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ABSTRACT

Hidden Markov models, which can be based on either discrete output probability
distributions or continuous mixture output density functions, have been demonstrated as
one of the most powerful statistical tools available for automatic speech recognition. In
this thesis, a semi-continuous hidden Markov model, which is a very general model
including both discrete and continuous mixture hidden Markov models as its special
forms, is proposed. It is a model in which vector quantisation, the discrete hidden
Markov model, and the continuous mixture hidden Markov model are unified. Based on
‘the assumption that each vector quantisation codeword can be represented by a
continuous probability density function, the semi-continuous output probability is then a
combination of discrete model-dependent weighting coefficients with these continuous
codebook probability density functions. In comparison to the conventional continuous
mixture hidden Markov model, the semi-continuous hidden Markov model can maintain '
the modelling ability of large-mixture probability density functions. In addition, the
number of free parameters and the computational complexity can be reduced because all
of the probability density functions are tied together in the codebook. The semi-
continuous hidden Markov model thus provides a good solution to the conflict between '
detailed acoustic modelling and insufficient training data. In comparison to the
conventional discrete hidden Markov model, robustness can be enhanced by using
multiple codewords in deriving the semi-continuous output probability; and the vector
quantisation codebbok itself can be optimised together with the hidden Markov model
parameters in terms of the maximum likelihood criterion. Such a unified modelling can
substantially minimise the information lost by conventional vector quantisation.
Evaluation of the semi-continuous hidden Markov model was carried out in a range of
speech recognition experiments and results have clearly demonstrated that the semi-
continuous hidden Markov model offers improved speech recognition accuracy in
comparison to both the discrete hidden Markov model and the continuous mixture
hidden Markov model. It is concluded that the unified modelling theory is indeed
powerful for modelling non-stationary stochastic processes with multi-modal
probabilistic functions of Markov chains, and as such is very useful for automatic speech

recognition.
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CHAPTER 1

INTRODUCTION

Speech has evolved over many centuries to achieve today’s rich and elaborate form.
Human communications are today dominated by spoken language, whether face to face,
over the telephone‘, or through television and radio. In direct contrast, human-machine
(cbmputer) interaction is largely dependent on keyboard strokes, or otﬁer mechanical
means. As such, this interaction mode demands skill development by individuals and
presents a barrier to widespread use of computer systems. Consequently, the goal of
overcoming this barrier by building machines that understand spoken language has
attracted the attentions of scientists over the past 50 years. Usage of a spoken language
understanding interface would be invaluable since speech communication is a natural
and efficient mode for the human user. Example applications include automatic dictation
(especially for Chinese and Japanese), database query (such as airline reservations),
command and control, and computer-assisted instruction. Achievement of this spoken
language understanding goal demands integration of both speech processing and natural
language processing. One of the key problems remains to be automatic speech
recognition. The task of a speech recognition system is to take as input, the acoustic
waveform produced by the speaker and to produce, as output, a sequence of linguistic

words corresponding to the input utterance.

Many uncertainties exist in speech recognition. The uncertainty. associated with
words that have been spoken to a speech recognition system is compounded by the
* acoustic uncertainty of the different accents and speaking styles of individual speakers;
by the lexical and grammatical uncertainty of the language the speaker uses; and by the
semantic uncertainty of the subject the speaker wants to talk about. The speaker may
inquire about flights to Beijing, or may reserve a ticket to Edinburgh, or may even be
dictating an article in Chinese. Acoustic uncertainty has many components, such as the

general quality of a speaker’s voice; speaking speed and loudness; accent; and unusual
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speaking conditions such as illness or stress. In addition, acoustic contaminants such as
room noise or competing speakers constitute a proBlem. A successful speech recognition
system must take into account all of these acoustic uncertainties. Lexical, syntactic,
and semantic knowledge must then be applied in a manner which permits cooperative
interaction among the various levels of acoustic, phonetic and linguistic knowledge in
minimising the uncertainty. However, when compared with human performance, only
very restricted speech can currently be used in existing speech recognition systems. The

principle constraints include:

(1) speaker dependence rather than speaker independence,

(2) 1isolated word iﬁput rather than continuous speech oberation,
(3) limited rather than extensive vocabulary, and

(4) artificial grammar rather than natural language.

Scientists with backgrounds in sighal processing, pattern recognition, artificial
inteliigence, linguistics, statistics, information theory, and psychology have been
attacking the many problems of speech recognition. Their efforts can be broadly

classified into:

(1) Modelling of the speech signal and its variability to facilitate efficient information
extraction. These variabilities include phonetic and linguistic effects, inter-speaker

and intra-speaker variabilities, and environmental acoustic variabilities.

(2) Automatic acquisition and modelling of linguistic events (lexicon, syntax,

semantics, discourse, pragmatics, and task structure).

(3) Developing human factors methods for the design of an effective user interface.

Research in speech recognition has followed two primary routes — those adopting
a knowledge-based approach, and those adopting a statistically data-based approach.
Knowledge-based approaches to speech recognition and understanding [89], have
attempted to express human imowledge of speech in terms of acoustic-phonetic rules
based on specified features of the acoustic waveform. For these approaches, the acoustic
signal is usually first segmented and labelled into phoneme-like units, and. the resulting
phoneme string is used for lexical and syntactic analysis. Words in the lexicon are

represented in terms of phonemic spellings, and syntax is usually described by
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conventional linguistic means. Knowledge is represented in computer programs created
by linguistic and phonetic experts [33,172]. It is known that human experts can be
trained to read speech spectra giving strength to the proposition that distinct features
exist in the speech spectrum [172]. Machine realisation of this human abilify is
however currently far poorer than the well-trained human expert. In addition to the
absence of good understanding of the human auditory mechanism, this knowledge-based
app_roach is also constrained by the inability of human experts to completely formalise
their knowledge. Here totally reliable features are required to represent speech signals,
before acoustic segmentation, phonetic labeling and lexical decoding can be carried out
with any degree of accuracy. Formants are considered to be one of the most impdrtant
features in speech recognition, and various methods have been developed to track
formants from speech signals. None of this work to date has achieved the required
accuracy for épeech recognition and it can be argued that even if an excellent formant
tracker were available, a-priori knowledge would still be needed to indicate phonetic
context for formant tracking. However, without good feature representation (of formants
etc.), it is extremely difficult to obtain the necessary a-priori phonetic knowledge based
on these features. Thus some sophisticated and interactive formant tracking algorithms
are necessary in order to obtain reliable formant estimation. This remains an unsolved
problem for the knowledge-based approach. It should be noted, however, that the

knowledge-based approach remains an important research area [66,173].

In contrast to the knowledge-based approach, alternative data-based statistical
approaches have achieved considerable success. These are usually based on modelling
the speech signal itself by some well defined statistical algorithms that can
automatically ‘extract knowledge from speech data. This thesis will focus on the
alternative statistical approaches, and the knowledge-based approach will not be
considered further in this work. The predominant class of these algorithms is the
hidden Markov motiel (HMM) (7,15,80,96]. An HMM-based speech system depends on

three key factors:

(1) a detailed modelling scheme which is capable of accommodating various

uncertainties,



(2) access to sufficient speech training data, and

(3) an automatic learning algorithm to improve the recognition accuracy.

By using HMMs, the speech signal variability in parameter space and time can be
modelled effectively. Unlike the knowledge-based approach, the HMM learning
procedui'e is done by presenting speech data to HMMs and automatically improving the
models by data as opposed to some heuristic rules presented by human experts. In
general, the more data présented to the model, the higher the recognition accuracy
achieved. Motivated by neural network research, improvements can also be obtained by
incorporating classification into parameter estimation [12,431. HMM methods have
presented speech recognition with a solid theoretical basis, and have resulted in
significant advances in large-vocabulary continuous speaker-independent speech

recognitipn [961].

The HMM can be based on either discrete output probability distributions or
continuous output probability density functions, which are very important to acoustic
modelling. Both the discrete HMM and continuous HMM are widely used in state-of-
the-art speech recognition systems [7,43,96,128,140]. For the discrete HMM, vector
quantisation (VQ) makes it possible to use a nonparametric, discrete output probability
distribution to model the observed speech signals. The objective of VQ is to find the set
of reproduction vectors, or ‘codebook, that represents an information source with
minimum expected distortion. Under the discrete HMM framework, VQ is first used to
obtain discrete output symbols. The discrete HMM then models observed discrete
symbols. In contrast, the continuous mixture HMM [138] uses continudus mixture
probability density functions to directly model speech parameters without using VQ and

usually needs extensive training data and computation times.

In this thesis, a semi-continuous HMM, which is a very general model including
both discrete and continuous mixture HMMs as its special forms, is proposed. It is a
model in which VQ, the discrete HMM, and the continuous mixture HMM are unified.
Based on the assumption that each VQ codeword can be represented by a continuous
probability density function, the semi-continuous output probability is then a

combination of discrete model-dependent weighting coefficients with these continuous



codebook probability density functions. In comparison to the conventional continuous
mixture HMM, the semi-continuous HMM can maintain the modelling ability of large-
mixture probability density functions. In addition, the nuxﬁber of free parameters and
the computational complexity can be reduced because all of the probability density
" functions are tied together in the codebook. The semi-continuous hidden Markov model
thus provides a good solution to the conflict between detailed acoustic modelling and
insufficient training data. In comparison to the conventional discrete HMM, robustness
can be enhanced by using multiple codewords in deriving the semi-continuous output
probability; and the VQ codebook itself can be optimised together with the HMM
parameters in terms of the maximum likelihood criterion. Such a unified modelling can
substantially minimise the information lost by conventional VQ; The ﬁﬁiﬁed modelling
approach leads to superior perfofmance in comparison to both the discrete HMM and the

continuous mixture HMM.

1.1. Thesis Organisatioﬁ

This thesis will be concerned with the statistical modelling of speech signals. In
particular, acoustic modelling problems will be studied. A unified modelling approach to

hidden Markov modelling and VQ with a semi-continuous HMM is proposed.

Throughout this thesis, unless explicitly noted, discrete probability of finite
symbols O will be denoted by Pr(0); and continuous probability density function for the
continuous observations X will be denoted by f(x), Fundamental techniques and
principles involved in speech recognition, and the results of experiments by other
researchers with various formulations and extensions are first reviewed and discussed in

Chapter 2.

Chapter 3 describes VQ techniques which have been widely used in speech
processing, coding and recognition. The modelling method can be viewed as a problem
of estimating parameters for a family of continuous mixture probability density

functions, which pave the way for the unified modelling approach of the VQ and HMM.
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Mathematical principles of the HMM and related techniques for speech recbgnition
are described in Chapter 4. This Chapter is the foundation of the statistical modelling
tool, the HMM, which will be discussed throughout this thesis. Chapter 5 describes
continuous HMMs, which parallel discrete HMMs. The continuous mixture HMM is
discused in detail, since it is strongly related to the semi-continuous HMM. Chapters 2-5

represent the theoretic foundation to the unified modelling theory in this thesis.

The semi-continuous HMM is presented in Chapter 6. The unified theory of VQ
and hidden Markov modelling and related techniques for speech recognition, which are
heavily relevant {0 the discussion in Chapter 4 and Chapter 5, are highlighted. The
semi-continuous HMM offers modelling power similar to the continuous mixture HMM
with a large number of mixture densit& functions, while demanding much lower
computational complexity than the continuous mixture HMM. In gddition, the semi-
continuous output probability density function can be well smoothed in comparison to
the discrete HMM. From the discrete HMM point of view, the semi-continuous HMM
can minimise the information lost by VQ. From the éontiﬁuous mixture HMM point of
view, the semi-continuous HMM can reduce the number of free parameters and

computational complexity because of tying of continuous density functions.

Chapter 7 discusses issues for designing a speech recognition system using HMMs.
Topics such as choice of modelling unit, use of smoothing techniques, scaling, multiple

features, and other implementation §roblems are included.

Chapter 8 begins .the presentation of practical results and contains results of
experiments with isolated digit recognition. The experimental results of semi-
continuous HMM without reestimation of the VQ codebook are discussed and compéred
with other techniques. Thereafter, Chapter 9 contains results of experiments in pﬁoneme
classification. The experimental results of semi-continuous HMM with simplified unified

techniques are discussed and compared with other techniques.

Chapter 10 describes experiments carried out in large-vocabulary speaker-
independent continuous speech recognition, exploring the effectiveness of the unified
modelling theory introduced in Chapter 6. The relationships among continuous HMMs,

discrete . HMMs, and semi-continuous HMMs- are explored by conducting various



experiments.

Finally, Chapter 11 summarises the major results in this thesis, and contributions

to the field of speech recognition. Possible future work is also discussed.



CHAPTER 2

FUNDAMENTAL TECHNIQU'ES' FOR SPEECH RECOGNITION

The task of speech recognition is to recover a linguistic message which is encoded
in the acoustic speech signal of an utterance. Various systems and metho&s have been
proposed, tested, and abandoned. That is the history of speech recognition over the past
fifty years. Advances in computing technology, the availability of extensive,
characterised speech database, and ;;he creation of powerful new statistical algorithms
have greatly renewed interest in the field. A typical speech recognition system will
consist of three major components — signal processing, acoustic pattern matching, and
language modelling. In the signal processing stage, a speech signal is converted into a
sequence of information-bearing analysis frames. The acoustic pattern matching stage
then interprets these frame sequences into possible linguistic words. The language
modelling stage determines valid linguistic words or sentences spoken. It should be
pointed out here that these components may well not be separable in practice, especially.
in HMM-based speech recognition systems. This Chapter will briefly review those

techniques that are important for state-of-the-art speech recognition systems.
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2.1. Signal Processing for Speech Recognition

The purpose of signal processing is to derive  a set of parameters to represent
speech signals in a form which is convenient for subsequent processing. Both time
domain and frequency domain approaches can be used [49,135]. Time domain
approaches, such as parameters of energy and zero crossing rate, deal directly with the
waveform of the speech signal and are usually simple to implement. Frequency domain
approaches involve some form of spectral analysis and usually display characteristics
that ‘are not directly evident in the time domain: these are the most widely used signal
analysis techniques in speech recognition. Associated with the signal analysis method is
a distortion measure which calculates the distortion dissimilarity between two specific
speech frames. In statistical modelling, the distortion measure is actually based on the

probability density function created from a large number of characterised speech frames.

_Vax‘ious_teéhniques of signal processing and feature extraction for speech recognition

have been reported. Most of these techniques highlight reliable and tractable
representation of speech signal specfra, notably those based on linear predictive coding
(LPC) [4,78,108,135] analysis and those based on short-time Fourier analysis [35,135],

often in combination with vector quantisation or formant frequency estimation.

2.1.1. Short-time Fourier analysis of speech signals

Short-time Fourier (spectral) analysis is a method for analysing time-varying
waveforms. Components of the speech signal are time-varying at the articulator rate,
so the speech waveform is suited to short-time analysis. Short-time analysis depends on
windowing of the speech waveform and the results depend on the properties of the
specific window function employed. With a window of finite time duration, the window
can move progressively along the speech signal to select short sections for analysis. A
number of fundamental concepts and deﬁnitions of short-time Fourier analysis can be
found in [49,135], and details of a typical speech recognition system based on short-time

Fourier analysis can be found in [82].
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Bandpass filter analysis methods can be considered as a special form of short-time
Fourier analysis [135], and such bandpass filter methods have been widely used in
speech recognition [24,35]. The bandpass filter system may use a variety of different
frequency spacing [35,36,168], and use of frequency spacing defined from auditory
modelling, such as mel-scale, or bark-scale, may irhprove system performance in terms of

recognition accuracy.

2.1.2. LPC analysis of speech signals

Linear predictive coding (LPC) can provide a complete description for a speech
production model at the vocal tract level. The basic idea underlying LPC is that each
speech sample, x,, can be represented as a linear combination of previous samples, and
prediction errors can then be minimised according to the mean-sqﬁare value of the

prediction error, ¢;, which is defined by

e, = x;, + izla,-x,..i. , (2.1.1)
i= .

where p is the order of LPC analysis; aﬁd a; are LPC coefficients. The LPC coefficients
which minimise the mean-squared prediction error can be obtained by setting the
partial derivative of the mean-squared prediction error (with respect to each a;) equal to
zero. Minimising the prediction error is equivalent to minimising the integrated ratio of
the speech spectrum to the estimated all-pole model spectrum [135]. This implies that
given the spectrum of a speech signal, the LPC technique models the spectrum as a
smooth spectrum of an order-p all-pole filter such that the integrated sum of the ratio
between the two spectra is minimised. The value of p required for adequate modelling of
the vocal tract depends on the sampling frequency used in digitisation of the signal: the
higher the sampling frequency, the larger the analysis order p should be. It has been
~ suggested that when the sampling frequency in kHz is n_the analysis order should be
at least n+4 [108]. Detailed description of such LPC details can be found in

[49,108,135].

From the stochastic process point of view, a speech signal, x;, can be considered as
a time series of a stationary Gaussian process. An N-sample segment of a speech

signal, X=(x, 41X, 49 """ X.+nN):, (here c is a constant, which may be assumed to be
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zero for simplicity) can be assumed to be a segment of a process with a spectral density
of the all-pole rational form. The maximum likelihood method can then be used to
estimate the unknown parameters, {a}, of the process density [78], which result in the
same formulation of minimisation of the mean-square of prediction error over the period
of time N. Maximum likelihood estimation is the most commonly used criterion in
parameter estimation. The purpose is to use the information provided by known samples
to obtain good estimates for the unknown parameter. Intuitively, good estimates should
correspond to the value that in some sense best agrees with the actually observed
samples. The likelihood can then be defined as a function of parameters, {a}, with
respect to the set of samples, namely, Pr(x|a). The maximum likelihood estimate of {a}
is then the value that maxzimises the likelihood function. From such a statistical point of
view, LPC analysis can be closely weldgd into hidden Markov modelling [85,131] to

provide a computationally efficient model for speech recognition.

2.1.3. Cepstral analysis of speech signals

The basic model of speech production can be considered as a vocal tract filter
excited by a periodic excitation function for voiced speech or white noise in the case of
unvoiced speech. The observed speech sequence is thus a convolution of the excitation
and the vocal tract filter impulse response in the time domain or the product of the
excitation and the filter spectra in the frequency domain. Short-time spectra comprise a
slowly varying envelope corresponding to the vocal tract filter and, in the case of voiced
speech, a rapidly varying fine structure corresponding to the periodic excitation
frequency and its harmonics [135]. If, in the frequency domain, the product of the
excitation and filter spectra is transformed to the summation of these two spectra
(logarithm operation), the transformation from the frequency domain back to the time
domain results in the cepstrum, which has a number of properties well suitable to the

deconvolution of speech [135,148].

Cepstral coefficients which can also be obtained from LPC analysis [135], have
been widely used in speech recognition. The cepstral coefficients, c¢,, of the spectra
obtained from LPC analysis can be computed recursively from the LPC coefficients, a;,

as:
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n—1 n—k
Cpn = —@y — O apc,_p, n=1 (2.1.2)
) k=1
where a;, =0 when k>p.

A variety of speech recognition systems using cepstral analysis have been reported
[31,36,96,140]. A distinctive advantage of the cepstral analysis is that correlation
between coefficients is extremely small such that simplified modelling assumptions can

be applied. This is a very useful property as will be discussed in Chapter 10.

2.1.4. Distortion measures

The distortion measure, also known as distance or dissimilarity measure, between
two speech frames has played a key role in speech coding, analysis, and recognition.
Several studies have been conducted to investigate the properties of distortion measures

from both theoretical and practical points of view [59,60,124].

- Because of the uncertainty and randomness of speech signals, the distortion
measure can be generally replaced by employing a continuous probability density
function, in which the larger the de’nSity, the smaller the distortion. The parameters of
a template probability density function can be estimatéd from extensive training data,
which will usually lead to a more robust representation in comparison to conventional

distortion measures.

The most widely used density function is the Gaussian density function which can

be written as:

_ 1 pc-ptEix-p
o0 = amir 3z DA (2.1.3)

where X is a d-component vector, y is the d-component mean vector, 2 is the d-by-d
covariance matrix. (X — p)* is the transpose of Xx— 1, =71 is the inverse of =, and |2 is
the determinant of 2. For simplicity, Eq. (2.1.3) is often abbreviated as N(g,2). The
covariance matrix 2 is always symmetric and positive semidefinite.. 2 is restricted to be
positive definite. Let x; denote the ith component of X, and 0;; denote the i—jth

component of 3. The diagonal element o;; is the variance of x;, and the off-diagonal
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element o;; is the covariance of x; and x;. If x; and x; are statistically independent,
'0;;=0. This results in diagonal covariance matrices. If all the variance o ;; are assumed
to be the same, Eq. (2.1.3) will deteriorate to the Euclidean distortion measure. Samples
drawn from a Gaussian population tend to fall in a single cluster as Figure 2.1.1. The
centre of the cluster is determined by the mean vector, and the shape of the cluster is
determined by the covariance matrix. It follows from Eq. (2.1.3) that the loci of points of
constant density are hyperellipsoids for which the quadratic form (x-—p.)'Z—l(x—p.) is
constant. The principal axes of these hyperellipsoids are given by the eigenvectors of Z,
and the eigenvalues determine the lengths of these axes. The volume of these
hyperellipsoids measures the scatter of the samples about the mean, which varies
directly with |=|*2. As the Euclidean-like distortion measure can be viewed as a
special form of Gaussian density, parameters suitable to a.- Euclidean-like distortion
measure, such as LPC cepstral coefficients, can also be modelied by Gaussian density

functions.

2.1.5. Vector quantisation

Vector quantisation (VQ) is an information-theoretic data compression principle
introduced by Shannon [153]. For a specified transmission rate, the objective of VQ is to
find the set of ;'eproduction vectors, or codebook, that represents an informatibn source
with minimum expected distortion. The data compression is achieved by using the
codebook vector index rather than the original source vector. VQ has been successfully
used in speech coding, image coding, and speech recognition [62,96,99,101,107,115]. In
hidden Markov modelling, VQ makes it possible to use a discrete probability

distribution to model the observed speech signals.

As conventional VQ involves the classification of data into a discrete number of
categories, some information may be lost. An alternative approach for VQ is to avoid
partitioning of acoustic space into separate regions. Here, the codebook can be
represented by a parametric family of mixture probability density functions with each

codeword represented as a probability density function. These distributions are
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overlapped in acoustic space. Multiple codewords with similar acoustic properties can
then be used together to model acoustic events. Although parameter estimation of such
a family can be obtained from various techniques [38,141], the method of maximum
likelihood estimation has been studied as the most widely preferred approach to mixture
density estimation problems. Associated with obtaining maximum-likelihood estimates,
computational difficulties arise because of the complex dependence of the likelihood
function on the parameters to be estimated. The customary way of finding a maximum-
likelihood estimate is first to determine a system of equations called the likelihood
equations which are satisfied by the maximum-likelihood estimate, and then to attempt
to find the maximum-likelihood estimate by solving these likelihood equations. The
maximum likelihood estimates are usually found by differentiating the logarithm of the
likelihood function, setting the derivatives equal to zero, and performing some
additional algebraic manipulations. Unfortunately, for mixtufe density problems, the
likelihood equations are almost certain to be nonlinear and beyond hope of analytic
solution. Consequently, it is necessary to seek an approximate solution via some
iterative procedure. The EM algorithm [38] is such a distinctive iterative procedure
with which VQ and subsequent hidden Markov modelling can be unified together. VQ
and its relation to hidden Markov modelling will be discussed in detail throughout this

thesis.

2.2 Acoustic Pattern Matching

With a given speech representation, acoustic pattern matching will detect and
classify possible acoustic patterns, which can be phonemes, s'yllables, words, or
sentences, from speech signals. Acoustic pattern matching forms the central issues in
speech recognition research. The most important progress has been achieved using
techniques based on the dynamic time warping (DTW) algorithm, the hidden Markov
model (HMM), and neural networks.
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2.2.1. Dynamic time warping algorithm

Dynamic timé warping (DTW) [79,136,146], also known as Dynamic Programming
(DP) matching, was introduced for nonlinear time alignment of speech patterns. DTW
can effectively minimise errors occurring during time alignment of two speech
sequences, and can significantly improve speech recognition accuracy in comparison to
_ other non-aligned matching techniques. The basic idea of DTW, nonlinearly stretching
or compressing a signal in time, has been uséd in various speech recognition systems,
including vHMM-based speech recognition systems where it is better known as the

Viterbi decoding algorithm [53,163].

Consider two acoustic templates, X, Y, which consist of sequences of

representations of short time segments or "frames" of the speech waveform.

X = X1 Xp...,X7,

, (2.2.1)
Y = y1¥s,...¥T,

where ‘Tx and T, are the total frames of X and Y respectively; and x; for the ith frame
of X may be a vector of bandpass filter outputs, or a set of cepstral coefficients. In
geheral, even for the same spoken word, the acoustic realisation of the word may vary
signiﬁcantly with effects such as articulatory rate, causing 7', and Ty to be different. In
comparing the two templates, i.e. computing the distortion measure between X and Y,
each frame of X is matched with a frame of Y, and a frame distortion, d(x; y;), is
computed as described previously. Then an overall distortion, D(X, Y), is computed
from the frame distortions for all the matched pairs of frames. As there are acoustic
realisation variances between X and Y with time, the optimal comparison point will
correspond to the matching together of the mth frame of X and the nth of Y, stretched
or compressed according to the time variances of the two templates rather than simply
matching points linearly. Intuitively, the matching between X and Y will be optimum
in terms of temporal alignment if the time axis is transformed before the comparison
starts. The sequence of matched pairs of X and Y form a time registration path, which
can be depicted _ in Figure 2.2.1. The analysis vectors (frames) of the two utterances
are positioned with their first frames in the bottom left corner of the figure with

subsequent vectors following in the x-axis and y-axis direction respectively. The slope of
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Figure 2.2.1. Sequence of matched pairs
S in the DTW algorithm

the path represents the degree of compression applied to Y in aligning it with the
frames of X. In particular, a vertical step in the path corresponds to the matching of two
successive reference frames to the same frame of X, and a horizontal step corresponds to

the matching of the same frame of Y to two successive frames of X.

The overall distortion is a weighted sum of the individual frame distortions for
pairs of frames on the path. The weight given to each frame distortion measure can be
made to depend on the slope of the time registration path near the point defined by the
pair éf frames in question. The time registration problem involves finding the best
possible time registration path for X and Y, i.e. the path which minimises the overall
distortion subject to appropriate constraints, such as endpoint, continuity, and
monotonicity constraints [136]. This can be done by proceeding along X one frame at a

time and, for each successive frame X;, computing a frame distortion d(x; y;) and an
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accumulated distortion D(i,j) for each value of j permitted by the search area
constraints. The accumulated distortion is the weighted sum of the frame distortions on
the 6ptimél partial path from the initial point to (i,j) and is found by optimising over

the points permitted as predecessors of (i,j) on such partial paths.

Typical DTW-based speech recognition systems can be found in
(23,79,111,114,121,136,146,147]. The DTW-based approach is a non-parametric
technique; and many speech templates are required to accommodate various
uncertainties. This results in extensive computational load in the decoding procedure, as
well as an extended training procedure. It has been shown that DTW can be considered
a special case of hidden Markov modelling, which is a parametric technique and offers

flexibility and improved recognition accuracy [25,84].

2.2.2. Hidden Markov modelling

Statistics and probability theory have much to offer to speech recognition. First,
classical multivariate statistical distributions, defined over a given pattern space,
_ provide an adequate model for the variability of the pattern representations. Second, fhe
question of whether or not a given pattern belongs in some pattern class may naturally
be treated as a test of hypothesis, or as a special case of the statistical decision theory
problem. For more than two decades, statistical pattern classification has been a healthy
branch of pattern recognition [42,45]). Applications of basic theories of statistical
pattern recognition, such as Bayesian decision [5,27,82,164], Bayesian learning [160],
and feature analysis [26], can be widely found in speech recognition. The most
distinctive technique used for speech recognition, however, is hidden Markov modelling,
which is a technique for the study of observed items arranged in a discrete-time series.
The items in the series can be countably of continuously distributed; they can be scalars
or vectors. The HMM has been shown to represent one of the most powerful statistical
tools available for modelling speech signals, and has been successfully used in automatic
speech recognition (7,14,31,82,96,100,137,138], speech signal processing [50,92], and
language modelling [87,117].. This thesis will concentrate on the HMM technique, in

particular, with specific emphasis on its use in acoustic modelling.
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The work of Markov [109] and Shannon [151,152] was ‘concerned with Markov
chains. In the hidden Markov model, the output ﬁrobabilities impose a veil between the
state sequence and the observer of the time series. In aneffort to lift the veil, a
substantial body of theory has been developed. The initial work [17,18,20] dealt with
finite probability spaces and addressed the problems of tractability of probability
computation; the recovery of the hidden states; iterative maximum likelihood estimation
of model parameters from observed time series; and the proof of consistency of the
estimators. A major development in the theory was the maximisation technique of Baum
[19] that extended coverage to many of the classical distributions. This work has led to a
wide range of theoretical outgrowths. They include a number of generalisations, such as
variable duration HMMs [100,144], continuous mixture HMMs [86,102], autoregressive
HMMs [85,131], semi-continuous HMMs [72,75], and trainable finite-state (hidden)
grammars [16]. A special case of the results in [19] has been designated byl Dempster
[38] for maximum likelihood estimation of mixture density functions known as the EM
algorithm. The HMM uses a Markov chain to model the changing statistical
characteristics that exist in the actual observations of speech signals. The Markov .
process is therefore a double stochastic process in which there is an unobservable
Markov chain defined by a state transition matrix, and where each state of the Markov
chain is associated with either a discrete output probability distribution (discrete HMM)
or a continuous output density function (continuous HMM). The double stochastic
processes enable modelling of not only acoustic phenomena, but also timescale
distortions. Unlike other non-parametricg and ad hoc approaches, the parameters
estimated from the Baum-Welch algorithm [19] guarantee a finite improvement on each
iteration in the sense of maximisation of likelihood, and converge after only a few

iterations using computationally efficient algorithms.

The HMM is a parametric modelling technique in contrast to the non-parametric
DTW algorithm [25,84]. If the Viterbi algorithm is used for decoding in HMM-based
speech recognition, it is actually the same as the DTW algorithm except that the
probability between the test and reference model is computed in the HMM rather than
the distortion measure between speech frames in the DTW system. The power of the
HMM lies in the fact that the parameters that are used to model the speech signal can

be well optimised, and this results in lower computational complexity in the decoding
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procedure as well as improved recognition accuracy. Furthermore, other knowledge
sources can also be represented with the same structure, which is one of the important

advantages of hidden Markov modelling.

