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ABSTRACT
This paper compares kernel-based probabilistic neural networks for speaker verification. Experimental evaluations
based on 138 speakers of the YOHO corpus using probabilistic decision-based neural networks (PDBNNs), Gaussian mixture models (GMMs) and elliptical basis function
networks (EBFNs) as speaker models were conducted. The
original PDBNN training algorithm was also modified to
make PDBNNs appropriate for speaker verification. Results show that the equal error rate obtained by PDBNNs
and GMMs is about half of that of EBFNs (1.19% vs.
2.73%), suggesting that GMM- and PDBNN-based speaker
models outperform the EBFN one. This work also finds
that the globally supervised learning of PDBNNs is able to
find a set of decision thresholds that reduce the variation in
FAR, whereas the ad hoc approach used by the EBFNs and
GMMs is not able to do so. This property makes the performance of PDBNN-based systems more predictable.
1. INTRODUCTION
In speaker verification systems, each registered speaker is
assigned a speaker-dependent model characterizing his or
her own voice. Typically, each of these models is trained to
estimate the likelihood of the corresponding speaker given
an utterance. Gaussian mixture models (GMMs) [1] and
elliptical basis function networks (EBFNs) [2] have been
widely used as speaker models because of their capability to model arbitrary density functions. However, GMMs
and EBFNs have limitations as they do not provide a proper
mechanism for setting decision thresholds, making the verification systems vulnerable to impostor attacks. Therefore,
a more advanced speaker model is needed.
Probabilistic decision-based neural networks
(PDBNNs), proposed by Lin et al. [3], can be considered as
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a special form of GMMs with trainable decision thresholds.
PDBNNs were used to implement a hierarchical face
recognition system in [3] with excellent results (97.75%
recognition, 2.25% false rejection, 0% misclassification
and 0% false acceptance). The characteristics of PDBNNs’
decision boundaries have been investigated in our previous
study [4], where the strengths of PDBNNs are highlighted
by comparing the recognition accuracy and decision boundaries of PDBNNs against those of GMMs. We have also
demonstrated in [4] that the thresholding mechanism of
PDBNNs is very effective in detecting data not belonging
to any known classes. In light of this finding, this paper
applies PDBNNs to speaker verification in an attempt to
improve the robustness of speaker verification systems
against intruder attacks.
2. PROBABILISTIC DECISION-BASED NEURAL
NETWORKS
Probabilistic decision-based neural networks (PDBNNs)
are a probabilistic variant of their predecessor, DBNNs [5],
for robust pattern classification. PDBNNs employ a modular network structure. In other words, a PDBNN is composed of a number of small sub-networks, with each subnetwork representing one class. Each class follows a probabilistic constraint, and the likelihood function   
for each class  is a mixture of Gaussian distributions. The
subnet discriminant functions of a PDBNN are designed to
model some log-likelihood functions of the form
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Learning in PDBNNs is divided into two phases:
locally unsupervised (LU) and globally supervised (GS).
In the LU learning phase, each subnet is trained independently, and no mutual information across the classes is used.
Specifically, PDBNNs adopt the expectation-maximization
(EM) algorithm [6] to maximize the log-likelihood function
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where C HJI  B KJLM;NOP PP8'QSR denotes the set of
Q independent and identically distributed training patterns
from class  .
In the globally supervised (GS) training phase, target values are utilized to fine-tune the decision boundaries.
The network weights will be updated whenever misclassification occurs. Specifically, reinforced learning is applied
to the subnet corresponding to the correct class so that the
weight vector is updated in a direction parallel to the gradient of 'T , whereas anti-reinforced learning is applied
to the (unduly) winning subnet to move the weight vector
Z
along the( Z opposite direction:
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This has the effect of increasing the chance of classifying
the same pattern correctly in the future.
3. APPLICATIONS TO SPEAKER VERIFICATION

Each of the GMMs and PDBNNs is composed of
12 inputs (12th-order cepstral coefficients were used as features), a pre-defined number of kernels, and one output. On
the other hand, the EBFNs contain 12 inputs, a pre-defined
number of kernels, and 2 outputs with each output representing one class (speaker class or anti-speaker class). All
of the covariance matrices in the kernels are diagonal.
We applied the K-means algorithm to initialize the
positions of the speaker kernels. Then, the kernels’ covariance matrices were initialized by the K-nearest neighbors
algorithm gfhNM . In other words, all off-diagonal elements were zero and the diagonal elements (being equal) of
each matrix were initialized to the average Euclidean distance between the corresponding center and its K-nearest
centers. The EM algorithm was subsequently used to finetune the mean vectors, covariance matrices, and mixture
coefficients. The same procedure was also applied to determine the mean vectors and covariance matrices of the
anti-speaker kernels, using the speech data derived from the
anti-speaker set.
The enrollment process for constructing a PDBNNbased speaker model involves two phases: locally unsupervised (LU) training and globally supervised (GS) training.
The LU training phase is identical to the GMM training described above. In the GS training phase, the speaker’s enrollment utterances and the utterances from all enrollment
sessions of the anti-speakers were used to determine a decision threshold (see Section 3.3 below).
For the EBFN-based speaker models, the speaker
kernels and anti-speaker kernels obtained from the GMM
training described above were combined to form a hidden
layer. Finally, singular value decomposition was applied to
determine the output weights. Details of the enrollment procedure for EBFNs can be found in [2].

