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The structural inverse gravity problem in a multilayer medium is one of the most important geophysics
problem. Until recently, the problem was reduced to the separation of gravitational fields and the restoration of
unknown layers independently. Now the methods are in demand that allow find unknown layers simultaneously.
For solving Urysohn integral equation of the first kind describing the problem regularized algorithms
Levenberg—-Marquardt type with weight factors are investigated. A new Levenberg-Marquardt type method
based on Levenberg—Marquardt scheme is proposed. A regularized Levenberg—Marquardt type method compared
with classic Levenberg—-Marquardt method. For classic Levenberg—Marquardt method some computational
optimizations are offered. The numerical experiments using model gravitational data allow to compare
convergence rates, relative errors and program execution times of classic Levenberg—Marquardt algorithm and
Levenberg—Marquardt method. The parallel programs implementing the algorithms are developed using CUDA
and OpenMP technologies.

Keywords: Tikhonov regularization scheme, integral Urysohn type equation of first kind, regularized
Levenberg—Marquardt method, regularized Levenberg—Marquardt type method, inverse gravimetry multilayer
problem.
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Introduction

This paper is concerned with iterative solutions solving the inverse structural gravity problem
in a multilayer medium and is a continuation of the series of works [1, 2.
Hence we consider an operator equation

Au) =, (1)

where A(u) is nonlinear Frechet differentiable integral Urysohn type operator between Hilbert
spaces U, F', u = (ug, .., ur) are unknown functons describing L desired interfaces, f is the total
gravitational field. The solution of (1) does not depend continuously on the data and thus using
of noise-contaminated data would lead to a meaningful deviation from solution. Hence a stable

* The paper is recommended for publication by the Program Committee of the International Scientific Conference
“Parallel Computational Technologies (PCT) 2017”.
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solution of (1) requires regularization techniques, for example the method of Tikhonov. We obtain

A(u)*(Aw) = f5) + a(u—u’) =0, (2)

where A’(u)* is a conjugated operator for derivative operator A’(u), o > 0 is a regularization
parameter, ||f — fs|| <, u® is an initial approximation. So we will assume solving equation (2).
To solve (2) the regularized Levenberg—Marquardt algorithm can be used [3]:

W = b A ) A () + ) A ) (A — i) + alu — ) 3)

where v is the damping factor. This method used in iterative solution nonlinear inverse problems
of filtration, borehole and exploration geophysics ( [3-5]) etc. In the article [6] the method
(3) strong convergence to the solution is set up for the Tikhonov-regularized equation on the
assumption that the condition of the sourcewise representability of the solution z of the equation
(1) and the Lipschitz conditions for the derivative of the operator A are fulfilled and the initial

approximation is taken from a rather small neighborhood of the regularized solution.
[A" ()| < N1, ([ A/ (u) = A'(v)|| < Nafju— v,

z—&=A ()%, |v| <1/Ns.

This method is complex to implement. It takes a lot of time for matrix to matrix multiplication,
matrix inversion. It is possible to use iterative methods for matrix inversion, so the iterative
process is two-step: at each step we reduce the problem to SLAE, which we solve by some
iterative method. We can see that LM algorithm tends to have larger computational overheads
with an increase in the size of input data.

The previous work [2] is concerned with a regularized Levenberg—Marquardt method (CLM)
which within the weight factors approach proposed in [7] lets find simultaneously several
structural boundaries described by unknown functions wy, .., uz, in equation (1) using the total
gravitational field f. Weight factors w; will be chosen as follows:

F=[F,F, ... Fr] = (f1, fo, s farxpy oo fLxMxN)

— (w17w27 cey wLXMXN)?

w; = ﬂ, ,3 > 1, (4)
max | fi|?
where Fj(l = 1,2,...,L) are anomalous fields generated by the gravitating mass located below
the corresponding depths H; for the sought surfaces of interface S;(l = 1,2, ..., L). Weight factors
depend on field F; which separated from field original F' using preliminary processing of gravity
observations [8].
Linearized gradient type methods based on linearized steepest descent method with weight

factors (5) for solving the gravity problem are considered in works [9, 10]

1S ()12

- |
[ (S ()P

k
w; = u; — Yw;

Si(u"), (5)

where S(u¥) = A'(uF)*(A(u¥) — f), ¢ is damping factor. This method is suited to deal with

multilayer problem but there is a matrix to matrix multiplication operation.
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Also in [11] a Levenberg-Marquardt gradient method based on Landweber-type scheme is
proposed

k+1 _  k b (Ai[uk]—Fi) aAi[Uk]
IVA[WF]I2 - duf

As seen, this method is fast but is suitable only for finding interfaces in two layer model.

The present paper is focused on comparison of relative errors, numbers of iterations and
computation times between classic regularized Levenberg-Marquardt method (LM) and CLM.
Here there are used gravitational field models with uniform 15% noise. In a view of big memory
consumption and high computational complexity of LM some algorithmic optimizations are
proposed. On a basis of algorithms the parallel programs are implemented using OpenMP and
CUDA technologies. The perfomance estimations of parallel programs are obtained.

The rest of the paper is organized as follows. The section 1 is dedicated to inverse multilayer
gravity problem definition. The section 2 devoted to LM and CLM description. The next
section 3 describes a techniques and principles used for program development. The section 4
presents the numerical results using quasi-model gravitational data and the results of parallel
implementations. The final section lists the conclusions.

1. Multilayer structural gravity problem statement

The three-dimensional structural inverse gravity problem on finding interfaces between
medium layers on the basis of data on the gravitational field measured in a certain area of
the earth surface, and the density jumps.

It is assumed that the lower half-space consists of several layers with a constant density
Aoyl = 1,..,L), divided by desired interfaces S;, where L is the number of interfaces (fig. 1).
The gravitational effect of such a half-space is equal to the sum of the gravitational effects of all
the interfaces.

z

Fig. 1. Model of multilayer medium

Let the interfaces be described by the equations u; = u;(x,y) and the jumps of density are
equal to Ao;. The interfaces have horizontal asymptotic planes u; = Hj, i.e.

lim |w(z,y) — H| = 0.

|z],|y| =00

2017, T. 6, Ne 3 7
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Functions u; = u(z,y) describing the desired interfaces satisfy operator equation (2), operator
A takes the form

I +00 +00
1 1
Alu) = ZZ; fAUlllﬂ_é _ZO { [(z —2')2 + (y — )2 + u} (z,y)] /2 ©)

1 / /
-2+ (y-y)2+ Hﬁ]lﬂ} = Ag(@y),

where f is the gravitational constant, Ao;(l = 1,.., L) is the density jump, Ag(z',y’) = Zlel a1
is the sum of an anomalous gravitational fields. Preliminary processing of the gravity data with
the aim to select the anomalous field from the measured gravity data is performed using the
methodology [8]. The problem is undetermined because of attemption to find several unknown
functions u; = w(x,y) from the given function Ag(z’,y’). So it’s necessary to use the weight
factors which can be found from formula [7].

2. Numerical methods for solving the problem

To solve (6) the regularized Levenberg-Marquardt algorithm with weight factors can be used:

W = b A (P A ) + ad) AL () (AGF) — f5) + alu — ), (7)

where A is operator with a corresponding diagonal matrix with the weight factors on the main
diagonal.

Remark. In nonlinear inverse gravimetry problems in a discrete representation the
matrix A’(u”) is ill-conditioned which entails significant increasing the condition number of
Al (uF)* A (uF).

The second method is a Levenberg-Marquardt regularized Levenberg—-Marquardt algorithm
[2]. Here iterative process approximates each of the solution components u;, [ =1, .., L:

=k AL (A~ 1)+l ) ®

where

b d
1= [an/ / K{L(x’,y’,:v,y,Uf(x,y))dx’dy’}

b d
x[an/ / K;(ﬂﬂ,y,x’,y’,Uf(:ﬁ,y))dwdy],

where K| (z',y',z,y,uf(x,y)) is transposed kernel function of K/, (z,y,2',vy,uf(z,y)), A’ (u})*
is a transposed derivative operator in uf The value ¢; depends on uf“ The process (8) is
implemented in discrete form

1
o F = = (AT (A - )+ ot - ). )

where

N M
Pli = |:an Z Z Kilt(l‘;m y;n’ {1:7 y}l7 uﬁz)Aley/]

k=1m=1

N M
X |:an Z Z K;L(:L'kv Ym, {:LJ7 y,}iv Uf(xk’a ym))AajAy] )

k=1m=1
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Here we don’t need computation of the inverse of matrix A’(u*)T A'(uF) + al. It makes
this method more economical for numerical solution then (7) which computational complexity
is O(n3) because of multiplication A’(u*)T A’(u*) and matrix A’(u*)T A’(u*) + oI inversion. The
computational complexity of (8) is O(n?) because the most time-consuming operation here is
A’(uF)T matrix elements calculation and matrix-vector multiplication.

Discretizing equation (6) on the n = M x N grid with the given right-hand side Ag(z’,y") and
approximating integral operator A(u) using the quadrature formula, we obtain the right-hand
side F(z',y") of M x N dimension, the solution vector u(z,y) = [ui(z,y), .., ur(z,y)] of LXM x N
dimension, the derivative matrix of operator A’(u*) of (M x N) x (L x M x N) dimension, and
the system of nonlinear equations

Aplu] = F,. (10)

The ||An[u¥] — F,||/||Full < € relative error condition for comparing the exact and numerical

solutions with a sufficiently small € is taken as the termination criterion.

3. Optimization, parallelization and implementation

A big size matrices in LM algorithm require large amounts of memory. For example, when
L =3, M = N = 1000 the matrix A’(u*)*A’(u*) type of double allocates ~ 67 Th. Also full
matrix-matrix multiplication is very computationally expensive problem. So to reduce memory
allocation the decision was made to make all matrix-matrix and matrix-vector computations
flying: a matrix element is calculated at the time of access to this element. Let it show.
Previously the system of non-linear equations (10) reduces to the SLAE:

B(uF)ub 1 = (A (M) T A' (¥ + adluftt = b, (11)
where b = [A'(u
and [A'(u*)T A
A (u)TA (u”)
multiplication replacing it matrix-vector twice operation. Further the system (11) can be solved

T A (uPF) + aduf — AA" (uF)T (A(u) — f5). Here we obtain A'(u®)T (A(uF) — fs)
"(uF)]u* on the fly. Within the "associative law"[A’(uF)T A’(u*)]u* equals to
u¥], so "on the fly"technique makes it possible to avoid matrix to matrix
by iterative gradient-type methods, minimal residual method e.g [12, 13]. A method chosen in
this work is a minimal residual method.

Parallel algorithms for solving (6) are implemented numerically on the multicore Intel
Xeon processor and NVIDIA Tesla M2050 graphics processors unit incorporated in the parallel
computing system Uran at the Institute of Mathematics and Mechanics of the Ural Branch
of RAS. The parallel algorithms are implemented on the multicore Intel Xeon processor using
the OpenMP technology and Intel MKL library and on NVIDIA Tesla GPUs using the CUDA
technology and CUBLAS library.

For the multicore Intel Xeon processor, the optimization of the vector-matrix operations
using the Intel Xeon compiler options and the loop vectorization using the directive #pragma

simd are implemented.

4. Results of numerical experiments

The structural inverse gravimetry problem of finding model interfaces Si,Ss,S3 for the
four-layer medium with the density jumps was solved using the quasi-model original gravitational
data and with uniform noise with an amplitude of 15% noise for the grids 100 x 100 km? and
1000 x 1000 km? . The gravitational field (fig. 2) is a real but density jumps are taken from
model, the model surfaces are based on the quasi-real surfaces constructed in work [9].

2017, T. 6, Ne 3 9
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Puc. 2. Total gravitational field (left) and 15% noised total field (right) (mGal)

The distances to the asymptotic planes were taken as Hy = 8 km, Hy = 15 km and H3 = 30
km. The density jumps were Aoy = 0,2 g/cm?, Aoy = 0,1 g/cm3, Aoz = 0,1 g/cm?. The grid
steps were equal to Az = 2 km, Ay = 3 km.

The part a) of the fig. 3 shows model interfaces Si, S2, S3. The part b) shows reconstructed
interfaces by LM and the part ¢) shows CLM results. The parts d) and ¢) shows reconstructed
interfaces by LM and CLM from noised gravitational field.

The table presents the computation times for solving the gravity problem in the three-layer
medium for model interfaces with /without noise by the using LM, CLM methods for the grids
of 100 x 100 and 1000 x 1000 dimensions. The weight factors were obtained from preliminary
selected fields by formula from [7] with parameters a = 1, 8 = 1, 1. The regularization parameter
a = 1073 and the dumping factor v = 1 were taken for both methods. The termination criterion
€ was set to 0.25. In the second column of the table number of iterations for gravitational data
without noise is written, in the third column number of iterations for gravitational data with 15%
noise is shown. The relative errors 0; = ||ug —ue||/||ze|| for comparing the exact u. and numerical
solution u, for each i layer are shown (for original gravitational data). In the last columns the
solution times are shown: This the solution time on one core of Intel Xeon, 75 is the solution
time on eight cores of Intel Xeon, T3 is the solution time on NVIDIA Tesla M2050 GPU. Data in
the top substrings corresponds to 100 x 100 grid and data in the bottom substrings corresponds
to 1000 x 1000 grid.

Table
Relative errors and computation times
Method | Nyy | Nisw | 61 ) 03 T T T3
LM 30 57 0,052 | 0,026 | 0.051 | 4 min. 6 sec. | 2 min. 15 sec. | 22 sec.
11 h. 40 min. | 1 h. 25 min. 35 min.
CLM 10 19 0,051 | 0,035 | 0,060 | 33 sec. 16 sec. 2 sec.

1 h. 12 min. 10 min. 3 min.

Conclusion

On a base of Levenberg-Marquardt and componentwise Newton type algorithms
a Levenberg—Marquardt method is proposed. This method joins advantages of
Levenberg—-Marquardt scheme in solving gravity multilayer problem and simlicity in
Levenberg—Marquardt apporoach in the Gauss—Newton method. At the same time a regularized
Levenberg—Marquardt type method avoids some of the complexities associated with using classic

10 Bectauk FOYpI'Y. Cepus «BpruunciaurenpHas MmareMaTnKa 1 “”HOOPMaTAKA»
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Puc. 3. Comparison of the exact solutions with numerical with parts a) exact solutions, b)
numerical LM solutions, ¢) numerical CLM solutions, d) numerical LM solutions with noised
field, e) numerical CLM solutions with noised field
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-29.7
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-29.9
-30

-30.1
-30.2

ﬁ@

-30.3

Levenberg—-Marquardt method. At first, the inversing an ill-conditioned matrices using internal
iterative process. In the second place, matrix-to matrix multiplying entails high computational
complexity and big memory consumption. This problem may be solved by "on the fly"technique.
The results of numerical experiments show that CLM method has better convergence then
classic LM. The both methods are resistant to uniform noise. For large-scale grids, when the
data cannot be stored in the memory, "on the fly"technique is the fastest. The computations’
acceleration and efficiency on multi-core and graphic accelerators are sufficient. At small grid
sizes, the acceleration S, < n, where n is the number of processors, but when the grid size
increases it is equalized S, = n and an efficiency F,, ~ 1. This means a high resource parallelism
of algorithms.
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In the future, the question of theoretical interest of the Levenberg—Marquardt method
concerns investigating its convergence properties, the conditions on the kernel of the integral
operator in equation (1). The obtained conclusions will be useful for another applications.
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CrpykTypHass obparHasi 3ajlada TDABUMETPUM B MHOIOCJIONHON cpeje sIBJsSIeTCsl BaKHeimeil u3
reodusndeckux 3amad. lo HemaBHEro BpeMeHH 33/1a9a CBOMWIACH K PA3/IEJEHUI0 TPDABUTAIMOHHBIX MOJIEH U
BOCCTAHOBJIEHIE HEU3BECTHBIX CJIOEB IO OT/IEILHOCTH, Cefdac aKTyaJbHbI METObI, KOTOPbIE TIO3BOJISIIOT HAXOIUTh
HEU3BECTHBIE IIOBEPXHOCTH OJHOBPEeMeHHO. Jljisi pelreHusi MHTErpajibHOIO ypaBHEHHUsI Y PBICOHA II€PBOrO pOJIa,
OIKMCHIBAIONIETO JAHHYIO 33J1a4y, IPEJJIOKEHBl M HUCCJEIYIOTCS PEryJsipU30BaHHBIE METO/bl Ha OCHOBE METOJa
JleBenbGepra—MapKkBap/iTa ¢ HCIIOJIBL30BAHINEM BECOBBIX MHOXKHUTE . [Ipenmosken HOBBIM METO/T TOKOMIIOHEHTHOTO
TUna Ha OCHOBe cxeMbl JleBenGepra—Mapksapara. CpaBHUBAETCsS PEryJsPU30BAHHBIN TOKOMIIOHEHTHBI METO/T,
tuna JleBembGepra—MapkBapara ¢ kiaccmdeckuM. i kimaccumdeckoro Merozna Jlesernbepra—Mapksapara
MIPE/IJIOYKEHBI HEKOTOPBIE BBIUYUC/IUTEIbHBIE ONTUMHU3AINNA. 1UCIE€HHBIE SKCIEPUMEHTHI HA MPUMEPE MOJIETbHBIX

I'PaBUTAlIUOHHBIX JTaHHBIX II03BOJISAIOT CPAaBHUTH CKOPOCTH CXOJUMOCTHU, OTHOCHUTEJIbHbIC omubKyu u BpeEMEHa

* Crarbsi peKOMeHJI0BaHa K IIyOJUKAIMU IPOTPAMMHBIM KOMHUTETOM MexKIyHapOIHOW HaydHOW KOHMepeHIwn

«ITapastensuble BeraucinTenbable TexHosorun (ITaBT) 2017».
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BBIIIOJIHEHHST TTPOTPAMM KJIACCHIECKOTO MeTona JleBenbepra—MapkBapara u nokommnonentHoro. [lapanmenbubie
IPOTPaMMbI, PeaJU3yIOIIUe JJaHHbIE AJITOPUTMbI, pa3paboTanbl ¢ ucnoyb3osanneM Texuojoruii CUDA u OpenMP.

Karouesvie caosa: pezyaspusdavus no Turonosy, pezyaspudosarHviti memod Jlesenbepea—Mapkeapdma,
PE2YAAPUIOBAHHVIT NoKOMNOKEeHMHBLTL Memod muna Jlesenbepea—Mapkeapdma, obpamnasn 3adaua 2paguMempul,
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In this paper we study the inversion problem of MD4 cryptographic hash function developed by R. Rivest
in 1990. By MD4-k we denote a truncated variant of MD4 hash function in which k represents a number of
steps used to calculate a hash value (the full version of MD4 function corresponds to MD4-48). H. Dobbertin has
showed that MD4-32 hash function is not one-way, namely, it can be inverted for the given image of a random
input. He suggested to add special conditions to the equations that describe the computation of concrete steps
(chaining variables) of the considered hash function. These additional conditions allowed to solve the inversion
problem of MD4-32 within a reasonable time by solving corresponding system of equations. The main result of
the present paper is an automatic derivation of “Dobbertin’s conditions” using parallel SAT solving algorithms.
We also managed to solve several inversion problems of functions of the kind MD4-k (for k from 31 up to 39
inclusive). Our method significantly outperforms previously existing approaches to solving these problems.
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Introduction

Hash function is a function which maps binary words of arbitrary length into binary words
of fixed length. More precisely, a hash function is a total computable discrete function of the
kind

x : {0,1}* = {0,1},C = const. (1)

By {0,1}*,k € N we denote the set formed by all 2* different vectors of length k. By {0, 1}* we
denote the set of all binary words of an arbitrary finite length.

Hash functions are used in various areas of computer science, for example, to speed up an
access to large data sets. In cryptography and information security the range of issues that can
be solved using hash functions is especially wide. Cryptographic hash functions meet additional
requirement: corresponding functions should be hard to invert. In particular, not only the
inversion problem (i.e. the problem of finding a preimage for a given hash value) but also the
problem of finding collisions (i.e. the problem of finding an arbitrary pair of messages that give
the same hash) should be hard.

*The paper is recommended for publication by the Program Committee of the International Scientific Conference
“Parallel Computational Technologies (PCT) 2017”.
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In [1, 2] a method of finding collisions for hash functions from the MD family, widely
used at that time, was presented. Further this problem was discussed in a number of papers,
wherein various methods for constructing collisions were employed. The possibility of effective
collision search for the MD family hash functions resulted in their exclusion from wide usage
and replacement by other hash functions (mainly by the SHA family hash functions) in most
cryptographic systems. However, today even for MD4 (the weakest hash function from the MD
family) there are no successful results in solving the problem of its inversion. Moreover, there are
no algorithms that would appear to be much more computationally stronger than the method
proposed in [3]| (one of the first papers in which the problem of MD4 inversion was studied).

The main idea of the attack proposed in [3] consists in considering the truncated variants of
MD4 (with less than 48 steps of the hash value calculation) and some additional conditions to
the equations, defining the corresponding function. In some cases this approach allows to solve
the corresponding system of equations on a parallel computing system in reasonable time.

In the present paper we study the MD4 inversion problems using parallel algorithms for
solving Boolean satisfiability problem (SAT). This paper is organized as follows. In Section 1 we
present the necessary information concerning the algorithmic features of MD4 and the basic idea
of H. Dobbertin’s attack. In Section 2 we describe the foundations of the SAT-based cryptanalysis.
We also consider the reduction of the MD4 inversion problem to SAT and give a brief description
of parallel algorithms applied to the obtained SAT instances. Section 3 presents the results of
computational experiments and comparison with the results obtained in previous works.

1. Structure of MD4 and Basic Idea of Dobbertin’s Attack

The cryptographic hash function MD4 [4] was developed by R. Rivest in 1990. This function
is one of the first examples of practical implementation of the Merkle-Damgard construction [5, 6].
The basic paradigm of the Merkle-Damgrad construction consists in the fact that a hash value
is a result of a sequence of similar actions, which is written into a special register. Further this

register is called a hash register. At the initial step the hash register is filled with some known
value (Initial Value, IV). In case of MD4

1V = {0x67452310, OxEFCDAB89, 0x98BADCFE, 0x10325476}. (2)

At the next steps the hash register states are modified by mixing the current state with parts of
the input message (which should be hashed). Like many other hash functions, MD4 works with
input message divided into blocks with 512 bits in each. The value of MD4 is a binary 128-bit
word. Basic primitives of MD4 are 32-bit words (as in many hash functions which were developed
later): 512-bit block is divided into 16 32-bit words, 128-bit hash is divided into 4 32-bit words.

At the initial stage MD4 algorithm uses a special padding procedure. After that MD4
compression function faspy4 is applied to the obtained 512-bit block. The result of fy;py4 is 128-bit
hash of the considered block. Hereinafter we don’t take padding procedure into account. Thus,
we consider only the inversion problem of fj;p4. The process of calculation of this function is an
iterative procedure which is divided into 48 steps. On each step the value of one hash register
cell (filled with 32-bit word) is updated. Identifiers of these cells are called chaining variables.
So each chaining variable takes values from {0, 1}32. We denote the chaining variables by letters
a,b,c,d. The process of hash calculation is divided into 3 rounds, each of them consists of 16
steps. In each round a certain round function is used, which operates with 32-bit variables. The
calculation scheme of fy;p4 is shown in Fig.
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Fig. The calculation scheme of fy;p4

Let us briefly comment on Fig. By M = mj|...|m1s we denote the 512-bit input block.
By ®! — ®3 the round transformations are denoted. For example, for the first 4 steps the
corresponding transformations of chaining variables are as follows:

a1 = (ao + @' (bo, co, do) +m1 + t1) < s,
dy = (do + ¢*(ar, by, co) +ma + 1) < 55,
c1 = (co+ ¢'(d1, a1, b0) + mg + 1) <K s,
b1 = (bo + ¢'(c1,d1, a1) + My + 1) <K 53

(3)

In these formulas “+” stands for mod 232 summation of the corresponding numbers, “<< s”
stands for the cyclic shift of a 32-bit word to s positions to the left. Constants ¢; and Si,b,c,cbi €
{1,2,3} (here i is the round number) are known from the specification of the algorithm (for
example, t; = 0, t, = 0x5A827999, t5 = Ox6EDIEBA1).

In each round with number i,7 € {1,2,3} all chaining variable are updated 4 times by
applying the round function ¢’. The MD4 round functions are as follows:

XY, Z)=(XAY)V (=X A Z),
(XY, 2)=(XAY)V(XAZ)V(Y AZ), (4)
PXY, ) =XaY®Z

Arguments of these functions are 32-bit words. All logical operations are performed
component-wise over the corresponding vectors. The summation of the IV vector and the value
of hash register at the end of the third round presented in Fig. is called a finalization stage.

By MD4-k we denote the hash function which corresponds to the execution of k-steps of
MD4 algorithm applied to IV with finalization stage performed after these steps. For example,
MD4-48 corresponds to the full-round version of MD4 hash function. An arbitrary function of
the kind MD4-k, k € {1,...,48} is called the truncated version of MDA4.

In [3] an algorithm aimed at inversion of MD4-32 using an ordinary PC was proposed. As a
result, it was shown that 2-round version of MD4 hash function is not one-way. The basic idea
of the attack is as follows. By analyzing the first two round functions it can be concluded that
assignment of some chaining variables with some constant leads to finding the majority of words
from the set {m1,...,myg} in a short time.

In particular, H. Dobbertin suggested to fix chaining variables values with some constant K
at the steps with numbers 13, 17, 21, 25, 14, 18, 22, 26, 15, 19, 23, 27. Then the value of the
chaining variable b at the 28-th step is varied. It should be noted that in this attack the value
of variable b is recalculated at the 28-th step, but it isn’t changed for the other 3 steps. Thus,
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if some value of b is determined, then the same value of this variable is also determined for the
steps 29, 30, 31. The fixation of K and b at the steps mentioned above gives us an opportunity to
derive the values of variables m1,mo, ..., m12 and mig of the input message. Their usage makes
it possible to derive the values of several more chaining variables and, finally, the value of b at
the 28-th step. The latter value can differ from the one fixed previously. In this case the attempt
is considered to be unsuccessful and the sequence of actions described above is repeated for new
b (in this case constant K may remain unchanged).

H. Dobbertin mentioned that in order to achieve successful results in the described attack

232 attempts of selection of the value of b on the 28-th step. So the

one needs to make about
proper implementation of the presented algorithm can make it possible to achieve the successful

result even on a weak PC.

2. Reduction of the MD4-k Inversion Problems to SAT and
the SAT Version of Dobbertin’s Attack

In this section we describe some new techniques for SAT-based cryptanalysis and apply them
to the inversion problems of MD4 hash function.

SAT-based cryptanalysis is a relatively new direction in cryptanalysis implying the usage
of algorithms for solving Boolean satisfiability problem (SAT) for the inversion of cryptographic
functions. Let us remind that for SAT it is necessary for an arbitrary Boolean formula F' to
decide whether it is satisfiable or not, i.e. if there exists an assignment of Boolean variables from
this formula that makes it TRUE. Using Tseitin transformations [7] the Boolean satisfiability
problem for F' can be reduced to SAT in the Conjunctive Normal Form (CNF) in polynomial
time on the size of F' description. Hereinafter by SAT we mean the problem of satisfiability of
an arbitrary CNF.

According to the Cook theorem, a wide class of combinatorial problems can be effectively
reduced to SAT, including the inversion problems of cryptographic functions: for a given image
from a range of values of considered function to find a preimage from its domain (assuming
that function is defined by known algorithm). Today there is a number of automatic translation
systems designed for effectively construction of SAT encodings for inversion of cryptographic
functions [8-11]. In all our computational experiments we use the Transalg system [11].

Once a SAT encoding for the inversion problem of the considered cryptographic function is
built, the corresponding SAT instance is ready to be solved. A variety of algorithms can be used
for this purpose. However, according to numerous computational experiments, CDCL-based SAT
solvers [12] are better suited for inversion of cryptographic functions. The survey of algorithms
and technologies underlying modern CDCL-solvers can be found in [13].

It should be noted that cryptanalysis problems in the form of SAT are usually extremely hard
even for the best-known SAT-solvers (except for the inversion problems of some weak functions,
e.g. the Geffe generator). Thus, for functions with serious cryptographic resistance additional
considerations should be used (these considerations may arise from the algorithmic features of
these functions). As usual, it is hard to avoid using parallel computations for the real attacks.
Below we provide a brief description of the parallel SAT technologies, which we applied to the
inversion problems of MD4-k hash functions.

Today there are two main approaches to the parallel solving of SAT instances: the
portfolio approach and the partitioning approach [14]|. Portfolio approach can be considered
as a multi-threaded parallelism, while partitioning-approach is the large-block data parallelism.
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According to the portfolio approach, multiple copies of a SAT solver are used and, roughly
speaking, each of these copies goes through the common search space in different directions
sharing accumulated information. In the partitioning approach a search space is divided into
disjoint subdomains which are processed separately. Thus, the partitioning approach is better
suited to solve hard SAT instances in distributed computing systems, while the portfolio approach
shows the best results in multithreaded systems.

As already mentioned, apart from parallelism, it is often possible to accelerate the inversion
of cryptographic functions by taking into account various features of these functions. For example,
in order to achieve results in solving the SAT instances for finding collisions from MD family hash
functions it is nessesary to add special conditions called differential paths on chaining variables
to the corresponding SAT-encodings. The first successful attack of this kind has been shown
in [15], where the authors have added to the SAT encodings conditions specifying the differential
paths described in [1, 2.

A similar situation occurs with respect to the inversion problems of MD4-k functions.
Dobbertin’s conditions described above represent additional constraints which significantly
reduce the search space. The following questions are: how successful these additional constraints
are, and are there more effective ones? The answers to these questions are discussed in the
present paper.

Before proceeding to the submussion of our results, let us note that SAT solvers can be
considered as a means of “intellectual search”. Consequently, the use of a SAT solver must be
aimed primarily at the automation of a large number of similar operations. The technique of
information preservation and non-chronological backtracking used in CDCL-solvers can provide
essential reduction of the amount of calculation in comparison with the exhaustive search. Similar
arguments were given in [15], where the authors emphasize that they have used the SAT approach
primarily in order to automate the message modification phase forming the main part of the
attack described in [1, 2.

In the Dobbertin’s attack the search through all possible values of variable b corresponding
to the 28-th step of the hash function is performed, wherein the value of K may be fixed for
different values of b. In the attack proposed below we use the value K = 0 (as in [16]) and
consider the inversion problem of 1?8 hash, i.e. assuming that the hash value consists of 128
ones.

The main difference between our attack and Dobbertin’s attack consists in the fact that we
search through all possible variants of assignment of chaining variables with constant K = 0 using
a parallel SAT solver. We do not use assignment of the variable b on the 28-th step assuming that
SAT solver automatically adjusts the values of the unknown variables for a particular combination
of chaining variables assigned with constant K = 0.

For the purpose of the automatic search through different combinations of chaining variables
we use additional variables called switching variables. Let us describe the corresponding
technique. By C* = C(fyrpa—r(M) = 1128) we denote CNF encoding of the inversion problem of
Ffrrpa—r function in point 128, As in Dobbertin’s attack first we consider the inversion problem
of farpa—_szo function. In fact we need a procedure that will allow to quickly add to the C* various
combinations of chaining variables on the steps with numbers from 1 to 32 assigned with constant
K = 0. By 27 we denote a 32-bit chaining variable of j-step. For 27 there are 32 corresponding

Boolean variables y{, . ,yéQ. Let us consider the elementary conjunction:

RI =yl Ao Ay (5)
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Obviously, R is equal to 1 if and only if variable 27 is assigned with constant K = 0. For
each j € {1,...,32} let us consider a new Boolean variable s/, which we associate with R’/ by
the following formula:

F/ = (=87 Vo) Ao A (287 V dy). (6)

Obviously, the substitution of s/ = 1 into FV gives a formula which is logically equivalent to R7.
The substitution of s/ = 0 into F7 gives a constant of 1. We shall consider the following CNF:

C=C*ANF'A---ANF32 (7)

According to the mentioned above, the substitution of any assignment s € {0, 1}3? of switching
variables:

s =al ol €{0,1},5 € {1,...,32}, (8)

in C gives the inversion problem of MD4-32 function in point 1'2® with additional assignment
with constant K = 0 of chaining variable 27 for which corresponding o’ takes value 1. Let us
note that such assignment can be considered in application to the problem of the satisfiability
of C as an assumption and it is possible to apply incremental SAT technique [17] which allows

to store and use the information obtained during processing of various assumptions.

3. Computational Experiments

In our experiments we used two SAT solvers. The first one is our parallel SAT solver
PDSAT [18], which is based on the partitioning approach. This solver was designed especially for
solving SAT instances that encode inversion problems of cryptographic functions. PDSAT is an
MPI-program, in which there is one leader process, all the other are computing processes (each
process corresponds to 1 CPU core). PDSAT works in two modes. In the estimation mode it
searches for a decomposition set with good time estimations. A decomposition set is in fact a set
of Boolean variables, for which all their possible assignments are generated. As a result, a family
of SAT instances, where each of instances is simpler than the original problem, was obtained. In
this mode we use the Monte Carlo approach and various optimization metaheuristics (simulated
annealing, tabu search, etc.). In the solving mode PDSAT solves all SAT instances from a family
obtained from a given decomposition set. CRYPTOMINISAT [10] is the second SAT solver which
was used in our experiments. It is not designed for launching on an MPI cluster, so we launched
it on a PC as a sequential program.

At the first stage we considered the MD4-31 inversion problem in point 1'%, We launched
PDSAT in the solving mode on the decomposition set which consisted of 27 switching variables
(see the previous section). Time limit of 0.01 second for each subproblem was used. PDSAT
was launched on 5 nodes of the “Academician V.M. Matrosov” computing cluster of Irkutsk
supercomputing center SB RAS!'. Each node of this cluster consists of 2 16-core CPUs AMD
Opteron 6276, so 160 CPU cores were used in total. All 227 SAT instances were solved in 10
minutes 21 seconds, the processing of 4.88 % SAT instances was interrupted by time limit. As a
result, 6 satisfying assignments (6 solutions of the considered inversion problem) were found. It
should be noted that one of the assignments of switching variables with constant K = 0 was in
fact the Dobbertin’s conditions. Thus, we found these conditions in automatic mode.

At the second stage we considered the MD4-39 inversion problem, taking into account results
from [16], where the authors involved 11 of the 12 Dobbertin’s conditions. We constructed 3

"http://www.hpc.icc.ru
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CNFs, in which we fixed the values of 11 switching variables corresponding to aforementioned
11 conditions, and assigned a different number of variables encoding the chaining variable
corresponding to the omitted Dobbertin’s condition. The value of this chaining variable was
taken from one of the satisfying assignments of MD4-31 inversion problem. In the first CNF the
first 8 bits of this chaining variable were assigned. In the second and third CNFs the first 16 and
32 bits of this chaining variable were assigned (respectively).

