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Background. For today, the unit neural networks are widely used to solve various problems. In this regard, the issue of
developing learning algorithm that would be able to optimize the structure of neural networks dynamically is very important.
The existence of such a method would allow the researcher to get the structure of the neural network that would be available
input data quickly. IT infrastructure allows an organization to deliver IT solutions and services to its employees or customers
and is usually internal to an organization and deployed within owned facilities

Objective. In most cases, organizations are able to manage individual elements within their IT infrastructure. But,
previously, it is necessary to estimate current quality level of service (QoS) or IT infrastructure functioning generally. In a
complex IT infrastructure with mutual influence of its elements it is hard to estimate a quality or its operating.

Method. Taken into a large number of IT infrastructure elements it is important to choose a structure of neural networks
automatically. The proposed method makes it possible to control processes inside IT-infrastructure and to form the control actions
taking into account the quality of the functioning of IT-infrastructure components which makes it advisable to use a control loop
targeted at improving the quality indicators of the performance of the IT-infrastructure.

Results. This paper proposes to use neural networks to evaluate a quality of IT infrastructure functioning. Since the task of
determining the structure of the neural network is almost impossible, because it requires a deep analysis of each process taking
place in the IT infrastructure, the paper proposes to define the structure of the neural network automatically using structural
optimization algorithm of neural network. Series of experiments constructed algorithm that demonstrate the ability to use it in
problems of classification of data.

Conclusions. The proposed method makes it possible to control processes inside IT-infrastructure and to form the control
actions taking into account the quality of the functioning of IT-infrastructure components which makes it advisable to use a control
loop targeted at improving the quality indicators of the performance of the IT-infrastructure. Also the resulting structure of neural
network can be used in a quality estimation of functioning of similar IT infrastructure elements. This will allow the service provider
“on the fly” construct and retrain its existing models in a shorter period.

Key words: IT infrastructure; neural networks; the control actions; quality estimation.

classifier to determine the quality of provided services
is proposed.

For today, the unit neural networks are widely used
to solve various problems. In this regard, the issue of
developing learning algorithm that would be able to
optimize the structure of neural networks dynamically is
very important. The existence of such method would
allow the researcher to get the structure of the neural
network that would be best-answered domain and
available input data quickly.

State of art

Introduction

For a long time, information technologies are used
by business companies and at home. Technologies like
IPTV, VoIP or 3G are not only convenient and
necessary but profitable. There is a strong competition
in this market, so that providers should pay more
attention to the opinions of their clients. One way is to
improve service quality and hold this level in future,
another — is to change states resource dependencies
manifest the behavior of the infrastructure. When
solving problems as well as maintaining certain

parameters of IT infrastructure elements and services on
a sufficient quality level of functioning, it is important
to ensure and control the required functioning quality of
IT infrastructure executive elements. To solve this
problem it is necessary to determine whether the system
and its modules are in the desired range of quality of
functioning, based on data from monitoring of executive
modules. In this paper using a neural network as a

IT infrastructure comprises hardware, software,
network resources and services required for the
functioning. It allows an organization to deliver IT
solutions and services to its employees or customers and
is usually internal to an organization and deployed
within owned facilities.

To improve the functioning of IT infrastructures,
companies should improve service quality and hold its
level in future [1], or change states resource
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dependencies manifest the behavior of the infrastructure
taking into technologies [2], hardware [3] or using
specific mechanisms such as MPLS [4].

Telecom operators use various control systems of
their IT infrastructure for efficient utilization of
telecommunications infrastructure resources,
monitoring and control of services provided level. One
of the tasks of such systems is to estimate current
quality level of service (QoS) or IT infrastructure
functioning generally. There are many methods for
evaluating the quality of functioning [5]. In work [6]
has been already described an algorithm for evaluating
the service quality. Neural networks have proven
themselves most successfully. They are often used to
estimate the individual elements, because there are
many algorithms for their training, based on back
propagation primarily. For example, in work [7] author
proposes an improved online quasi-Newton method for
robust training. And in another his work [8] is proposed
an improved novel robust training algorithm based on
quasi-Newton. Author proposed to associate by a
weighting coefficient parameter online and batch error
functions.