2.2.3. Neural networks

In the area of speech processing, bésides the extensive active research work on
hidden Markov modelling in recent years, the advent of new learning procedures and
the availability of high speed parallel supercomputers have given rise to a renewed
interest in neural net models [103,143].  Neural networks are particularly interesting
for speech recognition, which requires massive constraint satisfaction, i.e., the parallel
evaluation of many clues and facts and their interpretation in the light of numerous
interrelated constraints. Because of the high degree of uncertainty and variability of
speech, complex networks employing automatic learning algorithms [104] to discover
internal abstractions for speech recognition are becoming very attractive

[22,28,58,64,69,105,129,142].

The computational flexibility of the human brain comes from its large number of
neurons in a mesh of axons and dendrites. The communication between neurons is via
the synapse and afferent fibres. Thereb are many billions of neural connections in the
humahn brain. At a simple level it can be considered that nerve impulses are compérahle
to the phonemes of speech, or to letters, in that they do not themselves convey meaning
but indicate different intensities [171] which are interpreted as meaningful units by
the language of the brain. Artificial neural networks attempt to achieve real-time -
response and human-like performance using many simple processing elements operating
in parallel as in biological nervous systems. Models of neural networks use a particular
toi)ology and a learning algorithm for the interactions and interrelations of the

connections of the neural units.

Three important practical neural networks are the single-layer perceptron [45], the
multi-layer perceptron [69,143], and Kohonen’s feature map algorithm [91]. The most
distinctive feature of neural networks is that neural classifiers compute matching scores

in parallel and have parallel inputs and outputs where internal parameters (connection
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weights) are typically trained adaptively using training data. With the development of
the back propagation algorithm for learning [143], multi-layer perceptrons have been
widely used, in feed-forward networks with one or more layers of nodes between the
input and output nodes. The back propagation algorithm is a generalisation of the
leést-mean-square (LMS) algorithm. It uses a gradient search to minimise the difference
between the desired outputs and the actual net outputs, where the optimised criterion is
difectly related to pattern classification. With initial parameters for the weights, the
training procedure is then repeated to update the weights until the cost function is
reduced to an acceptable value or remains unchanged. These weights are estimated
from a large number of training observations in a manner similar to hidden Markov'
modelling except that here the estimation criterion is directly related to classification

rather than the maximum likelihood.

Speech recognition using multi-layer perceptrons trained with back .propagation
has so far mostly been aimed at isolated word recognition [28,58] or ‘iso.latéd 'ph-oneme
recognition [134,165,166] because speech signals must be segmented brior to neural
network modelling. ' A number of these studies have reported encouraging recognition
performance for isolated speech recognitioﬁ [165] and limited success in continuous

speech recognition [54,64].

2.3. Language Modelling

Acoustic pattern matching is only the first step in the recognition- and
understanding of natural continuous speech. Lexical knowledge is required (.e.:
vocabulary definition) as is the syntax and semantics of the language (i.e. the rules that
determine what sequences of words are grammatically well-formed and meaningful). In
addition, knowledge of the pragmatics of language can be of value (i.e. knowledge of the
structure of extended discourse and knowledge of what people are likely to say in
particular contexts). In practical speech recognition, it may not be possible to separate
the use of these different levels of knowledge. Specifically, language modelling here

refers to syntax constraints.
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In a speech recognition system, every string of words W = w; wy...,w, taken
from the prescribed vocabulary can be assigned a probability, which is interpreted as the
a priori probability that the speaker will say that string. These probabilities guide the
recognition process and .are a contributing factor in determination of the final
transcription from a set of partial hypotheses. Given acoustic evidence observatién 0,

the operations of speech recognition are to find the most likely word string, W,

satisfying
Pr(W|0) = mvexPr(WIO) (2.3.1)
The right-hand side of above equaﬁon can be rewritten according to Bayes formula as
_ Pr(W)Pr(O|W)
Pr(W|0) = Pr(0) (2.3.2)

where Pr(W) is the a priori probability that the word string W will be uttered.
Pr(O|W) is the probability that when the speaker says word string W the acoustic
evidenice O will be observed (this is the output of the acoustic pattern matching model
as discussed in the previous Sections), and Pr(0) is the average probability that O will
be observed. Since Pr(0) is not related to W, it is irrelevant to recognition. It follo_ws
from Eq. (2.3.1) and (2.3.2) that the purpose of the recognition operation is to find the

word string W that maximises the product

Pr(W)Pr(O|W) = max Pr(W)Pr(O|W) | (2.3.3)
where Pr(O|W) rely on acoustic pattern matching. The a priori probability Pr(W)
whose probabilities are given by the language model are thus as important as acoustic
pattern matching to a speech recognition system. The performance of a speech
recognition system is therefore directly related to the quality of language modelling,
namely, the usable constraints Pr(W). Without language modelling, the entire
vocabulary must be considered at every decision point. With a language model, it is
possible to eliminate many candidates from consideration, or alternatively to assign
higher prob.abilities to some candidates than others, thereby considerably reducing

recognition errors.
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2.3.1. Language models for speech recognition

- There is a large and active area of research in computational linguistics and
natural language understanding that de'als.with language modelling. Chomsky’s formal
langﬁage theory [68] is widely used to specify the permissible word sequences in natural
language processing. In the Chomsky hierarchy, the simplest language type is the
finite-state grammar, which in fact can only generate the same set of sentences as those
 which have been pre-defined. A more powerful language type is the context-free
grammar. For speech recognition, stochastic context-free languages [16] have also been
proposed in the spirit of hidden Markov modelling. In comparison to conventional
context-free parsing algorithms, such as the Earley algorithm [47] or the CYK
algorithm [68], Ney [122] incorporated the DTW algorithm into the parsing algorithm.
A more efficient LR parsing algorithm t161] is also adopted based on HMMs [88].

On the other hand, stochastic grammars, such as trigr#m or bigram [83], assign an
estimated probability to any word that can foliow a given word. Such a modelling
approach can contain both syntactic and semantic information, but these probabilities
lhust be trained from a large corpus. In é similar manner, word pair grammars specify
the list of words that can legally follow any given word with uniform probabilities

[31,96]. In general, Pr(W) can be decomposed as

Pr(W) = [1Prw|w,wy...;w; 1) (2.3.4)
i=1

where Pr(wilwl,wg,...,wi_l) is the probability that w; will be spoken given that word
sequences wj Wy ...,w; _; were said previously; the choice of w; thus depends on the
entire past history of the input. For a vocabulary of size V there will be V! different
histories, and sb to specify Pr(w,-|w1,...,wi_1) completely, V* values would have to be
estimated. In reality, the probabilities Pr(w;|w;...,w;_;) would be impossible to
estimate for even moderate values of i, since most histories w; - w;_; would be
unique or would have only occurred only a few times. A practical solution for the above
problems is to assume that Pr(w,-|w1’...,wi_1) only depends on w;_pr4y °* Wi
This leads to an M-gram language model, such as unigram, bigram, or trigram
language models [82]. This is because most of the word strings will never occur in the

language if M >3 for all practical purposes. Therefore, in a trigram model, the
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probability of a word depends on the two preceding words. If the training corpus is not
large enough, many actually existing word successions will not be well observed leading
to many extremely small probabilities. To treat the insufficient data problem, smoofhing
methods, such as the Turing-Good estimate [118], deleted interpolation of trigram,
bigram and unigram models [41,81], as well as neural-network-based NETgram [120],

can be well applied.

Because of the diversity of research activities, it is impossible to give here a
comprehensive picture of language modelling, most of which may be found in

[1,32,34,46,67,155,160,170].

2.3.2. Complexity measures of language

Language can be thought of as an information source whose outputs are words w;.
The amount of information per word, i.e. entropy (H), in some corpus can then be

approximately estimated by [83]

| H = —%logPr(wl,wz,...,wn) _ ' (2.3.5)
where n is the size of the corpus [82]. To estimate H, it is necessary to know the actual
probabilities Pr(w; wy...,w,) of strings of the language. These are in practice
ultimately incalculable, and estimates Pr(w 1,--»Wp) are used instead. To measure the
difficulty of a recognition task relative to a given language model, perplexity (82,157]
is defined by

PP =9 ;%log.P;(w LW s Wp)
(2.3.6)

= Pr(wy wy,...,w,) /"

Approximately, PP is a measure of the average branching factor of the text when
presented to the language model. Therefore, in the task of continuous digit recognition,
the perplexity is 10. In tasks of 5,000 word continuous speech recognition, the test set
perplexity of the trigram grammar and the bigram grammar is reported to be about 128
and 176 respectively [82]. In tasks of 1,000 word continuous speech recognition, the test

set perplexity of the word pair grammar and the bigram grammar is reported to be

about 60 and 20 respectively [96].
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As perplexity does not take any account of the acoustic model, if the main concern
is the contribution of the language model to the acoustic pattern matching, other
measures such as speech decoder entropy [51] can be used, though it is more expensive

to compute than perplexity.

2.4. Summary

This Chaptér has reviewed several basic techniques used in speech recognition.
The central issue in speech recognition research is acoustic pattern matching, which has
a close relation with signal processing and language modelling. Selection of signal
processing methods largely depends on the subsequent distortion measures or continuous
probability density functions.™ - Cepstral analysis is widely used, partly because of
its low correlafioﬁ proﬁerty. Language modelling helps acoustic p.attern matching
because it can be used to impose constraints for acoustic pattern search space. In
acoﬁstic pattern matching, DTW, HMMs, and neural networks are discussed. DTW can
be considered as a simplified case of hidden Markov modelling when the Viterbi
algorithm is used for decoding. More recently, neural networks have received
considerable focuses, but these are difficult to apply to continuous speech recognition. It
is currently techniques of hidden Markov modelling that offer state-of-the-art speech
recognition. In fact, similar criteria to those used in neural networks are being
develbped for hidden Markov modelling [12,21,43,97]. Although the discussion here was
organised through signal p;'ocessing, acoustic pattern matching, and language
modelling, it should be noted that acoustic pattern matching and language modelling
are usually combined in the same computational framework in practical HMM-based

speech recognition system design.



CHAPTER 3

VECTOR QUANTISATION AND MIXTURE DENSITIES

Quantisation, the process of approximating continuous amplitude signals by
discrete signals, is an important aspect of data compression or coding, the field
concerned with the reduction of the number of bits necessary to transmit or store
analogﬁe data, subject to a distortion or fidelity critei‘ion. The independent quantisation
:of each signal value or parameter is termed scalar quantisation. In contrast, the joint

- quantisation of a block of parameters is termed vector quantisation (VQ).

The representation of the vector quantisation codeword in sample space can be the
centroid of the corresponding cell as in conventional vector quantisation, or can be
calculated as‘ the probability density function for the corresponding cell. This latter
approach involveé computation of maximum-likelihood estimates when the observation
can be viewed as incomplete data. As a data compression technique, vector quantisation
has been successfully used in speech coding, image coding, and speech recognition
[62,107]. In HMM-based speech recognition, vector quantisation serves an important

role in describing discrete acoustic prototypes of speech signals for the discrete HMM.

This Chapter will first review the principles of conventional vector quantiéation
and several standard algorithms used for discrete HMMs, and then discuss maximum-
likelihood estimates of mixture densities with the. EM algorithm for improved
performance of hidden Markov modelling. These pave the way for the unified modelling

the‘ory' developed in subsequent Chapters.

- 926 -
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3.1. Conventional Vector Quantisation

Assume that X= (x;,25,..x;)'€R? is a d-dimensional vector whose components
{xp, 1=k =d} are real-valued, coﬁtinuous-ampﬁtude random variables. In vector
quantisation, the vector X is mapped to another real-valued, discrete-amplitude d-
dimensional vector y. It is then said that X is quantised to y.

y = qx) (3.1.1)
In (3.1.1) q() is the quantisation operator. Typically, y takes one of a finite set of values
Y={y;, 1<i=<L}, where y;=[y1, ¥2,...Yq]. The set Y is referred to as the codebook, L is
the size of the codebook, and {y;} are the set of codewords. The size L of the codebook is

also called the number of levels in the codebook.’

To design a codebook, the d-dimensional space of the original random vector X can
be partitioned into L regions or cells {C;, 1<i <L} and associated with each cell C; is a

- vector y;. The quantiser then assigns the codeword y; if X lies in C;

qx) =y;, ifx € C; (3.1.2)

This codebook design process is also known as ¢raining the codebook. An example
of a partitioning of two dimensional space (d =2) for the purpose of vector quantisation
is shown in Figure 3.1.1. The shaded region enclosed by the bold lines is the cell C;.
Any input vector X that liés in the cell C; is quantised-as y;. The shapes of the various
cells can be different, and the positions of the codewords corresponding to the cells are
determined by minimising the distortion measure associated with the corresponding

cells. The positions of the codewords within each cell are shown by dots in Figure 3.1.1.

When X is quantised as y, a quantisation error results and a distortion measure
d(x,y) can be defined between X and y to measure the quantisation quality. The
distortion measure between X and y is also known as a distance measure in the speech
recognition context. The measure must be tractable in order to be computed and
analysed, and also must be subjectively relevant so that differences in distortion values
can be used to indicate differences in speech signals. Most distortion measures discussed
in Chapter 2 can be used here as distortion measures for vector quantisation. A number

of perceptually based distortion measures, and others that correlate well with subjective
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Figure 3.1.1. Partitioning of two-dimensional space

judgements have also been used in speech coding [6,125). However, the most éommonly
used measure is the Euclidean distortion measure which assumes that the distortions
contributed by quantising the different parameters are equal. In general, unequal
weights can be introduced to render certain contributions to the distortion more
important than others. One choice for weights that is popular in many practical
applications is to use the inverse of the covariance matrix of y.

d(x,y) = (x—y)Z"Hx-y) (3.1.3)
This distortion measure, known as Mahalanobis distance, is actually a simplified

Gaussian density representation as discussed in Chapter 2.
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To design an L-level codebook, it is required to partition d-dimensional space into
L cells and associate with each cell a quantised vector. One criterion for optimisation of
the vector quantiser is to let the overall average distortion be minimised over all L-

levels of the quantiser. The overall average distortion can be defined by

D

E[d(x,y)]
L
2 Pr(x € C;) Eld(x,y))|x € C;]

=
lL

= igl Pr(x € C;)L ¢ d(xin)f(X)dx

where Pr(x€C;) is the discrete probability that x is in C;, f(x) is the multidimensional

(3.1.4)

probability density function of X, E[.] denotes the expectation, and the integral is taken

over all components of the vector X.

3.1.1. Codebook design

As mentioned above, a quantiser is optimal if Eq. (3.1.4) is minimised over all L-
levels of the quantiser. There are two necessary conditions for optimality. The first
.condition is that the optimal quantiser is realised by using a minimum distortion or

nearest neighbour selection rule

q(x) = y; if and only if d(x,y;)=d(x,y)), j=i, 1sj<L (3.1.5)

This means that the quantiser must choose the codeword that results in the
minimum distortion with respect to X, i.e. X are selected for the corresponding cell C,-_'
The second condition for optimality is that each codeword y; is chosen to minimise the

average distortion in cell C;. That is, y; is that vector y which minimises

D; = E[d(x,y)|x € C|]

(3.1.6)
= [, ¢ cdxyFxdx |
Such a vector is called the centroid of the cell C;, and is written
yi =cent(C)) (3.1

Computing the centroid for a particular region (cell) will depend on the definition
of the distortion measure [56]. In practice, given a set of training vectors {x;, L=<k =T},

a subset of K; vectors will be located in cell C;. The average distortion D; in cell C; can
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then be given by

. .
— 2 d(x,y;) : (3.1.8)

Di=
KixGC,-

The overall average distortion measure can be then computed according to:

L - '
D=D; /T (3.1.9)
i=1 '
Given the distortion measure of cluster C; as Eq. (3.1.8), and d(x,y) as Eq. (3.1.3), the
minimisation of D; with respect to y; is given by

1 _
Vi=—> D X 111

y; is simply the sample mean of all the training vectors, X, contained in cluster C;. This

works well with a large class of Euclidean-like distortion measures [107].

One method for codebook design is to iteratively minimise the average distortion
measure by employing a clustering algorithm. The most widely used clustering
algorithm is the k-means algorithm [2,45,52], in which the basic idea is to divide the set
of training vectors into L clusters C; {1<i=<L} in such a wéy that the two necessary
conditions for optimality described above are satisfied. The k-means algorithm can be

described as follows:

k —means algorithm

Step 1: Initialisation:

Choose some adequate method [45] to derive an initial VQ codebook. (y;, 1=<i <L)

Step 2: Classification:
Classify each element of training vectors {X,} into one of the clusters C; by the

nearest neighbour rule. (x€C;, iff d(x,y;)=d(x,y;) for allj # i)

Step 3: Codebook Updating:
Update the codeword of every cluster by computing the centroid of the training

vectors in each cluster. (y; = cent(C;), 1=i=<L)
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Step 4: Termination:
If the decrease in the overall distortion D at the current iteration relative to the
overall distortion at the previous iteration is below a chosen threshold, stop;

otherwise go to Step 2.

In the process of minimising the average disfortion measure, the k-means
procedure actually breaks the minimisation process into two steps. Assuming that the
centroid y; (or mean) for each cluster C; has been found, then the minimisation process
is found simply by partitioning of all the vectors into théir corresponding closest cluster
according to the distortion measure D;. On the other hand if all of the partitions are
obtained, the minimisation process involves finding the new centroid within each cluster
to minimise its corresponding within-cluster distortion D;. By iterating over these two
steps, a new value of distortion measure D; which is smaller than that of the previous
~ step can be obtained. However, the k-means algorithm can only converge to a local
optimum [2,101]. Furthermore, any such solution is, in general, not unique [61]. Global
optimality may be approximated by repeating the k-means algorithm for several sets of
codebook initialisation values and then choosing the codebook that produces the
lﬁinimum overall distortion, although such a criterion may not necessarily lead to

optimal speech recognition accuracy [75].

Another commonly used algorithm is the LBG algorithm proposed by Linde, Buzo,
and Gray [101]. The LBG algorithm is anextended k-means algorithm which iteratively
splits the training data into 2, 4, ..., 2™ partitions, with a centroid for each pattition;
The centroid is determined by iterative refinement as for k-means clustering. The

algorithm can be described as follows:

LBG algorithm

Step 1: Initialisation:

Set L (number of partitions or clusters) =1. Find centroid of all the training
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frames.

Step 2: Splitting:
Split L into 2L partitions. Set L =2L.

Step 3: Classification:

Classify the set of training data {X,} into one of the clusters C; according to the

nearest neighbour rule.

‘Step 4: Codebook Updating:

Update the codeword of every cluster by computing the centroid in each cluster.

Step 5 Termination 1:

If the decrease in the overall distortion D at each iteration relative to the value D
at the previous iteration is below a selected threshold, goto Step 6; otherwise go to

Step 3.

Step 6: Termination 2:

If L equals the VQ codebook size required, Stop; otherwise go to Step 2.

Step 3 and Step 4 are the same as for the k-means clustering algorithm. Various
heuristic methods can be ‘adopted in the splitting step to find two vectors that are far
apart in each partition. In practice, both the k-means and the LBG algorithm work well

in producing a VQ codebook according to the given distortion measure.

3.2. Modelling the VQ Codebook as Mixture Densities

In HMM-based speech recognition, the goal of VQ is to generate a number of

acoustic prototype vectors (VQ codewords) from a large sample of training vectors such
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that the codewords can represent the distribution of the training vectors; and minimise
the total distortion over all training vectors. The VQ partitions the acoustic space into
separate regions according to some distortion measure regardless of the probability
distributions of the original data. This introduces errors as the partition operations may
destroy the original signal structure. As an alternative, the VQ codebook can bé
modelled as a family of finite mixture Gaussian density functions such that each cell
will be represented as a probability density function as shown in Figure 3.2.1, where
dotted lines show conventional VQ partitions. These probability density functions can
be overlapped, rather than partitioned, to represent speech parameter space. The

centroid obtained via such a representation may be quite different from that obtained

Figure 3.2.1. Partitioning of two-dimensional space
with densities
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using the conventional k-means algorithm since the distribution property of signals can
be taken into consideration. Another advantage is that the use of a parametric family
of finite mixture densities within the VQ operations can be closely combined with the

HMM methodology leading to the unified modelling framework of this thesis.

Problems of estimating the parameters which determine a mixture density have

been the subject of a large, diverse body of literature [141]. The most distinctive solution
to the problem is the EM algorithm [38]. This technique has in fact been defined in an
earlier publication by Baum [19] and has been widely used in HMM-based speech

recognition.

3.2.1. Estimation of mixture densities

A parametric family of finite mixture densities, i.e. a family of probability density

functions can be written as

: L
fx|®) = _le,-f,-(XI%), x €R¢ (3.2.1)
i=

where each p; is the probability of being distribution i, and where f;(x|@,) is itself a
density function of the ith prototype parametfised by ¢;; and we denote
P = (p1,--»PL ®1..-®). Finite mixture densities arise naturally, and can be
interpreted as densities associated with a statistical population which is a mixture of L
component populations with component densities {f;} and mixing proportions {p;}
(weighting coefficients). Such densities appear as fundamental models in areas of
applied statistics such as statistical pattern recognition [45]. In Eq. (3.2.1), a sample
observation on the mixture is termed to be labeled if its component population of origin

is known with certainty; otherwise, it is unlabeled.

A maximum likelihood estimate associated with an observation sample is a choice
of parameters which maxiinises the probability density function of the sample, known as
the likelihood function. It is assumed that a parametric family of mixture densities of
the fofm Eq. (3.2.1) is specified and that a particular ® is the true parameter value to
be estimated. Samples can be thought of as independent samples of unlabeled

observations on the mixture (although samples need not be so represented [141]). The °
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likelihood function of an observation sample is the probability density function of the
random sa_mplé evaluated by the observations at hand. It is usually convenient to deal
with the logarithm of the likelihood function, called the log —likelihood function,
rather than with the likelihood function itself. The log-likelihood function can be

represented as

L(P)

T
> logf(x,|®)
k=1 (3.2.2)

T L
X log( X pifi(xil )

k=1 i=1 .
for samples {x;} 1<k <=T). If X is a sample of observations under consideration, then a

maximum likelihood estimate of ® provides any choice of ® in @ at which the log-
likelihood function of X attains its largest local maximum in Q. Here § denote a set of
parameters of finite mixture densities in Eq. (3.2.1). In practice, it is difficult to take Q
to be a set in which the log-likelihood function is bounded. Also, mixture probléms are
very often such that the log-likelihood function attains its largest local maximum at

. several different choices of P.

The traditional general approach to determining a maximum-likelihood estimate is
first to arrivé at-a system of likelihood equations satisfied by the maximum-likelihood
estimate and then to try to obtain a maximum-likelihood estimate by solving the
likelihood equations. Basically, the likelihood equations are found by considering the
partial derivatives of the log-likelihood function with respect to the components of ®. If

® is a maximum-likelihood estimate, it will satisfy

VoL(® =0, i=1,2---L, - (3.23)
determined by the unconstrained parameters @;. For mixture density problems, the
likelihood equations are almost certain to be nonlinear and beyond analytic solution.
Consequently, an approximate solution via some iterative procedure is often used
instead. There are many general iterative procedures which are suitable for finding an
approximate solution of the likelihood equations, such as Newton’s method, various
quasi-Newton methods, and conjugate gradient methods [57]. A special iterative
method, known as the EM algorithm (E for expectation and M for maximisation), has
been applied to a wide variety of mixture problems [38], and has been found in most

instances to have the advantages of reliable global convergence and low computational
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complexity.

3.2.2. The EM algorithm

The EM algorithm has been derived and studied by a number of researchers
(37,65,169]. It arises naturally from the particular forms taken by the partial
derivé.tives of the log-likelihood function. A quite different point of view towards the
algorithm was presented by Dempster and et al. [38], where they interpreted the
mixture density estimation problem as an estimation problem involving incomplete data
by regarding an unlabeled observation on the mixture as missing a label indicating its
component population of origin. In doing so, they not only related the mixture density
problem to a broader class of statistical problems but also showed that the EM
algorithm for mixture density problemsl is really a specialisation of a more general
algorithm for approximéting maximum-likelihood estimates from incomplete data.
Earlier, the same algorithm was actually defined independently in a different task to

solve the problem of hidden Markov models by Baum et al (19].

To understand the EM algorithm, let us first consider a simple example with two

univariate Gaussian densities.

Example 3.2.1. Consider observations generated randomly from two Gaussian
densities, class 1 and class 2. Let p; and pj denote the probability of choosing class 1
and class 2 respectively. The probability for a given observation x is:
fx|®) = p\N(x, py, 61) + psN(x, ps, 03)

where ® = (pypgpy Mo 01 09). Given some observations, we want to estimate
_parameter ®. If we know that when class 1 and class 2 are used in generating the
observations, we could use maximum likelihood estimation for each of the Gaussian
densities, which is just the sample mean and covariance. The problem is that we do not
know which Gaussian density is used in generating the observations. This information
is hidden. An intuitive solution is to assume some parameter ®, and compute when and
how often we expect each distribution is used, as conditioned by the given data. These

expected statistics can then be used to compute new estimates of the parameters. This
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procedure can be started with new estimates and can be iterated. Given observation x,

the posterior probability that it belongs to class 1 is:

Pr(class 1,x|®)
Pr(class 1,x|®) + Pr(class 2,x|®)
_ p1N(x,p1,04)

~ piN(@x,py,00) + poN(x,pg,05)
The expected number of times class 1 and class 2 are used can be written as:

Pr(class 1|x,®) =

Y, = QPr(class 1|x;,®)
Yo = DPriclass 2|x;,®)

The maximum likelihood estimates for p; and py shall be:

- _ N
P1 Tty
- _ Y2
P2 i+

The expected values of the first moment for class 1 is
¢ = Dx;Pr(class 1|x;,®),
: .
"and the maximum likelihood estimate is

g =
' 71

The results for gy and o are similar. These reestimated parameters can be used

iteratively to improve the likelihood.

The itefative solution in Example 3.2.1. is well founded. In general, suppose that a
measure space Y of complete data exists together with a measurable map y—>x(y) of
Y to a measure space of X of incomplete data. Here, incomplete data is easy to observe
and measure, while complete data is hidden and unobservable. Let f(y|®) be a member
of a parametric family of probability density functions defined on Y for ®, and suppose
that f(x|®) is a probability density function on X induced by f(y|®). For a given X€X,
the purpose of the EM algorithm is to maximise the incomplete data log-likelihood
L(®) = logf(x|®) over ® by exploring the relationship between f(y|®) and f(x|®)
because the maximisation of the complete data log-likelihood logf(y|®) over @ is
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particulafly easy.

For x€X, set Y(x)= {y€Y | x(y) = x}. The conditional density f(y|x,®) on Y (x).
“is given by f(y|®) = f(y|x,®)f(x|®). For ® and @ in Q, then

L(®) = Q(®|®) — H(D|®). (3.2.4)

where

Q(®|®) = E(logf(y|®)|x,®),

and

H(®|®) = E(logf(y|x,®)|x,D).

The generalv EM algorithm can be described as: Given a current ® that is a

maximiser of L(®), obtain a next approximation ® as follows:

1.  Choose an initial estimate P.
2.  E-step. Compute Q((_I>-|‘I)) based on the given @

3. M-step. Choose ® € argmaxQ(®|®). Here, argmaxQ(®|®) denotes the set of
b cQ deQ

values ® which maximise Q(®|®) over Q.

4. Set ® = @, goto 2 until convergence.

The EM algorifhm is used in applications which permit the easy maximisation of
logf(y|®) over PE€Q instead of maximising L(®) directly. In such applications, the M-
step maximisation of Q(6|(I>) over D€Q is usually carried out with corresponding ease.
The basis of the EM algorithm lies in the fact that if Q(<T>|<I>)2Q(<I)|<I>), L(‘I—>)2L(<I>),
since it follows from Jensen’s inequality that H (‘T)lq)) <H (<I>|<I>) [38]. This fact implies
that L increases monotonically on any iteration sequence generated by the EM

algorithm via maximisation of the @-function.

To discuss the EM algorithm for mixture density estimation problems, we assume
as in the preceding Section that a parametric family of mixture densities of the form of

Eq. (3.2.1) is specified and that a particular ® is the true parameter value to be

estimated. This family of densities is regarded as being associated with a statistical
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population which is a mixture of L component populations. The EM algorithm for a
mixture density estimation problem associated with this family is derived by first
interpreting the problem as one involving incomplete data and then obtaining the
algoritth from its general formulation given above. The problem is interpreted as one
.involving incomplete data by regarding each unlabeled observation in the sample at

‘hand as missing a label indicating its component population of origin.

It can be assumed that the sample under consideration is independent of unlabeled
observations. One can regard the sample by considering each X, to be the known part
of an observation yj =(xXy i), where i, is an integer between 1 and L indicating the

component population of origin. For ®€{2, the sample -variables x=(Xy...,Xp) and

. T
y=(y; ....¥y1) have associated probability density functions fx|®)= f(x;|®) and
. . k=1

T
fly|®)= I I-Pi,,fi,,(xkl‘Pi,,)f respectively. Then for ®€), the conditional density

f(y|x,®) is given by

T pifi,(l9@:)
ylx®) =" (3.2.5)
fol ;£I1 f(x:|®)
L —
Note that 2 Pi,,fik(xkl(Pi,,) = f(x;|®); the function Q(®|®P) can be determined to be
ih=1
_ L L T 3 _ I pifixle,)
QM = X - X X logpfi,xul@) [T — 5
ij=1 ir=1 k=1 k=1 f(xy|®) (3.2.6)
L T L T 2.
pifixple) _ pifix| )
= [ —]10 i + 10 ,-(X i
igl k§1 f(xk'q’) ep iglkgl &f kI‘P f(xqu))

Having determined an appropriate function Q(‘I_’|(I)) for the E-step of the EM
algorithm, the maximisation in the M-step can be separated into two maximisation
problems, the first involving the proportions p, ...,p; alone and the second involving
only the remaining parameters of f;(x|@;), nameiy, @y ...,pr. Since log p; appears
linearly in Q(fI_JI‘D), the first solution is easily determined regardless of the functional
forms of the compoﬂent densities f;(x|®;). If @; are mutually independent, the second
maximisation problem is separated into L component problems, each of which involves

only one of the parameters ;. Before finding a solution to Eq. (3.2.6), we have the
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following Theorem:

Theorem 3.2.1.

