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Abstract - While multilayer perceptrons (MLPs) have great
possibility on the application to speaker verification, they
suffer from inferior learning speed. To appeal to users, the
speaker verification systems based on MLPs must achieve a
reasonable enrolling speed and it is thoroughly dependent on
the fast learning of MLPs. To attain real-time enrollment on
the systems, the previous two studies have been devoted to
the problem and each satisfied the objective. In this paper,
the two studies are combined and applied to the systems, on
the assumption that each method operates on different
optimization principle. By conducting experiments using an
MLP-based speaker verification system to which the
combination is applied on real speech database, the
feasibility of the combination is verified from the results of
the experiments.

I. INTRODUCTION

Speaker verification systems require real-time speaker
enrollment as well as real-time verification to provide
satisfactory performance. To use speaker verification
system to be used in daily life, it is necessary to consider
a very fast verification since the system must be used
frequently. In addition to it, the user convenience
criterion for speaker verification system requests fast
enrollments of speakers. Most users want to use
verification services just after enrolling themselves for
the system. If they have to wait for a long time for the
first usage, they may quit their enrolling process.

Unlike parametric-based speaker verification systems,
the systems based on multilayer perceptrons (MLPs)
more quickly conduct the computation needed to verify
identities but slowly to enroll speakers [1],[2]. The
structure of MLPs inspires a fast verification process
even with low-computational capability. On the other
hand, it is difficult to settle the optimal values of the
internally weighted connections to achieve best
behaviors of MLPs. The difficulty becomes worse by the
number of background speakers required for an MLP to
learn an enrolling speaker.

For the difficulty in settling the optimal values of the
internally weighted connections, the previous work has
attempted to reduce the number of learning steps and
shorten the duration of each learning step in the error
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backpropagation (EBP) algorithm [3]. The EBP
algorithm is widely used to learn MLPs but has
somewhat poor learning speed due to its local
information dependency. Nevertheless, the EBP has
advantages to drive an excellent anti-overfitting ability
and reveals a fairly fast learning when it is operated in
online mode on pattern recognition application [4],[5].
To accommodate the fast property on pattern recognition,
Lee et al. have proposed an improved EBP to exploit the
redundancy of pattern recognition data and achieved a
substantial improvement in leaming speed without any
lose of recognition performance.

For the awful number of background speakers that
hinders speakers from enrolling in real-time on MLP-
based speaker verification systems, the method to reduce
the number of background speakers required to enroll
speakers has been successfully applied to the systems
[61,[7]. MLPs learn the enrolling speaker by the
difference to any other speakers, so background speakers
should be provided sufficiently to represent the whole
world speakers. However, the increasing number of
background speakers means the increasing of learning
data and it is not acceptable for MLP-based speaker
verification systems that must enroll speakers in real-
time. To relieve the burden, Lee et al. have introduced a
data reduction method to select the only background
speakers related to the enrolling speaker by using the
discriminant learning property of MLPs and obtained a
rather effective result in enrolling speed.

This paper combines the two studies to get further
improvement in enrolling speed on MLP-based speaker
verification. The reduction method to select background
speakers on qualitative criterion cuts off the useless
learning data before the actual learning, so it is
considered a global optimization of learning data [7].
Then the learning begins and the useless learning data
out of the complete learning data set making up one
learning step in MLPs are omitted from each learning
step, so it is considered a local optimization [3]. When
the two methods are combined, the optimality in the
amount of learning data can be maximized and the real-
time performance of MLP-based speaker verification
systems might be easy to reach.



This paper, hereafter, is organized as follows. Sections
2 and 3 introduce the learning data reduction method and
the useless data omitting method, respectively. Section 4
describes the implemented MLP-based speaker

verification system to which the two methods are applied.

Using the system, an experiment is conducted to verify
the reduction effect in enrolling duration by combining
the methods in section 5. And the paper is finally
summarized in section 6.

II. DISCRIMINATIVE COHORT SPEAKERS METHOD

The prospect to reduce background speakers in MLP-
based speaker verification arises from the contiguity
between learning models. That is, in MLP learning, a
model’s learning is cooperated only with its
geometrically contiguous models. When an enrolling
speaker is given into background speaker crowd for its
learning, an MLP’s decision boundary to learn the
difference between the enrolling speaker and the
background speakers is affected only by the background
speakers adjacent to the enrolling speaker. If a great
number of background speakers are reserved to obtain
very low verification error, the percentage of such
background speakers does increase and the number of
background speakers needed to learn decision boundary
can be shortened.

