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Abstract

Automatic speech recognition has long been a considered dream. While ASR does work
today, and it is commercially available, it is extremely sensitive to noise, talker variations,
and environments. The current state-of-the-art automatic speech recognizers are based on
generative models that capture some temporal dependencies such as hidden Markov models
(HMMs). While HMMs have been immensely important in the development of large-scale
speech processing applications and in particular speech recognition, their performance is far
from the performance of a human listener. HMMs have several drawbacks, both in modeling
the speech signal and as learning algorithms. The present dissertation develops fundamental
algorithms for continuous speech recognition, which are not based on the HMMs. These
algorithms are based on latest advances in large margin and kernel methods, and they aim
at minimizing the error induced by the speech recognition problem.

Chapter 1 consists of a basic introduction of the current state of automatic speech
recognition with the HMM and its limitations. We also present the advantages of the large
margin and kernel methods and give a short outline of the thesis.

In Chapter 2 we present large-margin algorithms for the task of hierarchical phoneme
classification. Phonetic theory of spoken speech embeds the set of phonemes of western lan-
guages in a phonetic hierarchy where the phonemes constitute the leaves of the tree, while
broad phonetic groups — such as vowels and consonants — correspond to internal vertices.
Motivated by this phonetic structure, we propose a hierarchical model that incorporates the
notion of the similarity between the phonemes and between phonetic groups. As in large

margin methods, we associate a vector in a high dimensional space with each phoneme or
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phoneme group in the hierarchy. We call this vector the prototype of the phoneme or the
phoneme group, and classify feature vectors according to their similarity to the various pro-
totypes. We relax the requirements of correct classification to large margin constraints and
attempt to find prototypes that comply with these constraints. In the spirit of Bayesian
methods, we impose similarity requirements between the prototypes corresponding to ad-
jacent phonemes in the hierarchy. The result is an algorithmic solution that may tolerate
minor mistakes — such as predicting a sibling of the correct phoneme — but avoids gross
errors, such as predicting a vertex in a completely different part of the tree. The hierarchi-
cal phoneme classifier is an important tool in the subsequent tasks of speech-to-phoneme
alignment and keyword spotting.

In Chapter 3 we address the speech-to-phoneme alignment problem, namely the proper
positioning of a sequence of phonemes in relation to a corresponding continuous speech signal
(this problem also referred to as “forced alignment”). The speech-to-phoneme alignment is
an important tool for labeling speech datasets for speech recognition and for training speech
recognition systems. Conceptually, the alignment problem is a fundamental problem in
speech recognition, for any speech recognition can theoretically be built using a speech-to-
phoneme alignment algorithm, simply by evaluating all possible alignments of all possible
phoneme sequences and choosing the phoneme sequence which attains the best confidence.
The alignment function we devise is based on mapping the speech signal and its phoneme
representation along with the target alignment into an abstract vector-space. Building
on techniques used for learning SVMs, our alignment function distills to a classifier in
this vector-space, which is aimed at separating correct alignments from incorrect ones.
We describe a simple online algorithm for learning the alignment function and discuss its
formal properties. We show that the large margin speech-to-phoneme alignment algorithm
outperforms the standard HMM method.

In Chapter 4 we present a discriminative algorithm for a sequence phoneme recognizer,
which aims at minimizing the Levenshtein distance (edit distance) between the model-based

predicted phoneme sequence and the correct one.



In Chapter 5 we present an algorithm for finding a word in a continuous spoken utter-
ance. The algorithm is based on our previous algorithms and it is the first task demon-
strating the advantages of discriminative speech recognition. The performance of a keyword
spotting system is often measured by the area under the Receiver Operating Characteristics
(ROC) curve, and our discriminative keyword spotter aims at maximizing it. Moreover, our
algorithm solves directly the keyword spotting problem (rather than using a large vocabu-
lary speech recognizer) and does not estimate any garbage or background model. We show
that the discriminative keyword spotting outperforms the standard HMM method.

We conclude the thesis in Chapter 6, where we present an extension to our work on full

blown large vocabulary speech recognition and language modeling.
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Chapter 1

Introduction

Automatic speech recognition (ASR) is the process of converting a speech signal to a se-
quence of words, by means of an algorithm implemented as a computer program. While
ASR does work today, and it is commercially available, it is extremely sensitive to noise,
talker variations, and environments. The current state-of-the-art automatic speech recog-
nizers are based on generative models that capture some temporal dependencies such as
hidden Markov models (HMMs). While HMMs have been immensely important in the
development of large-scale speech processing applications and in particular speech recogni-
tion, their performance is far from the performance of a human listener. In this work we
present a different approach to speech recognition, which is not based on the HMM but on
the recent advances in large margin and kernel methods. We divide the enormous task of
speech recognition into small tractable tasks, each of which demonstrates the usefulness of
our methods. We address each of these tasks in the same way: first we define the notion of
error for the task, then design a discriminative algorithm and provide a theoretical analysis
which demonstrates that the algorithm indeed minimizes this error both on the training set
and on the test set.

The introduction is organized as follows. We start by describing a typical speech recog-
nition system and formulate its limitations and drawbacks. We deduce that the major

problem in speech recognition systems is the acoustic modeling. Subsequently, we give a
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short review on large margin and kernel methods and their advantages. Finally, we outline
our proposed framework for acoustic modeling, explaining each of the tasks building the
discriminative speech recognizer and how they fit together.

Throughout the thesis we use the following convention. We denote scalars using lower
case Latin letters (e.g. ) and vectors using bold face letters (e.g. x). A sequence of

elements is designated by a bar (x) and its length is denoted by |X]|.

1.1 Current State of Speech Recognition

1.1.1 HMM-based Speech Recognition

We start with a description of a typical HMM-based speech recognition system. The basic
notation is depicted in Figure 1.1. Our description follows the classic review of Young [78].
A spoken utterance is converted by a front-end signal processor to a sequence of acoustic
feature vectors, x = (x1, X2, ...,xr), where x; € X and X C R" is the domain the acoustic
vectors. Each vector is a compact representation of the short-time spectrum. Typically,
each vector covers a period of 10 msec and there are approximately 7" = 300 acoustic vectors
in a 10 words utterance.

The spoken utterance consists of a sequence of words w = (wy,...,wy). Each of the
words belongs to a fixed and known vocabulary V, that is, w; € V. The task of the ASR is to
predict the most probable word sequence 1w’ given the acoustic signal X. Speech recognition
is formulated as a mazimum a posteriori (MAP) decoding problem as follows
P(x|w)P(w)

e (1.1)

w' = arg max P(w|X) = arg max
w w

where we used Bayes’ rule to decompose the posterior probability in the last equation. The
term P(x|w) is the probability of observing the acoustic vector sequence x given a specified
word sequence w and it is known as the acoustic model. The term P(w) is the probability
of observing a word sequence w and it is known as the language model. The term P(X) can

be disregarded, since it is constant under the max operation.
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Word Sequence w

Phone Sequence p

Acoustic Models ¢

Acoustic Vectors X

Speech Waveform

Figure 1.1: The basic notation of HMM speech recognizer.

We now describe the basic HMM decoding process. The process starts with a postulated
word sequence w. Each word is converted into a sequence of basic spoken units called

! using a pronunciation dictionary. The probability of each phone is estimated by a

phones
statistical model called the hidden Markov model (HMM). The probability of the postulated
sequence P(x|w) is computed by concatenating the models of the phones composing the
sequence. The language model computes the a priori word sequence probability P(w).
This process is repeated for all possible word sequences, and the most likely sequence is
selected.

Each phone is represented by an HMM. The HMM is a statistical model composed
of states. Assume that Q is the set of all states, and let ¢ be a sequence of states, that
is ¢ = (q1,92,...,q97), where ¢¢ € Q. HMM is defined as a pair of random processes ¢
and x, where P(q|q1,q2, - ., qt—1) = P(qe|qi—1) and P(x¢|X1, - - .y X1, Xpp 1, XT3 Gy - - - qT) =
P(x¢|g:). The HMM of each phone is typically composed of three states and a left-to-right
topology, as depicted in Figure 1.2.

! Phone is a consonant or vowel speech sound. Phoneme is any equivalent set of phones which leave a
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ail as2 ass

a2 a3

/ / \ \

¥ ¥ \ \
bl(Xl) ba (Xz) bz(X3) bs(X4)

Figure 1.2: The basic HMM topology of a phone. Each phone is typically represented with
a three state left-to-right HMM. The estimated transition probability between state ¢ and
J is denoted as a;j. The estimated output probability of an acoustic vector x;, given it was
emitted from the state 7, is denoted by b;(x¢).

The HMM can be thought of as a generator of acoustic vector sequences. During each
time unit (frame), the model can change a state with probability P(g;|q;—1), also known as
the transition probability. When a new state is entered, an acoustic vector is emitted with
probability P(x¢|q:), sometimes referred to as the output probability.

In practice the sequence of states is not observable; hence the model is called hidden.
The probability of the state sequence ¢ given the observation sequence X can be found using
Bayes’ rule as follows,

P(g, %)

P(glx) = P

where the joint probability of a vector sequence X and a state sequence q is calculated simply

as a product of the transition probabilities and the output probabilities,

T

P(x,q) = HP(Qt‘Qt—l)P(Xt‘Qt) ; (1.2)
t=1

where we assumed that qg is constrained to be a non-emitting initial state. The probability
of the most probable state sequence is found by maximizing P(X, q) over all possible state

sequences using the Viterbi algorithm [55].

word meaning invariant [1].
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In the training phase, the transition probabilities and the output probabilities are esti-
mated by a procedure known as the Baum-Welch algorithm [3]. This algorithm is a member
of the iterative projection methods, like the expectation-maximization (EM) algorithm [26],
and it provides a very efficient procedure to estimate these probabilities iteratively. The
parameters of the HMMs are chosen to maximize the probability of the acoustic vector
sequence P(x), and this probability is computed by summing over all possible state se-
quences efficiently with the forword-backward algorithm [55]. The Baum-Welch algorithm
monotonically convergences to local stationary points of the likelihood function.

Contextual effects cause large variations in the way different sounds are produced [78].
Thus, in order to achieve a good discrimination, the HMMs in most speech recognition
systems are trained for each different context. The simplest and the most common approach
is to use triphones, where every phone has a distinct HMM for every unique pairs of left
and right neighbors [78].

Language models are used to estimate the probability of a given sequence of words,
P(w). Most often the n-grams are used as language models. The n-grams estimate the
probability of the current word wy, given the preceding N words (wg_n+1,-..,wWk—1). The
n-gram probability distribution is directly computed from a text corpus, with no explicit
linguistic rules. Other type of language models are also used, but we will not discussed

them here.

1.1.2 HMDMs limitations

For the past three decades, the HMM is the predominant acoustic model in continuous
speech recognition systems [50]. There are good reasons for this. While the HMM is a rather
simple model, it provides almost infinite flexibility regarding how it can be used to model
acoustic events in continuous speech. In the recent years researchers facilitate this flexibility
to improve the recognition performance of their systems. Despite their popularity, HMM-
based approaches have several drawbacks — both as a model of the speech signal [50, 78]
and as a learning algorithm.

HMMs are inherently not an adequate model for speech. The major drawback of the
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HMDMs as a speech model is its statistical assumptions. Consider the conditional probability

of the acoustic sequence vector given the state sequence

P(x, ) _ H?:l Plalgi-1) P(xe]ar) = lT_[P(Xt\Qt) ;

D =g M5 Plade) 2

where in the second equation we substitute Equation (1.2). The HMM assumes conditional
independence of observations given the state sequence. While this assumption is very useful
in practice, it physically improbable.

Another limitation of the HMMSs concerns the inferred duration of the phones. The
state duration model of an HMM is implicitly given by the geometric distribution. The

probability of d consecutive observations in state ¢ is given by
P = jlae = i)' [1 — P(gear = jla: = 9)] -

Since each phone is typically composed of 3 states, the phone length is also given by the
geometric distribution. For most physical signals, this exponentially decaying state duration
is inappropriate [55].

The inadequacy of the HMMs to model the speech signal is most acute when comparing

the output model and the transition model. Consider the logarithmic form of Equation (1.2),

T T
log P(x,q) = ZlogP(qt\Qt—l) + ZlogIP’(xt]qt) . (1.3)
t=1 t=1

The first term models the dynamic and the temporal structure of the signal, while the
second term models the output sequence. It is widely known that the likelihood estimation
of the HMMs is dominated by the output probabilities, leaving the transition probabilities
unused [7,78].

As a learning algorithm, the HMMs have several drawbacks as well. Recall that the
problem of learning (estimating) the model parameters is an optimization problem, where

the objective is the likelihood function. The likelihood function is generally not a convex
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function of the model parameters. Hence, the Baum-Welch algorithm, which estimates the
model parameters, guaranteed convergence to the local stationary points of the likelihood
function rather than to its global point [35]. Another drawback of the HMMs is due to the
large amount of model parameters needed to be estimated. Namely, the HMMs tend to
overfit the training data [29].

Another problem with HMMs is that they do not directly address discriminative tasks
and do not minimize the specific loss naturally derived from each task. In the task of
phoneme sequence recognition, for example, the Levenshtein distance (or the edit distance)
is used to evaluate performance. The HMMSs, however, are not trained to minimize the
Levenshtein distance between the model-based predicted phoneme sequence and the correct
one, but they are merely estimated probabilities of the most likely sequence.

Several variations of HMMs have been proposed to address each or part of these prob-
lems [38,50,76]. However, since HMMs are inherently not an adequate model for speech,
all of these models have their own shortcomings. Moreover, the assumption of forming a
Markov process, which inherently imposes that the probability of the current state (part
of a phone) is independent of the past given the previous state, is not valid in the case
of the speech signal. We would like to note in passing that several other non-HMM-based
acoustic models exist, e.g. [27,31,79]. These models are not widely used for their propose

only partial or very in-efficient solution to the acoustic modeling problem.

In this work we are focus on a new acoustic model for continuous speech. The importance
of a good acoustic model is not well understood. Over the years, almost similar efforts have
been put into the three major stages of continuous speech recognition, namely, feature ex-
traction, acoustic modeling, and language modeling. While feature extraction and language
modeling are based on the most up-to-date techniques, acoustic modeling is considerably
behind. This is due to some misconceptions that are not supported by empirical evidence.

One of these misconceptions is that improving language modeling in continuous speech
recognition will solve the robustness problem [1]. Language models which are modeled

by context processing (i.e., Markov chains and formal grammars) cannot play a role in
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recognition until the error rate of the acoustic model is below 50% raw phone error [1]. Below
this critical value, the language model does not have enough information to significantly
improve performance. In fact, when the error rate of the acoustic model is high, the context

becomes the problem.

1.2 Large Margin and Kernel Methods

In this thesis we propose an alternative approach to acoustic modeling for continuous speech
recognition that builds upon recent work on discriminative learning algorithms. The advan-
tage of discriminative learning algorithms stems from the fact that the objective function
used during the learning phase is tightly coupled with the decision task one needs to perform.
In addition, there is both theoretical and empirical evidence that discriminative learning
algorithms are likely to outperform generative models for the same task (cf. [20,73]).

One of the best known discriminative large margin algorithms is the support vector ma-
chine (SVM). SVM is a binary classifier, which maps input vectors to a higher dimensional
space where a maximal separating hyperplane is constructed. The SVM training simulta-
neously minimizes the empirical classification error and maximizes the geometric margin
between the hyperplane and all the training instances. SVM in its basic form has been
successfully applied in simple speech applications such as phoneme classification [39,46,65].

The classical SVM algorithm is designed for simple decision tasks such as binary classifi-
cation and regression. Hence, its exploitation in speech systems so far has been restricted to
simple decision tasks such as phoneme classification. Our proposed algorithms are based on
recent advances in kernel machines and large margin classifiers for complex decision prob-
lems and sequences [15,66,70], which in turn build on the pioneering work of Vapnik and
colleagues [20,73]. These methods for sequence prediction, and some other works (e.g. [72]),
introduce optimization problems which require long run-time and high memory resources,
and are thus problematic for the large datasets that are typically encountered in speech
processing. We propose an alternative approach which uses an efficient iterative algorithm

for learning a discriminative phoneme sequence predictor by traversing the training set a
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single time.

Speech corpora typically contain a very large number of examples. To cope with large
amounts of data we devise online (iterative) algorithms that are both memory efficient and
simple to implement. Our algorithmic solution builds on the pioneering work of Warmuth
and colleagues. In particular, we generalize and fuse ideas from [19,33,42]. These papers
discuss online learning of large-margin classifiers. On each round, the online hypothesis
is updated in a manner that complies with margin constraints imposed by the example
observed on this round. Along with the margin constraints, the update is required to
keep the new classifier fairly close to the previous one. We show that this idea can also be
exploited in our setting, resulting in a simple online update which can be used in conjunction
with kernel functions. Furthermore, using methods for converting online to batch learning
(e.g. [12,22]), we show that the online algorithm can be used to devise a batch algorithm

with good empirical performance.

