1), (4.4.8)
ki2e[N]?
and also the following which involve the ancestors
92 Ll k2
EST (kL K2 = —0 1 h(& 0, 4.4.9
0 ( 0 0) N(N— 1) k%ﬂ;[N]Q As%Zk‘é,Ag%:k%,k%#k% (51 )f(§1 ) ( )
Q2 k2 k1 k2
EFT (koo kG) =7 D 1, a1 w’ MENSED). (4.4.10)
kl2e[N]2 ko=Ag" k1 =k
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Here, BS and GT correspond to backward sampling and genealogy tracing, respectively. Con-
sider also Lemma 4.4.1 which states a crucial identity involving the backward weights.

Lemma 4.4.1. For all t € N+, (z,y) € X2,

B (2, )8 L My(dz) = ggtl_(f>Mt(y,dm>, (4.4.11)

and for any (ki_1, k) € [N]? and h € F(X),

E[B) (€, &1 h(ef)|FN,] = E[1 h(EF)FN ] = Wi MylR)(€)) . (4.4.12)

k
kt—letil

The proof is postponed to Section B.1.2 in the Appendix. Applying Lemma 4.4.1 to (4.4.7) and
(4.4.9) and using that given fON the particles at t = 1 are i.i.d., we get

and
E[ > ]lké#kgg(?s(kéak(%)} = E{ > ]lké#kgE[g(?s(kévk%)‘fév]}
k(l):2€[N]2 kéQE[N]?
| 5 1gugBIEST (. R)IA]
k§2e[N)?
=N(N-1)Qo1(h® f).
Similarly,
Kl K2
E[EBS (K}, k)| 7] = BIEST (R, 1) FY] = o (6" &6 ) MR © £1(65° 50
and

E[ Yo Tt (kg kg)| = N(N = 1)Qe 1 (h® f).
k§2e[N]?

Therefore, it is possible to derive unbiased estimators of Qp1(h® f) and Q., 1(h® f) (but also
Qeo1(h @ f) and Q1)1 (h ® f)) with a single run of the particle filter in two different ways:
either by using the backward weights and (4.4.7)-(4.4.8), or by using directly the ancestry of
the particles and (4.4.9)-(4.4.10). The asymptotic variance estimators proposed in Chan and
Lai (2013); Lee and Whiteley (2018); Olsson and Douc (2019); Du and Guyader (2021) are all
based on the latter solution, while in this chapter we instead focus on estimators based on the
backward weights.

We now generalize the derivations performed in the case ¢ = 1. Denote by A;; and As; the
discrete measures conditioned on F}¥ and defined by

Mg (ko) = N7 H Bs(ks, ks—1) , (4.4.13)
— kZ_
A27t(k(1):t; k(2):t) =N ! H {]]-kEZk%wsill + lkg#kgﬁs(kgv k?l)} : (4414)
s=1

Specific choices of kernels {3s}._; are, for all (k, /) € [N]?,

)
g 1m8(£s 17£k)
Z;V 1°~)j 1ms(fs_1a€§)
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where here again GT stands for genealogy tracing and BS for backward sampling. When the
conditional distribution given F}V is AlBE ® AQBE (resp. AlGI ® ASI) we write Egs[-|F/V] (resp.
Ect[|F/]). Define also for any b € B; the coalescence function:

S
Ls o ((INIF1)? 5 (kg Ks) = [T Lk iz o1 + Lpp sz Lo=o} s Vs €[0:1],  (4.4.15)
=0

for any h € F(X®2(t+1) the random variable

N l_bs Kl K2
Qpi ()= HNbs(N_l) 7 (1)%Eas [l (Ko K80 b0 QO] (4.4.16)
s=0

and denote by QZ],\’/lgGT the counterpart where the expectation on the r.h.s. is EgT.

Remark 4.4.2. By (4.4.15), the random variable QéVtBs(h) remains defined for any b € B, with

r >t and QN BS( h) = Qé\g Bts( h) where by is the truncation of b to the t + 1 first terms.

Finally, define for any h € F(X), using h; : o, — h(xy),

VI (h Z{QZ,BS hi?) — Qo> (h?)} . (4.4.17)

Proposition 4.4.3. Let t € N. For any b € B; and any h € F(X®2(t+1),
(i) B[Qp ™ ()| FXL] = QS (972 MY [R]) for all t € N
(i7) Qb7£ (h) is an unbiased estimator of Qp+(h).

(iii) If h € F(X), V{Y\{;Bs(h) is an unbiased estimator of V35(h).

By convention, we used in (i) the following notation:

b
GEEMER] - (2041, Thyy) 9321(%—1,902_1)/h(%:tv%;t)/\/‘tt(%—l,$2_1;d$t,d$2)-

The proof is provided in Section B.1.2 of the Appendix. First, (ii) is a generalization of (Lee and
Whiteley, 2018, Lemma 2) which states that Q{)\QGT( ) is also an unbiased estimator Qp¢(h).
Its proof, see (Lee and Whiteley, 2018, Supplementary) is based on a doubly conditional SMC
argument Andrieu et al. (2018a) and while this scheme can be replicated to our estimator based
on backward weights, we rather propose an alternative and elementary proof that also extends
straightforwardly to GT and which is based on our previous discussion. From (4.4.4), (iii)
is a direct consequence of (ii) and provides an estimator of (4.4.4) based on a single particle
run.

Theorem 4.4.4 deals with the convergence of Q{)st(h) for bounded h. The convergence in Ly
is stated under assumptions (A5-6-7) which are standard and the convergence rate is obtained
under the additional assumption (A8). The equivalent result for Q, tGT is stated in Lee and
Whiteley (2018) and is proved under (A5) alone. From a technical point of view, this is possible
because the use of indicators instead of backward weights allows for cancellations that simplify
the analysis significantly. Assumption (A7) enables us to show that the additional terms that
come with the use of backward weights go to zero.

(A6) For all t > 0 and (z,2") € X2, my(2',x) > 0.
(A7) There exists oy > 0 such that for all £ > 1, sup, ex mi(2',z) < oy
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(A8) There exists 0 < o_ < o such that for all t > 1, inf, yrex my(a’,2) > o_.

Assumption (A8) is a strong assumption that is typically verified in models where the state
space X is compact. This assumption, together with (A7), are now classic and have been widely
used to obtain quantitative bounds in the SMC literature Dubarry and Le Corff (2013); Douc
et al. (2011a); Lee et al. (2020).

Theorem 4.4.4. Assume that (A5-6-7) hold. For anyt € N, b€ B; and h € F(x®2(+1),
i HQN %5 (h) — Que(h)]2 =0. (4.4.18)

In addition, if (A8) holds the convergence rate is O(1/v/N).

Remark 4.4.5. The dependence on the time horizon t of the Lg bound is difficult to analyze
and we did not undertake it in the proof. Adapting the proofs of the existing analysis Del Moral
et al. (2010c); Dubarry and Le Corff (2013) is not trivial as our smoothing estimators are
non standard. Furthermore, the time dependence of the GT counterpart has not been analyzed
neither, which renders the comparison with our approach even more difficult.

The proof can be found in Section B.1.4 of the Appendix. As a straightforward consequence,

the term by term estimator (4.4.17) of the asymptotic variance is weakly consistent. It remains

to detail how it can be computed. The next section is devoted to the exact computation of the
. N,BS N, BS . .

estimators Qg ;™" (h) and Q. ’;” (h) that appear in its expression.

4.4.2 Computation for b =0 and b = e,

We now derive practical expressions of QN BS( h) and QN BS( h) in the practical case where

h s @04, by > h(xg, x)) € F(X®AED), Define, for any b € Bt and any ¢t > 0,
T K2) o= B [l (b, K3 Y KD K2 (1.419)

Then, by the tower property, QN BS( h) in (4.4.16) can be rewritten as

t N 1-bs N 1
Qéﬁ’BS(h):HNbs(N ) %]62) > Tk OR(EFE). (4.4.20)

s=0 —1 k,Le[N]?

Next, define for any ¢ € N and (k, £) € [N]?,
¢
0) =Y T (k1) (4.4.21)
5=0

Plugging (4.4.20) in (4.4.17), VN Bs(h) can be rewritten as

N ()?
(N —1)f

VP (h) =

> {0 - TR0 HEDRED . (4422)

k,Le[N]?

The sequential computation of VN Bs(h) relies on that of Sy(k, ¢) in (4.4.21), and so on that of
T.%(k,¢) and T2(k, /). By the tower property, we obtain the following recursions for 7;%:

TPk, £) = Liropg—0 + Li—rpp=1,
T (ko 0) = Luze Y jepny2 B> (R, )BES ()T (,5) i b =0, (4.4.23)
Tk 0) = T 0y ez BES (K, D) T4 (i, ) it by=1,
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for all (k,¢) € [N]? and t € N>g. In particular, if b = 0

i,j€[N]?
and if b = e,
Lo X ey BE> (ko ) BE2 (6, )T (i, §) - 1> s,
T (ko) = § Thme X5 jepvgz BES (R, i)y T2 (3, 5) t=s, (4.4.25)
TO(k, 0) t<s.
Next, combining (4.4.21)-(4.4.25) we obtain the online update of S;:
Su(k, ) = T (ky 0) + Dyze Y BES(k,4)BPS(L, §)Si-1 (i, j) (4.4.26)
i,j€[N]?

for any (k,¢) € [N]? and t € N. We have shown that despite the sum over s that appears in
(4.4.17) we are still able to update (4.4.22) at a computational cost independent of the time
horizon t by propagating S; and 7,°. Note that the algorithm provided in (Lee and Whiteley,
2018, Algorithm 3, Supplementary) does not compute VN cT sequentially since it relies on the
computation of each QN GT(h®2) nd QN GT(h®2) from scratch whenever a new observation is
available. In Section B.2.3 of the supplementary material we show how it can be computed
online using the same ideas behind the previous derivations.

The computation of the estimates Q{)\;Bs(h) and VN Bs(h) can benefit from parallelization by
implementing the updates (4.4.24)-(4. 4, 25) with matrlx operations:

Ti= BT 1B — Diag(BP5T1_.67°T)  if b =0,
T? = Diag(BFST)_ wtY) if by=1.

4.4.3 Variance estimators with reduced computational cost

In this section we derive a second estimator that relies only on the update of 7,°. Let h €
F(X). By (4.3.6), VN (v (h) — y:(h)) converges in distribution; moreover, N (/¥ (h) — %(h))z
is uniformly integrable, using for instance a Hoeffding type inequality (see Douc et al. (2014)).
Hence NE[(7{¥(h) — 'yt(h)) | converges to the asymptotic variance V35 (h). On the other hand,
using the lack of bias of 7{¥ (h),

NE | () = )| = N (B [28 (0?] = 2:0)?) = N (B [ (0] - Qb))

A natural estimator of this quantity is obtained by replacing E [’yt (h) ] and Qo ¢(h?) by their
unbiased estimators ;¥ (h)? and Qé\{’tBS(hfz)z), respectively,
Vyits(h) = N (3 () — Qg ()
Nt-1 ; 4.4.27
— N R (i - e 3 TGakEme).
i,J€[N]?

For the sake of completeness we also provide the estimator for the predictor and filter and defer
their justification to the Section B.2.2 of the supplementary material,

Vi (h) = (N_A{)M > T {E) — i () HA(E) — ' ()} (4.4.28)
i,jE[N]?
—_Nt+2 o , .
VAR = e X AT — o HAED o (). (4429)
i,j€[N]?
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Remark 4.4.6. It is worthwhile to note the parallel between (4.4.28) and (4.3.11) (up to a
negligible term depending on N ); the indicator is replaced by the backward statistic TO (i, j)
which is the conditional probability of having two disjoint backward trajectories starting from &}

and f{ .
The convergence of (4.4.27) stated in Theorem 4.4.7 stems from the following identity which

also appears in Lee and Whiteley (2018); Du and Guyader (2021) and dates back to Cérou et al.
(2011):

Z {ﬁ 1 (N_1>1_bS}QN’BS(h®2)
bs b,t t
beB; ~ s=0 N N
7

STy (Kb, K2RESHRES) | FN | = 4N )20 (1) = A ()2

beB:

=7 (1)’Egs

Theorem 4.4.7. Let (A5-6-7) hold. For any h € F(X), V%Bs(h) converges in probability to
e (h)-

The proof is in Section B.1.5 of the Appendix. The main advantage of (4.4.27) w.r.t. (4.4.22)

is the computational cost. Indeed, remark that (4.4.27) only relies on the sequential update

of T,0, contrary to (4.4.22) which also relies on that of 7,°*. Consequently, the computational

time of (4.4.27) is roughly twice lower. In addition, experiments show that the difference in

performance is negligible so (4.4.27) is to be preferred in practice.

Remark 4.4.8. This alternative estimator does not invalidate the relevance of (4.4.17). Indeed,
remember that (4.4.17) is an unbiased estimator. Moreover, the asymptotic variance estimator
of the FFBS algorithm that we provide in Section 4.5.2 is a term by term estimator that can be
updated online in a way similar to (4.4.17).

4.4.4 A PaRIS variance estimator

Let us discuss how the computational cost of (4.4.27) and (4.4.22) can be further reduced d
la PaRIS Olsson and Westerborn (2017); Gloaguen et al. (2022). In Olsson and Westerborn
(2017), the forward only implementation of the FFBS algorithm is sped up by replacing the
backward statistics by a conditionally unbiased estimator obtained by sampling particle indices
according to the backward probabilities 3% through rejection sampling. We therefore apply
the same idea here by letting 7~60 := T and replacing T with

= Ljose o ~ i ; .
Tk 0) = =220 Tk J) i =0,
i=1

7 | PIRLALAS ; N
T (k, €)= M Zzwi—lﬁb—l(Jk,t—la]) it b =1,
i=1j=1

where for any k € [N], J,%tj\fl are i.i.d. samples according to SB°(k,.). For h € F(X%?), the
PaRIS estimator of Qp,(h) is, for any b € B,

~ ¢ 1=bs) AN (1)2 N o
QéYzM(h)z{HNbs () }”}\g) S T hELE), (4.4.31)

s=0 1,jE[N]?
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and the PaRIS variance estimators are

t
=2 {QZ,M %) — Qg (h¥%)}, (4.4.32)
s=0
= N (3" (h)* = Qg (%)), (4.4.33)

where M > 1 refers to the number of sampled indices. The computation of (4.4.27) and (4.4.33)
is summarized in Algorithm 2.

Algorithm 2: Update at step t+1 of the variance estimators (4.4.27) and (4.4.33) associated
to ’Vt]il(h)

Input: M7a751:N7 tl:N 151—&-]\177 7-0 and Yt ( )

Output: N4/ (1) {0}, (h)? = NS, jepve Qig/(N = 1) 2}, TPy

Compute ﬁtH
if PaRIS then
for k€ [1: N]do
| Sample M % 585, (, )
for (k:,E)E[ : N)? do
| Set T2 (k, 0) = Tpoee M T}y, Ji ) /M
else
Compute ??+1 = B TPBE-
| Set TPy = 77'0 - Diag(ﬁﬂ)
Compute @ = T 741 © [R(&EN)R(EEN) ]

We are able to reduce the time complexity of computing 7,? to O(M N?). The key feature of the
PaRIS approach is that M does not necessarily need to be large (see (Olsson and Westerborn,
2017, Section 3.1) for a discussion on this matter). We impose M > 1 because then in the
case b = 0, which is the case we are the most interested in, the support of Qév tBS(h) is made of
N2M! terms whereas when M = 1 it is only N2. We show empirically in our experiments that
setting M = 3 is sufficient to provide good results for the asymptotic variance estimation.

While it is not needed to obtain a O(M N?) time complexity, the indices J,% tM 1 can be sampled
using an accept-reject procedure with the filtering weights as proposals, if the transition densities
my are upper bounded. This approach does not require the computation of the normalizing
constant of the backward weights (4.4.6). The computational time is then random but if the
transition kernels are strongly mixing it can be provably further reduced Douc et al. (2011a).
Theorem 4.4.9 is concerned with the convergence of Q{)Vt’M(h) for any bounded h and for any
fixzed M > 1. Its proof bears some similarity with that of Theorem 4.4.4 with the exception that
the additional sampling introduces non trivial terms that need to be handled carefully. As a
straightforward consequence, we obtain the convergence in probability of V%M(h) for any h €
F(X). The weak consistency of (4.4.33) in Theorem 4.4.10 is however less straightforward than
that of Theorem 4.4.7 and relies on the insight that the identity (4.4.30) still holds when QN BS
are replaced with their PaRIS versions. The proofs are provided respectively in Section B.1.6
and B.1.7 of the Appendix.

Theorem 4.4.9. Assume that (A5-6-7) hold. For anyt € N, b€ By, M > 1 and h € F(X%?),
lim ||Q M(h) — Qpe(h)]2=0. (4.4.34)

N—oo
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In addition, if (A8) holds the convergence rate is O(1/v/N).

Theorem 4.4.10. Let (A5-6-7) hold. For allt € N, M > 1 and h € F(X), V%M(h) converges
in probability to f;ot(h) when N goes to infinity.

4.5 Application to the FFBS

In this section, we derive an estimator for the asymptotic variance of the Forward Filtering
Backward Smoothing algorithm. We start by giving a short presentation of the FFBS algorithm
and we next derive an estimator of the asymptotic variance for additive functionals.

4.5.1 FFBS algorithm

The FFBS algorithm aims at solving the well known degeneracy problem associated with the
particle filter of Section 4.3.2 when it is used for approximating smoothing distributions. It
relies on the following backward decomposition of the joint smoothing distribution:

Suate(h) = [ z0.)u(de) (o, dai) (45.1)
where T, is the backward transition kernel from (X, X) to (X!, X®*): Ty := Id and for ¢t >

0,
T = B¢>t71 ®"'®B¢0’

and By, is the backward kernel defined by

B¢S (xs"‘l’ A) =

fms+1(ajs,1:3+1)]l,4(m5))¢5(dx5)’ VA€ X Vrgiq € X.
1

Gs(Mmst1(., Tst1)

Denote by T the particle approximation of T; where each backward kernel By, is replaced
by plugging in the particle approximation of the filter. This yields for any A € X and x441 €
X,

BN (x 41 A) — fms-‘rl(ms;xs-i—l)]lA(‘Ts)(bév(de) _ i\f: @§m§+1(§§ax§+1) ]lA(fi)
o ’ ¢ (Mg (- 2s41)) i=1 Z;V:1 @§m5+1(§§, Toy1) ’

Plugging this approximation and that of the filtering distribution in (4.5.1) yields
N,FFBS a ol
¢O:1’t|t (h‘) = Z Z ZOt 50 XN ) (452)
i0=1 =1

where Ay(ig:) := w* [T, 8% (is,is_1). In the following, we write ¢évt‘t for ¢(])Vt|1;FBS and if h is
such that h : zg; — h(xge) with 0 < s < £ < t, we will instead write ¢, flt( )

The theoretical properties of the FFBS are well understood in both the asymptotic regimes of

N and t Douc et al. (2011a); Del Moral et al. (2010a,b); Dubarry and Le Corff (2013); Olsson
and Westerborn (2017); Douc et al. (2014). In particular, a Central Limit Theorem with an
explicit expression of the asymptotic variance is established for any h € F(X®'!) under (A5)
n (Douc et al., 2011a, Theorem 8),

VN (8,e(h) — doage(h)) = N (0, VEEBS (1), (4.5.3)
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where

FFBS/7\ ._ : ns(Gs,t[gt{h—¢0:t|t(h)}}2)
VO:tlt )= ; 775(65+1:t[9t])2 ,

and G, is the kernel that integrates h forward and backward starting from xzs, i.e.

(4.5.4)

Gs,t[h](xs) =T [Qs+1:t[h]] («775) = /h(xO:t)Ts («7757 de:s—l)Qs—H:t(l‘s; dxs—‘,—l:t) )

for any s € [0: t] and z5 € X.

Unlike the asymptotic variance of filtering algorithms, no estimator of (4.5.4) exists in the
literature, even though the FFBS and its variants are of significant importance in marginal
smoothing and parameter estimation in HMMs Kantas et al. (2015). In this section, we bridge
this gap by providing an online estimator for additive functionals A of the form

t—1

hO:t(x&t) = Z hs(xs, xs+1) s (455)
s=0

where for s € [0 : t — 1], we assume that A, is bounded. For such functionals, the FFBS can be
computed online with a O(N?) time complexity per time step, i.e. whenever a new observation
is processed. For 0 < s < r < t, we write Bs;r(xs:r) = Zz;sl Bg(:ﬁg,ﬂ:g+1). Expectations of
functionals of the form (4.5.5) include marginal smoothing, pairwise marginal smoothing and
the E-step of the Expectation Maximization algorithm.

Before we derive our estimator, let us first recall why the FFBS can be indeed computed online
in this case. For more details on the forward only implementation of the FFBS and its variants
we refer the reader to Douc et al. (2014); Olsson and Westerborn (2017). For any ¢t > 0 and
any additive functional hg.¢,

Ti[ho:)(2e) = / {Eo;t—1(xo:t—1) + ﬁt—1($t_1,xt)} By, (w¢,dzy—1) T 1(24—1, dxo:s—2)
= B¢t—1 [Tt—l [}NZO:t—l] + }Nlt_l(., .’L‘t)] (a;t) .
Then, plugging in the particle approximations, we obtain the following recursion

N

TN ol ) = 3 ST () R}, (456)
i=1 j:lwt—1mt(ft—1a$t)

and then gzﬁé\fﬂt(ho:t) = N WITN[ho.](€]). Therefore, TN [ho.] needs only to be estimated at
the particle locations and smoothing estimates for additive functionals can be computed with
the forward pass and has O(N?) complexity per time step.

4.5.2 Asymptotic variance estimator

From now on we will assume that hg. satisfies (4.5.5). Our estimator is based on the following
alternative expression of the asymptotic variance (4.5.4)

VFFBS<h) _ i Ys(1)Ys (G tlge{hot — ¢O:t|t(h0:t)H2)

. : 45.7
0:t|t =~ ’7t+1(1)2 ( )

which is deduced using the definitions given in Section 4.3. This expression is motivated by
Proposition 4.5.1 in which we express the numerators that appear in (4.5.7) in terms of expec-
tations with respect to Q, ;. The proof is given in Section B.1.3 of the Appendix.
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Proposition 4.5.1. For any s € [0 : t] and any additive functional ho; € F(X®11),
75(1)'78 (Gs,t[hO:t]Q) = Qes,t([Ts[iZO:s} + ﬁs:t} ®2) . (458)

By Theorem 4.4.4, for any additive functional hg.; as in (4.5.5), we have that QN BS([ Ts[ho.s] +
het]®?) is a consistent estimator of Q.. +([Ts[ho.s] + hs:t]®?), but Tglho.s] is intractable and
we only have access to its particle approximation Tév [ho:s]. Our proposed estimator of the
asymptotic variance (4.5.3) is then

VS (1) o= i Qe ([g AT szs]; ;;Sé — oy (hot) ) |
5=0 Yey1(1)

where we have replaced ¢..;(h¢) by its FFBS estimator. Remark that Theorem 4.4.4 cannot be
applied to Qé\:’,?s([gt{Té\[[ﬁ%] + Pgut] ®2) because its proof relies on the fact that the function h

integrated by Q{)VI;BS does not depend on the particles.

(4.5.9)

Theorem 4.5.2 proved in Section B.1.8 of the supplementary material shows that weak consis-
tency still holds under the assumptions of Theorem 4.4.4. The proof proceeds in three steps.
We first establish that for all s > 0 and additive functional hq.s, TY [ho.s](xs) converges P-a.s.
to Ts[ho:s](xs) for any x5 € X. Then, we use it to show that at ¢ = s, the distance in Lq
between QQ’ES([TéV[hO;S]cS + hs] ® [TN[fo.s]ds + fs]) and the "idealized" consistent estimator
Qé\i’gs([TS[ho;s]cs + fzs] @ [Ts[fos)ds + fs]), goes to 0. Finally, we extend the result to ¢t > s by
induction, similarly to Theorem 4.4.4.

Theorem 4.5.2. Assume that (A5-6-7) hold. For any t € N, s € [0 : t], (hou, fs:t) €
F(X®=stH2 (¢r,dy) € F(X)? and additive functionnals (ho.s, fo.s) (4.5.5),
hm HQN BS([TéV[hO:s]Ct + Bs:t} & [Tiv[fO:s]dt + fs:t])
- Qes,t([Ts [hO:s}Ct + Bs:t] b2y [Ts[fO:s]dt + fs:t])||2 = 07 (4510)

and for any additive functional (4.5.5), VOt\t(hO:t) converges in probability to VOFfl]tSS(ho;t).

4.5.3 Algorithm for marginal smoothing

We now provide an algorithm for the case hy : xo.+ — h¢(x¢) known as the marginal smoothing
problem. For such functions (4.5.9) is defined for ¢ > ¢ and simplifies to

‘
Vi 2 (he) = y{YHl(l)? { > QB ([aehe — 0B, (h)}]?)
s=0
(4.5.11)

Y QBT - i)}

s=0+1

When ¢ = t we recover the term by term estimator of the filter which is consistent with the fact
that ¢t|t( ) = ¢V (h). Using the bilinearity of Qévt’BS yields

Ve\t (he) = Rit - qﬁévu(hé)Rg,t + (bé\{t(hf)QRt ) (4.5.12)
where Ry := Y. QN BS( ©2) and

R, =Yt QNP (lg:hd®?) + I ~t11 QNS ([g, TN [hy]]®?),
R;, ={ Yo Qg’fs(gthe ® gt) + Qes 55 (90 @ gihe)}
{1 OB (TN (R © g1) + OB (e ® TN [ha])} -
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Mirroring (4.4.25), define for any t € N, n € [0 : ¢] and f,, : zo, 20, — f(2n,x]) the random
variable

1 2
7288 [fn](Ktla Kt2) = E[Ies,t(Kolztv th)fn(ffz(na 7[5”)|‘7:t]z1’ Ktl7 Kt2] ’ (4'5'13)

1 2 1 2
and also write S}, (K}, K2) = Si(K}, K2)hP2(E[ 61, S2, (K} K2) = Si(K}, K2)hE2 (e[ &)
and for any t > £,

¢ t

SL KL KD =Y TP KD + > T [T el ®*) (KL KD,
s=0 s=l+1
l t

St KD =Y TP IEL KD + D T [T [h] 2] (K] KD,
s=0 s=(+1

where for any f, fé@2 s xg, ) = fo(xe)+ fo(z)) and Sy is defined in (4.4.21). Applying the tower
property,

VB =N (57) 3wl (Sh(ind) — 68 he)SEulisd) + o (e 2SiG.)}
i,j€[N]?

The quantities S},t 1 Szt 41 may be updated online using the following recursions which are
again obtained by applying the tower property

Steia(i,5) o= T (i, 1) TR [hel (64T [hel (61)
+ ﬂi#j Z ﬁE&—Sl (i7 m)ﬁ?fl (]7 n)Sl},t (ma n) ) (4514)
m,ne[N]?

and

St (i 5) = Tt (G TR [hel (€100) + T lhd(€41)}

+ iz > BRI, mM)BEA (G, n)S (mym) . (4.5.15)
m,ne[N]2

The updates of Sgl7t+1(i,j) and of Sg}tﬂ(i,j) are thus similiar to that of S; in (4.4.26). The
computation of the variance estimator is described in Algorithm 3.

4.6 Numerical simulations

We now demonstrate our estimators on particle filtering and smoothing examples in HMMs
(see Ex. 4.3.1). We assume in this section that X =Y = R and that the dominating measure
is the Lebesgue measure. The model considered is the stochastic volatility model with, for all
n>1,

Xpt1 =9Xp+0Upt1 and Y, = Bexp(X,,/2)V,, (4.6.1)

with (¢, 5,0) = (.975, .641,.165), {Up }nen and {V;, }nen are two sequences of independent stan-
dard Gaussian noises and U, is independent of V;, for all (n,m) € N?. The state process
{ X, }nen is initialized with a Gaussian distribution with zero mean and variance o2/(1 — ¢?).
These are the exact values and initialization used in Olsson and Douc (2019). The assump-
tions on the model under which Olsson and Douc (2019) conduct their theoretical analysis
and (A4-5-6-7) are satisfied for this model. All the simulations are run on GPU and the
implementations using matrix operations are available at https://github.com/yazidjanati/
asymptoticvariance.
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Algorithm 3: Update at step ¢t + 1 of the variance estimator for marginal smoothing

Input: wt+17wt v/3t+1v t+1[hf] T??‘Sﬁt?‘gét’qbat—l—l(h@)

2 1 2

Output: —N""?/(N — 1)1 37, v wip10] 150041005 5)s TS SE 1 ST i1 St
1 7 g B BST

Compute T, = BB TPwEN, T, =BET :ﬁtH S = BESBEY

—0
Set tf,jf = Diag(T" t“), 7'?+1 =T — Dlag(’TtH),

Si1 = Si11 — Diag(Se1) + TS5
3 for i € {1,2} do

Compute g}j,tﬂ = Bfflséjtﬂfff.
L Set §}27t+1 = §§+1 — Diag(gfﬂ)
Set S} 141 = Styp1 + T © [Tewa (] Toga ] ']
Set S7,1 = S7,1 + T © [Tepalhe] + Tega[h] ]
8 Set Seir1= 8], — ¢é\\[t+1( 08741 + ¢g|t+1(h£) Stt1

4.6.1 Asymptotic variance of the predictor

We are interested in the estimation of the asymptotic variance of the predictor n}¥ (Id) at each
time step t. The estimator is given in Section B.2.2 of the Appendix. We use synthetic datasets
sampled from (4.6.1). The real asymptotic variances are intractable and we estimate them by
repeating independently and a thousand times the computation of each predictor mean 7} (Id)
with N = 10000 and then multiplying the sample variance by N.

We first investigate how the backward sampling variance estimators VN BS V and VN BS

behave in terms of computational time, bias and variance. The PaRIS estlmator is used Wlth
M = 3 without rejection sampling. For this first experiment, we sampled 750 observations from
(4.6.1) and ran 50 particle filters with N = 3000 from which we obtained 50 replicates of each
asymptotic variance estimate. The results are reported in Figure 4.1. The three estimators
exhibit approximately the same variance but the term by term version becomes slightly more
biased at t increases. Strikingly, the PaRIS estimator fo ;M behaves similarly to Vé\,[ t’BS with a
much lower computational time and complexity as can be seen on the left plot of Figure B.1 in
the supplementary material.

We now compare V%M with M = 3 to Chan and Lai (2013); Lee and Whiteley (2018); Olsson
and Douc (2019) on two different observation records of different length. For the lag size
parameter A, we found that A = 20 has the best bias-variance trade-off by comparing the
obtained fixed lag estimates with the crude asymptotic variance estimator. Note that in realistic
situations choosing the right A is non trivial (besides the strong mixing case, as argued in Olsson
and Douc (2019)) and for this reason we conducted the experiments with two additional lag
values, A € {100,200}. For moderately long observation records (¢ € [750]) and with N = 3000,
V,]X gM compares favorably in terms of bias-variance trade-off with the best lagged estimator and
even has similar computational time on GPU. The results are reported in Figure 4.2. The five
different estimators are computed with the same particle cloud and replicated 50 times. As
expected, when the lag is increased the fixed lag estimates exhibit more variance because of the
particle degeneracy. In the extreme case where the lag is set to 750 (CLE) bias and variance
both increase significantly, as showcased in the fifth plot.

For the longer time horizon ¢ € [3000] we set N = 5000 and picked three time steps in order
to monitor the bias and variance closely, see Figure 4.3. The variance of fo gM remains steady
while the bias increases gradually but slowly. This is attributed to the fact that our estimator is
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Figure 4.1: Long-term behavior onggBS (top), V,%M with M = 3 (middle) and V,%BS (bottom).

The black dashed line is the asymptotic variance estimated using brute force. The number of
particles is set to N = 2000.
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Figure 4.2: Long-term behavior of the asymptotic variance estimators up to t = 750. From
top to bottom: PaRIS version of VYJ,Y;BS with M = 3, lagged estimators with (in order) \ €
{20, 100,200, 750}. The case X = 750 corresponds to the CLE estimator. For each estimator,
the blurred colored lines represent each run out of fifty runs and solid colored lines correspond
to their average. The black dashed line is the asymptotic variance obtained by brute force. The
number of particles N is set to 2000.
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Figure 4.3: Long-term behavior of the asymptotic variance estimates up to t = 3000. White
dots represent the average of the asymptotic variance estimates of each algorithm. The dashed
black lines correspond to the asymptotic variances estimated by brute force. N is set to 5000
on the left boxplot and 10000 on the right one. The boxplots at each time step from left to right
are: V%M with M = 3 and then the lagged CLEs with A € {20,100, 200, 3000}.

a ratio of two estimators with increasing bias and variance. Nonetheless, our estimator remains
competitive with the best fixed lag estimator. Doubling the number of particles decreases
both bias and variance, as highlighted by the right plot. The computational cost of fo ;M
approximately twice larger than that of the genealogy tracing estimators when N = 5000 as
shown in Figure B.1 in the supplementary material. However, we are able to maintain a small
variance and bias without having to tune any other parameter besides the sample size. In more
complicated models or realistic scenarios, we do not know in advance which lag size is suitable
and using an inappropriate lag might yield poor estimates. We further investigate the stability
of our estimator with respect to ¢ by comparing

D Z TOZ]/N( ) . Z ]lEzO?gEJ /N( 1):

i,JE[N]? i,JE[N]?

which are central in the expression of the variance estimators (see Remark 4.4.6). We also
compare EES(t) := |(V, N BS (Id)/vee(1d)) — 1| and ET(t) which is defined in an analogous way.
For the CLE (4 3 11), although it is expected to collapse to 0 after O(N) timesteps following
Koskela et al. (2020), the estimator starts to exhibit high bias and variance much before as the
set of time 0 ancestors depletes at a fast rate. This is illustrated on the left plot of Figure 4.4
where we fix N to 1000 and vary ¢ between 0 and 3000. We see that D$T(t) decreases much
faster than DE®(¢) and this in turn translates into longer stability for our estimator as can be
seen on the right plot of the same figure.

4.6.2 Asymptotic variance of the smoother

Here we are interested in the estimation of the asymptotic variance associated to the FFBS
estimates of the marginal means ¢,,(Id) with ¢ fixed and ¢ > ¢ varying using Algorithm 3. For
this example we sampled four different observation records of length 160 each and ¢ is set to
100. The real asymptotic variances of each ¢, (Id) are intractable and they are estimated using
1000 independent replicates of the marginal means gbévlt(ld) with N = 10000. We then multiply
the obtained sample variance by N. The results are reported in Figure 4.5. As expected, the
crude estimates of the asymptotic variances all stagnate after some time ¢ due to the incoming

observations becoming less and less informative as ¢ grows and thus no longer influencing the
value of ¢y, (Id).
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Figure 4.4: Dependency on the time t of the variance estimators. The right plot displays the
empirical error En(t) for both BS and GT with N fized to 1000. We display the median and
the interquartile range over 30 runs. The left plot displays the median of Dy(t) associated with
the BS and GT wvariance estimators used on the right plot.
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Figure 4.5: Asymptotic variance estimates for four different observation records of the marginal
mean ¢%O|t(1d) where t € [100,160]. The blurred brown lines on the left plot represent 50 runs
and the solid brown line their average. The black dashed line is the crude variance estimator.
The number of particles N is set to 5000.

The estimator proposed in 4.5.3 captures well the behavior of the asymptotic variance with little
variance and also stagnates at the same time. We observed in our experiments that, in com-
parison with the variance estimators of filtering algorithms, for this estimator to provide good
performance more samples are required for shorter time horizons. Nonetheless, the increased
computational time incurred by the increase of the number of particles is to be compared with
the time it takes to compute the crude variance estimates up to t = 160, which is about 1 hour
when running on GPU. In comparison, one run of our estimator takes 3 minutes.

4.7 Conclusion and perspectives

We have derived a novel estimator for the asymptotic variance of the particle filter relying
on backward sampling instead of genealogy tracking, thus extending the works of Chan and
Lai (2013); Lee and Whiteley (2018); Du and Guyader (2021); Olsson and Douc (2019). Our
estimator has many similarities with the forward only FFBS for additive functionals and is
treated as such; we also derived a PaRIS version Olsson and Westerborn (2017) of the estimator.
As a second contribution, we have derived the first consistent asymptotic variance estimator for
the FFBS algorithm for which we gave a practical online implementation in the case of additive
smoothing.

After this paper was released, a novel estimator for the asymptotic variance of the particle filter
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was released Mastrototaro and Olsson (2023). They extend the fixed lag estimator of Olsson
and Douc (2019) into an estimator that adaptively calibrates the lag and is essentially free of
any tuning parameter. We believe that their methodology can be readily combined with our
estimator for the FFBS variance and that our proof technique can be adapted.

93






Chapter 5

State and parameter learning with
PaRIS particle Gibbs

5.1 Introduction

Sequential Monte Carlo (SMC) methods, or particle filters, are simulation-based approaches
used for the online approximation of posterior distributions in the context of Bayesian in-
ference in state space models. In nonlinear hidden Markov models (HMM), they have been
successfully applied for approximating online the typically intractable posterior distributions of
sequences of unobserved states (X5, , ..., Xs,) given observations (Yy,...,Y¥:,) for 0 < s1 < s9
and 0 < t; < to. Standard SMC methods use Monte Carlo samples generated recursively by
means of sequential importance sampling and resampling steps. A particle filter approximates
the flow of marginal posteriors by a sequence of occupation measures associated with a sequence
{& f\;l, t € N, of Monte Carlo samples, each particle £ being a random draw in the state space
of the hidden process. Particle filters revolve around two operations: a selection step duplicat-
ing/discarding particles with large/small importance weights, respectively, and a mutation step
evolving randomly the selected particles in the state space. Applying alternatingly and itera-
tively selection and mutation results in swarms of particles being both temporally and spatially
dependent. The joint state posteriors of an HMM can also be interpreted as laws associated
with a Markovian backward dynamics; this interpretation is useful, for instance, when design-
ing backward-sampling-based particle algorithms for nonlinear smoothing Douc et al. (2011a);
Del Moral et al. (2010c).

Throughout the years, several convergence results as the number N of particles tends to infinity
have been established; see, e.g., Del Moral (2004); Douc and Moulines (2008); Cappe et al.
(2005) and the references therein. In addition, a number of non-asymptotic results have been
established, including time-uniform bounds on the SMC L, error and bias as well as bounds
describing the propagation of chaos among the particles. Extensions to the backward-sampling-
based particle algorithms can also be found for instance in Douc et al. (2011a); Del Moral et al.
(2010c); Dubarry and Le Corff (2013).

In this chapter, we consider the problem of parameter learning with stochastic gradient algo-
rithms. We set the focus on learning the parameter of a function whose gradient is the smoothed
expectation of an additive functional, i.e. can be written ng..hy = E[hi(Xo.¢) | Yo.] for additive

functionals h; in the form
i—1

ht(x():t) = Z ﬁs(x& xs—l—l); (511)
5=0
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where X.,, and Yj., denote vectors of states and observations (see below for precise definitions).
Such expectations appear frequently in the context of maximume-likelihood parameter estimation
in nonlinear HMMs, for instance, when computing the score function (the gradient of the log-
likelihood function) or the Expectation Maximization intermediate quantity; see Cappé (2001);
Andrieu and Doucet (2003); Poyiadjis et al. (2005); Cappé (2011); Poyiadjis et al. (2011);
Le Corff and Fort (2013). In this specific context, where a smoothing estimator is employed
repeatedly to produce mean-field estimates, controlling the bias and the MSE of the estimator
becomes critical (see Karimi et al. (2019)). This learning problem is usually tackled using either
the Particle Gibbs Lindholm and Lindsten (2018), or classical smoothing algorithms such as
the FFBSi or the PARIS Olsson and Westerborn (2017). While the former has exponentially
decreasing bias (w.r.t the number of iterates) under standard assumptions, it usually results in
high variance and a huge waste of the particle cloud generated. The latter is biased, since it
is self normalised but results in smaller variance that the particle Gibbs. Recently, zero bias
estimators (see Jacob et al. (2020); Lee et al. (2020)) have been proposed based on the coupling
of the particle Gibbs that could be used in this framework, but they suffer from having a random
computational complexity and high variance.

We propose a new algorithm combining the PARIS and the particle Gibbs algorithms. The
conditional particle cloud resulting from the particle Gibbs is now used not only to generate
the next conditioning trajectory as in the usual particle Gibbs but it is also used to generate a
smoothing estimate, reducing waste of computational work.

This leads to a batch mode PARIS particle Gibbs (PPG) sampler, which we furnish with an
upper bound on the bias that decreases inversely proportionally to the number N of particles
and exponentially fast with the particle Gibbs iteration index (under the assumption that the
particle Gibbs sampler is uniformly ergodic), while keeping the MSE comparable to that of
the underlying backward smoother. Furthermore, in the context of score ascent with the PPG
we provide a non-asymptotic bound for the expectation of the squared gradient in terms of
bias and MSE of the PPG. This bound establishes an O(log(n)/+/n) convergence of the learning
procedure. This chapter and its contributions are structured as follows.

e In Section 5.3, we lay out the methodology of our Particle Gibbs within smoothing algo-
rithm, coined the PPG algorithm. We then provide an upper bound on its bias and MSE
as a function of the number of particles and the iteration index of the Gibbs algorithm,
see Theorem 5.3.1.

e In Section 5.4, we undertake the learning problem and present the second result of this
chapter, a O(log(n)/+/n) non-asymptotic bound on the expectation of the squared gradient
norm taken at a random index K, see Theorem 5.4.1.

e In Section 6.3, we illustrate our results through numerical experiments, showing that our
algorithm is empirically grounded.

Notation. For a given measurable space (X, X), where X is a countably generated o-algebra,
we denote by F(X) the set of bounded X/B(R)-measurable functions on X. For any h € F(X),
we let [|hllo = supex [h(z)] and osc(h) := sup(, zexz [h(x) — h(2')| denote the supremum
and oscillator norms of h, respectively. Let M(X) be the set of o-finite measures on (X, X)
and My (X) € M(X) the probability measures. For any h € F(X) and g € M(X) we write
w(h) = [h(x)pu(dz). For a Markov kernel K from (X, X) to another measurable space (Y,)),
we define the measurable function Kh : X 3 z — [ h(y)K(x,dy). The composition pK is a
probability measure on (Y, ) such that uK : X 3 A — [ pu(dz)K(z,dy)14(y). For all sequences
{au}uez and {b%}yez, and all s <t we write asy = {as,...,a;} and b = {b°,... b'}.
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5.2 Background

5.2.1 Hidden Markov models

Hidden Markov models consist of an unobserved state process { X; };cny and observations {Y; }sen,
where, at each time ¢ € N, the unobserved state X; and the observation Y; are assumed to take
values in some general measurable spaces (X¢, Xy) and (Yy, V), respectively. It is assumed that
{Xi}ien is a Markov chain with transition kernels {M;},en and initial distribution 79. Given
the states {X}}icn, the observations {Y;};en are assumed to be independent and such that for
all ¢ € N, the conditional distribution of the observation Y; depends only on the current state
X;. This distribution is assumed to admit a density g;(X;,-) with respect to some reference
measure. In the following we assume that we are given a fixed sequence {y; }+cn of observations
and define, abusing notations, g.(-) = ¢:(-,y:) for each t € N. We denote, for 0 < s < ¢,
Xsit := HZ:S Xy and Xy = ®Z:S X,. Consider the unnormalized transition kernel

Qs : Xs X X1 3 (2, A) — gs(x)Mg(x, A) (5.2.1)
and let
t—1
ot Xow 3 A s / 14(z04) 0(dz0) [] Qs (s, dzass). (5.2.2)
s=0

Using these quantities, we may define the joint-smoothing and predictor distributions at time
te N as

’YO:t(A)
b Ko D Ay ) 5.2.3
ot O 70:t(X0:t) ( )
N : X; > A nO:t(XO:t—l X A), (524)

respectively. It can be shown (see (Cappe et al., 2005, Section 3)) that 79, and 7, are the
conditional distributions of X¢.; and X; given Y{.;—1 respectively, evaluated at yg.;—1. Unfortu-
nately, these distributions, which are vital in Bayesian smoothing and filtering as they enable
the estimation of hidden states through the observed data stream, are available in a closed form
only in the cases of linear Gaussian models or models with finite state spaces; see Cappe et al.
(2005) for a comprehensive coverage.

5.2.2 Particle filters

For most models of interest in practice, the joint smoothing and predictor distributions are
intractable, and so are also any expectation associated with these distributions. Still, such
expectations can typically be efficiently estimated using particle methods, which are based on
the predictor recursion 7,41 = 7:Q¢/mge- At time ¢, if we assume that we have at hand a
consistent particle approximation of 7, formed by N random draws {&; i]\il, so-called particles,
in X; and given by n}¥ = N~} Zfil 652-, plugging 7} into the recursion tying n;,1 and 7; yields
the mixture ¥ Q;, from which a sample of N new particles can be drawn in order to construct
n 1. To do so, we sample, for all 1 < < N, ancestor indices af ~ Categorical({g: (1) }Y,)
and then propagate & 41~ My( +,-). This procedure, which is initialized by sampling the
initial particles {¢{}YY, independently from 19, describes the particle filter with multinomial
resampling and produces consistent estimators such that for every h € F(X;), n/¥(h) converges
almost surely to 7:(h) as the number N of particles tends to infinity.

This procedure can also be extended to produce particle approximations of the joint-smoothing
distributions {7o.:}+ten. Note that the successive ancestor selection steps described previously
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generates an ancestor line for each terminal particle £, which we denote by &},. It can then be
easily shown that 7}, = N~! Z 1 551 i forms a particle approximation of the joint-smoothing
distribution 79.;. However, it is well known that the same selection operation also depletes the
ancestor lines, since, at each step, two different particles are likely to originate from the same
ancestor from the previous generation. Thus, eventually, all the particles end up having a large
portion of their initial ancestry in common. This means that in practice, this naive approach,
which we refer to as the poor man’s smoother, suffers generally from high variance when used for
estimating joint-smoothing expectations of objective functionals depending on the whole state
trajectory.

5.2.3 Backward smoothing and the PARIS algorithm

We now discuss how to avoid the problem of particle degeneracy relative to the smoothing
problem by means of so-called backward sampling. While this line of research has broader appli-
cability, we restrict ourselves for the sake of simplicity to the case of additive state functionals
in the form

t(x0:¢) Z he(®s:s41),  Tot € Xos (5.2.5)

Appealingly, using the poor man’s smoother described in the previous section, smoothing of
additive functionals can be performed online alongside the particle filter by letting, for each
S?

Moishs = N 7! Zﬁ (5.2.6)
where the statistics {32}¥., satisfy the recursion

g—l—l = B?é + Bs(£?§,§§+1), (527)
where o, is, as described, the ancestor at time s of particle &’ ;.

As mentioned above, the previous estimator suffers from high variance when s is relatively
large with respect to N. However, assume now that the model is fully dominated in the sense
that each state process kernel M, has a transition density mg with respect to some reference
measure; then, interestingly, it is easily seen that the conditional probability that o’ = j given
the offspring &I, and the ancestors {¢£}Y, is given by

— 95(5 )mS(§s7£s+1)
Zﬁzl Js (‘gs)ms (55’ 55-&-1)
Here A; forms a backward Markov transition kernel on [1 : N| x [1 : N]. Using this observation,

we may avoid completely the particle-path degeneracy of the poor man’s smoother by simply
replacing the naive update (5.2.7) by the Rao—Blackwellized counterpart

Ag(i,7) :

(5.2.8)

N
§+1 = Z As(la]){ﬁg + Bs( g75;+1)} (529)

This approach, proposed in Del Moral et al. (2010c), avoids elegantly the path degeneracy as it
eliminates the ancestral connection between the particles by means of averaging. Furthermore,
it is entirely online since at step s only the particle populations LV and ¢ 11 are needed
to perform the update. Still, a significant drawback is the overall O(N?) complexity for the
computation of 31", since the calculation of each 3 41 in (5.2.9) involves the computation of N 2
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terms, which can be prohibitive when the number N of particles is large. Thus, in Olsson and
Westerborn (2017), the authors propose to sample M < N conditionally independent indices
{JW }]J\il from the distribution A4(7,-) and to update the statistics according to

Biga=M1Y" (ﬁ‘s]’] +he(€), £§+1)) : (5.2.10)
7=1

The key aspect of this approach is that the number M of sampled indices at each step can be
very small; indeed, for any fixed M > 2, the algorithm, which is referred to as the PARIS, can
be shown to be stochastically stable with an O(t) variance (see (Olsson and Westerborn, 2017,
Section 1) for details), and setting M to 2 or 3 yields typically fully satisfying results.

