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METHOD OF TROUBLESHOOTING IN THE NEURAL NETWORK ENVIRONMENT
OF INTELLECTUAL DECISION SUPPORTING SYSTEMS

The issues of error detection in artificial neural networks are considered. They are related to conflicting opin-
ions of experts and / or limited (imperfect) description of the subject area. Approaches to their debugging are ana-
lyzed. Ways to improve existing approaches to debugging errors such as “forget about exclusion” are shown. Pos-
sible ways of application of the received decisions for debugging of errors “intersection of critical events” are
shown. A formalized definition of the error of the neural network intelligent system is proposed, taking into account
the requirements for efficiency and accuracy of information presentation. The issues of the influence of incorrect
organization of machine learning on the accuracy of classification of elements of the neural network intellectual
system are considered. The possibility of applying network contrast methods at the preparatory stage for testing the
knowledge base of the intelligent decision support system is proved. This reduces the likelihood of errors of this type
for these systems. The classification and analysis of algorithms for sampling knowledge from an artificial neural
network are given. It is shown that to detect these types of errors it is advisable to use a modified GLARE algorithm
with the adaptation procedure. Block diagrams of algorithms for debugging the knowledge base of an intelligent
decision support system using the obtained theoretical solutions are presented. The scheme of the organization of
testing process on levels of detailing for integration and modular testing is offered. This approach can be used to
implement testing processes of Agile methodology, in particular: Agile Modeling, Agile Unified Process, Agile Data
Method, Essential Unified Process, Extreme Programming, Feature Driven Development, Getting Real, Open UP,

Scrum, Kanban.
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Introduction

General Problem Statement. Increasing the func-
tional and computational complexity of tasks imple-
mented by software of intelligent systems (IS), continu-
ously leads to an increase in their volume and complex-
ity of development. Accordingly, as the complexity of
the software increases, the number of detected and un-
detected defects and errors of the software increases.
This significantly affects not only the quality of IS
software, but also in general as a result of solving the
tasks assigned to the intelligent decision support system
(IDSS).

Significant expansion of the areas of application of
IS has allowed to separate critical subject areas. Errors
or poor quality of software in these areas can cause
damage that far exceeds the positive effect of their use.
For such critical areas, IS malfunctions are unacceptable
in the event of any input changes, hardware failures or
partial failures, and other emergency situations.

In [1] it was proved that the problem of error de-
tection and elimination is exacerbated by increasing the
complexity of the tasks solved by the software. It also
threatens catastrophes in systems that perform critical
functions of managing large and particularly important

objects or processes.

This trend has an increasing dynamics over time.
This entails the need to develop appropriate algorithms,
models and methods. They will provide the required
quality of software in general and software of intelligent
systems that use the mechanism of neural networks, in
particular. This statement is based on the current state of
existing approaches to the design of IDSS.

Analysis of the Recent Research and Publica-
tions. General principles and approaches to the creation
of control systems for complex systems are widely rep-
resented in the works of Burkov V, Novikov D., Ga-
lin D., Weinberg G., Richard C. Dorf, Bishop R., Dolin-
ina O. [2-4] and others scientists. A number of scien-
tific substantiations of the solution of the problem of
debugging knowledge bases are reflected in the works
of Suwa H., Scott A., Shortliffe A., Nguen T., and oth-
ers [5-7].

The most striking, in terms of scientific results, are
works based on methods of static debugging without
obtaining solutions from the expert system. Unfortu-
nately, the known scientific results have a rather subjec-
tive effect on the formalization of structural errors. This
approach does not allow the software developer to claim
that statically correct knowledge bases will guarantee
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the required quality of decisions (errors in knowledge
caused by a duplicate system of reasoning). The most
difficult to detect are errors such as “forgetting about
exclusion” and “critical combination of events”. They
lead to mistakes in decision-making and are often the
cause of great material damage and human
casualties [5].

Testing is used to detect errors in knowledge.
However, automated testing for knowledge bases also
requires additional time and money. They are aimed at
formalizing the plan for the implementation of certain
rules of a particular subject area, accompanied by the
construction of appropriate models.

Another advanced way to create intelligent sys-
tems that also require further study is to use a three-
layer perceptron as a type of artificial neural network.
Therefore, the urgent issue is the development of adap-
tive methods of establishing knowledge bases that use
existing forms of knowledge representation, and thus
allow to achieve the required level of reliability of deci-
sion-making intelligent systems.