1.3 Outline

The organization of this thesis is as follows. In Chapter 2 we present large-margin al-
gorithms for the task of hierarchical phoneme classification. Phonetic theory of spoken
speech embeds the set of phonemes of western languages in a phonetic hierarchy where
the phonemes constitute the leaves of the tree while broad phonetic groups, such as vowels
and consonants, correspond to internal vertices. Motivated by this phonetic structure we
propose a hierarchical model that incorporates the notion of the similarity between the
phonemes and between phonetic groups. As in large margin methods, we associate a vector
in a high dimensional space with each phoneme or phoneme group in the hierarchy. We call
this vector the prototype of the phoneme or the phoneme group, and classify feature vectors
according to their similarity to the various prototypes. We relax the requirements of correct
classification to large margin constraints and attempt to find prototypes that comply with
these constraints. In the spirit of Bayesian methods, we impose similarity requirements

between the prototypes corresponding to adjacent phonemes in the hierarchy. The result



CHAPTER 1. INTRODUCTION 10

is an algorithmic solution that may tolerate minor mistakes, such as predicting a sibling of
the correct phoneme, but avoids gross errors, such as predicting a vertex in a completely
different part of the tree. The hierarchical phoneme classifier is an important tool in the
subsequent tasks of speech-to-phoneme alignment and keyword spotting.

Next, in Chapter 3 we address the speech-to-phoneme alignment problem, that is the
proper positioning of a sequence of phonemes in relation to a corresponding continuous
speech signal (this problem is also referred to as “forced alignment”). The speech-to-
phoneme alignment is an important tool for labeling speech datasets for speech recogni-
tion and for training speech recognition systems. Conceptually, the alignment problem is
a fundamental problem in speech recognition, for any speech recognition system can be
built theoretically using a speech-to-phoneme alignment algorithm simply by evaluating
all possible alignments of all possible phoneme sequences, and choosing the phoneme se-
quence which attains the best confidence. The alignment function we devise is based on
mapping the speech signal and its phoneme representation along with the target alignment
into an abstract vector-space. Building on techniques used for learning SVMs, our seg-
mentation function distills to a classifier in this vector-space which is aimed at separating
correct alignments from incorrect ones. We describe a simple online algorithm for learning
the alignment function and discuss its formal properties. We show that the large margin
speech-to-phoneme alignment algorithm outperforms the standard HMM method.

In Chapter 4 we present a discriminative algorithm for sequence phoneme recognizer,
which aims at minimizing the Levenshtein distance (edit distance) between the model-
based predicted phoneme sequence and the correct one. Given a language model, this
algorithm can be easily converted to large vocabulary speech recognizer. We discuss this
issue in Chapter 6.

In Chapter 5 we present an algorithm for finding a word in a continuous spoken utter-
ance. The algorithm is based on our previous algorithms and it is the first task demon-
strating the advantages of discriminative speech recognition. The performance of a keyword
spotting system is often measured by the area under the Receiver Operating Characteristics

(ROC) curve, and our discriminative keyword spotter aims at maximizing it. Moreover, our
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algorithm solves directly the keyword spotting problem (rather than using a large vocabu-
lary speech recognizer), and does not estimate any garbage or background model. We show
that the discriminative keyword spotting outperforms the standard HMM method.

We conclude the thesis in Chapter 6, where we suggest future work on full blown large

vocabulary speech recognition and language modeling.



Chapter 2

Hierarchical Phoneme

Classification

2.1 Introduction

Phonemes classification is the task of deciding what is the phonetic identity of a (typically
short) speech utterance. Work in speech recognition and in particular phoneme classifica-
tion typically imposes the assumption that different classification errors are of the same
importance. However, since the set of phoneme are embedded in a hierarchical structure
some errors are likely to be more tolerable than others. For example, it seems less severe
to classify an utterance as the phoneme /oy/ (as in boy) instead of /ow/ (as in boat), than
predicting /w/ (as in way) instead of /ow/. Furthermore, often we cannot extended a
high-confidence prediction for a given utterance, while still being able to accurately identify
the phonetic group of the utterance. In the above example, it might be the enough just to
predict the phoneme group back vowel instead of /oy/ or /ow/. We propose and analyze a
hierarchal model for classification that imposes a notion of “severity” of prediction errors
which is in accordance with a pre-defined hierarchical structure.

Phonetic theory of spoken speech embeds the set of phonemes of western languages

in a phonetic hierarchy where the phonemes constitute the leaves of the tree while broad

12
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Obstruent Sonorants

Silences
[ Plosives ] [Affricates] [ Nasals ]

Fricatives

Figure 2.1: The phonetic tree of American English.

phonetic groups, such as vowels and consonants, correspond to internal vertices. Such
phonetic trees were described in [25,56]. Motivated by this phonetic structure we propose
a hierarchical model (depicted in Figure 2.1) that incorporates the notion of the similarity
(and analogously dissimilarity) between the phonemes and between phonetic groups and
employs this notion in the learning procedure we describe and analyze below.

Most of the previous work on phoneme classification sidestepped the hierarchical pho-
netic structure (see for instance, [14,59]). Salomon [64] used a hierarchical clustering
algorithm for phoneme classification. His algorithm generates a binary tree which is then
used for constructing a phonetic classifier that employs multiple binary support vector ma-
chines (SVM). However, this construction was designed for efficiency reasons rather than
for capturing the hierarchical phonetic structure. The problem of hierarchical classifica-
tion in machine learning, in particular hierarchical document classification, was addressed
by numerous researchers (see for instance [28,43,48,74]). Most previous work on hier-

archical classification decoupled the problem into independent classification problems by
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assigning and training a classifier at each internal vertex in the hierarchy. To incorporate
the semantics relayed by the hierarchical structure, few researchers imposed statistical sim-
ilarity constraints between the probabilistic models for adjacent vertices in the hierarchy
(e.g. [48]). In probabilistic settings, statistical similarities can be enforced using techniques
such as back-off estimates [37] and shrinkage [48].

The chapter is organized as follows. In Section 2.2 we formally describe the hierarchical
phoneme classification problem and establish our notation. Section 2.3 constitutes the
algorithmic core of the chapter. In this section we describe and analyze an online algorithm
for hierarchical phoneme classification. In Section 2.4 we briefly describe a conversion of
the online algorithm into a well performing batch algorithm. In Section 2.5 we conclude

the chapter with a series of experiments.

2.2 Problem Setting

Let X C R"™ be an acoustic features domain and let P be a set of phonemes and phoneme
groups. In the hierarchical classification setting P plays a double role: first, as in traditional
multiclass problems, it encompasses the set of phonemes, namely each feature vector in X is
associated with a phoneme v € P. Second, P defines a set of vertices, i.e., the phonemes and
the phoneme groups, arranged in a rooted tree 7. We denote k = |P|, for concreteness and
without loss of generality we represent in this chapter each phoneme and phoneme group
by an integer number, rather than by its symbol, i.e., P = {0,...,k —1}. We associate the
integer 0 to be the root of 7.

For any pair of phonemes u,v € P, let vy(u,v) denote their distance in the tree. That
is, v(u,v) is defined to be the number of edges along the (unique) path from u to v in 7.
The distance function (-, -) is in fact a metric over P since it is a non-negative function,
v(v,v) = 0, y(u,v) = y(v,u) and the triangle inequality always holds with equality. As
stated above, different classification errors incur different levels of penalty, and in our model
this penalty is defined by the tree distance y(u,v). We therefore say that the tree induced

error incurred by predicting the phoneme or the phoneme group v when the correct phoneme
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is u is y(u,v).

We receive a training set S = {(x;,p;)}/~; of feature vector-phoneme pairs, where each
x; € X and each p; € P. Our goal is to learn a classification function f : X — P which
attains a small tree induced error. We focus on classifiers that are of the following form:
each phoneme v € P has a matching prototype WV € R”, where W is fixed to be the
zero vector and every other prototype can be any vector in R™. The classifier f makes its

predictions according to the following rule,

f(x) = argmax W' .x . (2.1)
veEP
The task of learning f is reduced to learning W1, ... K W*=1L,
For every phoneme or phoneme group other than the tree root v € {P \ 0}, we denote
by A(v) the parent of v in the tree. Put another way, A(v) is the vertex adjacent to v which
is closer to the tree root 0. We also define A®)(v) to be the ith ancestor of v (if such an

ancestor exists). Formally, A® (v) is defined recursively as follows,
AO@w)y=v and AD(v) = A4V (v))

For each phoneme or phoneme group v € P, define 7 (v) to be the set of phoneme groups

along the path from 0 (the tree root) to v,
Tw) = {u eP : Jiu= A(i)(v)}

For technical reasons discussed shortly, we prefer not to deal directly with the set of
prototypes WO, ..., W*~1 but rather with the difference between each prototype and the
prototype of its parent. Formally, define w® to be the zero vector in R” and for each phoneme
or phoneme group v € P\ 0, let w¥ = W? — WA Each prototype now decomposes to

the sum

W= ) W (2.2)
)

ueT (v
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The classifier f can be defined in two equivalent ways: by setting {W"},cp and using
Equation (2.1), or by setting {w"},cp and using Equation (2.2) in conjunction with Equa-
tion (2.1). Throughout this chapter, we often use {w"},cp as a synonym for the classifi-
cation function f. As a design choice, our algorithms require that adjacent vertices in the
phonetic tree have similar prototypes. The benefit of representing each prototype {W"},cp
as a sum of vectors from {w"},cp is that adjacent prototypes W¥ and W4®) can be kept
close by simply keeping w? = W¥ — WA®) small. Section 2.3 and Section 2.4 address the

task of learning the set {w"},cp from supervised data.

2.3 An Online Algorithm

In this section we derive and analyze an efficient online learning algorithm for the hierarchi-
cal phoneme classification problem. In online settings, learning takes place in rounds. On
round ¢, a feature vector, denoted x;, is presented to the learning algorithm. The algorithm
maintains a set of prototypes which is constantly updated in accordance with the quality
of its predictions. We denote the set of prototypes used to extend the prediction on round
i by {w}}yep. Therefore, the predicted phoneme or phoneme group of the algorithm for x;
is,

p; = argmax W/ -x; = argmax Z Wi X . (2.3)
veP veP
ueT (v)

Then, the correct phoneme p; is revealed and the algorithm suffers an instantaneous error.
The error that we employ here is the tree induced error. Using the notation above, the
error on round ¢ equals y(p;, p}).

Our analysis, as well as the motivation for the online update that we derive below,
assumes that there exists a set of prototypes {w"},ep such that for every feature vector-

phoneme pair (x;,p;) and every r # p; it holds that,

Z w'-x; — Z w' x> /y(pisT) - (2.4)
)

veT (p;i) ueT (r
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The above difference between the projection onto the prototype corresponding to the cor-
rect phoneme and any other prototype is a generalization of the notion of margin employed
by multiclass problems in machine learning literature [77]. Put informally, we require that
the margin between the correct and each of the incorrect phonemes and phoneme groups be
at least the square-root of the tree-based distance between them. The goal of the algorithm
is to find a set of prototypes which fulfills the margin requirement of Equation (2.4) while
incurring a minimal tree-induced error until such a set is found. However, the tree-induced
error is a combinatorial quantity and is thus difficult to minimize directly. We instead use a
construction commonly used in large margin classifiers and employ the the convex hinge-loss
function

CHwihxp) = | D wlexi— Y wiexi+ v p))| (2.5)

veT (p}) veT (p;) I

where [z]4+ = max{z,0}. In the sequel we show that ¢* ({w?},x;,p;) upper bounds v(p;, p})
and use this fact to attain a bound on > ", v(ps, p}).

The online algorithm belongs to the family of conservative online algorithms, which
update their classification rules only on rounds on which prediction mistakes are made.
Let us therefore assume that there was a prediction mistake on round 7. We would like to
modify the set of vectors {w}} so as to satisfy the margin constraints imposed by the ith
example. One possible approach is to simply find a set of vectors that solves the constraints
in Equation (2.4) (Such a set must exist since we assume that there exists a set {w}}
which satisfies the margin requirements for all of the examples.) There are however two
caveats in such a greedy approach. The first is that by setting the new set of prototypes
to be an arbitrary solution to the constraints imposed by the most recent example we
are in danger of forgetting what has been learned thus far. The second, rather technical,
complicating factor is that there is no simple analytical solution to Equation (2.4). We
therefore introduce a simple constrained optimization problem. The objective function of
this optimization problem ensures that the new set {w, ;} is kept close to the current set

while the constraints ensure that the margin requirement for the pair (p;, p;) is fulfilled by
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the new vectors. Formally, the new set of vectors is the solution to the following problem,

veT (p;) weT (p))

First, note that any vector w¥ corresponding to a vertex v that
does not belong to neither 7 (p;) nor 7 (p}) does not change due
to the objective function in Equation (2.6), hence, wy, ; = wy.
Second, note that if v € T(p;) N 7T (p;) then the contribution
of the w" cancels out. Thus, for this case as well we get that
w,; = w;. In summary, the vectors that we need to actually
update correspond to the vertices in the set 7 (p;) AT (p}) where A
designates the symmetric difference of sets (see also Figure 2.2).

To find the solution to Equation (2.6) we introduce a Lagrange
multiplier «;, and formulate the optimization problem in the form
of a Lagrangian. We set the derivative of the Lagrangian w.r.t.

{w"} to zero and get,

Wil =W, +ax; v e T(p)\T(p))

wi =wi —ax; v e T(p)\T(pi)

(2.6)

Figure 2.2: An illustra-
tion of the update: only
the vertices depicted us-
ing solid lines are up-

dated.

Since at the optimum the constraint of Equation (2.6) is binding we get that,

Z(Wf + aix;) X = Z(Wf — %) - X; + \/’Y(pz'apé)-

veT (p;) veT (p})

Rearranging terms in the above equation and using the definition of the loss from Equa-

tion (2.5) we get that,

ai ||xill* |7 (p) AT ()] = €({wi'}, 24, 1)
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Input: training set S = {(x;,p;)}/"y; tree T

Initialize: Yo € P:w. =0

Fori=1,....m
Predict: phoneme or phoneme group: p, = arg max,cp ZuET(U) wx;
Set:

max {Zvef(p;) Wi Xi = D et (py Wi - Xi V(P P), 0}

o; =
' V(i pi) [l [?

Update:

Wi =W+ X veT(p)\T(p)
Wi =w) —aix; v € T(p)\T(pi)

Figure 2.3: Online hierarchical phoneme classification algorithm.

Finally, noting that the cardinality of 7 (p;) AT (p}) is equal to y(p;,p}) we get that,

_ C({w}}, xi, pi)

o — 2.9
= S ) P (2:9)

The pseudo code of the online algorithm is given in Figure 2.3. The following theorem
implies that the cumulative loss suffered by the online algorithm is bounded as long as
there exists a hierarchical phoneme classifier which fulfills the margin requirements on all

of the examples.

Theorem 2.3.1.: Let {(x;,pi)}[", be a sequence of examples where x; € X C R" and
pi € P. Assume there exists a set {w"” : Yv € P} that satisfies Equation (2.4) for all

1 <i<m. Then, the following bound holds,

oUW xip) < ) 11w’ Yimas B2
1=1

veEP

where for all i, ||x;|| < R and ¥(pi, P;) < Ymaz-

Proof. As a technical tool, we denote by w the concatenation of the vectors in {w"}, @ =

(wo, . ,wk_l) and similarly w; = (WO . ,wffl) for ¢+ > 1. We denote by 9; the difference

7
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between the squared distance w; from @ and the squared distance of w;; from @,
_ -2 _ — 2
0i = [[Wi — | = |wiy1 — " .

We now derive upper and lower bounds on )", §;. First, note that by summing over i we

obtain,

m
Do = DIl i -
] i=1

= [Iw1 = &|* % — @

< ||W1 — (IJ||2 .
Our initialization sets w1 = 0 and thus we get,

Yoa<lelP=) W (2.10)
=1

veEP

This provides the upper bound on ), d;. We next derive a lower bound on each §;. The
minimizer of the problem defined by Equation (2.6) is obtained by projecting {w}} onto the
linear constraint corresponding to our margin requirement. The result is a new set {w} +1}
which in the above notation can be written as the vector w;y;. A well known result (see

for instance [11], Theorem 2.4.1) states that this vector satisfies the following inequality,
Wi = @[|* = [Wis1 = & > Wi — Wi ||* .

Hence, we get that &; > ||W; — W;11]|?. We can now take into account that w? is updated

if and only if v € 7 (p;) AT (p}) to get that,

Wi = Wil = Y [wi —wi |
veP

= Y Iwi—wial®.

veT (pi) AT (p;)
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Plugging Equations (2.7-2.8) into the above equation, we get

Yo Iwi—wig? > af il

VET(POAT(p) VET(P)AT(p)
= [T()AT ()| o fi|?

= (i, }) of [lwill* .

We now use the definition of «; from Equation (2.9) to obtain a lower bound on d;,

2 ({W;}}a xi7pi)
¥(Pi, P 1%

i Z

Using the assumptions ||x;|| < R and v(ps, p;) < Ymae we can further bound ¢; and write,

a ({w}}, x4, pi)
Ymazx R?

