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PREFACE

The scope of the International Book Series “Information Science and Computing” (IBS ISC) covers the area of
Informatics and Computer Science. It is aimed to support growing collaboration between scientists from all over
the world. IBS ISC is official publisher of the works of the members of the ITHEA International Scientific Society.

The official languages of the IBS ISC are English and Russian.

IBS ISC welcomes scientific papers and books connected with any information theory or its application.

IBS ISC rules for preparing the manuscripts are compulsory.

The rules for the papers and books for IBS ISC are given on www.foibg.com/ibsisc .

The camera-ready copyes of the papers should be received by ITHEA Submition System http://ita.ithea.org .
The camera-ready copyes of the books should be received by e-mail: info@foibg.com .

Responsibility for papers and books published in IBS ISC belongs to authors.

The Number 8 of the IBS ISC contains collection of papers from the fields of Classification, Clustering, Pattern
Recognition, Forecasting, Features Processing, Transformations, Data Mining, and Knowledge Discovery.

Papers are peer reviewed and are selected from the several International Conferences, which were part of the
Joint International Events of Informatics "ITA 2009" — summer session, Varna, Bulgaria.

The book maintains articles on actual problems of classification, data mining and forecasting:

- New approaches, algorithms and methods of construction of steady and smooth logic algorithms of type of
computation of the estimations, steady piece-wise linear algorithms of classification;

- The algebraic theory of algorithms - problems of complexity and resolvability of challenges of classification,
construction of optimum algebraic proof-readers over sets of algorithms of computation of estimations;

- Methods of search of logic regularities of classes (knowledge) and their statistical verification, association rule
mining, extract of knowledge by means of neural networks;

- Researches in area of neural network classifiers and self-organizing maps, principles of designing and results
of use heterogeneous gene - neural networks;

- Questions of complexity of some discrete optimization tasks and corresponding tasks of data analysis and
pattern recognition;

- Estimation of probability of erroneous classification, comparison of approaches and optimization of
estimations, risk estimation in regression models;

- The specialized task-oriented algorithms for analysis and recognition of numerical and vector sequences,
structures in DNA-sequences, methods of automatic classification and modeling of a genetic code;

- Logic and probabilistic models constructing for multivariate heterogeneous time series,
- Machine learning methods for variable aggregation and transformation.

It is represented that book articles will be interesting as experts in the field of classifying, data mining and
forecasting, and to practical users from medicine, sociology, economy, chemistry, biology, and other areas.
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International Journal “Information Theories and Applications”
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Association for Development of the Information Society (Bulgaria)
V.M.Glushkov Institute of Cybernetics of National Academy of Sciences of Ukraine
Institute of Mathematics and Informatics, BAS (Bulgaria)

Institute of Information Technologies, BAS (Bulgaria)

Institute of Mathematics of SD RAN (Russia)

Taras Shevchenko National University of Kiev (Ukraine)
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Seventh International Conference "Information Research and Applications”

Fourth International Conference "Modern (e-) Learning"

Second International Conference "Intelligent Information and Engineering Systems"
International Conference "Classification, Forecasting, Data Mining"
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Third International Summer School on Informatics

More information about ITA 2009 International Conferences is given at the www.ithea.org .
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belongs to the whole of the ITHEA International Scientific Society.

We express our thanks to all authors, editors and collaborators who had developed and supported the
International Book Series "Information Science and Computing".
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Sofia, June 2009 Kr. Markov, VI. Ryazanov, Kr. Ivanova, I. Mitov



International Book Series "Information Science and Computing" 5

TABLE OF CONTENTS
o) 1oL 3
FIE o)Lzl o O (=1 £ 5
INABX OF AULNOIS..c....eeeeeeeee ettt ettt et ettt st et e et st et st st e s et s s as st st e s et st er st st are et st arearans 7

Classification and Clustering

Optimal Decision Rules in Logical Recognition Models
Anatol Gupal, VIAdIMIr RYAZANOV ..............coviurerieisisiisitesi sttt 9

Exact Discriminant Function Design Using Some Optimization Techniques
Yury Laptin, Alexander VINOGratlov ...........cccouvvveeeeiiseeeisisisisisisssisssisssssssssssssasasasassssssssssssssssssssasasasassssnns 14

Classification of Data to Extract Knowledge from Neural Networks
Ana Martinez, Angel Castellanos, Rafael GONZAIO ................cc.ccceeeeicevecesisisisieeeesis s 20

String Measure Applied to String Self-organizing Maps and Networks of Evolutionary Processors
Nuria Gomez Blas, Luis F. de Mingo, Francisco Gisbert, Juan M. Garitagoitia ...............cc.cocccvvrnicnninininns 27

MHorokpuTepuanbHas ONTUMIU3aLmMs apXMTEKTYPbl HEMPOCETEBBIX KnaccuhukaTopos
Anbbepm BopoHuH, KOpuli 3uamOAUH08, AHHA AHMOHIOK............cccueeeerereressssassssssesesssssssssssasasasssssssssssasanas 32

O HeKOTOpbIX TPYAHOPELIAEMbIX 3aaaqax NOMEXOYCTONYMBOrO aHanm3a CTPYKTYPUPOBaHHbIX AaHHbIX
ATEKCAHOP KEIBMAHOB...........cocvveieiieisisieisisisisissie ettt sttt e s bbbt s s e bbbt e s s s s s s an s et e sanas 40

OnTUMK3aLMs OLEHKN BEPOSTHOCTW OLIMBOYHON KaccudukaLmm B AMCKPETHOM criyyae
010 0 =T L= 1Y (o NPT 47

Knaccudukaums 1 MogennpoBaHune reHeTMYEeCKoro Koga M reHHO-HEMPOHHbIX CeTel
AOUID TUMOGDEEB ...ttt es a5 ettt n st s s s e st st nn e 55

Pattern Recognition and Forecasting

“AVO-polynom” Recognition Algorithm
AIEXANAES DOKUKIN. ...ttt ettt s s et s s e 65

CnoxHble 3aa4m pacnosHaBaHusi 06pa3oB 1 BO3MOXHOCTM UX PELLEHNS
Bukmop KpacHonpowuH, Bradumup OBPASUOB..............ccveeererersriiisisissssessssisisssssssasassssssssssssssssasesssssssssaens 69

3agaun NomMexoyCcTOMYMBOrO aHann3a u pacno3HaBaHus NocneLoBaTeNbHOCTEN, BKIOYAIOLLNX NOBTOPSIOLLMECS
ynopsigoyeHHble Habopbl BEKTOP—parMeHToB
Anexcarop Kenbmaros, Jlloomuna Muxatinoga, Cepael XaMUOYIIIUH. ...........cccrerveeereierrnesisinicinnssisinsseannns 76

[MocTpoeHNe NOrnKo-BEPOSTHOCTHBLIX MOZESEN BPEMEHHBIX PSA0B C UCMONb30BaHMEM Lienein Mapkosa
CBEMIAHA HEOBIIBKO ..ottt sttt s st n st s ns s nsnsns 83

06 opaHom 3agaye pacnosHaBaHUst NOCNEA0BATENBHOCTY, BKIOYAIOLLEN NOBTOPSIOWMIACS BEKTOP
Anekcel [Jonaywies, ANEKCAHOP KEITBMAHOB.............cocovvueuririeisisisissssisissasesssssssisissssessssssssssssssssasassssssssssssasasns 91



6 8 — Classification, Forecasting, Data Mining

Features Processing and Transformations

An Approach to Variable Aggregation in Efficiency Analysis
Veska Noncheva, Armando Mendes, EMiliana SilVa............cceceeceeieeieeieeeeeieeeeeteeee st 97

On Coordination of Experts’ Estimations of Quantitative Variable
Gennadiy Lbov, Maxim GEIaSiMOV ...........c.ccouvueeerirereisiissisiessssisesssseiasasssssssssss st sssssssssssasasssssssssssssssssas 105

Vcnonb3osanue FRIS-yHkuuin ans pelwenns 3agaum SDX
MpuHa bopucosa, HUKONAH 3Q20PYUKO. ..........cccvrrieieisirisieisisissassssssssssisisssssssssssssssssssasasssssssassssssasessssssssanes 110

BoisiBneHve pakranonofobHeix cTpyktyp B JHK-nocnegosatensHOCTAX
Bnadumup lyces, Tob6osb MupowHUYeHKo, Hadexda YyKaHOBA.............ccccveeireeerrresieiseeesneese e 117

Data Mining and Knowledge Discovery

Structuring of Ranked Models
LEON BODIOWSKI .........oovoeeeiee ettt ettt s s e e 125

Chain Split and Computations in Practical Rule Mining
Levon Aslanyan, Hasmik SARAKYAN ............c.ccccuveeueeeisisiieeeesis st 132

Methods of Regularities Searching Based on Optimal Partitioning
0leg SenKO, ANNG KUZNEESOVA...........cveriiiiiieieisisieisit ettt 136

OueHvBaHKe pucka perpeccoHHON MOZENU B CryYae HEM3BECTHOTO pacnpeseneHns
TambsiHa CMYNUHAE, BUKIMOP HEOBIIBKO ........ocueveveieieeeeesisesist ettt 142

MeTopq BblOENEHNs 3HaUNMbIX AAHHBIX HA N300PaXKEHUSX M30XPOMHBIX NMHUIA 4115t CUCTEM BECKOHTAKTHOrO
M3MepEHNs BHYTPUIIIA3HOMO AaBIEHUS
Hamanus Benoyc, Bukmop bopucerko, Bukmop Jlegbikun, Amumputi Makusckud, AHHa 3aliyesa............ 148

Developing of Distributed Virtual Laboratories for Smart Sensor System Design Based on Multi-dimensional
Access Method
Oleksandr Palagin, Volodymyr Romanov, Krassimir Markov, Vitalii Velychko, Peter Stanchev, Igor Galelyuka,
Krassimira IVanova, g MIOV ...ttt s sttt s st s st an s 155



International Book Series "Information Science and Computing"

Levon
Leon
Angel
Luis-Fernando
Alexander
Igor

Juan
Maxim
Francisco
Nuria
Rafael
Anatol
Krassimira
Anna
Yury
Gennadiy
Krassimir
Ana
Armando
llia

Veska
Oleksandr
Volodymyr
Viadimir
Hasmik
Oleg
Emiliana
Peter
Vitalii
Alexander

Aslanyan
Bobrowski
Castellanos
de Mingo
Dokukin
Galelyuka
Garitagoitia
Gerasimov
Gisbert
Gbémez Blas
Gonzalo
Gupal
Ivanova
Kuznetsova
Laptin

Lbov
Markov
Martinez
Mendes
Mitov
Noncheva
Palagin
Romanov
Ryazanov
Sahakyan
Senko
Silva
Stanchev
Velychko
Vinogradov

INDEX OF AUTHORS
132 AHHa
125 Hatanus
20 BukTop
27 WpuHa
65 AnbbepT
155 Bnagumnp
27 Anekcen
105 Hwukonan
27 AHHa
27 Kopwuin
20 AnekcaHgp
9 BukTop
155 BukTtop
136 OmuTtpuin
14 JTroboBb
105 Jlogmuna
155 BukTtop
20 CseTnaHa
97 Bnagumnp
155 TaTtbsiHa
97 Agvnb
155 Cepren
155 Hapexpa
9

132

136

97

155

155

14

AHTOHIOK
Benoyc
BopuceHko
BbopucoBa
BopoHuH
lN'yces
Honrywes
3aropymko
3anueBa
3naTtanHoB
KernbmaHoB
KpacHonpolumH
JleBbIkMH
Makunsckui
MwupoLlHMYeHKo
MwnxannoBa
Hepenbko
Hepenbko
O6pasuos
CtynuHa
Tumodheen
XamuagynnuH
YyxaHoBa

32
148
148
110
32
117
91
110
148
32
40, 76, 91
69
148
148
117
76
47,142
83
69
142
55
76
117



8 — Classification, Forecasting, Data Mining




International Book Series "Information Science and Computing" 9

Classification and Clustering

OPTIMAL DECISION RULES IN LOGICAL RECOGNITION MODELS

Anatol Gupal, Vladimir Ryazanov

Abstract: The task of smooth and stable decision rules construction in logical recognition models is considered.
Logical regularities of classes are defined as conjunctions of one-place predicates that determine the
membership of features values in an intervals of the real axis. The conjunctions are true on a special no
extending subsets of reference objects of some class and are optimal. The standard approach of linear decision
rules construction for given sets of logical regularities consists in realization of voting schemes. The weighting
coefficients of voting procedures are done as heuristic ones or are as solutions of complex optimization task. The
modifications of linear decision rules are proposed that are based on the search of maximal estimations of
standard objects for their classes and use approximations of logical regularities by smooth sigmoid functions.

Keywords: precedent-recognition recognition, logical regularities of classes, estimate calculation algorithms,
integer programming, decision rules, sigmoid formatting rules

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

Introduction

The paper is dedicated to development of recognition algorithms that are based on partial-precedence principle
(logical-combinatorial methods, estimate calculation algorithms). The first studies in this field were made by
Yu.l.Zhuravlev (a test algorithm [Dmitriev, 1966] , estimate calculation algorithms [Zhuravlev, 1971]), recognition
model based on voting over representative sets [Baskakova, 1981]. The well-known practical recognition
algorithm Kora has been presented in [Vaintsvaig, 1973]. The basic principle of these algorithms is the search of
irredundant fragments of objects descriptions in terms of features that are the incident ones to the classes. Such
important fragments are used later for recognition of new objects. These models were elaborated for k-valued
features. To work with real-valued features, the data quantization is made in advance that preserves the
separability of classes on training sample [Zhuravlev, 1978], [Zhuravlev, 1998], [Zhuravlev, 2002], [Dyukova,
2000], [Dyukova, 1989]. Later, the term logical regularity (LR) will be used. The predicate

P(S)=4(8)& 4y(S) & ...& A}, (S) will be understood as logical regularity, where A ;, Ao, ..., Ak

are one-placed predicates that depend on one of the features and determine the membership of the value of this
feature in a certain interval of the real axis. The LR is true for all reference objects of some “no extending”

s - -
subsets S of training sample S belonging to class K , moreover P(S)=0,VS e CK; NS .

In [Kochetkov, 1989], recognition algorithms have been proposed that are invariant under some transformations
of features, and some practical method for LR search was described [Bushmanov, 1988]. In [Ryazanov, 2007],
[Kovshov, 2008], the parametrical approach was considered. The LR is described by vector of binary parameters
and LR search is reduced to solution of special integer-valued mathematical programming task. It was proposed
relaxation, combinatorial and genetic algorithms for LR search.
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This paper is an extension of investigation [Ryazanov, 2007]. Let the sets of LR of all classes have been found
by training sample. The LR of minimal complexity and equivalent to some one LR is calculated. To recognize any
object S, the weighted sum of values of one-parametric sigmoid approximations of LR for S is calculated.
Some restrictions for weight coefficients in terms of equations are used. Finally, the task of construction of stable
and smooth decision rule is reduced to linear programming problem. Coefficients of matrix of restrictions are the
functions of smooth parameter. The algorithm for construction of stable smooth decision rules have been
approved successfully by model and real data.

Main Definitions

We consider the standard recognition task by precedents with 7 numerical features X;,Xp,...,X, , [
nonintersecting classes Kj,K,,...,K; and training sample S=1{8],S5,.,S,} . We use notation
K, = SﬁKi,i =1,2,...,1, and suppose that Ki#=@ i=12,.,1,

l

tet S = (,(S),%,(S),...,x,(S)) S € _UlK,; S, = (a9 apy), a4y =X,;(S;) x; €R .
i ‘

The next parametric set of elementary predicates is considered

. 1, c.<x, . 1, <d.,
P (x) = e e Y28 where ¢,od, € R, j=12,..0m.
0, otherwise, 0, otherwise '

Let Qc {1,2,...n)
Q.0,.cd _ Le; 2.d;
Definition. The predicate £+~ ()= &P "(x;) &P 7 (x;) (1)
jey jeQ,
is called a logical regularity of the class K;, 4 =1,2,...,1 | ifit holds that
Q,,Q,,¢,d

38, ek, P (S =1,
~ Q,,Q,,¢cd
VS e Ky, PONs) =1
P2y = extr P20 (x))
PQ'I,Q'Z,C',d'(X)
Later, we consider the predicate objective function

Q,.,Q,,c,d X it Q.,Q,.c,d
O(P 2:¢ (x)=|{S;: 8, eK;,P" 2€ (5;)=1 to be  maximized. The  set

Q,Q,,d . ’ r . . .
NP2 ={xeR" ic; <x;,jeQ,x; <d;,j€Qy} is called the interval of the predicate

PpQ,.ed Qed(y)  pRhed

Q, . . .
(X) . The predicates P (X) are said to be equivalent if

Q 7Q ,C,d Q' ,Q' ,C',d'
PrTET(S) = P (S)t=12,..,m. Two intevals NPy

Q',Q".cld’ , . o . .
NP ) are said to be equivalent if their predicates are equivalent ones.
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Q.,Q,.c.d ] ) ) o Q..Q, .c.d )
The feasible predicate P (X) is local-optimal with respect to the criterion P (x)) if

Q‘ ’Q‘ , V’d‘
P20 (x) such that

).

there are no feasible predicates

Q.,Q.cd' Q,,Q,,cd

N(PQ'I’Q'z’C"d') 2 N(PQI,Qz,C,d) , q)(P ) > q)(P 1°772°

Optimization of Logical Decision Rules

Q,.cd

Q, .
Assume that we have the set of LRs P A= {P ! (X)} for each class K 1 , and the set of intervals

Q,,Q,.¢c,d Q,,Q,.c.d o
(N(P7200)  poi28C e P b oves K, . The algorithms for finding P, have been proposed
in [13]. We say that the LR from P has the minimal complicity if there is not any equivalent one that has

0,,Q,,¢c.d

smaller value of Q; +Q,. Let some LR P (x) € P, is known. The equivalent LR of minimal complicity

is founded as some solution of the following integer linear programming task:

D Vit D, o —min
ieC) i€,

Le; 2.d; S\ 7
D A=P" (ay)yyi+ D, A=P7% (a;))yy; 2LVS, € S\K,
ieQ) ieQ,
v, €1{0,1},ieQ,,y, €{0,1},i€Q),.
The unities in y,,, y,; define corresponding subsets €2,,€Q3, for LR to be find. Later, we assume that the sets

P, consist of LRs of minimal complicity.

The standard approach to recognizing of any object S by estimate calculation algorithms is the following one.

1. The estimation I j(S) = Z F(S) (2)
I)IEP]

is calculated for any object S and class K j-

L
L, Y6/Ti8)>8,

2. The standard decision rule afl ()= P is used (or the simpler
0, otherwise.
J 0, otherwise.

The notation OLAJ-(S):] (OLAJ-(S)=O) denotes the solution S € K; (S &K ) of algorithm A.

Parameters 51-] are founded in optimization process of recognition model with the use of control sample. The
given scheme of recognition has obvious lacks.

1. An arbitrariness in calculation of estimations (2) as result of absence of weight factors of LRs.

2. Graduated character of estimations as functions of signs does not allow estimating stability of a solving rule.

3. Now there are no effective methods of optimization of standard criterion of quality of models of calculation of
estimations with use of control sample.
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Let's notice that as I';(S,)>0,S, € IZJ- and T';(S;)=0,5, € 5‘\121- , the algorithm is faultiess on

objects of the table of training at use of the elementary solving rule. Its extrapolating abilities thus to the user are
not known. The following updating resulted above the general scheme of algorithms of calculation of estimations
is offered.

Estimations for classes are calculated according to (3)

L= 2 7/ (5), 3
FeP;
Qi’Qt2>cl’dl . . . .
where ), = j/t(Pt ) - the non-negative parameters characterizing "weight" corresponding LT

PSSl cp o f(S) - approximang LR PUY sigmoid  kind  function

t t

1 1
o= eecsa ot e ®-a,0

Classification of S is spent on a maximum of estimations (3). The parameter 0 sets «<smoothness degree» of

LR approximations. Parameters J,,¢ = 1,2,..., N (N - total number of logical regularities of all classes) are
the solution of the following problem of linear programming:

o — max (4)
2 7St (5)20, 5, eKt=12,um, j =121 )
P[er

N

2% =N,y >0,i=12,..,N, 6)
i=1

In a problem (4) - (6) there are such weights factors for LRs of classes at which estimations of standards for
classes will be maximum one. Thus, for the set degree of smoothness o there are weight parameters

Vs i=12,..., N, providing steadiest solutions on the training data. The given approach is direct analogue

search of the maximum gap in a support vector machine [Burges, 1998]. The algorithm of construction of steady
smooth solving rules is successfully approved on the model and real data.
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EXACT DISCRIMINANT FUNCTION DESIGN
USING SOME OPTIMIZATION TECHNIQUES
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Abstract: Some aspects of design of the discriminant functions that in the best way separate points of predefined
final sets are considered. The concept is introduced of the nested discriminant functions which allow to separate
correctly points of any of the final sets. It is proposed to apply some methods of non-smooth optimization to solve
arising extremal problems efficiently.
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Introduction

Linear decision rule (LDR) keep relative simplicity at high computational efficiency. At use of the algorithms
realizing LDR, the raised speeds of recognition can be reached that is important for the decision of various
problems concerned to mass data processing. At the same time, construction of the best LDR quite often leads to
posing complex optimization problems. Situation with strongly overlapped classes under condition of weakness of
stochastic components in data can serve here as an example, when search exact LDR with a zero mistake on
training sample is justified, but encounters difficulties of strictly combinatory character [1]. Similar difficulties arise
also when each pair of classes is easily separable by means of LDR, but the number of classes is great. In such
situations crucial importance gets a choice of an adequate method of solving the optimization problem.
Researches on the given direction are carried out all over the world and continue to remain actual, since are
based and supported from two parties, as by progress in the field of creation of new methods of optimization, as
by successes of the theory of recognition [2-6]. In this work some applications of methods of non-smooth
optimization are considered in problems of search of linear discriminant functions (linear classifiers) correctly

separating clusters as final sets in R" .

1. Simple discriminant functions

Let's consider as predefined some collection of final sets Q, = {p’ eR" te Ti}, i=1,..., m,where T, isthe

1

set of point indices in €; . We use the term discriminant function for any function 7 : R" — {1,..., m} .

Let functions f; :R" > R,i=1,...m, be set. In the further we consider discriminant functions of the
following kind

n(x)=argmax{fi(x): i=1,..,m}. (1)

]

We say that discriminant function m(x) correctly divides points fromQ;, i=1,..., m, if m(x) =i, for all

xeQ;,i=1..,m.Set K; = {x eR" :m(x)= i} is referred to as class K; generated by function m(x).
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Remark 1. Function m(x) is invariant concerning to multiplication of all functions f; by positive value, and to
addition of any value to all of f; .

Function mt(x) of a kind (1) is named simple discriminant function if all functions f; are linear. Letm =2. Itis

easy to see, that if simple discriminant function correctly divides points of two final sets, a hyperplane defined by
condition

(al,x)+b1=(a2,x)+b2, (2)

separates sets €, Q,.

Fig. 1. Fig. 2.

On Fig.1 an example of sets in R?and the division of a plane into classes by simple discriminant function is
presented. Sets 1, 2, ..., 5 are circles of radius 1 placed, accordingly, in points (-2,2), (2,2), (2,-2), (-2,-2), (0,0).

Linear functions/; (x) = (a',x)+b;: a' =(-L1), a*=@1), & =0,-1), a*=(1-1),
a> =(0,0); b, =0,i=1,.,4, bs=2.

Generally (for any m ) there is a question on existence of the discriminant function 7t(x) correctly separating
points fromQY;, i=1,..., m.

Theorem 1. Let around of each set €;the sphere S;,i=1,..,m, can be constructed, so that
S, N S;= &, i+ j . Then there is a simple discriminant function t(x) separating points from Q;, i=1,..., m
correctly.

Proof. We shall consider all over again a case when each set(Q; consists of one point. Let '(x)be strictly
convex smooth function such that all points from Q;, i=1,..., m belong to domain of F(x). To each set

Q; = {pi}we shall put in correspondence the function f; (x) = F(pi) + (VF(pi),x - pi), i=1,.., m.Bythe
strict convexity it is forced that £ (p') = F(p') > F(p/)+ (VF(p’),p' = p/)=f;(p"), j#i. Whence it
follows, that discriminant function t(x) correctly separates points fromQ,, i =1,..., m.

Let's pass to the general case. As function F'(x)we shall choose a hemisphere of enough the big radius 7 in
space R"™*1 which center is located in a point (xo,r), where x'is fixed, and » we shall vary (if necessary). For

each setQ); we shall select linear function f; (x) = (a',x) + b;. We shall
designate £, = {x e R" :(ai,x)+bl~ >F (x)}. The set E;is a projection of crossing of a plane and a
semicircle in R"*! on space R" . We shall consider such linear functions f; (x) = (ai,x) + b;, for which E; is

an ellipsoid. It is easy to see, that if radius 7is big enough then always it is possible to choose function

fi(x)= (ai,x) + b;s0 that S; < E; will be valid. We shall choose functions f; (x) so that corresponded to
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them ellipsoids £; had the minimal size (with the minimal small axis) and S;  E; was still valid. It is easy to see,

that increasing radius 7 of a hemisphere it is possible always to achieve that ellipsoids £;, i =1,..., m, were not
crossed.

Let such functions f;(x) = (ai ,X) + b; are constructed, ellipsoids E; corresponding to them are not crossed
and S; c E;holds for alli =1,..., m . It is easy to see, that at construction we have F'(x) > fj (x), x¢ E;
and f;(x) 2 F(x) > f;(x), x € E;, i # j. Thus, fi(x)>f;(x), x€E;,i#j, and the discriminant
function rt(x) does separate correctly points from€;, i =1,..., m . Theorem is proved m.

It should be noticed, that conditions of the Theorem 1 are rather rigid. It is possible to find many examples where
these conditions don't hold, but the correct discriminant function for Q;, i =1,..., m does exist.

Let's introduce a criterion of quality of function conceming to collection ), = R", i=1,..., m

8(m) =min{ f;(x) = £;(x): j € {Ly mp\i, x€ Qi =1, m} , (3)
The criterion 8() characterizes how much values of functions 1 (x), j € {1,..., m} \i differ from values
J;(x) inpoints x € Q; . It is obvious, that if 3() > 0 holds then the function m(x) correctly separates points

fromQ; < R", i=1,..., m. Design of simple discriminantal function 7t(x) is equivalent to a choice of values of

vectors @’ and parameters by, i=1,..., m. In view of the Remark 1 the problem of choosing the best simple
discriminant function for criterion &(7t) we shall present in the form of a problem of linear programming: to find

8" =max 8, (4)
a,b,6
at restrictions
(ai —ak,pt)+bl- —b, 298, tel, ke{l,..mi\i,i=1,..,m, (5)
~1<di <l i=l.,m, j=1..n. (6)
b, =0. (7)

Restriction (7) is added in view of invariance of functions (x) concerning addition of any number to all f; .
Restrictions (6) are the normalizing conditions. These conditions can be written as restrictions put on the norms:

<l i=1,..,m. (8)

In this case the problem (4), (5), (7), (8) will be a problem of quadratic programming.

It is easy to see, that if there exists the simple discriminant function mt(x) correctly separating points
fromQ;, i=1,.., m, then &" >0and the decision of the problem (4) - (7) defines optimum discriminant
function. Otherwise, any set for which a =ak, by =by,i,ke {1 m} is optimum, 8" =0, and the decision
of problem (4) - (7) does not contain useful information.

Variables number of problem (4)-(7) is equal to m(n + 1) + 1, number of restrictions (5) - N(m —1) + 1, where
N - total number of points in sets Q;, i=1,..., m .

Forlarge N itis advisable to consider the problem (4), (5), (7), (8) and to represent it in the form: find

8" = max {min{(ai —ak,pt)+b,- —by: teT, kell,.., mi\i, i=1,..., m}} : 9)
ab
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subject to (7), (8). Objective function of this problem is peace-wise linear, so, non-smooth optimization methods
[Error! Reference source not found.] could be used to solve this problem.

In the case, when &* =0 for the problem (4)-(7), finding good simple discriminant function will be realized in two
stages. Analogous approaches were considered in [7, 8]. At the first stage it is proposed to exclude some points

from the sets Q;, i =1,..., m in such a way that for other points inequality 3" > & be satisfied for the problem

(4)-(7), where & is a parameter. On the second stage the values of b;, i=1,..., m have to be chosen to
improve the discriminant function.

m
Denote 7' = |J T, . Let associate with every point p’, # e T a variable y, =0v 1 such that y, =1, if a
i=1
point p’ should be considered while formulating the problem (4)-(7), and », = 0 otherwise. Let parameter
& >0 and large positive number M be given.
The problem of exclusion some points from the sets Q,, i =1,..., m has the form: find

maX{Z yt}, (10)
aabry teT
subject to
(@' —d*, py+b —b + M(1=y,)>3, teT, kefl,.., m}\i, i=1,..,m, (11)
~1<di <l i=l.,m, j=1..,n, (12)
ZyIZI, i=1,..,m, (13)
tel;
0<y <l teT, (14)
bl =0. (15)
v =0vlteT, (16)

Itis evident that if y, = 0, then for sufficiently large A/ corresponding inequality of form (11) will be satisfied for
any at , b; , i.e. the point pt is excluded from the problem.

Constraints (13) specify the condition that at least one point from every set €3; must be included in the problem.
Let an approximate solution a’, l;, ie{l,..., m} ¥;, teT of the problem (10)-(16) is found. At the second
stage to improve the discriminant function we solve the problem (4)-(7) under fixed variables
d=a, ie{l,.., m}.

It should be noted that the resulting discriminant function does not guarantee proper separating of points from
sets Q,,i=1,..., m.

2. Nested discriminant functions

Partitioning the sets €, into non-overlapping sets Q; = U Ql.j will be referred to be effective, if it is possible
Jedi

to build a simple discriminant function for the whole Q{, jedJ;,i=1,.., m, properly separating the points of
these sets. Such discriminant function may not exist for initial sets Q;, i=1,..., m .

Nevertheless, effective partitioning always exists, for example, when every set Q{ consists from one point.
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Let an effective partitioning €; = U Qlj, i=1,..., m be given. Denote 7" (x) an optimal simple discriminant
JjeJ;

function for the sets Qlf jeJp,i=lL..,m,
Tc*(x)zargmax{(a’j,x)eri/- ci=L.., m, jeJ,-}. (17)
i ]

The function n*(x) returns a pair (z’* (x),j*(x)), giving a maximum in (17). It is evident, that i* (x) is a

discriminant function properly separating points from Q; — R", i =1,..., m .
Denote

\V;-*(x)zmax{(a"f,x)mij:jeJ,-},z'=1,...,m. (18)
Itis easy to see that

i*(x)zargmax{\p?(x): i=1.., m} (19)

1

Functions (19) will be named nested discriminant function. The use of nested discriminant function allows us to
improve the quality of the best approximation of sets €Q;, i=1,..., m .

Let we consider two sets in Fig. 2. The nested discriminant functon has a form
i*(x)zargmax{w;f‘(x): i:1,2}, where i (x)=/s(x), h(x)=max{}(x):i=1,..,4}, functions
[;(x),1=1,...,5 are determined for Fig. 1.

Heuristic scheme for finding a nested discriminant function consists from finite number of steps of handling the
current partitioning €; = U Qlj ,i=1,..., m,and looks as follows:
Jjedi
1) Onthe first step & =1, take Q;, i =1,..., m as a current partition of Q; = U Q{ yi=1..,m.
Jedi
2) On fk th step solve the problem (4)-(7) for the current partitioning Q; = U Qlf , i=1,..., m. If optimal
JjeJ;
value 8" >0, the process is finished. Otherwise find an approximate solution of (10)-(16). On the basis of this
solution every set Qj: is divided into two subsets: points with y, = 0 and points with y, = 1. Then define the
current partition more precisely, put £ = k£ +1 and go to 2).

It is easy to see that the process is finite, and as a result we get the nested discriminant function, properly
separating points from Q;, i=1,..., m .

Conclusions

Approaches for finding discriminant function separating points from given sets Q, < R",i=1,.., m are
considered. The problem of finding an optimal discriminant function is formulated as a linear (4)-(7) or quadratic
(4), (5), (7), (8) programming problems. However this problem has a sense only in the case when there exists
simple discriminant function, properly separating points from Q,, i=1,..., m.



International Book Series "Information Science and Computing" 19

In the case, when proper separating points from Q;, i=1,..., m is impossible, a two-stage procedure for finding

a simple discriminant function is proposed. At the first stage it is proposed to exclude some points from the sets
Q;, i=1,.., m,and at the second stage the resulting discriminant function can be improved.

19
The notion of nested discriminators allowing to make properly separating of points from any disjoint sets
Q; cR",i=1,..., m isintroduced. An heuristic scheme for finding nested discriminator is proposed.

Optimization problems arising in the considered approaches are large-scale problems and have a great number
of constraints. These problems can be reduced to the problem of maximization a concave piece-wise linear
function with a great number of pieces under simple constraints. To solve them it is advisory to use non-smooth
optimization methods [6] — generalized subgradient descent methods for large number of variables or methods
with space transformation, if the number of variables does no exceed 300.

Acknowledgements

This work was done in the framework of Joint project of the National Academy of Sciences of Ukraine and the
Russian Foundation for Basic Research No 08-01-90427 "Methods of automatic intellectual data analysis in tasks
of recognition objects with complex relations".

Bibliography

1. Tynan A.M., CeprveHko .B. OntumansHble npoueaypsl pacnosHaBanms. - Kues: Hayk.aymka, 2008. - 232 c.

2. Koel Das, Zoran Nenadic. An efficient discriminant-based solution for small sample size problem // Pattern Recognition —
Volume 42, Issue 5, 2009, Pages 857-866.

3. Juliang Zhang, Yong Shi, Peng Zhang. Several multi-criteria programming methods for classification // Computers &
Operations Research — Volume 36, Issue 3, 2009, Pages 823-836.

4. E. Dogantekin, A. Dogantekin, D. Avci Automatic Hepatitis Diagnosis System based on Linear Discriminant Analysis and
Adaptive Network Based Fuzzy Inference System // Expert Systems with Applications, In Press, 2009.

5. Wnesunrep M., Mnasay B. [JecaTb nekunit no ctaTUCTMYECKOMY M CTPYKTYPHOMY pacrnosHaBaHuto. — K.: Haykoa gymka,
2004.-545¢c.

6. Shor N.Z. Nondifferentiable Optimization and Polynomial Problems. — Dordrecht, Kluwer, 1998. — 394 p.

7. Bennett K.P., Mangasarian O.L. Robust Linear Programming Discrimination of Two Linearly Inseparable Sets //
Optimization Methods and Software. — 1996. —Ne5. - P. 23-34.

8. XKypbenko H.I', CaumbetoB [.X. K umcneHHOMy pelueHM0 OFHOrO knacca 3afjad pobacTHOro pasgeneHus AByX
MHOXecTB // MeTofbl uccnefoBaHus skcTpemanbHbix 3agad. — K.: VH-T knbepHetuku um. B.M. nywkosa HAH YkpauHbi,
1994. - C. 52-55.

Authors' Information

Yury Laptin —senior researcher, V.M.Glushkov Institute of Cybernetics of the NASU, Prospekt Academika
Glushkova, 40, 03650 Kyiv, Ukraine; e-mail: laptin_yu_p@mail.ru

Alexander Vinogradov — senior researcher, Dorodnicyn Computing Centre of the RAS, Vavilova 40, 119333
Moscow, Russian Federation; e-mail: vngrccas@mail.ru




20 8 — Classification, Forecasting, Data Mining

CLASSIFICATION OF DATA TO EXTRACT KNOWLEDGE
FROM NEURAL NETWORKS
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Abstract: A major drawback of artificial neural networks is their black-box character. Therefore, the rule
extraction algorithm is becoming more and more important in explaining the extracted rules from the neural
networks. In this paper, we use a method that can be used for symbolic knowledge extraction from neural
networks, once they have been trained with desired function. The basis of this method is the weights of the neural
network trained. This method allows knowledge extraction from neural networks with continuous inputs and
output as well as rule extraction. An example of the application is showed. This example is based on the
extraction of average load demand of a power plant.
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Introduction

The ability of artificial neural network to learn and generalize from examples makes them very suitable for use in
numerous applications, where exact algorithmic approaches are unknown or too difficult to implement. The
knowledge learned during the training process is distributed in the weights of the different neurons; it is very
difficult to comprehend exactly what the neural network is computing. The problem of representing the knowledge
learned by the network in a comprehensible form received a great deal of attention in the actual literature
[Andrews, R., Diederich, J., Tickle,A. 1995], [Andrews, R., Diederich, J., Golea, M. 1998], [Cloete, |., Zurada, J.M.
2000].

Although both expert systems and neural networks are typical systems in the domain of artificial intelligence, the
basic components of these two kinds of systems are different. The knowledge base of expert systems is a set of
rules which are stored in symbolic form, while neural networks encode learned knowledge within an established
structure with adjustable weights in numerical form. Hence, it is difficult to transfer the training results of a neural
network to the knowledge base of an expert system.

In contrast, neural networks have excellent abilities for classifying data and learning inputs [Freeman J.A.,
Skapura D.M. 1992], but it is difficult to describe the decision process of a neural network or to merge more than
one trained neural network [Krishnan R., Sivakumar G., Bhattacharya P. 1999].

This paper shows the importance of the knowledge stored in the weights of a neural network. A trained neural
network stores the acquired knowledge in numeric values that weights define [Apolloni, B. et al 2004], [Garcez
d'Avila, A. S., Broda, K. and Gabbay D. M. 2001], [Chang, B.L., Hirsch, M. 1991]. The interpretation and
extraction of such knowledge is a difficult task due to the special configuration of neural network and to the wide
domain of patterns.
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Method to Extract Knowledge

Tasks to follow in order to perform a study of the importance of input, variables over output variables are the
following ones:

1. Normalization of the input and output variables into the interval [-1,1].

2. A neural network with n inputs and one output. The training algorithm considered is the backpropagation.
Defining the activation function as sigmoid function.

3. Division of the values associated to the variable to forecast into two intervals, the positive one with a
positive output [0,1] and the negative interval with a negative output [—1,0) . These way two independent

neural networks are defined in order to be trained.

4. Established an error threshold for the forecasting process, each one of the two output classes of the
variable to forecast (positive output values in the interval [0,1] and negative output values in the interval

[-1,0) are divided into two new classes. For each one of the obtained classes (four classes), neural

networks are trained and the value of the weights is observed. If in these new classes obtained, the values
of weights that are fixed after the training process, is the same that the one obtained in the previous
division, or is proportional, then go back to the previous division. If the value is not the same then this
division is valid, therefore they will exist four neural networks associated to the output intervals. This
iterative division must go ahead until the weights of a new division will be the same of the previous
division. When the weights are similar, then the successive divisions end. This process achieves a better
error ratio, getting more powerful classification properties than classical nets, and this way a set of neural
networks with their corresponding weights the following information:

a. The variable with the most influence over the variable to forecast will be the one with the highest
absolute weight after the training process. These data must verify that the sign of the input variable
multiplied by the sign of the weight must be equal to the sign of the variable to forecast.

b. And if the relationship between the forecasting variable and the variable to forecast is a direct or
inverse function, that is, if the sign of both variables are the same or not. If the output interval of the
variable to forecast, is a subinterval of interval [0,1] or a subinterval of interval [-1,0] and, if the

domain of the forecasting variable multiplied by the corresponding weight is positive for a
subinterval of the variable to forecast of interval [0,1], we will say that the relationship is a direct

one, other way it will be an inverse one, taking into account that the absolute value of the highest
weight shows the importance of the forecasting variable over the variable forecast. That is, the
higher absolute value of the variable over the variable to forecast.
That is, the higher absolute value of the variable, the deeper influence in the output. Different
divisions of initial set of training data, obtained from study of weights in the training subset, make
that each one of the obtained training subset defines a different neural network to train the whole
subset. Each network, with is corresponding set of weights denotes the importance of the
forecasting variables over the variable to forecast.

c. Besides extracting the importance of each variable in each output interval, for each one of the input
variables it exits a network and a weight set that define the forecasting equation.

Therefore, the method is divided into two steps in order to better understand the two main processes on it.

o The first step is used to classify using the bisection method the patterns of the initial set into several
subsets, taking into account that this division is performed iteratively, studying the variation of the weights.
When in a new division the weights do not change, then go back to the initial division.
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o The second step is used once the initial pattern set is classify into several subsets and therefore into
several neural networks. The importance of each input variable must be studied for each different network,
taking into account the weight values, the variation domain of the input variable and the variation of the
output; to study the influence over the variable to forecast.

It must be considered:
1. The variables with the highest absolute weight.

2. Which of them verify that their variation domain for the input variable multiplied by its corresponding
weight has the same sign of the variable to forecast according to the positive or negative interval
[0,1] or [-1,0].

Experimental data

The previous theoretical results described have been used in the construction of a rule-oriented knowledge base,
applied on a system to predict the load demand for the next day in a power plant [1].

1. Obtaining the best classification: The proposed model takes into account the characteristics of forecasting
variables could change from a different class to another, and that is the way it is necessary to use a
division method, bisection method, studying the weights. This can be employed when dealing with a high
number of patterns or to improve the error ratio.

2. Extract and study of the influence inputs variables: studying the weights decides which is the variable with
more influence in the output using standardized weights and the bigger is the most important for
the output.

Example of application

The data used to design the training and test sets has been supplied by one of the most important spanish load
suppliers on a specific format. That is featured by providing for each day the load demand data sampled for each
hour measured in Mw., and the mean temperature of the day measured in C° for two years. The input variables
considered for the network were the maximum, minimum, average load demand and temperature for the current
day. The output variable was the average load demand for the next day. The data was standardized in the range
[-1.1]

There is a demand for making electrical charge per hour, taking data of 660 consecutive days. It also provides the
average temperature each day. Taking 480 patterns for training and the rest for testing.

We have a number of input variables, which are defining the load curve for the next day. As we had shots of 24
hours a day and the average temperature of the day the variables used for forecasting were the maximum,
minimum, average and the temperature of the previous day

LCek for the Cwrant Ty

Obtaining the optimal classification

First level the output is ordered from lowest to highest. After the output range is standardized in [-1, 1], the output
is divided in intervals by the middle of the range.
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When the set is divided into different classes of patterns out of training improves, reaching a satisfactory ratio. At
first you try to train the network with the entire set of patterns, to see what kind of predictions, and that knowledge
was reflected in the weights, the data obtained were in table 1 and the ratio of Learning 0.2 is not good.

Table 1. Data weights

Patterns | Error | Bias Max Min | Average | Temp | Output
Al ]0.23969| 0.5328 | 0.53414 | -0.2008 | 1.1656 |0.1260| [-1, 1]

We try to train networks with different configurations, working with a hidden layer in which it was increasing the
number of hidden neurons. But in any case learning improved, initially tested the whole set, with the values that
are the table 1. The ratio of error should not be acceptable; the knowledge learned by the network is not good.
The error is too large.

The bisection process begins by deciding the range of patterns that is obtained in each subclass and the values
obtained for the weights associated with input variables after each division.

If the weights indicate the same importance for the variables, is no longer necessary to continue with the class
divide. The network has found homogeneity in the patterns.

At this stage, the method of heuristic features, and was drawn to the rules. It is assumed that knowledge of the
neural network must be stored in the weights.

The best classes were obtained testing with different division for classifications of the outputs.

The first branch was divided into two-out, or a class for the output, one class for positives outputs and other for
negatives outputs. Obtaining two classes and then again divided in two new classes. For each one of the
obtained classes (four classes) neural network is trained and the value of the weights is observed. If in this new
obtained classes, the values of the weights are fixed after the training process is the same that the one obtained
in the previous division, or is proportional then go back to the previous division.

If the values of the weights are similar or proportional we stop the division in classes, in this case, we obtained
eight intervals or classes. It reached a suitable learning rate (average error 0.003) and is considered good to
denormalize output.

Final classification of all patterns
Follows the evolution of weights in different classifications for all patterns.
The first division in positives and negatives outputs:

Table 2. Data weights with and without temperature

N° patterns Bias Max Min | Average | Temp | Output
All 0.3271 | 0.0958 | -0.6177 | 2.193 | 0.2442 | [1,1)

All 0.4733 | 0.2993 | -0.2206 | 1.5576 [-1,1]
positives | 0.2774 | 0.2255 | -0.5021 | 2.1254 | 0.2034 | [0, 1]
positives | 0.3888 | 0.3042 | -0.1897 | 1.6928 [0, 1]
negatives | -0.2542 | -0.5023 | -0.3518 | 0.7689 | 0.1996 | [-1,0)
negatives | -0.1865 | -0.3413 | -0.1020 | 0.3613 [-1,0)

Study of the weight with different classes
Five networks trained for 459 patterns with the usual configuration
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Table 3. Data weights for division in five output classes

Patterns Bias Max Min | Average | Temp Output
90 -0.61717 | -0.4824 | -0.3528 | 0.4055 | 0.3523 | [-1,-0.13)
87 -0.1490 | -0.3317 | -0.1123 | 0.5451 | 0.0134 | [-0.13,0)
93 0.1726 |-0.1849 | -0.0986 | 0.4709 | 0.0365| [0 ,0.2)
114 0.4687 | 0.3752 | -0.1565 | 0.8179 | 0.1631 | [0.2,0.5)
75 0.7894 | 1.8697 | 0.0296 | -0.0226 1 0.1625 | [0.5 ,1]

The error is less when you divide the total pattern set in subsets and is trained one RNA for each subset of
pattern. In this example, finally we need construct 8 RNA: one for each Set of patterns S1, S3, ..., S8 obtained,
which outputs are 11,13, ... , I8, the subsets are obtained from de output division. One neural network is trained for
each interval and different rule with the most important variable are obtained for each output interval, and one
collection of rules R1, R3, ..., R8 in the last step of the algorithm is obtained.

Table 4. Data weights of neural network training

N° pattern Interval Bias Max Min | Average | Temp
11 19 [-(1 ,-05] | -2.0023 |-1.1458|0.1405 | 0.3903 | 0.7733
-) 12 55 [-0.48 -0.31] | -0.7072 | 0.4279 | 0.1467 | -0.5488 0.014
-) 13 84 [-0.30,-0.2] | -0.4491 |-0.1087|0.0111 | 0.2206 | -0.0224
-) 14 116 [-0.19 , 0] | -0.0967 | 0.1333 -0.0437| 0.1915 | 0.0135
+) 1 90 [0 , 019 | 0.2021 |0.3023 | -0.052 | 0.3942 | 0.0914
+) 12 58 [0.2, 0.35] | 0.5569 | 0.2408 -0.0452| 0.0681 0.0437
13 40 [0.35,0.59] | 0.6616 |1.7795|0.0926 -0.6939 | 0.1453
+) 14 18 [062 , 1 | 0.0274 |-3.8252|-1.7025| 7.8928 0.403

The error is better than the first time with all patterns.

Table 5. Mean squared error of the trained ANN

RNA i Mean squared error
1 0.006
3 0.042
4 0.049
5 0.038
6
7
8

0.043
0.042
0.04

We were looking for two things: a good learning and extracting a good knowledge in each class, it is, extract the
most important input variables for each output interval.

e That knowledge stored by the network is reflected in the weights.

o Find the most important variables from the values of the weights.

e The rules that are obtained reflect what the network learned.
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Extracting rules for each intervals

Once patterns have been divided in classes, we get eight subnets that give the best possible rating. We study the
weights obtained from the network is trained and a characterization of the weights.

What is attempted is the order of importance of the variables and the degree of importance. The order and
degree of importance of the variables is given by the value of the defined set of weights associated with the

network.
The higher of the normalized weight, give the greater importance of the primary or principal input variable.

Table 6. Variables that can take part in the rules for each class of output
Interval| Max Min  |Average| Temp Output
1(-) | -1.145 | 0.14 039 | 0773 [-1,-0.5]
(-) | 0.4279 | 0.1467 | -0.5488 @ 0.014 | [-0.48,-0.31]
13(-) |-0.1087 | 0.0111 | 0.2206 | -0.0224  [-0.3 ,-0.2]
(-

0.1333 | -0.0437 | 0.1915 | 0.0135 [-0.19, 0]

1(+) | 0.3023 | -0.052 | 0.3942 | 0.0914 [0,0.19]
12 (+) | 0.2408 | -0.0452 | 0.0681 | 0.0437 | [0.2,0.39]
13 (+) | 1.7795 | 0.0926 | -0.6939 | 0.1453 | [0.35,0.59]
14 (+) | -3.8252 | -1.7025 | 7.8928 | 0.403 [0.62, 1]

As shown in the table that follows, with the values obtained from the different networks once trained.

The values of the averages are almost identical and the standard deviations are not significant. What we
succeeded in demonstrating that learning is good for every class.

Table 7. Pattern output and learning output

N° pattern| Pattern | Learning output | Average | Average

output learning | output
11(-) 19 [-1,-0.9] [-0.79,-0.53] -0.65 -0.66
12 (-) 55 [-0.49,0.3] | [-0.38,0.34] -0.36 -0.38
13 (-) 84 [-0.3,0.2] | [-0.27,-0.21] -0.23 -0.25
14 (-) 17 [-0.19, 0] | [-0.13,-0.01] -0.07 -0.11
1(+) 90 [0, 0.19] [0.02,0.18] 0.1 0.08
12 (+) 58 [0.2,0.35] | [0.27,0.33] 0.29 0.27
13 (+) 40 [0.35,0.59] | [0.32,0.57] 0.43 043
14 (+) 18 [0.62, 1] [0.58, 0.91] 0.77 0.77

Conclusion

In the algorithm proposed to extract knowledge from a neural network that has been trained, it is improved the
learning of the RNA with a division of the output range while the weights are changing. In this way, we obtained
the best division for getting the most important variables in the possible rule. It allows both antecedent (the most
important variable in each interval together with the domain values for this variable) and consequent (the interval
for the output obtained with iterative Method previously described in this article) obtain rules to take continuous
values, and make them able to be applied to a greater number of cases.
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In this way, the rules obtained will allow to complete the knowledge that could be extracted from an expert when
building the knowledge base for an expert system. In the proposed method, the first task is to divide the problem
in output ranges; then the most important variables are extracted from each interval, and finally the solution (set
of rules) is globalize with all the output intervals. The proposed method also computes the forecasting value from
the equation of weights.