Let us end this section by mentioning that the PARIS estimator can be viewed as an alternative
to the FFBSm Doucet et al. (2000), rather than the FFBSi Godsill et al. (2004). Even if the
PARIS and FFBSi are both randomised versions of the FFBSm estimator, the PARIS is of a
different nature than the FFBSi. The PARIS approximates the forward-only FFBSm online in
the context of additive functionals by approximating each updating step by additional Monte
Carlo sampling. The sample size M is an accuracy parameter that determines the precision of
this approximation, and by increasing M the statistical properties of the PARIS approaches those
of the forward-only FFBSm (see (Olsson and Westerborn, 2017, Theorem 8)). On the other
hand, as shown in (Douc et al., 2011a, Corollary 9), the asymptotic variance of FFBSI is always
larger than that of the FFBSm, with a gap given by the variance of the state functional under
the joint-smoothing distribution. Thus, we expect, especially in the case of a low signal-to-
noise ratio, the PARIS estimator to be more accurate than the FFBSi for a given computational
budget. The methodology we develop next can be seamlessly extended to the FFBSm and
FFBSIi algorithms but since the PARIS has a practical edge w.r.t. the FFBSi, we chose to center
our contribution around it although the main idea behind our chapter is more general.

5.3 PARIS particle Gibbs

5.3.1 Particle Gibbs methods

The conditional particle filter (CPF) introduced in Andrieu et al. (2010) serves the basis of a
particle-based MCMC algorithm targeting the joint-smoothing distribution 79.¢. Let £ € N* be
an iteration index and (p+[¢] a conditional path used at iteration ¢ of the CPF to construct a
particle approximation of 7. as follows. At step s € [1 : t] of the CPF, a randomly selected
particle, with uniform probability 1/N, is set to (s[¢], whereas the remaining N — 1 particles
are all drawn from the mixture név_ 1Qs—1. At the final step, a new particle path (o [¢ + 1] is
drawn either:

o by selecting randomly, again with uniform probability 1/N, a genealogical trace from the
ancestral tree of the particles {¢I'V ! _, produced by the CPF, as in the vanilla particle
Gibbs sampler;

e or by generating the path by means of backward sampling, i.e., by drawing indices Jy.+
backwards in time according to J; ~ Categorical({1/N}Y ;) and, conditionally to Js 1,
Js ~ As(Jes1,-), s € [0: ¢t — 1], and letting (o [0 + 1] = (&, ... &), where the transition
kernels {Ag}._,, defined by (5.2.8), are induced by the particles produced by the CPF,
as proposed in Whiteley (2010).

The theoretical properties of the different versions of the particle Gibbs sampler are well studied
Singh et al. (2017); Chopin and Singh (2015b); Andrieu et al. (2018a). In short, the produced
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conditional paths ({p.t[¢])sen form a Markov chain whose marginal law converges geometrically
fast in total variation to the target distribution 7. As it is the case for smoothing algorithms,
the vanilla particle Gibbs sampler suffers from bad mixing due to particle path degeneracy
while its backward-sampling counterpart exhibits superior performance as t increases Lee et al.
(2020).

5.3.2 The PPG algorithm

Remarkably, for the standard particle Gibbs samplers to output a single conditional path, a
whole particle cloud {¢1V}L_ is generated and then discarded, resulting in significant waste of
computational work. Thus, we now introduce a variant of the PARIS algorithm, coined the PARIS
particle Gibbs (PPG), in which the conditional path of particle Gibbs with backward sampling
is merged with the intermediate particles, ensuring less computational waste and reduced bias
with respect to the vanilla PARIS.

In the following we let ¢ € N be a fixed time horizon, and describe in detail how the PPG
approximates iteratively 7g..h:, where h; is an additive functional in the form (5.2.5). Using a
given conditional path (p.¢[¢ — 1] as input, the ¢-th iteration of the PPG outputs a many-body
system ((&3.4,81), -+, (€%, BY)) comprising N backward particle paths {£).,})¥.; with associated
PARIS statistics {8{})¥, (5.2.10). This is the so-called conditional PARIS update detailed in
Algorithm 3. After this, an updated conditional path is selected with probability 1/N among
the N particle paths {&),})¥, and used as input in the next conditional PARIS operation. At
each iteration, the produced statistics {}}; provide an approximation of 79.4h; according to
(5.2.6). The overall algorithm is summarized in Algorithm 4. The function CPF describes one
internal step of the conditional particle filter and is given in Algorithm 8 of the supplementary
material. In addition, the PPG algorithm defines a Markov chain with Markov transition kernel
denoted by K; and detailed in (C.1.17).

Algorithm 3 One conditional PARIS update (cPaRIS)

IHPUt: {(ég)saﬁé)}’LNZP CS""l’ ;LS
Result: {(&.,11, 80411l
draw flﬁ ~ CPFsy1(Cst1)

S

for i < 1 to N do
draw {JA1M, ~ Ai,-)®M

. ie = il
set flyy e MM (B + ha(e8 €04)

. J;’l .
set fé:erl A (50:5 7§;+1)

Algorithm 4 One iteration of PPG

Input: Initial path Co., {hs ';;%)

Result: {51% i]\ila C(/):t

draw &5V ~ CPFo(Co)

set B8« 0forie[1:N]

for s+ 0tot—1do

L set {(g(%:s-‘rlv 6;—1—1) i]il — CP3R|S({(§6:S,/B§)}£\L1, Cs—&-la hs)

draw Ch, ~ NP, Ogi |

As performing k steps of the PPG results in & many-body systems, it is natural to consider the
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following roll-out estimator which combines the backward statistics from step kg < k to k:

(ko k), N (he) = [N (k — ko)] ™ Z Zﬁi (5.3.1)

l=ko+1 j=1

The total number of particles used in this estimator is C' = (N — 1)k per time step. We denote
by v = (k — ko) /k the ratio of the number of particles used in the estimator to the total number
of sampled particles.

We now state the first main results of the present chapter, in the form of theoretical bounds
on the bias and mean-squared error (MSE) of the roll-out estimator (5.3.1). These results
are obtained under the following strong mizing assumptions, which are now standard in the
literature (see Del Moral (2004); Douc and Moulines (2008); Del Moral (2013); Del Moral et al.
(2016); Lee et al. (2020)). It is crucial for obtaining quantitative bounds for particle smoothing
algorithms, see Olsson and Westerborn (2017) or Gloaguen et al. (2022) but also for the coupled
conditional backward sampling particle filter Lee et al. (2020).

(A9) For every s € N there exist 75, Ts, 05, and 05 in Rs¢ such that

(i) 75 < gs(xs) < 75 for every x5 € X,
(i) g5 < mg(xs,x541) < 75 for every (x5, Ts41) € Xost1.

Under (A9), define, for every s € N, ps 1= max,,¢o. 2 TnOm(Tmam) ! and, for every N € N,
and t € N such that N > N; := (14 5p2/2) V 2t(1 + p?),

1—(1+5tp?/2)/N
1+4t(1+2p7)/N
Note that xy+ € (0,1) for all N and ¢ as above.

Theorem 5.3.1. Assume (A9). Then for everyt € N, M € Ny, & € M1(Xp.t), ko € Ny, k > ko
and N € N, such that N > Ny,

kNt i=1-— (5.3.2)

’EE[H(ko,k),N(ht)] - UO:tht‘ < Obias (5.3.3)

2
Ee {(H(ko,k)yN(ht) - 770:tht) ] <o2..,

where

ias .k _ ~ )
o ¢/t Kt v Lo 1 lso 52 (L T hmllso)? cmse A
o = ) IN T T NG ko) \S N )

and ¢ ¢ and cf°V are constants that do not depend on N and Eg¢ denotes the expectation

under the law of the Markov chain formed by the PPG when initialized according to &.

cov

The proof is provided in the supplementary material. One of the important ingredients for
the proof is that under the smoothing distribution 7., the PPG estimates are unbiased (see
theorem C.1.6). Importantly, (5.3.3) provides a bound on the bias of the roll-out estimator that
decreases exponentially with the burn-in period kg and is inversely proportional to the number
N of particles. This means that we can improve the bias of the PARIS estimator with a better
allocation of the computational resources.

5.4 Parameter learning with PPG

We now turn to parameter learning using PPG and gradient-based methods. We set the focus
on learning the parameter 0 of a function V(0) whose gradient is the smoothed expectation of
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an additive functional sg.t ¢ in the form (5.2.5). Algorithm 6 defines a stochastic approximation
(SA) scheme where the noise forms a parameter dependent Markov chain with associated invari-
ant measure mp. We follow the approach of Karimi et al. (2019) to establish a non-asymptotic
bound over the mean field h(6) := mgso.¢ 9. Such a setting encompasses for instance the following
estimation procedures.

(1) Score ascent. In the case of fully dominated HMMs, we are often interested in optimizing

the log-likelihood of the observations given by V' (0) = log [ Y., (dxo::). By applying Fisher’s
identity, we may express its gradient as a smoothed expectation of an additive functional
according to

VoV (0) = / Vo log v0:¢(20:¢) No:t,0 (dzo:t),

t—1
= /Z52,9(1:67x€+1)770:t,9(dx0:t)7
=0

where sgg : Xpor1 3 (z,2") — Volog{gre(x)meg(z,2’)} and sp.p = Zz;é 50,0

(2) Backward KL surrogates. Inspired by Naesseth et al. (2020), we may consider the problem

18
19
20
21

22
23

24

25

of learning a surrogate model for ng. ¢ in the form gg(zo:1) = gy(z0) HZ;%) g(xe11,w0) by
minimizing V(¢) = KL(no.,6, q¢)-

Algorithm 5 Gradient estimation with roll-out PPG (éa)
Input: 6,(o:¢[0], so.t,9, number k of PPG iterations, burn-in k.
Result: 8V [ko : k], Cout[k]
for /< 0to k—1do
(NtIZN[E + 1]) CO:t[g + 1]) — PPG(Qa CO:t[E]v SO:t,Q)
if £ > kyg—1 then
L set BEN[0+ 1) = BEN[E+1]

Algorithm 6 Score ascent with PPG.
Input: 6o, (o.+[0], number k of PPG iterations, burn-in kg, number of SA iterations n, learning-

rate sequence {s}seN.
Result: 6,

fori<0ton—1do .
LN (ko < k], Couli + 1] < Gd (63, Coue 4], So:t,6; k, ko)
set TL(x, k), N (50:4,6,) = m Ele:;o Zé'v:1 ety

set Oiy1 < 0 + Yir1 (g 1), v (S0:2,6;)

Note that Algorithm 5 defines a (collapsed) Markov kernel Py, defining for each path (o a
measure Py ;(Co.t, d(Cout, BN [ko : K])) over the extended space of paths and sufficient statistics.
Note that by evaluating the function b}*N [ko : k] = [N (k — ko)] ™" Zf:koﬂ Zﬁvzl bl [{] at a reali-
sation of this kernel gives the roll-out estimator whose properties are analysed in Theorem 5.3.1.
The Markov kernel Py ; is detailed in (C.2.4).

The following assumptions, are vital when analysing the convergence of Algorithm 6.

(A10) (i) The function @ — V(6) is LY-smooth.

(ii) The function 6 — ng.; ¢ is L"-Lipschitz in total variation distance.
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(iii) For each path (p.x € Xo.t, the function 6 — K@,t(CO:th:O:t) is L-Lipschitz in total
variation distance, where Ky ; is the path-marginalized Markov transition kernel
associated with the PPG algorithm when the model is parameterized by 6, see (C.1.17).

(iv) For each path (p.; € Xo.¢, the function

0+ Py 11Tk, 15,8 (S0:t,0) (Co:t) (5.4.1)

is LI-Lipschitz in total variation distance.

In the case of score ascent we check, in Section C.2, that these assumptions hold if the strong
mixing assumption (A9) is satisfied uniformly in 6, and with additional assumptions on the
model. We are now ready to state a bound on the mean field h(0) for Algorithm 6.

Theorem 5.4.1. Assume (A9) uniformly in 0 and (A10) and suppose that the stepsizes

{Ves1ociom) satisfy verr < Yo e < avesrrs v — Y1 < @yf and 1 < 0.5(LY + C) for
some a >0, a’ >0 and all n € N. Then,

Vo + Com + Coxy kim0 Vi1

E [[|h(02)]?] < 2 (5.4.2

[H (b=)l } > k=0 Vh+1 )
where Vo, =E [V (0) — V(6,)] and

Con 1= 717(00)Co + Thias(y1 = Ynr1 + 1)0j n s » (5.4.3)

_ C _
CO,'y = UgnSeLV + OmseC1 + UbiasLV5k7}V,t + OmseTbias (LV + 1;]\[) 6k,JlV,t ’ (5'4'4)
.
_ 10sC a+1
Ch = (LY +d + D)opiasdp s, + | O + —Zbies2 [ + aamse} , (5.4.5)
. (1 — KN )0k Nt 2
Cr= LY [1+ Kk bk, + LY (5.4.6)
Co = LY 6 vy + L6, - (5.4.7)

where Cy 1is independent of oyias, Omse, N and where o ny =1 — /i?vt.

Theorem 5.4.1 establishes not only the convergence of Algorithm 6, but also illustrates the
impact of the bias and the variance of the PPG on the convergence rate.

Remark 5.4.2. Under additional assumptions on the model (cf Section C.2), if we consider

1 < 05(LY +Ch), ve = 7l™V? for all £ € [1 : n], then 37, Vi) koY1 ~ logn//n,
showing that E [||h(0=)]?] is O(logn//n), where the leading constant depends on opies and

Omse-

Remark 5.4.2 establishes the rate of convergence of Algorithm 6. In principle we could try to
optimize the parameters k, kg and N of the algorithm using these bounds, but one of the main
challenges with this approach is the determination of the mixing rate, which is crudely upper
bounded by sy ;. Still, our bound provides interesting information of the role of both bias and
MSE.

5.5 Numerical experiments

In this section, we focus on the numerical analysis of the two main results of the chapter,
namely the bias and MSE bounds of the roll-out estimator established in Theorem 5.3.1 and
the efficiency of using PPG for learning in the framework developed in Section 5.4. For the latter,
we will restrict ourselves to the case of parameter learning via score ascent. The code used in

103



26
27
28
29
30

this section is available '. Throughout this section, we set M = 2 for the PPG algorithm. In
this setting, the competing method that corresponds most closely to the one presented here
consists of using, as presented in Algorithm 7, a standard particle Gibbs sampler Iy instead of
the PPG. One of the most common such samplers is the particle Gibbs with ancestor sampling
(PGAS) presented in Lindsten et al. (2014). In Lindholm and Lindsten (2018), the PGAS is used
for parameter learning in HMMs via the Expectation Maximization (EM) algorithm.

Algorithm 7 Score ascent with particle Gibbs kernel.
Data: (y.[0], 0o, number k of paths per trajectory, burn-in kg, number n of SA iterations,
learning-rate sequence {7 }ren, o (o, dfo:t) a Markov kernel targeting 7.
Result: 6,
fori<0ton—1do
for j < 0tok—1do

L sample g:o:t[j +1] ~ H@(fo:t[jL )
set 9i+1 — 91 + gl_zlo Z?:ko—f—l 50:t,0; (5075[5])
set CO:t[i + 1] = CO:t[k]

5.5.1 PPG

Linear Gaussian state-space model (LGSSM). We first consider a linear Gaussian HMM
X1 = AXp + Qemt1, Y = BXy + RGn, meN, (5.5.1)

where {€}men, and {(n}men are sequences of independent standard normally distributed
random variables, independent of Xy. The coefficients A, Q, B, and R are assumed to be
known and equal to 0.97, 0.60, 0.54, and 0.33, respectively. Using this parameterisation, we
generate, by simulation, a record of ¢ = 999 observations.

In this setting, we aim at computing smoothed expectations of the state one-lag covariance
hi(xo) == Zf{:lo TmTm+1. In the linear Gaussian case, the disturbance smoother (see (Cappe
et al., 2005, Algorithm 5.2.15)) provides the exact values of the smoothed sufficient statistics,
which allows us to study the bias of the estimator for a given computational budget C'. Figure 5.1
displays, for three different total budgets C, the distribution of estimates of 7g.,h, using the
PARIS as well as three different configurations of the PPG corresponding to k € {2,4,10} (and
N = C/k) with kg = k/2 and kg = k/4. The reference value is shown as a red-dashed
line and the mean value of each distribution is shown as a black-dashed line. Each boxplot
is based on 1000 independent replicates of the corresponding estimator. We observe that in
this example, all configurations of the PPG are less biased than the equivalent PARIS estimator
while maintaining comparable variance. The illustration of the bounds from Theorem 5.3.1 is
postponed to Section C.3.3.

5.5.2 Score ascent

LGSSM. We consider the LGSSM with state and observation spaces being R®. We assume
that the parameters R and () are known and consider the inference of § = (A, B) on the basis of
a simulated sequence of n = 999 observations. In this setting, the M-step of the EM algorithm
can be solved exactly with the disturbance smoother (Cappe et al., 2005, Chapter 11). The
parameter obtained by this procedure (denoted 6,,) is the reference value for any likelihood

"https://anonymous.4open.science/r/ppg/
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Figure 5.1: PARIS and PPG outputs for the LGSSM for C = 500, yellow bozes correspond to PPG
outputs produced using N € {10,25,50,100} iterations and k = C/N particles with ko = k/2.

maximization algorithm. Table 5.1 shows the Ly distance between the singular values of 6,
and those of the parameters obtained by Algorithm 6 and Algorithm 7. The CLT confidence
intervals were obtained on the basis of 25 replicates. The configurations of the PPG estimators
respect a given particle budget kN = C' = 1024. For a fair comparison, for each configuration
of the PPG estimator, we run an equivalent w.r.t. clock time PGAS estimator. The time needed
for one gradient step for each estimator averaged over 100 replicates is reported in Table 5.1.
The choice of keeping ko = k/2 is a heuristic rule to achieve a good bias—variance trade-off,
but other combinations of ky and k£ may lead to better performance for different problems. We
analyse the impact of the different settings for the LGSMM in Section C.3.4.All settings are the
same for both algorithms and are described in Section C.3.4. The PPG achieves consistently a
smaller distance to 0,,;.. Figure 5.2 displays, for each estimator and configuration, the evolution
of the distance to the MLE estimator as a function of the iteration index.

2 x 100

100
! —— PGAS(N=64, k=48)
Q PGAS(N=128, k=24)
6x1071 PGAS(N=256, k=12)
PPG(N=64, k=32)
4x1071 PPG(N=128, k=16)
3x 10-1| —— PPG(N=256, k=8)
100 10! 102 103 104

Figure 5.2: Distance to the MLE estimator as a function of the iteration step for the PGAS
and PPG configurations from table 5.1. The solid lines and the shaded region represent the mean
and CLT confidence intervals obtained with 25 replications.

CRNN. We consider now the problem of inference in a non-linear HMM and in particular
the chaotic recurrent neural network introduced by Zhao et al. (2022). We use the same setting
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Algorithm | N | ko | k D e 5t(s)
PGAS 64 | 24 | 48 | 0.72 £ 0.04 | 5.66
PGAS 128 1 12 | 24 | 0.59 £ 0.04 | 2.84
PGAS 256 | 6 | 12| 0.59 + 0.05 | 1.42
PPG 64 | 16 | 32 | 0.37 £ 0.03 | 4.56
PPG 128 | 8 | 16 | 0.36 = 0.04 | 2.37
PPG 2566 | 4 | 8 |1 0.35+£0.04 | 1.57

Table 5.1: Distance to Onpg (Dmie) for each configuration in the LGSSM case. 0t(s) represents
the average running time for each configuration.

Algorithm | N | ko | k NLL dt(s)
PGAS 32 | 32 | 64 | 31887 £ 128 | 3.90
PGAS 64 | 16 | 32 | 31269 £ 254 | 1.99
PGAS 128 | 8 | 16 | 30994 + 288 | 1.16
PPG 32 |16 | 32 | 22292 £ 48 | 2.79
PPG 64 | 8 | 16 | 22315 £ 25 | 1.39
PPG 128 | 4 | 8 | 22353 £ 39 | 0.92

Table 5.2: Per configuration negative loglikelihood for the CRNN model.

as in the original chapter. The state and observation equations are

X1 = Xon + 7 A (=X, + AW tanh(X,)) + €,
Yoo =BXm+Cn, meN,

where {€p }men, is a sequence of 20-dimensional independent multivariate Gaussian random
variables with zero mean and covariance 0.011 and {(p}men is a sequence of independent
random variables where each component is distributed independently according to a Student’s
t-distribution with scale 0.1 and 2 degrees of freedom. We consider § = (W, B).

In this case, the natural metric used to evaluate the different estimators is the negative log
likelihood (NLL). We use the unbiased estimator of the likelihood given by the mean of the
log weights produced by a particle filter (Douc et al., 2014, Section 12.1) using N = 10*
particles. Table 5.2 shows the results obtained for 25 different replications for several different
configurations of PPG while keeping total budget of particles fixed. As for the LGSSM, for each
configuration of the PPG we run the time-equivalent PGAS estimator. Further numerical details
and the system configuration used in the experiments are given in Section C.3.4. We observe
that PPG achieves a considerably lower NLL than PGAS in all configurations.

5.6 Conclusion and perspectives

We have presented a new algorithm, referred to as PPG as well as bounds on its bias and MSE
in Theorem 5.3.1. We then propose a way of using PPG in a learning framework and derive
a non-asymptotic bound over the gradient of the updates when doing score ascent with the
PPG with explicit dependence on the bias and MSE of the estimator. We provide numerical
simulations to support our claims, and we show that our algorithm outperforms the current
competitors in the two different examples analysed.

In Cardoso et al. (2022) they use a bootstrap, or reshuffling, approach to reduce the variance
of their bias reduced SNIS estimator. It is not clear if such approach can be extended to
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the sequential case. Note also that the Lipschitz constant of Kg; possesses an unexpected
dependence on N — 1 (see Corollary C.2.8). One would expect it not to be true in that we
know that Ky, converges geometrically fast and uniformly to no.; and this is faster as NV gets
bigger. Therefore, for large N the Lipschitz constant is expected to converge to that of 7g.4
whose Lipschitz constant is independent of V.
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Chapter 6

Monte Carlo guided Diffusion for
Bayesian linear inverse problems

6.1 Introduction

This paper is concerned with linear inverse problems y = Ax + oye, where y € RZ is a vector
of indirect observations, z € R9 is the vector of unknowns, A € R9*dz is the linear forward
operator and ¢ € R% is an unknown noise vector. This general model is used throughout com-
putational imaging, including various tomographic imaging applications such as common types
of magnetic resonance imaging Vlaardingerbroek and Boer (2013), X-ray computed tomography
Elbakri and Fessler (2002), radar imaging Cheney and Borden (2009), and basic image restora-
tion tasks such as deblurring, superresolution, and image inpainting Gonzélez et al. (2009). The
classical approach to solving linear inverse problems relies on prior knowledge about x, such as its
smoothness, sparseness in a dictionary, or its geometric properties. These approaches attempt
to estimate a Z by minimizing a regularized inverse problem, & = argmin, {||y — Az|> + Reg(z)},
where Reg is a regularization term that balances data fidelity and noise while enabling efficient
computations. However, a common difficulty in the regularized inverse problem is the selection
of an appropriate regularizer, which has a decisive influence on the quality of the reconstruc-
tion.

Whereas regularized inverse problems continue to dominate the field, many alternative statis-
tical formulations have been proposed; see Besag et al. (1991); Idier (2013); Marnissi et al.
(2017) and the references therein - see also Stuart (2010) for a mathematical perspective. A
main advantage of statistical approaches is that they allow for uncertainty quantifica-
tion in the reconstructed solution; see Dashti and Stuart (2017). The Bayes’ formulation of
the regularized inverse problem is based on considering the indirect measurement Y, the state
X and the noise ¢ as random variables, and to specify p(y|z) the likelihood (the conditional
distribution of Y at X) and the prior p(x) (the distribution of the state). One can use Bayes’
theorem to obtain the posterior distribution p(z|y) « p(y|z)p(x), where " o< " means that
the two sides are equal to each other up to a multiplicative constant that does not depend on
x. Moreover, the use of an appropriate method for Bayesian inference allows the quantification
of the uncertainty in the reconstructed solution xz. A variety of priors are available, including
but not limited to Laplace priors Figueiredo et al. (2007), total variation (TV) priors Kaipio
et al. (2000) and mixture-of-Gaussians priors Fergus et al. (2006). In the last decade, a vari-
ety of techniques have been proposed to design and train generative models (GM) capable of
producing perceptually realistic images Kingma and Welling (2019); Kobyzev et al. (2020); Gui
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et al. (2021). Denoising diffusion models have been shown to be particularly effective generative
models in this context Sohl-Dickstein et al. (2015); Song et al. (2021c,a,b); Benton et al. (2022).
These models convert noise into natural images through a series of denoising steps. A popular
approach is to use a fixed, generic diffusion model that has been pre-trained for image gener-
ation, eliminating the need for re-training and making the process more efficient and versatile
Trippe et al. (2023); Zhang et al. (2023).

Although this was not the main motivation for developing GM, these models can of course be
used as prior distributions in Bayesian inverse problems. This simple observation has led to a
new, fast-growing line of research on how linear inverse problems can benefit from the flexibility
and expressive power of the recently introduced deep generative models; see Arjomand Bigdeli
et al. (2017); Wei et al. (2022); Su et al. (2022); Kaltenbach et al. (2023); Shin and Choi (2023);
Zhihang et al. (2023); Sahlstrom and Tarvainen (2023) and the references therein.

Contributions

e We propose MCGdiff, a novel algorithm for sampling from the Bayesian posterior of Gaussian
linear inverse problems with denoising diffusion model priors. MCGdiff specifically exploits the
structure of both the linear inverse problem and the denoising diffusion generative model to
design an efficient Sequential Monte Carlo (SMC) sampler.

e We establish under sensible assumptions that the empirical distribution of the samples pro-
duced by MCGdiff converges to the target posterior when the number of particles goes to infinity.
To the best of our knowledge, MCGdiff is the first provably consistent algorithm for conditional
sampling from the denoising diffusion posteriors.

e To evaluate the performance of MCGdiff, we perform numerical simulations on several ex-
amples (in high-dimension) for which the target posterior distribution is known. Simulation
results support our theoretical results, i.e. the empirical distribution of samples from MCGdiff
converges to the target posterior distribution. This is not the case for the competing methods
(using the same denoising diffusion generative priors) which are shown, when run with random
initialization of the denoising diffusion, to generate a significant number of samples outside the
support of the target posterior.

e We perform experimental evaluations on inpainting problems on CelebA-HQ, showing that
MCGdiff generates both diverse and realistic reconstructions, which are coherent with the ob-
servations.

Background and notations.

This section provides a concise overview of the diffusion model framework and notations used
in this paper. We cover only the elements that are important for understanding our approach,
and we recommend that readers refer to the original papers for complete details and derivations
Sohl-Dickstein et al. (2015); Ho et al. (2020); Song et al. (2021c,a). A denoising diffusion model
is a generative model that consists of a forward and a backward process. The forward noising
process involves sampling a data point Xg ~ qgata from the data distribution, which is then
converted to a sequence Xi., of recursively corrupted versions of Xy. On the other hand,
the backward denoising process involves sampling X, according to an easy-to-sample reference
distribution on RY and generating X, € R% by a sequence of denoising steps. Following Sohl-
Dickstein et al. (2015); Song et al. (2021a), the forward noising process can be chosen as a
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Markov chain with joint distribution

Q0 (Toin) = Gdata(z0) [[ @t(@elzio1),  @(@ilzi1) = N2 (1 - B) 221, By 1a,),  (6.1.1)
t=1

where Iy, is the identity matrix of size dg, {8, t € N} C (0,1) is a non-increasing sequence
and N (x; i, Y) is the p.d.f. of the Gaussian distribution with mean p and covariance matrix
Y (assumed to be non-singular) evaluated at x. For all ¢ > 0, set a; = [[5_;(1 — 3¢) with the
convention ag = 1. We have for all 0 < s <t < n,

t
Qt\s(xt’xs) = / H QZ(xE‘xZ—l)dxs-‘rl:t—l = N(I’t; (&t/&s)l/st’ (1 - O_ét/as) Idr) . (612)
l=s5+1

For the standard choices of &;, the sequence of distributions (q;); converges weakly to the
standard normal distribution as ¢t — oo, which we chose as the reference distribution. For
the reverse process, Song et al. (2021a,b) introduce an inference distribution q‘l’:n‘o(:clm\xo),
depending on a sequence {0y, t € N} of hyperparameters satisfying o7 € [0,1 — @;_1] for all
t € N*, and defined as

2

4T njo(@1:0l70) = g0 (@nlzo) T 67 1j1.0(@i-1]21, 20)
t=n

where g7 (zn|20) = N (:cn; ay*zo, (1—ay) I) and

q;’,w,o(wtfl\wt,wo) =N (xt—1§ut($0>$t)a0t2 Id) ) (6.1.3)
where
_1/2 _ _1/2 _
(0, ) = 0%11%0 +(1—ay_y — o) % (xy — at/ 20)/(1 — a)"/2. (6.1.4)
Fort=n—1,...,1, we define by backward induction the sequence:
@fo(we|wo) = /q?\t+1,o(9€t\3«“t+17mo)q?+1|o($t+1\$0)d$t+1~ (6.1.5)

It is shown in (Song et al., 2021a, Lemma 1) that for all ¢ € [1 : n], the distributions of the
forward and inference process conditioned on the initial state coincide, i.e. that

@o(t|zo) = qujo(@e|wo). (6.1.6)

The backward denoising process is derived from the inference distribution by replacing, for each
t € [2:n], zo in the definition 471} 0(Tt—1|ze, 20) with a prediction

Xy (we) o= a2 (o — (1= G0) 2wy, 1)) (6.1.7)

where €?(z,t) is typically a neural network parameterized by . More formally, the backward

distribution is defined as
n+1

pg:n(Q:O:n) = pp(2n) H p§($t|$t+1) )
t=0

where p,,(z,) = N(x,;04,,14, 1q,) and for all t € [1:n — 1],

0 0
pi(@t|zes) = qg|t+1,0($t|xt+1a Xo\t+1(~’1«°t+1))

P ) (6.1.8)
= N(Ita mt+1($t+1)7 O-t-i-l:[d;c) )
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where myyq(x441) = H(Xg|t+1($t+1)a x¢y1) and Og, is the null vector of size d,. At step 0, we
set py(zo|z1) = N($0;X8|1($1),0%Idw)- The parameter 6 is obtained (see (Song et al., 2021a,
Theorem 1)) by solving the following optimization problem:

n
6. € argmin Y ﬁ / e — 6 (v/arzo + /T = are, ) |EA(€: O, . Ta, )aata (dz0)de . (6.1.9)

t=1 “TTC
Thus, e’ (X¢,t) might be seen as the predictor of the noise added to Xy to obtain X; (in
the forward pass) and justifies the “prediction” terminology for (6.1.7). The time 0 marginal
pg* (xo) = [ pgfn(;ro;n)dxl;n which we will refer to as the prior is used as an approximation of
Qdata and the time s marginal is p’*(z4) = [ pgfn($0:n)dx1:5_1d$3+1;n. In the rest of the paper we
drop the dependence on the parameter 6,. We define for all v € RY,w € R¥, the concatenation
operator v~-w = [vT,wT]T € R*. For i € [1: £], we let v[i] the i-th coordinate of the vector
V.

Related works.

The subject of Bayesian problems is very vast, and it is impossible to discuss here all the results
obtained in this very rich literature. We will focus on image restoration problems, (deblur-
ring, denoising inpainting) a challenging problem in computer vision that involves restoring
a partially observed degraded image. Deep learning techniques are widely used for this task
Arjomand Bigdeli et al. (2017); Yeh et al. (2018); Xiang et al. (2023); Wei et al. (2022) with
many of them relying on auto-encoders, VAEs Ivanov et al. (2018); Peng et al. (2021); Zheng
et al. (2019), GANs Yeh et al. (2018); Zeng et al. (2022), or autoregressive transformers Yu
et al. (2018); Wan et al. (2021).

In what follows, we focus on methods based on denoising diffusion that has recently emerged
as a way to produce high-quality realistic images on par with the best GANs in terms of image
generation, without the intricacies of adversarial training; see Sohl-Dickstein et al. (2015); Song
et al. (2021c¢, 2022). Diffusion-based approaches do not require specific training for degradation
types, making them much more versatile and computationally efficient. In Song et al. (2022),
noisy linear inverse problems are proposed to be solved by diffusing the degraded observation
forward, leading to intermediate observations {ys}7_,, and then running a modified backward
process that promotes consistency with ys at each step s. The Denoising-Diffusion-Restoration
model (DDRM) Kawar et al. (2022) also modifies the backward process so that the unobserved
part of the state follows the backward process while the observed part is obtained as a noisy
weighted sum between the noisy observation and the prediction of the state. As observed
by Lugmayr et al. (2022), DDRM is very efficient, but the simple blending used occasionally
causes inconsistency in the restoration process. The recently introduced DPS Chung et al.
(2023) considers a backward process targeting the posterior. DPS approximates the score of
the posterior using the Tweedie formula, which incorporates the learned score of the prior.
The approximation error is quantified and shown to decrease when the noise level is large,
i.e., when the posterior is close to the prior distribution. As shown in Section 6.3 with a very
simple example, neither DDRM nor DPS can be used to sample the target posterior and therefore
do not solve the Bayesian recovery problem (even if we run DDRM and DPS several time with
independent initializations). Indeed, we show that DDRM and DPS produce samples under the
"prior" distribution (which is generally captured very well by the denoising diffusion model),
but which are not consistent with the observations (many samples land in areas with very low
likelihood).

In Trippe et al. (2023) the authors introduce SMCdiff, a Sequential Monte Carlo-based denois-
ing diffusion model that aims at solving specifically the inpainting problem. SMCdiff produces
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a particle approximation of the conditional distribution of the non observed part of the state
conditionally on a forward-diffused trajectory of the observation. The resulting particle ap-
proximation is shown to converge to the true posterior of the GM under the assumption that
the joint laws of the forward and backward processes coincide, which fails to be true in realis-
tic setting. Other than being restricted to the noiseless inpainting problem, their assumption
cannot be guaranteed to hold in realistic scenarios. In comparison with SMCdiff, MCGdiff is a
versatile approach that solves any Bayesian linear inverse problem while being consistent under
practically no assumption.

6.2 The MCGdiff algorithm

In this section we present our methodology for the inpainting problem (6.2.1), both with noise
and without noise. The more general case is treated in Section 6.2.3. Let d, € [1:d, —1]. In
what follows we may denote the d, top coordinates of a vector x € RY% by Z and the remaining
coordinates by z, so that £ = T"z. The inpainting problem is defined as

Y=X+o04, e~N(0]Ig,), 0>0, (6.2.1)

where X are the first d,, coordinates of a random variable X ~ pg. The goal is then to recover
the law of the complete state X given a realization y of the incomplete observation Y and the
model (6.2.1).

6.2.1 Noiseless case

We begin by considering the case in which o, = 0. Since the first d, coordinates are observed
exactly, we aim at infering the remaining coordinates of the random variable, which correspond
to X. As such, given an observation y, we aim at sampling from the posterior given by ¢} (zg) o
po(y~zy) and which has integral form

n—1

Pp(2o) o /pn(:vn) { 11 ps(xslxs+1)}po(y“:cg\xl)da:m : (6.2.2)

s=1

To solve this problem, we propose to use Sequential Monte Carlo (SMC) algorithms Doucet
et al. (2001); Cappe et al. (2005); Chopin et al. (2020), where a set of N random samples,
referred to as particles, is iteratively updated to approximate the posterior distribution. The
updates involve, at iteration s, selecting promising particles from fiﬁ = (&4, ... ,fﬁl) based
on a weight function w,, to which we then apply a Markov transition p? to obtain the samples

LN The transition pY¥(zs|rsy1) is designed to follow the backward process while guiding the
d, top coordinates of the pool of particles ¢IN towards the measurement y. Before we proceed
to define the transition kernels, note that under the backward dynamics (6.1.8), X; and X, are
independent conditionally on Xy; with transition kernels respectively

Pe(Telwii1) = N (@ Mg (wi41),07001a,) s (@) = Nz my g (ze41), 0741 1d, )

where Myy1(7441) € R and my, | (v44+1) € R% ™% are such that mep1 (w141) = M1 (Te41) My (Te41)
and the above kernels satisfy p,(zs|zs+1) = Py(Tt|ve41)p, (@ 2e41).-

We consider the following proposal kernels for the steps t € [1 : n],

p(aelrest) o py(@dlaie)Go(@ly) . where @yo(@ily) == N (@ &y, (1 — ala,), (6.2.3)
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and pj(xn) o< pn(Zn)qy0(ZTnly). For the final step, we use the kernel pf(zo|z1) = p,(zo|z1).
Using standard Gaussian conjugation formulas, we find that

Pl (ilaer) = p, (@ lzin) - N (Fe Keoyy + (1= K (@), (1= @K - 1o, )
pn<$n) = N(Qm 0dzfdyaldmfdy) : N(fm KnO_é,lﬂy, (1 - an)Kn : Idy)

where K; := 0t2+1/(01€2+1 + 1 — ay). For this procedure to target the posterior ¢, the weight
function wy is chosen as follows; we set

an—l(‘rn) = /pn_l(xn—l‘mn)an_”o(fn—l‘y)dxn—l
=N ( a,” 1y, My (), 02 +1 — as)
and for t € [1:n — 2],
Buawn) = [ Pu@ e a0 @ly)da /0@ ly)

N (aiﬂy;ﬁtﬂ(xﬁl), (021 4+1— at)Idy) (6.2.4)
N (ai—{—zly;ft-‘rlv (]- - at+1)1dy)

For the final step, we set Wy(z1) =
¢y using the instrumental kernel (6
rithm 4.

Po(yT1)/T10(T1]y). The overall SMC algorithm targeting
6.2.3) and weight function (6.2.4) is summarized in Algo-

Algorithm 4: MCGdiff (o = 0)
Input: Number of particles NV
Output: &V
// Operations involving index i are repeated for each i € [1: N]
zh, ~N(04,,14,), 2, ~N(04,—-d,,1d,—d,);
E:z = Knéhlz/zy ‘|' (1- dn)Kngiz;
Set & = ¢
forsen—l.()do
if s=n —1 then
| B (6) = N @y Ma(€),2 - an);
else

| B =N (@ Py (€), 0% + 1 - as) /N (@98 1 - den );

A;—i-l ~ Categorical({@s( s+1)/2k 1Ws (§s+1) 1);

& —Kallyt (1K e (E0) + (1 - V2K,
gs - ms—i—l(és—i—l) + O-S-l-lés’

Set & — € ¢

We now provide a justification to Algorithm 4. Let {g¥}7_, be a sequence of positive functions.
Consider the sequence of distributions {¢¥}"_,; eﬁned as follows, oY (x) X pp(Tn)9d(z,) and
fort € [1:n—1]

g¢ (1)

¢} () ng<$t+1)Pt($t|xt+1)¢?+1(dl‘t+1) , (6.2.5)
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By construction, the time ¢ marginal (6.2.5) is @7 (z¢) o< pe(w¢)gf (a1) for all ¢ € [1 : n]. Then,
using ¢¥ and (6.2.2), we have that

o8 (xo) oc/po (yl71) pO (zo|z1)dY (da1) . (6.2.6)

The recursion (6.2.5) suggests a way of obtaining a particle approximation of ¢§; by sequentially
approximating each ¢ we can effectively derive a particle approximation of the posterior using
(6.2.6). To construct the intermediate particle approximations we use the framework of auziliary
particle filters (APF) Pitt and Shephard (1999). We focus on the particular case where g/ (z;) =
Gtjo(Tt|y) which corresponds to Algorithm 4. The initial particle approximation ¢j, is obtained
by drawing N ii.d. samples (&},...,&N) from p¥ and setting ¢ = N-1 SN, d¢i where d¢ is
the Dirac mass at £ . Assume that the empirical approximation of ¢ 41 18

N
N _ n—1 )
b1 =N 22155;“ )
1=

where (&}, ,,...,&Y ) are N random variables. Substituting ¢;\, into the recursion (6.2.5) and
introducing the instrumental kernel (6.2.3), we obtain the following mixture

N

N _ &t(€§+1)' Y % 6.2.7
or (1) ;Z%@(&AQM(%‘QH)I (6.2.7)

Then, a particle approximation of (6.2.7) is obtained by sampling N conditionally i.i.d. ancestor
indices
. N .
Aplii.d Categorical ({@y(¢141)/ Y @,(6),1) 1)
j=1
and then propagating each ancestor particle £, t“
The final particle approximation is given by

according to the instrumental kernel (6.2.3).

oY = N1 Z Ogi , where &0 ~ py (& 0), Al ~ Categorical ({&(¢F)/ Z&O(ﬁ{)}é\le) .
i=1 = j=1

The potential g (1) = Gyo(T¢|y), and hence Equations (6.2.5) and (6 2.6), is motivated by con-
sidering the posterior of the state under the forward process (6.1.1) pf (1) := [ ¢§(20)qejo(xtly ™) dzg.
Indeed, first note that the bridge kernel decomposes across the dimensions as follows,

@i_1j0(@e-1]T, T0) = T_1)1.0(Te-1]Zt, To)gg_l|t70(§t—l‘£t7£0)

where

Tje1,0(Tt|Tes1,To) = N (T e (To, Tey1), o7iila,)

Q?,1|t70(£t71|£t7 zg) = N(Etfl; B (T, 1), UtZIdz*dy) )

and p; ¢ is defined in (6.1.4). It is then easily seen that

Gyjo(Tt[To0) = /Qf\tﬂ,o(@!ftﬂaTo)ﬁt+1|0(dft+1ffo)

4yy(2elzo) = / Bipr.0@elZer1520)4, o (dLisa [20)
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where 90 is defined analoguously to gy in (6.2.3). Hence, using that gyo(z¢|zo) = Qt‘o(fﬂfo)gﬂo(&t@o),
we see that

pi () = / $0(dz0)qujo (TelY) ],y o (@il o115 20)Trs10(Ae11 |2o)

= /¢g(d$0)§t\o(ft|y)gta‘t+170(it’$t+1aQO)Qt+1|O(d$t+1|yA$0)'

Finally, replacing x, by the vector made of the last d, — d, coordinates of its prediction
x0|s+1(1:8+1), which we denote by XO|S+1($S+1), we see that p¥ satisfies

pUa) & [ To@llp, (aslen) ol (i) (6238)

According to this recursion, the transition from z, should follow the backward process con-
ditioned by x41, while that from Zs should follow the forward one conditioned on the mea-
surement y at time 0. Equation (6.2.5) reflects this behaviour, while (6.2.6) ensures that the
procedure ultimately produces the posterior as the final marginal. The idea of using the forward
diffused observation to guide the observed part of the state, as we do here through q,(Z;|y),
has been exploited in prior works but in a different way. For instance, in Song et al. (2021c,
2022) the observed part of the state is directly replaced by the forward noisy observation and,
as it has been noted Trippe et al. (2023), this introduces an irreducible error resulting in a
procedure that fails to sample from the posterior. Instead, MCGdiff weights the backward pro-
cess by the density of the forward one conditioned on y, resulting in a natural and consistent
algorithm.

We now establish the convergence of MCGdiff with a general sequence of potentials {g¥}7_;.
We consider the following assumption on the sequence of potentials {g} }7;.
(A11) (i) sup,,epe: Po(ylz1)/gi(z1) < 00,
(il) supy,, erde J 97 (x0)pe(xe]xi11)dwe/g) sy (2111) < 00 forall t € [1:n —1].

The following exponential deviation inequality is standard and is a direct application of (Douc
et al., 2014, Theorem 10.17). In particular, it implies a O(1/v/N) bound on the mean squared

error ||¢) (k) — ¢§(h)]]2.

Proposition 6.2.1. Assume (A11). There exist constants ci n,ca2n € (0,00) such that, for all
N €N, € > 0 and bounded function h : R% — R,

P[00 (h) — 63 ()] > €] < e1mexp(—conNE/|RI%)

where |h|oo = SUp,cpd. |R(2)].

We also furnish our estimator with an explicit non-asymptotic bound on its bias. Define
Py = E[qbév ] where ¢ = N~} Zfil 653 is the particle approximation produced by Algorithm 4
and the expectation is with respect to the law of (8N BN ARN D AN Define for all
te[l:n],

1 (@) ox pr(ar) [ 8,(dTo)py(aola)dzy .

where p0|t(x0|xt) = f{ 2;%)ps(a:s|acs+1)}d$1;t,1.
Proposition 6.2.2. It holds that

Cg:n + Dgn

(6.2.9)
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where DY, > 0,

2/ 2

Qt 2t)

Cl., = Z/ {/5 (dzo pOt(x0|zt)da;0} o7 (dzy), (6.2.10)
and Zy = [ g{(z)pe(day) for allt € [1 : n] and Zy = [8,(dTo)po(xo)dzy. If furthermore
(A11) holds then both CY,, and DY, are finite.

The proof of Proposition 6.2.2 is postponed to Section D.2.1. (A11) is an assumption on the
equivalent of the weights {@, }7-, with a general sequence of potentials {g; }?_; and is not restric-
tive as it can be satisfied by setting for example g¥(zs) = Gy)(Ts|y)+0 where § > 0. The resulting
algorithm is then only a slight modification of the one described above, see Section D.2.1 for
more details. It is also worth noting that Proposition 6.2.2 combined with Pinsker’s inequality
implies that the bias of MCGdiff goes to 0 with the number of particle samples IV for fixed n. We
have chosen to present a bound in Kullback—Leibler (KL) divergence, inspired by Andrieu et al.
(2018b); Huggins and Roy (2019), as it allows an explicit dependence on the modeling choice
{g¥}"_,, see Lemma D.2.2. Finally, unlike the theoretical guarantees established for SMCdiff in
Trippe et al. (2023), proving the asymptotic exactness of our methodology w.r.t. to the gener-
ative model posterior does not require having psi1(zs+1)ps(Zs|Ts+1) = ps(s)@s+1(zs41]zs) for
all s € [0 : n— 1], i.e. that the one step forward kernel is the time reversal of the backward
one, which does not in hold in practice. As such, SMCdiff exhibits a non-vanishing asymptotic
bias.

6.2.2 Noisy case
We now turn to the case o, > 0. The posterior density we consider in this section is given
by

o4 (o) < g (To)po(zo), where g§ : zo — N(y;Zo, O'Sldy) : (6.2.11)
In what follows we assume that there exists a timestep 7 € [1 : n] such that 02 = (1 — &,)/a.

We discuss this assumption in the numerical section. In what follows we denote g, = ozi/ 2y

We can then write that
Y(To) = & N (§r; @ %m0, (1 — @r) - 1
g (o) (30220, (1 = 7)1, 6212)
* G710 (Fr|T0) ,

which hints that the likelihood function g is closely related to the forward process (6.1.1). We
may then write the posterior (6.2.11) as follows

Sh(a0) o [ 85, (0.} 10(a-[0)po (o)

x [ 5.(@T )grpp(arlwo)pofo ).

Next, let us assume that the forward process (6.1.1) is the reverse of the backward one (6.1.8),
i.e. that
Pe(2)qrr1 (Teg1|ze) = Pea1 (@eg1)py(Te|zesn), VEE€[0:n —1]. (6.2.13)
This is similar to the assumption made in SMCdiff Trippe et al. (2023). Then, it is easily seen
that it implies p0($O)QT|O(xT|$O) = p7($7)p0|7($0|l‘7) and thus
fp0|‘r xo|r7)dg, (dT7)pr (27)dx,
05, (dZ7)pr(27)dz, (6.2.14)

= /p0|7(x0|g7r\£’r)¢gj(d£’r)a

¢ (wo) =
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where ¢¥7(x.) < pr(§-"z,). (6.2.14) highlights that solving the inverse problem (6.2.1) with
oy > 0 is equivalent to solving an inverse problem on the intermediate state X; ~ p, with
noiseless observation ¢, of the d, top coordinates and then propagating the resulting posterior
back to time 0 with the backward kernel Pojr- To obtain a particle approximation of ¢¥m we may
then use the methodology of the previous section with the potentlals g+ xy '—> qt‘T(a?t]yT) fort e
[7+1 : n]. Indeed, consider the sequence {p?" }7__ defined by p?" (z;) = [ ¢77( T )Gy (2|92, ).
Using that pT(a:T) = [po(dzo) grjo(xr|z0) by assumption and the 1dent1ty (6 1.5), we find
that

ol (1) o[ Po(da) o (el (4]0 a2
x /PO(dSUO)qT\O@T’TO)%T(ft‘gf)qtﬂh(dftﬂ‘ﬂr)ﬂztﬂ,o@t@tﬂaQO)QHHO(d&Hl@o)7

and replacing z; in the bridge kernel g;" £11,0 by Xo(s +1(x8+1), we obtain the recursion

Pl (wr) ~ /ﬁth(@’ﬂT)Bt(£t|$t+1)ﬂgl1(dl’t+1)7 (6.2.15)

which provides the intuition for our choice of potential.

