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KNOWLEDGE-ORIENTED TECHNOLOGIES
IN HIGHLY AUTOMATED PRODUCTION

The expansion of Zadeh-Mamdani method in problems of fuzzy inference on knowledge is
considered. A modified method of fuzzy inference is proposed and justified. The proposed
method is based on interpretation of components of fuzzy Petri nets as production rules and
solving of logical equations in the state space of membership functions of the model, followed
by their defuzzification.

The process of perceptron learning as procedure of adjusting the weights and shifts to
decrease the difference between target and real signals on its output, using a definite tuning
(learning) rule is defined. Modified methods of gradient procedures based on the method of
back-propagation for multilayer neural networks are developed.

Application of the proposed approaches based on advanced hybrid models with solving
the problems of fuzzy inference and operative informed decision making allowed to reduce the
time to identify, locate and eliminate the causes of failure on the set of alternatives, which is
confirmed by experiment.

The method appears to be universal in decision-making problems and allows to increase the
adequacy of hybrid model and the accuracy of decisions.

Keywords: Zadeh-Mamdani, modification, knowledge, rules, inference, Petri net, dichoto-

my, defuzzification.

NOMENCLATURE

v denotes the union of hybrid model components;

v denotes the maximum of fuzzy parameters;

A denotes the minimum of fuzzy parameters;

* denotes the operation of element-wise vectors
multiplication;

ANN stands for Artificial Neural Network;

FKB stands for Fuzzy Knowledge Base;

HM stands for Hybrid Model;

PN stands for Petri Net;

PR stands for Production Rule;

a”
for the element from the g-th sample;

F is a fuzzy incidence function F : (PxT)U(T x P);

L, are predicates corresponding to space decisions;

is the k-th element of output vector in M-th layer

L, are predicates corresponding to logical decisions;

L' is a subset of production rules;

M is a vector of fuzzy initial marking of fuzzy positions
ofa PN;

{M 0} is a set of production rules;

P is a finite set of positions in PN;
r is number of layer in ANN;

5(4NN) is an ANN-based model;

(k) is a fuzzy state space;

S$M is a number of neurons in the layer;
T isa finite set of transitions in PN

{a,} is a set of perceptron outputs;
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{t. j} is a set of discrete time characteristics referred to
transitions, positions and components of incidence
functions, whereie [, jeJ.

INTRODUCTION

It is known that construction of PN and their
representation by FKB rules is less time consuming process
than usual approaches in computer-aided design. Note that
Zadeh-Mamdani approaches are more functional compared
to Takagi-Sugeno-Kang method, resolution method and
others. This fact has determined the direction of research.

The aim of the research is to develop a HM based on
integration of PN and PR on knowledge in problems of fuzzy
inference. The work is actual and important for the purpose
of making decisions about the state of technological object
under uncertainty. This is especially important for automated
approach to design the FKB, where an algorithm of object
functioning causes problems in its knowledge-based
interpretation.

1 PROBLEM STATEMENT

Suppose a hybrid model S Q) mym [1] which operates on
the object under parametric and structural uncertainty.

Some part of the data is implemented in the form of fuzzy
productionrules {if / then, }, o. € A, which produce the FKB.

In problems where the linear approximation is not enough,
linear models do not work well, so it is necessary to consider
the application of ANN in problems of reproducing the
complex dependencies, classification and identification of
objects.
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For solving the applied problems in the work it is
necessary:

— to propose and justify a new hybrid model based on
the integration of PN, knowledge-based PR and ANN, as a
means of selection of alternatives on the set of PN positions
in problems of fuzzy inference;

— to solve the problem of ANN learning using methods
based on gradient procedures;

— to propose and justify a modified method of fuzzy
inference, based on interpretation of the components of
fuzzy PN by production rules, solving the logical equations
in a state space of membership functions and classifying
the rules followed by defuzzification;

— to confirm the effectiveness of the approach by
experiment;

— determine the prospects for further research.

2 REVIEW OF THE LITERATURE

Currently, there are many solutions for a wide class of
problems, methods and models of intelligent control of
production systems [2—4]. The main tools to implement the
approaches are extensions of Petri nets [5] and knowledge-
oriented methods and models based on fuzzy logic [5, 6],
which help to decrease the degree of uncertainty of the
solutions. ANN [7, 8] as an approach for modeling processes
of different complexity is a universal tool of modeling,
classification and pattern recognition.

