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The subject of study in this article is the features of structural organization and functioning of the improved
Hamming network as a model of neural network heteroassociative memory for classification by discriminant
functions. The goal is to improve the neural network classifier based on the Hamming network, which imple-
ments the criterion of maximum similarity using discriminant functions and does not have restrictions on the
representation of input data (not only binary data). The tasks: analyze the capabilities of associative memory
models using neural networks as an example; analyze the features of classification on the principles of discri-
minant analysis; develop the structure of a neural network classifier as a model of neural network heteroasso-
ciative memory; perform simulation modeling of the classification process on the example of medical diagno-
sis. The methods used are a mathematical model of the functioning of a neural network as a classifier, and
simulation in C#. The following results have been obtained: the structure of the neural network classifier has
been improved through the formation connection matrix of a hidden layer from pre-calculated coefficients of
linear discriminant functions, and the connection matrix of the output layer in the form symmetrical matrix
with zeros on the main diagonal. This allows not only to simplify m connections, where m is the number of
classes, in the structure of the output layer of the neural network classifier, but also to speed up the classifica-
tion process, as well as to implement classification by the maximum of discriminant functions. Conclusions.
The scientific novelty of the results obtained is as follows: the neural network classification method has been
improved using pre-calculated elements of the connection matrices in the hidden and output layers of the clas-
sifier, which does not imply a long process of direct neural network learning with using discriminant functions;
the structural organization of a neural network classifier is proposed, which is an improvement of the Ham-
ming network as a model of heteroassociative memory, that allows using this classifier in a decision support
system for medical diagnosis; the removal of positive feedback in neurons of the competitive (output) layer is
implemented, which allows not only simplifies the structure of the neural network classifier but also speeds up
the classification process almost 2 times, which is confirmed by the simulation results.
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erence pattern from a distorted (noisy) pattern [3, 5].
For example, in neuroscience, the Hopfield network is

Introduction

In the classical neural network’s theory [1, 2] the
recurrent neural networks, which implement the func-
tions of associative memory, take a worthy place [3, 4].
Illustrative examples of such neural networks are the
Hopfield network, the Hamming network and the BAM
network - Bidirectional Associative Memory [5, 6].

The main function of the neural network’s associa-
tive memory is the determination of the pattern’s mutual
dependence and the reproduction of the corresponding
pattern of those fixed in memory during the learning
process [7, 8]. This article proposes a version of a neural
network classifier, which is a further development of the
Hamming network.

1. Work related analysis

The Hopfield network is an example of auto-
associative memory since it can restore the nearest ref-

used as a variant of the standard biologically plausible
model of long-term memory [7].

The BAM network is a heteroassociative memory
[2, 8], in which input objects (images) are associated
with output ones. The publication [9] provides an ex-
ample of the BAM network, which is improved using
fuzzy sets.

The Hamming network is an example of a hetero-
associative memory since it can choose a standard by its
example (label), in this case by the minimum Hamming
distance from the input pattern (vector) [2]. Thus, the
Hamming network is an optimal classifier that imple-
ments the criterion for the classification by the mini-
mum Hamming distance (Hamming metric) between
binary vectors. On the basis of the Hamming network,
various models and methods for learning classifiers
were built to implement practical tasks [10, 11].
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Due to this, the interest is the further development
of a neural network approach for classifier construction,
which implements the maximum likelihood method, but
at the same time, there are no hard restrictions on the
input data (not only binary data).

In terms of the specific implementation, it should
be noted that network and neural network technologies
are also used in such areas as associative processing
(sorting) of numerical data [12, 13].

The goal is to improve the neural network classifi-
er based on the Hamming network, which implements
the criterion of maximum similarity using discriminant
functions and does not have restrictions on the represen-
tation of input data (not only binary data).

The tasks to be solved: analyze the capabilities of
associative memory models using neural networks as an
example; analyze the features of classification on the
principles of discriminant analysis; develop the structure
of a neural network classifier as a model of neural net-
work heteroassociative memory; perform simulation
modeling of the classification process on the example of
medical diagnosis.

