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Abstract

Time series models are used to characterise uncertainty in many real-world dy-
namical phenomena. A time series model typically contains a static variable,
called parameter, which parametrizes the joint law of the random variables
involved in the definition of the model. When a time series model is to be
fitted to some sequentially observed data, it is essential to decide on the value
of the parameter that describes the data best, a procedure generally called

parameter estimation.

This thesis comprises novel contributions to the methodology on parameter
estimation in time series models. Our primary interest is online estimation,
although batch estimation is also considered. The developed methods are
based on batch and online versions of expectation-maximisation (EM) and
gradient ascent, two widely popular algorithms for maximum likelihood esti-
mation (MLE). In the last two decades, the range of statistical models where
parameter estimation can be performed has been significantly extended with
the development of Monte Carlo methods. We provide contribution to the field
in a similar manner, namely by combining EM and gradient ascent algorithms
with sequential Monte Carlo (SMC) techniques. The time series models we

investigate are widely used in statistical and engineering applications.

The original work of this thesis is organised in Chapters 4 to 7. Chapter 4
contains an online EM algorithm using SMC for MLE in changepoint models,
which are widely used to model heterogeneity in sequential data. In Chap-
ter b, we present batch and online EM algorithms using SMC for MLE in
linear Gaussian multiple target tracking models. Chapter 6 contains a novel
methodology for implementing MLE in a hidden Markov model having in-
tractable probability densities for its observations. Finally, in Chapter 7 we
formulate the nonnegative matrix factorisation problem as MLE in a spe-
cific hidden Markov model and propose online EM algorithms using SMC to
perform MLE.
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Chapter 1

Introduction

1.1 Context

1.1.1 Time series models

In probability theory and statistics, stochastic processes are used to capture uncertainty
in many real-world dynamical phenomena. A stochastic process can be thought to evolve
in time either continuously or discretely; in this thesis we will only consider discrete
time stochastic processes. In the literature, a large number of different discrete time
stochastic processes can be represented under the family of generative dynamical models
called time series models. A parametric time series model consists of random variables
that describe the modelled process with adequate generality, and these random variables
admit probability laws that are parametrised by a vector-valued static variable. This
variable is generally denoted by # and called the static parameter, or simply the parameter,
of the model.

A time series model associated with a stochastic process is generative. That is, when
simulated, the model produces a realisation of a sequence of observable random variables
{Y;}1>1 of the stochastic process over time. Typically {Y;};>; are only a subset of the
random variables that comprise the time series model; the rest of the random variables
are called latent, or hidden, variables. In many cases, observable variables are considered
to be somewhat noisy measurements of an underlying structure which is of primary
interest. The power of a time series model is its ability to provide a rigorous mathematical
formulation of this underlying structure as well as its relation to {Y;};>; via its latent
variables. This helps the scientist infer the latent variables from an observed time series

in a principled way by employing well-established methods from statistics.

1.1.2 Sequential inference and Monte Carlo

In many time series models, the latent variables themselves are lumped together to form
another random process {X;};>1. This process represents the hidden state of interest
evolving dynamically, typically in a Markovian fashion. An example of this is a hidden
Markov model (HMM), sometimes called a state-space model. In a HMM, {X;}:>1 is a

1



2 CHAPTER 1. INTRODUCTION

Markov process and each Y; is a conditionally independent observation generated by X,
the evolving state at time t. (For a review of HMMs in a closely related context, see
Cappé et al. [2005]).

In the literature, the problem of sequential Bayesian estimation of X; based on the
sequentially observed variables Yi,...,Y; is known as the optimum Bayesian filtering
problem. When the time series model has linear and Gaussian dynamics, the exact solu-
tion of this problem is the Kalman filtering. However, in non-linear non-Gaussian models,
numerical approximations must be used. Sequential Monte Carlo (SMC) methods, also
known as particle filters, are the most popular numerical methods for approximate so-
lutions of the optimum Bayesian filtering problem [Doucet et al., 2000b; Durbin and
Koopman, 2000; Gordon et al., 1993; Kitagawa, 1996; Liu and Chen, 1998]. These meth-
ods are a special class of Monte Carlo methods, which rely on the basic idea of simulating
from probability distributions when analytical evaluation of quantities that involve in
these probability distributions cannot be performed [Metropolis and Ulam, 1949]. Al-
though originally developed for HMMs, SMC methods can often easily be extended to
more general time series models. A review of SMC methods is presented in Section 2.5,

and their application to HMMs is reviewed in Section 3.3.

1.1.3 Online parameter estimation

For the case when the true value of the static parameter of the time series model, which
we will denote by 6* throughout the thesis, is known, numerous SMC methods have been
proposed and successfully applied to the Bayesian optimal filtering problem over the last
two decades. (See Cappé et al. [2007]; Doucet and Johansen [2009]; Fearnhead [2008] for
recent reviews of the methodology.) However, in realistic applications #* is hardly ever
known although its estimation is essential for accurate inference of the latent variables of
the model. Therefore, developing efficient and accurate parameter estimation methods
for time series model is of significant importance.

(Classical methods used for parameter estimation process the observed data in a batch
fashion, i.e. they require several iterative complete browses through the entire data set.
In this thesis, we are primarily concerned with developing online parameter estimation
algorithms. With the advancement of sensor and storage technologies, and with the
significantly reduced costs of data acquisition, we are able to collect and record vast
amounts of raw data. Arguably, the grand challenge facing computation in the 21st
century is the effective handling of such large data sets. Unfortunately, classical batch
processing methods fail with very large data sets due to memory restrictions and long
computational time. For this reason, so called online methods have recently gained a
popularity in the area. The main principle of these methods is that, a current estimate

obtained using the data available so far could be updated when a new portion of data is



1.1. CONTEXT 3

received. Based on this principle, online methods are promising in terms of reducing both
memory and computation requirements; hence they are potentially a powerful alternative
to batch methods.

1.1.4 Bayesian estimation vs maximum likelihood estimation

There are two different approaches for static parameter estimation, which is either Bayesian
or maximum likelihood. Bayesian parameter estimation requires the assignment of a prior
distribution for the unknown parameter . The objective is then to calculate the posterior
distribution of # given the observed data. When a point estimate of 6* is required, some
feature of this posterior distribution can be provided. The common Bayesian estimators
are the posterior mean, posterior median, and the posterior mode, or the maximum a
posteriori probability (MAP) estimate. There are several Monte Carlo based methods
for Bayesian parameter estimation when exact calculation of the posterior distribution is
not available. Alternatively, the maximum likelihood approach regards the likelihood of
the observed data, which is a function of 8, to contain all relevant information for esti-
mating #*. The point estimate of 6* is the maximising argument of the likelihood. When
maximum likelihood estimation (MLE) cannot be done analytically, iterative search-
based algorithms such as expectation-mazimisation (EM) and gradient ascent guarantee
maximising the likelihood locally given certain regularity conditions on densities of the
random variables involved. Also, Monte Carlo versions of these algorithms have been de-
veloped and applied to many time series models successfully. See Kantas et al. [2009] for a
comprehensive review of SMC methods for Bayesian and maximum likelihood parameter
estimation, or Section 3.4 for a more brief discussion.

Whether one should in principle use the Bayesian or maximum likelihood approach
for estimating 6* is a fundamental debate which we will not go into. There are indeed
cases when these two approaches do produce dramatically different suggestions on what 6*
might be, especially when the observed data is of small size and a highly informative prior
for Bayesian estimation is used. However, as data size tends to infinity, the likelihood
of the data sweeps away the effect of the prior in the posterior distribution and the
difference between the estimates of the two approaches vanishes (say when the MAP
estimate is used for Bayesian estimation), provided that the prior is well-behaved (i.e. it
does not assign zero density to any ‘feasible’ parameter value). Therefore, in an online
estimation setting, where the data size is presumably very large, the two approaches are
expected to give almost identical results if they could be implemented exactly. Thus, for
the practitioner, the choice of online parameter estimation method depends on which has
the most favourable properties in terms of computational costs and memory requirements
rather than philosophical concerns that would matter when the outcomes of the Bayesian

and maximum likelihood approaches differed significantly. Moreover, when a parameter
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estimation method involves any sort of Monte Carlo approximation, this brings with it
the additional requirement that the statistical properties of the method, such as bias and
variance of its estimator, be added to consideration.

Given these concerns, one can argue that so far online MLE methods proposed in the
literature are preferable over their Bayesian counterparts. Online Bayesian estimation
methods, in one way or the other, are based on including the static parameter into the
hidden state of the time series model and cast the online parameter estimation problem
as a filtering one. Unfortunately, when the data size is large, these methods suffer from
particle degeneracy which is inherent in SMC filtering, see e.g. Andrieu et al. [2005];
Olsson et al. [2008] for a discussion. There are certain techniques proposed to overcome
the degeneracy problem, such as those based on Markov chain Monte Carlo (MCMC)
moves for the parameter (e.g. Gilks and Berzuini [2001]; Polson et al. [2008]) or introduc-
ing artificial dynamics on the parameter (e.g. Campillo and Rossi [2009]; Higuchi [2001];
Kitagawa [1998]). But all these techniques either still suffer from particle degeneracy
problem or come with the price of bias and tuning difficulties, or both; see Section 3.4
for more discussion or Kantas et al. [2009] for even more details. On the other hand,
online MLE methods based on Monte Carlo are more promising due to their favourable
stability properties and reasonable computational and memory requirements. Recently,
SMC based online EM and online gradient ascent algorithms for hidden Markov models
have been proposed and analysed in several works such as Cappé [2009]; Del Moral et al.
2009, 2011]; Poyiadjis et al. [2011]. It has been shown in these works that the variance of
the estimators in these algorithms either remain constant over time or decay, depending
on their SMC schemes. For these reasons, in this thesis we focus on online MLE methods

for parameter estimation in this thesis.

1.2 Scope of the thesis

SMC based MLE methods are present in the literature, and they are successfully applied
to many important time series models, especially to a large proportion of HMMs. How-
ever, there are still many important types of time series models for which the developed
methods so far are not directly applicable. This thesis aims to develop MLE methods,
especially online MLE methods, in some non-standard time series models using Monte

Carlo. Below we list and summarise the topics we investigate in this thesis.

e Changepoint models: One example for a time series model is a changepoint
model, which is commonly used to model heterogeneity of sequential data in a
range of areas such as engineering, physical and biological sciences, and finance.

Having a segmented structure introduced by changepoints, the model differs from
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a HMM, which makes it both interesting and challenging to study its statistical

aspects and to estimate its parameters.

e Multiple target tracking models: Another challenging problem in the areas
of applied statistics and engineering is multiple target tracking (MTT). In MTT,
the main objective is to simultaneously track several moving objects in a surveil-
lance region under far from ideal conditions that introduce random mis-detection
of targets and false measurements. The additional issues of time varying unknown
number of targets and unknown association of targets to observation points make
the problem even more challenging. In this thesis we restrict ourselves to the linear
Gaussian MTT model. Statistical treatment for the dynamics of the MTT model
is widely popular and Monte Carlo methods are available for estimation of latent
states in the tracking problem. However, the problem of calibrating the MTT model

by estimating its static parameters has largely been ignored.

¢ HMMs with intractable observation densities: An important computational
problem studied in this thesis is that of implementing batch and online MLE in a
HMM where the conditional law of observations is intractable, that is, its proba-
bility density is either analytically unavailable or prohibitive to calculate. Due to
this intractability, the online MLE methods developed for HMM are not directly
applicable since computation of quantities required by those methods becomes im-
possible. Approximate Bayesian computation (ABC) has become an increasingly
popular strategy for confronting intractability in many statistical models. The
adaptation of ABC to HMMs resulting in an SMC-ABC scheme has recently been
demonstrated. Moreover, theoretical analysis on the properties of MLE based on
this SMC-ABC scheme has been performed. However, methods for implementing
MLE using SMC-ABC have not been discovered yet, and we believe that solving

this implementation problem would be a valuable contribution to the literature.

e Nonnegative matrix factorisation: Another interesting problem where online
statistical estimation methods are of use is the nonnegative matrix factorisation
(NMF) problem, where a given non-negative matrix Y is to be approximated as
a multiplication of two nonnegative matrices as BX. In many applications, B is
considered as a matrix of ‘basis’ vectors and X is a ‘gain’ matrix determining which
of the columns in B dominate the columns of Y. Our approach to the NMF problem
is to consider it as a parameter estimation problem for a HMM whose latent and
observed processes are the columns of X and Y, respectively. This approach is
useful to handle the case where the columns of Y are generated sequentially in
time, such as in audio signal processing. Usually very large number of columns in

Y leads to the necessity of online algorithms to learn the model and make inference.
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This thesis aims to contribute to the methodology on MLE, especially online MLE, in
time series models within the contexts of the topics summarised above. We present novel
EM and gradient ascent methods implemented with SMC. Statistical and computational

aspects of the developed methods will be studied, mostly using numerical experiments.

1.3 Outline

The material presented in the rest of the thesis is organised in six main chapters, followed

by a final chapter including a conclusion, as follows.

Chapter 2: Monte Carlo Methods for Statistical Inference

This chapter provides a survey of the Monte Carlo literature. We will review

some basic Monte Carlo methods, such as rejection sampling, importance sampling,

MCMC, SMC, ABC, etc.

Chapter 3: Hidden Markov Models and Parameter Estimation

We introduce hidden Markov models and review Monte Carlo methods for filtering

and parameter estimation in hidden Markov models.

Chapter 4: An Online Expectation-Maximisation Algorithm for Changepoint
Models:

We present a novel online EM algorithm using SMC for changepoint models. We

also provide theoretical and numerical stability analysis for the developed algorithm.

Chapter 5: Estimating the static parameters of the linear Gaussian Multiple
Target Tracking Model:

We present novel batch and online EM algorithms using SMC for linear Gaussian
MTT models. The algorithms are based on the availability of exact EM algorithms
in a single linear Gaussian state-space model, but involve SMC for tracking the

unknown data association inherent in the model.

Chapter 6: Approximate Bayesian Computation for Maximum Likelihood
Estimation in Hidden Markov Models

We present methods for implementing MLE in HMMs with intractable observation
densities. An SMC based ABC is our main tool for dealing with the intractability
inherent in these HMMs and batch and online gradient ascent algorithms using

SMC are shown to be suitable for this scheme.
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Chapter 7: An Online Expectation-Maximisation Algorithm for Nonnegative

Matrix Factorisation Models

We formulate the nonnegative matrix factorisation (NMF) problem as a MLE prob-
lem for HMMs and propose online EM algorithms using SMC to estimate the NMF

and the other unknown static parameters.

1.4 Notation

It will be useful to summarise the notation used throughout this thesis. The notation
presented here will be used with consistency in the literature review part of the thesis
(Chapters 2 and 3); however the particular requirements of Chapters 4, 5, 6, and 7
containing original work are such that there is inevitably some conflict with the desire
to be consistent with standard usage within the literature. The reader will be notified
whenever we deviate from the notation or any additional notation is introduced.

We use N and R to denote the set of natural numbers and real numbers. For a
sequence {ay }r>1 and integers i, j, we let a;,; denote the set {a;, ..., a;}, which is empty

if 7 <4, and ;.00 = {a;, ai41, ...}

Probability measures, integrals, and random variables: Given a general mea-
surable space (X, &), we refer to the set of all o-finite measures on that space as M(X).
The set of all probability measures on (X, &) is denoted P(X) C M(X). We use By(X)
to denote the Banach space of bounded real valued measurable functions on X.

The integration of a real-valued measurable function ¢ on X with respect to the

measure € M(X) is denoted as

u(p) = /X p(@)u(dz), V€ M(X).

Also, for A € X, u(A) = u(ly), where I4 : X — {0, 1} is the indicator function so
that [4(z) is 1 if x € A and 0 otherwise. Finally, J, is the Dirac measure satisfying
0, (A) =I4(z) for all A € X.

Let (2, F,P) be a probability space and (X, €) be a measurable space. A £/F mea-
surable function X : Q — X is called a (X, &)-valued random variable. The probability

measure 7 on (X, &) corresponding to the law of X is given by Po X! so that
m(A) =P [X Y(A)], VA€’
We will denote the expectation of ¢ with respect to 7 as

Ex[p(X)] = 7(p), Ve P(X).
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Both expressions on the left and the right sides of the equality will be used. If 7 is
parametrised by a vector 6, we will denote it by my and we will write Eq[p(X)] to mean
E.,[¢(X)]. Finally, capital letters X,Y, Z, etc. will be used to denote random variables;
whereas for their realisations corresponding small letters z, y, z, etc. will be used.

Let 7w be the law of X. We write m < A\ to mean that 7 is absolutely continuous with
respect to the dominating measure A\, and we call the Radon-Nikodym derivative v = 3—7/{
the density of 7 (or the probability density of X) with respect to A. Throughout the
chapters of this thesis containing original work, A will be either the Lebesgue measure or
the counting measure and A(dz) will be replaced by dx for simplicity. To make explicit

the law of X, we interchangeably use X ~ 7 and X ~ v.

Markov kernels: Given two measurable spaces (X1,&;) and (X3, &), we define a
Markov kernel or transition kernel K : X} — P(AX5) satisfying the following two con-

ditions
o Vo € X}, K(z,-) is a probability measure in P(X5),
o VA€ &, K(-,A) is a nonnegative measurable function with respect to & on Xj.

A Markov kernel induces two operators, the first one on M(AX5) and the second one on

the bounded &;-measurable functions on X5:

wK (dy) :/ pldx)K(x,dy), Yue M(A),

Xy

K(o)(x) = /X o) K (x,dy), Vo € By(Xy).

Using the first operation a probability measure 7 € P(X}) is mapped by K to another
probability measure uK € P(X;). Also, when we wish to consider the joint distribution
induced over (X; x Xy, & x &) by a measure 7 and a Markov kernel K : &; — M(A3),

we use the notation 7 ® K, i.e.
TR K(dr,dy) = n(dx) K (z, dy).
Moreover, given a sequence of measurable spaces {X,,, &, }n>1 and a sequence of Markov
kernels {K,, : X,,-1 — P(X,) bn>2,
q

Kpg(@p-1,dTpg) = Kp1 @ ... @ Kg(xp, dTpi1:) = H Ki(wi1,dzi). q>p=>1;

i=p+1
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and we define the operator on the bounded &, ® ... ® £,-measurable functions on X

q
Kpq(0)(xp) :/X /X P(Tpr1:q) H Ki(zi1,dv;), Vo € By(Xpia X ... x A).
p+1 q

i=p+1

Some common probability distributions: We will use N'(u, 0%) to describe the nor-
mal distribution with mean p and variance o?; U, for the uniform distribution over the
set A; PO(N) for the Poisson distribution with rate A; G(«, §) for the gamma distribution
with shape « and scale 3; ZG(«, 3) for the inverse-gamma distribution with shape « and
(inverse) scale 3; BE(p) for the Bernoulli distribution with success rate p; NT71(¢, K, a, 8)
for the normal-inverse gamma distribution such that (X,Y) ~ NT (¢, k, «, 3) means
Y ~ ZG(a, ) and X ~ N (&, %), A(a, B, p, o) for the a-stable distribution with shape
a, skewness 3, location p and scale o; M(q, p) for the multinomial distribution with
« number of independent trials and the probability vector p. We also use these nota-
tions to express the corresponding probability densities. For example, N (z; u, 0?) is the

probability density of the normal distribution A (11, 0?) evaluated at .
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Chapter 2

Monte Carlo Methods for Statistical

Inference

Summary: This chapter provides a survey of the Monte Carlo literature. We will review
some basic Monte Carlo methods for statistical inference that are related to the main con-
tent of this thesis. These methods are rejection sampling, importance sampling, Markov

chain Monte Carlo, sequential Monte Carlo, and approximate Bayesian computation.

2.1 Introduction

Assume that we are given a probability space (2, F,P) and some random variable X :
) — X which is £/F measurable. We allow the probability measure 7 on (X,&) to
describe the law of X so that m = Po X ~!. We are interested in integrating a measurable

function ¢ : X — R% with respect to the probability measure T, i.e.
() = Be [o(X)) = [ ploynls). (2.)
X

When analytical evaluation of (2.1) is not possible, we have to use approximations.
There are deterministic numerical integration techniques available; however these meth-
ods encounter the problem called the curse of dimensionality since the amount of com-
putation grows exponentially with the dimension of X [Press, 2007]. Therefore, they are
far from being practical and reliable unless they work in low dimensional problems. A
powerful alternative to deterministic methods for integration problems is Monte Carlo
integration, where random samples from some distribution are used to approximate the
integral in (2.1). The term Monte Carlo was coined in the 1940s, see Metropolis and Ulam
[1949] for a first use of the term, and Eckhardt [1987]; Metropolis [1987] for a historical
review.

In this chapter we will review the Monte Carlo methodology. We first present the main
methods in the literature that aim to evaluate the integral in (2.1). We then proceed to
sequential Monte Carlo methods to approximate a sequence of integrals like in (2.1). We

conclude the chapter with a review of approrimate Bayesian computation, which is a name

11
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attached to a wide class of popular Monte Carlo methods aiming to tackle integrations
() where 7 is a posterior distribution resulting from an intractable likelihood. Note
that we restrict ourselves to the review of only those methods which are closely related
to the work in this thesis. A book length review of general Monte Carlo methods can be
found in Robert and Casella [2004], and for a detailed review of sequential Monte Carlo
methods one can consult the books Doucet et al. [2001] and Del Moral [2004].

2.2 Perfect Monte Carlo

The term perfect Monte Carlo refers to those methods in which the distribution of interest
7 is approximated by N > 0 of independent, identically distributed (i.i.d.) samples from
the distribution 7 and integration of ¢ with respect to 7 is approximated by using this

approximation. The approximation to 7 using N i.i.d. samples X, ..., X®) is given by

Then, the perfect Monte Carlo approximation to m(¢) is obtained by substituting = with

Ve in (2.1) as
7TMC ZSO

It is this approach which was originally referred to as the Monte Carlo method in Metropo-
lis and Ulam [1949], although the term has come to encompass a broader class of methods
through the following years.

It is easy to show that 7}~ () is an unbiased estimator of 7(y) for any N > 0. Also,
if w(yp) is finite, the strong law of large numbers (e.g. Shiryaev [1995], p. 391) ensures
almost sure (a.s.) convergence of 74, (¢) to m(p) as the number of i.i.d. samples tends

to infinity,

Tye(e) = 7).

The variance of 7 (i) is given by

var [myc(e)] = % Zvarﬂ [QO(X(i))} = %varﬂ [o(X)].

i=1
which indicates the improvement in the accuracy with increasing N, provided that
vary [p(X)] is finite. Note that this is true regardless of the dimension of X; which
makes Monte Carlo preferable over the deterministic numerical methods particularly for

high dimensional integrations [Newman and Barkema, 1999]. Also, if var, [p(X)] is fi-

nite, the distribution of the estimator is well behaved in the limit, which is ensured by
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the central limit theorem (e.g. Shiryaev [1995], p. 335)
d
VN [mhic(e) = m(9)] = N (0,vary [p(X))) -

The requirement of perfect Monte Carlo is the ability to obtain i.i.d. samples from .
There are several methods for obtaining i.i.d. samples from distributions. We shall cover

the two most common ones in the following.

2.2.1 Inversion sampling

If 7 is a distribution on R, then its cumulative distribution function can be defined as
F,:R—10,1], Fy(z)=mn((—o00,x]).

If it is possible to invert F}, then it is possible to sample from 7 by transforming a uniform
sample U distributed over (0, 1) as
X =FYU):=inf{x € X : F(z) > U}.

This approach was considered by Ulam prior to 1947 [Eckhardt, 1987] and some extensions
to the method are provided by Robert and Casella [2004].

2.2.2 Rejection sampling

Another common method of obtaining i.i.d. samples from 7 is rejection sampling, which is
available when there exists an instrumental distribution p such that 7 < p with bounded
Radon-Nikodym derivative Z—Z. Rejection sampling was first mentioned in a 1947 letter by
Von Neumann [Eckhardt, 1987], it was also presented a few years later in von Neumann
[1951]. The method for obtaining one sample from 7 can be implemented with any
M > sup, g—:(x) by (i) generating X from p, (ii) accepting it with probability ﬁg—:(){),
and otherwise repeating steps (i) and (ii) until acceptance. Letting A = {U < %Z—Z(X )}

be the event of acceptance in a single trial, its probability is given by

1 drm 1 dm 1
PA=E,|—X)|=—pu|—) =— 2.2
=5, |3 70| =3 (5) = 7 (22)
which is also the long term proportion of the number accepted samples over the number of
trials. Therefore, taking u as close to m as possible to avoid large Radon-Nikodym deriva-

tives and taking M = sup, Z—Z(:c) are sensible choices to make the acceptance probability
P(A) as high as possible.
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Algorithm 2.1. Rejection sampling: Choose M > sup, j—;(x). To generate a single

sample,
1. Generate X ~ p and U ~ Unif(0, 1).
2. IfU < L d“(X), accept X ; else go to 1.

The rejection sampling algorithm is given in Algorithm 2.1. The validity of this
algorithm can be verified by considering the distribution of the accepted samples. Using

Bayes’ theorem,

p(dx)P (Alx) 1 dr

W—M( )Md,u( )/—: m(dx). (2.3)

P(X €dz|A) =

One advantage of rejection sampling is that we can implement it even when we know 7

and p only up to some proportionality constants Z, and Z,, that is, when 7 = Zi, W=+

and we only know 7 and . It is easy to check that one can perform the steps (i) and

drn

ii) of rejection sampling method for any M > sup. % (z) usin pr instead of d” and
(ii) of rej pling y Do T 84 T

justification of this modification would follow from similar steps to those in (2.3). Also,

in that case, the acceptance probability would be ﬁg—z Finally, when 7 and p have

densities (denoted as 7 and p also) with respect to a common dominating measure, then
the Radon-Nikodym derivative Z (x) becomes equal to ”Ex;

The drawback of rejection sampling is that in practice a rejection based procedure is
usually not viable when X is high-dimensional, since P(A) gets smaller and more com-
putation is required to evaluate acceptance probabilities as the dimension increases. In
the literature there exist approaches to improve the computational efficiency of rejection
sampling. For example, assuming the densities exist, when it is difficult to compute 7(x),
tests like u < %% can be slow to evaluate. In this case, one may use a squeezing
function s : X — [0, 00) such that i) is Cheap to evaluate and (? is tightly bounded
M (( )) 1\14ng hence
acceptance, but also if u < - WE g then u < 47 SE:’:) would hold with a high probability.
Therefore, in case of acceptance evaluation of = ( ) ) would largely be avoided by checking

from above by 1. For such an s, not only u < would guarantee u <

u < 57 S(x first. In Marsaglia [1977], the author proposed to squeeze 7 from above and
below by ,u and s respectively, where p is easy to sample from and s is easy to evaluate.
There are also adaptive methods to squeeze m from both below and above; they involve

an adaptive scheme to gradually modify p and s from the samples that have already been

obtained [Gilks, 1992; Gilks et al., 1995; Gilks and Wild, 1992].
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2.3 Importance sampling

We saw that rejection sampling can be wasteful as it uses only about 1/M of generated
random samples to construct an approximation to 7. In contrast, importance sampling
uses every sample but weights each one according to the degree of similarity between
the target and instrumental distributions. The idea of importance sampling follows from
the importance sampling fundamental identity [Robert and Casella, 2004]: if there is a
probability measure p such that 7 < g with the Radon-Nikodym derivative w = Z—Z, then

we have
() = p(pw).
This identity can be used with a p which is easy to sample from. Sampling X1, ... X©®)
from p, the integral m(¢) = u (pw) can be approximated by using perfect Monte Carlo
as . | |
mrs(0) == D e(XD)w(x ), (2.4)

i=1

Algorithm 2.2. Importance sampling:
o Fori=1,...,N; generate X ~ p, calculate w(X®) = Z—Z(X(i)).
o Set mis(p) = 3 Lisy w(XD)p(XD).

The importance sampling is summarised in Algorithm 2.2. The Radon-Nikodym
derivatives w(X @) are known as the importance sampling weights. Noting its equivalence
to perfect Monte Carlo for u(pw), the estimator in (2.4) is unbiased and justified by
the strong law of large numbers and the central limit theorem, provided that 7(y¢) and
var, [w(X)e(X)] are finite. Moreover, as we have freedom to choose p we can control

the variance of importance sampling [Robert and Casella, 2004]

Therefore, minimising var [775(¢)] is equivalent to minimising p(w?¢?), which can be

lower bounded as
p(w?p?) > [u(wle)))® = [r(|¢]))?

using the Jensen’s inequality. Considering u(w?p?) = 7(wp?), this bound is attainable if
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we choose p such that it satisfies

w(r) =—(x) = , r e X, p(x)#£0.
9= 3= o) @
This results in the optimum choice of i to be
o ()]
p(dx) = w(de)
(lel)

for points = € X’ such that ¢(z) # 0, and the resulting minimum variance is given by

1

muinva'r’ [75(p)] = N ([7(|90|)]2 - [W(SO)]Q) '

Note that this minimum value is 0 if ¢ is nonnegative m-almost everywhere. Therefore,
importance sampling in principle can achieve a lower variance than perfect Monte Carlo.
Of course, if we can not already compute 7(y), it is unlikely that we can compute 7(|¢|).
Also, it will be rare that we can easily simulate from the optimal p even if we can construct
it. Instead, we are guided to seek a u close to the optimal one, but from which it is easy

to sample.

2.3.1 Self-normalised importance sampling

Like rejection sampling, the importance sampling method is available also when 7 =

dm

Zi, W= Z£ and we only have 7 and pi. This time, letting w = o we write the importance
™ u

sampling fundamental identity in terms of 7 and 1 as

() ppw)  p(pw)

 Ze)Zy p(w)

The importance sampling method can be modified to approximate both the nominator

(the unnormalised estimate) and the denominator (the normalisation constant) by using

perfect Monte Carlo. Sampling XM, ..., X®) from p, we have the approximation
1N (@) i) N
N v 2imt PXP)w(XY) (i) (i)
Trs() = N , = ZW o(X").
% > i w(X®) i—1
where W) = ZNL(&)U)) are called the normalised importance weights as they sum up to
g=1

1. Being the ratio of two unbiased estimators, estimator of the self-normalised importance
sampling is biased for finite N. However, its consistency and stability are provided by a
strong law of large numbers and a central limit theorem in Geweke [1989]. In the same

work, the variance of the self normalised importance sampling estimator is analysed and
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an approximation is provided, from which it reveals that it can provide lower variance
estimates than the unnormalised importance sampling method. Therefore, this method
can be preferable to its unnormalised version even if it is not the case that = and p are

known only up to proportionality constants.
Algorithm 2.3. Self-normalised importance sampling:
e Fori=1,...,N; generate XV ~ p, calculate w(X®) = %(X(i)).

C_ ) i) w(X®)
[ ] FO’f’Z—l,...,N, SetW()—W

o Set () = Zf\il WOp(X®),

Self-normalised importance sampling is also called Bayesian importance sampling in
Geweke [1989], since in most Bayesian inference problems the normalising constant of
posterior distribution is unknown.

One approximation to the variance of the self-normalised importance sampling esti-

mator is proposed in Kong et al. [1994] to be

1

var w35 ()] = pvars [p(X)] {1+ var, [w(X)]}

= var [Wﬂj\f[c(cp)] {1 +var, [w(X)]}.

This approximation might be confusing at the first instance since it suggests that the
variance of self-normalised importance sampling is always greater than that of perfect
Monte Carlo, which we have just seen is not the case. However, it is useful as it provides
an easy way of monitoring the efficiency of the method. Consider the ratio of variances
of the self-normalised importance sampling method with N particles and perfect Monte

Carlo with N’ particles, which is given according to this approximation by

var [ﬂ'%((p)]

m ~ %{1 + var, [w(X)]}.

The number N’ for which this ratio is 1 would suggest how many samples for perfect
Monte Carlo would be equivalent to N samples for self-normalised importance sampling.
For this reason this number is defined as the effective sample size [Kong et al., 1994; Liu,

1996] and it is given by
N

1 +wvar, [w(X)]

Neg =

Obviously, the term var, [w(X)] itself is usually estimated using the samples X, ... X ™)
with weights w(X®), ... w(X™) obtained from the method.
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2.4 Markov chain Monte Carlo

We have already discussed the difficulties of generating a large number of i.i.d. samples
from 7. One alternative was importance sampling which involved weighting every gener-
ated sample in order not to waste it, but it has its own drawbacks mostly due to issues
related to controlling variance. Another alternative is to use Markov chain Monte Carlo
(MCMC) methods [Gilks et al., 1996; Hastings, 1970; Metropolis et al., 1953; Robert and
Casella, 2004]. These methods are based on design of a suitable ergodic Markov chain
whose stationary distribution is 7. The idea is that if one simulates such a Markov chain,
after a long enough time the samples of the Markov chain will admit 7. Although the
samples generated from the Markov chain are not i.i.d., their use is justified by conver-
gence results for dependent random variables in the literature. First examples of MCMC
can be found in Metropolis et al. [1953]; Hastings [1970], and book length reviews are
available in Gilks et al. [1996]; Robert and Casella [2004].

2.4.1 Discrete time Markov chains

In order to adequately summarise the MCMC methodology, we first need reference to
the theory of discrete time Markov chains defined on general state spaces. Discrete time
Markov chains also constitute an important part of this thesis. The review made here is
limited by the relation of Markov chains to the topics of this thesis; for more details one
can see Meyn and Tweedie [2009] or Shiryaev [1995]; a more related introduction to our
area of interest in this this thesis is present in Robert and Casella [2004, Chapter 6] and
Cappé et al. [2005, Chapter 14], Tierney [1994] and Gilks et al. [1996, Chapter 4].

Definition 2.1 (Markov chain). Consider a sequence of measurable spaces {X,,, Ey}n>1,
an initial distribution 1 and a sequence of Markov kernels {M,},>> with each M, :
X1 — P(X,), where P(X,,) denotes the set of probability measures on X,,. Then, there
exists a unique stochastic process { X, }n>1 on the canonical space (I[,~, X, ®72,E,) and
admits the following probability law P, on F which is defined from the initial distribution

n and the Markov kernels { M, },>2 by finite dimensional distributions as

]P)n(Xl GAl,XQ GAQ,...,Xn € An) :/ / / ’I](dl‘l)MQ(l‘l,dl‘z)...Mn(ZL‘n_l,dl‘n)
Ay JAg An

for all n and &;-measurable A;, i1 =1,...,n.

This is the canonical definition of a Markov chain, which leads to the defining property
of a Markov chain which is that the current state of the chain at time n depends only on

the previous state at time n — 1. More explicitly, for any n and &,-measurable set A, we
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have

]Pn<Xn S A|X1:n71 = xl:nfl) = Pn<Xn S A|Xn71 = xn71>
= Mn(xnth)-

This property is also referred to as the weak Markov property, which can be stated in a

more general sense:

Proposition 2.1 (weak Markov property). Given X = x1, ..., X, = T, the process
{Xmin}n>0 is a Markov chain independent from Xy, ..., X,, whose probability law is con-
structed from the initial distribution 6,,, and the sequence of Markov kernels { M4 fn>1

in the same way as in Definition 2.1.

From now on, we will consider time-homogenous Markov chains where (X,,,&,) =
(X,€) foralln > 1 and M,, = M for all n > 2, and we will denote them as Markov(n, M).
Such Markov chains are sufficient for the purposes of considering MCMC methods and
also the other methods investigated throughout this thesis.

For MCMC, we require the Markov chain to have a unique stationary distribution 7
and to converge to m. Before that we need to review some fundamental properties a of

discrete time Markov chain to understand when stationarity and convergence are ensured.

Irreducibility: Informally, a Markov chain is irreducible if (almost) all its states com-
municate, that is, it is with a positive probability that the chain travels from any point

in X to any set in £. For discrete X it is possible to state this as
Vo, o' € X,3n > 1s.t. Py (X, =2) > 0.

For general state-spaces, we need to generalise the concept of irreducibility.

Definition 2.2 (¢-irreducibility). The transition kernel M, or the Markov chain { X, },>1
with transition kernel M, is said to be ¢-irreducible if there exists a measure ¢ on (X, €)
such that for any A € € with ¢(A) > 0, we have

Vee X, 3In>1 s.t. Py (X, € A) > 0.
Such a measure ¢ s called an irreducibility measure for M.

Recurrence and Transience: In the discrete state-space case, we say that a Markov
chain is recurrent if every of its states is expected to be visited by the chain infinitely
often, otherwise it is transient. In the general state-space case, instead of states we

consider accessible sets. A set A € £ is accessible if Ps, (X,, € A for some n) > 0 for all
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x € X. It is also useful to consider stronger recurrence properties, expressed in terms of

return probabilities rather than expected number of visits.

Definition 2.3 (recurrence). Let A be a set in E. We say A is recurrent if for all

zc A
E,

ZI[A(XH)] = 0.

Moreover, we say A is Harris recurrent if for all x € A

Finally, we say a ¢-irreducible Markov chain is recurrent (Harris recurrent) if every

accessible A € & is recurrent (Harris recurrent).

Invariant measures: We call a o-finite measure p M-invariant if p = pM. If a M-
invariant | is a probability measure then p is referred to as stationary. A Markov chain
associated with a ¢-irreducible M is called positive if there is a probability measure pu
which is M-invariant. In order to state the conditions for existence of a unique invariant

probability measure for a Markov chain, we need the definition of a small set.

Definition 2.4 (small set). Let M and v be a transition kernel and a probability mea-
sure, respectively, on (X,E), integer m > 2 and constant € € (0,1]. A set C € & is called
a (m, e,v)-small set for M, or simply a small set, if for allx € C and A € &,

Ps (X, € A) > ev(A).

Trivially, every point in X is a small set, so in discrete X every state is a small set.
Now, we have the following theorem for the existence and uniqueness of an invariant

probability measure.

Theorem 2.1. Given a Markov kernel M and a Markov chain associated to M, the
following hold

o M is ¢-irreducible and recurrent if and only if it admits a unique (up to a multi-

plicative constant) invariant measure.

o [f M admits an accessible small set C' such that

sup Ep,, [inf{n >2: X, € C}] < o0, (2.5)

zeC

then the Markov chain is positive.
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Note that while ¢-irreducibility and recurrence ensure a unique (up to a multiplicative
constant) invariant measure, existence of an accessible small set is required as well to have
an invariant probability measure. In fact, the condition (2.5) is equivalent to the property
of positive recurrence for Markov chains with discrete state-space which is necessary for

the existence of a unique stationary distribution.

Reversibility and detailed balance: One useful way to verify the existence of an
invariant probability measure for a Markov chain is to check for its reversibility, which is

a sufficient (but not necessary) condition for existence of a stationary distribution.

Definition 2.5 (reversibility). Let M be a transitional kernel having a stationary dis-
tribution and assume the associated Markov chain is started from w. We say that M s
reversible if the reversed process { Xy, = Xn—m+1ti<m<n 5 also Markov(m, M) for all
n>1.

A necessary and sufficient condition for reversibility of M is the detailed balance

condition.

Proposition 2.2 (detailed balance). We say a Markov kernel M is reversible with
respect to a probability measure 7w if and only if the following condition, known as the

detailed balance condition, holds: for all bounded measurable functions f on X x X

[z, y)p(dz) M (x, dy) = [z, y)pu(dy) M (y, dz).

XXX XXX

Also, then 7 is a stationary distribution for M.

Being a sufficient condition for stationarity, the detailed balance condition is quite

useful for designing transition kernels for MCMC algorithms.

Ergodicity: We have shown the conditions for a unique stationary distribution of a
Markov chain. The first ergodic theorem shows that these conditions are sufficient for

establishing a strong law of large numbers.

Theorem 2.2. If {X,},>1 is a positive, Harris recurrent Markov chain with invariant

distribution m, then for all w-integrable functions p,
BN
=3 0(Xi) = ().
n-
i=1
Note that this ergodic theorem is about the convergence of the sample mean and it

does not tell whether the chain will converge to its stationary distribution. For that to

happen the Markov chain is required to be aperiodic, a property which restricts the chain
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from getting trapped in cycles. In discrete state-space a cycle is defined as the greatest
common divisor of the lengths of all routes of positive probability between two states,
and if there exists no cycles of length greater than one, the chain is said to be aperiodic.
In general state-spaces, a more detailed care is required to define a cycle. It is a theorem
that there exists a (m, €, v)-small C set for a ¢-irreducible Markov chain, which enables

the following definition.

Definition 2.6 (cycle and period). A ¢-irreducible Markov chain associated to the
Markov kernel M has a cycle of length d if for some accessible (m, €, v)-small set C' d is

the greatest common divisor of
{n—1:n>2:Cis (n,e,,v,)-small for some €, > 0,v, € P(X)}

The period of the Markov chain is the largest possible cycle d for M. When the period is

1, the chain is called aperiodic.

We are now ready to state our second ergodic theorem which requires the ergodicity
of the Markov chain.

Theorem 2.3. If {X,},>1 is a positive, and aperiodic Markov chain with stationary

distribution m, then for m-almost every x € X, and all sets A € &,

sup |Ps, (X, € A) — w(A)] £ 0. (2.6)
Aeg
Moreover, if the chain is Harris recurrent with stationary distribution 7, the above holds

for everyx € X

We call a chain ergodic if it satisfies (2.6) for m-almost all = € X'; if (2.6) is satisfied
for all x € X then the chain is called uniformly ergodic. Hence we can define ergodicity

in terms of the properties of the Markov chain.

Definition 2.7 (ergodic Markov chain). A ¢-irreducible Markov chain is called ergodic

if it is positive and aperiodic; it is called uniformly ergodic if it is also Harris recurrent.

2.4.2 Metropolis-Hastings

As previously stated, an MCMC method is based on a discrete-time Markov chain which
has its stationary distribution as w. The most widely used MCMC algorithm up to
date is the Metropolis-Hastings algorithm [Hastings, 1970; Metropolis et al., 1953]. In
this algorithm, given the previous sample X,,_; a new value Y for X, is proposed using
an instrumental transitional kernel K : X — P(€). We assume for simplicity that

the product measure 7(dz)K (z,dy) has a probability density ¢(x,y) with respect to
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a dominating symmetric measure ((dz,dy) (a situation where this is not the case will
be visited in Section 2.4.3). The proposed sample Y is accepted with the acceptance
probability a(X,,_1,Y), where the function o : X x X — [0, 1] is defined as

a@,y):mm{l,gggig}, Y€ X,

Algorithm 2.4. Metropolis-Hastings: Begin with some X1 € X. Forn =2,3,...
o Sample Y ~ K(X,_1,-).
o Set X,, =Y with probability a(X,,_1,Y); otherwise set X, = X,,_1.

According to Algorithm 2.4, the transition kernel M of the Markov chain from which

the samples are obtained is such that for any bounded measurable function f defined on

' M) = [ Kodialenio)+ 1= [ K(az,dwa(x,y)] )

where we can simplify the expression by substituting p,(z) =1— [, K » K(z,dy)a(z,y), the
rejection probability of a proposed sample from K(x,-). We can check for the detailed
balance condition to see why this Markov chain has 7 as its stationary distribution. For

a bounded measurable f on X x X, we have

/X ) M. ) f(a.1) = /X ale )l fo ). dy) + /X r(da)p,(2) f (z, @)
:/x Xmin{q(a:,y),q(y,x)}f(x,y){(dx,dy)+7T(prg).

where the function ¢g : X — R satisfies g(z) = f(z, ). Since the measure ((dz,dy) and
the expression min{q(z,y), ¢(y, x)} are symmetric in (z, y), we can swap = and y in f(x,y)
in the last line, hence in the first line. This results the detailed balance condition being
satisfied for M with m. Note that existence of 7w for M ensures the recurrence of M, and
fortunately it is rare that a recurrent M is not Harris recurrent. There are also various
sufficient conditions for the M in the Metropolis-Hastings algorithm to be ¢-irreducible
and aperiodic. For example, if K is m-irreducible and «(z,y) > 0 for all x,y € X then
M is mr-irreducible; if P(X,, = X,,_1) > 0 or K is aperiodic then M is aperiodic [Roberts
and Smith, 1994]. More detailed results on the convergence of Metropolis-Hastings are
also available, see e.g. Tierney [1994], Roberts and Tweedie [1996], and Mengersen and
Tweedie [1996].

Historically, the original MCMC algorithm was introduced by Metropolis et al. [1953]
for the purpose of optimisation on a discrete state-space. This algorithm, called the
Metropolis algorithm, used symmetrical proposal kernels K. The Metropolis algorithm

was later generalised by Hastings [1970] such that it permitted continuous state-spaces
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and asymmetrical proposal kernels, preserving the Metropolis algorithm as a special case,
and its use for statistical simulation was shown. A more historical survey is provided by
Hitchcock [2003].

2.4.3 Gibbs sampling

The Gibbs sampler [Gelfand and Smith, 1990; Geman and Geman, 1984] is one of the
most popular MCMC methods, which can be used when X has more than one dimension.
If X hasd > 1 components (of possibly different dimensions) such that X = (X3, ..., Xy),
and one can sample from each of the full conditional distributions 7y (+| X1.x—1, Xx11:4),
then the Gibbs sampler produces a Markov chain by updating one component at a time
using m.’s. One cycle of the Gibbs sampler successively samples from the conditional

distributions 7y, ..., 74 by conditioning on the most recent samples.