The advantages of using the extended Petri nets for
systems modeling are following:

— concurrency of processes representation;

—modeling of the dynamics of processes in the space of
parameters state;

— convenient representation of determinism properties,
probabilistic and fuzzy processes.

The main disadvantages of this approach are difficulty
of continuous processes representation and existence of
conflicts. This requires additional research.

Knowledge-oriented methods based on frame models,
production rules, knowledge based on ontological spaces
processing have an important advantage — that is, reducing
uncertainty degree of processes and objects, as well as
possibility of production rules reduction. This increases
the performance in problems of inference. The disadvantage
is the complexity of knowledge acquisition, tuning of
membership functions of fuzzy processes and their
interpretation.

The advantage of ANN is their focus on a wide class of
problems of data mining in decision-making systems. The
disadvantage is the complexity of training the ANN and
interpretation of modeling results, determined by the
nonlinear nature of the network structure.

In this paper, to implement the knowledge-oriented
technologies, it is proposed to use new approaches for
expansion and integration of hybrid models [1, 5], which
have the advantages of partial models along with significant
reduction of their disadvantages.
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3 MATERIALS AND METHODS
Given PN in the form [1]:

s(k) :<P,T,F,MO,Ln,Lka{Ti,j}>’ ®

Components of model §(%) (1) are defined in a fuzzy

state space s u(k) >[0,1]. Then HM can be
represented as

SO e =SB ULt 1theny}, o€ A, ©))

where {if / then, }, o € Aisaset of fuzzy PR, o € A isaset

of indexes of PR, U is a character that defines the union of
HM components, expanded functionally for procedures of
Zadeh-Mamdani fuzzy inference [9]:

Y'=vx'Ap(s ) g - ©)

Statement 1. 183{p;} = P, M < {M,}, M,, >0‘{pj} +Q

for any subset of rules L', then fuzzy inference can be
implementedon L'.

The correctness of the statement is obvious, given that
the implementation of therules on L' reduces the cardinality

of the set of rules |{M 0}|, and this increases the speed of

inference on rules.

Adequacy of fuzzy inference procedures (3) on model
(2) is fully defined by interpretation (1). Indeed, let’s consider
a computational algorithm fragment

AL M, )

for which, using the interpretation rules (1), we obtain (fig. 1).
Then, using the reflection shown in fig. 1, we construct
arule from (2):

if x is W(x) = «small» then y is u(y) — «average» (5)

with terms of the linguistic variables:

p(x)=exp (—k1x2 ) is «small», 6)

H(y) = exp(—k2 (x - B)z) is «average». @)

- P2
Pexizion 2
Figure 1 — Reflection of computational algorithm fragment

A—V s m
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In the paper the problem oflearning and tuning the parameters
of membership functions 4, k,, B (6), (7) is also solved. For this
purpose, we used the method of dichotomy [10].

Using fuzzy Mamdani relation [9]:

p(x, y) = min (u(x), W(»)), ®

we construct a matrix of relations, set the vector x' and find
solution (5) based on (3) with further defuzzification based
on mass center method. The adequacy of reflection of
algorithm (4) is defined by setting in rule (5):

X —> position py, y — position p,,

that is reflection of input 4 and output M respectively of the
algorithm (4). Similarly we can show the adequacy of
reflection for other algorithm fragments, confirmed by
experiment.

Further development of modeling processes, including
continuous ones, makes it necessary to use alternative
procedures to extend the models (2).

Artificial neural networks (ANN) [11] are extremely
powerful modeling tools, which allow to reproduce very
complex dependencies. In particular, neural networks are
nonlinear by their nature. For many years linear modeling
was the main modeling method in most areas, as it had well-
designed optimization procedures. However, in problems
where the linear approximation is not enough, linear models
do not work well.

An important approach for further ANN models
representation is perceptron [8], which is the most studied.
Neuron used in the perceptron model has a step activation
function hardlim with strict limitations (fig. 2).

Each element of the perceptron input vector is weighed
with appropriate weight wj;, and their sum is the input of
the activation function. Perceptron neuron returns 1, if
activation function input # > 0, or 0, if n > 0.

Activation function with strict limitations allows the
perceptron to classify input vectors, dividing the space of
the inputs into 2 areas, as it is shown in fig. 3 for the
perceptron with two inputs and shift.

