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ABSTRACT

A new system is presented for text-dependent speaker
verification. The system uses data fusion concepts to com-
bine the results of distortion-based and discriminant-based
classifiers. Hence, both intraspeaker and interspeaker infor-
mation are utilized in the final decision. The distortion and
discriminant-based classifiers are based on dynamic time
warping (DTW) and the neural tree network (NTN), re-
spectively. The system is evaluated with several hundred
two word utterances collected over a telephone channel.
The combined classifier yields an equal error rate of two
percent for this task, which is better than the individual
performance of either classifier.

1. INTRODUCTION

The objective of speaker verification is to verify a person’s
claimed identity based on an utterance from that person.
This is in contrast to speaker identification where a person
is to be identified within a population. Speaker verification
is generally considered to be more commercially applicable
than speaker identification.

A distinguishing feature of speaker verification systems
regards the form of spoken input, which can be text depen-
dent or text independent. Text-dependent speaker recogni-
tion systems require that the speaker utter a specific phrase
or a given password. Text-independent speaker identifica-
tion systems identify the speaker regardless of the utter-
ance. Text-independent systems are more convenient from
a user standpoint in that there is no need for a password.
However, in order to completely model and evaluate the
acoustic feature space of a speaker, substantially more data
is necessary for training and testing than for text-dependent
systems. This paper focuses on text-dependent speaker ver-
ification.

Early work on text-dependent speaker verification uti-
lized dynamic time warping (DTW) [1]. Later, it was found
that hidden Markov models (HMM:s) yielded improved per-
formance over DTW techniques [2]. Several forms of HMMs
including subword models {3] and whole word models [4],
have since been considered. In general, HMMs have been
considered the predominant technology for text-dependent
speaker verification. However, one limitation of HMMs is
that they generally require more data than other classifiers
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to sufficiently learn the model parameters. This is a seri-
ous limitation for many commercial applications where it is
desirable for the enrollment and authentication to be brief.

A new system is proposed for text-dependent speaker
verification. The new system uses data fusion principles to
combine the results of two sets of text-dependent speaker
models. The first set of speaker models utilizes neural tree
networks (NTNs) [5]. NTNs are discriminant-based and
provide an interspeaker measure. The NTNs have been suc-
cessfully applied to text-independent speaker recognition [6]
where, specifically, advantages were found for speaker verifi-
cation along with tasks that involved limited training data.
The second set of text-dependent speaker models uses a
DTW-based technique. The DTW method uses a distor-
tion measurement between the extracted features of a test
utterance and those stored for that speaker during train-
ing. Hence it provides an intraspeaker measure. Addition-
ally, it uses temporal information, which currently is not
used in the NTN. Since the information provided by the
NTN and DTW classifiers is somewhat independent, they
can be combined to yield a powerful classification system
for text-dependent speaker verification.

This paper is organized as follows. Section 2 provides an
overview of specific task considered in this paper in addition
to a description of the NTN and DTW methods for creat-
ing text-dependent speaker models. Section 3 describes the
methods for combining the results of the NTN and DTW
models. Section 4 provides experimental results and the
summary and conclusions of the paper are given in Section
5.

2. CLASSIFIERS

The task considered in this research focuses on an applica-
tion that requires authenticating speakers over a telephone
channel based on limited training and testing data. Specif-
ically, four utterances of a password are used for training
and the verification decision is based on one utterance of
that password. This constraint confines the classification
approaches that can be used in the system. The approach
considered here is described as follows.

For the four training utterances, not only must a model
be trained, but additionally an appropriate threshold must
be determined. A resampling technique, namely the “leave-
one-out” method is used here to accommodate the small
number of training exemplars. Three utterances are used to
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train a speaker model and the remaining utterance is used
as an independent test case. This procedure is repeated
four times, each time leaving out a different test utterance,
to yield four models.

The two speaker modeling methods considered in this
paper are based on the neural tree network (NTN) and
dynamic time warping (DTW). The NTN bases its decision
upon discriminant information whereas the DTW method
utilizes a distortion measure. Hence, these two methods use
criteria that is somewhat complimentary. The NTN and
DTW methods of speaker verification are briefly described
as follows. :

2.1. Neural Tree Network

The NTN [5] is a hierarchical classifier that combines the
properties of decision irees and feed-forward neural net-
works. For speaker recognition, the training data for the
NTN consists of data for the target speaker labeled as “one”
and data from other speakers labeled as “zero”. The NTN
partitions feature space into regions that are assigned prob-
abilities which reflect how likely a speaker is to have gener-
ated a feature vector that falls within that region. The NTN
has been evaluated for text-independent speaker recognition
[6] where it was found to perform favorably for open-set
problems, such as speaker verification.