If ¢;>0, i=1,2,...C, and subject to the constraint

C
Ex,- =1, then the function
i=1

C
Qx) = 2 ¢;logx;
i=1

attains its unique global maximum when

(3.2.7)
i=1

The proof for the above comes from the Lagrange method. We have:

d Ci
—[Qx)—AQx]=——A=0
P [Q(x) 2 i] .
Multiplying by x; and summing over i gives A= Eci, hence the result.

12

Assume that ® is a current approximate maximiser of the log-likelihood function
L (®) given by Eq. (3.2.2); from Theorem 3.2.1, it can be seen that the next approximate
maximiser p prescribed by the M-step of the EM algorithm satisfies v
T
- 1 pifi(xi| ) .
= — )y ——F—— fori=1,2,..,L (3.2.8)

Pi T,El £(x;|®)

For @, it depends on f;(x), and satisfies

I ifi(x i)
P:€ argmax D, logf(x,|9 pifixilo

i)——_7 for'.=1$2r'-’L 3.2.9
PiE k=1 f(x;|®) : (3.2.9)

Note that each weight p;f;(xp|@;)/f(x,|®) is the posterior probability that x;

originated in the ith component population, given the current approximate maximum-
likelihood estimate ®. .

Exampie 3.2.2.
P = (B, 2).

When f;(x|p;) is a multivariate Gaussian density function,

For a given ¢;, the unique solution @; can be computed through

maximising Eq. (3.2.9). (A solution for maximisation of Eq. (3.2.9) will be developed in
Chapter 5 in the same form as the continuous HMM.) ¢i=(ﬁi,§i) of Eq. (3.2.9) can be



- 41 -

given by
T
\  pifix| @)
2% e
p; = T (3210)
2 fz(xkltp ) .
T ifi( )
z(xk B (X, — )IML
= _ k=1 f(x,|®)
2 pifi(x| ;)
=1 f(xkl(p)

_ Here, the posterior probability p;f;(x|@;)/fi(x;|®) can be considered as
f(y€ (p,-lxk,q)). The information as to whether a given observation X should belong to
distribution i (the ith Gaussian density function) is hidden, and can only be seen via y.
The solution of the EM algorithm is to compute when and how often a given observation
x will be expected -to be in each‘ distribution. These expected statistics can then be used
to compute new estimates of new parameters ®. No assumption is imposed on how each
distribution should be organiséd with any other. As will be discussed later, the Markov
properties can be imposed on these distributions such that the temporal information can
be well modelled. In such cases, the EM algorithm will be the same as the Baum-Welch
algorithm, which has been used in maximum-likelihood estimation of hidden Markov

model parameters.

The maximum likelihood estimation problem is well-suited for entropy techniques
since the measured data do not uniquely describe the underlying stochastic process.
Indeed, the maximum-likelihood estimates obtained here are ide_ntical to the entropy
maximisation technique via a @-function [112]. When th‘e Markov properties are
imposed on the mixture distributions such that the temporal information can be well
modelled, the EM algorithm will be the same as the Baum-Welch algorithm used for
hidden Markov modelliﬁg. It can thus be expected that mutual optimisation of the
vector quantisation codebook and hidden Markov model parameters is possible. The

unified modelling will be dfscussed in Chapter 6.
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3.3. Summary

This Chapter has discussed two prerequisites to hidden Markov modelling.
Conventional VQ is an application of c]ustering'. techniques to produce prototypes
(codewords) of observations. A given observation can then be classified into one of such
prototypes. A finite set of prototypes (codeword) can be used to represent the continuous
observation such that the discrete probability distributions can be used to model the
given observations. Each codeword can be represented either by the céntroid of
observations in the corresponding cell or by the probability density function estimated
from the (gorresponding cell. The latter assumption leads to solution of the EM
algorithm, which has essentially the same underlying characteristics for hidden Markov
modelling as the complete-incompleté data problem. Only incomplete data can be
measured or observed, and the iterative algorithms must be used to guess or reestimate.
the complete data. As the same approach can be applied to both VQ and subsequent
hidden Markov modelling, the unified modelling of these can be made possible on the

.assumption of mixture density representation of the VQ codebook.



CHAPTER 4

HIDDEN MARKOV MODELS AND BASIC ALGORITHMS

Hidden Markov modelling is a probabilistic technique for the study of time series,
which permits modelling with many of the classical probability distributions. There has
been a significant growth in the number of papers reporting applications of hidden
Markov modelling recently. This Chapter wili discuss the main tools in hidden Markov
modelling of speech signals, i.e., the forward-backward algorithm, thé Baum-Welch
algorithm, and the Viterbi algorithm. The basic theory of HMMs will be exemplified
with the discrete HMM, in which the output probabilities are discrete probability
distributions and VQ is a prerequisite to convert the continuous speech signal into a

finite set of prototypes.

-43 -
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4.1. Markov Processes

There is often significant structure embodied in a natural language. For example,
in English, the letter @ is almost always followed by the letter U. Therefore, the
probability of seeing the letter U depends very much on the letter that came before it.
This is a situation that often arises in practice — the previous part of a message can
often greatly influence subsequent events. Such a stochastic process can be described by
a jth-order Mquov process which enables description of some of the large probability
structures that arise typically in languéges. These can be summarised by the Markov
property, i.e. for any sequence of time domain events the conditional probability density
of a current event given all the past and present events depends only on the most recent

J events. A process which satisfies the Markov property is called a Markov process.

As an example of a simple first-order Markov process, suppose that there are three
symbols, a, b, ¢ in the alphabet. Let the probability that symbol a is followed by any of
the three symbols a, b, ¢ be 1/3. Let the probability that the symbol b is followed by
another b be 1/2, and either of the others symbol, a or ¢, be 1/4. Finally, let the
probability that the symbol c is followed by a ¢ be 1/2, and either of the other two, a or
b, be 1/4. We have

-1 -1 =1
Pr(ala) = 3 Pr(bla) = 3 Pr(c|a) 3
-1 =1 -1
Prialb) = . Prib|b) = 5, Preelb) = 3
=1 =1 =1
Pr(alc) = L Pr(ble) = " Pr(c|e) 5

It is conventional to use a transition graph to illustrate a Markov process. There
are, of course, three states in this case (for a, b, and ¢ respectively) indicated by the

circles as shown in Figure 4.1.1.

Each directed line is a transition from one state to another state, whose probability
is indicated by the number alongside the line. For example, Pr(a|b), is the directed line
from state b to state a and has the probability of transition of 1/4. In this example each
state has three lines out and three lines in. Such a Markov model may be used, for

example, for weather forecasting. Let state a have output, saying sunny, state b have
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172

Figure 4.1.1. Examplie of a Markov process

output cloudy, and state ¢ have output rainy. Given today is sunny, it is equally likely
that tomorrow it will be. any of the three states sunny, cloudy, or rainy. But if today is
either cloudy or rainy it is a 50-50 chance that it will be the same tomorrow, and only
one in four that it will be either of the other two. Thus, the stochastic process of weather

forecasting can be roughly described by such a Markov process.

Assume states @, b, and ¢ are labeled as 1, 2, and 3, then the transition graph
shown in Figure 4.1.1. can be written in matrix form, where the element of the

transition matrix a;; denotes the transition probability from current state i to next state
J-

1/4 1/2 1/4
1/4 1/4 1/2

where in a transition matrix, the sum of the elements in any row must total exactly 1,

1/3 1/3.1/3
A =
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since the current state must necessarily go somewhere. Instead of having a definite
state, we have a _probability distribution for that state (ry, my, 73), where
Tyt wgt+ag=1. It can be that one 7; =1 and the other two are 0, which means that we

have a definite state.

As defined, Markov models can be used for a study of observed symbols arranged in
a discrete-time series. The state sequence is observed in . such Markov models,for
example, rainy-sunny-rainy. Nevertheless, such a model is too restrictive to be
applicable to many problems of interest. In a hidden Markov model (HMM), the output
for each state will be an output probability distribution instead of deterministic events,
" The output probébilities thus impose a veil between the state sequence and the observer
of the time sequence, i.e. the state sequénce will be hidden (not observable). This
mechanism is more powerful in certain applications such as speech recognition. In the
following Sections, we will discuss a theory to lift such a veil, i.e. the theory of hidden

Markov models.

4.2. Definition of the Hidden Markov Model

Signal modelling based on HMMs can be considered as a technique that extends
conventional stationary spectral analysis principles to the analysis of time-varying
signals. Many real world processes often exhibit a sequentially changing behaviour; the
properties of the process are usually held in steady states, except for minor fluctuations,
for a certain period of time prior to changing to another set of properti‘es. In general,
there is no accurate procedure to detect every such short-time segment of observation. Of
course, there are many processes that do not change synchronously with every analyzing
segment. If it is assumed that these periods of steady state behaviour can be identified,
and the temporal variations within each of these steady periods are, in a sense,
statistical, then a statistical model may be used to model these well-behaved sections of
a steady signal with some characterisation of how one such steady period evolves to the
next. It has to be questioned how these steadily or distinctively behaving periods can be
identified and represented, and how the sequentially evolving nature of these periods

can be statistically modelled. It is the HMM that successfully treats these problems
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under a probabilistic or statistical framework.

HMMs use é Markov process [109] to model the changing statistical characteristics
'that are only probabilistically manifested through actual observations. The state
sequence is hidden, and can only be observed through another set of observable
stochastic processes. Each hidden state of the model, or transition between states, which
has a parallel theory as discussed here, is associated with a set of output probability
distributions, which can be characterised by either discrete probability distributions or
continuous probability density functions. The veil between hidden state sequences and

the observable stochastic process is imposed by the output probabilities.

To understand the concept of the HMM, consider the following example illustrated
as Figure 4.2.1. A person is performing anexperiment behind a veil. There are N =3 urns
containing a large number of coloured balls, and there are L =5 distinct colours of the
balls. An initial urn is chosen, according to some random process. A coloured ball is then
chosen from this urn at random. The result of the colour can be observed in front of the
veil.. After the colour of the ball is observed, the coloured ball is replaced in the same
urn and a new urn is selected according to a random process associated with the current
urn. The ball selection procéss from this new urn is repeated. This experiment generates
a finite observation sequence of coloured balls. Only the sequence of coloured balls can
be observed in front of the veii. This simple example already. possesses properties
associated with .- HMM: it is a generative mechanism for creating observations and the
mechanism is a stochastic process with a hidden component. In the process of
generating the observed sequence of coloured balls, a hidden sequence of urns is also
generated. The problem of interest is how to build a stochastic model according to the
observed sequence of coloured balls to explain regulations on the experiment conducted

behind the veil.

To describe the HMM formally, the following model notation . can be

used.

T = length of the observation sequence, 0,03 - - - O7 (number of coloured balls

observed in experiment)
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Observations

Figure 4.2.1. The urn and ball experiment

N = number of states in the model (number of urns)
L = number of observation symbols (number of colours in use)

S = {s}, a set of states (A state can be considered to possess some measurable,
distinctive properties of events). For simplicity, state i at time ¢ may be denoted

by s, =i when ambiguity does not exist.
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v ={vy, vy ...0L}k a discrete set of possible symbol observations. O, belongs to one

such observation symbol.

A = {ajla;=Pr(s;1=j |s;=1i) }, state transition probability distribution, where

a;; denotes the transition probability from state i to state j.

B = { bj(O,).l bj(0) = Pr(0,]|s,=j)}, For each state*, there is a corresponding
output probability (discrete probability distributions in the discrete case and
continuous probability density functions in the continuous case); and all of these
output probabilities represent random variables or stochastic processes to be
modelled. In the discrete HMM, it refers to the probability of generating some
discrete symbol v in state j, which can be denoted simply by b;(k). In the
continuous HMM, it denotes a probability density function for emission of
observations O,, where O, is often denoted by X,. This difference between the
discrete HMM and the continuous HMM leads to different reestimation algorithms

for the model parameters.
a = {mw;| w;=Pr(s;=1)}, initial state distribution.

An HMM can be represented by using the compact notation A=(A,B,m).
Specification of an HMM involves choices of the number of states, N, and the number of
discrete symbols L, and specification of three probability densities with matrix form A,
B, and w. A set of initial states S; and final states Sy can be .- % defined. Thus,
transitions must start from one of S; and end at one of Sp. Let N; and Ny denote the
number of initial states and final states respectively. In practice, N; and Ny are often

chosen to be one.

The urn and ball experiment can be modelled by an HMM with the above
definitions, where each state, i, corresponds to a specific urn, and output probabilities,
b;(0), are defined for the coloured balls observable in each state, i.e. the probability
distribution of coloured balls in each urn. The observation symbol, v, is the colour of
the ball selected from the urns. The choice of urns is modelled by the initial state

distribution and by the state transition probability distribution. Figure 4.2.2. shows an

* The state-dependent output probability is a special case of the transition-depen&ent one.
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example of such anHMM. The transition probabilities are labeled in the figure; the
output probabilities associated with each state are also illustrated. If the model is looked
at generatively, the Markov chain synthesises a sequence of states (ufns), and the
output probability distributions then turn the sequence of states into a time series
(observation sequence of coloured balls). The observed time series gives evidence about

the hidden state sequence and the parameters of the generating model.

In a first-order HMM, there are two assumptions. The first is the Markov
assumption, i.e. at each observation time, ¢, a new state is entered based on the
transition probability, which only depends on the previous state. Note that the
transition may allow the process to remain in the previous state. The second assumption
is the output —independence assumption, i.e. the output probability depends only on

the state at that time regardless of when and how the state is entered. Although these

Qutput probabilitiy distribution

OO0
state 3

1.0

Figure 4.2.2. Example of a simple hidden Markov model
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assumptions severely limit the memory of first-order HMMs, they reduce the number of
free parameters, and also make learning and decoding algorithms extremely efficient.
Efforts to explicitly model time correlation can be found in [26,167].

In statistical médelling, free parameters refer to those that will be estimated from
observations, which represents one of the most important factors in statistical system
design. Even though inadequate assumptions are made, it may provide better
performance if such assumptions can drastically reduce the number of free parameters.
Some insight into this problem can be gained from considering an analogous problem in
curve fitting. Suppose we have several available data points and several candidate
curves for fitting them and these data points are obtained by adding zero-lﬁean,
independent noise from a parabola. Of all the possible polynomials, a parabola should

. give the best fit, assuming that we are interested in fitting unknown data obtained from

Figure 4.2.3. Example of curve fitting
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the same parabola as well as the points at hand. As noise exists, if the sample points are

limited, the straight line may fit the given data even better than the parabola, though

fitting from a larger data set might be quite different. On the other hand, a high-degree

polynomial can fit the given data perfectly, but is of no use to predict unknown data.

Indeed, many more sample points would be needed to get a good fit with a high-degree

polynomial than a low-degree polynomial because more parameters need to be estimated

for a high-degree polynomial.

4.3. Basic Algorithms for HMMs

(1)

2)

3

Given the definition of HMMSs, there are three key problems:

The Evaluation Problem: Given the observation sequence O = 0,,0,,..., O, and
the model A=(A,B,w), how to compute Pr(O|A), the probability that this observed
sequence was produced by the model. This problem can be also viewed as: given
several competing models and a sequence of observations, how to choose the model

which best matches the observations for the purpose of classification or.recognition.

The Estimation Problem: Given the observation sequence O, how to adjust the
model parameters A = (A,B,7) to maximise Pr(O|A). The problem concerns how
to optimise the model parameters so as to best describe how the observation comes

about.

The Decoding Problem: Given the observation sequence O, what is the most likely
state sequence S = $1,89,...,57 according to some optimality criterion. This relates

to recovery of the hidden part of the model.

Formal mathematical solutions to these problems will be presented in the following

Sections. It can be shown that the three problems are closely related under the same

probabilistic framework.
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4.3.1.. Forward-Backward algorithm

The most straightforward way of computing the probability of an observation is
through enumerating every possible state sequence of length T (the number of
observations). For every fixed state sequence S =s,55... ST, because of our assumptions,

the probability of the observation sequence O is Pr(O|S,A), where

Pr(O|S,\) = b, (0)b, (0)...b, (O) ' . (43.1)

" The probability of such a state sequence S, on the other hand, is

PT(SIA) = W31a3132a3233 e asT-—lsT (4 3 2)

= Gs45,0s5,5, 05,5, Qsp_ysr

where a denotes 7, for simplicity.
8081 8 p y

" The joint probability of O and S, i.e., the probability that O and S occur

simultaneously, is simply the product of the above two terms.

Pr(0,S|A) = Pr(0|S,\)Pr(S|A\) (4.3.3)

The probability Pr(O|A) is the summation of Eq. (4.3.3) over all possible state

sequences:

Pr(O|A) = 3 Pr(O|S,AMPr(S|A)
all S

T
= > Ile, 5,000

all § t=1

(4.3.4)

From Eq. (4.3.4) it can be seen that a transition‘starts from an initial state (at
time ¢=1) with probability a,, (7)), generating the symbol O; with the output
probability b, 1(O 1) in the correspending state s, and a transition is then made from the
initial state s; to state-sy with transition probability a; ;,, and generating symbol O,
with output probability b32(02) attached to the corresponding state sy. This process
continues until the last transition from state sp_; to state sp with the transition

probability a and output probability b, (Or) generating symbol Or is reached.

ST -18T
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It should be noted that the computational load for such a process involves on the
order of O(NT) if such a direct definition is used without careful consideration. At every
time ¢=1,2,...T, there are N possible states to go through. Fortunately, considering
that there are only N states, any possible state sequences have to be remerged into
these N states no matter how long the observation sequence is. Thus a more efficient
algorithm can be derivéd based on these characteristics. Such an algorithm is called the

forward-backward algorithm [133].

The forward variable can be first defined as:

(Xt(i) = PT(O 1,02, e Ot,st-_—ilx) (4.3.5)
This is actually the probability of the partial observation sequence to time ¢ and state i
which is reached at time ¢, given the model A. This probability can be calculated

inductively, as follows:

Forward algorithm

Step 1: a;(i) = 7;b;(0,), for all states i. (ifi €S 7; =NL; otherwise 7; =0)
I : .

Step 2: Calculating a() along the time axis,

for t=2,...,T, and all states j, compute:
() = [, -1(D)a;;1b;(0) (4.3.6)
> _ .
Step 3: Final probability equals:

ProlnN) = S ar) -
I %F T (4.3.7)

In the above forward iteration, Step 1 initialises the forward probabilities with the
initial probability for all states. Eq. (4.3.6) illustrates that state j can be reached at
time ¢ from all the possible states i at time ¢-1. Note that a,_(i) is the probability that
the joint event that 0,0,,....0,_ are observed and state stops at i, thus the product

@;_1(a;; is then the probability of the joint events O, Oy - - - O, are observed and
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state j is reached at time ¢ through state i at time ¢ —1. Summing this product over all
possible statesi, at time ¢ —1 results in the probability of state j being reached at time ¢
through~all the previous partial observations. Multiplication by b;(O,), the observation
probability attached to state j which produces O; results in a,(j), the probability of the )

new observation sequence 0y O3 - - - O;_) O, at time ¢ and state j.

Step 3 gives the desired calculation of Pr(OJA) as the sum of the final forward
variables ar(i) at final states. This is so because az(i) = Pr(0,0; " - - Orsr=il\)

and transitions must end at one of Sp.

The computation in the calculation of &,(j) requires only on the order of O(N 7).
An example of the recursive computation for the forward variable using the model given

in Figure 4.2.2. is illustrated in Figure 4.3.1. The computation leads to a lattice

EO——3 DD

qp 5 M e WG ooo  EFAD

OO0 O—-O—O

1 2 3 T7-1 T
Observation, Time

Figure 4.3.1. Illustration of forward computation
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structure in which only legal transitions from an originating state ¢ to a destination
state j is allowed. Each column of states for time ¢ —1 is completely computed before
going to time ¢, the next column. When the states in the last column have been swept,
the final state in the final column contains the probability of generating the given

observation sequence O.

In a similar way a backward variable §8,(i) can be defined as:
 Bii) = Pr(0411 0445, + - Orls,=i,N) | 438
i.e. the probability of the partial observation sequence from ¢+1 to the final observation
T, given state i at time ¢ and the model A. This backward variable can be also solved

inductively in a manner similar to the forward variable a() as follows:

Backward algorithm

Step 1: B7(i) = NL’ for all states i €Sy, otherwise B7(i)=0;
F

Step 2: Calculating B() along the time axis,
for t=T—1,T—2,...,1 and all states j, compute:

B.U) = [Zaﬁbi(otﬂ)ﬁtﬂ(i)] (4.3.9)
Step 3: Final probability equals:

Pr(O|A) = ) @;5,(0,)B,() (4.3.10)
i€S; o

Step 1 arbitrarily defines B7(i) to be ﬁl— for all final states. Step 2 shows that in
F

order to have been in state j at time ¢, and to account for the rest of the observation
sequence, a transition from state J to every one of the possible states at time {+1 must
be made, which accounts for the observation symbol O;.; in the corresponding state,
and then account for the rest of the observation sequence. The computation complexity

of Bt(i) is similar to that of a,(i), which also producesa lattice with observation length
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and state number.

As mentioned above, both the forward and backward algorithms can be used to
compute Pr(O|A) for the evaluation problem. They can also be used together to
formulate a solution to the problem of model parameter estimation as discussed Section

4.3.3.

4.3.2. Viterbi algorithm

The hidden part of HMMs, i.e. the state sequence, cannot be uncovered, but can be
interpreted in some meaningful way. A typical use of the recovered state sequence is to
~ learn about the structure of the model, and to get average statistics, behaviour, etc.
within individual states. There are several possible ways to find the optimal state
sequence associated with the given observation sequence. One possible optimality
criterion is to choose the states, s,, which are in the best path with highest probability,
i.e. with maximum Pr(O,S |}\) A formal technique for finding this single best state
sequence is called the Viterbi algorithm [163]. This is very similar to the DTW
algorithm discussed in Chapter 2, where the transition information is neglected and

speech data such as LPC cepstrum is usually stored without further parameterisation.

Viterbi Algorithm

1

Stepl: Initialisation, for all states i,
0,(D)=m;b;(0)
¥,(i)=0;

Step 2: Récursion, from time at.t =2to T, for all states j,
8;(]')=M§1x[6¢-1(i)aij]bj(0¢)
\I',(j)=arg?1ax[8¢_1(i)aij]

Step 3: Termination
P* =Max[8rp(s)]
SGSF

sp=argmax[8p(s)]
SESF
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Step4: Path (state sequence) backtfacking, from time at T —1to 1

. * *
st =¥, +108,4+1)

The Viterbi algorithm can be also used in score evaluation. As has already beenv
explained in the previous Sections, the forward-backward algorithm can be used in
obtaining the probability Pr(O|A). This probability is the summation of Pr(0,S|A) over
all possible state sequences S, while the Viterbi algorithm only efficiently finds the
maximum of Pr(0,S|A) over all S. Therefore, the Viterbi algorithm can be viewed as a
special case of the forward-backward algorithm. For speech signals, experiments show

that lWSax[Pr(O,S |A)] may not well represent the summation for Pr(O|)), specially in

the HMM parameter estimation procedu;e, though the probabilities obtained from the
forward and Viterbi algorithm may be very close [139]. In such cases, the forward-
backward algorithm may work more robustly than the Viterbi algorithm. This is

achieved at the sacrifice of the increase of computationai complexity of the forward-
| backward algorithm since all the paths must be taken into account. On the other hand,
the Viterbi algorithm is extremely efficient since it can operate in the logarithm domain
using only additions. In addition, it is possible to obtain the state sequence at the same
time. Because of its advantages, it has been Widely used in many speech recognition

systems [96, 1391].

4.3.3. Baum-Welch reestimation algorithm

The most difficult problem in HMM is how to adjust the model parameters (A B,
o) to maximise the probability of the observation sequence given the model. There is no
known way to solve for a maximum likelihood model analytiqally as discussed in
Chapter 3. Therefore an iterative algorithm or gradient technique for optimisation is
used. The iterative algorithm used in the HMM-based speech recognition is known as
the Baum-Welch algorithm [19]. This has the same optimisation techniques as the EM
algorithm for the mixture density problems discussed in Chapter 3. The iterative

algorithm will be discussed from an intuitive point of view here. A formal proof from an
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information-theoretic point of view will be given in the next Section.

The purpose here is to obtain parameters of the model from observations. If the
model parameters are known, the forward-backward algorithm can be used to evaluate
probabilities produced by given model parameters for given observations. We can then

make a guess about original model parameters based on current probabilities.

Consider any model whose parameters A contain no zeros. Probability
computations are, for the'moment, to be based on this model, as if it were the true
model. By using the forward-backward algorithm on such a model, the posterior
probability of transitions y;;, from state i to state J, conditioned on the observation
sequence and the model can be computéd as:

Ye(iy) = Pr(st=i,st+1=j|0,}\)
=' at(i)aijbj(ot+1)ﬁt+l(j)

Pr(O|N) (4.3.11)
a(i)a;b;(0;+1)B:+10)

- > ar(k)

K €Sy

As illustrated in Figureb 4.3.2., v,(i,j) is the probability of a path being in state i
at time ¢ and making a transition to state j at time ¢{+1, given the observation
sequence and the model. Obviously, this joint event occurs with probability a,(i), which
accounts for the path terminating in state .i at time £, times @;;b;(0, ,1), which accounts

for the local transition from state i, times 8,4 (j), which accounts for the path being in

state j at time ¢+ 1.

Similarly, the posterior probability of being in state i at time ¢, y,(i), given the

observation sequence and model, is

1) = Pris,=i|O\)
’ at(l)ﬂg(l)

> ap(k)
€Sy

From Eq. (4.3.12), it can be observed that y,(i) can be computed from Zyt(i,j) if t<T.
J

(4.3.12)

Since such a computation involves only additions, it is generally better to compute v,(i)

from v,(i,j) rather than from the forward and backward variables directly.
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state

5 Transition

t+1 t+2

Observation, time

Figure 4.3.2. Illustration of gamma computation

 Recalling the urn and ball experiment, (state corresponding to the urn and output
probabilities corresponding to the colour ball distributions), it can be seen that

2 v,(1) is the expected number of draws from urn 1 (state 1) that yield the ball
t€0,=black

T
with colour black, given the observation and model. Similarly, 27,(1) is the expected
t=1

number of draws from urn 1, again conditioned on the observations and the model. It is
intuitively appealing to use the evidence to replace original output probabilities,
T —
b,(black), by 2 y,(l)/Z‘y,(l). A new model A can then be created in such a
t€0,=black t=1

manner to iteratively improve our guessing.

In general, the physical meaning of a;; is the probability of the transition from
T-1 T-1 .
state i to state j. Thus the ratio 2 Y.(ig)/ 2 Y:(i) is an estimate of the probability
t=1 t=1
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a;;. This ratio may be taken as a new estimate, a;; of a;;. That is

T

|
-

M

Ye(iy)
1

_9
K

]
~
Sh

M

zy,(u)
J

g

(4.3.13)

N~

Y (i)

..

S
1|

-

v.(2)
1

-~
It

Similarly, the physical meaning of b;(k) is the probability of observation symbol
Up occurringv in state j. This can be computed as the frequency of occurrence of
observation symbol v, relative to the frequency of occurrence of any observation symbol
in state j. Summation of y,(i) over the time index ¢ is the expected number of times
that state i is visited. (Note that summation over time index t excluding the last
moment T is the expected number of transitions out of state i.) Thus b;(k) can be

reestimated as:

2 v:()

'EO;=Dh

bj(k) = —
PRAC)
t=1

(4.3.14)

Finally, new estimates of the initial state probabilities may be obtained from:

E,’ = Yl(l) (4315)

It turns out that Eq. (4.3.12) to (4.3.14) is well-founded, and it can be proven that

either:

1. The initial model A defines a critical point of the likelihood function, where new

estimates equals old ones, or

2. Model A is more likely in the sense that Pr(O|X)2Pr(O|)\), i.e. new model

estimates will produce the given observation sequence O more likely.

Thus if A is iteratively used to replace A and repeat the above reestimation

calculation, it can be guaranteed that Pr(O|A) can be improved until some limiting
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point is reached. Eq. (4.3.12) to (4.3.14) are instances of the Baum-Welch reestimation
algorithm [19], which has a similar form to the EM algorithm discussed in Chapter 3.
As a side note, if any set of probabilities in an HMM is fixed, maximum likelihood
estimates of the remaining parameters can still be estimated the same way as before;
and the likelihood should also be improved iteratively. This is often useful for
debugging as a divide —conquer strategy. Another useful debugging method is that
Pr(O|A) should be the same no matter whether it is calculated from forward or
backward probabilities, i.e.

Pr(O|A) = D apli)

= > m;b;(0)B(i)

i€s;

= adi)B ).

It is implied by the content of Baum and Eagon [18] and Petrie [130] that the true
model can be recovered from a sufficiently long observation. sequence except some
caveats, such as symmetries associated with the naming of states and ambiguities
caused by a true model with identical colour balls in each urn. Therefore, the veil

‘between observations and HMM can be successfully lifted.

Note that a single observation sequence is not enough for reestimation of the HMM
parameters for practical speech recognition. The appropriate training data should be a
set of independent observation sequences from the same source. For example, if each
HMM represents a word in the word-baséd speech recognition system, several utterances
for the same word are generally required to reestimate the HMM parameters. The
reestimation formulas of Eq. (4.3.13) to (4.3.15) can be easily extended to such multiple
observation sequences. Let OM = [01,0%..0™] denote the set of m observation
sequences, where 0"= 07,0%,..0} is the nth training sequence with T,
observations. Assuming that observation sequences are independent of each other, the

parameter estimation of HMM is then based on the maximisation of

logPr(OM|A) = D) 1logPr(0"|A) (4.3.16)
n=1
Let ny(i,j) denote the expected number of transitions from state i to state j
t
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estimated from O". The average expected number of transitions, Eyt(i,j) is the
: t

summation of yJ(i,j) with respect to n. Thus, the reestimation equation for the
transition probability, a;;, can be computed:

T.—1
DI KO
t=1

-— n

@ = To—1
> 21 Sy i)
t=

ij
J

Let Eyf(i) denote expected number of being in state i at time ¢ estimated from O".
t

(4.3.17)

Similarly, Eq. (4.3.14) can be extended to multiple observation sequences as:

PRI KO
- n te0}=uy

bj(k) = (4.3.18)

T
> D vrG)

nt=1

4.4. Proof of the Reestimation Algorithm

The original proof of the 4Baum-Welch algorithm, which dealt specifically with a
finite alphabet and general output distributions, appeared in [18]). A generalised proof
was then based on constructing an information-theoretic Q-function, i.e. Kullback-
Leibler number [19,93]. This is actually the same as the Q-function of the EM
algorithm for mixture densities discussed in Chapter 3. For models A and X, the Q-

function can be defined as:

1 = ,
Proy ag‘,spr(o,sp\)logpr(o,m \). (4.4.1)

Here, Q()\,X) is considered as a function of A in the maximisation procedure. Therefore

QAN =

1/Pr(O|A) can be considered as a constant if there is only one O. With such an

auxiliary function, it can be shown that
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Theorem 4.4.1.