3.1. Enrollment Procedures
Each registered speaker was assigned a personalized network (GMM, EBFN or PDBNN) which was trained to recognize the speech derived from two classes—speaker class
and anti-speaker class. To this end, two groups of kernel functions (one representing the speaker himself/herself
while the other representing the speakers in the anti-speaker
class) were assigned to each network. We denote the group
corresponding to the speaker class as the speaker kernels
and the one corresponding to the anti-speaker class as the
anti-speaker kernels. For each registered speaker, a unique
anti-speaker set containing a predefined number of antispeakers was created. This set was used to create the antispeaker kernels. The anti-speaker kernels enable us to incorporate the idea of scoring normalization [7] in the training procedures, which enhances the networks’ capability in
discriminating the true speakers from the impostors.

3.2. Verification Procedures
Verification was performed using each speaker in the
YOHO corpus as a claimant, with 64 impostors being randomly selected from the remaining speakers (excluding the
anti-speakers and the claimant) and rotating through all the
speakers. For each claimant, the feature vectors of the
claimant’s utterances from his/her 10 verification sessions
in YOHO were concatenated to form a claimant sequence.
Likewise, the feature vectors of the impostor’s utterances
were concatenated to form an impostor sequence.
For PDBNNs and GMMs,
the following steps were
(
performed during verification. The feature vectors from the
claimant’s speech ikjlJI<m n*m o6P PP nqm psr/R were divided
into a number of overlapping segments containing 92ctu9 
j
consecutive vectors as shown below.
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m  and /<m  represent the loglikelihood function (Eqn. 2) of the speaker and antispeakers respectively. Verification decisions were based on
the following criterion:
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where is a speaker-dependent decision threshold (see Section 3.3 below for the procedure of determining ). A verification decision was made for each segment, with the error
rate (either false acceptance or false rejection) being the proportion of incorrect verification decisions to the total number of decisions. In this work, 9 in Eqn. (3) was set to 500
(i.e., 7 seconds of speech), and each segment was separated
by five vector positions. More specifically, the  -th segment
G ( Z (
G (cZ
G (cZ
containsG the vectors

i I<m 

nm 
 ; R
o P P Pnm 
Y
U Y
U Y
where ~ d L \ t9 . Note that dividing the vector
j
U

sequence into a number of segments has also been successfully used in [1], [2] for increasing the number of decisions.

For the EBFN-based speaker models, verification
decisions were based on the difference between the scaled
network outputs [2]. Details of the verification procedure
can be found in [2].
In this work, equal error rate (EER)—false acceptance rate being equal to false rejection rate—was used as a
performance index to compare the verification performance
among different speaker models. As the speaker models remain fixed once they have been trained, EER can be used to
compare the models’ ability in discriminating the speaker
features from the impostor features.
3.3. Determination of Decision Thresholds
The procedures for determining the decision thresholds of
PDBNNs, GMMs and EBFNs are different. For the GMMbased and EBFN-based speaker models, the utterances
from all enrollment sessions of 16 randomly selected antispeakers were used for threshold determination. Specifically, these utterances were concatenated and the procedure

described in Section 3.2 was applied. The threshold was
adjusted until the false acceptance rate (FAR) fell below a
pre-defined level. In this work, we set this level to 0.5%.
The reason behind using anti-speakers’ utterances rather
than speaker’s utterances is that it is much easier to collect
the speech of a large number of anti-speakers. Hence, the
thresholds obtained are more reliable than those that would
be obtained from speaker’s speech. In addition, using a predefined FAR to determine the decision thresholds enables us
to predict the robustness of the verification system against
impostor attacks [8].
To adopt PDBNNs to speaker verification and to determine the decision threshold of PDBNN-based speaker
models, three modifications on the PDBNN’s training algorithm have been made. First, the original PDBNNs use
one threshold per network. However, in our case, for each
speaker we use one network to model the speaker class
and another one to model the anti-speaker class. To make
PDBNNs applicable to speaker verification, we modified
the likelihood computation such that only one threshold is
required. Specifically, instead of comparing the subnet’s
log-likelihood against its corresponding threshold as in the
original PDBNNs, we compared a normalized score against
a single decision threshold as in Eqns. (3) and (4).
In the second modification, we changed the frequency at which the threshold is updated. The original
PDBNN adopts the batch-mode supervised learning. Our
speaker verification procedure, however, adopts a segmental
type of learning (see Section 3.2). Specifically, we modified
the GS training to work on a segmental mode as follows.
Let iO be the  -th segment extracted from speaker’s speech


