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Abstract

Clustering Wide-Contexts and HMM Topologies

for Spontaneous Speech Recognition
by Izhak Shafran

Chair of Supervisory Committee:

Professor Mari Ostendorf
Electrical Engineering

In most speech recognition systems today, all the acoustic variation associated with a
phoneme is characterized in terms of the identity of its neighboring phonemes. The neigh-
bors influence only the state observation density of a fixed Hidden Markov Model. Other
sources of variation are captured implicitly by using Gaussian mixture models for the state
observations. Consequently, these models can be very broad, particularly for casual sponta-
neous speech. In this thesis, we explore conditioning of phonemes on higher level linguistic
structure, specifically syllable- and word-level structure to learn models for phonemes that
are more specific to the context, reporting experimental results on a large vocabulary (35k
words) conversational speech task (Switchboard).

In particular, this thesis makes three main contributions related to wide context condi-
tioning. First, we demonstrate that syllable- and word-level structure can be incorporated
into current acoustic models to improve recognition accuracy over triphones. For a fixed
number of parameters, these models are computationally more efficient than pentaphones,
both in training and in testing. In addition, use of syllable and word features leads to a small
but significant improvement in performance. The wide-contexts used in our acoustic model

can implicitly capture re-syllabification effects to a certain extent. However, we find that






explicitly modeling re-syllabification does not improve recognition further, because there
are only a small number of phones that exhibit acoustic difference after re-syllabification.

The second contribution addresses the difficulties that arise when a large number of
additional conditioning features are used. As the number of conditioning features increases,
the training cost can increase exponentially. Moreover, a large fraction of the training
labels tends to have too few examples to have reliable statistics associated with them, and
this could potentially cause decision trees to learn bad clusters. A new method has been
developed for clustering with multiple stages, where each stage clusters a different subset of
features, and also has a choice of using the partitions learned in the previous stages. Apart
from reducing the risk of unreliable statistics, it is designed to ameliorate data fragmentation
problem and is computationally less expensive. This method was successfully demonstrated
with pentaphones, resulting in equivalent performance at a lower cost.

Finally, a new algorithm is described to design context-specific HMMs. The idea is to
model reduction of a phone for certain contexts, and to learn a more constrained topology.
Using contextual information, the algorithm clusters HMM paths where each path has a
different number of states. An HMM distance measure has been formulated to prune out
the paths which are similar. During decoding, the paths are allocated dynamically for each
sub-word unit according to their context. We investigated this algorithm to model phone
topologies, finding improved characterization of speech given known word sequences but no

significant improvement in word error rate.
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Chapter 1

INTRODUCTION

Fifty years ago, Arthur C. Clarke portrayed a machine, HAL 2000 which became im-
mensely popular for its ability to listen and speak to humans [21, 22]. In an age when
ENIAC!, the first computer, had just been invented and programming a computer required
special skills, the popularity of HAL 2000 illustrated the universal appeal of speech as an
interface to machines. Today, in the year 2001, computers are ubiquitous and are managing
an increasingly large number of tasks that range from mundane to critical. They are also
gateways to a huge repository of information available on the internet. To provide access to
these resources for the vast majority of humanity, it is necessary to develop easy, universal,
and multiple modes of interaction with computers, and a necessary part of such an interface
is speech.

The task of understanding human speech by a computer is typically broken down into
two subtasks, namely, automatic speech recognition and natural language processing. The
former transcribes the audio speech signal into words, while the latter interprets these
transcriptions. This thesis will focus on the problem of automatic speech recognition.

In the last two decades considerable progress has been made in automatic speech recog-
nition (ASR), and now complex and sophisticated systems are being deployed in successful
applications. In general, the complexity of a recognition task depends on many conditions.
Recognition of words in isolation is a much easier task than continuous speech recognition. A
recognizer that works for any speaker is harder to build than one that is tuned to a particu-

lar speaker. Read or dictated speech can be recognized more accurately than conversational

!Electronic Numerical Integrator and Computer, invented by John W. Mauchly and John P. Eckert, 1946.



speech. Early ASR systems required each user to train the system to their voice before use,
and they had to speak with a pause ... between ... words. These discrete isolated-word
speaker-dependent systems were superseded by more complex speaker-independent continu-
ous speech recognition systems, and the vocabulary of the system also increased many-fold.
Statistical pattern recognition has emerged as a successful framework to recognize speech.
The acoustic observations are modeled as random variables associated with symbols such
as phones and words, thus attempting to capture the variability inherent in speech. These
developments have enabled a large number of applications ranging from telephone operated
services such as directory assistance, airline reservations, and credit card services; profes-

sional dictation systems for lawyers and doctors; and aids for the handicapped.

A number of challenges still need to be tackled to allow widespread use of ASR technol-
ogy. A system may recognize certain types of speech with high accuracy and perform badly
on others, even when humans are able to understand both of them with nearly equal ease.
This gap in performance is well illustrated by the results reported on the 1998 DARPA
Broadcast News benchmark tests by the best research systems. The word error rates on the
spontaneous speech portion of the test set (14-16%) were nearly double those on the baseline
condition of planned recordings (8-9%) [100]. In this test the baseline or “F0” condition is
defined as planned speech from a native speaker, over a high bandwidth channel, with no
background noise. Further, those systems that also participated in 2000 DARPA Conversa-
tional Speech benchmark test, performed at error rates of roughly 30%. The degradation in
performance may be due to many factors such as channel effects, variability in speaking rate
and dialect of speakers, less careful pronunciation, loosely structured language, and the pres-
ence of disfluencies. For deploying ASR systems for a wide range of applications, including
voice-mail transcription and speech translation, it is necessary to recognize conversational

speech more accurately.

Though many factors play a role, the poor performance of current ASR systems in
recognizing conversational speech is arguably due to their inability to model large acoustic

variation effectively. To tease apart the contribution of acoustic variation, a study was



conducted in 1996 where a system, similar to the current systems, was used to recognize the
same word sequence spoken in three different styles [124]. Spontaneous speech was recorded,
and then the transcript of the same speech was read and “acted spontaneously” by the same
speakers. While the system recognized spontaneous speech with a word error rate of 52.6%,
the acted and the read versions were recognized at 37.4% and 28.8% error rates respectively.
The differences in error rate must be due to differences in the acoustics related to speaking
styles since the transcript was the same in all the three tests. Further experiments on this
corpus (Multireg corpus) showed that the degradation with increasingly casual speaking
style occurs across telephone-band and wide-band speech and under matched training and
test conditions [115]. To bridge this gap in performance, the acoustic variation related
to the speaking style needs to be modeled better in large vocabulary speaker-independent

conversational speech recognizers, and that is the specific goal of this thesis.

In many ASR systems, the acoustic variation of words is modeled at two levels - the
pronunciation model which maps a dictionary phoneme sequence (base form) to the real-
ized phone sequence (surface form), and the acoustic model which maps the surface form
to observed spectral variation in terms of multivariate distributions. To study the role of
these two components, Keating compared a sample from a conversational speech corpus
(Switchboard) with that of a read speech corpus (TIMIT). Both samples were previously
hand-transcribed [71]. She found that the average number of surface (phonemic) forms per
word in fluent speech was twice that of read speech. Similarly, the number of phones (using
the TIMIT symbol inventory) for each phoneme varies twice as much. While the phonemic
variation of a word may be dealt with using pronunciation models, the increased phonetic
variation is probably better addressed by improving current acoustic models. Work with
simulated data which was produced using an acoustic model of speech, has also pointed
to pronunciation variability as one of the main problems in recognizing conversational
speech [88]. So far, the work on pronunciation modeling in terms of phoneme-level sub-
stitutions, deletions and insertions has yielded small performance gains [17, 113]. Further

gain could come from improvements in acoustic models, and recent research bears this out.



Saraclar et al. [115] showed that modeling pronunciation beyond the phonemic level, and
allowing changes in acoustic models, brings additional benefits. Experiments by Hain and
Woodland also demonstrate an advantage in using phonetic context to directly influence
the temporal nature of acoustic models [54]. These studies support the notion that there
is a need to represent variation of a more gradient nature, and we hypothesize that, in a
similar manner, high-level context (beyond phonemic) influences the acoustic models of the

phonemes as well as the pronunciation of a word.

1.1 Modeling Contextual Variation with Syllable and Word Features

Conventionally, acoustic variation of a phoneme has been captured by conditioning the
acoustic models on the identity of the neighboring phonemes. Typically, in large vocabu-
lary ASR, phonemes with immediate left- and right-neighbors (triphones) and possibly two
neighbors (pentaphones) are used. Conditioning only on phonemic context does not cap-
ture the acoustic variation of conversational speech fully. In recent years, augmenting the
context with position of phoneme in the word has brought additional improvements to ASR
performance, and it is now widely used (e.g. [55]). This is consistent with observations in
linguistic studies about word-position effects on different consonants, using electropalatog-
raphy (EPG) [73]. The linguopalatal (tongue-palate) contact, which affect the strength
and duration of sound produced, for word-initial consonants is significantly different from
word-final. In this work, we look at conditioning acoustic models on high-level contexts,
specifically syllable and word structure.

Our hypothesis is that the syllable structure is also useful in modeling the variation in
conversational speech not accounted for by phoneme context. Consider the phoneme “t” (in
the context “iy t er”) in “beater”, “beat Ernest” and “return”. Even though it is the same
triphone, the articulation of the phone “t” in the three contexts is distinctly different - in
the first it is flapped, in the second it is an unreleased closure and in the third it is a closure
plus a release. These differences are closely related to syllable structure, and correspond

to ambisyllabic, syllable-final, and syllable-initial contexts, respectively. For read speech,



the variation in acoustic realization of “t” has been studied using statistical techniques by
Randolph [109]. Realizations of “t” in TIMIT, a corpus of read speech, were hand-labeled
as released, unreleased, flapped, deleted or glottalized. Using mutual information, he found
that these realizations were explained by syllable position better than the phoneme context,
and the context of features such as the place of articulation, the manner of articulation,
the voicing or the stress. Further, using decision trees trained with these attributes, he
obtained classification accuracies of about 84%, and an entropy reduction of about 56%.
These patterns are likely to be present in conversational speech, and syllable structure may

explain different realizations in other phonemes.

Often word beginning and ending rules can be generalized to the syllable level and this
is used to explain why certain phone sequences do not occur in English [57]. For example,
extending the notion that “ng” (as in rang) and “2” (as in beige) do not occur as word onsets
explains the absence of word medial clusters of the form “VCngV” or “VCCngV” and so
on. If word-internal (syllable-level) phonotactics mirror word-level phonotactics, then incor-
porating syllable-level structure into the recognition system should result in gains beyond
those seen in incorporating word-level structure. However, since there are some additional
phonological processes that target syllable edges (see [20] for a discussion), information

about position-in-word as well as position-in-syllable is useful.

Statistical studies analyzing a conversation speech corpus (Switchboard) show systematic
effects associated with components of a syllable [49, 38, 51]. In particular, they found the
syllable onsets to be more stable than codas, and an analysis of errors made by state-of-
the-art systems on recognizing conversational speech suggests that accurate recognition of

syllable onsets is more important for word recognition than of syllable codas [50].

The focus of our work is on learning contextual variation directly in the acoustic model
using both word- and syllable-level information, since they seemed promising in both pre-
vious pronunciation models and acoustic studies mentioned above. In contrast to modeling
the syllable explicitly as a unit, we use a tree-based clustering mechanism to allow sharing

of parameters across all contexts for robust estimation. To tackle the problems that arise



in using a large number of contextual features, which could potentially include prosody and
cues about sentence structure, we have extended the decision tree based clustering to use
multiple stages of clustering. Previous work using syllables can be criticized for ignoring the
effects of re-syllabification. We investigated the effects of re-syllabification on recognition
performance, finding no significant impact on recognition performance. In this thesis, the
term syllable- and word-level features refers to attributes of syllable and word structure,

and it does not represent features from the input speech.

1.2 Modeling Temporal Variation with Flexible Topology

Another limitation of current systems is the adherence to a fixed model structure for all
phones irrespective of their phonetic contexts. In certain systems, a limited amount of
temporal variations is captured with transitions that allow certain states of the model to
be skipped.

One of the obvious outcomes of using a fixed topology is the imposition of an unreal-
istic constraint on the duration of the phones. Popular topologies impose a 30 millisecond
constraint on the minimum duration of a phone. This happens because the phonemes are
modeled by at least three states (allowing fewer states for all phonemes tends to cause in-
sertion of spurious phones), and each state needs at least one observation frame (each frame
is about 10 millisecond). However, examination of the duration of phones in conversational
speech shows that about one in ten phone instances is shorter than 30 ms. Figure 1.1 shows
a plot of duration distribution computed from three and a half hours of conversational
speech that was hand-labeled. The data was labeled at syllable-level in the International
Computer Science Institute (this subset will be referred to as ICSI transcription). The
phone durations were approximated by distributing the syllable duration evenly amongst
its constituent phones, thus underestimating the number of phones that are shorter than 30
ms. A fixed topology may not capture the temporal variations associated with either end
of this distribution.

Temporal variation of a phoneme also dependent on its context. A short flap, “dx” as
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Figure 1.1: Estimated distribution of phone duration in conversational speech (tail omitted
for better display of mode).

in Peter (p-iy-dx-axr) has less temporal variation than a diphthong “oy” as in avoid (ax-v-
oy-d). Use of more observation distributions than necessary may lead to poor estimation of
parameters, while the use of fewer may lead to less discriminatory models.

A few researchers have developed methods for learning context-dependent HMM topol-
ogy [82, 121, 99, 31, 3, 53, 54, 33|, most of which cannot be directly used for a large
vocabulary speech recognizer for reasons described in Chapter 6.

We investigate a different approach with the idea that high level structure can be used
to design HMM topologies for phonemes in a context specific manner. The general problem
of designing topologies is difficult to solve. Using a few reasonable assumptions, we simplify

the task, and outline an algorithm to learn them automatically. The algorithm was applied



on a large conversational speech recognition task, different settings were explored, and their

impact was assessed.

1.3 Outline of the Thesis

To set the background for subsequent discussion, and to explain terminology and techniques
used in our experiments, the fundamentals of automatic speech recognition systems are
briefly explained in Chapter 2. There are a number of parameters that go into fine tuning a
speech recognition system, not all of which can be explored in the span of a thesis. Chapter 3
explains the experimental paradigm that we adopted for this work, including the training
corpus and the recognition task. The three subsequent chapters deal with the core of this
thesis, and gradually develop a sub-word unit that is specific to its wider context.