We launched CRYPTOMINISAT on a PC equipped with the i5-2410M CPU (1 core was used).
The best result was obtained on the first CNF — a satisfying assignment was found in 15 minutes.
We also employed PDSAT in the solving mode. The best result was obtained on the second CNF
— the corresponding problem was solved in 5 seconds on 5 computing nodes (160 CPU cores in
total). Thus, if we recalculate this time on the case of a sequential launch, we obtain the time
of about 13 minutes. It should be noted, that in [16] this inversion problem was solved in about
8 hours on 1 CPU core. So our approach allowed to solve this problem much faster. In Tab. we
show 4 input messages M found in our experiments by PDSAT and CRYPTOMINISAT. All these

messages correspond to the hash value 1128,

Table

Messages for the MD4-39 inversion problem in point 1128

No. | Message

1 0xc7c08b1c,0xab7d8667,0xa57d8667,0x07el4fec,
0xab7d8667,0xab7d8667,0xa57d8667,0xa8ceat98,
0xab7d8667,0xab7d8667,0xab7d8667,0x28e987ac,
0x4665¢53,0x8¢49173f,0xabc74a06,0x0cd9d 788

2 0x40b2a2ff,0xa57d8667,0xa57d8667,0x2b010cef,
0xab7d8667,0xab7d8667,0xab7d8667,0xccfef2c3,
0xab7d8667,0xab7d8667,0xa57d8667,0xf041ded3,
0x5443c70c,0xaadd4c2b,0xe587e70e,0xeb5bad 382
3 0x40b26b1f,0xa57d8667,0xab57d8667,0xa87153ec,
0xab7d8667,0xab7d8667,0xab7d8667,0xbaee84bb,
0xab7d8667,0xab7d8667,0xab7d8667,0x6a228d63,
0x5960f23b,0x1915d72b,0xf2d3b064,0x7d85d6db
4 Oxec3a2319,0xab7d8667,0xa57d8667,0xf87{9cee,
0xab7d8667,0xab7d8667,0xa57d8667,0x80a0aeb0,
0xab7d8667,0xa57d8667,0xa57d8667,0x51¢2¢922,
0x964933fa,0x0545¢48¢,0x98968391,0x783c0174

4. Related Work

As we mentioned above, the first successful example of the SAT approach application to the
inversion of relevant cryptographic functions was presented in [15]. In that paper a SAT-based
variant of attack by X. Wang et al. [1, 2] was suggested. The method used in [15] allows to find
one-block collisions for MD4 relatively fast. To find two-block collisions for MD5 much more
computational resources must be used. We significantly increased the efficiency of the approach
proposed in [15]: the application of SAT encodings constructed by the Transalg system [11]
allowed us to generate one-block collisions for MD4 approximately 1000 times faster. By applying
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modern multithreaded SAT solvers we managed to find two-block collisions for MD5 in reasonable
time using one computing cluster node. As a result, a family of such collisions of special kind
(with a large amount of most significant bits) was constructed [19].

The first SAT-based version of Dobbertin’s attack was proposed in [16]. The corresponding
chaining variables were assigned with constant K = 0. It should be noted that in that paper the
Dobbertin’s conditions were used in their original form — with no attempts to justify or derive
them. Also in [16] one Dobbertin’s condition was thrown out without any justification too.

In [16] it took about 8 hours on the MINISAT solver to invert MD4-39 with the Dobbertin’s
conditions for chaining variables of the first two rounds. Thus, we can conclude that the
effectiveness of the method we suggested is significantly higher than the one proposed in [16].

Conclusions and Future Work

In this paper, we managed to automatically synthesize conditions from Dobbertin’s attack
using parallel SAT solving algorithms. We also studied the inversion problem of the MD4-39 hash
function. By applying parallel SAT algorithms this problem was solved faster than it was done
in previous works. In the nearest future we plan to apply parallel SAT algorithms to inversion
problems of some other hash functions (from the MD and SHA hash families).

This research was funded by Russian Science Foundation (project No. 16-11-10046). Oleg
Zaikin and Ilya Otpuschennikov are partially funded by Council for Grants of the President of
the Russian Federation (stipends SP-1184.2015.5 and SP-4751.2016.5 respectively).
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ITONCK IIPOOBPA3OB XEHNI-OYHKIINUN MD4
KAK ITPOBJIEMA ITAPAJIJIEJIBHOI'O JIOTNTYECKOI'O
KPUIITOAHAJIN3A
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B crarbe wucciaenyercs 3ajsada obpareHus Kpurrorpadpudeckoit xem-gyukmnuu MD4, paspaboranuoit P.
Pusectom B 1990 romy. Yepes MD4-k o6o3HauaeTcst BapuaHT JaHHON (DYHKINH, B KOTOPOi mapamerp k o6o3HauaeT
KOJIMYECTBO IIATOB HMCIIOJIb3YEeMbIX JJIsl BBIYUCIIEHNsT Xenl-3Hadennst (npu k=48 umeeM NOJHODayHJIOBYIO BEPCHIO
MD4). B paborax I'. To66epruna 66110 mokasano, uro xem-dyuknus MD4-32 He saBaseTcs 0JHOCTOPOHHENH, T.€.
JI7Isl Hee MOXKeT OBITh perrreHa 3aja4da obparrerus. C 9TOi MeIbio K ypaBHEHUSIM, OIMUCHIBAIOITUM KOHKPETHBIE ITarn
aJITOPUTMAa BBIUKC/IEHUST JAHHOU (DYyHKIMY, ObLITH T0O6ABIEHBI JOMOJTHUTE/bHbBIE YCIOBUS Ha 3HAYEHMST HEKOTOPBIX
nepeMeHHbIX crenienus (chaining variables). DTu monosHUTEIbHBIE YCIOBUS O3BOIMIIN 33 IPHEMJIEMOE BPEMSI
pemmuTh 3amady obpamenust xemr-dyukinun MD4-32 myTem pemreHusi COOOTBETCTBYIOIIEH CHCTEMBI yDaBHEHUI.
OCHOBHBIM PE3YIBTATOM IPEJCTABISIEMOM CTATHHU SIBJISIETCST aBTOMATUIECKUN BBIBOJT YCJIOBHIA MOJOOHBIX YCIOBUSIM
Io66epruna (“Dobbertin’s conditions”) nmpu momomyu napaJsule/IbHBIX aJlOPUTMOB DelIeHHusl IpobieMbl OysieBoit
somosiauMoctu  (SAT). Tak:ke € HCIOJB30BAHUEM JAHHBIX AJTOPUTMOB ObLIN DEIIEHBI HEKOTODBIE 3aJa9u
obparmenus dyaknun MD4-k ast 3madenwnit mapamerpa k or 31 go 39 BritountenbHOo. CTOUT OTMETUTH, UTO
IIPEIJIOXKEHHBIII METOJ, CYIIECTBEHHO IIPEBOCXOTUT II0 3(PDEKTUBHOCTH ONKCAHHBIE DaHee IIOAXONbI K PEIIEHUIO
JAHHON TTPOBJIEMBI.

Karoweswie cnosa: kpunmoahansud, zew-Pynkyuu, 3adava obpawenus, MDJ, SAT, napaasesvrvie
sviuucaenus, MPI
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I'my6okme HeipoHHBIE CEeTHM B HACTOSIIEE BPEMsI CTAHOBATCS OJHHM W3 CAMBIX IOILYJISPHBIX IIOAXOJOB K
CO3JIaHUIO CUCTEM MCKYCCTBEHHOI'O NHTEJIJIEKTA, TAKNX KaK PACIIO3HABAHUE Pevl, 0OpabOTKa €CTECTBEHHOIO sI3bIKA,
KOMIIBIOTEPHOE 3pEHre U T.1I. B craTbe npencTaBieH 0630p NCTOPUHU PA3BUTHS U COBPEMEHHOTO COCTOSHIS METO/IOB
obyueHn0 TUIyOOKMX HEMpOHHBIX cereil. PaccmarpuBaeTcss MOIeb MCKYCCTBEHHONW HEHPOHHOW CETH, aJlOPUTMBbI
0oOy4JeHnsI HEHPOHHBIX CeTeil, B TOM YHCJIE aJIOPUTM OOPATHOIO PACIPOCTPAHEHUs ONIMOKM, IPUMEHSEMBI I
obydenus: TiybOKMX HEHPOHHBIX cereil. OuMCbIBaeTCsl pa3BUTHE apXUTEKTYD HEHPOHHBIX CeTell: HEOKOIHUTPOH,
aBTOKOJIMPOBIIIUKN, CBEPTOYHBIE HEHPOHHBIE CETH, OIPAHWYEHHAsT MaIlnHa BosbiiMana, TiIyOOKMe CeTH JTOBEpHUs,
CEeTH HOJIrO-KPaTKOCPOIHOM AMATH, yIIPABJIsieMble PEKYPPEHTHBIE HEHPOHHBIE CETU U CETH OCTATOYHOTO 00y IeHNsI.
Iitybokue HeipoHHBIE ceTH C OOJBIINM KOJHUYIECTBOM CKPBITBIX CJIOEB TPYJAHO 0O0ydYaTh W3-3a IIPOOJIEMBbI
HMCYe3aI0Iero IpaineHTa. B craTrbe pacCMaTPUBAIOTCA METOBbI PEIIeHUs TON MPOOJEMBbI, KOTOPBIE MTO3BOJISIOT
yCIeIHo oby4JaTh IyboKIe HefipOHHBIEe ceTh ¢ bosiee yeM cTa cyiosiMu. [IpuBogurcst 0630p monyssspHbIX OnbIMOTEK
rIyOOKOro oOydeHUsI HEHPOHHBIX CeTell, KOTOpbIE Cesajid BO3MOXKHBIM IIIHPOKOE INPAKTHYECKOe IPHUMEHEHUe
JAHHON TexHOJOTMH. B HacTosiiiee BpeMs I 3a7@a9 KOMIBIOTEPHOTO 3PEHHS HCIOIB3YIOTCSI CBEPTOYHBIE
HEHPOHHBIE CETH, & JIJIsi 0OPabOTKU IIOC/IEIOBATEILHOCTE, B TOM YHCJIE €CTECTBEHHOIO A3bIKA, — PEKYyPPEHTHLIE
HeipOHHBbIE CeTH, IIPeXKJe BCEro CeTH JI0JINO-KPaTKOCPOYHON IaMATH U yIpaBjideMble PeKypPpPEeHTHbIe HelipOHHBIE
CeTH.

Karoueswie caosa: 2./Ly607€0€ 06yue7—zue, H@ﬂpOHH’bLG cemu, MaWUHHOE O6y’%€HU€.
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BBenenue

F.Hy6OKI/Ie HeﬁpOHHbIe CeTU B HacCTodIee BpeMsd CTaHOBATCA OJHUM M3 CaMbIX ITOIIYJIAPHBIX
METOJIOB MalmuHHOro obydenns. OHU IOKa3bLIBAIOT JIYYINNE pE3YJIbTAThl II0 CPaBHEHHUIO C
aJIbTEPHATUBHLIMU METOJaMU B TaKuUX o00JacTdX, KaK paclo3HaBaHue pedu, o0paboTKa
€CTeCTBEHHOTO sI3bIKa, KOMIbIOTepHOe 3penue [1], memunuuckas nndopmaruka [2] u ap. Oxna
U3 [MPUYUH YCIENTHOrO IPUMEHEHUsT INyDOKNX HEMPOHHBIX CeTeil 3aK/II0YaeTCs B TOM, 9TO CETh
aBTOMATUYECKH BBIIEJISIET U3 JAHHBIX BayKHbIE IPU3HAKM, HEOOXOMMMBIE JIJIs pelleHus 3a1aquu. B
AJIbTEPHATUBHBIX AJIPOPUTMAaX MAIIMHHOTO O0yUeHMs MPU3HAKU JOJIXKHBI BBLAEISITHCS JIIOIbLMI,
CYIIECTBYET CIENUAJIM3NPOBAHHOE HAIPABJIECHUE WCCIAEIOBAHUI — UHMCEHEPUA NPUSHAKOS
(feature engineering). Ognako mpu 00pabOTKe GOIBIINX OOBEMOB JIAHHBIX HEHPOHHASI CETh
CIPABJISIETCS C BBIIEJIEHNEM [IPU3HAKOB TOPA3/I0 JIYUIIe, YeM YeIOBEK.

B crarpe mpejcraBiieH HCTOPUYECKUIT 0030p PasBUTHUSI apXUTEKTYP I[NIYOOKHX HEHPOHHBIX

ceTefl W TOAXOMOB K UX OOydYeHHWIO. 3ajada COCTABJIEHHUSI Takoro 0030pa CyIecTBEHHO
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3aTpyAHEHA TeM, YTO BapUAHTOB IVIyOOKHX HEMPOHHBIX CETEHl OBLIO IPEIJIOXKEHO OYeHb MHOI'O
U TEePMUHOJIOTUSI MEHsJIach cO BpemeHeM |[3|. Mojesib MCKyCCTBEHHBIX HEpOHHBIX ceTeii Oblia
npejyioxkena B 1943 romuy [4], a cam tepmun eaybokoe obyuenue (deep learning) cras mmpoko
HCIIOJTB30BAaThCsl TOJIbKO HaunHast ¢ 2006 roga [5, 6]. Lo 9TOro npuMeHsiincs TEPMUHBL 34.2DY3KG
eaybokux cemeti (loading deep networks) [7, 8] u ob6yuenue eayboxoti namamu (learning deep
memories) [9)].

Poct monysisipHocTH TyIyOOKMX HEMPOHHBIX CeTell, MPOUCXOAAIMNI B MMOCTAEIHNE HECKOJIHKO
JIET, MOYKHO OOBbSICHUTH TpeMs (paxkTopamu. Bo-1epBbIx, MPOU30ILIO CYIIECTBEHHOE YBeIUIeHIe
[IPOU3BOJUTEILHOCTU KOMIIBIOTEPOB, B TOM 4ucisie yckopureseil seraucsennii GPU (Graphics
Processing Unit), aro nozsosmmio o6ydars riyboKne HefipOHHBIE CETH CETH 3HAYUTEIBHO ObICTpee
u ¢ 6oJiee BbICOKOI ToUHOCTBIO [10]. Panee nmeromuxcst BBIMUCINTEILHBIX MOIITHOCTE He XBATAIO0
I 00y“IeHUsT CKOJIbKO-HUOYIb CJIOXKHOHM CeTH, MPUTOTHON JJIs PEIIeHUs MPAKTUICCKAX 3aJad.
Bo-BTOphiX, OBLT HAKOILIEH OOJBINON OObeM JaHHBIX, KOTOPBIA HEOOXOIUM s O0ydeHus
ryOOKMX HEHpPOHHBIX ceTeil. B-Tperhbux, paspaboTaHbl MeTOJ/Ibl ODyUeHUsI HEPOHHBIX CeTeil,
[O3BOJISIONIE OBICTPO M KAYECTBEHHO OOydYaTh CETH, COCTOsiue u3 cra u Oosee cioes [11],
9TO paHbIlle ObLIO HEBO3ZMOXKHO M3-3a IPOOJIEMBI MCYE3alONero IpalueHTa U IIepeodydeHwus.
Coueranne Tpex (aKTOPOB IPHUBEJO K CYIIECTBEHHOMY IIPOIpeccy B OOyYeHUH IIyOOKHX
HEHPOHHBIX CeTell U MX MPAKTUIECKOM HCIIOJIB30BAHUU, UTO IO3BOJIUJIO I'IyOOKHM HEHPOHHBIM
CeTsIM 3aHSATH JUIUPYIONLYIO ITO3UIIAI0 CPEIM METOIOB MAINHHOIO 00y IeHU.

CraTbsgd opranm3oBaHa cjeaylommM obpaszomM. B paszmeme 1 paccMoTpeHa MOIETD
HMCKYCCTBEHHBIX HEHPOHHBIX ceTeil. Pazsmen 2 mocssimen MerojaMm oOydeHusi HEHPOHHBIX ceTeil.
B pazmesne 3 mpuBenen nucropudeckuii 0630p pa3BUTHs apXUTEKTYP TVIYOOKMX HEHPOHHBIX ceTeil.
B pazmeisie 4 paccMaTpuBarOTCs MOIMYJISIPHbIE TPOTPAMMHBIE CHCTEMBI It 00yueHusT TIyOOKux
HeﬁpOHHbIX ceTeii. B SaKJIIOYEHUN IIOABOJATCA UTOI'M WM OIIMCBIBAIOTCA IIEPCIIEKTUBLI PA3BUTUA

apXUTEKTYP U METOJIOB 00y4YeHus IJyOOKUX HEHPOHHBIX CeTell.

1. HckyccTBeHHbIE HEIPOHHBIE CETU

Mogenb uckyccrBeHHOro HeiipoHa Oblia npesyiozkeHa Yoppenom MakKamiokom (Warren
McCulloch) n Yoarepom ITurrcom (Walter Pitts) B 1943 roay B padore [4]. B kadecrBe ocHOBBI
JJIsI CBOEl MOJEJIN aBTOPBI HCIIOJb30BaIN OMOJOrmIecKuil HeiipoH. VckyccTBeHHBIN HeipoH
MaxkKastoka—IIurTca umeer N BXOTHBIX OMHAPHBIX BEJIUIHUH X1, ..., Ty, KOTOPbIE TPAKTYIOTCS
KaK MMITYJIbChI, OCTyHaomume Ha 6200 netpony (puc. 1). B Heiipore MMIyIbChbI CKIIAIBIBAIOTCS

C 8ECAMU W1, ..., Wy

Puc. 1. Mouens nckyccrsennoro Heiipona MakKasioka—IIutTca
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BoixoiHoit curnast Heitpona onpejessiercs o (opmyJie:

N
a= (Y wi), (1)
=1

rjae HenauHeiiHast GyHKms ¢ (Pynkyus axmueayuu) mpeodpasyer CyMMAapHbBI HMIYJIbC B
BBIXOJIHOE 3HadeHue Helipona. B monenn MakKannoka—IInTrca mig 9Toi nem ucrnob30Baiach
dyukius Xepucaiiga. B gasnpmeiineM ObLIO IPeIOYKEHO UCIIOAb30BATL APYTHAe THILI (hyHKINIi
AKTUBAINA: JIOTHCTUIECKYI0 curMonnanpiyio (f(x) = ﬁ) [12], runepGosnueckuit TaHreHe
(tanh(zx) = ﬁ —1) [13] u paguanbao-6asucHyto dyukuuio [14]. Takue dyHnkunm akTuBaumn
obecrieunBaJin H60JIee MJIABHOE U3MEHEHME BBIXOJHOIO CUIHAJIA HEHPOHA.

MakKammok n IlurTe mnpeamokmiam Tak:Ke MeTOI OObeIWHEHHUsl OTIEJIbHBIX HEHPOHOB B
UCKyccmeentvie Hetiportvie cemu. st 3Toro BBIXOHBIE CUTHAJIBI HEPOHA, MTEPEAI0TCsT Ha, BXO/T
creytomeMy Helipony (puc. 2). HefipoHHasi ceTb COCTOUT M3 HECKOJBKUX CA0€6, HA KarKJIOM
U3 KOTOPBIX MOYKET HaXOJUTbCsI HECKOJLKO HefipoHos. Ciofi, KOTOPBI NPUHUMAET CUTHAJBI U3
BHEITHEI'O0 MUpa, HA3LIBAETCA 6L00HbLM. CIi0, KOTOPBIA BBIJAET CUIHAJBI BO BHEINHUN MUpP, —

evixo0nvim. OcTajbuble CJIOU Ha3LIBAIOTCS CKPBLIMBIMU.

Brixognoit

Bxonnsle CHATHaJl

CHUTI'HaJIbI

Bxonnoit  CkpbiTblii  BreixogHoit
cioi cioin cion

Puc. 2. UckyccTBeHHasT HEPOHHAS CETh

NckyccrBennble HEMPOHHBIE CETU JEIATCA HA CEMU MPAMO20 PACNPOCNPAHEHUA CULHAAG
(feedforward networks), B KOTOpPBIX HET IUKJIOB, U pekyppenmmuvie cemu (recurrent networks), B
KOTOPBIX ITUKJbI Pa3pEIIeHbI.

OIHO3HAYHOTO OIPEJIE/IEHUsI, UTO TaKOe 2AYO0KaA HelUpoHHas cems, He cylmecTByer. B
JIAHHOI cTaTbe 1oJ IJIyOOKO# HEWpPOHHOW ceThbio OyJieT MOHUMATBHCS Takasi HEHpPOHHAs CeTh,
KOTOpast COJIEPKUT HOJIee OJTHOTO CKPBITOTO CJIOS.

UckyccrBenHble HEHPOHHBIE CETH, 3a/JAHHBIE TAKUM 00Pa30M, CIIOCOOHBI TPUOJIU3UTE JIFOOY IO
HEIpPepbIBHYIO QYHKIMIO ¢ JI060i Tpebyemoii TounocTrio [15-18]. OnnHako B HacTOsiIee BpeMsi
HE CyIIEeCTBYeT KOHCTPYKTHBHOI'O TOJXO0/1a, KOTOPbI ObI MO3BOJIsiJI TADAHTUPOBAHHO CO3/IaBaTh
HEHPOHHBIE CETH C 3apaHee 33/ IAHHBIMU CBOMCTBAMU. DTO SIBJISETCS CYIIECTBEHHBIM HEJIOCTATKOM,

OrPAHMYUBAIOININM ITPUMEHEHNE HEUPOHHBIX CEeTEl.
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2. OOyveHme HelipOHHBIX ceTeit

Obyuerue HEWPOHHOW CETHM — 3TO IIPOIECC OIPEJIEJEHUs] BECOB COECIUHEHUN MEXKILY
HepOHAMH TaKUM O0pa3oM, dTOObI CeTh NpHOIMXKajaa HeoOXomauMmyio (MYHKIAIO C 3aIaHHOM
rounocThio. CylnecrByer Tpu HOAXoja K 0OydeHHIO HefpoHHBIX cereii [3]:  obyuenue c
yuwumenem (supervised learning), obyuenue 6e3 yuumens (unsupervised learning) u obyuerue
¢ nodkpenaernuem (reinforcement learning). Ilpu oGyuennu ¢ yuuresem Ha BXOJ| CETU MOJAIOTCS
HabOPbI BXOJHBIX CUTHAJIOB (005€Kmo8), Juisi KOTOPBIX 3apaHee M3BECTEH NPAaBHJILHBIH OTBET
(obyuarowee mmoorcecmeso). Beca MeHSIIOTCsI O OIPEJICJIEHHBIM IIPABHJIAM B 3aBUCHMOCTU OT
TOrO, NUPABUWJIBHBIN JIM BBIXOMHOW CHUTHAJ Bblgaja ceThb. [lpum obydenunm 6e3 yuuresns Ha
BXOJ CETU IIOJAIOTCS OOBEKTHI, Jjis KOTOPBIX ITPABUJILHBLIN BBIXOJHOW CHIHAJI 3apaHee HE
uzBecTteH. OOyueHHe ¢ TOJAKPEIJICHHEM IMpeJIojiaraeT HaJudue BHEITHel Cpesbl, ¢ KOTOPOii
B3auMoieiicTByeT cerb. OOyUueHne MPOUCXOIUT Ha OCHOBAHUU CUTHAJIOB, MOJIYYEHHBIX OT STOM
CPEeJIbL.

Heiiponnbie ceru MakKammoka—Ilurrca He obyuanuck. Beca jjis Bcex BXOI0B HEPOHOB
JIOJIZKHBI ObLTN OBITH 3aJIaHBbI 3apaHee.

Buepsbie e obydenuss HeifipoHubix cereii npemaoxui Jonanasn X966 (Donald Hebb) B
1949 roxy [19]. Cormacno X366y, cBsi3u HEHPOHOB, KOTOPBIE AKTHBUPYIOTCS BMECTE, JOJIZKHBI
YCUJIMBATHCS, a CBSA3U HEHPOHOB, KOTOPbIE CPabATHIBAIOT OTJEJBHO JPYD OT JPYyTa, JOJXKHBI
ocnabeBaTh. X300 MpeIOXKWI IPaBUIa W3MEHEHUs Beca BXOMHBIX CHTHAJOB HEHPOHOB B
COOTBETCTBUU C TeM, [IPABUJIBHBIN OTBET BblJaBaja cerb, win Her [19] (oOyuenue ¢ yuuresem).
A.B. HoBukoB j0oKa3aJl CXOIUMOCTBH IIPEJJIOKEHHOTO MeTOJa OOYYeHUsl HelpoHa Ha OCHOBE
npasui X366a [20], npu ycsioBum, 9To BHIGOPKA OO'BEKTOB JIMHEHHO pasjesmma. BrocsenacTsun
ObLIO [IPE/JIOKEHO HECKOJIBbKO aHAJOIMYHBIX IIPABUJI KakK Jyis oOydeHueM ¢ yuuresem [21-23],
Tak u 6e3 yuuresns [24-28|.

B 1970 rogy A.I. UaxHeHKO pazpaboTaj memod 2pynnosozo yuema apeymenmos (group
method of data handling) [29, 30|, no3BossifoMii He TOJIBKO BBIUUC/ISATH Beca CBs3el MeKILy
HEHPOHAMU, HO U ONPEIETSITh KOJUIECTBO CJIOEB B CETU W HEHPOHOB B HUX B 3aBUCHUMOCTH OT
noTpebHOCTell NpUKIIaIHON 3amaan. Vcrnoab3ys mojaxos oOyUueHus ¢ yJIuTejaeM, YPOBHU CETH
UHKPEMEHTAIBLHO CTPOATCS U 00ydaloTcsi Ha OCHOBE 00y YAIOIIEro MHOYXKECTBA € MCIIOJIb30BAHIEM
PErpecCuOHHOr0 aHAJIM3a. 3aTeM IIPOUCXOJIAT STAIl YIIPOIIEHUs CETH C IIPUMEHEHUEM OT/IeJIbHOTO
MHO2KECTBa O0'bEKTOB € M3BECTHBIMU ITPABUJILHBIMUA OTBETAMH, KOTOPOE HE MCIOJIB30BAJIOCH IIPH
obyuennn (nposepounoe muoocecmeo, validation set). st ucKIIOUeHNsT HEHYKHBIX HEHPOHOB
U3 CeTU MCIOJBb3YyeTcs: peryisgpusanus. B pabore [30] onmcano npuMenenne MeToja TpyHIioBoro
ydera apryMeHTOB [Ijis1 00y UeHust TJIyOOKOi HefpOHHO ceTu, COCTOIIE N3 BOCBMHE CJIoeB. MeTo
IIIPOKO KCIIOJIb30BAJICs Ha HpakTuke [31-33].

B macrosmee Bpemsi i O0OydUeHHsS HEHPOHHBLIX CeTell, B TOM 4YHCIE IJIYOOKHX,
HCIOJIb3YETCsl  aJIllOPUTM  06pammozo  pacnpocmparenus owubku (error  backpropagation
algorithm), ocHoBaHHBII Ha MeTO/E I'DaJUEHTHOrO CiiycKa. AJjroputMm ObuLT Tpeioxker B 1970
roJly B Marucrepckoii guccepranuu [34, 35| 6e3 cBsi3u ¢ HeiipoHHbIME ceTsiMu. IlepBoe npumeHeHue
9TOr0 AJAropuTMa Jjisi OOyUYeHUsT HEHPOHHBIX cereil onucano B pabore 36|, Bbumemmeit B 1981
rogy. [Tocsie 9TOro mosiBUIOCH erre HeCKOIbKO paboT Ha Ty Temy [37-39]. Asiropurm o6paTHOro
PACIIPOCTPAHEHUS OIMIMOKU UCIIOIb3yeT O0yUeHUe ¢ yIuTeieM, Jjisd Hero Tpebyercs obydaroree
MHOXKECTBO C 3apaHee W3BECTHBIMU MPABUJIbHBIMI OTBETAMU. BBOJMTCSA Mepa OMMOKU, KOTOpast
OIIPEIEJIsieT, HACKOJIBKO CUJIbHO BBIXOIHBIC 3HAYCHUS CETH OTJIMIAIOTCS OT MPABUJIBHBIX OTBETOB.

3areMm Mepa OMMOKH MUHUMHU3UPYETCS C IOMOINBIO METO/a TPAJUEHTHOTO CIIyCKa IIyTeM
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U3MEHEHUsI 3HAUYeHU BecoB B ceTu. [t TOro 4To0Obl ONEHUTDh, HACKOJIBKO CHJIBHO KaXKJIbI BEC
BJIMSIET Ha BBIXOJIHOE 3HAYEHUE, PACCUUTHIBAIOTCS JACTHBIE MPOU3BOJHBIE OIMMOKYM IO BECAM.
3areM TPOU3BOIUTCH H3MEHEHHE BECOB Ha HeDOJIbINNE 3HAYEHME C YYeTOM rpajuenTta. Tak
TTOBTOPSIETCST JIO TEX TMOP, MOKa OITHOKA Ha BBIXOJE HE COKPATUTCS JO JOMYCTUMBIX 3HATEHHI.
Haganbmble 3nadenns BeCOB HEHPOHOB B CETH 33AI0TCS CIIyIaifHBIM 00pa30M.

B raybokoit HeltpoHHO# ceTW ¢ HECKOJBKUMU CKPBITBIME CJIOSIMU TTPOU3BOIUTCS PACTET
OIMMOKM, KOTOpasi IepeaeTcss OT OJHOrO CJiost K apyromy. Ha mepBom 3Talie paccIduTbIBAETCS
3Ha4YEeHUue OH_[I/I6KI/I Ha BbIXOJ/Ie HeﬁpOHHOﬁ ceTu, JJisdl KOTOPOI'O MbI 3Ha€M IIpaBUJIbBHBIE OTBETLI.
3areM pacCUIUTBIBAETCsT OITUOKA HA BXOJIE B BBIXOIHOMN CJIOW CeTH, KOTOpasi OyJIeT HCIIOIb30BAThHCS
KaK OIMUOKA HA BBIXOJE CKPBITOrO cJjiost. Takum crmocoboM pacdeT MPOJOJIKAeTCs JI0 TOro
MOMEHTa, KOIJia OyIeT M3BEeCTHa OIMMUOKa Ha BXOJIHOM cjioe. VIMEHHO MO3TOMY aJIlOPUTM HUMeeT
Ha3BaHUE 0OpATHOE PAaCIPOCTPaHEHUe OIMUOKY.

Bo3M0XXKHO HECKOJIBKO BApMAHTOB peaju3aluud OOyUIeHUsl HEHPOHHBIX CETEll C IOMOIIBIO
aJIropuT™Ma  OOpATHOTO pacHpocTpaHeHust omuOKu. I[Ipuw mogHOM O0YYeHUEM T'DaJIUEHT
PACCUUTBIBAETCS JIJIT BCEX ODBEKTOB 0OydUariomiero MHoxkectBa. OMHAKO TAKOW MOJXOJ 9acTo
He sBigercsd 3(@EKTUBHBIM B ciydae, KOrja obydaiomiee MHOXKECTBO OOJbIIOe M st
06pabOTKM BCEX €ro JEMEHTOB TpebyeTcst 3HAYNTEbHOEe BpeMs. AJTbTepHATHBHBIN BapuaHT —
HCTIOTE30BAHIE METO/Ia CTOXACTUIECKOTO TPAINEHTHOTO CITYCKa, TPU KOTOPOM BECa M3MEHSIOTCSI
npu 06paboOTKe OJTHOTO 3JIEMEHTa 00YUAIOIEro MHOKECTBa, (OHJIANH-00yIeHre) NI HECKOIbKIX
ss1eMeHTOB (0OyUeHNe Ha TakeTax Wi MUHU-BBIOOpKax ). Ha npakTuke 1151 00y deHust HeHPOHHBIX
ceTell Jale BCero MCIoJIb3yeTcsi HMEHHO MEeTOJ CTOXACTUIECKOTO TPAJUEHTHOTO CITYCKa, HJIH €ro

moudukaryn [40-42].
3. ApxurekTypa riy0oKuX HEPOHHBIX ceTeii

Hefiponnast ceTb, HoKa3aHHast Ha PUC. 2, HA3BIBAETCS NOAHOCEA3HOU. B TaKoil ceTn KarKIbIit
HEMPOH CJIENLYIONIEro CJIOsl CBA3aH CO BCEMH HEeWpPOHAMH HpPeablayInero ciaos. OJHAKO 3TO He
€JIMHCTBEHHBII BapUAHT COEJIMHEHUsI HEfPOHOB B ceTh. B JAHHOM pasjiesie pPaccMaTpPUBAETCs
pa3BUTHE apXUTEKTYpP HEHPOHHBIX CeTell.

B 1980 roay Kynumxuko @Pykymmma (Kunihiko Fukushima) npemmoxun apxurexTypy
HEHpPOHHOI ceTn, KoTopas Ha3blBaeTcsi Heokoenumpon [43]. ApxurekTypa wucHoIb30BaIA
AHAJIOIHMIO CO CJIOXKHBIMHM ¥ IIPOCTHIMU KJIETKAMHU B 3puTesbHOll Kope komku [44]. ITpocreie
KJIeTKH cpadaTbIBalOT B OTBET Ha IIPOCThle BU3yaJIbHbIe CHIHAJIBI, TaKHe KaK OPHUEHTAIUsI
T'paHuIl. CHO)KHbIe KJIETKH MeHee 3aBHUCHMBI OT IIPOCTPaHCTBEHHOI'O PACIIOJIO?KECHH A CHUI'HaAJIOB U
OPMEHTUPYIOTCs Ha OoJiee 0bIIIe MPU3HaKU. B HEOKOTHUTPOHE MPOCTHIM KJIETKAM COOTBETCTBYIOT
ceepmounvie caou (convolutional layers), a ciaokabIM — ca0u nodswbopru (subsampling layers).
B cBepTOYHBIX CJIOSIX OKHO ceepmouto2o y3aa (convolutional unit) ¢ 3aganHbIM HAGOPOM BECOB
(adpo ceepmku) TepeMernaeTcsi 10 JIByMEPHOMY MACCUBY BXOJHBIX JIAHHBIX, HAIIPUMED, IO
nuKceIsM n300pazkenust (puc. 3). 3HaueHusl COBIAJAIONINX JJIEMEHTOB B JIAHHBIX U sJ[PE CBEPTKU
[IEPEMHOKAIOTCSI, TTOJIYI€HHbIE PE3Y/ILTATHI CKJIAIBIBAIOTCS U IIOCTYIIAIOT B HEHPOH CJIE/YIONIErO
cnosi. Bee cBeprodHble y3iIbI UCIOIL3YIOT OJMHAKOBBIE sI/IPA CBEPTKH, IIOITOMY JIJIsl OIHACAHUS
CBEPTOYHOI ceTn TpebyeTcsi OTHOCUTEJLHO HEMHOI'O TapaMeTpoB. Kak NpaBuiio, B CBEPTOYHBIX
CJIOSIX HMCIIOJIB3YETCsl He OJHO, & HECKOJIBKO siJIEp CBEPTKHU.

BBIX0/BI CBEPTOYHBIX CI0EB B HEOKOTHUTPOHE HOJK/IIOYAIOTCS KO BXOJIaM CJIOEB IOBBIOODK.
IlppyeM K oOIHOMY HeEWpPOHY B CJIO€ IIOJBBIOODKH IIOJKJIIOYAIOTCS HECKOJIBKO HEHPOHOB

CBEPTOTHOTO CJIOsT, KaK IMPaBUJIO U3 KBAIPaTHOI obaacT paszMepoM 2 X 2 niau 6oabirne. Heitporbr
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OKHO cBepTKH

CBepTouHbIi
y3en

CBepTouHbIi
CII0M

BXOI[HBIC CHUTI'HAJIbI

Puc. 3. CxeMa CBEpTOYHOTO CJIOST HEPOHHON ceTH HEOKOTHUTPOH

B CJI0€ TOJIBLIOOPKN CPabaTHIBAIOT B CAydae aKTUBHOCTU XOTs ObI OJIMH M3 BXOJHBIX CUTHAJIOB.
Ha sToMm citoe Ba)kHO Ha/iMdme caMOro CHUTHAJ A, & HE ero KOHKPETHBbIE KOODAWHATHI, ITOITOMY
cJiou HOﬂBbI60pKI/I MeHee€ TyBCTBUTEJ/IbHbI K HESHAYNUTE/IbHBIM CABUT'aM U U3SMEHEHUAM MaCIHTa.6a
I/I306pa)KeHI/IH. O6yquI/Ie CBEPTOYHBIX CJIOEB B HEOKOTHHTPOHE IIPOU3BOJUTCA C ITOMOIIBIO
JIOKAJIbHBIX aJITOPUTMOB 00y 4eHusi 6e3 yuanuresisi, 1160 Beca 3a/1at0Tcst 3apanee [45, 46]. s cioes
OJIBBIGOPKHU HCIIOJIB3YETCs npocmpancmeennoe ycpednenue (spatial averaging) (43, 47|. Takum
obpa3oM, HECMOTpPsT Ha TO, UYTO HEOKOTHUTPOH SIBJISIETCsT TUIyOOKOM HEMPOHHON ceTbhio, TyIyboKoe
oO0ydJeHre B HEM He UCIOJIb3YeTCs.

