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Abstract

In the recent years the technology for speaker verification or
call authentication has received an increasing amount of
attention in IVR industry. However due to the complexity of
speaker information embedded in the speech signals the
current technology still can not produce the verification
accuracy to meet the requirement for some applications. In this
paper we introduce a new pattern classification approach,
support vector machines (SVM) for the text-independent
speaker verification. The SVM is a new way of statistical
learning based on a principle of structural risk minimisation.
In the paper various evaluation results for the SVM
verification system are presented and a comparison with a
baseline GMM approach is also given. The results demonstrate
that the SVM approach perform much better than the GMM
approach. On the same training and testing data set the SVM
approach gives an EER 1.2% versus 3.9% EER from the
GMM approach.

1. Introduction

In the recent years the technology for speaker verification
(SV) or call authentication has received an increasing amount
of attention in IVR industry. However due to the complexity
of speaker information embedded in the speech signals the
current technology such as HMM, GMM, ANN etc. still can
not produce the verification accuracy to meet the requirement
for some applications. In this paper we introduce a new
approach support vector machines (SVM) for this problem.
The SVM is a learning technique introduced by V. Vapnik [1].
It can be seen as a new way to statistical learning based on a
principle of structural risk minimisation. An explicit noise
description in the approach and the possibility of using non-
linear kernel in the dual representation makes this method very
attractive in many pattern recognition areas. The technique has
been applied in the area of computer vision and others.
Recently some works have shown that the algorithm can
achieve better phoneme classification accuracy than some
conventional methods for speech processing [2][3]. This paper
presents a text-independent SV system using the SVM
approach. In the paper some alternatives in the kernel
functions and decision functions are discussed and evaluation
results are presented. The Gaussian mixture model (GMM)
technique, one of most popular approach for the text-
independent SV, is used as a baseline in our evaluations. A
comparison between the SVM and the GMM approach is
given in the paper. Results demonstrate that the SVM
algorithm perform much better than the baseline GMM. On
the same training and testing data set the SVM approach gives
an equal error rate (EER) 1.2% versus 3.9% from the GMM.

2. Support Vector Machines

In this section we briefly introduce the SVM algorithm. SVM
is maximum margin classifier. While most of pattern
classifiers are based on minimising the testing errors on the
available training samples (empirical risk) the SVM learning is
based on a principle called structural risk minimisation which
minimise the bounds on the testing errors. The bounds depend
both on the empirical risk and the capacity of the function
class [1].

Suppose that we have a set of training samples
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where i� are input patterns of both positive and negative

and
iy are –1 or 1 labelling the pattern. We wish to find a

hyperplane ),( bw which separates the positive from negative

samples with a decision function
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In the separable case there exists a hyperplane ),( bw  such

that )( if x is consistent with
iy . We also wish to determine

among the infinite number of hyperplanes that separate the
data, which one will have the smallest generalisation error. Let
margin be defined as the summation of the shortest distance
from the separating hyperplane to the closest positive and
negative samples. Thus a good choice for such a hyperplane is
that leaves the maximum margin between two classes. The
SVM learning is able to construct a separating hyperplane with
this property.

Mathematically the SVM learning process is to search for
a canonical hyperplane ),( bw  [1] with a set of constraints

 1 for y    1  b  .

 1 for y    1  b  .
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With the closest points on both positives and negatives to the
hyperplane satisfying

 1 | b  .| =+wxi
                                               (3)

it can be derived that the margin is equal to ||||/2 w . This

leads that the learning process is to minimise the objective
function
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with the set of constrains in Equation. 2. This optimisation
problem can be transformed to the following quadratic
optimisation problem to find a set of coefficients .
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The decision function in Equation 1. can also rewritten in dual
coordinates as follows:
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In practice, a separating hyperplane may not exist and a high
noise level causes a large overlap of the classes. In this non-
separable case slack variables are introduced to describe the
noise and the constraints are relaxed into:

 1 for y   1  b  .

 1 for y     -1  b  .
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A trade-off between margin and misclassification errors are
controlled by a positive constant C. Thus the objective
function for the optimisation is
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Mathematically this leads the same quadratic problem as the
above Equation 5. subject to the constraints:
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In many applications it is unlikely that the problem can
actually be solved by a linear classifier, the technique has to
be extended in order to allow for non-linear decision surfaces.
The kernel representation offers an alternative solution by
projecting the data into some feature space F, i.e. FX →:φ
and a linear machine is then used to classify them in the
feature space. As the mapping φ  can be some non-linear

function this increases the power of the SVM classifier. The
representation of linear SVM in dual form also makes it
possible to perform kernel function by simply replacing the
dot products with a kernel function )( xx ⋅iK
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in the equations in both learning and classification. More
generally a kernel can be defined as some form which may not
explicitly map the input data to a feature space as only dot
product over the feature space is needed in the equations.
Some popular kernel functions are Radial Basis Function
(RBF), Polynomial and tanh listed in Table 1.

