Modified Learning Algorithm for GMDH-Wavelet-Neuro-Fuzzy-Network in Information Technologies

UDC 004.032.26

MODIFIED LEARNING ALGORITHM FOR GMDH-WAVELET-NEURO-
FUZZY-NETWORK IN INFORMATION TECHNOLOGIES

O. Vynokurova

Control System Research Laboratory, Information technologies security department,
Kharkiv National University of Radio Electronics

vinokurova@kture.kharkov.ua

VY crarTi 3anpornoHOBaHO MOAU(iKoBaHUN anroput™ HaBuaHHs MI'Y A-peiiner-Heipo-¢a3z3i-
Mepexi JUIs BUpIMIEHHA 3afad oOpoOku iHdopmamii. s omrumizamii cTpyKTypu BEWBIET-
Heipo-(a33l cucTteMH 3alpONOHOBAHO BHUKOPUCTOBYBaTH Merton ['pynmoBoro VYpaxyBaHHs
AprymenTtiB (MI'YA). 3anpornoHoBaHa cucTteMa J03BOJII€ BHUPIIIYBAaTH IIUPOKE KOJO 3ajad,
BKJIIOYAIOYM 1IeHTU(}IKAllII0 Ta MPOTHO3YBaHHS CUTHAIIB, aBTEHTH(]IKaIlil0 KOPHCTYBadiB,
kiacudikalio Ta KiacTepusauiio 1HQopmarlii, po3poOKy ICeBIO-BUIIAJKOBUX I'€HEPAaTOpIB Ha
OCHOBI HelpoMmepexx B Kpuntorpadii ta inmi. IMmitamiiiHe MoJenrOBaHHS 3ampONOHOBAHOT
apxiTekTypu Ta MOAM(DIKOBAHOTO aNrOpUTMy HABYAaHHS TMIATBEPIKYE e(PEKTHBHICTh
3alpONOHOBAHOTO MiIXOY.

Knrouosi  cnosa: ciopuona MI'VA-sevienem-nelipo-paszsi  mepedica, 6eligiem-HelupoH,
Mmoougixkosanuti ancopumm Hasyawusa, MI'VA-ancopummu, ioenmughiayis, npoeno3yeaHHsl,
asmenmugixayis

In the paper modified learning algorithm for GMDH-wavelet-neuro-fuzzy-network in
information technologies is proposed. For Wavelet-Neuro-Fuzzy-Network —structure
optimization based on Group Method of Data Handling (GMDH) is developed and the method
of structure optimization is described. Such hybrid systems can be used for solving many tasks
including signal identification and prediction, person authentication, information classification
and clustering, developing pseudo-random generator based on neural networks in cryptography
and etc. The experimental investigations were carried out and their results accuracy of data
processing by optimally constructed Wavelet-Neuro-Fuzzy-Network and network with
multilayer feedforward architecture are presented and compared.

Keywords: Hybrid wavelet-neuro-fuzzy-network, wavelet neuron, modified learning
algorithm, GMDH algorithms, information technologies, identification, forecasting,
authentication

B crarbe nmpemioxxeH MoAupUIMPOBAaHHBIN anroput™ obydyenus MI'Y A-paiiBier-Helipo-¢aziu
CeTH JJsl peleHus 3agad oOpaboTku uHpopmauuu. is onTUMH3AaUUU CTPYKTYphl BAHUBIIET-
Helpo-(}a33u cucTeMbl MpeUIoKeHO Hcnosb3oBaTh Meton ['pynmoBoro Yuera ApryMeHTOB
(MI'VA). IlpennoxeHHas cucTemMa IMO3BOJIIET pellaThb HIMPOKUN Kpyr 3ajad, BKIIOYas
UACHTU(GUKAIMIO W NPOTHO3MPOBAHUE CUTHAIOB, AayTEHTU(HUKAIMIO  IOJb30BaTeseH,
KJIaCCU(UKALMIO U KJIACTEPU3aLUI0 MH(OPMALMU, CUHTE3 NCEBO-CIIyYalHbIX T€HEPAaTOPOB Ha
OCHOBEe Heilpocereil B Kpunrorpapuu U Apyrue. MmuTanuoHHOe MOJAEIMPOBAHUE
MPEUIOKEHHON apXUTEKTYpbl U MOIU(PHUIMPOBAHHOTO alNropuTMa OOY4YEHMs IMOATBEPIKIACT
e PeKTHBHOCTH pa3BUBAEMOTI0 MOAXO/IA.

