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Abstract

This study is an investigation into four support vector machines (SVM) kemels. SVMs
have gained much acceptance in classification tasks since their inception in the 1990s. The
central feature of SVM is the implicit mapping of input data to some higher-dimensional
feature space. This is achieved through the use of kernel functions. Popular kernel func-
tions include gaussian, polynomial, sigmoid and linear. This list is by no means exhaus-
tive. The work done in this thesis compares the four kernels mentioned.

Attaining maximum performance with SVM requires optimizing the hyperparameters that
are embedded in the kernel function. The results obtained from the experiments per-
formed indicate that the linear kernel’s performance was the worst compared to the other
three kernels. This can be attributed to the fact that the hyperplane separating the classes
of data is not linear. Moreover, it was shown that all the other three kernels achieved rela-
tively the same performance for each data set considered. We can also conjecture from the
results that the gaussian kernel took excessive time to converge. This fact is also reported
in [52].

SVM was then applied in a hybrid GMM/SVM system using the optimized hyperparam-
eters of each kernel function. The gaussian SVM kernel provided the best performance at
the expense of computational time. The identification error rate using the hybrid system
was further reduced by 7.7%.

it
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Chapter 1

Introduction

1.1 Background

Communication through words to convey feelings, desires, emotions is natural to most of
us. It is this ease of relating from one person to another that engendered the possibility of
computers to capture the essence of speech to perform certain tasks, e.g issuing commands
to a computer instead of using the mouse or the keyboard. Typing on a computer can be
a daunting task for someone who is not familiar with a computer. Hence that person will
feel more comfortable having a speech interface to the computer than typing.

Speech recognition is still an active research area. The fast-growing demand for human-
computer interaction has warranted better machine performance. However, automatic
speech recognition stills falls short of human performance. In digit recognition, machines
are at least two orders of magnitude worse than humans and on conversational noisy
speech, humans are an order of magnitude higher than machines [41].

Speech recognition further generated speaker recognition systems. Speaker recognition
can be classified into two categories, namely identification and verification [18, 76]. In
speaker identification, the system establishes the identity of the speaker from a set of
speakers while speaker verification sees the authentication of speaker based on who he/she
claims to be.

However, speaker identification systems are far from duplicating the human ear. On clean
speech, 100% accuracy is achieved [123, 45, 98] but on noisy speech, the identification
system performs poorly. The highest identification rate to date reported by [98] is approx-
imately 72% on noisy data.



An SID system can be broken down into two stages: a front-end stage and a back-end
stage. The front-end part, also known as the feature extraction process, deals with the
conversion of an acoustic signal into a series of features that contain relevant information.
The characteristics obtained from the front-end stage are known as feature vectors and
they are speaker-dependent. These feature vectors are then fed into the back-end stage,
also known as the classification part. The aim of this stage is to match an unknown
speaker’s features with the stored ones and make a decision based on the maximum scores.

1.2 Support Vector Machines (SYM)

Support Vector Machines have been applied successfully on different classification prob-
lems and they have been shown to perform better than other classifiers, e.g neural net-
works (NN) {116]. SVMs are state-of-the-art pattern recognition techniques that stem
from statistical learning theory {139, 140]. They are based on guaranteed risk bounds of
statistical learning theory. They use the principle of structural risk minimization (SRM)
which minimizes the empirical risk on the test data yielding good generalization.

SVM is inherently a binary classifier and it finds the optimal linear hyperplane separating
two classes of data. This optimal hyperplane is found by maximizing the distance be-
tween the two classes. SVM treats the classification problem as a quadratic optimization
problem. For non-linear decision boundaries, SVM uses the kernel trick {2] to transform
input data to a higher dimensional space and construct the linear hyperplane in that fea-
ture space. It then projects the data back to the input space where a non-linear decision
boundary is obtained. No a priori knowledge is needed for the mapping from input space
to feature space. The kernel function performing the mapping must be symmetric and
satisfy Mercer’s theorems [29, 139, 140]. The kernel functions allow SVM to be flexible
in searching for various feature spaces.

1.3 Objectives of this thesis

The objectives of this thesis are to:

e study various SVM kernels.

e search for the optimal hyperparameters of the SVM kernels using the NTIMIT
database.



o implement a hybrid GMM/SVM system.
e report on the performance of the kernels and on the hybrid system.

e draw necessary conclusions and make recommendations.

1.4 Contribution

The primary objective of this thesis is to explore the use of different SVM kernels for
speaker recognition using the NTIMIT database. SVMs have been applied in the past
few years on a wide range of classification problems [13, 70, 129, 104, 106]. This the-
sis investigates the performance of four different kernels applied on the NTIMIT [108]
database. Instead of comparing SVM with other classifiers, it is important to investigate
SVM itself by using its different kernels. Some studies comparing SVM kernels can be
found in [40, 138, 126, 143]. Furthermore, this thesis also looks, to a lesser degree, at a
GMM/SVM hybrid system by using the optimal hyperparameters found by the evaluation
of the various kernels. The main focus of attention in this thesis is the evaluation of the
SVM kemels rather than on the hybrid system.

1.5 Previous work

Experiments were performed at the beginning of this research to investigate the perfor-
mance of SVM as compared to GMM when applied to a speaker identification task [69].
The comparative study was done using thirty-eight people from the NTIMIT database. It
was found that SVM outperforms GMM for limited data. As the amount of training data
increases, GMM achieves better performance than SVM. In [95], Mashao proposed an
N- best hybrid GMM/SVM system that takes advantage of the fact that SVM performs
better on less data. He reported that the complementary system reduced the identifica-
tion rate by 11%. Mashao used the gaussian SVM kernel. This initiated the investigation
of SVM kemels amongst themselves to find out the best hyperparameters for the vari-
ous kernels. Furthermore, the optimal hyperparameters obtained were then applied to the
complementary system developed in [95].



1.6 Structure of thesis

Chapter 2 gives an overview of current speech technology. It also provides background
information on speaker recognition, more specifically speaker identification. Some appli-
cations of SID are also highlighted in this chapter.

Chapter 3 provides information on support vector machines (SVM). This chapter in-
cludes detailed information about the choice of kernels that is central to the task in this
thesis. Four kernels are investigated, namely gaussian, sigmoid, polynomial and linear.

Chapter 4 deals with the experimentation part of this research. Each SVM kernel is
investigated to obtain the best hyperparameters for the task. Results together with the
relevant discussions are given for three sets of data used in each case.

Chapter S deals with a GMM/SVM hybrid system. Each kernel, dealt with in chapter 4,
produced a set of optimal parameters. They are in turn applied to the hybrid system.

Chapter 6 concludes this thesis based on the results obtained in chapters 4 and 5. Further
work pertaining to the task dealt with in this report is also included in this chapter.



Chapter 2
Speech Technology

The aim of this chapter is to give an overview about speech technology. The problem of
speaker identification and its applications are also dealt with.

2.1 Introduction

What is speech? If we are fortunate to have the sense of sound, then we hear and listen to
different kinds of sounds everyday. One of them is speech. Let us pause for one moment
and try to understand the real meaning of speech. There are several definitions of speech.
Speech can be defined as “communication by word of mouth” [148], “making definite
vocal sounds that form words to express thoughts and ideas” [66] and “‘the oral medium
of transmission for language” [43], amongst others. Basically, speech is “making definite
vocal sounds that form words to express thoughts and ideas” [66]. It is one of the most
important ways of human communication.

The powerful advances in technology have made it possible to have computer-human
interaction. Speech recognition is one of the cutting edge technologies using the computer
as its medium. It allows the user to have more control when using a computer. For
example, instead of using the mouse for performing certain commands, the user can issue
commands to the computer by speaking into a microphone connected to the computer.
Thus it converts speech into text. Speech recognition can be divided into three main
categories [33]:

¢ discrete speech and continous speech.



Discrete speech recognition requires the user to say one word at a time, thus re-
quiring a pause after each word. On the other hand, continuous speech recognition
allows the user to speak sentences without pauses between words.

e speaker-dependent and speaker-independent

Speaker-dependent recognition means that the system is trained for a particular
voice. Every single user must train the system to recognize his/her voice. In
other words, speaker-dependent systems are tailored to suit the speaker. Speaker-
independent systems are designed such that any speaker can train the system by
uttering words to the computer. The system is not trained on the voice of the
speaker but rather on what the speaker is saying.

