





















































5 Speaker Recognition

5.1 Introduction

The generic term of speaker recognition comprises all of the many different tasks
of distinguishing people on the basis of their voices. There are speaker identi-
fication tasks which consist in telling who, among a set of possible candidates,
pronounced the available test speech sequence. On the other hand, there are
speaker verification tasks for which one must say whether a specified candidate
pronounced the available test speech sequence or not. In this section, we focus
on speaker verification, which is actually a decision problem between the two fol-
lowing classes: the true speaker (also denominated as client, claimant or target
speaker) and the other speakers (usually noted as impostors speakers).

As far as the speech mode is concerned, speaker recognition systems are
usually classified as text-dependent or text-independent. In text-dependent ex-
periments, the text transcription of the speech sequence is known a priori, and
is constrained to be the same for training and testing. The knowledge of what
was said can be exploited to align the speech signal into discriminant classes
(words or sub-word speech units). The main advantage is a fair recognition per-
formance with small amount of speech signal needed for training and testing.
Their major drawback is the poor security level (the system can easily be fooled
using pre-recorded speech).

In text-independent tasks, enrollment and test speech are completely uncon-
strained. Such scenarios offer more flexibility and enable higher security against
pre-recorded speech if random text-prompting is used. Nevertheless, as the fore-
knowledge of what the speaker said is not available, less precise models are
generally used and larger quantities of speech signal are needed to achieve ac-
ceptable performances.

In between text-dependent and text-independent lie intermediate systems
such as customized-pass



user convenience and security against pre-recorded speech is an issue. The flexi-
bility of text-independent and customized-password approaches make them bet-
ter candidates for direct applications into IVS, but their performances are not
yet satisfactory for real applications. The reason is that current text-independent
systems are usually based on modeling globally the probability density func-
tion (pdf) of the speaker feature vectors. Such global models have poor discrim-
inant capabilities because the temporal information of the speech sequence is
not taken into account and also because all the phonetic classes are represented
using a unique model. One way to overcome this problem is to combine the text-
independent approach with speech recognition. In such a way, the speech signal
is segmented into sub-word classes (phonemes or other related speech units) and
speaker modeling is performed more precisely for each category. Such systems
are designed here as segmental text-independent systems to contrast with the
usual global approach.

The segmental approach recovers some text-dependent advantages since the
speech signal is aligned into classes but the implementation is different since we
have no clue about what is said. Several studies, such as [15], [30], [32] and [19],
have demonstrated that some phones are more speaker discriminant than oth-
ers, suggesting that a different weighting of individual class decisions should be
performed when computing the global decision. Two potential advantages can
be pointed out: firstly, if the speech units are relevant, then speaker modeling
is more precise, thus allowing better performances than the global approach;
secondly, if speech units present different discriminative power, then better re-
combination of the decisions per class can be done. The disadvantage of this
method is that accurate recognition of speech segments is required. Two alter-
natives are possible.

— The first possibility is to use Large Vocabulary Continuous Speech Recogni-
tion (LVCSR) systems that provide the hypothesized contents of the speech
signal on which classic techniques can be applied. LVCSR uses previously
trained phone models and a language model, generally a bigram or trigram
stochastic grammar.

— The second possibility is to use Automatic Language Independent Speech
Processing (ALISP) tools that provide a general framework for creating sets
of acoustically coherent units with little or no supervision.

LVCSR systems although very promising for segmental approaches, require
huge phonetically annotated databases, which are either costly or not available
and are often dependent on the speech signal characteristics (language, speech
quality, etc.). These arguments make them difficult to adapt to new tasks. On
the other hand, ALISP offers an alternative when no annotated training data are
available. These are the reasons that led us to investigate a text-independent seg-
mental approach based on ALISP techniques. As detailed hereafter, we propose
to use the temporal decomposition followed by vector quantization to automat-
ically obtain classes of sounds. The speaker verification part is then based on
a pool of Multi-Layer Perceptrons (MLPs) trained to discriminate between the
client speaker and the world speakers.
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Fig. 6. Global and segmental speaker verification systems

We compare the performances of the ALISP based segmental speaker verifi-
cation versus a similar global system on the NIST’98 corpus including 250 male
and 250 female speakers. Classical text-independent Gaussian Mixture Model
(GMM) based systems are used as the baseline system.

5.3 System Description.

Global Speaker Modeling. The classical way to do pattern classification
in text-independent systems is to assign a unique probability density function
(pdf) to the whole vector sequence. One way to build the pdf is to use Gaussian
Mixture Models [34] in which the multivariate distribution is modeled with a
weighted sum of Gaussian distributions.

