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Abstract.  Architecture of hybrid radial-basis neuro-fuzzy wavelon with adaptive membership-acivation function is
considered. The learning algorithm for the all parameters of hybrid wavelon, providing the improvement of approximating
properties that it check out the results of experimental simulation is proposed. This hybrid vavelon can be used as the
node in the group method of data handling (GMDH) neural networks instead of the nonlinear adaline.
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1 Introduction

At present time the neuro-fuzzy systems have been an increasingly popular technique of soft computing successfully
applied for the processing of information containing complex nonlinear regularities and distortions of different kinds.

Alternative to the conventional and most wide spread multilayer ANNS is using the radial basis function networks
(RBEN), which have one hidden layer consisting of so-called R-neurons. These networks learning is implemented on
the output layer level which is usually represented by the adaptive linear associator [1, 2, 3, 4]. Unlike perceptron type
of neurons (P-neurons), R-neurons usually have bell-shaped activation function f;(x), where the argument is a distance
(usually in Euclidean metric) between the current value of input signal (k) and the center c; of the j-th neuron.

The principal advantage of RBFN is the high learning rate in the output layer, because the tuning parameters are
linearly included to the network description. At the same time the problem of R-neurons centres allocation is remaining,
and being unsuccessfully solved it leads to the “curse of dimensionality” problem. Using clustering techniques though
allows reducing the size of the network, but excludes the possibility of on-line operation.

Nowadays new class of ANNs — the wavelet neural networks are wide spread in the non-stationary signal processing
under the uncertainty conditions. Elementary nodes of the wavelet neural networks are radial wavelons [5], where the
activation functions are the even wavelets with argument in form the Euclidean distance between x(k) and wavelet trans-
lation vector ¢;, where every component of distance ||z(k) — c;|| is weighted by the dilation parameter. The receptive
fields for such wavelons are hyperellipsoids with axes which are collinear to coordinate axes of the space X.

Taking into consideration the equivalence of radial-basis function network and fuzzy inference systems [6, 7], and
also possibility of using even wavelets as a membership functions [8, 9], within the bounds of the unification paradigm [5]
we can talk about hybrid radial-basis neuro-fuzzy wavelon [11, 12, 13, 14, 15] having the radial-basis function network
fast learning ability, fuzzy inferences systems interpretability and wavelet’s local properties.
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2 Hybrid radial-basis neuro-fuzzy wavelon

Let us consider the two-layers hybrid system. The input layer is the receptive and in current time instant k the input signal

in vector form x(k) = (z1(k),x2(2),...,7,(k))7 is fed on it. Unlike radial basis function network the hidden layer
consists not of R-neurons, but by wavelons with wavelet type activation function in the form
pi(x(k)) = ¢ ((x(k) = ¢; (k) Q7 (k) (x(k) — ¢j (k). j = 1,2,.... h, (D

in which instead of translation parameters o ;; the positive-definite dilation matrix @); is used. It moves us from using
Euclidean distance to implementation of Itakura-Saito metric [10].

This results in the fact that receptive fields — hyperellipsoids can have the arbitrary orientation relatively to the coor-
dinate axes of space X, what extends the functional properties of radial-basis neuro-fuzzy wavelon.

Based on the results about that the wavelet-function can be used as a membership function in fuzzy systems, we can
introduce the adaptive membership-activation function based on wavelet Mexican Hat, having form

pi(x(k) = (1 — a7} (x(k))) exp(—77 (x(k))/2), 2

where 7;(z(k)) = ((z(k) — cj(k))TQj*l(k)(x(k) — ¢;(k))), o is tuning parameter (0 < a; < 1).

Variable parameter or; allows to tune the form of membership function in process of hybrid architecture learning, thus
if a; = 0 then we get Gauss membership function, if «; = 1 then we get wavelet activation function Mexican Hat, and if
0 < a; < 1 then we get hybrid activation function.

Fig.1 shows the wavelon membership-activation function (2) with arbitrary matrices () ; and different parameters o;.
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Fig. 1. Wavelons membership-activation function with arbitrary matrices ); and variable
parameters o

And at last, the output layer is the usual adaptive linear associator with tuning synaptic weights
h
G(k) = wo + Y wip((e(k) — ;) Q5 (@(k) = ¢5)) = wTp(a(k)), 3)
j=1

where go(x(k)) = 0. w = (wo,wr, ..., wn) T, p(z(k)) = (1, p1(x(k)), p2(z(k)), ..., on(@(k)))"
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3 Learning algorithm for hybrid radial-basis neuro-fuzzy wavelon