¢ small vocabulary and large vocabulary

Speech recognition systems depend also on the vocabulary size. The latter still
presents a challenge to an automatic speech recognition system. Vocabulary size
depends largely on the type of application that speech recognition will be used on.
For example, an office dictation programme might require 10000 words while an
industrial inspection task needs only 200 words [33]. Large vocabulary usually
ranges from 2000 to 200000 words while small vocabulary ranges from 2 to 200
words.

Three types of errors can be made by a speech recognizer:

® rejection error

A rejection error occurs when the machine does not classify the utterance. It sim-
ply rejects it instead. A simple solution to the problem is to repeat the utterance
again.

e substitation error

This type of error occurs when the recognizer mistakes the speaker’s utterance and
substitutes it with another word. This misrecognition is not distinguishable from
a legal utterance. Hence, one can verify that the user’s utterance was understood.

@ insertion error



With this type of error, the recognizer classifies noise as a legal utterance. For
example, if there were other people in the room talking or there was music playing
or even a simple sneeze, the recognizer interprets the background noise as a valid
word.

2.2 Brief history of speech recognition'

Automatic speech recognition (ASR) has been a challenge for many decades. The ulti-
mate goal of an ASR machine is to enable the machine to recognize a spoken word and
understand its meaning. It will be an added boon if the machine can understand any word
from any speaker. Attempts at ASR date as far back as the 1930s. In 1936, AT&T’s Bell
Labs produced the first electronic speech synthesizer (text-to-speech) called the Voder. In
1952, [34] built an isolated digit recognition for one speaker. Olson and Belar [109] tried
to recognize ten syllables of a single speaker in 1956.

The 1960s saw a dramatic change in methodology that contributed positively to the ASR
field. Martin et al. [92] developed a set of methods that considerably reduced the variabil-
ity of recognition scores. Vintsyuk [141] proposed the concepts of dynamic time warp-
ing (DTW). Research done by [117] in the field of continuous speech recognition was
a major contribution to the ASR field. From the 1970s till today, there have been rapid
development of ASR. From speaker-dependent ASR, researchers at AT&T’s Bell Labs
started experiments that were speaker-independent [34]. In the early 1970s a new mod-
elling method, namely hidden markov models (HMM), was proposed by Lenny Baum of
Princeton University. In 1971, DARPA (Defense Advanced Research Projects Agency)
set up a programme to understand continuous speech. Hence, there was great impetus in
developing ASR systems for continuous speech as opposed to isolated word/digit recog-
nition.

ASR has been evolving quite rapidly since then with newer and better methods proposed
to achieve high accuracy. Tremendous advances have been made in the past years. In
1982, Dragon Systems was founded. In 1995, they released the first dictation speech
recognition system to consumers. Charles Schwab is the first company to allocate re-
sources to develop a speech recognition IVR (Interactive Voice Responce) system with
Nuance. The system handles up to 50,000 requests daily and is found to be 95% accurate.
Dragon Systems introduced “Naturally Speaking”, which is the first continuous speech
dictation software, in 1997.

ISource taken from [114, 147, 5]



In 2000, TellMe introduced the first voice portal which uses speech technology to interpret
the speaker’s commands and text-to-speech technology to present the information. The
year 2000 also saw the launch of Office Depot’s first voice-enabled internet applications
by NetBytel.

2.3 Applications of speech technology?

Speech recognition systems are used in several areas in our daily lives. The opportunities
of speech recognition are immeasurable. Dictation packages exist that allow people to in-
put text to a computer without the use of a keyboard. The voice portal has brought about
the voice browsing technology. The latter is very advantageous as it allows people with-
out computers to get online by using the telephone. Airline schedules, weather forecast,
TV programmes and stock quotes can be accessed using the voice browsing hands-free
technology. The latter is also useful for people with disabilities such as visual impairment.

Speech recognition can also be used at call centres. British Telecom offers a fully speech-
enabled White Pages Directory Assistance system. Cellphone companies are also making
use of speech recognition. It is possible to utter the name of the person you want to call
and the call is made. A further cellphone application is the implementation of recording
memos, speeches, etc and then have a computer convert the speech to text. Another
application of speech technology is in the sending of emails. Users are also allowed to
send email over the phone. SpeechMail is one such system that allows this application.

2.4 Speech production

Speech production starts with the conceptualization of an idea that a speaker wants to
transmit to the listener [114]. The speaker then converts the idea into a set of words
based on the speaker’s language. Finally, the speaker executes neuromuscular commands
causing the vocal organs to move accordingly, thus producing a sequence of sounds.

The vocal tract consists of a set of organs for speech production. The vocal tract is the
most important speech production system. It consists of the laryngeal pharynx, oral phar-
ynx, oral cavity, nasal pharynx and nasal cavity [18]. The main three cavities in the vocal
tract are the throat, oral and nasal cavities. The vocal tract starts at the vocal folds and

28ource taken from [147]



ends at the lips. The reader is refered to [114] for a schematic drawing of the vocal tract.
A male’s vocal tract is approximately 17 cm long [114].

The lungs are the source of air for speech production. The airflow from the lungs causes
the vocal folds to vibrate. The velum (soft palate) controls the airflow to the nasal cavity.
The tongue, mouth, velum, jaw, teeth and lips, known as articulators, produce different
sounds based on their positions [74]. During exhalation, the vocal folds can either be
tensed or relaxed [114]. The vibratory motion of tensed vocal folds produces a voiced
sound. For relaxed vocal folds, an unvoiced sound is produced by the passage of air
through a narrow consfriction in the vocal tract.

The vocal tract carries speaker-dependent characteristics [36, 64, 114, 18] and hence can
be used for a speaker identification system. Another distinguishing factor of speech that
can be used to identify speakers is the learned characteristic which includes speaking rate,
dialect and prosodic effects [18].

2.5 Background to speaker recognition

For centuries, humans have been performing speaker recognition in their daily lives. The
identification of voices start at a very early age, e.g babies recognize their mother’s voice.
Speaker identification is quite easy for the human ear. But automatically identifying a
person remains a challenging task. In order to reliably identify a person, one needs to
know certain distinguishing characteristics of that person such as the face, voice, iris and
fingerprint. This is known as biometric person recognition [78]. The latter is one of the
three ways of authenticating a person [72]. The other two processes of automatic person
recognition involve information a person has, e.g a pin number or password and a token
the person possesses e.g a credit card. Biometric person recognition is the most effective
amongst the three methods as credit cards can be stolen and pin numbers forgotten.

2.5.1 Speaker identification

Speaker recognition can be classified into speaker verification and speaker identification.
Speaker verification is the process whereby a speaker is authenticated on who he/she
claims to be. This involves a binary decision on the validity of the claim. Speaker iden-
tification, on the other hand, is the process of recognizing an unknown speaker out of a
database of speakers given a speech utterance as input. In this case, there are N possible



outcomes compared to just two possible outcomes in the verification case.

SID systems can be either closed set or open set. In a closed set speaker identification
system, all the test utterances belong to one of the enrolled speakers [18] whereas an open
set allows test utterances from unknown speakers [53]. Speaker identification systems
can further be subdivided into two categoriés based on text dependence. Text dependent
systems require the speaker to utter specific words or sentences. The linguistic content
of the utterance is of utmost importance. Text independent systems, on the other hand,
require no prior knowledge of the speaker’s utterance. Figure 2.1 shows a general speaker
recognition problem. The speaker verification task follows the same taxonomy as the SID
task.
Speaker Fiecognﬂlon
Y
Speaker Verlfication Speaker Identification

|
| '
Cloged Set Open Sef

I

v v
Text independent Text dependent Texti independent Text Jependent

Figure 2.1: Speaker Recognition Problem

2.5.2 The paradigm for speaker identification

Speech conveys various kinds of information about the speaker including gender, age,
dialect, emotional state and attitude [145] amongst others. There are three main processes
that happen so that speech is possible [114]. Firstly, a person formulates an idea. Then,
he/she chooses the right words/sentences according to his/her language and finally the
neuro-muscular commands from the brain move the vocal production organs accordingly.