In Chapter 4, we improve the current acoustic models, which have a fixed topology,
by incorporating syllable- and word-level features in their state observation densities. The
chapter begins with the description of related work, and enumerates the attributes of syllable
and word structure that we have used in this thesis. Then, we delve into our investigation
of their impact on state observation densities, including results from training and testing
on a standard large vocabulary spontaneous speech recognition task. We compare the gains
across different systems, and examine the automatically learned decision trees to access the
usefulness of each feature. Further, we investigate the effects of re-syllabification on the
recognition performance.

The encouraging results from Chapter 4 opens the possibility of using a variety of other
high-level features in future. However, a few technical difficulties need to be tackled before
this can be achieved. In Chapter 5 we develop a framework to overcome these difficulties.
We test our algorithm on a large task of clustering pentaphones, and verify that the state
observation densities thus estimated give similar performance on a recognition task.

In Chapter 6, we pursue our aim of improving sub-word units by designing context-
specific model topologies for phonemes. After a brief review of previous work, we develop a

systematic framework for mapping context-dependent phonemes to HMM topologies. The



models from Chapter 4 with improved state observation densities are used as the baseline.
The fixed topology is replaced by a context-sensitive topology, and then the models are
re-estimated. These models are tested and their impact is analyzed on a conversational
speech task.

Finally, the conclusions from and the contributions of this work, and possible future

directions are summarized in Chapter 7.
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Chapter 2

AN AUTOMATIC SPEECH RECOGNITION SYSTEM

An automatic speech recognition (ASR) system attempts to find a sequence of words
corresponding to original utterance. A series of complex functions need to be performed to
achieve this. This chapter describes the fundamental principle behind various components of
such a system, explains the terminology, and provides references for many of the sub-tasks.

Currently, statistical pattern recognition is the most popular framework for recognizing
speech and so most of our discussion pertains to it. Alternative paradigms using artificial
neural networks [81] also exist. A hybrid strategy effectively combines the use of techniques
from both these areas [90, 13, 111].

The general framework for statistical ASR system can be schematically represented by
Figure 2.1 (adapted from [129]). In any ASR system, the speech signal is first converted
to a sequence of vectors, z1.7 = [z1, Z2,...,zT], as described in Section 2.1. The core
task then is to compute the word sequence wi.py = [wi, wa,...,wp| that minimizes a
cost function. In statistical pattern recognition problems, the problem is cast in terms of
a probability distribution over random variables, Xi.7 and Wji.;; here, and a solution is
obtained using the Bayes decision rule for minimum risk. Making the assumption that all
classification errors (incorrect sentences here) are equally bad or costly, an optimal decision

rule (maximum a posteriori or MAP rule) is obtained as:

Wiy = argmax P(wi.a|z1.7) (2.1)
Wi:M
P(zy.7|win) P(wim)
= argmax 2.2
ﬂg)l:M P(-TI:T) ( )
= argmax P(zi.q|wi.a) P(wiam) (2.3)
Wi:M

Since P(w1.ar|z1.7) cannot be modeled easily, the MAP rule is applied to estimated proba-
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bilities P(z1.7|w1:ar) and P(wi.ar), as if they were true probabilities.

hypothesized word sequences

Evaluate PW)
Vocabulary —— L LM scores
W This is speech T
. i Language
Dictionary Model
thihs ihz s p iy ch
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Acoustic o O O 00 ")
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Figure 2.1: Overview of an ASR system based on a statistical framework.

The component P(ws.pr) encodes the prior knowledge about the likelihood of observing
a word sequence in the language of interest, and is evaluated by a language model.
Section 2.2 briefly describes the structure and estimation of a typical language model.

Given a hypothesized word sequence, an acoustic model evaluates how well it matches
the input speech. As much of the proposed work will be in the area of acoustic modeling,
we will examine this topic in further detail. Since separate acoustic models cannot be
trained for every word sequence in a large vocabulary system, the task is typically broken
down into modeling smaller sub-word units which are then strung together to produce a
model for the word sequence. The models for the sub-word units are chosen in a manner
that enables estimation of their parameters automatically from representative training data.
Hence, there are two main issues in acoustic modeling: choice of an elementary model which
includes issues related to estimating their parameters and using them to decode a symbol

sequence; and composing an acoustic model for a hypothesized word sequence. These are
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described in Section 2.3 and Section 2.4 respectively.

The implementation of Equation 2.3 is referred to as the search algorithm. A few
approximations and a number of computational tricks are used to implement the search
over the huge space of all possible word sequences at a computational cost of O(T'), which

are briefly outlined in Section 2.5.

2.1 Feature Extraction

For accurate word recognition, extraneous variation in the input to the ASR system needs
to be minimized. These variation may be due to differences in pitch between speakers,
differences in length of the vocal tract across speakers or the nature of the channel through
which speech is delivered to the ASR system. A series of operations are performed on speech
to minimize the impact of these variations.

Voiced speech can be modeled as the output of a linear filter h(n) driven by periodic
glottal pulses g(n). The characteristics of this filter are related to the shape of the vocal
tract and vary less across examples of units of speech, while the glottal component varies
widely with pitch. By transforming the input speech signal as shown below it is possible to

separate the contributions of the two components, assuming non-zero spectrum.

FT(h(n) xg(n)) = H(Q)G(Q)
log(|FT(h(n) * g(n))]) = log(|H(Q)]) + log(|G(2)])
IFT(log(|FT(h(n) x g(n))])) = IFT(log(|H(Q)])) + IFT(log(|G(Q)]))  (2.4)

Here, F'T and IFT denote the Fourier transform and its inverse [28].

The glottal pulse has harmonics related to the pitch of the speaker and appears much
higher in the cepstral domain compared to the response of the vocal tract. By computing
only the lower (12-14) order cepstral coefficients, the variation due to pitch is largely left
out while retaining most of the essential information for word recognition. Before processing
speech, short segments are extracted using overlapping windows (such as Hamming window

20-30 ms).
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Motivated by the robustness of human auditory system, certain transformations are
applied in the frequency domain before computing the cepstral coefficients. In most systems,
the frequencies are warped to resemble human auditory processing, using scales such as
Mel-scale - almost constant Q-filters. Additionally, certain systems modify the frequency
response to mimic the human response to loudness, and suppress constant or slowly varying
components in each frequency channel using non-linear operations [59].

The effect of a linear channel appears as an additive term in the cepstral domain, anal-
ogous to the glottal source component shown in Equation 2.4. To reduce the effect of
slowly-varying channels such as telecommunications media, many systems normalize the
feature vector by subtracting a long term cepstral average.

Depending on the general shape and the length of a vocal tract, the spectral character-
istics of similar phonetic sounds generated by different individuals may differ. Vocal tract
length normalization is used to map the general frequency characteristics of a speaker to a
normalized representation. The parameters of the warp are estimated from the acoustics of
the speaker by maximizing likelihood of the warped speech using a Gaussian mixture model
to characterize each warp [123, 106, 79].

After applying these techniques the speech is represented typically in the form of 12-
14 cepstral coefficients (Mel-frequency cepstral coefficients, MFCC or Perceptual Linear
Predictive Coding, PLP). These cepstral features, their derivatives and the log of local
energy are concatenated together to form a cepstral vector. A sequence of these vectors

form the input to the recognition system at a rate of about 100 per second.

2.2 Language Model

The language model evaluates how likely a word sequence is in the language of interest.
Since the space of sequences is infinite, the likelihood of a random word sequence wi.ps is
computed as a product of local probabilities over equivalent neighborhood or history, h;.

M

P(wiy) = P(w) UP(wihUl:ifl) (2.5)
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M

= P(w1) [] P(wilhi) (2.6)

i=2
In the most popular approach h; = [w; 1 w;_ 3], resulting in a 2nd-order Markov model
which is often called trigram.

Straightforward use of trigram probabilities creates some difficulties. Being categorical
variables these probabilities are discrete and are usually estimated from their frequency in
training data. For a system with vocabulary |V|, this would mean counting |V|? types of
tokens. In a finite amount of training data, valid three word sequence that are less probable
may not occur. At the same time, setting those probabilities to zero in a product could
make it impossible to search over non-zero but less probable word sequences. Techniques
such as discounting, back-off or interpolation are used to avoid assigning zero probability
to such rarely observed trigrams [18, 63, 93]. Clarkson and Rosenfeld’s statistical language

modeling toolkit incorporates a suite of these techniques [23].

2.3 Elementary Models

The most popular approach to model sub-word units uses the Hidden Markov model
(HMM) [108]. This model derives its power from its simplicity, the idea of capturing a ran-
dom process with the simplest memory, a first order Markov dependence. The parameters of
this model include a set of discrete scalar states {g;; j = 1: N}, a conditional observation
density given a state {b;(z) = P(z|g;); = € R%, j = 1: N}, state transition probabilities
{aij = P(qj]@i); i,j =1: N}, and initial probabilities {m; = P(g;); j=1: N}.

Various results needed to use HMMs are easier to see by defining HMMs in terms of
their conditional independence properties. Using the notations from [9], if z1.7 is sequence
of observation and (1.7 is an associated hidden random state sequence with values in {g;},

then

X

I~

{Qitt Xizt }1Qy (2.7)
{X1:4-1Q1u—2} L {Xp7Qur}|Qi—1 (2.8)
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where L and | denote independence and conditioning, respectively. The first property (2.7)
states that the observations at time ¢ is independent of everything else given the state at that
time, @y (i.e., conditional independence of observation given state). The second property
(2.8) implies that the state sequence is first order Markov.

Together, the independence properties make it possible to compute global quantities
such as P(x1.7,q1.7) and P(z1.7) in terms of local distributions, as can be seen from the

following equations.

P(zyvr,qur) = P(wl,ql)t_lZIQP(wt,Qtlwl:t—l,m:t—l) (2.9)
= P(:v1|q1)P(Q1)ﬁP(wtlwl:t—l,q1=t)P(Qtlx1:t—1,Q1:t—1) (2.10)
= P(wllm)P(ql)ﬁP(wt\qt)P(%IQt—l) (2.11)
P(zir) = quTP(xlzTaQI:;):Q
= EP(ql)P(xllm)t_lZIZP(wtht)P(Qtht—l) (2.12)

Equations 2.9 and Equation 2.10 result from merely applying the chain rule. Equation 2.11
is obtained using corollaries from HMM conditional independence assumptions Equation 2.7,
and Equation 2.8 (namely, X; L{X1.4—1, Q1:t—1 }@: and Q; L{X1:4—1, Q1:4—2}|Q¢—1)- Further,
the two independence properties enable estimation of the parameters of HMM through
alpha- and beta-recursions, which are described later in Section 2.3.1. By incorporating
cepstral derivatives in the feature vector, the conditional independence of observation Xj
given the state (); is violated. However, in speech recognition with cepstral vectors at
typical frame rates, the conditional independence assumption is violated even without the
derivatives, due to overlapping windows and the slow variation of many sounds in speech
relative to the frame rate. Incorporating derivatives provide an inexpensive alternative to
representing dependence that works well in practice.

A number of variants and enhancements have been developed for HMMs, of which Facto-

rial HMMSs, Buried Markov Models (BMM) and Coupled HMMs are more recent. Factorial
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HMMs aim to model observations that are produced from the interaction of loosely coupled
processes [42, 94]. It allows parallel state sequences with independent transition probabili-
ties to jointly determine the observation probability (e.g., in the form of linear combination
of their means). Buried Markov Models add non-linear dependencies to the observation
density from the neighboring feature vectors [8]. A cost function based on mutual informa-
tion is used to select features automatically from training data in a manner that encourages
discrimination between states. In Coupled HMMs, each observation stream is modeled by
a hidden state sequence and the state transitions are coupled between all the state se-
quences [116]. All these models can also be viewed as different instances of a class of models
called graphical models, which are being explored as another framework for ASR [10, 135].

Another alternative acoustic model is the Stochastic Segment Model or trajectory model
(SSM) [43, 98]. While each hidden state in the Markov chain of an HMM describes only
one observation, a hidden state in a segment model describes a sequence of observations. In
a recent variation on this theme, called a Markov Process on a Curve (MPC), the posterior
probability of a segmentation is directly modeled [117]. The probability of remaining in a
state decays exponentially with the length of the arc traversed in the observation space of
the multivariate random process, where the arc length is measured using a state-dependent
metric.

Among all these models, HMMs with continuous observation densities continue to be
the most widely used model for large vocabulary ASR task, and so we will use HMMs in

this thesis.

2.8.1 HMM Parameter Estimation

In ASR, it is important to learn the parameters of the model automatically from a large
collection of speech which is transcribed at the word level. To learn all the parameters of
an HMM automatically is a difficult problem. However, given the structure of an HMM in
terms of the number of states and the transitions between them, it is possible to learn the

parameters using a few different techniques.
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Ideally, the parameters should be trained to minimize classification error. However, it is
hard to minimize the word error criterion [66]. Another cost function that could indirectly
minimize error is the maximum mutual information estimation (MMIE) criterion. Following
a result from Baum-Eagon [6], Gopalkrishnan et al. came up with a closed form expression
for training discrete HMM using MMIE criterion [45], which was extended to the continuous
case by Normandin [95]. This has been further developed in [122, 118, 104], and still remains
computationally expensive.

The maximum likelihood criterion is an alternative approach that is popular mainly due
to its mathematical tractability and computational simplicity. It is also optimal when the
form of the model is correct. Although there is no closed form solution to estimate HMM
parameters § = {a;j,b;(z),m; 1,7 = 1: N} from a training set X', we can choose an initial
0 and iteratively improve the estimate of 6 using the Baum-Welch algorithm (which is an
instance of Expectation-Maximization or EM algorithm) [108, 7, 29]. The EM algorithm
iteratively maximizes a particular cost function L(6|6,4) which guarantees to increase the
likelihood of the data given a model P(z|6). The cost function L(0|6,4) is defined in terms

of a hidden random variable Y.

L(0|0oa) = Eflog P(z,Y0)|z, 0014 (2.13)
E[logP(.’l:,Y|9)|.’B,90ld] = ZP(y|xaeold) 10gP($,y|0)
Y
L(enewwold) Z L(eold|90ld) — P($|9new) 2 P(xwold) (2'14)

The unobserved random variable Y is carefully chosen for each application so that the
computation of L(0|0,4) is simplified. At each iteration, a new set of parameters 6 are
computed that maximizes L(6|6,4). In general, the iterations converge to a local maxima.
EM has also been described in other minimization frameworks, based on which a few variants
have also been developed (e.g., [26, 16]).