Aim of the Research. The aim of the article is to
develop a method of debugging in the neural network
environment of intelligent decision support systems.
The complexity of solving this problem, according to
many experts in the field of systems analysis, is primar-
ily due to the presence in IDSS such properties as in-
consistency of knowledge, activity, non-identity, and
others.

Main part

In [5] the concept of error of the neural network in-
telligent decision support system is introduced. A de-
tailed analysis of the applicability of this definition to
various subject areas (in particular, to traffic control
systems) showed the following. For knowledge bases
that support the work of ACS in real time, this defini-
tion can be slightly modified, taking into account the
requirements for efficiency and accuracy of expert in-
formation. Given the above, under the error of the neu-
ral network IDSS we understand the fact of erroneous
assignment of an event (group of events)
X; ={x,xy,...,x,} to aclass k; that actually belongs

to the class (classes) k&, (classes ki,...,k,):

P(X;) =k, nX; e XK (1)
where P — the function implemented by the neural
network model;

X; ={x.%5,...,x,} —the set of events;

K ={k,....k,} —the set of source classes.

Errors related to defects in the software implemen-
tation of neural network IDSS and failures of informa-
tion processes, and methods for their detection are de-
scribed in detail in the literature [6]. Therefore, it is as-
sumed that these errors can be formally detected in the

stages preceding testing. Errors caused by conflicting
opinions of experts and / or limited (imperfect) descrip-
tion of the subject area are subject to more detailed con-
sideration. These errors to some extent have certain fea-
tures, but in general they are reduced to two classes:

1) errors associated with the incorrect organization
of the process of machine learning neural network deci-
sion-making mechanism and processing of expert in-
formation;

2) errors associated with the peculiarities and in-
consistencies of the subject areas. As a rule, this is
manifested in the omission or disregard of a number of
input factors. An incorrectly organized machine learn-
ing process is considered to be a learning process as a
result of which the neural network has not reached ac-
ceptable classification accuracy or has lost the ability to
generalize due to retraining [7—10]. To identify the fact
of incorrect organization of the machine learning proc-
ess, it is proposed to use a mechanism based on the
methods described in [7].

Suppose there is a set Z of pairs of input and, re-
spectively, output vectors:

Z={<X,] ><X,,>..<X,,Y,>. (2

As components of the set Z we define the obliga-
tory minimum number of subsets: educational Z;, con-
trol Z, and validation Zj :

Z=01VZyVZ;. 3)

Based on the definition of the purpose of machine
learning — minimization of the objective function of the

total quadratic error of the neural network [11], which
can be interpreted as the accuracy of classification:

E=3Y Y05 @
j s

where yj- — the obtained value of the output neuron j
when applying to the network input the value of the

observed event s, d° — the expected value of the out-

J
put neuron j when applying to the network input the

value of the observed event s .

Note that in accordance with the accepted error
search mechanism, in the process of machine learning,
the system error £ is checked not only on the subset
Z, , but also on the control subset Z, . The total error in

the training and control subsets takes a constant value
and stops the decrease if the current configuration of the
artificial neural network cannot learn to solve the prob-
lem. That is, the control mark of the transition to neural
network retraining is determined by the fact of stabiliza-
tion of the error value and stopping its reduction in the
control subset Z,. At the same time, it is necessary to
pay attention to the constant control of the value of the
error in the learning subset, as it can decrease and affect
the value of the set Z as a whole. The accuracy of the
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classification achieved as a result of training and com-
pliance with the requirements of the standards [12] must
be verified on a validation subset Z3 by testing [10].

The analysis of IDSS of the automated air traffic control
system showed that the approaches to testing described
in [8-10] require additional expansion of the elements
of the set Z . To do this, it is proposed to use methods
and algorithms for implementing cross-validation [14].

If the accuracy of the classification after training
was higher than stated in the terms of reference for the
development of IDSS, the neural network is considered
successfully trained. But a trained neural network can
make mistakes related to the incorrect organization of
machine learning neural network mechanism. This is
most often manifested in the incorrect classification of
events. This situation is determined by the nature of
these errors and the statistical similarity of belonging to
the wrong class and belonging to the correct class. In a
multidimensional feature space, this means that these
errors are described by points that are close to the class
boundaries:

3k, by € K),( DX 1, X)) = DX, X 1) <6) . (5)

where X ; — the input vector of the j-th event;
K
X'/ —asubset of events related to the class k;k ;

D(X,;,X K ) — a measure of the proximity of the
event vector X; and the required value of the event
X k; ;

¢ — the allowable deviation value determined by
the technical conditions and subject area of the IDSS
knowledge base.

