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Abstract

In continuous speech recognition, observations are sequential data with variable length,
and labels are sequence of words (or sub-words) possibly having unbounded number of
classes. It is thus impractical to robustly construct models for the whole word sequence. To
address this problem, rather than treating the whole sentence as an atomic unit, structure
needs to be introduced into classifiers to break the sentence label into words or sub-word
units. These are usually referred to as structured discriminative models, where the con-
ditional distribution of the classes given the observations is directly modelled. Compared
with generative models, discriminative models have the potential to improve performance
as a wide range of features from the observation and word sequences can be used. Moreover,
in application of generative models, such as the hidden Markov model (HMM), the frame-
level Markov assumption is often assumed. However, discriminative models are much eas-
ier to deal with segment level modelling, where the frame level Markov assumption is re-
laxed. Then long-span dependencies among observations are allowed to be captured.

One major contribution of this thesis is the study of the features based on generative
models. Since speech observations are sequential data with variable length, it is not ob-
vious how to extract features from these sequences. Sequential kernels are often used to
map observations into a space with fixed dimensions. In this work, generative models are
simply used to provide such mapping, where the extracted features have a compact form.
Moreover, the baseline performance of generative models can be retrieved by discrimina-
tive models, e.g. when using the features comprised of the likelihoods from HMMs. In the
past few years, deep neural networks (DNNs) have been widely used in speech community,
and significant performance gains have been achieved. This thesis thus focuses on the fea-
tures extracted from the DNN-based systems, such as hybrid and tandem. In order to make
use of the complementary information from different systems, features based on multiple
systems are also studied.

The commonly used discriminative models, such as log-linear models, only yield linear
decision boundaries. One solution to this problem is the use of the “kernel trick”. Alter-
natively, the mixture-of-experts framework can be employed. In this framework, multiple
experts are used in classification, that allows an overall non-linear decision boundary. How-
ever, it might be problematic to choose the number of experts. In order to sidestep of the
problem of setting the model complexity, the Bayesian non-parametric framework can be
used. In Bayesian non-parametric approaches, rather than specifying the model complexity
in advance, the model complexity is part of the posterior inference. When making predic-



tions, the posterior distribution of the model parameters can be integrated over, effectively
averaging over models of all possible complexity.

Another major contribution of this thesis is the extension of the structured discrimina-
tive models to Bayesian non-parametrics. The infinite structured support vector machine
(SVM) is one such example. It is also a structured extension of the infinite SVM, which
is a mixture-of-experts model using SVMs as experts. Bayesian inference can be viewed
as a particular minimisation criterion. This thesis extends this specific criterion to a more
general form. Then alternative criteria can be derived, such as the large margin training
criterion which has good generalisation properties.
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Chapter 1

Introduction

Language is the system of communication used by humans [25, 134], and speech is the verbal
means of communicating [4], which is the language used when speaking [25, 134]. The ori-
gins of language and speech are unknown and subject to much debate and speculation. Hu-
mans have speculated about the origins of language throughout history. The Biblical story
of the Tower of Babel [129] is one such account; other cultures have different stories of how
language arose [82]. Given the diversity of languages and interest of human-machine inter-
action (HMI) [26], speech recognition is a compelling technology that makes efficient com-
munication between humans (speaking different languages) and machines possible [47].
The majority of automatic speech recognition (ASR) systems use hidden Markov models
(HMMs) as the underlying acoustic models, and significant improvement can be achieved
by employing discriminative training [7, 100, 130, 140]. Moreover, speech recognition is
a classification task. It would, therefore, be interesting to examine discriminative models
for speech recognition [38, 54, 65, 109, 147, 209, 215], where the conditional distribution
of the word sequence given the observations is directly modelled. In this thesis, a class of

discriminative models called structured discriminative models will be studied.

In machine learning, one of the main issues that might be encountered is the mismatch
between model complexity and the amount of training data available [133, 177]. The tradi-
tional parametric model with fixed and finite number of parameters might suffer from the

problem of over-fitting or under-fitting [177]. Thus a Bayesian non-parametric model might
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Acoustic
Model
Front-end Recognition Recognised
Processing (Decoding) Hypothesis
Speech
L
Lexicon anguage

Model

Figure 1.1: A typical automatic speech recognition system.

be abetter choice, where the problem of choosing model complexity can be sidestepped [133,
149]. Moreover, as a Bayesian model, the problem of over-fitting can be mitigated [177]. This
motivates the application of Bayesian non-parametric models in speech recognition [196,
197], which will also be studied in this thesis. Before the discussion of discriminative mod-
els and Bayesian non-parametric models for speech recognition, basic speech recognition
systems and how the discriminative models and non-parametric models being applied in

speech recognition will be briefly introduced in the following sections.

11 Speech Recognition Systems

The state-of-the-art speech recognition systems are based on statistical approaches, and a
speech recognition system is normally decomposed into individual parts. The structure of a
typical ASR system is illustrated in Figure 1.1. Given the speech inputs, a sequence of words
associated with the inputs can be recognised through the recognition system. As illustrated
in Figure 1.1, at the first stage of speech recognition, through front-end processing (or fea-
ture extraction), the speech signal is compressed into a sequence of feature vectors which
are also referred to as observations, denoted by O = {oy,...,0r}. Given the observa-
tions, acoustic model, lexicon and language model, the hypothesised word sequence can
be generated, which is denoted by . In large vocabulary continuous speech recognition
(LVCSR), the lexicon (also referred to as the dictionary) dictates how the sub-word units
(from which the acoustic models are constructed) are linked together to form individual

words. For example, the word thesis can be broken up as [30]:

thesis = {th iy s ih s}.



1.1 Speech Recognition Systems

The language model contains the information about which word sequences are allowable,
and it gives a probability distribution over these word sequences. The acoustic model rep-

resents the relationship between observations and the sub-word units that make up speech.

For the speech recognition systems based on statistical approaches, given the observa-
tions O, the most likely word sequence I can be obtained by using the Bayesian decision

rule [16]:

W = argmax P(W|0O) (11)
w

By using Bayes’ rule, the decision rule described in (1.1) can be further written as follows:

W= argvflnax p(O];/I(/gl;’(W)
= argmax p(O|W)P(W) (1.2)
W

where p(O) is not a function of the word sequence W, hence it can be omitted in the deci-
sion rule. The distribution p(O|W) is given by the acoustic model. The majority of speech
recognition systems are based on the HMM acoustic model or its variants, e.g. the hybrid
system where the state likelihoods are given by deep neural networks (DNNs) [85] rather
than Gaussian mixture models (GMMs). P(W) is the probability of the word sequence W
given by the language model. If the word sequence W is comprised of {wy, - - - ,w, }, the
probability P(WW') can be described as:

I
P(W> :Hp(wl‘wlv awi—1> (13)
i=1
Due to the vocabulary size being very large in LVCSR, it is infeasible to estimate P (1) for
every possible word sequence robustly. Often the N-gram language model is used, in which
the probability of the current word is assumed to be only dependent on the previous N — 1

words. Then the probability P(W) in (1.3) can be further written as:

I
P(W) = HP(wz'\wi_NH, S Wily) (1.4)

i=1
The most commonly used values for IV are 1, 2 and 3. These settings are called unigram, bi-

gram and trigram language models respectively. Due to data sparsity, normally the smooth-

ing schemes such as discounting, back-oft and deleted interpolation are used [101].
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1 Test data O | Adap tation/ 2 | Feature Space
! Compensation| !
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Canonical Recognition }:}‘Do 2% Classifier
model X :

Final
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Figure 1.2: The diagram of classifiers based on feature spaces. The region associated with the

dotted rectangle illustrates a state-of-the-art speech recognition system.

1.2 Discriminative Models and Bayesian Non-parametric

Models in Speech Recognition

Speech recognition is the problem of classifying the sequential data, and the input sequences
have various length. Normally, the classifiers, such as support vector machines (SVMs)
[183], cannot directly deal with the features with various length. One solution to this prob-
lem is to use the feature space (or score space) [148] based on generative models, which
maps the input sequences with various lengths to a space with a fixed dimension, e.g. the
log-likelihood feature space is commonly used [37, 60, 148, 210]. By using the feature space,
discriminative and Bayesian non-parametric models (or classifiers) then can be applied in
speech recognition. The diagram of classifiers based on feature spaces is illustrated in Fig-
ure 1.2. In this figure, the region associated with the dotted rectangle is a state-of-the-art
speech recogniser. The standard adaptation and model compensation schemes can be em-
ployed by the recogniser to generate the compensated feature vectors. Thus, one advan-
tage of using this framework is that the features extracted from the compensated models
(HMMs) can be automatically adapted to the target noise/speaker conditions [148]. Then,
at the final stage, classifiers can be trained with these robust features. Another main ad-
vantage is the nature of the feature space based on generative models. Generative models
such as HMMs have underlying conditional independence assumption that, whilst enabling
them to efficiently represent data sequences, does not accurately represent the dependen-

cies in data sequences such as speech. The feature space associated with a generative model
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does not have the same conditional independence assumption as the original generative

model. This allows more accurate modelling of the dependencies in the speech data [37].

By using the framework illustrated in Figure 1.2, the classifiers can be trained based on
the feature space generated by the speech recognition system using deep neural networks
(DNNs) [85], e.g. the tandem system [84] where the outputs from a DNN are appended
to each feature vector. In additional to a single system, multiple systems can also be used
in generating the feature vectors for classifiers [38], which will be discussed in detail in

Chapter 3.

1.3 Thesis Organisation

This thesis can be split into 3 main parts. Parametric models will be discussed in the first
part which starts from Chapter 2 to 3. In the first part, the commonly used generative and
discriminative models for speech recognition will be introduced. Non-parametric models
will be discussed in the second part, which starts from Chapter 4 to 5. In the second part,
some of the commonly used Bayesian non-parametric models will be introduced, and the
infinite structured discriminative model will be studied. Finally, in the third part (Chapter
6 and 7) the experimental results and conclusions will be discussed. The supplementary

knowledge and further discussions will also be given in the appendices.

One major contribution of this thesis is the study of the features (for structured dis-
criminative models) extracted from the DNN-based systems, such as hybrid and tandem.
In order to make use of the complementary information from different systems, features
based on multiple systems are also studied in this thesis. These are discussed in Chapter 3.
Another major contribution of this thesis is the extension of the structured discrimina-
tive models to Bayesian non-parametrics, which are discussed in Chapter 5, as well as in
Appendix E and F which give more details. This thesis has 7 chapters, and a brief chapter-

by-chapter breakdown is given as follows.

Chapter 2 The widely used generative models in speech recognition, such as the hidden
Markov model (HMM), and various commonly used training criteria in speech recognition

will be introduced. Adaptation and noise robustness will also be briefly discussed.
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Chapter 3 The extensively used unstructured and structured discriminative models in
speech recognition, and various training criteria will be introduced. Different forms of the

features for discriminative models will also be discussed in this chapter.

Chapter 4 The motivation of research on Bayesian non-parametric models will be pre-

sented, and some of the commonly used Bayesian non-parametric models will be discussed.
Chapters A criterion-based perspective on Bayesian inference will be introduced. Bayesian
inference and large margin training of the infinite structured discriminative model will be

discussed in detail.

Chapter 6 Different types of data sets, i.e. AURORA2, AURORA 4 and BABEL, and the

corresponding experimental results on these sets will be represented in this chapter.

Chapter 7 Conclusions and possible directions for the future work will be discussed.



Chapter 2

Generative Models

Generative models are the most extensively used forms of statistical models in speech recog-

nition. As discussed in Chapter 1, in speech recognition generative approaches are based

on the combination of the acoustic and language models, where the posterior distribution

of the word sequence W = {wy,...,w;} given the observations O = {o01,...,0,} can

be expressed as the following form (according to Bayes’ rule):

p(O|W)P(W)
p(O)

where the probability p(O) is class-independent, p(O|W) is the acoustic model and P (W)

P(W|O) = (2.1)

is the language model. The most likely word sequence W can be yielded by maximising the
class posterior distribution (2.1). In speech recognition hidden Markov models (HMMs) are
the most popular and successful statistical acoustic models, which will be introduced in the
following sections. Moreover, the commonly used generative models in speech recognition

and various training criteria will be discussed.

2.1 Gaussian Mixture Models

The Gaussian distribution is one of most commonly used distribution, since it has a variety
of properties, e.g. the central limit theorem [13] states that the average of the independent

and identically distributed (i.i.d.) random variables converges to a Gaussian distribution
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O o

T

Figure 2.1: The graphical model of a Gaussian mixture model. In the graphical model, the
plate represents replication. The circle denotes variable, and the gray one denotes observation.
The square represents fixed parameters. This type of representation of graphical models is used

throughout this thesis.

as the number of variables goes infinite. However, the Gaussian distribution suffers from
significant limitations when it comes to modelling real data sets [16]. Then, a mixture of
Gaussian distribution becomes a better choice, and this type of model is referred to as the
Gaussian mixture model (GMM). By using a sufficient number of Gaussians, any contin-
uous distribution can be approximated with arbitrary accuracy [16, 89]. Thus, in speech
recognition the GMM is widely used in modelling the density of observations. Given the
number of components M, the probability density function of the GMM can be expressed

as follows [16]:
M
p(o|m,®) = Z TN (0;0,,) (2.2)
m=1

where o is the observation variable, and w = {my,..., 7, } are the mixture weights or
mixture coefficients, that satisfy > © 7, = 1[16]. @ = {61, ..., 0} are the parameters of
the Gaussian components, and for the mth component, the parameters 6,,, = {u,,,, X, }

are the mean and covariance of the Gaussian distribution.

By introducing the indicator variable z; (that denotes which component the ¢th ob-
servation oy is associated with), the generative process of the GMM can be described as

follows:
2z ~ Categorical(7r) (2.3)
o ~ N(0;0.,) (2.4)

where Categorical(-) is the categorical distribution, which is the generalisation of the Bernoulli
distribution with multiple possible outcomes. The corresponding graphical model of the

GMM is illustrated in Figure 2.1.
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Figure 2.2: The topology of a hidden Markov model with 3 emitting states.

2.2 Hidden Markov Models

The Gaussian mixture model (GMM) was discussed in the previous section. Although real
data sets can be well modelled by the GMM, these data are assumed to be independent and
identically distributed (i.i.d.). In speech recognition the inputs are sequential data where
the sequential aspects must be considered such as correlations between observations. This
leads to the consideration of the hidden Markov model (HMM) [146], which is the most
popular and successful statistical model in speech recognition, given its ability to modelling
sequential data. As described in equation (1.2), the most likely word sequence given the
observations can be determined by the HMM (acoustic model) in conjunction with the
language model. The HMM is a natural extension of the Markov chain (where outputs
of the state are deterministic) by using a probabilistic function associated with each state
[89]. Figure 2.2 illustrates a HMM with 3 emitting states. In this figure, states 2, 3 and 4
are emitting states, where observations are generated by these states; states 1 and 5 are non-
emitting states. As illustrated in Figure 2.2, the observations are O = {o01,--- ,0,}, and
the corresponding state sequence associated with these observations can be described as
S = {s1,- -+, Sr}, where these states might have repeated values. Assume the number of
unique states is L, then each s; denotes one of the L states. The transition probability from
state ¢ to state j is denoted as a;, and the probability (or distribution) of an observation o;
generated by state j is described as b;(0;). The parameter set of the HMM is denoted as

A = {c, A, B}, and the definitions of these parameters are given as follows:

« ¢ - Initial state distribution
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Figure 2.3: The graphical model of the HMM with GMM state output distributions. In this
figure, A; denotes the ith row of the transition matrix A. 7; and ©; are the mixture weights
and component parameters of the GMM associated with state i. z; is the indicator variable

that denotes which Gaussian component the tth observation oy is associated with.

The initial state distribution (of state 7) can be described as:

¢i=P(sop=1), wherel <i<L (2.5)
Since ¢ = {cy, ..., ¢, } is a distribution, the following property must be satisfied:
L
Z =1 and ¢ >0 (2.6)
i=1

where L is the number of the unique states. As illustrated in Figure (2.2), the non-
emitting states are introduced, hence the probability of the initial state that denotes

state 1 is always 1, namely P(sp = 1) = 1.
« A - State transition probability matrix

Each element of the state transition probability matrix A is defined as:

L
a;j = P(si+1 = j|st = i), where Zaij =1land a;; >0 (2.7)
j=1

where a;; is the probability of taking a transition from state 4 to state j. In speech
recognition, since the HMMs are normally constrained to be left-to-right, the tran-

sition matrix is not necessarily full.

o B - State output probability

10
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Figure 2.4: The topology of the DNN-HMM.

Each emitting state j is associated with one output probability distribution b;(-).
Given the observation o; and the corresponding state s; = j, the output distribu-

tion can be described as:

bj(ot) = p(ot|st = j) (2.8)

Two forms of the state output distribution are usually adopted in state-of-the-art
speech recognition systems. One form of the distribution is given by the GMM de-
fined in equation (2.2), and this type of model is usually referred to as the GMM-
HMM. Figure 2.3 illustrates the graphical model of the GMM-HMM. Alternatively,
the state output distribution b;(0;) can be the likelihood derived from the deep neu-
ral networks (DNNs) [85], and the resulting framework is knows as the DNN-HMM
hybrid system [23, 158]. The topology of the DNN-HMM hybrid system is illustrated
in Figure 2.4. In the hybrid system, the DNN aims to model the posterior distribution
of each state P(s; = j|o;) directly. Given the state posterior probabilities, the state
output distribution for each state can be obtained by applying Bayes’ rule:

P(s; = jloy)p(or)
P(St = j)

bj(or) = plog]sy = j) = (2.9)

11
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where P(s; = j|o;) is the state posterior probability estimated from the DNN.
P(s; = j) is the prior probability of state j, which can be estimated from the training
set. It is worth noting that p(o;) can be omitted as it does not depend on a particular

state.

In speech recognition, system combination approaches are of growing interest, and
one of the recently proposed approach is joint decoding [191], in which the systems to
be combined share the same HMM topology, and the frame level acoustic likelihoods
from different systems are combined. In other words, the acoustic models of the
joint decoding system can be viewed as HMMs where the state output score’ is an
combination of the state output probabilities from different HMMs (with the same
topology). Normally, the logarithms of these probabilities are used. Assume there
are D different systems to be combined, then the state output log score for the joint
decoding system can be described as:

D

log (bj(ot)) = Z ngqlog (pd(ot]st = ])) (2.10)
d=1

where the scalar 7, is the corresponding combination weight, and pg(o¢|s: = j)
is the sate output probability given by the dth system. Normally, these sate output
probabilities can be given by the GMM or DNN as described in (2.8) and (2.9). In
work [191] combination of two forms of DNN based systems were investigated, i.e.
the tandem (where the inputs of the GMM-HMM is appended with features from
DNN) and hybrid systems [84, 85], and the combination weights used in [191] are set
empirically.

The basic theory for HMMs has been presented in the previous paragraphs. In speech

recognition, the application of HMMs is dependent on two assumptions [57, 201]:

 Quasi-stationary: Speech signals may be split into segments corresponding to states,
in which the speech waveform may be considered to be stationary. The transition

between these states is assumed to be instantaneous.

« Conditional independence: The probability of a certain observation being generated
is only dependent on the current state; and given the associated state, the observation

is conditional independent of both the preceding and following observations.

' In joint decoding system, the state output is not a valid probability, so word “score” is used instead of
“probability”

12
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Although neither of these assumptions is strictly true for speech, nevertheless HMMs are
widely used in speech recognition, and state-of-the-art recognition performance can be

achieved.

In order to apply HMMs to real-world implementation, three basic problems of interest

need to be solved [89, 146]:

o The evaluation problem: Given the model A = {¢, A, B}, the observation se-
quence O = {o0y,...,0r} and the corresponding hypothesis (word sequence) W,
how to efficiently compute the probability p(O|WW; A)? This evaluation problem also
can be viewed as the problem of evaluating how well the given model matches the
given observation sequence [146]. In practice p(O|W;X) can be efficiently calcu-

lated through the forward algorithm [8, 9].

 The decoding problem: Given the model A and the observation sequence O, how
to choose the corresponding optimal state sequence S = {s1, ...,sr}? Thisisa
decoding problem, where the hidden state sequence is attempted to be uncovered. In
practice, an optimisation criterion is used to solve this problem, and the most widely
used criterion is to find the single best state sequence. A dynamic programming ap-
proach called the Viterbi algorithm [46, 187] is usually employed to find this single

best state sequence.

o The training problem: Given a set of observation sequences, how to estimate the
model parameters A? In this training problem, normally the model parameters are
attempted to be optimised so as to best describe how observations come about [146].
In practice, various training criteria can be applied to optimise the model parameters
A, and the most commonly used optimisation criteria in speech recognition will be

discussed in the following section.

2.3 Training Criteria for Generative Models

In the previous sections, the most commonly used generative models in speech recognition
were discussed. The implementation of these generative models requires estimation of the
model parameters. In this section, various training criteria which are used in parameter
estimation will be introduced, and the hidden Markov model (HMM) will be taken as an

example of the generative model in discussing these criteria. In this thesis only supervised

13
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training is considered, where the training set D consists of utterance and reference (word

or sub-word sequence) pairs:
D= {(Ol,Wl), ... (0O, WN)} (2.11)

In general, given the training data D, the model parameters can be estimated by maximising

(or minimising) the objective function F(\):
A = arg max {F(N)} (2.12)

The most common approach for parameter estimation is maximum likelihood (ML) esti-
mation [144, 156], where the model parameters are optimised by maximising the likeli-
hood function given the training data. Alternative to ML estimation, various discrimina-
tive training criteria have been proposed. These criteria aim to optimise the model pa-
rameters according to the objective functions which are directly related to the classification
performance. In the following subsections, the commonly used training criteria in speech

recognition will be discussed.

2.3.1  Maximum Likelihood (ML)

In maximum likelihood (ML) estimation, the model parameters are optimised by maximis-
ing the probability of the observations given the word sequences and model parameters.

The ML training criterion can be described as maximising the following objective function:

N
FuuA) = [[ p(On[Wis ) (2.13)
n=1
or
N
Fa(A) =) log p(On|[Wi; A) (2.14)
n=1

Maximisation of these two expressions are equivalent, and they will be used interchangeably
in this thesis. For the HMM, there is no analytically tractable solution that maximises the
objective function (2.14) [146]. Although there is no optimal way of estimating the model
parameters, a local optimal solution can be found by using the iterative procedure such as
the expectation maximisation (EM) algorithm [39], i.e. the Baum-Welch algorithm [8, 9].

Alternative to ML estimation, model parameters can be estimated by using the maximum a

14
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posteriori (MAP) criterion, which can be viewed as a regularization of ML estimation with a
prior distribution. In speech recognition, since MAP estimation is often used in adaptation,

this criterion will be introduced in the section of discussing adaption.

2.3.2  Maximum Mutual Information (MMI)

In ML estimation, training data sufficiency and model-correctness are required. However,
in general neither of these requirements is strictly satisfied when modelling speech data.
Thus, ML estimation may not yield the most appropriate model parameters for speech
recognition. Then discriminative training approaches might be preferred, where the model
parameters are optimised according to the objective functions which are directly related
to the classification performance. In speech recognition one of the commonly used dis-
criminative training criteria is the maximum mutual information (MMI) criterion [7, 130],
where the mutual information between the utterance O and word sequence W is aimed to
be maximised. Since the joint distribution p(O, W) is unknown, the empirical distribu-
tion formulated by the training samples {O,,, W}, } is used as an approximation. Then, the

mutual information can be described as [66, 89]:

p(Ona Wn; )\) > (2'15)

N
1
A : ~ — 1
O W N~y HZ_I o (p(on; N P(W,)

As only the acoustic model parameters are trained, P(W),) is fixed. Thus, maximising the
mutual information described in (2.15) is equivalent to maximise the following objective

function:

N
Fai(A) =D log P(W,|0n; A) (2.16)

n=1
By using Bayes’ rule, the conditional distribution P(W,,|O,,, A) in (2.16) can be written in
a form consisting of generative model likelihoods p(Oy,|Wy,; A):

. _ p(0n|Wn,)\)P(Wn)
P(W,|On; A) = ZWP(On|W;)\)P(W) (2.17)

In the denominator term of the right hand side of (2.17), the sum is taken over all possi-
ble hypotheses (word sequences) W including both the correct and competing ones. The
number of all possible hypotheses for an utterance is exponentially large, but a N-Best list

[29] or a lattice [141, 157] can be used to limit the search space of hypotheses. Since lattices
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are more compact representations, they are widely used in discriminative training. If the
assumption of the underlying distribution is correct and there are sufficient training data,
the optimal distributions from ML estimation (discussed in section 2.3.1) and MMI esti-
mation converge to the true underlying distribution [89]. Alternative to MMI estimation,
in speech recognition other discriminative training criteria such as minimum classification
error (MCE) [100] and minimum Bayesian risk (MBR) [140] are also widely used, which

will be discussed in the following subsections.

2.3.3  Minimum Classification Error (MCE)

In minimum classification error (MCE) training, the classification error rate is to be min-
imised, and the goal of training is to be able to correctly discriminate the observations for
best classification results rather than to fit the distributions to the data [100]. This train-
ing criterion is normally based on a smooth function of the difference between the log-
likelihood of the correct word sequence and all other competing sequences, and a sigmoid

function is often used [66]. MCE training can be described as minimising:

Fuolh) =3 (1 [ZWZVWP'?WMA)) 5 > ¢

n=1
where P(W,,|O,,, A) is defined in equation (2.17), and ¢ is an additional smoothing term
introduced by the sigmoid smoothing function. Compared with MMI estimation, in the
MCE training criterion, the denominator term does not include the correct word sequence,
and a sigmoid smoothing function is used [66]. When the smoothing term o = 1, then
yields:

N
Fucx(X) =N =" P(W,|0n; A) (2.19)

n=1
This is one specification of the minimum Bayes risk criterion, which will be discussed in

the following section.

2.3.4 Minimum Bayes Risk (MBR)

In minimum Bayes risk (MBR) training, the expected loss in recognition is aimed to be

minimised [74, 103]. Normally, the expected loss estimated on the training data is used as
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an approximation [66]. MBR training then can be described as minimising the following

objective function:

N
Fuse(X) =YD P(W[0n; X)L(W, W) (2.20)
n=1 W
where £(W, W),,) is the loss function, that measures how different the word sequence W
and the reference W,, are. There are a number of definitions for the loss function, and
these definitions lead to different meaningful training criteria which will be discussed in

the following paragraphs:

« 1/0loss: For continuous speech recognition, o/1 loss is equivalent to a sentence-level
loss function. The loss function can be defined as follows:
1, W#W,
LW, W,) = (2.21)
0, W=Ww,
When o = 1, the MCE training criterion (2.19) is the same as the MBR training

criterion (2.20) with 1/0 loss defined in (2.21).

« Word-level loss: This loss function is directly related to the expected word error rate
(WER). It is normally computed by minimising the Levenshtein edit distance [112]
between the word sequences W and W,,. By using this word-level loss, MBR training

is known as minimum word error (MWE) training [120].

o Phone-levelloss: For large vocabulary speech recognition not all word sequences will
be observed. To ensure generalisation, the loss function is often computed between
phone sequences, rather word sequences [66]. This is known as minimum phone error

(MPE) training [140, 141].

o Frame-level loss: Compared to the number of frames, the use of phone-level loss
function reduces the number of possible errors to be corrected, and this might cause
generalisation issues [66]. To address this problem, minimum phone frame error
(MPEFE) training was proposed, where the loss is defined as a measure of the num-
ber of frames having incorrect phone labels [211]. This is the same as the Hamming

distance [173].

The MMI, MCE and MPE criteria have been compared on the Wall Street Journal (WSJ)

taskin [118]. In recognition, all these discriminative training significantly outperformed ML
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training in terms of WER, and both MCE and MPE were found to outperform MMI on this

task. In work [211], MPFE was reported to give small but consistent gains over MPE.

2.3.5 Large Margin Training

Alternative to MMI, MCE and MBR training, large margin training has been successfully
used in speech recognition [94, 107, 113, 161]. For a large margin classifier, the generalisation
error is bounded by the sum of the training error and a term that depends on the Vapnik-
Chervonenkis (VC) dimension [34, 183]. The margin is the smallest distance between the
reference label (correct class) and any alternative label (incorrect class), and for sequential
data it can be expressed in the form of the log-posterior ratio [136, 147, 164]. The simplest

form of the large margin training criterion can be described as maximising:

N
A) = 1 _— .
Fu =2 L Lo (P ) ] (222
where the class posterior distributions P(W,,|Oy; A) and P(W|O,,; ) are defined in equa-
tion (2.17), and the normalisation terms of the posterior distributions can be cancelled out

in the large margin training criterion (2.22).

For a sequence classification task it is important to take into account loss. Alternative
to criterion (2.22), in work [161] the margin is defined as being not smaller than a loss func-
tion. By using this type of margin definition, large margin training can be described as

minimising the following objective function [147]:

o =32 s feorom - (FEGED)Y] o

n=1

where L(W,W,,) is the loss function, and the forms of this loss function were discussed
in section 2.3.4. In order to omit the data that have already been classified correctly and

beyond the margin, the hinge loss function [ -] | is introduced in the large margin training

+
criterion (2.23), and it is defined as follows:

[f(x)}+:{ 0 when f(z) <0

f(z) when f(z) >0 (2.24)

Because of the max{-} function, the objective function described in (2.23) is not differen-

tiable. In order to simplify optimisation, the following soft-max inequality can be used as
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an approximation:
mlax{xi} < log <Z exp(:ri)) (2.25)
(2

By using this inequality (2.25), the large margin training criterion (2.23) can be relaxed to

its upper bound:

Fin(X i [ log P(W;,|Op; A) + log (ZP W|03; A) Lexp (W, W, ))]

n=1 +
(2.26)
where the loss function Lex, (W, W), ) is defined as [147]:
Lexp(W, W, hen W # W,
ol — { P W) b2t

This upper bound (2.26) is related to the MMI and MBR objective functions described
in (2.16) and (2.20) respectively. The first term within the hinge loss function is the negated
log-posterior, which is the same as the MMI objective function; The second term is the
logarithm of a MBR variant, where the loss function is defined as in equation (2.27) [147].
Furthermore, if the conditional probability P(WW|O; A) is written in the form consisting
of acoustic model likelihood and language model probability as described in (2.17), this
upper bound (2.26) is related to the boosted MMI (BMMI) criterion [143, 153]. The BMMI
objective function to be maximised can be described as:

) (O | Wy X)P(W,,) -
Foanar (A Zl & <pr(0 Wi X)P(W) exp(—bA(W, Wn))> 29

where bis a boosting factor. A(WW, W,,) is the accuracy between a word sequence W and the
given reference W, and this accuracy can be expressed in terms of the number of correct
phones in W as in MPE [153]. There are two main differences between the upper bound
(2.26) and the BMMI objective function (2.28): in the former the hinge loss function is
used, and in the latter a scaled accuracy function is used instead of the loss function (2.27)

[147].

2.4 Adaptation and Adaptive Training

In speech recognition, since there will always be new speakers and new environments, it is

common that the training data cannot adequately represent the test data, and this mismatch
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might significantly degrade the recognition performance [66]. To address this issue, adapta-
tion was proposed to compensate the mismatch of acoustic conditions between the training
and test data. Adaptation allows a small amount of data from target speaker (or noise con-
dition) to be used to transform an acoustic model set to make it more closely match that
speaker (or noise condition). By using adaptation, significant improvement can be achieved
on the test data with various acoustic conditions [66, 203]. In general, adaptation can be
performed by feature based approaches, model based approaches or combinations of them.
Feature based approaches can be used to normalise acoustic features such that the mis-
match between the training and test data can be reduced, whereas model based approaches
are generally more powerful as they have more modelling power to represent acoustic vari-
ability and handle uncertainty [56, 192]. In the following subsections, the commonly used
model based schemes such as maximum a posteriori (MAP) and maximum likelihood linear
regression (MLLR) will be introduced. Many of these model based schemes can be employed
in the framework of adaptive training, where speech variability and non-speech variability

(such as speaker or acoustic conditions) are modelled separately [203].

2.4.1 Maximum a Posteriori (MAP)

The adaptation data can be viewed as additional training data, hence the most straightfor-
ward way to perform adaptation is to re-estimate the model parameters based on ML train-
ing. However, this approach might be problematic, since the amount of adaptation data usu-
ally is small. This leads to over-fitting of the trained model. To address this problem, maxi-
mum a posteriori (MAP) estimation was proposed [68], where in addition to the adaptation
data, a prior distribution over the model parameters is used in parameter estimation. Let
the model parameters be X, given the adaptation data D = {(O1,W1),...,(On, Wn)},

MAP estimation can be described as maximising the following objective function:

]:MAP()\) = Ing()\) + }—ML()‘)
N
= logp(X) + Y _log p(On[Wa: A) (2.29)

n=1

where p(A) is the prior distribution over the model parameters, and Fy, () is the objective
function of maximum likelihood estimation described in (2.14). By using MAP adaptation,

the original prior parameter values can be effectively interpolated with those that would be
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obtained from the adaptation data alone. This makes MAP especially useful for porting a
well-trained model set to a new domain where only a limited amount of data is available
[66]. One major drawback of MAP adaptation is that each Gaussian component is updated
individually. If the adaptation data is sparse, then many of the model parameters will not
be updated [66]. To address this problem, various extensions of MAP estimation have been
proposed, e.g. the regression based model prediction [3] and structured MAP [163]. Alter-
native to extensions within the MAP framework, linear transform based approaches can be
adopted to perform rapid adaptation of all Gaussian parameters, which will be discussed in

the following subsection.

2.4.2  Linear Transform Based Adaptation

In speech recognition, the linear transform based adaptation approaches are widely used.
Especially when the amount of adaptation data is limited, this type of adaptation is currently
the most effective form [66]. In the transform based adaptation approaches, a set of linear
transforms are used to map the existing model to a new adapted one such that the likelihood
of the model parameters is maximised given the adaptation data [66]. When a single global
transform T is considered, given the adaptation data D = {(O1,W1),..., (On, Wn)}
and the unadapted model parameters A, the transform then can be estimated by maximising
the following likelihood function:

N
F(T) =) p(Wa|On; A, T) (2.30)
n=1
In this thesis, three types of commonly used linear transform based adaptation will be in-
troduced, namely maximum likelihood linear regression (MLLR) [110], variance MLLR and

constrained MLLR (CMLLR) [55].

In the following subsections, bar notation will be used to denote the unmodified (or
canonical) acoustic models and unmodified (or “clean”) observations. For example, A de-
notes the canonical set of HMM parameters, whilst A denotes the adapted set of HMM pa-
rameters. Similarly, 0 denotes the “clean” observation, whilst o denotes the noise-corrupted

observation.
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CHAPTER 2. GENERATIVE MODELS

2.4.2.1  Maximum Likelihood Linear Regression (MLLR)

Maximum likelihood linear regression (MLLR) [110] was originally proposed to transform
the mean vectors of the Gaussian components. Transforms later were extended to the co-
variance matrices [55]. In mean MLLR, only the means of the Gaussian components are

transformed. For the mth component, the transform can be described as [110]:

My = Apt, +b (2.31)

where { A, b} are the transform parameters associated with the mean vectors. In addition
to mean vectors, transforms can also be applied to the covariance matrices. Then the trans-

form can be described as follows [55]:
Y, =HX, H' (2.32)

where H are the transform parameters associated with the covariance matrices. This type
of transform is usually called variance MLLR [200]. When both the mean vectors and co-
variance matrices are adapted, the likelihood for the mth Gaussian component can be com-
puted by transforming the observations and means whilst keeping the covariance matrices
unchanged [66]:

1 _
N(O7 I’l’mvzm) = @N(H_loa H_I(Aﬁm+b)72m) (233)

When using this form (2.33), the likelihood can be efficiently computed by caching the
transformed observations and means, especially in situations when the covariance matrices

are diagonal [66, 200].

2.4.2.2 Constrained MLLR

In constrained MLLR (CMLLR), both the mean vectors and covariance matrices of the
Gaussian components are transformed, and the transform matrices A and H are con-

strained to be the same. Then the CMLLR transform can be described as follows [55]:

W, = A, +b (2.34)
X,.,=AX, A" (2.35)
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2.4 Adaptation and Adaptive Training

where A is the constrained transform parameters, and b is the bias for the mean transform.

With this transform constraint, the likelihood described in (2.33) can be further written as:

1 _
N(O; Ko, Zm) = EN(A_lo - A_lb; lama Zm)

1 o _
N W (O; Hons Sm) (2.36)
where 0 is the transformed observation:
6=A'o—A"'b (2.37)

Compared with mean and variance MLLR, CMLLR can be operated in the form of trans-
forming observations as described in (2.37). This makes this type of transform efficient if
the speaker (or environment) changes rapidly [66]. CMLLR is the form of linear transform
most frequently used in adaptive training, which will be discussed at the end of this chap-
ter. For the detail of transform estimation on the mean, variance and constrained MLLR,

consulting the references [55, 110].

2.4.3 Vector Taylor Series (V'TS)

The linear transform based schemes (discussed in the previous subsection) is usually used
to adapt a speech recognition system to changes in speaker. Although these methods can
reduce the effect of noise, more effective approaches have been proposed to compensate for
noise effect, and these approaches are normally referred to as noise compensation. Adap-
tation and compensation have become similar in recent years and share many of the same
attributes [192], hence in this thesis these two terms are used interchangeably. In this sub-
section, a noise compensation approach called vector Taylor series (VTS) compensation [2,

128] will be introduced.

Consider a simplified noisy acoustic environment model, where the clean speech signal
0 (in the time domain) is corrupted by additive noise n and channel distortion £ as illus-
trated in Figure 2.5. In the time domain, the relationship between the noise corrupted and

clean speech signals (or the mismatch function) can be described as follows:

0=0®h+n (2.38)
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Clean Speech Convolutional Noise Corrupted Speech
o Channel 0
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N
Additive Noise

Figure 2.5: A simplified model of noisy acoustic environment.

where @ denotes convolution in the time domain. In the HMM based recognition system,
the Mel-frequency cepstral coefficients (MFCC) [89, 200] are widely used. In the MFCC

domain, the mismatch function (2.38) can be described as follows® [1, 2, 63]:

0° =o'+ h*+ C'log (1 + exp (C’_l(nS —0° — hs))>
=0’ + f(o°,n’, h’) (2.39)

where 0° and 0° are the noise corrupted and clean (static) observations. The superscript
denotes the static coefficients. In speech recognition, an observation o is often comprised of
static coefficients appended with delta (A) and delta-delta (A2) dynamic coefficients [52,
66], namely o = [oST, Ao, A2OST]T. In the mismatch function (2.39), n® is the addi-
tive noise, h° is the convolutional noise or channel distortion, and C is the discrete cosine

transform (DCT) matrix.

Model compensation is aimed to obtain the parameters of the noise corrupted speech
model from the clean speech and noise models [63]. Many of the model compensation ap-
proaches assume that if the clean speech and noise models are Gaussian, namely N'(jz*, X°),
N(ps", X5 and N (s, 30)2, then the noise corrupted speech model is also Gaussian.
Thus, the parameters of the corrupted speech distribution A/(u,, X5 ) for a particular

component can be written as:
w,, = {0’} (2.40)
X =E{0°0} — pr i (2.41)

where the expectation is taken with respect to the component distribution of the clean

speech model and the distribution of the noise model. The relationship between the noise

! In this section, when applying log(+) or exp(-) to a vector, an element-wise logarithm or exponential
function is performed to all elements of the vector.
* The convolution noise is usually assumed to be constant, namely P =02, 63].
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2.4 Adaptation and Adaptive Training

corrupted and clean (static) speech (0® and 0°) is described in equation (2.39). According to
this equation (2.39), the noisy corrupted (static) speech o° is a highly non-linear function of
the underlying clean (static) speech 6°. There are no simple closed form solutions to these
expectations in equations (2.40) and (2.41), hence various approximate approaches have
been proposed. Parallel model combination (PMC) [61, 62] is one such approach, where the
Gaussian means and variances in the cepstral domain are mapped into a linear domain in
which the noise is additive, and the means and variances of the new distribution for the
noise corrupted speech are computed, then they are mapped back to the cepstral domain
[66]. An alternative approximate approach is VTS compensation [2, 128], where the vector

Taylor series expansion is used to dealing with non-linearity.

In VTS compensation [2], the non-linearity between the noise corrupted speech and
clean speech can be represented by using the first order vector Taylor series expansion of
equation (2.39). For a particular component, when the expansion points for the vector Tay-
lor series are the means of the clean speech, additive noise and convolutional noise (namely
i, u¥" and p*h), then the mean of the noise corrupted speech distribution can be de-

scribed as follows:

_ _ .\ Of of of
s s s s,n . sh S =S s __ SN s __ ,,sh
um—S{uerf(um,u ) (07 = B) 5 20+ (0 = i) o (R = ) o

(2.42)

where function f(+) is defined in equation (2.39), and the expectation is taken over the clean
speech and noise distributions, namely A'(j1$,, X)) for the clean speech, A/(pus", X°)
for the additive noise, and AV (u*?, X%1) for the convolutional noise. The partial derivatives
in (2.42) can be expressed in terms of partial derivatives of 0° with respect to 6%, n® and h®

evaluated at 25, u>" and P, and they can be described as follows [2, 66]:

0f/00° =0f/0h® = A (2.43)
of/on*=1—- A (2.44)

where A = CFC ™! and F is a diagonal matrix whose elements are given by 1/ (1+
exp(C~!(n® — ©° — h*))). With the first order vector Taylor series approximation (2.42),

the mean and variance of the noisy corrupted speech can be described as follows [2, 66]:

15, = [+ f (1, 1", ™) (2.45)
38 = A AT+ ASPAT 4 (I - AT — A)T (2.46)
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Figure 2.6: The framework of linear transform based adaptive training.