2. Classification based on the principles
of discriminant analysis

One of the promising applications of classifiers is
medical diagnostics [14, 15] and biomedical research
[16, 17] involving neural networks [18, 19] and neural
technologies [20, 21]. At the same time, in medical di-
agnostics, the use of discriminant analysis provides
good results in patients’ diseases diagnosing [22, 23].

Thus, the comparative analysis of the diagnostic
results of bronchopulmonary diseases is presented in the
publication [24] and provided in two ways: a) as a mod-
el based on a multilayer perceptron; b) as a model based
on the discriminant analysis.

The simulation results showed low reliability of
the first model in some diagnostic cases. The second
model showed good results - the diagnostic accuracy is
more than 80 % [24]. Taking this into account, the sec-
ond diagnostic model is preferable for the decision sup-
port system for diagnostic and specific disease treat-
ment, since it is the corresponding statistical method

that provides acceptable accuracy in logical reason-
ing [24].

Thus, the possibility of joint use of discriminant
analysis as a statistical diagnostic method and a variant
of the Hamming network as one of the fundamental
approaches in neurotechnology provides interest.

In publication [17] a classification method using
linear discriminant functions (LDF) was investigated
taking into account the initial data with a limited statis-
tical description. In this case, two levels of input data
(features) processing should be distinguished. On the
first level an LDFs group is formed in kind of:

n _
gI(X)zz Wijij'bi,i:]., s (1)
J:

where x; is the j-th element of the n-dimensional input
vector X; wij — the weight of the j-th input of the i-th
LDF element; b — classification threshold of the i-th
LDF; m — number of classes.

The second level determines whether the input
vector X belongs to the class Ck (k = 1,...,m) according
to the maximum of the k-th LDF gk(X). Thus, the fol-
lowing decision rule is implemented as:

XeCy < k= argmax {g, (X}, )
k=1,...m

where C = {Cy,...,Cn} is set of classes.

As one of the variants for implementing such an
approach to classification by LDF, the two-layer neural
network can be considered, the first (hidden) layer
which (excluding the input layer) is a single-layer per-
ceptron, and the second (output) layer is a detector of
maximum, the function of which is effectively imple-
mented by the MAXNET neural network [1, 2].

Thus, this classification method (1), (2) can be im-
plemented using a two-layer neural network, the output
layer of which implements the neuron competition
mechanism according to the WTA (“Winner Takes
All”) or “1 from N” principle (Fig.1) [1, 2]. The main
functional role in the classifier is played by such an out-
put layer.

X1
Vector X of X, E ii Z‘Z Single layer

features perceptron

Xn =

; — >V
Neuron
——= competition ——= y, |VectorY of
layer ) classes
= Ym

Figure 1. An example of a neural network classifier
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This structure of the proposed neural network clas-
sifier generally repeats the structure of the Hamming
network. However, there are differences in functional
properties between them, which are related to metric,
compliance criteria, type of input data and areas of ap-
plication.

3. The classifier as neural network model
of heteroassociative memory

The structure of the proposed neural network classi-
fier, which contains the input, hidden, and output layers
of neurons [15] is shown in Fig. 2. In Fig. 2 the input
vector X of the object’s features, the output vector Y of
the object’s classes, the bias inputs of the neurons of the
hidden layer displacement are shown.

The algorithm for the functioning of the neural net-
work classifier consists of two functional stages.

The first stage in the functioning of the classifier is
the initialization stage when the values of the weights w;
(Fig. 2) of the matrix W® for the neurons of the hidden
layer are set. They are the corresponding LDF coeffi-
cients w;j (1). In addition, the corresponding LDF classi-
fication thresholds b; (1) are the set of the bias inputs of
this layer neurons.

Thus, the classifier has all the features of a neural
network with fixed connections, when the weight coeffi-
cients are formed based on the conditions of preliminary
learning, and remain constant for this classification task,
namely dw/ dt=0.

Weight matrix
W(l)

Vector X
of
object’s
features

h 4

Bias inputs b;

Input layer

Hidden layer

Therefore, such a neural network is an example of a
neural network with a given weight matrix [1, 2]. This is
associated with a combination of the statistical method of
discriminant analysis with the peculiarity of the neural
network classification of objects.