The voice characteristics of a speaker are largely determined by the size and shape of
the vocal tract [114]. The size of the male vocal tract is more than that of females and
children. Females and children have smaller vocal folds than males. As a result, their
overall pitch is higher. Females have pitch ranging from 120-200 Hz while males’s pitch
frequency vary between 60-120 Hz [112]. It is important in a SID task to extract those
discriminative characteristics for modelling.

10



2.5.2.1 Feature extraction

We can consider a speech signal as a sequence of features with speaker-dependent char-
acteristics. A feature extraction process separates each speaker according to these char-
acteristics. The front-end of an SID system is the feature extraction process. The latter
converts the speech signal into a sequence feature vectors. It is important that sufficient
information is extracted from the speech signal for effective modelling [54]. Feature ex-
traction can be considered as a process that reduces the amount of data from the original
speech signal while retaining speaker-dependent information [74].

Various feature extraction methods can be found in the literature. These include linear
prediction cepstral coefficients (LPCC) [114, 90, 134], mel-frequency cepstral coefficients
(MFCC) [133], parameterized feature sets (PFS) [93], etc. These methods consist of the
front-end part of an SID system.

2.5.2.2 Classification

The classification stage is a decision-making process whereby the identity of a speaker is
determined based on stored information. The feature vectors extracted from each speaker
utterance are fed to the classification stage. A model of each speaker is generated from
these feature vectors. To identify a speaker, the feature vectors extracted from the un-
known speech signal are matched to the models of each enrolled speaker and a decision
is made as to the identity of the speaker.

The back-end of a SID sytem is known as the classification stage. Back-ends used in
SID system are vector quantization (VQ) [132, 75], gaussian mixture models (GMM)
[121], neural networks (NN) [116], hidden markov models (HMM) [26], support vector
machines (SVM) [47, 32], etc. GMM is the most used classification system and it has
been shown to produce the best results combined with PES as the front-end [98]. Recently,
SVM learning engine has emerged as a powerful classification system.

Figure 2.2 shows a general structure of an SID system and figure 2.3 shows the back-end
stage. This study uses PFS as the front-end and SVM as the back-end. The main focus of
this thesis is on evaluating the different SVM kernels. A detailed discussion of SVM and
its kernels are given in chapter 3.

11



Speech Speaker

Feature exiraction Classifier -
Signal Identification

Figure 2.2: Block Diagram of a Speaker identification system

Training Model Training ©
Speaker
Feature
Vectors Models
Testing _| Decision Process \—rl/
Decision
of
current speaker

Figure 2.3: Classification stage of SID

2.5.3 Applications of SID

The main applications of SID range from security systems to forensics. In forensic ap-
plications [125], prerecorded voice samples or telephonic recordings of the perpetrator’s
voice can be used to determine whether the suspect is the perpetrator. This application of
SID is very useful for criminal investigations. Forensics is one of the earliest real-world
applications of SID.

Security applications can use SID for access control to buildings, computer networks,
e-banking and phone transactions. These systems need authorization to gain access to
them. Hence a person can be identified according to his biometric, voice, before entering
a building or accessing a computer. In the case of e-banking [10], a person’s information
can be stored on a smart card. Whenever, he/she needs to perform e-banking transactions,
he/she inserts the card into a device attached to the computer and identifies himself/herself
by speaking into a microphone. A person can also make changes to his/her accounts or
even shop over the phone by identifying themselves.

12



2.6 Summary

This chapter has provided background information on speech technology. Speaker identi-
fication, which is a branch of speech recognition, was also discussed. Finally, this chapter
discussed some of the potential applications of SID.

13



Chapter 3

Support Vector Machines (SVM)

The aim of this chapter is to provide an understanding of the basics underlying support
vector machines. The chapter will start by considering the empirical risk minimization
principle compared to structural risk minimization principle. Support vector classification
for linear and non-linear cases are then described. Finally, the importance of the choice
of kernel is dealt with.

3.1 Introduction

Support Vector Machines (SVMs) are machine learning systems that were originally in-
troduced by Vapnik [139] and co-workers. SVMs are discriminative classifiers that have
good generalization characteristics.

SVMs have been successfully applied to many real-world problems. The latter include,
but are not limited to, the automatic categorization of gene expression data from DNA mi-
croarrays [13], machine vision [110], text categorization [70], hand-written digit recogni-
tion [83, 82], colour-based classification [21], phonetic classification [25], speaker iden-
tification [129], time-series prediction [104, 106], musical instrument classification [91],
classification of milk based on the odour and fat content of the milk [14] and the detection
of microcalcifications in mammograms [42].

A Support Vector Machine (SVM) is a supervised learning technique that learns the de-
cision surface through discrimination. In supervised learning, the algorithm tries to learn
the relationship between the input and output data. The functional relationship mapping
the input to the output is given by the target function, also known as the decision function
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in a classification example [32].

3.2 Generalisation theory

The performance of a learning machine is given by its generalization. The latter is the
ability of the learning machine to classify unseen data.

3.2.1 Empirical Risk Minimization (ERM)

Let a two-class classification problem be defined as (z1, ¥1), (2, ¥2)s .. » (Tn, ¥n) Where
z;, (i = 1, .. , n) are input data and y; = {+1, —1} are the class labels for each data
point. The aim of the learning machine is to find a classifier with the decision function,
f(z), such that y = f(z). Let P{z,y) be a probability distribution generating training
and testing data [15]. The quality of the function f can be measured by minimizing the
expected error as shown in equation 3.1.

R(f) = [ L(f(2),)dP(z,1) G3.1)
where L denotes an appropriately chosen loss function.

The risk function (also referred to as the actual risk) given in equation 3.1 cannot be
minimized directly as no a priori information is known about the probability distribution.
Hence, instead of minimizing the actual risk, the empirical risk can be minimized. The
empirical risk is given by equation 3.2

n

Ry () = & 3 LU (52), 30 (32)
i=

and is defined as the mean error computed over available training data. Minimization

of equation 3.2 is called Empirical Risk Minimization (ERM). ERM is widely used in

optimization algorithms for machine learning. Using ERM alone can lead to overfitting

of data as the learning algorithm does not take into consideration the complexity of the

learning machine.
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3.2.2 Structural Risk Minimization (SRM)

Structural Risk Minimization (SRM) seeks the tradeoff between empirical risk and the
capacity of the learning machine. In other words, it seeks to minimize the upper bound
on the generalization error [139]. The VC (Vapnik-Chervonenkis) theory provides a way
of controlling the complexity of a function class. One of the core concepts of statistical
learning theory is the VC dimension. The latter is a measure of the capacity of a learning
algorithm. It shows how well a learning machine can classify data.

The loss function described in equation 3.1 can only take the values 0 and 1. It can take
take several values if for some n, 0 < n < 1, Then for losses taking these values, the

inequality bounding the risk is given by equation 3.3.

h(log(% + 1) — log(2))

(3.3)

R < Rem(f) 4

The parameter, A, in equation 3.3 is a non-negative integer and is called the VC dimension.
If the complexity of the function class F', that f is chosen from, is restricted, then the VC
dimension can also be defined as the maximum number of training points that can be
shattered using functions of the class.

The second term of equation 3.3 is called the VC confidence and it depends on the chosen
class of functions. SRM chooses the function class that minimizes the bound on the actual
risk. This is achieved by training each subset of the function class so that the empirical risk
is minimized. In other words, the SRM principle chooses the function that minimizes the
right hand side of equation 3.3 [15]. Figure 3.1 is a representation of SRM. The optimal
point on the graph describes the bound on the expected risk.

Bound on expacied rlak
Optimum

Confidence Interval

Expecied risk

Emplrical risk

VC dimenslon

Figure 3.1: Representation of SRM
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3.3 Training

3.3.1 Linear SVM
3.3.1.1 The separable case

Restricting the classification problem to a binary one, the goal is to separate the two
classes by constructing a linear decision boundary or hyperplane. Consider the set of
training samples 71, Za, ...., Tm Where z; € R". Each sample has a corresponding label y,
Y2, ey Ym Where y; €{-1,1} indicating which of the two classes the samples belong to.
Figure 3.2 shows such an arrangement of samples where the square samples denote the
positive samples and the round samples denote the negative examples.