In the case of an HMM, the computation of L(6|6,,4) is simplified by considering the
hidden state sequence Q1.7 as the variable Y in Equation 2.13. Then, using the inde-

pendence assumptions of HMM (2.7, 2.8), the expected joint log probability over hid-
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den sequence E[log P(z1.1,q1.7|T1.1,004)] can be computed in terms of P(g¢|z1.T,0,4) and

P(qt—1,qt|z1:7,0014) through two recursions, since

Ellog P(z1.0, qur|0)|z17,00a] = Y, Plqua|zir, Ooia) log P(z1.r, qrr|0) (2.15)
ql:Tte:T

= > Plq = jlzrr, Ooa) log m;
J

+ D3> Plat-1 = j, ¢ = klz17, Oo1a) log ajk
Tk

+ ZZP(% = jlz1:1, Oo1q) log bj(x¢) (2.16)
t g

using Equation 2.11 to rewrite the expectation in terms of the HMM parameters b;(x), a;;
and 7; of ,4. The posterior probability of being in a state P(q; = j|z1.7,004) and the
transition P(g;—1 = j,q: = k|z1:17,004) can be computed efficiently using forward-backward

algorithm as shown below.

A : P(q = j,21:710014)
() 2 Pgs = j|lz17, O0td) = : 2.17
10 = Pl =gl bad) =P = arrlbud) (217
P(gt = j,z1:71001a) = Plat = j,71:4|001a) P(Te1:7|q = 5,00a)  (2.18)
So, the key quantities to compute the expectation step in the EM algorithm are:
A N
Oti(t) = P(qt = i,w11t|90ld) = bz(t) Z aj(t - 1)0,]'1 (2.19)
=1
A N
Bi(t) = P(zrrrla = i,00a) = Y Bj(t+1)bj(t + 1)ay (2.20)
j=1
, o (1)Bi(t)
V() SISV (2.21)
325 o(t)B;(t)
A . . i(t)aibi(t+1)B;(t+1
&ij(t) = Plgi-1 =1, q = j|z1:1, 00ta) = 0L, j(ﬁ,(t) At +1) (2.22)
3

The alpha- and beta- recursions (Equation 2.19, 2.20) are computed in the forward and
the backward directions (initialized with «;(1) = B;(T) = 1), respectively, at a computa-
tional cost of O(N2T). In each iteration, the HMM parameters are updated using sufficient

statistics gathered in that iteration.
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A few cautions have to be observed in the actual implementation of these steps. Since
the likelihood under a Gaussian density decreases exponentially with increasing distance
from its mean, the value of P(z;|¢;) will often be very small, and the product of the terms
in the recursions will be still smaller. To keep «;(t) and §;(t) within the dynamic range of
a machine representation, they need to be normalized as the recursion progresses in time,
and the recursion is frequently carried out in the log domain.

When observation densities are modeled by a mixture of Gaussians, the mixture weights
will also be unobserved variables. When the number of components are given, an analytical
expression can be derived to estimate the new value of the parameters 6. Usually, the
components are gradually increased till the desired number is achieved. A simplification
of this algorithm replaces the sum over all state sequences in Equation 2.15 by the most
likely state sequence P(z1.7,q1.7|0) and is called segmental K-means or Viterbi-style

estimation for its resemblance to the k-means and Viterbi algorithms, respectively [67].

2.3.2 Optimal HMM State Sequence
Given an observation sequence, the most likely symbol sequence is usually obtained from
the most likely hidden state sequence.

argmax P(qi.7|z1.7)
q1:T7

The Viterbi algorithm, an algorithm based on dynamic programming, computes this in
a highly efficient manner [108]. The HMM independence assumptions (Equation 2.7 and
Equation 2.8) make it possible to compute the globally optimal path by extending locally
optimal paths. The search uses an optimization rule, also known as Bellman’s principle of
optimality, which is best illustrated with a simple example. If the shortest Seattle-Portland
route passes through Tacoma and the shortest Vancouver-Portland route passes through
Seattle, then the shortest Vancouver-Portland necessarily has to pass through Tacoma. The
search could be carried out in a breadth-first (also known as time synchronous manner) [92]

or in a depth-first manner (e.g., [101]). Using the Viterbi algorithm in a time synchronous
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search, this would mean extending the set of best paths frame by frame, each best path
is a path ending in a particular allowable state at that frame. At each frame, the best
path ending in a state could only come from the extension of N previous best paths, thus
incurring only O(N?) computation for updating the best paths per frame. The memory
used is O(N?T') which can be traded-off for computation and reduced to O(N?logT) [134].

These elementary units are strung together, and the most likely state sequence is com-

puted over a huge state space in a large vocabulary decoder as outlined briefly in Section 2.5.

2.4 Acoustic Model for Word Sequences

In a large vocabulary ASR systems, how a word sequence is modeled also depends on the
lexicon, the sub-word unit chosen, and the process of mapping the units to an elementary
model such as HMM.

The vocabulary of a speech recognition system is defined by a lexicon (dictionary),
with which the ASR system hypothesizes word sequences. The lexicon provides a mapping
from a word to a set of predefined units, usually phonemes. Lexical information such as
position of syllable in a word, position of phone in a syllable, position of phone in a word,
and lexical stress can be encoded in the dictionary, an example of which is described further
in Section 4.2. The mapping in the lexicon is often defined manually by experts, although
sometimes text-to-phoneme rules are used. The recognizer uses the lexicon to map the
word sequence into a sequence of lexical units. This sequence is sometimes modified (to
phones) by a pronunciation model that takes into account the context of the neighboring
words [112, 17, 113].

Acoustic manifestation of phones vary significantly with context, and the variants of a
phone are called allophones. A typical ASR system takes this into account by modeling
words as a sequence of context sensitive phones. Triphones are popular sub-word units,
where each triphone is defined as a phone with a unique pair of left and right neighbors. For
example, suppose the notation z-y+z represents a phone y occurring after an z and before a

z. The phrase “speak out” would be represented by the sequence, “#-s+p s-p+iy p-iy+k
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w-k+aw k-aw+t aw-t+7#", where # denotes utterance boundaries. Note that the triphone
contexts can span word boundaries. In some contemporary systems, the context includes
two pairs of left and right neighbors, to form units called quinphones or pentaphones.
Additionally, some systems also use word boundaries as a conditioning factor. A typical
ASR system for English uses about 46-50 phonemes and the number of triphones and
pentaphones encountered in a sample of 60 hours of speech may be as many as 120K and
2.3M respectively.

It is difficult to estimate distinct models for each acoustic unit. Triphones, for example,
are large in number and a few units cover a disproportionate amount of data, leaving a ma-
jority with too few examples to train their parameters from. A widely accepted solution to
this problem is to assume a fixed left-to-right model structure for all sub-word units (e.g.,
a b state model as in Figure 2.2) and allow parameter tying, where some parameters
of the observation density are shared across states of different sub-word units. As men-
tioned earlier, the conditional probability of the observation given a state P(z;|q; = j) for
a multivariate Gaussian distribution with large dimension decreases rapidly with increasing
distance from the mean. Consequently, while decoding the best path, these terms play a
much greater role than the transition probabilities. In some implementations, the proba-

bilities corresponding to allowed and disallowed path are set to one and zero, respectively.

Figure 2.2: An example left-to-right HMM used to model a sub-word unit

Parameters can be tied at a state-level heuristically or can be determined automatically
using the linguistic class of the associated labels in decision trees, as described shortly. In

some work strictly distance-based techniques are used (e.g., k-means clustering), but they
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have difficulty in handling labels that are infrequent or are unobserved in the training data.
Parameters can also be tied for the covariance matrix of the distribution using algorithms

such as semi-tied covariance [40, 11, 46, 41].

Decision trees have proved to be useful in classification, description and generalization
of data in a variety of applications (e.g. [91, 14, 15]). Decision trees were first used in ASR for
tying HMMs where state labels were approximated using a Poisson process [5]. It became
popular when they were used to cluster observation densities of a state in a maximum

likelihood framework [70, 130].

Decision tree clustering is particularly attractive for ASR, since it provides a mechanism
to map those sub-word units that are not seen in the training data to a model which may
closely resemble it. For ease of description let us assume the sub-word units to be triphones.
To train a tree, all the triphones observed in the training data are pooled at the root node
of the tree. A set of predefined questions, typically about the phonetic context of the
triphones, is used to define candidate partitions (typically binary partitions) of a node in
the tree. The likelihood of each partition is measured in terms of how well the training data
in it can be modeled by two distributions. The question corresponding to the partition that
maximizes the likelihood of the data in a node is chosen as a candidate for the next split.
From amongst these candidates, the node with the best likelihood gain is split. The best
partitions of the new clusters resulting from this split are added to the list of the candidate
splits, and thus the tree is grown until some stopping criterion is met (e.g., limit on the

number of leaves or terminal nodes).

By making two assumptions, the decision tree can be used to train HMM observation
densities. The observation densities corresponding to the states of the HMM are assumed to
be adequately modeled by multivariate single Gaussian distributions. Likelihood evaluated
by a single Gaussian on the same data on which it was estimated is only a function of its
estimated covariance and the number of training samples [1]. So, the Gaussian assumption
makes it possible to compute likelihood in terms of Gaussian sufficient statistics. (After the

tree is grown, sometimes more complex models such as Gaussian mixtures are associated
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Figure 2.3: Mapping a state of a sub-word unit to a distribution with a decision tree.

with the leaf nodes.) The second assumption is that the posterior probability of an HMM
state (in Equation 2.17) or equivalently the segmentation in “Viterbi-style” estimation does
not change after a split. This avoids the need to re-estimate the counts belonging to each
observation density after every split. In practice, these assumptions appear to work well
(produce robust decision trees). There exist different schemes of tying mixtures within the

decision tree framework, and a few of the popular ones are compared in [114, 83].

In building a word model for decoding, a particular context-specific phoneme is dropped
down the tree and is guided by the linguistic questions at the branches. As illustrated in
Figure 2.3, the acoustic model of the leaf that it lands in, is associated with the phoneme.
Typically, a fixed topology of 3-5 five states is associated with each phoneme, and separate

trees are used for each state of a phoneme.

In summary, word sequences are mapped to phoneme sequences using a dictionary. The
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phoneme sequences may be mapped to their surface form using pronunciation models. All
phonemes are assumed to have the same HMM topology, and the state observation density

for a phoneme in a particular context is located using decision trees.

2.5 Large Vocabulary Search

The components described in the above sections can be put together in a few different ways
to perform the task of large vocabulary automatic speech recognition, essentially the search
in Equation 2.3. In all implementations, the language model, the lexicon, the sub-word
units and their HMMs form a composite model. To make the search over this composite
model possible, repeated evaluations of different speech segments are minimized using a
variety of techniques such as shrinking the language model, arranging the lexicon in a tree
form, and caching scores for the observation density (e.g., [92]).

In one implementation, all the components are represented in the form of a finite state
transducer (FST). The component FSTs are composed apriori or on-the-fly using a lazy
composition method to create a single compact model for all hypotheses. This composite
FST can be searched using the Viterbi algorithm to recognize speech [89]. In virtually all
implementations, the search space is also reduced by pruning away the unlikely paths at
each frame or word boundaries.

The complexity of the search depends on the state space of the composite HMM, which
in turn depends on the size of the lexicon, the value of n in the n-gram language model,
the number of sub-word units, the number of clustered observation densities, and whether
cross-word effects are modeled. For example, a pentaphone system with a trigram language
model requires a lot more computational resources than a triphone system with a bigram
language model. Often a first pass decoding is performed with a low complexity model to
obtain a word graph or a lattice of a large number of possible hypothesis. Then, a more
sophisticated model is used to re-score the lattice and pick the best hypothesis.

Instead of minimizing the sentence error in Equation 2.3, an alternative scheme which

minimizes the word error rate also exists [120, 84, 134]. The model framework remains the
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same; only the algorithm used in picking the best hypothesis changes.

State-of-the-art systems also use additional techniques to enhance performance. The im-
pact of differences in acoustics from different speakers for the same sub-word unit is reduced
at training using speaker-adapted training, and at testing using speaker adaptation (e.g.,
[30, 106]). Speaker adaptation is incorporated in a multi-pass search framework, often with
more than one stage of adaptation. Combining different systems using a majority voting
criterion (ROVER) also improves recognition accuracy [35]. These additional techniques

have not been used in our experiments, as they are beyond the scope of this work.
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Chapter 3

EXPERIMENTAL PARADIGM

To enable meaningful comparison of our results and conclusions with that of other work,
all the experiments in this thesis are performed on a standard training corpus and a standard
recognition task, both are described in Section 3.1. The experimental framework used for
this thesis is outlined in Section 3.2. The observation densities of our acoustic models are
tied differently from other ASR systems. This choice has certain trade-offs, which is also
elaborated in Section 3.2. Finally, the performance of our baseline is compared with the

state-of-the-art in Section 3.3.

3.1 Task

3.1.1 Training Corpus

In line with our objective to improve large vocabulary conversational speech recognition, the
acoustic models in this work are trained on the Switchboard and the Callhome corpora [44].
These two corpora comprise of a collection of spontaneous telephone conversations between
pairs of callers in American English, each conversation about 5 minutes long. Switchboard
pertains to calls between strangers on a predefined topic, while Callhome is a more casual
variant with calls between friends on any topic. Our work entails the use of a large number
of contextual features (as explained in Section 4.2). To reduce the potential risks of data
sparsity, we used all the training data which was available in the beginning of this work —
about 140 hours of speech, incurring significant computational cost and time in training the
acoustic models. About 80% of this data belonged to Switchboard, and a majority (about
60%) to female speakers.
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3.1.2 Recognition Test

To draw reliable conclusions without incurring long experiment turn around time, we chose
a subset of 1998 NIST Hub-5 development test set that was defined by BBN. The test set
contains about 12.5k words in approximately an hour of speech from 28 speakers, taken from
both Switchboard and Callhome corpora that were excluded from the training set. About
53% of the test speech is from female speakers. The output of the recognizer was evaluated
using the standard criterion of word error rate (= (C — I)/R where the number of words
correct is C, inserted is I and the total number of words in the NIST reference transcript is
R). The scoring was performed using “sclite” software from NIST that additionally takes

certain spoken word equivalences into account (e.g., family’s, family is, family has).

