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Abstract

In this paper, three techniques are introduced to im-
prove the DVQ algorithm. The first one consists in an
automatic algorithm to determine the threshold o, a func-
tion of the minimum class variance, by a cross validation
procedure. The second improvement consists in a new
adaptive learning rule based on a spatial geometry con-
siderations. The algorithm is proposed to reduce an in-
stability phenomenon which may appear during learning.
Finally a criterion of neurons annihilation is proposed to
remove unnecessary elements from the system to ensure
network stability. Some experiments on real speech data
are presented to show the effects of these three techniques
on the network properties, including the learning time du-
ration, the number of references and the recognition rate
in each case.

Key Words : Automatic Speech Recognition, Artificial
Neural Network, Incremental Learning, Neurons Annihi-
lation.

1 Introduction

In recent years, there has been considerable interest in
Artificial Neural Network models (ANN) which have been
applied to a variety of problems in pattern recognition
and signal processing among other areas. Different vari-
ants of the supervised competitive learning such as Linear
Vector Quantization (LVQ) and Dynamic Vector Quanti-
zation (DVQ) algorithms have been proposed to improve
speech recognition capabilities.

DVQ is based on an incremental learning procedure.
The training phase starts with only one reference vector
per class and creates new ones progressively, according to
the threshold o [5] which is set to be proportionnal to the
minimum class variance.

2 Cross Validation Protocol

The technique consists in an iterative learning and
recognition steps on a small speech data test. The value
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for o is chosen in an optimal way to have the best recog-
nition rate with a minimum number of reference vectors.
Concretely, o is initialized with a small value and is in-
cremented progressively with a constant step until having
the preformances described above. This. protocol is also
used as a criterion test to stop automatically the learning
period duration of the algorithm. The end of the learning
is found during the learning period. The criterion is based
on both the recognition rate and the stabilization of the
algorithm. The algorithm is stabilized when no references
are created or annihilated, as it will be described in the
next sections.

8 Adaptive Learning Rule

One of the most common problems for this kind of
adaptive learning algorithms is that during the training
step, an instability phenomenon may appear when a new
example X is presented to the network. This instability
is caused by a non-conservation of the distance between
the closest reference m; and the next to closest m; to the
feature vector X (one of them, say m;, does not belong to
the same class as X). The second improvement consists
in a new adaptive learning rule based on spatial geometry
construction. The algorithm is proposed to reduce this
phenomenon. The weight vector adaptation uses two dif-
ferent steps: in the first one, a standard learning rule is
applied to adapt the weight vectors. The second one takes
into account the spatial distribution of neurons. At each
adaptation, the two references m; and m; are adjusted ac-
cording to some geometrical considerations to preserve the
initial distance. Two adaptation rules are proposed. The
first step (figure 1) is common for both rules proposed,
well known by the following equations:

-—

li

mgm; =  sgn * 6 % mTX (1)

_ 1 if class(X) = class (mg)
sgn = { —1 otherwise

é is a monotone decreasing function. mj is the reference
after adaptation. d; is the initial distance between the
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Figure 1: Adaptive learning rule in a 2 dimensional space

references m; and m;, dy is the distance after the first
adaptation.

8.1 First Adaptive Learning Rule (DVQ1)

In the first improvement, the adaptation rule is de-
scribed in figure 2.

Figure 2: Geometrical description of the first adaptive
learning rule

Because of the no conservation of the distance between
the references, a second adaptation is proposed to reor-
ganise the distribution. It is done by:

mim{ = sgnxa=* Uy 2)
where:
|di — dy|
—_— 3
T
O =4 (4)
H mymy ||

my, being the reference after the second adaptation. my
and m; do not belong to the same class. If we consider
the case of the two nearest neighbors where m; and X be-
long to the same class and m; and X to different classes,

equation (2) gives:
1" a

m-=m.'7-+

: (mj - m) ()

{rmimj ||
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"o__ @
™ =m; m(mﬁ' - m) (6)

8.2 Second Adaptive Learning Rule (DVQ2)

In the second improvement, the adaptation rule is de-
scribed in figure 3.

Figure 3: Geometrical description of the second adaptive
learning rule before adaptation

Figure 4: Geometrical description of the second adaptive
learning rule after the second adaptation

dinitiar is the distance before the fist adaptation, df;na
is the distance after the second one.

The advantage of this adaptation rule is to preserve the
inter-class distance between the references and to reorga-
nize in an optimal way their distribution according to the
presented example X. Concretely, the orientation of m;f
(xesp. m) is given by the medium hyperplan P defined

by:

13=—-—P”2“P2 (7)

— —

where Py is the hyperplane given by m{m; (resp. m;m;)

and P, the hyperplane defined by m;X (resp. Xm;).