The author of this work [9] has studied problem of
estimation of weights to combine trained neural
networks using linear estimation techniques. He has
investigated the problem of input feature selection and
appropriate weight estimation in combining trained
neural network through the information theory and
linear estimation weight techniques.

But in a complex IT infrastructure with mutual
influence of its elements, before neural networks
training based on these methods, it is important to
choose a structure of neural networks. Since there are a
large number of IT infrastructure elements, this choice
need to be automated.

To construct the optimal structure of the neural
network [10] a wide range of algorithms is used. The
first of these algorithms is tiled construction algorithm
[11]. The idea of the algorithm is in addition of new
layers of neurons so that the input training vectors,
which have different respective initial values, had
different internal representation in it. Another great
algorithm is called algorithm of fast superstructure [12].
New neurons in this algorithm are added between the
output layers. The role of these neurons is correction of
output neurons errors.

In general, a neural network, which is based on this
algorithm, has the form of a binary tree. Widely known
algorithms based on B-trees are Monoplan, NetLines
and NetSphere [13], the reduction method [6].

In work [14] is simply proposed a specific structure of
neural networks with four layers used for specific tasks.

Qualitative evaluation method of IT
infrastructure functioning

The aim of this work is to develop a method that
evaluates a quality of IT infrastructure functioning,

taking into account possible extension or modification
of infrastructure.

The processes inside IT infrastructure aren’t always
described or fully formalized, and not explored at all in
some cases. The developed method uses neural
networks for evaluating quality of functioning because
neural networks are able to identify the complex
relationship between input data and output data, and
perform a generalization. It means that in case of
successful training the neural network will be able to
return a correct result based on the data that was
missing in the training set, or based on incomplete or
noisy, partly corrupted data.

IT infrastructure is evolving and changing over
time. Therefore, a neural network trained on outdated
information will produce incorrect assessment. With
the change of processes within the infrastructure not
only weights coefficients of the neural network, but the
neural network structure may need to be changed too.
Therefore, the proposed method uses structural neural
network training. It allows adapting to the dynamic
changes within IT infrastructure.

Proposed algorithm for evaluation of IT
infrastructure functioning quality consists of several
consecutive steps:

1. Determining dependencies between the IT
infrastructure elements. At this step what affects the IT
infrastructure elements (or services provided by it, or
IT infrastructure in general) is determined.

2.  Monitoring. At this step, occurs the collection
of information about functioning of the IT
infrastructure elements. Here we form our database
which will be used as input information for neural
network training.

3. Training. At this step structure and weight
coefficients of neural networks are determined. After
this step we will have trained NN which will be used
for IT functioning evaluation.

4.  Evaluation of the quality of functioning. At this
step the quality of the IT infrastructure functioning,
based on the data collected in step 2 is evaluated. Our
trained NN classifier will tell us about quality of IT
functioning for new input operation states.

Listed steps are considered in more detail below.

Determining dependencies between the IT
infrastructure elements and collecting of data

The aim of this article is to develop a model for
evaluation quality of functioning of IT infrastructure
elements with consideration of logical structure of the
relationships between IT infrastructure elements. The
results of this assessment in the future can be used for
automatic or automated control of IT infrastructure
elements in order to improve the quality of provided
services [15].

Figure 1 shows the example of dependency graph
which is schematically represents the impact of IT
infrastructure elements.
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Figure 1. IT infrastructure elements impact graph
Here Oj-, ie[K], j €[;N,] — IT infrastructure

elements, and directed edges shows influence of some
IT infrastructure elements on functioning of other
element.

Denote vector of parameters that affect thequality of
IT infrastructure element O}, as P'; and Q' as qualitative
assessment of IT infrastructure elements functioning
that are affect to 0.

