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STACKING HYBRID SYSTEM
OF COMPUTATIONAL INTELLIGENCE BASED
ON KERNEL ACTIVATION-MEMBERSHIP FUNCTIONS
AND ITS ONLINE LEARNING IN PATTERN RECOGNITION TASK

Subject of research. The subject of the research is a stacking hybrid computational intelligence system based on a kernel
activation-membership function, which combines the advantages of neural networks and fuzzy models for solving pattern
recognition tasks under conditions of uncertainty, noise, and limited dimensionality of data sets. The goal of the work. The goal of
the work is to develop a stacking hybrid system with a kernel activation-membership function and online learning to improve
the accuracy, stability, and speed of pattern recognition in non-stationary environments in real-time. Task. Develop the architecture
of a stacking hybrid system; propose a kernel activation-membership function and an algorithm for its parameterization; construct
an online learning algorithm with step-by-step parameter updates; investigate the properties of convergence and computational
complexity; conduct an experimental comparison with basic machine learning models and classical neuro-fuzzy approaches.
Methods. Machine learning methods, ensemble and stacking approaches, kernel methods, adaptive optimization in online mode,
statistical analysis of classification quality, modelling and computational experiments on synthetic and real datasets applied to
pattern recognition tasks. Results. The proposed model provides higher classification accuracy and better generalization ability
compared to individual baseline models, demonstrates resistance to noise and changes in data distributions, as well as rapid adaptation
in streaming data conditions thanks to online learning. It is shown to reduce the error and ensure stable operation of the system
in non-stationary environments. Conclusions. The developed stacking hybrid system with a kernel activation-membership function
is an effective tool for real-time pattern recognition tasks. The combination of the stacking approach and online learning increases
the accuracy, stability and adaptability of the system, which makes the proposed approach promising for practical application
in intelligent information systems and cyber-physical environments.

Keywords: computational intelligence; data stream mining; kernel activation-membership function; machine learning;
neuro-neo-fuzzy system; stacking hybrid system.

Introduction

Analysis of modern publications

Computational intelligence (CI) systems have
become popular today for solving various information
processing problems [1-3] and, above all, classification
problems — pattern recognition, mainly images,
which is explained from a formal point of view by their
universal approximating capabilities. Here, the most
widespread are deep convolutional neural networks
(DCNN) [4-6], which allow restoring nonlinear
separating multidimensional hypersurfaces of any
complex shape between an arbitrary number of possible
classes. However, some problems may arise in the
case of overlapping classes when observations can
simultaneously belong to several classes with different
levels of membership. In this case, hybrid systems
of computational intelligence (HSCI) and, above all,
neuro-fuzzy systems are the most effective.

At the same time, deep systems are quite
cumbersome with a fixed multilayer architecture,
containing a very large number of tuned parameters
and requiring too large volumes of training samples for
their learning, which are not always available when
solving many practical tasks. In addition, the stationarity
of the characteristics of the objects forming this sample
is assumed a priori. One way or another, traditional
DCNNSs are quite complex and slow systems.

Essentially faster in terms of the learning process
are systems (primarily neural networks) with kernel
activation functions [7], the most common of which are
Radial Basis Function Networks (RBFNs) [8-11] which
are also characterized by universal approximating
properties, but are able to adjust their synaptic weights
online. This is explained by the fact that the output signal
of these networks linearly depends on the adjusted
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parameters that allows the use of speed-optimized learning
algorithms, including the Gaussian Newtonian ones.

In [12], a convolutional RBFN was proposed, which
demonstrated high speed and quality of learning compared
to DCNNs based on elementary Rosenblatt perceptrons.

At the same time, traditional RBFNs suffer from
so-called "curse of dimensionality" effect when the
number of kernel activation functions (R -neurons) grows
rapidly with the increase in the dimensionality of the input
signal-image. Finding the required number of R -neurons
in the network could be done using the methods of
evolutionary computational intelligence systems [13-15],
however the gradual addition of kernel functions to the
network [16] slows down the learning process.

In our opinion, some of the noted problems can be
overcome by using the stacking approach [17], when the
system as a whole is formed from separate subsystems,
each of which is either a neural network or a neuro-fuzzy
or neo-fuzzy system [18-19] trained independently
of the other subsystems using different algorithms.
This approach will increase the speed of training and
does not require too large volumes of training samples.