Algorithm 2.5. The Gibbs sampler: Begin with some X, € X. Forn = 2,3,...,
generate fork=1,...,d

Xn,k ~ 7Ti<"Xn71,1:k717 anl,kJrl:d)-

For an z € X, let x_ = (#1.4-1, Tpy1.q) for k = 1,...,d denotes the components of
x excluding zy, and let us permit ourselves to write z = (zy,2_). The corresponding
MCMC kernel of the Gibbs sampler can be written as M = MM, ... My, where each
transition Kernel My : X — P(X) for k = 1,...,d can be written as

My(z,dy) = T (dyr|v—1)00_, (dy_)

The justification of the transitional kernel comes from the reversibility of each M) with
respect to 7, which can be verified from the detailed balance condition as follows. For

any bounded measurable function f on X x X,

/ﬂ(dx)Mk(x,dy)f(x,y) - /W(dx)ﬂk(dyk|$—k)5x_k(d?/—k)f(xkax—kayka?/—k)
_ / ()7 (a2 ) ( Ayl ) F (s T s i)
- / (dy) T (dary—i) £ (Tr, Y—is Yrs Yr)
_ / ()T daly—i) 6o (Ayi) F (s Tres Y Yt

— [ wldn) ity do)fa.) (2.7)

hence the detailed balance condition for M, is satisfied with «. This leads to w M, = ,

hence mM = 7, so 7 is indeed stationary for the Gibbs sampler. An insightful interpre-
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tation of (2.7) is that each step of a cycle of the Gibbs sampler is a Metropolis-Hastings
move whose MCMC kernel M is equal to its proposal kernel K i.e. the a(z,y) = 1
uniformly. This also shows that the assumption that m(dx)K (x,dy) has a density with
respect to a symmetric measure ((z,y) is not a necessary condition for the Metropolis-
Hastings algorithm. However, reversibility of each M), with respect to m does not suffice
to establish proper convergence of the Gibbs sampler, as none of the individual steps pro-
duces a ¢-irreducible chain. Only the combination of the d moves in the complete cycle
has a chance of producing a ¢-irreducible chain. We refer to Roberts and Smith [1994] for
some simple conditions for convergence of the classical Gibbs sampler. Note, also, that
M 1is not reversible either, although this is not a necessary condition for convergence. A

way of guaranteeing both ¢-irreducibility and reversibility is to use a mixture of kernels

d
Mlg:ZﬁkMk, O, >0, k=1,....d, Zﬁk:l
k=1

provided that at least one M, is irreducible and aperiodic. This choice of kernel leads
to the random scan Gibbs sampler algorithm. We refer to Tierney [1994], Roberts and
Tweedie [1996], and Robert and Casella [2004] for more detailed convergence results
pertaining to these variants of the Gibbs sampler.

Having attractive computational properties, the Gibbs sampler is widely used. The
requirement for easy-to-sample conditional distributions is the main restriction for the
Gibbs sampler. Fortunately, though, replacing the exact simulation by a Metropolis-
Hastings step in a general MCMC algorithm does not violate its validity as long as the
Metropolis-Hastings step is associated with the correct stationary distribution. The most
natural alternative to the Gibbs move in step k where sampling from the full conditional
distribution 7 (-|z_) is not directly feasible is to use one-step Metropolis-Hastings move
that updates z, by using a Metropolis-Hastings kernel M : X — P(X') such that mg(-|x_)
is M-invariant [Tierney, 1994].

2.5 Sequential Monte Carlo

Despite their versatility and success, it might be impractical to apply MCMC algorithms
to sequential inference problems. This section discusses sequential Monte Carlo (SMC)
methods, that can provide with approximation tools for a sequence of varying distribu-
tions. Good tutorials on the subject are available, see for example Doucet et al. [2000b]
and Doucet et al. [2001] for a book length review. Also, Robert and Casella [2004]
and Cappé et al. [2005] contain detailed summaries. Finally, the book Del Moral [2004]
contains a more theoretical work on the subject in a more general framework, namely

Feynman-Kac formulae.
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2.5.1 Sequential importance sampling

Let {X,}n>1 be a sequence of random variables where each X, takes values at some
measurable space (&X,,&,). Define the sequence of distributions {7, },>1 defined on the
measurable space (£, = [[\_, X, &, = Q,&). Also, let {¢,},>1 be a sequence of
functions where ¢, : Z, — R is a m,-measurable real-valued function on Z;,. We are
interested in sequential inference, i.e. approximating the following integrals sequentially
inn

Tn(pn) = B, [on(X1n)], n=1,2,...

The first method which is usually considered a SMC method is sequential importance
sampling (SIS), which is a sequential version of the importance sampling. First use of SIS
can be recognised in works back in 1960s and 1970s such as Mayne [1966], Handschin and
Mayne [1969], and Handschin [1970]; see Doucet et al. [2000b] for a general formulation
of the method for Bayesian filtering. Consider the naive importance sampling approach
to the sequential problem where we have a sequence of importance measures {g,}n>1
with each g, is a measure defined on (%, &,) such that m, < ¢, with Radon-Nikodym

derivative w,, = ‘jl’fTZ. It is obvious that we can approximate 7, (¢,) by generating samples
from ¢, independently of samples generated from ¢, ..., q,_1 and exploiting the relation

Tn(n) = Gn (Wnpn) -

This approach would require the design of a separate ¢, and sampling the whole path
X1., at each n, which is obviously inefficient. An efficient alternative to this approach is

SIS which can be used when it is possible to choose ¢, to have the form

n

n(dz1:n) = q1(d1) H Qi(dryi-1,7), (2.8)

i=1

where @, : X1.,-1 — P(E,) are some transitional kernels which are possible to sample
from. This selection of ¢, leads to the following useful relation recursion on the importance

weights

dm,,

m(%n)- (2.9)

wn<$1:n> = wn71<x1:n71)
In many applications of (2.9), the Radon-Nikodym derivative m(mm) is function
of x,_1 and z,, only. Hence, one can exploit this recursion by sampling only X, using
@, at time n and updating the weights with a small effort. More explicitly, assume a

(%)
1

set of N > 0 samples, termed as particles, X;., ; with weights wfjll fori=1,..., N are

available at time n — 1. As long as self-normalised importance sampling is concerned, it



2.5. SEQUENTIAL MONTE CARLO 27

is practical to define the weighted empirical distribution

N
1(d21m-1) Z X(z) . (dT1:n-1), (2.10)
as an approximation to m,_q, where Wr(f), 1 =1,..., N are the self-normalised importance

weights

w1 (X1 )

W = VA
n— N 7
Zi:l wn—l(Xl(:ZLq)

(2.11)

The update from 7Y ;| to 72 can be performed by first sampling X ~ Q(X 1 n 1,+) and
computing the weights w, at points Xl(:zl = (Xf:lnfl, X,(f)) using the update rule in (2.9),
and finally obtain the normalised weights W, using (2.11). A SIS estimate of m,(¢,) is,
then, given by

E:menX“

Being a special case of importance sampling approximation, this approximation has al-
most sure convergence to 7. (¢,) for any n (under regular conditions) as the number of
particles tends to infinity; it is also possible to have a central limit theorem for 7 (¢,)
[Geweke, 1989]. The SIS method is summarised in Algorithm 2.6.

Algorithm 2.6. Sequential importance sampling (SIS)
Forn=1,2,...;

e fori=1,...,N,

— ifn=1; sample X\ ~ q1, calculate w, (X") = Z%(Xl(i))~

— if n > 2; sample X ~ Qn(Xffzhp 1), set X{Z,)l = (Xf:i,)%l,X,(f)), and calculate

dm,,

WX = w, (X)) (X)),
w ( 1.n) w 1( l.nfl)d(ﬂ_n_l Q Qn)( l.n)

o fori=1,..., N, calculate

) (X0
z”wwv%

n

As in the non-sequential case, it is important to choose {g, }»>1 such that the variances
of {7 (¢n)}n>1 are minimised. Recall that in the SIS algorithm we restrict ourselves to
{qn}n>1 satisfying (2.8), therefore selection of the optimal proposal distributions sug-

gested in Section 2.3 may not be possible. Instead, a more general motivation for those
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{qn}n>0 satisfying (2.8) might be to minimise the variance of incremental importance

weights
dm,,

d(ﬂ-n—l ® Qn) <x1:n).

conditional upon x1.,_1. Note that the objective of minimising the conditional variance

wn|n—1(x1:n) =

of wy,—1 is more general in the sense that it is not specific to ¢,. It was shown in Doucet

[1997] that the kernel Q%" by which the variance is minimised is given by

Q?Lpt<x1:n717 dxn) = 7Tn<dxn‘x1:n71)- (212)

Before Doucet [1997], the optimum kernel was used in several works for particular appli-
cations, see e.g. Kong et al. [1994], Liu and Chen [1995], and Chen and Liu [1996]. The

optimum kernel leads to the optimum incremental weight

opt dm,

wn‘nfl(l‘l:n—l) =

(:L‘lzn—l)- (213)
dﬂ-nfl
which does not depend on the value of x,,. This is an interesting observation and it will

be revisited in Section 2.5.3.

2.5.2 Sequential importance sampling resampling

The SIS method is an efficient way of implementing importance sampling sequentially.
However; unless the proposal distribution is very close to the true distribution, the im-
portance weight step will lead over a number of iterations to a small number of particles
with very large weights compared to the rest of the particles. This will eventually result
in one of the normalised weights to being 1 and the others being 0, effectively leading to
a particle approximation with a single particle, see Kong et al. [1994] and Doucet et al.
[2000b]. This problem is called the weight degeneracy problem.

In order to address the weight degeneracy problem, a resampling step is introduced
at iterations of the SIS method, leading to the sequential importance sampling resampling
(SISR) algorithm. Generally, we can describe resampling as a method by which a weighted
empirical distribution is replaced with an equally weighted distribution, where the samples
of the equally weighted distribution are drawn from the weighted empirical distribution.
Here, resampling is applied to 72 | before proceeding to approximate ,. Assume, again,
that m,_; is approximated with N particles Xﬁzfl, o ,Xle with normalised weights

n—1
N (4)

Wﬁl as in equation (2.10). We draw N independent samples from 7" ,, namely X Lim—1>

1 =1,..., N such that

P(Xl(fzzq = ngfl) = WV(L];)D i,j=1,...,N.
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Obviously, this corresponds to drawing N independent samples from a multinomial dis-
tribution, therefore this particular resampling scheme is called multinomial resampling.
After resampling, for each i« = 1,..., N we sample X9 from Qn()alzl_l, -), weight the
particles Xl(zzl = ()Zl(zzhl, Xy(f)) using

N
- dm , 4
Wi o —T0__(x) S w1,
n d<7Tn71 ® Qn)< 1.n) p n

The SISR method, also known as the particle filter, is summarised in Algorithm 2.7.

Algorithm 2.7. Sequential importance sampling resampling (SISR)
Forn=1; fori=1,...,N sample Xl(i) ~ q, set Wl(i) x @(Xl(i)).

dq1
Forn=23,...

e Resample {Xl(:izl_l}lgigj\[ according to the weights {W,(Li_)l}lgiSN to get resampled
particles {)N(f:izl_l}lgisN with weight 1/N.

e Fori=1,...,N; sample XV~ Qn()?l(le_l, -), set Xl(lzb = ()?ff)_l,Xr(f)), and set

n

dm,

(%)
d<7rn71 ® Qn) (Xln)

W

The importance of resampling in the context of SMC was first demonstrated by Gor-
don et al. [1993] based on the ideas of Rubin [1987]. Although the resampling step
alleviates the weight degeneracy problem, it has two drawbacks. Firstly, since after suc-
cessive resampling steps some of the distinct particles for Xj., are dropped in favour of
more copies of highly-weighted particles. This leads to the impoverishment of particles
such that for k << n, very few particles represent the marginal distribution of X} un-
der 7, [Andrieu et al., 2005; Del Moral and Doucet, 2003; Olsson et al., 2008]. Hence,
whatever being the number of particles, ,(dx;.;) will eventually be approximated by a
single unique particle for all (sufficiently large) n. As a result, any attempt to perform
integrations over the path space will suffer from this form of degeneracy, which is called
path degeneracy. The second drawback is the extra variance introduced by the resampling

step. There are a few ways of reducing the effects of resampling.

e One way is adaptive resampling i.e. resampling only at iterations where the effective
sample size drops below a certain proportion of N. For a practical implementation,
the effective sample size at time n itself should be estimated from particles as well.
One particle estimate of Nz, is given in Liu [2001, pp. 35-36]

~ 1

Nefn = ————.
’ N )2
DAY
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Another way to reduce the effects of resampling is to use alternative resampling

methods to multinomial resampling. Let [,,(¢) is the number of times the i’th

N
n

have been proposed in the literature that satisfy E [I,,(i)] = N W? but have different
var [I,(i)]. The idea behind E[[, ()] = NW, is that the mean of the particle

approximation to m,(y,) remains the same after resampling. Standard resampling

particle is drawn from 7;' in a resampling scheme. A number of resampling methods

schemes include multinomial resampling [Gordon et al., 1993], residual resampling
[Liu and Chen, 1998; Whitley, 1994], stratified resampling [Kitagawa, 1996], and
systematic resampling [Carpenter et al., 1999; Whitley, 1994]. There are also some
non-standard resampling algorithms such that the particle size varies (randomly)
after resampling (e.g. Crisan et al. [1999]; Fearnhead and Liu [2007]), or the weights
are not constrained to be equal after resampling (e.g. Fearnhead and Clifford [2003];
Fearnhead and Liu [2007]).

A third way of avoiding path degeneracy is provided by the resample-move al-
gorithm [Gilks and Berzuini, 2001], where each resampled particle X 1(2
according to a MCMC kernel K, : Z,, — P(&,,) whose invariant distribution is .

In fact we could have included this MCMC move step in Algorithm 2.7 to make

is moved

the algorithm more generic. However, the resample-move algorithm is a useful de-
generacy reduction technique usually in a much more general setting. Although
possible in principle, it is computationally infeasible to apply a kernel to the path
space on which current particles exist as the state space grows at evert iteration
of SISR. The resample-move algorithm will be revisited in Section 2.5.4, where it
is considered as a special case of a wide class of sequential sampling methods that

operate on sequences of arbitrary spaces.

The final method we will mention here that is used to reduce path degeneracy is
block sampling [Doucet et al., 2006], where at time n one samples components
Xn_p+1n for L > 1, and previously sampled values for X, _;.1.,-1 are simply
discarded. In return of the computational cost introduced by L, this procedure
reduces the variance of weights and hence reduces the number of resampling steps (if
an adaptive resampling strategy is used) dramatically. Therefore, path degeneracy

is reduced.

2.5.3 Auxiliary particle filter

Recall that when the optimum proposal Q%" is used to sample z, the corresponding

optimum incremental weight w

opt

nln—1 does not depend on the value of x,. Therefore,

the optimum incremental weight indicates which particles are likely to represent m, bet-

ter even before proposing the new state x,. This encourages for a sequential sampling
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strategy where the optimum incremental weights are involved in deciding on with which
particles the algorithm proceeds to the next time step, and this is the strategy on which
the auziliary particle filter [Pitt and Shephard, 1999] is based. To understand how we
can implement this strategy, it is useful to see how target distributions at iterations are
modified with the resampling step in the SISR algorithm. One can show that given 72 ,
in (2.10) to be the SISR approximation to 7, 1, SISR targets the following distribution

at time n (provided that resampling step is performed)

N
Tu(do1n) o lzw@l W l(xff;_l)axﬂl(dxml)] QP! (dn |10 1) (2.14)

=1

In the standard SISR algorithm, the following proposal distribution is used to implement

importance sampling at time n

dxln - [Z X(l) . dxl:n—l)] Qn(xlzn—ladxnl

-~

_ proposing X,

resampli;rg X1n_1
which does not fully exploit the structure in (2.14). As a result we have a well known
drawback of SISR: if 7,, varies significantly compared to m,_1, the variance of the weights
can be quite high. This results in an inefficient algorithm, and a large number of particles
may be required for recovery.
Provided that one can calculate w2 (x1.,_1), a more sensible choice for g, (dx.,) could
be
- 1742,
opt(dl’l n) = [Zl Wnil(sX{?L—l (dxlznl)] Qn<dl’n‘.§lf1:n,1). (215)
where Wfﬁl o< WD wert(x% ) such that Pl ng = 1. Then, the importance
weight for particle X1(:2L = <X1(f7)1_1, X,(f)) would be
dQOpt( 1n 1) )

A dm 4 A
W@ oc 22 (X0 = X,
= dQn<X£?n_1,->( |

n

This type of particle filter is called an auxiliary particle filter in the literature. The
term ‘auxiliary’ is due to treating Xi.,_; at time n as auxiliary; because in many cases
where a particle filter is used, integration of functions on &,, with respect to the marginal
distribution 7, (dz,) is the main interest and resampling of X7, ; in this particular way
helps the Monte Carlo approximation of such integrations improve.

One remarkable point here is that if one can use @, = Q% then all the particles

have equal weights. This shows how this sampling scheme can reduce weight degeneracy
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effectively. (Notice also that @Q,, = Q%" results in the regular SISR with optimum pro-
posal, where the sampling and resampling steps are interchanged.) However, it may not
be possible (or straightforward) to sample from Q2" or calculate w2P*(x1.,—1). This does
not restrict the use of the idea behind the auxiliary particle filter, though. In fact, the
auxiliary particle filter is more general: We can perform importance sampling for 7, by

constructing a ¢, which can be generically written as

auI d{[’ln Zan 1 X(l) . dxl:n—l)@n(dxn|x1:n—l)-

We have complete control over ay,,_1 and @),,; however the idea is to be able to sample those
particles X 1(22%1 which represents m,(x1.,_1) better, and sample X,, approximately from
the optimal proposal distribution in order to have weights with low Variance Therefore,
the rule of thumb is to make a, (3) ’, and @, as close as possible to W 7, and Q2. Indeed,
the authors in Andrieu et al. [2001] propose an improved auxiliary particle filter scheme,

where (2.15) or a suitable approximation to (2.15) is suggested to be used.

2.5.4 Sequential Monte Carlo samplers

Sequential Monte Carlo samplers [Del Moral et al., 2006] cover a very large class of SMC
methods. Assume that we have a sequence of somehow related distributions mq,..., 7,
where each 7, is defined on an arbitrary measurable space (X,,,&,). There are many po-
tential choices for 7y, ..., m, leading to various integration and optimisation algorithms;
examples can be found in Chopin [2002] for static parameter estimation, Gelman and
Meng [1998] and Neal [2001] for targeting a distribution through a sequence of intermedi-
ate distributions, Del Moral et al. [2006] for global optimisation, Johansen et al. [2005] and
Del Moral et al. [2006] for rare event simulation and density estimation, and Del Moral
et al. [2012] for approximate Bayesian computation. The problem of approximating these
distributions sequentially using Monte Carlo is beyond the extend of the classical SIS or
SISR methods, since these require the distributions to be defined on increasing spaces.
The first approach that comes to mind is to treat each m, individually and perform
importance sampling for each of them independently. Obviously, this approach has the
difficulties of importance sampling: unless the distribution of interest is a standard low-
dimensional one, importance sampling is almost never used when there are alternatives.
The main reason for that is the difficulty of designing an good proposal. One reasonable
way is to do importance sampling for 7, individually, but this time by designing the
importance distributions sequentially using an initial distribution 7; and a sequence of
transition kernels {K, : X,,-1 — P(&,) }n>1- The idea here is that if the distributions m,

varies slowly in n, then it is possible to obtain samples to approximate m, effectively by
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using K, to slowly move the samples obtained to approximate m,_;. Let us assume that
we begin with sampling Xl(l), e ,Xl(N) from 7; to approximate m;. At times n > 2, we

sample X from K, (X @) ). The importance weight of X is given by

n—1s"

) — I

wl®) = y (Xff)), N (dzy) = N1 Ky (dzy,).
U

n
The choice of K,,’s are optional except the requirement that mw, < n,_1K,; however it is
crucial for the the performance of this method. In the literature, several different types of
moves are used, such as independent proposals [West, 1993], local random moves [Givens
and Raftery, 1996], MCMC and Gibbs moves [Del Moral et al., 2006], etc.

This sequential implementation of importance sampling approach is attractive and
optimal in some sense (we will see soon in what sense), however it has a quite restrictive
limitation: in most cases it is impossible to calculate the importance distribution 7,.
SMC samplers come into role at this point, circumventing the need for calculation of
Nn- The main idea of the method is to construct the synthetic distributions 7, on the

extended spaces (X; X ... X X,,E1®...®E&,) as

n—1

To(drrn) = o (day) [ [ Li(@is, day) (2.16)

=1

where each L, : X,41 — P(X,) is a backward Markov kernel. Since 7, admits m,
marginally by construction, importance sampling on 7, using the following proposal
distribution .
N (d21:0) = M1 (d21) H Ki(zi1,dz;).

=2
can provide an approximation for m, as well. Although, freedom to choose K,’s and L,’s
contribute to the method’s generality, the performance of the method crucially depends
on the their choice. In fact, the central limit theorem presented in Del Moral et al. [2006]
demonstrates that the variance of the estimator is strongly dependent upon the choice of
these kernels. The importance weight for this method is given by
dmy,
wn(xlzn) - d—;rv]n(xln)
It was shown in Del Moral et al. [2006] that given K, the optimum backward kernel

L', which minimises the variance of the importance weights satisfies the relation

M & szp—tl =M1 @ K,.
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It can be shown that the importance weights for the optimum backward kernel is

opt dm,,

W (T1n) = d—nn(xn)

w

This result reveals that the optimum backward kernel takes us back to the case where
one performs importance sampling on the marginal space instead of the extended one.
However, most of the time 7, cannot be calculated, hence other sub-optimal backward
kernels must be used. It was shown in Del Moral et al. [2006] that when L, is not used,
the variance of w,,(z1.,) can not be stabilised. For that reason, resampling of the samples
that are used for approximating m,_; is necessary before moving to the approximation of
m,. Actually, this can be done thanks to the possibility of constructing 7, such that the
importance weights can be expressed as a product of incremental weights. Assume that
m, < K, and L, < m, for all n. Then it can be shown that for a bounded measurable
function ¢, on X} x ... x A&, we have 7,(¢,) = M.(@nw,) where the importance weights

w, are given by

n
d7T1

Wy (T1.0) = d—m(l’l) H

dLi 1 (x;,-) dm;
TH@*QW(%)- (2.17)

Equation (2.17) admits a recursion in n as
wn(xlzn) - wn|n—1(xn—1a xn)wn(l‘lzn—l)

where the incremental weight wyn—1(2,-1, 2,) is given by

dm, dLn,l(xn, )
dKn(xnfh')(xn) A, 1 (n-1):

Wnjn—1(Tn_1,Tn) = (2.18)
Note that the recursive form of the weights enables us to implement an SMC method
for the synthetic distributions 7,. Actually, when (2.17) exists, the SMC sampler for
T,..., T, is the SISR algorithm targeting 7,...,7, using the initial and transitional
proposal distributions 7, and K,, n = 2,...,p respectively, and its incremental weights
are given in (2.18).

Note that, in practice even if L, is not absolutely continuous with respect to m,,
we can still obtain importance weights factorized into incremental weights by taking the
restrictions of L,’s to the supports of m,’s. Note, also, that as in importance sampling,
SIS, and SISR, even if we know 7,’s and 7,,’s only up to some normalising constants we
can still perform the SMC samplers algorithm to approximate the integrals m, and to
estimate the unknown normalising constants as well.

SMC samplers generalise many related works previously in the literature. For exam-
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ple, the annealed importance sampling method, which corresponds to the SMC sampler

without resampling where L, satisfies
ﬂ-n—lKn X Ln—l =Tp_1 ® Kn (219)

and K, is such that m, 1 is K,-invariant, is proposed by Neal [2001] for sequences of
slightly varying distributions. To deal with the variance problem for general cases, the
equivalent choice of kernels are used in (among others) Chopin [2002] and Gilks and
Berzuini [2001] with resample-move strategies, which actually corresponds to the SMC
sampler algorithm with resampling. Population Monte Carlo, presented by Cappé et al.
[2004] and Celeux et al. [2006] with an extension, is another special case of SMC samplers
where the authors consider the homogeneous case where 7, = 7w and L, (z,dz’) = 7(dx’)
and K, (z,dz") = K,(dz'). Finally Liang [2002] presents a related algorithm where 7, = 7
and K,(z,2') = L,(x,d2’) = K(x,dx’).

2.6 Approximate Bayesian computation

Assume that we have a random variable of interest X, taking values in X'. Its probability
distribution 7(dx) has a density on X with respect to a dominating measure dx, which is
abusively denoted as 7(z)!. The value of X, denoted by z, is observed indirectly through
an observation process generating values Y € ) according to conditional observation
probability distribution who also has a density on ) with respect to dy, which is denoted
as g(y|z). The density g(y|z) is also called the likelihood. The posterior distribution of
X given Y = y has the following density which is given by Bayes’ theorem

_ w(2)g(ylr)
) = T glylde

Approzimate Bayesian computation (ABC) deals with the problem of Monte Carlo ap-
proximation to 7(z|y) when the likelihood g(y|z) is intractable. By intractability it is
meant either that the density does not have a close form expression or that it is pro-
hibitive to calculate it. ABC methods try to approximate 7(x|y) without circumventing
the calculation of g(y|x) and for this reason they are also known as likelihood-free meth-
ods. The main idea behind ABC is simulating from the observation process and accepting
simulated samples provided that they are close to the observed value y in some sense.
ABC methods have appeared in the past ten years as one of the most satisfactory ap-
proach to intractable likelihood problems. This section is a brief and limited review of

the main contributions to the ABC methodology, for a more detailed recent review, one

Tt is simpler to describe the methodology in this section when we use densities instead of measures.
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can see Marin et al. [2011].

The idea core to ABC is first mentioned in Rubin [1984]; but the first ABC method
was proposed by Tavaré et al. [1997] as a special case of rejection sampling for discrete ).
It proposes to sample (x,y) from 7(x)g(u|r) and consider only those samples for which
u = y. It is not difficult to show that if the accepted samples are (X1, y), ..., (XM y),
then XM, ... X are samples from the posterior 7(z|y). Note that this a rejection

sampling method for the distribution 7(x,u|y) on X x ), which is given by

m(z, uly) o w(z)g(u|r)L,(u) (2.20)

and when this density is integrated over u, we end up with 7(z|y). This method is exact
in the sense that the obtained samples for X are drawn from 7 (z|y). However, obviously
I,(u) would not work for continuous Y, since the probability of hitting {y} will be zero.
The first genuine ABC method, proposed by Pritchard et al. [1999] as a rejection sampling

method also, relaxes I,(u) and replaces (2.20) with
Te(@, uly) o< m(z)g(ulz)Lac (u) (2.21)

where Aj is called the ABC set and defined based on some summary statistic s : Y — R4

and a distance metric p : R% x R% — R as
A, ={ue Y :pls(u),sy)] < e} (2.22)

If s is sufficient with respect to x, one can show that as € tends to zero, the marginal
of density m.(x,uly) with respect to = converges to the posterior m(z|y). In most cases
sufficient statistics are not available, hence the choice of summary statistics is of great
importance. The ABC literature is rich in papers discussing on the selection of these
sufficient statistics, see Fearnhead and Prangle [2012] for an example. The ABC method
in Pritchard et al. [1999] is also a rejection sampling method, targeting 7. (x, uly): generate
(X, U) from 7(z)g(u|r) and consider only those samples for which U € Aj. This method

is summarised in Algorithm 2.8.

Algorithm 2.8. Rejection sampling for ABC: To generate a single sample from

Te(x, uly),

1. Generate (X,U) ~ m(z)g(u|z).
2. IfU € Ay, accept (X,U); else go to 1.

Using simulations from the prior distribution 7(x) can be inefficient since this does not
take neither the data nor the previously accepted samples into account when proposing

a new x and thus fails to propose values located in high posterior probability regions.
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To overcome this impracticality of rejection sampling, an MCMC based ABC method
was developed by Marjoram et al. [2003]. The method is simply an MCMC algorithm
targeting 7. (x,uly) which uses an instrumental kernel with density ¢(z’'|x)g(u'|z") to
move samples (x,u) and takes either (z/;u') or (x,u) as the next sample according to the

corresponding acceptance probability

q(]2")m (@) Lag (')
q(@'|z)m(x)

a(az,u;x',u’):min{l, }, x, 7 € X,u, v €U.

The MCMC-ABC method is given in Algorithm 2.9.

Algorithm 2.9. MCMC for ABC: Begin with some (X1,U;) € X xU. Forn =
2,3,...

o Generate (X', U') ~ q(2'|z)g(v|2").

o Set (X,,U,) = (X', U") with probability a(X,,_1, U,_1; Xy, Uy); otherwise set (X,,,U,) =
(anh Unfl)-

It is useful to interpret the ABC posterior all in terms densities: We can consider
4 (u) as to which the density of the conditional distribution of Y given U = u, say

Ke(y|u), is proportional to. Then we can rewrite (2.21) as

m(x)g(ulz)re(y|u)
(2" g2k (y|u))dz' du’

7T6<.T,U‘y) = f
XxY

A useful generalisation of 7 (z, u|y) can be made by taking x.(y|u) some normalised kernel
with bandwidth e centred at u. In many applications, it is practical sometimes to take
k. proportional not to an indicator function but to a smooth kernel, such as a Gaussian
kernel, to make calculations tractable or to avoid computational waste due to rejections.
We will see a use of choosing a smooth kernel in Chapter 6.

Another use of kernels in defining the ABC posterior is to be able to express the
difference between the ABC posterior and the real posterior in terms of model error.
Note that the ABC suffers from model discrepancy since it corresponds to performing
Bayesian inference for the case where the observation Y has the conditional probability

density not being g(y|x) but the following:

gelylz) = /y o(ul) ()

Therefore, we say that the ABC posterior is not ‘calibrated’. A way of rephrasing this is
that if the model included an error term, characterised by s, then the ABC would target
the true posterior hence the ABC posterior would be ‘calibrated’ [Wilkinson, 2008]. This
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leads to the method of noisy ABC [Dean et al., 2011; Fearnhead and Prangle, 2012],
which adds noise to the (summary statistic of) data itself to have y¢ ~ k.(+|y), and then
perform ABC for the modified data by targeting m.(z, u|y¢), which is calibrated.

Other than approximating the posterior distribution of a single random variable,
the ABC approach also extends to sequential inference. Jasra et al. [2012] propose an
ABC implementation scheme for approximating the densities like 7, (21.,|y1.,) in hidden
Markov models (HMM), where {X;};>; is a Markov process and the distribution of the
observables {Y;};>1 conditioned on the hidden process is intractable. Their approach is
related to the convolution particle filter of Campillo and Rossi [2009]. Dean et al. [2011]
discuss the ABC implementation for HMMs further and show that the model for which
noisy ABC is exact is also a HMM; therefore they conclude that noisy ABC can be im-
plemented for HMMs. We will see the sequential implementation of ABC as well as its
use for static parameter estimation in more detail in Chapter 6.

While decreasing the value of € obviously makes 7 (z, u|y) close to the true posterior,
the variance of its Monte Carlo becomes a more crucial issue. Therefore, it is important
to keep the variance of the approximation at a reasonable level while making e suffi-
ciently small. For this reason, SMC samplers are used for approximating a sequence of
distributions {m(z, u|y) = 7, (z, u|ly) }1<k<p, where € > ... > ¢, = € and the difference
between successive ;’s are small enough to make successive 7y (x, uly) varying sufficiently
slowly. SMC samplers are used in the ABC context in Sisson et al. [2007] and the method
there was improved in Beaumont et al. [2009]; Toni et al. [2009] and Sisson et al. [2009].
Del Moral et al. [2012] showed the relation of these works to SMC samplers explicitly.
Other novelties of Del Moral et al. [2012] is that the authors rely on M repeated simu-
lations of the pseudo-data u and benefit the variance reduction property of Monte Carlo
averaging and they propose a scheme for adaptive selection of the sequence of tolerance
levels {€x}i<k<n. The forward kernel at step k is chosen to leave m_; invariant and
backward kernel is chosen to satisfy (2.19).

Other than inference of hidden variables, there is a lot of work for model selection
using ABC methods. We will not review these methods as they are not of particular
interest for this thesis; the interested reader may see Marin et al. [2011] for a review and

the references therein for details.



Chapter 3

Hidden Markov Models and

Parameter Estimation

Summary: This chapter contains the second half of the literature survey. The main
purpose of this chapter is to introduce hidden Markov models (HMM), which are also
known as general state-space models, and review their use in the literature as a powerful

framework for filtering and parameter estimation.

3.1 Introduction

HMMs arguably constitute the widest class of time series models that are used for mod-
elling stochastic dynamic systems. In Section 3.2, we will introduce HMMs using a
formulation that is appropriate for filtering and parameter estimation problems. We will
restrict ourselves to discrete time homogenous HMMs whose dynamics for their hidden
states and observables admit conditional probability densities which are parametrised
by vector valued static parameters. However, this is our only restriction; we keep our
framework general enough to cover those models with non-linear non-Gaussian dynamics.

One of the main problems dealt within the framework of HMMs is optimal Bayesian
filtering, which has many applications in signal processing and related areas such as
speech processing [Rabiner, 1989], finance [Pitt and Shephard, 1999], robotics [Gordon
et al., 1993], communications [Andrieu et al., 2001], etc. Due to the non-linearity and non-
Gaussianity of most of models of interest in real life applications, approximate solutions
are inevitable and SMC is the main computational tool used for this; see e.g. Doucet et al.
[2001] for a wide selection of examples demonstrating use of SMC. SMC methods have
already been presented in its general form in Section 2.5, we will present their application
to HMMs for optimal Bayesian filtering in Section 3.3.

In practice, it is rare that the practitioner has complete knowledge on the static pa-
rameters of the time series model which she uses to perform optimal Bayesian filtering.
This raises the necessity of ‘calibrating the model’, hence estimating its static parame-
ters. Note also that estimating the static parameters of a HMM itself may be the main

objective. Section 3.4 of this chapter contains a review of the methodology for static

39
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parameter estimation in HMMs, in particular we will present some of the popular max-
imum likelihood estimation (MLE) algorithms. We will also show how to obtain SMC
approximations of those MLE algorithms for HMMs.

Although we present optimal Bayesian filtering and statical parameter estimation
methods and their SMC approximations within the framework of HMMs, we would like
to stress that this thesis does contain time-series models which are not a HMM (at least in
the way we deal with it). We will mention such models in Section 3.2.1. The reason why
we restrict ourselves to HMMs is that the computational tools developed for them are

generally applicable to more general time series models with some suitable modifications.

3.2 Hidden Markov models

We begin with the definition of a HMM. Let {X,},>1 be a homogenous Markov chain
defined on (X,Ey). Suppose that this process is observed as another process {Y,,},>1
defined on (Y, £y) such that the conditional distribution on Y;, given all the other random
variables depends only on X,,. Then the bivariate process {X,,, Y, },>1 is called a HMM.
We give below a more formal definition which is taken from Cappé et al. [2005]; we

additionally assume that the HMM is parametrised by a vector valued static parameter.

Definition 3.1 (HMM). Let (X, Ex) and (Y, Ey) be two measurable spaces, dg > 0, and
© is a compact subset of R%. For any 0 € ©, let pg, Fy, and Gy denote, respectively, a
probability measure on (X, Ex), a Markov transition kernel on (X, Ex), and a transitional
kernel from (X,Ex) to (Y, Ey). Consider the Markov transition kernel Hy defined on the
product space (X x YV, Ex ® Ey) such that for all (x,y) € X x Y, C € Ex R Ey

HG[('CU7 y)7 C] = / F@('x7 d.ﬁl}l)G9<.T/, dyl)

c
Then, the Markov chain {X,, Y, }n>1 with initial distribution py @ Gy, and with transi-
tional kernel Hy is called a hidden Markov model (HMM) parametrised by 6.

Although this definition concerns the joint process {X,,Y,}n>1, the term ‘hidden’
is justified when only {Y, },>1 is observable. We call {X,},>1 the hidden process and
its states the hidden states, and {Y,,},>1 is called the observed process, containing the
observed states. We will deal with real valued vector processes, that is why we always
take X € R% and J € R%. Note, also, that it is Definition 3.1 from which it follows
that {X,}n>1 is Markov(ue, Fp) and observations {Y,},., conditioned upon {X,}, -,

are independent and have the conditional distributions Gy(z,, ), i.e. for every A € Ey
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and B € &y we have

Py(X1 € A) =up(A), Py(X,€A|Xin1=2T1m1) = Fp(r,_1,A), (3.1)

Py (Yo € B{Xibor = {ohiors i = 0dis ) = Golan B). (3:2)

In the time series literature, the term HMM has been widely associated with the case
of X being finite [Rabiner, 1989] and those models with continuous X are often referred
to as state-space models. Again, in some works the term ‘state space models’ refers to
the case of linear Gaussian systems [Anderson and Moore, 1979]. We emphasise at this
point that in this thesis we shall keep the framework as general as possible. We consider
the general case of measurable spaces and we avoid making any restrictive assumptions
on g, Fy, and Gy that impose a certain structure on the dynamics of the HMM. Also, we
clarify that in contrast to previous restrictive use of terminology, we will use both terms
‘HMM’ and ‘general state space model’ to describe exactly the same thing as defined by
Definition 3.1.

For the rest of the thesis, we will be dealing with fully dominated HMMs, where pyg,
Fy(z,-) and Gy(z,-) have densities with respect to some dominating measures. We give
a formal definition of a fully dominated HMM here.

Definition 3.2 (fully dominated HMM). Consider the HMM in Definition 3.1. Sup-
pose that there exists probability measures X\ on (X,Ex) and v on (Y, Ey) such that (i)
g 1s absolutely continuous with respect to X (i1) for all x € X, Fy(z,-) is absolutely con-
tinuous with respect to A with transition density function fo(-|z) and (iii) for all x € X,
Go(z,-) is absolutely continuous with respect to v with transition density function gg(-|x).
Then the HMM is said to be fully dominated and the joint Markov transition kernel Hy

1s dominated by the product measure A\ @ v and admits the transition density function

ho(2',y'|z,y) = fo(2'|x)ge(y'|2").

Therefore, for a fully dominated HMM as in Definition 3.2, the joint probability
density of (Xi.,, Y1.,) exists and it is given by

n

Po(@1m Y1) = po(x1)go (W l21) [T folwelim1)go(yelz:) (3.3)

t=2
where, with abuse of notation, we have used p also to denote the density of the probability
measure p. Note, the joint law of all the variables of the HMM up to time n is summarised

in (3.3) from which we derive several probability densities of interest. One example is the
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likelihood of the observations up to time n which can be derived as

P = [ Dol i M) (3.4)

Maximisation of this quantity with respect to € is the main interest of this thesis. Another
important probability density, which will be pursued in detail, is the density of the
posterior distribution of Xj., given Yi., = y1.,, which is obtained by using the Bayes’
theorem

o Po (xlzna yl:n)

Po(T1n|y1n) = o (W1on) (3.5)

3.2.1 Extensions to HMMs

Although HMMs are the most common class of time series models in the literature, there
are also many time series models which are not a HMM and are still of great importance.
These models differ from HMMs mostly because they do not possess the conditional
independency of observations. Here, we give two examples that we will also use in this

thesis.

e In the first example of such models, the process {X,,},>1 is still a Markov chain;
however the conditional distribution of Y,,, given all past variables X;.,, and Y;.,_1,
depends not only on the value of X,, but also on the values of past observations
ie. Yi.,_1. If we denote the probability density of this conditional distribution
90.0(Yn|Tn, Y1:n—1), the joint probability density of (Xi.,, Y1.,) is

n

]99(56’1:117 yl:n) = Me(lﬁl)ge(yﬂﬂfl) H f@(lﬁt\%tq)ge,t(yth?t, y1:t71)-
t=2
If Y, given X, is independent of the past values of the observations prior to time
n — k, then we can define a gy such that gg,(yn|Zn, Y1:n—1) = 90(Yn|Tn, Yn—g:n—1) for
all n. One example of such models is a changepoint model e.g. see Fearnhead and

Liu [2007]. We will encounter changepoint models in Chapter 4 of this thesis.

The terminology regarding the type of models where we have go(yn|n, Yn—kn—1) iS
not fully standardised. One term that is used is Markov switching models; Markov
Jump systems is also used at least in cases where the hidden state space is finite
[Cappé et al., 2005]. These models have much in common with basic HMMs in the
sense that virtually identical computational tools may be used for both models. In
the particular context of SMC, the similarity between these to types of models is
more clearly exposed in Del Moral [2004] via the Feynman-Kac representation of
SMC methods, where the conditional density of observation at time n is treated

generally as a potential function of x,.
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e In another type of time series models that are not HMM the latent process { X, }n>1
is, again, still a Markov chain; however observation at current time depends on
all the past values, i.e. Y, conditional on (Xj.,,Y7.,—1) depends on all of these
conditioned random variables. Actually, these models are usually the result of
marginalising an extended HMM. Consider the HMM {(X,,, Z,.), Y5 }n>1, where the
joint process {X,,, Z,},>1 is a Markov chain such that its transitional law admits
the density fy with respect to the product measure \; ® Ay which can be factorized

as

f@(xnu zn‘xnflu znfl) = fG,l(xn‘xnfl)f€,2<zn‘xnu znfl)-

and the observation Y,, depends only on X,, and Z,, given all the past random vari-
ables and admits the probability density gs(yn|Tn, 2,). Now, the marginal bivariate
process {X,, Y, }n>1 is not a HMM and we express the joint density of (Xi.,, Y1.)
as .
Pe(ﬂflzn, yl:n) = Me(l’l)pe,l(y1|371) H f@,l(xt|xt71>p€,t<yt‘x1:ta yl:tfl)
t=2

where the density pg.,(yn|T1:m, Y1:n—1) is given by

Po.n(YnlTrns Yrin—1) = /pé(zlznl‘xl:nla Y1n-1) fo.2(2nln, 201) 9o (YnlTn, 20) Ao (d21n).

(3.6)
The reason {X,,, Y, }»>1 might be of interest is that the conditional laws of Z;., may
be available in close form and exact evaluation of the integral in (3.6) is available.
In that case, it can be more effective to perform Monte Carlo approximation for the
law of Xi., given observations Y;.,, which leads to the so called Rao-Blackwellised
particle filters in the literature [Doucet et al., 2000a].

The integration is indeed available in close form for some time series models. One
example is the linear Gaussian switching state space models [Chen and Liu, 2000;
Doucet et al., 2000a; Fearnhead and Clifford, 2003], where X,, takes values on a
finite set whose elements are often called ‘labels’, and conditioned on {X,},>1,
{Z,,Y,}n>1 1s a linear Gaussian state-space model. A more sophisticated time
series model of the same nature is linear Gaussian multiple target tracking models,

which we will investigate in detail in Chapter 5.

Having stated that the interest of this thesis is on more general time series models
than HMMs, we note that the computational tools developed for HMMs are generally
applicable to a more general class of time series models with some suitable modifications.
For this reason we carry on this chapter with review of SMC and parameter estimation
methods for HMMs.
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3.3 Sequential inference in HMMs

3.3.1 Bayesian optimal filtering

In a HMM, one is usually interested in sequential inference on the variables of the hidden
process {X;}:>1 given observations Yi.,, = y1., up to time n. For example, one pursues
for the sequence of posterior distributions {pg(z1.n|y1:n)},,>1, Where pg(@1.,|y1n) is given
in equation (3.5). It is also straightforward to generalise_ Po(T1.|Y1.n) to the posterior

distributions of X., for any n’ > 1. For n’ > n we have

’

p@(l‘lzn’|y1:n) - pe(l‘lzn|y1:n) H f9($t|xt—1);
t=n-+1

whereas for n’ < n the density pp(z1../|y1.n) can be obtained simply by integrating out

the variables x,/1.,, i.e.

Po(T 1 |y10m) = / Po(Z1m [ ) N (At 100).

It is possible to obtain a recursion for these posterior distributions as one receives obser-
vations sequentially. Equations (3.3) and (3.5) reveal that we can write pg(Z1.,|y1.,) in

terms of py(T1.n—1|Y1:n-1) as

fo(wn|Tn—1)g6(Ynl|n)
p@(yn|y1:n—1)

Po(T1n|Y1in) = Po(T1:n—1|Y1:0—1)- (3.7)

The normalising constant pg(yy,|y1.,—1) can be written in terms of the known densities as

Po(nly1n-1) = / P0(E1mr | 1m1) Fo (n 1) 0 () A1), (3.8)

Also, by convention pp(vi|yo) = po(y1) = [ go(va|z1)pe(x1)A(dz1). The recursion in
(3.7) is essential since it enables efficient sequential approximation of the distributions
Po(T1.0|y1.n) as we will see in Section 3.3.2.

From a Bayesian point of view, the probability densities pg(z1../|y1.n) are complete
solutions to the inference problems as they contain all the information about the hidden
states Xi.,s given the observations y;.,. For example, the expectation of a measurable

function ¢, : X" — R% ™) conditional upon the observations ., can be evaluated as

Eg [@n (X1 |Y1:0] = /<p(:c1:n/)p9(:c1;n/\ym))\(dxm/).

