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Abstract

We consider a class of diffusion processes with finite-dimensional parameters and partially
observed at discrete time instances. We propose a methodology to unbiasedly estimate
the expectation of a given functional of the diffusion process conditional on parameters
and data. When these unbiased estimators with appropriately chosen functionals are em-
ployed within an expectation-maximization algorithm or a stochastic gradient method, this
enables statistical inference using the maximum likelihood or Bayesian framework. Com-
pared to existing approaches, the use of our unbiased estimators allows one to remove
any time-discretization bias and Markov chain Monte Carlo burn-in bias. Central to our
methodology is a novel and natural combination of the multilevel randomization schemes
developed by Mcleish (2011); Rhee and Glynn (2015) and the unbiased Markov chain Monte
Carlo methods of Jacob et al. (2020a,b), and the development of new couplings of multi-
ple conditional particle filters of Andrieu et al. (2010). We establish under assumptions
that our estimators are unbiased and have finite variance. We illustrate various aspects
of our method on an Ornstein—Uhlenbeck model, a logistic diffusion model for population
dynamics, and a neural network model for grid cells.

Keywords: diffusions, unbiased estimation, particle filters, coupling, stochastic gradient
methods

1. Introduction

1.1 Model and Observations

We consider a diffusion process (X;)¢>0 in R?, defined as the solution of the stochastic
differential equation (SDE)

dX; = ag(X;)dt + o(X;)dW;, X =z, € R%, (1)

where (W});>0 is a standard Brownian motion in R?. We will assume that the drift function
a: O xR — R? depends on a vector of unknown parameters § € © C R% . but the
diffusion coefficient o : R — R%*¢ does not. When the diffusion coefficient is parameter
dependent, one can deal with this in some cases by finding a suitable transformation of
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the process. For example, if o is diagonal matrix of coefficients to be inferred, then a
simple rescaling would yield a transformed process with unit diffusion coefficient. Tackling
the general case requires a more involved treatment; we discuss how to adapt our proposed
methodology in Section A of the supplementary material. The drift and diffusion coefficients
are assumed to be regular enough for (1) to admit a (weakly) unique solution for all ¢ > 0;
more precise regularity conditions needed in our analysis will be stated. The use of SDE
models is ubiquitous in engineering, finance, machine learning, and many areas of science.
We model observations Y;,,...,Y;, € R% at a collection of time instances 0 < t; < --- <
tp = T as conditionally independent given the latent diffusion process X = (X;)o<i<r,
with conditional density g : © x R x R% — R* ie. Y; ~ go(:|X;) for all t € {t1,...,tp},
that can be evaluated. For notational ease, we assume that observations are given at unit
times, i.e. t, =pfor p e {1,..., P} and P = T, which covers the case of regularly observed
data by a time rescaling. Irregularly observed data can also be accommodated with minor
modifications to our presentation and considered for an application in Section 5.2. We note
that this partially observed setting is related to but distinct from the discretely observed
case where the diffusion process is observed without error (Sgrensen, 2004). Extension of
our methodology to continuous-time observation models is straightforward and illustrated
on an application in Section 5.3.

Given a realization y.7 = (yt)g;l of the observation process, the marginal likelihood is

T
po(yrr) = Eo !H ge<yt|Xt>] , (2)

t=1

where Eg denotes expectation with respect to (w.r.t.) the probability measure Py, induced
by the solution of (1) on Cy4([0,T7]), the space of continuous mappings from [0, 7] to R%. For
most problems of practical interest, statistical inference for diffusion models is challenging
for two main reasons. Firstly, as most diffusion processes do not have analytically tractable
transition densities, one has to resort to time-discretization. Secondly, even if transition
densities are available or a time-discretization scheme is employed, the expectation over
the latent process (conditional on observations) is usually intractable, and one has to rely
on Monte Carlo approximations. Existing approaches to these two issues (Beskos et al.,
2006b, 2009; Fearnhead et al., 2008) are mostly based on the exact algorithm of Beskos
and Roberts (2005); Beskos et al. (2006a) that allows exact simulation of diffusion sample
paths without any time-discretization bias. Although these simulation techniques are very
elegant, they require a user to know various properties of the diffusion process, which may
not always be the case in practice.

1.2 Unbiased Estimation and Parameter Inference

In this paper, we propose to deal with the above-mentioned difficulties using a novel compu-
tational framework by bridging the randomized multilevel Monte Carlo (MLMC) schemes
developed by Mcleish (2011); Rhee and Glynn (2015) to remove the time-discretization bias
with the unbiased Markov chain Monte Carlo (MCMC) methods of Jacob et al. (2020a,b)
to eliminate the MCMC burn-in bias. Our proposed methodology allows one to unbiasedly
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estimate conditional expectations of the form
5(0.0,) = Ky, [Go(X) | yr1] (3)

for a given functional Gy. We will write S(f) = S(0,6) and choose Gy according to the
parameter inference algorithm of interest. We consider two types of algorithms in which
(3) can be used: the expectation-maximization (EM) algorithm (Dempster et al., 1977) and
gradient-based methods for maximum likelihood estimation and Bayesian inference.

EM algorithm. Within an EM algorithm to compute the maximum likelihood estimator
(MLE) 6 € arg maxgpeo po (y1.1), the expectation step corresponds to S(6,6,) with Gy given
by the complete-data log-likelihood, and the expectation is w.r.t. the law of X conditioned
on current parameters 6, and observations yi.7. Approximating the expectation step with
unbiased estimators would yield a Monte Carlo EM algorithm (Wei and Tanner, 1990).

Gradient-based methods. To employ gradient-based algorithms, we shall consider ap-
proximations of the score function Vylog pg(y1.7), where Vg denotes the gradient w.r.t. the
parameter §. We will show that the score can be represented as S(6) with Gy given by the
gradient of the complete-data log-likelihood. If unbiased estimators S(6) of S(6) can be
constructed, one can compute the MLE with stochastic gradient ascent (SGA)

~

O, = 01 + €mS(9m_1), m=1,2,..., (4)

where (g,,)2°_; is a sequence of learning rates. Similarly, in the Bayesian framework, one
can sample from the posterior distribution p(df|y1.7) o p(8)pe(y1.7)df using the stochastic
gradient Langevin dynamics (SGLD) (Welling and Teh, 2011)

O, = Om—1 + %Em (V,g log p(0rm—1) + S(@m_l)) +ehn, m=1,2..., (5)
where (7,)%°_; is a sequence of independent standard Gaussian random vectors in R%.
The use of unbiased estimators of the score function within stochastic gradient methods is
particularly appealing. Under suitable assumptions and an appropriate choice of learning
rates (em,)o0_;, unbiased scores ensures convergence of the SGA iterates (4) to a local
maxima of the likelihood py(y1.7) (Kushner and Yin, 2003), and convergence of the SGLD
and its ergodic averages to the posterior distribution and posterior expectations, respectively
(Teh et al., 2016). In contrast, the use of biased gradient estimates leads to asymptotic biases
that have to be studied (Tadi¢ and Doucet, 2017).

1.3 Proposed Methodology

Our approach first relies on the idea of debiasing by randomizing over the level of the
time-discretization (Mcleish, 2011; Rhee and Glynn, 2015). Unbiased estimators based on
randomized MLMC can also attain better convergence rates than Monte Carlo approaches
based on the finest discretization level, and can be made the same as standard MLMC
under simple modifications (Vihola, 2018). When employing randomized MLMC schemes,
we shall assume access to unbiased estimates of differences between successive levels of
discretization, i.e. S; — S;_1 where

Si(0,60.) = Ep, |Go(Xor) | yrr (6)
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denotes an approximation of (3) at discretization level I € N. In (6), Gf9 is the finite-
dimensional approximation of Gy and X.7 is distributed according to TI'é*, the law of the
time-discretized process Xo.1 at level [ conditioned on 6, and y;.7. The specific definitions of
Gle and TI'é* will be given in Section 2.2. Unbiased estimators of each increment I; = S;—5;_1
are not easily obtained as exact sampling from the posterior distributions Wé:l and Wé* is not
straightforward. Although MCMC methods targeting these posteriors can be considered,
their routine application will lead to biased estimators of I; due to MCMC burn-in biases.
By employing recent advances in Jacob et al. (2020a,b) that builds on earlier work by Glynn
and Rhee (2014), one can remove the MCMC burn-in bias and estimate S; unbiasedly by
simulating a pair of MCMC chains targeting Wé* that are coupled in such a way that they
meet exactly after some random number of iterations, and remain faithful after meeting. For
the randomized MLMC schemes to return estimators of S with finite variance, the variance
of estimated increments has to decrease sufficiently fast to zero with the discretization
level I. Hence simply applying unbiased MCMC to estimate S;_; and S; independently is
inadequate, as this would lead to estimators of S with infinite variance. This motivated us
to propose an extension the unbiased MCMC framework to allow the terms S;_; and S
in I; to be estimated in a dependent manner, and employ the estimated increments within
randomized MLMC. This requires simulating a quadruple of MCMC chains, with a pair
targeting ﬂé:l and another pair targeting 7ré*, which are appropriately coupled so that the
pair of chains for each discretization level can meet and remain faithful, and the pairs of
chains between successive discretization levels are close for large levels [ (see Figure 1 for a
schematic illustration). After meeting has occurred for both pairs of chains on discretization
levels [ — 1 and [, our framework reduces to having a single pair of coupled chains targeting
Wé:l and 7r19*, as one would have in a MLMC approach (Jasra et al., 2017). Therefore
we believe our work provides a natural combination of the randomized MLMC and the
unbiased MCMC frameworks. It extends the application of randomized MLMC (Mcleish,
2011; Rhee and Glynn, 2015) to compute expectations with respect to infinite-dimensional
laws that are conditioned on data, and unbiased MCMC (Jacob et al., 2020a,b) to handle
infinite-dimensional models that require discretization. Combining these two computational
paradigms has also been recently explored by Wang and Wang (2023) for other statistical

problems.

While the focus of this article is partially observed diffusions, our computational frame-
work is more generally applicable to other settings where it is necessary to discretize a
model during implementation; see Heng et al. (2023) for an application to Bayesian inverse
problems. After selecting an appropriate MCMC method for the problem of interest, the
main challenges are to then design a suitable coupling of a quadruple of MCMC chains and
prove that it has the above-mentioned properties. We will focus on the conditional particle
filter (CPF) of Andrieu et al. (2010), which is a MCMC algorithm targeting 7rl9* with good
ergodicity properties (Lindsten et al., 2015; Andrieu et al., 2018). Each iteration of CPF
involves simulating a particle filter conditioned such that the current trajectory survives all
resampling steps; we refer readers who are unfamiliar with particle filtering to the recent
textbook by Chopin and Papaspiliopoulos (2020) on the subject. In addition to our pro-
posed estimation framework, the construction of an appropriate coupling for CPF chains is
another key methodological contribution. This involves couplings of time-discretizations of
the diffusion process and couplings of resampling steps that are necessary to prevent weight
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Figure 1: Schematic illustration of the proposed 4-CCPF algorithm. In the displayed equa-
tion, L is an independent random variable with probability mass function (F});°,

supported on Ny, P; = Y72, P, denotes the cumulative tail probability, and Sj is
an unbiased estimator of Sj.

degeneracy within the CPFs. While the former can be achieved using common Brownian
increments which is standard in MLMC (Giles, 2008), the latter requires novel schemes
to induce adequate dependencies between a quadruple of CPF chains as simple strategies
based on common random variables will be inadequate. We provide a thorough analysis to
establish, under assumptions, that our proposed methodology provides unbiased estimators
of S with finite variance. This analysis involves a detailed study of the dependencies be-
tween the CPF chains induced by our proposed couplings and constitutes one of our main
theoretical contributions.

This article is structured as follows. In Section 2.1, we begin by relating the expectation
step of an EM algorithm and the score function needed in gradient-based algorithms to
the problem of computing conditional expectations of the form (3). We then introduce
discrete-time approximations (6) in Section 2.2. Our proposed methodology to unbiasedly
estimate (3) is presented in Section 3; Section 3.1 outlines our overall framework, and the
rest of Section 3 contains specific details of our coupling construction for CPF. We establish
various properties of our unbiased estimators under assumptions in Section 4 and illustrate
multiple aspects of our methodology on three applications in Section 5. The proof of our
results are detailed in the supplementary material. An R package to reproduce all numerical
results can be found at https://github.com/jeremyhengjm/UnbiasedScore.

2. Parameter Inference and Conditional Expectations

2.1 Continuous-Time Representation

We first relate the expectation step of an EM algorithm and the score function required in
gradient-based algorithms with the task of computing conditional expectations (3) for an
appropriate choice of functional Gy. In the following, we write A* to denote the transpose
of A and ||z, to denote the L,-norm of a vector + € R% As the law Py depends on the
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parameter 6, we consider a change of measure to the law Q induced by dX; = o(X;)dW;
with X¢ = x, on the space C4([0,T7]). Since Py and Q are equivalent, by Girsanov theorem
(Rogers and Williams, 2000, p. 79) the corresponding Radon—Nikodym derivative is

dPy

1 (T T
e e {5 [ ol [ woxoseoeirax . 0
dQ 2 Jo 0
where ¥(z) = o(x)o(z)* and bg(x) = X(z) " to(x)*as(x) for € RL. Therefore we can write
the complete-data likelihood under Q as

T
d]P
9 H (el X0)- ®)

The purpose of Q is to act as a reference measure to allow us to define densities; it will not
play a role in the simulation algorithms that we will later introduce.

EM algorithm. At each iteration of an EM algorithm with current parameters 6, one
determines the parameters in the next iteration by computing arg maxgpee Q(0,6,), where
Q(0,0,) denotes the expectation of the complete-data log-likelihood w.r.t. the law of X
conditioned on 6, and y;.7. By defining S(6,6,) in (3) with the functional

T
Go(X) = log S (X) + 3 log gl X0 (9)
t=1

the EM algorithm is equivalent to computing arg maxgecg S(0, 0,) as it follows from (8) that
S(60,0,) and Q(0, 6,) differ by a term that does not depend on 6.

Gradient-based methods. Next we consider the score function Vglog pg(y1.7). Under the
above change of measure, the marginal likelihood in (2) can be written as

T

po(y1.T) = d]P)e H (yt| Xt) ] . (10)

We will assume throughout the article that 6 — ag(z) and 6 — gp(y|z) are differentiable
for each (z,y) € R? x R%. Under mild regularity conditions and thanks to the fact that Q
does not depend on 6, we may differentiate (10) and, using Fisher’s identity (Cappé et al.,
2006, p. 353), we obtain

T
d[P’
Vo logpe(y1:7) = VeEqg 6 H (ye| Xt) ] /pe Y1.T)
IP) - T
=Eq [{Ve log —— d@ Zvelogge(yt|Xt } H (el Xt) ] /pe Y1.T)
dIF’
=y {Velog a0 )+Zv910g99(yt|Xt)} |3/1:T] : (11)
t=1
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Figure 2: State space model with time-discretization step-size A; = 271

Hence we can represent the score function as S(0) = S(60,0) in (3) with the functional

T
dP
Go(X) = Volog 5o (X) + 3 Vo log galuel Xo). (12)
t=1
By differentiating (7), the first gradient term can be written as

T T
Vilog G2 () = = [ {Toao(X0)} S0 ao(Xpde+ [ (Voa(X)} (X)X

where Vgag(z) € R¥9 denotes the Jacobian matrix w.r.t. 6.

The above relations also hold in more general settings under small modifications to the
functionals (9) and (12). Firstly, although we have assumed a deterministic initial condition
of Xo = x, to simplify our presentation, random initializations can also be accommodated.
Assuming that X ~ pg is initialized from a distribution pug on R? that admits a differ-
entiable density (w.r.t. the d-dimensional Lebesgue measure), the terms log ug(Xo) and
Vo log ug(Xo) should be added to the expressions in (9) and (12) respectively. This fol-
lows by conditioning on the value of Xy and applying the above arguments. Secondly, our
methodology can also handle continuous-time observation models. In this case, the sums
Zthl log go(y¢| X¢) in (9) and Zthl Vo log go(y¢|X:) in (12) would be replaced by the con-
ditional log-likelihood log py(y1.7|X) and its gradient Vylog pg(y1.7|X); see Section 5.3 for
an application where the observational model is given by an inhomogenous Poisson point
process.

When the diffusion coefficient also depends on unknown parameters, it may be possible
to find an invertible transformation ¥ : R — R? such that the transformed process X; =
U(Z;) satisfies an SDE with a diffusion coefficient that is not parameter-dependent. We
will illustrate two examples of this principle in Section 5 using the Lamperti transformation
and a simple rescaling of each component of the diffusion process. In more general cases
where such transformations are not available, one has to seek a different representation of
the expectation step of EM and the score function as the above change of measure is no
longer applicable; see Section A of the supplementary material.