Depending on the value €, you can detect all the
errors identified by expression (5). In this case, for the
events characterized by (5), the neural network system
will make a decision, which is that for a particular input
vector X ; to determine its belonging to an existing

class is impossible. Thus, the correct learning of the
artificial neural network, the absence of errors in the
implementation of system software and the correct exe-
cution of computational processes in general do not in-
dicate the absence of errors in decision-making due to
external inconsistencies of the subject area and generate
errors such as “forget about exclusion” and / or “ critical
combination of events”. For errors of this type, the neu-
ral network decision-making mechanism, using an es-
tablished set of facts F = {fact,, fact,,..., fact,} of an

event X;, makes a conclusion about the belonging of

this event to the class k; : X; e X %) This is a correct

decision on the formal description of the structural and
logical scheme of the knowledge base, but incorrect on
the physical essence. This is caused by some combina-

tion of facts F, = {factx1 ,factx2 ,...,factxn} , which in

the disjunction (exclusive combination) uniquely JX;

determines non-belonging to the class ; :
Jacty A facty, n,..on fact, = X; & x%& (6

The presence of a combination of facts of an ex-
ceptional combination (6) is a feature of the subject
area. If such a combination of facts is not taken into
account at the stage of formalization of the elements of
the subject area, the IDSS will give an incorrect result
P(X;),based on the derivation mechanism for the class

k; , based on the assessment obtained on the basis of

statistical proximity X; to the class X &) In [6] the

issue of formalization of the error of the decision-
making mechanism based on an artificial neural net-
work is considered. Taking into account the results pre-
sented in [6] and the judgments given above, we deter-
mine that the error of the type “forget about the excep-
tion” for the neural network IDSS occurs if:

ar, = {factx1 , fact,, ,...,factxn }s

(factxl /\fact)62 /\,...,/\factxn =X, ¢ X(kf)) A (7)

AP(X;)=k;.

Note that at the time of deciding on the unambigu-
ous presence of this error, the knowledge base must be
statically correct. That is, there are no errors in software
implementation and errors associated with failures of
information processes. In this case, to detect errors in
the classes “forgetting about exclusion” and “critical
combination of events” in the training set, it is enough
to build a test set and conduct a test procedure of artifi-
cial neural network, making logically transparent struc-
ture of expertise in the trained neural network. Why is it
necessary to extract the decisive rules. The scheme of
the process of converting the data of the training set of
the artificial neural network ISPR into the appropriate
information structure, taking into account the value of
the error level is shown in Fig. 1.

>

Sienal Trained
ena network
propagation on
Database
the neural = =
network
£ ol S T
Scenario selection [ p g
>
A Error calculation
Network weight [«
adjustment Eposp > €5

Fig. 1. Scheme of the process of converting the data
of the training set of artificial neural network IDSS
in the appropriate information structure, taking
into account the value of the error rate
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Taking into account the above and in order to form
a logically transparent structure of expert knowledge
and their selection at the first stage, it is proposed to
apply methods based on neural network contrast algo-
rithms [6; 15] (while increasing the interpretability of
the neural network).

In the second stage, it is proposed to carry out di-
rect sampling. In the context of the implementation of
the first stage, attention should be paid to solving the
problem of contrast during neural network training,
which will significantly reduce the likelihood of errors
described above.

The use of contrast techniques involves the re-
moval of certain scales and neurons. Their influence on
the output is insignificant and they provide expert in-
formation in the form of a sparse logically transparent
neural network information structure. To implement the
network contrast strategy, it is proposed to use methods
that can be equally applied to both synapses and inho-
mogeneous inputs of neurons.

As an example, we can consider the method of
adding a penalty term to the target function — the so-
called “structural training”. The decisions obtained by
this method are based on fines for large (in absolute
value) weight of the synapse. As the objective function
is selected, for example, a function of the form:

n
H=Y =y +eX | @)
i=1 J.k

The criterion of least squares is taken as the first

term (y — necessary, y* — current output signal of a

network on the i-th example of a training sample).

