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Abstract

In this paper we introduce e GN-model of the work of Learning Vector Quantization
neural networks. The model can be used for the optimization and following the network’s
behavior in future.
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Introductions

In a series of papers the process of functioning and the results of the work of different
types of neural networks have been described by Generalized Nets (GNs)[5, 6, 8, 9]. In this
paper, the possibility for training of LVQ neural network with Kohonen rule will be
investigated.

The different types of neural networks [10] can be implemented in different ways [11]
and can be learned by different algorithms [2, 3, 4].

The Learning Vector Quantization (LVQ) network is hybrid network. It uses both
unsupervised and supervised learning for each classification. In LVQ network each neuron in
first layer is assigned to a class, with several neurons often assigned to the same class. Each
class then assigned to one neuron in the second layer. The number of the neurons in the first
and second layer is S' and S*.
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where
R = number of the elements in input vector;

v 0
W - matrix of the weight coefficients of the everyone of the entries;

p - input vector;

The output of the first layer of the LVQ is

1, for wining neuron

1
a = compet(n) = 2
pet(n) {O, for other neurons @

Therefore the neuron whose weight vector is closest to the input vector will output a 1
(winner neuron), and the other neurons will output 0.

The winner neuron indicates a subclass and several different neurons (subclasses)
make up each class.

The second layer of the LVQ is used to combine subclasses into a single class. This is
done with the W? matrix. The columns of the W? represent subclasses, and the rows represent
classes. W? has a single 1 in each column, with other elements set to 0. The row in each the 1
occurs indicates which class the appropriate subclass belongs to

Wk% ; =1 -subclass I is a part of the class k, k=1+S”

The Kohonen rule [4] is used to improve the hidden layer of the LVQ network in two
ways. First if the a’=t (the p is classified correctly)

wl(@) = w'(g+ 1)+ al(p(g) - w' (g -1) 3)
and second if the a’#t (the p is classified incorrectly)
wl(@) = w'(g+ D) —al(p(g)-w'(g-1) 4)

where
q — number of iteration;
al - learning rate for neural network.
The output
a’= purelin (W?a'). &)
The LVQ [2,3] use least-quarter error:

e’ =(t-a)’ (6)
where
t indicates the target vector.

In the learning phase of the the neural network, the algorithm recalculates network’s
parameters (W) so to achieve square error.
The network is learned when
¢* < Enmas, (7)
where Ep,x 1S maximum square error.

GN-model
All definitions related to the concept “GN” are taken from [1]. The network,
describing the work of the neural network is shown on Fig.2.
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The below constructed GN-model is a reduced one. It does not have temporal
components, the priorities of the transitions, places and tokens are equal, the place and arc

capacities are equal to infinity.

Initially the following tokens enter in the generalized net:

- in place Ssrr - a-token with characteristic

xg =“number of the neurons in the first layer, number of the neurons in the output layer”;

- inplace Sgua — f-token with characteristic
B _

Xy = “maximum error in neural network learning Eax”;

- in place Sp; - y~token with characteristic

x§ =“pr, ti}, {p2, to}, s P00, 10}

- inplace S, - one otoken with characteristic

xg — “OCZ”;

- in place Sy - £-token having characteristics

xg — “W”.
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Fig.2

Generalized net is presented by a set of transitions:
A= { Z], Zz; Z3: Z47 ZS, Z67 Z7}:
where transitions describe the following processes:

Z; — Calculating n' using (1);

7, — Calculating a' using (2);

75— Calculating a® using (5);

Z4— Checking for correct classification;

Zs— Calculating w'(q) for correct classification using (3);
Zs— Calculating w'(q) for incorrect classification using (4);
Z7— Checking for learning using (6) and (7).
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Transitions of GN-model have the following form. Everywhere:
p - vector of the inputs of the neural network,
a' - output values of the i layer neural network, i =1, 2,
¢’ - square error of the neural network,
Enax - maximum error in the learning of the neural network,
t - learning target;
Ww(q) - weight coefficients of the neural network fir the q iteration;

Z1=< {SSTR, Spt, Sw, 573, Slz}, {S11> 512}, Ri, V(A(V(Sw, 573), SSTR, Spt)> S12)>,

where:
Sll SlZ
S¢rr | False True
Sy | False True
R\= )
S, | False True
S.; | False True
S;, | True True

On the first activation of the transition Z; the o, y and e-tokens the entering in place
S1> obtain characteristic

0 o €
X0 =" <)C0 , x?)' » X0 >" .

Next it obtain characteristic

0 a v
Xeo, ="<x0 XG0 X0, >".

The token that enters in place S;; not obtain new characteristic

Z=<{S1}, {521}, Ro, (S11)>,

where:

The token that enters in place S,; obtain characteristic

x;‘u =" <X(?u . Cll >" .

Z3=<{S11}, {S31}, R3, (521)>,
where:
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The token that enters in place S3; obtain characteristic

X:;lu =" <x?u 5 Cl2 >" .

Z4=<{S31, Sai}, {Sa1,Sa2}, Ra, A(S31, Sa)>,
where:

| Sa1 Su
R=S31 | W3141 W31425
Sy | True  True

Wi141=" a’=t” i =1-Q, Q- the number of the learning couples.

) 2"
Wi3140="= W34,

The token that enters in places S4; and S4; obtain characteristic

G _n 0 2 1) "
Xey = <xcu,a » X > .

Zs=<{Sa1}, {Ss1}, Rs, A(S41)>,
where:

R5:
S, | True

The token that enters in place Ss; obtain characteristic

’

" 0 0 1 "
xgu = <pr1xcu>pr2xcuaW (C])> .

Ze=<{Sn}, {Se1}, R, N(S02)>,
where:

R6:

92}

]
=
=
o

The token that enters in place S¢; obtain characteristic

"

" 0 0 1 "
xgu = <pr1xcu,pr2xcu:W (Q)> .

Z7=< {551, Se1, SEmax}: {571, S72, 573}, Ry, V(/\(SSh 561), SEmax)>a
where:
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where:

S71 S72 S73
R7: SS] W51,71 W51,72 W51,73 ,
61 W61,71 W61,72 W61,73
SE max WE max,71 WE max,72 WE max,73

_ _ _ w2 99,
Ws1.71= We1,71=WEmax,71= € 2<Emax ;

_ _ _ .
Ws1.72 =We1.72=WEmax,72= 62 >Emax& ¢>m*;

__ _ __9 2> 29,
Ws1.73= We1.713=WEmax73= € Emax

q — current number of the learning iteration,
m — maximum number of the learning iteration.

The tokens that enters in place S7;, S7,, and S73 obtain characteristics respectively
“The neural network is learned”
“The neural network can not be learned”

xor =" (W' (@)

Conclusion

This model introduces the functioning the neural network of type LVQ. About

constructing a model of information processes in described structure, generalized networks
have been used because they offer powerful implement for modeling the parallel process, they
allow the optimization and following the network’s behavior in future.
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