The weights wip® of the matrix W@ of lateral
connections in the output layer neurons are also constant
and formed during the initialization process as follows:

0,ifi=p,

@ _
wi, ) = 3
P —sS—l,ifi;tp, @)

where ¢ is the value of the weights of lateral connections;
wip® — the weight of the lateral connection between i-th
and p-th neurons of the output layer, i,p=1,..., m.

From formula (3) it can be seen that weights of
feedback are inhibitory, since they have a negative sign,
and the output layer itself performs the functions of a
competitive layer [1, 2].

The second stage is a performing stage, where the
main functioning of neural network classifier takes place.
With the receiving of the n-element input vector X of
features, the corresponding LDF gi(X) of kind (1) is
formed at the i-th neuron output of the hidden layer. In
this case, the activation function of the hidden layer neu-
rons can be represented as follows:

@ (g; (X)) = max{0,g; ()} = ReLU(g; (X)) . (4)

where the function ReLU is a rectified linear unit.

Weight matrix
W(Z)
|
1 > Y1
1
/
Vector Y
of
2 > LN
y2 object’s
classes
m — Ym

Output layer

Figure 2. The structure of a neural network classifier
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The obtained LDF values gi(X) specify the initial
states of the corresponding neurons of the output layer,
after that the iterative process inside this layer is started.
The activation function at the neuron outputs of the out-
put layer taking into account the change of value yi(t) in
each iteration has the following form:

@ (y;®) = max{0,y; ©}=ReLU(; (®) . (5)

This is due to the peculiarities of recurrent neural
networks, in the competitive layer of which a fading it-
erative process occurs due to the presence of negative
feedback (3). The iterative formula for the p-th neuron of
this layer is:

Yo =FP(yp(t-1) -2 yiE1)i#p, p=1....m, (6)
i=1

where yy(t), yp(t-1) are the output signals of the p-th neu-
ron of the output (competitive) layer at the t-th and
(t-1)-th iterations, respectively.

As a result, the WTA strategy is implemented in the
output layer through negative (inhibitory) connections
between neurons. This stops the iterative process if one
neuron wins, since the output signals yy(t) (6) fade to a
level below the sensitivity threshold according to formu-
la (5).

Thus, the convergence of the computational process
is realized in the output layer of neural network classifier
until the states of its neurons are stabilized, namely reach-
ing the network attractor.

4. Features of the simulation
of classification process

To carry out a simulation of the computational pro-
cess in the proposed neural network classifier, a specific
example of appendicitis disease diagnosis, given in [17],
was chosen. The medical data were obtained on base by a
description of 103 patients with proven cases of appendi-
citis disease of three types (y1 — gangrenous, Yy, — phleg-
monous, y; — catarrhal) and other abdominal pathology —
ya [17].

At the same time, eight coded symptoms (X4, ..., Xs)
were declared, but one of them (xs) turned out to be in-
significant and was removed from consideration [17].
Examples of symptoms include pain in the right iliac re-
gion, pulse rate, white blood cells, Rovsing's symptom,
protective muscle tension, and others.

The publication [15] contains the table of coded
symptoms and a part of an information table from a
learning data set. Using the software Statistica in [17] the
matrix of weight coefficients wj and classification
thresholds b; for the hidden layer neurons were calculat-

ed. They are the corresponding coefficients and free ele-
ments of the LDF:

LDF1=-63,0 + 9,8x; + 3,6X,+ 7,8X3+
+5,2x4+ 14,3xg+ 11,8%7 + 11,3%g,
LDF2 = -57,4 + 8,3x, + 4,9, + 6,2X3+
+ 4,3x,4+ 13,5Xg+ 11,7X7 + 10,6Xg,
LDF3=-49,6 + 9,4x;+ 4,7X,+ 5,5X3+
+3,0X4 + 12,3+ 12,0, + 8,3Xg,
LDF4=-23,0 + 6,3, + 2,5X5+ 5,3x3+
+2,8X4+ 7,8Xg+ 7,0X7+ 5,8Xg.

@

For comparative analysis of the computational
process time characteristics of classification by LDF,
two versions of this process were modeled: a) without
positive feedback for each neuron of the output layer (3)
(the proposed version); b) with the positive feedback’s
presence for each neuron of this layer (as in the Ham-
ming network).