In practice, the convolution noise is usually assumed to be constant, namely X" = 0.
Normally g5, 3*" and ,us’h are seldom known in advance, so they must be estimated from
the test data. When they are not available, noise estimation can be based on the maximum
likelihood (ML) noise estimation scheme [115]. For compensation of the delta and delta-
delta coefficients, the continuous time approximation [76] is commonly used, where discrete
time estimation of the gradient is approximated by the derivative with respect to time. More

details can be found in [2].

2.4.4 Adaptive Training

In adaptation, a well trained acoustic model is pre-required, and the traditional approach
to obtain the model is to train it on the data from a single source [66, 203]. The model
then can be adapted to the test domain during recognition using the adaptation techniques
introduced in the previous subsections. However, normally the the training data includes
a large number of acoustic conditions such as speakers or noise conditions, hence acous-
tic mismatches exit within the training data. One approach to handling this problem is to
use adaptation during training, and this type of method is referred to as adaptive training
[5, 66], in which speech variability and acoustic conditions are modelled separately. Thus,
in adaptive training (take the linear transform based approach for example), two sets of
models are obtained, namely the canonical model A (which represents speech variability)
and the transforms {T'q, ..., T 1} (which represent different acoustic conditions) , where
L is the number of different acoustic conditions. The framework of linear transform based
adaptive training is illustrated in Figure 2.6. This type of adaptive training is also known as
speaker adaptive training (SAT) [5], given that it was first proposed to handle speaker vari-

ability, where each speaker corresponds to an acoustic condition. The training procedure
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of adaptive training is performed in an iterative way, and this process can be summarised

as follows [66]:
(1) Initialise the canonical model and the transform for each acoustic condition.

(2) Estimate the transform for each acoustic condition using the training data associated

with that condition.
(3) Estimate the canonical model given all of the transforms.
(4) Goto step (2) until convergence or the maximum number of iterations is reached.

The canonical model obtained from adaptive training cannot be directly employed in speech
recognition, and the transforms for the test data need to be estimated given some supervi-
sion data. Then, the adapted model (the canonical model with transforms) can be used in
the final recognition. Since CMLLR is simple to implement, it is widely used in adaptive

training [58].

2.5 Summary

In this chapter, the most commonly used generative models in speech recognition, such
Gaussian mixture models (GMMs) and hidden Markov models (HMMs), were introduced.
In speech recognition, the state-of-the-art systems often employ deep neutral networks
(DNN:), therefore the frameworks of the DNN-HMM system and the joint decoding sys-
tem were briefly introduced. Various training criteria for generative models, such as maxi-
mum likelihood (ML), maximum mutual information (MMI), minimum Bayes risk (MBR)
and large margin training, were also briefly discussed. The mismatch between the training
and test data is a common issue in speech recognition, hence the techniques such as adapta-
tion and compensation to reduced this mismatch were discussed in this chapter. Moreover,
adaptive training, which deals with the problem of the mismatch within the training data,

was briefly discussed.
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Chapter 3

Discriminative Models

In the previous chapter, the most commonly used generative models in speech recognition
were introduced. To adopt a generative model in the classification task, Bayes’ rule needs
to be applied to yield the posterior distribution of the class label given the observations. In
speech recognition, HMMs are the most widely used acoustic models. Though discrimina-
tive training of the HMM normally achieves performance gains compared with generative
training, however the underlying model is still generative. Recently, applying discrimina-
tive models directly to speech recognition is of growing interest [48, 54, 65, 79, 106, 215],
where the conditional distribution of the class label given the observations is modelled di-
rectly. Compared with generative models, discriminative models may lead to improved
performance, particularly when the class-conditional density assumptions of the generative
models give a poor approximation to the true distributions [16]. Moreover, discriminative
models do not make any assumption on the distribution of the input data, and not need to
model the density as an incremental step, but focus on the boundary between classes. This
means discriminative models do not waste any resources trying to model the joint distri-
bution [132, 183]. As illustrated in Figure 3.1, the complicated structure in the probability
density might have little impact on the posterior probabilities. Therefore, it is not always de-
sirable to compute the joint distribution. Finally, discriminative models have the potential
to improve performance as a wider range of features from the observation and word se-
quences can be used in training compared with generative models [54]. These are the main

reasons why discriminative models have been widely and successtully used [105, 132, 183].
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Figure 3.1: The generative model versus the discriminative model. This figure is taken from
[16]. Example of the class-conditional densities for 2 classes having a single input variable o
(left plot) together with the corresponding posterior probabilities (right plot). Note that the
left-hand mode of the class conditional density p(o|w = 1) shown in blue on the left plot,
has no effect on the posterior probabilities. The vertical green line in the right plot shows the

decision boundary in o that gives the minimum misclassification rate.

In this chapter, the most commonly used discriminative models will be introduced. Various

training criteria and forms of features for discriminative models also will be discussed.

In general, discriminative models can be divided into two groups, namely the unstruc-
tured' and structured discriminative models. For structured discriminative models, the
class labels are sequences and different class labels share the same common units. For ex-
ample, in speech recognition sentences are structured labels, and different sentences share
the same common units of words (or phones). For unstructured discriminative models,
the class labels are single (atomic) units, and different class labels distinguish from each
other. In the following sections, these two types of discriminative models will be discussed

in detail.

3.1 Unstructured Discriminative Models

In this section, some of the commonly used unstructured discriminative models will be

introduced. In order to distinguish from the class label W which is a sequence, in this

! In some literatures, the unstructured model is called the flat model.
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3.1 Unstructured Discriminative Models

Figure 3.2: The logistic sigmoid function.

thesis w is used as the notation of the class label for unstructured discriminative models.
The unstructured class labels are single units. For example, if the number of classes is L,
the class label w takes value from {1, ..., L}. Unstructured discriminative models can be
directly applied to isolated word recognition [14, 63] or phone classification [152]. However,
in continuous speech recognition (CSR) the number of the possible classes for an utterance
is exponentially large. One solution to this problem is to use acoustic code breaking [185],

which will be discussed at the end of this section.

3.1.1 Logistic Regression

For a discriminative model, the conditional distribution P(w|O) is modelled directly, where
O = {o1,...,0r} is a sequence of observations. In a two-class (or binary) classification
problem with class labels {—1, 1}, the conditional probability P(w|O) for class 1 can be

written as a logistic sigmoid acting on a linear function of the feature vector [16]:

1

P(w=1]|0) = -

(3.1)

The graphical representation of the logistic sigmoid function is illustrated in Figure 3.2. In

equation (3.1), f is a linear function of the feature vector p(O):

f=n"¢(0) (3.2)

Given the form of the conditional distribution (3.1) for class 1, the conditional distribution

for class —1 can be written as P(w = —1|0) = 1 — P(w = 1]|O). This type of model is
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known as logistic regression’ [32,189]. In (3.2), ) are the model parameters, and () is the
feature function that maps the observations O with various length to a fixed dimensional
space. One example of the feature vector is [209]:
©(0) = [ . } (33)
> t=10t

where 1 is introduced to allow a bias parameter.

Logistic regression only can be used in binary classification. In order to extend to multi-
class classification, the conditional probability P(w|O) can be given by a softmax transfor-

mation of a linear function of the feature vector [16]:

exp(fuw)

PwlO) = =———F+—, we{l,...,L (3.4)
(W10) = &= explfuy W€
where {1, ..., L} are L different classes, and f,, is a linear function of the feature vector:
fuw =myp(0) (3.5)

where 77,, are the model parameters associated with class w. This type of model (3.4) is re-
terred to as multinomial logistic regression, which is also known as the maximum entropy
model [10, 119], (unstructured) log-linear model, or single-layer artificial neural network
(ANN) [15]. Given that a valid probability distribution satisfies >, P(w|O) = 1, the pa-
rameters for one class, such as 7,, do not need to be estimated and can be set to 0. However,
these redundant parameters are normally kept in optimisation, for the numerical stability

reasons and equal treatment of all classes [14, 171].

The parameters {7, . .., 7, } of multinomial logistic regression can be combined to be

a single vector [209]:

T

n=[nl,....,n" (3.6)

Then the linear function of the feature vector f,, described in (3.5) can be expressed as:

fw =14,0(0) =n"¢(0,w) (3.7)

where ¢(O, w) is a sparse feature vector that characterises the dependencies between ob-
servations O and class w:
5(w, 1)(0)
¢(0,w) = : (3.8)
(w, L)p(0)

! It is worth noting that logistic regression is a model for classification rather than regression.
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Support Vectors

Figure 3.3: Binary classification using the SVM for separable data.

where J(-) is the Kronecker delta, and (+) is a feature function, e.g. the example given in

equation (3.3). More forms of the feature function (-) will be discussed in section 3.5.

3..2  Support Vector Machines

Support Vector Machines (SVMs) [31, 183] are widely used supervised learning model in
(binary) classification. For SVMs, the generalisation error is bounded by the sum of the
training error and a term that depends on the Vapnik-Chervonenkis (VC) dimension [34,
108, 183]. Good generalisation of this type of classifier has enabled it to be successfully used
in various research fields including speech recognition [60, 63, 67]. Intuitively, the SVM
constructs a hyperplane that has the largest distance to the nearest training data point of
any class. This distance between classes is referred to as margin. Figure 3.3 illustrates a

binary classification task using the SVM for separable data in the two-dimensional space.

Consider a training set consisting of feature vector and class label pairs D =
{(£(01),w1), ..., (p(On),wy)}, where w,, € {—1,+1} and ¢(O,,) is the feature vec-
tor for observations O,,. For a separable binary classification task, given the hyperplane of
the SVM, which are parameterised by 1 and bias b, correct classification of the training data

will satisfy:

wy(n'e(0r) +b) >1, Vne{l,...,N} (3.9)
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where the training data are constrained to be not inside the region enclosed by the margin
edges. The data located at the edges, namely wy,, (n"(Oy) + b) = 1, are called support
vectors. As illustrated in Figure 3.3, the dashed lines are margin edges, and the solid line is
the hyperplane (decision boundary). The margin is the distance between the dashed edges,
and it can be expressed as [31]:

2

(3.10)
]|

margin =

The optimal hyperplane is the unique one that maximises the margin (3.10) under the
constraints in (3.9), hence constructing an optimal hyperplane (decision boundary) is a
quadratic problem, and this optimal hyperplane is estimated such that the margin is max-

imised and all the training data are correctly classified" [31]:

1
min - [|]|? (3.11)

)

st. wp(n'p(On)+b) >1, Vne{l,...,N}

Given the optimal hyperplane with parameters {7, b} and a new input feature vector ¢(O),

then classification can be described as follows:
W = sign (nTgo(O) + b) (3.12)

where sign(-) is the sign function that extracts the sign (—1 or +1) of a real number.

The discussion so far has based on the assumption that the training data is linearly
separable. In many real-world applications this assumption is not generally satisfied. In
this case the training data are aimed to be separated with a minimal number of errors. To
allow training errors, slack variables, £, > 0, are introduced. Then the constraint described
in (3.9) is relaxed to wy, (nTgo(On) + b) > 1 — &, This is known as the soft margin SVM
constraint. For the data that lie outside the margin edges, &, = 0. For the misclassified
data or the data inside the edges, &, > 0. The number of training errors is bounded by
> &n [24]. Then, for the non-separable case, the hyperplane is found by minimising the

upper bound of the training errors and maximising the margin for the correctly classified

' The optimisation problem of minimising 3 ||n|| is difficult to solve because it involves a square root.
Alternatively, in SVMs 1||n||? is minimised.
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data [31]:

N
N B S
rg}gl{QHnH +an::1§n} (313)
st. wn(n'9(0p) +b) >1-&,, VYne{l,...,N}
& >0, Vne{l,...,N}

where C'is a constant that is used to trade off between the margin and the training errors.
(3.13) is known as the primal form of the SVM optimisation problem. Alternatively, this
optimisation problem also can be expressed in a dual form, and more details can be found

in [24, 31].

3.1.2.1  Multi-class SVMs

Binary classification is considered so far. For multi-class classification tasks, SVMs also can
be applied by reducing the multi-class problem into multiple binary classification problems
(41, 42, 88, 139]. Rather than decomposing the multi-class problem into multiple binary
classification problems, the multi-class SVM [33] has been proposed, which is treated as a

single optimization problem.

For multi-class classification, let the parameters for class w be 17,,,, the number of classes

L and the input feature vector ¢ (O), classification then can be expressed as follows':
W = arg max {TMTUSD(O)} (3.14)
w

In multi-class SVMs, the score for the correct class, such as n1;,0(O), is aimed to be greater
than the scores for the incorrect classes as much as possible. One such training criterion is

expressed as follows [33]:

. L 1 ) N
min Z§\|nw|y +C> & (3.15)
n=1

MN15--ML w=1
s.t. 7710”90(071) ~ NyP(On) > L(w,wp) —&n,  Yn,w
& >0, Vne{l,...,N}

! It is worth noting that here the bias is not written out separately, but it can be incorporated in the feature
vector, e.g. the features described in equation (3.3).
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where L is the total number of classes. £(w, wy,) is the 1/01oss, which is defined as £(w, wy,)
=1—0(w,wy),and 0(+) is the Kronecker delta. Similar to that in multinomial logistic re-

gression (3.6), the parameters {7, ..., 7, } can be combined to be a single vector:

T

n=[nl,....n5]" (3.16)

and let the feature vector be the form described in (3.8) :

6(w,1)p(0)
?(0,w) = : (3.17)
6(w, L)p(O)

Classification then can be described as follows:

W= arg;f)nax {nT¢(O, w)} (3.18)

and the training criterion (3.15) becomes:

1 N
win {1l + € 3060 (319
n=1

st. 0" d(On,wyn) — N DO, w) > L(w,wy,) — &, Vn,w
&n >0, Vne{l,...,N}

In the discussion so far, only the linear decision boundary (hyperplane) is considered.
By applying the kernel trick [22], SVMs (or multi-class SVMs) can also be applied to yield a
non-linear decision boundary. By using a kernel function, the linear decision boundary is
constructed in a transformed feature space. Thus though the decision boundary is a linear
hyperplane in the transformed feature space, it might be nonlinear in the original input

space. More details on the kernel trick can be found in [22, 31, 33].

3.1.2.2  Relationships with Logistic Regression

In the training criterion (3.19) of the multi-class SVM, when substituting the constraints into
the minimisation criterion, training can be described as minimising the following objective

function:

1 N
sl + 03 max {2tw,) = (7600w - 060w w)}|  Ga0)

n=1 4
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where [ - | . Is the hinge loss, which is defined as:

_ _f 0 when f(z) <0
[f(2)], = max {0, f(2)} = { f(z) when f(z) > 0 (3.21)
It is worth noting that the loss function is defined as £(w, w,) = 1 — d(w, wy,). When
w = wy, the function inside the maximisation equals 0. Thus the maximisation function
max,,{-} in (3.20) can be expressed as max,,{-} = max {0, maxyu, {-} }. According to
the definition of the hinge loss described in (3.21), objective function (3.20) is equivalent to

the following expression:

1 N
il + 03 | max {£(ww,) = (1760w ) - w'¢(0, )} G2
n=1

w#'UJn +

These two forms of expressions (3.20) and (3.22) are equivalent, and the later one is used

throughout this thesis.

As discussed in [209], large margin training of the logistic regression model is equiv-
alent to a SVM. The margin for logistic regression is defined as the log-posterior ratio
between the correct class wy, and the best competing class w. The large margin training
criterion can be described as maximising this margin and minimising the loss function
L(w, wy,), which measures the distance between the class w and the correct one w,. By
introducing a Gaussian prior, log p(1) = log N/ (1;0, CI) = — 5% ||n||? + Constant, with
zero mean and scaled identity matrix, large margin training of multinomial logistic regres-

sion (3.4) can be described as minimising:

(3-23)

N
s+ 3 | mas (et un) -~ 1og (sl

This training criterion has similar form to large margin training of generative models de-
scribed in (2.23). Substituting the definitions of the multinomial logistic regression (3.4)
and (3.7) into criterion (3.23), then large margin training of multinomial logistic regression

can be expressed as minimising:

N
gl + €3 | mc (£ n) = (w70(0n ) ~ 90w ) }| 620

This is the training criterion of the multi-class SVM described in (3.22). Therefore, large

margin training of multinomial logistic regression models can be interpreted as multi-class
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Figure 3.4: Acoustic code-breaking based on the most likely segmentation [147].

SVMs. It is worth noting that, when a non-zero mean Gaussian prior is used, log p(n) =

log N'(n; p,, CT) = —5ellm — Ky > + Constant, a more general form of large margin

training criterion (3.24) can be derived:

wHwn,

+
(3.25)

1 N
gl =l +- 3 | e {2w.0) = (76100 ) ~ w7 6(0n. )}
n=1

3.1.3  Acoustic Code-breaking

In the previous subsections, unstructured discriminative models, such as logistic regression
and SVMs, were discussed. In continuous speech recognition (CSR), the inputs are utter-
ances, and the number of possible classes for an utterance is exponential large. Thus, it is
impractical to directly model the whole utterance with unstructured discriminative models.
One solution to this problem is to use acoustic code-breaking [185], where the continuous
speech is segmented into segments, and then each segment is treated independently and
classified separately. In acoustic code-breaking, the problem of sentence recognition is de-
composed into the sub-problems of word (or phone) recognition. These sub-problems then
can be addressed directly by using the unstructured discriminative models discussed in the

previous subsections.

A number of acoustic code-breaking approaches haven been proposed for CSR [63, 109,
185]. In these approaches, an existing HMM-based speech recogniser is used to yield the

1-best hypothesis or word lattice [179, 200], then classification can be performed based on
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V INULL BUT
( DIDN'T
DIDN'T ELABORATE
\ ELABORATE SIL ..‘

(a) Word Lattice (b) Confusion Network

INULL BUT IT DIDN'T  ELABORATE

TO IN INULL

(¢) Pruned Confusion Network

Figure 3.5: Acoustic code-breaking based on the confusion network [66, 109].

the given segmentation information. In this subsection, acoustic code-breaking based on

the 1-best hypothesis and lattice will be discussed.

Given an input utterance O, an existing speech recogniser can be applied to generate
the 1-best hypothesis and corresponding segmentation. In this thesis, such segmentation
is called the most likely segmentation (given by this recogniser). Given the most likely
segmentation, each segment of the utterance can be treated independently, and be classified
separately. This type of acoustic code-breaking approach is illustrated in Figure 3.4. In
work [63, 196], unstructured classifiers, such as SVMs, were employed in digit classification
(where the class labels are zero to nine, oh and silence) under the framework of acoustic

code-breaking as illustrated in Figure 3.4.

Alternative to the most likely segmentation, a confusion network can be used in acoustic
code-breaking, where binary classification is performed for each word pair. This framework
is illustrated in Figure 3.5, and can be summarised in three steps. In the first step, the word
lattice is generated by using an existing speech recognition system, and Figure 3.5 (a) gives
an example of the word lattice. In the second step, the word lattice is converted to a confu-
sion network, and one example of the confusion network is illustrated in Figure 3.5 (b). In
the third step, this confusion network is pruned such that each set of parallel arcs contains at
most two as illustrated in Figure 3.5 (c). When the pruned confusion network is produced,
binary classifiers can be applied to each confusion word pair. Normally, the binary classifiers
are trained only for most frequent confusions which are determined from the training data,

and the number of classifiers is limited by the number of available examples in the training
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e

b r a ¢ e

Figure 3.6: A handwritten word “brace” taken from [173].

data. This makes acoustic code-breaking a limited approach, especially when the confu-
sion pairs of the test data did not appear in training. Alternative to decompose sentence
recognition into word (or phone) recognition by using acoustic code-breaking, structured
discriminative models can be directly employed to recognise continuous speech, and this

type of model will be discussed in the following section.

3.2 Structured Discriminative Models

In the previous section, unstructured discriminative models were discussed, where the class
labels are considered as single (atomic) units and different units distinguish from each other.
This type of model cannot be directly applied to speech recognition where the inputs are
observation sequence and class labels are sentences, since the number of possible classes
for an sentence could be unbounded, e.g. the number of possible classes for a 6-digit string
is 105, Although the framework of acoustic code-breaking can be applied, unstructured
discriminative models only can be used in a very limited way, e.g. fixed segmentations and
the limited number of confusion candidates. This motivates interest in structured discrim-
inative models where the structure of the labels is considered. In structured discriminative
models, the class label is considered as being comprised of atomic units, and different labels
share the common set of units, e.g. different sentences can be considered as being comprised
of a sequence of phones from a common set. In structured models, for each atomic unit
there is a set of corresponding model parameters, hence the parameters for different classes
can be constructed, even these classes did not appear in training. This is similar to HMMs
in modelling sentence, where sentence models are constructed by concatenating word (or
phone) models. Moreover, the (long range) dependencies within the input sequence can

be modelled by structured models, whereas for unstructured models, the input sequence is
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(a) HMM (b) MEMM (c) CRF

Figure 3.7: Graphical representations of the HMM, MEMM and CRE. (a) and (b) are directed
graphs; (c) is a undirected graph.

segmented and different segments are treated independently. Take handwriting recognition
for example, for the handwriting illustrated in Figure 3.6, when different letters are treated
separately, distinguishing between the second letter ‘r’ and the fourth letter ‘¢’ in isolation
is far from trivial. When the word is treated as a whole, in the context of the surround-
ing letters this task becomes much less error-prone [173]. Thus, structured discriminative
models are better choices in classification of the sequential data with structured labels. In
this section, various extensively used structured discriminative models, such as conditional

random fields (CRFs) [104] and structured SVMs' [209, 210], will be discussed.

3.2.1  Conditional Random Fields

Conditional random fields (CRFs) were original proposed by Lafferty [104] in the machine
learning community, and this type of model has been widely used in various fields such
as natural language processing (NLP) and automatic speech recognition (ASR) [48]. CRFs
are discriminative models, where the conditional probability of the state sequence S =

{s1,..., 81} given the observation sequence O = {01, ..., 0;} is modelled directly>.

For HMMs, which are generative models, the joint distribution between the state and

observation sequences is modelled:

T
p(S8,0) = [ [ P(slse—1)p(otls:) (3.26)
t=1

! Strictly speaking, structured SVMs are not discriminative models, but discriminant functions which map

the inputs to class labels directly.
* It is worth noting that only linear-chain CRFs are considered in this work, and the state and observation

sequences have the same length.
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where P(s;|s;—1) is the state transition probability, and p(o|s;) is the state output proba-
bility as discussed in section 2.2. The corresponding graphical model is illustrated in Fig-
ure 3.7 (a). It is worth noting that the graphical model in Figure 2.3 is a specification of
the HMM (in Figure 3.7 (a)) with GMM state output distribution. Given the joint distri-
bution p(S, O), the conditional distribution P(.S|O) can be obtained through P(S|0) =
p(S, 0)/p(0O), whereas in maximum entropy Markov models (MEMMs) [121], the condi-

tional distribution of the state sequence given observations P(.S]|O) is modelled directly:

T
P(S|0O) = HP(st\st_l,ot) (3.27)
t=1

where the distribution P(s;|s;—1, 0;) is modelled by a maximum entropy model (or multi-
nomial logistic regression), with form P(s;|s;—1,0;) x exp (77T¢>(o,57 St, st_l)), as dis-
cussed in section 3.1.1. The graphical representation of the MEMM is illustrated in Fig-
ure 3.7 (b). Compared with the graphical model of the HMM (in Figure 3.7 (a)), the direc-
tion of the arcs from the states to the observations is reversed, that denotes the state distribu-
tions now are conditioned on the observations. One major issue of MEMMs is the label bias
problem [104]. In MEMMs, probability P(S|O) is factorised into terms of P(sy|s¢—1, 0).
This means if there are very few states s; that can follow s;_1, then the role of the observa-
tion o; in distinguishing them is diminished [48]. In the extreme case when there is only
one outgoing transition from s;_1= 2 to s; (say state 1), then p(s;=1|s;—1=2,0¢) = 1,
and consequently p(s; # 1]s;—1=2, 0;) = 0. Then the impact of 0; is completely ignored
by the model. In MEMMs, the label bias problem arises because for each state the condi-
tional probability P(s:|s;—1, 0;) is required to be locally normalized to sum to a probability

distribution [48].

The label bias problem can be addressed by CRFs [104], where the state sequence S’ is
modelled jointly (given the observation sequence O) and a global normalisation is used for
the entire conditional distribution P(S|O,n) (with model parameters 1), which can be

expressed as follows:

P(S|0,n) = exp (n2(0. 9)) (3.28)

1
Z(0,m)
where Z(0,n) = Y gexp (n"®(0, S)) is a normalisation term that ensures P(S|O, n)
is a valid probability distribution. ® (O, S )1 is the joint feature vector, which can be ex-

' In this thesis, the joint feature vector, that characterises the dependence between the observations and
the label sequence (where the label is a sequence rather than a single unit), is denoted as ®(-) .
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pressed as the form consisting of acoustic and language features [209]:

T
Z[ SO ] (3-29)

SuSt 1)

bac(0, 5)
®(0,8) = [ ¢1E;

where d)(ot, st) and d)(st, St—l) are the acoustic and language feature vectors for frame

o¢. One simple form of the features is defined as the sufficient statistics with respect to the

HMMs:

5(sy = i)
@ (o4, s¢) = d(st =i)oy ; Vi (3.30)
0(s¢ = 1)diag(o.07)

5(sy = i)

¢(St,3t—1) = 6(8t = i,St—l = ])

Vi, j (3.31)

where 0(+) is the Kronecker delta. Thus, the position of o; and diag(o.0;) in the feature
vector ¢(oy, s¢) depends on the state label i. The features ¢(oy, s¢) are associated with
the state output probabilities, and the features ¢(s;, si—1) are associated with the HMM
transition probabilities. Alternative to the sufficient statistics with respect to the HMMs,
log-likelihoods and their partial derivatives [106, 148] also can be used as the features. The

form of the features based on log-likelihoods will be discussed in section 3.5.

3.2.2 Hidden Conditional Random Fields

In CRFs, the class labels are sate sequences, and the conditional distribution of the state
sequence given the observations P(S|0) is modelled. However, in some applications, the
class labels are not directly linked to the observations, and the underlying hidden variables
of the class needs to be considered. Speech recognition is a typical example, where the
conditional distribution of the word (or sub-word) sequence given observations P(W|O)
is modelled, and the state sequence is treated as hidden variables, which are marginalised

out in calculating the conditional distribution P(W|O). Thus, hidden conditional random
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fields (HCRFs) [79, 145] were proposed to generalise CRFs to handle the hidden variables
underlying the class labels. In HCRFs, the conditional distribution of the word (or sub-
word) sequence W = {wy,...,w;} given the observation sequence O = {o1,...,0:}

can be expressed as follows:

P(W|0,n) Zexp( T®(0,W, S)) (3.32)
where S = {s1,...,sp} is the state sequence corresponding to the observation sequence
O = {o04,...,0;}, and the sum is over all possible state sequences .S associated with label

W. 1 are model parametersand Z(O,n) = Yy, g exp (n7®(0, W, S)) is the normal-
isation term. Compared with CRFs described in (3.28), in HCRFs the hidden variables are
marginalised out, and optimisation is no longer convex, so a global optimum on the train-
ing set is not guaranteed [48]. In (3.32), the form of the joint feature vector ® (O, w, S ) has
a similar form to that in CRFs (3.29):

@(O,W,S):[¢a°(OWS] ET:[ (o1, 51 ] (3:33)

¢lg(W75 Stv St— 1)

where S is a state sequence associated with the word (or sub-word) sequence W. ¢ (o, s¢)

and ¢ (s, s;—1) are acoustic and language feature vectors described in (3.30) and (3.31).

In CRFs and HCRFs, the model structure is embodied in the formation of joint fea-
ture vector ®(-). The model parameters and joint feature vectors for a sentence can be
constructed by combining the local parameters and features associated with the states and
words (or sub-words) [209, 210]. This is similar to the HMM for an sentence, which is

formed by concatenating the HMM word (or sub-word) models.

3.2.3 Segmental Conditional Random Fields

Segmental conditional random fields (SCRFs) are the extension of CRFs. SCRFs relax the
Markov assumption from the frame level to the segment level. This means the Markov
assumption is not enforced on the observations within the segment, that allows to cap-
ture long-span dependencies [48]. This type of model is also known as the semi-Markov
CRF [154]. Let p = {p1, ..., p;} be an segmentation corresponding to observations O =
{Oq); -+, O} with label W = {w1,...,w;}, where O;) is one segment of obser-

vations, and p; gives segmentation information for the word (or sub-word) label w;, e.g.
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the index of the frames associated with label w;. The conditional distribution modelled by

SCRFs can be expressed as:
1
P = — P .
(W]0,n) Z0m) Xp:eXP ('n (o,w, p)) (3.34)

This type of model is also known as the conditional augmented model (CAug) [106]. In the
model definition (3.34), the sum is over all possible segmentations p associated with label
W. Z(0,m) =3 w >, exp (n"®(O, W, p)) is the normalisation term same as that in
CRFs and HCRFs. The joint feature vector (I>(O, W, p) allows the observations within a
segment to be related, rather than making conditional independence assumption on the

observations in CRFs and HCRFs [209]:

6. (0, W.p) | L[ 6(0p), wi)
b1 (W, p) ] - Z [ & (wi, wi—1) ]

where |p| is the number of segments. ¢(O;),w;) and ¢(w;, w;—1) are the segment level

®(0,W,p) = (3.35)

1=1

acoustic and language feature vectors. Let {v1,...,v,} denote all unique sub-sentence
units (words or sub-words) in the dictionary, the acoustic feature vector can be expressed

as:
qb(O(l), ’UJZ') = 5('“)2 = 1)[)@(0(1)) , Vi (3.36)

where ¢(+) is the feature vector for a segment, which maps the observations with various
length to a vector with fixed dimension. One possible expression of ¢(-) is comprised of
likelihoods:
logp(O(i) |v1)
©(0@) = : (3.37)
log p(O;)lve)
The language feature vector ¢ (wi, wi_l) isrelated to unigram and bigram language models,

and might be described as [209]:
S N (3.38)

@ (wi, wi—q) =

where v and v’ are the possible words (or sub-words) in the dictionary. The graphical rep-

resentation of a HCREF is illustrated in Figure 3.8.
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Figure 3.8: The factor graph representation of a segmental CRE.

3.2.4 Structured Log-linear Models

In the precious subsection, segmental CRFs (or conditional augmented models) were intro-
duced. In this type of model, the sum over all possible segmentations leads to a non-convex
optimisation problem and inefficiency in training. Analogous to Viterbi decoding [46, 187],
where the likelihood is calculated by finding the most likely state sequence, here the most
likely segmentation p is used instead of summing over all possible segmentations [147].

Then segmental CRFs described in (3.34) can be approximated as a log-linear model:

P(W|O,n) ~ exp (nT<I>(0, W, p)) (3.39)

1
Z(0;n)
The most likely segmentation p can be obtained from the generative model (HMM). Given
the HMM with parameters X, the most likely segmentation p can be estimated by maximis-
ing [54]:

py = argmax P(p)p(O|X, p) (3.40)
p

where p(O|A, p) is the likelihood given by the HMM. In this work, the probabilities of
choosing different segments are supposed to be equal, namely P(p) is a uniform distri-
bution. Alternatively, the optimal segmentation obtained from discriminative models is
discussed in [210]. In this work, the best segmentation from discriminative model is only
considered in classification, where the best segmentation aims to maximise the conditional
probability described in (3.39), i.e. mgx n'® (O, W, p) for the numerator term. Then clas-
sification with this log-linear model can be described as follows [210]:

W = arg max { maxn' (0, W, p) } (3.41)
W 2

This yields both the optimal word sequence and segmentation.
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It is worth noting that multinomial logistic regression discussed in section 3.1.1 and
CRFs in section 3.2.1 also belong to the framework of log-linear models, but with different

definitions of the feature function ®(-).

3.2.5 Structured SVMs

Structured SVMs are generalisations of SVMs to handle the sequential data with structured
labels. Similar to the SVM, the structured SVM is a discriminant function, where the (se-
quential) input is mapped to a (sequential) label directly by maximising the discriminant

function:

A

W = "®(0, W, .
argv{/nax {n ( p)} (3.42)

where 7 are the model parameters. ®(-) is the joint feature vector. One example is given
in (3.35) and various forms of the joint features will be discussed in detail in section 3.5. In
speech recognition, the segmentation p is seldom known. Thus, in classification the optimal

segmentation needs to be estimated with the class label:

(W, p) = axg max {n"®(0, W, p) } (3.43)
W,p

This is equivalent to classification with log-linear models as described in (3.41).

Given the training data D = {(O1, W), ..., (On, Wx)} comprised of utterance and
label pairs, and the corresponding most likely segmentations {p;, ..., py} from HMMs
as described in (3.40). The training criterion of the structured SVM can be expressed as

follows:

N
. 1
wn {0 Y 6 ) g o0 (549
n=1

st. Vn,(W,p) # (Wa,p,) :
TITCI)(Ona W, pn) - TIT@(Ony w, p) > ﬁ(W7 Wn) —&n,
£ 20

where (W, p) is any possible label and segmentation pair, and it is different to the reference

and most likely segmentation pair (W,,, p,,). L(W, W),) is the loss function between label
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W and reference W,,. Similar to the SVM, the training criterion (3.44) can be written as

minimising follows:

N
1 2
gl + | mex | {eov -

(n7®(On Was p,) = 0" ®(0n, Wap) ) }] o G

where [ -] , isthe hingeloss defined in (3.21). For each training instance, the best competing
label and segmentation pair (W, p) is found over all possible labels and segmentations’

except the reference with the corresponding segmentation (W5, p,,).

3.2.5.1 Relationships with Log-linear Models

Structured SVMs are closely related to the log-linear models discussed in section 3.2.4.
Analogous to the relationship between multinomial logistic regression and the SVM (dis-
cussed in section 3.1.2.2), the structured SVM can be interpreted as large margin training
of the log-linear model described in (3.39) [210]. When the margin is defined as the log-
posterior ratio of the log-linear models between the reference W,, and the best competing
label W, the large margin training criterion can be described as maximising this margin and
minimising the loss function £(w, wy, ). By introducing a prior p(n), large margin training

of the log-linear model described in (3.39) can be described as minimising [210]:

> P(Wa|Oy,n)
—logp(n) + nz::l [Wpr;élgvﬁpn {E(W, W) — log ( POWV|0y.7) )}] . (3.46)

When the prior p(n) is a Gaussian distribution, p(n) = N(0,CI) o exp(—55||n|[?),
with zero mean and scaled identity matrix, and substituting the definition of the log-linear
model (3.39) into the large margin training criterion (3.46), the denominator terms of the
log-linear models can be cancelled out. Then, the training criterion (3.46) can be further
written as minimising:

N

L2
1 C ﬁWWn_
g+ e, {eovw

(UTCI)(Ona Wa, pp) — 1" ®(0n, W, P)) }] . (3.47)

' These possible labels and segmentations can be obtained from a denominator lattice [147, 209].
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This is the training criterion of the structured SVM described in (3.45). In some applica-

tions, the prior knowledge on the model parameters 7 is available, then a non-zero mean
. C . . . 1

Gaussian distribution can be introduced, e.g. p(n) = N (p, CI) o exp(—s55|n — pl?).

p is the available model parameters, e.g. the parameters of the log-linear model trained

with the conditional maximum likelihood criterion. With this non-zero mean Gaussian

distribution, large margin training of the log-linear model can be described as follows:

N
1 2
Sl = wll” + C; [w,pri%’,f,pn {E(W, W)~

(nT(I)(Om Wa, p,) — 10" ®(0y, W, P)) }] . (3.48)

3.3 Training Criteria for Discriminative Models

Different structured discriminative models were discussed in the precious section. Simi-
lar to generative models, various training criteria can be employed in training these dis-
criminative models. In this section, the commonly used training criteria for discrimina-
tive models will be discussed. Let the training data for discriminative models be D =
{(O1,W1),...,(ON, W)}, which consist of utterance and reference pairs. Given these
training data, the model parameters can be estimated by maximising (or minimising) the

training criteria, and these criteria will be discussed in the following subsections.

3.3.1 Conditional Maximum Likelihood (CML)

Similar to maximum likelihood estimation for generative models, conditional maximum
likelihood (CML) training is extensively used in parameter estimation of discriminative
models. In CML estimation, given the training data D, the conditional likelihood of the
model parameters is maximised. The objective function of CML estimation can be ex-

pressed as follows:

N
Foun(n) = log p(W,|On, m) (3.49)
n=1

It is worth noting that this training criterion (3.49) has the same form as the maximum mu-

tual information (MMI) training criterion (2.16) for the generative models. The difference is
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Figure 3.9: The margin definition for discriminative models.

that in the MMI criterion the conditional distributions are written in the form of consisting

of likelihoods (from generative models) through Bayes’ rule as described in (2.17).

In CML training, the objective function (3.49) is to be maximised. Normally, the iter-
ative training approaches, such as gradient based algorithms, are used in parameter esti-
mation. For CRFs and log-linear models, the objective function is convex, hence a global
optimum can be found in parameter estimation; whereas, for hidden CRFs and segmental
CRFs, due to the sum over the latent variables, the objective function is no longer convex,

and a global optimum is not guaranteed [48].

3.3.2  Minimum Bayes Risk (MBR)

In discriminative training of generative models, minimum Bayes risk (MBR), which min-
imises the expected loss on the training data, is one of the most extensively used training
criteria. Similarly, this type of training criterion also can be applied to discriminative mod-

els. In MBR training, the objective function to be minimised can be expressed as follows:

N
]:MBR(T]) = Z Z P(W|Om n)E(VV, Wn) (3.50)
n=1 W

where W denotes all possible word sequences. L(W, W,,) is the loss function, that measures
how different the word sequence W and the reference W,, are. Analogous to MBR training
of generative models discussed in section 2.3.4, there are a number of definitions for the
loss function, and these definitions lead to different meaningful training criteria, such as

the minimum word error (MWE) and minimum phone error (MPE) criteria.
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3.3.3 Large Margin Training

In large margin training, the margin is defined as the log-posterior ratio of the structured
discriminative models between the reference W,, and the best competing label W (this
margin definition is illustrated in Figure 3.9). Then the training criterion can be described

as minimising the inverse of this margin and the loss function £(W, W,,) [65]:

N
where H N is the hinge loss defined in (3.21). The maximum is found over all possible labels
W except the correct one W),. This criterion (3.51) has the same form as the large margin
training criterion (2.23) for generative models. The difference is that for generative models
the conditional distributions P(W|QO) are written in the form of consisting of likelihoods

through Bayes’ rule as described in equation (2.17).

For segmental CRFs (also apply to hidden CRFs), by substituting the model definition
(3.34) into the large margin training criterion (3.51), the denominator terms of the discrim-

inative models can be cancelled out. Then criterion (3.51) can be further written as follows:

convex

N
Fuut) = 3 | s {20773 4105 Y exp (17200, |
p

W#Wn,
n=1

~log " exp (0" ®(0n, Wi, ) } (3.52)
- +

concave

This optimisation problem can be solved by using the concave-convex procedure (CCCP)
[204] and cutting plane algorithm [96], but efficiency might be an issue. First, the sum over
all possible segments leads to inefficiency in training and decoding. Moreover, this objective
function is not convex, although it is comprised of concave and convex functions. For Log-
linear models (and CRFs), this large margin training criterion (3.51) (with a Gaussian prior)

is equivalent to the training criterion of the structured SVM as discussed in section 3.2.5.1.

3.4 Adaptation for Discriminative Models

As discussed in section 2.4, in speech recognition the mismatch between the training and

test data is a common issue. In order to address this mismatch problem, a range of adapta-
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tion approaches, such as maximum a posteriori (MAP) and linear transform based schemes,
have been proposed. Analogously, for discriminative models, adaptation also can be ap-
plied, and the adaptation approaches can be split into three broad categories: general adap-
tation, linear transform based approaches and feature adaptation [65]. For generative mod-
els, the majority of adaptation approaches are based on maximum likelihood (ML), whereas
for discriminative models, adaptation is usually based on conditional maximum likelihood
(CML).

In general adaptation approaches, there is no assumption made on the nature of the
features in the model. Maximum a posteriori (MAP) [27, 170] is a typical example. Similar
to adaptation for generative models discussed in section 2.4.1, MAP adaptation for discrim-

inative models can be described as maximising the follows:

-FMAP("?) = logp(n) + ]:CML(n)

N
=logp(n) + ) _ logp(Wy|O0yn,m) (3:53)

n=1

where Fcy (1) is the CML criterion described in (3.49), and p(n) is the prior distribution
over parameters 7). This prior distribution is often chosen to be a Gaussian distribution.
When the Gaussian prior has the non-zero mean and scaled identity covariance matrix,
namely p(n) = N(p, CI) o exp ( — %Hn — p||?), MAP adaptation described in (3.53)

can be expressed as the CML criterion with a regularisation term:

1
Fune(m) = =551 - pl)? 4 Fonr(m) (3.54)

It is worth noting that the Gaussian prior also can be used in large margin training (3.51).
As discussed in section 3.2.5.1, when the discriminative models are log-linear models, large
margin training with a Gaussian prior is equivalent to the training criterion of structured

SVMs.

Although the general approaches can be applied in discriminative models, they do not
take advantage of any structure in the features [65]. Alternative approaches, such as linear
transform based schemes, have been proposed in [117, 169]. These approaches make use of
linear transforms similar to that for HMMs discussed in section 2.4.2. The third form of
adaptation is related to feature compensation schemes used in generative models [65]. In

this approach, the features are modified to be independent of the speaker or environment,
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rather than adapting the model parameters. These adapted features can be generated based
on generative models, and various adaptation techniques (some of these were discussed in
section 2.4) can used for these generative models. The features based on generative models

will be discussed in detail in the following section.

