BAYESIAN ONLINE STATE AND PARAMETER
ESTIMATION FOR STREAMING DATA

RuUIl VIEIRA

Thesis submitted for the degree of
Doctor of Philosophy

Newcastle
University

School of Mathematics € Statistics
Newcastle University
Newcastle upon Tyne

United Kingdom

September 2018






Abstract

With the advent of Big Data and the Internet of Things, data streams are ubiquitous,
increasing the demand for real-time inference on sequential data at low computational
cost. Inference for streaming time-series is tightly coupled with the problem of Bayesian
online state and parameter inference. In this thesis we will focus mainly on Dynamic
Generalised Linear Models, the class of models often chosen to model continuous and
discrete time-series data. We will look at methods which solve the problem of estimating

jointly states and parameters, both in online and offline scenarios.

For the online scenario, when the parameters are known, we will look at the Kalman
Filter and Sequential Monte Carlo methods (SMC) which provide estimations for the hid-
den latent states. We will then consider SMC extensions allowing for online joint state and

parameter estimation.

Offline methods, by definition, do not allow real-time estimation but typically provide
superior results at higher time and computational costs. In this thesis we propose and eval-
uate a fully online, approximated version of a sequential, but not-online method (SMC?).
This method approximates the true posterior, performing estimation over a sliding win-
dow of the most recent observations and so bounding the computational cost and operating
in an online fashion, providing an acceptable approximation and, by employing particle

rejuvenation through an MCMC move, delaying particle impoverishment problems.

This thesis analyses online methods when applied to different real world datasets show-
ing that SMC sufficient statistics-based-methods delay known problems, such as particle
impoverishment, especially when applied to long running time-series, while providing reas-
onable estimations when compared to exact methods, such as Particle Marginal Metropolis-
Hastings. State and observation forecasts will also be analysed as a performance metric.
By benchmarking against a “gold standard” (offline) method, we can better understand

the performance of online methods in challenging real-world scenarios.
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Chapter 1

Introduction

With the modern ubiquity of large streaming datasets comes the requirement of robust
real-time inference. A multitude of different data sources, such as Internet of Things (IoT)
devices, server, network and sensor metrics, all exhibiting particular patterns and obser-

vation types, also increase the demand for flexible and computationally cheap solutions.

Some typical analyses performed on such streaming time-series are forecasting, anom-
aly detection and seasonal decomposition in order to perform statistically-based decisions

typically under tight time constraints.

As standard offline methods, such as Markov chain Monte Carlo (MCMC), are normally
not suitable when taking into account such constraints, here we analyse alternatives such
as sequential Monte Carlo (SMC). Although SMC is well studied in the scientific literature
and quite prevalent in academic research in the last decade, modern analytics platforms

still resort to less powerful methods (such as moving averages).

When coupled with Dynamic Generalised Linear Models (DGLMs), a specific class
of State Space Models, which allow to specify complex, linear and non-linear time-series
patterns, SMC then enables performing real-time Bayesian estimations in a wide variety

of streaming datasets.

Inference on streaming time-series is tightly coupled with the problem of Bayesian
online state and parameter inference. In this thesis we will perform a review of some well
established methods for SMC for DGLMs applied to distinct datasets. We will start by first
introducing the DGLM, the class of state space models chosen for our data (Chapter 2). We
will then introduce the fundamental theory of online state estimation (when the paramet-
ers are known) from a Bayesian perspective, usually called Bayesian filtering in Chapter 3.
Direct applications of filtering methods to linear and non-linear DGLMs, namely the Kal-

man filter, Extended Kalman filter and conjugate filtering will be described in Chapters 4
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and 5. Modern developments, such as the aforementioned SMC, are built in the theoretical
concepts of importance sampling (IS) which will be detailed in Chapter 6, where different
importance density alternatives will be presented. Chapter 7 will focus on the application
of IS concepts to dynamic state-space models and the basic methods of SMC. In Part III
we will look at extensions to SMC which allow for joint state and parameter estimation in
DGLMs. Namely, in Chapter 8 we will look at state augmentation approaches (particularly
the Liu and West filter) and in Chapters 9 and 10 methods which rely on the concept of

sufficient statistics will be introduced.

In Part IV we will look at offline estimation methods. Kalman smoothing, in Chapter 11
will be analysed, since it is a fundamental concept which allows for the offline parameter es-
timation in Normal DLMs using the Expectation-Maximisation (EM) algorithm presented
in Chapter 12. The method used as the “gold standard” to which all the methods presen-
ted in this thesis will be compared to is Particle Markov Chain Monte Carlo (PMMC),
specifically Particle Marginal Metropolis-Hastings (PMMH) as presented in Chapter 13.
Competing methods which provided sequential (but not online) estimation include the It-
erated Batch Importance Sampling (IBIS) method (presented in Chapter 14) and SMC?
(Chapter 15). Ad-hoc implementations which allow for an online (albeit approximate) joint

state and parameter estimation for both methods will also be presented in these chapters.

Finally, in Part V we will analyse the performance of the online methods presented in
terms of state and parameters estimation, computational cost, anomaly detection, short
and long term state and observation forecast with four real-world datasets. We will also
focus on topics which are directly relevant to the main application area which we approach,
streaming time-series, such as the choice of resampler and the accumulation of Monte Carlo

errors in long running time series.
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Dynamic Generalised Linear Models

2.1 State-space models

To model the data we chose the Dynamic Generalised Linear Model (DGLM), a specific
instance of the more general class of State-Space Models (SSM), illustrated in Figure 2.1,

where we have the relations

Y|, Do~ [ (yt|60r, Pr) (2.1)
0,101, B, ~ (01011, 8,). (2.2)

Usually (2.1) is referred to as the observational model and (2.2) as the system model.
We consider the discrete time case, t € N, and the state vector 8; € R™. &, is the set of
parameters for this model and we will consider the special case where @, = @ to be static

(but not necessarily known) throughout. The sequence of state vectors ©; is a Markov

Figure 2.1: State-Space Model
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Chain with transition density! I, such that
Ot {Ot-1 =011} ~ 1(-|0:-1)

and the sequence of observations D; is the output of @, such that D;| {©; = 0.} ~ f(:|0,).

The second component, the system model (2.2), defined by the function [ : R™ — R™

can be non-linear although in DGLMs will be a linear function of the form
0:10:—1,P ~ p(0:|0:—1,P) = N(0t|Gt0t—1aW) ) (2.3)

where the initial state is assumed to be distributed according to a normal, usually vague,
prior

eo‘mo,CO NN(mo,Co) . (2.4)

In (2.3), W (the state transition variance) and in (2.4), Cy (the prior covariance), are both
matrices of dimensions m X m. In DGLMs the observational model, characterised by the

density f : R™ +— R", follows an exponential family distribution in the form of

e~ p k) = exp { ZOLIZEO) e 00} (25)
a(ét)

We will consider throughout the case where n = 1, f : R — Rt or f : R — [0,1],

respectively the continuous and discrete univariate case. In the literature (Dobson (2000))

1 is usually called the natural parameter and ¢; the dispersion parameter. We consider

b(-) to be convex and twice differentiable in 7; and that, as noted in West & Harrison

(1997):

Bl () I = = T — () 2:6)
a (¢r) d®b (n 1"
Ve o) ) = 51 = 2L — 617 ). 27)

Other relations that will be used in later sections, include the linear predictor of the
DGLM given by
N = F1o,. (2.8)

The relation between the mean presented in (2.6) and the linear predictor in (2.8) is

given by the response function h (-)

pe=h(\),

'Tn this thesis, [ is used to refer to a measure or a density (with Lebesgue measure) depending on the
context.
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Figure 2.2: DGLM diagram. Double circles represent deterministic nodes.
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and the inverse of the response function is usually called the link function
9 () = h™" () = M. (2.9)
For the remainder we will consider the canonical link, that is the specific instance where

ne = At (2.10)

The response and link function will be dependent on the specific distribution used for
the observation model (2.1).

The factors F; and G; are respectively the observation and system matrices which
allow us to specify the structure of our time series. These factors might represent a locally
constant model (Section 2.2.1.1), where the states will represent an underlying mean, a
locally linear model (Section 2.2.1.2), where the states represent a mean and a trend, or
a seasonal model (Sections 2.2.2.1 and 2.2.2.2), where each component of the state will
represent a cyclic component. As with the model’s parameters, these matrices can vary in
time but for the remainder of this thesis we will consider the case where they are static
and known, that is F; = F and G; = G, also referred as time series models in the literature
(West & Harrison (1997)).

It is clear from the above definitions that this class of models possesses Markovian
properties, that is, denoting the sequence of observations y1.+—1 as D;_1 and omitting the

dependence on the model parameters ®:
P (0t[600:t—1,Di—1) = p(0¢|0:-1) . (2.11)

This represents the fact that future states will only depend on the present state (here

represented as 6;_1) and will be independent of past states, 8y.;—2, and observations, D;_1
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(as represented in Figure 2.2). Additionally, at any given time ¢ — 1, the state 6;_; will

not depend on any future values, that is

p (9t71|9t:T, yt:T) =p (97&71 |9t) . (2~12)

Finally we can state that at any time ¢ the observation g; will only depend on the current

state vector 6;:

P (y¢|00:t, De—1) = p (ye|6:) - (2.13)

DGLMs are a flexible and elegant tool for modelling streaming data, since they can rep-
resent both discrete and continuous data by appropriate selection of the observation model,
as well as providing the means to express complex time-series behaviour by composing sim-
pler ones. In the remainder of this thesis we will refer to a specific DGLM by classifying

it according the observation model (Poisson, Binomial) as detailed in Section 2.3.

2.2 Model specification

2.2.1 n'"-order polynomial models

At this point, we introduce the concept of Jordan blocks. For any real or complex A, a
n-Jordan block is defined (West & Harrison (1997)) as

A1 00 0
0O N1 0 0
00 X1 0
Jn ()‘) =
0 0 0 O 1
0 0 0 O A
- - nxXxn

That is, an n X n upper triangular diagonal matrix with diagonal elements of A and super-

diagonal elements 1.

In general terms an n'-order polynomial model can be defined by the the following

observation and system matrices
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G = Jn(l)a

with the state vector 8; having dimension n and the state transition variance, W, having

dimension n X n.

An n-order polynomial model will be referred to as P (n) and for the remainder of
this thesis we will focus on two specific cases of these models, namely the first-order (locally

constant, P (1)) and second-order (locally linear, P (2)) polynomial models.

2.2.1.1 Locally constant

The simplest polynomial model is the locally constant model, P (1), also referred in the

literature as a first-order polynomial® model.

In this instance
F=G=J:(1)=[1].

The state transition in this case amount to a random walk expressed as

Qt ~ N(9t71,7‘2)
= 91571 + wy, thN(O,T2).

2.2.1.2 Locally linear

The locally linear model, referred to usually as the second-order polynomial model, P (2),

can be defined as
F=[1 0"
1 1

G=J,(1) =
01

In this case, the state vector 8; will consist of two elements, respectively 8; = (0%6“61 0?6”‘1),

a level and a trend.

2In this model, the underlying mean is locally constant. We will use the terminology of West et al.
(1985) where this is considered a first-order polynomial model (cf. West et al. (1985), pp.32-34)
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2.2.2 Seasonality

2.2.2.1 Full form

A basic representation for periodic behaviour (of a fixed period p), is to represent F and
G as

1 010 0
0 0 0 1 0
F=1 o G=
000 0 1
0 1 00 0 O
L dp L 4 pxp

2.2.2.2 Fourier components

An alternative form of expressing cycling behaviour in DLMs is to use a trigonometric rep-

resentation, usually called Fourier components in the literature (West & Harrison, 1997).

Each harmonic 7 of the seasonal components is expressed as:

1 cosw; Ssinw;

0 —sinw; cosw;

with 9
w = (2.14)
p
and where p is the period of the seasonality component. Additionalharmonics can be added

by composing the observation and system matrices, as follows.

Two distinct cases must be considered, respectively whether the period p is odd or

even. When p is odd, we consider a Fourier seasonal representation of period p with m
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harmonics with observation and system matrices as

F=[1 0 1 0 - 1 0,
G = block diag (Gy, Ge, ..., Gp)
cosw;  sinw;

G =
—sinw; cosw;
2mj

wi="2 j=1,2,...,m,
P

with p = 2m — 1. Whenever p is even, we add to the above specification an additional 1

to F and an extra diagonal element? to G of cos (wy,) = cos (7) = —1, that is
T
F=[1 010 --- 1 0 15,

G = block diag (G1, Go, -+ ,Gp—1,1)
G, - cosw;  sinw;
—sinw; cosw;
_2m

wi="2 j=12...,m—1,
p

with p = 2m.

A specific case of the Fourier representation occurs when w = m, called the Nyquist

frequency for which
F=[1] G=[-1]

We will refer to a Fourier component of period p with h harmonics as F (p, h).

Example. A Fourier seasonal component with ~ = 2 harmonics. An F (p,2) component,

where w = 27 /p:

1 cosw  Sinw 0 0
0 —sinw cosw 0 0
F= G = (2.15)
1 0 0 cos2w  sin2w
0 0 0 —sin2w cos 2w

It is clear that this representation of seasonality has clear advantages over a full seasonal

3This corresponds to the Nyquist frequency.

10



Chapter 2. Dynamic Generalised Linear Models

representation in the context of our work. Since we are interested in real-time inference,
lowering the computational burden by reducing the model size is of utmost importance.
Using a full seasonal representation of p seasons will always incur a model dimension of size
at least p. By using a Fourier representation we can reduce the model’s seasonal component
size to 2m, the number of harmonics, which could be as low as m = 1. Additional harmonics

can be added to capture more complex variation of that particular seasonal component.

2.2.3 Superposition

One of the advantages of this formulation is the possibility of constructing complex models
from simple ones (superposition) or extracting components from a model (decomposition).
If we consider n > 1 models with respective observation and system matrices F; and G;,
1 =1,...,n, in the univariate observation case which we are considering, the superimposed

model can be constructed with the following rules:

» The observation matrix is the concatenation of the individual F; matrices, for ¢ =

1,...n, that is

F=[F Fy --- F |”

» The state vector is the concatenation of the individual 6;; such that

0; = (014 02 - 0,0)"

» The state matrix is a block diagonal with:

G = block diag (Gy, Ge, ..., Gy)

0 G 0 O
0O o 0
0 0 0 G,
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» The system covariance matrix, W, is also obtained by the block diagonal:

W = block diag (W1, Wa,...,W,)

Wiy 0 0 O

In the specific case of the Normal DLM we know that the models can be combined linearly,

by virtue of being precisely linear models.

In this case we have an additional rule, regarding the observation variance V. The su-

perimposed observation variance can be obtained as the sum of the individual components’

Vi:

V=>YV
i=1

Example. Composed Normal DLM. If we assume two of the basic components referenced
previously, respectively the P (2) (Section 2.2.1.2) and Fourier seasonal (Section 2.2.2.2)
components we can combine them using superposition for a Normal DLM. If we consider

the locally linear component as

Wlinear =
Winear =0y
Flinear - [1 O]T

1 1

Glinear = J2 (1) = ;
0 1

and the seasonal component, with an odd numbered period p with A = 2 harmonics, and

12
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w; as defined in (2.14), as

Wseasonal =

V:seasonal

Fseasonal

Gseasonal =

2
0 T2 0

2
Ts2,1

1o 1 0"

coswi  sinwq

—sinw; coswi
0 0

0 0

13

2
Ts2,2

0
COS W9

— sin wo

sin wo

COS W9




Chapter 2. Dynamic Generalised Linear Models

The composed model will then consist of

w 0 0 0 0 0
0 7 0 0 0 0
Wiinear 0 0 0 7—521,1 0 0 0

0 Wseasonal 0 0 0 7—321,2 0 0

[an)

0 0 0 0 7%

0 0 0 0 0 74,

2 2
V= Winea?“ + Vtseasonal =0y + Og

_ | Finear | _ mo1o0 1 07
Fseasonal
—1 1 0 0 0 0 ]
0 1 0 0 0 0
c Glinear 0 0 0 coswp sinwy 0 0
- 0 Gseasonal - 0 0 —sinwy; coswi 0 0
0 0 0 0 COSWo  Sinwo
_O 0 0 0 —sinwy cos wa |

2.3 Dynamic Generalised Linear Models

2.3.1 Normal DLM

The Normal DLM (NDLM) is a specific case of the DGLM class where we have a linear
observation model. This class of models is typically used in conjunction with continuous

data. The observation equation (2.17) takes the form

2V

1 _ 2
P (ye|ne, ) = \/Wexp {—M} ) Yy > —oo,n; < 00,V > 0. (2.16)

14
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The state model follows the general form of the DGLM, that is

yil01,® ~ N (F76,,V) (2.17)
0,16, 1, B~ N (GO, 1, W) (2.18)

The NDLM, usually called simply Dynamic Linear Model (DLM) (West & Harrison,
1997), is an important instance of DGLMs since common inference problems, such as
state estimation and forecasting have an analytical solution (specifically the Kalman filter

recursions as detailed in Chapter 4).

Taking into account the canonical formulation of the exponential family from (2.5), we

can see from (2.16) that the corresponding quantities are

2(y) = e

a(gy) = ¢ =V
n?

b(77t) = 9

_ 1 vt
c(yhd)t) - \/Wexp< 2V> .
In this case the link function (2.9) will be the identity function, that is
9 (ue) = pr = F16;

Example. Locally constant model

As specified in Section 2.2.1.1, for a M = {P (1)} we will assume the following state
and observation matrices

F=G=[1].

When used in conjunction with a linear observation model we have the following full

specification

yr = 0 + 11, v ~ N (0,0%)
Qtzet_l—FWt, thN(O,TQ).

A realisation of a M = {P (1)} NDLM with & = {72,0%} = {1.5,3.0} can be viewed

in Figure 2.3 on the following page. This basically amounts to a random walk where the

state 6, corresponds to an underlying mean.

Example. Locally linear model

15
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Figure 2.3: Realisation of a M = {P (1)} NDLM with a state prior of 6y ~
N (0,100), V = 0% = 3.0 and W = 72 = 1.5. Observations on the left and lat-
ent state of the right.
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Figure 2.4: Realisation of a M = {P(2)} NDLM with a state prior of 6y ~
N((O,S)T,lOOI), V; = 0% = 2.0 and diag(W) = (0.1,0.25). Observations yi.;

(left-most) and latent state components (6, .¢, 0, 0:¢, right).

A locally linear model, M = {P (2)}, consists of the following state and observation

matrices

In this case, the state vector contains two components 6 = (HT,HM)T, which can be
viewed as a series’ mean and trend respectively. A realisation of this model, including the

state components, can be viewed in Figure 2.4.

16



Chapter 2. Dynamic Generalised Linear Models

2.3.2 Poisson DLM

In the Poisson DLM (PoDLM) the observational model will follow a Poisson distribution
and is usually applied when dealing with discrete data, such as count data. The observation
model will be such that:

entyt

yt!

_elt

p(yelm) = e , m>0. (2.19)

From (2.19) we verify that the canonical quantities of (2.5) are

z(y) = u
a(pr) = ¢r=1
b(n) = e
1
c(yt, ¢r) = log <yt,> )

where 1; = F7'0;. It follows that, according to (2.6) and (2.7)

E[z () ] = E [yslne] = b () = ™ (2.20)
Var [z (yr) ] = Var [ye|ne] = a (¢1) 0" () = ™. (2.21)

The full form of the Poisson DLM will then be:

y¢|ne ~ Po (™) (2.22)
Ne = FTOt.

The state model will follow the standard DGLM form (2.3). As it is clear from the above
definition, the parameter set for the PoDLM will simply be state transition variance, that

is & = {W}.

Example. Locally constant Poisson DLM
A M = {P (1)} PoDLM with 6y ~ N (2,10) and 72 = 0.15 will take the form

y¢|0r ~ Po (eet>
etlet_l ~ N(Qt_1,0.15) .

A realisation of this model, along with the state can be viewed in Figure 2.5.

17
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t t
(a‘) Y1t (b) 00:15

Figure 2.5: Observations (left) and latent states (right) for a realisation of a M =
{P (1)} PoDLM with & = {W} = {0.15}.

2.3.3 Binomial DLM

The Binomial DLM (BDLM) is a another special case of DGLMs where the state evolution
will have the form as (2.18), but the observation model will take the form of a Binomial
distribution, that is

T _
p(yi|pe) = plt (1 —p)™ Y, ng=12..., y=01,...,n, 0<ps<l.

Yt

Looking at the DGLM canonical form in (2.5), we can see that

n
c (Yt ¢t) = log
Yt

As in the previous sections, we can calculate the DGLM mean and variance using (2.6)

and (2.7). In this case we have

E [z (ye) [m] = b () = logit™" {n;}

Var [z (ye) ] = a (¢0) b () = ny"

et

(en +1)%

18
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therefore

E [ye|ne] = nelogit™" {m}
P {ne}
exp{m}+1

exp {log <pt (1-— pt)71>}
exp {log (pt (1- pt)_1>} +1
ntpt + (];t— Pt)
= nypy (2.23)
exp {m}
(exp {m} +1)°

exp {log (pt (1- pt)_l) }

:nt

Var [y n:] = m

e g (1= )} +1]
_ pi(l—p)~"
[pt 1-p) '+ 1}2
— nape (1= py). (2.24)

The full form of the Binomial DLM will then be:

y¢|ne ~ Binom (logitfl{nt}, nt) (2.25)
m = FT0,
0:10;_1,P ~ N (GO;_1,W).

Where the logit (-) function and its inverse, logit ™! (-), are respectively

logit () = 10g<1fx> (2.26)
logit ™ (z) = (m. (2.27)

In this thesis we will always assume n; to be known and it will commonly take the value

ny = 1 to model the binary nature of our datasets.
Example. Locally constant Binomial DLM.

In Figure 2.6 we can see a realisation of a P (1) BDLM with parameter set & = {WW} =
0.15 and state prior g ~ N (2,10) and n = 3.

19
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Figure 2.6: Observations (left) and latent states (right) for a realisation of a M =

{P (1)} PoDLM with a state prior of 6y ~ N (0,100),V = 0% =3.0,W =72 =15
and n = 3.

2.3.4 Summary

A summary for the values of the natural parameter, 1., and b (1) for each of the considered
DGLMs is presented in table 2.1.

Observation n b(n)
Gaussian N (p, V) w n
Poisson  Po () log p exp (1)

Binomial Binom (n,p) logit (p) nlog(1+ expn)

Table 2.1: Summary of 7, and b () for different DGLMs

2.4 Inference

As mentioned in Chapter 1 our objective is to perform inference in DGLMs. By inference

we include

» Online state estimation (when the model parameters, @, are known)
» Online state and parameter estimation

» One-step ahead forecast, both for state and observations

» k-step ahead forecasts

» Model assessment

20



Chapter 2. Dynamic Generalised Linear Models

2.4.1 State estimation

The problem of pure state estimation can divided into two approaches, namely online
and offline estimation. Online estimation, also commonly known as filtering amounts to
establishing the state 6; given the data Dy = {y1,...,y:} for t =1,...,T. For pure state
estimation we assume that model’s parameter set @ is known (and as such will be dropped

from the notation). That is, we are trying to estimate

P (00:4|Dy)

or

p(0:Dy) .

Regarding offline state estimation, that is, given the totality of the observations Dy =

{y1,...,yr}, estimating
p (60.7|Dr) ,

is usually referred in the literature as smoothing. As we will see in Sections 4 and 11,
the problem is greatly simplified for the Normal DLM case, where we can obtain analytic

expressions for this purpose. This is not the case, however, for other DGLMs.

2.4.2 Forecasting

If at time ¢t we have the state vector estimation p (6;|D;), the k-step ahead observation

forecast, for k > 0, can be defined as
psalD) = [ 0sal60s1) p Oria|D) 61 (228)

As for state forecast, we are interested in
P (Or1k|Dr) -

As with state estimation, analytical expressions of the forecast are available for the
Normal DLM, but not for non-linear models. Additional approximation methods will be
discussed to perform state and observation forecasts in non-linear DGLMs. A special case

in forecast is the one of k = 1 called the one-step ahead forecast.

21
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2.4.3 Anomaly detection

Another advantage of the DGLM, especially in the context of real-time streaming data,
is the natural way in which model diagnostics and anomaly detection can be performed
in real-time as observations arrive. One of the employed methods is the calculation of
a discrepancy value. This method consists of quantifying the discrepancy, effectively a
Pearson type residual, at each time ¢, between the observed data, y; and the observation
prediction g;. The threshold can be specified as a function of the predicted value and
standard deviation of 3. To perform a discrepancy test against the observed data, y;, we

calculate

E[y] = Eo, [E [y:|6:]]
Var [y:] = Eg, [Var [y|0:]] + Varg, [E [y:]6:]]

The discrepancy, d (-), will then be

d(y) = W (2.29)

As we've seen is Section 2.1, we can derive E [z (y;) |n:] and Var [z (y;) [n:] for a DGLM

from the exponential family observational model canonical form (2.5) as

db (1)
d?]t ’

2
Var z ) ] = a(9) "

E [z (yt) Ine] =

9

assuming our previous formulation of a DGLM in (2.5). In the following sections we
will elaborate the discrepancy form for each of the considered observational models with
Table 2.2 summarising the results. In the experimental results a threshold of 3 standard

deviations was used to flag possible outliers.

2.4.3.1 Normal DLM

For the NDLM since we have

a(p) =¢;' =V
m = =F'0,
2
b(nt) = %7
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it follows that

d (gi) T
E = =mn=F20
[3/t|77t] dn: Tt t
d?b
Varfylnd = a (9) ) _
N~ 77t
vV N———

1

The discrepancy will take then the form expected for a DLM, that is

|y — FT6,|
d == 1 2.30
2.4.3.2 Poisson DLM
For the PoDLM, according to Section 2.3.2, we have
a(¢r) =g =1
m=F"6,
blm) =~
Using the derivations in (2.20) and (2.21), we can write
E [ye|ne] = exp {m} = exp {F"6,}
Var [y¢|n:] = exp {m} = exp {FTOt} )
resulting in a discrepancy form of
— FTo
a(u) = AP 9], (2.31)

vexp{FT0;}

2.4.3.3 Binomial DLM

For the Binomial DLM, using Section 2.3.3, we have

a(d)=¢; =n;'

Dbt
nt:log{l }
— Dt

b(ne) =log {1+ expm}.
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Observation d (yt)

Gaussian N (F76,,V) |ye — FTO V172

Poisson Po (exp {FTOt}) |yt — exp {FTetH exp {FTet}_l/Q

Binomial Binom (n, p) lye — nupe| [rape (1 — pt)]_1/2

Table 2.2: Discrepancy (d (y¢)) calculation for different classes of DGLMs

As mentioned in Section 2.3.3 on page 18, in this thesis we will always consider n; to be

fixed and known. We have seen that according to (2.23) and (2.24) we can write

E [yt|77t] = NPt
Var [y:|n¢] = nupe (1 — pe) -

Consequently the discrepancy will be

d(y) = el (2.32)

vV NPt (1- pt) '

24



Part 11

Online State Estimation
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Chapter 3
Bayesian Filtering

In order to perform inference in DGLMs, the main objective is to estimate the unobserved
sequence of states Og; = {0y, ...,0;} and the parameter set & = {P,...,P,} given the
observed data, D; = {y1,...,y:}. That is, we are trying to estimate the joint density

p(00:t, P|Dy) . (3.1)

We will first look at some methods to estimate the state vectors in an online fashion,
that is estimating 6; using D; sequentially (with ¢ = 1,2,3,...) while considering the
parameters known. These methods will provide the fundamental framework from which

extensions can be used to simultaneously estimate states and parameters in Chapter 7.

As mentioned previously, assuming the model’s parameters to be known (on account
of which we will omit the dependency of @ for the time being), in DGLMs the problem of

estimating the unobserved state vectors 6., can be expressed as

p (90:157 Dt)

p (00:t|Dt) = D (Dt) )

(3.2)
where

p (0o, Dt) = p (Dt]60:t) p (B0:t) (3.3)

p(Dt) = /p(OO:taDt)dOO:t-
The Markovian nature of the DGLMs can, however, be exploited to provide a recursive
formulation for the state estimation in (3.2). This is crucial for allowing online inference

in DGLMs, since it provides us with a tool to perform computations for each time step t

independently from the previous time steps. If we denote Dy—; = {y1,92,...,%t—1}, the
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full state posterior (3.2) can then be re-arranged as a recursive update.

Using Bayes’ theorem!, and using the property that

p(Di) = p (4, Di-1) , (3.4)
we can write p (6o.t|Dy) as

D (Y, Di—1,0y,600:4—1)
00.4|D;) =
P (B0[D1) D (y¢|De—1) p (Di—1)
_p (Y¢|Di—1, 04, 00:4—1) p (0¢|00:t—1, Dr—1) p (B0:t—1|Di—1) p (Di—1)
P (Yt|Di—1) p (Di-1)

(3.5)

Applying once more one of the properties arising from the Markovian nature of the

DGLMs, this time (2.11), that is

p(604[600:4—1,Dt—1) = p (0¢|0:-1) ,
we can simplify (3.5) into

P (ye|0:) p (0¢]0: 1)
P (Yt|Di-1)

p(00:+|Dy) = P (00:t—1|Di-1) (3.6)

where p (y:|D;—1) is a normalising constant taking the form

p(lDi-s) = [ (161)p (Bu181)p (61-1[Di-1) 611 (37)
The posterior distribution can then be expressed recursively as

p(aost\Dt) O<p(90:t—1,Dt—1) p(yt|9t) P(9t|9t—1) (3-8)
e e g

measurement system

However, to perform online state estimation we need to perform the estimation as
the observations appear, i.e. we need to estimate the current state (conditional on the
observations). This is usually referred in the literature as Bayesian filtering and targets

the state’s marginal posterior
p(6¢|Dy) . (3.9)

The goal is therefore to estimate p (60¢|D;) having, at time ¢t — 1, p (68;—1|D¢—1). To do

so, we can divide filtering into two separate stages, the prediction and the update steps.

L¢f. Section F.2 on page 318.
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Predict step In this step calculate the predictive state density given the observations up
to time ¢t — 1. If we assume that the posterior at time ¢t — 1, p (84—1|D¢—1), is known, then

the joint distribution of 8y, ;1 and D;_; can be calculated (using the property (2.11)) as:

p(0:,0:-1|Di—1) = p(0¢01—1,Dr—1)p(01—1|Ds—1)
p(0¢]0:—1)
= p(6¢60:—1)p(0:—1|Di-1)

To obtain the state prediction density, that is the distribution of 8; given the previous

observations D;_; we use the Chapman-Kolmogorov? equation:

p(0:De—1) = /P(Gt,et—lmt—l)det—1 (3.10)
= /p(etBt_lth_l)p(Ot_l\Dt_l)det_l (3.11)
= /p(et9t—1)P(9t—1\Dt—1)d9t—1 (3.12)

Update step Having the prior p (6|D,;—1) and the observation likelihood p (y:|0;) we
can formulate the state’s posterior by using Bayes’ theorem and the Markovian property
(2.13):

p(ye|0:)

P (1|0, Di—1) p (0| Dy 1)
P (Y| Di-1)
P (y:|0:) p (6:|D;—1)
P (Y| Di-1)

p(0:Dy) =

(3.13)

where the denominator is a normalisation constant equal to

P (|Dr1) = / P (50160 p (8/Ds1) 6. (3.14)

These theoretical results constitute the cornerstone of sequential Bayesian state estim-
ation and in the following chapters we will look at some common methodologies which

employ them to perform online filtering.

2¢f. Section F.3.
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Kalman filter

In most DGLMs the estimation of p(6o..|D;) as described in (3.6) is not possible using
analytical methods. The exception is the specific case of the NDLM where this solution
exists. This method is widely known as the Kalman Filter (KF, Kalman (1960)).

The KF is a recursive method, meaning that only the estimated state from the previous
time step and the current measurement are needed to compute the estimate for the current
state (as such it is an online estimation method). It is also the optimal linear estimator,
meaning that any other linear estimators will have a higher error covariance. It is a
thoroughly researched method and, due to its optimality and simplicity, it is also widely
applied to online state estimation in NDLMs in the case where the model’s parameters are

known.

If we again consider a NDLM such as presented in Section 2.3.1, the KF allows us
to perform the state estimation 0, given the observation at time ¢, y;. Algorithmically,
the KF can be separated into two distinct steps, as discussed in the previous chapter, the
prediction and the update steps. We will use the notation Xﬂt to denote the estimation of
a quantity X at time ¢, given the observation y; and Xt|t_1 do denote the predicted value

of quantity X at time ¢ before g is taken into account.

To perform the derivation of the KF recursions, we will use the following result for

standard Normal theory:

Considering a multivariate Normal density defined as

N (x|, ) = LR R SRR

1
Gy S =
peR" X eR"™" x € p+span (X) CR",
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if two random variables, X and Y, have a joint Normal probability density

a A C
~N , , (4.2)
b ct’ B
then
X ~ N(aA)
Y ~ N(bB),

and the conditional distribution X[Y will be

E[X]y] = a+CB™!(y —b) (4.3)
Var[X]y] = A-CB'cT. (4.4)

Predict step The prediction step, as described by (3.12), consists of calculating p (6¢|Dy—1).
If we assume the NDLM to have state priors as defined in (2.4), that is 6glmg, Co ~

N (myg, Cp), then at each step ¢ we can update the state vector according to
0; = GO;_1 + wy, Wy ~ N(O,W) .

Since 6;_1 and w; are independent, we can write

E[0:/Di—1] = Gmu_; =a (4.5)
Var[0,/D,_1] = E [(Ot—at) (Ht—at)T]
= GG GT +W (4.6)
= Ry

We denote, at time ¢ — 1, m;—1 and C;_;;_; respectively as the KF’s first moment and
covariance and label (4.5) and (4.6) respectively as R; and a;. We can then define the

state’s propagation density as

0:|Di—1 ~ N (as,Ry) . (4.7)
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If we now consider that the observation equation can be written as
v =F'0,+ 1, v ~ N (0,V), (4.8)

again, by the assumption that 6; and 14 are independent, we know that y; will be normally

distributed. We can then write

E [?Jt|Dt—ﬂ = FT_at = fi
Var [yt|Dt—1} = E _(yt - ft) (yt - ft)T:|

= E FT0t+1/t—FTat (FT0t+Vt—FTat)T
———
L Yt ft
[ T
= E {FT(Bt—at)—i-l/t} {FT(Gt—at)+1/t} }
= FIRF+V =0Q:

which is usually referred to as the Kalman’s predictive density, the prediction of y at ¢t — 1:

Yt|Di—1 ~ N (ft, Q) - (4.9)

The calculation of these two quantities, (4.7) and (4.9), concludes the prediction step.

Update step To perform the update step, we need to find the posterior of 8; given the
observed data, that is p (6¢|y:). As defined in (3.13), we need to find

yt|0t)p(9t|pt71)

o
p(6:De) = P (y¢|Di-1)

Since we are considering joint normality, according to the NDLM model specification, we

0

simply need to construct the joint normal distribution . We start by writing 6, and

Yi
y; as follows:

0, = a;+ (0 —a)

v = ft + w —fi
~~ N~
FTat FTot-‘th
= FTat —+ FTOt + Vg — FTat

= FTat + FT (Ot — at) +
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The covariance of 8, and y; can then be written as

T

Cov[0i,y] = E [(6:— ) vy — fi
<~ =~
FTet-i-Vt FTat

- E [(et —ay) {F7 (0, —a;) + Vt}T}

= E[(0:—a) {(6: —a)F+1]}]

= E[(0,—a) (0 —a)F+ (0, —ay)v]]

= E[(6:—a,) (0, —a)]F + E[(6; —a) /]
R¢

We can then write the joint normal distribution in the form (4.2):

0,5 ag Rt RtF
~ N : (4.10)

Yt Fla,] |FIR, FIRF+V

to write the result of

Bt\yt ~ /\/(mt, Ct) .

By using the results of (4.3) and (4.4) we have for m;

m, = Efy)=_a +RF(FRF+V) " | 4y —Fla
~ N\~
“ ¢ B-1 Y b
T -1
— aH—RtF(F RtF—l—V) (y—ft), (411)
and for C;:
C; = Var[0:|y
= Re—RF (F'RF +W) ' FR. (4.12)

The notation can be simplified by introducing some quantities commonly used in the

literature. We will denote

Ai = RF
Qt FRFT +V,
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and we can define the Kalman gain as

K, = RF(FRFT+V)"
= AQ

Another useful quantity is usually referred to as the Kalman error and is defined as

et =Yyt — fr-
Applying substitutions, the final moments calculations become

m; = at+Kt6t

C = R—AQAT
Having these recursions, we finally define the filtering density as

0t|Dt ~ N (mt, Ct) . (413)

The KF also allows for the evaluation of the likelihood p (D;). If we take into consid-
eration the prediction step in (4.7) and the formulation of the observation equation as in

(4.8), standard normal theory allows us to write the conditional likelihood as

p(WDim1) = N (w|F ay, FRFL + V)
= N(yt‘ftht)

which is the predictive density as detailed in (4.9). Since we now that

p(D) =p ) [[p(nlDn-1),

n=2
we can then use the predictive density to calculate p (D;) as

t

p(Dt) =Pp (yl) H p(yn|fn7 Qn) :

n=2
A generic algorithm for the KF' is presented in Algorithm 4.1.

Example. KF for a M =P (1) NDLM.

Here we consider the state estimation for a realisation of a M = P (1) NDLM with
parameters @ = {W,V} = {72,02} = {2,3} with N, = 1000, and with prior moments
mgy = 0 and Cy = 10. We can see the result of the state estimation using the KF in Fig-
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Algorithm 4.1 Kalman Filter
initialisation Having prior moments mg and Cy.

for t < 1 to Nyps

predict set a; = Gm;_; and Ry = GC,_;GT + W

update set
Jt= FTat
et =Yyt — [t
Qi =FRFT +V
K, = RF'Q;"

and calculate moments as

m; = a; + Kiey
C, =R, — A QAT

filtering density at time t is
0t|Dt ~ N (mt, Ct)

ure 4.1b on the facing page and the observations for the model’s realisation in Figure 4.1a

on the next page.

To perform a k-step ahead state forecast with the Kalman filter, we can start by defining
the moments in the propagation density (4.7) and predictive density (4.9) as a function of

the step index k, conditioned on the data up to the forecast starting point ¢, such that

a; (k) = E[0114|D¢]

Ri (k) = Var[0:,|D¢]
ft (k) = E[yi1x|Dt]

Qi (k) = Varly,x|Dt].

Assuming that at time ¢, the starting point of the forecast, we define the moments

ag (0) = I

R, (0) = G,
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Figure 4.1: Observations (left), filtering distribution mean (right, red) and "true"
state (right, dashed) for a realisation of M = P (1) NDLM with ¢? = 2.0 and
72 = 3.0 with N,ps = 1000, and with prior moments mgy = 0 and Cy = 10.

we can then recursively calculate the forecast propagation moments as

ag (k) = Gat (k — 1) (414)
Ri(k) = GR;(k—1)GT +W, (4.15)

which will provide the state forecast distribution as

p(011xD1) = N (ar (k) ,Re (K)) -

To perform k-step ahead observation forecasts, we can apply a similar recursive calcu-

lation using the predictive density moments, that is

This will allows us to calculate the k-step ahead observation forecast as
P Yk D) = N (fi (k) . Q¢ (k) -

It is worth noting that the Kalman filter also gives us the filtering, forecast and predict-
ive distribution estimate’s uncertainty by providing, respectively, (4.12), (4.15) and (4.17),

which can be used to determine, for instance, the estimate’s confidence interval.

Example. State and observation forecast in a M = {P (1)} NDLM.

Here we consider a realisation of Ny,s = 500 observations of a M = {P (1)} NDLM
with parameter set = {72,1?} = {3,2}. A state and observation k-step ahead (k = 100)
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Figure 4.2: Filtering density mean (left, blue), state forecast mean (left, blue line)
and forecast 90% CI (left, shaded blue). "True" state as black dashed line (left).
Observations (right) and k-step ahead observation forecasts (right, blue line) and
forecast 90% CI (right, shaded blue) for a M = {P (1)} NDLM using the KF

forecast was performed at time ¢t = 400, using the recursions specified in (4.14), (4.15),
(4.16) and (4.17). The state forecast can be seen in Figure 4.2a and the observation forecast

can be viewed in Figure 4.2b.

4.1 Using Singular Value Decomposition

In Wang et al. (1992) an algorithm is presented in which the Kalman filter recursions can be
calculated using Singular Value Decomposition (SVD). Although theoretically impossible,
in practice, when calculating the updated second moment (4.12) using the standard KF
recursions, a computationally non-positive definite value may arise. According to Wang

et al. (1992) this method can improve the numerical stability of the estimations.

The notation for SVD used will that considering a m x n (with m > n) matrix A the
SVD is a factorisation of three matrices (Wang et al. (1992)) such that

S 0
A=UAVT, A=

0 0

where S = diag (01,...,0,) and U is a m x m orthogonal matrix and V a n x n matrix.
According to Wang et al. (1992), a special case occurs when A is positive definite, in which

we have
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with S an n x n diagonal matrix. Another special case is noted in Wang et al. (1992),

which occurs when A is symmetric positive definite, in which case we have
A =USU” = up?u’.
. If; at time ¢, we assume that we have the SVD decomposition of Cy;, that is
Cye = Uy D7, U7,
we can then write (4.6) as

Covrp = GCt|tGT +W
- GUt—llt—lDtQ—utAUiutflGT +W.

