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Abstract

Current state-of-the-art speaker verification algorithms use
Gaussian Mixture Models (GMM) to estimate the probability
density function of the acoustic feature vectors. They are de-
noted here as global systems. In order to give better perfor-
mance, they have to be combined with other classifiers, using
different fusion methods. The performance of the final classi-
fier depend on the choice of the single classifiers and also on the
fusion technique used to combine them. In our previous studies
we have used the data-driven Automatic Language Independent
Speech Processing (ALISP) segmentation method to segment
the speech data, as a first step of the speaker verification task.
Dynamic Time Warping (DTW) distortion measure was used
as a distortion measure between two speech segments and Lo-
gistic Regression Function to determine the optimal weights of
the speech segments (including “silences”). This system is de-
noted as ALISP-DTW system. In this paper the focus is put on
the fusion techniques used to combine ALISP-DTW and GMM
systems. We show that when using a non-linear fusion method
(Multi-Layer Perceptron), we improve slightly the final fusion
result as compared to the linear fusion strategies.

1. Introduction
Current best performing text-independent speaker verification
systems are based on Gaussian Mixture Models (GMM) [1].
These models do not exploit the linguistic structure of the
speech signal. Speech is composed of different sounds and
speakers differ in the pronunciation of these sounds. The
speaker verification approach described in this work is based
on speech recognition, grounded on data-driven techniques
that require neither phonetic nor orthographic transcriptions
of the speech data. The main advantages of introducing a
speech recognition stage in speaker verification experiments is
to exploit the different speaker discriminant power of speech
sounds [2], [3], [4].

The majority of current speech processing systems use
phones (or related units) as an atomic representation of speech.
Using phonetic speech units lead to efficient representation and
implementation for a lot of speech processing systems. The ma-
jor problem that arises when phone based systems are being de-
veloped is the possible mismatch between the test and the train
data being used, and the lack of transcribed databases (because
transcribing speech data is an error-prone and expensive task).
The set of speech units can also be learned from examples, like

*This work is supported by the Swiss National Fund for Scientific
Research, No. 2100-067043.01/1.

in data-driven approaches. In [5] a new architecture for speech
processing based on units acquired during a data-driven seg-
mentation, that is not grounded on transcribed databases was
introduced. These units are denoted as Automatic Language
Independent Speech Processing (ALISP) units.

In [6], [7] we have already used the ALISP data-driven
speech segmentation method for speaker verification, clustering
the speech data in 8 classes. Classifying speech in only 8 speech
classes, did not lead to a good coherence of the speech classes.
In [8], we have used a finer segmentation of the speech data into
64 speech classes, and a Dynamic Time Warping (DTW) distor-
tion measure for the distance between two speech patterns. If
the two speech patterns belong to the same speech class, we
could expect that the DTW distortion measure can capture the
speaker specific characteristics. DTW distance measures have
already been used for text-dependent speaker recognition ex-
periments in [9], [10], [11] and [12]. The novelty of the pro-
posed method is its combination with the ALISP units. In [8],
we have analyzed the scores used for the speaker verification
on a global level, and all the speech classes were treated with
the same weight. In [13] we have used the Logistic Regression
([14], [15], [16]) to determine the optimal weights of the AL-
ISP speech classes for the speaker verification task. We have
shown that using these weights improves the results in com-
parison to the same baseline system with all the speech classes
being treated in the same way.

In current speaker verification systems, “silence” removal
frame is implemented. The classification of a segment as a
“silence” is mainly based on energy criteria. Our segmental
ALISP-DTW method not only determines the “silence” seg-
ments, but also gives more weight to speech segments that con-
vey more informations for the speakers. The advantage is that
all the data is treated in a uniform way. In the present work
we firstly compare our segmental ALISP-DTW method with a
baseline GMM system, and secondly fuse the two systems in
order to study their combined performance. In this paper the
focus is put on the fusion techniques. We show that when using
a non-linear fusion method (Multi-Layer Perceptron), we im-
prove slightly the final fusion result as compared to the linear
fusion strategies.