3.5 Features for Discriminative Models

Various structured discriminative models have been introduced in section 3.2. In this sec-
tion, the possible forms of the feature vector for segmental CRFs, log-linear models and
structured SVMs will be discussed in detail. In general, the features for these discrimina-

tive models can be expressed as a form consisting of the acoustic and language features'

[209]:

¢ac (O? M/? p) ] (3‘55)

(0. W.p) = [ &16(V, )

where ®(-) is the joint feature function, which characterise the dependencies between the
observations and label sequence, and the corresponding feature vector (O, W, p) isknown
as the joint feature vector. O = {01, ..., 07} are the observations (or utterance), W is the
class label (or sentence) which is a word (or sub-word) sequence, and p is the segmentation.
Given the segmentation p = {p1, ..., p;} where [ is the number of segments and p; gives
information for the ith segment, e.g. the frames index associated with the ith segment, the
observations and corresponding label sequence can be described as O = {0(1), 50 ,)}
and W = {w1, ..., w,}, where O;) is a segment and w; is a word or sub-word unit. This
type of notation is used throughout this thesis. In the feature definition (3.55), ¢, (O, W, p)
are the acoustic features which are related to the observation statistics, and D1 (VV, p) are
the language features that relate to pronunciation probabilities and word statistics [65, 209].
Normally, the acoustic features for speech recognition can be divided into to two categories,
namely the frame level and segment level features. The acoustic features can be expressed

in a general form of summing over the features for all segments:

I

¢ac(07Vva) = Z¢(O(z)7w’npz) (356)

i=1

' In some literatures, the language features are also called supra-segmental features [65, 147].
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where ¢(O(i), w;, pi) is the feature vector for one segment. In the following subsections,

the forms of the acoustic and language features will be discussed in detail.

3.5.1 Frame Level Features

When using frame level features, in this thesis another type of hidden information is con-
sidered as being associated with the segmentation p, i.e. the state index S = {s1,...,s7}
corresponding to the observations O = {0y, ..., 0r}. Let L be the total number of unique

states, the frame level features for a segment then can be expressed as follows [65]:

d(st, 1) (o)
(0, wi,p) = > dloy,s1)= > : (3.57)

te{pi} tefpit | 6(sy, L)p(op)
where {p;} denotes the index of the frames associated with the ith segment, and 0(-) is
the Kronecker delta. It is worth noting that since the segmentation information is given,
st (where t € {p;}) only denotes the state associated with w;, and this also applies to the
following discussion. In (3.57) ©(0;) is the feature (vector) for observation oy, and various
definitions of ¢(o;) will be discussed in the following subsections. By substituting this
form of frame level features (3.57) in, the acoustic features defined in (3.56) can be further

expressed as follows:

T 7 | 6(st,1)p(0r)
¢ac (07 W, p) = Z ¢(0t7 St) = Z (3.58)
=1 =11 6(s¢, L)p(oyr)

3.5.1.1  Gaussian Statistic and Log-likelihood Features

A simple form of the features ¢(0;) is the one used in HCRFs [79], which consists of the
Gaussian sufficient statistics of observations:

1

(o) = oy (3.59)
diag(o0{)

when the parameters corresponding to this feature vector are:
—3 (k log(27) + log | X| + log (uTZ‘_lu)>

N = >y (3.60)
—%diag(Z‘_l)
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where k is the dimension of the observation 0;. Given this parameter definition (3.60),
the dot product of the feature vector and parameters is the log-likelihood for a Gaussian

distribution®:
n;p(ot) = log N (og; p, X) (3.61)

where p is the mean of the Gaussian distribution, and X' is a diagonal covariance matrix.

By using this form of parameters (3.60), state output distributions of the HMM can be
retrieved. This is the reason why CRFs and HCRFs can retrieve the HMM probabilities
[79], which means the HMM baseline can be achieved by setting the parameters in a fash-
ion described in (3.60). This also motivates the use of log-likelihoods as features, where
the dimensionality of the features can be dramatically reduced compared with the Gaus-
sian statistic features. The simplest form of the log-likelihood features for an frame can be

expressed as follows:

o(o;) = [ logp(oyls:) | (3.62)

where p(o|s;) is the state output distribution. Thus, it is straightforward that the state
output distribution can be retrieved by setting the corresponding parameter to be 1. In
additional to log-likelihoods, features can be based on classifiers which provide information
about the discrimination between word (or sub-word) classes [65]. Multilayer perceptron

(MLP) [15] is one such example, which provides the posterior probability of phone units.

In terms of log-likelihood features, when the log-likelihoods are given by the DNN-
HMM hybrid system, where the likelihoods are obtained according to Bayes’ rule as de-
scribed in equation (2.9): p(04|s;) o P(s¢|ot)/P(s¢) *. The softmax activation function
is often used for the output layer of the DNN. Let the outputs of the last hidden layer be
h, and A be the weights for the output layer, then the dot production of the feature ¢ (o;)

described in (3.62) and the corresponding parameter 7); can be expressed as:

nee(0s) = neAg,h +nef(se) (3.63)

where Ag, is the row of A that is associated with state s;, and f(s;) is a state dependent

function, which is the logarithm of the normalisation term that ensures p(o;|s;) be a valid

' Without loss of generality, a single Gaussian distribution is considered here.
> Since p(0¢) is not a function of the state s, and it has a equal impact on the DNN outputs, hence it is left
out in the analysis.
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distribution. According to this expression, it is interesting to note that the features extracted
from the hybrid system can be viewed as being transformed from the hidden layer outputs
[38]. As described in (3.63), discriminative models introduce additional parameters in the
feature transformation, thus optimal transforms might be learnt with an appropriate train-

ing criterion.

3.5.1.2 Features Based on Multiple Systems

In general, different systems have various characteristics, make different errors, and are ex-
pected to provide complementary advantages. Thus, in speech recognition, system combi-
nation approaches are of growing interest, and state-of-the-art speech recognisers typically
utilise multiple systems to make ensemble decisions. Analogously, features can be extracted
from multiple systems. In this work, only the log-likelihood based features are considered.

The features for an frame based on D different systems can be described as:

log p1(0¢|st)
p(or) = : (3.64)

log pp(0st)
where py(0¢|s;) is the log-likelihood given by the dth system. According to the feature defi-
nition (3.64), in generating the features, the likelihoods are given by the output distributions
of the same state associated different systems. Thus, these different systems share the same

HMM topology as that in the joint decoding system discussed in section 2.2.

When using frame level features based on multiple systems, by substituting the feature
definitions (3.64), (3.58) and (3.55) in, decoding with log-linear models described in (3.41)

can be further expressed as follows':
R T L D
W = arg max { max {nlgdhg(W? P)+ > 6(s6,) Y njalogpalorlsy) }} (3.65)
t=1 j=1 d=1

where ¢ is the index for frames, j is the jth unique state, and d is the index for systems.

n'8 and 1j,d are the parameters corresponding to features ¢y, (W, p)2 and log pg(0¢|st)?,

' As discussed at the beginning of section 3.5.1, the hidden states S are considered as being associated with

the segmentation p. When using frame-level features, maximisation yields the best word and state sequences.
* The language model features ¢, (W, p) are the elements of the joint feature vector described in (3.55).
3log pa(0¢|st) is the dth element of the feature vector described in (3.64).
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and they are elements of the whole model parameters 7). For the ¢th frame, in decoding as

described in (3.65), the acoustic score computed for frame o; can be described as:

D

L(ot|si=7) = > mjalogpa(orsi=7) (3.66)
d=1

This is the same as the combined score used in joint decoding described in (2.10), but
with more general state dependent combination weights n; = (0515, Mj,p], which
vary with state j'. When the language score nlgqblg(VV, p) is comprised of the state tran-
sition probability P(.S) and the probability given by the language model P(W), namely
nlgqﬁlg(l/V, p) = log P(S) + log P(W), decoding with log-linear models becomes HMM
Viterbi decoding (using combined state output score (3.66)), and it is equivalent to standard

joint decoding discussed in section 2.2.

3.5.2  Segment Level Features

Various forms of frame level features were discussed in the previous subsection, where the
features for utterances are comprised of feature based on frames. This is just one option
for feature extraction. Rather than extracting features for each frame oy, feature generation
can be based on segments O ;). There are a number of advantages for this type of (segment
level) features, e.g. the features could be expressed in a more compact form, and long-span
dependencies within the segment are enabled [48]. In this subsection, the segment level

features based on log-likelihoods will be discussed.

For segment level features, the general form of the features for an segment can be ex-

pressed as follows [65]:

8(wisv1)¢(O)
#(0y, wi, pi) = : (3.67)

8(wi,v1)(O )
where {v1, ...,v.} denote all possible sub-sentence units (such as words or tri-phones) in
the dictionary, and () is the Kronecker delta. ¢(O;)) is the feature vector for segment
O(;), and the form of the feature vector ¢ (O ;)) will be discussed in the following sub-

section. By substituting this form of segment level features (3.67) in, the acoustic features

' As described in equation (2.10), in standard joint decoding the combination weights are system dependent
and do not vary with state j.
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Figure 3.10: Constructing the segment level acoustic features.

defined in (3.56) can be further described as follows:

I 6 (w;, Ul)@(o(i))
¢ac(07 W, p) = Z ¢(0(z)aw2> pl) = Z (3.68)
i=1 i=1 5(101‘7%)90(0(1‘))

An example of constructing the segment level acoustic features is illustrated in Figure 3.10.

3.5.2.1 Log-likelihood Features

In speech recognition log-likelihood features are one of the most commonly used forms,

and for this type of features go(O(Z-)) can be expressed as follows [196, 209]:

logp(O(i) ]vl)
90(0(1)) = (3.69)
logp(o(i) |UL)

where p(O ;)|v;) is the likelihood given by generative model associated with label v;. When
each segment corresponds a tri-phone’, the number of all possible unique tri-phones L is
very large. Then, the dimension of the feature vector (O ;)) is very high. This leads to
inefficiency in training. Normally, when using tri-phones, the features ¢ (O ;) ) only use log-
likelihoods corresponding to the tri-phones having the same context with w; (which is the
label corresponds to O(i)). For example, when w; = “b-uh+k”, only the models associated

with the tri-phones having the form “b-*+k” (where * denotes all possible mono-phones)

' The following discussion also applies to the systems using graphemes with context information.
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are used in generating the log-likelihoods:

logp(O(i) ]“b-aa+k”)
log p(O ;)| “b-ae+k”
(0w = ( (). ) (3.70)

log p (O(i) |“b-zh+k”)
This can significantly reduce the dimensionality of the features, and this form of setting can
also be applied to the features based on multiple systems which will be discussed in the next

subsection.

Let the parameters corresponding to features (3.68) be [n(”l)T, .. ,n(”L)T]T. Analo-
gous to the discussion for the frame level log-likelihood features, let the score nlg(blg(W, p)
be the probability P(W') given by the language model, the HMM probability can be re-
trieved by setting the elements of the parameters associated with the correct label to be 1
and others 0, namely n(vl) = [1, o,... ,O] AR ,n(”L) = [0, o,..., 1]. This means the

HMM baseline can be achieved by configuring the parameters in this fashion.

In addition to log-likelihoods, the derivatives of the log-likelihoods also can be used in
the features:
logp(()(i) |Ul)
Valogp(Olv1)
©(Ow) = : (3.71)

logp(O(i)\vL)
[ Valogp(Oglvs) |

where A are the parameters of the generative model, and V ) represents the derivative with
respect to A. There are a number of advantage to using derivative features, e.g. if the gener-
ative model is an HMM then the resulting features do not have the same underlying condi-
tional independence assumptions of the HMM [65, 209], moreover the derivative features

can provide more discriminative information [109, 148, 209].

3.5.2.2 Features Based on Multiple Systems

In section 3.5.1.2 the frame level features based on multiple systems were discussed. Analo-
gously, the segment level features also can be based on multiple systems. Let D be the num-

ber of systems used in feature generation. One form of the segment level features ¢ (O ;))
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can be expressed as follows [38]:

lOg P1 ( () "Ul)
: features from system 1

log p1 (O(i) v)

2(0) = ; (372)

log pp (O(i) |U1)
: features from system D

logp (O o) |

This type of features has been studied in work [38], where two systems were used in feature
generation. Since the features use the log-likelihoods not only from the correct labels, but
also from the competing ones, the dimensionality of the feature vector is very high, and this

leads to inefficiency in training. Alternatively, one simplified form can be used [199]:

log p1 (O(i) |wz)
(,0(0(1')) = (3.73)
log pp (O(z‘) |wz)

where only the log-likelihoods associated with the correct labels w; are used in feature gen-
eration. In this thesis, this type of features (3.73) will be examined in the experimental

section. The commonly used acoustic features are tabulated in Table 3.1.

3.5.3 Language Features

The form of the language features are mainly associated with the state, phone and word
sequence [65]. When using frame level features, the segmentation also specifies the state
information. Then one of the simplest forms for language features is based on the state

transition features [79]:

T L
d(st = 1) .
b1 (W, p) = ; S ima =) |© T (3.74)

where T is the number of frames. 7 and j denote any possible states pair which specifies a

valid state transition.
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Feature Type Representation Papers
1
Gaussian Statistics p(o) = (o [79]
diag(o:0/)
Frame Level :
- log p(or]s)
Derivatives o) = , Vs 109, 148
p(ot) Valogp(oils) [109, 148]
log p1(o|st)
from Multi-Systems w(o) = : [199]
L log pp(0¢]st) J
o log p(O ; |v)
Derivatives O = (4) , Yo [148]
SO( ()) Vklogp(O(i)h;)
Segment Level :
log p1 (O |w)
from Multi-Systems 90(0(2-)) = : [198, 199]
i long(O(i)|wi) ]

Table 3.1: The commonly used acoustic features.

For segment level features, the corresponding language features can be based on uni-

gram and bigram features:

I

o (W, p) = Z

d(w; =)

d(w; = v,wi— =)

, Yu, v

/

(3.75)

where [ is the number of segments. v and v’ denotes any possible sub-sentence units, such

as words, in the dictionary. Another extensively used form of the language features is based

on the probability given by the language model [209]:

dg(W, p) = [log P(W))

(3.76)

where P(W) is the probability of the word sequence W given by the language model, e.g.

the n-gram language model. This type of language features (3.76) will be examined in the

experimental section.
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3.6 Summary

In this chapter, various unstructured discriminative models have been introduced. For un-
structured models, the structure of the class labels is not considered and each class label
is treated as a single (atomic) unit, these models cannot be directly applied to continuous
speech recognition. Thus, the framework of acoustic code breaking was discussed, where
the continuous speech is segmented into segments, and then each segment is treated inde-
pendently and classified separately. Rather than treating different speech segments inde-
pendently, structured discriminative models can be employed in continuous speech recog-
nition directly. In structured models the label structure is considered, e.g. different sen-
tences share the same common set of sub-sentence units (such as words or phones). Since
the features play a significant role in discriminative models, different forms of features were
also discussed. In general these features can be divided up into the acoustic features and the

language features, and various forms of the acoustic features are summarised in Table 3.1.
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Chapter 4

Bayesian Non-parametric Models

In the previous sections, various commonly used parametric models (including both the
generative and discriminative models) in speech recognition were discussed, where o de-
notes a speech observation vector, A and 7 indicate the model parameters for generative
and discriminative models in speech recognition. In this section, a general discussion on
Bayesian non-parametric models will be given, and a more general form of notations will

be used, e.g. « denotes the input vector, and G indicates the whole model parameter set.

4.1 Motivations

Maximum likelihood (ML) estimation [89] discussed in section 2.3.1 is one of the most com-
monly used estimate methods for parametric models. In ML estimation, the model param-
eters are considered as fixed but unknown values, and the parameters can be estimated by
maximising the likelihood function. For example, given a parametric model p(z|G) with
training data D = {1, - - - , &y }, the model parameters G can be estimated by maximising

the likelihood function:

G = argénax H p(xn|G) (4.1)

In maximum likelihood estimation, since the model parameters are estimated by max-

imising the likelihood given the training data, extreme conclusions might be drawn, espe-
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cially when the number of training data is relatively small. This is also known as over-fitting.
In order to mitigate this problem, Bayesian approaches can be employed. In Bayesian ap-
proaches, the model parameters are considered as random variables, and a prior distribu-
tion p(G) is used to express the uncertainty of these parameters. When making predictions,

all the model parameters are marginalised out:

p(z|D) = / p(|G)p(GID)dG (42

This is called the predictive distribution, which is the distribution of the unobserved data
(prediction) conditional on the observed ones [166]. In equation (4.2), the posterior distri-

bution p(G|D) can be obtained through Bayes’ rule:
p(G|D) o< p(G Hp z,|G) (4.3)

When more data are observed, the posterior distribution can be viewed as the prior, and
the new posterior distribution can be obtained through Bayes’ rule described in (4.3). This
motivates maximum a posteriori (MAP) to be an adaptation approach in speech recognition
[66, 68]. In MAP estimation, the model parameters can be estimated by maximising the

posterior distribution described in (4.3).

In parametric approaches, the complexity of the model needs to be determined in ad-
vance, e.g. specifying the number of states in a hidden Markov model. In order to avoid
the problem of setting model complexity, Bayesian non-parametric models can be applied,
e.g. the infinite Gaussian mixture model (iGMM) was proposed to sidestep the problem
of choosing component number in GMMs [149]. For parametric models, the number of
parameters is finite and predetermined. In contrast, for non-parametric models, the num-
ber of parameters is infinite, namely, the size of the parameter set G may be infinite. In
Bayesian non-parametric models, a prior distribution is defined on the infinite dimensional
parameter space. Given the training data (or observed data), data analysis is performed by
posterior inference, computing the posterior distribution of the model parameters given the
observed data. Rather than specifying the model complexity in advance (parametric mod-
els), the model complexity is part of the posterior inference for Bayesian non-parametric
models. When making predictions, the posterior distribution of the model parameters can

be integrated over, effectively averaging over models of all possible complexity [50, 70, 133].

Suppose the model complexity is denoted by M, e.g. the number of components in

the mixture model, the predictive distribution for Bayesian non-parametric models can be
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obtained by marginalising over all the model parameters (including the model complexity).

This might be expressed as follows:
p(z|D) :Z/p(w‘g]w)M)p(gNhMu))dgNI (4.4)
M

where G,, denotes the model parameters associated with model complexity M. Since the
complexity of the model is considered, the posterior distribution of the model parameters
p(Gur, M|D) is extremely complicated or does not have an analytical form. This leads to
intractability in calculating the predictive distribution (4.4). Thus, approximate methods

need to be applied, e.g. the Monte Carlo (MC) approaches [6, 16].

4.1.1 De Finettis Theorem

In the previous section, the motivation for Bayesian non-parametric models was discussed.
This section will examine de Finetti’s theorem [45], which is often taken as a justification

for Bayesian non-parametric models.

Consider a sequence of variables {x1, - ,xy}. These variables are exchangeable, if

any permutation of their indices has equal probability:

p(icla"' 7mN) :p($a(1)7"' 7mU(N)) (45)

where {o(1),--- ,0(N)} is any permutation (or reordering) of {1,--- , N'}. This defini-
tion (4.5) can be extended to the infinite situation. An infinite sequence {x1, 2, - } is
infinite exchangeable, if any finite subset of the variables is exchangeable [11, 69]. Exchange-
ability is a reasonable assumption, since it is common that the indices of variables are only
chosen to distinguish from each other. Exchangeability reflects the assumption that the
variables do not depend on their indices although they might be dependent on each other.
Moreover, infinite exchangeability makes the model unaffected by the unobserved data (e.g.
the test data). Compared with the independently and identically distributed (i.i.d.) assump-
tion, exchangeability is a much weaker assumption, and the i.i.d. assumption automatically

results in exchangeability of the sequence [133, 168, 177].

De Finetti’s theorem states that for any infinity exchangeable sequence of variables {1,

X2, -}, where x,, € X, there exists a random variable set G, such that the joint distribu-
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tion of any N (N > 1) variables satisfies:

N

per @) = [ 90) [ planl9)dg (46)

n=1
where p(G) is the prior distribution over parameters G. In de Finetti’s theorem, when X’ is a
finite dimensional discrete space, G are finite-dimensional. When X’ is a continuous space,

G are infinite-dimensional (typically a random measure).

According to de Finetti’s theorem described in (4.6), exchangeability automatically im-
plies the existence of a Bayesian model with random latent parameters G. Thus, in Bayesian
models the assumption, that is the existence of randomly distributed parameters, is not a
modelling hypothesis, but a mathematical consequence of the data’s properties [133]. When
the observations are continuous, the parameters G are infinite-dimensional, since there is
no finite parameterisation for the space of continuous densities [133, 168]. This implies the
number of parameters in the Bayesian model is infinite. The Bayesian model then becomes
a Bayesian non-parametric model. Thus, de Finetti’s theorem is considered as the justifica-

tion of Bayesian non-parametric models.

In de Finetti’s theorem, the model parameter set G is typically a random measure. The
Dirichlet process (DP) [18, 44, 160] defines a distribution over probability measures with
many attractive properties, and is widely used in practice due to its simplicity and the com-
putational efficiency in inference. This motivates a class of Bayesian non-parametric models

based on Dirichlet processes which will be further discussed in the following sections.

4.2 Bayesian Approaches

In the previous section, the motivation for employing Bayesian non-parametric models and
de Finetti’s theorem were discussed. This section will briefly introduce Bayesian approaches

for generative models and discriminative models.

4.2.1  Bayesian Inference

In terms of a generative model, a frequentist point of view may be adopted, where the model
parameters are considered as fixed but unknown, and the values of the parameters are deter-

mined by a estimator (or criterion), e.g. the maximum likelihood (ML) estimator described
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in (4.1). These estimated parameters then can be used in making predictions. As discussed
in the previous section, ML estimation might lead to over-fitting. Bayesian approaches are
an alternative. Compared with frequentist schemes, Bayesian approaches employ a prior
distribution over the model parameters to express the uncertainty of these parameters be-
fore observing the data, and make precise revisions of uncertainty in the light of new evi-
dence. The revised distribution is expressed in the form of a posterior distribution [16, 81].
As described in (4.2), when making predictions, all the model parameters are marginalised

out:

p(z|D) = / p(|G)p(GID)dG (47)

This is called the predictive distribution [166]. For a generative model, the posterior distri-

bution p(G|D) in equation (4.7) can be obtained according to Bayes’ rule:
p(G|D) o< p(G|A) [ [ p(an|G) (4-8)

where p(G|A) is a prior distribution with hyperparameters A. It is worth noting that the
maximum likelihood estimate is the maximum of the posterior distribution described in
(4.8) without considering the prior distribution p(G|A) (or when the prior is a uniform
distribution). In ML estimation, the likelihood function is employed to estimate the model
parameters, whereas Bayesian approaches utilise the likelihood function to update the prior
beliefs.

In the posterior distribution described in (4.8), the prior distribution p(G|A) captures
any available knowledge about the data generation process. The hyperparameters A can be
set to some fixed value based on our prior beliefs [168]. A fully Bayesian analysis places a
prior distribution p(A) on the hyperparameters. In practice, an empirical Bayesian method
is often applied, in which the hyperparameters A are estimated by maximising the marginal

likelihood of the training data:

A= argjr\naX/p(Q!A) [1»(.16)dg (4.9)

As described in equation (4.7), the predictive distribution is obtained by integrating
over all the model parameters. The posterior distribution described in the right hand side of
(4.8) is un-normalised. When the normalisation term of the posterior distribution p(G|D)

is not possible to compute, or the posterior distribution does not have a closed form, the
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integral by definition in calculating the predictive distribution (4.7) becomes intractable.
Then, approximate methods such as Monte Carlo (MC) approaches [6] can be applied. In
the MC approach, the integral in the predictive distribution (4.7) can be approximated by

summing over K samples:

=

p(x|D) ~ Z (z|G*)) (4.10)

k;:
where the samples {G(V), ..., G} are drawn from the posterior distribution p(G|D) de-
scribed in (4.8). Alternative to MC approaches [6], a point estimate scheme can be applied,
in which the model parameters G are estimated by maximising the model posterior distri-

bution described in (4.8):
G = argmax p(G|D) = arg max p(G|A) Hp(:l:n|g) (4.11)
g g -

This is called maximum a posteriori (MAP) estimation. Compared with ML estimation
described in (4.1), a prior distribution is incorporated in MAP estimation. Thus, MAP esti-
mation can be viewed as a regularisation of ML estimation. Given the point estimated pa-
rameters Q , the posterior distribution of the model parameters can be written in the form
of a Dirac delta function, namely p(G|D) ~ 8(G,G). Then, the predictive distribution

described in (4.7) becomes:

p(z|D) ~ / p(x16)5(G, 6)dg = p(|C) (412)

4.2.2  Conditional Bayesian Inference

For a classification task, a discriminative model, which models the posterior distribution
P(w|x) directly, might be preferred. One reason for selecting discriminative models is that
they do not make any assumption on the distribution of the input data, and it is not nec-
essary to model the density p(x|w), Instead these models focus on the boundary between
classes. A simple example is illustrated in Figure 3.1 of Chapter 3. The complicated structure
in the probability density function has little effect on the posterior probabilities. Therefore,
it is not always necessary to compute the joint distribution. This is the main reason why

discriminative models have been widely and successfully used [105, 132, 183].
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For the discriminative model P(w|x,G), which gives the conditional distribution of
the class w given the observation x, with model parameters G, assume the training data
are D = {(x1,w1),..., (xy, wy)}, ML estimation for the generative model described in

equation (4.1) becomes conditional maximum likelihood (CML) estimation:

G = argénax H P(wp|xp, G) (4.13)

Under a Bayesian setting, the model parameters G are given a prior distribution, and
Bayes’ rule is used to update the distribution after new evidence is observed. When making
predictions, similar to the predictive distribution for a generative model described in (4.7),
the class posterior distribution' for the discriminative model can be obtained by marginal-

ising out all the model parameters [17, 105]:
P(w|z,D) = /P(w|sc,g)p(g|D)dg (4.14)

Analogous to the posterior distribution of model parameters for a generative model de-

scribed in (4.8), the posterior distribution p(G|D) can be obtained according to Bayes’ rule:
p(G|D) o p(GIA) [ | P(wn|@n, G) (4.15)

where p(G|A) is the prior distribution of the model parameters, and A are hyperparame-
ters. Normally, neither the posterior distribution p(G|D) nor the integral in the class pos-
terior distribution (4.14) is tractable. Analogous to the approximation made for generative
models (4.10), Monte Carlo (MC) approaches can be applied to approximate the class pos-

terior distribution (4.14):
K

P(w|z, D) Z (w|z, G* (4.16)

k;:
where the samples {G1), ..., G)} are drawn from the posterior distribution p(G|D) de-
scribed in (4.15).

As discussed in section 4.2.1, in addition to MC approaches, MAP estimation (4.11) (a
point estimate scheme) can also be applied. MAP estimation for discriminative models can
be described as:

G = argmax p(g|D) = arg maxp(GlA) [ p(wnln, G) (4.17)

n

' To distinguish from the predictive distribution of the generative model, the predictive distribution of the
discriminative model is called the class posterior distribution throughout this thesis.
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As

Ag

Figure 4.1: A possible partition { A1, -+ , Ag} of the set ©.

Given the point estimated parameters H, the posterior distribution of the model parameters
can be written in the form of a Dirac delta function, namely p(G|D) ~ (G, G). Then, the

class posterior distribution described in (4.14) can be further written as:

P(w|x, D) ~ /P(wym, G)6(G,G)dG = P(w|z,G) (4.18)

4.3 Dirichlet Processes

In the previous sections, the basic ideas of Bayesian inference were introduced. This sec-
tion will discuss the Dirichlet process (DP) [44], which is a distribution over distributions
with a wide support that is the space of all (discrete) distributions. The Dirichlet process is
one of the most widely used stochastic processes in Bayesian non-parametric models due
to its simplicity, wide coverage of the distributions, and tractability in posterior inference.
However, the formal definition of the Dirichlet process does not provide a mechanism to
sample from this process. Two practical representations of the Dirichlet process, called the
stick-breaking construction [160] and the Chinese restaurant process (CRP) [138], will be in-
troduced in this section. The stick-breaking process and Chinese restaurant process provide
mechanisms to draw samples and predict future observations from the Dirichlet process.
Since the Dirichlet process is discrete, which is too limited to model the continuous data, the
infinite mixture models based on the two practical representations of the Dirichlet process

will also be discussed.
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4.3 Dirichlet Processes

4.3.1 The Definition of the Dirichlet Process

Let © be the set of all possible outcomes (which is sometimes called the sample space), e.g.

heads and tails when tossing a coin, a finite measurable partition {A;,--- , Az} on © can
be defined as:
L
Ua=e ANA =0 Vil (4.19)
=1

where & is the empty set. One possible partition of the set © is illustrated in Figure 4.1.

Some complimentary knowledge on probability measures is given in Appendix A.

Let G be a probability distribution' on ®, G be a random measure of this set ©,
and o be a positive real number. If the measure G' on any finite measurable partition
{A1,---, Ar} is Dirichlet distributed:

G(Al), oo ,G(AL) ~ Dirichlet(ozGo(Al), v ,aGg(AL)) 2 (4.20)

Then the random measure G is drawn from a Dirichlet process with concentration param-

eter o and base distribution G [44]:

G ~ DP(a, Gy) (4.21)

The Dirichlet process defines a distribution over probability measures. For any measur-
able set A € O, the expectation over the Dirichlet process satisfies F(G(A)) = Go(A).
Thus, the base distribution G gives the mean of a Dirichlet process, while the concentra-
tion parameter o can be considered as the precision (inverse of variance), which determines

how the sampled distribution G deviates from the base distribution Gy on average [177].

4.3.1.1 The Posterior Distribution

In the previous section the formal definition of the Dirichlet process was introduced. The
posterior distribution of the Dirichlet process will be discussed in this section. And this pos-

terior distribution motivates two practical representations of the Dirichlet process (called

! In measure theory, a probability distribution is a probability measure, and this distribution (or probability
measure) can be specified by a probability function.

* If the probability distribution G is specified by a probability density function p(@) (continuous),
Go(A;) can be described as Go(A;) = feeAl p(0)dO; If Gy is specified by a probability mass function
> mi6(6,0;) (discrete), Go(A;) can be described as Go (A1) = g ¢ 4, Ti-
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the stick-breaking process and the Chinese restaurant process), which will be discussed in

the following subsections.

Assume G ~ DP(a, Gy) is sampled from the Dirichlet process. Since G itself is a
distribution, samples can be drawn from G. Let {6, - - , @, }' be a sequence of samples
from the random measure G, and { A1, --- , Ar} be a finite partition of the set ®. Given
the Dirichlet distribution induced by a finite partition described in (4.20) and the conjugacy
of the Dirichlet distribution, the posterior distribution is also Dirichlet distributed [168,

177]:

(G(A1), - ,G(AL))|0),- - , 0y ~ Dirichlet(aGo(A1) + Ny, -+ ,aGo(AL) + Np)
(4.22)

where N, is the number of samples in {607, --- , 0’} drawn from A;. Since (4.22) is true
for any finite measurable partition, according to the definition of the Dirichlet process, the

posterior distribution over G also follows a Dirichlet process [168, 177]:

N
1
G|e,, - ,9’NNDP<N+a,M<;5(9,9;)+aGO>> (4.23)

where §(0,0!,) is a point mass at 8/,, which is a Dirac delta function. According to the
posterior distribution of G in (4.23), as the number of observations grow, when N > «,
the posterior distribution is dominated by the empirical distribution 3; 227:1 5(0,0)),
which is an approximation of the true underlying distribution. This means the posterior

distribution of the random measure approaches the true underlying distribution [177].

4.3.2  Stick-breaking Processes

In the previous subsection, the definition of the Dirichlet process was introduced. However,
this definition does not provide a mechanism to draw samples from the Dirichlet process. In
this section, a representation of the Dirichlet process called the stick-breaking process [160],

that allows samples to be drawn, will be discussed in detail.

' Since G is discrete (which will be discussed in the following subsection), different 8, may have identical
value; The unique values of {07, . .., 8y} are denoted as {01, ...,0}.
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Figure 4.2: The stick-breaking process. The red parts are to be broken off, and the lengths of
the red parts of the stick correspond to the weights from a Dirichlet process.

Given the posterior distribution of the measure (4.23), which is a Dirichlet process, then

the expectation of the measure G is:

N
o r\ 1 ’
B(GIO, - 60) = 5 (;1: 6(6.6),) +aGo) (4.24)

when the number of observations goes to infinity, the second term in brackets becomes 0,

then the following can be derived:

N—oo

lim E(G|0), - ,6%) =) mnd(6,6,,) (4.25)
m=1

where {01, 05, - - - } are the unique valuesin {0, 65, - - - }, and 7, is the limiting frequency
of 0, (when N — 00). According to the expected measure (4.25), sampled measures from
the Dirichlet process are discrete with probability one. This is verified by the stick-breaking

construction of the Dirichlet process discussed in the rest of this subsection.

The stick-breaking process provides a constructive representation of the Dirichlet pro-

cess. In the stick breaking process, a sequence of weights are sampled:
v ~ Beta(1, @)

m—1
T = Um H (1 —v;) (4.26)
i=1

where « is the parameter of the Beta distribution [16], which arises from the marginal dis-

tribution of the Dirichlet process. The stick-breaking process is illustrated in Figure 4.2.
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Consider a stick with length 1. 7, is the length of the part to be broken from the stick in
the mth breaking, and v,,, denotes the ratio of the remaining stick to be broken. By recur-
sively breaking this stick, a sequence of weights {71, 7o, - - - } can be obtained. Normally, the
weights 7 = {my, 7o, - - - } from the stick-breaking process are denoted as m ~ GEM(«),

which is named after Griffiths, Egnen and McCloskey [138].

Given the base distribution G, the stick-breaking construction of the Dirichlet process

can be described as follows':

7 ~ GEM(«)
0., ~ Gy

G=)> mmd(6,0m) (4.27)
m=1

where (0, 0,,,) is the Dirac delta function. The stick-breaking construction guarantees
G ~ DP(«, Gyp). According to the stick-breaking construction of the Dirichlet process,

samples from the Dirichlet process are discrete measures with probability one [160, 168].

4.3.3 Chinese Restaurant Processes

In the previous subsection, the stick breaking process was introduced, which provides a
constructive representation of the Dirichlet process. In this subsection, another practical

presentation called the Chinese restaurant process (CRP) will be discussed.

The Chinese restaurant process is a metaphor which assumes there are infinite number
of tables in a restaurant. When a customer come to the restaurant, the probability of sitting
at an occupied table is proportional to the number of people already sitting there, and the

probability of sitting at a new table is proportional to a:

N,
N r where m is an occupied table
P(ZN-i-]. :m|21,--- 7ZN7a) - « @ (428)
where m is an unoccupied table
N+«

where N + 1 is the (N + 1)th costumer, m is the mth table, indicator z 1 denotes the
(N + 1)th costumer sitting at the zy41th table, and NNy, is the number of people (except

' Here, Gy is considered as a continuous distribution, to distinguish the samples 8 drawn from G (which
is discrete as described in (4.27)), the sample drawn from Gy is denoted as 6.
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Figure 4.3: The Chinese restaurant process. In this figure, each row gives a status of the restau-
rant. When a new customer comes to this restaurant, the probability of sitting at an occupied
table is proportional to the number of people already sitting there, and the probability of sitting

at a new table is proportional to . These probabilities are given in each circle of this figure.

the (N 4 1)th person) occupying the mth table. Normally, the indicators z = {21, z2,--- }
sampled from the Chinese restaurant process are denoted as z ~ CRP(«). An example of
the Chinese restaurant process is illustrated in Figure 4.3. The derivation of this process will

be detailed in the rest of this subsection.

Let G be a random measure drawn from DP(a, Gy), and {6}, - - - , @', } a sequence of
samples drawn from G. Given the posterior distribution of G, which is still a Dirichlet pro-
cess as described in (4.23), the predictive distribution of @, ; conditional on {6/, - ,0',}
can be obtained by marginalising out G. Since P(0|G,0},---,0) = G|6',--- 0,
then the following can be derived:

= E(G|0,17 70§\7) (4~29)
Given the definition of the expected measure (4.24), equation (4.29) then can be further

written as:
1 N
P( §v+1 :9‘9/17"' aeév) ZM(;5(9792)+0G0> (4.30)

The predictive distribution of @, ; is the base distribution of the posterior Dirichlet process

(4.23), which is the posterior distribution of the random measure G given {6/, - , 6’ }.
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The process of obtaining {67, 65, - - - } according to the predictive distributions (4.30) is
known as the Pdlya urn scheme [18], which is a metaphor to help interpreting this process.
Specifically, the Pdlya urn scheme can be described as the follows. There is no ball in the urn
at the beginning, a ball with colour 8} drawn from G| is put in the urn. In the following

steps, take the (IV + 1)th step for example, with probability 5%, a new ball having colour

N

0’1 drawn from G is put in the urn; With probability N+ta

, a ball having colour €'y _ ; is
drawn from the urn, then the ball is replaced to the urn with an extra ball having the same

colour €'y ;.

According to the stick-breaking construction of the Dirichlet process (4.27), the ran-
dom measure G' drawn from the Dirichlet process is discrete. Thus, the observations {6/,
-,0',} drawn from G have positive probability taking identical values. This leads to
the clustering property of the Dirichlet process, as shown in the Pélya urn scheme. Let
{61, -+ ,0)} be the unique values of {6/, - - - , @, }, and N,,, denote the number of value
0,, in {0, --- 0}, which satisfies SV

m=1

Ny, = N. Then the predictive distribution
(4.30) can be rewritten as:
1 M
POy, =00, ,0,) = ( Nnd(6,6,,) —|—aG0) (4.31)
m=1

- N+a

By introducing the indicator variable z,, which denotes the cluster (or component) asso-
ciated with the nth observation, the predictive distribution (4.31) can be expressed as the

following form:

P(ZN+1 = Z|21,"' 7ZN7a)

M
= N+a<m§:1Nm5(z,m)+a5(z,M+1)> (4.32)

where M + 1 denotes a new cluster. The unique values of {21, - - - , zy } induce partitioning
(or clustering) of the set {1,--- , N}, and the distribution over the partitions is called the
Chinese restaurant process (CRP) [138]. This equation (4.32) is equivalent to the expression

of the CRP described in (4.28).

4.3.4 Infinite Mixture Models

In the previous section, Dirichlet processes and two practical representations, called the
stick-breaking process and the Chinese restaurant process, were discussed. Dirichlet pro-

cesses provide distributions over probability measures. The probability measure G sampled
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N

Figure 4.4: The graphical model of the infinite mixture model. In the graphical model, the
plate represents replication. The circle denotes variable, and the gray one denotes observation.
The square represents fixed parameters. This type of representation of graphical models is used

throughout this thesis.

from a Dirichlet process is discrete. This makes Dirichlet processes too limited to model
the continuous observations directly. In order to address this problem, a continuous den-
sity can be obtained by smoothing the random measure G with a density function. This

results in an infinite mixture model [131, 149, 177].

According to the stick-breaking construction of the Dirichlet process (4.27), the ran-
dom measure G sampled from this process can be specified by a probability mass function
Pu(0) =5 mmd (0, 0y,). Given the random measure G which is specified by P(6),
and the density function of a single parametric model p(x|@) parameterised by 6, the den-
sity of the infinite mixture model can be obtained by smoothing the random measure G

with p(z|0) [177]:
p(@9) = [ Po(6)p(al6)dd = > mp(al6n) (439
m=1

where G = {7, ©} are the parameters of the whole infinite mixture model, 77 = {7, }°°_,

are the mixture weights, and ® = {6,,,}>°_, are the parameters of all the components.

The graphical model of this infinite mixture model is illustrated in Figure 4.4, and the
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corresponding generative process can be described as follows:

G ~ DP (Oé, Go)
0, ~G
x, ~ p(x|6),) (4.34)
Since the random measure G'is discrete, the parameters {6, - - - , 0 } from G have positive

probability taking identical values.

From the two representations of the Dirichlet process, the stick-breaking process (4.26)
and the Chinese restaurant process (4.28), the infinite mixture model can be described in
two different but equivalent ways. The graphical model of the infinite mixture model based
on the stick-breaking process is illustrated in the left plot of Figure 4.5. The corresponding

generative process of the infinite mixture model can be described as:

7 ~ GEM(«)
2y, ~ Categorical(7r)
0., ~ Gy
@, ~ p(|0-,) (435)
where the mixture weights 7 = {m,,, }>°_, are given by the stick-breaking process (4.26),
and z,, is the indicator variable that denotes with which component the nth observation is

associated. Categorical(-) is the categorical distribution, which is the generalisation of the

Bernoulli distribution with multiple possible outcomes (rather than two).

The graphical model of the infinite mixture model based on the Chinese restaurant
process is illustrated in the right plot of Figure 4.5. The corresponding generative process

of the infinite mixture model can be described as:
z ~ CRP(av)
0, ~Gy, VYm e z

x, ~ p(x]0,,) (4.36)

where the indicators z = {21, - , zy} are sampled from the Chinese restaurant process
(4.28). In the infinite mixture model, typically, the density p(x|@) is an exponential fam-
ily distribution [16], and the base distribution G| is the conjugate prior for p(x|@). This
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Figure 4.5: The graphical models of the infinite mixture models based on different representa-
tions of the Dirichlet process. The left graphical model is based on the stick-breaking process,
and the right model is based on the Chinese restaurant process. In the right plot, |z| denotes

the number of unique values in set z = {z1,- -+, zx }.

conjugacy leads to tractable posterior inference. When G is not the conjugate prior for
p(x|@), efficiency inference also can also be made by using the sampling based scheme

with auxiliary parameters introduced by Neal [131].

4.3.4.1 Infinite Limit of Finite Mixture Models

The previous section introduced infinite mixture models and two representations of the infi-
nite mixture model based on the stick-breaking process and the Chinese restaurant process
(illustrated in Figure 4.5). In this section, a different perspective on infinite mixture mod-
els will be discussed. Infinite mixture models can be viewed as the infinite limit of finite

mixture models (when the number of components goes to infinity).

Consider a mixture model with M (finite) components, and each component with a
density function p(x|6,,). The mixture weights in the model are given by a symmetric

Dirichlet distribution: Dirichlet(a/M,--- ,a/M). Then, the generative process of the
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mixture model can be described as:

7 ~ Dirichlet(a/M, - -+ ,a/M)
zp, ~ Categorical ()
Om ~ p(0)

x, ~ p(xld:,) (4.37)

where p(8) is the prior distribution of 8, and Categorical(-) is the categorical distribution.
zn, is the indicator variable that denotes with which component the observation x,, is asso-

ciated.