The objective is then to find an SVD decomposition with components U1, Df 1t such
that
2 T
Ct+1|t = Ut+1|tDt+1|tUt+1|t'
Wang et al. (1992) defines the following matrix
D,,ULl.GT
e (4.18)

VWT

and by calculating the SVD of (4.18) the result is

Dy UT.GT Dj
tlt t|t _ U; t (V;)T '
vWT 0

Wang et al. (1992) continues by multiplying each side by its transpose, reformulating into

T T
Dy, U GT Dy, Ul GT D; D
e R R T R N (PR R KA
vVWT VWT 0 0
2 UTGT 4+ VW (VW T / AT | P o
GUy, DR UEGT + VW (VW) = Vi |py of (U)TU || (V)
GUy DRURGT +W = Vi, (D})° (Vi)'
Ciyipe Uraje DF e Ui,
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From the above definition of C, 1;, Wang et al. (1992) notes that the required components
for the SVD are

!
Ut+1|t = Vi
/
Dt+1|t = Dy

Regarding the update steps of the KF, to use SVD, the above decompositions of Cy 1411
and C;); are applied:

-1 _ 2 T N
Ct+1|t+1 - (Ut+llt+1Dt+l|t+1Ut+1\t+1)

Since
-1 1 Tr-1
Crrtppr = Gy TP RTF,
it follows that
1
-1 2 T Tpr-1
Cpesr = (Ut+1\tDt+1\tUt+1|t) +F R F
e

—1 -1
T -2 -1 T T Tp—1 -1
(Ut+1\t) Dt+1\tUt+1|t + (Ut+1\t> Ut+1|tF Rt+1FUt+1\tUt+1|t

_ -T -2 T Tp-1 -1
- Ut+1|t (Dt+1|t + Ut-i—l\tF Rt+1FUt+1\t> Ut+1|t-

If we consider the Cholesky decomposition of the inverse of the covariance matrix V as
Ri. +11 = Ly41L7,, in the univariate observation case, which is the one we are considering
throughout, we can simply define Ly11 = /1/V. Wang et al. (1992) continues by creating

the matrix

LtT+1FUt+1\t

-1
Dt+1\t

and calculating the SVD of the above, resulting in

L/ 1 FUpp _ Dj.y -
= Ui (Vi+1)

-1
Dt+1|t 0

from which .
-1 T IRy = 2/ T,,-1
Ct+1|t+1 = (Ut+1\t) V£+1 (D£+1) (V2+1) Ut+1\t'
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The decomposition can then be written as

\ // AV
Uiprirn = UgapVigr = ViV

Diprjprr = (Digq) ™!
As for the Kalman gain, Wang et al. (1992) calculates it according to

_ Tr-1
Kiyi = CGrpnF Ry

_ 2 T Tp-1
= U1 D Ve B R

A general algorithm for Wang et al. (1992) formulation of the KF-SVD is presented in
Algorithm 4.2.

Example. Kalman Filter SVD for a NDLM
Consider a realisation of a M = {P (1), F (250,2)} NDLM, that is, a locally constant

component W = 1.2 and a seasonal component with 2 harmonics of period p = 250 and

parameters

W = . V=15

with Nyps = 1000 observations. The data is presented in Figure 4.3a on page 41 and the
state estimation for each state component are presented in Figures 4.3b, 4.3c and 4.3d.
In this particular example, since we are dealing with a simple model with simulated ob-
servations, we wouldn’t expect the standard KF to incur numerical instability. The Mean
Squared Error (MSE), calculated as

1 Nobs
MSE = Z(mt—Gt)Q,
Nobs i—1

where 6; is “true” value from the realisation, is identical® for all state components as we
can see from table 4.1. The main difference is however the computational cost, which is
higher for the SVD implementation. This is expected due to additional steps necessary

regarding SVD decomposition as described in this section.

In theory, it is expected for the standard and SVD KF to produce the same estimation results. In
practice, due to numerical instability, this might not be the case.

39



Chapter 4. Kalman filter

Algorithm 4.2 SVD based Kalman Filter (KF-SVD)

initialise with mg, Cy. Assuming Cy diagonal, Uy = I and Dy = C.

for t + 1 to Ny

calculate (assuming L; = \/1/V) V/ and Dj from the SVD decomposition of

LTFU,
D!

update U, ; and Dy | according to

Ui = UsV;
Dy = (th)il
calculate Kalman gain
K= Ut+1ItDt2+1|tUtT+1\tFT|-t|—tT
predict step ) )
01 =0 + Ky (1 — FOy)

correct step. Calculate V; and Dj from the SVD decomposition of

Dt+1\tUtT+1|tGT
vVWT
01 = GOy
U1 = Vi
Diy1 = Dy
MSE
Filter time (ms)
01 0 03
KF 54.455 53.415 47.374 10.0
KF-SVD  54.455 53.415 47.374 17.0

Table 4.1: Summary of MSE and computation times for KF and KF-SVD for a M =
{P(1),F(250,2)} Gaussian DLM with N5 = 1000.
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Figure 4.3: Realisation of a M = {P (1), F (250,2)} Gaussian DLM and filtering
density estimation using standard and SVD Kalman filters. Solid colour lines rep-
resent filtering density mean and shaded areas 90% CI. Solid black line represents
the "true" (realisation) state.

4.2 Extended Kalman Filter

In the case where the model is non-linear, the Kalman filter recursions examined previously
in this chapter cannot be applied as they depend on the joint normality of state and
observations. If we recall that a general state-space model can be formulated as in (2.1)
and (2.2), that is

Ye|0p, Pr ~  f (y:|0:, Pr)
0:10i—1, P ~ g(0:0i—1,9P;),

a method proposed by Jazwinski (1966); Maybeck (1979) consists of approximating the
non-linear functions by means of a first order Taylor series expansion around the estim-
ates at time ¢t and subsequently applying the KF recursion as in the NDLM case. This
method, the Extended Kalman Filter (EKF) will then approximate the posterior p (6;|D;)
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by approximating the model to be the linearised form

=1 O+ G~ N(0,1)

Ot — g* (etfl)t - 1) + rlDta ”lDt ~ N (O,Wt) 3

where f* (-) and ¢g* (+) are differentiable but not required to be linear functions of the state,

with a filtering density of
p (0t|Dt) ~ N (mt, Ct) .

Additionally, the following relations can be defined (Arulampalam et al. (2002)), in some
way drawing parallels with the KF:

a; =g (my_1)

Ri = GCr1GT + W,
m; = a; + Ky (ye — " (a))
Ci =Ry — KiF'Ry,

where F; and G, represent the state-space linearised functions

. A (o)
.=
da 0:mt—1
A dg* (6
G, — 990 ’
de ezmt71
and where
_ L o7 v
Qt - HthHt ‘|‘V;€

K, = RH[Q,

with V; and W, representing the variances of the additive noise for the linearised model.

We have seen, however, in Section 2.1, that the DGLM is a specific instance of the

more general state-space model, where
g (etfat—la dst) = N(et‘et—ly W)

and f (4|0, P¢) is a distribution from the exponential family in the form

yp ~ p(yt’nt) _ exp{z (yt)an€¢:)b (7715) + C(yta¢t)} )
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In this section we will use a formulation presented in Gamerman (1998); Fahrmeir
(1992), which aims specifically at approximating DGLMs to a linearised form using a
generalisation of the EKF. Gamerman (1998); Fahrmeir (1992) define an adjusted model
which will act as a linear approximation to the NDLM. Considering the DGLM mean as
defined in (2.6) as

Ht = v (77t) )

and considering, as in (2.9), that

g () =h7" () = Ae = my

where 7, is the natural parameter.

Since g (+) and b(-) are known from Section 2.3.2, the adjusted model can be easily
calculated for each of the non-linear DGLM instances. Using this model, and considering
that for the DGLM the underlying state will have a linear evolution, we can write, as in
the KF, the filtering density at time ¢ — 1 as

P (Bt_l\Dt_l) ~ N (Gmt_l, GCt_lGT + W)
= ./\[ (at, Rt) .

And define the linearised 5\t as
At = FTa, (4.19)

Gamerman (1998) formulates the adjusted model as

YR G =M+ (Y — ) g () +
ljt ~ N (07 f/t)
Ve =" () {9 (1e) }>.

With these quantities we can then calculate the predictive density of the adjusted model

as

Gt|Di—1 ~ N (fe, Q¢)
fi =Fla,

Qi = F'RF + V..

Similarly to the KF, as detailed in (4.11) and (4.12), the moment update will be defined
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my = a; + Ay (G — ft)
Ci =R, — AyQAT
A; =R, F.

This method, while aiming at approximating the filtering density of the linearised
p (0¢|D;), leads to poor results in the presence of strong non-linearities due to mismatch
between the mode of the true filtering density and linearised filtering density mode. In
the case of filters such as the Iterated Extended Kalman Filter (IEKF, Jazwinski (1970))
this problem can be mitigated by using an iterative Newton-Raphson method until the
approximated density converges. In the case of the adjusted model presented here, as
mentioned in Gamerman (1998); Fahrmeir (1992), the approximation can be improved by,
in an offline fashion (Fahrmeir, 1992), iteratively applying a Kalman smoother to calculate
the smoothed moments my, Ct until mode convergence is achieved. This value could then
be used to calculate (4.19).

A general algorithm for the adjusted model EKF (without the iterative mode search)
is presented in Algorithm 4.3.

Example. Linearised Poisson DLM

If we consider a Poisson DLM in the form presented in Section 2.3.2, that is, with

observational model

yilne ~ Po(e™)

m = FT0t7
and canonical quantities
2(y) =
a(er) = 1
b(m) = e
¢y d) = lo (1>
Yt, Pt g yt' )
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Algorithm 4.3 Adjusted Model Extended Kalman Filter (EKF)
initialisation

set state prior moments my and Cy
for ¢t < 1 to Ny

calculate

a; = Gmy_q
R, = GC,_1GT +W

5\1‘/ = FTat
calculate adjusted observation model according to the DGLM class

Ge =M+ (ye — pe) 9’ (ue)
Ve =" () {9’ (1) }?

calculate adjusted model predictive moments

fr=Flay

Qi =F'RF +V,
calculate updated state posterior moments

m, = a;+ A (G — fi)
C: = Ri—AQAT

with
A; =RF

to define the adjusted model we use the quantities calculated in (2.20) and (2.21):

b ) = e
Y () = e

pe = () = e™.

Since

M\ =FTo,,

45



Chapter 4. Kalman filter

the adjusted observational model will take the form

e G =M+ (e — ) g () + o
=M+ (e — M)A+,

with
I;t ~ N (O, ‘Zf)
V=" (m) {9’ ()}
=M\ 2= 00

Consequently, the adjusted PoDLM will take the form

p(ytlatvé) ~ N ()\t + (yt — )\t> )\t_l, At_l)
M\ = FTo,
p (04011, P) =N (GO_1,W).

Example. Linearised Binomial Model

We now consider a Binomial DLM in the form of Section 2.3.3, that is, with observa-

tional model

Ye|me ~ Binom{logi‘f1 (M}, me)
ne = FT0,

with the canonical quantities

s
c(yi, o) = log
Yt

The adjusted observational model can be defined by the quantities, previously calcu-
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lated in (2.23) and (2.24):

b (1) = nelogit ™" {n;}
= Pt
b (ne) = nepe (1 — pr)
pe = b (1) = nupy-

The adjusted observational model can then be expressed as

e R G =M+ (ye — ) g () +
= ytnt_l exp{—XA¢} (1 +exp {/\t})2 —exp{M\}—14+ XN+,

with
Dy~ N (0, Vt>

Ve=b"(ne) {9 (1)}
= n; texp {=A} (1 +exp {\})?.

Consequently, the adjusted BDLM will take the form

Q

p (y+|0t, P) N <ytnt_1 exp{—M} (1 +exp{A})? —exp{A\} — 1+ N, ‘Z})
Vi = nytexp{—M}(1+exp{\})?
N = Fle,
p(0:]0i-1,8) = N (GO_1,W).
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Conjugate Filtering

5.1 Conjugate filtering

As we’ve seen in Chapter 4, for the NDLM we can use an exact solution for the filtering
problem. However, in all other non-linear DGLMs an analytic solution will not be avail-
able. A method proposed in West & Harrison (1997), called conjugate filtering, assumes
partially specified distributions and an approximation using linear Bayes to achieve a re-
cursive approximation to the state’s posterior given the observations, 8;|D; using conjugate

updates as defined in Section 5.2.

We start by considering a DGLM in the canonical form of (2.5), that is

Y ~ p (ye|ne) = exp { : (yt)anz¢:)b ) (vt qﬁt)}
m=g"(\)
)\t == FTOt

015 NN(GOt,hW)
=GOy 1 + wy, wi ~ N (0,W),

with a state prior of 89|Dy ~ [mg, Co]. In West & Harrison (1997), the notation used
indicates p; as the observation mean, related to the natural parameter n; as described in

section (2.3) via

Hr = v (1)
Y =a(p)b" (n).

Additionally, n; relates to the linear function \; = FT0, vial, =g (n:). West & Harrison
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(1997) stipulates that since o' (-) and g (-) are bijective we can work interchangeably with
fits Mg OT Ag.

In DGLMs, in general, we cannot assume joint normality between the state and obser-
vations as we did in the KF derivations. The observation equation is generally non-linear
(Poisson, Binomial, etc.) and the observation mean gy might be a non-linear function of
the state, and as mentioned previously, an exact analytic solution to the filtering problem
will not be available and an approximation must be calculated. Here, we will use West &

Harrison (1997) notation, where
[k, 2]

indicates a mean, u, and a variance, ~ on a otherwise unspecified distribution.

West & Harrison (1997) starts by assuming that at time ¢ —1 we have the state posterior
0 1|Di—1 ~ [my_1,C;—1] such as in the NDLM, and that (as specified in Chapter 2.1) we
have independence between 6; and wy so that we can then write the state’s partial prior

in the form (without assuming normality) of (4.7). That is, from (4.5) and (4.6) we can

write
0/ D;_1 ~ |Gmy;_,GC,_1GT +W| . (5.1)
—_—— N—— ———
ag R

Since A\ = FT'0, is a linear function of 8; and assuming the moments in (5.1), we obtain

E [A\e|Dy—1] fi=Fla
Var [>\t|Dt71] = Qqt+= FTRt,

and the covariance between 6; and )\; is
Cov [\, 0¢|D;_1] = FTR;.

Hence, we have the following (partially specified) joint prior

Ht ag Rt RtF
Dt—l ~ ) ) (52)

At fe FIR: g
which strikes some similarities with the Kalman filter derivation in (4.10).

To determine the (partially specified) observation one-step ahead forecast, since the
observation model depends on the state 8; through the natural parameter, n7; = g~ (\;),

it can be specified via the natural parameter’s prior 7;|D;—1. As West & Harrison (1997)
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notes, this is specified in terms of the moments of \; = ¢ () as indicated in (5.2):
At|Di—1 ~ [ft, ] -

West & Harrison (1997) states that since the prior is partially specified, we can choose
any prior distribution of 7, based on the specified mean and variance. Based on Section 5.2

we choose the conjugate prior! for 7; as specified in (5.11)

P(ﬁt\Dt—l) =CP (Tt73t)

with the conditions

Elg(n) |Di—1] = fi
Var [g (n¢) [Di-1] = qu-

Assuming the observation’s one-step ahead forecast expression in (5.13) we can then
use the observation y; to calculate the posterior expression for 7; as in (5.14). Given that

we know the mean and variance of \; are

Ai| Dy ~ | Elg (n:) | Dy, Var [g (n:) |Di] (5.3)

fr a;

West & Harrison (1997) notes that because the posterior 8;|D; is only partially specified,

we only need the mean and variance to continue the approximation:

m; = E [0t|Dt] =E [E [Gt\)\t, Dt_ﬂ ’,Dt] (54)
Ct = Var [Ot\Dt] = Var [E [Ot\)\t, Dt—l] |Dt] + E [Var [Ot]/\t, Dt—l] |Dt] . (55)

It is clear from the above we need the mean and variance of 6;|\;, D;—1. As we've seen
previously, this joint distribution is only partially specified so we are not able to calculate
them analytically, however, the method described in West & Harrison (1997) applies linear

Bayes (with regard to a quadratic loss function for moment estimation) to calculate the

"West & Harrison (1997) uses f; as the mode and g; as the curvature for the conjugate prior.
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optimal estimate of E [0;|\;, D;_1] and Var [@;|\;, D;_1] we have? the final result:

(At — fo)

E [9t|7 )\t, Dt—l] = a + RtFT (56)
t
- R:FFTR
Var [9t|7 )\t,thl] = Rt — %, (57)
that is,
At — R,FFTR
0|\, Dy_1 ~ |:at+RtF( tq ft)7Rt— L 7 L
t t

This however, will give an approximation to the moments. Combining (5.4), (5.5), (5.6)
and (5.7) we have:

m, = E[E (0], M, Di_1] |Dt}

= E [at + RtFi()\t _ ft) |Dt:|
qt

1
= at + RtF; (E [)\t|Dt] — ft)

~

C, = Var [E (6], A, Ds1] \Dt} +E [\//a\r [6,], A, Dy1] \Dt}
A — R,FFTR

= Var {at + RtFi( : ft)] +E |:Rt -

qt qt

1 1 1
= RF—Var [\|Dy] —F'R; +R; — ReF—F'R;
at az az

|

F'R,

D 1
~ R (1o YD)

qt qt

Following West & Harrison (1997), we use the posterior \|D; in (5.3) to achieve the

result

9t|Dt ~ [mn Ct]

_ 1 \Y% qA D |1
ar
= |la;+RF— |END]—fi | ,Re —RF |1 - Var [:[Dy] —FTR,
a \ ~—— qt at
ft

I 1, ., g\ 17
= ag + RtF* (ft — ft) 5 Rt — RtF 1—-=|)—F Rt (58)

L qt qt /) aqt

Two things to note are that this is an approximation to the moments of the posterior

(since ¢\, D;—1 is an approximation) and the these calculations simplify when the ca-

2For a complete derivation, cf. West & Harrison (1997), Section 4.9.2.
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nonical link is used, since Ay = 7.

A general algorithm for conjugate filtering is presented in Algorithm 5.1.

Algorithm 5.1 Conjugate filtering
initialisation

0o ~ N (myg, Cp)

for ¢t < 1 to Nyps

calculate state prior

0:D;—1 ~ [a, Ry
a; = Gmy_
R, = GC,;GT+W

calculate natural parameter prior

)\t‘Dt—l ~ [ft7Qt]
fi = Fla,
g = F'RF

calculate using the conjugate prior C'P (1, s;) on 1; (observation distribution de-
pendent), calculate natural parameter posterior

me|D ~ CP (re + ye, s¢ + 1)
calculate natural parameter posterior moments
M|Dy ~ [f, ]
calculate state’s partial posterior

0Dy ~ [my,C

my — at+RtF(ft _ft)
qt
£\ 1
C, = Rt—RtF<1—qt) ZFTR,
qt /) qt
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5.2 Natural parameter conjugate update

If we consider canonical definition of a DGLM as presented in West & Harrison (1997):

z (yt) U b (77t) } c* (yt)

p (yelne) = eXp{ o ()

c* (yr) = expe(yr)

we can see that (in Figure 2.2), in the filtering context, the only unknown quantity is
and the prior p (1| D¢—1). According to West & Harrison (1997), we can then express the

one-step forecast of y;|Dy_1 as

p(Yt|Di-1) = /P(yt|77t717t—1)p(77t|Dt—1)d?7t- (5.9)

After we observe y; we can then use Bayes’ Theorem to write the posterior of the natural

parameter given the current observation as

_ pmeDi—1) p (yelne, Di-1)
J o (| De—1) p (ye|ne, De—1) diy

p (| Dt) (5.10)

According to West & Harrison (1997), (5.9) and (5.10) are analytically available in the
DGLM when the prior belongs to the conjugate family. One of the main reasonings of
conjugate filtering is that the prior for the state is partially specified by the first (4.5) and
second (4.6) moments. However, if r; and s; are calculated, the parameters for a conjugate

prior (CP) for the natural parameter 7, take the form

P (| De—1) = c(re,se)exp{rim — sib(ng)} (5.11)
= CP(Tt,St)

where r; and s; > 0 are known functions depending on D;_; and ¢ (-) works as a normalising

function

¢(rey )™t = / exp {rene — sia (ne)} i, (5.12)

then we could obtain the parameters of the conjugate posterior given the observed data.

The next step is to establish the conjugate prior and posterior relations. To do so, we can
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start by rewriting the n; prior (5.11), by assuming® z; = r;/s;, we have

p (nt’Dt—1> = C (rt7 St) exp {Ttnt - Stb (nt)}
= c(r¢,5¢) exp {aesine — s¢b(ne)}
= c(re,5¢)exp {s¢ [xm — b ()]}

If we assume that ry, s; and ¢ are known, and using the normalising function in (5.12), we

can calculate the one-step ahead forecast in (5.9) as

p(y|Di—1) = /P(Z/t\%Dt—l)p(m\Dt—l)d77t

- / exp {1 [y — b ()]} € () ¢ (11, 51) exp {remy — sib ()} e

p(yt|ne,De—1) p(ne|De—1)

= " (yt) c(re, 8t) /exp {6 [yene — b ()]} exp {rene — s¢b () } dne

= " (y)c(re,se) /eXp {pryene — deb (me) + reme — seb (ne) } dmy

= () e () / exp {(re + Sy e — (51 + 60) b (1)}

N~

c(ritduy,setor) "

_ c* (yt) e (re, st) (5.13)

c(re+ Oeye, S¢ + dr)

Using the expression in (5.14) we can then apply substitution and write the natural

parameter posterior as

P (0¢|De—1) p (ye|ne, Di—1)
S p el Di—1) p (yelme, De—1) dmy
p(ne|De—1) p(yt\nathl)
c(re, 5¢) exp {rine — s¢b (ne) Y exp {de [yame — b (m)]} ¢ (i)
™ (y) e (re, s¢) e (re + Sy, St + th)il

p(neDr) =

p(yt|Di—1)
= c(re+ duye, st + &) exp {reme — s:b (ne) } exp { & [yeme — b (ne)]}
= c(re+ Gy, st + de) exp {(re + Geye) me — (5t + ¢) b ()} - (5.14)

It is clear that the posterior in (5.14) has the same for of the prior in (5.11). This is one of

the conditions to establish a conjugate update, which will happen with a parameter update

3As noted in West & Harrison (1997), b being convex means that the prior is unimodal with mode
Tt = bl (771)
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of

Terl = T+ Gy

St41 = St + ¢t

In the following sections we will describe the standard conjugate scheme as derived
in West & Harrison (1997) for each of the DGLMs considered with the conjugate rela-
tions summarised in Table 5.1 and prior and posterior moments of the natural parameter

summarised in Table 5.2.

5.2.1 Binomial

For the BDLM, as described in Section 2.3.3, West & Harrison (1997) defines the p; =
e /11em prior to be beta, that is

P (pt|Di—1) ~ B (7, 5¢)
=c(ros)p P (L—p)™ ",  0<p <1

with the normalising constant ¢ (+,-), as defined in (5.12), as

I (re+s¢)
elrse) = I(re) I (se)
By considering the digamma function
I (z)

using the natural parameter 7, = log {Pt/(1-p,)} allows to write (5.11) as
p (e De—1) = c(re, s¢) exp {rem — s¢b (ne) }
West & Harrison (1997) states that we can write

Em|Di-1] = fr = v (re) — v (s¢)
Var [ Di—1] = g = 7' (re) = (s¢)
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Applying an approximation to the digamma function? such that

7 (z) = log ()
, 1
v (%) ~ 7

we can approximate moments of natural parameter prior by

E [n|Di—1] = fi
=7 (re) — v (st)
~ log () ~ o (s) = o ()

Var [n:|Dy—1] = q

=" (re) =7 (s1)
1 1
+

%

which we can rearranged resulting in

_ 1+ exp (ft)
at
1+ exp(—f)

§p = ————=,
qt

Tt

Having the values of r; and s; the p; posterior can be updated as

D (pe| D) ~ B (re + e, St + 1t — Ye) -

Using the same reasoning as for the prior, we get the following moments

E [n|Dy] = [
=y (re +ye) — v (st + e —y)
~ log (r¢ +yi) —log (s¢ +ns — y¢)

_ log{ e+ Yt }
St+ 1y — Yt
Var [1n¢|Dy] = qf

= (re + ) - (st +n¢ —y)
1 1

ety St t+ng— Y

~
~

4¢f. Appendix F.5
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1 + ecimeumsmmcuse s asen o sscmman e

0 50 100 150 200 0 50 100 150 200
t t
(a') Y1t (b) GO:t

Figure 5.1: Observations (left) and state estimation (right) for a M = {P (1)}
Binomial DLM with @ = {72, k} = {0.25,3} using CF. Dashed line represents the
model’s realisation true state, solid red line the filtering density mean and shaded
area the 90% CL

Example. Conjugate filtering for a M = {P (1)} BDLM.
Here we consider a M = {P (1)} BDLM with parameters & = {7% k} = {0.25,3},

where k is the number of trials/categories, corresponding to the formulation

Y¢|0¢, @ ~ Binom (1, 3)
nt\ﬁt = IOgitil (9,5)
0| P ~ N (0:-1,0.25).

The state prior used was 6y ~ N (1.5,10) and state estimation was performed using the
CF technique. The data for a realisation of this model and respective true and estimated

state can be viewed in Figure 5.1.

5.2.2 Poisson

For the PoDLM, as defined in Section 2.3.2, according to West et al. (1985), the mean
prior for p; will be

P (1| Di—1) ~ G (1, s¢)
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In this case the parameters of the conjugate prior, according to West et al. (1985), can be

written (and using the digamma approximation) as

E[nDi—1] = fi =~ (re) —log(s¢)
~ log(ry) —log (s¢)
Var [|Di—1] = @ =7 (r)
o 1
~

Rearranging we get in terms of f; and ¢;, we have

1
no= oo (5.15)
o = S2EAH) (5.16)
qt

The posterior update will be in the form

p(ut|Dy) ~ G (re + e, 8¢+ 1),

and posterior can the be calculated from

E[mDy) = ff
= v (re +ye) —log (s +1)
~ log(r: +y:) —log (st +1)
Var D] = ¢f

= Y (re+y)
1

Tt+yt‘

Q

Example. Conjugate filtering for a M = {P (1)} PoDLM.
Here we consider a M = {P (1)} PoDLM with parameters & = {r?} = {0.3}, corres-

ponding to the formulation

yt|‘9t> $é ~ Po (em)
m o= O
0B ~ N (6,,0.3).

The state prior used was 6y ~ N (2.9,10) and state estimation was performed using the

CF technique. The data for a realisation of this model and respective true and estimated
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Figure 5.2: Observations (left) and filtering density estimation mean (right) for a
M = {P (1)} PoDLM with & = {72} = {0.3} using CF. Dashed line represents the
model’s realisation true state, colour line the filtering density mean and shaded area
90% CI.

state can be viewed in Figure 5.2.

5.2.3 Normal

Although a moment approximation is not needed for the NDLM, since we have the ex-
act solution, for completeness the conjugate filtering derivation is also presented. The

conjugate prior of the natural parameter will be

EmDi-1] = fi

Tt

)

Var [ Di—1] = @
= 5;1

Rearranging in terms of r; and s; we have

_ N
Ty = —
qt

1

St = —.
qt

As the the forecast density will also be normal as we’ve seen in (4.9) we will have

r
ElylDia] = =

St
Var [y |Di—1] = V +s;L.
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The natural parameter posterior, since 17y = p, will have (and considering that ¢; =
V~1in the NDLM)

EnDy] = ff

Var [:|Di—1] = ¢

5.3 Forecasting

Considering again the DGLM using the canonical formulation of (2.5), we assume that at

time ¢, the starting point of the forecast, we have the posterior moments of the state vector
0t|Dt ~ [mt, Ct] .

Using the state forecast KF recursions as described in (4.14) and (4.15) we have write the

partially specified propagation density
01k Dr ~ [a; (k) , Ry (K)].

The predictive forecast moments for the signal A\;;x = F7 0, can be specified based on
the KF recursions in (4.16) and (4.17) such that

ANk De ~ [fe (k) ()],

with moments updated in the non-linear DGLM case as

fe(k) = Fla, (k)
Qt(k) = FTRt(k')F-
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As stated by West & Harrison (1997), assuming we have the conjugate prior for 7, x =
9 Y (M\i4r), we can define the k-step ahead observation forecast base on the formulation

already provided in (5.13) for the one-step ahead forecast, that is

pinlDy) = / P Wesrltes ks Do) p (| D) diges

* (Yevks Prak) ¢ (re (k) , 5t (K))
c(r¢ (k) + earlisks st (k) + dgn)’

where 7 (k) and s; (k) are evaluated from f; (k) and ¢ (k), the mean and variance of
9 (Me1k) | Dy, that is

fe(k) = El[g(m+r) Dt
@ (k) = E[g () |Di],

and the distribution of 7y, x|D; can now be calculated from the approximations in Sec-

tion 5.2 as we will see in the following section, along with some forecasting examples.

5.3.1 Poisson DLM

Using the previously calculated values r; and s; in for a PoODLM, respectively in (5.15) and
(5.16), that is

1
T = —
qt
_exp(=fi)
S¢ = — —,
qt

and defining r; (k) and s; (k) according to f; (k) and ¢ (k) the k-step ahead forecast dis-
tribution of ys1x|Dy is

Ty (kj) + yt+k -1 st (k‘) Tt(k) 1 Yt+k
P (Ye+k|Dr) = <1—i—st(k)> <1+8t(k‘)> ’
Yt+k

which is a negative binomial distribution. The forecast mean and variance can be calculated

using conditional expectations, i.e.

Yt (k) = Elyex|Di
= EIE [yerlMir] D]
Tt (k)
St (k)7
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0 50 100 150 200
t
(a) Oppyx for t =120,k = 80

Figure 5.3: State filtering density and k-step ahead forecast (left, dashed line rep-
resents “true” value from the realisation, colour line the filtering density mean and
shaded area the 90% CI) and observation (right, colour line represents forecast mean
and shaded area the 90% CI) k-step ahead forecasts for a M = {P (1)} NDLM using

the KF.

and

Var [ys41|Ds] = E[Var [yerr| M) |De) + Var [E [y x| Aigr] D]

re (k) [se (k) + 1]

(st (K))*

Example. State and observation forecast in a M = {P (1)} PoDLM.

150

100

50

(b) gt;t-‘-k fOI" t= 120, k=280

Here we present state and observation k-step ahead forecasts for a Ny, = 200 real-
isation of a M = {P (1)} PoDLM using the CF method. The parameter set used was
@ = {r%} = {0.05}. The state prior used was 6y ~ N (3.9,5). In Figure 5.3a we can see
the k-step ahead state forecast and in Figure 5.3b the k-step observation forecast, both for

k = 80 and starting from ¢ = 120.

Example. State and observation forecast in M = {P (1), F (75,1)} PoDLM.

Here we consider state and observation k-step ahead forecasts for a N5 = 200 realisa-
tion of a M = {P (1), F (75,1)} PoDLM using the CF method. The parameter set used

was

0.05
?={W} = 0

0
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(a) B0y p for t =75,k = 125
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(¢) O2pry for t = 75,k = 125
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(b) 0714y for t = 75,k = 125
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t

(d) Yt:t+k for t = 75, k=125

150 200

Figure 5.4: Observation (bottom right, colour line represents the forecast mean and
shaded area the 90% CI) and state (dashed line represents the “true” values from
the realisation, colour line the forecast mean and shaded area the 90% CI) k-step
ahead forecasts for a M = {P (1), F (75,1)} PoDLM using CF.

with a state prior

5 0 0
T

Op ~ N [3.900],050
00 5

In Figures 5.4a, 5.4b and 5.4c we can see the k-step ahead state forecast for each state

vector components and in Figure 5.4d the k-step ahead observation forecast, all of them

for k = 125 and starting from t = 75.

5.3.1.1 Binomial DLM

For the BDLM, given ¢, to calculate the k-step ahead forecast we start by assuming that

Pk D ~ B (re (k) , se (k) —re (k)
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The k-step ahead forecast distribution is then given by

I' (s (k))
P (Y4 De) T (1 (k) T (s¢ (k) — 7 (k) T (54 (k) + )
X nl b (e (k) + Yeare) I (st (k) = 74 (k) + 1k = Yok -
5\ gk

Using conditional expectation we have the forecast mean and variance as

ye (k) = E[yex|Di]
= EIE[ysirlpese] D1
et [re (k) + 1]
re (k) +s¢ (k) +1
Var [ye1x[Di] = E[Var [yeyr|pere] [Dd] + Var [E [yek[pess]]
nevg [re (k) +1] Nt [re (k) + 1] [re (k) + 2]
re (k) +s¢ (k) + 1 re (k) + st (k) + 1) (re (k) + s¢ (k) + 2)
7y e (k) + 1] s¢ (k)
(e (R) + 50 (6) + 1 (ro () £ 50 (R) + 2

_l’_

Example. State and observation forecast in M = {P (1)} BDLM.

Here we present state and observations k-step ahead forecasts for a N, = 200 realisa-

tion of a M = {P (1)} BDLM in the form

Y¢|ne, @ ~ Binom (n,2).
77t|0t = logit_l (Gt)
0110t—1,2 ~ N (6;-1,0.25),

using the CF method. The parameter set used was ¢ = {7'2} = {0.25}. The state prior
used was 6y ~ N (5,5). In Figure 5.5a we can see the k-step ahead state forecast and in
Figure 5.5b the k-step observation forecast, both for for £ = 100 and starting from ¢t = 100.

5.4 Summary

A summary for the natural parameter’s prior and posterior forms for the considered

DGLMs is presented in Table 5.1 along with prior and posterior moments approximation
in Table 5.2.
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(a) Op.esx for t =100, k = 100
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Figure 5.5: State (left, dashed line represents the “true” values from the realisation,
colour line the forecast mean and shaded area the 90%CI) and observation (right,
colour line represents the forecast mean and shaded area the 90% CI) k-step ahead
forecasts for a M = {P (1)} BDLM using the CF

DGLM Link Prior Posterior

Binomial log (ﬁtpt> B (7, st) B (re +yese + ye — nt)

Poisson log ¢ G (¢, 5¢) G(re +ye,5e +1)

— _ i
Normal Lt N (st si) N (T;;fot, st_;'_%/fl)
Table 5.1: Conjugate update for n;
DGLM T 5t It af
. . 1+exp(ft)  1+exp(—ft) T4y 1 1
Binomial qt qt log { St-ﬁfnt—tyt } Tyt St+ne—yt
Poisson % eXpl(Iit_ft) log (re + i) —log (s¢ + 1) 7%}‘7%
[ 1 rtV+y, \%4

Normal qf o VL SV

Table 5.2: Prior and posterior moment approximations for 7,
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Chapter 6
Importance Sampling

An additional method to perform online state estimation is Sequential Monte Carlo (SMC).
SMC is built on the principle of Importance Sampling (IS) which we will also detail in this
chapter.

In this context, we are interested in the estimation of p (8|D;), the state’s posterior
probability density! given the entirety of the data Dy = y1.+ = {y1,...,%:}. This can be

viewed as the calculation of the expectation
1=Elo(6) D] = [ 9(6)p (61D db, (6.1)

N,
where ¢ (-) is an arbitrary function. Assuming we could produce samples {0(’)} " dir-
i=1
ectly from the true posterior p (8|D;), an empirical (Monte Carlo) approximation of this

distribution would be N
R ,
~ 10
PO ~ 330 (6-09).
where 0 is the Dirac § function. In this case the expectation in (6.1) is
7 = [s@pein)do
1O
= — 10
/9(9)N2;5<0 0 )do
| N
= — (#)
= ; g (0 ) . (6.2)

However, according to Carpenter et al. (1999), one of the problems with the calculation

'The dependence of @ on t will be dropped temporarily for simplicity.
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Chapter 6. Importance Sampling

in (6.1) is that this distribution may be highly complex and with high dimensionality and
typically we cannot sample from it directly. In such cases we can employ a Monte Carlo
approximation by producing random samples {B(i)}]'vp from a importance density w (-),
having a larger support than p(-) (as illustrated in Fligure 6.1), from which we can easily
sample, such that

0" ~ 7 (8|D,), (6.3)

and hence N
7 (0D) ~ — ia (0 - 0“‘)) .
Np i=1

In this case the approximation to (6.1) would then be

2
—
N
=
SENES

In (6.4), the quantities
p (‘9 @) |Dt)
fori =1,... N, are usually called the unnormalised importance weights, which account for

the difference between the target distribution p(-) and the importance density 7 (). We

can further define the normalised importance weights according to the condition
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Chapter 6. Importance Sampling

Figure 6.1: Illustration of Importance Sampling with p (z) as the target and 7 (z)
as the scaled importance distribution. Circles indicate samples from = (-), with size
proportional to the weight.

In this case, the approximation in (6.4) could be written as

It is important to note that Zfi"l g (0(“) LS [ g(8)p(6|D;)dO when N, — oo.

Using IS methods we can then specify the approximation of (6.1) by a set of IV, samples

0% along with their corresponding normalised importance weights @@, that is, by

{e@,w(i)}Np . (6.5)

i=1

As noted in Tokdar & Kass (2010), if the variance of (6.1) exists, it can be calculated by
(using the result in (6.2))

Var[g] = Var

w2 (o)]

=1
— Var[y(0)

N
— [ la® ~Ela @6 db. (6.6)

The choice of importance proposal is therefore crucial to minimise the variance of the
Monte Carlo estimation. In Section 6.2 we will look at different importance proposals and

specifically the optimal importance density, which minimises the variance in (6.6).
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6.1 IS for filtering problems

In the previous section we have looked at how to estimate p (6|D;) using IS methods, how-
ever, in the context of this thesis, we are interested in applying the IS method to the se-
quential estimation of the state, that is p (69.¢|D;) as the observations Dy = {y1,y2,..., 9}
arrive. At this point we introduce the notation ©; to denote the sequence of state vectors

up until time ¢, that is

Oy ={00,61,...,0:}.

Basically we are now interested in the calculation of an expectation of the form of (6.1) for

g=E[0,/D/] = / 4(01)p(©1/D,) d. 6.7)

Considering that the full posterior for p (©:|D;) can be written, according to (3.2), as

p (@tv Dt)

p(Oi|Dy) = W?

taking p (D) as a normalisation constant, allows us to write
p(6¢|Dy) x p (64, Dy)

Taking into account the Markovian properties of the DGLM as detailed in Section 2.1, we

can decompose the above posterior as in (3.8), that is

(01, Dy) =p(Or—1,Dt-1) p(y:|0:) p(0¢]0:-1).
—_——— — —

measurement system

With this factorisation, and taking into account

p(Dy) = / p(61,Dy) d6,,

we can then rewrite the IS sampling expression in (6.7) as

g = /Q(Qt)P(Qt\Dt)d@t

B P (04, Dy)
B /g(@t) p (D) 101

[ 9(61)p (61, Dy) dO;
fp (64, Dy) dO; '
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If we now assume an importance density, m(-), such that we can sample the state vector
sequence, that is QIEZ) = {082), Ogl), . ,01@} , given the data such as

6 ~ 1 (0Dy), i=1,...,N,

we could then can apply the IS method of the previous section to the estimation of (6.7):

_ J 9(61)p(61, D) dO;

7 = [ p(6:, D) dO;
©,|D ©,|D -1
= [o@mr e[ ey
B p (64, Dt) /p(9t7Dt) -
= /g (@t) . (@t|Dt> T (8t|Dt) d@t . (@t"Dt) s (@t|Dt) d@t
p (6, Dy) p (@, DY
= E E
v X 1 E ey
WO 17!
—_——~
Ny @(l) D Np 9() D
_1Z<@()>p t 1 p\E; ", Ly
Ny = (612) | Mo S 7 (0 1m1)
—_——
i wi
~£z)
. . —_—
NL vaz"l g (@t(l)) wt(l) Np @ W
= =m0 :Zg(@z) N,
N, Zi:l Wy i=1 Zi—1 Wy
= ngl)g <9§Z)) .
i=1

This result draws, as expected, parallels with the IS result in the previous section, and as

such we establish the approximation of (6.7) as
p(O:ID:) = p(O4]Dy) = Y w6 (0, — 6"}, (6.8)
with new normalised importance weights

i (@)
B N C ) '
i=1 Wt T\ ‘ t
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and with the approximation set updated, as a new observation y; arrives, as
@ O e fo6)  6)
{Qtfl’wtfl}iﬂ - {@t e }

The main problem with the above approach, is that for each new data point 1, the
entire trajectory @,_; would need to be recalculated using IS. Also, even if it were possible
to calculate the importance weights directly, this is not suitable for the requirements of se-
quential online estimation. As ¢ evolves the computational burden would make it infeasible

to approximate p (6;|Dy).

A solution is to decompose the proposal density 7 (6| D;) in a recursive way, such that
s (@t|Dt) =T (@tfl‘ptfl) m (0t|@tflapt) . (610)

We can easily see that, by iteration, we have

t
7 (64| Dy) = 7 (8o) H (8:/Ok_1,Dy) .

By replacing the weights (6.9) with this factorisation we have

PRICED

™ (60¢|Dy)
r(6.2)

(9( )’8t 1’ ) T (Qgi)lmt—l) .

Furthermore, using the Markovian factorisation of p (6, D;) in (3.8), we can finally write
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the weights (6.9) in a recursive manner such that
7 (071612, D) = (6111 )

p(62,.01) p (ulol") p (6f7)612,)

wf?

= o <0§i)|@£i)hpt> - (Qﬁ)ﬂpt—l) (6.11)
_p (%\0&‘)) P (09\0@1) p (9917 Dt—l)
R (6102, 2) 7 (0P s)
~—_——
wii)l
_ plwie)p (o0 o 6.12)

™ (0§i) |(9£i_)1, Dt>

This recursive formulation of the weights and importance density is crucial to enable
online Bayesian filtering applying IS methods. We note, that although this method allows
for an estimation of p (0| D;) as discussed in Chapter 3, it does not rely on the predict-
update steps, but rather on a numerical approximation of the state posterior given the
data.

Another important property of Bayesian filtering using IS methods follows from the
fact (Pitt et al. (2012)) that we can also approximate the marginal likelihood

t

p(Di|60x) = p (1) [ | p (s Dr-1)
k=2

by using the unnormalised importance weights and calculating

t Np
~ . 1 i
Ly = p (Dy|00) = H ﬁzw;ﬁ)
k=1 P p=1

It is shown in Crisan & Doucet (2002), however, that the variance will increase linearly

over time.

This is a crucial result that will be used in Chapters 15 (SMC?) and 13 (PMCMC).
A direct application of this method to sequential state estimation is known as Sequential
Importance Sampling (SIS, Kong et al. (1994)), which will be analysed in more detail, along

with its inherent problems, in the next chapter.
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Figure 6.2: Illustration of Importance Sampling with p (z) as the target and = (x)
as the importance distributions in the case where the target is highly peaked in
comparison with the importance density. Circles indicate samples from = (-), with
size proportional to the weight.

6.2 Proposals

The choice of proposal is critical for the performance of these methods. As an example, if
the target is highly peaked in comparison to the importance density, a large proportion of

the samples will have very low importance weight, as illustrated in Figure 6.2.

One of the advantages of SMC methods is that, in general, they provide a framework
for state estimation which is independent of tasks such as the importance density design.
This allows for the creation of a variety of algorithms, each tailored to the specific problem

at hand. In the following sub-sections we will look at common proposal methods.

6.2.1 Optimal importance density

As we've seen in this section we are free to chose any importance density as long as it
has a larger support than p (0;|6o..—1, D;) and it can factorised in a recursive fashion such
as in (3.8). However, although the convergence of the IS algorithm will be guaranteed
for N, — oo (Crisan & Doucet (2002)), in practice, ideally, we would want to choose
an importance density which minimises the variance of the importance weights with a
finite N,. This importance density is commonly known as the optimal importance density.
According to Doucet et al. (2001b), this density is

P (0|00.4—1,D;) = 7 (04]01—1, Y1), (6.13)
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which is shown in Doucet et al. (2001b) to minimise Var [wgi)|w§i_)1, Gf_)l] To verify this,

we can write the weights’ variance as

. . A N2 : 2
Var {w§’)\w§?l,0§?l} = / (wEZ)) p(0:|00:t—1,yt) dO; — </ wiz)p (0:160.1—1,y1) d9t> .