The assumption (6.2.13) regarding the reversal of the backward process holds only approxi-
mately in realistic settings. Therefore, while (6.2.14) also holds only approximately in practice,
we can still use it as inspiration for designing potentials when the assumption is not valid.
Consider then {g/}? . and sequence of probability measures {¢7}?__ defined for all ¢t € [ : n]
as

o7 (v¢) < gf (z¢)pe(wy), where gf :ap— N (xt;y]T, (1-(1- /i)@t/O_JT)Idy) , k>0.
(6.2.16)
In the particular case of x = 0, we have that gf (z:) = @y, (T¢|gr) for t € [T+1: n] and ¢¥ = ¢¥r.
The recursion (6.2.5) holds for ¢ € [7 : n] and assuming that x > 0, we find that

Y gO( ) d
B4(ao) o [ By (o) (ar).
which resembles the recursion (6.2.14). In practice we take x to be small in order to mimick the
Dirac delta mass at 7, in (6.2.14). Having obtained a particle approximation ¢ = N~! Zij\il Ogi
of ¢¥ by adapting Algorithm 4, we estimate ¢f with

N
¢é\/ = Zw(z](sgl ,  where 5(2) ~ po\r('|€7i-)7 wé pa— N
i=1 0 Z; 193(5&)/93(@)
In the next section we extend this methodology to general linear Gaussian observation models.
Finally, note that (6.2.14) allows us to extend SMCdiff to handle noisy inverse problems in a
principled manner. This is detailed in Section D.1.

6.2.3 Extension to general linear inverse problems

We now extend MCGdiff to a general linear Gaussian observation model. Consider Y = AX+o,e
where A € R4 ¢ ~ N(04,,14,) and o, > 0 and the singular value decomposition (SVD)
A = USVT, where V € R¥=*dy U € R¥%*d are two orthonormal matrices, and S € R ¥ ig
diagonal. For simplicity, it is assumed that the singular values are all distinct s; > s > -+ >
sS4y > 0. Set b =d; —dy. Let V € R9*b be an orthonormal matrix of which the columns
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complete those of V into an orthonormal basis of Rd’“, ie. VIV = I, and VIV = Op,4,. We
define V = [V, V] € R¥*d_ In what follows, for a given x € R% we write X € R% for its top dy
coordinates and x € RP for the remaining coordinates. Multiplying the measurement equation
by STIUT yields
_ . -
Y=X+0,8"¢, g~N(0]y,),

where X := VX and Y := S~'UTY. In this section, we focus on solving this linear inverse
problem in the orthonormal basis defined by V using the methodology developed in the previous
sections. This prompts us to define the diffusion based generative model in this basis. As V is

an orthonormal matrix, the law of Xo = VZ Xj is po(x0) := po(Vxp). By definition of pg and
the fact that ||[Vx||s = ||x]||2 for all x € RY we have that

n—1

po(x0) = /pO(VXO‘xﬁ { H ps<dx8’xs+1)} pn(dan)

n—1

_/)\0 (x0|x1) {H)\ dx8|xs+1)}pn(dxn)

s=1

where for all s € [0:n — 1],
Ao (Xs|xs41) := N (x5 Msp1(Xs41), afﬂldm) ,  where mgy(x541) := VTms+1(Vx5+1) .

The transition kernels {\ }7_, thus define a diffusion based model in the basis V. In the
following we shall write M, (xs41) for the first dy coordinates of myi1(xs41) and m, 1 (Xs41)
the last b coordinates. We denote by ps the time s marginal of the backward process,

Noiseless. In this case the target posterior is ¢§(x¢) < po(y~Xy). The extension of the
algorithm described in section 6.2.1 is thus stralghforward it is enough to replace y with y
(=S~1UTy) and the backward kernels {p,};—, ! with {2

Noisy. The posterior density is then

¢f (%0) o g (Xo)po(x0), where gJ(Xo) HN [i], (0y/50)°) -

We now generalize Section 6.2.2. Assume that there exists {7',}Z 1 C [1:n] such that an o) =

(1 —ay,)s?. Define for all i € [1:dy], §; == a%ﬂy[ /]. Then we can write the potential g3 as the
product of forward processes from time 0 to each time step 7;, i.e.

9 ( Hal/ZN (55 a7/ *xoli], (1 = @r,)) -
i=1

Writing the potential this way allows us to generalize (6.2.14) as follows. Denote for £ € [1 : d,],
x\¢ € R~ the vector x with its ¢-th coordinate removed. Define

dy—1
T n(dxn m { H >\TZ‘|T¢+1 (%7 [ X741 )0y, (dx, [Z])dx7\—f} Pryy (XTdy )55’dy (dXTdy [d ])dx>j; )
=1

which corresponds to the posterior of a noiseless inverse problem on the joint states X, ., ~ pr
with noiseless observations y, of X[ for all ¢ € [1 : dy].
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Proposition 6.2.3. Assume that psi1(Xs+1)Ag(Xs|Xs4+1) = Ps(Xs)qst1(Xs+1|x5) for all s € [0 :
n — 1]. Then it holds that

A (x0) [ Aojr (K0l )68, ().

The proof of Proposition 6.2.3 can be found in Section D.2.2. We have thus shown that sampling
from the posterior ¢ is equivalent to sampling from the posterior qbn ., then propagating the
final state X, up to time 0 according to the backward kernel A Olry - Furthermore, we can extend
the approximate recursion (6.2.15). For all ¢ € [r1 : n] define p} (dx¢) := [ ¢Y,.,(dXs.y), and
forall s € [0:n—1], 2z, € Rand £ € [1: dy], let Mo(zs|xs41) 1= N (25 map1(Xs41) [€], 071).
By adapting the derivations of the previous section and using Lemma D.2.4, we find that the
following approximate recursion is satisfied; for all k € [1:dy] and ¢ € 1, + 1, 7441 — 1],

Y (x1) /)‘t (¢ |xt+1) H A (<[] xe11) Hqth 19T i1 (dxer1) (6.2.17)
{=7(t)+1
where for all t € [r : n|, 7(t) := max{k € [1 : dy] : 7, < t} and for all j € [1 : dy], and
t,s € [1 : n| such that ¢ > s, q§| . denotes the density of the j-th coordinate of the forward
process from s to t. If t = 73, then

) dy ()~
py (dxy) %/At(d§t|xt+1)5yk(dxt[k]) [T A(dxe[d|xera) H qt|T (dxe[5]19) Y1 (dxer1) -
l=7(t)+1 j=1

We target the posterior ¢ by mimicking this recursion. Consider then {g . and sequence
of probability measures {¢} }7_, defined for all ¢ € [ : n] by ¢ (x¢) x g7 (x¢)pe(x¢) and

7(t)
g xe o [[N xe91— (1 - k)a/ar), &>0. (6.2.18)

i=1
We obtain a particle approximation of ¢¥ using a particle filter with proposal kernel and weight
function
J 97 (xe)py (dxe[xe41)

gt+1(Xt+1)

which are both available in closed form. Indeed, using standard Gaussian conjugation formulas,
we find that

A (xelxe11) o< g (xe)pe(Xexe41), @p(Xeq1) =

Y

7(t)

AT (e fxe1) = Ay (x4 fxe41) H A7 (e [K] 1) TT A (alllxe41) (6.2.19)
k=7(t)+1 =1

where, by letting Ufm :=1—(1—rK)ay/ar, and Ky, = 02,1 /(07 + afm),

A (el llxe1) = N (<2 [8); Ky, Fe + (1= Ky megn (5041) [0, Ky 07, (6.2.20)

and

T N (F M1 (xe41) [, 02,1 + Ugm)

Gy(xe1) = [

6.2.21
o Vel (6221)

Thus, applying Algorithm 4 with the transition kernels {),}7_} —,, and weight function (@t e
yields the particle approximation (ﬁn =N~ Zf\il 5&1 and that of ¢f is given by

90(&)/9% (&)
gg 50 /ng 57'1)

N
¢é\7 = Zwédgé ,  where §6 ~ AO‘T("&:’I)’ w(Z) -
i=1
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6.3 Numerical experiments

Gaussian Mixture Model.

MCGAiff DDRM DPS MCGdiff DDRM DPS
@ 5 ENIEEEER X L L A B R
" R LN B # v e H A
Zo ¥ - ¢ ee B s ep 0 ] Y X ¢ o
] ¢rfew | roBooa IEEE EY TR AY
% Q@}s@ %@9 & ® < &
X1 z

Figure 6.1: We display the first two dimensions of the GMM inverse problem for one of the
measurement models tested. The blue dots represent samples from the exact posterior, while
the red dots correspond to samples generated by each of the algorithms used (the names of
the algorithms are given at the top of each column). The first three columns correspond to

(dg,dy) = (80,1) and the last three to (d,dy) = (800,1). 20 steps of DDIM were used.

d dy MCGdiff DDRM DPS d dy MCGdiff DDRM DPS

8 1 126+08]69+34|67+1.1 8 1 [1.8+0.6|45+15|33+0.38
8 2 11.0+£04|46+09|54+1.3 8 2 |11+£05|45+13]32+1.1
8 4 105+02|18+08|43+1.1 8 4 102+00|124+061|09=+0.5
80 1 1224+06|77+11]6.1+1.2 80 111.3+03|64+£12|31£14
80 2 109+04|99+13|74+14 80 2 111+0.7[92+11]28+1.2
80 | 4 |04 £0.1|78+1.1|44+1.1 80 | 4 | 0.3 £0.0|71+1.0|14+0.6
800 | 1 [{2.3+08|7.74+08]|65+0.8 800 | 1 26 +09 |724+14]|27+1.0
800 | 2 | 1.8+ 0.8 |86+08|65+1.1 800 | 2 |1.3+0.8|86+10]|1.8=+09
800 | 4 | 0.7+ 0.5]|954+09|55+£0.9 800 | 4 | 0.3 +0.0|83+1.0]|04+0.2

Table 6.1: Sliced Wasserstein for the GMM case. Table on the left correspond to 20 steps of

DDIM with n = 0.6 and on the right to 100 steps and n = 0.85.

We present an example where the data distribution qgata is @ mixture of 25 Gaussian distribu-
tions. The means and variances of the components of the mixture are given in Section D.2.3.
In this case, for each choice of forward operator A and measurement noise standard deviation
oy > 0, the target posterior distribution ¢¥ can be computed explicitly, see Section D.2.3. More-
over, it is possible to explicitly minimize each term occurring in the denoising problem (6.1.9), so
that the choice of the weighting scheme {0y, t € N} is irrelevant. To investigate the performance
of posterior sampling methods, for each pair of dimensions (d;,dy) € {8,80,800} x {1,2,4} we
randomly generate multiple measurement models (y, A, 0y) € Ry x Ry *d= x [0, 1], and we also
randomly choose the weight associated with each component of the Gaussian mixture. Details
(distribution of A, o, etc...) are given in Section D.2.3. This example is particularly interesting
because it allows us to study the behaviour of our method on difficult and ill-posed problems in
high dimensions while having access to the exact posterior with which to compare — obtaining a
"ground truth" for the posterior is not feasible for most problems. By varying the dimension, the
forward operator, the noise level, and the mixture weight, we gain insight into the performance
of posterior sampling methods under varying conditions and with different levels of posterior
multimodality.

To compare the posterior distribution estimated by each algorithm with the exact target pos-
terior distribution, we use the sliced Wasserstein (SW) distance defined in Section D.2.3. We
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Original MCGdiff MCGdiff MCGdiff MCGdiff DPS DDRM SMCdiff

Figure 6.2: Inpainting with different masks on the CelebA test set.

use 10 slices for the SW distance and compare 1000 samples of MCGdiff, DPS, and DDRM with
1000 samples of the true posterior distribution obtained using 20 DDIM steps and 100 DDIM
steps for generation. The variance reduction DDIM parameter n is set to 0.6 and 0.85 for the
20 and 100 DDIM steps, respectively. When choosing the timesteps of DDIM we want to emu-
late the constraint J;Oén = (1 — ay,)s?. Therefore, we include the timesteps ¢ that minimizes
|0§at — (1 — oy)s?| for each i € [1 : dy]. More details are given in Section D.2.3.

Table 6.1 indicates the CLT 95% confidence intervals obtained by considering 20 randomly
selected measurement models (y, A, o) for each setting (d,,dy). Figure 6.1 shows the first two
dimensions of the estimated posterior distributions corresponding to the configurations (80, 1)
and (800, 1) from Table 6.1 for one of the randomly generated measurement model (y, A, o)
in the case of 20 DDIM steps. Illustration of other settings are given in Section D.2.3. These
illustrations give us insight into the behaviour of the algorithms and their ability to accurately
estimate the posterior distribution. We see that MCGdiff is more precise at estimating the
posterior distribution and does not sample outside of the support of the posterior distribution
in all scenarios tested. Table 6.1 also shows that the difference in performance is greater in the
more extreme settings where the problem is ill-posed (dy, = 1,2) and the number of DDIM steps
is limited (20).

Inpainting.

We consider the inpainting problem on the CelebA dataset. The images dimension are 3 x 256 x
256 and we use pretrained denoising network available at https://github.com/bahjat-kawar/
ddrm for all the methods. All methods share the same DDIM parameters, with 250 sample steps
between [0 : 1000] and n = 1. For MCGdiff and SMCdiff , a total of N = 384 particles is
used. For DPS we set the learning rate parameter to (; = 0.5 and for DDRM we consider the
configuration proposed on Kawar et al. (2022). We also use several different masks on images
from the CelebA test set in fig. 6.2. The first row corresponds to samples from the most ill-posed
problem.

Next, we compare MCGdiff to DPS and DDRM on several different noisy inverse problems over
several different image datasets (section 6.3). For each algorithm, we generate 1000 samples
and we show the pair of samples that are the furthest appart in L? norm from each other in the
pool of samples. For MCGdiff we ran several parallel particle filters with N = 64 to generate
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1000 samples.

CIFAR-10 | Flowers Cats Bedroom Church CelebaHQ

(W, H,C) | (32,32,3) | (64,64,3) | (128,128,3) | (256,256,3) | (256,256,3) | (256,256, 3)

Table 6.2: The datasets used for the inverse problems over image datasets.

Super Resolution.

We compare for the super resolution problem. We set o, = 0.05 for all the datasets and
Ceoet = 0.1 for DPS . We use 100 steps of DDIM with n = 1. The results are shown in Figure 6.3.
We use a downsampling ratio of 4 for the CIFAR-10 dataset, 8 for both Flowers and Cats
datasets and 16 for the others.

Gaussian 2D debluring.

We consider a Gaussian 2D square kernel with sizes (w/6,h/6) and standard deviation w/30
where (w,h) are the width and height of the image. We set o, = 0.1 for all the datasets
and Ceoet = 0.1 for DPS . We use 100 steps of DDIM with n = 1. The results are shown in
Figure 6.4.

6.4 Conclusion

In this chapter, we have introduced MCGdiff a novel method for solving Bayesian linear Gaus-
sian inverse problems with a denoising diffusion based generative model prior. We have shown
that MCGAiff is theoretically grounded and provided numerical experiments that reflect the
adequacy of MCGdiff in a Bayesian framework, as opposed to recent works. This difference is
of the uttermost importance when the relevance of the generated samples is hard to verify, as in
safety critical applications. MCGdiff is a first step towards robust approaches for addressing the
challenges of Bayesian linear inverse problems with denoising diffusion based generative model
priors.

Finally, our work can be of course improved by considering better choices of potentials {g¥}7_;
and proposals. While the backward process involving the approximate conditional score (1.3.31)
could be a good proposal, it nonetheless involves taking the gradient of the score network with
respect to its input which is prohibitive computationally and limits the number of particles N
that can be used. We thus believe that deriving more computationally efficient approximations
of the conditional score is the main area of improvement.
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CIFAR-10 Flowers Cats Bedroom Church CelebaHQ
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observation
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DDRM

DDRM

MCGdiff

MCGdiff

Figure 6.3: Ratio 4 for CIFAR, 8 for flowers and Cats and 16 for CELEB
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Appendix A

Appendix of Chapter 2

A.1 Proofs

A.1.1 Additional notation

By abuse of notation, we denote by p and 7 the probability measures with density w.r.t. the
Lebesgue measure p and 7 respectively.

A.1.2 Proof of (2.2.3)

The second expression of wy, follows from Jp—; (T*(z)) = Jpk—j (2)/Ipx (z) which implies

wi(x) = @pp(TH(2))/ Y, @ip(TH (@) T s (TH(2))

= @ep(TH @) (@) 3, @ip(T @) s (@) = wrpil@) [ 3, @rvipil@) -

A.1.3 Proof of Theorem 2.2.1

The unbiasedness of ZA;?I: ~ follows directly from (2.2.2). Moreover, as ZA;?I: ~ is unbiased and
ET < oo, we can write

Var,[Z¥ /2] =E,[(Z%/2)?] -1 =E¥ —1. (A.1.1)

As XtV 8 p, Varp[ZA?l:N/Z] = N_lVarp[ZA}?/Z]. Finally, if MF < oo, then Hoeffding’s
inequality applies and we can write for any € > 0,

P(|ZZin/Z — 1| > €) < 2exp(—2Ne?/(MF)?) . (A.1.2)

Writing § = 2 exp(—2Ne?/(MF)?), we identify log(2/8) = 2Ne?/(MZ)? and € = M% /log(2/5)/(2N).
Plugging this expression of € in (A.1.2) concludes the proof.

A.1.4 Proof of Theorem 2.2.2

We first present two auxiliary lemmas necessary to establish Theorem 2.2.2.

Lemma A.1.1. Let A, B be two integrable random wvariables satisfying |A/B| < M almost
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surely and denote a = E[A], b = E[B]. Then,

\/Var(A/B) Var(B)
. ,
Var(4/B) <E [|4/B - a/bf’] < é (E [lAy — AP] + M2E [1By - BP]) . (A1)

[E[A/B] —a/b| < (A.1.3)

Proof. Write first, using the Cauchy-Schwarz inequality,
A a A E [A] 1 1
5l 5= [ 5] -5 =l (G -3)]

A/b—B A A B—-b
-2 5 (5o - LG -=[5]) (57)]
< \/Var(A/B)+/Var(B)
—_ b .
Moreover, using |A/B| < M yields

A a| |1 11\ 1 |A]

2 Z(A— — _ )< |4~ g
‘b(A a)+A<B b)’_bm al + 1B 1),

B b
1 M
< -|A - —|B —b|.
< lA—al+ 1B -

)

)

Therefore,
2
A/B —a/bf < 25 (1A= al + M2|B - b])

Using that E {\A/B - a/b\Z] = Var(A/B) + [E[A/B] — a/b|* concludes the proof. O

We get the following lemma from (Douc et al., 2011b, Lemma 4).

Lemma A.1.2. Assume that A and B are random variables and that there exist positive con-
stants b, M, C, K such that

(i) |A/B| < M, P-a.s.,
(i3) for all e >0 and all N > 1, P(|B — b| > €) < K exp(—Re?),
(iii) for all e >0 and all N > 1, P(|A| > €) < K exp (—Re?/M?),
then,
P(|A/B| > €) < 2K exp(—Rb*e*/4M?).
Proof. By the triangle inequality,

)

|A/B| = ‘g(b—B)b_l +b714

<b 1 A/B||b-B|+b A < Mb ' |b—B|+b 1Al .

Therefore,

tarsizac{ip-v= - bofa= S}

Then, conditions (ii) and (iii) imply that
eb eb
P(|A/B|>¢) <P|(|B—-b > — P(|A] > —
(4/Blz 9 <P(1B -2 ;) +P (412 F) |

< 2K exp(—Rb%e?/(4M?)) .
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Proof of Theorem 2.2.2. Let g : RY — R such that sup,cpa |g| (z) < 1 and denote 7(g) = [ gdr.
We use Lemma, A.1.1 with A = Ay and B = 25 n Where

ZZwk XHL(TH(XY))g(TH(XY)), ZZ0n = ZZwk L(T*(X%). (A.1.5)

i=1keZ i=1keZ

By construction, since sup,cprd 9| (z) < 1, almost surely AN/ 2= Ty < 1 and Var( un) =
N~ Var( Xl) Then, using (2.2.2) with a = E[An] = Z7(g ) and b = [ZXLN] = Z,
Lemma A.1.1 implies

550 (9) = m(9)| = [B[An/ZZ0n] — a/b| < N2 Var(An /22, )Var(25,) . (A.L6)
On the other hand,
E [|Ax — a?) = N7 Exep[{ Spen wr(X)L(TH(0))g(TH(X)) — Zn(9)}?] < N-122EF .

These inequalities yield using Var( Xl) < EY and Lemma A.1.1 again:

2 - 4
[|JNEO( ) — W(g)lﬂ < (B + Var(Z3)) < EF,

2(EZ + Var(Z%,))Var(Z2 w

B [7350(9) = w(9)] | < VAT (NX”) %) szf;T,

which concludes the proof.

Define
N
Ay = N7V S wp(XOHL(TH(XT)) (g(TH(XT) = 7(g)) -

i=1k€eZ

With this notation, the proof of (2.2.9) relies on the application of Lemma A.1.2 to A = Ay
and B = Z}?L ~, Since

JNEO(9) — 7(9) = An/Z%n -

As sup,epa |g] () < 1, we get that Ay/ZT,.x < 2. By (2.2.2), E[ZT,.y] = Z and 2T,y =

N=ISN W, with W = e wi(X)L(TY(X?)) < ME. Then, by Hoeffding’s inequality, for
all e >0,
P(|By — 2| > €) < 2exp(—2N(e/MF)?).

Similarly, Ay is centered and Ay = N~' SN, U; with

Ui =Y wp(X"L(THX)){g(TH(X")) — m(9)}
kEZ

and |U;| < 2MF almost surely. By Hoeffding’s inequality, for all € > 0,
P(|An| > €) < 2exp(—Ne?/(8(MF)?)).
The assumptions of Lemma A.1.2 are met so that
P(lJS5(9) — ()] > ) < dexp(—e’N 2% /[32(MF)?),
which concludes the proof. O
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A.1.5 Proof of Lemma 2.2.3

As wy(x) = wpp(T*(2))/{Qpr(T*(2))}, by Jensen’s inequality,

2 2
? _ @ 7(T())
1o —/(I%:Zwk )/Z> p(x)dx_/(;%:ZQPT(Tk(fU)J p(z)dz,
@ (@) \*
/2% (i) e
i (AT
o'y pT<Tk<z>>> o

Using the change of variables y = T¥(z) yields, by (2.2.1),

pr <0 e [ (20 st s [ (T2 i,

keZ (¥) pr(y)

A.1.6 Proofs of NEO MCMC sampler
Proof of Theorem 2.3.1. Note first that by symmetry, we have

P(y,A) =N~ /Za (da') H p(a’) dxﬂz 1a(z®). (A.1.7)

w
J=1,j#i Z

We begin with the proof of reversibility of P w.r.t. #. Let f, g be nonnegative measurable
functions. By definition of P,

1 N R ) N N
/ #(dy) Py, dy) f(W)9(¥) = 575 / STp A ZT f(y)y(da') [ pldat) Y —2— (w’“),
=1 3 —_
T S ZEf () Yl 25.g(a*)
- ﬁ/Hp(dxl) 1 PO zﬁgl ’
= [ 7@ Pl d) 1 )9).

which shows that P is @w-reversible. We now establish that P is 7-irreducible. We have for
y € R A € B(RY),

Py A) = [ 8,(@) 3" 21" [] plaa’)
i—1 NZ25n j=2
Zw N N S N
[t Tl o) + [ 3 2o ) [] plae?)
Zy + ]:2230] Jj=2 =2 <y + J*2Za:3 Jj=2

z
——— -
ZF+Z0+ Yo

N .
= H p(dx?) .
205 =2+
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Since the function f: z + (2 4+ a)~! is convex on R, for a > 0, we get for i € {2,..., N},

z z
ZE+ 2T+ i 25 i Z + 25+ [ Xilo i 23 T i p(da?)
z
> = ~ . (A.18)

T 274+ Z% + Z(N - 2)

Therefore, for A € B(R?) satisfying #(A) > 0, we get P(y,A) > 0 for any y € R? since Z% < 0o
for any « € R?. By definition, P is #-irreducible.

We show that P is Harris recurrent using (Tierney, 1994, Corollary 2). To this end, since P
is 7-irreducible, it is sufficient to show that P is a Metropolis type kernel. Define a(z!, 2?) =
(N = 1) [TI}Ss p(da?) 25/ S0, 25 for at,2? € RT and po.y (da™) = {TT)5 paon (27) da™.
Then, by (2.3.2), we get with this notation, for y € R, A € B(R?),

P(y,A)
_/5 (dz") po: v (da*™ )i /5 (da") po: v (dz™ )ih(ﬂfl)
=[5, :
- 2J\fzv';N NZ=.,
Z= , zZ=
= 5, (dz!) 2N L Pz’ +/6 dz") po. v (dz?N) —=2 15 (2
Z [ e S ale) + 8y e >NZW1’N Ae)
’ ZZ a2
_2/5 da') dx/prdeﬂxf‘ +/6 da') )%f)
J=2,57#1 NZZH.w

N Zw
)da: +/5dxp2N 2N{ Z ﬂ;} ml)
2 1:N
- / ol dy+( - [atv 1o ) 5,(8). (A19)

With the terminology of (Tierney, 1994, Corollary 2), P is Metropolis type kernel and therefore
is Harris recurrent.

Note that Algorithm 2 defines a Markov chain {Y;, U; };cn taking for Uy an arbitrary initial point
with Markov kernel denoted by P. By abuse of notation, we denote by {Y;,U;}ien the canonical
process on the canonical space (R? x RY)N endowed with the corresponding o-field and denote
by P, the distribution associated with the Markov chain with kernel P and initial distribution
8y ® 8, Denote for any y € R? by P, the marginal distribution of P, ,, with respect to {Y;}ien,
i.e. Py(A) =P, ) ({Yitien € A) for u € R?, noting that by definition, P, ) (A x (R")Y) does not
depend on u. In addition, under P,, {Y;};cn is a Markov chain associated with P. Therefore,
since P is 7r-irreducible and Harris recurrent, we get by (Douc et al., 2018a, Theorem 11.3.1)
and (Tierney, 1994, Theorem 2, 3) for any y € R%, limy o0 ||6,P* — #||Tv = 0 and for any
bounded and measurable function g,

nt Z 9(Yy) =7(g), P,-almost surely . (A.1.10)

We now turn to proving the properties regarding ). For any B € B(R?), using (2.2.2), we
obtain

[7@)Qw.B)y = 27 [ply) 3 wnw)LIT (1) 16(T(w)dy = 7(B).

keZ
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Using for all y € R%, lim, o0 [|P"(y,-) — #lTv = 0, we get lim,, . || P"Q(y, ") — 7||tv = 0.
It remains to show the stated Law of Large Numbers. Let y,u € R? and ¢ be a bounded
measurable function. Define for any i € N*, U; = ¢(U;) — Qg(Yi). By definition, for any

i€ N¥,

Therefore, {U; }ien- are {F},}ren-martingale increments and {S), = Zle Uibeen is a {Fi}pen-
martingale. Using (Hall and Heyde, 1980, Theorem 2.18), we get

;| < 2sup,epa |g(z)| and E(yu) [Ui|]-]~,1] = 0, where {F} }ken is the canonical filtration.

nh_}ng@{Sn/n} =0, P ,)-almost surely. (A.1.11)

The proof is completed using that lim, oo {n "t 31", Qg(Y;)} = #(Qg) = 7(g), Py-almost surely
by (A.1.10) and therefore by definition, P, ,)-almost surely. O

Proof of Theorem 2.5.3. We have for (z,A) € R? x B(R?),

N N
, . z :
Py ) = 3 [#(da)ia@) [ 2 I o).
p 25+ 23+ Yilogui 23 joagm
Moreover, as for any x € R?, ZA:?/Z < MF,
Z Z 1
/éw Ze 4N, 2= H plda’) 2 ZZ 4+ 274+ Z(N - ZOMF LN 2
Y + 3 +Zj:2,j;éz xJ j=2,jF#1 + + ( ) T
We finally obtain the inequality
Pz,A) > #(A) x —— 1 +(A) (A.1.12)
x = : 1.
Y 7y v B

The proof for P is concluded from (Douc et al., 2018a, Theorem 18.2.4).
As || Pk (y, ) —7||Tv < K%, for any bounded function f, || f|leo < 1, we have |P* f(y)—7(f)| < w%;,

by definition of the Total Variation Distance. Then, writing f = Qg for any bounded function
95 9lloo < 1, we have || f||oo <1 and

[PYf(y) — 7(f)] = |P"Qg(y) — #Q(9)| = |[P*Qg(y) — m(9)| < K} - (A.1.13)

O]

Write now P the Markov kernel extending to correlated proposals: for y € R? and A €
B(RY),

P(y,A) =N~ /ZS (dz®)r;(a* dxln\{})z

La(z¥), (A.1.14)
k=1 Nzﬁ N

where the Markov kernels R; are defined by Ri(xi, dmlzN\{i}) = ri(mi, xl:N\{i})dxl:N\{i} and r;
by (2.3.5).

Theorem A.1.3. P is T-invariant.

Proof. Define the Nd-dimensional probability measure py(dz') = p(da!)Ry(zt, dz®"). Let
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A € B(R?%). Then, we have

~

Z%
=N" / (dy) /Zé (dz')Ri(a", dzt ™\ })ZizkﬂA(ajk)

=1 V25N
N R ] ) N Z A
= (NZ)_l/Zp(dx )ZﬁRi(x’,dxlm\{’}) Z —2% ()
i=1 =1 NZ25x
N N Aw
= (2 [ (e 2T S 21

A.2 Continuous-time limit of Neo and NEIS

A.2.1 Proof for the continuous-time limit

Consider h > 0 and a family {T), : h € (O,B}} of Cl-diffeomorphisms. For N € N* and a

bounded and continuous f : R* — R, write

IgEJ\(f)h - Z > wea(X VF(TR(XY), (A.2.1)
i=1k€eZ

where {X;}¥ 1~ p and for some weight function @w® : R — Ry with bounded support (see
(A14)), k € Z and h > 0, setting wy, ;, = w(kh),

wk,h(x) = wk’hpfk(x)/ziez wqui,hpl‘(.%') . (A.2.2)

We show in this section the convergence of the sequence of NEO-IS estimators {I g%\?h( f) - he

(O, E] } as h | 0 to its continuous counterpart, the version (2.4.1) of NEIS Rotskoff and Vanden-

Eijnden (2019), with weight function w, in the case where for any h € (0, B], T} corresponds
to one step of a discretization scheme with stepsize h of the ODE

where b : R? — R? is a drift function. We are particularly interested in the case where (A.2.3)
corresponds to the conformal Hamilonian dynamics (2.2.10) and {T), : h € (0, }_l}} to its

conformal symplectic Euler discretization: for all (¢,p) € R*?,

Tu(q,p) = (¢ + M e p — hVU(q)},e™p — VU (q)). (A.2.4)

We make the following conditions on b, p, @w® and {T}, : h € (0, ﬁ] }.
(A12) The function b is continuously differentiable and Lj-Lipschitz.
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Under (A12), consider (¢¢):>0 the differential flow associated with (A.2.3), i.e. ¢+(x) = x; where
(z¢)ter is the solution of (A.2.3) starting from x. Note that (A12) implies that (¢,z) — ¢i(x)
is continuously differentiable on R x R%, see (Hartman, 1982, Theorem 4.1 Chapter V).

(A12) is satisfied in the case of the conformal Hamiltonian dynamics if the potential U is
continuously differentiable and with Lipschitz gradient, that is there exists Ly € RY such that
for any a1, x5 € R, [|[VU (21) = VU (22)|| < Ly|lz1 — 22]|.

(A13) For any h € OLE},T@:]Rd—ﬁleisaJclﬂﬁﬂbonmmpthL In addition, it holds:
(i) there exist C > 0 and 6 € (0, 1] such that for any x € R9,
| Th(z) = (x + hb(x))|| < CR™O(1 4 ||2]]) ;

(ii) for any z € R? and T € RY,,
HJ¢kh(‘T) - JT;“L(‘,L')H =0.

lim max
hl0 ke[—|T/h]:|T/h]]

Note that (A13) is automatically satisfied for the conformal symplectic Euler discretization
(A.2.4) of the conformal Hamiltonian dynamics. Indeed, in that case Ry((|| ¢):(z)) = ~d, and
therefore Jy, (z) = 7% for t € R, and for any h > 0,k € Z, JTﬁ (z) = ¥, see Franca et al.
(2020).

Define
support(w®) = {t € R : w(t) # 0}. (A.2.5)

(A14) (i) p is continuous and positive on R?

(ii) @® is piecewise continuous on R, its support support(z®) is bounded and sup(s e @°(t)/@(t+
s) =m < oo where

A, = {(s,t) € R?; t € support(w®), (s + t) € support(w®)}.

(iii) Moreover, for any = € R?, we have p5(z) = [ @(t)p(¢r(x))I g, (z)dt > 0.

Note that (A14) implies that sup,cp |@w®(t)| < +00. (A14) is automatically satisfied for example
in the case @ = 1_p, 1, for 71,75 > 0.

Theorem A.2.1. Assume (A12), (A13), (A14). For any x € R? and f : R? — R continuous
and bounded,

hm

=0,

> win(@)f(Thi) = [ wil@)f(@uo)t

keZ

where {wyp}rez and w§ are defined in (A.2.2) and (2.4.2) respectively, i.e. for x € R? and
tER,

Wi () = = (0)p(e()) T, (@ // (s + 1)p(cs ()T, (2)dls . (A.2.6)

Proof. Let f be a bounded continuous function, z € R%. Setting
() = p(Tk(w))wC(k'h)J ¢ (@) f(T) ()

hAgp(x) =Y p(T) ()= ((k + DP)Ipi () 5
i€EZ
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we have that

hgkn(x) /Tw 1 /hLTw/h I+h 1
A = A z)dt + S z)dt,
lg) hAkn(z) — Jo hALt/hJ,h(Jf)th/th( ) s hA[t/hj,h(fl;)th/hJ’h( )

as gin(x) =0 when k > |T /h]. Therefore, we can consider the following decomposition,

p(Th(w)) @ (kh) Iy (2) f(Th() /Tw (1) p( e ()T g, () f (e () )dlt
0

. A+ B
&5 Tien AT (@)@ ((k + D)D), o) Tt + 9)p(6s (@) (@)ds |~
with
Tw 1 .
A= /0 W {th/hJ,h(x) —w (t)P(Gf)t(CC))JqSt (x)f(gbt(x))} dt
h|Tw/h]+h 1
+ /w mgwh],h(iﬂ)dt ;

and

(@) g, (@) f(¢(2))dt @ (t)p(Pe(2)) I () f(de(2)) | 4
hAu/th( x) - Jwe(t+s)p(o ( NI, (x)ds

T
=)

We bound those terms separately. First of all, under (A14)-(ii), fo
we have hAy p(x) > hm*1A0 n(x). Second, as limp g hAgp(z) =
0, there exists some & > 0 and ¢ > 0 such that for all k € Z, h <

or any k such that kh € [0, 1],
{L p(¢s(2))J g, (2)(s)ds >

implies
/Tw T ()p(pe(2))Tg, (x)dt > ¢, hARu(z) > hm ™ Agp(x) > c. (A.2.7)
0

Then, for h < h,

T
A< [ laana@) = = Op(on(w) Jo, (@) (01(a) |t

_y [MT=/h]+h
e /T ‘gtt/hJ,h(w)‘ dt.

By (A12) and (A14), the function t — @w®(t)p(de(x))T s, (x) f(¢¢(2)) is continuous on the com-
pact [0,27%,| and thus is bounded. Therefore, for any h € (O, ﬁ),

sup [(t)p(d1(2))J g, () f (de())] < sup || sup [f(@)] sup [p(d(2))Tg, ()] < 0.

t€[0,2T] €R zER? t€[0,2T]
(A.2.8)
Under (A13), (A.2.8) and Lemma A.2.5 imply that
sup  gls/n)n(2)
t€[0,h| Tow /b +h)
< sup [@°(1)] sup [f(2)]  sup  p(T}/M (@) T ym (@) < o0,
teR z€R4 t€[0,h| T /h|+h) h

h|Tw /h]+h

Then, limp o [7. ’th/hJ,h(fU)’ dt = 0. Finally, Lemma A.2.6 implies that limy o A = 0.
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Moreover, setting for ¢ € [0, T,
ALy () (A.2.9)

=/ 0(Pnis/n) (@)@ (h([s/h] + [t/h]))T g, @) — @ (5 + D)p(s(2)) g, (2))[1a, (s, )ds
h(| T /h]—=[t/h]+1)
v

T —hlt/h] |0(Pnis/m) () (h(L5/B) + [t/0])T g, 0 ()| LA (5, E)ds,

we have for h < h, by (A.2.7) and (A14)-(ii),

po [ |[FOAHI (0a) _ Op0 @I 100)
A By (@) (5 + p(6u(@)) T, (2)ds
T o (0)p(6u(a) T @) () -
S A Ty = P AL
To
< me? [ @ p(61(e)) o (@)1 0)) AP, (e
Tw
< me2sup (1) swp [F@)] sup [p(6s(@) o, ()] [ AB AL (A210
teR rER t€[0,T] 0

By (A12) and (A14), the function s — p(¢s(z))JT 4, () is continuous on the interval [—T, T]
and thus is bounded. Therefore, for any h € (0, ﬁ),

( i?éi [ (h([t/h] + |s/h])p(bnis/n) ()T by oy, ()]

< sup  |@C(s + )p(ds(x))T g, ()] < Twsup [@w(s)]  sup  [p(¢s(2))Tg, ()] < 00.
(s,t)EA® seR $€[-Tw,Tw)

(A.2.11)

This implies that

h([Tw/h]—=[t/h]+1)

i [ [P(ntosn) (@)@ ((Ls/0] + t/2])Tg, . ()]s = 0.

Moreover, for any t € [0, Ty], the function

s = [@ (h([t/h] + Ls/R])p(Dnls/ny (@) Tgpiopny (2) = @t + 8)p(0s(2)) I, (2) |1 (5, )

converges pointwise to 0 for almost all s € R when A | 0 using (A12), (A14) and the continuity
of s — ¢s(x). The Lebesgue dominated convergence theorem applies and by (A.2.9), for all
te0,Tx],

lim Af, (z) = 0.

lim A (x)

Moreover, using hAg p(z) = hY ez p(Th (x)) = ((k + i)h)JTz(x) and (A.2.11),

sup  sup Afh(az) < 00.
€00, ] he(0,7)

The Lebesgue dominated convergence theorem and (A.2.10) show that limpjo B = 0 which
concludes the proof. O
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A.2.1.1 Supporting Lemmas

For f € CY(R% RY), define J;(x) the Jacobian matrix of f evaluated at = and the divergence
operator by R¢((|| z)) = tr[J¢(z)].

Lemma A.2.2. Let b be a C! vector field in R? and (¢1)icr be the flow of the ODE (A.2.3).
For any t € R, the Jacobian of ¢¢ is given by

g, (2) = exp( o Ro((I| ¢)s(2))ds).
Proof. First, for t € R and x € R, write A(t,z) = Jy,(z) the Jacobian matrix of ¢ evaluated at
x. By Jacobi’s formula, det A(t, z) = tr[adj(A(t, x)) - A(t, z)], where tr[M] denotes the trace of
a matrix M and adj(M) its adjugate, i.e. the transpose of the cofactor matrix of M such that
adj(M)M = det(M)I. Since for all t and x, A(t,x) = Jpog, (*) = Jn(de(x)) - A(t, ), then
Tou () = teladi(A(t,2)) - 3p(u(x) - Alt, 2)] = tx[3p(0(2)) T () . (A.2.12)

Integrating this ODE yields Jg,(x) = exp(fg Rop((]| &)s(x))ds). O

Lemma A.2.3. Assume (A12). Then, there exists C > 0 such that for any x € Rt € R,
keZ, h>0,

lge(2)]l < Ce“ M|z + 1),
ITh(@)]| < Ce“™(Jl]| + 1) .

This lemma follows from Gronwall’s inequality and (A12).

Lemma A.2.4. Assume (A12) and (A13)-(i). There exists C > 0 such that for any z €
R A€ (0,h),

ITh(2) = dn(@)| < C{L+ ||z} A (A.2.13)
Proof. Under (A12) and (A13)-(i), we have

1T (@) = dn(@)]| < |z + hb(e) — dn(@) ]| + Crh™ (1 + [l2ll),

and as ¢n(z) =z + [ b(¢s(x))ds,

o + hb(z) — én(@)]| = | hb(x) — 3 b(éa(@)]| < hLysupgeiop 6s(x) — ]
< L {Ly sup ou(@)+ [B(O)]}. (A.2.14)

s€[0,h]

The proof is completed using Lemma A.2.3. O

Lemma A.2.5. Assume (A12) and (A13)-(i). There exists C > 0 such that for any = €
Re k€N, h e (o,ﬁ), kh < T,

IT5(2) — drn(@)]| < O (L + |lz[|)A° . (A.2.15)
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Proof. Using Lemma A.2.4, (A12) and (A13)-(i), there exist C1,Cy,C3 > 0 such that for any
zeRLEEN,h e (o,ﬁ), kh < T,

[T (@) = Seriyn (@) < | TR (@) = Thodrn (@)l + 1| Th odrn (@) — dgsyn (@)
< (14 hLy)| Tfi(z) — ¢rn(2)|

+ R OCH{2 + || T @)+ k(@) 1} + | Th 0drn (@) — dis1yn (@)
(14 hLy)|| Th(x) = dn(@)|| + h' 0201 Coe™> = {1 + ||z[|} + C3{1 + [|¢rn ()| }2"°
(14 hLy)|| Tj(z) = drn (@)

+ B0 Coe ™ = {1 + ||} + Cs{1 + Co(1 + [} p 0=
< (14 hLy)|| Th(z) = dpn(@) || + Ar{1 + [|l|}n" 7,

<
<

with Ap = (2C1C + C3(1 4 Cy))e®?T=. A straightforward induction yields

(1+ hLy)*

Ar(1 ho
T, 7(1+ [|=])

I'T5 () — dun(2)ll <
O

Lemma A.2.6. Assume (A12), (A13), (A14) . For any v € RY, and f : R? — R? bounded
and continuous,

T
lim
hi0 Jo

Lt/ B (T (@) s ()1 (T @) = (0(61(2)) T (o) (012 e = 0.

Proof. Let = € R%. Consider the following decomposition, for any h < h,

Tw
e oy )3 s ()£ (T @) = Opln) T, () )|

< o Sren @ (k) o(Th(2) I g (2) F(Th () = plbsn(2) T () F (1))

03 1@ (001 ()T () F(01(2)) = (L8] Ontp) ()T 0y (2) F @t (@)

The first term converges to 0 by Lemma A.2.5 and (A13)-(ii) as w®(kh) = 0 for kh > T. By
(A12) and (A14), the function ¢t — @®(t)p(¢¢(z))J g, () f(Pe(x)) is continuous on the compact

[0, Tw] and thus is bounded. Therefore, for any h € (0, B),

sup [ (h [t/h])p(n(t/n) () gy 0y (€) F (Phit/n) (2))]

t€(0,T]

<sup|@| sup [f(z)] sup [p(¢t(x))Jg,(z)| <oo. (A.2.16)
teR z€R4 t€[0,Tw]

Moreover, ¢ — @ (h [t/h])p(dn(t/n) ()T sy, 0 n, (@) f (D 1/ (%)) converges pointwise when h | 0
to t = w(t)p(Pe(x))J g, (z)f(ée(x)) by continuity, using (A12) and (A14). The Lebesgue
dominated convergence theorem applies and the second term goes to 0 as h | 0. 0

A.2.2 NEIS algorithm after Rotskoff and Vanden-Eijnden (2019)

Non Equilibrium Importance Sampling (NEIS) has been introduced in the pioneering work of
Rotskoff and Vanden-Eijnden (2019). NEIS relies on the flow of the ODE #; = b(x;) and the
introduction of a set O C R%. As in Section A.2, we assume (A12) holds and denote by (¢¢)icr
the flow of this ODE.
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Define for € O, the exit times 77 (x) > 0 (resp. 7~ (x) < 0) satisfying
7 (z) =inf{t >0 : ¢¢(x) ¢ O}, 77 (x) = inf{t <0 : ¢4(x) ¢ O}. (A.2.17)

The validity of NEIS relies on the following assumption.
(A15) The average time of an orbit in O is finite, 7.e.

Z, = / (77 (x) — 77 (2))p(z)dr < 0. (A.2.18)
O
Under (A15), we can define the proposal distribution

pr(a) = 27 [ 1o o ) (D0(6(@) I, (@)t (A2.19)

Under (A15), (Rotskoff and Vanden-Eijnden, 2019, Equation (8)) derive the following estimator
of p(f), closely related to (2.4.1), in the case = 1, on the restricted set O C R? :

1 al X 7 i
N2 e KOG (A:220)
=177
Pp(¢¢(2))d g, ()

S8 p(0n(2))3 g,y

INEIS ( f)

wy(z) = (A.2.21)

Note that in practice, in order for (A15) to be verified, one typically requires that O be bounded,
as discussed in Rotskoff and Vanden-Eijnden (2019).

Following Rotskoff and Vanden-Eijnden (2019), consider a d-dimensional system with position
q € R? momentum p € R? and Hamiltonian H(p,q) = (1/2)||p||> + U(q) where U(q) is a
potential assumed to be bounded from below. Denote by V(E) the volume of the phase-space
below some threshold energy F,

V(E) = [ Lingazmdpd. (A.2.22)

To calculate (A.2.22), we set x = (p, q), define O = {z; H(x) < Epax} for some Epax < 00, and
use the dissipative Langevin dynamics with b(z) = (p, —VU(q) — vp), i.e.

g=p, p=-VU(q) P,

for some friction coefficient v > 0. With this choice, J4, () = ", Taking p to be the uniform

distribution on the (bounded) set O, write the estimator for £ < Epax, V(E)/V(Emnax) =
I Lr(p,q<EyP(p; ) dpdq, where p(p,q) = 1o(p, q)/V (Emax), we get
T+(XZ)

(i) Yo La (o <mydt

T (X7)
fT (XZ) J‘z)t(Xl)dt

1 N
( )/V( max :Nz

TH(XY)

J i dt N i i
3 Z Ef; ex)@ 1 3 e DX (XY) (A.2.23)
i=1 fT ( J(bt(Xl)d =

where 7 (2) denotes the (possibly infinite) time for a trajectory initiated at = = (p, q) to reach
the energy F < Eiax-
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Finally, to estimate the normalizing constant, Rotskoff and Vanden-Eijnden (2019) discretize

the energy levels {Eyp,..., Ep} and write their estimator as
ZNEIS _ Zzefdv CN=T(X)(By — Byy), (A.2.24)
i=1/¢=1

using an approximation of the identity

zZ- /O/O 11 (o) 1yp(x)dLda = /0 Pxp(L(X) > L)dL,
which is at the core of nested sampling Chopin and Robert (2010).