Input space is divided into two areas by separating line
L , which in two-dimensional case is defined by the following
equation:

pr+b=O. ©

Sk
= hﬂtlim{lfp +b)
Figure 2 — Perceptron model

LWp+b>0
a=1
«— Wp+b=0
a=1

1 A
e «— Wp+b<0
a=0

w,=-Lw,=5b=1

Figure 3 — Input vectors classification

This line is perpendicular to weight vector w and is
shifted by b. Input vectors above the line L correspond to
the positive potential of the neuron and, therefore,
perceptron output for these vectors is equal to 1; vectors
below the line correspond to perceptron output equal to 0.

When changing the values of shift and weights, border
ofline changes its position. Perceptron without shift always
forms the separating line passing through the coordinate
origin; adding the shift forms the line which doesn’t pass
through the coordinate origin, as it is shown in fig. 3. Ifthe
dimension of the input vector is greater than 2, separating
border appears to be a hyperplane.

Perceptron consists of a single layer including 5 neurons,
asitis shown in fig. 4; weights wj; are transfer coefficients

from ;” output to i

equation is as follows:
a=f(Wp+Db). (10)

Set of perceptron outputs (fig. 4) {a,},veH is the object

neuron. Single-layer perceptron

of learning, and this appears to be a non-trivial task.
Suppose that model (2) is defined. It is focused on the

discrete processes p(P). The requirement of the processing of

strongly nonlinear continuous processes made it necessary to

create a model Sék).

Figure 4 — Perceptron structure
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Statement 2. If we are given the model (2), its extension
(ANN)

j
the modeling and reliable decision-making area.
Correctness of statement 2 is obvious, if we consider

the functional possibilities of ANN.

by assuming 3p; € P p;: M # (& allows to expand

Then model Sék) can be represented in the following
form:

st = 5(0) | g(4NN),

Statement 3. Given a model (10), the set of alternatives
for any position

(ANN)

pjeP|ij #*

Z (11)

determines the development of processes (D) in the set of
output transitions

pjeipiy|3y eltj(out)}, t; > D (12)
ofthe PN (1).
Ifthe network (10) holds (11) and (12), then the problem
(ANN)

of learning the network §

4 EXPERIMENTS

occurs.

Define the process of perceptron learning as procedure
of adjusting the weights and shifts to decrease the difference
between target and real signals on its output, using a definite
tuning (learning) rule. Training procedures are divided into
two classes: supervised learning and unsupervised
learning.

Once the initial weights and shifts of the neurons are set
by user or using random number generator, the network is
ready to start its training procedure [5]. The most important
learning methods can be considered the methods based on
gradient learning procedures. Neural networks designed to
solve practical problems can contain up to several thousands
ofadjustable parameters, so calculation of the gradient may
require a rather high cost of computing resources. Given
the specificity of multilayer neural networks, there are
developed special methods of calculating the gradient,
among which we should highlight the back-propagation
method.

The term «back-propagation» refers to the process with
which derivatives of the error functional by network
parameters can be calculated. This process can be used in
combination with different optimization strategies. There
are also a lot of variations of back-propagation algorithm.

Consider the expression for the gradient of quality
criterion by weighting coefficients for the output layer M
of the network:

a___9 lig(zq aqSMT - %SM(tq aqM)aaZM

= rls k% =- k9 ;

owy' owy' 2400 a=1k=1 © Sowy
i=1,...,8M, j=o0,.,s"7" (13)
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Functioning rule of layer M is as follows:

M-1

S

M M-1

aZ :fM£ Z W%al‘]( )J, mzl,...,SM. (14)
=0

From the equation (13) we receive:

0, k#i

oa™ | f '(nf’M)af-(M_l), k=i,

owy' |z, 847, (15
j=0,...,sY

Substituting (15) into (13) we obtain:

63}#: _é(tiq _algM)fk, (nlqM )alf](M—l) |

If we denote
M M M\ M\ .
AP = (1 = af™ ) fig (), 1=1,008M L 16)
we receive:
oJ

ﬁ:_

ZA?Ma?(M_I); i=1..,s", =1, sM (17)
le |

After calculating the weights Wi]]\-/l of layer M —1, we

receive the following general formula:

& :—%A?(’*Da‘f.(’*l), r=1,...,M,
7 J
i=1,..,8", j=0,...,8"", (18)

where

Sr+1
Al :{ > AZ(””)wzﬁ]f;(n?’), r=l. M-,
k=1

(19)
AP = (ef =a™ ) fig (™), i =18
Fig. 5 shows a diagram of calculations [ 12] corresponding
to the expression (19).
In this diagram symbol ** denotes multiplication of

vectors A and aT.
5 RESULTS

In our research the system of statements justifying the
extension of hybrid models in the form of integration of PN,
fuzzy PR and ANN is formulated. The development of such
models has allowed to implement the effective management
of intellectual processes.