Using the relation in (6.12), we can rewrite as

(4) (4)
Var [wt(i)|wt(i)179§?1} = / (p <Z:(0; |2(]j) (915531) wt(i)l) P (0:|00:t—1,yt) Oy
tiY%0:t—1> 9t

- (/ wf)p (0t90:t—1ayt)d0t>2
_ /(@”1)2 (p (ytwgi))p@t'egi—)l))zda

p <9t|9(()2—1a Z/t)

. 2
- </ wgl)p (9t90:t—1,yt)d0t) .

By substituting (6.13) in the above and simplifying, we get

t

Var w(i)\w(i) e ] _ (w(i) )2 —/ (P(yt|9t)]’<0t\9§i)1>>2d0 . (p (y |0(i) >)2
¢ w1, 047 t—1 - <9t‘9§i_)17yt) t t10: 21

= (wl2)" o (w162) [0 (sns0u6(2.) dou— (i (wlef2,))’

p(ytleii,)l)

(o (o092 (s (02

If we take into account the recursive weight calculation of (6.12), and denote the optimal

importance density as in (6.13), 7* (0;|6;,—1,D;), we see that
(i) (1)1 9 (@)
wy) _ p(ytwt ‘>p‘(0t ‘et—l)
™ (Gﬁl)lt‘?éﬂ_p Dt)
p (9?), yt|07gl—)1>

_ (i)
p(001000 )
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Since p (09, yt|91(:i_)1> can be decomposed as

p (0?, yt|07§i_)1> =p (9?)\0&, yt> p (yt!t‘),ﬁi_)l) :

the above weight can be further simplified into

w(i) B (01(5 »?Jt|9t)1)

t (0(Z |0t Y t)

(0(1 |0t 1ayt) (?tht 1) e
( l)‘et 17yt> e

=p (yt\Hf_l) w?,. (6.14)

Since the weights at time t, wgi) are independent of 0,@, given BEi_)l,their variance will
be

Var [w?)wy_)l, yt} =0.

However, it will be often the case where this density is not analytically available for
sampling, except in a few cases. One such case is the NDLM, where the KF recursions can
be employed for sampling for the importance density. In this case, the filter is said to be
fully adapted.

If we consider a NDLM as formulated in Section 2.3.1 we will have the optimal import-
ance density in the form
0.0, 1,y ~ N (04, Cy)

with

ét = (I - KtFT) Ot_l + Ktyt
G = I-KFHw

and
— WFT (FWFT + V).

That is, when using the optimal importance density, the weights will be proportional to
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the predictive likelihood as described in (4.9). In the case of the NDLM, they will be

yt\et—l ~ N(yt;ft,Qt)
fi = F'Go_,
Q = FIWF+V

A particle filter is said to be exact if i.i.d. samples can be drawn from the empirical
filtering density, however as stated in Pitt & Shephard (1999), due to the discrete ap-
proximation to p (8¢|D;_1), even fully adapted PFs might not produce i.i.d. samples from
p (0:|Dy).

6.2.2 Prior

Although in general cases we cannot sample directly from (3.14), we can however create
an alternative density from which it easy to sample, 7 (-), as in (6.3).
As we have seen in Section 6.2.1, the importance density should be chosen as to minimise

Var || According to Doucet et al. (2000) a common choice for 7 () is the prior itself,
t

which in the DGLM case is given by (2.3):

7 (04100:4-1,D1) ~ p(0,0,-1) "EN N (0,:GO,_1,W,). (6.15)

Using this importance density has two advantages. First, the fact that it is easy to
sample from it. Second, using this importance density the importance weights calculation

will simplify to being proportional to the likelihood. We can see from (6.12) that
o) ()
Weo % W (D) 1)
T <0t |00:t—17Dt)
o) o2
> Wi ()90
p (0t |0t—1)

o fwgi_)lp (yt\of)) .

Using the prior as an importance density presents some problems however. We are now
not taking into account the current observation y; when sampling. This is the reason why
this proposal is called often a blind proposal in the literature. Sampling from the prior is
one of the building blocks for one of the most well-known filtering algorithms, the bootstrap

filter, which we will explore in more detail in Section 7.4 on page 91.
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The convergence of this method is guaranteed by the central limit theorem and the
error term is O (N_l/z) regardless of the dimensionality of 8 (Liu (2002)).

6.2.3 Local Linearisation

An importance density for DGLMs can be obtained by local linearisation of the optimal
importance density as detailed in Doucet et al. (2000). Doucet et al. (2000) starts by
assuming that the optimal importance density is twice differentiable with regard to 8; and

that we have the relation
¢ (et) £ log p (et\et—h yt) .

We start by defining the gradient and hessian, respectively, as

-62(0t)-
001
0¢(8,) .
o) ] (6.16)
90; |g,—g
00(6y)
| 00t |
[ o200 ooy |
) 89?11 e 89t,189t,n
0°L (0
0000, 19, _¢
_020(8,) 2U8:)
_agt,nagt,l e ag%,n -

Recalling that for a second order Taylor expansion, we have
T Lo To2
f(x—0x)=f(x)+Vf(x) 5x+§5x Vof(x)ox+...
it follows that for ¢ (6;), performing the expansion in 6, we will have
1
0(8,) ~£(0)+VeE(0) (8, —0) + 5 (0 — 0)" V20 (0) (6, —0).
Doucet et al. (2000) notes that by setting

(@) = —vi(e) !
m(9) = X(0)VL(h),

we get the following result
1 _
0(61) ~ K — 5 (6 —0-m ()" 271 (0) (6, —6—-m(9)).

7



Chapter 6. Importance Sampling

According to Doucet et al. (2000) this leads to the locally linearised importance density as
T (04[0:-1,y1) = N (0;m (0) + 6,2 (0)).

For the specific case of the DGLM, we use the canonical form in (2.5)

n Np(ytmt) _ exp{z(yt)ané¢_t)b (77t) + C(yt7¢t)}

0; = GO + wy, wi ~ N (0,W)
and the log-likelihood can then be written as

€(6¢) = logp (y:|6:) + logp (0¢6;-1) +K
Normal state transition model
=a ()2 () FT O, — b (FTet) +c(yt, ot)
log p(ys|n:)

(0, —GO,_1)" W (6, — GO,_) +K.

1
2

log p(0¢]0;: 1)

We can now calculate (6.16) and (6.17):

o))

0 (0;)
00, 0,—0

d(a " (¢r) 2 (yr) FTO, — b (FT'6,) + ¢ (ye, o))
00,

Ve (0) =

0:=6
10(0:—GO;_1)" W™ (8; — GO;_1)
2 00,

0:=6
=2 (y) F*' — Vb (FT6,) — W' (6 - G8,)

and

020 (6y)
00,007
9%b (1) _
06,00 |4, _g

= —V%(n) -W

V2 (0) =

6.=0

-1

Since the form of b(-) is well known from Section 2.3, the gradient and hessian can be

calculated.

78



Chapter 6. Importance Sampling

6.2.4 Conjugate filtering

Another possibility in terms of proposal densities that might be useful especially in the
case of non-linear DGLMs is to use the moment approximations of the conjugate filter as
detailed in Chapter 5.

As we have seen in Algorithm 5.1 on page 52, given an approximation of the moments
at time ¢ — 1, such that
0:-1|Dr—1 ~ [my_1,Cq],

it is possible to apply the CF recursions to approximate the moments at time ¢, that is
0Dy ~ [mt, Ct] )

where the moments can be updated (as described in detail in Section 5) by

m; = a; + RtF(ft - ft)
qt
. 1
C, =R — RF <1 - ‘“) —FTR,.
qt /) 4t

By using a multivariate normal proposal with the approximated moments at time ¢, such
that
7 (0¢]00:¢—1,Dy) %/\/‘(mmctmt)

any discrepancy introduced by the fact the we are using a linear approximation to a non-
linear importance density can be corrected by the importance sampling weights. Namely,

given that the importance weights are calculated according to (6.12), that is

Lo o) p(07e%) |

@)
NG

1

we can now simply replace with the known values for the DGLM case, that is

@ p <yt‘9§i)> N (egi)‘Got—hW) @)
w,’ = N (agi)‘mt’ct) W,y (6.18)

The likelihood, p (yﬂ@@) and quantities q, ¢7, ft, fi will clearly depend on the class
of linear DGLM chosen as detailed in Chapter (5). In Section 7.4 on page 91 we will look

at examples of particle filters making use of this specific proposal distribution.
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6.2.5 Extended Kalman Filter

As discussed in Section 4.2, the adjusted model of Fahrmeir (1992) allows us to approximate
the non-linear DGLM to a linear adjusted model. This allows the approximation of the

filtering density with a Gaussian density such that
P (0t|Dt) ~ N (mt, Ct) .

As in the previous section, this approximation can be used to construct a proposal density
such that
7 (0¢]00:t—1, D) =~ N (my, C4|Dy) .

The recursions of 4.2 (namely in Algorithm 4.3) can be used to update the moments

(conditioned on 0;_1) and the importance weights calculated using

p (w@“) N (9§i)\G9t_1, W)

(i) _
N N (0 m, ct>

Wy

w?,. (6.19)

One of the potential advantages of this proposal density (such as the proposal in Sec-

tion 6.2.4) is the fact that the observation is included in the proposal construction.

Although, for computational reasons, we have not considered an iterative process to
approximate the mode of the linearised density, any potential mismatch would in theory
be corrected by the importance weights in (6.19). With the EKF and CF proposals in
(6.19) and (6.18) the defined transition density function was the Normal distribution. An
alternative would be to use a multivariate Student-t (MVt) with v degrees of freedom
since, for instance, the heavier tails could potentially alleviate the Normal distribution’s
sensitivity to outliers. The MVt degrees of freedom would need, however, to be carefully
chosen. Using a low value (such as a Cauchy distribution, in the v = 1 case) might over-
disperse the particles and move them to regions far from the true posterior mean, especially
in high dimensional models (Cappé et al. (2006)). Given that both of these proposals (CF
and EKF) try to perform adaptation, by incorporating the current observation in the state
update, we have used the Normal version of the proposal density in the examples and case

studies.

6.2.6 Other proposals

The study of importance densities for IS in SSMs is an active area with a wealth of
choice of methods each with its advantages for a specific domain. Proposals based on the
Unscented Kalman Filter (UKF, Julier & Uhlmann (1997)) which results suggest provides
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a better approximation than the EKF in the presence of strong non-linearities. This forms
the basis of the Unscented Particle Filter (UPF, Van Der Merwe et al. (2001)). Other
importance densities include Laplace approximations (Moulines (2004)) and the Split-
Gaussian proposals (Kokkala & Sarkka (2015)) among others.
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Sequential Monte Carlo

7.1 Sequential Importance Sampling

The simplest implementation of the IS methods described in Section 6.1 to perform state es-
timation is the Sequential Importance Sampling (SIS) algorithm (presented in Algorithm 7.1)
introduced in Kong et al. (1994). SIS is a straight-forward implementation of the IS method
for Bayesian filtering in Section 6.1, aiming at building an approximation of p (6¢|D;) se-
quentially, starting from a state prior in the form of (2.4).

In the specific instance of DGLMs, an appropriate implementation of the importance

density can be chosen. For instance, in the case of using the prior as = (-), Algorithm 7.1

can be implemented by adding the intermediate step of calculating
=g (A7)

with )\gi) =F Teg") and using the appropriate likelihood, p (Z/t‘”éi)) according the DGLM
(4)

instance (Poisson, Binomial, etc.) for calculation of the unnormalised weights w; .

Example. SIS applied to a M = {P (1)} NDLM.
We consider a M = {P (1)} NDLM with 72 = 0.3 and v? = 4.3 and apply the SIS

method with N, = 500. The importance density chosen was the prior itself, as described in
Section 6.2.2, that is Otmt(l_)l ~N (9151_)1, 7'2>. The time evolution of the weights represented
in Figure 7.1a on page 84 and the individual state particle trajectories are represented in

Figure 7.1b on page 84.
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Algorithm 7.1 Sequential Importance Sampling (SIS)

: N,
initialisation Given mg, Cy, 8y’ ~ N (myg, Cy) and { ()} ? = N%, )
i=1

for t <+ 1 to Ny

for i<~ 1to N,

sample 6\" ~ 7 (6,60, 1,D;)

calculate unnormalised importance weights

W_, 07 (yt|0(i)) <0(i)|0§?1>

Wy~ = Wy~ ( l)th 1,Dt>

normalise the importance weights

compute state estimate

p(0:Dy) = Zwt ( ))

7.1.1 Weight degeneracy

One of the main problems with IS methods, particularly evident in the SIS filter, which
makes it unsuitable for most real world applications, is that after a few iterations almost all
weights will tend to zero. This is commonly known in the literature as weight degeneracy.
As we can see from Figure 7 la on the next page, although all the weights have at ¢ =

0 a uniform value of {w(z)} = 1/N,, most of the weights quickly become negligible,

indicating that only a few pzirtllcles are effectively contributing to the posterior estimate
of p(0¢|Dy). This is due to the fact that as ¢ evolves the variance of the weights will
increase and will eventually lead to a collapse of the marginal posterior p (0;|D;). If we
consider and importance density of the form of (6.10), the increase of the weight variance

is inevitable (Kong et al. (1994)).

We can see this effect by taking into account the example model on the facing page

and comparing the marginals at time ¢t = 2 and ¢ = 10 in Figures 7.2a and 7.2b.

Although one of the strategies to mitigate this degeneracy, the optimal choice of im-
portance density, was covered in Section 6.2, other methods are available, such as particle

resampling, which will be discussed in Section 7.3. Another possibility to reduce the
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Figure 7.1: Importance weights (left, log scale) and state for individual particles
. NN,
(right, realisation’s "true" state in black), {99,11}9} " for t = 1,..., Ny from
i=1
a SIS filter for a M = {P (1)} NDLM with N, = 200 and N, = 500 using
p (0|6;—1,P) as the importance density.
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SN,
Figure 7.2: States for individual particles, {Qt(l)}‘ ) at t = 2 (left) and ¢t = 10

(right) from a SIS filter for a M = {P (1)} NDLM with Nops = 200 and N, = 500
using p (6|6;—1,P) as the importance density.

weights’ degeneracy relies on “brute force”. Since we’ve seen in Section 6 the approxima-
tion will tend to the true posterior as N, — oo, then, an increase in the number of particles
will temporarily delay the degeneracy problem. However, this is an obvious issue in compu-
tational terms, especially when considering real-time estimations. Although (for the same
model and data), SMC methods will usually display a O (N,) behaviour!, a compromise
must be achieved between the number of particles and time constraints (as we will examine
in Section 16.1).

'In a naive implementation, not considering factors such as parallelisation.
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7.2 Effective Sample Size

A common way of quantifying weight degeneracy, as described in Kong et al. (1994); Liu
(1996a), is to estimate the Effective Sample Size (ESS) at each time step.

If we consider the proposal, 7 (-) and the target distribution p (+), and grs and gasc as
approximations of (6.1) but using IS and sampling from the true posterior, respectively,

we can define an efficiency ratio as

(. p) = Var [gr5| D]
TP Var [gare Dy

According to Liu & Chen (1998); Kong et al. (1994); Liu (1996a), the ESS can then be

written as

ESS = Ny
Tt (W,p)

with the desired property that when degeneracy increases, the variance of the IS estimate,
Var [grs|D;], will also increase, resulting in a lower ESS. One of the main problems with
this definition is that the ESS cannot be calculated directly and as such must be estimated.

However, according? to Liu (1996b) we can approximate

Var [grs|Dy] _ Var [wf[Dy] + 1
Var [g|Dy] Np ’

where w* are the “true” importance weights, which are still not available for direct calcu-

lation. Nonetheless, the ESS can now be written as

Np
Ui (W,p)
_ N [Var [915|D4] }_1
= N, |2
Var [grc| D]
Var [grs[Dy] ]
" Var[g|D]
Var [w}|Dy] + 177"
Np
Np
Var [wf|Dy] +1°

ESS =

If we take the additional approximation that

Vary [w;|Dy] + 1 ~ E, [w,’fQ]Dt]

2For a full derivation, cf. Liu (1996b).
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Figure 7.3: ESS for SIS in a M = {P (1)} NDLM with N, = 200 and N, = 500.

and, by establishing a parallel between (6.2) and (6.4),
*(i)

70
Npyw;” = w, ",

we can then write an estimate for the ESS as

& (mal)
1

= (7.1)
Ny ([ ~()\?

2 i1 (wt(z)>

From the ESS expression in (7.1) it is clear that it will take values between the ex-
tremes ESS = N,, which can be interpreted as all N, particles contributing equally to
the density estimation, and ESS = 1, interpreted as a single particle contributing to the
density estimation. Using this definition of ESS, we can then express it as a ratio of the
total number of particles (e.g. half the particles contributing to the estimation would be
equivalent to ESS = N,/2).

Applying the ESS calculation to the SIS estimation in the example on page 82, we get
the result in Figure 7.3.

From Figure 7.3, we can clearly see that the ESS starts from a value of N,, as we
have all particles initially with an uniform weight of 1/N,, decaying (exponentially) to the
value of ESS = 1, interpreted as a single particle contributing to the estimation. Another
related quantity is the Effective Factor (EF) measure which is the ESS normalised with
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regard to the total number of particles, that is

TF - ESS.
NP

7.3 Resampling methods

One of the main methods to deal with the problem of weight degeneracy is resampling,
first introduced in the context of SMC in the seminal Gordon et al. (1993) paper.

As the name resampling suggests, the IS sampled particle set will be subject to another
sampling stage, this time where particles will be selected proportionally to his weights. This
step aims at selecting particles in such a way that minimises the weight variation by keeping
particles concentrated around regions of higher likelihood. One of the consequences, in
terms of expressing the state approximation, is that this allows us to remove the explicit
dependency of the marginal state IS approximation of p (6|D;) in (6.8) from a weighted
to an unweighted approximation (Hol et al. (2006)) such that

Np i . Np
> 76 (601 — 6)) — ]\17]? > 0®5 (60 - 6(7). (7.2)
=1 k=1

where D) is the number of offspring of particle 9(()];) after resampling. Intuitively, it

can be noted that a particle k& with no replications (D*) = 0) will be removed from the
approximation. If we consider the IS approximation, in the form of (6.7), with and without
resampling respectively as grsr and grgs, Douc et al. (2005) proves that the asymptotic
convergence properties of the approximation when N, — oo are maintained when

Np—ro0

E (§IS—§ISR)2] — 0.

Regarding the implementation of the resampling mechanism, although this an area of
extensive research with many algorithms available, we will focus on the most common in
the literature, namely Multinomial, Systematic and Stratified resampling. These three

methods share the following characteristics:

» Unbiasedness
Considering the definition in (7.2) unbiasedness means that despite resampling, the
mean of the p (60¢|D;) is maintained (Douc et al. (2005)), such that

E [D(ﬂ = N, (7.3)
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That is, after resampling, the duplication of Bgi) is expected to be prgi). This par-
ticular characteristic will play a crucial role in guaranteeing the unbiasedness of the
state estimation itself which is one of the fundamental criteria in methods analysed

in subsequent sections.

» Linear time
The considered algorithms will have a computational cost proportional to the number

of particles N, that is they will operate in O (Np).

» Constant particle number
All of the considered resampling algorithms maintain the number of particles after
resampling. The discrete approximation of p (6;|D;) will be obtained from the same

number of samples, N,, as prior to resampling.

Resampling can be sequentially applied, at each time step ¢, and will form the basis of the
Sequential Importance Resampling (SIR) algorithm, which will be detailed in Section 7.4.
An important consequence of the resampling step, as we can see from (7.2), is that the

Y
new, resampled particles will now have uniform weights of {ﬁ)ﬁz)}' "o /Np. Given
7

(4)

. N,
the discrete approximation set at time t as {01(52),11715 } " we can then define a generic
i=1

resampling distribution R () such that the new resampled particle indices will be

k~TR <z ={1,.... N}, 5l = {@1)7”_7@%)}) . (7.4)

The new discrete approximation set will then be

)
L NP k=1

An important issue is when to perform resampling. Two strategies are available, as

described in Doucet et al. (2001a), namely static and dynamic checkpoints.

For static checkpoints, we perform resampling at every n > 0 time steps whereas for
dynamic checkpoints, we calculate the ESS , as defined in Section 7.2, at every step, as
a measure of degeneracy and if it is below a certain pre-defined threshold, which we will
call Noyy then we perform resampling. Although the choice of N.¢r will left open and
dependent on the case at hand, a common value is ESS < Nepp = Np/2.

Although numerous resampling algorithms (including parallel implementations, such
as in Murray et al. (2016)) are available in the literature and this constitutes an active
research field, we will focus in this thesis, and the following sections, on the most prevalent,

all within the constraints stated above.
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7.3.1 Multinomial resampling

Multinomial resampling is possibly the most common method employed in the literature.
This method samples from the categorical distribution C = {1,2,..., N,,} where the prob-
ability of selecting a particle ¢ is p(k =1) = @ . We can then iteratively generate a
random uniform number

ukNu(O71)7

and defining the cumulative sum of the weights as

Qi = Z th)
s=1

we assign k as
k=inf{i:Q; > up}

Multinomial resampling is not the most efficient resampling algorithm (as shown in Car-
penter et al. (1999)) with a computational complexity of O (N,logN,). However, as
demonstrated in Carpenter et al. (1999), it is possible to implement it in O (IN,) oper-
ations. This implementation, usually called the inverse CDF method (Douc et al. (2005)),

consists in generating IV, ordered random numbers as

U = Upy1 A/ Uk, ap ~UI0,1)

UNP = Nf/ aNp7

and calculate the new indices based on the generalised inverse of the CDF, that is, F~!(uy).
Multinomial resampling corresponds naturally with the Multinomial distribution where we

have the new particle indices k sampled from

7.3.2 Systematic resampling

Another resampling method, known as Systematic resampling, as presented in Carpenter
et al. (1999) builds on the Multinomial resampling procedure in the previous section. In
this case however, instead of sampling directly ug ~ U (0,1) a single random uniform is

drawn u ~ U (0,1) and the intermediate values

(k—1)+u

p

U —
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are constructed. In effect this is equivalent to partitioning the the random variable u do-
main, (0,1), into k equally spaced partitions {u + Nip}Nj and distributing the ordered
weights according to these partitions with the number of weights per partition being coun-
ted. The index assignment is then the same as in the Multinomial case. According to Car-

penter et al. (1999), Systematic resampling runs in O (N,) time.

7.3.3 Stratified resampling

Stratified resampling, as presented in Press & Farrar (2012), bears similarities with Sys-
tematic resampling. In this case, the intermediate quantity uj is calculated by drawing
from a random uniform for each k such that

(k—1) 4 ug

wp= e~ U(0,1),
p

We can see the similarities with Systematic resampling in partitioning the v domain
and as in the Systematic method, the index assignment is then the same as in the Multi-
nomial case. The objective of the uneven partitioning is to achieve a more uniform weight
distribution across partitions. In Douc et al. (2005) it is shown that the conditional vari-

ance of both systematic and stratified resampling is, in theory, always smaller than that

of Multinomial resampling.

1.00 1.00
Resampler s Resampler
Multinomial __—" Multinomial
Systematic = Systematic
0.75 Stratified 0.75 Stratified
£
0.50 2 050
£
>
o
0.25 0.25
0.00 ‘ ‘ ‘ ‘ 0.001 ‘ ‘ ‘ ‘
0 25 50 75 100 0 25 50 75 100
k k
(a) (b)

Figure 7.4: Indices k cumulative distribution function (left) from resampling n = 100
samples from U (0,1) with different resamplers (dashed line is identity line) and
resulting cumulative sum of normalised weights (right)

Regarding the mean computational cost of these methods, we can see in Figure 7.5 the
linear O (N}) behaviour for 500 runs on resampling /N items with weights distributed from
U (0,1). If we consider N = 100 random weights sampled from a uniform distribution,
such that

w ~U(0,1), i1=1,---,N,
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Figure 7.5: Mean computational time for a resample using Multinomial, Systematic
and Stratified resampling for N, samples from ¢ (0,1) (starting at N, = 10).

and normalise the weights according to

~ Wy .
W = ——, t1=1,...,N.

N
> im1 Wk
Then, by applying the various resampling methods, we would expect to see a uniform

distribution of selected indices, according to (7.4). This result is presented in Figure 7.4.

These stratified and systematic results are in accordance with Douc et al. (2005), which
states that stratified and systematic resampling methods yield comparable results. In the
"real world" case studies in Part V we will however use mainly stratified resampling due
to the combination of lower computational cost (compared to multinomial) and the fact

that a central limit theorem has been established.

7.4 Sequential Importance Resampling

Sequential Importance Resampling (SIR) methods, introduced by Gordon et al. (1993)
and Kitagawa (1996), employ resampling methods as described in Section 7.3, to try to
delay the degeneracy problem.

The SIR algorithm (detailed in Algorithm 7.2) aims at calculating a discrete approx-
imation of the state posterior, provided with known model parameters. An estimate of the
state, along with the weight evolution, for the same model as used for example on page 82
is displayed in Figure 7.6. In this example, the resample step was applied using a static
threshold with n = 1 (that is, resampling at every step ¢) with a Multinomial resampler
and using the prior, p (0;|6,—1) as the importance density. The difference between the SIS
and SIR in terms of weight degeneracy is clear when we compare the ESS estimate for

both filters represented in Figures 7.3 on page 86 and 7.7 on the following page.

This particular implementation (sample-resample, with the prior as the importance
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Figure 7.6: Weights (log scale) and states for individual particles, {01‘@, wgl)} " for
i=1
t=1,...,Nus from a SIR filter for a M = {P (1)} NDLM with N,s = 200 and
N, = 500.
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Figure 7.7: ESS for SIR in a M = {P (1)} NDLM with N, = 200 and N, = 500.

density) is the original version of the SIR filter as presented by Gordon et al. (1993)
and is usually called the bootstrap filter in the literature, constituting one of the most
prevalent methods for state estimation in state-space models, mainly due to its simplicity

and straightforward implementation.

Example. SIR state estimation for a M = {P (1)} NDLM.

Although an analytical solution, the KF, exists for a M = {P (1)} NDLM, to illustrate
the working of the SIR filter we will implement two different variants: a SIR using the
state’s prior as proposal (usually called in the literature the Bootstrap filter, BF) and using
the KF recursions as an optimal proposal (also known as a fully adapted SIR or SIR-FA).

Considering the model’s full specification of Section 2.3.1, we have, for the BF, the

following proposal:

T (0¢|0i—1,9¢) = p(0e|0i-1)
= N(et;9t71a7—2)-
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Regarding the importance weights we will have

wy X Wg—1p (ytlé’t)

= waN (yi; 01, 0%) .

For the SIR-FA we can use the result in Section 6.2.1 and simplify for the P (1) case, that

1S

K=7*(r*+ 02)_1

and for the optimal proposal density we will have

7 (04|01, yt) = (04|01, y¢)
:/\/(Gt;(l - K)0_1 4+ Ky, (1 —K)TQ)

2 2 2
T T Yt T 2
<t < 72+02> t 1+T2+U2 ( 72+02>T>

As for the importance weights, and according to (6.14), we have

wy o< wi—1p (Ye|Oi—1)

= wiN (301, 7° + 7).

For this example we used a NDLM model with a parameter set & = {7‘2,1/2} =
{0.3,4.3}. The resampling method used was Multinomial resampling with static checkpoint
n = 1 (resampling at every time step). We can see the state estimation for each filter,
along with the true state, for a N5 = 200 realisation of this model in Figure 7.8a and the
respective ESS in Figure 7.8b. For this particular example, the mean ESS for SIR and
SIR-FA was respectively 8340.6 and 8658.1. The M SFE for the state estimation, calculated

using
Nobs
—\2
0, —0,)°,
Nobs tZ:; ( ! t)

MSEy =

where 6, is the “true” state from the realisation and 6; is the mean state value from the
filter’s estimation, was respectively, for SIR and SIR-FA, 1.268 and 1.266.

Example. SIR state estimation for a Poisson DLM

For this example we will compare the state estimation for a M = {P (1), F (200,1)}
Poisson DLM with the SIR filter using the prior (bootstrap filter, BS) and the CF (SIR-CF)
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Figure 7.8: Posterior state estimation (left, colour line represents the posterior mean
and shaded area the 90% equitailed credibility interval) and ESS (right) for ¢ =
1,..., Nops from a SIR/SIR-FA filter for a M = {P (1)} NDLM with N,s = 200,
N, = 10000 and & = {72,?} = {0.3,4.3}.
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as proposal densities. The model can be written in the form

t

Figure 7.9: Observations for a realisation of a M = {P (1), F (200,1)} Poisson

DLM with Nyps = 1000 (log scale)

yt|0¢, P ~ Po (1)

N = exp {FTOt}
0t|0t—17¢ ~ N(GBt_l,W) .

The observation and state matrices will be respectively

with p = 100. We can see in Figure 7.9 a realisation of N, = 1000 observations for this

T
F:[110], G
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MSE time
Filter
01 0o 03 total (s) iteration (ms)
BS 0.6441 1.0543 1.7485 1.093 1.09
SIR-CF  0.4580 0.5963 1.0734  3.115 3.11

Table 7.1: State posterior mean estimation MSE and computational times (total and per time
step) for the BS and SIR-CF filters.

model. The SIR filter was used to perform state estimation using the prior, p (0:60;-1),
and the CF proposal (as described in Section 6.2.4). The estimation results for each
state component are represented in Figure 7.10 on page 103. The execution times for
the BS and SIR-CF were respectively 1.093 and 3.115 seconds in total (1.09 and 3.11
milliseconds per iteration). The MSE of each implementation, calculated relatively to
the “true” state of model’s realisation can be seen in Table 7.1. From this table we can
see that, in this simulation, SIR-CF achieves a higher accuracy in estimating the states
when compared to using the prior as a proposal. The calculation of the CF recursions at
each step has obviously an impact in terms of computational cost, making it much higher.
This is, however, a comparison made over a simple example model with simulated data
and in the context on state estimation with known parameters. To better establish the
behaviour of the CF proposal with more challenging data (e.g. possible outliers) we will
use "real world" datasets in Part V on page 190 and apply the CF importance density as
a proposal embedded in other filters, namely when estimating the joint posterior of states

and parameters.
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7.5 Particle impoverishment

Figure 7.11: Illustration of particle impoverishment due to resampling. Grey circles
represent particles at time ¢ — 1 (with size proportional to the weight) and dashed
black line the approximated posterior density. Red circles represent the particles at
time ¢ after resampling (with uniform weights) and stacked vertically according to
particle duplication. These are concentrated in regions of higher likelihood, but the
diversity has diminished.

Although resampling indeed provides good results in delaying weight degeneracy, it does
introduce a new problem, namely particle tmpoverishment. By selecting particles with
high weights and discarding those with low weights, we are reducing the particle diversity.
As we can see in Figure 7.11 a number of “surviving” particles will share their ancestry
with a common pre-resampling particle. If we consider the sequence of discrete state
approximation trajectories, {0(()2, w(()ll)t}Np , this implies that the entire trajectory tree is
being pruned of trajectories as we go baZcT(lin time. Although, by using resampling, we are
keeping the particles that more closely represent the posterior, we are simultaneously using
a coarser approximation by discarding particles with low weight that also help define the
shape of the posterior. This effect has a clear impact on long-running SMC estimations. Of
course, as in SIS, there is always the possibility of employing a “brute force” strategy and
increase IV, however this strategy is also limited by the computational cost constraints of

real-time state estimation.

A result from Douc et al. (2005) also shows that resampling itself, being a random
process, introduces additional Monte Carlo noise in the filter posterior estimates, a reason
by which resampling should be applied when justified, for instance by monitoring weight

degeneracy via the ESS as detailed in previous sections.

7.6 Auxiliary Particle Filter (APF)

The Auxiliary Particle Filter (APF) was first introduced by Pitt & Shephard (1999) to
help mitigate the problem of particle degeneracy. One of the problems with previously

mentioned methods, such as the bootstrap filter, is the fact that, when sampling the
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states from the prior, p (60¢|6:—1) (6.15) we are making proposals for 8; without taking into
account the currently available data y; (Pitt & Shephard, 1999). This can be especially
problematical in situations where outliers are present as the importance density might be

a poor fit to the target density as illustrated in Figure 6.2.

The main concept behind the APF is to select particles, before propagation, according
to a predictive likelihood p (yt|082_1) as the criteria. The algorithm in turn is flexible
in regard to this, since we can directly use it when analytically available (such as, in our
context, the NDLM) or we can approximate it when not tractable (non-linear DGLMs).
In the former case, the filter is usually called fully adapted in the literature. In cases where
the predictive likelihood is not available in a closed form an approximation can be used to
apply the APF algorithm. Particle filters which perform this adaptation step (reversing
the order of sampling and resampling relatively to SIR) are usually said to belong to the

resample-sample category.

If we consider the state density (3.9) and decompose it using the predictive state density
(3.10) we have

p(0:|Dt) o< p (ye]0:) p (0:]Dr—1)

OCp(yt"gt)/p(at\et—ﬂp(@t—lmt—l)d0t—1 (7.5)

From the previous results in Chapter 6 on page 66 we can use the approximation to the

(empirical) filtering density (6.8) such that

Np . .
P (0i—1|Di—1) = Zw,@ﬁ <9t—1 - 9,@1> .
i1

By replacing with the approximation in (7.5) we have

p(8:IDy) o p (4:161) / P(8:16:-1) p (611 Dp1) A6,y (7.6)
Np '
~p (y:|01) /p (04]6:-1) > _wi—10 (eH - 03)1) 0, (7.7)
=1
3w ip (w6 p (6161, ) . (7.8)
=1

Since the empirical prediction density, p (6:|/D;—1), has the form of a mixture of densit-

ies, Pitt & Shephard (1999) proposes sampling from a joint density p (0, k|D;) where k is
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an index of said mixture. To do so, the joint density is defined as

p (04, kD) o< p(ye|0:) p (O, k|Di—1)
= p(y|0:) p(0¢k, Di—1) p (k|D—1)
= (w0 wihp (64617 (7.9)

As noted by Pitt & Shephard (1999), by sampling from p (6, k|D;) and discarding the

mixture index k, we are drawing from p (6;|D;—1) and then we can approximate (7.8) by
Np . .
P (0D o< Y wiip (wl6 k) p (.16, k7).

=1

) YN
The set {Ogl), k(z)};l can then be drawn from a proposal g (0, k|D;) by approximating
(7.9) with "

9 (01, k|Dy) o< p (64, k|Dy)
k k
= p (il wip (.16,
k k k
~p (%\uﬁ )) wyp (9t19§31> ;
where ugk) is any characterisation of 0t+1|9§k). According to Pitt & Shephard (1999), this

is left to our design and usually is the mean, the mode or a sample. This leaves us now
with the method to choose k. We factorise g (04, k|D;) as

9 (0t k|Dy) o< g (k|Dt) g (0:|k, Dy), (7.10)

and take
g (k1De) o< w™,p (el (7.11)

The indices k can then be sampled proportionally to a quantity A(¥) (called the auziliary
weights) such that

AP o g (k|Dy)

B (i) 1)

In conjunction with
. k(3
g <0t\k(’),Dt) =p <0t‘0t(—1 >> , (7.13)

this gives the necessary quantities to pre-select the particles. Pitt & Shephard (1999)
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demonstrates that in order to complete the approximation of the filtering density we must

calculate the adjusted weights (or second-stage weights) which is achieved by
(i) () 9(K")
Wy~ = Wy (1) .
g <0t ) k(l) |Dt>

p <yt\9§i)>

p (ytmgkm)).

Although the original method presented in Pitt & Shephard (1999) contemplated a

second stage weighting and resampling we will use a version (outlined in Algorithm 7.3)

X

which omits it, since it is not necessary and according to Carpenter et al. (1999) outper-
forms the original implementation. The general algorithm for the APF is presented in
Algorithm 7.3.

Algorithm 7.3 Auxiliary Particle Filter
initialisation

for t < 1 to Ny,

for i < 1to N,
calculate ugi)
calculate )\gi) x wt(i_)lp (yt‘ﬂgi)>

. . NO! A
normalise weights \,’ = —t—
i Z P /\(7«)
i=1"%

resample according to p (k(i) =1) = 5\5/1)

for i < 1to N,
. ()
draw BEZ) ~p <0t‘0t(ﬁl )>

. ggi)
calculate weights wt(l) = p(ytl(k(i)))
p<yt|u >

t

. . - (4) w?
normalise weights 0, = —xt——
i Z P w(l)
i=1 "t

Example. Comparing the APF and SIR estimations for a M = {P (1)} NDLM.
For this example a M = {P (1)} NDLM was used with a parameter set ¢ = {72,1%} =
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{0.3,4.3}, corresponding to the formulation

ytwm@ ~ N(9t743)
Oi|® ~ N (6;-1,0.3).

The initial state priors were 6y ~ A (0.3,100) and state estimation was performed using
a bootstrap filter, as described in Section 7.4 and the APF, as described in Section 7.6.
Both filters used N, = 500 particles applied to Ny, = 200 observations from a realisation
of the model. Multinomial resampling was used with a static checkpoint of n = 1, that is,
performing resampling at every time step ¢. The results of the state estimation for both

filters can be viewed in Figure 7.12a and the ESS history can be viewed in Figure 7.12b.

For this particular example, the mean ESS for SIR and APF was respectively 417.38
and 443.71. The M SFE for the state estimation was respectively, for SIR and APF, 1.30 and
1.25. The computational time was respectively, for SIR and APF, 91 and 115 milliseconds.

7.7 Forecasting

Given the state’s posterior estimation up to time ¢, p (6¢|D;), SMC methods allow us to per-
form state and observation k-step ahead forecasting for k > 1 steps, that is p (64x|D;). As
suggested by Doucet et al. (2000) the forecast states can be simulated simply be propagat-

ing forward from the state model, as detailed in Algorithm 7.4.

The proposal density 7 (044+n|600:t+n—1,D¢) must be chosen, however, in a way that it
doesn’t depend on the value of y;41.4+%, & typical choice being sampling from the prior,
p(0¢]0;_1). To perform observation forecasts, that is g1k, a similar process is applied as
in the state forecast, but this time, at each forecast step, simulating observations from the
observational model as described in Algorithm 7.5. In Algorithm 7.5, the observational
model denoted by f (-) refers to any of the exponential family observational distributions

considered in this thesis, i.e. Normal, Poisson, Binomial, etc.
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Chapter 7. Sequential Monte Carlo

Algorithm 7.2 Sequential Importance Resampling

initialisation
set state prior 9 ~ N (myg, Cp), for i =1,..., Np.
for t < 1 to Ny,

for i < 1to N,

Draw 0\ ~ (06041, D;)
Calculate the importance weight:

(i) (ngi)) (9(i)|0§i—)1>
T oa(ef6f) . 7)

uf
le_vzpl wt(i)
Calculate the effective sample size, m as per (7.1).
if £SS, < Neyyr

(4)

W, =W

Normalise weights

@) =

Resample according to p (k(i) =1) = u?,gi)
for i< 1to N,

set weights d)t(i) = N%,

. k(1)
assign states Bgz) = Ot( )
calculate state approximation

Np

p(6:/D) ~ > "6 (0 - 0f")

=1

Algorithm 7.4 State forecasting
for m<+ 1tok

for n < 1to N,

sample Ogn ~ T (9t+n|082+n7171)t)

set

P (0t4n|Dr) ~ Z o (9t+n t+n)
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Algorithm 7.5 State forecasting
for m«+ 1tok

for n < 1to N,
sample Hﬁn ~T <0t+n|96€1+n717pt)
sample 4 16,10 ~ f (4:]6r2n)

set

Np '
p(04n|Dr) =~ ]\17]? 6 (9t+n - Oiﬁn)
i=1
1 & »
P (YrinlOsin) = Fp Z 0 (yt+n - yr@n)

=1
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Figure 7.10: Estimation of the three state components (61,6s,6s) for a M =
{P(1),F (200, 1)} Poisson DLM, using the BS filter (left column) and SIR-CF (right
column). Black line represent the “true” state, colour line is the state posterior mean
and shaded area the 90% equitailed credibility intervals.
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Figure 7.12: State estimation (left) and ESS (right) for N,,s = 200 observations for
a SIR filter and APF for a M = {P (1)} NDLM with N, = 200 and N, = 500.

. On the left, solid colour lines represent the state posterior mean and shaded areas the
90% equitailed credibility intervals. Dashed black line represents the true state posterior

mean.
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Chapter 8
State augmentation approaches

So far, we have been focusing on methods to estimate the state in DGLMs given a static

and known parameter set @ as described in Section 2.1 on page 4, that is
p (600:¢|Dt, D) .

However, in real world scenarios, both the states and parameters will be unknown and we

will be interested in the estimation of the joint distribution

p (90:16, @‘Dt) .

Initial work on state-space state estimation methods included the concept of propagat-
ing samples using “shocks” and applying “roughening penalties” (Liu & West, 2001) which
lead to standard (Gordon et al., 1993) particle filtering. Historically, the concepts intro-
duced in Gordon et al. (1993) for state estimation (described in Chapter 7.4), provided a
natural basis which could be extended to the problem of joint state and parameter estim-
ation in state-space models. Early techniques tried to solve this problem by incorporating
the parameters in the state-space and applying standard SMC. The state-space could then
be explored by propagating the states while at the same time adding artificial noise to the
parameters. However, since in many scenarios we are dealing with static parameters, a
problem with this approach is that static parameters, by definition, will not change their
value from ¢ = 1. If we incorporate the parameters as part of the state-space, artificial
noise will then inevitably aggravate any degeneracy problems and also lead to an artificial
increase variance of both the state and parameter estimates. Degeneracy problems are
to be expected due to inevitable collapse of the parameter component of the augmented

state-space.

Several methods were proposed to alleviate this problem, such as self-organising state-
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Chapter 8. State augmentation approaches

space models, as initially introduced by Kitagawa (1998). Additional proposed methods
included the usage of kernel density estimation methods, although these methods usually
incur in an artificial increase in the parameters’ posterior variances. An extension of such
methods, the Liu and West particle filter, first described in Liu & West (2001), tries to

solve this particular problem and is described in this chapter.

The solution proposed by the Liu and West filter (Liu & West, 2001) is to use a kernel-

smoothing approximation with a correction factor to account for over-dispersion.

