


TEL-AVIV UNIVERSITY
RAYMOND AND BEVERLY SACKLER
FACULTY OF EXACT SCIENCES
SCHOOL OF COMPUTER SCIENCE

Information Bottleneck for Speech
and Speaker Recognition

Thesis submitted in partial fulfillment of the requirements for the

M.Sc. degree in the School of Computer Science, Tel-Aviv University
by

Ron M Hecht

The research work for this thesis has been carried out at
Tel-Aviv University
under the supervision of Prof. Naftali Tishby
and Prof. Yishay Mansour

September 2007



Acknowledgments

This M.Sc. thesis took me quite a while. One of the rewards in ending it, is
being able to thank all of you that helped me in this interesting voyage. 1
was fortunate to be supervised by a passionate scientist, Prof Naftali Tishby.
I wish to thank him for the stimulating talks, beautiful ideas, encouragement
and for his guidance. I wish to thank Prof. Yishay Mansour for his help.

I wish to thank my wife Hadas and my son Ido for the endless support and
understanding. A very special thanks goes to my family, my mother, my
father, my sister. Lalush and Izo. I wish also to thank, those that helped
me in my struggle to finish this thesis, Shalev Itzkovitz, Ruth Aloni-Lavi
and Ruth Fridberg.



Abstract

Identfying the relevant information in speech signals is an outstanding prob-
lem in speech and speaker recognition systems. The notion of relevant in-
formation is intimately tied to the goal of the system, e.g. phoneme, word,
speaker, language or gender recognition, among others. Here, we explore a
novel approach to the extraction of relevant information for speaker recog-
nition and for speech recognition using a principled information theoretic
framework - the Information Bottleneck method (IB)[TPB99]. The goal of
this approach is to preserve only the relevant information in the speech sig-
nal about the speaker’s identity or about the phoneme sequence. In this
work, we focus on two specific cases of IB - the Gaussian Information Bot-
tleneck (GIB) [CGTWO3] and the Agglomerative Information Bottleneck
(AIB) [ST00a]. We demonstrate that significantly smaller representations
of the signal can be obtained that still capture most of the relevant informa-
tion about phonemes or speakers. By applying GIB for the speaker recog-
nition task, using the NIST SRE dataset, we were able to boost recognition
performance significantly. The information curve enables us to quantify the
tradeoff between relevant and irrelevant information and thus the difficulty
of the task. Using the Information Bottleneck method seems to have signif-
icant implications for building more efficient speech and speaker recognition
systems.



Contents

1 Introduction

2 Information Bottleneck Method
2.1 Agglomerative Information Bottleneck (AIB) . ... ... ..
2.2 Gaussian Information Bottleneck (GIB) . .. ... ... ...

3 Speech Recognition
3.1 Speech Generation Process . .. ... .. ... ........
3.2 Feature Extraction . . . ... ... ... ... ... ...,

4 Speaker Recognition
4.1 Gaussian Mixture Model . . . . . . . ... ... . L.
4.2 Score Normalization . . . . ... ... ... ... ......
4.3  Supervector / Test Utterance Parameterization (TUP) model

5 AIB oriented VQ
5.1 Relevant Speech Quantization . . . . . .. ... ... ... ..
5.2 Database and Feature Extraction . . . . . ... ... .....
53 Results. . . . . . . . . . o

6 GIB oriented Speaker Recognition
6.1 GIB for speaker recognition . . . . . ... ... .. .. ....
6.2 Comparing the GIB and the LDA algorithms . . . ... ...
6.3 Results. . . ... . . . .
6.4 Information Curve . . .. .. .. ... ... ... .......

7 Conclusion

8 Future Work

14
14
15

20
20
21

24
24
25
26

30
30
31
33
35

38

39



Chapter 1

Introduction

Speech recognition aims at extracting relevant features of a spoken conver-
sation. These features may consist of the speaker identity, the language, the
words spoken or others. The notion that is usually directing those systems is
the generative notion. According to the generative notion an effort is made
to build a model that explains the generation process of the signal.

In order to describe the speech recognition challenges more profoundly and
to better understand the use of generative algorithm in speech recognition.
I will first divide them into two subgroups. The first subgroup is the ”sta-
tionary challenges” and the second group is the ”transient challenges”. The
term ”stationary challenges” refers to detection or identification of an aspect
of a call that usually does not change throughout a conversion. Language
identification, speaker recognition and gender recognition are good examples
of members of that group. The language that is used in a conversion can be
changed from one language to another; however that is rarely the case. In
most of the conversions only a single language is used. The same holds for
the speakers’ identities and their gender. The second subgroup, the ”tran-
sient challenges”, involve the detection of aspects of the voice signal that
change rapidly, aspects such as the words spoken. That subgroup is made
out of a diverse set of challenges. Challenges that start from the simplest
of tasks the VAD - voice activity detection and end at the crown jewel of
speech recognition LVCSR Large Vocabulary Continuous Speech Recog-
nition. (The VAD task is usually being referred as a simple one; however
in the present of colored noise and in low SNR (Signal to Noise Ratio) that
task become much more complicated)

We continue by deepening our understanding in the ”stationary challenges”
subgroup. The aspects of a conversion that are part of ”stationary chal-



lenges” subgroup are usually of secondary importance (The speaker usually
unintendedly added those aspects to a conversion). Therefore in order to
tackle those aspects, one needs to overcome the main source of information
in a conversation, the words that were pronounced in it. The commonly
used method to achieve that word equalization effect is by apply a Bayesian
generative model the GMM (Gaussian Mixture Model) [RQDO00]. That ap-
proach tackles the equalization effect in an implicit manner. According to
it, a conversion is sliced into small segments. Each audio segment is trans-
formed into a point in a high dimensional space. Those points in their turn
are treated as a set of i.i.d points. According to the GMM approach, each
point is drawn from one of several possible Gaussian distribution. Each of
those Gaussian distribution has a different prior weight. All of the men-
tioned above is formalized in the following equation.

pop = I[Pl (1.1)
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Intuitively, each Gaussian can be seen as representing a part of a phoneme
in an implicit manner. The GMM algorithm which is the most common
generative algorithm in the ”stationary challenges” subgroup, is presented
in the last equation.

Dealing with challenges from the second subgroup of the ”transient chal-
lenges” is usually referred to as a much more complicated and diverse task.
In order to tackle it, a variety of generative models and algorithms is used.
We will address LVCSR framework as an example for the level of complica-
tion those tasks have and as an example to the generative model associated
with it. The LVCSR challenge is considered as more complicated one, since
in addition to the classification of an event, a detection of the location in
the ausio segment is needed as well.

The speech signal has several sources of information. Each source of in-
formation represents a different level of the human understanding process.
LVCSR system takes advantage of all of those sources in order to improve
recognition accuracy. An even better results are achieved by using those
sources simultaneously. Those sources can fell under main three categories:

e Acoustic Model That model is the lowest level model among the three
models. That model matches between a vowel or a consonant and



the sounds associated with them. Unfortunately, that model is not
accurate enough to provide us with a reasonable level of recognition.

Dictionary the second source of information handles the construction
of worlds from their basic components (phoneme - vowels and conso-
nants). Each word is represented by the list of phonemes that is used
in its pronunciation. Each dialect has different dictionary associated
with it and even some of the words have several pronunciations within
the same dictionary.

Language Model Some words have the tendency to follow other words.
Understanding and modeling the relations between words fell under
the language model responsibilities. One should remember that the
language model changes among different dialect and even among dif-
ferent persons.
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