Given the mixture weights w = {m,---,m,}, the joint probability of the indicator
variables can be written as:

M
P(zly 7ZN‘7T17“. 77TI\J) - H 7-(-7]7/\{771 (438)

m=1
where N, is the number of data associated with the mth component, namely N,, =
nyzl 0(zn, m), and (+) is the Kronecker delta. By marginalising out the mixture weights
7, which are given by a Dirichlet distribution described in (4.37), the joint probability of

the indicator variables (4.38) can be further written as:

P(Zlv"' 7ZN’a) :/P(Zl, 7ZN’7T17"' 77T1M)p(7r17”' 77TM‘05)d(7T17"' 77rM)

T'(a) ﬁ (N, + /M)
I'(N +«) ot (/M)

(4.39)

Given the joint distribution of the indicators (4.39), the conditional distribution of in-

dicator zy given other N — 1 indicators {z1, - - - , zy_1} can be described as follows:
P(ZN — m|217 Ctt L, RN—1, Oé) = P(ZN|Zla Ctt L, RN—1, a)|ZN:m
Pz, -, zy| Ny +a/M
- X xl) _ Nt /M (4.40)
P(Zl,"' 7ZN_1|O[) Zn=m N—1+a

So far, M is considered as a finite number. When the number of components goes to
infinite, M — oo, mixture models with infinite number of components can be resulted.
Since the number of components becomes infinite, the components can be divided up into

two groups: the represented components that have associated data and the unrepresented
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Figure 4.6: The graphical model of the infinite Gaussian mixture model. | z| denotes the num-

ber of unique values in set z = {z1,--- , 2y }.

components that have no associated data. Thus, when M — o0, the conditional distribution
of the indicator P(zy = m|z1,- -+, 2y—1, «) described in equation (4.40) can be further

described as [149]:

N, .
Nolta’ when m is a represented component
- o
P(zy =mlz1, -+, 2n-1,0) = o
N_ita’ when m is an unrepresented component
— @

(4.41)

This is the Chinese restaurant process described in (4.28). Thus, when the number of com-
ponents M goes to infinite, the sequence of indicators z = {z1,- - , zy } is obtained from
the Chinese restaurant process, namely z ~ CRP(«)'. Then the generative process of mix-

ture models with infinite number of components can be described as:

z ~ CRP(«a)
0,, ~p(0), Vm € z
x, ~ p(x|6,) (4.42)
This is the infinite mixture model based on the Chinese restaurant process described in

(4.36) with base distribution Gy = p(@). Thus, infinite mixture models are the limit of

finite mixture models (when the number of components goes to infinite M — c0).

' Given the exchangeability of the indicator variables, each indicator can be sampled (as the last one with
index N) given all other N — 1 indicators.
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4.3.4.2  Relationships with Infinite GMMs

The infinite Gaussian mixture model (iIGMM) was first introduced by Rasmussen [149]. The
infinite GMM is a infinite mixture model with Gaussian components. For each Gaussian
component of the infinite GMM, the mean p,,, and covariance X, are assumed to be in-
dependent of each other, and each gives a conjugate prior (the Gaussian distribution and
the inverse Wishart distribution respectively) [77, 149]. The graphical model of the infinite
GMM is illustrated in Figure 4.6, and the corresponding generative process can be described

as:

z ~ CRP(a)
oy NN(IJ’hazh)a Vm € z
X, ~ Wishart 1(3,Q), Vm € z

z, ~N(p,, ,2.,) (4.43)

where AV (-) is a Gaussian distribution, and Wishart ! (-) is a inverse Wishart distribution.
Compared with the infinite mixture model described in (4.36), the base distribution for the

infinite GMM is Gy = p(u, X') = p(p)p(X).

4.3.5 Infinite Mixtures of Experts

In the previous section, infinite mixture models based on Dirichlet processes were dis-
cussed. This type of model is generative, which models the density of the data. For a classi-
fication task, discriminative models might be preferred [105, 132]. In this section, a type of
mixture of discriminative models based on the Dirichlet process called the infinite mixture

of experts will be studied.

4.3.5.1  Mixtures of Experts

Rather than making predictions using a single classifier (a conditional distribution), which
might be inadequate to model the whole training data, it is possible to choose different
conditional distributions to make predictions according to different inputs. If the choice is

input independent, the resulting model is called the conditional mixture model [16]. If the
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Figure 4.7: The framework of the mixture of experts.

choice of the conditional distributions is input dependent, when the choice is a hard deci-
sion, this framework is known as a decision tree [16]; when the choice is given a probability

depending on the input, this is known as a mixture of experts [16, 91, 99].

The framework for mixture of experts with M experts is illustrated in Figure 4.7. As
shown in this figure, the weight P(z|x, w, ®) for each expert is input dependent and de-
termined by the gating network. If the gating network is based on a Gaussian mixture model
(GMM), then the probability P(z|x, 7, ©) is the component posterior probability of the
GMM":

N (x;0,)

P(zlx,m,©) = W?

ze{l,2,...,M} (4.44)

where M is the number of experts, and z is the indicator variable, that denotes which
expert the input x is associated with. @ = {m,...,m,} are the mixture weights and
® = {04,...,0,,} are the model parameters of the components. N (x;0.) is the zth

Gaussian component with parameters 6.,.

The zth expert is a classifier* having conditional probability P(w|x,n,) with parame-

ters 17, where w is the class label. Given an input «, the overall conditional distribution of

! Gating networks of (infinite) mixtures of experts are assumed to be (infinite) mixture models throughout
this thesis. More generally, any suitable input dependent function can be the gating network, e.g. a softmax

function adopted in [99] and the function based on a Dirichlet process and Gaussian kernel functions in [150].
* Experts are assumed to be classifiers throughout this thesis. Alternatively, they can also be regression

models [16].
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Figure 4.8: The graphical model of the mixture of experts. The plot associated with the red
dotted line represents the gating network, and the plot associated with the purple dotted line

represents the experts.

the class w for the mixture of experts with M experts can be described as:

P(w|x,G) = P(w|z,m,©,H) = > P(w|z,n,)P(z|lz,=,0), z€{1,2,---,M}
(4.45)

where G = {mr, ®, H } are the parameters of the whole model, and H = {n,,...,n,,} are
the parameters of all the experts. P(z|x, 7, ©) is the gating network described in (4.44).

When the gating network is given by the component posteriors of a Gaussian mixture
model and the number of experts is M, the graphical model of the mixture of experts is
illustrated in Figure 4.8, and the corresponding generative process of this model can be

described as follows:

7 ~ Dirichlet(a/M, - -+ , /M)
2z, ~ Categorical(7r)
xn ~ p(x)0:,)
wy, ~ P(wl|x,, nzn) (4.46)
where the mixture weights w = {1, ..., m, } are are drawn from a symmetric Dirichlet dis-
tribution [16] with concentration parameter «, and z,, is the indicator variable that denotes

the nth observation is associated with which expert. Categorical(-) is the categorical distri-

bution which is the generalisation of the Bernoulli distribution with M possible outcomes.
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Figure 4.9: The graphical model of the infinite mixture of experts based on the stick-breaking
process. The plot associated with red dotted line is the stick-breaking construction of the infinite

mixture model.

p(x|0.,, ) is the density function for z,th component, and P(w|x,,n,, ) is the conditional

distribution for the z,th expert.

4.3.5.2  Infinite Limit

As a parametric model, the number of experts M in the mixture of experts needs to be
given in advance. In order to bypass the problem of choosing model complexity, a Bayesian
non-parametric version of the mixture of experts called an infinite mixture of experts will
be studied. As discussed in section 4.3.4.1, an infinite mixture model is the infinite limit
of a finite mixture model (when the number of components goes to infinite). In a similar
fashion, the non-parametric counterpart of the mixture of experts called the infinite mixture
of experts can be derived, when the number of experts goes to infinity in the mixture of
experts, namely M — oo. Given an input , the overall conditional distribution of the

class w described in (4.45) becomes summing over infinite number of experts:

P(w|x,G) = P(w|z,m,©,H) =>_ P(w|z,n,)P(zlz,n,0) z€{l,2,-- 00}
(4-47)

where G = {m,©, H} are the parameters of the whole model, 7 = {m,,}°_, are the
mixture weights, @ = {6,,}°°_, are the parameters of all the components, and H =

{N,, }5°_, are the parameters of all the experts.
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______________________

___________________________

Figure 4.10: The graphical model of the infinite mixture of experts based on the Chinese restau-
rant process (CRP). The plot associated with red dotted line is the CRP construction of the

infinite mixture model.

In section 4.3.4 two practical constructions of infinite mixture models were discussed,
namely the infinite mixture models based on the stick-breaking process and the Chinese
restaurant process. Infinite mixtures of experts can also be described by these two processes.
The graphical model of the infinite mixture of experts based on the stick-breaking process
is illustrated in Figure 4.9. The corresponding generative process of the infinite mixture of

experts can be described as:

7w ~ GEM(a)

2y, ~ Categorical(7r)
O ~ G, My, ~ G
x, ~ p(z|0-,)

wy ~ P(w|e,,m,,) (4.48)

where the mixture weights @ = {7, }*°_, are given by the stick-breaking process (4.26),
and z, is the indicator variable that denotes with which expert the nth observation is asso-
ciated. Categorical(-) is the categorical distribution. G; and G are base distributions of
the Dirichlet process, namely Gy = G1Ga. p(x|0.,) is the density function of the z,th
component, and P(w|x,,n.,, ) is the conditional distribution of the class w given by the

Znth expert.
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4.3 Dirichlet Processes

In addition to the stick-breaking process, the Chinese restaurant process provides a
mechanism to draw samples from the Dirichlet process without specifying the underlying
distribution. Based on the Chinese restaurant process, the graphical model of the infinite
mixture of experts is illustrated in Figure 4.10. The corresponding generative process of the

infinite mixture of experts can be described as:

2 ~ CRP(a)
HmNGb nmNG21 Vm € z
x, ~ p(x|6.,)

wy, ~ P(w|z,,m,,) (4.49)

where the indicators z = {z;,- -, zy} corresponding to observations {x1,--- ,xy} are

given by the Chinese restaurant process with concentration parameter o described in (4.28).

To summarise, the infinite mixture of experts defines an infinite mixture of conditional
models (experts). For the infinite mixture of experts, each expert is a discriminative model,
and the gating network is given by an infinite mixture model based on the Dirichlet pro-
cess, which is a generative model. For discriminative models, the conditional distribution
of the class w is modelled directly without considering the underlying distribution of the
observations. In contrast, the infinite mixture of experts gives the conditional distribution
of the class, but the underlying distribution of the observations also is modelled by the gat-
ing network. Thus, the infinite mixture of expert discussed in this section is a combination

of generative models (gating network) and discriminative models (experts).

4.3.5.3 Relationships with Infinite SVMs

The infinite support vector machine', first introduced by Zhu [213], is an example of the
infinite mixture of experts discussed in the previous section. For the infinite SVM, the
gating network is given by an infinite mixture model based on the stick-breaking process
discussed in section 4.3.4, and each expert is a maximum entropy discrimination (MED)
[90, 93] large margin classifier (which is discussed in Appendix B.1.1). Thus, the infinite
SVM can be described as an infinite mixture of experts based on the stick-breaking process

illustrated in Figure 4.9 [213].

' The infinite support vector machine is discussed in detail in Appendix B.
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For the infinite mixture of experts described in section 4.3.5.2, each expert is a discrimi-
native model, which gives the conditional distribution of the class label w given input . In
contrast, for the infinite SVM, each expert is a discriminant function, which gives a map-
ping from the input @ to the class label w. Analogous to the overall conditional distribution
given by the infinite mixture of experts described in equation (4.47), the overall discrimi-

nant function for the infinite SVM can be described as [213]:

Flw,z;G) = Flw,z;w,®,H) = ZF(w,w;nz)P(z|w,w,®) z€{1,2,--- 00}
(4.50)

where F'(w,x;n,) is the discriminant function for the zth expert. the weight from the
gating network P(z|xz, 7, ©) is defined in (4.44) with component number M = oo, which
is the component posterior of the infinite mixture model. The infinite SVM is discussed in
detail in appendix B. The commonly used processes such as hierarchical Dirichlet processes

and beta processes are also discussed in appendices C and D.

4.4 Some Applications in Speech Processing

Bayesian non-parametric models have been widely and successfully employed in various ar-
eas [28, 50, 168]. Since this thesis focuses on speech recognition, examples of non-parametric

models used in speech processing will be discussed in this section.

4.4.1  Topic Modelling

Topic modelling has been widely used in the field of information retrieval [35, 206]. One
of the most successful examples is Internet search engines. Topic modelling is employed
to model the text corpora and other collections of discrete data, and the purpose is to find
short descriptions of the members of a collection that enable efficient processing of large

collections [21].

When modelling the word occurrences in a set of documents, one simple solution is
to place each document with a single topic. However, it is more appropriate to allow each
document to contain more than one topics. For instance, the travel book might contain

topics about weather, travel information, tourist destinations and history. Thus, it would be
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Figure 4.11: The graphical model of latent Dirichlet allocation.

more appropriate to assign several topics to one document. Assume there are M topics, and

the probability of choosing one topic is given by the topic proportion @ = {71, ..., 7y }:

z ~ Categorical () (4.51)

where the indicator variable z denotes which topic is chosen, and Categorical(-) is the Cat-
egorical distribution, which is the generalisation of the Bernoulli distribution with multiple
possible outcomes. Given the indicator variables, a word in this document then can be con-
sidered as being generated from the chosen topic. The process of generating the words for

each document can described as the follows:

2z, ~ Categorical(7r)
am ~ Q
wn ~ P(wl.,) (4.52)

where P(w|@.,) is the words distribution given the topic z,, with parameters 6, , and it is

typically a multinomial distribution. The parameters 6,, are placed with a prior distribution
Q.

In latent Dirichlet allocation (LDA) [21], the topic proportion 7r; is given a symmetric

Dirichlet distribution. Assume there are J documents, the generative process for LDA can
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be described as the follows:

7 ; ~ Dirichlet(c)
Zjn ~ Categorical(7r;)
0 ~Q

win ~ P(wl|0;,) (4.53)

where the parameters 6,, are distributed according to a Dirichlet distribution Q. Alterna-
tively, 6,, can be treated as unknown but fixed parameters, and estimated in an empirical
Bayesian fashion as described in (4.9). P(w|@.;,) is a multinomial distribution. The corre-

sponding graphical model of LDA is illustrated in Figure 4.11.

In LDA the words for each documents are given by a mixture of topics, and these topics
are shared among documents. Thus, LDA extends standard mixture models by sharing a
common set of components among different related groups. In LDA, the number of topics
is set to a fixed value M. In order to circumvent the problem of setting model complexity,
a Bayesian non-parametric model can be employed. In LDA different documents share a
common set of topics. The hierarchical Dirichlet process (HDP)" provides a mechanism to
link groups of data by sharing components. Thus, by using the framework of the HDP, LDA
can be extended to be a Bayesian non-parametric model called HDP-LDA [175]:

c ~ GEM(f)
m; ~ DP(a, c)
Zjn ~ Categorical(7r;)
0 ~Q

wjn ~ P(w|0,,) (4.54)

where GEM(-) is the stick-breaking process described in (4.26), and P(w|@.,, ) is the dis-
tribution over words for the z;,th topic. The corresponding graphical model of HDP-LDA
is illustrated in Figure 4.12. In this graphical model, .J is the number of documents, N; is
the number of words in the jth document. In addition to use the framework of the HDP,

extending LDA by employing a nested Chinese restaurant process is discussed in [20].

! The hierarchical Dirichlet process is discussed in detail in Appendix C.
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J

Figure 4.12: The graphical model of HDP-LDA.

4.4.2 Word Segmentation

Word segmentation is the problem of discovering word boundaries in continuous speech
or text. This problem is non-trivial, since some languages do not have explicit word bound-
aries, such as Chinese and Japanese [80, 114]. In [75] statistical approaches are proposed for
word segmentation: the Dirichlet process is employed in the unigram modelling assump-

tion of word dependencies, and the hierarchical Dirichlet process in the bigram assumption.

Under the unigram modelling assumption, the words in an utterance are independent

from each other. Thus word sequence can be generated according to the following process:
G ~ DP(e, Q)
wy ~ G (4.55)

where the base distribution @Q can be described as:

Q= Z T 0 (W, W) (4.56)
m=1
l
om = P(wpn) = Po(1 — Po) ] P(ma) (4.57)
i=1
where the word wy,, is composed of the phones w,,, = {m1,--- ,m;}, P(m;) is the proba-

bility of phone m;, and F is the probability of the word boundary. In [75] utterance bound-
aries are given, and each utterance has been converted to a phonemic representation using

a phonemic dictionary. Thus each utterance to be segmented is a sequence of phones.
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Under the bigram modelling assumption, the probability of generating the current word
wy, is only dependent on the previous word w,,—1. Thus, a hidden Markov model (HMM)
can be employed to model the dependencies of words, where each latent state of the HMM
corresponds to a word. Since there are an unbounded number of potential words, it would
be more appropriate to have infinite possible number of states in the HMM. Thus the frame-
work of the hierarchical Dirichlet process (HDP) can be applied. The word sequence then
can be generated according to a HDP-HMM:

GO ~ DP(67 Q)
Gw ~ DP(O&7 GQ)

wilwi—1 ~ Gy, _, (4.58)

This is the direct description of the HDP-HMM. An alternative stick-breaking construction
of the HDP-HMM is described in (C.13), and the corresponding graphical model is illus-
trated in Figure C.5. As demonstrated in [75], significant improvements in segmentation

accuracy can be achieved by employing this HDP-HMM approach.

4.4.3 Speaker Diarisation

Speaker diarisation is the problem of segmenting an audio recording into time intervals cor-
responding to individual speakers and assigning speaker labels [50, 195]. Speaker diarisation
is a joint problem of segmenting and clustering, this makes the HMM a suitable model in
which the model transitions among states which are associated with different speakers [50].
In standard HMMs, the number of states needs to be set in advance. If each state corre-
sponds to a speaker, the number of speakers must be given. This is limited, since normally
there is no priori knowledge on the number of the speakers in a meeting. Thus, in a speaker
diarisation problem, it would be more appropriate to employ the framework of hierarchical

Dirichlet processes (HDP), which allows infinite possible number of states (speakers).

As discussed in [50, 51], the HDP-HMM is often inadequate to model temporal per-
sistence of the states, as the HDP-HMM tends to rapidly switch between redundant states.
This leads to a poor performance in speaker diarisation [51]. To solve this problem, the sticky

HDP-HMM [49, 50] was proposed to increase the prior probability of self-transitions. The
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Figure 4.13: The graphical model of the sticky HDP-HMM.

model can jointly segment and cluster the audio into speaker homogenous regions with bet-
ter performance. The graphical model of the sticky HDP-HMM is illustrated in Figure 4.13,

and the corresponding generative process can be described as the follows:

c ~ GEM(f)

T ~ DP(a + K, ac+ ro(m,m) m))
o+ K

Sn|Sn—1 ~ Categorical(ms, ,)
O ~ Q

x, ~ p(x|fs,) (4.59)

where the weights ¢ = {c1, ca, ...} are generated according to the stick-breaking process
described in (4.26), and s,, is the state indicator. Given the state indicator s,,, the observa-
tion x,, is distributed according to p(x|0;, ) which is a Gaussian distribution, and 6, is
generated according to the base distribution Q. Compared with the standard HDP-HMM
described in (C.13) of Appendix C, an extra parameter called the self-transition bias param-
eter k is introduced in the sticky HDP-HMM. By introducing &, the expected probability

of self-transition can be increased [50].

In speaker diarisation, since each speaker is associated with a state of the HMM. Gen-
erally, the HMM with high performance employs Gaussian mixture models (GMMs) as the
distributions of the emitting states [200]. Thus, it would be more appropriate to use a mix-
ture model as the emitting state distribution in the sticky HDP-HMM. Then each speaker
corresponds to a mixture model, more specifically a Dirichlet process mixture model which

gives all possibles of distributions. The graphical model of the sticky HDP-HMM with
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Figure 4.14: The graphical model of the sticky HDP-HMM with Dirichlet process mixture

model emissions.

Dirichlet process mixture model emissions is illustrated in Figure 4.14, and the correspond-

ing generative process can be described as follows [49, 50]:

c ~ GEM(p)
ac+ ﬁé(m,m))

7rm~DP<a+/<;, o

Sn|Sn—1 ~ Categorical(ms, ,)
Pm ~ GEM(0)

Zn Npsn
oijQ

x, ~ p(x|0s,2,) (4.60)

where the weights ¢ = {c1, c2,...} and p,,, = {pm1, pm2, . . .} are generated according to
the stick-breaking process described in (4.26). Again s,, is the state indicator, and each state
of the HDP-HMM is given a DP mixture model. The component indicator z,, is introduced
to denote with which component the observation is associated. Given the state indicator s,,
and the component indicator z,, the observation x,, is distributed according to p(x|0s,, ., )
which is a Gaussian distribution, and 0, ., is generated according to the base distribution
Q. By using this type of sticky HDP-HMMs with special treatments of self-transitions, the

state-of-the-art diarisation performance can be achieved [50].

94



4.5 Summary

4.5 Summary

In this chapter, motivations of Bayesian non-parametric models and de Finetti’s theorem
were discussed in section 4.1. The basic ideas of Bayesian inference and conditional Bayesian
inference were introduced in section 4.2. Section 4.3 introduced the Dirichlet process, and
two representations of this process called the Chinese restaurant process and the stick-
breaking process. The frameworks of mixture models and mixture of experts based on
Dirichlet processes were discussed in detail in section 4.3.4 and 4.3.5 respectively. The infi-
nite Gaussian mixture model and infinite support vector machine can be subsumed under
these two frameworks. Finally, some applications of the Bayesian non-parametric models

in speech processing were briefly discussed in section 4.4.
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Chapter 5

Infinite Structured Discriminative Models

In Chapter 4, Bayesian inference was introduced and some of the commonly used Bayesian
non-parametric models were briefly discussed. In this chapter, a criterion-based perspec-
tive on Bayesian inference will be introduced. Here Bayesian inference is interpreted as
a minimisation criterion consisting of two terms: one representing the prior beliefs; and
a second representing information from the observations. Furthermore, this minimisa-
tion criterion can be subsumed under a general criterion (with a log-likelihood criterion
function). This general criterion allows different forms of criterion functions to be used.
Finally, training of the infinite structured discriminative models using the general criterion

with different criterion functions will be discussed in detail in this chapter.

5.1 Criterion-based Perspectives on Bayesian Inference

As discussed in section 4.2, Bayesian inference is the analysis of beliefs. Before any data
is observed, the prior distribution over model parameters is used to express the available
knowledge (or prior beliefs) on the data generation process; and the beliefs can be updated
when observing new evidence. The most natural way of combining new evidence with prior
beliefs is the application of Bayes’ rule. There are two factors in Bayesian inference: prior
beliefs before observing data and updating beliefs when observing new evidence. In section

4.2, the posterior distribution of the model parameters obtained through Bayes’ rule was

97



CHAPTER 5. INFINITE STRUCTURED DISCRIMINATIVE MODELS

discussed. In [93, 214] an alternative posterior distribution (which differs from the posterior
distribution obtained through Bayes’ rule) is interpreted as being obtained from a criterion.
As described by Zellner [205], the posterior distribution obtained through Bayes’ rule is
equivalent to a distribution obtained from a minimisation criterion (which consists of two
terms: one term represents the prior beliefs and another term represents information from
the observations). This minimisation criterion can be subsumed under a general criterion
with a criterion function consisting of log-likelihoods. With different forms of criterion
functions, this general criterion can result in different meaningful criteria, e.g. the large
margin training criterion. This type of criterion will be discussed in detail in the rest of this

section.

For a generative model, the posterior distribution of the model parameters G can be de-
scribed as minimising the Kullback-Leibler (KL) divergence KL(q(G)||p(G|D)) between
the distribution ¢(G) to be estimated and the posterior distribution p(G|D) obtained by
Bayes’ rule [205]: p(G|D) x p(G)p(D|G). LetD = {x1,...,xy } betraining data, p(D|G) =
[ L, p(x|G) the likelihood, and p(G) the prior distribution. When the estimated distribu-
tion ¢(G) equals the posterior distribution p(G|D) obtained by Bayes’ rule, the KL diver-
gence KL(g(G)||p(G|D)) by definition is zero and minimised. According to the definition

of the KL divergence, the following expression can be derived:

q(9)
2(GID)
- / 1(9) 1g§8 qg - / 2(G) log p(DIG)G + logp(D)  (5)

g

KL((@)Ip(9IP) = [ a(@)lo

Since the log probability of the training data log p(D) is not a function of ¢(G), minimising
the KL divergence KL(q(G)||p(G|D)) is equivalent to the following expression:

arg min { KL(a(9) () - [ 4(9)10gp(DIG)dG } 52)
a(9) —_—
prior evidence

s.t. q(g) E Pprob

where Pprop is a set consisting of all possible valid distributions over G. The criterion de-
scribed in (5.2) can be related to standard Bayesian inference. The prior beliefs are given
by the first term. When new evidence (given by the second term in the form of the log-

likelihood) is observed, the beliefs can be updated in the form of the posterior distribution
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by minimising the criterion (5.2). Since this criterion is equivalent to minimise the KL di-

vergence KL(q(G)||p(G|D)), the solution that minimise criterion (5.2) is:
4(G) = p(GID) x p(G)p(DIG) = p(G) [ p(24lG) (5.3)

Thus, the posterior distribution obtained by minimising criterion (5.2) is equivalent to the

posterior distribution through Bayes’ rule described in (4.8) in section 4.2.1.

A similar approach can be adopted for discriminative models, where the conditional
distribution of a class w is of interest. For a discriminative model P(w|x,G) with model
parameters G, given the training data D = {X W} = {(x1,w1),..., (xy,wy)}, itis
possible to formulate a criterion similar to that for a generative model described in (5.2).

The posterior distribution §(G) can be estimated by minimising this criterion:

arg min { KL(s(9)(9)) - [ 4(9)1og POV ¥, G)ag } 6.9
9(9) —_—
prior evidence

s.t. Q(g) € 7)prob

where p(G) is the prior distribution, POW|X,G) = [],, P(wn|xn,G) is the conditional
likelihood, and Py}, is the set of all possible valid distribution over G. Analogous with

(5.3), the solution that minimise criterion (5.4) is:
§(G) = p(GID) = p(GIX, W) o p(@)P(WIX,G) = p() [] Plwalzn, &) (55)

This is the same as the posterior distribution obtained through Bayes’ rule described in

(4.15) in section 4.2.2.

5.2 'The General Criterion

As discussed in section 5.1, the application of Bayes’ rule to obtain the posterior distribution
is equivalent to the minimisation criteria described in (5.2) and (5.4), where prior beliefs and
evidence are embodied by the first and second term respectively. More generally, the opti-

mal distribution can be viewed as a distribution obtained through a minimisation criterion
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which consists of prior beliefs and evidence:

arg min { KL(q(G)|[p(9)) —/q(g)]:(g; D)dg} (5.6)
9(9) D
prior evidence

s.t. Q(g) € Pprob

where F(G; D) is the criterion function. This function must be real valued and represents
the information from evidence. Moreover, the selection of the criterion function should
guarantee to yield a valid distribution ¢(G). For example, the integral over exp (F(G; D))
should be finite, that ensures the normalisation term of ¢(G) is finite, which will be dis-
cussed in section 5.2.1. Thus, the selection of the criterion function F(G; D) is highly con-
strained. The Gibbs infinite SVM [207] is a specification of this general criterion, where
the criterion function consists of the hinge loss function and log-likelihoods. This general
criterion is also related to regularised Bayesian [214] and the maximum entropy discrimi-
nation (MED) [90, 93], which will be discussed later. In this thesis, only three forms of the
criterion function will be investigated, i.e. the hinge loss function, log-likelihoods and the

combination of these two.

The minimisation criteria (5.2) and (5.4) are specifications of this general criterion (5.6),
where the criterion functions are the logarithms of the likelihood and the conditional like-

lihood respectively:
F(G;D) =log P(D|G) = Zlog P(x,|9) (5.7)
and

F(G;D) = log POW|X,G) = > log P(wy |z, G) (5.8)

In the general criterion (5.6), the criterion function F(G; D) is allowed to have various
forms (real functions). One alternative is the hinge loss function, and the resulting criterion

is a large margin training criterion which will be discussed in the following parts.

Let the criterion function F(G; D) be a hinge loss function:

F6:0) = =3 | ma {ctw ) s (FEEEE)Y| 69
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where £(w, wy,) is the loss function, which measures how different the labels w and wy, are,
and | - | . is the hinge loss, which satisfies:
_J o0 when f(z) <0
/@], = { f(xz) when f(z) >0 (5:10)
When the criterion function is the hinge loss function (5.9), the general criterion de-
scribed in (5.6) becomes a large margin training criterion:

wrgmin {K1(00)1p@) + [ a0) 3 | ma {000~

a(9) wF#Wn

P(wp|xn, G)
log <W> }} ﬂg} (5:11)
s.t. q(9) € Pprob

This large margin training criterion is related to the maximum entropy discrimination (MED)
criterion [90, 93], which is discussed in appendix B.1.1. The main difference is that, in the
MED criterion, the integral over the model parameters G is inside the maximisation. Since
the maximum of the integral of a function is less than or equal to the integral of the max-
imum of that function, the large margin training criterion in (5.11) is an upper bound of
the MED criterion. In criterion (5.11), the maximisation is inside the integral, hence the
maximums need to be found for all possible G. This minimisation criterion is usually com-

putationally intractable. Thus, approximations to this criterion need to be applied.

One approximate method is to assume the distribution ¢(G) is a Dirac delta function,
namely ¢(G) ~ §(G,G) with parameters G. Substituting this delta function into criterion
(5.11), yields:

arg min { /5(@, ,C’;) log 0(G, (j)dg — logp(,C’;) + Z [ max {ﬁ(w, Wy)—
a(g) n

wHwn,

P (wn|2n, G
log (M) }] } (5.12)
P(wlw.,G) /1]
The first term is the negative of the delta function’s entropy, which is an infinite, but constant,

value. Then the criterion to be minimised becomes:

_ logp(é) + Z [ﬁfﬁ {E(w, wy) — log <M> }] . (5.13)

This is the large margin training criterion for the discriminative models described in [209,

210]. When P(w|x, G) is alog-linear model, the denominator terms of the log-linear model
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can be cancelled out in criterion (5.13). This criterion becomes the training criterion of the
structured SVM discussed in section 3.2.5, and can be efliciently solved with the cutting-

plane algorithm [96].

5.2.1  Solutions to the General Criterion

It is possible to consider a general solution the optimisation criterion (5.6) in the previous
section. The criterion function F(G; D) can be written as 7 (G; D) = log (exp (F(G; D))),

hence the general criterion described in (5.6) can be expressed as:
arg min { KL(q(9)||p(G)) — / q(G)log (exp (F(G;D)))dg } (5.14)

a(9) —_—

prior

s.t. q(9) € Pprob

evidence

Analogous with the solutions to the criteria (5.2) and (5.4) for standard Bayesian inference,
the solution that minimises the general criterion described in (5.14) can be written as the

product of the prior and the exponential of the criterion function:

4(G) x p(G) exp (F(G; D)) (5.15)

In order to ensure the right hand side of (5.15) is normalisable, the integral over exp (]-' (G; D))
should be finite. To distinguish from the posterior distribution p(G|D) obtained from
Bayes’ rule, the distribution ¢(G) that minimises the general criterion (5.14) is called the

optimal distribution in this thesis.

In the rest of this section, discriminative models will be used, but similar conclusions
can be drawn for generative models. When making predictions, given the optimal distribu-
tion §(G), the class posterior distribution can be obtained by marginalising out all the model

parameters [17, 92, 105]:
Pule, D) = / P(wlz, 6)d(G)dG (516)

However when calculating this class posterior distribution, normally, neither the optimal
distribution ¢(G) described in (5.15) nor the integral in (5.16) is tractable. Thus, approximate
methods need to be applied. Two approaches will be briefly discussed in the rest of this

section.
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Monte Carlo Methods Monte Carlo methods are sampling based schemes, in which the
samples {G(¥) }K | are drawn from the optimal distribution (G). The integral in the class
posterior distribution described in (5.16) then can be approximated by summing over these

samples:

N

P(w|z, D) ~ Z (wlz, g™ (5.17)
k:

Gibbs sampling is one form of the Markov chain Monte Carlo methods [6], which are a
class of algorithms for sampling from a probability distribution based on constructing a
Markov chain whose equilibrium distribution is the desired distribution. Rather than sam-
pling from the joint distribution ¢(G) = ¢(g4,- . ., g,,) directly (where the model param-
eters G can be decomposed as G = {gy,...,g,,}), in Gibbs sampling samples are itera-
tively drawn from the conditional distribution of each parameter g,, in turn. Following a
sufficient burn-in period (say 1" steps), the chain converges to the stationary distribution
regardless of where it begins. This is called the equilibrium distribution. Then, the samples'

are from the joint distribution ¢(G), but not independent.

In addition to implementing the Monte Carlo method directly, in [95] the joint distri-
bution ¢(G) is factorised, and the Monte Carlo approach is applied to one of the factorised
distributions. Compared with the variational methods having full factorisation, a weaker

assumption is made:

Q(g) ~ Q(gm)Q(gfgm) (5.18)

where g,,, is one parameter in set G = {gy,...,9,,}, and G_, are all the parameters
except g,,, in G. By using this factorisation, inference can be simplified, especially when it is
impractical to sample from the joint distribution ¢(G) directly. The optimisation procedure
then can be described as alternatively performing the following two steps:

+ Given ¢(g,,), estimate ¢(G_4 ) by minimising the general criterion in (5.6).

+ Given ¢(G_g4, ), estimate G(g,,,) by minimising the general criterion in (5.6).

! The consecutive samples are correlated with each other, and independent samples are desired. Thus, these
samples are thinned by only storing every /th value after the burn-in period.
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Often the distribution of a single parameter §(g,,, ) has a simple form, whereas the distri-
bution ¢(G_g4, ) may be complicated and have no closed form. Monte Carlo approaches can
be implemented [95], where the distribution §(G_g ) is approximated by samples. Then
the integral in the class posterior distribution described in (5.16) can be calculated. In sec-
tion 5.4, an application of this method to the infinite structured discriminative model will

be discussed in detail.

Variational Inference As an alternative to Monte Carlo approaches, variational inference
can be applied to approximate the optimal distribution ¢(G). The mean field variational
inference [19] is commonly used, in which parameters G = {g,...,g,,} are assumed to
be independent from each other. The optimal distribution ¢(G) is approximated by a fully

factorised variational distribution ¢, (G):

M

4(G) ~ q(9) = qu(g1s- -1 Gu) = H 7(Gym) (5.19)

m=1

where the form of each variational distribution ¢,(g,, ) is determined by model parameter
v In inference, each parameter v, is updated in turn iteratively by performing coor-
dinate descent of the general criterion described in (5.6). After converging, the optimised
variational distribution can be used in computing the class posterior distribution described
in (5.16). Since the variational distribution is fully factorised and normally has a simple
form (say the exponential family), the integral becomes tractable to compute. An example

of variational inference for the infinite support vector machine is given in Appendix B.

5.3 Infinite Structured Discriminative Models

The framework for infinite mixtures of experts was discussed in section 4.3.5. In the fol-
lowing sections, the applications of infinite mixtures of experts to speech recognition will
be discussed in detail. In the previous sections, the input and corresponding label were de-
noted as x and w respectively. Since speech utterances are data sequences and class labels
are sentences, the notation for the input utterance (observation sequence) and correspond-

ing class label (sentence) are changed to O and W respectively. When label structure’ is

' The sentences are structured labels, which can be broken down into atomic units, e.g. words or phones.
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introduced, the infinite mixture of experts described in equation (4.47) becomes an infinite

structured discriminative model:

P(W]0,G) = P(W|O, 7, ©,H)
=Y P(W|O,H,2z)P(2|0,%,0) z€{l,2,- 00} (5.20)

where G = {7, ©, H} are the parameters of the whole model. z is the indicator variable,
that denotes which expert the input variable O is associated with. P(z|O, 7, ®) is known
as the gating network, which is a function of the input variable O with parameters {7, ®}.
If the gating network is based on a Gaussian mixture model (GMM) with infinite number
of components, ™ = {7, } *°_; are mixture weights, ® = {6,,}°°_, are the parameters of

all the components. P(z|O, 7, ®) is the component posterior of the infinite GMM:

WZN( O),Hz)
Yo, mN ( (0)76&)7

where N (¢(0); 8.,) is the zth Gaussian component with parameters 6, 7 is the mix-

P(z|O,7,0) = z€{l,2,...,00} (5.21)

ture weight corresponding to the zth Gaussian component, and ¢(O) is a feature function,
which maps the input O with various length to a feature with fixed dimension, e.g. the

log-likelihood feature function described in section 3.5.2.1 can be used.

In the infinite structured discriminative model described in (5.20), P(W|O, H, z) is a
structured discriminative model', which is discussed in section 3.2. H = {n,,,}°°_, are the
parameters of all the experts. Since the class label of the utterance I is a sentence, the pos-
sible number of classes for an utterance can be exponentially large in the vocabulary size. In
order to solve this problem, structure is introduced by breaking the sentence label into sub-
sentence units, e.g. words or phones with associated segmentation of the sentence. Given
one possible segmentation (or alignment) p which segments the sentence into sub-sentence
units, the input utterance and sentence can be decomposed into O = {Oyy, ..., O(|p)) }
and W = {w1,...,w),}, where |p| is the number of segments. As discussed in section

3.2, the structured discriminative model P(W|O, H, z) in (5.20) can be described as:

1

oG > exp (100, W,p)  (522)

PVIO, H.2) = POVIO.n.) = 5.
2 pPEPWw

! In structured discriminative models, the structure of the class label is considered, and the parameters for

any classes (sentences) can be constructed from a common set of basic units [209].
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where Z(n,, O) is a normalisation term:

Zn.,0)= ) > exp (nl‘b(O,W,p)) (5.23)

wew pGPW

where the set VV consists of all possible hypotheses for the input O, and the set Py consists
of all possible segmentations corresponding to the hypothesis W. ®(O, W, p) is the joint
feature space, which characterises the dependence between the input O and hypothesis W,
and maps the input O with variable length to a fixed dimension [209, 210]. Various forms

of the joint features were discussed in detail in section 3.5.

The structured discriminative model described in equation (5.22) is the conditional aug-
mented (CAug) model or segmental CRF [106, 109, 215] discussed in section 3.2.3. In this
model, the summation over all possible segmentations results in inefficiency in training.
Similar to Viterbi decoding, where the likelihood is approximated by only considering the
most likely state sequence, here the most likely segmentation p, from the HMM is used
instead of summing over all possible segmentations [147, 199]. Then the structured dis-

criminative model described in (5.22) can be approximated as a log-linear model:

P(W|O,H,z) = P(W|O,n,) =~ exp (N1 ®(0, W, py)) (5.24)

1
Z(n.,0)
When the experts are log-linear models, the infinite structured discriminative model de-
scribed in (5.20) is an infinite log-linear model. Given the generative model (HMM) with

parameters A, the most likely segmentation py can be obtained by maximising [54]:
px = argmax P(p)p(O|A, p) (5.25)
p

where p(O|A, p) is the likelihood given by the HMM. In this work, the probabilities of
choosing different segments are supposed to be equal, namely P(p) is a uniform distri-
bution. Alternatively, the optimal segmentation can also be obtained from discriminative

models [210]. The optimal segmentation is not considered in this thesis.

5.3.1 Bayesian Inference with Gibbs Sampling

The previous section discussed the infinite structured discriminative model, which is an
infinite mixture of experts with structured discriminative model experts. The log-linear

model, which is a simplified form of the CAug model, was also studied. This section will
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discuss Bayesian inference of the infinite structured discriminative model, and the infinite

log-linear model" will be given as an example.

5.3.1.1 Classification

In order to motivate inference, classification will be discussed first. In classification, given
an input utterance O, the corresponding class label (sentence) W needs to be predicted.
Consider a training set consisting of utterance and reference pairs D = {(O, W1),...,
(On,Wn)}, where O,, is the nth training utterance (observation sequence) and W), is
the corresponding class label. As discussed in section 4.2, in Bayesian approaches the class
posterior distribution of W can be calculated by marginalising out over all the model pa-
rameters. Thus the class posterior distribution for the infinite structured discriminative

model can be obtained:
P(W10.D) = [ P(7(0.G)p(ID)dg (5.26)

where G = {m,©, H} = {my,, O, M,,, }0_ are the parameters of the whole model, and

the posterior distribution p(G|D) can be obtained according to Bayes’ rule:

p(G|D) o p(G)p(DI9) (5.27)

where p(G) is the prior distribution of the model parameters, and in this work these model
parameters are assumed to be independent from each other in the prior distribution. Often,
the posterior distribution (5.27) does not have a closed form, and the integral in the class
posterior distribution (5.26) is intractable. Common approaches to address this problem are
to use Monte Carlo methods or variational inference. In variational inference, the trunca-
tion is made in inference [19, 213], where the number of components is truncated to M. And
in the mean field variational inference which is most commonly used, the fully-factorized
variational distributions are used which break the dependencies between the parameters.
Alternatively, Monte Carlo approaches are sampling-based methods, where the integral,
such as in (5.26), is approximated by the sum over samples, and any desired accuracy can

be achieved with enough samples. In this work, only Monte Carlo approaches are studied.