® o0
o @ 4, oo
@
® 0 o®
@
(]
0O p oo
O 0 o
O ]
O g
(] o g

Figure 3.2: Binary representation of classification problem

Let f(z) be a linear function represented by

f@)=wx+b (3.4)

where w is a weight vector and b is a constant.

w and b are the parameters that control the function and the mapping that can separate the
two classes is given by the sign(f(z)).

3.3.1.2 Optimal separating hyperplane

The pair (w.,b) defining the hyperplane between the two classes is not unique. Hence,
there exists an infinite number of decision boundaries which satisfy the equation f(z) =
sign(w.x+b). The best decision boundary is the one that maximizes the margin between
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the two classes while minimizing the empirical risk. Figure 3.3 shows a binary problem
where the samples are linearly separable. There are different hyperplanes, for instance
H1, H2, H3, H4 that will classify the samples perfectly but H3 is the one that maximizes
the margin between the classes as shown in figure 3.4. SRM, thus, provides the optimal
hyperplane.

H1

H3 &g 0
S K @ @ e @
H2 . ®
H4 Tl L0 @ ® @
O <
..... ‘\‘“
O poOao N
R
op O o A
O
O
i
= A
Y

Figure 3.4: Hyperplane with maximum margin

The points that lie on the hyperplane separating the data satisfy the following equation:

wx+b=20 (3.5

The hyperplane separates the data if and only if

(wx+b) >0 (3.6)
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fory; = 1 and

(wx+b) <0 (3.7
for Yi = -1

Scaling w and b leads to equations 3.8 and 3.9.

(wx+b)>1 (3.8)

fory; =1

(wx+b) < -1 3.9
fory; = —1
Combining equations 3.8 and 3.9 leads to equation 3.10.
(x;.w + b)y; > 1Vi (3.10)
The optimal hyperplane is obtained by finding the plane that maximizes the distance be-
tween the hyperplance and the closest data point. The distance to the closest data sample

is given by equation ?

w.X;+b ma w.x; +b
— AT {x;|y;=—1}
[Iwll Y

Equation 3.10 shows that the minimum and maximum values are +1. Hence, equation
3.11 is simplified to obtain equation 3.12.

(3.11)

d = mingx|y,=1}

Iwll

1 -1 2

= e e = (3.12)
el liwll fiwll

The margin associated with the optimal hyperplane is thus equal to ﬁ as shown in figure
3.4.

The theory of Lagrange multipliers [8] can be used to solve the optimization problem.
Introducing a Lagrange multiplier, ¢; , for each constraint, the primal form of the function
is:
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Lp= ;—nwuz ~ Y au(wlmiw+ )~ 1),04 2 0 (3.13)

The optimization of equation 3.13 leads to a convex quadratic programming problem.
Minimizing the Lagrangian leads to the following equations:

E oY = 0 (314)

and

W= E QYT (315)

Substituting equations 3.14 and 3.15 into equation 3.13 yields the dual optimization for-

mulation:

1
Lp =3 o= 5D ouoyiysicz; (3.16)

1%
Adjusting the Lagrange multipliers, ¢, maximizes the objective function.

From equations 3.15 and 3.4, we can see that the decision function can be defined as:

f(x) = ouys(xix) + b (3.17)

By using the Karush-Kuhn-Tucker conditions [80], we obtain the following equation:

oilyi(zw+b) -1 =0 (3.18)

All training data with non-zero «’s are known as support vectors. All other training data
have o; equal to zero. Support vectors define the decision boundary. They carry all the
information about the given problem. ¢; is non-zero for all examples satisfying:

vi(zew+b) =1 (3.19)
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3.3.1.3 The non-separable case

The above sections dealt with the case where the training data are completely separable.
Many classification problems often involve non-separable training data. Given such prob-
lems, the goal is still to find the linear boundary that maximizes the margin and minimizes
the errors on the training data. The optimization equation 3.13 no longer applies as it will
not converge. To allow for misclassification errors and penalize them accordingly, a soft
margin [28] is introduced. This results in the introduction of slack variables, £, and a
penalty function, C.

The resulting constrained minimization problem is

L= .;.nwu? +CY 0,(6),0>0 (3.20)

subject to

(:r:g.w+b)y,- >1 —f,' 1= 1, ...... ,l
&2>0Vi

where &; are the slack variables
C is the penalty for a training error
@ is the cost function that penalizes errors

Figure 3.5 shows a classifier with training errors. Similar to the separable case, the dual
optimization is given by equation 3.21.

Figure 3.5: Allowing misclassification errors in non-separable case
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' 1
Lp= Z %3 D ChOy YT T (3.21)

]
subject to the constraints

OSC!,'SC
2ioy; =0

The dual optimization formulation for the non-separable case is identical to the separable
case, except for an upper bound imposed on the Lagrange multipliers.

3.3.2 Non-linear SVM

There are various real-world classification problems where linear decision boundaries fail,
¢.g for noisy training data. Hence the need for non-linear decision boundaries arises.

SVM uses the “kernel trick” [2] whereby input data are projected to a higher dimensional
space where linear separability is possible. Hence the problem is solved in the result-
ing space and projected back to the input space where a non-linear decision boundary is
obtained.

The input vectors in all the optimization functions in equations 3.16 and 3.21 occur as dot
products. Finding the optimal decision boundary directly in a higher dimensional space
can be computationally expensive and very complicated. By using [2], the authors showed
that the “kernel trick” can be used to achieve the mapping. With the choice of a suitable
kernel, the data can be separated in the feature space despite being non-separable in input
space. Let @ be a mapping from input space to a higher dimensional feature space.

Figure 3.6: Kernel mapping from input space to feature space

®:R* — RN (3.22)
where N is the dimensionality of the new feature space. Figure 3.6 shows such a mapping.
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The dot product in input space is now replaced by ®(z;).®(z;) . All the dot products in
equations 3.16 and 3.21 can be replaced by a kernel function, K, where

K (zi, 75) = ®(x:)- B(z;)
The new optimization problem now becomes:

1
Lp=3 o= 32 oioyyiy;K(3i, z;) (3.23)

4
subject to the constraints 0 < a; < cand 3; o4y = 0

To classify the data, the new decision function is

- fle) =) aipK (mi,x) + b (3.24)

and classification of unseen examples is achieved by sign(f(z)).

An example of a projection from input space to feature space is given below. Let the data
be in a two-dimensional space ? and the transformation is to a ®? space [52]. Hence,
we can choose a polynomial transformation of degree 2. The kernel function can be
represented as K (z,y) = (z.y)% If the mapping is defined as shown in equation 3.25,

®(z)-8(y) = (z.y)? (3.25)

where T = (21, z2) and y = (31, y2)

then, the projection is represented by equation 3.26.

K(:L', y) = (:E%, T1T2, Taly, mg)(yfa Y1Ya, Y2, yg)T (326)

The function P can thus be defined as shown in equation 3.27.

B(x) = | V21,1, (3.27)
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Provided the kemnel function is a valid one, no knowledge about the transformation ® is
required. All eligible kernels must satisfy two conditions:

e it must be symmetric and

e it must satisfy Mercer’s theorem [29, 139] which states that there exists a mapping
® and a kernel function K (z,y) = ®(z).®(y), if and only if, for any function g(z)
such that

J g(z)*dz is finite,
the kernel function must satisfy the inequality:
J K(z,y)9(z)g(y)dzdy > 0

Generally if the Kernel function is represented by a dot product in some feature space,
it can be used. Some of the most commonly used kernel functions are given in table
3.1. Each kemel defines a different type of feature space, for example an SVM with RBF
kernels, the resulting architecture is an RBF network [16]. However, good generalization
should be achieved considering the bounds on generalization error [139, 140, 32]. Itis not
imperative to know the functional form of the mapping @, since it is implicitly defined by
the choice of the kemel, K (z, y) [16].