For ANN training gradient procedures on the basis of
back-propagation of errors are proposed. In fig. 6 we can
see the dependency between the number of performed
training iterations and resulting error. This graph is built
using function frain in Matlab.
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Layer M -1

af /e

af (aw ™

Figure 5 — Diagram of calculations

6 DISCUSSION

As noted in earlier publications [13], currently unique
high-production machine-assembly areas of machinery
enterprises have a modern production base including robot
manipulators and cylindrical grinding machines with
numerical control of foreign and domestic production
equipped with active control systems, which allow realizing
the management and control of the technological process.
The scheme of the production unit is usually equipped with
highly automated equipment with inductive transducer and
the electronic measuring system with discrete 0,01; 0,1
microns and error <0,5 %.

In case of failure of the system, serious financial losses
can occur, and it will affect the cost C' of final product.

Application of the proposed approaches based on hybrid
models (2), (9) with solving the problems of fuzzy inference
and operative informed decision making allowed to reduce
on the set of alternatives (11), (12) the time t to identify, locate
and eliminate the causes of failure to 20 minutes, having the
linguistic terms of maintenance stuff professional fitness
«average» and higher, which is confirmed by experiment.

CONCLUSION

Thus, we propose a new hybrid model based on the
integration of PN, knowledge-based production rules and
ANN as a tool of selection of alternatives on the set of PN

DF'erformance i59.35073e-006, Goal is 1e-005

10

10 : : :
0 20 a0 E0

68 Epochs

Figure 6 — Dependency between number of iterations and
resulting error

positions in fuzzy inference problems. The problem of ANN
training by methods based on the gradient procedures is
formulated and solved. Modified method of fuzzy inference
is proposed and justified. This method is based on the
interpretation of the components of fuzzy PN by production
rules and logical equations solving in the state space of
membership functions of the model, and also rules
classification with further defuzzification. Experiment
confirmed the effectiveness of the approach. The prospects
of further studies are identified.

REFERENCES

1. Kyuepenxo E. M. T'ubpunnsie Mmogenu 1 HHGOPMALIMOHHBIE TEX-
HOJOTHMM B YNPAaBJICHUHM CIOXHBIMH OOBEeKTaMH /
E. H. Kyuepenxo., C. H. Tpoxumuyk // Komm’1oTepHo-iHTerpo-
BaHIi TEXHOJIOTIi: OCBiTa, HayKa, BUpOOHHUTBO. — Jlynbk : JIHTY,
2013. — C. 46-51.

2. Konkus P. B. Mero/sl paH:KMpOBaHUsI JAHHBIX C YY€TOM CBOHCTB
Heuetkux cucreM / P.B. Konkun // Bicuuk HTY «XIII». Cepis
Hogi pimennst B cygacHux texHonorisx. — X. : HTY «XIID». —
2013. — Ne 1 (977). — C. 26-30.

3. Jensen R. Computational intelligence and feature selection:
rough and fuzzy approaches / R. Jensen, Q. Shen. — Hoboken :
John Wiley & Sons, 2008. — 339 p.

4. Jangl.R. ANFIS: Adaptive-network-based fuzzy inference system
/J. R. Jang // IEEE transactions on systems and cybernetics. —
1993. — Vol. 23. — P. 665-685. DOI: 10.1109/21.256541.

5.  bomsuckuii E. B. Heiipo-da33u ceru [lerpu B 3amauax Moenu-
poBaHHS CIOXHBIX cucTeM : MoHorpadwus / E. B. BonsHckwmit,
E. U. Kyuepenko, A. . Muxanes. — Jlninponerposcek : Cuc-
TemHi Texnosnorii, 2005. — 311 c.

6. Subbotin S. The neuro-fuzzy network synthesis and
simplification on precedents in problems of diagnosis and pattern
recognition / S. Subbotin // Optical Memory and Neural Networks
(Information Optics). — 2013. — Vol. 22, Ne 2. — P. 97-103.
DOI: 10.3103/s1060992x13020082

7.  Pynenxo O. I. OCHOBBI TEOpHH UCKYCCTBEHHBIX HEHPOHHBIX Ce-
teit / O. I. Pynenxo, E. B. bonsHckwmii. — Xapekos : TEJIETEX,
2002. — 317 c.