3.2 Recognition System

The speech data was preprocessed, as explained in Section 2.1, to produce 14 dimensional
vocal-tract-length-normalized MFCC vectors, at a rate of 100 vectors per second [131].
Each vector was augmented with its first order derivatives to serve as acoustic input to
the recognition system. To reduce experimentation time, we used a re-scoring paradigm
for decoding. For each utterance, the search was performed over a word lattice of possible
hypotheses. A 35k vocabulary was used to generate these hypotheses. The lattices were
derived from the 100 best hypotheses provided by BBN in 1998'. The error rate of randomly
selected hypotheses in the lattice is 55.4%, and the oracle rate is 29%. To further reduce
the search time, hypothesized word times were used to constrain the lattice search space
in re-scoring, i.e., the re-scored times were forced to occur within a window of £M frames
(M = 40) of the hypotheses. This constraint did not cost any performance loss on our
baseline triphone system, and achieved the same results as decoding the word graph (or

lattice) using an FSM decoder with no word time constraints. The language model used

!t is often useful in re-scoring to combine scores from different acoustic models, but since our focus was
on understanding the behavior of the syllable features, the BBN acoustic model scores were not used in
the results reported in this thesis.
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in all the experiments was a part-of-speech smoothed trigram trained with Broadcast news
data as well as the Switchboard and Callhome data [62].

The experiments in this thesis are mainly concerned with improving acoustic models, so
only that part of our system changed across experiments. A typical experiment consisted
of training a new acoustic model, and evaluating its effectiveness on the test set. The
decoder settings were fine-tuned on a baseline system, and then those parameters were left
unchanged across all experiments in a series. Acoustic models were trained from a state-
level Viterbi-alignments as shown in Figure 3.1 with techniques described in Section 2.4
and Section 2.3.1. Sufficient statistics for a single Gaussian full covariance distribution
were collected for each unique acoustic unit, e.g. each state in each triphone or pentaphone.
Then, and state-level decision trees were designed to cluster the different contexts associated
with a specific position in a particular phone. The state-level distributions so obtained were
re-estimated using word-level transcripts with EM algorithm. In experiments with variable
topology, training acoustic models involved a few additional steps which are explained in

Chapter 6. A large part of the experimental time was spent on training the acoustic model.

State—level Alignments Word Transcripts

Sufficient Statistics

Viterbi counts, Gaussian suff stats.

.. . State distributions . .
Decision Tree Clustering EM Re-estimation

Figure 3.1: Sequence of steps in training acoustic models.

In our work, a simple variant of the standard decision tree clustering is used, where

a covariance is shared over a subtree (node with all its descendants) [70]. This scheme
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phone /ad/, state 0 phone /z/, state 5

' ' Covariancetied
Level for tying covariance for each subtree
is determined by thresholding below alevel
likelihood gain

Figure 3.2: Sharing covariances and means at different levels in decision trees.

has two levels of tying in the decision tree — a shallow level to share the covariance, and
a deeper level to share the means, as shown in Figure 3.2. We chose to cluster means
instead of keeping the means of sub-word units as in [70]. In a few experiments, Gaussian
mixture models with diagonal covariances were also used. We find that using a single
Gaussian with a full covariance for an observation density with the two-level tying scheme
(Baseline-ShCov) gives the same performance as an 8-component Gaussian mixture model
with diagonal covariances (8-mix Gaussian). The size of the decision tree used in the single
Gaussian system was about four times larger than the mixture Gaussian system, and used
10K covariances and 50K means. The mixture Gaussian system used 12K state clusters.
The parameters of the shared covariance system (Baseline-ShCov) were found to converge
with a far fewer number of iterations of the EM algorithm than in the case of Gaussian
mixture models. We use 10K shared full covariance and 50K means in all experiments,
unless stated otherwise.

This thesis has two kinds of experiments: fixed topology and variable topology HMMs.
Our experiments with fixed topology uses a standard left-to-right five-state HMM topology,

with skips as shown in Figure 2.2, requiring a minimum of three observation frames in a
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phone.

3.3 Baseline Performance

The performance of our baseline triphone system on a similar test condition is equivalent to
that reported by a leading research system in November 2000 (BBN) [25], without the mutli-
pass search refinements such as speaker adapted training, speaker adaptation and ROVER
combination. These techniques usually give consistent additive gains on all systems. There
are a few differences between the BBN system referred to in Table 3.1 and ours; enough
to adequately explain the 0.9% gap. The BBN system uses normalized feature vectors,
second derivatives of MFCC, and a different tying mechanism (state clustered tied mixture,
with 3000 Gaussian clusters, 25000 mixture weight clusters and 80 Gaussians per mixture).
With the exception of the FSM tools, our baseline system was built using software that was

completely developed in-house [2].

Table 3.1: Performance comparison on 1998 NIST Development Task.

System WER
BBN 43.4
Baseline-ShCov System | 44.5

8-mix Gaussian System | 44.5




32



33

Chapter 4

USING SYLLABLE AND WORD FEATURE

High level context can explain a certain amount of variation observed in conversational
speech, and its incorporation into different levels of an automatic speech recognition sys-
tem could improve performance. In the work described in this chapter, we investigated the
role of syllable- and word-level features in clustering acoustic observation densities. Unlike
previous work, we used a rich set of syllable- and word-level features and found an improve-
ment in recognition accuracy. The new models are compared with pentaphones and the
utility of various features are studied. Further, we studied the effects of re-syllabification
on recognition accuracy. The models trained in these experiments used a fixed topology for
all phones, which is subsequently replaced by a variable-length and/or multi-path topology
in Chapter 6.

This chapter begins in Section 4.1 with a discussion of related work that explores differ-
ent strategies to incorporate non-phonemic features. Section 4.2 describes our experiments,
and reports our results. We also include a discussion about the usefulness of the addi-
tional features by examining the resulting decision tree. Our experiments and results on

re-syllabification are explained in Section 4.3.

4.1 Beyond Triphones

Motivations such as those described in Section 1.1 have led numerous researchers to ex-
plore possibilities beyond using triphones as sub-word units for speech recognition. How
can we improve upon triphones? Some researchers turned to units that were automatically
derived from data to improve recognition [3, 27]. Automatic units seemed to work well

only when sufficient examples were present. Alternatively, knowledge driven approaches
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have been investigated. It has been hypothesized that human perception depends on a
non-linear interaction between hierarchical layers of information, including syllables, words,
utterance and topic (e.g. [48] among others in linguistic and psychology). Of these, word
and syllable features have been prime candidates for investigation. The use of syllable
features can be motivated by results from psychoacoustic studies. A good survey of the
literature describing the experiments is in [126]. These studies test the capacity of human
listeners to identify manipulated speech examples, and indicate that syllables may be units
of perception. Replacing the nucleus with noise or silence does not seem to affect percep-
tion, while altering the onset or the coda does. Reaction time experiments, which ask the
subjects to recall perceived units as quickly as possible, also show that the time scales of
memory organization correspond to that of the syllable. Massaro describes an interesting
collection of early experiments that attempt to understand the characteristics of the per-
ceptual unit for speech [86]. Experiments where segments of speech were substituted with
silence, or switched across ears, show that human perception of speech is at its worst when
these interruptions correspond to syllable time-scale. Massaro points out that when units
such as “di” and “da” are successively truncated the perception changes categorically from
consonant-vowel cluster to non-speech, without hearing the phoneme “d” at any intermedi-
ate stage. It has been argued that if syllables are units of perception, a large portion of the
co-articulation in fluent speech must occur within the syllable [126]. While a hierarchical
structure that includes units larger than the syllable implies domains of co-articulations

beyond the syllable, syllable-level structure must at least be a factor in acoustic variability.

Acoustic features that are closely related to syllables have been used in speech recogniz-
ers. Wu et al. [128] detected syllable boundaries using a neural network, and scored phone
sequences at syllable boundaries using a syllable grammar. A potential problem with this
approach is that detection of the syllable boundaries is unlikely to be robust in spontaneous
speech. This approach has the general advantage, theoretically, of using longer units but

does not take advantage of linguistic knowledge associated with syllable structure.

Separate acoustic features at multiple time or frequency scales have been used to cap-
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ture the robustness seen in human listeners. Kirchhoff [75] integrated parallel sub-segmental
phonetic units like phonation, manner, place, roundness, and centrality of articulation at
the syllable level. Dupont and Bourlard [32] combined phones and syllables scores com-
puted from different frequency sub-bands at syllable boundaries. Wu et al. [127] combined
semi-syllables (syllables split in the middle) recognized from modulation spectrogram with
phones, which were recognized using a cepstral-based system, at the utterance level in an
n-best re-scoring pass. In all three cases, small gains were reported for small tasks. The
behavior for large vocabulary tasks is yet to be seen. In the two latter systems, the phone

level acoustic models do not use syllable or higher information.

A number of researchers attempted to model the acoustics of frequent contexts exclu-
sively by using long units, often in addition to the triphones. Matsumura and Matsunga [87],
and Pfua et al. [103] derived the long units from the text using entropy reduction criteria
and maximization of coverage respectively. Hu et al. [60] grouped certain stop and vowel or
semi-vowel pairs into long units. Deligne and Bimbot [27] derived long sub-word units from
the data using a quantized intermediate representation. Many of these attempts showed
small gains. Again, these approaches have the general advantage, theoretically, of using
larger units but do not take the advantage of linguistic knowledge associated with syllable

structure.

Syllables or syllable-like units have been investigated as an alternative to triphones [64,
85, 56, 31]. The role of syllable depends on the language. Experiments in other languages
such as Chinese [80], Japanese [58] and Spanish [12] have found syllables to be beneficial
sub-word units in recognition systems. However, the complex structure of the syllable
in English makes it difficult to use them in a straightforward manner. Among the work
in English, only [31] examined their use in large vocabulary conversational speech. They
modeled the most frequent syllables as separate sub-word units, and the rest with triphones.
This approach in conjunction with improvement in temporal structure of the acoustic model
gave about 0.7% reduction (absolute) in error rate on their test set over a word-internal

triphone system with bigram language model (over a baseline of 49.8%). A disproportionate
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number of errors were found to be in words recognized by the triphone, and may be due to

poor sharing of parameters between the triphones and syllables.

Syllables have also been used as an intermediate symbolic layer in a hierarchical rep-
resentation with stochastic dependency between the layers (e.g. [77, 19]). In [19], Chung
used syllable constraints to improve recognition on Jupiter (a small vocabulary weather-
information task) as well as to hypothesize out-of-vocabulary (OOV) words. However, the

acoustic models used in this work were not influenced by syllable structure.

In another approach, a few researchers began investigating the use of syllable features
in improving the triphones. In a study conducted at a summer workshop in JHU [97],
syllable- and word-level features were used in a decision tree framework for conversational
speech. Triphones in a subset of standard training data for conversational speech were
coded with these features, and clustered using decision trees. It was found that questions
regarding them were asked early, i.e., near the top of the tree. They concluded that this
may lead to finding better equivalence classes, and thus improve acoustic models. To make
this study possible, the computational cost was reduced by ignoring the triphones that span
word boundaries, i.e. evaluating performance with a word-internal triphone system. Thus,

the usefulness of these features was not demonstrated conclusively.

The use of word position (initial, medial, final) as a context-conditioning feature has
been shown to be useful in several studies, for both conversational speech [34, 52| and read
speech [110], and is used in many research systems. Word type (function vs. content) [78]
was found to be useful in experiments recognizing read speech. The use of syllable position
alone has not so far proved to be useful [102, 52], though Paul reports a small gain when
syllable position is used in combination with lexical stress tags. Paul’s results for lexical
stress are also mixed, with gains depending on the dictionary used. The mixed results on
read speech could possibly be due to a variety of reasons, including inadequate levels for

coding features or the sensitivity to the alignment of the training data used.
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4.2 Using Rich Syllable Feature

Our motivation to re-evaluate syllable features in a clustering framework mainly stems from
recent statistical analysis of conversational speech corpora, and a desire to overcome the

shortcomings of previous work.

In a statistical study, Greenberg and Fosler found systematic variation with respect to
the constituents of the syllable, namely onset, nucleus and coda [49, 38, 51]. They used a
subset of the Switchboard corpus (for conversational speech) and a subset of TIMIT corpus
(for read speech), both of which were annotated by linguists at the word, phone and syllable
level. The perceived phones were compared with the lexical expansion of the spoken words.
Both corpora show that the onset of a syllable maintains its canonical identity (sequence
of phones) at most times (85-91%) regardless of the speaking style, and more often in the
presence of consonant clusters. In general, the nucleus is prone to substitution by a wide
range of vowels. The coda is less often realized in canonical form (phone sequence) in
conversational speech (63%) than in read speech (81%). The coda is prone to deletion, but

the absence of a coda does not impact canonical realization of the nucleus.

An analysis of errors made by a variety of state-of-the-art recognizers showed a strong
correlation between successful recognition of a word and correct identification of its syllable
onsets [50]. Estimation of tighter distributions for the onsets may improve recognition
accuracy. These results together support the notion of syllable-initial strengthening, which
has been observed as a more gradient phenomena in EPG studies [73]. The EPG studies
by Keating also suggest that the amount of strengthening may be equal to that in word-
initial position. While categorical phonetic changes can be accommodated by a larger phone
inventory and a good pronunciation model, phone substitutions and deletions fail to capture
more gradient aspects of variation such as strength of a stop release. This motivates us to
investigate automatic training of observation distributions in acoustic models using syllable-

and word-level features.
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4.2.1 Syllable Features

In this work, we used a rich set of symbols to represent syllable structure, which includes
consonant cluster and ambisyllabicity. The lexicon and syllable coding system used in this
work was developed at the 1996 JHU workshop, and later extended for new words. This
dictionary was obtained by automatic syllabification of a stress marked dictionary called the
Pronlex, using Fisher’s implementation of Kahn’s principles for English syllabification [36].
This syllabification scheme does not take morphology into account. The lexical expansion
of words are coded at phoneme level as illustrated in Table 4.1 (e.g., “arc aa:0:3:2:1 r:1:3:4:1
k:2:3:5:17). Note that the position of the phone in the syllable distinguishes between onset
consonants which are and are not in clusters, and marks consonants as onset even if they
are not syllable initial, unlike previous work on syllable position. The actual stress in the
conversational speech may differ from canonical patterns of stress in a word. Unlike previous
work, stress is marked using three levels (as in Pronlex and most dictionaries): primary,
secondary and unstressed. The Pronlex convention tends to mark all monosyllabic words
with primary lexical stress. This was modified at JHU so that one-syllable function words
receive a secondary stress, representing the possibility that their vowel may be either full
or short and the associated distributions may be broader.