As an example of IT infrastructure element, was
taken a developer computer. Reviewed five parameters
affecting the quality of its functioning that are construct
sets P’and 0"

*  pl —degree of using hard drive;

*  p2—degree of using processor;

* p3 — load of network that computer is
connected to;

e p4 — used computer RAM (value is defined as
used RAM volume to maximum available memory ratio).

Those parameters are reduced to values between 0
and 1

* ql — quality of DB server functioning, used by
selected computer.

To calculate the qualitative assessment of the
functioning of this IT infrastructure element we
construct a classifier based on neural network. For O
the input parameters of this neural network will be
vector {P’, O} and the output parameter is qualitative
assessment of the functioning of 0.

With absence of assumptions about the nature of
relationships  between elements and qualitative
evaluations of elements parameters, it is advisable to
apply approximate expert estimates based on personal
experience of administrators, IT-managers, etc. Since we
automatically determine the structure of the network, the
person is enough to specify the quality of functioning of
the element with different values of {P’, O’}.

During experiment values of selected parameters
were artificially set on computers. Then, it was
proposed to experts to specify the performance of this
computer on a scale from 0 to 1.

For our aims was collected information about 100
node parameters for 2 weeks period in 2 hrs interval.
After collecting was constructed dataset for NN in the
form of vector {P;, Q}. Next step is a design of NN
classifier.

Structural optimization algorithm for
training of neural network

Any neural network can be represented as a graph.
The multilayer neural network architecture is an acyclic
graph G, represented as a set of nodes, which are
grouped into clusters by layers and connections between
them. An example of such a neural network
representation is shown in Figure 2.

Each node [I; represents elementary neuron or
element of more complex architecture, such as a small
neural network (Figure 3).

N

I
( our i}‘}
\ V4
Figure 2. Graph model of neural network
The proposed algorithm of structural training of

network allows:

e getting the overall structure of the neural
network

e determining the number of neurons in the layers
of the neural network

e removing non-significant connections between
neurons (synapses)
e accelerating the training of neural network

Structure of element
LI
Va Structure of element
LI 1 13
3/ L 3

Figure 3. Structure of node
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The basic structural operations on the network:

e Syn,pp operation — adding a synapse between two
randomly selected unrelated nodes or neurons
network;

e Synpy operation — deleting the synapse between
two randomly selected unrelated nodes or
neurons network;

e Symyop operation — moving the synapse between
two randomly selected unrelated nodes or
neurons network;

e Ayop operation — changing the activation
function of the neuron to randomly selected
neuron;

o Seryopr and Seryp operations — serialization of
node or neuron;

o Paryopr and Paryy operations — parallelization of
node or neuron;

o Addyopy; and Addyy operations — adding a node or
neuron;

e [L,pp Operation — creating a new layer;

e [Lpy operation — removing of HM layer.

Let’s look into operations in more detailed way. Our

network is set as the following graph:
G={V,E}, )
where

V - the set of nodes and neurons;

E - set of synapses that bind them;

Operation of addition synapse between two

randomly selected unrelated nodes or neurons network
is illustrated in Figure 4.

[ layer 1
I L N, I I N,
S'vn ADD | | _’ ) |
Iy 4\ LT
N N N N

Figure 4. Syny;, operation

Let’s define subset of nodes that belong to the
previous sub-level as V) (synapses are coming out of
them) and subset of nodes that belong to the next sub-
level as V (synapses are coming into them);

E(G)=E(G)w(ln)
Vy= {“[11‘[1 » J[-1} Vg =iN.Nyj. @
leV, nely

Operation of deletion synapse between two

randomly selected nodes or neurons connected network
shown in Figure 5.

V7 e - : ,

LR R Ty A\

N N, NN
layer 1

Figure 5. Syn),;;; operation
E(G)=E@G)\(.n)

V,={0.0.L0}.V; ={N,. N},
leV, . neV,.