If Q(}\,X)ZQ()\,)\), = Pr(OlX)zPr(Ol)\). The inequality is strict unless
Pr(O|A)=Pr(O|M\).

Proof: From the concavity of the log function it follows that

Pr(O[A) _ Pr(0,S|\) , Pr(0,S|A)
°6PrO|N) ~ 1°g‘.,§s PrO[A)  Pr(O,S|N)”

=3 Pr(0,S|A) Pr(O,S]X))
~ 4% Pr(O]d) T Pr(0,S|A)

= QAN —Q(A\\N)

log(

It can also be seen that A is a critical point of Pr(O_l)\) if and only if it is a critical
point of @ as a function of A. For a broad class of models, @, as a function of A, has a
single critical point and this point is its unique global maximum (see Chapter 5). From
Theorem 4.4.1, we have

1og 27O - oA X -@AN. @4

Pr(O|A)
If a new model A that makes the right-hand side of Eq. (4.4.2) positive can be found, it

means that the model reestimation algorithm can be guaranteed to improve the
Pr(OJA). Clearly, the guaranteed improvement by this method results for A, which

maximises Q(A,X) unless a critical point is reached.

The remarkable fact of the Baum-Welch algorithm is that Q(}\,X) attains its
maximum when A is related to A by Eq. (4.3.13) to (4.3.15). To show this let the state
sequence be S=s;s3 * - * s7. Then

- I = T _
logPr(0,S|\) =logw, + D, loga,, , + X,logb, (0, (4.4.3)
=1 t=1

t

Substituting Eq. (4.4.3) in (4.4.1) and regrouping terms in the summations

according to state transitions and observed symbols, it can be seen that

— L _ ‘
Q()\,}\) = E: E:cijlogi,-j+ E: E: djklogbj(k)+ Eeilogii (4.4.4)
i J i

j k=1
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Here
T-1
Pr(st=i78t+1=j’0|A)
t=1
cij =
Pr(O|A) (4.45)
T-1
= 2 vdiy)
t=1 .
> Pr(s,=j,0|N)
d _ t€0,=vk -
k= Pr(O|A)
(4.4.6)
= 2 1.()
te0;,=u,
Pr(s,=i,0|A)
e; =
Pr(O[A) (4.47)
= 1:1(0)
Thus, according to Theorem 3.2.1, Q(}\,X) can be maximised if
— ¢y
a; =
3] S:cij
JT—I
2 1, J) (4.4.8)
=1
B |
2 Yeing)
t=1 j
bik) =~
J - S:djk
k
PR A - (4.4.9)
_ te0,=v,
E—Yt(j)
¢
- &
T, = Zei
‘ (4.4.10)
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These are recognised as the Baum-Welch reestimation formulas.

~ The Baum-Welch reestimation algorithm can also be proved from several different
points of view. Note that the reestimation formulas update the model in such a way that

the constraints

2.'”" =1, (4.4.11)
2 =1 ‘ (4.4.12)
J .

and
L
X biw= 1 (4.4.13)
k=1

are automatically satisfied at each iteration. The constraints are required to make the
HMM well defined. It is thus natural to look at the ti‘aiﬁing problem as a problem of
constrained optimisation of log Pr(O|A), since it is usually numerically better to

maximise log Pr(O|A) instead of Pr(OIX) (20,102].

For multiple observation ‘sequences, fhe Q-function can be defined as the
summation of each @-function corresponding to the nth observation sequence O" (this
~ @Q-function is in fact the case of the EM algorithm for mixture densities as discussed in .
Chapter 3). Following Theorem 4.4.1, it can be seen that maximisation of the Q-
function will lead to maximisation of Pr(OM|A). From Eq. (4.4.4), it can be easily

verified that reestimation formulas Eq. (4.3.17) and (4.3.18) stand.

4.5. Time Duration Modelling

One of the major weakness of conventional HMMs is related to the modelling of
‘state duration. The HMM does not provide an adequate representation of the temporal
structure of speech where the probability of state occupanéy decreases exponentially
with time. The probability of ¢ consecutive observations in state i can be written as

d(t) = a;(1—ay) (4.5.1)
i.e., d;(t) is the probability of taking the self-loop at state i for ¢ times. An improvement
to the standard HMM results from the use of HMMs with time duration [100,144],



-67-

which model not only the output and transition probabilities, but also a set of state

duration probabilities explicitly.

To explain the principle of time duration modelling, a conventional HMM with
exponential state duration density and a time duration HMM with specified state
duration densities (which can be either a discrete distribution or a continuous density)
are illustrated in Figure 4.5.1. In part (a), the state duration probability has
exponential form as Eq. (4.5.1). In part (b), the self-transition probabilities are replaced

with an explicit duration probability distribution. At time ¢, the process enters state i

(b)

Figure 4.5.1. Standard model and time duration model
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for duration 7 with probability density d;(r) during which the observations
0;+10,+3,...,0;+, are generated. It then transfers to state j with transition probability
a;; oniy after the appropriate T observations have occurred. in the state t. Thus, by
setting the time duration probability density to be the exponential density of Eq. (4.5.1)
the time dura'tion HMM can be made equivalent to the standard HMM.

" The parameters d;(7) can be estimated from observations along with the other
parameters of the HMM. For expedience the duration density is usually truncated at a
maximum duration value D. To reestimate the parameters of the HMM with time
duration modelling, the forward recursion must be modified as follows:

at(j) = 2 2 at_T(i)aijdj(f)ﬁbj(ot—1+1) (4.5.2)
=1

T all . ij
where the transition from state i to state j depends not only upon the transition
probabiAlity a;; but also upon all the possible time durations 7 that may occur in state i.
- Intuitively, Eq. (4.5.2.) illustrates that when state j is reached from previous states i,
the observations may stay in state j for a period of T with duration density d;(t), and
each observation emits its own output probability. All possible durations must be
considered, which leads to summation with respect to 7. The independence assumption

of observations results in the H term of output probabilities. Similarly, the backward

recursion can be written as:

B =3 3 a,-,-dju)lI‘[b,-(on)ﬂH,o) 453)
Tall j =1

The modified Baum-Welch algorithm can then be used based on Eq. (4.5.2) and
(4.5.3). The proof of the reestimation algorithm can be based on the modified Q-function
as Eq. (4.4.1) except that Pr(0,S|A) should be replaced Pr(0,S,7|A), which denotes the
conditional probability of state sequence, S, given observation, O, and duration in each

state, T.

LS S pr0,5,7|M)1ogPr(0,S,7|X) (4.5.4)

QAN = Brom = 2

In a manner similar to the standard HMM, vy,.(i,j) can be defined as the

transition probability from state i at time ¢ to state j with time duration 7 in state j.
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Y¢,-(i,j) can be written as:

Yorlin) = aDaydin T80, 40Be+.() (4.55)
=1
. Similarly, the probability of being in state i at time ¢ with duration 7 can be computed
as:
Yt,T(i) = zYt,TO’i) . (4.5.6)
Jj

" In a manner similar to Eq. (4.4.4) and after some algebraic operations, the

reestimation algorithm can be written as follows

T-1
2 EYt,T(i ’J)

t=1 71

T-1
PIDIPRR N
t=1 r j
T
DX
dir) = 47— o | (4.5.8)

PIPRO

t=1r1

T
_ 22 vere,m)
bi(k) = 1T (4.5.9)

T
PIEDIE O,
t=1 T

where c; ,(k) denotes the number of codewords v), occurring during state occupancy 7 for

@; = (4.5.7)

Ot+11-"-ot+‘r'

The Viterbi decoding algorithm can be used for the time duration model, and the

optimal péth can be determined according to:

6,G)=Max Max[st—r(i)aijdj(T)ItIbj(ot—1'+k)] (4.5.10)
13 T k=1

The importance of incorporating time duration modelling is reflected in the
observation that, for some speaker-dependent speech recognition systems, the
recognition accuracy can be significantly improved when time duration modelling is
used. However, there are drawbacks to the use of the time duration modelling discussed

here. One is the greatly increased computational complexity in the order of 0(D?),
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where D is the truncated time duration length. Another problem is the large number of
additional parameters (D), associated with each state, that must be estimated. Usually,
there are much less training data to estimate d;(¢) than would be used in a standard
HMM. This limited training data may cause the time duration HMM to show poorer
recognition accuracy than a standard HMM [145]. One proposal to alleviate some of
these pfoblems is to use a continuous density function instead of the discrete
distribution d_,-(t) [100,144]. A‘more interesting alternative is to smooth the discrete
time duration distribution by the Gaussian probability density function [3,96], which

can significantly improve the performance when limited training data are used.

4.6. Isolated vs. Continuous Speech Recognition

For isolated word recognition, the training and recognition can be implemented

directly using the basic algorithms introduced in this Chapter.

To estimate model parameters, examples of each word in the vocabulary can be
- collected. The model parameters can be estimated from all these examples using the
Baum-Welch algorithm. It is not necessary to clip the speech from the silence at the
beginning and ending because these will be absorbed in the states of the word models. If
subword units, such as phone models, are used, these subword units can be first
concatenated- into a word model, possibly adding silence models at the beginning and
end. These concatenated word models can then be treated in the same manner as word

models. -

For recognition, either the forward algorithm or the Viterbi algorithm can be used
to score the input word against each of the word models. If no language model is used,
the word model with the highest probability can be chosen as the recognised word. If a
language model is used, the decoder based on a maximum a-posteriori probability can be

used.

Training HMMs on continuous speech is very similar to training on isolated words.

One of great advantages for hidden Markov modelling is that it can absorb a range of
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boundary information of models automatically for continuous speech recognition. Other
techniques such as DTW, or neural networks face serious problems in training models
for continuous speech, because word boundaries are not automatically detectable.

- Tedious hand-marking is often needed.

To train the parameters of the HMM, each word can be instantiated with its model
(which may be a concatenation of subword models). The words in the sentence can be
concatenated with optional silence models between them. This large concatenated
sentence HMM can then be trained using the corresponding sentence. Since the entire
sentence HMM is trained on the entire observation sequence for the corresponding
sentence, all possible word boundaries are inherently considered. Parameters of each
model will be based on those good state-to-speech alignments. This is because the state
sequence is hidden in HMMs, and it does not matter where the word boundaries are,
since these will be automatically determined by the reestimation algorithm. Such a
training method allows complete freedom to align the sentence model against the

observation, and no effort is needed to find word boundaries.

In continuous speech recognition, a word may begin and end anywhere in a given
observation signal. As the word boundaries cannot be detected accurately, all possible
beginﬁing and end points have to be accounted for. This converts ‘a linear search (as for
isolated word recognition) to a tree search, and a polynomial recognition algorithm to an
exponential one. As an optimal full search is infeasible for large-vocabulary continuous
speech recognition, several suboptimal search algorithms are wused instead

[10,106,122,140,163].

The Viterbi search [163] can be extended to continuous speech recognition by
enumerating all the states of all the words in the grammar and using the Viterbi
algorithm inside the words with between-word transitions specified by the grammar.
This is efficient for moderate vocabulary recognition systems [15]. However, for large-
vocabulary speech recognition, it is still very time consuming. Instead of retaining all
candidates at every time frame, a threshold can be used to consider only a group of
likely candidates. The state with the highest probability can be first found, and each

state with smaller probability in comparison to the highest one can then be discarded
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from further consideration. This is the beam search algorithm, which alleviates the
necessity of enumerating all the states, and can lead to substantial savings in

computation with little loss of accuracy.

.Despite the efficiency of the Viterbi algorithm, it is a suboptimal search since it
finds only the optimal state sequence instead of the optimal word sequence and the
prdbability‘obtained from the Viterbi algorithm is an approximation of Pr(O|A). In
view of this problem, improved search algorithms, such as stack decoding algorithm [10],

can be used, with however considerable increase in computational complexity.

4.7. Summary

AnHMM is a collection of states connected by transitions with output probabilities
associated with states and transition probabilities associated with arcs. HMMs have a
rich representation in these two sets of parameters such that variabilities in time and
- acoustic space can be effectively modelled. The forward-backward algorithm and Baum-
Welch algorithm can be used to automatically optimise model parameters with high
efficiency in the sense of maximum likelihood estimation. A simplified technique, the
Viterbi algorithm, is often used for decoding because of its simplicity. The proof of
reestimation algorithm is based on constructing an information-theoretic Q-function,
which is actually identical to the EM algorithm discussed in Chapter 3 except here the
Markov properties are imposed. Although discussions in this Chapter are all based on

the discrete HMM; most of them can be extended to the continuous HMM.



CHAPTER 5

CONTINUOUS HIDDEN MARKOV MODELS

This Chapter will discuss theories related to continuous mixture HMMs. If the
observation does not come from a finite set, but from some continuous points in
Euclidean d-space, the discrete output distribution b;(k) can then be extended to the
continuous output probability density function. For speech recognition, this implies that
the vector quantisation procedure is unnecessary. Thus the inherent quantisation error

can be eliminated.

The Baum-Welch reestimation algorithm discussed in Section 4.3.3. can be
extended to estimate continuous probability density functions with the help of the
Kullback-Leibler statistic, the Q-funbction [19,20]. As discussed in Chapter 4, the -
function is one of the main mathematical foundations of the theory, in that the
parameter reestimates can be characterised as the critical point of it. Baum . et al.
[19,20] generalised the method to continuous output density functions, which require
that the probability density functions be strictly log concave. This method is applicable
to the Gaussian, Poiss.on, and Gamma distributions but not to the Cauchy distribution.
Liporace [102] redefined the Q-function, and successfully relaxed the requirement so as
to accommodate a broad class of elliptically. symmetric density functions. Juang [86]
further expanded the estimation algorithm to cope with finite mixtures of strictly log
concave and/or elliptically symmetric density functions. This Chapter will first review
the Liporace proof to the general continuous parameter reestimation formulas, and then
discuss continuous mixture models, which are necessary to understand the unified

modelling theory presented in the following Chapter.

-3 -
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5.1. Continuous Parameter Reestimation

This Section will first discuss general reestimation formulas for the single mixture
continuous HMM that is applicable to a broad class of elliptically symmetric density
functions. As direct applications, examples of the Gaussian density function are then

included.

5.1.1. General case

In a manner similar to the discrete HMM, for a given continuous observation
sequence X€R? and a particular choice of HMM A, the objective in maximum likelihood
estimation is to maximise the probability density function, f(X|A), over all parameters

in A. The global density of X can be written as

FXIN) = D FX,SIN

all §
T (5.1.1)
= 2 Hast-lstbst(x‘)
S t=1

where a; ;= 7y, for simplicity. As a general case, all of the output density functions

can be assumed to have ellipsoidal symmetry, i.e. each b;(x) has the form -

| 2] =12 fi(q;(x)) (5.1.3)

where ¢;(X) is a positive definite quadratic form,

i(®) = (x—p)' 7 x—py). (513
The d-by-d scaling matrices X;, (for all states i), are positive-definite and symmetric,
and location vectors p; are arbitrary points in Euclidean d-space. Following Liporace’s
results [102], one extra assumption for elliptically symmetric densities is necessary: if
the elliptically symmetric density b(x) satisfies the consistency conditions of

Kolmogorov [44], it can be represented as

b = [ Nex, p, u?DdG@) (5.1.4)

for some probability distribution G on [0, ®), where N() is the multivariate Gaussian
density with mean vector p and covariance matrix u%Z. Thus an elliptically symmetric
density function can be expressed as a continuous convex combination of related

Gaussian densities. It is interesting that the distribution G need not be known. By
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means of Eq. (5.1.4), f (X,S|A) can be expressed as an integral over the T'-fold product
space U= [0 )T

fX, Sl}\) = f Hasl N4y, u?2,)dGw,)...dG ur)
(56.1.5)
= Eyf(X,S8,U|A),
where U =(u;..,ur)’, Ey denotes the average with respect to T-fold distribution
G(uy)...G(up) and

T
fX,8, U\ = Has‘_lé‘N(x,,pst'ufzst)
t=1

In a similar manner to the discrete HMM, the reestimation transformation is based
on an auxiliary function Q(A,X) of current parameters A and new parameters A defined

by

QAN = DX, Mlogf(X,S|A)] (5.1.6a)

(xm

Q(A,X) can be considered as a function of A in the optimisation procedure. Therefore,
1/f(X|A) can be treated as a constant if there is only one observation sequence X to be
considered. The proof based on Eq. (5.1.6a) is valid only if the output probability density
is strictly log concave. For a broad class of elliptically symmetric density functions, the

Q -function can be generalised as

QAN = —= DEy[FX,S,U|Mlogf(X,S,U|A)] (5.1.6b)

f (XI)\)
The following discussion will be based on Eq. (5.1.6b); it can be 51mp11ﬁed to Eq. (5.1.6a)

which is only a special case of Eq. (5.1.6b).

The utility of Q()\,X) is similar to that discussed in Theorem 4.4.1, i.e.

Q(A,X) = QAN = FX|A) = fX|N). (5.1.7)

Under mild orthodoxy conditions, Q()\,X)‘ has additional useful properties

summarised in the following theorem.
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Theorem 5.1.1.
If for each state j,
@) bj(x) has the representation as Eq. (5.1.4); and

(ii) there are among Xj,...,Xp, d+1 observations, any d of which are linearly

independent;

then Q()\,X) has a unique global maximum as a function of X, and this maximum is the

one and only critical point.

Proof: The proof involves the following three arguments.

(1) The second derivative of @ along any direction in the parameter space is
strictly negative at a critical point. This implies that any critical point is a relative

maximum and that if there are more than one they are isolated.

(2) Q(A,X)—)—m as A approaches the finite boundary of the parameter space or the

point at ©. The property implies that the global maximum is a critical point.
(3) The critical point is unique.

Detailed mathematical arguments can be found in [102].

Theorem 5.1.2:

A parameter A is a critical point of the likelihood f(X|A) if and only if it is a

critical point of the @-function.

Proof: Let V), be the gradient vector. A critical point of f(X|A) is characterised by
VFX|N = 0.

VAfXIN] A
= VA QEyf(X,S,U|A)
S

= DE, Y\ f(X,S,U|N)
S

= Y Eyf(X,8,U| NIV logf(X,S,U|N)]
S

= C V5QAN|5.y
Thus VAf(X|A)|, 5 =0 if and only if VXQ(}\,X”X:)\:O at A=A,
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Based on Theorem 5.1.1. and Theorem 5.1.2, the reestimation transformation can

be explicitly derived under the constraints of

1) EEij=1, for each state i; and
J

(2) The scaling matrices i,- are positive definite for each state .

Since

X X,S 1 ‘
QAN = (XIJ\) — 2 By f( UWE[ 08a;, 5, + (5.1.8)

+ (1/2)log|23t 1| —dlogu, —(d/2)1og(2w)—(1/2u,2)(x, — o) 2, (% — )],
maximisation of a;; is similar to the discrete HMM as the individual auxiliary function

for a;; has the same form ijlogyj, which as a function of {y;}, subject to the
Jj

constraints Eyj = 1 and y;=0, attains a global maximum at the single point

yjiwj/zw,-.
i

The key problem here is to maximise the @-function with respect to g and 2. Let
aQ/aﬁj denote the d-dimensional vector of derivatives of @(A,A) with respect to the

components of i ;. Here it: can be obtained as the solution of
P B &

0 = QAN
p;
= 2EyfX,S8,UIN 3 27 (x,—R)/u}
N tGT}(s)

where T'(s) = {t|s,=j}. Interchanging the order of summation and premultiplying by

3, we have

7 :
= 21 s g.( )Eu(f (X,8,U|N/ up)(x,— ) ' (5.1.9)
(¢

t=
where S;(t) = {s|s,=j}. Observe that
> Ey(fX,S,U|N/up)
SES;(t)
differs from f(X,s,=j|A) only in that b;(x,) is replaced by
fo u; AN (x,,p;,ufZ)dG(u,) (5.1.10)

According to Eq. (5.1.4), Eq. (5.1.10) is equal to -20b;(x)/3q;(X)|x=x, Therefore
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S, Ey(fX,8,UIN/ud)=p,()B.G)

s€S;()
where
pG) = Eae 1(Dayl— Za - )lx =x,] (5.1.11)
Thus
T
2 pdiBe %,
B =5 : (5.1.12)
2 p.()B.G)

Similarly, 2 can be obtained as

~ Epa(i)ﬁt(i)(xc—ﬁj)(xt—ﬁj)'

3 = =1 - (5.1.13)
zpt(i)ﬁt(f)
t=1

It can be seen that each ij is positive definite. If y is any d-dimensional vecfor,

_ T
Y2y = Xeitly'x,—p)I =0
t=1
where cj(t) >0. The inequality is strict provided that for any It; the vectors {x,—p;}

span the d-dimensional observation space, i.e., if observation X satisfies the orthodoxy

condition mentioned in Theorem 5.1.1.

5.1.2. Applications to single Gaussian density function

When the above reestimation formulas are applied to the multivariate Gaussian

densities, p,(j) = a,(j). Therefore, Eq. (5.1.12) and (5.1.13) become

T
Z'Yt(i)xt
= (5.1.14)

PIRZE))
t=1

and
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.
D1 — B)(x— R |

i _ t=1 ;

;= (5.1.15)

T
27:0)
R t=1

where v,(j) is the posterior probability which has the same meaning as used for the

discrete HMM. The interpretation of Eq. (5.1.14) and Eq. (5.1.15) is relatively simple. In
thé extreme case where v,(j) equals 1 when X, is from the st#te Jj and 0 oﬁherWise, Bj
and ij are the mean and corresponding sample covariance iﬁatrix of those samples
respectively. More generally, vy,(j) is between 0 and 1, and all of the samples therefore
play some role in the estimates. Basically, the estimates can still be regarded as

weighted sample means and weighted sample covariance matrices.

In practice, multiple independent observations have to be used for parameter
estimation. In a manner similar to Eq. (4.3.17) and Eq. (4.3.18), summation with respect
to variables of multiple independent obsérvatiohs can be applied to the denominator and
.numerators respectively. Notice that Eq. (5.1.15) relies on reestimated mean vector ﬁj,

which is inconvenient to implement, Eq. (5.1.15) can be expressed as

T
2 Yt(j)xtxtt
t=1 — —¢

T N 1] ’ (5.1.16)
27:0)
t=1

In the above equatidn, the first term depends on y, and X,, which can be computed for

3. =

J

each observation X, along with other parameters. The second term can be computed
after all the observations are computed. Alterhatively, a heuristic reestimation

~

equation can be written as [86]

T
2y
3 == 7 (5.1.17)
EYt(f)
t=1

This is because p are approximately equal to @ in contiguous iterations.

Referring to Eq. (3.2.10) and (3.2.11), the mixture densities problem discussed in
" Chapter 3 can be considered as a special case of this model in which the state transitions

are Markov of order zero with L states (N =L),
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aj =p; j=1,.,Lforalli

i
i.e., no Markov properties are imposed on the densities.

5.2. Mixture Density Functions

The extent to which use of unimodal output densities in a speech recognition

_ system is adequate depends on both the signal processing in the system, and on the

shapes of the word models used by the system. In a speaker-independent speech
recognition system, for example, because the vocal tracts of women are normally shorter
than those of men, the formant frequencies for a given sound will tend to be higher in a

female voice than a male voice. It will then be important to use at least bimodal output

_densities to model the male and female voices for a given word. On the other hand, if

the signal processing algorithm can successfully perform some speaker normalisation,

this difference between male and female may be removed and unimodal densities can be

“used. This is only one aspect of the complicated speech modelling problem. In practice,

multimodal densities will definitely be suﬁerior to unimodal densities if there is
sufficient training data, and this is generally required for speaker-independent speech
recognition. One way to model_ multimodal signals is to use mixtures of unimodal
distributions, such as Gaussian densities. Qutput distributions in the continuous
mixture HMM are then a mixture of unimodal densities. Another approach is to use a
large number of states based on unimodal densities (43]. In comparison to the discrete
HMM, it makes no difference if a mixture of discrete distributions is used since the

discrete output distributions can model any multimodal densities.

In use of continuous probability density functions, a first candidate for a family of

output distributions is the family of multivariate Gaussians, since

(1) Gaussian mixture densities (with an appropriate chosen mixture) can be used to
approximate any continuous probability density function in the sense of

minimising the error between two density functions;

(2) by the central limit theorem, the distribution of the sum of a large number of

independent random variables tends towards a Gaussian distribution; and
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(3) the Gaussian distribution has the greatest entropy of any distribution with a given

variance.

Continuous HMMs based on other probability density functions, such as Laplacian,
K ,-type [48), as well as the Parzen estimation of the probability density functions [159]
have also been reported in the literature. These are not considered further here because

of the advantages of Gaussian density mentioned above.

The number of free parameters is very important in a statistical speech recognition
.system. One way to drastically reduce the number of free parameters in the Gaussian
density based continuous HMM is to assume that the off-diagonal terms in the
covariance matrices are zero. This is a reduction from O(d?) to O(d) in terms of both
the amount of computation and the number of free parameters to be estimated. This
means that less training dafa and time will be required. The disadvantage is that the
assumption that different elements of the observation vector are uncorrelated may be so
inaccurate as to significantly degrade recognition accuracy. Thé extent to which this is
~ the case depends on the signal processing and the models used in a particular system. It
is often an empirical issue as to whether the computational expense of a full-covariance
Gaussian is worth the performance improvement, if any. Even though that diagonal-
covariance assumptions are almost surely incorrect, the diagonal-covariance approach
 often provides vbettver performance than the full-covariance approach if the training data

are insufficient.

Formally, the probability density function B ={b;(x)} attached to state j, 1

=<Jj =N, if chosen as for Gaussian mixture densities, can be written as:

' M
bj(x) =. 2 Cjkbjk(x)
kol : (5.2.1)
= D cpNpp Zp)
k=1
where N(x,u,2) denotes a multi-dimensional Gaussian density function of mean vector
p and covariance matrix X; M denotes the number of mixture-components; and c;;, is

the weight for the kth mixture component satisfying
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M
R =1 (5.2.2)
" k=1 ) -
.80 that
[ bmdx =1. (5.23)

5.3. Continuous Mixture Hidden Markov Model

When bj(x) is represented by mixture of densities as Eq. (5.2.1), the summand in

Eq. (5.1.1) over all S is, in fact, the joint density f(X,S|A), which can be expressed as

T
f(X9SI>‘) = Hast-lstbst(x‘)
t=1
M M M T : (5.3.1)
= 2 e 2 [Hast—13tb8tkt(x¢)]*cslklcs2k2 " Csrky
Ei=1ky=1  hp=1i=1

Let QT be T'th Cartesian product of @={1,2,...M}, which is defined as the branch

alphabet. In the summand of Eq. (5.3.1), it can be considered as the summation of:
‘ T
FX8.KIN=T1a,,_ sz x)css, (5.3.2)
t=1

Therefore, the joint probability density of the truncated stochastic process X is

FX[N=2 D FX,S.K|N) (5.3.3)
S KeQT v .

Eq. (5.3.3) can be interpreted such that there are N T possible stochastic state

sequences that may lead to the observation X, with each possible state sequence being a

superposition of M T branch léyers.

Similar to Eq. (5.1.6), an auxiliary function Q(A,A) of two model points, A and A,

given an observation X can be written as:

QA= 3 LESKIN, x5 k|X)
S KeQT SHY

here, only strict log-concave densities will be considered for simplicity. Similarly the

(5.3.4)

Q-function can be redefined extending to the case of elliptically symmetric density

functions.
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From Eq.(5.3.2), the following decomposition can be shown:

logf(X,S,K|A)
t=1 t=1

ZIOgas‘ st Zlogbs R (X + EIOgcs,k,

(5.3.5)

= logm,, + 2 loga,, ., + zlogbsk (xp)+ 210gcstk‘

t=1

t=1

Maximisation of the likelihood by way of reestimation can be accomplished on

individual parameter sets due to the separability shown in Eq. (5.3.5). The separation of

Eq. (5.3.5) is the key to the increased versatilityv of a reestimation algorithm in

accommodating mixture observation densities. The auxiliary function can be rewritten

in a separated form:

QK = I3 LESKIN 10013 5 k1)

L fXIN)
T-1
= 22——J——f (X,5.K|A) [logm,, + X, loga,,,,+
& f(XIA) 1 fres] tSt+1
T _ T
+ Dlogh,, (x,) + Xlogc, ]
=1 t= 1

- QA + EQQ,(A @) + > 2 Q(Abjy) +
+ chj()\, Cjk)s o
where ’
Q.M = D, Df(S,K|X,Nlog7,,
= é%f(sl=i,K|X,)\)logii

T-1
Qai(A’Eij) = E 21 ;f(stzi’st+1=jaKIX’A)logEij
J t=

QA b= X f(s,=j,k,=k|X,Nlogb,(x,),
t=1

and

M T
QA= 2 D flse=i.ke=k|X,Mlogcy,

k=1 t=1

(5.3.6)

(6.3.7)

(5.3.8)

(5.3.9)

(5.3.10)

Formally, individual maximisation of @,, Q,, (for all i) ch (for all j) subject to the

stochastic constraints respectively is the maximisation of individual functions which

have the same form as the discussed in the previous Sections. Thus, a global maximum

at the single point can be obtained in a similar manner. From discussion in Section 5.1,
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when bjk(x,) is strictly log concave or elliptically symmetric, ij has a unique global

maximum that is a critical point of ij (for all j).