The proposed model takes into account the fact that the characteristics of forecasting variables could change
from a different class to another, and because of that it is necessary to use a division method or a bisection
method. This can be used when dealing with a high number of patterns or to improve the error ratio.

The main advantage of this method is the simplicity of itself. The matrix of weight defines the most important
forecasting variables as well as the equation to return a value. The only thing to do is to apply the bisection
method to the data set and to train a neural network for each class identified by the algorithm.
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STRING MEASURE APPLIED TO STRING SELF-ORGANIZING MAPS AND
NETWORKS OF EVOLUTIONARY PROCESSORS!

Nuria Gémez Blas, Luis F. de Mingo, Francisco Gisbert, Juan M. Garitagoitia

Abstract: This paper shows some ideas about how to incorporate a string learning stage in self-organizing
algorithms. T. Kohonen and P. Somervuo have shown that self-organizing maps (SOM) are not restricted to
numerical data. This paper proposes a symbolic measure that is used to implement a string self-organizing map
based on SOM algorithm. Such measure between two strings is a new string. Computation over strings is
performed using a priority relationship among symbols; in this case, symbolic measure is able to generate new
symbols. A complementary operation is defined in order to apply such measure to DNA strands. Finally, an
algorithm is proposed in order to be able to implement a string self-organizing map.

Keywords: Neural Network, Self-organizing Maps, and Control Feedback Methods.

ACM Classification Keywords: F.1.1 Models of Computation: Self-modifying machines (neural networks);
F.1.2 Modes of Computation: Alternation and non-determinism.

Introduction

Most well known numeric models are Neural Networks that are able to approximate any function or classify any
pattern set provided numeric information is injected into the net. Neural Nets usually have a supervised or
unsupervised learning stage in order to perform desired response. Concerning symbolic information new
research area has been developed, inspired by George Paun, called Membrane Systems. A step forward, in a
similar Neural Network architecture, was done to obtain Networks of Evolutionary Processors (NEP), introduced
by Victor Mitrana. A NEP is a set of processors connected by a graph, each processor only deals with symbolic
information using rules. In short, objects in processors can evolve and pass through processors until a stable
configuration is reach.

Self-Organizing maps are usually used for mapping complex, multidimensional numerical data onto a geometrical
structure of lower dimensionality, like a rectangular or hexagonal two-dimensional lattice [2, 3]. The mappings are
useful for visualization of data, since they reflect the similarities and vector distribution of the data in the input
space. Each node in the map has a reference vector assigned to it. Its value is a weighted average of all the input
vectors that are similar to it and to the reference vectors of the nodes from its topological neighbourhood. For
numerical data, average and similarity are easily computed: for the average, one usually takes the arithmetical
mean, and the similarity between two vectors can be defined as their inverse distance, which is most often the
Euclidian one. However, for non-numerical data [4]- like symbol strings — both measures tend to be much more
complicated to compute. Still, like their numerical counterparts, they rely on a distance measure. For symbol
strings one can use the Levenshtein distance or feature distance.

For strings, one such measure is the Levenshtein distance [1], also known as edit distance, which is the minimum
number of basic edit operations — insertions, deletions and replacements of a symbol — needed to transform one
string into another. Edit operations can be given different costs, depending on the operation and the symbols
involved. Such weighted Levenshtein distance can, depending on the chosen weighting, cease to be distance in
the above sense of the word.

1 Supported by projects CCG08-UAM TIC-4425-2009 and TEC2007-68065-C03-02
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Another measure for quantifying how much two strings differ is feature distance [2]. Each string is assigned a
collection of its substrings of a fixed length. The substrings the features are typically two or three symbols long.
The feature distance is then the number of features in which two strings differ. It should be noted that this
measure is not really a distance, for different strings can have a zero distance. Nevertheless, feature distance has
a practical advantage over the Levenshtein by being much easier to compute.

A similarity measure is simpler than distance. Any function 8 : X2 — R can be declared similarity — the question

is only if it reflects the natural relationship between data. In practice, such functions are often symmetrical and
assign a higher value to two identical elements than to distinct ones, but this is not required.

String Measure

Let V an alphabet over a set of symbols. A string x of length m belonging to an alphabet V is the sequence of
symbols asaz... an Where the symbol a; & V for all 1 <i< m. The set of all strings over V is denoted by V*, the
empty symbol is A and the empty string is denoted by &= (A)*.

Let O.x — n, x €V, n & N a mapping that establish a priority relationship among symbols belonging to V',
u< v iff O(u) < O(v). Obviously O(O(x)) = x, x € Vand O(O" (n)) =n,n & N,and O(A\) =0, 0" (0) = A.
This mapping can be extended over an string w in such a way that O(w) = O(w)), w; € w. Usually, such mapping
O covers a range of integer numbers, that is, the output is 0 < i < k, where k = card(S), S < V. It is important to
note that new symbols can be generated provided that given two symbols a, b & V'|O(a) — O(b)| > 1, and there
is no symbol ¢ such that O(a) < O(c) < O(b). That is,

O-(k) = { zeV ORI =k yken
Sk i.o.c.

Symbolic measure between two strings u, v & V*, denoted by A(u, v), with |u| = |v| = n is another string defined
as:

Aln,v) = L“J O~ Y(|O(w) — O(w;)|), where 1; /v; is the i-th symbol € ufv (1)

i=1

For example, let u = (abcad), v = (abdac), and O the index of such symbol in the Latin alphabet, that is, O(a) = 1,
O(b) = 2, O(c) = 3, O(d) = 4 then A(u, v) = Mala. If u = (jonh), v = (mary) then A(u, v) = s3njS11, two new symbols
S3, S11 are generated (that correspond to s; = ¢ and s11 = k, usually such correspondence is unknown). A numeric
value D can be define over a string w:

D(w) =

It is clear to proof that:
D(A(u, v)) = D(A(v, u)), D(A(u, u)) = 0, D(A(u, &) = D(u) and D(A(u, w)) < D(A(u, v)) + D(A(v, w)).

Mappings O/D also define a priority relationship among string in V*is such a way that
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n=|u| n=|v|
u<y iﬁ'\J 3 O(u.-)”sJ ) Ofw)?
i=1

i=1

u < v iff D(u) <Dfv)

In short, symbolic measure between two string u, v is obtained using A(u, v), see equation (2), and numeric
measure is obtained using D(A(u, v)), see equation (1). Let x, y & S & V two symbols belonging to alphabet,
two symbols are complementary, denoted by (x, y), iff A(x, y) = x or A(x, y) = y. Such property can be extended
over string, let u, v & S* < V7 two strings are complementary, denoted by (u, v)", iff A(u, v) = uor A(u, v) = v.

Theorem 1. - Let u, v & S* uand A(u, v) are complementary iff O(ui ) >= O(vi ) forall 1< i< n.
Proof.
n
Afu,v) = | J 07 (|0(w) — O()))
=1
Hence:

Al Al ) = | ) 0-1(0() — O(A (s 1)) =

i=1

= [ JOo(|0(w) — OO (|O(w) — O@w)])|) =

i=1

= Jo(10(w) - (10(w) - O@)))) =

=1
=(JOo ' (Ow) =+
i=1
O

Two strings u, v & S*are Watson-Crick complementary (WC complementary), denoted by (u, v) ¢, iff (u, v)~ for
all 1<i<|ul.

Theorem 2. - Letu, v & S7if (u, v)” then (u, v) C.

Such duality in symbolic/numeric measures, see equations (1 and 2), is a good mechanism in order to implement
algorithms on biological DNA strands [5, 6]. Like DNA or amino acid sequences, which are often, subject to
research in computational molecular biology. There, a different measure — similarity — is usually used. It takes into
account mutability of symbols, which is determined through complex observations on many biologically close
sequences. To process such sequences with neural networks, it is preferable to use a measure, which is well
empirically founded.

Strings with different lengths
Given two strings u, v, such that |u| = n=|v| = m, and U (u) the set of all substring w < u such that,
()™ = (w9 ||[wD| =m,w=1wy -+ W, w; =ug,i=k+jV0< i< |u| —m
String measure between u, v, denoted by 6(u, v), is
8(u,v) = {A(s, v)|s € U}, O(A(s, v)) < mingeyuym{O(A(z,v))}}



30 8 — Classification, Forecasting, Data Mining

In this case, measure 6 is a set of strings with the lower distance (see table below). Such distance can be read as
the set of matching strings with lower distance. This & can be used to identify cutting points (index j) over a DNA
string when applying a restriction enzyme, from a biological point of view.

u = abedabedab, v = eda

U(u)" U
a b c
b ¢ d
c d a O(A(eda,v)) =0
d a b
a b c
b ¢ d
c d a O(A(cda,v)) =0
d a b

3(u,v) = {AN, AN}

Let |u] = |v], itis clear that &(u, v) = A(u, v) since U(u) = u.

Future Work

Some results, in literature, that could be checked with this new measure can be: for an example application of the
string SOM, Igor Fisher generated a set of 500 strings by introducing noise to 8 English words: always, certainly,
deepest, excited, meaning, remains, safety, and touch, and initialized a quadratic map with the Sammon
projection of a random sample from the set [1]. Another real world example is the mapping produced from 320
hemoglobin alpha and beta chain sequences of different species [2]. SOM and LVQ algorithms for symbol strings
have been introduced by [5, 6] and applied to isolated word recognition, for the construction of an optimal
pronunciation dictionary for a given speech recognizer.

Artificial Neural Networks (ANN) and Networks of Evolutionary Processors (NEP) [9, 10] can be considered as
the present and the future of connectionist models. Both of them are based on the idea of simple processors that
communicate in order to achieve a global objective. But there are two important facts that must be taken into
account:

¢ ANN are numeric models while NEP are symbolic ones.

e There exists a learning algorithm that control the ANN behavior in order to achieve a desired result while
NEP do not incorporate any kind of learning paradigm.

Some ideas of ANN can be translated into NEP architecture since ANNs are considered, in the literature, a good
model to solve non-conventional problems. Following this point of view some kind of learning can be added to a
NEP to obtain a more general model than simple NEP. Among all the neural networks architectures unsupervised
neural networks, cal led Self Organizing Maps (SOM), are the most suitable.

Conclusions

In some applications, like molecular biology, a similarity measure is more natural than distance and is preferred in
comparing protein sequences. It is possible that self-organizing neural networks can successfully process such
data. It can therefore be concluded that similarity-based neural networks are a promising tool for processing and
analyzing non-metric data. This paper has proposed a string measure that can be applied to self-organizing maps
or networks of evolutionary processors with the possibility of new symbols generation. Watson-Crick
complementary concept was defined using such measure.
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MHOIOKPUTEPUAIIBHAA ONTUMU3ALINA APXUTEKTYPbI
HEMPOCETEBbIX KNACCU®GUKATOPOB

Anb6ept BopoHuH, KOpuit 3natanHoB, AHHa AHTOHIOK

AnHomayusi. Paccmampusaemcs nocmarqoska 3adayu u npouedypa 6eKmopHOL onmuMu3ayuu apxumexkmyphbi
Helipocemesoeo knaccugukamopa. B kayecmee uenegoll (byHKUUU npedrioxeHa CKanspHas Cceepmka
Kpumepueg no HenuHelHol cxeme KOMNPOMUCCO8. Mcnomb3yomes nouckosbie Memodbl onmumMu3ayuu ¢
duckpemHbIMU ap2ymeHmamu. [pugedeH npumep — Helpocemegoli KaccuguKamop mexkcmos.

Knroueenle cnoea: MHO20KpumepuarbHasi onmumMu3ayusi, HeUPOHHbIe cemu, Kraccughukamop.

ACM Classification Keywords: H.1 Models and Principles — H.1.1 — Systems and Information Theory; H.4.2 -
Types of Systems; C.1.3 Other Architecture Styles — Neural nets

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

CopepxaHue npobnemsl

BaxHOM pa3HOBMOHOCTLIO MCKYCCTBEHHBIX HEMPOHHBIX CETEN ABRSAIOTCS HerMpoceTeBble knaccudukaTtopsl. OHM
NPUMEHSIOTCA AN TEXHUYECKOM W MEOMLMHCKOM  OMArHOCTWKM, Knaccudukauuu  pasnnMyHoro popa
NH(OPMALIMOHHbBIX UCTOYHMKOB W np. B goctatouHo obliem cnyyae CTpyKTypa (¢ -CIIOMHOTO HelpoceTeBoro

Knaccudukaropa ¢ npsMbIMU CBA3SMY NpeacTasneHa Ha Puc.1.

X1
X2
Xn
BxoaHoi (peLenTopHblit) Cro CKpbiTble (0GpabaTbiBaroLye) crow BbIXOIHOM CIIOM
Puc.1
30ecb  Xp,Xp,..,X;, — TpU3HaKM OObekTa  KnaccudpukauuM, COCTaBNAKLME  BXOAHOM  BEKTOp

x= {xi}le;po =1 — YNCNO HEMPOHHBIX 3TIEMEHTOB B PELIENTOPHOM CTIOE; Py, P ... Pg = YUCNO HEMPOHOB

B KaXOOM W3 CKPbITbIX CIIO€EB, pq+1 =m— 4uCno Hel7|p0HOB B BbIXOOQHOM CIl0€ (KOJ'II/ILIeCTBO KJ'IaCCOB);
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y={y; };{”zl — BbIXOJHOWN BEKTOP HEMPOHHON CETM, ONpeaensioLwuii NpMHaANexXHOCTb 06beKTa Knaccudmkaumm

OHOMY U3 m KNACCOB; Wi, W),..., Wy, W, 4| — BEKTOPbI CHHAMTUYECKVX BECOB HEMPOHHOI CETH.

MpuBegem HeobXoamMble CBEAEHUS U3 TEOPUM HEMPOHHBIX ceTel [1-3]. ckycCTBEHHas HEMPOHHas CeTb — 3TO
COBOKYMHOCTb HEMPOHHBIX 3MEMEHTOB U CBA3EW MEXOy HUMU. Kakabld HEMPOH WMEET rpynmy CUHancoB —
OOHOHAMpPaBiEHHbIX BXOAHbLIX CBS3EW, COEOMHEHHbIX C BbIXoJamu [OpyrMX HeWpoHoB. Kaxaeld cuHanc
XapaKTepu3yeTcst BEIMYNHONM CUHANTYECKON CBA3M UMK €€ BECOM w; (OnpeaensieTcs npu 0by4eHun HeMpoHHOM

n
ceTu). HelpoH nMeeT Tekyllee COCTOSHWe, ONpedenseMoe kak B3BeLIeHHas CyMMa ero BXOLOB: § = ZWixi :
i=1
Bbixog HeipoHa ecTb (PYHKUMS ero COCTOSHMS, KoTopas HasblBaeTcs yHKunen aktuauum: y = f(s) . CurHan

BO3OY)XAEHNS UMM TOPMOXEHUS MOCPELCTBOM aKkCOHa (BbIXOAHAs CBA3b AAHHOrO HeWpoHa) NocTynaeT Ha
CUHanChbl Cregylownx HelpoHoB. OyHKLUMK akTMBaLuM BbiBAKOT NOPOroBbIMM W HENPEPbIBHBIMK (BUNONAPHbINA
curmoma, rayccmaH 1 np). MHOXECTBO BCEX HEWPOHOB WCKYCCTBEHHOW HEMPOHHOWM CETU pasmensietcs Ha
NOAMHOXECTBa, HasblBaeMble CrosiMu. Crnoi — 3T0 MHOXECTBO HEMPOHOB, HA KOTOPbIE B KaX[bl TakT BPEMEHU
napannensHO NOCTYMaloT CurHambl OT ApYyrMX HEMpOHOB AaHHOM ceTw [2]. Ha Bbixoge knaccudukatopa

nonyyaeTcsi BEKTOP (OYHKUWA aKTUBaLMM y:{yk}zlzl. Homep j, And KoToporo Bbixod y; uUMeeT

MaKkCumMmanbHYyl0 akKTUBHOCTb, T.€. kn%lax yk = y] , COOTBETCTBYET HOMEPY Knacca obbekTa KJ'IaCCM(*)MKaLI,VIVI.
e[l,m

KonnyecTBo HepoHOB BXOLHOTO CNOSI p, = n ONPEAENsEeTCs pa3vepHOCTbI0 BXOAHOTO BEKTOPA NPU3HAKOB U He
MOANIEXAT M3MEHEHVAM. AHANOTMYHO, KOMMHYECTBO HEIPOHOB BBIXOAHOTO CMOSI P ,q =M OMpPeAensetcs

yucnom obnacteit (Knaccos), Ha KOTOpbIE AENUTCA MPOCTPAHCTBO MPU3HAKOB U TOXE SBMSETCA MOCTOSHHBIM.
KonmnyecTso xe oOpabaTbiBalowx (CKPbITbIX) CIIOEB g 11 YUCMO HEMPOHOB B KXOOM U3 HUX Py, Pa,..., Py

COCTaBNAT MOHATUE APXUTEKTYpPbI [1] HeVIpOHHOI;i CeTn U MOryT CnyXutb aprymeHTamu (He3aBVICI/IMbIMVI
I'IepeMeHHbIMM) npu ee onTuMmn3aLnu.

B HaCTOFILLle|7| pa60Te OorpaHnyum nccnenoBaHue cny4aem, Korga Yucno g ABndeTcd CbI/IKCI/IpOBaHHbIM n

3agaHHbIM.  Torga aprymeHtamm OnTuMmU3aunn  apxXuTeKTypbl HeVIpOHHOFO KJ'IaCCVICbI/IKaTOpa ABNATCA
KonnyecTBa Hel;1p0HOB B KaXxgom K3 o6pa6aTb|Ba+ou.mx CnoeB, COCTaBnALINe BEKTOP He3aBUCUMbIX

nepemMeHHbix p ={p j}?zl' Ot BbIGOpa AapXUTEKTYPbl p 3aABUCUT KAYECTBO (DYHKLIMOHNPOBAHMS HEMPOHHOTO

Knaccudukartopa.

Mpobrema 3akmnioyaeTcs B TakoM BbIGOpE apXMTEKTYPbI, MPU KOTOPOM HEMPOHHBIN KnaccutukaTop B 3agaHHbIX
YCNOBUSX (DyHKLMOHMPOBAHNS XapaKTepu3yeTCcs Haumy MMM CBOMCTBAMM.

MocTtaHoBKa 3agaum

B obiem Buae npobnema MoxeT 6bITb PopManbHO NpeAcTaBneHa 3agayen
pr=argextrY(p), (1)
peP
rae Y (p) - uenesas (yHKUuS; ext;; — onepaTop 3KCTPeMU3aLmuu Lienesomn yHKLWUW No aprymeHTam p; P —
PE

aonyctumad 00bnacTb He3aBUCUMbIX nepemMeHHbIX.

[N KOHCTPYKTWBHOTO peLLeHUst 3afaus CAeNaeM [ONONHUTEMbHbIE YacTHble npeanonoxeHus. Kaxgomy
CBOVICTBY HEMPOHHOrO KnaccudukaTopa MocTaBuM B COOTBETCTBUE KOMMYECTBEHHYIO Xapaktepuctuky f(p),
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UMEIOLLYIO CMbICTT KPUTEPUSI KayecTBa €ro (DyHKUMOHMPOBaHMs. OfHUM M3 Takux KpUTEpUEB SBNSIETCS
BEPOSITHOCTb OLWMBKM Knaccudukaumm. byaem onpenensitb 3T0T KpUTEPHIA SKCIEPUMEHTANBHO U NPUOIIKEHHO
MPeAcTaBAM €r0 Kak KomnyecTBO OwmBoK knaccudmkauun e(p), OTHeCeHHoe K obLiemy, A0CTaTOYHO

BonbLIOMY KONMYecTBy ucrbiTaHuin N :
e(p)

MpegnonaraeTcs, YT0 C POCTOM B HEKOTOPbIX pasyMHbIX Npefenax Y1cra HenpoHoB B 06pabaThiBatoLLmX CHOsAX
TOYHOCTb KnaccudmkaLui NoBbILAETCS, U BENUYMHA 3TOrO KpUTepus ymMeHbluaeTcs. MpeaensHo AonycTumoe
3HaYeHue OWNBKM CEeTU [OMKHO ObITb W3BECTHO U3 (PU3NYECKUX COOOPaKEHUA U 3aaHO Kak OrpaHuYeHue

N(p)<4.

Bropoit kputepuit xapaktepusyeT Bpems, Heobxoaumoe AN 0ByyeHUs HEWpPOHHOW CEeTW MpW  [LaHHOM
apxutektype p . Habniogaetcsa TecHas Koppenauus Mexay TakiuM BpeMeHeM W CyMMapHbIM KONMUYeCTBOM

HEIMPOHOB B CKPbITBIX CTIOSIX KNaccudmkatopa. MoaToMy NpecTaBUM STOT KpUTEPHIL B BUAE
q
HP)=> py - (3)
k=1

OTMeTUM, YTO AaHHBIM KPUTEPUEM XapaKTepU3yeTCs 1 BPEMS NPOXOXAEHUS CUrHana Yepes HepoHHYH CeTb OT
BX0Aa K Bbixody. C pocTOM unCna HeMpoHOB 3HaueHWe KpuTepus yBenuumeaetcs. MpefensHo AomycTUMOE
3HayeHne BTOPOro KpUTEpUst ONpefenseTcs A0MyCTUMbIM BpeMeHeM 0By4eHns HepOHHON ceTy 1 3apaeTcs Kak
orpaHnderne f5(p)< 4,.

CyLLECTBYIOT W Apyrie KpUTEPUM ANS XapaKTEPUCTUKW pasnuyHbIX CBOWCTB HEMPOHHOrO knaccudmukatopa. B
[aHHON paboTe Mbl OrpaHUYNUMCSt TONbKO MPUBEAEHHBIMU ABYMSI OCHOBHBIMU KPUTEPUSIMA, UMES B BUAY, YTO
n3naraemast METofMKa A0NYCKaeT BKIOYEHNE B PACCMOTPEHIE U ApYrX CBOWCTB KnaccudukaTopa.

,D,onycmmaﬂ obnactb aprymeHToB  onTMMmn3aunn  3afaeTca  napannenenuneHbiM  OrpaHu4eHnem

P= {p‘O <pp <B,ke[lLF,],uecll,ql}, rne B, —vakcumanbHoe Y1CIO HEAPOHOB B 1L -M CrI0e.

MockonbKy 06a BKMOYEHHBIX B PACCMOTPEHUE KPUTEPUS NOANEKAT MAHUMU3ALMN (YEM KPUTEPUIA MEHbLUE, TEM
nyyile COOTBETCTBYOLLEE CBOWCTBO Knaccudmkatopa), TO OnepaTop SKCTPEMM3AUMM LENeBod hyHKLMM

npuobpeTaeT BUA: extr =min.
peP peP

Takum obpa3om, oba KpuTepus SBASIOTCA NPOTUBOPEUMBBLIMK, HEOTPULATENbHBIMU, MUHUMU3WUPYEMBbIMUA 1
OrpaHuyeHHbIMW. Hanuuo BCe Mpeanochbinkvi Ans MCMOMb30BaHWA B KayecTBe LeneBor (yHKLWMW CKansipHOM
CBEPTKN KPUTEPUEB MO HENMUHENHOM cxeme komnpomuccoB [4]. Takas ceepTka B YHUMLMPOBAHHOW BEPCUM
BblpaxaeTtcs opmyron

4 N A,
A4-fi(p) A-fr(p)

Y(p)=Y[f(p)]= (4)

rae f(p)= {fr(P)}le — [BYMEPHbIN BEKTOP YaCTHbIX kpuTepues. Yuutbieas (2), (3) u (4), soipaxenue (1)

ANs 3342441 ONTUMU3aLMM apXUTEKTYpPbI HEMPOHHOTO KnaccudukaTopa npeobpasyeTcs K Buay
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4

p*=argmin 4 + ;
H=2 Py
k=l

peP| A —e(p)/ N

HeTpyaHo BuaeTsb, Yto B chopmyne (5) 3aBUCUMOCTb e( p) anpuopu SBAISIETCA HEM3BECTHOW W nognexallen

3KCMEPUMEHTANbHOMY ONPEAENEHNIO.

MeTop pelweHus

Cpeau 3agay MHOrOKpUTEPUanbHOWM ONTUMU3ALMM UMEIOTCS Takue, apryMeHTbl KOTOPLIX MO CBOEN (hn3n4ecKoi
npupoge MOryT NpUHAMATbL TONbKO AUCKPETHbIE 3HaveHus. CneumanbHO HOPMUPOBKOM ANCKPETHbIE 3HAYEHUS
00bI4HO BCerga MoryT BbiTb CBEAEHbI K LenoyncneHHbiM. Takue 3agayun 3HaUMTENbHO CIOXHEe HenpepbiBHbIX
MHOrOKpUTEPUanbHbIX 3a4a4 U Ans UX peLleHns BOMKHbI MPUMEHATLCS UHble noaxodb! [5).

MHOXeCTBO AOMYCTUMBIX OUCKPETHBIX 3HAYEHUI MOXET ObiTb BECKOHEYHbIM, KOHEYHBIM WK Jaxe COCTOALMM
BCEro M3 ABYX 3HaueHuit, Hanpumep, 0 1 1. B nepBoM crnyyae 3agava BbIPOXOAETCS B HEMPEPbIBHYO 3adaqy
onTummusaunn. ns ee peweHus B [4] npeanoxeHo adyekTnBHOE U hOPManM3oBaHHOE anropuTMUYECKOE W
nporpaMmHoe obecneyeHne. B nocnegHem cryyae MMEET MECTO LENOYMCNEHHOE NpOorpaMMMpoBaHue ¢
OyneBbIMM NEPEMEHHBIMW CO CBOUMM CNELMUUYECKUMM METOAAMM (MOTUYECKUN CUHTE3 KOHEYHbIX aBTOMATOB,
(yHkumn PeaveBa u np.). C Hawelin TOYKM 3peHns Haubonee WHTEPECEH W cofepxaTeneH cryyai, koraa
MHOXECTBO AO0MYCTUMBIX [MUCKPETHbIX 3HAYEHWA HE HACTONbKO BEnWKo, 4TOObI 33jaya BblpOXganach B
HenpepbIBHY, HO W He HACTOMbKO Mano, 4Tobbl e MOXHO ObINo pelwnTb NPOCTLIM Nepebopom. IMeHHO Takom
SBNsieTCA 3agava () — 3agava HenMMHENHOTO AUCKPETHOTO (LLeNOYMCNEHHOr0) MPOrpaMMMpOBaHIS.

MeToabl AMCKPETHOTO MPOrpaMMMPOBaHUS He O0ONafaloT TakMM eAMHCTBOM, Kak MeTofbl BapualOHHOTO
UcuMCneHns, U B GOMbLUMHCTBE MPELACTABNAT COOOM HaBoOp YacTHbIX MPUEMOB, MPUTOAHBIX ANS PeLIEHMs
YacTHbIX 3agay. Ho ux akTyanbHOCTb TpebyeT MX pasBUTUS U COBEPLUEHCTBOBAHMS, T.K. Hauboree BaxHble
npuKknagHble 3afauM CBOASATCS, Kak MpaBuno, K 3ajayaM YacTUYHO WAM  MONMHOCTBbH  AMCKPETHOTO
nporpaMmmpoBaHusi. CHOXHOCTb peLleHust 3aday  AMCKPETHOTO  (LENOYMCHIEHHOM) MpOrpamMMUpOBaHMS
BO3pacTaeT B TOM Clyuae, Koraa 3ajava siBNseTcsi MHOroKpuTepuanbHOJ.

B Tom cnyyae, koraa KOMNOHEHTbI BOSMOXHBIX PELUEHUIA MHOrOKpUTEpUanbHbIX 3a4ay MOryT NpUHAMATL TOMbKO
AVNCKPETHbIE 3HAYeHNs p]((P“),k e[LLP,],u €[l,q], ckanspHas cBepTka No HENMHENHON CXeMe KOMMNPOMUCCOB

Y(p) sBnsetca pewemyamol GyHKUMEN, 3afaHHOW Ha [AUCKPETHOM MHOxectBe P . Ontumusauns

peleTyaTon Leneson GyHKUMW, NOCTPOEHHOW NO HENMHENHOW CXemMe KOMMPOMWCCOB, CBOAMTCS K 3ajave
HENWHENHOro MPOrpaMMUPOBaHUSA C AUCKPETHBIMU (LENOYUCTIEHHBIMU) apryMeHTamu, pelleHne KOTOpPOi, Kak
OTMEYEHO BbILLE, JOCTATOYHO CIOXHO.

[ns peweHus 31O npobnembl Mbl Npeanonaraem, YTO NpU AUCKPETHOM MHOXecTBe P CyliecTByet
BComoraternbHas 06nacTb HeMpepbIBHbIX apryMEHTOB p. € P., KOTOpas COLepXUT BCe ANUCKPETHbIE TOUKM

p]({P”) 1 BCE HenpepbIBHOE MPOCTPaHCTBO Mexay Humu. B obnactn P. onpefeneHa HenpepbiBHas dyHKLMS
Y(p.), kotopas B Toukax pl(ﬁ) COBMajaeT C peLueTyaToil yHkumen Y (p).

370 NpeanonoxeHue NO3BOMSET MOMYYUTb AHANMTUYECKOE PeLUeHue, ecri B BblpaxeHuu (5) 3aBUCMMOCTb
e(p) 3apaHa, Hanpumep, B BMLE PETPECCUOHHOI Moaenu. Torda MOXHO BOCMOMb30BAThCS HEOOXOAMMbIM
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. 0Y(pe) _ o - !
ycnosmMem MUHUMyMa (*)yHKU'VWl. —¢2 — (). PelweHne atoi cuctemsbl ypaBHEHUU [aET KOMMPOMWCCHO

Ope
ONTUMArbHYI0 HEMPepbIBHYI TOUKY p,. *. MocneaHmit war anroputma — nouck Ha P 6ruxadiwed Kk p, *
BO3MOXHOIA aUCermHOlj TOYKHK, KOTOpPada n 6y,£|,eT MCKOMbIM AUCKPETHbLIM PELUEHNEM p* B Hawwem cny4yae, K
COXalleHuto, 3ajaHne aHannTU4eCcKnx 3aBUCUMOCTEN BECbMA 3aTpyAaHUTENBHO Unn BOO6LLle HEBO3MOXHO.

Mbl paccmaTpuBaeM Kak OCHOBHOM Cryyal, korga (yHKkumn e( p) u, cnepoBatenbHo Y (p), HEW3BECTHbI, HO

eCTb BO3MOXHOCTb OMpefensiTh 3HaueHus yHkumm Y(p) B TOuKax p](cp u) N3MEPEHNEM UIW BbIYMCIIEHMEM.

Torga MOXHO OpraHWM30BaTb HATYPHbIA WM BbIYUCTIUTENbHBIA 3KCTIEPUMEHT, B pesynbTaTe KOTOPOro
OCYLLECTBIISIETCS MOVUCKOBOE ABUKEHME K MUCKOMOIA JUCKPETHON KOMMPOMMCCHO-ONTUMALHON TOuke p ™ .

Bo3MOXHbI  pasnnyHble Mogxodbl K - OpraHuWsauuy MOMCKOBOW Mpouedypsbl, KoTopas [OMkHa [aBaTb
nocnefoBaTenbHOCTb  Ynyyllarwmxes pewennin. OgWH U3 HWUX — AUCKPETHBIM aHanor MeToga CUMMIeKC-
nnaHuposaHns Hengepa-Muga (meTog AecopMuUpyeEMOr0 MHOrorpaHHuka) [4].  3TO — pasHOBMOHOCTb
rPagMeHTHbIX METOAOB, BeCbMa 4acTo W YCMEeWHO NPUMEHSIOLLMXCS Ha npakTuke. BTOpon — HenokamnbHbli
(oyanbHbIn) nogxog [4], yacto bonee 3hdeKTUBHBINA, YEM rpagMEHTHbIE METOI.

Tak Kak B MOUCKOBbIX MpoLieaypax UCrorb3yoTCs NoKanbHbIE UK HenoKasnbHble MOENW HenpepbIBHON (yHKLUKM
Y(p.), 10 06l ANS Ha3BaHHbIX BapUaHTOB ABNSETCS HEOOXOANMOCTb Moucka Ha P BO3MOXHON ANCKPETHOM
TOMKM p,;, OnvKaiien K HenpepbiBHOMY PELIEHNI0 p. Ha TEKYLein UM 3aKMiouuTenbHOM utepauui. Ecnm
YMCIO CKPBITLIX CII0EB ¢ HEBEMNUKO, TO PELLEHUE 3TON 3a1a4M He BbI3bIBAET 3aTPyAHEHWN (MPOCTOE OKPYrneHne
po uenoro). [lpu MHOrOCMOMHLIX — Knaccudukatopax Mbl  PeKOMEHAyeM  WCMOMb3oBaTh  CriedyHoLwui
anropuTMUYECcKui npuem. B Touke p. momeLLaeTcs LEeHTp runepcdepsbl, AnaMeTp KOTOPOil BO3PacTaeT OT Hyns

[0 Tex fop, Moka MOBEPXHOCTb Cepbl HE KOCHETCA Onvkaileih OMCKPETHONM TOYKM, KOTopas TeM CaMbIM
MOEHTUDUUMPYETCA KaK p,; . BO3MOXHbI pasHble NporpaMMHbIE peanuaaliui 3Toro anropuTMa.

M3BECTHbI HEMPOCETEBbIE KNAacCUUKaTOPbl PasfiMyHOro BUAa U Ha3HaYeH!s.

MHorokpuTepuanbHas ONTUMM3aLMA HeMpPOCeTeBOro KnaccudgukaTopa TeKCToB

B kavectBe npumepa paccMOTpuM B 0BWMX YepTax 3agady MHOTOKpUTEPUAnbHON ONTUMW3ALMK apXUTEKTYpbI
HEeMpOCeTEBOro KnaccudukaTopa TekcToB. CucTemMa TEKCTOBOW Kraccudbmkaumm [3] COCTOUT M3 ABYX OCHOBHbIX
YaCTel: YaCTOTHbIA aHaNM3aTop C CUCTEMHBIM CIOBapeM M COBCTBEHHO HeMpoceTeBoi knaccudukatop (Puc.2).

CucTeMHbIN
CnoBapb
i YacToTHas HeitpoceTeBoi Homep
Texcr — Yactotheit | N xnacca
aHanusatop XapaKkTepucTuka KnaccucukaTop

Puc.2

Ha Bx0og cucTeMbl MOCTynaeT TEKCT, Ha BbIXOAE MOMy4aeTcs HOMEP TeMbl, K KOTOPOW OTHOCUTCS 3TOT TEKCT
(busHec, nonuTHKa, MeaMLMHa, CNOPT, NPOCTO Cnam 1 T.1.).
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Mpexae 4Yem MPUCTYNUTL K ONTUMM3ALMM apXUTEKTYPbl HEMpOCETeBOro KnaccudmkaTopa, Heobxoaumo
BbINOMHUTB CreaytoLLMe 3Tanbl:

1. OnpepensitoTcst 771 KNaccoB, C KoTopbiMu 6yaeT paboTaTb cucTema.

2. Mopbupaiotcs  cooTBeTCTBYIOWME Yy4ebHblE TEKCTbl 7,k €[l,m] W NPOBEPOUHbIE (TECTOBbIE) TEKCTHI
t,lell,L],L=m.

3. V13 MHOxXecTBa y4ebHbIX TEKCTOB CreLmanbHbiM 06pa3oM BbigenstoTes cnosa v;,i €[1,n] v dopmupyertcs
CUCTEMHbIi crioBapb V.

4. YacToTHbIN aHanuaatop onpefensier AN KaxOoro crosa v; W3 CUCTEMHOro cnosaps V' ero 4actory
BXOKOEHNA X; B [aHHbI TEKCT #; . YacToTHas xapakTepucTuka — 3T0 BEKTOp X = {xi}?zl NMPU3HAKOB TEKCTa
I}, , PA3MEPHOCTbL KOTOPOTO PaBHa KOMMYECTBY CrIOB B CUCTEMHOM CrioBape v; € V.

|_|OJ'Iy‘-IVIB pesynbTaTbl YaCTOTHOrO aHanusa y‘-le6HbIX TEKCTOB, MOXHO NPUCTynaTb K 06yquVIPO HeI7IpOHHOFO

Knaccucukatopa npyu  HEKOTOPOW apXUTEKType p={pj}?:1. Mpouecc o0By4eHWst HEMpOHHOW CeTu

3aKNio4aeTCs B YCTAHOBNEHNM TakUX BECOBBIX KOI(D(ULMEHTOB €€ CBA3BH Wy, Wy, ..., Wy, Wy 41, MDY KOTOPbIX
MakcumanbHas ownbka cetM Ha y4ebHbIX TeKkcTax NSl JaHHOM apXWTEKTYpbl HE MpeBbilLaeT npeaenbHo
LONYCTUMOE 3HaueHe. KOHKpeTHble anroputMbl 06y4eHust 3Lech He paccMaTpuBaloTCS.

Tenepb MOXHO MPUCTYNUTb HEMOCPELACTBEHHO K MpOLiEAype BEKTOpHOM onTuMM3auMW. [ns ontumusaLmm
apPXUTEKTYpPbl HEPOCETEBOrO KnaccudukaTopa BOCMONb3YeMCS NMOMCKOBLIM METOAOM CUMMNEKC-NNaHNPOBAHMS.
MycTb Ans onpedeneHHocT uyucno obpabatbiBatowmx cnoes ¢ =2. Toraa WAew MeTofa B HEMPEpPbIBHOM

BapWaHTe MOXHO MNNOCTPUPOBaTL Npyu nomoLm Puc.3.

Puc.3

Ha nnockocTM aprymeHtoB p;—p, B HEKOTOPOA CTapToBOM 06NacT CTPOMM WMCXOAHbIA PerynsapHbIil

CUMNIIEKC, KOTOpr B ,U,ByMepHOM CJ'IyLIae I'IpenCTaBJ'IFIeT CO6OV| paBHoﬁe,U,peHHbIVI TpeyroanMK C BepUJVIHaMM
1 2 3
pD, p@ pl

Knaccmd)MKaTopa 1 nojaem Ha BXO[ Ceputo TECTOBLIX TEKCTOB tl . B kaxpgon BEPLUMHE CMMNIIEKCA onpeaendem

). Ing Kakgoit w3 TPEX apXUTEKTYp CUMMNeKca OcyliecTBnsieM npouecc obyyeHus

KONMN4YEeCTBO OLIMOOK Kraccudmkalmm e(l),e(z),e(3) npu obuiem konuyectse ucnbitanun N = L . o ¢opmyne
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(2) nonyyaem Kputepuw fl(l), fl(z), f1(3). Mo dopmyne (3) onpemenswTcs KpuTEPUN fz(l), 2(2), 2(3).
®opmyna (4), BbicTynatowlas B 3T0M Clyyae B ponu He LeneBoit, a OLEHOYHOM (DYHKLMK, ANs HaLero npuMepa
nmeeT BUg

4 N A, .
4 —e(p,p2)/ L A= p—p

Y(p1,p2) = (6)

[ins apxuTeKTyp CTapTOBOrO CUMMNIEKCAa OHA JaeT 3HAYEHUs! CKansiPHbIX CBEPTOK Y (l),Y (2),Y Q) CpaBHviBast

Mexay coboi 3TN 3HaYeHus, HaxoauMm, Y10 OOHO U3 HUX, Hanpumep, Y(l), okasanocb Gonblue (T.e. xy>Ke), 4em

apyrve. C GonbLUOI BEpOSITHOCTbIO MOXHO YTBEpXaaTb, YTO apXUTeKTypa p(4), nony4yeHHas 3epkanbHbIM
oTOBpaXeHnem XyAwen B UCXOLHOM CUMMNEKCE TOUKK p(l) OTHOCUTENBHO LIEHTpa NPOTUBOMONIOXKHOM rpaHy,

OKaXeTCsa nydLue. OcyLLI,eCTBVIB BC€ pacyeTbl Ana apXUTeKTypbl p(4) ) o6pasyeM HOBbIN CUMMIEKC C BepLnHamun

p(2) , p(3) " p(4) . CpaBHuB 3Ha4eHns Y(z),Y(3),Y(4) , 0BHApPYXX1M, 4TO OfIHa M3 TOYEK, HAaNpUMeEp, p(z) ,

oKasanacb Xyxe APYrMX B CMbicrie BTOporo cumnnekca. OTobGpasuB 3Ty TOYKY OTHOCMTENBHO LIEHTPa
MPOTUBOMONIOXHON TpaHX BTOPOTO CUMMNIEKCa, MONY4YUM apXUTEKTYpY p(s), W T.0. 0O TeX nop, noka Mbl

MONYYNUM apxXMTEKTYpPY p *, COOTBETCTBYHOLLYIO MUHUMYMY LIENEBON (PYHKLMM.

OTO NUWb MANKCTPaLUMs Maen MeToga CUMNeKc-NnaHnpoBanns. Ha camom fene a10T MeTod B Mogudvkalmm
Hengepa-Mupga npegycmaTpuBaeT afganTauuio CUMMAEKCOB K Tomorpaduu Lenesoid (oyHKUMM 3a CYeT
pedopmaunm  MHOTOTPaHHMKOB, OH WMEET XOpOLWO pa3paboTaHHOe anropuTMUYEcKoe W MpOrpamMMHoe
obecneyenune. Kpome TOro, Henb3s 3abbiBaTh, YTO Y HAC UMEET MECTO Cyvai ONTUMU3ALNN C LENOYUCTIEHHBIMM
aprymMmeHTamm, 4YTo AUKTYeT HeobXxoauMMOCTb ANs KaxAoro MOMyYEHHOTO HEnpepbiBHOrO PeleHns p. Wckatb

GnnxanLliee ANCKPETHOE peLLeHne Pg-

BTopoi, HerokanbHbI MOMCKOBLIMN METOL HECKOMNbKO CROXHEE B peanu3auuu, HO OH 0BbluHO 6onee
adppektnBeH [4,5]. Metoq OCHOBaH Ha WTEPALMOHHOM MOCTPOEHUM «MIbIBYLLE» BMECTE C CUCTEMON
N3MEHSIIOLLMXCS 6A3NCHBIX TOYEK YTOYHSIHOLLENCS N0 pesynbTatam 3KCrepuMeHTa HenokaneHoi mogenu Y(p),

MpKU4eM COBOKYMHOCTb OMOPHbIX TOYEK CXMMAETCS U CTAMMBAETCS K TOYKE MCKOMOrO SKCTpeMyMa («LuarpeHesas
koxar). Ha kaxgoit uTepauum OgHOBPEMEHHO W B3aMMO3aBMCMMO OCYLUECTBMSETCS KaK YTOYHEHME HalunxX
NpeacTaBneHunii o Lenesoit PyHKLUMM B 06nacTi aKCTpeMyMa, Tak W OnpedeneHne Takoi OLEHKM apryMeHToB
3KCTPEMyMa, KoTopast afieKBaTHa YPOBHIO TUX MpeACTaBNeHWi Ha AaHHON uTepauun. MoaToMy HenokambHbIN
METOA ONTUMM3ALMM OTHOCUTCS K Kraccy AyarbHblX W MOXET ObiTb Ha3BaH METOAOM [yanbHOro
NpOrpaMMMpPOBaHHS.

O6a nouckoBbIX MeToga MpefycMaTpUBaloT MPOBEAEHWE CEepuM IKCMEPUMEHTOB. [onyyeHHble Mpu 3TOM
3KCMepUMEHTarbHbIE [aHHble MOryT ObiTb WMCMONb30BaAHbLI AN MOCTPOEHUS AHANMMTUYECKUX PErPeCcCUOHHbIX
Mofeneit 4actHoro kputepus fi(p)=e(p)/L. C nomowpio Takux MOAENei MOXHO OCYL|EeCTBNATH HE

MOVCKOBYIO, @ aHANMTUYECKYI0 BEKTOPHYHKD ONTUMM3ALMI0 apXUTEKTYPbI APYTX HENPOCETEBBIX KNaccuguKkaTopos
TaKoro e Buaa. Ecnv aTo okaxeTcst CNoXHbIM, TO MPOBOANTCS MOWUCKOBAsi NpoLieaypa, HO YXe C NpUMEHeHnem
He HaTYpHOTO, a 8bINUCIUMELHO20 JKCIEPUMEHTA, YTO CYLLECTBEHHO MPOLLE.

Pewas 3agayy NOCTPOEHUS PErpeccMOHHbIX MOEnen, Mbl JODKHbl 33daTb BWE  annpOKCUMUPYHOLLEN
3aBWCMMOCTM, W3BECTHOW C TOYHOCTBIO [0 KO3IDPULMEHTOB perpeccun. AHanu3 3agauu npuBOAUT K
NPeANONOKEHMIO, YTO C AOCTATOYHON A5 NPAKTUKWA TOYHOCTBI0 MOXHO OrpaHUYMTLCS NIMHENHON PErpeccuent:
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Np,p)=(ap+aypy)/ L, (7)
rge al,a2 - KOSdDdJVIU,MGHTbI perpeccun, onpegensemble Mo IKCNepUMEHTallbHbIM AaHHbIM METOOO0M

HanMeHbLUMX KBaapaToB. InHenHas perpeccnMoHHasas Moaenb npoBepsAeTcA Ha afeKkBaTHOCTb MeTOAaMu
MaTEMaTUYECKON CTaTUCTUKN. |-|le HeobXoaMMOCTV MOAENb MOXET BbITb yCnoXHeHa.

PaccMoTpeHHble MeTogbl npedycmaTpuBatoT CTapT MOMCKOBOM Npouedypbl OT apXMTEKTYpbl, KoTOpas, no
MHEHWIO pa3paboTumka, HaXOANUTCA A0CTATOMHO ONMKU3KO K ONTMManbLHON Touke. Ecnn B npouecce noucka UMeeT
MECTO BO3paCTaHWe uucna HepoHoB B 0OpabaTbiBalOlMX Crosix, TO TEOpWUs HEMpOHHbIX ceTeit [1]
XapaKTepu3yeT AaHHblA Noaxod Kak KOHCMpykmueHbil. [pn M3OLITOYHOM CTapTOBOM KONMWYECTBE HENPOHOB
noaxog nMeHyetcs decmpykmusHbiM (MPUHLUMN PogeHa: utobbl 13BasTb CKyNbMTYPY, HYHO B3ATb LIENyto rMbiby
MpamMopa U yaanuTb U3 Hee JIULLHEe).

OcyLiecTBneHne M3noxeHHbIX B paboTe 3TanoB BEKTOPHOM OMTUMM3ALMM MO3BOASET MONYYUTb apXUTEKTYPY
HEeMpOCeTeBOro  Knaccudmkatopa, npu  KOTOPOA CUCTEMHO  YBS3bIBAKOTCS  MPOTMBOPEYMBLIE  KPUTEPUK
9(h(PEKTUBHOCTH €ro YHKLIMOHMPOBAHMSI.

BnarogapHocTu

Cratbst yacTMyHO uHaHcupoBaHHa U3 npoekta ITHEA XXI WHctutyta MHOPMALMOHHBIX Teopun W
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0 HEKOTOPbIX TPYAHOPELLAEMbIX 3A0AYAX MOMEXOYCTONYMBOIO
AHAIIN3A CTPYKTYPUPOBAHHbIX OAHHBIX!

AnekcaHap KenbMaHoB

AHHOmauyus: Paccmampugaromes OUCKpemHble SKkcmpeMarbHble 3a0ayu, K KomopbIM c8009mMCsi HEKOMOopbIe
gapuaHmsl npobnemsl nomexoycmolyugoeo off-line  0bHapyxeHusi 8 yucnogol nocnedosamensHocmu
nosmopsiouie20cs (hpaeMeHma, a makxe Hekomopble eapuaHmbl NPobieMbI noucka NOOMHOXECME 8eKMopos
80 MHOXecmgee eekmopos egknudoga npocmpaHcmea. AHanmu3Upyemcs COXHOCMb  PedyuyupPO8aHHbIX
ONMUMU3aUUOHHbIX 3a0ay U coomeememeyrwux uMm 3aday aHanusa daHHbIX U pacno3HagaHusi 0bpa3os. [aH
0030p HOBbIX U U3BECMHbIX an20pUumMUYECKUX Pe3ybmamos no peweHuto smux 3aday.

Knroyesble cnoea: nouck noOMHOXecms 8eKmopos, NOMEX0ycmoliyueoe OBHapyXeHue nosmopsWe20Cs
paemeHma, krnacmepHbil aHanu3, OuckpemHas onmumusayus, NP-mpydHas 3alavya, aneopummbi ¢
2apaHmupoBaHHbIMU OUEHKaMU MoYHOCMU.

ACM Classification Keywords: F.2. Analysis of Algorithms and Problem Complexity, G.1.6. Optimization, G2.
Discrete Mathematics, 1.5.3. Pattern Recognition: Clustering.

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

BBeaeHue

ObbekT uccnepoBaHns paboTbl — npobnembl ONTUMM3ALMM B 3adavax aHammsa [aHHbIX W pacrno3HaBaHus
00pa3oB. [pegMeT MCCNeaoBaHNS — OWMCKPETHbIE AKCTPEMarlbHble 3adau, K KOTOPbIM CBOOSTCS HEKOTOpble
BapuaHTbl npobnembl nomexoyctoiumsoro off-line o6HapyxeHus NOBTOPAIOLLErocs parMeHTa B YMCIIOBOM
nocrnefoBaTeNlbHOCTU M HEKOTOpble BapuaHTbl NpobnemMbl MoMcka MOSMHOXECTB «MOXOXMX» BEKTOPOB BO
MHOXECTBE BEKTOPOB €BKNMMAOBA NpOCTpaHcTBa. Llenb paboTbl — 0630p HOBbIX 1 W3BECTHbIX PE3YyNbTATOB MO
W3YYEHWKO CROXHOCTW, CUCTEMATU3ALMM U UCCRELOBaHMI0 anrOpUTMOB peLleHus 3Tux 3adad. [aHHas pabota
JononHseT coobulerns [1-3].