0; >

Now, summing over all ¢ and comparing the lower bound given above with the upper bound

of Equation (2.10) we get,

El& 62 ({W;)}axiapi) . V(12
Vmaz R2 < Z(Si < Z Hw ” ’
t=1 vEP

Multiplying both sides of the inequality above by Yimee R? gives the desired bound. O

The loss bound of Theorem 2.3.1 can be straightforwardly translated into a bound on
the tree-induced error as follows. Note that whenever a prediction error occurs (p; # p,),
then ZUeT(p;) W Xi 2 ) er(p) Wi - Xi- Thus, the hinge-loss defined by Equation (2.5) is
greater than /~(p;,p}). Since we suffer a loss only on rounds were prediction errors were

made, we get the following corollary.

Corollary 2.3.2.: Under the conditions of Theorem 2.3.1 the following bound on the
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cumulative tree-induced error holds,

m

S vwnp) < Y 1wl vmae B (2.11)
t=1

veEP

To conclude the algorithmic part of the chapter, we note that Mercer kernels can be
easily incorporated into our algorithm. First, rewrite the update as w,; = w; + aj'x;
where,

ai v e T(p)\T(p)
@ =q —oi veETE)\T(p:)

0 otherwise

Using this notation, the resulting hierarchical classifier can be rewritten as,

f(x) = argmax Z wi (2.12)
vEP
ueT (v
= argmax Z Za X X . (2.13)
vEP
u€eT (v) 1=

We can replace the inner-products in Equation (2.13) with a general kernel operator K (-,-)
that satisfies Mercer’s conditions [73]. It remains to show that o} can be computed based
on kernel operations whenever af # 0. To see this, note that we can rewrite o; from

Equation (2.9) as

ZWGT(p;) Z]<z Q; K(Xﬁx’l) - ZvET(pi) Z]<z Q; K(X]7xl) + 7(pl7pz) n
v(pi, pj) K (x4, %)

o = (2.14)

2.4 Batch Learning and Generalization

In the previous section we presented an online algorithm for hierarchical phoneme classifica-
tion. However, many common hierarchical multiclass tasks fit more naturally in the batch
learning setting, where the entire training set S = {(x;,p;)}/"; is available to the learning

algorithm in advance. As before, the performance of a classifier f on a given example (x, p)
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is evaluated with respect to the tree-induced error y(p, f(x)). In contrast to online learning,
where no assumptions are made on the distribution of examples, we now assume that the
examples are independently sampled from a distribution @) over X x P. Our goal is to
use S to obtain a hierarchical classifier f which attains a low expected tree-induced error,
E [v(p, f(x))], where expectation is taken over the random selection of examples from Q.

Perhaps the simplest idea is to use the online algorithm of Section 2.3 as a batch algo-
rithm by applying it to the training set S in an arbitrary order and defining f to be the
last classifier obtained by this process. The resulting classifier is the one defined by the
vector set {w}, . ;}ycp. In practice, this idea works reasonably well, as demonstrated by
our experiments (Section 2.5). However, a variation of this idea yields a significantly better
classifier with an accompanying generalization bound. First, we slightly modify the online
algorithm by selecting p; to be the phoneme (or phoneme group) which maximizes Equa-
tion (2.5) instead of selecting p; according to Equation (2.3). In other words, the modified
algorithm predicts the phoneme (or phoneme group) which causes it to suffer the greatest
loss. This modification is possible since in the batch setting p; is available to us before p;
is generated. It can be easily verified that Theorem 2.3.1 and its proof still hold after this
modification. S is presented to the modified online algorithm, which generates the set of
vectors {w} }; ,. Now, for every v € P define

1 m+41

w'=—— w; (2.15)
m+1 i=1

and let f be the multiclass classifier defined by {w"},cp with the standard prediction rule
in Equation (2.3). We have set the prototype for phoneme v to be the average over all
prototypes generated by the online algorithm for phoneme v. We name this approach the
batch algorithm. For a general discussion on taking the average online hypothesis see [12].

In our analysis below, we use Equation (2.15) to define the classifier generated by the
batch algorithm. However, an equivalent definition can be given which is much easier to

implement in practice. As stated in the previous section, each vector w; can be represented
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in dual form by
i
wi =) alx; . (2.16)
j=1
As a result, each of the vectors in {w"},cp can also be represented in dual form by

1 m+1

i=1

Therefore, the output of the batch algorithm becomes

m+1
f(x) = argmax E E (m+2—1i) afx;-x
vEP .
ueT (v) =1

Theorem 2.4.1.: Let S = {(x;,pi)}[", be a training set sampled i.i.d. from the distri-
bution Q. Let {w"},cp be the vectors obtained by applying batch algorithm to S, and let
f denote the classifier they define. Assume there exist {w"},cp that define a classifier f*
which attains zero loss on S. Furthermore, assume that R, B and Yymax are constants such
that ||x|| < R for allx € X, ||w"|| < B for allv € P, v(-,-) is bounded by Ymax. Then with
probability of at least 1 — 6,

)

LA, [21g(1/5)
m

E(XJ;)NQ h/(p) f(X))] S m + 1

where £ =31 2({w?},x;,p:) and X = kB?R?yax.
Proof. For any example (x, p) it holds that v(p, f(x)) < 2({w"},x,p), as discussed in the
previous section. Using this fact, it suffices to prove a bound on E [82({W”}, X, p)] to prove

the theorem. By definition, £2 ({w"},x,p) equals

3 wx — YW x /A )

veT (f(x)) v€eT (p)



CHAPTER 2. HIERARCHICAL PHONEME CLASSIFICATION 25

By construction, w¥ = — +1 ZmH w;. Therefore this loss can be rewritten as

2
m+1

mlﬂz Swio S w x|

i=1 \veT(f(x)) veT (p) +

where C' = \/v(p, f(x)). Using the convexity of the function g(a) = [a+ C]% together with

Jensen’s inequality, we can upper bound the above by

2
m+1

ml—i—l Zw -X — Zw -x+C

=1 | veT(f(x)) veT (p) 4

Let lax({w"},x,p) denote the maximum of Equation (2.5) over all p € P. We now use

lmax to bound each of the summands in the expression above and obtain the bound,

m+1

C{w}x,p) < Z Crax (Wi} %,p)

Taking expectations on both sides of this inequality, we get

m+1

B[R (whxp)] £ 5 S (B ((wihx )] (218)
=1

Recall that the modified online algorithm suffers a loss of lmax({W}},%;, p;) on round
i. As a direct consequence of Azuma’s large deviation bound (see for instance Theorem 1
n [12]), the sum > 7*  E [62, ({w?},x,p)] is bounded above with probability of at least

1— 4§ by,
21og(1/9)

L+mM —————=
m

As previously stated, Theorem 2.3.1 also holds for the modified online update. It can

therefore be used to obtain the bound ¢2

max

({w},41},%,p) < A and to conclude that,

2log(1/9)

m

ZE max {W;)}’X7p)] S £+)\+m)\
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Dividing both sides of the above inequality by m+1, we have obtained an upper bound on the
right hand side of Equation (2.18), which gives us the desired bound on E [¢*({w"},x, p)].
O

Theorem 2.4.1 is a data dependent error bound as it depends on £. We would like to
note in passing that a data independent bound on E[v(p, f(x))] can also be obtained by
combining Thm. 2.4.1 with Theorem 2.3.1. As stated above, Theorem 2.3.1 holds for the
modified version of the online algorithm described above. The data independent bound is

derived by replacing £ in Theorem 2.4.1 with its upper bound given in Theorem 3.5.1.

2.5 Experimental Results

We begin this section with a comparison of the online algorithm and batch algorithm
with standard multiclass classifiers which are oblivious to the hierarchical structure of the
phoneme set.

The data we used is a subset of the TIMIT acoustic-phonetic dataset, which is a pho-
netically transcribed corpus of high quality continuous speech spoken by North American
speakers [45]. Mel-frequency cepstrum coefficients (MFCC) along with their first and the
second derivatives were extracted from the speech in a standard way, based on the ETSI
standard for distributed speech recognition [30] and each feature vector was generated from
5 adjacent MFCC vectors (with overlap). The TIMIT corpus is divided into a training set
and a test set in such a way that no speakers from the training set appear in the test set
(speaker independent). We randomly selected 2000 training features vectors and 500 test
feature vectors per each of the 40 phonemes. We normalized the data to have zero mean
and unit variance and used an RBF kernel with ¢ = 0.5 in all the experiment with this
dataset.

We trained and tested the online and batch versions of our algorithm. To demonstrate

the benefits of exploiting the hierarchal structure, we also trained and evaluated standard
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Table 2.1: Online algorithm results.

Hierarchy Tree induced error Multiclass error

Tree 1.64 40.0
Flat 1.72 39.7

Table 2.2: Batch algorithm results.

Hierarchy Tree induced  Multiclass
Last Batch Last Batch
Tree 1.88 1.30 48.0 40.6
Flat 2.01 1.41 48.8 41.8
Greedy 322 248 739 582

multiclass predictors which ignore the structure. These classifiers were trained using the
algorithm but with a “flattened” version of the phoneme hierarchy. The (normalized)
cumulative tree-induced error and the percentage of multiclass errors for each experiment
are summarized in Table 2.1 (online experiments) and Table 2.2 (batch experiments). Rows
marked by tree refer to the performance of the algorithm train with knowledge of the
hierarchical structure, while rows marked by flat refer to the performance of the classifier
trained without knowledge of the hierarchy. The results clearly indicate that exploiting the
hierarchical structure is beneficial in achieving low tree-induced errors. In all experiments,
both online and batch, the hierarchical phoneme classifier achieved lower tree-induced error
than its “flattened” counterpart. Furthermore, in most of the experiments the multiclass
error of the algorithm is also lower than the error of the corresponding multiclass predictor,
although the latter was explicitly trained to minimize the error. This behavior exemplifies
that employing a hierarchical phoneme structure may prove useful even when the goal is
not necessarily the minimization of some tree-based error.

Further examination of results demonstrates that the hierarchical phoneme classifier
tends to tolerate small tree-induced errors while avoiding large ones. In Figure 2.4 we

depict the differences between the error rate of the batch algorithm and the error rate of a
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Figure 2.4: The distribution of the tree induced-error. Each bar corresponds to the dif-
ference between the error of the batch algorithm minus the error of a multiclass predictor.
The left figure presents the results for the last hypothesis and the right figure presents the
results for the batch convergence.

standard multiclass predictor. Each bar corresponds to a different value of v(p, p), starting
from the left with a value of 1 and ending on the right with the largest possible value of
v(p,p’). Tt is clear from the figure that the batch algorithm tends to make “small” errors by
predicting the parent or a sibling of the correct phoneme. On the other hand the algorithm
seldom chooses a phoneme or a phoneme group which is in an entirely different part of
the tree, thus avoiding large tree induced errors. In the phoneme classification task, the
algorithm seldom extends a prediction p’ such that «v(p,p’) = 9 while the errors of the
multiclass predictor are uniformly distributed.

We conclude the experiments with a comparison of the hierarchical algorithm with
a common construction of hierarchical classifiers (see for instance [43]), where separate
classifiers are learned and applied at each internal vertex of the hierarchy independently.
To compare the two approaches, we learned a multiclass predictor at each internal vertex
of the tree hierarchy. Each such classifier routes an input feature vector to one of its
children. Formally, for each internal vertex v of 7 we trained a classifier f, using the
training set S, = {(x;, u;)|ui € T(pi),v = A(u;), (xi,p;) € S}. Given a test feature vector
x, its predicted phoneme is the leaf p’ such that for each u € 7(p’) and its parent v we

have f,(x) = u. In other words, to cast a prediction we start with the root vertex and
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move towards one of the leaves by progressing from a vertex v to f,(x). We refer to this
hierarchical classification model in Table 2.2 simply as greedy. In all of the experiments, the
batch algorithm clearly outperforms greedy. This experiment underscores the usefulness of
our approach which makes global decisions in contrast to the local decisions of the greedy
construction. Indeed, any single prediction error at any of the vertices along the path to

the correct phoneme will impose a global prediction error.



Chapter 3

Speech-to-Phoneme Alignment

3.1 Introduction

Speech-to-phoneme alignment is the task of proper positioning of a sequence of phonemes
in relation to a corresponding continuous speech signal. This problem is also referred to
as forced alignment. An accurate and fast phoneme-to-speech alignment procedure is a
necessary tool for developing speech recognition and text-to-speech systems. Most previous
work on phoneme-to-speech alignment has focused on a generative model of the speech signal
using hidden Markov models (HMMs). See for example [9,34,71] and the references therein.
In this chapter we present a discriminative supervised algorithm for speech-to-phoneme
alignment. The alignment problem is more involved than the phoneme classification problem
introduced in the pervious chapter, since we need to predict a sequence of phoneme start
times rather than a single number.

This chapter is organized as follows. In Section 3.2 we formally introduce the general
alignment problem. n our algorithm we use a cost function of predicting incorrect timing
sequence. This function is defined in Section 3.3. In Section 3.4 we describe a large mar-
gin approach for the alignment problem. Our specific learning algorithm is described and
analyzed in Section 3.5. The evaluation of the alignment function and the learning algo-

rithm are both based on an optimization problem for which we give an efficient dynamic
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programming procedure in Section 3.6. Next, in Section 3.7 we describe the base alignment
function we use. Finally, we present experimental results in which we compare our method

to alternative state-of-the-art approaches in Section 3.8.

3.2 Problem Setting

In this section we formally describe the speech-to-phoneme alignment problem. In the
alignment problem, we are given a speech utterance along with a phonetic representation
of the utterance. Our goal is to generate an alignment between the speech signal and the
phonetic representation. We denote the domain of the acoustic feature vectors by X C R%.
The acoustic feature representation of a speech signal is therefore a sequence of vectors
x = (x1,...,x7), where x4 € X for all 1 < ¢ < T. A phonetic representation of an
utterance is defined as a string of phoneme symbols. Formally, we denote each phoneme by
p € P, where P is the set of phoneme symbols. Therefore, a phonetic representation of a
speech utterance consists of a sequence of phoneme values p = (p1,...,pr). Note that the
number of phonemes clearly varies from one utterance to another and thus & is not fixed. We
denote by P* (and similarly X*) the set of all finite-length sequences over P. In summary,
an alignment input is a pair (X, p) where X is an acoustic representation of the speech signal
and p is a phonetic representation of the same signal. An alignment between the acoustic
and phonetic representations of a spoken utterance is a timing sequence § = (si,..., Sk)
where s; € N is the start-time (measured as frame number) of phoneme 7 in the acoustic
signal. Each phoneme i therefore starts at frame s; and ends at frame s;11 — 1. An example
of the notation described above is depicted in Figure 3.1.

Clearly, there are different ways to pronounce the same utterance. Different speakers
have different accents and tend to speak at different rates. Our goal is to learn an alignment
function that predicts the true start-times of the phonemes from the speech signal and the
phonetic representation.

To motivate our construction, let us take a short detour in order to discuss the common
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Figure 3.1: A spoken utterance labeled with the sequence of phonemes /p; p2 p3 ps/ and
its corresponding sequence of start-times (s1 s2 s3 S4).

generative approaches for phoneme alignment. In the generative paradigm, we assume that
the speech signal X is generated from the phoneme sequence p and from the sequence of their
start times 5, based on a probability function P(X|p, 5). The maximum posterior prediction
is therefore,

§ = argmax P(5|x, p) = argmax P(5|p)P(x|p, 5) ,
5 5

S
where the last equality follows from Bayes rule. Put another way, the predicted 5 is based

on two probability functions:
I. a prior probability P(5|p).
II. a posterior probability P(x|p, s).

To facilitate efficient calculation of 5’, practical generative models assume that the proba-
bility functions may be further decomposed into basic probability functions. For example,
in the HMM framework it is commonly assumed that, P(x|p,s) = [[, [, P(x¢|p:), and
that, P(5|p) = [[; P(¢|€i—1,pi, pi—1), where €; = s;41 — s; is the length of the ith phoneme
according to 3.

These simplifying assumptions lead to a model which is quite inadequate for purpose
of generating natural speech utterances. Yet, the probability of the sequence of phoneme

start-times given the speech signal and the phoneme sequences is used as an assessment for
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the quality of the alignment sequence. The learning phase of the HMM aims at determining
the basic probability functions from a training set of examples. The learning objective is to
find functions P(x;|p;) and P(¢;|¢;—1, pi, pi—1) such that the likelihood of the training set is
maximized. Given these functions, the prediction s’ is calculated in the so-called inference

phase which can be performed efficiently using dynamic programming.

3.3 Cost and Risk

In this section we describe a discriminative supervised learning approach for learning an
alignment function f from a training set of examples. Each example in the training set
is composed of a speech utterance, X, a sequence of phonemes, p, and the true timing
sequence, §, i.e., a sequence of start times. Our goal is to find an alignment function, f,
which performs well on the training set as well as on unseen examples. First, we define a
quantitative assessment of alignment functions. Let (X,p,5) be an input example and let
f be an alignment function. We denote by 7(5, f(X,p)) the cost of predicting the timing
sequence f(X,p) where the true timing sequence is 5. Formally, v : N* x N* — R is a
function that gets two timing sequences (of the same length) and returns a scalar which
is the cost of predicting the second timing sequence where the true timing sequence is the
first. We assume that v(5,5") > 0 for any two timing sequences §,§" and that (3, 35) = 0.
An example for a cost function is

7(5,5’):@‘{2': |si —si| >¢e}| . (3.1)

In words, the above cost is the average number of times the absolute difference between the
predicted timing sequence and the true timing sequence is greater than €. Recall that our
goal is to find an alignment function f that attains small cost on unseen examples. Formally,
let @ be any (unknown) distribution over the domain of the examples, X* x E* x N*. The
goal of the learning process is to minimize the risk of using the alignment function, defined

as the expected cost of f on the examples, where the expectation is taken with respect to
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the distribution @,
risk(f) = E(,‘gp,g)NQ [v(5, f(%,D))]

To do so, we assume that the examples of our training set are identically and independently
distributed (i.i.d.) according to the distribution Q). Note that we only observe the training
examples but we do not know the distribution (). The training set of examples is used as
a restricted window throughout we estimate the quality of alignment functions according
to the distribution of unseen examples in the real world, (). In the next sections we show
how to use the training set in order to find an alignment function, f, which achieves a small
cost on the training set, and which achieves a small cost on unseen examples with high

probability as well.