If the parameter set @ is considered as being time-evolving (that is as @;)! and we also
consider ®; as evolving according to zero-mean, normally distributed increments, we can
write, according to Liu & West (2001)

b, = D1+ (8.1)
Ct ~ N(O’ Qt)

Assuming ®;_1 1L (;|D;, this would then enable the state-space to be extended with
the parameter set @, and performing online state estimation as described in the previous

chapters.

By adding artificial noise we are delaying the particle degeneracy that would otherwise
occur, but in a quicker way, by simply incorporating a static @ in the state-space. According
to Liu & West (2001), this artificial noise approach has the problem of incurring information
loss and originating a far greater variance to the parameter estimation than the “true”

posteriors.

Liu & West (2001) proposes to reinterpret the parameter noise term in the context of
Kernel Smoothing (West, 1993). If at a time ¢ we have a discrete approximation of the
parameter posterior as @; as a set of parameter particles with their respective weights,
{45?), wt(i)}fv:pl, similarly to the discrete state approximation in Section 6 on page 66, the

mean and variance can be defined as

Ny

3 = > uw'e; (8.2)
i=1
Nyp ‘

Ve = S ul? (@~ &) (8- &) (8.3)
=1

(NN,
By taking {mgz) } pl as the kernel locations and h > 0 as a smoothing parameter, then,
1=

!Note that the notation &; means that we are considering a time-variant parameter. We will, in later
chapters, introduce a similar notation but signifying the posterior estimate of & at time ¢.
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Chapter 8. State augmentation approaches

according to West (1993), the smoothed kernel density will be
p(@D) ~ 3w N (ds\mf), h2vt> . (8.4)
i=1

According to Liu & West (2001), by using the standard kernel methods in (8.4), where the
kernel locations are assumed as the sample values mgl) = @EZ), we would have a mixture
variance of (1 + h2) V., always larger than V;. Since we know that for the mixture of

normals in (8.4):

E@D] = Y w'm
=1
Var[8[D,] = Y w’ { (mgﬂ - mt> (mg“ - m)T + hQVt}

by taking mgi) = @gi) we have

E@D] = > w'el) =,

Var [®|D;]

; w® (qsg“ - @) (ds,ﬁi) - @)T +h2V,

V¢

Np ' Np '
= S w? Ve + 12V =Y wl? {1+ B2 Ve = (1+ k%) Vs,
=1 =1

which, as mentioned, will lead to an over-dispersion of the kernel density in comparison to

the posterior.

Liu & West (2001) introduces the concept of kernel location shrinkage by using the
new locations
ml(f) = a@l(f) +(1—a) Py,

where a = /1 — h? is the shrinkage parameter. The resulting posterior mean, using
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Chapter 8. State augmentation approaches

shrinkage, will then be
Np ) '
E[@D] = Y w’ (aqsg“ +(1-a) $t>
=1
N,
= Sl {(Vi- e - (1-Vi- 1) )
=1

N, N,
— Ve w1 VI— )8 S uf?

=1 1=
%,_/ ——r
@, 1

= VIt (1-V1-12) %, =B, (8.5)

whereas the posterior variance will be
Np ) . T
Var [B[D;] = w(“){ a®) +(1-a) B, — &) ({ad) +(1—a)B,} — & +h2V}
= S (s -} ) ([ 0w} <)

— iwt@ { (asﬁf) + agt) (a‘ﬁgi) + a@t)T + hQVt}

N,
P . . _ . _\T
= Y u? e (2 + ) (@) + &) +h?V,
=1
Vi
Np '
= Y w? | > +h? | Ve = Ve (8.6)
1=1 1—h2

By using shrinkage we obtain the correct mean and variance for the @, posterior, as
shown in (8.5) and (8.6).

Assuming the @1 update by {;,, as described in (8.1), we know that the prior
P (Pi+1|Dy) will have mean @, and variance Vi + 2441. In Liu & West (2001) the discrete
approximation of p (®;1|D;) is defined as

P (@e11|Dy) Z w” <‘~pt+1|45£i)7vt + 9t+1> ;
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which is also in the kernel form. Since we know? the variance of the prior is

Var [®,11|D¢] = Var[®|D;]+ Var [Ct+1\Dt] 4 2Cov [@t, Ct+1|Dt]
= Var [¢t’Dt] + Qt+1 -+ 2Cov [Spt, Ct-l—l’Dt] ,

we want it to be equal to the prior variance as V;, that is

Var [gpt+1|Dt] = Var [Spt|Dt] = Vt.

By setting
P
COV |:¢t7 Ct+1|Dt] = - tz+17
we then have
Var [@,41|D;] = Var[®|Dy] + 241+ 2Cov [®, {11 |Dy]
_ L
2
241

= Var [ét’Dt] + Qt+1 -2
= Var [dst"Dt] .

Assuming joint normality of (¢, ¢, ,1|D¢),we can write p (Py41]|P¢) as

p(Pri1|P) = N (Pr|Aa P+ (T — A1) Dy, (T— A7) Vi)
2V

Ay = 1 5

In order to define the artificial noise covariance 241, Liu & West (2001) defines it in terms

1
Qi1 =V, <5 - 1)

with 0 < § < 1, and usually chosen to be close to § = 0.99. To write the above &4

of a discount factor, such that

evolution in the kernel form we take

Aiyr = al
(36 —1)

“ T Ty o

We can then rewrite the evolution as (taking the relation a = v/1 — h? and express in terms

2¢f. Section F.1.1.
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h? =1—a?):

p(Bri1|®Br) = N (Pra|Ar1®i + (T— A1) By, (T— A7) Vi)
= N(D111]add; + (I —al) By, (I - a’T?) V,)
N (¢t+1‘1 (a!ﬁt + (1515 (1 — a)) s (1 —a ) Vt)

- N ¢t+1‘a¢t+(]— —a)@t, (1-@2) Vt
2
h

= N (Dr1|a®; + (1 — a) By, hVy) .

Liu & West (2001) proposes to use this method of estimating the marginal @, density
within the APF framework as described in Section 7.6.
(For N, particles) we start by establishing the priors of {8, ¢} using {;LEJZI, (l)} N
i=1,...,Np
(4)

where, as discussed in Section 7.6, p; [y will be some characterisation of 0t+1|0t , such as
iy =B [etﬂl@gi)v@(i)

and { §") = (l) +(1—-a) Sﬁt} pl are the kernel locations. As in the APF (7.12) we

sample an auxﬂlary index k with probability

N oy (vl mi?)

In the LW filter we additionally sample the new proposed parameter set 45&21 from the

the above:
&) ~ N (® ( 1|m?, hQVt) .

According to Liu & West (2001); Prado & West (2010) the parameters can be transformed
whenever appropriate. As an example, when dealing with parameters ¢ € (0, 1], (such as

in the NBDLM) it might be appropriate to work in the transformed

- g 1_@ )

and when working with parameters ¢ > 0 (such as the state variances in the DGLM) we

could work in the log-space such that

= log (?).

The new states can be sampled from the system equation (conditioned on the new para-
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meters)
01(521 ~N (0t+1|01(5217451(521) )

and finally we calculate the second-stage weights

Wyl X

p (yt+1|u§f21, mgi)) '

This method is specifically defined to estimate fixed parameters, however the LW fil-
ter is an extremely versatile instrument for state and parameter estimation since it can
applied with minimal assumptions about the structural relationship between parameters.
It can also be considered as a benchmark for state and parameter estimation by SMC
methods (Lopes & Carvalho, 2011). It should be noted however that incorporating the
parameters in the state-space can worsen any degeneracy problems. The full general al-
gorithm for the LW filter is presented in Algorithm 8.1.

Example. Effect of smoothing parameter 4.

We consider here a M = {P (1)} NDLM with parameters 72 = 1.5 and v? = 3.5.
The true states for a realisation of this model are presented in Figure 8.1a on the facing
page. The initial state priors are taken as 6y ~ N (5.5,10) and the prior was used as the
importance density. The parameters priors are taken as 78 ~ ZG (1,1) and 13 ~ ZG (1,1).
The estimation was performed using N, = 10° particles and using different values of
0 ={0.90,0.91,0.92,...,0.99}. Resampling was performed using Multinomial resampling

with a static checkpoint of n = 1.

The state estimation is presented in Figure 8.1a on the next page and the parameter
posterior estimation mean for 72 and v can be viewed in figure 8.1b and 8.1c on the facing
page respectively. We can see from Figure 8.1e on the next page that, in this case, varying §
did not impact in any obvious way the posterior estimation of p (uzﬂ?t). However, there is
a clear pattern in the p (TQ\Dt) estimation (Figure 8.1d on the facing page), with values of
o closer to 1 leading to a posterior estimation closer to the "true" value. This is consistent

with the general advice in the literature.

Example. LW on M = {P (1)} NDLM using a Fully Adapted (FA) proposal
Here we consider here a M = {P (1)} NDLM with parameters 72 = 0.75 and v? = 1.25.

The initial state priors are taken as 6y ~ A (0.1, 10) and, since we are dealing with a linear
model, the fully adapted version of LW was used. The parameters priors are taken as
78 ~ ZG (1,1) and v ~ ZG (1,1). The estimation was performed using N, = 105, with
a smoothing parameter of 6 = 0.99 and N5 = 200 data points. The resampling method

used was stratified with a static checkpoint of n = 1.
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Figure 8.1: State and parameter posterior mean estimation for a M = {P (1)}

NDLM using different § values.
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Algorithm 8.1 Liu and West algorithm
initialisation

_ (36—-1)
-2

0y ~ N (my, Cp)
by ~ p(P)

for ¢t < 1 to Nyps

for i <~ 1to N,

calculate mg?l = a(ﬁg?l +(1—a) D,

calculate ugi)
calculate )\gi) o wt(?lp (yt| ,ugi) , mgi_)l)

lise weights 3 = — 21
normalise weignts t = m
resample according to p (k(i) = k) = ng)

. . . o T .
calculate V,_; = >’ (ég?l - @t,l) (@Eil - 45,5,1) wt(i)l
for i < 1to N,

. (4)
update parameters @ﬁ’) ~N <mt(fl ), (1 — a2) Vt_1>

. (i) .
draw 00 ~ p <et|e£il %w)

. 9("),45.(1')
calculate weights wgl) = p(y(tk(:)) (,27))
p<yt|ut my )

. (D) wf”
normalise weights 0, = —x'—
2= W

In Figure 8.2a on the next page we can see the data and states for a realisation of this
model and in Figure 8.2b on the facing page the filter’s state estimation (along with 90%
equitailed credibility intervals) compared to the true posterior mean®. In Figures 8.2c on
the facing page and 8.2d on the next page we can see evolution, for t = 0,..., Ny of
P (7'2]17,5) and p (1/2|Dt) respectively. In Figures 8.2e and 8.2f we can see the parameters’
marginals at ¢ = 200 respectively for 72 and v2. The LW’s posterior mean value for
P (TQIDT) was 0.8402 and for p (I/2|DT) was 1.1253 and the “true” values were, respectively,
0.7932 and 1.2011. The MSE between the “true” states and the LW estimated state

posterior mean was 0.1972.

3State and parameter posteriors estimated offline using a long run of Particle Markov Chain Monte
Carlo (PMMC). This method will be fully discussed in Chapter 13 on page 152.
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Figure 8.2: State and parameter estimation using LW for a realisation of a M =
{P (1)} NDLM with & = {72,1?} = {0.75,1.25}. Realisation data (dots) and
states (line) in 8.2a. State posterior mean as coloured line, shaded area as 90%
equitailed credibility intervaland ground truth as dashed line in 8.2b. Parameter
posterior estimation history with coloured line as posterior mean, shaded area as
90% equitailed credibility intervaland horizontal dashed line as truth in 8.2¢ and
8.2d. 72 and 12 posteriors at t = Ny, using LW in blue and truth as dashed line in
8.2e and 8.2f.
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Storvik filter

Another important method for sequential joint estimation of states and static parameters
is the Storvik filter, first presented in Storvik (2002) and built on work in Fearnhead
(2002). The Storvik filter uses the sample-resample framework, i.e. the SIR framework
of Section 7.4 on page 91. However, in contrast with the LW filter, the state-space is
not augmented with the parameters, but instead the parameters will be marginalised and
estimated sequentially using a finite set of values, called sufficient statistics. The concept
of sufficient statistics, in this context, is defined as presented in Fearnhead (2002) and not
necessarily in the generally used definition of sufficient statistics. In Fearnhead (2002) the
use of sufficient statistics arises from the problem of applying MCMC moves to SMC. If

we consider a joint distribution of states and a parameter & as
p (0t7 ¢’Dt) )

according to Fearnhead (2002), a stationary distribution can be designed (up to a constant)

for the joint distribution of the trajectories, that is
t
P (80:4,8D;) = 7 (00,®) [ [  (Ok10k—1,8) p (4|01, P) . (9.1)
k=1

To apply MCMC using (9.1) within a particle filter, it would then be necessary, ac-

cording to Fearnhead (2002), to store the entirety of particle state trajectories {Bgi)}]‘vp .
As we’ve seen in Section 6.1 on page 69 this will have prohibitive computational COStSZ?(;I“
sequential inference as t evolves and would not constitute an online method. The concept
of sufficient statistics then arises as a summary of the trajectories which MCMC moves

will use. According to Fearnhead (2002), if we designate the current state and parameter
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at time ¢ as
= {Ota 45} )

and re-write the set

{Hoitv 45} = {{Ht’ ¢}7 00215*1}

= {’77 00:1571}7
we can denote the set
s ={00:1—1, D¢}
as a sufficient statistic if
P (7100:t-1,D1) = p(7]s) - (9.2)

Still according to Fearnhead (2002), a necessary condition for sufficient statistics is that

they can be factorised according to
P (7, 00:t-1,Dt) = k1 [, 5 (00:t—1, Dt)] k2 [€0:t—1, D] - (9.3)

The main idea is that using the distribution p (7y|s) is equivalent to using p (y|0¢.t—1, Ds).
Since we can factorise p (7, @p.1—1, D¢) as in (9.3), using (9.1) we can calculate k1 [y, s (Qo.t—1, Dt)]

which in turn can be used to calculate p (v|s) up to a constant, that is
p(vls) o< k1 [, 5 (80:—1, Dy)] -

Whereas in Fearnhead (2002) sufficient statistics are used as a summary of particle
trajectories in order to update both states and parameters using MCMC moves, the Storvik
filter, Storvik (2002) works by assuming that the parameter posterior p (®|6¢.;, D;) can be

expressed as a function of a set of sufficient statistics s¢, such that
p (2|00, D) = p(P|st) , (9.4)

with an associated deterministic recursive update S(-). For the purpose of estimating
the parameter posterior, an assumption of sufficient statistics based filters is that p (®|s;)
in (9.4) is analytically tractable, a constraint not present in the LW filter. In Storvik
(2002), it is assumed that the posterior of @ will depend on a set of sufficient statistics sy,

themselves dependent of the state trajectory and data, that is

St = St (90:t7 Dt) .
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If we consider the joint distribution of states and parameters, p (6.1, ®|D;), we can factorise

it as
p(GO:t>¢>yt‘Dt—1>
0., B|D
P (Box, 2ID1) p (Di1)
P (00:4—1|Di—1) p (@|00:t—1, Di—1) p (04|00:t—1, Dt—1,P) p (y¢|00:t, Di—1, P)

P (Y| Di-1)

By replacing the parameter’s dependence on the states and data {6¢g.;—1,Di—1} by s;—1 =
s (60:t—1,D¢—1) as in (9.4) and using the Markovian property of the DGLM highlighted in

(2.11), we have (up to a proportionality constant):

p(Pst—1) P(Otlﬁﬁs:h‘f’) p(yt\ﬁt@)
p (Bou, B|D)) = P (00:4-1|Di—1) D (D|00:4—1, Di—1) p (8:|00:t—1, Di—1, D) p (4:|00:4, Di—1, P)
P (Yt|De-1)
~ p(00:t-1|Di—1) p (P|st-1) p (0¢|0:—1, P) p (y:|0:, P)
B P (Yt|Di-1)
< p(00:t—1/De—1) p (P|si—1) p (yt|0r, P) p (0¢]01—1,P) .
measurement sy;t,em

Storvik (2002) proposes the use of the SIR framework, as described in Section 7.4 on
page 91, to build the approximation of p (6;|D;, @) with an additional step to approximate
p (®@|00., D) making use of (9.2). At each step ¢ however, the sufficient statistics set s;

will need to update according to a deterministic function S (-) such that

st =8(54-1,01,01-1,y¢) . (9.5)

It is important to note that the recursive deterministic update itself is sequential and
online allowing for online estimation with the Storvik filter. In the next sections we will
look at examples of sufficient statistics and their respective update for specific instances
of DGLMs. By performing parameter estimation based on this set of sufficient statistics
and separately from the state estimation, the Storvik filter aims at reducing particle im-
poverishment while reducing computational load due to the low-dimensionality of s;. The
recursive deterministic update of s; will depend on the state and parameter estimates such
as in (9.5).

The steps of the Storvik filter are summarised in Algorithm 9.1.

Although the Storvik filter works in a sample-resample framework, it can also be applied

within a resample-sample framework.
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Algorithm 9.1 Storvik’s algorithm
initialisation

0y ~ N (my, Co)
by ~ p(P)

for ¢t < 1 to Nyps
for i < 1to N,
sample di(i) ~ T (45|s£i)1>

sample 0% R P (thf)m 1,yt,¢(i)>

calculate weights

o (B (0000, ) )
)
t—

op (Spgi)WO:t—l; Dt) P (‘97§Z)|6’(()z 1> Yt 45( ))
normalise weights
@ = = & 0
Dt wy
calculate the effective sample size, E/SE as per (7.1).
if £SS; < Nejy
resample according to p (k(i) =1) = ﬁ)gi)
for i < 1to N,
set weights w§ D= N—
assign states 0 t(k(l ) and parameters ¢ = FACRY

for i < 1to N,

update sufficient statistics
=5 (40,.00.00,.0)

calculate state and parameter approximation

5(0:D,) = gp:wt(i)a (0 . 09)
o
S @ (qs - @E“)

=1

D (P¢|Dy)
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Chapter 9. Storvik filter

9.1 Sufficient statistics

9.1.1 Normal DLM

To calculate the sufficient statistics of a Gaussian DLM in the form of Section 2.3.1 we

start by writing the joint posterior of the parameters conditional on the data and states,

that is:

7 (®|00:t, Dt) -

Using the same assumptions as in West & Harrison (1997), we take independent priors

for @ = {V, W}, that is

with

™ (V,W[Do) = 7 (VDo) = (W[Do)

7 (V|Do) = ZG (g , BY)
T (W[Dg) =IW (o, BY)

The full conditional update of V' will then be

7 (V|Dy, 80:t) < N (we|F7 0, V) ZG (V] 1, 8 1)

1
X —= exp

VvV 2V

{_

(y: — F70,)”

v By
V_a71_1 "
}x t exp{ V}

N (y:|FT6:,02)

IQ(UZWY—l:Bth)

14 —FTO 2
x Vo3l exp {—B;;l (v 57 ) }
2y
1 y — F10,
- (2 + ay—l) -1 By + (2)

%/_/ %
xV o exp{ — :
%

1
x1g (2 +ao 1, B+
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Chapter 9. Storvik filter

It follows that

t
1 1 2
V|00, Dy ~ IG (a}{ + 575’5(‘)/ + 5 E (yk; - FTOk) ) .
k=1

and taking into account the sufficient statistics condition in (9.2) we can see that

t
1 1 2
_ 1% % T
p(V160.4,Dy) = IG | g +3 t B +2]§_1 (y — F16y)

v
S1

Vv
S2

v s v Ly
= p(Vl]s) =Z6 ( g +?750 +§32 )

so that the sufficient statistics for V' will be

SKt =1
Sg,t = (yt—FTet)Q»

with a recursive update S (-) in the form

vV oV
S10 = S1p-1+1

1% 1% Tp \2
s34 = Sa.1+ (e —F 6:)".

The full conditional update of W can be obtained in an analogous way, that is:

7 (W[Dy, B0.) ox N (8,]GO_1, W) TW (Wt\aw,t,l, W\7v1,t_1)

_ _ 1 _
x (2m) p/2 |W| /2 exp {—2 (0, — GO, )T W (0, — G9t_1)}
\U} B aw,t—1 _ow,t—1tpt+l 1 _
et g e { e ) |
5 Fp ( W,thl)

ow,g—1+ptl

oc [W|H2 jw

1
X exp {—2 [(et — GO )W (0, —GO,_1)" +tr (ww,t,lwﬂ)} }

—on,t—1—1-p—1

VA e 1
XX ‘W‘ 2 X exp {—2tr ((Gt — G0t_1) V\/_1 (Gt — G0t_1)T + Ww7t1W_1)} s

121



Chapter 9. Storvik filter

which can be further simplified into

AW ¢

—
awt—1 + 14t
2

_ 1 _
7 (W|Dy, B:) o |W]| xexpq —otr | | (0 — GO 1) (8 — GO 1) + Wy, | W!

~~
lpr,t

resulting in

7 (W[Dy, 89) ox TW (aw,t_l +1,(0, — GO,_1) (8; — GO_1)T + ww,t_l) . (96)

where ¥ is a scale matrix and aw represents the degrees of freedom. As with the calcula-

tions for V4, since

t
W00, Dr ~ IW | o’ + _t_,BY + > (Ok — GBi_1) (O — GOz_1)"

5¥v k=1

~~

w
S2

~TIW (oz\ON —i—s‘l/V,B(‘)/ +sgv) ,

from which we extract the sufficient statistics

sm =1
s, = (0,—GO_1) (0, —GO_1)"

with the recursive update S (-)

s‘ﬂ/t = 5}4,/75—1 +1
syy; = shp 1+ (0 —GO_1)(6; — GO,_1)".

9.1.2 Binomial and Poisson DLM

In the Binomial DLM case, as described in Section 2.3.3, and the PoDLM, Section 2.3.2,
we can see that we do not have parameters to be estimated in the observational model
(2.25) and (2.22), resulting in @ = {W}. In this case, the sufficient statistics and respect-
ive recursions will be analogous to the ones derived for 7 (W|8¢.t, D;) in the NDLM in
Section 9.1.1.
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Chapter 9. Storvik filter

Example. Storvik filter for a M = {P (1)} NDLM.

In this case we will apply the Storvik filter to the model and data presented in the LW
example on page 112. For a locally constant model, the sufficient statistics structure will

simplify, since in this case we have
2 1 2 1 !
2
p(c®00.,D:) = IG <a8 + 35t By + 3 ; (yr — Or) )

t
1 1
p (Tzleo:tapt) = 1I¢ <a62 + §t75(7)—2 + 5 Z (ek - 0k—1)2> )

k=1

it follows that the sufficient statistics set will be

St = {17 (ye — 00)%, (0 — 9t71)2}

with a recursive update

st = S1-1+1
sor = Soy—1+ (Yt — '9t)2
s3¢ = S34-1+ (0 — 9t—1)2 .

As in the LW example, the Storvik filter is the fully adapted version, using the optimal

importance density, since we are dealing with a NDLM.

This estimation was performed using N, = 10° particles and the resampling scheme
used was Multinomial with a static checkpoint of n = 1. The prior used for the para-
meter set @ were 78 ~ ZG(1,1) and 13 ~ ZG(1,1). Regarding the state estimation
(Figure 9.1b) the results are comparable between Storvik and LW. When considering
parameter estimation, we can see (Figures 9.1e and 9.1f) that the Storvik filter and
LW parameter and state estimates are consistent, which is expected for a simple model
with a small number of observations and especially when using the optimal importance
density. The posterior mean (and standard deviation) at time ¢ = N5 are, respect-
ively for Storvik and LW, 72 = 0.7921,0,2 = 0.2116,7? = 1.1136,0,2. = 0.2092 and
72 = 0.8402,0,2 = 0.2034,7% = 1.1253,0,2 = 0.2032, compared to "true" values of
72 = 0.7932, 0,2 = 0.2390 and 7? = 1.2011, 0,2 = 0.2263.
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0 50 100 150

(a) True state (line) and data (points) for
a simulated M = {P (1)} NDLM

200

Filter LW — Storvik

0 50 100 150

t
(c) 72 posterior estimation history. Col-
oured line is posterior mean and coloured
dashed lines are 90% equitailed credibil-
ity intervals. Horizontal line represents the
truth (log scale).

200

Storvik ]

LW

0.5 1.0 15 2.0
_[2

(e) p (%|D:) posterior using Storvik and
L&W at t = 200. Vertical line represents
truth.

8 Filter = Lw B Storvik

0 50 100 150 200
t
(b) Mean of the state posterior estimation
with 90% equitailed credibility intervals.
Dashed line represents true state.

Filter LW — Storvik

0 50 100 150 200
t
(d) v? posterior estimation history. Col-
oured line is posterior mean and coloured
dashed lines are 90% equitailed credibil-
ity intervals. Horizontal line represents the
truth (log scale).

Storvik ..

LW

0.5 1.0 15 2.0 2
V2

(f) p (v*|D:) posterior using Storvik and
L&W at t = 200. Vertical line represents
truth.

Figure 9.1: State and parameter estimation for a M = {P (1)} NDLM using LW

and Storvik
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Chapter 10
Particle Learning

Particle Learning (PL), first introduced in Carvalho et al. (2010), similarly to the Storvik
filter relies on the concept of sufficient statistics, denoted as the essential state vector z;, a
more general sufficient statistic set which can include not only parameter sufficient statics
to marginalise the parameters, as in (9.4), but also other quantities that could summarise
the state and parameter approximation. As in Storvik, we assume that we can devise a

sufficient statistic structure for the parameters, such as
7 (®|00.4, Dy) = 7 (B|sT), (10.1)

where sfgp is the set of parameter sufficient statistics, with a recursive deterministic update,
such that
3? - 8 (S(tp—b 0t7 et—la Z/t) .

PL tries to perform estimation in a resample-sample framework (related to the APF
in Section 7.6 on page 96) using full-adaption with the usage, as mentioned previously, of
an additional set of state sufficient statistics, sf whenever these are analytically available.
These quantities are associated with a recursive deterministic update K (-) similar to the

Kalman filter recursions presented in Section 4, such that
sf =K <5t0—170t71,yt) :

The set of quantities comprised of the state and parameter sufficient statistics defines

the essential state vector z;, such that

b 0
zy = {st ,st,Ht,di}.
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Chapter 10. Particle Learning

NNV

In PL the main idea is to pre-select the essential state vector particles, {zﬁ)l} pl

using an auxiliary weight )\y) based on a predictive density. Similarly to Storvik, the

state particles 0%1) could then be sampled from an importance density conditioned on the
N,

selected {Z’Sﬁ)l}kpl' The essential state vector would then be propagated according the

deterministic updates and finally the parameters could also be simulated from a proposal

conditioned on the essential vector.

According to Carvalho et al. (2010) if at time ¢ — 1 and in possession of observation

Y
y¢+—1 we have a discrete approximation to p (z;—1|D—1) with {z,gz_)l} pl such that
1=

p(zt-1|De-1) Z5<Zt 1 — 2 1) (10.2)

The objective is then to use p (z;—1|D¢—1) to calculate p (6¢|D;) once the new observation y;

arrives. According to Carvalho et al. (2010), the essential state vector is updated following

p(2e-1|Dr) = p(z-11Di-1, 1)

_ P (Ytlzt—1,De—1) p (2t—1|Dr—1)

a P (y¢|Ds-1)

 p(yelze—1) p (2e-1|Di-1)

B P (y¢|Di-1)

o p(yelze-1) p (2t-1|Di-1) (10.3)
p(0:Dy) = /p(et\zt—hpt)p(zt—ﬂpt)dzt_1. (10.4)

According to Carvalho et al. (2010), if we assume that a discrete approximation to the

essential state vector prior (10.3) is

(2t-1|Dy) ~ Z)\ (thl - Zt(z_)l) :

with normalised weights
w__ P (yf‘zt(i)l)
A =
N, N\’
Zj:p1 p (yt|zt(j—)1>

this approximation of p (z;—1|D;) can then be used in conjunction with (10.4) to sample

the current states according to

Ogi) ~p <0t|zt(i)1, Dt> .
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Carvalho et al. (2010) notes that the deterministic state-sufficient-statistics recursion,

Ay IV
KC (+), can then be applied to the samples {Ggl)}' pl to generate the new state sufficient
1=
statistics as

Ste =K (ste—lvatvéa yt) .

The steps to update the parameters will be analogous to the updates for the parameter
sufficient statistics of Storvik, as detailed in Chapter 9 on page 116. To calculate the

posterior p (z¢|D;), we start by expressing it as
p (D) = [ pCalii1, D) (eea [D1) .

Carvalho et al. (2010) summarises the fully adapted case as obtaining samples from

p (04, z—1|D;) with respect to draws from p (z¢—1|D¢) p (0¢|2t—1, D;) with importance weights

p (0, 2| Dy)

=1.
P (2e—1|Dy) p (0| 2e—1, Dy)

we X

Assuming that a state-sufficient-statistic structure can be devised, we can state that

p(O:1D) = [ p(@1]z0)p (D) i,
which implies the filtering recursion
p(2|Dy) = /p(zt’?«‘t—l,9t,yt>p(zt—1,9t’73t)dZt—ldet- (10.5)
Since the joint density p (6y, z¢—1|D;) can be factorised as

D (0, 2.—1|Dy) o< p (ye|ze—1) P (Oc|ze—1, y¢) P (2e—1|Di—1) (10.6)

assuming we have a t — 1 approximation of p (6;_1|z;—1), that is, we can calculate

D (O¢|ze—1,yt) = /p(0t|0t—1ayt)p(et—1|2’t—1)d0t—17

then in this case we could marginalise not only the parameters through the parameter
sufficient statistics (as in Storvik) but also the states according the state sufficient statistics,
that is we would only need to track the conditional sufficient statistics (Carvalho et al.
(2010)).

Although the marginalisation of states and parameters (in the fully adapted case) helps

to mitigate weight degeneracy and particle impoverishment, as discussed in Chopin et al.
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(2010), the problem is not completely solved. Although the state and parameter particles
can be replenished from the essential state vector z;, p(z:|D;) is defined in terms of a
discrete approximation as shown in (10.2). This approximation, coupled with the fact
that we are applying resampling at each time step ¢ according to the resample-sample
framework, will lead to a degeneracy of s; itself (Chopin et al. (2010)), which will be
inevitable unless the number of particles NV, increases exponentially with ¢ (Chopin et al.

(2010); Del Moral et al. (2006)).
In the next sections we will look at the details of a fully adapted PL case (the NDLM)

and also the PL case in non-linear models and a general algorithm for the PL is presented

in Algorithm 10.1.
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Algorithm 10.1 Particle Learning
initialisation

8o ~ N (my, Co)

Py~ p(P)

N, N,
{20}y = {5750, 60, Po}, )

for t < 1 to Nyps

for i < 1to N,

calculate auxiliary weights
2@ ()
i o (Yl

(4) Np . -1s . (%) Np
resample {thl} . according the auxiliary weights {)\t } )
1=

=
for i < 1to N,
. k(3
sample 0,@ ~Dp <9t|2t(—1 ), yt>
propagate state sufficient statistics according to

@) #0)
Sf =K <5f—<1 ),9§ )>yt>

propagate parameter sufficient statistics according to

@) M)
5? =S <S?—(1 >70£)7yt>

sample parameters according to

o) ~p (257"

set Zgz) _ {Sf(i),sf(i>,0£i),¢(i)}

10.1 Normal DLM

For the Normal DLM, the implementation of the PL is straightforward due to the fact
that the predictive density is readily available, as described in (4.9) in the Kalman filter
Section 4. Considering (10.6)

p (57?—1, GtIDt) x p (ytISf_1> P (etlé’f—p yt) p <8f_1\Dt—1) ,
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we can see that we are able to calculate, in the NDLM case, the densities p (yt|st971),
D (0t|sf_1, yt) as well as the deterministic updated K (+) in a closed form. This allows us to
write PL for the NDLM as a fully adapted version. If we consider a state sufficient statistic

set as comprising the first and second KF moments at time ¢ — 1, such that
6 _
spq ={me1,Ci1},

for a Normal DLM in the standard form of Section 2.3.1, we then have the predictive

density, given the state sufficient statistics as
p (yt|5f—1) = p(ymy—1,Ci1)

= N | F'Gm_1,F" [GC,iGT + W] F+V
f‘ Ve
t Qt

NP
. based on the

Given the predictive density, we can then resample the vector {zt(l_)l}
=

auxiliary weights
)\gl) x p <yt\sf,1> .
After resampling, the state particles can then be sampled from

p(Bilsf1,0) = N (1= KFT) 0,1 + Ko, (1— KFT) W)

The state sufficient statistics update, for each particle 7, will then consist of the KF filter
recursions as presented in (4.11) and (4.12), that is

Ste = K<St0—1’0t,yt)

_ {at +RF (FTRF+V) " (y— f),R — RF (FTR,F + W)~ FRt} :
with

a; = Gmy_

Ri = GC,1G" +W.
The parameters sufficient statistic update and sampling will take the same form as in

the Storvik filter, as detailed in Section 9.1 on page 120.

Example. PL for a M = {P (1)} NDLM.
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8 ] _ 1e+05
Filter Lw Storvik B PL
4 8e+04
S 7
0 o 6e+04
4e+04
-4
2e+04 Filter LW Storvik — PL
0 50 100 150 200 0 50 100 150 200
t t
(a) éo;t, colour lines represent posterior (b) ESS
mean and shaded area the 90% equitailed
credibility interval.
Filter Lw Storvik — PL Filter Lw Storvik — PL
o~
L

0 50 100 150 200 0 50 100 150 200

t t
(c) 7% posterior estimation history. Solid (d) v? posterior estimation history. Solid
line represents the posterior mean and lines represent the posterior mean and
dashed lines the 90% equitailed credibility dashed lines the 90% equitailed credibility
interval. interval.
Storvik ... Storvik -
PL-FA - PL-FA e
Lw - LW
05 10 15 2.0 25 05 10 15 2.0 2
o v?
(e) p (7%|D+) marginal at t = 200 (f) p (V*|D¢) marginal at ¢ = 200

Figure 10.1: State and parameter estimation using fully adapted LW, Storvik and
PL for a M = {P (1)} NDLM with & = {r% 12} = {0.75,1.25}

Here we consider a M = {P (1)} NDLM as the one presented for the LW in the
example 8 on page 112. The parameter set used was @ = {7'2,1/2} = {0.75,1.25}. The

initial parameter priors for all filters were
o ~IG(L1), 1 ~IG(1,1).
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The PL algorithm was implemented in the fully adapted variant, that is, following
the specification in Section 10.1 and the number of particles was the same for all filters,
N, = 10° and using stratified resampling. The state posterior estimation can be viewed
in Figure 10.1a and the ESS in Figure 10.1b. The parameter posterior estimation history
for 72 and v? can be viewed in Figures 10.1c and 10.1d respectively and the parameters
posterior at time ¢ = Ny can be viewed in Figures 10.1e and 10.1f. The posterior mean of
72 at t = N,y was, respectively for Storvik, PL-FA and L&W, 0.7921,0.7526 and 0.8402
and for v? 1.1136,1.1553 and 1.1253. The "true" posterior mean is 72 = 0.7932 and
7?2 =1.2011.

10.2 Non-linear DGLMs

In non-linear DGLMs it might not be possible to directly apply the fully adapted formula-
tion, due to the inability to specify a set of state sufficient statistics and directly evaluate
a predictive density p (y¢|2:—1). However, according to Nemeth et al. (2014), we can use
the advantages of the APF resample-sample along with the parameter sufficient statistics

structure (which we know are available for the general DGLMs).

If we assume that at time ¢ we have the state and parameter approximation

{080}

i=

. . - (i) \Ne : . @) M
along with the sufficient statistics < s,”; and importance weights {w,’;
i=1 i=1
in the APF case in Section 7.6, we can pre-select the particles using the auxiliary weight

, then as

A o p (yt\uﬁi) ) w?,,
where ugi) is a characterisation of p <0t|01@1, 45521) such that
Hgl) =E [thﬂf_)p@ﬁ’_)l] :

It is clear that in this case we will not be able to marginalise the states using state
sufficient statistics, however after the resampling step the remaining step of PL can still be
applied. In this case however, since full adaption is not available, exact i.i.d. samples (such

as described in Section 6.2.1 on page 73) will not be produced as the auxiliary weights )\gi)
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must be corrected as in the APF such that

i) (F) N
P (ytlé’i) 8" >

p (yt\ﬂgi)> di(i))

(@
wy ' o<

A general algorithm for PL in non-linear DGLMs is presented in Algorithm 10.2.

Example. PL for a M = {P (1)} PoDLM.

Here we consider the results of state and parameter estimation for an arbitrarily small
dataset (Nops = 200) from a realisation of a M = {P (1)} PoDLM with a randomly chosen
parameter ¢ = {7’2} = 0.2. The state priors are set according to 6y ~ N (0,1000) and
the parameter prior as 75 ~ ZG (1,1). A comparison is made using the Storvik and PL
filters, both with N, = 10°. The importance density used was the prior, p (6;|0:—1, ;) =
N (Ht_l, 7'2) and the parameter sufficient statistics and recursive update were defined as in
Section 9. Stratified resampling was used with a static checkpoint of n = 1. In Figures 10.2a
and 10.2b we can see the estimation of y.; using the Storvik and PL filter, respectively.
Dashed line represents the mean of "true" state!. In Figure 10.2c we can see the estimation
history of 72 using Storvik and PL and in Figure 10.2d we can see the marginal the of 72
at t = Ny using Storvik and PL with the vertical dashed line representing the value of
72 used for the data simulation. From Table 10.1 we can see that the results of Storvik
and PL are consistent both in terms of parameter posterior and state MSE (comparing the

filter’s state posterior mean with the PMMH state posterior mean).

Method 72 MSE,

Storvik | 0.2243 (0.0325) | 0.0816
PL 0.2261 (0.0329) | 0.0815

PMMH | 0.2162 (0.0316) | —

Table 10.1: Summary of parameter posterior mean and standard deviation (in brackets) at time
t = Ny for 72 using PL and Storvik for a PoDLM. PMMH posterior mean and standard deviation
included for comparison.

!Ground truth for state and parameter estimated using a PMCMC run (specifically PMMH, detailed
in Chapter 13) for which the trace and ACF plots are available in Appendix A.2.
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Algorithm 10.2 PL for non-linear DGLMs
initialisation

6o ~ N (my, Co)

Py~ p(P)

for ¢t < 1 to Nyps

for i < 1to N,
calculate p,gi) =E [0t|0t_1,q5£i_)1}
calculate auxiliary weights

AE” X p (yt\uf), 5157521) Wi—1

resample {SEZJ?}]\Z according the auxiliary weights {)\gi)}fl
for i<~ 1to N, - -
sample Bgi) ~p (9“07&?),@5&({)))
propagate parameter sufficient statistics according to

@ K9)
5? =S8 (5?—(1 ),9§ )aatlayt>

sample parameters according to

. (1)

calculate weights
k(1) k(1)
' p<yt|95 ),4%( )>
(2
w, o , A
p (vl @2,
normalise weights '
) =
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8
Filter PL Filter — Storvik
4
[«n)
0
-4
0 50 100 150 200 0 50 100 150 200
t t
(a) .+ posterior estimation using Storvik. (b) 6o:t posterior estimation using PL.
Dashed line represents "true" state and Dashed line represents "true" state and
shaded area the state posterior 90% equi- shaded area the state posterior 90% equi-
tailed credibility interval. tailed credibility interval.
Filter - Storvik — PL
Storvik
PMMH
PL_FA i o s 0e o
0 50 100 150 200 02 03 04
t ©
(c) 72 posterior estimation history. Ho- (d) p (73|D:) posterior at t = Nops. Ver-
rizontal dashed line represent the para- tical dashed line represents the parameter’s
meter’s "true" value. "true" value.

Figure 10.2: State and parameter (72) posterior estimation for a M = {P (1)}
PoDLM using N, = 10° using the Storvik and PL filters.
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Chapter 11

Smoothing

11.1 Rauch—Tung—Striebel Smoother

So far we have considered the case of online filtering to determine the state posterior given
the data up to time point ¢, that is p (6¢|D;). When dealing with Gaussian DLMs, this
estimation can be performed using the Kalman Filter as described in Chapter 4. We might
be interested, however, in estimating the state’s posterior given the totality of the data

Dr, p(6¢|Dr) for t < T, a method usually called smoothing.

In this chapter we will focus on the Rauch-Tung-Strieble (RTS) smoother, first intro-
duced in Rauch et al. (1965). The RTS smoother is a fixed-interval smoother!, meaning
that the state’s posterior estimates will be calculated given the whole of the data, Dp. The
RTS smoother provides the optimal smoothing solution for Gaussian DLMs and makes use

of the state filtering estimations resulting from the Kalman Filter.

Considering, as in Chapter 4, that at time t the state estimate is given by the KF
estimate in (4.13):
Ot\Dt ~ N (mt, Ct) y

the RTS smoother will provide us with the state smoothed estimation given the totality of
the data, that is:
0,/Dp ~ N (rht, Ct) . t<T, (11.1)

where my; and C; represent the first and second moments respectively of the smoothed

posterior at a given time ¢t < T'. To establish these moments, we can start by stating that

LOther smoother types include fixed-lag and fixed-point smoothing, not considered in this thesis.
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the smoothed posterior is
p(0:|Dr) = /p(0t70t+1|DT)d0t+l- (11.2)

To determine the joint p (0¢,0¢11|Dr) we can first determine the state’s predictive
density given the entirety of the data Dp. Due to the Markovian nature of DGLMs
described in (2.12) (that is 8; 1L (Dp\Dy) |0¢+1), it follows that

p (6040141, Dr) = p (610141, Dy) - (11.3)
We can refactor (11.3) as

p (046141, Dr) = p(6:]0111,Dy) (11.4)
P (01, 0141|Dr)
p (9t+1\Dt)
P (0141|101, Dy) p (6+|Dy)
p (9t+1|Dt)
P (01+1161) p (0¢|Dy)
p (9t+1|Dt) .