Another way to perform classification is to use Artificial Neural Networks
(ANNGS) [20]. In previous studies, ANNs have successfully been used for speaker
verification and we refer to [2] for a review of such approaches dedicated to
speaker recognition. Amongst the different ANN architectures, Multi-Layer Per-
ceptrons are often used. Their main potential advantages against GMM include,
among others, discriminant capabilities, weaker hypotheses on the acoustic vec-
tor distributions and possibility to include a larger acoustic frame window as
input to the classifier. The main drawback is that their optimal architecture has
to be selected by trial-and-error procedures. For speaker verification purposes,
Multi-Layer Perceptrons, one per client speaker, are discriminatively trained to
distinguish between the client speaker and the background world speakers. Two
outputs are generally used, one for the client and the other for the world class. If
each output unit k of the MLP is associated to class category C}, it is possible to
train the MLP to generate a posteriori probabilities p(Cy|z,) [6]. During train-



ing, the parameters are iteratively updated via a gradient descent procedure in
order to minimize the difference between the actual and desired outputs. Train-
ing is said to be discriminant because it minimizes the likelihood of incorrect
models and maximizes the likelihood of the correct model.

In the case of global speaker modelling with GMM or MLP, the sequence of
feature vectors is fed into a unique classifier that outputs a score for the client
model and the world model, i.e. respectively S, and S,, (see Fig. 6, top part),
and the decision (reject/accept the speaker) is performed by comparing the ratio
of the client and world scores to a threshold according to :

log(S.) —log(Sy) > T — accept , 9)
log(S.) —log(Sy) <T — reject . (10)

Segmental Speaker Modeling. In the segmental ALISP text-independent
speaker modeling approach (see Fig. 6, lower part) the first step is to segment
and label the speech into categories. Segmentation is achieved using temporal
decomposition and the classification step is performed with vector quantization,
as introduced in Sect. 3.3. In such a way each vector of the acoustic sequence
is classified as a member of a category C; determined through the segmentation
and the labeling. In the modeling step, the same technique as for global modeling
is used. L MLPs are trained for each client, where L is the number of codebook
centroids. At test time, the test speech is also segmented into L categories and
each category is tested against the corresponding MLP. In such a way the MLP
associated with category C; provides a segmental score as follows :

Scl = H P(Mcl|m)/P(Mcl) ) (11)
zeC)

Swl = H P(Mwl|x)/P(Mwl) ) (12)
zeC)

where the products involve vectors being previously labeled as members of cat-
egory Cj. Subscripts ¢/ and wl denote respectively the client model for category
C; and world model for the segmental Cj.

5.4 Speaker Verification Experiments

Task Description. Segmental and global systems are tested on the NIST’98
database, part of the SWITCHBOARD II Phase II corpus, recorded over tele-
phone lines. The speech is spontaneous and no transcriptions, orthographic
or phonetic, are available. The database consists of 250 male and 250 female
speakers representing the clients and the impostors of the system. The gender
mismatch is not studied, so that all experiences are strictly gender-dependent.
Gender-dependent results are merged in a unique curve, for sake of simplicity.
Only one training and testing configuration is considered: 2 min or more for
the training and 30 s of speech for the test duration. To evaluate the robust-
ness of the new proposed segmental method, some of the tests are evaluated



separately for matched and mismatched conditions (of the training and testing
material). They are noted respectively as SN (same number) and DT (different
microphone type). An independent set of 100 female and 100 male speakers with
mixed carbon and electret microphones was selected from the NIST’97 database
for modeling the world speakers. The experimental results are described as fol-
lows. First the global MLP performances are compared with the state of the
art GMM based system. The influence of the mismatched training and testing
conditions is pointed out, and the influence of the length of the acoustic win-
dow is discussed. Segmental results are described afterwards and some per-class
performance details are given.

Experimental Setup. LPC-cepstral parameters are used for the feature ex-
traction. A 30 ms Hamming window is applied every 10 ms in order to extract
12 LPC-cepstral coefficients. The order of the LPC analysis is set to 10. A lif-
tering procedure is applied to the cepstral vectors followed by cepstral mean
subtraction in order to reduce the effects of the channel. The MLP parameters,
although not fully optimized, were experimentally tuned to reach acceptable
performances for the different systems. MLPs used for the global systems have
three layers with 120 neurons in the hidden layer and two output units. For the
segmental MLPs, the number of neurons in the hidden layer is reduced to 20.
In both cases, the input size of the MLP is defined by the number of contiguous
frames set as input of the MLP. We use the notation C'zy to denote inputs with
z frames to the left and y frames to the right of the central frame. The temporal
decomposition is set to detect 15 events per second in average and the vector
quantization is trained on the 1997 data with codebook size of L = 8. Coherence
of the acoustic labeling among speakers is verified through informal listening
tests. The speaker scores are normalized with the background world model and
Z-normalisation is applied for each system [35].

ROC and DET Curves. Performances of speaker verification systems are
usually given in terms of False Alarms and Miss Probability, often represented as
Receiver Operating Curves (ROC). When similar systems need to be compared,
it is more practical to use a Detection Error Tradeoff (DET) [26] representations,
in which the x and y scales are normal deviate scales.