2.2 Discrete-Time Approximation

As alluded to in the introduction, we will rely on time-discretizations of the diffusion process
(1). We will employ a hierarchy of discretizations of the time interval [0, 7], indexed by a
level parameter [ € Ny that determines the temporal resolution. Higher levels with finer
time resolutions will require increased algorithmic cost. For each level [, let 0 = s¢ <
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- < sk, = T denote a dyadic uniform discretization of [0,7], defined as s = kA; for
k€ {0,1,...,K;}, where A; = 27! is the step-size and K; = 2!T is the number of time
steps. Note that, by construction, (sk)ﬁz o contains the unit observation times (tp);::l. We
consider the Euler-Maruyama scheme (Kloeden and Platen, 2013) which defines a time-

discretized process Xo.r = (X sk)kK; o on the path space X' = (RY)XT1 according to the
following recursion for k € {1,..., K;}:
X =X, + a9(XSk_1)Al + U<X5k—1>(W5k - WSk—l)’ Xo = @y (13)

In the following, we write Ng(u,X) to denote a d-dimensional Gaussian distribution with
mean pu € R? and covariance ¥ € R%? and its density as = — Ny(z; 1, ¥). The nota-
tion Ny(0g4, 1) refers to the standard Gaussian distribution, i.e. with zero mean vector
04 € R? and identity covariance matrix I; € R¥4. Let fé(d:cskkcsk_l) = Ny(xs,;xs,_, +
ag(xs, ,)A1, A X(xs, ,))dxs, denotes the Gaussian transition kernel corresponding to (13).
To simplify our notation, we omit the dependence of the time grid and time-discretized pro-
cess on the level parameter (until this distinction is necessary in Section 3.3), and write the
transition in (13) as X, = Fel(Xsk_l, Vs, ), where Vs, = W, — W, _, denotes the Brownian
increment. Higher-order schemes such as the Milstein method could be employed but would
be difficult to implement for problems with dimension d > 2. Future work could consider
the antithetic truncated Milstein method of Giles and Szpruch (2014) for such settings.

Under time-discretization, the joint distribution of the latent process and observations
is given by a state space model (see Figure 2)

T K;
ple(dmO:Ta yl:T) = Hgﬂ(yt’l't)éx* (d$0) H fé(dxsk ’xsk,1),
t=1 k=1

where 6, (dz) refers to the Dirac measure at the deterministic initial condition z, and the
marginal likelihood is ple(yLT) = fxl pé (dzo.1,y1.7). Hence the resulting finite-dimensional
approximation of the law of X conditioned on 6 and y;.7 is

plg (de:Tv yl:T)

Ph(yr7) 14

Wé(d.%’(];’f) = ple(de:T|y1:T) —

Following the literature on state space modelling, we will refer to (14) as a smoothing
distribution (Chopin and Papaspiliopoulos, 2020, ch. 12). Particle smoothing algorithms
(Briers et al., 2010; Fearnhead et al., 2010; Douc et al., 2011) can be used to approximate
(14), but are not suited to our framework which is based on MCMC.

Next we define time-discretized approximations of the functional Gy. For (9), we have

K K
1 1 N _ X
Gé(XOZT) = 5 Z Hbe(XSk71)”gAl + 5 Zbe(XSkfl) Z(X8k71> 1U(X8k71) (XSk - Xskfl)
k=1 k=1

T

+ Zloggg(yt|Xt),
t=1
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and for (12), we have
Gl XOT Z{an@ Sk—1 } E Sk— 1 (Xsk—1)Al

T
+ Z {Voao(Xe )} B(Xe, )7 (Xoy = X))+ > Volog ga(uel Xe). (15)
_ t=1

With Glg and 7ré in place, we then define S; using (6), which forms our approximation of S
n (12) at discretization level [. In Section 4, under appropriate regularity conditions, we
will study the rate at which the discrete-time approximation S; converges to the desired S
as the level [ tends to infinity. The following section concerns numerical approximations of
these conditional expectations.

3. Unbiased Estimation
3.1 Unbiased Estimation Framework

We begin this section by outlining our novel framework to construct unbiased estimators of
the conditional expectation in (3) with a given functional Gy : C4([0,T]) — R%. To simplify
our exposition, we will henceforth consider S(0) = S(0,0) as extension to the case 6 # 0,
follows straightforwardly. For each 6 € O, convergence of time-discretized approximation
S;(0) in (6) as | — oo allows us to write

= lim ZIZ (16)

L—)oo

where I;(0) = 5;(0) — S;—1(0) denotes the increment at level [ € No (with S_1 = 0). We will
design algorithms that allow us to construct unbiased estimators I;(6) of I;(f) independently
for any [ € Ny, i.e.

E[7(0)] = 1(6), 1Mo, (17)

where E denotes expectation w.r.t. all random variables generated in our algorithm. The
key insight of the randomized MLMC schemes proposed by Mcleish (2011); Rhee and Glynn
(2015) is to perform a random truncation of the sum in (16) at level L, so that unbiasedness
is retained when unbiased estimators of the increments are employed. The relationships be-
tween the six different algorithms that will be used to compute I;(6) for [ € Ny is illustrated
in Figure 3.

Let (P);2, be a given probability mass function (PMF) with support on Ny and define
its cumulative tail probabilities as P; = ZZ’;Z P for [ € Ny. Suppose that

S Pt {var [f0)] + (5167 - 5(0))°} < o (18)
=0
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Initialization Recursion

=0 Alg. 1: CPF ——  Alg. 2 2CCPF 2% 79
l—) Alg. 3: 2-Maximal

[>1: Alg. 6: ML-CCPF ——  Alg. 4: 4CCPF 25 7(¢)
l—) Alg. 3: 2-Maximal |—) Alg. 5: 4-Maximal

Figure 3: Relationships between Algorithms 1 to 6.

for all j € {1,...,d,}, where Var denotes variance under E and 27 refers to the gth-
component of the vector x. If we sample L from (P);°, independently of (I;(6))i2,, it
follows from Rhee and Glynn (2015) that the independent sum estimator

L ~
5 1i(6)
S0 =D (19)
l
=0
is an unbiased estimator of S with finite variance, i.e. E[S(A)] = S(6) and the entries of

~

the covariance matrix Var[S(#)] are finite. Alternatives to the estimator in (19) such as the
single term estimator of Rhee and Glynn (2015) could also be considered here. Inspection
of (18) reveals that we have to understand how fast S; converges to S as | — oo, which
will be established in Theorem 1. Moreover, for (17) and (18) to hold, we have to compute
an unbiased estimator of Ip(8) = Sy(f) at level [ = 0 with finite variance, and construct
unbiased estimators of the increments I;(#), whose variance vanishes sufficiently fast as
I — oo relative to the tails of (F)7°,. Developing a methodology that meets these two
requirements will be the focus of Sections 3.2 and 3.3 respectively. To establish that these
requirements are satisfied, we provide a detailed analysis of our proposed methodology (in
supplementary material) and summarize the key results in Theorem 2.

3.2 Unbiased Estimation under Time-Discretization

This section considers unbiased estimation of Sj(0) at discretization level [ € No; the case
[ = 0 will be employed to construct the first summand Iy(6) in (19). Our basic algorithmic
building block is the CPF of Andrieu et al. (2010), which defines a Markov kernel on the
space of trajectories Xg.r € X! that admits the smoothing distribution ﬂé as its invariant
distribution. A detailed description for our application is given in Algorithm 1, which has
a complexity of O(NKj). The CPF involves simulating N > 2 trajectories under the time-
discretized model dynamics (Steps 2a & 2b), weighting samples according to the conditional
density gy (Step 2c), and resampling from the weighted particle approximation (Step 2d).
We will consider multinomial resampling, in which case, R(w;V) refers to the categorical
distribution on {1,..., N} with probabilities w}"¥ = (w?)N_,;. The main difference to a

n=1*

standard bootstrap particle filter (BPF) (Gordon et al., 1993) is that the input trajectory

10
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Algorithm 1 Conditional particle filter (CPF) at parameter § € © and discretization level
[ €Ny
K

Input: a trajectory Xg., = (X7, )L € X!, For time step k =0
(la) Set X' =z, forn e {1,...,N}.
(1b) Set wf = N~' and Ay =n forn € {1,...,N}.
For time step k € {1,...,K;}
(2a) Sample Brownian increment V! ~ Ny(0q, Al4) independently for n € {1,..., N —1}.

(2b) Set X7 = Fé(Xisffl,V;;) forne{l,...,N—1}, and X = X7 .
If there is an observation at time t = s, € {1,...,T}

(2¢) Compute normalized weight wj® «x gg(y:|X7') forn € {1,...,N}.

(2d) If t < T, sample ancestor A% ~ R(w;Y) independently for n € {1,..., N — 1} and

set AN = N.

Else
(2e) Set A7 =nforne{l,...,N}.
After the terminal step
(3a) Sample particle index B ~ R(wk).
(3b) Set particle index Bs, = Ay, *™" for k € {0,1,...,K; — 1}.
Output: a trajectory X5, = (XSB,;S"),CK;O e Xt

X is conditioned to survive all resampling steps. The algorithm outputs a trajectory
XS by sampling the particle indexes (Bsk)f:l o after the terminal step (Steps 3a & 3b).
We will write Xg.p ~ Mé(-\ngT) to denote a trajectory generated by the CPF kernel at
parameter 6 € © and discretization level [ € Ny.

We will initialize the CPF Markov chain using the law of the time-discretized dynamics
Vé(dxng) = 0y, (dxg) HkKél fé(dwsk|xsk71). One could also consider the law of a trajectory
sampled from a BPF, which provides a good approximation of 7Tl9 for sufficiently large N
(Andrieu et al., 2010, Theorem 1). Under mild assumptions, the Markov chain (Xo.7(7))52,
generated by

Xo:r(0) ~ vy, Xor(i) ~ My(-| Xor(i — 1)), (20)

for ¢ > 1, is uniformly ergodic (Chopin and Singh, 2015; Lindsten et al., 2015; Andrieu
et al., 2018). Hence one can adopt a standard MCMC approach to approximate S;(6) by
the average A/ () = (I — b+ 1)~! Zf:b GL(Xo:7(i)), for some fixed burn-in 0 < b < I,
which is consistent as the number of iterations I — oo. However, as the Markov chain is
not started at stationarity, the MCMC average Afﬂ (0) is a biased estimator for any finite
I € N. Although this burn-in bias can be reduced by increasing b, tuning it to control the
bias is a difficult task in practice.

By building on the work of Glynn and Rhee (2014), Jacob et al. (2020a) showed how
to obtain unbiased estimators of smoothing expectations by simulating a pair of coupled
CPF chains (Xo.7(i), Xo.7(7))2, on the product space Z! = X! x X! with the same marginal
law. This is achieved using a coupling of two CPFs as described in Algorithm 2, which we
will refer to as the 2-CCPF. Writing (X§.7, X5.7) ~ M(-| X8y, X&) to denote a pair of
trajectories generated by the 2-CCPF kernel given (X3 ,, Xg7) € Z! as input, marginally
we have X5, ~ Mi(-|Xgr) and Xop ~ M)(1|X5r). The two main ingredients of this
coupling are the use of common Brownian increments (Steps 2a & 2b), and a coupling
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of the resampling distributions R(w}") and R(w}*") denoted as R(w} N, w}N) (Steps
2e & 3a). We refer readers to the references in Jacob et al. (2020a) for various coupled
resampling schemes. Our focus is the maximal coupling (Chopin and Singh, 2015; Jasra
et al., 2017) that maximizes the probability of having identical ancestors at each step of the
CPFs. Sampling from the maximal coupling can be done with the inverse transformation
method; this is detailed in Algorithm 3, where we have suppressed the time dependence
for notational simplicity. We could also consider an improvement of Step 5 that samples
from the residual distributions with common uniform random variables. As the cost of
implementing Algorithm 3 is O(N), the overall cost of Algorithm 2 is still O(NK;).

We initialize by sampling (Xo.7(0), Xo.7(0)) from a coupling 7}, with 1/} as its marginals.
The choice of Dé could be explored but we will consider the independent coupling for sim-
plicity. The pair of CPF chains is then generated as

Xor(1) ~ Mj(-|Xo:r(0)),  (Xor(i + 1), Xo.r(i)) ~ My (| Xo.r (i), Xor(i — 1)), (21)

for i > 1. Marginally, (Xo.7(7))3°, and (Xo.7())$2, have the same law as the Markov chain
generated by (20). It can be shown that each application of 2-CCPF allows the chains to
meet with some positive probability (Jacob et al., 2020a, Theorem 3.1), that depends on the
number of trajectories N and observations T' (Lee et al., 2020, Theorems 8 & 9). Moreover,
the construction of 2-CCPF ensures that the chains are faithful, i.e. Xo.7(i) = Xo.7(i — 1)
for all ¢ > Té, where Té = inf{i > 1 : Xo.1(i) = Xo7(i — 1)} denotes the meeting time.
Using the time-averaged estimator of Jacob et al. (2020a), an unbiased estimator of S;(0)
is given by

l
Te—1

5i(6) = AP (0)+ Y- min (1,751 ) (GhXo(i) - Gh(Kor(i-1)) . (@2
i=b+1

The second term corrects for the bias of the MCMC average AY¥!(6) and is equal to zero
if b+ 1 > 7} — 1. Under assumptions that will be stated in Section 4, §l(9) has finite
variance and finite expected cost, for any choice of N > 2 and 0 < b < I. Assuming that
2-CCPF costs twice as much as CPF, the cost of computing §l(9) is Inax{QTé -1, I—I—Té -1}
applications of the CPF kernel Mé.

3.3 Unbiased Estimation of Increments

We now consider unbiased estimation of the increment I;(0) = S;(0) — S;—1(0) at level I € N
to construct the term I;(6) in the independent sum estimator S(6) in (19). A naive approach
that employs the unbiased estimation framework in Section 3.2 to estimate the terms S;_1(0)
and S;(0) independently, and take the difference to estimate the increment [;(0), will satisfy
the unbiasedness requirement in (17). However, as the variance of the estimated increment
will not decrease with the discretization level [ under independent estimation of S;_;(0)
and Sj(#), one cannot choose a PMF (F)7°, such that the condition in (18) holds. This
prompts an extension of the preceding framework that allows the terms in each increment
to be estimated in a dependent manner, as illustrated in Figure 1. Our proposed method-

ology involves simulating a quadruple of coupled CPF chains, a pair (X(l]_T1 (1), Xé}l (1))

12
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Algorithm 2 Two coupled CPF (2-CCPF) at parameter § € © and discretization level
[ €Ny

Input: a pair of trajectories (Xg.p, X3.p) = (X3, X7, ) ', € Z!. For time step k = 0
(la) Set X' =z, and X =z, forn e {1,...,N}.
(1b) Set wj = N1, wy = N~ and A} = n,flg =nforne{l,...,N}.
For time step k € {1,...,K;}
(2a) Sample Brownian increment V;? ~ Ny(0q, A14) independently for n € {1,..., N —1}.

AT _ A"
(2b) Set X7 = Fy(Xo, ', V) and X2 = Fy(Xo, ', Vi) forne {1,...,N —1}.
(2¢) Set X, = X} and X‘N X;.

If there is an observation at time t = s € {1,...,T} B
(2d) Compute normalized weights wj® o« gg(y:|X[*) and @} x go(y|X}*) for
ne{l,...,N}

(2e) If t < T, sample ancestors (A}, A}) ~ ’R(wt1 N w} V) independently for
ne{l,...,N -1} and set AN = N, AN =
Else
(2f) Set A7 =nand A7 =nforne{l,...,N}
After the terminal step
(3a) Sample particle indexes (Br, Br) ~ R(w&", w%N)

B, B,
(3b) Set particle indexes B, = Ag, """ and By, = A" for k € {0,1,..., K; — 1}.

Output: a pair of trajectories (X, X5.7) = (Xisk7Xﬁsk)kK:’O ez

Algorithm 3 Maximal coupling of two resampling distributions R(w'") and R(w)

(2-Maximal)
Input: normalized weights w!'N = (w™))_, and @™V = (w™)N_,.
(1) Compute the overlap o™ = min{w", @™} for n € {1,...,N}.
(2) Compute the mass of the overlap p = 25:1 0" and normalize O™ = 0" /u for n € {1,...,N}.
(3) Compute the residuals r* = (w™ — 0™)/(1 — ) and 7 = (@™ — o™)/(1 — p) for n € {1,...,N}.
With probability p
(4) Sample A ~ R(O¥V) and set A = A.
Otherwise -
(5) Sample A ~ R(r'"N) and A ~ R(7**") independently.
Output: indexes (4, A).

on Z!~! for discretization level I — 1, and another pair (X} (i), X} 1(i))22, on Z' for dis-
cretization level [. This relies on the coupling of four CPFs detailed in Algorithm 4, which
will be referred to as the 4-CCPF. In the algorithmic description, (sk)f:l o denotes a time
discretization of [0,7] at level [, and a trajectory at the coarser level [ — 1 is written as
X(l)le = (Xé%l)Ki . Given trajectories (Xézpl’*,Xl 1x Xé},Xl*) e Z-1 x 7! as input, we
will write

(Xé:—T:‘[,O7Xl 1,0 Xé%—\,X ) Ml 1l(|Xl 1*,Xl 1,% X(l];-v,X ) (23)

to denote the trajectories generated by 4-CCPF. The 4-CCPF kernel Mé_l’l is a four-
marginal coupling of the CPF kernels Mé_l and Mé, in the sense that marginally, we have
X0~ M| X ) and XU ~ METL|XL) at level 1 -1, and X5, ~ M(-| X5

13
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Algorithm 4 Four coupled CPF (4-CCPF) at parameter § € © and discretization levels
I[—1landleN
Input: a pair of trajectories (Xg+*, Xo+ %) = (X171, X1 )Rt e 771 and a pair of
trajectories (Xg%, Xoir) = (XL*, X0 e ZL.
For time step £ =0
(1a) Set Xl Ln xﬂXéfl’” =z, and Xé’” = m*,XO =z, forn € {1,. N}.
(1b) Set wé b= N b b = N and wi™ = N~Lawg™ = N~ forn e {1,...,N}.
(1c) Set Af)_l’" = n,f_lf)_l’" =n and Af)’" = n,[lé’" =n for ne{l,...,N}
For time step k € {1,...,K;}
(2a) Sample Brownian increment Vsl];” ~ Ng(0g, A1) at level | independently for
ne{l,...,N—1}.

I,n Al,n
(2b) Set XL = F;(Xi; Vi) and Xbr = F;(Xi;,i“ , VIm) at level [ for
ne{l,...,N—1}.
(2c) Set XLN = XL* and XN = XLx,
Ifke{24,... K
(2d) Set Brownian increment V-t = VEr 4+ VEm atlevel | =1 forn € {1,...,N —1}.