B 1987 romy Jana Bamnapa (Dana Ballard) npemoxun moaxos K 06ydeHUI0 HEHPOHHBIX
cereii 6e3 yunresist Ha OCHOBe agmokoduposwuka (autoencoder) [48]. IIpocroit aBTOKOMPOBIIUK
COJIEPKUT BCETO OJIMH CKPBITHII ¢J10il (puc. 4) ¢ KOIoM h, KOTOPBIA CIIyKUT JIJIs IPEJICTABICHHSI
BXOJHOIO CHUrHaja %. ABTOKOIUPOBIIUK COLEP:KUT (DYHKIMIO KOAMpoBaHus f, KoTopas
HCIIOJIB3yeTCst Jisi  Ipeobpa3oBaHMsi BXOJAHOIO cHrHasma B Koj h = f(x) u dyrkmumo

JEKOANPOBaHUA g, KOTOpad II0 KOy BOCCTaHaB/IMBaeT 3HaAYCHUA BXOJAHBIX CUTHAJIOB " = g(ﬂ?)

f g

Bxonnrie CKpBbIThIHI Brixonurie
CHUTHAJIBI cloit CHUTHAJIBI

Puc. 4. CxeMa IpoCTOr0 aBTOKOIUPOBIINKA,

ABTOKOJIMPOBIIUKNA HPUMEHSIIOTCS  JIJIT  YMEHBIEHUsI pa3MePHOCTH 00pabaThbIBAEMBIX
JIaHHbIX. JJ1s1 9TOr0 MCITOIB3YIOTCSI JIMHEHBIE METO/IbI, TAKHE KAaK METOJI IVIABHBIX KOMIIOHEHT. 34
CUeT CHUYKEHUS PA3MEPHOCTH aBTOKOMWPOBIIUK BBIIE/AET HANOOIee 3HAYNMbIE XapaKTEePUCTUKHI
JAQHHBIX.

st obydeHusi  aBTOKOJMPOBIIMKOB  UCIOJB3YeTCs — MeTOJ  peuupkyasyuu  |49].
ABTOKOIUPOBIUK 00yYaeTcs TakuM 00pa3oM, dYTOObI HA €ro BbIXOJE OBbLIN Te YKe CaMble
CUTHAJIBI, Kak u Ha Bxoge. llociie 0oOydeHUST CKPBITBI CJI0if ITPOCTOTO ABTOKOIUPOBIIUKA
BCTaBJISIETCS B @BTOKOJIMPOBIIUK 00Jiee BHICOKOI'O YPOBHSI, KOTOPBIN COIEPYKUT OOJIbIIE CKPBITHIX
ciroeB. Takum 06pa3oM cTponTest mepapxusi aBTOKOIUPOBIIIKOB B Buje creka (puc. 5). [Tpu sTom

Pa3MEepPHOCTD JAaHHBIX YMEHBINAETCA Ha KaykKJI0M ypoBHe nepapxuu. [logobHass nepapxusi MOXKeT
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OBITH UCIOJIbL30BaHa HE TOJBKO Il aBTOKO/IMPOBIIUKOB, HO W JIJIA APYTHUX METOI0B O6y‘IeHI/IH

6e3 yunrens |50, 51].

T

Bxopgusre Braemnnit  BrnoxeHHBIN Bremmnwni Brixonabie
CHTHAJIBI KOIHMPOBIIUK KOIWPOBIIUK IEKOIUPOBITUK  CUTHAIBI

Puc. 5. lepapxus aBTOKOIUPOBIINKOB

Au Jlekyn (Yann LeCun) B 1989 rojy npuMeHHJI aJIropuT™ OOPATHOTO PACIPOCTPAHEHHUSI
omubKu Jyist O0yYeHHsI CeTH C AapXUTeKTYPOil, O4YeHb IOXOXKeil Ha HEeOKOrHUTPoH |[52].
Cerb cozepkajia CBEPTOUHBIE CJIOM C OJMHAKOBBIMU BecaMu (CBEPTOUHBIME siJIDAME) U CJIOU
mo/iBeIOOpKU. B om0t ke pabore 6bLT mpescraBieH Habop ganabix MNIST, comepxkarmmii
pPYKOIUCHBIE TUGPHI, PACIIO3HABAHIE KOTOPBIX CO BPEMEHEM CTAJIO OUYEHBb MHOIYJISPHBIM TECTOM
B MAaIMHHOM obOyueHuu. [Uybokue CBepTOUYHBIE ceTH, ODYYEHHBIE AaJTOPUTMOM OOPATHOIO
PACIIPOCTPAHEHUST OIMMOKH, IOKA3AJM XOPOIINE PEe3yJbTaThl HA PACIO3HABAHUU PYKOIUCHBIX
udp [53] u ornevarkos nanbies [54].

B konme 80-x romoB XX Beka CTajJ0 IOHSATHO, 9YTO OJIHOTO aJrOpUTMa 0OpPaTHOTO
pacIpocTpaHeHus OMINOKN HEeJ0CTATOYHO st 3dekTuBHOro rirybokoro obydenns. Hecmorpst
Ha HEKOTOPBIE yCIelHble TIpuMepsl [53, 54|, ucnosabp3oBanne 60see OHOTO CKPBITOTO CJIOST PEJIKO
JIABAJIO [penMylecTBa Ha npakTuke [55-57|. [Ipuduna sroro Gbuia cdopmyauposana B 1991
rojy B pabore [58, 59| — npobuema ucuesarowezo epaduenma (vanishing gradient problem).
[Tpu ucnosb30BaHUY TPAIUIMOHHBIX (DYHKIMI akTHBaIUu (M. pa3jen 1), curHajibl 06 06paTHO
PACIIPOCTPAHSIEMBIX OITHOKAX OBICTPO CTAHOBATCS OYEHb MAJIEHBKUMU (HJIM HA0OOPOT, YPe3MEPHO
6osibiuMu). B mpakTHUecKux 3ajadax OHM YMEHBIIAITCsS SKCIOHEHIMATBLHO € KOJUIeCTBOM
cJloeB B ceTu. Dra npobiieMa TakXKe U3BECTHA KakK npobaema diumenvrols saadeporcku (long time
lag problem) [60, 61].

OnuH ©3 MOAXOIOB K PENIEHUI0 TPOOJEMbl HCYE3aIOIMero IpajueHTa 3aKJII0UaeTcs B
[IOJTHOM OTKAa3€ OT WCIOJIb30BAHUS T'PAJIUEHTa Jjist 00ydeHus. J[jisi HEKOTOPBIX 3aJ1a9 XOPOIITUX
PEe3yJIbTATOB MOXKHO JOOUTHCs HA3HAYEHUEM BECOB CirydaiiHbiM 00pa3oM [62]. TToaxom k o6yuennto
Esoauno (Evolino) [63] ucnonb3yer JinHeiiHble METOBI JIJIsi ONPEJIEJICHNs] ONTUMAJIbHBIX BECOB
JIJIST BBIXOTHOTO CJIOSE U 960410UUI0 JIJIsl OIIPEJIEJIEHUsT BECOB CKPBITBIX CJIOEB. Tak»Ke BO3MOXKHO

IPUMEHEHUEe METOJIOB YHUBEPCaAbHo20 noucka (64, 65].

34 Bectauk FOYpI'Y. Cepus «BpruunciaurenpHas MmareMaTnKa 1 “”HOOPMaTAKA»



A.B. Co3bIkuH

ATBTepHATUBHBIIN MOIXO/T K PEMEHUIO TPOOIEMBI NCUE3AI0IIEro IPaIneHTa — UCTIOIL30BaHIE
6esreccunannoii onrnvmsanuu (Hessian-free optimization) [66-70].

Ouenv eayborutll obyuamenv, TpeJIoKeHHBIH B pabore 1992 roma [71]|, obecreunBaer
pertene TpobIeMbI ICIE3AI0IIEro TPAINEHTa U 00y IeHNe CeTH TIYOMHO 0 COTEH CJI0EB 38 CUeT
MCTIOTL30BAHUS TPEBAPUTEIHLHOTO OOy IeHMsT 63 YUNTe IsT HePapXun PEKYPPEHTHBIX HEHPOHHBIX
cereit. Kaxknass pekyppeHTHasi CeTb 0O0yJaeTcss OTIENbHO JjIg TOTO, YTOOBI IIPEeICKa3aTh
cJellylolee 3HaueHue, KOTOpoe mnocrynutT el Ha Bxoj |72, 73|. Ilocie obydenusi TOIBKO
ommMbOIHO MPEJACKAZAHHBIC 3HAYCHUA MEPEIaloTcs Ha 6o0Jiee BHICOKHN yPOBEHb CETH. DTa CETh
paboraer yxke Ha 6osiee MEJJIEHHOM BPEMEHHOM NIKaJie, 3a c4eT 4ero nH(pOpMaIisa CKUMAETCs 1
KazKJI0f MOC/IeJ0BATEIHHOCTH CUTHAJIOB COOTBETCTBYET HAOOP BCE MeHee U MeHee M3OBITOYHOIO
KOJMPOBaHUsl Ha Bce Gosiee IIybOKUX ypOBHsIX ceTw. JIpyroe HasBaHWe TakKo# apXUTEKTYPbI
HelpoHHOI cetu — Komnpeccop ucmopuu (History Compressor), oHa MOXKeT CKHUMATh JIAHHBIE
Kak B MpPOCTpaHCTBe, Tak W BO BpeMmeHu. CyIecTBYyeT TaKyKe ¥ HENPEPBLIBHBI BapuaHT
KOMIIpeccopa ucropun [74].

[Tpobemy mcUIe3at0MIEro TpaueHTa MO3BOJISIET PENTUTD IpyTras apXUTEKTyPa PEKYPPEHTHON
HEHPOHHOI ceTn — cemsb doszo—kpamrocpounot namamu (Long Short-Term Memory) [75-77].
Takue ceTw COAEP:KAT Y3JBI CHENUATHLHOTO TUIA, KOTOPBIE MO3BOJISIOT 3alOMUHATEL 3HATEHUST
Ha JJINTEIBHBI CpOK. BJIOK ceTw mOoIro-KpaTKOCPOYHON TAMSITH COMEPIKUT CIEIUATbBHDBIN
HEHPOH, MCHOIb3yeMbIil B KadecTBe sgdeiiku mamsatu (puc. 6). Boixos Heitpona coeunen ¢ ero
COOCTBEHHBIM BXOJIOM C €JIMHUYHBIM BECOM. 3a CYeT ITOro 3HA4YeHHe B HEHpOHe Ha KayKJIOM
JTale NePE3alUChIBACTCA U TAKAM 00pPa3oM COXPAHSAETCs. Y IIPABICHAE HEHPOHOM BBIIOJHAETC C
[OMOIIBIO TPEX BEHTMJIEH: BXOIHOIO, BHIXOIHOIO W BEHTHJIA 3abBeHust. [Ipu OTKpPBITOM BXOJHOM
BEHTHJIE 3HAYEHNE HA BXOJIE 3AIUCHIBACTCA B AYEHKY HAMATH. FEC/IM BXOAHON BEHTHJIbL 3aKPbIT,
TO BXOJHBIE CATHAJIBI HUKAK HE BIMAIOT Ha COAEP:KUMOe stueiiku. OTKPBITHIH BHIXOIHON BEHTHUIIH
[O3BOJIAET MPOYMTATh 3Ha4YeHWe U3 sidelikn. Kormga suadenue GoJibllie HE HY:KHO, €r0 MOYKHO
CTEPETH ¢ TIOMOIIBIO BEHTHUJIA 3a0BEHUSA. BEeHTUIN TOAKIIIOYAIOTC K JPYTUM y3jaM HeHApOHHOMN
CeTH, KOTOpBIE B IIPOIECCE 00YUEHUS OIPEIENSIOT, KOTjia He0OX0UMO OTKPBITh WU 3aKPBITh TOT

WJIN UHOII BEHTUJIb.

BenTuns 3a0BeHus

Bxon Brixon
Hetipon - >
Bxonroi et Brixonnoit
BEHTHJIb naMsATH
BEHTUJIb

Puc. 6. Cxema 0JI0Ka CeTH HOJT0-KPATKOCPOIHON IMaMsiTh

Braromapss Takum dg9effkaM CeTH JIOJTO-KPAaTKOCPOYHOM ITaMSATH MOTYT OIpeaeuTh
BaXKHOCTb COOBITHUil, IPOM3OIIEIIINX THICAIN JUCKPETHBIX BPEMEHHBIX IIIAr0B Ha3aJ, U
3aIlOMHUTDH 3TU COOBITHSI. PeKyppeHTHbIE ceTu, KOTOpPbIE HCIIOJIb30BaJNCh JI0 9TOTO, MOIJIU
IIOMHUTDH O COOBITUU HE JOJIBINE JAECATH BPEMeHHBIX maros. [Ipobema ncaesaromiero rpajanenrta

B CETSX JIOJINO-KPATKOCPOYHON MaMSITH PEIIaeTcs 3a CUYeT UCIOIb30BaHus (DYHKIUNA TOXKIECTBA
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B Ka4eCTBE aKTUBAIMOHHON U 0OPATHON CBSA3U ¢ CODCTBEHHBIM BXOJIOM C BECOM DABHBIM €JIMHUIIE
(puc. 6). Tak Kak npousBojHast (DYHKIMU TOXKJIECTBA PaBHA €JIUHUIE, TO ONIMOKA MPH Iepeiade
Yepe3 Takue y3JIbl He MOYKET UCYE3HYTh.

B 1992 romy nosiBmiach apXuUTeKTypa HeHpOHHBIX cereil xpecuenmpon (cresceptron) [78],
OCHOBO1 JIJIsi KOTOPOW TOCJIy>KUJI HEOKOTHUTPOH. B omymdnu oT HEOKOIHUTPOHA, KPECIEITPOH
U3MEHSET CBOIO TOIOJIOTUIO BO BpeMsi OOyUYeHHUs, 110 aHAJIOI'MH C CETAMHU, HCIOJIB3YIOMIUMHU
MeTOJ, I'PYIIIOBOro ydera aprymeHToB [29|. Baknasi wujest, lpeijioKeHHasl B KpPeCIENTPOHE
— WCIIOJIB30BAHUE CJIOEB 6bi60pa MAKCUMAALHO2O dsemenma (max-pooling) BMecCTo CJI0eB
[OJIBBIOOPKK C ycpejHeHneM. boJiee MO3/IHWE U yCOBEPIIEHCTBOBaHHBIE Bepcun KpecrenrpoHa
COJIEPKAJIN TaKKe CJIou pasmuvisarus (blurring) st yMeHbIIEHHsT 3aBUCUMOCTH OT TIOJIOYKEHMUSI
obbekToB |79]. Cilom MakcHMaJbHOIO BbIOOpa ceffyac IMUPOKO HPUMEHSIIOTCS B CBEPTOYHBIX
HeHpoHHBIX ceTsaX. OpHako Jjisi 00yYeHWsI COBPEMEHHBIX CBEPTOUYHBIX CeTeil HUCIIOJIb3yeTCs
aJaropuT™M 006paTHOroO pacrupocrpanenust ommbku [80], uro siBisiercs: 6osee abdexTuBHbIM [81].

B 2006 romy Ixedbdpn Xunron (Geoffrey Hinton) u Pycnan Canaxyrmunos (Ruslan
Salakhutdinov) mpesioKuiim HOBYIO apXUTEKTYDY HEHPOHHBIX ceTeil — 2aybokue cemu dosepus
(Deep Belief Networks) [5]. B sroii apxurekrype st perieHusi TpoOJIEMBbl HCYE3AIONIET0
rpaueHTa MUCIIOIb30BaIach KOMOMHAIIMS 00yUeHns: ¢ yauTegaeM u 6e3 yuuress. [uybokas ceTb
JIOBEpUs TIPEJICTaBIsIeT cobOil cTek o2panuuennor mawun Boavumana [82, 83]. Kaxnas takas
MaIlliHa COJEPXKUT TOJILKO JIBa CJIOSI HEPOHOB: BXOAHOW W CKpBITHIL (puc. 7). Coenunenus
€CThb TOJIbKO MEXKJIy HeifipOHAMHU Pa3HbIX CJIO0EB, B OTJIMYME OT MAIIUHBI DOJIbIMaHa BBICOKOIO

nopsiJika [84], KoTopasi MOXKeT CojlepKaTh JAPYIrue THUIIbI CBsI3ei.

Bxonnele  CkpbiThie
HEUpPOHBI HEUPOHBI

Puc. 7. Orpanuuennas Mammia BoJsbliMana,

Kazxnast orpannvennas mammaa BojibIiMana moiy9aeT CUTHAJIBI O IIPE/ICTaB/IeHIH IIab/I0HOB
C TPEIBIIYIIEro YPOBHS U IBITAETCA 3aKOIUPOBATH WX C HCIOJIL30BAHMEM O0ydeHus 0e3
yauress [6] (puc. 7). ITocie sToro mpomsBoanTCs TOHKAsi HACTPOIKA BCEH CETH C HOMOIIBIO
obydueHus ¢ YUUTEJEeM C HCIOJb30BAHUEM AJITOPUTMa OOPATHOTO DPACIPOCTPAHEHUS OITHOKH.
Obyuennast TakuM 00pa3oM TIayOOKas CeTh JOBEPHsI IOKa3aja XOpOIue pPe3yJbTaThl Ha
recre pactosHaBanus pykorucHbix 1udp MNIST [5], pacnosnasanum dounem [85], nowncke
JnokyMeHTOB [86] u apyrux 3amadax. [ToxoxKuM ajbTepHATHBHBIM IOJXOJIOM, OCHOBAHHBIM HA
peJBapuTe/IbHOM 00ydeHNr O€3 yauTess U MOCeAyOMeil TOYHOW HACTPOMKE ImyTeM 00ydeHust
C yuuTeJsIeM, sIBJISIeTCsl UCIIOJIb30BAHIe CTEeKa aBTOKOIUPOBITNKOB [48, 87-90).

B 2006-2007 romax Tak:ke IPOU3ONLIO Pa3BUTHE TNIyOOKOro 00ydeHHs CBEPTOYHBIX CeTeil
Ha OCHOBe OOydUeHHUsI ¢ yduresaeM 6e3 mpeJBapuTeIbHOro obyduenus 6e3 yuaurens. B pabore [80]

BIIEPBBIE OIUCAHO IIPUMEHEHNE aJITOPUTMa OOPATHOIO PACIIPOCTPAHEHNS OITUOKY JIjIsI 00y IeHUs
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IyOOKOW HEMPOHHOU CeTH € ApXUTEKTYpOoil, IOMOOHON HEOKOTHUTPOHY U KPECIENTPOHY,
COCTOSINEN U3 YePEYIONIUXCS CJI0EB CBEPTKH M MaKCHMAJILHOrO BbIOOpa. Takasi apxuTekTypa
HEHPOHHBIX ceTeil AKTUBHO UCIIOJIB3YeTCs 1Mo HacTosmee Bpems [91-95].

CylimecTBeHHBI BKJIaJ B PA3BUTHE CBEPTOYHBIX HEHPOHHBIX CETEll BHECJIO IIPEJJIONKEHUE
HCIOJIB30BATL noayaunelnyto dynkyuto axmusayuy (rectified linear unit) [96, 97|, koropas
sajiaeTcs caenyonmmM obpasom: ReLU(x) = max(0,x). Takas dbyHKIMs aKTHBAIMN [T03BOJISIET
H36aBI/ITbCH oT HpO6JIeMbI ncudesaroniero rpajauenTa, T.K. IIPU IIOJIO2KUTEJIbHOM 3HAYE€HNHN CUT'HaJIaQ
HE IIPOUCXOJUT €ro M3MEHEHH:sdA, B OTJIMYIHNE OT CHUI'MOMIaJIbHBIX beHKL[I/Iﬁ AKTHUBaIIN. KpOMe
TOrO, mojy/inHeitHas (YHKINS aKTUBAIUU [TO3BOJISIET COKPATUTH BpeMs 00yueHUs HEWPOHHO
ceTn [98]. Heitponbl, BEIXOAHON CUTHAJI KOTOPBIX OTPHUIATEIbHBIN, HE YIaCTBYIOT B pacdeTax, a
JJIgd OCTaJIbHBIX Tpe6yeTC5{ BBINOJIHATH TOJIBKO JIMHETHbIE BBIYMCJIEHUS.

B 2010 romy Kcasbe I'mopo (Xavier Glorot) u Momya Benyzkuo (Yoshua Bengio) B pabore
[99] mpoBesn uccieoBaHue BJIUSIHUST METOJIOB HAYAJIBHON WHUIMAJIN3AIUN BeCOB U (DyHKIHI
AKTUBAI[MU HA PACIIPOCTPAHEHNE CUTHAJIA B CETU KAK B IIPSIMOM, TaK U B OOPATHOM HAIIPABJICHUM.
CorytacHO HMCCJIEIOBAHUIO, MCIIOJIb30BAHNUE JIOTUCTUICCKON CUIMOUIATBHON (DYHKIIUN COBMECTHO
¢ HAJYaJbHOM WHUIHAJM3AIMEl BECOB IIOXO IOAXOJUT JJIs CO3JaHusd TIyOOKHX HEHPOHHBIX
ceTeil, T.K. HUPUBOAUT K ObIcTpoMy HachkimeHno. OyHKIMS aKTUBAIUU TUIEPOOTUIECKUI
TAHTE€HC TAKOW MpoOJsIeMoil He 00Js1alaeT W3-3a CUMMETPHIHOCTH (CpefHee 3HadeHne (yHKINA
0, obsacts 3uadenus — (—1,1)). [itopo n Bermkuio npeaioKuin HOBBIH METO/T NHUIIHAIA3AIAN
BECOB HEHPOHHON CeTH, KOTOPBLINl OHU HA3BAJIU HOPMAAUIOSAHHAA uruyuaausayus. Havanbable

3HadeHus Becos cetu W onpenensiorcs 1o ciejyioieii dpopmyiie:

V6 V6

W ~U [— (2)
) )
\/nj +njt1 \/nj + 1511
rne U — paBHOMEpHOE paclpejesieHne Ha OTPe3Ke, Nj — KOJIMYEeCTBO HEHPOHOB HA TEKYIIEM
ClI0e CeTH, Nji1 — KOJMYIECTBO HEHPOHOB Ha ciejyiomeM cjoe cer. Vcrosb3oBanne

HOPMAaJIN30BAHHON MHUIMAJIU3AINN TPUBOIUT K CHUXKEHUIO HACHIINICHUS HEHPOHOB U CUTHAJ 00
omubKe PACIPOCTPAHAECTCA 3HATUTEJIHHO JIYUIIIE.

Meton HOpMaAJU30BaHHONW WHHUIMAJM3auu BecoB B 2015 roay OBLI aJalnTUpPOBAH ISt
nostysnHeitnol gyukiun akruBanuu. B padore [100] npemiaraercst onpeesisiTh HauaabHbIE Beca

W caemnytormum o6pasom:

2 2
WNU[—*yf]v (3)
ng ny
rae U — paBHOMepHOe paclpejie/ieHne Ha OTPe3Ke, M; — KOJUYeCTBO HeHPOHOB Ha TEKYIIeM

cjoe cetr. MeToj HopMaIn30BaHHON MHUITUAJINBAINE BECOB TIO3BOJIUI JJOCTUTATh Ka1eCTBEHHOIO
obyuennst rayOOKuUX HEHPOHHBIX ceTell 0e3 HEOOXOAMMOCTH WCIIOJIL30BATDL IPEIBAPUTEIHHOE
obydenne 6e3 y4nuTesis.

Cepreit Nodde (Sergey loffe) n Kpucrnan 2Kereapr (Christian Szegedy) B 2015 romy [101]
MPEJJIOXKUIA UCIO/IH30BATh B HEHPOHHBIX CETSIX CIIENUAJbHBIE CJIOU MAKETHON HOPMAJIU3AINN
(batch normalization), KOTOpbIE O3BOJISIIOT TOBBICUTH KAIECTBO 00y YeHUs I1yOOKON HElPOHHOM
ceru. B pabore [13] ycranoieHo, 94To aaroputm o6paTHOTO PACIPOCTPAHEHHsI OIMUOKH CXOIUTCS
ObIcTpee, eciii BXOJHbIE JaHHbIE HOPMAJIM30BAHbI (MMEIOT HYJIeBO€ MATOXKUJIAHUE U €JMHUIHYIO
nucriepenio). OHAKO MPHU PACIPOCTPAHEHUH CHI'HAJIA 110 HEHPOHHOM CeTH ero MaTOXKUJaHue W
JIUCIIEPCUST MEHSIOTCsl, IIPUYEM WHOTJA 3HAYUTEIbHO, YTO HEIATUBHO CKA3bIBAETCS HA IPOIECCe
o6yuennsi. Cepreit Modde u Kpucrman 2Kereqpl IpeyiosKiim BEIIOIHATh HOPMATIIAIAIO

HE TOJIBKO Ha BXOJE B HeflpOHHyIO CeThb, HO M IIepeJ KaKIbIM CJIOeM CeTH. HOpMa.HI/ISaHI/IH
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BBINOJIHSAETCST OTJICJIBHO JIIsl KayKJIoro naxema dannwix (mini-batch) meroma croxacruaeckoro

IPaJIMEHTHOrO ciiycka (mau ero Moaumdukanuii). [laker B comep:KuT m 37€MEHTOB BXOJHBIX

nanubiX z;: B = {x1,..., 2y }. HopmanausoBanubie 3HaYeHNs T ONPEAEISIOTCS MO CJIEIYIOMeit
dopwmyie:

. Ti — UB

T; = (4)

\/Ué—ke

rae up — Cpe€JHeC 3Ha4YC€HUE JJaHHBbIX B IIaKETE, O'% — JAUCIIEpCud, € — KOHCTaHTa, BBEJICHHasd

JJISL CTaOUILHOCTHU MeTO/da. SaTeM, 4TOObI COXPaHUTDb BBIPA3UTEJILHOCTDL JAaHHBIX, BBIITOJIHACTCA

COABUI' 1 MaCIHTa6I/IpOBaHI/Ie:
yi =& + 3, (5)

rje y; — pe3yJbTUPYIollee 3HaUeHNe, Y U 5 — mapaMeTpPhl, KOTOPBIE OIPEIEISIIOTCS B IIPOIIECCe
o0y 1eHust.

[TakeTHast HOpMaJIM3aIiusl PEAJTUIYETCS B BHUJIE CI0EB MAKETHOW HOPMAJIU3AINU, KOTOPLIE
MOT'YyT OBITh BCTaBJIEHBI B HEOOXOIMMOE MECTO B HEWPOHHON CeTH, B TOM YHC/I€ HECKOJbLKO
pas. ﬂOHOHHI/ITeHbeIM OpenMynieCTBOM HCIIOJIb30BaHU A maKeTHOI HOpMaJIN3alluM ABJIACTCA
COKpallleHe BpeMeHn O0yJYeHusT U CHUKEeHUEe I1epeodyIeHus.

MeTronapl HOPMAaIU30BAHHONW WHUIIMAJIU3AIMN BECOB U CJIOM TIAKETHOW HOPMAJIM3aIlAN
IIOMOTAIOT Ha MIPAKTUKE CIIPABUTHCST C TTPOOIEMON UCUE3AI0IIero IPaJIneHTa U 00yIaTh TUIyOOKue
HEHPOHHBIE CETU, COCTOSIINE U3 HECKOJBKUX JIECSITKOB CJIOEB. DTO IMO3BOJUIO HEKOTOPBIM
ABTOPAM yTBEDXK/IATh, Y4TO MPOBIEMa HCUE3AOIIEro IpaeHTa B HacTosiee BpeMsi perena [11].

Komvmmanunsa Google B 2014 romy mpejioXKuaa HOBYIO apXUTEKTYPY CBEPTOYHBIX HEHPOHHBIX
cereii Inception [102]. B sroii apxurekType ceTb cTpouTcs u3 Habopa OGJOKOB, COIEPIKAIIIX
KOMOWHAIINIO OIEPAINIl CBEPTKHU M MOJBLIOOPKH pa3HOM pa3zmMepHOCTH. TaKOi MOIX0 O3BOJIAET
n30eKaTh MepeodyIeHnsI, 8 TaKKe CHUSUTD KOJIMIECTBO MapaMeTPOB CeTH, KOTOPbIe He0OX0IIMO
00yvaTh, 9TO CHI2KAEeT BpeMst o0ydenus cetu. [leppas Bepcust 6;10Ka ceTu apxuTeKTypbl Inception

mokasaHa Ha puc. 8. CeTb CTPOUTCS U3 HECKOJIBKUX ITOBTOPSIOIMMUXCsT OJIOKOB Inception, KoTophie

CTIEIYIOT APYT 3a APYTOM.

Ceeprka 1x1 [— Cseptka 3x3

[Mpeapiaymuii Ceeprka 1x1 — CBeptka 5x5

cJoi

OObneanuenne

[TogBe160OpKa

33 — CBeprka 1x1

Creprka 1x1

Puc. 8. Biok ceru Google Inception [102]

Ha ocHOBe 1pe/yiozKeHHOI apXUTEKTYypbl ObLIa CO3/aHA U YCHEIIHO o0ydeHa CeTh
GoogLeNet [102], cocrosimnast u3 22 cioes. CeTb IPUMEHSIETCS JIJIsT 33129 KOMITBIOTEPHOTO 3PEHUS.
Bnocnencreun Google ripejiozkmira erie HECKOJIBKO BapUAHTOB OJIOKOB apXUTEKTYphl Inception

u cereii Ha ee ocHose [103, 104].
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B 2014 roy Takzke Obliia MpeJioyKeHa HOBasi apXUTEKTypa PEKyPPEHTHBIX HEPOHHBIX ceTeil
— ympasJisieMble PeKyppeHTHbIe HeiiponHble cetu (gated recurrent neural networks) [105, 106].
Taxue ceTn MOX0XKHM Ha CETHU JOJITO-KPATKOCPOIHON MaMsTH, HO B HUX He UCIOJb3YIOTCH SUeiikn

nmamaTu. Cxema 6JI0Ka yIpaBJsgseMOil peKyPPEHTHON ceTu moKa3aHa Ha puc. 9.
| BenTtuns cOpoca

Bxox Brixon

> h h >

Beutunn
00OHOBIIEHUSA

Puc. 9. Biiok ynpasisiemoil pekyppeHTHO#i Heitpornoit cetu [105]: h — 3navenue B 6GiI0Ke, h—

HOBO€ 3Ha4Y€HUE

Biok ynpasisemoil HEfipOHHOI ceTH, B OT/IMYHE OT CeTeil T0JIrO-KPATKOCPOUHON HaMsTH,
HE COIEPXKHUT BBIXOJHOT'O BEHTUJIA, IIO9TOMY 3HAYECHUE B 6J'IOK€ BCerJa BbIJa€TCA HaPYXKY.
Ucnonb3yerca gBa Turma BeHTuiei: obuosjenuss u cbOpoca. BenTunb oOHOBJIEHUST OIPE/IE/ISET,
Gy/leT JIM IIPEMEHSITHCS HOBOE 3HAUEHHE 1, a BEHTIIIb cOpOCa 3a14eT, YUUTBIBAETCS JIM TEKYIIEe
3Ha4YCHUE h Ipu pacdeTe HOBOI'O 3HAYCHUA. praBJIﬂelVH)Ie HeﬁpOHHbIe CeTU XOPOIIo ITOKa3aJIn
cebsi B 3aJlavax MOJIEJIMPOBAHUS CUTHAJIOB PEYU U TOJUMOHUYUECKON MY3BIKU, a TaK¥XKe s
aBromMaTHIeckoro nepesoza (106, 107].

VBenuienne KOJINYIeCTBA CJI0EB B HEHPOHHDIX CETAX, JaXKe C UCIMOTb30BAHUEM MOy IMHEHHBIX
GYHKINI AKTUBAIMH, HOPMAJIM3AIMM HAYAJbHBIX 3HAYEHUN BECOB M CJOEB HOPMAJIU3AIINH,
HE BCerja MPUBOJUT K YBEJUYEHUIO KadecTBa oOydenwms. [Ipm srom npuyamna He B mpobieme
MCYE3aI0IIEero I'PaueHTa U He B 1epeoDyUIeHUN, & B YBEJUYEHUU OMUOKU ODYyUEeHUs CETH IIPH
pocre kosmvectBa cioes [11, 108|. dust perenus: roit npobiembl kommanus Microsoft B 2015
roJly HpeJJIoyKIJIa HOBYIO APXUTEKTYDY U IOJX0J K 00y YeHUIO HEHPOHHBIX CETEel — 0Cmamoutoe
obyuenue (residual learning). Apxurekrypa ucnosib3yer Tor hakT, 4TO HEHPOHHYIO CeThb BCErja
MOXKHO ¢/1e/1aTh 60J1ee TyryOOKOil 6e3 CHIKeHMs KadecTBa pabOThI IyTeM JT00aBICHIS HECKOIbKIX
CJI0EB, KOTOpBIE He MeHsfoT curHaJ. CeTb ocTraTouHOro obydenus, kak u cerb Google Inception,
CTPOUTCSI W3 MOBTOpstroruxcst 010koB. Cxema Oj10Kka mmokaszana Ha puc. 10. Biiok Bkiouaer gBa
OOBIYHBIX CJI0s1 HEHPOHHO ceTu, Beca B KOTOPBIX O0YYAIOTCS C IIOMOIIBIO aJITOPUTMa 0OPATHOTO
pacIpocTpaHeHHsT OMMUOKH, a TaK»Ke MMapaJlIebHbIH UM TOXKJIECTBEHHBIN CJION, He M3MEHSTIOITNIT
BXOJIHBIX CUTHAJIOB. TOXKIECTBEHHBIH CJION UCIIO/IB3YETCsI, €CJIH HE MOy YaeTcsd 00y IUTh OCHOBHBIE
ciou. Takum 0O6pazoM, ceTh B MPOIECCe OOYUEeHNsI caMa OIPEJIEJIeT, CKOJIBKO CJIOEB HYYKHO JIJIst
peIenns 3a/1a9n.

[Tpeapaymuit

. Cioii ¢ Becamu — Cnoli ¢ Becamu O0beanHeEHE
clioit

TO)I(}ICCTBCHHBIﬁ (o) (o)1

Puc. 10. Biiok cetu ocrarounoro obydenust [11]
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Kommnannu Microsoft yinamocs cobpath u3 6JIOKOB CETH OCTATOYHOrO 0OyUeHust riayouHoit 34,
50, 101 u maxke 152 cJj1osi, yCHENIHO OOYYUTh UX U IPUMEHHUTD JIJIs PENIeHUs] PA3JIMIHBIX 3314
koMIbioTepHoro 3penus [11]. Kommanus Google Takzke crajia HCHOIB30BATH MTOAXOJ OCTATOTHOTO

obyuenusi B ceTsix apxuTeKTypbl Inception [104].

4. IIporpamMMHBI€ cUCTEMBI O0OyUdeHUsT TJIyOOKMX HEPOHHBIX
cereit

B macrostiee Bpemst cO371aHO HOJIBINTOE KOJTMYIECTBO ITPOTPAMMHBIX CHUCTEM JIJIsi ODyUeHUs
riybokux HeipoHHbix cereii [109-111]. Cpeau Hambosiee MOMYNISIPHBIX M3 HUX MOYKHO OTMETHUTH
Caffe, Theano, TensorFlow, Torch u CNTK. I1x ocHOBHBIE XapaKTEPUCTUKN IIPUBEJIEHBI B TabJI.