The reestimates that for fixed A maximise Q,, Q,, and ch, as a function of 7;,

a;j, and cj;, respectively can be calculated as:
2' f(X,s1=i,K[N)
T XA
2 fX,K|N)
fX|A)

(56.3.11)

_ f(X,S]':l,KIA)
fX]|N)

o FXos,=i,501=J KIN)
3 ‘? FXIN
B o FXs, =i K|\
2 2
K
»S¢

8
I

=1 fX|N)
L f(X,s,=i,8,41=j|N)
2‘1 FXA)
T £(X,5,=i|A)
t=1 f(XIA)
I, f(X,s,=j,k,=k|N)
21 fX[A)
T (X9st"‘.’|A)
2N

(5.3.12)

k= (5.3.13)

The intermediate probability density function v,(i,j), v,(i) and &,(i,k) can be
defined as:
‘Yt("x]) = f(stzi)st-!-l:jlx’ A)
K =is01 =41V
FX|N)
M

a,(i)a;l X, cinbip(Xe+)1Br+10)
B k=1 —
= S arh) for1=t=T-1

(5.3.14)

"R€SF
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v.(i) = f(st=i|X, A)
f(x1st=l|A)
FX]A)

at(l)ﬁt(l)

= ————— 1<t<T.
EaT(k) for 1=t
E€SE

(56.3.15)

' and

$:G.k) = f(s,=j,ky=k|X, N)
 fKos, =)k =E|N)
B FX[N) |
. a,-l(i)aijcjkbjk(x,)ﬁ,(j) : (5.3.16)
= Ear(i) for1=¢t=<T
i€Sp

As a result, the new estimate of initial probabilities, 7;, and transition

probablhtles a;;, can be expressed in a similar way to Eq. (4.3.15) and (4.3.13). The

l_]’
only difference to Eq.(4.3.15) and (4.3.13) is that b;(0,+) in Eq. (4.3.15) and (4.3.13) are
replaced by the continuous mixture probability density function of observation vector X.

.S_imilarly, for the weighting coefficients, c;; can be written as:

T
28GR
— =1 .
cjk=—““““tm - (5.3.17)
PRAD)
t=1
Maximisation of Qb(A,Bjk) with respect to l_)jk is a well known method for many

familiar density functions. The solution to the maximisation problem is, in general,

obtained through differentiation; i.e., find {Bjk} that satisfies:

Vs, Qb()\,l—)jk) |
Vi ba(x,) (5.3.18)
= Eﬂs,—.z b= HX N2 =0

_]k(xt)
where V ,k(xt) denotes derivatives with respect to parameters of bjk Thus, for the

Gaussian mixture density functions represented in Eq. (5.2.1), the partial derivatives

are with respect to p;; and 3 jzl, and they are:
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6b~k(x) _ —
—L— = N(X,ij,zjk)zjkl(x-#j;,) :
Optjk
. (5.3.19)
abjk(X) 1 - = — _ —
T=_1 - “N(X,ij,zjk)[zjk—(X—#jk)(x—}l-jk)]
) 2 ,

Substituting Eq. (5.3.19) in Eq. (5.3.18), it can be seen that the solution to Eq.

(5.3.19), i.e., reestimates p;, and f:jk, can be given-by

L f(X,s,=J,ky=k I}‘)

= t=1 fXIN) X,
Kk i f(x’s‘=j’kt=klk)
= X|A
| 1‘1—1 f( | | (5.3.20)
th(l':k)x,
t=1
= T
zg‘t(ivk)
t=1 '
L FKs=ik=kIN)
211 tf(Xl;\) | (X, — pjp)(x, — )
_2— = t= g
jk % f(X’st=j’kt=k|A)
= x A
T N o (5.3.21)

28GR, — ) (x, — )t
(=1

T .
2(!(]7k)
t=1

The interpretation of Eq. (5.3.17), (6.3.20) and (5.3.21) is similar to that of the
discrete HMM. The reestimation of c;;, is the ratio between the expected number of
times that the kth density in the mixture at state j is used, and the expected number of
times of being in state j. The reestimation of u;, is the ratio between the expected
mean of the kth density in .state J and the expected number of times of being in state j.
Interpretation of 2 can be given in a similar manner. Notice that Eq. (5.3.20) and Eq.
(5.3.21) have identical forms to Eq. (3.2.10) and Eq. (3.2.11) respectively except that the

Markov property is imposed on the posterior probability here.
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5.4. Summary

‘ The original Q-function of Baum and et al. is enough to give a proof to the
continuous HMM with strict log-concave density functions. The proof can be extended to
accommodate a broad class of elliptically symmetric density functions by Liporace’s
redefined @-function, although, in practice, strict log-concave density functions have
already covered most widely used density functions such as Gaussian. Without loss of
generality, finite mixture continuous HMMs have been discussed with the Gaussian

density function; it can also be applied to elliptically symmetric density functions.

~ Although it is possible to quantise any continuous observations via codebook, etc.,
there might be serious degradation associated with such quantisation. The rationale of
the continuous HMM is that the continuous observations can be modelled directly
without quantisation. However, the choice of different density functions to model a given
observation largely depends on the characteristics of observations. In addition, a single
continuous probability density function associated with each state is usually not enough
to model complicated observations; and finite mixture models are réquired.
Furthermore, simple-minded implementation of the continuous mixture HMM may not
give any improvement at all in comparison to the discrete HMM. A befter usage of the

continuous mixture HMM will be discussed in the following Chapters.



CHAPTER 6

UNIFIED THEORY WITH SEMI-CONTINUOUS MODELS

The discrete HMM and the continuous mixture HMM have been introduced in
previous Chapters. Both the discrete HMM and the continuous mixture HMM have
their own advantages and disadvantages. Traditionally, these two models have been
‘treated separately. AA general model of ‘these two distinctive models is the semi-
- continuous HMM, in which VQ, the discrete HMM, and the continuous mixture HMM
can be unified. In comparison to the continuous mixture HMM, the semi-continuous
HMM can maintain the modelling ability of large-mixture probability density functions.
In addition, the number of free parameters and the computational complexity can be
reduced because all of the probaBility density functions are tied together in the
codebook. The semi-continuous HMM thus provides a good solution to the conflict
between detailed acoustic modelling and insufficient training data. In comparison to the
discrete HMM, robustness can be enhanced by using multiple codewords in deriving the
semi-continuous output probability; and the VQ codebook itself can be optimised
together with the HMM parameters in terms of the maximum likelihood criterion. Such
a unified modelling can sﬁbstantia]ly minimise the information lost by conventional VQ.
In practice the speech recognition accuracy of the semi-continuous HMM can be
improved in comparison to both continuous mixture HMMs and discrete HMMs. This
Chapter will highlight the unified modelling theory concerning VQ, the discrete HMM,

and the continuous mixture HMM.

- 88 -
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6.1. Discret_e HMM vs. Continuous HMM

In the discrete HMM, VQ produces the closest codeword from the codebook for each
acoustic observation. This mapping from continuous acoustic space to quantised discrete
space may cause serious quantisation errors for subsequent hidden Markov modelling.
To reduce VQ errors, various smoothing techniques have been proposed
[72,80,96,123,150,162]. A distinctive technique is hidden Markov modelling based on
multiple VQ codebooks, which has been shown to offer improved speech recognition
accuracy [63,96]. In the multiple VQ codebook approach, VQ distortion can be
significantly minimised by partitioning the parameters into separate codebooks.
Another disadvantage of the discrete HMM is that the VQ codebook and the discrete
HMM are separately modelled, which may not be an optimal combination for pattern
classification [73]. The discrete HMM which uses discrete output probability
distributions to model various acoustic events is inherently superior to the continuous
mixture HMM with a mixture of a small number of probability density functions since
the discrete distributions could model events with any distribution provided enough

training data exist.

On the other hand, the continuous mixture HMM models the acoustic observation
directly using estimated continuous probability density functions without VQ, and has
been shown to improve the recognition accuracy in comparison to the discrete HMM
[26,132,138]. For speaker-independent speech recognition, a mixture of a large number
of probability density functions [128,140] or a large number of states in the single-
mixture case [43] are generally required to model the characteristics of different
speakers. In addition, it has also been observed that some difficulties due to modelling
assumptions that introduce singularities may arise in the continuous single mixture
HMM [116], and a mixture of densities are generally needed. However, mixtures of a
large number of probability density functions will considerably increase not only the
computational complexity, but also the number of free parameters that require to be
reliably estimated. In addition, the continuous mixture HMM has to be used with care
as continuous probability density functions make more assumptions than the discrete

HMM, especially when the diagonal covariance Gaussian probability density is used for
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simplicity (26,138]. To obtain better recognition accuracy, acoustic parameters must be
well chosen according to the assumption of the continuous probability density functions

used.

The fact that maximum mutual information parameter estimation [26] has been
shown to significantly improve the performance of the maximum likelihood parameter
estimation for the continuous HMM but not for the discrete HMM, can be considered as

an indication that
(1) the effect of the VQ errors is an important factor in the discrete HMM; and

(2) selection of appropriate probability density function is an important factor for the

continuous HMM.

As far as the computational complexity is concerned, in the discrete HMM, the VQ
computation ‘depends on the codebook size and distortion measure; computing the
discrete output probability of an observation is then a tal_)le-look\ip. On the other hand,
in the continuous model, many multiplication operations are required even when using
the simplest single-mixture, multivariate Gaussian density with a diagonal covariance
matrix because the total number of density functions being matched is usually quite

large.

6.2. Semi-Continuous Hidden Markov Model

In the discrete HMM, the discrete probability distributions are sufficiently
powerful to model any random events with a reasonable number of parameters. The
major problem with the discrete output probability is that the VQ operation partitions
the acoustic space into separate regions according to some distortion measure. This
introduces errors since the partition operations may destroy the original signal
structure. To overcome this limitation, the VQ codebook can be modelled as a family of
finite mixture probability density functions such that the distributions are overlapped,
rather than partitioned. Each codeword of the codebook can then be represented by one

of the probability density functions (say, Gaussian) and may be used together with
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" others to model the acoustic event. The use of a parametric family of finite mixture
densities (a mixture density VQ) can then be closely combined with the HMM
methodology. From the continuous mixture HMM point of view, the coﬁtinuous
probability density functions in the continuous mixture HMM are tied into the VQ
codebook, where each codeword is represented as a continuous probability density
function. Such a tying can reduce the number of free parameters to be estimated as well
as the computational complexity. From the discrete HMM point of view, the partition of
the VQ is unnecessary, and is replaced by the mixture density modelling with overlap,
which' can effectively minimise the VQ errors. Thus, the VQ problems and HMM
modelling problems can be unified under the same probabilistic framework to obtain an
optimised VQ/HMM combination, which forms the foundation of the semi-continuous

HMM.

Provided that each codéword of the VQ codebook is represented by a continuous
probability density function, for a given state s, of the HMM, the probability density
function that - produces a vector X can then be written as:

by, (x) = f(x|s)

L
= 3, f(x|vj,s)Pr(v;|s,)

Jj=1
where L denotes the VQ codebook level. For the sake of simplicity, the probability

(6.2.1)

density function,. f (x|vj,st), can be assumed to be independent of the Markov states s;.

Thus, for a given state i, Eq. (6.2.1) can : be written as:
o L
bi(x) = D, f(x|v))Pr(v;]s;=i) | ,
it (6.2.2)

L
= 2 fx|v)biG)

j=1
This equation is the key to semi-continuous hidden Markov modelling. The estimation
of f(xluj) is crucial in the system design. In fact, Eq. (6.2.2) works in a similar way to
other non-parametric or heuristic methods, such as the HMM based on the Parzen
estimator [159), the fuzzy VQ [162], and the multi-labeling VQ [123]. However, the
representation using a continuous probability density function can be more conveniently

extended into the unified modelling framework than other heuristic techniques.
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The central concept in semi-continuous hidden Markov modelling can be depicted
in Figure 6.2.1. The VQ codebook consists of a mixture of continuous probability density
functions (for example, each codeword may be represented by a mean vector and a
covariance matrix). Conventional VQ operatioﬁ produces a codeword index which has
ﬁlinimum distortion to the given observation X. In the semi-continuous HMM, VQ
operation produces values of continuous probability density functions f(x|v ;) for all the
* codewords v; (1<j<L). These codebook density functions are subsequently used by the
semi-continuous output probaBi]ity (Eq. (6.2.2)). The structure of the semi-continuous
HMM can be exactly the same as the discrete HMM. However, the output probabilities
(as for the discrete HMM) in the semi-continuous HMM are not used directly as in the
discrete HMM. In contrast, the VQ codebook density functions, f(xlvj), are combined
with the discrete output probability as Eq. (6.2.2) to form a semi-continuous output
density function dynamically. The semi-continuous output probability is thus a
combination of discrete model-dependent weighting coefficients with these continuous
VQ codebook probability density functions. Such a representation can be used either as
a.feedback to the VQ codebook to reestimate the original VQ codebook together with the
HMM parameters, or for semi-continuous decoding. Note that each discrete output
probability is weighted by the continuous conditional probability density function
derived from VQ. If these continuous VQ density functions are considered as the
continuous probability density functions in the continuous mixture HMM, this also
resembles the L-mixture HMM with all the continuous output probability density
functions shared §vith each other in the VQ codebook, and the discrete output
probabilities in state i, b;(j), become the weighting coefficients for the mixture
components. In comparison to the continuous mixture HMM, the semi-continuous HMM
‘can maintain the modelling ability of large-mixture probability density functions. In
addition, the number of free parameters and the computational complexity can be
reduced because all of the probability density functions are tied together in the
codebook. The semi-continuous HMM thus provides a good solution to the conflict
between detailed acoustic modelling and insufficient training data. In comparison to the
standard discrete HMM, robustness can be enhanced by using multiple codewords in
deriving the semi-continuous output probability in a similar manner to fuzzy vVQ and

multi-labeling VQ. However, the VQ codebook itself can be optimised here together with
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the HMM parameters'in terms of the maximum likelihood criterion. Such a unified
modelling provides an elegant way to minimise the information lost by conventional VQ,

which cannot be obtained from fuzzy VQ or multi-labeling VQ.

In practice; Eq. (6.2.2) can be simplified with M most significant values of f(x|vj)
for each x without affecting the performance. Experience has shown that values in the
range of 2-8 are adequate. This can be conveniently obtained during the VQ operations
~ by sorting the VQ output and keep the M most significant values. Let 1(x) denote the
set of VQ codewords, vj, for those most significant values of f(xlv_,-) of x. Then Eq.
(6.2.2) can be re-written as

bi(x) = 2 f(x|v)b,() (6.2.3)

UJET,(X)
Since the number of VQ codewords in 7(X) is of lower order than the VQ level, Eq.

(6.2.3) can significantly reduce the amount of computational load for subsequent
modelling in comparison to Eq. (6.2.2). In the semi-continuous HMM, most of the
computational load lies in the calculation of the continuous VQ density function. The
computational complexity of the semi-continuous HMM mainly depends on the VQ level

and the size of 7(x).

The semi-continuous output probability represented in Eq. (6.2.3) also bridges the
gap between the continuous mixture HMM and the discrete HMM. If 7(x) contains only
the most signiﬁéant f(xlv_,-) (i.e, only the closest codeword to X), the semi-continuous
HMM degénerates to the discrete HMM with a probability density codebook. On the
other hand, a large VQ codebook can be used such that each state of the HMM contains
a codeword (a probability density function). The discrete output probability b;(j) in state

i can be defined as

1 if codeword j € state i

b:() 0 otherwise 6.2.4)

Therefore, each state has its own codeword, i.e.,‘ a single probability density function.
"The only term: contributing to the semi-continuous output probability at state i will be
the codeword from the state itself. This is the case for single-mixture continuous hidden
Markov modelling. Of course, Eq. (6.2.4) can be modified to let each state contain

several disjoint codewords extending to the case of the continuous mixture HMM. From
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above discussion, it can be seen that the semi-continuous HMM is more flexible and
more general than either the discrete HMM or the continuous mixture HMM. The

conventional HMM can be considered as a special case of the semi-cont.inuous HMM.

If the Gaussian density function is considered here (other probability density
functions can be applied here in a similar manner as those described in Chapter 5),
given the VQ codebook v, the probability density function f(x|v;) can be estimated with

one of the following::
(1) the EM algorithm as described in Chapter 3;

(2) Sample estimates of the covariance matrices based on the conventional codebook as

will be shown in Chapter 8 [72];
(3) Gaussian clustering techniques as will be shown in Chapter 8 [70];

' (4) TFeedback from semi-continuous hidden Markov modelling [71,75].

Detailed feedback from semi-continuous hidden Markov modelling, namely unified

modelling of VQ and HMM, will be discussed in the following Sections.

6.3. Reestimation Formulas

Feedback from hidden Markov modelling to the VQ codebook is a reestimation
problem in a manner similar to the Baum-Welch algorithm, as used for both the discrete
HMM and the continuous mixture HMM. Here, only the Gaussian density function is
considered due to its advantages. Other probability density functions can be applied in

frinciple in a similar way to those described in Chapter 5.

In the semi-continuous HMM, if the b;(k) are considered as the weighting'
coefficients (c;,) to mixture probability density functions in the continuous mixture
- HMM, the reestimation algorithm for the weighting coefficients (as discussed in Chapter
5) can be applied to reestimate b;(k). In a manner similar to the conventional HMM,
reestimation formulations can be more readily computed by defining a forward

probability, a,(i), and a backward probability, 8,(i) for any time ¢ and state i except
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that Eq. (6.2.2) or Eq. (6.2.3) is used as output probabilities. Further to the forward and
backward probabilities, the intermediate probabilities, x,(i,j,k), v,(i,j), v.(), §,(iy),

and {,(j) can be defined as follows for efficient reestimation of the model parameters:

xXiJ.k) = f(s,=i, s,41=J, Xe+1~vklx9 Y]

_ at(i)aijbj(k)f(xt+1|Uk)ﬂt+l(i), ‘ 1<¢<T—1 | (6.3.1)
FXIA) :
Yl(i\j) = f(stzi, S¢+1=jlx, A), lstsT""l (6.3.2)
1) = f(s,=i|X, N)
a;(l)ﬂg(l)
= <t=< (6.3.3)
TQT(")’ 1=¢t=<T
k€S
k) = fls,=ix,~v|X, N), 1=t=<T (6.3.4)
Cik) = f(x;~u|X, N), 1=¢<=T. - (6.3.5)

Here, x,~v, means that X, is quantised to v,. All these intermediate

probabilities can be represented by x,() as

L
i) = D xligk), 1=t=T-1 (6.3.6)
k=1
Q .
7)) = Dy liy), 1=t=T-1 6.3.7)
J .

In Eq. (6.3.7), y7(i) must be computed from Eq. (6.3.3).

2 Xe-10i k)

. J if1<t=T
Sk =1 p fxy o) t=1 (6.3.8)
fXIN)
k) = Xik), 1=t<T (6.3.9)

Using Eq. (6.3.6) to (6.3.9), reestimation equations for 7;, a;;, and l_)-i(k), can be
derived (detailed proof will be presented in Section 6.5.). In fact, the reestimation

formulas have the same form as the continuous mixture HMM as:

w; = v,00); (6.3.10)
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bik) = S—— (6.3.12)

The feedback from the HMM estimation results to the VQ codebook implies that
the VQ codebook is optimised based on the HMM likelihood maximisation rather than
minimising the total distortion errors from the Vset of training data. To reestimate the
parameters of the VQ codebook, i.e. the mean vectors, p,J:, and covariance matrices, 2 s

of the codeword vj, it can be written as:

T
2 $UDx,
B =, 1sj<L; | (6.3.13)

T
> 60)
t=1

T
D8 — ) — B!
t=1

1<j<L. | (6.3.14)

M
1

T o
2‘.1{,0)

As discussed in Chapter 4, Eq. (6.3.10) to (6.3.14) can be extended to multiple
independent observation sequences by summing numerators and denominators
respectively corresponding to each observation sequence. Reestimation formulas for
transition and output probabilities are, here, formally, the same as for conventional
ones. However, to reestimate parameters of the VQ codebook, observations for different
models will be used together since different models use the same VQ codebook. Thus,
reestimation_of mean vectors and covariance matrices of different models will involve
inter-dependencies. According to Eq. (6.3.13) and (6.3.14), if any observation X,, (no
matter what model it is designated for), has a large value of posterior probability {,(j),
it will have a large contribution on reestimation of parameters of codeword v;. Different
VQ density functions to be reestimated in such a manner will be strongly correlated due

to large values of {,(j). Let F' denote the set of models to be reestimated. There are
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multiple independent observation sequences for each model. In general, reestimation

fo;‘mulas for the VQ codebook can be written as:

2 [zzgvm n(])xm n]

_j _ mé€F n t=1 , 1=j=<L; (6.3.15)
2[22{?""0)1
mé€F n t=1
and
SIS
3, = 2 niml , 1=j<L. (6.3.16)
2[22{"‘"0)1
mé€F n t=1

where variables in [ ] are those designated for model m, and multiple independent
observation sequences for model m are denoted by summation with respect to n. Here

") is computed from observation sequence n of model m.

In Eq. (6.3.15) and (6.3.16), reestimation formulas for the mean vectors and
covariance matrices of the VQ codebook can be regarded as reestimation formulas for
the output densities of the continuous mixture HMM in which all the'output densities
are tied up with different models across the inventory of modelling units. In comparison
to Eq. (3.2.10) to (3.2.11), it can be observed that the EM algorithm for the mixture
density VQ codebook design is merely a special form of these reestimation formulas.
Here, a unified modelling approach to VQ and hidden Markov modelling of speech
signals is established. In the EM algorithm, the posterior probability density is used as
the weight in the reestimation formulas of the VQ codebook. In the unified modelling
approach, the weight is also the posterior probability density, but the Markov properties
associated with each model are imposed. Therefore, optimisation of hidden Markov
modelling directly leads to optimisation of the the VQ codebook. This is quite different
from conventional VQ, which minimises the overall average distortion without

consideration of subsequent modelling at all.

If Eq. (6.2.3) is used as the semi-continuous output probability densities, the
reestimation computational complexity can also be significantly reduced. With such a

simplification, Eq. (6.3.1) can be written as:
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o, (D)a b (B)f (Xy+1]08)Bi10) .
f(xlx) lf U € n(xtil)

6.3.17
Xiii k) = ©3.10

0 otherwise

Similarly, Eq. (6.3.2) to (6.3.5) can be treated in the same manner by using Eq.
(6.3.6) to (6.3.9).

" 6.4. Semi-Continuous Decoder

~ No matter if the models are reestimafed based on the discrete HMM or the semi-
" continuous HMM, the forward-backward algorithm or the Viterbi algorithm can be
modified by replacing the discrete output probability distribution with the the éemi-
continuous output probability density function. For example, the Viterbi algorithm can

be modified as follows:

Modified Viterbi Algorithm

Step1: Initialisation, for all states ¢,

S1()=m; D [f(x1]v)bi(v)]

v €n(xy)
¥,(i)=0.
Step 2: Recursion, from time at t =2 to T, for all states j,

8,(j)=Maxl8,_1()a;]l 2 [f(x,Jvpb(v)]
¢ v €n(x,)

¥,(j) =arg5nax[8, ~1(D)ay]

Step 3: Termination
P =Max[87(s)]
SGSF

. 5
St arsgérézpax[ r(s)]

Step4: Path (state sequence) backtracking, from time at 7-1 to 1
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* *
se =¥ 41(se41)

If the discrete HMM parameters are used by the semi-continuous decoder, the
continuous density function of the VQ codebook, f(x|v ;), are empirically required to be
normalised within [0, 1] as to retain consistency with discrete probabilities. The

normalisation of f(x|v ;) can be done with

f(x]v) « - Lf(XIvj) 6.41
S Fxloy) 4
k=1
or
f(x|v;) |
fxlo) < —~S—qon | 6.4.2)
vy, €7(x)

Ekperiments show that both Eq. (6.4.1) and Eq. (6.4.2) work well if discrete HMM
'par'ameter's are used. However, if the model ié reestimated based on the semi-
continuous HMM, such a normalisation is unnecessary since training and decoding can

be done in a consistent way.

6.5. Proof of the Reestimation Formulas -

To reestimate the parameters of the VQ codebook, i.e. the mean vectors, B and
covariance matrices, X i, of the codebook v, all the training data for the different HMMs
should initially be collected as for conventional VQ. As different HMMs for different
speech units can be assumed to be independent, the likelihood to be maximised in the
unified modelling approach should then be the summation of each individual likelihood
of the HMM as: _ ‘

3, Shos/X**13 - 65

mé€F n
where X™" denotes the observation sequence n for model m; A™ denotes the

parameters of the mth HMM. .Let V now denote the VQ codeword set and assume that

all the HMMs have the same structure. Following the concept of the Kullback-Leibler
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statistics, the @-function can be modified as:

QAN = 2 XX .S ,’,,S,,’ V,l,,Am) logf(X™",S, V|A™) (6.5.2)
meF n s v fX™A™)

where A and A denote {A™} and_{xm} respectively. The @-function defined in Eq.
(6.5.2) can be well separated into Q7 , QF, @}, and Q, in a manner similar to Eq.
(5.3.6). Q™, Q™ and Qf* have the same form as Q,, @, and Q. for the mth
continuous mixture HMM as discussed in Chapter 5. They' can be maximised
independently for each m. However, for reestimation of mean vectors and covariance
matrices, the @Q-function @, involves the summation of different models. If the

intermediate probability density function, {;*""(j), is defined as following:

M) = fEM~ o X™A™) (6.5.3)
@, can be written as:
T
Q,(A,5) = %2 }“lf(x,’"’"~uj|xm’",>\"‘)logf(x{'""|17j) (6.5.4)
m nt=

Notice the similarity of Eq. (6.5.4) and the Q-function defined for the continuous
mixture HMM (Eq. (5.3.9)). If the VQ codeword density is assumed to be Gaussian, it is
not difficult to extend the reestimation formulas of Eq. (5.3.20) and (5.3.21) to Eq.
(6.3.15) and (6.3.16). In general, a broad class of elliptically symmetric probability
density functions can also be accommodated in a similar manner to those discussed in

Chapter 5.
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6.6. Summary

In comparison to the discrete HMM, robustness of the semi-continuous HMM can
be enhanced by using multiple codewords in deriving the semi-continuous output
probability in a similar manner to fuzzy VQ and multi-labeling VQ. Unlike fuzzy VQ or
multi-labeling, with the semi-continuous HMM, the VQ codebook itself can be adjusted
together with the HMM parameters in order to obtain an optimal combination. The
unified modelling approach can therefore achieve an optimal combination of HMM and

VQ codebook parameters.

The semi-continuous HMM takes the advantages of both the discrete HMM and the
continuous mixture HMM, by which it is possible to model a mixture of a large number
of probability density functions with a limited amount of training data and
computational complexity. Robustness is aléo enhanced by using multiple codewords in
the semi-continuous output probability. From the continuous HMM point of view, the'
semi-continuous HMM can be considered as a special form of continuous mixture HMM
with tied mixture continuous density functions. Because of the binding of the continuous
density functions, in the semi-continuous HMM, the number of free parameters and
computational complexity are reduced in comparison to the continuous mixture HMM
while retaining the modelling powei. of the continuous HMM with a mixture of a large
number of probability dénsity functions. However, it should be pointed out here that
the applicability of the continuous mixture HMM or the semi-continuous HMM relies on
appropriately chosen acoustic parameters and assumption of the continuous probability
density function. Acoustic features must be well represented for the chosen probability

density function.



CHAPTER 7

USING HIDDEN MARKOV MODELS FOR SPEECH RECOGNITION

In the previous Chapters, the basic theory of hidden Markov models has been
introduced. A successful HMM-based speech recognition relies on availability of a large
training database, powerful learning algorithms, and detailed speech models. Access to a
large database implies that the given parameters of a speech recognition system can be
well-trained, which is essential for statistical modelling. Powerful learning algorithms
can extract available information for the purposes of pattern classification based oﬁ
HMM assumptions. Finally, detailed speech models are essential to model the various
uncertainties present in speech. Of course, these factors are inter-dependent. For
example, detailed models usually require more parameters, which result in a

requirement for more training data to reliably estimate these parameters.

This Chapter will discuss _practical issues and various improved modelling

techniques related to these problems.

- 103 -
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7.1. Representation of speech units

In hidden Markov modelling, one of the most important issues is how to represent
speech units. In fact, it is possible to use HMMs to represent any unit of speech. Even if
speech units are poorly selected, the HMM has an ability to absorb the suboptimal
characteristics within the model parameters. A central philosophy in hidden Markov
modelling is that knowledge sources, such as phonetic or syntactic knowledge sources,
that can be represented as an HMM should be represented as an HMM. This is because
such an HMM representation can be automatically trained from training data, and
improved recognition accuracy will normally result if training and'decoding are treated

under the same framework.

For example, if subword models with a grammar are used, the word and sentence
knowledge can be incorporated into the recognition systems by representing each word
as a network of subword models which encodes every way in which the word could be
pronounced. The grammar can be represented as a network whose tranéitions are words,
and the network can encode all legal sentences. If the subword model is represented as an

HMM, a large HMM that encodes all the legal sentences can thus be obtained.

In above described systems, the modelling unit can be phrases, words, syllables,
phonemes, and other subword units. The choice of speech units largely relies on the
specific task to be carried out by the speéch recognition system. For example, if the task
is ‘digit recognition, whole-word models will be a natural choice. On the other hand, if
the task is large vocabulary speech recognition, subword unit models will have

distinctive advantages.

7.1.1. Whole-word models

The most natural unit of speech is the word, and it has been widely used for many
‘speech recognition systems (43,63,104,123,140]. One of the most distinctive advantages
to use ' ~ whole-word models is that these are able to capture within-word phoneme
coarticulation effects. When using the whole-word models, many phonological variations

can be automatically accommodated and when whole-word models are adequately
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trained, they will usually yield the best recognition performance. Therefore, for small

vocabulary recognition, whole-word models are widely used.

While words are svuitabile units for recognition, they are not a practical choice for
large vocabulary recognition. Since each word has to‘ be treated individually and data
cannot be shared between word models, this implies a prohibitively large amount of
training data and storage. In addition, for some task configurations, the recognition
vocabulary may consist of words which have not appeared in the training procedure. As
a result, some form of vword model composition technique is required. to generate word

models, which do not appear during training.

7.1.2. Subword models

Instead of using whole-word mddels, various subword models can be used such that
data can be shared across words. Such an approach relies on the assumption that a word
model can be constructed based on existing linguistic knowledge. Each word can be
represented as a lexical item by a concatenation of subword models. Typical subword

" models include

(1) linguistically defined subword units, such as phone models, diphone models

[90,149], word-dependent phon:a models [30,96,113]), and triphone models {9, 31];

(2) acoustically defined subword models, such as fenone models [13] and segment

models [94]; and

(3) hybrid models such as generalised triphone models [77,96], and allophonic models
[8].