Sk—1

1,Alg Ln 1,Al-1n
(26) Set Xék—lﬂb Fl I(Xsk ) k—1 Vl 1n) and Xl 1n _ Fl I(Xsk ) k—1 Vl 1n) at
level [ — 1 for n € {1 -1
(2f) Set XL 1N = ){(ékl’* and Xslil’N = Xi-1x
If there is an observation at time t = s, € {1,...,T'}

(2%) Compute normal;zed weights wl 5" oc go (ye | XTH), @l o go (| X1TH™) and
Wy X QO(yt‘Xt "), W o ge(yt|Xt ") forne{l,...,N}.
(2h) If t < T, sample ancestors
(Aifl’", Altn gl fli”) ~ ﬁ(wifl’lzN,z_Difl’lzN wi LN ﬁ),lf L: N) independently for
ne{l,...,N—1} and set ALY = N A7 = N AiN = N, AN = N.
Else
: I—-1n _ Al—1n
(20) f ke {2,4,... K}, set Ag """ =nand Ag " =natlevel [ —1forne{l,..., N}
(2j) Set AL =n and AL™ =n at level [ for n € {1,...,N}.
After the terminal step B B
(3a) Sample particle indexes (B4 !, Blfl1 BL., BL) ~ X
1-1,B.-} 1-1,B-}
(3b) Set particle indexes BL-! = A, ***" and Bt = A,,, " at level [ — 1 for
ke{01,...,K_1—1).

1,B! _ _1,B!
(3c) Set particle indexes B!, = A, """ and Bl = A, "' at level | for k € {0,1,..., K —1}.
o ° i-1,B.-1 _1-1,B"! .
Output: a pair of trajectories (Xé Tl Xé Tl )= Xy 2, Xy 2 )2161 € Z!=1 and a pair of

lo 1,B! 1,B! .
trajectories (XO:T’X():T) (Xsw ™ X ™) ; SA

= _11:N _1-1,I:N _L,I:N _I1:N
R(wr » W swp W ).

and X’é’fr_’p ~ Mé(-\f(é’}) at level {. The two main ingredients of 4-CCPF are the use of
common Brownian increments within each level (Steps 2b & 2e) and across levels (Steps 2a &
2d), and an appropriate four-marginal coupling of the resampling distributions R(w l_l’LN),
R(w. Y, R(wh ), R(wi YY) denoted by R(w! MY @l MY Y gty (Steps 2h
& 3a). While the use of common Brownian increments is a standard choice in MLMC
(Giles, 2008), constructing coupled resampling schemes that induce sufficient dependencies
between the four CPF chains, for the variance of the estimated increment to decrease with

the discretization level, requires new algorithmic design.
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Algorithm 5 presents a coupled resampling scheme that will be the focus of our analysis
in Section 4. Here we suppress the time dependence for notational simplicity. Given nor-
malized weights w!= 11N = (w!=bm)N_ | pl=LEN = (gl=1m)V_ at discretization level | — 1
and whtN = (whbM)N_ S bt N = (@b™)N_ at discretization level [, the algorithm samples
ancestor indexes (A""1, A"=1 Al AY) from the maximal coupling of the maximal couplings
R(w!=LEN bV and R(w! =YY @b, That is, amongst all possible four-marginal
couplings, this scheme maximizes the probabilities of having identical ancestors across lev-
els, ie. A1 = Al and A"! = A!, and identical pair of ancestors within the levels, i.e.
(Al 1 Al = (A1, AY). The cost of Algorithm 5 is random as it employs rejection samplers
(Thorisson, 2000) in Steps 2b, 3b and 4, wherein Ujp,1) denotes the uniform distribution on
[0,1]. As the expected cost is O(N), the overall cost of Algorithm 4 is O(NK;) on average.
Note that a naive approach to sample from the desired coupled resampling scheme based on
the inverse transformation method in place of Algorithm 5 would involve a deterministic but
prohibitive cost of O(N?). In Step 4, we denote the respective PMF of R (w!=L1N b1V
and R( —l—1,1: N l,l:N) as

I-1,A _ ,A\(,,l,B _ B
RIV(A, B) = Tp(A, By + — )(:’ ~ o), (24)
(wl—LA _ 5A)(1Dl,B _ 5B)

Rl_l’l(Av B) = HD(Av B)aA + 1 — )
— i

for (A,B) € {1,...,N}?, where Ip(A, B) is the indicator function on the diagonal set
D ={(A,B)€{l,...,N}?: A= B}, 0" = min{w" 5" w""} and 6" = min{w' 1", w""}
for n € {1,..., N} are the overlapping measures, and u = Zivzl o" and i = Zﬁle o" are
their corresponding mass. From the expressions in (24), one can check that the three cases
considered in Algorithm 5 are necessary to ensure faithfulness of the pair of chains on each
discretization level. More precisely, if the input trajectories satisfy Xé_Tl * Xé_Tl * and /or
XO T = Xé}, then under the 4-CCPF (23), the output trajectories satisfy XéTl ° = Xl 1o
and /or X(l):OT = XO:T almost surely.

We note that the two-marginal couplings induced by the 4-CCPF kernel Mé_l’l on each
discretization level are not the same as the 2-CCPF kernels Mé‘l and Mé. Although it is
not a requirement of our methodology, this property would hold if we consider a modifi-
cation of Algorithm 5 that samples from the maximal coupling of the maximal couplings
R(w!=LEN ! =LENY and R(whV wh1NV). However, as with simple coupling strategies
based on common random variables, such a coupled resampling scheme does not induce
adequate dependencies between the CPF chains across discretization levels. This will be
illustrated experimentally in Section 5.1. To understand the rationale behind Algorithm 5,
we observe that the two-marginal couplings induced by the 4-CCPF kernel across discretiza-
tion levels are given by the multilevel CPF (ML-CPF) described in Algorithm 6. That is,
writing M, éil’l as the ML-CPF kernel, which is a coupling of the CPF kernels M, =1 and Mé,
we have (X(l):—Tl,o’X(l),:c%) ~ Ml 11( ’Xl 1*,X(l)’:}) and ( éTlov)—(é,:c%) -~ Ml ll( ‘Xl 1*’X(l),:})
under the 4-CCPF kernel in (23). The ML-CPF is similar to the multllevel particle filter
of Jasra et al. (2017), who proposed multilevel estimators of filtering expectations that are
non-asymptotically biased but consistent in the limit of our computational budget. Even
though our objective is markedly different, as we seek non-asymptotically unbiased and
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[—1,1:N I,1:N
;wh )

Algorithm 5 Maximal coupling of the maximal couplings R(w and

R(w' =N @b lV) (4-Maximal)

I-1,1:N _ (wl—l,n)ﬁf:17 wl—l,l:N — (wl—l,'rz)g:l at level I — 1 and

Input: normalized weights w
wh N = (b)) @bt = (@b at level .
(1) Sample (A=, Al ~ R(w!= 11N b1V) using Algorithm 3.
If normalized weights at level [ — 1 are identical and normalized weights at level [ are non-identical
(2a) Set Al=1 = Al-1, . i
(2b) With probability @"4" " /w!=14""" | set Al = A= otherwise sample A ~ R(w"*V) and
U ~Up until U > w14 /wh4, and set A = A.
If normalized weights at level [ — 1 are non-identical and normalized weights at level [ are identical
(3a) Set Al = AL . .
(3b) With probability wl_l’Al/wl’Al, set A'=1 = Al; otherwise sample A ~ R(w!~1 V) and
U ~ Uy until U > wh4/w' =14, and set A'~! = A.
Otherwise B B B
(4) With probability RIZLHAL AL JRIZVH AL AL get (A1) Al = (Al_l,_Al); otherwise
sample (4, B) ~ R(w' 11N @wh1N) and U ~ Uy 1) until U > R'=1(A, B)/R\=H(A, B), and
set (AlI=1, Al = (A B) B
Output: indexes (A=, A=1 Al AY).

(almost surely) finite cost estimators of S(#) which is a smoothing expectation, the connec-
tion to MLMC estimation alludes to better convergence rates than Monte Carlo approaches
based on the finest discretization level.

We now describe simulation of the quadruple of CPF chains (Xé_Tl( )s (l) (i), X} (1),
Xbr(i))22, using ML-CPF and 4-CCPF. We initialize the four chains (Xé:Tl(O),Xé,TI(O)
X}.7(0), X} +(0)) from a four-marginal coupling Défl’l that satisfies Xéle(O), X[l)le (0) ~ l/é !
and X(l):T(O), Xé:T(O) ~ Vé. For simplicity, we assume Défl’l is such that each of the pairs
across levels (X(l)le(O),Xé:T(O)) and (Xéle(O),X(l):T(O)) independently follow a coupling of
Vé L and Vé, denoted as Vfg_l’l. The choice of l/é_l’l will be taken as the joint law of the
time-discretized dynamics under common Brownian increments in our analysis. We then
sample (X 21 (1), XL, (1)) ~ My (| X5140), X).(0)) with ML-CPF, and subsequently
for ¢ > 1, iteratively sample

(X0 G+ 1), X5 (@), X (i + 1), Xbp () ~
My Y CIXEF ), X6 — 1), Xbp (i), Xbp(i — 1)) (25)

from 4-CCPF. Marginally, the single CPF chains have the same law as a Markov chain
generated by (20) at discretization level [ —1 or [. Since each application of 4-CCPF allows
the pair of chains on each level to meet with some positive probability (see Lemma 29 in
the supplementary material), and by construction remain faithful thereafter, we define the
meeting time at level [ as 75 = inf{i > 1 : X} ;.(i) = X} (i — 1)} and the stopping time
at level [ as 7} = max{Té_l,Té}. Our construction has the desirable property that the 4-
CCPF collapses to the ML-CPF after the stopping time, i.e. for ¢ > %6[,, the transition in
(25) is equivalent to sampling (X'}(i + 1), X} (i + 1)) ~ My (X5 (4), X{.p(6)) and
setting X\ (i) = X, (i +1), X}, p(6) = X}p(i +1). For any choice of burn-in b € Ny
and number of iterations I > b, we can compute unbiased estimators §l_1(9) and §l(9)
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Algorithm 6 Multilevel CPF (ML-CPF) at parameter § € © and discretization levels [ — 1
and [ € N
Input: a trajectory X\ 7" = (Xﬁ;klv*)kK:’{)l € X'=1 and a trajectory Xgh = (XLt e XL
For time step £ =0
(1a) Set X\ ™' = 2, and X" =z, forn e {1,...,N}.
(1b) Set wy " = N=1 wh™ = N='and Ay " =n, AL" =n forn e {1,...,N}.
For time step k € {1,..., K;}
(2a) Sample Brownian increment Vsl};” ~ Ng(0g, A1) at level | independently for
ne{l,...,N -1}

1AL
(2b) Set XL = Fi(Xs, )", VEm) at level  for n € {1,...,N — 1}, and X,V = X.*.
Ithe{24,... K}
(2¢) Set Brownian increment V.-t = VEm VI atlevel I — 1 forne{1,...,N —1}.

Sk—1
1-1,n
)

1—1,A,
(2dl) ?ej\t[ Xikfll’”lz Fy Y (Xe,_, 70, VI=tmyatlevel I — 1 for ne {1,...,N — 1}, and
XUN = Xl
Sk Sk

If there is an observation at time t = s; € {1,...,T}
(2¢) Compute normalized weights w! ™™ oc g (3| X} ™1™) and wh™ o gg (| X}™) for
ne{l,...,N}.

(2f) If t < T, sample ancestors (A5, AL™) ~ R(w! ™Y b YN) independently for
N.

ne{l,...,N —1} and set Ai_l’N = N,Ai’N =
Else
(20) If k€ {2,4,... K}, set AL 2" =n atlevel | —1forn e {1,...,N}.
(2j) Set AL™ =n at level | for n € {1,...,N}.
After the terminal step
(3a) Sample particle indexes (BL Y, BL) ~ R(wh VHN wht N,

-1

1-1,B!
(3b) Set particle indexes Bi_! = A, *** at level I — 1 for k € {0,1,...,K;_1 — 1}.

1,B!
(3c) Set particle indexes BL = A, ™' at level [ for k € {0,1,...,K; —1}.

_ lfllﬂ_l . LBZ
Output: a trajectory X\ ,° = (Xs,, 2 ),ﬁiﬁl € X1 and a trajectory X050 = (Xs, K, € XL

of S;_1(0) and S;(0) using the time-averaged estimator in (22) based on the pair of CPF
chains on level [ — 1 and I, respectively. We can then obtain an unbiased estimator of
the increment I;(6) using the difference I;(6) = S;(6) — S;_1(6), which has finite variance
and finite expected cost under the assumptions in Section 4. The cost of computing ./7\1(9)
is max{27, ' — 1,7 + 7)7" — 1}/2 + max{2r) — 1,1 + 7} — 1} applications of the CPF
kernel M} (this assumes that Cost(Mé_l’l) = Cost(M,™') + Cost(Mp), Cost(Mé_l’l) =
2Cost(M} 1) 4 2Cost(Mp) and Cost(M}) = 2Cost(Mi)).

3.4 Summary of Proposed Methodology and Choice of Tuning Parameters

We consolidate the algorithms presented in this section by summarizing our proposed
methodology to unbiasedly estimate S(6) below.

Input: PMF (P)7°,, number of particles N, burn-in b, and number of iterations I.

(1) Sample highest discretization level L from (F)i®,.
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(2) Simulate a pair of coupled CPF chains (Xo.7(), Xo.7(7)) using CPF (Algorithm 1)
and 2-CCPF (Algorithm 2) with N particles at discretization level 0 as described in
(21) for iteration ¢ = 0,1,...,max{l, 7§}, and compute unbiased estimator fg(@) of
Iy(0) using time-averaged estimator (22) with burn-in b and I iterations.

(3) Independently for [ = 1,..., L, simulate a quadruple of coupled CPF chains
(XA G), X ), X (i), X{.p(i)) using ML-CPF (Algorithm 6) and 4-CCPF
(Algorithm 4) with N particles at discretization levels [ — 1 and [ as described in
(25) for iteration ¢ = 0,1,. .., max{I, ?é}, and compute unbiased estimators §l,1(9)
and S;(0) of S;_1(8) and S;(0) using time-averaged estimator (22) with burn-in b
and I iterations. Compute unbiased estimator of the increment [;(#) with
1;(0) = 51(68) — Si—1(0).

(4) Compute unbiased estimator of S(#) using independent sum estimator
S(0) = Y1 1(6) /Py, where P; = 332, Py

Output: unbiased estimator S(6) of S(6).

We will establish unbiasedness and finite variance properties of S (0) in Section 4. The
cost of the above procedure is ¢(6) = ZZL:O ci(8), where ¢;(6) is the cost of computing 1;(6).
From Sections 3.2 and 3.3, we have ¢;(f) = al, x Cost(M}), with al, = max(27§ —1,I+7J—1)
for level [ = 0, and a)), = max(27'é_1 - 1,1+ Té_l —1)/2 + max(27) — 1,1 + 7} — 1) for
level I € N. We take the view here that the cost per application of the CPF kernel M(ﬁ
is Cost(M}) = NK; = N2'T. Hence the expected cost of computing 5(6) is E[c(d)] =
S0 E[a(0)] Py = NT Y2, E[a)]2'P,. We will see that one cannot find a PMF (P)°, so
that the variance and expected cost of §(9) are both finite. We defer further discussions
and the selection of the distribution of L to Section 4, and assume for now that we have a
given PMF (P));°, that ensures finite variance but infinite expected cost. In this regime,
we will refrain from discussions of asymptotic efficiency in the sense of Glynn and Whitt
(1992).

We now discuss the choice of tuning parameters and various algorithmic considerations.
In the above description, the choice of (N,b,I) could be level-dependent but optimizing
these tuning parameters is outside the scope of this work. Following the discussion in
Andrieu et al. (2010, Theorem 1) and the empirical findings in Jacob et al. (2020a), we
will scale the number of particles N linearly with the number of observations 7. Although
the variance of fl(ﬁ) decreases as we increase the burn-in parameter b € Ny, setting b too
large would be inefficient. Jacob et al. (2020a,b) proposed choosing b according to the
distribution of the meeting time. In our context, as the stopping time 7_'(5 typically decreases
as the level [ increases, a conservative strategy is to select b based on the stopping time of
a low discretization level, which can be simulated by running ML-CPF and 4-CCPF as in
Step 3. We will illustrate this numerically in Section 5 and experiment with various choices
of b. After selecting b, one can choose the number of iterations I > b to further reduce the
variance of I;(6), and hence that of S(6), at a cost E [c(0)] that grows linearly with I. On the
other hand, when employing unbiased estimators within an EM algorithm or a stochastic
gradient method, taking large values of I to obtain low variance gradient estimators would
be inefficient. Choosing the tuning parameters (N,b,I) to maximize the efficiency of the
resulting parameter inference algorithm is a highly non-trivial problem, and could be the
topic of future work.
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Given a choice of (N,b,I), one can produce R € N independent replicates S 0), =
ZZL:TO 1,(6),/Pi,r € {1,..., R}, of §(6) in parallel, and compute the average S(6) = R~ Sk 5(6),
to approximate S(#). To see the connection to MLMC, we follow Vihola (2018, Example
3) by noting that S(#) has the same distribution as the random variable

00 Ry
> 2l (26)
=0 ! r=1

where Ry = " 1(L, > 1) has expectation E[R;] = RP;. Vihola (2018) proposed new
unbiased estimators with lower variance than S(6) by sampling the random variables (L)%,
that define (R;);°, in (26) using stratification. As the number of replicates R — oo, these
improved estimators also attain the same limiting variance as the idealized MLMC estimator
5(0) = SR S 1,(6),, where R, = | RP;| is allocated using the PMF ()2, From
Vihola (2018, Thoerem 5), this asymptotic variance is given by limpg_c RVar[S(6)] =

~

S0 Var[L;(0)7] /P, < Var[S(0)7], for all j € {1,...,dg}.