Bubmmoreka Caffe [109] — ofaa n3 caMbIX IEPBBIX HOIMYJISIPHBIX CHCTEM [VIyOOKOTO 00y IeHUSI.
Ee paspaboranu B 1eHTpe KOMIbIOTepHOro 3penust u obydenusi B Bepkiau (Berkeley Vision
and Learning Center), ucxommubie Kofpl craigun OoTKpbeITbiMu B 2014 romy. Caffe Bkirouaer
camoe OOJIBINoe KOJIMYECTBO T'OTOBBIX K HCIOJIB30BAHUIO 1IPEJIBAPUTENIHLHO 00yUYEHHBIX MOJIEIe.
Cucrema Theano [112] coznana B Yuusepcurere Monpeassi, Kanayga. Theano paspaborana Ha
Python, Ho obecrneunBaer BBICOKYIO HTPOU3BOAMTEILHOCTHL 3a CYET TOrO, UTO IpPOrpaMMa Ha
Python aBromarudecku npeobpasyercst B mporpammy Ha C-++-, KOTOpast KOMIUJIAPYETCsT U 3aTeM
soinosasiercst. TensorFlow [113] cosnama kommamnmeit Google B 2015 rofy u BKIIOYAET CHCTEMBI
3¢ dekTuBHON paboOThI ¢ TEH30paMHU U IOTOKOBOM 0OpabOTKM JAHHBIX Ha rpade. Bubmmoreka
Torch [114] paspaborana Ha si3bike Lua u mpegocTaBisier yIOOHBINA BBICOKOYDPOBHEBBIN
uHTepeiic s co3Janns TporpaMM MaruHHoro obydenust, anajornanabiii MATLAB. Beicokas
[IPOM3BOIUTE/ILHOCTE 00ECIIEUNBAELTCS, TaK 2Ke Kak n B Theano, 3a cueT MHTErpamuu ¢ si36IKOM
C. Asropsr Torch npesnounu ncnonb3osars Lua Bmecro Python nsz-3a mpocrorsr uarerparuu C
u Lua. Kommanusi Microsoft paspa6orasa cucremy CNTK (Cognitive Toolkit) [115] u orkpslia
ee ucxoiHble Koabl B 2016 roy.

Bce nepeunciiennbie cucTeMbl TyIyOOKOro 00yUYeHUs] HEHPOHHBIX CETEl MOTI'YT HCIOJIB30BaTh
JI7IsI yCKOpeHUsT 00y IeHmsT KaK MHOTOSIIEPHBIE ITPOIECCOPhI, TaK 1 yckopuTean Borauciennit GPU
(Brurouas onruMusnpoBannyto 6ubanoreky cuDNN). [Ipudaem cyimecTBeHHBIM TPEMMYIIIECTBOM
SIBJISIETCS TO, ITO HET HEOOXOIMMOCTH TIePEIeIbIBATEH MpoTpaMMy, pacrnapasieanBanue ua CPU
u GPU soinonusiercs apromarudecku. Cucrembl Caffe u Theano gomnoiHuTeIbHO HOAAEPXKUBAIOT
yckoputesu Intel Xeon Phi, koTopbie Tak2Kke MOMOTaIOT CyIIECTBEHHO COKPATUTDH BPEMst 00y IeHU T
riy6okux HeifipoHHbIX cereii [116]. [Touru Bee cucremsr, kpome Theano, MOXKHO UCHOIB30BATH JIIsT
pacIpejieJIeHHOTO 0Oy UeHUsI HEHPOHHBIX CeTell Ha BBIYUCIUTEIbHBIX KJIACTEPAX.

B pomosiHeHWe K ONMHMCAHHBIM BBIIIE CHCTEMAaM MOYXKHO OTMETHTb TakyKe OHbJIMOTEKY
Keras [117], koropasi mpejocrasisier yjAoOHBIi U HPOCTONH B HMCHOJB30BAHUU IIPOIPAMMHbII
unTepdeiic A1 obyueHust IyOOKUX HEHPOHHBIX cerefl. Keras He sBJIsieTCs caMOCTOSITEIbHOM
cucreMoii, a paboraer moeepx Theano, TensorFlow miu CNTK. B 2016 rony Keras Brirounsiu B
coctas TensorFlow.

3acayKUBAIOT BHUMAHUsI TaKXKe W HOBble OHOIHMOTEKM TIJIyOOKOro OOydeHUs, CO3IaHHBIE
HeZaBHO, HO Habmpatoniue nomyaspHocts. Cucremsr PaddlePaddle [118] (cosmana kommanmeit
Baidu) m MXNet [119] cnenmanbio paspaGoraHbl it 00ydeHUs NIyOOKHX HEHPOHHBIX cereil
Ha pacipe/ieJeHHbIX Kiacrepax. Bubianoreka Neon [120] paspabarsiBanacs koMmnanueit Nervana.
[Tocste mokynku Nervana kommnanueii Intel, Neon craja oaHo#t n3 caMbix OBICTPO PA3BUBAIOIIIXCS

oubsmorek ¢ nojyep:kkoii yckopureseit GPU u Intel Xeon Phi, a Takke 60IbITIM KOJITIECTBOM
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Tabauna
[Tporpammubie cucTeMbl 0byUeHUs TIyOOKIMX HEHPOHHBIX CeTeil
CsoiicTBO Caffe Theano TensorFlow | Torch CNTK
Baszosprii aspix | CH+ Python C++ Lua C++
API C++ Python C++ Lua Ct+, C#
Python Python Python Python
Meuorosiiepabie | + + + + +
CPU
GPU + + + + +
Xeon Phi + + — — —
Pacmpenenennoe | + — + + +
obyenue
Pazpaborunk [enTp VYuusepcurer | Google Ponan Microsoft
KoMIIbioTepHOro | Mompeasis Komnabepr
3peHus u
0Oy IeHMsT
Bepknu
OTKpBITHIE + + + + +
KOJIbI
OO6yuennbie + — + + +
cern

BCTPOEHHBIX IIPEIBAPUTEILHO 00yueHHBIX HelipoHHbx cereii. MXNet m Neon mokasbiBaioT

XOpOIIIFe pe3yJIbTaThl Ha TecTax npousBoauTeabrocTu (111, 121].

SaKJ/II0oueHue

C MoMmeHTa BO3HMKHOBEHUsI HEHPOHHBIX ceTell MPOU30IIJI0 MHOIO HU3MEHEHHil B UX
ApXUTEKType U MeTosax oOydeHus. B HacTosiiee BpeMst TOMUHUDYIOMIAMHI STBJISTIOTCST JTBA THITA,
APXUTEKTYP: CBEPTOUYHBIE CETU, KOTOPBIE YCIEITHO MPUMEHSIOTCS JJI 3a/1a9 KOMITHIOTEPHOTO
3pEHMUsT, ¥ PEKYPPEHTHBIE CETH, AKTUBHO UCTIOIBL3YIONIHECs JIs 38789 00pabOTKU €CTECTBEHHOTO
SI3BIKA.

Pannune cBeprodnbie cetw 00yvaauch IMyTeM KOMOWHAITMU OOyYeHHS C yduTesgeM u 0e3
yauresisd C HUCIOJIb30BaHUEM aBTOKOJAWPOBIINKOB U I‘Hy6OKI/IX ceTeit JOBEpHI. COBpel\/IeHHbIe
METOJIbI, TAKHEe KaK OCTATOYHOE OOYUeHWe, ITO3BOJSIOT HCIOIL30BATH TOJBKO OOyUeHme ¢
yUYUTeJEM U OTKA3aTbCd OT IPeJI00ydYeHusi, 4TO YCKOpseT M YIPOIIAeT IPOoIlecC OOy4YeHus.
TaK)Ke BaKHBIM HallpaBJICHUEM B Pa3BUTHUU CBEPTOYIHBIX HeﬁpOHHbIX ceTell sIBJIIeTCs nepeaada
obyuenusi (transfer learning) [122]. DToT mOAXO[ NpeEIOIAraeT MCIOJL30BaHUE HEHPOHHBIX
cereil, 00OyYEeHHBIX HA OJTHUX JAHHBIX, /IS PEIIEHUS JIPYTUX TUIOB 3aJ1a49. [Ipu 9ToM puMeHsieTcst
TOHKasl HACTPOKa ceTu u J000yUeHre Ha JAHHBIX OT HWHTEPECyIoIeil Hac 3a1aun. B pesyabrare
COKpAIlaeTCs BpeMsi OOyYeHHUS U pACHIUpsSeTcs O00JIACTb NPUMEHEHHS IIPEIBAPUTEIHHO
00yYeHHBIX HEUPOHHBIX ceTeil. IlepcreKTUBHBIM TaKKe SIBJISETCS COBMECTHOE HCIIOJIb30BAHUE
CBEPTOYHBIX M PEKYPPEHTHBIX HEPOHHBIX ceTeil ¢ obydeHneM ¢ mojakperuieanem [123].

Jst 3amad oOpabOTKM €CTEeCTBEHHOTO sA3bIKa, u 0Oojee 0OIero ciaydas o0paboOTKu

TIOCJIe/IOBATEIHbHOCTEN, B HACTOMAIEEe BPEMsl HCIOJB3YIOTCS PEKYPPEHTHbIE HEWPOHHBIE CETH.
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Cpemn nux wHambosee 3(PpEPEKTUBHBIMEU SBJIAIOTCS CETH JOJITO-KPATKOCPOYHONW IMaMSITH U
yIIpaBJisieMble PeKYyppPEeHTHbIE HEfPOHHBIE CeTH, T.K. OHU IO3BOJIAIOT 3allOMUHATH HHTEPECYIOIINe
cobbITus Ha JuTeabHOe BpeMst [124]. JlomosHuTeIbHBIM TPENMYIIIECTBOM PEKYPPEHTHBIX CeTeit
SIBJISIETCST BOBMOXKHOCTH OOydeHusi 6e3 yauresiss u 0e3 IpeaBapuTeNbHO Pa3MEdeHHOro Habopa
JIAHHBIX.

[MIupokoe pacupocTpaHeHne TPAKTUIECKOTO MIPUMEHEHHMSI HEHPOHHBIX CeTell SIBJIAeTCS
BOBMOXKHBIM 0OJ1arofapsi HaJUYIAI0 OOJIBIIOrO KOJUYECTBA TOTOBBIX PEIIEHUN i O0yIeHUs
riybokux HeifipoHHbIx cereit [109, 112-115, 117-120], B TOM duncie ¢ BO3MOXKHOCTBIO
HCIIOJIB30BaHUsI COBPEMEHHBIX MHOT'OSIIEPHBIX IIPOIECCOpPOB, yckoputeseit Berancienuit GPU u

Intel Xeon Phi, a Takke BLIYUCIAUTENIBHBIX KJIACTEPOB C PACHPEIETIEHHON TaMAThHIO.
Paboma noddepoicarna npoexmom YpO PAH Ne 15-7-1-8.
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At present, deep learning is becoming one of the most popular approach to creation of the artificial
intelligences systems such as speech recognition, natural language processing, computer vision and so on. The
paper presents a historical overview of deep learning in neural networks. The model of the artificial neural network
is described as well as the learning algorithms for neural networks including the error backpropagation algorithm,
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which is used to train deep neural networks. The development of neural networks architectures is presented
including neocognitron, autoencoders, convolutional neural networks, restricted Boltzmann machine, deep belief
networks, long short-term memory, gated recurrent neural networks, and residual networks. Training deep neural
networks with many hidden layers is impeded by the vanishing gradient problem. The paper describes the
approaches to solve this problem that provide the ability to train neural networks with more than hundred layers.
An overview of popular deep learning libraries is presented. Nowadays, for computer vision tasks convolutional
neural networks are utilized, while for sequence processing, including natural language processing, recurrent
networks are preferred solution, primarily long short-term memory networks and gated recurrent neural networks.
Keywords: deep learning, neural networks, machine learning.
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B nammoit pabore paccMaTpuBaeTCs aKTyaJIbHas Ha JAHHBIE MOMEHT IpobJjieMa reHepaiuu Habopa HeYeTKUX
MpaBUJI JJjisi CHCTEMBI HEYETKOTO BBIBOMA MaMgaHW Ha OCHOBE UHCIOBBIX JAHHBIX, MOJIyY9aeMBIX B IIPOIECCE
obyueHUsT ympaBjsieMoil cucrembl. [IpeiaraeMblii B cTaThbe MOJXO0J K PEIIEHUIO JaHHONW MpobJjieMbl 6a3upyercs
Ha aJI'OPUTMAX YETKOW U HEYETKON KJIACTEPH3allM, TAKMX KAaK AJI'OPUTM TOPHOM KJIACTEPU3AIUU U AJITOPUTM
I'ycradcona—Keccensi. OH mo3BOIsIeT 3HAYUTETBHO YIIPOCTUTD MPOIece (pOpMUPOBAHUS HAOOPA HEIETKUX TTPABUIT
¥ MUHUMU3UPOBATD yYaCTHeE YeJIOBEKA B 3TOM ITPOIIECCE, MTO3BOJISIS ABTOMATUIECKU TO0UPATEH KOJIUIECTBO TPABIUII,
a TaKXKe OIPeJIeJIsiTh BCe HEOOXOIMMbIE ITapaMeTpPhl KaXKJI0ro u3 Hux. Jljis peajn3anuu mpe i KeHHOIO TOIX0/Ia
OBLIN HAIMCAHBI JIBE€ KOMIIBIOTEPHBIE TPOrPaMMbl. IlepBast n3 HuUX COOMpAET YUCJIOBBIE JAHHDBIE IPU yYIPABICHUN
YeJIOBEKOM I'yCEHUIHON Tejiexkkoi. Ha ocHOBe cOOpaHHBIX JAHHBIX 3Ta MPOrPAMMa CTPOUT 0a3y HEUYEeTKUX MPABUIT
VIpaBJIEHUs] TYCEHUYHBIM Iaccu. JTa 06a3a HEUYeTKUX IIPABUJI UM €€ KOMIIbIOTEDHAsl Peasu3alys B JaJIbHelemM
HCIIOJIB3YETCs BO BTOPOH IIPOrpaMMe J1Jisi aBTOMATU3UPOBAHHOTO yIIPABJIEHUsI MOOUIIBLHBIM POOOTOM HA I'YCEHUYIHOM
ITACCH HA TJIOCKOCTHU TIPY TIOMOIIY U3MEHEHUsI CUJIbI TSITH KaK 10 U3 TYCEHUI[ B 3aBUCUMOCTH OT TIOJIOYKEHUS eI,
K KOTOPOi1 poGOT JIOJIKEH NMPUOJIN3UTHCS Ha 33 JaHHOE PACCTOSHUE.

Karoueswie caosa: cucmema HEYEMKO20 8616004, HEYEMKAA KAGCMEPUSAUUS, KOMNOIOMEPHAA DEANUSAUUS.
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BBenenue

Mobunbable pobOTHI  HA T'YCEHUYHOM IMACCH IPUMEHSIOTCS B YCJIOBHAX  IJIOXOM
npoxoguMocTu. VX ypaBHeHHS JBUXKEHHUS CYIIECTBEHHO OTJIMYAIOTCH OT ypPaBHEHWI
JBUYXKeHUsT pOOOTOB Ha KojecHOM Imaccu. CyIIecTBYIOT pAa3HBIE METOJIbl, C IOMOIIBIO
KOTODBIX OCYIIECTBJISIETCS CUHTE3 YIIPaBJIE€HUS MOOWIHHBIMU POOOTAMU HA T'YCEHMYIHOM IITACCH.
Hanpumep, MCHOIB3YIOTCS NPUHIUIBI U METOJbI CHHEPreTHYeCKoil Teopun yupasienus [1-4].
B macrositiee Bpemsi 60JibIIOe TIpUMEHEHHE MHPUOOPEN CUCTEMBI YIIPABJICHUsI, s PabOTHI
KOTOPBIX UCIIOJIb3YeTCsl TeOpusl HedeTKNX MHOKecTB [5]. Takast nomyisipHOCTb 0ObSICHSIETCS TeM,
YTO OHU IIO3BOJISIIOT CTPOUTDL VIIPABJICHHUE [JIs 3aJad, IJe 110 Pa3HbIM IIPUYUHAM 3aTPYIHEHO
[IOCTPOEHNE TOYHBIX MaTEMATUIECKUX MOJIeJIeil U aJIrOPUTMOB paboThl ¢ HuMu. HecomHEHHO,
HeYeTKHe cucreMbl yipasieHust [6-11] mo onrumasnbHOCTH CBOEH pabOTBI yCTYHAIOT TOUYHBIM
MaTeMaTUIeCKUM aJrOPUTMaM, OJHAKO, 3a9aCTYIO IMOCTPOEHUE TaKUX aJrOPUTMOB HE BCerja
BO3MOYKHO, JTUOO UX BBIUUCIUTEIbHA CJIOXKHOCTD CJIUIIKOM BEJIUKA, UTO e/IaeT IeJIeCO00Pa3HBIM

IIpuMEHeHue HEYEeTKOI JIOTUKU.
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OHAaKO €CThb OJMH OYEHb BaXKHBI MOMEHT, KOTODBIA 3aTpyJHSET HCHIOJb30BAHUE CHCTEM
yIpaBJIeHUs Ha OCHOBE HEYETKOI'O BHIBOAA — HAOOPBI TAKMX IPABUI HEOOX0auMO (hOPMHUPOBATH
BPYYHYIO. DTO OYEeHb TPYAOEMKHII IPOIECC, W IIOPOil OH TpebyeT OT OMHOrO MM HECKOJBKIX
3KCIIEPTOB MOAO0Pa, OTPOMHOIO HYHCJIa YHCIOBBIX ITAPaMETPOB. 1103TOMYy aKTyaJabHON SBJISETCS
33,1298 MUHUMH3AINN YIaCTUsl 9eI0BEKA, & B Uease, IOJHON aBTOMATU3AIUA IOCTPOCHUS 6a3bI
HEYETKUX NPABUJI U HOAOOpa HEOOXoMUMBbIX mapaMeTpos. ClieyeT OTMETHTh, YTO CYIIECTBYIOT
paboThl, B KOTOPBIX [IPeJIaraloTcsl periennst Takoii 3amaan [12].

[enbio paboThl SBJISETCA HMCCACIOBAHME M PEAH3alus IMOAXOHa, IPH KOTOPOM YeI0BEK
Oy/IeT NPUHUMATH YyYaCTHEe B COCTABJICHHU 0a3bl IPABUJI OIIOCPEIOBaHHO. Peanmsanus 1moaxona
BBIIIOJIHEHA Ha IpUMEpe 3aJa49d I[IOCTPOEHHMS CHCTEeMbl aBTOMATH3UPOBAHHOIO YIIPABJICHUS
I'YCEHUYHON TEJIe?KKOM.

CraTbst opranusoBaHa CJIeLyonmUM 00pa3oM. B 1mepBoM pasjiesie ONUChIBAeTCA 3ajada, Ha
IpuMepe KOTOPOil ObLI peaau30BaH HNPeIJIOXKEHHBIN IOAX0a. Bo BTOpOM pasiese IIPUBOAUTCS
OIMCAHUE HEINOCPEACTBEHHO CAMOI0 IOJXO0Ia, ODOCHOBBIBACTCS IPUYUHA €0 HMCIOJb30BAHUSL.
Tpernii pasmesn HOCBAIIECH acCIeKTaM KOMIIBIOTEPHOI pean3alud IIOCTPOCHUS Habopa HEUYEeTKUX
OpaBWI U UX HAJbHEHAIIero UCIOIbL30BaHUA. B 3aK/II09eHNN IPUBOAATCA OCHOBHBIE PE3YJIbTATHI

paboTHhI.

1. Omnucanwme 3ama4n

Nmeercst rycennyaHast Tesieskka (puc. 1) 1 HEKOTOPBIil 06bEKT, ypaBHEHHUE J[BUZKEHHsI KOTOPOI'O
Hen3BeCcTHO (11€71h). 3aaua COCTOUT B TOM, YTOOBI IIOCTPOUTH ABTOMATU3UPOBAHHOE YIIPABJICHIE
TYCEHUYHOW TeJIeZKKON Ha IIJIOCKOCTU IIPU IIOMOIIKA CHCTEMBI HEYETKOro BbIBOJa Mamjganu
[8], koTOpoe GBI 1O3BOJISLIO €My JIOPHATH IeJib, TO €CTh IPUOJM3UTHCS K Heil Ha HEKOTOPOe
3aJlaHHOe paccTogHme. B nmaHHol 3ajilade HAIPABJIEHUE JIBUKEHUS €U 33/IaeTCS UeJIOBEKOM,
a yHOpaBJIeHUE TeJIeXKKOU OCYIeCTBISeTCd 3a cYeT U3MEHEHUs MOIIHOCTH JIeBOU M IpaBoOi
ryceruripl. Koopaunarsl (z, y) I'yCEHUYHON TeJeKKH Ha IJIOCKOCTH ¥ yroJl  oBOpOTa €ro ocu

OTHOCHUTEJILHO OCH T U3MEHSIIOTCsI COTJIACHO CJIeJIyoneii cucreme ypasuenuii |1, 2, 4]:

& = Vcost
7y = Vsinf
0= w
mV = ur — Fop (1)
L= —8%2 M,
up = fr+ f!
uy = fr = f',

rne V — jmHeliHasg CKOPOCTb, W — YIVIOBasl CKOPOCTh, B — pPacCTOdHUE MEXKy I'yCEeHHIAMHU,
m — Macca TejieXXKKu, I, — MOMEHT WHepIMM OTHOCHTEJBHO IeHTpa TejiexKKu, [, fl — CHJIBI
TSITU TIPABO U JIEBOY T'YCEHUITBI COOTBETCTBEHHO, M, — MOMEHT COIpOTHBJIeHHs moBopory. Cuta

tpenust Frp B (1) Beraucisiercs no dopmyie:
Frp = kgm (2)

rie k — K03 DUIUEHT TPEHUs MOBEPXHOCTH, 10 KOTOPOH JIBUKETCS TEJIEXKKA, § — YCKOPEHHe
cBObOIHOTO Ta/IeHust. MOMEHT CONPOTUBJICHUSI TIOBOPOTY BBIYUC/ISIETCS CJIEIYIONUM 00pa30M:
pumgl

M, = 10 (3)
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rame p — KOS(b(bI/IHI/IeHT COITPOTUBJIEHU A ITOBOPOTY TEJIC2KKU, KOTOprfI 3aBUCHUT OT XapaKTEPUCTUK
IIOBEPXHOCTH, II0 KOTOpOfI JABU2KETCA TeJIC2KKa, a TaKzKe OT KOHCTPYKIIUU €€ I'YCEHUIIbI, [ — JJIMHa

T'yCeHuIbI.

U

Puc. 1. Fpach‘IeCKOG npeacTraB/JI€eHue IIOJIO2KEHU A FyCeHI/ILIHOfI TCEJIC2KKHN Ha IIJIOCKOCTHN

Caenyer ormeruTh, 9T0 B pabore [13] npuBeseHbl 6osiee MOTHbIE YPABHEHUsI JIBUKEHUSI, J1JIsI

pacCMaTpuBaEeMbIX B CTaTbhe ylIpaBJ/IAE€MbIX CUCTEM.

2. IlocTpoenme Habopa HEYETKUX MPABUJI

Kak y»ke 6bLIO CKa3aHO BBIINIE B CTaTbe, HADOp HEYETKHUX IIPABUJ CTPOUTCS Ha OCHOBE
Habopa dYHCIOBLIX JaHHBIX. [losiydaiorcss 9TH JaHHbBIE CAEIYIONIAM IIyTeM: OJUH YeJOBEeK
VIIpaBJIeT HallpaBJIeHHEM IIeJId, BTOPOii B 9T0 BpeMs, YIIPaBJIsis CUJIONH TAMM KaXKI0M U3 I'yCeHUI]
TeJIeXKKH, IBITAeTCs CIeJaTh TaK, 4TOObI TejlekKKa MNPUOIU3UIach Ha 3aJaHHOE PACCTOSIHUE.
B paBHBIE MPOMEXKYTKH BpeMeHH OepyTcsi KOOPAUHATHI IIEHTPa TEJEXKKH, yIoJl €ro IOBOPOTa
OTHOCHUTEJILHO TIeJIM W paccrosiume 0 Ienau. Takmm obOpasom, obydaromias BbIOOpKa Oyier

BBITJISAJIETD CJIEIYIOMIMM O00Pa30M:

o dhana}, o pandi} ), (4

e f7, fL — cuibl TATM MpaBoit M JIEBOI TYCEHMIIBI, @; — YrOJI TIOBOPOTA TEJIEKKH OTHOCHTEIHHO
e, d; — PaccTOosTHUE OT IEHTPa TEJIEXKKU JI0 TeJIN, 1. — pasMep obydaromnieil BbioopKu. UToOb
MUHUMU3UPOBATH (DAKTOD UEJIOBEYECKOH OIMMUOKU, B BBIOOPKY IOMAJIAIOT TOJBKO T€ MOMEHTBI
BpPEMEHU, B KOTOPbIE PACCTOSHUE 10 IeJin ObLIO MEHbIIe, JTHO0 PABHO PACCTOSHUIO 10 IEJIH B
[IPEJIBLIY AT MOMEHT BPEMEHHU.

ITocTpoenuble B TpexMepHOM HpocTpaHcTBe Habopwl Touek {fi,ai,di}, ..., {f}, an,dn}
u {f{,a1,dr}, ...,{f},an,dn} OyayT BBIIISIETL NPUMEPHO TakK, KakK IIOKA3aHO Ha DPHC. 2,
a MMEHHO, Oy/eT HaOJIoIaThCd KOHIIEHTPAIUs O0yYaloNuX MPUMEPOB B HEKOTOPBLIX 00J1acTsIX

npocrpancTBa. Vcxomss n3 maHHOro HaOJIIOIEHHUS, MOXKHO CJIeJIATh BBIBOJ O TOM, UTO MEXKY
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BxogHbME (a7, d;) m Boixomubivu (f7, fL) aprymenTtamm cymecTByeT HEKOTODAs 3aBUCHMOCTD.
Ecyin roBopuTh B TepMUHAX HEUIETKUX MHOXKECTB, TO 9TO O3HAYAET, UTO CYIIECTBYET HEKOTOPOE
[PABUJIO BBIBOJIA, CBA3BIBAIOIIEE TEPM-MHOXKECTBA apryMEHTOB, II0IaBa€MbIX HAa BXOJ, C
TepPM-MHOXKECTBAMHE, TIOJIyIYa€MBIMU B pe3yJibTaTe. DTO O3HAYAET, 9TO 3a/1a49a IIOCTPOeHHsT Habopa
HEYETKUX MIPABHUJI CBOIUTCA K Pa3dUeHNIo 00y JatoIeil BLIOOPKHU Ha 00J1acTh ¢ HanboJiee BHICOKOM

KOHIIEHTpAIHel 00yJIaronyx IpuMepoB (Ha KIacTepsl).

a

Puc. 2. CxemaTuvHoe n300paskeHne o0ydarorieil BBIOOPKU B MPOCTPAHCTBE

CylecTBytoT pasjMuHble aJrOpUTMbl pa3bueHHsi IIPOCTpaHCTBa Ha Kiacrepbl [14]. Bee
OHU JIEJISITCST Ha, aJITOPUTMBI YEeTKOM M HedeTKON KJjacTepusanuu. IIpu weTkoil KaacTepusaiun
pe3yIbTaTOM PabOThl AJTOPUTMA SIBJISIETCS HADOP HENEPEeCEeKAIONNXCsT KJIACTEPOB, IIPU ITOM
KAaXKJIBIIl 3JIEMEHT IPOCTPAHCTBA MOXKET HAXOIUTHCsI TOJBKO B OJIHOM Kitactepe. [lpu Hederkoit
KJIACTEPU3AINN TIOJTy AIONIUECT KJIACTEPBl MOLYT II€PEeCEKAThCsl JIPYT C JAPYTrOM, a KarKIbIi
3JIEMEHT IIPOCTPAHCTBA HAXOIUTCS B KAXKJIOM KJIaCTepe ¢ HEKOTOPO CTEIEHbIO ITPUHAJIEXKHOCTH
K Hemy. OueBWIHO, 4TO st pasdueHuss OOydaronieil BHIOOPKHU, IOIXOJIUT WMEHHO HedeTKas
KJIACTepU3alusl, TAK KaK TOJIBKO OHA TO3BOJIUT BBIJICJIUTD KJIACTEPHI B BUJIE HEIETKUX MHOXKECTB.

Cy1ecTByeT HECKOIBKO aJrOPUTMOB HEUeTKOH Kiacrepusanuu. CaMmble HOIMY/ISAPHBIE U3 HUX
— 3TO AJIFOPUTM HEYeTKUX c-cpejnux u ajaropurm [ycradcona—Keccens [15]. dus permenuns
3a/1a9M B CTAThe UCIOJIH3YETCs BTOPON ajropuTM, TaK KaK OH IIO3BOJISET BBIJIEJATH KJIACTEPDI
B dopMe THIEPIJUINIICOB, B TO BPeMs, KaK C IIOMOIIBIO II€PBOIO ajroOpUTMa IOJIYyYAIOTCS
KJtacTepbl B Bujie runepcdep. Kiaacrepnr B popme rumepa/uiuincoB Hanbo/iee TOTHO 0TOOParXKaoT
CBsI3b MEXKJIy KOMIIOHEHTaMHU BXoja 1 Beixoga. Opaako ajnroputM I'ycradpcona—Keccemst Takxke
nMeeTr CBOM HEJOCTaTKU. HepBbIﬁ HEIO0CTAaTOK 3aKJ/IIoJaeTCd B TOM, YTO JJId €ro pa6OTbI
HEODOXOIMMO 3HATH KOJIMIECTBO KJIACTEPOB. BTOPOIt HEOCTATOK CBSI3aH C TEM, UYTO ITOT AJITOPUTM
oueHb pecypcoemkuii. Jljiss TOro, 9T00bI MUHUMUSHPOBATEH ITPOOJIEMBI C ITPOU3BOIUTETHLHOCTHIO,

HeO6XO,HI/IMO npeaBapuTe/JIbHO HalTH HpI/I6JII/I3I/ITeJIbeIe 3Ha4YCHUA IEHTPOB KJIaCTEPOB. Takue
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3HAYCHUST UIYTCsl B CTAThE IIPU [TOMOIIU AJITOPUTMa MOPHOI Kiacrepusaiun [16], Tak kak oH He
3aBHUCHAT OT YHCJIa KJIACTEPOB U CIIOCOOEH caM UX OIPEJIe/IsTh.

YupaBjeHue CTPOUTCS HE3ABUCHUMO JIJIA JIEBOH W MPABON T'yCEHUIIbI, TTOTOMY JdaJIbHeliIee
ommncanre pabOTHI AJTOPUTMOB IOWIET Ha MPUMEpPEe IPaBOl T'yceHWIbI. JIjIsi JIeBO# T'yCeHMITHI

yIIpaBJIeHHE CTPOUTCS AHAJIOTHIHBIM O0OPA30M.
2.1. T'opnas kJjacrepmusanusd

Asiropurm  roproit  Kiacrepusanun [16] cocromr wu3 rTpex maros. Ha mepsom 1mare
OIIPEJIEJISIFOTCST TOYKK, KOTOPBIE MOTEHIIUAJBFHO MOTYT OBITH IEHTpaMu KJjacTepoB. B 3ajade
0 IEHTpPaX KJACTEPOB WM3HAYAJIBHO 33 MMOTEHIUAJIbHBIE IEHTPBI NMPUHUMAKTCSI BCE OOBEKTBI
obyuatomeit BbIGopku. O6o3HaunM ux Kak z; = {f/, a;,d;i}, i = 1,n.

Bropoit mar sakiiouaercss B pacdere TaK HA3bIBAEMOIO ITOTEHITHAJA KaXKJOW M3 TOYEK,
KOTOPBIN MOKA3BIBAET BO3MOXKHOCTH TOTO, UTO B €€ OKPECTHOCTH MOXKET ObITH cHOpMUPOBaH
kaacTep. ToUKM, B OKPECTHOCTSIX KOTOPBIX HambOOJee TIOTHO PACIONOXKEHBI JPyTHe O00bEKTHI

BBIOOPKH, 00JIaaI0T HAMbOIee BHICOKMM IIOTEHIINAIOM, KOTOPBIH PacCINTBIBAETCS 10 (hopMyie

P(z) =) exp(~a-D(zap)) ()

k=1

D (2, zi) =1/ Es R

B sroit dopmyre P (z;) — mOTEHIMA TOYKH 2, (v — IIOJIOKATEIbHAsT KOHCTAHTa, KOTOPast
XapakTepusyer MaciuTab PaCCTOSHHMS MeKIy OOBbeKTaMH W IPUHAMAETCS PaBHOW eIUHUIE,
JIeJIEHHO Ha, CpejlHee pacCTOSIHUE MEXKJIy OObeKTaMU.

Ha Tperbem 11are B KadecTBe IIEPBOTO IEHTPA KJACTEPa HA3HAYAETCS TOYKA ¢ HAMOOILIIAM
MIOTEHIINAJIOM, KOTOPYIO Ha30BeM BepIIuHON. B nmambHelinieM Jjisi OCTaBIIUXCS MOTEHIIMATBHBIX
IEHTPOB KJIACTEPOB IOTEHIIMAJILI IMEPECUUTHIBAIOTCHA, 0e3 yuera BJIUAHUS y2Ke HaIeHHO

BEPIIUHBI 10 (hOpMYyJIe
Py (2) =P1 (21) — P1(vi)exp (=B-D (2, v1)) - (6)

3eck v1 — BepIIMHA, HaliJleHHAsT HA IEPBOM dTale ajaropurma, Pj (z;) — moreHnuass ToYky,
paccuuTanHblil Ha BTOpOM miare, P (z;) — HOBBIi IIOTEHIUAI TOUKH.

JanpHefimmii  mporecc mnepecdera IIOTEHIUAIOB M BBIIEICHUS IEHTPOB KJIACTEPOB
IPOJIOJKACTC UTEPAIMOHHO J0 TeX IOp, HOKa 3HAYCHHe HAXOAMMBIX BEpIIMH IIPEBLIIAeT
HEKOTOPBLI 3adaHHbIi opor. IIpu penrennn 3a1a49u B KA9eCTBE MOPOra ObLIO BLIOPAHO 3HAYCHHE
HOTEHIAIA TIepBOil BepiHbl Py (v;), JeJIeHHOe TOIOIaM.

[Tosryuennbie mpu TOMOIIN aJITOPUTMa TOPHOH KJIaCTePU3AINN IEHTPHI KJIACTEPOB, KaK OBLIO
CKa3aHO BBIIIE, I/ICHO.HI)SYIOTCH KaK HpI/I6JII/I3I/ITe.HI)HbIe Ha4vaJIbHbIE€ SHAQUYEHUA INEHTPOB KJIaCTEPOB

B ajroputme ['ycradcona—Keccers.

2.2. Aaroputrm I'ycradpcona—Keccens

Anropurm I'yeradeona—Keccens [15] siBiistercst paciimpeHHBIM BApUAHTOM CTAHIAPTHOIO
aJrOPUTMa HEYETKUX C-CPEJHUX C UCIIOJIb30BAHUEM & IAlITUBHON HOPMBI JIJIsd KaXKJI0T'0 KJacTepa,
YTO MO3BOJIET OITUMU3UPOBATH C €0 IIOMOIIbIO HE TOJBKO KOOPJAMHATHI IEHTPOB KJIACTEPOB,
HO HOPM-TIOPOXKJIAIONTHE MATPHUILI BCEX KJIACTEPOB. ITO MO3BOJISET BbIJIEJIATh KJACTEPHI

IIPOU3BOJILHON POPMHEL.
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HQJIIDIO aJITOPpUTMa ABJILACTCA TaKOE€ pPa3MEIIEHUE IMEHTPOB KJIaCTE€POB, KOTOPOE ABJIACTCHA

perenneM cJjeIyIomeit 3a/1a4un:

K
ZZU?}dQ (zj,¢) = min, 0 <w; <1, Zuij =1 s Beex j = 1,n (7)
i i=1

3necb K — 4mCIIO KJIACTEPOB, ¢; — LEHTD ¢-TO KJIACTEpa, 1M — CTENEHb <«Pa3MBbITOCTH»
KJ1acrepa (0OBIYHO IPUHUMAETCS PABHOM 2), U;j — CTelleHb IPUHA/IIEKHOCTU j-TO BEKTOPa, i-My

KJIaCTEePy, & PACCTOSHUE MEXKJLy BEKTOPOM T; U C; ONPEACNIACTCS KaK

d(wj,¢;) =||zj—cill :\/($j—0i)TAz’ (xj—ci).

Hopwm-tiopokatortieii B JIAHHOM — CJIy4ae  SIBJISIETCS  CUMMETPUYHAsT  TOJIOYKUTETHHO
olpenejieHHas MaTpuna A;, KoTopasd Ha HadaJbHOM 3Tale 3alloJHAeTCs CIydYalHbIMU
sHavueHnsiMu u3 uHTepBasia [0,1], a HavYaJbHble 3HAUEHHs C;, KAK y»Ke YINOMUHAJIOCh paHee,
BBIUKCJISIIOTCS TP [IOMOIIY aJIPOPUTMa MOPHOMN KJIACTEPUBALIMH.

