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ABSTRACT

This paper describes a new framework for designing
speaker recognition systems based on the discriminative
feature extraction (DFE) method. We apply a mel-cepstral
estimation technique to the feature extractor in a Gaussian
mixture model (GMM)-based text-independent speaker
identification system. The mel-cepstral estimation tech-
nique uses the second-order all-pass warping function for
frequency transformation. We jointly optimize the fre-
quency warping parameters of the feature extractor and
the GMM parameters of the classifier based on a mini-
mum classification error (MCE) criterion. Experimental
results show that the frequency warped scale after op-
timization is different from traditional linear/mel scales;
moreover, the proposed system outperforms conventional
systems trained with the generalized probabilistic descent
(GPD) method in which only the classifier is optimized.

1. INTRODUCTION

A speaker recognition system is assumed to be a modu-
lar system consisting of a front-end feature extractor and
a back-end classifier. Hidden Markov models (HMM)
and Gaussian mixture models (GMM) have been suc-
cessfully applied to the classifier for speaker modeling.
These stochastic models are conventionally trained based
on the maximum likelihood (ML) criterion. Recently, a
discriminative training algorithm, the generalized prob-
abilistic descent (GPD) method, has been proposed to
estimate model parameters based on a minimum classi-
fication error (MCE) objective [1]. The GPD has been
widely used for various speech and speaker recognition
tasks [2], [3].

In speaker as well as speech recognition, feature
parameters are generally extracted on a linear or mel-
frequency scale. Such recognition mainly uses cepstral
coefficients obtained from linear prediction coefficients
(LPCC) [4] and mel-frequency spaced filter-bank cepstral
coefficients (MFCC) [5]. However, conventional feature
representations do not guarantee the best results for the
classification process because the feature extractors have
traditionally been based on some objective that is inde-
pendent of the classifier design. As a result, the discrimi-
native training approach based on the GPD was extended,

resulting in the discriminative feature extraction (DFE)
method, in which adjustable parameters of the feature ex-
tractor are selected based on its discriminative ability [6].
The DFE was applied to a speech recognition task in
[6]. A DFE application to speaker recognition was also
reported in [7], where a weighting matrix for the trans-
formation of successive LPCC vectors was estimated by
the DFE.

In this study, the DFE is applied to speaker recog-
nition to find a frequency warping function appropri-
ate to the back-end classifier. In the DFE framework,
the mel-cepstral estimation technique proposed in [8]
is used for the feature extractor in a GMM-based text-
independent speaker identification system. The estimated
mel-cepstral coefficients can represent speech spectra
more efficiently because the technique uses the second-
order all-pass warping function for frequency transforma-
tion. This transformation can control a warping parameter
representing the center frequency of an emphasized fre-
quency band as well as a free parameter corresponding
to the warping degree. The two adjustable parameters
of the feature extractor and the GMM parameters of the
classifier are optimized based on the DFE. Experimen-
tal results show that the frequency warped scale derived
by this framework is different from traditional linear/mel
scales. Moreover, the proposed DFE system outperforms
conventional GPD-based systems that only optimize the
parameters of the classifiers.

2. MEL-CEPSTRAL ESTIMATION

In this study, speaker features are extracted with the mel-
cepstral estimation technique proposed in [8], which uses
the second-order all-pass system function:

A(z) =

�
z�2 � 2� cos� z�1 + �2

1� 2� cos� z�1 + �2z�2

� 1
2

; (1)

j�j < 1; 0 � � � �:

The phase characteristic of the system is given by

!̃(!) = ! + tan�1
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Figure 1. Top: Warping functions. Bottom: Spectral estimates.

The function can be used as a frequency warping func-
tion, which is controlled by two parameters,� (rad)
representing the center frequency of an emphasized fre-
quency band and� corresponding to the warping degree.
Figure 1 (top) shows examples of warping functions at a
16-kHz sampling rate (� rad = 8 kHz). When� = 0, the
function corresponds to the first-order all-pass warping
function, which can approximate the liner-scale, the mel-
scale and the Bark-scale when� = 0, 0:42, and 0:55,
respectively. Otherwise, the scale around� is stretched,
i.e., the slope of the function around� becomes steep as
� becomes larger.

By using the system function, the speech spectrum
H(ej!) is modeled byM + 1 mel-cepstral coefficients:

log
��H(ej!)

�� =
MX
m=0

cm cos(!̃m)

=

MX
m=0

cm
Am(ej!) +Am(e�j!)