For the synaptic weights w; and the wavelon parameters (vectors c;, matrices (); and parameters ;) tuning we use

gradient minimization of criterion
1 1 .
E(k) = 5¢*(k) = 5 (k) — (k))*, @
so unlike in the component-wise learning considered in [4], we make some corrections in the vector-matrix form, that,

firstly is less computationally expensive, and secondly it allows to optimize learning process on the operation rate.
In general case the learning algorithm can be written in form

wy(k + 1) = w;(k) = 10 (OB (k) /0uw;) = 1., h,
ci(k+1) =cj(k) =n.Ve; E(k),j=1,...,h,

Q' (E+1) = (k) — g Zf;_’? =1k, ®
0k + 1) = () 1 (OB(K) /00§ = L.,

OB (k)
Q!

E(k) on components Q;l; Nws Ney> Ng—1 and 7, are the learning rates.
J

where V., E(k) is n x 1-vector-gradient criterion (4) on c;; { } is (n x n)-matrix, formed by partial derivatives

For the adaptive membership function (4) we can write

OE (k) /ow; =e(k) (1 — ;7 (w(k))) exp(—77 (x(k))/2) = e(k)Ju, (k),
Ve, B(k) =2e(k)uw; (k) (o7 (x(k)) — (205 + 1)7;(2(k))) exp(—77 (x(k))/2)Q; ™ (x(k) — ¢;(k)) =
=e(k)J, (k),

} —e(k)w; (k) (a;73(@(k)) — (205 + 1)1 (2(k))) exp(=72 (2 (k) /2) (@ (k) — c; (k))- ©

OE (k)
0Q;!
(k) = ¢ (k)" = —e(k)Jg-1(k),

i
DE(k) /0y = — elkyw, (k)2 (x(k)) exp(—72 (k) /2) = e(k)Ja, (k),

where 7;(x(k)) = ((2(k) — ¢; (k)" Q5 ' (2(k) - ¢;(k))).

Increasing of the learning rate can be achieved by using more complex procedures than gradient ones, such as Hartley
or Marquardt procedures and using the inverse matrices lemma and after applying simple transformations we obtain the
effective parameters learning algorithm in the form

wj(k +1) = w; (k) + Ao (e(k) S (k)/ (mw + T3 (K))) ©)
cj(k+1) = c;(k) = Ac (e(k) Je(k)/ (ne + 1T (F)]1%)) ®)
aj(k+1) = a;(k) = Aa (e(k)Ja(k)/ (10 + JZ(K))) , ©

accurate within the descriptions and coinciding with optimal (for A, = A¢ = Ao, = 1, 7y = N = No = 0) one-step
Kaczmarz algorithm.

For the turning of matrices Q;l we can use the matrix modification of algorithm (8) [14] in form
Q' (k+1) = Q5 (k) + Aq (e(k)Jo(k)/ (ng + T (Jo (k) Jo())) . (10)
where A\ is a positive dampening parameter and 7)¢ is a momentum term parameter.

It is known, that one-step algorithms such as Kaczmarz one, have rapid response, but they don’t have filtering proper-
ties, i.e. they are not operated well in the conditions of intensive disturbances and noises. In order to provide the learning
algorithm with smoothing properties, we can introduce learning algorithm:

wj(k+1):wj(k)+Aw%, M (k +1) = Yo (k) + T4 (k + 1),
eyl 1) = ¢ (0) = A Sk 1) () + [+ DI, .
Q1 (k+1) =Q; ' (k) + Ag e(];ij(%k), no(k+1) = vono(k) + Tr (J (k) Jo(k)) "
aj(k+1):aj(k)+)\a%{z§k), Nalk +1) = yana (k) + J2(k + 1),
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(here 0 < { Ay, Ac; AQs Ao} < 1 are parameters of weighted out-dated information). This procedure is nonlinear hybrid
of Kaczmarz-Widrow-Hoff and Goodwin-Ramadge-Caines algorithms and has both following and filtering properties.

4 Conclusion

In the paper computationally simple and significantly effective learning algorithm with radial-basis neuro-fuzzy wavelon
parameters and adaptive wavelet membership-activation function parameter is proposed. It combines both following and
filtering properties and allows processing of non-stationary nonlinearly signals in real time. Using the wavelons recep-
tor fields, including their transformations (translation, dilation, rotation, transformation membership-activation function
form) allows to improve the network approximation properties, what is confirmed by the experiments research results.
In the future the proposed adaptive hybrid radial-basis neuro-fuzzy wavelon will be used as the node in the multilayer
GMDH neural networks instead of conventional non-linear adaline.
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