Linguistically motivated questions were defined on these features for a phone and its
immediate neighbors. The list of these additional questions can be found in Appendix A,
and comprise: 6 questions each on the position of the phone in the word and the position
of syllable in the word, 2 on stress, and 21 on the position of the phone in the syllable.

The state-level segmentation of the training data from a triphone system for each
phoneme was encoded with the syllable- and word-level features from the corresponding
lexical expansion of the word in the lexicon. As a result, the number of states in the sub-
word units increased as shown in Table 4.2. For comparison, we also trained a pentaphone
system. Notice that the number of unclustered states in a pentaphone system is more than
3 times that of a system with all the syllable- and word-level features.

From these alignments, single Gaussian sufficient statistics were computed for each



Table 4.1: Coding of syllable- and word-level features in the dictionary.
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Digit | Phone posn. | Syllable posn. | Phone posn. Stress
in word in word in syllable

0 first first onset initial | stress-less
middle middle onset other | primary

2 last last nucleus secondary

3 only only coda only

4 coda initial

5 coda other

6 ambisyllabic

Table 4.2: Increase in size of sub-word unit inventory with features (160 hrs)

Sub-word Unit Male | Female
a) Triphone 141K | 151K
b) Pentaphone 2261K | 2660K
c) Triphone + Word-posn. 254K | 276K
d) Triphone + Word-posn. + Syllable-feats. | 643K | 709K

context-specific phoneme. Robust models were then trained by clustering the sufficient
statistics using decision trees with two-level tying (as explained in Section 3.2). Separate
trees were clustered for each phone state, with augmented questions about the new features.
In all cases, the trees were pruned to the same size to obtain the same number of means

and covariance parameters. The model parameters were then refined using a few iterations

of the EM algorithm.
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4.2.2  Results and Discussion

With the addition of more features, the likelihood of the models (after EM iterations)
improves as shown in Table 4.3. This is not surprising, since the number of partitions that
the decision tree explored also has increased. The pentaphone system showed the highest
likelihood on the training data. On the held out set, the log-likelihood of the system with
syllable- and word-level features were better than triphone, and slightly better than the
pentaphone system. Cross-validation with a maximum likelihood objective is often used
to compare the performance of a set of competing models and to evaluate their ability to
generalize to unseen data (e.g. in the model selection literature [37, 133]). In a similar vein,
our comparison indicate that these new models may have a capacity to generalize better

than triphones or pentaphones.

Table 4.3: Comparing the average log-likelihood on the training data and on a held-out
data set.

System Training | Held-Out
a) Triphone -12.85 -20.06
b) Pentaphone -12.57 -19.93
c¢) Triphone + Word-posn.+ Syllable-feats. | -12.58 -19.84

Using the set of new models, recognition was performed and the results reported in
Table 4.4 show a small gain with syllable- and word-level features. While the difference
in performance of the triphone and pentaphone systems is not statistically significant!,
the system based on syllable- and word-level features is significantly better than triphone
system, according to NIST statistical significance tests (.05 Wilcoxon Signed Rank Test
on speaker word error Rate (%); .01 McNemar Test on sentence error). This result has

also been confirmed in subsequent experiments with a Gaussian mixture system (described

1Other systems showing improved performance with pentaphones appear to have increased numbers of
parameters in the pentaphone system, whereas here the number is constrained to be roughly the same.
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in Section 3.2 trained from the same state-level alignments) on the same task, showing
an improvement from 44.6% on triphone system to 44.1% with syllable- and word-level
features. Contrary to other reported results, this gain is not simply due to use of word
position features, which accounts for roughly half of the improvement from the triphone
system to the system using syllable features. We discuss the results in relation to previous

work in Section 4.4.

Table 4.4: Word error rates using different features in state clustering.

System WER
a) Triphone 44.56 %
b) Pentaphone 44.37 %
c¢) Triphone + Word-posn. 44.31 %
d) Triphone + Word-posn.+ Syllable-feats. | 44.05 %

The computational cost for decoding and training were also significantly lower for the
system with syllable- and word-level features. In training, the pentaphone system required
testing 350 potential partitions for clustering up to 2.5M sub-word units, while the system
with syllable features required testing only 200 potential partitions for 700k sub-word units
(more than factor of four savings). In decoding, the system with syllable features was
20% faster. In addition, unlike pentaphones, which incur extra computational expense and
software flexibility to span the two forward contexts, the coded triphones only look ahead as

much as a single phone and could be incorporated in a standard first pass triphone decoder.

4.2.8  Observations on the Use of Syllable and Word Features

To study how the syllable features were utilized by the acoustic models, we analyzed the
questions that were chosen in the decision tree for clustering states of sub-word units. The

number of questions asked about a feature (the number of partitions tested) in the decision
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trees and the percentage of total data affected by a feature can be used to understand how
useful a feature has been in training acoustic models.

The results are summarized in Table 4.5. Even though questions about phone identity
allow five times as many degrees of freedom in partitioning the training data as all other
features combined, the decision trees chose the latter about one third of the time. This
share did not come at the expense of questions about word position, since only 18% of the
questions in a word position only system were non-phonemic. Among all the features, the
fewest questions are asked about position of the phone in the syllable. However, it affected
a disproportionately larger amount of data. This feature is likely to be used higher up in
the tree, suggesting that questions about it generalize over a large fraction of the data.
Questions about lexical stress and position of the syllable in the word tend to be asked at
the bottom of the tree. It was also observed that the questions about the position of the
center and the right phone in the syllable are significantly more important (4-6 times the
fraction of data affected) than that of the left phone. Whether the center phone was in
a monosyllabic word was among the top questions about the position of syllable in word,
as one might expect from the gains observed in modeling monosyllabic words [31], but the
amount of data affected was not high so it did not stand out as a particularly important

feature. In general, the pattern of usage of the features across gender is similar.

Table 4.5: Usage of syllable and word features in automatically trained decision trees.

Feature Questions Data | Degrees of

in the tree | affected freedom

Triphone 66 % 76 % 180
Phone in Word 10 % 9 % 6
Syllable in Word 11 % 4% 6
Phone in Syllable 3% 6 % 21

Stress 11 % 5% 4




43

4.3 Re-syllabification

Re-syllabification complicates the role of the syllable in English. Previous work can be
criticized for ignoring its effects on recognition performance. In the work described above,
the syllable- and word-level features were obtained from the lexicon for each word sepa-
rately. The canonical syllabification of certain words (as coded in the lexicon) may undergo
transformation under certain conditions. So, the tags need to be changed accordingly. We

investigated the influence of re-syllabification on the clustered models.

4.8.1 Scheme for re-syllabification

Syllabification may vary systematically at word boundaries, depending on the neighboring
word. For example, “choirs and” may be syllabified as “[k w ay r|[z ax n]” instead of “[k
w ay r z|[ax n]” and “it’s a” as “[ih t][s ax]” instead of “[ih t s][ax]”, where the latter
forms are obtained by stringing together syllables of each word. A complete description
of the process of re-syllabification in English is relatively complex. However, the process
of re-syllabification can be explained to a large extend by an empirical rule — the Sonority
Dispersion Rule [24, 74]. The simplest syllabification is the one with maximal and most
evenly distributed rise in sonority? at the beginning and the minimal drop in sonority at
the end. Based on this principle, the Sonority Dispersion Rule moves the syllable boundary
amongst the consonants to maximize the slope of sonority in the onset-nucleus demi-syllable,
and minimizes it in nucleus-coda demi-syllable. Sonority ranks can be assigned to groups of
phonemes based on their phonetic properties as shown in Table 4.6 [24]. For our application,

1]
S

we have ignored the extra complexity associated with assigning a sonority rank to and

have followed the convention in [24](see [24] for discussion).
Further, empirical observations about the shift of syllable boundary across words can

be quantified using a measure proposed by Clements called dispersion. Dispersion in a

>The degree to which a speech sound is like a vowel.
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Table 4.6: Sonority rank for phonemes used in our work.

Phoneme groups | Obstruents | Nasals | Liquids | Glides | Vowels
syllabic - - - - +
vocoid - - - + +
approximant - - + + +
sonorant - + + + +
Rank 1 2 3 4 5

demi-syllable® D is a function of distance between consecutive phonemes d;, D = "7, El,?'
The distance d; is the difference in sonority rank between the ith adjacent phoneme pailr,
and D is computed over all pairs m in a demi-syllable. This principle appears to explain
most re-syllabifications seen in English [24]. Additionally, single vowel onsets are dispre-
ferred. Figure 4.1 illustrates an example of re-syllabification across the words “mark all”.

A majority of re-syllabifications is known to occur at words that begin with vowels.

vowel
glide
nasal
liquid
obstruent

D=011  D=0.06

Figure 4.1: Re-syllabification of “mark all” using the Sonority Dispersion Principle.

Since a small number of rules capture a large fraction of the cases of re-syllabifications,

it is possible to incorporate re-syllabification into the model of a word by allowing alternate

3Onset-nucleus or nucleus-coda pair.
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“pronunciations”. The specific method used in our work is as follows:

1. Candidates for re-syllabifications include only open-vowel syllables that are word ini-
tial and do not follow a pause or a vowel (based on forced alignments in training and
N-best hypotheses in testing). Our analysis of ICSI transcriptions shows that 73% of

the re-syllabifications in speech occurs in open-vowel word-initial syllables.

2. If the syllable is preceded by a single consonant, mark that consonant as optionally

ambisyllabic.

3. If the syllable is preceded by more than one consonant, apply the Sonority Dispersion

Rule to obtain the alternate syllable boundary.

These rules were applied to augment the sequence of coded phonemes that were obtained
from the lexicon, with an alternate re-syllabified path. The decoder was allowed to choose

either of the two path, as described in the experiments below.

4.3.2  Experiments, Results and Discussion

First, we studied the effect of re-syllabification on the training data. Word-level transcripts
were expanded into sequences of phonemes coded with syllable- and word-level features,
using the lexicon described in 4.2. The rules described above were applied to generate
alternate syllabifications across word boundaries for all vowel-initial words in the training
set. This produced about 13% coded phonemes in the alternate re-syllabified paths, and
constituted only 50 new types of coded phonemes (about 3% of the total number of uniquely
coded phones in the lexicon) distributed across 15 phonemes. Next, using the acoustic
models developed in Section 4.2, we let the decoder choose the best path from the lattice of

possible paths. A few examples of re-syllabification that were chosen are listed in Table 4.7.

Though the examples were encouraging, the number of alternate coded phonemes that

the decoder chose was only about 7% of those hypothesized. This was about 1% of the total
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Table 4.7: Examples of re-syllabifications chosen in the training data.

Partial word sequence | Re-syllabifications
picked by decoder

bridge across [b r ih [jh] ax] ...

choirs and [k way r][z ax n] ...

commercials and [k ax][m er][sh ax 1][z ax n]

did it [d ih [d] ih ]

drugs out there [drahg|zawt]...

gets a little [g eh t][s ax] ...

got into [gaa[t]ihn]...

its an [ih t][s ax] ...

lots of times I'd ... [t ay m][z ay d]

like a [l ay [k] ax]

makes a lot [m ey k|[s ax] ...

minutes up ... [m ih][n ih t][s ah p]

takes it [t ey K][s ih t]

takes a long [t ey k][s ax] ...

that’s easier done [dh ae t][siy] ...

watch all [w aa [ch] ao 1]

work and [w er [k] ax n]

wife and [w ay [f] ax n]

years ago [y iy ][z ax] ...

years it [y iy r][z ih t]

labels in the training data and involved many different phones. In comparison, we observed
about 4.5% vowel-initial re-syllabifications in ICST transcripts. Thus, we may have captured

about one in four re-syllabifications. Examination of the chosen re-syllabifications indicate



47

1] =
S 7z

that a large number of them involved phoneme and or were ambisyllabic. Since the
total data affected was low, we did not expect re-syllabification to affect our acoustic model
significantly, and continued using the same models without bootstrapping.

The impact on test data was evaluated using N-best re-scoring. After expanding each of
the 100 hypotheses into a lattice with alternate re-syllabification paths, we let the decoder
choose the best path using the acoustic models developed in Section 4.2. The word error
rate did not show any improvements.

In a large number (;90%) of re-syllabifications in the ICSI transcriptions, the syllable
boundary moves across the word by one phone (e.g. [thihng z ] [aan] — [ th ih ng]
[z aan]). It is likely that in these instances the right context of coded-triphone already
encodes re-syllabification implicitly. Re-syllabification tends to occur in high frequency
word pairs which may provide sufficient instances to learn this. In addition, it may also
be the case that re-syllabifications where a coda becomes ambisyllabic are missed by our
system because of the acoustic similarity. In acoustic clustering, among the data affected by

questions about syllable position, only 5% was affected by questions about coda and 11%

about ambisyllabic.

4.4 Summary

In summary, we used syllable- and word-level features in a clustering framework and found
small but consistent improvement in recognition accuracy over the triphone system. The
gains found are higher than any previous work for a conversational speech recognition system
with a baseline of similar complexity [52, 110], and this may be due to the more extensive
lexical annotation and/or the larger training data used. Among the different syllable- and
word-level features, position of the phone in the word and that in the syllable appear to
impact the clustering most.

Compared to pentaphones, the models clustered using syllable- and word-level features
were found to be computationally less expensive to train, more than a factor of four in

savings. The syllable models also lead to faster decoding than pentaphones, in part because
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of the smaller state space. It could also be due to tighter distributions of the new models,
as observed from the higher log-likelihood on the held out set. This opens the possibility of
using these models in first pass decoding.

We also found that although instances of re-syllabification can be located automatically
in the data, they do not impact recognition performance. However, the cost of allowing
re-syllabification is small and it may be worth including it in a system with more extensive

pronunciation modeling than that used here.
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Chapter 5

MULTI-STAGE CLUSTERING

In the previous chapter, we investigated the use of syllable and word level features for
clustering acoustic models in a decision tree framework. As a natural sequel one might
ask - why not add more linguistic features in the decision tree to improve acoustic models
further? Speaking rate, prosodic structure, and part-of-speech class labels are good candi-
dates, although admittedly few of these can be obtained from the hypothesized word string
alone and need to be treated as hidden variables. These features can reduce the uncer-
tainty encountered in conversational speech, and researchers have been studying different
ways of using them in an ASR system [47]. Few of these features, particularly word type,
pitch and speaking rate have been successfully used to augment ASR system in different
ways [78, 39, 132].

