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Preface

This is the first book dedicated to uniting research related to speech and speaker recognition
based on the recent advances in large margin and kernel methods. The first part of the book
presents theoretical and practical foundations of large margin and kernel methods, from
Support Vector Machines to large margin methods for structured learning. The second part
of the book is dedicated to acoustic modeling of continuous speech recognizers, where the
grounds for practical large margin sequence learning are set. The third part introduces large
margin methods for discriminative language modeling. The last part of the book is dedicated
to the application of keyword spotting, speaker verification and spectral clustering.

The book is an important reference to researchers and practitioners in the field of modern
speech and speaker recognition. The purpose of the book is twofold: first, to set the theoretical
foundation of large margin and kernel methods relevant to the speech recognition domain;
second, to propose a practical guide on implementation of these methods to the speech
recognition domain. The reader is presumed to have basic knowledge of large margin and
kernel methods and of basic algorithms in speech and speaker recognition.

Joseph Keshet

Martigny, Switzerland
Samy Bengio

Mountain View, CA, USA
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Introduction

Samy Bengio and Joseph Keshet

One of the most natural communication tools used by humans is their voice. It is hence natural
that a lot of research has been devoted to analyzing and understanding human uttered speech
for various applications. The most obvious one is automatic speech recognition, where the
goal is to transcribe a recorded speech utterance into its corresponding sequence of words.
Other applications include speaker recognition, where the goal is to determine either the
claimed identity of the speaker (verification) or who is speaking (identification), and speaker
segmentation or diarization, where the goal is to segment an acoustic sequence in terms of
the underlying speakers (such as during a dialog).

Although an enormous amount of research has been devoted to speech processing, there
appears to be some form of local optimum in terms of the fundamental tools used to approach
these problems. The aim of this book is to introduce the speech researcher community to
radically different approaches based on more recent kernel based machine learning methods.
In this introduction, we first briefly review the predominant speech processing approach,
based on hidden Markov models, as well as its known problems; we then introduce the most
well known kernel based approach, the Support Vector Machine (SVM), and finally outline
the various contributions of this book.

1.1 The Traditional Approach to Speech Processing

Most speech processing problems, including speech recognition, speaker verification, speaker
segmentation, etc., proceed with basically the same general approach, which is described here
in the context of speech recognition, as this is the field that has attracted most of the research
in the last 40 years. The approach is based on the following statistical framework.

A sequence of acoustic feature vectors is extracted from a spoken utterance by a front-end
signal processor. We denote the sequence of acoustic feature vectors by X = (x1, X2, . . . , X7),

Automatic Speech and Speaker Recognition: Large Margin and Kernel Methods Joseph Keshet and Samy Bengio
© 2009 John Wiley & Sons, Ltd