To simplify the neural network with several output
signals in the first term for each example, the values of
all output signals of the network are summed. Penalty
for the weight of the synapses w;; (second term) is

included with the regulatory weight €. Its value de-
pends on the balance between the accuracy of the prob-
lem and the simplicity of the network structure.

Upon completion of the training, synapses are re-
moved, the weight modulus of which is close to zero
(does not exceed a small value o). In other words, the
contrast is performed, in fact, simultaneously with the
training. In the second stage it is supposed to use algo-
rithms that allow sampling the decision rules of the
form MofN [15-16]:

IF at least / exactly / at least M from N conditions
Cy, Cy, ..., Cyare satisfied, THEN ..., OTHERWISE (9)

According to the principle of operation, algorithms
for sampling knowledge from the intellectual neural
network can be formally classified into the following

classes:

— algorithms that implement a direct interpretation
of the weights of neurons [17-18];

— algorithms that distinguish ranges of values of
input, intermediate and output neurons due to clustering
of neural network information structure [19-20];

— algorithms that consider the information struc-
ture of the intelligent neural network as a “black box”
and its corresponding reactions to changes in input val-
ues [21].

The analysis of the selected classes of algorithms
for the sampling of knowledge from the intelligent neu-
ral network and the approaches implemented by them,
showed the following. To detect errors such as “forget
about exclusion” and “critical combination of events” it
is necessary to use algorithms that allow machine output
to obtain a symbolic description of the essence of the
subject area. They are semantically similar to the de-
scriptions provided by experts who analyze the same set
of input features.

The obtained symbolic descriptions of entities
must be directly interpreted in natural language and un-
ambiguously define quantitative and qualitative con-
cepts and characteristics of the subject area. From this
point of view, the GLARE algorithm has proven itself
well for sampling knowledge. As a result of its applica-
tion the received information structures have a clear
kind and close syntax of the description of rules in natu-
ral language formed by the expert.

GLARE does not impose restrictions on the size of
the training sample and the number of input and output
neurons.

The execution time of the algorithm depends line-
arly on the above parameters. In addition, this algorithm
is characterized by the relative simplicity of software
implementation and high speed.

The sequence of stages of debugging of the neural
network ISPR is shown in Fig. 2.

If there are several knowledge bases in ISPPR, the
testing process, including regression testing, is repeated
for each of the knowledge bases of the system sepa-
rately (Fig. 3).

Algorithm settings allow you to vary the complex-
ity and accuracy of the decision rules in a wide range.
The above allows us to conclude that to remove the de-
cisive rules, it is advisable to use the GLARE algorithm
as a base, for which adaptive procedures should be used.
The system of decision rules obtained by the above
steps is essentially a production knowledge base, which
in the next step is reduced to a logic circuit that is used
to generate a test set and conduct testing.
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Fig. 2. The sequence of stages of debugging the neural network knowledge base
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Fig. 3. The sequence of stages of debugging a group of neural network knowledge bases
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Testing errors are used to correct the learning set
and retrain the ISPPR. After completing the process of
testing knowledge bases, the integration testing of the
modules of the system of fig. 4. A mandatory element of
the testing procedure is to keep a log of the test report
and eliminate the identified errors.

The analysis of ways to implement the modular
and integration testing approach in the design process of
ICPS software showed that the most effective is the use
of flexible design methodology Agile, which is adapted
to the design process of software ICPS.

Integration testing

Set of intelligent
output modules 1

The set of intelligent
output modules N

_._._._._._/l._K\_.

Modular testing | KB1 = OK

KB2=0K

_/l._Kt._.

KBj= 0K

Fig. 4. Scheme of presentation of the testing process by the level of detail of the IDSS

This is due to the possibility of obtaining an actual
assessment of the level of quality and reliability of IDSS
software, respectively, for each backlog sprint. The ac-
tual assessment obtained must be verified for compli-

Formation of system
requirements to
IDSS

)

Formation of
system
requirements

Document 1 system

3

ance with the requirements set by the experts. The
scheme of adaptation of the received decisions in Agile
methodology is given in fig. 5.