C ydueToM mpuMeEHEHHs MeToJla HeOoUpeJe/eHHbIXx MHoxKuTeseit Jlarpamka [15] pemrenue
sagaqn (7) CBOJIUTCS K CJIEIYIONIEMY AJITOPUTMY.

Ha mepBom mare dopmupyercss marpuria Ko3p@OUIIMEHTOB MPUHAIIEXKHOCTEH BEKTOPOB K

KJjiacTepaM
1
(7 = —- ( 8)

S (Geaed) ™

,Haﬂee OIIPpEeAEJIAIOTCA HOBbIE KOODJANMHATHI IEHTPOB KJIaCTEPOB 110 (1)OI)MYJI6

N
A_ijl xjuijm
Cl—Nim. (9)
D i1 Ui

3arem JjIst KaXKJI0r0 [EeHTPpa KjaacTepa OpMUPYETCs MaTpPUIla KOBapuaIuii

N

si= Y uf} (wj—c;) (zj—c;)". (10)

=1

C ee IIOMOIIILIO HaXOAATCA HOBBLIC MaCH_[Ta6I/IpyIOHLI/Ie MaTPpHUIIbI

A;=Y/det (S;) -S;t. (11)

Ecnmu uamenenmst 1eHTPOB KJ/IACTEPOB W MaTPHI[ KOBAPHAIMK HE IPEBBLIIMIAIOT 3apaHee
3aJJaHHOTO ITOpora, TO paboTa aJrOPUTMa CUYUTACTCS 3aBEPINEHHON. B IpOTHBHOM ciiydae uX

SHAYCHHA IIePECINTBIBAIOTCA, HAUNHaA C II€PBOTO IIara.

2.3. ®opmupoBaHuUe HADOpa HEUYETKUX ITPABUJI

Paz6us 00y4aioniyto BbIOOPKY Ha HEYeTKHE KJIACTePbl U HaIs MEHTPbl TaKUX KJIACTEPOB,
crpouTcst HAGOp HedeTKuX IpaBuil. Jljist KaxKkJoro Kjacrepa BCe €ro TOYKHU IIPOEIUPYIOTCH
HA KaxK/Jyl0 OCb, COOTBETCTBYIOILYIO BXOJIHBIM apryMeHTaM, U 3HAYEHUsIM, HOJYYaeMbIM Ha
Boeixogie (puc. 3). st KaxK/10if Takoii IPOeKIu CTPOUTCsT TPEYroJIbHOe HedeTKoe duciio (I, ¢, )
[10]. Ero siapom ¢ siBisiercst TOYKa ¢ KOOPJAMHATON COOTBETCTBYIONIETO INEHTPA KJACTEpa HA

manaoit ocu. Ywumcjaom | OymeT HamMeHbIas KOOPAWHATA BEKTOPa M3 OOydaroniell BHIOOPKH Ha
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f
A
_a
An(a)
1
Ai
_ a

Puc. 3. [Ipoeknus kyacrepa Ha och u (popMupoBanue OYHKIUNA TPUHAJIE2KHOCTH

paccMaTpUBaeMoil OCH, IIONABIIEro B KJjacTep. AHAJOMMYHO, UHCJIOM 7 OyIeT HauOOJIbIIAast
KOOpAMHATA BEKTOpa U3 KJIacTepa 10 OCH.

[TocTpous TakuMm 00pa3soM (YHKIUHA TPUHAIIEIKHOCTH JJIsi KayKIOro KJiacTepa, MOXKHO
cdopMmpoBaTh TpaBmia. BXoAHBIM mapameTpaM  a;,d; W BBIXOAY f; COOTBETCTBYIOT
TepM-MHOXKecTBa A;, B;, C; ¢ TpeyrosbHbIMEA (DYHKIUSME IPUHAJIEIKHOCTH, HANHIeHHBIMEI
[I0CJIe MPOEKINK KJIACTEPOB Ha COOTBETCTBYyMOMmMe och. [IpaBmiio 6ymer BBIIVISIETh CJIeLY oMM
obpazoM:

eciu a; ectb A;, d; ectb Bj, 1o f] ectn Cj. (12)

Bo3MOKHBI cotyuan, KOrjia 1ocJie IPOEeKIUU KJIACTePOB Ha KaKylo-1mbo n3 oceii, mapaMeTpbl
HOJTydaeMbIX (QYHKIUI [IPUHAJIEKHOCTH OTJINYAIOTCH HE3HAYUTeJbHO. B TakoMm ciydae
HoJIydaeMble TepM-MHOXKeCTBa 00beuHsIoTcss. B KadecrBe sigpa Gepercst cpejHee 3HaYEHHE
BCEX TAKUX TOYEK B OODbEAMHSAEMBIX (DYHKIHMSX, & B KadeCcTBe 4uces | U T — MHHIMAJILHOE
¥ MaKCUMAaJbHOE 3HAYEHHe W3 JIeBBIX M MPABBIX IPAHUI] COOTBETCTBeHHO. K mpumepy,
TepM-MHO’KeCTBO Aj ¢ mapamerpamn ¢ynknun npuxasieskaocta (0;5;10) u TepM-MHOKECTBO
Ay (0.05;4.96;10.1) 6yayT obbeaunens! B HoBoe MHOkecTBO A3 (0;4.98;10.1).

3. IlporpammMmHas peaja3anus

Pemenne samadn yrnpapiieHUsT T'yCEHUIHON Tese:KKOi OBLIO peaim30BaHO B BHUIE JIBYX
mporpamMM, HalmcaHHbIX Ha si3bike C# B cpene paspaborku Microsoft Visual Studio 2015.

I'pacduaeckuii maTepdeiic 0benx mporpaMM OJMHAKOB U IIOKa3aH Ha puc. 4.
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CbpocnTb

Puc. 4. I'paduueckuit uarepdeiic peasn30BaHHLIX TPOTPAMM

Ilepast mporpamma mpeaHa3HadYeHa JJisi (POPMUPOBaHUsT OOydJarOIeil BBIOOPKU U
dopmupoBanust Habopa 6a3bl HedeTKuxX HpaBuj. COOP JIAHHBIX OCYIIECTBJISIETCS CJIETYIOIINM
00pa3oM: TepBBII UTPOK IIPHU MTOMOIIU KOMITBIOTEPHON MBIIIHN 33/IeT HAIIpABJIEHUE IeJIH, BTOPOil
WIPOK B TOT MOMEHT IIPHM IIOMOIIM MUHM J>KOMCTHUKOB Ha KoOHTpoJuiepe Microsoft Xbox 360
YIPABJISET CHJION TATW KAaXKJIOM M3 TYCEHWI TEeJEXKKH TAKUM 00pa30M, dTOObI MaKCHUMAJbHO
npubM3uThCst K 1eau. depe3 paBHbIe NPOMEXKYTKA BPEMEHH IIPOrpAMMa 3alliChIBAET B
MaCCUB TaKHe IapaMeTphbl, KaK CHJa TATW JIeBOW H TPABOH TYCEHUIbI, PACCTOSHHE OT
[EHTPa TEJeXKKHU JI0 [EeJIU, YroJ IIOBOPOTA TEJIEXKKHU OTHOCHTEebHO meiu. [lo ucredenun
3a/IAHHOTO BPEMEHH IporpaMma (QOpMHUPYET Ha OCHOBE COOPAHHOI'O MAacCHUBa JAHHBIX 0a3y
HEYETKUX IPABUJI W 3aIlUCBIBaeT ee B ocobom dopmare B txt daitn. [Ipumep mocTpoeHHBIX
TEpM-MHOYKECTB JIJIsT HedeTKOW mepeMenHoit angle m3obpasken ma pmc. 5. Angle, distance,
left TrackPower, rightTrackPower — nasBanusi HeueTkux ImepemeHHbIX (puc. 6); very small,
big u np. — HOJIyYUBIIKECH TEPM-MHOXKECTBA C IapaMeTPaMU COOTBETCTBYIOMUX UM (DYHKIIHI
npunajiexknocry; if (angle is very small) and (distance is big) then (rightTrackPower is small)
— [OJIyYMBIINECs [IPaBU/Ia HEYETKOrO BbIBOJA (pHC. 7).

Bropas mnporpamma mnpuHHMaeT Ha BXOJ CrEHEPUPOBAHHLIN txt daiis, KoOTOpBIH B
JIAJIBHERTIIEM UCIIOJIB3YET JIJIsT aBTOMATU3UPOBAHHOIO YIIPABJICHUSI TYCEHUTHON Tesiexkkoit. [locite
HazkaTust Ha KHOHKY "Crapr'lenbio Bce TaK »Ke yIpaBiseT JeJOBEeK, 3ajaBasl HallpaBJIeHUe
JIBUYKEHUST TTOCPEJICTBOM KOMITBIOTEPHOI MBIIIH, & CHJION TATW T'YCEHUI] YIPABJISIET IPOrpaMMma
[IpU TIOMOIIHA [TOJIy YeHHON CHCTEMbI HEIETKOTO BBIBOJIA.

TectupoBanme BTOpPOil NpOrpaMMbl ITOKA3aJ0, YTO TPACKTOPHUS JIBUXKEHUsI TEJEKKH,
YIPAaBJIgeMOll TpHU oMo cHOPMUPOBAHHBIX HEYETKUX I[PABUJ HE OINTHMAJIbHA, HO BIIOJIHE
npuemiema. OObICHSIETCS ITO TEM, UTO TPABUIA CTPOSITCS Ha OCHOBE JIAHHBIX, MOJTYIEHHBIX

Ipu yupaBJIEHHU TEJIEKKH I€JIOBEKOM, KOTOPOE€ TaKzKe JaJIEKO OT MACAJIbHOTO.
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1 —

B
0.8
0.6 — —
0.4
0.2 — 1
0 L ' ' : ' : J
-200 -150 -100 -50 0 50 l1o0 158 200

Puc. 5. 'pacdudeckoe n3obpazkeHne TepMOB IIepeMeHHOI angle

angle, -180, 180

very =mall

-1830, -180, -82 3621637063856

=mall

-142 637336293614, -95.6378362936144, -12 3621637063856
Irean

-27.6378362036144 -5 63783620361430, 31.6378362036144
big

10.362163 70638356, 84 3621637063856, 148 37336203614
very big

86.3621637063856, 180, 180

Puc. 6. [Ipumep chopMUpOBaHHBIX TAPAMETPOB JIJI TepMa angle

if (angle is very _small) and (distance is big) then (rightTrackPower is small)

if (angle is mean) and (distance iz small) then (rightTrackPower is very_ big)

if (angle is very small) and (distance is small) then (rightTrackPower is small)
if (angle is small) and (distance iz small) then (rightTrackPower is small)

if (angle is big) and (distance is small) then (rightTrackPower is very big)

if (angle is very big) and (distance is big) then (rightTrackPower is very big)
if (angle is mean) and (distance is big) then (right TrackPower is very_ big)

if (angle is very_big) and (distance is small) then (rightTrackPower is very_big)
if (angle is big) and (distance is big) then (rightTrackPower is very big)

Puc. 7. Ilpumep chopMupoBaHHBIX HEUIETKUX IPABUI s nepemennoit rightTrackPower

Chnemyer ormMeTuTh, 4T0 (PYyHKIMOHAJIBHOCTD, KOTOpast OTBevYaeT 3a (popMmupoBaHue 0Oa3bi
IPABUJI U [IOCTPOEHUE yIPABJICHUS HA €€ OCHOBE ObLIN PeaJIM30BaHbI B OTE/ILHONI OHbJIMOTEKE,

9TO O3Ha4Ya€T BOBMOXKHOCTD €€ IIPUMEHEHNA IJIdA PelleHrud CXOXKHUX 3a1a4.
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SaKJ/IroueHue

B pabore wmcciemoBan moaxon Ajsi (pOpMUpPOBaHUs HaOOpa HEYETKUX IIPABHUJ IO HADOPY
IUCJIOBBIX JIAHHBIX.

Pabora mamHoro momxoma ObLTa  IPOAEMOHCTPUPOBAaHA  Ha  MIPUMEPE  PEITEeHMS
ABTOMATU3MPOBAHHOTO YIPABJICHUST TYCEHUIHON TemexKoi. lms sToro ObLIO peamm3oBaHO
JIBE TIPOTrPaMMBbI, OJHA U3 KOTOPBIX MMO3BOJISET YEJOBEKY IOJyINTh 0a3y HEUeTKUX MpaBuj 0e3
HEIIOCPEJICTBEHHOI'0 PYYHOr0 Habopa 9THX HPABUJ U M0I00pa HEOOXOINMBIX IapaMeTPOB.

NccnenoBannblii oaxo 1 MO3BOJISIET MUHUIMA3UPOBATE YIACTUE Ye/I0BeKa ITPU (DOPMUPOBAHUN
CUCTEMbI YIIpaBJICHUI, OCHOBAHHOII Ha HEYETKOM BBIBOJIE, TaK KaK IIO3BOJIZAET aBTOMaTHUYECCKU
OIIpeJIejIATh HeO6XOILHMO€ KOJIMIEeCTBO HEYETKHUX IIpaBUJI U IIO,ZL6I/Ipa,Tb COOTBETCTBYIOIIIUE HNM
napaMerpbl. YIpaBjeHHe, OCYIIEeCTBJISEMOe IMPU HOMOIIM (OPMUPYEMBIX HEUETKUX IIPABUII,
HE OINTUMAJIBHO, OJHAKO, BIIOJIHE MOXKET OBITh HUCIOJB30BAHO, TaK KaK JOCTATOYHO TOIHO
COOTBETCTBYET YIIPABJIEHUIO CO CTOPOHBI Y€JIOBEKA.

B nanbHeiinem miaHupyeTcs: u3ydenne mpobsieMbl TIOCTPOEHUsT Habopa MpaBuii ¢ DYHKITUSIMEI
[IPUHAJJIEXKHOCTH PA3HOIO BHJA (TPANeNueBHIHOIO, CUTMOUJIAJIBHOIO U JIP.), a TaKkKe
pazpaboTKa MOIX0/I0B, KOTOPBIE MTO3BOININ ObI ONTUMU3NPOBATH TAPAMETPHI YKe MMOCTPOCHHOTO

Habopa IpaBuI.

Paboma svinoanena npu noddepoicke 2parma Ponda nEPCNeKmMuUSHbIr HAYYHOLE UCCAEI08AHUT

PI'BOY BO «UYeasaburcrui 2ocydapemeernud yrusepcumems (2017 e.).
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In this paper, we consider the problem of generating a set of fuzzy rules for the Mamdani fuzzy inference
system based on numerical data obtained in the learning process of a managed system. The approach proposed in
the article to solve this problem is based on algorithms for clear and fuzzy clustering, such as the mining clustering
algorithm and the Gustafson — Kessel algorithm. It allows you to significantly simplify the process of forming
a set of fuzzy rules and minimize the participation of a person in this process, allowing you to automatically
select the number of rules, as well as determine all the necessary parameters for each of them. To implement the
proposed approach, two computer programs were written. The first of them collects numeric data when a person
manages a robot. Based on the collected data, this program builds a base of fuzzy rules for controlling mobile
robot on a tracked chassis. This base of fuzzy rules and its computer implementation is further used in the second
program for automated control of a mobile robot in the plane by varying the tractive force of each of the tracks
depending on the position of the target to which the robot should approximate a given distance.

Keywords: fuzzy inference system, fuzzy clustering, computer implementation.
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BospmuHECTBO  METONOB  HMHTEJIEKTYaJIBHOTO  AHAJMW3a TEKCTOB HCIOJIB3YIOT BEKTOPHYIO  MOZENb
[IpeJICTaBJICHNs] 3HAHU. BeKTOpHas MOZEIb HCIOAb3yeT dYacToTy (Bec) TepMa, dTOOBI OIPEIEJUTH €ro
BaXKHOCTh B JIOKyMEHTE. 1e€pMbI MOTYT OBITH CXOXKU CEMAHTUIECKU, HO OTIHYATHCS JIEKCUKOTPAMUIECKH, UTO,
B CBOIO OYepesb, NMPUBEJET K TOMY, UTO KJIACCU(UKAIUsI, OCHOBAHHAsI Ha YACTOTE TEPMOB, HE JIAaCT HYXKHOTO
pe3yJbTaTa.

[Ipuannoit omubOK SBJISIETCST OTCYTCTBUE yUeTa TAKUX OCOOEHHOCTEH €CTECTBEHHOTO SI3bIKA, KAK CHHOHUMUS
u nosmmcemusi. Heyder 3Tux OCOOEHHOCTEl, a WMEHHO CHHOHUMHUM W IOJUCEMUU, yBEIMYMBAET Pa3MEPHOCTH
CEMaHTHYECKOI'O IIPOCTPAHCTBA, OT KOTOPO# 3aBHUCUT OBICTPO/EHCTBHE KOHEYHOI'O IIPOTPAMMHOIO IIPOAYKTA,
pa3pabOTAHHOTO Ha OCHOBe aJjropuTtMma. Kpome Toro, pesyiapTraTbl pabOTHl MHOTHX AJTOPUTMOB  CJIOXKHO
BOCIIPUHUMAIOTCS SKCIIEPTOM TIPEIMETHOM 00/IaCTH, KOTOPBIN MOATOTABINBAET 00y YOIy BEIDOPKY, 9TO, B CBOIO
o4depe/ib, TAKKe CKa3bIBAETCs Ha KadeCTBe BbIJAYU aJIlOPUTMA.

B pabore mpemiaraercs Momesnb, KOTOpasi IIOMHMO Beca TepMa B JOKYyMEHTe, TaK K€ WCIIOIb3yeT
«CeMaHTHIeCKuil Bec TepMmay. «CeMaHTUIECKUt BeC TEPMOB» TEM BBINIE, YeM OHHM CEMAHTUIECKU OJIIKE APYT
K ApyTy.

Jyisi BBIYUCTIEHUS CEMAHTUYECKOH OJIM30CTH TEPMOB OyIeM WCIOIb30BATh AJIAITAIUIO PACIIMPEHHOTO
agropurma Jlecka. Meroa pacuera ceMaHTHYECKOH OJIM30CTH COCTOMT B TOM, 9YTO JJIsi KAaXKJOTO 3HAUCHUS
paccMaTpUBaeMOro CJI0Ba HOJACYUTHIBAETCS YHCJIO CJIOB YIOMSIHYTBIX KaK B CJIOBADHOM OIIPEJIeJIEHUN JaHHOT'O
3HadeHnst (IPEIIIOJAraeTcs, 4TO CJIOBAPHOE ONPEJEJEHUE COAEPXKUT OIUCAHUE HECKOJIBKHUX 3HAYECHUIl CJIoBA),
Tak U B OJmKaifliieM KOHTEKCTe PacCMaTPUBAEMOroO CJIOBa. B KadecTBe Hambosiee BEPOSTHOIO 3HAYEHUS CIIOBA
BBIOMPAETCSI TO, [IJIs1 KOTOPOI'O TAKOE ITePecedeHne 0Ka3aI0Cch 6obie. BeKTopHas MOJEIb € yIeTOM CeMaHTUIeCKO
OJIM30CTH TEPMOB PEIIAeT IIPOoOJIEMY HEOIHO3HAYHOCTH CHHOHHMMOB.

Karouesvie cao8a: unmentexmyaivhoili GHAAU3 MEKCMOo8, BEKMOPHAAL MOOEAD, CEMAHMUMECKAA BAUZOCTID .
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BBenenue

BosbmuacTBO METONOB 1OAO0PA IEPCOHAJIBHBIX PEKOMEHIAINN HMCIOJIb3YIOT BEKTOPHYIO
MOJI€JIb TIPEJICTaB/IeHUs 3HAHUU. 3ajada 1o00pa MePCOHABHBIX PEKOMEHIAINN 3aKJII09aeTCs
B cuexayiomieM. IlycTh mMeercst BBIOOPKA TEKCTOBBIX JAHHBIX (HAIPHMEpP, TOBapbI, YCJIyTH),
GOpMHUPYEMBIX T0JB30BATEISIMA, KOTOPbIe HEOOXOIMMO 00paboTaTh W CHUCTEMATU3UPOBATD.
[Tycte Tak Ke wuMeeTcst BBIOOPKA JAHHBIX IOJb30BaTeseil (HAIpUMeED, IOKyTaTesei,
[IOCTABIIMKOB) TaK K€ IPEJCTABICHHAS B TEKCTOBOM Brjie. TeXHUTIECKNX OTIMYIUIT MEXK/TY JIBYMS
9TUMU BBIOOPKAME HET, Pa3/IiMdusi CKopee wuieoJiormvdeckue. IlepBas BeIOOpKa — 3TO TO, UTO
MBI HCIIOJIb3YeM JJIsi IIOCTPOEHUsI MOJEJM, & BTOpas — TO, JJjisd Yero Mbl aHaJU3UPYEM C
ucnojb3oBanneMm Mozeu. Heobxoanmo obpaboTarh BBIMIEYKa3aHHBIE TAHHBIE TAKHUM 00Opa30M,

9TOOBI MOXKHO OBLIIO MX UCIIOJB30BATH JJIsI OBICTPOrO 0A00pa IEPCOHANBHBIX PEKOMEH AN /Ts
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JIIOO0T0 TOJIB30BaTe Is1. 1Ipr 3TOM TaHHBIE MEXKJy KATErOPUSIMU PAaCIIpeeeHbl HepaBHOMEPHO,
U I[IOJIb30BATENM HE3aBUCUMO OT UX IPEeAIOYTeHUH BCEraa rapaHTUPOBAHHO JOJIXKHBI IIOJIYYUTh
BBIOODKY PEKOMEHIAlMi onpeaeaeHHoro obbema. Ha IpakTHke OYeHb YacTO BCTPEYAIOTCS
TEKCTOBBIE KOPILYChl, HEPABHOMEPHO pacIpeleeHHble MeXKIy KarTeropusMu. Kareropuum B
JIAHHOM CJIydae — 3TO HEKHe IPYIIbI, YKCJIO IPYII KOHEYHO M U3BECTHO 3apaHee, KOTOPbIe
GOPMUPYIOTCsT CIENUAINCTOM B IIPEeIMETHON 00/1acTH.

BekropHasi MOJIeJIb UCHOJIb3yeT Bec (YacToTy) TepMa, d4To0bl OIPEeJIUTh €r0 BayKHOCTb B
,ILOKyl\IeHTe. TeprI MOI‘yT 6I)IT]:> CXO02K1 CEMaHTUYIE€CKHN, HO OTJINIAaTHCA .)'IeKCOFpaCbI/I“IeCKI/I7 9TO B
CBOIO Oo4epelb IIpuBe/IeT K TOIVIy7 qTo K.HaCCI/I(bI/IKaIlI/IH OCHOBaHHasd Ha YaCTOTe TepMOB HE JacCT
HY>KHOI'O pe3yJIbTaTa.

Joxymenm B BEKTOPHOH MOJE/M PACCMATPUBAETCS KaK HEYIOPSJI0YeHHOe MHOMXKECTBO
TEepMOB. Pa3jn4abiMi CriocobaMu MOXKHO OIPEIE/NTh BEC TEPMa B JOKYMEHTE — <«BasKHOCTbY»
CJIOBa, JJIsl UACHTU(UKAIMHA JAHHOrO TeKcTa. Halpumep, MOKHO IPOCTO HMOACIUTATH KOJIUIECTBO
yInoTpeO/ieHnii TepMa B JIOKyMEHTe, TaK Ha3bIBAEMYyIO YacTOTy TepMa, - YeM dYallle CJIOBO
BCTpevYaeTcss B JOKYMEHTe, TeM OoJbInii y Hero Oymer Bec. Ecim TepM He BCTpedaercsi B
JIOKYMEHTE, TO €r0 BeC B 3TOM JOKYMEHTe PaBeH HYJIIO.

Bce TepMmbl, KOTOpBIE BCTPEYAIOTCA B JIOKYMEHTaxX o00OpabaTbiBaeMOil KOJUIEKIMH, MOXKHO
yIOpsiaounTh. Eciinm Temepb IJIsi HEKOTOPOrO JOKYMEHTa BBINKCATHL II0 IMOPSAKY Beca BCEX
TEPMOB, BKJIIOUas Te, KOTOPBIX HET B 3TOM JOKYMEHTE, IOJIYIUTCS BEKTOP, KOTOPBIA 1 Oymer
[peJICTaBJIeHIeM JaHHOIO JOKYMEHTa B BEKTOPHOM IIPOCTPAHCTBE. PasMepHOCThb 3TOr0 BEKTOPA,
KaK I pa3dMEpPHOCTh IMPOCTPAHCTBA, PaBHA KOJMYECTBY PA3JINYHBIX TEPMOB BO BCEH KOJIJICKIUN,
U ABJIAETCA OILI/IH&KOBOI';'I JJId BCeX ILOKyMeHTOB.

Bosiee dopmasibio 3T0 yTBEpKIECHNE MOXKHO MPE/ICTABUTL B BUJie (DOPMYJIDL:

—

di = (Wi1, W2, -y Win) (1)
e d; — BEKTOPHOE IIPEJICTABJICHHE i-T0 JIOKYMEHTA, W;j — BEC j-Io TepMa B i-M JOKyMEHTe, N
— 00lIee KOJIMYECTBO Pa3/IMYHBIX TEPMOB BO BCEX JOKYMEHTAX KOJIICKIH.

Mmuorue wuccienoBanust [1-3] Ha Temy permieHust 1pobIeMbl JIEKCHIECKONH MHOIO3a9HOCTH
IPEeIJIaraloT HCIO0JIb30BaTh CEMAHTUIECKYIO CBSA3AHHOCTb U CEMaHTHYeCKHe Mepbl. lIpumensis
0a30Bble MPUHIUIIL CEMaHTHIECKOIO aHAJN3a MOXKHO YJIYUIIUTH ITPOU3BOAUTEILHOCTD METOIOB
MHTEJUIEKTYaJbHOTO II0A00pa IIepCOHAJbHBIX pekoMeHmarmii. Hampumep, B peaamsaiun
uzBecTHOl cemanTuueckoit ceru WordNet [14], paspaborannoit B [IpuncroHckOM yHEUBEpCHTETE,
HCIIOJIB3YIOTCST TaK Ha3bIBAEMBIE «CHHCETHI» — CHHOHMMHUYECKHE PsIIbl, OObEIUHSIONNE CJIOBA
CO CXO2KHUM 3HAYEHUEM. Ka}KﬂbIﬁ «CHHCET» COJCP2KHUT CIIMCOK CHMHOHMMOB MJIN CHHOHUMMMWYIHBIX
CJIOBOCOYETAHUN 1 yKa3aTeJII/I, OIIMCBhIBAaIONIre OTHOIICHMA Me)KILy HUM 1N ﬂpyFI/II\/II/I «CHUHCETAMU ».
CroBa, uMeroIue HeCKOJIBKO 3HAUYEeHM, BKJIOUAIOTCS B HECKOJIBKO «CHHCETOB» U MOTYT OBITH
NPUIUCTCHBI K PA3JUIHBIM CUHTAKCUIECKUM U JIEKCUYIEeCKUM KjiaccaM. Takoit mmomnxosr maet 6osee
TOYHBIE PE3YJILTATHI B CPABHEHUM C KJIACCHYECKON BEKTOPHOI MOJEJIBIO IIPEACTABICHNS 3HAHUIA.

[Toxoxkast TeXHUKA TpeJCTaBseT cODON O0TOOparKeHWe TEPMOB JOKYMEHTa B UX <«CMBICT»
1 cocTaBiieHne (PyHKIMOHAIbHBIX BEKTOPOB JoKyMeHTa. B repmunax CYB/I sTo o3nagaer, 4To
BCEM CJIOBaM, UMEIOIIUM OJMH U TOT YK€ CMBICJI IPUIIACHLIBACTCS HEKUI NAeHTU(MUKATOP, KOTOPLIi
B CBOIO OYepe/b U CTAHOBUTCH TepMOM. KOHEeUHO, KauecTBO 00y UeHUs YIIyIIIaeTCsl, OIHAKO OILIT
HCIIOJTb30BAHUS TOI TEXHUKHU MOKA3bIBAET, UTO YJIydIlIaeTcst OHO He3HadnTesbHo [10, 15].

B crarbe mpemjiaraercst Apyroil MOAXOM — BBIUYMUCIEHHE CEMAHTHYECKON OJIM30CTH TEPMOB

(BeKTOpHAsT MOJIEJIb CeMaHTHIECKOil Om30cTH TepMoB). JlaHHAs MOJE/b, HOMEMO Beca TepMa
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B JIOKYMEHTE, TaK K€ UCIOJIb3YET «CeMAHTUUIECKUil Bec TepMay. «CeMaHTHIeCcKuil BeC TEPMOB»
TeM BBIIIe, YeM OHU CEMAaHTUIEeCKU OJIMKE JIPYT K JIPYTY.

L1 BBI9HUC/IEHNS] CEMAHTHIECKO OJIM30CTU TEPMOB UCIIOJIB3YETCs aJIAIITAIUS PACIITHPEHHOTO
anropurma Jlecka [4]. auublii meros cocrour B ciemyromem. Jljisi KaxKJIoro 3HaYeHUs!
paccMaTpPUBAEMOI'O CJIOBA IOJICYUTHIBAETCS UUCJIO CJIOB YIHOMSHYTBIX KAaK B CJIOBAPHOM
OIIPEJIeJIEHNN JJAHHOT'O 3HAYEHUs, TAK U B OJIMKANIIIEM KOHTEKCTE PACCMATPUBAEMOTO BXOXK JICHUS
cimoBa. B kadecrBe HamboJsiee BEpPOSITHOTO 3HAYEHHUS BBIOMPAETCS TO, JjIs KOTOPOIO TAaKOe
mepeceveHne OKa3aaoch DoJibiiie. BekTopHast MOEIb CeMaHTHIECKON OJIM30CTH TEPMOB peIaeT
HpO6.HeMy HeOJHO3HAYHOCTHU CUMHOHNMOB. OHbIT HNCIIOJIB3OBaHUA ,ZL&HHOI;'I MO/ieJIn IIOKa3bIBaeT, 9TO
3 HEKTUBHOCTh MHTELIEKTYAJIHLHOTO MOA00pa TEPCOHAIBHBIX PEKOMEHIAINN 1I0 CPABHEHUIO C
HCIIOJIB30OBaHUE CTaH,Z[apTHOfI BeKTOpHOﬁ MOJeJIN 3HaAYUTEJIbHO IIOBLIIIAETCHA.

Hesibto gaHHON pabOTHI SBJSIETCS Pa3padOTKa W UCCAEIOBAHUE AJITOPUTMA, BBIUUCICHUS
CEMAHTUYECKON OJIM30CTH U €ro UPUMEHEHHUs JJIsi IOBBINIeHNs 3MPEKTUBHOCTH M0I00paA
[EPCOHAIBHBIX peKoMeHjiaruil. B paszzesne 1 HacTosIneil CTaTbu TPOU3BOJUTCS TOCTAHOBKA
3a/1a9l  YCTPAHEHHUS JIEKCUYIECKONH MHOTO3HAYHOCTH. B pa3siesie 2 ONUCHIBAIOTCS W3BECTHBIE
[OJIXO/bI K YCTPAHEHUIO JIEKCHYECKON MHOrO3HaYHOCTH. B pazjiese 3 OIHUCHIBAETCS AJTOPUTM
[EPEOIIPE/IETICHUS KJIACCUIECKOTO Beca TEPMa B BEKTOPE JIOKYMEHTA JIJIsi yIeTa CeMaHTUIECKUX
cBA3El MeXJy Kaxkoil mapoit TepMoB. B pasgene 4 omnmcbiBaeTcs CIIOCOO BLIYHC/IEHUS
CEMAHTUYECKO} OJIM30CTH € TIOMOIIIBIO a/IAlTAIlNA MeTo/a Jlecka, OCHOBAHHBIH Ha UCIIOJIb30BAHUH
cemanTndeckoit B WordNet. B pasmene 5 mpuBOANTCS OpHUMEP HUCIOJB30BAHUS AJITOPUTMA
Ha TEKCTaX PA3JIMIHBIX IIPEJIMETHBIX 00JIacTeil, a TaK Ke OIEHUBAeTCs ero 3(pHeKTUBHOCTD.
B SaKJIIOYEHUN IIOABOJATCA HUTOI'M MCCJIeJOBaHMHgA, OIMCBIBAIOTCA HEIOCTATKHU IIPEIJIOZKEHHOI'O

ajropuTMa u (GOPMYyJIUPYIOTCS HAIIPABJICHUS JJIsT JAJbHEHIIINX UCC/IeI0BAHUN.

1. IlocranoBKa 3aJa91 YCTpaHEeHUuA JIEKCUY€eCKOI
MHOT'O3HaAYHOCTN

[Tpobaema cHATHS JTEKCUIECKON MHOTO3HAYHOCTH MOYKET OBITH mepedOpMY/INPOBAHa TaK XKe,
KaK 3a/[aua MAaKCUMU3AIUN C UCII0JIb30BaHneM (hopMasn3Ma CKpbIThIXx MapkoBckux Mozeseit [5].
IIycte T — MHO>KECTBO TepMHUHOB, M — MHOXKECTBO 3HAYEHUI, COOTBETCTBYIOIIUX TEPMUHAM.
st mocsieioBaresibHOCTH TEPMUHOB T = {11, ..., t, }, T Vit; € T, 3a/a9a COCTOUT B HAXOXK JICHUH
HanbGoJiee BEpPOSITHOI 110CJIeI0BATEIBHOCTH 3HAYeHUd [ = {m;,...,my}, tae Vi m; € M,

COOTBETCTBYIOIIECH BXOJHBIM TEPMUHAM.

ji = g, P ) = arg, (0 )

[TockobKy BeposITHOCTH P(7) Jjisl BXOJHON MOC/IEI0BATEILHOCTH SIBJISIETCS BEJIMINHOMN
[OCTOSIHHOI, TO 3aJ1a4a CBOJUTCS K MAKCUMU3AIMU YUCTUTENs, yKazaHHOro B opmyte (2). s
peIenust 3TOr0 ypaBHEHUS JIeJTaeTCsd MapKOBCKOE ITPEIIOJIOYKEHNe, UTO 3HAaUYeHNE 1-TO TEPMUHA

3aBHCHUT TOJIBKO OT KOHEYHOI'O YHCJa 3HAUEHHN AyuxX TEPMHUHOB [6]

n
fo=arg, | [ Pmilmi-1, ..., mi_g) P(tilm;) (3)
i=1
rie k — IopsaI0K MOJIeJIH.
Muoxkuresn paseHcTBa (3) OmpeneisdioT CKpbITyio MapKOBCKy0 Mojeab k-ro HOpsijka,

riae H&6.HIO,IL€HI/IH COOTBETCTBYIOT BXOJ/JHBIM TE€PMHHaM, COCTOAHUA COOTBETCTBYIOT 3HAYCHUAM
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TepMuHOB, P(m;|m;_1,...,m;_;) — BEPOSITHOCTb Tepexojia Mexkiy cocrosausmu, P(t;|m;)
BEPOSITHOCTD IOsIBJIEHUsT TEPMUHA t; B KasKIOM COCTOSIHUM 77%;.