However, one can restrict her focus to a problem of smaller size, such as the marginal
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distribution of the random variable X, k < n’, given y;.,. The probability density of such
a marginal posterior distribution py(xy|yi.,) is called a smoothing, filtering or prediction
density if £ < n, k =n and k > n, respectively. Indeed, there are many cases where one

is interested in calculating the expectations of functions ¢ : X — R% of X}, given yi.,

Eo [o(Xe) 1] = / o (w)ps (el M dr).

Although one we have pg(z1..|y1.n) for n’ > k the marginal density can directly be
obtained by marginalization, the recursion in (3.7) may be intractable or too expensive
to calculate. Therefore it is useful to use alternative recursion techniques to effectively
evaluate the marginal densities sequentially. Here, we will cover the recursions for the
filtering and one-step prediction densities. Given the filtering density pg(x,_1|y1.n—1) at
time n — 1, the filtering density at time n is usually obtained recursively in two stages,

which are called prediction and update. These are given as

p0($n|?/1:n—1) - /f@(l‘n|xn—1)p0(xn—l|y1:n—1)>\(d$n—1)7 (39)
g@(yn|$n)p9(xn|y1:n—1)
0( | ! ) pe(yn|y1:n—1) ( )
where this time we write the normalising constant as
p9<yn|y1:n71) = /p(?(xn‘yln1)g€(yn|37n))‘<d37n) (311>

The problem of evaluating the recursion given by equations (3.9) and (3.10) is called
the Bayesian optimal filtering (or shortly optimum filtering) problem in the literature. In
the following, we will look at the SMC methodology in the context of HMMs and review
how SMC methods have been used to provide approximate solutions to the optimal

filtering problem.

3.3.2 Particle filters for optimal filtering

There are cases when the optimum filtering problem can be solved exactly. One such case
is when X is a finite countable set [Rabiner, 1989]. Also, in linear Gaussian state-space
models the densities in (3.9) and (3.10) are obtained by the Kalman filter [Kalman, 1960].
In general, however, these densities do not admit a close form expression and one has to
use methods based on numerical approximations. One such approach is to use grid-based
methods, where the continuous X is approximated by its finite discretised version and the
update rules are used as in the case of finite state HMMs. Another approach is extended

Kalman filter [Sorenson, 1985, which approximates a non-linear transition by a linear
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one and performs the Kalman filter afterwards. The method fails if the nonlinearity in the
HMM is substantial. An improved approach based on the Kalman filter is the unscented
Kalman filter [Julier and Uhlmann, 1997], which is based on a deterministic selection of
sigma-points from the support of the state distribution of interest such that the mean and
the variance of the true distribution are preserved by the sample mean and covariance
calculated at these selected sigma-points. All of these methods are deterministic and not
capable of dealing with the most general state-space models; in particular they will fail
when the dimensions or the nonlinearities increase.

Alternative to the deterministic approximation methods, Monte Carlo can provide a
robust and efficient solution to the optimal filtering problem. SMC methods for opti-
mal filtering, also known as particle filters, have been shown to produce more accurate
estimates than the deterministic methods mentioned [Doucet et al., 2000b; Durbin and
Koopman, 2000; Kitagawa, 1996; Liu and Chen, 1998]. Some of the good tutorials on
SMC methods for filtering as well as smoothing in HMMs are Doucet et al. [2000b], Aru-
lampalam et al. [2002], Cappé et al. [2007], Fearnhead [2008], and Doucet and Johansen
[2009], from the earliest to the most recent. One can also see Doucet et al. [2001] as
a reference book, although a bit outdated. Also, the book Del Moral [2004] contains a
rigorous review of numerous theoretical aspects of the SMC methodology in a different
framework where a SMC method is treated as an interacting particle system associated
with the mean field interpretation of a Feynman-Kac flow.

With reference to the Monte Carlo methodology covered in Chapter 2, the filtering
problem in state space models can be considered as a sequential inference problem for
the sequence of probability distributions 7y, on the product measurable spaces (&, =
xn, &, = £2M)

To.n(dT1.0) = Do(T1n| Y1) AN(dT 1)

As we saw Section 2.5, we can perform SIS and SISR methods targeting {mg,,}n>1. The
SMC proposal distribution at time n, denoted as gy, is designed conditional to the
observations up to time n and state values up to time n — 1; and in the most general case

it can be written as

(Je,n(dﬂflzn) = QG,I(yla dﬂ?l) H Qe,t [(xlztfla yu), dfb’t]

t=2

= q@,n71<dx1:n71)Q9,n [<$1:n717 yl:n>7 dxn] (312>

In fact, most of the time the transition kernel )y, only depends only on the current
observation and the previous state, hence we simplify (3.12) by defining Qy : X x Y —
P(E) and taking

Qe,n [(xltn—la yl:n)> dxn] = Qy [("En—la yn)> xn]
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for all n > 1 with the convention Qy [(xo,y1),21] = Q¢(y1,21). Suppose we design
Qo [(x,y), -] such that it is absolutely continuous with respect to A with density gy(+|z, y).

Therefore, we can write

Go.n(drrn) = | qo(z1lyn) [ [ ao(zelzims, me) | Mdr.n) (3.13)
t=2
If we wanted to perform SMC using the target distribution 7y, directly, then we would

have to calculate the following incremental weight at time n

dmg.n . fo(wn|Tn1)g6(Ynl|n) Jo(@nln1)g6(Yn|Ts)
WMo Y= o .
d7T9 n—1 & QG Do (yn|y1:n71>q€ (xn|xn717 yn) qo (xn|xn717 yn)

In most of the applications pg(yn|y1.n—1) can not be calculated, hence %(wlm) is

not available. For this reason, instead of my, SMC methods use the following unnor-

malised measure for importance sampling

%9,n<dx1:n) = p9<x1:1w yl:n))\(dxl:n>7

where the normalising constant is pg(y1.,), the likelihood of observations up to time n.

In that case, the importance weight for the whole path X7, is given by

wn(xlzn) - wn—l(xlzn—l)wn\nfl(xn—la fEn),
where the incremental importance weight wy,,—1(21:,) is

Jo(Tn|Tn-1)96(Yn|Tn)
Qo(Tn|Tn—1,Yn)

wn|n—1 (xn—l > xn) =

Algorithm 3.1. SISR (Particle filter) for HMM
‘ , (i) (@)
Forn=1; fori=1,...,N sample Xl(z) ~ qo(-|y1), set Wl(l) oc Lo Dol Xy 7).

g0 (X{"|y1)
Forn=23,...

e Resample {X Ln_1t1<i<n according to the weights {W, 1}1<Z<N to get resampled
particles {)N(l;n_lhgigzv with weight 1/N.

e Fori=1,...,N; sample XV~ qo(- \ 1,yn) set Xl(zzl = ()?1(2)_ X,(f)), and set

m—1»

Fo(XN X ) go (| X
ao(XD1X 1 yn)

W o

We present the SISR algorithm, aka the particle filter, for general state-space models in
Algorithm 3.1, reminding that SIS is a special type of SISR where there is no resampling.
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In the following we list some of the aspects of the particle filter.

e Asin the general SISR algorithm, we can use an optional resampling scheme, where
we do resampling only when the estimated effective sampling size decreases below

a threshold value.

e A by-product of the particle filter is that it can provide unbiased estimates for
unknown normalising constants of the target distribution [Del Moral, 2004, Chapter
7]. For example, when SISR is used with an optional sampling scheme, if the last
time prior to n when resampling was performed is k, an unbiased estimator of

Po(Yk+1.n|Y1:6) can be obtained as

N n
Po(Yrs1m|yr) = Z [T waer (X2, X7).
i=1 t=k+1

We will come back to this aspect of the particle filter in Section 3.4.1.

e The choice of the kernel )y for the proposal distribution in the particle filter is
important to ensure effective SMC approximation. The first genuine particle filter
in the literature, proposed by Gordon et al. [1993], involved proposing from the prior
distribution of Xj.,, hence taking qy(z,|zn-1,Yyn) = fo(xn|r,—1) and the resulting
particle filter with this particular choice of @)y is called the bootstrap filter. Another
interesting choice is to take qo(x,|Tn-1,Yn) = qo(zn|yn), which can be useful when
observations provide significant information about the hidden state but the state
dynamics are weak. This proposal was introduced in Lin et al. [2005] and the
resulting particle filter was called independent particle filter. The optimal choice
that minimises the variance of the incremental importance weights is, from equation

(2.12),
qeopt('rn|xn*17 yn) = p@(«rn|xn717 yn)

This results in the optimal incremental weights to be wZﬁ—1<x1:n) = po(Yn|Tn_1),
which is independent from the value of x,,. First works where g," " was used include
Kong et al. [1994]; Liu [1996]; Liu and Chen [1995].

e The auxiliary particle filter for optimal filtering [Pitt and Shephard, 1999] is imple-
mented by sampling X;i.,_; among the set of the particle paths up to time n — 1

and a new X, from X in order to target

Ton(drr,) = Zwl Wi (X80 (A1) | po(TalTn1, yn)A(dzy).

Note that when pg(y,|z,—1) can be calculated and pg(z,|r,_1,y,) is available to
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sample from, then all the particles at time n will have equal weights. If this is not
the case, the proposal distribution to sample from this target distribution can be

written generally as

N
qe,n(dxlzn) = Z O‘S)fléxi'i) (dxlzn—l) q@(xn|xn—1a yn))\(dxn)
i—1 m—1

where v, _1(x,_1) and gg(x,|T,—_1,Ys) is up to choice and should be close as possible

to the ideal choice. One attempt to make Osz)_l close to W,(Li_)lpg(yn\X,(le) (up to

normalising), which was suggested in the original work Pitt and Shephard [1999] on

(@) *(4)

the auxiliary particle filter, is to take a,,” 1 = go(yn |fo1 ), where z, " is a prediction

of X,, given X , based on the dynamics of the process, e.g. x = Ey[X,,| X~ @) -

e Although the particle filter we presented in Algorithm 3.1 targets the path filtering
distributions 7y, (dz1.) = po(1m|y1:m)A(dx1,); it can easily be modified, or used
directly, to make inference on other distributions that might be of interest. For

example, consider the one step path prediction distribution

7.‘-g,n<dajlzn) = Do (xlzn‘ylznfﬁ)\(dxl:n)-

There is the following relation between my,, and 7 .

dm n n|Tn
(1) = Toor( @) folin rn- D), 5% 1) = 20
on On n

Therefore, it is easy to derive approximations to these distributions from each other:
obtaining 7T9’ from 7T7]LV | requires a simple extension of the path Xi.,—1 to Xi.,
through fp; this is done by sampling X conditioned on the existing particles paths
Xl(:izl_l, respectively for ¢+ = 1,..., N. Whereas; obtaining WéYn from 7T9:7]LV requires
a simple reweighting of the measure (or the approximate measure) according to
9o(yn|). As a second example, the approximations to the marginal distributions
¥ (dxy), k < n (or w2N(dxy)) are simply obtained from the k’th components of

the particles, e.g.

N N
N — @y
T, (dxy.,) z; W, 5)({?) (daym) = 7 (day) = z; W 5X(z)(d$k)
Note that the optimal filtering problem corresponds to the case kK = n. Therefore,
it may be sufficient to have a good approximation for the marginal posterior distri-
bution of the current state X, rather than the whole path Xj.,. This justifies the

resampling step of the particle filter in practice, since resampling trades off accu-
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racy for states X with & < n for a good approximation for the marginal posterior
distribution of X,,.

3.3.3 The marginal particle filter

Recall that the standard particle filter follows the recursion in (3.7). It estimates 7y ,,(d1.,)
by taking an estimate of mp ,—1(dz1.,—1) and augmenting it with z,, at time n. It involves
a resampling step not to suffer from high variance which is a result of the sequential
nature of the algorithm and that the dimension of the sampled paths is increased by the
dimension of the state space at each time. When it is the filtering distribution 7y, (dxy,)
that is desired, one can use a somewhat more principled approach. The marginal particle
filter (MPF) [Klaas et al., 2005] follows the recursion in (3.9) and (3.10) and performs
particle filtering for the marginal distribution my,(dx,) instead of the joint distribution
To.n(dx1.).

Assume {X W(l 1 hi<i<n is the set of particles and their weights obtained by the
MPF for the approx1mat10n of 19 —1(dx,—1). The MPF approximates the recursion in
(3.9) and (3.10) by substituting the predictive density py(x,|y1.,—1) with its approximation
Zi\il VVT(LZ_)1 f (xn|X7(21) in (3.9). Then it performs importance sampling for the following

resulting approximation of the marginal density pg(z,|y1.,)

N
Py (xn|y1n X go yn|xn ZW !En|X,(21)
=1

Although we have freedom to choose any proposal distribution gg(z,|y1.,) that has ap-
propriate support, the authors in Klaas et al. [2005] suggest a proposal which takes a

similar form, namely

N
Go(zalynn) = > Wi qo(xa X1, ) (3.14)

i=1

Note that the proposal in (3.14) suggests sampling X , from the particle estimate of
Ton—1(dr,_1) and then proposing the new component Xt. Instead, we may want to
design a proposal that samples particles which will be in high-probability regions of the
observation model. We can do this by re-weighting the particles at time n — 1 to boost
them in these regions, and this modification results in the auxiliary marginal particle
filter (AMPF) [Klaas et al., 2005]. The AMPF is the general version of the MPF where

the proposal distribution can be written more generally than (3.14) as

N

qe(~rn‘y1:n> = Z O‘S) (xn‘ 17 yn) (315>

=1
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Just as in the auxiliary particle filter in Section 3.3.2, one should ideally take
(z W X(z
TS Po(ynl X, 721)

if calculation of pg(yn|X 1) is possible; otherwise a suitable approximation of pg(yn|X,(fll)
should be used instead of py(y,| X ).

The pseudocode for the AMPF is given in Algorithm 3.2. The variance of the impor-
tance weights of the AMPF is less than or equal to the variance of the importance weights
of the standard auxiliary particle filter. Although this improvement of the marginal par-
ticle filter comes with the cost of O(N?) calculations per time compared to the O(N)
calculations in standard particle filters; it is possible to reduce this cost to O(N log N)

with a small and controllable error [Klaas et al., 2005].

Algorithm 3.2. The auxiliary marginal particle filter:
‘ . (4) ()
Forn=1; fori=1,...,N sample Xl(z) ~ qo(-|ly1), set Wl(l) oc L )eelnlX] ) ();‘?fﬁl‘))(l ).
q6 Y1
Forn=23,... 1
e Fori=1,...,N; sample X9~ ZZ lan 1q9(3:n|X 1,yn) where a9 is propor-

tional to W,Ei_)lpg(yn|X( )1) or to an approximation of it.

o fori=1,...,N; set

W

Go(ynlan) SN, W“’1f9<xn\X“ )
N 7 :
SNl (XX y)

Finally, we note that another O(N?) particle filter can be found in Lin et al. [2005]
as a special case of what the authors call the independent particle filter. The name
‘independent’ is due to their proposal distribution at time n being independent of x,,_1,
and this allows multiple matching with the previous particles which makes their algorithm
O(N?) in case of complete matching. Moreover; a slight extension of their algorithm
where the proposal distribution uses the past particles is also mentioned in their work, and

the MPF or AMPF can be considered to be equivalent to special cases of this extension.

3.3.4 The Rao-Blackwellised particle filter

Assume we are given a HMM {(X,,, Z,,), Y, }n>1 where this time the hidden state at time
n is composed of two components X,, and Z,. Suppose that the initial and transition
distributions of the Markov chain {X,,, Z,},>1 have densities py and fy with respect to

the product measure A\ ® Ay and they can be factorized as follows

po(z1,21) = por () po2(z1]x1),  fo(Tn, 2n|Tn—1, 2n-1) = fo1(@n|Tn-1) fo2(2n|Tn, 2n-1).
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Also, conditioned on (z,, z,) the distribution of observation Y,, admit a density g (+|z,, 2,)

with respect to v. We are interested in the case where the posterior distribution

ﬂ@,n(dxlzndzlzn) - p@(xlzna Zl:n|y1:n))\1(dxlzn))\Q(dzlzn)

is analytically intractable and we are interested in approximating the expectations mp ,,(¢,) =
E¢ [0n(X1:n, Z1:n)|[Y1:n] for bounded measurable functions ¢, : X" x Z* — R%™  Ob-
viously, one way to do this is to run an SMC filter for {7y, },>1 which obtains the

approximation 7}’ at time n as

N N
Wé\,fn(dxlzndzlzn) = Z Wéi)a(X{%,Zilzl)(dxlndzln)’ Z Wr(bl) - 1
i=1 i=1

However, if the conditional posterior probability distribution

7T€,2,n(dzl:n‘xl:n> = p9<zl:n‘x1:n7 y1:n))\2(d21:n)

is analytically tractable, there is a better SMC scheme for approximating my, and esti-
mating 7, (¢, ). This SMC scheme is called the Rao Blackwellised particle filter (RBPF)
[Doucet et al., 2000a]. Consider the following decomposition which follows from the chain

rule

Do (xlzna Zl:n|y1:n) - pe(xlzn|y1:n)p0(21:n|x1:na yl:n)

and define the marginal posterior distribution of Xj., conditioned on ., as

We,l,n(dib’l:n) = Do (llflzn |y1;n)>\1(dx1;n)-

The RBPF is a particle filter for the sequence of marginal distributions {7y 1, }n>1 which

produces at time n the approximation

N N
T a(din) = D WiHdw (deva), Y Wi = 1.
=1 =1

and the Rao-Blackwellised approximation the full posterior distribution involves the par-

ticle filter estimate ﬁé\flm and the exact distribution 7,

7T£{757N(dx1:ndzlzn) - Tré\jl,n(dl‘lzn)ﬂ-&ln(dzlzn|:L‘1:n)-

Then, the estimator of the the RBPF for 7y ,,(¢,,) becomes

N
o™ (0n) = 11 o (Mo [0n (X1, ) = 3 Wmgalion(X (. ).

i=1
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Assuming qo(21.0|Y1:n) = @o(T1:0—1|Y1:n-1)0(Tn|T1.n—1, Y1.n) 1S used as the proposal distri-
bution, the incremental importance weight for the RBPF is given by

Wt (T1m) = fo1(xn|Tn—1)Po(Yn|T1:0s Y1:n—1)
qo (xn‘xl:nfh yl:n)

where the density pg(yn|T1.n, Y1.n—1) 1S given by

D0 (Yn|T1n, Y1n—1) = /pe(zlm1\xl;n1,y1;n1)fe,2(zn\xn,zn1)ge(yn|xn,zn)>\2(dzl;n)-

Also, the optimum importance density which reduces the variance of wy ,|,,—1 is when the
incremental importance density qg(2y,|T1.0—1, Y1.n) 1S taken to be pg(x,|z1.0-1, Y1.n) Which
results in wi pjn—1(21:n) being equal to pg(yn|T1m—1, Y1m—1)-

The use of the RBPF whenever it is possible is intuitively justified by the fact that we
substitute particle approximation of some expectations with their exact values. Indeed,
the theoretical analysis in Doucet et al. [2000a] and Chopin [2004, Proposition 3] revealed
that the RBPF has better precision than the regular particle filter: the estimates of the
RBPF never have larger variances. The favouring results for the RBPF are basically
due to the Rao-Blackwell theorem (see e.g. Blackwell [1947]), after which the proposed
particle filter gets its name.

The RBPF was formulated by Doucet et al. [2000a] and have been implemented in
various settings by Andrieu and Doucet [2002]; Chen and Liu [2000]; Sarkka et al. [2004]
among many. We will also use RBPFs in our works presented in Chapters 4, 5, and 7.

The use of Rao-Blackwellisation is not limited to marginalising out one of the com-
ponents of the hidden state; it may be possible to use Rao-Blackwellisation in the in-
termediate steps of a particle filter. In some time series models, an exact sequential
inference is not tractable but the exact one-step update of distributions conditioned on
the approximations made prior to the current time is possible. For such models, one can
calculate an expectation of interest using this exact one-step update that is available, and
then continue by approximating this exact update with particles in order to be able to
proceed to the next time step of the particle filter. For examples of such implementation
of Rao-Blackwellisation, see Fearnhead and Clifford [2003, p. 890], Fearnhead and Liu
[2007], and the Algorithm in Chapter 4 of this thesis.

3.3.5 Application of SMC to smoothing additive functionals

In this section, we provide an example for use of particle filters which is central to this
thesis due to its relation to parameter estimation. We are interested in approximating
smoothed estimates of additive functionals of state variables in a fully dominated HMM

{Xn, Yo }n>1 defined in Definition 3.2. Let us have a sequence of functions s; : X x X — R,
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t>1andlet S, : X" — R, n > 1 be the corresponding sequence of additive functionals

constructed from s; as follows

n

Sp(T1.0) = Z Se(Ty—1,x¢)

t=1

where, by convention, we take s1(zg, 1) = s1(z1). In many instances it is necessary to

be able to compute the following expectations sequentially

SZ = 7T97n(5n) =Ky [Sn(Xlzn)|ylzn] = /Sn(xlzn)pe(xlzn|?/1:n))‘(d$1:n)-

The expectation is to be computed with respect to the density pg(x1.,|y1.,) and for this
reason SY is referred to as a smoothed additive functional. Calculation of S¢ might be of
interest for its own sake, it is also necessary for computing the filter derivative and the
gradient of the log-likelihood of observations [Del Moral et al., 2011; Poyiadjis et al., 2011],
the intermediate function of the expectation-maximisation algorithm (see e.g. Del Moral
et al. [2009]), etc.

In most cases exact computation of SY is not available due to the unavailability of
Po(T1.0|Y1.n), therefore one has to use Monte Carlo methods, specifically SMC. The first
SMC method in the literature proposed to approximate S? uses the path space approwi-
mation of my,, directly [Cappé, 2009]. Let the SMC approximation of m,, be

N N

i=1 i=1
Then, one obtains the path space approximation of the smoothed additive functional as

N
S =7 (Sa) = > WS, (X1) (3.17)

i=1

Observing Sy, (z1.,) = Sp—1(1.n-1) + Sn(@n_1, z,), this approximation can be calculated
online for n along with the particle filter, see Cappé [2009] for an application exploiting
this fact. In this approximation, there is no need to store the entire ancestry of each
particle and computational cost of calculation of §fb is linear in the number of parti-
cles, i.e. O(N). However; this approximation relies on the approximation of the joint
distribution 7y, (dz1.,) which, as already mentioned in Section 2.5.2, is well-known in
the SMC literature to become progressively impoverished as n increases because of the
successive resampling steps. Indeed, it was shown in Del Moral and Doucet [2003] that
under favourable mixing assumptions, the authors established an upper bound on the IL?

error in the path space estimate in (3.17) which is proportional to n?/v/N; and under
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similar assumptions it was shown in Poyiadjis et al. [2011] that the asymptotic variance
of the path space estimate increases at least quadratically with n.
An O(N) SMC approach that reduces the variance is fized-lag smoothing [Kitagawa

and Sato, 2001] which uses the following approximation

p9($1:k|y1:n) ~ p0<x1:k|y1:min(n,k+A)>a A > 0. (3-18>

with the idea that for large enough A the error introduced by A will be negligible. The
SMC implementation of this approximation prevents the particle filter from updating path
X1, beyond time k + A and hence reduces the variance resulting from path degeneracy.
However; choosing the lag amount A is a difficult task, and this approach introduces a
bias to the estimate of S which does not vanish asymptotically in N, see Olsson et al.
[2008].

3.3.5.1 Forward filtering backward smoothing

A standard alternative to computing SY is to use SMC approximations of fixed-interval
smoothing techniques such as the forward filtering backward smoothing (FFBS) algo-
rithm [Doucet et al., 2000b; Godsill et al., 2004]. Let us define the marginal smoothing

distributions

Nonk(dar) == mon(day) = po(Tr|yrn) A(day)

and define the backward transition kernel My,,_; : X — P(E) such that

Mo,n—1($n, dxn—l) - p@(xn—1|xna yl:n—l))\(dxn—l)-
FFBS relies on the additivity of the functional S,, and that pg(x;_1, z¢|y1.0)A(day_1dxy) =
No.nt(dxe) M1 (e, doe—q) for ¢ < mn, which lead to

n

Sﬁ = Z [n@,n,t X MG,t—l] (St) = Z / nG,n,t(dxt)MG,t—l(xta dxt—l)st($t—1a fft)-
t=1

t=1

Moreover, once my 1, . .., T, are obtained up to time n (forward filtering), 7o.n.1, - - - Mo.nn
can be obtained with a backward recursion (backward smoothing) starting from ng ,, ,,(dx,,) =

Tp.n(dz,) and recursing back with

?7,9,”715 = 77«9,n,t+1M€,t7 t=n— 17 ey 1

The SMC implementation of FFBS [Doucet et al., 2000b], which we will call SMC-
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FFBS, is based on the following alternative approximation to my,,,

where the particle approximation to the backward kernels are

MYz, drn1) =0, (dr._ Jo(n 1) . (3.20
0, 1( 1) Non—1, 1( 1)fné\fnfl,nfl(dxn—l)f@(xn|xn—1)>\(dxn) ( )
Therefore, once )y, ..., 74, are obtained up to time n (forward filtering), 03, 1, -, M3n.n

can be obtained with a backward recursion (backward smoothing) starting from 7, (dz,,)

T éY n (dxn) and recursing back with
N N N
Mot = Noni1 Moy, t=n—1,... 1

Then, the SMC approximation to FFBS leads to the following estimate of the smoothed

functional
n

St =" [ @ MY ] (se).

t=1
The SMC implementation of FFBS requires O(N?) computations per time, compared to
the O(N) path space approximation. As a return, the estimator has better properties
over the estimator of the path space approximation. Douc et al. [2011] includes a cen-
tral limit theorem for §;§’9 and time uniform deviation inequalities for the SMC-FFBS
approximations of the marginals {7y, +}1<t<n. For alternative proofs to those in Douc
et al. [2011], see Del Moral et al. [2010]. Additionally, it was shown in Del Moral et al.
[2009] that under strong mixing conditions the asymptotic variance of :5’\;2’6 as N — oo
is linear in n. More general but more complicated results on the variance of §;§’9 with

weaker conditions can be found in Del Moral et al. [2010].

3.3.5.2 Forward-only smoothing

Filtering forwards and smoothing backwards, the FFBS algorithm is surely offline, unlike
the path space approximation. Also, it may be demanding since it requires the SMC
filters 7, , to be stored up to time n. To circumvent the need for the backward pass in

the computation of SY, the following auxiliary function on X is introduced,

T (2p) = M1 @ ... ® My [Sp(-, )] (22) = Eg [S(X1:0)| Xn = Ty Y1im—1] -
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It is apparent that S = 1y, ,(T7). A forward recursion to compute {T’},>1, hence
{S%},,>1, is established by

Tg(xn) = Mpn1 [Tg_l + sn(-,xn)} = Ey [Tg_l(Xn_l) + sn(Xn_l,xn)} xn,ylm_l] )

(3.21)
for n > 2, with the initial condition T(z;) = s;(x1). Note that online calculation
of T?(z,) requires only an integration with respect to the measure M, ;(x,,-), ie.
Po(Tn-1|Tn, Y1.n—1). The recursion in (3.21) has been rediscovered independently sev-
eral times (see e.g. Elliott and Krishnamurthy [1999]; Hernando et al. [2005]; Mongillo
and Deneve [2008]) and it was called forward smoothing recursion in Del Moral et al.
[2009].

A straightforward implementation of forward smoothing recursion would be by using
Ty in (3.19) so that My, in (3.21) is approximated by MJ,_, in (3.20). It can be
shown that when this approximation is used, we calculate exactly the same quantity as
SMC-FFBS. Therefore, the preferable statistical properties of SMC-FFBS is preserved.
Moreover, although the online calculation still requires O(N?) calculations per time, it
does not need to store the SMC filters {7y, +}1<t<n. Being a forward implementation of
SMC-FFBS, we call this implementation SMC-forward smoothing, or SMC-FS. SMC-FS
proves to be a very useful tool for online parameter estimation, as we shall see in Section
3.4 and throughout this thesis.

Algorithm 3.3. SMC-FS: Forward only SMC computation of FFBS for smooth-
ing additive functionals

Forn=1;
e compute the SMC approximation {Xl(i), Wl(i)}lgiSN formgia.
e Fori=1,...,N, set Tl(i) = sl(Xl(i)).
Forn=23,...
o Compute the SMC approzimation {X,(f), W,gi)}lgiSN for Mo n.n.
o Forvo=1,...,N; set
S [T+ sa (X2, X)W, £ (X0 X))
S W fa(X X |

T =

e Calculate 5’\;’9 = EZ]\LI W,S”T,i’@,

We present the SMC-FS algorithm in Algorithm 3.3. We note that; since SMC-FS

relies on particle estimates of the filtering distributions {7y, }n>1 only, the marginal
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particle filter in Section 3.3.3 can be used in Algorithm 3.3 the instead of the standard
particle filter. Finally, note that the SMC implementation of the forward smoothing
recursion by using the path space approximation is trivial in the sense that it reduces to

the approximation given in (3.16).

3.4 Static parameter estimation in HMMs

One problem that is largely dealt in the literature is that of estimating the true static
parameter 0* of the HMM given observations y;., up to time n. There are two main
approaches to solving the parameter estimation problem, the Bayesian approach and the
maximum likelihood approach. We briefly summarise Bayesian methods and then give
a more detailed review on the maximum likelihood parameter estimation methods. We
refer the interested reader to Kantas et al. [2009] for a comprehensive review of SMC

methods that have been proposed for static parameter estimation in HMMs.

Bayesian parameter estimation: In the Bayesian approach, the static parameter is
treated as a random variable taking values 6 in © with a probability density 7(6) with
respect to a dominating measure dfl, and the aim is to evaluate the density of the posterior
distribution of 6 given v.,, which follows from Bayes’ theorem as

1(0)pe(y1:n)

1) = rn(0)d0 (3.22)

When the likelihood py(y;.,) is analytically available, one can simply apply a MCMC
scheme for the posterior 7(0|y;.,). An MCMC algorithm can be inefficient when n is
large; however online Bayesian methods are also available. For example, the method
in Chopin [2002] is based on the SMC approximation of the sequence of distributions
{n(df|y1.t) }1<t<n. This approach is equivalent to the resample-move algorithm described
in Gilks and Berzuini [2001], which is a special SMC sampler.

More sophisticated techniques are required when py(y;.,) cannot be computed, which

is usually the case for a general HMM. The methods developed for this case consider

e the joint density p(6, z1.,|Y1.n) = 1(0)po(21.n|Y1.) in the batch parameter estimation
setting

e the sequence of posterior densities {pg(6, z1.¢|y1.+) h1<t<n in the online parameter

estimation setting.

One elegant method used in the batch estimation setting is particle MCMC (PMCMC)
[Andrieu et al., 2010]. Notice that an ideal Metropolis-Hastings algorithm targeting

Po(0, T1.,|y1.n) is not feasible in general since it requires exact sampling from pg(x1.,|y1.n)
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and exact calculation of py(y1.,). A particle version of the Metropolis-Hastings algorithm,
which was called PMMH in Andrieu et al. [2010], runs an SMC for pg(z1.,|y1.n) With N
particles and uses the SMC approximation of the unknown quantity pg(y1.,). The validity
of this approach is not trivial to show; see, again, Andrieu et al. [2010] for a derivation.
In the same work, a particle version of the Gibbs sampler was also developed.

In Andrieu et al. [2010] the variance of the acceptance rate of the PMMH algorithm
was numerically shown to be proportional to n/N under favourable mixing conditions.
This suggests that one needs to increase the number of particles linearly with n in order
to keep the performance of the PMCMC algorithm at a certain level. Therefore, for
large n PMCMC may not be practical and online parameter estimation methods may be
required.

Although with possible modifications, all of the Bayesian methods for online pa-
rameter estimation rely on the SMC approximation of the sequence of distributions
o0, z14|ly14), 1 < t < m. At first sight, it seems easy to achieve this using standard
SMC methods by introducing the extended state {6, X,},>1 with the initial distri-
bution g, (1) A(dz1)n(61)dl and transitional distribution fp, (x,|z,—1)A\(dx,)de, _, (d6,).
This implies 6,, = 6,,_1; therefore an SMC algorithm explores the parameter space only
at its initialisation. As a result of successive resampling steps, we will end up with only a
single value for #, which makes the approximation to the marginal distribution 7(df|y.,)
clearly a bad approximation. Several methods have been proposed to avoid degeneracy
of particles for the static parameter of the HMM. We briefly mention them below.

One approach to avoid degeneracy, proposed originally in Gilks and Berzuini [2001],
is based on adding MCMC steps to re-introduce particle diversity. Assume that the SMC
approximation to p(6,1.,|y1.,) at time n contains particles (Q,gi),Xl(le), i=1,...,N,
with equal weights. To add diversity in this population, a MCMC kernel K, which leaves
p(d(0, x1.,)|y1.,) invariant is applied to each of the particles. One remarkable point is
that the MCMC kernel need not be ergodic; indeed in practice one designs K, so that it
moves only 0 and last L components of Xl(lzl A first use of this method in an online
Bayesian parameter estimation context is seen in Andrieu et al. [1999], K, is taken to be

a Gibbs move to update the parameter value only, i.e.
K, [('rl:nv 9)7 d('r/lznv 9/)] = 5331:n (dxll:n>p<9‘x1:n7 yl:n)de

Similar strategies were used in Fearnhead [2002] and Storvik [2002]. The use of MCMC
within SMC steps is particularly elegant when (z1.,,%1.,) can be summarised by a set
of fixed dimensional sufficient statistics; since then the memory and computational re-
quirements for calculating densities such as pg(y1.,|71.n) or p(0|T1.n, y1.n) does not increase
with time. Unfortunately; these MCMC-based methods suffer from the path degeneracy

problem of the SMC approximation, since the error in the estimate of py(x1.,|y1.,) will
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lead to an error in sufficient statistics to be used and these errors build up over time.
This disadvantage was first noticed in Andrieu et al. [1999] and a convincing example
was provided in Andrieu et al. [2005].

Another MCMC-based online Bayesian estimation method is called practical filtering
[Polson et al., 2008], which relies on a fixed-lag approximation as in (3.18). As for all
fixed-lag approaches, it is hard to tune the amount of lag and control the non-vanishing
bias introduced by the approximation.

Alternative to MCMC-based methods to avoid degeneracy, another class of methods
are based on introducing artificial dynamics for the parameter [Higuchi, 2001; Kitagawa,

1998]. More explicitly, it is assumed that
01 ~n(01), Op="0n1+6, n>2,

where €, is a small artificial dynamic centred noise whose variance is decreasing with
n. Obviously, SMC applied to approximate {p(6,, T1.n|¥1:n) }n>1 under this assumption
will have better properties than before in terms of degeneracy. This approach is closely
related to the kernel density estimation method in Liu and West [2001], which proposes
regularising smoothing the empirical measure of the posterior distribution of the param-
eter with a smooth kernel density, such as Gaussian or Epanechnikov. A more general
approach where the kernel smoothing approach is also applied to the components of the
HMM is given in Campillo and Rossi [2009]. All these methods who introduce artificial
dynamics to the parameter require a significant amount of tuning and it suffers from bias

which is hard to quantify.

Maximum likelihood parameter estimation: In the maximum likelihood approach
to parameter estimation, one has a point estimate obtained by calculating the value of 6

that maximises the likelihood pg(y.,) over all the possible values of 0, i.e.
Onir, = arg max py(y1.5).

This procedure is called maximum likelihood estimation (MLE). In this thesis we will
investigate methods for MLE applied to several time series models. In the following we
present some of the MLE methods directly applicable to HMMs.

3.4.1 Direct maximisation of the likelihood

The traditional approach of ML is to try to calculate the maximiser of py(y1.,) with
respect to 6 by direct calculation of py(y1.,). Note that ps(yi.,) also satisfies the following
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recursive form

n

po(y1:n) = po(y1) Hpe(yt|y1:t71) = Po(Y1:n—1)P6 (Yn|Y1:n-1)- (3.23)
=2
The incremental likelihood pg(yn|y1.,—1) may be obtained by exploiting one the expres-

sions for it, such as the one in (3.8) or (3.11), whichever is available. In practice, one uses
the log-likelihood

lo (ylzn) = log pe(ylzn)

which is numerically better-behaved since this time the product in (3.23) is replaced by
a sum.

It is rarely the case that the likelihood (or log-likelihood) is in closed form and can
be maximised analytically. When it is not in closed form but it can be calculated, grid
based methods, where the likelihood is calculated on a grid based representation of © with
enough resolution, can be used. When even the likelihood can not even be calculated,
SMC approximation can be applied. Let 71, ..., 7 be the times when the resampling step
is applied in the particle filter in Algorithm 3.1 and let 7y = 0 and 74,7 = n. It is shown
in Del Moral [2004, Chapter 7] the following estimator of py(y1.,) is unbiased

k+1 N 7j
pé\[(yln) = Hpé\[(yTj,1+1:Tj|y1:Tj71)7 pé\[(yTj,1+1:Tj|y1:Tj,1) = Z H wszt)fl
J=1 i=1 t=7;_1+1

Based on this unbiased estimator, an estimate of lp(y1.,,) is

k+1
lé\[(yln) e Z logpé\[(yTj,1+1:Tj ‘yl:Tj—l)

j=1

which is obviously biased due to the non-linear transformation of the unbiased estimators.
The bias can be reduced by using the following standard technique based on a Taylor
series expansion, see Andrieu et al. [2004].

Direct maximisation of the likelihood by means of calculating it point-wise is not a
practical approach unless © is a discrete space with small number of elements or a con-
tinuous space which can be well approximated by a grid. Unfortunately, these conditions
do not hold in almost all cases mainly because 6 is of large dimension. In the following we
will review two alternative approaches that maximises pg(y1.,) (at least locally) indirectly

without calculating it.
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3.4.2 Gradient ascent maximum likelihood

Gradient based maximum likelihood methods work with the gradient of the log-likelihood
rather than itself. The gradient ascent algorithm is an iterative procedure implemented
as follows: We begin with (¥ and assume that we have the estimate §U~1) at the end of

the the (j — 1)’th iteration. At the j’th iteration we update the parameter
9(]) = e(jil) + fijel@ (ylzn> ‘9:9(1*1) :

The gradient term Vyly(y1.,) is also called the score vector. Here {7;};>1 is the sequence

Y yi=00, Y 4l <o, (3.24)

j=0 j=0

of step sizes satisfying

ensuring convergence of the algorithm when it is used with the Monte Carlo approxima-
tions Vévlg(ym) of the score vectors. A common choice is v, =n"% for 0.5 <a < 1.
One way to calculate the gradient term is to use Fisher’s identity for the score vector

as

Volo(yn) — / P0(T1om, Y1on) 108 Po (@ 1ms Y A (A1), (3.25)

i.e. the expectation of the complete data log-likelihood with respect to the posterior

distribution of the latent variables. Equation (3.25) can be rewritten as

Vele(ylzn) = 71-G,n(SG,n) (326)

where Sp,, : X" — R% is the additive function of of x.,

n

59771(1‘1!71) = Z Se,t(xt—la xt)a (327)

t=1
86,1($0,$1) = 50,1@1) = Vylog Me(%) + Vo 10g90(?/1|$1)
Se,t(wt—laxt) =Vy loggo(yt|$t) + Vylog f0($t|$t—1), t>2.

Notice that since Sy, is in the additive form, the approximation to its expectation
To.n(Spn) can be carried out with one of the Monte Carlo methods mentioned in Sec-
tion 3.3.5 when exact calculation of 7y ,,(Sp,,) is not available. An SMC estimate of the
score vector using the O(N) path space approximation was provided in Andrieu et al.
[2004]. However; it was shown in Poyiadjis et al. [2011] that the variance of this estimate
increases typically quadratically with n. For this reason, Poyiadjis et al. [2011] proposed
to use the O(N?) method that is based on FFBS to estimate Vyly(y1.,), and it was shown
in Del Moral et al. [2011] that this SMC estimate is stable.

An alternative to Fisher’s identity to compute the score vector Vylg(y;.,) is a method



3.4. STATIC PARAMETER ESTIMATION IN HMMS 63

based on infinitesimal perturbation analysis which was proposed in Coquelin et al. [2009].
This method is also estimating the expectation with respect to pg(z1.,|y1.n) of an additive
functional of the form Y | sg(z¢_1, x:); so all the SMC smoothing techniques described

in Section 3.3.5 can also be applied to estimate this expectation.

3.4.2.1 Online gradient ascent

The batch gradient ascent MLE algorithm may be inefficient when n is large since each
iteration requires a complete browse over the whole data sequence. An alternative to
the batch algorithm is possible via online calculation of the score vector, leading to a
recursive maximum likelihood algorithm which we will call online gradient ascent. An
online gradient ascent algorithm can be implemented as follows [Del Moral et al., 2011;
Poyiadjis et al., 2011]: Let #; be the initial guess of 8* before having made any observations
and at time n and let 6., be the sequence of parameter estimates of the online gradient
ascent algorithm computed sequentially based on y.,_1. When v, is received, we update

the parameter

9n+1 = Hn + fYnVG 10gp«9<yn‘y1:n71) ‘9:9n' (328>

The incremental gradients Vg log pg(y,|y1.n—1) can be calculated sequentially from the

gradients Vyly(yi.,) using the relation

VG logpe(yn|y1:n—1) - VGZG(ylzn) - Vele(y1:n—1)
= m0,0(So,n) — To.n-1(So,n-1)- (3.29)

However, since 0, is changing over time, (3.29) hence (3.28) is impractical to calculate

sequentially. In practice, the integrals 7y, ,,(Sp, n) are approximated by

n
TO1.0,n E Set(l’tfl’xt) )
t=1

where 0., in 7y, , indicates that the distributions are calculated sequentially with vary-
ing 0’s.

This approach has previously appeared in the literature for finite state-space HMMs,
see e.g. Le Gland and Mevel [1997] and Collings and Ryden [1998]. The asymptotic
properties of this algorithm, i.e. the behaviour of 8,, in the limit as n goes to infinity, has
been studied by Titterington [1984] for i.i.d. hidden processes and by Le Gland and Mevel
[1997] for finite state-space HMMs. It is shown in Le Gland and Mevel [1997] that under
regularity conditions this algorithm converges towards a local maximum of the average

log-likelihood and that this average log-likelihood is maximised at 6*.

Algorithm 3.4. SMC-online gradient ascent algorithm
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Choose 1. Set So =0. Forn=1,2,...;
o Ifn=1,
— Compute the SMC approzimation {Xl(i), Wl(i)}1<l-<N for g, 1.1
— Fori=1,...,N; fork=1,...,r setT,Y 1k = Vo log,ug(X( ))+V9 loggg(y1|X( ))
ifn > 2,
— Compute the SMC approzimation {X,(f), W,Si)}lgiSN for ngy... nn-

— Fori=1,...,N set

v,n = i - .
zjf T 1 |X,5£’1>

where s,(X;/1, Xi") = Vo, log fo, (X0 |X;/)) + Vo, 108 go, (4] X5)
e Cualculate S, = Ef\il W,S’)Ty@l and set 0,1 = 0n + Yn (Sn — Snz1)-

A SMC online gradient ascent method, which can be seen as a particle version of
the recursive maximum likelihood algorithm of Le Gland and Mevel [1997] is given in
Algorithm 3.4. This algorithm is based on the O(N?) SMC approximation of (3.29) and

calculates

9n+1 - ‘9 +7n

7r(,1 <259t Te_1, Ty ) —ﬁgm I (Zset Tp_1, Ty )] . (3.30)

In Poyiadjis et al. [2011], this algorithm is used with the MPF described in Section 3.3.3
in order to approximate the filtering distributions 7y, ,. A very similar algorithm, which
is equivalent to Algorithm 3.4 in principle, can be found in Del Moral et al. [2011]; the
difference is that the authors include 6, in the calculation of the second term in (3.29)

by using the relation

ﬂ@,n—l(SG,n—l) - %G,n(SG,n—l + VG 108; f@(xn|xn—1))~

We remind that 7y, is distribution of X}, conditioned on y;.,,—1. Hence, (3.30) is replaced
by

9n+1 = Hn +Yn

t=1

n n—1
o (Z 56,5(3715173715>> — 7 (Ven 10g fo, (Tn|Tn_1) + Y _ so,(x1- 1%))] :
t=1

and the online implementation of this update is derived using the filter derivative at

time n. Similar to the O(N?) particle approximation to 7y,(Sp,), the O(N?) particle
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approximation of 7y, (Sp,,) can be performed by taking
AN MY ®... MY

where ﬁévnn(dxn) = %\é\fn(d:ﬁn) is the particle approximation to the one step prediction

distribution obtained by marginalising the path particle approximation %éYn.