Considering the smoothed posterior as in (11.1), we can consider the posterior at time
t+1 as
0041 |Dr ~ N (ﬁam, Cm) . t+1<T. (11.5)

This allows us to rewrite the joint distribution p (0, 0.+1|Dr) as

p(0:,0:11/Dr) = p(6:/0141,Dr)p(0:41|Dr)

= p(0¢0:11,Dy) p(0441|Dr)
p(0:11]6:) p (0¢|Dt) p (0141|Dr)
P(9t+1’Dt) '

Replacing this result in (11.2), we then have

/p(9t+1!9t)p(Gt\Dt)p(OtH\DT)
p (9t+1\Dt>
p(0141]01) p (0141|Dr)
P (0441|Dy)

p(6:|Dr) d6i4+1

— p(0t|Dt)/ d0t+1- (116)

For a Gaussian DLM, we seen in Chapter 4 that the filtering density is given by (4.13)

b (0t|Dt) = N(0t|mt7 Ct) .
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We can identify p (64+1]0:, D;) as the predictive density (4.9) from Chapter (4) which
is provided by

p(0:4110,,D;) = N |6:41]Gmy, GC,GT +W
N~ 7,-/
at+1 t+1

= N (01]at+1, Retr) -

We can then express the joint posterior as

p(0¢,0:41|Dy) = p(0441|0:,Ds) p (04| Dy)
= N(0t+1|at+17Rt+1)N(0t|mt7Ct)-

Using standard Normal theory, as described in (4.2), we can then write the joint density
p(04,0141|Dy) as

0,5 E [Ot’Dt] Var [Ot’Dt] Cov [Ot, Ot]
p(0t70t+1‘pt) = N )

_0t+1_ E [0,54,_1 |0t] Cov [Bt, 0t+1]T Var [0t+1 ‘Ot]

Ot my Ct CtGT

10iv1] | \ar GC Ry

Since, as stated in (11.4), p (604|041, Dr) = p (040111, D;), by using the rules presented in
(4.3) and (4.4) we can write (11.3) as

p(0t|0:11,Dr) = p(6:0141,Dy)
= N (0:|E[0:|0111, D], Var [0;]01+1,Dy])

where

E [0t|0t+17 Dt] = E [Gt\Dt] + COV [0,5, Ot] Var [0t+1 |0t]_1 (0t+1 —-E [0t+1|0t])

= my -+ CtGTR;_ll (0t+1 — at+1) (117)
———
B¢
= my + By (0t+1 — at+1) , (118)
with
B, = CG,G"R, (11.9)

139



Chapter 11. Smoothing

and

Var [0,5’0154,_1, Dt] = Var [Otﬂ)t] — Cov [Ot, Ot] Var [015.;,.1 ]0t]_1 Cov [Bt, 0t+1]T
= C;—BiRi11B]. (11.10)

In order to write the joint posterior of 8, 0,41 given the entirety of the data, p (0, @¢4+1|Dr)

we can factor it as

p(01,0011|Dr) = p(0410¢41,Dr) p (0111|Dr) -

We can now use the definition of p (6¢|6;+1, Dr) in (11.8) and (11.10) and p (6441 |Dr) from
(11.5), such that

p(60:,0:1|Dr) = N (my+ By (0141 —a41),Cp — BiR11BY)

x N (th_l, 6t+1) .

Using the definition of (11.8) and applying once more the rule in (4.3) we can then
write the joint posterior p (8, 0;+1|Dr) as

0t+1 E [0t+1 |DT} Var [0t+1 |DT] Cov [Ot, 0t+1 |DT]
p(0:,0041|Dr) =N ;
| 0: ||\ E[6:Dr] Cov [8;,0:+1|Dr]"  Var [6,|Dr]
'0 7 my
t+1 —
= N “ y P )
| 6 || | mu+ By (Myy1 —ag4)
b
with
Cir Ci1BT
~—~ ——
P= 4 ¢
B:Cir1 BiCis1BY + Cp — BiR1 B
——
cT B

The marginal distribution p (6;|Dr) will then be

p(0¢Dr) = N (ﬁln Ct) )
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my, Co m;, Cy m;_q1,Ciy

my, C; my7_1,Cr_y

smoothing

Y1 Y2 Yt—1 yr

Figure 11.1: Illustration of the RTS smoother.

with

my = my+ B (M4 —ag)

G = G+B (Ct+1 - Rt+1) B/.

From this result, it is clear that the RTS smoother needs to make use, as mentioned

previously, of the KF filter estimates (to provide m; and C;), proceeding in a backward

recursion from the last time step ¢ = T, as can be seen in Figure 11.1.

condition for the smoother we define

mr = 1mr

Cr = Cp.

The full algorithm for the RTS smoother is presented in Algorithm 11.1.

Example. RTS smoother for a M = {P (1), F (75,1)} NDLM.

As an initial

In this example we consider a M = {P(1),F (75,1)} NDLM (period p = 75 for
the seasonal component), with parameter set & = {W,V'} = {diag (1.5,0.1,0.1),4.3}. The

T
initial state for the KF filter was 6y ~ N < [0 0 0] ,10I3 |. The full model specification

141



Chapter 11.

Smoothing

Algorithm 11.1 Rauch-Tung-Strieble (RTS) smoother

initialisation (¢ = 0)
Set 90 ~ N(mo, Co)
For t=1—-T

Run the KF recursions according to Section 4.
Store {R;,m;,C;}
Set

0
!
I

Cr

For t=(T—-1)—1

Calculate

B = GG'RY

mi = my -+ Bt (Iht—i-l — Gmt)

G = G+B (CtJrl — Rt+1) BY

is

Y101, & ~ N (FT0;,4.3)

0:0:_1, P ~ NGO, 0 01 0

_0 0 01_
o= 1o
-1 0 0 _
G = 0 cos%r sin%
_O —sin%r cos%r_

A realisation of Ny, = 100 was simulated and is presented in Figure 11.2a. An initial state

estimation using the Kalman filter was performed and the resulting moment estimations,

{my, Ct}thl, stored in order to proceed with the smoothed state estimation by the RTS

smoother. The resulting estimates are presented in Figures 11.2b, 11.2c and 11.2d.
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Figure 11.2: State components ({601,62,03}) estimated using the Kalman filter
(red) and RTS smoother (green) and realisation’s observations (top left) for a
M = {P(1),F(75,1)} Normal DLM. Solid colour lines represent the filtering/s-
moothing density mean and shaded areas the 90% CI. Dashed line represents the
realisation’s state mean.
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Chapter 12
Expectation-Maximisation

To estimate the parameter set @ = {W,V} in a NDLM, as specified in Section 2.3.1, we
can apply the Ezpectation-Mazimisation(EM) method as described in Shumway & Stoffer
(1982). The EM algorithm is an iterative algorithm used to estimate unknown parameters

and can be considered as specific class of maximum likelihood estimation methods (MLE).

If we consider the augmented data as

Yr ={Dr,Or}, (12.1)

with, as previously, Dy = {y1,vy2,...,yr} and O = {0, 01,...,07}, the EM aims at
(starting from an initial parameter set @g = {Wy, Vp}) iteratively maximising the condi-
tional expectation of the log-likelihood of (12.1) conditioned on the total data, Dp, and

the previous parameter set, that is

Boy [t (Vr|®) [Dr, @00 j=12,.. (12.2)

The EM algorithm consists of two steps, namely the Expectation Step (E-step) and the
Maximisation Step (M-step). The E-step consists of calculating the expectation in (12.2).
In the second step, we maximise the result obtained in the E-step conditioned on @ by

calculating
&) « arg maxgEo, ¢ (Vr|®) |Dr, 9V,

These steps are iteratively computed until some convergence criteria is reached, in essence
interpreting the parameter estimation as a model optimisation. A typical criteria will
depend on the actual relative change of the parameters when compared to a minimum

threshold e. For instance, if we consider the parameter set & = {®y,...,P,}, at a certain
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iteration step j, the relative change will be

4553) @Z(j niy"
0P =max{ ——— ,
i &)
¢ i=1
implying a stopping criterion of
0P < e

Each iteration of the EM algorithm is guaranteed to increase the marginal log-likelihood.
It will therefore converge to a local mode. When applied to the NDLM case, the EM

method guarantees convergence according to Wu (1983).

To define the EM algorithm for NDLM, we must first be able to calculate the conditional
expectation in (12.2), which for a Normal DLM we can do analytically. From Section 2.3.1

we know that the general Normal DLM can be written in the form

|0y, & ~ N (FT6,,V)
0.0, 1, % ~ N (GO _1,W).

Using the definition for the Normal PDF for the multivariate case in (4.1), we can then
reformulate the above NDLM as

T, ,_
p(y:l0:®) = Y eXp{ —F10:)" V7 (1 - FT@t)}
!V|

—GO,_) "W (g, — Gatl)}

l\D\H

p(600i—1,P) = k exp{
) W

We will use here the multivariate version for the observation equation. This is will not

alter the final result since this is simply a general formulation of the univariate case.

The likelihood of the augmented data can be factorised as
p(Vr) =p(Dr,0r) =p(Dr|Or)p(Or).

We know that

T
p(©r) = p(6o)[[r(6:]6:1) (12.3)
. t=1
p(DrlOr) = [[pwl6r). (12.4)
t=1
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However, due to the Markovian nature of DGLMs, as specified in Section 2.1, we can
rewrite (12.3) and (12.4) as

p(©r) = p(80) [ (6:/6:1)
t=1
T

p(DrlOr) = [[p(wl6:).

t=1
Consequently, the likelihood of the augmented data in (12.1) can be written as

T
L(Yr|®) =p(60) [[»(6:16:-1)p (1:16:)

t=1

Since the we consider an initial state prior also in the Normal form, that is
90 ~ ./\/‘ (mo, Co)

we also consider p (01|6g) = p (61|my, Cp) to have the Normal form, that is
1 1 e
p(91) = 7kexp ) (91 - mo) Co (Gt - mo) .
(2m)" |Col

We can further simplify the likelihood of the augmented data by working with the log-
likelihood, that is calculating

t(r|®) = log{L(Vr|®)}

= —% |Co| — % (60 — mg)" Cy! (8o — my)
Lo W) — 12T: {(at —GO,_)TWL (8, — GaH)}
2 2 2
L iog v - 1i {(yt —FT0,)" v (y, — FTOt)}
2 2 2

If we express the conditional expectation in (12.2) as function of 3" (the estimated

parameter set at iteration j), we have

Q (45,&5(‘7)) =E[t(r|®) |DT,$(j)} . (12.5)
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According to Shumway & Stoffer (1982), by defining the conditional mean and covariances

m; = E[6,Dr]
Ct = Cov [Gt]DT]
Ciy—1 = Covl0:,0,1|Dr],

we can further simplify (and using the notation in Shumway & Stoffer (1982)) the condi-

tional expectation on 12.2 as

Q (@30)> = -3 |C0\ *tr {Cal (Co + (my — my) (Mo — my) )}
—g log |W| — %tr {w=t(c-BG" - GB" + GAG")}
T
—Elog V]

T
—%tr {v—l ; [ (e — FTaie) (e — F7xng) "+ FTC/F| } (12.6)

where

o~
I
N

(Ctﬂ + ﬁltqﬁltT_l)

#
Il
—

1
B

(ét\t—l + ﬁltﬁltT—1)

I
N

Il
B

(Ct + ﬁltﬁl;f)

i
I\

and tr(-) is the trace function. As noted in Shumway & Stoffer (1982), to calculate the
analytical form of (12.6), we made extensive use of the identities derived during the RTS
smoother analysis in Chapter 11 on page 137, since we are calculating the expectations
in (12.5) of, for instance, the states 6, not conditioned on the data up until time ¢, but
rather conditioned on the entirety of the data, that is 6;|D7. This is will be, by definition,

a smoothing problem and the calculation of (12.5) will rely namely on smoothing quantities

m,; = EI[6,Dr]

¢, = E[6,0]|Dr]
Cio1 = E[6,.167,|Dr]
Ct\tfl = E[ 10— 1’DT]

It is clear from (12.6) that for the E-step, not only we will need the values provided
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by RTS smoother for the expectation calculation, but also, implicitly the KF estimates so

the smoother can be evaluated.

The maximisation step (M-step) will consist in maximising the conditional expectation

in (12.6). Since the logarithm is a monotone function, that is

arg max {log [f (-)]} = argmax {f ()},

we can calculate the first order partial derivative of (12.6) with regard to the parameters
and set it to zero. Solving this in function of parameters will provide the values that

maximise (12.6). As such, we calculate

20 (ng(j))

OW =0
20 (@,QAS(j))
v T 0-

For the W we can simplify the calculation by calculating the derivative with regard to
W~ such that

20 (45, és(j))

oW1 =0

T

T
T 1 - - - -
§W ~3 (; (my — Gymy_q) (my — Gtmt—l)T + Lt) = 0

where

L = C + GG, 1GT — B! ,GT — GB,_,C7,

and By as defined in (11.9). Solving in order of W results in the new parameter estimate

at step

T

, 1 _ _ _ _

WU — T <§ (M — Gy ) (Mg — Gtmt—l)T + Lt) 5
t=0

which maximises (12.6) with regard to W. With respect to V, we calculate

8@(45,350)) .
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therefore the value which maximises (12.6) with regard to V is

T

V(j+1) = T—1+- 1 (Z {(yt - FTIht) (yt - FTﬁlt)T + FTCtF}> .
t=0

Some limitations of the general EM method include the fact that it stabilises when
converging to a local maximum of the likelihood (which might not necessarily be the
global maximum) and the fact that it only provides a point estimate of the the parameter
set (although, according to Shumway & Stoffer (1982), perturbing the likelihood near the

maximum may allow for the calculation of standard errors) which maximises the likelihood.

The full EM algorithm is defined in Algorithm 12.1.

Example. EM for a M = {P (1), F (200,1)} Normal DLM

For a simulation of the EM parameter estimation, we have chosen a Normal DLM with
a locally constant component composed with seasonality. The locally constant component

had a state variance W = 1.5 and the seasonality consisted of h = 1 harmonics with a

1
period p = 200 and a variance of W = . The observation variance was V = 1.11.

0 1
We can see the data for a realisation for N,,s = 2000 of this model in Figure 12.1a. This

corresponds to a model in the form

Y101, & ~ N (F10,,1.1)

1.5 0 0

0,16, 1,P~N|GO_1,| 0 1 0

The initial parameters for the estimation were set at

10 0 O

Vo = 10, Wo=10 10 0

The EM algorithm converged after 902 iterations using € = 0.001 and the final values were
V = 1.210648 and diag (W) = [1_7400 0.9765 1.3361]7 with a running time of 9.102

seconds. The estimation values for each iteration can be viewed in Figure 12.1.
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Algorithm 12.1 Expectation-Maximisation (for NDLM)

initialisation
set a value for () = {W(O), V(O)}
set a convergence threshold €
set j =0

while §P > ¢

(E-step)

calculate {my,C;}_, using the Kalman Filter conditioned on ()

calculate

(M-step)

calculate the new parameter W0+1)

1

-~ T .
{rht, Ct} using the RTS smoother conditioned on ®U)
t=1

T
(WA T (Z (m; — Gymy_q) (my — Gtﬁltq)T + Lt)

t=0
calculate the new parameter VUt

T

CT+1

t=0

vy - L (Z {(yt —FTxiy) (e — Flaig) ' + FTc”:tF}>

set BUH) = (W), Y61}

set j+—7j+1
calculate relative change

0P = max
7

‘q)(j) _ gl

)

o0

v i=1
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Figure 12.1: Observations (top left) and EM estimation history (for n = 902 itera-
tions) of @ = {W, V'} for a realisation of a M = {P (1), F (200,1)} Normal DLM
with Nops = 2000. Horizontal dashed line represents true parameter value.
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Particle Markov Chain Monte Carlo

An additional class of methods to perform offline state and parameter estimation is Particle
Markov Chain Monte Carlo (PMCMC), introduced in Andrieu et al. (2010). PMCMC
methods represent a valuable tool to perform inference in state-space models with proven
theoretical results and have been chosen to be the “gold standard” for subsequent compar-

isons in this thesis.

If we consider, in a state-space model, the joint distribution of parameter, states and

observations, p (®,0,Dr), we can factor it as

p(®,0,Dr) =p(@)p(6|®)p(Dr|6,P). (13.1)

A standard approach to estimate the parameter posterior p (®@|D;) would be to use
Markov Chain Monte Carlo (MCMC) methods. The states can in principle be marginalised

in order to obtain the observation’s marginal likelihood, such that
p(r1®) = [ (618 (Drl6. ) do, (13.2)

and the (ideal) Metropolis-Hasting method could be used to estimate the parameters. The
Metropolis-Hastings (MH) algorithm is a fundamental (and possibly the most popular
MCMC method; Sherlock et al. (2015)), where assuming we want to estimate a target
distribution

7 (®) = p(®|Dr),

the MH algorithm will consist (in general terms) of sampling a proposed parameter &*
from a proposal distribution, conditioned on a previously accepted parameter, @', such
that

P* ~q (45*@’) .
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After calculating an acceptance probability A as

(@) q(#]9)
A= N @ (@)
(@) p(Dr|#) ¢ ()57)
= @) p (D) g (@] F) (133)

we either accept the new parameter ¢* with probability A or keep the previous value &'
Firstly, we can see from (13.3) that we must be able to calculate the marginal likelihoods
p (Drl|-). Secondly, we can also see that by using a symmetric proposal distribution, that
is

((B157) = g (7|5,

we can simplify the calculation of the acceptance ratio into

p(®") p(Dr|®”)
p(®) p(Dr|®*)

A=1A

A typical' proposal distribution is a multivariate normal random walk centred on the

previous parameter values @’ with a defined variance X, such that

ﬁ* ~ q (@*‘é/)
~ N (8%¢,X).

Such a distribution is symmetrical and allows for a simplified acceptance ratio calcula-
tion. In possession of the likelihood (13.2), new parameters @* could be estimated using a
(general) Metropolis-Hastings algorithm such as presented in Algorithm 13.1 on page 155.
As we can see from (13.3), the MH method allows parameter proposals to be accepted
when they cause the target (the posterior in this case) to be higher or if we have the same
probability, if the likelihood change is small enough, enabling the sampler to visit regions
of higher likelihood more frequently. To quantify the efficiency of the MH method, two
heuristic measures are useful, namely the auto-correlation function (ACF) and the effective
sample size. According to Liu (2002) the lag-k ACF for a stationary stochastic process
{Mt}thl is defined by

Pr = COrT (M(l),M(k+1)) . (13.4)

Lower auto-correlations are of course desirable, since this will indicate a lower amount

! According to conventional MCMC theory (Roberts & Rosenthal (2001)), the optimal proposal step
for a NV (0,1,) target can be set to X, = (A\*/p) I, with A = 2.38.
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Figure 13.1: MH sampler trace and k-lag ACF for simulated @ parameters repres-
enting low correlation (left) and high correlation (right)

of correlated (hence dependent) samples. A measure closely related to the ACF, is the
(Monte Carlo) effective sample size (MCESS, Brooks et al. (2011)), which will provide an
heuristic estimate for the number of independent samples produced. The MCESS can be

defined as
n

L4+23707 ok’

where n is the total number of samples and py, is defined in (13.4). It is clear that as the

MCESS =

auto-correlation increases, MCESS will be lower, whereas in the limit if all the samples
are independent (implying pr = 0 for k£ = 1,...,00), then the MCESS would be n, the
totality of the samples. An illustration of the quantities applied to simulated @ parameters
with respectively low and high correlation are presented in Figure 13.1. Two additional
approaches can be used when performing posterior estimation, namely burn-in and thin-
ning. Burn-in is performed by removing the initial portion of the samples, that is, the
initial values of the chain before it converges to a stationary region. This approach aims
at minimising the impact of those samples in the final posterior estimation. Thinning is
performed by only keeping every nt" sample, with n > 1, for the posterior estimation. The
main goal is reducing the storage costs (however, if the parameters are highly correlated,

thinning can potentially help with producing a less dependent final set of samples).
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Algorithm 13.1 Metropolis-Hastings
initialise n =1

for n>1

propose ®* ~ g <-|d5("71)>

calculate
¢ (2" |@") p(8*) p (Dr|@")

q (¢*I¢(”_1)> p (45(”_1)> p (DT@("_”)

accept #") = &* with probability A or reject $™ = $—1).

A=1A

In the context of this thesis, especially with non-linear DGLMs, p (Dr|®) is not avail-
able. However, as we have seen in Section 6.1, SMC methods (such as SIR) can be used

as an unbiased estimator of p (Dp|®) by calculating

TN
p(Drl@) ~ [ > @y
t=1""P =1

~p(Dr|®).

PMCMC methods build on the principle of using the SMC approximation p (Dr|®) to
approximate p (Dr|®). To better illustrate PMCMC we start with describing an imple-
mentation known as the Particle Independent Metropolis-Hastings (PIMH) following the
algorithm presented in 13.2 on page 157. This method, presented in Andrieu et al. (2010)
aims at estimating p (6o.7|Dr, ®), that is, we assume the parameter set @ is known. This
method, as noted in Andrieu et al. (2010), although not a serious competitor to SMC state
estimation, still provides a valuable insight on the workings of PMCMC methods.

We start by introducing a notation for a generic particle filter where
. . .Y
{000 aluly} " ~PF(Dr.@).

As we have seen from Section 6.1, a general particle filter will at time ¢ provide an ap-

proximation to the marginal posterior p (6;|D;) with a discrete set of particles and weights

@ @OV : TS @ 6 "
{Ht , Wy }iZI. At time ¢ + 1, the approximation will be {0t+1,wt+1} . The ancestors

of the particle set at time ¢ 4+ 1 will be direct mapping from the each particle Ogi) to the
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Figure 13.2: Trajectories in a general particle filter (solid lines) with a sampled
trajectory (red line).

transitioned particle 0&21. If no resampling occurred, the mapping will be agl =4, and if
resampling occurred, some particles will probably share “parent” particles. A direct lineage
from the last set of particles at t = T to the original set of particles at ¢ = 0 is usually
called a trajectory. We will define the complete set of variables produced by the particle

YN,
filter, that is, the set of particle trajectories, {OéZ)T} 5 along with its respective weights
t)i=1

N N
{w(()z)T}z; and particle ancestors, {agzzf} " as the output of the particle filter. An illus-

tration of the “surviving” trajectories is pzrzéented in Figure 13.2. It is important to note
that within the context of PMCMC methods, the resampling strategy applied must satisfy
the unbiasedness criterion as specified in Section 7.3 on page 87. As detailed in Andrieu
et al. (2009), we can consider the resampling operation as the method to which particles
at time ¢ “choose” their ancestors at time ¢ — 1 as function of the parents’ weights w;_; as

defined in (7.4), that is with probability

R (.{ gz}jﬁ) .

The joint distribution of these variables, conditioned on a set of parameters &, can be

denoted as

Yo = PF(Dr,P) (13.5)
)G AR
= {Gé:)I“’agz)T’w(():;“}izl’ (136)
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and our target distribution, in this case will be

q(00:7) = p(60:7|Dr, P) . (13.7)

Algorithm 13.2 Particle Independent Metropolis-Hastings
initialise n =1

run a particle filter, sampling 08:),, ~ p (0.7 |Dr, D)

calculate the likelihood /1) = -, N%, Zf\;pl wii)
for n>1

run a particle filter, sampling 63.; ~ p (8o.7|Dr, P)

caleulate the likelihood 2* = [T/, &= 517 w”

calculate the probability

o~

*
A=1n 1
¢(n)
with probability A
accept 9((;1% = 0}, and n) — p

or reject 087% = 98}_1) and () = ¢{n=1)

In this case, since it is not possible to sample directly from (13.7), the sample from an
extended proposal distribution which will include all the variables produced by the SMC
approximation, is denoted as 1g in (13.5). Still according to Andrieu et al. (2009, 2010), by
sampling an index k from the particle filter’s last stage weights with probability {wT}ZJ»\f:”1
(as illustrated in Figure 13.2) and the corresponding particle Hgic ) and denoting the set of

OV simulated values as
0, =(6;,67,...,0)) c OV,

then the joint distribution of all particle filter generated values in (13.5) will be
p— p— p— k p— p— p—
q (k7017027' .-,BT,CLl,CLQ,---,,(IT) = wgﬂ%ﬁ (017027"' ,HT,CZI,CZQ,. : "7aT) .

Andrieu et al. (2009, 2010) proves that by following this procedure we are producing a
sample from the proposal (13.7), such that the PIMH target is 7 (k, 0,,05,...,07,a1,a9,...
with a proposal ¢ (k,@l,gg, ...,0r,a1,a9,...,, aT), therefore allowing us to calculate the
acceptance ratio in Algorithm 13.2. If we consider that as the number of particles in the
SMC estimator N, — oo, so will p(0o.7|Dr,®) — p(0o.7|Dr,®P) as consequently the

acceptance ratio A — 1.
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We are, however, interested in the estimation of the joint posterior of states and para-
meters, p (P, 0y.7|Dr) for which a particular method called Particle Marginal Metropolis-
Hastings (PMMH) can be used. Since we know that the target distribution can be factored

as

p (P, 00.7|Dr) = p(@|Dr) p (00:7|Dr, P) ,

our MH proposal distribution could take the form
q(®",057) = ¢ (P*|®) p (65.7|Dr, D7) .

In this case, we would have a similar procedure to the PIMH, but now with an accept-

ance ratio (for the idealised scheme) of

p (é*’ HE:T’DT) q <¢7 96:T‘¢*a DT)
p(®,057|Dr) ¢ (87, 605.7|®, Dr)
p(Dr|®*) q (2|P7)
p(Dr|®) q (P*|®)

A = 1A

= 1A

In Andrieu et al. (2010) it is proven that PMMH leads to convergent algorithms and
a notable property is that it leaves the distribution p (@, 8¢.7|Dr) invariant. Although
theoretically the PMCMC will provide an exact estimation of the target distribution for
any unbiased likelihood estimator with a number of particles N, > 1 (Andrieu et al.
(2009)), its efficiency will depend on the variance of the estimator. A higher number of
particles could result in a better chain mixing, since in theory the variance of the likelihood
estimator will grow linearly? with 7. The choice of an appropriate number of particles N,
for the particle filter and also the scaling of the innovation variance in the random walk
proposal are then very important aspects with a direct impact in the efficiency of the
PMMH method. In Sherlock et al. (2015) it is advised that N, should be such that the
variance of the log-posterior is approximately 3. This can be calculated by performing
a PMMH test run in order to calculate the variance of the log-posterior and selecting
the number of particles accordingly. Still in Sherlock et al. (2015), the scaling, ~, of the
innovation variance should be v = (2.382/d), where d is the dimension of the target. A

general algorithm for PMMH is presented in Algorithm 13.3 on the next page.

Another method worth mentioning is Monte Carlo within Metropolis (MCWM), an
alternative (approximate) version of PMMH. MCWM follows in essence the same approach
as PMMH with the major difference that at each iteration, instead of keeping the marginal
likelihood estimation from iteration n — 1, that is £~ Y = p (DT\QS(”_I)), this likelihood

2suggesting the number of particles for the particle filter estimation, N,, should also grow linearly with
T.
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is recalculated independently along with ¢*. That is, at each iteration n, we calculate both

=1 _ MDT@(M))
* = p(Dr|®*).

As mentioned in Andrieu & Roberts (2009), although the invariant distribution of MCWM
is not 7 (®), the samples generated by this method will be asymptotically distributed
according to an approximation of 7 (&) increasing in precision as the number of particles NV,

increase. A general algorithm for MCWM is presented in Algorithm 13.4 on the following
page.

Algorithm 13.3 Particle Marginal Metropolis-Hastings
Initialise n =10

sample ) ~ p (P)
run a particle filter to estimate p (GO:T’DT, gIS(O))
sample 0(()?)T ~ ﬁ<.|DT7 @(0))
calculate /() = ﬁ(DT@(O))
Iteration n > 1

sample & ~ ¢ (-\45("_1)>
run a particle filter
sample 60(.; ~ p(-|Dr, )
set (' =p(Dr|®)
calculate Metropolis-Hastings ratio

Op (@) q (20|e)

A pn=1)p (¢<n—1)) q (@@(n—l))

accept {601, 8"} = {07, '}, (1) = 1"
or reject {9(()7%,45(”)} = {9(()7:}_1),45("_1)}, () — p(n=1)

Example. Poisson AR(1) DGLM
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Algorithm 13.4 Monte Carlo within Metropolis
Initialise n =0

sample &0 ~ p(P)
Iteration n >1
sample &' ~ ¢ <-|45(”71))
run a particle filter
sample 6(.; ~ p (-|Dr,®’)
set (' = p(Dr|P)
sample Og.7 ~ p (-]’DT, 45("_1)>
set ("1 = ﬁ(DT@("fl))
calculate Metropolis-Hastings ratio
Op (@) q (20|@)

A ¢((n=1)p (4i(n—1)) q (qs’,gs(n—1)>

accept {07, "} = {07, @'}, () = ¢
or reject {ng%,sﬁ(")} = {08?;1)745("_1)}7 () — p(n—1)

The Autoregressive of order 1 (AR(1)) Poisson DLM can be specified as

yt’et ~ Po ()\t)
)\t = exp {gt}
04|01, D ~ N(a+69t_1,72)

where o and 3 are regression coefficients, in this case considered static but unknown. The
parameter set used for the realisation of the N, = 2000 observations seen in Figure 13.3
was @ = {7’2,0z,ﬁ} = {1.5,0.7,0.3}. For this model we can implement PMMH using a
standard bootstrap filter (i.e. an SIR filter using the model’s transition p (]6;—1) as the
importance density) with N, = 3000 to approximate the likelihood. The proposal step
used was

diag (¥) = (0.1,0.1,0.1) .
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Figure 13.3: Observations yi.n,,, and states 6p.n,,, for a realisation of a AR(1)
PoDLM with & = {72, a, 8} = {1.5,0.7,0.3}.

The priors used were

T o~ IG(1,1)
ag ~ Beta(l,1)
Bo ~ Beta(l,1).

Represented in Figure 13.3 are observations, y;.7, and states, 0y.7, for a realisation of

the above model.

In Figure 13.4 we can see the traces for the parameter set @ = {a, B, 7'2} corresponding
to n = 219595 iterations of the PMMH sampler. The burn-in period discarded was of
1000 samples after which a thinning factor of 1000 was applied, resulting in a final set
of 2186 samples. The MCESS for the parameter set & = {a,ﬁ,72} was respectively
MCESSg = {1477.8,1161.4,925.9}.

For comparison, MCWM was applied to the same data, using the same parameter
priors as for the PMMH. The same likelihood estimator was used (a SIR particle filter
with N, = 3000 and sampling from the prior as a proposal density) as well as the proposal
step. The MCWM traces and k-lag ACF plots are presented in Figure 13.8 and a marginal
density for @ at time ¢ = T is presented in Figure 13.9. A comparison of the latent state
estimation for both PMMH and MCWM is presented in Figure 13.7. We can see from
Figure 13.9 that the estimation of the parameters’ posterior is consistent between both
methods in this case and from Figure 13.7 we can see that the mean state’s estimation is

practically identical.
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Figure 13.4: AR(1) PoDLM PMMH traces (top) for & = {a,ﬁ, 72}. True paramet-
ers as the red horizontal line. k-lag ACF plots (bottom)
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Figure 13.5: AR(1) PoDLM PMMH parameter posterior densities (normalised to 1)
for & = {a, B, 7'2}. True parameters as the red vertical line.
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Figure 13.6: AR(1) PoDLM PMMH state posterior mean estimation (red) and true
state from the realisation (black).
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Figure 13.7: AR(1) PoDLM PMMH and MCWM state posterior mean estimation
and true state from the realisation (black).
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Figure 13.9: AR(1) Poisson DGLM PMMH and MCWM parameter posterior dens-
ities at t = Nops (normalised to 1) comparison for & = {a, 3,72 }. True parameters
as the red vertical line.
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A method presented by Chopin (2002) to perform sequential (but not online) state and
parameter estimation is the Iterated Batch Importance Sampling (IBIS) algorithm. For
parameter estimation, IBIS targets the posterior 7 (®|D;), provided some conditions are

met regarding the actual model.

Chopin (2002) proposes that inference about the parameter posterior can be calculated
in batches
i (®|Dy) , k=1<---<t<- - < Nops,

where py, (®|Dy) indicates the partial posterior up until ¢ = k.

Chopin (2002) states that, considering the first batch of observations Dy,, using a
particle system targeting to perform inference on p, (®@|Dy, ), we can assume that whenever
a new batch of observations is available, Dy, (with ko > k1) then it is likely that

Pky (¢|,Dk1) ~ DPks (ds‘Dkz) .

With this new batch of observations, importance sampling can then be applied to the
particle system with importance weights defined by
p(®|Dy,) _ p(Dy,|P)

: ks D).
o p(®|Dx,) * p (Dy, |P) 0 P Yoy +1:ko Y1k P)

To minimise weight degeneracy, the current particle set is built on a resample-sample

framework, where resample occurs whenever the ESS falls below a certain threshold. In
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the case of IBIS the ESS is calculated as

(14.1)

As seen in Section 7.1.1, resampling methods will help with degeneracy problems, but
will introduce particle impoverishment. To address this problem, Chopin (2002); Gilks
& Berzuini (2001) perform a particle rejuvenation step by use of a Markov kernel. If we
consider a Markov kernel K; with a stationary distribution, then at the sample stage (after

resampling) the parameter particles will be simulated from

Ng
() 1 (4) (4)
&)~ > w K, (8, dd) .

sz\fl wt( ) i=1 ( )

A common choice of K} is a random-walk Metropolis-Hastings (MH) such as
D ~ N (P, X))

with X proportional to the Ng parameter particles variance!

Y = kVar [Sptu)tfl] .

One of the constraints is that given the parameter prior p (@) and the observations D,

we are able to calculate the likelihood

p (Y| De—1, D). (14.2)

If we are able to calculate (14.2), then a sequential importance sampling approach is taken

where a discrete set of Ng parameter particles will approximate the posterior p (®|D;). To

. . ®
do so, we assume that at each time ¢, the approximation at time ¢t — 1, {@91, wt@l} ,
i=1

A Y
is updated to {@gl), wiz)}' ? using importance weights proportional to the likelihood in
(14.2):

(4) p(P|Dy)
p(@|D—1)
o p(y|Di-1,P).

As seen in previous sections, resampling introduces a particle impoverishment problem

!For a different approach, where the kernels can be chosen adaptively, c.f. Fearnhead & Taylor (2013).
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and one of the main characteristics of IBIS, as noted in Chopin (2002), is the introduction of
parameter particle rejuvenation. The new proposed parameters & can then be accepted

according to the acceptance ratio

r(2")p (D2} V) g (21 12;7)
r(2)p(Di2”) ¢ (2:"12")

A=min< 1,

Given the Ng particles, IBIS allows us (Chopin et al. (2013)) to know characteristics
of the target distribution:

- 1 N &
= 1 E (4) g (4)
no= i\fl ) w P\,

Although the likelihood in (14.2) is typically intractable, it is clear that one model for
which IBIS is directly applicable is the NDLM, since as we’ve seen from Section 4, the
incremental likelihood (14.2) can be easily calculated.? As detailed in (4.9), this will be
the KF’s predictive density:

P (Ye| D=1, P) =N (ys; fr, Q) -

In the NDLM case, the total data likelihood p (Dy|®), used in the MH acceptance ratio

can also be easily calculated, since

t

p(Did®) = p(i|®) [[pwklDi1, )
k=2

=TIV (e Qn)-

k=1

For this class of models, IBIS can then be implemented as a concurrent system of Ng

) Ne
Kalman filters, each conditioned on a parameter {45(’) } - applying the Kalman recursions
1=

of Section 4 to calculate p (yt]Dt_l, di(i)). At each time t, the set comprising the KFs first

and second moments, along with the importance weights and the parameters:

i) ~G6) 6 a1V
(.00 )

2For the moment, for simplicity we will drop the particle notation (i), later generalising the results to
a system of particles.
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are then sufficient to implement the IBIS algorithm allowing for the MH ratio to be calcu-

lated and new parameter proposed.

As an example we will look at a M = {P (1)} NDLM model, that is taking the form

Y0, & ~ N (6,0
00,1, D ~ N (6-1,7%).

The state priors used were mgy = 0 and Cy = 100. The parameters for the realisation
(Figure 14.1) are v?> = 4.2 and 72 = 2.3 and the estimation was performed using Ng =
10000. Assuming we have parameter priors of p (Tg) =7G(1,1) and p (1/3) =7G(1,1), at
each time point ¢ we calculate the new update KF moments according to (4.11) and (4.12)

for each particle

(@) (@) t (@)
m = 21+ ~ Yy — My
i i R0
o = R -5
Ry + 7

At time point ¢ the importance weights are calculated using the intermediate quantities f;
and @y such that

ol o [, 001+ 20120
——
Tt Q1

and the ESS calculated according to (14.1). If at any point the ESS falls below the

predefined threshold (in this case EST@@ = %), the particles are resampled (using multi-
(4)

nomial resampling) according to w; ’ and new parameters are proposed from a rejuvenation
kernel K; such that

oV~ N (2], )
¥ = Var [@ﬁ“ \Dt} .
The MH ratio is given by
(559 o (a0185) 1
p(#0)q (#0180) 1,

(14.3)

A; =min< 1,
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where

t
P =TIN e £, Q1)

k=1

t
Lo = [TV (ks fr Q)

k=1

and where {f}, QZ}ZZl and { fx, Qk}';:l ‘refer to the predictive density moments calculated
using respectively the parameter set @:(Z) and @Ez), using a batch size of p = 1. If we were
interested simply in parameter inference, it would suffice to keep a running total of the
marginal likelihoods. However, in the context of this thesis, since we are interested in both
state and parameter inference, it is necessary to keep the entire history of particles
. . . Ng . . . Ng . . i Ng
{{mg>, ¢ 2} {m.c. 80} fm a0 } ‘
i=1 i=1 i=1

An illustration of the estimation history for 72 and v? is given in Figures 14.2a and 14.2b

with vertical dotted lines indicating the time points where resampling occurred.

The fact that the entire history quantities must be stored for the rejuvenation step is
the reason why IBIS, although a sequential method, cannot be considered an online one.
The computation times will grow with ¢ making it infeasible to use it for long running
estimations. However, as stated in Chopin (2002), assuming a fixed degeneracy criterion
and that the efficiency of the move step is constant, the number of new points needed for
each new batch of observations will increase geometrically. This simulation performed is
consistent in this result as we can notice a decrease in frequency for the resampling stages
in Figure 14.3 (dotted lines). Regarding the acceptances of MH, we can also see from
Figure 14.4, that as expected, since we started from an uninformative prior, they fluctuate
considerably for the initial moves, but as the posterior py (®|Dy) tends to p (@|Dr) they

do stabilise in a consistent manner with the decrease of frequency of resampling stages.

This is clear from Figure 14.3 where we can see the cumulative running time of the
algorithm displaying a clearly non-linear increase, with considerable delays at the total
resampling points, where the total likelihood calculation occurs. In an online method, we

would expect to see a definite linear time increase regardless of the data size.

As mentioned previously, it is clear that one of the key requirements of the IBIS al-
gorithm is that we are able to calculate the incremental likelihood p (y(t+1):(t+p)|y1:t,d5).
Although this is possible for certain models (namely the Gaussian DLM) it may not be
possible for other types of DGLM. For those models, an alternate method, SMC?2, built
on the concepts of IBIS is available and detailed in Chapter 15. For the remainder of this

thesis, especially in Part V we will use the special case where the batch size is set to p = 1.
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Figure 14.1: Observations from a realisation of a M = {P (1)} NDLM with & =
{v?, 7} ={4.2,2.3}.
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Figure 14.2: Parameter posterior estimation history for 72 and v? (colour line rep-
resents posterior mean, shaded area 90% equitailed credibility intervaland vertical
line the rejuvenation stages) and (normalised) parameter posteriors at t = T for
a M = {P (1)} NDLM using IBIS with Ng = 10000. Dashed vertical red lines
represent the true values.
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Figure 14.3: Cumulative computational time for IBIS. Vertical lines represent the
resampling stages.
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Figure 14.4: Number of Metropolis-Hastings acceptances for rejuvenation step of
IBIS with Ng = 10000. Vertical lines represent the resampling steps.

Since the KF recursions play such a crucial role in the IBIS method, we will also
implement a variant of IBIS using the SVD implementation of the KF (as described in
Section 4.1).

14.1 Online IBIS

A possible solution to use the rejuvenation method of IBIS but in an online fashion is to
use a sliding window of observations, thus approximating the total likelihood by a partial
likelihood of the data. If assume we that

p(P|D) ~p (@’y(t_k):t)

for a sufficiently large window k > 0, we will not be targeting the correct posterior
p (®@|D;) but a good approximation p <@|yt,k;t). By discarding observations in the far
horizon, this will in essence amount to the estimation of an artificially dynamic parameter
@, that would be close to @. Not having to store the entirety of the information, but only

a subset, allows us to perform online estimation. Although, depending on the window size
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Algorithm 14.1 IBIS
initialisation

. . N,
draw {@él),w((f)} i ~ 7 (Do)

1=

set Neff
for t < 1 to Ny,

for i < 1to Ng

calculate the weights according to

wgz) & wt(i)lp (y(t+1):(t+p)|pt’ 4552))

if E9S < Nejy

resample { 45§i)7wt(i)}fl . {é(k)71}1¢1

draw ' '
égﬁpNKt‘i’p <@(Z)7) ) izla"'7N¢7

where K, is a transition kernel with stationary distribution 7.
set t =t 4 p and {1, w®}N2 = (*) 1}N7

k there will be a computational impact at each resampling step, it will now at least be
bounded and not growing along with the size of the data, effectively trading a computa-
tional cost at the resampling stage (for a constant number of particles Ng) of O (¢) in full
IBIS for O (1) in the online IBIS. The parameters will still be proposed from a random-walk
MH kernel such that

@:(i) ~ N<&5£i)72t>,
Xy = Var [égi)‘y(tfk):t]-

and the acceptance ratio will be calculated as in (14.3), but now according the partial data
likelihoods

t
Ly = [ N fQp)
n=t—k
t
Ly = H N(yn;fann)a

n=t—k
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where {fn, Qn}_, . and {fx, Qx}! _, , refer to the predictive density moments calculated
5+(1)

using respectively the parameter set &552) and &,

Using the same model and data as in Section 14 on page 165, that is a M = {P (1)}
NDLM taking the form

(66, %)

(0r-1.7%) .

yi|0p, @ ~ N
010i—1, D ~ N
The state priors used were g ~ A (0,100) and with parameters v? = 4.2 and 72 = 2.3.
The number of particles used where N, = 10%, the resampling algorithm was multinomial
resampling and the resampling criteria was ES’\Seff = %Np. The priors used for the
parameters were also the same as the example 14 on page 165, that is p (Tg) =7G(1,1)
and p (13) =ZG (1,1).

Using the nomenclature lsr_kp = {y(T—k),y(T—k+1), .. .,yT7}, we can see in Figure 14.5
the p (7’2\5]:}1) and p (1/2|25:kp) marginals using a range of window sizes k varying from 50
to Ngps/2 = 2500. Although, as expected, there is some variability we can see that the
even for very small window sizes (k ~ 50 observations) the mean value of @; is consistent
with the IBIS estimate using the entirety of the data (in red) although with some over
estimation of the variance for small window sizes. It is worth noting that in the limit
case where the window coincides with the totality of the observations, k = Ny, O-IBIS is
equivalent to IBIS. Since in this case O-IBIS will (as IBIS) target p <<15|Dt O”S) = p(P|Dy),
we should expect that the posterior estimation should match. We can see in Figure 14.5
and Table 14.1, that with the value of £k > 1500 the posterior estimation using O-IBIS
stabilises as k increases, providing an approximation consistent with p (@|D;) (using IBIS,

in red).