JlabHeiiniee UCIIOIB30BAHNE JTAHHON MOMENM CBSI3aHO CO 3HAYUTEHLHBIMH TPYIHOCTSMHA,
B JACTHOCTH C Pa3peKEeHHOCTHIO si3blka. Hampumep, ITOOBI HOCTPOUTH MOJENTb MTEPEX0Ia st
MapKOBCKOIT MOJIeJIM IIEPBOrO IOPSAIKA, HEOOXOINMO OIEHUTh BEPOSTHOCTH KAXKIOW IMaphl
COCTOSIHWI, YTO /I [JAHHONH 3aJadd CBOAWTCA K BEPOSATHOCTH BCTPEYU JBYX TEPMHUHOB
B KOHKDETHBIX 3HadYeHUsiXx BMecTe. J[jist 3a1adnM ycTpaHeHHUs! JIEKCHIECKOH MHOTO3HAYHOCTH
npobJieMa OIEHKU IapaMeTPOB MapKOBCKONM MOJE/N sIBJISIETCS HETPUBUAJILHON 3ajiadeil. DTo
cBaA3aHO C Oosbmmmu obbeMaMu obpabaTbiBaeMoil mHOpMAIU, TO €CTb C OO0beMaMmu
[IpEeJICTAaBICHHBIX 3HAHUI U C TEM, 9TO CJIOBA B TEKCTE HA €CTECTBEHHOM SI3BIKE PACIIPEIEISAIOTCS
He paBHOMEPHO, a 110 3akoHy nnda [7]

3akon Ilunda — sMIOupHYecKasli 3aKOHOMEPHOCTH PAaCIpeleseHns] YaCTOThl  CJIOB
€CTECTBEHHOI'O $3bIKA: €CJHM BCE CJIOBA SI3bIKA YIOPAJOYNTH II0 YOBIBAHMIO YACTOTHI HUX
HCIIOJIb30BaHUs, TO YaCTOTa -I'O CJIOBA B TAKOM CIIMCKE OKarKeTCs MPUOJIM3UTEHHO 00paTHO

[IPOIIOPITMOHAJIBHOM €0 MOPSIKOBOMY HOMEDPY ¢.

2. Iloaxonpl K ycTpaHEHUIO JIEKCUMYECKOI MHOTI'O3HAYHOCTH

BosbImuucTBO 0/1X0/I0B K YCTPAHEHUIO JIEKCUIECKON MHOTO3HATHOCTH CBSI3aHbBI C PA3BUTHEM
OTPOMHBIX 0a3 3HAHUHU, CO3JaHHLIX Bpy4YHyIO, Taknx kKak WordNet. Moxno ykazaTb Ha
OYEBUJIHBII HEJOCTATOK TAaKOI'0 IOJX0Jda — OrPAHUYEHHOCTH OOJIACTH NPUMEHEHUs JTAHHBIX
METO/IOB, IIOCKOJILKY PYYHOE MOJAepKaHe 0a3 3HAHUHN B AKTyaJIbHOM COCTOSHUU SIBJISICTCS OU€HD
CJIO2KHOI M TPYyJA03aTpPaTHOU 3a1avell.

Ecim B cemaHTHYeCKOl ceTH, Ha OCHOBE KOTOPOH POM3BOIMUTCS AHAIN3 (HAIPUMED,
WordNET) ucnonb3yiorcst pas/indHble 3HAYEHMsI /I MHOIO3HAYHBIX CJIOB, TO sl AHAJIU3a
He0OX0 MO obecriedeHre aBTOMaTHIECKOIO BRIOOPa MEXK Y STUMHA MHOTO3HAYHBIMU CYIIIHOCTSIMHI
[7]. O6bI4HO B TAKKX CIIy9asx UCIOJIB3yeTCsl HAMBHBIA METOJI, KOTOPBIH BHIOHpaeT HanboJee 9acTo
BCTPEYAIONIYIOCsS CYIHOCTE. OYeBHIHO, YTO UCIOIb30BaHNIE TAKOIO II0IX0/1a JAJIEKO OT heasa 1
B psiJie CIy9aeB MOXKET J1aBaTh HEOObEKTUBHBIE PE3Y/IbTATEI. aCTUIHO 3Ta MpobieMa PeIaeTcs B
KOHIIEIIINN «YHIBEPCAJTHLHOIO TEPMUHOJIOTHIECKOTO MPOCTPAHCTBAY, OJJHAKO ITOKA O KaKO-11mb0
peanu3aIun TOro MPOCTPAHCTBA HEM3BECTHO.

JlpyruM TIOAXOMOM K PENIeHHuIO MPODJEeMbl JIEKCHIECKOW MHOTO3HATHOCTH — SBJISIETCS
HCIOJIb30BaHIE BHEITHUX WCTOYHUKOB jaHHBIX. C pasBurmem cetu VIHTEpHET IOSBUIOCH
OTPOMHOE KOJIMIECTBO JOKYMEHTOB, KOTOPBIE CBI3aHbI MEK Iy CO00It runepccblikamu. Hampumep,
B pabore [8] paccmarpuBajach BO3MOXKHOCTH HUCIOJIB30BAHUsI I[VIOOAIBHON SHIMKJIONE N
«Bukuneausi» B KauecTBe aHHOTUPOBAHHOIO KOpityca i obyuenus MapkoBckoit momesu. Js
METOJI0B, UCIIOJIb3YOIIIX JIAHHBIH IT0/IX0/T, OYeHb YaCTO IIPUMEHSIOT ajroput™M Jlecka. Ajropurm
OCHOBAH HAa MPEJIIOJOKEHUHN, YTO MHOTO3HAYHOE CJIOBO U €r0 OKPYKEHUE OTHOCATCA K OIHOI
Teme [4].

Bce Bhoimeonrcannble METOIBI U aJITOPUTMBI TaK MJIM MHAY€ OCHOBAHBI HA BHEITHUX JAHHBIX
U UMEOT OJWH OOIIui HEeIOCTAaTOK. B OCHOBe BCeX 3THUX aJI'OPUTMOB SIBHO WJIM HESIBHO
JIEZKUT TPEJIOJOXKEHNE, UTO CYIIECTBYIOT OJHO3HAYHBIE TEPMUHBI, Ha OCHOBAHUU KOTOPBIX
B IIOCJIEICTBHH OIIPEIESIOTCS MHOTO3HAYHBIE TEPMHUHBI. DTO B CBOIO OYepelb COCTABJIAET
OTPOMHYIO TPOOJIEMY, TOCKOJIBKY B HECHEIUAJTH3NPOBAHHBIX TEKCTAaX, TAKMX, KaK O0bsBJICHUS
0 momncke paboThl, HOBOCTHBIX CTATbsIX, yYIACTBYIOT TOJBKO MHOTO3HAYHBIE TEPMUHBI, JTHOO

IMPpUCYTCTBYIOMINE OJHO3HAYHBIE TEPMWHBI cJ1aDO CBS3aHBI C TEMOI JOKYMEHTa U MOT'YT OBITH
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pacIieHeHbl KIaCCH(PUKATOPOM, KaK CTOI-CJI0Ba. DTOT (PaKT IMIPUBOJAUT K TOMY, 9TO TOYHOCTH 1
5b@EKTUBHOCT YKA3aHHBIX METOJIOB B 3HAYMTEJILHON CTENEHH YXY/IIAeTCsl IPU UX IIPHUMEHEHUH
JUTs KaccuduKanun Bakancnii win Hosocreit [10].

Jnst  n3baBieHnss OT  JIGKCHYECKOH MHOIO3HAYHOCTH TaK K€ HCIOJIB3YIOTCS  MEpbI
CeMaHTHIeCKOil cBst3HOCTH. OTMETHM, ITO CeMaHTHIeCKasl OIM30CTh U CEMAHTHIECKAs! CBI3HOCTD
— 9710 pasHble ToHATHA. CeManmuueckan 6AU30CMb ABIISETCS TACTHBIM CIIy9acM CEMaHTHIECKOIT
cBst3HOCTH. CeManmuveckas C6A3HOCMb — STO KOJIMYECTBO CBsi3€il, C IIOMONIBIO KOTOPBIX
cBsi3aHbl JiBa cjioBa. llepednciium Hambosiee M3BECTHBIE CIOCOOBI BBIUUCJIEHHs] CEMAHTHYECKON

CBA3HOCTU.

1. Mepa Jluxoxa— Hodopoy
Mepa Jlukoka u Yogopoy [12| ocHoBana HA BBIYMCJIEHUU JJIMHBI IIyTH MEXKJy TEPMAaMHU.
Kparuaiiimmm myTem oT 0{HOr0 TepMHUHA K JAPYTOMY CUUTAETCS IIYTh, KOTOPBIH HCIIOIb3yeT

HanMeHbIlnee KOJIMYIEeCTBO COCEIHUX TEPMOB. ﬂaHHyIO MEPY MO2KHO IIpeacTaBUTb B BHIE

cJretyroreit hopMyJIbL:

relatedjep, = (t1,t2) = max [—log (L(t1,t2)/(2- D))] (4)

riae L(ty,te) — Kparyaiiimas [IMHHA IyTH (HANMEHbIIEe KOJMIECTBO Y3JI0B) MEXKIY JBYMS
repmamu, [ — MakcuMmasibHas TUIyOMHA (MAKCHMAJIbHOE KOJMYECTBO Y3JIOM OT KOPHEBOI'O
yai1a, b0 KOJIMIEeCTBO Y3JI0B J10 OJirkaiiiniero obmero npeaxa [12]).

2. Mepa Iewa
Berancienne mepbt ema [12] mogo6ro Bhrumciaenuto Mmeps! JInkoka—4omopoy, ocHOBHOE
oT/yIMdre 3aKJ/IIvaeTCcd B TOM, YTO IIOHUCK KpaT'—IafIH_[eFO IIyTH OCYHIIECTBJIACTCA MEKIY
TepMaMH 110 IPOU3BOJILHBIM TUIIAM CCHLIOK.

3. Mepa Jluna
Beramciienne ceMaHTHYIECKOil CBSIBHOCTH C IOMOINBIO Mepbl JInHa OCHOBaHO Ha TeopeMme
6mmsoctn. OHa racuT, 9TO OJM30CTH MEXKJY JByMsl TEpMAaMH MOYKHO BBIUHCIHTL C
HOMOIIBI0 KOI(DhUIIEHTa OTHOIIEHHST KOJMIECTBA TEKCTOB (KOPILYCOB), B KOTOPBHIX TEPMBI
BCTPEYAIOTCS BMECTE K IaCTOTE UX BCTPEIAEMOCTH B OIIPE/IEICHIAX.
OtrcyrcrBre OOIMX TEPMUHOB MEXKIY JBYMS JOKYMEHTAMH €Ille He O3HAYaeT, YTO OHU
SIBJISIIOTCsT AOCOJIIOTHO HECXOKUMH. TepMUHBI MOTYT OBITH CHHTAKCHIECKH DA3JIMIHBI, HO B
TO K€ CaMoOe BPeMsl CEMAHTHIeCKH OdeHb Om3Ku. [lasbHeiiee pa3BuTHe MeTOA aHAIN3A

JaHHBIX 6y,ZL€T OCHOBaHO MMEHHO Ha 9TOM YTBEPXKICHUU.

3. IIpensaraembrii aJroputMm

YT00BI yUecTb CEMAHTHIECKYIO CBSI3b MEXKJy TEpMUHAMU, BEC TEPMUHA B JIOKYMEHTe OyemM
pacCYUTHIBATh HECKOJIBKO HHa4de, 4YeM B KJIACCUYECKOU BEKTOPHOU MOJEJN MpeICTaBICHUS
suanuii. Tepmunom (Tepmom) OyjeM Ha3bIBATH CJIOBO, 0OpabOTAHHOE € IIOMOIIBIO CTEMMeEpa
[Toprepa [9] u He comepkareecs: B CIIUCKE CTOII-CJIOB.

Hacrpoiika BecOB TEPMOB IIPOU3BOJIUTCS C TIOMOIIBIO BEIYUCICHUS CEMAHTHIECKONH OJIn30CTH
CBABAHHBIX TePMOB. CUUTAETCs, YTO TEPMUHBI CBSI3aHDI, €CJI OHU HAXOSTCA B OJTHOM JIOKYMEHTE
B HEIOCPEJICTBEHHON Osm3ocTu Apyr K aApyry. HoBeiil Bec TepMa pPacCUNTBHIBAETCS CJIEJTYOIIIM

obpaszoM:

Wat, = war, + Y similarity(ty, to) (5)
tiFts
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rJie Wq;, — Bec TepMa B JIOKyMeHTe d JI0 HACTPOIKH, Similarity — cemanTHdeckass OJHM30CTH
TepMOB t1 W l, paccunThIBaeMast C IOMOIIBIO aJAITAIlMd pacIIupeHHoro Mmeroja Jlecka.
CyMMupoBaHue ITPOUCXO/IAT 110 BCEM TepMaM JOKyMeHTa d.

DTOT mIAr HepeorpeiesiseT KIACCUIEeCKUl BeC TepMa B BEKTODE JOKYMEHTa U YUUTHIBAET
CEMAHTUYIECKNE CBSI3W MEXKJy KayKJoi mapoit TepmoB. [T BBIMHUCICHWS WMCXOTHBIX BECOB
TEPMOB B JJOKyMeHTe OyjeM UCI0Jb30BaTh Mepy tf.idf. Bec HEKOTOPOIo CJI0Ba MPOIOPIIHOHAIEH
KOJIMYIECTBY YIOTPEOIIEHUST 9TOTO CJIOBA B JIOKYMEHTE, W OOPATHO MPOMOPIIMOHATEH YACTOTE
ynorpebJieHusl CJI0Ba B JIDYIUX JoKyMeHTax Kojuteknuu [11]. Mepa tf.idf repma t B 0KyMeHTe
d BBIYHCJIAETCS CJIEJLYIONIUM 00Pa30M:

D]

. (d, ) = (60 0) + 1) In s (6)

re df (t) — JMOKYyMEeHTHasl 4acToTa TepMa, TTOKA3BIBAIOIIAsl KOJIMIECTBO JIOKYMEHTOB, B KOTOPHIX
BeTpevaercs TepM, tf (¢, d) — auciio nosiieHnit repma t B JOKyMeHTe d, HOpMAJIU30BaAHHOE OOIIUM
KOJIMYECTBOM TE€PMOB B JIOKyMeHTe d, |D| — obIiee KOJMIeCTBO JIOKYMEHTOB.

[Iperaraercst MCIOB30BATE MUMEHHO STy MEpY, IOCKOJIBKY OHA IPHUIUCHIBACT OOJIBIINE
Beca TepMaM, KOTODBIE PEJIKO BCTPEYAKTCs B 0Dydaroliell BBIOOPKE, HO YacTO B HEKOTOPBIX
KOHKDETHBIX JIOKyMeHTax. tf.idf naer npumepHo Ha 14% 06osjee TOUYHBI pe3ysibrar, YeM
crangapTHas Mepa tf, OCHOBaHHAasi HA YacTOTe TepMa B jloKymenTe [11].

B [2] nokazano, uTo Kaxkas M3 KaTeropuii 06bIMHO IIPEICTABICHA MHOYKECTBOM «0a30BBIX»
CJIOB, a OCTAJIbHbIE CJOBA SIBJIAIOTCH CJIUIIKOM ODOIIMMM, YTOOBI OIIPEMEJISATh KATErOPUIO.
[TpearaeTcss MCHOIB30BATH OOIME CJIOBA JIJIsi MOBBINICHUST 3HAYUMOCTH (BECOB) «Ha30BBIX»
cjoB. JlaHHOE pelllenne B 3HAYUTEIbHOM CTENeHN YTy YIlNNIIO PE3YIbTAThI II0A00pa IEPCOHATBHBIX
PEKOMEHTAl, TTOCKOJIBKY TPHU MCIOJB30BAHUHU STOTO IOIX0JIa ONpeeieHre TPUHAJIEXKHOCTH

JOKYMEHTa HEKOTOPOI KATErOPUHU IIPOUCXOIUT 00Jiee TOTHO.

4. Pacuompennsiii ajgroputMm Jlecka

Opurunanbabiii anropurm Jlecka [13| npeycmarpuBaeT uCob30BaHRE TOJBKO CJIOBAPHBIX
3HAYEHUN AaHAJM3UPYEMOrO0 CJIOBa U K€ €ro OJIMXKAUIIEro KOHTEKCTa. DTO SBJISETCS
CYIIECTBEHHBIM OIPAHUYEHUEM, IIOCKOJIBKY CJIOBAPHBIE OIpPEJEICHUs KAaK MPABUJIO SBJISIOTCS
OY€Hb KOPOTKUMHU, U BJIMSAIOT HA PACCUUTAHHYIO 10 aJroputMmy Jlecka GJIM30CTb CJIOB TOJBKO
kocsenHo [13]. Eciu B3sTh Juisi npuMepa ofHy u3 caMbIx KpynHbix 6a3 s3naxuit WordNet, To
CpeJiHssl JJIMHA OIIpe/IeIeHNsI CJI0OBA B CJIOBApe paBHA BCEro ceMu cjioBaM |[5.

Pacmupennsiit meron Jlecka pacimpsieT olnpejiesieHnsi CPABHUBAEMbBIX CJIOB M BKJIIOYAET
OTIpeJIeJIeHNsT CJIOB, KOTOPbIE CBA3aHbI CO CPABHUBAEMBIMH CJIOBAMH. DylIeM CYUTaTh, ITO IBa
TepMUHA TIOXOXKH, €CJIM UX OIIPEJeJIEHNs COJIepKaT MOXOXKHUe CJI0Ba. B caMOM IIPOCTOM CJIydae

paciupennbiit MeTot JIecka MOXKHO BBIPpa3UTh CjedayIomieil popmysioii:

similarityeziresk (t1,t2) = overlap(gloss(t1), gloss(ta)+
overlap(gloss(hyppo(t1)), gloss(hyypp(ta))+
overlap(gloss(hyppo(t1)), gloss(ta))+
overlap(gloss(t1), gloss(hyppo(ts2)))

(7)

rae overlap(ty,ta) — KOJIMYECTBO COBHAJEHWIT MexKjy tepmamu t1 u to, gloss(t) —
onpesiesierne tepMa t, hyppo(t) — rUmepoHUM CJIOBa, HAIpUMep Jyisl CJIOBa <«KPaCHBII»

TUTIEPOHUMOM SIBJISIETCSI CJIOBO «IIBET», t1 W t9 — TE€PMUHBI.
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B xnaccuueckoit Bepcunm asgropurMa Jlecka THIEPOHUMBI He WCIOJNB3YIOTCS, OJHAKO WX
HCIOJIb30BAHNE 3HATHTEILHO YIIydIIaeT KadecTBO Bbliadnm ajroputMma. B paborax (3| u 6]
HCITOJIb3YIOTCSI CHHCETDI U THIEPOHUMBI n3 anruniickoit Bepcun WordNET, Ho curceT BeiOnpaercs
COTJIACHO HAWBHOMY METOJY, TIOCJI€ Uero BBIOMPAETCS COOTBETCTBYIOIIWIT CHHCETY TUIIEPOHUM.
DKCIEPUMEHTHI TPOBOIMIINCEH HA HECKOIBKIX HE3ABUCUMBIX OOIIETOCTYTHBIX BHIDOPKAX. ABTODEHI
JAHHBIX PabOT CJeaal BBIBOJ, UTO WCIOJb30BAHNE TUIECPOHUMOB IPUBEIO K YIYUIIEHUIO
KageCTBa pabOThI KIacCupUKaTOpa Ha BCeX 00ydalomux MHOKECTBaX. Kpome Toro, BBISICHIIOCH,
YTO IIPUMEHEHME THIIEPOHUMOB IIOYTHU BCET/Ia YIyUIlaeT KadeCcTBO PabOThI KJacCupUKaTOpa Mo
CPABHEHUIO C IIPUMEHEHHUEM TOJIbKO CHHCETOB [3].

['urepoHUMBI CJIOB JJIsT TTIEPBOHAYAJIBHON OIEHKM MOXKHO B3SITh, HAIIPUMEpP, B POCCHUICKOI
Bepcun WordNet, pazpaborka koTopoii ocymiectsisiercs: B [leTepOyprckoM yHuBepcurere myreit
COOOIIIEHNSI.

5. OreHKa pe3yJabTaTOB

B ucxoubiii ajgropurm [15] BHECEHBI N3MEHEHUs, O3BOJISIIONINE OBBICUTEL (D HEKTUBHOCTD
MEeTO/Ia, W KadeCTBO Pe3yJIbTUPYIONiel BbIOOpKH. /laHHble M3MEHEHUsT XapaKTePU3YIOTCsT WHBIM
CIIOCOOOM BBIYUC/IEHUST BECOB TEPMOB Ha dTalle MOCTPOCHHUSI BEKTOPHBIX MOJIeIei.

Hnst  omenkn 3hEGHEKTUBHOCTH  AJIrOPUTMa,  KJIACCHU(MUKAIINT TPEACTABIEHNUsT SHAHMUIL,
UCIIOJIb3YIONIYI0 CEMAaHTHYECKYIO OJIM30CTH TEPMOB, 110 CPABHEHUIO C UCXOJTHBIM AJTOPUTMOM,
OblLiTa TpOBEepeHa paboTa AATOPUTMOB Ha, PA3INIHBIX MHOXKECTBAX TEKCTOB: O0bABJIEHUsT O paboTe,
HOBOCTH, JINTePATypPHbIE aHHOTAIINH.

B Tabs. 1 npencraBieHbl cBeJIeHUSI O BHIDOPKaX.

Tabaumna 1
CsefieHust 0 BRIOOpKax
Bri6opka Koma-Bo TekctoB | Kon-Bo kar. | Pacnpenenenue
O06bsiBieHust 0 pabore okoJio 700 ThIC. 17 HEepaBHOMEPHOE
Hosoctn 0K0J10 1,2 MJTH. 10 paBHOMEpPHOE
Jluteparypubie anHoTanyuu | 0Kojo 20 ThIC. 13 paBHOMEPHOE

B xagecTBe Mep OIEHOK pe3y/IbTaTOB HCIIOJIb30BAINChH F-measure u purity:

precision - recall

(8)

F-measure = 2 - — ,
precision + recall

rae precésion — KOJIMYECTBO IIPpaBUJIbHBIX PE3YJ/IbTATOB B BblJIa4€ aJlOpUTMa, recall — O6HL€€

KOJIMYE€CTBO PE3yJibTaTOB BbIJaYHU.

purity(W,C) = E max |w, U ¢, (9)
J
k
rge W — MHOXKECTBO JOKYMEHTOB, wj — k-blil JokymeHT, C' — MHOXKECTBO KaTeropuii
(MHO’KECTBO JOKYMEHTOB, OTHECEHHBIX KJIACCH(DUKATOPOM K Kareropuu k), ¢; — MHOMKECTBO

JOKYMEHTOB, OTHECEHHBIX K KATEIOPUU j SKCIEPTOM.
B Tabs. 2 mpencraBiienbl pe3yIbTaThl JaHHBIX OIEHOK. B3AThI cpegHne 3HAYEHUsT OIEHOK 15

TEKCTOB.
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Tabauma 2
Ornenka pe3yabTaToB pabOThI aJArOpUTMa KJIACCUPUITAN
Ucxonmusbrit anroputMm | IIpennaraemsrit aaroputm
MmuozxecTBO F-measure Purity F-measure Purity
O6bsiBiIeHsI O paboTe 0,31 0,33 0,65 0,66
HosocTu 0,56 0,58 0,61 0,64
JluTeparypHble aHHOTAITIH 0,56 0,57 0,63 0,67

Pe3yﬂbTaTbI QKCIIEpUMEHTOB ITOKa3bIBAIOT, q9To N CIIOJIB30OBaHUE BeKTOpHOﬁ MOJIeJIN
C BbIYUCJ/ICHUEM ceMaHTHUYeCKO 6HI/I30CTI/I IroMoraeT VYJIy4dminTb pe3yHbTaTbI pa6OTbI
KJIaCCU(PUKATOPA II0 CPABHEHUIO C BEKTOPHOI MOJEIbI0 0e3 yuera CeMaHTUIECKOW OJIM30CTH.
Mepsi, omucanubie dopmytamu (8) u (9), OKa3BIBAIOT, HACKOJIBKO PE3YJbTAThl PabOTHI
HPEJJIOKEHHOr0  KJIaCCU(PUKATOPa COOTBETCTBYIOT JIEACTBATEILHOCTH. UeM BBIIIE 3HAYEHHE
OIIEHKH, TeM KadeCTBEeHHee paboTa ajropuTMa.

B cpennem kaTeropuaJibHasi BEKTOPHAasT MOIEb C UCIIOJIb30BAHIEM CEMAaHTUIECKOH OJIM30CTH
maer Ha 8-10% O6osee TOYHBIA pe3yJbraT. DTO CBA3aHO C TEM, 4YTO MCXOIHAA MOJIE/b
MeHee UYBCTBUTEJIbHA K «IIyMaM» 38 CYeT HACTPONKN BECOBBIX KO((DUIIMEHTOB C IIOMOIIHIO
BBIUKCJIEHUs ceMaHTH4YecKoil Oausoctu. Hopble BecoBble KO3 MUIUEHTHI BEKTOPOB JOKYMEHTOB
YUUTBIBAIOT KOHTEKCT IIOsIBJIEHHsSI TEPMOB. BoJjiee BBICOKHE Beca CBSA3AHBI C TEePMaMU, KOTOPBLIE
CUJIbHEE CEMaHTUYECKH CBSI3aHbI C JAPYTUMHU TEPMAMI.

DKCHEePUMEHTbI ObLIM ITPOBEIEHbI HaJ BBHIOOPKAMH pPa3HOrO POja W 00beMa, Ha BCEX W3
HIX MeTo orpaboran adpderkTnBHo. Takrke JacTh BHIOOPOK OBLIA pacipeaesieHa HepaBHOMEPHO,
METOJl M Ha HAX MOKa3aJl XOPOIINH pe3yJibTaT, B TO BpeMd KaK pe3yJIbTaTbl BEKTOPHON MOJEIIN

0e3 yuera CeMaHTUYIECKOH OJIM30CTH TEPMOB OKA3aJIUCh HEYIOBIETBOPUTE/ILHBIMHA.

3aKJ/II0ueHue

B craree Oburta paccMoTpeHa 3ajada (POPMHUPOBAHUSI TEPCOHAJBHBIX PEKOMEHJAIMI U
[peJJIo’KeHa BEKTOPHasl MOJEJb IIPEJICTaB/IeHUs 3HAaHWU, MCHOJb3YIONasd CEeMaHTUYECKYIO
OJIM30CTH TEPMOB, UCIIOJb30BAHUE KOTOPOH YJIydIIaeT KadeCTBO PabOThl ABTOMATHIECKOTO
kiaccudukaropa. Monesib TOMOraeT pemuTh HTpodJeMy JIEKCUYeCKOH HEOIHO3HAYHOCTH
TEPMHUHOB, & TaK K€ HaXOJUT CKPBbIThle CEMaHTUYECKUEe CBA3U MeEXKJy JOKYyMEHTaMU, CpaBHUBASI
CEMAHTUYECKH OJIM3KNE TEPMUHBI.

[IpoBejienble 9KCIEPUMEHTHI TOKA3AJIM, 9TO METOJ, OCHOBAHHBIN Ha HMCIIOJIBL30BAHUM dTO
MOJTIEJTH, TTOKA3aJI JIOCTATOYHO BBICOKYIO 3pdekTuBHOCTh. Cpemau HampaBiIeHuil maabHeHmmx
HCCJIEJOBAHUIT MOXKHO BBIJIEJINTH WCCJIEJOBAHNE BO3MOXKHOCTU CTATHUCTUYECKOTO OIIPeIeIeHN s
CEMaHTHYECKON OJM30CTH MEXKy TepMaMu, MOUCK AJbTEPHATHBHOIO aJIfOPUTMa CTEMMUHTA,
KOTOPBIHl Jiydiie paboTaeT ¢ PyCCKUM sI3bIKOM. Kpome TOro, HEZOCTATOYHO U3YUE€HHBIM
SIBJISIETCSI BOIIPOC BO3MOXKHOCTH WCIIOJIL30BAHUS B AJITOPUTMax (DOPMUPOBAHUS T€PCOHATBHBIX

pPeKOMeHIaInil CyIecTBYONIX CA0Bapeii, Te3aypycoB u 0a3 JaHHBIX WHTEPHETA.
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Most of text mining algorithms uses vector space model of knowledge representation. Vector space model uses
the frequency (weight) of term to determine its importance in the document. Terms can be semantically similar
but different lexicographically, which in turn will lead to the fact that the classification is based on the frequency
of the terms does not give the desired result.

Analysis of a low-quality results shows that errors occur due to the characteristics of natural language, which
were not taken into account. Neglect of these features, namely, synonymy and polysemy, increases the dimension of
semantic space, which determines the performance of the final software product developed based on the algorithm.
Furthermore, the results of many complex algorithms perceived domain expert to prepare training sample, which
in turn also affects quality issue algorithm.

We propose a model that in addition to the weight of a term in a document also uses semantic weight of the
term. Semantic weight terms, the higher they are semantically closer to each other.

To calculate the semantic similarity of terms we propose to use a adaptation of the extended Lesk algorithm.
The method of calculating semantic similarity lies in the fact that for each value of the word in question is counted
as the number of words referred to the dictionary definition of this value (assuming that the dictionary definition
describes several meanings of the word), and in the immediate context of the word in question. As the most
probable meaning of the word is selected such that this intersection was more. Vector model based on semantic
proximity of terms solves the problem of the ambiguity of synonyms.
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B pabore paccmarpmBaercd 3amada OOHAPYXKEHHS W JIOKAJU3AIMKM CTPOEHW 3aJaHHON QOpMBI Ha
a’pon300parXKEHNAX 3EMHOM MOBEPXHOCTH B MH(MPPAKPACHOM JHAIA30HE C MCIOJb30BAHUEM AlllapaTa KOHTYPHOTO
anajuza. llpuBomurcss onucanme MoAUMUKAIMNA AJrOPUTMaA ODOOIEHHOrO Ipeobpa3oBanusi Xada s
OOHADYKEHUsI KOHTYPOB, 3aJIaHHBIX HEeOOJIBIIUM KOJUYeCTBOM mapaMeTpoB. Hies mnpejgaraemoro meroma
3aKJII09aEeTCs B TIOCTPOEHUN JBYMEPHBIX aKKYMY/ISITOPHBIX MACCUBOB JjIsI KaXKJ0r0 HAOOpa mapamMeTpoB (bUryphbl
B 3aBUCHMOCTH OT €€ IIOJIOXKEHMSI, U UX TMOCIEIYIONEro OObeJUHEHUs] B PE3YJIbTUPYIONUI aKKyMyIsTOPHBII
MaccuB. 3all0JIHEHUE MACCUBOB OCYIIECTBJISETCS HA OCHOBE 3HAYEHUN MOJYyJIEll IPAJIMEHTOB SIPKOCTEH MCXOIHOTO
n300pakeHuss C yd49eToM OJIM30CTH PpacCMaTPUBAEMOIO KOHTypa K 3amaHHoir dopme. bamsocts dopmbr
OIPEIEJISIETCST TyTeM MOPQOJIOTHIECKOTO aHAIN3a KOHTYPOB, HAfJEHHBIX C TMOMOIIBI0 ajropurma KaHHU.
Qubrpaiys oOHApPY>KEHHBIX OOBEKTOB Ha OCHOBE IJIOTHOCTH T'PAHUIl B WX BHYTpPEHHEHl 00JIacTH, & TaKXKe
COOTHOIIIEHUsT CPEJIHUX SAPKOCTEHl BHYTPU WM CHAPYKU KOHTYypa OOECIEYMBAET BBICOKYIO UYBCTBUTEIBHOCTH K
3aJJaHHBIM THUIIAM OOBEKTOB M YMEHBIIAET KOJHMYECTBO JIOXKHBIX cpabaThiBaHmii ajropurMa. KadecTBo pabOThI
MeTO/Ia IPOBEPEHO Ha 3aJade JIOKAJIM3AINK MAJIOITaXKHBIX I[TOCTPOEK MPsAMOYroibHON ¢dopMbl. [lomydennbie
Pe3yJIbTATBI TO3BOJIAIOT CYJUTh O MPUMEHUMOCTH MPEJIOXKEHHOIO TOAXO0/IA JJIsl PEIIeHUs] IIPAKTUIECKUX 33129
pacmo3HaBaHUsi OO bEKTOB MECTHOCTH.

Kmoueswvie caosa:  obpabomka  u3obpasicenuti,  obnwapyoicenue  00BeKmMO6,  KOHMYPHBIL  AHAAUS,

MANMEMAMUYECKAL MOPHON02US.

OBPABEII IINTUPOBAHUA

Iynaesa A.B., Kopauios @.A. ObGHapy»KeHNe 1 JIOKAJIU3AIUsI CTPOSHUI 38 IaHHOi (POPMBI
Ha a’pocHUMKax B mH(ppakpacHoMm juanasone // Becruuk FOYpI'Y. Cepust: Bbramcimrenbaast
maremaTuka u undopmaruka. 2017. T. 6, Ne 3. C. 84-100. DOI: 10.14529 /cmse170306.

BBenenue

Busyanbaass umHpOpMannsa — SBJIAETCS  BayKHEHIIMM  HCTOYHUKOM  HHMOPMAIUH 00
OKpykamomeM wupe. Korma pasBuTHe BBIYUCINTEILHONR TEXHUKH IIO3BOJIMJIO CO3JaBaTh
JIOCTATOYHO CJIOYKHBIE CHCTEMBI, 3HAYUTE/IbHBIE YCUIUs ObLIM HAIIPABJICHLI Ha PEIIeHHe 3a1ad
obpaboTku u aHaaun3a m3obpakenwmii. [lociemoBapiee 3a 3TUM yC/IOXKHEHNE KaK allllapaTHBIX,
TaK U MMPOrPAMMHBIX CPEJICTB IIPUBEJIO K TOMY, YTO O0HLEM BXOJHBIX JAHHBIX CTAJ UPE3MEPHBIM
I 00pabOTKM W XpaHeHWsl, W BCTAJ BOIPOC O €ro YMEHBIIEHUNW IIyTeM aBTOMaTH3aIlnN
[poIlecca BbIJeJIeHnsT HamboJiee 3HAYUMBIX B KOHTEKCTE€ KOHKPETHOH CHTyaluu IIPU3HAKOB,
Jetajieit, o0bekTOoB u T.J. Hekoropble M3 3TUX NPU3HAKOB HOCWIN (PU3MIECKUN XapakTep
(sIpKOCTB, TEKCTypa) W MOIIM ObITh BepudUIMPOBaHbl BU3yasbHO. Jlpyrue mnpejcraBisiim

co0oil pazIMYHbIe MaTeMaTUIeCKNe KOHCTPYKINU, orepanuu oOpabOTKU BXOIHOTO CHIHAJIA,
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[IO3BOJISIIONITIE BBIJIEJINTD JIAHHBIC, HEJIOCTYIIHBIE JIJIsi HEIIOCPEJICTBEHHOIO HAOIO/IeHNs (CIIEKTPbI
curaasios u ap.) |1, 2]. OgauM 3 crocobOB yMEHbIIIEHNsT PA3MEPHOCTH CTAJ KOHTYDPHBIN AHAJIHS.

KouTyp — 9TO COBOKYIIHOCTH TOYEK I'PAHUIILI OOBEKTA, OTIEJIAIONas ero or ¢oHa. bymyan
HE CBSI3aHHBIM HAIPIMYIO C APKOCTSIME HUKCEIeH n300parkeHnst, KOHTYD ABJISETCS ITPU3HAKOM,
MHBAPUAHTHBIM KaK K U3MEHEHHSM APKOCTH U KOHTPACTA, TaK M K HEKOTOPBIM T'€OMETPUIECKIM
HCKasKeHUsIM: [I0BOPOTaM, CIBUTAM U u3MeHeHusiM Mmaciiraba |3, 4]. TIpu srom npesmnonaraercs,
YTO KOHTYP COAEPKUT JOCTATOTHO MH(POPMAIMH, HEOOXOIUMOMN JIJIsi ONMcaHust (POPMbI 0ObEKTA.
KiroueBbiM pakTopom Aj1st 9hPEKTUBHOINO MPUMEHEHNSI JAHHOTO IPEINOJIOXKEHNST B PASIMIHBIX
3ajJavax sBJASIETCS OTCYyTCTBUE HEOOXOIMMOCTU PACCMATPUBATh BHYTPEHHUE TOUKU O0OBEKTA, ITO
cpa3y HEepPeBOIUT 3aJady U3 pa3psga IBYXMEPHBIX K 3HAYUTE/HHO O0Jiee MPOCTOil OIHOMEPHOT
[IOCTAHOBKE.