3.4.3 Expectation-Maximisation

The ezpectation-mazimisation (EM) algorithm [Dempster et al., 1977] is one of the most
popular methods for MLE. Given Y1., = y1.,, the EM algorithm for maximising pg(y1.,)
is given by the following iterative procedure: if 89 is the estimate of the EM algorithm
at the jth iteration, then at iteration j + 1 the estimate is updated by first calculating
the following intermediate optimisation criterion, which is known as the expectation (E)

step,

Q(e(])ae) - /logpe(xlznayl:n)pe(j)(x1:n|y1:n)A(dx1:n)

= Eg0) [log po(X1:n, Y1:)|Y1:n] - (3.31)

The updated estimate is then computed in the maximisation (M) step

6UT) — argmax Q(AY), 6) (3.32)
0cO
The EM algorithm produces a sequence {6} ;51 such that {py;) (y1.n) };>1 is non-decreasing,
and under mild conditions this sequence is guaranteed to converge to a maximum point
of pg(y1.n). In practice, the procedure in (3.31) and (3.32) is repeated until #) ceases to
change significantly.
One important observation here is that the integrand in (3.31), which is the joint-log

density of the complete data (x1.,,¥1.n), has the following additive structure.

log po (1.0, Y1:n) = po(21) + log go(y]x1) + Z log fo(we|we—1) +1og go(yelze)  (3.33)

t=2
Moreover, equation (3.33) suggests that when pg(z1.,,y1.,) belongs to the exponential
family with respect to 0, then there exist an integer » > 0, functions s;; : X x X — R,
1 =1,...,7, t > 1, such that the E-step and M-step of the EM algorithm reduce to

calculating

(9 - .
S% = o) n(Sin) = Egi) [Sin(Xin)| Y1)y Sin(T1:m) = Z Sip(Teo1,2e), i=1,....m,
t=1
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and applying a maximisation rule A : R” — © to compute (3.32) such that
gu) = A (Sfi’j, o sffj) . (3.34)

Functionals S ,,...,S,, are also called the sufficient statistics of the complete data

(xlznu yl:n>-

3.4.3.1 Stochastic versions of EM

The intermediate function Q(A), 6) of the EM algorithm can be computed exactly only
in few HMMs such as linear Gaussian HMMs or finite state-space HMMs. When Q(619), 9)
cannot be computed exactly, Monte Carlo approximation must be used to numerically
estimate it. The additive structure of logpg(x1.,,y1.,) allows us to use several SMC
smoothing techniques for estimating Q (69, #); see Andrieu et al. [2004] for the path space
approximation, Olsson et al. [2008] for the fixed-lag approximation, Wills et al. [2008] for
the FFBS approximation and Briers et al. [2010] for generalised two-filter smoothing.
Using Monte Carlo estimate of the intermediate function leads to the stochastic ver-
sions of the EM algorithm. There are three different main stochastic versions of the EM

algorithm proposed in the literature, we will review them below.

e [f we use a constant number N of particles for all iterations, the resulting algorithm
is called the stochastic EM algorithm (SEM) [Celeux and Diebolt, 1985]. Since
the Monte Carlo variance is never reduced over iterations, this algorithm will not
converge to a point in ©; however one expects to have an ergodic homogeneous
Markov chain of estimates {0)};5o whose stationary distribution is concentrated
around 0y, [Nielsen, 2000].

e The settlement of the Markov chain in the SEM algorithm to its equilibrium may
take too much time. An alternative to SEM is introduced in Wei and Tanner
[1990] and is called Monte Carlo EM (MCEM). In MCEM, the number of particles
for Monte Carlo approximation increases with j in order to ensure convergence to
the maximum likely parameter value Oy, rather than convergence to a stationary
distribution around it. The disadvantage of this approach is having to use an
increasing amount of computational resource because of the increasing number of

particles over iterations.

e Another stochastic version of the EM algorithm involves a stochastic approximation
procedure for which it is called stochastic approzimation EM (SAEM) [Delyon et al.,
1999]. In SAEM, the E-step involves a weighted average of the approximations of
the intermediate quantity of EM obtained in the current as well as in the previous

iterations. Specifically, consider step size sequence {v;},>o satisfying the conditions



3.4. STATIC PARAMETER ESTIMATION IN HMMS 67

in (3.24). Then we calculate the weighted average of the estimates Q™ (0Y),0) of

the intermediate functions recursively as

Qq;(0) = (1 —7;) Qv j—1(8) + 7, QN (89, 0),

with the initialisation @), _;(f) = 0 and at the M-step at iteration j 6;;; is set
to be the maximiser of (), ;(#) with respect to 8. When py(z1.,, y1.n) is in the
exponential family, the above recursion is in terms of the smoothed estimates of

sufficient statistics; we will see a use of SAEM in this case in Chapter 5.

3.4.3.2 Online EM

The online EM algorithm [Cappé, 2009, 2011; Elliott et al., 2002; Kantas et al., 2009;
Mongillo and Deneve, 2008] is a variation over the batch EM where, as in online gra-
dient ascent algorithm, the parameter is re-estimated each time a new observation is
collected. We assume that pg(z1.,, Y1.n,) is in the exponential family and there exists suf-
ficient statistics so that the M-step can be characterised by (3.34). In the online EM
algorithm, running averages of Sgn are computed. Specifically, let v = {7, }n>1, called
the step-size sequence, be a positive decreasing sequence satisfying > ., v, = oo and
35172 < 0o. Let 6y be the initial guess of 8* before having made any olgservations and
at ti_me n and let 61, be the sequence of parameter estimates of the online EM algorithm
computed sequentially based on y;.,_1. When y, is received, online EM computes for

1=1,...,r

T%im(xn) = My,,, n1 [(1— ’7n>Tfy,i,n*1 + "Ynsi,n('v )] (Tn), (3.35)
Sisn = Movnnn(Tyin) (3.36)

and then sets

9n+1 =A (Sl,nu v 78r,n> .

The subscript 6,., on My, ,—1 and ng,., »» indicates that these laws are being computed
sequentially using the parameter 6, at time ¢, ¢ < n. In practice, the maximisation step
is not executed until a burn-in time n, for added stability of the estimators as discussed
in Cappé [2009].

The online EM algorithm can be implemented exactly for a linear Gaussian state-space
model [Elliott et al., 2002] and for finite state-space HMM’s. [Cappé, 2011; Mongillo and
Deneve, 2008]. An exact implementation is not possible for state-space models in general,
therefore SMC implementations of the online EM algorithm are used. Both the O(N)
and O(N?) approximations are used for the SMC implementation on online EM in the
literature, we present both of them in Algorithms 3.5 and 3.6. The first SMC online
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EM algorithm, proposed in Cappé [2009] uses the path space approximation to equations

(3.35) and (3.36) resulting in Algorithm 3.5. The O(N?) approximation was proposed in
Del Moral et al. [2009], resulting in Algorithm 3.6.

Algorithm 3.5. SMC-online EM: O(N) implementation
Choose 601. Forn=1,2,...;

o [fn=1,

— Compute the SMC approzimation {Xl(i), Wl(i)}lgiSN for mp, 1.
— Fori=1,...,N; fork=1,...,r set Tégl = sm(Xl(i)).

ifn > 2,
— Compute the SMC approzimation {Xl(z,)” W,Si)}lgiSN for mg,., n. Construct the
N x 1 vector A of resampling indezes such that X\9 = (XAD) x [y,

— Fori=1,...,N; set j = A(i), and compute for k =1,... r set

Ty = (L= 3Ty + s (X, X ).

n—1“*n

o If n > mny, calculate Sy, = le\il W,gZ)TéZ,)m for k. = 1,...,r and set 0,1 =
A(Sin,-.-,Srn). Else, set 0,41 = 0,.

Algorithm 3.6. SMC-online EM: O(N?) implementation
Choose 01. Form=1,2,...;

°J

o Ifn=1,

— Compute the SMC' approximation {Xl(i), Wl(i)}lgiSN for mg, 11
o= L N ok = 1 s T8, = ).

ifn > 2,

— Compute the SMC approzimation {X,(f), W,&“}KGN Jor Mo, nn-
— Fori=1,...,N; fork=1,....r set

S [ = 3T s + Fusin (X0 X WD fo, (XX
S Wil fo, (X710

n

T(i) B

v,k,n

o If n > mny, calculate Sy, = Zl]\il W,SZ’)TS,)W for k = 1,...,r and set 0,1 =
A(Sin,-.-,Srn). Else, set 0,41 = 0,.
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3.4.4 Iterated filtering

As a batch MLE method for HMMs, iterated filtering Ionides et al. [2011] can be useful
to non-linear state space dynamics. The iterated filtering algorithm works as follows. We
begin with () and assume that at the end of the j —1’th iteration we obtain the estimate
0U). Tterated filtering extends the HMM further as { Xy, 0, Y;}i>1 by introducing a slowly
moving Markov chain for the static parameter as {6;};>;. At iteration j, the Markov

chain for {6, };>; is a random walk typically with Gaussians steps.
0y ~ N(09, 725, Okl0hy ~ N (Op_1,07%), k> 2. (3.37)

At iteration j, one runs an SMC filter for the {Xi,60;, Y, };>1 with N; particles, and
calculates at every time step the mean and variance estimates for #; with respect to the

filtering and prediction densities, respectively
my = Ee(j—l) [0t|y1:t] s Vk = ’UCLT@(j-l) [0t|y1:t—1] s t = 1, e, n. (338)

Denoting the SMC estimates of these quantities as m; and V; and letting mo = 0, the

algorithm updates the parameter estimates by

0U) = gU= 4 Z V, (g — fq) (3.39)

t=1

Actually, the quantity Y ;| 17[1(771,5 — my_1) is an approximation to the gradient of the
log likelihood, Vglg(y1.,) at @ = U1,

Here, the positive sequences {7;},>0 and {o;};>¢ satisty the conditions lim; . 7, =0
and lim; .., 0;/7; = 0, which are the conditions leading to an annealing schedule. More-
over, the sequences of number of particles and step sizes must satisty N;7; — oo and
> j vijj_lTj_Q < 00, which are the conditions for convergence of the stochastic approxi-

mation for € to a local maximum [lonides et al., 2011].

3.4.5 Discussion of the MLE methods

One one hand, one might prefer a gradient ascent procedure over the EM algorithm for
a number of reasons. Firstly, when ly(y1.,) is a concave function of 6, if ; is replaced by
—fyjl“j_l where I'; is the Hessian of ly(y1.,) evaluated at §;, then the rate of convergence is
quadratic and thus faster than the EM which converges linearly. The Hessian matrix can
be estimated using SMC techniques, see Poyiadjis et al. [2011]. Secondly, the gradient
ascent algorithm is more general since it can be implemented in those cases where M-step

of the EM cannot be solved in closed-form. On the other hand, scaling the gradients
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might be quite hard. In addition, the EM needs less tuning and its M-step is typically
numerically stable. Therefore, one might prefer an EM approach if the M-step can be
computed analytically. Finally, both approaches have online versions, which makes them
very powerful tools in dealing with large sequential data sets.

An advantage of iterative filtering over standard gradient and EM techniques is that
it only requires being able to sample from fy(2'|x) and there is no explicit calculations
of the derivative. However, it might require a bit of tuning when the parameter is high-
dimensional. Another disadvantage of iterated filtering is the necessity to use increasing
number of particles versus iterations in order to ensure convergence. Finally, iterated

filtering does not have an online version hence can only be used in a batch setting.



Chapter 4

An Online

Expectation-Maximisation

Algorithm for Changepoint Models

Summary: Changepoint models are widely used to model the heterogeneity of sequential
data. We present a novel sequential Monte Carlo (SMC) online Expectation-Mazximisation
(EM) algorithm for estimating the static parameters of such models. The SMC online
EM algorithm has a cost per time which is linear in the number of particles and could
be particularly important when the data is representable as a long sequence of observa-
tions, since it drastically reduces the computational requirements for implementation. We
present an asymptotic analysis for the stability of the SMC' estimates used in the online
EM algorithm and demonstrate the performance of this scheme using both simulated and
real data originating from DNA analysis.

The work done in this chapter is published in Yildirim et al. [2012d]. The idea was
initiated in a discussion Dr. Sumeetpal S. Singh had with Prof. Arnaud Doucet. I did all

the work except that Section 4.4 was done in collaboration with Dr. Sumeetpal S. Singh.

4.1 Introduction

Consider a sequence of observations {y1, ya, . ..} collected sequentially in time. A change-
point model is a particular model for heterogeneity of sequential data that postulates the
existence of a strictly increasing time sequence tq, s, ... with t; = 1, that partitions the

data into disjoint segments

{ytm .. '7yt2*1}7 {yt27 s 7yt371}7 s

and that the data is correlated within a segment but are otherwise independent across
segments. The time instances 1,5, ... are known as the changepoints and constitute a
random unobserved sequence. This segmental structure is both an intuitive and versatile

model for heterogeneity and it is the reason why changepoint models have enjoyed a wide

71
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appeal in a variety of disciplines such as Biological Science [Braun and Muller, 1998;
Caron et al., 2011; Fearnhead and Vasileiou, 2009; Johnson et al., 2003], Physical Science
[Lund and Reeves, 2002; O Ruanaidh and Fitzgerald, 1996] Signal Processing [Cemgil
et al., 2006; Punskaya et al., 2002], and Finance [Dias and Embrechts, 2004].

In a Bayesian approach to inferring changepoints, one adopts a prior distribution on
their locations and a likelihood function for the observed process given these change-
points. However, both of these laws typically depend on a finite dimensional real pa-
rameter vector # € © where © denotes the set of permissible parameter vectors. In
all realistic applications, the static parameter € is unknown and needs to be estimated
from the data as well. A fully Bayesian approach would assign a prior distribution to 6.
However the resulting posterior distribution is intractable. Several Markov chain Monte
Carlo (MCMC) schemes have been proposed in this context [Chib, 1998; Fearnhead,
2006; Lavielle and Lebarbier, 2001; Stephens, 1994]. Unfortunately these algorithms are
far too computationally intensive when dealing with very large datasets. Alternative
to an MCMC based full Bayesian analysis is sequential Monte Carlo (SMC); however,
SMC methods to perform online Bayesian static parameter estimation suffer from the
well-known particle path degeneracy problem and can provide unreliable estimates; see
Andrieu et al. [2005], Olsson et al. [2008] for a discussion of this issue. This is why we
focus here on estimating the parameter # using a maximum likelihood approach; i.e. the
Maximum Likelihood Estimate (MLE) of interest is the parameter vector from © that
maximises the probability density of the observed data sequence py(y1, - .., ¥y,). This is a
challenging problem as computing the likelihood pg(yi, - .., y,) requires a computational
cost increasing super-linearly with n [Chopin, 2007; Fearnhead and Liu, 2007].

Our main contribution is a novel online EM algorithm to compute the MLE of the
static parameter 6 for changepoint models. We remark that standard batch EM algo-
rithms for a restricted class of changepoint models have been proposed before, e.g. see
Gales and Young [1993], Barbu and Limnios [2008], Fearnhead and Vasileiou [2009]. The
main reason why an online algorithm is desirable is that huge computational and mem-
ory savings are possible. For a long data sequence, a standard EM algorithm requires
a complete browse through the entire data set at each iteration to update the MLE of
; and many such iterations are needed until the estimate of 6 converges. This not only
requires storing the entire data sequence but also the probability laws that are needed in
the intermediate computations done in each EM iteration, which can be impractical. For
this reason, there has been a strong interest in online methods which make parameter
estimation possible by browsing through the data only once and hence circumventing the
need to store it in its entirety (see Kantas et al. [2009] for a review). The only other
work on computing the MLE of # for a more restrictive class of changepoint models in

an online manner that we are aware of is Caron et al. [2011], where the authors used
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a recursive gradient algorithm. If the model permits an EM implementation then it is
fair to say that the EM is generally preferred by practitioners as no algorithm tuning is
required whereas it can be difficult to properly scale the components of the computed
gradient vector.

For finite state-space Hidden Markov Models (HMM) [Cappé, 2011; Mongillo and
Deneve, 2008] and linear Gaussian state-space models [Elliott et al., 2002], it is possible
to implement exactly the online EM algorithm. A detailed study of this algorithm in
the finite state-space case can be found in Cappé [2011]. For changepoint models, it is
necessary to approximate numerically certain expectations sequentially over time with
respect to (w.r.t.) the conditional law of the changepoints and other latent random vari-
ables of the model given the available observations up to that point in time. We present
SMC estimates of these expectations and establish the stability (via the variance) of
these estimates w.r.t. time n and the number of particles N both theoretically and with
numerical examples. Stability of the SMC estimates of the expectations is important for
assessing the performance and reliability of the EM algorithm and is not to be taken for
granted because these expectations are computed w.r.t. a probability law whose dimen-
sion increases linearly with time n. We note that the computational cost of the proposed
SMC online EM algorithm is O(N) per-time whereas a O(N?) per-time algorithm is re-
quired to obtain similar stability results for general state-space HMMs [Del Moral et al.,
2009]. Cappé [2011], remarked that “although the online EM algorithm resembles a clas-
sical stochastic approximation algorithm, it is sufficiently different to resist conventional
‘analysis of convergence’. We believe that limited results similar to those discussed in
Cappé [2011, Section 4] identifying the potential accumulation points of the online EM
procedure could be established but this is beyond the scope of this work. In the nu-
merical studies reported in this work, and indeed in all the ones we have conducted, the
SMC online EM algorithm converges, and to a very close vicinity of the correct values
when these are known, e.g. in synthetic examples. Moreover, we observed that online EM
converged significantly quicker than the batch EM implementation.

The organisation of the chapter is as follows. In Section 4.2, we describe a general
changepoint model. In Section 4.3, we present the associated online EM algorithm and
its SMC implementation. Theoretical results on the stability of the SMC estimates used
in the online EM algorithm are given in Section 4.4. In Section 4.5, we demonstrate the
performance of the SMC online EM algorithm on both simulated and real data. We finish
with a discussion in Section 4.6 and finally, some detailed model specific derivations as

well as mathematical proofs are given in Appendix.
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4.2 The changepoint model

In this work a changepoint model is defined to be comprised of two discrete-time stochastic
processes which are {(Xy, Zx)}r>1 and {Yite>1. {(Xg, Zk) bi>1 is an unobserved time-
homogeneous Markov chain taking values in X x Z where X = {1,2,...} x {1,..., R}
and Z C RP. (While the definition of X in this manner is necessary for the resulting model
to be a changepoint model, the definition of Z can change depending on the application
domain.) We denote realisations of the first component of this chain by zx = (dg, my).
The variable my, takes values in the index set {1,..., R} and indicates the (generative)
model the chain is in at that time while dj. indicates the duration the chain has spent in

model my. The transition law of {(Xk, Z¢) }k>1 is

(d+1,m) wp. 1—Xgm(d)
(1,m’) W.p. Agm(d) X Py(m,m’)

fom (2lze-1)dz  if d #1
To.m (2)dz ifd=1"

)

X1~ p, Xi[(xp—1 = (d,m), zp-1) = {

Zy (g, = (d'ym), -1, 23-1) ~ { (4.1)

where \g.,(d) € [0,1] for all # € © and (d, m) € X; Py is an R X R row stochastic matrix;
for each 6 and m, fy..(2|zx—1) is the density of a Markov transition kernel on Z w.r.t.
a suitable dominating measure which is denoted by dz; and for each 6 and m, my,, is
a probability density on Z. The transition kernel of the Markov chain {(Xg, Zg) }r>1 is
assumed to be parametrised by the finite dimensional parameter § € ©. Without loss of
generality, it is assumed that the probability distribution of the initial state of the chain
{ Xk }k>1, denoted g, has all its mass on {(1,1),...,(1, R)}, e.g. the uniform distribution
on {(1,1),...,(1,R)}.

For a sequence {ay},-, and integers i, j, let a;,; denote the set {a;, a;1, ..., a;}, which
is empty if 7 < 4, and a;OO = {a;,a;+1,...}. The process {Y;}r>1 is a Y-valued observed

process which satisfies the following conditional independence property:

Y ‘({xk, Zk}k21 » Yl:k—1, yk+1:oo) ~ Go,m,, (Y| 2)dy (4.2)

where for each ¢ and m, gy, is a probability density on Y with respect to the dominating
measure dy. In this work )) C R? although the definition of ) may be altered depending
on the application. Equations (4.1) and (4.2), now define the law of (X.,,, Z1., Y1.n)-
Note that {Xj}r>1 itself is a Markov chain and we denote its transition matrix by
Do (x| Tx—1). Secondly, it is useful to visualise a realisation of { X} },>1 as a labelled con-
tiguous partition of {1,2,...}, {[t1,t2), [t2,t3), ...} and t;41 > t;, where each set [t;, t; 1) of
the partition, which we call a segment, is accompanied by m;,, the model number during
that segment. The variables t; are the instances {Xj}x>1 visits the set {1} x {1,..., R}
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and are called as the changepoints. As {Zj},>1 forgets its past at times of changepoints,
within the segment [t;,tiy1), {(Zk, Yi)}, <per,,, 15 @ HMM with initial, state transition,
and observation densities T0,ma, » f97mti, and 9o,mu, respectively. In this sense, our model
is general enough to encompass both hidden semi-Markov models ([Barbu and Limnios,
2008; Murphy, 2002] and segmented hidden semi-Markov models [Dong and He, 2007;
Gales and Young, 1993]. Below, we give an example of a changepoint model, which we

will use in our experiments throughout this chapter.

Example 4.1. Consider the following changepoint model presented in Fearnhead and
Vasileiou [2009], where Zy, = (Zy1, Zi2) € R x RY, and Y = R. The model satisfies

(d+1,m) wp. (1—=X\,)
(L,m")  w.p. Ay X P(m,m’)

5. . ifd A1
Nrfl(gm,/{m,a,ﬁ) Zfd/ =1’

Yi |2k ~ N (211, 212),

)

Xy ~Umnyxq,ry, X l(we-r = (d,m)) = {

Zy (e = (d',m), zi—1) ~ {

where NT71(-) denotes the normal-inverse gamma distribution and Uy is the uniform
distribution over the set A. In relation to (4.1) and (4.2), we have Agn(d) = Ay,
fom(z|2k-1)dz = 6, (d2), Tom = NT &, km, 0, B), and go(y|ze) = N(y; 211, 21.2)-
Therefore, the parameters of interest are 0 = (&1.g, K1.r, Mg, @, 3, P). In this model,
the observations in each segment are i.i.d. Gaussian random variables whose mean and
variance change from segment to segment and are drawn from the normal-inverse gamma

distribution.

The following important conditional independence property, which follows from (4.1)

and (4.2), will be frequently used in the derivations to follow: for any &’ > k,

pe(yk\l’m/’ yl:kfl) = p@(yk|xk7 y1;k71) = po(yk\ﬁm ykfkorl:kfl)-

(Recall that dj, is the first component of z;.) This equation may be interpreted to mean
that y;, only depends statistically on the past observations that are received since the most
recent changepoint and not on the observations before that. For the models considered in
this work we assume that pg(yx|Tk, y1..—1) can be evaluated for any z; and y;.x (whenever
the conditional law is well defined). This assumption is satisfied by some important
models (e.g. Caron et al. [2011]; Fearnhead and Vasileiou [2009]; Whiteley et al. [2009]),
and allows us to focus inference on Xj., and 6 given Y;., as Z;., may be integrated out.

For a given realisation of observations {yx}x>1, we define the potential function Gy, :
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X — [0,00) as

k k
f To,my, (25) Hi:j+1 fo.m (2] 2i-1) Hz’:j 90,my (Yilzi)dz:x
k—1 k-1
S mo.mi (25) [Tz fomi (zilzie1) TTiz; gomy (yil2i)dzj—1

Gor(zy) = ,  J=max(k—dr+1,1).

(Go, is introduced for brevity.) Note that Gy (z) is precisely pg(yi|ek, y1.6—1) at values
of z;, where the latter is well defined. We can now express the probability density of the

observed process, or likelihood, succinctly as

Do (y1:n) = [y

11 Gg,k(xk)] .

k=1

4.3 EM algorithms for changepoint models

Our main aim is to estimate the static parameter 6 of the changepoint model in an online
manner using the EM algorithm. We first introduce the batch EM algorithm and then

explain how it can be modified to obtain the online EM version.

4.3.1 Batch EM

Given Yi., = ¥1.n, the EM algorithm for maximising pg(y1.,) is given by the following
iterative procedure: if #; is the estimate of the maximiser at the ith iteration, then at

iteration 7 4+ 1 we first calculate the following intermediate optimisation criterion,

Q(ela 0) = EG,’ [logpe(ylzna Zl:na Xl:n)| yl:n]
= Ey, [log po(X1.n) + 108 po(Y1:n, Z1n| X1:n) | Y1on)
= Ty, [log po(X1.n) + Eo, {108 Do (Y1:n, Z1n| X1:0)| Y1ms X1} Y1n] - (4.3)

This step is known as the expectation (E) step. The inner expectation in (4.3) is w.r.t.
the law of Z1.,, conditioned on ¥;.,, and Xj., under 6;, that is py, ( z1.n| Y1:n, T1.n), Whereas
the outer expectation is w.r.t. the law of Xj., conditioned on ¥, under 6;, that is

Do, (T1.n| Y1.n) - The updated estimate is then computed in the maximisation (or M) step
Oiy1 = arg mng(9i7 0).

This procedure is repeated until #; converges (or ceases to change significantly).
Let us define the integrand of the outer expectation in (4.3) as the function Hy :
XEx VP x0? =R, k=1,...,n,

Hi(x1k, Y1k, 05, 0) = log pa(z1.) + Eg, [l0g po(y1.k, Z1k|T18)| Y185 T1:8]
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We can exploit the following three properties of Hy and Q(6;,0). Firstly, Hy has an

additive structure (see Appendix 4.A.1 for a derivation):

Hi(x1k, Y1k, 05, 0) = Hi—1 (2161, Y1:k—1, 05, 0) + hi(Tr—1, Tk, Yo—dy+1:5, 0:, 0) (4.4)

where the incremental term hy, is a function of (xx_1, Tk, Yk—dy+1, - - - > Yk, 0:, 0). Secondly,
when the transition laws of the changepoint model given in (4.1)-(4.2) belong to the

exponential family then the incremental terms can be expressed as

P (T—1, Thoy Yk—dy 1ok 0, 0) = 05 Sk(Th1, Thoy Yyt 185 0) (4.5)

where vy is a r x 1 vector depending only on 6, s; is a r X 1 vector valued function of
(Tk—1, Ths Yk—dy+1s - - - » Yk, 0;). (From now on, we omit the dependency of Hy, hg, and s; on
y1.% for the sake of conciseness.) If (4.5) holds, Q(6;,0) = vy Eg, [ Sn(X1m, 0;)| y1.n] where

n

Sn(xlznaei) = Zsj(l'j—laxjaei)a (4-6)

=1

with s (g, x1,0) = s1(x1,0) by convention, and its maximiser is explicitly characterised
by a function A : R" — ©

Arg max Q(0:,0) = A (Eg, [0 (X1, 0:)| y1:0)) - (4.7)

Hence from a practical point of view, it is necessary to compute the expectation of
additive functionals (4.6) w.r.t. ps, (1., y1.n). As for a standard HMM, this can be
achieved using a forward-backward type algorithm; see Gales and Young [1993], Barbu
and Limnios [2008], Fearnhead and Vasileiou [2009]. However in a general scenario the
computational complexity is quadratic in n and approximations are necessary when n is
very large. In Fearnhead and Vasileiou [2009] a Monte Carlo EM (MCEM) algorithm
was proposed for a specific changepoint model (see Section 4.5) where the expectations

in the E-step are computed using a backward Monte Carlo sampling procedure.

4.3.2 Online EM

The development of an online version of the EM rests on the following key fact [Cappé,
2011; Del Moral et al., 2009]. The quantity Eg [ S, (X1.n, 0)] y1.n] when S,, has the additive

structure in (4.6) can be evaluated sequentially with the following recursion which we
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will refer to as the forward smoothing recursion:

Tn<xn7 9) = Z Sn<x1:n7 9)]79 ($1;n71\y1;n717 xn)

xl:n71€Xn71

= Z [Tn71<xn717 9) + Sn<xn717 T, 9)] p@(xnfl‘ylznfb xn)

Tp_1€EX

with T3 (x1,0) = s1(z1,0). The second line follows from (4.6) and the decomposition

Po (xlzn—1|y1:n—1a xn) = Do (xlzn—2|y1:n—27 xn—l)p@(xn—1|y1:n—1a xn) (48)

due to the fact that given x,,_1, 1,2 do not depend on x,,, Ty 11, Yn_1,Yn, - - ., which
follows from (4.1) and (4.2). The function 7,(-,0) : X — R" can be computed in an

online manner and hence so can

Eg [Sn (X1, 0)] Y1) = Z T(2n, 0)po(Tn|y1m)-

TnE€EX

It is possible to use this recursion to implement the batch EM algorithm. Compared to
the standard forward-backward implementation, this approach does not require a back-
ward pass to compute the expectations of interest and hence requires far less memory to
implement.

The online EM algorithm is a variation over the batch EM where the parameter is re-
estimated each time a new observation is collected. In this approach running averages of
Eg [Sn(X1:n, 0)| y1.n) are computed [Cappé, 2009, 2011; Elliott et al., 2002; Mongillo and
Deneve, 2008], [Kantas et al., 2009, Section 3.2.]. Let v = {v,}n>1, called the step-size
sequence, be a positive decreasing sequence satisfying > ., v, = 0o and Y o, 72 < 0.
A common choice is v, = n™® for 0.5 < a < 1. Let 6, be_ the initial guess o_f 6* before
having made any observations and let 6;.,, be the sequence of parameter estimates of the
online EM algorithm computed sequentially based on y.,_1. When v, is received, online

EM computes

T’y,n(xn) = Z [(1 - /Yn) T’y,n—l(xn—l) + ’Ynsn(xn—la L,y en)] Po;.., (xn—1|y1:n—17 xn)a (49)

Tpn—1€EX

Z xn p€1 n xn‘yl n) (4-1())

Tn€EX

and then sets 0,1 = A (S,,). The subscript 1., on pyg,., (Tn_1|Y1:n—1,Zn) and pg,., (Tn|Y1.0)
indicates that these laws are being computed sequentially using the parameter 6 at time
k, k < n. (See Algorithm 4.1 for details.) In practice, the maximisation step is not
executed until a burn-in time n;, for added stability of the estimators as discussed in
Cappé [2009].
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The online EM algorithm can be implemented exactly for a linear Gaussian state-space
model [Elliott et al., 2002] and for finite state-space HMM’s. [Cappé, 2011; Mongillo and
Deneve, 2008]. An exact implementation is not possible for changepoint models in general,

therefore we now investigate SMC implementations of the online EM algorithm.

4.3.3 SMC implementations of the online EM algorithm

Let Qgn(21:n) = Po (T1:n|Y1:n—1) denote the law of X, conditioned on the sequence of
observed variables y;.,—1, and let 19 ,,(z,) = po(Tn|y1.n—1) denote the time n marginal of
Qo.n- Mo, is also known as the predicted filter but we refer to it simply as the filter. In
order to execute (4.9) and (4.10) at time n, we need to calculate the following probability
distributions:
ﬁe,n—l(% 1)G9n 1(Tn1)po(Tn |0 1)
D DI ARN P TR P oo P Py M
Tn)

o n@ n(xn)Ge n(
p9($n|y1:n) - ngl n@,n( n)GG,n(x/rL)

(4.12)

Note that to calculate these probability distributions we only need 7y, and 7, at time

n. Besides, 7y, may be computed recursively using Bayes’ formula:

( ) an_l 77«9,1171 (xnfl) G@,nfl (SL’n—l)pe (xn‘ xn71>
n\Tn) = )
. > om 1 (@n 1) Gon1 (0 1)

n>1, (4.13)

However, the computational cost of the filtering recursion in (4.13) at time n is O(nR);
this follows since pp(z’|x) is non-zero for at most R + 1 values of 2’. For the analysis
of large amounts of data, exact filtering is computationally infeasible and SMC methods
have been introduced as a viable alternative [Chopin, 2007; Fearnhead and Liu, 2007].
One way to obtain the SMC approximation to 7y, is via the path space particle
approximation of Qg,. This is the empirical measure corresponding to a set of NV > 1

random samples termed particles [Del Moral, 2004]:

N
1
@gf (Z1m :NZ x® (T1n) - (4.14)

where d,(+) is the probability mass function concentrated at a. These particles are then
propagated in time using importance sampling and resampling steps; see Doucet et al.

[2001] and Cappé et al. [2005] for a review of the literature. Specifically, pN is the
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empirical measure constructed from N independent samples from

5:7]7,\[—1 (xlin—l) Gem—l (:En—l) Peo (xn| xn—l)

le:n—l g:’r]L\:l ('rln*l) G€7n—1 (xn71>

(4.15)

The particle approximation of 7, can now be obtained from Qe by marginalization

1 N
Tn :Ng . (4.16)

Other than the one in (4.16), there are other ways to sequentially update né\,[nq SO

that 7., is approximated at /N distinct particles. Given ngn_l, at time n the distribution

an_l né\,fn—l (xnfl) Geynfl (xnfl) Do (xn‘ xnfl)
an,l ﬁé\,{n,l (%—1) Ge,n—l (%-1)

with support at N + R points is calculated exactly and then né\fn is obtained by sam-
pling this distribution independently N times (see Algorithm 4.1). Caron et al. [2011]
propose truncating to the N support points with the highest weights. This deterministic
resampling scheme introduces bias, but the authors report that this bias is negligible.
Fearnhead and Liu [2007] propose an unbiased resampling scheme that retains the max-
imum number of unique particles in the reduced representation of size N. In the same
work, and in Fearnhead and Vasileiou [2009], resampling schemes that allow changing
number of particles in time are proposed.

The online EM algorithm in Section 4.3.2 can be approximated with O(N) cost per
time using the SMC approximation of the densities in (4.11) and (4.12). The resulting
algorithm, presented as Algorithm 4.1, will be referred to as the SMC-FS online EM
algorithm.

Algorithm 4.1. SMC-FS online EM algorithm for changepoint models

e E-step: Ifn = 1, initialise 0;; sample )?1(@) ~ u, set ﬁ@) = 51()?1(1'),91), i =
1 N.

Ifn>2
— Fori=1,...,N, set)?r(f):(d() +1, mgb ),whereXl (dﬁbZ 1,m s)l)
— Form=1,...,R, set X{"*™ = (1,m).

— Fori=1,...,N+ R, compute W,\") = E;VZI ngfl,n(Xr(ﬂl)pgn ()?ff”Xfﬂﬂ and

b k(X D00, (XOIXD ) |1 = )T+ Ansn (XD, X0 6

||'M2

n)
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Resample {)?}(f ) ~,§i)} Ni+r to get re-

..........

.....

o M-step: If n < ny, set 0,1 = 0, else, calculate using the particles before resam-

pling
s ZNJrR W(z)G nn(X(z )

update the parameter 6,41 = A (Sn)

4.3.4 Comparison with the path space online EM

As shown in Section 4.3.1, the EM algorithm requires certain expectations w.r.t. the
measure (g ,, and the online EM algorithm in Section 4.3.2 relies on the running averages

of these expectations. Consider the following backward representation of Qy,,,

2

QG,n(xlzn) - n@,n(xn) HP6($k—1|$k> yl:k—l)-
k=n

Then a corresponding particle approximation, different from the path-space one, is given

by

2

@é\jn@l:n) = né\jn@n) Hpév(ﬂfkfl‘l’m Yik—1)- (4.17)
k=n

where py’(zx_1|Tk, y16-1) is (4.11) with 791 replaced with 7, ;. One can then show
that the online EM algorithm using the SMC approximation to the forward smoothing
recursion relies on the particle approximation Qé\jn described above. More precisely,
in Algorithm 4.1, if v; = 1/i, n < ny (see the M-step), ¢ = --+ = 0,41 = 6, and

Spa1(Tn, Tpy1,0) = 0, then

”Jrl @9 n+1<<n + 1) 1511)

This observation will be useful for analysing the stability properties of the sufficient
statistics calculated SMC-FS online EM algorithm in Section 4.4.

As an alternative to SMC-FS online EM, we could have proposed an SMC online EM
algorithm relying on the particle approximation Qp defined in (4.14)-(4.15). In that
case (using the short-hand notation in Algorithm 4.1) the approximation to (4.9) and
(4.10) becomes

Trgi) = (1 - Vn)T( )1 + Vnsn(X( )1 )?(i)v 911)

n
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for each i = 1,..., N, and then calculating the estimates of sufficient statistics as

SN Go, (X))

n

Recall that each XV is sampled from py,, (xn\Xr(le) {)A(ir(f), ﬁ(f)}l:l ~ are then resampled
to obtain {X,(f), T,Si)}izl,___,N according to the weights {Gemn()?é“)}i:l,__,]v. Based on the
path space approximation, we will hereafter call this algorithm the SMC-PS online EM
algorithm. In the context of general state-space HMM, this was proposed in Cappé [2009]
and only requires O(N) computations per time step. However, it is a well-known fact
that QSZT]LV becomes progressively impoverished as n increases because of the successive
resampling steps [Del Moral and Doucet, 2003; Olsson et al., 2008]. That is, the number
of distinct particles representing the marginal @97’5 (x1.) for any fixed k < n diminishes as
n increases until it eventually collapses to a single particle — this is known as the particle
path degeneracy problem. Whereas, in the backward particle approximation Qfg\fn, we
do not have this problem since it relies on the SMC approximations to the filters 1,
only. Therefore, we expect that the resulting SMC estimates in the SMC-PS online
EM algorithm have higher variances than those in the SMC-FS online EM algorithm

[Del Moral et al., 2009]. For a numerical illustration of this fact, see Section 4.5.

4.4 Theoretical results

Recall that the M-step of the exact online EM algorithm applies a mapping A which maps
expectations of sufficient statistics Qg ,41(n"1S,) = Eg [n715,(X1.0)|y1:0) to a parameter
estimate in ©; see (4.9) and (4.10) with 7, = n~!. Tt follows from the discussion in
Section 4.3.4 that the reliability of the SMC online EM algorithm described in Section
4.3.2 depends on how stable the estimates of expectations of the type Qfg\fn(Sn) are.
One convenient way of assessing the stability is to check how the asymptotic (in particle
number) variance of v/ N (@évn — ngn) (S,) changes with time n. The asymptotic analysis
will give us an idea about what will happen when we use a large number of particles.
We would like the order of the variance to grow less than quadratically in time n; since
then the variance of VN (@é\fn — Qp,n) (n7'S,,), which is the variance of the estimates in
the M-step, is not only time uniformly bounded but also vanishes. This should result in
the variability of the EM’s parameter update step to particle realisation also diminishing
over time. Before proceeding further we shall make clear that our analysis is for the
approximation Qé\fn defined in (4.17) for a fixed #. That is, our results are only indicative
of the stability of the sufficient statistics calculated in the SMC-FS online EM algorithm,
which actually uses a changing sequence of #’s. In summary, our main result in this

section establishes that (under certain assumptions) the asymptotic (in particle number)
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variance of v/ N (Qy, — Qo) (Sn) is upper bounded by a term O(n) or O(nlog®n). The
tighter O(n) bound is for finite duration models while the looser O(nlog?®n) bound is for
infinite duration models.

The results in this section are phrased for any fixed # and any sequence of observations
Y = {Yn}n>1. Also, to keep the notation “light” 6 is omitted from the subscripts. Some
basic definitions are provided first. For a real valued functions ¢ : X — R, let ||p]|la =
SUP,ca [p(x)] for A C X. Let B(X) denote the space of bounded real valued functions
on X. For a probability measure v on X, let v(¢) = > ., v(x) ¢(z), and for A € X,
v(A) = v(14) where 1, is the indicator function for the set A such that [4(z) = 1ifz € A,
0 otherwise. Denote the support of v by supp(v) = {z € X : v(z) > 0}. If M(z,2) is a
transition probability (from z to ') on X, let (Mp)(z) = M(p)(z) = >, M(z,2")p(z").
For ¢ € B(X) and A C X, let osca(p) = sup, ca |0(7) — p(2')| be the oscillation of the
function over A and osc(¢) = oscy(¢). The complement of a set A is A.

We will require the following result concerning the asymptotic variance of particle
smoothing [Del Moral et al., 2010].

Theorem 4.1. Given y = {yn}n>1, assume there exists finite constants ¢, such that
et <Gy < e, foralln. Foranyn>1, F, € B(X"), VN (Q) —Q,) (F,) converges in

law, as N — oo, to a centered Gaussian random variable with variance

> ((Gin Din(Fy = Qu(E)]) (4.18)

where, for 1 < i < n, the potential function G, and the bounded integral operator D,
are

p(yz':nfl\%’qu)
Ginxi = 5 Dann T =E Fan n—1, LTg) -
) ( ) p(yz‘:n—1|y1:i—1) ) ( )( ) [ ( 1 )|y1 1 ]

The assumption that the potentials G,, are uniformly bounded below by ¢! is not
overly restrictive as it is satisfied when g,,(y|z) > 0 for all m, y and z. The latter is a
typical assumption in the context of the analysis of particle filters to avoid the possibility
of all the particles having weight zero [Del Moral, 2004].

In order to discuss the rate of growth of the asymptotic variance (4.18) as a function
of time n, we need to quantify the sensitivity of the forward and backward smoothers to
their initialisations. For a given sequence of observations v.,, the forward smoother is
defined as the Markov chain on X with transition kernel p(zyi1|2g, y1.n), k=1,...,n—1.
Similarly, the backward smoother is the reverse time Markov chain with transition kernel
p(Tk|Ths1, Y1m), K =n—1,n—2,...,1. Each term of the sum in (4.18) is an integral
over X" and will typically grow linearly with n unless both the forward and backward
smoother forget their initialisations quick enough (e.g. with geometric rate) and the

class of functions F, is restricted. Indeed the E-step of the EM algorithm computes the
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expectation for not an arbitrary F, but one that has a specific additive structure; see
Section 4.3.1, also Proposition 4.1. A definition of geometric rate is as follows. Given
{yi}i>1, if for some integer L > 0 there exists a finite constant ¢(L) > 1 such that for all
m—k>L n>m,

—k

1B [$(Xn)| 28, Y1on] — B [5(Xom)| 2, y1on]| < 050(s)(1 — (L)) [*F7] (4.19)

irrespective of (zy, z},) provided both conditional expectations are well defined, then the
forward smoother is said to forget its initialisation with geometric rate. (A similar defi-
nition applies for the backward smoother; see (4.32)). Henceforth, when we say forward
forgetting we mean that the forward smoother forgets its initial condition in the sense of
(4.19) but without any specific reference to a rate. By backward forgetting, similarly, we
will mean the insensitivity of the backward smoother to its initialisation.

A typical route to establish forward and backward forgetting is to exploit the fact
that the Markov chain {Xj},>1 satisfies a majorization and a minorization condition:
that is there exists a probability measure m(z), positive integer [ and positive constant
c such that ¢ “'m(x;) < p(aplzr_) < em(axy) for all (x_;,x) € X?. When this condi-
tion is satisfied it may be shown that the backward and forward smoothers forget their
initialisations at geometric rate, which is quick enough such each term of the sum (4.18)
is uniformly bounded over time. For changepoint models however, the majorization-
minorization condition is not satisfied in general. Consider the following example: let

R =1 (in which case we drop the variable my from zy, i.e. x; = dj) and

L4+l wp. 1-A
Xk:{x’“1+ WP (4.20)

1 w.p. A

Furthermore, given X, = d then it must be that Xy ; = d — ¢ for © < d. Thus the
distance between the probability distributions Pr(X;_;| Xy = d) and Pr(Xy_;| Xy = d)
will not decrease at geometric rate and the same cannot be expected for the backward
smoother (which is essentially these laws but with additional conditioning on y;.x_1.) In
this work, we analyse the asymptotic variance for changepoint models using a slightly
refined approach.

We analyse two types of changepoint models separately, namely finite duration change-

point models and infinite duration changepoint models. We distinguish between the two

models as follows. In a finite duration changepoint model, for each m € {1,..., R} there
exists some finite d,, such that Am(d) =1 for all d > dm, and smallest such d,, is the
maximum duration length for model m. If, for at least one m € {1,..., R}, \,(d) < 1

for all d > 0, then the model is called an infinite duration model.
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Given {yn }n>1, for positive integers k£ > 1, (lag) [ and set A C X, let

erai€d, DTt Ykiki—1 | T Yrik—1)
T,y Esupp(nx)

where ¢, is taken to be infinity if the denominator can be made zero while the numerator
is not. By convention 0/0 = 1. The variables z; and x} range over supp(n;) to ensure
the conditional expectations in the numerator and denominator are well defined. Also,
we abbreviate ¢ ;(X) to ¢;;. The variance result is now stated for additive functions
of the form Si(z1x) = Zle si(z;) and may be extended to the case where Si(x1.x) =
Zle si(x;_1, ;). The proof of the result is based on some supporting results and is given
in Appendix 4.A.3.

Proposition 4.1. Assume S, (z1.,) = > p_; sk(zx) where osc(s,) < 1.

o If{X\} is a finite duration changepoint model which is irreducible and aperiodic;
and there exists a finite constant ¢ such that ¢! < G, < ¢ for all n, then the
asymptotic variance of VN (QY — Q,) (S,) given in (4.18) is upper bounded by a
term O(n).

o Assume {Xy} is an infinite duration changepoint model whose forward smoother
forgets its initialisation at geometric rate in the sense of (4.19). Furthermore, let
A={l,....,L} x{1,...,R}. If there exist a finite positive constant ¢ such that
¢ < G, < c for all n and finite positive constants C, v € (0,1) and ¢ such that
for alln and L

supm(A) < CF, and  supei(A) < ¢ (4.22)

i>1 i>1

then the asymptotic variance of vV N (QnN — Qn) (S,,) is upper bounded by O(nlog®n).

The first condition in (4.22) is a uniform tightness condition on the probabilities 7;,
whereas the second condition means that if a changepoint occurs between times k and
k + L, the observations up to the last changepoint prior to time k + L do not favour
one x, over another too much. Proposition 4.1 is now shown to be applicable to the
infinite duration model in (4.20) with the following example whose verification is shown
in Appendix 4.A.3.1.