Subword modelling can be considered as partitioning of the parameter space into
smaller sets that can bé adequately trained. Linguistically defined subword models use
human specific knowledge for partitioning; acoustically defined subword models use
automatic algorithms to explore the acoustic similarities; and hybrid models are a

combination using both linguistic and acoustic knowledge.
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Phones are the most well-understood subword unit. Since there are only about 50
" phones in English, HMMs based on phone models can be adequately trained. These
models are also task-independent, and can be trained on one task and tested on andther,
although performance may possibly deteriorate. As the realisation of a phone is context-
sensitive, the phone models are generally inadequate to model coarticulation effects in a
givvenA word. This causes the phdne-baséd HMMs to yield lower recognition accuracy than

the whole-word-based HMMs [13,95,127].

To model coarticulation effects, the basic requirement is to model phones according
to their context as in the case of triphone modeis. Here, context refers to the immediate
left and/or right neighbouring phones. Triphone models take into consideration the left
and the right neighbouring phones; if two phones have the same identity but different
left or right context, they are considered different triphones. In triphone modellihg, both
within-word and between-word coarticulation can be taken into account [77]. While
triphone models are good for modelling coarticulation effects, there are a very large

number of them, which can only be sparsely trained.

Some phones have the same effect on neighbouring phones, but triphone modelling
assumes that every triphone context is different. For example, /b/ and /p/ are both labial
stops, and have vsimilar effects on‘ the following vowel. If these similar contexts can be
identified and merged, the number of models can be reduced, leading to fewer free
parameters and models. One approach is to merge perceptually similar contexts using
human knowledge {39,40]. A mof_e interesting approach is to automatically identify and
merge triphones in similar acoustic realisations, with clustering procedures being used’
to produce generalised triphone models from triphone models [96].’ The clustering
distance measures the ratio between the probability that the individual distributions
generated the training data and the pr(;bability that the combined distribution
generated the training data. This is consistent with the maximum-likelihood criterion

used in hidden Markov model parameter reestimation.

The same clustering procedure can also be applied to allophone models, where
various sources of variability, such as articulation variabilities, linguistic variabilities,

or speaker variabilities, of phone models can be taken into consideration in the



-107 -

allophone models {97]. The bottom-up subword clustering process finds a good mapping
for each of the allophones to generalised allophones. Alternative procedures based on

the use of decision trees have also been proposed to generate allophonic models [8].

7.2. Insufficient Training Data Problems and Smoothing

The maximum likelihood estimates of the parémeters of a hidden Markov process
have been shown to be consistent (converge to the true values as the number of training -
data —) [17]. The practical implication of this theorem is that, in training, as many
observations as possible are required. However, in reality, only finite training data are
available. If the training data are limited, this will result in some of parameters being
inadequately trained and the value of these parameters tends to be very small. If these
small parameter values characterise the true nature of the speech signal, no problem
exists. However, if such small parameter values result from problems with insufficient
training data, then classification based on poorly traiﬁed models will result in fatal
errors. One solution to the problem of insufficient training data is to increase the size of
the training data. Often, this has its limitations. A second solution is to reduce the
number of free parameters to be reestimated. This also has its limitations because a
number of significant parameters are always needed to model physical events. A third
possible solution is to interpolate one set of parameter estimates with aﬁothe_r set of
parameter estimates for which an adequate amount of training data exists. The
following Sections will introduce two successful solutions to insufficient training data

problems, namely, parameter tying and deleted interpolation.

7.2.1. Tied transition and output probabilities

Parameter tying can reduce the number of free parameters to be estimated thereby
partially solving problems arising due to insufficient training data. Note that the
concept of tying is directly accommodated in the semi-continuous HMM, where the VQ
codebook can be considered as tying of the continuous output densities of the continuous

mixture HMM. The fenone models [13] can also be viewed as a kind of tying output
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probabilities in word models, where each fenone model represents one VQ codeword.
Basically the idea is to set up an equivalence relation between parameters in different
models (10). In this manner the number of free parameters can be l;educed, and
parameters can be well estimated. This is especially suitable to reestimation of

covariance matrices in the continuous mixture HMM [63,126].

Let us take the discrete HMM as example. Both the transition and output
probabilities with different states can share the same transition Vor'output probabilities.
For transitions, let 7(i,j) be the set of transitions to which the transition from state i to
J is tied; and 7(i) be the set of states to which the output probabilities are tied. Then'iz—ij

and I;j(k) can be reestimated as follows:

2 27:(‘ J')

g, = L rGEl (7.2.1)
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The maximum likelihood property of the Baum-Welch algorithm still holds with
these tied probabilities, and this can be proved by modifying the Q-function with the
introduction of an equivalence relation 7(i,j) or 7(j) in a manner similar to the semi-
continuous HMM for the VQ density function. Note here that output probabilities
associated with the state (state-dependent HMM) can also be considered as a tied model
in which output probabilities are associated with the transition (transition-dependent
HMM). This type of HMM has been used exte*nsively [10,96]. . In the transition-
dependent HMM, if output probabilities associated with each transition to a specific
state are tied together, it will be the same as the state-dependent HMM. Eq. (7.2.2) can
thus be regarded as a tied transition-dependent HMM, where output probabilities

associated with transitions to state j are tied together.
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7.2.2. Deleted interpolation.

Since a major cause of inaccuracy in HMM is often the extremely small probability
values derived as a result of insufficient training d.ata, it is reasonable to impose some
~ constraints on the parameters. One solution is to set a lower limit- or floor to them.
This can be done by setting these parameters that are less than some values to be equal
to the floor and ré-normalising them in order to meet the stochastic constraints. Such a
smoothing technique may not be sufficiently sensitive to distinguish the unlikely output
symbols. from the impossible ones, and this creates a problem when the models are not
well trained and many codewords are not observed. An alternative technique is deleted

interpolation, which has been used with good results [81,96].

The basic idea of intérpolation is to design two models; one of which is the desired
model for which estimates may not be robust; the other is a smaller model for which
“the amount of training data is adequate to give relatively robust (but less accurate)
estimates; the parameters from these two models can then be interpolated. A smaller
model may be chosen by tying one or niore sets of parameters from the desired model_, or
simply from the uniform distribution. For instance, if two output distribution estimates,
bjl and b_,-z, are derived from two different estimates, the first one -may not be well
trained because of | insufficient data problems; the second one may have the reduced
number of parameters which are relatively well trained or may be a unifprm
distribution. We would like to use the parameters of the second model to smooth the

first one. These two models can be combined into:

b, = k'b} + «%b}, ke =1 (7.2.3)

where & represents the weighting of the first model, and K> represents the weighting of
" the second model. A key issue is the determination of the optimal value of k, which

should be a function of the amount of training data.

Recalling the mixture density problem and Example 3.2.1. discussed in Chapter 3,
reestimation of k has indeed the same form as the mixture density estimation. Thus, it
can be done via the EM algorithm. In Eq. (7.2.3), bj can be regarded as density
functions. As bjl has been estimated with the maximum likelihood criterion, if the same

training data are used to determine the weighting of the desired model, k!, it will be 1,
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which is consistent with the same criterion to estimate b e Therefore, one solution is to
divide the training data into two disjoint parts. Then bjl and b 1-2 can be estimated from
one part and x! from the other, while bjl and bjz are held fixed. Such a deleted
'interpolation has more general implication, namely, it weights each distribution
according to its ability to predict unseen data. In most real situations, it is hoped that
. the estimated model parameters can be used to predict some as yet unseen observations
such that the purpose of recognition can be successfuliy solved. Intuitively, when b_,-1 is

well-trained, it will predict unseen data well, and k! will be generally large.

In. general, the training data can be divided into K mocks, and all the blocks
except a déleted block can be used to estimate k (model parameters (b;) are estimated
from the deleted block). The values k are estimated after all possible deletions.
According to the discussion in Chapter 3, the maximum likelihood estimates for k! can

be written as:

41 ﬁ 'Pri(y,) o

© T KA WPriy) + A—«kHPry) | 724
- where Prl(y;) is the probability of producing all the data in block { using distribution 1,
which was trained from all K blocks except. block i, i.e., if data are used to estimate any
model i, they will be deleted in the x computation in order to better predict unseen
events. The above formulation assumes that the same Kk is used for distribution 1
everywhere; it is a form of tied estimate. In practice, it may be desirable to use a
different K for each phone, or a different k for each distribution. Furthermore, with the
above reestimation formula, each iteration of deleted interpolation is as expensive as an
iteration of the normal forward-backward algorithm. To reduce computation load,
separate counts (expected numbers before Baum-Welch reestimation) for each block
during the final iteration of the forward-back&ard procedure can be kept, and deleted

interpolation can be carried out on the counts heuristically [96], with k being

reestimated from one block based on K parameters estimated from the other block.

The idea of deleted interpolation can be generalised to interpolate more than two
distributions, which is the same as the estimation problem of mixture densities. For
example, it is often necessary to interpolate discrete output probability distribution with

a uniform distribution as Eq. (7.2.3). To improve the performance of a speaker-
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independent speech recognition system, we can divide training data into male and
female groups, and build models for male and female respectively. However, such a
division may result in insufficient training data for each group. Thus, one solution is to
‘smooth the desired model (i.e. male or female model) with an averaging model (i.e.

trained from both female and male data), and uniform distribution.
)

b, = Klbjl + rczbj2 + x3b13, kl+k2+k® =1 (7.2.5)

J
1 2 3

‘Weighting of each model k-, k°, and k° can then be determined from deleted

interpolation according to how well-trained each model is.

7.3. Ivmplemventational Issues

This Section will briefly introduce several implementation issues, such as scaling,

logarithmic representation, thresholding, initial estimates, and multiple features.

7.3.1. Scaling

In hidden Markov modelling, when the observation sequence length, T, becomes
large, both the forward and the backward variables)a,() and B (), will approach zero in
exponential fashion. For sufficiently large T, the dynamic range of the a and B
computation will exceed the. precision range of essentially any machine. Thus in
practice, the number of observations necessary to adequately train a model and/or
compute its probability will result in underflow on computer if probabilities are

represented directly.

The scaling principle is to multiply a,(i) and B,(i) by some scaling coefficient so
that it remains within the dynamic range of the computer for 1=<¢=<T. All of these
_ scaling coefficients should be removed at the end of the computation in order to

guarantee the accuracy of the Baum-Welch algorithm.

Let a,(i) be calculated according to Eq. (4.3.6) and then be multiplied by a scaling

coefficient, ¢,
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¢ = [, @17} : ' (7.3.1)

so that zc,az(i)=1 for 1<t<T. B,(i) can also be multiplied by ¢, for 1<¢t=<T and

4

1<i=<N. The recursion involved in computing the forward and backward variables can
be scaled at each stage of time ¢ by c,. Notice that & and S are computed recursively in
exponential fashion; therefore, at time ‘t, the total scaled factor applied to the forward
variable, a,() is

C = ILIC; (1.3.2)

i=1

and the total scaled factor applied to the backward variable, B.0is

D, = ﬁc,- | | . (133)

i=t

This is because the individual scaling factors are multiplied together in the forward and
backward recursion. Let a,) and B,0, and y,) denote scaled a,), 8,0, and ¥,0
respectively. Note that

S ari) = Cr 2, ar(i) .

i€Sp i€Sp (7.3.4)

The scaled intermediate probability, y;(i,j) can then be written as:
Ctat(i)aijbj(otﬂ)ﬁtﬂ(j +1)D; 44

vlig) = Cr >, ar(i)
: i€Sy

(7.3.5)
= 7,(i.)

Thus, the intermediate probabilities can be used in the same way as un-scaled
probabilities because the scaling factor Cr is cancelled out in Eq. (7.3.5). Therefore,
reestimation formulas can be kept exactly the same as discussed in Chapter 3 except
that Pr(O|A) should be computed according to

>, apli)

i€Sp . (7.3.6)

Pr(O|A) = C
T

In practice, the scaling operation need not be performed at every observation time.
It can be used at any scaling interval for which the underflow is likely to occur. In the

un-scaled interval, ¢, can be kept as unity. In explicit time duration modelling, the
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scaling operation must be involved for each output probability computation in a manner

similar to those described here.

7.3.2. Logarithmic computation

An alternative way to avoid underflow is to use a logarithmic representation for all
the probabilities. This not only ensures that underflow cannot happen, but also offers
the benefit that integers can be used to reﬁresent the logarithmic values, thereby
changing floating point operations to fixed point ones. If we represent probability P by,
lo.ng, more precision can be obtained by setti‘ng b closer to one. To multiply two
numbers, we simply add their logarithms. Adding two numbers is more complicated.

Let us assume that we want to add P, and P, and that P, =Py:

log,(P,{+Py)
= log, (b8t + plBePs , o (7.3.6)
= log,P; + log,,(1+bl°g”P2 logsPy '
Since integers are used to represent logarithms, if logb(1+bl°gbp2—l°gb ') is less than
0.5, the sum will simply be log,P;. In other words, if Py is so many orders of

magnitude smaller than P, adding the two numbers will just result in P;. Moreover, if

we could store all possible values of log,Py—log,Py, the quantity

logyPs

log,(1+b 108521y ¢ould be stored as a table, T'(n), where

logy(1+8") if T(n)=0.5
0 otherwise
The number of possible values depends on the value of b. In practice, the size of T'(n)

T(n) = (7.3.7)

can be determined by decreasing n from 0 till log,(1+b") approaches zero. Varying b
from 1.0001 to 1.00001, the size of T'(n) increases from 99,041 to 1,220,614 when 32-bit

integers are used for logarithms [26,96].

With the aid of this table,

log, P+ T(logyPs—log,P,) if P;>P,

— 7.3.8
.logb(P1+P2) = 10ng2+T(long1—-lngP2) otherwise ( )

This implements the addition of two probabilities as one integer add, one subtract,

two compares, and one table lookup. Although using logarithms undoubtedly introduces
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errors, in practice, the errors can be of the same order as when the scaling procedure is

used for float representation.

7.3.3. Thresholding the forward-backward computation

The amount of computation in the forward-backward computation can be reduced
by thresholding the forward and backward variables. Recalling that in the Baum-Welch
reestimation formulas, if certain ¥y become very small relative to other y, it is observed
that these small y have little effect on the final reestimates. Since the forward variable
a,(i) appears as a factor in 7y, if during the course of the forward computation certain a
become very small relative to other a at time t, these small a can be assumed to be zero

without significantly affecting the performance.

Let &, denote the maximum a,(i) at time ¢ with respect to different state i,

a, = Mtgzx a,(i) . : | - (1.39
“Then, given a threshold ¢, for each state i such that a,(i)<cd,, set a,(i) equal to zero
before moving on to compute a at time ¢+ 1. Thus, at time ¢+ 1, only those a from time -
t which are greater than zero will be included. The backwar& pass can be thresholded in
the same manner. In addition, if a,(i) is zero, 8,(i) can be set to zero too. In large-
vocaBulary speech recognition systems, this thresholding is very important in reducing '

the computation to a manageable size.

The appropriate value of the threshold ¢ must be determined empiric'ally. If c is
too large, more computation than necessary will be performed. If ¢ is too small, the '
forward-backward algorithm will deteriorate to Viterbi training, i.e., only the best path
is used for estimation of model parameters, which will usually deteriorate final

recognition accuracy.

7.3.4. Initial estimates

In theory, the reestimation algorithm of the HMM should give a local maximum of

the likelihood function. A key question is how to choose initial estimates of the HMM
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parameters so that the local maximum is the global maximum. Experience has shown
that, for the discrete HMM, uniform initial estimates work well, though good initial
estimates may be helpful to output »probabilitie's; for the continuous or semi-continuous
HMM, however good initial estimates are essential. Such initial estimates can be

obtained from the discrete HMM parameters as discussed in following Chapters

7.3.5. Multiple features

It is helpful to use multiple features in a practical speech recognition system. For
example, LPC cepstral coefficients can be used together with energy and other dynamic

information [26,55,96,126,140,158].

One way to incorporate different features into a speech recognition system is to
model these multiple features as one vector. Continuous or semi-continuous hidden
Markov modelling will be appropriate to such a répresenta_tion as either diagonal
covariance or full covariance éan be well used to accommodate different feature
representations [26,128,140]. Since different features may have different physical
meanings, or even be strongly correlated, it is often required to use appropriate
probability density functions. In addition, dimension reduction approaches based on
principal component or discriminant analysis projection is required [26,76].
Alternatively, if the semi-continuous HMM or the discrete HMM is used, each feature

representation can be quantised by its own VQ codebook [63,74,96].

When multiple codebooks are used, each codebook represents a set of different
speech parameters. One way to combine these multiple output oBservations is to assume
that they are independent, with the output probability computed as the product of the
output probability of each codeﬂook. It has been shown that performance using multiple
codebooks can be substantially improved [98]. In the semi-continuous HMM, the semi-
continuous output probability of multiple codebooks can also be computed as the product
of the semi-continuous output probability for each codebook as Eq. (6.2.2), which consists
of L-mixture continuous density functions. In other words the semi-continuous output

probability could be modified as:
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o L
bx) = [T X rex|upbiop) (7:3.10)

c j=1
where ¢ denotes the codebook used. The reestimation algorithm for the multiple

codebook based HMM could be extended if Eq. (6.3.1) is computed for each codeword of
each codebook ¢ with the rest of the codebook probabilities. Since multiplication of the
semi-continuous output probability density of each codebook leads to several
indepéhdent items in the Q-function as shown in Chapter 6, for codebook ¢;, X, k)

could be extended as:

Xl(ixj:kq) =
L
AOLRROVECANTADY § (IFAC FRI AL HTN) - A6 (7.3.11)
cxtcg m=1 ‘
FX|A)

Other intermediate probabilities can also be computed in a manner similar to Eq.
(7.3.11), and it can be easily proved that this is consistent with the maximum likelihood

criterion.

71.4. Summary

This Chapter has discussed several practical issues in using HMMs for speech
recognition. Modelling units play an important role in speech recognition, and have been
an active research area. Detailed modelling requires enough training data, which
imﬁoses a problem because of limited training data. Tying and interpolation are two
important techniques in solving this problem. The use of these techniques can be found
in many practical applications. Finally, implementational issues such as scaling,
logai'ithmic representation, thresholding, and the use of multiple features are
summarised. The next Chapter will begin the description of experimental evaluations of

‘the many theories introduced thus far.



CHAPTER 8

EXPERIMENTAL RESULTS WITH DIGIT RECOGNITION

Isolated digit recognition, because of its simplicity, has been widely used to
evaluate fundamental algorithms. Such systems include studies of the DTW algorithm
[136], VQ with simple or no time-alignment [29,156], the discrete HMM [137], the
continuous HMM [48,132,138]. For the semi-continuous decoder and other techniques,
isolated digits will be used here for evaluation of different algorithms. Interest will
concentrate on the comparison of those different algorithms and models used for speech

recognition rather than absolute recognition accuracy.

The experiments reported in this Chapter include:

(1) Speaker-dependent and speakef—ihdependent isolated digit recognition using the

discrete HMM,;

(2) Speaker-dependent and speaker-independent isolated digit recognition using the

semi-continuous decoder based on the discrete HMM parameters;

(3) The Gaussian clustering method used for VQ in speaker-independent isola‘ted digit

recognition mode.

Experimental results with the Gaussian clustering method strongly suggest the
need for the unified modelling theory. The semi-continuous decoder experimental results
~in this Chapter provide the basis for the unified modelling theory which will be

evaluated experimentally in the following Chapters.

- 117 -
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8.1. Databases and Analysis Conditions

For speaker-dependent isolated digit recognition experiments, the database used
here is four speakers (two males and two females) with 40 repetitions of each word (total
1600 words), from which 5 to 20 repetitions of each word are used separately as the
training set. The others are used for evaluating the performance of the semi-continuous
decoder. All the speakers represented a variety of British accents (two being Scottish

and the other two English).

The speech signal was collected through a Sennheiser HME1019 headset
microphone in close proximity to the mouth, but not directly in front of it. The input is
passed through a lowpass filter with a cutoff frequency of 8kHz, and digitised at 20 kHz,
with 12-bit résolution. The LPC analysis is then performed by the autoéorrelation
method, with a 25.6ms (512-point) Hamming window every 10ms. A pre-emphasis
(factor 0.98) is applied to the speech prior to this analysis. The first 12 cepstral

coefficients are derived from the 24th-order LPC coefficients.

For speaker-independent isolated digit recognition experiments, the database
consists of 99 speakers (74 males and 25 females) with 1 repetition of each digit. The set
of 100 speakers consisted of 30 from Edinburgh (15 male and 15 female), and 70 (59
male and 11 female) from indust.rial and commercial sites in Maidenhead, Portsmouth
and London. One of the Edinburgh female speakers was subsequently excluded from the

database because of an error during the processing of the data.

The data were collected through a table-mounted Sennheiser MKH406 microphone,
passed through a PCM digital coder, and recorded onto video cassette.' The level of
background noise varied among sessions, although efforts were made to reduce it by
removing noise sources (when possible) and using a soun'd-absorbing screen around the
speakerA. As with the database of speaker-dependent isolated digits, the sampling rate
was 20kHz, with 12-bit resolution. A 12th-order LPC analysis was applied, in a 25.6ms

Hamming-windowed frame every 10 ms, to derive 12th-order cepstral coefficients.
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8.2. Experiments with the Discrete HMM

8.2.1. Speaker-dependent recognition results

In the discfete HMM, the prerequisite is to design a VQ codebook. Techniques
described in Chapter 3, such as the k-means clustering algorithm, or the LBG
algorithm, can be used here to generate the VQ codebook. Experimental results show
that both the k-means clustering and the LBG algorithm work reasonably well for the
discrete HMM. The k-means clustering algorithm is used here for generation of the VQ

codebook in the isolated digit recognition experiments.

As the characteristic parameters used in the speech database are the cepstral
coefficients derived from the LPC analysis, the distortion measure used in VQ is based
on the Euclidean distortion. Each speaker in the database has his own codebook which
was generated independently. The whole of the available training data used for
parameter estimation of the HMM are used for generating the VQ codebook. The initial
parameters for the k-means clustering are randomly chosen from the speech database.
Every isolated word is guaranteéd to contribute an equal proportion to the initial
pafameters used for clustering. The k-means clustering algorithm is iterated until the
decrease of the overall average distortion of the VQ codebook falls below a given
threshold, and several randomly selected initial parameters for the vector quantisation
codebook are used, but only the codebook corresponding to the least overall average
distortion is used for final evaluation. As will be seen later, the codeBook with different

levels is used for the evaluation experiments.

The left-to-right HMM with five states shown in Figure 8.2.1. is used for acoustic
pattern matching. In the HMM used here, the initial parameters for the discrete output

probabilities are evenly distributed, i.e., each probability of the output probability
1
distributions equals to T’ where L is the VQ level, and they can be also based on the

histogram of the training data of the codebook, i.e., each probability in the output
probability distribution is equal to the proportion of the corresponding codeword in the

training data. The same probability distribution, either an even distribution or the
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Figure 8.2.1. HMM used in digit recognition

histogram of the VQ labels, is used for all the initial output probability distributions.
Experiments show that initial parameters for transition probabilities are not as
sensitive as the output probability distributions, although use of initial parameters
based on the VQ histogram does perform slightly better than use of the uniform
distribution. With these initial parameters, the forward and backward variables are
computed recursively as described in Chapter 4. The scaling procedure introduced in
Chapter 7 is used in the calculation of the forward and backward variables in-order to
avoid underflow. The Baum-Welch algorithm is used iteratively for estimation of
parameters based on the forward and backward variables with multipvle independent
observations of each isolated digit. The convergence criterion of the Baum-Welch
algorithm is that the increase of the log-likelihood of total multiple observations
conditioned on the given model is below the given threshold, or the number of iterations
is above 7. After each iteration, the output probability distributions are smoothed using
a floor between 0.0001 and 0.00001, and renormalised to meet stochastic constraints.
" The Viterbi algorithm with logarithmic representation of the transition probabilities

and output probabilities is adopted here for decoding.



- 121 -

Experiments using different VQ levels varying from 20 to 60 with 10 training
tokens for each word are conducted. The average recognition accuracy of four different
speakers is shown in Table 8.1, where it can be seen that increasing the VQ level can
generally improve the performance in terms of recognition accuracy. This is because the
larger the codebook, the more powerfully it can represent the acoustic events. While the
increase in the codebook size can imprové the 4recognition performance, however, the
larger VQ codebook will need more computation, and more training data to reliably

estimate the model parameters.

Table 8.1
Results of the discrete HMM with different VQ levels
Average Recognition Rate of 4 Speakers
training tokens =10, vocabulary =digits
vQ level speaker discrete HMM
speaker 1 98.75%
speaker 2 97.00%
20. speaker 3 98.00%
speaker 4 98.50%
20 Average 98.06%
speaker 1 98.85%
speaker 2 ‘ 98.00%
30 ' speaker 3 97.71%
speaker 4 100.00%
30 - Average 98.64%
speaker 1 99.42%
speaker 2 98.28%
60 speaker 3 98.57%
speaker 4 98.86%
60 Average 98.78%

The available training data and the number of free parameters to be estimated.
from the training data are often crucial for parametric statistical modelling techniques.
With limited training data, the statistical model should have as few parameters as
‘possible to model the speech signals, however, on the other hand, for accurate
discrimination of different speech signals, the statistical model needs as many as
possible. The compromise between limited training data and numbers of free parameters
has usually to be made with care in speech recognition system design. In the

experiments conducted below, with the VQ level fixed at 60 and the number of training
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tokens for each word varying from 5 to 20, the experimental results are listed in Table
8.2. It can be seen that an increase in training data can generally improve the
performance in terms of recognition accuracy. The problem is that in practice the

‘available training data is often too limited.

Table 8.2.
Results of the discrete HMM with different training tokens. |
Average Recognition Rate of 4 Speakers
VQ level =60, vocabulary=digits
training tokens speaker discrete HMM
speaker 1 98.66%
speaker 2 98.33%
5 speaker 3 96.33%
speaker 4 99.66%
Average 98.24%
speaker 1 : 99.42%
speaker 2 98.28%
10 speaker 3 98.57%
speaker 4 98.86%
Average . 98.78%
speaker 1 100.00%
: speaker 2 99.14%
15 speaker 3 98.00%
. speaker 4 98.57%
Average 98.92%
speaker 1 100.00%
speaker 2 98.28%
20 speaker 3 99.14%
speaker 4 98.57%
Average 98.99%

8.2.2. Speaker-independent recognition results

For speaker-independent isolated digit recognition, the HMM can conveniently put
all speakers together to train the parameters of the model [96,138]. In speaker-
independent isolated digit recognition, the VQ level should usually be higher than that
used in speaker-dependent isolated digit recognition in order to model the charactefistics
of different speakers. As the speakers available are limited (only some 100 speakers),
only one HMM for each digit is constructed. Approximately half of the database (12

females and 38 males) was used as a training set, and the remainder of the speakers
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used for evaluation.

With 50 different speakers, the VQ codebook of ievel 80 was generated in a manner
similar to the speaker-dependent digit recognition experiments. The training procedure
used here is also the same as the procedﬁre used in the speaker-dependent isolated digit
recognition experiments except that different speakers’ observations are simply treated

as the same speaker. The Viterbi algorithm is used for decoding the 49 new speakefs.

Table 8.3 :
Performance of speaker-independent digit recognition

Average Recognition Accuracy of 49 Speakers
discrete HMM | 88.9%

The experimental results of speaker-independent isolated digit recognition are
listed in Table 8.3. From the experiments conducted Ihere, it can be seen that the
recognition accuracy of speaker-independent recognition is significantly lower than that
of spéaker-dependent recognition. This may be because either the available training
data are not enough, or the vector quanﬁsation lost too much information. There are
many ways to improve speaker-independent speech recognition performance such as use

of differential cepstrum and multiple codebooks as discussed in Chapter 10.

8.3. Experiments with the Semi-Continuous Decoder

8.3.1. Speake;‘-dependent recognition results

As the semi-continuous decoder assumes that the VQ codebook is a parametric
family of ﬁixture probability densities; the Gauésian probability density function of
each codeword is calculated from the cell of each codeword after the generation of the
codebook. The mean and covariance matrices are the maximum likelihood sample mean

and covariance matrices as:
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1.
‘ “k=? 2 X;
k XiECk
1 (8.3.1)
% =5 2 (%= p)(x; — )t
k IiGCk

where C;, denotes the cell of the codeword k, and K, denotes the number of observations
in C,. These equations are the well-known maximum likelihood estimates of the mean

and covariance matrix of the training data, X;, in the corresponding cell (cluster), Cj.

With the semi-continuous output probability, the summation over all the VQ
codewords is unnecessary, and one option is to use only several of the most significant
values f(xlvj) obtained from VQ. This can significantly reduce the amount of
computational load if the VQ level is relatively large.. In the isolated digit recognition
experiments conducted here, as the VQ level is relatively sma]l (20 to 60), the semi-

continuous output probability is used directly.

One important issue in the semi-continuous decoder is how to smooth the
continuovus probability density functions derived from the VQ codebook. The covariance
matrices may become singular when the number of observations in the cell is too small.
Oné way to obtain reliable covariances is to pool several cells C, of the nearest
codewords together to estimate the average covariance matrix. The newly obtained
covariance matrix can then be used by these codewords. After estimation of covariance
matrices, the semi-continuous output probability density function is then normalised to

be within [0, 1] as discussed in Chapter 6.

In the first tuning experiments, the Gaussian probability density function of the
VQ is assumed to be diagonal. The level of the VQ codebook is set to be 20, which is
obviously too small. However, with such a. VQ codebook, the semi-continuous decoder
perfofms better than both the discrete HMM and the DTW-based recogniser [110].
Here, the discrete HMM parameters are used for the semi-continuous decoder. The
training data for each HMM include 10 repetitions of each digit, and each digit is
represented by one HMM as described in Section 8.2.1. The average recognition accuracy
of four speakers (each speaker trained and tested independently) are listed in Table 8.4.
In the DTW-template-based recogniser, the templates are composed by averaging all the

training templates into one template using DTW adaptation techniques [110].