MpencTaBneHHble B paboTe Mogenu aHanusa AaHHbIX TUIUYHbI ANS LIMPOKOTO CNEKTPa NPUMOXEHNIA, B KOTOPBIX
HEeOOX0AMMbIM 3NIEMEHTOM SIBMISIETCS KOMMbloTepHasi 06paboTka MaCcCHBOB 3aLLYMMEHHBIX CTPYKTYPUPOBaHHBIX
AaHHbIX, BKMIOYAIOLLMX MOBTOPSIOLLMECS, YEPEMyIOLLMECS UMK NEPEMEXAIOLINECH NHEIOPMALIMOHHO 3HAYMMble
(hparMeHTbl B O[HOMEPHOM CIlyyae WNM BEKTOpPbl B MHOTOMEPHOM criyyae. PopMynMpoBKA aHanU3vupyeMbix
HUXe 3afay sBNSOTCS pesynbTaToM: 1) hopmann3aLmu COOTBETCTBYIOWMX COAepXaTenbHbIX (MPUKNaaHbIX)
3afay nnbo B BUAE 3aay MakcummsaLmm (hyHKLUMOHana npaBgonogobus (B cnyyae, koraa nomexa afanTueHa 1
SBNSAETCS  MOCNELOBATENbHOCTLIO FAYCCOBCKMX HE3aBMCUMbIX OMHAKOBO pacrpefeneHHbIX —CryYaiHbix
BENWYMH), N6O B BUAE 3afay CpeaHEKBaapaTUYECKOro NPUBNMKEHUS (koraa O NOMEXe W3BECTHO NMULLb TO, YTO
OHa afauTVBHA), 2) NoCNeayHoLLel peayKLMY 3TUX 3aAay K 3afadam AUCKPETHOM OMTUMM3aLMK.

' Pa6ora nogaepxaHa rpaHtamm P®®U 09-01-00032, 07-07-00022 u rpaHTom ABL|T Poco6pasoBaHus
2.1.1/3235.



International Book Series "Information Science and Computing" 41

Mopgenu aHanu3a CTPYKTYpUPOBaHHbIX AaHHbIX

Myctb  x,, eRY, neN, me N ={,2,...,N}, — nocnefosatenbHoCTb BEKTOPOB EBKMOBA
npocTpaHcTBa. PaccMOTpUM ABE BO3MOXHbIE CTPYKTYPbI 9TOM NOCNEA0BATENbHOCTH.

Ctpyktypa 1. NocnegosatenbHOCTL 3afaeTcs HOpMYynon

Wi, }’IEMI,
W), neM,
Xn: ceey ceey (1)
W, VIEMJ,
J
0, ne.’]\f\szlfMj,

roe U‘§:1 j\/lj < N, npniem M; mj\/lj =J,ecnm i+ j.

CrpykTypa 2. [ocnenoBaTentHOCTb 061agaeT CBOMCTBOM

w;, neM,
Ws, neM,,

Xy={ " ? @
wr, ne.’MJ,

roe U‘§:1 M; =N, npniem M; " M; =&, ecm i # j .

. J J
Monoxwum |3Vlj =M ;, j=12,....J, 1 {nl,...,nM}zujzlelj, rne M=Zj:1Mj- BekTopbl W

j,
6yp,eM MHTEPNPETNPOBATL KakK I/IH(*)OpMaLl'MOHHO 3Ha4YnMMbl€ BEKTOPbI, a M] — KaK 41MCcro ux noBTOPOB B

nocnegosatensHocTt x,, € RY, ne N . [locTynHoit Ans aHanusa Gynem cuntatb NOCNeAoBaTeNbHOCTb
Yn=X,+e,, neN, )
rae e, — BEKTOp nomexu (OWNBKK M3MEPEHNs), He3aBUCUMbIV OT BEKTOPA X, . MonoXum
S(M, My,..., M - 2 4
(M|, My,... My, Wi, Wo, W)= D Iy —X, 7. (4)
neN

Mogzenu aHanuaa faHHbix copmynmupyem B hopme 3aaay CpeaHeKBaapaTUYECcKoro NpubnmKkeHus.

[lonyctum cHavana, YTo B OTCYTCTBUE LUyMa JaHHble MetoT cTpykTypy 1. Cchopmynupyem cnepyioLme 3apadu.

3apaya 1. [JaHo: COBOKYNHOCTb {y{,...,y} BEKTOpPOB W3 R4 . Haumu: cemeitcteo {My,M,,...,’M 7}
HENyCTbIX HenepeceKaloLLMXcs NOAMHOXECTB MHOXecTBa N M COBOKYMHOCTb {W{,W7,...,W s} BEKTOPOB
TaKue, 4To TO Lienesas PYHKUmMs (4) MUHUManbHa.

3Ty 3aavy MOXHO TpaKTOBaTb Kak MOMCK CEMENCTBA HenepecekaroLLmMxcsi NOAMHOXECTB BEKTOPOB, MOXOXMUX B
CpeaHeKBaapaTUYECKOM.

flonycTum, 4TO B pamkax CTPyKTypbl 1 KOMNOHeHTbI Habopa (ry,...,7 ), ANEMEHTbI KOTOPOr0 COOTBETCTBYHOT
HOMepaM HeHyneBbIX BEKTOPOB B hopmyne (1), CBSA3aHbI JONOMHUTENBHBIMU OrPaHUYEHNUSIMIA

1< Thin <t 11 < Tpax SN-1, m=2,...,N, (5)
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roe Tmin n TmaX — HaTtypanbHbl€ 4YKcna. ot orpaHuyeHuns yCtaHaBnmnBaroT ,EI,OI'IyCTMMbIﬁ MHTEPBAn mexay
AByMA Bnnxanwmmm HOMEpamMn HeEHYneBbIX I/IH(*)OpMaLMOHHO 3Ha4YMMbIX BEKTOPOB B NOCNEA0BaTENIbHOCTH (1)

3apaya 2. [aHo: nocnegosatenbHocts y, € RY, ne N . Haumu: cemeiictBo {Mj,M,,...,. M }
HeNyCTbIX HenepeceKaoLLXcs NOAMHOXECTB MHOXecTBa N M COBOKYMHOCTb {W{,W7,...,W s} BEKTOPOB
Takve, 4To Lenesas (yHKUMs (4) MUHUMAnbHa, NPW OrpaHuYeHusX (5) Ha SNeMEeHTbI yNopsiAoYeHHoro Habopa
(n1,...,n)y) , KOTOPblE 0BPA3YIOT COBOKYNHOCTb {ny,...,M s } = szljvl

3apavy 2 MOXHO TpaKkToBaTb Kak COBMECTHOE ONTMManbHOE ODHapyXeHWe W OLEHWBAHWE N0 KpUTEPUHO

MUHAMYMA CYMMbl KBafpaTOB YKIOHEHWA HEHYNEBbIX HEW3BECTHbIX WHC(OPMALWMOHHO 3HAYMMbIX BEKTOPOB,
NOBTOPSIOLLMXCS W NEPEMEXAIOLLMXCS B HeHabnogaemoi nocnegosatensHocTm (1).

[ns faHHbIX, UMEIOLMX CTPYKTYPY 2, CHOpPMYnMpyeM criedytoLLyto 3agavy.

3apava 3. [JaHo: COBOKYNHOCTb {yq,...,yx ) BektopoB u3 RY. Haiimu: pasbueqne mHoxectea N Ha
HenycTble nogmHoxectBa My, M,,...,’M; 1 COBOKyNHOCTb {W{,W5,...,W ;} BEKTOPOB Takue, 4To TO
Lenesas yHKUMS (4) MMHUMaNbHA.

OTa 3ajava oTnnyaetcs OT 3apaum 1 Tem, Yto B Hel TpebyeTca HanTth pasbuenue mHoxectBa N, a He
COBOKYMHOCTb HEMepeceKkatoLLMXcsl NOAMHOXECTB 3TOr0 MHOXeCTBa. [1pn 3TOM npeanonaraeTcs, YTo CTPYKTypa
[aHHbIX ONuCbIBAETCs (HOpMyIow (2).

Penyuu POBaHHbIE IKCTPEMaAlbHbIE 3aAa4yun

Nerko yBeautbcs, 4TO BO BCEX CCOPMYNMPOBaHHBLIX 3adavax Ans noboro JOonyCcTUMOro CemencTea
(M, Mp,...,)M;} noaMHOKeCTB MHOXecTBa N MUHUMYM yHKUMOHana (4) no nepemeHHbIM

Wi, W),...,W s, [OCTaBNAETCS BEKTOPaMU W ; = Znemj v/l Mj l, j=12,...,J .B3apavax1n2s

cuny chopmynbl (1) 3TOT MUHUMYM paBeH

Smin = Yl yn - Z—n Syal?. (6)

ne’N’ J | nefMj

[ns 3agaum 3, yunTbiBas (2), umeem

Smin = Z ZH Yo —Wjll - (7)

Jj=1 neM;

Takum 06pasom, AN OTbICKAHWSA peLleHn COPMYNUPOBaHHbIX 3aday Heobxoaumo pelwnTb 3apadn Ha
MUHUMYM (DYHKUNA (6) 1 (7). K MOEHTUYHBIM ONTUMU3ALMOHHBIM 3a4ayam NPUBOANUT CTATUCTUYECKUA NOAXOS K
npobneme aHanu3a faHHbIX, €CAM CYUTaTh, YTO BEKTOP e, B (hopmyne (4) ecTb BblboOpka U3 ¢ -MepHOro

HOPMarbHOro pacnpeaeneHns ¢ napameTpamu (0,0—21), roe 1 eouHM4Has mMaTpuua, a B MOAENN aHanusa
[aHHbIX B KAYECTBE KPUTEPUS PELLIEHIS MCMONb30BaTh MaKCUMYM (yHKLMOHANA NpaBaonofobus.

lMepBbll YneH B MpaBoW YacTu paBeHCTBA (6) ABMSeTCA KOHCTaHTOW. MoaTomy u3 3agauv 1 nonyyvaem
cregytoLme peayLmpoBaHHbIe ONTUMU3aLMOHHbIE 3a4a4m.

3apgaya J -MSASVS-F (Makcumym CyMMbl CpeHUX 3HAYEHWI KBALPATOB ANWH CyMM BEKTOPOB M3 MOAMHOXECTB

(PMKCUPOBAHHO MOLLHOCTH). [JaHO: MHOXECTBO Y = {y],¥2,...,y v} BekTopos u3 R u HaTyparbHble uncna
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M,M»,...,M j. Haimu: cemeicteo {B,B,,..., By} Henyctblx Henepecekalowmxcs noAMHOXKECTB

MHOXeCTBa |/ Takoe, 4To

J
1
Y 2y - max, ®)

MpW orpaHUyeHusx: |BJ- = Mj,jzl,...,J.

3apaya J -MSASVS-NF (Makcumym CyMMbl CpPefHUX 3HAYeHWN KBagpaToB ANMH CYMM BEKTOPOB U3
MOAMHOXECTB, MOLLHOCTI KOTOPbIX HE duKkcMpoBaHbl). [JaHo: MHoxecTBO Y = {y1,¥2,...,Y N} BEKTOpPOB 13

R1. Haiimu: cemeitctBo {By,B,,..., By} HEMyCTbIX HEMepeceKaloLmxcs MOAMHOKECTB MHOXecTsa VY
TaKoe, 4To UMeeT MecTo (8).

Obe 3apays MOXHO TpakToBaTb Kak MOWCK MOAMHOXECTB BEKTOPOB «MOXOXWX» B CPeAHEeKBagpaTMyeckoMm
cmbicne. OTnnymMe 3apay COCTOMT B TOM, YTO B MEPBOW W3 HWUX MOLLHOCTU MCKOMbIX MOAMHOXECTB SIBAKOTCS
YacTblo BXOfa 3afadu, a BO BTOPOA 3TU MOLLUHOCTU — ONTUMU3NPYEMbIE BENUYMHbI. AHanornyHbIM 0Bpa3om
(hopMyrupyloTCS  ellle [Be 3adadu, KOTopble CrefylT W3 3ajadm 2 W OpUEHTMPOBaHbl Ha aHanu3
nocnefoBaTensLHOCTEN NPW HANWYUK OrpaHnyerui (5).

3apaya J-MSASVSO-F. [ano: nocneposatensHocTs y, € RY, neN', n HatypanbHbie uncna
M{,My,....M j, Tipin¥ Tmax - Halimu: cemeiictBo {M;, M,,...,2M;} HenycTbIX HemepecekatoLnxcs
MOAMHOXeCTB MHOXecTBa N Takoe, YTo

J

1 2
> || D ¥nlIf > max, 9)
j:1| J | neM;

npu orpaHudennsix |M;|=M;, j=1,...,J, Ha MOLHOCTM MOAMHOXECTB W MpU AOMONHUTENbHbIX

orpaHndeHnsix (5) Ha anemeHTbl yropsaaodeHHoro Habopa (7y,...,7p7 ), KOTOpble 0BPa3ylT COBOKYMHOCTH
J

{nl,...,nM}zszlfMj.

3apava J -MSASVSO-NF. [Ja+o: nocriegosatentHocts 'y, € RY, ne N, u HaTypanbHble wicna Tpip ¥

Tinax - Hatimu: cemeiicteo {Mj, M,,...,2M;} HenycTbIX HenepecekatLwmxcs NOLMHOXECTB MHOXecTBa N

Takoe, YTO MMeeT MecTo (9), npu orpaHnyerusx (5) Ha anemeHTbl ynopspoveHHoro Habopa (ng,...,npr),
J

KoTopble 0Bpa3ytoT COBOKYNHOCTb {rny,...,nps} =U j:1~’M i

/3 3agaum 3 1 hopmynbl (7) nonyvaem XopoLo M3BECTHYIO 3aavy.

3apava MSSC. [Jano: mHoxectB0 Y ={y},y2,...,yy} Bektopos u3 R n HarypanbHoe uucno J >1.

Hatimu: pasbueHne MHOXecTBa Y Ha HenycTble nogmHoxecTsa (knactepbl) Cp,C»,...,Cy Takoe, 4To

4 2
> 2 ly-w; "> min,
J=1yeC;

e w; = ZyeCj y/|Cj [, j=1,2,...,J ,— LEHTpbl KNacTepos.
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OTa 3adaya ABNAETC KNacCWYeckol 3ajayed aHanmu3a [aHHbIX W pacno3HaBaHus o0pasoB. Huke
chopMynMpOBaHbI ABa BaXHbIX CrieLManbHbIX Cyyast 3Toi 3agauu.

3apaua.J -MSSCO-F. [JaHo: mHoxectBo Y ={y,¥2,....yn ) Bektopos u3 RY wn HatypanbHbie uncna
M, M>,...,M j.Halimu: pa3buerne mHoxecta Y Ha HenycTble noamHoxectBa Cp,(C5,...,C; Takoe, 4to

J-1

_ 2 2 .
2 2 ly=w; I + X llyIF—> min, (10)
Jj=1yeC; yeCy

roe szzyecjy/\CjL Jj=12,...,J —1, — UeHTpbl KnacTepos, Npu OrpaHUYEHNsaX |Cj =M,
j=L...,J.
3apaua.J -MSSCO-NF. [Jaxo: mHoxectBo Y ={y;,y2,...,yy} Bektopos us RY. Haumu: pasbueHue

MHOXecTBa Y Ha HenycTble nogmHoxectea Cp,(C»,...,C s Takoe, uyto umeet mecto (10).

OT! 3aa4M MOXHO TPAKTOBATb Kak crewuanbHble cnyyan 3agaun MSSC, B KOTOpbIX LEHTP OAHOIO U3 KIacTepoB
onpeaensTb He TPEOYETCA (CYMTAETCS, YTO LIEHTP 3TOro Kractepa M3BECTEH M paBeH Hynio). B nepeoil 3apaye
npeanonaraeTcsi, YT0 MOLUHOCTM KNacTepoB (i KCMPOBaHbI, @ BO BTOPOM YMCHO KNacTEPOB W UX MOLUHOCTU —
ONTUMU3NPYEMbIE BEMUYNHI.

N3BecTHble (haKTbl 0 CNOXHOCTH CHOPMYNUPOBAHHBIX 3a4a4 M aNTOPUTMAX MX PeLleHus

Mpexge Bcero, 3amMeTM, 4to 3agava MSSC B cuny CBOEN LWMPOKOW M3BECTHOCTM UM 4ABHOCTW MOCTAHOBKM
Hauboree u3yyeHa B anrOPUTMUYECKOM MraHe. VIMeeTcs MHOXEeCTBO nybnukauuit, OpUEHTUPOBAHHbLIX Ha
nocTpoeHne 3 deKTUBHBIX anropuTMOB C OLIEHKaMU TOMHOCTY Ans ee peleHns. OpHako, NiWb HeaaBHO B [4]
[aHO KOpPEeKTHoe JokasaTenbctB0 NP-TPyAHOCTM 3TOWM 3agaun Ansg cnydvas, korga J =2. Bce paHee
onybnMKOBaHHbIE [0KA3aTeNbCTBA TPYOAHOPELWAEMOCTM 3TOM 3adaum comepxanu owwnbkn [5]. Opyrve 3agauu,
chopmMynMpoBaHHbIe B Mpeablayllem naparpadge, OTHOCATCA K yucny cnabo nayyeHHbIX 3agad. Paccmotpum
COBPEMEHHOE COCTOSIHWE UCCNEA0BaHUiA N0 UX PELLEHUIO.

Anroputmuyeckas CnoXHOCTb. OTHOCMTENbHO CROXHOCTM 3aday noucka NOOMHOXECTB BEKTOPOB M
cneynanbHbIX CryyaeB 3afayy KNacTepHOro aHammuaa mnonyyeHbl cnegylowme pesynbtatel. Ctatyc NP-
TpyaHocTn 3apaun 1-MSASVS-F 6Gbin ycTaHoBneH B [6, 7]. M3 aToro pesynbrata criegyeT, UYTo 3agada
J -MSASVS-F npu J > 1 takke NP-TpygHa, kak o6o6uieHne 3agaum 1-MSASVS-F. NP-TpyaHOCT 3agauu
1-MSASVS-NF pokaszaHa B [8, 9]. 3T0T pesynbTaT nO3BOMMN YCTAHOBWTb TPYAHOPELLAEMOCTb  3afauu
J -MSASVS-NF npu J >1 B cnyyae, korga uucno J sensetcs yactbto Bxoga. lMosxe B [10] Bbina
yCTaHOBreHa TpyaHopeLllaemMocTb 3agaum J -MSASVS-NF and cnyyas, korga J He SBRseTCa YacTbto Bxoga. B
aToi e pabote 6b1n0 fokasaHo, yTo 3agaun J -MSSCO-F u J -MSSCO-NF Takke NP-TpyaHbI.

O cnoxHocTK 3apay C orpaHuyeHneM (5) Ha mopsgok Bbibopa BEKTOPOB M3BECTHO crnepywowee. Ctatyc NP-
TpygHocTM pokasaH [6, 7] muwe ang 3agauun J -MSASVSO-F. Cratyc cnoxHoctn 3agaum J -MSASVSO-NF
noka He yctaHosneH. Ckopee Bcero, oHa NP-TpyaHa, kak 1 3agava J -MSASVS-NF.

Anroputmbl. Kakne-nubo anroputmbl ¢ 4OKa3yeMbIMU OLEHKAMW TOYHOCTM ANs pelleHns 3agad J -MSASVS-F
n J-MSASVS-NF noucka nogmHoxectB BekTopoB, 3agavy J -MSASVSO-F u J-MSASVSO-NF nowucka
noanocneaoBaTenbHOCTEN BEKTOPOB B Cryyae, koraa J > 1, Ha CerogHsWHNA AeHb HEN3BECTHbI. TO Xe camoe
MOXHO Cka3aTb npo 3agaun J -MSSCO-F u J -MSSCO-NF , koTopble umetoT cmbicn nuwb npn J > 1.
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K uucny 3agad, 4ns KOTOPbIX YAanock NOCTPOUTb anropuTMbl C JOKa3yeMbIMU OLiEHKaMU TOYHOCTM, OTHOCATCS
npocteiwwve 3agaun 1-MSASVS-F, 1-MSASVS-NF n 1-MSASVSO-F, B koTopbIx TpebyeTcs HailTV NULLb OFHO
(J =1) NOAMHOXECTBO «MOXOXMX» BEKTOPOB WM OQMH NOBTOPSIOLLMIACS BEKTOP B MOCNeA0BaTeNbHOCTH. B [7]
000CHOBaHbI  MPUONMXKEHHbIE aCUMMTOTMYECKM TOYHble anroputMbl  peweHns  3agady  1-MSASVS-F u
1-MSASVSO-F, umelowme BpEMEHHYI CROXHOCTb O[Nq2(21+ l)q_l] u O[Ng(qg+M)2l+ l)q_l]
COOTBETCTBEHHO, rae [ — napameTp anroputMa. OTHOCMTENbHAs MOrPEHOCTb Y 3TUX anropuTMOB paBHa

(q—l)/(412). B [6] npeanoxeH npubnumxeHHbIn anroputm pelueHns 3agaum 1-MSASVSO-F. Ero BpemeHHas

CINOXHOCTb €CTb BeNUYMHA O(MNZ). K coxaneHuto, ans aT10ro OTHOCWTENbHO «OBbICTPOro» anroputMa,

XOPOLLO 3aPEKOMEHAOBABLLEO CE0S1 B YMCTIEHHbIX IKCNEPUMEHTAX, rapaHTUPOBaHHasH OLEHKA TOYHOCTM Moka He
yCTaHOBMNEHa.

Ona pewenuns 3agaun 1-MSASVS-NF B pabote [10] npeanoxeH nNpuONMKeHHbIA acMMNTOTUYECKM TOMHbINA
anroputM.  Tpy#oOemKOCTb W OTHOCMTENbHAs MOTPEWHOCTb Y  3TOTO  anroputMa  eCcTb  BENNYMHBI

O[Ng(gq +log N)(2I + 1)‘1_1] n(qg— 1)/(412) , roe [ —napameTp anroputMa.

B [11] nokasaHo, yto 3agayn 1-MSASVS-F n 1-MSASVS-NF paspelunmbl 3a Bpems O(qZqu). Tem cambim
nokasaHo, YTO Npu (PUKCMPOBAHHON PA3MEPHOCTU ¢ MPOCTPAHCTBA 3TW 3afayu MOryT BbITb TOYHO peLUeHbl 3a
NOMMHOMMWaNbHOE BPEMS.

[Ona sapuantoB 3agay 1-MSASVS-F u 1-MSASVSO-F ¢ uenouncneHHsiMW KoopauHaTamu BekTopoB B [12]
060CHOBaHbI TOYHblE MCEBLOMNONMHOMUANbHBIE AnropUTMbl. TPYAOEMKOCTb 3TWUX anropuTMOB €CTb Benu4MHa
O[NgM q(2b)q_1], roe b - mMakcumanbHas no abCconiTHOM BENUYMHE KOOpAMHATa BEKTOPOB U3 3aAaHHOr0
MHOXECTBa.

3aknioyeHue

K paccmoTpeHHbiM  NP-TpyoHbIM 3ajavam CBOAATCA npocTedwme npobnembl 13 GOMbLUOrO CeMercTea
(HacuMTbIBatOLLErO, MO KpalHel Mepe, HeCKONbKO COTeH anemeHToB [13]) npobnem nomexoyctonuusoro off-line
aHanM3a M pacno3HaBaHus CTPYKTYPUPOBAHHBLIX MOCNEeJOBaTENbHOCTEN, BKIIOYAKLMX MOBTOPSIOLMECS,
yepegyloLlmecs M nepemexalowmecs MHPOPMALMOHHO 3HAYMMble BEKTOpbl (pparMeHTbl) B KayecTBe
CTPYKTYPHbIX 9nemeHToB. O4eBMAHO, YTO 3TW TPyOHOPELLAeMble 3ahaduu SBNSITCS YaCTHbIMW Crydasmu Ans
MHOTMX elle He W3y4YeHHbIX 9SKCTPeMarbHbIX 3aday, K KOTOpbIM CBOAATCS NpobnemMbl aHanusa AaHHbIX 1
pacnosHaBaHus 06pa3os, UMerowux 6onee CRoXHyK CTPYKTYPY HaA WHAPOPMALMOHHO 3HAYMMbIMW BEKTOPAMM.
[MosToMy NpuBefEeHHbIE Pe3yNnbTaTbl MOMYT CIYXWTb B KayecTBe 6a30BbIX (MpU UCTONb30BaHUM M3BECTHOM [14]
TEXHUKW NOMMHOMUANBHON CBOAUMOCTH) ANs AokasaTenbcTBa NP-TpyaHOCTM apyrux 6omnee CrnoxHbix npobnem
aHanu3a CTPYKTypUpOBaHHBIX JaHHbBIX M pacno3HaBaHus 06pa3oB 13 YNOMSHYTOrO CEMECTBA.

Ocraetcs 3amMeTUTb, YTO 7151 GONbLUMHCTBA U3 PACCMOTPEHHbIX 3KCTPEMarbHbIX 3aay Kakue-nubo anroputmbl ¢
OLIEHKaMW TOYHOCTU Ha CErOfHSILIHMIA AeHb HEN3BECTHbI. Bbicokasi ¢ MPaKTUYECKON TOYKM 3PEHNS TPYAOEMKOCTb
CYLLECTBYHOLLMX NPUBNMKEHHBIX anrOPUTMOB PELLEHUS] HEKOTOPLIX U3 PACCMOTPEHHbIX ONTUMU3ALMOHHBIX 3aay
obycnaBnuBaeT NPOLOMKEHNE UCCNIeAOBaHW B HaNpaBNieHUN MoMcKa HOBbIX anropUTMUYECKUX PELUeHUiA, a
TaKkke B HanpaBNeHUW BblAENeHWs NOAKNAccoB 3afad, Ans KOTOPbIX BO3MOXHO MOCTPOEHWE anropuTMOB,
UMEIOLLMX MEHBLLYH BPEMEHHYHO CIIOXHOCTb.

BnarogapHocTu
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ONTUMU3ALUA OLEHKN BEPOATHOCTM OLUIMBEOYHOWN KNACCUDUKALIUK
B AUCKPETHOM CIYYAE!

Buktop Hegenbko

Abstract: The goal of the paper is to investigate what training sample estimate of misclassification probability
would be the best one for the histogram classifier. Certain quality criterion is suggested. The deviation for some
estimates, such as resubstitution error (empirical risk), cross validation error (leave-one-out), bootstrap and for
the best estimate obtained via some optimization procedure, is calculated and compared for some examples.

Keywords: pattern recognition, classification, statistical robustness, deciding functions, complexity, capacity,
overfitting, overtraining problem.

ACM Classification Keywords: G.3 Probability and statistics, G.1.6. Numerical analysis: Optimization; G.2.m.
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Conference: The paper is selected from XVt International Conference "Knowledge-Dialogue-Solution” KDS 2009,
Varna, Bulgaria, June-July 2009

BBeaeHue

[Ona oueHuBaHMs KavecTBa pelawlymx QyHkumii (ogHa M3 nepsbix pabot [[16os, 1965]) B 3agadvax
pacnosHaBaHus 06pasoB (knaccudukalmm ¢ yuuTenem) Ha npakTike 06bIYHO MCMONb3YITCS TOYEYHbIE OLIEHKM
pucKa, T.e. BEPOSTHOCTM OWWBOYHON Knaccudpvkaumu. B pomm Takux OLEHOK, Kak MpaBuiio, BbICTynalT
aMnMpuyecknin puck (resubstitution error) oueHka ckonbaswero ak3ameHa (cross validation) wnn oueHka
bootstrap. Mpn aTOM aMIUPUYECKMIA PUCK SBASIETCH CMELLEHHOW OLEHKOWM pucka. [nd BenMumHbl CMELLEHNS B
obuem crnyyae CywlecTBYIOT NULb NpuONMKEHHble MHTEpBanbHble OLEHKW B pamkax nogxopa BanHuka-
UepBoHeHkuca [BanHuk, YepBoHeHkMC, 1974], x0T AN 4aCTHbIX CMy4aeB BO3MOXHO TOYHOE OLEHMBaHWE
CMeLLEHMs!, HanpuMep, Ans AUCKPeTHOro npoctpaHcTea [Heaensko, 2003]. Takke UMEET CMbIC MCMONb30BaHNe
SMMUPUYECKUX MHTEPBANBHbIX OLEHOK pucka [Hegernbko, 2008].

HaumnyJwen ¢ npakTM4eckom TOUKM 3pEHNSt N3 TOYEYHbIX OLIEHOK picKka cumTaeTcs bootstrap, Ybe npenmyLLecTso
NPOAEMOHCTPUPOBAHO Ha MHOrOYMCNEHHBIX NpuMepax. EctecTBeHHbIM 06pa3om HanpalwwBaeTcs BOMpoC,
HaCKOMbKO 3Ta OLeHKa Brnaka k onTUMarnbHOM, U B KaKOM CMbICTIE MOXHO BOOGLLE roBOPUTL 06 ONTUMAnbHOCTL
TaKoro poaa oueHku [Hegenbko, 2007].

CTaHpapTHOM Mepoi KayecTBa TOYEYHOW OLEHKM siBnseTcs ee 3heKTMBHOCTb, KOTOpas XapakTepuayeTcs
CpeaHUM KBagpaToM OTKINOHeHWs (deviation) oT oueHuBaemon BenuuuHbl. OOHAKO 3Ta BENUYMHA 3aBMCUT OT
BEPOSTHOCTHOM MOAENu, T.e. pacnpefeneHus, U3 KOToporo B3sTa Bblbopka, W AnS pasHbiX pacnpegeneHuii
ontumansHbIMK 6yayT pasHble OLEeHOYHble DYHKLMOHAMbI. Monyyaem cuTyaLmio MHOTOKpUTEPHUanbHOrO Bbibopa.
B atom cnyyae MOXHO paccmaTpuBaTb MHOXeCTBa [lapeTo-onTUManbHbIX OLEHOK. Ho B AaHHOW cuTyauuu
KPUTEPUM CPaBHUMBI, MOCKOMbKY SBNSIOTCA (DaKTUYECKM OOHMM KpUTEpUeM Mpu pasHbiX MoZensx. 370
MO3BOSIET CPABHMBATL OLLEHKM, CUMTas], YTO OOMH (PYHKLMOHAN fyylle OpYroro, €Chn ero BbIUMPbILL B fyyLLen
CUTYyaLWn NPEBOCXOAMT NPOMUIPbILL B XyALIEN.

' PaboTa BbinonHeHa npu nogaepxke PODU, rpaHtsl 07-01-00331-a n 08-01-00944-a.
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Ecnn 6bl Ha MHOXecTBe BCEX pacnpedeneHwit Obina 3apaHa HekoTopas mepa [J16os, Crapuesa, 1999,
afeKBaTHO OTpaXaroLlas «BaXHOCTb» 3TUX pacnpeaeneHni, Unm ux «BCTPEYaeMOoCTb» B pearnbHbIX 3aaadax, To
MOXHO 6bin0 Obl MPOCTO UCMONb30BaTh YCPEOHEHHbIN KpUTEpUn. HO Tak Kak Takon Mepbl HET, pasyMHbIM
NPeACTaBNSeTCs MCMONb30BaHNE pasnyHbIX BapuaLmin MUHUMAKCHOMO Noaxoaa.

3agaya HaxoxaeHNs oNTUManbHOrO OLIEHOYHOTO (hyHKLMOHana B obLLem Cryvae SBNSeTCs CNOXHOM, NO3TOMY B
JaHHOM paboTe nccneayeTes YacTHbINA Cryyai 3agaym knaccudmkaumum B AMCKpeTHOM npoctpaHcTtae (histogram
classifier), npn kotopom Bce Tpebyemble CTAaTUCTUKM MOrYT ObITb BbluMCNEHbI aHanuTuyecku [Braga-Neto,
Dougherty, 2005].

MocTaHoBKa 3agaum

[ns BBEOEHUS OCHOBHbIX MOHATUIA PAaCCMOTPUM CHayana oObLLy NMOCTaHOBKY 3a4aduu MOCTPOEHWUS peLLatoLLmX
DYHKUMA.

Myctb X — NpOCTPaHCTBO 3HAYEHWI NEPEMEHHBIX, UCMONb3YEMbIX 471 NPOrHO3a, a Y — NPOCTPaHCTBO 3HAYeHUiA
NPOrHO3MpyeMbIX nepemeHHbIX, 1 nycTb C' — MHOXECTBO BCEX BEPOATHOCTHbIX Mep Ha D = X xY . Torga
anementom c e C Obynet PC[D]. 3pecb M panee kBagpaTHblE CKOOKM WCMOMb3yOTCA NS yKasaHus

MHOXeCTBa, Ha a—anre6pe NOAMHOXECTB KOTOPOro 3agaHa Mepa.

Pewaroweit dyHKkunMeir Ha3oem cooTeeTcTBMe  f: X — Y W BBegeM Ans Hee (PYHKUMIO NOTeps:
L:Y? —[0,00).
Mog puckom 6yaem NOHUMATL CPeaHNe NoTepu:
R(c.f)=[L(y.f(x))dr[D]
MycTb V:{(xi, yi)eD‘ i:I,_N} — CNyyailHas HesaBucumas BblOOpka M3 pacnpeneneHus PC[D],

v eDV. OMNMPUYECKNIA PUCK ONPEAENUM Kak CPeAHME NOTEPM Ha BbIOOPKE:
- N . .
Re )= 122l )
i=1

Mycte Q: DY 5@ - anropuTM MOCTPOEHMS peLuatowmx GyHKLMIA, a fQ y € @ — (yHKUKS, NOCTPOEHHAs
no Bbibopke ¥ anroputmom Q.
OueHKoi CKOMb3ALLEro 3k3aMeHa HasblBaeTCs BeNnymnHa

R(,0)= §L<yiaf Q%’(xi))’

rae Vi =V\ {(xi , yi )} — Bblbopka, nony4yaemas u3 ¥ yganexuem i-ro Habniogexus.

Tarcke Mbl Byaem ucnonb3oBaTh OLeHKy bootstrap
~ 1 . .
R(V,0)= B EXY L(yl,fQJ;(xl ))

E| o| ieJy
roe V' - Bblbopka, nonyyaemas u3 V' nytem N-KpaTHOTO CryyailHOro (paBHOBEPOSITHOTO) Bhibopa ee
3Ha4YeHUi C NOBTOPEHMAMM, J; — MHOXECTBO MHAEKCOB OO6BLEKTOB M3 V/, HM pa3y He BbibpaHHbIX B 1,

MaTemaTuyeckoe OXWaaHWe MoApasyMeBaeT YcpenHeHne Mo Bbibopkam V. Jlerko nokasatb, 4TO

Elo|= NI-L)" ~ Ne .
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BBuay Toro, uTo oLeHKa bootstrap SBNSETCA CMELLEHHON, Yallle UCNOMb3YT ee B KOMBUHALIMN C IMMMPUYECKAM
PUCKOM

i.0)=¢" R.0)+(-¢') R(.0).
B obuiem cryyae OLeHOYHbIA (yHKLMOHAN — 3TO HekoTopast (PyHKLMS BbIOOPKK (MpK (MKCMPOBAHHOM MeToae
NOCTPOEHMS peLLatoLLMX PYHKLNRA).

KayectBo amnupuyeckoro ¢yHKUMOHana E(V, fQV) KaK OLEHKM puUCKa eCTECTBEHHO XapakTepu3oBaTb

CpedHNM KBaapaToOM YKITOHEHUA, T.€.

8=E(RV. for )-Rle. for ).

CyLiecTeHHasi npobrema 3akmioyaeTcs B TOM, YTO BbIPaXEHUs 3aBUCST OT ¢ — pacripedeneHnsi, koTopoe
Heu3BecTHO. PelueHnem MoxeT ObiTh B3ATME CynpeMyMa No BCEM pacnpefeNieHnsiM U OpUEHTUPOBaHWE TakM
06pa3oM Ha «HauxyALee» pacnpeaeneHue.

Knaccudmkauums B AMCKpeTHOM NpocTpaHCcTBe

Bynem paccmatpueaTh 3afady knaccudukaumum Byx 06pasos.

Myctb X auckpetHo, To ectb X'= {1, ..., k}, u pewaiowwas hyHKUMS MUHAMUIMPYET IMMUPUYECKMIA PUCK
HE3aBMCUMO B KaXdoi TOUke X .

Torna BEPOATHOCTHAA Mepa ¢ € C 3afaeTcAd Ha60pOM BepOﬂTHOCTeIZ
c={ct =P(x=j.y=0)| j=Tk 0=12]

0, y=)

Mpn atom Y= {1,2}, dyHKumen notepb OymeT: L(y, y’): a pUCKOM — BepOSITHOCTb

r?

L y#y
OLWNB0YHOM Knaccudmkalmm.
. 1 2 .
ObosHauwm ¢« ; =P(x :z): S;i+si p; =P(y =1/x :z), qg;=1-p;. c;= (aj,pj).
[ns Bbibopkn V' obbema N nycTb 7; — YNCNO TOYEK BbIGOPKM, ANS KOTOPbIX X = j, U m; — YUCHO TOYEK,

J J
Ans koTopblX X = j W y =1. Takum 06pa3om, BbIGOpka B AUCKPETHOM Crlyyae 3aaeTcsi COBOKYMHOCTbIO Nap

V= (mj,nj), Te. V= {vj‘ j=Lk } OnucbiBas BbIOOPKY, Mbl Byaem MHOraa Anst KpaTKOCTW TOBOPHTD,
4TO B «SIYEIKED j HAXOAUTCA 1 ; TOYEK MEePBOro U 71 ; — m ; TOYEK BTOPOTO Knacca.

Byaem paccmatpusatb anroputm (), KOTOPbIA MUHUMM3NPYET SMMUPUYECKUI PUCK HE3ABMCUMO B KaXKOOW TOUKe
npocTpaHcTea X, T.e. fQ,V(j):Z, npu n;—m; >m;, fQ,V(j):l, npu n;—m; <mj, u fQ,V(j)

MPUHUMAET PaBHOBEPOSATHO 3Ha4eHns 1 1 2, npu n;—m;=m;.

Ha BblGopkax WMeeT MeCTO NONMHOMMUANbHOE pacnpeaeneHue P(V), CYMMUPYSt IO KOTOPOMY, MOXHO
BbIYUCNIATL B TOM YUCTe MOMEHTbI PasnnyHbiX (DyHKUMIA BbIGOpKM. OfHaKo OCYLIECTBNSTL nepedop Bcex
BbIGOPOK — TPYAOEMKas B BbIMUCTIUTENBHOM MiaHe NpoLeaypa, No3TOMY HEMOCPeACTBEHHOE CyMMUPOBaHME Mo
BbIGOPKAM OCYLLECTBUMO TOMbKO Anst HeGonbwmx N 1 k.

|_|pI/1 9TOM And afAuTUBHBIX beHKLl'Mﬁ BbI60pKI/1 BbIYMCMIEHNE MOMEHTOB MOXET ObITh npou3BeaeHo C
NONUHOMMArbLHOM TPYAOEMKOCTbIO.
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BbluncrneHne MOMEHTOB ANs aaaNTUBHBIX hYHKLNIA

k
Mycts f (V) = Zgo( ) Zgo(m n;,a;,p J) anauTuBHas yHKLMS BbIBOPKW 1 pacnpegeneHus.
j=1

Matematiyeckoe oxnpaHne E f (V) = Egp(v jsC j) TaKke afAUTUBHO.

i ele

O6osHaunm B(m,n, p)=C p™(1— p)'™ - 6uHomMManbHoe pacnpereneHve.

Beseaem cyHkuUMO ,u(p(c)z ( ) E(o(v,c).l'len(o Mony4uTh, YTO

N n N
tpla,p)=3 B(n,N,a) . B(m,n,p)plm,n.a,p)= 3 B(n,N,a)z,(na,p),
n=0 m=0 n=0
n
roe ﬂw(n,a,p): > B(m,n,p)¢(m,n,a,p).
m=0

OxkoHyaTenbHo, MaTemMaTuyeckoe oxmupanme ectb E f (V) = Z ,u(p(c j).

[1ns Bblumcrenvs aucnepcun nveem D f(V)=E fz(V)— (E f(V))z.
k
Efz(V): ZIE(DZ( )+ z E¢( l’ ,)(P(Vj,Cj)-
Jj= i#]

Beeaem (hyHKLMM

o,(c)=0,(a.p)= Ep*(v,c), @,(c1,c3)= w, (a1, pr.az, p2)=Eov, ¢ o(vy,cy).
Vmeem
N

a(/,(a,p): ZB(n,N,a)ﬁ;(n,a,p), roe ﬁ;(n,a,p): i B(m,n,p)(oz(m,n,a,p).
n=0 m=0
N
w,(ay, p.ay, pr)= Y Bn. N,y +a;) 3 Bln.naf) z,(n, e, p1)7,(ny, 05, 7).
n=0 ny+ny=n
' (23]
e ap=_" .
k
OkoH4aTenbHO, BTOPON MOMEHT €CTb Efz( ) PN ( )+ > o, ( )
j=1 i#]

MycTb g(V) = Zl//(v o€ j) — Takke afauTMBHAs GyHKUMS BbIOOPKM 1 pacnpeaeneHus.
j:

CMelLaHHbI MOMEHT

EW)elV)= Sl e Wl o 3 Eolvic vy c;)

li]

BblYNCNAETCA aHaNIOrM4YHO PpacCMOTPEHHbIM.



International Book Series "Information Science and Computing" 51

OnNTMMMU3aLMA OLEHKM pUCKa

Mycts f (V) — HexkoTopas afauTMBHAs OLeHKa pucka, a g(V) — (paKTU4eCKoe 3HAYEHWEe puUCKa (BEPOSTHOCTM
OLWMBOYHON KnaccudukaLmm), KOTOpbI B paccMaTpuBaeMoM OUCKPETHOM Cryyae Takke SBNSeTCH aaauTUBHON
YHKLMEN.

OyHkums  f (V) NOMHOCTLIO OnpefenseTcs PyHKUuen (p(v,c), KoTOpas Ha CamMOM [iefle He MOXET 3aBUCETb
OT ¢, NOCKOMbKY MpW MOCTPOEHUM OLEHKM pUcKa pacnpedeneHue HeusectHo. Kpome Toro, aaHHas yHKumMs
AVCKpETHa 1 OnpeaenseTcs cYeTHbIM Habopom 3HaueHnn. OBo3HauMM (p(v) = go(m, n) =X -

TpebyeTcsa nofobpats X, TaK, 4T06bl MUHUMU3MPOBATL NOTPELUHOCTb OLEHUBAHMS PUCKA, T.€. BENUYMHY

2 2 2
Ay =E(f-g) =Ef°-2Efg+Eg’.
I'IyCTbaJ.:a:% wp,=p.

Bbluncnum YacTHble NPOon3BOAHbIE

oA
ﬁ = 2k B(m. ﬂ,P)((xmn ~y(m,n,c, p))B(n,N,a)+(k~1)c, (n,N - n,a,p)), ae

N_
Coy (n,N—n,a,p): Zn B(i+ n,N,Za) B(n,i+ n, 0,5)(ﬂ¢(i,a,p)—ﬁw (i,a,p)).
i=0

BTopas nponssoaHast

25
% =2k B(m,n,p)(B(n,N,a)+ (k —1)B(2n,N,2a) B(n,2n,0,5) B(m,n,p)).

Xmn

Mycts oF (xmn): max Zﬁ—fg, 5_(xmn): min Zﬁ—fg, A Pmax M Pmin — 3Ha4eHus napametpa p, npu
p mn p mn
KOTOPbIX COOTBETCTBEHHO [OCTUraloTCH yKa3aHHble MaKcUMyM " MUHUMYM, "
oA o%A

52(xmn): ax—zjfg(pmax)+6x—j}(g(pmin)'

v o * * _[ =
Hamnquem OLIEHKOW pucka Xmn 6y,qu cynTaTb 3HAYeHue, npu KOTOPOM 5+(xmn):—5 (xmn) an

*
N3MEHEHUN OLEHKU B OKPECTHOCTU TOYKK X, MaKCUMarbHOE Mo BCEM pacnpefeneHnsam ynyyeHne T04HOCTU

oLeHKM ByaeT paBHO MakcMManbHOMY €e yXyALIEHU0. ATO 3HaYeHWe NpeaCTaBNSeTCs B ONpeseneHHOM CMbICre
onTUManbHbIM BbIGOPOM, T.K. MpU APYrUX BapuaHTax Mbl MOXeM B3ATb OMM3koe 3HayeHue, Mpu KOTOPOM

*
MakCumanbHOE YMEHbLUEHNE NOrpeLlHOCTH Afg 6yueT fonblue ee MaKCUManbHOro yBENUYEHNUSA. OLleHKy Xon

Oynem HasblBaTb cHanaHCUpos8aHo-oNMuUMasbHOU.

*
,U.J'IFI PELIEHNA YpaBHEHUA U HaxoXOeHwda x,,., WCNONb3oBaH aHarnor METoAa KacaTerlbHbIX, rA€ Ha4anbHbIM

0

», =min(m,n—m)/N, a nocreaywume npuBIMKeHNs

NpUGIMKEHNEM B3ST SMMMPUYECKUA PUCK X
BbIYUCNIANNCH Yepes NpeablayLume no popmyne

PR i Y )

mn mn i
52 Xmn
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roe 7 =~ 0,1 - napameTp, BBeaeHHbIN 415 06ecneyeHnst yCTOMYMBOCTH (CXOAMMOCTM) MeToaa. 3amMeTiM, YTo

9TO He BMONHE MeTod KacaTtenbHbIX, MOCKOMbKY 52(xmn) — He eCTb npon3sBoaHas (byHKL[MM

5 (X, )+ 0 (X, ), HO MOXET BLICTYNATH B PO 3BPUCTULECKOIA OLIEHKM MOCTIEAHEM.

3Kcnepu MeHTanbHoOe CpaBHeHUE OL,eHOK

Bbino npoBefeHO YMCTIEHHOE CPaBHEHME TOYHOCTW NEPEYNCIIEHHBIX OLEHOK pUCKa MPU PasfuyHbIX 3HAYEHUSX
napameTpoB 3afauun: 06bema Bblbopki N 1 Yncna 3HaueHuii k.

OMMMPUYECKUA  PUCK W OLiEHKA CKOMb3SILLET0 3k3amMeHa SBNSOTCH  afauTUBHBIMA - PYHKUMSMU 1
COOTBETCTBYHOLLME UM OLIEHKM BbIPAXaKTCS COOTBETCTBEHHO

l

- %min(m,n —m),

Xy = #(min(m,n - m)+ max(m,n - m) (I(m =n- m)+%](jn - 2m| = 1)))

=

roe 1 () — MHAWKaTOpHas PYHKUMS (paBHa 1, ecri yCrnoBme UCTUHHO, U 0 — nHaye).

OueHka bootstrap BbluMCNISIETCS CreayIoLLMM 06pa3om

[
Xpn = T Z Z Z Z ( —m',my,ny — 0)pn]¥,n—m(m”n,_m”m0’n0_mO)’

n'=0m'=0ny=0mg=0
e 7 (i, jsigs jo) =i -1 2 i)+ jo - 1= j)+5 (o -1(j = i+1)+ip-1(i = j +1)),
a p,-{vj(i’, J'sios jo) — BEPOSITHOCTb TOrO, YTO B «sYeikey, cogepxkallen i 0ObekToB NepBoro 1 j 0bbekToB
BTOPOTO Krlacca, Mpu reHepupoBaHun bootstrap BbIGOpkN okaxeTcst i U j' TOYek MepBoro U COOTBETCTBEHHO

BTOPOrO KNacca, v Mpu 3TOM i, W COOTBETCTBEHHO j, U3 UCXOAHbIX 0BBEKTOB He ByayT BbiGpaHbl HU pasy (Mo
HUM 6y,u,eT npoBoOANTLCA KOHTpOJ'Ib). ,D.aHHaﬂ BEPOATHOCTb MOXET ObITb BblYMCIIEHA PEKYPPEHTHO!:
0 ! of - . . .
pi,j(l >J alo,Jo)z 1( =j'=ip=jo= O):
N+1 0. .\ i—ig N [ v . . \io
bij ( 5 J lO’]O) pl]( -1, 5105]0) N +pi,j(l -1, ’ZO_LJO)W—’_

)J Jo

+ P T = Ligs jo) 52+ P T Vg, o =V + PN i o)

S -1\ ~
KombunrposaHHas bootstrap oueHka ectb X, =€ - X, + (1 —e ) Xy -

MpuBeaem uncneHHble pesynbtatel gns N =50, £ =10.

B Tabnuue 1 npuBeneHbl 3HAYEHNS OLIEHKM X, B Tabnuue 2 — oueHkn X, . Buoum, yto npu n =15, 4to

mn

SBNsieTCsl Hambonee BEPOATHbIM YMCNOM BbI60p0‘-IHbIX TOYEK B s4eiike, OLIEHKM O4YeHb Onmsku. I'Ipm apyrux
*

3Ha4YeHNdax n pasnuyme Gonee CyLleCTBEHHO, N6ONbITHLIM npeacTaBnAaeTca oTpuuaTesibHble 3Ha4eHUa x,,,.,

BKINazda B OLEHKY BEPOSITHOCTW OWMBKM ANnst s4eek ¢ 6OMbLUMM YMCIIOM TOYEK U HyNEeBbIM YUCNOM OLIMBOK Ha
00y4eHuUn.
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Tabnmua 1. Hekotopble 3HaveHus x:m : Tabnmua 2. HekoTopble 3HaueHns X, .
m m
" 0 1 2 3 4 5 " 0 1 2 3 4 5
0 |221 0 0,00
1 1096 |0,96 1 1032 |032
2 10,65 |2,67 0,65 2 1023 1,41 | 0,23
3 1041 | 1,89 | 1,89 | 041 3 10,12 | 1,59 | 1,59 | 0,12
4 1021 | 1,59 |3,35 1,59 | 0,21 4 10,054 | 1,53 | 2,54 | 1,53 | 0,05
5 1003 | 1,31 279|279 | 131 | 0,03 5 10,022 | 1,39 | 2,75 | 2,75 | 1,39 | 0,02
6 |-0,16 | 1,06 | 2,57 | 4,02 | 2,57 | 1,06 6 |0,0087 | 1,26 | 2,73 | 3,65 | 2,73 | 1,26
7 |-0,36|083 233|361 361|233 7 10,0032 | 1,16 | 2,60 | 3,87 | 3,87 | 2,60
8 | -0,55]0,61 208|345 |4,68 |345 8 10,0011 | 1,09 | 2,44 | 3,88 | 4,74 | 3,88

3HaueHuMs Bcex OLEHOK Npu 7 =5 npueeaeHsl Ha puc. 1. Liudopamu 0603HaueHbI: 1 — SMAMPUYECKUiA pUCK, 2 —

o *
CKOMb3ALLMA 3K3aMeH, 3 — KOMOBMHMPOBaHHas bootstrap oLieHKa, 4 — ONTMMM3NPOBAHHAsA OLEHKA X, .