Example 4.2. For the infinite duration model in (4.20), recall that Zy (see Section 4.2)

1s a Markov process that “resets” itself when Xy returns to state 1, i.e.

(2 )dzy, if ;p, =1

Zk |(x1:ka Zl:k—l) ~ {

f(zk|zk—1)dzx  otherwise
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We will assume that the process {Zy}r>1 assumes values from a compact space and that

there exists some positive constant ¢ such that for all (zx_1, zx)
V2 < w(z) < 2, V< fan]zeny) < V2 (4.23)

Furthermore, assume g(yx|zx) > 0 for all zy, yx. For example, a changepoint model
satisfying these assumptions could be the changepoint model in Example 4.1 in Section
4.2 with R = 1 and instead of a static {Zy}r>1 process, a slowly moving one which
is “mizing”. Note that a slowly moving {Zy}r>1 process permits a more parsimonious

representation of the data.

4.5 Numerical examples

4.5.1 Simulated experiments

For the experiments in this section, we will use the infinite duration changepoint model
in Example 4.1 in Section 4.2, where 0 = ({1.g, K1.r, Mg, @, 3, P). The constituent distri-
butions of this model belong to the exponential family and so (4.5) holds; see Appendix
4.A.2 for details.

4.5.1.1 Online EM applied to long data sequence

We applied Algorithm 4.1 to a data sequence of length 500000 generated by the model
in Example 4.1 with R = 2 and parameter values « = 10,0 = 0.1,& = 1.445,& =
—0.214, k1 = 1.588, k9 = 0.379, A1 = 0.12, Ay = 0.09, P;; = 0.5,¢,7 = 1,2. The M-step
was not executed for the first 2000 points (i.e. n, = 2000). The step-size sequence was
Y = n~ "8, Figure 4.1 shows the trace parameter estimates over time. We observe that
the algorithm converges towards the true values. We also did multiple runs to check that

the algorithm would not only converge to a local maximum.

4.5.1.2 Comparison between online and batch EM for a short data sequence

Figure 4.1 also suggests that online EM requires a long data sequence for convergence.
Therefore, for short data sequences the algorithm may not converge and its potential use
is questionable. One can of course use the batch EM algorithm in such cases but another
solution might be to apply online EM to the concatenated sequence {yi1.x,¥y1.x, .-}
By doing so, the online EM solution is not ‘online’ anymore. However, it can still be
significantly faster than the offline version as we demonstrate below. Figures 4.2 and
4.3 show results for such a scenario for 2000 data points. We used Algorithm 4.1 to
obtain the results in Figure 4.2 by replicating y;.x 100 times and the SMC-FS batch EM
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Figure 4.1: SMC-FS online EM estimates vs time for a long simulated data
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Figure 4.2: SMC-FS online EM estimates vs number of passes for the concatenated

data set {y1.2000, ¥1:2000, - -

.} where each pass is one complete browse of y1.2000. The true

parameter values: o = 10, = 0.1, & = 1.78,& = 3.56, k1 = 0.30, k2 = 0.03, A1 = Ay =

0.1,P,; = 0.5.
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Figure 4.3: SMC-FS batch EM estimates vs number of iterations for for the same ¥1.0000
used to produce the results in Figure 4.2.

algorithm (the batch version of SMC-FS online EM) to obtain the results in Figure 4.3.
The true parameter values are = 10, # = 0.1, & = 1.78,& = 3.56, k1 = 0.30, ko =
0.03,\i =X =0.1,P,; =0.5,4,5 = 1,2.

There are two main outcomes to be stressed from the results in Figures 4.2 and
4.3. First, the online EM algorithm in this example is much faster since it converges
after around 50 passes, whereas the batch EM algorithm needs over 1000 iterations for
convergence. Notice that the computational cost of one pass over the data in the online
case and one iteration in the batch case are almost the same and therefore the comparison
makes sense. Second, the parameter estimates of both algorithms converge to almost the
same points. This empirically validates the potential benefit of the online EM algorithm

even in the offline setting.

4.5.1.3 Comparison with the path space method

As stated in Section 4.3.3, other than the SMC-FS online EM algorithm, it is possible
to devise an online EM algorithm using Q’e’g (SMC-PS online EM), but it suffers from
higher variance. In the following, we compare the performances of these two online EM
algorithms.

In the first experiment, we compare the variability in the estimates of the sufficient
statistics of the changepoint model defined above when the SMC-F'S online EM algorithm
and the SMC-PS online EM algorithm (see Section 4.3.4) are used with 6,, frozen to 6.
We show the results for only one of the statistics, Sévn, required for the EM algorithm (see
Appendix 4.A.2) in Figure 4.4. The figures are obtained after running 100 Monte Carlo
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simulations for the same sequence of observation data. For illustration purposes, while
the box plots show the estimates up to time 10000, we show the relative variance along
100000 time steps. We can deduce from the box-plots and relative variance that there
is much less variability in the estimates obtained by using forward smoothing and the
SMC-FS method always outperforms the SMC-PS method in time and thus should be
favoured. Note that, using a finite number of particles, these SMC estimates are biased
and will result in a loss of accuracy in the EM algorithms. To assess this bias, studies in
the context of Feynman-Kac formulae are helpful. For example, the result in Del Moral
et al. [2009] suggests that the bias of SMC-FS estimate of S, /n for finite duration models
is bounded by a term O(1/N).

: . 2N e N el
Forward smoothing method: B [S¢', |y,,]  Path space method: E [Sé’)k |'Y,.] Relative variance (PS/FS) in estimates of 3(61)k
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Figure 4.4: Comparison of the forward smoothing and the path space methods in terms
of the variability in the estimates of Sé,n. The box plots and the relative variance plot
are generated from 100 Monte Carlo simulations using the same observation data.

The second experiment compares the variability in the parameter estimates of the
SMC-FS online EM and the SMC-PS online EM algorithms. Figure 4.5 shows the es-
timation results for the parameter A\; when the two algorithms are used. The results
are obtained from 100 Monte Carlo simulations using the same sequence of observation
data of length 10000. It is interesting to observe that the trends of estimates over time
are similar for both algorithms; however, it is obvious from the box plots as well as the
relative variance over time that the SMC-FS online EM estimates have less variance than
the SMC-PS online EM estimates.

4.5.2 GC content in the DNA of Human Chromosome no. 2

We applied our online EM method to estimate the parameters of a changepoint model
used for modelling the Guanine4Cytosine (GC) content along human chromosome. It
appears that many features of the genome are correlated with GC content, such as gene

density, repeat density, substitution rates, and recombination rates; see Fearnhead and
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Figure 4.5: Comparison of SMC-FS online EM and SMC-PS online EM in terms of the
variability in their estimates of Ay = 0.1. The two plots at the top generated by super-
imposing different estimates, the box plots, and the relative variance plot are generated
from estimates out of 100 different Monte Carlo runs using the same observation data.

Vasileiou [2009] and the references therein for further explanation. It is assumed that the
chromosome is separated into successive segments by changepoints and the GC content
during each segment is constant. However, as the signal is obscured by small scale noise,
a statistical approach may be used to uncover the sequence of changepoints. There is a
commonly used binary segmentation approach implemented within the program IsoFinder
[Oliver et al., 2004]. Fearnhead and Vasileiou [2009] proposed the changepoint model de-
scribed in Example 4.1. Regarding the model variables, Z;, = (Z 1, Zj 2) were interpreted
as the mean and variance of the GC content during the segment at window k, and Y}
was taken to be the observed GC content of the k’th window. The authors estimated the
model parameters by using a MCEM approach and their results outperformed the ones
obtained using IsoFinder.

In our experiments we used human chromosome 2, which can be downloaded via the
link http://hgdownload.cse.ucsc.edu/goldenPath/hgl7. The raw data was prepro-
cessed as follows. The raw data consists of a single contiguous stretch of DNA data
containing only four different letters: A, C, G, and T. We summarised the DNA data
by partitioning the 24 Megabase (Mb) region, which is nearly the whole data set, into
80000 windows, each 3.0 kb long, and for each window recording the proportion of let-
ters within that window that are G or C. Some parts of the DNA sequence could not

be measured leading to missing parts. The noisy GC content with missing parts, which
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we use as the observation sequence, is shown in Figure 4.6. We assumed two generative

GC content in 3k base windows

T T T
0.6
$‘>‘/ 0.4
0.2
0 | | | | | | |
0 1 2 3 4 5 6 7 8
windows (k) % 10*

Figure 4.6: Noisy GC content over 3 kb windows in human DNA chromosome 2.

models (R = 2) to represent segments of high and low GC contents. The missing data

problem is straightforward to handle, e.g. see Fearnhead and Vasileiou [2009]. Figure 4.7

shows the online EM parameter estimates versus number of passes over the data obtained

with Algorithm 4.1. One can see that most of the parameter estimates converge after 10

passes, whereas for convergence of the rest 30 passes are enough.
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Figure 4.7: Online EM estimates vs number of passes over the data sequence in Figure

4.6.

4.6 Discussion

We have presented a novel SMC online EM algorithm for changepoint models and we
have studied the stability of the associated SMC estimates. The proposed EM algorithm
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does not require the filters to be stored and has memory requirements independent of the
size of the dataset. We have shown that it is practical for very long data sequences, and
it can outperform the batch EM even when the data length is not so long that batch EM
is impractical (in terms of memory requirement to store the filters and the entire data
set).

From a Monte Carlo point of view, our SMC implementation of the forward smoothing
recursion at the core of the online EM algorithm is essentially an online implementation
of the forward-filtering backward-smoothing algorithm of Doucet et al. [2000b] where the
filtering densities are approximated using SMC and then backward smoothing is executed
exactly. This method is more efficient than using the path space method as demonstrated
in Section 4.5.1.3. Since we need only the SMC approximation of the filters, we could
even use more effective SMC routines that are not applicable to a path space method;
see for example the SMC algorithm in Fearnhead and Vasileiou [2009]. Besides, unlike
the general state-space model case [Del Moral et al., 2009], the computational cost of our
algorithm is of the same order as the cost of using a path space method in changepoint
models.

Even though the numerical examples were presented for one specific changepoint
model, our online EM algorithm is also applicable to the changepoint models studied
in Whiteley et al. [2009] and Caron et al. [2011]. More generally, the proposed online
EM algorithm is applicable when the constituent laws of the changepoint model given
in (4.1)-(4.2) belong to the exponential family and the latent variable {Zj}r>; can be

integrated out analytically.

4.A Appendix

4.A.1 Derivation of Hj in (4.4)

Given {zj},-,, consider the partition of {1,2, ...} {[t1, %), [t2, t3), ...} where ¢; is the i'th
time when d_k = 1. Each set [t,,t,41) is called a segment. To emphasise the segmented
structure of the changepoint model, we define a, = Y25 | I113(dy) to be the number of
segments up to time k, l,, = t,,11 —t,, to be the length of the n’th segment, and m,, = my,

to be the model number in the n’'th segment. Also, we define Z, = Z;, 4,.,-1 and

Yn == }/;nitn-kl*
shorthand notation. Recall that

1 to group the variables Z; and Yj that belong to the same segment with

Hi(x1.k, Y1k, 0, 0) = log pa(z1.1) + Eg, [10g po(y1:k, Z1k|T1:8)| Y185 T1:8] - (4.24)
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Proposition 4.2. For any changepoint model defined as in Section 4.2, we have
Hk(xlzka 9/7 9) = Hk71<x1:k717 9I7 9) + hk(.’lﬂ'k,h Tk, 9I7 9)

Proof. Since { X} }r>1 is a Markov chain, so log pg(z1.1x) = log pa(z1.6-1) +1og pe(Tk|Ts-1),
and we are done for the first term in (4.24). For the second term in (4.24), due to the
conditional independence of (Z,,Y,,) given the model number at the segment n, which is

m,, we have

'akfl

Po (218 Y1k, T1ik) = H p9’<2n|gn7mn>] Do (Zk—dy+1:k | Yk—dy,+1:k> M) (4.25)
L n=1

'akfl

log po(Y1:ks 21:6| T1:8) = Z 1og po (Y, Zn| M)

L n=1

+ 10 Po (Yr—dy +1:ks Zh—dy+1:6|Mk)  (4.26)

Combining (4.25) and (4.26), we have

akfl

Z 10%179 (gna Zn|mn>

n=1

+ Eo [10g Do (Yk—dy-+1:ks Zh—dy+1:5 |70 ) | Yomdyo+-1:4» 70k

Hy (214, 0", 0) = logpg(z1.5) + Egr

Uns mn]

Now consider Hj_;. Given di_1, there are two possibilities for dj, either d, = 1, d;, =
dj—1 + 1.

e If d; = 1, it means a new segment starts at time k. Therefore, a; = a;_1 + 1 and
the ap_1'th segment ends at time k — 1. This gives Hy_1(z1.4-1,0’,0) being equal

to
akfl

Z logpﬁ (gna Zn|mn)

n=1

log po(z1.6-1) + Egr

o]

o If dy = di_1 + 1, then we are still at the segment at which we were at time k£ — 1.

Therefore, we have ap = ax_1, mp = my_1, and Hy_1(z1.4-1, ¢, 0) is equal to

ap—1

Z 10gp9<gn7 Zn‘mn)

n=1

log pg(x1.6-1) + Egr

Un; mn]

+ Ey [log Do (ykfdk:kfla Zkfdk:kfl ‘mk)‘ Yk—dj+1:k—1, mk]
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Therefore, we have Hy(x1.,0,0) = Hy_1(x1.5-1,0",0) + hp(zr_1, 2, 0, 0) where

hk('xk*b Lk 9/7 9) = 10gp9<xk‘xk71)
Eg [log po(yi, Zi|mu)| yi, mi] , ifd, =1
+ < Eo [108 po(Yk—dy+1:k> Zr—dpt 1:6 70 ) | Yk—dy 12> 0]

—Eo [1og po(Yk—dy+1:k—1, Zh—dy-t1:k—1 |70k | Yk—dp+1:5—1, T0k) 5 1f djy = dj—1 + 1

which does not depend on the values of z; to z;_». O

4.A.2 Derivation of the EM algorithm for the model in Section
4.5

We write (Z1, Zs) ~ NT7'(E, k, o, 3) to mean Zy ~ I (o, B) and Zy|zp ~ N(§,22). If
Yi| (21, 22) ~ N (21, 22) for k = 1,...,n, the marginal likelihood and the posterior are:

72 (28)° T (a+n/2)

n TL7 QR
(25 + 2 Vi + 8% - Zk_;++£

_ n§+ny n 1 ¢ \2 nk (7> —€)?
7.7 L)~ NT! — —§ -
( 1 2)|(y1n) N ( K+ +n7a+2aﬁ+2k1(yk y) +n+f€ 2

p(ylzn) - >n/2+a

where § = % > o_1 Yk Also, the required expectations are analytically available:

E[1/Zy) = /B, B[Z1)Z5) = Ea/B, B [Z}/Zy) = 1/k + 2/, E[log Zo] = log f — ¥(a)

For the EM algorithm, we estimate the following functionals for m, m;,ms =1,..., R:
ap—1
51191’1167 Z L S55% (@1, 0;) = Z (ln = 1) + Ly (me) (dr — 1),
ap — 1 . B

Sy (w1, 0:) = Z 1

NMp=mM1,Mp41=M2
1

S

Nk

k

ka(%:k,@z) =

n:

Eg, [log Zt,, 2| Yn, m] + Limy (i) B, [10g Zk 2| Yr—dy41:6, M

3

n=m

)
—

ngLk(iULk,@z) =

n:

(]

E9¢ [1/Ztn72‘ Yn, m] + [{m} (mk)Eez [1/Ztn,2| Yk—dp+1:k> m] )

5

n=m

)
Ju

K—

Sgk(ﬁmﬁz) =

(]

Eo, [ Zt,1/Z, 2| Yy m] + Lgny () B, [ Z1, 1/ Zty 2| Yk—di+1:0 M

ap—1
St (w1, 0;) = Eg, [an,l/Ztnp’ Yny M) + Ly (m) By, [an,l/Ztnz’ Yh—dyt1:k, T -
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The corresponding additive functions are

ST (Th—1, T, 05) = Loy (mue) Lgny (di) - 5% (-1, Tk, 03) = Ty (M) La, 13 (die),
sy’ (Tr—1, Thy 03) = Ly (die) Ly (M—1) Lmoy (M),
sf[fk(xk,l,xk, 0;) = Lmy (my) {[{1}(dk)E9i [log Zk 2| yr, m|
+ g, +13(dr) (B, (108 Zk| Yi—dy+1:6, m] — Eo, [10g Zio| Yo—aps1h-1.m]) }
U (1, T, 0;) = Ty (mue) {1113 (di) Bo, [1/ Zi 2] yn, m]
+iay 113 (d) (Bo, [1/ Zk o] Y—aysroe, M) — Bo, [ 1/ Zg 2| Yn—dr1:6-1.m]) }
se e (Tre1, 2, 03) = Ly (mie) { L1y (di)Eo, [ Zr1/ Zn 2] Y, m]
iy 413 (d) (Bo, [ Z11 ) Zk 2| Yn—dpsrie, M) — Bo, [ 211/ Z 2] Yrmdrr:6-1,m)) }
st(Th—1, Thy ) = Ly () {[{1} (di,)Ey, [ k,l/Zk,Q‘ yk,m}
a1y (d) (E 0; [ k,l/Zk,2’ ykfquLl:kam] — Ky, [Z;il/Zm} ykfqutlzkfl’m})}-

The maximisation step is as follows: Letting §]mn(0) = Ey [S;?n(le, 9)} yl:n]7

R logﬁ(i)Zﬁzlgfn(eAi)+Zﬁ:1§fn(9i) G (z+1)w
ER Sp.(6;) St S5 (6))
E0HY = S (008, (6), KD = S, (0)/ (S, (00) - 25(@“)5”(i>+££z+”2527n<9i>)

N = S, (0:)/ (S (6) + §17n<0i>) R, = B 6)) S S
m=1
where U (z) = dlogI'(x)/dx is the derivative of the log-gamma function.

4.A.3 Proof of Proposition 4.1

We will first establish a weaker form of backward forgetting for the infinite duration model

with the aid for the following lemma, whose proof is straightforward and is omitted.

Lemma 4.1. Let M (x,2") be a Markov transition kernel (from x to x') on X, ¢ a constant
andm a probability measure on X. If c ' m(z') < M(x,2") < cm(x') for allx € A, where
A C X, then for any B C X and ¢ € B(X) such that osc(p) < 1,

osca(M(p)) < (1 —c¢ Hoscp(p) +2¢m (B) ,

Corollary 4.1. Assume {y;}i>1 is given with p(y1.,) > 0 for all n. Let p,(x,)
E[s(X1)| Zn, y1:n-1]. For any L > 0, n — L > 0, osc(s) < 1, A C supp(n,), B C
supp(1n—r.)

osca(pn) < (1 — cn_LvL(A)_l) oscp(pn_r) + 20n_L7L(A)nn_L(§). (4.27)
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Furthermore, let A = {1,...,L} x {1,..., R}. If there ezist finite positive constants C,
v € (0,1) and ¢(L) such that for all L

sup m(Z) < CWL and sup ¢; r,(A) < (L) (4.28)

i>1 i>1

then for all L large enough, for all n,
0SC Armupp(m) (©n) < (1 — (L) HLT ]+ 2¢(1)2C" (4.29)
Proof. Substituting [ = L and k =n — L in (4.21), it can be shown that

Cn—L,L(A)_lp (fEn—L|y1:n—L—1) <p (xn—L|$n,?/1:n—1) < Cn—L,L(A)p ($n—L|y1:n—L—1)

for all z,, € A. The bound (4.27) now follows from Lemma 4.1 with ¢ = ¢,_1 1(4),
m(xn—L) = p(xn—L|y1:n—L—1)7 M(xnaxn—L) = p(xn—L|y1:n—1axn)a and Y = Yn-L- The
second bound (4.29) follows from (4.27) by iterating the backward kernels with B =

AN supp(n,—r), and using the tail behaviour of the minorization measure in (4.28). O

The first condition in (4.28) is a uniform tightness condition on the probabilities 7;.
This bound for the tail probabilities can be loosened but only at the expense of a weaker
bound in Proposition 4.1. It is clear that (4.29) is weaker than backward forgetting at
geometric rate.

Corollary 4.1 presents a weaker form of backward forgetting for the infinite duration
model. The following lemma establishes that the finite duration models posses the ge-
ometric forward forgetting and geometric backward forgetting properties; both of which

are necessary in order to establish linear growth of the variance.

Lemma 4.2. For a finite duration changepoint model, let d,,, = min{d' : \,,(d) = 1,d >
d'} be the mazimum duration length in model m and let Xy = \J_ {(1,m), ..., (dm,m)}.
Assume that the transition matriz {p(zg|rp—1) @ Tg, 2k—1 € X} is irreducible and ape-
riodic; and that for the given {y,}n>1 there exist finite positive constants ¢, such that
.t <G, <c, foralln. (i) Then there exists a positive integer L such that ck, defined
in (4.21) is finite for alll > L, k > 1. (ii) It now follows that for alll > L, n >k +1,
and x4 € Xy,

P(@rstlTh, Yrn) > i P(@hia| T Yrn) (4.30)

and the inequality holds irrespective of (v, x)) provided both conditional probabilities are

well defined. (i1i) Furthermore, the Markov chain on X with transition kernel p(xgi1|Tk, Y1.n),
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k=1,...,n—1, forgets its initialisation in the following sense: for alln >m >k > 1,

‘]

|E [8(Xon)| 2y Y1) — E [8(Xon)| 2, yra]| < 0sc(s) (1- Cl;i(ifl)L,L) (4.31)
1

,_
‘3
=1

i

irrespective of (z, x},) provided both conditional expectations are well defined. If ¢, < ¢ <
oo for alln, then (iv) ¢y < c(l) < oo forl > L, k > 1 and the rate in (4.31) is geometric,
and (v) letting p,(x,) = E[s(X1)| Zn, Y1:n_1], for all 1 > L, for all n, all A C supp(n,)

0sca(pn) < osc(s)(1 — e(l) 1)U, (4.32)

Proof. (Outline only) Property (i) is a consequence of some well known facts for finite
state Markov chains. We use the fact that, under the stated assumptions, the Markov
chain restricted to Xy has a stationary distribution, say v(z), and we have v(X;) = 1
and v > 0 on Xj. This ensures the ratio p(xjii|zy)/p(zrri|z),) is close to 1 uniformly
in its arguments and k, provided [ is large enough. The result now follows from the the
fact that G,, is bounded from below and above. Property (ii) follows from (i) while the
forgetting property in (4.31) is a simple consequence of (4.30), e.g. see Del Moral [2004].
Property (iv) is proved similarly to (i) using instead the uniform bound on G,,. To verify

(v) use (iv) and (4.27), i.e. iterate the backward kernels starting with B = supp(n,—;) O
Finally, we will need the following lemma to prove Proposition 4.1

Lemma 4.3. Given {y,}n>1, assume there ezists a finite constant ¢ such that ct <
G, < c for all n and that (4.19) holds then, for allmn, 1 < k <n,

sup p(yk:n|xkay1:k—1) < 0.

(an.af)esupp(ne) P(Ykin| T Y1:k-1)

Proof. Using |log(b) — log(a)| < o=l

min(a,b)’

P(Ykin| T, Y1:e—1) - ,
log = 10gp(?/z‘|$k,y1:i—1) - 10gp(yi|9€ ,ylzi—1)
p(ykn‘x;gu yl:kfl) ; k

Z ‘p<yi‘xka y1;¢71) - p(yz'|37§g, y1;¢71)|
min(p(yi|Te, yii-1), p(Yil ), Y1.i-1))

=

Since p(yi|xk, y1.:-1) = E[Gi(Xi)| k, y1.4-1], each ratio can be bounded using (4.19) and
constant ¢, which then results in a geometric sum and gives the desired uniform bound.
O

We can now present the proof of Proposition 4.1.
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Proof. (Proposition 4.1): The asymptotic variance is
i=0

Consider the infinite duration model. Consider the 7th term: For any A C X,

0 ([Gin Din(Sn = Qu(Sui))]?) < 1 Gillzuppine i ([Disn(Sn — Qu(Su))]?)

< NGl oo / ni(das)i(def) ([Din(Sn) (@) = Din(Sa) (@)

2 J—
< NGsalppton) ([05¢a00mpi0 Din(Sa)] + 20%:(A)
(4.34)

Now let A={1,...,L} x {1,..., R}. It follows from (4.19) that for some integer L',

n

sup E Zsk(Xk) Ty, Y| — E Zsk(Xk) Ty || < L'e(L))?,
xi,x}€supp(n;) k—i k=i
and from (4.29) that
i—1 i—1
sup Zsk(Xk) TiyYlm—1| — Zsk(Xk) T Y1 || < (i—1)2¢(L)*CH" 1
x5,z € ANsupp(1;) k=1 k=1
Thus using Lemma 4.3 to uniformly bound |G, || y and the fact that the bounds

supp(n

in (4.28) are satisfied for all L large enough with c(L) < ¢ < o0, (4.33) can be upper
bounded by

n

C' Y (= 1P Ly + L2 + (L) + n*ni(A))

i=1

C/n?) 2L+C/TLL2+C,TL(L/)2+TL30’7L

where C” is independent of L and n. Setting L = klogn for some fixed constant k we see
that (4.33) is upper bounded by a term O(nlog®n).
The proof for the finite duration model follows the same lines where Lemma 4.2 is

used instead of Corollary 4.1, hence it is omitted. O

i>r)+Le(L).
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4.A.3.1 Verification of Example 4.2 satisfying the conditions of Proposition
4.1

The first condition of Theorem 4.1 is satisfied since g(yx|zx) > 0 for all zx, yx. It follows
from (4.23) that
ST SE D)9l =) det

— SIS fEE D g(wilz) d2t,

for all n > 1, y1., 24 ,25- This, together with (4.20) implies

C

C—l S p(yk:n|xicay1:k—1)
p(yk:n|xka yl:k—l)

<c (4.35)

for all (zy,x}) € supp(ny), k < n. (4.35) now implies the term [|Gipll pp, I (4.34)
is also uniformly bounded by the constant c¢. (Note that the condition ¢™! < G, < ¢

for all n in Proposition 4.1 is used to verify the term |G .|| in (4.34) is uniformly

supp(7;)
bounded in n and is now no longer needed for this example as we have direct verification
via (4.35).)
Since

P($k|$k—1, yl:n) & P(yk:n|$k, Tk-1, yl:k—l)p($k|$k—1, yl:k—l)

= p<yk:n|xk7 yl:kfl)p(xk|xk71)a

we have that
(|1, Y1) > ¢ Ip(]en_1) > A (2y) (4.36)

for all & < n, and obviously for & > n too. To establish forward forgetting, it follows

from the minorization condition in (4.36) that
1A\
E [sp(Xe)| 21, y1n] — B [s6(Xp)| 27, y1.0) < 0sc(sy) (1 —c 1)\) 't
Let A={1,...,L}. For xyy1 € A, oy, € supp(nx) and ), € supp(nx),

p($k+L, yk:k+L—1|$k, y1:k—1) _ p(yk:k+L—1|fEk+La T, ylzk—l) P($k+L|$k)
p(ﬂkarL, yk:k+L—1|$;g’ y1;k71) p(yk:k+L71\SL’k+L, 5527 y1;k71) P($k+L|ﬂf§€)

By (4.35), the first ratio is bounded by c¢. The second ratio is 1. Thus ¢, 1 (A) < c. Using
(4.36), sup;s 1 E[14(X;)| yri-1] < " where v = 1 — ¢ 7'\, Hence the bounds in (4.22)
apply with constants independent of L and n.
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Chapter 5

Estimating the Static Parameters in

Linear (Gaussian Multiple Target
Tracking Models

Summary: In this we work we propose both offline and online maximum likelihood esti-
mation (MLE) techniques for inferring the static parameters of a multiple target tracking
(MTT) model with linear Gaussian dynamics. We present the batch and online versions
of the expectation-mazimisation (EM) algorithm for short and long data sets respectively,
and we show how Monte Carlo approximations of these methods can be implemented.
Performance is assessed in numerical examples using simulated data for various scenar-
108.

The material in this chapter resembles my contribution in the extended work Yildirim
et al. [2012b]. Also, an early version of this work is published in Yildirim et al. [2012¢].
I was introduced to the problem studied in this chapter by Dr. Sumeetpal S. Singh and
Dr. Thomas Dean.

5.1 Introduction

The multiple target tracking (MTT) problem concerns the analysis of data from multiple
moving objects which are partially observed in noise to extract highly reliable motion
trajectories. The MTT framework has been traditionally applied to solve surveillance
problems but more recently there has been a surge of interest in Biological Signal Pro-
cessing, e.g. see Yoon and Singh [2008].

The MTT framework is comprised of the following ingredients. A set of multiple
independent targets moving in the surveillance region in a Markov fashion. The number
of targets varies over time due to departure of existing targets (known as death) and the
arrival of new targets (known as birth). The initial number of targets are unknown and
the maximum number of targets present at any given time is unrestricted. At each time
each target may generate an observation which is a noisy record of its state. Targets

that do not generate observations are said to be undetected at that time. Additionally,

101
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there maybe spurious observations generated which are unrelated to targets (known as
clutter). The observation set at each time is the collection of all target generated and
false measurements recorded at that time, but without any information on the origin
or association of the measurements. False measurements, unknown origin of recorded
measurements, undetected targets and a time varying number of targets renders the task
of extracting the motion trajectory of the underlying targets from the observation record,
which is known as tracking in the literature, a highly challenging problem.

There is a large body of work on the development of algorithms for tracking multi-
ple moving targets. These algorithms can be categorised by how they handle the data
association (or unknown origin of recorded measurements) problem. Among the main
approaches are the Multiple Hypothesis Tracking (MHT) algorithm [Reid, 1979] and the
probabilistic MHT (PMHT) variant [Streit and Luginbuhi, 1995], the joint probabilistic
data association filter (JPDAF) [Bar-Shalom and Fortmann, 1988; Bar-Shalom and Li,
1995], and the probability hypothesis density (PHD) filter [Mahler, 2003; Singh et al.,
2009]. With the advancement of Monte Carlo methodology, sequential Monte Carlo
(SMC) (or particle filtering) and Markov chain Monte Carlo (MCMC) methods have
been applied to the MTT problem, e.g. SMC and MCMC implementations of JPDAF
[Hue et al., 2002; Vermaak et al., 2005], SMC implementations for MHT and PMHT [Ng
et al., 2005; Oh et al., 2009], and SMC implementations of the PHD filter [Vo et al., 2003,
2005; Whiteley et al., 2010], to mention a few.

Compared to the huge amount of work on developing tracking algorithms, the problem
of estimating the static parameters of the tracking model has been largely neglected,
although it is rarely the case that these parameters are known. Some exceptions include
the work of Storlie et al. [2009] where they extended the MHT algorithm to simultaneously
estimate the parameters of the MTT model. A full Bayesian approach for estimating the
model parameters using MCMC was presented in Yoon and Singh [2008]. Recently, Singh
et al. [2011] presented an approximated maximum likelihood method derived by using a
Poisson approximation for the posterior distribution of the hidden targets which is also
central to the derivation of PHD filter in Mahler [2003]. Additionally, versions of PHD
and Cardinalised PHD (CPHD) filters that can learn the clutter rate and detection profile
while filtering were proposed in Mahler et al. [2011].

In this chapter, we present maximum likelihood estimation (MLE) algorithms to infer
the static parameters of the MTT model when the individual targets move according to a
linear Gaussian state-space model and when the target generated observations are linear
functions of the target state corrupted with additive Gaussian noise; we will henceforth
call this a linear Gaussian MTT model. We maximise the likelihood function using
the expectation-maximisation (EM) algorithm and we present both online and batch

EM algorithms. Because we assume a linear Gaussian MTT model, we are able to
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present the exact recursions for updating static parameter estimate. We stress though
that these recursions are not obvious primarily because the MTT model allows for false
measurements, unknown origin of recorded measurements, undetected targets and a time
varying number of targets with unknown birth and death times. To the best of our
knowledge, this is a novel development in the target tracking field. To implement the
proposed EM algorithms, an estimate of the posterior distribution of the hidden targets
given the observations is required, and in the linear Gaussian setting, the continuous
values of the target states can be marginalised out. But, because the number of possible
association of observations to targets grows very quickly with time, we have to resort
to approximation schemes that focus the computation in the expectation(E)-step of the
EM algorithms on the most likely associations; that is, we approximate the E-step with
a Monte Carlo method. For this we employ both SMC which give rise to the following
different MLE algorithms:

e SMC-EM algorithm for offline estimation; and
e SMC online EM algorithm for online estimation.

We implement these two algorithms for simulated examples under various tracking sce-
narios and provided recommendations for practitioner on which one is to be preferred.

The EM algorithms we present in this chapter can be implemented with any Monte
Carlo scheme for inferring the target states in MTT and reducing the errors in the ap-
proximation of the E-step can only be beneficial to the EM parameter estimates. We
do not fully explore the use of the various Monte Carlo target tracking algorithms that
have been proposed in the literature and instead focus on the following. When using
SMC to approximate the E-step, we compute the L-best assignments [Murty, 1968] as
the sequential proposal scheme of the particle filter. This L-best assignments approached
has appeared previously in the literature in the context of tracking, e.g. see Cox and
Miller [1995]; Danchick and Newnam [2006]; Ng et al. [2005]. An alternative approach,
for example, could be to approximate the E-step by using the MCMC data association
(MCMC-DA) algorithm proposed for target tracking in Oh et al. [2009]. Also a full
Bayesian estimation approach has been proposed by Yoon and Singh [2008].

The remainder of the chapter is organised as follows. In Section 5.2, we describe
the MTT model and formulate the static parameter estimation problem. In Section 5.3,
we present the batch and online EM algorithms. Section 5.4 contains the numerical
examples and we conclude the chapter with a discussion of our findings in Section 5.5.
The Appendix contains further details on the derivation of the EM algorithms for MTT,
and details of the SMC algorithm we use in this chapter. We also make an attempt to
analyse the computational complexity of the EM algorithms in the Appendix.
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5.1.1 Notation

We introduce random variables (also sets and mappings) with capital letters such as
X, Y, Z X, A and denote their realisations by corresponding small case letters x, v, 2, X, a.
If a random variable X has a density v(x), with all densities being defined w.r.t. the
Lebesgue measure (denoted by dz), we write X ~ v(-) to make explicit the law of X.
We use Eq[:|-] for the (conditional) expectation operator; for random variables X, Y and
Z and a function (z,y) — f(z,y), Eg[f(X, Z)|Y = y] is the expectation of the random
variable f(X, Z) w.r.t. the joint distribution of X, Z conditioned on Y = y. Ey[f (X, 2)|y]

is the expectation of the function x — f(x, z) for a fixed z given Y = y.

5.2 Multiple target tracking model

Consider a single target tracking model where a moving object (or target) is observed
when it traverses in a surveillance region. We define the target state and the noisy
observation at time t to be the random variables X; € X € R% and Y; € ) € R%
respectively. The statistical model most commonly used for the evolution of individual
targets { Xy, Yi}i>1 is the hidden Markov model (HMM). In a HMM, it is assumed that
{X:},>, is a hidden Markov process with initial and transition probability densities 1, and
fv, re;pectively, and {Y;} ¢>1 18 the observation process with the conditional observation

density gy, i.e.

Xy~ pp(s),  Xel(Xyao1 = 21-1) ~ fu(-|ze1)

5.1
Yl <{Xz = xi}izl AYi = yi}i;ﬁt) ~ gy (-|ze). o

Here the densities ji,, fy and g, are parametrised by a real valued vector ¢ € ¥ C R%.
In this work, we consider a specific type of HMM, the Gaussian linear state-space model
(GLSSM), which can be specified as

pp(2) = N (23 0, Bp),  fy(a'|z) = N(@'s Fz, W), gy(ylz) = N(y; Gz, V). (5.2)

where N (z; i1, 23) denotes the probability density function for the multivariate normal dis-
tribution with mean p and covariance 3. In this case, v parametrizes (uy, 2, F, G, W, V).

In a MTT model, the state and the observation at each time (¢ > 1) are random finite
sets, X; = {Xt,l,Xm, . 7Xt7K§U} and Y; = {Y;J, Yio, ..., Y;Kty} Here each element of
X, is the state of an individual target and elements of Y, are the distinct measurements
of these targets at time t. The number of targets K} under surveillance changes over
time due to targets entering and leaving the surveillance region X. X, evolves to X,

as follows: with probability ps each target X, ‘survives’ and is displaced according to the



5.2. MULTIPLE TARGET TRACKING MODEL 105

state transition density fy in (5.2), otherwise it dies. The random deletion and Markov
motion happens independently for all the elements of X;. In addition to the surviving
targets, new targets are created. The number of new targets created per time follows
a Poisson distribution with mean A, and each of their states is initiated independently
according to the initial density p,, in (5.2). Now X4 is defined to be the superposition of
the states of the surviving and evolved targets from time ¢ and the newly born targets at
time ¢ + 1. The points of X; are observed through the following model: with probability
pa, each point of X; generates a noisy observation in the observation space )} through
the observation density gy in (5.2). This happens independently for each point of X;. In
addition to these target generated observations, false measurements are also generated.
The number of false measurements collected at each time follows a Poisson distribution
with mean Ay and their values are uniform over ). Y, is the superposition of observations
originating from the detected targets and these false measurements.

A series of random variables, which are essential for the statistical analysis to follow
are now defined. Let C} be a K | x 1 vector of 1’s and 0’s where 1’s indicate survivals

and 0’s indicate deaths of targets at time ¢. More clearly, for i =1,..., K} 4,

s (i) 1 ’th target at time ¢ — 1 survives to time ¢
C(i) = .
0 4’'th target at time ¢ — 1 does not survive to time ¢

The number of surviving targets at time ¢ is K = Zfi’i—l 7 (7). We also define the K7 x 1

vector I} containing the indices of surviving targets at time ¢,

k
(i) = min{k > C) :i}, i=1,..., K.
j=1

Note that I7(i) denotes the ancestor of target i from time ¢ — 1, i.e. X,;_y s34 evolves
to X;; for i = 1,..., K. Denoting the number of ‘births’ at time n as K}, we have

K? = K; + K?. Note that according to these definitions, the surviving targets from

time ¢ — 1 are re-labeled as Xy ,..., Xy ks, and the newly born targets are denoted as
Xt gs41 -+ Xe, e Next, given K targets we define C? to be a K¥ x 1 vector of 1’s and
0’s where 1’s indicate detections and 0’s indicate non-detections. For +=1,..., K},

1 7’th target at time ¢ is detected at time ¢
Citi) = .
0 4’th target at time ¢ is not detected at time ¢

Therefore, the number of detected targets at time ¢ is K = Effl Cd(i). Similarly, we
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also define the K& x 1 vector I¢ showing the indices of the detected targets,

k
I8(:) :mm{k:ZCf(j) :z’}, i=1,... K¢
j=1

I¢(i) denotes the label of the i-th detected target at time t. So the detected targets at
time ¢ are X jayy, ..., Xy pagcey. Finally, defining the number of false measurements at
time ¢ as th, we have K/ = K2 + th and the association from the detected targets to

the observations can be represented by a one-to-one mapping
AL KY — {1, KV}

where at time t the i’th detected target is target IZ(i) with state value Xy ra;) and
generates Y; 4,(;). We assume that A; is uniform over the set of all K}!/ K71 possible one-
to-one mappings. To summarise, we give the list of the random variables in the MTT
model introduced in this section as well as a sample realisation of them in Figure 5.1.
The main difficulty in an MTT problem is that in general we do not know birth-death
times of targets, whether they are detected or not, and which observation point in Y, is

associated to which detected target in X;. Let
= (cr.ct Kb i A
be the collection of the just mentioned unknown random variables at time ¢, and
0 = (Y, Ds, Pas Aoy Af) € O = U x [0,1]* x [0, 00)?

be the vector of the MTT model parameters. We can write the joint likelihood of all the

random variables of the MTT model up to time n given 6 as

pe(zlzna X1:ny yl:n) = p@(zlzn)pﬁ (X1:n|21:n)p0(y1:n|xlzna Zl:n)

where

- b —k f k{!
o(z1n) = [ | P51 = po)tii™ HPO(KY: M)l (1 — pa)t POk Ar) gy (5.3)

t=1 t
X1n|21n H wa xt]|xt 1,35( j) Hﬂw $tj (54)

t=1 \ j=1 Jj=ki+1
n k{
kS

p@(y1:n|X1:n7 21: n H |y| ‘ H glﬂ(?/t,m(j) |xt7if(j)) (55)

=1 j=1
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The list of the variables in the MTT model
Xtk Yk k'th target and k’th observation at time ¢.
Xy ={X1,.. ., Xkr}, Yo ={Yi1,. .. >Yt,Kty}3 Sets of targets and observations at time t.
K?, th : Numbers of newborn targets and false measurements at time ¢
K7, K&: Numbers of targets survived from time ¢t — 1 to time ¢ and detected at time .
K}¥, K. Numbers of alive targets, observations at time t. K¥ = K + K?, K} = K + th
C}: KF | x 1 vector of 0’s and 1’s indicating survivals from time ¢ — 1 to time ¢.
Cg: KF x 1 vector of 0’s and 1’s indicating detections at time ¢.
I7: K} x 1 vector of indices of surviving targets from time ¢ — 1 to time ¢.
I¢: K@ x 1 vector of indices of detected targets at time ¢.
Ay {1, K&}y — {1,...,K/}: Association from detected targets to observations at time ¢.
Zt = (Ctsvczfvig)?thvAt)

X11

)

Y51

Y54
Cis = ([],[L11 3,4],[2,3],[1,2,3,4]);
Cs = ([1,1,0],] 2,3],12,3],[1,2,3,4));
Ky = (0,3,3,2 (3,0,2,1,0), A5 =

Figure 5.1: Top: The list of the random variables in the MTT model. Bottom: A
realisation for an MTT model: States of a targets are connected with arrows. Also,
observations generated from targets are connected to those targets with arrows. Mis-
detected targets are highlighted with shadows, and observations from false measurements
are coloured with grey.

Here PO(k; \) denotes the probability mass function of the Poisson distribution with
mean A, || is the volume (w.r.t. the Lebesgue measure) of Y and the term k&/!/kY! in
(5.3) corresponds to the law of A;. The marginal likelihood of the observation sequence
Yin 1S

Po(Y1:n) = Eo [po(¥1:n|X1in, Z10)] - (5.6)

The main aim of this work is, given Y., = y1.,, to estimate the static parameter 6* where
we assume the data is generated by some true but unknown 6* € ©. Our main contribu-

tion is to present the EM algorithms, both batch and online versions, for computing the
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MLE of 6*:

Our, = arg %1639)(]9«9<y1:n>-

5.3 EM algorithms for MTT

In this section we present the batch and online EM algorithms for linear Gaussian MTT
models. The notation is involved and we provide a list of some important variables used
in the derivation of the EM algorithms in Table 5.1 at the end of the section.

5.3.1 Batch EM for MTT

Given Yi.,, = Y1, the EM algorithm for maximising pg(y1.,) in (5.6) is given by the
following iterative procedure: if 6; is the estimate of the EM algorithm at the j'th iter-
ation, then at iteration j 4+ 1 the estimate is updated by first calculating the following

intermediate optimisation criterion, which is known as the expectation (E) step,

Q( ) Eg] [108; Do (X1:n7 Zl:n7 y1:n)|y1:n]
EG] [log po(Z1:n) + 108 Po(Xiin, Y1:n| Z1:m) Y1) (5.7)
E [logp€<Zl n) + E@ {1ng9(X1 ns Y1 n‘Zl n)‘yl m Zl n} ‘yl n]

The updated estimate is then computed in the maximisation (M) step
01 = 0;,0).
1 = argmax Q(6;, )

This procedure is repeated until §; converges (or in practice ceases to change significantly).
From equations (5.2)-(5.5), it can be shown that the E-step at the j'th iteration reduces
to calculating the expectations of fifteen sufficient statistics of xy.,, z1., and yi., denoted
by Sin, ..., S5, (From now on, any dependency on yi., in these sufficient statistics
and further variables arising from them will be omitted from the notation for simplicity.)

Sufficient statistics S1 ., (X1:n, 21:m) 10 S7.0 (X1, 21:0) are:

n n n n
E Eﬁzt/ﬁ)%ztk)a E E xtz(kytatk)v E Extlzt xt 1,5 (k) E Exthtkv

t=1 k=1 t=1 k=1 t=2 k=1 t=2 k=1
n K n ki n ki
T T
E E L1, (k) Lt k> E E Tt ks E E Tt Ly - (5-8)
t=2 k=1 t=1 k=ki+1 t=1 k=k;+1

These sufficient statistics are related to those used for estimating the static parameter
of a linear Gaussian single target tracking model, and this relation will be made more

explicit later. The rest of the sufficient statistics Ss,(21.) t0 Si5,(21.) do not depend
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on Xj.p.
n [k
[SS,TH CI) Sl5,n] <21;n> = Z Z yt,at(k)ytjjat(k)? kf’ kf? kfktm—h k$7 ktf7 1 (59)
t=1 k=1

Let Sf, , denote the expectation of the m’th sufficient statistic S, , w.r.t. the law of the
latent variables Xi., and Zi., of the MTT model given the observation y;., for a given

0, i.e.