There are several approaches for applying the NTN 1o
tezt-dependent speaker recognition. One method is to train
the NTN to discriminate between a password spoken by
the target speaker and the same password spoken by other
speakers. This can be interpreted as a “whole-word” NTN.
Another method is to build “sub-word” NTN models [7].
In this case, the password of the target speaker will be seg-
mented into sub-words, i.e., phonemes. A NTN will then
be trained for each sub-word unit, where the anti-class data
will consist of the data from other speakers’ utterances of
that sub-word unit. These models can then be concate-
nated to form passwords. The “whole-word” NTN will be
considered here. Note that this method does not utilize the
temporal information of the password. This information
can be obtained, however, by combining the results of the
NTN with a temporal-based model, such as that obtained
from the DTW method.

2.2. Dynamic Time Warping

The DTW algorithm is a distortion-based approach for time
aligning the dynamics of two waveforms. For speaker ver-
ification, a reference template can be generated from sev-
eral utterances of the password [1]. These utterances are
combined to form a single reference template using a modi-
fied k-means algorithm [8]. Then during testing, a decision
can be made to accept or reject the claimed identity based
on whether or not the distortion falls below a predeter-
mined threshold. To allow for subsequent fusion with other
speaker models, such as NTNs, the DTW distortions must
be converted to a compatible scale, i.e., a probability. We
accomplish this by simply raising the negative distortion to
an exponential.
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Figure 1: Verification system for claimed identity

3. COMBINED CLASSIFIER SYSTEM

The combined classifier system uses the outputs of both sets
of classifiers for its final decision. Each individual classifier
will provide its decision and a confidence to the combiner,
which will output the final decision. This concept is illus-
trated in Figure 1.

The decision of each individual classifier is determined
from the score as compared to a threshold. The threshold
here is computed as a function of the intraspeaker and in-
terspeaker scores. The intraspeaker score for each classifier
is found as the performance on the left out utterance. Sim-
ilarly, the interspeaker score is found by applying imposter
utterances to the model and computing the average of the
top scores (nominally five).

Each of the eight classifiers has its own threshold which
is determined as follows:

(1)

where T is the threshold. Typical values for z and y are
0.8 and 0.2, respectively. During testing, each classifier will
output a one or zero, corresponding to whether or not the
score is greater than the threshold. Additionally, the score
of each classifier will be output.

There are numerous methods for combining this infor-
mation. One method is to simply take a vote on the differ-
ent classifiers [9], i.e., if at least five classifiers verify the
claimed identity, then accept it. Other methods utilize
weighted sums or products of the classifier outputs, which
are known as linear opinion pools and log opinion pools [10].
These two methods are evaluated here. The linear opinion
pool consists of a weighted sum of the classifier outputs:

T = z *interspeaker + y*intraspeaker,

Piinear(z) = Zaipi(z), (2)

i=1

where Piinear(2z) is the probability output by the combined
system, a; are weights, p;(z) is the probability output by
the i** classifier, and = is the number of classifiers. For all
experiments in this paper, a is between zero and one and
the sum of the a’s is equal to one. The linear opinion pool
has been considered in speaker recognition for the combina-
tion of features [11], namely cepstrum and delta cepstrum
features, in addition to combining NTNs and vector quan-
Eizz]xtion classifiers for text-independent speaker recognition
12).



The log opinion pool consists of a weighted product of
the classifier outputs:

Piog(z) = _Hp:"(z)- (3)

Several approaches are considered here for combining the
scores of speaker models. The first approach is the voting
method. This method requires the final decision of each
model, which is determined by whether or not the score
exceeds a threshold. The voting method can be viewed as a
model that provides an integer speaker score ranging from
zero to eight. In essence, this quantizes the speaker score.
The alternatives to the voting method that are considered
here are the linear and log opinion pools. These methods
utilize the average score for each set of models, i.e., the
average NTN and average DTW score. Hence, the linear
and log opinion pool methods described in equations (2)
and (3) will be used to combine two scores and not eight.