4 -

3.5

2.5 1

1.5

0.5 1o/

o

Puc. 1. PasnnyHble yyHKLMM OLEHKM pucka.

0.18

0.12

0.08

0.06

0.2

0.16 -

0.14

0.1 |

0.1 0.2 0.3

0.4

0.5 0.6

0.7

0.8

0.9 1

Puc. 2. CpepHekBagpaTyHas NorpeLlHOCTb OLEHOK.

Ha puc. 2 NPy PasnnyHbIX 3HAYEHUAX napameTpa p npusBeneHbl rpadleM cpenHeKBa,u,paTMquﬁ NnorpeLuHoCcTn

S = /A, AN BCEX OLEHOK, HyMepaLys Takas xe, kak Ha puc. 1.

A3 paccMOTPEHHBIX OLIEHOK HW OfiHA HE JOMUHUPYET APYTyto, T.e. ANs KaXAOoN Napbl OLEHOK CYLLECTBYHT p, Npu
KOTOpbIX JyuLUe Kak 0fHa, Tak 1 apyrasi. OAHaKO B KONMYECTBEHHOM OTHOLLEHUW pasniyme KayecTBa Npu PasHbX
P He paBHOLEHHO. Tak 3MMMPUYECKU PUCK UMEeET HeGOMbLLOe NPEUMYLLECTBO NPU MarnbiX p, HO CyLLECTBEHHO

*
npourpbIBaeT ApYrUM oueHkam npu p B okpectHoct 0,5. C6anaHcupoBaHO-ONTMMAnNbHas OLEHKa X,

BbIFNSANT AEACTBUTENBHO HaUMyYLLen, Npyu 3TOM KOMBUHMPOBaHHAs oLieHKa bootstrap oueHb Grnska k Heil.
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3akniouyeHue

B pabote paccmoTpeHa 3aa4a MOCTPOEHUsH OLEHKI BEPOSTHOCTM OLIMGOYHOM KnaccudukaLmum B AUCKPETHOM
MPOCTPAHCTBE MepeMeHHbIX, KoTopasi Obina Obl B KAKOM-TO CMbicrie Haumydleid npu  pasninyHbIX
NpeanonoXeHusix o pacnpeneneHusx. MpeanoxeH MeToA PeLeHUs [aHHOM 3adauu, OCHOBAHHbIA Ha
MoCTPOEHMM cOanaHcMpOBaHO-ONTUMATIbHON OLEHKY.

Kak nokasblBaloT YMCrIEHHbIE SKCMEPUMEHTbI, Takas OLEHKa OKasblBaeTcsi BIM3KOM K OLEHKe, Nosyqaemoi
MeTozoM bootstrap. 310 No3BonseT caenatb NPEAMNONOKEHUE 0 TOM, YTO MeTog bootstrap B HEKOTOPOM CMbicHe
Brm30K K Hamnyywemy cnocoby OLEHWBAHWS BEPOSTHOCTW OLUMBOYHOM Knaccudvkaummn. ins npoBepku LaHHOro
NPeanonoxeHns TpebylTCs LOMONHUTENbHbIE WCCMEAOBaHUS, B YaCTHOCTU, HYXHO MOCTPOUTb OLIEHKY,
ONTUMM3MPOBAHHYIO MO BCEM pacrnpefeneHusM B JUCKPETHOM MPOCTPAHCTBE, @ He TOMbKO MO 3afaHHOMY WX
nogknaccy. Takke OTKPbITHIM SBASIETCS BOMPOC O PacnpOCTPaHEHWM BbIBOLOB, MOMYYEHHbIX MpU aHanuse
3aja4m Knaccudmkalm B AMCKPETHOM NPOCTPaHCTBE, Ha HEMPEPbIBHBIN CryYai.
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KNACCUOUKALMA U MOOENUPOBAHWUE MTEHETUMECKOIO KOA
N FTEHHO-HEUPOHHBIX CETEN

Apunb TumocheeB

AnHomauyusi: lNpednazaomcs Memodsbl asmomMamuyeckol Knaccugukayuu u MoOenuposaHusi 2eHemu4eCcKko20
koOa. M3nazatomesi NpuHYUNbI NPOEKMUPO8aHUs U pe3yfibmambi UCNOIb308aHUSI 2eMepO2eHHbIX — 2EHHO-
HelipoHHbIX cemed.

Knroyesbie cnoea: modenu 2eHemu4eckozo Koda, eeHemuyeckas UH(bopMamuka, 2emepo2eHHasi 2eHHO-
HelipoHHas cemb.

ACM Classification Keywords: E.4 Coding and Information Theory

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

BBeaeHue

OCHOBHbIM “CTpPOMTENbHBIM MaTepuarnom” XMBbIX OPraHW3MoB sBnstoTcA Oenku, Bknmovatowme B cebs 20
OCHOBHbIX amuHoKuCroT. [pu BGuoxmMmmyeckom cuHTe3e GenkoB OpraHW3Ma MCronb3yeTcs reHeTudeckas
WH(bOpMaLWs, 3aKoaMpoBaHHas B IMaBHOM “HacneACTBEHHOM mMaTepuane” — Ae30KCUPUOOHYKIIENHOBOM K1CNOTE
(AHK) [1].

B 1953 r. Ix.Yotrt 1 ®.Kpuk onucanu ctpyktypy AHK 1 Bbickasanu runotesy 0 reHeTU4eCKkoM kode U MexaHu3me
camoBocnpoussegerns [JHK [2]. 3a 310 oTkpbITUE aBTOPbI ObINK yOOCTOEHbI HobeneBckon npemuu.

OHK sBnsetca nonumepom v npeactaBnsieT coboi Lenoykm MOHOMEPOB OnpefenieHHbIX TUMOB, 0BpasyoLLmx
‘nBoiHyto cvpanb” [1-3]. B coctas [JHK MoxeT BXoauTb TOMbKO YEThbIpe TUMNa OCHOBaHUI: adeuH (A), TUMUH
(T), ryanuH (G), umtosmH (C). Llenm ocHoBanmi [JHK Bceraa coeamHeHbl MO MPUHLMMY KOMMIEMEHTAPHOCTM
(B3ammopononHuTensHocT): A ceasaHo ¢ T, a G - ¢ C. Takum obpasom, BOOOPOAHLIE CBA3N MeEXOy
ocHoBaHuamum A n T, G u C onpeaensiotcs “npaeunom komnnemeHtapHoctn” [1-3].

KomnnemeHTapHoCTb  OCHOBaHWiA B AByx uensx [HK cosgaeT ocHoBy pgnsa  pennukauuu, T.e.
camoBocnpoussegeHns [JHK. [enctane 3Toro MexaHusma NposiBASETCS B packpyunBaHuu “OBOiHONA crivpanu’
[JHK, nocre Yero B ToUYKax pasBeTBNEHNS NPUCTPaMBAKOTCA COOTBETCTBYIOLME HOBbIE OCHOBaHMS. B pesynbTate
[HK camoynBamsaeTcs.

Hapsgy ¢ npoueccom pennukaumm OHK npoucxogut npouecc TpaHCKpUnuuM, T.e. MEPEeHOC reHeTUYECKOM
nHcbopmaumm ¢ OHK Ha puboHyknenHoyto kucnoty (PHK). OcHoBHoe otnnume “wHdopmaumonHon” PHK ot
nopoxgatowlen ee IHK 3akntoyaeTcs B TOM, 4TO BMECTO OCHOBaHWs T BKovaeTcs ocHoBaHue U. B npouecce
TPaHCKpPUALMK NPOUCXOANT “NepekoanpoBka” MHGopmMaLmm ¢ npeobpasoBaHneM ocHoBaHWA T — U .

Takum 0bpasom, TpaHCKpUnuus obecneumBaeT nepeHoc reHeTnyeckon nHgopmaumm ¢ JHK Ha PHK. Pasmepbl
“UHbopmaLmoHHoi” PHK HeBenuku no cpaBHeHuto ¢ pasmepamu “pogutensckon” OHK [1,3].

1. FeHeTUYECKUI A3bIK: an(t)aBVITbI, Cc/ioBa 1 CéeMaHTUKa

Tpu psgom cToswmx ocHoBaHus B [JHK cooTBETCTBYET TOMBbKO O4HOWN aMWUHOKMCNOTe. [locneaoBaTenbHOCTL K3
TPEX OCHOBaHWMA HasbiBaeTCs TPWUMMEToM unu  kogoHom. [lostomy nwbas uenb [OHK  sBnsetcs
nocrneaoBaTeNbHOCTLI0 KOQOHOB, HAYUHALLENCS C ONpefeNeHHOro “cTapToBOro” yyacTka.

InHeHoe pacnonoxeHuwe ocHoBaHui B [JHK nos3sonseT BBeCTM NPOCTOM ‘TEHETMYECKUA $3bIK Ans
KOOMPOBAHUS W ONUCaHWS “HAacnefCTBEHHOrO Matepuana’. AndaBuTOM 3TOr0 A3blka SBASETCA CreaytoLui
Habop GykB
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ap ={ACG,T}. (1)

Bygem HasbiBaTb 3T0T Habop Oyk (1) andasutom ocHoBanuin [JHK. CrioBamu B 3TOM andasute SBRSKOTCS
«OCMbICNEHHbIE» MoCrefoBaTeNbHOCTU OYKB. TakuMu CrOBaMM CRyXaT 3anucu KOLOHOB — YNOPSAOYEHHbIX
Tpoek (TpunnetoB) M3 ocHosaHun [HK, kogupylowmx Hekotopylo amuHokucnoty. OueBugHO, 4TO B

paccMaTpuMBaEMoM andasure (1) mMoxHO cocTaBUTb 43 =64 pasnUYHbIX KOMOMHAUMIA CNOB U3 Tpex
Oyks. MonesHo Takke BBECTM «CTapTOBbIM» yyacTok uenen OHK u «cton-kopfoHbl», 0603Havatowwme KoHel
Lenw.

[Mpouecc 3anucy NocneaoBaTeNbHOCTY CHOB, COOTBETCTBYOWMX paccmaTpusaemon Lenu OHK, uenecoobpasHo
HauyaTb C «MyCTOro CrioBa» (He muweTcs Hudero), obo3Havarowero “Hadano oTcyeTa’, 3aTem K HeMy crnpasa
npunucbiBaeTcs nepsas Oykea, Kk Hel npunucbiBaeTcs BTopas Oykea M T.4. A0 KOHUA Lenu, 0603HA4EeHHOro
OHUM W3 “CTON-KOAOHOB”. MpK 9TOM He UCMONb3YTCS HUKaKWe “3Haku NpenuHaHus”. B pesynbTaTe nony4vaetcs
npeanoxexue suaa

AGTCCATGGTAC (2)

Kaxgomy npeanoxeHuto, onucsisatoLiemy ofHy Lenb JHK, ogHO3HaYHO COOTBETCTBYET KOMMNEMEHTAPHOE
(B3aMmopononHsLLee) NpeanoxeHne, onucsisatlee apyryto uens AHK. Hanpumep, ans npeanoxeHus (3) oHo
nmeeT BUg

TCAGGTACCATG 3)

leHeTnyeckast MH(opMaums, cogepxatlascsa B kogoHax [HK, cHayana “nepenuceiBaeTcs” B COOTBETCTBYIOLLME
kogoHbl “uHdopmaumonHon” PHK. 3ta PHK cuHTe3upytoTea B npouecce TpaHckpunuyun . B pesynbTate 310ro
kogoHbl [JHK npeobpasytotcs B kogoHbl PHK. Andasut ocHosanuit JHK (2) nopoxgaeT andasuT OCHOBaHMI
PHK Bupa

or ={A,CG,U}. (4)
OparmenTy uenm [HK (2), sanucaHHoi B andasuTte (1), COOTBETCTBYET CReaytoLLEE OMUCAHNE CUHTE3NPOBAHHOM
PHK

AGUCCUGGUAC. .. (5)
3anucaHHas B HOBOM andasute (4).

Cnoea B andpasutax (1) wnm (4), 1.e. kogoHsl AHK n PHK, moryT BbiTb rpadmyecks paBHbIMU (ECNM OHW
COCTaBMneHbl 13 OAMHAKOBbIX BYKB, pacnonoXeHHbIX OAMHAKOBLIM 0Bpa3oM) unn rpadmyecku pasnuyHbIMK (B
NPOTMBHOM Cny4yae). B kaxzgoMm CnoBe COOEepPXMTCS WHGOpMaLMs O COOTBETCTBYIOLIEH aMUHOKWCIOTE, a B
KaOOM NpeariokeHnn - WHdopMaumus o TWNe U NocnefoBaTenbHOCTM aMUHOKUCIIOT, CUHTE3MPOBAHHBLIX C
nomotbto PHK.

Takum o6pasom, kaxgoe npeanoxeHue B andgaeuTax OCHOBaHMA (1) wnm (4) COOEPXMT TEHETUYECKYHo
WHGOpMaLMto,  onpedensiollylo  cneuuduky opraHusma ¢ gadHod [OHK, T.e. ero «yHacrnegoBaHHyt
WHAMBNOYaNbHOCTbY.

Benku opraHnamos 0bbluHO cocToAT 13 20 TMNOB amuHokucnoT. Moatomy noboit 6enok MOXHO 3akoampoBaTh
CroBamm, COCTOSALLMMM M3 NocneaoBaTensHoCcTV OYKB andasnTa aMMHOKICIOT BiAa

g ={a1,82,...820} - (6)
BykBbl 3TOr0 andasuta 0603HaYAKOT CeAyIOLLME aMUHOKACTIOTbI:

@ _ thenunananuH (Phe), 92— neituun (Leu), @3 — noneituun (lle), 34 — metnonmH (Met), @5 — Banun (Val),

86 — cepux (Ser), @7 — nponuH (Pro), @ — TpeoHmnH (Thr), 39 — ananun (Ala), #10 — upoaun (Tyr), &1 -

et (His), #12 - rmiotammn (Giln), #13— acnaparun (Asn), #14 — nuumn (Lys), #15 - acnaparuHosas
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kucrota (Asp), 16— rmiotamunosast kucrota (Giu), #17 — uucremn (Cys), #18 - tpuntocpan (Trp), H9 -
y

aprvHnH (Arg), 920 — ruuun (Gly).

2. 3D-reomeTpuyeckas u 2D-rpacdhoBas moaenum reHeTU4ECKOro Koaa

B pesynbTaTe CNOXHbIX GUOXMMUYECKUX MCCeaoBaHWA Bbin YCTAHOBNEH FEHETUYECKUN KOZ, T.e. COOTBETCTBUE
Mexay andaBuToM aMUMHOKUCAOT (6) u andaBuToM ocHoBaHuit “uHcpopmarmoHHoir” PHK (4) [2,3]. OH cocTouT u3
61 kogoHa, COOTBETCTBYHOLMX 20 aMUHOKMCIIOTaM. [eHETUYECKUIA KOR SBNSETCS BbIPOXKAEHHBIM B TOM CMbICITE,
YTO OAHOMY TWUMY aMUHOKWUCIOTbI MOXET COOTBETCTBOBATb HECKOMbKO CIIOB - CUHOHUMOB (KOZOHOB) B andasute
ocHoBaHuin PHK (4).

Hapsigy ¢ knaccuyeckoi TabnuyHoi MOLENbI0 reHETUYECKOrO Koga, Nofie3Ha ero TpexMepHas reomeTpuyeckas
MoZenb TUMma «runepkyd», npeanoxeHHast aBTopom B [4]. Kaxgomy yany atoit 3D-mogenn COOTBETCTBYET
aMWHOKCIIOTa C COOTBETCTBYHOLLMM HOMEPOM, @ €ro NPOEKLM ONpeaenstoT KOAOH FEHETUYECKOTO KOAa.

Becbma ygobHO 1 nonesHoi SBNSETCS Takke NPeanoxeHHas aBTopoM B [4] rpacoBas Mogenb NpesacTaBneHus
reHeTM4yeckoro koga, 310 HoBoe 2D-npeacTaBneHne reHeTUYeCKkoro Koaa B Buae rpadpa (kogupytolero Aepesa)

~

“MeeT psi o6LLMX YEPT C M3BECTHOM reHeTHKe “KPYroBOW Auarpammoit”, onncaHHow B [3].

Tabnuunyto, 3D-reomeTpuyeckyto u 2D-rpadoByl0 MOAENM FEHETUYECKOrO Koda MOXHO OAWHAKOBO YCMELHO
npumeHsTb Ans pacundposku AHK n PHK pacTeHWi, XMBOTHBIX U YenoBeka.

3. Mepepaya reHeTUYECKUX COOOLLEHUN

Paccmotpum andasut oy ={X1,...,X4}, OykBbl kKOTOpPOro coBnazatT ¢ bykBamu andasuta ocHoaHmii OHK (1).
Crnosom B 3ToM andasuTe Bynem HasbiBaTb NOCNELOBATENLHOCTb U3 Tpex BykB BUAA

X = Xj1Xj2Xj3 , Xjj oy . (7)

O603HauMM Yepes S(oLy) MHOXECTBO BCEX TPUMMETHbIX CroB BuAa (7), a yepes S'(ouy ) - NOAMHOXECTBO CrOB
M3 S(ay ), UIMEOLMX “TeHETUYECKMA CMbICTT”, T.€. 0603HaYatoLLMX COOTBETCTBYHOLLME AMUHOKUACTOTI.

O6bEKT, MOpOXOaLLMIA “OCMbICTIEHHbIE” CnoBa M3 S', Ha3blBaeTC B TEOPUM KOAMPOBAHUS MCTOYHWUKOM
coobuienns, a cnoga u3 S'- coobujeHmsamu. B ponm mnctouHuka cooblyeHus B reHeTuke BoicTynaet OHK.

Onwucanue gononHuTensHoi nHdopmaumn 0 OHK kak MCTOYHMKe COOBLLEHW MOXET 3aaaBaThCst PasnuYHbIMU
cnocobamu:

1) TEOPETUKO-MHOXECTBEHHOE OMMUCAHME MOLLHOCTH, T.€. YUCNa SNEMEHTOB, N APYIUX XapakTePUCTUK MHOXECTB
oy, S(ay), S'(oy). Ana OHK MOLHOCTb 3TUX MHOXECTB ONpeenseTcs COOTHOLIEHUSMM

lax| =4, |5|=4° =64, |5 = 61;
2) CTaTUCTUYECKOE (4YaCTOTHOE) OnMCaHWe OCYLLECTBNSETCS 3aJaHMEM BEPOATHOCTEN (4acTOT) XapaKTepucTuk
ay, S(ayx), S'(ay). Ona OHK MoryT BbiTb U3BECTHBI, HANPUMEP, BEPOSITHOCTK (4acTOTbI) NOSBNEHUS Byks
p1=p(A), p2 =p(C), p3 =p(G), p4 = p(T), COOTBETCTBYIOLLIMX OCHOBAHUAM 13 andasuta (1);
3) nornyeckoe OMMUCaHWe MHOXECTB C MOMOLWLbK $A3blka MCYMCNEHUS [OBY3HAYHbIX WAW  MHOMO3HAYHbIX
npeavkaToB.
MycTb 3afaH Tawke andasut oy ={y1,...y4}, OYKBbI KOTOpPOro coBnapatoT ¢ byksamu andasnta OCHOBaAHWIA
PHK (4). Yepe3 Y obo3Haunm TpunneTHoe CroBo B andasute oy , a Yepes S(oly ) - MHOXECTBO BCEX COB B
3TOM andasuTe.

leHeTnueckoe npeobpasosBanue (1) nMpu TpaHckpunumn 3agaeT oTobpaxeHue F, KOTOpOE Kaxgomy CHoBy
X eS'(ax), 1.. kopoHy [IHK, ofHO3HaYHO CTaBUT B COOTBETCTBME CMOBO
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Y=F(X)=yj1yi2yi3, Y eS(ay), (8)

SBMAOLLEEC KOQOHOM CUHTE3MpoBaHHOM “MHdopmaumonHon” PHK. Cnoso (8) 6yaem HasbiBaTb KO4OM
coobuenmsa X npu cuHtese PHK, a nepexog ot cnosa X k cnosy Y koguposanuem [HK B ctpyktype PHK. 31oT
nepexog, NPOMCXOAALLMIA B NPOLECCE TPAHCKPUMLMK, MOXHO MHTEPNPETUPOBATb, kak nepefady HacneacTBEHHOM
nHdopmaumn 13 “noctosiHHon” namsT JHK B “onepatusHyio” namste PHK.

Kog PHK- coobiyenuns Y nogaetcs B “pubOCOMHBIN” kaHan CBsi3n 1 cuHTe3a benkos. OgHako kog coobuiexns Y
Ha BbIXOAE KaHana CBSA3N MOXET OTNMYaTLCs OT BXOAHOrO koaa Y. VICTOUHMKOM MCKaXeHWSt MOryT BbITb MyTaLmum
reHOB, OLWINOKM “CcYnTbIBaHKUS” Koaa U T.N.

B cnyyae ngeanbHoro kaHana CBs3u nepeaava reHeTM4eckoin HopmaLmmn He nckaxaetcs, 1.e. Y = F(X) =Y.
Mo3aToMy BO3MOXHO TOYHOE AEKOAMPOBAHME ‘“TEHETUYECKOro COObLLeHWs”, ecnu CyliecTByeT obpaTHoe

oTobpaxeHune F1 ans (8). B cnyyae, korga reHeTuyeckas MHoOpMaLmMsa UCKaXKAeTCa B KaHamne CBS3U U Npu
cuHTe3e ©Oenko, BKMtOYaeTcs cuctema “penapaumn’ (koppekuwm), obecneuuBatolas obHapyxeHue W
“cnpasneHme oWwnbok.

PasnuuHble cnosa (8), asnsioLLmecs kogoHamn PHK, MoXHO 3akoaupoaThb pasnuuHbiMi bykBamu aq,a9,...,a90

andasuta aMMHOKCAOT (6). ATOT HaTypanbHbIii FEHETUYECKUA KOA SBSIETCA BbIPOKAEHHBLIM, NOCKOMbKY OH He
yAOBrEeTBOpsieT TpebOBaHWI0 B3aMMHOWM OLHO3HAYHOCTW. OpHAKO ero W3bbITOYHOCTb 3HAYUTENBHO MOBbILLAET
HaeXHOCTb nepeayn reHeTU4eckon HhopmaLmm.

4. Mepa v oLieHKa reHeTM4eckon UHhopmMaLmm

B reHeTuke BaXHYI0 POnb UrpatT AUCKPETHbIE (hOPMbl KOAMPOBAHMS, XPaHEHWUS 1 Nepeaaymn “HacnencTBEHHOM
uHpopmaumn”. To3TOMy eCTECTBEHHO OnpegesnuTb “KOonMYyecTBO” FeHETUYECKOM MHGOopMaLMM B TepMuUHax
JBOMYHbIX 3HAKOB, T.e. B BuTax. Mpu 3TOM LienecoobpasHo MCXOAUTb U3 KOMBWHATOPHOrO Noaxoda K Teopuu
nHepopmauun, npegnoxenHoro A.H. Konmoroposbim [5]. OT10T nogxon 0606LiaeT BEPOATHOCTHbIA MOAXOA,
pa3suTbIn K.LLieHHOHOM.

ObosHaumm ocHoBaHue [HK wurm PHK nepemeHHOW x. 3Ta nepemeHHas MOXET MpUHUMATb 3HaueHus,
npuHagnexawme KoHeuHblM andasutam ocHoanuin OHK (1) wmm PHK (4), KoTopble COCTOST U3 YeTbipex
anemeHToB. [oatomy “sHTponus” H ocHoBanus x B [IHK unu PHK pasHa
H(x)= log4=2 . 9)

B kaxgoit OHK urm PHK ocHoBaHWe X uMeeT onpefeneHHoe 3HayeHue (Hanpumep, X = A). OTO 03HaYaeT, YTo
kaxgoe ocHoaHue B Lenu AHK nnn PHK coobulaeT reHeTU4eCKyo MHGhOpMaLo, paBHYHO

I, =H(x) =log4, (10)
n TpebyeT Ans CBOET0 ONMCaHWS 2 ABOMYHBLIX 3HAKa. [lpu 3TOM “CHMMAETCs” SHTpOMWS, T.6. anpuopHas
HeonpeaeneHHOCTb 9TUX 3HAKOB.
AHanornmyHo 0603HaumMM Yepes Y nponsBonbHbin kogoH OHK nnn PHK. Yucno pasnnyHbix KOLOHOB, KOTOPbIE

MOXHO ¢hopmanbHo obpasoBaTth B andasute ocHoBauuit [JHK wnu PHK, pasHo M=4%—-64. OpHako B
MPUPOSHOM reHeTUYeckoM koae 0BbluHo cogepxutcs Mp =61 kopoHOB. M03TOMY “KONMYECTBO rEHETUYECKON
WH(opmauwmn®, cogepxaleiics B onpeaeneHHom kogoHe Y AHK unu PHK, pasHo
ly =log61<log64 . (11)

[ns 3anucy ntoboro kogoHa Y B ABOMYHON cucTeMe TpebyeTcs 6 ABOMYHBIX 3HAKOB.

OHK n PHK KOHKpETHbIX OpraHM3MOB MMEET ONpedeneHHyl AnuHy L, paBHYyl YMCMy OCHOBaHW B LEMW.
PasnnyHble OCHOBaHMA BCTPEYaloTCA B 9TOW Lenu ¢ pasnnyHoi vactotoin. OBosHauum uepes 1,1, ,H.,1,
YNCIIO BXOXAEHUA COOTBETCTBYIOWMX OCHoBaHui (Hanpumep, U,C,A,G B andasute ocHoBaHuin PHK) B uenb
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Anvkbl L. Torpa, yuutbisas, yto L =ny +ny +n3 +ng4, NErko noAcunTaTh obLiee YUCIIo BO3MOXHBIX Lienen
AnuHbl L no popmyne
L!
=—— (12)
nyingtnslng!

KonunyectBo reHetndeckorn nHgopmauumv 8 Lemm OHK nav PHK gnuHel L, 3akognpoBaHHON B COOTBETCTBYIOLEM
andasuTe 0CHOBaHWM, ByaeT paBHO

| =logR . (13)
Mpn Gonbwmx anuHax L, xapaktepHbix Ans OHK u PHK, npu Bbluncnennn (14) MOXHO BOCMONb30BATLCS
topmynon CtupnuHra:

log(L!) ~ L log L.
Torga nonyynm crieaytoLLyo npubnmkeHHyo opmyny
4 n;
IL~-LY pilogpi, (pi="})
i=1 (14)
Ortctopa cnepyer, yto, ecnu B uenu [HK unn PHK ocHoBaHus BCTpeyatoTcs ¢ YacToTamu p;, TO KONUYECTBO
FEHETNYECKON MHChopMALWMK, NPUXOAALLENACS HAa OOHO OCHOBaHWe, PaBHO

4
H==>pjlogp; (15)
i=1
B cnydyae paBHbIX 4acToT Py =Py =p3 =p4 =% n3 (15) BHOBb momyuum cpopmyny (9). Mpu nmobbix Opyrux

COOTHOLLIEHMSIX YaCcTOT BCTpeyaemocTu ocHoBaHwit B Lenn AHK niv PHK cnpaBeanvso HepaBeHCTBO

H<log 4.
CnepoBartenbHo, 4ns nepeaayn ‘reHeTuyeckoro cooblyeHns” anuHel L goctatoyHo ynotpebuts npumepHo L H
[BOMYHbIX 3HAKOB, He NpeBbiatoLee 2L.
MHTepecHO Takke OLEHWTb KOMIMYECTBO ‘reHeTWYecKon MHopMauuu”, copepxallencs B nepeMeHHon a u3
andasnta aMMHOKUCNOT Oy OTHOCWUTENbHO CBA3AHHBIX C HEil KOAOHOB Y reHeTudeckoro kopa. Ceasb mexay

nepemMeHHbIMIW @ M Y 3aKMYaeTes B TOM, YTO FEHETUYECKU Kof AOmyckaeT He Bce hopmaribHO BO3MOXKHbIE
napsl (a,Y). OaHako ans nboi aMUHOKUCIIOThI @ € Ol MOXHO HalTV BCE KOAOHbI, 4OMYCKaeMble reHeTUYECKM

KOOOM.
Toraa reHeTMYecKyo MHGOPMALMIO B @ OTHOCUTENBHO Y MOXHO OnpeenuTb no opmyne

la=H(Y)-H(Y/a), (16)
rme H(Y/@)=10aMa.Ma _ 06 konomos reverieckoro ona ans a. Hanpuwep, ecu @ =82, 10 Ma =6
criegosatenbHo, la =10961-1098 oy ye @=a4 1o Ma=1, I =log61

5. UHdopmaumnoHHan cnoxHoctb PHK

leHeTnyeckast MHOpPMaLMst TECHO CBSA3aHa CO “CMOXHOCTBID” €e HocuTens. Ecnu 3ToT HocuTeNb YCTPOEH
“‘npocTo” (Hanpumep, KOLOH), TO AN ero ONMUCaHWS LOCTAaTOMHO HEeBOMbLIOro KonmyecTea MHopmauun. [ns

CNOXHbIX “HocuTenen” (Hanpumep, ans PHK) TpebyeTcs MHOMO MHOpMaLmMmM 415 €ro ONuUCaHNs 1 Nepesayu.

CraHpapTHbIM cnocobom onucanus “uHdopmaumonHoi” PHK sBnseTca nocnenoBaTenbHOCT OCHOBaHWMA Z B
yeTblpexbykBeHHOM andasuTe ocHoBaHui (5). MocTaBM B COOTBETCTBME paccMaTpuBaemon PHK HekoTopoe
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yucno n = f(Z). Hanpumep, 370 MOXET BbITb AECATUYHOE YKUCAO, ONpeaeneHHoe no ABONYHOMY NPeaCcTaBnNeHIo
Z. OBosHaunm yepes [ (Z) HaMMEHbLUYK ANMHY Lenoykn OCHOBaHMIA, Onpeaenstowen AaHHy (Hen3bbITOUHY0)
PHK.

“CnoxHocTbro” PHK npu cnocobe ee 3apanus ¢ nomoLubto f bynem HasbiBaTb BENUYMHY

K ¢ () =min/(Z) npn f(Z) = n(®). (17)
Ha reHeTuyeckoM s3blke 3TO onpegeneHue “cnoxHocT” PHK MOXHO NpoMHTEpPnpeTMpoBaTh CReaytoLmMm
obpasom. KoHkpeTHas Lenoyka OCHOBaHMA Z onpefdenser ‘reHeTMYeckyl nporpammy” cuHTesa 6enkos, a
onepatop f - cnocob 3apaHust PHK. Torga ectectBeHHO cuntath, YT0 K f () ecTb HauMmeHbluas AnuHa
“TeHeTMYECKOM NPOrpaMmbl”, C MOMOLLIbIO KOTOPON MOXKHO CMHTE3MPOBaTb 0OLEKT @ npu cnocobe 3aaaHus f.

3apaHue kakoro-nnbo HocuTens ‘reHeTudeckon nHgopmaumn” (Hanpumep, PHK) MOXHO ynpocTuTb, ecnin yxe
3afjaH Kakom-To gpyroil o6bekT (Hanpumep, KOAOH). [ns aToro BBeAeM noka3aTenb “YCOBHOW CROXHOCTU
obbekta @ npu 3agaHHoM obbekTe Z. Creaya A.H. Konmoroposy [5], onpegenum aToT nokasatenb B BULE

K¢ (o/Z) =minl(Z) npu f(n(w),Z) = n(o). (18)
3pecb cnocob 3apaHus f aBnseTca (yHKUMen oT Homepa obbekTa Z M HOMepa ‘reHeTMYecKon nporpamMmbl”
BbluMCneHUs n(w) Npu 3aaaHHOM 0bbekTe Z.

Ecru “ycnoBHas CNOXHOCTL” 3HAYMTENBHO MEHbLLE, Yem Be3ycnoBHas, T.e.

Ki(o/Z) << Kf(o),

TO €CTECTBEHHO CYNTATb, YTO B 0ObEKTE Z COAEPKUTCA 3HAUMTENbHAS “TeHeTuYeckas MHgopmaums’ 0b obbekTe
@ . KonnyectBo 3TOM YCNOBHOW MHEpOpMaLmK 3agaamum opmyron

lflo/Z)=Kf(0)-K(o/Z). (19)

B vactHom cryyae, korga Kr(w/w) =0, nonyyaem If(® /o) =Ks(o).

B atom cnyyae “UHchopmMaLUmMOHHas CROXHOCTL” 06bEKTa (¥ COBMAJAET C ero ‘reHeTMYeckon MHgopmaumen” o
cebe camom.

BaxHbIMM  [JOCTOMHCTBAMM  MPEANOXEHHbIX — OnpedenieHnn  Mepbl  ‘TeHETMYECKOW  MHgopmaumen” u
“UHCOPMALMOHHON CNIOXHOCTU", SIBNSETCA TO, YTO OHM OTHOCATCA K WHAMBMOYyanbHbIM 0BbekTaMm, T.e. K
KOHKPETHbIM kofoHaM, xpomocomam, PHK v 7.n. OgHako X MOXHO C OAMHAKOBLIM YCMEXOM MCMONb30BaTh U B
TEX Cry4asx, Koraa 3agaHbl BEPOSTHOCTHBIE UMM YACTOTHbIE XapaKTEPUCTUKM paccMaTpuBaeMblX 06bEKTOB.

6. FeHeTMYecKkmne 6a3bl AaHHbLIX U 3HAHUN

Kaxgbiit reH, ynpaBnsis cuHTE3oM Oenka, Onpeaensier HEKOTOPblA 3NeMEHTapHbIM NpU3HaK OpraHuama.
MHOXeCTBO MPU3HAKOB, XapaKTEPU3YIOLMX pPasnuyHble BWAblI OPraHW3MoB, yOOOHO NpeacTaBMTbL B Buae
pensaunoHHon 6a3bl AaHHbIx (B) TabnnuHoro Tvna. Mpu dopMmupoBaHnm reHeTdeckoin bl kaxmomy npusHaky
CTaBUTCA B COOTBETCTBME “AOMEH”, T.e. MHOXECTBO AMCKPETHbIX 3HAYEHWM npusHaka. [eH, NopoXaaroLni
MPW3HaK, MOXET HAXOAMTLCS B OOHOM W3 BO3MOXHbIX anbTEPHATMBHbLIX COCTOSHWI, OMpeaensieMblX annensmu.
Hanpumep, y KaXmoro Kponvka MMEETCS TeH, ONpeaensiowmi npusHak okpaca ero mexa. [lpuHATo
noapasfenatb Okpachl Ha “LUMHLLMAOBLIA”, “OWMKMA TWUN”, “anbOuHOC” U “rUMananckui’, YTO COOTBETCTBYET
YeTbIpeM annensm.

CnoxHble NMPU3HaKn onpegenatTca XpOMOCOMOI;L COCTOﬂLLLeVI 13 Ha6opa FTeHOB X1,...,Xp - Yucno Xpomocom y

Kaxgoro Buga OpraHvM3MoB (PUKCMPOBAHO W PaBHO 2N, A€ N - ranfiongHoe YnCro, SBNSKOLLEECS MHBAPUAHTOM
JaHHOro Buaa. Hanpumep, y venoseka n=23, a y kpaba n=127. loatomy B reHetuyeckylo B[l yenoseka
BKIoYaeTcs 23 oTHoWeHus, a B B[] kpaba - 127 oTHoLEHNA.

lMpoueccy menosa B reHeTnyeckon bl cOOTBETCTBYET NPOLIECC COEAMHEHMS BCEX OTHOLUEHWH, T.e. obpasyeTcs
WX NpSIMOE NPOU3BELEHNE.
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leHeTnueckast Bl ABNSETCA XpaHWNWLWEM MHAMBWZOYanbHOW WHGOpMauuW, nepesaBaeMon OT poauTenen K
notomkam. OaHako ata mHcopmaLums gonyckaeT 0606LLeHHOe NPeACTaBNEHNE B BUAE “TEHETUYECKUX 3HAHMIA",

B oTnuuve oT “HaMBMAYanbHbIX AaHHbIX’, 3akogupoBaHHbiXx B [HK n PHK B andasute OCHOBaHMi wnm
aMWHOKUCIIOT B (hOpMEe [ASIMHHBIX MOCNEAoBaTeNbHOCTEN CMOB  (MpeasioxeHuit), “0B0BLIeHHbIE”  3HaHMS

A

NnpeacTasnaT coboi “BbickasblBaHNs” B TEPMUHAX MHOrO3HaYHbIX NPEANKaToB, KOTOPbIE ABMNATCA UCTUHHBIMU

no kpanHe mepe Ha Bcex ‘npeanoxennsx” BL. COBOKYNHOCTb 3TUX “BbiCKasbiBaHUi” 06pa3yeT reHeTU4eckyo
©a3y 3HaHwi (B3).

[nsa aBTomatiyeckoro cuHtesa b3 no 3agaHHoi reHeTudeckon B 1 MUHUMM3aLMKM ee crnoxHOCTK (6e3 noTepw
‘TeHeTUYECKON MHOPMAaLMK’) MOXHO MCMONb30BaTh  NOMMKO-aKCUOMATUYECKUA U NTOTUKO-BEPOSTHOCTHBIN
MeTodbl CWHTE3a peLlaiWyMX NpaBum, MpeanioXeHHble aBTopom B [6-8]. COBOKYMHOCTb 3TWX MpaBui
(‘reHETNYECKMX BbICKA3bIBAHWN") 3aNMCbIBAETCS B TEPMUHAX TOMMYECKMX WIM MHOTO3HAYHbIX MPeanKaToB,
CBS3aHHbIX C anaBuMTOM OCHOBaHWA MMM aMUHOKUCIOT, 1 obnagaeT HeobXo4UMbIMM CBOCTBAMM MOMHOTHI W

HENpPOTMBOPEYNBOCTU NMPU ONcaHnn rEHETUYECKON E,D,

7. KOrHUTUBHbIE MOAENMN FreHETUYECKOrO KOAa U reHeTU4YecKne alifOPUTMbI

[MpUMEHEHWE NOTMKO-BEPOSTHOCTHOrO METOAA ONTUMAnNbHOTO CUHTE3a reHeTuyeckux b3 k reHeTuueckoit B[,
NPeACcTaBnAoLLYo coB0M Knaccuieckyto TabrmyHyo MOAENb reHEeTUYECKOro Kofa [2], N03BONSET aBTOMAaTUYECKM
NOCTPOWUTL KOTHUTUBHYIO MOZESb reHeTuyeckoro koaa [8,11]. 3ta mMoaenb B BuAe KnaccuguumpytoLlero fepesa
aMMHOKMCIIOT MMHUManbLHOW CIOXHOCTWM NpeAcTaBneHa aBTopoM B [4]. Kaxgeld nyTb Ha 3TOM [OepeBe C
BEPOATHOCTbIO 1 OMWUCLIBAET COOTBETCTBYIOLLYIO aMMHOKUCIIOTY B BWAE NOMMYEecKoro “BbiCKasblBaHWS”
OnpegenéxHoro Tuna.

Mpumepom MOryT CIYXMTb CriedytoLme “reHeThYeckme npasmna’ knaccudukaumm suaa
1) ECIIN 2 ocHoBaHre = A U 1 ocHoBaHue = C W 3 ocHoBaHue = A
NN 2 ocHosanne = A U 1 ocHosanne = C W 3 ocHoBaHue = G

TO amuHokucrioTa a,, [Giln]
2) ECIIN 2 ocHoanne =U W 1 ocHoBaHue = A U 3 ocHoBaHue = G
TO awmuHokucriota a,, [Met].

MeTogbl MaTEMATMY4ECKOr0 MOAENMPOBAHWUS U BbIMUCIIUTENBHOTO 3KCMEPUMEHTA WrpaloT BaxHYl pofib B
reHeTUYeckux uccnegoBanmsax. OHM  MO3BOMAKT  (POPManM30BaTh TFEHETUYECKME MEXaHu3Mbl B BuAae
MaTEMaTUYECKNX U MHGOPMALIMOHHBLIX Modenen, reHetudeckux B n B3 u 1.n. Yuyet Buonornyeckux npuHLMNOB
00paboTkn WMHGopMaLUMKM NO3BONSET CO34aBaTh FEHETUYECKME anrOpUTMbl M PasBMBaTb TEOPUID KMETOYHbIX
aBTOMATOB, HEMPOHHbBIX CETEN U T.1N.

B nocrnegnve rogbl cpopmMmnpoBaniucCb HOBbIE Pa3ferbl FEHETUKU - MaTeMaTUYECKas rTeHeTUKa W reHeTUYeckoe
nporpammupoBaHue [6,7]. B MX OCHOBE NEXMT OpUrMHanbHbIA MaTeMaTUYECKWid annapaT W nporpaMHoe
obecneyeHne. OTOT HOBbIN WHCTPYMEHTapWUii OPWEHTMPOBAaH HE TOMbKO Ha COBCTBEHHO TrEHETUYEcKue
UCcCnefoBaHUs, HO M Ha pelleHue LUMPOKOro Knacca 3ajay AWUCKPETHOW ONnTUMW3auWW, 3BOMOLMOHHOIO
MOZENMPOBaHUS 1 T.N.

CerogHs reHeTMyeckne anropuTMbl YCMELLHO MCMOMb3YKTCA A7 ONTUMM3ALMM PacrMCaHWi, MniaHWpoBaHuUs
NoBeAEHUs, ONTUMArbHONW TPACCUPOBKM KOMMbIOTEPHBLIX NNAT, aBTOMATUYECKOro YNpaBneHUs HerMHEeRHbIMMU
npoueccamu 1 T.0. [6,7]. OHM 0coBeHHO 3DdEKTMBHBI B MHOMOIKCTPEMATbHbIX 3aA4a4aX, CBS3aHHbIX C MOMCKOM
rmobanbHoro aKCTpemyma. BecbMa nepcnekTMBHO WCMONb30BaHWE TakuX anropuTMOB AN YNpaBfieHus
reHeTnyeckumn BI1 M B3 n 00yveHMs HENpPOHHLIX CeTeil Ha OCHOBE MNPUHUMMOB CaMOOpraHv3auum M
€CTECTBEHHOTO 0TOOpa Hanmy4Lwmx apxutektyp [8—13].

OTnnuUTenbHBIMK  YepTamn FEHETUYECKUX amnropUTMOB SBRSIETCA WX Pa3BETBNEHHOCTb W Mapannenuam,
CBA3aHHbIE C  MCMOSb30BAHWEM  “BbIMMCAMTENBHBIX  NONYyNsAUMA®,  LeneHanpaerneHHas  “cenekums” C
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‘HacnenoBaHneM” Haubonee BaXHbIX MPWU3HAKOB WM (DPArMEHTOB  MPOMEXYTOUHbIX — PEe3yNbTaTtos,
MHOrOBapuaHTHOE CpaBHEHWe, “eCTECTBEHHbIM OTOOP” Haunmyuywwx peweHnn u T.n. B atux anroputmax
NCNONb3yl0TCA MPUHLUMNMANBHO HOBbIE BLIMMCTIMTENbHbIE OnepaTtopbl. [lprMepamu Takux OMepaTopoB, He
MMEIOLLMX aHAMOroB B TPaAMLMOHHBIX BbIYUCIIMTENBHBIX MOAENSX, SBMSATCA HENMHeWHble npeobpas3oBaHus

TMna “mytauun”, “nHeepcumn’ n “kpoccuHrosepa” [6,7].

8. Mogenu reteporeHHbIX reHHO-HEMPOHHbIX CeTen

HelporHble cetn (HC) n HelpoceTeBble TEXHOMOTMM SBNSIOTCA OOHUM M3 Hanbonee 3heKTUBHbIX CPeacTB
MaCcCOBOr0 pacnapanieNniMBaHns 1 YCKOpPeHus npoLeccoB 0b6paboTku 3HaHWit 1 nepesayn NOTOKOB [aHHbIX B
3ajayax pacnosHaBaHuWs 00pa3oB, KnaccuuKaUMM AaHHbIX W OMarHOCTUKM COCTOSIHUIA. ECTECTBEHHbIM
NPOTOTUMOM MCKyCCTBEHHbIX HC ABNsieTCs BUOMOrmyeckuin Mo3r v LeHTpanbHas HepBHas CUCTEMa YENOBEKa U
XMBOTHbIX KaK CMOXHas reTeporeHHasl HEMpOHHas ceTb, obecrneunBatollas 3a CYET €CTECTBEHHbIX OMO- U
HAHOTEXHOMOIUIA BLICOKYHO CTeNeHb Napannen1ama, agantauum, camoopraHuiauum u pobacTHOCTM NPy peLLeHnm
PasNYHbIX MHTENMNEKTYanbHbIX 3agadv (MpedcTaBneHne 3HaHWW, pacnos3HaBaHue 00pasoB, krmaccudmkaums
JaHHbIX, MOUCK 3aKOHOMEPHOCTEN, aHanM3 U300paXeHWi, QUarHoCTUKa COCTOSIHWIA, MPOrHO3MPOBaHNE SBIEHWA 1
T.N.). BO3MOXHOCTM MCKyCCTBEHHBIX W Bronornyecknx HC MOryT 3HaunMTENbHO PaCLUMPUTLCS NPY KOMMEKTUBHOM
(MynbTW-areHTHOM) PELLEHNN CIOKHbIX MHTENNEKTYarnbHbIX 3a4aY.

BbiCokast COXHOCTb U pa3MepHOCTb MHOTUX 3a4ay pacno3HaBaHus 06pa3oB, KnaccutukaLmi aHHbIX, aHanmsa
1300paKEHUA W OWNArHOCTUKM COCTOSHWUM, a TakKe 4acTo BO3HMKAKOLWAs HeobXOAMMOCTb WX PELIeHMs B
peanbHOM BpeMeHu TpebytoT MacCoBOro naparnmnen1ama u caMoopraHu3aLmmn pacnpeaenéHHblX BblUMCIEHN Ha
fase HC. C 37Ol TOYKM 3peHMs OCODbIN WMHTEPEC W AOMOSHUTENbHbIE BO3MOXHOCTW NPEACTaBMSOT
reTeporeHHble NonMHoMUarnbHble HelpoHHble ceTu (MTHC) ¢ camoopraHusytoLencs apXMTEKTYPO W FeHHO-
HenpoHHble cetn (THC) [8-13].

OcHoBHble ugen, MaTemaTuyeckue MOZenu, MeTodbl ONTUMW3aUMKM, anropUTMbl OBYYEeHUS M MPUHLMMbI
camoopranuzaumn MHC un THC Obinu npeanoxeHbl asTtopom B pabotax [8-13]. Ouu 3akniovaotcs B
cnegytowem:

- apxutektypa HC reteporeHHa n MHOTOCNOMHa;

- Hanuuue Cros NOMIMHOMMANbBHBIX HEMPOHHBIX 3NEMEHTOB (I1-HEPOHOB);

- BO3MOXHOCTb 06y4eHus n aganTtauum HC k obyvatowmm 6aszam ganHbix (B);

- lenecoobpasHoCTb CaMOOpraHM3aLMn 1 MUHUMM3ALMM CMOXHOCTM apxuTekTypbl HC pasnnyHbiX TUMOB B
npouecce obyyeHus:;

- AETEPMUHMPOBAHHbIE, NTOMNYECKMe U BEPOSITHOCTHbIE MeToAbl 00YyYeHUs N CaMOOpraHu3aLmuy reTeporeHHbIX
HC c camoopraHuaytoLLEencs apXMTekTyponm;

- MPUHLMN BbICOKOIA SKCTPANONALMM (SKCTpanonmupytoLLeil curibl) reteporeHHbix HC ;
- anreGpaunyeckoe TpeboBaHWe AMOPAHTOBOCTY (LLEMOYMCIIEHHOCTM CUHANTUYECKUX BECOB) reTeporeHHbix HC.

B npouecce panbHenwero passutus Teopun reteporeHHblx MHC u THC Obinu npeanoxeHbl MoAenm
MHOMO3HaYHbIX HEMPOHHBIX 3rEMEHTOB (M-HEMPOHOB) 1 CBS3AHHBLIX C HUMM KOHBIOHKTUBHBIX, MOIMHOMUANBHBIX,
ON3BIOHKTUBHBIX M CYMMMPYIOLLMX HENPOHHbIX anemeHToB (MK-, MM-, M- n MZ-HelpoHoB), a Takke HOBblE
pasHoBMAHOCTM reTeporeHHbiX MHC (reHHO-HEMPOHHbIE CeTW, KBAHTOBbIE HEMPOHHbIE CETU, MyNbTU-areHTHbIE
MHC nT.n.).

lMpeanoxeHHble reteporeHHble Moaenu W GbicTpble anroputmbl 0Byvenus MHC u THC pasHbix TwnNoB
obecneunBaroT BbICOKWI Mapanieniam 1 CaMoopraH13aumio HEMPOBBLIYMCIIEHUI B MPOLIECCE PELUEHNS] MHOTUX
WHTENneKTyanbHbIX 3agay. OHK yCnewHo NPUMEHSNNCE ANS peLleHns psga NpyknagHbIX 3agay pacrnosHaBaHUs
0bpa30B (pacnosHaBaHue kopabnen No OTPaXeHHbIM PaAMONIOKALMOHHBIM CUrHanaMm, pacrnosHaBaHue KoMaHg 1
AMKTOPOB MO BMAEOrpaMMaM peyu, pacnosHaBaHue W agpecauust geTanel Ha KOHBewepe, Kraccudukauus
JOPOXHBIX CUTyaUuin U T.4.), MEOUUMHCKOA OMArHOCTMKM (OMAarHOCTMKA M OLEHKa SQGEeKTUBHOCTU NEeYeHUs
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apTpWUTOB, BEKTOpPHAs [AMarHoCTMKA W pacwmcdpoBka racTpuToB M T.4.), NPOrHO3MPOBAHWS  SBIEHMNA
(MpOrHO3MpOBaHMe rpafoonacHoCT 0BnakoB WM MCXoda YepenHO-MO3roBbIX TPaBM U T.4.) W HEMPOCETEBOrO
npeacTaBneHns reHeTuyeckoro koga [4,8-13].