Knouesvie cnosa: eubpuonas MIVA-esiienem-uetipo-ghazzu-cemnv,  31671eM-HEUPOH,
Mmooughuyuposannvie memoo o6yuenus, MI'VA-ancopummel, ungopmayuonnvie mexHono2uu,
uoeHmugurayus, nPoHO3UPOBaHUe, aymeHmuPuKayusl
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Introduction

Last years the problem of information processing tasks including identification,
authentication, prediction, clustering, developing pseudo-random generator in
cryptography and etc is of great importance [1-3]. For its solution various approaches
were applied. The most perspective information processing methods are neural
networks, especially a fuzzy neural networks and GMDH methods. Earlier it was
proved that neural networks are universal approximators and have some remarkable
properties, such as parallel processing of information, ability to work with incomplete
noisy input data, and learning possibilities to achieve the desired response (output).

The GMDH [4-6], from the other side, uses the principle of self-organization
that allows to construct an optimal structure of the forecasting model during the
algorithm operation. It’s very promising to combine advantages of these both
approaches for the solution of the problem — constructing an efficient model for the
forecasting in different applications including financial ones.

The goal of the present work is a synthesis of learning algorithm on the turning
points of GMDH-Wavelet-Neuro-Fuzzy-Network based on hybrid criterion.

In [7] GMDH-network with neo-fuzzy nodes using triangular and cubic-spline
activation membership function was introduced. In this paper as nodes of GMDH-
network the wavelet neurons with adaptive membership-activation functions which
have an improved approximation and extrapolation properties in comparison with
neo-fuzzy neuron is proposed. Also the specialized learning algorithm based on
hybrid optimization criterion is introduced.

1. Wavelet neuron architecture

Let us consider wavelet-neuron architecture [8], shown on the Fig.1. As it can
be seen, wavelet neuron is close enough in construction to the neo-fuzzy neuron,
however instead of usual tuning synaptic weights it contains wavelet synapses WS.,

i=1,2,...,n. In this case tuning parameters are not only synaptic weights w,(k), but

center, width and shape parameters of adaptive wavelet membership-activation
function ¢, (x,(k)).

When a vector signal
x(k) = (x,(k), x,(k),...,x, (k)" = (x(k —1),x(k —2),...,x(k —n))"

is fed to the input of wavelet neuron, the output is determined by both the tunable
weights w, (k) and wavelet membership activation function:

§k) = D (50 = YD, (k=D (3 (), (1)

i=l j=1
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Fig. 1. Architecture of wavelet neuron

In this case we use one-dimensional wavelet membership-activation function,
proposed in [9] in the form

) (k)
(Dji (Xl(k)) - (1 - aji (k)tji (k)) exXp _JT > (2)

where tﬁ(k)=(xl.(k)—cjl.(k))0';(k); c,;(k) 1is center parameter of wavelet
membership-activation function; o (k) is width parameter of wavelet membership-
activation function; « (k) — shape parameter of wavelet membership-activation

function.
2. Wavelet neuron learning algorithm

The learning task is to estimate for each iteration k synaptic weights w,(k),

centers ¢ (k), widths O';l.l(k) and shape parameter « (k) of wavelet membership-

activation function, which optimized some prescribed criteria.
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2.1. Learning algorithm for synaptic weights, width parameters, shape
parameters of wavelet membership-activation function

As the criterion of optimization for wavelet neuron synaptic weights, width and
shape parameters of membership-activation function quadratic error function is used
in the form

E(k):%@(k)_y(k))z:%ez(k) L=, 00,6 @) 6)

=1 j=1

(here y(k) — external training signal).