Koutypubiit amamm3 gBseTCS COBOKYIHOCTBHIO METOJOB  BBIJEJCHUs,  OIMCAHMUS,
npeobpa3oBaHusl M paClIO3HaBaHWsl KOHTYPOB 0ObeKkToB Ha usobpawxenusx [5]. ITlox
KOHTYPOM C TOYKHM 3pEeHHsl I0JsI 3HAYEeHMI  SIPKOCTH  U300parkeHusl  IOHUMAaETCsI
[IPOCTPAHCTBEHHO-TIPOTSI?KEHHBIN Pa3pbiB (pe3Koe W3MEHEHWe) 3HAYEHWH SIPKOCTU, KOTOPBIi
KOJIMPYETCsI TIOC/IeJ0BATEIbHOCTHIO, COCTOAIIEH N3 KOMILIEKCHBIX TUCeI. JJIst 9TOro BBIIOJIHSIETCS
06x071 KOHTypa (HampuMmep, MO YacOBOH CTpEJIKe), HadMHAsi ¢ HEKOTOPOW 3adUKCHPOBAHHON
HAYAJbHOM TOYKH, U KaXKJIbI BEKTOD CMEIIEeHWsT OTHOCUTE/JbHO MPEIbIAYINel TOUYKHU
3aIUCHIBAETCS COOTBETCTBYIONIMM KOMILIEKCHBIM 9HCJIOM. 1akoe KOIWpPOBaHWEe, OYEBUJIHO,
WHBAPUAHTHO K CIBUIaM. boJjiee TOro, mmes [Ba MOMOOHBIX KOMILJIEKCHO3HAYHBIX BEKTODPA,
COOTBETCTBYIOIIUX JIBYM KOHTYyPaM, MOYKHO BBIYUC/UATDH JIJIT HUX HOPMUPOBAHHOE CKAaJISIPHOE
IpOU3BEICHUE, KOTOpoe OyneT TeM OJimKe K eIuHuIle, deM 0ojiee MOX0XKHU 1m0 (hopMe UCXOTHBIE
koHTypa. lamHoe yTBepxKieHue OyIeT CIpaBeINBO HE3ABUCHMO OT YIJIA IOBOPOTA KOHTYPOB
OTHOCUTENILHO Jpyr japyra. OJHAKO, 9TO CBOWCTBO HE COXPAHSETCsl IIPU PaCCMOTPEHHUH
JefICTBUTE/ILbHO3HAYHBIX BEKTOPOB KOODJIMHAT IHUKCeJIell KOHTYPOB, €UTO OOYyC/IOBJIUBAET
HEeOOXOIMMOCTD TIePeXo/ia K KOMILIEKCHOZHATHOMY IPEJICTABJICHUIO.

Ucnonp3oBanre HOPMUPOBAHHOIO CKAJISIDHOTO IIPOM3BEIECHUS 103BOJIsAeT 3(PPHEKTUBHO
CpaBHUBATb MexkKJy coboili KOHTypa (Hampumep, BXOJHOIl € KOHTYpOM u3 6a3bl JAHHBIX).
OpHako ero mpuMeHeHHwe OyIeT 3aTpyIHEHO M3-3a MIPOOJEMATHUIHOCTH BBIICIECHUST KOHTYpPa
Ha W300paykeHnn. Bo-mepBbIX, KOHTYP MOXKEeT OBbITh BHJEH JIMIIL YaCTUIHO II0 IHPUIHHE
MIEPEKPBITHsST 00BEKTAMM CIEHBI JIPYT Apyra. Bo-BTOPBIX, peajbHbIE M300paykKeHWs, C OIHOI
CTOPOHDBI, HEM3DEXKHO COMEPKAT IIyM, & C JIPYroil — 00BEeKTHI Ha HUX 3a9aCTyI0 HE3HAUNTETHHO
OTJINYIAIOTCS IO IBETY U TEKCType OT (poHA, M3-3a 9ero CTAHOBUTCS KpailHe CJI0?KHO BbIJIC/IUTH
KOHTYpa ¥ IIPOU3BECTHU JAJbHENINNH aHAJIN3 WX (POPMBI.

B nmamHoit paboTe mpeacTaBiIeH IIOAXO, ITO3BOJISIONINN BBIIEINTh Ha HW300parkeHNN
KOHTypa 3aJaHHOI (DOPMBI, COOTBETCTBYIOIINE OIPeIeeHHbIM THUIIAM O0bEKTOB. B KadecTme
UCXOIHOM 3aja4uu ObLIO BLIOpPAHO [AerudpUpPOBAHUE BHUIO0BOH a’POKOCMUYECKON CHEMKH B
nHPAKPACHOM [HUAIA30HE; B YACTHOCTHU, PACCMATPUBACTCA 3a/ada OOHAPYKEHUsI CTPOCHUI
IpsAMOyToJIbHOM popMmbl. I300parkenus 3eMHOM TOBEPXHOCTH XapPAKTEPUIYIOTCS H3MEHIUBOCTHIO
oTobpakeHuss OOBEKTOB CIIEHBI, KOTOpas, K TOMY 2Ke, OTJIMYaeTCs BBLICOKOH CTPYKTYpHOit
CJIOYKHOCTBIO. B TO ke Bpewmsi, n3o0paxkeHusi WH(PAKPACHOTO JIraa3oHa 0bJIaJaoT Kak cj1aboii
TEKCTYPUPOBAHHOCTBIO — UTO, B IIEJIOM, SIBJIAETCS ILJIIOCOM, IOCKOJIbKY 3HAYUTEILHO YMEHbIIAET
o0beM He HMeIOoIEell MMEeHHOCTH JjIsi pacCcMaTpHBaeMoOil 3ajadn HMHQOpPMAINM, TakK U CJaaboit

KOHTPACTHOCTBIO — 3TO, B CBOIO OY€pPE/Ib, 3aTPY/AHACT BbIACJICHUE II€PEIa0B APKOCTHU.
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CraTbsi oOpraHn3oBaHa CaeayomnM obpasoM. B pasaesne 1 onmcaHbl cTaHIAPTHBIE TOIXOIBI
U MeTOIbl BBIIEJEHUs U aHaJU3a KOHTYPOB H300paykeHuil: IpeisapuTebHas o00paboTKa,
OoOHapyzKeHIe TPAIUEHTOB sIPKOCTEH, IPOpesKUBaHue KOHTYPOB U OIpejeseHne ux ¢popMbl. B
paszesie 2 HpeIJjIosKeH aJIlOPUTM OOHAPYXKEHUsI CTPOEHHil 3aIaHHONR (POPMBI, OCHOBAHHBIA Ha
moudukaiu npeobpazosanus Xada [6]. Pasmesn 3 nocssiien geraisiM peajnsaiu aaropurMa
U pe3ysbTaTaM BBIYUCIUTEIBHOIO SKCIEPUMEHTa Ha peaJbHbIX JaHHBIX. B  3aK/II0YeHHH

IIOABOIATCA UTOI'M 1 HaMEYalOTCsdA HallpaBJICHUA ﬂaﬂbHeﬁLﬂeﬁ pa6OTI)I.

1. Metoapl BbIJieJIeHUS W aHAJIN3a TPAHUI] 0ObEKTOB

Beijenienne mepenasioB sIpKOCTH HAaXOJWT IIUPOKOE IPUMEHEHWE B 3ajadax o0paboTKu
uzobpazkenuii. [lomumo ykazaHHOrO BO BBeleHHM CpaBHEHUSI (DOPMBI OOBEKTOB JIJIsi IieJIeil
pACIIO3HABAHUS U KJIACCU(PUKAINK, TO MOXKET OBITh CEIMEHTAIUS — BBIJEJICHIE TPAHUIL MEXK LY
OTHOPOJIHBIME TIO CTPYKTYpe 0bs1acTsiMi, oOHApyKEeHNEe M3MEHEHU B cocTaBe OOBEKTOB CIIEHBI
u T.7. |7]. Brarogapst Takomy mMHOr006pasmuio MPUKIAJAHBIX 3ajad ObLIO pazpaboTaHo GOJIBIIOe
KOJINYECTBO PA3JIMYHBIX IIOJIXOJIOB JJIst BBIJIEJIEHUs] KOHTYPOB OOBEKTOB. 3/1€Chb MbI B OOIIUX
gepTax MpeICTaBUM JIUITh HEKOTOPBIe 6A30BbIE M3 HIEX.

AJ’II‘OpI/ITM KOHTYPHOTI'O aHaJ/In3a COCTOUT M3 CJICAYIOIUX HIaroB:

1. CriaxkuBaHue BXOTHOIO U300PaKEHUSI.
2. Touck, npopexkuBanue u OUHAPU3AIUS MOYJIEH IPaIUeHTOB IPKOCTH.

3. OuibTpanus U aHAJIN3 HaHIeHHBIX KOHTYPOB.

st periennst 3a7a4 KOHTYPHOI'O aHAJIM3a HEOOXOIUMO IIPeIBAPUTEIBHO CIJIAUTh UCXOTHOE
nzobpazkenne. PaccMaTprBasi TpaHUIy KakK IE€pPenaji SPKOCTH MEXKJy COCEIHUME IMHKCEJISIMIE,
CTOUT YUUTBIBATH, UTO, BO-IIEPBBIX, [0 NPUYMHE CJIOXKHOCTU CIIEHBI ITOJOOHBIX I'PAHUIl Oyjer
MHOXKECTBO, & BO-BTOPBIX IIIYM KaMepbI, OIITHYECKAE U NeOMEeTPUIECKUe NCKAYKEHUsI IPUBEIYT K
TOMY, UTO MPAKTUYECKU HUKAKUE JIBA COCEIHUX MUKCeNs He Oy/yT UMEeTh OJIMHAKOBYIO sIDKOCTh.
CritaxkuBanume n300pakKeHUsi TOMOTaeT 3aMETHO YMEHbBIIUTb KOJMIECTBO TaKUX II€PEraoB.
OjiHaKO, MpUMEHEHNE OMEPAIUN CIJIAXKUBAHUS HEM30€2KHO PAa3MbIBAET U UCTUHHBIE TDAHUIIHL.
JL1st G0pPBOBI € ATUM HEJIOCTATKOM paspabOTaH psiJi METOJOB, MOIABJISIIONIUX IIIYM C COXPaHEHUEM
rouHocTH rpaHull. OJHUM U3 KJIACCHYECKUX siBJIsIeTCsl GustaTepaababiii huibTp (8], HO B JaHHOl
pabore 6bLIT UCIOIB30BaH O0JIee KaueCTBeHHBII ynpasasemud guasvmp (guided filter) [9]. Janubrit
METOJI, OTJINIAETCS ITPOCTOTON U THOKOCTHIO PEASIU3AINN, & TAKXKE BHICOKMM KAaueCTBOM PAOOTHI.

CryrajiuB  UCXOJIHOE M300parkeHne, MOXKHO IepeiTH K [OWCKY IIepernajioB sPKOCTH.
Ocobenmoct pOPMUPOBAHUST M300paskeHWsT HA MATPUIE KAMEPBI, a TaKKe IIyM, MPUBOJIAT
K TOMY, 9TO TpaHUIA MEXKIy OOBEKTOM W (DOHOM, KaK IPaBHUJIO, HPEICTaBJIsAeT cOoOOit He
«CTYIIEHbKY», a ILIaBHOe U3MeHeHue dpkocTu. st obHapy:KeHus TaKux IPAJUEHTOB MOXKHO
BOCIIOJIb30BaThesi - oneparopom  CobGesa  [10], koTopblii 1pejcrasisier coboil  UCKPETHBII
muddepeHnuaabHbIl  OepaTop, OCHOBAHHBIM Ha CBepTKe (pparMeHToB M300paKeHus
CO CIeIUAJBHBIMU (PUIBTPAMH, BBIJIEJSIONINMA II€PENabl SPKOCTH B BEPTUKAJBHOM W
TOPU30HTAJIBHOM HallpaBjieHuu. jist pasmepa okHa 3 X 3 MHUKCEJIsT MACKU (DUIBTPA BBITJISLISIT

CJIEJTYIONINM 00Pa30M:

-1 0 1 -1 -2 -1
Sobel, = | =2 0 2 | * Image, Sobel, = 0 0 0 [=*Image,
-1 0 1 1 2 1
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e Image — UCXO/HOE TIOJIyTOHOBOE 8-OMTHOE M300parkeHne, CUMBOJIOM * ODO3HAYEH OIepaTop
ceeprku. Ha ocnose Sobel, u Sobel, MOXHO BBIMMCINTL MOIY/b BEKTOPa I'PajideHTa U ero

HallpaBJIEHHUE!

Sobel,,
Sobel,

Sobel = \/Sobezg + Sobel2, © = arctg

Puc. 1. ITpumepsr paborer oneparopa Cobesna (1) u amropurma Kannu (2). [lnst oneparopa
Cobejia uem TemHee TOYKA, TeM OOJIbIle B Hell 3HaUYeHHMe MOJYJs IpajuenTta. HaiijeHHbe c

IIOMOIIIBIO aJITOPUTMa Kannn KOHTYPpa IMOKa3aHbl Y€PHBIM IIBETOM

Opnnako omeparop Cobesia BBIJA€T HE CTOJBKO KOHTYPA, CKOJBKO ODJIACTU TI'PAJUEHTOB:
UHBIMU CJIOBAMH, IIMPOKUE II0JOCHI (TOJIIMHON B HECKOJBKO HHUKCesel) BOKPYI HCTHHHOM
rpanunpsl (puc. 1(1)). Hdast Toro, 9robbl MOMYyYNTh TPAHUILy KaK JIMHAIO TOJIUHON B OJMH

HMKCeJib, Tpebyercst IpuMeHnThb ajaroput™ Kanuu [11], cocrosimumit u3 cieyromux maros.

1. Cenastcusarnue: Kak mpaBmiio, pasmbitue ¢gpuibrpoM [aycca ¢ mackoit 5 X 5.

2. Tlouck epaduenmos: ¢ momoripio oneparopa Cobelra, OMUCAHHOTO BBIIIIE.

3. Ilodasaerue memarcumymos: paccMaTpuBasi U3BECTHOE HalpasieHue rpajuenta O (1),
OCTaBJIsleM BJIOJIb Hero JIUIIb TOYKY, HUMEIOIYIO MaKCHUMaJIbHOE 3Ha4YCHHE I'DaJueHTa
Sobel (1). Baarogapst ToMy mary mmpoKas MoJoca IPaJdeHTa, HaliJieHHas ¢ MOMOIIbIO
oneparopa Cobejra, cxkKUMaeTcst 0 JIMHUU, TOJIIUHON B OJWH ITUKCETh.

4. Ilpumenenue deyr nopozos:. 3aJai0TCsl JBa IMOPOTOBBIX 3HAYEHUs, U TOYKU, B KOTOPBIX
3HaYeHHe I'PaJUEHTa BBIIIE OOJIBIIEIO U3 HUX, CIATAIOTCA HAMEXKHBIMHA I'DAHHUIAMHU, & Te,
9TO HHUKE MEHBIIEro oTopachiBaioTcst. TOUYKH, 3HAYEHHE I'PAIHEHTa B KOTOPBHIX OKA3aJI0Ch
MEXKJIy JIByMsl IIOPOraMu, OTOPaChIBAIOTCSI, €CJIM OHU HE CBSI3aHbI (MEKJy HUMU HET ITyTH,

IPOXOAANIETO IO TOYKaM C HEHYJ/IEBBIM Fpa,D;I/IeHTOM) C HaJJC2KHBIMU I'paHUIIaMHU.

UcnonpzoBanne anropurma Kamuu 103BoJIsieT HAWTH BCE CYIIECTBEHHBIE TDAHUIBI HA
nzobpaxkenun (puc. 1(2)). OmHako, B KOHKPETHBIX IIPUJIOXKEHUsX, KaK I[PaBUJIO, Tpebyercs
0OHApY>KUTH HE BCE TPAHUIIBI, & TOJHLKO MMPUHAJIEXKAINE OIPEICIEHHBIM O0bEeKTaM, MPUIeM
MU3BECTHO, 9TO 3TU OOBEKTHI XapaKTepU3YIOTCs 3apanee m3BecTHO ¢opwmoii. IIpeobpazosamnue
Xada [6] stBsisteTcst 0JiHUM M3 METOJIOB [IOMCKA KPUBBIX Ha OMHAPHBIX n300parkenusx. [lapamerpsr
UCKOMOW KpPHUBOW 00pa3yioT IIPOCTPAHCTBO, B KOTOPOM OCYIIECTBJISIETCS ITOUCK JIOKAJIBHBIX
MAKCUMYMOB. 3allOJIHEHUE TPOCTPAHCTBA IIAPAMETPOB (MM aKKyMYJISTOPHOIO IIPOCTPAHCTBA)
IIPOUCXOIUT C TIOMOIIBIO TPOTIEAYPhI TOJIOCOBAHUS.

[TepBonauasbHbIIl BapuaHT 11peobpasoBanust Xada pa3zpaboTaH Jjisl MOUCKA TPAMbBIX JIMHUIA.
Eciin npsimast 3a7iana ypaBHEHHEM X COS ¢ + ¢ sin ¢ = p ¢ mapameTpamMu p U ¢, TO IPOCTPAHCTBO
mapaMeTpoB OyzeT aByMepHbIM. Ha puc. 2 npejcrasiieH IpuMep, COCTOSIIII U3 YeThIPEX TOYEK
PAHUIL, BBIJEJEHHBIX HA MCXOMHOM m300paxkenuu. Karkas TOUKa rojocyer 3a HaDOp MPSIMBIX,

KOTODbIE MOTEHIMAJIbHO MOTYT MPONTH Yepe3 Hee ¢ 3aJaHHBIM IMArOM [0 yriy (Hampumep,
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Jyerbipe, ecaM BBIOpAH IIar 1o yriay, paBHbiil 45 rpajycos). Hakamimsas Takum o0paszom
3HAYECHUSI, TOJIyIaeM MAaCCUB (AKKYMYJISITOD), JIOKATbHbIE MAKCUMYMbI KOTOPOTO COOTBETCTBYIOT
HUCKOMBIM TIpsiMbiM. Ha puc. 2 310oT Makcumym Oy/ieT COOTBETCTBOBATBH IPSIMOil, ITPOXOJISIIECi
gepe3 BCE YETHIpE TOYKHW. AHAJOTUYHBIM OOpA30M MOXKHO HUCKATH JIOOble AHAJIUTHICCKN
3a/laHHbIe KPHUBbIE: HAIPUMED, OKPYKHOCTH, JIJII KOTOPBIX IPOCTPAHCTBO IIApaMETPOB OyjeT

TPEXMEPHBIM.

T

Puc. 2. llouck npsMbIX JIMHUN ¢ TOMOIIBIO TpeobpazoBanusi Xada. [lepebupast st KarxKa0ro
ITUKCEJISE UCXOTHOTO U300parKeHs BOSMOXKHbBIE IIPSIMBIE C IIATOM TI0 YIUIy 45 IPajlycoB, MOy IUM,
YTO KaXKJBI MHUKCEJb TOJIOCYeT 3a UeThIPe BO3MOXKHBLIX MPAMBIX. [Ipsmasi, mpoxomsdinas depe3
BCe YeThIpe TOYKHU, CODEpeT YeThIpPe roJioca, B TO BpeMs KaK BCE OCTAJbHBIE IIPsIMbIE COOEPYT

TOJIBKO II0 OTHOMY

Jlns citydasi, KOrJa Mbl MIEM HE MPSIMY0, & HEKOTOPYIO KPUBYIO, JIMOO OIMCHIBAOIILYOCS
CJTUIITKOM OOJIBIIIMM KOJIMIECTBOM [APAMETPOB, JINOO Ube AaHAJTUTUIECKOE BhIPAYKEHIE HEU3BECTHO,
O6bun  paspaboraHbl  pasindHble Mogudukaiuu:  obobrennoe [3] u  pekyppentHoe [12]
npeobpazoannsi Xada. O6obienHoe 1peobpazoBanmne Xada MUCIOIb3YeT MPUHIIUAI CPABHEHUS
¢ mabioHoM (3TaJIOHHBIM 06pa3IoM). Jljist 9TOro OCyIecTBIISIeTCs TOUCK MMOJOXKEHUST 3aIaHHOMN
1abJIOHOM MCKOMO#T KPHUBOi Ha M300parKeHun: BBIOMPAIOTCS IEHTD GUrypbl (HampuMep, MeHTp
TSKECTH) U MHOYKECTBO TOUEK Ha TPAHUIE, MOCJIE UEro CTPOUTCS NPOCMOMPOSAs Mabaiuya, B
KOTOPOH /1T KayKJION TPAHWIHOW TOUKH 3AIMMCHLIBAETCS PACCTOSTHUE OT BBIOPAHHOTO IMEHTPa U
YTOJI MeXKy BEKTOPOM M3 IEHTPa JIO ITOH TOYKM W BEKTOPOM HOpMaju K Kpupoit. Takmm
obpa3om ocyiecTBisieTcs 3anomMuuanue Gopmbl purypsr. [Ipun TakoM mpeacTaB/IeHHN KarK1ast
TOYKA UCXOJHOTO N300PaXKEHUsI OTOXKIECTBIISIETCST ¢ TOUKAMHE ITPOCMOTPOBOI TAOIHITBI U TOJIOCYET
3a HabOpP BO3MOXKHBIX IIEHTPOB (DUTYPHI.

MozkHO 3aKJIIOUNTh, 49TO MpeobpasoBaHue Xada IO CBOEH CyTH SIBJISIETCS AJITOPUTMOM
repebopa BceX BO3MOXKHBIX ITOJIOYKEHUI UCKOMOW KPHUBOI JJIs BCEX TOUYEK KOHTYPOB HCXOHOTO
u300pazkeHus: U BbIOOpa HauboJiee JacTo BeTpedaronierocsi Habopa (wim HaAGOPOB) HapameTrpoB
9roit KpuBoil. OUEBUIHO, UTO, BO-IIEPBBIX, TAKOU 1MepedOp JJisd JOCTATOYHO CJIOYKHOI 10 dhopme
KpHUBO# OyJieT Ype3BLIYAHO 3aTpaTHLIM O BPEMEHH W PecypcaM, Tak Kak OyaeT TpeboBaTh
IIOCTPOEHUS IPOCTPAHCTBA IAPAMETPOB 3HAYUTEIbHOI pasmMepHOocTU. Bo-BTOPBIX, caMu KOHTYpa
BXOJTHOTO M300PayKeHUsT OTITMIAIOTCS CIOXKHOCTBIO M PA3HOOOpAa3UeM: C OJTHON CTOPOHBI, NX OYEHb
MHOTO (HAIIpUMeED, MPH IIOUCKEe KPBIIIH JIOMa TPHUJIETC HEN30€KHO CTOJKHYTHCS C KOHTYDPAMU
JUGTOBBIX MAXT, BEHTUISITHOHHBIX OKOH U JPYTUX MEJTKIX 00BEKTOB, 3arPOMOZKTAIONTHX KPBITITY
n couBaromux aaroput™m). C apyroif CTOpOHBI, caM MEPUMETD KPBIIHN H3-32 F€OMETPHIECKUX

U SIPKOCTHBIX MCKAXKEHHUI CKOpee Bcero He Oy/eT MMeThb CTPOro IPSMOYTOJbHYIO (gopmy. Jlms
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[PEOJIOJICHNs] YKA3aHHBIX OTPAHMYEHUN B CJIEAYIONIEM IyHKTE Oy/IeT MPEJCTABIECH AJTOPUTM,
OCHOBaHHBII Ha IpeobpazoBannu Xada U pelaionuil 3a1a9y 0OHAPYKEHUA CTPOEHNN 38, 1aHHO
dopMBbI.

[ToMuMO yKa3aHHBIX BBIIIE, CYIECTBYIOT JAPYTHe METOJbI BBIJIEJIEHUS U aHAJN3a KOHTYPOB.
Criejtyer yHOMSIHYTB JICTEKTOPBI YIVIOBBIX (XapakTepHbIx) Touek: Xappuca [13], FAST [14] u
apyrux. OjHako, WX NpUMeHeHHe K MH(PPAKPACHBIM H300payKeHUsIM 3aTPY/IHEHO BCJIEJICTBUE
3HAYUTE/ILHOTO PA3MBITHS IPpaHUIl, 00bEeKTOB. TakxKe psij pabOT MOCBSIIEH IOUCKY CTPOCHUIT HAa

I0CJIEI0BATEBHOCTSX a3pPON300pakeHnii B BUMMOM JualasoHe, Hanpumep |15].

2. AJaropuTm JIOKaJMU3aIMN CTPOEHUl 33/ JaHHON (POPMBI

Wziioxkennas: B gagHol paboTe uues HIpUMEHUMa K IIOUCKY CTPOEHUi 000l (hopMbI, JIUIIbL
HEODOXOAUMO, YTOOBI 9Ta popMa ObLIa IIapaMeTpU3yeMa HEKOTOPLIM HEOOILIINM KOJIMIECTBOM
napamMerpoB. IIpu sToM He Tpebyercs HAJIMYMS aHAJUTUIECKOIO BBIPAXKEHMs: B OOIIEM CJIydae
HUCKOMBII KOHTYP MOXKHO 3aJaTh JILOO IOCIEI0BATEILHOCTHIO TOUYEK C IPUBA3KONH K HEKOTOPOMY
obremy neHTpy (Hampumep, IEHTPY Mace), AaHAJOTUIHO IIPOCMOTPOBBIM TaOIUIAM B 0000IIIEHHOM
npeobpazoBannu Xada, b0 KaK KOMILJIEKCHOZHATHBIN BEKTOP CMEIEHU, KaK ObLIO YIOMSHYTO
BO BBEJICHUM.

Beesiem ocuoBHble ob6osHauenusi. Jepes Image(x,y) 06O3HAUUM MCXOJHOE II0JYTOHOBOE
uzobpaxkenue; Sobel(x,y) — wusobpaxkenne Mojyseil rpajgumenToB sipgoctu Image (1);
Canny(z,y) € {0,1} — usobpaxenue, cojepxKaiiee KoHTypa Image, HailJIeHHbIE C TIOMOIIBIO
aJICOpUTMa KaHHI/I, e sHa4deHue 1 COOTBeTCTByeT TOYKaM KOHTYPOB.

Pabory amropurma OymeM paccMaTpuBaTh Ha IpUMEpPE 3aJa9d JIOKAJU3AIUNA CTPOEHUH
IpAMOYTOJIbHOM opmbl. ObosHaunM 4depes P = Py, j o(,y) — IPIMOYTrOJIbHUK C IEHTPOM B
Touke (I,y), pasMepoM w X h IUKceseii, IIOBepHYThIA Ha yros «. Besje najee Oymuem mosiararhb,

qTo W > h:

w e [lmina lmax]v
h e [lmma w], (2)
a € 0,7,

¢ 3aJaHHBIM IIaroM II0 Kazkaomy napamerpy. [lapaMerpsl [, U lngr OUPENETISIIOTCS UCXOIS U3
TpebOBaHMI KOHKPETHON 3aJa4u, 1 IPU HAJIUINNA AIPUOPHONH HH(MOPMAIME O pa3Mepe HMCKOMBIX
00bEKTOB MOXKHO 3HAUUTEJHHO COKPATHUTDL IIepebop, TeM CaMbIM YMEHBIINB KaK BpeMsi pabOThI,
TakK M KOJUIECTBO JIOXKHBIX cpabaTbiBaHuil ajropuTMa. KakIblil psiMOyroIbHUK pa3buBaeTcs Ha
nBa MuoxecTBa: P = OP|J PP, rae OP — rpanuma npsMoyrobanka, PY — BHyTpeHHss 061acTh,
OP N P’ = @, npuuem mwromaas S(P) = S(OP) + S(PY). O6osnauenne S(OP) cooTseTcTByeT
JuHe nepuMerpa P: MOCKOJbKY Mbl paboTaeM ¢ n300parKeHUsIMU, COCTOSIIUME U3 JTUCKPETHOTO
Habopa MHUKCceJedl, TO JIMHON HepuMeTpa OyJIeT CUUTATHCS KOJIUIECTBO MHUKCEJel TpaHuIHOrO
CJIOST PACCMATPUBAEMOT0O 00bEKTA.

[Touck TPsSIMOYTOJIBHBIX CTPOEHUIl C WCIOJb30BaHMEM IIpeobpaszoBaHust Xada Ha OCHOBE
HaiijleHHbIX aaropuTMoM KaHHU KOHTYPOB (aHAJIOPMYHO HPSIMBIM) IIPUBEJET K HEYCTOHUUBOMY
OoOHapyKEHHUIO J1ayke CTPOrO IPsIMOYTOJIbHBIX CTPOEHUI M3-3a BBIOOpa Imara HIpu Imepebope
BO3MOXKHBIX Pa3MepOB MPsIMOYTOJBHUKOB (2): HampuMmep, ecjid lepebuparh HeYeTHbIE JIJITHbBI
CTOPOH, B TO BpeMsI KaK KOHTYpP 00pasyeT NIPsMOYTLOJLHUK CO CTOPOHAMHU YETHON JIJIMHBL.
[TosToMy B IpeiaraeMoM ajaropurMe OyIyT UCIOIL30BATHLCS He KOHTYPA, a MOY/IU IPaIUeHTOB
(1): BO-LEpBBIX, B HUX HET Pa3pPbIBOB, a BO-BTOPBIX, 3a CYET TOrO, YTO OHHU MPEICTABJISIOT

co00#l TOCTATOYHO MIUPOKYIO JUHUIO, TO 9epe3 HUX BCEra MOXKHO IIPOBECTHU IPAMOI OTPE3OK,
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SIBJISIONINICS CTOPOHON HEKOTOPOro MpsSMOYTroJibHUKA. bBojiee Toro, kaxkjas TO4YKa Oyjer
rOJIOCOBATDH 3& BBIOPAHHBIN IIPSIMOYTOJIbHUK 3HAYEHUEM MOJIYJ/Isl TPAJIMEHTa B HEM, 9TO MO3BOJIUT
BBIOMPATH TOJIBKO T€ KOHTYPa, KOTOPbIE COOTBETCTBYIOT HAUOOJIBIIEMY CyMMAapHOMY II€pPeray
SIDKOCTH BJIOJIb [IEPUMETPA IIPSIMOYTOTbHUAKA.

Ob6imast uiest MpuMeHeHNsT peobpa3oBanns Xada I MOMCKA MPSIMOYTOJBHBIX KOHTYPOB
usnokeHa B [16]:  mpesuiaraercss Ha OCHOBe 3HAYEHWH TI'DAJMEHTOB SIPKOCTH I[OCTPOUTH
JUIsl Kaxkjoro Habopa mapamerpoB (w,h,q) JByMepHBI aKKyMyJSITODHBI MaccuB, deii
pa3sMep COBIAJAET C pa3sMepPOM HCXOIHOTO W300parKeHnsl, COOTBETCTBYIOIINI TOYKAM —
[EHTpaM IIPSIMOYTOJbHUKOB C BBIOpAHHBIME ITapamMerpamu. Jlajee cTpouTcst pe3ysibTUpPYFOIIHii
AKKYMYJISITODHBIE MACCHUB IIyTeM BBIOOpa B KayKJI0il TOYKE MAaKCHUMAJBHOIO U3 3HAYEHWI
[IOCTPOEHHBIX HAa IPEJbIIYIIEM Iare akKyMyJsSTOpOB. VHBIME CJIOBAME, MbI pacCMaTPUBAEM
KaXKJIyl0 TOYKY KAaK MOTEHIUAJbHBIA IEHTD MPsIMOYTrOJIbHUKA, I[epedupacM BCe BO3MOXKHBIE
MIPSIMOYTOJTBHUKHU, IIEHTPOM KOTOPBIX MOIJIa Obl OBITH 3Ta TOYKA, U BBIOMpaEM TOT,
KOTODBIil TPOXOAUT depe3 HauboJibliee (OTHOCUTEJBHO JIJIMHBI IIEPUMETPa) KOJUIECTBO
IPAHUYHBIX TOYEK. 3aTe€M IIPOBOJIATCS MOPOroBasi 0OpPabOTKa MOJYyUECHHOIO PE3yJILTUPYIOIIEro
AKKYMYJISTOPHOI'O MACCUBa, BBIOMPAIOTCS JIOKAJbHBIE MAKCUMYMBbI, U COOTBETCTBYIOIIUE UM
HPSAMOYTOJILHUKHU TIePEIaloTCd Ha BLIXOJ ajropurMma. HeoOxomumocTh BbIOOPA JIOKAJILHBIX
MaKCUMYMOB ODYCJIOBJIEHA TEM, UTO peaJibHble CHUMKHU COJEPXKAT IIyM U WHbIE UCKAYKEHUS, W
Jlayke OJIUH OTJEIHLHO CTOSIIHUI JIOM OPOXK/IaeT He OJUH KOHTYD, a IeJIyIO IPYIIILy, KaK IIPABUIIO,
OKOJIO JIECATKA, CIPYIIIMPOBAHHBIX BOKPYT' €0 UCTUHHOTO IEHTPA.

Takoit momxox o6JiagaeT OYEBHUIHBIM HEJIOCTATKOM:  HA PEAJIbHBIX HM300parKEeHUsIX
[PUCYTCTBYET OOJIBINOE KOJUYECTBO KOHTYPOB, MHOTME M3 KOTOPBIX MOTYT OOPa30BLIBATH
[PSIMOYTOJIBHYIO CTPYKTYDPY ¥ IHPUBOIUTH K IIOSIBJEHUIO JIOXKHBIX CpabaTBIBAHUN AJTOPUTMA:
HAIIPUMED, YYaCTKU JIOPOr, IIPOCTPAHCTBA MEXKJIy JIBYMs OJIM3KOPACIIOJIOXKEHHBIMU JIOMAM,
JIECHBIE MACCHUBBI U T. 1. [loaToMy Tpebyercst HOMOJHUTD U3JI0KEHHYIO BBIIIE U0 HEKOTOPBIMHI
yeaosuamy, Cq, Co, C3 3amojiHEHUsT aKKyMYJIsITOPHOIO MAaCCHBA, OTCEKAIOIMINMM KOHTYpa, He
COOTBETCTBYIOIIUE CTPOCHUSIM, HO T€M He MeHee UMEIUMU (hopMy, OJIU3KYIO K IIPSIMOYTOIBHOIA.

YcaoBue C1: @gopma. Haruoe ycioBue yauTbhiBaeT OJIU30CTH (POPMBI PACCMATPUBAEMBIX
KOHTYPOB K MPSIMOYTOJIbHUKY. Vcrosib3yeMbie Jijisi TOCTPOEHUS aKKyMYJISTOPHOIO MAaCCHBA
PAJIMEHTHI  SPKOCTU I[O3BOJIIIOT HE MPOIYCKATH IPAMOYTOJbHUKH JayKe C Pa3bIMbITBIMU
rpanunamu.  OJHAKO, UX HUCIOJIB30BAHUE MOPOXKIAET JIOXKHBIE TPEBOTH, CBS3aHHBIE C
HEIPSMOYTOJbHBIME O0bEKTaMHU, KOTOpbIe, OJiarojaps IIMPOKON I0JI0Ce I'PaJiueHTa, OyjyT
JlaBaTh 3HAYNTENbHBIN BKJIaJ B akkymysaaTop. I[lostomy meobxomum 6osiee crTporuii yder
dbopmbr obnapyzkennoro npeobpaszosanneM Xada NPAMOYTOAbLHUKA Py p o, g dero OymyT
HCIIOJIb30BAThC KOHTYpa, Haiigenunle ajroputmoMm Kamuu. Ytobbl m3bexkaTh MIPOITyCKa
OT/IEJIBHBIX TOYEK KOHTYPOB, KOTOpPBIE OTHOCSITCS K PACCMaTPUBAEMOMY IPSIMOYTOJBHUKY, HO
U3-3a IIyMa OKa3bIBAIOTCsI CMEIEeHbl OTHOCUTE/IBHO ero IepuMerpa, OyIeM paccMaTpuBaTh He
TOJIBKO TOYKH ¢ IIlepuMeTpa IpsiMOyToJIbHIKa, HO U uX okpecTHoCTh O(t). Ecan B O(t) ectb Xx0Th
0JIHA TOYKA KOHTYpa, TO CIUTAEM, UYTO B TOUKe ¢ ImepuMerpa ecTh KOHTYp. Jljis 9700 onpemesinm

clielylolee oJHOMEepHOe n300pazkenue Ha TOUKaX HePHMeTPa IPAMOYTOIbHUKA 0P, j o

F(t) = Inax, Canny(v), (3)

npuaem F(t) € {0,1}. Pa3smep OKpecTHOCTH BbIOMpaeTCss B 3aBHCHMOCTH OT CTENEHN

3aIlyMJIEHHOCTH N300parkeHusl; B JaHHOW pabore ObLaa BhIOpaHa IeTHIPEXCBSI3HAT OKPECTHOCTD.
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Hasee k nzobparkenuio F' mocsie1oBaTeIbHO IPUMEHSIIOTCS OTlepanun apo3ui (©):

F(0) = (F&Q)(0) = min F() ()
u dusamayuy (H):
FI(t) = (F'©Qq)(t) = e F'(v), (5)

rae (0 — OJHOMEDHBI CTPYKTYpPUPYIONHii ss1eMenT [3| pasmepa g = %,

[epuMeTpe OIHOMEPHYIO OKPECTHOCTDb TOUKH ¢ pajuyca q. B Teopun mopdosiornieckoro aHaimsa

110 CYyTH 3aJIaloNnuil Ha

0CTIeI0BATENbHOCTE  onepanuii  (4)-(5) mHaspiBaercst omkpsmuem. Ilpuvenenne omeparun
OTKpBITHS K F'(t) IpUBEIET K Y/IAICHUIO OCIE0BATEILHOCTE TOUEK KOHTYPa JJIMHBI MEHee, 4eM
94eTBEPTH JIJIMHBI MEHbIIEH U3 CTOPOH IPSAMOYTOJIbHHUKA. Takoil MOJX0/ HO3BOJISET yYUTHIBATDH
JIMITb Te KOHTYPa, KOTOPbIE «COHAIIPAaBJIEHBI» CTOPOHAM PaCCMATPUBAEMOIO MPAMOYTOJbHUKA,
Ipu 3TOM OTOpachiBasi CJIMIIKOM KOPOTKHE OTPE3KH KOHTYpPOB (KOTOpBIE, CKOpee BCero,
[EePIIEH UK YJISIPHBl CTOPOHAM HPSIMOYTOJIBHUKA).

