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KOHONEN NEURAL NETWORK LEARNING IN THE
CLUSTERING-CLASSIFICATION TASKS

Abstract. In the paper, combined self-learning and learning method of self-
organizing map (SOM-LVQ) is proposed. Such method allows to increase quality of
information processing under condition of overlapping classes due to rational choice
of learning rate parameter and introducing special procedure of fuzzy choice in the
clustering-classification process, which occurs both with external learning signal
(“supervised”), and without one (“unsupervised”). As similarity measure of
neighborhood function or membership one, cosine structures are used, which allow
to provide a high flexibility due to self-learning-learning process and to provide some
new useful properties.
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Introduction

In Data Mining problems, associated with clustering, classification,
fault detection, compression of information and etc., self-organizing
maps (SOM) and neural networks of learning vector quantization (LVQ)
are widespread. Such neural networks are proposed T. Kohonen [1, 2]
and represented in fact by single-layer feedforward architecture, which

provides mapping of input space X C R" using some operator F'into the

output space Y C R".

During operation, each neuron of SOM or LVQ gets information
about analyzed input signal. After that, competition mode occurs in sin-
gle network’s layer (also known as the Kohonen layer), and single win-
ner neuron with the maximum output signal is determined. The vector
of neuron-winner synaptic weights is most similar in terms of the ac-
cepted metric (typically a Euclidean metric) to the input signal. This
signal can provide the excitation of nearest "neighbors” of the winner
and the reaction suppression of the far dispersed neurons by lateral re-
lations. However, the decision about input vector-pattern membership to
one or another class (cluster) is adopted uniquely by the rule of "Win-
ner-Take-All» (WTA). Exactly this uniqueness can lead to the fact that
in the case of overlapping classes accuracy of the task solution may be
not high due to the fact that the same observation with different levels
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of membership (sometimes identical) can belong to some clusters at one

time. So, it is reasonable to provide for SOM and LVQ properties and
capabilities of fuzzy classification, in addition saved to sequential in-
formation processing, i.e. the possibility of operation in on-line mode.

1. Formulation of the problem

Let us consider single-layer neural network with lateral connections
containing n receptors and m neurons in the Kohonen layer. Each of

the neuron is characterized by it’s own synaptic weights w,, j = L2,...m,

at the same time during learning process input vector-pattern x(k) is

fed on the inputs of all neurons (usually adaptive linear associators)
(here k=1,2,... - either the number of observation in a table “object-

properties”, or current discrete time for on-line processing mode) and
neurons produce the scalar signals on their outputs

y;(k) = wf(k)x(k), i=1,2,...,m, (1)
which depend on current values of synaptic weights vectors w;(k), that

tuned using accepted algorithm for determined input space domain X e

Similar in the sense of accepted metric input vectors can activate either

one and the same neuron w;, or and its neurons-neighbors, for example,
w, and w,.

Self-organization procedure is based on the competitive learning
approaches (self-learning), and the procedure begins from the initializa-
tion of network synaptic weights, selecting usually sufficiently ran-
domly, at that preferably, for each of neurons the normalization condi-
tion is performed

()| = %" (R)xte) = |, (B = w! Ceyuw, (k) = 1. (2)

The goal of this paper is introducing to the self-organizing process
the fourth stage — fuzzy inference, which allowed in on-line mode to
classify data (in the context of conventional SOM — LVQ architecture),
belonging to several clusters at the same time.

2. SOM learning algorithm

The competition process is started to analysis of current pattern

x(k), which is fed to all neurons of Kohonen’s layer from receptive

(zero) layer. For the each neurons the distance is computed in form
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D(w,(k), x(k)) = (k) — w, ()], (3)

at that, if inputs and synaptic weights are normalized accordingly (2)

and Euclidian metric is used as distance, than the proximity measure

between the vectors w,(k) and x(k) can be inner product in form

wf(k)x(k) = y,(k) = cos(w,(k), x(k)) = cosb,(k). (4)
Using relation (4), we can replace metric (3) to more simple con-
struction, referred to as a measure of similarity [3]
Y(w,(k), x(k)) = max {0, cos(w;(k), x(k)} = max {0, cos ), (k)} . (5)
Further we define neuron-winner that is the most similar to the in-
put vector

Y(w; (k), x(k)) = max J(w, (), x(k)) , (6)
after that, temporarily omitting the stage of cooperation, tuning of syn-
aptic weights using WTA self-learning rule is realized in form

w; (k) + n(k)(x(k) — w; (k)), if j— th neuron
w;(k +1) = {won in the competition, (7)
w,(k) otherwise.
Requirement of monotonic decreasing of the parameter 7(k) leads
to expression in form
(k) =r'(k), n(k) = ar(k—1) + |x(k)

One of the SOM features is the presence of cooperation stage in the

> 0<ac<l. (8)

self-learning process, when neuron-winner defines local domain of topo-
logical neighbourhood, in which is trained not only himself, but and his
nearest environment, at that neurons, that are more close to winner, ad-
justs their weights more than a remote. This topological domain is de-
fined by neighborhood function ¢(j,p), which depends from distance

D(Wj(k),wp(k)) between winner Wj(k) and any of Kohonen’s layer neu-

rons w, (k), p=1L12,..,m and some parameter o, which sets its width.