Preliminary design

Preliminary
design

requirements for
IDSS software

Analysis |

:

Document 2
Preliminary design

PSR

Preliminary
analysis of
IDSS

Document 3
Interface design

Document 4 Final
design

Document 4 Final
design

Designing

ritical
analysis of

Integration testing

Operation
\ FSAR
IDSS Final
feedback
about IDSS,
Yy
Document 5 Document 6
Research plan as Operating
part of the ACS Instructions

Fig. 5. Scheme of adaptation of the obtained solutions in the Agile methodology

In addition, the use of the proposed approach will
allow to assess the compliance of time and financial
costs in conventional units (Story Point) for each sprint.

Conclusions

In the course of research it is revealed that for in-
telligent decision-making systems the presence of the
following classes of errors made at expert formation of
knowledge bases is possible:

— internal contradiction, redundancy, incomplete-
ness;

— errors in the rules of the knowledge base;

— errors related to the external contradiction of the
subject area: “forgetting about exclusions”, “critical
combination of events”.

Neural network knowledge bases based on a three-

layer perceptron are characterized by an error such as
“forget about exclusion”. Due to the balanced structure
of the knowledge base after the learning stage, the errors
of the class “incompleteness”, “redundancy” and “con-
tradiction”, which are characteristic of the production
knowledge base, are absent. The revealed features of
errors in ISPPR knowledge bases allowed to offer algo-
rithms of debugging of neural network knowledge
bases.

They include: contrast of the neural network, se-
lection of decision rules from the neural network based
on the modified GLARE algorithm, which provides for
the use of an adaptive procedure; bringing the decision
rules to an equivalent logical network, on the basis of
which a test set can be formed, followed by a testing
procedure.
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Poszenanymi numanus eusaeieHHs NOMUIOK 8 WMYHUHUX HelPoMepedcax, wo nos a3amni 3 cynepeyunugicmio 0yMox ekcnepmis
ma/abo obmedcenicmio (Hedockouanicmio) onucy npeomemunoi obracmi. Ilpoananizoeano nioxoou wooo ix 6i0Na200NCeHHS.
Tokazani winsxu 600CKOHANEHHA ICHYIOUUX NIOX00I8 OO0 BI0NAL00HCEHHS NOMUNOK Muny ‘3a0yeanns npo euxiovennsa’ . Iloka-
3AHO MOJICTUGT WTIAXU 3ACMOCYBAHHS OMPUMAHUX Pilieb O GI0NAL00ICEH s, NOMUNOK ‘nepemun Kpumuynux nodiil”. 3anpono-
HOBAHO (opManizoearne 6USHAUEHHS NOMUIKU HEUPOMEPEXHCeBOT IHMENeKMYaNbHOI CUCeMU 3 YPAXYBAHHAM 6UMOZ 00 ONePaAmus-
Hocmi | moynocmi nooanus ingopmayii. Pozenanymi numanns 6niugy HeKopekmuoi opeanizayii MauunHo20 Ha8UaHHs HA MOY-
Hicmb Kiacupixayii enemMenmis Helpomepextceol inmenekmyanibHoi cucmemu. JJ08e0eHo MONICIUBICMb 3ACIOCYBAHHL Memooie
KOHMPACMYBAHHS Mepedic Ha Ni020mo84oMy emani 0o mecmyeanus 6a3u 3Hanb iHMeIeKMyanbHoi cucmemu NIOMPUMKYU NPULIH-
AMms pitens, wo 003608€ 3MEHWUMU UMOBIPHICMb BUHUKHEHHS NOMUIOK OAH020 Muny Ons 3asHavenux cucmem. Haeedeno
Kaacugirayiio aneopummie uOIpKU 3HAHb 3 THMENEKMYATbHOL HeUPOHHOI MepedCi, BUKOHAHO X aHANi3 Ma NOKA3AHO, Wo 0
BUABNCHHS 3A3HAYEHUX MUNIB NOMULOK OOYINbHO GUKOpucmogysamu moougikosanuti areopumm GLARE 3 npoyedyporo adanma-
yii. Hasedeno Onox-cxemu anzopummia eionazooddxcenns b3 ICIIIIP, wo euxopucmosgyioms ompumani meopemuuti piuieHHs.
3anpononosano cxemy opeanizayii npoyecy mecmyganus 3a pigHamu oemanizayii Ons iHmezpayiino2co ma MooyIbHO20 mecny-
BAHMA, WO MOdHCe OYMU 3ACMOCo8aHa 05 peanizayii npoyecie mecmysanns Agile-memooonoeii, 3okpema: Agile Modeling, Agile
Unified Process, Agile Data Method, Essential Unified Process, Extreme Programming, Feature Driven Development, Getting
Real, Open UP, Scrum, Kanban.