Table 3.1: Different types of kernel functions

Type of Classifier Kernel Function, K (z,y)
Linear (z.y+1)
Radial Basis Function (RBF) e~ 5t
Polynomial (sz.y + )¢
Sigmoid tanh(sz.y + 1)

3.3.3 Multiclass SVM

SVM is inherently a binary classifier. But it can be extended to handle multiple classes.
Several different schemes have been proposed to handle multiclass classification problems
[51, 99, 56, 60]. The one-against-all classifier and one-against-one classifier are two of
the widely used classifier algorithms.

3.3.3.1 One-against-all classifier

This classification scheme constructs £ SVM models where k is the number of classes.
The ith SVM is trained where SVM attempts to construct a decision hyperplane separating
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the ith class from the rest. Hence, all examples in the ith class are assigned postitive
labels and all other examples, negative labels. Classification of an unseen test example,
x, is given by the class that maximizes the decision function given by equation 3.24. The
resulting classifier is :

class of x = argmazi= ... p(yi K (z;, z) + b)

3.3.3.2 One-against-one

This classification algorithm was introduced in [77] and first used in [51] and [79]. It splits
a multiclass problem into several binary problems. Hence, k(k — 1)/2 classifiers are built
whereby each one is trained from the binary set of data. After all k(k — 1)/2 models
are trained, a voting strategy [51] is used to classify unseen data. Each binary classifier
assigns a vote to one of the two classes. A test sample, x, is classified as belonging to the
class with the most votes. Mayoraz and Alpaydin [99] used this type of classifier.

3.4 Choice of Kernels

From the previous section, it can be seen that kernels are used for the mapping of training
data from the input feature space to a higher dimensional space. An SVM’s performance
is highly dependent on the choice of the kemel.

The kemels given in table 3.1 are discussed in this section. These kernels differ in the VC
dimension, their smoothing properties and their generalization performance [65]. Each
kernel depends on various parameters. One of these parameters, C, does not appear in the
non-linear mapping from input space to feature space. But it is also treated as a kernel
parameter.

3.4.1 Previous work on kernel selection

Boser et al. [11] applied SVM on handwritten digit recognition problem. They used the
polynomial kernel with degrees 1 to 6 and the gaussian kernels for o between 0.1 and
4.0. They reported that maximum classification was obtained using the polynomial ker-
nel from degree 3. In [126], SVMs are applied to phoneme classification. He used the
linear, polynomial and gaussian kernels and reported that the gaussian kernel performed
better. Ayat et al. [6] applied SVM to digit image recognition. They compared three

25



types of kernels, KMOD (kernel with moderate decreasing), polynomial and RBF. They
reported that KMOD kernel achieved the highest performance but the polynomial kernel
of degree 4 performed better than the RBF kernel. SVM was used in [138] to identify top
quark events and no significant difference in performance was seen when using the RBF
and sigmoid kernels. Dumas [40] showed that the sigmoid kernel achived the highest ac-
curacy when SVM was applied to the classification of emotion on human faces. Wan and
Campbell [143] applied SVM to speaker verification and identification tasks and [129]
implemented SVM on a speaker identification system only, Wan and Campbell [143]
reported that the polynomial kernel performed better than the RBF.

3.4.2 Gaussian (or RBF) kernels

The gaussian kemel function, also known as the radial basis function (RBF) kemel, is
given by K(z,y) = exp(—u’%”;lﬁ). It determines the dot product in an infinite dimen-
sional space. The weight of the kernel function decreases exponentially with the square
of the distance. The width o, which is the variance, determines the weight of near and far
samples. Points that are far away from the centre of the gaussian kernel are considered to
be irrelevant. The support vector lies at the centre of the gaussian with variance, o.

The gaussian kernel has two parameters namely, o and the cost factor, C. The latter is
the trade-off between the training error and model complexity. It is also regarded as one
of the hyperparameters of the gaussian kemel. The RBF kemel is the most widely used
kernel for classification. It provides better generalization than the other kernels. ‘

34.3 Polynomial kernels

The polynomial kernel is given by (s z.y + r)%. This kernel maps the data into (n + d)
dimensional space where n is the dimensionality of the input space. The resulting decision
boundary is a polynomial [16]. This kemel is less widely used than the RBF kernel
because it becomes increasingly difficult to train the SVM as the value of the output
increases. The output of the polynomial kemel function depends on the direction of two
vectors in low-dimensional space [24]. All vectors in the same direction have a high

output.
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3.4.4 Sigmoid kernels

The sigmoid kernel is given by tanh(sz.y + r). It has three tunable hyperparameters,
namely 7, s and the cost function, C. The sigmoid kernel is quite popular due to its
origin from neural networks [116]. Since it is not postive semi-definite (PSD), it cannot
be regarded as a valid kernel. However, the kernel matrix is conditionally positive definite
(CPD) for certain parameters and is therefore a valid kemnel for those parameters only
[87]. Optimizing the sigmoid kemnel entails finding the centre of the function. s is viewed
as a scaling parameter of the input data [87]. It scales the width of the sigmoid kemnel.
Small s values generate wide sigmoid function, while a narrow function is obtained with
large s values. The r parameter shifts the sigmoid function along the x-axis. It does
not affect the scaling of the sigmoid. Lin and Lin [87] showed the best performance for
different ranges of s and r. Table 3.2 shows those results. The sigmoid kernel behaves
like the RBF kernel for certain values of s and r.

Table 3.2: Behaviour of sigmoid kernel for a combination of hyperparameters [87]
T Results
K is CPD after r is small; similar to RBF for small o
in general not as good as the (+, —) case
objective value —oo after r is large enough
easily an objective value of —co

E Sk
BEaEdN

3.4.5 Linear kernels

The linear kernel is the simplest kernel function. It is given by the following equation
(z.y + 1). It has only one tunable parameter which is the penalty term, C. The linear
kernel results in the same objective function given by equation 3.21. It is a specific case
of the polynomial kernel with degree 1. The linear kernel has the disadvantage that it does
not perform well when the relation between the target values and attributes is non-linear.
In [73], Keerthi and Lin show that the linear kernel is a special case of the RBF kemel as
the linear kernel with a penalty parameter C has the same performance as the RBF kernel
with parameters (C, o).
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3.5 Summary

This chapter has introduced and described the theory of support vector machines. The
principles of empirical risk minimization and its relationship to structural risk minimiza-
tion were also discussed. The power of SVM to map input data to a higher dimensional
space was also dealt with. In addition, SVM extended to the multiclass situation was
highlighted. Examples of previous work that involved a comparison of SVM kemels
were provided. Finally, the choice of the kernels was discussed.
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Chapter 4
Evaluations of the kernels

This chapter deals with the evaluation of SVMs using different kernels on a speaker iden-
tification problem. The NTIMIT database [108] was used for the experiments. NTIMIT
is a corpus of continuous speech passed through telephone channels, hence introducing
noise. The database consists of 630 speakers from eight major dialect regions of the
United States. Each person in the database reads ten sentences comprising of two stan-
dard sentences (sa), five phonetically rich sentences (si) and three unique sentences (sx).

The front-end part of the SID system was not dealt with in this thesis. The front-end
feature system, PFS [93], was used to obtain the feature vectors of each speaker. Three
sets of two people were used for the experiments. Set A consists of two male speakers, set
B is made up of two female speakers and set C comprises of a male and a female speakers.
The feature vectors of each utterance consists of 30 dimensions. The leave-one-out (10o)
scores of each person were then computed. The loo scores are the accuracy rates of each
speaker as the hyperparameters are varied.

For the speaker identification task, a training set and a testing set were created whereby the
utterances in the test set were unknown to the training phase of the SVM. The training set
was made up of eight utterances and the remaining two utterances were used for testing,

4.1 Toolkits used

The experiments were performed using two different toolkits, namely SVMTorch [27]
and LIBSVM [20]. The classification methods differ for the two toolkits. SVMTorch uses
“one-against-all” classification while LIBSVM uses “one-against-one”. The work done in
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this thesis is not a comparison of the two toolkits. Hence, the results do not indicate which
toolkit performed better. The results are taken from the toolkit that performed better for
any particular task. Some studies that made use of the SVMTorch toolkit are [126], [101]
and [19]. Other studies that used the LIBSVM toolkit are [138], [40] and [63].