4. EXPERIMENTS

The database used to evaluate the system was collected
over a telephone channel. All of the handsets utilized elec-
tret microphones. The speech acquired through the tele-
phone channel is sampled at 8 kHz, and p-law coded at 8
bits/sample. The speech signal is pre-emphasized with a
pre-emphasis factor of 0.95. Features are extracted within
20 millisecond analysis windows having 5 millisecond shifts
between consecutive analysis windows. The features ex-
tracted from the analysis windows consist of linear predic-
tion (LP)-derived cepstral coefficients.

The system is evaluated with data from 20 male speak-
ers. Fourteen utterances of the state, “New Jersey” are
collected from ten of these 20 speakers. Four utterances are
used to train each model and the remaining ten are used for
testing. For the remaining ten speakers, ten utterances of
the state, “New Jersey” are collected and used as imposter
utterances for each of the first ten speakers. This database
allows for 100 true speaker trials and 1000 imposter trials.
Note that a pre-existing database is used to provide the
antispeaker data for the NTN training. This antispeaker
database contains four utterances of “New Jersey” from 20
male speakers. The 10 imposter speakers used to evaluate
the false accept rate are not included in the antispeaker
database.

The operating curves for the NTN and DTW were eval-
uated and are shown in Figure 2. It is noted that these
curves are based on a posterior positioning of the threshold.
Here it is seen that the NTN performs significantly better
than DTW, i.e., an equal error rate of 5.2% as compared to
9.8%. However, the equal error rate of the combined system
using the linear opinion pool with a = 0.5 is 2%, which is
better than that of either method used individually.

The error rates of the linear and log opinion pools are
evaluated as a function of a. The performance of both
methods is illustrated in Figure 3. The best equal error
rates for each method, including the voting method de-
scribed in the previous section, are provided in Table 1.
Here, it can be seen that all forms of data fusion yield a
reduction in the equal error rate to that of either method

351

Speaker verification operating curves

0.18 . ¥ . r x .
\
0.6} °\ - NTN
N ~
0.14f N —DTW
N
A ~

o.12f See oL - NTN/DTW, alpha=0.5
2 01 i
®
L3
@9
=008 .
T

0.06 1

0.04 J

0.02

% 002 004 008 008 0.1 012 014 016
P{taise accept)
Figure 2: Speaker verification operating curves

Equal error rate for varying alpha
10 T T T T T

T T T

~ linear opinion pool 1

-~
T

— log opinion pool b

Equal error rate (%)
»

n

0.7 08 0.9 1

06

0.1 0.2 0.3 0.4 0.5

Aipha

Figure 3: Equal error rate versus alpha

used individually. The linear opinion pool is found to pro-
vide the best overall performance.

An additional aspect that has been relatively unexplored
for using speaker models based on supervised training algo-
rithms is the amount of antispeakers that should be used in
the training set. The results shown in Figures 2 and 3 use
the data from all 20 speakers in the antispeaker training
set. An experiment was performed to evaluate the sensitiv-
ity of the NTN to the number of antispeakers in the training
set. The results of this experiment are shown in Figure 4.
Here, the equal error rate (EER) is evaluated for NTNs
trained with one antispeaker, then two antispeakers, etc.
Four random orders of antispeaker selections are evaluated
and the average EER for each antispeaker number is plot-
ted. Here, it can be seen that for antispeaker populations
of six and greater, the EER varies between roughly five and
six percent. This result shows that a NTN can achieve good
performance with as little as six antispeakers.



Table 1: Equal Error Rates
NTN | DTW | linear | log
5.2% | 9.8% 2.0% | 3.3%
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Figure 4: EER vs. number antispeakers

5. CONCLUSION

A new system is presented and evalunated for text-dependent
speaker verification. The system uses data fusion concepts
to combine the results of NTN and DTW speaker models.
The system is evaluated with several hundred short utter-
ances collected over a telephone channel. Several methods
are considered for combining the classifiers, namely voting
and the linear and log opinion pools. The equal error rate
for the voting method is 4%. The equal error rates for the
optimal linear and log opinion pools are 2% and 3.3%, re-
spectively. All combined classifier approaches surpass the
individual performance of the classifiers, which is 5.2% and
9.8% for the NTN and DTW methods, respectively.
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