2. Description of the ALISP-DTW and
baseline GMM Speaker Verification Systems
2.1. Segmental ALISP-DTW system

The steps needed to acquire and model the set of data-driven
speech units, denoted here asAutomatic Language Independent
Speech Processing (ALISP)units [5], are shortly described in
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Figure 1: Illustration of the proposed speaker verification method based on searching in a client and world speech dictionaries, repre-
senting the client and world speech memory

this section. Instead of the widely used phonetic labels, data-
driven labels automatically determined from the training corpus
are used. The set of symbolic units is automatically acquired
through temporal decomposition, vector quantization, segment
labeling and Hidden Markov Modeling. After a classical pre-
processing step leading to acoustic-feature vectors, temporal
decomposition [17] is used for the initial segmentation of the
speech data into quasi-stationary segments. At this point, the
speech is segmented in spectrally stable portions. For each seg-
ment, its gravity center frame is determined. A vector quanti-
zation algorithm is used to cluster the center of gravity frames
of the spectrally stable speech segments. The codebook size de-
fines the number of ALISP symbols. The initial labeling of the
entire speech segments is achieved using minimization of the
cumulated distances of all the vectors from the speech segment
to the nearest centroid of the codebook. The result of this step
is an initial segmentation and labeling. These labels are used
as the initial transcriptions of the ALISP speech units. Hid-
den Markov Modeling is further applied for a better coherence
of the initial ALISP units. Since correct transcriptions of the
evaluation data are not available, we cannot compare the cor-
respondence of ALISP units and the usual phonetic units. We
studied this correspondence for some speakers of the develop-
ment set and we found that there is some evidence of correlation
of phonemes and ALISP units. The proposed speaker verifica-
tion system is a combination of Dynamic Time Warping (DTW)
distortion measure with data-driven speech segmentation based
on ALISP tools. The number of speech classes used is 64, and
is comparable to a pseudo-phonetic segmentation.

For the speaker verification step we use two dictionaries:

the Client-Dictionary, composed of the segments found in the
enrollment client speech data and theWorld-Dictionary, build
with segments found in the speech data representing the world
speakers. These dictionaries are defined during the training
(also known as enrollment) phase.

During the test phase, each test speech data,Y , is first seg-
mented with the64 ALISP HMM models. LetM be the number
of segments in the test speech data. ThenY is the concatenation
of M segmentsyt, t = 1, ..., M .

In the next step of the testing phase, each of the test speech
segmentsyt is compared with a DTW distance measure, to the
Client-Dictionaryand to theWorld-Dictionary. This compari-
son is done on a per class level. For sake of simplicity, we will
omit the indexes indicating the ALISP classes. The scores(yt),
for each segment, is calculated as follows (see also Figure 1):

s(yt) =
D(yt, yc)− µW

σW
(1)

whereD(yt, yr) is the distance ofyt to yr the most sim-
ilar segment from the corresponding class dependent Client-
Dictionary ; µW andσW are respectively denoting the mean
and variance of the most similar segments from each of theWk

world speakers dictionary.
The final score of the claimed speaker is then calculated as

a simple summation of the segmental scores (defined by Equa-
tion 1), and normalized by the total number of segmentsM :

S =
1

M

MX
t=1

s(yt) (2)



In [13] we have applied the Logistic Regression Method
to find the optimal weights of each of the 64 speech classes,
for the ALISP-DTW system. The Logistic Regression function
( [15], [14], [16]) is defined as follows:

g(s) = ω0 +

MX
t=1

ωts(yt), (3)

ω0 =

MX
t=1

(µC
t )2 − (µI

t )
2

σ2
t

+ ln
P (C)

P (I)
, (4)

ωt =
µC

t − µI
t

σ2
t

. (5)

whereµC
t andµI

t represent the mean of the client and im-
postor classes, respectively, andσ2

t represents their common
variance.ωt is the weight given to the segmentyt of the class
t. The weightsωt are estimated from the development set.