E Smn X:nyz:n n 1§m<77
Sfmn _ 9[ , ( 1 1 )|Y1 ] (5.10)
EG [Sm,n (Zln)| y1:n] 8 S m S 15.

Then the solution to the M-step is given by a known function A : {(S7,,, ..., SfS,n)} — 0

1,n»

such that at iteration j
;41 = arg max Q0;,0) = A (Sffn, o ng,n) )

The explicit expression of A depends on the parametrisation of the MTT model, in par-
ticular on the parametrisation of the matrices F, G, W,V i, 3. An example is provided

below.

Example 5.1. (The constant velocity model:) Each target has a position and velocity in

the xy-plane and the position of a target is restricted to the window [—k, k|*, hence
X, = [X:(1), X4(2), Xi(3), Xi(4)]" € X =R* x [0,00)°,

where X;(1), X;(2) are the x and y coordinates and X;(3), X;(4) are the velocities in x

and y directions. Only a noisy measurement of the position of the target is available
Yi(1), Yi(2)] € ¥ = [, 5%

We assumed a bounded Y and regard observations that are not recorded due to being

outside this interval as also missed detection. With reference to (5.2), the state-space of
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the model are:

2
pr12x2 O2x2 )

2
022 UbUIZXZ

I Al
F:( 22 2><2>’ G:<[2><2 02><2)

02><2 ]2><2

21 0
W _ < O‘$p 2x2 2%x2 ) ’ V — 0_512><2

2
O2x2 Um—72x2

My = [be,uby,O,O]T, Xy = <

Therefore, the parameter vector of this MTT model is

_ 2 2 2 2 2
0 = ()\bu )\fupdvpsa Mbpy Koo, pr7 Obys pra O rus Uy) .

The update rule A for 6 at the M-step of the EM algorithm is

fibe = Sg,(1)/ST3 s 1oy = Sg,(2)/ %3 0

7y = 5 Slantr (4, — 250,17 + Sl ) MI M)
7y = 5 Stantr (S8, — 258 il + S pupl) MIM,)
o2, = tr (ST, MM — 257 M,F,+ S5, FI'F,) /257 .,
o2, = tr (8§, M,M] — 250 M,F,+ 55, FF,) /25, .
on = tr(Sg, —2GSs, + GSY,G) /255,

6 0 6 6
Pa = SQ,n/Slo,n7 Ps = Sll,n/sm,na
0 0 0 0
Ap = SlB,n/Sl5,n7 )‘f = Sl4,n/Sl5,n7

where M, = [IQXQ OQXQ} , M, = [Ozxg IQXQ], and F, and F, are the upper and lower
halves of F, that is F,,(i,j) = F(i,j) and F,(i,j) = F(2+i,j) fori =1,2 andj = 1,... 4.

5.3.1.1 Estimation of sufficient statistics

It is easy to calculate the expectation of the sufficient statistics in (5.9) that do not
depend on x;.,. Noting that Z, is discrete, we simply calculate S, ,,(21.,) for every zi.,

with a positive mass w.r.t. to the density pg(z1.,|y1.n) and calculate the expectations as

531771 - Z Sm,n(zlzn)p0(21:n|y1:n)-

Z1:n
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For those sufficient statistics in (5.8) that depend on x;.,, consider the last expression in

(5.7) with the following factorisation of the posterior

pe(xlzna Zl:n|y1:n) = Do (X1:n|21:n7 y1:n)p9(zlzn|y1:n)-
This factorisation suggests that we can write the required expectations as

an,n - EG [Sm,n(Xlzna Zl:n)| y1:n]
= EG [EG [Sm,n(Xlzna Zl:n)| Zl:n7 y1:n]| Y1:n] . (511)

Let us define the integrand of the outer expectation in (5.11) which is the conditional

expectation
Sg%n(zlzn) - EG [Sm,n(Xlzna Zl:n)| Zlins y1:n] .

as a matrix-valued function with domain Z". Then, we can obtain S}, , by calculating
§&7n(zlzn) for every zy., with a positive mass w.r.t. the density pg(21.,|y1.n) and then

calculate
St = Y Sz (210 )Y 1),
Z1:n

The crucial point here is that it is possible to calculate §fn7n(2’1:n) for any given zy.,. In
fact, the availability of this calculation is based on the following fact: conditional on
{Zi} o1, X4, Yi}oq may be regarded as a collection of independent GLSSM’s (with dif-
ferent_ starting and_ ending times, possible missing observations) and observations which
are not relevant to any of these GLSSM’s. In the context of MTT, each GLSSM cor-
responds to a target and irrelevant observations correspond to false measurements. We

defer details on how §,€,L,n(zm) is calculated to Section 5.3.2.

5.3.1.2 Stochastic versions of EM

For exact calculation of the E-step of the EM algorithm we need pg(z1.,|y1.,) which is
infeasible to calculate due to the huge cardinality of Z". We thus resort to Monte Carlo
approximations of pg(21.,|y1.n) Which we then use in the E-step; in literature this ap-
proach is known as a stochastic version of the EM algorithm [Celeux and Diebolt, 1985;
Delyon et al., 1999; Wei and Tanner, 1990]). We know from the previous sections that
given 7., = z1., the posterior distribution pg(X1.,|y1.n, 21.n) is Gaussian and conditional
expectations can be evaluated. Therefore, it is sufficient to have the Monte Carlo ap-

proximation for pg(21.,|y1.n) only, which is expressed as

N N

Po(21nly1n) = Z 6.0 (z1), Y wl =1. (5.12)

=1 i=1
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Then, the particle approximations for the expectations of the sufficient statistics are

@ SN wSe (), 1<m <7,
" S wf(f)Sm,n(ZﬁZL), 8<m<15

When 6 changes with each EM iteration, the appropriate update scheme at iteration
7 involves a stochastic approximation procedure, where in the E-step one calculates a

weighted average of 5o .,:S’\f,{,n; the resulting algorithm is known as the stochastic

mmno *

approximation EM (SAEM) [Delyon et al., 1999]. Specifically, let v = {7;},.,, called the

step-size sequence, be a positive decreasing sequence satisfying
2
Yo Yfes
J J

A common choice is y; = j7* for 0.5 < o < 1. The SAEM algorithm is given in Algorithm
5.1.

Algorithm 5.1. The SAEM algorithm for the MTT model
Start with 6, and @@nn =0 form=1,...,15. Forj=1,2,...

o E-step: Calculate §frin for each m, and calculate the weighted averages

S = (1 =) 890 + 4,57, (5.13)

m,n

e M-step Update the parameter estimate using A(-) as before

001 = A (89, 89),.).

In general, the Monte Carlo approximation py, (21:n|y1:n) in (5.13) is performed either
sampling N samples from pg, (21.4|y1:n) using a SMC method with N particles or using
a MCMC method (e.g. the MCMC-DA algorithm of Oh et al. [2009]), in which case
weights wﬁf) =1/N,i=1,...,N. In this work, we use the SMC method and we will
call the resulting SAEM algorithm SMC-EM. We use SMC to obtain the approximations
{Po(z1:4ly1:4) }4 <i<n Sequentially as follows. Assume that we have the approximation at
time ¢t — 1

Po(z14-1]y14-1) = Zwt(i)@y) 1(21;1571)-
i=1 o
To avoid weight degeneracy, at each time one can resample from py(z1.4—1|y1.4—1) to obtain
a new collection of N particles, each with weight wﬁ)l = 1/N, and then proceed to the
time t. Alternatively, this resampling operation can be done according to a criterion

which measures the weight degeneracy (e.g. see Doucet et al. [2000b]). We define the
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N x 1 random mapping
I : {1,...,N} = {1,...,N}

containing the indices of the resampled particles, i.e. II;(i) = j if the ¢’th resampled
particle is z@_l. (If no resampling is performed at the end of time ¢ — 1, then I1,(i) = 4,
i)

and w,§ | = wt@l for all 4.) Then, given y; and II; = m;, the particle zf) at time ¢ is

sampled from a proposal distribution

qo (Zt
(me(3))

fort=1,..., N. Therefore, zéi) is connected to z7,_; and the i’th path particle at time

tis 20 = (29, 2™y and its new weight is

Zﬁt_(a)) y Y1t >

() o ™0 o p9<zzgl)|Z§jt1(2))>p9<yt‘y1:t717zﬁz)f).

w; Wi—1 i)y (e (i
go(2 |20 y1e)

(5.14)

Note that we also need to implement SMC for the online EM algorithm in order to
obtain a Monte Carlo approximation of the E-step. Our SMC algorithm calculates the
L-best linear assignments [Murty, 1968] as the sequential proposal; see Appendix 5.A.2

for details.

5.3.2 Online EM for MTT

We showed in the previous section how to implement the batch EM algorithm for MTT
using Monte Carlo approximations. However, the batch EM algorithm is computationally
demanding when the data sequence y,., is long since one iteration of the EM requires a
complete browse of the data. In these situations, the online version of the EM algorithm
which updates the parameter estimates as a new data record is received at each time
can be a cheaper alternative. In this section, we present a SMC online EM algorithm for
linear Gaussian MTT models.

An important observation at this point is that the sufficient statistics of interest for
the EM algorithm have a certain additive form such that the difference of S, ,,(X1., 21:)
and Sy, n—1(X1:n-1, 21.:n—1) only depends on (X,,—1, Xy, ¥»). This enables us to compute the
required expectations in the E-step of the EM algorithm effectively in an online manner.
We shall see in this section that, with a fixed amount of computation and memory per
time, it is possible to update from §fn7t71(21;t,1) to gfﬂ,t(zu) given y; and z; at time t.
To show how to handle the sufficient statistics in (5.8) for the MTT model, we first start
with a single GLSSM and then extend the idea to the MTT case by showing the relation
between the sufficient statistics in a single GLSSM and in the MTT model.
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5.3.2.1 Online smoothing in a single GLSSM

Consider the HMM {X;,Y}},., defined in (5.1). It is possible to evaluate expectations of

additive functionals of X;.,, of the form

Sp(1m) = s(x1) + ) 81, 14)
=2
(with possible dependency on yi., also allowed) w.r.t. the posterior density pgs(z1.,|Y1:n)
in an online manner using only the filtering densities {pg(z¢|y1+) 1<t<n. The technique is

based on the following recursion on the intermediate function [Cappé, 2011; Del Moral
et al., 2009]

Tte(fft) =y [St(Xlzt)|Xt = Ty, yu]
=Eo [T/ | (Xe—1) + s(Xe—1, 32)| Y1:—1, 74

with the initial condition T7(z;) = s(z;). Note that the expectation required for the
recursion is w.r.t. the backward transition density pp(z;—1|y1.¢—1,2:). The required ex-
pectation Egy [S,,(X1.,)|y1.n) can then be calculated as the expectation of the intermediate

function T%(x,) w.r.t. the filtering density pg(x,|y1.n), that is,
EG [Sn<X1n)‘ yl:n] = E@ [T3<Xn>‘ yl:n] .

Consider now the GLSSM that is defined in (5.2), where, additionally, Y; is possibly
non-observable and C¢ is the indicator of detection at time ¢. It is well known that,
given {(Y;, C%) = (ys, ¢?) }+>1, the prediction and filtering densities py(z¢|y1.+—1,cf, ;) and
po(z¢|y14, cl,) are Gaussians with means (,ut|t—1aﬂt\t) and covariances (Zt‘t_l,Zt‘t) and

are updated sequentially as follows:

(-1, Zepe—1) = Fig—1pe—1, thq\tleT + W, (5.15)
(ee—1 + Sy G T e, o — 1

(Nt\t, Zt\t)z V-1 — Zt|t71GTFt_1GZt\tfl) ) ' (5.16)
(,Ut\tfla Et|t71) ) cd = 0.

where I'; = GZﬂt_lGT +V and ¢ = y; — Guy—1. Also, letting B, = Et‘tFT(FZt‘tFT +
WYL by = (Ig,xq, — ByF) gy, and g1 = (layxd, — Bef)3ye we can show that the
backward transition density required for the forward smoothing recursion is Gaussian as
well

pe(xt—1|y1:t—1, Cil:t—la xt) =N ($t—1§ Bz + b1, Zt—l\t) .
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We define the matrix valued functions
S = X x {0, 1} x P! — R=XIm,

such that Sy, (214, ¢, y14) for m =1,...,7 are in the following form:

l

l l !
ZcfxtxtT, ZcﬁxtytT, Z:pt_lx;‘f_l, Z:EtxtT, th_lxtT, r1, ;. (5.17)
t=1 t=1 t=2 t=2 t=2
(so, dy = d, and ds = 1, else d,, = d,). These functions are actually the sufficient
statistics in the MTT model corresponding to a single target. Then it is possible to

define the incremental functions

Sm t (X UX?) x {0,1} x Y — R%>dm (5.18)
where s,,’s are defined such that form=1,...,7
!
Sm l(fEll,Ccfl,?/u) $1,C17y1 +Z Bm( xt—h%,Cf,yt)-
t=2

3 d _ .d T & d _ s d _ T
For example, Sl('xhcbyl) = G112y, S3<x17017y1) - 0d(1;><d(1;7 53(%7171’1570,:7%) = Tt-1Ty ,

S6(z1, ¢t y1) = oy, S7(vey, 2, ¢l ys) = Ogyxa,, etc. We observe that each sufficient
statistic is a matrix valued quantity, hence its expectation can be calculated using forward

smoothing by treating each element of the matrix separately. For example, for

Stn(T1m, & Y1) = 5 ],

we perform forward smoothing for each
Slnzy(xlnaclnayln E Ctxt xt Z,jzl,,dx

It was shown in Elliott and Krishnamurthy [1999] that, the intermediate function

T£t7ij(xta C(li:t) =y [Sl,t,ij(Xlzta C(li:ta yl:t)’ C(li:ta xtaylzt]

for the 7, j’th element is a quadratic in x;:

70 dy_ TP T _
Tl,t,z‘j (24, ¢14) = Ty Prgijoe + Q11,55 + T1tig5 (5.19)
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where P, 4 ;; is a d, xd, matrix, ¢, +4; is a d, x1 vector, and 7 4 ;; is a scalar. Online smooth-

ing is then performed via the following recursion over the variables Py ;;;, G1,ti5, T1,t,i-

5 T5 d T
Pyiy1ij = By PreigBe + ¢aq€ie5

_ T - T (5 5T

Qivrig = B Quisg + B (Prigg + Prlij) b,

Flistij = T + 00 (Preg D + Gy iibe + bF Pygijb
Tt4+1,i5 = T1,t,i5 r 1,645 ~t[t+1 QLt,ij t t L 71,15V,

where e; is the i’th column of the identity matrix of the size d,, and tr(A) is the trace of the
matrix A. For the initial value of Tﬁl,ij (.Tl, Ccll>, pl,l,ij = c‘liel-e]T, 11,5 = Odle, fl,l,ij = 0.

Therefore, the 7, 7th element of the required expectation at time n can be calculated as
E@ [Tﬁn7@'j (Xnu Cil;n)’ Y1:n, Ccll;n} =tr (pl,n,ij (En\n + ,un|n,u£|n)) + (ﬁjn,wﬂmn + 7_al,n,ij-

We can similarly obtain the recursions for the other sufficient statistics in terms of vari-
ables Pm7t7ij, Gm.t.ij» Tmt.ij for the m’th sufficient statistic (see Appendix 5.A.1) [Elliott and
Krishnamurthy, 1999].

Remark 5.1. Note that Py ;; = (Py4;)" (similarly for qi44;) and therefore need only be
calculated for j > i. Note that the variables piy, X, I, €4, By, by, Xgjega, Pmt,zj, Tmt,ij> Tmtij
obviously depend on ci,, y1.; and 0, but we made this dependency implicit in our notation

for simplicity. We will carry on with this simplification in the rest of the chapter.

5.3.2.2 Application to MTT

We showed above how to calculate expectations of the required sufficient for a single
GLSSM. We can extend that idea to the scenario in the MTT case, where there may
be multiple GLSSM’s at a time, with different starting and ending times and possible
missing observations. Recall that at time ¢ the targets which are alive are the &} surviving
targets from ¢ — 1 and the k? newly born targets at time ¢, so the number of targets is
k¥ = ki + kb. For each alive target, we can calculate the moments of the prediction

density po(zix|y14-1,214) for the state

(Fre—je—1i00, FE—1p—risn FT+ W), k <k,

(Mt\tfl,ka Et|t71,k> = .
(,ubu Eb)7 kf < k S kf

Recall that if(k) appears above due to the relabelling of surviving targets from time
t — 1. Also, given the detection vector c¢? and the association vector a;, we calculate

the moments of the filtering density pg(z:x|y14, 21.¢) for the targets using the prediction



5.3. EM ALGORITHMS FOR MTT 117

moments

(g1 + See—16GT Ty gty Btpe—1p — See—1 kG Ty Glye1) (k) =1
(#t\tq,k, Zt|t71,k) ) (k) =0.

N~—
I

(Mt|t,k, Zt|t,k) =

where I'y, = GEy—1,GT + V and €x = Yra,0()) — Glieje—1,6, Where if(k) = Ele c(5).
Note that if the k’th alive target at time ¢ is detected, it will be the 7} (k)th detected
target, which explains i;(k) in € ;. In a similar manner, we calculate By, by i, and Mgy
using fuye, and Xy, for k= 1,.. ., kf in analogy with By, b, and Xy41.

In the following, we will present the rules for one-step update of the expectations

§fn7n<zl:n> = E@ [Sm,n<X1:n7 Zl:n)‘ Yin, Zl:n]

of the sufficient statistics S, ,,(X1.n, 21.,) that are defined in (5.8). Observe that we can

write for 1<m <7,

Sm,n(xlzna Zl:n) - Sm(Xh Zl) + Sm(Xt—la Xt Zt)7 (520)
t=2

where the functions s,, can be written in terms of §,,’s (5.18) as follows:

kY
Sm(X1,21) = Z S (@10, L (R), Yo (i1,
pt
kg k¢
S (Xe—1, X¢, 2) = Z Sm(@e— 1200 Teoks € (K), Yran(ir ))) + Z S (@t o, LK), Ytsan (i 1))-
J—1 k—k3 41

where, again, i,(k) = Zle (7). (Notice that if cf(k) = 0 this #}(k) can still be used as
a convention; since the choice of the observation point in y; is irrelevant as it will have
no contribution being multiplied by c?(k).) Therefore, the forward smoothing recursion

for those sufficient statistics in (5.8) at time ¢

Ty (% 210) = Bo [T 1 (Xaot, 21a-1) + S (Xam1, X4, 20) [Xe, Y11, 2101 (5.21)

can be handled once we have the forward smoothing recursion rules for the sufficient
statistics in (5.17). For k = 1,... Kk}, let T)% , , denote the forward smoothing recursion
function for the m’th sufficient statistic for k’th alive target at time t. For the surviving

targets, k'th target at time ¢ is a continuation of the if(k)’the target at time ¢ — 1.
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Therefore, we have the recursion update for 7| ght’k for 1 <k <k} as

0 _ 0
Tm,nk(l’t,ka 21.4) = Eg Tm,t,Lig(k) (thl,if(kﬁ 21:4-1)

+ S (Xi— 1,030y Teer €4 (), Yau (1, 060) | Tt des Y1t-1, Zl;tq] -

For the targets born at time ¢ (for kf +1 < k < k7 ), the recursion function is initiated
as T, (e, 214) = Sm(Tep, ¢f(k)). Therefore, the (¢,7)’th component of the recursion

function can be written as

0 T
Tt eii(Teks 21:6) = Ty Pt kij Tk + Gt kig ek + Tt ki

similarly to the single GLSSM case, where this time we have the additional subscript k.
For surviving targets the recursion variables Py, ¢ kij; Gm.tk,ij» Tm,t.kij fOr each m, 4, j are
updated from Pm,tfl,if(k),ijaQm,tfl,if(k),ija'rm,tfl,if(k),ija by using Hi—1]t—1,i5 (k) 2t71\t71,¢§(k)7
Bi 15 (k) De—1,35 (k) Se—1jt.is (k) ¢ (k) and, e a, (i1 (x)) With 5 (k) = 25:1 c(j). For the targets
born at time ¢ (for kf +1 < k < k¥ ), the variables are set to their initial values in the
same way as in Section 5.3.2.1 using ¢f(k) and, if ¢f(k) = 1, y,q,(1(x)). The conditional

expectations of sufficient statistics
§fn7t(21:t) =g [T,i,t (X, Zl:t)} Y, zl:t]

can then be calculated by using the forward recursion variables and the filtering moments.
Let

gfﬂ,t,k(zl:t) = Eq [T,i,t,k(xt,k, Z1:t)‘ Y1, Zl:t}

denote the expectation of the m’th sufficient statistic for the £’th alive target at time ¢,

where its (7, 7)’th component is

9 _ T T
Sm,t,k,ij(zlzt) =tr (Pm,t,k,’ij (Mt|t,k,ut|t,k + Et\t,k)) F Gt ki Ftlt e T Tt ki -

Then, the required conditional expectation for the m’th sufficient statistic can be written

as the sum of two quantities
§fn,t<zlit) = §3live,m,t<zlit) + §3ead,m,t<zlit>' (522>

where the quantities are respectively the contributions of the alive targets at time ¢ and
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dead targets up to time ¢ to the conditional expectation §,§L,t(zht)

k¢
Sglive,m,t(zllt) = Z an,t,k(zlit)a
k=1

t k74

Sdeead,m,t(zlit) - Z Sﬁn,jfl,k(zlij—l) (523)
7j=1 k:ci(k):O

As (5.22) shows, we also need to calculate gdeead,m,t(zlit) at each time and by (5.23) this

can easily be done by storing §3ead,m,t—1<zlit*1> at time t — 1 and using the recursion

T
kt—l

Sgead,m,t <211t> :Sgead,m,tfl (zl!t*1> + Z an,tfl,k (Zlit*1>
ke (k) =0

where the terms in the sum correspond to targets that terminate at time ¢t — 1.
Finally, the sufficient statistics Ssn(21.0), - - -, S15.0(21:n) can be calculated online since

we can write for each m =8,...,15

Smm(zlrn) = Z Sm(2t)

for some suitable functions s, which can easily be constructed from (5.9). Hence they

can be updated online as

Sm,t(zlzt) = Sm,t—l(zlzt—l) + Sm(2e)- (5.24)

We now present Algorithm 5.2 to show how these one-step update rules for the suffi-
cient statistics in the MTT model can be implemented. For simplicity of the presentation,

we will use a short hand notation for representing the forward recursion variables in a
batch way. Let 77 (z14) = (T2, 1 (214), k = 1,. .., k¥') where

T 1(210) = (Pavtokigs Gmotobsigs Tty © 2l 4, )

denote all the variables required for the forward smoothing recursion for the m’th suffi-
cient statistic for the k’th alive target at time t. We can now present the algorithm using

this notation.

Algorithm 5.2. One step update for sufficient statistics in the MTT model
We have T , 1 (21:-1), gg (z1e-1), m=1,...,7, 80, (214-1), m' =8,...,15 at

timet — 1. Given z; and y;,

ead,m,t—1

- Set by = 07 g = 07 Sglive,m,t(zlit) =0 and Scelead,m,t(zlit> = Scelead,m,t—1<zlit*1) fOT m =
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L...,7.
-fori=1,... k¥  + Kb

o if i < kT, and c((i) = 1, (the i’th target at time t — 1 survives), or if i > k¥ |, (a

new target is born), set i, = i, + 1.

— In case of survival, use py_1—1,; and Xy_1—1,; to obtain the prediction moments
Heft—1,i, and Xyy—1,,. In case of birth, set the prediction distribution 1 ,, =

Hy and Yilt—1,i = 2.

x If c(iy) = 1, i, 'th target is detected: ig =1iq+ 1. Use Htjt—1,i, a0 D14,
and Y q,(,) to update the filtering moments puy,;, and Sy ;, .
x Ifcl(iy) = 0, i, th target is not detected: Set (ut‘mz, Zt|t,iz) = (ut‘t,uz, Zt|t71,iz)-
— Form=1,...,7
« In case of survival, update the recursion variables T% , ; (z14) using T% ,_y ;(21:4-1),
Mt—1]t—1,i» thl\tfl,i; bt—l,i; Bt—l,i; thl\t,i; Cf(im) and Yt,a:(iq) if C?(ix) = 1.
In case of birth, initiate T . (21.4) using cf(iz) and Yy o, if ¢ (iz) = 1.
(21:4)5 Mtftip and Bz, and

« (optional) Calculate S 1, (z1:¢) using T

m m,t,ig

update gglive,m,t(zlit) A ~3live,m,t(zlit) + ggm,t,ix (Zlit)'
o ifi < kY, and ci(i) =0, the i’th target at time t — 1 is dead. Form =1,...,7,

L,
— Calculate Sm,t_17,~(2’1:t—1) Jrom Tm,t—l,z‘(zlzt—l); Me—1|t—1,0 and Zt71|t71,i-

B Upddt@ ggead,m,t<zlit) A §3ead,m,t(zlit) + §gm,t—1,i<zlit*1)'

- (optional) Update S}, (z1.4) = §0live,m,t<zlit> + ggeadmi(zl;t) form=1,...,7.

Qi

- Update Sy, i(21:4) = Sm—1(21:0-1) + Sm(2e) form =8,...,15.

Notice that the lines of the algorithm labeled as “optional” are not necessary for the
recursion and need not to be performed at every time step. For example, we can use
Algorithm 5.2 in a batch EM to save memory, in that case we perform these steps only
at the last time step n to obtain the required expectations. Notice also that we included

the update rule for the sufficient statistics in (5.9) for completeness.

5.3.2.3 Online EM implementation

In order to develop an online EM algorithm, we exploit the availability of calculating
§f7t, e ggt and Sgy, ..., Si5, in an online manner as shown in Section 5.3.2.2. In online
EM, running averages of sufficient statistics are calculated and then used to update the
estimate of #* at each time [Cappé, 2009, 2011; Elliott et al., 2002; Mongillo and Deneve,
2008]. Let 6 be the initial guess of §* before having made any observations and at time

t, let 0., be the sequence of parameter estimates of the online EM algorithm computed
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sequentially based on yi., 1. When y; is received, we first update the posterior density

to have pp,.,(21.4|y1.¢), and compute for 1 <m <7

Tve,l{ﬁ,t (X1, 21:0) = Egy,, [(1 — /yt)Tff’lr:r;_tl—l (X1, 21:6-1) + Vesm (X1, Xe, 20) |Xe, Y11, Zl:t—l]
(5.25)

for the values 2, = zg for i = 1,..., N, where we have the same constraints on the
step-size sequence {y:},, as in the SAEM algorithm. This modification reflects on the
updates rules for the variables in T} .. To illustrate the change in the recursions with
an example, the recursion rules for the variables for S; (21, c%,) for the simple GLSSM

case become (see Appendix 5.A.1)

. T 5 d T
Pyiiri; = (1= ve1) By Py Be + V1€ 1665

Gyt = (1= 1) (Bl @y + BE (Poais + Progig) bi)
Tyt = (1= Y1) (777,1,1:,@']' + tr (Py71,t7ijzt|t+1) + CBT,Lt,ijbt + b P ,1,t,z‘jbt)

So this time we have ’]:;?;;;t(zl;t) = (7'7‘97;;7t7k(z1:t), k=1,... k) where

91: — . S
I{,mt,t,k(zlzt) — (P’Y,m,t,k,ijv Qymitkigs Ty mitk,ij - all Z,]) .

and the conditional expectations

S’y,lhtm,t(zlit) = Sﬂ/,ldtlive,m,t(zlit) + Sfy,ldtead,m,t(zlit)

can be calculated by using %?;;,t,k(zlrt) as in Section 5.3.2.2. Finally, regarding those S,, ¢

in (5.9), we calculate 8 < m < 15.

S’y,m,t (let) = (1 - ’Yt)S’y,m,t—l (let—l) + YtSm (Zt) . (526)
for the values z1; = z%zz for ¢ = 1,...,N. In the maximisation step, we update the
parameter estimate by 6,1 = A(Af/ﬁft, N Az’li%’t) where the expectations are obtained

N i) Q1. i

S?@M o Zi:l wzg )Sv,l%ﬁ,t<z§:z)t>7 1 =M= 77
UCU i i

' S 0 Smal(), 8 <m <15

In practice, the maximisation step is not executed until a burn-in time t, for added
stability of the estimators (e.g. see Cappé [2009)]).

Notice that the SMC online EM algorithm can be implemented with the help of Algo-
rithm 5.2 the only changes are (5.25) and (5.26) instead of (5.21) and (5.24). Algorithm
5.3 describes the SMC online EM algorithm for the MTT model.
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Algorithm 5.3. The SMC online EM algorithm for the MTT model

o E-step: Ift = 1, start with 0y, obtain py,(z1|y1) = Ef\il wgi)é @(z1), and for
#1

1=1,..., N initialise
Tfm ), S et (A7) Jorm =1,....7 and S, 1(21") form' =8,..., 15,
Ift>2,

Obtain py,,,(z1.4|y1:4) = ZN 1 wy)cS (i)(Zl.t) from po,,_,(z1.4-1|y14-1) along with .

Fori=1,...,N, setj = m(i). Use Algomfhm 5.2 with the stochastic approrimation

to obtain

Tf}ntt( ) Sgldteadmt(zlt) form=1,...,7 and S%m/,t(z@) form’ =8,...,15 from
9 t 6 t j

T GL), S0t s(0,) for = LT and Sy (6,) for mé =

8,....15.

o M-step: Ift < t,, 0,1 = 0,. Else, fori =1,...,N,m = 1,...,7 calculate

Qo Qo Qo Qo
Sﬁ/,latlwe m, t(zl t) and S’ylntw t( o ) Sﬁ/,latlwe m, t( ) Sfyldtead m, t(zl t) ( optzonal’ lines

in Algorithm 5.2). Calculate the expectations

Sell,m H 56115 t:| Z w(l |: vyt SG 7t7 S’Y,S,tu R 5%15,15] (Z§11)5> .

and update 6,1 = A (Selft, . 56115 t)

v

Finally, before ending this section, we list in Table 5.1 some important variables used

to describe the EM algorithms throughout the section.

5.4 Experiments and results

We observe the performances of the parameter estimation methods described in Section

5.3 using the constant velocity model in Example 5.1, where the parameter vector is

2 2 2 2 2
0 = ()\ba )\fapdapsa Hbpy Hbv, Obpa Oby» O'xp, O v Oy) .

Note that the constant velocity model assumes the position noise variance o2, = 0. All

other parameters are estimated.

5.4.1 Batch setting

We run two experiments using the model in the batch setting. In the first experiment,

we generate an observation sequence of length n = 100 by using the parameter value

6" = (0.2,10,0.90,0.95,0,0,25,4,0,0.0625,4)
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Table 5.1: The list of the EM variables used in Section 5.3

Sections 5.3.1 and 5.3.1.1
Sm.n, m = 1:15, Sufficient statistics of the MTT model

an,n’ m = 1: 15, Expectation of S, ,, conditional to y;.,
Sf,m, m = 1:7, Expectation of S,,, conditional to y., and 2.,

Section 5.3.1.2
§9

m,n’

5Y9), n, Weighted average of S

Monte Carlo estimation of Sfﬂ’n
.,Sfr{m for the SAEM algorithm

Section 5.3.2.1

S, m =1:7, Sufficient statistics of a single GLSSM

Smt, m = 1:7, Incremental functions for S,

Spnmijs The (i, j)’th element of S,,,,

Sm.tij, LThe (4,7)'th element of s, ,

Tin.t.i5, Forward smoothing recursion (FSR) function for S, ;;

Pritijs Gmt,ij> Tmitij, Variables used to write 1), ; in closed-form

Section 5.3.2.2
Sm,t, m = 1 : 15, Incremental functions for S, ,
T! ., m=1:7, FSR function for Sy,
at time ¢
T? . 1.i;» The (i, j)th element of T , ,
Pt kijs mitk,ij> Tt k,ij, Variables to write o, ¢ ki;

m
at time ¢

ggb,nk,ij, The (i, 7)'th element of ggb,nk

S,
ggead m.t, Contributions of the dead targets up to time ¢ to gfﬂ’t

live.m.t» Contributions of the alive targets at time ¢ to gfmt

wa?k, FSR function for m’th sufficient statistic of the k’th alive target

S+ Expectation of the m’th sufficient statistic of the &’th alive target

Section 5.3.2.3
TPt Online estimation of T,fb’t using 014

v,m,t»
Pyt kijs Gyt kij, Tymit ki variables to write T ., ¢ ki
Nel:t : . . N@ .
S’y,alive,m,t’ Online estimation of Salive,m,t using 6.
~61:t : . . ~9 .
%dead,m,t, Online estimation of 3,4, using 61

01.¢ . . . 0 .
S ime» Online estimation of Sy, , using 60y

Sy mit, m =8 : 15, Online calculation of S, ,, using 0;.

A~

elt 1 1 3 AG 1
S%m,t, Online estimation of S;, , using 6.

123
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and window size x = 100. This particular value of §* creates 1 target every 5 time steps
on average, and the average life of a target is 20; therefore we expect to see around 4
targets per time.

Using the generated data set, we implemented SAEM in Algorithm 5.1) using SMC-
EM for batch MLE estimation. We used N = 200 particles to implement the SMC method
based on the L-best linear assignment to sample associations, where we set L = 10, the
details of the SMC method are in Appendix 5.A.2. Regarding the step-size sequence in
the SAEM algorithm, v; = j %% is used as the sequence of step-sizes for all parameters
to be estimated, with the exception that v; = j7%% is used for estimating o2,. That is
to say, in the SAEM algorithm, §§j) :Si(/j) and §§]gn are calculated using v; = j %%,

,3,m) A
and :9\3%1” is calculated twice by using v; = 7% and v; = j~%% separately (since it

appears both in the estimation of 2, and p,), and for the rest of S9) v = 080 s
used.

Figure 5.2 shows the results obtained using SMC-EM after 2000. For comparison,
we also execute the EM algorithm with the true data association and the resulting 6*
estimate will serve as the benchmark. Note that given the true association, the EM
can be executed without the need for any Monte Carlo approximation, and it gave the

estimate

** = (0.18,9.94,0.92,0.97, —1.98,0.91,17.18,5.92, 0, 0.027, 4.01).

The z in the superscript is to indicate that this value of § maximises the joint probability

density of yy., and z1.,, i.e.

9*,,2 — 1 " "
arg max 0g Po(Yin, 21:n)

which is different than 6y;,. However, for a data size of 100, 6** is expected to be closer
to Oyr, than 6% is, hence it is useful for evaluating the performances of the stochastic EM
algorithms we present.

From Figure 5.2, we can see that almost all MLEs obtained using SMC-EM converge
to certain values around 6*7; except that o2, has not converged within reasonable running
time and it is worth investigating the reason behind this slow convergence. Our hypothesis
is that the slow convergence of o2, in SMC-EM is due to the fact that the algorithm
spends most of its time to update the estimates of sufficient statistics by running the
SMC algorithm for MTT going through all the observations. This may not be efficient
in the sense that the algorithm uses too many samples (i.e. too much computation time)
for estimating sufficient statistics for a fixed 6, while 0; is varying slowly over iterations.

Actually, we can speed up the estimation process by applying online SMC-EM on a
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Figure 5.2: Batch estimates obtained using the SMC-EM algorithm for MLE. 6** is
shown as a cross.

sequence of repeated data. That is, we can concatenate the data as

[y1:n7 Yin,- - ']7

and run SMC online EM in Algorithm 5.3 for the concatenated data. Figure 5.3 shows
both our previous SMC-EM estimates (vs number of iterations) in Figure 5.2 and the SMC
online EM estimates (vs number of passes over the original data y;.,) on the concatenated
data; and we note that that both algorithms are started with the same initial estimate of
6*. Noting that the computational cost of one iteration of the SMC-EM algorithm and the
computational cost of one pass of SMC online EM algorithm over the data are roughly the
same, we observe that o2, does indeed converge much quicker in this way. Actually; not
only for 02, but also for almost all parameters in § SMC online EM on the concatenated
data forgets its initial values and settle around the values to which it converges in a much
quicker fashion. However, we cannot fully trust the results of SMC online EM algorithm
on the repeated data, since the discontinuity introduced by making y; follow y, in the
concatenated data will induce bias in the estimates, see Figure 5.3. As also suggested
by the figure, we expect that this discontinuity will effect especially those parameters

governing the birth-death and detection-clutter dynamics of the model, i.e. ps, Ay, pa, Ay,
2

zv)

however it will have little effect on the parameters i, foy, 04, O, 02, 0, Which govern

the dynamics of the HMM associated to a target. In conclusion, a recommended way
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Figure 5.3: Comparison of online SMC-EM estimates applied to the concatenated data
(thicker line) with batch SMC-EM.

to estimate 6* in a batch setting is first running SMC online EM on [y1.,, Y1, - - -] until
convergence to get an estimator 6’ of #*, and then running the batch SMC-EM initialised
by 6'.

5.4.2 Online EM setting

We demonstrate the performance of the SMC online EM in Algorithm 5.3 in two settings.

5.4.2.1 Unknown fixed number of targets

In the first experiment for online estimation, we create a scenario where there are a
constant but unknown number of targets that never die and travel in the surveillance
region for a long time. That is, K§ = K (which is unknown and to be estimated) and
Ay = 0 and ps = 1. We also slightly modify our MTT model so that the target state is a

stationary process. The modified model assumes that the state transition matrix F' is

0.991 Al
F _ 2X2 2X2 ’ (5.27)
02><2 0-99]2><2

and G,W and V are the same as the MTT model in Example 5.1. The change is to

the diagonals of matrix F' which should be I, for a constant velocity model. However,
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Figure 5.4: Online estimates of SMC-EM algorithm (Algorithm 5.3) for fixed num-

ber of targets. True values are indicated with a horizontal line. Initial estimates for

pd,)\f,agv,ag are 0.6,15,0.25,25; they are not shown in order to zoom in around the

converged values.

0.99 I5.- will lead to non-divergent targets, i.e. having a stationary distribution.

We create data of length n = 50000 with K = 10 targets which are initiated by
using iy = 0,y = 0,07, = 25,02, = 4. The other parameters to create the data are
pa=0.9,)\; =10,0%, = 0.01, 02 = 4, and the window size k = 100.

Figure 5.4 shows the estimates for parameters pg, Ay, 02, crs using the SMC online EM
algorithm described in Algorithm 5.3, when K? = K = 10 is known. We used L = 10

and N = 100, and v, = t %% is taken for all of the parameters except o2

=, Where we
_ 4055

used . The burn-in time, until when the M-step is not executed, is t, = 10.
We can observe the estimates for the parameters quickly settle around the true values.
Note that p,, fiy, alfp, o2 are not estimated here because they are the parameters of the
initial distribution of targets which have no effect on the stationary distribution of a MTT
model with fixed number of targets, and thus they are not identifiable by an online EM
algorithm [Douc et al., 2004]. In practice, these parameters can be estimated by running
a batch EM algorithm for the sequence of the first few observations, such as y;.5, fixing
all other parameters to the values obtained by SMC online EM. This approximate MLE
procedure is based on the fact that the parameters of the initial distribution will have
will have negligible effect on the likelihood of observations y, for large t.

The particle filter in Algorithm 5.3, which we used to produce the results in Figure
5.3, has all its particles having the same number of targets, which is the true K. However,
K can be estimated by running several SMC online EM algorithms with different possible
K’s, and comparing the estimated likelihoods py, ., (y1.¢|K) versus ¢. Figure 5.5 shows how
the estimates of py,, (y1.¢|K) for values K = 6,...,15 compare with time. Both the left
and right figures suggest that pe,,(y1.¢|K) favours K = 10 starting from ¢ = 100 and the
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Figure 5.5: Left: estimates of py,, (y1.|K) (normalised by t) for values t = 100. ..t = 500
and for K = 6,..., K = 15. Right: Estimates of py,.,(y1.:|/) normalised by ¢ for values
K =6,...,K =15, K =10 is stressed with a bold plot.

decision on the number of targets can be safely made after about 200 time steps. We
have also checked this comparison with different initial values for 6 and found out that

the comparison is robust to the initial estimate 6.

5.4.2.2 Unknown time varying number of targets

In the second experiment with online estimation, we consider the constant velocity model
in Example 5.1 with a time-varying number of targets, i.e. A\, > 0 and p;, < 1. We

generated a set of data of length n = 10° using parameters
0* = (0.2,10,0.90,0.95,0,0, 25,4, 0,0.0625, 4)

and we estimated all of them (except aip = 0). Again, we used L = 10 and N = 200,
and ~y, = t7%8% is taken for all of the parameters except o2, for which we used ~; = ¢,
The online estimates for those parameters are given in Figure 5.6 (solid lines). The
initial values are taken to be 6, = (0.8,0.5,0.6,13,—1,—1,1,1,16,0,0.25,25) which is
not shown in the figure in order to zoom in around 6*. We observe that the estimates
have quickly left their initial values and settle around 6*. Also, the parameter estimates
for the initial distribution of newborn targets have the largest oscillations around their
true values which is in agreement with the results in the batch setting.

Another important observation inferred from Figure 5.6 is the bias in the estimates
of some of the parameters. This bias arises from the Monte Carlo approximation. To
provide a clearer illustration of this Monte Carlo bias, we compared the SMC online EM

estimates with the online EM estimates we would have if we were given the true data
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Figure 5.6: Estimates of online SMC-EM algorithm (Algorithm 5.3) for an MTT model
with time varying number of targets, compared with online EM estimates when the true
data association {Z;};>1 is known. For the estimates in case of known true association,
01000,2000,....100000 are shown only. True values are indicated with a horizontal line.

association, i.e. {Z;};>1. The dashed lines in Figure 5.6 show the results obtained when
the true association is known; for illustrative purposes we plot every 1000’th estimate
only, hence the sequence 61900,2000,...,100000- It is interesting to observe from the plots that
the trends of estimates over time are similar for most of the parameters; however for some
of the parameters of (namely pq, Ay, 03,,0%,,0,) online SMC-EM have a bias.

In search of the source of the bias in our results, we ran the SMC online EM algorithm
for the same data sequence, but this time by feeding the algorithm with the birth-death
information, i.e. {K?, Cf}i>o. Figure 5.7 shows that when {K?, Cf};5 is provided to
the algorithm, the bias will disappear. This indicates two things at the same time: (i)
the bias is due to the poor tracking of birth time and death time of our SMC tracking
algorithm for MTT; and (ii) the L-best approach for tracking the target-to-observation
assignment, that is {C¢, th, A;}is1, is doing fine. Therefore, the bottle neck of the SMC
tracking algorithm is birth-death tracking and, generally speaking, a better SMC scheme
for the birth-death tracking may reduce the bias. At this point we would like to note that
when the number of births per time is limited by a finite integer, all the variables of Z,
ie. {K?, th ,C5.C2, A;} can be tracked within the L-best assignment framework, and we
expect in this case the bias to be significantly smaller. However, since in our MTT model
the number of births per time is unlimited (being a Poisson random variable), we cannot

include birth-death tracking in the L-best assignment framework. For our discussion
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Figure 5.7: SMC online EM estimates when birth-death known (solid line) compared to
the original results in Figure 5.6 (dashed lines). For illustrative purposes, every 1000th
estimate is shown

on this issue to become clearer, we recommend the reader to see the SMC algorithm in
Appendix 5.A.2.

5.5 Conclusion and Discussion

We have presented MLE algorithms for inferring the static parameters in the linear Gaus-
sian MTT model. Based on our experiments on the offline and online EM implementa-
tions, our recommendations to the practitioner are: if batch estimation is permissible for
the application then it should always be preferred. Moreover, online SMC-EM on con-
catenated data should be used to provide a good initial estimate for the batch SMC-EM.
For very long data sets (in terms of time) and when there is a computational budget,
online SMC-EM seems the most appropriate since the it is easier to control computa-
tional demands by restricting the number of particles. We have seen that there will be
bias in some of the parameter estimates caused by the failure to track the birth-death
dynamics accurately. We have not considered other tracking algorithms that work well in
such scenarios such as those based on the PHD filter [Vo and Ma, 2006; Whiteley et al.,
2010] which could be used provided track estimates can be extracted.

The linear Gaussian M'TT model can be extended while still retaining EM based MLE.

For example, split-merge scenarios for targets can be considered. Moreover, the number of
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newborn targets per time need not be a Poisson random variable; for example the model
may allow no births or at most one birth at a time determined by a Bernoulli random
variable. Furthermore, false measurements need not be uniform, e.g. their distribution
may be a Gaussian (or a Gaussian mixture) distribution. Also, we assumed that targets
are born close to the centre of the surveillance region; however, different types of initiation
for targets may be preferable in some applications.

For non-linear non-Gaussian MTT models, Monte Carlo type batch and online EM
algorithms may still be applied by sampling from the hidden states X;’s provided that
the sufficient statistics for the EM are available in the required additive form [Del Moral
et al., 2009]. In those MTT models where sufficient statistics for EM are not available,
other methods such as gradient based MLE methods can be useful (e.g. Poyiadjis et al.
[2011]).