3

Operation of movement of the synapse between two
randomly selected nodes or neurons network is shown
in Figure 6.

—laver 1

Figure 6. Syn,op operation

E(G) = E(G)\ (l.n):;
E(G) = E(G) v (I.m);
V,={L.1.0}.Vs = {N,.N,},

7 4
leV, nmeV;.

)

Operation of serialization Ser yopz and Ser yi
randomly selected node or neuron network is shown in
Figure 7.

z L z z ) L z
e .
o — 6]
L’ 12 ot
I AN 4
layer 1

Figure 7. Operation of serialization
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E(G) = E()\Y(,»),
Ve={I) V= (L, LY 1€V, nel,

V(@) =V(@HUL( reindexing )
s = (0.0} V4 ={L5)
B =B u(,mieV;, mel;,
E((Y=E(Yu(k,p)lkeV,pely,
Operation of parallelization Par yopr and Par yg

randomly selected node or neuron network is shown in
Figure 8.

‘ £) (z) (2) :)(z) (=
Pd)’u \ | X
- LA -
o G0

layer 1

Figure 8. Operation of parallelization

V(G =V(GHUL( reindexing )

Vi =18 IV, = (1,12, Y 7 = (L)
EG) =BG, mieV, meV!;
B =Bk p)keV.peVs

(6)

Operation adding node or neuron Addyopr and Addyy
is shown in Figure 9.

Add, \
Add,

Iy a1
N,

layer 1

Figure 9. Addy,p; and Addy operations

When adding a new node or neuron, few synapses in
both directions created neuron or node are randomly
added. Deleting a node is fulfilled with simultaneous
deletion of all synapses that are included in this
element. All relations that come out from this element
randomly connect with elements followed by the
removed ones. Operation of creating a new layer is a
modifier for operations of adding node or neuron and
operations of serialization and parallelization discussed
above and indicates that the result of the operation adds
to a new layer of network.
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Consider the algorithm for structural optimization in
training. As a basic learning algorithm let’s take
algorithm of reverse spreading of error which is

proposed in [6].
NN has sigmoid activation function:
1
fw)= -, ()
l+e™
where
u=wy,+twx +..+w,Xx,. (8)

We introduce the following notation: set of training
data X;={x;|i=1,..., N} and the corresponding
expected values Y, = {y; | i=1,..., M}, where N - number
of inputs of NN, A — number of outputs, s = 1,..., S and
— dimension of the training set.

Denote the set of values of the outputs of NN
neurons through F={f,}, where i — number of layer and
j - number of neurons in the layer. For the input layer
j=12,...,N, for the first hidden layer — j=1,2,...,C},
second —j=1,2,...,C; and so on, for the last hidden layer
—j=12,...,.M.

The total number of NN layers equals K and few
neurons in all the hidden layers will be
C= {C(),Cl, ...,CK}, where C’0=N, CK:M

Algorithm of reverse spreading of error can be
represented as following:

1) For the input layer sets the value of each element
according to input vector. The value of the output of
each element we set equal to input.

F 0= X 1. (9)

2) For the first layer neurons compute the total input
and output:

N
Uy =Wio+ 2 £ W (10)
i1
where
1
fi=——. (11)
l+e

where j=1,2,...,N; — number of the neuron of the first
hidden layer, wlj_ ; — i-th weight coefficient of j-th
neuron of /-layer of NN, £’ — value of the i-th neuron in
the input layer.

3) Repeat the first step for all of the hidden layers of
NN, including the output layer of neurons, but formulas
(10) and (11) will be next:

Ce
u; =w o+ Zj;"lwtf_:, (12)
feml
where
1
fi= =, (13)
v -U
1+e
where ¢=2, ..., K.
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4) Compare the values of the vectors ¥, and Fy, if
the difference between the vector — model Y, and NN
real output Fy is in acceptable range, then go to step 5,
if not, go to step 6.