In this chapter, we address the problem associated with incorporating a large number of
features in training decision trees. In Section 5.1, we examine the difficulties in clustering
high-dimensional feature vectors. For ASR applications, we propose an extension that
overcomes these limitations, which is described in Section 5.2. The method was verified on
a large task of clustering pentaphones, the results on recognition performance are reported

and discussed in Section 5.3.

5.1 Clustering with Large Feature Set

Decision tree based distribution clustering in ASR was first used to cluster triphone contexts
in a read speech corpus, where two separate trees were grown for male and female speakers,
with a total of about 80 hours of speech [70, 130]. Progressively, it has been employed for

larger tasks, and now as much as 250 hours of speech are clustered with pentaphones and
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word position features [55].

When the number of feature values increase, a few factors start affecting the automatic
training of decision trees. The number of unique labels tend to increase, and the associated
sufficient statistics needed to train the tree requires large amounts of memory. For example,
Figure 5.1 shows the amount of memory required for sufficient statistics (means and full
covariances of single Gaussian distributions for 5-state phones) in about 80 hours of speech
as the triphones are incrementally augmented with word position and syllable features,
and pentaphone contexts. The number of tokens also increase with more training data,
as more infrequent phone contexts are observed. With the increase in number of features,
the number of partitions that need to be tested also rises. The computational cost rises in

proportion to the product of these two increases.

3000 \
Pentaphone
[ potential partitions
[ sufficient stats. (in MB)
2500+ I computational cost (scaled by 1/160)
2000~
1500 -
1000 -
Triphones
+Word posn.
+Syllable struct.
500 Triphones
Triphones *+ Word posn.
o e 11|
1 2 3

Figure 5.1: Increase in training complexity with features - triphone through pentaphone.
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These problems have restricted previous work on tagged clustering. For example, in [97],
experimental costs were reduced by restricting the use of syllable boundary and stress only
to word-internal triphones, discarding triphones that spanned word boundaries. In other
work, cross-word context is used but only with simple tag sets such as word position (begin,
middle, end). We address these problems by introducing a new tree design technique based
on multi-stage clustering.

When the number of feature values increase, typically the proportion of infrequent labels
also increases, resulting in less reliable sufficient statistics. Use of a large number of features,
also increases the data fragmentation, as a result of which a number of copies of a subtree
are potentially formed. Or, certain good splits might not be selected because the associated
examples are distributed across many nodes. Consequently, the partitions learned using
singleton features may not represent general trends in speech. In the machine learning
literature a number of solutions have been attempted to alleviate this problem. Use of
compound questions has been a prime candidate, however the cost of selecting the best set
of features for a test at a node also increases with number of features. A variety of methods
have been attempted to address the problem of data sparsity, including use of decision
graphs [76, 96], pylons [4] and soft decisions [107] (for additional pointers, see Murthy’s
comprehensive multi-disciplinary survey on decision trees [91]), however, no clear solution

has emerged.

5.2 Multi-stage Clustering

Our approach to reduce the storage and computational costs for clustering is based on
dividing the task into multiple stages. The decision tree can be viewed as a function, 7T,
that maps a feature vector, f, consisting of contextual information to an index, a, of an
acoustic model, thus 7 : f—a. As illustrated in Figure 5.2, for two-stage clustering, we
group the contextual information into two feature vectors f; and f>, optionally allowing
some common components between them. In the first stage, the training data is annotated

only with the values of vector f;. Using the annotated data, we grow a decision tree, 77,
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which maps the different values of f; to the index of its leaves b, thus 77 : f;—b. In the second
stage, the training data is annotated with fy along with the value of b which is obtained by
dropping its context f; down the tree 7;. Using the newly annotated training data, a new

decision tree, T3 is grown that maps [b f2] to the index of acoustic models as represented by
the leaves of 73, thus T2:[b f3]—a.

First stage tree : f, —>b

Second stage tree: [b f,] —>a

Figure 5.2: Multi-stage clustering illustrated with two stages.

In current decision tree clustering for speech recognition, questions about features are
defined by hand and are linguistically motivated. This same scheme can be used for the
features in f; and f5, but not for the index b. Allowing all possible partitions of b is

impractical since there are 2%l binary partitions, and to use the features in the first stage
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adequately, the size of 71 needs to be large. To solve this problem we define questions that
test whether a node b belongs to a subtree of the first tree 7; or not. Such questions are
equivalent to compound questions which are obtained by performing an “and” operation on
a set of binary questions about the features in f;. Defining questions on subtrees permits
the decision tree to test a large number of partitions, and is more efficient than allowing all

partitions.

Once the second stage tree 75 is grown, the questions on subtrees in 77 are replaced with
the equivalent compound questions to obtain a single tree. The compound questions can
also be expanded out as a series of questions on one feature at a time. During decoding,
this tree can then be used just like the current trees. Note that, in principle, there is no

limit to the number of stages, but this work considers only two.

The multi-stage clustering techniques helps ameliorate the problem of sparse data by
reducing the number of coded units for which sufficient statistics need to be estimated,
since only a subset of the features are used at each clustering stage. The root node at
every stage has all the data available to it or, in this case, all the data associated with
the particular state and the phone. The number of elementary units that need to be
clustered in stage ¢ depends on the features f; used in that stage and, if ¢ > 1, the number
of leaves of the preceding tree 7; 1. Both of these factors can be controlled to reduce
the effects of data fragmentation, essentially by trading off the potential for more directly
modeling interaction between features (with a large dimension f;) with the robustness (and
computational) advantages of a low dimension feature set f;. Note that robust estimation
of statistics of elementary units also benefits from the general principle of increasing system
complexity incrementally. In particular, we use phone alignments from our best triphone
system, rather than bootstrapping from monophone models, as shown to be important
in [52].

The storage and computational cost of the multi-stage clustering depends on various
factors. The number of sufficient statistics that need to be clustered in the two stages is

determined by the number of components used in f; and f», and the size of 77, as mentioned
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above. To approximate the order of computation, consider N features, each of which takes
M values and can be partitioned into @) classes. To train a single stage tree, the order
of memory required would be O(M?Y), and the computation to split a node would be
O(QNMYN). Now, if the N features are divided into two sets N; and Ny features, the order
of memory required would be O(M™¢), and the computation would be O(QN; M™). Since
N > N, the savings in memory and computation is exponential.

In practice, the number of sufficient statistics is limited by the diversity of the data,
and also depends on how uniformly the training data is divided into the clusters (how
balanced the tree is). If a maximal tree is grown for 77, then the multistage clustering will
be computationally more expensive than clustering a single tree. The size of 77 may be set
using a constraint on total number of leaves, or saturation of likelihood increase. To reduce
the number of partitions that are tested in the second stage, we selected only a subset of
subtrees (the largest) from the first stage during clustering at the top of the second stage,

where the largest proportion of the computation occurs in training decision trees.

5.3 Experiments and Discussion

To evaluate the effectiveness of multi-stage clustering we trained gender-specific pentaphone

systems using standard single-stage clustering and two-stage clustering. The systems were
trained from a base triphone alignment with one pass of Viterbi training and a few passes
of EM.

For the two-stage clustering, the first stage tree was grown in two steps, using only the
identity of second neighbors as features. Initially, a large tree was grown for each phoneme
and each state. For each state, a size was chosen to contain 98% of the likelihood gain
across all the phonemes for that state. This resulted in a tree size of about 1000 clusters for
each state. Then, all trees for each state were pruned concurrently to this chosen size. In
the second stage, we clustered the data using the leaf indices of 77 along with the identity
of first neighbors (the triphone context) to obtain the final models. When the features were

clustered in the other order, that is with the first nieghbors in the first stage and the second
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neighbors in the second stage, the average log-likelihood of the models on the training data
was about 5% lower. This suggests that it is better to cluster the least important features
in the earlier trees, and to cluster the important features in later stages (thus allowing them
to interact with features from previous stages).

After EM iterations converged, the models were tested on a held-out set and the observed
log likelihood are compared in Table 5.1. The models learned in the two-stage system have

a about the same average log-likelihood.

Table 5.1: Average log-likelihood on a held-out data set using one vs. two stages of cluster-
ing.

System Held out

a) Pentaphone: 1 stage | -19.93

b) Pentaphone: 2 stage | -19.92

The two-stage pentaphone system for both genders performed as well as the one-stage
systems, as reported in Table 5.2. Thus the result shows that incorporating features in

multiple stages is a viable method for using a large number of features in acoustic modeling.

Table 5.2: Word error rates of systems trained with one vs. two stages of clustering.

System WER

a) Pentaphone: 1 stage | 44.37 %
b) Pentaphone: 2 stage | 44.39 %

The memory used in clustering is directly proportional to the number of unique contexts
to be clustered. In the single-stage pentaphone system, we had about 2M unique contexts,
whereas in the two stage system, we had only about 78K in the first stage and less than

0.5M in the second stage, thus reducing the memory requirement at any time by a factor
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of 4. The computational cost of two-stage clustering in this case is half that of single-stage

clustering.

5.4 Summary

In this chapter, we have described an algorithm that could potentially reduce the difficulties
encountered in clustering a large number of features. The algorithm breaks up the task
into multiple stages, and yet allows significant interaction between stages. Experiments
on Switchboard task with pentaphones verify that the method of interaction between the
stages is effective. Potentially, it gives an exponential saving in memory and computational
cost, and at the same time reduces the risk of unreliable labels and data fragmentation.
The subtrees define compound questions over the subset of features used in that tree.
The use of these subtrees as questions in a subsequent stage helps creation of robust rep-
resentation of the structure in data, thus ameliorating the data fragmentation problem to
a certain extent. Our limited experiments on different splits of features set show that the
subsets should be chosen in an order such that the earlier stages have features which influ-
ence acoustic models less than the later stages. Much more sophisticated algorithms could
be envisioned for choosing subsets of features for different trees; we chose not to explore

these since we expected the impact on performance would be minimal.
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Chapter 6

TOPOLOGY REFINEMENT

Typically, in a large vocabulary speech recognition system phones are modeled by a fixed
HMM topology, which may contain transitions to skip certain states. The most popular
topology consists of 3-5 states, each with a multivariate observation density and the same
set of non-zero transitions between the states, irrespective of the phoneme and its context.
This may not be an optimal representation of a phone, for reasons described in Section 1.2.
The questions addressed in this chapter are whether we can model the phonemes better
with variable HMM topology, and whether that helps recognition.

Several researchers have worked on general techniques to learn HMM topologies appro-
priate for different phones and contexts, and their work is summarized in Section 6.1. In
Section 6.2, we pursue our theme of tailoring sub-word units, in this case topology of a
phone-sized unit, to suit its wider context. We simplify the topology design problem, and
describe an algorithm to solve it. Further, in Section 6.3, we outline a method for initializ-
ing these models, and describe a series of experiments performed on the Switchboard task
to understand its impact on modeling phones and on recognizing spontaneous speech. The

lessons learned are summarized in Section 6.4.

6.1 Learning HMM Topologies

For automatic speech recognition, researchers have investigated various schemes for learn-
ing HMM topologies [82, 121, 99, 3, 31, 119, 53, 54, 33]. Lockwood and Blanchet used
iterations of corrective training procedure, where new topologies were hypothesized based
on recognition error, and tested on a held out set [82]. They reported a performance gain

on a small task, but for a large task their algorithm would be computationally expensive
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and might not converge. Stolcke and Omohundro proposed a method that uses a Bayesian
posterior probability criterion to reduce an initial network by successively collapsing similar
states [121]. One drawback of this algorithm is that it does not have a mechanism to hy-
pothesize topologies for infrequent context-dependent phonemes. In a divisive state splitting
algorithm developed by Ostendorf and Singer [99], clusters are formed by contextual and
temporal splits of speech segments to maximize likelihood. However, for a large vocabulary
task testing all combinations of temporal and contextual splits would be computationally
prohibitive. Use of automatically learned sub-word units has been reported to perform
better than the phone-based units for small tasks, however they do not perform as well as
phone-based systems on large tasks, mainly due to poor models for infrequent words [3].
At a speech recognition workshop at JHU, a method of separating “modalities” (which
they describe as classifiable variation in acoustic data) in the syllable was investigated,
and the results reported did not show significant improvements [31]. Another variation of
this approach is to cluster training data using a collection of pairwise distance measures,
where each measure is evaluated as the log-likelihood of a training sequence given an HMM
model [119]. The number of HMMs need to be known a priori, which is difficult to know
in the case of a large vocabulary recognizer. In summary, these approaches are not directly

useful for large vocabulary speech recognition tasks.

Recently, two methods have been tested on spontaneous speech tasks and were found
to improve performance. Hain and Woodland developed a method for learning context-
dependent topologies using an intermediate symbol sequence, where symbols represent
strictly left-to-right HMM topologies with possibly different numbers of states [54, 53].
A stochastic mapping is learned from a phoneme sequence to this symbol sequence using
an instance of EM algorithm. They report an overall performance gain of 2.4% (absolute)
on a Switchboard task. Their method of selecting symbols requires careful initialization,
and a series of complex and incremental model changes. Eide developed a method where
a phoneme in a sequence is mapped to a network representing an HMM [33]. This is done

in three steps. First, a decision-tree-based pronunciation model is designed to map a dic-
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tionary phoneme in a particular context to a context-dependent unit. Second, an initial
sub-phoneme level network is constructed at each leaf node to explain all observations in a
training set that fall in it. Then, this network is compressed using Stolcke merging [121] on
a held out set. This method gave a 0.7% (absolute) improvement in WER on the sponta-
neous segment of the Broadcast news task. In these methods, only phoneme contexts were

taken into account, and conditioning on a wider-context is likely to help further.

6.2 An Algorithm to Cluster HMMs

In our work, we investigate a different approach where the emphasis is on using contextual

information to a greater extent than the previous methods. The contextual information we
use include syllable- and word-level features that are described in Chapter 4. The underlying
idea is that the wide context would enable us to predict a more constrained HMM topology
than the current fixed topology. These variations may occur across phonemes, and also
across contexts in the same phoneme. For example, the phoneme “d” in “and now” may
require fewer states than “d” in “mandate”. In both cases, phoneme identity and wide-
contexts are likely to be good predictors.