3akniouyeHue

BypHoe pasBuTHe reHeTuku W Teopu BKUONOrMyeckon 3BOMIOLMM MPUBENO K CO34AHMI0 HOBbIX HAy4HbIX
HanpaBNEHWiA, CBS3AHHbIX C Pa3paboTKOM “TeHeTUYECKUX anropUTMOB®, “TEHETUYECKOro MPOrpamMMUPOBaHMS”,
“9BOMIOLMOHHOMO MOAENMUPOBAHNA” U “TreHHON UHXeHepuw”. [eHeTUYeCKne NPUHLMMBI U MEXaHU3Mbl NOPOAMHN
HOBblE NOAXOAb! B TEOPUM KOOMPOBAHUS U Nepedadn MHAopMaLmMmu, TEOPUN anropuTMOB M TEOPUM aBTOMATOB.

OHu okasanu FJ'Iy6OK0€ BJTUAHWE HA KOMNbKOTEPHYIO MHCbOpMaTI/IKy 1 nporpaMmMmmnpoBaHue.

3HauuTeNbHbIA UHTEPEC NPEACTaBNSeT UCMONb30BaHWE MPUHLMMOB FEHETUKU U HeMpoU3Nonorm B Teopun
HEAPOHHbIX CETEN U HEMPOKOMMNBIOTEPOB, a TakKe MOLENMPOBAHNE EHHO-HEMPOHHBLIX CETEN U UX peanusaums
Ha 6a3e HaHOTEXHONOruM.
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Pattern Recognition and Forecasting

“AVO-POLYNOM” RECOGNITION ALGORITHM

Alexander Dokukin

Abstract: Estimates Calculating Algorithms have a long story of application to recognition problems. Furthermore
they have formed a basis for algebraic recognition theory. Yet use of ECA polynomials was limited to theoretical
reasoning because of complexity of their construction and optimization. The new recognition method “AVO-
polynom” based upon ECA polynomial of simple structure is described.

Keywords: pattern recognition, estimates calculating algorithms, algebraic approach, recognition polynomials.

ACM Classification Keywords: 1.5.2 [Pattern Recognition]: Design Methodology — Classifier design and
evaluation

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

Introduction

ECA or Estimates Calculating Algorithms [1] are a parametrical family of methods for pattern recognition
developed in Computing Centre about thirty years ago. The idea of method is simple. Training sample is divided
into two parts: actual training and check ones. Closeness to each object of training sample as well as remoteness
from it is stimulated, i.e. the estimation of object S belonging to class K is increased if S is close to some
representative of K or is far from a representative of K’'s addition. The value of increasing is determined by the
representative’s weight.

ECA was widely used for solving applied tasks. In addition, a number of theoretical results have been achieved
for its algebraic closure. The most important of them proved existence of correct polynomial over ECA [2]. Yet
there was a huge distance between theoretical reasoning and application, since former was based on polynomial
constructions over ECA family, while latter on optimization of single ECA by its weights [7].

The major step in applying polynomials to the real world problems was made by reducing correct polynomial’s
complexity both in number of items and power. The approach was based on maximizing ECA’s height, i.e.
difference between minimal estimation of regular pair (object, class) and maximal estimation of irregular one [4].
A number of algorithms for minimization of ECA height have been suggested and tested, both precise [5] and
approximate [8]. Either of them had a major drawbacks: precise ones being too slow for polynomial construction
[6] while approximate ones not precise enough.

Nevertheless during the analysis of different combinations of methods a regularity has been noticed. ECA’s of
maximal height tend to have good recognition quality in some areas close to their so called center. This fact has
been assumed as a basis for a novel recognition method named “AVO-polynom” that is Russian for ECA-
polynomial.
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Definitions

The following recognition problem is referred to as a standard problem. We consider two samples of vectors from
the n-dimensional feature space: a learning sample and a check one. For definiteness, we assume that the

former sample contains m objects: S, ..., S, , while the latter one contains q objects: S', ..., S. We also

assume that the set of admissible objects is divided into | classes, which may intersect in general case. The
classification of each object in the learning sample is known; it is necessary to reconstruct classification of the
check sample.

The family of ECAs is defined as follows.

1. Each feature is ascribed a certain weight p,, i =1,n.

2. Certain subsets of the set of features, which are referred to as supporting subsets, are singled out. The
aggregate of these subsets is denoted by Q3 , . Each supporting set @ € Q , has a weight.

3. The proximity function B, (S, S ’) for two objects in the supporting set is introduced. We will use the threshold

proximity function unless specially announced; i.e., two objects S = (g, ,...,a, ) and ' =(b,,...,b, ) will be

regarded close if the following inequalities hold for all supporting features:

p,(a,.b)<e, Vicw.

Here ¢,, i =1,n are called the proximity function thresholds.

4.Each S, of the learning sample is ascribed its own weight y(Sj), j=Lm.
5. The estimate of an object class is calculated by the formula
FJ( t):xo 'Foj(Sl)"'xl 'Flj(St)>

Fo/( ’)= > 7/(3;)217(5)'3_0)(5[,5[)»

S,eCK; 0eQ,
r/(s')= 3 #(8) X pl@)-B,(s,.5")
S;eK; 0eQ,

Here, the following variables and notation are used: x,x, e {0,1}, IZJ, = Kjﬂ {S1 SR }
CK,=1{5,,..5,\K,, B,(S,,5")=1-B,(S,,5")
The height of the ECA is defined as the difference between the minimal estimate of a regular pair (object, class)

(i.e., the pair whose object belongs to the corresponding class) and the maximal estimate of an irregular pair [4].
Some changes have been made to a classical ECA optimization. First of all, optimization by objects’ weights was
replaced with optimization by similarity functions thresholds for better flexibility. Secondly, the optimization
criterion has been changed too. Instead of recognition quality over whole check sample the height on its subset is
considered. The optimization problem is reduced to the search for the values &" of the & -thresholds of the
proximity function, which maximize the functional:

& =arg max ((min Fi(Si)— min FV(S” ))

se(0,00) \ (i.7)eM; - (u.v)eM,

Here M, denotes set of regular pares and M  of irregular ones.
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“AVO-polynom”

The method has been designed to be a part of software system RECOGNITION [3] that applies some restrictions
on training sequence. First of all, the input sample has to be divided into training and checking parts. By default
the division is made randomly in proportion 2 to 1. This parameter is a single one which can be adjusted by user,
and its default value covers most part of tested cases.

Second and the most time consuming part is devoted to finding a set of simple ECAs with better recognition
quality. The input sample divided into two parts is further divided to q smaller overlapping ones. Each checking
object in combination with all training ones forms a set for training simple ECA. The checking object used is
referred to as central object of the ECA. The method of fastest descent [8] is then used to find ECA of maximal
height. If positive height can’t be achieved the central object is considered as outlier and corresponding ECA is
dropped out.

The local nature of each recognition operator achieved is taken in account by dividing its contribution by distance
to the central object. |.e. final estimations are calculated by formula
Ti(s)

I (S)= Zm.

i=l,n

The second multiplier can be expressed in terms of ECA with use of specific distance functional. Thus, the whole
construction represents second degree polynomial over ECA.

In the next section “AVO-polynom” will be compared to some over recognition methods. They are simple ECA [7],
logical regularities and linear machine [3].This choice is not accidental. Simple ECA shows advantages of using
polynomial instead of single item. Logical regularities have similar nature since it founds some typical hyper
parallelepipeds in feature space. Linear machine shows results of completely different approach.

Testing results

The testing was performed with the set of seven real world tasks from the UCI Repository of Machine Learning
Databases. All samples have been pre-divided into training and testing ones. The latter was used only for quality
estimation. Here is the list of used samples: Abalone, Breast-canser, lonosphere, Echocardiogram, Hepatitis,

Image, Credit. Testing results are described in following table:

Task Simple ECA Logical regularities | Linear Machine AVO-polynom
Abalone 57.3 - 65.5 62.3
Breast canser 96.3 94.1 95.5 96.1
lonosphere 81.9 89.6 85.2 98.7
Echocardiogram 76.1 59.2 70.4 77.4
Hepatitis 79.5 83.1 78.3 88.0
Image 89.0 93.2 93.7 89.4
Credit 86.2 77.9 85.9 86.2

In general “AVO-polynom” performed on the same level with best methods, but some results deserve to be
mentioned specially. For example in Abalone task the best result has been achieved with Linear Machine, but
AVO-polynome has far surpassed Simple ECA and Logical regularities. In some other tasks AVO-polynom have
shown simply the best results.
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CNOXHbIE 3A0AYN PACITO3HABAHUA OBPA30B
N BO3MOXHOCTU UX PELLEHUA

Bukrop KpacHonpowwuH, Bnagumup ObpasuoB

AHHOmauyus: Paccmampusaemcs 3adaya pacnosHasaHusi obpasos ¢ 0bydeHuem. Bsodumcs noHsmue
JIoKanbHOU pa3pewumocmu makol 3adayu U noka3aHo, Ymo Npu HEKOMOpbIX, AOCMamOYHO KOHCMPYKMUBHbIX
ycrogusx, 3adaya pacno3HasaHusi siesiemcs JI0KanbHO  paspewumol. [lonyyeHbl kpumepul u 0Oea
docmamoyHbIX Ycnosus noKansHoU paspewumocmu.

Knoyeebie cnoea: 3adaya pacnosHasaHusi 06pa308 ¢ 06ydeHueM, sokabHbIl nodxod, kpumepuld U
docmamoyHb! ycrogus SI0KanbHOU paspewumocmu.

ACM Classification Keywords: |. Computing Methodologies; 1.5 Pattern Recognition; 1.5.1 Models; Subject
descriptor: Models Deterministic

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

BBepeHue

3apaya pacnosHaBaHus 00pa3oB ¢ 00yueHuneM, kak 1 nobas gpyras 3agadva MHGOPMATHKK, MOXET OKa3aTbCs
cnoxHoi. [oHATME CMOXHOCTM MOXET ObiTb OnpegeneHo no-pasHomy. Utobbl He ObiTb  CBSA3aHHBIMM
KOHKPETHbIMW CBOWCTBaMM 33adauyu, Mbl ONpedenuM CrOXHOCTb 3adaus Kak HEeKOTOPYK COBOKYMHOCTb
XapaKTepuCTUK, CNeACTBMEM KOTOPbIX SBMSIETCA  CTPYKTYPUPyEMOCTb  MHGopMauun. K uucny  Takux
XapaKTepUCTUK MOXHO OTHECTM, K NpuMepy, 60MbLLYi0 pa3MepHOCTb 3aaadn unu 6onbLuoit 06bem obydatoLei u
KOHTPOSbHOW BbIGOPOK.

Hapo 3ameTuTb, YTO B pamkax LeTepMUHWUCTCKOro nogxoda [Kypaenes, 1978] BonpoChl CNOXHOCTW MOYTH He
paccmatpuBanucb. [03TOMy B MPUHLUMNMANBEHOM CMbICAE BaXeH Cneaylowmin BONPOC: MOXHO /iU 8 paMKax
yKa3aHH020 nodxo0a pa3sumb MeXHUKY PeLIeHUs CrIOXHbIX 3aday pachosHasaHusi 0bpa3og?

B naHHoi paboTe nokasaHo, YTO OTBET HA CGHOPMYNMPOBAHHBIN BbilLE BOMPOC SABNSIETCS NONOXMTENbHBIM. [Ans
3TOr0 HaMK BBEJEHO NOHSATUE NOKANbHOM Pa3peLLMOCTy 3ajayn pacno3HaBaHus 06pa3os ¢ 0byyeHnem 1 ans
LIMPOKOrO Knacca MoJernei anropuTMoB OnpedeneHbl KpUTepuidt W [OCTaTOYHble YCrIOBUSI NOKambHOI
paspelnmMocTi. B copepxkaTenbHOM CMbICrie MPEeLNoKeHHbI Noaxon GnmM3oK K LUMPOKO WCMONb3yemoin B
MaTemaTuke TeXHUKe, CyTb KOTOPOIA 3BKIKOYAETCS B AGKOMMO3NLMN 3a4a4M.

MonyyeHHble pe3ynbTaTbl CBUAETENLCTBYIOT, YTO MOHSITIE CIIOXHOCTM 3a[a4n pacno3HaBaHUs SBNISIETCS BNOMHE
KOHCTPYKTUBHbIM. A T.K. NpaKkTUyeckue 3afaus C GOnbLUMMM Pa3MEPHOCTbIO W/MMM OBbemamu BbIGOPOK
CTaHOBSTCS BCe Boree akTyanbHbIMUK, TO U pe3ynbTaTbl pelleHust NOA0OHbIX 3a4a4 NPUOBPETaT HECOMHEHHYHO
BaXHOCTb.

NokanbHo pa3spelunMbie 3agaun pacno3HaBaHus

PaccMOTpUM MPOM3BOMbHYI0 MOLEMb PAacro3HaloLX onepaTtopoB M W HEKOTOPYIo 3afavdy pacno3HaBaHus
Z=(1,,8%) w3 Z!Kypaenes, 1978]. Mpeanonoxum, uto 3amaHo t nogmHoxects S°....S¢ u S ...S!

(t el ) KOHTpOMNBLHON SEY obyvarowe §m BbIOOPOK COOTBETCTBEHHO, TAKMX YTO
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(S' 23,5 = D)\WVie{l,2,...1}
(8= Usq SN =@ifi=j) 1<i,j <t ()

S <8 VVie{l,2...1)

m S Om
Wrcbopmaumio Z, = (S (S )),S%), i =1,2,...,t HasoBem noa3agavei 3afaum Z . HeTpyaHO 3aMeTWTb, YTo npi
t>1 nopsapauwv Z,,..,Z, OOHO3HAYHO OMNPEdensioTcs MOAMHOXECTBaMM §,.‘7 " §; (i=1,2,..t),
ygosnetsopsiowmmn yenosuto (1). ObpatHoe yTBEpXaeHue, B 06LieM Cryyae, HEBEpHO.
Mpeanonoxmm, 4to Mogenb J NpencTaBNAeTcs COBOKYNHOCTHIO napametpuyeckux dyHkumin (7)) ¢
06racTbio M3MeHeHUs napametpos Qx A. Mpu dukcuposanHbix (5,4) Habop (£ ,n") onpenenser
pacrosHatowymit onepatop B(E!™ 7)) e M |, Te.:

M a=UJUBsE" ) 2)

520 2eA

Wcnonb3ys ycrosue (1) kaxaon nogsapave Z, (i =1,2,...,¢) n mogenu M MOXHO NOCTaBUTL B COOTBETCTBME
noamopenb M., B koTOpOit HAbop CyHKLMIA (ONpedensiolmii ee B YkasaHHOM BbIlle CMbICIE) SBMAETCS
cyxeHnem [Manbues, 1970] ucxogHoro Habopa Ha NOSMHOXECTBO §n’1 (i=1,2,..,t). Nony4eHHble Npn 3TOM
nogmogenv 6ygem HasbiBaTb nokanbHbiMu [M3, 1977] B JM.
Takum obpasom, nogsapaun Z, (i =1,2,...,¢) nopoxaarT B Mogenu M HEKOTOPYH COBOKYMHOCTb JTOKaNbHbIX
noamogenen M ,...,M ,. HeTpyaHO 3aMeTUTb, 4TO MMEET CMbICI COOTBETCTBYHOLLEE CYXEHIE PACNO3HAIOLLEro
onepatopa B(£\™, ;") , kotopoe Mbl 06osHaumm B, (i =1,2,...,t) .

Myctb A, - HeKoTopas Mofemnb anropuTMOB, MOPOXAEHHAs pacno3HatoLmmm onepatopamn M 1 peliaoLmm
npasunom ¢ € C(c,,c,). 3apavy Z = (IO,§‘7) Ha30BEM NIOKaNbHO-pa3pewwnmon B Mogenu Ay, , ecnu
3Z,,...Z,(t>1)3IBeM VceC(c,,c,)VS" €S°

(c(B(1y,S") = c(B(l;,S"))

HeI'IOCpe,D,CTBeHHO M3 onpeneneHna anga Takux 3afgad nonyyvyaem

(M, (Z)R.(Z)# D) = (M2 R.(2) = D))

(3)

T.e. KOPPEKTHOCTb J1OKamnbHbIX nogmogenen Ha 3agadaxZz ""’Zt C HeoOXoauMOCTbH0 Brievet KOPPEKTHOCTb

nexogHon mogerm Ha Z. Mofgxod K MOCTPOEHMI0 KOPPEKTHbIX anropuTMOB, OCHOBAHHbIA Ha TakoM CBOMCTBE
WH(opMaLmn sBnseTcs nokaneHeiM [M3, 1977].

OcCHOBHy0 3afja4y AaHHOTO NOAX0Aa MOXHO CHOPMYNMPOBaTH CrieAytoLMM 06pa3om:

Heobxodumo onpedenums ycrogus Ha M u Z € Z{', npu komopbix 3adaya pacno3HagaHusi Sensemcs

TI0KanbHo paspewuMoli 8 coomeememeytowell MoOenu anzopummos A,,

B panbHeillem OrpaHMYMMCst CryyaeM, Korfa COBOKYMHOCTb nogsagayZ,,...Z(t>1) ynosneTBopset
[OMONHUTENBHOMY YCIOBUIO:

~ t ~, ~ .
(S, =U Su(\SL =2 if i=j)1<ij<t 4)

HeTpyaHo BUAeTb, YTO Kaxaon 3afade Z 0fHO3HaYHO COOTBETCTBYET HEKOTOpLIA Habop noasapad Z,,...,Z, , Ang
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KOTOpbIX UMetoT MecTo ycnosus (1), (4). BepHo n obpaTtHoe, T.e. kaxaomy Habopy noasafay Z,...,Z, MOXHO
MOCTaBUTL B COOTBETCTBUME HEKOTOpYIo 3ajadyZ e Z7 . WHbiMM cnosamu, B ycrosuax (1), (4), cootsetcTaue

mexay Zu Z,,...,.Z,(t >1) B3aMMHO-OAHO3HAYHO C TOYHOCTbIO [10 MEPECTAHOBOK OBLEKTOB B S, 1 S8

Kputepuin nokanbLHOW pa3pewimmocTy

MokaxeM BO3MOXHOCTb MOCTPOEHUS! anropuTMOB pPacro3HaBaHWsi C MCMONb30BAHWEM OMKUCAHHOMO Bbille
1OKarbHOro NOAX0fa 11 ONPeAENvM YCIIOBMS NIOKANbHOM PA3PELUMMOCTH 3ada4 U3 MHoXecTsa Z;' .

B [Kypaenes, 1978] BBeAeHO NOHATWE pacno3HalOLEro ornepaTtopa SIMHENHO 3aBMCALLEr0 OT mapaMeTpoB.
®opmarnbHoe 06beanHeHne Takix onepaTopoB Ha3BaHO NMHENHON Moaenbo. OnuEM AaHHYK MOAEnb B BUaeE
(2). Ons atoro wucnomb3yem HEKOTOPYH Maeanu3auui npouecca MOCTPOEeHUs pelueHnd 3apgaun Z B

M (£™ 7). Mpeanonoxum, 4To OH peanusyeTcs B ABa sTana: Ha NepBOM — CTPOUTCS MpoekLns 06bekTos S°
Ha obyvalollylo BbIBOPKy S, @ Ha BTOPOM — MOMyYeHHble OLIGHKM MpoekTMpyloTcs Ha knaccsl K,,...K,.
Onpenenum Habopbl dyHKuniA u E™ = (EL,....EM n ) = (n),...n,) Takue, uto
VS e(S} (&£ :SxS, »0)VS €S, (i=12,...mV5eQ ()
()" >0)VAieA (j=12,...0) (6)
Torga pacnosHatowe onepatopsl Mogem M (£, 7\") npeactasumbl B BUAE Cynepnosnumm
B=n,o&, e 6eQleA (7)
HeTpyaHO 3aMeTuTb, YTO Takue onepaTtopbl (MO NOCTPOEHMIO (YHKLMIA §f,’”> " 77(1”) peanuayloT oTobpaxeHne
Z e Z{ B NpOCTPAHCTBO BELIECTBEHHbIX MaTpuy [ ¥ .
Mycts L({O™0') - npoctpaHcTBO NuHeitHbix onepatopos u3 0™ B O'. Mogenb (2) ¢ pacnosHatoLLmmu
onepatopamu (7), Anst KOTOPbIX
7y eLO"07)
Ha3oBeM momynuHeitHoin (o6osHaumm ee M (£, L)), a cooTseTCTBylOLEE CEMENCTBO Ay -

NOMyNUHENHbIM.

3amMeTM, 4YTO PacCMOTpeHUe TakuX MOJener He YMeHbluaeT OBWHOCTU MOMyYeHHbIX B AarbHerwem
pesynbTaToB. Tak B PKypasnes, 1978] nokasaHo, YTO MHOIVe U3BECTHbIE 9BPUCTUYECKME MOZENN (B TOM YnCne —
C pasgensiowyuMn  runepniockoCTAMM,  MOTEHUMANbHBIX  OYHKUMIA,  BbIYUCNIEHWUS  OLIEHOK)  SBMAKTCS
NONyNuHENHbIMA B YKa3aHHOM Bbllle cMbicnie. B Toxe Bpems, CyllecTBYWT Mmogenu (Hanmpumep, ¢
npeaeapuTenbHbIM  Npeobpa3oBaHMeM WHgopmaumm n3  Z  [Krasnoproshin, 2006]) B KOTOpbLIX MpoLecc
MOCTPOEHNS PELLEHNIA peanuayeTcs Apyrumn Habopamu dyHKumMin Tuna (5), (6). OgHaKo M OHMK, B CBOK O4vepeab,
MoryT 6bITb cAenaHbl NONyMHENHBIMA.

O6osHaunm 77'(i,j) - matpuuy npoctparctea 1™ (1<i<m,1<j<[), COOTBETCTBYIOLLYIO NMHEMHOMY
onepatopy 7V eL(0",0").
Teopema 1. Mycte M (£™,L™) - nonynuHeiHasi MOZeNb ¢ MPOn3BOsbHbIMM dyHkuMamu £ Bipa (5). 3apava

Z e Z{ nokansHo paspelmma B A,, TOrAa 1 TOMbKO TOrAa, Koraa
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3Z,..,Z(t>1) 3EM gV eL@™0)
Vi={12,...} V8" €8 (u=12,...9) Vj e {12,...1}
(D &5(8°.S,)1:(v.))=0)

S, eS'

Teopema 1 4aeT kpUTEPUIA FIOKaNbHON PaspeLMMoCTI MPOU3BONbHON 3apaun Z € Z9' B MoOMynMHERHoM Mogen
A, . YcroBust TeopeMbl MOXHO WCMONb30BaTh Kak Mpy UCCNEA0BaHUM JIOKanbHOWM pas3peLunMocTit 3aay, Tak 1

ANst MOCTPOEHMSI COOTBETCTBYIOLMX anroputMoB. OaHako Gonee KOHCTPYKTUBHBIM B 3TOM CMbICre SIBNSIETCS
crieaytolyee ycrosue:

3Z,,..Z,(t>1) 3EM vie{1,2,..t} v§' €S VS, ¢S (£4(S",S,)=0)

Ilerko nokasarb, YTO OHO SIBMIIETCS AOCTATOYHbIM ATt NIOKAMNbHONM PA3PELLMMOCTH 3adad Zg B MOMyNMHEMHbIX
mogenax Ay

MocTaTouHbIe YCNOBUA NOKaNbHOW paspeLMMocTy

HYCTb AM - NMPOu3BOJNbHaA I'IOJ'IyJ'IVIHeI7IHaF| MoJernb pacno3HakLnX anropMTMoB. PaCCMOTpVIM yCcnoBusa Ha

Ze Z,j’ , TIPY KOTOPbIX 3TN 3a[ja4 ABNAIOTCA NOKarbHO paspeLlnMbiMu B Ay,
JlvHeHasA He3aBUCUMOCTb NoA3apay

Mpennonoxum, 4to R - 0bbIYHOE EBKNMWMAOBO KOHEYHOMEPHOe npocTpaHcTBo. [logsajauwu Z,,...,Z,(t>1)

3agaun Z € Z{ Ha30BeM NIMHENHO-HE3aBUCUMbIMM, ECIIN

vije (2.t ((STUSHNISIUSL) =2) npuni=j, (8)
rae | — nuHerHas o6onoyka B eBKNMAOBOM NpocTpaHcTee R .
O603Haumm L(R,R) - NpoCTPaHCTBO NUHENHBIX ONEpaTopoB, CONPSKEHHOE K R, T.e.

VReL(RNR) (R:R->N).
Beeaem doyHkumm £\ suga (5)
VS e{S} VS, eS, (£M(S,S,)=5<R(S)R(S,)>), 9

roe <-,-> - CKanspHoe Npou3BeAeHe B €BKNMAOBOM npocTpaHcTBe R, R(S) - nuHenHoe npeobpa3oBaHue

obwbekta S €{S} onepatopom R eL(R,R) n & - HekoTOPbIN YMcnoBoi napameTp. O603HaUMM Ans KpaTkocTL
M (E) L™ - nonynuHeitHyio MoAenb ¢ (yHKuusMM (9).

Teopema 2. Mycts M (£07),L™) - nonynuHelHylo Moaenb pacroHalolyx onepatopos U Z - NpoM3BonbHas
3afava u3 Z;”. Ecnv B Z cywlecTBylOT NHenHo-HesasucuMble noasagawn Z,,....Z,(t>1) , 1o sapava Z

NoKarnbHO paspeLurMa B COOTBETCTBYHOLLE Moaenn Ay,

XapaKTepMcmquKaﬂ He3aBUCUMOCTb noa3agayd

B nanbeiwem nonaraem R =[1". Onpegenam B npocTpaHcTee 1 XapaKTEpUCTUYECKYID (YHKUMIO 7
NPOW3BONBHOTO NoAMHOXecTBa Ry (] Takylo, 4To

1, if XeR, (10)

Vx el X)= ,
< 7, () {0,otherwise.
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Paccmotpum B [1 " nogmHoXecTBO (R, x...xR_) v BBefem oTobpaxeHue
VX =(x,X,) €l (7(R (X):(7R1(X1)="'17/R"(Xn)))’ (11)

C anemeHTamu B Buge (9). MonyyeHHbIA Mpu Takom OTOBPaxeHUn BEKTOP (yg (X;),...,7 (X,)) Ha3oBem

xapaktepuctuyeckum Ans X e1” no y, .. Beedem Takke

Vg, (X) =1 ~7i(X)

roe lB,, - €4MHUYHbIIN BEKTOp NpocTpaHcTBa Bj . [inst dukcupoBaHHbIx y, € B, 1 r..&) onpesenum B [ "
2

NOAMHOXeCTBO
R . =1Xel"|<7p. s

Y(Ry,.Rn)

(XD, 70 >)>08&(< g, g, (X),7, >) =0} (12)

------------

HeTpyaHo BUaeTb, 4To Rj("ﬁ . # () npu ycnosuw, 4o y, #0,, (rae 0, - HyneBoi BEKTOp NPOCTpaHCTBa B)).
EA S B 2 2

PaccmoTpum HekoTopble CBOCTBA NOAMHOXECTBA (14), nopoxaeHHbIe oToBpaxeHusamm (11).

Nemma 1. Myctb °,5' €B) Y&z, - HekoTopoe otobpaxerue (11). Toraa
<R;;.,_R,HR;;,_M =2)=(<ry >=0) 9

0
HernocpeacTBeHHo 13 ONpefeneHns HETPyAHO MOMy4uTb CnocoG MOPOXAEHUA MoaMHOXeCTs R

Y(RR)
coaepxaluux HexkoTopylo 3agaHylo coBokynHocte X =(X,,..., X, )0 ". [efcTBUTENbHO, 3aduKCUpyeM
npon3sonbHoe HeHynesoe ans Beex X e X ™ otoBpaxenue (11) n onpenenum Bektop

m m 14
Y(R,.... Rn)(X(m)):(7R1(UXM)"“J/RH(UXm)) 1

roe

7 (_Lmeij) :{1,if(3ie{1,2,...,m} )=

Toraa, no NOCTPOEHMIO UMeEM

0,otherwise.

(m) Y(Ryvfi) ( xtm)
X" R .

-Rn)
Wcxopos n3 npoBeAeHHbIX paccyXaeH!i, MOXHO BBECTU criedytollee onpegenenue. Moasagan Z,,...,Z,(t >1)
3agayn Z Ha30BEM XapaKTepUCTUYeCKU-He3aBUMbIMM, ECNU
¥S (S, US") (7s,..5(8) % 0y ) (15
----- Rn)
Vivj#i(<yg SqUS’ Vnry(SIUSL) >=0

[Nokaxem, 4To BOMNPOC NOCTPOEHUA TakMX noasafad npu CbVIKCVIpOBaHHOM OTO6pa)KeHI/IVI V(R R,) CcBOOMTCA K

BOMPOCY O MPWUBOAMMOCTY CneuuantbHON KBagpaTHON MaTpuubl K 6noYHO-guaroHansHom gopme ¢ f briokamm Ha
rMaBHOW AnaroHarnu.

VSe(SmUSq) (Vg )(S)V&OBZ")-

HeTtpynHo 3ameTuTb, YTO AN Takix oTobpaxeHuil ycnosue (14) aKBuBaNeHTHO crieayolLemy
viije(12...t 8 e(§IUS,) vS"e(STUS:) (16)
(<7i8,..)(8)Vie,..5,(8") >=0) |
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Mpepnonoxum Tenepb, YTo nogsapawn Z;,...Z,(t>1) 3agau Z ANA HEKOTOPOTO yi; -, YAOBMETBOPSIOT

(15). MycTb, kpome Toro, B Z BbIGOpKA S, 1 S? ynopsaoyeHbl TakuM 06pa3oM, YTo BHauarne pacrionokeHbl
06beKTbl COOTBETCTBYIOWME noa3agaye Z, v T.4. PaccmoTpum mMatpuLly

2(81,8)) e 2081, 1) (17)

o (S, Uéq) = ,
Z(Smw 181) """ (Sm+q ’Sm+q )

rae ans seex S,,S; (S, JSY) (1<i,j<m+q)

...........

I(Si’sj)_{

0,otherwise.

OueBuaHO, YTO NpK CAeNaHHbIX NPEeANONOXeHUsX NOCTPOEHHas MaTpuua 6yaeT uMeTb BI0YHO-AMaroHarnbHy0
copmy ¢ t briokamu Ha rmaBHoM guaroHanu. BepHo n obpatHoe. Ecnv npu Npoun3BonbHOM Hymepauumn 06beKToB

B (SmUS") maTpuua ;(y(Rwl__an)(SmUSq) ANS HEKOTOPOTO 7z & \ MPUBOAMMA K BNIOYHO-AMAroHasbHOM (opMme,
W B Kaxabll OMOK Ha rmaBHOW AuaroHanu nonagarT 00bekTbl U3 §m n §q, TO Ana Z MOXHO yKkasaTb
XapaKTepuCTUYeck1-He3aBnCuMble Noa3agadmn Z,,...,Z, , rae t—uncno 6rokos B NOMYYEHHON MaTpuLie.

Bonpoc o npuegeHnn matpuupl (17) K 6noyHo-gMaroHancHoM )opMe 3NEMEHTApPHO pelaeTcsl ¢ NOMOLLbHO
METOLOB, M3NOXEHHbIX B [TbroapcoH, 1977]. B yacTHOCTW, eCrv BBECTU MaTpuLy

2. . G USY =2z, . SUS)

c anemeHtammn (1<i,j<m+q)

m+q

1#21 2(5,.5,)>0,

0, othen/wse ,

;=
TO MOXHO BOCMONb3oBaTbcs TeopeMmoit 3.5.1 u3 [TbroapcoH, 1977]. OBosHauum E™¢ - emuHMuYHy0

m+q

OTHOCUTENbHO ~ KOMMYTATUBHOTO  YMHOXEHWS — MaTpuly npoctpaHctea  [1™™™"  Torma  npocToi
nepedopMyIMPOBKON YKa3aHHOW TEOPEMbI MOMy4YaeM CreaytLMin KpUTEpUn NpuBOAMMOCT MaTpuubl (17) k
BnoyHo-AuaroHansHon opme

Nlemma 2. Tlyctb ;(f(hR1‘___R)(§mU§q )=Erd  pna Bcex  h<[log,(m+q)]. Torma MaTpuya

m+q

X (SmUS") npueoaMma k 6rI04HO-anaroHanbHok opme B TOM M TONBKO TOM CITy4ae, ecru

SUSY =2 SUSY

MokaxeM Tenepb, 4TO 3ajaya, B KOTOPOA MOXHO yKasaTb  XapaKTEPUCTUYECKM-HE3aBUCUMbIE
nogsagaun Z,,...Z,(t >1) , ABNSETCA NokanbHo paspeLuMoit B HEKOTOPON NonynuHeinHon mopenn A, . [Ans

3h <[log,(m+q)] ;(y -

3T0r0 HEOBXOAMMO BBECTM COOTBETCTBYHOLME (yHKLMM £\™ Bupa (5).

Mycts Z,,..,Z, - XapaKTepucTU4ecKu-He3aBUCUMble MOf3adauM MPOM3BOMLHOM 3adauu Z;”. NocTtaBum B

COOTBETCTBME Kaxaomy o0bekTy S obyvarowlen BoIOOpKM §m XapaKkTepucTnieckuin Bektop (13) Toi nogsagaum
Z (i €{12,..,t}), B kOTOpylO OTHOCHTCS S, T.€.

(SeSIUS) = (#n..r) (S =Vr.r) (SIS

------



International Book Series "Information Science and Computing" 75

3ameTum, 4T Ans BCex S, € §m (u=1,2,...,m) Takon BeKTOp onpeaesneH 04HO3HaYHO. BBeaem B MpoCTpaHCTBE
" dyHkumm £ cnepyiowmm 06pasom
VSe{S}(£Y(S.S,) = £ (S.8,)-£(S.S,) 1<u<m,

roe

-------------

z'(S,Su)={

0,otherwise.
O603Haumm ons kpaTkoctn M (5{(5;) ,L™) - nonynuHemnHyo Mogenb C Takumi (yHKLMSMIA.

Teopema 3. MycTb M(.;’;;”),L’”’) - MONYyNWHENHYI MOZJenb pPacrosHalolwmMxX onepaTopoB U Z - 3ajava

pacriosHasaHna w3 ZJ. Ecnu B Z MOXHO YkasaTb XapaKTepUCTUHYECKW-HE3aBUCHMbIE MOA3afauv
Z,...Z,(t>1) ,703apa4a Z nokarbHO paspellsMa B COOTBETCTBYIOLLEN Moenu A,, .

Otmetum, u4TO Hauboree CNOXHbIM MPU  MOCTPOEHUN  XapaKTEPUCTUYECKW-HE3aBMCUMbIX — Nof3aday
Z,...Z,(t>1) sagauw Z eZ{ aensetcs Bonpoc BbiGopa oTobpaxeHnii (15).

3akniouyeHue

B pabote onucaH oguH 13 BO3MOXHbIX NOAXOLOB K PELLEHWIO 3a4a4u pacno3HaBaHus obpa3os B cnyyasx, koraa
MOXHO FOBOPWUTbL O CIOXHOCTW anpuoOpHON MHopMauun. B NpuHUMNMAnNbLHOM CMbICTE npednaraemblil NOAXoA
NOKa3bIBaET, YTO CO CMOXHOCTbIO, KOTOPas SBNSETCA CNeAcTBUEM BOMbLLION pa3MEPHOCTU, MOXHO CrpaBfsTbCS
CTaH4apTHbIM Ans MaTemMaTiku CnocoboM — Yyepes AeKOMMNO3NLMIo 3agaun.

B Hacrosiwen paboTe paccmaTtpuBaeTcs Ciyyal, KOrga Ha WHGOpMauuW MOXHO ONPeaenuTb OTHOLLEHWe
9KBMBANEHTHOCTW. [oka3aHo, YTO Ans JOCTATOYHO LIMPOKOTO Kacca anroputMoB, MOXHO MOHU3UTb CIOXHOCTb
peLleHns 3adadm pacnosHaeaHus. CaenaHo 310 Ha NpUMepe peanu3auuy KOPPeKTHbIX anropuTMoB [PKypasnes,
1978). MonyyeHHble pe3ynbTaTbl MOrYT MOCMYXMTb XOPOLUEN OCHOBOW, KaK ANsl JanbHEMLUMX TEOPETUYECKNX
“cenegoBaHui, Tak U ANs peLleHnst KOHKPETHbIX NMPaKTUYECKUX 3adau.

Bubnuorpadus

[Manbues, 1970] Manbues A.A. Anrebpamndeckne cuctembl. — M. Hayka, 1970. — 392 c.
[M3, 1977] MaTtemaTnyeckas sHumknoneaus. — M.: Cosetckas sHumknoneams. — 1977. - T.1. - C. 207-209.

[PKypaenes, 1978] Xypaenes 0. L. O6 anrebpanyeckom Noaxoae K peLleHnio 3aaay pacno3HaBaHus UK knaccudukalmm
/I Mpobnemb! knbepHeTukn. — 1978. — T. 33. — C. 5-68.

[TetoapcoH, 1977] TetoapcoH P. PaspexeHHble Matpuubl. — M.: Mup, 1977. - 189 c.

[Krasnoproshin, 2006] V.V.Krasnoproshin V.A.Obraztsov Problem of Solvalibility and Choice of Algorithms for Decision
Making by Precedence // Pattern Recognition and Image Analysis. 2006. Vol. 16. no 2.- p.p.155-169.

WUHbopmaums 06 aBTopax

Buxmop KpacHonpowun — 3asedyrowuli kaghedpol MO ACY, OTIMU, Benopycckuli 20cy0apcmeeHHbIt
yHusepcumem, np-m Hesasucumocmu, 4, Murck, 220050, benapyce, e-mail: krasnoproshin@bsu.by

Bnadumup 06pa3yoe — doueHm kaghedpbl MO ACY, ®TIMU, Benopycckuli eocydapcmeeHHb Il yHugepcumem,
np-m He3sasucumocmu, 4, Munck, 220050, benapycb, e-mail: obraztsov@bsu.by




76 8 — Classification, Forecasting, Data Mining

3AIAYM MOMEXOYCTONYMBOIO AHANU3A U PACNIO3HABAHMS
MNOCNEQOBATENBHOCTEW, BKNIOYAIOLLMX NOBTOPSAIOLIMECSA
YNOPAOOYEHHbLIE HABOPbI BEKTOP-®PArMEHTOB!

Anekcanpp KenbmaHnos, Jllogmuna Muxainosa, Cepren XamnaynnuH

AHHOomauyus: Paccmampugaromes Hekomopble 3a0ayu homexoycmoliyueozo off-line aHanusa u pacnosHagaHusi
yucrnoeblx U BEKMOPHbIX  nocnedogamenibHoCmel,  8KMoYaoWUx — nosmopsiiowuecs  Habopb!
Kea3unepuodudeckux gpaemeHmos unu eexkmopos. ObOCHOBaHb! 3(hheKmMUBHbIE an2opUMMbI PELUEHUS 3MUX
3a0avy, eapaHmupyouUe oNMUMabHOCMb PEWEHUS N0 KpUMEPUI0 MakcuMarbHo20 npagdonodobus, 8 criyyae,
koeda nomexa addumueHa U S6rSEMCS 2ayccosckol nocredosamenbHOCMbI0 HE3aBUCUMbIX 00UHaK080
pacnpedeneHHbIX crydaliHbIX 8€UYUH.

Knroyesble cnosa: cmpykmypuposaHHasi  nocrie0ogamernibHOCMb, — ynopsi0OYeHHbId  Habop  8ekmop-
hpacmeHmos, nomexoycmoliyugoe 0bHapyxeHue u pacnosHasaHue, OUCKpemHas skcmpemarnbsHas 3adaya, off-
line aneopumm.

ACM Classification Keywords: F.2. Analysis of Algorithms and Problem Complexity, G.1.6. Optimization, G2.
Discrete Mathematics, 1.5. Pattern Recognition

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

BBeaeHue

OObekToM MccnedoBaHWs  Hactosiwen paboTbl  sBNAOTCA  NpobneMbl  aHammMaa W pacnosHaBaHKS
CTPYKTYPUPOBaHHbIX 4aHHbIX — YUCMOBbLIX W BEKTOPHBIX MOCNELOBATENbHOCTEN, B COCTABE KOTOPLIX MMEKTCS
NOBTOPSIOLLMECS, YEPEAYIOLLMECH M NepeMeXatowmecs MHOPMALIMOHHO 3Ha4YMMbIe (OparMEHTbI UK BEKTOPSI.
MpegmeT ucCnefoBaHMs — HEKOTOpble BapuaHTbl npobnembl nomexoyctonunsoro off-line aHanusa u
pacnosHaBaHWs MOCNeA0BaTENbHOCTEN, BKOYAKOLMX MOBTOPSIOLMECS YNOPSAOYEHHbIE HAbopbl BEKTOP-
(hparMeHTOB B KaYecTBE CTPYKTYPHbIX 3MEMEHTOB, B NPEANOSIOXEHUN, YTO CKPbITbe B LymMe (parMeHTbl Unu
BEKTOPbI 13 MCKOMbIX HAabOPOB COBMAZAtOT C KOMMOHEHTaMU YNOpsSZOYEHHOrO 3TanoHHOrO Habopa BEKTOPOB,
NPMHaZnexallero 3agaHHOMy KOHEYHOMY MHOXecCTBY (crosapto). Llenb paboTbl — 060CHOBaHME anropuTMoB
PELLEHNs 3TUX 3agau.

Paccmotpum faBe copepxatenbHble 3agavn. [lycTb B NEPBON M3 HUX MCTOYHMK COODLLEHU nepenaet
WH(popMaumto 00 aKTUBHOM COCTOSHUM HEKOTOPOro (hmanyeckoro obbekTa B BWge 3TanoHHOMO Habopa
MMNYIbCOB, MMEIOLLMX OFHY M Ty Xe W3BECTHYI ANMTENbHOCTb, HO pasnuuHylo dopmy. Kaxgomy nmnynbcy
COOTBETCTBYET HEKOTOPOE MPOMEXYTOYHOE aKTMBHOE COCTOsiHME 0ObekTa. lopsmok UMMynbCOB (PUKCUPOBAH.
[accMBHOMY COCTOSIHMKO COOTBETCTBYET OTCYTCTBUME KakuX-MMOO MMMYNbCOB. Ha NpuEMHYK CTOPOHY 4epes
KaHan nepegayum NocTynaeT NocneaoBaTeNbHOCTE KBA3MUMNEPUOAMYECKM YEPEOYHOLLMXCS UMMYIIbCOB, UCKAXEHHAs
afOuTMBHbIM  WYMOM. TEpMUH  «KBA3WMEPUOOMYECKM»  O3HAYaeT, uTO WHTepBan Mexzy [JByms
nocrefoBaTeNbHbIMU UMNYNbCaMU He OAMHAKOB, @ NULLb OrpaHNYeH CBEPXY U CHU3Y HEKOTOPLIMU KOHCTaHTaMMU.
MOMEHTbI BPEMEHM MOSIBIEHNS UMNYNbCOB B MPUHATON (Habniogaemoi) 3allyMIeHHON NocnenoBaTensHOCTH

' Pa6ota nogaepxaHa rpaHtamm P®®U 09-01-00032, 07-07-00022 u rpaHtom ABLT PocobpasoBaHus
2.1.1/3235.
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HensBeCTHbl.  Tpebyetcs  oBHapykuTb  ynopsgoveHHble  Habopbl  MMMyNbCOB B Habnogaemon
nocnenoBaTeNnbHOCTM, T.e. ONPedeniUTb MOMEHThI BPEMEHM, B KOTOpble OOBLEKT Haxoauncs B aKTMBHOM
COCTOSIHUU.

Bo BTOpOIt CcopepxaTenbHON 3agade npeanonaraeTcs, YTo Ha MPUEMHYKD CTOPOHY MOCTynaeT WHgopmauus ot
PasnuuYHbIX (OU3NYECKX OBBEKTOB, YNCNO KOTOPbIX KOHEYHO. Kaxmomy obbekTy OAHO3HAYHO COOTBETCTBYET
N3BECTHbIN YHUKANbHbIA YNOPSLOYEHHbIA BEKTOPHbIA HAbop, 3NEMEHT KOTOPOro — pesynbTaT N3MEPEHNS KaKnX-
nmbo xapaKkTepucTuK aToro 06bEKTa B MPOMEXYTOMHOM aKTUBHOM COCTOSIHUM. YMCIIO NPOMEXYTOYHbBIX aKTUBHBIX
COCTOSIHUIA Y (hN3M4eCKX ODBEKTOB HE OAWNHAKOBO. B NAaccMBHOM COCTOSIHUM BCE M3MEPSIEMbIE XapaKTEPUCTUKA
paBHbI HyM. YNOPsAA0YEHHas COBOKYMHOCTb MPOMEXYTOYHbIX aKTUBHBIX COCTOSHWA COOTBETCTBYET aKTUBHOMY
COCTOSIHMIO  3TOr0 Oob6bekTa B LENoM. Ha npuvemHyl CTOPOHY MOCTYMaeT —WCKaKEHHas  LUyMOM
KBa3unepuognyeckast NoCNeAoBaTENbHOCTb Pe3yNbTAaTOB N3MEPEHNUS XapaKTEPUCTUK OT HEM3BECTHOTO ObbekTa.
TpebyeTtcs onpeaenuTb (pacnosHatb), OT Kakoro 06bekTa NocTynuna MHopMaLus.

CuTyaumm, B KOTOPbIX BO3HMKAT CHOPMYNMPOBAHHbIE COAEPXKATENbHbIE 3afauu, XapaKTepHbl, B YaCTHOCTH,
ANst 3NEKTPOHHON pa3Beniku, reoduanki, r1apoakyCTUKM, TENEKOMMYHUKALMM U OpYruxX npunoxeHui. B obeux
3afja4ax BO3MOXHbI 1Ba Cyyas, KOrga YMCro MPUHSTBIX UMMYNbCOB UMW YMCTIO HEHYMEBbIX BEKTOPHbLIX HaBopoB
B NOCNEA0BATENbHOCTU M3BECTHO M HEW3BECTHO. OTW Cryyan Ans ABYX chopMynMpOBaHHbIX coaepxaTenbHbIX
3a/la4 NpoaHanu13vpoBaHbl B HacTosiLLen paboTe.

®opmanbHas nocTaHOBKa 3afay

MMycTb Xnequ, neN, rpe N ={12,...,N}, — n0CnenoBaTebHOCTb BEKTOPOB €BKI1OOBA

npocTpaHcTBa. [lonycTM, YTO 3Ta NOCNEA0BATENBHOCTD UMEET CrELYHOLLYI0 CTPYKTYPY

uy, neM,
u, neM,
X, = (1)
uy, HGML,
L
0, neﬂ\f\szlle,

roe Uﬁ’:l le < N, npuiem M; mj\/lj =, ecnm i+ j.

Monoxum |3Vlj |=Mj, J=12,..,L,n {ny,....,np} =U§=13\/lj, roe M =Z§:1Mj . B pononxexune k
3TOMY 0MYCTUM, YTO

Isz{nm| m= jmodL), 1<m<M}, j=1,..,L, (2)
npuyem  anemeHTbl Habopa  (nyp,...,nps), COOTBETCTBYIOLIME HOMEPAM HEHyNeBblX BEKTOPOB B
nocnefoBaTenbHoOCTy (1), yAOBNETBOPSKT OrPaHUYEHNSM

1< Tonin < 1 =1 < Tpax SN -1, m=2,...M, (3)
rae Tinin Y Timax — HaTypanbHble yucna.

OrpaHuyerus (3) ycTaHaBnMBaKOT JOMYCTUMBIA WHTEPBaN Mexay ABYMst GrikailMMn HOMEpami HeHyneBbIX
BEKTOPOB B NOCNeAoBaTeNbHOCTH (1). OTU OrpaHNYeHUst MOXHO TPaKTOBaTb Kak YCrioBMe KBa3UMepUOaNYHOCTY
MOBTOPOB HEHYIEBbIX BEKTOPOB B NOCNeAoBaTenbHoCT (1).
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W3 (1)-(3) BKAHO, 4TO MocrneoBaTenbHOCTL X,, BKIOYaeT |_M / Lj MOMHbIX MOBTOPOB BEKTOPHOrO Habopa
(uj,...,uz) W, BO3MOXHO, OQUH HEMOMHbIN Habop. nemeHTbl nosTopstoLerocs Habopa (uy,...,uz) byaem

WHTEpNPEeTUpOBaTb Kak WH(OPMALMOHHO 3Ha4MMble BekTopbl. [locTynHOW [Ans aHanusa Oynem cuutatbh
nocresoBaTeNbHOCTb

Yn=Xptey, neN, (4)
rie e, — BEKTOp mnomexu (OWWOKN W3MEPEHMSs), HE3aBUCUMbI OT BEKTOpa X,,. 3aMeTUM, 4TO
X, =X, (n],....,np7,up,...,uy) . [onoxum

2
Sy npg st ) = DY =Xy | (5)
neN

W pPacCMOTPUM CreayHoLmMe 3a4a4mn CpeaHEKBaaPaTUYECKOrO NPUMONMKEHNS.
3apava 1a. [JaHo: nocnegosatensHocTs y, € RY, ne N, CTpykTypa KOTOPOW OnuchiBaeTCsi (hopMynamu

(1)-(4), Habop (uq,...,u;) HeHynesblx Bektopos M3 RY n HatypanbHoe uucno M . Halmu: Habop

(n1,...,n),) HOMEPOB TaKoW, 4To Lienesas PYHKUNS (5) MUHUMAIbHA.

3apava 1b. [Jaro: nocnegosatensHocTs y,, € RY, ne N, CTpyKTypa KOTOPOW OMMCLIBAETCS (hopMynamu

(1)-(4), Habop (uy,...,u;) HeHynesblx BekTopoB u3 RY. Haimu: WaBop (ny,...,njs;) HOMEPOB U €ro
pasMepHOCTb M Takue, YTO Lenesas QyHKUms (5) MUHUManbHa.

3apaum 1a u 1b oTpaxatoT CywWHOCTL NPO6NEMbI ONTUMABHOMO 0BHAPYXEHWS MO KPUTEPWIO MAHUMYMa CYMMbI
KBAOpPaTOB YKMOHEHMIA 3a4aHHOrO MOBTOPAWErocss Habopa MHGOPMALMOHHO 3HAYMMbIX BEKTOPOB B
HeHabntogaemMon nocrnegoBaTeNbHOCTM, CTPYKTypa KOTOpoi onuckieaeTces dopmynamm (1)-(3). Otnnume aTux
3afay COCTOMT B TOM, YTO B NEPBO 13 HUX YNCIIO HEHYNEBbIX MHEOPMALMOHHO 3HAYMMbIX BEKTOPOB CYUTAETCS
3afjaHHbIM, @ BO BTOPOW — HEWU3BECTHbIM, T.e. ABMISIETCS ONTUMU3NPYEMOIN BEMUYNHON.