One of the characteristics of IBIS is that the resampling steps will occur with less
frequency the more data there is available to estimate the parameters. If we look at
Figure 14.6a, showing the total computational time in seconds for the online IBIS with
different k& window sizes, we can see that the cumulative time slope remains constant
approximately around k& = 1000. Although it is clear that with higher window sizes we
would expect (given the same number of resample-move steps) the computational cost
to grow, we can see also from Figure 14.6b that for very small windows (k ~ 50) the
resampling steps are much more frequent. After values of k ~ 1000, the number resampling

steps diminishes and remains almost constant.

It is important to note that there is no practical advantage in using very small window
sizes as it negatively impacts the quality of the approximation, but that by using a fixed

number of past observations has as its main advantage to avoid the computational cost
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Figure 14.5: p (72|Z~7§) and p <V2|'5]%) marginals for a sliding window IBIS for
different values of k. Estimation using IBIS with the entirety of the data (k = T')
in red for comparison.

to grow alongside with the number of observations and allow an online inference on the

model’s parameters.
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Figure 14.6: Total computation time and number of resampling steps for a M =
{P (1)} NDLM for IBIS with a sliding window for the observations using different

window sizes k.
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k 72 a k 72 Z8

75 | 4.4515 (0.6143) 2.2579 (0.4193) | 1425 | 4.2512 (0.3262) 2.2323 (0.2325)
150 | 4.3874 (0.6872)  2.1121 (0.495) | 1500 | 4.0436 (0.3919) 2.3379 (0.2947)
225 | 4.374 (0.7223)  2.1325 (0.5231) | 1575 | 4.0476 (0.3893) 2.3368 (0.2938)
300 | 4.38(0.68)  2.0477 (0.4961) | 1650 | 4.0782 (0.3789) 2.3516 (0.2919)
375 | 4.3593 (0.5799) 2.2704 (0.4159) | 1725 | 4.0814 (0.3743)  2.351 (0.2919)
450 | 4.33(0.3956)  2.1793 (0.2705) | 1800 | 4.0723 (0.3765) 2.3471 (0.2954)
525 | 4.2389 (0.3788) 2.2323 (0.2631) | 1875 | 4.0786 (0.3711) 2.3485 (0.2967)
600 | 4.2632 (0.3505)  2.25 (0.241) | 1950 | 4.0755 (0.3709)  2.35 (0.2866)
675 | 4.2526 (0.3492) 2.2504 (0.2426) | 2025 | 4.0791 (0.3693) 2.3538 (0.2885)
750 | 4.2639 (0.3415) 2.2449 (0.2447) | 2100 | 4.0912 (0.363)  2.3686 (0.2924)
825 | 4.2464 (0.2894) 2.2278 (0.1947) | 2175 | 4.0952 (0.3627) 2.3652 (0.2959)
900 | 4.2711 (0.3453) 2.2314 (0.2437) | 2250 | 4.0947 (0.3623) 2.3745 (0.2985)
975 | 4.2429 (0.3455) 2.2102 (0.2493) | 2325 | 4.0919 (0.3611) 2.3663 (0.2922)
1050 | 4.2736 (0.3307) 2.2347 (0.2397) | 2400 | 4.1003 (0.3556) 2.3728 (0.2946)
1125 | 4.1177 (0.3491)  2.3372 (0.2451) | 2475 | 4.1007 (0.3557) 2.3771 (0.3013)
1200 | 4.27 (0.3314)  2.228 (0.2384) | 2550 | 4.0991 (0.3536)  2.3672 (0.296)
1350 | 4.0491 (0.3872) 2.3429 (0.2955)

IBIS | 4.2018 (0.3972) 2.2134 (0.3254) | IBIS | 4.2018 (0.3972) 2.2134 (0.3254)

Table 14.1: Summary of parameter posterior mean and standard deviation (in brackets) for 72
and v? using O-IBIS with different window sizes k. IBIS posterior mean and standard deviation
included for comparison.
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SMC?

SMC?, like IBIS, is a sequential (but not online) method introduced in Chopin et al. (2013),

which targets the sequence of distributions
{p(®),p(@ly1),p(@ly12),....p(@|Dr)}. (15.1)

As seen in Section 14 on page 165, one of requirements of IBIS is the ability to calculate

the incremental likelihood p (y¢|D¢—1). This incremental likelihood, specified in (3.7) as
P (Yt|D-1) = /p(ytlet)p(Gt\et—l)p(aozt—lmt—ﬂdeo:u (15.2)

will not be tractable for most of our models of interest (with the exception of the
NDLM). As discussed in Section 6.1, particle filters give an unbiased estimator of the

Y
marginal likelihood, such that (given that {wy) } pl are unnormalised importance weights)
1=

N,
~ R 1 p ;
0 (®) = (9| Demr, @) = 1 S wl?,
P =1

Consequently, as
¢

P(Di|00:+) = p (y1) [ [ p (s Dr—-1) .

we can then write

t Np
A . 1 ;
lo:t (®) = p (Dil004, @) = [ | A > w,i) . (15.3)
k=1 Pp=1

Using this property, SMC? removes the IBIS limitation of the incremental likelihood tract-
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ability by coupling IBIS with particle filtering methods as an unbiased estimator of the
incremental likelihood in (15.2) making it is possible to adapt IBIS to a wide class of

models, specifically of interest in the context of this thesis, to non-linear DGLMs.

Whereas IBIS makes use of the exact solution to calculate the incremental likelihoods
{p <yt!yt71, @(m)> }qu by using Ng Kalman filters, SMC? will then replace this exact
calculation with an ;Z):pﬁ"oximation provided by the unbiased estimate from a particle filter.
Each of the Ng particles will have an associated particle filter, itself consisting of Ny
particles, enabling the estimation of the likelihood in (15.3) according to Algorithm 15.1.

Using the same notation as in Chopin et al. (2013), we consider a generic implement-
ation of an SIR filter as described in Algorithm 15.1. To clarify the distinction between
the state particle importance weights and the parameter particles weights we will refer
O(i), fori =1,..., Ny, and wzp(m), for m =1,..., Ng. All the

to them respectively as w;
h.m=1,..., Ng, particle filter are conditioned on a particular value of the

steps of the m?
parameter set &™) and we will also adopt Chopin et al. (2013) notation for the resampled
indices where a,@l denotes the ancestor of particle ¢ at time t. Regarding the resampling
method, although Chopin et al. (2013) considers Multinomial! resampling, any unbiased
resampling method, such as the ones described in Section 7.3 on page 87 and generically

referred to as R (+), can be implemented.

Within the context of SMC? the particle filter serves two main purposes. Firstly, to
estimate the incremental likelihood in (15.3), up until time ¢ and conditioned on a fixed

dm). Secondly, it will return the new state particles along with their respective ancestors,
. - Npg
that is {a%)t, 962}@‘:1'

Ng
According to Chopin et al. (2013), each of the {é(m)}

m=
parameter space and at each time point ¢ will be weighted according to its respective m

. particles will explore the
th
particle filter’s likelihood estimation, ft <45(m)> and resampled if a degeneracy criterion is

met.

For SMC? the same degeneracy criterion as IBIS (described in (14.1)) is used. If it
is below a pre-defined threshold, E'SS.ys, we resample the @-particles using an unbiased

resampling method as mentioned previously.

Considering that at time ¢ we are in possession of the particle filter’s result for each

f the m = 1,..., Ng d-particles, that i 0 g o] h

of the m = 1,..., Ng P-particles, that 1s aq.p, 0p., Wy 1 , we can then
=1

resample the @-particles by using their weights, calculated recursively as

!Described in section 7.3.1 on page 89.
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Figure 15.1: (p (yt|yt—1, D) —ﬁ(yt|yt,1,di))2 for a M = {P (1)} NDLM using a
Kalman filter and a SIR filter filter for the incremental likelihood estimate.

Algorithm 15.1 Generic sample-resample PF

initialisation

{69} ~pio)

i=1
N
{a} =
for t <+ 1tok
(0 a,”
sample 6, ~ 7 <9t’9ti_117yta‘p)

calculate weights

. . (%)
9(1)’ i) (9(1) oat—l ’ ¢>
o) g(i)p <yt‘ t )p i16,5

Wy = Wy g @120,
™ (et ’91:1_1 » Yt é)
normalise weights
o(i
oo _
t No , 0
D Wy v

sample ancestors
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w:ﬁ(m) _ wf_(qln) 7 (dg(m)) ‘
(m™ il then be propagated from p (®|D;_1)
to p(®|D;) using a PMCMC step as described in Section 13 on page 152. Although
in Chopin et al. (2013) a PMMH step is used, presented generically in Algorithm 15.2,
other PMCMC kernels may be used if possible (such as Particle Gibbs). The PMMH

proposal could consist, for instance, of a random-walk proposal, such that

The resulting resampled @-particles, @

&) N(ds(m)("),z)

Y = Var [qﬂm)(”) |Dt] .

Algorithm 15.2 Particle Markov Metropolis-Hastings
for i < 1 to Ng

sample &) ~ p (qs*@(i))

calculate éO:t (!P*(i)> using a particle filter as in Algorithm 15.1

calculate acceptance rate

- losy (45*(1‘)) p (@*(i))

fos <¢(i>) p (q)(i))

sample u ~ U (0,1)
if u<A®

set () = ¢*()
else

set () = @)

Chopin et al. (2013) notes that if we extend our definition of the likelihood approxim-

ation in (15.3) as function of the particle filter’s returned quantities as

e (2 {o5a0) ") = T

k=0
1 & N |11 1 & (@) H0)
- [Ne ngs (90Z )] H {Ne wi <0k—kl 0 ) }15'4)
i=1 k=1 n=1

the PMMH acceptance ratio is calculated according to
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P *(i) (i) Ne
p(D*) Lot (45*7 {00:(t)7a1:(t)} >

=1

5 i) (@) Ne
p(@) o ({000} )

min < 1, (15.5)

~ . Y N,
Since the likelihood estimate for each of the m!” current particle, £o.; <45, {0((]2, agzl} ' 91>
1=
can be calculated sequentially as in (15.3), SMC? requires only the storage of each m

{Bf_)l, af_)l}]'ve and (™) the algorithm (as IBIS) can be considered sequential and online
when no di—pla:rlticle resampling and PMCMC is occurring and sequential (i.e. running at
O (tNgNy)), but not online, when resampling occurs and the PMCMC step takes place
(running at O (NgNp)). Moreover, as with IBIS, if we were interested solely in para-
meter estimation, the storage of the running total of the marginal likelihoods would suffice
to calculate the PMMH acceptance ratio. However, as mentioned previously, we are are

concerned with the estimation of both state and parameters in this thesis.

As seen previously, SMC? is a versatile method since few assumptions are made for
many of the components, making them implementation agnostic. For instance, although a
generic implementation of a SIR particle filter is given in Algorithm 15.1, any implement-
ation of a particle filter, as long as it provides an unbiased estimate of p (0y|D;, @) and
lo:t (@) can be used. This includes all of the methods described in Section 7.4, namely
SIR and the APF. The resampling method R (-), in Algorithm 15.1, is also left to our
choice, provided it performs an unbiased selection of particles based on the weights, giving
the possibility to implement any of the methods described in Section 7.3. The Particle
Markov Chain Monte Carlo (PMCMC) kernel can also be implemented as a Metropolis-
Hasting or, for instance, as previously mentioned, a Particle Gibbs kernel (Chopin et al.
(2015)). Furthermore, for the PMMH, we could also use a random-walk proposal, such as
in Algorithm 15.2 or an independent kernel.

If, as in Chopin et al. (2013), we denote the joint probability of the random variables

, . Np
returned by the particle filter, conditioned on a certain @, that is {ag, 981} @, as

SMC? will then target?

&L 0" ) = 2B o (10 g1 ) T4, (8 15.6
Tt 7{a1:t’ O:t}izl —m@bt {a’lzt’ O:t}izl kl:[o k(D) (15.6)

2For a formal justification c¢f. Chopin et al. (2013).
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where 7; has a marginal distribution with respect to @ of p (®|D;) (Chopin et al. (2013)).

As noted in Chopin et al. (2013), the choice of an appropriate Ng and Ng is not trivial
and that to maintain reasonable acceptance rates in the rejuvenation step we should aim
at Ng = O (t) (Andrieu et al. (2010)). A solution proposed in Chopin et al. (2013) is to
start with a low Ng and increase it by a determined factor® whenever the MH acceptance
falls beneath a predefined threshold. Although this method can improve the MH accept-
ance rate, this was not incorporated in the SMC? (or O-SMC?, in the following section)

implementation used in the thesis.

A general algorithm for SMC? is presented in Algorithm 15.3.

Example. SMC? for an AR(1) Poisson DLM.
The Autoregressive of order 1 (AR(1)) Poisson DLM can be specified as

ytmt ~ Po ()\t)
>\t = exp {Qt}
9t|9t71,@ ~ ./\/’(04—1—591571,7'2)

where o and 3 are regression coefficients, in this case considered static but unknown. The
parameter set used for the realisation of the N,,s = 2000 observations in Figure 15.2a was
& = {r%,a,p} = {1.5,0.7,0.3}. For this model we can implement SMC? using a standard
bootstrap filter (i.e. a SIR filter using the model’s transition p (0|6;—1) as the importance

density) to approximate the likelihood. The priors used were

apg ~ Beta(l,1)
Bo ~ Beta(1,1).

The SMC? estimation was performed using Ng = 1000 and Ng = 2000 particles. We
can see the estimation history for 72, a and 8 respectively in Figures 15.3a, 15.3b and 15.3c
with the horizontal dashed line representing the true values. Also in Figures 15.3a, 15.3b
and 15.3¢c we can see the marginal for 72, o and 3 at the final time point, t = 2000, with

the vertical dashed lines representing the true values for comparison.

3In Chopin et al. (2013) the example of increasing Ng by a factor of 2 is given.
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Algorithm 15.3 SMC?

sample

m)) Ve
{wo}ih =1

for t < 1 to Ny,
for m < 1 to Ng

calculate using a particle filter (as in Algorithm 15.1)

1 oo
A m 0(i
P (yt\Dt_hdSi,f) = Ny Zwt()

i=1
update the @ importance weights as

wf(m) = wtdi(;n)ﬁ (yt|,Dt71a sﬁiﬁ?)

calculate the ESS as

if £SS, < ESSes

resample @ particles according to

e~ ®({ur) )

m i % (m) b(m N k 3 i (k)
{ad {oat}™ w0} e e {oa}" ]

m=1

Ng

m=1

run one step of a PMCMC (as in Algorithm 15.2) to sample

{8/ ~p(@le"). D))

et {2} falm)

m= m=1

183



Chapter 15. SMC?

200
4
150
2
> 100 @
0
50
-2
0 i ‘ ‘ e ‘ | | | | |
0 500 1000 1500 2000 0 500 1000 1500 2000
t t
(a) Dy (b) ot

Figure 15.2: Observations (left) and states (right) from a realisation of AR(1)
PoDLM with @ = {72, a, 8} = {1.5,0.7,0.3}.

15.1 Online SMC?

As mentioned previously, SMC? is not a true online filter. The necessity of step (15.4)
(where as soon as ESTSZ; falls beneath a certain threshold, a PMCMC step will be triggered)
involving a calculation of total likelihood means that the computational costs will grow
with ¢, although, theoretically (Chopin et al. (2013)) this step occurs with decreasing

frequency.

An ad-hoc solution to implement SMC? in an online manner is to restrict the like-
lihood calculation used in PMMH set to a fixed size subset of past data, keeping the
computational and storage costs bounded (i.e. changing the cost from* O (t) to O (1)
for each iteration). By considering a fixed window of observations of k£ > 0, such that
f/tk = {Yt—k> Yt—kt1,---, Yt} We can see that the online part of SMC? will not be altered,
however, when the rejuvenation process happens we will now be targeting the parameter

posterior
p (45!5?@ :

This online approximation will target the correct posterior of the parameters within
the observation window }thk. That is, by definition, this method will target the posterior of

the parameter set @, conditioned on the observations }thk However, we will assume that
Y
p(@7F) ~p(@Dy).

With this approximation we will lose the property in (15.1), that is, the ability to
estimate sequentially the distributions {p (®),p (®|y1),p (P|ly1:2),...,p(P|D;)}, however,

4To be precise, for a model with fixed Ng and Ng, the cost at each iteration would be O (t N Ng) and
this would become (with an observation window k) at most O (kNgNg), where k, Ng and Ng are constant.

184



Chapter 15. SMC?

10
200
N ~N
= =
[ R e e S e s il 100
1
0
0 500 1000 1500 2000 0.0 0.5 1.0 15 2.0
t X
(a) 72 estimation history (left) and mar-
ginals at time ¢ = 2000 (right)
1.00 -
150 N
0751 =iii & HiPiid b d Lo bbb E H
100
S 0.50 o
50
0.25
0
0 500 1000 1500 2000 0.00 0.25 0.50 0.75 1.00
t X
(b) « estimation history (left) and mar-
ginal at ¢ = 2000 (right)
1.00 250 -
0.75 200
150
T 0.50 @
100
0.25( SHEEES @ S N IS Ny s | 50
G i . . O " . . . "
0 500 1000 1500 2000 0.00 0.25 0.50 0.75 1.00
t X

(c) B estimation history (left) and marginal
at t = 2000 (right)

Figure 15.3: Posterior estimation history (left column, colour lines represent the
posterior mean and shaded area the 90% equitailed credibility interval) of the para-
meters ¢ = {72, a, B } and posteriors at time ¢ = Nyps (right column, vertical red
line represents the “true” value) of a AR(1) PoDLM using SMC? with Ng = 1000
and Ng = 2000.
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for the purposes of online inference with special focus on state and observations forecast
as well as anomaly detection, an approximation of p (®@|D;) will suffice, especially if we
are skeptical about the assumption that the "static" parameters will remain constant

indefinitely.
Regarding the PMCMC step (and once we’ve reached the ¢ > k threshold), the MH

acceptance will not be in the form of (15.5) but instead

- i i Ne
p (45*) gt*kit <¢*7 {etgl)c:ﬁ a’:£lz:+1:t} )

i=1

- i o) Ve
P (P) bt ((157 {QQk;w angk:t} >

=1

min ¢ 1,

(15.7)

Whereas in the “full” SMC?, in the sequential phase, the total likelihood could be

calculated recursively as in (15.4), that is

i=

) @ o\ _; ) j
fos ¢,{00:t,a12t} ) =l (@) < by (@) x - x s (@)
this will now not be possible, since we need to remove (assuming ¢ > k) the terms

lo(®),...,0_p_1 (D) for the partial likelihood calculation in (15.7). This can be achieved
by simply keeping a First In, First Out (FIFO) queue of maximum size k such that

Q=|lr(@) bipr (@),....L(@)], >k
and generating the partial likelihood as
R k
Uit (B) =[] @n
n=1

when needed for the calculation of the MH acceptance ratio such that

- D) x( Ne
p (45*) gtfk’:t <¢*7 {Ozgl)c:ﬁ at£2}+1it} >

i=1
p (45) Hﬁ:l Qn

min < 1,

This approximation was applied to the model and data for the AR(1) PoDLM on
page 182 using the same priors and particle sizes and with a range of window sizes k =
50,100, 150, ...,500. We can see from Figure 15.4 that for all parameters @ = {7‘2, Q, B}
there is a considerable overlap of the @-particles, even when using very small window sizes
(k = 50). The mean value of the estimated parameters is generally consistent with the full

SMC? estimation (in red) and the most notable difference is an increased variance in the
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[

[

B

450

1.467 (0.1162)
1.4946 (0.1331)
1.4311 (0.0962)
1.4164 (0.1404)
1.415 (0.0994)
1.408 (0.0981)
1.446 (0.1231)
1.3683 (0.1091)
1.3863 (0.0892)

0.6522 (0.0619)
0.6403 (0.069)
0.6507 (0.0497)
0.6826 (0.084)
0.6862 (0.0731)
0.6661 (0.0521)
0.6577 (0.065)
0.6681 (0.0768)
0.6724 (0.0799)

0.294 (0.0395)
0.3117 (0.0351)
0.3387 (0.035)
0.3081 (0.0566)
0.3241 (0.0507)
0.3267 (0.0361)
0.3116 (0.0578)
0.3453 ( )

0.311 (0.0449)

0.0475

900

1.4011 (0.1154)
1.3583 (0.0862)
1.3317 (0.1281)
1.379 (0.1232)
1.384 (0.0826)
1.3234 (0.0961)
1.3856 (0.1134)
1.3091 (0.0693)
1.3891 (0.0763)

0.6832 (0.0872)
0.6725 (0.0588)
0.7093 (0.0568)
0.6846 (0.0861)
0.693 (0.0694)
0.7308 (0.0715)
0.6842 (0.0897)
0.6806 (0.0662)
0.7297 (0.0841)

0.3129 (0.0594)
0.3224 (0.036)
0.3062 (0.0435)
0.3105 (0.0491)
0.3053 (0.0389)
0.3095 (0.0512)
0.3575 (0.0444)
0.307 (0.0378)
0.3021 (0.0477)

SMC? ‘ 1.4006 (0.0725)

0.7168 (0.0454)

0.3126 (0.0261) ‘ SMC?2 ‘ 1.4006 (0.0725)

0.7168 (0.0454)

0.3126 (0.0261)

Table 15.1: Summary of parameter posterior mean and standard deviation (in brackets) for 72, «
and 3 using O-SMC? with different window sizes k. SMC? posterior mean and standard deviation
included for comparison.

parameter estimation.
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Figure 15.4: 72, and (3 posteriors at t = N, for a AR (1) PoDLM with O-SMC?
using different k& window sizes. Dashed lines represent truth. Full SMC? estimation

in red.
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Chapter 16

Results

16.1 Particle numbers

One of issues with SMC estimation methods is the one of Monte Carlo errors. Due to
the accumulations of error inherent to the discrete posterior approximation using a finite
numbers of particles, variability will inevitably occur between runs for the same model
even considering the same priors and initial conditions. This problem is even more evident
when dealing with a large number of observations (which could even lead to the collapse
of the filters).

To determine the importance of these errors in the final estimation values and to provide
a starting point to determine an adequate number of particles for the subsequent analyses
in this chapter, we consider the case of online parameter estimation and to quantify the
variability, the mean Monte Carlo Mean Absolute Error (MCMAE) was used. If we consider
& as the parameter estimate from the PMMH runs as the reference, we calculate the

estimation history’s absolute error for a particle filter as

Nobs
1 .
MCMAEg = PP 16.1
C <4 Nobs; t|» ( )

where 9/1\5,5 is the filter’s estimation of the parameter posterior mean at time ¢ and @ is the
PMMH posterior mean estimation. The mean M CM AE will then be the averaged value

for n runs, such that

I 1 &
MCMAEs = — Z; MCMAEg,. (16.2)

Regarding the variability of the state estimation, the mean MCMAE can also be

calculated. In this case, the PMMH smoothed state estimate is used as the reference, such
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that
Nobs

S e - @(, (16.3)
obs =1

MCMAEy =

where ét is the filter’s estimation of the state posterior mean at time ¢ and 6 is the PMMH
posterior mean estimation. As in the parameter case, the mean MCMAE will then be

the averaged value for n runs.

To illustrate the effect of the number of particles in the performance of the discussed
SMC methods, we perform state and parameter estimation on a realisation of N, = 1000
observations of a M = {P (1), F (500,1)} PoDLM. The parameter set is & = {W} with

W = diag (0.1,0.1,0.1)

and state priors
9 ~ N ([3 0 07, diag (10, 10, 10)) :

and parameter priors

p(Wo) =IW (3,13) .

The filters used were LW (as described in Chapter 8 on page 106), Storvik (Section 9 on
page 116) and PL (Section 10 on page 125). Storvik was implemented used three dif-
ferent importance densities, respectively, sampling from the prior (Storvik, Section 6.2.2
on page 76), a CF proposal (Storvik-CF, Section 6.2.4 on page 79) and a EKF proposal
(Storvik-EKF, Section 6.2.5 on page 80). Resampling was performed using Stratified res-
ampling with a static checkpoint n = 1. By using a static checkpoint we can compare
iteration times (the computational cost of each online filter at each time step t) between
filters without considerations of how frequently the resampling stage occurs. The state
MCMAEg (relatively to a PMMH long run') was calculated for these methods using dif-
ferent particle numbers, ranging from 100 < N, < 4 x 10* and the results for each state
component can be seen in Figures 16.1, 16.2 and 16.3. It is clear from the results that ini-
tially, with a number of particles as low as N, = 100 there is a very high variability between
state estimates when compared to the "true" values, independently of the method used.
As expected, the variability decreases with the increase in particle numbers appearing to
stabilise, for this particular model, around N, = 3 x 10%. We decided however to use a
lower value of N, = 2 x 10 for the subsequent analyses with the intent to better highlight
potential differences between the different SMC methods while still keeping a considerable

amount of particles to avoid filter collapse.

'Trace and ACF plots can be viewed in Appendix A.3.
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Figure 16.1: MCMAE (61, k) for 100 < k < 4 x 10* with n = 10 runs (log scale)
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Figure 16.2: MCMAE (02, k) for 100 < k < 4 x 10* with n = 10 runs (log scale)

16.2 Resampling algorithms

To benchmark the resampling methods presented in Section 7.3 on page 87, a bootstrap fil-
ter was used in a realisation of N,,s = 500 observations of a AR(1) Poisson DLM (presented

in Figure 16.4) with & = {«, 8,72} = {0.5,0.5,1}, that is:

1y ~ Po <€9t>
0; ~ N(O5 + 0.560;_1, 1) .

Filter LW Storvik = PL Storvik—-CF = Storvik-EKF

MCMAEg

0
NP

Figure 16.3: MCMAE (03, k) for 100 < k < 4 x 10* with n = 10 runs (log scale)
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Figure 16.4: Realisation of an AR(1) Poisson DLM, Ny, = 500, = {a, 8,72} =
{0.5,0.5, 1}

2

For each SIR run the squared error, €*, was calculated for each time-point according to

2= (6,—6,)°,

where 0; represents the state posterior mean at time ¢ estimated using a PMMH long
run?. The €2 values for each resampling method can be viewed in Figure 16.5. The ESS
(as defined in (7.1)) for each run and resampler are also presented in Figure 16.5. In
the summary in Table 16.1 we present the can M SFEg regarding the state estimation.
Throughout this chapter we will use the M SFEyg calculated as

1 Nobs o

S =1

h

, o \2
where (e%)Z = (92 — 9%) represent the squared error for the state vector i component.

From Table 16.1 we can see that stratified resampling performs slightly better, when
using the M S FEg has a criteria, although all resampling methods produce consistent results.
When taking into account the average ESS (averaged over n = 500 runs) the difference
between the three resampling methods is negligible. Regarding computational times, we
can see from Figure 16.1 that both stratified and systematic resampling have an advantage
over multinomial resampling. These results are in accordance to the general findings in
the literature (Douc et al. (2005)). Based on these results and the general advice in the
literature, we have decided to use stratified resampling throughout this chapter (except

when noted otherwise).

Regarding the frequency of the resampling step, as in previous examples, we have
decided to use a static checkpoint of n = 1. Although it is well known that the resampling
step theoretically increases the variance of the PF estimations (Chopin (2004); Creal (2012);

2Trace and ACF plots can be viewed in Appendix A.4
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Resampler MSEg oumsE, ESS 0pgg mean time (s) oy

Multinomial  0.0185  10~%  487.3524 0.0233 0.1387 0.001
Stratified 0.0182 1074 487.3739 0.0221 0.1196 0.001
Systematic ~ 0.0183 10~4 487.3255 0.0226 0.1134 0.001

Table 16.1: State estimation posterior mean MSE, average ESS and computational times averaged
for n = 500 runs (along with standard errors, o) of a SIR filter on simulated data from a AR(1)
PoDLM & = {a, 8,72} = {0.5,0.5,1}.

Hans (2003)) and introduce additional computational costs (although from Section 16.2
and specifically Figure 7.5 we have seen that this additional cost was in the order of ~ 2
milliseconds at most for the resampling itself with n = 4 x 10* weights), by performing
resampling at each step we keep the computational cost strictly bounded (given that all
other PF parameters are kept constant, such as N,) in an online setting and evaluate the

"worst case" scenario for near real-time streaming data settings.
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Figure 16.5: €2 (left) and ESS (right) for n = 500 runs of a SIR filter on simulated

data from a AR(1) PoDLM & = {a, 3,7
(left) and mean ESS (right).
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Figure 16.6: USCRN/USRCRN 2015 temperature data for Austin, Texas (USA)

16.3 Temperature data

The dataset used to test the Normal DLM implementation is provided by the U.S. Climate
Reference Network / U.S. Regional Climate Reference Network (USCRN/USRCRN)3. The
dataset used measures of air temperature in five minute intervals in the month of January
2015 at the city of Austin, Texas in the United States of America. This dataset exhibits a

strong daily cyclical pattern.

Two separate analyses were performed with this dataset. One for a regular subset of the
data, without visually identifiable outliers, from ¢ = 55000 to ¢t = 57303, that is approxim-
ately 8 days worth of observations in Section 16.3.1. The second analysis, in Section 16.3.2
for a subset of the data with the presence of outliers, with 4 days worth of data, from
47870 <t < 49022. Although it would be easy to identify and strip the erroneous outlier
value in this case, we deliberately leave them in order to test the robustness of our filtering

methods to rogue values inconsistent with the model.

16.3.1 Temperature dataset A

We decided to model this data as a Normal DLM following the relations of (2.17) and (2.18).
The complete dataset clearly includes seasonal components contributing with different
periods, such as daily and yearly seasonality. However, since we applied the estimation
to a subset corresponding to a week’s worth of measurements, we decided to ignore the
yearly and monthly effects as within our time window these effects could be captured by

an underlying mean.

A locally constant component (P (1)) was incorporated, to capture the underlying

mean, and a daily Fourier component (F (-)) was also included to account for the daily

3 Available at: http://www1.ncdc.noaa.gov/pub/data/uscrn/products/subhourly01/ (Accessed 13"
September 2017)
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Figure 16.7: USCRN/USRCRN 2015 temperature data for Austin, Texas (USA) for
55000 <t < 57303.

cyclical effect. The model will then consist of a locally constant component, with variance
7'3 and prior TEL ~ IG(1,1), and a daily seasonal Fourier component. As the data is
sampled every 5 minutes, the period of the Fourier components will be p = 288. We will
use three harmonics (F (288,3)) and therefore, according to (2.15), the diagonal of our
covariance matrix will be diag (Wda”y) = (7‘371, 7'372, 7'373, 7‘3’ 4 7'375, 7'376, 7'377>. The prior was

set to p (Wd““y) =ZW (7,I). This is equivalent to the formulation

yt|0ta b~ N (FTGt, V)
04|01, P ~ N (GO;_1,W)

with structural matrices

F=[1 1 01 0 1 07,

1 0 0 0 0 0 0
27 2T
0 cos 5 singr 0 0 0 0
s 2T 2
0 —sin S Cos Tt 0 0 0 0
G= |0 0 0 cos 47” sin % 0 0 )
47 47
0 0 0 —sin =% cos =% 0 0
6 s 67
0 0 0 0 0 cos =& sin =t
-6 6
_0 0 0 0 0 —sin ?” cos ?”_
p = 288.

As show in section 2.2.2.1 on page 9 each additional h harmonics will lead to an increase

of 2h in the number of parameters and size of the state vector. This will directly grow
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the computational cost of the SMC methods by increasing computational complexity, but
also indirectly, since the number of particles would also have to increase in order to better
explore the state and parameter space. A run of the Storvik filter (with N, = 3 x 10%)
was performed for h = 1,2,...,5 and the observation one-step ahead forecast was used to
calculate the MSE between y; 41 and g1 for t = 1,..., Nyps — 1) in order to assess forecast
performance. We can see from Figure C.1 and Table C.1 that there is a considerable
increase in forecast performance up until A = 3, after which the MSE doesn’t reduce as
much. However, the total time of each run grows linearly with the number of harmonics.
As such, the number of harmonics chosen, h = 3, is a compromise between having an
approximation of the seasonal component which is more flexible than the simplest case
(h = 1) and a need to keep the model size, and consequently, the computational cost,

suitable for near real-time inference.

16.3.1.1 Offline estimation

Offline estimation of the parameter set @ = {W, V'} was performed using PMMH, IBIS, O-
IBIS and EM*. The IBIS and O-IBIS were also implemented in the variants IBIS-SVD and
O-IBIS-SVD, where the associated KF recursions used the SVD formulation as described in
Section 4.1 on page 36. Since a Normal DLM is used for the temperature data, it is possible
to use a MH scheme which makes use of the exact likelihood provided by the KF recursions.
Although we have used that ability in this section (with IBIS/SVD, O-IBIS/SVD and the
fully adapted proposals for the online filters), PMMH was used as the “gold standard” for all
the datasets for consistency. The marginal parameter posterior using PMMH, IBIS/SVD
and O-IBIS/SVD at time t = Ny is presented in Figure 16.8 on page 200. The estimation
history for IBIS/SVD, O-IBIS/SVD and EM are presented respectively in Figures 16.9 on
page 201 and 16.10 on page 202. The traces and auto-correlation plots for PMMH can be
viewed in the Appendix A.5.1 on page 281.

IBIS/SVD and O-IBIS/SVD were both performed with a number of particles N, =
2 x 10% and in the O-IBIS/SVD case the observation window was h = 500 observations,
both using state priors 8y ~ A (0,100I7). The resampler used for IBIS and O-IBIS was
the systematic resampler and the resampling-move step occurred at ESS < N,/2. PMMH

used a bootstrap filter with N, = 2000 with a systematic resampler at static checkpoint
n = 1. The priors used with IBIS/SVD, O-IBIS/SVD and PMMH for &, were

7-3773,1:7NIQ(171)7 V:UQNIQ (1,1)

A summary of parameter estimation results for the offline methods is presented in Table 16.2.

4Used to calculate the MLE of &.
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Method Time (s) W, W, W; W, W5 We W, V
IBIS 2440.49 0.0145 0.0147 0.3226 0.0147 0.2160 0.0143 0.1407 0.0145
IBIS-SVD 3786.65 0.0148 0.0152 0.2920 0.0142 0.2036 0.0142 0.1280 0.0148
O-IBIS 1243.45 0.0225 0.0224 0.7409 0.0233 0.3727 0.0225 0.2336 0.0198
O-IBIS-SVD 3099.44 0.0237 0.0228 0.7230 0.0236 0.3657 0.0229 0.2084 0.0206
EM?® 42.65 0.0011 0.0013 0.0002 0.0002 0.0001 0.0004 0.0002 0.0199
PMMH - 0.0155 0.0150 0.4481 0.0139 0.2295 0.0138 0.0774 0.0144

Table 16.2: Parameter posterior mean estimation and computation time with offline (including
O-IBIS) methods for the temperature dataset A.

The computational times for each resampling step of IBIS and O-IBIS are presented in
Figure 16.11.

The initial & for the EM estimation was the same for all parameters and chosen as an
arbitrary value of @ = 10 and the tolerance to test convergence was set at € = 107!, The

EM reached the convergence criterion in 30975 iterations taking 42.65 seconds.

We can see from Figure 16.9 that both the IBIS and O-IBIS parameter estimation come
close to the PMMH estimated values. Although the estimation provided by “full” IBIS (that
is, using the entirety of the data up until time t) is closer to the PMMH value, there is
overlap present between IBIS and O-IBIS. We can also observe that O-IBIS tends to over
estimate the variance of the posterior (as evident in, for instance the posterior for Wg).
This behaviour was already noted in Section 14.1 on page 171 where as the observation
window h increases, the O-IBIS posterior estimation at time ¢ will approximate the “full”
IBIS. When comparing the parameter estimation of EM with PMMH, IBIS/SVD and O-
IBIS/SVD, we can see (Table 16.2) that the IBIS based methods are closer to the PMMH
results than the EM results by several orders of magnitude. Looking at the EM convergence
plots in Figure 16.10, we can verify that this was not simply a case of insufficient iterations,

since the parameter estimation seems to stabilise quite early on in the iterative process.

199



Chapter 16. Results

PMMH —D]C .-
O-IBIS-SVD ——m—
O-IBIS ._m__-
IBIS-SVD ——m——
os |1 -
0.00 0.02 0.04
(a) W1
PMMH - ——[D— .
O-IBIS-SVD —D:’——
O-IBIS ——[U——
IBIS-SVD ﬂ*
1BIS ﬂ]}ﬂ
0.01 1.00
(c) W3
PMMH [D
0-IBIS-SVD }{H—
o-1BIS Em_
IBIS-SVD »—[[*
1BIS »—[U——
0.001 0.100
(e) W5
PMMH - -——[D——
O-IBIS-SVD -ﬂa
0-IBIS . -»—m——-
IBIS-SVD ﬂ]——
1BIS {D——

0.01

(8) Wy

PMMH 4']]'_ -
O-IBIS-SVD —[D——--
0-IBIS —ma
IBIS-SVD »—[ﬂ—-
IBIS ~m-—
0.00 0.02 0.04 0.c
(b) W
PMMH —D]—— -
O-iBIS-SVD] | ——m—
0-1BIS 4[[’__
IBIS-SVD r”——
1BIS Fﬂ—-
000 0.02 0.04 0.06
(d) Wa
PMMH [D
0-IBIS-SVD —_m_._
o-1BIS -——[’——--- .
IBIS-SVD ——m——
IBIS »{H——
000 001 002 003 o004
(f) Ws
PMMH | = [D -
0-IBIS-SVD
0-1BIS »m——
IBIS-SVD ——[H—d
IBIS ——m——

0.01

(h) V

Figure 16.8: Marginal (log-scale) for parameters @ = {W,V} at t = Ny, using
PMMH, IBIS/SVD and O-IBIS/SVD on the temperature dataset A. Vertical black
line is the EM estimation. Vertical red line is the PMMH posterior mean and shaded

area 90% equitailed credibility interval.
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Figure 16.10: Estimation history (log scale) for parameters @ = {W,V} using

EM for the temperature dataset.

Horizontal dashed line represents the PMMH

posterior’s average and pink band the 90% equitailed credibility interval.
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Figure 16.11: Computational time at each resampling step for IBIS and O-IBIS with
the temperature dataset A
Method Time (s) W, Woy W W, W5 W W- Vv
LW 866.923  0.1073 0.1320 2.4023 0.0901 2.3045 0.0859 1.3657 0.0881
Storvik  1566.855  0.0653 0.0642 1.3028 0.0841 0.8667 0.0693 0.5467 0.0427
PL 1684.522  0.0530 0.0631 0.3063 0.0530 0.3775 0.0495 0.4919 0.0393
PMMH - 0.0155 0.0150 0.4481 0.0139 0.2295 0.0138 0.0774 0.0144
ow, OW, oW, ow, oWy oW OWs oy
LW 0.0033 0.0039 0.1636 0.0035 0.1706 0.003 0.0658 0.0021
Storvik 0.0011 0.0006 0.0074 0.0009 0.0075 0.0006 0.004 0.0005
PL 0.0005 0.0004 0.0061 0.0006 0.004 0.0006 0.003 0.0006
PMMH 0.0048 0.0051 0.4582 0.0047 0.1917 0.0043 0.0525 0.0035

Table 16.3: Parameter posterior mean (and standard deviation) estimation at t = Nyps with online
methods for the temperature dataset A.

16.3.1.2 Online estimation

Online state and parameter estimation was performed using the Liu & West, Storvik and
Particle Learning filters. The model structure used was the same as the one presented in
Section 16.3.1 on page 196. The state priors were the same for all the filters and drawn
from a vague prior 8y ~ N (mg, Cp), with the mean component approximately centred

around the average yearly temperature range of 15°C, such that

my=[15 0 0 0 0 0 0],
Co = diag (400, 100, 100, 100, 100, 100, 100) .

5 The EM method does not provide with a posterior for &. The value corresponds to the point estimate
at final iteration.
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The number of particles was chosen after testing® the Storvik filter (LW was excluded from
the test on account of the extra parameter to control for, namely the smoothing parameter
§) with a selected range of values from 100 < N, < 3 x 10%. After performing n = 50
runs, both the parameter (Figure D.1) and state (Figure D.2) posterior means at t = Nps
show small variability between different values of N, for N, > 2 x 10* and are generally
consistent with the PMMH posterior mean estimation. For this reason, and also taking into
consideration the computational cost, the value of N, = 3 x 10* was chosen. The shrinkage
factor used for Liu & West was 6 = 0.99 and the resampler used was the stratified resampler
presented in (7.3.3) with a static checkpoint of n = 1, that is, performing resampling at
every time step t. In order to choose the § for the Liu & West filter several runs were
performed” for different values, namely § = 0.90,0.91, ...,0.99. The parameter priors used

were

o2 ~1G(1,1)
Wy ~ IW (7,0.217).

The fully adapted version of the filters was used, according to the specifications of
Section 6.2.1 on page 73. The importance density was therefore the optimal importance
density. We will present the estimation for approximately 1 week’s worth of data (Nyps =
2304).

The filter’s results are compared to a long run of a PMMH and MSE is calculated
considering the PMMH’s result as the “true” value. In Figure 16.12 on page 206 we present
the estimated marginals for the parameter set @ = {W,V'} using the online methods, in
comparison to the offline results obtained in Section 16.3.1.1. In Figure 16.13 on page 207
we show the estimation history for @ using the online methods and a summary of the

online parameter estimation results is presented in Table 16.3 on the preceding page.

The results for online state estimation is presented separately for each state component
0 ={61,0,,...,07} in Figure 16.14 on page 208, along with the ESS for each of the online
methods. A summary of the MSE between each state component and the PMMH state
estimation is presented in Table 16.4 on the facing page, along with each filter’s total and

iteration execution times.

We can verify from Table 16.2 and Figure 16.12 that the sufficient statistic based
methods (Storvik and PL) approximate the parameter set more accurately (relatively to
the PMMH estimate), but still not as accurately as the IBIS/SVD implementation. An

important factor in this analysis within the context of near real-time state and parameter

5A summary of the tuning results can be found in Appendix D.1.
7A summary of the tuning results can be found in Appendix E.1.1.
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Mothod MSE Time
0, 6, 03 6, 05 66 0 iteration (ms) total (s)
LW 5.6362 4.8364 1.8079 1.2451 1.383 0.8827 0.6062 376.3 866.92
Storvik  7.8953 4.7619 2.7269 1.8106 1.416 0.7538 0.5177 680.1 1566.86
PL 2.2519 2.4766 0.8508 0.3  0.564 0.4244 0.3609 731.1 1684.52

Table 16.4: MSE for different particle filters with the temperature dataset A compared to the
PMMH estimation and computational time for N, = 3 x 10%, Nops = 2304.

estimation in streaming data is obviously the computational cost. We can see in Table 16.4
that even with a substantial amount of particles, N, = 3 x 10%, the execution time of each
step is within the range of 376.3 to 731.1 milliseconds (for LW and PL, respectively). This
computational cost is bound and O (N,) conditioned on the model’s dimension, that is,
each step will only increase its cost per iteration for the same model linearly as a function of
the number of particles used. This cost is perfectly reasonable for near real-time estimation

on streaming data at incoming rates of one observation per second, for instance.