4.2 Data sets used for evaluations

Three sets of two people were randomly chosen and used for the experiments. The three
letters of each speaker represents the speaker’s initials and the number differentiates the
speakers with identical initials. Set A consists of two male speakers taken from dialect
regions dr2 (Northern dialect) and dr6 (New York City dialect). The speaker chosen
from dr2 was 'mdm?2’ and that from dr6 was 'dsc0’. Set B is made up of two female
speakers namely 'mem(’ and ’sxa0’. Speaker 'mem(’ comes from dialect region drl
(New England dialect) while speaker sxa0’ originates from dialect region dr'7 (Western
dialect). Set C comprises of a male and a female speakers. The male speaker chosen was
’zmb(’ from dialect region dr2 (Northern dialect). The female speaker was *adg(’ from
dialect region dr4 (South Midland dialect).

4.3 Comparison of different kernels

Four different kernels were used to examine their performance compared to one another.
They are namely, gaussian, sigmoid, polynomial and linear kernels.

4.3.1 Effect of kernel parameters on performance

The performance of the SVM machine depends on the hyperparameters of the kernels
used. Since we do not know a priori the optimal hyperparameters needed to ensure high
accuracy, a search for these parameters is needed. We would like to find the parameters
that would give the best generalization performance. The data are scaled between +1
and -1. Scaling of the data is performed to avoid numerical problems during calculation.
Another advantage of scaling is to avoid attributes in greater numeric ranges to dominate
those in smaller numeric ranges. As mentioned earlier, three sets of two speakers were
chosen to perform the experiments. It would have been more advantageous if the whole
database (630 speakers) was used for the selection of best parameters, but due to excessive
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computational time, it does not seem feasible to do so.

4.3.1.1 Using a gaussian kernel

The gaussian kernel function is given by K (z,y) = exp(-—u%la’ém). It has two parameters
namely the variance of the kernel, ¢ and the cost factor, C, used to penalize training errors
during training. A search was performed to obtain the optimal hyperparameters. [73] sug-
gests taking logC and logo? as the parameters of the hyperparameter space. [94] showed
that the optimal parameters for unscaled data are C = 2'° and o = 25, Experiments were
done to check the validity of [94] and the results are reported in table 4.1. Figure 4.1 gives
some visual information for the same range of parameters. The results clearly show that
the performance of the classifier is dependent on the parameters. From table 4.1, we can
see that the performance does not change dramatically for increasing values of C. This
shows that a larger value of C does not affect the accuracy of the system as when C' = 210,
all the data have been accounted for; the optimal solution has been reached. The blank
spaces in table 4.1 are due to the fact that the SVM machine was not able to converge at
the time of completion of this thesis.

The data of the three sets of speakers mentioned earlier were then scaled and a “grid
search” was performed. The data was scaled between -1 and 1 by using equation 4.1.

2(z — man)

T = -1 @.1)

" maz — min
where min and mag denote the minimum and maximum values of the i/th attribute re-

spectively.

A logarithmic scale for the parameters was still used. [95] reported hyperparameter de-
pendence on data scaling. Experiments done in this thesis found that the best parameters
for all three sets were found to be o = 1 and C = 256. The same parameters were found
in [95]. Irrespective of gender, the best parameters for the gaussian kernel are the same.
Figures 4.2, 4.3 and 4.4 show the accuracies for the three sets. We can deduce that the
system does not confuse between gender and between the identities of female speakers.
For male speakers, however, there is a 14.45% identification error. The fact that for gen-
der identification, the system performed better is supported in [86, 1]. Slaney [131] also
reported that classifying female speakers is easier than male speakers.

In [95], Mashao showed a higher accuracy using a different type of scaling as shown in
equation 4.2.
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2, = ad 4.2)

~ maz(abs(z))

The latter was applied to check the validity of [95]. The accuracy of set A improved to
91.11%. Figure 4.5 shows the accuracy for set A using scaling defined in equation 4.2.

Figure 4.1: Performance on unscaled data

Table 4.1: Effect of kernel parameters on the classification performance of RBF kernel

| logC for o = 2" | Accuracy, % | logo for C = 2"° | Accuracy, % |

10 88.88 10 50.56
11 88.88 11 50.56
12 88.88 12 50.56
13 £8.88 13 48.88
14 88.76 14 77.77
15 88.76 15 88.88
16 88.76 16 -

17 88.88 17 -

18 88.76 18 -

4.3.1.2 Using a sigmoid kernel

The sigmoid kemel is given by tanh(sz.y + r). It has three tunable hyperparameters,
namely r, s and the cost function, C. Since it is not known which r, s and C are the
best for our problem, a parameter search is done. As the number of parameters increases,
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Figure 4.2: Hyperparameter dependence for set A
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Figure 4.3: Hyperparameter dependence for set B
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Figure 4.4: Hyperparameter dependence for set C
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Figure 4.5: Hyperparameter dependence for set A using scaling described in equation 4.2
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the search for optimal hyperparameters becomes increasingly difficult. Lin and Lin [87]
showed that s > 0 and r < 0 are suitable for the sigmoid kernel. Hence, we used these
conclusions to perform the search.

For set B, a grid search was conducted on different r, s and loga(C). This search is
represented in figure 4.6. From figure 4.6, a better region was identified and a finer grid
search was then performed. Figure 4.7 shows a refined grid with s set at 0.11 and the
seach was performed on loge(—r) from 1 to 1.5 and loge(C) from -2 to 10. The best (r,
s, ) are (—2.8,0.11, 1024) with an accuracy of 98.88%.

The same principle was used for grid searches for sets A and C. For set C, s = 0.11 was
found to be the optimal as the case was for set B. Figure 4.8 shows a coarse grid for set
C and figure 4.9 shows its refined version. The best (, s, c) are (—2.8,0.11,1024) with a
100% accuracy.

For set A however, the best s was found at 8.05. Figure 4.11 shows a coarse grid
search and figure 4.12 shows its corresponding refined version. The best (r, s,c) are
(—40, 8.05, 1.15) with an accuracy of 72.22%. This means that for the male speakers, the
sigmoid function fitting the data is quite narrow as compared to sets B and C. We can
also deduce from the value of C that the learning machine is allowing many classification
errors to exist.

Assigning the penalty to the misclassification given by C'is a crucial step in SVM. A small
value of C allows many misclassification errors and a large value of C allows minimal
misclassification errors, thus allowing the learning machine to attain maximum accuracy.
Figures 4.10 and 4.13 show the accuracies on data sets C and A.

In [87], H.T. Lin and C. J. Lin found that generally, the sigmoid kemel does not perform
better than the RBF kernel. Table 4.2 compares the best accuracies using the sigmoid and
RBF kernels. It can be seen that the sigmoid kernel matches the results from the RBF
kernel with data sets B and C. In the case of set A, it performs reasonably well but not
better than the RBF kemel. These results are in line with [87].

Table 4.2: Comparison of accuracies between sigmoid and gaussian kernels

Data Sigmoid Kernel Gaussian Kernel
best (r, logC) | best % accuracy | best (o, logC) | best % accuracy
Set A (-40,0.2) 72.22 (1,8) 85.55
Set B (-2.8,10) 98.88 (1,8) 08.88
Set C (-2.8,10) 100 (1,8) 100
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Figure 4.8: Coarse sigmoidal grid search on s and C for set C
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4.3.1.3 Using a polynomial kernel

The polynomial kernel is given by (s z.y + r)%. There are four parameters of interest in
tuning the polynomial kernel. They are s, 7, d, the degree of the polynomial and ¢. The
grid search for this kernel is more computer extensive as there are four unknown param-
eters. In [143], the authors found that the polynomial kernel can lead to an optimization
problem that has an ill-conditioned Hessian. They attribute this fact to the large order of
the polynomial and to very high dimensional input data, thus rendering the value of the
kemnel excessively large. Table 4.3 shows the best accuracies for each set. It can be noted
from the results that the best performance occurs at order 4 for each set. The same deduc-
tion can be made as before; the system confuses between the identity of male speakers to
a great extent as compared to the other two sets.