Global System Results. We first carried on the NIST’98 database several sets
of experiments to investigate the effects of increasing the temporal information
at the input Czy of the MLP. Qur previous studies [32] and [19] showed that
the length of the temporal information used at the input of the MLP is of
crucial importance for reaching acceptable classification performances. Fig. 7
demonstrates this behavior. The number of input frames spans from one (noted
as C00, corresponding to 30 ms) to 11 frames (noted as C55, equivalent to
130 ms). Using more contiguous input frames improves the performances of
the global MLP systems, however a saturation appears when eleven frames are



used as input. This result demonstrates the importance of the frame to frame
temporal information for speaker verification experiments. Further experiments,
not reported here, were conducted to determine the optimal number of hidden
nodes in the hidden layer. In such a way, a C55 MLP with 120 hidden neurons
was selected as our baseline global MLP reference.

Comparison performances of global MLP and GMM systems are shown in
Fig. 8. Actually better results for speaker verification are achieved with GMMs
that are used here as the state-of-the-art comparison point. This difference might
come from the fact that one part of the training data (about 10%) is kept apart to
avoid over-training of the MLP with a usual cross-validation procedure. Although
GMMs perform slightly better than MLPs in the global case, the discriminant
capability of MLPs make them better candidates for the segmental system and
we adopted them for the segmental experiments.

The importance of the mismatched training and testing conditions, as far as
the microphone differences are considered, are also visible on this figure. When
the speech signal comes from a different handset type than the training speech
material (DT curves), the error rates are increased roughly by a factor of five.
These results point out the fact that microphone differences are one of the most
serious obstacles to be solved for improving speaker recognition performances.

Segmental System Results. For the segmental system, the speech signal is
first segmented and labelled into categories. One important factor is the amount
of training material available per class. It is well known that the more training
material we have, the better the models are. If automatically determined speech
units correspond to phonemes, the number of classes should approximately be
equal to the number of phonemes. However two minutes of training material
is here not sufficient to ensure a proper training of all the classes. This is the
reason why the number of classes is set to eight, so that broad phonetic classes
are detected.

Discrimination between client and world speakers is then performed sepa-
retely on each category. Performances on a per-class basis for the segmental
system are depicted in Fig. 9 for the same number (SN) condition. Only five out
of eight classes are illustrated for sake of clarity. The DET curves clearly show
that classes perform differently and convey more or less information about the
speakers. A similar conclusion is reported in our previous studies [32], in which
categories were directly obtained through forced alignment in phoneme models.

A score recombination of the independent classifiers is necessary to obtain
a global decision for speaker verification. The differences of class performances,
as reported in Fig. 9, suggest that the recombination of scores obtained for
each category should be non-linear, giving more weight to the most discriminant
classes. This issue is left apart in our analysis and a simple linear recombination
of scores was used to obtain global decisions. Performances of this approach are
reported in Fig. 10 where we compare the best global MLP system (noted as
MLPGlob C55) and the segmental MLP system (noted as MLP SegC22 RLin).
Although a simple linear recombination of individual scores has been used, the
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segmental approach reaches almost equivalent performances as the global sys-
tems in the case of matched conditions and performs better than both MLP and
GMM global systems in the case of mismatched conditions.

Many issues are still open with the segmental approach as proposed here. For
example, per-class individual tuning of the parameters should be investigated
(number of input frames, thresholding, normalization, etc.) and better score
recombination taking into account the discriminant performances of categories
should be analyzed. Nevertheless, even using simple strategies for producing the
alignment (temporal decomposition) and for recombining individual scores, very
good results are already reported on a standard evaluation task.

Our results show that ALISP techniques are potentially useful also in speaker
verification. With our new segmental approach, based on ALISP segmentation of
the speech signal and coupled with a MLPs for speaker classification, we reached
comparable performances as state-of-the-art global system. For the “difficult”
mismatched conditions (different type of microphone for training and testing),
the segmental MLP system slightly ouperforms the global MLP and GMM sys-
tem. These results are encouraging for pursuing the futher developments of such
segmetnal systems.
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6 Conclusion and perspectives

The rapid development of interactive voice servers in a multi-lingual environment
calls for an intensive use of data-driven techniques to specify the acoustic units
and models to be used by the recognizer and to train a dialogue manager. This
chapter has proposed a set of tools which could be used for these purposes. The
acoustic units have been evaluated in the context of a very low bit-rate coder.
Such a coder could be either language independent or specific to a given lan-
guage and a given speaker. Language dependent coders would help for language
identification.

Many of the voice servers may perform better with some knowledge about
the identity of the speaker. The recognizer could adapt to that speaker in the
first place. Furthermore, for security purposes, it may be necessary to verify the
identity of the user. This chapter proposes a promising ALISP-based approach
to the speaker verification problem.
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