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Abstract

We investigate the use of variable resolution spec-
tral analysis for speaker recognition. The spectral res-
olution is simply determined by a unique parameter.
A speaker can therefore be represented by this pa-
rameter and a stochastic model, which means that
each speaker is represented in a different acoustic
space. For speaker verification tasks, the likelihood
ratio compared to a threshold should not depend on
the representation space, so that likelihood ratios re-
main comparable. We experimented different spectral
resolution with several classifiers but we had no im-
provement in the results and the classifiers turned out
not to be very sensitive to the different feature sets.

1 INTRODUCTION

For both speech and speaker recognition, the sig-
nal is transformed into feature vectors, each vector
representing the short term spectrum. Those vectors,
belonging to an acoustic space, define a new represen-
tation of speech which is used for training models and
for decoding. Many spectral representations have been
studied (e.g. [1, 2]) but the most popular ones remain
cepstral coefficients on linear (LPCC, LFCC) or Mel
frequency (MFCC) scales. MFCC are mainly used for
speech recognition since they offer a higher spectral
resolution in low frequencies. Since speaker specific
information relies more on higher frequencies, LPCC
or LFCC are known to perform better than MFCC for
speaker recognition. To our knowledge, very few stud-
ies have been carried out concerning frequency warp-
ing. Noda [3] showed that frequency-warped cepstra
were robust to noise but considering a frequency warp-
ing for each phoneme.

We propose a study of various frequency warpings
using variable resolution spectral analysis [4], for text-
independent speaker verification. The spectral resolu-
tion being determined by one parameter, it is easy to

include the latter in a speaker model. Therefore, each
speaker is represented in a different acoustic space,
and the speaker specific representation is determined
so that the separability between the two test hypoth-
esis (the speaker is who he/she claims to be vs. the
speaker can be anyone) is maximum. These experi-
ments are a first step toward a model dependent rep-
resentation.

The paper is organized as follows: we first present
variable resolution spectral analysis and the tech-
niques that goes along with it. We then present in
section 3 the motivations and the theoretical frame-
work for the experiments. We describe the database
and the experiment protocole in section 4 and we fi-
nally present the results and discuss them.

2 VARIABLE RESOLUTION SPEC-
TRAL ANALYSIS

The principle of variable resolution spectral analy-
sis is to apply a non-linear transformation to the fre-
quency scale W = O(w), controled by a parameter «,
given in our case by:

(1 —a?)sinw
(1+a?)cosw — 2a

1)

O(w) = arctan

The frequency scale transformation is plotted for dif-
ferent values of alpha in figure 1. As can be seen,
performing a classical spectral analysis on the @ do-
main is equivalent to performing a variable resolution
spectral analysis on the original domain. Positive val-
ues of a leads to a better low frequency resolution
while negative values offers a better high frequency
resolution.

There are two approaches to perform such an anal-
ysis. The first one is a parametric approach while the
second one is based on filter-banks. Figure 2 illus-
trates variable resolution spectral analysis using both
approach, for « = 0.0 and o = 0.4, filter bank out-
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Figure 1: Spectral deformation as a function of «

puts and spectrum enveloppe being represented in the
original domain w.

2.1 Parametric approach

This approach is based on generalized linear pre-
diction. For a pth-order analysis, the correlation se-
quence is computed at the output of a cascade of p
first order dephasing filters rather than on the signal
itself. The transfer function of the filters is given by

H(z) = lz__;z_j"l and the cascade is preceded by a cor-

rective filter u(z) = Z%—Tg The standard Levinson
procedure is applied to the correlation sequence and
yields prediction coefficients.

2.2 Non-parametric approach

As we know the frequency scale transformation
given by eq. 1, it is also possible to determine the cen-
tral frequencies of a filter bank, equally spaced on axis
w, and to use classical filter bank techniques based on
the FF'T of the signal.

3 TOWARD A SPEAKER DEPEN-
DENT REPRESENTATION

If we denote X, a feature vector obtained with the
spectral resolution given by a, and X a feature vector
in the reference acoustic space (i.e. a = 0), we have
the following relation:

p(X) = |det(Ja)|'p(Xa)

where p(.) is the probability density function and J,
is the jacobian of the transformation X —— X,, as-
sumed to be reversible. When using a normalisation
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Figure 2: Examples of variable resolution analysis

cohort for speaker verification [5], the decision is taken
by comparing the likelihood ratio of the two test hy-

pothesis (%) to a threshold, where the hypothesis
are:

e Hj: the speaker is the one he/she claims to be
e Hi: the speaker is not he/she claims to be

According to the above equation, and denoting A, the
model for Hy, we see that the likelihood ratio should
not depend on « since:

p(Xa; )\l)

p(XsA) _
p(X; M) B P(Xa; ) @)

Though this relation is mathematically correct if
the trqnsformation is reversible, we do not believe that
it is exactly true in our case since the information cap-
tured in the signal under different spectral resolutions
is not the same. Some speaker may be better repre-
sented in an acoustic space than in another one. But
this relation shows that likelihood ratios in the dif-
ferent acoustic spaces are comparable. Each speaker
model can therefore be defined in the most appropri-
ate space for this speaker, provided the normalisation
cohort model is defined on the same space.