Monoxum w = (uy,...,u; ). flonycTum B gonontHexue k (1)-(4), yto we W, npuiem | W= K , roe
2 :

W {(u,..uyp)| uje RY,0 <llw;[["<oo,j=1,....,L; Lefl,...Lpax}}- (6)
3nece W — MHOXECTBO (CrOBapb) BEKTOPHbIX HaBOpOB (CrOB) MOLIHOCTM K , PasMepHOCTb KOTOPbIX HE
NpeBoCXoaUT Liax -

PaccmoTpuM elle aBe 3agauv cpegHeKBaapaTMYecKoro NpubmkeHus.

3apava 2a. [Jano: MHoxectBo W, | W |= K , Habopos BexTopos 3 R, nocnegosatensHocTs y, € RY,
ne N, CTpykTypa KoTOpom onuceiBaetcst opmynamm (1)-(4) u (6), a Takke HaTypanbHoe uicno M . Hatimu:
BEKTOPHbIN HaBop w € W TaKoii, 4To Lieresas (PyHKLMS (5) MUHUMAnbHA Ha MHOXECTBE JOMYCTUMbIX HaBopoB
(n1,...,mp7) -

3apava 2b. [Jaro: mHoxectBo W, | W |= K , HaBopos Bektopos u3 R 7, nocnepgosarensHocts y, € RY,

ne N, CTpyKTypa KoTopoit onucsiBaeTcs popmynami (1)-(4) u (6), Halimu: BeKTOpHbIA HaBop w e W Takoi,
4TO LieneBas (yHKUMS (5) MUHUManbHa Ha MHOXECTBE [OMYCTUMBIX HABOpOB (71q,...,7p7 ) .

3apauw 2a wu 2b cooTBETCTBYWT npobreme pacno3HaBaHus NOCNEAOBATENbHOCTEN,  BKIHOYAIOLLMX
noBTOpSOLLMEC HAbOpbl YepeaytoLLMXCs BEKTOPOB, CKPbITbIX B HeHabnogaemoi nocnegoBatensHoctn (1).
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B 3apave 2a uucno HEHYNEBbIX BEKTOPOB B MOCNEAOBATENIbHOCTU CYMTAETCA 3adaHHbIM, a B 3afda4e 2b -
HEN3BECTHbIM.

Terko ycTaHOBWUTb, YTO K MUHMMMU3ALMM GyHKUMM (5) M K TakuM xe CCOPMYNMPOBaHHbIM Bbile YeTbIpem
3afjayam NpuUBOANUT CTAaTUCTUYECKUN NOAXOA K npobnemam oBHapyXeHUst 1 pacno3HaBaHus, eCik cYnTaThb, YTO
e,, B opmyne (4) ecTb BbIGOpKa 13 ¢ -MEPHOrO HOPMarbHOTO pacnpefeneHns ¢ napameTpamu (0,021) , Tae

I egvHuyHas maTpuua, a B KayecTBe KPUTEpUS PELUEHUs 3adaqn MCnonb3oBaTb MakCUMyM (yHKLMOHana
npaegonoaodus.

PeAyLIVIpOBaHHbIe ONTUMU3ALMOHHBbIE 3ada4vun

PackpbiBas kBagpaT HopMbl B hopmyrie (5), nomnyyum

= Yllyal? +ZM,||u,||2 22 > (vaouj)

neN Jj=1neM,;
2 M 2 i
2N¥a IF+ 2 ugn—tymod z+1 I~ =2 Z<Ynmau(m—l)modL+l>’
neN m=1 m=1

rae () — CKansipHoe Npou3Be/eHMe.

lMepBoe cnaraemoe B NpaBOi 4acTW MOMYYEHHOTO BbIPAXEHUS — KOHCTaHTa. [pu pMKCMpOBaHHbIX M 1
(uj,...,uz) BTOPOE CriaraeMoe TaKke SBMAETCH KOHCTaHTON. [103TOMy MMeem Cneayiolume peayLumpoBaHHble
ONTUMW3ALMOHHbIE 3aaun, K KOTOpbIM CBOAATCS 3agaun 1a u 1b.

3apava SRTVS-F (Searching for Recurring Tuples of Vectors in a Sequence, when A is Fixed). [JaHo:
NOCNeaoBaTenbHOCTb y(,...,y y—1 Bektopos u3 RY, Habop (uy,...,u;) HeHynesbix ektopos u3 RY u

HaTypanbHoe uucno M . Halimu: Habop (ny,...,1), ) HOMEPOB TaKOM, YTO

AZI‘, <ynm ’“l(m,L)> — max,

m=
roe [(m|L)=(m—1)ymodL +1, npu orpaHnyeHmsx (3).

3apava SRTVS-NF (Searching for Recurring Tuples of Vectors in a Sequence, when M is Not Fixed). JaHo:
NoCNeaoBaTensHoCTb y(,...,y y—1 Bektopos u3 RY n Habop (uy,...,uy) HeHynesbix BexkTopos u3 RY.
Hatimu: vabop (ny,...,n3, ) HOMEPOB TaKOW, 4YTO

L 2
2{2<Ynm a“l(m,L)>— 1w,y |7} — max, (7)

m=1
roe [(m|L)=(m—1)ymodL +1, npu orpaHnyeHmsx (3).

TOYHbIE NONMHOMUANbBHBIE anrOPUTMbI PELLEHUS 3TUX PEAYLMPOBAHHbBIX ONTUMU3ALMOHHBIX 3a4a4 0BOCHOBaHbI
B [1-3]. Tpyooemkoctn anroputmoB pewenus 3agad SRTVS-F u  SRTVS-NF ectb BenuuuHbl
OIM (Tmax — Tmin + 9)N]1 ¥ O[L(Tinax — Tmin +¢)N] COOTBETCTBEHHO.

3afaum 2a 1 2B CBOASTCS K PELUEHUO CRELyHOLLMX SKCTpeMarbHbIX 3aay.
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3apava SVTVP-F (Searching for a Vector Tuple in the Vocabulary of Patterns, when M is Fixed). [JaHo:

NOCNeaoBaTenbHoOCTb y(y,..., Y y—| BekTopoB u3 R Y, HatypanbHoe uicno M u crosaps W, | W =K,

YMOPSA0YEHHBIX Habopos BekTopos 3 R Y . Halimu: BekTopHbIi Habop w € W TaKoi, 4To BbinonHsetes (7),
Mpu orpaHnyeHusix (3).

3apaya SVTVP-NF (Searching for a Vector Tuple in the Vocabulary of Patterns, when A7 is Not Fixed). [JaHo:

NocneaoBaTensHocTs  yg,...,y y—1 Bektopoe 3 RY u wmHoxecteo (croaps) W, | W =K,

yropsinoyeHHbix Habopos (cros) BektopoB M3 RY. Halimu: BekTOpHblit HaBop we W Takoi, 4TO
BbInonHsieTcst (7), Mpu orpaHuyeHmsx (3).

TouHble NONMHOMMWarbHbIE anropUTMbl PELLEHNS 3TUX KCTPeManbHbIx 3anay 0BocHOBaHb! B [4-5]. BpemeHHble
croxHocT anroputmoB pelueHns 3agad SVTVP-F u SVTVP-NF ectb Benuuntbl O[ KM (Tinax — Tinin + ) V]

N O[KLpax (Tmax — Tmin +¢)N] COOTBETCTBEHHO.

AnropuTMbl peLLeHnsi NpUBeaEHHbIX PeayLUMpoBaHHbIX 3a4ay nexar B OCHOBE anropuTMOB NOMEXOYCTONYMBOrO
aHanu3a u pacnosHaBaHUs CTPYKTYPUPOBaHHbIX NOCNeA0BaTeNbHOCTEN, BKIHOYALMX NOBTOPSOLMECS HAaBbOPbI
YepeLyIoLLMXCS BEKTOP-pparMeHTOB. ATW anropuTMbl rapaHTUPYHT ONTUMANbHOCTb PELLEHMs Kak MO KpUTepHto
MaKkcuManbHoOro npaegonogobus B cnyyae, Korda noMexa anaguTWBHA UM SIBNSIETCS  rayCCOBCKOA
nocriesoBaTeNbHOCTLI HE3aBUCHMBIX OAMHAKOBO PacrpefeneHHbIX BENMYMH, Tak U MO KPUTEPUID MUHUMYMA
CYMMbI KBa[IpaToOB YKIOHEHWIA.

YucneHHoe mogenupoBaHue

Pe3yanaTb| YMCNEHHbIX 3KCNepuMeHToB, MpeAcCTaBNEHHble HWXe B KayeCctBe MNpumepa, HOCAT YUCTO
I/IJ'IJ'IPOCTpaTVIBHbIVI XapakTep. OHu nuwb AEMOHCTPUPYHOT pa60Ty anroputMoB 1 CyLWHOCTb PaCCMOTPEHHbIX
3afad and oqHOMEPHbIX nocnegoBaTeslbHOCTEN.

Ha puc.1a wn3obpaxeHa CreHepupoBaHHas MnocrnegoBaTenbHOCTb X, BKMovawwas 3 nostopa Habopa
cparmeHToB. Ha puc. 1 6 npeacrasneHa nocneaoBaTentHOCTL Y, noanexayas obpabotke (B 3ToM npumepe

YPOBEHb MOMEXV MPEBbILLAET YPOBEHb CurHana). Ha puc. 1 B npuBeeHa NocnefoBaTeNnbHOCTb X, NoNyyeHHas
C NOMOLLbIO anropuTMa OBHapyxeHus, B YCrOBWSX, korga uucno M 3agaHo. [psmoyronbHbIMM pamkamu
O4YepyeHbl MecTa pacnonoxeHust OOHapyXeHHOro Habopa, HaigeHHble anropuTMOM B 3alLyMNIEHHOM
nocnefoBaTensHOCTU. YnNCroBble AaHHbIE MOA rpadpmkamu COOTBETCTBYIOT 3afaHHbIM (puc. 1.a) 1 HanaeHHbIM
(pnc. 16 1 1 B) HauyanbHLIM HOMEpPaM hparMeHTOB. PUCYHOK WIMIOCTPUPYET NpakTuieckn BesynpeyHyto paboty
anroputMa B yCrioBusiX, KOrAa YPOBEHb CUTHANa HIKE YPOBHS MOMEXH.

Ha pwuc. 2 npeacraBneHbl KPMBblE€  OLIEHOK HOpMMpOBaHHOIZ cpe,quKBanpaqueCKoﬁ OLLMBKN

e(o)=E||X-X ||2 /", rne E — CUMBON MaTeMaTM4eckoro OxupaHns, e — oueHka cBepxy AN

| X — X |>. Kpveas 1 nomydeHa C MOMOLLbIO anropuTMa OGHApYXEHUs MpU HEM3BECTHOM wucne M

(OparMeHToB, a KpuBas 2 — C MOMOLLULIO anropuTMa, OPUEHTUPOBAHHOTO Ha CWUTyaLMio, Korga 3T0 YMCIO
n3BeCTHo. PesynbTaThl nonyyeHbl npu  obpabotke ogHux u  Tex xe 25000 creHepupoBaHHbIX
nocrnefoBaTenbHOCTEN, B COCTaBe KOTOPbIX MOBTOPSNCS Habop w3 Tpex (hparMEeHTOB; MECcTa pacrnofoXeHus
(hparMeHTOB B NOCEA0BATENBHOCTAX FEHEPUPOBANMCH C MOMOLLBIO AaTYMKa CyYanHbIX YUCen.

Puc.3 wnniocTpupyeT  3aBUCMMOCTb  OT  YPOBHS  MOMEXW BEPOSTHOCTM  OWMWOKM  pacrnosHaBaHMs

rnocneaoBaTeNbHOCTEN, BKAKYABLUMX NOBTOPbI ABYX Pa3fiUYHbIX 3TaNOHHbIX Ha60p08, B COCTaB€ KOTOPbIX
MMEeNoCb NO TpWU BEKTOpa. TeopequeCKme OLEHKHN BerHel7I U HWXHEN rPaHnL, BEpPOATHOCTU OLUMOKM
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pacrnosHasaHus o' (o) u ad(o-) B BUAe rpacpmkoB npuseseHbl nog Homepamu 1 1 4. Kpusble 2 1 3 nonyyeHsl
B YCMOBWAX, KOrAa Yncno M 6bino HEN3BECTHO M N3BECTHO COOTBETCTBEHHO.
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OueHka BEpOATHOCTM OLWMOKM pacno3HaBaHUs MPWU  KaXOOM 3HAYEHUM o NOACYMTaHA no  hopmyne
a=(vi+vy)/2,10€e V| U vy) — YNCTO HEBEPHO OMO3HAHHBIX MOCMELOBATENBHOCTEN, CreHEPUPOBAHHBIX MO
Kaxaomy —aTanoHHoMmy Habopy. MopgenupoBanack GaiecoBckas npouedypa  NPUHATUS  pelleHust ¢
PaBHOBEPOATHbIMW runoTe3amn (Habopamu). Kaxpas TOYKa SKCMEpPUMEHTaNbHOW KPMBOWM ¢ MOMyvyeHa B
pesynbTate ycpeaHeHus 25000 3HaueHWn. Puc. 2 u 3 AEMOHCTPUPYIOT NErko LokasyeMblit hakT, YTo oLmbka
0BHapyXeHNS 1 BEPOSTHOCTb OLWIMOKM pacno3HaBaHWs OyayT MeHbLle B CUTYyauuwW, KOrga YWCrO HEHyneBbIX
(hparMeHTOB B NOCNELOBATENBHOCTM U3BECTHO, YEM B CUTYaLWM, KOTAA 9TO YUCIIO HEM3BECTHO.

3aknioyeHue

PaccMoTpeHHble 3aauyn BXoaaT B GOMbLLIOE CEMENCTBO akTyarbHbIX 3aaad [6], K KOTOpbIM CBOASTCS TUMOBbIE
npobnembl nomexoyctoiumeoro off-ine aHanMsa v pacnosHaBaHWs CTPYKTYpPUPOBaHHbLIX [aHHbIX B BUAE
YMCIMIOBbIX W BEKTOPHbIX MOCNEAOBATENbHOCTEN,  BKIKYAKWMX  MOBTOPSIOLLMECS, Yepedytoinecs U
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nepemexatoineca VIHCbOpMaLLI/IOHHO 3Ha4YMMbl€ BEKTOPbI UK (*)paFMeHTbI. B HaCTO$|LLLeI7I paGOTe npeacTaBeHbl
Sq.)dDeKTMBHbIe anropuTMmn4ecKmue peLleHna YeTblpex paHee He U3yYeHHbIX 3afad 13 3Toro cemelicTaa.

OTKpbITHIM  OCTAETCA BOMPOC O Pa3peluMmocT 00OOLLEHMS pPaCCMOTPEHHbIX 3apad  ObHapyXeHus W
pacno3HaBaHWs Ha TOT cryyail, koraa BMecTo Habopa (pparMeHTOB, 3MEMEHTbI KOTOPOro YnopsipOudeHbl B
COOTBETCTBUM C (PUKCMPOBaHHBIM HabOPOM BEKTOPOB, TpebyeTcs HanT Habop (hparMEHTOB C TOYHOCTbIO A0
BCEBO3MOXHbIX MEPECTaHOBOK 3NEMEHTOB (PUKCUPOBAHHOTO BEKTOPHOTO Habopa. ANrOpUTMbl PELUEHWSt STUX
3afjay NpeacTaBnsoT 3HAUMTENbHBIA MHTEPEC ANs psAa YNOMSHYTLIX BO BBEAEHUM npunoxeHnin. O60CcHOBaHME
anropuTMOB peLLEeHNs 3TVX 3aay NPeaCcTaBnsAeTcs AenoM bnvxaiLlen NnepenekTmBbI.

BnaropgapHocTu

Pabota noggepxana rpaHtamu POOW 09-01-00032, 07-07-00022 u rpaHtom ABLIM Pocobpasoanus
2.1.1/3235.
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MNOCTPOEHME NIOr'MKO-BEPOATHOCTHbIX MOOENEN
BPEMEHHbIX PA10B C UCMONb30BAHUEM LIENEA MAPKOBA

CsetnaHa Hepgenbko

Abstract: The method of logic and probabilistic models constructing for multivariate heterogeneous time series is
offered. There are some important properties of these models, e.g. universality. In this paper also discussed the
logic and probabilistic models distinctive features in comparison with hidden Markov processes. The early
proposed time series forecasting algorithm is tested on applied task.

Keywords: multivariate heterogeneous time series, pattern recognition, classification, deciding functions, logic
and probabilistic models.

ACM Classification Keywords: G.3 Probability and statistics: time series analysis, Markov processes,
multivariate statistics, nonparametric statistics; G.1.6. Numerical analysis: optimization.

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

BBeaeHue

3agaum aHanM3a M NpOrHO3MPOBaHUS MHOrOMEPHbIX Pa3HOTUMHBIX BPEMEHHBIX PSAOB B HACTOsLEe BpeMst
npeacTaBnsoT GONbLUIOK MHTEPEC ANS UCCeAoBaHus. B 3aBUCMMOCTM OT MPEANOMNOXEHUIA O NPOrHO3MPYEMOil
(YHKUMW, NMOCTAHOBKM 3afay [AENsTCA Ha CTaTUCTMYeckue (BEPOSITHOCTHbIE) M AEeTEPMUHMPOBaHHble. B
BEPOSITHOCTHOW MOCTAHOBKE 3aAay MPOrHO3VPOBaHUS W WAEHTU(MKALMM MOZENM MaTeMaTUYeckol MoZemnblo

BPEMEHHOr0 psga Z (t) BbICTYNAET CyYaiHblil npoLecc.

Cpenu NpoLeccoB C AUCKPETHbIM BpemMeHeM GONbLUION MHTEPeC Ans 3ajay MpOrHO3VpOBaHUS MPEACTABMST
CTaLMOHAPHbIE MPOLLECChl C KOHEYHOW AMMHOM 3HAUMMON MpeabICTOpUM, T. €. Takue MPOLECCH, AN KOTOPbIX
pacnpefieneHne BENMYMH B MOMEHT f He 3aBUCUT OT f M BCELENno Onpeaensercs peanva3oBaBLUMMMUCS
3HaYEHNSMM Ha npeablaywnx d MoMeHTax BpemeHu. CryyaitHble NPOLECCh! C TakMMM CBOMCTBAMMU Ha3bIBAKOTCS
mapkosckuMu npoyeccamu. MpoLeccbl pacCMOTPEHHOTO TUNa YAoOHbI AMNs aHanu3a Tem, YTo WX peanusauuto
MOXHO CBECTM K 06bI4HON TabnnLe AaHHbIX, NOCHE YEro BOCNONb30BaThCS METOAAMM CTATUCTUYECKOTO aHaNN3a.

Mpn d = 1 BpeMeHHOI psid C ANCKPETHBIM MHOXECTBOM 3Hau4eHuiA (COCTOSIHMIA) HasblBaeTcs Lienblo Mapkoga,
KOTOPas MOMHOCTLIO OMPEe/eNnseTcs MaTpuLed NepexoaHbIX BEPOATHOCTER p;; :P(z(t): j/z(t—1)=i).

BeposiTHOCT MOXHO HENOCPeACTBEHHO OLEHWUTb MO BbIGOPOYHONM peanuaaunn kak YacToTbl COOTBETCTBYHOLLMX
nepexogoB. B cnyyae d >1 maTpuua nepexomoB CTaHOBMTCS MHOTOMEPHOW, M €e HEMOCPEACTBEHHOe
OLEeHMBaHME MO YacToTaMm yxe npu Hebombwnx d TpebyeT Gomblwon AnuHbl 0byyeHus. B atom cnyvae
HeoOX0AMMO MCNONb30BaTh  CreLManu3upoBaHHble MeToAbl MPOrHO3uMpoBaHus. CyleCTBEHHO paclumpsieT
0bnacTb NPUMEHMMOCTM MapKOBCKWX Lieneit NOAXod, OCHOBAHHbIA Ha MCMONMb30BAHWM CKPbITbIX MapKOBCKMX
npoLeccoB.

CkpbIThle MapkoBckue mogenu [Baum, 1970] ctposTcs 06bI4HO B paMkax napamMeTpu4eckoro Noaxoaa, npu 3Tom
BMA YCMOBHbIX pacnpedeneHnin Ha Habniopaemblx MEepeMEeHHbIX [N CKPbITbIX COCTOSHUIA  3apaeTcs
3BpUCTMYECKM (3kcmepTHO). [na nogbopa napameTpoB MOZENM WCMOMb3YeTCs, B OCHOBHOM, KpUTEpUI
Makcumyma npasgonogobus.



84 8 — Classification, Forecasting, Data Mining

[pyrum nogxodom K annpokcumaumy npouecca, 3afatollero BpeMeHHOM psif, BbICTYNaeT NOCTPOEHWE FOruKo-
BepoATHOCTHLIX Moaenei [Lbov, Nedel'ko, 2001]. B oTnnume oT CKpbITbIX MapKOBCKIUX MOAENei, 3aeck 3aaaercs
MWL knacc pasbueHnin, obnactn KOTOPbIX WM PAcCMaTPMBAOTCA B KayeCTBe COCTOSHUW, SBMAMLLMXCS
HabntogaembiMu.  [1pU  MOCTPOEHWM  NOTUKO-BEPOSITHOCTHBIX MOAENEN MOXHO MCMONb30BaTh PasnuyHble
BapuaHTbl [Hegenoko, 2008] kputepres MHGOPMaTUBHOCTM.

MocTtaHoBKa 3agaum

VimeeTcs n-MepHbIN BPEMEHHON pag v = {zt‘ t=1,N } Zl = (zf,...,zfl ) 25 € Zj . 3[1eCb Z; — MHOXEeCTBO

[OMYCTUMBIX 3HAYEHU - NepeMeHHon papa, Z = ﬁZ i B Habope nepemeHHbIX Z,...,Z, MOryT BbiTb
Jj=1

OLHOBPEMEHHO NEPEMEHHbIE Pa3HbIX TUMOB.

MycTb psg ABNSETCS peanusaumeit CnyyaitHoro z-MepHoro npouecca z(f) ¢ AUCKPETHbIM BPEMEHEM, KOTOPbIN

3a[aeTcs MepexoaHoi (yCrioBHOM) BEPOSTHOCTHOM Mepoit P:AxZ d_ [O,l], roe A - oc-anrebpa

MOAMHOXECTB U3 Z, a d — AnvHa NpeabICTOpKK, KOTopasi ONpeaensieT pacnpeaenermne B 3a4aHHbIA MOMEHT.

TpebyeTcs Ha OCHOBE MMEIOLLMXCS AaHHbIX V MOCTPOMTb MPOTHO3 BPEMEHHOrO Psifa B MOMEHTbI BPEMEHM
t > N B COOTBETCTBUM C HEKOTOPbIM KpUTepueM. Takke MOXHO CTaBUTb 3afadvy annpokCUMaLMW YCrOBHOMO
pacnpesienenus, T. €. NOCTPOEHUS MOLENM OMnUChIBALOLLEro psa npouecca. HalneHHast Moaenb Ucronb3yeTcs
ANs aHanW3a psaa, a Takke NPOrHO3MPOBaHMS €ro 3HAYEHMIA.

Beenem obosHaueHns X = Zd, Y =7, npuuem X 6ygem ucnonb3oBath Ansi 0603HAYeHUs] MPOCTpPaHCTBa
npeabICTOpuiA, @ Y — Ans NpocTpaHCTBa 3HAYEHUt B MOMEHT BpEMEHH, 151 KOTOPOro AenaeTcs nporHo3. Torga
MepeXofHyIo Mepy MoxHo sanucats kak P [ Z/z(t —1), z(t —2), ..., z(t—d)]= P [ Y/x].

B nanHbix 0603HaYeHAX BEPOATHOCTb CobbITUA £y € A, Ey C Z , 3anucbiBaeTcs kak
P(z(t)e Ey/z(t-1), 2(t=2), ..., z(t—d))= P(Ey/x) =P [Y/x](Ey).

3ameTuM, YTO Kpyrmble CKOBKM MCMONb3YHTCS [4N1S yKasaHWs apryMeHTa (yHKUMK, a kKBaapaTHble — Kak YacTb
0603Ha4eHnst Mepb!.

Bo BBeAeHHbIX 0603HaqeHNsX MPOTHO3NpyeMble 3HajeHus ectb v () = z;(¢), j =1L,...,n, @ nepemeHsie,
nucnonb3yemble Ans NporHo3npoBaHus,

3 (0= 2;(t=1), X () =2t =2) o) Xjupaon () =2 (=), j=1.n.

Pa3MepHOCTb NPOCTPaHCTBA NPOrHO3UPYIOLNX NEPEMEHHbIX €CTb 71 = nd.

HOFMKO-BGPOHTHOCTHaH mogenb

B pabote Oyaem npoOrHO3MpoBaTb MHOrOMEPHbIM Pa3HOTUMHBIA BPEMEHHOM pPsL B KMacce IOrMYEeCcKUX
pelaowmx MYHKUMA, 4TO CBOAWUTCA K 3afaye MNOCTPOEHMS NOMMKO-BEPOSTHOCTHOW mogenn psga. [yctb
OfHOBapuaHTHas pelwaiollas GyHkuus umeet Bug f : X — Y, MHOrOBapWaHTHOE peLuatllee npaBuno

npeactaensercd BBuge f : X — S, roe pewenve s € .S npegcrasnset coboit MHOXECTBO nap

§s= {(Eé,fok )‘ k= I,_M} Dy — OLEHKa yCIOBHOI BEPOSITHOCT P(E{f/x) Efcy.
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Toraa Norko-BePOSITHOCTHOM MOENbIO ABNSAETCS MHOrOBapUaHTHOE peLuatoLLiee NpaBuno
f1 = {(Eé(,sl)‘ Z:L_L}, roe Eﬁ( < X obpasyiot pasbuenne o = {Eﬂf ‘ lzl,_L} npoctpaHcTea X.

Pelwaiowyio (YHKUMIO MOXHO CTPOUTb Ha OCHOBE BOCCTAHOBMEHWSI YCMOBHOMO pacnpegeneHns nubo B
3a[jaHHOM Krnacce B COOTBETCTBUM C aMnMpudeckum kputepuem K. cnonbayemblit B AaHHOW paboTe nogxogq
npegnonaraeT YacTUYHYK annpoKCMMauMio pacnpedeneHnin.  AnnpoKCUMUPYIOWEN MOAENbI  ClyYalHoro
npouecca byaem HasbiBaTb Cy4anHbli NPOLECC, 3aAaHHbIN Ha curMa-anrebpe, SBNSOLLENCS NOAMHOXECTBOM
ncxopHoin. Takum obpa3om, Mogenb onpeaensieT BeposTHOCTU He Bcex cobbITUi. Bonee Toro, npakTuyeckn Mol
Oyaem paccMaTpuBaTh TOMBKO MOZENH, ONpPeAensitoLme BEPOSTHOCTM ML HA MHOXECTBAX KOHEYHOW anrebpb,
NOPOXAEHHON MHOXECTBAMWN HEKOTOPOTO KOHEYHOrO pasbueHns NpocTpaHCcTBa nepeMeHHbIx. Boobiye, rosops o
curma-anrebpe, Mbl Besge Noapa3yMeBaeM, YTo B YaCTHOM Crlyyae OHa MOXET ObITb KOHEYHOM.

Onpedenerue. Hocutenem Mopenu Ha3oBeM COBOKYMHOCTb TakiX MHOXECTB ee G-anrebpbl, KOTopble He
BKIIIOYAIOT B CeBS PyruX aNemMeHToB G-anrebpbi.

OnpedeneHue. CnoXHOCTbI0 MOAENM HA30BEM MOLLHOCTL €€ HOCUTENS.

Onpedenexue. Knacc Mopeneit  HasblBaeTCA yHMBEPCAMbHBIM, ecrn Ans nioboro P[Z] v mioBoro & > 0
HaineTcst mogens P[Z]e @ , ans votopoit K (P[Z])- K (P[Z])< ¢

CopepxaTenbHo, YHMBEPCANbHOCTb O3HAYaeT, YTO MOAENSMW Kmacca MOXHO CKOfb YrOOHO TOYHO
annpokcummpoBaTth noboe pacnpefeneHne (Ha W3HavanbHO (PUKCMPOBAHHOW G-anrebpe), npu 3TOM nog
TOYHOCTbIO anNNPOKCMMALK NOHUMAETCS BNN30CTb 3HAYEHUIA KpUTEPUS MHGOPMATHUBHOCTMY.

Ecnu npocTpaHCTBO NepeMeHHbIX HEenpepbiBHO, TO YHWUBEPCANbHbIA KNacC AOMKEH COAepXaTb, OYEBWAHO,
BecKoHeYHOEe YMCNO MoZenen CkoMb YrogHo GonbLuoit cnoxHocT. OgHako, Npu 3TOM OH He 06s3aH coaepkaTb
mozener 6eCKOHEYHON CIIOXHOCTH.

Onpedenerue. Knacc mogenein @ Ha3oBeM 3aMKHyTbIM, eCciv Ans nobbix AByX €ro Mogenen cyllecTsyet
MoZaenb, HOCUTENb KOTOPOI COAEPXUT NEepeceyeHe HocUTenemn aTux ABYX Moaene.

lunomesa. Ecnu knacc mopeneit @ saBnseTcs 3aMkHyTbIM W NeberoBo 3amblkaHue 06beanHeHns c-anrebp
MoZenen Knacca AaeT UCXOAHYH G-anrebpy, TO TakoW Knacc SBNSeTCs YHUBEPCanbHbIM.

CopepxartenbHo 30echb YTBEPKAAETCS, YTO YHUBEPCAmNbHOCTb Kacca Mogenemn onpeaenseTcs Tem, Yto Moaenu
B COBOKYMHOCTY MOPOXJAT Ty Xe G-anrebpy cobbITuii, Ha KOTOPOW 3afaHa BEPOATHOCTHAs Mepa. M3 gaHHoro
YTBEPXAEHUS CNEAYET, YTO KNace NOMKO-BEPOSTHOCTHLIX MOZENeN ABNSETCS YHUBEPCANbHbIM.

3ametum, YTo CHOPMYNMPOBaHHOE NPEANONOXKEHNE TECHO CBA3AHO C YHMBEPCANbHOCTLIO Knacca NMOornyeckux
pelwarowmx yHkumi [J16o, Crapuesa, 1999], a Takke cO CBOWCTBOM universal consistency peLaoLmx
OYHKLMA.

Kputepun nudopmatusHoctu

OgHum 13 Kputepues VIH(*)OpMaTVIBHOCTVI, ncnonb3yemblX AnA NOCTPOEHUA J'IOFVIKO-BGpOFITHOCTHOVI MoJenu,
ABnAeTca KpMTepI/IVI Ha OCHOBE AMBEPreHuun, KOTOprVI MOXeT BbITb 3anucaH B BUAE

Ke (Pl v]) = [inBH aplx v]= [ S ap{x, v].

M3BecTHO, 4TO [MBEpreHUMs SBRSETCS HEOTPULATENbHOM BEMMYMHOA W paBHA HYMK, TONMbKO €cnu
pacnpefieneHns coBnafatoT. BuaHo, YTo BbipaXeHue KpUTepUst CBENOCh K AMBEPreHUMM MeXay COBMECTHbIM
pacnpefeneHMemM W NPOM3BELEHMEM  MapruHambHblX — PacnpefeneHuil, 4To  SBNSETCS  BENUYUHOM,
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XapaKTepU3YIOLLENn CTENeHb 3aBUCUMOCTM Mexay X u Y. 3ameTum, 4TO MapKOBCKWMA CyvaiHbIi npouecc
MOMHOCTLH ONPEAENSETCS BEPOSATHOCTHON MEPON P[X Y ] .
oA y[Z ] Oynem noHumate Mepy Jlebera, ecnn Z — HenpepbIBHOE NPOCTPAHCTBO, U CHUATAIOLLYI0 Mepy, ecnn Z

— OMCKPEeTHO. [ins pasHoTMNHOro Z mepa ,u[Z ] Oynet onpenensTbCs kak cymma neberoBbix Mep HenpepbiBHbIX

KOMMOHEHT MHOXeCTBa.
Ceolicmeo. 3HaueHWst OWBEPreHUM nexaTt B [nanasoHe [O,+oo], B YaCTHOCTM, CyLEeCTBYIOT MapKOBCKUE

CryJaiiHble NpoLeccsl, Ans KoTopbix K~ (P[X Y ] ) = +00,

Paccmotpum cnegyrowmin npumep. Tycte Z =[0,1], X =Y =7. 3agagum crnyyaiHblin mpouecc 4epes

NNOTHOCTU
dP[x] |1, xe(0,1] dP[Y/x]_{O,S, yelol], y=x ~ ~
—dy[X]_{O, celo1] @] 1o, weloq] " b =x/x)=05.

[pn gaHHOM npoLecce 3HaYeHe eAMHCTBEHHON NePeMEHHON B CIEAYIOLLMIA MOMEHT BPEMEHW C BEPOSITHOCTLIO
0,5 ocTaetcs npexHUM, a ¢ BeposTHOCTbI0 0,5 3MeHsIeTCS Ha crnyyainHoe 3HadeHue u3 uHtepeana [0, 1]. Ans

NOCTPOEHHOro npumepa K (P[X Y ] ) = +00.

Takum 06pa3oM, AVBEPreHLs He NPOCTO HEOrpaHMieHa, HO MOXET MPUHIMATL GECKOHEUHbIE 3HAUEHNS.

Onpedenenue. ntporieit Mepsi P[Z ] Gynem Hasbisats senvuny H(P[Z])= - | lnj—z[é]] dpP|z].

[MBEpreHLiMI0o MOXHO NETKO BbIPa3Tb Yepes SHTPOMMIO
Ke(PLX,Y]) =t (Px])+ H(PY])- H(PLX,Y]).

3aecb Mbl npegnosiaraém KOHE4YHOCTb BCEX 3HTpOI'II/IVI.

CeA3b AMBepreHUMM U npasgonoaooms

n ( )_ arlY] _ & ( )_ dP[Y/x]

yoTo @(y)=Z17] — 0e3ycroBHas MioTHOCTe BEPOATHOCTH, ¢ y/x =gu[y] ~ YCroBHan nroTHocTy
_ap[x.Y] _ ( | N)

BEPOSTHOCTH, @ (p(x, y)_ dnlx.y] — COBMECTHas nnoTHocTe BeposTHocT, u v =|z',....2" | - BbIGOpKa,

npeacTasnstoLlas coboi peanuaauuio CnyyanHoro npouecca. [ins npoctoTbl paccMoTpum cnyyan d =1.

yHKLMS NpaBaonoao6us BbIGOpkY eCcTb
7[(V) = ln(p(zl)+ ]Zv:lngo(zi/zi_l): ]Zv:ln(o(zi_l,zi)—glngo(zi).
i=2 i=2 i=2

MMycTb P[Y ] — amnupuyeckas (BblbopoyHas) mepa (kaxaon BbIOOPOYHOM TOYKE, KPOME MepBOiA, MPUNUCAHO

3HaueHne ﬁ), a P[X Y ] — amnupuyeckas (BblOOpoYHas) Mepa Ha mapax, COCTaBMEHHbIX U3 COCEOHUX

BbIOOPOYHBIX 3HAYEHUI (KaXOOM Nape MPUNMCaHO 3HAYeHue ﬁ). Torga yHkuMs npaBaonogodus MoxeT

ObITb 3anKcaHa B Buae

7(v)=[Ing(x,y) dP[X,Y]- [Ing(y) dP[Y].
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Mpu poctatoyHo 6onbluMx oBbemax BbIOOPKM 3MMMPUYECKYID Mepy MOXHO NPUBIIMKEHHO 3aMEHWTb
BEPOSITHOCTHOM Mepoi (B COOTBETCTBMM C KOTOPOW nonyyeHa Bblbopka). Torga B NpaBoi YacTu Momnyyum
PasHOCTb SHTPOMMIA

z(v)~ H(P[Y])- H(P[X,Y)).
HeTpyaHo y6eanThes, 4TO 3T0 BbipaxeHue nonyyaetcs v B cnyvae d > 1.
3ameTIM, YTO MOIy4YEeHHOE BbIPaXEHIE OTNNYaAeTCH OT KC(P[X Y ]) Ha BenuinHy H (P[X ] )

[laHHoe oTnMyMe OuYeHb CyLecTBEHHO. Ecnn amBepreHumMs onpeaensiercst MCKMIYMTENBHO BEPOSTHOCTHBLIMM
Mepamu, TO 3Ha4eHue npaBLonofobus 3aBucuT OT BbIGopa Mepbl L. Tak, HanpuMep, Npy YMHOXEHUN MepbI LL Ha
KOHCTaHTy A K BenuunHe npaeponogobus npubasutcst cnaraemoe —In A . Takum obpasom, abconmtoTHoe
3HayeHWe npaBoonoaobus He WMEEeT COdEepXaTernbHOr0 CMbiCna, a WMEET CMbIC MUlb  OTHOLEHWE
npaegonofobus (Mnm pasHoCTb forapudMoB).

Ha camom gene, Ham Kak pa3 W Hy)XHO CPaBHWBATb MOAENM, NOSTOMY PasHOCTb NorapudMoB Npasaonoaobus
Obina bl noaxoasLLen, ecnm Bbl ee MOXHO BbIfo BbIYMCNUTL BO BCEX MPaKTMYeckux cutyaumsx. OpHako ans
HaxoXOeHUs OTHOLEHWS npaBgonogobus Heobxogumo, YTOBbI CpaBHMBAaEMble MOAENM  OMpeaensnu
BEPOSATHOCTM Ha OOHOM W TOM e MHOXeCTBe COBbITUA. [pn 3TOM pasHble NOrUKo-BEpPOSTHOCTHbIE MOAENN
COAEpXaT OLEHKN BEPOATHOCTEN ANS pasHbiX pasbueHui (COBOKYMHOCTEH obnacTeit), u BoBCe He 00s3aHbl
BKNKOYaTh B CeBsi OLEHKM BeposTHOCTEN [Ansa obnacTei w3 nepeceveHns pasbueHuit. MoaTomy Kputepui
npaegonogobusi, B OTNYME OT OMBEPreHUMM, NMPakTUYECKW He MPUrogeH Ans OLEHMBAHWS KayecTBa Noruko-
BEPOSATHOCTHBIX MOAENeN.

3ameTim, 4TO YykasaHHOe OOCTOSTENbCTBO SIBNSIETCA OAHAM M3  Hanbonee CyLIECTBEHHbIX OTNUYMIA
paccMaTpvBaeMoro Moaxofa, OCHOBAHHOTO Ha MOCTPOEHUM OTMKO-BEPOSITHOCTHBIX MoJenei, oT nogxoaa,
CBSI3HHOTO C MOCTPOEHMEM CKPbITbIX MApKOBCKMX Mogenewn, B kotopom Tpebyetcs, utobbl Mopenu Gbinu
CPaBHUMbI N0 NpaBAONOL06MHO.

MeTtop nporHo3mpoBaHus

_ k
3adukeupyem HeKoTopoe pasbueHne A= {E “cZ ‘ o= l,k}, UE ©=7,
w=1

w#w=E?NE® =@ npoctpaHcTtea Z. Tenepb MCXOAHOMY MHOTOMEPHOMY psifly V MOXHO COMOCTaBUTb

t

t -
OOHOMEPHYI0 CUMBOMbHYK MOCNEAO0BaTENbHOCTE W = { o'|zl e E? ,t=1LN } CnyvainHomy npoueccy

z(t) BypeT cooTBETCTBOBATL NPOLIECC a)(t) nepexoaHble BEPOSITHOCTM 4115 KOTOPOro 0603HaYMM
Paop|n,0nsetg = P(olt)=wy/olt-1)= o, ..., o(t—d)=wy).
Kputepuit kauecTBa, OCHOBaHHbIN HA OMBEPreHLn, BBOAUTCS CreayoLLmMM 06pasoM:

k k p
0)0‘0)1,0)2,...,0)d
KeM)= 2 o X Pogorog M—— .
o=l oyz=1 p(n()
MpubnuxkeHHoe K onTUManbHOMYy pasbueHWe A NpOCTpPaHCTBA NEPEeMEHHbIX psiga Z WLWETCS anropuTMOM
HanpaBneHHoro noucka LRP [J16oe, Crtapuepa, 1999]. OueHuBaeTcs maTpuua NEpeXOAHbIX BepPOATHOCTEM
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Mexay COCTosHMAMU, npeacTaBnawmMMn coboit obnact 13 pa36meH|/|ﬂ. KpVITepI/IeM KayeCtBa NOCTPOEHHOro
peleHna aBnaeTca mepa I/IHdJOpMaTMBHOCTI/I MaTpuLbl NepexoaHbIX BepOFITHOCTeI7I Mexay COCTOAHUAMN.

3aaava NporHo3upoBaHNA COCTOSIHUSA MOHOCEpbI

lonosphere — MaccuB [OaHHbIX, COOEpPXallui pesynbTaTbl 3MEeKTPOMArHUTHOTO 30HAMPOBAHWS MOHOCKHEPHI,
npeacTasnexHbin B konnekumm 3agad UCI (University of California, Irvine) Machine Learning Repository
(http://archive.ics.uci.edu/ml/datasets.html). Umeetcs 351 obbekT, xapakTepusyowmiics 34 nepemMeHHbIMU.
Kaxpas n3 17 nap nepemeHHbIX €cTb [JEeNCTBUTENbHAA Z; W MHUMas Z, 4acTu KOMMIIEKCHON BENUYMHbI,

COOTBETCTBYIOLLEN HEKOTOPOW XapakTepucTuke obbekTa. M3BecTHo, Yto ans 225 0ObEKTOB XapaKTepuCTUKM
COOTBETCTBYKT XOpOLUEMY MPOXOXAEHUO OnpedeneHHoro curHana vepes uoHocdepy, a Ans 126 obbektos
NNOXoMy MPOXOXAEHWKO 3TOro curHana. bygem o6osHauatb ati cnyyan kak knaccel 1w 0. Llenbto siBnsetcs
nporHosupoBaHue knacca (0 unn 1), T7.e. cTaBMTCA 3agava Knaccudmkaumm.
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Pwc. 1. Obnactu Hanbonee MHGOPMATUBHOTO pa3bueHns B MPOCTPAHCTBE 3HAYEHWUN XapaKTEPUCTUK CUrHana
ans knaccos 0 — cnesa, n 1 - cnpasa.

Ha ocHoBe npenBapuTENbHOTO aHanm3a MaccuBa AaHHbIX ObiNo caenaHo MpeanonoXeHUe, YTO yKa3aHHble
nepemMeHHble COOTBETCTBYIOT 3HAYEHWAM OAHOM (DU3MYECKOM BEMUYMHBI, W3MEPEHHON B NocnefoBaTenbHble
MOMEHTbI BPEMEHM, T.€. YTO CTPOKM MCXOLHOM Tabrnuubl MOXHO WHTEPMPETMPOBATL Kak OTPE3KWM ABYMEPHOrO
BPEMEHHOT0 psiaa AnuHoi 17.

MeTog knaccudukaumm npeanaraetcs cneaylowuin. BpemeHHble psigbl kKaxaoro knacca 00beanHATC B OAMH
BPEMEHHOW psA, AN KOTOPOro MPEANOXeHHbIM Bbille METOAOM HaXOAATCs 3aKOHOMepHOCTW. Ha pucyHke 1
npeactaBneHbl  00beauHEHHbIE BpeMeHHble psabl Ans oboux KnaccoB (0TOOpaxeHbl TOMBbKO  TOYKM,
COOTBETCTBYILLME 3HAYEHWNAM psiga, NP STOM TPAEKTOPUM ABWKEHWS HE MOKa3aHbl BBUAY rPOMO3SKOCTH), a
TaKke 0bnactu pasbueHns NPOCTPaHCTBA XapakTePUCTUK CUrHana Ans Mogenen no Kaxaomy Knaccy OTAesbHo.
B Tabnuue 1 nprBeaeHbl MaTpuLbl OLEHOK NEPEXOAHbIX BEPOSTHOCTEN mexay obnactamu ans knaccos 0 u 1
(neBas u npaBas Yactv Tabnuupl). Mpy 3TOM B NEPBOM CTPOKE W NEPBOM CTONOLE YKa3aHbl OLEHKW anpruopHbIX
BEPOSTHOCTEN HAXOXAEHNS B COOTBETCTBYHLLMX COCTOSHUSAX.
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Tabn. 1. OueHKM nepexodHbIX 1 anpuopHbIX BEPOSITHOCTe anst knaccos O — cneBa, U 1 — cnpasa.

P 018 034 |016 | 032 Po 008 |024 |015 | 052

w 0 1 2 3 w 0 1 2 3
0,18 0 033 |027 |012 |027 0,08 0 0,78 |012 |000 |0,09
0,34 1 0,14 057 |0,07 |022 0,24 1 001 |074 |003 |021
0,16 2 015 016 | 050 |09 0,15 2 0,0 |003 |078 |0,09
0,32 3 014 1023 |01 |052 0,52 3 000 |009 |005 |086

[ns kaxgon 13 351 oTAeNbHON peanu3aun BEIMUCAANOCH NpaBaonogodue no OTHOLLEHMIO kK obenum mogensm. B
MPOCTPAHCTBE  MOMYYEHHbIX 3HAYEHMM npaBoonogobus  cTpounock  pelwarwwas  yHKuMg  (MpaBuno
knaccudmkaumm). Mpu atom owmbka Ha ckomnb3swem ak3ameHe coctasuna 11,4%. B cnyvae anpuopHoi
knaccudmkaumm (o6bektam npunucsiBaeTcs npeobnagatowymi knace 1) owmbka coctasnset 0,36. 310 roBopuT 0
TOM, YTO NOCTPOEHHbIE MNOrMMKO-BEPOSITHOCTHLIE MOAENM AENCTBUTENBHO SBRAKTCA WHAOPMATUBHBIMU 1
OTPaXarT CBOWCTBA, CneLudnyHbIE ANs KNacCoB.

{ i o

<31 o train0 1 ¥ ) i l_.‘ 34| & true D
H H .

® A true 1

A traind | i [ ]

35 @ error 0

@ test 0 . ':‘ ‘
A test 1 | ! i ] A error 1
- i : H H 4 :

Puc.2. Peanusauum knaccoB B NPOCTPAHCTBE 3HAYEHWUi NpaBAonoaobus 1 ronocosaHns
no metoay Grikaniuero cocega no NOANPOCTPAHCTBAM C BblLENEHMEM KOHTPONbHON BbIOOPKM (CneBa)
1 CKOMb3SILLEro dKk3ameHa (cnpasa).

MomnyyeHHble 3HaYeHWs kayecTBa knaccudpukaumn GrmM3kM K 3HaYEeHWsIM, LOCTUraeMbIM APYrMU MeToZamu
KnaccudmnKkaLumu, He WHTEpNpPETUPYIOWMMI [aHHble Kak BPEeMEHHble Psiabl, T.e. WUCMOMb3YHLWMMK TOMbKO
«CTaTUYeckMe» CBOWCTBA AaHHbIX. [MpeanoxeHHbli MeTod, HaobopoT, UCMONb3yeT TOMbKO «AUHAMUYECKME»
3aKOHOMEpHOCTU. ECTECTBEHHO OXmpaaTb, YTO KOMOMHWMPOBAHHOE MCMOMNb30BaHWe 0GOWX TWUMOB MHGOPMALWM
MOXET YNYyYLNTb pesynbTar.

B kauectBe ponomnHuTenbHoro metoga Obin B3AT MeTog Orwkadwero cocega. [Ang aToro metoga npu
BbIYMCNEHUN PACCTOSHUSA B UCXOAHOM 34-MepHOM MpOCTpaHCTBe OLWMOKa Ha CKONb3ALLEM dK3aMeHe COCTaBuna
13%; ans moamdmkaumm MeToda C ronocoBaHueM no 17 NOANPOCTPAHCTBaM OLWMOKa Ha CKOMb3ALLEM 3K3aMeHe
coctaBuna 13,7%. Takum obpa3om, 3TM Bapuauuum METOAA MOXHO CYMTaTb PaBHOLEHHbIMM MO KavecTBy.
B cnyyae & brnnxaiwumx cocegen owmbka nonyyaetcs 6onee 13% u pactet ¢ pocTom .
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BapuaHt meTopa Gnukadiuero cocega € ronocoBaHueM no 17 ABYMEPHbIM MOANPOCTPAHCTBaM NO3BOMSET
chopmMmpoBaTh NpU3HaK X; — KONMMYECTBO «roMoCcoB» 3a NPUHaAANEXHoCcTb obbekTa knaccy 0. MpusHak X, —
BEMMYMHA NpaBaonogobus obbekTa K NOruko-BEPOSTHOCTHON MOZENM, MOCTPOEHHOW MO BCEM peanu3auusm
nepBoro Krnacca.

[Mpu NOCTPOEHWUM NIMHENHOTO KnaccudukaTopa B NPOCTPaHCTBE (X LX 1) owmnbKa Ha CKOMb3ALEM 3K3aMeHe

coctauna 9,1%. Pe3ynbTathl NpeacTaBneHbl Ha puc. 2. Ha neson anarpamme 130bpaxeHbl TOUKM 0ByyatoLen
(train) n KOHTpONbHOW BbibOPKK (test) ang HyneBoro M NepBOrO KMaccoB, a TAKKE JMHEeWHas pasgensiolas
yHkumMs. Ha npaBon auarpamme 1300paxeHbl OObeKTbl, MpaBunbHO (true) u  HenpasunbHO  (error)
KnaccuuumMpoBaHHble B NPOLECCEe CKOMb3SLLEro ak3ameHa. [pu 3TOM 3HayeHus (Xl,Xl) ANS Kaxgoro
obbekTa COOTBETCTBYHOT MOAENM, MOCTPOEHHOM 6e3 1Ccnonb3oBaHus aToro 0bbekTa Ans obyyeHus.

MpUMeHeHne AMHAMMYECKOM MOAENM, YUMTHIBAIOWEN YMNOPSAOYEHHOCTb AaHHbIX, AAET MEHbLUYK OLKbKy
knaccudmkaLmm no CpaBHEHWIO C MeToLOM bBrivkaiiwero coceaa. Mpu 3TOM 0AHOBPEMEHHBIN Y4eT CTaTUYEeCKNX
W AMHAMUYECKUX CBOWCTB AaHHbIX NO3BOISET ELLE YMEHbLUMUTL STOT NokasaTenb.