A.2.3 NEO with exit times

Consider O C R% and let T be a C!-diffeomorphism on R%. We introduce here an estimator based
on the forward and backward orbits in O associated with T. Define the exit times 71 : R — N
and 77 : R? — N_, given, for all z € R?, by

7 (z) =inf{k > 1 : T"(z) ¢ O}, (A.2.25)
77 (z) = sup{k < -1 : TF(z) ¢ O}, (A.2.26)

with the convention inf () = 400 and sup ) = —oo, and set
I={(z,k) EOXZ: ke[t (z)+1:7(x)—1]}. (A.2.27)

For any k € Z, define p : R = R, by

pr(x) = p(T*(2)) I por () 11(z, —F) . (A.2.28)

The density py, is the push-forward of 1(z, k)p(z) by T*, i.e. for any k € Z and any bounded
function ¢ : R — R,

L s@n@dy= [ o(T @) iz, bp(a)da. (A2:20)
0] o)

Consider the following assumption:

(A16) The nonnegative sequence (wy)rez satisfies wy > 0 and

zZ5 —/ Zwkﬂk dx—/ Z’Wkl) ok (2)11(x, k)dr < oo. (A.2.30)
kEZ keZ
Consider the pdf
5= Z ok (T (A.2.31)
2T et

where Z{ is the normalizing constant. This is a non-equilibrium distribution, since pr is
not invariant by T in general. Using pr as an importance distribution to obtain an unbiased
estimator of [ f(z)p(z)dx is feasible since as wy > 0, sup,cop(z)/pr(z) < Z1/wo < o0,

hence
| rw@parae= [ (f(@p’f&) pr(a)da

From (A.2.29), the right hand side can be computed using the following key result.
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Theorem A.2.7. For any f : R — R measurable bounded function, we have

| f@e@ar = [ 32, 1T @)ur@p@da, (A.2.32)

where, for any x € RY and k € Z,

wn(e) = mp-n(e) [ X, reari(e) (A.2.33)

Proof. Let f: R? — R be a measurable bounded function. By (A.2.29), writing g < fp/pT,

p(x)
[ r@peye = [ (f(w)pT(x)>pT(x)dw
T LT L))
/okez< D 2 o (T () )”( dz.

We now need to prove:

wep(TF(2)) 11(, k) _ wep(TF(2)) 11(, k) _ wp—k(T)
ZZpp(TH(2)) Li(z, k) iz wipi(TF(2)) > jez @j+kp;(2)

= Wk (CL‘) )
with the convention 0/0 = 0. We thus need to show that for any « € O, k € Z,

(x, k) szpz Tk(
€L

Using the identity Jp—itx(2) = Jp—i (T%(x))Jpr (x), we obtain

Li(z, k) Y wipi(T*(2)) = Y Li(w, k)wip(T~ (T*(2))) I p-s (T* () Li(T*(z), —i)

1€ZL ieZ

= Z 11(x, k)wip(TF (@) poiin () 11 (TH(2), —i)
JTk(IE) =

Zwﬁw )i (2) 11 (TH(x), —j — k) L1(=, k)

Note that if (x, k) € I, we have (z, —j) € I if and only if (T*(z), —j — k) € I by definition of I
(A.2.27). The proof is concluded by noting that:

11(T*(x)), —j — k) 11(2, k) = 11z, —j) 11z, k) -

A.3 Iterated SIR

Let us recall the principle of the Sampling Importance Resampling method (SIR; Rubin (1987);
Smith and Gelfand (1992)) whose goal is to approximately sample from the target distribution
7 using samples drawn from a proposal distribution p.

In SIR, a N-i.i.d. sample XV is first generated from the proposal distribution p. A sample X* is
approximately drawn from the target 7 by choosing randomly a value in X'V with probabilities
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proportional to the importance weights {L(X%)}Y,, where L(z) = 7(z)/p(x). Note that the
importance weights are required to be known only up to a constant factor.

For SIR, as N — oo, the sample X* is asymptotically distributed according to 7; see Smith and
Gelfand (1992).

A subsequent algorithm is the iterated SIR (i-SIR) Andrieu et al. (2010). Here, N is not
necessarily large (N > 2), the whole process of sampling a set of proposals, computing the
importance weights, and picking a candidate, is iterated. At the n-th step of i-SIR, the active
set of N proposals X!V and the index I,, € [N] of the conditioning proposal are kept. First
i-SIR updates the active set by setting XT]L*_LH = XIn (keep the conditioning proposal) and
then draw independently Xiﬁ\{ln} from p. Then it selects the next proposal index I, €
[N] by sampling with probability proportional to {@(X},;)}Y,. As shown in Andrieu et al.
(2010), this algorithm defines a partially collapsed Gibbs sampler (PCG) of the augmented
distribution

—( LN 1 i j Lo al j

7@, i) = o) [] o) = yot) [T o).

JF#i J=1

The PCG sampler can be shown to be ergodic provided that p and 7 are continuous and p is
positive on the support of 7. If in addition the importance weights are bounded, the Gibbs
sampler can be shown to be uniformly geometrically ergodic Lindsten et al. (2015); Andrieu
et al. (2018a). It follows that the distribution of the conditioning proposal X* = X[» converges
to 7 as the iteration index n goes to infinity. Indeed, for any integrable function f on R?, with
(X1:N7 I) ~ ﬁ-a

N N
E[f(X))] = 2wt HdeHY = N 2)r(2)de; = o)m(x)dx .
FEE) = [ sttt > [ amaian = [ i@

When the state space dimension d increases, designing a proposal distribution p guaranteeing
proper mixing properties becomes more and more difficult. A way to circumvent this problem
is to use dependent proposals, allowing in particular local moves around the conditioning orbit.
To implement this idea, for each i € [N], we define a proposal transition, r;(z%; z'V\{}) which
defines the the conditional distribution of X *N\#} given X? = 27, The key property validating
i-SIR with dependent proposals is that all one-dimensional marginal distributions are equal to
p, which requires that for each i,j € [N],

playri(at NN = p(adyrj(ats VI (A3.1)
The (unconditional) joint distribution of the particles is therefore defined as
pN(ml:N) _ p(xl)rl(xl;xl:N\{l}) ) (A.3.2)

The resulting modification of the i-SIR algorithm is straightforward: X M\/n} is sampled
jointly from the conditional distribution r7, (X, -) rather than independently from p.

A.4 Additional Experiments

A.4.1 Normalizing constant estimation

We consider here the problem of the estimation of the normalizing constant of Cauchy mixtures.
The Cauchy distribution with scale ¢ has a pdf defined by Cauchy(z;u,0) = [ro(1 + {(z —
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w)/o}2)7L. The target distribution is a product of mixtures of two Cauchy distributions,

[Cauchy (x4; p, 0) + Cauchy (x3; —p,0)], p=50=1.

bDlPA

-1

NEO-IS is compared with IS estimator using the same proposal p. We also compare NEO-IS to
Neural IS Miiller et al. (2019b) with a Cauchy as base distribution.

30 . 30 .
. $ . ; ;
25 : . 25 t .
4 . .
20 i : 20 ’ ;
‘ +
15 . X :
10
5
0 0

NEO IS NIS NEO

Figure A.1: Boxplots of 500 independent estimations of the normalizing constant of the Cauchy
mixture in dimension d = 10,15 (top, bottom). The true value is given by the red line. The
figure displays the median (solid lines), the interquartile range, and the mean (dashed lines)
over the 500 runs

Finally, we compare NEO-IS with NEIS!. We consider here MG25 in dimension 5 and 10, where all
the covariances of the Gaussian distributions are diagonal and equal to 0.0051. NEIS and NEO-
IS are run for the same computational time. We add an IS scheme as a baseline for comparison.
All algorithms (NEO-IS, NEIS, IS) are run for 7.20s and 11.30s wall clock time respectively for
d =5 and d = 10. For NEO-IS, we use a conformal transform with » = 0.1, K = 10 and ~ = 1.
For NEIS, we choose v = 1 and consider a stepsize h = 10~* corresponding to an optimal
trade-off between the discretization bias inherent to NEISand its computational budget. We
can observe that NEO-IS always outperforms NEIS, which suffers from a non-negligeable bias
if the stepsize h is not chosen small enough.

30 3 30
25 25 ’
20 , ) 20 '
15 ; ll;;;;-l 15 1
10 ——— 10
5 5 II!!!!!II ____________
°  NEO IS NElS % NEO IS NEIS

Figure A.2: NEO v. NEIS. 25 GM with 0% = 0.005, d = 5. 500 runs each.

'The code from Rotskoff and Vanden-Eijnden (2019) we run is available at https://gitlab.com/rotskoff/
trajectory_estimators/-/tree/master.
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Figure A.3: Forward orbits of NEO-MCMC.

A.4.2 Gibbs inpainting

We display here additional results for the Gibbs inpainting experiment presented in Section 2.5.
We emphasize that the starting images are chosen at random in the test set.

A.5 NEO and VAEs

Denote by pg(x,z) the joint distribution of the observation z € RP and the latent variable
x € RY. The marginal likelihood is given, for z € RP by py(z) = [ py(z, z)dz. Given a training
set D = {zi}ij‘il, the objective is to estimate 6 by maximizing the likelihood, .e. maximizing
logpg(D) = "M log py(z;). We show two experiments in the following, first the evaluation of
independently trained VAEs, and then the derivation and learning of a VAE based on NEO,
and NEO-VAE.

A.5.1 Log-likelihood estimation

We present here first the evaluation of the log-likelihood of a trained VAE on the dynamically
binarized MNIST dataset. The models we compare share the same architecture: the inference
network gy is given by a convolutional network with 2 convolutional layers and one linear layer,
which outputs the parameters 114(7), o4 (x) € R? of a factorized Gaussian distribution, while the
generative model py(+|z) is given by another symmetrical convolutional network gg. This outputs
the parameters for the factorized Bernoulli distribution (for MNIST dataset), that is

N .
po(zlz) = [T Ber (217 (gu()) ")
=1

We here follow the experimental setting of Wu et al. (2016). Given a test set 7 = {zz}f\iq,
we estimate Zf\i{ log pg=(z;). We also estimate similarly the log-likelihood of an Importance
Weighted Auto Encoder (IWAE) Burda et al. (2016). Following Wu et al. (2016), we compare
IS, AIS, and NEO-IS. As previously, AIS, IS, and NEO-IS are given a similar computational
budget, choosing here K = 12, N = 5-103. For NEO, we choose v = 1. and h = 0.2. Similarly,
the stepsize of HMC transitions in AIS is h = 0.1 in order to achieve an acceptance ratio of
around 0.6 in the HMC transitions. We report in Table A.1 the log-likelihood computed on the
test set for VAE, IWAE with latent dimension in {16,32}. For the same computational budget,
NEO-IS yields consistently better values for the estimation of the log-likelihood of the VAE.
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Figure A.4: Additional examples for the Gibbs inpainting task for CelebA dataset. From top
to bottom: i-SIR, HMC and NEO-MCMC: From left to right, original image, blurred image to
reconstruct, and output every 5 iterations of the Markov chain.

Table A.1: Evaluation of the log-likelihood (normalizing constant) of different Variational Auto

Encoders.

Model | VAE, d =32 | VAE, d = 16 | IWAE, d = 32 | IWAE, d = 16
IS 290.17 ~90.44 ~88.76 90.13
ATS “89.67 ~89.97 ~88.30 ~89.61

NEO-IS “88.81 “89.17 87.46 ~88.99
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A.5.2 Definition of a NEO-VAE

Variational inference (VI) provides us with a tool to simultaneously approximate the intractable
posterior pg(z|z) and maximize the marginal likelihood py(D) in the parameter §. This is
achieved by introducing a parametric family {g4(x|z),¢ € ®} to approximate the posterior
po(z|z) and maximizing the Evidence Lower Bound (ELBO) (see Kingma and Welling (2019))
Lerpo(D,0,¢) = M, Leipo (2, 0, ¢) where

LeLpo(z,0,¢) = /10g (%) qp(z | z)dz (A.5.1)

= logpe(z) — KL(gs(- | 2)llpa(- | 2)),

and KL is the Kullback-Leibler divergence. In the sequel, we set p(x) = gg¢(x | 2) and L(z) =
po(x,2)/qs(x | z). In such a case, 7(x) = p(x)L(z)/Z = po(x | 2) and Z = py(z) (in these
notations, the dependence in the observation z is implicit).

We follow the the auxiliary variational inference framework (AVI) provided by Agakov and Bar-
ber (2004). We consider a joint distribution pg(z, u, z) which is such that pg(z) = [ pe(z, u, z)dzdu
where u € U is an auxiliary variable (the auxiliary variable can both have discrete and contin-
uous components; when u has discrete components the integrals should be replaced by a sum).
Then as the usual VI approach, we consider a parametric family {gs(x,u|z),¢ € ®}. Introduc-
ing auxiliary variables loses the tractability of (A.5.1) but they allow for their own ELBO as
suggested in Agakov and Barber (2004); Lawson et al. (2019) by minimizing

75+ | 2)||Pe(- | 2)) = [ qo(x,ulz)lo Do(2, . 2) xdu
KL(@s(- | 2o 1 2)) = [ asla,ul2)! g<q¢<x,u\z>>d du. (4.52)

The auxiliary variable u is naturally associated with the extended target p defined similar to
Remark 2.3.2,
1:N\{i 1:N zz 1:N
([, MM i) = 7 (@M i) = T () (A.5.3)
NZ
with (z,u) = ([z,2"N\#],4), a shorthand notation for a N-tuple 'V with z* = 2, and, with
r; defined in (2.3.5),

pN(xltN) = p(a:l)rl(xl,:EZ:N) = p(a:j)rj(a:j,xltN\{j}), je{l,...,N}, (A.5.4)

generally for Markov transitions {r; }je[ ~]- We might write simply in the following

An extended proposal playing the role of gy (z, u|2) is derived from the NEO-MCMC sampler,
i.e.

) Zw
— 1L:N\{i}7 _ ks 1:N . A55
an([z, @ J,) NZ=., pN(z7) ( )

where ZA;? ~ is the NEO estimator (2.2.4) of the normalizing constant. Note that, by construc-
tion,

N
> an (@t i) = pn(atN) (A.5.6)
=1
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Table A.2: Negative Log Likelihood estimates for VAE models for different latent space dimen-
stons.

d=14 d=38 d=16 d =50
model IS NEO IS NEO IS NEO IS NEO
VAE 115.01 | 113.49 || 97.96 | 97.64 || 90.52 | 90.42 || 88.22 | 88.36

IWAE, N =5 113.33 | 111.83 || 97.19 | 96.61 || 89.34 | 89.05 || 87.49 | 87.27
IWAE, N =30 111.92 | 110.36 || 96.81 | 95.94 || 88.99 | 88.64 || 86.97 | 86.93
NEO VAE, K =3 | 109.14 | 107.47 || 94.50 | 94.26 || 89.03 | 88.92 || 88.14 | 88.16
NEO VAE, K =10 | 110.02 | 107.90 || 94.63 | 94.22 || 89.71 | 88.68 || 88.25 | 86.95

showing that this joint proposal can be sampled by drawing the proposals 2!V ~ py, then
sampling the path index i € [N] with probability proportional to (£%)X, (with ZF defined in
(2.2.4)). The ratio of (A.5.3) over (A.5.5) is

pn (N 0) fan (2 i) = 250 /2. (A.5.7)

Thus, we write the augmented ELBO (A.5.2)
Lo = /pN(x1=N) log 2%,y da"™N = log Z — KL(qw|py) . (A.5.8)

where we have used (A.5.6) and that the ratio py (1, i) /gy (2'*Y, i) does not depend on the
path index i. When wy, = dj o, where d; ; is the Kronecker symbol, and py (z') = Hé\f:l p(z7),
we exactly retrieve the Importance Weighted AutoEncoder (IWAE); see e.g. Burda et al. (2016)
and in particular the interpretation in Cremer et al. (2017).

Choosing the conformal Hamiltonian introduced in Section 2.2 allows for a family of invertible
flows that depends on the parameter 8 which itself is directly linked to the target distribution.
Table A.2 displays the estimated NLL of all models provided by IS and the NEO method. It is
interesting to note here again that NEO improves the training of the VAE when the dimension
of the latent space is small to moderate.
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Appendix B

Appendix of Chapter 4

B.1 Proofs

In this section we provide the proofs of Propositions 4.4.3, 4.5.1 and Theorems 4.4.4, 4.4.9, 4.4.10
and 4.5.2. The various Propositions and Lemmata used are stated and proved in Section B.1.9-
B.1.10. Other intermediary technical results are provided in Section B.3. Equations, lemmata,
propositions and theorems referred to without the prefix S are given in the main text.

B.1.1 Preliminaries

In order to simplify the notations, in what follows we write

N,BS —~1,2
Qb,t (h) = Z Ab,t (kémk%t) (§0t ) Ot )7
dzeine
where
1-bs
Nyt (kb k) - HNb ( ) Ve (1) Tt (kg ko) ATS (ko) ASS (Ko KS) - (B.L1)
By (4.4.13),

AB2 (kb)) = BES (ki ket )ABS (K1)

k2
A (k()tak()t —{ﬁ ktakt—l)lkf;ékg+wtill]lkf:kg}AQBi—l(ké:t—ﬁk(%:t—l)'

and by (4.3.4) we have that v (1) = 7Y ,;(1)N~'Q;_1, hence, using (4.4.16) QN BS( h) be-
comes

N,BS —1,2
Qb,t (h) = Z Ab,t (k(%:nkgt) (fm ) Ot ) (B.1.2)
el
0?2
= Z Abt l(kOt 1vk0t 1) N2 Z 5235(145%,]453—1)
kol 1 EINT2 kl2g[N]2
N k2
X {N—l o (k7 ki D Lgt k2 p,= 0+Nwt 1 Lpa—k2 = 1] (ﬁot, Ot ).
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B.1.2 Proof of Proposition 4.4.3
Proof of Lemma 4.4.1. By (A4), for any (x,y) € X2,

N
/BtN(x7y)¢i\£1Mt(dx) = Bilv(m:y) ng—lMt(g—la diL‘)
=1

gi—1(y)mu(y, x)
Nl‘:)t 1mt(€t @ )Zwt 1 ft 1, T)v(dz)

= th1(@/) Mi(y,dz).
t—1

Consequently, for any (k}_ |, k}) € X2 and h € F(X),

B[ (68, 61 (I FY] = [ Y (e, 60 ()oY My(da)

= w M. ’1,dx
/Qtltl )t(tl )

kt
= wt M [R](E5) -
On the other hand,
N
i i k k
B[L,, g MEONF] = [ 3 T imid Moy, do) () = w3 MERIERT)
i=1
O

Proof of Proposition 4.4.3. For the proof of i), note that conditionally on F}¥,, &V are i.i.d.
with distribution gbi\i 1My, hence,

E

Z ]lkg;ékfﬁt (kt’kt 1) Bs(k’2 k 1)h (50157 Ot )]: ]
kl2¢[N]2

= Z /]lklyék?ﬁt k’tlak’ 1) Es(kf,k‘f_) (§0ta Ot )¢t 1Mt(dft )¢£1Mt(dfft2)a

k}2€[N)2

and by (4.4.11) in Lemma 4.4.1,

E Z ]1]%17&]%2,8? (kt7kt 1) (kt7kt 1) <€0t7 Ot) ]
kL2e[N]2
N(N -1 2
= (Qz)(gt MR (G 6ot ) (B.1.3)
t—1

where
gt 1Mt[ ]: (xO:tflal'{):t—l) ’—>9?—21(51316—1,%—1)/h(ﬂﬂo:taiﬂf);t)Mt(mtfladxt)Mt($2—1ad$2)-
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On the other hand, by (4.4.11) in Lemma 4.4.1,

E| ) Ly k2585(7€1 ki 1)% 11h(50 50 IIF,

K2V

.
= Z /ﬂkl k25t (kt7kt Dw ttllh(€Ota Ot )¢t 1Mt(d§t )gkl(déf?)

klze[N]Q
1 e k2
= 02 Z ﬂkl kwt 11% 1 /hfow 0t Mt(ﬁttlladft )gkl(dgtt)

t—1 k%:Qe[N]Q
N
02 (92 My [h ])(5015 , Ot )7 (B.1.4)
Qt—l

where
gt 1Mt[ ] ($0:t—1’936:t—1) = g?i2l(xt—17$:€—l)/h($03t’1"6:15)Mt($t—17dxt)(sft(dxé)'

If by = 0, since ;1 and Ki”f,l(k(l):t_l, k%, ;) are FY | measurable for any (k.,_1, k3,_1) € [N]*,
by (B.1.2) and (B.1.3),

QQ
BS _
[QN )|f£1} - 122 Abt 1<k0t 17k0t 1)]\7(]\;7_11)
kg1 EINT?
BS ké:t kg:t N
XE[ Z Dprsn2 By (Kt ki) B> (2, k)RS s €05 )]:t—l]
kl:QE[NP
2
= Z Abt 1(k0t 17k0t 1)(9 [ ])( 0?117 og‘,tll)
k§Z_ | €[N]?
S
= QIJJVtBl(gt 1M [R]) .
If by = 1, again by (B.1.2) and (B.1.4),
NBS (7| N 07
[Q )|~7:t—1] = Z Abt 1(k0t lakOt 1)
k12 2 N
0ii—1€V]
XE[ Z ﬂktl:kfﬁfs(ktl?ktlfl)wt 11h(§0t ) Ot )Ft 1]
kl:ZG[N]Z

= > Abt 1 (g 10 ko 1) (922 My TR ])(fo?ttf’gom 1)

koi7_1 €IN]?

= Q)P (g MITn) .

For the proof of ii), we proceed by induction. Let t = 0 and h € F(X®2). If by = 0, since
51 N 11d Mo

E Q) ()] - E N(Nl_l) > Liih(6h, )

i,j€[N]?

— N( Z 1,4,M Mg[h] = Qo(h).

i,j€[N]?
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If by = 1,
s 1 Y o
E QY (h)] =E [N > h(&, fé)] = Mg[h] = Quo(h).
=1

Let t € Nog and h € F(XY®2H4D) Assume that E[Q)"; (f)] = Qbu—1(f) for any b € B; and
f € F(x®2), By (i) in Proposition 4.4.3 and the tower property

E[Q);%(h)| = E [E[Q% ()| FY.]| = E [ Q%5 (953 My h) |

and g?fl/\/lft [h] € F(X®2!). Thus, by the induction hypothesis and the definition of Qp;—1 we
get

N,BS N,BS
E[0)7%5(n)] = E [P (g A MY [1])] = Quao1 (973 MY [1]) = Qua(h),
which completes the proof. The proof of iii) is a direct consequence of (4.4.4), (4.4.17) and
ii). O

B.1.3 Proof of Proposition 4.5.1

Let ho.; be an additive functional (4.5.5). By definition, for s € [t],

Gs,t(l'& hO:t) = / {FLO:S(ZEO:S) + Bs:t(xs:t)}Ts(-rSa d$0:571)Qs+1:t($3a dxs+1:t)

= / {Ts VLD:S]($5) + Bs:t(xs:t)}Qs—i—l:t(xSu dms—&-l:t) y

and then, setting Hg.s : 25 — Ts[ﬁgzs](:z:s) + hst(xs) wWe get

’75(1)75 (Gs,t[h():t]2)
= 73(1)78 (Qerl:t [TS[BOZS] + Bs:t} 2)
— [ 201t g @) [ QurtalHar (@00)QuiralHa) () 704(do0)

= /’70:371(dm6;5_1)gsfl(:E{s—l)’yo:s(dl'O:s)axs(dmfg)Qerl:t[Hs:t](xs)Qerl:t[Hs:t]($;)a

which establishes the result since by definition

Qes,t (d$01ta dl‘é};t) = 70:s(d$0:s)'701871 (dx{):s—l)gsfl(x;_l)(sxs (dl{g)
Qot1:t (s, dspr:) Qo1 (2, dal 1) -

If s =0, then Go¢[ho:t](x0) = [ hot(z0:t) Qu:¢(x0, dz1:¢) and

Y0(1)70(Go:t[ho:t)?) = 70(Goe[hos]?) = /Mo(dSUo)QLt[ho;t] (20)Qu:¢[ho:t) (wo)

= / Mo(dzo)8y (dh) Que st (0) Quie st (h)
= Qeo,t(hgg) .
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B.1.4 Proof of Theorem 4.4.4
Let m € Nyg and N > 2. Define

T = {EYm c NP B2 £ EY e [1:m]}, (B.1.5)
T = {2 NPk = k¥ i e [1:m]}. (B.1.6)

Define also for any p € [2m)],

STpTL — {kl:Zm c [N]2m . Card({kl, k27 . 7k2m71, ka}) — p} .

Then [N]?™ = 12]:”1 SP and
2m 2m 2m m
r— sy = rnse, Tr=| | sy = || nsy, (B.L.7)
p=1 p=2 p=1 p=1

where | | means disjoint union. The first equality holds because the tuples in Zg* must contain
at least two different values and the second because tuples in Z{" contain at most m different
values. The proof of Theorem 4.4.4 is concerned with m = 2 and that of Proposition B.1.4 with
m > 2. Example B.1.1 provides the intersections for the case m = 2.

Example B.1.1. Choose m =2 and N > 4. Then,
TeN Sy = {k" e [N]*: k' £ 12K # kY {02 k') = (k' 12},
TEN Sy = {k" € [N]*: k' £ K2 kP # k4 P e (' B2}, K ¢ (K, K%},
LS € INJT kY # K2R # KRS ¢ (R R KD e {1 R )
T2NS; ={k" e [N) k' £ k2 £ K3 # kY,
with Card(Z2 N S2) = 2N(N — 1), Card(ZZ N S3) = 4N(N — 1)(N — 2) and Card(ZZ N S3) =
N(N —1)(N —2)(N —3). As for I%,
1-12m821 :{k,1:4 c [N]4:k1 :k2:k3:k4},
2NSs = (k" e [N k' = k2 k3 = K kY £ K3).
with Card(Z? N S3) = N and Card(Z N S3) = N(N —1).

Proof of Theorem 4./4.4. We proceed by induction. Throughout the proof we assume that N > 4
for the sake of simplicity. For ¢ = 0 and b = 0, using (4.4.23) and (4.4.20),

Qo> (h)=N"YN -1V S 1,h(€.6),

1,JE[N]?
and Qo o(h) = MF?(h).
1Q5ES (h) — Qoo (h)|2
_ 1 L Ah(E Y gy
=E NZ(N —1)2 W/JZ/;[N]AL Lizjirzi { (&5, &) — Qoo (R) H{A(&G, &) — Qoo(h)}
_ To+To
T NN -—1)2°
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where

n=E| S {h&) - Qooh)HAE &) — Qoolh)}| |
_i,j,i',j'ezgmsg

To=E| 3 {h(&.&) — Qoo Hh(E) &) — Qoom)}]

.51 ,j' €T2NSE

where 72 N 84 is defined in (B.1.5), (B.1.7) and explicited in Example B.1.1, and 73 N S} =
(T3NS U(TZNSS). If (i,4,7,5") € I3 NS4, then &, &), €4 and {8/ are i.i.d. Therefore,

E[{h(¢h.&) — Qoo(h)} {h(gh.&)) ~ Qoo(h)}] = E [{h(&},&}) — Qoo()}] =0,

and 7o = 0. Hence, using the fact that because h is bounded, ||k — Qo0(h)o0 < 2[[h]loc and
that Card(Zg N S3) = 4AN(N — 1)(N — 2) + 2N(N — 1) by Example B.1.1, we get
2 To

P

QOO )’|2_N2(N_1)2
4[Al13
< — = 1
= N2(N —1)2 Z o
i,5,¢,j' €IZNSS
_ 4||h)I2[AN(N = 1)(N — 2) 4 2N(N —1)]
N N2(N —1)2

HQNBS

which completes the proof for b = 0. For b =1,

QVES () — Q10(h) 1Zh§0,§0 /hxdedx)

and since h is bounded,
1915 (h) = Quo(h)ll; = N7V [A(€, )] = OV,

where V), is the variance under My. This completes the proof for ¢ = 0. Let ¢ > 0, and
assume now that (4.4.18) holds at time ¢ — 1. Consider the following decomposition

Q7% (h) — Qu(h) = Q7% (h) — B[Qp°° ()| FN ] + B[P (W) FN,] — Quu(h),
which, by Proposition 4.4.3, becomes
Q%3 (h) — Que(h) = Q%% (h) — QB3 (g3 MY [h))
+ OB (gEA MY () — Quur (gEA MU (R]) . (B.LS)

By the induction hypothesis, since h is bounded and also g;—1 by (A5), we have

Jim | QNE (g2 MY ) ~ Qo a(gPAME )|, =0,

hence, by Minkowski’s inequality it remains to prove that

lim HQNBS — OB (g MY [])H =0. (B.1.9)

N—oo 2
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By Proposition 4.4.3, E[Q?{Bs(hﬂﬂql} = Qé\;’B?(gt M [h]) and

E[Q);% (h) Q)25 (924 MY [h))] = E[Q);%5 (924 MU [h])?]

hence,
BS BS BS BS 2
197 (1) = P (@AM RNl = 1103 (M5 — 19525 (672 M ()5
Consequently, by Proposition B.1.8, if b = 0,

< (<NN53,“_V1) ) 1) ngffi g2 MO

N -2 -
4y a Gl [ vde)E| A QP m () © DB (@) 0 1)

+ OB @m(,2) QB (BN (x,) @ 1) + Q% (mu(,2) ® 1)

< QNP1 0 Y 0,0) + QN @ ml ) Q1@ 5 (. )]

02
2 2 ®2 t—1
+ G [ v (dy,dx)E[N<N_1)

< { QB oml) © ml, )OS (3w ) @ 5 )
+ OB ) @l ) QN (5 (0 ) @ 5 (0.)) ]
and if by = 1,
ono ) - @St aMim) [, < (S - 1) IQNES o2 MEA) B
+G3h /E [%Qﬁ’B?(mt(.,x) 21O (BN (v,) @ 1)] y(dz). (B.111)

By Proposition B. 1 4, the first term in the r.h.s. of (B.1.10) and (B.1.11) is O(N~!) in both
cases because |g*> Mo ], < G?% |h|oo < 00. We now show that the remaining terms go to
zero when N goes to infinity. Define for any « € X and N € Ny,

Bi(x) = "L ONES (i 2) @ 1) Q)5 (1@ B (,.)),
By() := Qiff?( (L2)©1) B (1e1), (B.1.12)
B(x) = Qpy1 (mu(,2) ©1) Qpy_1(1®1).

We apply Theorem B.3.1 with fy = E[By], gv = E[By], g = B and f = 0. To establish i),
note that E[By(z)] < GoE[By(z)] for all N € Ny and z € X, since for all (z,i) € X x [N],
BN(z,& 1) < 1 and N7'Q; 1 < Gu. Then, to prove ii), for all (h, f) € F(X®)?2 by the
Cauchy-Schwarz inequality,

&[N MQYE () — Qbis (1) Qi ()|
E[[(205550) = Qoea () Q55D +E[|(5%5(5) = Qoea(h)) Qura(B)]
< 195325 (h) = Qa1 (W, Q=3 ()l + Q025 (F) = Qoma ()| Qo (B
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which goes to zero by the induction hypothesis, the fact that supycy ||Q,])Vf?( f)

Proposition B.1.4 and |Qp;—1(h)| < co. Hence, for all z € X,

H2 < o0 by

lim gy(z) = g(z) and lim E QP10 1) = Qa1 @ 1)

N—oo

Added to the fact that [ By(z)v(dz) = Q23 (1® 1)? and [ B(z)v(dz) = Qpy-1(1® 1)2, we
get by applying Fubini’s theorem

lim /E B ()| v(dz) = hmE[QlﬂVth(l@l)} Qpy-1(1®1)? /B

N—o00
Then, for iii), first we have that E[By(z)%/?] < G%2E[Z§N(x)3/2] and

sup E[By (2)*?] < o}/ sup E[Q)%5 (1 ©1)"],
NeN NeN

where the r.h.s. is finite by choosing m = 3 in Proposition B.1.4. The family of non negative
random variables { By(x)}nen is then uniformly integrable for any z € X. Indeed, for any
re X, a€R} and N €N,

E [BN(:E)IIBN(@Z@} < ]E[BN(x)gm]/\/a
<232 sup E[Q) B (19 1)%) /v,
NeN
hence Oéli_)rxgo sup yen E [BN(m)]lBN(x)za} = 0. On the other hand,

Q%% (ma(,2) ® 1) Q7% (1 ® gemymu(., )
NoN | (my(.,z)) ’

BN(SL') =

and the induction hypothesis coupled with the fact that ¢} ;(m¢(.,z)) N ¢r—1(my(., z)) with
¢i—1(me(.,z)) > 0 by (A5 : 6) gives

Q% (mu(, ) ®1) Q0733 (1 @ gro1mu(., @)
o (mu(., x))

P Qpi1 (me(,2) ®1) Qpy1 (1@ gem1imu(., x))
— Gr—1(my(., x)) '

Hence, By(x) x, 0, and by uniform integrability, for any z € X
Jm () = Jim BBy () =0,
Finally, by Theorem B.3.1 we deduce that
lim / E[Bx(z)]v(de) = | lim E[By(z)]v(dz) =0. (B.1.13)
N—o0 N—o0

The other similar terms are treated in the same way by adapting the definitions in (B.1.12). As
for the second integral, define for any (z,y) € X2,

2
RN<x,y>::N(?§_11)QiﬂB?<mt< ) @ m( ) Q5 (B (x.) @ 5 (4,.)).
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Then, using that

[ QB tmet) @ ma ) QS (5 () 8 3,)) )
< Qi mu(,0) @ 1) QS (B (2, ) @ 1)

together with Fubini’s theorem we obtain, using N > 4,

0= [B[Ry () (dr,dy) < 52 [B[By()w(d0),

and by (B.1.13) we get that

lim /E[RN(x,y)}y®2(d:z:,dy) =0.

N—oo
The remaining term goes to zero by a similar reasoning. This completes the proof of (4.4.18).

For the convergence rate, by the strong mixing assumption we have that

B (z,y) < foéaj V(z,y) € X, (B.1.14)

and in the case by = 0, we have for example that
N, BS N,BS
[ QS i) © DY ) © 1ulda)

Gooo
< 2 [ Q) mil o) @ Q)L @ u(da)
o

< GOOU+

N,BS
= g_ Q_lgbt 1(1®1)

and

QB 2y @ mil ) QNS (8 (2.) @ B (v, ))v ¥ (de, )
< (%;Q%Bf(l ®1)2.
Thus, replacing in (i), we get
1955 (h) = Q5 (g2 MU

< [N ] oyl )

N 20, G |2, [Q(N —2) o4 et
N(N —1)  o¢_N(N—1)]=bt=13" 02

o_

The case by = 1 is handled similarly using (ii) which yields
N, BS N,BS 2
HQ th l(gt 1Mt ])Hz

N -1 0+Go RS 2
qjv—@wﬁmumum <l oo a2

Both upper bounds are O(N~!) by Proposition B.1.4. This concludes the proof. O
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B.1.5 Proof of Theorem 4.4.7

The proof is a straightforward adaptation of the proof in (Lee and Whiteley, 2018, Theorem 1).

Let h € F(X). By (4.4.30),

t t t+1

N -1 N -1

N =Y (S ) QP+ v | (B ] Qo (h’?)
s=0

b1 /N —1\""
vy Il () fele)

beB\{0,e0:¢ } s=0

t
Z {th (h?) Qo,t(hi@)} =V7(h),
where we have used that for any b € B, QN Bs(h®2) N Qy+(h$?) by Theorem 4.4.4.

B.1.6 Proof of Theorem 4.4.9
Define for any ¢ € [N] and b € By,

gt = U(gt 1Y U({Jkt 1}(1k Ye[N]2 ) U U({At 1751:}1‘]\;1)) ) (B.1.15)
with G = F. In the following, we write
t N 1-bs
CN,b,t = {H Nbs <]V—1) }’YtN(].)2/N2 . (B116)
s=0

The intermediary results used in the next proof are given in Section B.1.10.

Proof of Theorem 4.4.9. Let h € F(X®2). We proceed again by induction. The case t = 0 is a

consequence of Theorem 4.4.4 since QéVOM( ) = QN BS( h) for any b € By. Let t > 0. Similarly

to Theorem 4.4.4 we make use of the followmg decompos1tion:
Qi (h) = Qua(h) = Q" (h) — Q™ (9 M 1)
+ th 1(9 M [h]) — Qb,t—l(gég—le?t [h]) -

By Minkowski’s inequality and the induction hypothesis, it remains to prove that

lim (|95 (h) = Oy (972 Mi (], = 0. (B.1.17)
By Lemma B.1.9,E[@gﬁ;M (h)|GN ] = QinM(g ' MY [R]) and
B[O, (h) Qi (922 MY 1)) = B[O, (973 MP[])?]
hence,
1055 () = O™ (g2 MY DIl = 195" (W) l5 = 1905 (a2 M]3 -
By Proposition B.1.10, if by =0,
AN, M 2 : 5 e
10" I = Y ECRye X T ETR. K]
p=2 k}4er2nsy
(V- )(N 3)
- N(N -
+\h\zozxa[c%v,b,t > TR,

p=2 ki4eI2nSy

Hth 1 (91— 1/\/‘O ||2
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and

1905 () = Qp™ (a2 My ) 5
gcﬁmzvga 1) 1954 6% M)

3
FIE S E|CRa X TR EDTARL ).

p=2 KIEe1ZNSE

By Proposition B.1.12, (A5) and the fact that h is bounded, sup y¢y || Qb i 1 (924 MY })H; < 00

and
o (52,

and by (i) in Proposition B.1.11, the second term in the r.h.s. also goes to zero, which shows
(B.1.17) when by = 0. If by =1,

2
19 =SB |G X T DT k)
p=1 kiteIinsy

2 ~ ~
S I MBI + E| Ry X T BT, D]

1:4 2 1
kl4eT2nS)

N

and H Qé\; h)— Qé\;M(Q M [h]) H; goes to zero similarly to the case b; = 0 and by application
of Propositlon B.1.11.

The convergence rate follows straightforwardly by Proposition B.1.11 since for p € {2, 3}
Blchy X TR KT D] = 0N,
kI ET2NS?

and

Blchy X TRLIDTI K| =0,

1:4 2 1
k14 e12nS}

B.1.7 Proof of Theorem 4.4.10

The proof boils down to showing a PaRIS version of the identity (4.4.30). Let us first prove
that for all ¢t € N and (kf, k?) € [N]?,

STkt k) =1. (B.1.18)

beB:

We proceed by induction. If ¢t =0,

Y Tk, kg) = Doz + Laog2 = 1.
beBy
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Let t > 0 and assume that (B.1.18) holds at t — 1 for all (k}_;,k? ;) € [N]?. By the induction
hypothesis,

STk KD

beB;

M M N
> M—l{ﬂktl;ékuﬁb_ﬂ k-1 ;itz,tl)Jrllktlktzzzcaf_lﬁl’_l(Jig’tl,n)}

beBi—1 = i=1n=1
1
_M Z{ﬂkl;ﬁk? Z 7; 1 k%,t—l’ th 1 +]].k.1 k.2 Zwt 1 Z 7; 1 ktl’t_l,n)}
beBi_1 beB;—1
= ]]‘kl kZM Zl+]lkl k’2M ZZwt 1
n=1i=1

which proves (B.1.18) at time ¢. Consequently, we have that for all h € F(X)

— 1\ 2 ~ 1 2
IR (A5) e - O S T e he)

beB; s=0 beB; k’l:QE[N}Q

7 (1) k2 ~
= 2 hERET) D Tk k)
k}2€[N)2 beBt
=7 (1) (h)* = 7 (h)?.
The convergence in probability is then obtained by mimicking the proof of Theorem 4.4.7 and
using Theorem 4.4.9.

B.1.8 Proof of Theorem 4.5.2

The proof of Theorem 4.5.2 requires the convergence of T [ho.s](z) to Tslho.s](z) P-a.s. for
any x € X.

Proposition B.1.2. For any s € Nxg, any x € X and additive functional hg.s (4.5.5),
T [ho.s)(x) =2 Tslhos)(z) . (B.1.19)
N—o00
Proof. Let x € X. Define

anN ‘= Tg_ 1(95 I{T hOS l]fs 1+fs l})
by = 775—1 (gs—lm5<'7‘r)) )
b:=1ns—1(gs—1ms(., ).

where f¥ | :y— ms(y,z) and

:y o ma(y, @) {hooa(y, 2) — Tulhos] (@) -

Then, we have that ay /by = T [ho.s](z) — Ts[ho.s](z). By (A7), (%, f% ) € F(X)? for any
x € X and

I‘

Ns—1 (gsfl{Tsfl[ﬁO:sfl]fsm—l + fsz—l}> =
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Hence, choosing fs_1 = f* ; and f,_; = f*, in Theorem B.3.2 (B.3.1), there exists (d,d) €
(R%)? such that
P (lax| > €) < dexp(—dNé?) . (B.1.20)

On the other hand, by choosing fs—1 = f2; and fs_1 = 0, there exists (d’,d’) € (R%)? such
that

P (|by —b| > €) < d exp(—d'Ne?).

Finally, since |ay /by| < ‘Té" [ho:s](z:)’ + Ty [hos]) ()] < 2|hos|oo P-as. and b > 0 by (A5 : 6),
there exist (cs, &) € (R%)? by Lemma B.3.3 such that

P(lan/bn| > €) = P (| T ho.](2) — Tolho:s)(@)] > €) < & exp(—c,Ne?),
from which (B.1.19) follows by applying the Borel-Cantelli Lemma. O
Proposition B.1.3. For any s € Ny and additive functional hg.s (4.5.5)

dim E [62, M, [ (TN [ho] — Tulhos)) ]| = 0. (B.1.21)

Proof. The proof is a straightforward application of (Olsson and Westerborn, 2017, Lemma
17) (which dates back to Douc et al. (2011a)). We recall it with its proof for the sake of
completeness. Define for any x € X

An(z) = ‘TN [ho:s)(z) — TS[hO:s}(x)|4¢s],V—1 (ms(,a:)) )
AN(:U) _¢s 1(ms ,.’B)
Ax) —Qbs 1(ms ,l’)
We apply Theorem B.3.1 with fy = E[Ay], gv = E[An], f =0 and g = A.
(1) For any x5 € X, ’Té\[[hOSH(xS) < f |h0:s‘($0:s)T{g\[(xSadx():s—l) < |h0:s‘oou hence

E [AN($)] < 16|h0;5|iOIE [/IN(:C)] .

(ii) We have that Ay (z) Ng A(z) for any = € X by (A7), (4.3.5) and by the dominated
—00
convergence theorem A}im E[An(z)] = A(z). On the other hand, [E[Ay(z)]v(dz) =
—00
E[oN(1)], [A(z)v(dz) = ¢4(1) and Jim E[¢N(1)] = ¢s(1) again by the dominated
—00

convergence theorem. Hence

lim /E (Ax(a)]v(de) = Jim E[6Y (1)) :¢8(1):/A(x)y(dx). (B.1.22)

N—o0
(iii) By Proposition B.1.2, (A7) and (4.3.5)

An(z) =5 0,

and since Ayx(z) < 16|hg.s|2 04 P-a.s., by the dominated convergence theorem we get
A}im E[An(z)] =0
— 00
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Finally, by Theorem B.3.1

lim IE[ / An(z dx} = lim E[¢)" M, [(TY [hoss] — T, [ho.s]) ] (B.1.23)

N—oo

= [ lim E[Ay(z)]v(dz) =0.

N—oo

Proof of Theorem 4.5.2. We write
Hgt = Tiv[hOIS]Ct + iLs:ta Hs,t = Ts[hO:s]dt + iLs:t
Fé\,[t = Tiv[fO:s]Ct + ]Es:ta Fs,t = Ts[fO:s]dt + fs:t

We proceed by induction on t > s with s fixed. By Theorem 4.4.4,

2
lim HQN BS s s & Fs,s) - Qes7s (Hs,s & Fs,s) 9 =0.

N—oo

Hence, by the triangle inequality it suffices to show that the difference with the "idealized"
estimator goes to 0, i.e.

2
lim ||QNES(HY, @ FY,) - QB (H,, @ F,,) | = 0. (B.1.24)

N—o0

For any (ho.s, fo.s) (4.5.5) and (hs, fs) € F(X)?, by (4.4.20)

|QNES (MY, © FY,) - QNES(H, 2 F)|

€s,S

Ns+1 N 2 ) ) . .

<n| 3 M) [ RN E) - Ha (@R (€]
i,JE[N]? (N 1) 2

NS N 2 ) ) ) .

ent Y MWy | B (€EN () - Hoa(€)F . (€)
i,jG[NP ( ) 4 4

by Cauchy-Schwarz inequality. We now show sup y ¢y HN S(N — 1)y N(1)2T 2 (i, j H is bounded

for all (i, j) € [N]®. We first show by induction that for any n € N, 7.9(i,5) < 1,2;. For all
(i,5) € [N]?, TQ(i,7) = Lizj, and for any n > 0, by (4.4.23)
T(0) =Vizg > B k)G Ok, 0)
k,Le[N]2
<Ligj Y. BES (i, k)BB5 (4, €) Lpse
k,Le[N]2
< Ligy Z BE3(i,k)BE>(5,0) < iy,
k,Le[N]2

where we have used the induction hypothesis in the second line. This shows the result. Next,
we have that

TS0, 7) = Lizj Z BES (i, k)wt_ TR (K, 0)

k,Le[N]?

<Timj Y BE(i k)wi_ les
k,Le[N]2

<limy Y B kws g = Ty
k,e[N]2
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Hence, sup ey HNS’yév(l)Q/(N —1)%TFs (i,j)H4 < (2G%,)%1,—;. Consequently,

|oVEs @Y, o FY,) - QZ’ES(HSS®FSS)

N Z HH ) - HS,S(&@)FS,S(éé) 4 (B.1.25)

and

HH{;V : FN (fj) - Hs s(éi)Fs,s(éi) 4
< H( 53) 878(52))Ff9\,[s(€;)u4 + H(Fé\js(f;) 88(53 gs H4
< Cf,CHTéV hO:S](fi) - TS[hO:S](fé)H4 + Ch,dHTL]sV fO:s](fs) — T fO:s fs H4

where C g := |d5|§o(|f0;5]oo—|—|fs|oo)4 and Cj ¢ := |CS|§O(|h0;s|oo+\hs|oo)4 which are finite because
hs, fs) € F(X®2)2 (¢4, ds, hs, fs) € F(X)*. We have used that

|H £Z | < /|CS|°°|hOZS|°°TéV( i’vdx@zsfl) + |h8|oo = ’Cs|oo|h0:s|oo + ‘hs|oo = C’h,c-
For any hq.s € F(X®5Th),
||Tfsv[h08](£l) TS[hOS gz ||4

E{E (TN [ho:s](€1) — Ts[hoss) (€1)) |‘ngl}:|
)

E [Qﬁé\llMs [(Tév[hO:s] - Ts[hO:s])ZlH 5

I
=

N .
S Wy [ (TN o) (1) — Tl (2)) Ma( z_l,d@]

.
—

and replacing in (B.1.25) we get
2
QNP MY, @ FY,) - QB (H, @ By

2

< (2Ggo)s{0f?dE [gbév_lMs [(Tév[hﬂ:s] - Ts[hO:s])4H

+ ChE [ﬁbé\[flMs [(Tév[fO:s] - Ts[fOZS])ZlH }

The upperbound goes to zero by Proposition B.1.3 and this finishes the proof of the initialization.

Let t > s and hg.s € Ay(X®T1) an additive functional. Assume that (B.1.24) holds at ¢ — 1.
By the induction hypothesis

Jim [|Q2772 (QHL, ® QiFY) — Qe 1 (QiHLr ® QiFs) |, = 0,
where Q; is defined in (4.3.1) and for example
QH (iUst 1) = sN[hO:s](xs)Qt [ce)(ze—1) + Qt[i’/s:t] (Ts:-1) 5
where Qq[c;] and Q4[hs.] are bounded by (A5), and by defintion of Q. ; (4.3.1)
Qe t-1(QiHs @ QiFs¢) = Qe 1 (Hst @ Fyy) .
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Hence, to prove (4.5.10) it is enough to show
hm H QN o (Hévt ® Févt) Z?Sl (QtHfth ® QtFéVt) |, =0. (B.1.26)
Because T [ho.s] and T [fo.s] are F{¥ ;-measurable, by Proposition 4.4.3
B[Qu” (HY, @ Fiy)|FY) = Q0% (QiHL, © QuFLY).

and thus

HQNBS(HN @ FV ) — é\i‘fsl(QtHivt®QtFévt)H2
= [|Q (|, o FY) [, — Q0 (QuHY, © QiFL) - (B.1.27)

Now note that Proposition B.1.8 is still applicable with A = H : ® F ;. although there is a
slight abuse because this specific h depends on the particles up to s — 1 through Ti,v [ho:s)
and TY|[fo.s]. However, as they are F}¥,-measurable, Proposition B.1.7 is still valid and

hence Proposition B.1.8. Additionally, this specific h is bounded almost surely since for any
(‘rs:tyw/s:t) € (Xt_s+1)2

|Hé\,ft(x51t)Fé\,ft($;:t)‘ S C:= (|h028|00|ct|00 + ‘iLS:t|OO)(|fO:s|oo|dt|oo + ‘fs:t‘oo)

and hence

HQN BS (HN o FY ) — Qé\iv?fl(QtHévt ® QtFéVt)Hz

N —-2)(N -3
< ( N(]\)f( 1) = 1] 10,:%5 (QHY, @ QEYN)l;
O
+ %G?’ 02/ (de)E{ .;Vl {Qé\fiB?(mt('vl‘) ® 1)955??(55\7(33’ ) @1)

+ OB A @ ml,2) QB (BN (x,) © 1) + Q% (me(,2) ® 1)
x QB @Y (x,) + QB (L @ mal., >>Q§,Y;B?<1®B£V<x,.>>]

G2.0202 |

- / V9% (dy, dz)E [N(N—l)

T CACPETA )

+ NS () @ ma () QS (B (v ) @ B () H

The first term in the r.h.s. goes to zero by Proposition B.1.4 and the fact that QtHi\jt ® QtFé\ft
are bounded. The remaining terms are similar to those that appear in the proof of Theorem 4.4.4
up to some constants and thus go to zero.