The goal of the work. The goal of the work is to
improve the efficiency of a stacking hybrid system with
a kernel activation-membership function and online
learning to improve the accuracy, stability, and speed
of pattern recognition in non-stationary environments
in real-time.

Methods and Materials

Architecture of a stacking hybrid computational
intelligence system based on kernel
activation-membership functions

The feedforward architecture of the proposed
SHSCI is shown in Fig. 1 and contains two stacks and
an output layer formed by a softmax activation function.
The zero receptive layer receives a vector input

(k)= (% (Kk),....% (k)....x, (k)) e R",
k=12,...,N,N+1,...
a specific observation in the training sample, or the
index of the discrete current time in the case when
the data for processing are received online.

In this case, it is assumed a priori that all data
belong to (or are pre-coded into) some limited
interval X, ., <X (K) < X0, Vi=12.n first stack is

imin — i max ?

signal-image

where either the number of

essentially a simplified RBFN and is formed by h>n
so-called R-neurons, i.e. multidimensional kernel

activation functions h>n. In this layer the

dimensionality of the input space R" increases
which is formed in space R" by the R -neuron system.
This approach, on which all radial-basis neural networks
are based according to the T.M. Cover theorem [20-21],
allows transforming the initial linearly inseparable
problem of pattern recognition in space R" into linearly-

separable one in a space of increased dimension R".
Multidimensional Gaussians are usually used
as activation functions in RBFNs due, first of all,
to the simplicity of their derivatives, which, in turn,
simplifies the learning process
—lIx(k)—c,

o (x(K)=w (k) =0 (I x(k) = 5,07 )=e >

Here the vector ¢

specifies the coordinates
of the center of the kernel function ¢,, and a scalar

parameter o is its "width". Although theoretically any
kernel (most often bell-shaped) function can be
used as an activation function, it is easy to construct
an RBFN with matrix inputs using Gaussians [22, 23].
This means that the input of such a network can be

supplied with not only a vector signal but also
a matrix signal, i.e. an image without its prior
transformation  using the convolution  operation.

In this case, the radial basis activation function can be
written in the form

(sp(x()-0,)(x(k)-c.))

o (x(k)) = () e - ,

where Sp(-) is the matrix trace symbol, is the square

of the Frobenius matrix norm, which is consistent with
the Euclidean vector norm and specifies the distance

between the matrix input signal x(k) and the matrix

center of the Gaussian ¢,

(sp(x(k)=c)(x()-c) -

At the output of this stack, a wvector signal
of increased dimension is formed which is fed to the
second stack. This vector signal is fed to a generalized
neo-fuzzy neuron (GNFN) [24], which, in turn, is
a multidimensional modification of the standard
neo-fuzzy neuron [18, 19, 25].
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Fig. 1. Architecture of stacking hybrid system of computational intelligence based on kernel activation-membership functions

The GNFN in SHSCI contains gh kernel one-
dimensional membership functions
ty(u),p=12,...,0;1=12,....,h;mgh tuned synaptic
weights  wy,,j=12,...m and mh+m
adders, at the outputs of
0,(k),...0;(k),...0, (k) are formed, where m — the

elementary

which  signals

number of classes in the learning set

These signals are fed to the softmax activation
functions at the output of the system, which calculate the
level of fuzzy membership of each classified observation
to a specific class j=1, 2, ...,m inthe form

0; (k)
R e
¥; (k)=

er":leoj(k) '

In principle, instead of GNFN, a system of m
ordinary neo-fuzzy neurons could be used, but in this
case the number of membership functions would increase

by m times, which would make the system as a whole
more cumbersome.

As membership functions in NFN and GNFN,
triangular functions that satisfy the Ruspini unity
partitioning conditions are wusually used. If these
conditions are not met, then it is necessary to perform
a defuzzification operation [26], which complicates
the calculation process. Using B -splines instead of
triangular  structures improves the approximation
qualities of the system, but also complicates the
numerical  implementation.  Therefore, it was
proposed [27] to use parabolic membership functions
based on Epanechnikov kernels [28] instead of
triangles, which provides better results compared to
piecewise linear approximation when using triangles.
In this case, the defuzzification operation is not
required, since this procedure is implemented by the
softmax activation function at the output of the system.