Recently a great progress has been made on the
implementation of SVM learning algorithm [4][5] to increase
the efficiency of the training process, particularly when the
size of training data increases to high level. The software
package SVM-light [5] is used in our evaluation.
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Table 1.  Non-linear kernels

3. Speaker Verification System

Speaker verification is a decision-making process that for a
given sample S and a claimed identity I, the verification
system gives a value for acceptance or rejection. The process
consists of a measurement M of the input sample S with pre-
stored templates Ts, and a comparison based on the obtained
measurement and a pre-defined threshold θ, i.e.
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The key points for this process are to build a template to
represent the knowledge from the training data and to define a
measurement method which for an input utterance can
accurately measure against an user template whether this input
sample is spoken by the given user. Mainly there are two
different types of speaker verification system, text-dependent
and text-independent depending on whether or not the system
is given the linguistic knowledge of what user to say. In this
paper we only look at the text-independent SV systems.

There are a number of approaches for the text-independent
SV systems. One of the most popular approaches for text-
independent SV is to use Gaussian mixture model (GMM). In
this approach a set of Gaussian distributions are used to extract
speaker information from training data. An EM algorithm is
used in the training process to build a GMM model, a set of
means, variances and weights )},,{( iiiw , from given

training samples. In the verification a joint probability can be
calculated from a GMM model
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for a given feature vector x. With the GMM SV approach a
score normalisation scheme is usually needed to get a robust
score over the testing utterance before a verification decision.

In our evaluation we use the GMM approach as a baseline
and a comparison between the GMM and SVM is given in the
paper. The GMM is a distribution-based approach and the
training process requires only positive samples. The SVM is a
discriminative approach and the training process requires both
positive and negative samples for training. The basis of SVM
classifier is defined to solve two-class problems. Different
methods can be used to extend this to multi-class. An “one vs.
all” method [2] are used for this application.

Figure 1. shows an overall diagram of the text-
independent SV system using the SVM approach. The
incoming speech is initially converted into a sequence of
feature vectors in the pre-processing of the feature analysis. A
filter bank process is used to produce 32 filter bank
coefficients every 15 ms and these filter bank coefficients are
then transformed to 12 cepstral coefficients by cosine
transformation. The dynamic cepstral normalisation technique
is applied to cepstral coefficients to remove long time shift on
individual cepstral coefficient. Together with some
derivational cepstral coefficients a forty dimensional feature
vector is produced for the next stage in the system.
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Figure 1. The text-independent speaker verification system with SVM approach

A speech and non-speech classifier is used to remove the
non-speech segments from the recording so that silence and
noise segments can not get into the training and verification to
cause adverse effect. In this system we use an HMM
recogniser with speech and non-speech models to classify
each frame of the input utterance.

In the training process a set of speech feature vectors is
collected from a speaker. These speech feature vectors are
then used as an input to the SVM training algorithm together
with a selection of feature vectors from a collection of
negative speakers as negative training samples to produce an
SVM model. In the verification process the feature vectors
from an input utterance are also filtered through a speech and
non-speech filter and only qualified speech segments pass
through and are used for verification pattern matching. Each
of the feature vectors in the speech segments is matched with
a speaker template, SVM model, according to the given
speaker identify to produce a score. A sentence level score is
then produced based on some kinds of combination and then
compared with a pre-defined empirical threshold for final
verification binary decision making on acceptance and
rejection. For the GMM approach the matching score with the
model for individual feature vector is a probability so an
average approach is natural and often used. For the SVM
different combination methods are discussed and evaluated in
the next section.

4. Experiments & Results

The evaluation is carried out on an UK English database with
250 speakers (137 female and 113 male) and the speech was
recorded at 8 kHz from the public telephone network. Nine
phonetic sentences from each speaker are used in the
experiments. Among 250 speakers 50 speakers (25 male and
25 female) are used as a source for negative samples in the
SVM training and 200 speakers are used for the verification

testing. Among 9 sentences 6 sentences are used for enrolment
and another 3 sentences are used for the verification testing.
From 6 enrolment sentences we use 15 seconds speech for the
training for each speaker. From 3 testing sentences we
compose two test sets, short and long. For the short testing set
each of the testing sentences is used individually for testing
against its own model and three impostor tests are randomly
generated from other speakers, i.e. three different speakers.
Thus this testing set consists of 1200 (600 positive and 600
negative) tests. For the long testing set three sentences are put
together as a single test utterance and for each test speaker
three impostors are randomly generated from other speakers.
Thus this testing set consists of 800 (200 positive and 600
negative) tests. The average length of testing utterance is given
in Table 2. The equal error rate (EER) is used to measure the
system performance in all our evaluations.