' Again, the infinite log-linear model is an infinite structured discriminative model having log-linear mod-

els as experts.
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Given the definition of the infinite structured discriminative model (5.20), and let the
integral in the class posterior distribution (5.26) be approximated by the sum over K sam-
ples, then yields:

P(W|0,D) ~ pP(w|o,g®)

N\H

Q

==

TTMN ?Mx

My,
Z w0, H® 2)P(z|0, 7" W) (5.28)

where the samples G*) = {x(®) @) H k)}K , are drawn from the posterior distribu-
tion of the model parameters p(G|D). Since G = {m, ®, H} are the parameters of the
whole infinite structured discriminative model, there are infinite number of parameters in
set {m, ®, H}. In training (limited by the finite number of training data), the number of
represented experts M}, (which are the experts that have associated data) is finite. In classifi-
cation, only the represented experts are considered (and the reason will be discussed in the
next paragraph). Then each draw {7(*), @ ()1~ {7T o' ,nﬁ’i)}ﬁ{gl ! defines a
mixture of experts as described in section 4.3.5.1, and classification is averaged over K mix-

ture of experts. In the rest of this section, the reason for only considering the represented

experts will be discussed.

In the class posterior distribution (5.28), M}, is the number of the represented experts
(which are the experts that have associated data) for the kth draw. This means the unrep-
resented experts (which are the experts that have no associated data) are ignored in classi-
fication. Since there is no associated data for the unrepresented experts, the parameters of
the unrepresented experts are sampled from the prior distribution, and all unrepresented
experts can be treated as a single expert. Thus, in the following discussion, we can consider
the unrepresented experts as a single expert. For the kth draw, the conditional probability

Py (W0, G*)) contributed from the unrepresented experts can be described as:

Poy(W[0,6®)) = P(W|O, H® 2) P(z]|0, =™, @")
=P(W|0, " P(z|0,#") @MW) z=My+1  (529)

' The mth mixture weight ) is proportional to the number of data associated with that expert N

which can be obtained in training, and the total weight satisfies ) T = 1.
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Let 771(\/],2 41 ! denote the mixture weight corresponding to the unrepresented experts.

Empirically, the mixture weight 7'('](\/’2 41 corresponding to the unrepresented experts is small.
This leads to a small component posterior probability P(z|O, w(*)| (-')(k)) defined in (5.21).
Moreover, if the unrepresented experts are considered in classification, in the conditional
distribution P(W|O, ngk)), ngk) is drawn the prior distribution p(n), and the prior might
be chosen for mathematical simplicity rather than based on the prior beliefs or we hold no
prior information about the parameter. This leads to inaccuracy when the unrepresented
experts are taken into account. Due to the small value of P(z|O,w*), ©®*)) and inaccu-

racy of the conditional probability P,,..,(W|O, ngk)) described in (5.29), the unrepresented

experts are not considered in classification in this study.

5.3.1.2  Bayesian Inference

As discussed in the previous section, the joint posterior distribution over the model pa-
rameters, p(G|D), of the infinite structured discriminative model described in (5.27) does
not have a closed form. However, Gibbs sampling [6, 190] can be applied to draw sam-
ples from this joint posterior distribution. In inference of the infinite structured discrim-
inative model, the representation based on the Chinese restaurant process (CRP) is used,
and the graphical model of this representation is illustrated in Figure 4.10, where the mix-
ture weights w = {m,, }°°_; are marginalised out, and the latent variables (the indicator
variables corresponding to the training data) z = {z1, ..., 2y} are introduced. Thus, the
posterior distribution p(®, H, z|D) will be inferred in training. Gibbs sampling is ap-
plied to draw samples {@*) H®) 2(¥)} from this posterior distribution p(®, H, z|D).
As discussed in the previous section, {w(*), @*) H(¥)1 are the samples of interest in clas-
sification. As discussed in [6, 172], the marginal samples {@*) H®)} can be obtained
by sampling {@*), H*) 2 according to p(©, H, z|D) and subsequently ignoring
the samples z(¥). When the sampled indicators z*¥) are given, the number of the repre-
sented experts M}, can be determined, which is the number of the unique values in set

z2®), namely M;, = |2*|. Given 2(*), the number of data N¥) associated with each

' When the unrepresented experts are considered, the mixture weight 71‘](5; 41 corresponding to the unrep-
resented experts is proportional to « which is the concentration parameter of the Dirichlet process; the weight
e corresponding to a represented expert is proportional to the number of data associated with that expert
NS The total weight satisfies > T =1,
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Algorithm 1: the sampling process for the infinite structured discriminative model
Initialise: {@©), H©) 2(0)}
repeat

fornec {1,...,N} do
‘ sample PO P(Zn\z(_k)l, k-1, F*-1) p)

end

The number of represented experts is: Mj, = |z(*)].
form e {1,..., M} do

sample o' ~ p(0,|2%), D)

sample ngff) ~ p(n,,|z*), D)

end
for the unrepresented experts do
sample 611, ~ ()

n%ﬂq = arg max, p(n)*

end

until converge;

represented expert also can be determined: Ny(f ) = ny:l 0 (zT(Lk), m). As discussed in sec-

tion 5.3.1.1, only the represented experts are considered in classification, the mixture weights

xk) = {m(ﬁ)}%il * used in classification then can be determined, where each weight

(k)

T’ is proportional to the number of associated data N and the total weight satisfies

(k)
Yom m(,]f ) = 1, namely wﬁ,’f )= N, %~ where N is the total number of training data.

In Gibbs sampling, samples are iteratively drawn from the conditional posterior dis-
tribution of each parameter in turn. The sampling process for the infinite structured dis-
criminative model can be summarised in Algorithm 1. The samples {@*) H(®) 2(¥)} can
be obtained from this iterative process. By discarding the initial set of samples (in burn-in
period) to avoid starting biases, K thinned samples (obtained by only choosing one sam-
ple from every several consecutive samples) can be used to approximate the integral in the
class posterior distribution described in (5.26). In the following sections, the conditional

posterior distribution of each parameter will be discussed in detail.

* Since only the represented experts are considered in classification, the mixture weights %) has M, e
elements. Training is based on the CRP, where 7 are marginalised out, and infinite number of experts are

considered. Thus, there is no restriction on training.
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5.3.1.3 The Conditional Posterior Distribution of z,

The indicator variable z,, denotes which expert the nth observation sequence O,, is associ-
ated with. Given the training data D = {(O1, W1), ..., (On, Wx)} and the samples of all
the other model parameters, the conditional posterior distribution of z,, can be described

as follows:

P(z, = m|z(_k,)”®(k71), H* 1 D) x
Pz, = m|z®) a)p(£(0,)|0% D) P(W, |00, nED)  (5.30)

where the set z(_kT)L denotes all the indicators except ng)’ namely
z@% = {z§k), e zflk_)l, zq(mi_ll), e zka_l)}.

O =1 are the sampled parameters of the components in the gating network, and H (k=1)
(k)

are the sampled parameters of the experts. The first term P(z, = m|z.,,

«) is given by

the Chinese Restaurant Process (CRP)" with concentration parameter o described in sec-

tion 4.3.3:
N
- m=n h d t isti t
*) Nolta when m denotes an existing exper
P(zp, =m|z2),a) = (5.31)
o
——,  when m denotes a new expert
N-1+ta P

where NV is the total number of the training data, and Néf’; )_n is the number of training
data associated with the mth expert excluding the nth instance. In (5.30) the second term
p(e(0y)] o' _1)) is the component likelihood, which is given by the Gaussian distribution.
©(+) is a feature function which transforms the input with various length to a vector with
fixed dimension. The last term P(W,,|O,, ngi_l)) is the conditional likelihood given by

the structured discriminative model, for example the log-linear model described in (5.24).

When z,, indicates an existing expert (a represented expert), it is straightforward to
calculate the conditional posterior probability of z, through (5.30). When z,, denotes a

new expert (an unrepresented expert), following the method introduced by Neal [131], when

' In order to make the newly generated expert have good generalisation, 7 is set to be the mode of its prior
distribution. Here, the mode of the prior distribution is the optimised parameter of the discriminative model

trained with the whole training set.
' Given the exchangeability of the CRP, each z, can be considered as the last customer in the CRP metaphor.
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calculating the likelihood p(¢(O,,) ]07(75 — ), the parameter 0 is sampled from its prior

distribution as an auxiliary parameter [131]. Thus the likelihood can be easily obtained. In
order to ensure that the newly generated expert has good generalisation, when calculating
the last term P(W,,|O,, ngffl)), the parameter of the expert 177(7];71) is set to be the mode
of the prior distribution. In this work, the prior distribution is a Gaussian distribution, and
the mean of this distribution is the optimised parameter of the structured discriminative

model trained with the whole training set.

5.3.1.4 The Conditional Posterior Distribution of 0,

The gating network is based on a Dirichlet process mixture model, i.e. an infinite GMM in
this work. Given the sampled indicator variables z(¥), the parameters of different Gaussian
components are conditionally independent. Here the conditional posterior distribution of

the mth Gaussian component parameters 6,,, can be described as follows:

p(Om|z®. D) < p(0) [ p(0(On)0m) (5.32)

stLk) =m

where V2{") = m indicates all instances n € {1,..., N} that satisfy 2 = m. p(On) is

the prior distribution of 8,,, and p((O5,)|0,,,) is the likelihood corresponding to the mth
Gaussian component. Given the sampled indicators z(¥), each parameter set of the Gaus-

*) canbe sampled independently according to the conditional posterior

sian component 6
distribution in (5.32). This conditional posterior distribution (5.32) is the same as the condi-
tional posterior distribution of the component parameters in the infinite GMM [149], and
the detailed process of sampling the component parameters and their hyper parameters is

described in 77, 131, 149].

5.3.1.5 The Conditional Posterior Distribution of n,,

In this section, the experts are assumed to be log-linear models described in (5.24). Given
the sampled indicator variables z(¥), the parameters of different experts are conditionally
independent. Then the conditional posterior distribution of the mth expert parameter n,,,

can be described as follows:

P2, D) < p(m,,) [ P(WalOnymy) (5:33)
(k)

Vzpn '=m
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Algorithm 2: the Metropolis algorithm for sampling the parameter of the expert

Initialise: 1g,t = 0

repeat

1. Sample a candidate from the proposal distribution n* ~ p(n|n,), which is a
symmetric distribution satisfying p(n|n,) = p(n|n).

2. Calculate the ratio:

p(’l’]* ‘Z(k) y D) p(n*) HVZSLk):m P(Wn’0n7 Tl*)

r= = (5:34)
p(m|=z®), D) p(ny) HVZ;k):m P(Wy|On,ny)
3. If r > 1, accept the candidate. If » < 1, with probability r accept the
candidate, else reject it and go to step 1.
4. Lett =1+ 1,andn, = n*.
until converge;
where Vz\") = m indicates all instances n € {1,..., N} that satisfy 2B = m. p(M,y,) is

the prior distribution of the expert parameter, which is a Gaussian distribution p(n,,,) =
N (M 1y, Xy). In this work, the mean g, is the optimised parameter of a structured
discriminative model trained with the whole training set, and the covariance is a scaled
identity matrix X, = CI. P(W,|O,,n,,) is the conditional likelihood of a structured
discriminative model, e.g. the log-linear model described in (5.24). Given the sampled

k), the parameter of each expert ngi) can be sampled independently according

indicators z(
to the conditional posterior distribution described in (5.33). The Metropolis algorithm [125,
126] can be applied to sample from this conditional posterior distribution, and the sampling

process is detailed in Algorithm 2.

As described in Algorithm 2, in step 1 the candidate n* for the next sample is drawn from
the proposal distribution (or candidate-generating distribution) p(n|n,), which is a symmet-
ric distribution satisfying p(n|n,) = p(n.n), e.g. a Gaussian distribution centred at 7),:
N(n;my, X). In step 2, when calculating the ratio » described in (5.34), the denomina-
tor term of the log-linear model P(W|O, n) can be calculated efficiently by applying the

forward algorithm on the denominator lattice [196].

By repeating the sampling process in Algorithm 2, a Markov chain {ny,n;,...} can
be built. Following the burn-in period (e.g. 7" steps), the chain approaches its stationary
distribution. Then {n,,,, 7.5, . ..} are samples from distribution p(n,,|z*), D).
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Each time the ratio r is calculated, IV, (the amount of data associated with the mth
expert) calls of the forward algorithm are required to calculate the denominator term of
P(W,|O.,m*). However, the value of the product of the posterior probabilities
Hstlk):m P(Wy|Oy,,m*) can be cached for the next calculation of r, here
Hvzs’bk):m P(W,|0,,n,) does not need to be calculated, given that the cached value can
be used. However, generating a valid sample by using the Metropolis algorithm is still com-
putationally expensive. Since the Metropolis algorithm is a Markov chain Monte Carlo
(MCMC) approach, this chain might be slow to converge and the iterative calculation of
the ratio r described in (5.34) is computationally expensive. This motivates an approximate

approach to be used, and this approach will be discussed in the following section.

5.3.2  MAP Estimation for Each Expert

In section 5.3.1, a MCMC approach (i.e. Gibbs sampling detailed in Algorithm 1) is in-
troduced to draw samples from the posterior distribution p(®, H, z|D). When sampling
from the conditional posterior distribution of each expert’s parameter p(n,,|z¥), D), the
Metropolis algorithm described in Algorithm 2 is applied. In this algorithm, each instance
of calculating the ratio r described in (5.34) requires the forward algorithm to be imple-
mented. This leads to inefficiency in training. In order to make training more efficient, an

approximate method will be discussed in this section.

Rather than drawing samples from the conditional posterior distribution p(n,,|z*), D)
described in (5.33), the maximum a posteriori (MAP) estimate can be used to approximate
the samples from this posterior distribution. The MAP estimate is the mode of the condi-

tional posterior distribution of 1,,, described in (5.33):

arg max Fyap(1,,) = arg max { log (p(nm\z(k), D)}

nm nm
= arg max { log p(n,,) + Z log P(W,,|O,, nm)} (5.35)

Vzyn '=m

This is the same as the CML training criterion of the CAug model with a prior [106, 147].
Then the efficient training approaches used by the CAug model can be applied, such as the
RPROP algorithm [151]. When the prior is a Gaussian distribution p(n,,,) = N'(n,,,; pt,, X))
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with mean p,, and a scaled identity covariance matrix X;) = C'I, the MAP (or CML) esti-

mation described in (5.35) can be further described as:

_ 2
arg max Fyap(1,,) = argmax{ - w + Z log P(Wn]On,nm)}

nm nm
Vz,(lk)zm

(5.36)
By using an appropriate prior, improved generalisation can be achieved. In this work, the
mean of the prior p, is set to be the optimised parameter of the log-linear model (5.24)

trained on the whole training set using the CML criterion.

As discussed in this section, in training the infinite log-linear model (iLLM), MAP (or
CML) estimation is applied to estimate the parameter of each expert by replacing sampling

from the conditional posterior distribution p(n,,|2*), D) in Algorithm 1.

In this approximate method, the parameter of each expert is estimated according to the
MAP (or CML) criterion, and this estimate is used to approximate the sample drawn from
the conditional posterior distribution p(n,,|2(), D). By using this approximation, the
samples H*) drawn from the conditional posterior distributions are replaced with the pa-
rameters trained with the MAP criterion described in (5.36). Thus, the samples {© (k) JH (k) }
are not drawn from the joint posterior distribution p(®, H|D) obtained from Bayes’ rule,
but from a distribution with more narrow support. The resulting samples might converge
to a local maximum of p(®, H |D). This might limit the ability of the model exploring the

whole parameter space and mitigating over-fitting.

5.3.3 Large Margin Training for Each Expert

In section 5.3.2, the parameters of the experts are obtained by using a MAP estimator. In
order to take advantage of the large margin classifier, with good generalisation yielding the
state-of-the-art performance, in this section, large margin training is applied to estimate the
parameters of each expert by replacing sampling from the conditional posterior distribution
p(n,,]2*¥), D) in Algorithm 1. This type of system has been called the infinite structured
SVM in the previous work [197].

In large margin training of the log-linear model described in (5.24), the margin is de-
fined as the log-posterior ratio of the log-linear model between the reference W, and the

most competing hypothesis . Given the sampled indicators z(*), and introducing a prior
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p(M,,,), the parameter of the mth expert can be estimated by minimising the following large
margin training criterion:

}—LM(nm) = - logp(nm) + y (k)z ; [W,p?%ﬁ,pn{ﬁ(w, Wn)_

(5:37)

ox(oiio )

+
where, for each training instance, the most competing hypothesis and segmentation pair
(W, p) is found over all possible hypotheses and segmentations' except the reference with
the corresponding segmentation (W, p,, ), and p,, is the most likely segmentation obtained
by the HMM as described in equation (5.25). £L(W,W,,) is the loss, which measures how
different the hypothesis W and the reference W,, are. When the prior p(n,,) is a Gaus-
sian distribution p(n,,,) = N'(n,,; ), ;) with mean p,,, and scaled identity covariance
matrix X, = (1, substituting the log-linear model (5.24) into the large margin training
criterion (5.37), the denominator term of the log-linear model can be cancelled out. Then,
the training criterion can be further described as minimising:

1
Fasl) = gl = mlP 40 X | e {eovw)
Vz,(Lk):m,Vn

Ny ®(0,, W, p)} — 0, ®(0y, Wi, pn)] (5.38)
+

This is the training criterion of the structured SVM [180, 181] with the training data as-
sociated with the mth expert. In order to train the expert with limited training data and
ensure good generalisation, in this work the mean of the Gaussian prior p,, is set to be the

optimised parameter of the structured SVM trained with the whole training set.

As discussed in this section, in Gibbs sampling, sampling for each expert is replaced by
large margin training. Thus, this is not a valid Gibbs sampling approach, but an approxima-
tion. This type of large margin training for each expert can be viewed as a special example

of large margin training for all the experts, which is discussed in detail in Appendix E.

5.3.4 Relationships with the General Criterion

In section 5.3.1, Bayesian inference of the infinite log-linear model was studied. In infer-

ence, the framework of infinite mixtures of experts based on the Chinese restaurant pro-

' These possible hypotheses and segmentations can be obtained from a denominator lattice [147, 209].
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cess (CRP) (illustrated in Figure 4.10) is used, where the mixture weights @ = {7, }>°_;
are marginalised out, and the indicator variables z = {z1,..., zy} corresponding to the
training data D = {(O1,W1),..., (On,Wy)} are introduced. Thus, the posterior dis-
tribution of the model parameters to be inferred is p(®, H, z|D), and Gibbs sampling is
employed to sample from this distribution. As discussed in section 5.2, the model poste-
rior distribution obtained through Bayes’ rule can be interpreted as the application of the

general criterion (5.6) with a log-likelihood criterion function:

%’E}S {KL(q(@,H,z)Hp(@,H,z)) - /gq(@,ﬂ, z)f(@,H,z;D)d(@,H)}

(5.39)
st. q(®,H,z) € Pprob

As discussed in section 4.3.5, the infinite mixture of experts (based on the CRP) is a mix-
ture of discriminative models, but not a discriminative model which models the conditional
distribution of the label 17 given the observations O directly without considering the un-
derlying distribution of the observations [132]. For the infinite log-linear model, the distri-
bution of the observations is modelled by the gating network, which is an infinite Gaussian
mixture model. The infinite log-linear model is a combination of generative models (gat-
ing network) and discriminative models (experts). Thus, the criterion function criterion
function F (O, H, z; D) can be written in the form of a combination of likelihoods and

conditional likelihoods:
F(©,H,zD) =logp(D|®,H,z) = logp(On, W,|©, H, 2,)

= Z (10gp(0n|®7 zn) + log P(W, |0y, H, zn)) (5.40)

As shown shown in (5.15), the solution that minimises criterion (5.39) is the product of the

prior and the exponential of the criterion function:

4(©,H,z) =p(©,H, z)log (F(©,H, 2; D))
=p(®,H,z)P(D|®,H,z) =p(O,H, 2|D) (5.41)

This is the posterior distribution obtained through Bayes’ rule, and it is the distribution to

be inferred in standard Bayesian inference discussed in section 5.3.1.
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5.4 Large Margin Training of Infinite Log-linear Models

In section 5.3.1, Bayesian inference of the infinite structured discriminative model was stud-
ied. Section 5.3.4 discussed a criterion-based interpretation of Bayesian inference for the
infinite log-linear model, in which the general criterion has a log-likelihood criterion func-
tion. This section will discuss the application of the general criterion to the whole infinite

log-linear model, the experts and the gating network.

5.4.1 The Training Criterion

As discussed in section 5.3.4, Bayesian inference of the infinite log-linear model can be in-
terpreted as a criterion-based training approach, where the training criterion is the general
criterion (5.39) with a log-likelihood criterion function (5.40). This criterion function is the
combination of likelihoods (for the gating network) and conditional likelihoods (for the

experts) as described in (5.40):

F(O©,H,z;D) = Z (10gp(0n‘®7 zn) + log P(Wnlom H, Zn)) (5.42)
Appendix E discussed (large margin) training of the experts for the infinite log-linear model,
where the general criterion with a hinge loss criterion function is applied only to the experts,
and this criterion function is described in (E.2):

F(H;D) = — max {L(W,W,) = M(W, W,; H, O, }] .

E:D) =3 | e {20V -0 } e

In this section, a large margin training criterion will be applied to the whole infinite log-

linear model. This large margin training criterion is a specification of the general criterion,

and has the same form as the general criterion for Bayesian inference described in (5.39):

qa(rggun) {KL(q(@,H,z)|p(®,H,z)) - /Z:q(@,H,z)}"(G),H,z;D)d(@,H)}

s.t. q(@, H, Z) (S Pprob (544)

but the criterion function has a different form, which is the combination of the likelihood
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function (for the gating network) and the hinge loss function (for the experts):

.F(@,H,Z;D) :Z <10gp(0n‘®72n>_

n

[y s, (L0 - MOV w0, Bz Y] ) G

This criterion function (5.45) is called the combined criterion function in this work. The gen-
eral criterion described in (5.44) with this combined criterion function (5.45) has a similar
form to the criterion for regularised Bayesian inference [212, 214], and the hinge loss func-
tion (the second term of (5.45)) is related to the regularisation term in regularised Bayesian

inference.

For the combined criterion function (5.45), [-]+ is the hinge loss function defined in
(5.10). In this hinge loss, for each training instance, the best competing hypothesis and seg-
mentation pair (W, p) is found over all possible hypotheses and segmentations except the
reference with the corresponding segmentation (W, p,,), and p,, is the most likely seg-
mentation obtained by the HMM as described in equation (5.25). £(W,W,,) is the loss
between the hypothesis W and the reference W,,. M(W, W,;; O,,, H, z,) is the margin,
which determines how well the input label IW,, can be correctly separated with the hypoth-
esis V. In the training criterion of the structured SVM [210], the margin is defined as the
log-posterior ratio of the log-linear model defined in (5.24). In this margin definition, the
normalisation terms of the log-linear models can be cancelled out. Analogously, in this
work the margin for the infinite log-linear model is defined as the log ratio of the log-linear

models:

P(W,|Oy, H,z,)
P(W|0O,, H, z,)
where P(W|0O, H, z) is the log-linear model defined in (5.24). Other possible definitions

MW, W:0,,H, z,) = log (5.46)

of the margin were discussed in appendix E.1.1, where large margin training is applied in
training the experts of the infinite log-linear model. In this section, large margin training
is applied to the whole infinite log-linear model (an overall training criterion for the gating

network and experts).

5.4.2  'The Solution to the Criterion

In the previous section, large margin training for the whole infinite log-linear model was

discussed. This large margin training criterion is the general criterion (5.44) with the com-
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bined criterion function described in (5.45). As discussed in section 5.2.1, the solution that
minimises the general criterion is the product of the prior and the exponential of the cri-
terion function. Thus, minimising the general criterion (5.44) with the combined criterion

function (5.45), yields:
4(©,H,z) x p(®,H,z)exp (F(©,H, 2;D)) (5.47)

where p(®, H , z) is the prior distribution of the model parameters, and in this work these
model parameters are assumed to be independent from each other in the prior distribution.
Substituting the definition of the combined criterion function (5.45) in, this solution (5.47)

can be further written as:
i(O, H %) x p(©, H,2) [ <p<on|@, o)

exp (= [, max  {LOV.WL) — MOV W5 00 H. ) ] +)> (5.45)

This distribution is intractable, hence a Monte Carlo approach is implemented to sample
from the un-normalised distribution as illustrated on the right hand side of (5.48). Because
of the maximisation in the distribution §(®, H, z), it is impractical to draw samples from
this distribution directly. As discussed in section 5.2.1, an indirect Monte Carlo method
can be applied. In this Monte Carlo approach, the joint posterior distribution is factorised.
Then, samples can be drawn from the factorised distributions. In this work, a weak assump-

tion is made [95]:

q9(©,H,z)~q(H)q(©,2) (5.49)

Under this assumption, the training process can be summarised in Algorithm 3, and train-

ing will be discussed in detailed in the following sections.

5.4.2.1 The Estimation of §(H)

Given §(©, z), the optimal distribution ¢(H') for the experts’ parameters can be estimated
by minimising the general criterion (5.44) with the combined criterion function (5.45).

Since §(©, z) is given, this general criterion can be simplified as the following large margin
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Algorithm 3: Large margin training for the infinite log-linear model
Initialise: ¢(®, z) and §(H)
repeat
1. Given ¢(©, z), by minimising the general criterion (5.44) with the combined

criterion function (5.45), the optimal distribution ¢(H) can be estimated.

2. Given §(H ), the optimal distribution §(®, z) can be obtained by
minimising the general criterion (5.44). Then the samples are drawn from the
distribution §(©, z).

until converge;

training criterion:
N
e {taantoon) [ a3, feonv-
M(W,Wn;On,H,zn)}] dH} (5.50)
st. q(H) € Pprop :

where the margin M (W, W,,; O, H, z,,) is defined in (5.46). Substituting the definition
of the log-linear model (5.24) into this margin, the denominator terms of the log-linear

models can be cancelled out, then yields:

M(VV, Wna 07L7 H7 Zn) = 17;L<I>(On, Wna pn) - n;nq)(onv VVv p) (5'51)

For the infinite log-linear model, the distribution ¢(®, z) does not have a closed form,
hence in training samples {@ "), ()} are drawn from this distribution, which will be dis-
cussed in detail in section 5.4.2.2. In the large margin training criterion (5.50), K samples
{z®) }E | are used to approximate the distribution §(z), and substituting margin (s.51) in,

the large margin training criterion (5.50) then can be approxirnated as follows:

in < KL W, W,)—
arﬁgl)m { (a(H)lp(H /K [Wpli%l,pn {E( Wn)
11 2(On, Wn, py,) +T/:(k>¢’(0n, W, p)}] dH } (5:52)
n n +

st. q(H) € Pprop

Since the most competing hypothesis W and corresponding segmentation p are found over

all possible H, this large margin training criterion (5.52) is intractable. Approximations
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need to be made. As discussed in section 5.2, the large margin training criterion becomes

tractable, when the posterior distribution ¢(H ) is assumed to be a Dirac delta function:
o0
q(H) = = 11 6> 71) (5:53)
m=1

This delta function has point mass at H = {#},,,}°°

o _1»> and they are the parameters of the

delta function. Substituting the definition of the KL divergence and this delta function (5.53)

in, the large margin training criterion (5.52) can be further written as minimising:

K N
1
1 H - )1 - V-
/ (H)logq(H)d / )log p(H)dH + - El El [W,pgﬁl‘%/)i,pn {E(WW)

ﬁ:(k)q)(ona Wh, pn) + ﬂ:(k)q)(onv w, p (5.54)

—_—

where the first term is the negative of the Shannon entropy. Since ¢(H) = 0(H, H) is
a Dirac delta function, this entropy is a constant but infinite value. Then the large margin
training criterion (5.54) can be simplified to be the same as the training criterion for large

margin training of the experts described in (E.14):

K N
—logp(ﬂ)—i-Il(ZZ[ max {£(W, W)~

P W,p#Wn,p,,
(ﬁ;m‘l’(()n, W, pn) = 1y @(On, W, p)) }] (5.55)
n n +

Given the sampled indicators {z(*) } —1> The number of the represented experts can be
determined: M = |{z(k K

The prior distribution of H isassumed tobe p(H) = [[~_; p(n,,). For the unrepresented

experts (having index m > M), minimising criterion (5.55) yields the mode of the prior
distribution p(m,,,). For the represented experts (having index m < M) with parameters
H, = {f,,}M_,, analogous to the criterion (E.15) for large margin training of the experts,
the large margin training criterion (5.55) can be described as the following M/ minimisation

criteria:

M
fLM(ﬁr) = Z FLM(ﬁm) (5.56)
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K
L N
Filitn) = =10gp(itn)+7: D Y [W,prggvjpn{ﬁ(W,Wn)—

1 ®(On, W, p) + 11,9(O, W, p)}] (5.57)
+

In this work, the prior distribution of each expert’s parameter is assumed to be a Gaus-
sian distribution p(n,,,) = N(n,,,; ,), Xp) with mean p, and a scaled identity matrix
covariance X, = CI. In order to train the experts with limited training data and ensure
good generalisation, the mean p,, is set to be the optimised parameter of the structured
SVM trained with all the training data. Substituting the definition of the prior distribution

p(M,,,) in, the mth criterion can be further written as minimising:

K
N c B
Fuslit) ol = mglP+ X0 | mae {al2(0, W)
k=1, = vn

»C(I/V, Wn)} - ﬁ:nq)(ona Wh, pn):| (5.58)
+

This criterion (5.58) is the same as the large margin training criterion (E.17) for training the
experts of the infinite log-linear model. In this large margin training criterion (5.58), the
bound of summation is forall k € {1, ..., K'}. As discussed in section E.2, this means the
training data are replicated K times. For the nth training instance, it might be allocated to
the same expert m for different k. Thus, the most competing hypothesis W can be cached,
and the cached hypothesis can be reused when this training instance is allocated to the same

expert again.

5.4.2.2 The Estimation of 4(©, z)

Given the optimal distribution of the experts’ parameters G(H) = §(H, H) defined in
(5.53), the general criterion (5.44) with the combined criterion function (5.45) can be written
as follows:
agnin {KL(3(©.2)[14©.2) - [ L 7@ D)0, 2000)  (539)
9(0,2) 2
st. q(©,2) € Pprop
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where

F(0,0) =3 (1059(0,10.,)-

n

[Wﬁpr;%’pn {,c(W, Wy) — M(W, Wy; Oy, H, zn)H +) (5.60)

As discussed in section 5.2.1, the solution that minimises the general criterion is propor-
tional to the product of the prior and the exponential of the criterion function. Thus, min-

imising criterion (5.59) yields:

4(©,2) x p(O©, 2) exp(F (O, ;D))
N
Hp 0,9, z,)
n=1

exp ( [ng%/}i,pn { (W, Wy) — M(W,W,;0,, H, zn)H +> (5.61)

As discussed in section 5.3.4, in Bayesian inference of the infinite log-linear model dis-
cussed, the posterior distribution of the model parameters obtained from Bayes’ rule is
equivalent to the solution that minimises the general criterion with the log-likelihood cri-

terion function described in (5.41):

4(©,H,z) x p(©,H, z)exp(F(©,H, z;D))

N
=p(©,H,z) [[ p(0.]®,2,) P(W,,|Op, H, 2) (5.62)
n=1
In Bayesian inference of the infinite log-linear model, for the posterior distribution (5.62),
the probability contributed from the expert is P(W,,|O,,, H, z,,), which is the conditional
distribution given by the log-linear model described in (5.24). By contrast, for the optimal
distribution (5.61) in large margin training of the infinite log-linear model, the probability
contributed from the expert is the exponential of the hinge loss function. This results from

the hinge loss function in the definition of the combined criterion function defined in (5.45).

Since the distribution §(@, z) described in (5.61) is intractable, Gibbs sampling is ap-
plied to sample from this distribution ¢(®, z), and the conditional distribution of each

parameter will be discussed in detail in the rest of this section.
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The Conditional Distribution of 8,, Given the prior distribution p(®, z) = p(©)p(z)
and the sampled indicators z(*) = {z%k), 2P }, the conditional distribution G(@|z*))

can be derived from the joint distribution ¢(®, z) described in (5.61):

N
(©|2") < p(8) [ [ p(0.|®,2) (5.63)
n=1
where ® = {0,,}°°_, are the parameters of the Gaussian components’, and p(®) =

[1,,(8,,) is the prior distribution. Given the sampled indicators z(¥), the parameter of
each component 0, is conditional independent. For the represented components (that

have associated data), the conditional distribution of each parameter ,,, can be written as:

d(9m|z(k))ocp(0m) H p(cp(On)‘Gm) (5.64)

Vzék) =m

This conditional distribution (5.64) is the same as the conditional posterior distribution of
0., (5.32) in Bayesian inference of the infinite log-linear model as discussed in section 5.3.1.4.
The difference between the joint distributions for large margin training and Bayesian infer-
ence of the infinite log-linear model, described in (5.61) and (5.62) respectively, is the term
corresponding to the experts. Since the terms corresponding to the experts (the last terms)
in the joint distributions (5.61) and (5.62) are not functions of 8,,, the resulting conditional

distributions of 8,,, from these joint distributions (5.61) and (5.62) are identical.

The Conditional Distribution of 2z, Given the sampled parameters of the gating net-
work @ *~1) according to the optimal joint distribution §(©, z) described in (5.61), the

conditional distribution of the nth indicator variable z,, can be derived:

i(z0 = m|2") o Pz = m|2®), a)p(p(0,)|0% )

exp ( - [W,pI;élYE}V)i,pn {L’(VV, Wy) = M(W,W,; 0, H, zn)H +> (5.65)

(k)

—n

(k)

denotes all the indicators except z ', namely 2M = {zik), 2

where the set z n AN

zgrll), cee zj(\,kfl) }. In (5.65), the first term P(z, = m|z(_k,1, «) is given by the Chinese
restaurant process described in (5.31), and the second term p(gp(On) |97(7{f71)) is the com-

ponent likelihood, which is given by the Gaussian distribution.

' Again, the gating network is an infinite GMM.
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In Bayesian inference of the infinite log-linear model discussed in section 5.3.1, the con-

ditional posterior distribution of the indicator variable is described in (5.30):
G(zn =m|z")) o P(zn = m|2"), 0)p((0)|0% 7)) P(Wn|On nE~Y)  (5.66)

The difference between these two conditional distributions (5.65) and (5.66) is the third
term corresponding to the expert. This results from the different definitions of the criterion
function given in (5.45) and (5.42), in which the hinge loss and the log-likelihood are used

respectively.

When the indicator variable z,, indicates to an existing expert (the represented expert),
the conditional posterior distribution of z,, can be obtained from (5.65) directly. When the
indicator variable z,, indicates to a new expert (the unrepresented expert), similar to the
method used in Bayesian inference of the infinite log-linear model model discussed in sec-
tion 5.3.1, in calculating the likelihood p((05,)|6), the parameter 6 is sampled from its
prior distribution [131]. In order to ensure the newly generated expert has good generali-
sation, the parameter of the expert 7 is set to be the optimised parameter of the structured

SVM trained with the whole training set.

5.4.3 Infinite Structured SVMs

In standard Bayesian inference, the model itself is probabilistic. A prior distribution is
placed on the model parameters to express the uncertainty, and posterior distribution is
obtained according to Bayes’ rule, in which the (conditional) likelihood of the model is a
probability. In section 5.4.1, an overall criterion is used in training the whole infinite log-
linear model. Since training is a minimisation problem which does not require the model
to be probabilistic, then discriminant functions (structured SVMs) can be employed as the
experts of the infinite mixture of experts. This type of model is called the infinite structured

SVM in this work, and will be discussed in the rest of this section.

A discriminant function is a function that maps the input O directly to a class W by
choosing the class that maximises this function. Let the experts of the infinite log-linear
model be discriminant functions, then the discriminant function for the zth expert can be

described as:

F(W;0,H,z) = F(W;0,n,) =n.®(0,W, p) (5.67)
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where H = {n,,}°°_, are the parameters of all the experts, and 7,,, is the parameter of
the mth. ®(O, W, p) is the joint feature vector, which is discussed in detail in section 3.5.
Similar to the conditional probability of the infinite structured discriminative model (5.20),

the overall discriminant function of the infinite structured SVM can be described as:

F(W;0,%,©,H)=Y F(W;0,H,z)P(z|0,,®) (5.68)

For the infinite structured SVM, the training criterion is still the general criterion (for
the infinite log-linear model) described in (5.44) with the combined criterion function

(5.45), but the margin is defined as the difference of the discriminant functions:
M(Wna W; 0, . H, Zn) = F(Wm 0, H, Zn) - F(W§ Om H, Zn) (5.69)

Substituting the definition of the discriminant function (5.67) in, this margin (5.69) can be

written as:

This margin (5.70) is identical to the margin (5.51) for the infinite log-linear model, where
the margin is defined as the log ratio of the log-linear models as described in (5.46). The
denominator terms of the log-linear models can be cancelled out, and the resulting margin
becomes a linear function of 7, that is the same as the margin in (5.70) for the infinite
structured SVM. This means large margin training of the infinite log-linear model and the
infinite structured SVM are identical. Thus, the training process for the infinite structured

SVM is the same as that for the infinite log-linear model discussed in section 5.4.2.

5.4.4 Classification

The (large margin) training process of the infinite log-linear model is summarised in Al-
gorithm 3. After converging, the optimal distribution §(®, H, z) ~ ¢(H)3(®, z) can be
obtained, where ® = {0,,}°°_, are the parameters of the Gaussian components, H =
{N,, }5°_, are the parameters of the experts, and z = {z1, ..., zy} are the indicator vari-
ables corresponding to the training data. Since both the model discussed in this section and
the one discussed in Appendix E are infinite log-linear models (but have different training
approaches), given the optimal distribution ¢(®, H, z), in classification the class poste-

rior distribution for the infinite log-linear model (with large training of the whole model)
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is the same as that for the infinite log-linear (with large training of the experts) described
in (E.22):

P(W|0,D) ~ 1%%13(1/{/\0 H,2)P(z|0,0® (k) (5.71)

K k=1 2=1 o ’ 7 7

where z is the indicator variable corresponding to the input O, and H are the parameters
of G(H ), which is a Dirac delta function. Mj, is the number of the represented experts,
namely Mj, = |z(¥)| which is the number of the unique values in set z*). P(W |0, H, z)
is the conditional likelihood of the zth expert described in (5.24), and P(z|0, @*), z(*))

is the component posterior distribution as described in (E.21):

W,(Zk)./\f(tp(()); ng))
3. 7N (p(0);08))

P(z|0,0W, 2y = €{1,...., My} (5.72)
In this component posterior distribution 7, = N Z(k) /N, where N. ;k) is the number of train-

ing data associated with the zth expert. A/(-) is a Gaussian distribution.

Infinite Structured SVMs For the infinite structure SVM discussed in section 5.4.3, each
expert is a discriminant function as described in (5.67). In classification, the overall dis-

criminant function has a similar form to the class posterior distribution described in (5.71):

K My
FW;0,D) ~ % ; ; F(W;0,H,z)P(z|0,0® z(k) (5.73)
where F'(W; O, H , z) is the discriminant function for the zth expert described in (5.67),
and P(z|0, 0" 2(+)) is the component posterior distribution described in (5.72). Com-
pared with infinite log-linear models, classification for infinite structured SVMs is more
efficient, given that the discriminant function is a linear function of the expert’s parameter

7,, and it does not have a normalisation term as that in the log-linear model.

5.5 Summary

In this chapter, a different perspective on Bayesian inference is introduced in section 5.1,

where Bayesian inference is interpreted as a minimisation criterion. Section 5.2 introduces
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the general criterion. The minimisation criterion for Bayesian inference is the general cri-
terion with a log-likelihood criterion function. With different definitions of the criterion
function, various training criteria can be resulted. Section 5.3 discusses the application of
the infinite structured discriminative model to speech recognition. Standard Bayesian in-
ference of the infinite log-linear model is detailed in section 5.3.1, and two approximation
methods with MAP estimation and large margin training are discussed in section 5.3.2 and
5.3.3 respectively. In these approximations, the parameter of each expert is estimated by the
MAP estimator and large margin training criterion respectively, replacing the process of
sampling the parameter of each expert. Training of the infinite log-linear model with the
general criterion having different criterion functions is also detailed. Large margin train-
ing of each expert (in a Gibbs sampling style training process discussed in section 5.3.3) is
a special example of training all the experts with the general criterion having a hinge loss
criterion function (discussed in Appendix E). Section 5.4 discusses the application of large
margin training, in which the criterion is the general criterion with the combined criterion

function, to the whole infinite log-linear model, the gating network and experts.
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Chapter 6

Experiments

In the previous chapters, the log-linear model and the infinite log-linear model with various
training approaches were detailed. The experiments of these models carried on different
corpora (i.e. AURORA 2, AURORA 4 and the Babel corpora) will be studied in this chapter.
On these data sets, the performances of the baseline systems, the log-linear models and the
infinite log-linear model will be compared. In all experiments, the baseline HMM systems,
i.e. tandem, hybrid and VTS compensated ones, are taken from various projects which
involve a group of people working on. All the tandem, hybrid and joint decoding systems

used in experiments have the state-of-the-art performance.

AURORA 2 is a noise-corrupted continuous digit corpus with vocabulary size 12 (one
to nine, plus zero, oh and silence). On this small vocabulary task, some preliminary experi-
ments were carried, e.g. the unstructured discriminative models and the infinite structured
discriminative models discussed in section 5.3. AURORA 4 is a noise-corrupted medium
to large vocabulary database based on the Wall Street Journal (WSJ) data. It is impracti-
cal to apply the unstructured discriminative model to this task. Thus, only the structured
discriminative models and their infinite counterparts were examined on AURORA 4 set.
Moreover, in order to make training of the models with large margin training criteria more
efficient (or practical), the constraint set propagation approach was also applied. In or-
der to examine the performances of the structured discriminative models (the log-linear

model and structured SVM) and the infinite structured discriminative models described
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in section 5.3 on real world data, experiments were also conduced on the Babel corpora,
which cover a range of diverse languages and are recorded in real-life scenarios, such as
conversational telephone speech, over a range of acoustic conditions, such as mobile phone

conversation made from car [64].