5) For the input vector set value of each element,
which equals to the corresponding element X5(Fy = X5)
and go back to step 2. If the input of NN gets the last
vector Xs, then depending whether there is a necessary
training on this iteration, we re-apply to the input all the
training vectors starting from the first, or it’s considered
NN is trained and training ends.

6) For each neuron from the output layer, we
calculate an error. As our NN is with sigmoid activation
function, error equals :

QA=Y= fHnpuf; < £
8 =1f;(1-f ) —f)mpu f;* <f; < £, (19)
j;:(l—f::)(y:—f::)npufi > f‘

where f; — the resulting value of the j-th element output
layer; £, /- local extreme point to the expected value
of y; in the range [0,1].

7)  Network mutations factor is calculated:

1
TS+

Depending on the coefficients modification of the
structure of neural network is performed by sing basic
structural operations, discussed earlier (Table 1). Trend
of estimated coefficient indicates the dynamics of
learning. If in each training epoch it is growing, it
means that that error decreases, there is no sense to
change something in the structure of the network.
Conversely, if the trend is falling, you need to modify
the structure of the network.

M \z; (15)

Table 1. Usage of basic structural operations

9) For all other hidden layers of error is calculated
by the formula (16).

10) Further, for all the layers weight coefficients of
each neuron are updated.

Awl @+ D) =n(& f{T)+aaw (D), an

where 7 — speed of training, a — inertia, or the impact of
the previous changes usually taken o <1, ¢ — iteration
number. Then we set the new value of weights
coefficients, equal:

W, = wf_j + A“{,- (). (18)

oJ

11) For the input vector sets value of each neuron that
equals appropriate element X, (F, = X;) and again move
to step 2. If last vector X have already filed to the input
of NN, then again first training vector served.

Evaluation of the quality of functioning

For testing of the quality of functioning from our
dataset was formed testing dataset consist of 40%
elements.

Over 100 iterations of the algorithm were performed
645 deletions and 457 additions of synapses. The
percentage of false classification was reduced from
7.8% to 6.0% against not optimized NN. Classification
results are shown in Table 2 and Fig.10.

Table.2. Classification results

NN type Training, % Testing, %
Simple 98.79 92.21
Optimized 99.09 94.01

Value Mpgr | Trend Mpgr Operation

>1 Growing -

>1 Falllng L ADD

>100 Growing -

>100 Falllng S@I"N()DE, S@I"NR, PCll"N()DE,

l)a’7VR9‘46&iAKHUEa146&1VR

>500 Growing -

>500 Falling Syrapp, Symuon, Avop

8) For the penultimate layer error of each neuron is
calculated:

Cx
55 = - FEOSSE . o
J=l

where 5 — the error of j-th element of the K-th layer,
w,-,Kj'l — the weight of the connection between the i-th
element of the K-1 layer and the j-th element of the K-th
layer, £ — the value of i-th element of K-1st layer.

1y — R

/—;/0_5‘000000‘0“00

CA

\

epochs

|* train static CA - - test static CA -4 optimized train CA -¢ optimized test CA

Figure 10. Classification results

This chart shows that the method described in this
paper allows achieving more accurate results from the
neural network training. This allows obtaining more
accurate information about the IT infrastructure
functioning.
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Conclusions

IT companies are faced with problems related to
improving the quality of the operation of their IT
infrastructure. One of the ways is to improve quality
and hold this level in future, another — is to change
states resource dependencies manifest the behavior of
the infrastructure. When solving problems as well as
maintaining certain parameters of IT infrastructure
elements and services on a sufficient quality level of
functioning, it is important to ensure and control the
required functioning quality of IT infrastructure
executive elements. It is necessary to determine whether
the system and its modules are in the desired range of
quality of functioning, based on data from monitoring
of executive modules.