The simulation was performed in C#. During the
modeling process, 15 examples were used for each of
the four diagnoses in accordance with the table of medi-
cal data from the publication [17]. Fig. 3 shows an ex-
ample of the results of calculation by formula (6) of
LDF values (7) for specific symptom values (X1, ..., Xs)
[15, 17].

B G:\Moii gnck\ STUDY\AcnmpanTypa\MYBAIKALIN... — a *

» close the Calculator co

Figure 3. Results of simulation

This set of symptoms corresponds to the diagnosis
of the disease yi, which is indicated by the maximum
value at the output of the first neuron of the output layer
of the classifier in both simulation variants. The number
of cycles is 4 and 10, respectively, for the neural net-
work classifier and the Hamming network.

Table 1 presents examples for four variants of di-
agnosing the disease of appendicitis, indicating the
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number of cycles of the classification process for the
neural network classifier and the Hamming network.

The results of this simulation confirmed the accel-
eration of the classification process by almost 2 times.
This fact can be explained as follows. An increase in the
difference between the output values (6) in all neurons
of the output layer should accelerate the fading process.

At the same time, after each iteration in the Ham-
ming network, the current output signal is doubled due
to the presence of positive feedback (wii = 1) for each
neuron of this layer.

As a result, in the second version of modeling the
classification process is significantly slowed down,
since it lasts until initial values are zeroed of all output
layer neurons except for the winner-neuron. In addition,
the simulation results showed the correct classification
answers, which correspond to those given in [17].

As a result, in the second version of modeling the
classification process is significantly slowed down,
since it lasts until initial values are zeroed of all output
layer neurons except for the winner-neuron. In addition,
the simulation results showed the correct classification
answers, which correspond to those given in [17].

5. Results

Thus, the following changes to the structure of the
neural network classifier have been made:

- the weight matrix W® of the hidden layer consists
of pre-calculated corresponding coefficients w;; of LDFs,
in contrast to those formed by the Hamming network;

- the weight matrix W® of the output layer is a
symmetric matrix with zeros on the main diagonal unlike
a similar matrix with units on the main diagonal, which is
typical for the Hamming network.

As a result, the transformation of matrix W@ not
only simplifies the output layer structure of the neural
network classifier by m connections but also speeds up
the classification process.

This is confirmed by the simulation of the computa-
tional process in this layer. Both matrices are set during

the initialization of the neural network classifier, which
also distinguishes the proposed classifier from the Ham-
ming network.

In addition, the neural network classifier performs
analog signals processing, in contrast to the Hamming
network, where binary signals are processed.

Comparative characteristics of the heteroassociative
memory models as neural network classifiers are present-
ed in table 2.

The disadvantage of the neural network classifier,
like all neural networks, is the orientation towards a spe-
cific classification task.

Changing the classification task will lead to the re-
cording of the hidden layer coefficients, as well as to a
change in the number of neurons in both layers of the
neural network classifier. At the same time, the connec-
tions in the layers (hidden and output) remains the same,
respectively.

Conclusions

The proposed organization of the neural network
classifier is a further development of the Hamming net-
work is a model of heteroassociative memory with its
classification capabilities.

The use of pre-calculated matrices of weight coeffi-
cients for the hidden and output layers in this version
allows considering such a model as a neural network with
fixed weights. This approach does not involve a lengthy
learning process for the neural network.

Removing positive feedback from neurons of the
competitive (output) layer allows not only simplifies the
structure of the neural network classifier but also speeds
up the classification process. The proposed approach to
the neuron’s weight initialization of classifier hidden lay-
er as coefficients of discriminant functions makes it pos-
sible to expand the area of its application for classifica-
tion according to the maximum of discriminant functions.
This makes effective usage of the proposed neural net-
work classifier possible in the decision support system for
medical disease diagnosis.