- 125 -

Table 8.4. Performance comparison of semi-continuous decoder,
discrete HMM, and template DTW

Average Recognition Rate of 4 Speakers
V@ level =20, training tokens =10, vocabulary =digits

diagonal discrete DTW after 10
SCHMM HMM adaptations
98.68% 98.06% 98.48%

From Table 8.4, it can be seen that the recognition error rate of the semi-
continuous decoder is reduced by more than 30% in comparison to the corresponding
discrete HMM. Even though the discrete HMM performs worse than the DTW
algorithm, the semi-continuous decoder . _ . ican reduce the error rate of the DTW
algorithm with non-vector-quantised templates by 13%. From this experiment, it can be
seen that the semi-continuous decoder can effectively reduce the errors of using the VQ
with only modest computational complexity increases. The experimental results
reported here may be subject to the relatively small VQ codebook, which has
considerable distortion. To investigate the performance of the semi-continuous decoder
with less VQ errors, different VQ levels were used to test the discrete HMM and the

semi-continuous decoder.
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Table 8.5.
Comparison of semi-continuous decoder with diagonal and full covariance
with different VQ level.
Average Recognition Rate of 4 Speakers
VQ level =from 20 to 60, training tokens =10, vocabulary =digits
vQ level speaker diagonal SCHMM full SCHMM
speaker 1 99.25% 99.71%
- speaker 2 . 97.50% 97.72%
20 speaker 3 98.50% 98.20%
speaker 4 99.50% 99.20%
20 Average 98.68% 98.711%
speaker 1 99.43% 99.71%
speaker 2 98.57% 97.71%
30 speaker 3 98.57% 99.14%
speaker 4 99.71% 99.14%
30 Average 99.32% 98.92%
' speaker 1 99.42% 99.71%
speaker 2 98.57% 97.71%
60 - speaker 3 98.86% 99.14%
speaker 4 99.42% 98.86%
60 Average 99.06% 98.85%

In a manner similar to the experiments described in Section 8.2.1, experiments
using different VQ levels varying from 20 to 60 with 10 training tokens for each word
were conducted, and the average recognition accuracy of four different speakers is shown
in Table 8.5. From Table 8.5, it can be seen that increésing the VQ level can generally
improve the performance provided that enough training data is available for estimation
of the model parameters. When the VQ level iflcreases to 60, the performance then
deteriorates, and the reason for this deterioration may be due to the limited training
data used here, i.e., there are too many free parameters in the discrete HMM when the
VQ level increases. In cases where training data is limited, decreasing the VQ codebook
level from 60 to 30 can increase the performance of the semi-continuous decoder with
both the diagonal and full covariance matrix. The free parameters to be estimated in the
diagonal covariance assumption are much less than for the full covariance assumption.
Assuming the vector dimension is d, each full covariance matrix has 0(d? free
parameters while the diagonal covariance has only O(d) free parameters. As the full
covariance matrices need more training data to estimate the off-diagonal data for the
semi-continuous decoder, the performahce of the semi-continuous decoder with the full

covariance is generally worse than that of the semi-continuous decoder with the
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diagonal covariance. Another reason is that the cepstral coefficients are almost un-
correlated. Therefore, the diagonal Gaussian density is enough to model given

observations.

Since the number of training tokens is relatively small in the above experiments,
the performance of the semi-continuous decoder using a relatively large amount of
training data has been studied. Using different numbers of tokens in the training set
varying from 5 to 20 with the VQ level of 60 fixed, a series of experiments with full
Gaussian covariance and diagonal covariance semi-continuous decoder were conducted,

and experimental results are listed in Table 8.6.

Table 8.6. ]
Comparison of semi-continuous decoder with diagonal and full covariance
with different training tokens.
Average Recognition Rate of 4 Speakers
V@ level =60, vocabulary =digits
training tokens speaker diagonal SCHMM full SCHMM

speaker 1 99.66% 99.00%
speaker 2 99.00% 98.33%
5 speaker 3 98.00% ' 97.33%
speaker 4 99.34% 96.34%
Average 99.00% 97.75%
speaker 1 99.42% 99.71%
speaker 2 98.57% 97.71%
10 speaker 3 98.86% 99.14%
speaker 4 99.42% 98.86%
Average 99.06% 98.85%
speaker 1 100.00% 100.00%
speaker 2 98.86% 99.14%
15 speaker 3 97.71% 98.57%
speaker 4 100.00% 99.71%
Average 99.14% 99.35%
speaker 1 100.00% ‘ 100.00%
speaker 2 99.14% 99.14%
20 speaker 3 98.85% 99.14%
speaker 4 100.00% : 99.71%
Average 99.49% 99.49%

From Table 8.6, it is observed that in cases where the training data is limited (5 to
10 training tokens ), the diagonal covariance semi-continuous decoder is generally better
than the full covariance semi-continuous decoder. Only when the training tokens for

each word increase above 10, does the full covariance semi-continuous decoder
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performance exceed or equal that of the diagonal covariance semi-continuous decoder.
The diagonal covariance semi-continuous decoder consistently performs better than the
discfete HMM under all conditions. In fact, with only five training tokens for each word,
the diagonal semi-continuous decoder f)erforms better than the discrete HMM trained

with 20 tokens for each word.

The effects of increasing the quantity of training data and the VQ codebook level
for the discrete HMM are not as significant as for the semi-continuous decoder. Table
8.1. to Table 8.6. show that for all VQ levels and training sets, the performance of the
diagonal covariance semi-continuous decoder and full covariance semi-continuous
décoder (except with five training tokens ) are always superior to the discrete HMM. The
error reduction of the semi-continuous decoder is about 49% (98.99% vs. 99.49%) in
comparison to the error rate of the discrete HMM. The most remarkable observation is
that the performance of the semi-continuous decoder may work well even if less-well-
trained models are used. To further investigate the performance of the discrete HMM,
and the semi-continuous decoder based on the discrete HMM parameters, a database of

multi-speakers is used in the following Sections.

8.3.2. Speaker-independent recognition results

Speaker-independent recognition conditions are similar to those described in
Section 8.2.2. The recognition accuracy in speaker-independent isolated digit
recognition using the semi-continuous decoder based on the discrete HMM parameters,

and the discrete HMM is listed in Table 8.7.

Table 8.7
Performance comparison of speaker-independent recognition

Average Recognition Accuracy of 49 Speakers

the discrete HMM 88.9%
the diagonal covariance decoder 90.4%
the full covariance decoder 91.2%

From the experiments conducted here, it can be seen that with the diagonal semi-
continuous decoder, the error reduction relative to the discrete HMM is about . 13%,

which is much less impressive than that of the speaker-dependent recognition
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experiments. This suggests that the semi-continuous decoder is very suitable to
speaker-dependent speech recognition. In the speaker-independent experiments, the
semi-continuous decoder using full covariance matrices can effectively reduce error rates
by 20% in comparison to the discrete HMM. The fact that the full semi-continuous
decoder works better tﬁan the diagonal semi-continuous decoder indicates that the
- model can be relatively well-trained, and more complicatéd techniques should be
applied. More. detailed speaker-independent speech recognition experiments will be

discussed in Chapter 10.

8.4. Experiments with Gaussian Clustering Results

In the conventional k-means clustering algorithm, as used in VQ codebook design,
the Euclidean distortion measure is generally used, with each component of the
parameter vector having uniform weight. Due to the inherent variability of speech
signals and the existence of coordinate-dependent noise levels, parameter vectors for
different speech sounds require different coordinate weighting to achieve optimum
identification. Furthermore, in the semi-continuous decoder, where it is required to
estimate parameters of a Gaussian distribution for each codeword, estimation of the
probability density function after k-means clustering may be inferior to estimation

during the clustering process itself.

If the parameter vectors are considered to be fandom vectors whose probability
distribution is modeled by a multivariate Gaussian density function then the clustering
problem involves estimation of the parémeters of the Gaussian density function; The EM
algorithm can then be used to estimate the parameters of the mixture densities. Because
of the computational complexity of the EM algorithm, a simple k-means clusfering
technique is used here to ihvestigate the effects of the VQ codebook on the semi-

continuous decoder.

The clustering problem involves partitioning the training data into different
Gaussian densities, say L-mixture; and estimating the unknown parameters of each

partition, i.e. the codebook cell. Suppose that C; Cy - - - Cp, are L partitions and that
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the observations, X;, are independent samples on the population with probability density

function f(x|@;) in the kth partition. The criterion used here for clustering can be

written as:
L .
Exle) = 3 3 [—log(|Z4D) — (xi—pp) Ty '(xi — )] (8.4.1)
. k=1 x,-GCk )
where @ =(@; @, * * * @) denotes the parameters to be estimated, which is composed of

the mean vector, jt;, and covariance matrix, 2, of the kth Gaussian components.

The clustering procedure is then the maximisation of Eq. (8.4.1) with respect to ¢
by partitioning of the observation data x into L cells. Given a partition, the optimal
parameter to maximise the above likelihood function can be obtained by taking partial
derivatives of Eq. (8.4.1) with respect to pr and 2. The optimal value of pu; to
maximise Eq. (8.4.1) can be obtained as:

1
Br=7"" 2 X; 8.4.2
Kk xiGC,, . ‘ ( )

The partial derivative with respect to 2 !is:

oE 121 |
= 2, — (Xi - (Xi - )t 4.
a5t = Mgy x,-GE(J,, ) (X — i (8.4.3)

Since Eq. (8.4.1) represents a negative concave function, by equating to zero, the

maximum of E can be obtained where

. A
2, = K_ 2 (Xi—#k)(xi—#k)t (8.4.4)
k xiECk

From Eq. (8.4.2) and Eq. (8.4.4), it is observed that this is the well-known maximum
likelihood estimate of the mean and covariance matrix of the training data in the
corresponding cluster. A modified k-means clustering algorithm thus can be achieved by
using the log Gaussian probabiiity density function as a distortion measure and the
likelihood function of Eq. (8.4.1) as t'ofal distortion measure. Given the partition, Eq.
(8.4.1) is used to classify all the vectors whi(;'h are closest (maximum) over L different
Gaussian distributions into their corresponding distributions. After obtainingbthe
partition, Eq. (8.4.2) and (8,4.45 are used to reestimate the new mean vector and
covariance matrix for each component. The iteration of these preceding two steps can be
guaranteed to increase the likelihood function E(); and a local maximum can be

obtained after several iterations.
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In practice, the criterion used in Eq. (8.4.1) may not be bounded. If one of the
covariance matrices tends to a singular matrix, then the log-likelihood function
increases without bound. This difficulty can be solved by collecting a number of
observations which is greater than the observation dimension. If the total number. in
each cell is less than the vector dimension, the observation vectors in the nearest cell

can be pooled together to estimate the covariance matrices.

To evaluate the performance of the algorithm, the speaker-independent
expériments were repeated. The conditions used here are the same as for the
experiments described in Section 8.3. In the Gaussian clustering, =, is based on the
diagonal covariance Gaussian assumption, and the initial parameters are based on the
conventional k-means clustering results. The distortion measure used for the parameter
estimation in the discrete HMM can be based either on-the Euclidean distortion or the
Gaussian density function as a distortion measure. Experiments show that the
differences between these two distortion measures are negligible for the semi-continuous
decoder. ‘The experimental results of the Gaussian clustering and posterior estimation

after conventional k-means clustering are listed in Table 8.8.

Table 8.8
Performance with Gaussian VQ and k-Means VQ

Average Recognition Rate of 49 Speakers with V@ level of 80

Gaussian V@ k-Means V@
discrete HMM 90.8% 88.9%
diagonal SCHMM 90.8% 90.4%
full SCHMM 91.0% 91.2%

From Table 8.8, it can be observed that the recognition accuracy of the semi-
continuous decoder with the Gaussian clustering technique is about the same as that
with the conventional k-means clustering algorithm. Although the Gaussian density
function can be closely combined into the clustering procedures, the performance is
about the same. However, the recognition accuracy of the discrete HMM can be
improved marginally. The improvement of the discrete HMM may come from the
consistent use of Gauésian density as distortion measure in the training and decoding
procedure. This suggests that the discrete HMM parameters should be also reestimated

in a consistent way as for the semi-continuous decoder.
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8.5. Summary

This Chapter has described isolated digit recognition experimental results using

(1) The discrete HMM for speaker-dependent and speaker-independent digit

recognition;

(2) The semi-continuous decoder based on the discrete HMM for speaker-dependent

and speaker-independent digit recognition;

(3) Vector quantisation codebook generatioh with the Gaussian clustering technique

and the conventional k-means clustering technique.

The semi-continuous decoder has been shown to offer improved performance in
terms of recognition accuracy in comparison to the discrete HMM. The average
recognition error rate of the semi-continuous decoder can be reduced by 10% to 50% in

comparison to the discrete HMM.

Unfortunately, the experiments with Gaussian clustering techniques do not
perform as well as expected. This indicates that the performance of VQ using either the
conventional k-means clustering techniques or other improved fechniques which aim to
minimise‘the distortion measures can offer only limited success. The improvement of the
VQ codebook probably relies on the mutual optimisation of the HMM and the codebook

itself, which leads to the unified modelling theory as introduced in Chapter 6.



.CHAPTER 9

EXPERIMENTAL RESULTS WITH PHONEME RECOGNITION

The unified modelling theory using semi-continuous HMM discussed in Chapter 6

will be explored in the experiments conducted here and in Chapter 10. This Chapter |

will include experiments which have been carried out to compare the performance of

(1)
2
-3
4)
(5)

the discrete HMM;

the continuous HMM;

the semi-continuous decoder based on the discrete HMM;

the semi-continuous reestimation of model parameters (witﬁ fixed VQ codebook);

the unified modelling technique with two simplified variants

in a phoneme classification task.

The phoneme recognition task can be used as a more difficult domain to compare

semi-continuous HMMs, continuous HMMs, and discrete HMMs. Other phoneme

classification problems, such as coarticulation effects, speech modelling units, and model

structure, are not studied in this work.

- 133 -
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9.1. Database and Analysis Conditions

_ Table 9.1
List of the set of phonemes used in the experiments
Monophthongal Vowels

phoneme example phoneme example
i/ bid v/ bead
lel bed /al bad
/aa/ bard fuhb/ bud
@@/ bird @/ about
o/ pot /oo/ port
i/ put aa/ boot

Diphthongal Vowels

phoneme example phoneme example
lei/ day /ou/ go
/aw/ cow /ai/ eye
loi/ boy h@/ beer
le@/ bare u@/ tour

Consonants ‘

phoneme example phoneme example
/p/ pea It/ tea
/k/ key o/ bee
/d/ dye Ig/ guy
/m/ - me /n/ knee
/ng/ sing /th/ thin
/dh/ then /f/ fan
/vl van /s/ sea
/2 zee /sh/ she
/zh/ beige . /eh/ each
/ih/ edge /h/ hat
Iy/ yes Iwl way
It/ ray 1Y lay

Syllabic Consonants

phoneme example phoneme example
r=/ mirror n=/ animal
n=/ and - -

The database consists of two repetitions of the same continuous speech sentences
from a male speaker. Each set has 98 sentences with 579 words composed of English
phonemes and variations (total 47). The length of the first set of speech signals is 179

seconds, and the length of the second set is 188 seconds. The sentences have been hand-
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labelled to the level of individual phonemes. Each of the 47 individual HMMs are
trained and decoded using hand-labelled phonemes, with the (unbalanced) number of
phonemes used to derive individual HMMs varying from 2 to 191. It should be stressed
that this is very little training data. The phonemes used to construct the HMM are
listed in Table 9.1.

The speech is sampled at 16 kHz, and preemphasised with a filter whose transform
function is 1-0.97z !. Two different analysis conditions are applied to the speech

databdse.

(A1) The waveform is blocked into frames every 10ms by a Hamming window with
length of 20ms. Then 10th-order cepstral coefficients derived from the 12th-order
autocorrelation LPC method are used as final parameter representation. The 47

phonemes as listed in Table 9.1. are used in the experiments.

(A2) The waveform is blocked into frames every 5ms by a Hamming window with
length of 20ms. Then 14th-order cepstral coefficients derived frdm the 14th-order
autocorrelation LPC method are used as final parameter representation. As the
syllabic consonants /r=/, /1=/, and /n=/ have only limited number of training data,
they are merged into /r/, /I/, and /n/ respectively. This leads to a total of 44

phonemes.

9.2. Experimental Results of the Discrete HMM

For the discrete HMM used for phoneme recognition, a model for each phoneme
with structure shown in Figure 9.2.1. was constructed, and each phoneme is represented
by one of these HMMs. The model itsélf is ready to be extended to the HMM-based
continuous speech recognition system. However, only the acoustic modelling will be

considered here.

The VQ codebook is generated using all of the training data by employing the LBG
algorith'm [101] as described in Chapter 3. In a manner similar to experiments described

in the previous Chapter, HMM parameters are estimated using the first set of sentences
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Figure 9.2.1. HMM used in phoneme recognition

in the database iteratively until the increase of total observation probability is below
given threshold or the number of iterations is above 7. The floor, 0.000001, is applied to
the final output probability. The second set of sentences in the database is used in

decoding by the Viterbi algorithm.

Whenranalysis condition Al is used, i.e. the 10th-order cepstral coefficients with
window shift of 10ms, with the VQ level varying from 128 to 256, the average phoneme
recognition accuracy of the discrete HMM is 50.0% and 50.1% respectively for 47
phonemes. The fact that increasing the VQ level from 128 to 256 does not result in
improved phoneme recognition accuracy is an indication that for the limited training
data used here, a VQ level of 128 is adequate. The recognition results for 47 different
phonemes are listed in Table 9.2. The first candidate to the fifth candidate are shown in

the table. These results will be used as a benchmai‘k afterwards.
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Table 9.2.
Phoneme recognition results using the discrete HMM

recognition accuracy (correct recognised tests)
V@Q level of 128 (number of tests = 1748)
- "First | Second | Third | Fourth | Fifth

Al analysis | 50.0% | 68.5% 78.0% | 83.2% | 87.9%
condition (874) (1197) | (1364) | (1454) | (1537)

A2 analysis | 53.2% 71.2% 81.2% 86.2% 89.5%
condition (930) (1245) | (1419) | (1507) | (1564)

As analysis condition A1 may be too simple, analysis condition A2 is conducted in
.parallel with Al. The discrete HMM with the VQ level of 128 is conducted for A2. From
'Table 9.2, it can be observed that the average recognition accuracy can be improved to
53.2%. (If 47 phonemes are used with 14 order cepstral coefficients, the average
recognition accuracy is 52.3%). This indicates that the analysis order of 10 is not large
enough when the sampling rate is 16kHz. As higher dimension analysis requires more
Acomputation and memory, albeit 18-20 order LPC analysis should be ideal for the
experiments, only Al and A2 analysis conditions are used here to investigate various

algorithms.

From the confusion matrix obtained in the experiments, it is observed that the
recognition accuracy of vowels is measurably lower than that of consonants. An

interesting fact is that confusion between vowels and consonants is very small.

9.3. Experimental Results of the Continuous HMM

The same analysis. conditions and speech database were used for experiments in
continuous hidden Markov modelling. Due to the limited training data available and
un-correlated property of the LPC cepstrum, in the continuous HMM used here, the
continuous output probability density function is represented by a single Gaussian

density function with diagonal covariance matrix.
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The initial parameters for the mean vectors in the continuous HMM are crucially
related to the recognition performance. With random initial mean vectors, the
continuous HMM actually performs only slightly better than the discrete HMM. One
reliable way to determine the initial mean values for the continuous HMM is to-use the
discrete HMM parameters as initial guesses. For each discrete output probability
distribution in the discrete HMM, the codeword corresponding to the maximum
probability in the discrete output probability distribution is used as the initial mean
vector for the corresponding continuous output probability density function in the
continuous HMM. The posterior estimates of the covariance matrix for the cérresponding '
codeword can then be used in the same way as the méan vector for the initial covariance
parameters. Experimental results show that using the initial parameters of the discrete
HMM can measﬁrably improve the performance of the continuous HMM. When the
continuous HMM based on the discrete HMM is used, the measured accuracy of Al
improves to 55.3%, which is higher than both of the discrete HMM (50.0%) and the
continuous HMM whose parameters are estimated with random initial parameters

(50.6%).

The use of diagonal Gaussian probability density functions can modestly reduce the
free parameters to be estimated in comparison to the discrete HMM. That is one reason
why the continuous HMM offers higher recognition accuracy in comparison to the
discrete HMM. Although it has been shown that the continuous HMM should use
mixture Gaussian densities [138], in the experiments conducted here, single mixture
Gaussian continuous HMM works reasonably well because of limited training data and
speaker-dependent task. The detailed experimental results with the continuous HMM

are listed in Table 9.3.
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_ Table 9.3.
Phoneme recognition results using the continuous HMM

recognition accuracy (correct recognised tests)

Diagonal Covariance (number of tests = 1748)
First Second | Third | Fourth Fifth

Al analysis | 55.3% 73.1% 83.0% 88.7% 91.7%
condition (966) (1289) (1451) (1551) | (1602)

A2 analysis | 58.5% 77.0% 84.1% 88.8% 91.5%
condition (1023) (1347) | (1470) | (15652) | (1600)

For the analysis condition A2, the recognition accuracy of the continuous HMM is

58.5% for 44 phonemes. This is also significantly better than the discrete HMM (53.2%).

9.4. Experimental Results of the Semi-Continuous Decoder

The HMM parameters can be reestimated based on the semi-continuous ocutput
probabilities without reestimating the VQ codebook. Under analysis condition Al, using
discrete HMM parameters and reestimated semi-continuous parameters, the recognition
accuracy of the semi-continuous decoder was tested. Experimental results show that
nearly the same recognition accuracy is achieved. Hei‘e, the covariance of the
corresponding codeword is obtained from the nearest neighbour estimates of the original

codebook; and the VQ codebook is not reestimated.

In the semi-continuous decoder, varying the range of the most significant f(xlvj)
in the semi-continuous output probability density function from one to five, it was
observed that the choice of the top 3 to 4 values of f(x|vj) from the VQ procedure is
appropriate. In a manner similar to the semi-continuous decoder, only several of the
most significant codewords need be used for training. The experimental results show
that the top one codeword representation gives performance similar to the multi-
codeword representation for training. However, when the number of top-codewords in
the semi-continuous decoder increases, the overall recognition accuracy can be improved,

but saturates after 5. The best recognition accuracy of the semi-continuous decoder is
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54.9%, which is better than the discrete HMM (50.0%) but worse than the continuous
HMM (55.3%). Results under Al analysis conditions are shown in Table 9.4, where
training mixture and decoder mixture denote the number of top-codewords used in

Eq. (6.2.2) for training and decoding respectively.

Table 9.4.
Results of the semi-continuous decoder

recognition accuracy (correct recognised tests)
Training Mixture =4, Decoder Mixture=4, (number of tests = 1748)

First Second Third Fourth Fifth
Al Analysis | 54.9% 72.0% 83.9% 87.9% 91.5%
Condition (961) (1259) (1647) (1537) (1600)

If the model parameters are reestimated based on the semi-continuous output
probability, recognition accuracy is about the same as the semi-continuous decoder based
on the discrete HMM. This shows that the training procedure is not as sensitive to VQ
errors as the decoding procedure. Although the VQ errors can be minimised by using
the semi-continuous decoder, the recognition accuracy is still not as good as that of the
continuous HMM. The VQ codebook is still an important factor affecting the overall
performance. This further indicates that VQ codebook should be reestimated according
to the HMM parameters to achieve an optimal codeword/model combination. The

unified modelling theory will be investigated in the following Sections.

9.5. Experimental Results of the Unified Modelling Theory

This Section will report experimental results of two variants of the unified

modelling theory using the phoneme classification task.

9.5.1. Simplified codebook reestimation

For unified modelling of VQ and hidden Markov model, due to the extensive

computation load of the unified reestimation equations given in Chapter 6, a simplified
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method is investigated here. The complete semi-continuous modelling will be discussed

in the next Chapter.

The simplified VQ (SVQ) codebook reestimation procedure can be divided into two
stages. In the first stage, the discrete HMM reestimation is run, and discrete HMM
parameters are then used as initial parameters for unified modelling. Only the top one
codeword is used to represent the semi-continuous output probability density during
parameter reestimation, which is determined according to the most significant codeword
in the corresponding discrete output probability in the state. The reestimates (means
and covariances) can be used either to replace the original means and covariances in the
VQ codebook or to form an average with other reestimates according to the pre-selected
codeword in a similar manner to those described in Chapter 6. This can be considered
as a special technique of unified modelling; within individual model v where the
reestimation of the mean and covariance is constrained only to the most significant
b,-(Oj). These means and covariances are used as feedback to the VQ codebook for
reestimation. In the second stage, after reestimation of the mean vectoré and the
covariance mafrices, the reestimati'on algorithm fér the weighting coefficients (i.e. the
‘discrete output probability distributions) can be used again together with the transition
probabiiities on the reestimated codebook to obtain the final discrete output probability
‘distributions. With the simplified approach used here, the computational complexity of
the paranieter reestimation can be significantly. reduced in comparison to standard

unified reestimation equations.

For the Al analysis condition, the SVQ is used for evaluation. The experimental
results show that use of either of the replacement or averaging techniques during
reestimation produces similar recognition accuracy. This suggests strong correlation
between reestimated codewords. Using the reestimated VQ codebook, it is interesting to
note that the discrete HMM accuracy (55.3%) (using Gaussian density functions as a VQ
distortion measure) is comparable to the continuous HMM accuracy (55.3%). This
indicates that the quality of VQ can be much improved with the unified modelling

approach.



- 142 -

With reestimated model parameters and VQ codebook, when the number of top-
codewords of the decoder (decoder mi-xture) is 3, the recognition accuracy of the semi-
continuous decoder is 58.3%, which is measurably better than both the discrete HMM
and the continuous HMM. For the A2 analysis condition, similar results to the Al
analysis condition are achieved. The semi-;:ontinuous decoder with the top three
codewords performs (60.0%) measurably better than the corresponding discrete HMM
(53.2%) aﬁd continuous HMM (58.5%). Detailed experimental results are listed in Table
9.5. The error reduction of the simplified unified modelling is about 14% to 16% in
comparison to the discrete HMM. The reason for this modest improvement may be that
the modelling unit is too blurred. If the recognition accuracy of the top five candidates is
considered, it can be seen that the error reduction of the simplified unified modelling is

33% and 17% in comparison to the discrete HMM and the continuous HMM respectively.

Table 9.5.
Results of the SVQ (number of tests=1748)

recognition accuracy (correct recognised tests)
Training Mixture =128, Decoder Mixture=3, VQ level = 128
First | Second | Third | Fourth | Fifth

Al Analysis | 58.3% 74.8% | 83.6% | 89.4% | 92.7%
Condition (1019) (1308) | (1461) | (1563) | (1620)

A2 Analysis | 60.0% 77.0% | 86.2% | 90.2% | 93.0%
Condition (1049) | (1345) | (1507) | (1576) | (1627)

Using the SVQ, a series of experiments were conducted with different numbers of
the top-codewords in both the training and decoding procedures under the A2 analysis
condition to investigate the performance of the semi-continuous decoder and reestimator.
Here, it was observed that in the training procedure, the increase. of ‘the number of top-
codewords does not contribute any significant improvement. On the contrary, the
deéoding procedure needs more top-codewords to accommodate the VQ errors and can
modestly improve the recognition accuracy. An interesting observation is that if the
number of top-codewords in the decoding procedure is less than the numBer of top-
"codewords in the training procedﬁre, the recognition accuracy is usually not satisfactory.
When the number of top-codewords in the training procedure equals the VQ level, the

recognition accuracy is actually worse than that for a limited number of top-codewords.
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One possible reason for a reduction in recognition accuracy with an increase in the
number of top-codewords may be that the floor for the weighting coefficients, b;(k), is
not accurate so that some codewords are falsely represented resulting in damage to the

" smoothing by several codeword density functions.

9.5.2. Forming VQ codebook from the continuous HMM

Another simplified unified modelling technique used in the experiments directly
connects the continuous HMM to VQ, i.e. each individual continuous output density
function is considered as one of the codewords in the VQ codebook which is modelled as
a parametric family of mixture probability density functions. This approach involves
collecting the means and covariances of the continuous HMM output probability density

functions to form a VQ codebook, and will be referred to as FVQ here.

In the Al analysis condition, there are a total of 47 different phoneme models with
3 output probability density functions in each model. Therefore, a VQ codebook of 141
(47%3) levels is constructed. Here again, Eq. (6.3.12) is used to reestimate the discrete
output probability (the training mixture used here is 141). The recognition accuracy of
the semi-continuous decoder with the top three codewords using the FVQ is 58.5% which
is the same as for the SVQ counterpart (58.3%). If the decoder is used with the top one
codeword (i.e. a discrete model using Gaussian density functions as a distortion
measure), the recognition accuracy is 53.8% which is slightly lower than the SVQ
counterpart (55.3%). For the A2 analysis condition, once again, similar results can be
obtained as shown in Table 9.6. A VQ codebook of 132 (44*3) levels is constructed.
From experiments conducted here, it can be observed that the unified modelling indeed
~ offers better performaﬁce. Even when simplified approaches are used, the recognition
accuracy can be improved consistently in comparison to both the discrete HMM and the
continuous HMM. It should be pointed out that the idea of forming a new VQ codebook
from the continuous HMM reestimates can also be applied to large vocabulary speech
recognition systems. The information-theoretic clustering of probability density

functions of the HMM can be used to obtain a VQ codebook of any level.
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Table 9.6.
Results of the FVQ

recognition accuracy (correct recognised tests)
Training Mixture = L Decoder Mixture=3; (number of tests = 1748)
First Second | Third | Fourth Fifth

Al Apalysis | 58.5% | 76.4% | 84.8% | 89.8% | 92.7%
Condition (L=141) | (1023) | (1336) | (1483) | (1570) | (1621)

A2 Analysis 61.8% 78.8% 85.9% 90.1% 93.0%
Condition (L.=132) | (1081) (1378) (1502) | (1575) | (1627)

9.6. Results of Time Duration Modelling

Time duration modelling with Gaussian smoothing has been shown to offer
improved recognition accuracy in isolated phoneme recognition experiments [3]. For the.
A2 analysis condition, the performance of the discrete HMM with time duration can be
improved to 60.5% as shown in Table 9.7. Here, an error reduction of 14% is achieved.
One of the reasons for such an improvement is that no grammatical constraints are
used; and the time duration modelling can effectively eliminate those phonemes with

different time durations.