The general problem of HMM topology design is a difficult one. To simplify the task of
learning HMM topologies, we assume that a context-dependent phoneme can be adequately
modeled by one or two parallel paths. These paths are chosen from a closed set, where each
path represents a strictly left-to-right HMM and has a different number of states than the
other paths. For example, a set of candidate HMM paths may be as shown in Figure 6.1.

le 329 539 549 s5

s9

Figure 6.1: A set of candidate HMM paths for a context-dependent phoneme.
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In principle, by sharing a few state observation densities across the paths, phonemes
could have a more complex topology without substantially increasing the number of free
parameters. The parallel paths here are meant to model both the temporal variation and
the associated variation in observation space. This is unlike the use of parallel paths in Iyer
et al. [61], where a fixed number of paths containing the same number of states were used

to represent a mixture of trajectories.

Now, the task becomes one of learning a mapping from a context-dependent phoneme to
a set of HMM paths. In pronunciation modeling, where a similar situation is encountered,
many researchers have observed that the number of paths allowed in a context should be
small to reduce confusability. So, we learn a mapping from a context-dependent phoneme
to one or two HMM paths. To have the ability to hypothesize an HMM topology for all
contexts and to pursue our aim of using linguistic information, we use a decision tree to learn
this mapping. In the rest of this Chapter, these decision trees are referred to as the path
decision trees to differentiate them from decision trees which model observation densities

(or the state decision trees).

Among the set of candidate HMM paths, if there were no additional constraints, it is
possible that two or more HMM paths may adequately model the same observation sequence
for a given context. For example, a five frame cepstral sequence may be modeled by any of
the three paths shown in Figure 6.1. To minimize this redundancy, we impose an additional
constraint using an HMM distance metric, which is further described in Section 6.2.1. If two

HMMs paths are near each other, we eliminate the path with the larger number of states.

Motivated by the above ideas, we propose an algorithm for mapping context-dependent

phonemes to HMM topologies, as outlined below.

1. Train a system with context-dependent phonemes (context includes triphones, syllable-
and word-level features) which are modeled by a 5-state HMM with skips, as described
in Chapter 4. The state observation densities are modeled with Gaussian mixtures

and smaller decision trees.
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2. Build models of the form in Figure 6.1 by cloning states and associated decision trees,
as described in Section 6.3; run EM; and prune low-occupancy leaves of the cloned

state-level decision trees and components of Gaussian mixture models.

3. For each context-dependent phoneme in the training data, prune similar paths using
an HMM distance (keeping the shorter ones). Using the resulting models, obtain

state-level Viterbi alignments of the training data.

4. Estimate posterior path frequency count for each context from the state labels, and
grow the path decision trees. Further prune low probability paths at the leaves of the

path decision trees.

5. Using these models generate a new state-level Viterbi alignment, train a final set of

state observation trees, and re-estimate the model parameters with EM.

Of these steps, (3) and (4) introduce new ideas which are explained in the sections below.
The specific implementation details related to these and other steps are further described in
Section 6.3. The HMMs learned using this algorithm are referred to as multi-path HMMs

in this chapter.

6.2.1 Distance Metric for HMMs

A distance metric D(h1,hy) between two HMMs, say h; and hy, can be formulated as

follows.

Dy(hi, o) = 3 [D(h, o) + Dk, )] (6.1)

D(hi,hs) 2 logp(a(hn)|hn) — logp(a(hn)|ho) (6.2)

where p(a(h;)|h;) represents the likelihood that HMM h; observes all the sequences a(h;)
generated by h;. This distance measure is similar to the directed divergence used by Juang
and Rabiner [68]. In their work, the likelihoods were computed over all the examples of the

two units k1 and ho in the training data, as depicted in Figure 6.2.
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Figure 6.2: Computing D(h1, he) by evaluating likelihoods over all examples of h; and ho
in the training data using both h; and heo.

Instead, we evaluate D(hy, ho) efficiently using an analytical expression for p(a(h;)|h;)
which is based on an approximation that was recently developed by Printz and Olsen in the
context of incorporating acoustic confusion into a language model [105]. This expression
is equivalent to computing likelihood on segments synthesized by h; (in place of examples

from the training data), as depicted in Figure 6.3.
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Figure 6.3: Computing D(h1, hs) by evaluating the likelihood of all the sequences that can
be synthesized with h; and ho.

For ease of notation, let hy = w and hy = v. Then, p(a(w)|v) can be written as:

o0

pla()lv) = > plar(w)lv) (6.3)

plaw)ly) = By [pailv)] (64)



63

Here, the expectation is over all possible sequences z! emitted by w. Let Qu; v, (t) Tepre-

sent the likelihood of a sequence evaluated by v with terminal state j, and expectation is

performed over all sequences generated by w with terminal state 7. Then,

p(at(w)h]) = ZEw,wt:i [Zp(‘xi,vt:ﬂv) (65)

= Zzawi,vj (t) (6'6)
J

%

where

A

gy (1) 2 Buywi [ p(at, 00 = jv) (6.7)

The likelihood v, 4, (t) can be written recursively in terms of the state observation densi-
ties and the transition probabilities w;; and vy, similar to the forward equation in HMM
parameter estimation.

Qw;,v; (t) = FEy,=i [p(wt|'Ut = .7)] Z Z Ay, vm (t - 1)wlz’vmj (6'8)

I=1m=1
The likelihood p(a(w)|v) in Equation 6.4 can be computed in a closed form, using the

following approximation for the above recursion.

Ey,=i [p(zi|ve = §)] ~ exp(Ey,=i[logp(zi|v = 7)]) (6.9)
= k(wi,vj) (6.10)

The quantity k(w;,v;) is the cross-entropy of two states w; and v;. All the quantities in the
above equation depend only on the parameters of v and w, and the recursion in Equation 6.8
can be computed in terms of k(w;,v;) and the transition probabilities, similar to forward
alrogrithm over the the product space of the two HMMs shown in Figure 6.4. If we define a
vector a(t) stacked with elements ., »; () from the product space, the time update equation
can be written as a(t + 1) = M«a(t) where M is |w||v| X |w||v| matrix whose elements are a
function of k(w;,v;) and the transition probabilities of v and w. Equation 6.6 can then be

written as:
pla(w)|v) ~ ub(I+ M+ M?*+ M3+ .. )us (6.11)

= wh(I— M) s (6.12)
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we e

Figure 6.4: Representation of product space of two HMMs z and w for computing p(a(w)|v).

Here, u; and up are vectors with all elements zero except the product states corresponding to
the starting states and the ending states of the two HMMs (which are assigned a unit value),
respectively. By a linear transformation (stretching) of the observation space it is possible to
ensure that each eigenvalue of A of M satisfies |A\| < 1, in which case 35, M* = (I — M)~
The details of the derivation for p(a(w)|v) can be found in [105].

In [105], the state observation densities are modeled as Gaussian mixture models and
the cross-entropy k(si,s2) between two states s; and s, is computed using Monte-Carlo.
Instead, by modeling state distributions with single Gaussians (as in decision tree clustering
of state observation densities), we compute cross-entropy in terms of means and covariances
of the Gaussians. For d-dimensional observation densities, k(s1, s2) can then be evaluated

in terms of its means and covariances (see Appendix B for details).
1 _ 1 _ 1
K(s1,89) = =5 (1 — o) "85 (i1 — o) — 5 (3155 1) — 5 log((2m)7[32) (6.13)

Using the closed form expression in Equation 6.12, the distance metric in Equation 6.2

can be evaluated. When the distance between two HMM paths are below an empirically
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determined threshold, we prune the longer HMM path.

6.2.2 Mapping Contexts to HMMs

After the redundant paths for each unique context are removed using the above distance
metric, a new Viterbi alignment is obtained. We can then associate a count (posterior
probability over training data) of picking each path m; for a particular context. Each of
the path lengths can be considered to be a class, and a class-based distribution clustering
can be performed to reduce the entropy in each context cluster [63]. The entropy H(M|G)
over all clusters g; can be computed from the normalized counts of each path in each cluster
P(m;|g;) and is given by the following equation:
H(M|G) = =) _P(g;) Y P(milgj)logP(milg;). (6.14)
9;j m;EM
Here P(g;) is a prior term denoting the fraction of the whole population found in cluster
g;j- Candidate partitions of a cluster are obtained by asking questions about triphone,
syllable- and word-level features in the context, as in observation clustering. Every split
is guaranteed to decrease the entropy, and the reduction can be computed locally at each
node. In other words, we choose those questions that result in maximum gain in mutual
information between the context and paths that are associated with it. The new clusters will
tend to have counts aggregated in certain paths. We used minimum occupancy constraints
on the leaf size, and a maximum tree size. At the leaf node, the paths with low probability
P(m;|g;) are pruned out. In actual implementation, if a context for which a particular path
m; was pruned out earlier in step (3) lands in a cluster with a non-zero path probability
P(m;|g;), mark m; as unusable for that context and re-normalize the other probabilities.
The resulting trees are evaluated on a held-out set. It was found that discarding contexts
with very low occurrences (less than 5) improved path probabilities predicted by trees.
During decoding a context-dependent phoneme can be dropped down the path decision
tree to obtain the HMM paths that are appropriate for it. Subsequently, the observation

distribution for each state in those paths can be obtained from the usual state decision tree.
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When more than one path is allowed for each leaf cluster, then all the path probabilities are
normalized so that the highest path has a weight of one. The path probabilities are scaled
by a factor to bring this in the range of acoustic likelihoods. Many researchers suggest these

two tricks for pronunciation modeling whenever Viterbi algorithm is used for decoding [113].

6.3 Experiments and Results

To evaluate our algorithm we performed a series of experiments on the Switchboard corpus.
We used a system developed in Chapter 4 as our baseline system, where 12000 gender-
dependent clustered states were used, and each state was modeled using an 8-mixture
Gaussian distribution, and 5-state HMMs with skips were used to model context specific

phonemes. The error rate of the baseline system was 44.1%.

s1-s5: HMM states §1->56, s3—>57, $5—>58, $3—>59
d1-d5: decision trees d1->d6, d3—>d7, d5->d8, d3—>d9

le s;Q 53Q 54Q $5
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Figure 6.5: Initializing the parallel HMM paths from baseline fixed topology.

With the aim of increasing the number of paths gradually in a series of experiments,

we started with a candidate set of three paths. Since most systems used either three or
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five states, we included paths with these lengths. To pursue our aim of modeling phone

reduction, we also included a one state path.

Initially, all contexts were allowed to have all the three paths. The five state paths were
directly taken from the baseline system, and the skips were removed. The three state and
the one state paths were initialized by cloning the states and the associated decision trees
as illustrated in Figure 6.5. The states s6, s7, s8 and s9 were cloned from sl1, s3, s5 and s3,
respectively along with their decision trees. Then, the models for each state was separately
re-estimated using a few passes of the EM algorithm. The state decision trees were not
redesigned. However, at the end of each EM iteration, the leaves in the state decision trees
with low occupancy as well as mixture components of the state observation densities with

low occupancy are pruned.

The likelihood gain on the training data starts diminishing a lot after three iterations as
shown in Figure 6.6. The re-estimated models were then used to obtain a Viterbi alignment

of the training data at the state level.
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Figure 6.6: Average log-likelihood on the training data (male and female speakers) using
all three HMM paths.
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To examine whether there was any phone-specific preference for any of the paths, we
computed the entropy of three different paths over all contexts ¢ of each phoneme ¢ using

the posterior counts from the Viterbi alignment.

H(Mlg) =) _P(clg) > logP(milc) (6.15)
cEq m;=1,2,3

The result is plotted in Figure 6.7. The broad patterns across gender were similar, and
as expected a few phones such as EL, ER, OY, and SH showed marked preference for
the 5-state path. When the baseline models were constrained to have 5-state HMM paths
for these phonemes, the performance improved by a small amount (5 fewer substitutions)
which was not significant. Decoding with all the paths increased word error rate to 45%,
demonstrating the need for pruning the number of paths at each context (steps (3) and (4)

in the algorithm).
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Figure 6.7: Average entropy of the distribution of path probabilities (male and female
speakers).
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Based on the new alignments, new state decision trees were grown across all the states
to have the same number (12000) of clusters as the baseline system. The sharing between
the states across the paths was found to be minimal (and mostly in (s1,s6) and (s4,s8)), so

separate trees were grown for each phone state.

We used the second step in the algorithm and found that most HMM paths were different
from each other. The cross entropy between the individual states across the paths was quite
low for all phones. Among all pairs of states across the paths only 0.4% of them had cross-
entropy of more than 0.00005, with no phone taking a share of more than 0.05%. In other
words, the overlap of Gaussians state observation densities across the paths was very low,
and so the HMMs in each path were very different from each other for all contexts. From the
observation about low sharing of state densities across paths, this was not too surprising.

So, step (3) in the algorithm was not needed in our case.

The probabilities P(m;|c) from the Viterbi counts for all context ¢ were collected, and
the path decision trees were grown by asking questions about the contextual features of c. It
was found that syllable- and word-level features were used about 37% of time and affected
about 14% of the data. Questions about stress appear to play a significant role in the path
decision tree, and they are amongst the top six questions in a large number of phones across

both genders.

Using the path decision trees, two sets of experiments were performed - one in which
two paths out of three were kept in each leaf node, and another in which only the most
likely path was kept. After the path assignments were performed, the observation densities
were once again re-estimated using the EM algorithm. Decoding (second pass re-scoring)
was performed using these models on the 1998 Switchboard development subset, and the
results are tabulated in Table 6.1. The systems with multi-path HMMs performed poorly
compared to the baseline system. In terms of gender, the degradation from (a) to (c) was
solely from female speakers. For female speakers, substitution increased by about 0.1% and

insertion by about 0.2% (and increasing the insertion penalty increased the total errors).

To understand the weakness of the multi-path HMMs, we asked the following questions.
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Table 6.1: Recognition results on mapping context to HMM paths.

System WER

(a) Baseline 44.1%
(b) Choosing 1 path 44.6%
(c) Choosing 2 paths | 44.4%
(d) Choosing all paths | 45.0%

Do these models match the acoustics of speech better than the baseline? Do certain words
tend to be affected adversely by the multi-path HMMs?