Table 1
Results of simulation
Diagnosis options Set of coded Maximum The number of cycles _
for appendicitis symptoms output value Neural Hamming
network classifier network
Gangrenous Yy 2,3,3,2,2,0,2 Output 1 = MAX 4 10
Phlegmonous v 1,4,2,2,2,2,2 Output 2 = MAX 6 14
Catarrhal y3 2,1,2,2,2,2,0 Output 3 = MAX 5 11
Other abdominal | 145 1920 | Output4=MAX 2 3
pathology v
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Table 2

Characteristics of neural network models

Features
of the neural network

Neural
network classifier

Hamming
network

Number of layers

Three layers
(input, hidden, output)

Three layers
(input, hidden, output)

The nature of the functioning

Relaxation upon reaching
a stable state

Relaxation upon reaching
a stable state

Metric Discriminant function Hamming distance
Compliance criteria . I\_/Ia?<imum . Minimu_m Hamming
of discriminant function distance
Method of learning Pre-learning Without learning

Kind of the weight matrix
of the output layer

Symmetric matrix with zeros
on the main diagonal

Symmetric matrix with units
on the main diagonal

The presence of lateral
connections

In the output layer
(inhibitory connections)

In the output layer (inhibitory
connections and positive feedback wi;)

The nature of the formation
of weight connections

In hidden layer in setup process
(fixed weight connections)

In hidden layer in setup process

Kind of activation function

ReLU - rectified linear unit (in hidden
and output layers)

ReLU — rectified linear unit
(in hidden and output layers)

Number of connections
in the output layer

m(m-1)

m2

Type of neuron

Homogeneity in the hidden

Homogeneity in the hidden

structure and output layers, respectively and output layers, respectively
Type of input data Digital Binary

Method Synchronously Synchronously
of synchronization in layers in layers

Avreas of application

Classification of objects,
medical diagnostics

Classification of objects, reliable
signal transmission under interference
conditions

A hardware implementation of the proposed struc-
ture of the neural network classifier based on an FPGA
chip in the form of a special processor is planned.

Contributions of authors: development of concep-
tual provisions and methodology of research -
T. Martyniuk; selection and application of software
tools, analysis of research results and presentation of re-
sults — B. Krukivskyi; development of mathematical
models and formulation of the purpose and tasks of re-
search — L. Kupershtein; analysis of references and
formulation of conclusions — V. Lukichov. All authors
have read and agreed to the published version of the
manuscript.
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MOJIEJIb HEUPOMEPEXEBOI TETEPOACOIIIATUBHOI TAM’SATI
JIJIST 3AJTAYI KJIACUDIKAILLIT