For the second part, by Theorem B.3.2 and Borel-Cantelli Lemma, %t\t( ) —> Go:41t(h)-
Then, by multiple applications of Theorem 4.5.2 and using the bilinearity of QN 85 and Qp 4,
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for any s € [0 : t] and bounded additive functional h;
O T (9 TN Thosa] + Pt — 63y (h)}] %)

= QNP ([gr{ T [hous] + Pset }]2) — dyys () (Qéi:?%[gt{ﬂ [ho:s] + st }] @ 1)+
+ QU@ [T o]+ Pua) ) + 0y (02O (1001)
2 Qe i ([96{Tslhos) + st 1Z2) — bouape(he) (Qes,tdgt{Ts [ho:s] + hst }] @ 1)+

+ Qes,t(l b2y [gt{Ts[hO:s] + ﬁs:t}])) + ¢0:t|t(ht)ZQes,t (]— & 1)
= Qe, t([9:{ Ts[ho:s] + hst — ¢0:t|t(ht)}]®2) )

from which the weak consistency of V tﬁs(h) follows. O

B.1.9 Supporting results for Theorem 4.4.4

NBS

(h) > used in the proof

In this section we prove Proposition B.1.4 and the upperbound of H Q H2

of Theorem 4.4.4.
Proposition B.1.4. Assume that (A5) holds. For anyt € N, b€ B, and m € N,

sup IEHQN BS (D), <oo. (B.1.28)

We preface the proof with supporting lemmata.

Lemma B.1.5. For anyp > 2, and N > 2m
Card(Zy' NSP) = O(NP) and Card(Z{"NSE) = O(NP).

Proof. The tuples in SP, contain p distinct elements. These p distinct elements can be selected
in (]Z ) ways. For each of these tuples of size p, there are p?™ tuples of size 2m with each element
taking one of the p values. These tuples of size 2m contain at most p distinct elements. Hence,

P
Card(Zy* N SP) < Card(SP) < <JZ> pPm < inm,

and similarly,

NP
Card(Z"N&P) < szm

Proposition B.1.6. Let t € Nsg, m € Nug and (k}_q,- -+, k¥™) € [N]>™.
(i) If p € [2:2m] and (ki, - ,k¥™) € I" N SE,,

N

|:H BBS k] k]
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(ii) If p € [1 : m] and (k},--- , k™) € "N SP,,

o Gp+m

2j—-1 1.2j-1

H 6 k;t] ’ktil ) ‘Ft 1 Qp+m .

Proof. Let p € [2: 2m]. By definition there are p distinct elements in each k := (k},--- , k¥™) €

T NSP,. Let ky := {a1, - ,a,} = {kt, -+ ,k¥™} the set of cardinal p containing the p distinct
elements in a tuple k € S2,. Define for any a; € ky, Vo, := {j € [2m] : k] = a;}. Each V,, is
non-empty so that it is possible to pick j; € V,,, and by (4.4.11) in Lemma 4.4.1 and the fact
that different particles are i.i.d. conditionally to F/;,

|:HBBS k] k] tN1]
p
fi2] 1 e

N }
i=1 jEVal

{ II 8" (&, )¢t 1 My (dg )} )

JEVa,

I
E*@

Il
s
—_— — —

1

.
Il

{ T BN eahBY e fﬁ%iﬁMt(ds?)},

jEVa \{]l}

s
I
-

I
<

s
Il
—

{ H ﬁt (& { l)wt 11Mt(§tt117df )} )

J€Va; \{di}

with the convention []y = 1. Then, since for any (k,¢) € [N]2, BES(¢F, &/ )) < 1, we get

ki
p % t—1 k“ Gp
k" kP DIFN | < i1 / rd .
|:H/8 t t— 1 t 1] —lel Qtfl (gt 1 g ) Qf 1

Now let p € [1 :m] and k = (k},--- ,k?™) € T]* N SE,. Define V,, :=V,, N {1,3,...,2m — 1}
for any a; € kp. These sets are non-empty since each Vg, is non-empty and has as many even
indices as odd indices, by definition of Z{" N &P,. It is then possible to pick j; € V,, and, since
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for any i € [N] wi_; is F}¥,-measurable,

* [H e fﬁj

j=1

R PR T 4BS/1.2i—1 2j-1

= [[w B | TT 8257 k20| R
j=1 j=1
M kt2j1 u BS

= TLwr I1 [ § I1 P50d. ke sanage ¢
7j=1 =1 Py

LT Ky N a;
:Hwt—l H/ H BI(ER &N BN (&1, &7 ) o | My(dé) b

jevai\{h}

m k2j p
ST T[] T A el ety agr)

j=1 i=1 JEV, i\ i}

with the convention [[; = 1. Hence,

—+m
v | o on
t—1

=

|:H 585 k2] 1 k2g 1) ftll

O]

Proof of proposition B.1.4. Let m € N and assume for now that N > 2m. We proceed by
induction. For t = 0, and by = 0 we have that QN BS( 1) =NYN-1)"! >ijeny? Ligj =1

which completes the proof. If by = 1, QN BS( 1) =N~ Zi,je[NP’ 1;—; = 1 and the result follows.

Let t € Ny and b € B;. Assume (B.1.28) holds at time ¢t — 1. Again we treat the cases by = 0
and b = 1 separately. In the case by = 0, by (B.1.2),

E[Q)(1)"] =E S AR
ké;?mG[N]2m(t+1)] 1

and

3 HA (k3 k22

el =i

= Z HAbt 1 kg]t 117"‘3015 1)

kl 2m G N]th j 1

25—1
x Y Htlk]?é)’“t] BS (p2—1 129 TN aBS (k2 12 Y.
klZme[N?m] 1
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By Proposition B.1.6(i) and Lemma B.1.5, for any kX" € [N]*™,

Z E {H BBS(kZJ 1 kzg 1)/835(@237]@?11) K2 g2 ]—"ﬁl
k%:?me[N}Zm ]:]_
2m
_ Z Z H/BBS kj k] ]
P=2k;2mermnSy,,  J=1

G 2 Ge Card(Z N SP,) 2m NP

< <C» ——
Z Qf 1 Z QP
where C is a constant independent of N. Consequently, using the fact that

BS
3 HAM (ko k) = QB ™

kl2m e [N]2me j=1

S

p=2k}2meTmnsh, i1

which is F/¥;-measurable and that €, _; < NG P-a.s. by (A5), we get

N,BS /4 \m N,BS q\m NZTTPNP N,BS 1 \m
E|Q*(1)"] < CE [Qb,tlm Nm(Nl)m] < CE Q%))

which completes the proof. In the case by = 1, again by (B.1.2),

3 HA (ko k%)

k§iZme[N]2m(t+1) j=1

= Z HAbt 1 k'gjt_—llvkbt 1)

ky:2m e[N]2mt j=1

m Qt 1:I]_k2] 1

< > I

kl 2m€[N}2m] 1

2
ktfl

BS,;.2j—1 ;2j—1
t (kt] k) )Wt—l-

Then, similarly to the case b; = 0, by Proposition B.1.6-(ii) and Lemma B.1.5, for any k%™ €
[N]Qm’

by

1 gl2mert NSk,

T 4BS 2i—1 12-1y k' N
S | T a2
k%ZQmE[NP :
< BS /7.2 — 1 2J 1 k| =N
=>. > Hﬁ (K D wety | F
=1 piemeringg, =1
i Gm+p NP

Qm+p — CZ Qerp )

where C' is a constant independent of IV, and

oo Q2m NP
[QNBS( ) }gCE QéVtB?( 1)" ZN;#WFP < CE {Q{)VtB?( ym } ’
p=1

which completes the proof.

If N <2m (resp. N < m), then a tuple in ZJ" (resp. Z{") contains at most N different elements
and the proof proceeds similarly by truncating the sums over p. O
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We now give more explicit computations for the case m = 2. The sets Zg N S and Z? N S} are
detailed in Example B.1.1.

Proposition B.1.7. For any h € F(X®2D) and (kd,_1,--- ki, 1) € [N]%,

4
kL, P
S OE R e [T BES (s k1) Lt 212 i f&]
kl4e[N] Jj=1
NN =1(N =2)(N =3), 90 01,1392/ Fbs k.1
< Qf . (gt—lMt[h]) ( 0:t—1 2" " 1S0:t— 1)
N(N = (N = )G |hl2, v N(N = DGIAE, v, b
Q3 191? ( — )+ Q2 Ugv( till)a
t—1 t—1
and
Z |:h®2(50 ’.." ]:[BBS k2] 1 k2J 1)Wt 11:H-k1 kQ k3 k4 ft 1]
kl4e[N]4
N(N—-1) K, ke, NG3 K],k
< W(ggﬂ\/@[h])m( R N o, —=M,; [ﬁt (., 5,5111)] (&7
where

19?7 o M|

viv o M|

Y a)@h) + M8 (L a)](@) + MY (- 2?)] () + Me[BY (., 2%)] (2)
1

B (- ]
B (2 (@) Me[BY ()] (@) + Ml (a2 ) Ml (-, 2?)](2?) .

Proof. Let (k§.,_1,-++ ,kis_1) € [N]*. First note that
. 1]

h®2(§0 7"') Hﬁ k{)k

4
k44 .
Y. E|R® Ot Lo &out) TT BES (] K DLkt 2p2 j3 g
KtV j=1

4
:Z Z )\ Fi
p=2

KIE12NSY

We compute each term herebelow. For each p € [2 : 4] and k := (k},--- , ki) € 2 N SE, let
k, :={a1, - ,a,} = {kt, -+ ,k}} the set of cardinal p containing the p distinct elements in a
tuple k € 8. Define for any a; € ky, V,, :=={k] : j € [1 : 4], k] = a;}.

— Let (k},- -+ k) € I2NS3. Then, ke = {ki, k?} and we either have Via = {k}, K3} and Vi =
{k2,k}} or Vi = {k', k*} and Vi = {k2,k}}. Assume that Vig = {k},k}} and Vi = {k2, k).
Then, by (4.4.11) in Lemma 4.4.1

s [ttt

— | 585}, k)P <kt,kt1|fzv1H (02, k1) 8BS (0 KLY,

—//3 kt7kt 1wt 11Mt t 1 7d§t /5 ktakt 1 Wt 11Mt(t 1 7d£t )

kS

) €t |

Kkt

fn] e,

Q% 1Mt |:/8t (
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If Vig = {ki, ki} and Vi = {7, K/},

HWWW P | < oo [ 6] eltnn [ etn) €5,
Qt 1
and
4
Z [H ;8BS k:] k] J’ﬁ 1]
kiterznsy  J=1

k4

) et

kS

N(N - 1)G% tl)}( 1M, {Bt (-

<an el
ki
4 Y | @t [ G e @ )
— Let (k},--- ki) € I3 N S3. Then, either k3 = {k}, k?, k}} or ks = {k}, k? k}}. Assume that
ks = {k{, k7, k}} and Via = {k{, k{}. Then,

1 2

k; k; k4 kL
ft 1| = wt 1wt 1wt 11Mt {/Bt (&5 1)} ( till)

4
[H kgvkg 1

< églMt {Bt (& )} (515 Y-

Applying the same reasoning to all the combinations within Z3 N Sj we get

I ELCERE
klterznss =1
N(N —1)(N -2)G? Kt kL kA k2
<M ()zg ) ""{Mt [ﬁiv<-7 tif>]<tif)+Mt [ﬁtN(., tif)](tif)
t—1

a6 )] (€ + o [ et @ )

— Let (ki, -+ ki) € T4 N S5. Then, ky = {k}, k2, k3, k}} and

)

BS (1 k1) L My(dg; '

|:h®2( ’St ’_._, H/BBS k] k]
=/ﬁ@@%
G

= (g2 MOTR)P2 (g ey pa

Wi 11Mt gttlladgt )

b 11
i 114
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which completes the proof of the first inequality. For the second inequality, write

1
> E h®2(§(’)€%t,“' HﬁBs R l)wt 1 Lk g3k 7
klte[N)4
2
Z Z h®2(£0 , “7 HBBS ki2] 1 k‘2J 1) t l]:t o
p=1kl4e12nSY
— Let (k},--- k) € I N S3. Then k; = {k}} and
2j 2j—1, k7 ki, k2, K ki
HﬁBS ki’ ' KT e -7:151\71] <w 5w Wt 11Mt[/3t (&SNS
Gio k3 kL
< Q M, [515 (- t11>:| (&),
t—1
and

3

< =M B e @),

2 BS,.2j—1 ,2j—1y ki’
Z E H/Bt (kt] 7kt11 Jwg

-1| N
1 |Fie1
klter?ns) =1

— Let (k},--- k) € I N S2. Then, ko = {kt, k}}, Via = {ki, k?} and Vig = {k3,k}}. Hence,
®2( ko - BS,,.2—1 1.2j—1y Fei1| £N
E [h®(§g"s -+ 750:%:t)1_‘[ﬁt (k" kel w71 |y
ké:t—l Ot 1
(gt 1M [h ]) ( 0:t—1 1" " 2 S0t— 1)/Qt 15
and
Z |:h®2(£o , ..’ HBBS ]{32] 1 kQJ 1) t 1 ]:t .
k14 eT?nS2
N(N —1) Ky kg
= W(gt 1M [h])® (og't—fa"'a 01 ) s

which completes the proof.

Proposition B.1.8. For anyt € N, h € F(X®2t+D) and b € B,

||QNBS ||2 < (N_Z)(N
9 =

NBS (. N — Q
NV - HQ

2 _
b1 (95 MR ||2+]V_1Gio|h|goE[ Jt\,l’/(@z];\,ft)]
G2 |h2.02 | ®2(T )}
NN — 1) !

+E
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where

9{)\; C T [Qé\’ffi(mt(., r)®1)+ Qé\[tB?(l @ my(.,z))]

< [ (BN (z,) @ 1) + Q% (1@ BN (2,.))]
T (2, y) = Qi3 (me( ) @ ma(,y) Qpits (BN (x,) @ B (y,.))

N,BS

+ OB (mel, ) @ me () QS (BN (9, ) @ BN (2,.)) .

(it) If by =1,

HQNBS )Hg = HQI];VtB.? gt 1M Hz

+ Gl / QB ) 8 QSN 0 0 1) w(de). - (B1.29)

Proof. To prove (i), if by = 0, by (B.1.2),
N,BS —1,2 —1,2 K3
Q ( ) = Z Ab,t (ké:ta kg:t)Ab,t (kg:ta két)h®2( 0: t T 750:()ft)
Kt eIVACHD
—1,2 —1,2
= Z Ab,t (ké:t—l’ k(2):t—1)Ab,t (kg:t—la ké:t—l)
K eV
Q

4 4
X{Z Z NZ( HBBS k‘J k h®2( gt"”7£§%t)}’

P=2 |11 eT2NSY

and by Proposition B.1.7,

NBS (112 (N =2)(NV N,BS
A Ol I |l e M|
G3 |2 (N —2 —1,2 —~1,2
]‘\,('N{ R DI (N A AR
koit_q EINI
k kL k- k2
<fon [ €+ om e @)

k3

v [ Gt @b+ an sG] @t ]

G? |h|? —1,2 —1,2
+ 2 E |QF Z Ab,tfl(ké:tflvkg:tfl)Ab,tfl(kS:tflvké:tfl)

N(N - 1) kb 1€[N]4t

< on [ et €t s (et €
.

[ etn] @ [ et e )]
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Then using (A4),

k3 kL
Z Abt 1(k0t 1ﬂk0t 1)Abt 1(k0t 1ak0t 1)Mt[5t (- &)
koit_q EIN4
—1,2 —1,2 k3 kLl
/ Z Ab,t—1(ké;t—1»k(ZJ;t—1)Ab,t—1(k8;t—1»ké;t—ﬁﬁi\[(%ftif)mt(ftillaf)’/(d@
kgt e[N]*
= [ QNS (a0 1) QNS (5 (2, 1) wld),

and

—1,2 —1,2
Z Ab,t—l(ké:t—b kg:t—l)Ab,t—l(k(?)):t—b ké:t—l)
kgii_q €[N]4
M 1? 1 M 1451 1 ktzfl
X t[ﬁt (- tl)](t 1) t[Bt (&)

:/Qé\gﬁi(mt(.,m)tgmt(.,y)) éVtBi (Bt (z, )®ﬁt (y,)) v®2(dz, dy) .

which completes the proof of (i) by applying the same reasoning to the remaining terms. Item
(ii) is obtained in the same way. O

B.1.10 Supporting results for Theorem 4.4.9

In this section, we prove the analogues of Propositions 4.4.3-B.1.4-B.1.6 and B.1.7 for éé\;M
We remind the reader that the number of sampled indices M in the PaRIS estimator is fized
and that G} is defined in (B.1.15). Let G, vV &V be the following o-algebra:

Gy v = oG UaE)). (B.1.30)
Lemma B.1.9. For anyt € Nsg, h € F(X®?) and b € B,
(i) B[Qp" (m)|G1] = Qi (g7 ME! [R),
(i7) Q&M(h) is an unbiased estimator of Qp.(h),
where éé\;’M(h) is defined in (4.4.31).

Proof. We start with the case b, = 0. For any (k, /) € [N]?, J];t_l and J§7t_1 are independent

conditionally on GN | v &N for any i € [M] if k # £ and T | is GY ;-measurable, hence, using
(4.4.4),

E [7(k, Oh(ek . €)|G1 | (B.1.31)

E[Lpzeh(&F, &) M 127?1 (Jhim1>Jb 1) |G ]

=1

[nk#h LMY T AR B m) T g

=1 n,me[N]?

= Y ﬁblm,m)E[ﬂk#ﬂFS(k,m Psw,m)h(sf,ff)wvl}

n,me[N]?

1 ~
=S Y T m) (g M) (6 )

t=1 n.me[N]?
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I by =1,
E [7(k, O)h(ek . &)|01 | (B.1.32)

E[1x—ch(£F, &M 122% TP (Jf 11, m)|GN 1]

i=1m=1

—E{lk (& €M 12 S Bk n)w T (n,m)|GY 1]

=1 n,me[N]2

-y ﬁb1<n,m)E[nk:zﬁF%k,n)wrlh(sf,ffﬂfivl}
n,me[N]2

= Y T A MIA) ()

t=1 nme[N]2

Consequently, if b = 0, by (B.1.31),
E[Qy;" (]G]

t—1 N 1-bs ,y]\i (1)2 QQ_ B
= b —— RLE S _ =1 p|gb k o0\ AN
_SI;I()N (N_1> N2 Z N(N—I)E[,]; (kaé)h(gtagt”gt_l

k,le[N]?
t—1 1-b N 2
N el 1 st n m
IV (v) 500 T T B e )
= n,me[N]?

= Q{f%(g L MO[n)),

and in a similar way, E[@Z]L’M(h)fgﬁl] = @é\’/gj_wl(gf@fl/\/l%[h]) by (B.1.32) if by = 1. The second
item follows straightforwardly by induction and the tower property. The induction is initialized
by noting that éé\’](’)M(h) is equal to Q%Bs(h) which is an unbiased estimator of Qp(h) by
Proposition 4.4.3. O

Proposition B.1.10. Lett >0 and N > 4.
(i) If by =0,

Elchs X e ehn(el e T BT K0

kI4eT2nS!
(N —2)(N-3)

= NN D oM (g2 MYIR))?, (B.1.33)

g ] Ggo( _1)93 1 ®2
H = MN(N-1)

E[C%V,b,t S TR T KD (TN

kieIZns?

2 02
GooQt—l 2

1
m N,bt—1 Z ng )1,b(ktl—1ak?_1), (B.1.34)

kl2 €[N]?
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and

Q1GE(M —1)(N - 2)
gt—l] = MN(N —1)

B[Ch, X T RITIOR

1:4 2 3
kl4eT2nS3

ZCH
0 1G3 (N -2) ,

kS CZ . T® L (k3), (B.1.35)
MN(N —1) bt 1ktlflz€:[N]3 =1l

where
OpM e (O (mu(,2) @ 1) + QM (L@ my(.,2))]
x [ (BY () @ 1) + QM (1@ B (w, )],
YoM (a,y) = OpiM (ma(, 2) @ ma(, ) 00y (B (2,) @ BY (3,.))
+ Qi (ma(s2) @ ma(, 9) QM (BY (v, ) @ BY (),
and
T3« (kb k2) o T(RE K22 + TR (KL KD T (k2 k)
T (kb K2 KDY o T KD TR (KD k) + TR (kL KT (K KD)
+ TPkt BT (R k) + TP (ki kDT (7 1)

)

(it) Ifby =1,

Blcky, X net e niel T R T K

KIEeT?NS?

gﬁl]

N -1
=~ Qi (G M) (B.1.36)
and
B[y X T KT D] (8137
ki4eI?ns}
9 Goo -
< =7 [N melw) © DONM (B (@) © w(da)
G304 - _
I e Y T KT (R KE).

k% e[N]
Proof. We start with the case b = 0.
— If (k},--- ki) € I3 N S, then ki # k? # k} # k} and conditionally on GV v &V,
lif,tfl’ Jljc?,t—l
any /£ € [1 : 4], thus, for any (i,5) € [M]?

i
ki t—1

and J/Z;l,t—l are independent for any (i,7) € [M]? and Jk id BS (kL) for

-1

b b
T( klt 1 k2t 1)T (Jj3t—1’ kit— 1)

Gy V&R }

— B\ T 1 T ) 01 v 6 B[ Tl 00Ty 0981 v

= Z Hﬁ kt7kt 1 ﬁbl(k/‘t lvkt 1)7; l(kt lvkt 1)

k4 €[N =l
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and

1 .

E{h(fft,ff) (ft 7£t Z Tb klt 1 th 1)Tb( 11J]z;17t_1) gt]\il]
i,j€[M]?
S LAIRCOITED SIS T 55k k)
i.jE[M]? k14 e[N]4 n=1
< T K TR k)| 02
1 2 3 4
= 3 Tk KT (K kE [Hﬁ (K, Ky ) <5ft,5ft>h(5fszt>givl]
ki €[N

1 ~ ~ ki

Yl Z 7?—1(]{3151—1’k?—l)ﬁb—l(k?—l’kf—l)(gt 1M0[ ])®2(§t 1 t ft 1: t 1 )7

L g el

where we have used that 7 , (ki , k2 |) and T2, (k3 |, k! |) are GV |-measurable in the third
equality and then proceeded similarly to Proposition B.1.7. By Example B.1.1, Card(Z2NS3) =

N(N —1)(N — 2)(N — 3) and since b; = 0 implies that

Q4
China = Chna1 Jy 12 (B.1.38)

we obtain
k,l k‘2 ]{33 k4 ~ ~
Blcky, X nelh el nie T kT D
kF4eI2nss

~Cye X e eDnel e

1:4 2 4
kl4eT2nS]

givl]

N 1]

x M2 Z Tb klt 1 k2t 1)Tb(<]] k:4t 1)
i,je[M]?

3) G (422 MO[H)?

(N =2)(N -
NN -1)

— If (k},--- k) € Z2 N S2. Then kg = {k},k?} and we either have Vi = {k}, k3} and Viz =
{k2, k}} or Vir = {k}, k}} and Vi = {k?, k3}. Assume that Vig = {k:t,k: }and Vi = {k2, k).

: : ) _ 70 () —
Taking into account that Jk“il = Jis 41 and J K21 = k;&tfl, we get
N
QH]

:E[M_Q Z 7?)—1( llc'g,tfv Iif,tfl)ﬁb—l(‘]li?’t 1’ k4t 1 ‘gt 1]

B | 7004k, K2) T4, k)

i,je[M]?
:E[M2 Yo oLimy Y Bk k)P (R R )T (kg k)
i,j€[M]? kl2 €[N]?

Z ﬂi#ﬂ Z H/B kmkt 1 7?1(’% 17]% 1)7; 1(’% lakt 1 |gt 1

i,je[M]? k14 e[N]4 £=1
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Then,

G2 Tb 1 2 2 (M — 1)G2
gt 1:| MQ% 1 kl 5 e N]2 7;—1( t—1» t—l) + MQ%_I

[T%kt,kt)fr"(kt,kt)

xS MBN (L ETNE MY (L ET T (B R )T (kD L)

K €N

Similarly, if Vi1 = {k}, k}} and Viz = {k2,k}}, we obtain

B| Tk KT8 k) 61
G?, ~ ~ (M —1)G?,
< M2, Z To (ko k)T (K, ki) + TR,

k12 €[N]2

x>, M. ONEEIMBY (& T oy K )T (R Ky

k4 e[N]4

Consequently,

E[ S TR EDTR KD

kieIZns?

giil}

G?’.N(N -1 ~ - N
< Sl X T R T )T ()
t—1 k1:2 E[NP
G? N(N —1)(M —1) k!
+ (MQ2 / Z {mt( 1 )/Bt (z, ft 1 )mt(ft 1 7y)/8t (Y, ft D+
t—1

k14 e[N]4

(€85, 2B (2, €7 Y ma (£ 1,yin(y,fff’?)}ﬁb_l(k}_l,k3_1>ﬁ”_1(k?_1,k;*_nu@(dx,dy)-

Then, using (B.1.38),

B[, X T RITOR
K4 ET2NS2
92, .,

<NV - N1 D
MN(N —1) e

G|
{7?—1(]“1:1—1: k’t2—1)2 + ﬁb—l(ktl—b ktz—l)ﬁb—l(k?—la ktl—l)}

2 o 2 _ _
Gﬁ%wl_)%‘l {0 ) @ ) O (8 (o) .67 ()

+ Q)M () @ ) O (B (0.) @ B (0,) ).

which yields (B.1.34).
— If (k- ,k}) € I3 N S3. Then either k3 = {ki, k2, k}} or ks = {k},k? k}}. Assume that
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k3 = {ktl)kg’k?} Then Vk,’% = {ktlvk?}a J]il —1 JZ
t

ki1 for any ¢ € [M] and

B |70k, k)T (4, k)

giﬁ}

2 =b (i ; Fb (7
S LI DI A TE U N Y SO N AR

i,j€[M]?

ZE{M_Q ool Y HB (Kt ki) Ty (kg k) Ty (K y k)

i,jE[M]? k.3 E[NP =1

MY Ty Y HB (kf k) TR (ko k)T (R k) IGY

i,J€[M]? k{4 e[N]4 e=1
G2 Fb (11 2 \Fb (1.3 1
< MQ3 Z Ty (ks ki) Ty (K1, ki)
1 13 e[N]3
(M - 1)GZ,
MQ3

ST MBI E TR KR )T kL)

k14 e[ N]4

The remaining combinations are treated in the exact same way and (B.1.35) is obtained by
using again (B.1.38).

Consider now the case by = 1 and let (k},---,k}) € Z? N S2. Then k} = k?, k} = ki and
k! + k3. Thus,

E[h(&ftl e e Y Z Wt

4,5€[M]? k24 €[N)2

be( klt 13 )Tb(']]e)t 17 )

N 1]

ﬂ[h(&ftﬂﬁf’?)h@fg,gf"f‘) ST AR, ke i

k)l4 6 N]4£ 1
X ﬁb—l(ktl—la k?—l)ﬁb—l(kf—pkf—l) gﬁl}
_ 1 Tb 3 @2, ki kP kR KR
- QT Z 7; l(kt 1 —l)ﬁ—l(kt—l’k )(gt 1M [ D (ét—l 7£t_1 7£t—1 ygt_1 )
=1 ki €[N]4

Since by = 1 implies that

4
C2 C Qt 1
N,bt — YN,bt—1 pro N2’

180



and using Card(Z{ N S3) = N(N — 1), we get

1 2 3 4~ ~
E [C?v,b,t S nE €N TR KT K

KHAETINS?

S E[h(&fiff) €y S Wi

k}1eI2ns? i,JE[M]? |24 €[N]2

gﬁl]

XTb( t 1vkt I)Tb( St_lvk;l—l)

G|
N-1~ 2
= Tgﬁ% (922 M [R])",
which proves (B.1.36).

Let (k- k}) € I3 NS}. Then ky = {k}}, ki =k} =k} =k} and J}, , | = J;

K31 Hence,

_ k2 i ~ .
E[M 2 Z Z w, " lwt 117?1( t_pkt2—1)7;b—1(<];gg,t_1,kf—1)|gﬁ1}

i JEM]2 k24 C[N]2

1 2
:E[M Z 58 (kwkt 1)% 1 Wt 117;b1(kt 1>kt 1)7; 1(/“775 lukt 1)

t1214E[N]3
M-1 BS,7.20—1 7.20—1 1 12 \Fb (13 14 N
+ > H5 (ki Ky )wt 1T 1 (Ry—ys ki) Ty (Ky_y s k1) [ Gita
kL4 e[N]4 =1
G3 =b 1 32 \Ab (1 g4
= MQO:? Z T (kv ki) Tla (ke ki—q)
t— k124€[N]3

D [ @it o) @ 1O (0 & 1wl

This yields

E[C?v,b,t 3 ﬁ”(k#kf)ﬁ”(ki”,kz‘)!g{vl}

kieIins,
G QP ~ -
<SR e D Tk K )T (K K
1,2,4 3
ke €[N]
G3 M —1) Q 1 AN, M
=[Ol w) @ DO (B () @ (),
which in turn proves (B.1.37). O

Proposition B.1.11. Let (A5:7) hold. Lett > 0. For any b € B;
(i) If by = 0, then for p € {2,3},
JmElC, X TELRTR)] o (B.1.39)
o kie12nSt
(i) If by = 1, then
lm B\, X T RTO K] = 0. (B.1.40)
N—ro00 7

kI4eT2nS)
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Additionally, if (A8) holds then the rate of convergence is O(N~1).

Proof. We prove (i)-(ii) simultaneously by induction. Let t = 0 and b € By

. . By definition,
TP = 79 and, if by = 0,
CRoo D, To(kd, k) To (kS ko) = NQ( = > Lig; =0O(N7?), (B.1.41)
k12N S2 ,JE[N
- - . 4 ~
CJQV:b,O Z To (ko» k) To (kg ko) = NN 12 Z 1izjlize =O(N"1). (B.1.42)
1:4 72 3 N (N_ 1) ..
ko €ZgnSs i,j,k€[N]3
If bg = 1, then
Choo > TohkG TR k) =~ > Limj = O(N7Y). (B.1.43)
k§4eI?ns ZJE[NP

Let ¢t > 0 and assume that both (i)-(ii) hold at ¢t — 1. Define

DY, =E|CRpii1 D ’E”_1<k2_1,k3_1>7~;”_1<k%_1,kz‘_1>} :
L kzL2i4e[N]3
[ 1
DYy =E[Chun X TR )|,
- k2 E(N]?

[ 2
DY =E|Chun X Tk k)]
- K N

where Tz(tl—)l,b and Tw@l,b are defined in Proposition B.1.10. If b, = 0, then by (i) in Proposi-

tion B.1.10, using that ;1 < NG,

Blcky S T KDTRL )

1:4 2 2
k4 eT2nS2

< p[PhAR 01

1) [=num %2 G N
MN(N — 1) /Tb,t (2, y)v®*(dz,dy) 2MD2b, (B.1.44)

and

Blch 3 T KDTL )

KIETZNSS

Q3—1—2 :
sm[tlﬁwx /@ )}+i?D%,(BL%)

where (:)éng and T{)\;’M are defined in Proposition B.1.10. We deal first with Dévb and Dévb If
b;_1 = 0, then by definition of 72, in (4.4.4),

Dé\,[b = E{CJQV,b,t—l Z ﬁb—l(ktl—la k?—l)ﬁb—l(kf—l, k’f—ﬁ] >

kL4 €12nsS2 (B ) 46)
Dé\,/b = E|:C]2V,b,t1 Z 7?71(]{71}717 kffl)’];lil(kiu k?l)] :
k4 €12nss
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Ifbyq =1,

Dé\,/b =2E {CJQV,b,t—l Z 7;b 1(]% 1s kt—l)ﬁlll(kf—l7 kf—l)} )
k}i e1?nS]

D:ZS\,[b =4E {CJQV,b,tl Z ﬁbfl(ktlfla kffl)ﬁbfl(k?fla kfl)} :
k14 €eI?2nS]

(B.1.47)

In all cases, by the induction hypothesis we get for any b € B; with b; = 0,
. N . N
J&E}nooDQ’b - O’ ]\}1—I>nooD3’b =0

Regarding the first terms in the r.h.s. of inequalities (B.1.44)-(B.1.45), they go to zero when
N goes to infinity since they are, up to the constant (M — 1)/M < 1, the PaRIS counterpart
of By (B.1. 122// in the proof of Theorem 4.4.4 and are treated in the exact same way since
supNeNE[th 1)3] < oo by Proposition B.1.12. If b; = 1, then, by Proposition B.1.10, using
that Q1 < NG

Bl X T T
kI eT2nS]
4

0 1G3, ~ Goo
<B|2r [ o) (mea) © DO (B (2, © D(de) | + G=DY

The first term goes to zero when N goes to infinity similarly to the case by = 0. As for the
second term, if b;_1 = 0 then by definition of D{Yb

0< D{Yb < ngb,
and if b1 = 1,

0< DY =B|Chs ¥ T2 < DY
k{2 €[N

Hence, in both cases D{\fb goes to zero by (B.1.10). This ends the proof of the first claim.

Now assume that (A8) holds also. We proceed by induction. At ¢ = 0 the rate of convergence is
O(N~Y) by (B.1.41)-(B.1.42) and (B.1.43). Let t > 0 and assume that the rate of convergence
in (i) and (i) at ¢t — 1 is O(N~!). Assume that b; = 0. By the strong mixing assumption we
have that

Goo
B (y) < —2T5 | V(z,y) € X2 (B.1.48)
oy
Using for example that
[ 05 il w) & Vutde) = [ 5 (meles) @ malsp)v (e dy) = M (1 9 1)
and then bounding B} using (B.1.48) we get that
0?2 G2(M-1) [~ G402 (M — 9
E |zl /TN’M 92(dx,d ] < —ook (1®1) B.1.49
[ MN(N —1) i Byl (de,dy) | < N ”th 1(1@ )y, (B1.49)
and
0 1G3 (M —1)(N - 2) / ~ N } 4o GE (M 1)(N 2) 2
E o0 ) dz)| < ES (1®1)
[ MN(N—].) @b,t (x)y( JE) = O'_MN(N Hth 1 ® HQ’
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where both bounds are O(N~!) by Proposition B.1.12. Going back to (B.1.44)-(B.1.45), we

obtain

2G4 0% (M —
2MN(N —

T 7 2 G‘éo
E[C%v,b,t > ”ﬁ”(k%,k?ﬂ;b(k?,k?)]_ !|th11®1||2+2WD§Yb,

KIHeT2NS?

and

Blcky X T ET. K]
kieIZnss

4o, G (M — 1)(N
= ¢_MN(N -

G4
Hth 1 1®1 ’|§+ﬁooDé\,fb-

By (B.1.46)-(B.1.47) and the induction hypothesis, we get that Dé\fb and Dé\fb are both O(N~1).

Finally, applying Proposition B.1.12 we get O(N ~!) upper bounds. This ends the proof for the
case by = 0 . The case b, = 1 follows the same steps. ]

Proposition B.1.12. Assume that (A5) holds. For all M > 1,t € N and b € By,
sup || Q™ (1)]|, < oo (B.1.50)
NeN

Proof. We proceed by induction on ¢t € N. Assume for now that N > 6 and M > 2.

Since @é\’% (h) = QN BS'( h) for any h, the case t = 0 follows from Proposition B.1.4. Let ¢ > 0
and assume that (B. 1. 50) holds at ¢t — 1. We only treat the case by = 0. The proof for the case
by = 1 follows using the same steps. Since we have that

=Bk, ¥ TR0 4]
k16e[N]6 £=1
(B.1.51)

CNb L 0
e[ S S IR )

k16T it3e[M]3 £=1

the proof proceeds by (i () splitting the sum in three parts with respect to the cardinal of the
triplet (it,i?,7%) € [M]3, and (ii) bounding each term by Hth 1( )I3 up to a constant in-
dependent of N. Let (i!,4%,i%) € [M]3. If Card({il,?,i%}) = 3, then for all k}® € [N]°,

"

(J]:Qg L 1"]14:2@ +1)ee[1:3) are mutually independent condltlonally on GV, v &N, defined in

(B. 1. 30) and
3 ,
E[Hﬁb—l(‘]llcf"—l,tv k2 t— ) Gi¥ 1}
=1
7;[
- [HE[’Ebl k210 k“t ) Gy ves ]gﬁl}

(=1

SE[I] X R RSP T (R R

=1 k2Z71:2Z [N]Q

3
- ¥ H N [Hﬂ (kK )

k}:6 e[N]6 =1

gﬁl}

fﬁl].
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Hence, by Proposition B.1.6, Lemma B.1.5 and similarly to the proof of Proposition B.1.4,

b if
S E H7¥ s o T 1) G
leGIJ —
Fb 20—1 120 N
= Z Hﬁ—l(kt—l’ t— 1 Z E{Hﬁ k?tak't 1 ]:t—l}
k16 e[N]6 £=1 kl6erd n=1
S50 201 G2
< > 7Lk Z > o
k16 €[N]6 £=1 p=2k}Sezinsy "1

N\ S b 201 20
S <Z or 1) > TI 7ok R,
p=2 "t~

ki e[N]6 £=1

where < means less than or equal up to a multiplicative constant independent of N. Conse-
quently,

|: th Z Z 11#12;&131_[7; 1 kge lt 1 k2et 1)

klOeT? 136[M

il
th Z Z 1, 1#12#13E|:H7;b 1 ;;tﬂfljtily k%t 1)

klﬁeIS ISE[M
M(M —1)(M —2) (& N7 S o
e O30 SRS I AT S
p=2 ""t—1

RIS, €[N]8 £=1

N 1]

N 1}

and

5 6 np 5 6 NPQS |

e S o) - (S )

6 6—p \76
GS PN
< Czsv,m—l (2:2 Ng,(N_l)3> S C}gv,m—l )
p:

Therefore,

3

C .
E[ ]\%t Yo DL Lagegs H7Z 1 k% T li%,t—l):| <195 (B.152)

k}Oe[N]6 il:3e[M]3

Assume now that Card({i', * 3} = 2 and that i* = i2. For all (kt ;- kp) € [N]°, condition-

ally on GN VRN, TP (T} ’3 ) is independent from TE (T i

b 7,2 2
=17 k?,tq ki t—1 th 1) 7; 1( =1 k:;*,tfl)’
hence, using (B.1.5),

Z'Z
Z E[Hﬁbl k% 1y 1 k”t 1) gt 1\/€ } (B.1.53)
k16€IS __
i
{3 B[ et ve] )
k’14EI2 — t ’
~ i3 i3 .
| X B[R0 | v e

5:6 1
k3 0eT}

= (Fyy + Fay + Fiy) FYy
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with

> E

Tb i3 i3
7271( kP t—1 k?,t—l)

(TARRY ftl:N:|

kP6exl
- Z lk;f;ék;@ Z /8 (ktakt 1) (ktvkt 1)7?1(]% 17kt 1)
k¥0e[N]? k30 €[N]?
and
7:1’
Z E[Hﬁbl k” L1 k”t 1) gt 1\/5 }
kler? =
2 .
=3 S BTy T )| v ]
p=2kle3nsy =1 ¢
= Fyy, + FyYy + Y,
where
F2A§: = Z ]lkf;ékf z ﬁtB (k'tak't 1) (ktvkt )T §)1,b(kt1—1ak?—1)
ki2E[N]? k{2 €[N]?
F:% = Z ]lk,};ékf;ékS Z HﬁBS k'z k’ t )lb(kt 1»1% lvk—l)
k‘%:SE[N}?’ k‘13 E[NBE 1

Fyo= Y e D Hﬁ’ (e k)T (e, )T (R Ry
kje[N) k{4 e[NJ2 =1

where TE )1 pand T( ) » are defined in Proposition B.1.10. We now upperbound each E[ &Fﬁ 1G]
for i e [2:4).

Consider first the case E[F&Fﬁ,wt]\il]. Let Sg := {k'6 € [N]6 : k} # k? # Kk} # kit k) # k8.
Then, Sg C (Z3NSF) U (ZENS3) U (Z3 N SE) and

3
EFNENIGY ] = >0 TIPSR D [Hﬁ (kp k) |G 1]
k}:6 e[N]6 £=1 k}6eSg n=1
3 _ ’ 6 6
SO [RCERt) DD S D) LRI BN
k1:6 E[N]ﬁ /=1 p=4 kl:GGISO‘gP n=1

S (Z T ) > Hﬁbl K K, (B.1.54)

= k16 €[N]6 £=1
by Proposition B.1.6 and Lemma B.1.5.
Consider now the case E[F&Fﬁ,\gﬁl] and define S5 := {k{® € [N]® : ki # k? # Kk}, k} # k).
Then,
E[F7Fyp|0: 1]

) .
= > Tk kDT k) Y [Hﬁ (k2 )

K2 EIND k€S Tn=l

)| 1}
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Proceeding similarly as in Proposition B.1.6 and Lemma B.1.5, it can be shown that

N5G5 IN*GA N3G3
Qtfl Qtfl Qtfl

) E[Hﬁ (i

k15655 n=1

Finally, by noting that
(2) ~ 3 .
Z Ttﬂ,b(ktl—l»kf—hk?—l)ﬁb—l(kf—bk?—l) <4 Z H 721)—1(]“152—11719%1)
ki® €[N]? k{6 €[N]6 =1
we get

E[F],

4]
N°G5,  2N*GY  N3G3, 9 N
< ( e + 04 + 03 ) Z Trg—)l,b(ktl—hkg—l’kf—l)ﬁb—l(k?—lakt5—1)
t—1 t—1 t—1 k,}fle[N]E’

N°G5.  2N*G%  N3G3, 3 )
<=t tm=) X IR, (B.1.55)
ST T e

Consider now the case E[F}) N FQJ\;|Qt 1]- In the same way as for the previous case, we obtain

N4G4 IN3G3 N2G2
E[F&Fﬁ!gﬁﬁﬂ( E b NG

b 20—1 2z
Qf * Q3 * Q2 Z HIE (RS kiZy) . (B.1.56)

ky 6 €[N]6 £=1

Thus, combining (B.1.56), (B.1.55) and (B.1.54), we obtain

|:Cth Z Z L i1=i2,i3¢ {3l 12}H7; 1 k2£ L1 l;”t 1):|

k:l 66 N]b gl: JE[M]

> g v - ) i) 195 -
<E[(Sap w8

The other triplets ('1, 2,4%) for which Card({i',i?,i®}) = 2 are handled similarly and are

bounded by Hth 1( H3 up to some multlphcatlve constant independent of N. We finally
obtain

C?Vb 0 Z‘Z 3
24 Y S Lowese HT (s T )| S IS

k}0e[N]6 il:3e[M]3
(B.1.57)
It now remains to treat the case Card({z 2,i3}) = 1. Let (k',--- k%) € [N]9. Denote by
Posg (k) the set of elements in [N]? with posmons of equal elements similar to those of the
equal elements in k"¢, For example,

Pos3((2,1,1)) = {(j,4,1) | (i,4) € [N]?,i # j},
Pos3((1,1,2)) = {(i,i,5) | (i,5) € [N]%i # j},
Pos3((1,2,3)) = {(i,4. k) | (i,4,k) € [N]?, Card({i, j, k}) = 3} .
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Let p € [2: 6] and (kf,---,kP) € I3 N SE. Without loss of generality, assume that the first p
elements of k;6 are all different.

b (it
|:H7;1 kQZ 1t 17 k.QZt 1)gt 1:|

=1
3
R AN [n@BS R
k16, €Posg (k}i¢) £=1
G? ]
< ono Z H t%llv k,%)
Lyl ePosG(kl 6) £=1

ol 1}

GP
< ono Z H klf%ll?k%)'

t=1 g1:6 g[N]6 £=1

Consequently, by Lemma B.1.5,

,
Z |:H7;b]_ ]:,22 1t 1’ k2€t 1)

kF6ez3nsy  ~4=1

N 1]

Gt b o0t o
< D o 2 7S ED

Q
kl6ez3nsy "t kLS e[No =1
3
- NPGE, ~
b (1.20-1 120
> LI 7 50D,

N P
Qt 1 leG[N]Gé 1

and,

CJSVbt b iﬁ i[
E[Mg > > Tcaagniaey=1 HT (e kgé,t_l)]
=1

k}Oe[N]6 il:3e[M]3

6 06  NPGP ~ 3
< E[( bl oo )QN’M } < ||oN; . (B.1.58
I;Q%o_lNg(N_ 1)3 b,t 1 H b,t— 1 )||3 ( )

Finally, combining (B.1.52), (B.1.57) and (B.1.58) we get

~ c3 3 )
3 N.b, it it 3
HQIJI\,;M(1)||3 :]E[ M3t Z Z Hﬁbfl E201 10 kff,t—l)] ~ Hth 1 )Hg7

k}i6e[N]6 il3e[M]3 £=1

and hence supy>g ||QéVtM(1)H 4 < 00 by the induction hypothesis. This ends the proof for the
case by = 0.

If M = 2, then (B.1.52) is equal to 0 and (B.1.57), (B.1.58) remain the same. The result then
follows. If N < 6 then it suffices to truncate the sums over p to obtain the result. O

B.2 Further algorithmic details

B.2.1 Alternative expression of the genealogy tracing variance estimator

The expression of the CLE estimator (4.3.11) provided in the main chapter is different from the
expression of the estimator appearing in Olsson and Douc (2019). We show here that these are
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two expressions of the same quantity. Note first that
2

1
(Ngh@z)—niv(h)) =0
2 Mg gy (€ — Y (HAE) — 0l ()}

1,J€[N]?

+N72 N Vg g, (€D — 0 (B)HR(E) = 0¥ (b))

1,JE€[N]?
On the other hand,

%} Ly gy (&) = (W)}{A(E]) = n ()}
= i U g (€D — Y () H(E) — 0 (W)}
N N 2
=2 (Z Lg; i {h(&) — )" (h)})
Thus,
Vpeh) = =N"1 37 A gy {R(€D) — 0 (WHA(E) — ¥ ()}

i,7€[N]?
2

=N7! Z (Z L = {(&) — mN(h)}> :
k=1 \i=1

where the expression in the second line is that of Olsson and Douc (2019). By a similar reasoning,
(4.3.12) is also equivalent to their estimator.

B.2.2 Variance estimators for the predictor and filter

The asymptotic variances of the predictor and filter (4.3.8)-(4.3.9) can be expressed using V355
Indeed,

w B Z {’Ys( )75(Qs+1t[h ﬁt(h)] )
7:(1)? = 7(1)?

and using that

—ne(h - Ut(h))2} =Vie(h),

Ye(ge{h — ¢1(h)}) _ Yt (gth)

Ye+1(1) T o1 ¢i(h) =0,
we get
Ve = == (g’tyfi(_l??t Y : (B.2.1)

Then, replacing ;(h) and ¢;(h) by their empirical approximations 7" (h) and ¢{" (h), we ob-
tain

VRS = e 3 TR e~ () (eD) ' ) B.2.2)
_ N2 o . .
VAP0 = e 3 bl TN — e (D) —e 1) (B23)

As a consequence of Theorem 4.4.7, these estimators are also weakly consistent.
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Corollary B.2.1. Let (A4 : 7) hold. Foranyh € F(X), VNt’BS(h) RN oi(h) and VN’BS(h) N

- n, $it
Vw(h).

