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1 Introduction

Gaussian mixture model support vector machines
(GMM-SVM) with MFCC input features are widely
used for speaker verification (SV)[3]. However,
the generative approach of GMM speaker mod-
eling lacks the ability to extract speaker specific
information by discriminative means and also re-
quires learning a speaker independent universal
background model (UBM) that covers the variability
in the training data significantly well. Recent stud-
ies (eg. [1]) have shown that regularized siamese
deep networks (RSDN) have promise as an effective
method for extracting speaker specific information
from a spectral representation but they have not
yet been successfully paired with a robust approach
to speaker modeling and decision-making for SV.
We address this by combining a GMM-SVM system
with speaker specific input features extracted from

a discriminatively trained RSDN.

2 Regularized Siamese Deep Net-
work

Unlike standard deep architectures trained with
speech input, RSDN learns a speaker specific rep-
resentation by discriminatively training a subset of
the hidden units using pairs of speech segments (Fig.
1). The RSDN is built upon the concept of denois-
ing autoencoders [2] and training consists of unsu-
pervised pretraining followed by supervised finetun-
ing. During the pretraining phase, unlabeled speech
data, such as MFCC features, are used for training
the network. Raw input is corrupted by Gaussian
noise and the network is trained to reconstruct the
clean input similar to [2]. During finetuning, pairs
of short speech segments (X7, X5), coming either
from the same speaker (genuine pairs) or from dif-
ferent speakers (imposter pairs), are presented to
the network. The contrastive loss function (eq.(1))
is applied to a subset of the code layer units in or-
der to learn a speaker specific representation. The
network is also trained to minimize reconstruction

loss (eq.(2)), ensuring the remaining neurons in the
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Fig. 1 Regularized Siamese Deep Network

network act as a regularizer. The contrastive loss
and reconstruction loss are combined in the overall

loss function (eq.(3)).
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where a determines the tradeoff between L and
L¢, Z = 1 for genuine pairs and 0 for imposter pairs,
Ay and Agoy are tolerance bounds estimated from
the training data, and pg;, pge, Y51 and Xgo are
the means and covariance matrices of the outputs
of speaker specific code layer units corresponding to

the segment pair (X, X2), respectively.

3 Hybrid RDSN GMM-SVM

In previous work [1], RSDN code layer outputs
were used to train single Gaussian speaker models
from short speech segments. Scores for binary classi-
fication were calculated using the symmetric Gaus-
sian log likelihood measure for a given test trial.
While that approach offered promising results in the
SV tasks studied, we believe that the speaker spe-
cific features extracted from the RSDN code layer
can be combined with a more robust speaker mod-
eling approach and classifier. We propose a straight-
forward approach to using RSDN representations
along with GMM-SVM to form a hybrid system for
SV.

After pretraining and finetuning the RSDN as
described in Section 2, the RSDN parameters are
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fixed and training the hybrid RSDN GMM-SVM
system closely follows the typical GMM-SVM train-
ing procedure[3] except that the RSDN is used to ex-
tract speaker specific features from MFCC features
for each input utterance. RSDN code layer outputs
are extracted for each frame in the training data
and are used to derive a GMM UBM. RSDN code
layer outputs are also extracted for all frames in the
enrollment and test data and then GMM supervec-
tors are created on a per utterance basis using MAP
adaptation of the means with a relevance factor of
1. GMM supervectors extracted from the utterances
used to train the UBM are used as imposter exam-
ples to train an SVM model with a linear kernel for
each target speaker in the enrollment set. Finally,
scores are calculated for each target and nontarget
trial using the target speaker’s SVM model and the
supervector extracted from the test utterance.

4 Experiment

We consider the problem of text-independent SV
for evaluating the hybrid RSDN GMM-SVM system.
The 242 male speakers from the NIST SRE 2004 1-
side [4] training files were selected for training the
RSDN and the GMM UBM. Utterances from 50 ran-
domly selected male speakers who did not appear in
the training data were taken from NIST SRE 2004 8-
side [4] training files and used for development. For
evaluation we randomly selected 100 male speak-
ers from the NIST SRE 2006 lconv4dw-lconvdw [4]
task and use all trials associated with those 100 tar-
get speakers. In total, 453 genuine trials and 6057
imposter trials were used for evaluation. Silence
was removed using an energy based VAD and a 19-
dimensional MFCC vector is extracted every 10 ms
using a 25 ms Hamming window.

The RSDN was implemented on a GPU and de-
tails of training are as follows. All frames in the
training data were used for pretraining. For finetun-
ing, we created approximately 3000 genuine pairs
and 3000 imposter pairs of segments that are 500
frames in length!. We used a network with 3 hid-
den layers having sizes of 100, 100, and 200 hidden

units, respectively. We used 100 speaker specific

1Mini-batch sizes were 100 frames and 500 frames for pre-
training and finetuning, respectively. Note that eq.(1) is de-
fined using 1st and 2nd order statistics of a speech segment
that is T frames in length and it is thus necessary to use a
mini-batch size of T for finetuning.
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units in the code layer, which is half the number of
hidden units in that layer, asin [1]. Learning rates of
0.01 and 0.001 were used for pretraining and finetun-
ing, respectively. Other parameters were a = 0.2,
Ap = 100 and Acov = 2.5. Early stopping was used

with the development data to prevent overfitting.

4.1 Results

We use equal error rate (EER) as an evaluation
metric. The number of mixture components was
varied from 32 to 512 and best results for both sys-
tems are shown in table 1. The hybrid RSDN GMM-
SVM system achieves about 5% relative improve-

ment over the baseline GMM-SVM system.

Table 1 FEER(%) for MFCC based GMM-SVM and
Hybrid RSDN GMM-SVM.

System | Mix Comp | EER |
GMM-SVM (MFCC input) 128 13.24
Hybrid RSDN GMM-SVM 64 12.58

5 Conclusions

We have demonstrated the novel combination
of RSDN and GMM-SVM for text-independent
SV. This hybrid system outperformed the baseline
GMM-SVM system using MFCC input features for
the subset of the NIST SRE 2006 task studied. In
the future, we would like to apply it to larger SV
tasks and combine it with channel compensation

techniques.
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