This paper proposes to use neural networks to
evaluate a quality of IT infrastructure functioning. Since
the task of determining the structure of the neural
network is almost impossible, because it requires a deep
analysis of each processes taking place in the IT
infrastructure, the paper proposes to define the structure
of the neural network automatically using structural
optimization algorithm of neural network. The existence
of such method would allow getting the structure of the
neural network that would be best-answered domain
and available input data quickly

In addition, a series of experiments constructed
algorithm that demonstrate the ability to use it in
problems of classification of data.

The proposed method makes it possible to control
processes inside IT-infrastructure and to form the
control actions taking into account the quality of the
functioning of IT-infrastructure components which
makes it advisable to use a control loop targeted at
improving the quality indicators of the performance of
the IT-infrastructure.

Also the resulting structure of neural network can be
used in quality estimation of similar IT infrastructure
elements functioning. This will allow the service
provider "on the fly" construct and retrain its existing
models in a shorter period.
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Hopozuit L1, Teaenix C.®., I'anywixo /].A. Hypxan B.B.

CTpyKTypHa onTuUMi3aligs HeHpOHHOI Mepexi Ha OCHOBI MeToay sIKiCHOI OWNHKM (PYHKLIiOHYBaHHS
IT-indpacTpykrypn

Ipob6aemaTrnka. ¥V TenepimmHiii yac HEWPOHHI MepeXi MIMPOKO BHUKOPUCTOBYIOTHCS ISl BUPILIEHHS Pi3HUX 3aBIaHb. Y
3B'A3Ky 3 LIMM MpobjiemMa po3poOKM alropuTMy HaBUYaHHS, KU OyB OM 3aTHUM AWHAMIYHO ONTHUMI3YBAaTH CTPYKTYpY
HEeHpOHHUX MepeX, Ayxke BaxJuBa. HasgBHICTb Takoro crnoco0y M03BOJIUTH NOCTiTHUKAM OTPUMATH CTPYKTYpY HeHpOHHOT
Mepexi, sika 3abe3nedyBana 0 WBHMAKUI DOcTyn 10 BXinHuX gaHuX. IT-iHppacTpykTypa no3Bosisie HafaBaTH opradizauii I1T-
pillIeHHs i MOCIIYTH I CBOTX CHiBPOOITHUKIB ab0 KITIEHTIB Ta, SIK MPAaBUIIO, € BHYTPILIHLOIO [UIsl OpraHizailii i po3ropraeTses
Ha THUX 00’€KTax, sKi 1il HaJleKaTh.

Mera pociimkeHb.Y OiNbIIOCTi BUMAAKIB, opraHizamil MOXYTb YNPaBIATH OKPEMHUMH eJeMEHTaMH B Mexax cBoei [T-
iHppacTpykTypu. [Ipore 3a3manerias Tpeba OUIHUTH MOTOYHMI piBeHb AKOCTI 00cayroByBaHHs (Qo0S) abo (yHKLiOHYBaHHS
IT-indpactpykrypu B mimomy. V xommekci [T-iHppacTpykTypu i3-3a B3a€MHOTO BIUIMBY €JIE€MEHTIB Ba)XKO OLIHWUTH 1T SIKiCTh
a00 yMOBH ii eKCIUTyaTallii.

Metoaunka peanizaunii. [ns [T-iHppacTpykTypH, IO CKIANAETBCA 3 BEJIUKOT KiJTBKOCTI €JIEMEHTIB, BaXJIMBO BUOpaTH
CTPYKTYpPY IUIl HEHPOHHMX MEpEX aBTOMATHYHO. 3alpoNOHOBaHMI METO/ J03BOJISIE KOHTPOJIIOBATH Mpoueck ycepeanHi 1T-
iHppacTpyKTypH i opMyBaTH YNpaBiIstoun Aii, 3Bakar0uu Ha SKiCTh (DyHKLIOHYBaHHs KoMmnoHeHTiB I T-iHdpacTpykTypH, 1o
poOUTh  MOLINBHUM BUKOPUCTaHHS KOHTYPY YMpaBJiHHA, CHPSMOBAHOTO Ha TOJIMIIEHHS sAKICHUX MOKa3HUKIB
¢ynkuionyBanus UT-iHdpacTpykTypH.