N,BS

Proof. 1t suffices to note that Q, ;" and Qj; are bilinear, that ) RN ni(h) and to apply

Theorem 4.4.4 again:
Q% ({h ¥ (m)*?)
= QP (h®%) = N () Q> (h @ 1) — Y (h) Q55 (1 @ h) + nf¥ ()2 Q)75 (1)
RAYe ({h - m(h)}®2) :
Hence, V2% (h—n¥ (h)) = V25 (h—n(h)) and using the fact that 7} (1)> = 7:(1)2 we get the

conswtency for the predictive measures. The remaining limit is a straightforward application.

O]

Algorithm 5: Update at step t + 1 of the variance estimator for the predictor
Input: &}V, ¢V, tl+]\{ and 779
Output Nt/(N - 1>t+1 ZZ,]E[N}Q Ql,ja T?+1

Compute 883
if PaRIS then
for k€ [1: N] do
| Sample A2 % 585, )
for (k,() € [ : N)? do
| Set TGa(k0) = Lige S50 TO (o ) /M
else
Compute 7'?+1 = ﬂ?flT?ﬁth{ )
| Set T, = 70 - Diag(ﬁﬂ).

Compute @ = T2, © [{A(EY) — iy (h) H{A(EEN) nﬁl(h)}T]‘

B.2.3 GT term by term estimator of the asymptotic variance

In this section we derive the GT counterpart of the term by term estimator (4.4.17). Define for
allt >0

7?;(,1 (KtaKt) _EGT[Ibt(KOthOt "FtN7KtaKt] (B'2-4)
and 7Z,G0T(K37 K§) = Uit2k2 bo=0 T L ki=k2 bo=1-

By the tower property and the definition of Egt[-|F{¥,], for all (k,¢) € [N]? and t > 0, if
by =0,

Toi (k. 0) = Lize D Lasyar T3l (i) = Lese Ty (A1, Afy)
i,je[N]?

and if by = 1,

N
G j . j G k .
%,tT(kvg) = L= Z ]1,4{;71:@'“?—172?;1(%]) = ﬂk:ﬁzwg—173,t11(f4t—1’])-

i,JE[N]? =l
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Similarly to BS, we have by the tower property

N 1-bs N 1)2
o =T (5) - X R (B2

ke[N]?

and the term by term estimator is thus

<NGT,,,  NTN(1)? GT t+1 A,
VYT = S kyeezw{st (h0) — T (kO HEDRED . (B20)

where SPT is such that for all (k, £) € [N]?,

t
SGT k. t) Z f ki 0) = 1j— ﬁzwt 176t 1( t—15J )+]1k¢ZStG—T1(Af—17Af—1)7

s=0 i=1

which shows that (B
matrices ST and T§

.2.6) is also updated online in a rather simple way by propagating the
oT
0,

B.3 Technical results

Theorem B.3.1 (Generalized dominated convergence theorem). Let (fy)nen be a se-
quence of X-measurable functions and (gn)nNeN a sequence of non-negative X -measurable func-
tions. Assume that the following assumptions hold.

(i) There exists C > 0 such that |fn(z)| < Cgn(z) for all N € N and x € X.

(ii) (gn)Nen converges pointwise to g and A}im [gndv = [ gdv < oo.
—00

(iii) (fn)Nen converges pointwise to f.
Then, f is v-integrable and A}im J fndv = [ fdv.
— 00

Proof. The proof can be found in Royden and Fitzpatrick (1988). O

Theorem B.3.2 and Lemma B.3.3 are borrowed from Olsson and Westerborn (2017) and Douc
et al. (2011a) respectively.
Theorem B.3.2. Assume that (A5 : 7) hold. Then, for alls € N, hy € F(X®*tY) and (fs, fs) €

F(X)?, there exist constants (Cs,Cs) € (]Rj_)2, depending on hg, fs, and fs, such that for all
N € Nyg and all e € R,

(\N 12 Bl £5)(€0) + Fo(€D)} = no(Tulhs] fo + fo) | = ) < Cyexp (~CuNe?)
(B.3.1)
N
P ( Zw; {(Tév[hs]fs) (fg) + fs (5;)} — s (Ts[hs]fs + f~s) > 5) < Csexp (_ésNgz) .
- (B.3.2)

Lemma B.3.3. Assume that an,by and b are random variables defined on the same probability
space such that there exist positive constants 5, By, C1, Bo,Co and M satisfying the following
assumptions.

o lan/by| <M ,P—a.s. andb > p.
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e Foralle >0 and all N > 1,P(|by — b| > ¢) < By exp(—C1Ne?).
e Foralle >0 and all N > 1,P(Jay| > €) < Byexp(—CyNe?).

Then, there exist two positive constants Bz, C3 such that

P ('GN‘ > E) < Byexp(—C3Ne?).
by

B.4 Asymptotic variance of the joint predictive distribution

In this section we provide some intuition on (4.3.7). Let h € F(X). By the law of total
variance,

V[’Ytjyu(h)] = V[Eht]il(h) | ]:tNH "‘E[V[’Yt]il(h) ’ ]:tNH : (B.4.1)

As v, (1) is FN-measurable and the particles at time ¢ + 1 are i.i.d conditionally on F}", we
have that

N
w
E[vfil(h) | ‘Ft ’Yt+1 Z Qi Myialh

— NN mtz ZMM[ HE) =N (Qalh).  (BA2)
1= 1

On the other hand,

N
VO | 7Y = 02V 5 X Al
=1

F| = N WPV g, (6]

where
Vonng i, [1(Eq1)] = SN M1 ({h — ¢ Mya(R)}7) .
Therefore,
Vi () | Y] = N2 (020 (Quan [{h — o7 Mysa () 7))
=N" ’Yt+1( )’Yt (Qt+1[{h - ¢t Mt-&-l(h)}QD : (B-4~3)

Replacing (B.4.2)-(B.4.3) in (B.4.1), we get the recursive formula

NV[Vﬁ-l(h)] NV[% (Qt+1[ ])] +Ehﬁr1(1)%N(Qt+1[{h*¢iVMt+1(h)}2])]

= MO(Ql:t-i—l[ ] ) - ’Yt-‘rl(h)Q
t+1

2
+ ZE AN OV (Qs[{Quprpa [h] — 21 (Mo [Qq 14 [0]) } )] -
With multiple applications of (4.3.5) in the main chapter, we get that

AN WA Qs [{Qug g [B] — Y1 (M [ Qo1 [B]]) )
22 (171 (Qs [{ Qs 11 7] — b1 (M [Quyraga[P1])}]) s (B44)
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and, using that v5(1)¢s_1(M;[h]) = vs(h) and vs(Qsp1:041[]) = ve+1(h) for all h we get

Yo (W75~ 1(Qs {Qu i1 1] = -1 (M [ Qi rie4a[1]]) 1)
= '78(1)'75({65+1:t+1[h] - ¢>s—1(Ms @s+1zt+1[hn)}2)
=7s(1)7s @s—l—l:t—i—l(h)Q] - ’Yt+1(h)2 .

Finally, by (A5) and the boundedness of h, [y (1)| < G5, |Qqi1.4[h]| < Gi®|h|oo, thus
= 2
hé\f(l)'yg\il(QS [{Qs-i-l:t—i-l[h] - ¢£1(M8 @s-ﬁ-l:t—i—l[h]])} ])‘ < 4Gc2>z>|h|00 )
and by the dominated convergence theorem, for any s € [0 : ],
. = 2
]\}TOOE[’Yév(l)’Yiv—l(Qs[{Qs+1:t+1[h] - ¢év—1(MS @s—i—l:t—&-l[hu)} 1]
= 75 (1)7s [ Qo141 ()] = e41(R)* . (BA5)

and NV [y [h]] — S0 {7 (1)7s [Quiqwsr (R)?] — 7e41(R)?}. As argued in Section 4.4.3 of
the main chapter, E[N (/Y (h) — ’ytH(h))?] converges to the asymptotic variance when N goes
to infinity, and since 77 ; (h) is an unbiased estimator of v;41(h), NV[v/\;[h] = E[N (v (h) —

Vi1 (h))2] . Therefore,

t+1
A}i_x}n@E [N(’Yﬁl(h) - ’Yt+1(h))2] = Z {'Ys(l)’Ys [Qs+1:t+1(h)2] - ’Yt+1(h)2} )
s=0

which ends the proof.

B.5 Computational time comparison
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Figure B.1: Comparison of time complexity (left) and runtime (right) for the different estima-
tors, per time step. The runtime on the left plot is on CPU and that on the right plot on GPU,

only for our most competitive estimator.
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Appendix C

Appendix of Chapter 5

C.1 PPG

In this section, we develop the theoretical framework necessary to establish Theorem 5.3.1.
We recall the notions of Feynman—Kac models, many-body Feynman—Kac models, backward
interpretations, and conditional dual processes. Our presentation follows closely Del Moral
et al. (2016) but with a different and hopefully more transparent definition of the many-body
extensions. We restate (in Theorem C.1.2 below) a duality formula of Del Moral et al. (2016)
relating these concepts. This formula provides a foundation for the particle Gibbs sampler
described in Algorithm 4.

Notations. Let (Z, Z) be a measurable space and L another possibly unnormalised transition
kernel on Y x Z. Define, with K as above,

KL:XxZ53 (z,A) H/L(y,A)K(w,dy)

and
K@L:Xx(Y®2Z)> (z,A)—{1,...,A}(y,2) K(z,dy) L(y,dz),

whenever these are well defined. This also defines the ® products of a kernel K on X x Y and a
measure v on X as well as of a kernel L on Y x X and a measure p on ) as the measures

VK : XQY>3 A {1l ...,A}(z,y) K(x,dy)v(dx),
Lou:XY3A— {1 ...,A} (z,y) L(y,dx) pu(dy).

C.1.1 Many-body Feynman—Kac models

In the following, we assume that all random variables are defined on a common probability
space (2, F,P). The distribution flow {9, }men defined in eq. (5.2.3) is intractable in general,
but can be approximated by random samples &,, = {£.,}}L,, m € N, referred to as particles,
where N € N, is a fixed Monte Carlo sample size and each particle £, is an X,,-valued random
variable. Such particle approximation is based on the recursion 7,11 = @, (), m € N, where
®,,, denotes the mapping

D, M (X)) 2 1%m (C.1.1)

n9m

taking on values in M;(X,,41). In order to describe recursively the evolution of the particle
population, let m € N and assume that the particles §,,, form a consistent approximation of 7,
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in the sense that u(€,,)h, where u(€,,) == N1, d¢i , with 05 denotes the Dirac measure
located at x, is the occupation measure formed by &,,,, which serves as a proxy for n,,h for all
Nm-integrable test functions h. Under general conditions, u(§&,,)h converges in probability to 7,
with N — oo; see Del Moral (2004); Chopin et al. (2020) and references therein. Then, in order
to generate an updated particle sample approximating 7,41, new particles &, = {et, +1}1N=1
are drawn conditionally independently given §,, according to

. N y
oy ~ P (pEn) =Y gm (Em)

—Imeml__ A (EL L), ie[l:N].
—1 ZI;:l gm( f,;) Emr), i€l |

Since this process of particle updating involves sampling from the mixture distribution ®,,(u(&,,)),
it can be naturally decomposed into two substeps: selection and mutation. The selection step

consists of randomly choosing the /-th mixture stratum with probability g,,(££,)/ S 0—; gm(€5)
and the mutation step consists of drawing a new particle &! 41 from the selected stratum
M (€4, ). In Del Moral et al. (2016), the term many-body Feynman-Kac models is related
to the law of process {£,,}men. For all m € N, let X, := XY and &, := XS then {£,, }men

is an inhomogeneous Markov chain on {X;, };nen with transition kernels
M Xy X Xig1 3 (T, A) = O () N (A)

and initial distribution n, = n(?N. Now, denote Xo., := [I—o Xm and Xo.p := Qg Xm. In

the following, we use a bold symbol to stress that a quantity is related to the many-body process.
The many-body Feynman-Kac path model refers to the flows {~,,}men and {n,,}men of the
unnormalised and normalised, respectively, probability distributions on {X ., }men generated
by (5.2.3) and (5.2.2) for the Markov kernels { M, },,en, the initial distribution 7, the potential
functions

N
1 .
Im P Xin D Ty N(mm)gm = N ng(l’in), m € N,
i=1
and the corresponding unnormalised transition kernels
Q. X X X ;i1 3 (®m, A) — gy, (@) M (T, A), m e N.

C.1.2 Backward interpretation of Feynman—Kac path flows

Suppose that each kernel @, n € N, defined in (5.2.1), has a transition density ¢, with respect
to some dominating measure A, 1 € M(X,,4+1). Then for n € N and n € M;(A&,,) we may define
the backward kernel

Y f La(zn)qn(Tn, Try1) n(dey)
na - Xne1 X Xy D (zpa1, A) — C.1.2
QOrn: Xugt X A 2 (nits A) = ) m(da) (€12
Now, denoting, for n € N,,
n—1 i
Bn : Xn X XO:n—l 2> (ZEn,A) — / ”/:H-A(‘TOZTL—l) H Qm,nm ($m+1,dl’m), (C]-S)
m=0

we may state the following—mnow classical—backward decomposition of the Feynman—Kac path
measures, a result that plays a pivotal role in this chapter.

Proposition C.1.1. For every n € N, it holds that 9., = Yn ® By and ng.n = mn @ By,.
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Although the decomposition in Proposition C.1.1 is well known (see, e.g., Del Moral et al.
(2010c, 2016)), we provide a proof in Section C.1.6.1 for completeness. Using the backward
decomposition, a particle approximation of a given Feynman—Kac path measure 7)., is obtained
by first sampling, in an initial forward pass, particle clouds {&,,}" _, from ny@ M(®- - - @ M ,,_;
and then sampling, in a subsequent backward pass, for instance N conditionally independent
paths {f%n N, from B, (&, ...,&,, "), where

B XOn X XOn (xO na '_> / /]lA mOn (H Qmp mm)(merlvdxm)) p(mn)(dzz:n)
" (C.1.4)

is a Markov kernel describing the time-reversed dynamics induced by the particle approximations
generated in the forward pass. Here and in the following we use blackboard notation to denote
kernels related to many-body path spaces. Finally, u({gém}lﬁzl)h is returned as an estimator
of no.nh for any ng.,-integrable test function h. This algorithm is in the literature referred to
as the forward—filtering backward—simulation (FFBSi) algorithm and was introduced in Godsill
et al. (2004); see also Cappé et al. (2007); Douc et al. (2011a). More precisely, given the forward
particles {&,, }7 o, each path §0 ., 1s generated by first drawing §n uniformly among the particles
&, in the last generation and then drawing, recursively,

N

&l = &l dm (ém’ gfn—&-l)
gm ~ Qm, fm y ) = § 0, (- , C.1.5
M(£M)( " ) j=1 EZ 1 Qm(§m7 m+l) Em( ) ( )

, given §m 1 fm is picked at random among the &, according to weights proportional
to {qm(gm,§m+1)}§‘ 1- Note that in this basic formulation of the FFBSi algorithm, each
backward-sampling operation (C.1.5) requires the computation of the normalising constant
Zévzl qm (&L, £;n +1), which implies an overall quadratic complexity of the algorithm. Still, this
heavy computational burden can eased by means of an effective accept-reject technique dis-
cussed in Section C.1.4.

C.1.3 Conditional dual processes and particle Gibbs

The dual process associated with a given Feynman—Kac model (5.2.3-5.2.2) and a given trajec-
tory {zn}nen, where z, € X, for every n € N, is defined as the canonical Markov chain with
kernels

M (zn41) 1 X X Xpp1 D (20, A Z ( N ®6,,,, ® @n(u(wn))‘g’(N_i_l)) (A),
i=0
(C.1.6)
for n € N, and initial distribution
_ 1 = ®i ®(N—i—1)
nww~NZOm®%®% ). (C.1.7)
i=0

As clear from (C.1.6-C.1.7), given {2, }nen, a realisation {&,, }nen of the dual process is generated
as follows. At time zero, the process is initialised by inserting zy at a randomly selected position
in the vector £, while drawing independently the remaining components from 7y. Then, given £,
at step n, 2,41 is inserted at a randomly selected position in &,,,; while drawing independently
the remaining components from ®,,(u(&,,))-

In order to describe compactly the law of the conditional dual process, we define the Markov
kernel
Ch : Xoin X Xoip 2 (ZO:naA) = TIO<ZO> ® M0<Zl> Q- ® Mn71<2n>(A)
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The following result elegantly combines the underlying model (5.2.3-5.2.2), the many-body
Feynman—Kac model, the backward decomposition, and the conditional dual process.

Theorem C.1.2 (Del Moral et al. (2016)). For alln € N,

B, ® Yo:n = Yon @ Cy. (C18)

In Del Moral et al. (2016), each state &,, of the many-body process maps an outcome w of the
sample space () into an unordered set of N elements in X,,. However, we have chosen to let
each &, take on values in the standard product space X,If for two reasons: first, the construction
of Del Moral et al. (2016) requires sophisticated measure-theoretic arguments to endow such
unordered sets with suitable o-fields and appropriate measures; second, we see no need to
ignore the index order of the particles as long as the Markovian dynamics (C.1.6-C.1.7) of the
conditional dual process is symmetrised over the particle cloud. Therefore, in Section C.1.6.2,
we include our own proof of duality (C.1.8) for completeness. Note that the measure (C.1.8) on
Xo.n ® X ., is unnormalised, but since the kernels B,, and C,, are both Markovian, normalising
the identity with yo.,(Xo:n) = Yg:n(Xo:n) yields immediately

Bn ® No.n = To:n ® (Cn (Clg)

Since the two sides of (C.1.9) provide the full conditionals, it is natural to choose a data-
augmentation approach and sample the target (C.1.9) using a two-stage deterministic-scan
Gibbs sampler Andrieu et al. (2010); Chopin and Singh (2015b). More specifically, assume
that we have generated a state (., [¢], Co:n[¢]) comprising a dual process with associated path
on the basis of ¢ € N iterations of the sampler; then the next state (&.,[¢ + 1], o[l + 1]) is
generated in a Markovian fashion by sampling first &.,,[¢ + 1] ~ C,,(Co:n[f], ) and then sampling
Conll + 1] ~ By (&p.n[¢ + 1], -). After arbitrary initialisation (and the discard of possible burn-
in iterations), this procedure produces a Markov trajectory {(&.,[¢], Conlf])}een, and under
weak additional technical conditions this Markov chain admits (C.1.9) as its unique invariant
distribution. In such a case, the Markov chain is ergodic (Douc et al., 2018b, Chapter 5), and
the marginal distribution of the conditioning path (p.,[¢] converges to the target distribution
No:n- Therefore, for every h € F(Xp.p),

Lhm l Z h(COn[E]) = nO:nh, P-a.s.

C.1.4 The PARIS algorithm

In the following, we assume that we are given a sequence {hy, }nen of additive state functionals
as in (5.2.5). This problem is particularly relevant in the context of maximum-likelihood-based
parameter estimation in general state-space models, e.g., when computing the score-function,
i.e. the gradient of the log-likelihood function, via the Fisher identity or when computing the
intermediate quantity of the Expectation Mazximization (EM) algorithm, in which case ng., and
h, correspond to the joint state posterior and an element of some sufficient statistic, respec-
tively; see Cappé and Moulines (2005); Douc et al. (2011a); Del Moral et al. (2010c); Poyiadjis
et al. (2011); Olsson and Westerborn (2017) and the references therein. Interestingly, as noted
in Cappé (2011); Del Moral et al. (2010c¢), the backward decomposition allows, when applied to
additive state functionals, a forward recursion for the expectations {7o.n,hn }nen. More specifi-
cally, using the forward decomposition hy,1(Zp:p+1) = hn(mo:n)Jran(xn, Zn+1) and the backward
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kernel Bj,4+1 defined in (C.1.3), we may write, for z,+1 € X141,

< ~
Bn+1hn+1(mn+1) = / Qn,nn (anrla dxn) / (hn($0:n) + hn($n, anrl)) Bn(mn7 dl’O:nfl)
— -
= Q@np (Bnhn + hn)(@n41), (C.1.10)

which by Proposition C.1.1 implies that

— -
770:n+1hn+1 = Mn+1 Qn,nn (Bnhn + hn) (0111)

Since the marginal flow {n,},en can be expressed recursively via the mappings {®, }nen,
(C.1.11) provides, in principle, a basis for online computation of {ng.,h,}nen. To handle the
fact that the marginals are generally intractable we may, following Del Moral et al. (2010c), plug
particle approximations (&, 1) and En,u(ﬁn) (see (C.1.5)) of mpy1 and @, 4u(p,.), Tespectively,
into the recursion (C.1.11). More precisely, we proceed recursively and assume that at time n
we have at hand a sample { (&, 3%) ?:1 of particles with associated statistics, where each statis-
tic B serves as an approximation of Bph,(£!); then evolving the particle cloud according to
€,01 ~ M, (&, ) and updating the statistics using (C.1.10), with an,nn replaced by amu(én)?
yields the particle-wise recursion

i _ al Qn(fﬁ’fjl-s-l) ‘5 0 ~i . )
B =2 — (B + hn(€h,6h)), i€[1:N), (C.1.12)

N
=1 d =1 Qn(fﬁlv 711+1)

and, finally, the estimator
N
p(BL)() = B, (€.1.13)
i=1
of no.nhn, where B,, := (B}, ..., 8Y), i € [1 : N]. The procedure is initialised by simply letting
B =0 for all i € [1: N]. Note that (C.1.13) provides a particle interpretation of the backward
decomposition in Proposition C.1.1. This algorithm is a special case of the forward—filtering
backward-smoothing (FEBSm) algorithm (see Andrieu and Doucet (2003); Godsill et al. (2004);
Douc et al. (2011a); Sarkkéa (2013)) for additive functionals satisfying (5.2.5). It allows for online
processing of the sequence {ng.,hn, }nen, but has also the appealing property that only the current
particles &,, and statistics 3,, need to be stored. However, since each update (C.1.12) requires
the summation of N terms, the scheme has an overall quadratic complexity in the number of
particles, leading to a computational bottleneck in applications to complex models that require
large particle sample sizes N.

In order to detour the computational burden of this forward-only implementation of FFBSm,
the PARIS algorithm Olsson and Westerborn (2017) updates the statistics 3,, by replacing each
sum (C.1.12) by a Monte Carlo estimate

i U SR (Fig 4 (gig s :
n+l = 37 > (57{] + hn (&7 n+1)) , e[l N], (C.1.14)
j=1

where {(£57, 3i7) M, are drawn randomly among {(&},, Bi)}L, with replacement, by assign-

ing (£,7,57) the value of (&, 53,) with probability (&), 1)/ S0—1 an (€5, &p1), and the
Monte Carlo sample size M € N, is supposed to be much smaller than N (say, less than 5).
Formally,

L N ¢ g oM
{(€47, 7117])}],]\/;1 ~ (Z n(&ns Ent1) )5(££,ﬁ£)> , 1€][l:N].

N T i
=1 =1 n( fb? nt1
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The resulting procedure, summarised in Algorithm 3, allows for online processing with constant
memory requirements, since it only needs to store the current particle cloud and the estimated
auxiliary statistics at each iteration. Moreover, in the case where the Markov transition densi-
ties of the model can be uniformly bounded, i.e. when there exists, for every n € N, an upper
bound &, > 0 such that for all (z,,Zn1+1) € Xy X Xpp1, M (@, Tnt1) < 0, (a weak assump-
tion satisfied for most models of interest), a sample (f}ﬂ ,B47) can be generated by drawing,
with replacement and until acceptance, candidates (€%, 54*) from {(¢, 82)}, according to
the normalised particle weights {g,(£2)/ > gn( ﬁl)}gzl, obtained as a by-product in the gen-
eration of &, , and accepting the same with probability m,,(£5*, & ,)/5,. As this sampling
procedure bypasses completely the calculation of the normalising constant S h_; g, ( fL/ L&) of
the targeted categorical distribution, it yields an overall O(M N) complexity of the algorithm
as a whole; see Douc et al. (2011a) for details.

Increasing M improves the accuracy of the algorithm at the cost of additional computational
complexity. As shown in Olsson and Westerborn (2017), there is a qualitative difference between
the cases M = 1 and M > 2, and it turns out that the latter is required to keep PARIS
numerically stable. More precisely, in the latter case, it can be shown that the PARIS estimator
wu(B,,) satisfies, as N tends to infinity while M is held fixed, a central limit theorem (CLT) at
the rate v/N and with an n-normalised asymptotic variance of order O(1 — 1/(M — 1)). As
clear from this bound, using a large M only yields a waste of computational work, and setting
M to 2 or 3 typically works well in practice.

We now introduce the Parisian particle Gibbs (PPG) algorithm. For all t € Ny, let Yy := Xg.¢ x R
and Yy := Xo+ ® B(R). Moreover, let Yq := Xg x {0} and )y := Xy ® {{0},0}. An element of Y;
will always be denoted by y; = (2.4, b;). The Parisian particle Gibbs sampler comprises, as a
key ingredient, a conditional PARIS step, which updates recursively a set of Yi-valued random
variables v} := (ﬁé:ﬂt, B1), i € [1: NJ]. Let (vy)en denote the corresponding many-body process,
each vy = {(fé:ﬂtv BHYY, taking on values in the space Y; := YN, which we furnish with a
o-field Y; := yt@N . The space Yg and the corresponding o-field Yy are defined accordingly. For
every ¢t € N, we write £y, for the collection {&é:ﬂt}?:l of paths in vy, and &, for the collection

{fat}ﬁil of end points of the same.

In the following, we let ¢ € N be a fixed time horizon, and describe in detail how the PPG
approximates 7g.¢+h; iteratively. In short, at each iteration ¢, the PPG produces, given an input
conditional path (p.¢[¢], a many-body system v[¢ + 1] by means of a series of conditional PARIS
operations; then, an updated path (p..[¢ + 1], serving as input at the next iteration, is generated
by picking one of the paths &n.,;[¢ + 1] in v¢[¢ + 1] at random. At each iteration, the produced
statistics B, in vy provides an approximation of 7g..h; according to (C.1.13).

More precisely, given the path (y.[¢], the conditional PARIS operations are executed as follows.
In the initial step, &yjo[f+ 1] are drawn from 1y (o[¢]) defined in (C.1.7) and vhll+1] + (§6|0[€+
1],0) for all ¢ € [1 : NJ; then, recursively for m € [0 : ¢], assuming access to v, [l + 1],

(1) we generate an updated particle cloud &, 1 [€ + 1] ~ M (Cm-1[€]) (& [€ + 1], ),
(2) we pick at random, for each i € [1 : NJ, an ancestor path with associated statistics
(€m0 + 1], BE1[€ + 1)) among vy, [¢ + 1) by drawing

~ ~ . N m(fs [£+1]7 : 1[€+1])
Z,‘l £ 1 , 271 z 1 ~ q m‘m/ m+ -

])51)75”[(_’_1}, 1€ [1 : N],

(3) we draw, with replacement, M — 1 ancestor particles and associated statistics {(£47[¢ +
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16

1], BB + 1])}M2 at random from {(¢2 [0+ 1], 85)[¢ + 1]}\.; according to

[
m|m

N
LI [04-1], BLI[04-1]) 1, ~ S(es
{1+, B 11D = (X; N (& 1,6, 1)) G

m|m

®(M-1)
G (€5 1€+ 1], €l [0+ 1)) )
[6-+1],85, [6-+1]) ,

(4) we set, for all 7 € [1 NJ, 58;m+1|m+1[€ +1] ({8%[6 + 1], 1[0+ 1]) and v}, [0+ 1] +
(§E:m+1|m+1[€ + ”7 ':n—&-l[g + 1}), where

Binall+1] = M~ 12( 1)+ R (€710 +1), 6 [0+ 1]).
7=1

This conditional PARIS procedure is summarised in Algorithm 3 and step (1) is summarized in
Algorithm 8 below.

Algorithm 8 One conditional particle filter step CPF4; 1
Input: (o1
Result: £, = ( ;4-1: .- 7554-1)
draw I ~ Uniform(1/N)
set fsl—i-l = Cs41
for i <1 to N do
if i A1 then
L draw o ~ Categorlcal({w N

draw ‘Serl ~ MS(§8 ) )

Once the set of trajectories and associated statistics v.[¢ + 1] is formed by means of n recursive
conditional PARIS updates, an updated path (o:t[¢ + 1] is drawn from u(§g.[¢ + 1]). A full
sweep of the PPG is summarised in Algorithm 4.

The following Markov kernels will play an instrumental role in the following. For a given path
{Zm }men, the conditional PARIS update in Algorithm 3 defines an inhomogeneous Markov chain
on the spaces {(Ym, Ym) tmen with kernels

Ym X merl > (ymaA) = / Mm<zm+1>(mm|ma dmm+1) Sm(yma merl?A)v m e Na
where

S i Y X X1 X Vit1 D Yy Timr1, 4) (C.1.15)

N M
. //H 1a ({((ié%,xﬁnﬂ),]\zz (5% + hn (xn’f,xmﬂ)) )}T_J

7j=1

D

5y (@ B
—1 Zé/:l Qm( m|maxm+1) o

R(M-1)

% m""’xm“) Ot (A(@2, 052, M BEM))

x bt T sO0m s 5Ty Oy
—1 ZZ’ 1Qm( m|m7 m+1) (mlm )
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In addition, we introduce the joint law

1
St : Xo:t X Vi 2 (xos, A) /"'/]lA(’yt) So(Jzo,x1,dyy) [ Sm(@m: Tmt1, Y1),

m=1
(C.1.16)
where we have defined J := Iy ® (0, 1)T.

The kernel S; can be viewed as a superincumbent sampling kernel describing the distribution of
the output v; generated by a sequence of PARIS iterates when the many-body process {£,,}!,_,
associated with the underlying SMC algorithm is given. This allows us to describe alternatively
the PPG as follows: given (p.¢[¢], draw &g..[¢ + 1] ~ C¢(Co:[€], -); then, draw v [0 + 1] ~ S¢(&g.¢ [0+
1], -) and pick a trajectory Co.t[¢+1] from &g, ;[¢+1] at random. The following proposition, which
will be instrumental in the coming developments, establishes that the conditional distribution of
Co:t[€ + 1] given &..[¢ + 1] coincides, as expected, with the particle-induced backward dynamics
B;.

Proposition C.1.3. For allt € N,, N € N, xo; € Xo.t, and h € F(Xp.t),
/St(wO:ta dyt) :U’(ajo:ﬂt)h = IB%th(a’O:t)-

Finally, we define the Markov kernel induced by the PPG as well as the extended probability
distribution targeted by the same. For this purpose, we introduce the extended measurable
space (E;, &) with

E: =Y x Xot, &t :=Y:® X

The PPG described in Algorithm 4 defines a Markov chain on (E;, £;) with Markov transition
kernel

K¢ : Ep X € 3 (Y, 2014, A) = /// LA (Gy Zo:t) Ce(20:0, Ao:t) Se(Tout, dYy) 1(Zo:¢pe) (dZ0:t)-
(C.1.17)
Note that the values of K; defined above do not depend on y,, but only on (29, 4). For any
given initial distribution & € My (Xp.t), let Py be the distribution of the canonical Markov chain
induced by the kernel K; and the initial distribution &. In the special case where & = d,,,, for

some given path zg.; € Xg.t, we use the short-hand notation IP’(;ZO‘t =P,,,- In addition, denote
by '

Ky : Xox X Xox 2 (204, A) = /// 14(Z0:t) Ce(20:t, AZo:t) St(Zo:t, dYy) p(Zougye) (dZ0:4)  (C.1.18)

the path-marginalised version of K;. By Proposition C.1.3 it holds that K; = C;B;, which shows
that K coincides with the Markov transition kernel of the backward-sampling-based particle
Gibbs sampler discussed in Section C.1.3. It is also possible to specify the invariant distribution
of Kt.

Proposition C.1.4. For allt € N,, it holds that

10:tCeStKy = 104 CeSe - (C.1.19)
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Proof. Let f € M(E?(kfko)).
[ @ 2010 d200) €11 ot AW )V (2 s 0B )
= [ 1@ 0 d00) 51 ot s 2 i1 (2 A Z00)
= [ 1@ a0 00) o o, ) CiSu A S00))
= /f(gtv Zo:)m0:¢ (20,0 )CeSe (201> (s Z0:t)) -
]

Finally, in order prepare for the statement of our theoretical results on the PPG we need to
introduce the following Feynman—Kac path model with a frozen path. More precisely, for a
given path zo; € Xo.t, define, for every m € [0 : ¢t — 1], the unnormalised kernel

1

Ngm (Tm) 02,11 (A)
and the initial distribution 79(zo) : Xy > A+~ (1 — 1/N)no(A) + 9,,(A)/N. Given these quan-
tities, define, for m € [0 : t], Y (20:m) := M0(20)Qo(z1) - - @m—1(zm) along with the normalised
counterpart 1 (20.m) = Ym(20:m)/Ym (20:m)1x,.,,- Finally, we introduce, for m € [0 : t], the
kernels

Quomst) : Xon X X1 3 (2ms A) 5 (1 - é) Qualms A) +

tl%

B (20:m—1) : X X Xoom—1 2 (Tm, A '—>/ /]lA T0:m—1 H Q i (z0:mm) (Tt 1, AT ),
as well as the path model 19.1, (20:m) := Bm(20:m—1) ® Mm (20:m)-

C.1.5 Proof of Theorem 5.3.1

We start by establishing bias, MSE and covariance bounds for a fixed iteration of the PPG
estimator.

Theorem C.1.5. Assume (A9). Then for everyt € N there exist ¢, c["*¢, and c{*" in R’
such that for every M € Ny, & € M1(Xp.t), £ € Ny, s € Ny, and N € N, such that N > Ny,

t—1

Ee [1(B,[0) (id)] — mo:ehe| < cfies (Z ||ﬁm\|oo> N~'kf,, (C.1.20)
m=0

t—1

2
e [(0(B0) ) — moh)?] < (z ||ﬁm||oo> N (0121)

m=0

[Ee [(1(8:1€]) (id) = mo:the) (w(Be[€ + s])(id) = mo:ehe)]| < £ (Z\IhmH ) PR
(C.1.22)

The constants cbms, c;™¢, and c{° are explicitly given in the proof. Since the focus of this

chapter is on the dependence on N and the index ¢, we have made no attempt to optimise
the dependence of these constants on ¢ in our proofs; still, we believe that it is possible to
prove, under the stated assumptions, that this dependence is linear. The proof of the bound in
Theorem C.1.5 is based on four key ingredients. The first is the following unbiasedness property
of the PARIS under the many-body Feynman—Kac path model.

v
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Theorem C.1.6. For everyt € N, N e N,, and { € N,
B (1B GD] = [ 10aCS1(dbe) b)) = [ mo.Su(dbe) (b)) = o

The proof of Theorem C.1.6 is postponed to Section C.1.6.3. The second ingredient of the
proof of Theorem C.1.5 is the uniform geometric ergodicity of the particle Gibbs with backward
sampling established in Del Moral and Jasra (2018).

Theorem C.1.7. Assume (A9). Then, for everyt € N, (u,v) € M1(Xo.)?, £ € Ny, and N € N,
such that N > 1+ 5p7t/2, |uK{ — vK}{|Tv < KZNW where kN s defined in (5.3.2).

As a third ingredient, we require the following uniform exponential concentration inequality
of the conditional PARIS with respect to the frozen-path Feynman—Kac model defined in the
previous section.

Theorem C.1.8. For every t € N there exist ¢, > 0 and dy > 0 such that for every M € N,
2o+ € Xot, N €N, and € > 0,

. d;Ne2
/CtSt(ZO:tydbt)]l {|1(by)(id) — no.t(20:¢)he| > €} < crexp (—2( - T )2> .
m=0 m || oo

Theorem C.1.8, whose proof is postponed to Section C.1.6.5, implies, in turn, the following
conditional variance bound.

Proposition C.1.9. For everyt € N, M € N*, 20+ € Xo.t, and N € N,
/ CoSt(20i, dbe) |11(Br) (id) — mou (20:) el (Z \|hm|oo)

Using Proposition C.1.9, we deduce, in turn, the following bias bound, whose proof is postponed
to Section C.1.6.7.

Proposition C.1.10. For every t € N there ewists /' > 0 such that for every M € N,
20:¢ € Xo:t, and N € Ny,

’/CtSt(ZO:tadbt) p(be)(id) — no.¢(z0:¢) e

t—1
<N (Z HhmHoo> :
m=0

A fourth and last ingredient in the proof of Theorem C.1.5 is the following bound on the
discrepancy between additive expectations under the original and frozen-path Feynman—Kac
models. This bound is established using novel results in Gloaguen et al. (2022). More precisely,
since for every m € N, (x,2) € X3, N€ N,, and h € F(X,,,+1), using (A9),

1 1
|Q@m{2)h(x) = Qmh(z)] < NHQ‘ (o0llhlloe < TmllAlloo,

applying (Gloaguen et al., 2022, Theorem 4.3) yields the following.

Proposition C.1.11. Assume (A9). Then there exists ¢ > 0 such that for everyt € N, N € N,

and 204 € Xo:,
t—1

‘n0zt<zﬂzt>ht - nO:tht’ S CN_l Z HﬁmHOO

m=0
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Note that assuming, in addition, that sup,ey ||ht]leo < 00 yields an O(n/N) bound in Proposi-
tion C.1.11.

Finally, by combining these ingredients we are now ready to present a proof of Theorem C.1.5.
Proof of Theorem C.1.5. Write, using the tower property,

Eq (B, [0) ()] = B [Eq, 10 (8, 0)()]] = [ EKICSi(db) u(bi)(id).

Thus, by the unbiasedness property in Theorem C.1.6,

Ee [1(B, [€])(id)] — no:the| = ‘/5Kfct8t(dbt)u(bt)(id) - /UO:tCtSt(dbt) M(bt)(id)’

< JEKT = nout ||y 05c (/ CySi(-, dby) u(bt)(id)) ,

where, by Theorem C.1.7, [|EK} — no.4||Tv < Iiléw. Moreover, to derive an upper bound on the
oscillation, we consider the decomposition

( [ s, vy u(bt><id>) <2 (H [ CiSuC b)) i) = oV

where the two terms on the right-hand side can be bounded using Proposition C.1.11 and
Proposition C.1.10, respectively. This completes the proof of (C.1.20). We now consider the
proof of (C.1.21). Writing

Eg [(u(ﬁt[f])(id) - 770tht /EK (dz0:¢)CeSe(z0:¢, dby) (u(by)(id) — mo:ehe)?

+ ”770:t<')ht - 770:tht”oo> )

we may establish (C.1.21) using Proposition C.1.9 and Proposition C.1.11. We finally consider
(C.1.22). Using the Markov property we obtain

Ee [(1(B[0)(id) = no:she) (p(B[€ + s)(id) = mo:1he)]
= Ee [(n(B,[)(id) — no.che) (g, m(Buls) ()] —mohe)]
from which (C.1.22) follows by (C.1.20) and (C.1.21). O

We are finally equipped to prove Theorem 5.3.1.

Proof of Theorem 5.3.1. We first consider the bias, which can be bounded according to

k

[EelM a0 ()] — o] < (k= ko)™ S [Eep(B416)) () — mosh]
l=ko+1

t—1 k
< (k- kO)ilNilcfias (Z HilmHOO> Z "Gﬁl,ta
m=0 I=ko+1
from which the bound (5.3.3) follows immediately.
We turn to the MSE. Using the decomposition

Ee[(T ko )3 () — m0:the)?] < (k — ko)™ {Z Ee[(1(B:[0))(id) — no:¢he )]
{=ko+1

k k
+2 >0 > Ee[(u(Bi[0) (i) — nosehe) (u(By[5]) (id) — nO:tht)]}a

t=ko+1j=L+1
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the MSE bound in Theorem C.1.5 implies that

Z Ee[(1(B,10)) (id) — no:the)?) < mse(ZHhm\oo> “L(k — ko).

l=ko+1

Moreover, using the covariance bound in Theorem C.1.5, we deduce that

t—1 2 k k .
Z Z Ee [(1(8,4)) (id) - no:th»<u<ﬂtm><id>—no:tht>]Scff’“(Z ufzm”oo) N—W( >y m%,/))-

= ko+1 ]—f-i—]. m=0 €:k0+1 j:f-i-].
Thus, the proof is concluded by noting that >°5_ ko1 23 41 “I(\It 9 < (k—ko)/(1 —kny). O
C.1.6 Proofs of intermediate results

C.1.6.1 Proof of Proposition C.1.1

Using the identity

t—1
UOQO e Qt*l]lxt = H anm]le+1
m=0

and the fact that each kernel @, has a transition density, write, for h € F(Xp.),

nosth = / /h 20:¢) 10 (do) H (Um[qm( s Tmt1)] >\m+1(dazm+1)> ( G (Tms 1) )

i N Q@m1x,, 1 NnlGm (s Tm+1)]
TIm d‘rm) Qm(xmawm—i—l)
= h(xo.t) ne(day) (C.1.23)
/ / t i ! nHO nm[Qm( xm—i—l)]

(QO,?]O - ® Qn 1,me—1 ®77t> h
which was to be established.

C.1.6.2 Proof of Theorem C.1.2

Lemma C.1.12. For allt € N, x; € Xy, and h € F(X 41 ® Xiy1),

{ho oo G @i, ze41) Qu(@e, daegn) (@i ) (dzesr) = {h oo (F Begrs 2e41) @) Qe (dzr1) My(ze41) (e, dagr)
(C.1.24)
In addition, for all h € F(Xy® X)),

{h, ..., (} =0, 20) mo(dao) p(xo)(d20) = {hs ..., (} @0, 20) Mo{20) (deo) no(d20). (C.1.25)

Proof. Since p(x:) Qi(dzi+1) = gy(x:) Pr(p(xe))(dze+1), we may rewrite the right-hand side of
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(C.1.24) according to

{he ooy (Y@, 2e01) () Qe (dz41) Mi(ze41) (@, dTey)

N-1
= @) 3 Ao (e, 70) Bl (A7)
1=0

X (‘I’t(ﬂ(wt))@ ® 0241 ® @t(ﬂ(ﬂ?t))@(N*ifl)) (d@is1)

N
1 . ,
— @) Y. [ [l aizh sl )
=1

X @ () (dze1) [ [ @e(palaer)) (dagyy)
i

1 o .
= gle)s 3 [ b atn) M, dega).
i=1
On the other hand, note that the left-hand side of (C.1.24) can be expressed as

1 & :
{hy o G, 2641) Qo d@esn) (@e1) (d2ern) = gu(@e) Z/h(wtﬂﬂfiﬂ) M (2, dxet),
=1

which establishes the identity. The identity (C.1.25) is established along similar lines. O

We establish Theorem C.1.2 by induction; thus, assume that the claim holds true for n and
show that for all h € F(XO:H-I ® XO:t—l—l),

{hy oo Zotr1s 20041) Youg1(AZo:e41) Ber (Tot+1, d20:441)
={h,..., (Y 2ot+1, 20:¢+1) Y0:t+1(d20:441) Cog1 (20441, do:e1).  (C.1.26)

To prove this, we process, using definition (C.3.4), the left-hand side of (C.1.26) according
to

{hy ooy G 2ott15 20:64+1) Vo1 (Ao:t+1) Bey1 (2041, dzo:e+1)
= {’)’, 00 t} (dzo:t) Bt (zo:t, dz0:t) (C.1.27)
X {5 b (@045 20i041) Qi (@, A1) p(@es1) (dze41),
where we have defined the function

- qt(2t, zt41)h(0:t 41,5 20:t41)
h(xo-t11, 20 =
(o1, 20241) i) 2]

Now, applying Lemma C.1.12 to the inner integral and using that

() Qe(d2ey1) = p(e)[qe (s, 2e41)] Avr (dzes1)

yields, for every xg.; and zq.,

o b (@041, 20:41) Qi (e, deyt1) p(@ig1) (dziy1)
={7..., b} (Tost1, 20:041) (@) Qe (dzp 1) M (2e41) (4, A1)
= {h, cee (} LO:t+1, Zo:t+1) Qt(zta dZt+1) Mt<Zt+1>(l't, d$t+1)-
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Inserting the previous identity into (C.1.27) and using the induction hypothesis provides

{hy oy (F o1 20:41) Yout1(dToa41) Beg1 (Tot41, d20:+1)
={7,...,0: t} (dzo:t) C¢(20:t, do:t)

X {h, .o, (P @0t 20041) Qeze, dzesr) Mi(ze41) (@, dgg)
={h,..., (} ®o:t+1, 20:041) Yo:e41 (d20:641) Coy1 (20441, dXo:t41),

which establishes (C.1.26).

C.1.6.3 Proof of Theorem C.1.6

First, define, for m € N,
Po: Yoo X Yons1 3 (y,, A) / Mo (Z s A s1) S (Ys Ty 1, A). (C.1.28)

For any given initial distribution ¥, € M1(Yo), let Pf;o be the distribution of the canonical
Markov chain induced by the Markov kernels {P,,}nen and the initial distribution . By
abuse of notation we write, for n, € My (X)), ]P’,I;O instead of Pf;o o]’ where we have defined the

extension ¥[1g](A4) = [ 1a(Jxo) ny(dxp), A € Yo. We preface the proof of Theorem C.1.6 by
some technical lemmas and a proposition.