In the case of O-IBIS-SVD, there are different considerations to be taken into account
regarding computational cost. One of them is obviously the resampling step frequency
(since the particle rejuvenation step is the actual computational bottleneck). However, even
when considering the extreme case of static checkpoints with n = 1, i.e. resample-move at
every time ¢, the computational cost will also be bounded, but in this case with O (ANg),
that is, conditioned on the model’s dimension, the computational cost will be constant for
a given window size, h and the number of parameter-particles, and also computationally

bound nevertheless making it an “online” method.

In terms of state estimation, we can see from Table 16.4 that PL outperforms both
Storvik and LW when using the state’s MSE relatively to the PMMH as a criteria. Also
noteworthy is the fact that state estimation’s marginal posterior, p(6;|D;) variance is
smaller for the PL than the other filters and generally smaller for sufficient statistics based
methods when compared to LW. The ESS is however consistent between the three online
methods (with sufficient statistics-based methods having marginally higher values) and

this is a behaviour we observe mainly when using the optimal importance density.

16.3.1.3 Forecast

The results for the one-step ahead observation forecast and respective errors, e; = (y; — ¥)
are presented in Figures 16.15 on page 210 and 16.18. A summary of the observation one-
step ahead MSE is presented in Table 16.5 on page 209.
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Figure 16.12: Estimated posterior for @ at t = N, for the online methods, com-
pared to the offline methods for temperature dataset A. Vertical black line represents
the EM estimation, red dashed line the PMMH mean and vertical red band the 90%
equitailed credibility interval.
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Figure 16.13: Estimation history for @ using the online methods for the temperature
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Figure 16.14: State components for PF estimation on the temperature dataset A

(Nops = 2034) and ESS (bottom left). Colour lines represent the posterior mean and
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208



Chapter 16. Results

MSE
Method

Yit1 Uk Orpsr OO0k O340k Oupyr Osivr Osrn O7itk

LW 0.00056 0.9748 0.3623 0.7898 0.3099 0.0356 0.0354 0.3119 0.3226
Storvik  0.00055 0.8193 0.5176 0.6601 0.2179 0.085 0.0864 0.1896 0.2
PL 0.00055 0.7659 0.6369 0.6229 0.1813 0.1336 0.1335 0.1537 0.1661

Table 16.5: One-step and k-step (k = 804) ahead forecast Mean Squared Error (MSE) for different
particle filters with the temperature dataset A.

A longer k-step ahead forecast, for k = 804, approximately 2 days and 19 hours worth
of temperature data was performed. The k-step ahead state forecast is represented in
Figure 16.17 on page 212, for each individual component. A k = 804 step ahead forecast
for the observations was equally performed with the result presented in Figure 16.16, along
with the squared errors between the temperature forecast and the observed values. The

summary of the k-step ahead forecast is also presented in Table 16.5.

We can see from Table 16.5 that the one-step ahead forecast MSE relatively to the true
y; has virtually identical values for the three online filters considered with slightly more
accurate values for Storvik and PL. When considering long term observation forecasts,
PL has a clear advantage producing a more accurate forecast when compared to the true
observations D(7_g.1) but only with a marginally smaller forecast variance when compared
to the other methods. The long term observation forecast can be seen in Figure 16.16 and
the squared errors €2 can be viewed in the same figure, reinforcing the sufficient-statistics

based methods superior accuracy.

When looking at long-term state forecasts, PL has an advantage when compared to
the remaining methods. We can also verify this visually when looking at the state forecast
plots in Figure 16.17. PL tends to be much more consistent with the PMMH estimation
than the remaining methods while showing a significantly smaller forecast variance than
LW.

16.3.1.4 Monte Carlo variance

For the calculation of the M C M AFE for the parameters, LW, Storvik, PL and O-IBIS-SVD
were used with state and parameter priors as specified in Section 16.3.1.1 whilst the number
of particles was N, = 5000. O-IBIS-SVD was used with N, = 1000 and and observation
window h = 500. The results were then averaged over n = 50 runs in order to obtain
MCMAE. These results are illustrated in Figure 16.19 and summarised in Table 16.16.
Regarding the variability of the state estimation, the mean MCM AE was also calculated
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Figure 16.15: One-step ahead forecast for the online filters with the temperature
data

(and presented in Figure 16.20). As in the parameter case, the mean MCM AE will then
be the averaged value for n runs. We also look at the parameter posterior mean and state
posterior mean average (and standard errors) at ¢ = N5 for the online filters and compare
it to the PMMH state and parameter posterior estimation at t = N,. These results® are

summarised, respectively, in Tables 16.8 on page 213 and 16.7 on page 213.

For Table 16.6 and Figure 16.19 we can clearly see that regarding parameter estim-
ation, sufficient statistic-based methods (especially PL) display a much lower variability
between runs than the LW filter. However, O-IBIS-SVD, is the more stable of all ana-
lysed methods, consistently converging to the PMMH estimated parameter for all runs.
This is clearly visible in in Figure 16.19 for parameter W~, the highest frequency harmonic
of the component F (288,3). PL, Storvik and LW seem to settle on very different values
after a few iterations (perhaps suggesting an identifiability problem), whereas O-IBIS-SVD

consistently converges to the PMMH estimation for all n runs.

In terms of state estimation variability, we can see that once more, sufficient-statistics-
based methods display less variability from Table 16.6, with PL being the less variable.
We can visually inspect this behaviour in Figure 16.20, where the we can also observe the
effect of convergence to the PMMH values in latter stages of the state estimation when

compared to the initial time steps.

16.3.1.5 Discrepancy

One of the properties, as discussed in Section 2.4.3 on page 22 about the online estimation
methods is the ability to calculate a discrepancy value d; which would enable us to detect
potential anomalies or outliers in the data stream. As we can see from Figure 16.21, no
anomalies were detected with any of the online filters, when using a threshold of d = 3.

This was to be expected, since as stated in the beginning of this section, the temperature

8 Average posterior means can be viewed in Figures B.1 and B.2, in Appendix B.1.
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Figure 16.16: Observation forecast values (colour lines are the forecast density mean
and shaded areas the 90% equitailed credibility interval) and MSE for different
particles with the temperature dataset A.

Method MCMAE
W, W,y W3 Wy Ws Ws Wy Vv
LW 0.2755 0.2548 4.3692 0.2595 2.3225 0.2471 1.6637 0.1812
Storvik 0.1120 0.1117 1.2924 0.1126 1.4822 0.1102 0.9145 0.0730
PL 0.0872 0.0827 2.2444 0.1113 1.4202 0.1265 0.8432 0.0590

O-IBIS-SVD 0.0654 0.0661 0.6281 0.0674 0.5894 0.0664 0.4386 0.0646

01 02 03 04 05 06 07
LW 2.3992 22664 2.4326 1.5799 1.4677 1.0942 0.9465
Storvik 2.2014 1.9334 1.8348 1.2845 1.1505 0.8670 0.7523
PL 2.1434 1.9534 1.8750 1.2432 1.1344 0.8384 0.7161

Table 16.6: Mean Monte Carlo Mean Absolute Error (MCMAE) for the parameter and state
estimation with n = 50 runs for different particle filters with the temperature dataset A with
N, = 5000, Nops = 2304 and N, = 1000 for O-IBIS-SVD
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Figure 16.17: State component k-step ahead forecast on the temperature dataset A
(k = 804). Colour lines are the forecast density mean, shaded areas the 90% equi-
tailed credibility interval. Black line is the PMMH state posterior mean estimation.
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Method 0, 0, 05 04

LW 28.041 (0.1829) 4.5378 (0.1502) -3.3978 (0.2526) -0.5499 (0.1495)
Storvik  28.3945 (0.1087)  4.358 (0.1298)  -3.1534 (0.1343) -0.6689 (0.1201)

PL 28.4803 (0.1402) 4.2895 (0.1262) -3.0171 (0.1803) -0.6814 (0.103)
O-IBIS  28.3494 (0.0032) 4.4663 (0.0029) -3.0495 (0.0097) -0.723 (0.0046)
PMMH 27.7698 4.9824 -3.5846 -0.5912

05 6 67

LW -1.2096 (0.125)  0.3624 (0.0911) -0.4372 (0.0794)
Storvik  -1.3028 (0.1025) 0.3089 (0.0692) -0.3923 (0.0529)

PL -1.2692 (0.1127) 0.3051 (0.0634) -0.4471 (0.0776)
O-IBIS  -1.1668 (0.0057) 0.2977 (0.0018) -0.5024 (0.0037)
PMMH -1.2435 0.2277 -0.3628

Table 16.7: Average state posterior mean (at ¢ = Ngps) for n = 50 runs of the online filters for the
temperature dataset (standard error in brackets) compared to the PMMH state posterior mean

estimation.

Method Wl WQ W3 W4

LW 0.1895 (0.0083) 0.1792 (0.0071)  4.5467 (0.5903)  0.1854 (0.0078)
Storvik 0.0803 (0.0018) 0.0796 (0.0019)  1.6331 (0.1858)  0.0795 (0.0015)

PL 0.0622 (0.0015) 0.0592 (0.0012)  2.5989 (0.6529)  0.0625 (0.0015)
O-IBIS  0.0321 (3 x 107%) 0.0322 (3 x 107%) 0.5668 (0.0197) 0.0318 (3 x 10~%)
PMMH 0.0155 0.015 0.4481 0.0139

W; W; W W5y

LW 2.2662 (0.1053) 0.1744 (0.0068)  1.4305 (0.0777)  0.1274 (0.0062)
Storvik  1.6059 (0.1826)  0.0803 (0.0015)  0.8981 (0.0835) 0.0508 (8 x 10~%)

PL 1.4266 (0.258) 0.0586 (0.0012)  0.8081 (0.0937) 0.0375 (7 x 10~%)
O-IBIS  0.3795 (0.0106)  0.0322 (3 x 107%) 0.2458 (0.0053) 0.0273 (3 x 10~%)
PMMH 0.2295 0.0138 0.0774 0.0144

Table 16.8: Average parameter posterior mean (at ¢ = Nyps) for n = 50 runs of the online filters for
the temperature dataset (standard error in brackets) compared to the PMMH parameter posterior
mean estimation.
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Figure 16.18: e = (y — ¢) for one-step ahead forecast for the online filters with the
temperature data

dataset A was specifically chosen due to it’s regularity and absence of empirical outliers.

When looking at the temperature dataset A (Figure 16.7 on page 197) it is possible to

see that the variability increases with the temperature value. This can potentially create

problems for the state and parameter estimation by exacerbating particle impoverishment

in those regions. This can verified by looking at the ESS in Figure 16.14 on page 208, where

we have a cyclical dramatic decrease of the ESS coinciding with the high temperature

values. The same behaviour can also be visually verified with other measures, such as the

one-step ahead observation forecast errors in Figure 16.18 and also on the discrepancy plot

in Figure 16.21 on page 217. Although, at most, the higher valued observations reach a

discrepancy value d = 2, they do not reach our threshold of d = 3 to be considered outliers.
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Figure 16.19: Variability in parameter posterior mean estimation history from LW,
Storvik, PL and O-IBIS-SVD for n = 50 consecutive runs, using the temperature
dataset A (log-scale). Red line represents PMMH posterior mean and red band the
90% equitailed credibility interval.
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Figure 16.20: Variability in state posterior mean estimation history from LW, Stor-
vik and PL for n = 50 consecutive runs, using the temperature dataset A (log-scale).
Red line represents the PMMH state posterior mean.
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Figure 16.21: Discrepancy values for temperature dataset A, using LW, Storvik and
PL. Dashed line represent anomaly threshold of d = 3.
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Figure 16.22: 2015 temperature data for Austin, Texas (USA) for 47870 < t <
49022.

16.3.2 Temperature dataset B

The second analysis performed with the temperature dataset was restricted to the data
between time-points ¢t = 47870 and ¢ = 49022. This data had obvious outliers, as visually
verifiable in Figure 16.22. These values could possibly result from sensor malfunctions,
since all of them have consistently the values of either 0°C or 99°C. For the subsequent
analysis a simpler model was used than the one in Section 16.3.1. A Normal DLM was used,
also including an underlying mean and a seasonal component, but this time consisting of

a single harmonic, h = 1. This model can then be represented by

yt|9t,<ﬁ NN(FTet,V)
0t|0t717(~p ~ N(GOt,l,W)

with structural matrices

1 0 0

F=[1 1 O]Ta G= 10 COS%7r sin%r ) p = 288.

0 —sinZ® cos2E
P p

As in Section 16.3.1.1 on page 198, offline estimation was performed using PMMH. The
PMMH used a bootstrap filter with N, = 4000 particles, a state prior of 8y ~ N (myg, Cp)

where

T
my = [15 0 0] ) Co = diag (100, 100, 100) .

The traces for the PMMH estimation can be found on Appendix A.5.2 on page 284. Online
estimation was performed using the Liu and West, Storvik and Particle Learning filters

using the same model structure as state priors. All of the online filters used N, = 4 x 104

218



Chapter 16. Results

with resampling at static checkpoints n = 1. The parameter priors for both the online and

offline filters were:

o2 ~ TIG(1,1)
Wy ~ IW(3,13).

As in Section 16.3.1.1 on page 198, the fully adapted version of the filters was used.

The comparison of the estimated posteriors p (@|Dr) between offline and online meth-
ods can be viewed in Figure 16.23 and the estimation history for the marginal p (®|D;)

can be viewed in Figure 16.27.

16.3.2.1 Offline estimation

Offline estimation for @ = {W, V} was performed using PMMH, MCWM, IBIS, O-IBIS
(and their SVD implementations) and EM. The parameters’ marginal posteriors at t = Nops
can be view in Figure 16.23 and are summarised in Table 16.9. The traces and auto-

correlation plots for PMMH can be viewed in the Appendix A.5.2 on page 284.

As with temperature dataset A, IBIS and O-IBIS were both performed with a number
of particles N, = 2 x 10* and in the O-IBIS case the observation window was h = 500
observations, both using state priors 8y ~ N (0,100I). The resampler used for IBIS and O-
IBIS was the systematic resampler and the resampling-move step occurred at ESS < Np/2.
PMMH used a bootstrap filter with /N, = 4000 with a systematic resampler at static
checkpoint n = 1. The priors used with IBIS, O-IBIS, PMMH and MCWM for &, where

2 ~IG(1,1),  V=02~IG(1,1).

Also, similarly to the previous section, IBIS and O-IBIS where also implement and eval-
uated using the KF-SVD implementation as well as the standard KF, named respectively
IBIS-SVD and O-IBIS-SVD. The EM algorithm initial parameter set was @9 = 100.

We can see from Table 16.9 and Figures 16.23 that the results from PMMH and
MCWM are consistent (with the exception of the higher harmonic W3), but that the
EM and IBIS/O-IBIS/SVD parameter estimation values differ greatly from the PMMH
and MCWM results. An exception is the first harmonic of F (288,1) where the EM value
is consistent with PMMH and MCWM and the second harmonic where the O-IBIS value
is also consistent with MCWM. Since the variance of the PMMH parameter estimation is
high, there is a overlap in the values for W1, Wy and W3 for the EM, O-IBIS and PMM-

9The EM method does not provide a posterior for @. The value corresponds to the point estimate at
final iteration.
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Method Time (s) W, Wo Ws 1%
IBIS 514.95 0.0519  0.0384 1.7079  0.0429
IBIS-SVD 1095.77 0.0619 0.0384 1.7079  0.0429
O-IBIS 629.12 0.1931 0.0472  24.716  0.0288
O-IBIS-SVD  1252.06  0.0450  0.0400  1.4465  0.0486
EM? 42.65 0.2293 11.7082 0.0469 4.1391
PMMH - 12.6907 11.5926 34.8308 29.6739
MCWM - 17.8303 11.8323 10.5831 29.3088

Table 16.9: Summary of the parameter posterior means using offline estimation methods (including
O-IBIS) for temperature dataset B data.

H/MCWM, although, notably not for V.

With this dataset, we can see from Figure 16.24 that is there is a clear collapse of the
IBIS/SVD and O-IBIS/SVD methods when dealing with extreme outliers. Although these
methods are based on resample-move scheme (thereby “rejuvenating” the parameters), the
Ng KFs used for the likelihood estimation collapse to a single value of {mgi), Cgi) } when
encountering the first outlier. The IBIS class of algorithm’s parameter estimation in this
case collapsed close to boundaries of the PMMH estimation for W (with should be evaluated

with caution, due to the nature of the dataset), however this was not the case for V.

Regarding computational times, we can see from Table 16.9 that these values are also
atypical. In this case, the “online” versions of IBIS had a higher computational cost due
to the fact that after the collapse of the filter, the ESS was never below the threshold,
effectively never triggering the rejuvenation step. The EM estimation is particularly in-
consistent with PMMH for V' and we observe that W5 initialises with a mean value close

the PMMH final posterior estimation it stabilises in the “correct” value.

16.3.2.2 Online estimation

As with temperature dataset A, online state and parameter estimation was performed
using the LW, Storvik and PL filters. The model structure is the same as used for the
offline estimation and all of the filters were tested with N, = 4 x 10%, LW shrinkage factor

was 0 = 0.99 and stratified resampling was used with a static checkpoint of n = 1. The
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Figure 16.23: Estimated parameter posteriors for @ at ¢ = N, for the online
methods, compared to the offline methods on the temperature dataset B. Vertical
black line represents the EM estimation, red line the PMMH mean and shaded area
the PMMH 90% equitailed credibility interval.

parameter priors for all three methods were

og ~IG(1,1)
Wo ~IW (3,15).

The filters used the optimal proposal density. The parameter estimation results compared
to PMMH/MCWM and computational costs are presented in Table 16.11 and the state
estimation MSE and computational costs when compared to PMMH/MCWM are presented
in Table 16.10.

We can see from Figure 16.28 and Table 16.11 that for parameter Wy PL and Storvik
are consistent with the PMMH estimation. An interesting behaviour is noticeable in Fig-
ure 16.27 that, in the case of W1, when the first outlier occurs, the LW filter collapses while
the sufficient statistics-based method quickly converge to the PMMH posterior for W;. A
similar behaviour can be observed for Wy, while in this case the LW filter collapses within
the boundaries of the PMMH estimation. For parameter W3, again we see the collapse
of LW to a single particle, while Storvik and PL avoid collapse, but still show substantial
degeneracy signs. Finally, for V| we see the collapse of LW and the sufficient statistics
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Figure 16.24: Estimation history for parameters & = {W, V} using IBIS/SVD and
O-IBIS/SVD for temperature dataset B. Solid lines represent the posterior mean
and shaded areas the 90% equitailed credibility interval. PMMH in red (dashed
horizontal line is the posterior mean and shaded area the 90% quantile interval).

methods converging to the PMMH value but stabilising in a substantially different value.

Regarding the computational cost of the three filters, we see similar results, as expected
with the analysis for the temperature dataset A, with LW having a slight advantage and
PL and Storvik showing similar execution times (with PL slightly slower than Storvik).
For a model dimensionally smaller than temperature dataset A, we see that the cost per
iteration is between 116.46 to 331.17 milliseconds, still within the criteria for near real-time

state and parameter estimation.

Regarding state estimation, we can verify (in Table 16.10) that although collapse oc-
curs for the all filters, LW and Storvik are generally better in terms of state estimation
accuracy, while from the sufficient statistics-based methods, Storvik shows higher accuracy
than PL when compared to the PMMH state estimation. From Figure 16.26 we can see
that after final set of outliers PL filtering density estimation diverge strongly from the
PMMH estimation, while LW and Storvik approximate better the PMMH estimation. A
consequence of this is the PL filter’s high MSE value in Table 16.10.

Regarding state forecast, all forecasts are performed after the outliers have occurred.
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Figure 16.25: Estimation history for parameters & = {W,V} using EM for the
temperature dataset B. Horizontal dashed line represents the PMMH posterior mean
and shaded area the 90% equitailed credibility interval.

We see from Figure 16.29 that although the estimation for 61 is consistent with PMMH,

this is not the case for seasonal components 85 and 63.

16.3.2.3 Forecast

Regarding the k-step ahead forecast a k = 252 step state forecast was performed and can
be seen in Figure 16.29. The effect of particle collapse is clearly visible by the manifest
mismatch between the forecast values and the PMMH state estimates, specially for 85 and
0s.

16.3.2.4 Discrepancies

To detect potential anomalies online, the discrepancy value at each time ¢, d(y;), was
calculated at each iteration according to the Normal DLM (as detailed in Section 2.4.3.2).
Anomalies where flagged when the discrepancy value was d (y;) > 3 and the results for the
LW, Storvik and PL filters can be viewed respectively in Figures 16.31, 16.32 and 16.33.
The vertical grey lines represent the empirical outliers, classified whenever y; = 0 or y; =
99.
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Method MSE Time
0, 0, 03 iteration (ms) total (s)
LW 18.9086  22.474  23.6664 116.46 134.169
Storvik 31.1403  16.2002  23.272 326.84 376.525
PL 110.9315 90.9919 96.5557 331.17 381.519

Table 16.10: MSE for different particle filters with the temperature dataset B compared to the
PMMH estimation and computational time for N, = 4 x 10%, Nyps = 1152.

Method Time (s) W, W, W; v
LW 134.169  0.1569  0.2367  2.2001  0.0985
Storvik 376.525  16.2631 1.0984  1.5765 0.352
PL 381.519  19.6032 0.5532  0.9106  0.2006
PMMH - 12.6907 11.5926 34.8308 29.6739
MCWM - 17.830 11.832  10.583  29.308

Table 16.11: Parameter posterior mean estimation and computation time with online methods for
the temperature data B.

From the discrepancy data, we can see that LW flagged most of the empirical outliers
correctly, while Storvik and PL showed consistent results between them. Storvik and PL
also display a considerable number of “borderline” outliers, when using the above criteria
with d (y;) close, but below 3.
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Figure 16.26: State components for PF estimation on the temperature dataset B

(Ngps = 1152) and ESS. Colour lines represent state posterior mean and shaded
areas 90% equitailed credibility interval. Dashed line represents PMMH state pos-

terior mean
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16.4 World Cup 1998

To test the estimation methods using the Poisson DLM, we have used in this section the
World Cup 19989 (WC98) dataset (Arlitt & Jin (2000)). The data contains records of
Hyper Text Transfer Protocol (HTTP) access requests to the official web server for the
1998 football World Cup. The data comprises access from April 30, 1998 and July 26,
1998 totalling 1,352,804,107 requests.

The original data captured visits to web resources as event type data but was converted
to a time series with granularity of one minute. Resources other than web pages (e.g.
images) were removed and the remaining resources aggregated in that time window. The

resulting data is shown in Figure 16.34.

The model chosen was a Poisson DLM following the relations of Section 2.3.2 on page 17,
that is

Yt|0t, P ~ Po (e™)
n =F'6,
0:0,—1,P ~ N (GO;—1,W)

Since the data subset analysed corresponds to approximately 3 days we use a locally
constant component to capture the underlying mean along with a Fourier component to
capture the daily effect. As the data is sampled every minute, the period of the Fourier
components will be p = 1440, representing the daily pattern. As in Section Section 16.3.1
on page 196, we have measured!! the forecast performance of the Storvik filter for different
values of h and have chosen a number of harmonics (h = 3) that represents a compromise

between a flexible approximation of the seasonal component and computational costs.

10 Available at: http://ita.ee.lbl.gov/html/contrib/WorldCup.html (Accessed 13" September 2017)
HEull results of the forecast runs available in Appendix C.2.
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Therefore, according to (2.15), the model structure will be

F=[1 1 0 1 0 1 07,

1 0 0 0 0 0 0
2 i 2T
0 cos 5 sin<r 0 0 0 0
G 271 2m
0 —sin L, COs T 0 0 0 0
G= 10 0 0 cos 4?“ sin 4?” 0 0 )
s 4w 47
0 0 0 —sin=F  cos o 0 0
6 i 67
0 0 0 0 0 cos = sin =t
: 61 6w
_0 0 0 0 0 —sin =% cos o
p = 1440.

16.4.1 Offline estimation

Offline estimation of the parameter set @ = {W} was performed using PMMH, SMC? and
O-SMC?. The marginals using PMMH, SMC? and O-SMC? at time t = N, are presented
in Figure 16.35 on page 233. The estimation history for SMC? and O-SMC? is presented
respectively in Figure 16.36 on page 234. The traces and auto-correlation plots for PMMH
can be viewed in Appendix A.6.

SMC? and O-SMC? were both performed with a number of particles Ng = 2000 and
Ng = 1000 and in the O-SMC? case the observation window was h = 500 observations.
The number of particles for O /SMC? were chosen based on keeping the computational cost

of the non-rejuvenating steps still comparable to the online methods. The priors used with
SMC?, O-SMC? and PMMH for &, were

Wo 1.7 ~IG(1,1).

For the Ng particles filters of SMC? and O-SMC? we have used a state prior

00 ~ /\/’(m07C0),
mg = [10 0 0 0 0 0 0 (16.4)
Co = diag(100,10,10,10,10,10,10) (16.5)

with the Cp 1,1 = 100 to indicate a potential higher variability of the underlying mean when
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Method Time (s) W, W Ws W,

SMC2  84888.98  0.0117 (0.0002) 0.0135 (0.0001)  0.4297 (0.015)  0.0123 (0.0001)
O-SMC?  42457.1  0.0089 (0.002) 0.0091 (0.0015) 0.2123 (0.1063) 0.0098 (0.0019)
PMMH - 0.0107 (0.002)  0.0107 (0.002)  0.3247 (0.442)  0.0106 (0.002)

Method Time (S) W5 W6 W7

SMC2  84888.98  0.1160 (0.0087) 0.0117 (0.0002)  0.0949 (0.01)
O-SMC2  42457.1  0.0601 (0.0409) 0.0065 (0.0016) 0.0519 (0.0299)
PMMH - 0.1897 (0.1418)  0.0106 (0.002)  0.0986 (0.0644)

Table 16.12: Parameter posterior mean estimation (at t = Ngps) with IBIS and O-IBIS and
posterior mean with PMMH (standard deviation in brackets) for the WC98 data.

compared to the seasonality components. A summary of parameter estimation results for
the offline methods is presented in Table 16.12.

We see in Table 16.12 the considerable difference in computational cost between SMC?
and O-SMC?. In terms of the parameter estimation itself, we can see that the results
of SMC? and O-SMC? are generally comparable. Both methods provide a reasonable
approximation of the PMMH estimated posteriors as we can see from Figure 16.36. For all
the separate components of W, we can also see from Figure 16.35 that there is a considerable
overlap between the SMC?, O-SMC? and PMMH estimates. However, SMC? suffers from
a severe underestimation of the parameter posterior variance when compared to PMMH.
This could be due to an insufficient number of particles and precisely a scenario where
the automatic calibration of Ny, as described in Chapter 15, could be potentially useful.
It is also noteworthy that both methods use the same Ng and Ny. However, when the
rejuvenation stage occurs at a some time ¢,, O-SMC? is estimating the likelihood over h
data points while SMC? is estimating it over t,, potentially with ¢, > h. The situation
might occur'? where Ny is adequate for a window of size h but not ¢,. In this scenario, the
insufficient Ny for SMC? can lead to a high estimator variance and a low acceptance rate,

which can contribute to the observed posterior variance underestimation.

2In our case the last rejuvenating step of SMC? occurred at ¢t = 4282 and O-SMC? at t = 4119,
consequently SMC? performed the rejuvenation over 4282 observations and O-SMC? over 500.

232



Chapter 16. Results

sMmc2 “f- sMmc2
PMMH PMMH -
0-SMC2 0-SMC2 -
0.01 0.01
(a) W1 (b) W2
SMC2 - SMC2 }A
PMMH PMMH
0-SMC2 0-SMC2
0.1 1.0 0.01
(c) W3 (d) Wy
sMmc2 - sMmc2 L
PMMH | === PMMH -
0-SMC2 0-SMC2
0.1 1.0 0.01
(e) W; (f) Ws
sMc2
PMMH | = .
o-sMc2{ = —_—
0.1
(g) Wy

Figure 16.35: SMC? and O-SMC? & = {W} parameter posterior estimation at
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interval..
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16.4.2 Online estimation

Online state and parameter estimation was performed using the Liu & West, Storvik
and Particle Learning filters as in Section 16.3.1.2 on page 203. The Storvik filter was
implemented according to the algorithm described in Algorithm 9.1 on page 119, but
in three variants. One using the prior, p(6;]0;_1), as the importance density, a second
implementation using the CF as the importance density and finally using the EKF adjusted
model prior as described in Section 6.2.5 on page 80. These implementations were named
Storvik, Storvik-CF and Storvik-EKF respectively.

The model structure used was the same as the one presented in Section 16.4 on page 230.
The state priors were the same for all the filters and drawn from a vague prior 8y ~

N (myg, Cp) with the mg and Cy taking the same values as (16.4) and (16.5) respectively.

Several runs for varying N, were performed!3, similarly to Section 16.3.1.2 on page 203,
after which the value of N, = 4.5 x 10? was chosen. After performing!? several runs of
Liu & West with a range of smoothing parameters a value of § = 0.99 was chosen and
the resampler used was the stratified resampler presented in Section 7.3.2 with a static
checkpoint of n = 1, that is, performing resampling at every time step ¢. The parameter

priors used were

Wy ~ IW (7,0.217).

We will present the estimation for approximately 3 days worth of minutely data (Nyps =
4320).

The filter’s results are compared to a long run of a PMMH (the traces and ACF can
be viewed in Appendix A.6) and the MSE is calculated considering the PMMH’s result
as the “true” value. In Figure 16.37 on page 237 we present the estimated marginals for
the parameter set @ = {W} using the online methods, in comparison to the offline results
obtained in Section 16.4.1. In Figure 16.38 on page 238 we show the estimation history
for @ using the online methods. A summary of the online parameter estimation results is

presented in Table 16.13 on the next page.

The results for online state estimation are presented separately for each state component
6 ={6,,...,07} in Figure 16.38 on page 238, along with the ESS (Figure 16.41) for each
of the online methods. A summary of the MSE between each state component and the
PMMH state estimation is presented in Table 16.14 on page 241, along with each filter’s

total and iteration execution times.

We can see from Table 16.13 that PL is generally closer to the PMMH estimation (with
the exception of W7). Regarding the Storvik class, the implementation using the EKF pro-

13 A summary of the tuning results can be found in Appendix D.2.
Summary tables with the tuning results available in Appendix E.2 on page 313.
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Method W, Wo W; W, W; W Wy
LW 0.018 (0.0003)  0.007 (0.0003)  1.7558 (0.3502) 0.0183 (0.0002) 0.1756 (0.0191) 0.0137 (0.0003) 0.7206 (0.1112)
Storvik  0.0134 (0.0004) 0.0097 (0.0003)  0.0866 (0.003) 0.0117 (0.0004)  0.048 (0.0013) 0.0108 (0.0003) 0.1309 (0.0043)
Storvik-CF  0.0296 (0.0008) 0.0148 (0.0004) 0.0264 (0.0012) 0.0246 (0.0008) 1.7875 (0.0642) 0.0096 (0.0003) 0.0963 (0.0042)
Storvik-EKF  0.0094 (0.0003) 0.0121 (0.0004) 0.0305 (0.0015) 0.0094 (0.0005) 0.0949 (0.0032) 0.0108 (0.0004)  0.057 (0.004)
PL 0.0098 (0.0003) 0.0104 (0.0003) 0.4679 (0.0152) 0.0147 (0.0004) 0.1382 (0.0047)  0.009 (0.0002)  0.2008 (0.0049)
PMMH 00107 (0.002)  0.0107 (0.002)  0.3247 (0.442)  0.0106 (0.002) 0.1897 (0.1418)  0.0106 (0.002)  0.0986 (0.0644)

Table 16.13: Summary of parameter posterior mean estimation at ¢t = N,;s with online estimation
methods for the WC98 dataset.

posal outperforms Storvik-CF, especially regarding the highly divergent estimate for Ws.
In several W components Storvik-EKF outperforms PL, specifically in the estimation of
W3, W, and Wg. Regarding computational costs, we see from Table 16.14 a similar relation
as with the NDLM versions, with LW having the lowest computational cost followed by
Storvik and PL. Storvik-CF and Storvik-EKF do incur in the highest cost for the online
methods, which is to be expected due to the additional Kalman-style recursions (and as-
sociated matrix operations) needed to create the new proposal at each time step. Still, we
can see that the computational cost per iteration (i.e., the average computational cost for
each time step t) seems perfectly adequate to perform near real-time state and parameter

estimations being, in this case, bound between 189.9 and 1057.3 milliseconds per iteration.

Regarding state estimation, we can see from Table 16.14 that when comparing the
MSE between the estimated states and PMMH estimation, the sufficient-statistics-bases
filters generally outperform the remaining methods. Storvik outperforms Liu and West
and has a MSE closer generally closer to the PL values than Liu & West. It is noteworthy,
that Storvik-EKF generally outperformed Storvik in the state estimation as it was the
case with the parameter estimation. Storvik-CF did not perform better than PL (with
the exception of the estimation for 8, and 03), but in the interest of comparing different
proposals within the same algorithm it did not outperform Storvik as can be seen from
Table 16.14. We can see the comparison between Storvik/CF/EKF in Figure 16.40, where
is it clear (especially in the case of 81) that Storvik-EKF’s p (6,|D;) estimation is closer
to the PMMH estimation, although displaying a higher posterior variance than Storvik.
Although Storvik-EKF outperforms PL in several components of the parameter estimation,
this is not the case for the state estimation. It does however clearly produces better state

estimates than Storvik.

15 Average time of non-resampling steps with ¢ > k.
16 Average time of non-resampling steps with ¢ > k.
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Figure 16.37: Parameter posterior estimation for & at ¢t = N, for the online
methods, compared to the offline methods with the WC98 data. Red dashed line
represents PMMH parameter posterior mean and shaded area the 90% equitailed
credibility interval.
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MSE Time
Filter
01 0, 03 0, 05 O¢ 0 iteration (ms)  total (s)
LW 10.9658 19.9896 35.7292 17.5371 18.2089 13.9044 9.7558 189.9 820.397

Storvik 7.0778  3.6249 11.6331 3.6656  4.3315  3.8827 1.2036 664.545 2870.838
Storvik-CF  7.7535 3.57 2.4655 12,5878 13.3732  5.865  5.2507 1057.3 4567.651

Storvik-EKF ~ 1.1855  2.0548  4.2009  1.3258 0.706 0.409  0.3236 767.9 3317.423
PL 3.4092 5.021  14.2514  4.808 4.4804  2.6072 2.1838 477.3 2061.966
SM(? 9.6067 16.7394 20.7526 7.7167 10.9001  6.2586  3.8609 4147.21 70082.64

0-SMC? 5.6993  2.5284  0.8852  0.5111 0.2231  0.1715 0.1119 3860.916 78128.32

Table 16.14: State posterior mean MSE (relatively to PMMH state posterior mean) and compu-
tational time for different filters with the WC98 dataset.
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Figure 16.41: ESS for the online methods with the WC98 data.
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MSE
Method
é1,1€-|—k: éQ,t-{—k é3,t+k é4,t+k é5,t+k éﬁ,t—&-k é7,t+k
LW 10.154 11.291 11.658 5.0332  4.9828 1.1868 1.1452

Storvik 0.28814 0.78964 0.38509 0.42907 0.39201 0.88338  0.90245
Storvik-CF  6.5922  1.9969 1.6356 20.381  21.181  3.8636 3.9776
Storvik-EKF  0.7255  0.3864  0.034385 0.17426 0.12706 0.10575 0.093408

PL 3.4421  2.8063 27061  0.69519 0.6394 0.17886 0.17393

Table 16.15: State posterior mean k-step (k = 804) ahead forecast Mean Squared Error (MSE)
relatively to PMMH state posterior estimation for different particle filters with the WC98 dataset.

10000 Filter o ST ST-CF ST-EKF PL
7500
o 5000
2500
0
1000 2000 3000 4000

t

Figure 16.42: One-step ahead forecast errors for the online filters with the WC98
data.

16.4.3 Forecast

The results for the one-step ahead observation forecast errors are presented in Figure 16.42
and summarised in Table 16.15. As in the case of temperature data, a longer k-step ahead
forecast (k = 804) was performed on this data. The results for the k-step ahead state

forecast are summarised in Table 16.15.

Regarding state forecast, we can see from Table 16.15 mixed results where Storvik-
EKF outperforms the remaining methods for {89, ...,07} and Storvik outperforms for the
state components 6. From Figures 16.43 and 16.44 we can see that the state forecast is
consistent with the PMMH state estimate, although LW shows a higher posterior variance
than the sufficient-statistics based methods. From Figure 16.44 we can see that Storvik-
CF also display a much higher variance than Storvik. It is also clear from the results that
Storvik-EKF outperforms Storvik in several components of state and parameter estimation,
but also in the case of the state forecast, being in fact the best performing of all the
methods.
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Figure 16.43: State component k-step ahead forecast on the WC98 dataset (k =
804). Colour lines represent posterior mean and shaded areas 90% equitailed cred-
ibility interval. Solid black line represents PMMH state posterior mean.
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Figure 16.44: State component k-step ahead forecast on the WC98 dataset using
Storvik and Storvik-CF (k = 804). Colour lines represent posterior mean and shaded
areas 90% equitailed credibility interval. Solid black line represents PMMH state
posterior mean.
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MCMAFE
Filter
W1 W2 VV3 W4 W5 W6 W7
LW 0.4541 0.4327  1.5677  0.4599 25417  0.4423  2.1443

Storvik 0.1287  0.1226  1.4820 0.1248 1.6673  0.1276  1.4770
Storvik-CF  0.1159  0.1130  7.3560  0.1289  1.9560  0.1087  1.8907
Storvik-EKF ~ 0.0590  0.0614  1.4177  0.0600  1.4926  0.0599  1.3529
PL 0.0865  0.0876  1.4542  0.0877 1.3196  0.0854  1.3615
0-SM(? 0.0159 0.0134 1.6924 0.0144 0.6852  0.0162  0.4655

91 92 93 94 (95 06 97

LW 11.8797 16.7328 18.7421 16.8209 16.3860 14.8168 12.3025
Storvik 10.5692  13.3078 15.5469 13.6962 13.8622 11.8743  9.2593
Storvik-CF ~ 5.8181  9.7513  12.5241 9.3262  9.1925  6.7287  5.5044
Storvik-EKF  5.8715  8.4101  9.6863  8.8424 88993 7.0859  5.7010
PL 7.0124  9.9405 11.6970 10.0148 10.1936 8.8004  6.7335
0O-SMC? 1.2489  1.5430  1.0991  0.8099  0.9035 0.7052  0.5603

Table 16.16: Mean Monte Carlo Mean Absolute Error (MCMAE) for the parameter and state
posterior mean estimation with n = 50 runs for different particle filters with the WC98 dataset
with N, = 5000, Nops = 2304 and Ng = 2000, Ng = 100 for O-SMC?

16.4.4 Monte Carlo variance

To estimate the mean MCMAE), as described in (16.2) and (16.3), LW, Storvik and PL
were used with state and parameters priors as specified in Section 16.4.1 on page 231 and
the number of particles was N, = 5000. 0-SMC? was used with Ng = 1000 and Ng = 200
particles and observation window h = 250, using the prior as the importance density
(as described in Section 6.2.2 on page 76) for the O-SMC? particle filter. The results
were then averaged over n = 50 runs in order to obtain MCMAE. These results are
illustrated in Figure 16.45 (for LW, Storvik, PL and O-SMC?), Figure 16.47 (for Storvik-
CF/EKF) and summarised in Table 16.16. We also look at the parameter posterior mean
and state posterior mean average (and standard errors) at t = N for the online filters
and compare it to the PMMH state and parameter posterior estimation at t = Nyps. These

results'” are summarised, respectively, in Tables 16.18 on page 251 and 16.17 on page 250.

17 Average posterior means can be viewed in Figures B.3 and B.4, in Appendix B.2.
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Regarding the variability of the state estimation, the mean MCM AFE was also calculated
using the PMMH estimate mean as the reference value. As in the previous section, the

mean M CM AE will then be the averaged value for n runs.

We can see from Table 16.16 that in terms of parameter estimation variance, O-SMC?
generally outperforms all the other methods (with the exception of W3, but still consistent
with the other results in this case). From the remaining methods, sufficient-statistics-
based ones clearly show less variability than LW. As with the state forecasts, Storvik-CF
displays mixed results where the estimation for some parameters (namely Wy, Wy and W
show less variability than Storvik but not in the remaining parameters (especially in W3).
However, as we can see from Figure 16.45 and 16.47, the estimation for n = 50 runs of W3
shows a high variability when compared with the other parameter suggesting a possible

identifiability problem.

When considering the Monte Carlo variance of the state estimation, we can see similar
results. However, in this case, while O-SMC? still outperforms the remaining methods,
the difference is more marked. Sufficient-statistics-based methods clearly outperform LW.

This can be inspected visually from Figures 16.46 and 16.47.