The derivatives of the error function with respect to the tuned parameters can
be written in the form

OB _ oty (3, (k) = —e(k)(1 = 1, (k)2 () exp(—ﬂj = —e(k)J 2 (K), (4)
aw (k) J y J 2 J
.ﬂ'”?(’{z)—- ek, (D05 () - ¢, (B2, () + 1)1, ()=, (R, (ke
g 5)
fexpd L= elb; b
OE(k) _ ) R
T e(k)w,-,-(k)tj,(k)exp[ : j (k) (k) (6)
Introducing (h x1) —vectors of variables
0,5, () = (@, (5 (k). (5, (R w06 = (0, ()., (KDY
G_l(k) (o (k) Gh,(k)) Otl.(k)Z(ali(k),...,ahii(k))T, tl.(k)z(tli(k),...,thil.(k))T,
TR = (s T ()Y JE )= (T (K)o T (RN

JIk)y=(J] (k),...,J,Zl.(k))T , we can rewrite gradient learning algorithm of i-th

wavelet-synapse:

w,(k+1) =w, (k) + 1" (k)e(k)J;" (k),
o (k+1) =0 (k) +n° (k)e(k)J? (k), (7)
a;(k +1) = e, (k) + " (k)e(k)J}" (k).
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The convergence rate of learning algorithm can be increased via the use of
Gauss-Newton algorithms [10].

Using the sum of two matrix inversion lemma and performing a sequence of
obvious transformations [11], we can write on-line learning algorithm in the form

Wk +1) = w, (k) +%(Z)(k) Pk +1) = Br" (k) + PT" (k) P,
]’;.
ok +1) =07 (k) +e(");(k)(k) 2o (k+1) = Bre (K)+PJ7 ()P, ®)
]’;.
(k)T (k)

a,(k+1)=a (k) + , r“(k+1)= Bre(k)+PJ ()P, 0< B <1,

1 (k)

1

where f is forgetting factor (0< f<1).

2.2.The learning algorithm on the turning points for center parameters of
wavelet membership-activation functions

Generally the learning algorithms for neural networks are based on using some
learning error function. But in the situation when the processed signal or process is
significantly non-stationary using such criteria leads to shift effect, which reduces the
accuracy of prediction [12].

For the solving such problem, we need to introduce learning criterion that can
be consider the shift effect of prediction signal.

Fig. 2 shows the fragment of signal y(k) with shift effect of predictive value

(k).
y‘ »-
/N 5®
y!
i
|
|
J
f,’r k-gk Fﬁ:

—
Fig. 2. Signal fragment with prediction shift effect

It can be seen on the fig. 2 that, in order to minimizing of shift effect we need
to minimize distance g or at the inflection points of the signal, or at the points of

intersection with the axis k. It should be noted, that inflection points of y(k) and
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y(k) is the intersection axis of Ay(k)and Ay(k) corresponding (here A is symbol of
first difference).

In the prediction theory of economical time series in German literature such
prediction quality criteria as Wegstreke [13, 14] is accepted. This criterion is the
estimation of predicting model quality, when its value +1 corresponds optimal
predicting model, and when its value —1 corresponds incorrect prediction result. Such
criterion has form

D signal(k)(y(k) = y(k~1)
Wegstreke = +=—— )

D k) = y(k=1)|

k=1

where signal(k) 1s signum function
L if y(k)—y(k-1)>0,
signal(k) =41, if y(k)—y(k-1)<0,

0 otherwise,

y(k) is the actual value of process; y(k) is prediction value; N is length of learning

sample.
Due to the fact, that the sign function is not differentiable, it can be replaced by
a hyperbolic tangent function (see fig. 3) with large steepness parameter

signal(k) = tanh y (p(k) — y(k —1)) = 1 ; :ii E:Z: g Eg : ij Elli : 3;; ’

where y is steepness parameter, y >>1.