Table 9.7.
Results of time duration modelling (A2 analysis condition)

recognition accuracy (correct recognised tests)
Discrete HMM, VQ level =128 (number of tests = 1748)

First Second Third Fourth Fifth
60.5% 77.4% 86.0% 90.7% 92.5%
(1058) (1353) (1503) (1583) (1616)

Since time duration modelling introduces substantial increases in computation, the
number of top-codeword density functions used in the training procedure is limited to
one. Using the semi-continuous decoder on the discrete parameters (where the distance
is based on the Gaussian density because the codebook is represented by the parametric

family of mixture Gaussian densities), the average recognition accuracy of different



decoder mixtures is listed in Table 9.8. It can be seen that the recognition accuracy can
reach 68.2% when the number of decoder mixture equals 4. For the new vector
quantisation codebook obtained from the continuous HMM output probability density
functions (FVQ), the recognition accuracy of the semi-continuous decoder with different

. decoder mixtures is listed in Table 9.9. The recognition accuracy is once again similar
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to the reestimated VQ codebook (68.6%).

Table 9.8. :
Results of time duration modelling (A2 analysis condition)

recognition accuracy (correct recognised tests)

SVQ, Training Mixture=1, VQ level =128 (number of tests = 1748)

decoder mixture First Second Third Fourth Fifth

1 65.3% 81.8% 88.2% 91.7% 94.3%

(1142) | (1430) (1541) (1602) (1648)

2 67.2% 84.1% 90.1% 93.8% 95.4%

(1174) (1470) (1574) (1640) (1667)

3 67.8% 85.0% 90.5% 93.7% 95.4%

(1185) (1485) (1582) (1638) (1668)

4 68.2% 84.7% 90.9% 93.9% 95.6%

(1192) (1481) (1589) (1641) (1671)

5 68.0% 84.4% 91.0% 94.1% 95.8%

(1189) (1475) (1590) (1644) (1674)
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7 Table 9.9.
Results of time duration modelling (A2 analysis condition)

recognition accuracy (correct recognised tests)
FVQ, Training Mixture=1, VQ level =132 (number of tests = 1748)
decoder mixture First Second Third Fourth Fifth

1 65.1% 80.8% 87.2% 90.5% 92.7%
(1138) (1412) (1525) (1581) (1620)

2 67.5% 83.0% 89.4% 92.6% 94.5%
(1179) (1451) (1563) (1618) (1651)

3 68.3% 83.8% 90.2% |- 92.9% 94.4%
(1194) (1465) (1576) (1624) (1650)

4 68.4% | 842% | 89.9% | 93.1% | 94.9%
(1196) | (1472) | a571) | (1627) | (1658)

5 68.6% 84.4% 90.6% 93.3% 95.4%
(1199) (1476) (1584) (1630) (1668)

The error reduction of the simplified unified modelling with time duration is more
than 20% in comparison to the discrete version. In comparison to the benchmark work
of the discrete HMM and the continuous HMM, the error reduction is now more than

33% and 24% respectively.

9.7. Summary

The major experimental results are summarised in Table 9.10. The unified theory.
of VQ and hidden Markov modelling of speech signals is shown to offer significant
improvement in terms of recognition accuracy in comparison to both the conventional
discrete HMM and the conventional continuous HMM (single mixture). In the database
used here, the reduction in average recognition error rate of the semi-continuous decoder
using the discrete HMM parameters is not significant, (for isolated digit recognition
20%-50% error reduction has been achieved). This may be Because the overall
recognition accuracy in the phoneme recognition task is not optimised, and the
recognition accuracy is relatively low. Nevertheless, it can be seen that the

improvement of the unified modelling technique -is significant although a simplified
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approach is adopted. This strongly suggests the powerful ability of the unified

modelling theory. A more complete evaluation of the unified modelling approach will be

further explored in the next Chapter.

Table 9.10
Comparison of discrete HMM, continuous HMM, and semi-continuous HMM
A2, Average Recognition (number of tests = 1748)
model » V@ level accuracy (correct recognised tests)
discrete HMM 128 53.2% (930)
+ time duration 128 60.5%(1058)
continuous HMM - 58.5% (1023)
SCHMM with SVQ 128 60.0% (1049)
+ time duration 128 68.2% (1192)
SCHMM with FVQ 132 ' 61.8% (1081)
+ time duration 132 - 68.6% (1199)




CHAPTER 10

EXPERIMENTAL RESULTS WITH SPHINX

"SPHINX is a state-of-the-art large vocabulary speaker-independent continuous
speech recognition system developed at Carnegie Mellon University [96]. The discrete
HMM approach based on multiple VQ codebooks has been used in SPHINX. In this
Chapter, experimental results for the unified modelling theory will = be highlighted in
experiments applied to SPHINX. The éemi-continuous HMM ‘with. multiple VQ
codebooks will be evaluated for large vocabulary speaker-independent continuous speech

recognition in comparison with the discrete HMM and the continuous mixture HMM.

This chapter will report experimental results of
1) . the semi-continuous HMM using cepstrum and bilinear transformed cepstrum;
(2) the continuous mixture HMM using bilinear transformed cepstrum; and
(3) the discfete HMM using cepstrum- and bilinear transformed cepstrum

in large vocabulary speaker-independent continuous speech recognition based on

SPHINX.
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10.1. Database and Analysis Conditions

The task, resource management, which is designed for inquiry of naval resources,
will be used to evaluate the unified modelling theory. The resource management task
was created to evaluate the recognition systems of the recent DARPA speech recognition

projects [31,96,128].

At the lexical level, the 997-word resource management task is very complex.
There are many confusing pairs, such as what and what's; the and a; four and fourth;
any and many; and many others. Most of the proper nouns can appear in singular,
plural, and possessive forms. On the other hand, at the grammatic level, the task is not
a very difficult one because the sentences are generated from a set of 900 sentence

templates which resemble realistic questions in a database query system.

The most obvious and correct way to model the resource management task
language is to use a finite state language that generates the same set of sentences as
those 900 templates. As the perplexity of such a grammar is too ]ow. (about 9), a
igrammar that generates all sentences including the 900 sentence templates and some

illegal sentences is proposed, i.e., the word pair grammar.

The word pair grammar specifies only the list of words that can legally follow any
given words, which can be extracted from the 900 sentence templates. Each template is
a network of tags, or categories of words. Given these templates, what tags can follow
any given tags can be easily determined. From this information and the list of words in
each tag, what words can follow any given word can then be chosen. Of the 994,009
word pairs, only 57,878 are legal word pairs. This grammar has a test-set perplexity of
about 60. To use this grammar for recognition, each word HMM can only follow those

word HMMs in the legal word pair set for the given model. The transition probability
between the given HMM to the following word HMM is 71{-, where K is the number of

words that can follow the given word.
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The complete database of speech consists of 4358 training sentences from 105
.speakers and 300 test sentences from 12 speakers. For the tuning experiments conducted
here, the training data consist of 2880 sentences from 72 speakers, and the tuning test
data consist of 45 sentences from 12 speakers, which are extracted randomly from the

300 test sentences.

For both training and evaluation, the standard SPHINX analysis conditions consist

of the following:

sampling rate: 16 kHz

analysis method: bilinear transformed LPC cepstrum
LPC analysis order: 14

cepstrum order: 12

bilinear transformation constant: 0.6

window type: Hamming window

window length and shxft 20 ms and 10 ms
pre-emphasis: 1-0. 97z

10.2. Experimental Results Using Bilinear Transformed Cepstrum

In SPHINX, the signal processing stage is based on bilinear transformed LPC
‘cepstrum, which converts the linear frequency axis into a form of mel-scale [96,154].
The recognition accuracy can be substantially improved because of such a mel-scale
representation. This Section will report experimental results based on the bilinear

transformed LPC cepstrum.

10.2.1. Results of the discrete HMM

The discrete HMM used here is the same as SPHINX except that only 200
generalised triphones are used instead of 1000 [96]. Three VQ codebooks are used for 12
LPC bilinear transformed LPC cepstral coefficients; 12 differenced bilinear transformed
LPC cepstral coefficients; and energy and differenced energy. The generalised triphones
are obtained through a greedy context merging procedure from triphone models based on

the discrete output probabilities. Function word and phrase modelling are not used in
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this experiment [96]. In each HMM, there are 7 states and 12 transitions as shown in
Figure 10.2.1. with transition-dependent output probabilities. Three groups of
transition-dependent output probabilities are tied as represented by three groups (B, M,

and E) in the figure.

The phone model is first reestimated from the training data, and these models are
then used as initial parameters for 200 generalised triphones. The discrete output
probabilities are finally smoothed by employing deleted interpolation with the phone
models and uniform distribution. Viterbi beam search is used for decoding. The percent
correct (correct word percentage) and word accuracy (percent correct — percent
insertion) results of the discrete HMM are 89.5% and 88.0% respectively. The word
accuracy here (88.0%) is significantly lower than SPHINX (91.0%). This is because only

Figure 10.2.1. HMM used in SPHINX
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200 generalised triphones are used here. Although use of less detailed modelling units
has led to poor performance, the interest here is to compare the performance of different
modelling techniques, and 200 generalised triphones should be adequate to see relative

differences.

10.2.2. Results of the continuous mixture HMM

In the continuous mixture HMM implemented here, the independence assumption
is made for different feature coefficients. The Gaussian density with_diagonal covariance
can thus be used. The cepstrum, difference cepstrum, normalised energy, and difference
energy are packed into one vector. This is similar to the one codebook implementation of
the discrete HMM {96]. Unlike the discrete HMM, here different féatureé have different
covariance matrices, and such a packing is consistent with the independence
assumption. Each continuous output probability consists of 4 diagonal Gaussian
probability density functions. To obtain reliable initial models for the continuous
mixture HMM, the Viterbi alignment with the discrete HMM is used to phonetically
segment and label training speech. These labeled segments are then clustered by using
the LBG clustering algorithm to obtain initial means and diagonal covariances. The
forward-backward algorithm is used iteratively for the monophone models, which are
then used as initial models for the generalised triphone models. The continuous mixture

Viterbi beam search is used for decoding.

The percent correct and word accuracy results of the continuous mixture HMM are
84.25% and 81.3% respectively. The word accuracy here (81.30%) is significantly lower
than for the corresponding discrete HMM (88.0%). Although the performance of the
continuous mixture HMM has been variously reported as significantly better than the
performance of the discrete HMM [138], for the experiments conducted here, it is

significantly worse than the discrete HMM. Explanations for this paradox can be:

(1) Multiple codebooks are used in the discrete HMM, therefore the VQ errors for the
discrete HMM are not so serious here. For the discrete HMM based on a single VQ
codebook, the performance of the continuous HMM is comparable to that of the

discrete HMM.
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(2) The number of mixture-components may be too small for speaker-independent
large-vocabulary speech recognition, but increase in the number of mixture-

components will lead to unaffordable computational complexity.

(3) The diagonal covariance assﬁmption is not appropriate for the bilinear transformed
LPC cepstrum since many coefficients are strongly correlated -after the
transformation. Indeed, investigation of the average covariance matrix for the
bilinear transformed LPC cepstrum shows that values of off-diagonal components

are generally quite large.

(4) The 200 _generalised triphones were obtained based on the discrete output

probabilities, which is necessarily sub-optimal for the continuous mixture HMM.

From this experiment, it can be observed that the continuous probability density
function must be appropriately chosen according to feature representations. In
.continuous mixture hidden Markov modelling, the feature representation, the
probability density, and the number of mixture-components will be importanf related
factors. In géneral, the probability density function can be well chosen according to
feature representations, but the increase of the number of mixture-components will be
restricted by the available training data and computing resources. On the other hand,
senii-continuous hidden Markov modelling has distinctive advantages since it is possible
to model a mixture of a large number of densities with a limited amount of training

data and computational complexity.

10.2.3. Results of unified modelling

For the semi-continuous HMM, multiple codebooks are used instead of packing
different feature parameters into one vector as with the continuous mixture HMM. The
initial model for the semi-continuous HMM comes directly from the discrete HMM for
all the generalised triphones. The initial VQ covariance matrices are obtained from the
k-means clustering algorithm based on the VQ codebook. The forward-backward and
" Baum-Welch algorithm are iteratively used to simultaneously reestimate the model
parameters and three VQ codebooks using the standard semi-continuous HMM. Deleted

interpolation is finally employed to smooth the discrete output probabilities of the
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generalised triphone models with corresponding phone models as well as uniform
distributions. The semi-continuous Viterbi beam search is used again for decoding. In
computing the semi-continuous output probability density function, only M most
significant codewords are used for subsequent processing. Experiments with top one and

. top four codewords were conducted.

Under the same analysis conditions as previously, the percent correct and word
accuracy results of the semi-continuous HMM ‘are shown in Table 10.1. The results of

the discrete HMM and the continuous mixture HMM are also listed for comparison.

Table 10:1.
Average recognition accuracy based on 200 generalised triphones
4358 training sentences; 300 test sentences

types percent correct (word accuracy)
Discrete HMM 89.5% (88.0%)
Continuous Mixture HMM ' 84.2% (81.3%)
Semi—cbntinuous HMM + fopl 87.2% (84.0%)

Semi-continuous HMM + top4 90.6% (89.1%) -

From Table 10.1, it can be observed that the semi-continuous HMM with top-one
codeword has poorer performance than the discrete HMM, but substantially higher than
the continuous mixture HMM. This indicates that a mixture of a large number of
densities is very helpful. The poor performance 'of the continuous mixture HMM and the
semi-continuous HMM with the top codeword indicates that bilinear transformed
‘cepstral coefficients cannot be well modelled by the diagonal ‘Gaussian assumption.
However, the semi-continuous HMM with the top four codewords works modestly better
than the discrete HMM although the assumption is inappropriate. In fact, the semi-
continuous HMM with the top four codewords works better than both the discrete and
continuous mixture HMM. Detailed observations suggest that the semi-continuous
HMM can significantly improve the performance of some speakers, but not others.
Overall, it is only slightly better than the discrete HMM. The improvement may
primarily come from the smoothing effect of the semi-continuous HMM, i.e. the

robustness of multiple codewords and multiple codebooks in the semi-continuous output
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probébility representation. It should be pointed -out here that even though 200
generalised triphone models are relatively well trained in comparison to the standard
SPHINX version [96], smoothing by multiple codewords can still play an important role.
As the diagonal Gaussian assumption may be. inappropriate, the covariance matrices
need not be reestimated. Indeed, fixed covariance matrices are marginally better than

reestimated ones due to inappropriate assumptions.

10.3. Experimental Results Using Less Correlated Data

If the diagonal Gaussian covariance is used, each dimension in the speech vector
should not be correlated. In practice, this can be partially satisfied by using less
correlated’ features as acoustic observation representations, or by using principal
component projection to reduce correlation. To see the importance of feature
representation, experiments with less correlated data were conducted for the discrete

HMM and the semi-continuous HMM.

Prihcipal component projection was first used to reduce the correlation of the
bilinear transformed LPC cepstrum. In the implementation here, the projection matrix
is computed by pooling together the bilinear transformed cepstrum of the whole training
sentences, and then computing the eigenvector of that pooled covariance matrix. For
the tuning database, result comparison between projected data and un-projected data is
shown in Table 10.2. Only insignificant improvements are obtained based on such a
projection. This may be because the covariance .for each codeword is quite different, and

such a projection only makes average covariance diagonal, which is inadequate.

Table 10.2.
Average accuracy of projected and un-projected data
2880 training sentences; 45 tuning test sentences

types percent correct (word accuracy)

semi-continuous HMM + topl 87.8% (85.3%)

semi-continuous HMM + topl + projection 88.3% (85.8%)
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As bilinear transformed cepstral coefficients cannot be modelled well by diagonal
Gaussian probability density functions, experiments without bilinear transformation
were conducted. Here, 18th order cepstral coefficients derived from 18th order LPC
analysis are first compared with 12th order cepstral coefficients derived from 14th order
LPC analysis. Results for the discrete HMM are shown in Table 10.3. The results using
bilinear transformed cepstrum are also included for reference. It is interesting that the
recognition accuracy of the 18th order bilinear transformed cepstrum is about the same
as that of the 12th order bilinear transformed cepstrum. The mel-scale representation
actually has the effect of Asmoothi’ng high-frequency - spectra, which leads to similaf
performaﬁce of cepstrum using different analysis order. In 4cont'rast, the recognition
accuracy of the 18th order cepstrum is better than that of the 12th order cepstrum, but
worse than that of the bilinear transformed cepstrum. This indicates that mel-scale
representation is indeed suitable for speaker-independent speech recognition [154]. It
should be pointed out here that the generalised triphones are produced from the bilinear
transformed LPC cepstrum, which may not be an optimal configuration for other

analysis methods.

Table 10.3.
Average accuracy of discrete HMMs (200 generalised triphones)
2880 training sentences; 45 tuning test sentences
types percent correct (word accuracy)
12th cepstrum 84.4% (81.6%)
18th cepstrum . 86.1% (82.9%)
12th bilinear transformed cepstrum 88.2% (86.2%)
18th bilinear transformed cepstrum 88.3% (86.2%)

The 18th order cepstrum is used here for the semi-continuous HMM because of less
correlated characteristics of the cepstrum. With 4358 training sentences, test results of

300 sentences are listed in Table 10.4.
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Table 10.4,
‘| Average accuracy of 18th order cepstrum (200 generalised triphones)
4358 training sentences; 300 test sentences
types percent correct (word accuracy)

Discrete HMM 86.3% (83.8%)
Semi-continuous HMM + topl 86.6% (85.5%)
Semi-continuous HMM + top2 88.8% (87.6%)
Semi-continuous HMM + top4 89.3% (88.5%)
Semi-continuous HMM + top6 89.6% (88.6%)
Semi-continuous HMM + top8 89.3% (88.2%)

Here, the recognition accuracy of the semi-continuous HMM is significantly
improved in comparison with the discrete HMM, and error reduction is over 29%. Even
the semi-continuous HMM with the top one codeword used is still better than the
discrete HMM (85.5% vs. 83.8%). Use of multiple codewords (top4 and top6) in the semi-
continuous output probability density function greatly improves the word accuracy (from
85.5% to 88.6%). Further increase of codewords used in the semi-continuous output
probabilfty density functions shows no improvement on word accuracy, but substantial
growth of computational complexity. From Table 10.4, it can be seen that the semi-
continuous HMM' with the top four codewords is adequate (88.5%). Iﬁ, contrast, when
bilinear transformed data was used (Table 10.1), the errbr reduction is less than 10% in
comparison to the discrete HMM, and the semi-continuous HMM with the top one
codeword is actually slightly worse than the discrete HMM. This strongly indicates that
appropriate features are very important if continuous probability density function,
especially with the diagonal covariance assumption, is used. If this assumption is
inappropriate, maximum likelihood estimation will only maximise the wrong

assumption.

Although more than 29% error reduction has been achieved for 18th order LPC
analysis using diagonal covariance assumption, the last results with the discrete HMM
(bilinear transformed cepstrum, word accuracy 88.3%) and the semi-continuous HMM

(18th order cepstrum, word accuracy 88.6%) are about the same. This suggests that



- 158 -

bilinear transformation is helpful for recognition, but produces correlated coefficients,
which is inappropriate to the diagonal Gaussian assumption. Removal of the diagonal
covariance assumption by use of full covariance can be expected to further improve
recognition accuracy [43]. Regarding use of full covariance, the semi-continuous HMM
has a distinctive advantage. Since Gaussian probability density functions are tied to the
VQ codebook, by chosing M most significant codewords, computational complexity can be
several orders lower than the conventional continuous mixture HMM while maintaining
the modelling power of many mixture-components. In addition, all experiments
conducted here were based on only 200 generalised triphones; as smoothing can play a
more important role in those léss-well-trained models, more improvement can be
expected for 1000 generalised triphones (where the word accuracy for the discrete HMM

is 91% with bilinear transformed data).

10.4. Summary

The_applicability of the continuous mixture HMM or the semi-continuous HMM
relies on appropriately chosen acoustic parameters and assumption of the continuous
probability density function. Acoust.ic features must be well represented if diagonal
covariance is applied to the Gaussian probability density function. This is strongly
indicated by the experimental results based on the bilinear transformed cepstrum and
cepstrum. The discrete HMM can be substantially improved by bilinear transformation.
However, bilinear transformation introduces strong correlations, which is inappropriate
for diagonal Gaussian modelling. Using the cepstrum without bilinear transformation,
the diagonal semi-continuous HMM can be significantly improved in comparison to the
discrete HMM. In contrast, if the bilinear transformed cepstrum is used, the recognition
accuracy of the diagonal semi-continuous HMM is only slightly higher than that of the
discrete HMM.

This Chapter bas demonstrated that the unified modelling approach based on the
semi-continuous HMM can offer improved recognition accuracy in comparison to both
the discrete HMM and the continuous mixture HMM in speaker-independent continuous

speech recognition. Using SPHINX, the semi-continuous HMM reduced error rate of the
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discrete HMM and the continuous mixture HMM by 29% (for LPC cepstrum) and 41%
_ (for bilinear transformed cepstrum) respectively. One of the most important factors in
unified modelling, as the continuous mixture HMM, is to appropriately choose signal

processing methods and probability density functions to achieve optimal performance.



CHAPTER 11

SUMMARY AND CONCLUSIONS

11.1. Summary of Results

This thesis has been concerned with hidden Markov modelling of speech signals.
The unified modelling approach to vector quantisation, the discrete HMM, and the
continuous HMM is proposed. The semi-continuous HMM incorporates the advantages
of both the discrete HMM and the continuous mixture HMM, and results in a powerful
tool for modelling speéch signals in comparison to other established modelling
techniques. The speech recognition accuracy of the unified modelling approach has been

shown to be better than both the continuoué mixture HMM and the discrete HMM.

- The unified modelling theory was developed based on discussions from Chapter 3 to
Chapter 6; Chapter 7 then discussed several practical issues that are important for the

experimental implementation reported in this thesis.

In Chapter 8, the semi-continuous decoder was first tested in speaker-dependent
and speaker-independent mode on a vocabulary of ten digits and compared with
conventional discrete HMM and multi-template-based DTW speech recognition systems.
The semi-continuous decoder has been shown to offer improved performance (an error

reduction of 10%-50%) in comparison to the discrete HMM.

Chapter 9 started the experiments for the unified modelling theory based on semi-
continuous HMMs. Speaker-dependent phoneme recognition exberiments were
conducted; two simplified unified modelling approaches were tested and have been
shown to offer significant improvement in terms of recognition accuracy in comparison
to both the conventional discrete HMM and the continuous HMM (single mixture).

Different numbers of mixture densities were also tested in both the semi-continuous

©. 160 -
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decoder and reestimation procedure. The optimal number of mixture densities ranges
from three to four in these experiments. The use of limited number of mixture densities
can not only improve the performance but also significantly reduce the amount of
computation. The averagé recognition error rate of the semi-continuous decoder using
thé discrete HMM parameters can be reduced in comparison to the discrete mode, but
not as significantly as by the unified modelling techniques. The improvements of the
unified modelling theory are best for the phoneme classification task, though simplified
approaches are used. The HMM with time duration has also been evaluated.
Experimental results again show that the unified modelling theory proposed in this
thesis works significantly better than standard HMMs. These experimental results

strongly suggest the powerful ability of the semi-continuous HMM.

Finally, the unified modelling theory was highlighted in Chapter 10. Experiments
for large-vocabulary speaker-independent continuous speech recognition were conducted.
The semi-continuous HMM was compéred with the discrete HMM and the continuous
mixture HMM in the DARPA resource management task. Experimental results have
clearly demonstrated that the semi-continuous HMM offers improved recognition
accuracy in comparison to both the discrete HMM (an error reduction of 29%) and the
continuous mixture HMM (an error reduction of 41%). However, the applicability of
either the continuous mixture HMM or the semi-continuous HMM relies on
appropriately chosen acoustic parameters and assumption of the continuous probability

density function.

11.2. Conclusions

_ As introduced previously, sufficient training data, automatic learning algorithms,
and detailed modelling are three very important factors to a successfui speech
recognition system. The significance of the unified modelling approach is that it can
model a mixture of a large number of probability density functions with a limited
amount of training data. In the semi-continuous output probability, robustness can be
enhanced by using multiple codewords. In addition, the VQ codebook itself can be

adjusted together with the HMM parameters in order to obtain the optimum maximum
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likelihood of the HMM. The unified modelling approach can theréfore achieve an
optimal combination of HMM parameters and VQ codebook parameters. These merits of
the unified modelling can be viewed as a good solution to the'conﬁict' between detailed
acoustic modelling and insufficient training data. From the continuous HMM point of
view, d_etailed acoustic modelling can be achieved by increésing mixture densities.
However, the performance will suffer from insufficient training data if there are too
many free parameters by increasing mixture densities. The semi-continuous HMM can
be considered as a special form of continuous mixture HMM with tied mixture
continuous density functions. Because of the binding of the continuous density functions,
in the semi-continuous HMM, the ﬁumber of free parameters and computational
complexity are reduced in comparison to the continuous mixture HMM while retaining
the modelling powers of continuous HMM with a mixture of a large number of
probability density functions. From the discr‘ete HMM point of view, detailed acoustic
modelling can be achieved by increasing the size of VQ codebook. However, once again,
the performance will suffer from insufficient training data. On the other hand, the .
multiple codewords representation of the semi-continuous HMM can be well immunised
from such a problem. In addition, the VQ codebook itself can be globally optimised
together with- the HMM.

The reestimation of the VQ codebook can also be viewed as a sinecial form of
maximum likelihood VQ [70,119]. Although both the maximum likelihood VQ and the
H.MM forward-backward algorithms attempt to maximise the likelihood, the new unified
modelling approach has some obvious advantages, namely it maximises the likelihood of
the HMM. As a result, later estimates are more suitable for classification when the

pre-classified data and the HMM parameters are optimised together.

For a variety of experiments conducted in different tasks, the semi-continuous
HMM has clearly demonstrated its superior performance. The applicability of the
continuous mixture HMM or the semi-continuous HMM relies on appropriately chosen
acoustic parameters and assumbtion of the continuous probability density function. This
is strongly indicated by the experiinental results based on the bilinear transformed
cepstrum and the cepstrum described in this thesis. Acoustic features must be well

represented if diagonal covariance is applied to the Gaussian probability density
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function since the maximum likelihood estimation criterion is used in the experiments.

11.3. Future Work

The argument for maximum likelihood estimation is based on an assumption that
the true distribution of speech is a member of the family of distributions used in the
estimation. However, as shown in experiments using the bilinear transformed cepstrum,
this can well be challenged. Typical HMMs make many inaccurate assumptions about
the si)eech >production proce-ss. Therefore, an estimation criterion that can work well in
spite of these inaccurate assumptions should offer improved recognition accuracy in
comparison to the maximum likelihood criterion. Other reestimation criteria, such as
the maximum muﬁua] information criterion [26] or corrective training criterion [12,97],
can be used. The maximum mutual information estimaﬁon is based on minimisation of
the average uncertainty of the word sequence to be recognised, given the acoustic
observations instead of finding #rue model parameters [26]. Therefore, the invalid
argument for maximum likelihood estimation can be corrected. Suppose the language
ﬁlodel is given, a possible solution is then to maximise the average mutual information
between the acoustic observation sequence and the complete set of models

(A1 Ag, -+ Ap). If all words are equiprobable, one possible criterion is
I= m{.{x[Z(logPr(O"l)\v) — log 2\Pr(0°|A )]

i.e., choose A so as to separate the correct model A, from all other models on the
training sequence O”. By summing over all training observations, one would hope to
attain the most separated set of models possib]e.v The steepest descent methods can be
used to maximise the above equation [11]. Alternatively, the heuristic corrective
reestimation procedure [12,97], attempts to maximise recognition accuracy on the
training data. This a_lgorithm tests the decoder using reestimated models according to
_training data in the training procedure, and subsequently improves the correct models
and suppresses misrecognised or near-miss models. Another similar approach is to
combine discriminant analysis into hidden Markov modelling in which the between
class matrices can be obtained from these misrecognised data [43]. Such a projection

can significantly reduce recognition error rate. Though the maximum likelihood
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estimation criterion is used for evaluation experiments of the unified modelling theory,
other techniques, which can be applied to conventional hidden Markov modelling, can be

readily applied to the unified modelling approach.

Regarding unified modelling, this thesis presented a complete theory for VQ and
acoustic pattern matching. For continuous speech recognition, the pronunciation
dictionary, which maps words into phoneme sequences, i_s usually generated according to
phonetic knowledge. The phoneme sequences are actually unrelated to the acoustic
pattern matching. It is therefore attractive to incorporate the dictionary into the
lﬂaximum likeiihood estimation framework thus achieving unified modelling from VQ,

acoustic pattern matching to pronunciation dictionary.

While it can be concluded that the unified modelling theory based on the semi-
continuous HMM is a powerful technique for modelling non-stationary stochastic
processes with multi-modal probabilistic functions of Markov chains, by itself it has not
totally solved the general speech recognition problem, but has provided some insight
into the acoustic-modelling problem; insight offered here for future researchers to visit,

enhance and report.
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Refereed Journal Papers:

[1] X. Huang and M. Jack, Semi-continuous hidden Markov models for speech signals,
Computer Speech and Language, Vol. 3, pp. 239-251, 1989

[2] X. Huang, G. Duncan and M. Jack, Formant estimation based on weighted least
square adaptive filters, IEE Proceedings Part F, Communications, Radar and Signal
Processing, Vol. 135, pp. 539-546, 1988

[3] X. Huang, M. Jack and Y. Ariki, Parameter re-estimation of semi-continuous hidden
Markov models with feedback to vector quantization codebook, IEE Electronics Letters,
Vol. 24, No. 22, pp. 1375-1377, 1988

[4] X. Huang and M. Jack, Performance comparison between semi-continuous and
discrete hidden Markov models, IEE Electronics Letters, Vol. 24, No. 3, pp. 149-150, 1988

(5] X. Huang and M. Jack, Hidden Markov modelling of speech based on a semi-
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[7] X. Huang, G. Duncan and M.A. Jack, Automatic fprmant estimation algorithm
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(1] X. Huang, H. Hon and K. Lee, Large-vocabulary speaker independent continuous
speech recognition using continuous and semi-continuous hidden Markov models,
European Conference on Speech Technology, Paris, 1989
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[3] X. Huang and M. Jack, Semi-continuous hidden Markov models with Maximum
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[4] X. Huang and M. Jack, On several problems of hidden Markov models, Seventh
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[5] X. Huang and M. Jack, Maximum likelihood clustering applied to semi-continuous
hidden Markov models for speech recognition, IEEE International Symposium on
Information Theory, Kobe, Japan, p. 71, 1988
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(9] X. Huang, D. Fang, and L. Cai, State-guided dynamic programming (SGDP)
algorithm for speech recognition, IEEE Workshop on ASSP, Beijing, China, pp. 233-236,
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