Membership functions of SHSCI are shown
in Fig. 2.
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Fig. 2. Membership functions of SHSCI

The general form of the SHSCI
functions is as follows:

membership

B (u —c, )2
H (Uy) = 1—0—5

where [-], =max {0}, which is also shown in Fig. 2.

The use of such membership functions leads to the
fact that at each training cycle of the system not mgh
synaptic weights are adjusted, but only 2mh weights, which
naturally simplifies the training of the system as a whole.

Each of the membership functions p, (u,) is

associated with m (the number of system outputs)

synaptic weights w;, , which are to be adjusted during

U

Cq-l,l qu

the training process. These synaptic weights are
associated with two layers of elementary summation
blocks. The first layer contains mh adders and
the second contains m adders. These adders calculate
the values

vy (k)= gwjmﬂm (u (k).

and

0,1 =330y () =33 s (1 1)

1=1 p=1
The signals from the output of the GNFN stack
are fed to the SHSCI output layer, formed by the
softmax activation function, resulting in the formation
of a vector of outputs

R0 &% (%) &%l

9() = (% (K)o Yy (K)o ¥ (K)) =

each component of which specifies the level of fuzzy
membership of each observation x(k) to each of the

classes j=1, 2, ..., m.

SHSCI training
Training of the proposed system can be
conditionally divided into three relatively independent
tasks: tuning of synaptic weights w,,, j=1, 2,..,m;
p=1 2..,q; I=1 2,..,h based on the concept of
controlled learning with teacher; tuning of centers of

kernel activation functions ¢,, =1 2,..,h; based
on self-learning; and tuning of centers of membership

1) = 1t (0 ).t (1)) 1 (o

and the vector of synaptic weights associated with the
j -th output of SHSCI, we can write the signal value

atthe j -th output at the k -th tuning cycle in the form

.
W; = (Wigy oo Wiy Wi o Wi Wiy )

M0k S 0, 7T 0 |
j=1 j=1 j=1

functions ¢, p=12....q; I=1 2..,h also based

on self-learning without a teacher.
The main task here is to tune the synaptic weights,

which is related to optimizing the cross-entropy
learning criterion.
N N Q0 (K)
E==> 2y (k)Iny; (k) =22 (K)Ih =5
k=1 j=1 k=1 j=1 ijle !

where the components of the external reference

signal that can take only two values: "1" or "0".
yi (k). i=12.,m
Considering the (q, x1) vector of membership

function values

2 (K)) et (4 (K)ot (0 (K)))

0, (k) =wj (k=1)u(k),

g (¥ o (k-u(k)

yi(k): m

o) M o (kDa(k)
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Optimization of the cross-entropy learning criterion
using a gradient procedure leads to an algorithm for
tuning synaptic weights of the form:

w; (k) = w; (k=1)+ 7, (K)(¥; (k)= ¥, (K)) (k).

where 7 is the learning rate parameter 7, (k).

Y (k)= (k)

(k)

w; (k)=w; (k-1)+

where (-)+ is the pseudoinversion symbol.

This algorithm can be given additional filtering
(following) properties if it is modified in the following
way [27]:

w; (k) =w; (k=1)+ B (k) (¥} (k) -y, (k) (k).

B(K)=apf(k=1)+1 u(k)I?,
where 0<a <1 is the forgetting (smoothing) factor.
It is easy to see that =0 provides optimal speed,
and a=1 turns the algorithm into a stochastic
approximation procedure.

The installation and adjustment of the centers of the
kernel activation functions of the RBFN stack can be
ensured by the combined use of the principle of
"Neurons of data points” [31-32] and self-learning
according to T. Kohonen [33-34]. The center of the first
activation function ¢, is installed at a point with
coordinates that coincide with the components of the first
observation of the training sample x(1),i.e. ¢, = x(1).

Next, a certain threshold of indistinguishability of
two neighboring centers is introduced and after the
observation x(2) arrives (it does not matter whether
it is a vector or a matrix), the condition is checked.
If this condition is true, then the first center is adjusted

so that [x(2)-c,<r.

61(2)=%x(2).

If the inequality is not satisfied, then this center
is adjusted according to the self-learning rule

"Winner Takes More™: r < ||x(2)—c (1)|| <2r

a(2)=c(1)+n, (2)1//1(2)(x(2)—c1 (1))
with neighborhood function

vy (x) = e Ol for

In turn, this algorithm can be optimized for the
rate of convergence by appropriate choice of the step.