8.  Tapacenxo O. 1. HeiipoHHO-MepexHi MOJIeNi SIKOCTi : MOHOTpa-
¢is / O. I1. Tapacenko, C. M. Tpoxumuyk. — Xapkis : YIIIA,
2013. - 115 c.

9.  Tsoukalas L. H. Fuzzy and Neural Approaches in Engineering /
L. H. Tsoukalas, R. E. Uhrig. — New York : John
Wiley&Sons.Inc, 1997. — 587 p.

10. Meromu, Mmozemni Ta iHpOpMaLiiiHi TEXHOJIOT i1 OLIHIOBAHHS CTAHIB
cxnagaux 00’extiB / Kyuepenko €. 1., Kyuepenxo B. €., [mymen-
xoBa . C., Teopomenko 1. C. — Xapkis : XHAMI, XHYPE,
2012. — 276 c.

83



HEMPOIHO®OPMATHKA TA IHTEJIEKTVYAJIBHI CUCTEMU

11. Bonsuckuit E. B. MHTemekryansHoe yripaBieHHE TEXHOIOTHYeC- 13. Kyuepenxo E. . Merop oLlleHUBaHus KayecTBa M3IEIHH MeXa-
kMMM nponeccamu : MoHorpadus / E. B. BoxsHcbkuii, HocOopouHoro mnpousBoxctBa/ E. M. Kyuepenko,
E. 1. Kyuepenko, A. . Muxanes u zp.]. — JIHENponerposck : C. H. Tpoxumuyk // 36ipHUK HAyKOBHX Hpallb XapKiBChKOIO
HanponanbHas Merautypruyeckas axkajgemust Ykpaussl, 2013. — yuiBepcurery Ilositpsuux Cun. — 2014. — Bumn. 2 (39). —
213 c. C. 183-189.

12. Bonsauckuit E. B. OCHOBBI TEOpUH MCKYCCTBEHHBIX HEHPOHHBIX
cereii : Mmonorpadus / E. B. bonauckuii. O. I. Pynenxo. — Xapsb-
xoB : TEJIETEX, 2002. — 317 c.

Kyuepenxo E. 1.!, Tpoxumuyk C. H.2, Jprok A. .}

!JI-p TexH. Hayk, npodeccop XapbKOBCKOTO HALMOHAJIBHOTO YHHUBEPCUTETA PA/IMOdIEKTPOHHKH, YKpauHa

?AcnpanTt XapbKOBCKOTO HALIMOHAIBHOTO YHHUBEPCUTETA PA/JMOIEKTPOHHUKH, YKpaHUHa

*AcnpanTt XapbKOBCKOTO HALIMOHAIBHOTO YHHUBEPCUTETA Pa/JMOIEKTPOHUKH, YKpaHUHa

3HAHUE-OPUEHTUPOBAHHBIE TEXHOJIOTUU B BBICOKOABTOMATU3UPOBAHHbIX ITPOU3BOJACTBAX

PaccmarpuBaercs pacimpenne Merona 3aie-MaMIaHu B 3a/ia4ax HEYeTKOro JIOTHYECKOro BEIBOJIA, OCHOBAHHOIO Ha 3HAHUSX. [IpeuioxkeH
1 000CHOBaH MOAN(HUIIMPOBAHHBII METOJ HEYETKOrO JIOTMYECKOrO BBIBOJA, OCHOBAHHBIN Ha HHTEPNPETALNH KOMIOHEHT HEYETKHX CeTeil
ITerpy KaK IpaBHII IPOLYKIMH U PELICHNH JIOTHYECKUX YPABHEHHIT B IPOCTPAHCTBE COCTOSIHUI (DYHKIMI IPUHAISKHOCTH MOJEIH C IOCIE/Y-
romeii nedaszsudukarmeit.

Omnpe/iestet nporecc 00y4eHus EPCenTpOHa Kak IPOLEypbl HACTPONKH BECOB U CMELIEHHI C 11eJIbI0 YMEHBIIINTh PA3HOCTh MEKILY JKeIaeMbIM
(ueNeBbIM) ¥ MCTHHHBIM CHTHAJAMH HA €r0 BBIXOJE, MCIIONB3ys HEKOTOpOe IIpaBIiIo HAcTpOHku (oOydeHwst). JUisi MHOTOCIOMHBIX HEHPOHHBIX
cereil pa3paboTaHbl MOAUDHIMPOBAHHBIC METO/BI IPAANEHTHBIX [POLEYD, OCHOBAHHBIX HA METOJE 0OPAaTHOIO PaclpOCTPAHEeHNUs OLIMOKH.