4. Analysis

This section is concerned with the theoretical validity of our approach. We first introduce
some notation needed to state the assumptions which we will rely on. Let (E,&) be an
arbitrary measurable space. We write B,(E) as the collection of real-valued, bounded, and
measurable functions on E. For real-valued ¢ : E — R (and vector-valued ¢ : E — RY), let
CJ(E) (and C}(E)) denote the collection of j € N times continuously differentiable functions,
and C(E) (and C4(E)) for the collection of continuous functions. We write ¢ € LipH‘HQ(Rd)
if the real-valued function ¢ : R? — R is Lipschitz w.r.t. the Lo-norm || - |2, i.e. if there
exists a constant C' < oo such that |p(z) — ¢(y)| < Cllz — y||2 for all 2,y € R and
|l ellLip as the Lipschitz constant. We recall the definitions of 3¥(x) = o(x)o(x)* and bg(x) =
Y(z) o (x)*ag(x) for x € R? as they appear in the following.

Assumption 1 The drift function a : © xR* — R? and diffusion coefficient o : R — R¥*4
satisfy:

(i) (Smoothness) For any 0 € O, ag € C2(RY) for all j € {1,...,d} components of ag,
and o¥* € C2(R?) for all (j,k) € {1,...,d} components of . Also, for any z € R,
0 — ay(z) € C(O) forall j € {1,...,d}.
(i) (Uniform ellipticity) X(z) is uniformly positive definite for all x € R,
(iti) (Globally Lipschilz) For any 0 € ©, there exists a constant C' < 0o such that |aé(x) -
ﬁ(w') ;ii-}éaj’k(x) — R (2| < Cllx — 2|2 for all (z,2') € R x RY and (j, k) €

Assumption 2 The drift function a : © x R — RY, diffusion coefficient o : R¢ — Rx4
and conditional density g : © x R* x R% — RT satisfy:

(i) ihe in@egs; of x +— X(x) satisfies [S71F € By(RY) N Lip||“‘2(Rd) for all (5,k) €
1,....d2
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(ii) For any 026 o, ag € By(RY) for all j € {1,...,d}, and 0% € By(RY) for all (j,k) €
{1,...,d}*.

(iii) For any 6 € O, there exists 0 < C < C < oo such that C < gg(y|z) < C for all
(z,y) € REXRY. In addition, for any (8,7y) € © xR%, we have go(y|-) € LipH,HQ(Rd).

(iv) For any (0,y) € O xR, [Vylogge(y|))’ € Bb(Rd)ﬂLipH,||2(Rd) forallj € {1,...,dg}.

(v) {For any 9}6 0, [Ve[be)']¥, [V@(bﬁ,)Q]k € Bb(Rd)ﬂLip||_”2(Rd) forall (j,k) € {1,...,d}x
1,....dg}.

Assumptions 1 and 2 should be understood as sufficient conditions to verify the validity
of our proposed methodology, and are not necessary for its implementation. Although some
of these assumptions are strong, they have been adopted to simplify the exposition of our
analysis, as is common in theoretical works on particle filtering. Some assumptions can be
relaxed at the expense of more involved and lengthy technical arguments.

We first give an intermediate result on the convergence of the time-discretized approxi-
mation S; defined in (6).

Theorem 1 Under Assumptions 1 and 2, the choice of Gy in (12) and G in (15), for any
(T,0) € N x ©, there exists a constant C' < oo such that for any l € Ny, [|S1(0) — S(0)]1 <

A,

The proof of Theorem 1 which involves studying the time-discretization of diffusions can
be found in Section B.2 of the supplementary material. The following result establishes the
desired properties of our estimators.

Theorem 2 Under Assumptions 1 and 2, the choice of Gy in (12) and G in (15), for any
number of particles N > 2, burn-in b € Ny and number of iterations I > b, there exists a
choice of PMF (P)2, such that for any 6 € ©, the estimator S(0) in (19) is unbiased and
has finite variance.

We remark that Theorem 2 can be extended to other functionals. For instance, in the
context of the EM algorithm, the result follows under the same assumptions and only no-
tational changes in the proof. The proof of Theorem 2 in Section B.3 of the supplementary
material involves studying various aspects of the 4-CCPF chains and its initialization, fol-
lowed by the properties of our estimators that are constructed using these coupled Markov
chains. It follows from the proof that the left-hand side of (18) is upper-bounded by

co)d> Play, (27)
=0

where C'(0) < oo is a parameter-dependent constant and ¢ > 0 is a constant determined in
our analysis that does not depend on [; the exact value of ¢ is ‘small’ but positive. Hence
any choice of PMF (P)7°, such that the sum (27) is finite would be valid; e.g. P Al2¢°‘
for any o € (0,1). Due to the technical complexity of the problem and algorithms under
consideration, the rate in (27) is not sharp. We conjecture that the correct rate corresponds
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to having ¢ = 1/4 and a better rate of ¢ = 1/2 can be obtained in the case of constant
diffusion coefficient o.

Using Lemma 37 in the supplementary material, we upper-bound the expected cost
E [c(0)] by

C(0,T,N,b,)NT Y 2'P, (28)
=0

where C(0,T, N, b, I) < oo is another constant that is independent of I. As we have ¢ < 1/2,
there is no choice of PMF (P))°, that can keep both (27) and (28) finite. This is a con-
sequence of employing the Euler-Maruyama discretization scheme (13) and the choice of
coupled resampling scheme in Algorithm 5 despite their general applicability. Future work
could consider the antithetic truncated Milstein scheme of Giles and Szpruch (2014) and
improved coupled resampling schemes such as Ballesio et al. (2022). This issue with the
Euler-Maruyama scheme is well-understood and studied by Rhee and Glynn (2015, Sec-
tion 4) who suggested choosing the PMF (F})j°, to ensure unbiased estimators with finite
variance but infinite expected cost. Our numerical implementations will follow their ap-
proach by choosing P, A}/Ql(logg(l +1))? and P, o< Ajl(logy(1 +1))? in the case of
non-constant and constant diffusion coefficients, respectively. Under these choices, the un-
biased estimators achieve computational complexities that are similar to standard MLMC
estimators (Giles, 2008). We stress that it is possible to achieve unbiased estimators with
finite variance and finite expected cost using our computational framework in other settings
(Heng et al., 2023). It is also worth noting that exact simulation algorithms for (uncon-
ditioned) diffusions that are applicable in similar generality as our work also have infinite
expected cost (Blanchet and Zhang, 2020).

5. Applications
5.1 Ornstein—Uhlenbeck Process
We consider an Ornstein—Uhlenbeck process X = (X;)o<t<7 in R, defined by the SDE

dX; = 91(92 — Xt)dt 4+ odWy, Xo=0. (29)

The parameter 6; > 0 can be interpreted as the speed of the mean reversion to the long-run
equilibrium value #3 € R. This corresponds to (1) with initial condition x, = 0, linear drift
function ag(z) = 61(f2 — x) and constant diffusion coefficient o(z) = o > 0 for x € R. We
assume that the process is observed at unit times with Gaussian measurement errors, i.e.
Vi X ~ go(-|Xt) = N (X, 03) independently for ¢ € {1,...,T} and some 63 > 0. We will
generate observations y;.7 by simulating from the model with parameter 8 = (61, 62,03) =
(2,7,1). This setting is considered as it is possible to compute the score function S(6)
exactly using Kalman smoothing; see Section C.1 of the supplementary material for details
and model-specific expressions to evaluate (15).

Figure 4a illustrates how the distribution of the stopping time fé varies with the dis-
cretization level [ on a simulated data set with T' = 25 observations. We took [ = 3
as the lowest discretization level as lower levels lead to numerically unstable trajectories.
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As alluded earlier, the coupled resampling scheme proposed in Algorithm 5 (referred to
as “maximal”) leads to smaller and more stable stopping times for large enough levels.
As alternatives, we consider a modification (“other maximal”) that ensures 4-CCPF ad-
mits 2-CCPF as marginals on each level, and a scheme that uses common uniform random
variables (“common uniforms”). While the schemes based on maximal couplings have com-
parable stopping times, the approach based on common uniform variables gives rise to
significantly larger stopping times. Figure 4b reveals that these two alternative coupled
resampling schemes do not induce sufficient dependencies between the four CPF chains. As
the variance of the estimated increment does not decrease with the discretization level, this
precludes their use within our unbiased estimation framework.

To show the impact of the choice of b and I, we considered three types of estimators
corresponding to having b = 0 and I = b (“naive”); b = 90%-quantile(7}) at level [ = 3
and I = b (“simple”); and b = 90%-quantile(7}) and I = 10b (“time-averaged”), where
90%—quantile(%é) denotes the 90% sample quantile of the stopping time at level [. The
benefits of increasing b and [ in terms of variance reduction are consistent with findings
in Jacob et al. (2020a,b). Under our proposed coupling, all three choices yield estimators
of increments whose variance decrease exponentially with the level, which agrees with our
theoretical results (see Lemma 39 in the supplementary material). Hence we can employ
any of these estimators within the estimation framework outlined in Section 3.4. Figure 4c
displays the resulting squared error ||S(6) — S(6) |3 and cost of 100 independent replicates.
This plot suggests having N = 128 particles is sufficient in the case of T' = 25 observations.
The choice of b and I also allows a tradeoff between error and cost. As we increase the
number of observations 7', Figure 4d shows it is important to scale the number of particles
N linearly with T' to obtain stable and non-exponentially increasing stopping times. Lastly,
Figures 4e and 4f concern the averaging of independent replicates of the score estimator
(S’\(H)T)f:l. Figure 4e shows that the average S(f) = R~1 Ele S(6), satisfies the standard
Monte Carlo rate as R — oo, which is consistent with its properties in Theorem 2, at a
linear cost in R as illustrated in Figure 4f.

5.2 Logistic Diffusion Model for Population Dynamics of Red Kangaroos

Next we consider an application from population ecology to model the dynamics of a
population of red kangaroos (Macropus rufus) in New South Wales, Australia. Figure
5a displays data yi,...,%, € N3 from Caughley et al. (1987), which are double tran-
sect counts on P = 41 occasions at irregular times (tp);;:l between 1973 to 1984. The
latent population size Z = (Z;),<t<tp is assumed to follow a logistic diffusion process
with environmental variance (Dennis and Costantino, 1988; Knape and De Valpine, 2012)
defined by dZ; = (03/2 + 61 — 0224) Zydt + 032, dWy, Zy, ~ LN (5,102), where LN de-
notes the log-Normal distribution. The parameters 8; € R and #; > 0 can be seen as
coefficients describing how the growth rate depends on the population size. As the pa-
rameter 03 > 0 appears in the diffusion coefficient of the considered diffusion process
we apply the Lamperti transformation X; = ¥(Z;) = log(Z;)/03. By Itd’s lemma, the
transformed process X = (X¢)y<t<tp satisfies the SDE (1) with random initialization
Xy, ~ pg = N(5/05,10%/63), drift function ag(x) = 01/03 — (02/03) exp(d3x) and unit diffu-
sion coefficient o(x) = 1 for € R. The observations (Y}, )521 are modelled as conditionally
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Figure 4: Behaviour of different coupling methods and score estimators at the data gen-
erating parameter § = (2,7,1) of the Ornstein—Uhlenbeck model in Section 5.1.
T = 25 observations and N = 128 particles were employed unless stated other-
wise. These plots are based on 100 independent repetitions.
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independent given X and negative Binomial distributed, i.e. the conditional density at time
t € {t,....,tp} is go(yelwe) = NB(yi; 04, exp(033¢))NB(yZ; 04, exp(f3z¢)), where 04 > 0.
We will use a parameterization of the negative Binomial distribution that is common in
ecology, NB(y;r,pu) = 1}((3’&;,) (75)" ()Y for y € No, where r > 0 is the dispersion param-
eter and p > 0 is the mean parameter. The dy = 4 unknown parameters to be inferred are
0 = (91,92,93,94) €O =Rx (0,00)3.

Application of our methodology for score estimation requires some minor modifications.
As the initial distribution py depends on 63, the representation in (3) and (6) require
adding Vg log p1p(X¢,) to (12) and (15); see Section C.2 of the supplementary material for
model-specific expressions. To deal with irregular observation times (tp)f::l, we set the
step-size at discretization level zero as the size of the smallest time interval, i.e. Ay =
min,—s . pt, — t,—1. Higher levels | € N will employ 4A; = Ao27%. For level | € Ny, the
first time interval [t1,ts] is discretized using A; sequentially, i.e. we set s, = t; + k4 for
ke{0,...,my 1} withmy = [(t2 —t1)/A;], and s = to for k = my1+11if (ta—t1)/A; ¢ N.
The subsequent time intervals are then discretized in the same manner.

Figure 5b illustrates how the median and the 90% quantile of the stopping time ?é vary
with the discretization level [, the impact of the number of particles N, and the benefits of
employing adaptive resampling. As before, the coupled resampling scheme in Algorithm 5
results in stopping times that are smaller for higher discretization levels, with less variability
over levels as the number of particles increases. Moreover, resampling only when the effective
sample size is less than N/2 allows us to induce more dependencies between the multiple
CPF chains at lower discretization levels. Using N = 256 particles and adaptive resampling,
Figure 5¢ examines the rate at which the variance of the estimated increment decreases with
the discretization level. Here we consider the “naive” and “simple” estimators described
in Section 5.1, with a burn-in of b = 90%—quantile(7‘é) at level [ = 3, and omit the more
costly “time-averaged” estimator. From the plot, both type of estimators have similar rate
of decay and are valid choices in our score estimation methodology. Using the “simple”
estimator, Figure 5d verifies that the average of R independent replicates of the resulting
score estimator S(f) satisfies the standard Monte Carlo rate as R — oc.

Lastly, we perform Bayesian parameter inference by employing our score estimators
within the SGLD framework (Welling and Teh, 2011). We rely on logarithmic transforma-
tions to deal with positivity parameter constraints, and specify the prior distribution for the
transformed parameters (61,log 602, log 03,log 04) as Ng,(po, Xo), with pg = (0,—1,—-1,—1)
and ¥y = diag(52,22,22,2%). As log#s has a significantly different scale compared to
the other parameters, we let the learning rate in (5) be component-dependent by tak-
ing €, = diag((100 + m)~%6(1072,1072,1074,1072)) at iteration m > 1. The algorithmic
settings used to produce score estimators are the same as in Figure 5d with R = 1 realiza-
tion. Figure 5e shows the empirical average, weighted by the learning rates as in Welling
and Teh (2011), over 7500 iterations of the resulting SGLD algorithm for each parameter.

5.3 Neural Network Model for Grid Cells in the Medial Entorhinal Cortex

As our final application, we consider a neural network model for single neurons to an-
alyze grid cells spike data (https://www.ntnu.edu/kavli/research/grid-cell-data)
recorded in the medial entorhinal cortex of rats that were running on a linear track (Hafting
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et al., 2008). The neural states Z; = (Z}, Z?) of two grid cells that were simultaneously
recorded is assumed to follow

dZ} = (aq tanh (81 22 + 71) — 612}) dt + a1dW, (30)
dZt2 = (a2 tanh(ﬂthI + ’72) — 62Zt2) dt + UdeE,

for t € [0,T], where (a1, as) € R? controls the amplitude, (81, 32) € R? describes the con-
nectivity between the cells, (y1,72) € R? are baseline levels, (1, d2) € (0, 00)? determines the
strength of the mean reversion towards the origin. We assume Zy = (0, 0) at the beginning of
the experiment. This diffusion is motivated by an example in Kappen and Ruiz (2016), and
modified for our purposes. To infer the unknown diffusivity parameters (o1, 02) € (0, 00)2,
we consider the transformation X; = (X}, X?) = ¥(Z,) = (Z} /o1, Z? /02), which rescales
each component of the diffusion. By Itd’s formula, the transformed process X = (X¢)o<t<r
satisfies the diffusion model (1) with initialization z, = (0,0), drift function

ag(z) = ( a%(l‘) > _ ( aq tanh(Bro9a? + 1) /o1 — 612! > |

az(x) s tanh(Baorzt + ¥9) /oy — Soa?

and diffusion coefficient o(z) = I for = = (x!,2?%) € R2.

The experimental data over a duration of T' = 20 contains time stamps in [0,7] when
a spike at one of the two cells is recorded using tetrodes. Following Brown (2005), we
adopt an inhomogenous Poisson point process to model these times. Let t, = pT276
for p € {0,1,..., P} denote a dyadic uniform discretization of [0,7] into P = 2°¢ time
intervals. Given the latent process X = (X¢)o<t<7, the number of spikes Yt; occurring
in each time interval [t,_i,t,] at cell ¢ = 1,2 is assumed to be conditionally indepen-
dent of the other time intervals and the activity in the other cell, and follow a Pois-
son distribution with rate ft’;’il A\i(X})dt. The intensity function for grid cell i = 1,2 is

modelled as \;(X}) = exp(x; + X}), where k; € R represents a baseline level. The ob-
served counts y;, = (ytlp, yfp) for interval p € {1,..., P}, computed from the experimental
data, are displayed in Figure 6a. The conditional likelihood of the observation model is
Po(Ytyy - yep|X) = Hle 96(Yt, | (Xt)t,_; <t<t,) With the intractable conditional density

9o (Y, | (Xt)t, 4 <t<t,) HPOZ (yt ,/

tp—1

/\i(Xti)dt> ;

where Poi(y; A) = NWexp(—A)/y! for y € Ny denotes the PMF of a Poisson distribution
with rate A > 0. To approximate the conditional likelihood, at level [ > 6, we discretize
the time interval [0,7] in a similar manner using s = kA; for k € {0,1,..., K;}, where
A; = T27" is the step-size and K; = 2! is the number of time steps. Under the time-
discretized process Xo.r = (Xs,) kK !> the resulting approximation of the conditional like-
lihood is ply(yeys - - - s Yep| Xor) = H;}D:l 95 (e, |(Xe)t,_,<t<t,) with the corresponding condi-
tional density

2
9o, |(X)t, r<i<r,) = [[Poi [ wi s D N(XD) |- (31)

i=1 tity_ 1 <t<t,
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By using these level-dependent observation densities (31) in Section 2.2, our proposed
methodology can then be applied. There are dy = 12 parameters 0 = (61,03) to be in-
ferred, where 0; = («, i, Vi, 9i, 04, ki) denote the parameters associated to cell i = 1,2. We
refer the reader to Section C.3 of the supplementary material for model-specific expressions
to implement score estimation.