3.4 A Large Margin Approach for Alignment

In this section we describe a large margin approach for learning an alignment function.
Recall that a supervised learning algorithm for alignment receives as input a training set .S =
{(X1,P1,51)s- -+, (X, Dms Sm) } and returns a alignment function f. To facilitate an efficient
algorithm we confine ourselves to a restricted class of alignment functions. Specifically, we
assume the existence of a predefined set of base alignment feature functions, {¢; }?:1. Each
base alignment feature is a function of the form ¢; : X* x E* x N* — R . That is, each
base alignment feature gets the acoustic representation, X, and the sequence of phonemes,
p, together with a candidate timing sequence, 5, and returns a scalar which, intuitively,
represents the confidence in the suggested timing sequence 5. We denote by ¢(x,p,3) the
vector in R™ whose jth element is ¢;(%,p,5). The alignment functions we use are of the

form

f(}Z»p) = argmax w - ¢(i7 D, 5) ) (32)

S
where w € R" is a vector of importance weights that we need to learn. In words, f returns
a suggestion for a timing sequence by maximizing a weighted sum of the confidence scores

returned by each base alignment function ¢;. Since f is parameterized by w we use the
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notation fy for an alignment function f, which is defined as in Equation (3.2). Note
that the number of possible timing sequences, s, is exponentially large. Nevertheless, as
we show later, under mild conditions on the form of the base alignment functions, {¢;},
the optimization problem in Equation (3.2) can be efficiently calculated using a dynamic
programming procedure.

We now describe a large margin approach for learning the weight vector w,
which defines an alignment function as in Equation (3.2), from a training set S =
{(X1,P1,51)s- -+, (X, Dms Sm) } of examples. Similar to the SVM algorithm for binary classi-
fication, our approach for choosing the weight vector w is based on the idea of large-margin
separation. However, in our case, timing sequences are not merely correct or incorrect.
Instead, the cost function (5, ') is used for assessing the quality of sequences. Therefore,
we do not aim at separating correct timing sequences from incorrect ones but rather try to
rank the sequences according to their quality. Theoretically, our approach can be described
as a two-step procedure: first, we construct a vector ¢(X;,p;,§) in the vector space R"
based on each instance (X;,p;) in the training set S and each possible timing sequence 3.
Second, we find a vector w € R™, such that the projection of vectors onto w ranks the
vectors constructed in the first step above according to their quality. In Figure 3.2 we il-
lustrate three possible timing sequences for the same input (X, p) and their projection onto
w. Ideally, for each instance (X;,p;) and for each possible suggested timing sequence §', we

would like the following constraint to hold

W (i, Diy 5i) —W - ¢(Xi, i, 5) > Y(5:,5) (3.3)

That is, w should rank the correct timing sequence 5; above any other possible timing
sequence § by at least v(5;,5). We refer to the difference w - ¢(X;, p;, 5;) — W - d(X;, P;, §)
as the margin of w with respect to the sequence 5. Note that if the prediction of w is
incorrect then the margin is negative. The constraints in Equation (3.3) imply that the

margin of w with respect to any possible timing sequence § should be at least the cost
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Figure 3.2: An illustration of the constraints in Equation (3.3). Left:
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of predicting 5’ instead of the true timing sequence 5;. An illustration of a vector w with
sufficient margin (i.e., satisfies the constraints in Equation (3.3)) is given on the left side
of Figure 3.2. The plot on the middle of Figure 3.2 illustrates a vector w, which ranks
the different timing sequences correctly, but without the required margin. The plot on
the right side of Figure 3.2 illustrates a vector w which does not rank the different timing
sequences correctly. Naturally, if w ranks the different possible timing sequences correctly,
the margin requirements given in Equation (3.3) can be satisfied by simply multiplying w
by a large scalar. The SVM algorithm solves this problem by minimizing %HWHQ subject to
the constraints given in Equation (3.3).

In practice, it might be the case that the constraints given in Equation (3.3) can not
be satisfied. To overcome this obstacle, we follow the soft SVM approach and define the
following hinge-loss function for alignment,

Uw: (%i,pi,5:)) = max [y(5;,5) —w - ((Xi, D1, 5i) —(%i,0i,5)) ], » (3:4)

s/

where [a], = max{0,a}. The hinge loss measures the maximal violation of any of the
constraints given in Equation (3.3). The soft SVM approach for alignment is to choose the

vector w*, which minimizes the following optimization problem
1 m
w* = argmin S ||w|]> + C ) U(w; (%, i, 5)) (3.5)
w2 i=1

where the parameter C serves as a complexity-accuracy trade-off parameter (see [20]). It is
easy to verify that the optimization problem in Equation (3.5) is equivalent to the following
quadratic optimization problem,
min = [w|? +cf:§i (3.6)
w,E>0 2 pt

st w- ¢(5{ivﬁia gl) —w- ¢(Xi7]5ia §/) > ’7(5’“ 5/) - fl VZ> 5/7

where each &; is a non-negative slack variable that indicates the loss of the ith example.
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Solving the quadratic optimization problem given in Equation (3.6) is complicated since
the number of constraints is exponentially large. Several authors suggested specific algo-
rithms for manipulating the exponential number of constraints [70,72]. However, these
methods are problematic when the size of the dataset is very large since several passes over
the data are required. In the next section, we propose an alternative method, which visits

each example only once.

3.5 An Iterative Algorithm

In this section we describe an iterative algorithm for learning an alignment function, pa-
rameterized by w. Our iterative algorithm first constructs a sequence of weight vectors
W1,..., W, Wnt1. The first weight vector is set to be the zero vector, w; = 0. On itera-
tion ¢ of the algorithm, we utilize the ith example of the training set along with the previous
weight vector w;, for defining the next weight vector w;y as follows. Let §, be the timing
sequence, which corresponds to the highest violated margin constraint of the ith example
according to w;, that is,

5; = argmax (5, 5;) — w - (¢(Xi, Pi, 5:) — (X, i, 5)) - (3.7)

s

In Section 3.6 we provide an algorithm that efficiently calculates the above optimization
problem using dynamic programming. We set the next weight vector w;y; to be the mini-
mizer of the following optimization problem

1 2
mi Zllw — w C 3.8
WGRT}EEO 2 H ! H + § ( )

s.t. w- d)(ihﬁia 51) - W d)(iiaﬁh 5;) > 7(517 52) - 5 .

This optimization problem can be thought of as a relaxed version of the SVM optimization
problem with two major differences. First, we replace the exponential number of constraints
from Equation (3.6) with a single constraint. This constraint is based on the timing sequence

5, defined in Equation (3.7). Second, we replaced the term ||w|? in the objective function
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of the SVM with the term ||w — w;||%. Intuitively, we would like to minimize the loss of w
on the current example, i.e., the slack variable £, while remaining as close as possible to our
previous weight vector w;.

The solution to the optimization problem in Equation (3.8) has a simple closed form

solution,
¢
W1 :w-+min{, C’} A,
" ' A2 ’

where A¢; = d(X4, pi, 5i) — d(Xi, pi, §;) and £; = £(w;; (X, Di, $;)). We now show how this
update is derived using standard tools from convex analysis (see for instance [8]). If ¢; =0
then wj itself satisfies the constraint in Equation (3.8) and is clearly the optimal solution.
If ¢; > 0 we derive these updates by defining the Lagrangian of the respective optimization
problem and satisfying the Karush-Khun-Tucker (KKT) conditions [8]. The Lagrangian of

the optimization problem is,
1 _
E(W7§77—7 >‘) = i”W_WZHQ + CS =+ T(’}/(SZ‘,SD _g_WA(ti)z) - >‘£ ) (39)

where 7 > 0 and A > 0 are Lagrange multipliers. Setting the partial derivatives of £ with

respect to the elements of w to zero gives,
0 = Vol(w,&,7,A\) = w—w; —TA@, = w=w; +7A¢,; . (3.10)

Differentiating the Lagrangian with respect to ¢ and setting that partial derivative to zero
gives,
a‘c(wv é-a T, )\)

= N> — 7 — = . A1
0 o C—7-A\ = C=1+A (3.11)

The KKT conditions require A to be non-negative so we conclude that 7 < C. We now
discuss two possible cases: if £;/||Ag;||> < C then we can plugging Equation (3.11) back
into Equation (3.9) and get 7 = £;/||A¢;||>. The other case is when £;/||A¢;||> > C. This

condition can be rewritten as

ClAgil® < ~(5i,5) —€—w-Ag; . (3.12)
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We also know that the constraint in Equation (3.8) must hold at the optimum, so w-Ag¢; >
v(8i, 8;) — & Using the explicit form of w given in Equation (3.10), we can rewrite this
constraint as w; - Ag; + T[|Ad;||*? > ~(5i,5,) — & Combining this inequality with the

inequality in Equation (3.12) gives,
CllAg|I” = T Agll < ¢ .

We now use our earlier conclusion that 7 < C to obtain 0 < £. Turning to the KKT
complementarity condition, we know that £A = 0 at the optimum. Having concluded that
¢ is strictly positive, we get that A must equal zero. Plugging A = 0 into Equation (3.11)
gives 7 = C'. Summing up, we used the KKT conditions to show that in the case where
0;/|Ag;||* > C, it is optimal to select 7 = C. Folding all of the possible cases into a single
equation, we get

r=min{ C, /|A¢|* } . (3.13)

The above iterative procedure gives us a sequence of m+1 weight vectors, wy, ..., Wy41.
In the sequel we prove that the average performance of this sequence of vectors is comparable
to the performance of the SVM solution. Formally, let w* be the optimum of the SVM
problem given in Equation (3.6). Then, we show in the sequel that setting C = 1/y/m

gives,
1%“ (%i,515)) < — Em oW (0, i 51) + —= (W2 + (3.14)
- Wi (X, Piy Si >~ — W (X4, Dis Si — A\% — . .
m p m p v/m 2

That is, the average loss of our iterative procedure is upper bounded by the average loss
of the SVM solution plus a factor that decays to zero. However, while each prediction
of our iterative procedure is calculated using a different weight vector, our learning al-
gorithm is required to output a single weight vector, which defines the output alignment
function. To overcome this obstacle, we calculate the average cost of each of the weight

vector wi,...,Wy,41 on a validation set, denoted Sy,1, and choose the one achieving the
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Input: training set S = {(X;,D;, 5;) }~,; validation set Sya; parameter C
Initialize: w; =0
For:=1,...,m

Predict: 5, = argmax v(5;, 5) — w; - ¢(Xi, Di, 5i) — Wi - §(Xi, Pi, 5)

Set: Ag; = ¢(Xi,Di,5:) — (X, i, 5;)

Set: ¢; = max{v(5;,5,) —w-A¢p,,0}

Update: w; 11 = w; +min{¢;/||A¢;|*, C} Ao,

Output: The weight vector which achieves the lowest average cost on the validation set
Sval~

Figure 3.3: The speech-to-phoneme alignment algorithm.

lowest average cost. We show in the sequel that with high probability, the weight vector
which achieves the lowest cost on the validation set also generalizes well. A pseudo-code of
our algorithm is given in Figure 3.3.

We now analyze our alignment algorithm from Figure 3.3. Our first theorem shows that
the average loss of our alignment algorithm is comparable to the average loss of the SVM

solution for the alignment problem defined in Equation (3.6).

Theorem 3.5.1.: Let S = {(X1,P1,51),- - (X, Pm, Sm)} be a set of training examples
and assume that for all i and 5" we have that ||d(X;, p;, 8)|| < 1/2. Let w* be the optimum
of the SVM problem given in Equation (3.6). Let wy,...,w,, be the sequence of weight

vectors obtained by the algorithm in Figure 3.3 given the training set S. Then,

1 Ui _ _ _ 1 - * — - — 1 * (|2 ]'
m;E(Wi;(Xi7pi78¢)) < oo ;5(“’ s (X4, P4, 5)) + CimHW I +§C . (3.15)

In particular, if C = 1/\/m then,

m

Zﬁ(wi; (Xi,Di» 8i)) <

i=1

S * (X Di. 5 w* 2 1
Sotwstropes) + (W 5) - @19

Bl

1
m

Proof. Our proof relies on Theorem 2 in [67]. We first construct a sequence of binary
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classification examples, (A¢y, +1),...,(A¢,,,+1). For all i and for all w € R", define the

following classification hinge-loss,
t5(w) = max{y(5;,5) —w-A¢;, 0} .

Thm. 2 in [67] implies that the following bound holds for all w € R",

m 1 m

D ulli(wi) < 5IIWIIQ+Z€§(W) : (3.17)
i=1 i=1

where,

pla) = 4 (min{a, %) <a — S minfa, 0}>>

Let w* denote the optimum of the alignment problem given by Equation (3.6). The bound of
Equation (3.17) holds for any w and in particular for the optimal solution w*. Furthermore,
the definition of £ implies that £§(w*) < ¢(w*; (X;,pi,5:)) and £5(w;) = £(w;; (X4, Di, 5i))
for all 7. Using the latter two facts in Equation (3.17) gives that,
m 1 m
D nlllwi (i pi5))) < SlIW P+ Y AW (%0 iy 51)) (3.18)
i=1

i=1

By definition, the function p is bounded below by a linear function, that is, for any a > 0,
1
pula) > a— 5 c .

Using the lower bound with the argument ¢(w;; (X;, p;, $;)) and summing over i we obtain,

;E(Wi; (Xi,Di» i) — %C’m < ;,u(ﬁ(wi; (%, i, 5i))) -

Combining the above inequality with Equation (3.18) and rearranging terms gives the bound

stated in the theorem and concludes our proof. O

The next theorem tells us that the output alignment function of our algorithm is likely
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to have good generalization properties.

Theorem 3.5.2.: Under the same conditions of Theorem 3.5.1. Assume that the training
set S and the validation set Sya are both sampled i.i.d. from a distribution Q). Denote by
my the size of the validation set. Assume in addition that v(5,8') <1 for all 5 and 5. Let
w be the output weight vector of the algorithm in Figure 3.3 and let fy be the corresponding
alignment function. Then, with probability of at least 1 — § we have that,

[w*||2+ 3 4+/21n(2/0) N V2In(2m/8)

T N (3.19)

. 1 o
risk(fw) < - z;f(W*; (X, Dis 8i)) +
Proof. Denote by f1, ..., f the alignment prediction functions corresponding to the weight
vectors wi, ..., Wy, that are found by the alignment algorithm. Proposition 1 in [12] implies
that with probability of at least 1 — §; the following bound holds,
- - 21n(1/6,)

1 1
— ) risk(f;) < — Si, Ji(Xi, Di)) +
m; sk(f;) ;ws %3, p0) + ==

m

By definition, the hinge-loss ¢(w;; (X, i, ;) bounds from above the loss v(s;, fi(Xi, Pi))-
Combining this fact with Theorem 3.5.1 we obtain that,
- - [w*[|*+35++/21n (1/51)

% ;risk(fi) < ;ﬁ(w*; (Xi, Pir 5i)) + NG

1
~ (3.20)
The left-hand side of the above inequality upper bounds risk( fy), where b = arg min; risk(f;).
Therefore, among the finite set of alignment functions, F' = {f1,..., fm}, there exists at
least one alignment function (for instance the function f;) whose true risk is bounded above
by the right hand side of Equation (3.20). Recall that the output of our algorithm is the
alignment function fy € F, which minimizes the average cost over the validation set S,,.
Applying Hoeffding inequality together with the union bound over F' we conclude that with
probability of at least 1 — d2,
21 o
risk( i) < risk(fy) + || 2L 02)

my
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where to remind the reader m, = |S,|. We have therefore shown that with probability of
at least 1 — 91 — do the following inequality holds,
i N [w*[|2+1+1/2In(1/61) N V21n(m/d2)

3 1 *x, X: . Di.5;
rlSk(fW) S m;aw 7( iy Pis 2)) \/m \/m

Setting d; = d2 = /2 concludes our proof. O

As mentioned before, the learning algorithm we present in this chapter share similarities
with the SVM method for structured output prediction [70,72]. Yet, the weight vector
resulted by our method is not identical to the one obtained by directly solving the SVM
optimization problem. We would like to note in passing that our generalization bound from
Theorem 3.5.2 is comparable to generalization bounds derived for the SVM method (see for
example [70]). The major advantage of our method over directly solving the SVM problem

is its simplicity and efficiency.