The process to select the background speakers similar
to an enrolling speaker in MLP-based speaker
verification is implemented like this:
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where, X is the speech of enrolling speaker, §,. the

background speakers set of which population is 7,

M, the MLP function which evaluates likelihoods for
each background speaker to given X . Sort,
represents the function which sorts given value set in
descending manner, Sely .o the function to select the
background speakers of the maximum number of
background speakers I whose M, , s exceed the
preset threshold 6. In this paper, the method is called
the discriminative cohort speakers (DCS).

In this paper, MLPs to calculate Af,,, are called
MLP-I and MLPs to learn an enrolling speaker using the
background speakers selected by MLP-I called MLP-II.
While MLP-Is are learned before enrollments using
background speakers’ data, MLP-IIs are learned at the
time of enrolling speakers. It should be noted that
although an MLP-II has one output node since it
discriminates the current pattern input just into the
enrolled speaker and the background speaker group, an
MLP-I has I output nodes since it has to evaluate the
likelihoods of all background speakers.

1II. OMITTING PATTERNS IN INSTANT LEARNING

METHOD

MLPs leamm the representation of models by
establishing decision boundaries which discriminate
geometrically the model areas. If the patterns of the
whole models are fully presented in iterative manner and
the internal learnable weights of an MLP are adjusted so
that all the patterns of each model are classified into its
own model area, the decision boundaries can be finally
settled in the optimal positions.

The common MLP learning method, the online mode
EBP algorithm, updates the weights of an MLP using the
information related to the given pattern and the current
weights status like this;

w; (n+1) = w;(n)+ Aw, (n)
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where, w, is the weight to link with a weighted value
from the computational node ; to the node i, n the
weights update count, and e, the summed error from
all the output nodes for the given pattern p. ¢,, d,
and y, are the error, the learning objective and the
network value of the output node &, respectively. M
designates the number of output nodes and 5 the
learning rate to determine how much portion of the
weight vector change Aw; is applied to the update. The
learning objective is, in general, designated 1 if the
output node corresponds to the model of the current
pattern, otherwise 0 or -1 corresponding to whether the
activation function is binary type or bipolar type,
respectively. The weight updates continue until some
criterions are satisfied, for example, the summation of
e,s for all the learning patterns goes down below a
certain value. After a learning is complete, the network
outputs each converging to its own objective are derived
from the learned weights and the decision boundaries are
formed at the valleys between the high output values on
each model area.

The usefulness of the given pattern in the current
epoch can be determined on the criterion of the error
energy objective. One epoch is the duration that all
learning patterns are once presented and the evaluation
of when the learning stops is carried out on the end of
each epoch. In the online mode EBP, the achievement of
learning in the current epoch is measured with the error
energy averaged for the entire N patterns like this:
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where, ¢ is the epoch count. The learning continues
until the average error energy €, (1) is less than the
learning objective uy

w,(n+)=w, (n)+Aw,(n), ife,()>e, (6)
Stop, otherwise

The relationship between the average error energy and
the individual error energies can be described like this:

eavg(t) < eobj’
if e2(n) <2e
0<A<],

for all N patterns, )

abj

where, el(n) is the error energy of the output node C
associated with the given pattern. This expression means
that if all the ¢ (n) for the entire learning patterns are
less than or equal to 2, then the learning is complete,
assuming that the learning is progressed sufficiently to
ignore the other output values beside C. As a result, it is
possible to learn only the patterns with eé (n)>2e,, for
completing learning. However, in actual situation the
errors of the other outputs may not be ignored, so the
coefficient 1 is added to compensate for such errors
included in €, (1) - In this paper, the new EBP algorithm
employing (7) is called the omitting patterns in instant
learning (OIL) method. MLP-IIs described in section 2
are learned by the OIL method.