Training & testing set Length of speech
Training set 15 seconds (precise)
Short testing set 3.86 seconds (avg)
Long testing set 11.59 second (avg)

Table 2.  Training and testing data sets

4.1. Experiments on Kernel Functions & Decision Function

Experiments were carried out to compare the kernel functions
and decision functions in the SVM implementation. It was
observed that the linear SVM and the tanh kernel do not
perform well for this application. Only RBF and polynomial
kernels were further evaluated. Three different methods, which
combine the individual SVM score from each frame in the test
utterance, are also evaluated. The combinations are based on
three different scores, the classification decision binary score,
the unthresholded SVM score and a sigmoid function output
on the unthresholded SVM score. The equations of three
methods are listed in Table 4. The combination of the binary
score reflects the average correct classification decision in the
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utterance. It is hoped that the unthresholded SVM score may
somehow reflects the likelihood of a feature vector belonging
to the SVM model of the given speaker. Thus the average of
this score gives the average likelihood of the whole utterance.
In [6] a sigmoid function approach is proposed to transform
this unthresholded output of an SVM to a posterior probability
so that the value become better calibrated. In this approach a
discriminative training is needed to obtain two coefficients
(A,B) in the equation.
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Table 3. Decision functions in SVM for the SV system

Results on both kernel functions and decision functions
are given in Table 4. Results are obtained from the short
testing set, which consists of 1200 individual tests. For the
sigmoid function we use 100 test speakers for training and the
obtained coefficients are applied for anther 100 speakers. An
average of two alternatives is given in the table. From the
table it can be seen that the RBF and polynomial kernels
perform quite close and the RBF kernel gives slightly better
than the polynomial kernel. In terms of the decision functions
generally all of three decision functions gives reasonable
results for both kernels. The sigmoid function gives better
performance than the binary function, and the unthresholded
SVM score gives the best performance.

Decision Functions Polyno EER(%) RBF EER(%)
Binary 3.3 3.2
Sigmoid 3.0 2.7
Unthresholded 2.7 2.3

Table 4.  SV results with kernel and decision functions

4.2. Comparison with GMM approach

This experiment is to compare the system using the SVM
approach with the baseline GMM approach. For the GMM
approach 128 mixtures are used for each speaker model, which
is the optimal number for this training set, from other
experiments. The variance flooring technique [7] is applied in
the baseline system and a set of background models is also
used for the score normalisation in the verification. For the
SVM system the RBF kernel and the unthresholded SVM
score method are adopted.

Approach Short set EER(%) Long set EER(%)
GMM 7.1 3.9
SVM 2.3 1.2

Table 5.  Comparison between SVM and GMM for SV

The comparison results are given in Table 5. Both short
and long test sets are used in this experiment. From the table
it can be seen that the SVM approach performs much better
than the GMM approach for both short and long sets. For the
short test set the SVM system give 2.3% EER versus 7.1%
EER from the baseline GMM system and for the long set the
SVM system gives 1.2% EER versus 3.9% EER from the
GMM system.

4.3. Effects on the length of test speech

Figure 2. shows the verification performance versus the length
of the testing speech. The test environment is same as the
SVM in Section 4.2. The results are derived from using the
first part of speech in the long test set. The EER is reduced
rapidly from 4.8% to 1.7% as the length of testing speech
increases from 2 seconds to 6 seconds. It is further reduced to
1.4% using 10 seconds of speech. The best result from the full
test utterance (average 11.59 seconds speech) is 1.2% EER
listed in Table 5.
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Figure 2. SVM SV performance over the length of test speech

5. Conclusions

In this paper we present a text-independent speaker
verification system using the SVM approach. Some
alternatives on the kernel functions and decision functions are
discussed. Various evaluation results are given. In the
evaluation the SVM system is compared with the baseline
GMM approach. Results demonstrate that the SVM system
perform much better than the baseline GMM approach. On the
same training and testing data set the SVM approach gives an
EER 1.2% versus 3.9% from the baseline GMM approach.
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