T. b. Mapmunwk, b. 1. Kpyxiecvkuii, J/I. M. Kynepwmeiin, B. B. Jlykiuoe

IIpeameTom BHBUYEHHS B CTAaTTi € OCOOJIMBOCTI CTPYKTYpHOI oprasizamii Ta (yHKI[IOHYBaHHS BIOCKOHAJIEHOI
Mepexi XeMMiHra K MOJIeNli HeHPOMEPEIKEBOI reTepoacoIliaTUBHOI maM’sITi Il 3a/1a4i Kiracudikarii 3a TUCKpUMi-
HaHTHUMH QYHKIIsIMA. MeTol0 € yIOCKOHAJIEHHsI HelpoMepexeBoro kiacudikaTopa Ha 6a3i Mepexxi XeMMiHra, B
SIKOMY peai3yeThCs KpUTEPiii MaKCHMaIbHOI OIIOHOCT] 3 BUKOPUCTAHHSAM JIMCKPUMIHAHTHUX (DYHKIIN Ta BiJICYTHI
OOMEXEeHHS Ha TOJaHHS MMOYATKOBHX MaHWX (HE TiMbKK OiHApHi MaHi). 3aBAaHHS: MPOAaHATI3yBaTH MOMIHBOCTI
MojIenell acoliaTUBHOI MaM’aTi Ha MPHKJIa(i HeWpoMepeK; MpoaHati3yBaTh 0cOOIUBOCTI Kiacu(iKallii Ha MPUHIIK-
nax JUCKPUMIHAHTHOTO aHalli3y; pO3pOOUTH CTPYKTYPY HeHpoMepekeBoro kiacudikaropa sk Momesi Helpomepe-
JKEBOI reTepoacoliaTUBHOI IIaM’sITi; BUKOHATH IMITalliiiHe MOJIEIIOBaHHS Tpoliecy Kiacudikalii Ha MpuKIam Meau-
YHOT'O J[IarHOCTYBaHHs. BUKOpPHCTOBYBaHMMHU MeTOJAMM € MaTeMaTHYHA MoZENb (DYHKI[IOHYBaHHs HeHpoOMepexi
sIK K1acudikaropa, iMitamiiHe MojentoBanHs Ha MoBi C#. OTprMaHO Taki pe3yJIbTaTH: BIIOCKOHAIICHO CTPYKTYPY
HelpoMepexeBoro KiacupikaTopa yepe3 yrBOPEHHsI MaTPHUIl 3B’S3KiB IPUXOBAHOrO LIAPY 3 MONEPEIHbO PO3paxo-
BaHUX KOE(Ili€HTIB MHIHHUX TUCKPUMIHAHTHUX (PYHKIIIH, 8 MaTpUIl 3B’SI3KIB BUXIIHOTO 1IAPY — Y BUTJISIII CUMET-
pUYHOI MaTpulli 3 HyJIbOBHMH €IIEMEHTAMH Ha TOJOBHIiM JiaroHaini. lle no3Bossie He TUIBKK CIPOCTUTH HA M
3B’SI3KiB, Jie M — KiJIbKICTh KJIACIB, CTPYKTYPY BUXIJHOrO IIapy HEWPOMEpexeBOro kiacudikaropa, ajae d MpUcKo-
putu npouiec kinacudikaiii, a TAKOXK peaslizyBaTH Kiacu]ikaiiio 3a MAKCHMyMOM JMCKPUMIHAHTHUX QyHKLiH. Bu-
CHOBKH. HaykoBa HOBM3HA OTpUMAaHHX PE3yJIbTATiB MOJAra€ B HACTYIIHOMY: BJOCKOHAJICHO METOA HeiipoMeperke-
Boi Kiacuikallii 3 BUKOPHUCTAHHSIM MOMEPEIHHO PO3PAXOBAHUX EIEMEHTIB MaTPHIb 3B’S3KIB Y TPHUXOBAHOMY Ta
BUXIJTHOMY HIapax Kiacudikaropa, 110 He rependadae TPUBAJIOro Mpolecy 0e3ocepeHbOoro HeHpoMepeKeBoro
HaBYaHHS 3 BUKOPUCTaHHAM JIMCKPUMIHAHTHUX (DYHKIIIH; 3aMpOIOHOBAHO CTPYKTYPHY OpraHi3aiilo HelpoMepexe-
BOrO Ki1acu(]ikaTopa, sika € yJOCKOHAICHHSIM Mepexki XeMMiHTa K MOJIelli TeTepOoacoIliaTUBHOI TTaM’sITi, IO JJO3BO-
JIsiE€ 3aCTOCYBATH IIed Kiacu(ikatop y cCHCTeMi MiITPUMKH MPHAHATTS PIlIeHb NMPU MEAMYHOMY JiarHOCTYBaHHI;
pearizoBaHO BHIAJCHHs JOJATHUX 3BOPOTHUX 3B’S3KIB y HEHPOHIB KOHKYPEHTHOrO (BHXIIHOrO) LIapy, IO JO3BO-
JISiE HE TUIBKU CIPOCTHTH CTPYKTYpPY HEWpOMepe)eBoro Kiacudikaropa, ane i MpUCKOPUTH Tpolec Kiacudikamii
Maibke y 2 pas3y, [0 MiITBepIKEHO pe3yabTaTaMH iMITalifHOrO MOJICTIOBAHHSI.

Kiro4oBi ciioBa: rerepoacomiaTHBHA MaM'sITh; HelpoMepexeBuid KiacudikaTop; Kiacudikaris, JiHiliHa quc-
KpUMiHaHTa QYHKIIis.