Lemma C.1.13. For allt € N and (fit1, fir1) € F(Xie1)?,

Yer1 (fre1Besiheer + fra1) = 1 Qe fre1 Behy + Qe(he fror + fra1)}

Proof. Pick arbitrarily ¢ € F(Xp+1) and write, using definition (C.1.3) and the fact that Q
has a transition density,

1o, G zper) (day) Qe(we, daes)
Ye(dwe)ge (e, Te41)
Yelge (-, og1)]
= {oreeos (@) Yo (d2e41) Qo (@, day). (C.1.29)

={p, s G 1) (5 Te1)] M1 (dweyr)

Now, by (C.1.10) it holds that

<_ ~
Bt+1ht+1($t+1) = / Qn,m(xt—i-lydxt) (ht(xt:t-l—l) + /ht(xO:t)Bt(JUtadIO:t—l)> ;

therefore, by applying (C.1.29) with

O(xpi41) = fip1(@e41) (ﬁt(fﬂt;tﬂ) + /ht(xozt) Bt(ﬂﬁt,dm‘o;t—l))

we obtain that

%
Vi1 (fea1 Beprhig1) = {@s oo, G @rag1) Vi1 (dzeg1) Qe (241, dy)
={o, ..., @pi1) ve(day) Qe(ws, dapyr)
= % (Q¢fi41Behe + QtﬁtftJrl)-

Now the proof is concluded by noting that since 11 = 1 Q¢, Ye+1 ft+1 = Qs ft+1- O
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Lemma C.1.14. For every t € Ny, hy € F(Y), and ng € M1(X)) it holds that

Ef;ao [he(vy) | €0|07 e ,Et\t] = Stht(£0\0= e v£t|t)7 P,’,Jo—a.s-
Proof. Pick arbitrarily v; € F(Xy.;). We show that

Eyy [0:(&ojos - - - » Exjo) bt (0)] = By [0(ojos - - - » €4jo)Sthe(€opos - - > Eape)]s (C.1.30)

from which the claim follows. Using the definition (C.1.28), the left-hand side of the previous
identity may be rewritten as

t—1

/' "/1%[770]((1?/0) H Pm(ym7dym+1) ht(yt)vt($0|0>---a$t|t)

m=0
t—1

= /"'/no(dwom) [T Mo A1) So(Izopo, 1, dy,)
t—1

X H Sm(ymv Lm+1, dmerl) ht(yt)vt(m(]\O? L) wt|t)

m=0
t—1
= [+ [ mofdwo) T] M@, denss) So(Izo. 1. dy,)
m=0
t—1
X H S (Yms Tmt1, dym+1) hi(y,)ve(xo, - . . ).
m=0

Thus, we may conclude the proof by using the definition (C.1.16) of S; together with Fubini’s
theorem. ]

Lemma C.1.15. For every t € N, and hy € F()}),

t—1
B, [(H gm(§m|m)> ht(vt)l = /’YO:tSt(dyt) he(yy)-
m=0

Proof. The claim of the lemma is a direct implication of Lemma C.1.14; indeed, by applying
the tower property and the latter we obtain

t—1
Ego [( ]:[Ogm(gmm)> ht('Ut)‘|
t—1
=EL K II gm(ﬁmm)) Sthe(€opos - - ,gm)]
m=0

t—1
— /.../no(dxo) H gm(ajm) Mm(:vm,dl'm+1)gtht($0:t)
m=0

:/70:t8t(dyt) ht(yt)

Proposition C.1.16. For allt € N,, (N, M) € (N.)?, and (f;, f;) € F(X;)?,
1 N

/7o:tSt(dyt) (N > {bifilayy,) + ft(fiu)}) = Y (fiBths + 1)
=1

209



Proof. Applying Lemma C.1.15 yields

N t—1 N
Jrossem (et + et ) = B8, (L om(Eam)) SR + (60D
i=1 m=0 =1

(C.1.31)
In the following we will use repeatedly the following filtrations. Let F; := o({vm }},_,) be the
o-field generated by the output of the PARIS (Algorithm 3) during the first ¢ iterations. In
addition, let Ft = Ft—l V 0(£t|t)'

We proceed by induction. Thus, assume that the statement of the proposition holds true for a
given t € N, and consider, for arbitrarily chosen (fiy1, fir1) € F(Xii1)?,

t 1N . _ A -
Ey, l( I1 gm(5m|m)> N Y ABL et (Ehan) + i (s} | R
m=0 i=1

t
= < H gm(ﬁmm)) E'rI]DO [ﬁtl—l—lftJrl (£t1+1\t+1) + ft+1(£tl+1|t+1) ’ */—?t] )
m=0

where we used that the variables {3}, ft+1(€z+1|t+1) + ﬁ+1(§§+1|t+1)}$:1 are conditionally i.i.d.
given F;. Note that, by symmetry,

Eﬁo [5t1+1 | ]:t+1 = /St(vt,€t+1lt+1vdyt+1)b%+1

[ (HZ e )5(ef.t,ﬂf><daziﬂ',dam)

j=1/¢= EZ’ 14t €t|t’ §t+1|t+1

1 & iy
X i Z (btl’J + ht(j%daétlJrl\tJrl))

Jj=1

N (€ Epapee) )
Z: Sh_ 1;2@:2;:““) (B + Rl Elapn)) - (C.1.32)

Thus, using the tower property,

Ep [5t1+1ft+1(§tl+1\t+1) | ]}t}

) N (€ we)
N /¢t<ﬂ(€t|t))(dxt+l) ferr(zin) ZZ:; Sp—1 Qt(fflltvxt“

) (51{ + ﬁt(ﬁﬁtaxt—i—l)) ;

and consequently, using definition (C.1.1),

t
(H gm(ﬁmm)> Efy Bl feet (Eha) | Fi]
m=0

t—1 ! N i
= (Tgogm(gmm)>/N;%(§t|t, t+1)

Qt(ff\t, Tiy1)

N
X 1(Tt+1 7
frrr(e1) Y 25—1 Qt(gf‘ﬁxt—i-l

e_

1
(H I (Emim ) Z (5t@tft+1(ft|t) + Qt(htft+1)(£t|t)>

) (55 + ﬁt(fﬁt,xtﬂ)) Aty1(daeg)
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Thus, applying the induction hypothesis,

‘ 1 & .
Eﬁo l( H gm(£m|m)> N Zﬁz+1ft+1(£125+1|t+1)‘|
m=0 i=1

-1 N

= Erlz) K I1 gm(£mm)> %Z (Bthft+1(§f|t) + Qt(ﬁtft-l—l)(fft))]
m=0 =1

=M (Qtft—i—lBtht + Qi(h fri ) : (C.1.33)

In the same manner, it can be shown that

t N
Ef]’(} [( H gm(€m|m>> éth+l(§z+1t+l)‘| = /thtftJrl' (0134)
m=0 i=1

Now, by (C.1.33-C.1.34) and Lemma C.1.13,

¢ 1N A _ .
E, [( 1:[0 gm(€m|m)> N ;{5§+1ft+1(§§+1\t+1) + fer1 (€}

=Y (Qtft+lBtht + Q(hifrin + Qtftﬂ))
= Y1 (fes1 Besthes1 + fri1),

which shows that the claim of the proposition holds at time n + 1.

It remains to check the base case n = 0, which holds trivially true as B, = 0, Bohg = 0 by
convention, and the initial particles £0|0 are drawn from 7. This completes the proof. ]

Proof of Theorem C.1.6. The identity [ Mo (dxo.r) Se(@o.t, dby) pu(by) (id) = no.1he follows imme-
diately by letting f; = 1 and f; = 0 in Proposition C.1.16 and using that vq.;(Xo:t) = Y0:t(Xo:t)-
Moreover, applying Theorem C.1.2 yields

/ 102 CeSe(dby) 11(be) (id) = {1, ., 0= £} (dz00) Ce(Z0st, dore) / St(@0.t, dby) p(be) (id)
= {01,051} (@20) Bu(wos, dzo1) [ Su(wor, dbr) (o) id)
— [ m0.8u(ab) (b ).
Finally, the first identity holds true since K; leaves 7g.; invariant. O

C.1.6.4 Proof of Proposition C.1.3
First, note that, by definitions (C.1.15) and (C.1.16),

H (w()t /St mOtadyt 0 n|n])

:/.../( S ht, )

Jt=1
t—1 N 41
(.’E%",:En?_‘_l) 41
X H H / Z Il Ama1 0 ém | (demm\erl)
m=04py,41= Jm=1 Z] =1 QW($m 7$m+1) mim
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where x6:71‘0 = () for all ¢ € [1 : N] by convention. We will show that for every k € [0 : ],
Hy = Hy, where

1 N t—1 x% xéHll) ) )
)
Hi n (o) : =N > H - P U (X0, - -y Tpm1, T, 1Y)
Jir=1 =1{=k Z] r—1 CIZ(% Lyl )
with
agn(zo, ..., mk_l,xi’“,.. xit)
n?ﬂ?;;njll) Im+1 Jk Jk Jt
= H H Z o Oim (dxo:m|m+1)h<%:k—1\k7% peee )
=0 g1 =1 e 12 Yy (i ) o
Since, by convention, HE;}L o= 1, Hyn(xoy) = N1 Z]Nt:1 ann (0, - -, TN — 1], ]t), and we

note that H; = Hy,. We now show that Hj, = Hj_1, for every k € [1 : t]; for this purpose,
note that

o (T0, - . 1, T . xgt)
im+1)

/H H Z m,$m+1lm+1 S im (dxé’fnj‘zwl)

X
m= 02m+1_1 ]m—l Z % _1 qm(xm , m+1) 0:m|m

Jk—1
ar—1(y xk) j j '
H Z : 0 ik (d%k 1\k>h(x€)]:€k71\k’x?ck"‘"‘Tgt)’

-1 T 11k—
=1 jk— 1—12 71% 1(951€ 1>xk) 0:k—1lk—1

Jk Jk—1Y -
and since :L'Ok k-1 = (zyt a1 Th 1), it holds that

Jr—1
qp—1(z i) . , ‘
H Z k—1 7jl/€k1 ; 5mjk71 (dxz)kk_ﬂk) h(x‘(])kk—ﬂk’ x‘]]qk7 . x‘gt)
ip=1jk—1=1 Z - Qe () k) Tok—tie
N Jk—1 _Jk
Qr—1(x, k) '
B 1’/ -1 .Jk h( ékkl?\k 1’x?€k 117‘7:#""7%?)'
Jr—1=1 Zj’ =1 9k— 1(9% 1)

Therefore, we obtain

Jk Jt
ak,n(wo,...,mk_l,xk yes act )

lerl)

ST Y )

m=0imi1=1 jm=1 Z 1 =1 qm(x%nﬂmerl) Fomim
]k)

N -1

qk— 1(1’k 15Tk

< D ’J’ Uk h(xékklmk 1@?: ).
Jrk—1=1 Zj/ =1 qk— 1(4% 1 axk)

Now, changing the order of summation with respect to ji_1 and integration on the right hand
side of the previous display yields

(X0, - Tp—1, 27, - xit)
Jk—1 Jk)

N
Qr—1(T3 7, T
= 7/ - agp—1,n(T0, .- ., Tp— 2,Jfkk .

Jr—1=1 Zj' =1 qk— 1($k 1a$ik)
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Thus,

Je J1'+1)

N N
qe(xy’,

Ge=1  je=1l=k Zﬁ_l (M(:Ce ,x@ff)
N Jk—1 _Jk
qk— 1(£E x )
x > . b 1’,k1 ag—1n(x0, ..., Th— 2737?;‘ )
dr-1=1 205 1 Gk NGy
N N t—1 Je . Je+1
1 o(@y xz 1) i
N Z Z H = et k—l,n(m07 cee s T2, :L‘i;k_lla .- Jfgt)
Je=1 _1=14=k-1 Z] =1 CM(% 7$g+1)

= kal,n(wO:t)a

which establishes the recursion. Therefore, H; = Hj, and we may now conclude the proof by
noting that B:h = Ho p,.

C.1.6.5 Proof of Theorem C.1.8

In order to establish Theorem C.1.8 we will prove the following more general result, of which
Theorem C.1.8 is a direct consequence.

Proposition C.1.17. For everyt € N and M € N, there exist ¢, > 0 and d; > 0 such that for
every N € N, 204 € Xou, (ft, fi) € F(X)?, and £ > 0,
/CtSt 20:¢, dby) 1 {‘ Z{blft ) + Fo(@l)} — me(20:4) (feBi(zou—1)he + fr)| > }
< crex —dtNEQ
>~ Lt p 2KtQ 9
t—1

Ke := || felloo Y Bmlloo + [ felloo- (C.1.35)
m=0

where

To prove Proposition C.1.17 we need the following technical lemma.

Lemma C.1.18. For everyt € N, (ftH,ﬂH) € F(Xi41)?, 20041 € Xo:t11, and N € N,

Yea1(20:41) (fre1 Bir1 (204 ) her1 + firt)

= (1 - é) Ye(20:4){ Q¢ fr+1Be{z0:t—1) bt + Qt(iltft—f—l + ft+1)}

1 ~
+ N’Yt<Z0:t>gt (ft+1(2t+1)Bt+1<ZO:t>ht+1(Zt+1) + ft+1(Zt+1)) :
Proof. Since Lemma C.1.13 holds also for the Feynman—Kac model with a frozen path, we
obtain

Ver1{20:41) (Fir1 Bt (20:6) 1+ Fra1) = Ye(20:0){ Q1 (251 fr1 B (20:4) P+ Q2o 1) (Mt fr1+ Fis1) }-

Thus, the proof is concluded by noting that for every x; € X; and h € F(Xp41),

Qulevnn)hlan) = (1= ) Quhlae) + S glenhlan 2).
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Finally, before proceeding to the proof of Proposition C.1.17, we introduce the law of the
PARIS evolving conditionally on a frozen path z = {2y, }men. Define, for m € N and z,,11 €
Xm—i—l;

Pr(zmi1) : Ym X Ymi1 2 (Y, 4) — / Mm<zm+1>(a3m|madwm+1) S (Y Tmt1, A).

For any given initial distribution ¥, € M1(Yo), let ]P’i(’)z be the distribution of the canonical
Markov chain induced by the Markov kernels { P, (zm+1) }men and the initial distribution ).
By abuse of notation we write Py,* instead of Pij[no (z0y» Where the extension ty[n] is defined
in Section C.1.6.3.

Proof of Proposition C.1.17. We proceed by forward induction over ¢. Let the o-fields F; and
Fi be defined as in the proof of Theorem C.1.6, but for the conditional PARIS dual process.
Then, under the law Pﬁo’z, reusing (C.1.32),

Er [ BLAED + i) | Fici]
=D [ERe [ 81 F) A+ Fue) | P

. AN (BN ) - ; _
- Eﬁo’ [ ft(gtl)ezzl 25:1 lqt_tl(lgf'_tl, ) (Bf—l + ht—l(gfflagtl)) + fi(&) | ft—l] .

Using (C.1.6), we get

ED= (8L fi(eD) + file) | Fia
_ <1 . 1) ZZN:I{ﬂf—th—lft(gf—l) + Qt—l(ilt—lft + ]Et)(fffl)}
N S gi—1(€01)

N ¢ Zt ~ ~
+ % (ft(zt) Z a1 (81, 21) (ﬁfq + ht(ﬁf—hzt)) + ft(Zt)> . (C.1.36)

N
=1 ZE’:l qt—1 (fflfp Zt)

In order to apply the induction hypothesis to each term on the right-hand side of the previous
identity, note that

B 77t71<202t*1>[qt*1(" Zt){Bt71<ZO:tf2>ht71(‘) + Flt—l(.’ Zt)}]
Bt<ZO:t—1>ht(zt) - nt,1<Z0;t71>[Qt71('7 Zt)] .

Therefore, using Lemma C.1.18 and noting that v:(z0.¢) Ix,/vi—1(20:)1x, ; = M—1(20:—1)Gt—1
yields

e (20:) (fr B (20:—1) e + fr) = % (ft(zt)Bt<ZO:t—1>ht(Zt) + ft(zt))

N (1 1 ) Ne—1{20:0—1){Qt—1fi Bi—1(20:t—2) e + Qu—1(hy—1 fr + ft)}_

N Nt—1(20:t—1)Gt—1

5 (C.1.37)
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By combining (C.1.36) with (C.1.37), we decompose the error according to
1N o _
N D B ) + i)y — melzo0) (fiBe(zo:0-1) he + fr)
i=1

N
= % S {Bifihy) + Ful€)} — EnF [ BLAED + Fule) | Fia
=1

+Ep [5t1ft(§t1) + fi(&)) | ]:"t—1] — 1e{z0:6) (fe Be(zo:6-1)he + )

1 1
=1 (1 ) 1+ (C.1.38)
where
N
1) i= B + e} ~ ER: [Lcel) + ueh) | Fim].
i=1
1@ . S B Qi1 fi (€8 ) 4+ Qe (he—1fe + fo)(EE )}
) Yi—1 ge-1(&f)
(o) {Q-1 S Be{zoa )b + Quoa(herfy + f)} (C.1.39)
nt*1<Z0:t71>gt71 ’ 1.
and
Iy = ft(Zt)zN: G181 21) (55 T (€ Zt))
! =1 S q-1(E 1, 21) =1 —1\St-1o
- ft(Zt)m_1<zozt_1>[%_1<" 2e){ Bi—1(20:4—2)ht—1(-) + ilt—l(', Zt)}]. (C.1.40)

-1 <20:t—1> [%—1(', Zt)}

The proof is now completed by treating the terms II(\I1 ), 11(\12 ), and II(\‘? ) separately, using Hoeffding’s
inequality and its generalisation in (Douc et al., 2011a, Lemma 4). Choose € > 0; then, by
Hoeffding’s inequality,

. 1 1¢e?
Py (! | > 8) < 2exp <_2|<§N> : (C.1.41)

To treat II(\? ), we apply the induction hypothesis to the numerator and denominator, each nor-
malised by 1/N, yielding, since ||Qi—1h|cc < Ti—1]|h||oo for all h € F(X—1 ® &),

N
Py (’Iil S AB Qe fil&fy) + Quoa (s fr + F)(&-1)}
=

- 1{204-1){Qu—1fi Be(20:—1)hs + Qu—1(he—1 e + fi)}

)

€2
< Ct—1 €Xp —dtfl ﬁN
Ti—1K¢

62
e | <c-1exp _dt—lTN .
Ti—1

and

N
1
Pﬁo’z <‘N ;_:191:—1(5571) — M—1(20:4—1) Jt—1

215



Combining the previous two bounds with the generalised Hoeffding inequality in (Douc et al.,
2011a, Lemma 4) yields, using also the bounds

S {8 Qe fol&f 1) + Qea(hur fr + )& 1)}

< K¢
Zz' 19t— 1(§t 1)
and 1y_1(20:4—1)g¢—1 > Ty—1, the inequality
P (2) Tt2 1€°
IP’%J (|IN | > 5) <c_rexp | —di 1= 1K%N . (C.1.42)

The last term I§ ) is treated along similar lines; indeed, by the induction hypothesis, since
lgt—1llo < Tt—10¢-1,

<| ZQt (€15 2) (Bt L+ hea (& 1,zt)>

(=1

— Ne—1{20:0—1) [qr—1(, 26 ) { Be—1(20:0—1) he—1 () + ilt—l(', LN

Z€>

2
<c_i1exp | —d;_ 1( ° ) N
o Tt—10¢— 1Zm OHhmHoo

c 2
>e| <cqexp | —di 1() N|.
Tt—10¢t—1

N v
Z q—1(&_1, 2t)

’ Byt hia(§r 1ol
-1 25:1 G-1(& 1, 2t) ( ) Z

and

1 N
IP’%Z <|N ; Qtfl(ff_p zt) — Ne—1(20:t—1)[qe—1 (-, 2t)]

Thus, since

and 1.—1(20:4—1)[qi—1(-, 2t)] > Ti—1, the generalised Hoeffding inequality provides

2
]P’7173’Z (| 11(\13) | > 6) <crexp | —di1 | - Tl —1 7 NJ. (C.1.43)
0 m=0 | Aol oo

271611 fell oo

Finally, combining the bounds (C.1.41-C.1.43) completes the proof. O

C.1.6.6 Proof of Proposition C.1.9

The statement of Proposition C.1.9 is implied by the following more general result, which we
will prove below.

Proposition C.1.19. For everyt € N, M € N*, N € N,, 24 € Xou, (ft, fr) € F(X)?, and
p > 2, it holds that

N P
% S i filaly) + Fl@iy) = melzo0) (FiBi(z00-1)he + fi)| < cilp/di)P/ NP2,

=1

/(CtSt(ZO:ta dbt)

where ¢, > 0, di > 0 and k¢ are defined in Proposition C.1.17 and (C.1.35), respectively.

216



Before proving Proposition C.1.19, we establish the following result.

Lemma C.1.20. Let X be an R%-valued random variable, defined on some probability space
(2, F,P), satisfying P(|X| > t) < cexp(—t%/(20?)) for every t > 0 and some ¢ > 0 and o > 0.
Then for every p > 2 it holds that E[|X|?] < cpP/?0P.

Proof. Using Fubini’s theorem and the change of variable formula,
o0
EIXP) = [ pr B(X] 2 0)de = 2?2 10T (p)2),
0

where T' is the Gamma function. It remains to apply the bound T'(p/2) < (p/2)P/?>~! (see
Anderson and Qiu (1997)), which holds for p > 2 by [2, Theorem 1.5]. O

Proof of Proposition C.1.19. By combining Proposition C.1.17 and Lemma C.1.20 we obtain

1 2

N /CtSt(ZO:u dby) N Z?Zl{bift(fﬂin) + fi(@)} — mie(20:40) (fe Be(z04—1)he + fr)

t—1 P
< ci(p/dy)P/*AN"P/2 <||ft!|oo > Mmoo + ||ft|!oo> ;

m=0

which was to be established. O

C.1.6.7 Proof of Proposition C.1.10

Like previously, we establish Proposition C.1.10 via a more general result, namely the follow-
ing.

Proposition C.1.21. For every t € N, the exists Efi‘“ < oo such that for every M € N*,
N e N*, 20:t € XO:t; and (ft,ft) S F(Xt)2,

N
|/Ct5t(20:t, dbt)% Z{bift(ivat) + ft(ﬂﬁﬁt)} — ne{z0:4) (fiBe(20:—1)he + fr)| < Pk N~
i=1

where k¢ is defined in (C.1.35).

We preface the proof of Proposition C.1.21 by a technical lemma providing a bound on the bias
of ratios of random variables.

Lemma C.1.22. Let « and (3 be (possibly dependent) random variables defined on some prob-
ability space (Q, F,P) and such that E[o?] < oo and E[B?] < oo. Moreover, assume that
there exist ¢ > 0 and d > 0 such that |a/B| < ¢, P-a.s., la/b] < ¢, E[(« — a)?] < c2d?, and
E[(B —b)?] < d?. Then

|E[ot/B] — a/b| < 2¢(d/b)* + c|E[B — b]|/|b] + |E[ec — a] |/[b]. (C.1.44)
Proof. Using the identity
Eloe/B] — a/b=E[(a/B)(b — B)*)/0* + El(ax — a) (b — B)]/b° + aE[b — B]/b* + E[ex — a] /b,

the claim is established by applying the Cauchy—Schwarz inequality and the assumptions of
the lemma according to

[Elec/B] —a/b|
< cE[(p — b)*]/0* + {E[(ec — a)*]E[(B — b)*]}'/2/6% + |al|E[B — b]| /0 + [E[ox — a]|/b°
< 2¢(d/b)? + c|E[B — b]|/|b] + [E[o — a]| /]b].
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Proof of Proposition C.1.10. We proceed by induction and assume that the claim holds true for
n — 1. Reusing the error decomposition (C.1.38), it is enough to bound the expectations of the
terms II(NQ) and II(Ng) given in (C.1.39) and (C.1.40), respectively (since Eﬁo’z[lg)] = 0). This will
be done using the induction hypothesis, Lemma C.1.22, and Proposition C.1.19. More precisely,

to bound the expectation of Ig), we use Lemma C.1.22 with &« + &, B < P¢, a < a¢, and

b < b, where

N N

& = %Z{@il@t—lft@t[—l) + Qt—l(ilt—lft + .]Et)(gffl)}v i = %th—l(ff—l)a
=1 (=1

ar = m—1(20:4—1){Qt—1 [ Be(20:t—1)ht + Qi1 (he—1 fe + fo)}s be := m—1(20:-1) Ge—1-

For this purpose, note that |&;/B:| < k; and |a¢/bs| < k¢, where k; is defined in (C.1.35). On
the other hand, using Proposition C.1.19 (applied with p = 2), we obtain

Eﬁo’z[(oct —ay)?] < d?k? and Eﬁo’z[(ﬁt —b)?] < 2,
where d? := ¢;72 ;/(d;N). Using the induction assumption, we get
IEF (o] — as| < <P NT'R_1k and |EEZ[Be] — byl < &P NTIR .

Hence, the conditions of Lemma C.1.22 are satisfied and we deduce that

_2 —
P21 _ @mP, _ Ct Ti—1 —bi Tt—1
|Ep 1INV = [Eq %[t/ Be] — ai/be| < 2Kt—dtNI—t2_l + 2Ct1alsKtIt71N'
The bound on |E5(;Z[II(\]2 )]| is obtained along the same lines. O

C.2 Learning with PPG

This section is divided into three subsections. Section C.2.1 establishes, following closely Karimi
et al. (2019), a non-asymptotic bound for stochastic approximation schemes under general
assumptions. Section C.2.2 shows how assumptions (A9-10) imply the assumptions provided
in C.2.1 and therefore allow to establish Theorem 5.4.1. Finally, Section C.2.3 provides sufficient
assumptions on the model ensuring that (A10) holds.

C.2.1 Non-asymptotic bound

We follow closely Karimi et al. (2019). Consider the recursion
9n+1 = en - 7n+1H9n (Xn+1)7 ne N7

where 0,, € © c R? for some d € N, and { X, }nen is a state-dependent Markov chain on
some measurable space (X, X') in the sense that X, 11 ~ Py, (X, ) with Py being some Markov
kernel on (X, X). Let h(0) = [ Hy(x)mg(dx), where my is the invariant measure of Py and
en+1:= Hp, (Xnt+1) — h(6p). As all norms are equivalent in finite dimensional vector spaces, we
use || - || to denote a generic norm. We denote by {F, },en the natural filtration of the Markov
chain {X,, }nen.

(A17) There exists a Borel measurable function V' : © — R such that for every § € ©, VV (0) =
h(0).
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(A18) There exists LY € Rxq such that for every (6,60) € ©2,
19V (6) — VV(@)] < LV 6~ ¢'].

(A19) There exists a Borel measurable function H : © x X — © such that for every 6 € © and
x € X, R R
Hg(x) — PQHQ(JZ) = H@(l’) — h(9) .

(A20) There exists LP?I € R>¢ such that for every (6p,6:) € 02,

sup |[Pay Hay (r) — Pa, Ho, (1)) < L7160 1]
xre

(A21) There exists ngﬁ € R such that
sup ||PoHy| < LEH .
[USC]
(A22) There exists oyse € R>( such that for every z € X and 6 € O,

/ 1H (') = h(0)|2 Py(x, da’) < 02

mse *
(A23) There exists L € R>q such that for every = € X,

sup [ |1y Poe,do') < L7
6O

Theorem C.2.1. Assume that (A17-23) hold. In addition, assume that there exist a > 0 and
a’' > 0 such that for all n € N,

Vo1 € Y < @Ynt1, Yo — a1 <dVE, m < (LY +Cp)7/2.

Moreover, for any n € Ny, let w be a [0 : n]-valued random variable, independent of {Fe}i>o
and such that P(ww = k) = Y1/ D00 Vet1 for k € [0: n]. Then,

n n 2 LV noa2
E [I(62)|7] < 220n T ConF (Omeel” o) Ko Vi

2 k=0 Vh+1
where Vo, :==E[V(6) — V(6,)] and
Co’n = 71h(90)LH + L]gH(’yl — Yn+1 + 1) , (C.Q.l)
C, = Tmse L + (1+ Umse)LVLIgH, (C.2.2)
Cp = L ((a +1)/2 + aomse) + (LY +a' + 1) LEH . (C.2.3)

Proof. We follow closely the proof of (Karimi et al., 2019, Theorem 2) and adapt it to our
setting. First, note that by (A17), assumptions A1l and A2 of (Karimi et al., 2019, Theorem
2) hold with ¢y = dg = 0 and ¢; = d; = 1. In addition, the claim in (Karimi et al., 2019, Lemma
1) holds true since by (A18), their A3 holds. Moreover, (Karimi et al., 2019, Equation 17) can
also be established under (A22), as we may rewrite it as

n n n
> 2 (et ?] = YA [E [lecl | Fo] | < 02 D22 -
=0 =0 =0
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Following the proof of (Karimi et al., 2019, Lemma 2), consider the decomposition

E [— > Y1 (VV(6e), 6£+1>1 =E[A] + Ay + A3 + Ay + As],
=0

where

Al = Z’Yé—i—l < 9@ HQZ (Xg_;_l) P@eﬁge (Xg)> ,

A :—Z’Y£+1< V(61), Po, Ho, (Xy) — Po,_, Hy,_,(X0)),

n

Az = —Z’Ye+1< = VV(6r-1).Po, ., Ho,_ 1(X£>>

n

Ay = _Z Yeg1 — <VV(95 1), Pg,_, Hy,_ 1(X€)>

A5 =" <VV(00), HOO (X1)> + Ynt1 <VV(9n),]P)0nﬁ9n (Xn+1)> )

As j‘\lgg(Xg_H) - szﬁgz (X¢) is a martingale difference, it holds that E [A;] = 0. The upper
bounds on the expectations of A, A3 and A4 are obtained similarly as in Karimi et al. (2019).
Using (A20),

N n
Ay < LFH (O’mse Z Ve t+ 5 (1 + 2a0mse + CL) Z 7]%+1||h(9k)||2> :
k=1 k=

By (A18-21),
Az < LVLPH< +Umse Z Z k”h Hk ” )

On the other hand,

~ n
Ay < L <w —Yni1+ 0 Zvﬁllh(f)k—l)IP) :
k=1

We now focus on As. As in the proof of (Karimi et al., 2019, Lemma 2), the expectation of

the first term can be straightforwardly bounded by 71||h(6)||LT using the Cauchy—Schwarz
inequality and (A23). The second term can, using (A21) and Y41 |/k(0,)]] < 14241 [|R(6:)]?,
be bounded in the same way according to

st (VV (0), Po, Ho, (Xns1) ) < LETynia [B(0)] < L§H (1 +22,41]12(00) )
< Ly (1 + Zﬁ+1!lh(0z)|2> :

=0
The rest of the proof follows that of (Karimi et al., 2019, Theorem 2). O

C.2.2 Application to Theorem 5.4.1

The goal of this section is to establish that the assumptions of Theorem 5.4.1 ensure all the
assumptions in section C.2.1, which in turn allows Theorem C.2.1 to be applied. First, we
start by explicitly defining the kernel Py and the function h in terms of the kernels presented
in section C.1. We write Py ; instead of Py to explicit the dependence of the kernel on the fized
number of observations ¢.
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C.2.2.1 Verification of the assumptions of Theorem C.2.1
For (ko, k) € (N4)? such that ky < k, define

P - EF 0 5 €207 5 (g, ko « k], 20elko = K], A) = KE, @ K5 ) (z0.[k], 4),  (C.2.4)

where Ky, is the PPG kernel defined in (C.1.17). Note that Py, depends only on the last
frozen path, namely zo.[k]. Note also that, since Ky ; depends only on the paths, there is no
dependence between vy, ,[ko : k] and y, . [ko : k]. The score ascent algorithm (Algorithm 6)
can be formulated as follows.

1. Sample (20:¢[ko : k], ys o[ko : K]) ~ Py, + ((20:t,0-1[Fo : kK, yio—1lko : K]), ).
2. Update the parameter according to mey1 = 1 + Yer1H (20.0,¢[ko : k], Yz o[ko : K]), where

K
H(zo.0[ko : k], Yy o[ko : K]) = P k:0+ Z (B oli] = (11,3 (Pt),
o

where 1y, _1 1) n(ht) is defined in (5.3.1). We denote by 7g ; the invariant distribution of Py,
which, by Proposition C.1.4, is given by mg; = (10t ® C;S;)®k—ko),
We also require the strong mixing assumption to hold uniformly in 6.

(A24) [Strong mixing uniformly in §] For every s € N there exist 7,, 7s, 05, and o in R such
that for all 8 € ©,

(i) 7s < gsp(xs) < 75 for every x5 € X,
(ii) 05 < mgp(xs, Ts41) < 05 for every (zs, Ts41) € Xgust1-

Note that the assumption above implies that sy is also uniform in 6.

Proof that (A17) holds.

Proposition C.2.2. For all § € ©, h(0) = VV(0), where V(0) = logyo..9(Xo:t) is the log-
likelihood function.

Proof. By Theorem C.1.6,
0) = [ Hi@hlko : K], oulko s K) mo.(d(@ilho : k], Toalko : K))

m Z / Moo ® CroSea] (A(@, 11, Foelil) (B f[i)) i)

= N0:,0 (S0:t,0) = VV(O).

Proof that (A18) holds. (A18) is trivially implied by (A10)(i).

Proof that (A19-21) hold. Let Hy be given by

Hy : EF %0 5 (y,[ko : K], z0u[ko : K]) — i{]P’g’tH(yt[ko D k], 20ulko : K]) — h(0)}.  (C.2.5)
r=0

Then the following holds true.

221



Lemma C.2.3. Assume (A24). Then for all§ € © and t € N,,
”IPG,tﬁG”oo < Ubias(l - ﬁljg\fyt)il .

Proof. By Theorem 5.3.1, we have for any r > 0

“1k
B H (yylko = K], 20:e[ko = K]) — h(8)| < Tpiasily "
and thus
N oo o
HPG,tHGHOO < Z ’ g,tH - h(g)Hoo < Obias Z 57]‘\/@715 < Ubias(l - '%?V,t)_l )
r=1 r=0
where k¢ € (0,1). O

Lemma C.2.3 proves (A19-21) with Lgﬁ = Opias(l — n%7t)_1.

Proof that (A20) holds.

Theorem C.2.4. Assume (A24) and (A10). Then for everyt € N, § € © and N € N, such
that N > 1+ 5p7t/2,

< LFH)16; — 0],

o0

H]P)Gl,tHel - ]P)QQ,tHQQ

where

LPE = |1 | o [1 + kg, (1 - m§7t)} + LV +
Ovias(1 = iree) (L= i) T I oo (1 = i) 7+ L] - (C.26)
Proof. We establish the claim by adapting the proof of (Karimi et al., 2019, Lemma 7). First,

recall that the kernel Ky, defined in (C.1.18) is the path marginalized version of Ky, given in
(C.1.17). Note that for every = € EF %o,

00 0o
IP)671,1‘/1—191 (.%') - Z 617[@91,1‘/ { 31,tH - h(el)} - Z 593[(51% {P91,tH - 770:t,91P91,tH} )
n=0

n=0

where we have used (i) the fact that the backward statistics output by Py, are independent of

the input backward statistics and (ii) the penultimate line in the computation of h(#) above.
We follow the proof of (Fort et al., 2011, Lemma 4.2) and consider the following decomposition:
for n € N,

51[(5315 (PahtH - 770:t,91p917tH) - 693Ké€grft (P927tH - no:t,92P92,tH) (0'2'7)

n—1
kj kj kj E(n—j—1
= Z (5xK91],t - 770:t,91) (Kef,t - K@Z,t) (Kez(z ! )Pel,tH - n03t792P917tH)
§=0
kn kn
- <5xK027tP02,tH - Uo:t,92P92,tH> + (5xK92,tP91,tH — nO:tﬁgPGl,tH)
-7

k
o0, (K80 Poy 1 H = 10,0, P, 1 H )

Applying Theorem C.1.7 with p = 6, and v = 1949 and using the fact that UO:t,ng,t = 10:1,0
for all £ € N, we obtain that for all £ € N and all § € ©, 6xK£,t — 770;,5,9HTV < ﬁf\,’t. Note that
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by (A10)(iii), Ko is Lipschitz; therefore, for all r € Ny, by Lemma C.3.10, Ky, is Lipschitz
with constant ||L{||oo(1 — k) ~*. Combining all this together, we obtain
(0K87 =m0 ) (K87, = K5, ) (B Pay o H = 1 0,Pa 1 H) |
= ’(5xK§ft — "ot 91) (Kgl ,— K t) {ng,(n 7V [Pg, 1 H — h(01)] — nost,0, [Poy . H — h(91)]}‘
<L oo (1 = ) ™ RN s [Boy  H = h(01) o161 = 2]
< Opiasl LF oo (1 = ) 'y 610 = 6]l

where the last inequality is due to Theorem 5.3.1. Therefore, the first term of the right side

of (C.2.7) is upper bounded by o pias|| L ||oo(1 — Knz) ™ 1nI£Nt ||01 — 0s||. The second term of
(C.2.7) can be written

— (6K Py  H = 10,0, P, i H) + (K87 Poy o H = 10:0,0,Poy  H )
= <533Kg;2rft - nO:t,ez) (P91,tH - P@Q,tH) ’

and using again the ergodicity of Kp; and the fact that 6 — Py H is uniformly Lipschitz by
(A10)(iv), we may conclude that it is upper bounded by \\L§\\mm§“\}ft]]91 — 63]|. Finally, for

the last term, using the facts that Kéit is 1o. p-invariant and geometrically ergodic and that
0 — no.tp is Lipschitz by (A10)(iv) yields

‘770:15,01 (Ké“;ftIP’ol,tH - WO:t,Gg]P)Hl,tH)‘
= ‘(ﬁo:t,el — 10:1,0,) {K(int [Pg, ¢+ H — h(61)] — 10:¢,6, [Poy ¢ H — h(91)]}‘
< L'RN|Poy o H — h(61) |61 — 62
< L'opia6(1 — HN,t)_lfi]f\}ftH@l — 0|
Therefore, we have that
0o K3 (Boy  H — 0:t.0,Poy 0 H) — 50Ky (Poat H — 100:1,0,Poy 1 H)

k 1 _
< {vias | LY lloo (1 = rrve) "y o+ [I1L5 lloo + L70ias(1 = in) ™| B3} 161 = 2]

Therefore, we obtain

‘Pt‘)l,tﬁﬁ (J}) - P92ytﬁ92 (l’)‘
S ‘6IP91,1‘/H - 5$P92,tH‘ + ‘770:25,91[[])01,15['[ - no:t,azpez,tH‘

+ 1> 0 KG" (Poy o H — 10,0, Poy 4 H ) — 05 K52, (Poy o H — no;t,ezlPGQ,tH)‘

n=1

< [0:Pg, 1 H — 6.P0, +H| + [10:t,0. Po, +H — 101,06, P, +H |

+{ v L ol = ) (1 = )2

(128 oo + L70i0s(1 = in) ™| i1 - "ﬂ]&,t)_l}H@l — 6.
To conclude, note that by (A10)(iv), ||0.Ps, +H — 6Py, 1H|| < ||LL[|co]|61 — 62]|. Furthermore,
note that by Theorem C.1.6 we obtain that for all 8 € O, 19..9PoH = no.t,050:t0 = VV(6).
Therefore, by (A10)(i) we obtain that ||10..0, P, tH — 00:t.0,Pa, . H|| < LV||61 — 02|, concluding
the proof. O

223



Proof that (A22) holds. (A22) issimply a bound on the MSE of the roll-out PPG estimator,
given by Theorem 5.3.1.

Proof that (A23) holds.
Proposition C.2.5. For all§ € © and all ¢ € [1: ¢ — 1]
E [[|Hy |l | 7] < 2llsos6llo0 + Tpias(l — fi) 7"
Proof. Note that for all z € EF™ and all § € O,
Hy(x) = H(z) — h(0) + Py Hy(x). (C.2.8)

Lemma C.2.3 shows that [Py Hplloo < obias(1 — & )71 Note that h(6) < [|s0:1,0]lc We write

1 k N '
El[|H < ——— — E|||8,]i .
I 7)< Gy 2 2 187 Ll 7]
By Proposition C.3.9, E {Hﬁi([zm | f@] <||50:t,6]|00, concluding the proof. O

(A23) follows directly by Proposition C.2.5 and by considering supyce ||50:¢,0|co-

C.2.2.2 Proof of Theorem 5.4.1

We have shown in Section C.2.2.1 that under (A10-24), it is possible to apply Theorem C.2.1.
To conclude the proof of Theorem 5.4.1 we just have to rearrange the constants. We start by
rewriting the constant in Theorem C.2.4

LPH = Cl + Ubias(l - K'N,t)_l(]- - "/V'I]i],t)_lc%
with
Cr= L] [1+ sk, -]+ 2V
o0
Cy = HL{DHOO (1= k)™ + LAy, -
By (C.2.2) and Lemma C.2.3,
Oy = Omse LM 4+ (14 0pse) LY LG Y
= Omse [Cl + Ubias(l - HN,t)il(l - ﬁjlil’t)ilCQ} + (1 + Umse)LVUbias(l - H?V’t)il
= OmseC1 + Umseabias(l - "5?\[715)_1 [LV + (1 - “N,t)_102:| + UbiasLV(l - ’iﬂc\ﬁt)_l .
Therefore,
COJY = O'gnseLV + CW
= 025l 4 OmseCl + CmseObias(1 — Ky y) [LV +(1— mN,t)*lcQ] + Opias LY (1= i)t
In the same way, we can rewrite (C.2.3) as
Ch =L [(a+1)/2+ aomse] + (LY +d' +1)LEH
= [Cl + Ubias(l - ’{N,t)_l(l - K‘Ilzl,t)_lcb} [((I + 1)/2 + aamse] + (LV +a + 1)Gbias(1 - ’{Ilil,t)_l :

The constant Cy from Theorem 5.4.1 is L7 = 2supyeg ||50:1.0
completes the proof.

so + Obias(1 — KK )! which
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C.2.3 Conditions on the model to verify (A10)

In our specific application to score ascent, we work with the following assumptions.

(A25) (i) For all ¢ € N, there exists Ly € M(Xgty1) such that for all (x4, 2441) € Xetg1,
the function 0 — s (¢, 441) is Li(x¢, x441)-Lipschitz and Xepp1 2 (24, 2441) —
5t,0(2¢, x141) is bounded by ||s¢(6)] o for all # € ©. Furthermore, ||L|o < o0.
(ii) For all ¢ € N, there exists L{ € Xyty1 such that ||Lf]|c < oo and that for all
(CCt, CCt+1) S Xt:t+17 0 — qtﬂ(:ct, $t+1) is Lg(.fCt, .fCH_l)—LipSChitZ.

Lemma C.2.6 ((A18)(i) holds). Assume (A24) and (A10). There exists a constant LV such
that the Lyapunov function V satisfies, for all (61, 62) € 62,

IVV(61) = VV(82)]| < LV |61 — b2].
Proof. For all 6y, 0o,
[VV(01) — VV(02)[| = ln0:t,6, (S0:£,0,) — M0:t,05 (S0:2,0,) |
< 1170:t,6, (S0:.61) — 102,61 (0:,00) || + [70:2,61 (S0:1,65) — M0:t,60 (S0:2,0,) || -
By (9) and by (Gloaguen et al., 2022, Theorem 4.10) there exists a constant ¢ such that
170:t,0, (50:,6,) — M0:¢,0, (S0:2,6,) | < ct|[61 — 02| supg supy, [|sx(0)l|oo ,
Using (A9) and (A10)[i], we can write:

t—1

||7]O:t,91 (50:t791) — No:t,01 (SO:t,Hg) || < Z To:t,61 [||5u,91 ($u:u+1) — Su,0 (wu:u+1)|Ha
u=0

t—1
< S N0y (L5 (@aar1)] 101 — 02,
u=0

7 S
= i SuPyeo:e—1) [Lal 161 — Oalft.

d

Theorem C.2.7 (Lipschitz continuity of Particle Gibbs with Backward Sampling). Assume
(A25). For everyt € N, 0§ € © and N € N,

sSup ||K917t(x0:t7 ) - K927t(x0:t7 ')HTV < L{,(Nuel - 92” )
xO:tGXO:t

where o
L =Y 7 o+ (N = D] 1o - (C.2.9)

=0
Proof. We know that Ky = C,;, 9B; g. Therefore, by Lemmas C.3.5, C.3.7 and C.3.11, we have

that Ky, is Lipschitz with constant equals L§5C -+ supy CtygL]?. ]

Corollary C.2.8 ((A10)(iii) holds.). Assume (A25). For everyt € N, § € ©, r € N, and
N € N, such that N > 1+ 5p2t/2

sup
Zo:t GXO:t

|5, o0t ) — Ky oo, )| o < EEwlor — 6]

where
Liy = (1= ren) Ly o (C.2.10)
where LfN is defined in (C.2.9).
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Proof. Under 24, the Particle Gibbs with backward sampling is geometrically ergodic with
contraction rate x; y and thus Lt{{N is bounded and the result follows from Lemma C.3.10 [

Corollary C.2.9 ((A10)(i)). Assume (A24) and (A25). For allt € N,, (6, 61) € ©2,

1m0:¢,60 — Mo:t,01 |l < L7100 — 011,

where
L" = L{y., (C.2.11)

and L{y is defined in (C.2.10) and N* = [1+ 5p7 /2].

Proof. Consider the following decomposition, valid for all k € N* and N > 1+ 5p?/2, and all
z0:t € Xo:t,

1m0:¢,6, — M0:t,0 |y < Hﬁo:t,ol — K§, 4(zou, ')HTV + Hﬁo:t,@ — K, (zou, ')HTV + HKéi,t(a:o:t, ) — K§, (w4, )H

< H770:t,91 — K§, 4(zou, -)HTV + H??o:tﬁz — K, (2o, -)HTV + L6 — 62,

TV

where we applied Corollary C.2.8. Since the Lipschitz constant of Ky ; is independent of k, and
Ky ; is geometrically ergodic for all 6, we obtain by taking the limit when k goes to infinity with
N fixed,

1Ly oo

1*I€t]\f

)

170:,6, = 0:¢,62 Iy < 162 =62 ],

for all N > 1+ 5p?/2, where the dependence in N is hidden in Lf n- The result follows by
choosing N = [1 + 5p?/2]. O

Remark C.2.10. As noted by Lindholm and Lindsten (2018), the Lipschitz constant appearing
in Corollary C.2.8 possesses an unexpected dependence on N — 1. One would expect it not to
be true, in that we know that Kg; converges geometrically fast and uniformly to no.; and this is
faster as N gets bigger. Therefore, for large N the Lipschitz constant is expected to converge to
that of no.: whose Lipschitz constant is independent of N.

Proposition C.2.11 (Lipschitz continuity of § — Kpu(B,)(id)). Assume (A25). For every
teN, €0 and N e N,,

1Ko, e1(B1) (id) — Koy op1(B,) (1)l < L1601 — 2]l

where

t—1 m 6 m—1 m
L == (N =1 7llLflloo + Y 1157 lloo [Z 8?‘3] + 3 1L leo - (C.2.12)
=0 j=1 =0 j=1

Proof. Consider e = (x0.,yo.;) € Er and fy(e) := [ Sy 0(x0.t, dY;) 1u(be)(id). Then Ky 4pu(by)(id) =
Cin0fo(xo:t) is a composition of a Markov kernel and a Lipschitz function, therefore Lips-
chitz. O

Corollary C.2.12 ((A10)(iv) holds.). Assume (A25). For everyt € N, € © and N € N,
sup [|Po,  H — Po,  H || < LY]|01 — 02|,

Z0o:t eXO:t

where
LY =L{y+Lf, (C.2.13)

with LY and LY are defined in (C.2.12) and (C.2.10).
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Proof. Let f : EF7% 3 (zou[ko : k], @[k : k], belko : k]) — (k — ko) ™1 Sof g1 (be[€])(id).
As Ky depends only on the path, with a slight abuse of notation, we can define fy(zg.) =
K?f_ko(f)(xO;t). By proposition C.2.11, we have that fy is Lipschitz with L/ = L. Note that

Py +H (0, Y;) = Kgotfg (w0.t), therefore, by lemma C.3.11 Lipschitz with constant L + L. O

C.3 Lipschitz properties

C.3.1 Lipschitz continuity of Py

In this section we prove the following items:
o Cp,.0(20:m, ) is Lipschitz, see Section C.3.1.1
e B, 6(x0:m,) is Lipschitz, see Section C.3.1.2
o [ Sy o(To:m,dbm)u(by,)(1d) is Lipschitz, see Section C.3.1.3
The following technical lemma will be useful.
Lemma C.3.1. Let a €]0,1], z € R>g and ¢ € N. Then for all \; € R>g, ¢ € [0: {], such that
o > [Ti(1 — Niz) it holds that a > 1 — 35 _g \i.

Proof. Consider first the case where x\; < 1 for all 7 € [0 : £]. We prove the result by induction.
The case ¢ = 0 is straightforward. Assume now that the result holds for some r € [0 : ¢ — 1].
Then,

r+1 r r
H(l — )\ZZL‘) = ( — )\7«4_1%') H(l — )\zx) Z (1 — )\T_HJJ)(l — .%Z)\z)
=0 =0 =0

r+1 r r+1
= 1_1'2)\i+$2z)\i>\r+1 > 1—$Z)\i.
i=0 =0 =0

Consider now the case where there is a index j € [0 : £] such that zA; > 1. Then o > 0 >
1= (Yig Xz

O

We begin with some important definitions. Let P and @ be probability distributions on some
common measurable space (X, X), and assume that these distributions admit densities p and ¢
w.r.t some common reference measure A. Let M [P, Q)] denote a maximal coupling between P
and @. As in (Lindholm and Lindsten, 2018, Theorem 2), it is possible to explicitly construct
one such maximal coupling by

M [P, Q] (d(z,y)) := min{p(z), g(x) }A\(dz)d, (dy)+
[P(dz) — min{p(z), g(z) }M(dz)] [Q(dy) — min{p(y), 9(y)} A(dy)]
1 — X(min{p, q}) '

(C.3.1)

From this definition it follows that for continuous and discrete dominating measures A,

[ L= MIP.Q)d(@.y) = [minfp(z), g(@)}A(da).
Moreover, for two Markov transition kernels K and K3 on (X, X), which are assumed to admit

transition densities with respect to some common dominating measure, we let, for (z1,x2) €
X2, M[K1, K3 ((z1,72),) denote the maximal coupling between the measures K;(z1,-) and
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Ky(x9,-). Defined in this way, M [K1, K3] defines a Markov transition kernel on the product
space (X2, X®?)

The following Lemma will be crucial in what follows.