So, if we choose 7, (k)

-2
K) =)l
we arrive at the optimal adaptive algorithm in terms
of speed by S. Kaczmarz, B. Widrow, M. Hoff [29, 30]:

w(k) =w, (k=1)+(v; (k)= y, (k) «™* (k)

If the inequality ||x(2)—c, (1)|>2r is not satisfied,
then a second RBF activation function is formed
0, (x) = e ol /2" g b f25
The following iterations regarding the formation
of activation functions proceed in a similar way.
Let us suppose that the system has already received
k observations and formed | <h activation functions,

the last of which has the center c, (k) Let us suppose
also that an observation of the image x(k+1) has been

received. Then, among all the
R -neurons, there is a winning

already formed
neuron whose

distance ||x(k+1)—c,*(k)|| is minimal among all |
formed R -neurons.

The correction of the centers cl is subsequently
carried out as follows:
If ||x(k +1)—c,*(k)||< r,
(K k+1
then ¢, UCH):% :

if r<||x k+1)-c ( ||<2r

then
a (k+1)=c; (k)+n, (k+1)w, (k+1)(x(k+1)-¢ (k))

v (x)=e o i H/Zf

if [x(k+1)—c; (k)| > 2r, the next radial basis function

is formed (a new R-neuron is added with center
¢ +1(k+1)=x(k+1).

This process continues until the maximum possible
number h of kernel activation functions is formed
in the first stack. It is easy to see that this approach

is based on the ideas of evolving systems [13-15]
and self-learning according to T. Kohonen [32].
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As for the membership function u, (u) in the
CNFN stack, the adjustment of their centers c, is

completely similar to the adjustment of the centers
of the radial basis functions c,. The only difference

Npl

is the choice of the indistinguishable thresholds pp .

Fig. 3 shows the appearance of the membership
functions after k -cycles of their adjustment.

Ui

Caik)

C21(k) C31(k)Cal(k) Csi(k)

Ca1-1,100 Cqlik)

Fig. 3. Membership functions of CHSCI after Kk -cycles of their tuning

It is easy to see that these functions become
asymmetric, and in analytical form they take the form

(u —c, (k))z
o (U )=[1-
o (4) { (s (k) —Cp (K))? )
(Ul _Cpl (k))2
Mo (U )=]1-
S e rE |
where the indices L, R mean "left" and "right"
relative to the center ¢, (k).

It should also be noted that this method of self-
learning membership function centers is computationally
much simpler than setting up these same centers based
on learning with a teacher [27], and these advantages
are manifested in multidimensional systems, when the
number of these membership functions can be quite large.

Results of the computational experiment

The objective of the computational experiment
is to evaluate the performance of the proposed stacking
hybrid system of computational intelligence in a pattern
recognition task with online learning, focusing on
classification accuracy, learning speed, and adaptability
to data streams using short training samples.

The system was tested on benchmark datasets
commonly used in pattern recognition:

— Fashion (Modified National Institute of Standards
and Technology database): 28x28 grayscale test images
of Zalando products (clothing, footwear, accessories
that are presented on the Zalando platform), with
60000 training and 10000 test samples.

— CIFAR-10: 32x32 color images in 10 classes,
with 50000 training and 10000 test samples.

Data samples were streamed to the system
one-by-one or in small batches of 10-50 samples
simulating real-time input.

The experimental settings are as follows:

1. Input format: matrix input was used without
preliminary convolution, enabling direct use of image
matrices in the RBF kernel layer.

2. System configuration:

— maximum number of R -neurons in the first
stack is h=100;

— number of membership functions per input
channelis q=5;

— learning rate is 7 =0.01;

— forgetting factor is o =0.1;

— indistinguishability thresholds for RBF and
membership functions are p, =0.1, p, =0.15;

3. Evaluation metrics:

— classification accuracy (overall and per class);

— number of epochs or time to convergence;

— evolution of the number of R -neurons and
membership functions during online learning;

— memory capacity (total parameters adjusted
during learning).

The procedure of the computational experiment
is as follows.