3aknioyeHue

B pabote paccmoTpeH MeTod aHanu3a MHOTOMEPHOrO PasHOTUMHOMO BPEMEHHOTO PSAA, OCHOBAHHbBIM Ha
MOCTPOEHUM TIOTMKO-BEPOSITHOCTHOM MOAENW, NpeAcTaBnsiolen coboit MapKoBCKyl0 LieMb, 3adaHHyl Ha
COCTOSIHUSIX, BbIOMpaeMbIX N0 peanu3auui B COOTBETCTBUM C KpUTEpUEM MakCUMyMma MHGOopMaTUBHOCTU. Ha
rpuMepe peLueHns MPUKNagHoA 3adauu MPOAEMOHCTPUMPOBAHA BO3MOXHOCTb MCMOMb30BaHWsS METoAa Ans
(hOpMMUPOBAHMS NPU3HAKOB, NO3BOMSHOLLMX KNaccuULMpoBaTh BPEMEHHbIE NOCTeA0BaTENbHOCTH.

BnarogapHocTu

Cratbst yacTMyHO (puHaHcupoBanHa U3 npoekta ITHEA XXI WHctutyta MHOpPMAUMOHHBIX Teopun W
Mpunoxenuit FOI ITHEA 1 Koncopunyma FOI Bulgaria (www.ithea.org, www.foibg.com).
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OB OHOW 3AJAYE PACMO3HABAHUSA NOCNEQOBATENLHOCTH,
BKNIOYAIOLLEN NOBTOPAIOLLMNCA BEKTOP!

Anekcen [lonrywes, AnekcaHap KenbmaHoB

AHHOmauyus: Paccmampusaemcsi QuckpemHass akcmpemarnbHas 3adada, K komopol cgodumcs 00uH U3
gapuaHmos npobnembl nomexoycmolyueoeo off-line pacnosHagaHusi 8eKmopHbIX nocrnedogamenbHocmel,
BKMIOYAIOWUX 8 Kayecmee 3neMeHma  Keasunepuodudyecku nosmopstowjulics eexkmop  esknudosa
npocmpaHcmea. O60CHOBaH 3GhhekmUBHbIL aneopumm peweHus 3adayu, 2apaHmupyowuli onmuMasbHOCMb
peweHus no Kpumepuro MakcumanbHo2o npaedonodobusi 8 cry4ae, koe0a nomexa addumueHa u sensemcs
2ayccosckoll nocrnedosamenibHOCMbi0 HE3asUCUMbIX 0OUHAKOBO pachpedenéHHbIX Cr1yyaliHbIX 8e/TUYUH.

Knroyesnie cnoea: nomexoycmoliyusoe pacno3HasaHue, 8eKmopHasi nociedo8amesibHoCMb, NOBMOPSOUULICS
gekmop, Makcumym npagdono0obusi, duckpemHas IkcmpemarbHas 3adaya, off-line anzopumm.

ACM Classification Keywords: F.2. Analysis of Algorithms and Problem Complexity, G.1.6. Optimization, G2.
Discrete Mathematics, 1.5. Pattern Recognition.

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

BBepeHue

ObbekT uccnepoBaHns paboTbl — npobnemel ONTUMM3aLMM B 3adavax aHammsa [gaHHbIX W pacrno3HaBaHus
obpasos. [lpeameT wuccnefoBaHUs — AWCKPETHAs 3KCTpeManbHas 3ajada, K KOTOPOM CBOAWUTCS OOWH U3
BapuaHToB npobnembl nomexoyctonumsoro off-line pacnosHaBaHWs BEKTOPHOM MOCNEOOBaTENbHOCTH, Kak
nNocrneaoBaTeNnbHOCTH, BKMKOYALOLEN KBA3WUNEPUOANYECKM MOBTOPSIOLLMNCA BEKTOP, COBMAAAIOLLMIA C HEKOTOPbIM
BEKTOPOM W3 3afaHHOr0 andpaeuTa BEKTOPOB eBKNMZoBa npocTpaHcTBa. Llenb paboTbl — obBocHoBaHue
anropuTMa peLLeHns aToi 3agaumn. PaccmatpuBaemas 3agada sensetcs 0606LeHnem 3agayu, udydeHHoi B [1].

OpHa 13 BO3MOXHbIX CofiepXaTeNbHbIX TPaKTOBOK 3aa4n COCTOUT B cneaytoLlem. ICTOYHUK coobLyeHui Yyepes
KaHan CBS3M C MOMEXoW nepeaaeT WHGopmauuo 06 aKTMBHOM U NacCUBHOM COCTOSIHUSX HEKOTOPOro
huanyeckoro obbekTa B BUAE YNopsAo4eHHOro Habopa — BEKTOpa — M3MepsieMbIX XapakTepucTuk. B naccuBHOM
COCTOSIHUM 3HAYEHWUS KaXOOW KOMMOHEHTbl 3TOrO BeKTopa paBHbl HYMK. VIMeeTcs KOHeuyHas COBOKYMHOCTb
thuanyecknx o6bekToB. Kaxagomy obbekTy COOTBETCTBYET YHWKamnbHbIA Habop n3MepseMblX WHGOPMALMOHHO
BaXHbIX  XapakTepucTuk. Ha npuEMHY CTOPOHY MOCTynaeT 3alyMnéHHas nocrefoBaTeNnbHOCTb
KBa3MNEPUOANYECKN NEPEMEXAIOLLMXCS BEKTOPOB, B KOTOPOW KPOME MH(OPMALMOHHO 3HAYMMOTO BEKTOPa,
COOTBETCTBYILLErO aKTMBHOMY COCTOSIHUIO 0OBEKTA, UMEIOTCS MOCTOPOHHME HEWU3BECTHBIE HEHYNEBbLIE BEKTOPbI-
BCTaBKM. TEpMWH «KBA3WMEPUOOWYECKU» O3HAYaeT, YTO MHTepBan Mexay ABYMS NOCneaoBaTenbHbIMU
HEHyNeBbIMU BEKTOPaMM He OAMHAKOB, @ NMULLb OrpaHNYeH CBEPXY W CHU3Y HEKOTOPbIMM KOHCTaHTamu. Yucro
NOBTOPOB WMH(POPMALMOHHO 3HAYMMOrO BEKTOpa, a TaKke 4WCIO BEKTOPOB-BCTABOK W3BECTHbI. Tpebyetcs
onpegenuTb (pacnosHatb), OT Kakoro 13 06bEeKTOB Obina NpuHsaTa NocrnegoBaTenbHOCTb. CUTyaumm, B KOTOPbIX
TpebyeTcs peleHne NogobHOM 3agayu, XapakTepHbl, B YaCTHOCTU, ANt reOPM3NKM, TEXHUYECKON ANarHOCTUKM,
9NEKTPOHHOM Pa3BeaKM W APYrux NPUOKEHWA (CM., HaNpuMep, [2] N UWTUPOBaHHbIe TaM paboTb).

' Pa6ora nogaepxaHa rpaHtamm P®®U 09-01-00032, 07-07-00022 u rpaHTom ABL|T Poco6pasoBaHus
2.1.1/3235.
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tDopman bHaA NOCTAaHOBKA 3a4a4un

MycTb BEKTOPHAs NOCNEAoBaTENbHOCTL X, € RY, neN ,rpe N =1{1,2,...,N}, obniafaer O CTBOM

u, neM,
X; =Wy, neM, (1)
0, neﬂ\f\(.i?\/lluﬂ\/lz),

rge Mluj\/lzgw, Mlﬁf]\b:@.

fonyctum, yto ue A, Ac{ujueR?,0 <||u||2<oo}, roe ||-]] - Hopma BekTopa, U | A|=K . MNyctb
W, e{W|weRq,O<||w||2<oo}, neM,.

MMonoxum |5\/lj =M, j=L2, w M=M+M). Bektop w Oydem wHTEepnpeTupoBaTb  Kak
WH(OPMALMOHHO 3HAUMMbIA BEKTOP, MHOXECTBO A — KaKk angasuT MHGOPMALMOHHO 3HAYMMbIX BEKTOPOB,

BeKTop w,, neMp, — KaKk BeKTOp-BCTaBKy, @ M| W M, — COOTBETCTBEHHO Kak 4WUCNO MOBTOPOB

NHKOPMALMOHHO 3HAYMMOrO BEKTOPA W YNCNIO BEKTOPOB-BCTABOK B nocneaosatensHocTy (1). flonyctum, kpome
TOrO, Y4TO aremeHTbl Habopa (np,...,nps), 0BPa3ylOWeEro COBOKYNHOCTb {ny,...,nps} =My UMy,

YAOBMNETBOPSIOT OrpaHUYEHNM

1< Thin <nyy =11 < Tpax SN—-1, m=2,...,N. (2)
OrpaHnyerust (2), B KOTOPbIX Tinin W Tmax — KOHCTaHTbI, 3a4at0T AONYCTUMbIA UHTEPBaN Mexay bnmkanummu
HOMepamm [BYX HEHYMNEBbLIX BEKTOPOB nocrnegoBatensHocTy (1).
[octynHoi ans aHanuaa Byaem cuuTaTb NOCNesoBaTeNibHOCTb

Yn=Xp+e,, neN, (3)
rae e, — BEKTOp mnomexs (OWwnbKM W3MEpeHUs), HEe3aBUCUMbIN OT BekTopa X, . 3amMeTuM, 4To
X, =X, (M, My, u{w, ,ne My}), ne N .Tonoxum

2
S(MI,MZ!ua{wn:nEMZ}): ZHy}’l_X}’l || (4)
neN

1 pacCMOTPUM cneayoLyro 3agady.

3apava 1. JaHo: nocnegosatensHocTs y, € RY, ne N, u mHoxectso (andasut) A, | A=K . Haimu:

BekTop ue A, Henepecekaiollecs nogmHoxectea M; u M, mHoxectBa N, a Takke MHOXECTBO

w,|lneMy,w, eR1,0<||w, ||2< oo} Takue, 4To Lenesas yHKuMs (4) MUHAMAnIbHA NPU OrpaHNYEHNUSX
(2) Ha anemeHTbI Habopa (nq,...,7) ), KOTOpble 06Pa3yoT COBOKYMHOCTb {ny,...,npr =My oM.

K otoM 3agjaye cBOOWUTCA OOMH W3 BapuaHTOB NpobneMbl  NMOMEXOYCTOMYMBOTO  pacro3HaBaHWs
nocrnenoBaTenbHOCTH (1), Kak CTPYKTYPbI, BKIKOYAIOLLEN NOBTOPSIOWMIACS HEHYNIEBOW BEKTOP, COBMaAatoLLMin ¢
HEKOTOPbIM 3NEMEHTOM W3 3aJaHHOro andaBuTa BEKTOPOB, KOTOpas KPOME 3TOr0 BEKTOpa COAEPXWUT
HEM3BECTHbIE HEHyneBble BEKTOpbl-BCTaBkA. B [3] nokasaHo, 4TO K peleHnio 3agawn 1 npueoguTt
cTaTucTuyeckas (opMynmnpoBka Npobnembl, ecrv cHUTaTh, YTO €,, B hopmyne (3) ecTb BbIGOPKA U3 ¢ -MEPHOTO

HOPMarbHOro pacnpefesieHu s ¢ napameTpamm (0,021) ,roe T - eaMHMYHAs MaTpuua, a B Ka4ecTBe Kputepus
PELUeHVs 3aja4n UCMoNb30BaTb MaKCUMYM (hyHKLMOHANA NPaBaonofobus.
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PeayuupoBaHHas 3KcTpeManbHas 3agava

HeTpynHo aHanuTuyeckn ybeauTbes, 4to ans mobbix gonyctumslx M; n My npu UKCMPOBAHHOM BEKTOpE
ue A MUHUMYM (DyHKLMOHAnNa (4) no HeM3BECTHbIM BekTopam w,, ne M, , [OCTaBNAeTCs BeKTOopamu
W, =Y, neMy,vpaseH

2 2
Smin(M. Mo wy= Yy, I = D2y u)-llulPt= Yllyal’, (5)
neN neM, neM,

rae (-) — cKansipHoe Npou3BesjeHie BEKTOPOB.

epBbIn uneH B MpaBOM 4acTW paBeHCTBA (5) SBMSIETCA KOHCTAHTOW. [103TOMY WMeeM CregyroLlyio
ONTUMW3ALMOHHYIO 3aavy, K KOTOPO CBOAMTC MUHUMU3ALMS LIENeBoi pyHKLmm (4).

3apaua SVVGA (Searching for a Vector in a Given Vector Alphabet). [Jaxo: nocnegosatensHocts y,, € RY,

ne N, MHOXeCTBO (andgasut : = K , BEKTOPOB U W HaTypanbHble Yncn n . Hadimu:
N, MHOXecTBO (anda A, | A=K, sektopos us R? n Hatypa euncna My n M, . Haiim
BekTop ue A W Henepecekalolmecs nogmHoxectBa M; u M, wmHoxectBa N ={1,2,...,N},
[OCTaBNALLME MaKCUMyM LieNneBoi yHKLMM

GM, My,wy= Y 2yu)-lulP)+ Sy, P, (6)
neM, neM,

Mpy YCMOBMK, YTO UMEIOT MECTO OrpaHnyerus | My |= My, | My |= Mo Ha MOLIHOCTU MCKOMbIX MOAMHOXECTB,
a areMeHTbl 3TUX MOAMHOXECTB 06pasytoT 0ObeanHeHHbI Habop HOMepoB (ng,...,nps) Pa3MEPHOCTU

M = M1+ M> , KOMNOHEHTbI KOTOPOrO YOBINETBOPSIOT OrPaHNYEHNAM (2).

AnropuTMm pelueHus 3apauun

[Nonoxum
=2(y,u)-|ul? Ay, l? ueA neN
g(nw) =2y, - ul®, g2(m =y, |I* ,ueA neN.
Torga uenesyto GhyHKUMIO (6) MOXHO NepenucaTh B BUAE

G(M, My, w)= Y gi(nw)+ D ga(n) . (7)
neM, neM,

B HacTosien paboTe nokasaHo, 4To MakcuMyM Gyax LENeBom yHKLMK (7) BbluMCnSeTCS No (hopmyne

Gmax = max Gpax (0), (8)
ue

roe

Gmax (W)= max G(M;,)Mp |u), ue A,
1M

— YCMOBHbI MaKCUMyM (OYHKLWK (7), KOTOPbIA HAXOAUTCS NO NpaBuIy

Gmax (W)= max max G, (M1,t,M |u), 9)
nea)M(M)te{Ml,M1+l,...,M}

rne M =M+ M,. 3HaveHna dyHkumm G, (M,t,M |a), newy (M), te{M,M+1,...,M}, npn

KaaoM (OMKCMPOBAHHOM u € A BbIYUCSIKOTCS MO PEKYPPEHTHBIM (hopMynam
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g1(n,u), ecu [=1t=1,m=1,
gi(n,u)+ max Gj(0,0,m—l), eciu [=1,t=2,.... M, m=t,
J€Ym-1(n)
g1(n,u)+ max max Gj(l—l,s,m—l|u),
G,(L,t,m|u)= jeymy(m)seil-1,...m—1}

ecu 1=2,....M,t=1,....M,m=t,
gr(n)+ max Gj(l,t,m—1|u),

JEVm-1(n)
ecu 1=1,... M, t=1,... M, m=t+1,....M,
roe
go(n), eciu m=1,
G,(0,0,m) = gr(n)+ max Gj(0,0,m—l), eciu m=2,....M,
JEVm-1(n)

B KOTOPbIX 7 € @,,, (M) , NPU4EM
O (M)={n| 1+(m—DTyin <n<N-(M-m)Tint, m=1,...,.M,
Ym1(m)=1{k| max{l+(m—2)Tin, " —Tmax) Sk<n—Tnin}, ey, (M), m=1,...,M .
Tak kak {ny,...,npr} =My WMy, nouck HenepecekalWyxcs nogmHoxects My ={n,, ... L }om
M, = {nv1 ety } MHoxectBa N akBuMBaneHTeH noucky obbeauHéHHoro Habopa (nq,...,nps) U
OfHOTO 13 MOAMHOXECTB  {u,.. "”M1}' wm  {vy,.. .,sz} mHoxectBa {1,2,...,M}; nyctb And
onpefenéHHoOCTU UCKOMbIM SBNISETCSH NMOAMHOXECTBO {u, ..., MM, }+. Ans kaxgoro MKCMpoBaHHOrO u e A

onpegenum yHKLuK:

Gi(l,mlw=  max  G;(I-ls,m—1|u),
se{l-1,...,m—1}

Kj(l,m|u):arg max Gj(l—l,s,m—1|u),
se{l-1,...,m—1}

[=2,...,. M, m=1,...M, jey,_(n),

rae newy,(M);

n, ecu [=1,t=1m=1,

arg max Gj(0,0,m—l), ecu [=1,t=2,... M, m=t,
JEYm-1(n)

Iy (Lt m|w) = arg max (N}j(l,m|u), ec 1=2,... . M,t=1,...M,m=t,
JEYm-1(n)

arg max Gj(l,t,m—1|u), ecu I=1,.... M, t=1,... M, m=t+1,.... M,
JEYm-1(n)

e new,(M);
Jn(l,m|u)=K1n(l,m,m|u)(Z,m|u)= [=2,... M, m=1,....M .

rae ne wy,(M).
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Toraa B COOTBETCTBIAM C (8) MCKOMBIN BEKTOP U HAXOAWUTCS NO NpaBusy

1 = arg max Gx (u).
ue

MocnenHne KOMMOHEHTbI ONTUMANbHLIX HABOPOB (71y,...,7 07 ) W (41,..., /}Ml) cornacHo (9) onpegenstTcs
no chopmyne

(sz,,[le)zarg max max G, (M,t,M |u).
new)s (M)tE{Ml,M1+1,...,M}

OctanbHble KOMMOHEHTbI (Mpu M| > 1) MCKoMbIX HAGOPOB HAXOAATCS MO CReaytoLEMy NpaBuny:

-] = L N .
Iﬁm(l,,ul,m|u), I=L-1,..,2, m=fy,1—1,.., 4j;

Iﬁm(Ml,[tMl,m|ﬁ), m=M,M—1,...,,[1M1,

Ly =Jﬁm (1, oy ), I=L,L-1,..,2.
Mpw aTom, ecrv fip — i > 1,70
A1 =1 (LAa,m|w),  m=jp—1,.. [+l
aecrm g >1,T0
Ryp—1 =I;lm(1,m,m|ﬁ), m=fy,..,2.
BpemeHHas CNOXHOCTb anroputma peLleHns 3agaun SVVGA eCTb BESIMYMHA
Olmin {My, M2 }K (M1 +M2)*(Tyax — Trnin +@)N1.

Anroputm pellenns 3agaun SVVGA nexut B OCHOBE mpouedypbl MOMEXOYCTOWYMBOMO pacno3HaBaHus
CTPYKTYPUPOBaHHbIX AaHHbIX B BWAE BEKTOPHbIX MOCNEeLOBaTENbHOCTEN, BKMKOYAKLWMX KBa3UNepuoauyecku
NOBTOPSIOLLMACA HEHYNEBON WHGOPMALMOHHO 3HAYMMBbIA BEKTOP, COBMAfaloWuii C HEKOTOPLIM BEKTOPOM M3
3afaHHOrO andasuTa BEKTOPOB EBKMMAOBA NPOCTPaAHCTBA. 3Ta anroputM rapaHTUpyeT OMTUManbHOCTb
PELLEHNS MO KPUTEPUIO MakcyManbHOro npaBaonogobus B criyyae, Korda noMexa agauTvBHa W SBRSETCS
rayCCOBCKOW NOCNef0BaTeNbHOCTLIO HE3aBUCHUMbIX OAMHAKOBO pacnpeseneHHbIX BENUYUH.

3aknioyeHue

PaccmoTpeHHas 3aaada BxoauT B 6onbLUOe CEMENCTBO akTyanbHbIX 3aaad [3-5], k KOTOpbIM CBOLSTCS TUMOBbIE
npobnembl nomexoyctoiumeoro off-ine aHanMsa v pacnosHaBaHWs CTPYKTYPUPOBAHHbLIX [AaHHbIX B BUAE
YMCIIOBbIX W  BEKTOPHbIX MOCNEAOBATENbHOCTEN,  BKINOYAKOWMX MOBTOPSIOLLMECS, Yepedytomecs U
nepemexatoLecst MHhOpPMaLIMOHHO 3HaYUMbIE (parMeHTbI Ui BEKTOPbI. B HacToseil paboTe npencTaBneHo
anropUTMUYECKOE PELLEHe OfHOM W3 TakuX paHee Hendy4eHHbIX 3agay: 060CHOBAH TOYHBIN NOMMHOMMUAMBHbIN
anropuTM, KOTOpbI SIBNSIETCS SAPOM MOMEXOYCTONYMBOMO anropuTMa pacnosHaBaHus.

BnarogapHocTu

Pabota nogmepxaHa rpaHTamm POOW 09-01-00032, 07-07-00022 wn rpaHtom ABLMT PocobpasoBaHus
2.1.1/3235.
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Features Processing and Transformations

AN APPROACH TO VARIABLE AGGREGATION IN EFFICIENCY ANALYSIS

Veska Noncheva, Armando Mendes, Emiliana Silva

Abstract: In the nonparametric framework of Data Envelopment Analysis the statistical properties of its
estimators have been investigated and only asymptotic results are available. For DEA estimators results of
practical use have been proved only for the case of one input and one output. However, in the real world
problems the production process is usually well described by many variables. In this paper a machine learning
approach to variable aggregation based on Canonical Correlation Analysis is presented. This approach is applied
for efficiency estimation of all the farms in Terceira Island of the Azorean archipelago.

Keywords: Canonical Correlation Analysis, Data Envelopment Analysis, Efficiency, Variable Aggregation
ACM Classification Keywords: H.2.8 Data mining, G.3 Multivariate statistics, G.4 Efficiency

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

Introduction

Data Envelopment Analysis (DEA) is becoming an increasingly popular management tool. It is a mathematical
programming based technique. The task of the DEA is to evaluate the relative performance of units of a system. It
has useful applications in many evaluation contexts.

DEA makes it possible to identify efficient and inefficient units in a framework where results are considered in
their particular context. The units to be assessed should be relatively homogeneous and are originally called
Decision Making Units (DMUs). DMUs can be manufacturing units, departments of a big organization such as
universities, schools, bank branches, hospitals, medical practitioners, power plants, police stations, tax offices,
hotels, or a set of farms. DEA is an extreme point method and compares each DMU with only the "best" DMUs.
DEA can be a powerful tool when used wisely. A few of the characteristics that make it powerful are:

- DEA can handle multiple input and multiple output models.

- DMUs are directly compared against a peer or combination of peers.

- Inputs and outputs can have very different units. For example, one variable could be in units of lives saved

and another could be in units of dollars without requiring an a priori tradeoff between the two.

The same characteristics that make DEA a powerful tool can also create problems. An analyst should keep these
limitations in mind when choosing whether or not to use DEA.

- Since DEA is an extreme point technique, noise such as measurement error can cause significant
problems.

- When the number of inputs or outputs is increased, the number of observations must increase at an
exponential rate.
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- For DEA estimators, useful theoretical results have been obtained only for the case of one input and one
output variable.
The approach presented in this paper is focused on measuring efficiency when the number of DMUs is few and
the number of explanatory variables needed to compute the measure of efficiency is too large. We approach this
problem from a statistical standpoint through variable aggregation. The aggregation in our approach is not fixed.

Variable Aggregation in DEA

DEA estimators are biased by construction. When the number of exploratory variables is large, unless a very
large quantity of data are available, the resulting imprecision will manifest itself in the form of large bias, large
variance, and very wide confidence intervals (see [Simar and Wilson, 2008]). Because of it, the question of
obtaining an appropriate aggregate input and aggregate output from appropriate individual inputs and outputs,
respectively, is an important one. A natural way to define an aggregate input (or an aggregate output) is to
assume a linear structure of aggregation of the input variables (and outputs, respectively). One of the most
important issues here is the choice of weights in the aggregation.

A subtle technique for the aggregation of inputs or outputs is the use of weight restrictions. This way the
unimportant variables will still count in the overall model but only up to the specified limit of ‘importance’. Weights
choice may be done by the researcher according his opinion about the contribution of each variable. In our
machine learning approach the weights are not fixed. They are extracted from data describing the production
process under investigation. To achieve this aim we apply Canonical Correlations Analysis (CCA) to aggregate
automatically both input and output data sets.

Obviously the input and output sets of variables in a production process are related. We are concerned with
determining a relationship between the two sets of variables. The aim is the linear combinations that maximize
the canonical correlation to be fond. In CCA such a linear combination is called “canonical variate” and in DEA it
will be used as an aggregate variable.

In this paper, we propose CCA to aggregate both input and output variables in order to get final input and output,
respectively.

Canonical Correlation Analysis

Canonical Correlation Analysis (CCA) is a multidimensional exploratory statistical method. A canonical
correlation is the correlation of two latent variables, one representing a set of independent variables, the other a
set of dependent variables. The canonical correlation is optimized such that the linear correlation between the two
latent variables (called canonical variates) is maximized. There may be more canonical variates relating the two
sets of variables. The purpose of canonical correlation is to explain the relation of the two sets of original
variables. For each canonical variate we can also assess how strongly it is related to measured variables in its
own set, or the set for the other canonical variate.

Both methods Principal Components Analysis (PCA) and CCA have the same mathematical background. The
main purpose of CCA is the exploration of sample correlations between two sets of quantitative variables,
whereas PCA deals with one data set in order to reduce dimensionality through linear combination of initial
variables.

Another well known method can deal with quantitative data. It is Partial Least Squares (PLS) regression.
However, the object of PLS regression is to explain one or several response variables (outputs) in one set, by
variables in the other one (the input). On the other hand, the object of CCA is to explore correlations between two
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sets of variables whose roles in the analysis are strictly symmetric. As a consequence, mathematical principles of
both PLS and CCA methods are fairly different.

The canonical coefficients of a canonical variate are standardized coefficients and their magnitudes can be
compared. However, the canonical coefficients may be subject to multicollinearity, leading to incorrect judgments.
Also, because of suppression, a canonical coefficient may even have a different sign compared to the correlation
of the original variable with the canonical variable. Therefore, instead, we interpret the relations of the original
variables to a canonical variable in terms of the correlations of the original variables with the canonical variables -
that is, by structure coefficients.

Example: Terceira’s Farms’ Efficiency Measurement

Terceira is the second biggest island in the Azorean archipelago. The Azores islands belong to Portugal with a
population of about 250000 inhabitants. The most part (about 75%) of this population is in S. Miguel and Terceira
islands. The main economic activity is dairy and meat farming. In S. Miguel, Terceira and S. Jorge islands, about
24% of the farms produce only milk, other 13% of farms produce only meat and 24% produce both and other
cultures as well. The remaining farms produce other agricultural productions. Dairy policy depends on Common
Agricultural Policy of the European Union and is limited by quotas. In this context, decision makers need
knowledge for deciding the best policies in promoting quality and best practices. One of the goals of our work is to
provide Azorean Government with a reliable tool for measurement of productive efficiency of the farms.

In Azores there are about 15.107 farmers. Azorean farms are small - about 8 hectares per farm, what is about the
half of the average European farm dimension (15.8 in 2003). The production system is primarily based on grazing
(about 95% of the area). In the last years, the most representative expenses — based in data of FADN (Farm
Account Database Network) are on concentrates, annual depreciation, rents and fertilizers. The subsidies are
important for the dairy farms, and in 2004 they were about 61.6% of all profit. Some of these subsidies are
compensations for low selling prices received by farmers, and so they are due after the production of meat and
milk, others are incentives to investment and compensation for high prices of production factors. There are also
subventions to improve ecological production.

Some research work on the dairy sector in Azores has been already done ([Marote and Silva, 2002], [Silva, et al.
2001]). The beef sector in Azores has been investigated by means of Stochastic Frontier Analysis ([Silva, 2004])).

Any resource used by an Azorean dairy farm is treated as an input variable and because of it the list of variables
that provide an accurate description of the milk and meat production process is large. The names of all input
variables used in the analysis are the following: EquipmentRepair, Oil, Lubricant, EquipmentAmortization,
AnimalConcentrate, VeterinaryAndMedicine, OtherAnimalCosts, PlantsSeeds, Fertilizers,  Herbicides,
LandRent, Insurance, MilkSubsidy, MaizeSubsidy, SubsidyPOSEIMA, AreaDimension, and DairyCows. The
names of output variables are Milk and Cattle. The number of all farms in Terceira is 30.

The analysis of the Terceira’s farms efficiency is implemented in R statistical software version 2.8.1 using the
DEA, FEAR and CCA packages and routines developed by the authors (see [R Development Core Team, 2007]).

Outliers may influence the results. Because of it we start the data analysis with outlier detection. One outlier
obtained in Terceira data was the result of a recording error and it was corrected. We used again the statistical
methodology presented in [Wilson, 1993] and implemented in FEAR package to look for new atypical
observations. Using the graphical analysis presented in Figure 1 another three observations could also be
identified as outliers. However data from Terceira Island are viewed as having come from a probability distribution
and it is quite possible to observe few points with low probability. One would not expect to observe many such
points, given their low probability. The fact that a particular observation has low probability of occurrence is not
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sufficient to warrant the conclusion that this observation is an error. More errors in the available data are not
identified.

The application of canonical correlation analysis aims at highlighting correlations between input and output data
sets, called X and Y, respectively. Two preliminary steps calculate the sample correlation coefficients and
visualise the correlation matrixes. All sample correlation coefficients are presented in Table 1 and the correlation
matrixes are visualised in Figure 2.

Log-ratio plot for outlier analysis
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Figure 1. Plot produced by the outlier detection procedure.
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Figure 2. Visualisation of sample correlation coefficients.
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Table 1. Sample correlation coefficients and correlations of the original inputs
with both aggregated input and output.

Sample correlation Sample correlation Correlation with Correlation with
Orriginal input variables coefficient with Milk coefficient with the aggregated the aggregated
variable Cattle variable input output
(structure weight) | (structure weight)

1 | EquipmentRepair 0.399089550 0.449336923 -0.44487248 -0.42591381
2 | Oil 0.349190515 -0.023206764 -0.34213524 -0.32755482
3 | Lubricant 0.009272362 -0.171455723 0.01024649 0.00980983
4 | EquipmentAmortization | 0.051043354 -0.077088336 -0.04167289 -0.03989696
5 | AnimalConcentrate 0.914685924 0.537983929 -0.96395974 -0.92287966
6 | VeterinaryAndMedicine | 0.707943660 0.370392398 -0.74087590 -0.70930276
7 | OtherAnimalCosts 0.724266952 0.407358115 -0.76117503 -0.72873682
8 | PlantsSeeds 0.719946680 0.304399253 -0.74525915 -0.71349921
9 | Fertilizers 0.781448807 0.452145566 -0.82269954 -0.78763940
10 | Herbicides 0.497643020 0.347245965 -0.53062365 -0.50801061
11 | LandRent 0.722516988 0.343699321 -0.75224389 -0.72018629
12 | Insurance -0.072519332 0.002379461 0.07133021 0.06829041
13 | MilkSubsidy 0.746508776 0.431464776 -0.78586254 -0.75237225
14 | MaizeSubsidy 0.751413121 0.526768325 -0.80148885 -0.76733263
15 | SubsidyPOSEIMA 0.724407535 0.083726114 -0.72469294 -0.69380945
16 | AreaDimension 0.536678292 0.279164537 -0.56145996 -0.53753280
17 | DairyCows 0.776032879 0.348513730 -0.80562574 -0.77129323

101

Figure 2 highlights a significant correlation between Milk and AnimalConcentrate and nearly null correlation
between Milk and Lubricant, Milk and EquipmentAmortization, and Milk and Insurance.

The correlation coefficient between the two canonical variates, presenting the production process of Terceira
farms, is 0.957.

The canonical weights (canonical coefficients) explain the unique contributions of original variables to the
canonical variable. In this example the small canonical coefficients are a result of existing multicollinearity. Some
canonical coefficients even have a different sign compared to the correlation of the original variable with the
canonical variable. Therefore, we follow the standard approach to interpreting the relations of the original
variables to a canonical variable in terms of the correlations of the original variables with the canonical variables -
that is, by structure coefficients. The structure weights explain the simple, overall correlation of the original
variables with the canonical variable. The structure weights are reported in Table 1 and Table 2. The canonical
weights are reported in Table 3. From the first two tables we can conclude that both canonical variates are
predominantly associated with the following original inputs: Animal Concentrate, Fertilizers, DairyCows,
MaizeSubsidy, ~ MilkSubsidy, ~ OtherAnimalCosts,  PlantsSeeds,  LandRent,  VeterinaryAndMedicine,
SubsidyPOSEIMA and with the original output variable Milk.

Computational aspects of the canonical correlation analysis are implemented in CCA package in R (see
[Gonzalez et al., 2008]).
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Both, the original inputs and outputs are aggregated into overall measures called aggregate input variate and

aggregate output variate, respectively.

Table 2. Correlations of the original outputs with both aggregated input and output.

Original outputs | Correlations with the aggregated input Correlations with the aggregated output
(structure weights) (structure weights)
Milk -0.9529591 -0.9953781
Cattle -0.5225409 -0.5458007
Table 3. Canonical weights.
Input variables Estimated coefficients Output variables Estimated coefficients
(X) for the input variate (Y) for the output variate

EquipmentRepair 2.839421e-05 Milk -3.419875e-05
Oil 1.549179e-05 Cattle 3.778954e-05
Lubricant 1.199566e-03

EquipmentAmortization -3.131292e-06

AnimalConcentrate -8.497169e-05

VeterinaryAndMedicine 1.473172e-05

OtherAnimalCosts -5.441544e-06

PlantsSeeds -1.021208e-04

Fertilizers -1.305625e-06

Herbicides 6.589684e-04

LandRent 2.583145e-05

Insurance 1.655867e-04

MilkSubsidy 2.115323e-05

MaizeSubsidy -3.555158e-04

SubsidyPOSEIMA -6.560970e-05

AreaDimension 3.092947e-04

DairyCows -2.520118e-02

Then we use aggregated input and output in the BCC DEA model presented in [Cooper et al., 2007] and
described bellow.

An input oriented DEA model aims to minimise inputs while satisfying at least the given output levels. As we
mentioned above the dairy policy in Azorean Islands depends on Common Agricultural Policy of the European
Union and it is limited by quotas. Because of it we apply an input oriented DEA model.

The input-oriented BCC model evaluates the efficiency of DMU,, 0=1,...,n, by solving the linear program:

min 6, subjectto f,x, — X1 >20,Y1>y, ,edl=1, 120,

where 63 is a scalar, A is a column vector with all elements non-negative, € is a row vector with all elements
unity, and n is the number of DMUs.

The BCC problem is solved using a two-phase procedure. In the first phase, we minimise 6z and, in the second
phase, we maximise the sum of the input excesses s and output shortfalls s, keeping 8=65". Here 85" is the
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optimal value obtained in the first phase. An optimal BCC solution is represented by (65, A", s7, s*'), where s and
s* represent the maximal input excesses and output shortfalls, respectively. If an optimal BCC solution (6g, A", s
", s*') satisfies 6g'=1, s'=0, and s*'=0, then the DMUj is called BCC-efficient. The sum s + s**, called slack, may
essentially be viewed as allocative inefficiency.

Computational aspects of the BCC model are implemented in both DEA and FEAR packages in R.

We build the DEA analysis on aggregated measures. Table 4 contains the DEA estimates of efficiency. All slacks
are zeros. The farms 3, 8,14,17 and 20 are BCC-efficient.

For purposes of efficiency measurement, the upper boundary of the production set is of interest. The efficient
frontier is the locus of optimal production plans (e.g., minimal achievable input level for a given output) and it is
visualised on Figure 3.

Table 4. Efficiency of Terceira’s farms.

DMU 1 2 3 4 5 6 7 8 9 10
Efficiency | 0.885 | 0.866 | 1.000 | 0.971 | 0916 | 0.874 | 0941 | 1.000 | 0.883 | 0.975
DMU 11 12 13 14 15 16 17 18 19 20
Efficiency | 0.867 | 0.824 | 0.845 | 1.000 | 0.894 | 0.896 | 1.00 0.899 | 0.998 | 1.000
DMU 21 22 23 24 25 26 27 28 29 30
Efficiency | 0.960 | 0.861 | 0.861 | 0.890 | 0.870 | 0.882 | 0.962 | 0.882 | 0.858 | 0.782

Terceira’'s farms

— efficient frontier 314
- efficient DMUs
inefficient DU 17

< rmost inefficient DMUs

aggregated output

aggregated input

Figure 3 . The DEA estimator of the production set obtained by the BCC Model.

Conclusion

In our approach to efficiency measurement CCA provides an aggregation of both input and output units and then
DEA provides efficient units. The aggregation can cause additional bias in an DMU’s technical efficiency scores.
The effects of the input aggregation on efficiency indicators have not been investigated. Estimating the
aggregation bias is a question of our future research.
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ON COORDINATION OF EXPERTS’ ESTIMATIONS OF QUANTITATIVE VARIABLE"

Gennadiy Lbov, Maxim Gerasimov

Abstract: In this paper, we consider some problems related to forecasting of quantitative feature. We assume
that decision rule is constructed on the base of analysis of empirical information represented in the form of
statements from several experts. The criterion of a quality of experts’ statements is suggested. The method of
forming of united expert decision rule is considered.

Keywords: expert statements, coordination.
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Introduction

In this work we assume that objects under investigation are described by some set of qualitative and quantitative
features, and some independent experts give predictions of estimated quantitative feature. Their statements may
be partially or completely identical, supplementary, and/or contradictory. Also, experts' statements may vary from
time to time as well as new "knowledge" from new experts may be obtained. Hence, decision rule is constructed
on the base of analysis of empirical information, represented in the form of several experts' statements. Obtained
decision rule must be free from anomalies as conflict and redundancy.

Setting of a Problem

Let I" be a population of elements or objects under investigation. By assumption, L experts give estimations of
values of unknown quantitative feature Y for objects @ € I", being already aware of their description X' (a).

We assume that X(a) = (X,(a),...,X ;(a),...,X,(a)), where the set X may simultaneously contain

qualitative and quantitative features Xj, j=Ln.Let Dj be the domain of the feature Xj, j=1Ln; D, be
the domain of the quantitative feature Y, D, =[a, f]< R . In this paper we assume that the feature space
D is a subset of the product set l_L=1 D,.

Note that D may be not equal to H,~=1 D, .

Example. D, = {a,b,c,d}, D, =[10,20], D =[a,c]x[10,15]U[b,d]x[12,20].

We shall say that a set E is a rectangular set in D if E:szlE_/. VE, 2D, E, =[a,p;]ifX,isa

quantitative feature, £, is a finite subset of feature values if X', is a nominal feature.

In this paper, we consider statements S’, i =1, M ; represented as sentences of type ‘if X(a) < E', then

Y(a)=y"", where E' is a rectangular setin D . By assumption, each statement S’ has its own weight w'

* The work was supported by the RFBR under Grants N07-01-00331a, 08-07-00136a.
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(0 <w' <1 for individual statements). Such a value is like a measure of “confidence”. Each statement S
corresponds to <li JEL YW > where ' is a code of expert from whom statement is obtained.

Without loss of generality we may assume that experts themselves have equal “weights”.

Denote the initial sets of statements obtained from 7-th expert by Q' the set of initial statements from all
expertsby Q, Q = U; Q.

The problem consists in constructing decision rule that reflects information synthesized from an organized group
of expert opinions.

On Criterion of a Quality of Experts’ Statements

Let y,(x) be the value of the feature Y at the point xe D ,i.e. y,(x)=Y(a) if X(a)=x.Let y,(x) be
the estimation of the y,(x) made by /-th expert.

We shall say that the set of the values y,(x) on D is a strategy of nature (denote it by c), and the set of the

values y,(x) on D is a strategy of [ -th expert (denote itby g,).

In this paper we assume for simplicity that there exists rectangular sets V',...,V" < D such that
D= Uj’:] VO VIV =@ ifi# j, y,(x)= B VxeV', where B isa constant.

Thus, we assume that the strategies g, are piecewise constantin D .

Consider value / such that 0 </ <1. We shall say that /-th expert (a strategy g,) has a competence # if
|35 (0) = 3, ()]
-«
Define the criterion of a quality of strategy g, as the integral

[ o=y () dx
e ey (D)

<1-h VxeD.

where w(D) is a measure of the set D .
Consider strategies g,,...,g, . Let 4 be some algorithm of constructing decision rule on the base of these

strategies. Denote the resulted strategy by g*, g¢” = 4(g,,...,g,,)-

We shall say that an algorithm A4 is a linear combination of strategies g,,..., g
ZZ«% =1, J’A(x) = zzlﬂly,(x) VxeD.

Proposition 1. If strategies g,,..., g, have a competence /7, then their linear combination has a competence

if 34,,...,4,,20 such that

m

at least equal to /.

Proof. Take any point x € D . Then

o) =" (x)| =

J’o(x)_i;tl)ﬁ(x) i/ilyo(x)—zrf:ﬂ,yl(x) < i;tz |yo(x)_y/(x)| <1-h.
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Proposition 2. There exists an algorithm A such that for any strategies g, and g, we have

)< n(g)+n(g,) _

n(A(g,, g, 2

n(x)+y,(x) YieD.

Proof. Consider algorithm 4 such that y*(x) = >

Since strategies g, are piecewise constantin D, strategy g is piecewise constantin D .

Take any point x € D . Then
[0 - OO 5091004300 3,00 =

— (0= R @) (o= 1200+ (1) = 1)+ (7o) - 1)’ <

- (0@ =7 ) + (1) =3, ()’
< . .

Proposition 3. There exists an algorithm 4 such that for any strategies g,,..., g, we have

n(g)+...+n(g,)
n(A(g,---,&,)) < - :

Proof. Consider algorithm 4 such that y*(x) =

yl(x)+"'+ym(‘x) VXED.
m

Further proof is similar to the proof of Proposition 2.

Note that equality in Proposition 3 is obtained if and only if y,(x)=...=y,(x) VxeD.

Suppose that strategy of nature ¢ is unknown and there are independent experts with the same competence.
From propositions 1 and 3 it follows that the decision rule obtained by the considered algorithm A has at least
the same competence and the quality better than average experts' quality.

Proposition 4. Let 4 be the linear combination of independent strategies g, ..., g,, ; then the minimum of the

value En(g*)=En(A(g,,...,g,)) isobtainedif 4, =...= 1 L
m

Proof. Consider values ¢, = 4, —i. Note that Zg, =0.
m I=1

2
Using E(Zg,y,j >0, E(Zg,y,jzo, E(Zing,y,J:O,weget
=1 =1

=1 i=1 =

E(J’o_z/lzylj :E(yo__zyz_zgzyzj :E[yo_;zyzj -
=1 =1 =1

m
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3 R et

A “Default” Algorithm of Constructing of a Consensus of Several Experts

Further on, we assume that strategy of nature ¢ is unknown.

Let for some point x € D we have statements from several experts. Consider some "reasonable” algorithm of
forming a consensus of experts' statements (denote itby A ).

Firstly, the algorithm 4 coordinates each /-th expert's statements separately. Suppose that S',...,S” € Q',

' (x) be the corresponding estimations of y, (x) made by /-th expert, i =1,m .

Minimizing value D w' (" (x)— »)* , we get equation D_w'(y'(x) — y) = 0. Therefore, put

i=1 i=1

3w ()
Y (%) =

i=l
here y,(x) is the coordinated opinion of /-th expert at the point x € D.

Put w, = max[l—;ijwi , where Ay’ :‘yi(x)—yl (x)‘.
i -a

Secondly, the algorithm A4 coordinates all experts’ statements at the point x € D. Suppose that we have
statements from & experts, coordinated as above.

k k
Minimizing value " w, (1, (x) — »)* , we get equation " w; (¥, (x) - ») = 0. Therefore, put

=1 =1

zwzyz (%)
)=

2

1

here y*(x) is the experts’ opinions at the point x € D, coordinated by the algorithm A .

After coordination by the algorithm A for all x € D we have sets in the form of E' or E' \(E>UE* U...)

with different predictions, where E' are rectangular setsin D .
Let us notice that resulted decision rule may suffer from redundancy. Since there are M initial statements, we
have upto 2" setsin D with different predictions.

Consider algorithms B of forming a consensus of experts' statements under restrictions on amount of resulted
statements. The value
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[0 @ -y () ax
F(B)=2

u(D)
estimates a quality of the algorithm B . Here y“(x) and y”(x) are the estimations of the v, (x) prescribed
to the point x € D by the algorithms A and B, respectively.

In the general case, the best algorithm B = argmin, F(B) is unknown. In the work [1], the heuristic

algorithm of forming a consensus of experts' statements for the case of interval prediction is suggested. This
algorithm uses distances / similarities between multidimensional sets in heterogeneous feature space [2, 3].

Conclusion

Suggested method of forming of united decision rule (as the method in [1]) can be used for coordination of
several experts statements and different decision rules obtained from learning samples and/or time series.
Applications of these methods are relevant to many areas, such as medicine, economics and management.
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UCMONb30BAHME FRIS-OYHKLIMA ANA PELUEHUA 3A0AYM SDX

Wpuna bopucosa, Hukonan 3aropyiko

AnHomayusi: Paccmampueaemcs 3adaya cmpykmypu3ayuu u3bbimoyHo2o Habopa UHGopMayuu, 8biseneHus
OCHOBHbIX 3aKOHOMepHocmell, codepxawuxcs 8 Hem ¢ nomowbio annapama FRIS-yHkyud. B pesynbmame
peweHuss amoli 3adaqu (3a0ayu SDX) Ha OCHO8e UCXOOHO20 MHOXecmea 00bEKMo8 Cmpoumcs €20
COKpaweHHoe onucaHue 8 MepMUHax KIaccog U CYWeCmeeHHbIX npu3Hakos. [aHHOe onucaHue CHabxXeHo
cucmemoUl npasur, NO38ONSIUWUX 80CCMAaHaBIUBaMmb 3HaYyeHUs 8CEX NPU3HaK08 Ha OCHOBE CyWeCmBeHHbIX U
Haxo0ums Mecmo HosbIM 0b6bekmam & cucmeme NOCMPOEHHBIX KI1accos.

Knoyeebie cnoea: PacnosHagaHue 06pa308, 6bibOp NpusHakos, HamypasbHas Krnaccugukayus, yHKUUS
KOHKypeHmHo20 cxodcmea.

ACM Classification Keywords: [.5.2. Pattern Recognition

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

BBeaeHue

dopmanusaunst YenoBeyeckol CnocoBHOCTM K aHanmM3y MHopMaLMW AAeT BOIMOXHOCTb YaCTMYHO HaaensiTb
3TOI CMOCOBHOCTLIO MCKYCCTBEHHbIE OOBEKTbI — KOMMbIOTEPbI. [laxe camble MPUMUTUBHbIE MOLENM aHanusa
[aHHbIX, MEPEHeCeHHble Ha KOMMbKOTEpb!, MO3BONSIOT AOCTUraTh 3HAYUTENbHBLIX Pe3ynbTaToB, TaK Kak
UCNONb30BaHWe 3TUX Mofeneil No3BONseT MallMHaM pellaTb 3adaduu, HEAOCTYMHbIE YEenoBeky W3-3a CBOEIA
rPOMO3AKOCTU M TPYAOEMKOCTU. JTO CTaHOBUTCS 0COBO aKTyanbHO B MOCNEAHeEe BPeMmsi, KOrAa HakonneHue
WHChOpMaLMK B pasnnyHbIX NPUKNagHbIX 0BNnacTsx MAeT ¢ OrpOMHON CKOpOCTbIO 1 ee 06paboTka B MpuHLMNE
HEBO3MOXHa 6€3 MOMOLLM KOMMbIOTEPA.

OpHMM 13 Hanbonee BaxHbIX 3TanoB 06pabOoTKM MH(OPMaUMW HaM MpeaCTaBnseTcs ee cucTemaTusaunst 1
yNpoLUeHMe — NpeacTaBneHne B BuAe, AOCTYMHOM NSl NOHMMaHWsi, Gornee nogpoGHOrO uccrenoBaHns U
[anbHelLwero Ucnomnb3oBaHus. YenoBekoM Anst 3TOr0 UCMONb3YITCH PasnuyHble MPUeMbl, MHOTUE U3 KOTOPbIX
(hopmManu3oBaHbl B pamkax NMpeaMeTHON obracti, HasblBaeMON WHTENNEKTyamnbHbIM aHanM3oM AaHHbIX, U
OTHOCATCS K 3afja4am pacro3HaBaHWsi 06pa3oB. BOT OCHOBHbIE M3 HUX :

1. CoKkpalyeHue uucna paccmaTpuBaemMbix OOBLEKTOB. BMecTo W3yyeHus Kaxgoro OTAENbHOro
npeacTaBuTens BoIOOPKM paccMaTpUBaKOTCA KNacchbl CXOAHbIX 0ObEKTOB. MOXOXKECTb B pamkax knacca
Mno3BONSET 3aMeHATb MHOXEeCTBa OOBLEKTOB M3 3TOMO Knacca HEKUM 3TanoHHbIM  (MaeanbHbiM)
06pa3sLom, peanu3aunsiMm KOTOPOro 3TV 0OBEKTbI SBNSIOTCS.

2. YnpouieHue onucaHua knaccoB. /cxogHoe omucaHue Knacca B BUAE NPSMOTO NEpevucreHns Beex
0ObEeKTOB, MOMABLUMX B HErO, 3aMEHSIETCA onucaHuem B Buae 06obLatoLlero npasmna (NOruyeckoro
pellatLlero npaeuna, NMHEWHOM pasgensiowen rpaHuubl 1 T.n.). [locTpoeHue onucaHwini yxe
CYLLECTBYIOLLMX KMaccoB B BUAE PeLLaloWyX nNpaBun TOW UM WHOM CTENEHW CIOXHOCTW, MO3BONSeT
Bonee 4eTKO NPeaCTaBUTL CTPYKTYPY STUX KIACCOB, X OAHOPOAHOCTb.