IV. IMPLEMENTED SYSTEM

The speaker verification system extracts isolated
words from input utterances, classifies the isolated words
into nine Korean continuants (/a/, /e/, /a/, /o/, W/, i/, 11/,
/l/, nasals) stream, learns an enrolling speaker using
MLP-I and MLP-II for each continuant, and calculates
identity scores of customers. The procedures performed
in this system are described in the following:

(1) Analysis & Feature Extraction [8]

The utterance input sampled in 16bit and 16kHz is
divided into 30ms frames overlapped every 10ms. 16
Mel-scaled filter bank coefficients are extracted from
each frame and are used to detect isolated words and
continuants. To remove the effect of utterance loudness
from the entire spectrum envelope, the average of the
coefficients from 0 to 1kHz is subtracted from all the
coefficients and the coefficients are adjusted for the
average of the whole coefticients to be 0. 50 Mel-scaled

filter bank coefficients that are especially linear scaled
from 0 to 3kHz are extracted from each frame and are
used for speaker verification. This scaling adopts another
study result that more information about speakers
concentrates on the second formant [9]. To remove the
effect of utterance loudness from the entire spectrum
envelope, the average of the coefficients from 0 to 1kHz
is subtracted from all the coefficients and the coefficients
are adjusted for the average of the whole coefficients to
be 0.

(2) Detecting Isolated Words & Continuants

Isolated words and continuants are detected using
another MLP learned to detect all the continuants and
silence in speaker-independent mode.

(3) Learning MLP-II with Enrolling Speaker for Each
Continuant

For each continuant, the continuants detected from the
isolated words are input to corresponding MLP-I and
outputs of the MLP-I are averaged. Then the background
speakers to present their output averages more than the
preset threshold ¢ are selected. MLP-IIs learn enrolling
speaker with the selected background speakers for each
continuant.

(4) Evaluating Speaker Score for Each Continuant

For each continuant, the all the frames detected from
the isolated words are input to the corresponding MLP-II.
All the outputs of the MLPs are averaged.

(5) Comparing Speaker Score with Threshold
The final reject/accept decision is made by comparing
a predefined threshold with the average of the step (4)

V. EXPERIMENTS

This paper uses the implemented MLP-based speaker
verification system and a speech database described in
[10], and experiments on them with the same experiment
condition to [10] in order to evaluate the combination of
the DCS and the OIL as well as the individual methods
proposed in the previous sections. In the experiments,
enrolling duration improvements by the combination
along with the individual methods are measured and
compared with the online EBP algorithm.

The results of all experiments are presented in Fig. 1.
Experiments are conducted to evaluate the performances
of the online EBP, the OIL, and the DCS with the OIL. In
the figure, OnEBP designates the online EBP, the
numbers of the bottom the preset thresholds in the DCS,
learning duration and number of learned patterns the
averaged duration and patterns, respectively, to enroll
one speaker for the entire speech database, and error rate
the equal error rate. The performance of the online EBP
is evaluated with the optimized learning parameters, i.e.

207



learning rate and learning objective error energy [10].
The figures for the OIL are measured with 1=0.3 for
the same learning parameters to the online EBP. For the
measurements of the DCS with the OIL, the optimal
results can be taken at the threshold -0.999 because the
numbers larger than this make higher verification errors.
On the basis of the online EBP algorithm, the OIL
achieves a quite improvement in enrolling duration
without any lose in verification error. With the OIL
applied to, the DCS keeps the duration decreasing as the
. threshold increases. From the results, it can be known
that both the two methods are effective to shorten the
learning duration.
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Fig. 1. Experimental results of the online EBP, OIL, and
DCS with the OIL.

The final performance evaluations of individual
experiments are arranged in Fig. 2. With the same
verification error to the online EBP, the DCS marks
14.6% improvement and the OIL 55.6%. The
combination of the two methods improves enrolling
duration by 75.6% over the online EBP. The higher result
of the combination than the ones of the OIL and the DCS
demonstrates that the two methods operate on different
optimization principles and make a synergy when they
are employed at a time.
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Fig. 2. Performance comparison of all methods.
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VI. CONCLUSION

So far drift speaker enrolling problem has been studied
to provide higher usability to MLP-based speaker
verification systems. While MLPs have great potential
on the application to speaker verification, they suffer
from poor learning speed. Many users may call for
instant enrolling for speaker verification system, so such
defect of MLPs must be amended for the attractive usage
of the systems. To resolve the problem, this paper fused
the existing two studies to enhance speaker enrolling
speed for MLP-based speaker verification systems. By
conducting several experiments on real speech database,
it was acquired that the previous methods are based on
distinct reduction bases and it can be concluded that the
combination of the methods is very effective to shorten
speaker enrolling duration for the speaker verification
systems based on MLPs.
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