Fig. 3. Signum-function (solid, thick line) and hyperbolic tangent function
(y >1 - dotted line, ¥ =1 - solid line, y <1 - dash-dotted line)

IHOykmugHe MmoderntoeaHHs cknadHUx cucmem, suryck 5, 2013 135



Modified Learning Algorithm for GMDH-Wavelet-Neuro-Fuzzy-Network in Information Technologies

Using this hypothesis, we can introduce the learning criterion, which will take
into account the shifting effect of prediction in the form

ey — (a7 00) = y(k = D) (k) = y(k =1) (10)
(k)= (k=) ’

and in this case the derivative with respect to the parameterc;, (k) has form

o L0 = sign(y ()~ (k=)
i (11)
x(1—tanh® (7 (3(k) = y(k = 1))w ,.(@M
"0, (k)

Using expression (4) we can rewrite learning algorithm on the turning points of
wavelet membership-activation function centers based on gradient procedure in the
form

¢, (k+1)=c, (k) ~ 1,y sign(y(k) — y(k ~ D) x

) (12)
x(1 = tanh”(y(y(k) — y(k = 1))@, (x,(k))

where

2 (k
9 (x,(k)) = w, (K)o, (k)(Qex, (k) + Dt , (k) — ex, (k)E3, (k) exp{%}

w;, (k) is synaptic weight of wavelet neuron; 7, is learning rate parameter, 0 <7, <1.

Such learning algorithm has enough high speed and computational simplicity,
and main its advantage is possibility of minimizing shift between actual signal and
forecast, that it is important for the solving many practical tasks.

3. Wavelet-Neuro-Fuzzy-Network and its architecture optimization using
the Group Method of Data Handling

Wavelet-Neuro-Fuzzy-Network 1s a multilayer feedforward architecture that
consists of wavelet neurons. 3-layers Wavelet-Neuro-Fuzzy-Network with n inputs
and m outputs is shown of Fig. 4.

Given architecture is completely coincides with the structure of the 3-layer
perceptron, except that the wavelet neurons are used here as an elementary nodes
instead of usual neurons.
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Fig. 4. GMDH-Wavelet-Neuro-Fuzzy-Network

If we use wavelet neurons that have only two inputs, the GMDH can be applied
for the synthesis of the Wavelet-Neuro-Fuzzy-Network with optimal architecture.

The main idea of the GMDH algorithm lays in successive synthesis of the
neuron layers until the external criterion begins to increase. Algorithm description:

1) Form pairs from the wavelet neuron outputs of the current layer (at the first
iteration we use the set of input signals). Each pair is fed to the corresponding
wavelet neuron.

2) Using the learning subsample to adjust synaptic weight coefficients of each
wavelet neuron.

3) Using the test subsample to calculate the value of the external criterion
(regularity) for each wavelet neuron:

N
[s] _ o

e =—— 3 (v - () (13)

where N, is a size of the test subsample, s is the layer number, p is a neuron

number in the current layer p=1n , 7"'(k) is the p-th neuron of the s-th layer

response signal for the i-th input vector.
4) Find the minimal value of the external criteria for all wavelet neurons of the
current layer

5] = min g (14)

&
o P

and check the condition

el > g, (15)
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1 s

where &*!,&"™" are the criterion values for the best neurons of the and s-th and (s-1)-

th layers correspondingly. If the condition (15) is true then return to the previous
layer and find the best neuron that provides minimal value of the criterion (13).

Otherwise, select F' best neurons according to the criterion (13) value and go to
the step 1 to construct the next layer of neurons.

5) Determine the final structure of the network. Moving backward from the
best neuron of the (m-1)-th layer along the input connections and passing
successively all the layers of neurons, preserve in the final structure only such
neurons that are used in the next layer.

After the GMDH finishes its functioning it can be said that the final optimal
structure of the Wavelet-Neuro-Fuzzy-Network is synthesized. As it can be readily
seen we obtain not only optimal structure, but also trained neural network that is
ready to process new data. One of the most important advantages of GMDH usage for
the Wavelet-Neuro-Fuzzy-Network architecture synthesis is a capability to use
simple but quick learning procedures for the wavelet neuron weights adjustment
because network is trained layer-by-layer.

Conclusion

In the paper the modified learning algorithm for GMDH-wavelet-neuro-fuzzy-
network in information technologies is proposed. Using Group Method of Data
Handling algorithms we can synthesize an optimal architecture of the Wavelet-
Neuro-Fuzzy-Network. Theoretical justification and experimental results prove the
efficiency of the developed approach to the Wavelet-Neuro-Fuzzy-Network
architecture self-organization.
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