2
: (3)

For a given input speech sequence

x = [x0 x1 � � � xN�1 ]
T ; (4)

the mel-cepstral coefficients

c = [ c0 c1 � � � cM ]T (5)

are determined to minimize a spectral evaluation func-
tion. The minimization can be regarded as the maximum
likelihood estimation ofc, because the minimization is
equivalent to maximizing the likelihoodP (x j c), when
x is assumed to be a zero-mean Gaussian process. Since
the spectral evaluation function is convex with respect to
c, the minimization problem can be efficiently solved by
an iterative technique, e.g., the Newton-Raphson method;
generally a few iterations are sufficient for the solution.
Figure 1 (bottom) shows spectral estimates that corre-
spond to the above warping functions. When� takes a
larger value, the spectrum has a higher resolution at the

frequencies around� (rad). We can control the spectral
resolution more flexibly with this technique, as compared
with the conventional mel-cepstral estimation technique
that uses the first-order all-pass warping function [9].

The “mel-cepstral coefficients” in this paper do not
always mean those estimated on the mel-scale.

3. DFE-BASED SPEAKER RECOGNIZER

The discriminative feature extraction (DFE) method
jointly optimizes the entire parameter set of a pattern
recognizer:

Φ = fΘ;Λg; (6)

whereΘ and Λ represent the parameters of the feature
extractor and the classifier, respectively. The DFE mini-
mizes a single objective function called “empirical loss,”
which is a good approximation of the recognizer’s error
rate of the training data.

3.1. Adjustable Parameters of Recognizer

In this study, the parameter set of the feature extractor
Θ refers to the two frequency warping parameters of the
mel-cepstral estimation:

Θ = f�; �g: (7)

The parameter set of the classifierΛ includes the mixture
component weightswi, means�i and variances�i of
the I-component GMMs ofS speakers:

Λ = f�1; �2; . . .; �Sg; (8)

�s = fwi;�i;�i j i = 1; 2; . . .Ig:

3.2. Definition of Empirical Loss

We define the discriminant function for speakers as the
average log-likelihood of the GMM�s upon observing
a vector sequenceO = [o1 o2 � � � oT ]T :

gs(O; Λ) =
1
T

TX
t=1

logp(ot j �s): (9)



WhenO is the input pattern from the speaker classCk,
the misclassification measure is defined by using the
discriminant functions of speakerk and the dominant
competing speakerj:

dk(O; Λ) = �gk(O; Λ) + gj(O; Λ); O 2 Ck ; (10)

where j = arg max
s6=k

gs(O; Λ):

Then, the loss is defined by using a differentiable sigmoid
function approximating the 0-1 step loss function:

`k(O; Λ) =
1

1+ exp
�
�

�
dk(O; Λ)� �

�	 ; (11)

where  is a positive constant indicating the slope of
the sigmoid function near the decision boundary�. The
empirical lossL(Φ) is defined as the average loss of all
the training data. The parameter setΦ is sequentially
adjusted every time a training sample is given according
to

Φ(�+1) = Φ(�) � "(�)rΦ `k(O; Λ)
���

Φ=Φ(�)
; (12)

where "(�) is a monotonically decreasing learning step
size at the� -th iteration. According to a series of pre-
liminary experiments, we fixed = 1:5, � = 0 and
"(0) = 0:2 for all experiments. This framework can also
be applied to a speaker verification system by modify-
ing the misclassification measure and the empirical loss
formulation [10].

4. EXPERIMENTAL EVALUATION

4.1. Comparison of ML, GPD and DFE
Text-independent speaker identification experiments of
35 speakers (13 females and 22 males) were carried
out using the NTT speech database. The database was
sampled at 16 kHz. Each sentence was divided into
0.5-second length utterances except for silence. The
utterances were windowed at an 8-ms frame rate us-
ing a 30-ms Blackman window and parameterized into
19 mel-cepstral coefficients with the mel-cepstral estima-
tion. The 18 static parameters without the 0-th coefficient
were used as feature parameters. We used 20 sentences
per speaker from the first four recording sessions for
training and 15 sentences per speaker from the fifth ses-
sion for testing. Each speaker was modeled by a GMM
with diagonal covariance matrices. The baseline GMM
parameters were maximum likelihood (ML) parameters
initialized with an LBG codebook.