MOJIEJIb HEUPOCETEBOM I’ETEPOACCOIIMATUBHOM MAMSITH
JIJISI BAITAYM KJIACCUOUKALIAA

T. b. Mapmuwiniox, b. H. Kpykoeckuii, JI. M. Kynepwmeiin, B. B. Jlykuuoe

IIpenmMeToM U3ydCHHS B CTAaThe SBISIOTCS OCOOCHHOCTH CTPYKTYPHOW OpraHHM3anvé W (PyHKIIMOHHPOBAHUS
YCOBEpLIEHCTBOBAHHOM CeTH X3MMUHIA KaK MOJIENHM HEMPOCETEBOM TIeTEpOaCcCOUMATUBHOW HaMATH Ul 3aJa4d
KIaccu(pUKaIy M0 TUCKPAMHUHAHTHBEIM (DYyHKIUsM. Llenblo sIBIIsIeTCS yCOBEPIICHCTBOBAHIE HEUPOCETEBOTO KIac-
cudukaropa Ha 6aze cetn XOMMUHTa, B KOTOPOM PEau3yeTCsl KPUTEPU MaKCHUMAIBHOTO CXOJCTBA C MCIOIB30Ba-
HUEM IUCKPIMHWHAHTHBIX (DYHKIMHA ¥ OTCYTCTBYIOT OrpaHMYCHHS Ha MPEACTaBICHNE BXOIHBIX JAHHBIX (HE TOIBKO
OWHApHBIE JaHHBIE). 3aJa4d: TPOAHATHU3MPOBATH BO3MOKHOCTH MOJIENEH acCONMATHBHOM MaMATH Ha TpUMepe
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HeWpoceTeif; MpoaHaIN3NPOBaTh OCOOEHHOCTH KJIACCH(HUKAIMK Ha MPUHINNAX JAUCKPUMHUHAHTHOTO aHAIIN3a; pas-
paborarh CTPYKTYpy HEHpOCETEBOro KiIacCH(pHKaTOpa KaK MOJEIH HEHMpPOCETEeBOH IeTepoacCOAaTHBHON MaMsITH;
BBINOJHUTh UMHUTAIMOHHOE MOJIEIMPOBAHKE TIpoliecca KiacCHu(UKAUN Ha ITPUMepe METUIMHCKOTO IUAarHOCTHPO-
BaHMA. VICIIONb3yeMbIMH MeTOAMU SBIISIFOTCSI MaTeMaTHYecKasi MoJIeb (YHKIIMOHHUPOBAHHS HEMPOCETH KaK Kilac-
cudurkaTopa, IMHTAIMOHHOE MojennpoBanne Ha s3bike C#. IlomydeHsl ciemyromye pe3yJabTaThl: YCOBEpPIICH-
CTBOBaHA CTPYKTYypa HEHpOceTeBOro KiaccudukaTopa B pe3ylbTaTe IOCTPOEHUS MaTPHIBI CBA3EH CKPBITOrO CIIOS
Ha OCHOBE TIPEBAPUTEIIFHO PACCUMTAHHBIX KOI((HUIUEHTOB JHHEWHBIX AUCKPUMHUHAHTHBIX (YHKIMH, a MaTPUIBI
CBSI3€H BBIXOJHOTO CJIOSl — B BUJ/IE CUMMETPHYHOW MaTpUIIbI C HYJIEBBIMH 3JIEMEHTAMHU Ha TJIaBHOM JAWaroHaiu. OTo
HIO3BOJIIET HE TOJIBKO YIPOCTUTH Ha M CBsI3eH, IJie M — KOJIMYECTBO KJIaCCOB, CTPYKTYPY BBIXOIHOIO 105 Heipoce-
TEBOr'0 KJIaCCU(PUKATOPa, HO U YCKOPHUTH IIpOLecC KIacCU(PUKAIIUY, a TAKXKE Pealn30BaTh KIacCU(pUKALUIO 10 Mak-
CUMYMY ITMCKPUMUHAHTHBIX (yHKIMH. BoiBogbl. HaydHass HOBU3HA MOJTYYEHHBIX PE3YIbTATOB 3aKJIIOYaeTCs B Clle-
JYIOLIEM: YCOBEPIIEHCTBOBAH METOA HelfpoceTeBOH KiacCH(PUKALMK C HCIOIb30BAHUEM IIPEABAPUTENBHO PACCUH-
TaHHBIX 3JIEMEHTOB MAaTPHII CBSI3€il B CKPBHITOM M BBIXOJHOM CJIOSIX KiaccuuKaTopa, 4TO HE MpeAroaraer IJIu-
TEJILHOTO TIpoliecca HEMOCPEACTBEHHOIO HEHPOCETEBOro OOyUYEeHHUs! C MCIONb30BaHUEM JUCKPHUMUHAHTHBIX ()YHK-
IIUH; IPEeATIOXKEeHa CTPYKTYpHas OpraHu3alis HeHpoceTeBOro KiaccuukaTopa, KOTopasi sBISETCs YCOBEPILIEHCTBO-
BaHHEM CeTH XOMMHHIa KaK MOZENIN I'eTepOaACCOIMATHBHON MaMsTH, ITO3BOJISIONICH HCIIONB30BaTh ATOT Kiaccudu-
KaTop B CHCTEME IOIJIEPKKH NPUHATHS PEIICHUH NMPH METUIMHCKOM JHarHOCTHPOBAHWH;, PEaM30BaHO y/alieHUue
TIOJIOKUTEJIBHBIX OOpaTHBIX CBSA3EH y HEWPOHOB KOHKYPEHTHOrO (BBIXOIHOTO) CIIOS, YTO IO3BOJIIET HE TOJIBKO
YIIPOCTUTH CTPYKTYpPY HEHpOCETeBOro KiaccuukaTopa, HO ¥ YCKOPHUTh Mpolecc KiaccupuKalyy mo4Ty B 2 pasa,
YTO IMOATBEPKACHO PE3yJIbTaTaMU UMHUTAITMUOHHOT'O MOACIIUPOBAHUSA.