We consider an extension of the proposed method based on the conditional ancestor
sampling particle filter (CASPF) (Lindsten et al., 2014) as the basic algorithmic building
block. In Figure 6b, we observe that the stopping times of CASPF are smaller than CPF
for lower discretization levels, and similar for higher discretization levels. Although this
is consistent with CASPF having better mixing properties than CPF (Lee et al., 2020),
the use of CASPF is invalid in our setting as the algorithm is not well-defined as the
discretization level goes to infinity. This issue stems from degeneracy of the transition
kernel of the Euler-Maruyama discretization (13) as the step-size goes to zero; see also
Beskos et al. (2021, Section 3) for a related discussion. Some pathological behaviour can be
seen in Figure 6¢ which checks the validity of using both MCMC algorithms and “naive”
and “simple” estimators (as described in Section 5.1) within our methodology. For “simple”
estimators, the burn-in was taken as b = 90%-quantile(7.) at level = 11. While the variance
of the estimated increment decays with the discretization level for estimators based on CPF,
it does not seem to be the case for estimators based on CASPF.

Lastly, we combine our score estimators and the SGA scheme in (4) to perform max-
imum likelihood estimation. The score estimation relies on the CPF algorithm and the
“simple” estimator with a burn-in of b = 100. Positivity parameter constraints are dealt
with using logarithmic transformations and a constant learning rate of ¢, = 1073 is em-
ployed. Figure 6d illustrates how the distribution of the Polyak—Ruppert average evolves
over the iterations, estimated using independent runs of SGA. We note that only 86 out of
100 runs were considered, as there were 14 instances of the variance of the score estimator
driving the SGA algorithm to regions of the parameter space where the stopping times are
prohibitively large, causing the SGA to stall. This behaviour is due to poor mixing proper-
ties of the underlying CPF algorithm at very unlikely regions of the parameter space and
the use of a constant learning rate. A discussion on how to improve the MCMC algorithm
and adapt the learning rate is given in Section 6. The parameter estimates of 81 and B
support the use of a joint model (30) for both grid cells, and indicates that these cells are
positively dependent.

6. Discussion

Although the proposed unbiased estimation methodology to remove both time-discretization
error and MCMC burn-in bias is conceptually appealing and applicable to a large class of
diffusion models, it is important to note that it has some computational limitations, as
evidenced in Section 5.3. For our approach to be computationally feasible, the distribution
of stopping times cannot be too heavy-tailed, i.e. the pair of CPF chains on each time-
discretization level has to meet in reasonable computation time. Even if our proposed
coupling is adequate, it follows from the coupling inequality that this is impractical if the
marginal CPF kernel has poor mixing properties. Hence the underlying assumption here is
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Figure 6: Behaviour at parameter § = (1,..., 1) of the neural network model in Section 5.3.
The algorithmic settings involve N = 256 particles and adaptive resampling.
These plots are based on 1000 independent repetitions unless stated otherwise.

that the corresponding BPF is performing sufficiently well (Lindsten et al., 2015; Andrieu
et al., 2018).

Common regimes where this is not the case include high-dimensional state spaces (Sny-
der et al., 2008) and highly informative observations (Del Moral and Murray, 2015) with low
probability under the law of the diffusion in (1) and the observation model. For some class
of models, the curse of dimensionality can be tackled using particle filters that are modified
to exploit certain properties of the model (Rebeschini and van Handel, 2015; Beskos et al.,
2017). Further investigation is required to understand if these ideas can be used with our
approach. Highly informative observations require carefully designed particle filters that
simulate particle dynamics in a manner that incorporates information from the entire ob-
servation sequence (Richard and Zhang, 2007; Guarniero et al., 2017; Heng et al., 2020).
In our setting of diffusion models, the optimal particle dynamics follows a diffusion process
that is constructed using a Doob’s h-transform (Rogers and Williams, 2000, p. 83). The
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numerical approximation of Doob’s h-transform and its use within particle filtering has been
explored in works such as Ruiz and Kappen (2017); Park and Ionides (2020); Mider et al.
(2021); Chopin et al. (2023). As approximations of the optimal particle dynamics follow
the diffusion process (1) with a change in the drift function, we anticipate the use of these
methods to be quite straightforward within our unbiased estimation framework.

Even if our unbiased estimation methodology is performant, its application within pa-
rameter inference schemes may still be challenging when the parameter space is high-
dimensional and the marginal likelihood function is highly non-convex with many local
maxima. In such settings, we anticipate that the use of adaptive learning rate methods
to improve the performance of stochastic gradient ascent (Zeiler, 2012; Duchi et al., 2011;
Kingma and Ba, 2014), and momentum algorithms to accelerate its convergence (Nesterov,
1983; Qian, 1999; Sutskever et al., 2013).
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Appendix A. Parameter Dependence in Diffusion Coefficient

We consider how one can extend the ideas in this article to accommodate the case where
the diffusion coeflicient also depends on the parameter # € ©. In this case, we have the

SDE
dX; = ag(X;)dt + og(X1)dWs, Xo =z, € RY,

where o : © x R4 — R%*4 ig agsumed to be such that 6 — oy is invertible and satisfies the
conditions in Assumption 1 uniformly in # € ©. Moreover, we shall suppose that all the
conditions in Schauer et al. (2017) hold. For k € Ny and ¢ € [k, k+ 1], consider the diffusion
bridge

dX; = ag(Xy)dt + oo(Xe)dWy,  Xp = wp, Xpy1 = Tiy1, (32)

where the drift function ay is described in Schauer et al. (2017). Given a Brownian
path Wy, = (W)r<i<k+1, we denote the path-wise solution of the diffusion bridge as
Fy (W, 1, x511). Furthermore, for G : © xR? — R given in Schauer et al. (2017, Equation
2.3) and a process Zjy, = (Z¢)g<t<k+1, we define the functional Hy y(Zy) = :H Go(Zy)dt.
Using the change of measure in Schauer et al. (2017) along with the approach in Beskos
et al. (2021) and Yonekura and Beskos (2022), one can write the marginal likelihood of
observations y1.1 = (y¢)1_; as

T -1
po(yr.r) =Ko [H 9o(ye| X¢) exp { Z He,t(Fe,t(Wt>XtaXt+1))}] : (33)
t=1 t=0
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In the above, Eg denotes expectation w.r.t. the probability measure Iﬁg defined as

T

Py(d(z1, ..., 20, Wo,...,Wr_1)) = [ | {ﬁ@(xt—hxt)dmt}w(d(wm s Wr1),
t=1

where py(zi—1,2¢) is the transition density of an auxiliary process on a unit time in-
terval as constructed in Schauer et al. (2017) that is known and can be sampled, and

W(d(Wy,...,Wp_q)) = g:_& W(dWy) is given by the Wiener measure W.
EM algorithm. The expectation step of an EM algorithm will involve computing

T T T—1
S(0,60,) =Eo, | > loggo(u|Xs) + Y logpa(Xi1, Xo) + Y Hoy(Fo(We, Xi, Xe41)) |
t=1 t=1 t=1
(34)
where IET@ denotes expectation w.r.t. the probability measure
pg(d(.ﬁl, <o T WOa ceey WT—I)) = pe(ylzT)_l X
T T—1 N
[T oo twilee) exp{ - Hou(Fou(We, i, w040)) }Bold(@r, .., or, Wo, .., Wr-1)). (35)
t=1 t=0

Gradient-based methods. Under regularity conditions, one can differentiate (33) and
represent the score function S(6) = Vylogp(y1.7) as

T T T-1
Eg | > Vologgo(y Xi) + > Vologpa(Xe1,X1) + Y VoHo(For(Wi, Xi, Xi11)) |
=1 =1 =1

(36)

Practical implementation will require a discretized approximation of Hp (Fp4(-)) and
VoHg+(Fy+(-)) which involves a gradient w.r.t. # of a path-wise solution of the diffusion
bridge (32). Although Euler-type approximations can be obtained, the resulting bias in the
sense of Theorem 1 is significantly more complicated to analyze and is thus left as future
work. We stress that only small modifications to our proposed methodology is necessary to
obtain unbiased estimators of (34) and (36) in this case. A similar approach is considered
in Beskos et al. (2021) for a class of continuous-time models. Alternatively, one could also
consider using Malliavin techniques (Fournié et al., 1999), instead of the ideas described
here.

Appendix B. Theoretical Analysis
B.1 Introduction and Preliminaries

Section B.2 provides some results on time-discretization of diffusions, which are needed
for the proofs associated to Theorem 1 as well as the 4-CCPF (Algorithm 4). Our main
technical arguments associated to Theorem 2 are given in Section B.3, followed by several
remarks about the proofs and discussions of alternative strategies. This section of the
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appendix is intended to be read in the order in which it is presented. Some familiarity with
the approach in Jasra et al. (2017) is also useful.

Note that our results concerning L,-norms are stated for r € [1,00); and can be ex-
tended to the case r € (0,1) by Holder’s inequality. We will use this fact without further
elaboration. Throughout our arguments, C' will represent a finite constant whose value
may change from line to line, but does not depend upon the discretization level. Any other
dependencies in the various parameters considered will be made explicit in the statement
of our results.

B.2 Results on Time-Discretized Diffusion Processes

In this section, we consider two diffusion process X = (Xi)i>0 and X* = (X/)i>0 on
the filtered probability space (§2,.%,{.%:}+>0,Pp) following (1), with the respective initial
conditions Xg = =z € R? and X5 =z, € R? and driven by the same Brownian motion.
We will consider Euler discretizations (13) of (X;);>0 and (X[ )i>0 at some given level
[, denoted as )A(;O;T and )?&T, driven by the same Brownian motion and with the initial
conditions )?0 = x and )?5 = x,. The expectation operator for the described processes is
written as [Eg.

In addition to the previously defined terms byg(z) = X(z) lo(x)*ag(z) and X(z) =
o(x)o(z)*, we introduce the function py(z) = bg(z)*X(z) Lo (z)*
(12) as

which allows us to rewrite

1 [T T T
Go(X) = —2/0 VGHbe(Xt)\%dtJr/O Vopo(X)dXe + Y Volog go(yil Xo),

t=1
and (15) as
GZG(XO:T) =
1 K; K; T
=5 2 Vollbo(Xe,_)IBA + Y Vopo(Xe ) (Xey, — Xo ) + 21 Vo log go(ye| X1). (37)
k=1 k=1 t=

For notational convenience, we define the d x 1 vector of derivatives of py as

0i(@)” = (@ @)1,

for any (i,z) € {1,...,ds} x R%, and the conditional likelihood given states x1, ...,y € R?
as ggp(1,...,27) = Hthl 9o(yt|x¢). We now give the proof of Theorem 1 followed by several
technical lemmata that are required to establish the theorem.

Proof [Proof of Theorem 1] We consider the proof for any given component i € {1,...,dp}
and decompose the error of the score function (6) at level [ € Ny as

[S(0) — S(O))" =Ty + T (38)
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where
EG[‘PO()?{7 ) )?;“)[GIG(XST)H * * o T *
T, = 4 _ Eolog(XE, ..., X2 — Bgloa(XE, ... X5)]),
! Em(x;,...,X;nxae[mxl*,...,X;n( oleo(X7, ., X3)] ~ Ealpo(X7, ., X7)])
T, = g ] (Bl KRICH Tl — Eoleo (X X Go(X")]).

Thus our objective is to provide bounds on the quantities 77 and T to conclude the proof.
For T7, using Assumption 2, one has the upper-bound

T
Ti < C Bl X7 — X7 |a),
t=1

then by using results on the convergence of Euler approximations (Kloeden and Platen,
2013), for r > 0
e * 71 1/7 1/2
Eo[[lXy — X7ll5)" < CA (39)
one has
T, < CA”. (40)

Note that using standard results on weak errors for diffusions one can improve this upper-
bound to T1 < CA;.
For T5, using Assumption 2, we have Ty < C(T3 + T4) where

T3 = Eg[{o(XF, ..., X7) — eo(XT,. , XAV HGH (X501,
Ty = Eo[po(XT, ..., XP){GH(X5r)] — [Go(X*)'}].

For T3, using Cauchy-Schwarz, we have the upper-bound
vk ey * *\1211/2 1/ v* i1271/2
T3 <Eg[{po(XT,. .-, XT) — o(XT, .-, X)) T Ee [{[Ga(X5)]'}?] ™

As the second term is bounded by C', we consider only the first. We have the upper-bound

T
T3 < CY B[ Xy - x; 3] < ooy, (41)
t=1
For Ty, noting that ¢y is a bounded function under Assumption 2, applying Lemma 4 allows
one to conclude that Ty < CAll/ ?. Therefore, using Ty < C(T5 + Ty) along with (41), we
have
T, < CA2. (42)

Combining (40) and (42) with (38) allows one to conclude the proof. [ |

Remark 3 We have adopted a strong error approach in our analysis to simplify the argu-
ments involved. At the expense of more involved and lengthy arguments, we note that the
upper-bound of Theorem 1 can be sharpened to O(A;) if one takes a weak error approach.
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Lemma 4 Under Assumptions 1 and 2, for any (T,r,0,i) € N x [1,00) x © x {1,...,dp},
there exists a constant C < oo such that for any (I,x) € Ng x R?

1/

]Ee[HGle()N(O:T)]i - [Ge(X)]iH "< cA?,

with Xo = Xo = .
Proof We have that
By ||[Gh(Xor))' = [Go(X)F|'] < C(T1 + ) (43)
where
Ty = By [|[Gh(Koer)]' = [Gh(Xor)V]']

Ty = By | [Gy(Xor))' ~ [Go(XOV['].

where Xo.1 = (Xsk)izo are the states of the process (Xt)¢>0 at the discretization times of
the process Xo.7. From (37), we have that 77 < 02?23 Tj, where

|

Ty = AfE || 3 {[olb0(Kau JIB)" = [Follbo(Xe )]} -
k=1

T3 =Ey H ZT: { [Volog go(yl X)) = [Volog ge(yt’Xt)]i}
t=1

K;
T5 =Eg H Z{KG,Z’(XSka* - KG,i(XSkfl)*}[XSk - Xskfl]
k=1

K
Te = Eg H Z K/efi(Xsk—l)*[(XSk - Xsk—l) - (Xsk - XSk—1)]
k=1

The term T3 can be treated in almost the same manner as T in the proof of Theorem 1,
i.e. using a similar argument to the proof of the bound on 77 in Theorem 1, one can deduce
that

Ty < CAJ?. (44)

For Ty, using the fact that 9/96;[b3)) € LipH,||2(Rd) for any (i,7) € {1,...,dp} X
{1,...,d}, we have by first applying Minkowski’s inequality

K
~ 1 T
T < O (Y Bo[IK, - Xo 87
k=1
Then using (39), it follows that
T, < CAJ”. (45)
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The terms 75 and Ty are bounded in Lemmata 6-7, so combining (44), (45) and the afore-
mentioned lemmata with 77 < C Z?:3 T; yields

T, < CA}”.
By Lemma 8, Ty < C’A;/ % and thus by (43) the proof is concluded. [ |
Corollary 5 Under Assumptions 1 and 2, for any (T,r,0) € N x [1,00) x O, there exists
a constant C' < oo such that for any (I,z) € Ng x R?
£y | Gh(Kor) - Gox)y] " < cal.

Proof By Minkowski’s inequality

=0 64 %oa) - Gu) 5] < (fejEe[HGéo?o;T)V - Geor ")

=1

1/2
so the proof follows by Lemma 4. |

Lemma 6 Under Assumptions 1 and 2, for any (T,r,6,i) € N x [1,00) x © x {1,...,dp},
there exists a constant C < oo such that for any (I,x) € Ny x R?

K
B | S 04 Fou )" = 0a(Xey ) HEey — Ko
=1

T /2
] < CA7,
with Xo = Xo = .
Proof We have the decomposition
l ~ ~ ~
Z{Ke,i(XSkfl)* - ’{97i(XSk71)*}[XSk — Xg 1] = Mk, + Rk,

where

:Z{F"‘G,i()fzskfﬁ*_’%al( Sk— 1) }U( Sk—1 [W — W, 1]

K;
RKZ = A Z{He,i(Xsk,l)* - Ke,i(XSk71)*}a9(XSkf1)'
k=1

Thus by the C,—inequality,

Eq U Z_l:{’f&i()?skl)* — k0,1 (X1 ) HX s — Xsp_1]

T:| < C(EOHMKJT] +E9[|RKL|T])' (46)
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We will bound the two terms on the R.H.S. of (46) individually. Bound for Eg[|Mg,|"]. If
we define

M, = Z{Ke,i(yskfﬂ* — K z( sho1) }U( si1) (W — Wiy
k=0

for any u € Ny, then (M, Fyua,)uen, is a martingale. It follows from this fact and from an
application of the Burkholder-Gundy-Davis (BGD) inequality that
r/2]

K
BallMial'] < OB | S (50a(For )" = 50X oo I, = W)
k=1

from which Minkowski’s inequality yields

K, _ N\ T/2
EBHMKZV] < C(ZEG [‘{l’%,z’(XSk—l)* _”91( Sp— ) }U( Sk 1)[W — W, 1H }2/ ) :
k=1

Using the C,—inequality d? times, we obtain the bound

Eq[| Mk, |"] < C(Z > B U{ﬁe,z‘(fsk_l) — Kgi( X )} X

(m,g)e{1,....d}?