IIpuMeHeH e [peyUIaraeMbIX II0JX00B Ha OCHOBE PACIIMPEHHbIX THOPUIHBIX MOJIEIEH C PELICHHEeM 3314 HeYeTKOrO JIOTHYECKOrO BEIBOIA
U ONEPaTHBHOIO IPUHSTHS 0OOCHOBAHHBIX PELICHHI IT03BOJIIIO Ha MHOXECTBE aIbTEPHATHB COKPATUTH BPEMsI BBISIBJICHHSI, JIOKAIN3ALNH U
JIMKBUJALUN HPUYHH OTKA3a, YTO HOATBEPIKIACHO IKCIIEPHMEHTOM.

Merox sIBIsIeTCsl yHUBEPCAIBHBIM B 3a/ia4ax IPUHSTHS PEIICHUH M II03BOJISIET IIOBBICHTH a/ICKBATHOCTh THOPUIHBIX MOZENICH U TOYHOCTD
HPHHSITHS PELICHNUIH.

KiroueBbie cioBa: 3aje-Mamanu, MOIH(pUKALs, 3HAHUSL, IPaBHIIA, JJOTHYECKHH BBIBOA, ceTd [leTpu, auxoromus, nedazsuduxariust.
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3HAHHS-OPIEHTOBAHI TEXHOJIOI'Ti ¥ BUCOKOABTOMATU30BAHUX BUPOBHUIITBAX

Posrnsnaerbes posmupenHs Metony 3ase-MaMaaHi y 3a1auaX HEUiTKOTO JIOTIYHOIO BUBEJICHHS, 1110 3aCHOBAHE HA 3HAHHAX. 3alPOIIOHOBA-
HHUI Ta 00rpyHTOBaHMI Monu]ikoBaHMII METOJ| HEUITKOIO JIOTIYHOIO BUBEIEHHS, 3aCHOBAHUH Ha iHTepIpeTallii KOMIIOHEHT HEUYiTKHX CITOK
Ietpi six npaBuII MPOAYKLII Ta PO3B’A3aHHI JIOTYHUX PIBHAHB Y IIPOCTOPI CTaHIB (PyHKIIIi HAIEKHOCTI MOJIENI 3 MoabIIo Aedas3idikariero.

BusHaueHo npoliec HaBYaHHs IEPCENTPOHA SIK IPOLELYPU HANAIITYBAHHS Bar Ta 3MillleHb 3 METOI0 3MEHIINTH PI3HHUIIO MDK Oa’kaHHUM
(LVIbOBMM) Ta CIIPaBXKHIM CHI'HAJlAMH Ha HOro BHXOJi, BUKOPHCTOBYIOUH JIEsIKEe IPABMIIO HaNaIITyBaHHs (HaByaHHs). s OararomapoBux
HelfpoHHHX Mepex po3pobieHi MonupikoBaHi METOOM IPajlieHTHUX MPOLELYP, 3aCHOBAHUX HA METOJi 3BOPOTHOTO HMOLIMPEHHS ITOMIJIKH.

3acTocyBaHHS 3alPOIIOHOBAHUX MMIJXO/AIB HA OCHOBI PO3IMIMPEHUX TIOPUAHUX MOJENeH 3 pO3B’sI3aHHAM 3a/1a4 HEYITKOTO JIOTIYHOTO BHBE-
JICHHS Ta OIEPATUBHOTO MPUUHATTA OOIPYHTOBAHUX PillleHb JO3BOJIIO HA MHOKHHI albTEpPHATHB CKOPOTHTH 4ac BUSBJICHHS, JIOKai3anii Ta
JIKBigawii IPUYHH BiIMOBY, IO MiATBEPKEHO EKCIIEPHMEHTOM.

Merox € yHiBepcalbHUM Yy 3aJjauaX NPUHHATTS PillleHb Ta JO3BOJIAE MiIBUINUTH aJeKBaTHICTh TiOPUIHUX MOJeNneil Ta TOYHICTh MPHIHATTS
PpileHb.
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