3.6 Efficient Evaluation of the Alignment Function

So far we have put aside the problem of evaluation time of the function f given in Equa-

tion (3.2). Recall that calculating f requires solving the following optimization problem,
f(x,p) = argmax w - ¢(X, P, §)
5

Similarly, we need to find an efficient way for solving the maximization problem given in
Equation (3.7). A direct search for the maximizer is not feasible since the number of possible
timing sequences, 3, is exponential in the number of events. Fortunately, as we show below,
by imposing a few mild conditions on the structure of the alignment feature functions and
on the cost function, v, both problems can be solved in polynomial time.

We start with the problem of calculating the prediction given in Equation (3.2). For
simplicity, we assume that each base feature function, ¢;, can be decomposed as follows.

Let t; be any function from X* x E* x N3 into the reals, which can be computed in a
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constant time. That is, 1); receives as input the signal, X, the sequence of events, p, and
three time points. Additionally, we use the convention sop = 0 and s5;.1 = T'+ 1. Using

the above notation, we assume that each ¢; can be decomposed to be

s
¢j(%,0,5) = Y (XD, si1,80,5i41) - (3.21)
i=1
The base alignment functions we derive in later sections for the speech-to-phoneme align-
ment and for the music-to-score alignment tasks can be decomposed as in Equation (3.21).

We now describe an efficient algorithm for calculating the best timing sequence assuming
that ¢; can be decomposed as in Equation (3.21). Similar algorithms can be constructed for
any base feature functions that can be described as a dynamic Bayesian network ( [21,70]).
Given i € {1,...,|p|} and two time indices ¢,t' € {1,...,T}, denote by D(i,t,t’) the score
for the prefix of the events sequence 1,... 4, assuming that their actual start times are
S1,...,8;, where s; = t' and assuming that s;;1 = t. This variable can be computed
efficiently in a similar fashion to the forward variables calculated by the Viterbi procedure
in HMMs (see for instance [55]). The pseudo code for computing D(i,t,t") recursively is
shown in Figure 3.4. The best sequence of actual start times, §', is obtained from the
algorithm by saving the intermediate values that maximize each expression in the recursion
step. The complexity of the algorithm is O(|p| |%X|?). However, in practice, we can use the
assumption that the maximal length of an event is bounded, ¢t — ¢ < L. This assumption
reduces the complexity of the algorithm to be O(|p| || L?).

Solving the maximization problem given in Equation (3.7) can be performed in a similar

manner as we now briefly describe. Assume that (5, 5") can be decomposed as follows,

where 4 is any computable function. For example, for the definition of v given in Equa-

tion (3.1) we can set 4(s;, y.) to be zero if |s; — y}| < epsilon and otherwise §(s;,y}) = 1/]5|.
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Input: audio signal X; sequence of phonemes p ; weight vector w ; maximum phoneme
duration L

Initialize: V(1 <t < L), D(0,t,0) =0
Recursion:
Fori=1,...,|p|
Fort=1,...,|x|
Fort =t—L,...,t—1

D(i7t7t/) = t’fgléi;f)/(/<t’ D(i_lat/at//) +w- 1/1(5(,13, t//at/at)

Termination: D* = max D(|p|, T,t")

Figure 3.4: An efficient procedure for evaluating the alignment function.

A dynamic programming procedure for calculating Equation (3.7) can be obtained from
Figure 3.4 by replacing the recursion definition of D(i,¢,t) to

D(i’ b t/) :t/,gl<a;t}§<t/D(i71a t,) t”) + ’?(SiJrla t) +w- ’l,b()_(,]j, t”a t,’ t) : (322)

To conclude this section we discuss the global complexity of our proposed method. In
the training phase, our algorithm performs m iterations, one iteration per each training
example. At each iteration the algorithm evaluates the alignment function once, updates
the alignment function, if needed, and evaluates the new alignment function on a validation
set of size m,. Each evaluation of the alignment function takes an order of O(|p| |X| L?)
operations. Therefore the total complexity of our method becomes O(m m,, |p| |X| L?).
In practice, however, we can evaluate the updated alignment function only for the last 50
iterations or so, which reduces the global complexity of the algorithm to O(m |p| x| L?).
In all of our experiments, evaluating the alignment function only for the last 50 iterations
was found empirically to give sufficient results. Finally, we compare the complexity of our
method to the complexity of other algorithms which directly solve the SVM optimization
problem given in Equation (3.6). The algorithm given in [70] is based on the SMO algorithm
for solving SVM problems. While there is no direct complexity analysis for this algorithm,

in practice it usually required at least m? iterations which results in a total complexity of
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the order O(m? |p| |x| L?). The complexity of the algorithm presented in [72] depends
on the choice of several parameters. For reasonable choice of these parameters the total

complexity is also of the order O(m? |p| |x| L?).

3.7 Base Alignment Functions

Recall that our construction is based on a set of base alignment functions, {¢; };L:l, which
maps an acoustic-phonetic representation of a speech utterance as well as a suggested
phoneme start time sequence into an abstract vector-space. All of our base alignment
functions are decomposable as in Equation (3.21) and therefore it suffices to describe the
functions {v;}. We start the section by introducing a specific set of base functions, which
is highly adequate for the speech-to-phoneme alignment problem. Next, we report experi-
mental results comparing our algorithm to alternative state-of-the-art approaches.

We utilize seven different base alignment functions (n = 7). These base functions are
used for defining our alignment function f(x,p) as in Equation (3.2).

Our first four base functions aim at capturing transitions between phonemes. These
base functions are based on the distance between frames of the acoustical signal at two
sides of phoneme boundaries as suggested by a phoneme start time sequence 5. The distance
measure we employ, denoted by d, is the Euclidean distance between feature vectors. Our
underlying assumption is that if two frames, x; and xy, are derived from the same phoneme
then the distance d(x¢,xy) should be smaller than if the two frames are derived from

different phonemes. Formally, our first 4 base functions are defined as
w](ivﬁv Si—15 Si, Si-‘rl) = d<X8i—j7 Xsi-i-j)v .7 € {17 27 37 4} . (323)

If 5 is the correct timing sequence then distances between frames across the phoneme change
points are likely to be large. In contrast, an incorrect phoneme start time sequence is likely
to compare frames from the same phoneme, often resulting small distances. Note that the

first four base functions described above only use the start time of the ith phoneme and
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does not use the values of s;_1 and s;11. A schematic illustration of this base function form
is depicted in Figure 3.5.

The fifth base function we use is based on the framewise phoneme classifier described
in Chapter 2. Formally, for each phoneme p € P and frame x € X, there is a confidence,
denoted g¢,(x), that the phoneme p is pronounced in the frame x. The resulting base func-
tion measures the cumulative confidence of the complete speech signal given the phoneme
sequence and their start-times,

Si+1—1

Us(R, Dy i1, 80, 8i41) = > Gpi(Xe) - (3.24)

t=s;
The fifth base function use both the start time of the ith phoneme and the (i+1)th phoneme
but ignores s;_1. A schematic illustration of the fifth base function is depicted in Figure 3.6.
Our next base function scores timing sequences based on phoneme durations. Unlike
the previous base functions, the sixth base function is oblivious to the speech signal itself.
It merely examines the length of each phoneme, as suggested by s, compared to the typical

length required to pronounce this phoneme. Formally,
V6(X, Dy Si—1, 8, Si+1) = log N (siv1 — 8i5 flp, ,0p;) (3.25)

where N is a Normal probability density function with mean i, and standard deviation &,.
In our experiments, we estimated ji. and &, from the entire TIMIT training set, excluding
SA1 and SA2 utterances. A schematic illustration of the sixth base function is depicted in
Figure 3.7.

Our last base function exploits assumptions on the speaking rate of a speaker. Intu-
itively, people usually speaks in an almost steady rate and therefore a timing sequence in
which speech rate is changed abruptly is probably incorrect. Formally, let ji, be the average

length required to pronounce the pth phoneme. We denote by r; the relative speech rate,
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£ T
HERN

—Jtsiosi jH+s

Figure 3.5: A schematic description of one of the first four base functions used for speech-
to-phoneme alignment. The depicted base function is the sum of the Euclidean distances
between the sum of 2 frames before and after any presumed boundary s;.

L ey

pPi—1=1¢
L[]

Si—1 S; Si+1

Figure 3.6: A schematic description of the fifth base function. This function is the sum of
all the scores obtained from a large margin classifier, given a sequence of phonemes and a
presumed sequence of start-times.

=

——>
Si — Si—1 Si+1 — 84

Figure 3.7: A schematic description of the sixth base function. This function is the sum of
the confidences in the duration of each phoneme given its presumed start-time.
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ri = (Siy1 — si)/fp. That is, r; is the ratio between the actual length of phoneme p; as
suggested by s to its average length. The relative speech rate presumably changes slowly
over time. In practice the speaking rate ratios often differ from speaker to speaker and
within a given utterance. We measure the local change in the speaking rate as (r; — ri_1)2

and we define the base function 17 as the local change in the speaking rate,
Y7(X, D, Si—1, Si, Sit1) = (1i — 7‘171)2 . (3.26)

Note that 17 relies on all three start-times it receives as an input, s;—1, S;, Si+1-

3.8 Experimental Results

To validate the effectiveness of the proposed approach we performed experiments with the
TIMIT corpus. We first divided the training portion of TIMIT (excluding the SA1 and SA2
utterances) into three disjoint parts containing 500, 100 and 3093 utterances, respectively.
The first part of the training set was used for learning the functions g,, (Equation (3.24)),
which defines the base function 5. Those functions were learned by the algorithm described
in [23] using the MFCC+A+AA acoustic features [30] and a Gaussian kernel (o = 6.24
and C' = 5.0). The second set of 100 utterances formed the validation set needed for our
alignment algorithm as described in Section 3.5. Finally, we ran our iterative alignment
algorithm on the remaining utterances in the training set. The value of € in the definition
of v was set to be 1 (i.e., 10 ms).

We evaluated the learned alignment functions on both the core test set and the entire
test set of TIMIT. We compare our results to the results reported by Brugnara et al. [9]
and the results obtained by Hosom [34]. The results are summarized in Table 3.1. For
each tolerance value 7 € {10 ms, 20 ms, 30 ms, 40 ms}, we counted the number of predictions
whose distance to the true boundary, ¢t = |y; — v}/, is less than 7. As can be seen in the
table our discriminative large margin algorithm is comparable to the best results reported

on TIMIT. Furthermore, we found out in our experiments that the same level of accuracy is
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Table 3.1: Percentage of correctly positioned phoneme boundaries, given a predefined tol-
erance on the TIMIT corpus.

t<10ms ¢<20ms t<30ms ¢ <40ms

TIMIT core test-set

Discrim. Alignment 79.7 92.1 96.2 98.1
Brugnara et al. [9] 75.3 88.9 94.4 97.1
Hosom [34] 92.57

TIMIT entire test-set

Discrim. Alignment 80.0 92.3 96.4 98.2
Brugnara et al. [9] 74.6 88.8 94.1 96.8

Table 3.2: Percentage of correctly positioned phoneme boundaries for each element of the
vector w.

t<10ms ¢<20ms t<30ms ¢ <40ms

w1 7.6 9.9 12.5 15.1
wa 8.3 11.8 15.2 18.7
w3 8.2 12.3 15.9 19.2
Wy 6.7 9.4 12.0 14.9
ws 77.0 88.8 93.6 95.5
We 12.6 19.2 26.2 33.1
wy 12.2 18.3 24.9 31.3
w 79.7 92.1 96.2 98.1

obtained when using merely the first 50 utterances (rather than the entire 3093 utterances
that are available for training).

Our alignment function is based on the weight vector w that determines the linear
combination of base alignment functions. It is therefore interesting to observe the specific
weights w gives to each of the base alignment functions after the training phase. Since the
training algorithm depends on the order of examples in the training set, we ran the algorithm

on several random permutations of the same training set and average the resulting weight
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vector. The resulting vector was found to be

w = (0.17788,0.0093, —2.82 x 10~°,0.0087,0.9622,1.41 x 10~°,0.15815) . (3.27)

We also calculated the standard deviation of each element of w. The standard deviation
was found to be almost 0 for all the elements of the weight vector, indicating that our
training algorithm is rather stable and the resulting weight vector does not depend on the
order of examples in the training set. It is also apparent that the weight of the fifth base
alignment function is dominant. To remind the reader, the fifth base alignment function
corresponds to the frame-wise phoneme classifier. The domination of this feature calls for
a comparison between the performance of each single feature to the performance of our
method that combined together all the features. In Table 3.2 we report the performance
of each of the single base alignment features. We again see that the fifth base alignment
function is most effective. The accuracy of this single feature is inferior to the accuracy
of our combined method roughly by 3%. When using an alternative single base alignment
function, we obtain rather poor results. The advantage of our method is that it combines

the features together to obtain the best performing alignment function.



Chapter 4

Phoneme Sequence Recognition

4.1 Introduction

In this chapter we present an algorithm for phoneme sequence recognition. The algorithm
which aims at minimizing the Levenshtein distance between the model-based predicted
phoneme sequence and the correct one. both on the training set and on the test set. Most
previous work on phoneme sequence recognition has focused on hidden markov Models
(HMM). See for example [13,27,44] and the references therein. Those models are all based
on probability estimations and maximum the sequence likelihhod and are not trained to
minimize the Levenshtein distance.

This chapter is organized as follows. In Section 4.2 we formally introduce the phoneme
sequence recognition problem. Next, our specific learning method is described in Section 4.3.
Our method is based on non-linear phoneme recognition function using Mercer kernels. A
specific kernel for our task is presented in Section 4.4. We conclude the chapter with

experimental results in Section 4.5.

4.2 Problem Setting

In the problem of phoneme sequence recognition, we are given a speech utterance and our

goal is to predict the phoneme sequence corresponding to it. We represent a speech signal

53
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as a sequence of acoustic feature-vectors X = (x1,...,xr), where x; € X for all 1 <t <T.
Fach utterance corresponds to a sequence of phoneme symbols. Formally, we denote each
phoneme symbol by p € P, where P is a set of phoneme symbols, and we denote the
sequence of phoneme symbols by p = (p1,...,pr). Furthermore, we denote by s, € N the
start time of phoneme py (in frame units) and we denote by § = (s1,...,sx) the sequence
of all phoneme start-times. Naturally, the length of the speech signal and hence the number
of phonemes varies from one utterance to another and thus 7" and K are not fixed. We
denote by P* (and similarly X* and N*) the set of all finite-length sequences over P. Our
goal is to learn a function f that predicts the correct phoneme sequence given an acoustic
sequence. That is, f is a function from X™* to the set of finite-length sequences over the
domain of phoneme symbols, P*. We also refer to f as a phoneme sequence recognizer or
predictor.

The ultimate goal of the phoneme sequence prediction is usually to minimize the Lev-
enshtein distance between the predicted sequence and the correct one. The Levenshtein
distance is a atring metric. The Levenshtein distance between two strings is given by the
minimum number of operations needed to transform one string into the other, where an
operation is an insertion, deletion, or substitution of a single character. For example, the
Levenshtein distance between kitten and sitting is three, since these three edits change one
into the other, and there is no way to do it with fewer than three edits (two substitutions
and one insertion). The most known application of the Levenshtein distance is in applica-
tion of spell checkers. However, it is also used to asset the quality of predicting a phoneme
sequence [44]. Throughout this chapter we denote by v(p,p’) the Levenshtein distance be-
tween the predicted phoneme sequence p’ and the true phoneme sequence p. In the next
section we present an algorithm which directly aims at minimizing the Levenshtein distance

between the predicted phoneme sequence and the correct phoneme sequence.
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4.3 The Learning Algorithm

In this section we describe a discriminative supervised learning algorithm for learning a
phoneme sequence recognizer f from a training set of examples. Each example in the
training set is composed of an acoustic signal X, a sequence of phonemes, p, and a sequence
of phoneme start-times, s.

Our construction is based on a predefined vector feature function ¢ : X* x (P xN)* — H,
where H is a reproducing kernel Hilbert space (RKHS). Thus, the input of this function is
an acoustic representation, X, together with a candidate phoneme symbol sequence p and a
candidate phoneme start time sequence s. The feature function returns a vector in ‘H, where,
intuitively, each element of the vector represents the confidence in the suggested phoneme
sequence. For example, one element of the feature function can sum the number of times
phoneme p comes after phoneme p’, while other element of the feature function may extract
properties of each acoustic feature vector x; provided that phoneme p was pronounced at
time ¢. The description of the concrete form of the feature function is differed to Section 4.4.

Our goal is to learn a phoneme sequence recognizer f, which takes as input a sequence of
acoustic features X and returns a sequence of phoneme symbols p. The form of the function

f we use is

fx) = arggnax (msgx w - (X, P, §)> , (4.1)

where w € H is a vector of importance weights that should be learned. In words, f returns a
suggestion for a phoneme sequence by maximizing a weighted sum of the scores returned by
the feature function elements. Learning the weight vector w is analogous to the estimation
of the parameters of the local probability functions in HMMs. Our approach, however, does
not require w to take a probabilistic form. The maximization defined by Equation (4.1) is
over an exponentially large number of all possible phoneme sequences. Nevertheless, as in
HMMs, if the feature function, ¢, is decomposable, the optimization in Equation (4.1) can
be efficiently calculated using a dynamic programming procedure.