16.4.5 Discrepancies

The discrepancy value d (y;) was used to detect potential anomalies in the data in a online
fashion as in previous sections, using the methods described in Section 2.4.3 on page 22.
The results are presented in Figures 16.48, 16.49 and 16.50 respectively using LW, Storvik
and PL. We can see that none of the filters detected anomalous observations when using
a threshold of d (y;) > 3.
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Figure 16.45: Variability in parameter posterior mean estimation history from LW,
Storvik, PL and O-SMC? for n = 50 consecutive runs, using the WC98 data. Ho-
rizontal red line represents the PMMH posterior mean and shaded area the 90%
equitailed credibility interval(log-scale).
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Figure 16.46: Variability in state posterior mean estimation history from LW, Stor-
vik, PL and O-SMC? for n = 50 consecutive runs, using the WC98 data. Red line

represents the PMMH state posterior mean (log-scale).
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Figure 16.47: Variability in parameter (log-scale) and state estimation history for
Storvik-CF /EKF for n = 50 consecutive runs, using the WC98 data
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Method 01 0o 03 0,

LW 8.6858 (2.1426) -3.5011 (3.2814) -3.5163 (3.803)  1.8948 (3.3442)
Storvik 6.8976 (2.2225) -1.5058 (2.7843) 3.9171 (3.4773) -2.2117 (2.6037)
Storvik-CF  2.9414 (1.1658)  0.279 (1.7198)  2.2249 (2.7278)  0.4878 (1.3669)
Storvik-EKF  4.097 (0.9609)  1.0677 (1.2286) -0.9272 (1.6885) -0.9148 (1.4858)

PL 4.6599 (1.1723)  2.5428 (1.6095) -0.4955 (2.3515) -1.2268 (1.5726)
O-SMC2  2.3014 (0.1118)  1.3366 (0.1383) -0.7345 (0.1779)  0.4729 (0.1591)
PMMH 3.4554 0.4873 -0.5346 -0.1254
05 s 07

LW 7.4492 (2.9243)  -3.0244 (2.6497) -4.0371 (2.3393)

Storvik -4.4401 (2.277)  0.9056 (2.6512)  1.6058 (1.7717)
Storvik-CF  -1.7742 (1.9245)  0.3778 (1.1203)  0.5643 (1.0407)
Storvik-EKF  0.2348 (1.4042) -0.1639 (0.9947)  0.3661 (0.9132)

PL 2.899 (1.7928)  -1.8775 (1.3975) -0.8023 (1.1389)

O-SMC2  -0.1582 (0.1154) -0.0116 (0.0829)  0.2978 (0.0764)

PMMH 0.0923 0.0124 0.0847

Table 16.17: Average state posterior mean (at ¢ = Nyps) for n = 50 runs of the online filters
for the WC98 dataset (standard error in brackets) compared to the PMMH state posterior mean

estimation.

1.00

0.01

1000

2000
t

3000

4000

Figure 16.48: Discrepancy values (d (y;) > 3 threshold, log-scale) for the WC98
dataset using the LW filter

250



Chapter 16. Results

Method W, W, W5 W,
Lw 0.4553 (0.021) 0.4334 (0.0228) 1.8533 (0.2254)  0.4617 (0.0255)
Storvik 0.1016 (0.0019) 0.0972 (0.002) 1.7707 (0.1893)  0.0987 (0.0017)
Storvik-CF 0.0817 (0.0051)  0.0806 (0.0038)  7.4791 (2.7866)  0.0852 (0.005)

Storvik-EKF  0.0501 (8 x 107%)  0.0519 (8 x 107%) 1.7 (0.2152)  0.0511 (8 x 107%)

PL 0.071 (0.0011) 0.0717 (0.0012)  1.71 (0.2289) 0.072 (0.001)
O-SMC2  0.0132 (2 x 107%)  0.0133 (2 x 10~%)  0.4807 (0.0393) 0.0135 (8 x 107%)
PMMH 0.0107 0.0107 0.3266 0.0106

W; W Wy

LW 2.7205 (0.5604)  0.4429 (0.0179)  2.2766 (0.4433)

Storvik 1.8039 (0.2815)  0.1002 (0.0019)  1.5703 (0.1476)
Storvik-CF  2.1287 (0.3142)  0.0785 (0.0035)  1.9128 (0.2629)
Storvik-EKF  1.6259 (0.2334)  0.0511 (8 x 10~%)  1.4085 (0.1735)

PL 1.4762 (0.1557) 0.07 (0.0012)  1.4536 (0.1476)

0-SMC2 0.2687 (0.0167)  0.0133 (8 x 107%)  0.15 (0.0087)

PMMH 0.1896 0.0106 0.099

Table 16.18: Average parameter posterior mean (at t = Nyps) for n = 50 runs of the online filters
for the WC98 dataset (standard error in brackets) compared to the PMMH parameter posterior
mean estimation.
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Figure 16.49: Discrepancy values (d (y;) > 3 threshold, log-scale) for the WC98
dataset using the Storvik filter
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Figure 16.50: Discrepancy values (d(y;) > 3 threshold, log-scale) for the WC98
dataset using the PL filter
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Figure 16.51: Airport delay dataset. On-time flights in red, delayed flights in blue
and missing data in grey'®.

16.5 Airport data

The data used for binomial data modelling (the Binomial DLM) comes from the US Depart-
ment of Transportation’s Bureau of Transport Statistics!? and consist on airport departure
times. From the available scheduled and actual departure times we dichotomised the data-
set into binary data corresponding to delayed and on-time flights. A flight was considered

delayed if it departed 30 minutes or more after the scheduled time. That is

0 if |7f - teacpected| <30
Yy =<1 if ’t — teq;pected’ =30
NA if no flight at ¢

The data was then converted into a time series with intervals of one minute and since
there aren’t departures at each time-point ¢t we have inserted missing observations if no
departure happened. The airport chosen was the JFK airport in New York City and period

was January 2015.

This dataset contains 3822 missing observations, accounting for approximately 88% of
the total observations. As we can see from Figure figure 16.51, there is no discernible

pattern for the missing data and as such we consider it missing at random.

18 Jitter applied vertically to all observations to prevent overplotting.
19 Available at: http://www.transtats.bts.gov/DL_ SelectFields.asp?Table ID=236&DB_Short Name=On-
Time (Accessed 13" September 2017)
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The model chosen was a Binomial DLM as described in (2.25), that is:
yt|ne ~ Binom (logit ™" {1}, n¢)
= F'0;
0:16:—1,P ~ N (GO;—1,W).

The dataset corresponds to approximately 3 days worth of minutely data (Nys = 4320)

for which a locally constant, P (1) and a Fourier seasonal component with one harmonic?’

and period p = 1440 were used, that is
M={P(1),F (1440,1)},

which corresponds to the structural matrices

F=[1 1 0],
_1 0 0 -
G= 10 cos%7r sim%7r )
_0 —sin%7r cos%’r_
p = 1440.

16.5.1 Offline estimation

Offline estimation of the parameter set @ = {W} was performed using PMMH, SMC? and
O-SMC?. The marginals using PMMH, SMC? and O-SMC? at time t = N, are presented
in Figure 16.52. The estimation history for SMC? and O-SMC? is presented respectively in
Figure 16.53 on page 257. The traces and auto-correlation plots for PMMH can be viewed
in Appendix A.7 on page 289.

SMC? and O-SMC? were both performed with a number of particles Ng = 2000 and

Ng = 1000 and in the O-SMC? case the observation window was h = 250 observations?!.
The SIR component of the PMMH used N,, = 2000 particles. The priors used with SMC?,

20 A number of Storvik runs were performed with different numbers of harmonics to assess the forecast
performance. Results are available in Appendix C.3.

21The observation window will include Yi—250:t,t > 250, regardless of observations being "missing" or
not.
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Method Time (s) W, W, W3

SMC2 1801754 0.5763 (0.5346) 0.5264 (0.4421) 0.7022 (0.6075)
O-SMC2  5627.075 0.5318 (0.5384) 0.4716 (0.4392) 0.6084 (0.7301)
PMMH - 0.7889 (0.3091) 0.7584 (0.3012)  0.9887 (0.41)

Table 16.19: Summary of computation time and posterior mean estimation (standard deviation in
brackets) using offline methods (including O-SMC?) for the airport dataset.

O-SMC? and PMMH for &, where

76(1,1) 0 0
Wi~ o 7g(1,1) 0

0 0 IG(1,1)

The state prior used for SMC?, O-SMC? and PMMH was a normal prior such that

6o ~ N (my, Co)
mo=[0 0 0
Co = diag (40, 40, 40) .

A summary of parameter estimation results for the offline methods is presented in
Table 16.19. From this table and Figure 16.52 on the following page we can see that
the estimated parameters by SMC? and O-SMC? are consistent, with O-SMC? showing
a higher accuracy (but only marginally). Both methods show a clear convergence to and
overlap with the PMMH estimated posterior as can be seen in Figure 16.52 on the next
page.

In terms of computational costs there is a clear difference between the two methods
with O-SMC? outperforming SMC?2,

16.5.2 Online estimation

State and parameter estimation was performed using the Liu & West, Storvik/EKF and
Particle Learning filters, in an online fashion. The Storvik filter was implemented in two

variants in this dataset, namely using the prior and the linearised EKF adjusted model as
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Figure 16.52: @ = {W} parameter posterior estimation using IBIS; O-IBIS (both
at t = Nops) and PMMH. Vertical red line is the PMMH posterior mean estimation
and vertical red bar is the PMMH 90% equitailed credibility interval.

importance densities. The filters were initialised with the same state and parameter priors,
drawn respectively from 6y ~ N (0,40I3). The number of particles used for each filter was
Np =4.5x 10% and the value chosen after performing several runs?? with varying Np. The
discount parameter chosen?® for Liu and West was 6 = 0.99. The resampling method used
was stratified resampling with a static checkpoint of n = 1. The parameters priors were

Wo ~IW (3,13).

In Figure 16.54 we can see the estimated marginals for the parameter set @ = {W}
using the online methods. The online parameter estimation history results can be seen
in Figure 16.55 and a summary of the parameter posteriors at ¢ = Ny can be viewed in
Table 16.20.

We can see from Table 16.20 that the sufficient-statistics-based methods outperform LW
in terms of parameter estimation when compared to the PMMH result. Specifically, Storvik
and PL are consistent with PMMH, whereas Storvik-EKF underestimated the variance
components. In terms of computational costs, the values are similar for all methods,

which is not surprising considering that due to the fact that 88% of the data is considered

22Qummary of the full results available in Appendix D.3
23The tuning for § was performed by running several runs of L&W with different values and comparing
the state posterior mean MSE and parameter posterior at t = Nyps. Result available in Appendix E.3.
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Figure 16.53: & = {W} parameter posterior estimation history using SMC? and
0O-SMC? for the airport data. Solid lines represent the posterior mean and shaded
areas the 90% equitailed credibility interval. PMMH in red (dashed horizontal line
is the posterior mean and shaded area the 90% equitailed credibility interval).

“missing”, the computation for those steps will be similar (i.e. a state update according to

the prior with no resampling).

Regarding state estimation, we can see from Table 16.21 that the sufficient-statistics-
based methods dominate in terms of state estimation accuracy. In general SMC?, O-SM(C?
and the remaining sufficient-statistics-based methods show consistent results, with a mar-
ginally smaller MSE for SMC? and O-SMC?2. LW is the worst performing of the analysed
methods for this particular dataset. From the online methods, O-SMC? has the highest
computational cost. The running time per iteration will vary (but will be computationally
bounded) depending on whether we have a rejuvenation step or not, however, the value
displayed in Table 16.21 is the mean value for the non-rejuvenating steps at t > h, with
h as the observation window. We can see this value is several orders of magnitude higher
than the remaining methods, and not suitable, for instance, for streaming data with obser-
vations arriving every second. However, this computational cost would still be acceptable
values for inference in streaming data with a considerably high frequency. We can also
see from the state estimation history in Figure 16.56 that posterior variance is marginally
smaller for Storvik-EKF.
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Figure 16.54: & parameter posterior at t = N5 using the online methods, compared

to the offline methods. Vertical red line the posterior mean using PMMH and shaded
area the 90% equitailed credibility interval.

16.5.3 Forecast

Asin the case of temperature data, a longer k-step ahead forecast (k = 1440) was performed
on this data. The results for the k-step ahead state forecast are summarised in Table 16.22

and the actual state forecast can be viewed in Figure 16.57.

Regarding state forecast, we can see from Table 16.22 that sufficient-statistics-based
methods outperform LW, with Storvik-EKF and PL outperforming Storvik. For the state
vector component 63 (the highest frequency harmonic of the seasonal component), Storvik-
EKF is the most accurate when compared to PMMH.

16.5.4 Monte Carlo variance

Similarly to the previous sections, to estimate the mean MCM AE, as described in (16.2)
and (16.3), LW, Storvik and PL were used with state priors as specified in Section 16.5,

24 Average time of non-resampling steps with ¢ > k.
25 Average time of non-resampling steps with ¢ > k.
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Method Time (s) W, W, Ws
LW 244,508  1.5496 (0.5535) 1.2956 (0.3262) 1.7875 (0.5454)
Storvik 292.798  0.7563 (0.2708) 0.7942 (0.2683)  0.952 (0.2828)
Storvik-EKF  370.296  0.8102 (0.267)  0.8194 (0.2539)  0.8892 (0.3494)
PL 346.982  1.0492 (0.4221) 0.7999 (0.2673) 1.0243 (0.4307)
PMMH - 0.7804 (0.3164) 0.7331 (0.3132) 0.9789 (0.4231)

Table 16.20: Computation time, parameter posterior mean estimation (and standard deviation, in
brackets) at t = Nps with online methods for the airport data.

Method MSE Time
0, 0, 03 iteration (ms)  total (s)
LW 09.2434 421278 48.9085 56.59 244.508
Storvik 30.1322  30.6581 40.0322 67.7773 292.798
Storvik-EKF  32.6937 28.7214 37.8335 85.7167 370.296
PL 33.1388  33.284  36.1698 80.3199 346.982
SMC? 26.406  27.6547 35.4881 3078.0%* 18017.54

0O-SMC? 22.8451 22.2972 22.1871 2314.5% 5627.075

Table 16.21: State posterior mean MSE (relatively to PMMH state posterior mean estimation)
and computation time with different particle filters for the airport dataset.

MSE
Method
él,t—&-k éZ,t—l—k éS,t—l—k
LW 331.59 168.4 121.98

Storvik 196.12  143.7 102.24
Storvik-EKF  188.46 110.4  74.437
PL 170.12 123.92 85.142

Table 16.22: State posterior mean k-step (k = 1440) ahead forecast MSE (relatively to PMMH
state posterior mean estimation) for different particle filters with the airport dataset.
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Figure 16.55: Parameter posterior estimation history for & using online methods for
the airport data. Solid lines represents the posterior mean, shaded red area the 90%
equitailed credibility intervals. Dashed horizontal line represents PMMH posterior
mean and shaded area the 90% equitailed credibility interval.
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and the number of particles was N, = 5000. 0O-SMC? was used with Ng = 2000 and
Ng = 250 particles and observation window h = 1000, using the prior as the importance
density (as described in Section 6.2.2 on page 76) for the log-likelihood estimator SIR. The

observation window for O-SMC? was larger than in previous sections to accommodate for

high number of missing observation. As previously, the results were then averaged over
n = 50 runs in order to obtain MCMAE. The results for state estimation variability are
illustrated in Figure 16.59 and for the parameter variability in Figure 16.58. We also look
at the parameter posterior mean and state posterior mean average (and standard errors) at
t = N,y for the online filters and compare it to the PMMH state and parameter posterior

estimation at ¢t = N,,. These results?® are summarised, respectively, in Tables 16.25 and

26 Average posterior means can be viewed in Figures B.5 and B.6, in Appendix B.3.
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Figure 16.56: State posterior estimation using different particle filters on the airport
dataset and Effective Sample Size. Solid colour lines represent state posterior mean,
shaded area 90% equitailed credibility intervaland dashed black line PMMH state
posterior mean.

16.24.
Regarding the variability of the state estimation, the mean M CM AE was also calcu-

lated using the PMMH estimate mean as the reference value. As in the previous section,

the mean M CM AFE will then be the averaged value for n runs.

We can see from Table 16.16 that in terms of parameter estimation variance, O-SMC?
generally outperforms all the other methods (with the exception of W3, but still consistent
with the other results in this case). From the remaining methods, sufficient-statistics-based
ones clearly show less variability than LW. Within the sufficient-statistics-based methods,
Storvik-EKF displays the lowest variability, even outperforming PL.

When considering the Monte Carlo variance of the state estimation, we can see similar
results. However, in this case, while O-SMC? still outperforms the remaining methods,
the difference is more marked. Sufficient-statistics-based methods clearly outperform LW.

This can be inspected visually from Figures 16.46 and 16.47.
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MCMAE
Method
VV1 W2 W3 01 92 03
LW 0.9998 1.0035 0.9923 8.0133 7.6007 8.3083

Storvik 0.3147 0.3505 0.2511 4.8178 4.7752 5.7318
Storvik-EKF  0.3209 0.3142 0.2083 5.0508 4.7619 5.9026
PL 0.4618 0.4478 0.3587 6.2117 5.8276 6.8858
O-SMC? 0.3955 0.2643 0.3727 3.2762 3.5579 3.5228

Table 16.23: Mean Monte Carlo Mean Absolute Error (MCMAE), between particle filters and
PMMH state and parameter posterior mean with n = 50 runs for the airport dataset with N, =
5000, Nops = 2304 and Ng = 2000, Ng = 250 for O-SMC?2.

Method 0, 0, 03
LW 7.4904 (1.1782)  8.2949 (1.2437)  -12.3185 (1.2494)
Storvik  4.5314 (0.4042)  6.162 (0.4817)  -9.7284 (0.3806)
Storvik-EKF  5.914 (0.5682)  6.5569 (0.5264)  -8.1812 (0.5302)

PL 5.4962 (0.5157)  5.2959 (0.5287)  -9.4284 (0.4995)
O-SMC2  -8.7347 (0.3347) -13.0508 (0.4918) -11.5654 (0.4603)
PMMH 4.0508 4.4866 -9.38

Table 16.24: Average state posterior mean (at t = Nyps) for n = 50 runs of the online filters for
the airport dataset (standard error in brackets) compared to the PMMH state posterior mean
estimation.

Method W, W, W3

LW 1.8936 (0.0963) 1.8634 (
Storvik 0.923 (0.0313)  0.9243 (0.0323
Storvik-EKF  0.9571 (0.0333)  0.8486 (

0.0866) 2.191 (0.1153)
1.0998 (0.0497

1.0201 (0.0349

)
)
0.0286)
)

)
)
)
)

PL 1.0506 (0.0366) 1.0238 (0.0411) 1.1899 (0.0366
O-SMC2 0.8945 (0.0218)  0.845 (0.0233)  1.0098 (0.0274
PMMH 0.7932 0.7647 0.9995

Table 16.25: Average parameter posterior mean (at t = Nyps) for n = 50 runs of the online filters
for the airport dataset (standard error in brackets) compared to the PMMH parameter posterior
mean estimation.

262



Chapter 16. Results

16.5.5 Discrepancies

As in previous sections, the discrepancy value d (y;) was used to detect potential anomalies
in the data in a online fashion as in previous sections, using the methods described in
Section 2.4.3. The results are presented in Figures 16.61, 16.62 and 16.63 respectively
using LW, Storvik and PL. The discrepancy value was only calculated for time-points
where the observation was not missing and we can see that none of the filters detected

anomalous observations when using a threshold of d (y) > 3.
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Figure 16.57: State component k-step ahead forecast on the temperature dataset
(k = 1440). Solid colour line represent the state forecast posterior mean, shaded
areas the 90% equitailed credibility interval. Solid black line represent the PMMH
state posterior mean estimation.
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(a) LW parameter posterior mean estimation history for {W1, W2, W3} using n = 50 runs.
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(b) Storvik parameter posterior mean estimation history for {Wi, W2, W3} using n = 50 runs.
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(¢) PL parameter posterior mean estimation history for {Wi, W2, W3} using n = 50 runs.
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(d) O-SMC? parameter posterior mean estimation history for {W, W2, W3} using n = 50 runs.

Figure 16.58: Variability in parameter estimation history from LW, Storvik, PL and
0-SMC? for n = 50 consecutive runs, using the airport data. Red horizontal line
and shaded area represent, respectively, PMMH parameter posterior mean and 90%
equitailed credibility interval(log-scale).
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(d) O-SMC? state posterior mean estimation history for {01,82,03} using n = 50 runs.

Figure 16.59: Variability in state posterior mean estimation history with LW, Stor-
vik, PL and O-SMC? for n = 50 consecutive runs, using the airport data (log-scale).

Red line represents PMMH state posterior mean.
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Figure 16.60: Variability in state and parameter posterior mean estimation history
using Storvik-EKF for n = 50 consecutive runs, for the airport data (log-scale).
Red vertical line represents PMMH parameter posterior mean and shaded area 90%
equitailed credibility interval(top). Red line represents PMMH state posterior mean

(bottom).
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Figure 16.61: Discrepancy values (d (y:) > 3 threshold, log-scale) for the airport
dataset using the LW filter
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Figure 16.62: Discrepancy values (d(y;) > 3 threshold, log-scale) for the airport
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Figure 16.63: Discrepancy values (d (y;) > 3 threshold, log-scale) for the airport
dataset using the PL filter
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Conclusions

In this thesis we analysed several methods available for online state and parameter estima-
tion in DGLMs with the aim of performing statistical inference in near real-time streaming

data scenarios.

The main novel contribution is the application of two classes of proposals for non-linear
DGLM importance sampling. One of the proposals, based on a Linear Bayes linearisation
of the model (Section 6.2.4 on page 79), has not, to our knowledge, been applied to SMC
in the context of state or both state and parameter estimation. The other proposal, based
on a linearised adjusted model (Section 6.2.5 on page 80), although applied in SMC in the
context of state estimation, has not been previously applied to both state and parameter
estimation, especially in sufficient-statistics-based algorithms. We have also contributed
with an ad-hoc formulation for IBIS in DLMs (Section 14.1 on page 171) and SMC? in
non-linear DGLMs (Section 15.1 on page 184), which allow for online state and parameter
estimation for a approximated target distribution. The IBIS/O-IBIS methods were also
implemented using an SVD implementation for the KF recursions (Section 4.1 on page 36)
in order to investigate potential improvements in numerical accuracy which might result

from using real-world datasets.

Furthermore, we have analysed all these methods with real-world data which tried to
typify possible streaming data sources, that is, continuous and discrete data with structures
including seasonal patterns, presence of outliers and missing data with the purpose of
comparing the different methods in terms of state and parameter estimation, forecast
performance and computational cost. In the examples presented in this thesis, all with
simple models, simulated data and a high number of particles, we have seen that the online
methods present similar results in terms of state and parameter estimation. However, when
using real data and under computational budget constraints, this is not the case. From

our results we observed that, in general, within sequential methods, SMC? and O-SMC?
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outperform all the remaining methods in terms of state and parameter estimation accuracy.

For online methods, O-SMC? provided the best estimates when compared with our
“gold standard”, PMMH.

For the remaining methods, sufficient-statistics-based methods outperformed state aug-
mentation approaches. Within sufficient-statistics methods, Particle Learning generally
provided better results than Storvik, even when not using the “full” formulation as in the

non-linear DGLMs, i.e. marginalising the state by using an essential state vector.

Some of the topics relevant to near real-time estimation of streaming data were also
analysed, such as the behaviour of these algorithms for long-running time-series and how
Monte Carlo errors introduced by the discrete approximation of the posteriors would affect
the estimation. We have seen that, although sufficient-statistics clearly reduce the vari-
ability of the estimates when compared to state augmentation, the rejuvenation steps of
SMC?/0O-SMC? provide the best results regarding this criteria.

The increased accuracy (when compared to PMMH) of O-SMC? comes with an in-
creased computational cost. While sufficient-statistics methods can be used for higher-
frequency data (with computational costs around a few hundred milliseconds per iteration
for a considerable amount, N, = 4.5 X 10%, of particles), O-SMC? increases that cost to
the order of a few seconds per iteration in the models analysed. However, this increase
would still be perfectly suitable for some of the data streams analysed, where the highest

frequency arrival of data was of one observation per minute.

Although SMC? could be presented as a competitor to traditional MCMC methods in

some scenarios, this is not the case for the other SMC-based methods analysed.

However, for the purposes of inference such as short to medium range state and obser-
vation forecast as well as anomaly detection, these methods provided a useful set of tools
for when accuracy is not paramount, but a trade-off between performance and accuracy is
desirable. The online methods presented provide, for instance, a straight-forward frame-
work in which the number of particles could be adjusted between iterations to reduce the
computational burden in a real-time fashion at the cost of a lower accuracy and higher

variability.

We have also analysed the behaviour of these methods with anomalous observations,
where we could observe that rejuvenation-based and state-augmentation methods could
not avoid collapse, while sufficient-statistics-based methods avoided particle collapse but
provided poor forecast results. Moreover, as we could see, methods such as the discrepancy
calculation provide a way to perform anomaly detection in an online way. As such, in real
world applications, where arguably targeting an approximated posterior is preferable to

a total filter collapse, if, at any iteration, an anomaly is detected, this step could simply
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be repeated with the observation removed and simply updating the latent states without

applying a correction step.

The online methods displayed ability to cope with a dataset where the majority of the

observations were missing, showing consistency with the PMMH estimation.

Using the alternative proposals presented in this thesis, we could generally see an
increase in state estimation accuracy and a lower variability for long-running estimations,

especially when using the linearised adjusted model.

Future work could include the inclusion of different models to deal with potential
anomalous observations, such as replacing a Poisson DLM with a Negative Binomial DLM
and even the possible inclusion of a non-DGLM, such as a t distribution based model as a
replacement for the DLM.

A deeper investigation of the behaviours of the O-SMC?/O-IBIS with regards to dy-

namic particle numbers and different kernels (such as Particle Gibbs) could be warranted.

A formal theoretical framework to determine convergence properties, if any, of these

methods is still required, although beyond the scope of the work in this thesis.
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Appendix A

PMMH results

A.1 NDLM example
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Figure A.1: PMMH traces (left) and ACF plots (right) for @ = {72 12} for the
example Normal DLM in Chapters 8,9 and 10.
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A.2 PoDLM example
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Figure A.2: PMMH traces (left) and ACF plots (right) for & = {72} for the example
Poisson DLM in Chapter 10.
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A.3 Particles number
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Figure A.3: PMMH traces (left) and ACF plots (right) for the Poisson DLM in
Section 16.1.
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A.4 Resampling algorithms
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Figure A.4: PMMH traces (left) and ACF plots (right) for the Poisson AR(1) DLM
in Section 16.2.
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A.5 Temperature data

A.5.1 Dataset A
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Figure A.5: Temperature dataset A PMMH traces
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Appendix A. PMMH results

A.5.2 Dataset B
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Figure A.7: Temperature dataset B PMMH traces (log scale). Horizontal red line
is the posterior mean.
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Appendix A. PMMH results

A.6 WC(C98 dataset
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Figure A.9: WC98 PMMH traces
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Appendix A. PMMH results

A.7 Airport data
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Figure A.11: Airport dataset PMMH traces
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Appendix B

Estimation variability

B.1 Temperature data A
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Figure B.1: Parameter posterior means (at ¢ = Nyps) for n = 50 runs with different
online filters for the temperature dataset A. Vertical dashed line represents the

PMMH posterior mean.
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Figure B.2: State posterior means (at ¢ = Nyps) for n = 50 runs with the online
filters for the temperature dataset A. Vertical dashed line represents the PMMH

state posterior mean..
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B.2 WC(C98 data

294



Appendix B. Estimation variability

Storvik—-EKF - - Storvik—-EKF - {1
Storvik—CF - - - Storvik—CF - -
Storvik - ﬂ» Storvik - <1:|}
PL - 1+ PL I
o-smc2 - [} o-smc2 -}
w | R Sy g
0.10 1.00

0.01 0.10 1.0( 0.01
W>

Wy

(a) W1 posterior means for n = 50 runs. (b) Ws posterior means for n = 50 runs.

Storvik-EKF - — 1 Storvik-EKF - -
Storvik—CF - . . Storvik—-CF - .
' I+
I+

Storvik - 4[|:|7 Storvik
PL - — T PL
o-smcz - —f [ }—- o-smc2 - - [
w o T —- w B

1 100 0.01 0.10 1.0
W3 W4

(c) W5 posterior means for n = 50 runs. (d) W4 posterior means for n = 50 runs.

Storvik—EKF - 4@7 - Storvik—EKF - <1:H>
Storvik-CF - N Storvik-CF - —[}—
Storvik - —A T - Storvik olls
PL - il PL - I+
o-smcz -+ —{[}—- o-smcz - -}
w —T - - W T

0.1 1.0 10.0 0.01 0.10
Ws We

(e) W5 posterior means for n = 50 runs. (f) We posterior means for n = 50 runs.

Storvik-EKF — T
Storvik—-CF
Storvik 4[|:|7
PL ]
o-smc2 | —{[ }—

0.1 1.0 10.0
W7

(g) W7 posterior means for n = 50 runs.

Figure B.3: Parameter posterior means (at t = N,p) for n = 50 runs with different
online filters for the WC98 dataset. Vertical dashed line represents the PMMH

posterior mean.
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Figure B.4: State posterior means (at t = Nops) for n = 50 runs with the online filters
for the WC98 dataset. Vertical dashed line represents the PMMH state posterior

mean..
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Figure B.5: Parameter posterior means (at t = N,p;) for n = 50 runs with different
online filters for the airport dataset. Vertical dashed line represents the PMMH

posterior mean.

B.3 Airport data
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Figure B.6: State posterior means (at ¢ = Nyps) for n = 50 runs with the online
filters for the airport dataset. Vertical dashed line represents the PMMH state
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Appendix C

Number of harmonics

C.1 Temperature dataset A
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Figure C.1: MSE (left) and computational cost (right) using Storvik on the tem-
perature dataset A for different numbers of harmonics..

Harmonics MSE  time (s)
1 0.00461  991.409
2 0.00194 1227.318
3 0.00084 1536.417
4 0.00068 1919.874
5 0.00053  2329.045

Table C.1: Summary of one-step ahead observation forecast MSE and computational cost for a
varying number of harmonics using Storvik on the temperature dataset A.
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Figure C.2: MSE (left) and computational cost (right) using Storvik on the WC98
dataset for different numbers of harmonics..

Harmonics  MSE  time (s)

1 24.3538 2021.080
2 14.4420 2470.846
3 9.1153  2802.747
4 7.0754  3329.307
5 5.4026  3663.765

Table C.2: Summary of one-step ahead observation forecast MSE and computational cost for a
varying number of harmonics using Storvik on the WC98 dataset.
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C.3 Airport data
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Figure C.3: MSE (left) and computational cost (right) using Storvik on the airport
dataset for different numbers of harmonics..

Harmonics MSE  time (s)
1 0.0133  289.40
2 0.0121  448.13
3 0.0114  557.12
4 0.0106  680.33
) 0.0108  796.98

Table C.3: Summary of one-step ahead observation forecast MSE and computational cost for a

varying number of harmonics using Storvik on the airport dataset.
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Number of particles

D.1 Temperature dataset A
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Figure D.1: Parameter posterior means (at ¢t = Nys) for n = 50 runs with the

online filters for the temperature A dataset with varying N,. Vertical dashed line
represents the PMMH parameter posterior mean..
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(e) 85 posterior means (at t = Nops) for
n = 50 runs.
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(g) 07 posterior means (at t = Nops) for
n = 50 runs.
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(b) 62 posterior means (at t = Nops) for
n = 50 runs.
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(d) 64 posterior means (at t = Nops) for
n = 50 runs.
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(f) B¢ posterior means (at t = Noyps) for
n = 50 runs.

Figure D.2: State posterior means (at t = Nyps) for n = 50 runs with the online
filters for the temperature A dataset with varying N,,. Vertical dashed line represents

the PMMH state posterior mean..
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(g) W posterior means (at t = Nyps) for
n = 50 runs (log=scale).
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(b) W2 posterior means (at t = Nyps) for
n = 50 runs.
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(d) Wy posterior means (at t = Np) for
n = 50 runs.
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n = 50 runs.

Figure D.3: Parameter posterior means (at ¢ = Nys) for n = 50 runs with the
online filters for the WC98 dataset with varying /V,. Vertical dashed line represents

the PMMH state posterior mean..
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(c) 03 posterior means (at t = Ngps) for (d) 04 posterior means (at ¢ = Nyps) for
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(g) 67 posterior means (at t = Nops) for
n = 50 runs.

Figure D.4: State posterior means (at ¢ = Nyps) for n = 50 runs with the online
filters for the WC98 dataset with varying IV,. Vertical dashed line represents the
PMMH state posterior mean..
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D.3 Airport data
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Figure D.5: Parameter posterior means (at t = Nops) for n = 50 runs with the online

filters for the airport dataset with varying IV,,. Vertical dashed line represents the
PMMH state posterior mean..
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(c) @3 posterior means (at t = Nops) for
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Figure D.6: State posterior means (at ¢ = Nyps) for n = 50 runs with the online
filters for the airport dataset with varying IV,. Vertical dashed line represents the
PMMH state posterior mean..
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Appendix E

Smoothing parameter

E.1 Temperature data
E.1.1 Dataset A

5 W, Wy W3 W,y Wi Wj W, v

0.9 1.6905 1.82 3371371 1.6879 135.2982  1.7457 74.5457 0.9417

0.91 1.2094 1.4025 229.2419 1.2855 106.7359 1.338  50.9257 0.711

0.92 0.9803 1.1524 160.7837 1.0219  55.1864 0.9941 37.4144 0.5437

0.93 0.7178 0.8288 103.2251  0.695 49.5772  0.7474 27.7628 0.4036

0.94 0.5384 0.6862  90.4689  0.5204 33.4591 0.6183 19.5803 0.3184

0.95 0.4234 0.5119  55.4202  0.4597  23.4323  0.4658  12.657 0.269

0.96 0.2585 0.3143 25.431 0.2854  13.6447 0.286 8.2404 0.159

0.97 0.194  0.2572  15.6092  0.1972 6.8814 0.1923 4.26 0.1281

0.98 0.1371  0.1661 3.8463 0.138 3.4961 0.1531  2.2309 0.1124

0.99 0.1223  0.1480 1.6887 0.1740 1.9649 0.1746  1.3159  0.0752

PMMH 0.0155 0.0150 0.4481 0.0139 0.2295 0.0138  0.0774  0.0144

Table E.1: Summary of parameter posterior mean estimation with L&W for the temperature
dataset A with varying
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1) 01 02 93 04 95 96 97

0.9 10.3175 14.6803 27.7929  9.7076 8.4063  4.9006 4.3048
0.91 8.7966 13.1653 21.6054 11.8184 10.4796 4.1353 4.0284
0.92 6.0817 8.4377  12.6426  5.6472 6.3974  3.9255 3.3768
0.93  1.9293 5.1469  12.7155  5.4308 4.8993  2.3383 2.1724
0.94 1.6119 4.2967 9.8588 4.2224 3.4841  1.6956 1.7079
0.95  5.9177 6.5925 6.3583 3.6793 3.6638  1.5829 1.5177
0.96 3.375 6.6968  12.2035  6.2234 6.8612  4.3876  3.1077
0.97 1.645 3.8503 4.4991 1.9811 1.8922  1.2445 0.7889
0.98  1.7477 3.7198 4.3917 2.0077 1.7707  1.2214 0.5689

0.99 1.5548 5.0378 5.5941 3.0167 2.8366  1.6267 0.7348

Table E.2: Summary of the state posterior mean MSE compared to PMMH using L&W for the
temperature dataset A
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Figure E.1: Parameter posterior estimation using L&W with different § for the
dataset A. Vertical dashed line represents PMMH estimated posterior mean
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Appendix E. Smoothing parameter

E.2 W(C98 data

) W, W, W; W,y W; W Wy

0.9 0.8628  1.457 413.3846  1.1312 134.1986 1.1675  14.9789

0.91 0.8414  1.2878 50.0254 1.2025  18.5378  1.1202  47.8093

0.92 0.909 1.3216 1969.7943 0.7389  24.0648 0.7973 109.1115

0.93 0.6363  0.9346 26.6734 0.8284  40.9741  1.0184  90.9555

0.94 0.4065 0.6811 48.613 0.4208 7.6053 0.6321  18.8307

0.95 0.5766  0.6269 8.5366 0.657 15.4659  0.4405  65.8818

0.96 0.3057  0.6344 40.8584 0.3968  24.9072  0.3318  19.6853

0.97 0.2639  0.2683 15.7215 0.237 16.3199  0.2379 4.2963

0.98 0.1859  0.4152 2.8881 0.1626 8.7728 0.2805 5.0199

0.99 0.3914  0.420 2.4695 0.1936 1.2208 0.2093 1.3172

PMMH 0.0107 0.0107 0.3288 0.0106 0.1911 0.0106 0.1005

Table E.3: Summary of parameter posterior mean estimation with L&W for the WC98 dataset
with varying §.
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1) 91 02 03 04 05 06 07

0.9  2136.9928 10620.5383 15579.3281 8520.7728 5633.6589  2109.2161  2179.786
0.91  121.0931 3564.2157 4762.5546  4005.8354 5391.0083  5953.1436  2657.1972
0.92 2141.6233  15111.247  59155.1836  5937.1869  5583.1192  5693.4518  4490.0551
0.93  511.4903 2318.2187 2334.421 2960.5844  3191.5043  2420.1953  1557.9412
0.94 56.595 2549.2358 4609.9489  1315.8808 1043.2483  444.3256 217.3488
0.95  196.7905 730.169 551.4553 1152.1511 1368.1654 1414.8072  587.5594
0.96 964.2013 2017.9215 2207.9498  1634.6758  1551.7697  898.6518 719.8839
0.97 39.4096 849.9581 1361.3209 757.7612 365.2724 148.63 109.2683
0.98 48.5102 418.4741 401.3284 443.4762 328.6819 142.3925 88.0279

0.99  142.0518 153.5734 155.3539 93.8102 127.9376 67.3565 45.5874

Table E.4: Summary of the state posterior mean MSE compared to PMMH using L&W for the
WC98 dataset.
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Figure E.2: Parameter posterior estimation using L&W with different § for the
WC98. Vertical dashed line represents PMMH estimated posterior mean
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Appendix E. Smoothing parameter

E.3 Airport data

§ W, W, W;
0.9 6.8178 9.0711  7.5618
0.91 4.6793 10.0347 6.8431
0.92 5.7704  6.0262 5.1288
0.93 6.3369 9.0986  5.3638
0.94 5.4373  3.5642  4.6058
0.95 4.0462 6.2241  4.0969
0.96 29419 3.2356 3.1434
0.97 3.0322  2.3856 3.3751
0.98 2.306  1.9428 2.1917
0.99 1.5496  1.2956  1.7875
PMMH 0.7917 0.7642  0.9983

Table E.5: Summary of parameter posterior mean estimation with L&W for the airport dataset

with varying 4.
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Appendix E. Smoothing parameter

0 0, 0, 93
0.9 652.1776 460.7062 539.8721
0.91  326.991  282.4767 242.9469
0.92 345.8762 136.1449 202.4889
0.93 203.7074 156.6679  139.4272
0.94 168.3289 169.8873  119.8247
0.95 145423 171.6073  146.924
0.96 134.0075  78.7561 94.2771
0.97 157.6549 100.2465 102.0575
0.98  79.6999 52.6786 65.0901
0.99  57.6073 41.1823 48.8723

Table E.6: Summary of the state posterior mean MSE compared to PMMH using L&W for the

airport
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Figure E.3: Parameter posterior estimation using L&W with different § for the
airport dataset. Vertical dashed line represents PMMH estimated posterior mean
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Appendix F

Theoretical results

F.1 Basic probability rules
p(A,B) =p(A|B)p(B)
If follows that:

p(A,B,C) = p({A,B},C):p({A,B}|C)p(C)
p(A,B,C) = p(A,{B,C}):p(A|{B,C})p(B,C)
———

p(BIC)p(C)
= p(A|B,C)p(B|C)p(C)

Equating (F.2) with (F.3), we get:
p(4, BIC)p(C) = p(AlB,C)p(B|C)p(C) =

p(A,BIC) = p(A[B,C)p(B|C)

F.1.1 Variance of sum

Var [A 4+ B]| = Var [A] + Var [B] + 2Cov [4, B|

F.2 Bayes theorem

p(BlA)p(A)

p(aB) = 1=

with p (B) > 0.
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Appendix F. Theoretical results

F.3 Chapman-Kolmogorov

Having a stochastic process as

X ={z1,29,..., 2},

if we consider the joint probability of X as
Diyigseoiin (T1, T2, -, Tn)

the Chapman-Kolmogorov equation is

o
Diyigsniin_1 (T1,22, ..., Tp_1) = / Dirsi,osin (1,22, ..., Tn) dTy,

—0o0

F.4 Matrix Algebra

F.4.1 Properties of Transpose Matrices

(A+ BT = AT+ BT
(AB)YT = BTAT

F.5 Digamma approximation

If we consider the digamma function where

dlog I' (cv)
dozt

I'" ()

I' (o)

V() =

the derivative, 4/ (x) as the trigamma function, these function can be approximated nu-

merically according to:

B 1 1 1 1
V(@) = dog(w) = or = 155+ 5001 am0a6 T
1
~ 1 - —
og () 5
~ log(x)
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and
, 111 1 1 1
V@) R e TS R0 T 3000
Ty
T 2x
1
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Nomenclature

List of Abbreviations

ACF Auto-correlation function

BDLM Binomial Dynamic Linear Model
DGLM Dynamic Generalised Linear Model
EKF Extended Kalman Filter

EM  Expectation-Maximisation

ESS  Effective sample size

FA Fully adapted

KF  Kalman Filter

KF-SVD SVD-based Kalman Filter

LW  Liu & West filter

MCMAE Monte Carlo Mean Absolute Error
MH  Metropolis-Hastings

MLE Maximum Likelihood Estimation
MSE Mean Squared Error

NDLM Normal Dynamic Linear Model
PoDLM Poisson Dynamic Linear Model
RTS Rauch-Tung-Strieble smoother

SD Standard Deviation
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SVD  Singular-value decomposition

Nomenclature

0., n* component of the state vector (unless explicitly a state vector at time n)
0; State vector at time ¢

0o+  State vector sequence {0y,...,0;}

0,.: The state vector component n at time ¢

Nt Natural parameter

At Linear predictor

)\l(f) Unnormalised auxiliary importance weight for particle ¢ at time ¢
[, X] Unspecified distribution, with mean p and variance X

I, n X n identity matrix

Jn (A) n xn Jordan block with diagonal elements A

Dy The observation sequence {y1,...,y:}

Df The observation sequence {y;—k, ..., Yt}

F (p,h) DGLM Fourier seasonal component with period p and h harmonics
K (-) Deterministic state-sufficient-statistics recursion

P (n) DGLM n'" order polynomial component

A Matrix A

AT Transpose of matrix A

F DGLM observation matrix

G DGLM system matrix

W DGLM state evolution covariance

W,  nt" diagonal element of matrix W

Cs Kalman Filter filtering density covariance at time ¢.

o Dispersion parameter

322



Appendix F. Theoretical results

m; Kalman Filter filtering density mean at time t¢.

diag (a1,...,a,) A n x n square matrix with diagonal elements a1, ..., a,
E[X] Expectation of X

Var [X] Variance of X

O, The state sequence {6, ...,0:}

S\Ei) Normalised auxiliary importance weight for particle 7 at time ¢

¢ Smoothing filtering density covariance at time t.
ny Smoothing density mean at time t.
@D,Ei) Normalised importance weight for particle ¢ at time ¢

g(-)  Link function

h(-) Response function

\%4 Normal DLM observation variance
w,gi) Unnormalised importance weight for particle ¢ at time ¢
Yt Observation at time ¢
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