[Tocste sTOrO BHIYMCIAAETCA CyMMa 3HadeHuit dyHkipn F”(+) u BbIONHsIETCsT TIpOBEPKA, UTO
9Ta CyMMa He MeHbIlle, YeM HEKOTODBIl [Opor, B KadyecTBe KAKOBOI'O B JIAHHON pabore Oblia

BbI6pa,Ha IIOJIOBUHA JJIMHBI IIEpUMeTpa:

P,
Z F//(t) > S(a 2w7h,a)‘ (6)
tEOPw h,a(,y)

YcaoBue Cy: naomnocmsy eparuy. Ilpu pabore ajropurma, OCHOBAHHOIO Ha KOHTYDPHOM
aHaJIn3e, 3HAUNTEIbHYIO 9acTh JIOXKHBIX TPEBOT IIOPOXKIAIOT CJI0YKHOTEKCTY PUPOBaHHBIE 00JIACTH,
cojiepxkanye GOJIbIIOe KOJIMYECTBO T'PDAHUI] BCEBO3MOXKHBIX HAIPaBJIEHUi (XapaKTepHBbIM
npuMepom MOFyT C.Hy}KI/ITI) JIECHBIE MaCCI/IBbI). B TaKNX O6.HaCTHX JI0 TPpETHU TOYEK MOFyT 6bITI)
OTME€YEHbI aJI'OPUTMOM KaHHI/I KaK co/iepzKaliue KOHTyp7 u, cjeagoBaTe/JIbHO, B HUX MOXKHO
HafTH GOJIBITIOE KOJIMYECTBO JIOXKHBIX MPIMOyTroibHUKOB. Ha puc. 1 mpejcrasieno asa mpumMepa
HCKOMBIX CTPOEHHI ¢ OJIHOPOJHOI BHYTpeHHel 061acTbio (a 1 b) M KOHTYDPbI, OrPAaHUIHBAOIIIE
06JIaCTh €O CJIOXKHOI CTPYKTYPOii (¢ u d).

Eciu paccMaTpuBaTh UCKIIOUUTENLHO TOYKHU IIEPUMETPa IIPAMOYLOJILHUKA, 00e 0bjacTu
collep2KaT HECKOJILKO MCKOMBIX KOHTYPOB, HO MOXKHO OTMETHTL OIHO PAa3Iudde MEXKIY HIMU:
[IOCKOJIbKY CHHUMKH HH(MPAKPACHOIO AMANA30HA OTJIMYAIOTCS HEUyBCTBUTEJLHOCTBHIO K MEJIKUM
o0beKTaM, TO KpBLIIIa J0OMa IPEICTABIIeT CODOM HOCTATOYHO OMHOPOAHYIO 00JIACTh, BHYTPH
KOTOPOI MaJio KOHTYPOB. DTO HAOJ/IOJEHHE MOXKET CJIYXKUThH eIle OJHUM IIPU3HAKOM: BO
BHYTPEHHeH 00JIacTH paccMaTPUBAEMOTO IPSMOYTOJbHUKA IJIOTHOCTH TPAHUI] JOJIKHA OBbITh
He3HaunTeJbHa (Mbl paccMaTpuBasu 3Hadenue B 5% oT mioniaau BHyTpeHHel obaacrn). Tannoe

yC10BHUE€ MOZKHO 3alluCaThb CJIEAYIOIUM o6pa30M:

S(Plg,h,a)
> Camng(t) < e (7)
tepwg,h,a(m)y)

VYcaoBue Cs: cpednsasn aprocmos. OCOOEHHOCTBIO CIIyTHHKOBBIX CHUMKOB sIBJISIETCsI OOJIbIITIOE
KOJIMYECTBO KOHTYPOB B 0O0JIACTSIX PACTUTEJHLHOCTH, 9YTO MOXKET IMOPOXKIATH SHAYUTEIHLHOE
KOJIMYECTBO JIOXKHBLIX TpeBor. B To ke BpeMs mH@pakpacHble N300parkKeHus XapaKTepUu3yoTCs
TeM, 4TO SIPKOCTb M300paykeHuil CTPOeHn Ha HUX B CPEIHEM HIXKE, YeM SIPKOCThb OKPYrKalomeit

PaCcTUTEJIbHOCTHU (Ha 9TOM H&6.HIO,D;€HI/II/I OCHOBaHBI BereTaluoOHHbIe HWHIEKCHI, B YaCTHOCTH,
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muporoussectabiii NDVI [17]). Tlomobnast nadopmarysi HUKaK HE CBsi3aHA HEIOCPECTBEHHO
¢ KOHTypaMH, a IIOTOMY XOPOIIO UX JONOJIHSET, I103BOJisgs OTOpPAChIBATH OJIHOPOJHBIE
PSMOYTOJILHBIE YUACTKHU TUIIA TOJIEN, Ta30HOB U T. 7. [Ipejyiaraemoe yciioBue uMeeT CJie Ly foImii

BUI:

> Image(t) > Image(t) — S Image(t)
tEPy 4 o (2Y) tE€Putrtd,htrtd,a(TY) tEP 1 htra(T,y) (8)
S(nghya) S(Pw+T+d,h+7‘—|—d7a) - S(Pw+r,h+7,7a)

3lech cpeHas APKOCTh BHYTpeHHeil obsactu npamoyronabmuka (PY) cpasmmsaercs co
CcpeliHeil SIPKOCTBIO IPSIMOYTOJIBHOI'O <«KOJIbIa» IMUPUHONW d, ITOCTPOEHHOTO BOKPYI' HEro Ha
PACCTOSHUH 7. DTO PACCTOTHEE IIPEJACTABIISIET COOOI OTCTYI OT Kpasl IPAMOYTOJIbHIKA: T'DAHMIIIHI
Ha peajbHBIX M300parKeHWsX KpaiiHe peIKO MMeIOT BHJ, CTYIIEHbKM, 3aTO IOpas3io dJalle OHHU
OKAa3bIBAIOTCS PA3MBITHI HA HECKOJIBKO MHKCesIedl (MMEHHO 3TO pPas3MbITHE HAXOAUT OIEPATOD
Cobena Kak TPAIUEHT SIPKOCTH), BCJIEJCTBHE Yero OJIMKAfIIme K TPAHUIE MPIMOYTOIbHUKA
TOYKH OY/IyT UMETDH MPAKTUIECKN TAKYIO XK€ SIPKOCTh, ITO U caM 00BEKT, a (DOH Oy1eT HAaTHHATHCS
Ha, HECKOJILKO MHKceJiel fgaJjiee. BeinmdmHa oTcTya 3aBUCUT OT THUITA U KAIeCTBa N300parKeHusl,
a IMUpHUHA KOJbIa d BbIOMpasiach Tak, ITOOBI €ro ILIONA b ObLIa IMPUMEPHO pPaBHA ILJIONIAIN
BHYTPEHHEH 00JIacTH MPsMOYTOJIbHUKA.

Takum 00pa3zoM, € yd4eToM IIPeJJIOYKEHHBIX VCJIOBHIl peIrarolee MPaBUIO aAJINOPUTMA,
OlpeJiesisiiolliee  HAJMYMe B HEKOTOPOH IIPOM3BOJIBHON TO4YKe (Z,y) UPSIMOYTOJIbHUKA C

napamerpamu (w, I, ), BBINJISIIAAT CJIEYIOIUM 0OPA30M:

Pw,h,a (l‘, ?/), ecJin 1460(.7}‘7 y) = max ACC(I‘,, y/)
($,1yl)eow($7'y)
P(x,y) = u BoioJiHensl Oy, C3, (9)
0 uHade,

rjie

Ace(z,y) = max ((w—li—h E Sobel(t)) |C’1), (10)
Y tEOPy h,a(T,y)

Py holz,y) = arg max (<w1+h Z Sobel(t)) \Cl>, (11)
T tEOPy h,a(z,y)

Ow(z,y) — okpecTHOCTD TOUYKH (2, Y) PaJUyca w, T.e. COBHAAIONIET0 ¢ MAKCUMAJIBHON 110 JJINHE
CTOPOHE TPSIMOYTOJIBHIKA, UTO MO3BOJISIET OTCEUb CJIyUan MMePecedeHrsT PACIIOIOKEHHBIX PIIOM
npstmoyrosibHUKOB; C'1, Cy, C3 — cueruajibHble YCJIOBHS, OTParKaloIie XapaKTePHbIE CBOMCTBA
HUCKOMBIX 00HEKTOB.

3aBepIinM JAHHBIH TYHKT OIUCAHTEM ODIIEl CXeMbI TPEIAaraeMOor0 aJITOPUTMA, COCTOSIIIIETO
U3 CJIEJIYIONIUX MATr0B.

1. Crnaxkubanue BXomHOro uzobpaxkenust (guided filter), BbIYMCIEHEE TPAJUEHTOB SIPKOCTH
oreparopoM Cobejia ¥ TOUCK KOHTYPOB ajropuTMoM KanHu.

2. Jns kaxporo nabopa napamerpos (w,h, ) u3 BBIODAHHOTO JHaNa30HA 3HaUYeHHN (2) ¢
HOMOIILIO ITPOIIE/YPBI TOJIOCOBAHNUS TOYEK TPAMEHTOB sipKocTh n3obpazkenus (10) u yciaoBuem
comasieansi dhopmbl C] (6) cTpoUTCs AKKYMYyJISITOPHBI MaccuB (pa3sMepoM, COBIAAIONINM C

pa3sMepoM BXOJIHOIO M300parkeHrsi, W COOTBETCTBYIOIIMI IEHTPAM IMIPSMOYTOJBHUKOB). 3aTeM

92 Bectauk FOYpI'Y. Cepus «BpruunciaurenpHas MmareMaTnKa 1 “”HOOPMaTAKA»



A.B. dyuaeBa, ®.A. KopauiioB

[OJIyYeHHBIE aKKYMYJIATOPHBIE MACCUBLI OObEIMHSIIOTCS Olepanueil moToYe Horo MakCuMyMa, ¢
coxpaHneHueM Habopa napamerpos (11), Ha KOTOPOM 3TOT MAKCUMYM JIOCTHIAETCSI.

3. B pesyibrupyomeM —akKyMyJIsSTOPHOM —MaCCHBE OTOPAChIBAIOTCS  TOYKH,  HE
YJOBJIETBOPSIONIE yCJIoBUsIM TutoTHOCTH Tpanut; (7) u cpenmeii sipkoctu  (8). Cpenn
OCTABINUXCs WIYTCA JIOKAJbHbIE MAKCUMYyMBI (9) 110 OKDECTHOCTH PasMepoM ¢ OOJIBIIYIO

CTOPOHY IIPSIMOYT'OJIBHUKA W, KOTOPBIE IIepeJaloTCd Ha BBIXOJ, aJIl'OPUTMA.

Puc. 3. [Ipumep 3anosnenns akKyMyJIgTOPHOTO MaCCUBA IIPU MIOUCKE MPSIMOYTOJIbHBIX KOHTYPOB
¢ TOMOIIbI0 peobpazoBanust Xada. PKOCTb COOTBETCTBYET 3HAUECHUIO AKKYMYJISTOPA: €M OHA
BBIIIIE, TEM OOJIBIIIE TOUEK KOHTYPOB UCXOTHOTO N300ParKeHHUsI ITPOTOJIOCOBAJIHN 38 IPSIMOYTOJIHLHUK
¢ TeHTpPOM B 9Toil Touke. IIpeicraBiiensl mpumMepbl cTpoeHuii (2 u 3), ¥ TUIUYIHBIE CJIyYan

IPSIMOYTOJIBHBIX O0BEKTOB, MCKOMBIME CTPOEHUSIMU He siBjsttoruxcst (1 u 4)

Ha pwuc. 3 mpemcraBiern mpuMep MTOCTPOEHHOI'O aKKYMYJISITOPHOI'O MACCHBA, IIOJIYIEHHOTO
B XOJIe TOUCKA IPSAMOYTOJBHBIX CTPOEHMI Ha HM300paykeHUuU 3aropogHOil MecTHoCTH. MOXKHO
BHJETb, YTO JBa MPSAMOYTOJbHBIX CTPOEHHsI IOPOIUIN B AKKyMYJISTODHOM MAaCCUBE JBa
BBbIPaYKEHHBIX JIOKAJIbHBIX MAKCHUMyMa (JiBe sIDKUX TOYKH), COOTBETCTBYIONIUX IEHTPAM 3JaHHil
2 u 3. B 1o e BpeMss 00beKT 1 B J1€BOI HIKHEH YaCcTH U300parKeHUsl, Ubsl ITHPUHA
0Ka3a/Jach MEHBIE PACCMATPUBAEMBIX IMapaMeTpoB (QUryp, MOPOJIUJI JIUIIL JIBe pPa3MbITHIE
ITOJIOCHI, He JIOKAJIM3yeMble B KOHKPETHBI 00beKT. [ToMuMOo 9T0ro, yuer oJfHOPOIHOCTH SIPKOCTH
BHYTPH PACCMATPUBAEMOTO MPSIMOYTOJIbHUKA [TO3BOJIMJI OTOPOCUTD MPSIMOYTOJIbHBIN O0BEKT 4, He
SIBJISIIOIIAICST CTPOEHUEM.

B caenyromem pazjesie OyaeT npuBeieHO 00CYXKICHUE PeAU3aIi JAHHOIO AJITOPUTMA, &

TaK2Ke pe3yJbTaTbl YUCJICHHbBIX 9KCIICPDUMEHTOB Ha pPeaJIbHbIX JTaHHDbIX.

3. Pea.TII/I3aI_II/I$I AJIropuTMa 1 pe3dyJ/ibTaTbl YMCJI€EHHDbBIX
IKCIIEpMMEHTOB

[IpenoxkeHHbIN B IPEIBIIYIIEM IIYHKTE aJTOPUTM BBIIOJIHIET [I€Pebop KOHTYPOB 3aJaHHOM
bOpMBI  BCEBO3MOXKHBIX pa3MEpOB W OPUEHTAIMi, KOTOpble MOIIM Obl OBITH Ha BXOJHOM
u3obpazkennn. Pasymeercsi, ecam y HAC HeT anpuopHOil MHGMOPMAIMA O pasMepax HCKOMBIX
00bekTOB (IIpH IOUCKE CTPOEHUIT HA a9POKOCMUUECKHUX M300pPaKeHUsIX IT0 OObIUHAsI CUTYAIIUA ),
TO Takoi 1epebop MOKeT HOTpeGOBATH 3HAYMTELHOIO KOJIMdecTBa BpeMeHu. [losromy, eciu
FOBOPUTH O NPAKTHYECKOM NPUMEHEHUH JAHHOIO MeTOAAa, TO OCTPO BCTAET BONPOC 00
OUTUMM3AIMN BBIYUCACHUI U yCKOPeHHH paboThl ajropurMa. IlocieqHss 3ajada B HACTOsIIEE
BPEMsi DeIaercsi € IOMOIIBIO HCIOJb30BAHUS BBICOKOIPOU3BOJUTEIbHBIX MHOTOSIIEPHBIX
rpaduuecKux IponeccopoB. B ¢BsA3M ¢ 9TUM GBIIIO IIPUHSITO PENEHNEe ONTUMU3UPOBATEH AJTOPUTM
I paboThl Ha BHUJIEOKApTaX; B KadeCTBe ApXUTEKTYPbl MAapa/UIeJbHBIX BBIYUCIEHHUH Oblia
BeiGpana rexuosorust CUDA [18].

CdopmynupyeM ceayromye UIeu M0 ONTUMI3AIIN BHIYUCIEHIH aJropuTMa.
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1. Hockonbky guided filter nu omeparop Cobesia TPEACTABIAIOT CODOW OKOHHBIE METOJIBI
(cBepTKY), TO WX peajM3alus Ha BHJEOKAPTE He MPEJCTaBJseT 3arTpylHeHuil. DBwicTpas
peasmzanust ajropurma Kanuu 6b11a B3sgra n3 6ubanorekn OpenCV [19].

2. PekyppeHTHOE BBIYUC/IEHNE AKKYMYIATOPHOIO MaCCHBA JIJIs KaXKI0I'0 Habopa mapaMeTpoB
(w, h, ) TO3BOJISIET 3aMETHO COKPATUTH 00BEM TpeOyeMoil MaMsaTH, eCId XPAHUTb TOJIBKO
PE3YIBTUPYIONINN aKKYMYJIATOPHBI MAaCCUB, 110 Mepe HeOOXOIMMOCTU OOHOBJISAS €ro Ha KaXKI0i
ureparuu. Takke 3a CYeT TOro, YTO TOT MACCHUB ITOJIy9aeTCsl JBYMEPHBIM, B HeM ObICTpee
OCYIIECTBJISIETCSI TIOUCK JIOKAJBHBIX MAaKCHMYMOB.

3. IlpopekuBanme TOYEK: CHUMKH 3€MHOI IMOBEPXHOCTH HEM3DEXKHO COMEP2KAT HEKOTOPOEe
pa3MbITHE U300PAKEHHBIX O0OBEKTOB U IIyM, M3-3a U€ro JIOKAJMU3AIUNU KOHTYPa CO CIBUIOM HA
[UKCeJIb 110 TOPU30HTAU WM BePTUKAJU OYIyT NPAKTUIECKU WICHTUIHBI. B CBsi3u ¢ 3TUM
HET HEOOXOIMMOCTH PACCMATPUBATD KaXKIbII MUKCE/Ih N300pakKeHusl KaK IMOTEHIINATBHBIN ITEHTD
durypsl, Tak Kak 3HAYCHUS aKKYMYJISTOPHOTO MACCHUBA B JIBYX COCEJIHMX TOUYKAX OYIyT MAJIO
OTIMYATHCSA JPYr OT Jpyra: OHU 00a OyJyT COJAEPXKATb OJIMHAKOBBLIE MMapaMeTpbl (DUTYPBI U
BIIOJTHE KOPPEKTHO JIOKAJN30BATh UCKOMBIN O0OBbEKT. [109TOMY BO3ZMOXKHO YUMTBHIBATH KAXKIbIil
BTOPOil WM TpETHil NHUKCEJIb, U TE€M CaMBbIM 3aMETHO COKPATUTh pPa3Mep aKKyMYJIsTOPHOIO
MacCUBa.

4. N nes mpeobpasoBanns Xada — «TOYKa T'OJIOCYET 33 MEHTP PUTYPBI» — MOXKET 3aMe JTUTh
BBITIOJTHEHIE AJITOPUTMa Ha BUJIEOKAPTE, TAK KaK 32 9TOT IEHTP MOXKET OJIHOBPEMEHHO I'0JIOCOBATD
MHOKeCTBO TodeK. [loaTomy mpesjiaraercs MHON IOIXO — <IIEHTP KOHTypa OIpPAaIluBaeT BCE
TOYKH, KOTOPBIE MOIJIE ObI 38 HErO MPOTr0JIOCOBATLy. Pa3 ¢hopma m3BeCTHA, TO MOXKHO ITPOBEPUTH
BCE MHUKCE/H, KOTOPBbIE MOTJIM Obl IIPOroJiocoBaTh 3a (UTYPYy C IEHTPOM B BBIODAHHOHN TOUKE,
TeM CcaMbIM M30erasi BO3MOYKHOW 3aIllUCH B OJHY U Ty XK€ S9eiKy MaMsiTH U3 Pa3HbIX MTOTOKOB
BbIYUCJICHUN.

5. [IpegBapuTe/ibHBII pacdeT BEKTOPOB CJABUIOB: IIPU (DUKCHPOBAHHBIX ITapaMeTpax (pUrypbl
KA K/JIBIil TIEHTP OIPAIIUBAET TOUYKU C OJHUM U TE€M YK€ CMEIeHUEeM OTHOCUTEIBHO CeDsl, II0ITOMY
MOXKHO IIPEJIBAPUTENIHHO PACCIUTATH BEKTOPA CIABUTOB BCEX TOYEK IepuMeTpa (DUTryphl, U jajee
UCIIOJIB30BaTh UX JIJIsi BEIYUC/ICHUS 3HAUCHNST aKKyMYJIsiTOpa B KaXK0i Touke. Pacder moBopora
TpedyeT BBIYUC/ICHUS CHHYCOB M KOCHHYCOB, U JI€JATh €0 JJjisd KaXKJOH TOYKH B OTIAEIBHOCTH
Kpaitne 3arparHo. lIpejBapuTesbHBI pacCcIeT BEKTOPOB CJBUTOB IO3BOJISET BBIIOJHUTH ITY
OIIEPAITUIO €JIUHOK/IbI, U 3aTE€M BBIYUC/IATH KOOPIUHATHI TOYEK IIOBEPHYTON (DUTYPHI € TOMOIIHIO
olepalnuii CJI0KEHUN U BBIYUTAHUN.

6. Bamomaenne akKymysssTopaoro maccusa (10) u mposepka ycsiousi 6im3oct dpopmbr C
(6) npousBosITCS 110 IEpUMETPY (DUTYDBI, T. €. JIIs IIPAMOYTOJILHUKOB, HAIIPUMED, 9TO HOPSIIKA
2(w + h) Touek. B ro xe Bpems yciaosust Cy (7) n Cs (8) paccuuTsIBAIOTCS 110 BHYTPEHHEH
objtactu puUrypsl, 9To TpedyeT mepedopa mopsaka w X h Todek, a, CaeJ0BaATEIbHO, — 3HAUNTETLHO
Gouibiiero Bpemenu paborbl. Vmenno nosromy B (10) u (11) B KavecrBe ycsioBuii dburypupyer
aumb CY, a JiBa JAPYIUX yCJIOBUSI BBIHECEHBI 3a IPEJIe/Ibl 3aIl0JIHEHNsI aKKyMyJ/Isitopa (T.e. 32
[peJie/ibl TAPAJLIEIBLHOM YacTh) U IPOBEPSIIOTCS TOJBKO JIJIsl TOYEK IIPEJIIOIAraeMbIX IEHTPOB
upsiMoyrosibHuKoB (9). Tobasienue yenopuit Co u C3 B napajule/IbHYI0 9aCTh CUJIBHO 3aMeJIJIUT
paboTy aJropuTMa, HO He MPUBEMET K 3aMETHOMY IOBBIIIEHUIO KA9eCTBA PAOOTHI.

[TocTpoeHHBINT Ha OCHOBE 3TUX MPEIJIOKEHUN AJITOPUTM C II€PEOOPOM MPSIMOYTOJIBHUKOB
¢ pasmepaMu OT lpyin = 31 10 lpge = 91 ¢ marom 2 (2), HPOJEMOHCTPUPOBAT BpeMsi
paboThI MOpsIIKa ABAIIATH ABYX ceKyHs, mjs n3obpaxkenuss 3000 x 3000 nukcesieit Ha cucreme,

ocHarrenHoii nmporeccopom Intel i7-4770 u Buneokaproii Nvidia GeForce GTX 780 Ti.
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st mpoBepkH KadecTBa pPabOTHI NPEJJIOKEHHOIO aJrOpUTMa HUCIOJIb30BajIach 0a3a u3
100 mH@pakpacHbIX a’pPOCHUMKOB 3aropogHoit Mectaoctu pasmepom 3000 x 3000 mukceseit,
JIJIsT KOTOPBIX ObLIa CjlejlaHa pydHasi pa3MeTKa CTPOCHUIl MPsiMOyrojibHOM dopmbl. B ciayuae,
€CJIN AJITOPUTM HAXOWUJ IPAMOYTOJIbHBI KOHTYD B HEOOJIBIION OKPECTHOCTU OT PA3MEYEHHOTO
BPYYHYIO M HUX pasMepbl HE CHJILHO OTJIMYAJUCh, TO TAKOW KOHTYD CUYNTAJICSH BEPHBIM

obnapy:kenneM. [losryaennbie pe3yIbTaThl IPUBEICHBI B TaOJIATIIE.

Tabua
PesynbraThl 9ncIeHHOTO 9KCIIEPUMEHTA, TT0 JIOKAJTU3AIUN CTPOCHUH TTPSIMOYTOTBLHOM
dopmMbI
Xapakrepuctuka | KoaumuectBo | IIporient
Crpoenuit HaiieHo 2213 78,45%
Crpoenuii mpomyImeHo 608 21,55%
JIOKHBIX TpeBOT 410 15,63%

Ha puc. 4 npuseenst npuMepsbl paboThl ajropurMa. B ciryuae pa3peKeHHOr0O pacioIOXKEHU s
00'BEKTOB U OTHOCUTEJIBHO OJTHOPOIHOTO (DOHA AJITOPUTM JOCTATOYHO KOPPEKTHO OOHAPYKUBACT
HUCKOMbIe OOBEKTBI, He JIOolycKasi omubok. [ljist GoJiee CJIOXKHBIX CIIEH, XapaKTepU3YIONUXCs
IUIOTHOM M XAOTUYIHOW 3aCTPONKON, aJrOPUTM MOXKET IIPOIYCKATH HEKOTOPbIe OOBEKTHI: JUHO
[0 TIPUYIXHE CJIOKHON (HbOpMBI (mipuMepbl 2 U 6), 00 U3—3a TOrO, 9TO CTPOCHUS PACIOIOKEHBI
BIUIOTHYIO ApYT K apyry (upumepst 3 u 4). JloxkHble TPeBOI'M CBs3aHBI ¢ 0ObEKTAMHU, MOJ00HO
NPAMOYTOJIBHBIM CTPOCHUAM TAKKE MMEIOIINM JBe MMapaJllebHbIC U JJOCTATOYHO IIPOTAKCHHBIC
[PAHUIBL: JIOPOIH, MOCTBI, y4acTKu Oepera u T.j1. (npumepsl 1, 5 u 7). B To ke Bpemsi crour

OTMETUTD, YTO DOJIBIIYIO YaCTh OOBLEKTOB AJTOPUTM OOHAPYKUJI KOPPEKTHO.

Puc. 4. [Ipumepst paboThI aJropuTMa Ha a3pOCHUMKAX IIJIOTHON 3aropo/IHOM 3acTpoiiku. BesbiM
IIBETOM BBIJIeJIeHbI HaiijieHHble crpoeHus. ludpamu 1, 5 u 7 oTMedeHBbI JIOXKHBIE TPEBOIH,

nudpamvu 2, 3, 4 u 6 — poIycKu

3akJIo4eHmne

[IpetozkenHbIil B paboTe METO/I JIOKAJU3AINHA CTPOEHUN 3aJJaHHOI (DOPMBI HA a3POCHUMEKAX
B WH(MPAKpPACHOM JMala30He TPUMEHNM K 3ajade IMOWCKa OOLEKTOB pasjndHol (hOPMBI, B
obIeM cirydae, MPpOU3BOJILHBIX (PUTYD, He 00s13aTe/IbHO BBITYKJIBIX. [Ipn 9TOM IpeacTaBisieTcs,
9TO YeM CJIOKHee HMCKoMas ¢durypa, TemM TodHee OygeT paboTaThb aJrOpUTM, HO B TO ¥Ke
BpeMsI U 3HAYUTEIBHO J0JibIe. OIHAKO CTOUT YUUTHIBATH, UTO Hanbosee 3(pPeKTUBHYIO paboTy

AJITOPUTM CMOXKET ITPOJAEMOHCTPUPOBATD JIJIsi OIPEJIEJIEHHOTO KJIACCa M300paXKEeHUH ¢ 0COOLIME
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CIIEKTPAJILHBIMA M TEKCTYPHBIMU XapaKTEPUCTUKAMU:  OJHOPOIHOCTL (pOHA, pa3peskKeHHoe
ITOJIO’KEHIE NCKOMBIX OOBEKTOB, pa3pelleHne mopsaaKa 1—-3 MeTpoB Ha ITHUKCE/Ib.

I[ToMuMO 3TOr0 CTOUT yYECTb, UYTO AHAJIM3 KOHTYPOB IPEICTABJSET COOOI HOCTATOUIHO
HEYCTOMUYMBYIO K IIyMy H CJIOXKHYIO B HacTpoiike omepamuio. [IpuMeHeHne Takoro aHajmsa
B IPAKTUIECKUX IIPUIOKEHUSIX 0€3 MCIIOJIb30BAHUS JIOMOJHUTEIBHBIX METOI0B MOXKET OBIThb
3aTPYAHATENBHO. [IOBbIIIEHNST yHUBEPCAJIBHOCTH MOYXKHO JTOOUTHCS IIyTeM J00aBJIEHUS 3JIEMEHTOB
CerMeHTallui U aHaJInu3a CbOHa. BHa‘{I/ITeJIbHaH YJaCTb JIO2KHBIX TPEBOI' CBA3aHa C IIPOTAZKECHHBIMNI
o0beKTaMU THIIA JIOPOT, Ubs IIUPUHA IPUMEPHO COOTBETCTBYET IIUPHUHE OOBITHOIO JIOMA.
[IpeasapurenbHoe pa3dbueHHEe CHUMKA HA OJHOPOJHBIE OOJACTU IIOMOXKET MCKJ/IOYUTL TaKUe
CUTyalum. B CBOIO O4Yepe/ib, YMEHbIIIEeHNE YPOBHA JIO?KHBIX TPEBOI' IIO3BOJIUT IIOHU3UTL ITOPOT'H
OCHOBHOI'O aJIPOPUTMa U JOOUTHCsI 60J1ee BHICOKOI'O YPOBHSI PACIIO3HABAHUSI.

Tax>ke cTOUT yHOMSIHYTH OIUH W3 HamboJiee IOMYJIAPHBLIX B HACTOMAIIEEe BPEMS IIOJIXOJIOB
B 00paboTKe M300parkeHuil, CBA3aHHBIA ¢ 0OyYEeHHMEM MHOI'OCJIOMHBIX CBEPTOYHBIX HEHPOHHBIX
cereii. IlpuMenenme moc/IeIHNX B OCHOBHOM CBSI3aHO C IIOMCKOM OOBEKTOB, OOJIAIAIONINX
JOCTATOYHO CJIOXKHOM CTPYKTYpOi: MAaIllMH, >KUBOTHBIX M T.J. CTpoeHWsI Ha CHUMKaX B
nH@PPaAKPACHOM JUAlla30He, KaK ObLIO IIOKA3aHO BbIIIE, IOJOOHON CJIOXKHOH CTPYKTYpOil He
obsragaror. OnHako n AjIsd HUX MOXKHO OI00paTh HEKOTOPBIE XapaKTepHble mpusHaku. [lpraem
HEKOTOPBIE U3 3TUX IPU3HAKOB CaMU I10 ceOe BLIPAXKAIOTCS Uepe3 OIEePAI0 CBEPTKU: OIIEPaTOP
Cobena, II0THOCTD TPAHNIL, CPEeIHsIs SPKOCTh obstacTu. CrieqoBaTeIbHO, IPUBEICHHBIN B TaHHO
paboTe ajropuT™M MOXKET IIOMOYb IIPU ONpeIeJeHHH CTPYKTYPhl HEHPOHHO ceTh, KoTopast

perraja 66 pACCMOTPEHHYIO 3a/1ay.

Paboma svinoarena npu wacmuwrotd noddeporcke xomnaexcrot npoepammor OHU YpO PAH
(npoexm 15-16-1-14).
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This paper describes an approach to detection of specific shape buildings from the aerial imagery in the
infrared range. The proposed algorithm uses contour analysis and is based on a modification of the generalized
Hough transform that allows to detect curves defined by a small number of parameters. The main idea is to build a
two-dimensional accumulator array for each possible parameter set of the specified curve, and to combine obtained
arrays into the resultant accumulator array whose local maxima correspond to the positions of the sought objects.
The gradient magnitudes of the original image are used to fill the arrays. The closeness of the found contours
to the predefined curve is determined by the morphological analysis of the values calculated by the Canny edge
detector. Filtering detected objects relies on the density of boundaries in their internal area with the ratio of the
average intensity inside and outside the contour that provides high sensitivity to the specified types of objects
and reduces the number of false alarms of the algorithm. The proposed approach was tested on the problem of
localization of rectangular buildings and showed the appropriate quality for practical use.

Keywords: image processing, object detection, contour analysis, mathematical morphology.
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CBEJEHUA OB U3IAHUN

Hayunwii orcypran «Becmnux FOYpl'Y. Cepusa «Boruciumeavhas Mamemamura u ur@op-
mamuxas» ocrosar 6 2012 200y.

Ceudemenvcmeso o pezucmpayuu [T OCT7-57377 svidaro 24 mapma 2014 2. Dedeparvroti
cayocbotli no nadzopy 6 chepe c8A3U, UNPOPMAYUOHHBLT METHON02UT U MACCOBHLT KOMMYHUKAUUL.

Kypnan exarouern 6 Pepepamuenviti srcyprans u Basvw dannoix BUHUTHU; undexcupyemcs
6 bubauozpapuveckoti base dannoix PUHI]. 2Kyprnaa pasmewer ¢ omxpwuimom docmyne Ha Bee-
poccutickom mamemamuveckom nopmane MathNet. Ceederus o otcyprane estcezodno nybaukyrom-
CA 8 MeNCOYHAPOOHOT CNPABOUHOT CUCTNEME MO NEPUOIUHECKUM U NPOJOANHCAIOUUMCA USOGHUAM
«Ulrich’s Periodicals Directorys.

Pewenuem Ipesuduyma Boicwets ammecmayuonnoti xomuccuu Munucmepemea obpasosarus
u nayxu Poccutickoti edeparyun sicypran exmouen 6 «llepeuens peyeH3upyemuls HayuHoir usda-
HUl, 68 KOMOPHLL J0AHCHDL OBIMb ONYOAUKOBAMHDL OCHOBHVLE HAYUHDBLE PE3YALIMAMbBL HA COUCKAHUE
Yuerot cmeneny kandudama Hayx, Ha COUCKAHUE YUerolt cmeneny, JoKmopa HayKs no CACOYIOWUM
OMPacAiM u epynnam cneyuasorocmedi: 05.18.00 — ungopmamura, olUUCIUMENDHAS METHUKE U
ynpasaenue; 01.01.00 — mamemamura; 25.00.00 — nayku o emae (N421).

Hoodnucroti undexc nayumnozo srcyprana «Becmnux FOYpl'Ys, cepua «Buuwucrumenvrnan ma-
memamura u undopmamuras: 10244, xamanoe «IIpecca Poccuus. Ilepuoduurocmov evzroda —

4 ewvnycka 6 200 (despanv, mal, aszycm u HOAOPY).
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