5.A Appendix

5.A.1 Recursive updates for sufficient statistics in a single GLSSM

Referring to the variables in Section 5.3.2.1, the intermediate functions for the sufficient

statistics in (5.17) can be written as
d Tp oy _
Dot (1, 1) = %0 P ig @1 + G35 %t + T i

where 4,7 = 1,...,d, form = 1,3,4,5,7; ¢ =1,...,d;,5 = 1,...,d, for m = 2; and
1=1,...,d,j=1form=06. All Pm,m-j’s, Gm.t,ij s and Tp, ¢ ;'s are d, X d, matrices, d, x 1
vectors and scalars, respectively. Forward smoothing is then performed via recursions over
these variables. Start at time 1 with the initial conditions Pml,ij = 0d,xdys Gm,1,ij = Od,x15
and 7,1, = 0 for all m except Py, = ccfel-e;‘-r, Py = eiel, Garij = cy(7)e;, and

J6.1i1 = €;. At time ¢ + 1, update
D T p d T
Priv1ij = By PrigBr + C1164€5
- T T (5 50,7
Qi1 = Br Queij + By (P L T P, 1,t,m‘> by
_ _ _ o S
T1tv1,ij = Tt + 00 (Pl,t,ijEt\tJrl) + G14,i500 + by Prijbe
Poi1ij = Odyxds

_ T — d .
q2,t+1,i5 = B, Q2,5 + Ct+1yt+1(J)ei

_ . T
Tou41,ij = T25 T Gop41,450t
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p3,t+1,ij = BtT (p?),t,ij + el-e;r) B

BGr1i) = Bl G300 + Bl (p?»,t,ij + psT,t,z‘j + eieJT + ejeiT) by

T3¢41,ij = T3, + tr ((p?;,t,ij + €i€JT) Etlt-‘rl) + ‘j:sT,t,z‘jbt
+b! (pB,t,ij + €z‘€]T) by

Pyii145 = B PiyijBi + eie;‘-F

Qati1,ij = tTCh,t,z‘j + BtT (P4,t7ij + P4T,t7ij) be

Tat414f = Tapij + T (P4,t,ij2t|t+1) + Cﬁ:t,ijbt + thP47t,ijbt

Pssi14 = BY Py iiBi + eie! By

Q5,t41,if = BtT(js,t,z'j + BtT (p5,t,ij + pt')j:t,ij) by + ejbgei

T5t41,i = Ts,t,i5 + tr (p5,t,ij2t|t+1) + %T,t,ijbt + b?p57t,ijbt

Po 1.1 = Oa,xa,

d6,t+1,i1 = BtTCjG,t,il

T6t+1,i1 = T6,t,i1 T qéftﬂﬁbt

P?,t+1,ij = BtT (P7,t7ij) B,

Q74145 = tT(77,t,ij + B/ (p%t,ij + p7T,t,z‘j) by

T7i41,i5 = Tt T tr (p7,t,ij2t|t+1) + %T,t,ijbt + b?p77t,ijbt

For the online EM algorithm, we simply modify the update rules by multiplying the
terms on the right hand side containing e; or I, w4, by 7:+1 and multiplying the rest of

the terms by (1 — y41).

5.A.2 SMC algorithm for MTT

An SMC algorithm is mainly characterised by its proposal distribution. Hence, in this
section we present the proposal distribution gg(z|z1.4—1,y1.), where we exclude the su-
perscripts for particle numbers from the notation for simplicity. Assume that z;;_; is the
ancestor of the particle of interest with weight w;_;. We sample z; = (k:i’ el cd, k{ , at>

and calculate its weight by performing the following steps:

e DBirth-death move: Sample k? ~ PO(-; \y) and ¢ (j) ~ BE(+;ps) for j =1,... k¥ .
Set ki = ?Zf ¢ and construct the kf x 1 vector i from cf. Set k¥ = kf + kb and
calculate the prediction moments for the state. For j =1,... k7,

—if 7 < Kf, set Hijt—1,5 = Fﬂtfl\tfl,if(j) and Y15 = thq\tq,@'f(j)FT +W.
—if j > kj, set Hejt—1, = pp and D1 j = .

Also, calculate the moments of the conditional observation likelihood: For j =
1, ceey k’?, [LZJ = Gut\tfl,j and Zi{] = GZﬂt,l,jGT ‘I— V
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e Detection and association Define the k¥ x (kf + k¥) matrix D; as

log(paN (yeas i 5, 225)) i j < kY,

Dy(i,7) = log% ifi=j5—k/,
—00 otherwise.
and an assignment is a one-to-one mapping oy : {1,...,kf} — {1,... k/ + k'}.

The cost of the assignment, up to an identical additive constant for each «y is

Dtaat ZDt jaat

Find the set A, = {og1,...,4 1} of L assignments producing the highest as-
signment scores. The set Ay can be found using the Murty’s assignment ranking
algorithm [Murty, 1968] with a computational cost of O((k* + k¥)* L) in the worst
case. Finally, sample a; = oy ; with probability
exp(d(Dy, arj))

H<O‘t7 ) = )
"y exp(d(Dr,an )

j=1,...,L

Given ay, one can infer ¢ (hence if), k2, ki and the association a, as follows:

1 if au(k) < K,
0 if au(k) > kY.

Then ki = Z] Lt (k), K = kY — k2, i is constructed from ¢f, and finally

ai(k) = a,(i%(k)), k=1,... k&

e Reweighting: After we sample z; = (kf, e, k{ , at> from qq(2¢|21.4-1, ¥t ), we calcu-
late the weight of the particle as in (5.14), which becomes for this sampling scheme
as

e—)\f )\f k}tjf f L
Wy X Wy ——— (D}‘) Zexp (Dy, ).
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5.A.3 Computational complexity of EM algorithms

5.A.3.1 Computational complexity of SMC filtering

For simplicity, assume the true parameter value is 8. The computational cost of SMC

filtering with # and N particles, at time t, is

. 3
Comc(0:t,N) = el +Z (csz@l n 03> +d (eKF + esKTKY) + csL (Kf@ n Kf)

J/

resamphng moments and assignments

birth-death sampling Murty (worst case)

where ¢y to ¢g are constants and c3 is for sampling from the Poisson distribution. If we
assume that SMC tracks number of births and deaths well in average (which it indeed

does), then we can simplify the term above
Csnic(0,t, N) & N |e; + 3 + K7 + d® (e K7 + es KPKY) + 6L (K7 + Kf)?’]

The process { K[ }i>1 is a Markov and its stationary distribution is P(\;) where A\, =
&. Also K} = K& + th and for simplicity we write K¢ ~ pgK®. Therefore the
stationary distribution for { K7 + K?},>1 ~ {(1+pa) K¥ 4+ K] };>1 is approximately P()\,)
where A\, = A\, (1 +pg) + Ap. Therefore, assuming stationarity at time ¢ and substituting

Ep)(X?) = A% +3X2 + A, the expected cost will be
Eg [Csmc(0,t, N)] & N [e1 + ¢+ (c2 + d [ea+ 5 (pa + Ap)]) X + cspadi + co L (A) +3M2 + X)) ]

It is worth emphasising that the computational cost of the SMC depends on € unlike

many time series models.

5.A.3.2 SMC-EM for the batch setting

The SMC-EM algorithm for the batch setting which is optimised with respect to com-
putation time first runs a SMC filter by storing all its path trajectories i.e. {Zlin}1<Z<N
and then calculates the estimates of required sufficient statistics for each Z ;. by using a
forward filtering backward smoothing (FFBS) technique. Therefore, the overall expected
cost of an optimised SMC-EM applied to a data of size n is

Csmcem = Crrs(0,m, N) + Y Couc(0,, N) + ¢7
t=1
where c; is the cost of the M-step, i.e. A. Let us denote the total number of targets up
to time n is M and let Ly, ..., Ly be their life lengths. The computational cost of FFBS

to calculate the smoothed estimates of sufficient statistics for a target of life length L is
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O(d3L). Therefore,

N M®
i=1 m=1

Assume the particle filter tracks well and M@ and LS,?, m = 1,...,M® for particles
1=1,..., N are close enough to the true values M and L,, for m =1,..., M. Then, we

have

M
CFFBS 9 n, N ~ Z Z ngiLm

i=1 m=1
for some constant cg. The expected values of L,, and M are 1/(1 — ps), n\y, respectively.
Also, assume stationarity at all times so that the expectations of the terms Csyc(0, ¢, N)

are the same and we have
E@ [Cppgs(e, n, N)] =~ cgNnd‘;’)\m

As a result, given a data set of n time points, the overall expected cost of an optimised
SMC-EM for the batch setting per iteration is

Eg [Comcem] = Eg [Crrps(6,n, N)| + nEg [Comc(0,t, N)] + ¢z

5.A.3.3 SMC online EM

The overall cost of an SMC online EM for a data set of n time points is

CSMC online EM R Z [Crsr(0,t, N) + Csmc(0,t, N) + ¢7] .

t=1

The forward smoothing recursion and maximisation used in the SMC online EM requires
Crsr(6,t, N) ZCQKW s

calculations at time ¢ for a constant cy, whose expectation is cgNA,d> at stationarity.
The overall expected cost of an SMC online EM for a data of n time steps, assuming

stationarity, is

Eg [Csmc ontine EM(0, 7, N)] = n (Eg [Crsr(0,t, N)| + Eg [Comc (0, t, N)] + ¢7)
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Chapter 6

Approximate Bayesian Computation

for Maximum Likelihood Estimation
in Hidden Markov Models

Summary: In this chapter, we present methodology for implementing mazximum likeli-
hood estimation (MLE) in hidden Markov models (HMM) with intractable likelihoods in
the context of approrimate Bayesian computation (ABC). We show how both batch and
online versions of gradient ascent MLE and expectation mazimisation (EM) algorithms
can be used for those HMMs using the ABC approach to confront the intractability. We
demonstrate the performance of our methods first with examples on estimating the param-
eters of two intractable distributions, which are the a-stable and g-and-k distributions, and
then with an example on estimating the parameters of the stochastic volatility model with

«-stable returns.

6.1 Introduction

6.1.1 Hidden Markov models

Hidden Markov models (HMM) are important statistical models in many fields including
Bioinformatics (e.g. Durbin et al. [1998]), Econometrics (e.g. Kim et al. [1998]) and
Population genetics (e.g. Felsenstein and Churchill [1996]); see also Cappé et al. [2005]
for a recent overview. An HMM can be defined as a model comprised of the processes
{Ri}r>1 and {Y;}x>1. The latent process { Ry € R C R% };5, is a Markov chain with an

initial density vy and the transition density fy, i.e.,
Ry ~vp(ri)dry,  Rp|(Rik—1 = 7r16-1) ~ fo(re|re—1)dry, k> 2. (6.1)

It is assumed that vy (r) and fy(r|r’) are densities on R with respect to (w.r.t.) a suitable
dominating measure denoted generically as dr. Next, {YV; € Y C R%},5; is the obser-

vation process where Y} is conditionally independent of all other random variables given

137



138 CHAPTER 6. ABC FOR MLE IN HMMS

Ry, = r and it has the conditional observation density gy(-|rx) on Y w.r.t. dy, i.e.

Vil ({Ritiz1 = {ri}izi, {Yitizvizk = {Uitizvizn) ~ go(yrlre)dyr, k> 1. (6.2)

Finally, the law of the HMM is parametrised by 6 taking values in some compact subset
© of the Euclidean space R%.

6.1.2 Parameter estimation

A problem that often arises when choosing which HMM to fit to a particular data set
is that of parameter estimation. Typically, the problem is formulated as choosing a
particular HMM among the range of HMMs with transitional laws in (6.1) and (6.2)
which are parametrised by ¢ € ©. We will denote the observed random variables of
the HMM, i.e. data, up to time n as Yi.,, which are independent copies of the random
variables Y7.,. Then, given a sequence of observations fflm the objective is to find the
parameter vector 8 € © that corresponds to the particular HMM from which the data
were generated.

A common approach to estimating 6* is mazimum likelihood estimation (MLE). In
the MLE approach, the parameter estimate given the observations Vi, denoted By, is

obtained by the following maximisation procedure:
Onir, = Vim
wr, = arg max py(Yin),

where pg(f/l:n) is the probability density, or the [ikelihood, of the observations Yin, defined
by

Po(Yrin) = /nye('f’l)ge(yﬂ’f’l) [H Jo(rlre—1)go(ynlre) | drim, Vyrn € V" (6.3)

k=2

Unless the model is simple, e.g. linear Gaussian or when R is a finite set, one can seldom
evaluate the likelihood in (6.3) analytically. There are a variety of techniques, for example
sequential Monte Carlo (SMC), for numerically estimating or maximising the likelihood
using Monte Carlo; see Kantas et al. [2009] for a recent comprehensive and comparative

review and discussion of SMC methods for parameter estimation in HMMs.

6.1.3 Approximate Bayesian computation for parameter esti-

mation

In a wide range of applications the standard Monte Carlo methods cannot be used for

parameter estimation, for example when the probability density ga(-|r) of the observed
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state of the HMM given the hidden state R, = r is intractable for any r € R. By
intractability, we mean either that this density cannot be evaluated analytically and has
no unbiased Monte Carlo estimator or that it is computationally prohibitive to calculate.
Despite the intractability, one is often still able to generate samples from the observation
process for any value of the parameter 0; e.g. see Jasra et al. [2012] for an example in the
HMM context. Specifically, one can usually sample from gq(-|r) by first sampling U € U
from a straightforward distribution with density pg(u|r) on U w.r.t. to the dominating

measure du, and then applying a certain transformation ty : U X R — Y such that
to(U,r) ~ go(-|r).

If go (+|r) is an intractable density which cannot be evaluated analytically, then typically
it is the case that the function ¢4 is a highly non-linear mapping (see Section 6.4.1 for an
example), as observed in a different context in Guyader et al. [2011]. If gy (+|r) is available
in analytical form but prohibitive to calculate, then U often consists of the latent variables
of a hierarchical model which generates the observation and t4 is in rather simple form.

The ability to sample from a distribution with an intractable probability density has
led to the development of approzimate Bayesian computational (ABC) methods, in which
the basic idea is to circumvent the intractability of a distribution by generating samples
from it. ABC has been a highly popular method for confronting intractability, one can
see e.g. Pritchard et al. [1999], Beaumont et al. [2002], Marjoram et al. [2003] for its first
examples and Marin et al. [2011] for a recent review.

As the name approximate Bayesian computation reveals, classical ABC methods treat
the problem of estimating 6* in a Bayesian framework where one assigns a prior distri-
bution to 6. Numerous Monte Carlo schemes based on rejection sampling [Pritchard
et al., 1999], Markov chain Monte Carlo (MCMC) [Marjoram et al., 2003], SMC samplers
[Del Moral et al., 2012], etc. have been proposed in this context with success. However,
when they deal with very large data sets, numerical Bayesian methods for static param-
eter estimation are known to suffer either from computational complexity (when MCMC
is used) or from particle path degeneracy (when SMC is used); see Andrieu et al. [2005];
Olsson et al. [2008] for a discussion of this issue on a general basis.

As an alternative to Bayesian estimation, in Dean et al. [2011] the use of ABC was
investigated in the MLE context, where 6* is estimated by taking the value of § which
maximises some principled ABC approximation of the likelihood, which is itself estimated
using Monte Carlo simulation. We will refer to the procedure of maximising this ABC
approximation of the likelihood for the purpose MLE as ABC MLE from now on. How-
ever, the authors in Dean et al. [2011] do not propose a methodology for implementing
the ABC MLE approaches presented in their work.
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6.1.4 Outline of the chapter

In this chapter, we present both batch and online methods to implement ABC MLE for
HMMs with intractable observation densities. In particular, we will demonstrate how
gradient ascent and expectation-mazimisation (EM) algorithms can be implemented in
batch and online settings. We show how to apply the idea of noisy ABC [Dean et al.,
2011; Fearnhead and Prangle, 2012; Wilkinson, 2008] within these methods in order to
get rid of any asymptotic bias introduced by ABC approximations. The methods we
provide are always equipped with a Monte Carlo technique which is SMC based in its
most general form. The SMC scheme for ABC that we propose in this work is based on
a slight but crucial modification of the SMC scheme for ABC that is proposed in Jasra
et al. [2012] for SMC filtering. In fact, it is that modification which makes the MLE
methods implementable.

The organisation of the rest of the chapter is as follows: First, we will review the ABC
MLE approaches for HMMs with intractable likelihoods in Section 6.2. Then, in Section
6.3 we will present the methodology to implement the approaches covered in Section
6.2. We will demonstrate the performance of the developed methods with three different
examples in Section 6.4. The first two examples are on estimating the parameters of a-
stable and g-and-k distributions given a sequence of i.i.d. random variables, noting that
the i.i.d. case corresponds to a special kind of HMM. The final example we will show
is on online estimation of the static parameters of the stochastic volatility model with
a-stable returns. The last section will contain a discussion on the methods developed

and the results obtained.

6.2 ABC MLE approaches for HMM

6.2.1 Standard ABC MLE

Given data Yi., generated from a general statistical model parametrised by €, one popular
method for approximating the likelihood pg(Y1.,) is ABC. In the standard ABC approach,
one approximates the likelihood pg(fﬁm) via the probability of the form

P«9 (pds(n) |:Sn<Y1n>; Sn(ﬁn)] S €

YM) . (6.4)

In (6.4), Y1., denotes the observed random variables of the statistical model, s, : Y" —
R% (™ is a statistic associated to n data points, pg(-;-) is some suitable metric on R?, and
e > 0 is a constant which reflects the accuracy of the approximation. One expects that
the approximation gets better as € goes towards zero. In practice the probability in (6.4)

is itself estimated using Monte Carlo techniques. The intuitive justification for the ABC
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approximation is that, if the statistic s,, is sufficient for @, for sufficiently small €

P@ (pds(n) |:5n<Y1n>; Sn(ﬁn)] S € Y/'ln) "
VEr ~ p9<Y1:n)
Yl:n

where V;f; denotes the volume of the pg,(n)-ball of radius € around the point sn(fﬁn)
Thus the probabilities in (6.4) will provide a good approximation to the likelihood, up to
the value of some normalising factor which is independent of 6 and hence can be ignored.

In Dean et al. [2011], the authors considered performing ABC parameter estima-
tion for HMMs using a specialisation, proposed in Jasra et al. [2012], of the standard
ABC likelihood approximation (6.4) for when the observations are generated by a HMM.
Specifically, given a sequence of observations Yim from the HMM defined in (6.1) and
(6.2), they approximate the corresponding likelihood function py(Y1,) in (6.3) (up to a
proportionality) with the probability

Py (Vi€ By, ... Yo € By | Vi)
:/ vo(r1)90(y1]r1) L (1) [H Fo(relri—1) g0 (yelri)leg (i) | drimdyin, (6.5)
RExyn k=2

where B, denotes the ball of radius € centred around the point y for all y € R%. In the
same work, it was observed that the ABC approximate likelihood obtained by normalising
the probability in (6.5) is equal to the likelihood of the data Yi., under the law of the
perturbed HMM {Ry, Y}, -, defined such that observed states {Y) };>1 admit

Vi =Ye+ ey, Zp~M Unifg, k> 1 (6.6)

This observation can be verified as follows. While the initial and transition densities for
the hidden states of the perturbed HMM { Ry, Y’} r>1 are still v and fo, the components

of the observation process {Y}r>1 has the ‘perturbed’ observation density

1
si(01r) = 1 | oo/ )
Yy

We will denote the likelihood of data Y., under the law of the perturbed HMM as pj (YM),

where pj is defined as

p«g(yln) = /n V9<T1)g§<y1|'rl) H f9(Tk|rk*1)g§<yk‘rk‘)drl:m vyl:n c )" (67)

k=2
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It can be seen from (6.5) and (6.7) that

k=1

Pg(meB;I,...,YneB;n

Therefore, the proportionality between the density pg(Ym) and the probability Py(Y; €
B;l, LY, € B;JYM) clearly does not depend on the value of #. This observation
leads to a very useful fact: In order to find the value of # that maximises the principled
approximation of the likelihood in (6.5), one could in theory implement MLE for the
perturbed HMMs {Ry, Y,},., using the observations Yi., for Yy,,. The benefit of this
approach is that it retains the Markovian structure of the model which facilitates both
the mathematical analysis and computational implementation of the method. Note that
equation (6.5) is also a formalisation of the basic idea behind ABC MLE; all the other
ABC MLE approaches reviewed in the subsequent sections can be regarded to be based

on modifications of (6.5).

6.2.2 Noisy ABC MLE

It was shown in Dean et al. [2011] that the standard ABC MLE, if implemented exactly,
leads to an asymptotically biased estimate of the parameter vector #* in the sense that
as n — oo the corresponding ABC MLE estimate will converge to some point 6*¢ # 6*
in the parameter space O, although this bias can be made arbitrarily small by choosing
a sufficiently small value of €. This bias is due to the fact that in standard ABC MLE
one approximates the likelihood of the data generated by the HMM { Ry, Y}, -, with the
likelihood of the same data under the law of the perturbed HMM { Ry, Y, } k>_1. Thus in
effect standard ABC MLE is equivalent to performing MLE with a misspeciﬁe:i collection
of models which in general leads to biased parameter estimates [White, 1982]. A related
observation was also made in Wilkinson [2008], it was shown that the standard ABC
would be ‘calibrated’” under the assumption of model error, which corresponds to the
mismatch between the original HMM { Ry, Y;},~, and the perturbed HMM {Ry, Y},
here in this context. ) B
The asymptotic bias in the standard ABC MLE approach can be removed by modify-
ing the data Yi.n s0 that the law corresponding to the process that generated the modified
data is equal to the law of the perturbed HMM { Ry, Y }r>1 defined above. In practice

this can be done by simply adding independent uniform noise to each of the observations

}71, e ffn to get noisy observations
Vi=Yi+eZy, Zip~" Unifgy, 1<k<n. (6.8)

One can then perform the same ABC MLE approach described in Section 6.2.1 using
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the noisy observations in place of the original ones. The resulting method is known as
the noisy ABC MLE [Dean et al., 2011] and it produces an unbiased estimator of the
parameter vector 6 as n — oo. The intuitive reason for the unbiasedness is easy to see;
the probability density of the noisy data an is precisely pg(fffm), which is the likelihood
function of the perturbed HMM {Ry, Y, }r>1 given Yy, = Yi,,. The term “noisy ABC”
was also used in Fearnhead and Prangle [2012] in a Bayesian framework with the same
idea of adding noise to the (statistics of) data for the purpose of “calibrating the model”

instead of “removing the bias”.

6.2.3 Smoothed ABC MLE

When the standard and the noisy ABC MLE approaches described above are subject to a
SMC implementation of an iterative MLE method, it may be necessary to have sufficiently
accurate particle approximation of certain quantities, such as gradients of some densities,
at least locally in a neighbourhood of the current parameter estimate. However it is
well known that Monte Carlo estimates of gradients of densities can be poor, especially
when the densities themselves contain discontinuities. This can present problems due
to the presence of the kernel of the uniform density in the ABC approximation of the
likelihood in (6.7). The fundamental problem is that the ABC approximation of the
likelihoods essentially involves convolving the true observation density gy with the density
of a uniform distribution. The sharp discontinuities of this distribution mean that Monte
Carlo estimates of expectations w.r.t. it are very poor at capturing the variations of these
expected values w.r.t. any underlying parameters.

The way to resolve this situation is to implement ABC with an approximation of
the likelihoods that involves convolving the gy with the density of a smooth centred
distribution denoted by x. In particular, this can be done by using the smoothed ABC
MLE (S-ABC MLE) approach described in Dean et al. [2011]. In this approach one
approximates the true likelihood pg(fﬁm) of the data Ylm with the likelihood of the data
under the law of the perturbed HMM { Ry, Y;"}, ., which is this time defined such that
the observed states {Y,”"}, ., admit )

Y=Yyt ey, Zp~ R k>,

Therefore, pg(Yi.,) is approximated by pj™(Yi.,) where pi”™ is defined as

Pg" (Y1:n) :/ vo(r1)ge” (y1lr1) [H fo(rilri—1)gy" (lre) | drim, Yy €Y (6.9)
Rn

k=2

where this time the perturbed observation density g5 is obtained by convolving gy with
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- L (y—y
d570lr) = [ sty ()
R € €

In practice the random variables Z; are often chosen to be standard normal random
variables.

Finally, we note that the S-ABC MLE suffers from the same problems with asymptotic
bias as does the standard ABC MLE. However, the notion of noisy ABC MLE has a
natural extension to the smoothed case which again results in an unbiased estimate of
the parameter values. That is, instead of using fflm, one can use new observations Yf:
obtained by

V' =Y+ ey, Zp~tY e 1<k <n. (6.10)

The resulting approach will be called smoothed noisy ABC MLE (SN-ABC MLE) in this
chapter.

6.2.4 Summary

In Table 6.1, we summarise the ABC MLE approaches we have covered in this section. In
Section 6.3, in order to avoid unnecessary repeatings, we will present our methodology for
implementing ABC MLE for HMMs mainly based on the SN-ABC MLE approach only.
We have chosen SN-ABC MLE for its desirable properties, namely unbiasedness and its
broader applicability; although we do dot have any loss of generality by having done
so. The gradient ascent and EM algorithms explained in Sections 6.3.1 and 6.3.2 can be
modified for the other ABC MLE approaches (if applicable) with obvious modifications
such as removing the noise or using the uniform distribution rather than x. Finally,
note that these algorithms involve SMC approximations in practice, and indeed choosing

an appropriate SMC scheme is of great essence in order to be able to implement the

algorithms.
Table 6.1: A comparison of ABC MLE approaches.
‘ MLE method ‘ output ‘ bias ‘ applicability ‘
ideal MLE arg maxgee Py Yl:n) unbiased impossible
standard ABC MLE | arg maxgee pj( Al:n) biased restricted
noisy ABC MLE arg maxgeo py(Yy,,) | unbiased restricted

S-ABC MLE arg maxgpeo Py (Y1.,) | biased | generally applicable
SN-ABC MLE arg maxgeo Py (Y.r) | unbiased | generally applicable
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6.3 Implementing ABC MLE

Although it was shown in Jasra et al. [2012] that the ABC approximate likelihoods (6.5)
can themselves be estimated using SMC methods, there was no investigation as to how
these SMC based estimates can be used in practice to find the parameter value that
maximises the ABC approximate likelihood. The purpose of this section is to show that
due to the underlying mathematical structure of ABC one can efficiently and accurately
implement the ABC MLE procedure via the standard MLE algorithms. We discuss in
detail how this can be done in Sections 6.3.1 and 6.3.2. However, here we give the basic
idea behind the algorithms described in those sections.

Consider the SN-ABC MLE approach where the true likelihood pg(Yi,) in (6.3) is
approximated with pg™(Y,2") where p§*(-) is the S-ABC MLE likelihood defined in (6.9)

Lin
and Y2 are observations with added smooth noise defined in (6.10). Recall that p§™(Y,2")
is the likelihood of Y, under the law of the perturbed HMM { Ry, Y, "},.<1; so one would
obtain the SN-ABC MLE estimate of §* if they could implement MLE for {Re, Y, " oy
given Y2" = V2" However, MLE for {Ry, Y "},>, is as hard as MLE for the origin_al
HMM { Ry, Yi},~;, which we already know to be impossible due to the intractability
of go(+|7). The reason is similar; this time the perturbed observation density g5 (-|r)
is intractable. Therefore, we cannot use the HMM { Ry, Y, "}, directly to implement
SN-ABC MLE. )

The crucial point here is that one can construct an equivalent HMM to { Ry, Y,"}, <,
which is tractable in terms of its densities. Recall that one can usually sample from gg(- \;)
by first sampling U € U from py(-|r) and applying the transformation (U, r). From this
it follows that py"(-) is also the likelihood function corresponding to the expanded HMMs

{<Rkv Uk)aY/?H}kg

where { R}, is equal to the hidden state of the original HMM, Uy, ~ pg(-|Ry) for all k
and
Yo" = tg(Uy, Ri) + €2y, 7y~ k, k> 1.

For this particular HMM, we have {X} := (Ry, Ux) }r>1 to be the latent process taking
values from X = RxU and {Y, "}, is the observation process. The initial and transition
densities my(x) and gg(x|2") for {X;}r>1 w.r.t. the dominating measure dz = drdu and

the observation density hy"(y|z) for {Yi}r>1 w.r.t. dy are as follows:

mo(x) = v(r)pe(ulr), qo(z'|x) = fo(r'|r)pe(u'|r’),  hy"(ylz) = %,{ (M) '

(6.11)
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where = (r,u) and 2’ = (r',u’). Depending on whether we choose to use the S-ABC
MLE or SN-ABC MLE, we take Y% = Y., or Y% = Y2", respectively. Again, to avoid

1n>
repeating ourselves, from now on we will carry on with the SN-ABC MLE approach and
as a result we are given a particular realisation Y% = Y2, SN-ABC MLE reduces to
searching for

&R __ €,K
Oy, = arg r;légpe "V,

where pp” is defined in (6.9) and it can be rewritten in terms of the densities in (6.11) as

Pg" (Y1:n) =/ mo(z1)hy " (y1|21) [H Go(Tk|Te-1)hg" (YklTk) | dT1in, VY1 € Y™ (6.12)
Xn

k=2

Thus, in practice one can find the SN-ABC MLE estimate by applying standard MLE
algorithms to the expanded HMMs { X}, Y;""} )>1 using the noisy observations Ye "
Finally, we note that there is a published remark [Andrieu et al., 2012] which also
mentions (independently) the idea of making use of the intermediate random variable U
in the ABC context in a Bayesian framework; however the idea is not developed further

and finalised with an implementable method.

6.3.0.1 SMC algorithm for the expanded HMM

In Sections 6.3.1 and 6.3.2, we describe two possible SMC based MLE methods for HMM
in the ABC context by exploiting the availability of this expanded HMM {Xj, Y, ""}, ..
Before going into the details of these methods, we present our SMC filtering scheme for
{X4, Y}~ in the algorithm below.

Algorithm 6.1. SMC filtering for the expanded HMM {X/LC,YN”}/,C>1
Fork=1; fori=1,...,N sample Rgi) ~ Uy, Ul(i) ~ ug(-\REi)), and set X (R Ul(i))

and calculate
le hen Yen|X Zwl _
Fork=23,...

e Resample {X(gfl)g—l}lﬁiSN according to the weights {Wé?l}lsiSN to get resampled

particles {)?é:i,l,lhgigN-

o Fori = 1,...,N, sample Ri ~ f6(|f§,(21) and Ulgi) ~ ;Lg(-|RS)); set X,gi) =
(Rk ,Ukl) and X{Zk (Xflk 1 ,gz)) Calculate

W oc g (VR Xy, Y wi =1
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Algorithm 6.1 provides the SMC estimates for the posterior distributions such as
Py (1| YY2), pg" (2a|YY2) and py™(x,|Yio_ ). In this work, we will consider the last

one in particular, whose SMC approximation is provided by Algorithm 6.1 as

Py N (da, |YSR ) Z(&w dz,,) (6.13)

The implementation in Algorithm 6.1 is based on the bootstrap particle implementation
of Gordon et al. [1993]. Note that any SMC implementation may be used, e.g. the
auxiliary SMC method of Pitt and Shephard [1999], bootstrap with optimal proposal
Doucet et al. [2001]; see e.g. Del Moral [2004]; Doucet et al. [2001] for more examples.
In Jasra et al. [2012], the authors propose an SMC filtering algorithm using another
expanded HMM, namely
{ (B, Yi), Yy be1

In this HMM, the hidden state at time k is (Ry, Y%) i.e. the components of the original
HMM and Y is defined in (6.6). It is indeed possible to sample from the hidden states
(Ry, Yy) by sampling from their transition density

fo(rk|rr—1) g0 (yk|r1)

and the SMC filter only needs to calculate the density of a uniform distribution cen-
tred at the value of Y)¢ on order to weight the sampled particles. For any given 6 and
Y1.n, this SMC filtering algorithm also provides an unbiased SMC estimate of the ABC
probability in (6.5), hence of the ABC likelihood p§(y1.,) in (6.7) for any given 6 and
Y1.n Up to a proportionality. Moreover, the algorithm for {(Ry,Y%), Y} can be modified
for {(Ry, Ys), Y™} with a straightforward manner, namely the uniform distribution is
replaced with a smooth distribution centred at Y;". The resulting SMC filtering algo-
rithm would be equivalent to Algorithm 6.1 in terms of filtering for the hidden process
{Ry}r>1 of the original HMM; also we can have an unbiased SMC estimate of py” (y1..)
for any given 6 and y;.,. The problem, however, is that it is in general required to be
able to compute the transition density of hidden states of a HMM (or its gradient) in
order to implement MLE methods for it. Obviously neither fy(r|ri_1)ge(yx|rr) nor its
gradient can be computed; therefore {(Ry, Yx), Y }x>1 is not practical for implementing
MLE. As a result, although both HMMs are equivalent in the SMC filtering context,
{(Ry, Ux), Y, }e>1 should be preferred over {(Ry, Yx), Y }i>1 in the MLE context.
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6.3.1 Gradient ascent ABC MLE

We show in this section that it is possible to devise batch and online gradient ascent
algorithms for HMMs with intractable observation densities in order to implement the
SN-ABC MLE approach. Specifically, we apply the gradient ascent MLE algorithm to
{ Xk, V" = to(Xk) + €Zi }r>1 where {Z) }i>1 are taken as i.i.d. standard normal random

variables i.e.

hy" (ylz) = N (y;to(x), €%).

Also, for simplicity we fix Yf,’f = Yln-

6.3.1.1 Batch gradient ascent

The batch gradient ascent algorithm is an iterative procedure implemented as follows:
We begin with #(®) and assume that we have the estimate 8~ at the end of the the
(7 — 1)’th iteration. At the j’th iteration we update the parameter

90) = e(jil) + fije logp;n<y1:n> }.9:.9(1'—1) :

Here {;};>1 is the sequence of step sizes satisfying ) ;v; = co and }_; %2 < 00, ensuring
convergence of the algorithm when it is used with the Monte Carlo approximations of the
gradients Vglogpy"(y1.,). It was shown in Poyiadjis et al. [2011] and Del Moral et al.
[2011] that a stable SMC approximation of Vylogpy”™(y1.,), which we briefly outline in

the following, is available for HMMs. First, the gradient term can be written as

Volog py"(y1:n) = / S0 (1.0) + Vo log hy™ (yn|zn)] py" (T1:0| Y1) dT10 (6.14)

n

where the additive functional Sy, : A" — R% is defined from additional functions as

follows:

Se,n(ﬂflzn) = Z Se,k(xkfla Jfk% (6-15>
k=1

So.k(Tp—1, ) = Volog hy"(yk—1|xr—1) + Velog go(xi|zi—1), 2 <k <n,

sp.1(zo, 1) 1= sp1(x1) = Vplogmy(xy).

Notice that we have omitted the dependency on y;.,,—1 from the definition of Sy, for
notational simplicity. The integral in (6.14) is simply the expectation of sum of the
additive function Sy, and Vylog hy"(y,|-) under the posterior distribution of X, given

Y1, and it can be evaluated in a forward manner as follows: Define the function 79 :
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X — R

Tg<xn> = / S@,n<x1:n)pzﬁ<x1:n71 ‘yl:nfh xn)dxl:nfl
Xxn—1

= / [T371<xn71) + 89(1‘”71, xn)] p;R('xn*l‘yl:n*lu xn)dxnfl- (616>
X

The recursion in (6.16) is a forward-only version of forward filtering backward smoothing
and it is called the forward smoothing recursion in Del Moral et al. [2009]. Forward
smoothing recursion is available for all additive functionals that have the form in (6.15);
and it is particularly helpful in a sequential setting since one can perform the recursion
using only the densities {py"(xx|y1k—1) }p>1, where we will call py™(xx|y1.4—1) the filter at
time k. For simplicity, define

Nk (dzy) = pg" (Tr|yrk—1)dar, k>1,

and let v(p) = [ ¢(x)v(dx) for any measure v on the o-algebra generated by X and any

bounded Borel measurable function ¢ defined on X'. Then, we can write

nGn 1(dxn 1)h27n(yn—1|xn—1)q9(xn|xn—1)
Non—1 [hg" (Yn—-1]-)q0(zn])]

p; (xn 1‘y1n 17xn>dxn 1=

Once we have T? from TP , using the forward smoothing recursion, it is possible to

evaluate Vg log py™(y1.,) using again the filtering densities only:

No.n [Tgh’;,n(yn‘ )] + To.n [veh;"{(yn‘ )]
No,n [h;ﬁ(yn‘ )l

Volog pg"(y1m) =

Exact calculation of the filtering densities 7, and hence Vjlog pg’“(yl:n) is not possible,
therefore Monte Carlo approximations are needed. We have already shown by equation
(6.13) in Section 6.3.0.1 Using Algorithm 6.1 with IV particles, it is possible to recursively

compute particle approximations né\fn of ng.n,

ny (dxy,) = Zax(’) dz,),

where X,(f), i =1,...,N, are called particles and ¢, is the Dirac measure concentrated
at x. Also, a stable SMC approximation to Vylog py”(y1.,) is available by computing the
recursion in (6.16) using the following O(N?) particle approximation to the backward

transition distribution py”(dz,—1|Tn, Y1:n-1)

”79 n—1 (dl’n 1)h2’“(yn71 |37n—1)Q9(SCn\SUn71)
N1 (05" (Wn—11)ao(2n]")]

p@ (dxn l‘xnayln 1)
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6.3.1.2 Online gradient ascent

The batch gradient ascent algorithm may be inefficient when n is large since each iteration
requires a complete browse over the data sequence. An alternative to the batch algorithm
is its online version, called the online gradient ascent MLE algorithm. An online gradient
ascent algorithm can be implemented as follows [Del Moral et al., 2011; Poyiadjis et al.,
2011): Given ¥1.,_1, assume we have the estimate 6,,_;. When y,, is received, we update

the parameter

en = enfl + fYnVG logp;ﬁ(yn‘ylznfl) ‘GZGn—l .

The gradient Vglog pg” (yn|y1:n—1) can be calculated making use of the filter derivative:

€.k 1o,n [V9h2ﬁ<yn|')] + Co.n [h?)ﬁ(yn")]
\Y% 10gp " (Yn|Yrin—1) = : €R :
01082y (Wnlyn-1) oo 1Ry Gl ]

where (g, (dz,,) is the derivative of the filter 1y, and is defined as

Ce,n(d%) = Tlem(d%) [Tg(xn) — No,n (Tg)}

Therefore, using an SMC algorithm, it is possible to recursively compute particle
approximations Cévn of ¢y, by using the same O(N?) particle approximation to the for-
ward smoothing recursion (i.e. T?’s) as in the batch gradient ascent case to compute

Vo log py"(y1.n). The resulting approximation of Vg log py™ (yn|y1:n—1), which is

Mo [Vohg"™ (ynl-)] + C3l [he" (Ynl-)]
Mo [hg" (Ynl-)] ’

vé\f log p;ﬁ(ynwl:n—l) =

was numerically shown to be stable in Poyiadjis et al. [2011] and this was proved in
Del Moral et al. [2011]. Without going into further details, we refer the reader to these
works for the implementation details (e.g. see Algorithms 1 and 2 in Del Moral et al.

[2011]) as well as proven stability results.

6.3.1.3 Controlling the stability

If the functions sy, and hence the additive functionals Sy, have very high or infinite vari-
ances; we expect failure of the gradient ascent MLE algorithm. In particular, assuming
k = N(0,1), the gradient term

€K €K 1 €K
Vo log hy" (Yo" [ Xy) = = V" —to(Xi)] Voto(Xy)

can be problematic in this sense. We may circumvent the instability problem by trans-

forming each of the observations }71, e Yn to a subset Y, C ) by using a one-to-one func-
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tion ¢ : Y — V. Then, we can implement SN-ABC MLE for the HMM {Xj, Y;’”’w}kzl,

where this time
YO = (Vi) + €2y, Zp ~EN(0,1), k> 1
In this case, the observation density of the HMM { X}, Y, ’”’w}kzl becomes

hy™ (yla) = N (y: ¢lto(x)], €).

Finally, the likelihood function of { X, Y% }is1 is py™ in (6.12) with hy"™ is replaced by

h;’“’w ie.

9 ) = [ malw ™ nlon) | [T aooulon 5™ (ndon) | v, ono € V"
an k=2

We choose 1 such that the gradient of the logarithm of the new observation density

Vo log hy™* (V™| Xy) = 612 (Yor? —aplte(Xy)]) Vouo[to( X))

has smaller variance than it would have if no transformation were used. Note that in the
case of a transformation function applied, we obtain the noisy data by first transforming

the real data and then adding the noise, that is,
VO = (V) + €2y, Zp ~HN(0,1), 1<k <n.

6.3.1.4 Special case: i.i.d. random variables with an intractable density

An ii.d. process {Y;}r>1 can be seen as a special type of HMM. Specifically, {Yx}r>1
are i.i.d. w.r.t. a distribution with an intractable probability density gy. The objective
is to perform MLE given a data sequence Vim generated from the i.i.d. process. Again,
we have the assumption that gy is intractable but we can sample from gy by generating
U € U from pg, and by applying a certain transformation function ¢ty : 4 — Y so that
to(U) ~ go

Let us consider again the SN-ABC MLE approach where we want to maximise the
likelihood of the noisy observations Yff = Y., under the law of the HMM {Uy, V7" }is1.
The observation density for this HMM is modified as

) = o (2.

€

Since we have py" (yn|y1:n—1) = py"(yn) and hence log pg”(y1:n) = Y iy log py”™(yn); the
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batch and online gradient ascent MLE update rules algorithms reduce to

09 = 0079 9,y " Volog oy (i) |,y On = On1 + 1 Valog 0y (un)|,_, -
k=1

Therefore, both batch and online gradient ascent algorithms involve independent Monte

Carlo approximations to Vylog py™(y,). Noting that

Vologpy™(y) = / (Vo log pig(u) + Vg log hy” (y|u)] pg” (uly)du, (6.17)
Y

the Monte Carlo approximation of Vylog py™(y) involves a Monte Carlo approximation

to the posterior distribution py"(uly) of U given y. We can use standard MCMC or

importance sampling methods to obtain an approximation of py” (u|y) with N' > 1 samples

as
N N

pg" N (duly) = W6y0 (du), Y WO =1,

i=1 i=1

If a MCMC is used to generate samples from p™" (uly), we simply have W = 1/N. If

self normalised importance sampling is used with a proposal density £y(u|y) then

U0 )

WO He .
E(UDy)

Therefore, the Monte Carlo approximation of (6.17) becomes
N
Vi logpg"(y) =Y W@ [Vylog ug(U?) + Vlog hy™(y|U™)] .
i=1

One important point to note about the i.i.d. case is that the original O(N?) algorithm
mentioned above reduces to an O(N) algorithm, so for a fixed computational source
one can implement the gradient ascent algorithms with much more particles. Secondly,
because of reduced computational complexity, we have more freedom to choose a sophis-
ticated method for the Monte Carlo approximation, such as SMC samplers [Del Moral
et al., 2006] (even though these methods are applicable also within the SMC algorithm

for general HMMs with additional computational costs).

6.3.2 Expectation-maximisation

Although not as general as the gradient ascent MLE algorithm, the EM algorithm may

be available in some models in the ABC context, at least for a part of the parameters in
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6. Consider the expanded HMM { X}, Y,""};>1 and assume that that the quantity

Q',6) = / log 5" (21, Y1 )P (1 Y1) A1

can be maximised w.r.t. 8. Then the EM algorithm at the j'th iteration calculates
Q08U 0) (E-step) sets 1) to be the maximiser of Q(8Y~Y 6) (M-step) i.e.

6Y) = arg max Q(6Y Y, 9)
0co

Moreover, if the joint density py"(%1.,y1.n) of observations as well as latent variables
belongs to the exponential family w.r.t. 8, then the E-step reduces to calculating the
expectations of some additive sufficient statistics S, : X" — R™ (for some m > 0)
defined similarly to (6.15) as

Sp(T1.0) = s1(x1) + s(Tp_1, k) (6.18)

w.r.t. the posterior distribution pyi-1) (21.n|y1:m) of Xy, conditioned on Y7' = yy., at
6 = U=, The M-step, then, can be characterised as a mapping A : R™ — © such that

Pl — A(S(’(jfl)) = arg max Q(G(jfl);e)-

" IEC)

where, for § € ©, S? denotes the expectation of S, w.r.t. py”(z1.n|y1n) i.e.

Sz = / Sn(xlzn)pz’“<$‘1:n|y1:n)d3j1:n_

Calculation of S? follows similar steps as calculating Vg log Py" (y1:) in the gradient ascent
algorithm in the sense that we can use the forward smoothing recursion described in
Section 6.3.1.1 to calculate SY since the sufficient statistics S,, are in the additive form
[Del Moral et al., 2009]. Note that to emphasise the analogy between (6.15) and (6.18)
we use the same letter S for those additive sufficient statistics.

Similar to the online gradient ascent algorithm, the availability of the recursive calcu-
lation of SY enables us to develop the online version of the EM algorithm [Cappé, 2009,
2011; Elliott et al., 2002; Mongillo and Deneve, 2008]. This can be done by modifying
the forward smoothing recursion by borrowing ideas from stochastic approximation. Let

0o.n—1 denote the parameter estimates obtained sequentially by the online EM algorithm
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given the data y;.,_1. When vy, is received, we calculate

T’y,n<xn> = / [(1 - fYn)Tfy,nfl(xn> + fynsn<xn717 xn)] p;g{n71 (xnfl‘xna yl:n71>dl’n71
X
S%n — /;Ty,n(xn)pggmn_l($n|yln)dxn

Tovssn | Tunh, ()|

Monssn |G, ()|

and update 60,, = A(S,,,). The subscript 6p.,—; indicates that the estimations up to time
n have contributions to the filtering densities (hence to 7}, and S, ).