N\ /2
o(Xop )™ W — W, J| ])2/> .

Using the fact that ™7 € By(R?) along with the Cauchy-Schwarz inequality yields

Eg[| M, |'] <O<Z( S [ lreuFa ) - maaXe )y ]

(m,j)€efl,....d}?
1/ 2/r r/2
B[ - W 77) ) )

Since it holds that [kg;|™ € LipH,”(Rd), it follows from the same type of inequality as (39)
that

Eg [Hm,i(fsk_l) - /w,v;(Xsk_l)}m}ﬂ 2 < CA;/Q, (48)

and by standard properties of Brownian motion, we obtain
D[W — W, ] m Y7o CA?, (49)

Combining (47) with (48) and (49) yields the upper-bound
Eg| Mg, | < CAJ?. (50)
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Bound for Eg[|Rk,|"]. We have the upper-bound by Minkowski’s inequality

K

Eallaql < 8 (3 Bofls(For ) = mnsXe Yol )] )

k=1

Then applying the C,—inequality d times and using the assumption that ag € By(RY) we
have the upper-bound

ST r
Eol|Ri,["] < CA7 ( Z ZEQ U{’{H i(Xsp_y) K‘e,’i(XSkfl)}]} } ) .
k=1 j=1
Using the same argument to obtain (48), we have

Eol|Ri, "] < CATA;? = CAY2, (51)

Combining (50) and (51) with (46) allows us to conclude. [ ]

Lemma 7 Under Assumptions 1 and 2, for any (T,r,0,i) € N x [1,00) x © x {1,...,dp},
there exists a constant C < oo such that for any (I,x) € Ng x R?

Bal | 22 rna () [(Fo — Ko) = 06 = ][] < 0872

with Xo = Xo = .

Proof We have the decomposition

Z ﬁﬁ,i(XSk_l)* [(XSIC - Xsk—l) — (Xsy — Xsk—l)] = Mg, + Ry,
where

K; Sk . . .
Mg =Y Y e )" [ o) - (X,

k=1 (m,j)e{1,...,d}2 Sk_1
K, d s B |

“ 3 e [ (R ) - an(X) s,
k=1 j=1 Sp_1

Thus by the C.—inequality,

Eq |:‘ Z ke, l Sk 1 5(: Xsk 1)_(X3k _X8k71)] ’ :| < C(E9[|MK1 |T}+E9[|RK1 |T]) (52)
We will bound the two terms on the R.H.S. of (52) individually.
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Bound for Eg[|Mg,|"]. By applying the C,.—inequality d* times we have the upper-bound

< Sk > . T
EQHMKZ|T] S C Z Eg [‘Z,{eﬂ;(XSkl)m/ [O-(Xskil) —U(Xs)]vadWSJ‘ :|
(m,j)€{1,...,d}? k=1 Sk—1

For any (m,j) € {1,...,d}?, we define

oooud Sk ) )
M =3 k(X )" / 0(Ru_,) — o (X dW
k=0 Sk—1

for u € No. As (M, Fun, )ueN, 1s a martingale, applying the BGD inequality yields

- ok ~ o N2ir/2
E9[|MK1|T] < C Z E9 |:’ Z (Hgvi(XSk1)m/ [G(Xskfl) _ O_(Xs)]deWg) :| ‘
(m,j)e{1,...,d}? k=1 Sk—1

Applying Minkowski’s inequality and using the fact that [rg;]™ € By(R?), we obtain

} z/r>r/2' .

Now we deal with the expectation on the R.H.S. of (53). Using the martingale property of
the stochastic integral, it follows from applying the BGD inequality again that
r/Z}

Sk ~ S
<CaP B[ [ [lo(Ra) - o)™ ).

Sk—1

K Sk ~ . .
Eol| Ml <C Y (ZEeU / [0(Xe,_,) — o(X)™ AW
k=1 Sk—1

(m,j)e{1,....d}?

Bo| | [ (o(%u ) — o[ | < ool [ {loRa ) ooy as

where we have used Jensen’s inequality in the second line. Using the C,.—inequality, we

have
r} <

eay™™ [ {Bo[llo (R — o )]+ Bollo () — o)™ ] s

Sk—1

Bo| | [ (%0 )~ axomam;

Using the fact that o™ € Lip”,H2(Rd), we then obtain

1-

Sk ~
CA;/Q_l/ {EG [HXSIQA - XSkfl Hg] + Ky [HXSk*l N XSHS] }ds.

Sk—1

Bo| | [ (0 — o
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By the property (39) for r > 0 (Ikeda and Watanabe, 2014), it follows that

sup  Eg[|| Xy — Xs|3] < Ot — s|"/2, (54)
(t,5)€[0,T7]2

hence we obtain the upper-bound
E, “ / X ) — a(Xs)]m’deg\r} < OAVPTIANT? Zonr (55)

Combining (55) with (53) gives
Egl| Mg, |"] < CA}/. (56)

Bound for Eg[|Rk,|"]. Using Minkowski’s inequality followed by Jensen’s inequality, we
obtain the following bounds
T:| 1/7’) r

Eol| Rrq,|"] < (ZZEGU’%: sk1)? /:i [ag(Xs,_,) — ap(Xs)ds
(ZZAI I/TEe[lﬁez W) / fao(Xs, ) — a(Xs)]j\’”ds]l/ry'

k=1 j=1
k=1 j5=1

Using the assumption [kg ;)7 € By(R?), the decomposition

[ao(Xo,_,) — ao(Xo)l = [ag(Xs,_,) — ag(Xs,_ )V + [a0(Xs,_,) — ag(X)),

and the C,—inequality, we have
Sk - -
Eol|Ric " (ZZCAI ”T( / Eo| [lag(Xsr ) = ao(Xe, V|| ds+
Sk—1

k=1 j=1 )
/ssk EOU[%(XS/@—J_ae(Xs)]j‘T}dS>1/T> |

Since we have assumed that ag € Lip||,H2(Rd), one has

Sk .
Eoll R '] (ZZCAI m(/ o[ Xap_, — Xep_, 5] ds+
k=1 j=1 k—1
Sk I/T r
[ Bl - xglas) )
Sk—1

Using (39) and (54), we therefore obtain
Eql|Ri, "] < CAI?, (57)

Combining (56) and (57) with (52) allows us to conclude. [ ]
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Lemma 8 Under Assumptions 1 and 2, for any (T,r,0,i) € N x [1,00) x © x {1,...,dp},
there exists a constant C < oo such that for any (I,x) € Ng x R?

B [|[Gh(Xo)]! - [Go(X)F['] < CA]/
with Xo = Xo =X.

Proof We have the decomposition

1
[1GH(Xor)]' = [Go(X)]'| = Ry + M, + Ry,
where
Rig) = Z ARG ST ATE S
Sk—1
Mg =Y [ oo o (R, ) = maa (XX,
k= 1(mJ 6{17 Ld}2 Sk

W=y [ (k01X Va0 (Xy Y = b i(Xs) ag (X)) ds.

k=1 j=1"5k—1

Thus, by the C,—inequality, we have
Eo || [Gh(Xor)] — [Go(XV|'] < C(Ba[IMio '] +Eo[| R[] + B [|RE[']).

In order to prove that Eg[|Mg,|"] < CA;/ ? one can rely on very similar arguments to (56)

in the proof of Lemma 7. Likewise, for m € {1,2} one can prove that E9[|R%)|’“] < C’A;/z
using similar arguments to (57) in the proof of Lemma 7. |

Lemma 9 Under Assumptions 1 and 2, for any (T,r,0) € N x [1,00) X O, there ezists a
constant C < oo such that for any (x,z,) € R% x R?

*\||r11/T
Eo[|Go(X) — Go(XM) 5] < Cllz — 2 J2,
with Xo =z and X = 4.

Proof This proof follows a similar type of arguments to those considered in the proofs of
Lemmata 7-8. The main difference is that one must use the following result which can be
deduced from (Rogers and Williams, 2000, Corollary v.11.7) and Grénwall’s inequality)

1
sup Eg[|| Xy — X7[37]2F < Cllw — a4l
t€[0,T]

instead of using Euler convergence. Given that the proofs of Lemmata 7-8 are repetitive,
these arguments are omitted. |
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Lemma 10 Under Assumptions 1 and 2, for any (T,r,0) € N x [1,00) X O, there exists a
constant C' < oo such that for any (I,z,r,) € N x R? x R?

> . r11/7
Ey [|GY(Xor) — G5 (X 5] Y < C(AY + || — 24|2),

with Xo = = and )?6‘ = x,, where )?S:T = ()?;216)?;61 are the sequence of states in J?S:T =

()N(L:k)kK;O at the time steps corresponding to level [ — 1.

Proof The expectation in the statement of the lemma is upper-bounded by Z?:l T}, where

~ r11/7
Ty = By [||Gh(Xor) — Go(X)|I5] ",

Ty = Eo[||Go(X) — Ga(X*)[5]"",

S r1l/r
Ty = By [||GY (Xgp) — Go(XM)|[5] "

For T1 and T3, one can apply Corollary 5; for T3, we use Lemma 9. This allows us to
conclude the result. |

We now introduce two additional functions which will be useful in the following section.
For (t,1) € {1,...,T} x Ny, we define G'; : © x (R)2'H+1 5 Ro ag

2l 2l

1
Gl@,t(XOIt) = _5 Z v9||b9(Xsk71)H%Al + Z VOPO(XSk71)(XSk - X5k71)+
k=1 k=1

t
> Volog ga(yp| Xp),
p=1

and Gitfl:t : O x RY x (Rd)Ql — R% as

2l—-1
1
G po1:(Xem1, Xo-14a02) = —3 > Vollbo(Xi—1pxa) 32+
k=0
2l—1
> Vopo(Xe-14ka)(Xe 1 inya, — Xeo14ka,) + Volog go(ye| Xy).
k=0

From (37), we note that G -(Xo.7) = GL(Xo.r). The following remarks will facilitate our
proofs in the next section.

Remark 11 One can easily extend Lemma 10 as follows. Under Assumptions 1 and 2, for
any (t,r,0) € {1,...,T} x [1,00) X O, there exists a constant C < oo such that for any
(I,z,7,) € N x R? x R?

~ o~ P14 1/9
Eo [|Gh(Xoe) = G (Ko ls] < (A + o= all2),
with Xo = x and )Afa = x,, where X'gzt = (X )il:_ét

52k

40
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Remark 12 One can also deduce the following result. Under Assumptions 1 and 2, for
any (t,r,0) € {1,...,T} x [1,00) x O, there ezists a constant C < oo such that for any
(I,z,2,) € N x R? x R?

~ _ ~ ~ ~ 1/r
Eg {HGZO,tfl:t(xa Xt—1+Alit) - Gl@,tlfl;t(x*ﬂ Xz(—l—i-Al_l:t)Hg‘Xt—l =7z, X*—l = .’E*:|

1

< C(A)? + & — zl2),

* ol-1
where Xt 1+A_1:t — (Xt 1+A,_ 1)k 1

B.3 Results on Coupled Conditional Particle Filters

We begin with some definitions associated to Algorithm 4. For any (i,t,s) € {1,..., N} x
No x {l — 1,1}, we will write A$(i) = A¥" and A3(i) = A®". Using this notation, for any
(t,1) € {0,...,T — 1} x N, we define

SL=fi € {L,...,N}: Al(i) = A7),
Aj_y 0 Aj(i) = A1 0 ATH(i), ..., Ajo -0 Aj(i) = A o0 AT (i)},

and

Si={ie{l,...,N}: Al(5) = A7 (i),
Ao ALy = Al o ANG), . Ao 0 A(i) = AL o0 ALTT(G) ).

For (I,3,C) € N x R™ x RT, we also introduce the following sets

BY o = {(zor, o) € X! x XLt ||lay — Z4ls < CA) t € {1,..., T},
Gl o = {(zor, Tor) € XEx Xt HG(;t(ﬂfo t) — Gl@ﬁtl(a:o;t)Hg < CAf,t e{1,...,T}}.

B.3.1 RESULTS ASSOCIATED TO STEPS (1) AND (2) OF ALGORITHM 4

We consider Steps (1) and (2) of Algorithm 4 where the input pairs of trajectories are taken
as (X 2™ X0 = (abt,zbhy € 291 and (X(5, X5%) = (ah.p, Zhp) € Z8 In order to
analyze the algorithm, it is useful to define the simulated trajectories recursively at time
steps t € {1,...,T}, for any i € {1,...,N}, as
-1, l—1,i =1,A Y =LA o
(XO:t Z7X0:t Z) = ((XO't—lt Xt 1JiAl 1t> (XOt 1 Xt 1+ZA1 1t)>
Li <l 1AL 1, AL
(Xos Xoip) = ((XOttllﬁXt 1ragt); (XOtt117Xt 1+A:¢ )>

After the completion of Step (2), we consider the output given by the two collections of
pairs of trajectories (X1 X VN and (X}, XN . Under these conditions, the

expectation associated to the law of Steps (1) and (2) of Algorithm 4 is denoted as El Lt
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Lemma 13 Under Assumptions 1 and 2, for any (t,7,0,C") € {1,..., T} x[1,00) x O xR,
there exists a constant C' < oo such that for any (I,5,N) € N x Rt x {2,3,...} and any
(ZL%T,.%OT) € BB cv» it holds that

) 1/r 1
il 11[ Z HXZZ Xl 1,1”5] SC'AIQAB

ZESi 1

If (%), T,a_céTl) € B% cv also holds, then

1/r 1
z 1 li l i 5AB
DRSS,

ZESi 1

Proof We only consider the first inequality as it is the same proof for the second inequality.
The proof is almost identical to Jasra et al. (2017, Lemma D.3.). The only difference is if
Aﬁ,’i = N for some (p,i) € {1,...,t} x{1,...,N} with i € Sé, but in such a case, one can
use that (z).p,zh 1) € BBC' [ |

Remark 14 Implicit in the proof of Lemma 13 is the following result. Under Assumptions 1
and 2, for any (t,r,0,C") € {1,...,T} x [1,00) x © x RT, there exists a constant C < oo
such that for any (I,8,N) e Nx RT x {2,3,...} and any (xé:T,xOT) € Bﬁ cr» it holds that

BT B Vi 1
} <cn’
2

lz 1—1,¢
=1—1,1 LA l 1,A,"5
E@ |: § : HXt t 1

zGSi 1

If (Zh.p, T 2) € Blﬁ ¢ also holds, then

El—l,l _lAlz —l lAl 11
IO b X

zGSi 1

P11/
} <conr”,
2

Lemma 15 Under Assumptions 1 and 2, for any (t,0,C") € {1,...,T} x © x RT, there
exists a constant C < oo such that for any (I,3,N) € N x Rt x {2,3,...} and any
(b, aht) € BB cv» it holds that

1 _

Card(SL_;) a8
0 Tt < CAP,

where Card(-) denotes the cardinality of a set. If (a’:f)zT,i“é%) € BfB,C' also holds, then

1| Card(SL_ ;)
1 _ pl-L t—1
0 N
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Proof We only consider the first inequality as it is the same proof for the second inequality.
The proof is almost identical to Jasra et al. (2017, Lemma D.4.). The only difference is if
Aﬁ;i = N for some (p,i) € {1,...,t} x {1,...,N} with i € Sﬁ,, but in such a case, one can
use that (zf.p., 25 2) € B! 5. and Lemma 13. [ |

Lemma 16 Under Assumptions 1 and 2, for any (t,7,0,C") € {1,..., T} x[1,00) x O xR,
there exists a constant C' < oo such that for any (I,5,N) € Nx Rt x {2,3,...} and any
(I6T7$0T) € B! 5o N Gfg cv» it holds that

B S ek — et ] < eag

l
i€Sy_4

If (:L‘f) T,a:OT) € B! scr N GZB,C' also holds, then

ol 11[ Z HG Glgtl l 1@ ” r/TSC'Al%Aﬁ

ZES,Zs 1

Proof We only consider the first inequality as it is the same proof for the second inequality.

The proof is by induction on ¢. The initialization holds for ie{l,. — 1} by the result

stated in Remark 11. The case i = N is trivial as (2.7, $0 ) € Bl B.c ﬂ Gﬁ o

‘We now consider

ol 11[ Z HGet Gl@tl l 12 H} C(Th + ), (58)

zeSé 1

where

si—10[ 1 l, l, -1 =1 -1 1/r
T =E, [N Z HGet 1:4 thl’thl—&-Al 1) — Goi (X 1Z>Xt 1+A, it H }

iest_,
Li -1, 1/r
_ w11 LAY, -1 I-1,A, 3 r
Ty =E, [ Z HGet 1 XO:t—l )_Ge,t—1<X0t 1 ) 9 .
1€Sf5 1

So we consider bounds on 17 and T5.
For 77, by applying the result in Remark 12, we have

lAlz l 1Al11
nso(al+ 8 3

zESé 1

r1l/r
2] ) '
Then applying the result in Remark 14 gives

1
n <on’’ (59)

43



HENG, HOUSSINEAU, AND JASRA

For T, one can use the same approach as in the proof of Jasra et al. (2017, Lemma D.3.)
from the bottom of page 3092, along with the induction hypothesis, to obtain

1
T < onY. (60)

Combining (58) with (59) and (60) concludes the proof. [ |

Lemma 17 Under Assumptions 1 and 2, for any (t,r,0) € {1,...,T} x [1,00) X ©, there
exists a constantC’ < 00 such that for any (I,s,N,i) € Nx{l—-1,1}x{2,3,...} x{1,...,N}
and any (:Eé:T, z,, T) e X x X1 it holds that

t
By |65 (X5 l5] < (1 + DG prayoapaa )5)-
p=1

Also for any (a’:f):T,a:OT) e Xt x XI=1

Bl “[HG Ot) ] ( +ZHG9,p 1p(T ;Nl? ;N1+Agp H)

Proof We only consider the first inequality as it is the same proof for the second inequality.
We consider a proof by induction. In the case of ¢ = 1, one can use the boundedness
properties of the appropriate terms along with the martingale-remainder methods in the
proof of Lemma 6 to deduce the given bound, except for the case i = N, which is exhibited
in the bound.