6.1 Experiments on AURORA 2

In this section, experiments conducted on the AURORA 2 corpus will be discussed. Since
AURORA 2 is a small vocabulary noise corrupted continuous digit data set, the unstruc-
tured discriminative model, such as the SVM, can be implemented. Comparisons of the
performances will be made between the unstructured discriminative models and the struc-
tured discriminative models. This section will also give the performances of the infinite
structured discriminative models described in section 5.3 on the AURORA 2 corpus. In or-
der to make training more efficient, constraint set propagation was applied in training the
infinite structured discriminative model described in section 5.3.3. Efficiency comparison

will also be made between the infinite models with and without constraint set propagation.

6.1.1 The AURORA 2 Corpus

The AURORA 2 corpus [137] is designed to evaluate the performance of speech recognition
algorithms in various noisy conditions. AURORA 2 is based on the TIDigits database [111]
with noise artificially added, and the vocabulary size is 12 (from “one” to “nine”, plus “zero”,
“oh” and “silence”). In this database, 8 real-world noises are added to the utterances over a

variety of signal to noise ratios (SNRs).

There are two types of training data in the AURORA 2 database. The first is the clean
training data with 8840 utterances recorded from 55 male and 55 female adults. The second
is the multi-condition training data with 8840 utterances, which are the clean training data
corrupted using different noises and SNRs. The multi-condition training data are divided
into 20 subsets with 422 utterances each, according to 4 noises (N1, N2, N3 and N4) and
5 SNRs (20dB, 15dB, 10dB, 5dB and the clean speech). These 4 noises are suburban train,
babble, car and exhibition hall respectively.
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For the test data in AURORA 2, 4004 utterances recorded from 52 male and 52 female
speakers are divided into 4 subsets with 1001 utterances in each. There are 3 test sets called
test set A, test set B and test set C, and they are comprised of these 4 subsets. Test set A
consists of the 1st subset corrupted by 4 noises (N1, N2, N3 and N4) and 7 SNRs (20dB,
15dB, 10dB, 5dB, 0dB, -5dB and the clean speech). These 4 noises are the same as the noises
in the multi-condition training data, namely suburban train, babble, car and exhibition hall.
Test set B consists of the 2nd subset corrupted by 4 noises (N5, N6, N7 and N8) and 7 SNRs.
These 4 noises are restaurant, street, airport and train station respectively. Test set C consists
of the 3rd and 4th subsets. Each subset is corrupted with channel distortion by one type of
noise and 7 SNRs. These noises (N9 and N10) are suburban train and street respectively. In
this thesis, a subset of the test data is used. All the experiments are conduced with test sets
having SNRs 20dB, 15dB, 10dB, 5dB and odB. Thus, the number of utterances in test set A,

B and C are 20020, 20020 and 10010 respectively.

6.1.2 Experiments Setup

The baseline system used in the experiments is the vector Taylor series (VTS) compen-
sated HMMs. The clean trained HMMs are trained on the clean data with 8840 utterances
recorded from 55 male and 55 female adults. The feature vectors used by the HMMs have
39 dimensions. These features consist of 12 MFCCs appended with zeroth cepstrum, and
delta and delta-delta coefficients are used. The HMMs are 16 emitting state whole word
digit models, and the output distribution of each state is a GMM with 3 mixtures and diag-
onal covariance matrices. Because of the mismatch between the clean training data and the
noise corrupted test data, the VTS model-based compensation [2] described in section 2.4.3
is applied. In the VTS compensation, the noise model parameters for each utterance are es-
timated based on the Maximum Likelihood (ML) noise estimation scheme [63, 115]. The
word error rate (WER) of the clean trained HMMs and VTS-compensated HMM:s is listed
in Table 6.1.

In all the experiments (except the clean trained and VTS-compensated HMMs), a sub-
set of the multi-condition training data is used. The training data contains 4 noises (N2,
N3 and N4) and 3 SNRs (20dB, 15dB and 10dB). The test data is also a subset, which only
contains the sets having SNRs 20dB, 15dB, 10dB, 5dB and odB.
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Test Set WER(%)
A B C

System Avg (%)

clean HMM | 43.90 46.60 35.70 43.30
VTS-HMM | 9.84 9.11 9.53 9.48

Table 6.1: The performance of the clean trained HMMs and the VTS-compensated HMM:s on
the AURORA 2 corpus.

6.1.3 The Infinite GMM

In this subsection, some preliminary experiments with the infinite GMMs (iGMMs), which
were introduced in section 4.3.4, will be discussed. The iGMMs can be used as classifiers
in an acoustic code-breaking fashion (discussed in section 3.1.3), where utterances are seg-
mented into segments, and each segment is treated independently and classified separately.
The iGMM cannot be directly applied to the temporal sequence data (even for segments).
In to handle the dynamic aspect of the data, the features (or scores) based on generative
models were used. By using this type of features, the noise robust technologies used by the
generative models can also be employed in generating the features. In this work, these fea-
tures are log-likelihood features generated by the VTS compensated HMM system, which
was discussed in section 2.4.3 and has the same configuration as [63]. This type of features

was discussed in detail in section 3.5.2.1.

Given the segmentation (from the VTS compensated HMM system), the utterance O
can described as O = {Oyy, -+, Oy}, where [ is the number of segments, and each
segment O ;) is one word (or silence). As defined in (3.69), the log-likelihood features for

segment O ;) can be expressed as follows:

logp(O(i) ]vl)
¢(0@) = : (6.1)
log p(O;lvz)

where {v1, - - - , v} are the whole vocabularies with size L, and p(O(i) 1) is the likelihood

for segment O ;) associated with word v;. Based on the log likelihood features, the features
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used by the iGMM are normalised, which are the “log-posterior” features':

exp (ap(O)))
sum ( exp(ap(0(;))))

x; = ¢'(O;)) = log (6.2)

where exp(-) is the element-wise exponential function performed to all elements of the
vector, and sum(A) denotes the summation of elements in A. The “acoustic deweighting”

factor a is empirically chosen as 0.1 in this work.

The iGMM is a generative model, in classification the posterior distribution of the class

label (word), which can be derived according to Bayes’ rule, is used:

w = arg max P(w|x, D,,) = arg max P(w)p(x|Dy) (6.3)
w w
where w is the word to be estimated and w € {vi,...,v,}. P(w) is the prior of the

word (language model), which is considered as a uniform distribution for all digits in this
work, namely P(w) = 1/L. p(x|D,,) is the the likelihood given by the iGMM associated
with word w. In this likelihood, all model parameters G,, are marginalised out. Since the
marginalisation is intractable for the infinite GMM, the integral (over model parameters)

is approximated by summing over K samples:

K

p(@iDu) = [ p(alGu)p(Gul DG, ~ 1 > plald) (6.4

k:
where G{F) ~ P(Gw|Dyw), and p(Gy|D,,) is the joint posterior distribution of the model
parameters for the iGMM. Since this joint posterior distribution is highly complicated, here
Gibbs sampling is used to sample these parameters [131, 149]. In classification, similar to the
infinite log-linear model discussed in section 5.3.1.1, only represented components (which
are the Gaussian components that have associated data) are considered. Thus, the likelihood

p(m|g§f)) is given by a GMM and G are the corresponding model parameters.

By substituting the likelihood (6.4) and P(w) = 1/L into equation (6.3), classification
with iGMM can be expressed as follows:

K

(S arg max — Zp (x|GF)) (6.5)
k 1

' In order to simplify the notation, the feature vector for an segment is denoted as « here.
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Figure 6.1: The change of log-likelihood

6.1.3.1 Convergence and Correlation

In inference (Gibbs sampling) of the iGMM, the samples {gl(f), ... ,Q&K)} are aimed to
be drawn from the true posterior distribution of the parameters p(G,,|D,,) and they are
not correlated to each other. However, neither of these is true [190]. In Gibbs sampling, it
takes a long time to converge and consecutive samples are positively correlated with each
other. Thus, before using these samples, convergence of the Markov chain' need to be de-
tected. After converging, only part of the samples are used to reduce the correlation among

samples>.

In order to detect whether the sampler is converged, a number of formal tests, such as
the Geweke test [71], can be used. In the test, after removing the samples drawn from the
burn-in period?, two sets of samples can be obtained from the remaining samples, i.e. the
first 10% and the last 50% of the samples. If the sampler converges, the means of these two
sets should be equal. Empirically, this formal test is too strict and rarely can be satisfied,
hence the log-likelihood is used to diagnose convergence. Figure 6.1 illustrates the log-

likelihood given by the iGMM in different iterations of Gibbs sampling. According the

' Gibbs sampling is one form of the MCMC methods, which are a class of algorithms for sampling from a
probability distribution based on a Markov chain whose equilibrium distribution is the desired distribution.

* In order to reduce computation, fewer number of independent samples are preferred, rather than a large
amount of correlated ones.

3 In the burn-in period, the sampler is not converged, and the samples drawn during this period bias to
the starting point.
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. Test Set WER (%)
System Train Adapt | Test Adapt Avg (%)
A B C
VTS-HMM - - 9.84 911  9.53 ‘ 9.48 ‘

- - 11.47 10.95 11.63 11.30
iGMM - CMLLR 9.49 9.38 9.54 9.46
CMLLR CMLLR 9.62 9.67 9.72 9.62

Table 6.2: The performance of the iGMM on the AURORA 2 corpus.

figure, the first 3000 samples can be considered as in the burn-in period and they will be

discarded.

The adjacent samples from Gibbs sampler are positively correlated [190], and indepen-
dent samples are preferred. In order to reducing the correlation among samples, only a part
of the samples are used by storing every ¢th sample (¢ > 1) and discarding the others. This
process is also known as thinning. The eftective sample size gives an estimate of the equiv-
alent number of independent data from the correlated samples, and it can be expressed as

follows [123]:
1-— T1

Ne=N 6.6
e T (6.6)

where N is the effective sample size, N the size (number) of correlated samples, and r;

1—r1
1471

is the first order autocorrelation coefficient. The ratio is a scaling factor multiplied
by the original sample size to compute the effective sample size [123]. The autocorrelation
coefficient r is defined as follows:
N-1 7] 7]
En:l (971 - 0)(0n+1 - 9)

A AT 7

where 6,, is one sampled parameter, such as the number of represented components for the
iGMM. 6 = % 22;1 0, is the mean. In the convergence test, for example, if 1y = 0.974,
then the scaling factor is 0.013, and these samples can be thinned by storing every 77th
sample (Wllza ~ 77). On the AURORA 2 corpus, empirically, every 100th sample is stored

in the thinning process.
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6.1.3.2 Preliminary Experiments

Given the sampled parameters, the iGMM can be viewed as a “gigantic” GMM which con-
sists of K GMMs as described at the right hand side of expression (6.4). This allows standard
adaptation approaches (discussed in section 2.4) to be applied to the iGMM. In this work,
global CMLLR' [55] was used. As discussed in section 2.4.2.2, CMLLR can be operated in
the form of transforming the input features. Thus, the sampling process for iGMM does not

need to be changed, but using the transformed features.

In experiments, both adaptation and adaptive training (discussed in section 2.4.4) were
implemented, and diagonal covariance matrices were used for the iGMM. The performances
of the iGMM with and without adaption are tabulated in the second block of Table 6.2. In
this block, the first row gives results for the iGMM without adaptation; For the second row,
adaptation was applied to the test data, where the CMLLR transform was estimated for each
noise condition and signal-to-noise ratio (SNR) separately; The third row uses both adap-
tation and adaptive training. In this work unsupervised adaptation was used. The labels of
the test data were estimated by the baseline system, which is the VTS compensated HMM

system [63], and the performance of this baseline is given in the first block of Table 6.2.

In all configurations, the iGMM has poor performance. Although by using adaptation
and adaptive training, the word error rate (WER) can be reduced, the performance is still
bad compared with the baseline VIS-HMM system. The iGMM is a generative model, and
might be limited for a classification task using generative features. As reported in [63, 208],
by using discriminative models based on the generative features, such as the log-likelihood
features used by the iGMM, considerable performance gains can be achieved compared
with the baseline VTS-HMM system. This motivates the application of discriminative mod-

els, which directly models the conditional distribution of the class given the input.

6.1.4 'The Unstructured Discriminative Models

The previous subsection discussed the application of the iGMMs (generative models) to the
AURORA 2 corpus. The iGMMs were used in an acoustic code-breaking fashion, where ut-

terances are segmented into segments, and each segment is treated independently and clas-

' It is not possible to use standard regression classes, as the component number and parameters are not
fixed. However, it is possible to use class-specific transforms.
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o Test Set WER (%)
System Criterion Features Avg (%)
A B C
VTS-HMM ML MFCC | 984 om 953 | 948 |

LLM Large Margin ) 8.29 790 8.61 8.20

] i Log-like

iLLM Large Margin* 8.25 787 8.53 8.15
LLM Large Margin o 8.28 785 8.63 8.18

] . Derivative

iLLM Large Margin* 8.05 781 8.44 8.04

Table 6.3: The performance of the unstructured discriminative models on the AURORA 2
corpus. The LLM with large margin training can be interpreted as a multi-class SVM. For
the iLLM, large margin training is applied to each expert. This is an approximate approach. *
indicates approximations are made in Gibbs sampling, and “Large Margin*” denotes sampling

for each expert is replaced by large margin training.

sified separately. For a classification task, discriminative models might be preferred [132].
Alternative to generative models, unstructured discriminative models will be examined in
this subsection. For unstructured discriminative models, the structure of the label is not
considered. Thus, classification of the whole sentence is impractical. Analogous to the
iGMM discussed in the previous subsection, unstructured discriminative models can be
implemented in an acoustic code-breaking fashion. Also, the segmentations are the most

likely segmentations given by the VTS compensated HMM system.

In addition to the log-likelihood features, the derivative features described in section
3.5.2.1 were also used by the unstructured discriminative models. To keep training with
derivative features feasible, only the first element of the derivative with respect to each mean
were used. In this thesis, the unstructured discriminative models examined are the (un-
structured) log-linear model' (LLM) discussed in section 3.1.1 and the infinite log-linear
model* (iLLM) discussed in section 5.3. Large margin training of the (unstructured) log-
linear model was studied, which can be interpreted as a multi-class SVM as discussed in
section 3.1.2.1. For the iLLM, each expert of the infinite model were trained with large mar-
gin criterion as discussed in section 5.3.3. The results of these unstructured discriminative

models are given in Table 6.3. In this table, for the iLMM, * indicates approximations are

' It is also known as multinomial logistic regression.
* In this subsection, only unstructured models are considered, hence each expert (log-linear model) of the

infinite model is multinomial logistic regress discussed in section 3.1.1.
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made in Gibbs sampling, and “Large Margin*” denotes sampling for each expert is replaced
by large margin training as discussed in section 5.3.3. For the iLLM, the class posterior dis-
tribution used in classification can be described in a same form as the infinite structured
model (5.28):

K My

> " P(w|o,n®)P(z|0,=*) e®) (6.8)
k=1 2=1

P(w|O,D) =

==

where the probability P(w|O, ngk)) is given by the unstructured log-linear model (multi-
nomial logistic regression) discussed in section 3.1.1, and P(z|OQ, w*), ©*)) is the compo-
nent posterior distribution (5.21) given by the gating network. K is the number of samples
used in classification, and M}, is the number of represented experts for the kth draw. In

experiments, the number of samples K is 10.

As shown in Table 6.3, all discriminative models outperform the VTS compensated
HMM baseline system. On the log-likelihood feature space and derivative feature space,
the iLLMs have better performance than the LLMs. One possible reason for this gain is
that the iLLM explores the distribution of the training data and infers the number of ex-
perts, then applies different experts focus on different regions of the feature space to make
an ensemble decision, rather than using a single classifier on the whole feature space. An-
other reason might be the iLLM employs multiple experts to yield an overall non-linear
decision boundary, rather than a linear one from the LLM. By using derivative features,
more information, such as long-span dependences of observations [48], is provided, better

performance can be achieved compared with using log-likelihood features.

For the iLLM, each expert was trained with the large margin training criterion, and the
training criterion is the one for the multi-class SVM" as described in expression (3.25). Dif-
ferent experts of the iLLM share the same C' (which is a trade-off between the regularisation
term and the hinge loss), and in this work the optimal C' was tuned on the test set A. Fig-
ure 6.2 illustrates the WER of the iLLM on different feature spaces with various C. Since
the parameter of each expert is given a Gaussian prior with non-zero mean u, (which is
optimal parameter of the multi-class SVM trained with all training data), the iLLM only
achieves the baseline performance of the multi-class SVM when the C' is small, and the op-

timised configuration can be obtained by gradually increasing C'. Thus, by introducing this

' Again, large margin training of the unstructured log-linear model (multinomial logistic regression) can

be interpreted as a multi-class SVM as discussed in section 3.1.2.2.
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Figure 6.2: The performance of the iLLM with large margin training of each expert on the test
set A of the AURORA 2 corpus with different C.

non-zero mean fi,, the iLLM can at least achieve the performance of the multi-class SVM.
Without this mean p,, the iLLM could have poor performance, as not all the experts have

enough associated data.

In experiments, when comparing the performance of different algorithms, the variabil-
ity and uncertainty of the algorithms need to be considered. For example, two algorithms
have the same true error rate. They may give different error rate on a test set due to variabil-
ity. In this thesis, the algorithms were tested on different corpora, and consistent gains have
been observed, which will be shown in the following sections. More formally, a statistical
hypothesis test, such as the McNemar’s test or the matched-pairs test [73, 122], can be used
to verify whether the performance difference of the algorithms is statistically significant. In
statistical hypothesis testing, statistical significance is attained when the p-value’ is less than
the significance level®. The results are said to be statistically significant at given confidence
level, when the computed confidence interval fails to contain the value specified by the null

hypothesis [194].

! The p-value is the probability of obtaining at least as extreme results given that the null hypothesis is true,

and it measures how extreme the observation is.
* The significance level is the probability of rejecting the null hypothesis given that it is true.
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6.1.5 'The Structured Discriminative Models

In the previous subsections, classification with the unstructured models are examined on
the AURORA 2 corpus. In speech recognition, inputs are sequential data and class labels are
sentences. In order to classify the whole utterance, the label structure needs to be consid-
ered. In the structured model, rather than treating each sentence as a single class, sentences
can be broken into word (or sub-word) units. This section will discuss the performance of
various structured discriminative models on the AURORA 2 corpus. The practical issues of
large margin training the infinite structured discriminative model described in section 5.3.3

will also be discussed.

6.1.5.1 Constraint Set Propagation

As discussed in section 5.3.3, for the infinite log-linear model (iLLM), large margin training
is applied to each expert which is a log-linear model. The training criterion for each expert
is equivalent to the large margin criterion for a structured SVM. Thus, the efficient training
approaches, such as the 1-slack cutting plane algorithm [96], for structured SVMs can also
be applied when it comes to the iLLM (with large margin training of each expert). By using
the 1-slack cutting plane algorithm, the number of constraints becomes much fewer [96],
training thus becomes more efficient. The 1-slack cutting plane algorithm for the mth expert
is detailed in Algorithm 4'. In this algorithm, the process of finding the best competing
hypotheses described in equation (6.11) can be paralleled.

As described in the 1-slack cutting plan algorithm (Algorithm 4), initially the constraint
set is empty. Rather than starting from an empty set, this initial constraint set can be gen-
erated or be modified from the constraint set in the last iteration of optimising that expert’s

parameter, and the detail is described in Algorithm s.

In the 1-slack cutting plane algorithm, each iteration of solving the quadratic prob-
lem (6.9), the inequality constraints in (6.10) are applied. For the inequalities, each sum is
treated as a whole. Thus, the form of the constraint set described in (6.12) can be expressed

as:

W+ WuU{V;s} (6.13)

" The prior of the expert’s parameter with zero mean is discussed here. The non-zero mean g, will lead to

a similar form [210].
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Algorithm 4: The 1-slack cutting plane algorithm

input : {O,,, W,,, p,, }v2, =m, C and precision ¢;
Initialisation: W < ¢

repeat
1
(00, €} = angmin [ || + C€ (69)
Mm:£§20
s.t. V elementsin W: n] Z AdD, > Z LW,W,) =& (6.10)

Zn=m Zn=m
where A®,, = &(O,, Wy; p,,) — ©(On, W; p)
for Vz, = m do /*find the best competing hypotheses */

| W, plarg max{ L(W, W,) +nl,&(0, W; p)} (611
W,p
end

W~ WU{W,, py, bz, =m (6.12)

until /*no constraint can be found that is violated more than € */
Velementsin W : ) _  L(W,W,)— ny > Ad, <& +¢

return: 77,

Zp=m

In this constraint set definition (6.13), V = > (@(Om Wy p,) — (O, W p;‘;))

Zn=m no

isa vector,and s = ) LW, W,,) is a scalar. W and p} are the best competing

Zn=m
hypothesis and corresponding segmentation obtained according to (6.11) by given the cur-
rent value of 7,,,. Thus, once the values of 77,,, in different iterations of the cutting plane
algorithm are given, the constraint set W can be determined. Thus, in order to generate set
W, a set G can be defined, which consists of the values of 17,,, in different iterations of the
cutting plane algorithm (Algorithm 4). The set G can be obtained along with set W, then

expression (6.12), which defines W, can be written as:

W<+ Wu{V,s}; G+ Gun,, (6.14)

For the iLLM (with large margin training of each expert), the current constraint set W
cannot be directly used as the initial constraint set in the next iteration of training the expert,
given that the assignment of the data to experts might be changed, namely the training data
associate with one expert might be different. Although the initial constraint set can be
generated according to (6.11) and (6.13) given G, when the number of training data is large,

this constraint set generalisation approach becomes quite inefficient. Thus, a more elegant
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Algorithm 5: Modify the constraint set
input : Wik ={Vj,s J}] A A® BE) and Wt = ®;
forn; € ng) do

forn € Ag,’f) do /*remove data from constraints */

W, P < arg max{L(W, W) + n]TQ)(On, W;p)}
W.p

Vi =V; = (®(On, Wp; p,,) — ©(Oy, Wj*nypjn))

Sj ZSj—[:(W* W)

Jn’

end
(k) .
for n € By,” do /*add data to constraints */

W, P < argmax{L(W, W) + T/]T@(On, W;p)}
W.p

Vi = Vj + (2(00, Wi py) — (00, Wi, 97,0))

S; =85 + [’(W;n? W, )

end
Wt UV s}

end
return: W(k+1)

and eflicient constraint set modification method is applied to obtain the initial constraint

set in this work.

Let .A,(fi) be the index of the data associated with the mth expert and to be allocated
to other experts in the next iteration of training this expert, and BY) the index of the data
associated with other experts and to be assigned to the mth expert in the next iteration.
leen the current constraint set W(k) {V], S5 } G=1> the corresponding parameter set

{77] =1 and index sets Am and ng ), the initial constraint set W(k+ ) i in the next

iteration of training the mth expert can be obtained according to Algorithm s.

In Algorithm s, the best competing hypothesis W, and the corresponding segmenta-
tion p* J n can be found through Viterbi algorithm [210]. Let |.Am) | be the number of items in
set |.Am |, and \Bﬁn | the number of items in set BY%). In order to obtain one constraint for
every expert, y (|A,(7]~f) |+ |B£,If ) |) calls of the Viterbi algorithm are required to find the best

competing hypotheses. Let N

denote the number of indicators whose sampled values are
changed, since the change for one indicator affects the associated data of two experts, the

number of calls for the Viterbi algorithm is twice the number of indicators whose sampled
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Time (hour) | Avg. change | Avg. active
¢ without with | of indicators | constraint #
1e-06 1.68 1.45 1.66% 1.00
1e-05 2.31 1.47 1.67% 3.55
1€-04 5.81 1.58 1.70% 7.09
1e-03 | 14.48  3.26 1.67% 14.62
1€e-02 >24 7.83 1.69% 29.08

Table 6.4: Computational time of the iLLM (with large margin training of each expert) train-
ing with and without constraint set propagation on the AURORA 2 corpus.

values are changed, namely Zm(|A7(7]§) | + \Bﬁ,’f) |) = 2N ). However, for the constraint set
generalisation approach, the Viterbi algorithm needs to be applied N times, where [V is the
number of the whole training data. Normally, 2.V, c(k) is far smaller than NV, so the constraint

set modification method is much more efficient than the generalisation approach.

Table 6.4 describes the efficiency of iLLM (with large margin training of each expert)
training with and without constraint set propagation in 1000 Gibbs sampling iterations with
various C' (having the same precision € in the 1-slack cutting plane algorithm), and the

constraint set modification approach described in Algorithm 5 was used.

Training of the iLLM can be divided into two parts: the gating network and the experts
(LLMs). For different C, the time of training the gating network can be viewed as a con-
stant, but the time of training the experts varies. When C' is small, this results in a small
number of constraints, and training of experts is very fast. Thus, the time of training the
iLLM is dominated by training of the gating network. Thus, when C'is small, the time of
training the iLLM with and without constraint set propagation is similar as shown in Table
6.4. As C grows, the training time increases, but the iLLM trained with constraint set prop-
agation is much more efficient. The reason is that, for the iLLM training with constraint set
propagation, rather than starting from an empty initial constraint set, the active constraint
set [181] (that affects the solution) in the last iteration of training the expert is modified to
be the current initial constraint set. The computational time of obtaining the initial con-
straint set is determined by both the number of active constrains and the number of the
indicators whose values are changed. As shown in Table 6.4, for various C, the average ra-

tio of the changed indicators to all training data is very small, i.e. around 1.7%. Thus, the
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o Test Set WER(%)
System Criterion Avg.
A B C
VTS-HMM ML 9.83 911 9.53 | 9.48
CML 8.21 774 8.36 | 8.05

LLM )
Large Margin | 797 754 8.31 | 7.86

Bayesian 819 771 836 | 8.03
iLLM CML* 822 771 8.35 | 8.04
Large Margin® | 769 739 798 | 7.63

Table 6.5: The performance of different systems on the AURORA 2 corpus. “Bayesian” denotes

«. »

Bayesian inference of the iLLM, where Gibbs sampling is used. “«” indicates approximations

are made in Gibbs sampling. “CML*” means sampling for each expert is replaced by CML

*»

training, and “Large Margin*” denotes sampling for each expert is replaced by large margin

training.

time of obtaining the initial constraint set is mainly determined by the number of the active

constrains.

As shown in Table 6.4, by using constraint set propagation, the system efficiency can be
improved significantly, especially when C' is large. Since large margin training of the log-
linear model (or structured SVM) is a convex optimisation problem, the final optimum will
not be affected by the initial status. Thus, the performance of the systems with and without

constraint set propagation should stay the same.

6.1.5.2 Experimental Results

In this subsection, the experimental results of the iLLMs discussed in section 5.3 will be
presented, i.e. Bayesian inference of the iLLM, and two approximate approaches. In these
two approximate methods, conditional maximum likelihood (CML) estimation and large
margin training were used to replace sampling for each expert. The experimental results of
these approaches are given in Table 6.5, in which the performance of the baseline paramet-
ric models are also given. In the top block are the baseline numbers: the VTS compensated
HMM, and the single log-linear model (LLM) using the log-likelihood features from that
HMM, trained probabilistically or with a large-margin criterion. The bottom block has

infinite models. The row labelled “Bayesian” is Bayesian inference of the iLLM discussed

146



6.1 Experiments on AURORA 2

35F 4

2 -

Mep

15} B

051 B

Il Il Il Il Il
0 1000 2000 3000 4000 5000 6000
Iteration

Figure 6.3: The change of the number of represented experts.

in section 5.3.1, where Gibbs sampling is used. This approach does not yield a significant
improvement over CML on one expert: the additional nonlinearity does not help perfor-
mance. The next two rows use approximations in Gibbs sampling. When each expert is
trained with CML, this replaces the sampling from the expert parameters by finding the
maximum posterior estimate given the other model parameters discussed in section 5.3.2.
Though this is not exact, it is easier to implement. The results are similar. The bottom row
shows the result of replacing Gibbs sampling with large-margin training for the expert pa-
rameters discussed in section 5.3.3. Training the mixture of experts this way compared to

training a single expert yields a 0.23% absolute improvement in word error rate (WER).

As shown in Table 6.5, compared with the LLMs (with “CML’ and “Large Margin” cri-
teria), the overall performance gains for the iLLMs (with “CML*” and “Large Margin*”
criteria) are limited, from 8.05% and 7.86% to 8.04% and 7.63%. The iLLM is a mixture-of-
expert model, which employs multiple experts to yield a non-linear decision boundary in
the classification task. For the iLLM, there could be unbounded number of experts, and a
complicated decision boundary can be produced. Although the iLLM can take advantage
of the non-linearity, the performance gains are still limited. One possible reason is the lim-
itation of the gating network, which gives the probabilities of observations associated with
different experts. In this work, the gating network is based on the iGMM (as described in
sections 4.3.5 and 5.3). Figure 6.3 illustrates the change of the number of the represented ex-

perts in training. As shown in the figure, after around 400 iterations, the number of experts
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one two three four five six seven eight nine zero oh  Del
one 5516 12 36 131 18 4 21 2 113 15 19 218
two 1 5510 67 15 2 54 8 29 10 55 35 229
three 2 167 5603 13 6 14 7 31 12 13 12 120
four 41 29 13 5581 8 19 6 7 21 8o 99
five 8 5 1 1 5802 7 18 2 114 4 81 47
six 3 72 41 22 7 5541 29 40 4 20 15 141
seven 1 16 14 1 4 44 5728 3 14 28 25 62
eight 9 44 84 22 9 97 12 5136 33 14 86 329
nine 21 8 20 5 38 3 12 7 5656 17 21 107
Zero 5 79 17 10 1 11 8 7 18 5739 26 99
oh 1 10 17 109 30 2 18 19 26 42 5455 221
Ins 4 85 37 27 15 121 11 88 25 21 103 -

Table 6.6: The confusion matrix corresponds to the results of the iLLM (Large Margin*) on
the test set A of the AURORA 2 corpus.

becomes stable. The gating network might not be able to fully explore the space. Different

forms of the gating network can be studied as a future work.

The classification errors can also be presented in the form of a confusion matrix, which
characterises how often a presented word (or phone) was recognised or confused with re-
sponse alternatives [127]. Table 6.6 shows the confusion matrix corresponding to the results
of the iLLM (Large Margin®*) (given in Table 6.5) on the test set A of the AURORA 2 corpus.
The matrix element C;; denotes how often the word in row i is classified as the word in col-
umn j. Thus, the diagonal elements show the number of correctly classified words, and the
oft-diagonal elements show the number of misclassifications, i.e. substitution (Sub), dele-
tion (Del) and insertion (Ins) errors [162, 186]. As shown in Table 6.6, the iLLM tends to
have high deletion errors, which are given in the last column. Thus, the high deletion errors

limit the performance of the iLLM.

6.2 Experiments on AURORA 4

In the previous section, the experiments conducted on the AURORA 2 corpus were dis-
cussed. Since AURORA 2 is a small vocabulary noise corrupted continuous digit database,
the unstructured models can be applied. Each utterance is segmented into words which are

treated independently, then each isolated word can be recognised by using the unstructured
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models. The performance of the structured models were also examined in the previous
section, and the structured models outperform the unstructured models. Since AURORA
4 is a medium vocabulary continuous speech recognition task, isolated word recognition
becomes impractical. Thus, only the results of structured discriminative models will be

discussed in this section.

6.2.1 The AURORA 4 Corpus

AURORA 4 is a noise-corrupted medium vocabulary corpus. There are two types of train-
ing sets, namely the clean training set and the multi-condition training set. The clean set
is the standard SI-84 WSJO0 set, which consists of 7138 utterances from 83 speakers and has
14 hours of speech. The multi-condition training set is artificially corrupted from the clean
training set with different noise and channel conditions. The test set is based on the devel-
opment set of 1992 November NIST evaluation, and it is artificially corrupted by using 6
types of noise under 2 channel conditions. The test set consists of 4 sets: A, B, C and D. Set
A is clean, set B has 6 types of additive noise, set C has channel distortion, and set D has

both additive noise and channel distortion.

6.2.2 Experiments Setup

For the VTS compensated HMM system, the 39-dimensional features are used, which con-
sist of 12 MFCCs, appended with zeroth cepstrum, delta and delta delta coeflicients. The
HMMs are initially trained with the clean training data, and then compensated with VTS
compensation [2]. The cross-word context-dependent triphone models are used, and each
model has 3 emitting states. Decision tree based state clustering [202] is applied to define

3143 states, and each one has 16 Gaussian components.

In order to examine the performance of the log-linear models based on different sys-
tems, the tandem and hybrid systems are also used, and they are trained with the multi-
condition training data. For the tandem system, context-dependent triphone HMMs with
3 emitting states are used, and there are 3033 distinct states (defined by decision tree based
state clustering) with an average of 8 Gaussian components per state. The input features

are 65 dimensions, and the features consists of the 26 dimensional MLP features and the 39
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o Test Set WER(%)
System Criterion Avg.
A B C D
VTS-HMM ML 705 15.21 11.89 23.03 | 17.74
CML 16 14.86 11 22.78 | 17.46
LLM ' 7 4 39 7 74
Large Margin | 755 14.22 1131 2189 | 16.83
Tandem MPE 715 11.06 14.37 24.54 | 16.79
CML 6 11.00  14.29 2 16.68
LLM . 95 4.29  24.39
Large Margin | 702 10.92 14.16 24.28 | 16.60
Hybrid MPE 3.96 7.64 779 18.51 | 12.05
CML . 6 18.38 | 1191
LLM ' 3.94 753 7:3 3 9
Large Margin | 3.66 759 7.47 1799 | 11..76

Table 6.7: The performance of the LLMs based on the VTS-HMM, tandem and hybrid systems
on the AURORA 4 corpus

dimensional PLP features (including zeroth cepstrum, delta, delta-delta and triples coeffi-
cients followed by a HLDA projection [116]). For the hybrid system, there are 3033 context-
dependent distinct states, and the features are 72-dimensional FBK+A+A? features'. The
structure of the deep neural network (DNN) is 792 X 2000° X 3033, and 11 consecutive

frames are concatenated as the input of the DNN.

6.2.3 The Structured Discriminative Models

In experiments, the joint features for the structured discriminative models are based on the
log-likelihood features. As discussed in section 3.5, the form of the joint feature vector can

be expressed as:

S 8w, v1)e(O)

®(0,W,p) = : (6.15)
Z'L'Izl d(wi, UL>90(O(1'))
log (P(W))
where O = {O(y), ..., O, } isan utterance, W = {wx, ..., w,} is the sentence label and

p is the corresponding segmentation. P (W) is the probability given by the language mod-

! 'The FBK stands for the filter bank. The FBK features have 24 dimensions; A and A2 denote the delta and
delta-delta coefficients.
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o Test Set WER(%)
System Criterion Avg.
A B C D
Tandem .78 763 8. 19.1 12.
MPE 4.7 7.63 93 9.14 45
Hybrid 3.75 6.70 768 17.62 | 11.24
Joint Manual 3.79 6.47 786 1734 | 11.04

Manual 3.74 6,57 788 1712 | 10.98
LLM CML 3.66 6.56 788 1706 | 10.94
Large Margin | 3.64 6.56 704 16.83 | 10.79

Table 6.8: The performance of the log-linear models based on the joint decoding system on the
AURORA 4 corpus

els. In this work, the tri-phone models for the generative models are tied to be mono-phones
for the discriminative models. Thus, in the joint feature definition (6.15), {v1, ..., v} are
all the mono-phones in the vocabulary, and the log-likelihood features ¢ (O(i)) are based
on the tri-phone models as described in equation (3.70). In experiments the VTS-HMM,

tandem and hybrid systems were used in the feature generation.

In training the log-linear models (LLM), the conditional maximum likelihood (CML)
estimation (described in section 3.3.1) and large margin training (in section 3.2.5.1) were
used. Table 6.7 gives the performance of different LLMs based on the VTS compensated
HMM, tandem and hybrid systems. As shown in this table, training the log-linear model
with conditional maximum likelihood results in a 0.1-0.3% absolute improvement. Using
a large-margin criterion instead consistently improves performance further. 0.9% absolute
for the VTS-HMM system, and around 0.1% absolute for the tandem and hybrid systems.
Most notably, on the sequence-trained hybrid system the log-linear model improves from

12.05 t0 11.76%.

6.2.3.1 Based on Multiple Systems

In the previous subsection, the log-likelihood features are based on the likelihoods gen-
erated by the VIS-HMM, tandem or hybrid system. As discussed in section 3.5.2.2, the
log-likelihood features can also be based on multiple systems. In this section, the features

generated by both the tandem and hybrid systems will be examined. Then, in the joint
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Test Set WER(%)
System Avg.
A B C D
VAT [193] 5.60 11.00 8.80 1780 | 13.40
DNN [40] 5.60 8.80 8.90 20.00 | 13.40

DNN + dropout [159] | 5.40 8.30 760 18.50 | 12.40
Joint (this thesis) 3.79 6.47 786 1734 | 11.04

Table 6.9: Comparison of different systems in the literature on the AURORA 4 corpus

Tandem
PLP ——» —
Bottleneck ’—>
' i iContext —
Filterbank E Dependent
iTargets —
; Structured
» __ | Log-linear
Model
Hybrid

Figure 6.4: The system framework used for the AURORA 4 corpus.

feature vector described in (6.15), the log-likelihood features ga(O(i)) can be expressed as:

IOg DPrandem (O(’L) |wz)
O . = ’
90( (i ) 10g Phybria (O(i) |w1) o

where w; is the corresponding label of O ;). In this work, only the log-likelihoods associated

with the correct label were used in the features based on multiple systems, and two systems

were used in the feature generation, i.e. the tandem and hybrid systems.

The experimental results of the LLMs using the features based on the tandem and hy-
brid systems were tabulated in Table 6.8. Compared with the tandem and hybrid systems
in Table 6.7, better baseline systems were used for the LLMs based on multiple systems as
shown in Table 6.8, i.e. 12.25% and 11.24% WER for the tandem and hybrid systems respec-
tively. The performance gains are mainly due to the use of 40 dimensional FBK rather than
24 dimensional FBK features for the hybrid system, and the use of bottle neck features based
on the FBK rather than on the PLP features for the tandem system [199]. The system frame-
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o Test Set WER(%)
System Criterion Avg.
A B C D
VTS-HMM ML 705 15.21 11.89 23.03 | 17.74
CML 16 14.86 11 22.78 | 17.46
LLM . 7 4 39 7 7-4
Large Margin | 755 14.22 1131 21.89 | 16.83
Bayesian 72 14.85 11.42 22.72 | 17.43
iLLM CML* 716 14.85 11.4 22.79 | 17.46
Large Margin® | 755 1417 1139 21.81 | 16.77

Table 6.10: The performance of the iLLMs on the AURORA 4 corpus. “Bayesian” denotes

«. »

Bayesian inference of the iLLM, where Gibbs sampling is used. “«” indicates approximations

are made in Gibbs sampling. “CML*” means sampling for each expert is replaced by CML

*»

training, and “Large Margin®” denotes sampling for each expert is replaced by large margin

training.

work is illustrated in Figure 6.4. The baseline joint decoding system used in this thesis has
the state-of-the-art performance. A comparison between the published results is given in

Table 6.9.

In Table 6.8, “Joint” denotes the joint decoding system introduced in section 2.2, where
the log-likelihoods are combined at frame level as described in equation (2.10). In experi-
ments, the system combination weights were manually set to be 0.2 and 1.0 (corresponding
to the tandem and hybrid systems respectively). By using joint decoding, 0.2% performance
gains can be achieved compared with the baseline hybrid system. For the LLM, the segment
level log-likelihoods were used. In the manual setting the weights corresponding to the tan-
dem and hybrid systems were set to be 0.2 and 1.0 respectively. The LLM (with the manual
setting) can achieve around 0.1% WER reduction compared with joint decoding. By using
CML estimation, the WER can be further reduced, i.e. 10.94% on average. Most notably, by

using large margin training, the WER can be reduced from 11.04% to 10.79%.

6.2.4 The Infinite Structured Discriminative Models

In this subsection, the experimental results of the infinite structured discriminative models
will be discussed. Same as those on the AURORA 2 corpus, Bayesian inference of the infinite

log-linear model (iLLM) discussed in section 5.3.1 and two approximate approaches will be

153



CHAPTER 6. EXPERIMENTS

Language ID Release
Swabhili 202 TARPA-babel202b-vi.0od
Tok Pisin 207 IARPA-babel2o7b-vi.0b
Lithuanian 304 IARPA-babel3o4b-vi.ob
Javanese 402 IARPA-babel4o02b-vi.ob

Table 6.11: The Babel languages used in this thesis.

examined. For these approximate methods, sampling of the each expert’s parameters were
replaced by CML estimation or large margin training, as described in sections 5.3.2 and 5.3.3.
The experimental results are given in Table 6.10, in which the performance of the baseline
parametric models are also given. This table shows the same set of experiments carried on
the AURORA 2 corpus. The results are similar. There is no discernible difference between
methods that train a probabilistic criterion, whether Bayesian or CML. However, the large
margin criterion shows a good improvement, and optimising a large margin criterion inside

an infinite mixture of experts yields a small additional improvement.