Table 4.3: Accuracies using polynomial kernel

Data Set best (r, 5, C, d) | best % accuracy |
Set A (males) (4.5,10,4) T2.22
Set B (females) (-4,8,10,4) 98.88
Set C (male/female) | (-4,5,10,4) 100

Figures 4.14 and 4.15 show a 3-dimensional plot of the accuracy rates of set A data for
orders 2 and 4 respectively. Figure 4.16 shows the accuracy of the learning machine as
the order of the polynomial increases. It can be seen that the highest accuracy is obtained
at degree 4. As the degree increases beyond 4, the polynomial kernel fails to classify the
speakers. This is in accordance with [144].

An exhaustive search for the best parameters was performed for sets B and C and it was
found that a polynomial of order 4 gave the best accuracy. The best accuracies are shown
in table 4.3. Figures 4.17 and 4.18 show the accuracies of sets B and C respectively.

4.3.1.4 Using a linear kernel

The form of the linear kernel is (z.y + 1). This kemnel is the simplest of all the kernels
considered in this study. The linear kemel has only one parameter, C. Since the data
under investigation are not linearly separable, the linear kemnel fails to classify the data.
As C varies from 1 to 3000, the performance remains at 67.78% for set A, 33.33% for
set B and 60.00% for set C. This shows that C' = 1 is the finite limiting value in line
with [73]. The linear kernel performs poorly compared to the other kernels because the
separating plane between the two classes for each data set is not linear.
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Figure 4.17: Performance forset B,r=-4,d=4

42



E383d888

Figure 4.18: Performance forsetC,r=-4,d=4

4.3.2 Computational time

The experiments were performed on a 3.0GHz Pentium I'V system. The execution time for
each kernel is given in table 4.4. The times given are in minutes. The first observation that
can be made is that the linear kernel took excessive time to converge. This is because of
the same factor discussed previously. Besides the linear kernel, the gaussian kernel takes
the longest amount of time to classify the data. The sigmoid kernel, however, is the least
expensive in terms of computation time. It would seem advantageous to use the sigmoid
kernel for a classification problem. However, the sigmoid kernel is non-PSD but CPD
for some parameters only. Hence, the problem of finding the optimal hyperparameters
becomes very computer intensive. The fact that gaussian kernels take longer to converge
than other kernels is reported in [52]. The same observation was made in this study.

Table 4.4: Computational time (in minutes) of the different kernels
| Kernels |SetA |SetB | SetC |

Gaussian 60 56 35
Sigmoid 10 21 25
Polynomial | 25 35 15
Linear 120 70 50
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4.3.3 Discuossion of results

From the results obtained, it can be observed that the linear kernel performs poorly. This
can be attributed to the fact that the decision plane in the feature space separating the
two classes is non-linear. Figure 4.19 shows a comparison of the various kernels. The
bargraph does not include the linear kernel as it does not warrant any comparison due to
its poor performance. It can be observed from the figure that for sets B and C the three
kernels namely, gaussian, polynomial and sigmoid, have the same performance. For set
A, however, the highest accuracy is obtained from the gaussian kernel. There is 13.33%
difference between the gaussian kernel and the other two kernels for set A. Set A which
includes the male speakers could not achieve performance as high as the other two sets.

The system could not clearly distinguish the male speakers. The gaussian kernel achieved
an identification rate of 85.55% while the polynomial and sigmoid kernels achieved an
accuracy of only 72.22%. One of the possible reasons for the “poor” performance on set
A could be associated with the fact that the two males chosen in our experiments sound
very much alike. Another cause could be that there is considerable broadband noise in the
speakers’ utterances. When two other male speakers with relatively less noise were used,
an accuracy of 100% was obtained.

It can also be observed from the results of each data set that the optimal hyperparameters
for each kernel are approximately the same. For the gaussian kernel, the parameters
were the same irrespective of the data set. The optimal parameters for the polynomial
kernel were also closely related in the feature space. The sigmoid kernel presented same
parameters for sets B and C but set A’s parameters were very far from the others. A shift
of r = —40 on the x-axis is far from r = —2.8. Also, the low value of the penalty term
(C = 1.15) indicates that the sigmoid kernel function allowed many misclassifications.

In [32], it is reported that ultimately each valid SVM kernel should have the same perfor-
mance. It can be deduced that after an exhaustive search of optimal hyperparameters was
performed for each kernel, approximately the same results were obtained on each data
set.

As expected, the linear kernel took the longest amount of time to attempt to classify the
data. The computational time of the gaussian kernel was also high when compared to
the sigmoid and polynomial kernels as reported in [52]. The sigmoid kernel, being the
least inexpensive in terms of training time, does not warrant its use for a classification
task. Finding its optimal hyperparameters is very computationally expensive. The author
would advise the use of the gaussian or the polynomial kernels. However, in the case of
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Table 4.5: Previous research on kernel selection

| Previous work | RBF | Polynomial | Sigmoid | Linear | Best kernel |

Phoneme Classification [126] Vv v Vv RBF
Classification of gene data [128] Vv v Vv Vv RBF
Prediction of protein [62] Vv Vv Vv RBF
Vowel Classification [52] Vv Vv RBF
Handwritten digit recognition [11] Vv Vv Polynomial
Speaker id/verification [143] Vv Vv Polynomial
Digit image recognition [6] Vv Vv Polynomial
Identification of top quark events [138] Vv Vv Same
Classification of emotion [40] N4 Vv v Vv Sigmoid
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Chapter 5

Hybrid GMM-SVM speaker
identification system

This chapter looks into a hybrid GMM-SVM on a speaker identification problem. It starts
by giving an overview of gaussian mixture models (GMM). It then considers experiments
done on the hybrid system and a discussion of the results obtained is presented.

5.1 Introduction

The GMM-SVM system uses the generative strength of GMM coupled with the discrim-
inative power of SVM to improve the performance of a system. Fine et al [46] proposed
such a system on a text-independent speaker identification task. Their baseline system,
GMM, produced an N-best list based on GMM likelihood scores while the classifica-
tion algorithm, SVM, uses that N-best list to output the speaker with the maximum score.
They reported a 25% reduction in identification error rate (compared to the original GMM
system) in using 52 speakers from the LLHDB database [124].

Fine et al also investigated similar hybrid systems in speaker verification tasks [47] and
in digit recognition in a noisy environment [48]. Le and Bengio [81] also considered such
a hybrid system on a speaker verification task. In all these cases, the hybrid approach
outperforms the original GMM system. Mashao [95] presented N-best hybrid system on
a text-independent speaker identification system. He reported a maximum performance
of 74.6% in using 630 speakers from the NTIMIT [108] database for the N-best hybrid
system.
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Since SVM performs better with limited data [69, 97], it seems advantageous to use SVM
to classify the top two speakers. Since the errors made by GMM and SVM are uncorre-
lated [47, 46, 48], this provides an attractive opportunity to complement the two systems.
This chapter entails using the same principle in [95] for the hybrid system. The four
SVM kernels dealt with in chapter 4 are applied in turn to the SVM machine. The opti-
mum hyperparameters obtained in chapter 4 for each of the kernels are used in the hybrid
system,

5.2 Brief description of GMM

Gaussian mixture models (GMM) represent a state-of-the-art technique for speaker iden-
tification tasks. The feature vectors of a speaker, obtained from the feature extractor PFS,
are modeled by a GMM density [119]. Given a D-dimensional feature vector denoted as
z, the mixture density is defined as:

M
p(z | A) = Y_pibi(z) (5.1)
§=1
The Gaussian mixture density is a weighted sum of M component densities, b¢(z) given

by equation 5.2:

(o) = Gy < eplogE - () e} 6D

The parameters of each density are the mean vector, 4, and diagonal covariance matrix,
>°2. The mixture weights satisfy the constraint 3, p; = 1. Each speaker is represented
by a model, A, where

A={p, I, i}, i=1,.. M

The values of M = 32 and D = 30 are used in the experiments. Given the feature
vectors from a speaker’s training speech, the aim of the model training is to learn the
parameters of the GMM. This is achieved by expectation-maximization (EM) algorithm.
EM is an iterative algorithm which produces maximum likelihood (ML) estimates [37].
For a given set of speakers S = {1, 2, ...... , 8} represented by models Ay, A, ....... , Ag, the
goal is to find the speaker model which has the maximum a posteriori probability for a
given observation sequence. A test vector is identified with speaker s if

48



T
§= a’r‘ng,Sleog(p(:vt ! /\,)) (53)
t=1

5.3 Complementary GMM/SVM system

Eight utterances were used to train the GMM classifier and the remaining two utterances
were used for testing. The identification of the top two speakers is performed by GMM.
SVM, then, generates a model for each of the two speakers (generated from GMM) using
data that were used for GMM modelling. The two test utterances are then matched to
the models generated from SVM to identify the correct speaker. Mashao [95] reported a
performance of 77.6% when the correct speaker is among the top two speakers using a
GMM classifier.