Now consider the case of t > 1, we have the upper-bound

By 1G(X5DI5] < O+ 1), (61)
where
T = By [ e (00 X )
1 = B )| (X)),

So we consider bounds on 7137 and T5.
For T, by the same argument as for the initialization

Ty < C<1+ HGz,t—lt(wt 1T 1+A Dl ) (62)

For T5, we first note that for the resampling probabilities associated to At 1, we can deduce
the following upper-bound using Assumption 2

go(yr—1lzi_y) ¢
Zé\f:l go(ye—tli_y) — NV

(63)
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Averaging over the resampling indexes, using (63) and the induction hypothesis one has

t—1
s s,N z° N T
Ty < C<1 + Z HGO,p—lcp( p 1T p—1+Ag:p H2> (64)
p=1
Combining (61) with (62) and (64) concludes the proof. [ ]

Corollary 18 Under Assumptions 1 and 2, for any (t,r,0) € {1,..., T} x[1,00) x O, there
exists a constantC < 00 such that for any (I,s,N,i) € Nx{l—-1,1}x{2,3,...} x{1,...,N}
and any (zh ., o 1) € XU x X1, it holds that

B[] < (14 3 D).

p=1

Also for any (&h.p, zh+) € XEx X1

t
By %) < o (e X 7).
p=1

Proof We only consider the first inequality as it is the same proof for the second inequality.
We consider a proof by induction. In the case of ¢ = 1, one can use the boundedness
properties of the appropriate terms along with the martingale-remainder methods in the
proof of Lemma 6 to deduce the given bound, except for the case ¢ = IV, which is exhibited
in the bound.

For t > 1, when i € {1,..., N — 1}, repeating the argument of the initialization, one has

)

Then one can repeat the argument that leads to (64). The case i = N is trivially true. W

fl- ll[HstH } <C(1—|—El IZ[HXSASZ

Remark 19 The results in Lemmata 16 and 17 can be extended to the case where one
considers

~l— 7[ 1 lAl 1,2 r

Lt Z HG — G M Xo, ) 2]
zeSf5 1

mi-1,[ 1 ! LA 1r

Eq [N Z HGW( ) Get( 0:t )H2:| )
ieSl_,

and
l l SAél l l SASL
R [HGet )2], B! [HG x5 )J,

by using very similar arguments to the proof of those lemmata.
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Lemma 20 Under Assumptions 1 and 2, for any (t,7,0,C") € {1,..., T} x[1,00) x O xR,
there exists a constant C < oo such that for any (I,3,N,i,6) € N x Rt x {2,3,...} x
{1,...,N} x R* and any (2}, 25 }) € B! gor N GIB,C” it holds that

i _ i 1/r
iyl ek — Gt ) <
t l
oA (1+Z PO [ M CA T S TUNS] 1 )
p=1s=l—1

If (zh, T,i'é%) € Bf&c/ N G/ZB’C, also holds, then

o i 1/r
By [Gha (X80 — G (X6 <

t l
C(AQ NB T(1+5) <1+Z Z HG@P 1p ;Np ;N1+Asp H;>
-

p=1s=l-1

Proof We only consider the first inequality as it is the same proof for the second inequality.
We have

1 1/r
By [, (X6 - G I =T+ T (65)
where
=110 [ Al Li =1 xl 12 1/r
T =K,y [HGa,t(Xo:t) — Gy (X H2HSfS 1(2)} ’
<111 Li 1yl N
1, = By |G (X5 - G (X wzﬁmw .
So we consider bounds on T3 and T5.
For T}, we have the upper-bound
S1-1 1l 1/r
T < CE, [ > 166X — Gt (X }
1€Sf5 1
then applying Lemma 16 gives
1
T <on’ (66)

For Ts, applying Holder’s inequality gives

. . T(1+5) 1
=10 || A l, -1 xl- 1 T+8) l—1,1 B

T, < ) [HGW(XO;) STve ovitl) e } By [Ig e (0] 7. (67)
Note that

L __1,| Card(St_))
-1, N -1, t—1
E9 [H(Si—l)c ('l)] =1 EG _—
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where we have used Lemma 15, and

)

. r(146)
1-1 ! -1, yl—1,
By [[|Gh(XG3) — Gt L, + 1T

(;5)}M+EZ_1’I{”G19;1( - 1z Hz >}<£r6>)'

< o (B GhXg

Then applying Lemma 17 and combining with (67) and (68), one can deduce that

t l
SAB b s sN 8N T
T < OO )T (1430 301G gy ey a)s)- (69)
p=1s=l-1
Combining (65), (66) and (69) completes the proof. [ |

Corollary 21 Under Assumptions 1 and 2, for any (t,r,0,C") € {1,...,T} x[1,00) x © X
R™T, there exists a constant C' < oo such that for any (1,3, N,i,0) € Nx Rt x {2,3,...} x
{1,...,N} x R* and any (z}.p,257) € B o N G%,C” it holds that

t l
Eé*l’l[HXé’i—Xt“’iHST/ <@ (14303 [V ]p)-

p=1s=l-1

If (2., i’é L)€ Blﬁ o N G% ¢ also holds, then

t l
Eé_l’l {HX;Z _ Xé_l’iH;} 1/r < C(Al% Seem <1 + Z Z Hxs NH >
l—

p=1s=l—-1

Remark 22 Using Remark 19, one can extend Lemma 20 using a similar argument to its
proof to obtain the same bound on

r 1/r

2] '

We introduce the following sets, which will be of use later on in our proofs. For (¢,1) €
{0,...,T — 1} x N, we define

L l lAl 1,3
By e - e o)

A similar statement applies to Corollary 21.

Sl={ie{l,...,N—1}: A)=Al(@) #N, AL o Al()) = A 0 AL (i) # N, ...,
Aéo---oAé(i):Aéo--'of_lé(i)#N} (70)

and

SEl=fie{1,...,N—1}: AM@)y = A1) # N, AT o Al (i) = AL 0 ALY # N, ...,
At o0 AT (i) = Af o0 AT (i) # N (71)
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Lemma 23 Under Assumptions 1 and 2, for any (t,0,N) € {0,...,T—1}x0Ox{2,3,...},
there exists a constant € € (0,1) such that for any (l,i) € N x {1,...,N — 1} and any
((xé:_Tl,:Z‘éz,%), (zh.p,2h.7)) € Z71 x Z1, it holds that

Ey Iy ()] ABg M [Ig ()] 2 e

Proof To proceed we first introduce some notation. For (¢,1) € {1,...,T} x N, we define

A j) - {Z 90 (yelat") A 9o (yelzy ) }H{i}(j)+

N 1] N -1,
=1 9o(yelxyt) D00 g geyelwy )
L Li I—1,i
( go(welat") { golyeley)  gollei ) })
N l’jl N l’jl N lil:jl
Zjlzlge(yt|$t ) Zjlzlgg(yt|mt ) Zj1:190(yt‘$t )
1-1,j 1,7 I-1,j
( gy ) { goleley) . golylei ™) })
N -1, N 1j N -1,
Zjlzlge(yt|$t ) Zj1:199(yt‘mtjl) Zﬁ:lgG(yt’xt ]1)
N 1j 1-1,j -1
<1_ Z{ 9o (ye|zy”) A go(yelwy ") })
N 17 N -1,
ja=1 Zj1:190(yt|$t]1) Zj1:190(yt’$t )

which is the maximal coupling of the resampling distributions across levels. We write
(i, 7) when one replaces (z0"N | 217V VY with (20, 275N We will write the maximal
coupling (in the above sense with independent residuals) of ¥(ji,j2) and 5}5(]'3, ja) for
(jl; e ,j4) S {1, PN ,N}4, as 5715(]1, .. ,j4). We also define Dl = {(.f();T,.f'():T) € Zl L Xo.T —
SE();T} and

—(1) , . .
90 G, 4s) =

l,j1

_ O , _ - ga(yelzy)
H(Dl)c(xé:Tvxé:T) E Uy (]17-"7]4)+HD’(356:T7$6:T)]1{3‘1}(]3) N L N
(jorj1)€{1,...N}2 Zj:l 99(yt|$t )

(72)

Eil)(jl, j3) is the distribution of the resampled indexes within a level under Algorithm 5.
One can make a similar definition for Eﬁl‘l)( Jo,j4)-
We give the proof in the case of [ only as the proof for [ — 1 is similar. The proof is by

induction on ¢ and the initial case ¢t = 0 is trivial by definition. For ¢t > 1, we have

By (1, 0)] =B Y- Iy (99, .9)]

48



ON UNBIASED ESTIMATION FOR PARTIALLY OBSERVED DIFFUSIONS

where we have used Assumption 2 to establish that
—(1) C
9,7 (1,1) > — 73

on the third line, and the induction hypothesis in the final line. This completes our proof. B

B.3.2 RESULTS ASSOCIATED TO THE ENTIRETY OF ALGORITHM 4

We now consider Algorithm 4 in its entirety. We will denote expectation and probabil-
ity w.r.t. a single step of the corresponding 4-CCPF kernel Mé_l’l by Pé_l’l and Eé_l’l,
respectively.

Corollary 24 Under Assumptions 1 and 2, for any (T,r,0,C") € N x [1,00) x © x RT,
there exists a constant C < oo such that for any (I, 3,N,8) € Nx Rt x {2,3,...} xR" and
any (vh.p, x5+) € B! 5o N GB cv» it holds that

Elll[HGl( ) Gl 1( llB )H:|1/T

l
1
c<Afw>*r<f+6> (1+ >y |G o @r mprian)3)-
p=1s=l-1

If (77, 3h ) € Bﬁ o N Glﬁ,Cl also holds, then

El IZ[HGZ( ) Gl 1( l 1B )H }1/7“

c<A% (143 3 (@ rsal)

p=1s=l—-1

Proof This follows from the discussion in Remark 22. [ |

Remark 25 By following the discussion in Remark 22, one can also extend Corollary 24
to a bound of the type

-1 l/r
Byl Gha (Xor™) — Gyt (0, ] <

1 L t l
C(Alz%ww (1+Z 3 HG;p,l;p(x;_l,x;_HAS:p)Hg),
p=1s=l—-1

forte{l,...,T}.

Remark 26 One also use the discussion of Remark 22 to extend Lemma 17 to
B [l (e ;) <c<1+ZHG9p @t 2 ea)ll3):
and similarly for I_Elefl’l [HGlg,t (X(l)lfT) H;} :
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Corollary 27 Under Assumptions 1 and 2, for any (t,r,0,C") € {1,...,T} x[1,00) x © X
R™, there exists a constant C' < oo such that for any (1,3, N,i,0) € Nx Rt x {2,3,...} x
{1,...,N} x R* and any (2}, 25 }) € B! gor N Glﬁﬂ, it holds that

_ t
El@_l’l[HXé’BlT _Xi—l,BlTlH;} 1/r C(Az 5 T(1+a)( +Z Z ||~’UpH2>
-

p=1s=l—-1

If (zh, T,i?éTl) € Blﬁ,c/ N G/IB’C, also holds, then

_ - . ¢l
By (|57 - 2T ) <ol (143 S IEls).

p=1s=l—1

Proof This follows from Corollary 21 and the discussion in Remark 26. |

Lemma 28 Under Assumptions 1 and 2, for any (T,0,C") € N x © x R, there exists a

1
constant C < oo such that for any (I,3,N,6,7) € Nx RT x {2,3,...} x Rt x (0’6(2171‘;))

and any (xlo:T, ), T) € B! 5o N Gl 5.crs it holds that

<

=1—1,1 1,B! 1-1,B!
EG H(Bl C,mG )}

Lo (Ko Xop ™"

1rp T l
s —8
CA)TT (1437 7 {23 + 1G5 porp@hrs 7y a,)I3}):
p=1s=I—-1

If (Zh.p, T 1) € Blﬁ o N Glﬁ ¢ also holds, then

=1—1,1 I,BL, ol1-1,Bi!
Ey H(BIB’C,HGIZ(B’C/)C(XOT ,X ! )} <
%/\B 8 T l
CATT (143 S {1753 + 1G5 1p@1. Ty )13}
p=1s=l-1

Proof We only consider the first inequality as it is the same proof for the second inequality.
For any t € {1,...,T}, by Markov’s inequality and Corollary 27, we have

!
. l 1 I— Bl—l ﬂ_ i
By (17 = T > eaf) s et (1 3037 I513)

p=1s=[—1

Similarly, for any ¢ € {1,...,T}, by Markov’s inequality and the results discussed in Re-
mark 25

. 1 B —1,Bl1
P%%W@@ﬁﬂ—%ﬂ%ﬁ%)M>0M)

318
G518
<o)t (1 EY Y 16l b Thean)I3).

p=1s=l-1
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Hence there exists a constant C' < oo which depends on T' but not [ such that the result
holds. |

We recall the definition of D! = {(xo.7, Zo.7) € Z' : wo.7 = To.T}-

Lemma 29 Under Assumptions 1 and 2, for any (T',0, N) € Nx©x{2,3,...}, there exists
a constant € € (0,1) such that for any l € N and any ((xOT,xf) ) (:Eé%,;flor})) cZl x 71,
it holds that
-1, =1-1,0 I-1,BLt Si-1,BL
Ep " [Iot (XOT »X )} ANEy " Ipr (Xop " Xop 7 )] 2 €

Proof Recall the definition (72) of Eﬁl) (41,73) in the proof of Lemma 23. This can be
extended to time T using the same construction for both level [ and [ —1 and will correspond
to the marginal distributions of (B%., BL.) and (Bép_l, Bép_l). We denote these two probability
distributions as E,El)(B%p, BL) and W‘”(BE;H BLY). Also recall the definitions of S} and
S in (70)-(71).

We give the proof for level [ only as the case of level [ — 1 is almost identical. We have
the following inequalities

B [l (X0 X)) > B

—
=i
%]
N
=
—
.
~—
<
N=
~
\./
—
.
k‘,
~
[

. 1,Bl JB
In the first line, we have noted that for (z,.,",Z; ) € D! to occur, one must at least

pick two equal indexes of pairs of particles at level [ which were equal at time step T'— 1 of
Algorithm 4. In the final line, we have used (73) and Lemma 23. This concludes the proof. B

B.3.3 RESULTS ASSOCIATED TO THE INITIALIZATION

Recall from Section 3.3 that the two pairs of CPF chains on Z!~! x Z! are initialized by
sampling pairs (X(l]z,}’*,Xé’:}) and (XéTl,Xl r) independently from Z/éfl’l, and sampling
(X Xbp) ~ MYV X%, X5E) using the ML-CPF in Algorithm 6. We will denote

the law of the tuple (Xé Tl, Xé Tl, X[l) T Xo o) under this initialization by Z/é 1 . Expectations
w.r.t. ué L Vé 10 and the ML-CPF kernel Mé, L will be written as Ele Vl l, Elefyl’l and ]Eléfl’l,

respectlvely

Lemma 30 Under Assumptions 1 and 2, for any (t,r,0) € {1,...,T} x [1,00) x ©, there
exists a constant C' < oo such that for any (I,8,N,d) € N x (0 ,2) x {2,3,...} x R", we
have

< 1/r _B
-1, — — r
By 1Gh (X0 = G (XEDI| T < oar™,

and

1/r

~ ol

B 16h, () - G (X))

IN

CA
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Proof The second inequality simply follows from Remark 11, so we only consider the first.
We have

. 1/r 1/r
-1, - - =10 [d—1,1 - -
By G (X0 = G (XENI) = B (B 11Gh. (X6 — G (&M |
We note that by construction
l 1,0 l 1,0 _ _
[168,00k) — Gl RD] = B [l6h ) — G e ]
We consider the decomposition
sl—1,1 — —_
By [[|Gho(Xbe) = Gt (XEDI5) = 71 + T, (74)
where

-1, l -1 l 1,1 - -

T = EQV [HBE c/mGl@ o’ (XOZWX * [HG XO t) Glgvtl(Xé:tl)H;:H’
-1, l - 1 -1, - -

TQ = E@,I/ [H( NG ) (on}v X * E |:HG XO t) Gl@,tl (X(l):tl) H;:H ’

BC’ 8,c!

for any 0 < C" < oco. We will deal with both terms separately.
For T1, applying the result in Remark 25 gives

B b
Tl < CAZ(1+6) (1 +El U[Z Z HGGp L:p X;*le;*l—i-Asp Hﬂ) (75)
p=1s=l—-1

We can use boundedness properties of the appropriate terms along with the martingale-
remainder methods in the proof of Lemma 6 to deduce that

B
(146)
Ty < CAT.