Pe3ynbTaTH gociixkeHb. Y CTaTTi MPOMOHYETHCS BUKOPUCTATH HEHPOHHI MEpEexi And OLIHKM SAKOCTi (yHKLiOHYBaHHS
IT-indpacTpykTypu. OCKijbKH 3aBOaHHS BU3HAYEHHS CTPYKTYPH HEHPOHHOT MepesKi MPaKTUYHO BUPILIUTH HEMOXKIIUBO, TOMY
1110 Lie BUMarae rIMbOKOro aHanizy KO>KHOro 3 MpoLeciB, o BixOyBatoThes B IT-iHdpacTpykTypi, 3aNponoHoBaHO BU3HaYaTh
CTPYKTYpY HEHpOHHOI Mepeki aBTOMAaTHYHO 3a JOTOMOTOI0 CTPYKTYPHOTO AJITOPUTMY ONTHMIi3amii HEWpOHHOI Mepexi.
[IpoBenena cepist ekcriepuMEHTIB 3 TOOYIOBaHNM alrOPUTMOM, fKa MPOJEMOHCTpPYyBala 3[4aTHICTh BUKOPHCTAHHS HOTO B
3aBIAHHIX KIacu(pikalii TaHmX.

BucHoBku. B pesynbraTi peamizamii 3ampormoHOBaHOTO METOXY CTPYKTypa HEMpOHHOI Mepexi Moxe OyTH BUKOpHCTaHA
NpU OILIHLI AKOCTi (yHKIiOHyBaHHS cxoXux eneMeHTiB IT-iHdpacTpykrypu. Lle mo3BonmTh MocTavasbHUKOBI MOCHyT "Ha
JILOTY" CTBOPIOBATH i IEPEHACTPOIOBATH CBOT iCHYIOWi MOJIENi B KOPOTIIHIA TEPMiH.

KoouoBi cioBa: IT iHdpacTpykTypa; HEMpOHHI MepeXi; KOHTPOJIb MPOIIECiB; OLliHKA SKOCTi.

Hopocuit U .U, Teaenux C.@., I'anywro /I.A. I]ypkan B.B.

CTpyKTypHasi ONTUMHU3ALMs Hei{POHHOI ceTH Ha OCHOBe MeT0Ja KauecTBeHHO!H oueHkH ¢pyHkunonupoanus UT -
HH(PPACTPYKTYPbI

IMpo6nemaTtuka. B HacTos1Iee BpeMst HEHPOHHBIE CETH INTUPOKO UCTIONB3YIOTCS UIA PELEHHs PAa3IUUHBIX 3a1a4. B cBs3u ¢
3TUM TpobiiemMa pa3paboTku anropuTMa o0ydeHus, KOTOPbI ObuT ObI CHIOCOOEH AMHAMUYECKH ONTHMHU3MPOBATh CTPYKTYPY
HEWpOHHBIX ceTel, OuYeHb BakHAa. Hammume Takoro cmocoba MO3BOJUT MCCIENOBATENSAM MONYyYUTh CTPYKTYpY HEHpOHHOMN
ceTn, KoTopasi obecneynBaia Obl OBICTPBIA AOCTYN K BXOAHBIM IaHHBIM. M T-mH}pacTpykTypa MO3BOJIAET MPEIOCTABIATH
opraHmsanuu I/IT-pemeHI/m " yCIIyru Jid CBOMX COTPYAHMKOB WM KIWECHTOB W, KaK IPAaBUJIO, ABJIACTCS BHyTpeHHefI JJIA
OpraHM3aliy ¥ Pa3BOPAuYNBAETCs Ha MPHUHAISKAIINX eif 00beKTax.