We now describe a simple iterative algorithm for learning the weight vector w. The

algorithm receives as input a training set S = {(X1,91,51),- .-, (Xm, Pm, Sm)} of examples.
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Initially we set w = 0. At each iteration the algorithm updates w according to the ith
example in S as we now describe. Denote by w;_; the value of the weight vector before the
ith iteration. Let (], §;) be the predicted phoneme sequence for the ith example according
to Wi-1,
(p{m 52) = argmax. wj_q - d)(ii’p’ §) . (42)
(p,9)
We set the next weight vector w; to be the minimizer of the following optimization problem,

1 2
min = |w —w; +C 4.3
weH,e20 2H i ¢ (4:3)

where C' serves as a complexity-accuracy trade-off parameter as in the SVM algorithm
(see [20]) and £ is a non-negative slack variable, which indicates the loss of the ith example.
Intuitively, we would like to minimize the loss of the current example, i.e., the slack variable
&, while keeping the weight vector w as close as possible to our previous weight vector w;_.

The constraint makes the projection of the correct phoneme sequence (X;,p;, §;) onto w

higher than the projection of the predicted phoneme sequence (f;, ;) onto w by at least
the Levenshtein distance between them. Using similar derivation as in Chapter 3, it can be

shown that the solution to the above optimization problem is
W, = W1 + oA, , (4.4)

where A¢; = ¢(X;, i, 5i) — ¢(Xi, P}, §;). The value of the scalar «; is based on the Leven-
shtein distance v(p;, p}), the different scores that p; and p) received according to w;_1, and

a parameter C. Formally,

R max{vy(p;, p;) — wi—1 - A¢;, 0}
o 156, b (4

A pseudo-code of our algorithm is given in Figure 4.1.

Before analyzing the algorithm we define the following hinge-loss function for phoneme
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Input: training set S = {(X;, p;, 5;) }i ; validation set Sya1 = {(X;, P, 5i) }, 3" ; parameter
C

Initialize: wg =0
Fori=1,....m

Predict: (pj,5;) = argmax w;_1 - ¢(X;, P, 5)
X5

Set: ((wi_1;X;, Pi, 5;) = max{y(pi, ;) — Wi—1 - A¢;, 0}
If ((w;_1;%i,Di,5) > 0
. K(Wi—l;xi,pusi)}
Set: a; = min {C’ ,
A, |2
Update: w; =w;_1+q;-Ag;

Output: The weight vector w* which achieves best performance on a validation set Sy,

Myal

w' = argmin > ~(p;, f(%)))
we{wi,..., W, } j=1

Figure 4.1: An iterative algorithm for phoneme recognition.

sequence recognition,

U(w; (X4, Di, 5i)) = mﬁf}x (s}, p) —w- (¢(ii,ﬁi,§i)—¢(ii,ﬁ;a5/))]+ ) (4.6)

where [a] | = max{0,a}. The phoneme sequence loss function differs from the alignment loss
function defined in Chapter 3 only by the cost function . Here, in the phoneme alignment
case, the cost is the Levenshtein distance, while in the alignment case the cost is defined in
Equation (3.1).

We now analyze our algorithm from Figure 4.1. Our first theorem shows that under some
mild technical conditions, the cumulative Levenshtein distance of the iterative procedure,

S v(Pi, P)), is likely to be small.

Theorem 4.3.1.: Let S = {(X1,P1,51), .-, (X, Pm,5m)} be a set of training examples

and assume that for all i, p' and 3 we have that ||d(x;, P, 5)|| < 1/2. Assume there exists



CHAPTER 4. PHONEME SEQUENCE RECOGNITION 58

a weight vector w* that satisfies

_

w - d(Xi, Di, 5i) — W (%3, 0, 5) > v(pi, D)

for all1 < i< m and p'.Let wq,...,w,, be the sequence of weight vectors obtained by the

algorithm in Figure 4.1 given the training set S. Then,

1 Ui _ _ ]- “ * — - = ]' * (12 1

m;K(Wz’;(Xi,Pi,Si)) s - ;E(W $ (Xiy Dis 8i)) + C’im”w | +§C : (4.7)
In particular, if C = 1/\/m then,

LS ) € 2 St + o (IWIREE) @9

m — (2] l?pl7 K3 m — ) Z7p17 7 \/m 2 . .

The proof of the theorem goes in the same lines as Theorem 3.5.1.

The loss bound of Theorem 4.3.1 can be translated into a bound on the Levenshtein
distance error as follows. Note that the hinge-loss defined by Equation (4.6) is greater than
¥(Pi» 77,

Y(Pi, 7)) < U(wi; (Xiy Pis 54))-

Therefore, we get the following corollary.

Corollary 4.3.2.: Under the conditions of Theorem 4.3.1 the following bound on the

cumulative Levenshtein distance holds,

m

S < = Y twsps) + = (W) @

i=1 =1

The next theorem tells us that if the cumulative Levenshtein distance of the iterative
procedure is small, there exists at least one weight vector among the vectors {wq,..., wy,}
which attains small averaged Levenshtein distance on unseen examples as well. To find this

weight vector we simply calculate the averaged Levenshtein distance attained by each of
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the weight vectors on a validation set. The average Levenshtein distance in defined as

E [’Y(ﬁy ]5/)] = Egp,5~0 V(D f(X)]

where p’ is the phoneme sequence predicted by the function f define in Equation (4.1), and
the expectation is taken over a fixed and unknown distribution ) over the domain of the

examples, X'* x E* x N*.

Theorem 4.3.3.: Under the same conditions of Theorem 4.3.1. Assume that the training
set S and the validation set Sya are both sampled i.i.d. from a distribution Q). Denote by
my, the size of the validation set. Assume in addition that v(p,p’) < 1 for all p and p'.
Then, with probability of at least 1 — & we have that,

iﬁ(w*;(ii,ﬁi,gi)) +Hw*H2+%+\/21n(2/5)+\/21n(2m/5) |

3 NG N (4.10)

1
m
The proof of the theorem goes in the same lines as Theorem 3.5.2.

To conclude this section, we extend the family of linear phoneme sequence recognizers
given in Equation (4.1) to non-linear recognition functions. This extension is based on
Mercer kernels often used in SVM algorithms [73]. Recall that the update rule of the
algorithm is w; = w;_1 + ;A¢; and that the initial weight vector is wy = 0. Thus, w; can

be rewritten as, w; = 23‘21 ajA¢; and f can be rewritten as

i
f(x) = arg;nax max zjlaj <A¢j - P(x,p, §)) . (4.11)

]:
By substituting the definition of A¢; and replacing the inner-product in Equation (4.11)
with a general kernel operator (-, -) that satisfies Mercer’s conditions [73], we obtain a

non-linear phoneme recognition function,

i
f(x) = argmax max Z o (K(ij,ﬁj, 55;%,70,5) — K(Xj,7;, 55 %, P, 5)) . (4.12)
p 5 4
7j=1
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It is easy to verify that the definition of a; given in Equation (4.5) can also be rewritten

using the kernel operator.

4.4 Non-Linear Feature Function

In this section we describe the specific feature function we used. As mentioned in the
previous section, our goal is to design a non-linear phoneme sequence recognizer using
Mercer kernels. Therefore, rather than describing the feature function ¢, we describe a
kernel operator, which computes implicitly the inner-product ¢(x,p,3s) - ¢(xX',p',5). To
simplify our notation we denote by z the triplet (X, p, 5) and similarly z’ denotes (X', 7', 5).
The kernel operators K(z,z") we devise can be written as a weighted sum of three kernel
operators K(z,z’) = 2?21 BiKi(z,z'), where 3; are positive parameters. In the following we
describe the three kernel operators we use.

The first kernel operator, K1, is reminiscent of the acoustic model, which appears in
HMMs. First, for each phoneme p € P, let T),(z) be the set of all frame times in which the
phoneme p is uttered. That is, Tp(z) = {t : Ik, pr =p A s <t < Spg1}. Using this

definition, the first kernel operator is defined to be
x; — x||?
=YY Y ()
202
PEP teTy(z) T€TH(Z')

where o is a predefined constant. We would like to note in passing that the term Ky (z;,z) —

Ki1(z},z) in Equation (4.12) can be rewritten in the following more compact form
H Xit — XTH Hth XTH
D R = o
PEP LteTy(z;) €T (2 teTy () TETp(Z

Rewriting the term in the big brackets in a more compact form,

%]

> Y S utmaen () (4.13)

pEP 7€Ty(z) t=1
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Table 4.1: Calculation of K;: only the bold lettered phonemes are taken into account.

frame |0 1 2 3 4 5 6 7 8 9

p |f £ f£f aa aa aa aa r r <

9 |f £ £ £ ih ih ih r r r

where
1 te€Ty(zi) N t¢Ty(z))

V(t;2:,2;) = -1 t¢Ty(z:) N teTy(z)

0 otherwise

In particular, for all frames x;; such that z; and z, agree on the uttered phoneme, the value
of ¢(t; z;,2) is zero, which means that frame x;; does not effect the prediction.

Before describing Ko and K3, we give a simple example of the calculation of . Assume
that the phoneme sequence p; is /f aa r/ with the corresponding start-time sequence
5; = (0,3,7) and the phoneme sequence p} is /£ ih r/ with the start-time sequence
s, = (0,4,7). Expanding and comparing these sequences, we see that frames 0-2 and 7—
9 match while frames 3-6 mismatch (see Table 4.1). Note that the matched frames do
not effect Equation (4.13) in any way. In contrast, each mismatched frame influences two
summands in Equation (4.13): one with a plus sign corresponding to the sequence p; (the
phoneme /aa/) and one with a minus sign corresponding to the sequence p); (phonemes
/£/ and /ih/).

The second kernel operator Ko is reminiscent of a phoneme duration model and is thus
oblivious to the speech signal itself and merely examines the duration of each phoneme.
Let D denote a set of predefined thresholds. For each p € P and d € D let N, 4(z) denote
the number of times the phoneme p appeared in p while its duration was at least d, that is,

Np.a(z) = |{k : pr =p N (Sk+1 — k) > d}|. Using this notation, KCs is defined to be

Ko(2,2) = > ) Npa(2)Npa(Z)

pEP deD
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The last kernel operator K3 is reminiscent of a phoneme transition model. Let A(p', p)
be an estimated transition probability matrix from phoneme p’ to phoneme p. Additionally,
let © be a set of threshold values. For each 6 € © let Ny(z) be the number of times
we switch from phoneme pj_1 to phoneme py such that A(pr_1,px) is at least 6, that is,

Ny(z) = |{k : A(px—1,pr) > 6}|. Using this notation, K3 is defined to be

Ks(z,2)) = ) Ny(z) No(2')
0O
We conclude this section with a brief discussion on the practical evaluation of the
function f. Recall that calculating f requires solving the optimization problem f(X) =
arg maxp maxs y 5. @ (IC(Z]-, z) — K(z}, Z)) A direct search for the maximizer is not fea-
sible since the number of possible phoneme sequences is exponential in the length of the
sequence. Fortunately, the kernel operator we have presented is decomposable and thus
the best phoneme sequence can be found in polynomial time using dynamic programming

(similarly to the Viterbi procedure often implemented in HMMs [55]).

4.5 Experimental Results

To validate the effectiveness of the proposed approach we performed experiments with the
TIMIT corpus. All the experiments described here have followed the same methodology.
We divided the training portion of TIMIT (excluding the SA1 and SA2 utterances) into two
disjoint parts containing 3600 and 96 utterances. The first part is used as a training set and
the second part is used as a validation set. Mel-frequency cepstrum coefficients (MFCC)
along with their first and second derivatives were extracted from the speech waveform in
a standard way along with cepstral mean subtraction (CMS). Leading and trailing silences
from each utterance were removed. The TIMIT original phoneme set of 61 phonemes
was mapped to a 39 phoneme set as proposed by [44]. Performance was evaluated over the
TIMIT core test set by calculating the Levenshtein distance between the predicted phoneme

sequence and the correct one.
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Table 4.2: Phoneme recognition results comparing our kernel-based discriminative algorithm
versus HMM.

Correct Accuracy Ins. Del. Sub.

Kernel-based 60.8 54.9 59 10.8 284
HMM 62.7 59.1 3.6 105 26.8

We applied our method as discussed in Section 4.3 and Section 4.4 where 02 = 6, C' = 80,
B = {1,0.02,0.005}, D = {5,10,15,...,40} and © = {0.1,0.2,...,0.9}. We compared the
results of our method to the HMM approach, where each phoneme was represented by a
simple left-to-right HMM of 5 emitting states with 40 diagonal Gaussians. These models
were enrolled as follows: first the HMMs were initialized using K-means, and then enrolled
independently using EM. The second step, often called embedded training, re-enrolls all
the models by relaxing the segmentation constraints using a forced alignment. Minimum
values of the variances for each Gaussian were set to 20% of the global variance of the
data. All HMM experiments were done using the Torch package [16]. All hyper-parameters
including number of states, number of Gaussians per state, variance flooring factor, were
tuned using the validation set. The overall results are given in Table 4.2. We report the
number of insertions (Ins.), deletions (Del.) and substitutions (Sub.), as calculated by
the Levenshtein distance. The Levenshtein distance is defined as the sum of insertions,
deletions, and substitutions. Accuracy stands for 100% minus the Levenshtein distance and
Correct stands for Accuracy plus insertions. As can be seen, the HMM method outperforms
our method in terms of accuracy, mainly due to the high level of insertions of our method,
suggesting that a better duration model should be explored. Nevertheless, we believe that
the potential of our method is larger than the results reported and we discuss some possible

improvements in the next section.



Chapter 5

Discriminative Keyword Spotting

5.1 Introduction

Keyword (or word) spotting refers to the detection of any occurrence of a given word in
a speech signal. In this chapter we propose an algorithm for keyword spotting that builds
upon recent work on discriminative supervised learning and overcomes some of the inherent
problems of the HMM approaches. Our approach solves directly the keyword spotting
problem (rather than using a large vocabulary speech recognizer as in [69]), and does not
estimate a garbage or background model (as in [68]).

This chapter is organized as follows. In Section 5.2 we formally introduce the keyword
spotting problem. We then present the large margin approach for keyword spotting in
Section 5.3. Next, the proposed iterative learning method is described in Section 5.4.
Our method is based on non-linear phoneme recognition and segmentation functions. The
specific feature functions we use for are presented in Section 5.6. In Section 5.7 we present
experimental results with the TIMIT corpus and with The Wall Street Journal (WSJ)
corpus.

Related Work. Most work on keyword spotting has been based on HMMs. In these
approaches, the detection of the keyword is based on an HMM composed of two sub-

models, the keyword model and the background or garbage model, such as the HMM depicted
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in Figure 5.5. Given a speech sequence, such a model detects the keyword through Viterbi
decoding: the keyword is considered as uttered in the sequence if the best path goes through
the keyword model. This generic framework encompasses the three main classes of HMM-
based keyword spotters, that is whole-word modeling, phonetic-based approaches and large-
vocabulary-based approaches.

Whole-word modeling is one of the earliest approaches using HMM for keyword spot-
ting [57,61]. In this context, the keyword model is itself an HMM, trained from recorded
utterances of the keyword. The garbage model is also an HMM, trained from non-keyword
speech data. The training of such a model hence require several recorded occurrences of the
keyword, in order to estimate reliably the keyword model parameters. Unfortunately, in
most applications, such data are rarely provided for training, which yields the introduction
of phonetic-based word spotters.

In phonetic-based approaches, both the keyword model and the garbage model are
built from phonemes (or triphones) sub-models [6,47,60]. Basically, the keyword model
is a left-right HMM, resulting from the concatenation of the sub-models corresponding
to the keyword phoneme sequence. The garbage model is an ergodic HMM, which fully
connects all phonetic sub-models. In this case, sub-model training is performed through
embedded training from a large set of acoustic sequences labeled phonetically, like for speech
recognition HMMSs [55]. This approach hence does not require training utterances of the
keyword, solving the main limitation of the whole word modeling approach. However, the
phonetic-based HMM has another drawback, due to the use of the same sub-models in
the keyword model and in the garbage model. In fact, the garbage model can intrinsically
model any phoneme sequence, including the keyword itself. This issue is typically addressed
by tuning the prior probability of the keyword, or by using a more refined garbage model,
e.g. [6,47]. Another solution can also be to avoid the need for garbage modeling through
the computation of the likelihood of the keyword model for any subsequence of the test
signal, as proposed in [36].

A further extension of HMM spotter approaches consists in using Large Vocabulary

Continuous Speech Recognition (LVCSR) HMMs. This approach can actually be seen as
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k = star

s |t |ps=aa|r

S1 S2 83 S4 €4

Figure 5.1: Example of our notation. The waveform of the spoken utterance “a lone star
shone...” taken from the TIMIT corpus. The keyword k is the word star. The phonetic
transcription p along with the alignment sequence s are schematically depicted in the figure.

a phonetic-based approach in which the garbage model only allows valid words from the
lexicon, excepted the targeted keyword. This use of additional linguistic constraints is
shown to improve the spotting performance [10,63,69,75]. Such an approach however raises
some conceptual and practical concerns. From a conceptual point of view, one can wonder
whether an automatic system should require such a linguistic knowledge while a human
addresses the keyword spotting task without knowing a large vocabulary in the targeted
language. Besides this aspect, one can also wonder whether the design of a keyword spotting
should require the expensive collection a large amount of labeled data typically needed to
train LVCSR systems, as well as the computational requirement to perform large vocabulary

decoding [47].