We compared the log-likelihood of the baseline system and the systems with multi-path
HMMs. In Table 6.2, the systems (a) and (b) use the same number of parameters, while the
third one (c) uses more parameters. The first column shows the likelihood of the training
data using the multi-path HMMs, and the second column shows the likelihood on a held out
set. The likelihood of the multi-path HMMSs over the training set and the held out set are
better than that of the fixed topology. This suggests that they are modeling the acoustics

of speech better than the baseline system for known word transcriptions.

Table 6.2: Average log-likelihood using different multi-path HMMs.

System Training | Held-Out
a) Baseline -14.73 -21.24
b) Choosing 2 path -14.72 -21.06
c) Choosing all paths | -14.19 -20.52

We compared the word-level errors committed by the two systems on the test set. The
errors were obtained from string alignment of the recognition output with the word tran-
scripts of the test. We found that the errors committed by the two systems were clearly

different. While some word confusions were mitigated, it increased others; a sampling is
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tabulated in Table 6.3. Each column represents a particular type of error, and the num-
bers in braces indicate the instances of change (a positive value means higher for the new

system). Here, we fail to observe any clear pattern.

Table 6.3: Change in word errors, computed with string alignment; negative counts represent
improvement with the topology modeling.

Confusions Insertions | Deletions
and — in (3) oh (5) that (4)
to — it (2) of (2) you (3)
as — and (2) so (2) but (3)
in — one (2) her (2) it’s (3)

is — it (2) what (2) | that’s (2)
it = and (2) said (2) day (2)
great — right (2) | no (2) tell (2)
know — no (-3) | all (-2) as (-2)
the — that (-3) if (-2) what (-3)
that — and (-2) | is (-1) of (-3)
now — know (-2) | have (-1) | one (-3)
you — to (-2) it’s (-1) or (-3)

to — and (-2) me (-1) then (-3)
you — to (-2) to (-1) how (-3)

There is yet another open question regarding the multi-path HMMs. The skips in the
baseline topologies allow the context-dependent phonemes to trace a number of paths with
different numbers of states. On the other hand, the multi-path topologies constrain the
number of paths to two at the most. It is possible that this loss in degrees of freedom is

hurting the multi-path models. To test this hypothesis, we retained the baseline topologies
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for the majority of context-dependent phonemes. When the path probabilities were above a
threshold of 0.9 for 5-state path in a cluster, the skips were removed. Similarly, 1-state paths
were allowed only above this threshold. The recognition results, reported in Table 6.4, show
that there is a small improvement for female speakers, but it is not statistically significant.

This gain may further improve on re-estimation.

Table 6.4: Recognition results from a hybrid approach.

System | Male WER | Female WER | Avg. WER

Baseline | 42.3 % 45.7% 44.1%
Hybrid | 42.3 % 45.6% 44.1%

6.4 Summary

In this chapter, we developed a method for mapping context-dependent phonemes to highly
constrained HMM topologies. This technique is aimed at using higher level knowledge such
as syllable- and word-level structure to hypothesize context-specific topologies, particular
for phone reduction. Potentially, a variety of configurations and features (such as part-of-
speech) could be explored using this approach. Not all of these have been tried here.

Based on the fact that likelihood increases on a held-out data set when the word tran-
scriptions are given, we can conclude that the multi-path HMMs models speech better than
the baseline model with fixed topology. However, this does not easily translate into recogni-
tion gain. Additionally, conditioning multi-path HMMs on part-of-speech may help improve
recognition. Function words are likely to need more paths than content words. Our analysis
suggests that the loss of degrees of freedom in HMM paths also contributes to performance
degradation.

Further, the baseline topologies were augmented with a one-state path to represent

reduction. This brought about a small improvement, which is not statistically significant.
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One explanation could be that the states in a context-dependent triphones corresponding
to a reduced phone may actually be modeling the edges of neighboring phonemes. Recent
studies by Jurafsky et al. find that vowel reduction is sufficiently modeled by triphones [69].
They compared the phones alignments obtained from canonical lexicon using triphones
with the surface form in ICSI data. They find that syllable deletions are not modeled by
triphones. Perhaps the techniques developed in this chapter applied at a syllable level may

tackle syllable reductions better than phone reductions.
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Chapter 7

CONCLUSIONS AND FUTURE DIRECTIONS

The currently popular framework for recognizing conversational speech is based on a
statistical paradigm, where the task of recognizing speech is broken up into two levels - a
model that scores how likely a word sequence is in a language, and a model that scores how
likely a particular observation sequence is given a word sequence. In a large vocabulary
system, the second score is obtained by decomposing the model for a word in terms of
phone-sized sub-word units. Phonetic knowledge as provided by a dictionary is used to
learn characteristics of a phonetic context, and to generalize to rare and unseen words.
Currently, this generalization is achieved through the use of a fixed HMM topology and
mapping states to observation distributions using the phonetic context. In this thesis,
we examined methods of using a wider context with high-level linguistic features such as
syllable- and word-level structure to improve both the state observation distribution and

the HMM topology of the sub-word units.

7.1 Contributions and Conclusions

7.1.1 Modeling Contextual Variation with Syllable and Word Features

We investigated the impact of syllable- and word-level features in modeling contextual vari-
ation through state distribution clustering. Previous studies such as [78, 102] were carried
out on read speech, and few results were reported on conversational speech. Unlike the work
in [52], we used a rich set of syllabic features, more training data, and possibly a better
alignment. For the same number of parameters, we found that the syllable and word-level
features give significantly better recognition accuracy on large vocabulary conversational

speech than distributions based on triphone clustering. These models perform at least as
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well as pentaphones, and the computational cost incurred in training them is much lower
than a pentaphone system, by more than a factor of four. In decoding speech, the new
models are faster than pentaphones for two reasons. Triphones coded with syllable- and
word-level features occupy smaller state space than pentaphones on the same task. Condi-
tioning on syllable- and word-level features produces observation densities which are tighter
than pentaphones of the same complexity as inferred from increase in likelihood over a held-
out test. Another advantage of these new models is that they can be easily incorporated
into first pass decoding of current triphone-based recognizers without significant changes to
the current software.

From the automatically trained decision trees, we learned that the position of phone
in a word and the position of phone in a syllable impacts the contextual variation more
than factors such as lexical stress, position of syllable in a word, and the phoneme contexts.
These findings are consistent with previous studies on small data sets [49, 38, 51, 109].
When the number of questions defined on the contexts are taken into account, the impact
of the new features, in terms of acoustic data affected, is disproportionately higher than
phoneme context.

Coding of syllable-level structure in the lexicon and in acoustic modeling has been crit-
icized for not taking re-syllabification into account. We developed a method to model
re-syllabifications explicitly. Using this method, we could locate a large fraction of re-
syllabifications automatically. It is likely that remaining instances are implicitly accounted
for by the wide-context of the acoustic units. Instances were coda becomes ambisyllabic
may have been missed by our system because of the acoustic similarity. We found no impact

on recognition performance from explicit modeling of re-syllabification.

7.1.2 Multi-stage Clustering for Incorporating Wide Contexts

We developed a novel clustering mechanism to alleviate the adverse impact of conditioning
state distributions on wide contexts. It gives exponential savings in the computational cost

and memory required for clustering. The savings depend on the number of stages, the



7

number of features clustered in each stage, and the size of intermediate trees. It has a
few advantages by design. Since only a subset of features is clustered in each stage, the
atomic statistics (associated with each label) are more reliable. At each stage, all the data
is pooled in the root node, this reduces data fragmentation to a certain extend. The multi-
stage clustering was verified using a pentaphone system on the Switchboard task, and was
found to be effective. Likelihood on a held-out data set was used to define subsets for the

two-stages used in our experiment.

7.1.8 Modeling Temporal Variations with Flexible Topology

Finally, in Chapter 6, we developed an algorithm for mapping context to specific HMM
topologies, and thus provide a framework for incorporating syllable- and word-level features
to learn sub-word structures. A number of settings are possible, and we explored a few.

Our experiments reveal that multi-path HMMs, where context-dependent phoneme are
mapped to one or two paths, can model conversational speech better than phonemes with
fixed topology, when the word transcriptions are given. Lexical stress plays an important
role in deciding the paths of the multi-path HMMs. However, the improvement in modeling
phonemes does not easily translate into improvement in recognition performance.

One deficiency of the configuration we explored was that the longer HMMs paths were
devoid of skips. This was intended to impose tighter constraints on phoneme models, and
reduce confusion. However, this is not reflected in the results. Perhaps, removing the 3-state

constraint on the phoneme increased confusion more dramatically than any possible gains.

7.2 Implications and Future Directions

The results reported in this thesis could potentially impact the lower layers of an automatic
speech recognition system in different frameworks. The improvements in both recognition
accuracy and likelihood on a held-out set obtained from clustering state distributions with
syllable- and word-level has direct implications for two different approaches. First, these

improvements were obtained even without considering asynchronous acoustics events. It
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is more than likely that the impact of these features on asynchronous articulatory events,
which are closely tied with phonology, will be considerably higher (e.g. the modeling frame-
work in [94]). Second, these models capture a gradient of acoustic variation that cannot be
easily modeled through intermediate layers. Hence, it can complement the efforts in pronun-
ciation modeling with articulatory features or modeling sub-lexical constraints using other
frameworks (e.g. as in [77]). In such a case, it may also be useful to take re-syllabification

into account with the scheme that we developed, which is computationally very cheap.

Current methods for adapting acoustic models to account for speaker variation (both in
training and testing) do not take syllable structure into account. The syllable- and word-
level effects on acoustic may be more consistent in a speaker than across speakers (e.g.

[{3e)]

speaker-dependent domain-initial strengthening on “n” observed in [72]). If so, adaptation

on these new models may give additional gains.

The multi-stage clustering algorithm that we developed in this thesis, paves the way for
incorporating a large number of contextual features, which may include part-of-speech, hy-
pothesized prosodic structures, and quantized speaking rate. Already, in a pilot experiment
on about 3.5 hours of data hand-labeled with prosodic features, we found that prominence
and break indices influence the observation space of current recognition systems, even when
duration and F0 are not taken explicitly taken into account. The data was labeled with
two levels of prominence and six levels of break indices according to ToBI conventions, and
clustered along with triphone and word-position features. We found that on the average
the questions about prosodic features were preferred over phonetic and word features about

14% of the times.

An interesting extension of multi-stage clustering would be to learn the subsets of fea-
tures appropriate for each stage in an efficient manner, using measures such as mutual
information. Instead of defining questions on all subtrees of previous stages, a minimal sub-
set, whose logical combinations covers all subtrees, can be obtained using formal concept
analysis [125], and this could potentially reduce the computation cost further. Instead of

trying to capture the interaction between the conditioning variables within one decision tree,
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another approach would be to grow different decision trees for each subset of features and
capture the interaction through their product state space, with approximations employed
in a factorial HMM [42]. As a framework for incorporating high-level knowledge, it may
also be interesting to compare traditional decision trees with mixture of experts [65].

In designing HMM topologies, a few extensions of our multi-path HMM framework may
be worth exploring. Apart from syllable- and word-level features, the temporal variation in
the realization of a phone may be affected by part-of-speech, prosodic cues, and may also be
speaker dependent. Being large in number, sloppiness in pronunciation of function words
could potentially wipe out certain systematic temporal variations that may be present in
content words. We have already seen that lexical stress plays an important role in the
path decision trees. Hypothesized break indices and prominence may also explain certain
systematic temporal variations.

The underlying theme in this thesis has been to improve phone-sized units, which allow
maximum amount of sharing between sub-word units. An immediate extension of designing
context-specific HMM topologies, would be to use these units in our multi-path framework
to compose HMM topologies on-the-fly for bigger units such as frequent words or syllables.
This would provide benefits similar to that observed in modeling bigger units, and at the
same time avoid the pitfalls, as observed in [31], that arise from poor sharing of parameters
between dissimilar units (such as triphones and syllables) which are necessary to cover a
large vocabulary.

The underlying parametric distributions used for modeling sub-word units may not be
close to their true distribution. As a result, improving these units under maximum likeli-
hood framework may not translate into recognition performance. Use of a discriminative
framework in designing the HMM topologies for each context-dependent sub-word unit may

bring more benefits to the recognition performance.
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Appendix A

QUESTIONS ON SYLLABLE- AND WORD-LEVEL FEATURES

Table A.1: Questions about position of phone (syllable) in word, asked on the phone and
its immediate neighbors

Position of phone (syllable) in word
first (0,3) vs. (1,2)
last (0,1) vs. (2,3)
first but not last | (0) vs. (1,2,3)
middle (1) vs. (0,2,3)
last but not first | (2) vs. (0,1,3)
only one (3) vs. (0.1,2)

Table A.2: Questions about lexical stress, asked on the phone and its immediate neighbors

Lexical stress

unstressed (0) vs. (1,2)

primary stress | (1) vs. (0,2)




Table A.3: Questions about phone in syllable

On center phone

in onset

in onset, not ambisyllabic
syllable-initial consonant

in coda

in coda, not onset

possibly syllable-final

5 may follow another 5 or 6
syllable-final, not ambisyllabic

singleton questions

(0,1,6) vs. (2,3,4,5)
(0,1) vs. (2,3,4,5,6)
(0,6) vs. (1,2,3,4,5)
(0,1,2) vs. (3,4,5,6)
(0,1,2,4) vs. (3,5,6)
(0,1,2,4) vs. (3,5,6)
(0,1,2,4,6) vs. (3,5)
(0) vs. (1,2,3,4,5,6)

On left phone

center phone is C: non-initial in onset cluster
center phone is V: syllable-initial

center phone is C, post-vocalic

center phone is V, V-V syllable onset
consonant non-initial in coda cluster

(never have V or onset C after 4)

(0,1,6) vs. (2,3,4,5)

(2) vs. (0,1,3,4,5,6)

(4) vs. (0,1,2,3,5,6)

On right phone

center phone is V: open syllable

center phone isV: open syllable before C
center phone is C: syllable-final

before heterosyllabic C

center phone is V: open syllable before V
center phone is C: pre-vocalic

if right phone is in onset-other,

then in onset consonant cluster

(0,2) vs. (1,3,4,5,6)
(0) vs (1,2,3,4,5,6)

(2) vs. (0,1,3,4,5,6)

(1) vs. (0,2,3,4,5,6)
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Appendix B

CROSS-ENTROPY BETWEEN SINGLE GAUSSIAN
DISTRIBUTIONS
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