Knrouogi cnoea: asmomamuszosani cucmemu Ynpasiinusa, niOMmpumMKa RPULHAMMA piuleHHs, WMyYHa HelipoHHa mepedicd,
8101A2002CeH s Hetipomepedic, 6a3a 3HAHD.

METOJ, YCTPAHEHUS OLLMBOK B HENPOCETEBOW CPEE MHTENNEKTYANbHbLIX CUCTEM
NOAAEPXKU NPUHATUA PELLEHUA

A.WN. Tumouko, C.B. Ocuerckuii, A.A. Tumouko, I1.B. bensen

Paccmompenst sonpocul odnapyicenus owmuboK 6 UCKYCCMEEHHbIX Helpocemsx, CeA3aHHble C NPOMUSOPEUUBOCHIbIO MHE-
HUL 9KCNepmos U / Ul 02PAHUYEHHOCMbIO (HECO8EPUIEHCTNEOM) ORUCAHUA pedMemHol obaacmu. TIpoanaruzuposansl nooxoosl
K ux omnaoke. Ilokazanel nymu co8epuieHCmeo8anus Cywecmayiomux no0xo006 K omiaoke owmubok muna “3advisanus 00 uc-
rarouenuu”. I1okasanvl 803MOMdNCHbIE HYMU NPUMEHEHUS. NOJYYEHHbIX peueHull O OmaaoKku owudox ‘“nepeceuenue Kpumuye-
ckux cobvimuii”. Ilpednooiceno popmanuzosannoe onpedenetue OWUOKU HEUPOCemMegol UHMENTeKMYAIbHOU CUCTIEMbL C Y4enOoM
mpebo6anuli K ONepamueHOCIU U MOYHOCMU npedcmasienus. ungopmayuu. Paccmompenst sonpocel enuanus HeKOppeKmuoti
opeaHu3ayuy MawWUHHO20 00y4eHUs HA MOYHOCMb KAACCUDUKAYUU INEeMEHMO8 Helpocemesoli UHMeN1eKmyaibHOl CUCTNEMBI.
Hokaszana 803M0ACHOCIb NPUMEHEHU MeMO008 KOHMPACMUPOBAHUs cemell HA NOO20MOBUMENLHOM dMane K mecmuposanuio
6a3vl 3HAHUT UHMENNEeKMYANbHOU CUCTHEMbL HOOOEPIHCKU NPUHAMUA PeuleHUl], YMO NO36011em YMeHbUUNb 6ePOIMHOCHb 603~
HUKHOBEHUsA OWUOOK OaHHO20 MUNa Olia YKasauuwlx cucmeM. Ilpusedena knaccugurayus aneopummos 6blOOpKuU 3HAHUL UHmMer-
JIeKMYyanbHOt HEelpPOHHOT cemu, GblNOIHEH UX AHANU3 U NOKA3AHO, YMO O/ GblAGNIeHUs YKAZAHHBIX MUN0G OuubOK yenecooopasto
ucnonvzosams moouguyuposannuiii arcopumm GLARE ¢ npoyedypoii adoanmayuu. Ilpusedensvi 010K-cxembl anecopummos om-
naoku B3 UCIIIIP, ucnons3ylowux nonyuennvie meopemuuieckue peuwienus. Ilpeonosicena cxema opeanusayuu npoyecca mecmu-
POBanUs nO YpOGHAM Oemanu3ayuu O UHMeSPAYUOHHO20 U MOOYIbHO2O MeCMUPOBAHUs, MOJicem Oblmb npumMeHena O peanu-
3ayuu npoyeccos mecmuposanus Agile-memooonocuu, ¢ uwacmuocmu: Agile Modeling, Agile Unified Process, Agile Data
Method, Essential Unified Process, Extreme Programming, Feature Driven Development, Getting Real, Open UP, Scrum,
Kanban.

Knioueevie cnosa: asmomamuzupogantvie Cucmemsl ynpagieHus, noo0eplIcKa NPUHAMUS peueHUs], UCKYCCMBeHHasn Hell-
POHHAsA cemb, OMIA0Ka Helipocemell, 6a3a 3HAHUIL.
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