Using of neighborhood functions leads to the self-learning rule in

form
w,(k+1) =w, (k) +n(k)e(j, p)x(k) —w,(k), p=1,2,....m, (9)

which minimizes criterion
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E} = iw(j, P —w,| (10)

of produced criterion “Winner Takes More” (WTM) type.
The necessity to maintain of condition (2) leads to the expression in
form

w, (0 + 1Bl PP —w, )
w, () + n(k)el, PYx(P) —w,(R))|"~ 77 (11
nk)=r'k), rl)=ar(k—1)+1,0<a<1.

w,(k+1) =

In many real tasks clusters can overlap. In this case vector x(k)

with proportional membership level cos0j(k) belongs j-th cluster, and

with proportional level cosﬁp(k) - to p-th one. Synaptic weights, which

situated in crosshatched region, don’t have relationship to the pattern
x(k) according to (5).
Using similarity measure, we can introduce the membership esti-

mate of pattern x(k) to j-th class in form:

0 < iy g clh)) = 2By (12)

S (w, (k) x(k)

Learning vector quantization neural networks in contrast to self-
learning SOM adjust their parameters based on external learning signal

(reference signal), which fixed the membership of each pattern x(k) to
one or another class. The mean idea of LVQ neural network is the possi-
bility of compact representation of large data sets in the form of re-

stricted prototypes set, or by centroids wj(k), j=12,...,m, which good

enough approximate the initial space X .

For each normalized according to (2) input vector x(k) the neuron-

winner is defined, in which the synaptic weights W; (k) correspond to the

prototype of the certain class. In other words, winner is neuron with
minimal distance to the input vector (9) or, which is the same, with
maximal similarity measure (6).

Since the learning is controllable (with supervisor), than member-

ship of the vector x(k) to specific domain X, of the space X is known,
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that allow to consider two typical situation occurring in the trained lin-

ear vector quantization:

- the input vector x(k)and neuron-winner W;(k) belong to the same
cell of Voronoy [2];

- the input vector x(k) and neuron-winner W;(k) belong to the dif-

ferent cells of Voronoy.
Than corresponding learning LVQ-rule can be written in form:

[ w] (k) + n(k)(x(k) — w! ()
|w; () + n(E) e (R) — w] ()
belong to the same cell,

w; (k) — n(k)(x(k) — w; ())
|0 () — (k) () — w] ()
belong to thedifferent cells,

,if x(k) and w; (k)

w,(k+1) =

,if x(k) and w; (k) (13)

w, (k) for neurons, which are not won in instant k.

If the first and third expression of formula (13) are completely
identical to WTA - self-learning algorithm, than it should be stayed
more details on “push” procedure (second expression of formula (13)).

*
Let’s considered to situation, when neuron w,(k) won in competi-

tion, although presented vector-pattern x(k) belongs to the class with

centroid w,(k), and neuron w,(k) didn’t win in competition. Naturally
it is necessary to «push» vector W:(k) so, that x(k) was equidistant

from Wj(k) and from w, (k).

For that, without comments, we make to the elementary transfor-
mation over the expression in vector form:

w,(k +1) = w] (&) — nk)(x (k) — w] (R), (14)
x" (eyw, ( + 1) = x" (kY] (k) — () xR — n()x" (e (), (15)
cos(uw,(k + 1), x(k)) = cos(w; (k), x(k)) — (k)L + cos(w; (k), x(k))) (16)

at that, for providing condition
cos(w;(k + 1), x(k)) = cos(w, (k), x(k)) (17

it is necessary to set 7(k) in form
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cos(w;(k), x(k)) — cos(w, (k), x(k))

cos(w; (k), x(k)) + 1 a
cos(w; (k), x(k)) — cos(w, (k), x(k))
cos(w, (k), x(k)) + cos(x(k), x(k))
cost,(k) — cos,(k)  x" (R)w, (k) — x" (k)w, (k)

cos,(k) +1 x" (Ryw; (k) — x" (k)x(k)

n(k) =

(18)

3. Compatible learning of SOM and LVQ

In the enough wide class of Data Mining tasks, for example, which
are connected to the medical diagnostics, in table «object-properties» for
part of the features vectors x(k) the diagnosis is known, and for some
one is or ambiguous, or nonunique, or not defined at all. In this case it
is possible to tune the synaptic weights with unified architecture with
lateral connections using different learning methods. Each of such
learning methods initializes according to level of apriori information
about membership or not membership x(k) to one or another class.

As a result general learning and self-learning algorithm can be
written in form:
w; (k) + n(k)(x(k) — w; (k))
w] (k) + n(k) (k) — w; (k)|

w; (k) — n(k)(x(k) — w; (k))

* ey ey = n()e(r) - w; ()
w,(k + 1) = {belong to thedifferent cells, (19)

{l, if the network works in supervised model,

,if x(k) and w; (k)

L .
0, otherwise,

w; (k) for neurons, whichare not won in instant k.

Conclusion

The combined self-learning procedure for Kohonen neural network
is proposed. Such method allows data processing under the overlapping
classes condition, when memberships of training data to specific classes
can be unknown at all, and have both crisp and fuzzy nature. This
method is based on using similarity measure, recurrent optimization and
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fuzzy inference and differs with high speed, possibility of operating in

on-line mode and simplicity of computational realization.
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