KunioueBble cioBa: rerepoaccolMaTuBHas MamsiTh, HEWPOCETEBOM Kiaccu(uKaTop; KiaccUpUKaIus; JTHHEH-
Hasl IMCKPUMHHAHTHAS (QYHKIIHS.

Mapruniok Tersina BopuciBHa — 1-p TexH. HaykK, npod., npod. kad. OOUUCITIOBAIBHOI TeXHIKH, BiHHUIIBKHIN
HalliOHAJILHUM TEeXHIYHUH yHiBepcuTeT, BinHuIs, YKpaina.

KpykiBebkmii bornan IropoBuu — acn. ¢-Ty iHboOpMamiiiHUX TEXHOJOTIH Ta KOMIT'IOTEPHOI iHXKeHepil,
BiHHMIIBKMIA HALlIOHANBHUI TEXHIYHUI yHIBepcuTeT, BiHHUIE, YKpaiHa.

Kynepureiin Jleonin MuxaiinoBuy — kaHa. TeXH. HayK, Jol. kad. 3axucty iHpopmarii, BiHHUIbKHI HaIliO-
HaJIbHUH TEXHIYHUN yHiBepcuTeT, BiHHuUI, YKpaiHa.

JlykiuoB BiTauiii BoiotTuMHupoBHY — KaH]I. TEXH. HAayK, CTapll. BUKI. Kad. 3axucty iHdopmarii, BiHHUIbKII
HAalllOHANIbHUI TeXHIYHUI yHiBepcuTeT, BinHuIp, YKpaiHa.

Tatiana Martyniuk — D.Sc. in Computer Engineering, Professor, Professor of Department of Computer
Engineering, Vinnytsia National Technical University, Vinnytsia, Ukraine,
e-mail: martyniuk.t.b@gmail.com, ORCID: 0000-0001-9952-9438.

Bohdan Krukivskyi — PhD student with the Department of Computer Engineering, Vinnytsia National
Technical University, Vinnytsia, Ukraine,
e-mail: smiletex11@gmail.com, ORCID: 0000-0003-0788-3259.

Leonid Kupershtein — PhD in Computer Engineering, Associate Professor of Department of Information
Protection, Vinnytsia National Technical University, Vinnytsia, Ukraine,
e-mail: kupershtein.Im@gmail.com, ORCID: 0000-0001-6737-7134.

Vitaliy Lukichov — PhD in Cybersecurity, Senior Teacher of Department of Information Protection, Vinnytsia
National Technical University, Vinnytsia, Ukraine,
e-mail: lukichov.vitalyi@vntu.edu.ua, ORCID: 0000-0002-3423-5436.