Making the assumptions that the client and impostor score
distributions for each ALISP class are normal distributions with
same variance, the global scoreS, can be rewritten as follows.

S =
1

M

MX
t=1

ωts(yt) (6)

2.2. Baseline GMM system

The main characteristics of the GMM1 system are the follow-
ing: for each target speaker, a specific GMM with diagonal co-
variance matrices is trained via maximum a posteriori (MAP)
adaptation of the Gaussian means of the matching gender back-
ground model, using 5 iterations of the Expectation Maximiza-
tion (EM) algorithm. Each of the two gender-dependent back-
ground model includes 512 Gaussians.

3. Combining DTW and GMM Speaker
Verification Systems

There are several scenarios for combining the decisions of mul-
tiple systems [19]. In this work we focus on experimental com-
parison of three such combination methods: the Sum and the
Logistic regression rules, which are linear, and the non-linear
MLP method.

3.1. Linear summation

As a baseline, a simple summation rule is used. It is the most
popular combination scheme for combining score values from
multiple systems. A problem in using the sum rule is that the
scores from different systems should be normalized. The nor-
malization is learned from development dataset by estimating
distributions score values from each system. The scores are then
translated and scaled to have zero mean and unit variance [20].
Let us suppose that we haveI systems and for each system we
haveJ tests. The score for the testj from thei − th system is
denoted withSj

i . The standardized score,S̄j
i , for the scoreSj

i

is described by the formula:

S̄j
i =

Sj
i − µi

σi

Whereµi andσi are the mean and standard deviation values
for the systemi. Finally the combined score for the testj is

1based on the BECARS package [18].

obtained by:

S̄j =

I=2X
i=1

S̄j
i

3.2. Logistic Regression

Another method that assigns weights to each verification sys-
tem is the combination using the Logistic Regression. We used
this method in the same way that it was used in section 2.1. In
this case the weightωi given to thei − th system correspond
to the difference of the means of the distributions for client and
impostor scores for thei−th system. The system performs bet-
ter when the distributions relative to the clients and impostors
are more separated and when their variance is smaller. In this
case, the combination of two speaker verification systems,S′j ,
for the testj, can be defined as a weighted sum rule:

S′j =

I=2X
i=1

ωiS
j
i

3.3. Multi Layer Perceptron

Multi Layer Perceptrons (MLP) ([21], [22]) can also be used
to fuse the scores from the two verification systems. The two
scores are considered as input features for the MLP classifier
which is trained with client and impostor score examples on the
development set. The MLP parameters, number of hidden units,
and input size, although not fully optimized, were experimen-
tally tuned to reach acceptable performances for the different
systems. The MLPs used have one input layer, one hidden layer
with 5 neurons, and one output layer. Hidden and output layers
are computational layers with a sigmoid as activation function.

4. Experimental Setup
All experiments are done on the NIST’2002 data which is split
into two subsets: theDevelopment-set(80 female and 60 male
speakers) and theEvaluation-set(111 female and 79 male
speakers), used to test the performance of the proposed system.

The gender dependent background model for the GMM
system and the gender dependent ALISP recognizers, are
trained on a total of about 6 hours of data from (1999 and
2001) NIST data sets. The MLP and the Logistic Regression
are trained on the development set.

The speech parameterization is done with Mel Frequency
Cepstral Coefficients (MFCC), calculated on 20 ms windows,
with a 10 ms shift. For each frame a 15-element cepstral vector
is computed and appended with first order deltas. Cepstral mean
is applied to the 15 static coefficients and only bands in the 300-
3400 Hz frequency range are used.

5. Experimental Results
5.1. Performance measure

A speaker verification system is subject to two kinds of errors,
i.e missed detection and false alarms. The primary performance
measure for the NIST speaker verification task is the detection
cost function (DCF) defined as a weighted sum of both error
probabilities. The normalized cost has the following form:

CNorm = PMiss + 9.9× PFalseAlarm

For all results, we report the minimal DCF value obtained a
posteriori for the best possible detection threshold. However



Figure 2: Speaker verification results for the linear fusion and the fusion using the Logistic Regression approach (the evaluation set =
NIST’2002 subset).

this operating point favors false alarms, so the equal error rate
(EER) is used as an alternative performance measure.