5.2 Problem Setting

Any keyword (or word) is naturally composed of a sequence of phonemes. In the keyword
spotting task, we are provided with a speech utterance and a keyword and the goal is to
decide whether the keyword is uttered or not, namely, whether the corresponding sequence

of phonemes is articulated in the given utterance.
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Formally, we represent a speech signal as a sequence of acoustic feature vectors X =
(X1,...,x7), where x; € X € R? for all 1 <t < T. We denote a keyword by k € V,
where V is a lexicon of words. Each keyword k is composed of a sequence of phonemes
p* = (p1,...,pr), where p; € P for all 1 < < L and P is the domain of the phoneme
symbols. We denote by P* the set of all finite length sequences over P. Our goal is to
learn a keyword spotter, denoted f, which takes as input the pair (X, p*) and returns a real
value expressing the confidence that the targeted keyword k is uttered in x. That is, f is a
function from A™* x P* to the set R. The confidence score outputted by f for a given pair
(%,7") can then be compared to a threshold b to actually determine whether p* is uttered
in X. Let us further define the alignment of a phoneme sequence to a speech signal. We
denote by s; € N the start time of phoneme p; (in frame units), and by ¢; € N the end
time of phoneme p;. We assume that the start time of phoneme p;4; is equal to the end
time of phoneme p;, that is, e; = s;41 for all 1 <[ < L — 1. The alignment sequence 5"
corresponding to the phonemes sequence p* is a sequence of start-times and an end-time,
5% = (s1,...,51,er), where s; is the start-time of phoneme p; and ey, is the end-time of the
last phoneme pr. An example of our notation is given in Figure 5.1.

The performance of a keyword spotting system is often measured by the Receiver Oper-
ating Characteristics (ROC) curve, that is, a plot of the true positive (spotting a keyword
correctly) rate as a function of the false positive (mis-spotting a keyword) rate (see for ex-
ample [4,41,68]). The points on the curve are obtained by sweeping the decision threshold
b from the most positive confidence value outputted by the system to the most negative
one. Hence, the choice of b represents a trade-off between different operational settings,
corresponding to different cost functions weighing false positive and false negative errors.
Assuming a flat prior over all these cost functions, a criterion to identify a good keyword
spotting system that would be good on average for all these settings could be to select

the one maximizing the area under the ROC curve (AUC). In the following we propose an

algorithm which directly aims at maximizing the AUC.
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5.3 A Large Margin Approach for Keyword Spotting

In this section we describe a discriminative supervised algorithm for learning a spotting
function f from a training set of examples. Our construction is based on a set of predefined
feature functions {¢}”_;. Each feature function is of the form ¢; : A" x P* x N* — R

That is, each feature function takes as input an acoustic representation of a speech
utterance X € X*, together with a phoneme sequence pF € P* of the keyword k, and a
candidate alignment sequence 5 € N* into an abstract vector-space, and returns a scalar
in R which, intuitively, represents the confidence in the suggested alignment sequence given
the keyword phoneme sequence p*. For example, one element of the feature function can
sum the number of times phoneme p comes after phoneme p’, while other elements of the
feature function may extract properties of each acoustic feature vector x; provided that
phoneme p is pronounced at time t. The description of the concrete form of the feature
functions is differed to Section 5.6.

Our goal is to learn a keyword spotter f, which takes as input a sequence of acoustic
features x, a keyword ¥, and returns a confidence value in R. The form of the function f

we use is

Fx,7) = max w - (%, 7,5) (5.1)

where w € R" is a vector of importance weights (“model parameters”) that should be
learned and ¢ € R" is a vector function composed out of the feature functions ¢;. In other
words, f returns a confidence prediction about the existence of the keyword in the utterance
by maximizing a weighted sum of the scores returned by the feature function elements
over all possible alignment sequences. The maximization defined by Equation (5.1) is over
an exponentially large number of alignment sequences. Nevertheless, as in HMMs, if the
feature functions ¢ are decomposable, the maximization in Equation (5.1) can be efficiently
calculated using a dynamic programming procedure.

Recall that we would like to obtain a system that maximizes the AUC on unseen data. In
order to do so, we will maximize the AUC over a large set of training examples. In Section 5.5

we show that our algorithm which maximizes the AUC over the training set is likely to
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maximizes the AUC over an unseen data as well. Let us consider two sets of examples.
Denote by X,: a set of speech utterances in which the keyword k is uttered. Similarly,
denote by &) a set of speech utterances in which the keyword k is not uttered. The AUC

for keyword k can be written in the form of the Wilcozon-Mann-Whitney statistic [17] as

Ay, = |X+H | Z Z ]l{f x+,pF)> f(x=,p%)} (5.2)
Flsrext s—ex;
where | - | refers to the cardinality of a set, and 1y refers to the indicator function, that

is, Iyr is 1 whenever the predicate 7 is true and 0 otherwise. Thus, Ay estimates the
probability that the score assigned to an utterance that contains the keyword k is greater
than the score assigned to an utterance which does not contain it. Hence, the average AUC

over the set of keywords V can be written as

‘V’Z fo ’V’Z|X+HX | Z Z L gt pb)> f(x— %)} (5.3)

key key +6X1j 5(—6)(‘1;

We now describe a large margin approach for learning the weight vector w, which defines
the keyword spotting function as in Equation (5.1), from a training set S of examples. Each
example in the training set S is composed of a keyword phoneme sequence p*, an utterance
xt e X,;r in which the keyword £ is uttered, an utterance x~ € A}~ in which the keyword k
is not uttered, and an alignment sequence 5* that corresponds to the location of the keyword
in x*. Overall we have m examples, that is, S = {(p*!, %], %], §’f1), ooy (PP % % BEm
We assume that we have access to the correct alignment 5% of the phonemes sequence p*
for each training utterance X+ € X,j . This assumption is actually not restrictive since such
an alignment can be inferred relying on an alignment algorithm [40].

Similar to the SVM algorithm for binary classification [18, 73], our approach for choos-
ing the weight vector w is based on the idea of large-margin separation. Theoreti-
cally, our approach can be described as a two-step procedure: first, we construct the
vectors (X, pi, z’) and ¢(X;,p",5) in the vector space R" based on each instance
( +

DX, X, ,Ef"), and each possible alignment sequence 5 for the negative sequence X; .
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Second, we find a vector w € R™, such that the projection of vectors onto w ranks the
vectors constructed in the first step above according to their quality. Ideally, for any key-
word k; € Vipain, for every instance pair ()‘(j,i; ) € X,:g X X,; , we would like the following

constraint to hold
w- (X, P ) — max w- (X, 78, 5) > 1 V. (5.4)
S

That is, w should rank the utterance that contains the keyword above any utterance that
does not contain it by at least 1. Moreover, we even consider the best alignment of the
keyword within the utterance that does not contain it. We refer to the difference w -
o(x, i, Ef’) —maxs w-¢(i;,]§ki, 5) as the margin of w with respect to the best alignment
of the keyword k in the utterance that does not contain it. Note that if the prediction of
w is incorrect then the margin is negative. Naturally, if there exists a w satisfying all
the constraints Equation (5.4), the margin requirements are also satisfied by multiplying
w by a large scalar. The SVM algorithm solves this problem by selecting the weights w
minimizing 3 ||w||? subject to the constraints given in Equation (5.4), as it can be shown
that the solution with the smallest norm is likely to achieve better generalization [73].

In practice, it might be the case that the constraints given in Equation (5.4) cannot be
satisfied. To overcome this obstacle, we follow the soft SVM approach [18,73] and define

the following hinge-loss function,

1
ok ok k-
= m 1-w-(x",p",5 )—l—mgxw-d)(x ,0",5) Lo
(5.5)

where [a], = max{0,a}. The hinge loss measures the maximal violation for any of the

_l’_

constraints given in Equation (5.4). The soft SVM approach for our problem is to choose

the vector w* which minimizes the following optimization problem

1 i .
w* = arg;nin 2HVVII2+C‘Z;€(W; (", %5, %7,5) (5.6)
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where the parameter C serves as a complexity-accuracy trade-off parameter: a low value of
C favors a simple model, while a large value of C favors a model which solves all training
constraints (see [20]). Solving the optimization problem given in Equation (5.6) is expensive
since it involves a maximization for each training example. Most of the solvers for this
problem, like SMO [54], iterate over the whole dataset several times until convergence. In
the next section, we propose a slightly different method, which visits each example only

once, and is based on our previous work [19].

5.4 An Iterative Algorithm

We now describe a simple iterative algorithm for learning the weight vector w. The algo-

_k;
i 055

+

7

rithm receives as input a set of training examples S = {(ﬁki,i , X )}, and examines
each of them sequentially. Initially, we set w = 0. At each iteration i, the algorithm updates

X 5’“) as we now describe. Denote by w;_1

w according to the current example (p*, %}, %; , 5;

the value of the weight vector before the ith iteration. Let 5 be the predicted alignment

for the negative utterance, X; , according to w;_1,
§ = argmax w;_1 - ¢(X;,p",5) . (5.7)
S

Let us define the normalized difference between the feature functions of the acoustic
sequence in which the keyword is uttered and the feature functions of the acoustic sequence

in which the keyword is not uttered as A¢,, that is,

1

Ap; = —5—
R | 2

(o, 5™, 5™) - o575, 5)) - (5.8)

The normalization factor is a result of our goal to minimize the average AUC (see Sec-

tion 5.5). We set the next weight vector w; to be the minimizer of the following optimization
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problem,

. 1
min —
weRn >0 2

st. w-A¢p>1-¢,

lw—wi_1|*+C ¢ (5.9)

where C' serves as a complexity-accuracy trade-off parameter (see [19]) and £ is a non-
negative slack variable, which indicates the loss of the ¢th example. Intuitively, we would
like to minimize the loss of the current example, i.e., the slack variable &, while keeping the
weight vector w as close as possible to the previous weight vector w;_1. The constraint
makes the projection of the sequence that contains the keyword onto w higher than the
projection of the sequence that does not contains it onto w by at least 1. It can be shown

(see [19] that the solution to the above optimization problem is
W, = W1 + o AQ; . (5.10)

The value of the scalar «; is based on the difference A®;, the previous weight vector w;_1,

and a parameter C'. Formally,

(5.11)

a; = min {C’, L= Wi - A¢i]+}

1A

The optimization problem given in Equation (5.9) is based on ongoing work on online
learning algorithms appearing in [19]. Based on this work, it is shown in Section 5.5 that,

under some mild technical conditions, the cumulative performance of the iterative proce-

dure, i.e., % o Liw, a¢,>0) 18 likely to be high. Moreover, it can further be shown that
if the cumulative performance of the iterative procedure is high, there exists at least one
weight vector among the vectors {wy, ..., w,, } which attains high averaged performance on
unseen examples as well, that is, there exists a vector which attains high averaged AUC over
a set of unseen examples. To find this weight vector, we simply calculate the averaged loss

attained by each of the weight vectors on a validation set. A pseudo-code of our algorithm
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Input: training set S = {(p*,%x;",%x; , 5%

X )}, validation set Sya); parameter C

Initialize: wo =0
Fori=1,....m
Predict: § = argmaxs w,;_1 - ¢(X; ,p", 3)
Set: Ag; = o(xf, 7", 5%) — (37,9, 5)
Ifw,_1 -Ag, <1
. 1—w; 1 -Ag,
Set: a; = mm{C , W}
Update: w; =w;_1+ ;- Ag,

Output: The weight vector w* which achieves best AUC performance on the validation
set Syal.

Figure 5.2: An iterative algorithm.

is given in Figure 5.2.

In the case the user would like to select a threshold b that would ensure a specific
requirement in terms of true positive rate or false negative rate, a simple cross-validation
procedure [5] would consist in selecting the confidence value given by our model at the
point of interest over the ROC curve plotted for some validation utterances of the targeted

keyword.

5.5 Theoretical Analysis

In this section, we show that the iterative algorithm given in Section 5.4 maximizes the

cumulative AUC, defined as

. 1 &
A= 2D Lwepted 74,55 2we b 75,5} (5-12)
=1

Our first theorem shows that the area above the curve, i.e. 1 — A, is smaller than the
average loss of the solution of the SVM problem defined in Equation (5.6). That is, the
cumulative AUC, generating by the iterative algorithm is going to be large, given that the

loss of the SVM solution (or any other solution) is small, and that the number of examples,
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m, is sufficiently large.

Theorem 5.5.1.: Let S = {(ﬁki,ij,i;, Efl)}:il be a set of training examples and assume
that for all k, X and 5 we have that |d(x,p*, 5)|| < 1. Let w* be the optimum of the SVM
problem given in Equation (5.6). Let wy, ..., w,, be the sequence of weight vectors obtained

by the algorithm in Figure 5.2 given the training set S. Then,

1-A< gki)). (5.13)

where C > 1 and A is the cumulative AUC.

Proof. The proof of the theorem relies on Lemma 1 and Theorem 4 in [19]. Lemma 1 in [19]
implies that,
m
S i (26— adll Ay — 267) < . (5.14)
i=1

Now if the algorithm makes a prediction mistake, i.e., predicts that an utterance that does
not contain the keyword has a greater confidence than another utterance that does contain
it, then ¢; > 1. Using the assumption that ||¢ (X, p*, 3)| < 1 and the definition of a; given in
Equation (5.11), when substituting [1 — w;_1 - A¢;] for £; in its denominator, we conclude

that if a prediction mistake occurs then it holds that

il > min{f;i,C} >min{l,C} = 1. (5.15)

Summing over all the prediction mistakes made on the entire training set S and taking into

account that «;¢; is always non-negative. it holds that

m m
Dl Z ) Vi gt gt 55) <we gm0 ) (5.16)
=1 =1

Again using the definition of a;, we know that a; ¢ < C¢F and that o;||A¢;||? < ¢;. Plugging
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these two inequalities and Equation (5.16) into Equation (5.14) we get

m m

2
E :]l{wi.qb(icz_,ﬁki,§ki)§wi.¢()’(*,ﬁki,§;)} < |w" +2C E 4. (5.17)
=1 =1

The theorem follows by replacing the sum over prediction mistakes to a sum over prediction

hits and pluging-in the definition of the cumulative AUC given in Equation (5.12). O

The next theorem states that the output of our algorithm is likely to have good gener-
alization, i.e. the expected value of the AUC resulted from decoding on unseen test set is

likely to be large.

Theorem 5.5.2.: Under the same conditions of Theorem 5.5.1. Assume that the training
set S and the validation set Sy are both sampled i.i.d. from a distribution Q). Denote by
Myal the size of the validation set. With probability of at least 1 — § we have

1 & , , |w*[|2  /2In(2/5) +/2In(2m/$)
— ; / .S + +
m =1 m \/TTL Myal

, (5.18)

where A is the mean AUC defined as A= Eq |:]]‘{f()’cf~',ﬁki)>f()’<*,ﬁki)}]'

Proof. Denote the risk of keyword spotter f by

risk(f) = E ﬂ{f(ij,ﬁki)gf(i—,pki)}} =P [f(ij_vﬁkl) < f(iivﬁki)}

Proposition 1 in [12] implies that with probability of at least 1 — §; the following bound
holds,

J 1 & 21n(1/6;)
o 2 isk(f) < o ; Yrsrmosneaor ¥

i=1

Combining this fact with Theorem 5.5.1 we obtain that,

1 & . 20 < ||wr? 21n (1/61)
— o< — - . N
— zZ;msk(fl) < ;El + - + Jm (5.19)
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The left-hand side of the above inequality upper bounds risk(f*), where f* =
arg ming, risk(f;). Therefore, among the finite set of keyword spotting functions, F' =
{fi,.-., fm}, there exists at least one keyword spotting function (for instance the function
f*) whose true risk is bounded above by the right hand side of Equation (5.19). Recall that
the output of our algorithm is the keyword spotter f € F', which minimizes the average cost
over the validation set Sy,. Applying Hoeffding inequality together with the union bound

over F' we conclude that with probability of at least 1 — do,

21n (m/d2)

Myal

risk(f) < risk(f*) +

where My, = |Syal|. We have therefore shown that with probability of at least 1 — §; — do
the following inequality holds,

[|w*]|? n V2In(1/6) . V21n(m/d2)
m m Myal ‘

1m
isk < =) U
risk(f) < mZ;+

Setting 6; = d2 = §/2 concludes our proof. O

5.6 Feature Functions

In this section we present the implementation details of our learning approach for the task
of keyword spotting. Recall that our construction is based on a set of feature functions,
{9, };”:1, which maps an acoustic-phonetic representation of a speech utterance as well as
a suggested alignment sequence into a vector-space. In order to make this section more
readable we omit the keyword index k.