Experiments were conducted by using SVM to complement GMM. The system was eval-
uated on 630 speakers from the NTIMIT database. The hybrid system performed a clas-
sification of only the top two speakers using the various kernels from chapter 4. A GMM
identification rate of 70.2% is always obtained [95].

" The optimization used in the experiments is the confidence measure of the classifier de-
cision [95]. The confidence is given by dy, where dy = Ly — L; where Lg and L; are
the log-likelihood scores of the first and second speakers. If d; is very large, then the two
speakers feature vectors are far apart in the feature space and the system is very confident
that person 0 is the correct speaker.

5.4 Results of hybrid system

Figures 5.1, 5.3, 5.4 and 5.5 show the performance of the system using the gaussian,
sigmoid, polynomial and linear kernels respectively. The linear kemel performed very
pootly as expected. Figure 5.2 shows the performance of the hybrid system when scaling
defined by equation 4.1 was used. A 1.4% increase in identification is observed when
using scaling of equation 4.2.

Fine et al. [48] showed that the hybrid system works only if the second part of the hybrid
system (SVM) gives higher performance than the baseline. From table 5.1, we can sce
that the gaussian kernel offers the best performance. A GMM identification rate of 70.2%
is always obtained. GMM has a ’perplexity’ of 630 while SVM has a ’perplexity’ of only
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Table 5.1: Performance of hybrid system using different SVM kernels

| Kernels | Performance, % Confidence value |
Gaussian 72.5 63-69, 90, 91
Polynomial 71.1 38-40, 43-45, 68, 69, 73-77, 90, 91
Sigmoid 71.0 43-45, 68, 69

2. SVM is forced to make a decision based on the outputs from GMM. GMM produces
the log likelihood scores of the two top speakers and SVM decides who is the unknown
speaker amongst the two provided from GMM. Hence, if the unknown speaker is not
amongst the top 2 speakers, SVM will still make a decision. This affects the performance
of the SVM machine which in turn affects the overall performance of the hybrid system.
The improvements in performance of the hybrid system, as compared to using GMM
alone, are not so significant. A further reduction identification error rate of 7.7% was

observed.

Table 5.2 shows the computation times (in hours) of the hybrid system when the SVM ker-
nels were varied. The GMM/SVM hybrid system takes very long to identify the speakers.
The hybrid system using the gaussian kernel SVM is the most computer-intensive. How-
ever, the highest performance (72.5%) is obtained from using that kernel.

Table 5.2: Comparison of computation time for hybrid GMM/SVM system

| SVM Kernels | Time (hours) |
Gaussian 7.5
Polynomial 5.17
Sigmoid 5.23
Linear 428

3.5 Summary

This chapter dealt with a hybrid GMM-SVM system. The GMM system generated the
top two speakers and SVM was used to identify the unknown speaker from the top two
speakers. A brief description of GMM was provided. Furthermore experiments on the
hybrid system using the kernels analyzed in chapter 3 were performed and the results
reported accordingly.
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GMM/SVM performance using RBF kernel
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Figure 5.1: Performance as a function of confidence measure for top two speakers using
scaling as shown in equation 4.2
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Figure 5.2: Performance as a function of confidence measure for top two speakers using
scaling as shown in equation 4.1
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GMM/SVM performance using sigmoidal kemel
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Figure 5.3: Performance as a function of confidence measure for top 2 speakers

GMM/SVM performance using polynomial kemel
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Figure 5.4: Performance as a function of confidence measure for top 2 speakers
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Figure 5.5: Performance as a function of confidence measure for top two speakers

53



Chapter 6
Conclusions

The goal of this thesis was to investigate four SVM kemels. Chapter 2 gave an overview
of speech technology. Chapter 3 dealt with SVM which is the core of this thesis. In
chapter 4, the experiments performed were described in detail. Chapter 5 showed the
application of SVM to a hybrid system.

6.1 Comparison of kernels

We can conclude from the experiments performed that all the SVM kemels, besides the
linear kernel, achieved approximately the same performance for each data set. This ob-
servation is in accordance with [32] where it is reported that ultimately each valid kernel
should have the same performance. The type of kernel determines the data distribution in
the feature space. Set A, however, was problematic as the speakers might possess consid-
erable noise in their utterances. The linear kerel performed poorly due to the fact that
the separating hyperplane differentiating the two classes is non-linear. Hence, there are
many misclassified data.

Optimizing the performance of SVM algorithm entails the optimization of its parameters.
We have shown that the SVM learning machine is dependent on the hyperparameters
for each kernel. We have also shown that for each kernel, besides the sigmoid kemel,
the hyperparameters were found to be approximately the same. Set A for the sigmoid
kernel was problematic. This might be due to the heavy noise factor mentioned before
and as such the sigmoid kemel, being CPD for only certain parameter values, could not
consistently identify the male speakers.

54



A comparison of the computational time was also performed. It was shown that the linear
kernel was the most computationally expensive followed by the gaussian kernel. The
result for the linear kernel was expected. The result for the sigmoid kernel, though, was
the least expected. The fact that the sigmoid kemel takes the least amount of time to
classify the data does not necessitate its use. This 1s due to the fact that a considerable
amount of time is spent trying to find the optimal hyperparameters as the sigmoid kernel
is CPD for only certain hyperparameter values. The polynomial or gaussian could be used
for any classification task but since the gaussian kemel has the least number of tunable
hyperparameters, it is advisable to start with this kernel first. The fact that the gaussian
kernel takes long to converge is also reported in [52]. Brown et al. [12] reported that “this
is not conclusive evidence that the radial basis SVM is superior to other methods, but it is

suggestive.” .

6.2 Hybrid GMM/SVM system

The optimized hyperparameters obtained were then used in the implementation of a GMM/
SVM hybrid system. High performance was expected based on the accuracies obtained
in chapter 4. However, the best performance achieved was only 72.5% using the gaussian
kernel. This might be due to the fact that since we are using a hybrid system, a “pure”
performance of SVM is not obtained. The latter is forced to make a decision based on the
speakers provided from GMM. Even if the unknown speaker is not amongst the top two
speakers, SVM will provide a decision. Hence, this affects the performance.

However, an improvement in performance was obtained with the hybrid system as com-
pared to using GMM alone. The GMM classifier had an identification error rate of 29.8%
with a “perplexity” of 630 while SVM possesses only a “perplexity” of 2. The identi-
fication error rate is reduced by 7.7%. This result is obtained when the gaussian kernel
is used for the SVM machine. Hence, better performance is obtained using the gaussian
SVM kernel at the expense of computational cost.

6.3 Recommendations
The following recommendations are made:
o Due to time constraint, the polynomial and sigmoid kernels could not be evaluated
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by using the scaling described in equation 4.2. Therefore it is recommended that
further research should use this type of scaling.

e Further study should use a normalized polynomial kernel to obtain optimal hyper-
parameters. The procedure used in [142] should be used.

e This study evaluated the different SVM kemels using PFS as the front-end. Future
work should try different front-ends with SVM as the back-end to evaluate the SVM

kemnels.

e A practical difficulty of any classification task is in the selection of the hyperpa-
rameters that embed a kernel function. The SVM machine takes excessive time
to compute classification of data, hence an automatic model selection of kernel as
described in [84] should be used where the parameter and model with the best loo

rates are obtained .

e The SVM kermels described in this study did not take into account the distribu-
tions of the data. Hence, a new approach using probabilistic distance kernels, as
described in [103] should be investigated.
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