6.3 Experiments on Babel

In the previous sections, the experiments conduced on the AURORA 2 and AURORA 4 cor-
pora have been discussed. For these two corpora, the noises are artificially added, and the
language used is English. In this section the experiments carried on the Babel corpora will
be discussed. In this work, two types of Babel data were used, i.e. the very limited language
pack (VLLP) and the full language pack (FLP), which contain up to 3 hours and 60 hours
of transcribed conversational telephone speech data respectively. Four different languages
were used in experiments, i.e. Swahili, Tok Pisin, Lithuanian and Javanese. The official re-
leases of these languages are given in Table 6.11. All the baseline systems (including hybrid
and tandem systems) are built by the Cambridge speech group in the Babel program. These

baseline systems were used in Babel evaluation, and have the state-of-the-art performance

(36, 124].
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Tandem
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Figure 6.5: The system framework used for the Babel corpora.
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6.3.1 Experiments Setup

According to the rules of the Babel program, no phonetic lexica may be used. Therefore
the systems used graphemic lexica generated using an approach which is applicable to all
Unicode characters [59]. The language models were estimated only on the transcripts of
the training data. The front-end is an MRASTA based neural network [182], which is ini-
tially trained with the data from 11 Babel full language packs, generating 62 dimensional
bottleneck features. The input features contain the bottleneck features, 13 PLP coefficients
with dynamics of orders 1, 2, and 3, and pitch and probability-of-voicing features (estimated
with the Kaldi toolkit [142]) with dynamic coeflicients of orders 1 and 2. Two sets of acoustic
models are constructed. One is a speaker independent (SI) model, which is based on the
tandem features. The other is estimated using speaker adaptive training (SAT) [5]. SAT is
performed using global constrained maximum-likelihood linear regression (CMLLR) [55]
on the maximum-likelihood trained models, followed by MPE. During training, the super-
vision for CMLLR is the reference. During testing, the SI model with a tri-gram language
model is used to produce hypotheses. The resulting CMLLR transforms are used to obtain
speaker-normalised features, which are then input to the Tandem-SAT model. The number

of context-dependent states is 1000; each state has an average of 16 components.

As illustrated in Figure 6.5, the stacked hybrid system use the same features as the tan-
dem system, derived from the CMLLR transforms generated by the tandem SAT system.
The input to the hybrid DNN is a concatenation of 9 consecutive feature vectors. The net-

work has layer sizes of 963 x 1000* x 1000 and is initialised by layer-wise pre-training with
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Language System Criterion dev set TER (%) ‘
Hybrid SI MPE 61.3
o LLM Large Margin 60.7
Swahili -
Hybrid SAT MPE 60.5
LLM Large Margin 59.9
Hybrid SAT MPE 2.
Tok Pisin Y 27
LLM Large Margin 52.5
) ) Hybrid SAT MPE 63.2
Lithuanian
LLM Large Margin 62.9

Table 6.12: The performance of the log-linear model on different Babel VLLP corpora

context-independent targets. Finetuning is done using the frame-level cross-entropy crite-
rion with context-dependent targets. The number of context-dependent states is the same
as in the tandem system. Then, sequence training using the MPE criterion is applied for fur-
ther improvement. As a comparison, a joint decoding system [191], which applies log-linear
combination of the tandem and hybrid systems at the frame level, is used. The frame-level
log-likelihoods from the tandem system are multiplied by o.25, and those from the hybrid
system by 1. They are then added at the frame level and used instead of the normal HMM
log-likelihoods, as described in (2.10).

6.3.2  The Structured Discriminative Models

In experiments, similar to the LLMs used on the AURORA 4 corpus, features based on log-
likelihoods were used. For the experiments on the Babel corpora, graphemes are used rather
than phones. The joint features have the same format as those discussed in section 3.5.2,
which also applies to graphemes. Same as the experiments on AURORA 4, the graphemes
with context information are used for the generative models, and they are tied to be the
central graphemes for the discriminative models, namely for the joint features as described
in (6.15), central graphemes v; are used, but the likelihoods are based on the graphemes

with context information.

Table 6.12 gives the results of LLMs on different languages of Babel VLLP corpora. The
first block (4 rows) examine the effect of speaker-dependent transformations of the acoustic

features for a hybrid system on the performance of the LLM. The first two rows give results
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o Test Set TER(%)
System Criterion
dev set ‘ eval set
Tandem SAT 62.5 63.0
] MPE
Hybrid SAT 60.5 59.4
Joint Decoder Manual 59.4 58.3
Manual 8. a
LLM 56.9 57.9
Large Margin 57.9 56.8

Table 6.13: The results on the Babel 202 Swahili VLLP corpus. For the manual setting, the
weights corresponding to the hybrid log-likelihoods are set to 1, and the weights corresponding

to the tandem log-likelihoods are set to 0.25.

of the speaker-independent system. The LLM improves performance by 0.6% absolute. The
third and fourth lines have the same contrast, but based on a speaker-dependent HMM. The
increase of performance from the LLM is also 0.6%. Speaker-dependent transformations
therefore do not appear to decrease the usefulness of the features derived from the HMM.
The rest of the table examines how performance improvement varies for different languages.
For Tok Pisin, the improvement is 0.2, and for Lithuanian o0.3. Though the performance

increase does vary with languages, there is consistently an increase.

Results of experiments with combining tandem and hybrid systems on Babel 202 Swahili
VLLP are in Table 6.13. The top block repeats the tandem and hybrid HMM baselines.
The next block shows the performance of the joint decoding system [191], which performs
frame-level combination. The weights are fixed to 0.25 for the tandem system and 1 for the
hybrid. The next line shows the result of the LLM that uses the same manual configuration
(0.25 and 1 for the tandem and hybrid systems respectively). On the development set, per-
formance improves by 0.5% compared to the joint system, probably caused by the difference
in the assignment of the underlying HMM states to time frames. Firstly, the likelihoods are
used, so the sum over all paths instead of the one best path is used, and secondly, those paths
can be different between the tandem and hybrid systems, allowing a more optimal align-
ment for both. When the parameters of the log-linear model are trained, for the bottom line
of Table 5, performance increases further by 1%. The absolute improvement over the joint
system is 1.5%. When applying the LLMs with the same configurations to the evaluation set,

the same trend can be observed. The LLM with manual setting outperforms joint decoding,
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System Criterion dev set TER(%) ‘
Tandem SAT 60.8
MPE
Hybrid SAT 60.0
Joint Decoder Manual 58.6
Manual 8.
LLM o >%5
Large Margin 57.7

Table 6.14: The results on the Babel_402 Javanese FLP corpus (46 hours). For the manual
setting, the weights corresponding to the hybrid log-likelihoods are set to 1, and the weights

corresponding to the tandem log-likelihoods are set to 0.25.

and 0.4% performance gain can be achieved. When the LLM are trained with large margin

criterion, further gain can be obtained, with 1.1% absolute token error rate (TER) reduction.

Same set of experiments were also carried on the Babel 402 Javanese FLP corpus, which
contains 46 hours’ speech data. As tabulated in Tabel 6.14, the performance of the LLM is
consistent with that on the Babel 202 Swahili VLLP corpus. The LLM with the manual
setting slightly outperforms joint decoding, with 0.1% TER reduction. By applying large
margin training to the LLM, the TER can be further decreased by 0.8%.

In order to ensure efficient training, in this work, all training data (numerator and de-
nominator lattices) are loaded in the memory. When applying FLP data to LLMs, this might
be a problem. As shown in Table 6.15, if all data are loaded, the memory use is 230 GB. By
using a subset of the training data, training would be more practical. Table 6.15 gives the re-
sults of the LLMs with various amount of training data. These subset are randomly sampled
from the whole training data, and equal amount of data are sampled for each speaker. The
second block of Table 6.15 gives the performance of the LLM trained with various amount
of data. As the increase of the amount of training data, the token error rate (TER) reduces.
When the data amount increases to around 2 hours (with memory use around 11 GB), the
TER cannot be further lowered. Training with more data, the performance of the LLM stays
the same (with TER 57.7%). Thus, when the amount of training data is large, a subset can be
used in training. As shown in this table, with relatively small amount of data, the LLM also
yield performance gains. This motives the application of LLMs to adaptation, which would

be one option for the future work.
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System Criterion Data Hours | Mem Use (GB) | Test Set TER(%) ‘
Joint Decoder Manual 46.8 — 58.6
LLM Large Margin 46.8 230.0 57.7
4.52 22.69 57.7
2.26 11.23 57.7
1. 8.1 8.2
LLM Large Margin 9 N °
1.13 5.6 58.2
0.68 3.5 58.5
0.23 1.3 58.5

Table 6.15: The performance of the log-linear with various hours of training data on the BA-
BEL_402 Javanese FLP corpus. For the manual setting, the weights corresponding to the hybrid

log-likelihoods are set to 1, and the weights corresponding to the tandem log-likelihoods are set
to 0.25.
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Chapter 7

Conclusions

This thesis investigated structured discriminative models for speech recognition. The pre-
vious work in this area has been extended in two directions. First is the study of the fea-
tures generated by a single system and multiple systems based on deep neural networks
(DNN:), the form of these features were discussed in section 3.5. In experiments, LLMs
using these features were examined on various type of datasets with different training cri-
teria, and consistent performance gains can be achieved. The second extension is the use
of the mixture-of-experts framework. By using this framework, LLMs can be extended to
infinite LLMs, where different experts are employed to focus on different regions of the fea-
ture space to make an ensemble decision, and an non-linear overall decision boundary can
be yielded. This thesis also discussed a criterion based perspective on Bayesian inference,
where Bayesian inference can be viewed as a minimisation criterion, which consists of two
terms that represent prior beliefs and information from the observations as discussed in
section 5.2. By using this criterion, different criterion function (which represents informa-
tion from the observations) can be used, and various meaningful training criteria can be
resulted, such as large margin training. As discussed in sections 5.3 and 5.4, these criteria
can be applied to the infinite LLM. In experiments Bayesian inference of the infinite LLM
and its variants (discussed in section 5.3) were examined. Bayesian inference of the iLLM
does not yield significant performance gains. When each expert is trained with large margin

criterion, small gains can be achieved.
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71  Future Work

These are many possible directions for the future work, and a number of suggestions are

given as follows:

o In this thesis, the features used by the LLMs are at most based on two systems, i.e. the
tandem and hybrid systems. Using features from two systems might be too limited.

In the future work, features based on more than two systems can be used.

o As discussed in section 3.5, in general the features for discriminative models can be
categorised into two groups, i.e. the frame level and segment level features. In exper-
iments, only the segmental level features were examined, and the study of the frame

level features can be one possible direction for the future work.

« When applying Large margin training to LLMs, which are equivalent to structured
SVMs, performance gains can be achieved with a small amount of training data, as
shown in Table 6.15. This motivates the application of LLMs (with large margin train-

ing) to adaptation, where only a small amount of data for target speaker is available.

« In this work, tri-phone models are used for the generative models (HMMs), and the
tri-phones are tied to be mono-phones for the discriminative models. The more gen-
eral parameters tying approach based on decision trees [148] can be used as a future

work.

« In the past few years, models with deep architecture, such as deep neural networks
(DNNs), have been extensively used in speech community, and significant perfor-
mance gains have been achieved compared with the models having shallow architec-
ture. In this thesis, although the features extracted from the DNNs are used by the
structured discriminative models, the models themselves only have shallow archi-
tecture. By introducing deep architecture into the structured models, the modelling

capacity can be improved significantly.

« For the infinite LLMs, in experiments only Bayesian inference and its two variants
(approximate approaches) discussed in section 5.3 were examined. In these two ap-
proximate approaches, sampling for each expert’s parameters are replaced by CML
estimation and large margin training, and large margin training can yield the best

results for the infinite LLMs. This motives the application of large margin training

162



71 Future Work

to the whole infinite LLM (the gating network and the experts), and the training ap-

proach was discussed in section 5.4.

For the infinite LLMs discussed in Chapter 5, the indicator variable corresponding to
each utterance is a scalar, where the inputs to gating network are utterances and all the
segments in an utterance share the same indicator. This might limit the flexibility of
the gating network. In order to make better use of the data, a more granular (vector)
indicator can be introduced. By doing so, a mixture of experts for each sub-sentence
unit (such as word or phone) could be built, and this type of model is called the

structured infinite discriminative model, which is discussed in Appendix F.

163



CHAPTER 7. CONCLUSIONS

164



Appendices

165






Appendix A

Probability Measures

In mathematics, a measure G is a function that assigns a non-negative real number to sub-
sets of a set ®, which is sometimes called the sample space. It must assign 0 to the empty
set &, and be countably additive. A measure is a generalisation of the concepts of length,
area, and volume. If measure G assigns 1 to the entire measurable set ®, measure G is a
probability measure (or probability distribution). Formally, the probability measure can be

defined as follows [87, 184]:

A probability measure is a non-negative function G’ defined for countable collections of

mutually disjoint sets { A, }V_; with A,, € g and A = U,, A,, that satisfies the following

properties:
G®)=1 and G(©)=0 (A.2)
G(A) =) G(4,) (A3)
G(AS) =1-G(A,) (A4)

where AY is the complement of A,,, namely A5 = © \ A,,. Y@ is a o-algebra on set ©,
which is a collection of subsets of ® that is closed under countably many set operations
(complement, union of countably many sets and intersection of countably many sets). The

members of X g are called measurable sets, the pair (©, Xg) is called a measurable space,
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and the triple (©, Y@, G) is called a probability space. More generally, the triple is called a

measure space without requiring the measure G to be a probability measure.
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Appendix B

Infinite Support Vector Machines

Section 4.3.5 introduced the framework of the infinite mixture of experts with a gating net-
work based on the infinite mixture model. The infinite support vector machine (iSVM) in-
troduced by Zhu [213] is a specification of this framework, where each expert (or the zth)

is a discriminant function:
F(w,z; H,2) = F(w,z;n,) = n.,¢(x,w) (B.1)

where x is the input variable, and w is the corresponding class label, which takes value
from the set {1,...,L}. H = {n,,}>°_, are the parameters of the the experts. z is the
indicator variable that denotes which expert the input « is associated with. The feature

function ¢(x, w) is defined as:

S(w, 1)
o(x,w) = : (B.2)
d(w, L)x

where J(-) is a Kronecker delta. In a discriminant function, given an input, the class label
can be obtained by maximising this discriminant function. In (B.1), a discriminant function
for the zth expert is described. The overall discriminant function for the iSVM can be

described as a summation over all experts:

F(w,:c) = Z/F(w7x>H7Z)qA(H7Z)dH KAS {1727"' 700} (B~3)
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where §(H, z) is an optimal distribution obtained in training, which will be discussed in

detail in the following sections.

B.1  The Training Criterion

The iSVM is a specification of the infinite mixture of experts discussed in section 4.3.5. An
mixture of experts consists of two parts, namely the gating network and experts. In this
section, training criteria for the gating network and experts will be introduced first, and an

overall criterion for the iSVM will be discussed subsequently.

B.1.1 The Training Criterion for the Experts

In training the iSVM, maximum entropy discrimination (MED) [90, 93] is applied. MED
is a large margin training approach, through which an optimal distribution of the model
parameters (such as ¢(n)) can be estimated rather than optimal values (such as 77). Take a
single classifier with discriminant function F'(w, «; 1) for example, given the training data

D = {(x1,w1), -, (xn,wy)}, the MED training criterion can be described as:

argmin{KL(( )Ip(n +cz[max{ (w, wp)+

a(n) w#Wn
/q(n) (F(wvwn;n) —F(wn,wn;n))dn}L} (B.4)

s.t. q(n) € Pprob

where the best competing hypothesis w is found for all possible labels except the correct
one wy. KL(g(n)||p(n)) is the Kullback-Leibler (KL) divergence *, and p(n) is the prior
distribution. [-] is the hinge loss which is defined in (5.10). The loss £(w, w,,) measures
how different between the labels w and wy,. Pprop is the set consisting of all possible valid
distribution over 7. The discriminant function F'(w, «;n) is defined in (B.1). C is a non-
negative constant, which is used to balance the regularisation term (the KL divergence) with

the training loss (the hinge loss function).

As discussed in section 4.3.5.3, the iSVM is a specification of the infinite mixture of

expert. In inference of the iSVM, a representation of the iSVM based on the stick-breaking

" The KL divergence is defined as: KL(q(n)||p(n)) = [ q(n)log (%)dn

170



B.1 The Training Criterion

Figure B.1: The graphical model of the iSVM. The plot associated with the red dotted line is

the stick-breaking construction of the infinite mixture model.

process is used, and this representation is illustrated in Figure B.1, which is the same as the
graphical model of the infinite mixture of expert described in Figure 4.9. Analogous to the
generative process of the infinite mixture of expert described in (4.48), in the iSVM, the
process of determining which expert is used to classify an observation can be described as

follows [213]:

vm ~ Beta(1, @) (B.5)
m—1

T = Um, H (1 —v;) (B.6)
i=1

N ~ G2 (B.7)

zpn, ~ Categorical(7r) (B.8)

where the mixture weights @ = {m,,, }*°_, are given by the stick-breaking process (4.26),
which is normally denoted as w ~ GEM(«) [138, 160]. G is the prior distribution. z,
is the indicator variable that denotes with which expert the nth observation is associated.
Beta(+) is the beta distribution. Categorical(-) is the categorical distribution, which is the

generalisation of the Bernoulli distribution with multiple possible outcomes.

When applying the MED training criterion described in (B.4) to the iSVM which has
infinite number of experts, in order to specify which expert the input is associated with,
indicator variables z = {z1,..., 2y} corresponding to the training data are introduced.

Then, for the iSVM, the hinge loss function in the MED criterion can be described as fol-
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lows [213]:

N
R(q(H,z)) = Z [max {E(w,wn)—{—

1 wF#Wn

Z q(H, zy,) (F(w, xn; H, z,) — F(wy, zy; H, zn))dﬂ}] (B.9)
Zn +

Analogous to the MED criterion (B.4) for a single classifier, the MED criterion for the iSVM
can be described as follows [213]:
arg min {KL(q(H, z)||p(H, z)) + CR(q(H, z)) } (B.10)
a(H,z)
st. q(H,z) € Pyrop

where the hinge loss function R (q(H,, z)) is defined in (B.9).

B.1.2  The Training Criterion for the Gating Network

As illustrated in Figure B.1, in the iSVM the underlying distribution of the observations
{x1,...,xy} is also modelled by the gating network, which is a mixture model in the
iSVM. According to the graphical model of the gating network, which is the plot associated
with the red dotted line in Figure B.1, the generative process corresponding to the gating

network can be described as follows:

7 ~ GEM(«) (B.11)
0, ~ G (B.12)
zp, ~ Categorical(7r) (B.13)
x, ~ p(x|6.,) (B.14)

where the ™ = {m,;, }°°_, are generated in the stick-breaking process described in (B.5) and
(B.6). The component likelihood p(x|@) is given by a broad class of distributions called the

exponential family [11, 43] having the following form:
p(x]|0) = h(x)exp (07 — A(6)) (B.15)

where 6 is called the natural parameter of the distribution. h(x) and A(0) are known

functions, and A() can be interpreted as the coefficient that ensures that the distribution
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is normalised [16]. In Bayesian inference, the posterior distribution of the model parameters
for the gating network is p(v, ®, z|D)". Thus, in variational inference the (approximate)

distribution to be inferred for the gating network is:

argminKL(q(v, ©, 2)||p(v, ©, z|D)) (B.16)
q(v,0,z)

st. q(v,0,2) € Ppgp

where v = {v,,}7°_; are the weights in the stick-breaking process as described in (B.5),

which are beta distributed.

B.1.3  The Overall Training Criterion for the iSVM

The training criteria for the experts (B.10) and gating network (B.16) were discussed in the
previous sections. Given these two criteria, the overall training criterion for the whole iSVM
(both the gating network and experts) can be described as the combination of the two cri-

teria [213]:

arg min {KL(q(H, z)|[p(H, z)) + CR(q(H, z)) + CoKL(gq(v, ©, 2)||p(v, ©, z\D))}
q(v,©,H ,z)

(B.1y)
st. q(v,0,H,z) € Ppop

where (5 is another non-negative constant, which is used to trade off between the minimi-
sation criteria for the gating network and experts. R (q(H, z)) is the hinge loss function
defined in (B.9). By sharing the same indicators, the gating network and the experts are
closely coupled. By minimising the overall training criterion (B.17), the optimised model
is expected to discover the underlying distribution of data and make predictions well on

unseen data [213].

B.2  Optimisation with Coordinate Descent

In order to ensure the overall training criterion (B.17) for the iSVM tractable, the mean-field

assumption [98, 188] and truncated stick-breaking representation [19] are used. Thus, the

' As described in equation (B.6), the weights v and 7r are mutually convertible.
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distribution to be inferred ¢(v, ®, H , z) is assumed to be fully factorised as follows:

M-1 M M N
q(v,0,H,z)~ [ a(m) [] a(0m) [ a) T a(zm) (B.18)
m=1 m=1 m=1 n=1

where M is the number of mixture weights in the truncated stick-breaking process, where
the M th breaking ratio equals 1, namely g(v,,) = 1. This implies that the mixture weight
Tm = 0 for all m > M, namely the number of components is limited to M. Thus, the
parameters for the components and experts are limited to be finite sets @ = {61,...,0,,}
and H = {my,...,m,}. Again, z = {z1,..., 2y} are the indicator variables corre-
sponding to the training data D = {(x1,w1), - , (n, wy)}. In the variational distribu-
tion (B.18), ¢(2y,) is the categorical distribution with parameters ¢,, = {¥n1,...,©nn}>
which is a generalisation of the Bernoulli distribution with multiple possible outcomes.
q(vm) = Beta(cm, 1, ¢m,2) is the beta distribution. In mean-field variational inference, co-
ordinate descent is performed, in which the parameters of each variational distribution (say
the parameters of ¢(vy,) ) are updated in turn by iteratively minimising the overall training
criterion (B.17). The process of updating each set of variational parameters will be discussed

in the following sections.

B.2.1 Updating §(v,,) and ¢(6,,)

The optimal distributions ¢(v,,,) and §(8,,) can be obtained by minimising the overall
training criterion described in (B.17) given all other variational distributions (such as q(H)
and ¢(z)). Since the first two terms KL(q(H, z)||[p(H, z)) and CR(q(H, z)) are not
functions of ¢(v,,,) and ¢(6,,,), these two terms can be omitted in updating (v, ) or G(6,,).
Therefore, the optimal distributions G(v,,) and ¢(0,,) can be obtained by minimising the

following simplified criterion:

arg minKL(q(v,@,z)Hp(v,@,z\D)) (B.19)
q(v,0)

This is the standard training criterion in variational inference of the infinite mixture model

[19].
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B2.2 Updatingq(n,,)

When optimising (1, ), all the other variational distributions (such as ¢(v,,), G(6.,,) and
4(z)) are given. Then minimisation of the overall training criterion (B.17) becomes min-
imising:

arg(m)in{KL(q(H)Hp(H)) + C'R(q(H,z))} (B.20)

q(H

In the hinge loss function T\’,(q(H , z)) defined in (B.9), the sum over z,, (where 2z, €
{1,..., M}) is inside the maximisation, which means the best competing hypothesis w is
found for all experts. In order to make training more efficient, the hinge loss can be relaxed

to an upper bound by moving out the sum over z,, from the maximisation [213]:

N
R(q(H,z)) < Z Zq(zn) [ max {E(w,wn)—i—

wWHW
n=1 zn FWn

/q(H) (F(w, Tn; H, 2,) — F(wn, xn; H, z,))dH}] (B.21)
Jr

As discussed at the beginning of section B.2, g(zy,) is a categorical distribution with param-

eters ¢, = {¢n1,...,onu}and ¢(H) = H%zl q(m,,,). Substituting these definitions

and the upper bound of the hinge loss function (B.21) in, the training criterion (B.20) can

be further written as:

M N M
arg min{ > KL(g(m,)[p(m) +C DD onm [ﬁ‘ﬁ {E(w, Wn,)+

a(H) m=1 n=1m=1

/q(nm)<F(w7$n;nm) —F(wn,wn;nm)>dnm}]+} (B.22)

Thus this criterion (B.22) can be written as // minimisation criteria:

M
argmin F (q(H)) = Z argmin F (q(n,,)) (B.23)
q(H) m=1 4(Mm)

where 7 (q(H)) is the criterion described in (B.22), and the criterion F(g(n,,)) for the

mth expert can be described as follows:

N
F(a(nm)) = KL(a@m) (1)) +C D ¢nm [zﬁrﬁi {E(w, wn)+

n=1

/q(nm) (F(w, T M) — F(wn, T nm))dnm}} (B.24)

J’_
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This is the standard MED criterion as described in (B.4). It is worth noting that ¢, ,,, can be
merged into the loss function £(-) and discriminant function F'(-). Let £'(-) = opnmL(*)
and F'(-) = @ mF(+), the criterion (B.24) becomes an identical form to the standard MED
criterion. As discussed in [93, 213], in MED when the prior distribution p(n,,,) is a Gaussian
distribution, the optimal distribution §(m,,,) is also a Gaussian distribution but with differ-
ent mean. In the iSVM, the prior distribution over n,,, is p(n,,,) = N (0, I') (where I is the
identity matrix), hence the optimal distribution can be described as G(n,,,) = N (t,,,, I)-
Substituting the form of §(n),,,) and the definition of the discriminant function (B.1) in, the
large margin training criterion (B.24) can be further described as a minimisation criterion

to estimate p,,,:

N
1
Fa) = 3llinl P+ €S | 1 {00+

n=1

(N;z¢(mm W) — g, (T, wn)) }} (B.25)

+

Let £'(-) = ¢nmL(+) and ¢'(-) = @y, m®(-), the large margin training criterion (B.25) can
be written in the form of the SVM [31, 33]:

N
Flam) = gllinl P+ €3 | o {£w.00) + (@) = s )}
n=1 "

(B.26)

+

This is the training criterion of the SVM. The mean f,, can be estimated by minimising

this criterion, then the optimal distribution ¢(n,,,) = N'(f,,, I) can be obtained.

B.2.3  Updating 4(zy,)

In [213] optimisation of ¢(z,) based on the dual form of the large margin training criterion
(B.1y) is discussed. In this section an alternative approach, in which ¢(z,) is optimised

based on the primal form of (B.17), will be studied.

As described in the generative process (B.8), the prior distribution over zy, is a categori-
cal distribution with parameters 7r. Again, as described in equation (B.6), the weights v and
7v are mutually convertible. Thus, without v (or 7), the prior distribution p(z,,) is hard to
evaluated. This leads to hard evaluation of the term KL(q(H, z)||p(H , z)) in the overall

training criterion (B.17). In order to simplify optimisation, this KL divergence is relaxed
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to an upper bound KL(g(v, H, z)||p(v, H, z)). By using this upper bound, the overall

training criterion (B.17) is relaxed to [213]:

arg min {KL(q(v,H,z)Hp(v,H,z)) +CR(q(H, z))+
q(v,©,H ,z)

CQKL(q(U,@,z)Hp(u,@,z!D))} (B.27)

st. q(v,0,H,2) € Ppop

where R (q(H, z)) is the hinge loss function defined in (B.9). Given all the other variational
distributions (such as §(vy,), G(0,) and ¢(n,,)), when optimising ¢(z), minimisation of

the overall training criterion (B.27) is equivalent to the following minimisation criterion:

arg(rr)lin {KL(q(v, z)||p(v, z)) + C’R(q(H, z))+

CQ(KL(q('v,z)Hp('U,z)) —Z/q(@,z)logp(m@,z)d@)} (B.28)

Distribution ¢(z) can be factorised to [[,, ¢(zy) as described in (B.18). Therefore, for the

nth indicator z,,, the optimal distribution can obtained by minimising:

. q(zn)
arqg(;gm {(1 + C9) / ; q(v)q(z,) log 2Cnlv) dv+ CR(q(H,z,))—

&Y / 2(0.,)a(zn) logp<wn\ozn>dezn} (B.29)

where R(q(H , zn)) is the hinge loss function defined in (B.9) for the nth instance:

WHWn

R(q(H,z)) = [max {E(w’wn)_F

/ Z q(H)q(z) (F(w, xn; H, 2,) — F(wp, xn; H, zn))dH}] (B.30)

+

Since the distribution ¢(zy,) to be estimated is inside the maximisation, it is intractable to
find the best competing hypothesis w. In order to make optimisation of ¢(z,) tractable,

the hinge loss function (B.30) is relaxed to an upper bound by moving out the sum over z,,
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from the maximisation®:

Rup(¢(H 2n)) = Zq(zn) [ max {E(w,wn)—i-

wHW
Zn #Wn

/q(H) (F(w,ccn; H,z,) — F(wy,,x,; H, zn))dﬂ}] N (B.31)

Since ¢(n,,,) (which was discussed in the previous section) is given, substituting the def-
inition of the discriminant function (B.1) in, the hinge loss function (B.31) can be further

written as:

Rup(0(F.2)) = S )| s {0 n) + (4] 8 0) = T, o))}

. WHWn, +

(B.32)
where p1, is the mean of §(n,, ). By using this relaxed criterion (B.32), the best competing
hypothesis can be found. Thus, by relaxing the hinge loss function (B.30) to the upper

bound, optimisation of §(z, ) becomes tractable.

Since the form of the distribution ¢(zy,) is given, which is a categorical distribution with
parameters @, = {@n.1,...,Pn ]} estimation of §(zy,) is to estimate these parameters.
Substituting g(2y,), the hinge loss function Rup (¢(H, 2,)) (given in (B.32)) and the prior
distribution p(zy,|v) (defined in (B.6) and (B.8)) in, the minimisation criterion (B.29) can

be written as:

arg min { (1+Co) Z (‘Pn,m log ¥nm — ‘Pn,mEq(vm) [log Um] -

Pn m

P Z Byuy) [ log(1 — ;) ) +CN onimFnm—
(s Z Pnm ( log h(x) + Eq(gm) [Om} Tx — Eq(Om) [A(om)D } (B.33)
where:

Fom = { max {L’,(w,wn) + (u;qﬁ(mn, w) — ,LL;Ld)(mn,wn)) }] (B.34)

w?'éwn -+

' An alternative approximate approach similar to [95] can be adopted. By using the optimal distribution
G(zn) in the last iteration, the best competing hypothesis can be obtained.
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By minimising (B.33), the mth optimal parameter ¢, ,, can be described as:

m—1
; c
i=1
C
1 +2(72 (Eq(9m> [6m]"x — Eqeo,,) [A(Hm)]) } (B.35)

Since q(vym,) = Beta(cm,1, Cm,2) is a beta distribution (discussed at the beginning of sec-
tion B.2), in (B.35) Ey(y,,,) [log vm] = (cm1)—Y(cm1+Cm2), and E a(v:) [ log(1— vz)] =
Y(ci2) — P (ci + ¢i2), where () is the digamma function. q(0,,) is an exponential fam-
ily distribution described in (B.15), and A(6,,) is a fixed function in the exponential family
distribution. For the data that cannot be classified correctly, the hinge loss .%,, ,,, defined in
(B.34) tends to have greater value, and this leads to a smaller value of ¢,, ,,, given in (B.35).
This means the term .%,, ,,, biases the allocations of data towards the experts where they can

be better classified.

B.3 Classification

In classification, given an input x, the class label can be predicted by minimising the overall

discriminant function of the iSVM described in equation (B.3):
W =arg maxz / F(w,z; H,2)§(H,z)dH (B.36)
w
z

where z is the indicator variable corresponding to the input x. The optimal distribution
G(H, z) is an approximation to p(H, z|x, D), where D is the training data. This distribu-

tion p(H, z|x, D) can be written as:
p(H,Z|$,D) = P(Z|$,D,H)p(H|$,D) (B.37)

As discussed in section B.2, the optimal distribution ¢(H , z) can be factorised: G(H, z) =
G(H)q(z). Assume the parameters of experts H only depends on the training data D
(namely p(H |z, D) = p(H|D)), and the assignment of the input to which expert only
depends on the gating network (namely P(z|x, D, H) = P(z|x, D)) [213]. Thus, the op-
timal distribution for the experts G(H') (an approximation to p(H |D)) can be obtained in
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training. The optimal distribution ¢(z) of the indicator needs to be inferred in classification,

and variational inference can be applied:

arg min KL(q(2)||P(z|x, D)) (B.38)
q(z)

Since without the parameters for the gating network (namely v and @), the distribution

over z is hard to evaluate. Thus, the minimisation criterion (B.38) is relaxed to an upper

bound:

arg(n;ax KL(q(z)q(v)q(@) llp(z, v, O|x, D)) (B.39)
q(z

Then optimisation of §(z) becomes the same as standard variational inference for the infi-
nite mixture model [19]. Given the optimal distributions ¢(v) and §(®) which are obtained
in the training phase, §(z) can be obtained by minimising (B.39). It is worth noting that the
distributions ¢(v), ¢(®) and §(z) do not need to be iteratively optimised as in inference of
the infinite mixture model, since the optimal distributions §(v) and §(®) are obtained in
training and stay the same in classification. Thus, only one iteration needs to operated in

optimising ¢(z) given ¢(v) and §(©).

180



Appendix C

Hierarchical Dirichlet Processes

Many applications involve groups of data, and these groups are linked to each other. For
example, documents are modelled as coming from an underlying set of topics, and these
topics are shared across documents [21]; Haplotypes are shared among individuals in a pop-
ulation and across populations [53, 167] . A Dirichlet process can be adopted to model each
group of the data. However, clusters cannot be shared cross groups, since the base distribu-
tion G is continuous. The solution is to use a common discrete base distribution. Rather
than treating the base distribution parametrically, the base distribution can be treated non-
parametrically as being sampled from a non-parametric model. In particularly, Dirichlet
processes provide distributions over discrete distributions with wide support. When the
base distribution Gy of a Dirichlet process itself is drawn from a Dirichlet process, this

yields a hierarchical model called the hierarchical Dirichlet process (HDP) [174, 175, 176].

The HDP defines a groups of probability measures {G1, -+, G} and a global base
measure Gy. The global measure G is given a Dirichlet process with concentration pa-

rameter J and base distribution Q:

Go ~ DP(3,Q) (Ca)

The group specific distributions G; are independent to each other given G, and they are

sampled from a Dirichlet process with concentration parameter o and a common base mea-
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Q

J

Figure C.1: The graphical model of the hierarchial Dirichlet process mixture model.
sure G:
Gj [ DP(CV, Go) (C.Z)

If G; of different groups are expected to have different average variability from the base
measure G, the group specific concentration parameter «; can be adopted to each group
J [175]. This hierarchical model induces a sharing of atoms {6,,, }°>°_; among different ran-
dom measures G'j, since each inherits its set of atoms from the common base measure G
[174]. The sharing of {0,,, }>°_; can be illustrated by stick-breaking and Chinese restaurant

franchise representations for the HDP, which will be discussed in the following sections.

Analogous to the infinite mixture model, groups of mixture models can be constructed
based on the HDP. Given the sharing of atoms {6,,, }°°_; induced by the HDP, the mixture
models based on the HDP share parameters. Consider a set of data with .J related groups
D = {D; }3]:1, where the jth group of data D; = {:Bjn}fil has N; observations. Each
group is associated with a mixture model, and different groups are linked with each other

by sharing the component parameters. The HDP provides a Bayesian non-parametric ap-
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C.1 Stick-breaking Construction

proach to model such grouped data:

GO ~ DP(/Ba Q)
Gj ~ DP(a, Go)
6, ~ G;

xjn ~ p(x]0),) (C3)

This type of mixture model is called the hierarchical Dirichlet process mixture model. The

corresponding graphical model of the HDP mixture model is illustrated in Figure C.1. In

the HDP mixture model (C.3), given that G} is discrete, samples {6, - - - ,0} Nj} from
G'j have positive probability taking identical values. This induces the cluster property of
the mixture model for each group of data. These mixture models are based on Dirichlet
processes with a common discrete base distribution G. This leads to the sharing of pa-

rameters among these mixture models.

Ca  Stick-breaking Construction

In this section the stick-breaking construction of a hierarchical Dirichlet process (HDP) will
be discussed. This construction gives an explicit representation of draws from a HDP, and

provides insight into the sharing of atoms {6, }°>°_; among different Dirichlet processes.

Given that the global base measure is distributed as a Dirichlet process Gy ~ DP (53, Q),
it can be described in the form the stick-breaking representation of the Dirichlet process

described in (4.27):

c ~ GEM(p3)
0 ~ Q

Go= Y cmd(0,0) (C.4)

m=1

where the weights ¢ = {¢;, }7°_, are obtained from the stick-breaking process described
in (4.26). Given that each random measure G is also distributed as a Dirichlet process

G, ~ DP(«, Gy), the corresponding stick-breaking construction for G; can be described
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as:

7 ~ GEM(«)
0, ~ Gy

G, zw 5(6,07,) (Cs)

where the weights @/ = {7/}>°, are obtained from the stick-breaking process (4.26). Since
the base measure Gy is discrete, {6 i 1§21 from Gg have positive probability taking identical

values.

Given that the random measure G ; is distributed according to a Dirichlet process G ~
G has

support at these atoms as well. Thus the stick-breaking representation of G; described in

DP(a, Gy), and the global base measure G has support at the atoms {8, }°°

m=1>

(C.5) can be rewritten as [174, 175]:

00
Gj=>_ mjm6(0,0n) (C.6)

m=1
Assume the weights 7w; = {7, }7°_; and ¢ = {¢;, } 77—, are probability measures on the
discrete set {1, --- , 00}. Given that G; ~ DP(c, GY) is distributed as a Dirichlet process
on set {01, ,0}, the definition of the Dirichlet process (discussed in section 4.3.1)

implies [175]:
7; ~ DP(, ) (C.7)

and the weights 7r; can be obtained according the following stick-breaking construction:

m
Vjm ~ Beta <acm, a(l — ZCZ)>
i=1
m—1

Tjim = Ujm H (1 — Uji) (C.8)
=1

where the weights ¢ = {¢,, }5°_; are from the stick-breaking representation for the global

base measure G described in (C.4). Derivation of this construction (C.8) is discussed in

detail in [175].

The HDP mixture model (C.3) was discussed in the previous section, in which each 03-,1

is sampled from the random measure Gj. According to the stick-breaking construction of
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5—»@
7T
e}jjfo)

D

N

J

Figure C.2: The graphical model of the stick-breaking construction of the hierarchial Dirichlet

process mixture model.

the HDP as discussed at the beginning of this section, G; = > > mjmd(0,0,,), 0, ~
Q, and 0, takes the value 6,,, with probability 7;,,. By introducing the indicator variable

Zjn, the parameter 8,,, associated with the observation « ,, can be determined: 9;-n =0 i

Thus an equivalent representation of the HDP mixture model can be described as [175]:
c ~ GEM([)
m; ~ DP(a, c)
Zjn ~ Categorical(7;)
0 ~Q
zjn ~ p(x)02;,) (C.9)

This is the stick-breaking construction of the HDP mixture model, and the corresponding

graphical model is illustrated in Figure C.2.

C.2 Chinese Restaurant Franchise

In section 4.3.3, the Chinese restaurant process (CRP) was discussed, which gives the pre-
dictive distribution of new observations by marginalising out the base distribution. Analo-
gous to the CRP, by marginalising out the base distributions G and G'; in the hierarchical
Dirichlet process (HDP), the Chinese restaurant franchise [175] can be resulted. In this in-
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605=6, 0;=6; 0y—0;)] o ® @

Figure C.3: The Chinese restaurant franchise. This figure gives the current status of the Chi-

nese restaurant franchise with two restaurants. When a new customer :c16 come to the ﬁrst

1
> Bt 5+a

respectively, and the probability of choosing a new table is <. If this customer chooses a new

1
6+8

restaurant, the probabilities of sitting at these three occupied tables are == +a and

table, the probabilities of choosing these three served dishes are ji L and respectively,

6+,3
and the probability of choosing a dish 6, from the menu is %.

terpretation, the CRP metaphor is extended to multiple restaurants which share a set of

dishes.

In the Chinese restaurant franchise metaphor, a group of restaurants are defined, and
in each restaurant customers (observations) {x ]n}gi , sitat tables (components) {¢;, }gi 1
Each table serves a single dish (parameter) 67, shared by customers, and the dish is ordered
from a global menu Gy shared cross restaurants. Let 27, denote the global parameter 6 2, i

assigned to table ¢ in restaurant j, and 2 = {2; - } give the assignments of dishes

!/
10 %5207
for all the tables in restaurant j. Analogous to the derivation of the Chinese restaurant pro-

cess discussed in section 4.3.3, by integrating over G and G 5, the conditional distribution
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N

J

Figure C.4: The graphical model of the hierarchial Dirichlet process mixture model based
on the Chinese restaurant franchise. t; = {tjn}ivil are table indicators for customers in

, . . T; .
restaurant j, and N; is the number customers in that restaurant. z; = {Z;‘t}til are dish

indicators for tables in restaurant j, and T} is the number of occupied tables in that restaurant.

These sets of indicators t; and 2'; are generated by the Chinese restaurant franchise. |2'| is the

J

. . ! /
number of unique values in set 2’ = {2/ };_;.

of the indicator variables ¢, and zﬁt can be described as [168, 175]:
T
P(tjn|tj1, cee 7tj’rl,—].a Oé) X Z th(s(tjn’ t) + O[(;(tjn, T] + 1) (C.IO)
t=1

M
P(zi|2h, -, 251,251, 21, B) o Z Myd(zj,m) + Bo(25, M +1)  (Cn)
m=1

where T is the number of currently occupied tables in restaurant j, N;; is the number of
customers sitting at table ¢ in restaurant j, M is the total number of unique dishes served in
all restaurants, and M, is the number of tables served with dish @, in all restaurants. Similar
to the CRP, when a customer come to a restaurant, the probability of sitting at an occupied
table is proportional to the number of people already sitting there, and the probability of
sitting at a new table is proportional to o as described in (C.10). When a new table is chosen,
the probability of choosing a served dish is proportional to the number of tables served with
that dish, and the probability of choosing a new dish is proportional to 3 as described in

(C.11). This Chinese restaurant franchise metaphor is illustrated in Figure C.3.

As discussed in the previous section, a HDP mixture model can be built based on the
stick-breaking construction. Analogously, a HDP mixture model also can be based on the
Chinese restaurant franchise. The graphical model of this HDP mixture model is illustrated

in Figure C.4. Given the groups of indicators {tjn}nNil and {z}t};il with j € {1,2,---}
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Figure C.5: The graphical model of the infinite hidden Markov model.

(where IV; is the number observations in group j and 7 is the number of unique values
in set {tjn}ivi 1 ) from the Chinese restaurant franchise described in (C.10) and (C.11), the

corresponding generative process of the HDP mixture model can be described as follows:

BmNQ

Tjn ~ p(wwz;tjn) (Ca2)

C.3 Relationships with Infinite HMMs

In the previous sections, the hierarchical Dirichlet process (HDP) and the mixture models
based on this process were discussed. This section will discuss the infinite hidden Markov

model * which is a specification of the HDP.