We introduce a specific set of base functions, which is highly adequate for the keyword
spotting problem. We utilize seven different feature functions (n = 7). These feature
functions are used for defining our keyword spotting function f(x,p) as in Equation (5.1).
Note that the same set of feature functions found also to be also useful in the task of

speech-to-phoneme alignment (see Chapter 3).
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Our first four feature functions aim at capturing transitions between phonemes. These
feature functions are the distance between frames of the acoustic signal at both sides of
phoneme boundaries as suggested by an alignment sequence 5. The distance measure we
employ, denoted by d, is the Euclidean distance between feature vectors. Our underlying
assumption is that if two frames, x; and xy, are derived from the same phoneme then
the distance d(x,xy) should be smaller than if the two frames are derived from different

phonemes. Formally, our first four feature functions are defined as

¢;(%,7,8) = Y d(X_jis,Xj4s,), JE€{1,2,3,4} . (5.20)
i=2
If 5 is the correct timing sequence then distances between frames across the phoneme change
points are likely to be large. In contrast, an incorrect phoneme start time sequence is likely
to compare frames from the same phoneme, often resulting in small distances.

The fifth feature function we use is built from a frame-wise phoneme classifier described
in [23]. Formally, for each phoneme event p € P and frame x € X, there is a confidence,
denoted gp(x), that the phoneme p is pronounced in the frame x. The resulting feature func-
tion measures the cumulative confidence of the complete speech signal given the phoneme
sequence and their start-times,

1p| siy1—1

$5(X,0,5) = > gp(xs) . (5.21)

i=1 t=s;

Our next feature function scores alignment sequences based on phoneme durations.
Unlike the previous feature functions, the sixth feature function is oblivious to the speech
signal itself. It merely examines the length of each phoneme, as suggested by s, compared
to the typical length required to pronounce this phoneme. Formally,

|pl

¢6(?_<7Z57 §) = Zlog N(S’H-l — Si; /lpi 75-171‘) s (522)
=1

where N is a Normal probability density function with mean /i, and standard deviation &p,.
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In our experiments, we estimated /i, and &, from the training set (see Section 5.7).

Our last feature function exploits assumptions on the speaking rate of a speaker. In-
tuitively, people usually speak in an almost steady rate and therefore a timing sequence in
which speech rate is changed abruptly is probably incorrect. Formally, let ji, be the average
length required to pronounce the pth phoneme. We denote by r; the relative speech rate,
ri = (Sit1 — 8i)/fip;- That is, r; is the ratio between the actual length of phoneme p; as
suggested by s to its average length. The relative speech rate presumably changes slowly
over time. In practice the speaking rate ratios often differ from speaker to speaker and
within a given utterance. We measure the local change in the speaking rate as (r; — ri,1)2

and we define the feature function ¢7 as the local change in the speaking rate,

|p
¢7(}_{7ﬁ7 §) = Z (Ti - Ti—1)2 . (523)

Each of the feature functions is normalized by the number of frames in the speech
utterance, and each of the feature functions is weighted be a fixed constant, {; }]7:1. The

constants are determined so as to maximize performance over a validation set.

5.7 Experimental Results

To validate the effectiveness of the proposed approach we performed experiments with the
TIMIT corpus. We divided the training portion of TIMIT (excluding the SA1 and SA2
utterances) into three disjoint parts containing 500, 80 and 3116 utterances. The first part
of the training set was used for learning the functions g, (Equation (5.21)), which define the
feature function ¢5. Those functions were learned by the algorithm described in [23] using
the MFCC+A+AA acoustic features and a Gaussian kernel with parameter o = 6.24.
The second set of 80 utterances formed the validation set needed for our keyword spot-
ting algorithm. The set was built out of a set of 40 keywords randomly chosen from the
TIMIT lexicon. The 80 utterances were chosen by pairs: one utterance in which the key-

word was uttered and another utterance in which the keyword was not uttered. Finally, we
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ran our iterative algorithm on the rest of the utterances in the training set. The value of
the parameter C' was set to be 1.

We compared the results of our method to the HMM approach, where each phoneme
was represented by a simple left-to-right HMM of 5 emitting states with 40 diago-
nal Gaussians. These models were enrolled as follows: first the HMMs were initial-
ized using K-means, and then enrolled independently using EM. The second step, of-
ten called embedded training, re-enrolls all the models by relaxing the segmentation con-
straints using a forced alignment. Minimum values of the variances for each Gaus-
sian were set to 20% of the global variance of the data. All HMM experiments
were done using the Torch package [16]. All
hyper-parameters including number of states, = /""" """""-""---------- .

!

] |

] ]

. . | |

number of Gaussians per state, variance floor- ! 8 8 g !
]

' i

i

|

ing factor, were tuned using the validation set.

Keyword detection was performed with a

Y

e e e m e

new HMM composed of two sub HMM mod-

els, the keyword model and the garbage model,

as depicted in Figure 5.5. The keyword model ! 1 % :
was an HMM which estimated the likelihood of i ‘ ‘ i

an acoustic sequence given that the sequence

represented the keyword phoneme sequence. | ~ vmmmmmmmmmmmmmo-------

The garbage model was an HMM composed of
phoneme HMMs fully connected to each others,

Fi 5.5: HMM topol for ki d
which estimated the likelihood of any acoustic e OPOTogY IOt KEYWor

spotting.
sequence. The overall HMM fully connected the
keyword model and the garbage model. The detection of a keyword given a test utterance
was performed through a best path search, were an external parameter of the prior keyword

probability was added to the keyword sub HMM model. The best path found by Viterbi

decoding on the overall HMM either passed through the keyword model (in which case the
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Figure 5.3: ROC curves of the discriminative algorithm and the HMM approach, trained
on the TIMIT training set and tested on 80 keywords from TIMIT test set. The AUC of
the ROC curves is 0.99 and 0.96 for the discriminative algorithm and the HMM algorithm,
respectively.
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Figure 5.4: ROC curves of the discriminative algorithm and the HMM approach, trained
on the TIMIT training set and tested on 80 keywords from WSJ test set. The AUC of
the ROC curves is 0.94 and 0.88 for the discriminative algorithm and the HMM algorithm,
respectively.
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Table 5.1: The AUC of the discriminative algorithm compared to the HMM in the experi-
ments.

Discriminative Algo. HMM

Corpus AUC AUC
TIMIT 0.99 0.96
WSJ 0.94 0.88

keyword was said to be uttered) or not (in which case the keyword was not in the acoustic
sequence). Swiping the prior keyword probability parameters set the trade-off between the
true positive rate and the false positive rate.

The test set was composed of 80 randomly chosen keywords, distinct from the keywords
of the training and validation sets. For each keyword, we randomly picked at most 20
utterances in which the keyword was uttered and at most 20 utterances in which it was not
uttered. Note that the number of test utterances in which the keyword was uttered was not
always 20, since some keywords were uttered less than 20 times in the whole TIMIT test set.
Both the discriminative algorithm and the HMM based algorithm was evaluated against the
test data. The results are reported as averaged ROC curves in Figure 5.3. The AUC of
the ROC curves is 0.99 and 0.96 for the discriminative algorithm and the HMM algorithm,
respectively. In order to check whether the advantage over the averaged AUC could be due
to a few keyword, we ran the Wilcoxon test. At the 95% confidence level, the test rejected
this hypothesis, showing that our model indeed brings a consistent improvement on the
keyword set.

The next experiment examines the robustness of the proposed algorithm. We compared
the performance of the proposed discriminative algorithm and of the HMM on the WSJ
corpus [52]. Both systems were trained on the TIMIT corpus as describe above and tested
on the same 80 keywords. For each keyword we randomly picked at most 20 utterances from
the si_tr_s portion of the WSJ corpus. The ROC curves are given in Figure 5.4. The
AUC of the ROC curves is 0.94 and 0.88 for the discriminative algorithm and the HMM

algorithm, respectively. With more than 99% confidence, the Wilcoxon test rejected the
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hypothesis that the difference between the two models was due to only a few keywords.

A summary of the results of both experiments is given in Table 5.1. Close look on
both experiments, we see that the discriminative algorithm outperforms the HMM in terms
of AUC. This indeed validates our theoretical analysis that our algorithm maximizes the
AUC. Moreover, the discriminative algorithm outperforms the HMM in all point of the

ROC curve, meaning that it has better true positive rate for every given false negative rate.



Chapter 6

Discussion

In this thesis we presented several algorithms that set the basis for a large margin kernel-
based acoustic model for continuous speech recognition. We demonstrated the usefulness
of different aspects of the acoustic model on the TIMIT corpus. Along the way, we gave
theoretical support to the algorithms given, and showed that they minimize the loss over
the training set and the test set.

We started with the hierarchical phoneme classifier. We proposed a frame-based multi-
class classifier which imposes a notion of “severity” of prediction errors in accordance with
a pre-defined hierarchical phoneme structure. We describe online and batch algorithms for
solving the constrained optimization problem represents the hierarchical multiclass phoneme
classifier. We derived a worst case loss-bound for the online algorithm and provided gener-
alization analysis for its batch counterpart. We demonstrated the merits of our approach
with a series of experiments. The algorithm is the basis of the speech-to-phoneme alignment
and the keyword spotting algorithms.

Next, we presented a discriminative algorithm for learning a speech-to-phoneme align-
ment function from a training set of examples. The contribution of our algorithm is twofold.
First, we showed for the first time how a large margin algorithm can be used to model the
problem of speech-to-phoneme alignment. Second, we presented a simple yet effective al-

gorithm for solving the problem. Our learning algorithm is more efficient than similar
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algorithms for large margin sequence prediction (such as [70,72]), and is most adequate for
speech, in which we typically have a large number of training examples. Our learning algo-
rithm is simple to implement and entertains convergence guarantees. Moreover, we showed
both theoretical and empirical evidence demonstrating the generalization abilities of our
method. Indeed, the experiments reported above suggest that the discriminative training
requires fewer training examples than an HMM-based forced-alignment procedure.

A whole sequence phoneme recognition which is based on discriminative supervised
learning and Mercer kernels was presented after the speech-to-phoneme alignment. The
error of a phoneme recognizer is often measured in terms of the Levenshtein distance (the
minimum edit distance operations needed to transform the predicted phoneme sequence to
the true one). We proposed an algorithm that directly minimizes the Levenshtein distance
over a training set of transcribed examples and showed its generalization performances over
unseen data as well. So far, the experimental results we obtained with our method for
the task of phoneme recognition are inferior to state-of-the-art results obtained by HMMs.
However, while there has been extensive continuous effort on using HMMs for phoneme
sequence recognition, our method is rather innovative and the choice of features and kernel
operators is by no means comprehensive. We intend to utilize the full power of kernel
methods for phoneme recognition by experimenting with additional features and kernels for
our task.

Last, we showed an algorithm for keyword spotting in a discriminative way. While cur-
rent state-of-the-art are mostly based on traditional generative HMM based approaches,
we introduced a discriminative approach to keyword spotting, directly optimizing an objec-
tive function related to the area under the ROC curve, i.e., the most common measure for
keyword spotter evaluation. Compared to state-of-the-art approaches, the proposed model
showed to yield a statistically significant improvement over the TIMIT corpus. Further-
more, the very same model trained on the TIMIT corpus but tested on the WSJ corpus also
yielded a statistically significant better performance than the HMM based approach. As far

as we know, this is the first time the keyword spotting problem is addressed discriminatively.
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The algorithms presented in this thesis set the basic building blocks for large margin kernel
based continuous speech recognition. However, there remains a gap to be covered: these
algorithms are not sufficiently useful with regards to large vocabulary continuous speech
recognition (LVCSR). By LVCSR we mean a speech recognizer that can handle spontaneous
speech over a vocabulary size of 10,000 words and above. In the following we give a short
description of a kernel-based LVCSR model and discuss some of the open problems in its
design and implementation.

Recall that the problem of speech recognition is stated in Equation (1.1) as the problem
of finding the most likely sequence of words 1w’ given the acoustic feature vectors x. In its

logarithm form it can be written as
w' = argmax logP(x|w) + logP(w) ,
w

where P(x|w) is the probability of the acoustic features given the word sequence known
as the acoustic model, and P(w) is the probability of the sequence of words known as the
language model.

In the LVCSR setting our goal is to learn a function, which takes as input an acoustic

signal X and returns a word sequence w. The form of the function we use is
—/ —
w' = argmax Ww-@(X,w) ,
w

where w € H is a vector of weights in a reproducing kernel Hilbert space H, and ¢ :
X* x V* — H is a vector feature function that maps the acoustic signal X and a candidate
word sequence w to the same space H. In the same spirit of generative LVCSR, this function

can be written as a sum of the acoustic model and the language model,

u—]/ — arg max Wacoustic . ¢acoustic(i,w) + Wlanguage X ¢language(u—]) ’ (6.1)
w

where both wa°ustic and wlanguage are sub-vectors of the vector w. The first term wacoustic.

@*°°YC(% ) in the equation is the acoustic modeling, and it gives confidence for every
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candidate word sequence w and the given acoustic signal x that is spoken.

The second term w'anguage . glanguage () in Equation (6.1) is the language model. Tra-
ditionally, the language model assigns a probability to a sequence of words by means of a
probability distribution. In the discriminative setting, the language model gives confidence
to a string of words in a natural language. Collins and his colleagues [58] described dis-
criminative language modeling for a large vocabulary speech recognition task which would
be suitable for the above setting. Another way to build a discriminative language model is
by using prediction suffix trees (PSTs) [24,62] as demonstrated in [53].

The acoustic model and the language mode in Equation (6.1) are trained discriminatively
together as to minimize the Levenshtein distance between the predicted word sequence and

the correct one, as proposed in Chapter 4. We now describe a simple iterative algorithm

acoustic language

for learning the weight vectors w and w The algorithm receives as input a

training set S = {(X1,w1),...,(Xm, W)} of examples. Each example is constituted of a

spoken acoustic signal X; and its corresponding word sequence w;. At each iteration the

acoustic language

algorithm updates w and w according to the ith example in S as we now

describe. Denote by wa°qustic and w;a_nlguage the value of the weight vectors before the ith

iteration. Let w! be the predicted word sequence for the ith example according to wicqustic
language

and w; ] ,

,u—}g — arg max wacoustic . d)acoustic ()—(i7 'U_Ji) + Wlanguage . ¢1anguage (’U_Jz) ) (6.2)
w

Denote by v(w,w’) the Levenshtein distance between the correct word sequence @ and the

acoustic

language
; to be

predicted word sequence w’. We set the next weight vectors w and w;

the minimizer of the following optimization problem,

1 - : 1
WEI%H&I>0 §||Wac0ust1c _ W?EciustchQ + §||W1anguage _ WiainlguageHQ + Cf (6.3)
s.t. Wacoustic . ¢acoustic (iia wi) + Wlanguage . ¢1anguage (’II)Z) _

Wacoustic . ¢acoustic(}—ci’ ,u—];) o Wlanguage . d)language(u—];) > ’Y(u_]i, u—};) o § ]
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This process iterates over all training examples in S.

Under some mild technical conditions, it can be shown that the cumulative Levenshtein
distance of an iterative procedure , Y ;" | v(w;, @}), is likely to be small. Moreover, it can be
shown [12] that if the cumulative Levenshtein distance of the iterative procedure is small,
there exists among the vectors {wy,...,w,,} at least one weight vector which attains small
averaged Levenshtein distance on unseen examples as well.

The feature functions ¢*©°"¥¢(x, @) gets the acoustic representation, X, and a candi-
date sequence of words, w, and returns a scalar which represents the confidence in the
suggested word sequence. Such a vector feature function that depends on the candidate
word sequence can be hardly found for a small vocabulary recognizer and cannot be found
for a large vocabulary recognizer. We would therefore like to express the vector feature
function in terms of a candidate phoneme sequence, which is the orthographic transcrip-
tion of the candidate word sequence. Once we have a vector feature function that depends
on a phoneme sequence and on an acoustic signal we can use the set of feature functions
and Mercer kernels proposed in Sections 3.7 and 4.4. However, although that set of fea-
ture functions is based on a phoneme sequence, it is also based on the start-time sequence.
While there is a function that maps a word to a phoneme sequence called pronunciation
dictionary, there is no function that can map a word to its correct start-time sequence. One
can use the speech-to-phoneme alignment function learned in Chapter 3, but the meaning
is another pass on the training set. In fact, we can try to find the best alignment of the
phoneme sequence with the speech signal, but that would lead to a non-convex optimization
problem, and no theoretical guarantee on the minimization of the Levenshtein distance.

The algorithm presented here is very similar to the one presented for phoneme sequence
recognition. The real difference between the two, however, is the way one performs the
search. While in the phoneme recognizer, searching over all possible phoneme sequence is
feasible with a Viterbi algorithm, in the word sequence recognizer, running over all possible
word sequences is not feasible. There are common techniques that efficiently and heuristi-
cally handle the search, such as the beam search [32] and the A* stack search [51]. Although

both methods are popular in LVCSR systems, they have difficulties in implementing n-gram
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language models where n is larger than 3 (see [35,49] for a detailed discussion). A method

that is suitable for the language model proposed here is the fast match [2].

Concluding the discussion, we would like to quote a short phrase from a paper by Bourlard,
Hermansky and Morgan [7], who claimed that radical innovations are necessary to address
the problem of speech recognition:

Permitting an initial increase in error rate can be useful, as long as three conditions are
fulfilled:

(1) solid theoretical or empirical motivations,

(2) sound methodology (so that something can be learned from the results), and

(3) deep understanding of state-of-the-art systems and of the specificity of the new ap-
proach...

The development of new technologies will often initially result in a significant increase in
speech recognition error rates before becoming competitive with or better than the best current

systems.
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