Leap uccnenoBanmii. B GonbLIMHCTBE cilydaeB, OpraHU3aldy MOTYT YNpPaBJATh OTASNBHBIMHM dJIeMEHTaMU B Mpenesax
coeil UT-undpactpykrypsl. OHaKO MpenBapuTeIbHO HYKHO OLEHUTh TeKyLIMH ypoBeHb KauecTBa oOciykuaHusa (QoS)
um GpyHkuroHupoBanus UT-undpactpykrypsl B nenoMm. B xommiekce UT-unppacTpykTypbl M3-3a B3aMMHOIO BIMSHMA
3JIEMEHTOB TPYIHO OLIEHUTD €€ KauyeCTBO WJIM YCIIOBHUS €€ DKCILTyaTalHu.

Metonuka peanusanuu. [[nga UT-undpactpykTypsl, cocTosleld 13 OONBIIOro KOJUYECTBA 3JEMEHTOB, BaXKHO BbIOpATh
CTPYKTYpPY U1 HEMPOHHBIX ceTeil aBToMaTuuecku. [IpeioxKeH bl MeTO ] MO3BOJIAET KOHTPOJIMPOBATh npoLecchl BHyTpu UT-
nHQpacTpyKTypsl W (OPMUPOBATH YMNPABIAIOIIME BO3NEHCTBUS, NMPUHUMAs BO BHUMAaHWE KayeCTBO (D)YHKLHOHMPOBAHMS
koMroHeHToB M T-H(ppacTpyKTyphl, 4TO OenaeT 1esiecoo0pa3HbIM MCTIONb30BAaHNE KOHTYpa YIpaBJIeHUs, HAMPABICHHOTO Ha
yIy4lleHre KauyecTBEHHBIX MoKasaTenel ¢pyHkuuonnposanust UT-undpactpykrypsr.

Pe3ym>TaT1>1 nccneaosaﬂnﬁ. B cratbe npemiara€Tcsa HCI0JIb30BaTh HGﬁpOHHHe CeTn JA OLCHKH KaueCTBa
¢ynkumonnpoBaanst UT-unppacTpykTypsl. [lockonbKy 3amady ompeneneHHs CTPYKTYpPbl HEWPOHHOW CETH MpPaKTHYECKH
peLINTh HEBO3MOXKHO, MOTOMY YTO 3TO TpeOyeT IIyOOKOro aHamm3a KakAOro M3 MpoleccoB, mpoucxopsdmux B UT-
UH(PACTPYKTYpe, MNPEIUIOKEHO ONpEeAeNATh CTPYKTYpY HEHpOHHOW CeTH aBTOMAaTHM4YeCKHM C MOMOLIbIO CTPYKTYPHOTO
alropuT™Ma ONTUMM3AaLMU HeWpoHHOW ceTu. [IpoBeneHa cepust BKCIEPUMEHTOB C IOCTPOEHHBIM alrOPUTMOM, KOTOpas
NPOAEMOHCTPUPOBAJIa CIOCOOHOCTh €r0 UCTOIb30BaHUSA B 331auax KJIacCU(UKALMU JaHHbIX.

BriBoabl. B pesynbrare peanusanuy Npeajio)ke HHOrO MeTo/ia CTPYKTypa HEHPOHHON CeTH MOKeT ObITh MCIOJIb30BaHa MpH
OLIEHKe KauyecTBa (YHKLMOHMPOBAHMS CXOAHBIX 3J1eMeHTOB MT-uH(pacTpykTypbl. DTO MO3BOJIMT MOCTABILUKY YCIYyr "Ha

neTy" co3uaBaTh U MepeHacTpanBaTh CBOW CYIIECTBYIOINE MOJIENN B O0Jiee KOPOTKHIT CPOK.
KioueBsie cioBa: UT undpacTpyKkTypa; HEHpOHHbBIE CETH; KOHTPOJIb MPOLIECCOB; OLIEHKA Ka4eCcTBa.