5.2. Fusion of the segmental score for the ALISP-DTW sys-
tem

With the ALISP-DTW segmental system, we can treat each
class of segments differently, and give more weights to the
speech classes that convey more speaker specific information.
As explained in [13] we have used the Logistic Regression
to determine the optimal weights of the ALISP speech classes
for the speaker verification task. We have shown that using the
Logistic Regression, as explained in Section 2.1, to determine
the optimal weights for the merging (fusion) of the segmental
scores, improves the results in comparison to the the linear sum-
mation of the segmental scores. The class and gender dependent
weights are estimated form the development set. These results
are reported also here, see Figure 2.

We are also interested in the amount of “silences” present
in the data. We determined in a empiric way, using the devel-
opment dataset, the threshold which enables us to isolate the
segments belonging to “silences”. For that we increased the
threshold as long as the result does not deteriorate. The amount
of speech data belonging to “silences” is almost 30% of the fe-
male data and 14% of the male data. The speaker verification
experiments are done in a gender dependent way.

5.3. Comparison of the ALISP-DTW system with a baseline
GMM system

We first compared the performance of the ALISP-DTW with
the GMM system. As shown in Figure 3, the performance of
the ALISP-DTW segmental system is worse compared to the
baseline GMM system described in section 2.2. The EER of
the ALISP-DTW and the GMM systems are 19.3% and 13.8%,

respectively. Their main caracteristics are quite different. In
other words, for the GMM system all the feature vectors are
treated in the same way; whereas higher-level informations are
presents in the ALISP-DTW (different weights for different seg-
ment classes). Therefore fusion of two systems is worthwile to
try [23].

5.4. Fusion of the two systems

The Figure 3 shows DET curves of the results obtained by com-
bining the two systems.

Starting with a minimal DCF of 0.559 for the GMM base-
line system, the simple sum fusion brings 9.8% relative reduc-
tion of the cost. It should be noted however that in term of
EER this fusion method gives less good results than the base-
line system. As a second trial we have fused the ALISP-DTW
and GMM systems using the Logistic Regression (LR) method.
This fusion result leads to 10% improvement over the baseline
GMM minimal DCF but had no impact on the EER. Finally we
used the MLP method for the fusion. The DET curves show that
the non-linear method (MLP) outperforms the linear ones. The
MLP fusion reduced the minimal DCF from 0.559 to 0.502 and
the EER from 13.8% to 13.2%.

Table 1 summarizes the results of the combination of the
ALISP-DTW and the GMM system using the simple sum, the
Logistic Regression and the MLP rules.

For sake of simplicity we reported, in Figure 4, the DET
curve of the best fusion result, using the MLP technique of the
ALISP-DTW and the GMM system.

6. Conclusions and Perspectives
In this paper we have shown how to improve GMM systems
when combining them with a segmental DTW system, using
ALISP data-driven speech segmentation. Our interpretation is



Figure 3: Logistic Regression, simple sum and MLP fusion results for ALISP-DTW and GMM systems.

System min. DCF EER (%)

ALISP-DTW 0.726 19.3
GMM 0.559 13.8

Linear fusion 0.504 13.9
LR fusion 0.502 13.9

MLP fusion 0.502 13.2

Table 1: System performance obtained by the combination of
the ALISP-DTW and the GMM system, using the LR, the sim-
ple sum and the MLP rules

that the informations present in our segmental ALISP-DTW
speaker verification system complement usefully the short-term
frequency information used by our GMM system. Three fusion
methods of speaker verification systems are presented. We have
shown that the non-linear fusion method (MLP) outperforms the
linear ones (sum and LR rules). Our future work will be focused
on improving the performances of our individual experts.
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