Lemma C.3.2. (i) Let (1, p2) be two probability measures admitting a density with respect
to a common dominating measure and let (Ky, Ks) two Markov transition kernels also ad-
mitting transition densities with respect to some dominating measure. Then the probability
measure

M [p1, po] M [K1, K] (d(21, 22)) :/M[Mhm] (d(21, 22)) M [K71, Ko] (21, 22), d(21, 22)),

is a coupling of (u1 K1, peKs), and it holds that

/ﬂm:sz[MlKthz] (d(z1,z2))

> [ [ L Ml ] (A1, 22) M (K Kol (21, 22), i, 22))

(ii) Let (p1,--- ,pn) and (vi,--- ,vy) be probability measures such that for all i € [1 : n], p;
and v; admit densities with respect to the same dominating measure. Then Qi M [pi, V4]
is a coupling of @;—1 i and Qi vi, and thus

/H Il-aii:yiM [@Mlu ®V21 (d<$17 <oy Tns Y1, - 7yn))
=1 i=1 =1

n n
Z/H]lh:yl@ﬂ\/[[,uz,%] (d(:cl?"'axnvyla"'7yn))'
i=1 i=1

Proof. Tt is enough to show that M [u1, uo] M [K1, K2| admits p1 K and peKo as marginal
distributions. This follows immediately from the fact that M [u1, u1] and M [K7, K3] admit the
right marginal distributions; indeed,

M [p1, p2] M [K7q, Ka] (X x A)
— /M[Ml,m] (dz1,d2) MKy, Ka] (21, 22, d(21, 22)) Ixxa(@1, 22)Ix2 (21, 22)
_ / M [11, 2] (dz1, d2) Ko (22, A)

= //,LQ(dZQ)KQ(ZQ, A)
= /,LQKQ (A)
The derivation for the first marginal distribution follows similarly. For the second point, since

M [p1, po] M [K7, K2] is a coupling of (u1 K1, p2K2) and M [u1 K7, pe Ko is the maximal coupling,
we have that

/Hm:mM (1K1, poKo] (d(21, 22))
> [ Laymea M pa] (d(z1.22)) MK K] (21, 205 (0, )
> [ Lo LM [ i) (A1, 22)) MK K] (21, 223, 22))
The proof of the second item follows similarly. O
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18
19

C.3.1.1 0+ C,,p is Lipschitz.

We proceed by a coupling method that is inspired by (Lindholm and Lindsten, 2018, Theorem
2). The coupling we consider is that where the selection and mutation steps of the particle filter
are respectively coupled maximally.

Algorithm 9 Coupling C,, ¢

Data: 01, 62, Co:m
Result: xo. 1, To:m,1

draw xo1, 202 ~ M [14(C0), M9{C0)]
for s+ 1 to t do

L draw (ws,la ms,2) ~M [Msflﬁl <Cs>(ws—1,la ')7 MS*].,HQ <Cs>($s—1,2a )]

First, let us prove that the one step selection—mutation kernel is Lipschitz.

Lemma C.3.3. For allt € N, ;1 € X;_1 and (01,6:) € ©2,

[ Vet M@0, (@01)). @, (i) (A, 22) > 12 e it Ny,

(C.3.2)

Proof. By (A9)(i) and (A10)(iii),

/l{xlzxz}M [‘I’tfl,el (M(%—l)% ‘I’t71,92 (M(xt—l))] (d(wl,IBz))

_/m1n< Qt 191($t 1L ) i qi— 192($t 1L ) >)\(d)
) 7 1A

] 1gt 191(1”% 1) = Zj 19t-1,6,(T7_1)
>Z/ml ( - 161($t 1,2) , %_1’92(%_1’?) ))\t(div)
] 19t 101(55t 1) Zj:1gt—102(1‘t 1)

1

> . /mln qt— 101($t 1:T), Gt 102(5% 1T )> Ay(dx)
Zj’vﬂ max (gt_l,el(wi 1), 9t—1,0, $t 1)

N J
Zj:l max (gtfl,el (xt 1 y Jt—1 02 xt

1) i= 1)‘t t 1(% 17')) |01 — 0o
N J
Z] 1 Inax (Qt 1,0, (T_1), 9t 192(95t 1))

i]\il At (Lg—l(mt—lv '))
N7,

>1- 101 — 02|,

where we have used that

[ max(ai, (el 1.0, o ol (o) 2 max ([ s, (ol o)e(de), [ o anal 1 0)(do))

> maX(gtfl,el(‘rifl) gt— 102(% 1))-

Lemma C.3.4. For allt €N, ;1 € X;_1, 2 € X¢ and (61,0:) € 62,
1M 10, (2) (®1-1,7) = My16,(2) (@1, ) | py < Ly (0-1) 101 — Oa
where L%l(mtfl) =(1- )Tt 1 Z =1 )‘t( t— 1(9% 1 ))
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Proof. Let us denote by U[1 : n] the uniform distribution on [1 : n]. By definition of the kernel
M;_1(z), we have that

M 1 9(2)(x4—1,dzy) = /U[l ) (df) @1 ((me—1))® ® 6, ® By (pu(as—1)) BTV} (day)

and thus, applying the two items of Lemma C.3.2 combined with the fact that M [p, p] (d(z1,22)) =

w(dx1)dy, (dzg) for any probability measure u, we get that

/ l{wt,lzwt,Z}M [Mt—l,el <Z>($t—1a ')7 Mt—1,92 <Z>($t—1, )] d(wt,la wt,z)
> [ Loy aynin=aM UL 0], UL 2 )] (A, 2))

X M [Py g, (1(a1-1)), Pr1,0, (121 -1))] " @ M3, 5]
QM [Py 10, (1(24-1)), Br1.0, ((@e—1))] V" (@1, 00)

1 N n . .
*Z H vt =t , M@0, (1(@i-1)), @i, (1)) (d(2f 1, 77 2))
N 4 t,2
= k=1,k
>

N—1
( t— 1(»’5'%—17'))
>11- —
> ( N7, 101 — 62|
> 1= S Y N (g, )6 — 2]
Tt—1 —1

where we have applied Lemma C.3.3 in the penultimate line and Lemma C.3.1 in the last
one. 0

Lemma C.3.5. For every t € N, there exists LY € M(Xo,) such that
IC¢0, (20:t) = Cr.0 (20:6) -y < L (20:) 161 — 62, (C.3.3)

where LE(z0.1) = supy Cyp { = wa} (20:4). Under (A25)(i), we obtain that |LE||e0 < (N —
1) 20 7ell L lloo-

Proof. This is a direct application of lemma C.3.13. O

C.3.1.2 0+ B;g(xoy,) is Lipschitz
We start by recalling the definition of B,,

Bio : Xo:t X Xo:t 2 (2o, A '—>/ /]lA Z0:t) <H Q s u(zs) ($s+17d$s)> p(xe)(dzy) . (C.3.4)

s=0

Lemma C.3.6. For all s € [0:t], z411 € Xer1, T € X¢ and (01,02) € 62
— — =
| Qo0 @ot1:) = Qe 0 @1, )| 1y, < LE (@osn, @) 00 = 0] (C.3.5)
- N ‘ -
with L2 (zs41, Ts) = (N710s) VSN | LA(2?, 2541). Under (A25)(i), we have | LE ||oo = (Tm0m)~
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%
Proof. Note that Q¢ ,(z,)(2t11,-) = s > w“xtfl) d_¢. Therefore, similarly to the proof
¢ =

1 qt 30,5 Tip1) Tt
of Lemma C.3.3,

- —
/l{ItJ:It,z}M [Qtvﬂ(wt o0 (Teg10), Qt (1) 02 (@41, )} d(zt,1, 21.2)

o 2ty max(gro, (2, w141), 4o, (1, 1)) — L, 2140) (|01 — O
Sey max(gr o, (T, Te1), G0, (24, Tet1))
25:1 Lt (xta Tiy1)

>1— 01 — 65
> N5, 161 — 02|
O
Lemma C.3.7. For allt € N, xo; € Xo and (61,02) € 62
Bt.o, (@o:t, -) — Broy (@o:t, )y < L (@0:1) |61 — b2 (C.3.6)

—
where LE(z0) = sup By { - Lﬂ (@ox). Under (A25)(i), we have that | LE||es = 03 (7:60)~ | LYoo
Proof. Apply lemma C.3.11 and lemma C.3.6. O

C.3.1.3 6+ [Sig(xo:,dbs)pu(be)(id) is Lipschitz

Define the backward ancestors kernel

V4
Byt : Xip1 x Xg x o([1: NJ) — / 1a(j ( Qt(xtjxﬁl) 5¢(d3)> .
/=1 Z[’ 1 Qt(xt 7xt+1)

Lemma C.3.8. (By; is Lipschitz) For every m € [0 : t], there exists LBK € M(X mi1) such
that

%
1Boy (1, ®m) = Boam(@mes1: Bl py < Loy (@t 2n) |61 = B2l (C.3.7)

H
where LY is defined in Lemma C.3.6

Proof. By s is the index version of the kernel (C.3.4) and thus it is Lipschitz with the same
constant. O

Proposition C.3.9. For every m € [0 : t], we have that

|/(C Sm.0(20:m, dby,) )(1d)] < Z 5° (C.3.8)
and
’ / S, (0:m, dbm ) (b ) (Id) — / Smﬂz(wgzm,dbm)u(bm)(ld)’ < L (@0.m) |01 — 02| . (C.3.9)
where LS (x0.m) = N~VSN | LE (2F @0.n) and LB is defined recursively as
LB s by om) = L2 ah 1 2m) 32574 [ Boan(h 1, d0) {12, ) + L5 om0}
/=0

(C.3.10)
In particular, under (A25), we have that LB < PRy HL || oo {Z?‘ o) 820] + 220 15 oo
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Proof. Consider the following kernels,

m N
_ AN B ’
Sm,G(wD:m+1vd(J6]7 o J”)z 1,5= 1) - H H S5,9($§+1vx€7d(‘]é ])j 1) (C.3.11)
=0 k=1
Seo(@fir @e, d(I7)I) =[] Bou(ahyy, e, dJg7) . (C.3.12)
j=1
Define for all k € [1: N], m € Ny,
S i j i NM i j i NM
Bm+1,k 10— /Smﬁ(aig;m_;,_l, d(JB’], - 7J;}Lj)i:1,j:1)bm+l($0 m+1» (J%’], RN J%)i:l,jzl) )
where bF (x (Ji’j Jid )N’M ) is defined recursively as
m-+1 0:m—+1, 092 2Ym i=1,j:1 y
blrcn+1(w01m+17(J8]7"'7J17])1 1,j= 1 1ZbJ w0m7 J "'7‘]%71)1 1,5= 1)+3m9( ;]n ) fnJrl)

For notational convenience, we henceforth drop the arguments and simply write b, 11

We herebelow show that B,y1 is Lipschitz with constant LZ(zF | @,,) and bounded by
Z: 57°. For m > 2 and k € [1: N,

Bpi1x(0) = / Smo (Tomr1, d(TG7 . T ok L

= [ [ Snro @0 dOF, o TN ) S s, @, AT

x{ 1ZbJ +sm9 m , m+1}

/=1

—/ /Smﬁ m+17wm’d{J’€7J}j 1 [ { m ’ m+1)
+/§m—1,9($0:m7d(J67j7-",Jr;"f 1)@ 1,5= l)bJ }]

M
= / . '/Smﬁ(xﬁwrl? T, d(‘]fﬁj)jjvil) [Ml Z {smﬂ(a;;],lfﬁe,xﬁlﬂ) +B,, Jfrgf(e)}}

/=1
= [ Boan @1, D) {ma (b 1) + Buna 00}

Applying the induction hypothesis conditionally on J&¢ B

kL
Ly (wyt

gk is Lipschitz with constant

, Z0:m—1) and thus the Lipschitz constant of By, j is

$—
LB i1 s wom) = L8 @hersm) 3 574 [ Boan(hrs s 09) (L ) + LB om0}

=0
(C.3.13)
where we have used the fact that By ,, and s, ¢ are also Lipschitz. Again by induction B,,11
is bounded uniformly by Y 7", s7°. The induction is concluded by noting that for the base case
m =0, 8% =0 for all £ € N and thus the result holds.

It now remains to check that for all § € ©, m € [0:t] and k € [1: N],
Bm,k(e) = /Sm(mOmadbm)bfn
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Again, we proceed by induction.

[ Snl@om. b,

— /”'/Sm_l(w():m—lgdbm—l)SM(bm—17wm_l:m7dbm)blr€n

= /"'/Sm—l(w():m—ladbm—l)

k
H(Z %”“m“m)épbp«mmp%%ﬂ

=1 ZE 14m 1(5;117’1’"6) Tm—1"9m—1

[ IZ bkn1+3m9( fnn17xﬁl)}]
/ / m—1 $0m 1adbm 1)
M k M k,n k,n
dm— 1( - m) k,j -1 Jm—1 Tm-1 K
0 (dJn’z{ ) lM bmm* +Sm,9(xmmf ,.%'m)
-1;[ (pz S0 Gt (T, ) 1) 2 1 1
/ /Sme Typ—1> To— l»d(Je 1); 1)
) gkt
[ Z{Sme )+Sm l(mom 1,dby,— 1)bmm11}‘|
—/ /Sm0 T—1> Lo~ 17d(J[ 1)] 1)
gkt
[ IZ{Sme L ak +/Sm 1(®o:m—1,dbp,— 1)57711}]

_/ /Sme Typ—1>To— 17d(‘]e 1) ] 1 [ 1Z{Sm9 o )+Bm_”k’e (9)}]

= B, ()

The proof is finalized by noting that

/ S (0> Ay )1(byn) (1) = N1 5" B,y 1(6)
k=1
and thus it is Lipschitz with constant L (zg.,) = N~' SN LB (2 x,,_1). O

C.3.2 Lipschitz properties of Markov Kernels

Lemma C.3.10 (Composition of ergodic Lipschitz kernels is lipschitz). Let Py be a Markov
kernel over X x Y that is uniformly w-geometrically ergodic for any 0 with contraction constant
p independent of 0 and such that there exists L, > 0 such that for every x € X

1 Pyo(,-) = Py, ()| py < Lpl[6o — 01
Then, for all k >0

EACRES ACDI 4*Wwﬁﬂ

™V = 1—
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Proof. We use the following decomposition borrowed from Fort et al. (2011). For any k > 1,

k—1

. i
=0

Then, for any f s.t. ||f|lec <1 and z € X,

k-1
IPi @) = PhF@) < S| [ B dy)sup [P 1) = wfl| Lellfo = ]
§=0 ze

k-1

< Lp(( X4 )it a1l

§=0

L
< 77160 — 6l
- P
g

Lemma C.3.11 (Composition of Lipschitz kernels is lipschitz). Let Py, Qg be two kernels de-

fined over X x Y andY x Z such that for ever x € X, y € Y there are L, € M(X), Ly € M(Y)
that satisfy
HP90<1‘, ) — Py, (ZC, ')”TV < Lp(x)HHO - 01”
and
1Qa6 (45 +) = Qo1 (y: )l < Lq(y)[|60 — 61 ] -
Then
||P00Q90(l‘7 ) - P91Q91 (QZ, ')HTV < LPQ($)|’90 - 01” ’

where Lpg(x) = (supyg PypLq(x) + Ly(x) sup,, supy Qs (v, Z)).
Proof. Let f € M such that || f||e < 1.
HP91Q91f - P92Q92fH < HP91 [Q91f - QOzf] H + H(P91 - P92)Q92fH
< (Poy Lg(x) + Lp(2)[| Qo f lloo) |01 — 02| -
OJ

Corollary C.3.12. Let Py, Qg be two Markov kernels defined over X XY and Y x Z such that
for ever x € X, y €Y there are L, € M(X), Ly € M(Y) that satisfy

HP90($7 ) - P91 (ZL‘, ')HTV < Lp(x)HHO - 01”

and
1Q00 (Y, -) = Qo, (¥, ) lry < Lqg(y)l160 — 61 -
Then
1Py, Qoo (%) — Po, Qo, (%)l py < Lipg(2) |00 — 61,
where Lyq(x) = (supg PgLq(x) + Lp(x)).
Lemma C.3.13 (Product of Lipschitz kernels is lipschitz). Let Py, Qg be two Markov kernels

that are uniformly Lipschitz with constants Lp, Lg. Then Py ® Qg is uniformly Lipschitz with
constant Lp + Lg.

Proof. Let hg : y — [ Qo(y,dz)f(y,z). Then (Py, ® Qp,)(f) = Py,(he,) and the proof is similar
to that of the previous Lemma since hy is Lipschitz with constant Ly and [|hg||e < 1. O
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C.3.3 PPG

All the experiments were performed on a server equipped with 7 A40 Nvidia GPUs. The
algorithms were implemented in Python with the JAX Python package Bradbury et al. (2018)
and run on GPU.

102 102

101 @, 101§

10° 10°

1071 1071

Figure C.1: QOutput of the PPG roll-out estimator for the LGSSM. The curves describe the
evolution of the bias with increasing k for different particle sample sizes N. The left and right
panels correspond to ko =k — 1 and ko = |k/2], respectively.

C.3.4 Learning

For both experiments, all the parameters were initialized by sampling from a centered multivari-
ate gaussian distribution with covariance matrix of 0.01/. We have used the ADAM optimizer
with a learning rate decay of 1/ V0 where / is the iteration index, with a starting learning rate
of 0.2. We rescale the gradients by T

LGSSM For LGSSM we evaluated for fixed number of particles (N = 64) and number of
gibbs iterations (k = 8) the influence of the burn-in phase (k) over the final distance obtained
to the MLE estimator. Table C.1 indicates that configurations with smaller kg perform better.
A possible interpretation of this phenomenon is that, since between two gradient ascent iterates
the conditioning path is being passed on, this conditioning path from a moment on makes the
estimates less biased, so the importance of having kg high to have less bias vanishes, but the
effect of augmenting the variance with kg is still shown, since the fact of having a conditioning
particle from the right marginal does not affect the variance of the estimator, only it’s bias.
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Algorithm | N | ko | k Dinie
PPG 64| 0 | 8] 0.205 & 0.013
PPG 64| 1 | 8| 0.213 £0.016
PPG 64 | 2 | 8 | 0.201 £+ 0.010
PPG 64 | 3 | 8| 0.201 £+ 0.010
PPG 64 | 4 | 8 | 0.207 &+ 0.012
PPG 64| 5 | 8| 0.212 £ 0.015
PPG 64| 6 | 8| 0.210 + 0.017
PPG 64 | 7 | 8 | 0.211 £ 0.018

Table C.1: Distance to OnLg for each configuration in the LGSSM case.

236



Appendix D

Appendix of Chapter 6

D.1 SMCdiff extension

The identity (6.2.14) allows us to extend SMCdiff Trippe et al. (2023) to handle noisy inverse
problems as we now show. We have that

Gr B 0"z |2 y1) {HZ:_-}JA Ds (dx5]x5+1)} Pn(dzy,)
? (&) = [pr (G- 2,)dz,

- /bg‘:rn(grzn‘TT-I—l:n)fg—Tl—l:n(dTT-‘rlln)d&TJrl:n ’

where
B PGz lwrsn) {0 2, (@l )B, @ l2ei1) | p, (20)
bT:n(gT;n|fET+1:n) = T y
LT:n(xTJrl:n)
7 LQ-T (fT—i-l'n)
fyT \Trt1: - T.n~ : )
Y PR e
and
~ n—1
LY (Tri1in) = / pT(ﬂT“zTIwm“zTH){ 11 ps(dzsIrvs+1“zs+1)ps(xslxsﬂ“zsﬂ)}pn(dzn)-
s=7+1

Next, (6.2.13) implies that

/ Ps+1(Ts1 ™ 2511)P, (A2 Tst1™ 261 1)Ds (Ts|Tst1 ™ 2541250541 =

/ Ps (jsﬁgs)qyrl (ESJrl |ES)QS+1 (és—‘rl |§s)d§s:s+1 )

and applied repeatedly, we find that
U (@rein) = [ prlirar)de, - [ 6, (d50) T] @iz,

and thus, f¥% (Tr41.n) = [ 65, (dZ7) [1o— 11 75(Ts|Ts—1). In order to approximate qﬁﬁf we first dif-
fuse the noised observation up to time n, resulting in Z,11.,, and then estimate bﬁf‘_lzn(-\fﬂrlm)
using a particle filter with p (z,|zs41) as transition kernel at step s € [T +1:n] and g, : 2z, —
Ds_1(Ts—1]Ts~z,) as potential, similarly to SMCdiff.
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D.2 Proofs

D.2.1 Proof of Proposition 6.2.2
Preliminary definitions.

We preface the proof with notations and definitions of a few quantities that will be used through-
out.

For a probability measure p and f a bounded measurable function, we write u(f) := [ f(z)u(d )
the expectation of f under p and if K(dz|z) is a transition kernel we write K(f)(z) :

J f(z)K(dz|z).

Define the smoothing distribution

¢g:n(dl‘0;n) X 5y(dj())pO:n($0:n)d$0d$1:n , (D21)

which admits the posterior ¢§ as time 0 marginal. Its particle estimate known as the poor man
smoother is given by

Ohn(dzom) = N1 > 8, ko (dz0) [T 1{ks = Ao, (day) - (D.2.2)
kO:ne[LN]n+1 = s=1 \

We also let @), be the probability measure defined for any B € B(R%)®n+1 by

(i (B) = E[60(B)] .

where the expectation is with respect to the probability measure

=2 | j=1k=1

n N N )
P({Yn(d(IOn 7a1n Hpn de H {H Zwe 10k ( dae Pe 1(d95@ 1|=Tz )}
N N .
X H Z o ( da1 vy dxo\xl ) 6,(dz)), (D.2.3)
j: =1

where wf = &,(&/,1)/ Z < w(E +1) and which corresponds to the joint law of all the random
variables generated by Algorithm 4. It then follows by definition that for any C' € B(RY),

/(I)On dzo:n) Le(20) U%n dZOn)]lc(Zo)} =E[¢y (C)] = 25'(C).

Define also the law of the conditional particle cloud

PN(d(a:(l),]y, LN n)|z0m) =0z, ( (dzY H pY (dzt)

n N—-1 N B
X H5Zz (dap)on (dap ) H Z wi_10% d%)Pz 1(dxe 1|~’U£ ) (D.2.4)
=2 7=1 k=1
N-1 N }
X 8 (dzd Yo (dad) H Z po dxo\xl ) (7)) .

In what follows E,,, refers to expectation with respect to P (:|2q.,). Finally, for s € [0: n — 1]
we let QN denote the sum of the filtering weights at step s, i.e. QN = SNV, wy(&l,1). We also
write Zo = [ po(0)dy(dTo)dzg and for all £ € [1:n], Zp = [ Ggo(Tely)pe(dap).
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The proof of Proposition 6.2.2 relies on two Lemmata stated below and proved in Section D.2.1;
in Lemma D.2.1 we provide an expression for the Radon-Nikodym derivative d¢g,,,/d®},, and
in Lemma D.2.2 we explicit its leading term.

Lemma D.2.1. ¢}, and ®Y, are equivalent and we have that

N"Zy/Z,

(b(])\:/vn(dz():n) = EzOzn [ H’n 1 QN

‘| ¢g:n(d20:n) . (D.2.5)

Lemma D.2.2. It holds that

Z

n—1
N —1\"
Zng N-QN| = ()
ZO 20:n LH) S N

* (N ;V}T)n_ Z /ZO /p0|s<m0’28)5y(dfg) x

Y
0n (D.2.6)

where D, is a positive constant.

Before proceeding with the proof of Proposition 6.2.2, let us note that having z — @,(z) bounded
on RY% for all £ € [0: n — 1] is sufficient to guarantee that C¥, and DY, are finite since in this
case it follows immediately that E,, [H?;& NIQN } is bounded and so is the right hand side of

(D.2.6). This can be achieved with a slight modification of (6.2.5) and (6.2.6). Indeed, consider
instead the following recursion for s € [0 : n] where § > 0,

op(@n) o (Qn\o(fn’y) +0)pn(n),

Tsly) + 0
Y (xs) O</¢s+1 (Ts541)ps(dws|Ts41) = AGHE)

As+1 (xSJrl |y) +4

dzsiq -

Then we have that

Po(ylz1)
(z &Y (z1)p (zo|71) ——=———=d11
0 / 1 Py 0‘ )Q1\0(m1|y)+5

We can then use Algorithm 4 to produce a particle approximation of ¢f using the following
transition and weight function,

f)/s(y‘ms—&-l) 5
I (g wgg) + ———————
e (lzary) + 80 @elTsr) T TN TS

Wg(ws+1) = (Vs(Wlwst1) +9) / (Tsz10(Ts41]y) + ),

pg’5($8’xs+1) ps(xs]$s+1) )

where Y5(y[Ts+1) = [ Tsjo(Ts|y)ps(ws|2s41)das is available in closed form and pY is defined in
(6.2.3). @, is thus clearly bounded for all s € [0 : n — 1] and it is still possible to sample from
pY since it is simply a mixture between the transition (6.2.3) and the “prior” transition.

Proof of Proposition 6.2.2. Consider the forward Markov kernel

_ pl:n(dzlzn)po(z()‘zl)
gl:n(zo,dzlzn) = f p1;n(d§1;n)p0(§0|21) s (D27)

which satisfies N
¢g:n(d20¢n) = ng (dZO) Bi., (2’0, dzlzn) .
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By Lemma D.2.1 we have for any C' € B(RY) that

93'(C) = [ @ (dz0m)Lel0)

_ / 10(20)Ex,, [Z;TI’ZZ?/Q%'V ] S (dzom)

N"Z,/Z,
:/HC(ZO)/Bl:n(andZI:n)Ezo;n [M] ¢g(d20),
s=0 “s

which shows that the Radon-Nikodym derivative d®}/ deyg is,

aay /ﬁ N"Zy/ 2,
n 7d TZ Z .
agy ) {20, dzien B [H” TON

Applying Jensen’s inequality twice yields

d<I>N N N"Zy/Z,
fﬁl:n(Z’O,dzl:n) ZOn |:Hn 1QN]

)

and it then follows that

n—1
KL || 8] < [ 10g (jﬂ [ Bratzo dorEa, [H NQND S (d).
s=0

Finally, using Lemma D.2.2 and the fact that log(1 + z) < x for z > 0 we get

Ch, . Db,

where

Zs/Z
Chn = 2: / 20y ol20)3y (00 ) 64(dz).
QS|0 z8|y

and ¢¥(zs) x ps(zs) fpo‘s(zolzs)éy(dgo)déo.
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Proof of Lemma D.2.1 and Lemma D.2.2

Proof of Lemma D.2.1. We have that

q)]OVn <d201n>

_ N—l/POR(de{X,da MY 6, (o) T] 1k = b1} (d2)
B s=1

k’O:nE[lIN]n+1

/Z Z 0 ~g* o(dZO) H ﬂ{kﬁs = a§5*1}5$§5 (dzs)
s=1

kOna

N _
X H (da,) {H Hwe Py (daf_ 1|$e }Hwo d~’00|$1 )0y(Tp)
j=1 (=2i=1

N [0S btk g az) TT bt TT{ TT bty antoief)

ko:n al:V j#kn 0=2 ~itke_q

1:n
ke—1

~ a k

Op_q(z," ) ko1, a, !

v o (dz, |z, )5zk#1(dz@_1)
-1 -1

ko
af ral - @z ko
s { T b gl ) 1l = b} 22t dalelag)s, s (d0).
r#ko B

X ]l{ak/Z =k}

Then, using that for all s € [2: n]

ko
(15—1|0(33s—11 1Y)

w — —
QS|O(xI;S ‘y)

G ()Pl (A3 k) =

we recursively get that

ko
By (2%")
N

n kg
P(daE)0 o (2a) [ Tabt = ko) Pl (A a0 )0 s (d2e)

5=2 s—1 Ts—1
kO k
0
x 1{ak0 = }wo 7! ph(dzko)z )5yﬁ ko (d20)
Zo
Tnjo(Zn|y)Pn(dzn s—1)0(Zs—
= qn‘()( )en ) 0z, ( dxkn Hﬂ{a ! q 1|0( 1) _1(dzs—1]25) 0z, 1(dxs 1)

Zn QG50 Esly)

Do y|21) -
x 1{a}’ = k1 } —————=po(dzg|21)d,(dZ0)d, (dz ko
{ }QO q1| (Zl‘y)p[)( 70| 1) y( 0) 0( 0 )

1
7(1)0 n(dzo TL) Zn d'rkn H ]]_{aks t= k }QTézsfl (d$§i31> :
s=1 s—1
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Thus, we obtain

ZO/Z j
B deom) = N7 [ 3752 6, @) s o ele) T et
kOna ]#kn
s ko k
X Hl{ae = ke}z,_, (dz, ") H wz \Pr- 1(d90£ 1\9% )
672 275]64 1
x 1{al® = ki } 8z (dzfo) T wo'py(ahl=ih)a, (dz))
iko
Z, /Z
1 Kom 0
=N ;¢g:n(d20=n)Engn lnn 191\7] ’
0:n

where for all ko, € [1: N]"*! Efon denotes the expectation under the Markov kernel

P]k\(f):n (d(x(l) ;]1\[7 al n ’ZO m) — Z’n dx H pn d_jU
i#kn

n

N .

k . . a]

X H 5%4((1% 1 )5lw (da, “) H Zwf_lék(daé)pg,l(dxé,ﬂx/)
=2 Gtke_1 k=1

X 00 (Azh0) 8y, (dah® H Zwo5k po dm0]x1 )0y (dTp) .
ko k=1
Note however that for all (ko.,, o.n) € ([1: N]*T1)2,
kO:n 1 — Eeo:n
20:n Hn -1 N QN- 20:n H’;’L:—(:]l. Qé\f
and thus it follows that

Y (dzom) = By, Y. (dzom) - (D.2.8)

O
Denote by {Fs}7_, the filtration generated by a conditional particle cloud sampled from the
kernel PV (D.2.4), i.e. forall £ € [0:n — 1]
Fs :U( slr]vaAerln) :

and F, = o (&) Define for all bounded f and £ € [0: n — 1]

n—1 N
Yeu(£) =TT N5 N78 S G(6) F (€8 (D.2.9)
s=0+1 k=1
with the convention 72 (f) = 1 if £ > n. Define also the transition Kernel
QF 1001 R X BR®) 3 (2441, 4) = /]lA($z)@e_1(fﬂe)p?(dwz|$e+1)- (D.2.10)
Using egs. (6.2.3) and (6.2.4), it is easily seen that for all £ € [0 : n — 1],
1

@p(2041) QY1111 () (@e41) = /%O(Ts!y)@z—l(wz)f(we)pe(dwe\xzﬂ)- (D.2.11)

T41)0(Te41]y)

Define 1 : x € R% 1. We may thus write that v\ (f) = NN 1) DM &e(§§+1)f(§§+1).
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Lemma D.2.3. For all £ € [0:n — 1] it holds that

B 0 10(D) = o B 10 (@1 ()] + 5B [V (1)] Bt ()1 20).

Proof. By the tower property and the fact that v\ (f) is Fy1-measurable, we have that

N
Ero ()] = B [N—wﬁm<1>amn [N—l S G (€N ED)

k=1

Note that for all £ € [0:n — 1], (£},...,&Y ") are identically distributed conditionally on Fy,
and
S eIV #(ed RN 5 y K
Eon |@0-1(§) F(ED|Fea1| = v > @y (& 1) [ Doy (o) f(we)pd (dze|€54y)
) k=1
leading to

N
E.,.. [Nl > @ (&) F(&F)
k=1

]:e+11

1
N LS Guehin) [ o e e ) + ) 0.

{ k=1

and the desired recursion follows. O

Proof of Lemma D.2.2. We proceed by induction and show for all £ € [0: n — 2]

B <N - 1)”4 S Pe1(d2e11)qps1)0(Tes1|y)@,(wes1) f(weg1)
- (= 7
_ 1\n—4—1
% (Ze41/Zn) [ (2011)@0g(2041) (D-2.12)
" Z/Z, N B B DY,
+Sze;r2qslo(/zs‘y)/wz(xe+1)qz+1|o(xe+1\y)f($e+1)Pe+1|s(dW+1\Zs)} NQ"-

where [ is a bounded function and D7, is a a positive constant. The desired result in Lemma D.2.2
then follows by taking / =0 and f = 1.

Assume that (D.2.12) holds at step ¢. To show that it holds at step £ — 1 we use Lemma D.2.3
and we compute E, {%{Yn (Q%—l|e+1<f))} and E, {fyéyn(l)} Wy_q(20) f(20).
Using the following identities which follow from (D.2.11)
/@z+1\o(@+1|y)@e(~’ﬂé+1)Qz,1\g+1(f)($£+1)Pz+1(d$£+1)
— [ Quo(@lp)@e (@0 f@)pelda)
and
/@z(iﬂul)ﬁuuo(@ﬂ\y)Qif_wH(f)(xé+1)Pe+1|s(d$e+1!xs)

= [ G @ @) wpy (i),
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we get by (D.2.12) that

N —
TlEzo;n |:’Yévn (Qg,l‘g+1(f)):|
_ (N—1>”‘“1 J Qoo @ely)@g_y (o) f (e)pe(dae)
N Z,
(N _ 1)n—€
Nn7€+1

Zi41/2Zn
To10(Ze41ly)
N Z/Zn
s=0+2 as|0(zs|y)
3 (J\7—1>"“+1 J Qoo (Tely)a,_y (o) f (we)pe(dae)

N Zn
Nt & 3z,

Nn—Z—H Z

s=0+1 qs|0(§3|y
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[ Gao@ely)@i 1 (w0)fwope(dadlzas)

y (D.2.13)

D
+ [ Bt @) f oy (el | + 2

Y
l:n

+ 5 [ e @l ) oo () + 38

The induction step is finished by using again (D.2.12) and noting that

1
N

_ 1\n—¢
ey [100(0)] @t (20 (o) = Do 2 (20 200801 () ) +

Y
ln
N2~

and then setting D} ;. = Dj,, + Bgn.

It remains to compute the initial value at £ = n — 2. Note that

N -1 _ 1.
By [an(D)] = = [P0 1 (@) fon) + 0 () f(z)  (D214)
and thus by Lemma D.2.3 and similarly to the previous computations
Ezo:n [/YT]LV—2TL(f):|

_ <NA;1>2 / P () By (20)QY oy, (F) ) + NN2 [wnl(zn)QZ_gm(f)(zn)

DY .
+C:Jn_Q(Zn—l)f<zn—1)/p%(dxn)an—ﬂn(xn)] + %ﬁtan

N (N — 1)2 J@n—1j0(@n-1ly)@ _o(xn—1)pPn-1(d2n-1)
-\ N Zn

N -1 B
N2 [(an/zn)wn—2(2n1)f(zn1)
1 ) o
! qucw)/ T 110 (a1 |9 o(@0-1) F(@n1)py 1 (A ]20) | + 12

D.2.2 Proof of Proposition 6.2.3 and Lemma D.2.4

In this section and only in this section we make the following assumption

(A26) Forall s € [0:n—1], ps(s)qs+1(Tst1|Ts) = Pst1(Tst1) A (Ts|Ts41) -
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We also consider o5 = 0. In what follows we let 74,11 = n and we write 71.q, = {71,...,7q, }
and Trq, = [1 : n] \ 714. Define the measure

dy
Y. (dx0:n) = pp(dxy) H Ag(dxs|xs41) H AL xn]xnﬂ)dx\ Oy pi) (dxr, [1]) - (D.2.15)

SET1.dy «dy

Under (A26) it has the following alternative forward expression,

dy
¥, (dx0n) = po(dxe) ] @s+1(dxssr]xs) [] an( (%7, [%r,—1)dx 8 i (dxr, [1]) - (D.2.16)
SGTldy =1

Since the forward kernels decompose over the dimensions of the states, i.e.

Got1 (xog1[xs) = [ 0 (ka1 [4]x:[0)
=1

where ¢/, (X541 [0]|%s[€]) = N (X541 [€]; (st1/0s)?%4[0], 1 — (@vs41/s)), we can write

Y. (Xom) = Po(xo) :_Hl DY o Gl - 30 [0]x0[4]) (D.2.17)
where for £ € [1: dy] _
T o0 (X1 xall[x0[)) = g, (y [€] 5,1 () 1;[ HCENGIENRIG)E (D.2.18)
and for £ € [dy + 1 : d,],
i) = T s ) 02,19

With these quantities in hand we can now prove Proposition 6.2.3.
Proof of Proposition 6.2.5. Note that for £ € [1: dy],

N (¥[l]; arxoll], 1 = ar,) = gz, o (v [€][x0[l]) = /Qfe(yw]lxw—l[ﬁ]) [T a(dxs[e]xs—1[€])
SFETY

- / T3 0.0 (AGa [0, - xall])[x0[4])

and thus by (??) we have that

dy
Po(x0)g (x0) o po(xo) H N(y[0); arxoll], 1 — )

/=1
dy

—poxo) [ [ T e(dGalfl .. xa ) xolt)
/=1
de

= po(x0) H/Timo,g(d(xl[ﬂ,-~-aXn[f])|X0W)-
/=1
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By (D.2.16) it follows that

1
T d
TR, XOndXOn/ 0 (X0 ) X100

and hence by (D.2.16) and (D.2.15) we get

oY (x0) =

dy—1
¢%’(X0) X /pTdy (XTdy)5Y[dy] (dXTdy [d}’])dx7\-j: { H )\Ti|7'i+1 (XTi’XTi+1)6y[i] (dxﬁ' [Z])dx>:} )‘0|7-1 (XO‘XTI) :
=1

This completes the proof. O

Let 78’7  denote the joint time 0 and s marginal of the measure (D.2.15), i.e

V(B)CS(XO,XS) = /F(}),:n(XO:n)dxl:sfldXerl:n (D‘2-20)

We now prove the following result.
Lemma D.2.4. Assume (A26) and let 7o := 0, 74,41 :=n. For all k € [1:dy],
(i) If s € [ + 1 : Tp11],

’78’,5 (X07 XS) =

dy
/70 w1000, %501)0% 1 o(@alze s 20)g¥ (@s) [T agty o (xslAlxss [, xo[])dxssr
l=k+1

(i) If s = T,
7&5(X07 XS) = /7(%’75—&-1()(03 XS+1)QZ|S+1 0(§s|£s+13£0)

X H gsz Tsli H q5\5+1 o\X (€] |xs+1[], %0[€])dxs11 -
(=k+1

Proof of Lemma D.2.4. Let k € [1 : dy] and assume that s € [7, + 1 : 74,41 — 2]. By (A26),
(D.2.16), (D.2.18) and (D.2.19) we have that

k
.0 (%0, %s) = Po(x0)4, o (25]20) [T 7,10 (¥ [i][x0[i]) sy, (xslilly [])
=1
dy
x T aotxs[Axolfar, (v [Axs[)
l=k+1

and thus, using the following identity valid for ¢ € [k + 1 : dy]

a0 xal D)t (¥ 6], 16)
= dlpxlfl o) / o Y1 era )y i [ ) 4

_/ s|s+10 ‘XSHM m)qfﬂsﬂ(ym|Xs+1[E])Q£+1|0(XS+1[ZHXOM)dXsJA[@,
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and that q |0( |x0) s+1( s+1‘£s) = QZ‘S+170(£S|£3+17EO)QSJFHO(IS—H‘IO) we get that

0,5 (%0, Xs)

= [ pox)g,plalzoa, Az ale,)

XHqT\o i %0i]) sy, (x5 [y [11) g, (A [ )

X H qs|s+10 ()¢5 41160, %010D) a5 501 (V[ 1[0) g5 110 (K1 [ <0 [€]) dxs 1 [£]
0=kt1
dy
_/70 s+1(x07x8+1) 8‘5+1 0( s’strl?xO)gs xS H q5|5+1 0( []\x5+1[€],x0[€])dxs+1.
0=kt 1

If s= Tk+1 then

k
0,5 (X0,Xs) = Po(x0)q o (2s|2o) H qii\o(Y[i]IXo[i])QQTi (xs[i]y[4])

(D.2.21)
k+1
é k+2
and similarly to the previous case we get
70,3(X07Xs)
dy
- /’70 s+1(X07XS+1) s| +1, 0( S|xs+17x0)gs xS H qs\s+1 0( [ ”XSJrl[E]’XO[K])dXSJrl .
O=k+2

Finally, if s = 7341 — 1, then

k
0,5 (X0, Xs) = Po(x0)q,o(2s|2o) H a0 (y [l xold]) g, (xs[]ly [i])

X 45 Gealk + 1jxolk + 1)g" L | (ylk + 1[xa[k + 1] H 1o (s [1x0[ ), (v 101 16])

Tk+1|5

l=k+2
and using
gho sl + 1ok + 1)al L (vl + 1] [k + 1)
o,k
= qs\nc—:ll,o(xs[k + 1]|X7'k+1 [k + 1]7 XO[k + 1])(]5]:11‘0(}’[]{ + 1]|X0[k‘ + 1])
we find that
’YO,S(X()v Xs)

dy
- /70 Tk+1(X07x7'k+1) S|Tk+17 (—s|x7k+17 )gs ‘TS H q5|5+10( []|X’Fk+1 [€]7X0[€])dx7—k+1 .
{=k+1
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D.2.3 Algorithmic details and numerics

The code for both experiments is available at https://anonymous.4open.science/r/mcgdiff/
README . md.

D.2.3.1 Transition kernels and weights.

In this section we give explicit formulas for the kernel and weights used in Algorithm 4 and for
the noisy case. We first give the formulas for the noisy case since those used in Algorithm 4 are
only a special case.

Consider ¢ € [1 : dy], s € [7y : n] and o5 > 0. Define a§| =1-(1-0})as/ar; and write

Te
ﬁs\s-l—l(xs-i-l) = “s—i—l(f5+17YO|5+1(VXS+1))7 H3|S+1(x8+1) = /"’s+1(£s+17X0|5+1(VX8+1)) and so
ﬁs‘sﬂ(xsﬂ)“ﬁﬂsﬂ(x5+1) is the mean of the backward kernel p,.

The density of the £-th coordinate of the proposal kernel is
PV @ 0xes1) < N (0l 2y [0 3,00, 0%, ) N (Tl B (x511) 10, 0241 )

and the weight function is @,(xs11) = H%:T(S) @l(xs41) (we recall that 7(s) = max{k € [1 :
dy| : s — 7, > 0}) where

SN (a0 7:[0), 02, ) N (Tl Fiygoss (ke[ 02, )
N (Oéifl}’[g];fs—i-lmvU§|TZ> .

wﬁ(Xerl) X

Therefore, letting ks := 02, /(02| + JEW) and 62, := agm ks,e, we have

P % 41) = N (Tall]s ke a2y [0 + (1 = ke )Ty (xes) [0, 52¢)
N (0l 310 Fygess (xs4)[0), 024 + 07,
N (ai-/i?ly[g] s Tsi1 [6]7 U§+1|TZ>

‘I’ﬁ(Xerl) =

The proposal kernel is thus

dy 7(s)
Py (Xs|Xs41) = pg(25[Xs+1) H p];(XS[k”XS-i-l) H Py ’g(fswﬂx&kl) .
k=7(s)+1 =1

Define ks := 02, /(02 +1—a,) and 62 = (1 — a,)ks. The kernel and weight function used in
Algorithm 4 correspond to the case 7, = 0 for all £ € [1: dy], 05 = 0 are given by

pY(xs|xs41) =N (§5§E5|8+1(Xs+1)7 Ug—l—l) N (fé ksai/Qy + (1 = ko) Prg|s g1 (Xs41), 6?) )

/2.
N (Oés/ Y; Hs\s+1(x8+1)’ 0-3—5—1 +1- Oés)

@S(XSJrl) = 1/2
N (O‘sil}";fs—l—l; 1- a8+1)

D.2.3.2 GMM

For a given dimension d,, we consider qqata & mixture of 25 Gaussian random variables. The
components have mean g, ; = (84,85, ,8i,8j) € RY for (i,5) € {—2,—1,0,1,2}? and unit
variance. The associated unnormalized weights w; ; are independently drawn according to a x>
distribution. We have set O'g =104
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Score Note that qs(xzs) = fq8|0(xs|xg)qdata(x0)dxo. ASs Qdata is a mixture of Gaussians,

gs(xs) is also a mixture of Gaussians with means a;/ Q,ui,j and unitary variances. Therefore,
using automatic differentiation libraries, we can calculate Vlog qs(zs). Setting e(zs,s) = —(1—
as)V/?V1og qs(xs) leads to the optimum of (6.1.9).

}igolo as a linearly decreasing sequence

Forward process scaling We chose the sequence of {3,
between 31 = 0.2 and S1g00 = 1074,

Measurement model For a pair of dimensions (d,,dy) the measurement model (y, A, ;) is
drawn as follows:

e A: We first draw A ~ N (0dy xd, s Idyxd,) and compute the SVD decomposition of A=
USVT. Then, we sample for (i,5) € {—2,—1,0,1,2}2, s; ; according to a uniform in [0, 1].
Finally, we set A = UDiag({si,j}(Z-7j)€{,27,170’172}2)VT.

e 0, We draw o, uniformly in the interval [0, max(sy,- -, sq,)]-

e y: We then draw . ~ qqata and set y := Az, + o,€ where € ~ /\/(Ody, Idy).

Posterior Once we have drawn both qqata and (y, A, o), the posterior can be exactly calcu-
lated using Bayes formula and gives a mixture of Gaussians with mixture components ¢; ; and
associated weights @; ;

cij i =N(Z (ATy/O'S + p‘i,j) ),
w; 1= WZN(ya Ap‘i,ju o’ Idx +AAT) )

where ¥ := (Idz +ay_2ATA)71.

Choosing DDIM timesteps for a given measurement model. Given a number of DDIM
samples R, we choose the timesteps 1 = ¢; < --- < tg = 1000 € [1 : 1000] as to try to satisfy
the two following constraints:

o For all ¢ € [1:dy] there exists a t; such that ayagj/z ~(1- atj)l/zsi,

e Forallie[l:R—1], atli/Q—a;/fl ~ ¢ for some § > 0.

The first constraint comes naturally from the definition of 7;. Since the potentials have mean
aii/ 2y, the second condition constrains the intermediate laws remain “close”. An algorithm that

approximately satisfies both constraints is given below.

Additional plots We now proceed to illustrate the first 2 components for one of the mea-
surement models for all the different combinations of DDIM steps and (d, dy) combinations used
in table 6.1. Figures D.1 to D.3 are grouped by dy = 1,2, 4 respectively.
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Algorithm 6: Timesteps choice

Input: Number of DDIM steps R, oy, {Si}?ip {a; } 1990
Output: {tj}le

Set S; ={}.

for j « [1:dy] do

. . 1/2

Set 7j = argiminye 1:1000] ’Uyaz/ -(1- 04@)1/2)33'\-

Add 7~'j to ST if 7~'j ¢ ST.
Set ny, = R—#S; — 1 and § = (a}/Q - aiégo)/nm.
Sett; =1,e=1and i = 1. for ¢ < [2:1000] do

if aé/Q—a}/Q > orf € S, then

‘ Set e =4, i =1+ 1and 7, = 4.

9 Set 7 = 1000.

AW N =

o I O o
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Figure D.1: We display the first two dimensions of the GMM inverse problem for one of the
measurement models tested. The blue dots represent samples from the exact posterior, while
the red dots correspond to samples generated by each of the algorithms used (the names of the
algorithms are given at the top of each column). The first three columns correspond to 20 DDIM
steps and the last three to 100 DDIM steps. dy =1 and d, = (8,80,800) from top to bottom.
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Figure D.2: We display the first two dimensions of the GMM inverse problem for one of the
measurement models tested. The blue dots represent samples from the exact posterior, while
the red dots correspond to samples generated by each of the algorithms used (the names of the
algorithms are given at the top of each column). The first three columns correspond to 20 DDIM
steps and the last three to 100 DDIM steps. dy =2 and d, = (8,80,800) from top to bottom.
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Figure D.3: We display the first two dimensions of the GMM inverse problem for one of the
measurement models tested. The blue dots represent samples from the exact posterior, while
the red dots correspond to samples generated by each of the algorithms used (the names of the
algorithms are given at the top of each column). The first three columns correspond to 20 DDIM
steps and the last three to 100 DDIM steps. dy =4 and d, = (8,80,800) from top to bottom.

We also show in fig. D.4 the evolution of each observed coordinate in the noise case with dy = 4.
We can see that it follows closely the forward path of the diffused observations indicated by the
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blue line.
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Figure D.j: Illustration of the particle cloud of the 4 first observed coordinate in the case
(dy,dz) = (4,800) with 100 DDIM steps. The red points represent the particle cloud, while the
purple points at the origin represent the posterior distribution. The blue curve corresponds to
the curve s — a;/zy[ﬂ] and the blue dot on the curve to aiz/zy[f].

D.2.3.3 CelebA

We show in fig. D.5 the evolution of the particle cloud with s.

1000 900 800 700 600 500

400 300 200 100 50 4

Figure D.5: FEvolution of the particle cloud for one of the masks. The numbers on top and
bottom indicate the step s of the approximation.
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model priors.
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