patterns C
or from anti-speakers’ speech patterns C , the
normalized segmental score is computed by evaluating
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where
/<m  and <m  denotes the log-likelihood (Eqn.
(1)) of speaker’s speech and impostors’ speech respectively.
For each segment, a verification
decision was made accordZ
ing to the criterion: ¡ (
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misclassification occurs.
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In the third modification, we introduced a new
method to compute the learning rates. In the original
PDBNNs, the learning rates for optimizing the thresholds
are identical for both reinforced and anti-reinforced learning. However, in some situations, there may be many false
acceptances and only a few false rejections (or vice versa),
which means that anti-reinforced learning will occur more
frequent than reinforced learning (or vice versa). In order to
reduce the unbalance in the learning frequency, we make the
reinforced (anti-reinforced) learning
(cZ rate to be proportional
to the number of% false acceptance (rejections), i.e.,
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where Q ± U[W "
and Q ± U[W
represent respectively the total
number of false rejections and false acceptances at epoch
¢
d L and ^ is a positive learning parameter. As a result,
a frequent learner will have a smaller learning rate while a
non-frequent learner will have a higher learning rate. This
arrangement can prevent the reinforced learning or the antireinforced learning from dominating the learning process.
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Figure 1: DET curves for speaker 277. Thick curve:
EBFN-based speaker model. Thin curve: GMM-based and
PDBNN-based speaker models. Note that the DET curves
for the GMM and the PDBNN are identical since the GS
training only updates the threshold of the PDBNN.
Speaker Model
GMMs
EBFs
PDBNNs

FAR (%)
4.91
33.51
0.35

FRR (%)
1.68
4.93
16.17

EER (%)
1.19
2.73
1.19

Table 1: Average error rates obtained by the GMMs, EBFNs
and PDBNNs. The pre-defined FAR for GMMs and EBFNs
was set to 0.5%.

for testing. Verification was performed using each speaker
in the corpus as a claimant, with 64 impostors being randomly selected from the remaining speakers (excluding the
anti-speakers) and rotating through all speakers.

3.4. Speaker Verification Experiments

Table 1 summarizes the average FAR, FRR, and
EER obtained by the PDBNN-, GMM- and EBFN-based
speaker models. All results are based on the average of
138 speakers in the YOHO corpus. The results, in particular the EER, demonstrate the superiority of the GMMs
and PDBNNs over the EBFNs. The EER of GMMs and
PDBNNs are the same since their kernel parameters are
identical.

In this section, experimental evaluations on closed-set textindependent speaker verification based on all speakers (108
male, 30 female) in the YOHO corpus [9] are presented.
We used 40 speaker kernels, 160 anti-speaker kernels, and
16 anti-speakers for creating each speaker model. The aim
is to evaluate the robustness of different pattern classifiers
(speaker models) for speaker verification. To demonstrate
the robustness of different classifiers, speech from the enrollment sessions of the YOHO corpus was used for training while the speech from the verification sessions was used

Table 1 also demonstrates the superiority of the
threshold determination procedure of PDBNNs. In particular, Table 1 shows that the globally supervised learning of
PDBNNs can make the average FAR very small during verification, whereas the ad hoc approach used by the EBFNs
and GMMs is not able to do so. Recall from our previous
discussion that the pre-defined FAR was set to 0.5%. The
average FAR of EBFNs and GMMs are, however, very different from this value. This suggests that it may be difficult
for us to predict the performance of the EBFNs and GMMs

%, In this work, we only modified
%/, the decision thresholds in the globally supervised training with the mean vecand covariance matrices 7
remain unchanged.
tors 5
This is because we want to maintain the maximum likelihood nature of the models.
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Figure 2: FRRs versus FARs (during verification) of 138 speakers using (a) GMMs, (b) PDBNNs and (c) EBFNs as speaker
models.

in detecting the impostor attacks.
Figure 1 shows the DET curves [10] for speaker
277 using different types of speaker models. In the DET
plots, we use a nonlinear scale for both axes so that systems producing Gaussian distributed scores will be represented by straight lines. This property helps spread out the
receiver operating characteristics (ROCs), making comparison of well-performed systems much easier. Note that the
DET curves for GMM and PDBNN are identical in this experiment because the globally supervised training updates
the thresholds of PDBNNs only. It is evident from Figure
1 that the GMM- and PDBNN- speaker models outperform
the EBFN one.
Figure 2 depicts the FAR and FRR of individual
speakers in the GMM-, EBFN- and PDBNN-based speaker
verification systems. Evidently, most of the speakers in
the PDBNN-based system exhibit a low FAR. On the other
hand, the GMMs and EBFNs exhibit a much large variation
in FAR. We conjecture that the globally supervised learning
in PDBNNs is able to find decision thresholds that minimize
the variation in FAR.
4. CONCLUSIONS
This paper addresses the problem of building speaker verification systems using kernel-based probabilistic neural networks such as GMMs, EBFNs and PDBNNs. The modelling capability of these pattern classifiers are compared.
Experimental results indicated that GMM- and PDBNNbased speaker models outperform the EBFN ones. This
work also finds that the globally supervised learning of
PDBNNs can reduce the FARs and maintain their variation
to a low level.
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