1. Initialization:

— first R -neuron center c, was initialized using

the first training sample;
— membership function centers were initialized
uniformly over the input range.
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2. Online training:

— samples were fed to SHSCI sequentially;

— RBF centers and membership function centers
were updated using T. Kohonen-style self-learning;

— synaptic weights wjpl were updated using
the S. Kaczmarz, B. Widrow, M. Hoff algorithm
with pseudo-inverse and forgetting factor for filtering.

3. Testing:

— After each group of 500 samples, accuracy was
evaluated on a fixed test set.

— The evolution of the network structure (number
of R -neurons, active membership functions) was recorded.

The results of the computational experiment
using Fashion MNIST and CIFAR-10 data samples
are given in Table 1.

Table 1. The results of the computational experiment

Additional results:

1. Training dynamics: the system quickly adapted
to data, with most R -neurons and membership functions
formed in the first 20% of data. Accuracy steadily
improved with each batch.

2. Comparison with CNN:

— comparable accuracy to shallow CNNs but with
faster training and significantly lower memory usage.

— better adaptation to streaming data and superior
performance with small sample sizes.

Visualization of the computational
is presented below:

— evolution of membership functions (Fig. 4).

— online formation of R -neuron centers visualized
with PCA (Principal Component Analysis) projection
of input data space (Fig. 5).

— accuracy vs. number of processed samples
plotted to compare learning speed with standard

experiment

Metric Fashion | o ppqg | CNN (Fig. 6). _ .
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Total membership functions active 340 365 their shapes adapt based on data distribution,
Time to convergence ~4.85 ~6.1s improving approximation accuracy without requiring

Memory capacity (parameters) ~16K ~18K e
defuzzification.
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Fig. 4. Evolution of membership functions after k -cycles of tuning

This figure shows a PCA projection of the input
data from a digit recognition dataset, for example,
Fashion MNIST, with red cruciform markers representing
the R-neuron centers dynamically formed during the
online learning process of SHSCI. These centers act as
kernels for the radial basis functions in the first stack,
helping to separate overlapping class regions in the
higher-dimensional space.

This plot shows that SHSCI achieves faster
convergence in accuracy with fewer training
samples compared to a standard CNN. This highlights
SHSCI’s efficiency in online learning scenarios
and with limited data, making it well-suited for real-time
tasks and stream-based pattern recognition tasks.
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Fig. 6. Accuracy vs. number of processed samples plotted to compare learning speed with standard CNN

Conclusion

A stacking hybrid system of computational
intelligence, the stacks of which are formed by
a modified radial-basis-function neural network, which
provides an increase in the dimensionality of the input
space of signals-images and a generalized neo-fuzzy-
neuron, which provides high approximating properties
when restoring separating hypersurfaces between classes
is proposed. The SHSCI is configured based on combined
learning and self-learning, at the same time, not only
synaptic weights are configured, but also the centers of
kernel activation-membership functions. The process of
configuring all parameters is quite simple in numerical
implementation and occurs in the online mode as
information is received for processing. The proposed

6000 8000 10000

SHSCI is intended for solving problems of classification
and recognition of images (pictures), at the same time,
these images can be presented to the system input in both
traditional vector and matrix forms. The advantages
of the proposed system are manifested under conditions
of short training samples, when traditional deep
convolutional networks become ineffective, or when
solving data stream mining problems, when training
must be performed in real time.

In future work, the proposed stacking hybrid
computational intelligence system can also be applied
to the important practical problem of dynamic resource
management in data networks as a pattern recognition
task. In this context, pattern recognition is the
transformation of an input signal (image/feature vector)
into a class/label or output vector [35-36].
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CTEKOBA I'NBPUJTHA CUCTEMA OBUHUCJIOBAJIBHOI'O IHTEJIEKTY
HA OCHOBI SIJIEPHOI AKTUBAIIHHOI ®YHKIII TA i OHJTANH-HABUAHHS
B 3AJIAYI PO3ITIIBHABAHHS OBPA3IB