We optimizedΘ andΛ with the DFE training. How-
ever, the gradient search failed to find a specific warp-
ing parameter set of(�; �) that gives the globally mini-
mum loss. Since the number of the warping parameters
n(Θ) = 2 was far smaller than that of the GMM param-
etersn(Λ) = 41440, and the warping parameters were
dependent on the parameters of the GMMs, the val-
ues of (�; �) were influenced by the GMM parameters
and remained in the values used in the baseline GMMs.
Hence, we searched for the best warping parameters over
all ranges by gradually changing the values of(�; �) and
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Figure 2. Empirical losses of training data.

Table 1. Speaker identification error rates of ML,
GPD and DFE systems (%).

linear mel Bark

ML 7.05 5.93 7.15

GPD 6.90 5.20 5.98

DFE 4.87 (0:2�; 0:15)

training the GMMs using the obtained mel-cepstral co-
efficients with 30-epoch GPD iterations.

There are two means available to select the best warp-
ing, i.e., by comparing the error rates of the given training
data or by comparing the empirical losses of the training
data. However, we could not select the best warping
through a comparison of the error rates because there
were many parameter sets of(�; �) that resulted in a
0 % identification error rate for the training data after the
GPD training. On the other hand, the empirical loss of
the training data (Figure 2) provided a good estimate of
system performance, i.e., the warping parameter set that
resulted in the minimum loss could be regarded as the
best warping. This is equivalent to finding a parameter
set that has to be found using the gradient method.

Table 1 shows the speaker identification error rates
of the test data when using 32-component GMMs. The
table compares the proposed DFE-based system using the
best warping function to conventional ML/GPD-based
systems using linear, mel and Bark scales. By using the
GPD-based systems in which only the GMM parameters
are optimized, the identification error rates were reduced
from those obtained by using the ML-based systems.
The system performance was improved and a 4.87 %
error rate was achieved by jointly optimizing the warping
parameters and the GMM parameters. This corresponds
to 31 % and 18 % reductions in error rates from those of
a classical ML-based system using linear and mel-scale
cepstral coefficients, respectively.

Figure 3 compares the slope (first derivative) of the
resulting warping function to those of linear, mel and
Bark scale warping functions. The slope represents the
stretch of the frequency scale. It is interesting to note that
the slope of the resulting warping function is different
from those of the typical scales. This suggests that, for
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Figure 3. Slopes of warping functions.

optimal recognition, the feature extractor also has to be
chosen according to its discriminative ability to minimize
the error rate in the overall recognition system.

4.2. Comparison of Feature Parameters

We also compared the mel-cepstral coefficients used
in this study with three other kinds of cepstral coef-
ficients. Table 2 shows the results for 32-component
GMMs. In the table, “LPCC” and “LPMCC” denote
LP-derived cepstral-coefficients [4] and LP-derived mel-
cepstral coefficients [11], respectively. “MFCC” was ob-
tained by (24-channel) mel-frequency spaced filter-bank
analysis [5]. In all cases, 18 coefficients were used as
feature parameters. As shown in the table, MFCC gave
lower error rates than those of LPCC and LPMCC. How-
ever, the results of the mel-cepstral coefficients by the
mel-cepstral estimation “(mel)” were much better than
those of MFCC; still, the proposed DFE-based system
showed the best result in all the systems.

5. CONCLUSION

This paper described and evaluated a speaker recognition
system based on the DFE. We applied a mel-cepstral
estimation technique based on the second-order all-pass
system to the feature extractor in a GMM-based speaker
identification system. We jointly optimized frequency
warping parameters of the mel-cepstral estimation and
the GMM parameters based on a minimum classification
error objective.

The DFE framework succeeded in designing a feature
extractor more relevant to the classification process, and
thus achieved better performance than conventional sys-
tems trained with the GPD. Furthermore the frequency
warped scale after the optimization was different from
traditional linear/mel frequency scales. This finding sug-
gests that, for optimal recognition, the feature extractor
and the classifier have to be chosen according to their
discriminative abilities, assuming an interaction between
feature extraction and classification.

Table 2. Comparison of mel-cepstral estimation tech-
nique with other cepstral analytical techniques for
error rates (%).

Cepstral coefficients ML GPD

LP LPCC 7.15 7.00
analysis LPMCC 8.11 7.81

Filter-bank MFCC 6.80 5.87
analysis

Mel-cepstral
(linear) 7.05 6.90

estimation (mel) 5.93 5.20

(best) 4.87 (DFE)

Further experiments will be made using speaker-
dependent warping functions and other kinds of warping
functions.
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