For Ts, applying Holder’s inequality for any o > 0 gives
Ty < 13Ty,

where

1
_ ml-11 l* I—1,%\ | (1+o)
T3 = Ee,u [H( C’mGﬂ or)° (Xo 7 Xo )] )
(1+0) o
] T+e)

Ty =By By |Gl — Gt (e,

We now bound T3 and Ty. For any ¢t € {1,...,T}, using properties of the coupled Euler—
Maruyama discretization and Markov’s inequality, we have

P 11<HX1* *XtFl’*Hz S C”Af) < CA?(%—B)
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I 11 -1,

for any a > 0, where P, denotes probability under v,
{1,...,T}, it follows from Remark 11 that

Similarly, for any ¢t €

a(l_
P 11<HG X(l):) Gl@,_tl(X(l);L*)Hz > C/Alﬁ> < CAZ(Q B)

for any a > 0. Hence there exists a constant C' < oo, that depends on 7T but not [, such
that if « = (1 + o)

1_
<oz (76)
For Ty, one can use the results discussed in Remark 26, along with the above argument
(below (75)) to control terms such as Efg_yl’l [Z;Zl S 1Go )10 (X705 ,X57)|[5) to
deduce that Ty < C. Thus we have shown that

1
<oz ? (77)
Combining (74)-(77) completes the proof. [ |

Lemma 31 Under Assumptions 1 and 2, for any (T,0,C’,5,7) € N x © x RT x RT x
(0, ﬁ), there exists a constant C' < oo such that for any (1,3, N) € Nx (0, %) x{2,3,...}

=l—1,1 - Bt —7)INGE -8B
By, { (8, C,mGlB’C,)c(X(l)mXé:Tl)] < o(ay)Plas =G0,

and

-1, o ol 3-8
EG Vl |:]I(Bl c,ﬂG (X(Z)T7X(Z)T1)i| < CAZ2 :

Proof As the proof of the second inequality is contained within the calculations to obtain
(76), we will only consider the first inequality. We have

Lo

=1—1,1 ! -1
’ c A B S )
By (L s e (Kb X6)| < T+ T2 (78)
where

lll -1, - l -1,
T =B, By ey, et e (Ko X6 Tet, ot (X6 X))

50/) 8,c’

1—1,0 ! -1,
Ty =By (e, et (X6 Xo ™)

BC’

By Lemma 28, we have

1< o) TR (14 S X + [y K20 a3

p=1s=I—-1

The expectation can be controlled using the argument below (75), so we have

Ty < C(A) @5, (79)

For T5, using the second inequality in the statement of the lemma
Ty <car’, (80)
Combining (78) with (79) and (80) concludes the proof. [ ]
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B.3.4 RESULTS ASSOCIATED TO SCORE ESTIMATION METHODOLOGY

We now study the two pairs of CPF chains (Xé:_Tl (i),)_(é:_Tl (i))2%0 and (X{.p(1), X5 1(1))22,
that are assumed to be run indefinitely even if both pairs of chains have met. We will denote
the corresponding expectations by I_Ele_l’l. For any level [ € Ny and any probability measure
7 defined on X!, we denote by Lo(m) the set of all measurable functions 1 : X! — R such
that m(¢?) = [y, ¢¥(2)?*m(dz) € (0,00). The following results will involve the smoothing
distribution 7}, defined in (14).

Lemma 32 Under Assumptions 1 and 2, for any (T,0) € N x O, there exists (e,C) €
(0,1) x RY such that for any (I, N,i, 1) € N x {2,3,...} x N x La(r})

By M (Xbr ()] V By M [0(Xr(i = 1))] < Celmp()? + m(|o).
Also if ¢ € Lg(ﬂ'(lfl) then

Ep M p(X57 ()] VEy M (XA - 1)) < Ot (W)Y + wh ().

Proof We will prove the result for Eéﬁl’l [(X}.7(i))] only. The other results can be obtained
in a similar way.
Marginally, the sequence (X} (7)), is a Markov chain that has the initial distribution

shldsor) = [

l Vé (d‘/ES:T)Mé(dx02T|:E6:T)d:E6:T

and Markov transition kernel Mé as described in Algorithm 1. By Andrieu et al. (2018,
Theorem 1b), one has

vh(z} ’
Ok - mo)| < ([ ) e )
0:T

where we note that the extra power in ¢ follows as X(l):T(O) ~ I/é. Using Assumptions 2, it
follows that

B [ (Xh0(3))] — mh(w)] < Celrh(w*)12,

and from here the proof is easily completed. |

Lemma 33 Under Assumptions 1 and 2, for any (T,r,0,C") € N x [1,00) x © x RT, there
exists a constant C' < oo such that for any (I,3,N,d,i) € Nx RT x {2,3,...} x R* x N

B G X (00) — G (X ) ey e, (Kbt = 1, X G- )] <
o)y,
and
By (G (Ehr () — Gl (X DT . (T = 1. X = 1) <
oy,
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Proof We only consider the first inequality as it is the same proof for the second inequality.
By Corollary 24, we have the upper-bound

- - ' L 1/r
By |G (X () — G (X () Hz]IBl it o Kb li =D X7 - )] T <

B,c’
SAB\ =1 , ,
(A" Ey [(1+Z 3 16y (K5~ 1) Xyl )l3)]-
p=1s=l—-1

Note that |G, 1. (Xp_ 1, X, 144,15 € La(mg) (see the argument below (75)). In addi-

tion the expectation of the square of this function w.r.t. 7 is bounded uniformly in s (one
can use Assumptions 2 to upper-bound expectations w.r.t. m; by expectations w.r.t. v}).
Hence using Lemma 32, we obtain

Ey ”[<1+Z Z HGGP 1:p(Xp—1 (0 = 1), Xp 1, ( H )} (81)

p=1s=l—-1

which allows us to conclude the proof. |

Lemma 34 Under Assumptions 1 and 2, for any (T,0,C",53,0,7) € N x © x (RT)3 x

1
(0, [3(2171%))’ there exists a constant C < oo such that for any (I, N,i) € N x {2,3,...} x N

—1—1,]
Eq [H( L NG

and

Lag
l -1 l . -1/ < g 6)775
e (Ko@) XG0l et (Xbar(i=1), X{ (i-1)] < 0(a) T,

o o P
)e (X(l):T(Z)vX(l):T( ))HBZ NGl (X(l)T(Z_l)’X(l)Tl(Z_l))] g C(Al)<1+6> ’YIB'

g,c’ TB,Cc’

=11,

By Ve, s,
Proof The proof is essentially identical to that of Lemma 33, except one must use Lemma
28 instead of Corollary 24. |

Lemma 35 Under Assumptions 1 and 2, for any (T,0,C",3,5,v7) € Nx © x Rt x (0, %) X

RT x (0, ﬁ), there exists a constant C' < oo such that for any (I, N,i) € Nx{2,3,... } xN

By [l g, e (X (), Xe7H0))] < O+ 1)(2) Pl =G0,

and
=l—1,0 > N Sl1/s ) 1 na(iop
By Ly e, e (Rhar(i). X7 0))] < Ol + (a) P0G,
Proof We only consider the first inequality as it is the same proof for the second in-
equality. The proof is by induction on ¢. The initialization follows by Lemma 31. For the
induction step, one can easily conclude by using Lemma 34 and the induction hypothesis. B

B,c’
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Lemma 36 Under Assumptions 1 and 2, for any (T, r,0,,d,7v) € Nx[1,00) x © x (0, 2) X

RT x (0, (1+5)), there ezists a constant C' < oo such that for any (I, N,i) € Nx{2,3,... } xN

B [l — 6 ool < e 1ay,

where ¢ = r(ﬁ_(s) A (1_}_5) ({5((1i5) — )} A (% —p)), and
B [l (Rt - G (K] < C+ 1Ay,

Proof We only consider the first inequality as it is the same proof for the second inequality.
The proof is by induction on ¢. The initialization follows from Lemma 30. For the induction
step, one has

By [l ) - oy il < o),

where

g ) ) 1/r
=By |l Gh (X80 (0) — G (X @ITsy, e, (Kbl = 1. Xg = 1))

=l , , r
= By || Gh(Xr(0)) - G (XL @5 isy, e, e (Kbrli = 1. XE G = 1)

for any 0 < €' < oo. For T, one can apply Lemma 33 to obtain T} < C’Af’. For T5, one
can use Holder’s inequality to get the bound

T, < Ele_l’lmGlg(Xé:T(i)) GLL(XI2L(4) }"“*‘”

Dl

=l—1,0
By [ (B

1
(1+9)
et e (b 0, X0 )] ™7

B,c’

To deal with the leftmost expectation on the R.H.S. one can rely on the same argument
that led to (81) and for the other expectation one can use Lemma 35. This allows us to
obtain

Ty < C(i + 1)AY,
and conclude the proof. |

In the following, we will employ the notation A; = {j € N: j > i} for i € N.

Lemma 37 Under Assumptions 1 and 2, for any (T,0,N) € N x O x {2,3,...}, there
exists (¢,C) € (0,1) x RY such that for any (1,i) € N

B Y I, (7))] < Ce'.

56



ON UNBIASED ESTIMATION FOR PARTIALLY OBSERVED DIFFUSIONS

Proof We have
E, L, (7)) < By Y [Tagwa, (707 7] + By Taewa, (1o )] + By Iaeac (a1, 7))

By Lemma 29, we have Eé_l’l [Ta,(75)] < C&" for s € {I—1,1}, and so the proof is now easily
completed. |

Remark 38 [t is worth noting that Lemmata 23, 29 and 37 are the only cases where our
bounds have constants that depend upon N.

Lemma 39 Under Assumptions 1 and 2, for any (T, 0, 3,9,v, N,b) € Nx O x (0, %) xRt x
(0, (1+5)) x{2,3,...,} x Ny, there ezists a constant C' < oo such that for any l € N

Ey M IL(0)[13) < oA,
where ¢ = 1+6) 1i5)({5((1i5) —MNING—B)).

Proof We recall that 1,(8) = S;(6) — S;_1(6), where S;_1(6) and 5;(6) are time-averaged
estimators of the form in (22). For level s € {l — 1,1}, note that we can rewrite the time-
averaged estimator as Ss(0) = (I —b+ 1)1 Zé:b Sk(9) with

7'9571
SEHO) = Go(Xsr(R) + D (Go(Xbr(i)) — Go(Xgr(i — 1)) -
i=b+1
Hence we can rewrite
1 I
Ty Sk(py _ Ok
0= T (Sk@®) - St.)) (82)
Since we have
I
Ep Y IIL0)13] <> g MISF©O) — SF(0)3] (83)
k=b

using the representation in (82), it suffices to establish fEle_l’l [Hglk(ﬁ) — §f_1(9)|]3] < CAIQ¢.
We consider the decomposition

2
Ey " [IISF(6) - SEA 0B < 0T

where

73 = By MG (xba () — G (X () 3],

T =By ||| Y {GHXhr () — G (X{EH @) + Gh(Xbr(0) — G (X7 ) }B).
i=k+1
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For 711, one can apply Lemma 36 to obtain
T < CA.
For T5, we have
-1,
B[S Ta (RGO () — G (XU 0)+ G (X)) — G (i) ).
i=k+1

To shorten the notations, set
= Gy(Xo.r (i) — Gy (Xgp (1) + Gh(Xiur (i) — Gy (Xgp (0))

where we denote the j*-component of v; as [v;]7, j € {1,...,d}. Then by application of
Minkowski’s inequality, we have

s Z < > Ele_l’l[HAi(Té){[w]j}Q]l/Q) :

i=k+1

Then applying the Cauchy-Schwarz inequality

2
T2 <Z< Z El 1l i ]1/4El 1l[{[vi]j}4]1/4> )

i=k+1

Now, using standard properties of the La-norm along with Lemma 37

7< o 3 (Bl )

1=k+1

It is simple to ascertain that:

By [l < 0 (B [|Gh(XEr(0) - Gy (X6 )5 |+

. _ _ 1/4
By M [lleh (K@) - 6 (R ])

Therefore, applying Lemma 36 gives

> , 2
n<eal?( Y Ea+n) <oay. (84)
i=k+1

Combining (83)-(84) concludes the proof.

Remark 40 The strategy in the proof of Lemma 39 can be improved by using martingale
methods and Wald’s equality for Markov chains as considered in Heng et al. (2023). This
strategy was not adopted as it would require more complicated arguments given the technical
complexity of the problem and algorithms in this article.
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Remark 41 A better rate of ¢ can be obtained in Lemma 39 if we consider the case of
constant diffusion coefficient o.

Remark 42 One can_employ the approaches in Lemmata 32, 37 and 39 to establish that
the expected value of Iy(0) is upper-bounded by a finite constant.

Proof [Proof of Theorem 2] We have to establish that (17) and (18) hold for some choice
of PMF (P;)?°,. The unbiasedness property in (17) can be established using the same
approach as in Jacob et al. (2020a, Theorem 3.1). Assumption 1 of Jacob et al. (2020a)
is implied by Assumption 2(7ii); Assumption 2 of Jacob et al. (2020a) can be verified by
inspecting the construction in the proof of Lemma 29; and Assumption 3 of Jacob et al.
(2020a) follows from the fact that |G ||5 € La(r)) for any (I,7) € Ny x [1,00) and (Andrieu
et al., 2018, Theorem 1b). For the condition in (18), we apply Theorem 1, Lemma 39 and
Remark 42 to obtain

00 2¢

I s0y)*) A

Zﬂ {var [Li(0)7] + (5u6) - S(6))"} < clz; -
for all j € {1,...,dp}, where Var denotes variance under E l Y for all I € N. We can
conclude the proof by selecting for instance P; o Al¢ for any a € (0,1). [ |

Remark 43 The approach in Lemma 32 also suggests an alternative method of proof. If
one could identify the invariant distribution of the ML-CPF kernel Méil’l (Algorithm 6) and
establish an ergodic theorem as in Andrieu et al. (2018, Theorem 1b), one could then study
the expectation of differences of the type |Gl — Glg71||’2" under the invariant distribution.
Characterizing the invariant distribution could follow the ideas in Jasra and Yu (2020).
This potentially interesting strategy is left as a topic for future work.

Appendix C. Model-Specific Expressions

C.1 Ornstein—Uhlenbeck Process

For this example, we have ¥(z) = 02, bg(x) = 0 lag(x) for z € R and § € © = (0,00) x
R x (0,00). To evaluate (12) and (15), the gradients required are given by

Voas(x) = (6 — ),61,0), Vologgo(ylz) = (0,0,——— + ¥=2°
pap\xr) = 2 x),Vq, y ploggply|T) = 293 29§ :

for z € Rand § = (01, 62,03) € ©. In this example, the score function S(6) can be computed
using

T
Vologpe(yrr) =) /R2 {Volog po(dxi|zi—1) + Velog go(yelre)} po(dai—1, dwe|yr.r),
=1

where the transition kernel of the SDE (29) on a unit interval is

2(1 — —26
o(dai|zi—1) =N (%;02 + (x4—1 — 62) exp(—b1), 7 eQXGI;( 1))) aat,
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and the marginal of the smoothing distribution pg(dz;—1, dz¢|y1.7) is a Gaussian distribution
whose mean and covariance can be obtained using a Kalman smoother.

C.2 Logistic Diffusion Model for Population Dynamics of Red Kangaroos

In this application, we have $(x) = 1 and by(z) = ag(x) for x € Rand § € © = R x (0, 00)3.
Evaluation of (12) and (15) require the following expressions. Firstly, we have

VO IOg o (:U) = (07 07 893 IOg 2% (.7)), O)

1 0
Ony log o) = 5= — 05w = 5/03)° =

5
.10 (x —5/03),

102

and

1 1
Voag(z) = <93, —— exp(f3x),

02
., G exp(03a) (03 ~1).0)

_A_
03
for x € R and 0 = (01,602, 05,0,4) € ©. The conditional density can be written as

90(y|z) = NB(y"; 04, exp(032) )N B(y?; 04, exp(032))

_ Ty + 00T (y° + 64) < 04 )294 < exp(f3) >y1+y
L'(04)2(y")!(y?)! 04 + exp(f3x) 64 + exp(f3x)

2

for y = (y',4?) and = € R. Hence

Vo log go(y|z) = (0,0, 9p, log go(y|x), Oy, log go(y|x)),
with

20,2 exp(f3z)

Do, log go(y|x) = 04+ exp(f3z)

+ '+ ) (1 eXp(egx)) :

04 + exp(03z)

and

o, 10g go(y|z) = P(y" + 02) + Y (y* + 6a) — 20(01) + 2 {log(6s) — log(6s + exp(631))}

Z (' +v%)
+2 (1 04+ exp(ﬁgaj)) - (04 + exp(f3x))’

where x — ¢ (x) = (d/dx)log'(z) denotes the digamma function.

C.3 Neural Network Model for Grid Cells in the Medial Entorhinal Cortex

In this application, we have X(x) = I and by(z) = ag(x) for x = (z',2%) € R? and § € ©.
The following expressions are needed to evaluate (12) and (15). The non-zero entries of the
Jacobian matrix Vgag(x) € R¥*9% are given by
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oy ag(x) = tanh(Bro2a” + 71) /01,
Ip,ag(7) = aro92® (1 — tanh?(Bro22% + 7)) fo1,
Oy ap(z) = (1 — tanh?(fo92? + m)) /o1,
651 ap(z

oy ag(z) = —on taﬂh(ﬁlUﬂ +m)/0%,
2%%(37 = a1 12? (1 — tanh®(Bio22” + 1)) /o1,

) =
) =
)
) =
) =
)
0 (T) =t Hh(ﬁwliﬁ +72) /02,
)
)
) =
) =
) =

Qag(x = (o1 T (1 — tanhQ(ﬁzalxl + 72)) /o2,
1, O z(x = (1 — tanhQ(/Bgalx + ’yg)) yepy
gaﬁ(fc
Doy ag(x 25296 (1 — tanh?(Baorz’ + 42)) oo,
Dppa3(2) = —ag tanh(Boo1a! + 42) /03,

The partial derivatives of the log-conditional density are all zero except the ones w.r.t. sy
and ko, which can be expressed as

am log gle(ytpKXt)tp—lStStP) = yl%:p — 4 Z )\Z(XZ)’

tity—1 <t<tp

fori=1,2.
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