peamer pocaigxenns. [IpeqmeroM AOCTiIKEHHS € CTEKOBa TiOpHUAHA cHCTeMa OOYMCITIOBATBHOTO IHTEJEKTY Ha OCHOBI SIEPHOL
aKTHBaliiHOT (QYHKUIi, 110 MOEAHYE HepeBard HEHPOHHHX MEPEXK 1 HEYITKHX MOJeNel Ui PO3B’si3aHHS 3aJad pO3Mi3HaBaHHS
o0pa3iB B yMOBaxX HEBHU3HAUEHOCTI, 3alllyMJICHOCTI Ta 0OMEXEHOI po3MipHOCTI HabopiB naHux. MeTa mociimkeHHs. Mera po6otn
moJisira€ 'y po3poOui TiOpHIHOT CTEKOBOI CHCTEMH 3 SACPHOI (PYHKINEI aKTHBAIil Ta OHJAWH-HABYAHHAM JUIsL 3a0e3Me4YeHHs
Kpamoi TOYHOCTi, cTabIbHOCTI i MBUAKOCTI pO3Mi3HABaHHA MAOIOHIB Y HECTAIlIOHAPHUX CEPEIOBHIIAX Y PEKUMI PEaIbHOTO Yacy.
3aBaanHs. Po3poOuTt apXiTeKTypy CTEKOBOI TiOpHIHOI CHCTEMHM; 3alIpONOHYBATH SIEPHY aKTHUBALiiHY (yHKIi0 Ta anroputM ii
napaMerpusanii; noOyxyBaTH aJrOPUTM OHJIaH-HABYaHHS 3 IIOKPOKOBUM OHOBJICHHSM MapaMeTpiB; IOCIIIUTH BJIACTHBOCTI
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30DKHOCTI Ta OOYHMCIIOBAIBHOI CKJIQIHOCTI; HMPOBECTH EKCIIEPUMEHTAIbHE IOPIBHSAHHS 3 0a30BUMHM MOJEISIMH MAaLIMHHOTO
HaBYaHHS Ta KJIACHYHUMH HeHpO-HEeWiTKUMHU minxogaMu. Metoau. 3acCTOCOBaHO METOAM MAIIMHHOTO HaBYaHHS, aHCaMOIeBi
Ta CTEKOBI MIIXOIH, SACpHI METOAW, AJaNTHBHY ONTHUMI3allil0 B OHJAHH-PEKHUMi, CTATHCTHYHHN aHaNi3 SIKOCTI Kiacuikarii,
MOJICTIIOBAHHA Ta OOYHCIIOBAJbHI EKCIEPHUMEHTH Ha CHHTETHYHHX 1 peabHHX Habopax MJaHUX Ui 3aJad PO3Ii3HAaBaHHA
obpasiB. PesyabraTnm. 3ampomnoHoBaHa Monenb 3a0e3ledye BHILY TOYHICTh Kiacudikalii Ta Kpaily y3araJbHIOBAIBHY
3IaTHICTh TOPIBHSHO 3 OKPEMHMH 0a30BHMH MOJEISIMH, JEMOHCTPYE CTiMKICTh O HIyMiB i 3MIiH PO3NOAITIB JaHUX, a TaKOX
MIBUIKY aJaNTalilo B yMOBaX IIOTOKOBHX JaHHX 3aBISKH OHJIAiH-HaB4aHHIO. [TOKa3aHO 3MCHIICHHS MOXHOKM Ta CTaOUIbHY
poOOTy cUcTeMH B HECTALllOHApHHUX cepeloBUINaX. BucHoBku. Po3pobneHa cTekoBa riOpuaHa cucTeMa 3 SAepHOI0 aKTHBAIiIHOIO
¢GyHKI€I0 € eheKTUBHUM IHCTPYMEHTOM JUIsl 33714 PO3Ii3HaBaHHS oOpa3iB y pexuMi peabHOro 4dacy. IloeaHaHHS CTEKOBOTO
MiAXOAy Ta OHJIANH-HABYAHHS MIiJBHUINYE TOYHICTh, CTIHKICTh 1 aJanTUBHICTH CHUCTEMH, IO POOUTH 3alpPOITOHOBAHWH MiAXig
MEPCIICKTUBHIM /ISl TPaKTUIHOTO 3aCTOCYBAaHHS B IHTEJICKTyaIbHUX 1HPOPMAIIHUX cucTeMax i KibepismIHUX cepeToBHIIAX.

KarouoBi cioBa: iHTEeNeKTyalbHHII aHami3 MOTOKOBUX [aHWX; MAallIMHHE HaBYaHHs;, HeWpo-Heo-(pa33i cucreMa;
00YHCITIOBAIEHUN IHTEJIEKT; CTEKOBa riOpuIHa CHCTeMa; si/iepHa aKTUBaLiitHa QyHKILis.
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