In a hidden Markov model (HMM), a sequence of the state variables {s1, - - , sy} are
linked through the state transition matrix, and the observations {x1, - -- , xy } are drawn
independently conditional on the given states. In the HMM, the probability of generating
next observation x,,41 conditional on the current state s,, is a finite mixture model, namely
P(@ni1lsn) = 225, P(sn+1]sn)p(€n+1]Sn+1), in which the component distribution is
the distribution of the emitting state p(@y,+1|sn+1). Thus, the HMM is a dynamic variant of
the finite mixture model. It would be interesting to generalise the finite mixture underlying
the HMM to a Dirichlet process, and the resulting HMM with infinite number of states is
called the infinite HMM, or the HDP-HMM [175].

! A hidden Markov model (HMM) with infinite number of states is called the infinite HMM in this thesis.
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In the HMM, the current state s,, indexes one row of the transition matrix, and the
probability of that row is the mixing proportion for choosing the next state s,, 1. The obser-
vation &, is drawn from the component indexed by s,, (each state of the HMM corresponds
a component). There are infinite number of states in the non-parametric counterpart of the
HMM, and the Dirichlet process is employed to give the transition probability for each state.
Moreover, these Dirichlet processes must be linked with each other, since any state needs
to be reachable from other states. Thus the framework of the HDP is ideal for these linked
Dirichlet processes. This results a HMM with infinite number of states, which is called the
infinite HMM. The graphical model of the infinite HMM is illustrated in Figure C.5, and

the corresponding generative process can be described as follows:

c ~ GEM(f5)
7m ~ DP(a, €)
Sn|Sn—1 ~ Categorical(m,,_,)
O~ Q
Ty ~ p(x|0s,) (C13)

where 7, is the mth row of the transition matrix for the infinite HMM.

As discussed in this section, each state of the infinite HMM has a single component.
More generally, the state distribution can be extended to be a mixture model (with infinite
number of components), by introducing a latent variable z,,, that denotes which component
the observation is associated with, for each state. In practice, a special treatment of the tran-
sition probability also can be applied to avoid rapid switching among the redundant states

in the infinite HMM. These specifications of infinite HMM:s are discussed in section 4.4.
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Appendix D

Beta Processes

In the previous chapters, Dirichlet processes, hierarchical Dirichlet processes and the mix-
ture models based these processes were discussed. For these mixture models, it is assumed
that the observations can be partitioned into a discrete set of clusters, and each observa-
tion is assigned to a single cluster. This is particular clear in the Chinese restaurant process
(CRP), in which each customer is associated with a single dish. It is more appropriate to
assume each observation is associated with a collection of attributes, e.g. an animal can be
both terrestrial and oviparous. This assumption makes each observation in a model can be
assigned to a subset of clusters. The Indian buffet process [72] satisfies this assumption, in
which each customer is associated with a subset of infinite dishes. Analogous to the Dirich-
let process underlying the CRP, the underlying process of the India buffet process is a Beta

process, which will be discussed in this chapter.

The beta process was first introduced by Hjort [86] for survival analysis. It is a Lévy
process [12, 155] which is a right continuous stochastic process with stationary and indepen-
dent increments. Formally, the beta process can be defined as follows. Let ® be a set, X g
its o-algebra, By a continuous probability measure on the measurable space (®, X ) and
¢ a positive scalar. Then for any disjoint infinitesimal partition {A1,--- , Ar} of ©, the

beta process is generated as follows [135]:

B(Al) ~ Beta(cBg(Al), C(l — B()(Al))) (D.1)
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with L — oo and Bo(A;) — 0,Vl € {1,---, L}. This is a beta process, and denoted as:
B ~ BP(c, By) (D.2)

In (D.1) Beta(+) is a beta distribution. Because of the aggregation property ' of Dirichlet dis-
tributions, a Dirichlet process can be defined in terms of finite-dimensional distributions
appealing to the Kolmogorov consistency theorem, which guarantees that a suitably consis-
tent collection of finite-dimensional distributions will define a stochastic process. However,
the sum of two beta variables is not beta distributed (then the Kolmogorov consistency
theorem condition is not satisfied), hence the beta process is defined in the infinitesimal
limit rather than being defined based on finite-dimensional probabilities. An alternative
definition of the beta process based on the framework of completely random measures is

discussed in [97, 178].

The random measure B from a beta process is a completely random measure® [102], and

it can be described as:
B=> pmi(0,0n) (D.3)
m=1

where 0(+) is a Dirac delta function, each weight p,, satisfies 0 < p,,, < 1, and the sum of
all weights is finite (the consequence of Campbell’s theorem) [97] . The random measure
B from a beta process is not a probability mass function as the measure from a Dirichlet
process, but it can serve as the parameters of a Bernoulli process. The Bernoulli process
based on this random measure B can be described as follows. Let z,, = {zm }o°_; be an
infinite set of binary indicators (with values O or 1), and each z,,,, corresponding to atom

0., be given by a bernoulli distribution:
Znm ~ Bernoulli(p,,) (D.4)

where {p,,}>°_, are weights from the random measure B described in (D.3). Then the

newly generated measure Z,, = Zif:l 2nm(0, 0,,) is drawn from a Bernoulli process,

which is denoted as:

Z, ~ BeP(B) (D.5)
! The aggregation property of Dirichlet distributions can be described as: If (x1,---,zr) ~
Dirichlet(a, - -+ ,«r), then (@1, ,@; + x5, -+ ,@r) ~ Dirichlet(an, -, + o, ,ar).

* For arandom measure B on the measurable space (®, X g ), if the random variables B(A;) and B(A;)
are independent for any disjoint sets A; and A; in ¥ e, B is a completely random measure.
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Conjugacy LetZ,---, Z, bea collection of random measures from the Bernoulli pro-
cess BeP(B). Given B, random measures Z1, - - - , Z,, are conditional independent. The

posterior distribution of B given Z1, - - - , Z,, is still a beta process [174]:

c 1 "
B|Z\, -, Zn, ¢, B NBP< : B Zz) D.6
|Z4 ns ¢, Bo C+nc—|—n 0+c+n; i (D.6)

This results from the conjugacy between the beta process and the Bernoulli process.

D.1  Indian Buffet Processes

In section 4.3.3, the Chinese restaurant process (CRP) was discussed. The CRP can be de-
rived by integrating out the Dirichlet process in the predictive distribution (4.29). Anal-
ogously, the Indian buffet process (IBP) [72] can be motivated by integrating out the beta

process (D.6) in the following predictive distribution:

P(Znsr|Z1,- -\ Znc, Bo) = / P(Znsr|BYp(BI|Z1, - , Z, c, Bo)dB

o0
c Noum.
— BeP <—B 5(0,6 ) D.
¢ c+n U+Zc—|—n( m) (D7)
m=1
where Ny, is the number of indicators corresponding to 8,,, equaling 1, namely N,,,,, =
Z?:l Zim (nOte 2, is binary). Each z;y,, is from a Bernoulli distribution described in (D.4)

which defines a Bernoulli process.

The IBP can be described as follows. Consider a restaurant with a buffet consisting of
infinitely many dishes arranged in a line. The first customer starts at the left of the buffet and
takes a serving from each dish until Poisson ()" number of dishes have been taken, where
v = B(0®) is the total mass of B with finite value. The (n + 1)th customer moves along

the buffet, for each previously sampled dish, the customer samples the dish with probability

Nnm
c+n
cy

viously sampled dishes is reached, the (n + 1)th customer then tries Poisson(;7.) number

of new dishes [78]. A binary matrix sampled from a IBP is illustrated in Figure D.1.

, where N, is the number of people having already token it. After the end of all pre-

To connect the IBP with (D.7), assume the total mass of By is finite, namely By(®) =

~. The first customer corresponds to the measure Z; which is distributed as a Bernoulli

! Poisson(+y) is a Poisson distribution with parameter .
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Figure D.1: A binary matrix generated by the Indian buffet process with v = 10. This figure
is taken from [78].

process Z; ~ BeP(By). Then the sum of this Bernoulli process outcomes is distributed as
a Poisson process with parameter By. Thus, Z1(®) ~ Poisson(B(®)) = Poisson(7).
This means the first customer tries Poisson () number of dishes. The (n + 1)th customer
corresponds Z,, 1, and it is distributed according to the Bernoulli process described in
(D.7), which is the sum of two independent Bernoulli process. Analogous to Z1, the (n +
1)th customer takes dish 6,,, with probability ~==  and takes Poisson(-5L- ) number of new

c+n’ c+n
dishes [178].

D.2  Stick-breaking Constructions

In section 4.3.2, the stick-breaking construction of the Dirichlet process was discussed. This
construction characterises the draws from Dirichlet processes as discrete random measures.
As described in (D.6), a draw from the beta process is discrete with probability one, since
the continue part _7. By becomes 0 when n — oco. This makes the existence of a stick-
breaking construction for the beta process possible. As discussed in [178], such construction
exists and a truncated representation can be described as follows:

N My

BN - Z Z pnm5(070nm) (DS)

n=1m=1
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where

M, ~ Poisson(L )
c

+n— 17
Prnm ~ Beta(l,c+mn —1)
1
enm ~ ;BO (D9)

In (D.9), 7 = By(®) is the total mass on ©. Equation (D.8) gives a truncated representa-
tion of the stick-breaking construction for the beta process. When N — o0, this truncated

representation By converges to B with probability one [178].

A stick-breaking construction of the beta process based on the Lévy measure is dis-

cussed in [174]. When ¢ = 1, this stick-breaking construction can be simplified as:

M
By =Y pmd(6,6,,) (D.10)

m=1

where

Um ~ Beta(1,7)
m

Pm ~ H(l - 'Um)
i=1
1

0,, ~ —By (D.11)
Y

Again, v = B(0®) is the total mass on ®. When M — oo, this truncated representa-
tion B, converges to B. Compared with the stick-breaking construction of the Dirich-
let process described in (4.26), both constructions employ the same breaking ratio v,,, ~
Beta(1, v). For the Dirichlet process, the parts broken off are used, whereas the remaining
parts are used for the beta process. Thus, in Figure 4.2 the blue parts (remaining parts) of

the stick correspond the weights {p1, p2, ...} from a beta process.

Analogous to the mixture models based on Dirichlet processes, mixture models can be
based on beta processes, e.g. the infinite overlapping mixture model based on the Indian

buffet process [83].
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Appendix E

Large Margin Training for the Experts

In section 5.3.3, large margin training is applied to each expert in training the infinite log-
linear model given a sampled set of indicator variables. In this appendix, all the experts
of the infinite log-linear model will be treated as a single set of parameters, and an overall
large margin training criterion for all experts (log-linear models) will be discussed. This
large margin training criterion is a specific example of the general criterion discussed in
section 5.2. This appendix also shows that large margin training for each expert can be

viewed as a special example of large margin training for all the experts.

E.1 The Training Criterion

In the infinite structured discriminative model described in (5.20), the parameters of all the
experts are H = {mn,,,}°°_,. Assume there are N training instances D = {(O1, W7),...,
(On, W)}, the posterior distribution of H can be estimated according to the large margin
training criterion described in (5.11), which is the general criterion discussed in section 5.2

with a hinge loss criterion function:

arf,(«gl)in{KL(q(H)||p(H)) - / q(H)F(H; D)dH} (E.1)

st. q(H) € Pprop
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where p(H) is the prior distribution of H, and F(H; D) is a hinge loss function described
in (5.9):

N

F(H;D) = — ; [w,pri%’i,pn {E(W, W) — M(W, W,; H, on)}} ) (E.2)
In (E.2), for each training instance, the most competing hypothesis and segmentation pair
(W, p) is found over all possible hypotheses and segmentations except the reference with
the corresponding segmentation (W,,, p,, ), and p,, is the most likely segmentation obtained
by the HMM as described in equation (5.25). £L(W, W,,) is the loss between the hypothesis
W and the reference W,,, and || is the hinge-loss defined in (5.10). M(W,W,;; H, O,,)
is the margin, which determines how well the reference label 1¥;, can be correctly separated
with the hypothesis W [165]. In this work the definition of the margin is:

P(Wm ‘Om H, Zn)

POV[0, H, 2) q(©,2)d® (E.3)

M(W,,W;H,0,) = /Zlog

where the conditional probability P(W|O, H, z) is given by the log-linear model defined
in (5.24). Note, the denominator terms of the log-linear model can be cancelled out in
this margin definition (E.3). With this margin definition, the resulting margin has a form
similar to the margin in the structured SVM. Thus, the efficient training approaches used in
the structured SVM can be implemented, e.g. applying the Viterbi algorithm to find the best
competing hypothesis. Other definitions of the margin will be discussed in the following

section.

E.1.1  Other Margin Definitions

In a large margin training criterion, the margin M (-) determines how well the reference
label W, can be correctly separated with the hypothesis W [165]. Thus, the definition of
the margin should be closely related to the class posterior distribution in classification. One
option for the definition of the margin is the logarithm of the class posterior distribution
ratio:

P(Wy|0y, D)

. n :1
M(Wn,W,O ) Og P(W’On7D)

(E.4)

where the distribution P(WW|O, D) is the class posterior distribution used in classifica-
tion, e.g. the class posterior distribution P(W|0, D) = [P(W|0, G)p(G|D)dg in (5.26).
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This is a direct way to define the margin, in which the class posterior distribution gives the
probabilities of the observation having difterent labels. This margin gives a score which can
measure how well the data can be correctly separated. In terms of the margin defined in
(E.4), the class posterior distribution P(WW|O, D) is given by an infinite mixture of log-
linear models, and the denominator term of each log-linear model is different. Thus, the

denominator terms cannot be cancelled out. This leads to inefficiency in training.
Alternatively, the margin can be defined as the expectation of the log posterior ratio:

P(W,,|On, H, 2,
M(Wn,W;On):/Zlog ;(Wl)n’H’Zn))q(G,H,z)d(Q,H) (E.5)

where the conditional probability P(W|O, H, z) is given by a structured discriminative
model, e.g. the log-linear model defined in (5.24). This type of margin definition has the
same form as the margin defined in maximum entropy discrimination (MED) [93]. This
margin (E.s) is also related to the margin (E.3) for the general criterion (E.1), where the

integral over the parameters of the experts H are outside the hinge loss function.

In the structured SVM, which can be interpreted as a log-linear model with large margin
training [210], the margin is defined the logarithm of the conditional probabilities ratio.
Analogously, the margin based on a single expert z,, can be defined as:

P(W’I’L’Ona H7 Zn)
P(W|O,,H, z,)

MW, W;0,,H, z,) = log (E.6)

When the conditional probability P(W|O, H, z) is given by the log-linear model defined
in (5.24), the denominator terms of the log-linear models can be cancelled out in this margin

definition (E.6). This margin then can be described in the form a linear function of 17, :

MWy, W30, H, 20) = 0L, (9(00, Was p) = ®(00, Wip))  (E)

E.2 Large Margin Training

As discussed in section 5.3, from a Bayesian perspective, the model parameters are random
variables, which are marginalised out in classification. In the infinite log-linear model, H
is the parameter set of all the experts, and the size of the set H is infinite. Moreover, the
maximisation is inside the integral in the large margin training criterion (E.1). It is compu-

tationally intractable to solve this general criterion directly. In order to make it tractable, an
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Algorithm 6: The training procedure of the infinite log-linear model
Initialise: §(®, z) and §(H )
repeat
1. Given ¢(H ), update the distribution ¢(®, z)'described in (E.10).
2. Given the distribution §(®, z), update ¢(H') by minimising the large margin

training criterion (E.1) with the hinge loss criterion function (E.2).
until converge or maximum number of iteration is reached,;

approximation is made here. As discussed in section 5.2, the large margin training criterion
becomes tractable when the distribution ¢(H ) to be estimated is a Dirac delta function

with parameters H = {#),,,}°°_;:
g(H) = 6(H, H) = ﬁ (Mo i) (E.8)
m=1
The optimal distribution for the whole model is assumed to be:
4(©, H,z) ~ §(H)¢(O, z) (E.9)

where the overall distribution is decomposed into two distributions. One distribution G(H )
is for the experts, the second §(®, z) is for the gating network. These two distributions are
dependent on each other, and in this work the dependency is restricted to a specific form:
The optimal distribution §(H ) for the expert is estimated by minimising the large margin
training criterion (E.1) given §(©, z); And the optimal distribution for the gating network

is defined as the following posterior distribution given ¢(H ):
i(0,z2) = /p(@,z\H,D)(j(H)dH = p(©, z|H, D) (E.10)

This is the posterior distribution for the gating network, and can be obtained through
Bayesian rule. Since the forms of the distributions ¢(H ) and §(®, z) are dependent on
each other, the optimal distribution §(®, H , z) is obtained by alternatively optimising dis-
tributions ¢(H ) and ¢(©, z) as described in Algorithm 6.

For the infinite log-linear model, the posterior distribution p(©, z| H, D) in (E.10)
does not have a closed form, so Monte Carlo approaches must again be applied. Here Gibbs
sampling is used to iteratively draw from the conditional posterior distribution of each pa-
rameter in turn. These conditional posterior distributions (conditional posterior distribu-
tions for each component and indicator p(8,,,|z*), H, D) and P(z,| z@l, e*-1 H D))
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are the same as the distributions detailed in sections 5.3.1.3 and 5.3.1.4. The optimal distri-
bution of the experts’ parameters ¢(H ) is estimated according to the large margin training
criterion (E.1) with hinge loss criterion function (E.2). Thus estimation of §(H ) depends
on ((©, z), and this dependance is shown in the margin definition (E.3). The distribution
G(©, z) depends on ¢(H) in turn as shown in equation (E.10), hence the training proce-
dure can be summarised as an iterative process described in Algorithm 6. Theoretically,
there is no guarantee on the convergency of this iterative training. If it converges, the opti-
mal distribution is the distribution that minimises the large margin training criterion (E.1),
and also gives the standard conditional posterior distribution (in Bayesian inference) for
the gating network as described in (E.10). In the following sections, estimation of ¢(®, z)

and ¢(H) will be discussed.

E.2.1  Estimation of §(©, z)

The optimal distribution §(©, z) is the posterior distribution of the parameters of the gat-
ing network p(©, z| H, D) as described in equation (E.10). This distribution is the same as
the conditional posterior distribution of the parameters for the gating network in Bayesian
inference of the infinite log-linear model discussed in section 5.3.1.2. Since this posterior
distribution does not have a closed form, Gibbs sampling is applied to sample from the con-
ditional posterior distribution of each parameter, and the process of sampling from these

conditional posterior distributions is the same as that in sections 5.3.1.3 and 5.3.1.4.

E.2.2  Estimation of G(H)

As discussed in the previous section, the distribution ¢(®, z) does not have a closed form.
Here Gibbs sampling is used to sample from this distribution. The margin (E.3) is defined
as integrating this distribution, hence the margin can be approximated by summing over

K samples:

P(W,,|0n, H, 2
P(W|0,, H, 2

K
1
MWy, W; H,O,,) = e Zlog (E.11)
k=1

! In training, the distribution §(®, z) is approximated by samples {@ "), (1K |
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where the samples z(¥) = {zgk), . zj(f)} are drawn from §(©, z), and can be obtained
from the first step in Algorithm 6, which was discussed in section E.2.1. By substituting the
definition of the log-linear model (5.24) into the margin described in (E.11), the denomi-
nator terms of the log-linear models can be cancelled out. Then, the margin (E.11) can be

expressed as:

=

Mo(Wy, W H,O,) Z (n 0 ®(On, W, pn) = 1" (O, W, p)> (E.12)
k;:

where p is the most likely segmentation (corresponding to sentence W) obtained by the

HMM as described in equation (5.25).

In the infinite SVM proposed by Zhu [213], each expert is a discriminant function®,
which is defined as a linear function of 1, namely F' = n'®(O, W, p). As the margin
is defined as the difference of the linear functions, the margin is also linear. In the train-
ing criterion of the infinite SVM described in Appendix B.1, the integral (over ) is inside
the maximisation. Thus the integrand is a linear function of 7, and the integral over 7 is

tractable in the infinite SVM.

For the infinite structured discriminative model discussed in this appendix, the experts
are log-linear models, and the margin is defined as the expectation of the log-posterior
ratio (E.3). With this margin definition, the denominator terms of the log-linear models
are cancelled. As discussed at the beginning of section E.2, the distribution for the experts’
parameters is assumed to be a Dirac delta function ¢(H) = §(H, H) defined in (E.8).
Substituting this delta function and the margin (E.12) in, the large margin training criterion

(E.1) with the hinge loss criterion function (E.2) can be further written as minimising:

N
FUED) = KL D) + 30| e {£070,)-

n—1 W, p#Wn,pn
1 K
= > (70 ®(On Wai pr) = 7 (O, Wi p)) }} (E13)

where, for each training instance with index n, the best competing hypothesis and seg-

mentation pair (W, p) is found over all possible hypotheses and segmentations® except the

' The discriminant function maps the input O directly to a class label W by choosing the class maximising
this function.
* These possible hypotheses and segmentations can be obtained from a denominator lattice [147, 209].
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reference with the corresponding segmentation (W, p,,), and p,, is the most likely seg-

mentation obtained by the HMM as described in equation (5.25).

In the large margin training criterion (E.13), the Kullback-Leibler (KL) divergence is
defined as KL(q(H)||p(H)) = [ q(H)logq(H)dH — [ q(H)log p(H)dH. This crite-
rion (E.13) can be written in a similar form to the large margin criterion described in (5.12)
in section 5.2. [ q(H)log q(H)dH is the negative of the Shannon entropy. Since ¢(H)
is a delta function, this entropy is an infinite but constant value. In the large margin train-
ing criterion (E.13), the best competing hypotheses are found given K parameter samples
{ﬁzw }&_|. However, this leads to inefficiency in training. Rather than optimising crite-
rion (E.13) directly, an upper bound can be used instead. By moving out the summation
over k from the maximisation, the minimisation criterion (E.13) then can be relaxed to its

upper bound. Thus the aim becomes to minimise the upper bound F, (H):

]—“(I%I)g]—“up(ﬂ) logp ZZ{ max {(W,Wn)—

W,0#Wn,pn

(ﬁ:(k)@(onv Wi pn) — ﬁ:(k)q)(om W p)) }} (E.14)

n n +
Given the sampled indicators { z(*) }E |, the number of represented experts (which are
the experts that have associated data) can be determined: M = Hz(k) M ‘ Let the prior
distribution of H be p(H) = [[,>_, p(n,,). For the unrepresented experts (with index
m > M), minimising criterion (E.14) yields the mode of the prior distribution p(n,),).

For the parameters of the represented experts H, = = {7, }}1_,, the large margin training

m=1>

criterion (E.14) can be reorganized as M minimisation criteria:

-FLM Z -FLM (E.15)
where:
| X
Fin(i) = ~log (i) + = > o {eovw)-
klezﬁlk):m,Vn P7Wnon

/N

(O, W pu) = 7, ® (0, Wi ) ) }] (Ea6)
_l’_

Assume the prior of each expert’s parameter is a Gaussian distribution p(n,,,) = N (u,,, 2y)

with mean 1, and a scaled identity matrix covariance X), = C1, then the mth criterion
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can be further written as:

K
. 1. C .
Fu () o< 571 = | I” + e >y [Wﬁgﬁ/}iﬂn {an(b(On, W, p)+
k=1 stlk) =m,Vn

E(VV, Wn)} - ’IA’];L(I)(OH, Wh, Pn):| (E.17)
+

This criterion (E.17) is closely related to the large margin training criterion for each expert
discussed in section 5.3.3, and this relationship will be discussed in detail in the following

section.

E.2.3 'The Relationship with Large Margin Training for Each Expert

Criterion (E.17) has the same form as the large margin training criterion for each expert
described in section 5.3.3 (this type of model is denoted as the iLLM, y+). In the iLLM, y+,
structured SVMs are trained with the data associated with each expert, and the training
criterion for the mth expert in the kth iteration is described in (5.38):

1
Fisa(Mm) = 5l = wllP+C > [ijr;g%,pn {nlﬂ)(Om W, p)+
Vzﬁlk):m,Vn

LW} =200 W) (Ea)
+

Comparing criteria (E.17) and (E.18), the summation bounds are different. The bound of
summation in (E.18) is only for the kth set of samples, whereas in criterion (E.17) the bound
of summationisforallk € {1,..., K}. This means the training data are replicated K times
in large margin training for all the experts (discussed in this appendix). For the nth training
instance, it might be allocated to the same expert m in different iteration k. Thus, the most
competing hypothesis W can be cached, and the cached hypothesis can be reused when

this training instance is associated with the same expert again.

When the margin defined in (E.11) is approximated by one sample (namely K = 1),
the large margin training criterion (E.17) becomes the same as criterion (E.18), which is the
large margin training criterion for each expert of the iLLM, +. Then the iterative process
of optimising ¢(H ) and §(®, z) described in Algorithm 6 becomes the Gibbs sampling
style training process described in section 5.3.3, which is the iterative process described in

Algorithm 1 by replacing sampling for each expert with large margin training.
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E.3 Classification

In section 5.3.1, Bayesian inference of the infinite log-linear model was discussed, where
Gibbs sampling is used in training. For each draw, the number of represented experts (or
components) is determined, and the mixture weight i corresponding to each is propor-
tional to the number of data associated with that expert. All the other model parameters
{ ok H (k)} are also sampled. In classification, these mixture weights and other sampled
model parameters are summed over to approximate the integral over all the model param-
eters, as described in (5.28). In this section, a different perspective on classification will

be discussed, where the mixture weights 7 are considered as been marginalised out in the

model as that in the Chinese restaurant process (CRP).

In large margin training of all experts for the infinite structured discriminative model,
the infinite mixture of experts framework based on the CRP (as illustrated in Figure 4.10)
is used. Indicator variables z = {z1,..., 2y} corresponding to the training data D =
{(O1,W1),...,(Oy,Wy)} are introduced, and the mixture weights w = {m,,,}>°_, are
marginalised out (as in the CRP discussed in section 4.3.3). As described in (E.9), the op-
timal distribution of the model parameters is decomposed ¢(©, H, z) ~ ¢(H)3(©, z),
where the optimal distribution for the experts is a Dirac delta function §(H) = 6(H, H),
and samples {©*)_ z2(k)} are drawn from distribution G(©, z). Then, given the training
data D and a new input O, the conditional probability of the sentence W (corresponding
to O) can be described as:

P(W|0,D)= [ Y P(W|0,0,H,2)§(®,H, z)d(®, H)

—

M= 1= 1

P(W|0,0W) H, 2*)

=~

> P(W|0, H,z)P(z|0,0% 2%) (E.19)
=1

N\H
X
l‘
I

where 2 is the indicator variable corresponding to the new input O, the samples {@(k),

(k)} are drawn from distribution G(©, z), and H are the parameters of (H ) which is a
delta function defined in (E.8). The conditional distribution P(W|O, H, z) (for experts)
is a log-linear model described in (5.24). P(z|O, ok, 2 (for gating network) is the

205



APPENDIX E. LARGE MARGIN TRAINING FOR THE EXPERTS

component posterior distribution of the Gaussian mixture model similar to the component

posterior distribution (5.21):

k . (k)
P(z]0,0%) 2y = PEDIN((0):6:)

= ) 1,2,..., E.
> PN (o)) S o} (E20)

where N (cp(O); ng)) is the component likelihood given by a Gaussian distribution, and
©(0) is a feature function, which maps the input O with various length to a feature with
fixed dimension. The probability P(z|z(*)) is the mixture weights, which is given by the
CRP described in (4.28). As discussed in section 5.3.1.1, only the represented experts are
considered in classification. Given the sampled indicators z(¥), the number of the repre-
sented experts can be determined: M;, = |z(*)|, which is the number of the unique values
in set z(*). And each mixture weight can be described as P(z|z*)) ~ fo)/N, where
NT(f ) is the number of data associated with the mth expert, and IV is the total number of
training data. Let ) = P(z|z®) and (¥ = {7r§k), cee w](\lflz}, the component posterior

distribution in (E.20) becomes the same form as the component posterior distribution in

(5.21):

ng)N(gO(O); 0&’“))

P(z10,0®) 2®) = P(zj0,0®) 7®) ~ :
3. 7N (0(0);68)

G{l,...,Mk}

(E.21)

Given the number of represented expert My, the class posterior distribution (E.19) can

be further written as:

K My .
> > P(W[0, H,z)P([0,0W), 2 (E.22)

k=1 z2=1

P(W|O,D) ~

==

It is interesting to compare this class posterior distribution (E.22) with the class poste-

rior distribution for the infinite structured discriminative model described in (5.28):

K M
1
P(W,|0,D) ~ ?ZZ PW|0,H® 2)P(z|0,0W xk) (E.23)
k=1z=1

They have the similar form, but the parameters of the experts have different meanings. In

the class posterior distribution (E.23), the parameters of the experts H (k) — {ngk) yeens 77&2 }

are sampled from the conditional posterior distribution p(n,,|2**), D) described in (5.33),
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and H®) all vary with k. In contrast, the parameters H in the class posterior distribu-
tion (E.22) are the parameters of (H ) described in (E.8). The parameters H are estimated
according to the large margin training criterion described in (E.1) with criterion function

(E.2), and H do not vary with k.
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Appendix F

Structured Infinite Discriminative Models

In chapter 3.5.2, infinite structured discriminative models were discussed. In this type of
model, the indicator variable corresponding to each utterance is a scalar, where the inputs to
gating network are utterances and all the segments in an utterance share the same indicator.
This might limit the flexibility of the gating network. In order to make better use of the
data, a more granular (vector) indicator will be introduced. By doing so, different sub-
sentence units (such as words or phones) can be associated with different experts, and more
precise predictions can be made possible. This type of model is called the structured infinite

discriminative model, which will be briefly discussed in this chapter.

F1 An Equivalent Form of the Structured Discriminative
Model

As discussed in the previous chapter, in Bayesian inference of the infinite structured dis-
criminative models, given the sampled indicators variables 2k = {z%k), ce z](f)} corre-
sponding to the training data D = {(O1, W1),..., (On, Wy)}, the parameters of differ-
ent experts are conditionally independent, hence the parameters n,,, of each experts can

be sampled separately as described in (5.33). Equivalently, the parameters of all the experts
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also can be treated as a whole, and these parameters can be written in a stacked form':

m
H = (F.l)

M
and for each expert the log-linear model described in (5.24) can be written in the following
form:

P(W|O,H,z) =~ Z

1
Z(H,0,7) exp (HTcI>e(07 W, p, Z)) (F2)

where Z(H, O, z) is a normalisation term, which can be obtained by marginalising over

all passible word sequence 1/ and segmentations p similar to (5.23):

Z(H,0,z) = Z Z exp <HT<I>e(O,VV,p, z)) (F3)
Wew pePy

In the structured discriminative model (F2), p is the most likely segmentation, e.g. the
segmentation given by the HMM as described in (5.25). ®.(O,W, p, z) is the extended

joint feature:

5(2,1)8(0, W, p)
(O, W, p, 2) = : (E4)

5(z, M)®(O, W, p)
where 0(-) is the Kronecker delta, and ®(O, W, p) is the joint feature discussed in sec-
tion 3.5. Given the segmentation p, the utterance and corresponding label can be described
as O = {O1,...,0)yand W = {ws, ..., w|p }, where |p| is the number of segments.

Then the joint feature can be written as [210]:

le:'ﬁ(wi,vl)go(()(i))
Gac (O, W, p) ] _ :

¢(W: p) S (wi v)e (0
¢Ig(VV7 p)

where ¢,.(-) denotes the acoustic features, and ¢y,(-) denotes the language features.

®(0,W,p) = [ (Es)

{v1, ..., v.} denote all possible sub-sentence units (such as tri-phones) in the vocabu-
lary. ©(Oy;)) are the features corresponding to the ith segment, which were discussed in

detail in section 3.5.

' Since there are infinite number of parameters in an infinite model, M is infinite here. Similarly, in the

following sections, without specification, M denotes a positive infinite integer.
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It is worth noting that the structured discriminative model described in (F.2) is equiv-
alent to the log-linear model described in (5.24), but with a different form of expression.
For example, when z = m, in the extended joint feature only the elements associated with
the m!" expert (the elements with (2, m)) have non-zero values, all other elements are
zero. Given the definition (F.1) of the parameters H, then H' ®.(O, W, p, z) can be writ-
ten as n,, ®(O, W, p). Therefore, the structured discriminative model described in (F2) is

equivalent to the log-linear model described in (5.24).

In Bayesian inference of infinite structured discriminative models (as described in sec-
tion 5.3.1), given the sampled indicators z(*) = {ZYC), Cees z](f)} corresponding to the train-
ingdata D = {(O1,W1),..., (On,Wy)}, the number of represented experts M}, can be
determined. The parameters for the represented experts can be written in the form of (F.1)
with M = My, namely H, = [n],..., n]TMk] ". Then, sampling the parameters 7, of each
represented expert described in (5.33) can be described as sampling the whole parameters

H., of the represented experts according to:

p(H 2™, D) o p(H,) [ [ P(Wa|On, H, 2{) (E6)

n

where p(H,) is the prior distribution, and P(W,,|O,,, H,, z,(lk)) is the structured discrim-

(k) )

inative model for the z;, “th expert as described in (F.2). The parameters H Ek can be sam-

pled from (F.6) by using the Metropolis algorithm as discussed in section 5.3.1.5.

In conclusion, by using the form of the structured discriminative model described in
(E.2) with the extended joint feature (F4) and parameters (F.1), sampling the parameters
of each experts in a separate fashion (5.33) is equivalent to sample the whole parameters

according to (E6).

F1.1  Sharing of the Language Model

As discussed in section 3.5, in the structured discriminative model the features can be de-
scribed as the form consisting of acoustic and language features, namely (O, W, p) =

[0..(0, W, p), Pig(W, p)] " as described in (E;5). Then the extended joint feature (F.4) and
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corresponding model parameters (F.1) can be described as follows:

[ 8(2, 1), (0, W, p) ] [ n5° ]
3(z,1)pig(W, p) '
®.(0,W,p,z) = : , H=| : (E7)
3(2, M), (O, W, p) s
3(z, M)ng(W, p) | i

In discriminative models, it is important to tie the model parameters for robust parameter
estimation. In the extended joint feature, the language model features ¢4(-) shared by
different experts, and it is possible to tie these parameters {nllg, e ,nlhgl} corresponding
to the language model features. By using the extended joint feature ®.(-) as described in
(E7), tieing the language model parameters corresponding to different experts can be easily
implemented. When the language model parameters {nllg, e ,nlﬁ} are tied, the extended

joint feature and corresponding parameters can be described as:
6(2,1)$,(O, W, p) ni°

O, (0O, W, p,z) = H = (E8)

0(2, M)y (O, W, p) M
(W, p) n's
By sharing the language model parameters, in Bayesian inference of the infinite structured

discriminative model, the parameters of the represented experts still can be sampled ac-

cording to the posterior distribution described in (F.6).

F12  Classification

As discussed in section 5.3.1.1, only the represented experts are used in classification in this
work. Given the sampled indicators z(%), the number of represented experts can be de-
termined, namely M, = |z(¥)|. Then, the parameters H of the represented experts can
written in the form of (E8) with M = M. In inference, parameters H Ek) can be sampled
according to the conditional posterior distribution (F.6). Given these sampled parameters
H®), the parameters of different experts are known and can be written as follows:
ac(k) ac(k)
k k
775 ) = [ nllg(k) ] )T 7775\/1) = [ n?g{(k) ] (F9)
n n

Then the class posterior distribution described in (5.28) can be used in classification. Al-

ternatively, when using the form of the extended joint feature and corresponding model
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Z ={z1,%2,23,24, 25}

21 22 z3 24 25
O: e —0— -0 —— —— -9
Oq) O(2) O3 O O¢s)

Figure E.1: The vector indicator variable Z corresponding to an utterance.

parameters (as described in (E8)) directly, given an input utterance O, the class label W
can be found by maximising the following class posterior distribution, which has a similar
form to (5.28):

K My

1
P(W|0.D) ~ + S-S Ppwio,HY, 2)P(z|0,x®), @®) (E10)
k=1 2z=1

where P(W|O, H ﬁk), z) is the structured discriminative model described in (E2), and
P(z]0,7®) @®*)) is the probability given by the gating network, which is the same as

that discussed in section 5.3.

F2 Structured Infinite Discriminative Models

In the previous section, the parameters of the experts were treated as a whole and these
parameters were described in the form of the extended joint feature. Share of the language
model parameter among different experts was also discussed. So far the indicator variable
z corresponding to an utterance is a scalar, whereas in this section a more general form
of the indicator (a vector) will be discussed, and this type of vector indicator also can be
incorporated into the extended joint feature described in (E4). In order to distinguish from
the scalar indicator z, the vector indictor corresponding to an utterance O is denoted as Z.
Consider a segmented utterance O = {Oy), ..., Op))} with label W = {w1, ..., w)y },
the corresponding vector indicator can be described as Z = {z1, ..., z|,| }, where p is the
most likely segmentation and |p| is the number of segments. An example of the vector
indicator with associated utterance is illustrated in Figure F.1. Given the vector indicator Z,

the extended joint feature and corresponding model parameters described in (E.8) becomes
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the form written as follows:

lei‘l 5('217 l)d)ac (O(z)a Wi, pi) n?c

®.(0,W,p, Z) = o : ,H = :ac (En)
> 0(2i, M) dac (O iy, wis pi) Mt
(V. p) e

where p = {p1,.. ., pjp|}> Pac (O(i), w;, p;) is the acoustic feature vector for a segment,

and this feature vector is the utterance acoustic feature vector described in (F.5) with one

segment in an utterance:

5(wi, 1)1)@(0(1'))
¢ac (O(’L) y Wi, Pz) = (F.IZ)
§(wi,v.)p(O)
where p; is the segmentation corresponding to the ith segment, hence |p;| = 1. {v1,...,v.}
denote all possible sub-sentence units (such as tri-phones) in the vocabulary, and go(O(i))
are the features corresponding to the ith segment. By using vector indicators, the structured
discriminative model described in (F.2) becomes:
1
PW|O.H,Z) ~ ——— (HT@ o, W, ,Z) F

where Z(H , O, Z') is the normalisation term:

2(H,0,2)=Y 3 exp (HT<I>e(O,W, P, Z,,)) (F14)
Wew pePy

In calculating the normalisation term (F.14), all passible segmentations are considered. As
an approximation, the denominator lattice can be used to provide all possible segmentations
for an utterance. Since vector indicator variables are introduced, in an utterance different
segments can be associated with different experts. Thus, the indicator variable set Z’ cor-
responding to all these possible segments is introduced. Z’ indicates the assignments of all
the arcs (to different experts) in the denominator lattice. The vector indicator correspond-
ing to segmentation p is denoted as Z,. It is worth noting that Z’ is treated as an additional

given indicator set, and Z is part of Z !

When the indicator variable is a scalar, each input to the gating network is an utterance.
When a vector indicator variable Z is introduced, each scalar indicator z; corresponds to
a segment. Then each input to the gating network is a segment, and different scalar indi-

cators for an utterance can indicate to different experts. Similar to the infinite structured
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Figure F.2: The indicators with constraints

discriminative model where each utterance corresponds to a scalar indicator, when using
a vector indicator for an utterance, the gating network can also be based on an infinite
mixture model. In this work, the scalar indicators associated with the same utterance are
assumed to be independent to each other. Thus, for an utterance O = {Oy), ..., O(|p)) }
with vector indicator Z = {z1,...,2|p|}, the probability of the indicator Z given by the
gating network can be decomposed:

lp
i=1

where p(z;|O;), 7, ©) is the component posterior distribution of the infinite mixture model
as described in (5.21) with a segment input O ;. By introducing the vector indicators, the
conditional probability given by the infinite structured discriminative model described in

(5.20) becomes:
P(W|0,G) =) P(W|0,H,Z)P(Z|0,=,©)
z

d
~> PWI|0,H,Z)[[ P(2il0u),=,©), ZcZ (F16)

z i=1
where G = {7, ®, H} are all the parameters of the model, and Z is the set (with infinite
size) that gives all possible values for vector Z. P(W|0O, H, Z) is the conditional probabil-
ity of the structured discriminative model defined in (F.13). The model described in (F.16)

is called the structured infinite discriminative model in this work.

F2.1  Constraints on the Indicators

For the structured infinite discriminative model, in an utterance the segments having the
same label can be associated with different experts. In an utterance, the segments having the
same label have similar characteristics, it would be more appropriate to let these segments

share the same model parameters. Then, constraints can be introduced to the indicators.
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Figure E.3: The segments in an utterance share the same indicator.

One possible constraint is to let the segments with the same label in an utterance be as-
sociated with the same expert. An example is illustrated in Figure E2. In this example,
given that segments O ;) and O 4) have the same label, the associated indicators will be as-
signed the same value. By introducing constraints to the indicators, the structured infinite

discriminative model then becomes the constrained structured infinite discriminative model.

F2.1.1  Another Constraints

In the infinite structured discriminative model discussed in chapter 5, each utterance cor-
responds to a scalar utterance, namely different segments are associated with the same ex-
pert. Similarly, in the structured infinite discriminative model, the vector indicator (or all
the scalar indicators) corresponding to an utterance can be constrained to share the same
value. An example is illustrated in Figure E3. It is worth noting that, in the structured
infinite discriminative model, the inputs to the gating network are segments rather than

utterances (in the infinite structured discriminative model).

E3 Summary

In this appendix, the structured infinite discriminative models were briefly introduced. This
type of model is a modification of the infinite structured discriminative model. In the infi-
nite structured discriminative models scalar indicators are used for utterances, whereas the
indicator variables are vectors in the structured infinite discriminative models. By intro-
ducing vector indicators, an infinite model (the gating network) can be built based on the
segment inputs. This gives more flexibilities to the gating network, e.g. different segments
in an utterance can be associated with different experts, and constraints can be added to

different segments.
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