There are both O(N) and O(N?) SMC methods available for approximation to S¢ and
S, for the batch and online cases, respectively. Actually, the O(N?) method is analogous
to the O(N?) method described in Section 6.3.1. Whereas, the O(N) method is directly
based on the path space approximation of py”(z1.,|y1.n) Obtained by the SMC filter in
Algorithm 6.1. One can see Cappé [2009] for an O(N) implementation. Although the
O(N) method is computationally less demanding, its estimates have larger Monte Carlo
variance compared to those of the O(N?) method. Finally, both methods produce stable
estimates for 6* when used in an EM algorithm unlike the gradient ascent algorithm
which strictly requires the O(N?) method for stability [Poyiadjis et al., 2011].

In the case of i.i.d. processes the EM algorithms simplify in a similar way as in
the gradient ascent algorithms, and it will not be detailed here again. The important
points are worth emphasising, though: we have {X; = Uy} the SMC implementation
to calculate the expectations of sufficient statistics S, (Ur.,) = > p_, sk(Uy) breaks into
independent Monte Carlo approximations of {py”(ux|yx)}x>1 and the O(N?) algorithm
can be implemented with O(N) calculations. Finally, if needed, the same one-to-one
transformation approach explained in Section 6.3.1.3 could be used for the EM algorithm

in order to stabilise the sufficient statistics (or their estimates) required for the algorithm.

6.4 Numerical examples

In this section we demonstrate the performance of the methods described in Section 6.3
with several numerical examples. The models we study are sequences of i.i.d. random
variables from a-stable and g-and-k distributions and the stochastic volatility model with

a-stable returns. The experiments focus on different aspects of the methods.
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6.4.1 MLE for a-stable distribution

We first consider the problem of estimating the parameter values of a sequence of i.i.d.
a-stable random variables. We denote A(a, 3, i, o) to be the a-stable distribution. The

parameters of the distribution,
0 = (@, 8,1,0) €0 = (0,2] x [~1,1] x R x [0, 50),

are the shape, skewness, location, and scale parameters, respectively. Several methods
for estimating parameter values for stable distributions have been proposed, including a
Bayesian approach based on ABC, see Peters et al. [2011]. In this example we consider
estimating these parameters using SN-ABC MLE implemented with the online gradient
ascent algorithm.

One can generate a random sample from A(«, 3, i, 0) by generating U = (Uy, Us),
where Uy ~ Unif(_y/2,7/2) and Uy ~ Exp(1) independently, and setting

Y :=t(U) :=o0tapU) + p.

The transformation function t, g is defined as [Chambers et al., 1976]

sin[a(UlJrBa,@)] (COS[Ula(Ul“I’Ba’B)] ) (1—a)/a . 7£ 1
tap(U) = P Teos(U)]/® T2 ;

X = % [(g —l—ﬁUl) tan U; — (B log (%)] , a=1.

where

Bus — tan™! (ﬁtan %) Sup = (1 4 5 tan? E)l/?a
« 2
Since the only discontinuity in the transformation function is at a = 1, we can safely use
the gradient ascent method for estimating 6* with the restriction a € (0,1) or a € (1, 2].
As the variance of the a-stable distribution does not exist unless o = 2, Monte
Carlo estimates of the gradient Vylogpy”™(Y,"") are expected to have very high or infinite

variance. Instead, we propose using the HMM {Uy, Y ’“’w}kzl with
VoY =tan Y (Vi) + €2, Z ~N(0,1), k>1,
to make the gradient ascent algorithm stable. For this HMM we have

B () = N (s tan™ [t u)], %),
Vtg(u)

€,K 1 —
Vo log hg™ (ylu) = o) (y — tan™" [to(u)]) Tt ty(w)?
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Since tan~!(+) squeezes the data to a finite interval the variance of Y% is obviously
bounded. The variance of V,log hy™" (Y"¥|U) is not straightforward to evaluate ana-
lytically due to the highly non-linear factors from ty involved in the expression. However,
in order to check whether the transformation stabilises gradients, we can look at the
empirical distribution of V) logpy™*(Y***) when tan~'(-) is used. For this purpose,
we generated 10° samples Y; ~ A(1.5,0.5,0,0.5) and Z; ~ N(0,1), 7 = 1,...,10°, and

for each sample we estimated V' logpe”i’w(?;e’“’w) using N = 1000 samples for when
VoY = tan~'(Y;) + €Z, with € = 0.1. Figure 6.1 shows the histograms of

VN 10 57'%71#y vafiﬂﬁ }
{ o logp™ (Vi) g s
as a numerical approximation to the distribution of V2 log p;’”’w(YE’“’w). From the figure,
one can observe that transformation does stabilise the gradients, which is quite important

for securing the well behaving of the gradient ascent algorithm.

gradient w.r.t.a gradient w.r.t.p gradient w.r.t.p gradient w.r.t.o
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Figure 6.1: Histograms of Monte Carlo estimates of gradients of log py™" (Y *"¥) w.r.t.
the parameters of the a-stable distribution with tan=!(-) being used. 10° samples were
used for generating the histograms.

We implemented the SN-ABC MLE approach with € = 0.1 using the online gradient
ascent algorithm to avoid any asymptotic bias in the parameter estimates. Self normalised
importance sampling is used in the Monte Carlo approximation part with the proposal
density being p to sample N = 1000 particles at each time step. Figure 6.2 shows the
online estimation results for 6 given a sequence of 10° i.i.d. a-stable random variables
and stability results for the gradients that are estimated during the algorithm.

In the next experiment we aimed demonstrate how bias is removed from the gradient
ascent algorithm by adding noise to data. For this aim we implemented the SN-ABC
MLE and S-ABC MLE approaches with ¢ = 0.1 on the same data set of 10° samples
generated from A(1.5,0.5,0,0.5) (and transformed with tan=!(-)) . The results in Figure
6.3 are the online estimates averaged over 50 runs for both algorithms. For the SN-ABC
MLE algorithm, in each of the 50 runs we added i.i.d. Gaussian noise to the true data set

transformed with tan=!(-), independently from other runs. Figure 6.3 reveals that S-ABC

0.15
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Figure 6.2: On the top: Online estimation of a-stable parameters from a sequence of
i.i.d. random variables using online gradient ascent MLE. True parameters («, 3, i, o) =
(1.5,0.2,0,0.5) are indicated with a horizontal line. At the bottom: Gradient of incre-
mental likelihood for the a-stable parameters

MLE introduces biases mainly in the shape and skewness parameters a and 3; whereas
these biases are removed SN-ABC MLE. As for the scale and location parameters, both

algorithms have almost identical mean estimates, which are unbiased.

6.4.2 MLE for g-and-k distribution

The g-and-k distribution is determined by variables (A, B, g, k, c) and is defined by its
quantile function (Qy, which is the inverse of the cumulative distribution function Fjy

— e 9¢(u) K
Qo(u) = F; ' (u) = A+ B [1 + cm} (1+¢(u)?) " d(u), we(0,1). (6.19)

where ¢(u) is the u’th standard normal quantile. The parameters of the distribution
0=(g,k,A,B) € © =R x (—0.5,00) X R x [0, 00)

are the skewness, kurtosis, location, and scale parameters, and ¢ is usually fixed to 0.8.
Therefore, one can generate from the g-and-k distribution by first sampling U ~ Unif(g ;)
and then returning ¢p(u) = Qg(u) given U = u (see e.g. Rayner and MacGillivray [2002]
for details).

Bayesian parameter estimation for the g-and-k distribution using ABC is recently
performed in Fearnhead and Prangle [2012], we consider MLE for 6 using SN-ABC MLE.
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Figure 6.3: S-FABC MLE and SN-ABC MLE estimates of the parameters of the a-stable
distribution (averaged over 50 runs) using the online gradient ascent algorithm for the
same data set. For SN-ABC MLE, a different noisy data sequence obtained from the
original data set is used in each run. True parameters (o, 5, u,0) = (1.5,0.2,0,0.5) are
indicated with a horizontal line.

Note that Qg in (6.19) is differentiable w.r.t. 8, so the gradient ascent algorithms are appli-
cable. To avoid gradients with very high variances resulting from the factor (1 + ¢(u)?)*
in Qy, similar to the case of a-stable distribution, we use ¥(-) = tan~!(-) to transform
Y}, and added noise to tan~!(Y}) with € = 0.1 to implement SN-ABC MLE with gradient
ascent algorithm. Also, during our experiments, we observed that MLE performs better
for those distributions whose location parameter A is closer to 0, which must be a result
of the non-linear behaviour of the transformation function tan=!(-). Therefore, whenever
possible, it is suggested to estimate the location parameter using a heuristic way (such
as looking at the histogram or finding the mean of a first few samples) as a preprocessing
step, subtract the heuristically estimated value A of A from the samples, perform MLE
on the (approximately) centred data, and add back A to the estimated location obtained
by the MLE algorithm. Figure 6.4 shows the mean and the (log-)variance of SN-ABC
MLE estimates of # = (2,0.5,10,2) in time which are obtained from 50 runs on the
same noisy data sequence. Therefore, the accuracy of the mean and the amount of vari-
ance correspond to the performance of the Monte Carlo approximation of the gradients
Vi log p;’“’w(y). Self normalised importance sampling is used with N = 1000 samples
generated from p. From the results shown in the figure, one can deduce that the bias
introduced by the finite number of particles is negligible for NV = 1000 and the variance
of the algorithm reduces in time resulting in the convergence of the estimates to the true
parameter values.

The next experiment shows how the gradient ascent algorithm can be used in a batch
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Figure 6.4: Mean and the variance (over 50 runs) of SN-ABC MLE estimates using the
online gradient ascent algorithm. Same noisy data sequence is used in each run. True
parameters (g, k, A, B) = (2,0.5,10, 2) are indicated with a horizontal line.

setting when the data set is too small for the online algorithm to converge. We imple-
mented the batch gradient ascent SN-ABC MLE algorithm on data sets of n = 1000 i.i.d.
samples from the same g-and-k distribution, that is, for § = (2,0.5,10,2). A detailed
study of the MLE for g-and-k distribution can be found in Rayner and MacGillivray
[2002] where the MLE methods based on numerical approximation of the likelihood it-
self are investigated; here we present the results of an alternative numerical method to
compute the MLE which is not included in their work. We generated 500 data sets of
size n = 1000 and performed batch gradient ascent algorithm for SN-ABC MLE with
e = 0.1 for each data set. Again, the same self normalised importance sampling proce-
dure is used with N = 1000 samples. The upper half of Figure 6.5 shows the estimation
results versus number of iterations on a single data set. It can be seen that 1000 iter-
ations are sufficient for the convergence of the gradient ascent algorithm. Note that for
short data sets such as those with size 1000, MLE may have a considerable variance as
the estimates out of the single data set reveal. The lower half of Figure 6.5 shows the
(approximate) distributions (histograms over 20 bins) of the MLE estimate for §. The
mean and variance of the MLE estimates for (g, k, A, B) are (2.004,0.503,9.995, 1.996)
and (0.0151,0.0021,0.0052, 0.0213) respectively. These moments of the MLE for this par-
ticular 6 and same data size n are also obtained in Rayner and MacGillivray [2002] (see
Table 3); the results are comparable. Also, note that this is not the limit of our algorithm;
the contribution of the Monte Carlo approximation to bias and variance can be reduced
further by increasing the number of particles N, or the Monte Carlo bias can even be

removed, such as by using MCMC instead of self normalised importance sampling.
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Figure 6.5: Top: SN-ABC MLE estimates of g-and-k parameters from a sequence of
i.i.d. random variables using the batch gradient ascent algorithm. True parameters
(9,k, A, B) = (2,0.5,10,2) are indicated with a horizontal line. Bottom: Approximate
distributions (histograms over 20 bins) of the estimates

6.4.3 The stochastic volatility model with symmetric a-stable

returns

The stochastic volatility model with a-stable returns (SVaSR) is a model used in analysing
economical data. The hidden process { R, € R}>1 represents the log-volatility in time

whereas the observation process {Y; € R}i>; shows the return values. The model for

{Rk, Yk}kzl iSZ

Ry ~N(0,62/(1=¢%), Ry=¢Rx1+0.Vs, Vi,~N(0,1), k>2,
Yy ~ ef 2 A(,0,0,1), k> 1. (6.20)

The model is an alternative of the stochastic volatility model with Gaussian returns as
observed series tend to be heavy-tailed and display discontinuities. For more discussion
on the model as well as a review of methods for estimating the static parameters of such
models, see Lombardi and Calzolari [2009] and the references therein. Those existing
methods for parameter estimation in SVaSR, however, are batch and suitable for only

short data sequences. We test our online algorithms implementing SN-ABC MLE for
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Figure 6.6: Online estimation of SVaR parameters using online gradient ascent algo-
rithm to implement SN-ABC MLE. True parameter values («, ¢, 02) = (1.9,0.9,0.1) are
indicated with a horizontal line.

this model in a scenario where a very long data sequence is given (or is being received
sequentially).

Since the likelihood involves the a-stable distribution, for stability of the gradi-
ent ascent algorithm we add noise to the tan~!(-) of Yy to have Y;"™¥ = tan~!(V}) +
€Zy, Zr~N(0,1). The densities my, gy, and h;’w corresponding to the HMM { X} =
(Ry, Uy), Y;’H’w}/@l with Uy = (U1, Uk2) are as follows:

1
mo(2) = N (730, 02/(1 = 6) e/ np () ()™

!
Ug

1 -
go(z'|z) = N (1'; or, Ui)ﬂ[—w/w/z} (u))T0,00) (un)e™"2,
he™Y (ylr) = N (ystan™ [e"*tao(u)] , €%),

where = = (r,u) and 2’ = (', ') and u = (uy, us).

Estimates of 6 = (a, ¢, 02) obtained with the online gradient ascent implementation
of the SN-ABC MLE described in Section 6.3.1 using N = 500 particles for a data
sequence of 2 x 10° samples is shown in Figure 6.6. 6* = (1.9,0.9,0.1) was used for
generating the data. The estimates seem to converge after around 5 x 10° samples.
We also implemented the online EM algorithm to perform noisy smoothed ABC MLE
on the same data. Note that the maximisation step for « is not feasible, that is why the

EM algorithm is restricted to estimate only the hidden state parameters, assuming « is

2
T

et al. [2009]. The online EM results for the model are shown in Figure 6.7.

known. The sufficient statistics needed to estimate o7 and ¢ are provided in Del Moral
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Online EM estimate of @

Online EM estimate of ci
0.5 T T T

0 | | | | | | | | |
0 0.2 0.4 0.6 0.8 1 1.2 14 1.6 1.8 2
num. of samp. (t) x 10°

Figure 6.7: Online estimation of SVaR parameters (a = 1.9 is known) using the online
EM algorithm to implement SN-ABC MLE. True parameter values (¢,02) = (0.9,0.1)
are indicated with a horizontal line.

6.5 Discussion

In this chapter, we presented a novel methodology for implementing MLE in HMMs with
intractable likelihoods in the context of ABC. We showed how both batch and online
versions of gradient ascent and EM algorithms can be used for those HMMs by using the
ABC approach to confront the intractability. We also demonstrated how to implement
noisy ABC ideas to get rid of an asymptotic (in size of data) ABC bias in our estimates. As
also suggested by the examples that we cover, the gradient ascent algorithm is applicable
to more cases than the EM. This is not surprising, though; since intractability mostly
arises from the non-linear characteristics of ¢y, and in general we do not expect to be able
to find sufficient statistics for the parameters involved in tg.

Note that gradient ascent and EM are not the only possible methods to implement
ABC MLE, although we only covered them due to their similarity and popularity for
the practitioner. Once, we can construct the expanded HMM with tractable transitional
laws, we can use potentially any other MLE method that works for HMMs. One such
example is the iterated filtering algorithm [Tonides et al., 2011] which can be useful for

HMDMs having non-linear state space dynamics.



Chapter 7

An Online

Expectation-Maximisation
Algorithm for Nonnegative Matrix

Factorisation Models

Summary: In this chapter we formulate the nonnegative matriz factorisation (NMF)
problem as a mazximum likelihood estimation problem for hidden Markov models and pro-
pose online expectation-mazimisation (EM) algorithms to estimate the NMF and the other
unknown static parameters. We also propose a sequential Monte Carlo approzimation of
our online EM algorithm. We show the performance of the proposed method with two
numerical examples.

The work done in this chapter is published in Yildirim et al. [2012a]. This idea for

this chapter was initiated during a discussion between Dr. Taylan Cemgil and myself.

7.1 Introduction

With the advancement of sensor and storage technologies, and with the cost of data
acquisition dropping significantly, we are able to collect and record vast amounts of
raw data. Arguably, the grand challenge facing computation in the 21st century is the
effective handling of such large data sets to extract meaningful information for scientific,
financial, political or technological purposes [Donoho, 2000]. Unfortunately, classical
batch processing methods are unable to deal with very large data sets due to memory
restrictions and slow computational time.

One key approach for the analysis of large datasets is based on the matrix and tensor
factorisation paradigm. Given an observed dataset Y, where Y is a matrix of a certain
dimension and each element of it corresponds to an observed data point, the matrix

factorisation problem is the computation of matrix factors B and X such that Y is
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approximated by the matrix product BX, i.e.,
Y ~ BX.

(Later we will make our notation and inferential goals more precise.) Indeed, many
standard statistical methods such as clustering, independent components analysis, non-
negative matrix factorisation (NMF), latent semantic indexing, collaborative filtering can
be expressed and understood as matrix factorisation problems [Koren et al., 2009; Lee
and Seung, 1999; Singh and Gordon, 2008].

Matrix factorisation models also have well understood probabilistic/statistical inter-
pretations as probabilistic generative models and many standard algorithms mentioned
above can also be derived as maximum likelihood or maximum a-posteriori parameter es-
timation procedures [Cemgil, 2009; Févotte and Cemgil, 2009; Salakhutdinov and Mnih,
2008]. The advantage of this interpretation is that it enables one to incorporate domain
specific prior knowledge in a principled and consistent way. This can be achieved by
building hierarchical statistical models to fit the specifics of the application at hand.
Moreover, the probabilistic/statistical approach also provides a natural framework for
sequential processing which is desirable for developing online algorithms that pass over
each data point only once. While the development of effective online algorithms for ma-
trix factorisation are of interest on their own, the algorithmic ideas can be generalised to
more structured models such as tensor factorisations (e.g. see Kolda and Bader [2009]).

In this work our primary interest is estimation of B (rather than B and X), which
often is the main objective in NMF problems. We formulate the NMF problem as a
maximum likelihood estimation (MLE) problem for hidden Markov models (HMMs).
The advantage of doing so is that the asymptotic properties of MLE for HMM’s has
been studied in the past by many authors and these results may be adapted to the NMF
framework. We propose a sequential Monte Carlo (SMC) based online EM algorithm
[Cappé, 2009; Del Moral et al., 2009] for the NMF problem. SMC introduces a layer of
bias which decreases as the number of particles in the SMC approximation is increased.

In the literature, several online algorithms have been proposed for online computation
of matrix factorisations. Mairal et al. [2010] propose an online optimisation algorithm,
based on stochastic approximations, which scales up gracefully to large data sets with
millions of training samples. A proof of convergence is presented for the Gaussian case.
There are similar formulations applied to other matrix factorisation formulations, notably
NMF [Lefevre et al., 2011] and Latent Dirichlet Allocation [Hoffman et al., 2010}, as
well as alternative views for NMF which are based on incremental subspace learning
[Bucak and Gunsel, 2009]. Although the empirical results of these methods suggest good

performance, their asymptotic properties have not been established.
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7.1.1 Notation

Let A be a M x N matrix. The (m,n)th element of A is A(m,n). If M (or N)
is 1, then A(i) = A(1,i) (or A(i,1)). The m’th row of A is A(m,-). If A and B
are both M x N matrices, C' = A ® B denotes element-by-element multiplication, i.e.,
C(m,n) = A(m,n)B(m,n); 4 (or A/B) means element-by-element division, in a similar
way. Lyxn (Opxn) is a M x N matrix of 1’s (0’s), where 1,4 is abbreviated to 1.
N={0,1,2,...} and R, = [0,00) are the sets of nonnegative integers and real numbers.
Random variables will be defined by using capital letters, such as X, Y, Z, etc., and their
realisations will be corresponding small case letters (z,y, z, etc.). The indicator function
I,(x) = 1if x = «a, otherwise it is 0; also, for a set A, [4(z) = 1 if z € A, otherwise it is
0.

7.2 The Statistical Model for NMF

Consider the following HMM comprised of the latent processes {X;, Z;} t>1 and the ob-

servation process {Yt}tzl' The process {Xt € Rf } is a Markov process of K x 1 non-

t>1
negative vectors with an initial density p, and the transition density fy fort =2,3,...

Xy~ py(a), Xl (Xioy = @) ~ fy(@]ai-), (7.1)

where ¢ € U is a finite dimensional parameter which parametrizes the law of the Markov
process. Z; € NMXK is a M x K matrix of nonnegative integers, and its elements are

independent conditioned on X; as follows:

Z| (X, = ) ~ [[ []PO(ze(m, k); B(m, k)a(k))
k=1

m=1

where B € RY*® is an M x K nonnegative matrix. Here PO(v; \) denotes the Poisson

distribution on N with intensity parameter A > 0
PO(v; A) = exp (viog A — XA —log!),

The M x 1 observation vector Y; is conditioned on Z; in a deterministic way

Yi(m) = Zy(m, k), m=1,..., M.

1
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This results in the conditional density of Y; given X; = x;, denoted by ¢p, being a product

of Poisson densities
M
il (X; = 20) ~ gs(welee) = [ [ PO (wu(m); B(m, -)) . (7.2)
m=1

Hence the likelihood of y; given x; can analytically be evaluated. Moreover, the condi-
tional posterior distribution mg(z |y, ;) of Z; given y;, and x, has a factorized closed form

expression:

Zt| (Yt =Y, Xy = xt) ~ 7TB(Zt|yt>$t)

= JI MG )m(m). pem) (7.3)

where p¢ (k) = B(m, k)z(k)/B(m,-)x; and M denotes a multinomial distribution de-
fined by

K K
M(v;a,p) =1, <Z vk> a! H Z—’;!,

k=1 k=1
where v = [v1 ... vk] is a realisation of the vector valued random variable V' = [V; ... V],
p=1(p1,...,pK), and Zszl pr = 1. It is a standard result that the marginal mean of the
k’th component is E, , [Vi] = aps.

Let = (¢, B) € © = ¥ x RY*X denote all the parameters of the HMM. We can

write the joint density of (X4, Z1.4, Y1.¢) given 6 as

t

Po(T 1ty 210, Y1) = py(@1)g5(W1lT1) 7B (21|01, 71) H fo(@ilwi)gp(yilw) w2l i, yi)-
i=2

(7.4)

From (7.4), we observe that the joint density of (Xi.;, Y1.)

t

po(@r, y1a) = g (1) gn(yi|20) [ [ folwilei1)gn(yile:)
1=2

defines the law of another HMM { X}, Y3}, comprised of the latent process { X;},,, with
initial and transitional densities uy and fy, and the observation process {Y;},., with the

observation density gg. Finally, the likelihood of data is given by

pe(ylzT) = Ew

HgB(yt|Xt)] : (7.5)

t=1
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In this work, we treat 6 as unknown and seek for the MLE solution 6* for it, which

satisfies

0* = argmax py(y1.1)- (7.6)
0O

7.2.1 Relation to the classical NMF

In the classical NMF formulation [Lee and Seung, 1999, 2000], given a M x T nonnegative
matrix Y = [y ... yr], we want to factorize it to M x K and K xT nonnegative matrices B
and X = [X; ... X7] such that the difference between Y and BX is minimised according
to a divergence

(B*, X*) = argan})r(lD(YHBX). (7.7)

One particular choice for D is the generalised Kullback-Leibler (KL) divergence which is

written as

M
Y (m,t)
DY||U) = Y(m,t)log ——= — Y (m,t) + U(m,t
(V110 = 32 52 . 1og g =Y. )-+ U, 1)
Noticing the similarity between the generalised KL divergence and the Poisson distribu-
tion, [Lee and Seung, 1999] showed that the minimisation problem can be formulated in

a MLE sense. More explicitly, the solution to

(B*, X*) = argmaxp x (y1, ..., yr|B, X),
Uy yrl B, X) =TT 98 (4l X) (7.8)

is the same as the solution to (7.7). In our formulation of the NMF problem, X =
(X7 ... X7] is not a static parameter but it is a random matrix whose columns constitute
a Markov process. Therefore, the formulation for MLE in our case changes to maximising
the expected value of the likelihood in (7.8) over the parameter § = (B, ) with respect
to (w.r.t.) the law of X

B*, ") = Ey [l(ys,- .. B, X)|. 7.9
(B%4") = arg max By [l ... yr|B, X)] (7.9)
It is obvious that (7.6) and (7.9) are equivalent. We will see in Section 7.3 that the
introduction of the additional process {Z;}:>1 is necessary to perform MLE using the
EM algorithm (see Lee and Seung [2000] for its first use for the problem stated in (7.7)).
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7.3 EM algorithms for NMF

Our objective is to estimate the unknown 6 given Y. = y1.7. The EM algorithm can be
used to find the MLE for #. We first introduce the batch EM algorithm and then explain

how an online EM version can be obtained.

7.3.1 Batch EM

With the EM algorithm, given the observation sequence y;.r we increase the likelihood
pe(y1.7) in (7.5) iteratively until we reach a maximal point on the surface of the likelihood.
The algorithm is as follows:

Choose 6O for initialisation. At iteration j = 0,1, ...

o E-step: Calculate the intermediate function which is the expectation of the log
joint distribution of (Xi.7, Z1.1, Y1.r) with respect to the law of (Xi.7, Z1.1) given
1/'I:T = Yi.T-

Q(e(j)§ 0) = Ep» [log pe(X1.1, Zvr, Yier)| Yier = yrr))
e M-step: The new estimate is the maximiser of the intermediate function

Uty — arg meax Q(H(j); 9)

With a slight modification of the update rules found in Cemgil [2009, Section 2], one can
show that for NMF models the update rule for B reduces to calculating the expectations

T

>

t=1

T

>

t=1

§1,T = Eyi Yir = yl:T]

Yir = ylzT] ) §2,T = E@(i)
and updating the parameter estimate for B as
- ~ AT
RBU+H — Sor/ <1M |:51,T:| ) )

Moreover, if the transition density f, belongs to an exponential family, the update rule

for ¢) becomes calculating the expectation of a J x 1 vector valued function

T

Z S3,t<Xt717 Xt)

t=1

§3,T = Ey0) Yir = yl:T]
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and updating the estimate for ¢) using a maximisation rule
AR -0, ) = A <§37T> .

Note that s;; and A depend on the NMF model, particularly to the probability laws
in (7.1) defining the Markov chain for {X;};>;. Therefore, we have to find the mean

estimates of the following sufficient statistics at time t¢.

Slt lUlt sz, 5215 th Zzu SBt lUlt 23315 Ty— 1,$Ut (7-10)

Writing the sufficient statistics in additive forms as in (7.10) enables us to use a forward
recursion to find the expectations of the sufficient statistics in an online manner. This

leads to an online version of the EM algorithm as we shall see in the following section.

7.3.2 Online EM

To explain the methodology in a general sense, assume that we want to calculate the

expectations §t = Ey [S(X1.4, Z1.4)| Y1t = y14) of sufficient statistics of the additive form

t

St(xlztazlzt) = Zsz‘(%—l,zi—l,%,zi) (7-11)

=1

w.r.t. the posterior density pg(z1., z1.4|y14) for a given parameter value B. Letting u; =

(x4, z;) for simplicity, we define the intermediate function

Tt(ut) = /St(ulzt)pe(ulzt—l|y1:t—1aut)dulzt—l-

One can show that we have the forward recursion [Cappé, 2011; Del Moral et al., 2009]

Ti(us) = / T (ter) -+ 50t 00)) Po(tte [ g1, ) (7.12)

with the convention Ty(u) = 0. Hence, T; can be computed online, so are the estimates

§t = /ﬂ(ut)pe(uﬂyu)dut-
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We can decompose the backward transition density pg(u;—1|y1.4—1,u;) and the filtering

density pg(u¢ly14) as

Pe(%—la -1 |?/1:t—1> T, Zt) = 7TB(Zt—1 |$t—1, yt—l)P6($t—1 |9Ct, ylzt—l)a (7-13)

Pe(%, Zt|y1:t) = 7TB(Zt|$t> yt)p0($t|?/1:t) (7.14)

where 7p is defined in (7.3). From (7.10) we know that the required sufficient statistics
are additive in the required form; therefore, the recursion in (7.12) is possible for the
NMF model. The recursion for Ss; depends on the choice of the transition density fy;
however the recursions for S; ; and Sy, are the same for any model regardless of the choice
of fy. For this reason, we shall have a detailed look at (7.12) for the first two sufficient
statistics S1; and Sg ;.

For Si;, notice from (7.13) that, pe(xi—1, 2i—1|y14—1, 2t, 2¢) does not depend on z.
Moreover, the sufficient statistic Sy, is not a function of zy.;. Therefore, 2, in (7.12)
integrates out, and 77 ; is a function of x; only. Hence we will write it as T} (). To sum

up, we have the recursion

Tyi(xy) = 2 + /Tl,t1<xt1)p9<xt1|xta Y1:4—1)dTs_q.

For Sy, we claim that T5 (24, 2:) = 2z + Ci(2:) where Cy(x;) is a nonnegative M X
K matrix valued function depending on z; but not z;, and the recursion for Cy(x;) is

expressed as

Cilzy) = /

This claim can be verified by induction. Start with ¢ = 1. Since Ty = Opxx, We

B® (yt—ﬂtT_l)
(th—l) 11;(

Ct—1($t—1) +

] pe(fEt—1|$t,y1:t—1)d!Et—1

immediately see that Th,(z1,21) = 21 = 21 + Ci(21) where Cy(z1) = Oprw . For general
t > 1, assume that T 1 (241, 2-1) = 21 + Cy_1(2¢—1). Using (7.13),

T2,t($t, Zt) =z + / [Zt—1 + Ct—1($t—1)] WB(Zt—1|$t—1a yt—l)p0($t—1|$t,yl:t—l)d$t—1d2‘t—1

Now, observe that the (m, k)’th element of the integral fzt_17TB(zt_1|xt_1,yt_l)dzt_l is

B(m,k)yi—1(m)zi—1(k

Bl yre s ), So, we can write the integral as

B©® (ytflx?—l)
(By-1) 1

/ Zt—17TB(Zt—1 |$t—1, yt—l)dzt—1 =

So we are done. Using a similar derivation and substituting (7.14) into (7.13), we can
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show that

~ B o (ya!
Sor = /<Ct($t) + (B+)t1é)> Po(xt|y1.e)day.

The online EM algorithm is a variation over the batch EM where the parameter is
re-estimated each time a new observation is received. In this approach running averages
of the sufficient statistics are computed [Cappé, 2009, 2011; Elliott et al., 2002; Mongillo
and Deneve, 2008], [Kantas et al., 2009, Section 3.2.]. Specifically, let 7 = {;}:>1, called
the step-size sequence, be a positive decreasing sequence satisfying » .., v = oo and
>0V < oo. A common choice is 3, = t7* for 0.5 < a < 1. Let 91_ be the initial
gue_ss of 6* before having made any observations and at time ¢, let 6;.; be the sequence of
parameter estimates of the online EM algorithm computed sequentially based on ., 1.
Letting u; = (x4, 2;) again to show for the general case, when y; is received, online EM

computes

T»y,t(ut) = / [(1 - ’Vt) Tfy,t71<ut71> + ’YtSt(Ut—la ut)]p€1;t<ut71‘y1:tfla ut)dutfla (7-15>

Si= [ Tutwnlon Gl (7.16)

and then applies the maximisation rule using the estimates S;. The subscript 61.; on the
densities pyg,,, (ui—1|y1:4—1, us) and pe,,, (u¢]y1.¢) indicates that these laws are being computed
sequentially using the parameter ) at time k, k < t. (See Algorithm 7.1 for details.) In
practice, the maximisation step is not executed until a burn-in time ¢, for added stability
of the estimators as discussed in Cappé [2009].

The online EM algorithm can be implemented exactly for a linear Gaussian state-space
model [Elliott et al., 2002] and for finite state-space HMM’s. [Cappé, 2011; Mongillo and
Deneve, 2008]. An exact implementation is not possible for NMF models in general,

therefore we now investigate SMC implementations of the online EM algorithm.

7.3.3 SMC implementation of the online EM algorithm

Recall that {X;, Y;},, is also a HMM with the initial and transition densities p,, and fy in
(7.1), and the observation density gp in (7.2). Since the conditional density mg(2¢|xt, yr)
has a close form expression, it is sufficient to have a particle approximation to only
po(r1.¢|y1.¢). This approximation can be performed in an online manner using a SMC

approach. Suppose that we have the particle approximation to pg(x1.|y1.) at time ¢ with
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N particles

o (drrelyre) = Zwt 5@) dryy), Zwt =1, (7.17)

where a:gli = (:cgz), . ,E”) is the n’th path particle with weight wt ) and 0, is the dirac
measure concentrated at x. The particle approximation of the filter at time ¢ can be

obtained from p} (dz1.¢|y1.+) by marginalization

N (dai|yre) = Zwt o o (dxy).

At time t+ 1, for each n we draw :L’Eﬂzl from a proposal density gg(z¢11 |:1:,EZ)) with a possible

implicit dependency on ¥,,;. We then update the weights according to the recursive rule:

o w foll) ) gs e |l
tr1 X OENO) .
o(y 41|

To avoid weight degeneracy, at each time one can resample from (7.17) to obtain a
new collection of particles xg) with weights wt = 1/N, and then proceed to the time
t+1. Alternatively, this resampling operation can be done according to a criterion which
measures the weight degeneracy [Doucet et al., 2000b]. The SMC online EM algorithm for
NMF models executing (7.15) and (7.16) based on the SMC approximation of pg(x1.¢|y1.)

in (7.17) is presented Algorithm 7.1.

Algorithm 7.1. SMC online EM algorithm for NMF models

D) _ ey @gs, @7
a0, (1)

e E-step: Ift = 1, initialise 0;; sample Egi) ~ qg,(+), and set wy

)

T =30, 00 =0, Ti) = s5:(@), i =1,...,N. Ift > 1,
— Fori=1,...,N, sample ”:E,@ ~ qet(-\xg?l) and compute
Ty = (1= Wi, + 2,

T = (1= )T + uss s (20, 7Y

B, ® (yt 1417?){)
(thz@l> 1

=0 o i fu @ 1200 gm (7))

t ~(i i
g0, (7|2

CH = (1 =m)CP + (1 =)
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— Resample from particles {(z;, TM, C,, ,_Z’:37t)(i)} fori=1,..., N according to the

.....

weight wti) =1/N.

o M-step: Ift < ty, set Byy1 = By;. Else, calculate using the particles before resam-

pling
N
S )
i=1
N~ By ® <yt35tz)T) .
Sap = Z Ct(Z) + —0 ~§Z)
i=1 (Bt:pt ) 1%

N
S3,t - ZTt3(Z)@lSZ)’
=1

S
update the parameter 0y 1 = (B, Viy1), Biy1l = ﬁ, Y1 = A(Ssy).

Algorithm 7.1 is a special application of the SMC online EM algorithm proposed in
Cappé [2009] for a general state-space HMM, and it only requires O(N) computations
per time step. Alternatively, one can implement an O(N?) SMC approximation to the
online EM algorithm, see Del Moral et al. [2009] for its merits and demerits over the
current O(N) implementation. The O(N?) is made possible by plugging the following
SMC approximation to pg(z;_1|zs, y14—1) into (7.12)

o (dzi1|y14—1) fy (ze|zi—1)
NMdxi_q |y, yrae1) = Py (A-1fyre) fo (@il :
Py (dae—1|Te, yre-1) J 05 (A |yre—1) fo(e|we1)

7.4 Numerical examples

7.4.1 Multiple basis selection model

In this simple basis selection model, X; € {0,1}* determines which columns of B are

selected to contribute to the intensity of the Poisson distribution for observations. For
E=1,....K,

Xi(k) ~ p(-), Prob(Xy(k) =i|X;1(k) = j) = P(j,1),
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where p is a distribution over X and P is such that P(1,1) = p and P(2,2) = gq.
Estimation of ¢ = (p, q) can be done by calculating

Lio0) (i1 (k), z:(K))

317 — L 83, Ni—1, A4 1.7 =Y117 |, S83,t\T¢, Tp—1) =
o1 1 o (w1 (k), (k)
I (z(K))

and applying the maximisation rule (pU+Y, ¢U+1)) = A(§§32) where A(-) for this model is
defined as
A (S50) = (850(1)/854(2), 84(3)/55.4(4))

Figure 7.4.1 shows the estimation results of the exact implementation of online EM (with
v = t7%8 and t, = 100) for the 8 x 5 matrix B (assuming (p,q) known) given the
8 x 100000 matrix Y which is simulated p = 0.8571, ¢ = 0.6926.

7.4.2 A relaxation of the multiple basis selection model

In this model, the process { X; € (0,1)};>1 is not a discrete one, but it is a Markov process
on the unit interval (0,1). The law of the Markov chain for {X;};>1 is as follows: for

k=1,...,K, Xi(k) ~U(0,1), and

X (B)|[(Xe(k) = 2) ~ p(2)U(0, ) + (1 — p())U(z, 1),
Q, if x <0.5

l—a, ifz>0.5.

When « is close to 1, the process will spend most of its time around 0 and 1 with a
strong correlation. (Figure 7.4.2 shows a realisation of {X;(1)};>; for 500 time steps

when a = 0.95.) For estimation of «, one needs to calculate

T

Z 53,i(Xi—1a Xi)

i=1

[Azt_l(k) (xtfl <k>7 xt<k))
[(071)X(071)/Azt_1(k) (xtfl (k)7 xt<k))

§3,T = [y

Yir= ylzT] )

S3,t<xt717 xt) =

where, for u € (0,1), we define the set

Ay = ((0,0.5] x (0,u]) U ((0.5,1) x (u,1)).
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Figure 7.1: Online estimation of B in the NMF model in Section 7.4.1 using exact im-
plementation of online EM for NMF. The (i, j)’th subfigure shows the estimation result
for the B(i,7) (horizontal lines).
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x‘(l) for the first 500 time steps (a = 0.95)

o 100 200 300 400 500
time (t)

Figure 7.2: A realisation of {X;(1)}>1 for a = 0.95.

The maximisation step for « is characterised as

A <§37t) = S5(1)/ (§3,t(1) n §37t(2)) .

We generated a 8 x 50000 observation matrix Y by using a 8 x 5 matrix B and
a = 0.95. We used the SMC EM algorithm described in Algorithm 7.1 to estimate B
— t70.8’

(assuming o known), with N = 1000 particles, go(z¢|2i—1) = fo(ze|Ti-1), %t and

t, = 100. Figure 7.4.2 shows the estimation results.

7.5 Discussion

In this chapter, we presented and online EM algorithm for NMF models with Poisson
observations. We demonstrated an exact implementation and the SMC implementation of
the online EM method on two separate NMF models. However, the method is applicable
to any NMF model where the columns of the matrix X can be represented as a stationary
Markov process, e.g. the log-Gaussian process.

The results in Section 7.4 do not reflect on the generality of the method, i.e., only B
is estimated but the parameter ¢ is assumed to be known, although we formulated the
estimation rules for all of the parameters in 6. Also, we perform experiments where the
dimension of the B matrix may be too small for realistic scenarios. Note that in Algorithm
7.1 we used the bootstrap particle filter, which is the simplest SMC implementation.
The SMC implementation may be improved devising sophisticated particle filters, (e.g.
those involving better proposal densities that learn from the current observation, SMC
samplers, etc.), and we believe that only with that improvement the method can handle

more complete problems with higher dimensions.
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Figure 7.3: Online estimation of B in the NMF model in Section 7.4.2 using Algorithm

7.1. The (i, j)’th subfigure shows the estimation result for B(7, j) (horizontal lines).
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Chapter 8

Conclusions

Summary: In this thesis, we developed batch and online SMC methods for mazimum
likelthood parameter estimation in several time series models. In the following, we sum-

marise our contributions and suggest possible future directions of our work.

8.1 Contributions

In Chapter 4, we presented a novel SMC online EM algorithm for the changepoint model
and studied the stability of the associated SMC estimates. The computational cost of the
developed algorithm is linear with the number of particles, unlike its counterpart online
EM algorithms in the general state-space case.

In Chapter 5, we presented MLE algorithms for inferring the static parameters of
the linear Gaussian MTT model, a problem which has largely been left untouched by
researchers in the area. We analysed both the computational and statistical aspects
of the algorithms via several numerical examples. Our developed algorithm is applicable
(with slight modifications) to many extensions of the specific MTT model that we studied,
as long as linear Gaussian dynamics of the MTT model are preserved by those extensions.

In Chapter 6, we presented a novel methodology for implementing MLE in HMMs
with intractable observation densities. We demonstrated how both batch and online ver-
sions of gradient ascent and EM algorithms can be used for those HMMs by using the
ABC approach to address the intractability. The idea of maximum likelihood parameter
estimation in the context of ABC is out of the mainstream of the ABC literature. How-
ever, we think that its implementation is particularly useful for the case of long data sets
where Bayesian approaches, when implemented with Monte Carlo, tend to fail because
of particle degeneracy. Our algorithms are based on noisy ABC ideas and hence their
estimators for the static parameter do not contain any asymptotic (in size of data) ABC
bias.

In Chapter 7, we formulated the NMF problem as an MLE problem for HMMs and
adapted the online SMC EM algorithm for general HMMs to estimate the matrix factors
and the other unknown static parameters of the NMF model. We believe that formulating

the NMF model as an HMM is a useful approach that enables the practitioner to solve
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the NMF problem with more ease. Our statistical approach to NMF provides a natural
framework for sequential processing which can be of significant importance in the areas

of signal processing.

8.2 Future directions

In Chapter 4, one limitation of the proposed online EM algorithm for changepoint models
is that it is applicable only when the constituent laws of the changepoint model given be-
long to the exponential family and the latent variables of each regime of the changepoint
model can be integrated out analytically. In cases where this is not the case, gradient
based MLE algorithms can be used, see e.g. Caron et al. [2011]. Another limitation
was the assumption that the observations across segments are conditionally independent.
However, there are changepoint models where observations across segments are condition-
ally dependent (e.g. see Barbu and Limnios [2008, Chapter 6]). Therefore, it would be a
useful extension if our method could be generalised to the case where this dependency is
allowed.

One obvious extension of our work for the linear Gaussian MTT model in Chapter 5 is
to consider batch and online MLE algorithms in non-linear non-Gaussian MTT models.
Note that for non-linear non-Gaussian models, Monte Carlo type batch and online EM
algorithms may still be applied provided that the sufficient statistics for the EM are
available in the required additive form [Del Moral et al., 2009]. When this condition on
the sufficient statistics is not met, other methods such as gradient based MLE methods
can be useful (e.g. Poyiadjis et al. [2011]).

Although we have made an initial step towards MLE in HMMs with intractable densi-
ties in Chapter 6, we have not solved all the issues regarding intractability. For example,
there are cases when we cannot use gradient ascent MLE, such as when the non-linear
transformation function used to generate observations has discontinuities with respect
to the unknown parameter. Another case that is out of the reach of our algorithm is
when the state transition law for the latent process has an intractable density. These
challenging problems motivate the need to extend the algorithms developed in this thesis
to cover these cases. Also note that more sophisticated SMC algorithms, at a cost of
more computations, can be proposed to improve precision of the proposed algorithms.
For example, at each step of the SMC filtering algorithm, an SMC sampler can be applied
for targeting a sequence of ABC approximations with decreasing ABC error term e [Dean
et al., 2012].

The SMC online EM for NMF in Chapter 7 uses the simplest SMC implementation,
namely the bootstrap particle filter. Real-life NMF problems exist in high dimensions
where bootstrap would be most probably inefficient. The SMC implementation may be
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improved by using more sophisticated particle filters, e.g. those involving better proposal
densities that learn from the current observation, SMC samplers, etc. We believe that
only with such improvements could the method handle the more practicle problems with
higher dimensions. Moreover, the EM algorithm may not be applicable to more general
statistical NMF models due to the lack of sufficient statistics, in those cases the online
gradient MLE algorithm may be useful.

Our final comments contain a general concern: In parallel to increasing amount of
research on online methods, the need for a comprehensive comparison of those methods
in terms of their statistical and computational performances is increasing. Therefore,
both numerical and theoretical analysis of state of the art online parameter estimation
methods would be helpful in order to clarify the merits of different approaches proposed
so far. Although such an attempt has been made recently for general SMC parameter
estimation methods by Kantas et al. [2009]; an extensive work on online parameter esti-
mation methods only would be an important contribution to the literature. The analysis
and comparison of those methods would include investigation of their rate of convergence,
accuracy, statistical efficiency, and computational complexity in both time and number

of particles.
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