4 APPLICATION
4.1 Databases

All our experiments are carried on the NIST 96
development database [6] for the one session training
condition. This database is derived from SwitchBoard
Corpus and contains 43 male and 45 female speakers.
The training material consists of 2 minutes of speech
recorded in a single session with a single handset. The
test material consists of about 400 segments with three
length conditions, namely 3, 10 and 30 seconds. Each
test segment is matched against all same-sex speaker
models and we have about 400 target-speaker trials
and 17000 imposter trials, for each length of test seg-
ments.

An auxiliary database was used to train the
speaker-independent normalization model. This
database is also derived from SwitchBoard Corpus and
contains about 80 speakers (half male, half female)
speaking one minute each.

4.2 Feature vectors

We presented in section 2 two approaches for vari-
able resolution spectral analysis. For generalized lin-
ear predictive analysis, cepstral coefficients can be de-
termined from the prediction coefficients. For filter
bank analysis, cepstral coefficients are calculated by
mean of a discrete cosine transform. We used 16 cep-
stral coefficients computed on 32 ms windows after
pre-emphasis and windowing, with a 10 ms frame shift.
For the parametric approach we used a 16th order lin-
ear prediction. For the filter bank analysis, we used
24 triangular filters. First order derivatives of the cep-
stral coefficients and of the log-energy are appended
to capture dynamic information in the signal, leading
to a 33 dimensional feature vector. We also used cep-
stral mean substraction for channel compensation as
well ag liftering.

5 EXPERIMENTS AND RESULTS
5.1 Gaussian Mixture Models

We first studied the different acoustic spaces for
a € {-0.4,-0.2,0.0,0.2,0.4} using Gaussian Mixture
Models [7] and the parametric approach for feature
extraction (LP-GMM). Speaker models have 32 com-
ponents while the normalisation model has 128 com-
ponents. The equal error rates are listed in table 1
and results obtained with Mel frequency cepstral co-
efficients are given for comparison.

Test segment duration
3 sec. | 10 sec. | 30 sec.
MFCC 18.71 | 15.76 12.52
a=-041] 20.0 14.54 13.04
a=-02] 18.80 | 14.27 13.04
a=0.0 19.47 | 13.76 13.70
a=0.2 19.69 | 14.77 13.08
a=04 20.70 | 17.22 15.03

Table 1: Equal Error rates (in %) for LP-GMM

It can be noticed that there is no significant differ-
ence between the spectral representations. However
with excessive spectral deformation, the error rate in-
creases. For the 3 second test segments, we measured
EERs of 29.12% and 22.98% for a = —0.8 and 0.8
respectively. It seems that the information extracted
from the signal and represented by the gaussian mix-
ture is the same as long as the spectral transformation
is not excessive.

LP- and FB- GMM on devset/1s/3
T T T

false acceptance probability
=3
N
3]

I I I I I I I I I
0 0.05 0.1 0.15 02 0.25 0.3 035 04 045 05
false rejection probability

Figure 3: LP- and FB-GMM ROC (3 sec.)

We also tested the non-parametric approach for fea-
ture extraction (FB-GMM). Results for the 3 second
tests are given for three values of « in table 2. Filter-
bank derived features perform globally better than
LP-derived ones but still there is no significant dif-
ferences in the results with various resolutions. ROC
curves are given for the 3 second test segments in fig-
ure 3. However, it can be noted that, in both case,
results seems to deteriorate for o = 0.4 while they re-
main constant for & = —0.4. This result outlines the
importance of high frequencies for speaker recognition
and suggests that a slight difference exists between the
feature sets.



a -04 | 00 0.4
FB-GMM | 17.70 | 17.94 | 20.46

Table 2: Equal Error rates (in %) for FB-GMM

5.2 Second order measures

Both LP- and FB-GMM experiments showed that
there is no significant difference between the spectral
representations we studied. We see two possible rea-
sons for this. Either the information captured in the
signal remains the same or the model extracts the
same information from the feature vectors. To answer
that question, we experimented second order statisti-
cal measures [8] on the 3 second test segments with
LP-derived features (LP-SOSM). Actually the model
can be seen as a single state, mono-gaussian HMM
with a full covariance matrix. Results are listed in ta-
ble 3. Again, except for a = 0.4, the EERs are not
significantly different.

a —04 | 02| 00 0.2 0.4
SOSM | 17.66 | 16.98 | 17.13 | 19.37 | 22.77

Table 3: Equal Error rates (in %) for LP-SOSM

5.3 Speaker specific representation

Finally, we tested the speaker specific spectral rep-
resentation approach with LP-derived features and
GMMs. For each speaker, we choose the parameter
a that maximises the likelihood ratio on the training
corpus. In other words, we select the representation
for which the two test hypothesis are the most dis-
tinct. Results are poor since the EER is 16.93% for
the 10 second tests and 20.90% for the 3 second ones.
One of the reason we supposed was that equation 2 did
not apply in our case and that the problem was due
to the use of a global threshold. A-posteriori EERs
determined separatly for each value of a showed that
the poor performances were mainly due to the crite-
rion used to select a. For a = —0.2 the EER is 14.63%
but it is 21.31% for o = —0.4, and the mean value is
18.66%.

6 Conclusion

In this paper, we investigated the use of variable
resolution spectral analysis in speaker recognition and

tried to define a speaker specific representation using
this technique. The experiments on text-free speaker
verification showed that a slight difference exists be-
tween the spectral representations but that it does not
increase significantly the performance of the system.
However, this study is a first step toward a model de-
pendent representation of speech and outlines that the
selection of a suitable representation for a speaker is
not obvious.
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