The associated equations to this adaptation are:

mimy = aj*ﬁ,- (8)
mZ:ni’ = a;+U; (9)

where:
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and U; and [7j are the unit vectors defined by:

— ﬁ'l‘ll — ﬁ"l"l
;o= o= (1)
hzzgl [{Uisser ]
where:
— I-I.' N3 ﬁ'l ./ — U-"""I _'l.l'l
UJIJH — 13 + i) ; U‘I‘II = + ) (12)
2 2
and:
. mTX _, m-ﬁ_r’n"
Ujjr = —2r—; Uij=—="— (13)
[l m;X || [| m{m {|
— X_;f " m_'—r*n:
Usir = ——=—; Ujwr=—Z5— (14)
f Xm; || [} mjmi ||

«; is determined iteratively to have, a conservation of
the distance during the second adaptation period, i.e. un-
til dinitiat = dfina-

4 Neurons Annihilation

In order to achieve an overall good and stable system
performance, a criterion of neurons annihilation is pro-
posed to remove unnecessary elements from the system
and to ensure the network stability. The last improve-
ment concerns the neurons annihilation. Two types of
annihilations are possible: the first one is the case where
two references are too close. This process allows to elim-
inate all redundant cells in the network. In the second
one, a reference is annihilated if during the learning step
it falls out of the space region allowed to it. Each region
is defined according to a metric distance criterion. This
process avoids a possible divergence of neurons.

4.1 Redundant Reference Annihilation

This is the case of similar references in term of dis-
tance. We say that two vector prototypes are similar if
they are too close to each other. Let rf-A) r§A) be two ref-
erences belonging to the same class /A/, and let dmin(4)
the minimum intra-class distance on the examples of the
class /A/. These two references can be merged in only
one reference given by their mean, see figure 5, if:

d(r{®, 70 (15)
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Figure 5: Annikilation of similar references

4.2 Divergent Reference Annihilation

During learning, a reference adaptation can be the rai-
son of a divergence caused by a wrong position of the
prototype vector in the representation space of neurons.
The typical case is when the distance between the exam-
ple presented to the network and the prototype vectors is
too large.

Let ={*) and rgA) be two references belonging to the

i

same class /A/, and let:

dmin(4,C) = mind(4,C;); i=1, ---, c. (16)

d(A, C;) is the distance between class A and class C;.
dmin(A, C) is the minimum inter-class distance of the class
/A/ to the all classes c¢. The reference can be annihilated,
as described in figure 6, if

d(r®, 7)) > dmin(4,C) (17)

\ A
AW

Figure 6: Annihilation of divergent references

5 Experiments and Results

5.1 Speech Database

The corpus used contains one male speaker (700 vow-
els for training and 676 for testing). Each phoneme is
represented by an 8-dimension MFCC vector.

5.2 Experiment Results

Tables 1 and 2 show the recognition rate using both
learning and testing data for the initial version of the DVQ
algorithm and the two versions proposed.
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DVQ | DVQ1 | DVQ2

Time | NRef 23 23 23

5000 | Learn (%) | 80.43 | 83.86 | 84.00

Test (%) | 72.63| 76.33| 76.63

Table 1: Recognition rate with 5000 itterations

The results show an improvement of the recognition
rate for both the learning and the testing data. It reachs
faster better performances than the initial version of the
algorithm.

DVQ | DVQ1 | DVQ2

Time | NRef 25 23 26

10000 | Learn (%) | 85.29 86.86 86.29

Test (%) | 74.56 | 79.44 | 77.66

Table 2: Recognition rate with 10000 itterations

Figure 7 shows the variation of the number of references
during the learning time. The curve in dashdot represents
the learning with the first adaptive learning rule, the one
with solid line the second rule. This number is stabilized
after some training epochs.
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Figure 7: Number of references vs. time duration

Figure 8 shows the error rate in the same simulation
conditions. The curve in solid line represents the initial
vexrsion of the algorithm, the one with dashdot line the
first version proposed and the one with dashed line the
second version proposed. The first rule seems to be more
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efficient in the capability of generalization. Thanks to the
cross validation technique, we do not have to do the same
experiment for different values of o.
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Figure 8: Error rate vs. time duration

8 Conclusion

In this paper, we proposed three techniques to improve
the DVQ algorithm. A cross validation protocol permits
to choose ¢ and to stop the learning duration automati-
cally. Two adaptive learning rules based on geometrical
consideration were proposed to reduce an instability phe-
nomenon which may appear during learning. These rules
showed an imporovement of the recognition rate in both
learning and testing data. A criterion to annihilate refer-
ences was proposed to avoid neurons divergence. However,
further research must be focused to improve the possibility
of generalization of the algorithm.
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