3. CokpalleHne yucna yuuTbIBaeMbIX U UCNONb3yeMbIX NPU3HAKOB. [lOCTUraThCs OHO MOXET Kak 3a
CYET MCKItOYEHNsH criabblX, HENHGOPMATMBHbIX, HECYLIECTBEHHbIX, CAyYalHbIX, LYMSLIMX NPU3HAKOB,
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TaK 1 3@ CYET BblAENeHNs Takon NOACUCTEMbI MHCbOpMaTMBHbIX, CyLLECTBEHHbIX NPU3HAKOB, No KOTOpOI;1
MO>XHO BOCCT@HOBUTb BCE OCTallbHbIE HeCJ'IyLIaVIHbIe NPU3HaKu ¢ JOCTaTO4HOM CTEMNEHbIO TOYHOCTH.

B paHHOW cTaTbe npeanpuHUMaeTCs MOMbITKA WCMONb30BaTh (hOpMarbHble peanu3auui  KOTHUTUBHBIX
CnocoBHOCTEN 4enoBeka [N MOCTPOEHUS amnroputMa peleHus OAHOM M3 JOCTaToYHO Oobwmx 3agady
pacnosHaBaHus 0bpas3oB, Korga nepeqd MccnefoBaTeneM OKasbiBaeTcsl HAabop AaHHbIX €AMHON Mpupodbl (M3
OrpaHUYEHHON npeaMeTHON 0bnacTu), NpefcTaBreHHbIn B BUAe Tabnuubl «0OBEKT-CBOWCTBO». [lpu 3TOM
OTHOCUTENBHO NPEACTaBMNEHHOr0 Habopa MOXHO NPEAnoNOXuUTb MULWb OQHO — OH JOCTATOYHO MOMHO OTpaxaet
MHoroobpasne 06beKToB 3TON NpUpoak! (MPeamMeTHOM 06racT) 1 MHOroobpasne NPKU3HaKoB, UX OMUCHIBAOLLX.
3apaven xe uccregosatens ABNAETCH CTPYKTypU3aLms 3TOro BO3MOXHO WM3bbITOMHOTO Habopa WHgopmaLmuu,
npeacTaBneHune ero B Buae, yaobHOM Ans AanbHEMLEero aHanuaa 1 UCrorb30BaHNs YEIOBEKOM.

3apava Takoro npuBELEHWS WCXOAHOW MHOpMauuM K Budy, yOODHOMY Ans BOCMPUSATMSI YENOBEKOM, Hamu
chopMynupyeTcs B TEPMMHONMOMAW 3ajady KOMOWHMPOBaHHOrO Tuma kak 3agava Tuna SDX - 3agaya
OOHOBPEMEHHOTO (hopMMpoBaHMS 00pa3oB (3agaya S) € pelawyMi mpaBunamu s WX PacnosHaBaHWs
(3agava D) B Hambonee nHGOpMaTBHOM NOANPOCTPAHCTBE Npu3HakoB (3agava X).

3apayum OCHOBHbIX TWMOB TakMe Kak 3afava NOCTPOEHMS peluarolyx npasun, 3agada rpynnupoBk 06bEKTOB
(TakcoHOMMK), 3apava Bbibopa CUCTEMbI MH(OPMATUBHBIX NPU3HAKOB XOPOLLO W3BECTHbI 1 AABHO PELLaTCs B
obnactu pacnosHaeaHus 06pa3os. OfHaKko Mpu pelleHnn 3agay KOMOMHMPOBAHHOTO TWNA NS PeLeHns 3agad
OCHOBHbIX TUMOB, 13 KOTOPbIX OHU COCTOAT, LienecoobpasHo MCMomnb3oBaTh eavHbI NOAX04, ONUpatLLMiics Ha
OOHY ¥ Ty e Ba3soByto rMnoTe3y. B kayecTBe eamHoro 6asuca 4ns peLleHns pasnuyHbIX 3agay pacrnosHaBaHus
06pa30B Mbl UCNOMb3YeM METOZ, OLEHKM BIM30CTH Mexay 06bekTaMu, OCHOBAHHbIN Ha (PYHKLM KOHKYPEHTHOTO
cxoacrtea (FRiS-gyHkumm).

Wcnonb3oBanue FRIS-GhyHKUMM MO3BONMNO Ham MOCTPOWUTL BHYTPEHHE HENPOTUBOPEYMBbLIE U 3PPEKTUBHbIE
anropuTMbl 4N1S pPeLeHns Takux 3agady KoMBWHUPOBaHHOMO Tuna, kak DX (pacnosHaBaHusi C OAHOBPEMEHHbLIM
BbIOOPOM  MHOPMATMBHOW cUCTEMbI Npu3HakoB), SD (TakCOHOMMM C OOHOBPEMEHHBLIM MOCTPOEHMEM
pelsatowlero npaemna) , SX (TakCOHOMUSI C OAHOBPEMEHHBLIM BbIOOPOM MH(OPMATMBHOI CUCTEMbI NPU3HAKOB).
Vx onucanne cogepxatcs B paHee onybnukoBaHHbIx cTatbsx [1, 2]. Tenepb e paccMoTpuM, Kak (PyHKLmMS
KOHKYPEHTHOrO CXOACTBA MOXET OblTb MCNOMb30BaHa npu  pelweHnn 3agadn  SDX  (takcoHomum ¢
OZHOBPEMEHHbBIM MOCTPOEHNEM PeLLatLLEro NpaBuna B NpOCTpaHCTBe Hanbonee MHGOPMATUBHBIX MPU3HAKOB).

(DyH KUunsi KOHKYPEeHTHOro cxoacrea

KpaTko HanomHuM, 4To Mbl HasblBaeM (yHKLMEN KOHKYPEHTHOMO CXOACTBA, W Kakue Npeanochinku onpeaensot
ee 3(h(heKTUBHOCTb MPU PELLIEHUN 3a1a4 aHanM3a AaHHbIX.

Uernosek SBNSETCH CamOi COBEPLUEHHON M3 HblHE CYLLECTBYIOLMX pacno3HaloWmX cucteM. Ecnm mbl XoTum,
4T0Ob! HaLWK anropUTMbl XOPOLLO UMUTUPOBANM YernoBeYeCkie CnocobHOCTI peLaTh 3agayn pacno3HaBaHus, TO
Mbl JOITKHBI UCMOMNb30BaTh Ty Xe MEepy CXOACTBA, KOTOPYK UCMOMb3yeT YernoBek. YernoBek cYMTaeT CXOACTBO
kaTeropuen He abCOMOTHOM, a OTHOCUTENBHOW, W OLEHMBAET Mepy CXOACTBA B 3aBMCUMOCTU OT KOHKYPEHTHOM
cutyauun. [ins otBeTa Ha BOnNpoc «Ha CKOMbKO CUbHO OBBEKT @ NOXOXK Ha 0BBEKT b?», HYy)XHO 3HaTb OTBET Ha
BONpoc «[10 CpaBHEHMIO C 4eM?»

,U,J'IFI N3MEpPeHNa B LLKane OTHOLLIEHNA Mepbl CXOAcCTBa obbekta z ¢ KOHKYpUpyLWnMu obbektamm a u b
npeanaraeTcs nonb3oBarbCA cnegywmmn COOTHOLEHUAMN:

Fan=(ro-ra)/(ratrs) ANS cxogcTBa Z ¢ 0OBLEKTOM a

N Foa=(ra=v)/(ra*1s) N8 cxofcTBa Z ¢ 06beKToM b.
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3pecb r; M 1, — paccTosHWA OT Z A0 a W b, COOTBETCTBEHHO. OYHKLUMO F Mbl W HasbiBaeM (yHKLMeEN
KOHKYpeHTHOro cxofctea unu FRIiS-chyHkumen (o1 cnos Function of Rival Similarity). Fas npuHuMaeT 3HaveHue
+1, €Cnu Z 1 a Hepaanuunmsl, -1, ecnun z coBnagaer ¢ b, u 0, ecnn 0BbekT z paBHOyAaneH 0T 06bEKTOB a U b.

®opmynupoBka 1 obwasn cxema pelwenuns 3agaum SDX

Kak 6b110 cka3aHo Bbille, YenoBek B cury 0COOEHHOCTEN CBOErO BOCTPUATHS NPeANoYUTaeT UMETb AEMNO He CO
BcemMn m obbekTamu, a € HebomnbLUMM Yncnom k rpynn (knacTepoB) 3TUX OOBHEKTOB, ONMMUCAHHbIX HEBOMbLUMM
HabopoM MH(OPMATMBHLIX (CYLLECTBEHHBIX) NPM3HAKOB Y, BbIOpPAHHBIX U3 X MCXOLHOTO MHOXecTBa X. YTo0bl
ObITb NPaKTUYECKN NONE3HON, TaKOe COKPALLEHHOE OMMCaHME BbIGOPKM AOMKHO COAepkaTb CUCTEMY PeLLaLLNX
npasuI, B COOTBETCTBUM C KOTOPbIMM Kbl HOBbI aHANN3MPyeMbIii OBBEKT MOXET ObiTb OTHECEH K TOM UM
nHoi rpynne. MOMMMO peLatoLLMX MpaBuUn COKPALLEHHOE OnucaHne BbIOOPKM JOMKHO COAepXaTb CUCTEMY
WHAYKTMBHbIX NpaBuI, YCTaHABNMBAIOWMX CBA3b MEXAY MOAMHOXECTBOM CYLLECTBEHHbIX MPU3HAKOB W BCEMU
OCTanbHbIMW NPU3HaKaMK, He BoLeawnMM B Basnc knaccudmkaumy. Mo Takum npaeunam Ans Kaxnoro o6bekTa,
BXoasiero B obpas, no 3Ha4YeHWsM €ro MHOPMATMBHLIX MPU3HAKOB MOXHO BOCCTaHaBMMBATb 3HAYEHMS
OCTanbHbIX NPU3HAKOB.

OTO noaxof cornacyetcs ¢ NpUHUMNaMy NOCTPOEHWS eCTECTBEHHbIX Knaccudukaumi [3], paccmaTpuBaeMbix
PSAOM aBTOPOB, Kak cnocob o6beanHeHNst 0GBEKTOB B rpynMbl «HA OCHOBAHWM OOLLMX, NPUCYLLMX UM CBOWCTB,
ONpegensoLLMX MHOXKECTBO APYTUX CBOACTB 3TUX OOBLEKTOB, KaK M3BECTHBIX, TaK U €LLe He M3BECTHbIX ». [lpu
3TOM «KONMYECTBO CBONCTB 0OBEKTa, NOCTABIEHHbIX B (DYHKLMOHAMBHYIO CBSA3b C €r0 MOSIOXEHUEM B CUCTEME,
SBNSETCA MaKkcUManbHbIM»[4]. BO3MOXHOCTb NpeAckasbiBaTh 3HAYEHUs MPU3HAKOB OOBLEKTOB MO WX MeCTy B
knaccudukaumm mbl 6ygem HasblBaTb NpeAckasaTenbHo CNOCOBHOCTLIO KnaccudmkaLmm,

PaccmoTpum BapuaHT 9TOM 3afauu, Koraa kaxgas rpynna OOBLeKTOB Onpedensietcsl CBOMM  TUMMYHBIM
npeacTasutenem (Ctonnom). HoBbIM 0BLEKT OTHOCUTCA K TOW rpynne, CTONN KOTOPOW okasancs brimkanwmm k
atomy 0OBekTy B NPOCTPaHCTBE  WHGOPMATUBHBIX (cywlecTBeHHbIX) xapakTepucTuk. B kavectse
NPOTHO3MPYEMbIX 3HAYEHUI MPU3HAKOB, HE BOLLEALLMX B YMCIO CYLLECTBEHHbIX, ANs 3Toro obbekta bepercs ux
3HaYyeHWe Ons COOTBETCTBYHOLEro cronna. [ OLEHKM HafeXHOCTU Takoro poda MPOTHO3 Mbl MCMOMb3yem
(OYHKLMIO KOHKYPEHTHOTO CXOACTBA, KOTopas u3MepsieT Bmm3ocTb Mexay OBLeKTOM M 3TanoHOM C y4eToM
KOHKYPEHTHOW CUTYaLK.

B pesynbtate Ans (buKCMpOBaHHOTO Habopa ctonnoB ScA, rge A-MCXOOHOE MHOXECTBO OOBEKTOB, M
HEKOTOPOro MHOXeCTBa MHGOPMATUBHBIX MPU3HaKOB Y X, rae X - UCXOHOE MHOXECTBO NPM3HAKOB, ONpeaenum

Ka4yecTBO, C KOTOPbIM BbIOPaHHbIN HABOP JaHHbIX <S, Y> onUCbIBAET UCXOAHbIN Habop <A,X> kak:

Op(S,Y) = ZFX(C’:S* | s* = argminpy (a,s))

acA seS

rae Fx —yHKUWS KOHKYPEHTHOrO CXOACTBA B MPOCTpaHCTBe X, py — METpUKa B npoctpaHcTee Y. 3ajava xe
coctouT B Bblbope Takom napbl <S,Y>, koTopas obecneuut makcumym yHKUMoHany Qr YTtoBbl nomyunTb
[OCTAaTOYHO KayeCTBEHHOE pelleHWe 3TOM CMOXHOW 3adadn Mbl pa3obbem ee Ha [Be 6oree npocTbie K
nepeiaemM K pacCMOTPEHWIO 3aa4v [BYXYPOBHEBOW ONTUMM3ALIAN:

O,(Y) =Y F,(a,s*|s* =argminp, (a,s)) - m

ax
acA SESy rex

Sc4,
NE

e Sy = arg max Z F,(a,s*|s*=arg I;lil’l py(a,s))
NS
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Habop ctonnoe Sy Ans GUKCMPOBaAHHOWM MOACMCTEMbI MPU3HAKOB Y OTLICKMBAETCA C MOMOLLGK anroputma
TakcoHomun FRIS-Tax[2], kOTOpbIA ONMpaeTcs Ha MCMONb30BaHWE (DYHKLWMA KOHKYPEHTHOTO CXOACTBA M B
npouecce paboTbl CTpouT Habop CTONNOB, OBECneYMBaOWMA MAKCUMYM CPERHEro 3HayeHus yHKLMM
KOHKYPEHTHOrO CXOACTBA Mo Bbibopke.

Mpu nepexode K peLLEHMI0 3afayu TaKCOHOMUM, Mbl ONMpaeMcs Ha AOMyLleHWe, YTO B npocTpaHcTee Y
CYLLECTBEHHbIX (MH(hOPMATMBHBIX) XapakTEpPUCTWK Knacchbl, obnajatolime peanbHbIMW NpeackasaTenbHbIMU
CBOWCTBaMM, AOMKHbI 0Bpa30BbiBaTb KOMMAKTHbIE CTYCTKWM, W, KaK CneacTBue, OTbICKMBATHCS C MOMOLLbIO
HEKOTOPOW TaKCOHOMMYECKOW Npoueaypbl. Belbop xe camoro npocTpaHcTBa Y nocne onpeaeneHus anroputma
ana Bblumcnenns QrF(Y) MOXeT OCyLIeCcTBAATHCA OOHOM U3 W3BECTHbIX Mpouedyp HanpaBfeHHOro nowucka
(anroputmom AdDel, GRAD, CMA), nnbo nokaneHoro cnycka.

Takum obpasom, cnoxHas 3agada SDX cBoautcs k cepum Gonee NpPOCThIX, PELIeHWe KOTOPbIX MO3BOMSET
NPeacTaBnsATb UCXOAHYK BbIOOpPKY 0OLEKTOB B Buae, Haubonee yaobHOM [nsi aHamuM3a nonb3oBaTenem,
COrMacoBaHHO BbIAENSA rPYNMbl NOXOXWUX ODLEKTOB, pelaloliee NPaBumo AN OTHECEHWS HOBbIX OOBEKTOB K
BblZeNeHHbIM rpynnaMm U MHGOPMATMBHbIE (CyLLECTBEHHbIE) MPW3HakKK, Haubonee MOMHO, OMUCbIBAOLLME
BbIOOpKY.

MpoBepkKa Ha peanbHbIX JaHHbIX

Cnepylowme  9KCNEPUMEHTbI  MPOBOAWAMCb,  BO-MEPBbIX, ANS  BbIACHEHWS TOTO, HACKOMbKO  TOYHO
BOCCTaHaBNMvBaeT WHdopmaumio o Bbibopke anroputm FRIS-SDX, peanusyowmii obLiyl0 cxemy pelueHus
3apgaun SDX, onucaHHyto B npedpblayliem naparpade. Bo-BTopbix, CTaBunmach 3afgava OLEHUTb, HACKOMbKO
OTCYTCTBME MH(hOPMaLMK O BbIDOpKE (OTCYTCTBME anpuopHON MHAopMaLK 0 pa3dbrneHnn 0BbEKTOB Ha Knacchl,
06 MHGOPMATMBHOCTW OMNUCLIBAOWMX MPU3HAKOB)  YXYALUAET KavyeCTBO PELIEHWs 3aday pacrnosHaBaHMs
0bpa3oB. Hackonbko onpaBaaHHbIM B TOM WKW WHOM CRyyae SBMSIETCA NEpexod OT OCHOBHbIX  3ajady
pacnosHaBaH1s K KOMOUHMPOBAHHbLIM, U HACKOMIbKO OH MO3BOMSET BOCCTAHABMMBATL 3Ty MHC(HOPMALMIO U TEM
camMbIM MeHsITb KaYeCTBO peLleHns 3a4ay B 3aBUCUMOCTH OT TOrO, KakoBa 4ONS MHPOPMATUBHBIX MPU3HAKOB B
BbIOOpKE.

3a ocHoBy Obina B3ATa Tabnuua, copepxalias 64 MepHble OMMUCaHWS Pas3NUYHbIX BApuaHTOB HanucaHus 10
apabckux umdp. Mbl npegnonaraem, 4to nofobHoe pasbueHne SBNSAETCS eCTECTBEHHbLIM, a MPaKTUYecku Bce
MPU3HaKN — B TOM UMM WHOW CTENEeHW MHQopMaTuBHbIMK. [Mpumepbl 0OBLEKTOB BLIGOPKM MPUBOAATCA Ha
PuvcyHke 1.

Puc.1 Mpumepbl 06LEKTOB BbIGOPKH, COCTOSILLEN M3 Pa3NYHbIX BAPUAHTOB HANMcaHUs apabekux Ludp.

Obyvatowas Belbopka A, cchopmupoBaHHas Ha OCHOBe 3Toi Tabmmuel, cogepxana 100 obbekToB, TECTOBAS
Bblbopka B — 655 obbekToB. Kpome TOro paccmatpuBanich «pasgyTble» BapuaHTbl TeX xe Bblbopok. Tak B
Bblbopkax A'n B' nomMnMo MCXOAHbIX 64 NprU3HAKOB COAEPKanoch 64 KoHa 3TUX NPU3HAKOB C HANOXEHHBIM Ha
HWX [aycCOoBbIM LLYMOM, @ Takxe 64 YNCTO LWYMOBbIX NPU3HAKA, HUKaK HE CBA3AHHbIX HU C LiENeBbIM MPU3HAKOM,
HW C MCXOOHBIMW OMKCBIBAOLLMMM NpU3HaKamu. B ntore, kaxabin 0O6beKT B 3TUX BbibOpkax onucbiBancs yxe 192
Npu3Hakamn 1 COOTHOLIEHWE YUCna B TOW UK MHOW CTEMEHU MHDOPMATUBHBIX MPU3HAKOB K obLiemy uucny
npu3HakoB 6bino 1:2. Mo aHanorn dopmmuposanuck Boibopkn A" n B". Ho B Hux yxe 6bi1o 1024 wymoBbIx
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npusHaka (scero 1152 npusHaka), u Aons MHGOPMaTUBHBLIX MpWU3HakoB coctasnsana 1:9. Ha atux Beibopkax
peLLanuch crnegyowme Tunbl 3aaaun pacno3HaBaHns

1. 3apava mocTpoeHusa pelaowero npaBuna (3agada D). Ota 3agava COOTBETCTBYET Crhydato, koraa
N3BECTHO Kak pasbueHne 06bekToB obydatowleit BbIGOPKN Ha Knacchl, Tak U TO, YTO CPean OnUCHIBAOLLMX
NMPU3HAKOB HET 3aBE4OMO HEWMH(OPMATWBHbIX, CMOCOBHBLIX yXYAWWTb Ka4yecTBO pacno3HaBaHus. [ns ee
peLLeHns Ha obyvatowen Bbibopke 3anyckancs anroputM FRIiS-Stolp [1], @ adheKTUBHOCTE NOCTPOEHHOMO
peLLaloLLero npasunia OLEeHMBanach Yepes KavyecTBo pacno3HaBaHus obyyatowei - Qst, M TeCTOBOW BbIOOPKY
- Qss.

2. 3apaya TakcoHomuM (3agada S). OTa 3agaya COOTBETCTBYET CMyyaro, KOrAa OTHOCUTENbHO BbIBOPKM
N3BECTHO, YTO Oonbluas YacTb NPU3HAKOB MHKOPMATMBHbI, OAHAKO MHGOPMALMS O MPUHAANEXHOCTY
0ObekToB K knmaccam HegoctynHa. OHa pewanacb ¢ nomowblo anroputma FRiS-Tax[2]. Kayectso
TaKCOHOMMM OLEeHMBanachb cregylowmm obpasom. Kaxgomy nonmyyeHHOMY TaKCOHY NpucBauMBanocb WMS
Knacca, YbMX MpeacTaBuTENlen B HEM OKasblBanoCb OOMbLIMHCTBO, @ 3aTeM Ha MONy4YeHHOW BbIGOpKe
CTpoOMNOCh pelatwlee npasuno anroputmom FRIiS-Stolp. Yem Bbilwe npu 3TOM OKasblBanoch KayecTsoO
pacno3HaBaHus No NOCTPOEHHOMY NpaBuny MCXo4HOM obyyatoLen BbIGopkn Qs 1 Ka4yecTBO pacno3HaBaHus
TECTOBOM BbIOOPKM Qs TeM Bonee noxoxas Ha WCXOAHYI €CTECTBEHHYIO KNAacCUMKaLMO TaKCOHOMUS Y
Hac nomnyyanacs .

3. 3apgaya NOCTPOEHWS pelualowWero npaBuna ¢ OJHOBPEMEHHbIM BbIGOPOM WHGOPMATUBHBIX
npu3HakoB (3agava DX). Ota 3agava BO3HMKAET TOrga, KOr4a HET YBEPEHHOCTW, YTO BCE MPU3HAKM,
Boweawve B Tabnuuy-06beKT-CBOCTBO SBASIOTCA WHAOPMATUBHBIMK, GOnee TOro BbICOKA BEPOSTHOCTb
NOSIBNEHUS LUYMSALLMX, HEMH(DOPMATUBHBIX MPWU3HAKOB, MCKaXalowwmx 06yl kapTuHy. [ing ee pelueHus
“Cnonb3oBarncs ynpoLUeHHbIn BapuaHT anroputma FRiS-GRAD [1], B koTOpOM Ans HanpaBneHHOro noucka
CUCTEMbI NpU3HaKoB npumenancs anroput™ AdDel [5], @ MHGhOPMATUBHOCTL KaXaoi TECTUPYEMON CUCTEMBI
MPU3HAKOB OLleHWBaNachb 4epe3 KayectBO ONMWUCAHUS 3TOM CUCTEMbI MPU3HAKOB CUCTEMOW CTOJMOB,
NoCTpoeHHbIX anroputmom FRIiS-Stolp. 3707 anroputm 3anyckancs Ha obyvarowlen BbiGOpku, a 3aTem
NOMyYeHHbIM PeLatoLLMM NPaBUIioM B MPOCTPAHCTBE MH(OPMATUBHBIX XapakTEpUCTUK —pacrnosHaBanach
KOHTPOMNbHas BbIGOpKa.

4. 3apava NOCTPOEHWUs TAKCOHOMMUMN C OAHOBPEMEHHbIM BbIOOPOM UH(OPMATUBHbLIX NPU3HAKOB (3a4a4a
SX). B atom cnyyae HegoOCTYMHOM CYMTAETCA Kak MHopmaums 06 MHGOPMATMBHOCTM MPU3HAKOB, TaK U
WHGopmaums o pasbueHnn obbekToB obyyarowiei BeIGOPKM Ha Knacchl. [ pelieHns 3Toi 3a4ayu Mol
MCNONb30BanM TOT e anropuT™, YTo U Ans pelueHns 3again SDX. EAMHCTBEHHBIM OTAMYMEM SBASNOCH TO,
YTO CMCTEMA CTONOB, KOTOPbIE B MOCAEACTBUM MOITIW UCMONb30BATLCA KaK peLuaroLLee NpaBuro, B HEM He
COXpaHANuCb. KayecTBO MOMyYeHHOW TaKCOHOMMM, Kak W B Chyyae 3agauv S, OLEeHMBanoChb 4epes
HafEXHOCTb pacrno3HaBaHus 0Oy4alolen ¥ KOHTPONbHOW BbIOOPKM B BbIOPAHHOM MOAMPOCTPAHCTBE
MPW3HaKOB B CUCTEME KNaCCoB, CHOPMMPOBAHHOMN B 3TON TAKCOHOMUW .

5. 3apaya TaKCOHOMMM C OAHOBPEMEHHbIM MOCTPOEHMEM pelLaloWero npasuna B NPOCTPAHCTBE
Hanbonee uHdOpMaTMBHbIX Npu3HakoB (3agaya SDX). Kak u B npegplgyllen 3agade, 3mecb
OTCYTCTBYHOLLEN CcunTaeTCs MHopmauust kKak 06 MHGOPMATUBHOCTM, TaK U O KNACCOBOM MPUHAANEXHOCTM!.
OTa 3afava pelwanacb anroputMom FRIS-SDX, peanuayrowwum obLLyto CXeMy, ONUCaHHYI0 B AaHHON CTaTbe.
B pesynbTare ero paboTbl CTpoMnach HeKOTopas Knaccugvkaums B NpOCTPaHCTBE MHGOPMATUBHBIX C TOYKM
3peHus npefckasaTtenbHOM CNoCOBHOCTW XapakTepucTuk. MapannenbHo CTPOMNOCh peluatoliee npaBuno
ANS pacno3HaBaHWs HOBbIX 0ObEKTOB. YTOObI OLEHUTL Ka4yeCTBO PELIeHWs AaHHOM 3adauu, Kak 3ajaum
SDX, Mbl pacnosHaBanu UCXOLHYK OByvatoLylo M KOHTPOMbHYK BbIGOPKY OTHOCUTENBHO MOCTPOEHHOM
KnaccudmkaLmm no NoCTPOEHHOMY peLLatoLLeMy npaBuy B NPOCTPAHCTBE MHKDOPMATUBHbIX XapaKTEPUCTHK.
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Mo cyT [Be MocnefHue 3adayu B AAHHOM CRyyae SBNSOTCA SKBUBANEHTHbIMM, TaK Kak MCMOMb3ys
anroputm FRiS-Tax Ang nocTpoeHUss TakCOHOMUM Mbl aBTOMATUYECKM CTPOMM peLuatollee NpaBumo,
pasHMLa NULIb B METOAMKE OLIEHKM KayecTBa nonyvaeMbix pelueHnin. B 3agaye SX peluatoliee npasuno
CTpOUTCS OTAEMbHO, a B 3afadve SDX ans pacnosHaBaHMsi UCMONb3YeTCs CUCTEMA CTOMMOB, MONyYeHHbIX B
npoLecce TakCOHOMMM.

PGSyJ'IbTaTbI BCEX 3KCNEePMUMEHTOB, AnA BbI60p0K C pasnnyHbIM ypOBHEM LLIYMOB NPUBOAATCA B Ta6nmue 1.

Tabnuua 1.

Tun (A,B) (A’B) (A”,B”)
safaqu Qst Qss Qst Qs Qst Qs
D 0.96 0.82 0.94 0.80 0.72 0.49
DX 0.87 0.66 0.87 0.66 0.81 0.65
S 0.90 0.75 0.81 0.68 0.68 0.47
SX 0.85 0.68 0.83 0.69 0.54 0.36
SDX 0.85 0.68 0.8 0.69 0.54 0.37

Kak n oxuganoch, nonyyeHHble pesynbTaThl He JatoT BO3MOXHOCT OLHO3HAYHO OTBETUTL Ha BOMPOC, CrieayeTt
NN OT 3aday OCHOBHbIX TWMOB NEPeXoauTb K 3agadyaM KOMOMHMPOBAHHbIM. Tak B Cryyae, korga gons
MH(OPMATVBHBIX XapaKTepuUcTuK B Boibopke Benuka (napol (A,B) u (A’,B)), Bbibop MHDOPMATMBHOIM NOACUCTEMBI
MOXET YXyALWuTb obLiee kayecTBO peleHns 3agaun DX. Takum obpasom, kak v npegnonaranocb, 0Tkas OT
npeanonoxexns 06 MHMOPMATMBHOCTM  OMUCHIBAOLLMX MPU3HAKOB M YXYALLAeT KayeCTBO pacro3HaBaHus, B
cnyyae korga ata wHgopmayun goctoepHa. OfHako, C POCTOM YnCna WyMSALWMX XapaKTepucTuk B BbibOpKe
Takas npouegypa CTaHOBMTCA HEODXOAMMOW W ONpaBAAHHOW, YTO MOATBEPXAAET 3KCMEPUMEHT MO PELLEHMIO
3apaqun DX Ha Bbibopkax A" u B".

Mpn nocTpoeHuM TakcoHoMMM HaobopoT, aobaeneHne npouedypbl Bbibopa WHAPOPMATUBHOM CUCTEMBI
MPU3HaKOB OKa3blBAeTCs OMpaBAAHHOM MULb NPWU OTHOCUTENBHO HEGONMbLIOM YPOBHE LUYMOB B BbIOOpKE (
Bblbopka (A',B')) 1 3HAUMTENBHO YXYALWAETCS C UX POCTOM.

OTtka3 oT MHOPMaLMM O KMaCcCOBOW MPUHALNEXHOCTM OObEKTOB obyvyatolen BbIOOPKM Takke HEeraTMBHO
CKkasblBaETCS Ha Ka4yeCTBe NOMyYaeMblX PELUEHUI, OHAKO, B HEKOTOPbIX CMy4YasX 3TO HeraTWBHOE BRUSHUE
CIMaXWBaAeTCa Ha KOHTPOMbHOW BbIBOpKE, KOTOpas pacrnosHaeTcs nyywe Ha 6onee KOMNAaKTHOM cUCTeMeE
KnaccoB, NOCTPOEHHOW B MPOLIECCE TakCOHOMWUW. VIMEHHO NO3TOMY pe3ynbTaThl Pacrno3HaBaHUS KOHTPOIbHOM
Bblbopky B 3agade SX ans Bbibopok (A,B) u (A’,B)), oka3blBatoTca Aaxe nyuylle pe3ynbTaToB PeLLeHUs 3agayn
DX ans Hux xe.

Takum obpaszom

CtouT 0TMETUTb, YTO NOAOOHBIE pe3ynbTaThl TaKke 0DBACHAKTCS CNEeLMdUKON KOHKPETHOW 3aKaum, B KOTOPOW
NPaKTU4eCKkn BCE WUCXOAHbIE NPWU3HaKK, ONUCbIBAOLME BbIBOPKY, ABAAKTCA WHAOPMATUBHBIMKA U criabo
KOppenupoBaHHbIMA  Mexay CcoboW, Tak kak pacno3HaBaHWe UMp MO UX YaCTUYHOMY HanWCaHMIO
npeacrasnseTcs npobnematnyHbIM. [10TOMy NX yMEHbLLEHWE aBTOMATUYECKN BEAET K NOTEPE KayecTBa.
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3akniouyeHue

1. lokasaHa BO3MOXHOCTb pelleHMs 3apayu KomOuHMpoBaHHOro Tuna SDX ogHOBpemeHHOro Bbibopa
knaccudpmkaumm S, pewatowero npasumna D v nHhopmaTMBHOMO NOAMHOXECTBA X HabntogaeMbix 0ObEKTOB.

2. [Ins oueHku npeackasaTenbHol CNOCOBHOCTM KnaccudukaLmm npu 3TOM UCMONb3YETCs CPEAHEE 3HAYEHWe
(yHKUMn F, cxoncTea 06beKToB 0byyatoLLen BbIGOPKY C aTanoHamm cBouX 06pasos.

3. OKCNepUMEHTarbHO NOKa3aHo YTo MHOopMaLmMs 0 pa3bueHnn 06bEKTOB Ha Knacchl, NoyYaemasi B npouecce
pelwenns 3agaun SDX, a Takke SX, AOCTATOMHO XOPOLIO COrMacyeTcsl C MMEKLLENRCs €eCTeCTBEHHOM
knaccudmkaumen atux 06bekTos. [pu 3TOM yAAETCS COKPaTUTL YKCIIO NPM3HAKOB B OMMCAHUM KNACCOB.

4. 3apaus KOMOWMHMPOBAHHOTO TUMA LENecoobpasHo pelaTtb B YCMOBUSIX OTCYTCTBUS MHGopMauum o6

obyyatoLeit BbiGopke, MpW MOLO3PEHUM, YTO B OMUCAHWM COAEPXATCS HEMH(OPMATUBHbIE MPU3HAKM, MpU
OTCYTCTBUM Pa3bueHmns Ha Knacchl.

BnarogapHocTu

[aHHas paboTa BbiMOMHeHa npu (uHaHCOBOW noaaepkke Poccuiickoro ¢oHaa  hyHAAMEHTanbHbIX
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BbIABNEHUE ®PAKTAIONOAOBHbLIX CTPYKTYP B AHK-
NOCNEAOBATENBHOCTAX

Bnagumup lyces, llio6oBb MupowHuyexko, Hagexaa YyxaHoBa

AHHOMauyus: PaspabomaH u peanusosaH anzopumm ebiseneHuss pakmanonodobrbix cmpykmyp e LHK-
nocrnedosamensHocmsx. ®pakmanbHOCMb mpakmyemcs Kak camonodobue, OCHO8aHHOE Ha cgolicmee
cuMMempuU unu KoMniaemeHmapHoU cummempuu. JlokarnbHble gopakmarbi UHMepPecHbI c8oell cnoCobHOCMbI0
aKkKyMynupogams MHOXECMEEHHbIE NarUHOPOMHO-WNUAEYHbIE CMPYKMYypPbl C NOMEHUUATbHO 803MOXHbIMU
peaynamopHbIMU  (byHKUUSMU. BbiseneHbl pearbHble Cflydau NposeneHus (pakmanbHoCmu 8 PasfiudHbIX
2eHomax: om supycos 00 4Yenoseka. PaccmompeHa 803MOXHOCMb UCNOb308aHUS (hpakmanonodobHkIX
CMpyKmyp 8 kayecmee Mapkepos, pasnudarouwjux 6ruskue knaccbi nociedogamesnsHocmed.

Keywords: DNA sequences, fractal-like structures, repeated fragments, palindrome, complementary palindrome.

ACM Classification Keywords: J. Computer Applications — J.3 Life and medical sciences — Biology and
genetics; |. Computing Methodologies- 1.5 Pattern recognition — 1.5.2. — Design methodology —Feature evaluation
and selection.

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

BBeaeHue

OtpenbHble parmeHTol JHK xapaktepusytoTcs nposiBeHsaMM CaMonopobusi, OCHOBAHHOTO Ha CBOWCTBE
CUMMETPUM WNW  KOMNIEMEHTapHON cummeTpumn. o accouuaumm ¢ paboton [Mandelbrot, 1992], 6ynem
Ha3blBaTb MX NOKanbHbIMA ppaKkTanamn (Npu OTCYTCTBUM UCKKEHMI) UM (paKTanonogobHbIMM CTPYKTYpamu
(Mpm ux Hanuumm). Takoro poga 06bEKTbI BCTPEYATCA B Y4aCTKax aHOMasbHO HU3KOM CROXHOCTY, COOepXaLmx
NOBMOPSIOWUECS CUMMeMpPUYHble hpaeMeHmbI (MaNMHAPOMbI) UM KOMNIEMeHmMapHbie nanuHOpomb! [Gusev,
1999]. 3HauMMOCTb NoCneaHUX B PETYNIALMN FreHETUYECKMX NPOLIECCOB HE BbI3bIBAET COMHEHMIA, TOrAa kak ponb
00bIYHbIX ManMHOPOMOB He cTonb oveBuaHa. MOXHO, TeM He MeHee, ykasaTb Ha paboty [Bacolla, 2004], B
KOTOPOW NpUBEAEHbLI NPUMEPbI HECTAHAAPTHbIX CTPYKTYp, B 0Opa3oBaHWM KOTOPbIX NPUHUMAIOT yyacTue 6nm3ko
PacnomnoXeHHbIE CUMMETPUYHbIE (hparMeHTbI.

PearnbHble npuMepbl (pakTanonofobHbIX CTPYKTYp OBHapyXeHbl HamMu B 30He Hayana pennukauuy reHoma
Gakreprodhara A [yces, 1989]. PpakTanonogobHyto (B HaLWMX TepMUHAX) CTPYKTYpY 00pasyeT caiT CBS3bIBaHUS
trpR-penpeccopa E.coli, obpa3oBaHHbIii NOBTOPEHMEM ABYX KoMnneMeHTapHblx nanuHgpomoB ACTAGT co
BCTaBkon Gurpammbl TA mexay Humu [Karlin, 2005]. B yutvpyemoin pabote 3T0T npuMep NpuMBOAUTCS B CBSA3N C
obcyxaeHneM aHoOManuin B NO3NLMOHHOM pacnpegeneH komnnemeHTtapHoro nanuiapoma CTAG no anuHe
reHoma. B HepasHeit pabote [3arockuH, 2008] mo u3yyeHWto AMMUMHYUMM xpomaTuHa B reHome C.kolensis
(MpecHOBOAHbIN payok) ObiNo BbLISBMEHO, YTO TPU W3 YeTbipex MCCNefoBaBLUMXCH MEXMUKPOCATENUTHbIX
nokyca anuHon ot 500 go 750n.H. OCTalOTCS B reHOME COMATUYECKUX KIETOK NOCNE NPOXOKAEHUS QUMUHYLIUK,
TOr4a Kak OOMH M3 HUX YCTpaHsieTcs B npouecce AuMuHyumu. MmeHHo B aTom chparmenTe OHK obGHapyxeH
ONWHHBIA KoMnneMeHTapHbln nanuiapom GGTACGTGCACGTACC, koTopbid B ABYX W3 NATU BXOXOEHWUIA
NOBTOPSETCA TaHOEMHO. B03MOXHO, BO3HWKaloWwWe npu 3TOM (pakTanonogobHble CTPYKTYpbl WUMET
OTHOLLEHWE K 0OBACHEHNIO MEXaHN3Ma BUMUHYLIK.

lMprBeaéHHbIE NPUMEpPbI CBMAETENLCTBYIOT 06 aKTyanbHOCTW U3yveHust PpaKkTanonofobHbIX CTPYKTYP U UX ponu
B perynsuum OCHOBHbIX rEHETUYECKNX NpoLeccoB. MOCKONbKY HU OAMH N3 M3BECTHbIX METOAOB (CNIOXHOCTHbIE
npocounm [l'yces, 1999], ckaHupytowwme ctatuctuku [Karlin, 1989], anropuT™Mbl OTbICKaHMSA TaHAEMHbIX NOBTOPOB
[Crochemore, 1994]) He rapaHTMpytoT B 0BWeM criydae BbisiBREHUS 8Cex (hpakmanonodobHbix cmpykmyp ¢
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Y4ETOM BO3MOXHOMO WX Ha/OXEHUS W 3afaHHbIMW OgpaHuU4YeHusiMuU Ha anuHy 6asosoro nosTopa ("nepuopa”),
pasmep ranoB Mexay COCEOHUMM €ro BXOXAEHWSAMM U KPaTHOCTb MOBTOPEHWi, Tpebyetcs cneumanbHbli
anropuTM™, yAOBNETBOPAIOWMA STUM OrpaHnueHnsaM. Liessio pabome! SBnsieTcst pa3paboTka Takoro ameopumma,
ero anpobauus Ha pasnnyHbIX TEKCTax U XapaKTepu3aLus BbISBNSEMbIX opakmanonodobHbIx cmpykmyp.

OCHOBHbIE NOHATUA U npeanocbiikKn

OBbIYHbIA NanMHOPOM — 3TO (hparMeHT, OOMHAKOBO YMTaeMblii B 00OMX HanmpaeneHusx (Hanpumep, cattac).
KomnnemeHTapHbIli NanuHapoM yOOBMETBOPSIET 3TOMy CBOWCTBY IWWb MPU MEPENMEHOBAHMM SMIEMEHTOB
andasuTa B OOHOM W3 [ABYX NpouTeHuii: a— t, (@ BvecTo t), t — a, ¢ — g, § — C, YTO COOTBETCTBYET
N3BECTHOMY B MOMEKYNSPHON BGWUONOTrMM OTHOLIEHMIO KOMMMEMEHTapHOCTW. Tak, Lenodyka catatg, sensetcs
KOMNIEMEHTapHbLIM NanuMHAPOMOM, MOCKOMbKY NPK NPOYTEHWM ee CrpaBa HaneBo C 3aMEHON g Ha C, t Ha a u T.4.
norny4aeM WCXOAHYK NOCNEAoBaTENbHOCTb CUMBOMIOB. JNEMEHT camonogobus nposBnseTcs B TOM, 4TO
MOBTOPEHNE OObIYHOrO CUMMETPUYHOTO ManMHApoMa (CryyaW "a") unm KoMnneMeHTapHoro (cnydvam "6")
npvBoauT K 06pa3oBaHM0 HOBOTO ManMHApOMa (COOTBETCTBEHHO KOMMMEMEHTApHOrO nanvHapoma) BABOE

OonbLuel AnnUHbI;
< >
cattac cat tac

cat atgq cat atg

(3pecb noBTOpPSHOLLMECS (PparMeHTbl NOAYEPKHYTLI; PACXOASLUMECS CTPENKN CBEPXY 0B03HAYaT ManuHLpOM,
CXOAALMEC — KOMMIEMEHTApHbIN ManuHapom). [pu KpaTHOCTM MOBTOPEHUI BbIWE [ABYX BO3HUKAKOT
MHOXECTBEHHble CTPYKTypbl (cM. 1,2,3 1 T.N. B npumepe C 4-kpaTHbIM MOBTOPEHMEM KOMMIEMEHTAPHOMO
nanuHapoma catg):

3 3
1 1 2 2

catg catg catg catg

CTpykTypbl, 0Bpasyemble TOYHbIMK ("COBEPLUEHHLIMU") TAHAEMHBIMWA MOBTOPaMU CUMMETPUYHBIX (B LUMPOKOM
CMbICre) (parMeHTOB, Mbl Ha3blBaeM IoKanbHbIMU ppakTanamu. pyn HanuMuum He3HaYUTESbHBIX UCKAXEHWUI
BHYTPY MOBTOPSAIIOLIMXCA (PPAarMEHTOB, PaBHO Kak W BCTaBOK MEXOy HUMW, WCMONb3yeM TEPMUHBI
"tbpakTanonogobHele CTPYKTYypbl" WM "HECOBEpLUEHHblE moKanbHble (pakTansl”. [lpeagnonaraetcsi, 4To
pa3aMepbl BCTABOK COMOCTaBUMbI C [/IMHaMK NOBTOPSHOLLMXCA (hparMeHToB. PyHKLUMOHANbHASA 3HAYUMMOCTb Npy
BCTaBKax He TEPSETCH: BO3HUKAIOT "LNUNEYHbIE" CTPYKTYPbI, YHACTBYIOLLME B PETYNALMN MHOTUX FEHETUYECKUX
NpOLIECCOB.

3ameTnM, YTO MHOXECTBEHHbIE HanaraloLmecs CTPYKTYpbl BO3HUKAKT W Npu MOBTOPEHUM NeBoit (cryvan “a")
nnu npason (cnyyain "6") NONOBMHOK CMMMETPUYHOTO B LUMPOKOM CMbiCre (hparMeHTa, Jaxe ecrnin Ang 3Tux

MOMOBWHOK HE BbIMNOMHAETCS CBOACTBO CUMMETPUN:

2 2 2 2

1 1 1 1
a) caaggtaccttgcaaggt 6) caaggtaccttg accttg ...

OpnHako CBOICTBO camonogobus B 3TOM Cryyae TepsieTcs.

Anroputm o6HapyXeHWUs NoKanbHbIX (ppakTanos

lMonck coBepLUEHHbIX CTPYKTYP OCHOBAH Ha BbIBIIEHUM BCEX TaHAEMHbIX MOBTOPOB B TEKCTE W OTOOPY TEX U3 HUX,
B KOTOPbIX HAUMEHbLLMIA NEPUOA (MM €ro LMKINYECKII COBMT) SBASETCS NanvHAPOMOM UK KOMNSIEMEHTAPHBIM
nanuHgpomoM. Mol ucnonb3yem Ans BbISBMNEHUS TaHAEMHbIX MOBTOPOB TEXHMKY CROXHOCTHOTO aHanu3a, a
nmenHo, [HK-opueHTMpoBaHHbIi BapuaHT [Gusev, 1999] mepbl cnoxHoctu Jlemnens u 3usa [Lempel, 1976]
peann3oBaHHbIN ANS pexuMa CKOMb3ALEro OkHa. Pasmep OkHa SBNSAETCS €CTECTBEHHbIM OrpaHWYeHUEM Ha
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pa3mepbl BblAensembix (paktanos. OfHaKo ero yBenuyeHue NPakTUYECKU He BMUSET Ha TPYAOEMKOCTb,
NOCKObKY MPU COBUre OKHa Ha CUMBOJT KOMMOHEHTbI CTIO)HOCTHOTO Pa3noXeHUs He NepecynTLIBaOTCS 3aHOBO,
a KOPPEKTUPYIOTCS, MPUYEM anexo He Bee.

[ycTb X — NCXOAHBIA andaBuT; S — TEKCT, COCTABNEHHLIA U3 anemeHToB X; N = |S| — anuHa Tekcta S; S[i] —
anemeHT S, cTosawmin B i noauumm (1 < i < N); STi: j] — dparmeHT S, BKNKOYAOLMIA ANEMEHTbI C /-f0 MO j-iA
(1 <i<j< N). CnoXHOCTHbIM pa3noxeHnem Tekcta S Ha3oBEM pasbuenune ero Ha parMeHTbl (S = Viva... Vi),
roe vi = S[1], a vk npu k > 1 onpegenseTcs cnegyowmm obpasom: ecnm |viVa...Vi 1| = i, TO Vx — HanBONbLLMIA
npedmke u dpparmenta S[i + 1 : N], BcTpevatowmincss xots 6bl ABaXObl B TEKCTE ViVa... Vi 1U. ECIM Takoro u He
cyulectsyert, nonaraem vx = S[i + 1]. CriegyeTt uMeTb B BUAY, YTO Vi U €r0 NPOTOTUN HepacLLMPSEMb! BNPaBo, HO
MOryT JOMnyckaTb pacwupeHue 6/1e80, TPaKTyeMOe Kak yAnuHeHWe noeTopa. Yucno pobaensembix criesa
CUMBOMOB CTPOrO MeHbLUE AfINHBI NPeAbIaYyLLEro KOMMOHeHTa |Vk_1|. ObLyee YnCro KOMMOHEHTOB B Pa3noXeHun
(CNOXHOCTb TEKCTa) He MEHSIETCS, HO KOMMOHEHTbI NyYLle COrnacylTcs CO CTPYKTYPOM MOBTOPOB B TEKCTE.
[laHHoe onpefeneHne CrOXHOCTHOTO PasfOXeHUs He 3arnpeliaeT HanoxeHus (Co CABWUIOM) MoCrefHero
BXOXZEHWS U HA NPEALLECTBYIOLLEE EMY, YTO SIBMNSETCS MHANKAaTOPOM HaNW4mMs TaHAEMHON NOBTOPHOCTM.

0603HauMm Yepes j(k) No3uLmio, C KOTOPOI HAYMHAETCS NPeaNoCNeaHee BXOKAEHNE U B ViVa... Vi 1U (B TEPMUHAX
[Lempel, 1976], j(k) - aT0 ykasaTenb Brmkaiiero BO3MOXHOro npototuna ans u). Ecnm j(k) + |vi| =i +1 (*), T.e.
NPOTOTUN BMIIOTHYK NPUMBIKAET K NOPOXAAEMOMY KOMMOHEHTY WM HaKNaAblBaeTCs Ha HEero, TO UMEEeT MeCTo
TaHOEMHasi MOBTOPHOCTb C ANMHOM nepuoga t = i +1 — j(k) U KPaTHOCTbIO MOBTOPEHM HE MEHbLUENR, YEM
entier(|vi| / f) + 1. MoxHO nokasaTtb, 4TO NMpOBEPKa yCrnoBus (*) 3HAYMTENBHO YNpoLlaeTcs, ecnm paboTtaTtb ¢
PaCWUPEHHbIMU 871680 KOMMOHEHTaMU pasnoxeHns. Torda cregyeT npoBepsTb Wb KOMMOHEHTbI CO
3HaveHueMm j(k) = 1. Ecnu pacnonoxeHne TaHAEMHOM CTPYKTYPbl CUHXPOHWU30BAHO C HA4arioM OKHA, 4/ BCEX
3HayeHun j(k) = 1 BbinonHseTcs u ycnosue (*). Ecriv TaHaemoB HeT, j(k) MoxeT paBHATLCS 1, HO ycnosue (*) He
BbINOMHsEeTCS. ECnm TaHAEMbI BCTPEYAKOTCS He B Havane, a BHYTPU OKHA, YCrioBue (*) MOXET BbINOMHATLCS, HO
j(k) =1 (3T TaHgembl 6ygyT BbISBMEHbI NPY NOCNEAYIOLLEM OBWKEHUM OKHA).

TpynoemkocTb anroputma B cpegHem coctaenset O(N log N), ogHako Ha TeKCTax OrpaHUYEHHON AnWHbI OH
paboTaeT ObICTpee nWHENHOro anroputma, onucaHHoro B [Crochemore, 1994]. Takoe BO3MOXHO mnpu
CYLLECTBEHHOM Pa3fnnynM B 3HA4YEHMAX MYNbTUNMMKATUBHBIX KOHCTAHT B 060MX anroputMax (Manoe 3HauyeHue B
HENMMHENHOM anropUTMe 1 BOMbLLOE — B JIMHENHOM).

Anroputm oGHapyxeHUs HecoBepLUEHHbIX )paKkTanonofobHbIX CTPYKTYp

PaccmatpumBaioTcst CTPyKTYpbl, 00pa3oBaHHbIE MOBTOPAKLMMUCS NanuHaopomMamu (060Mx TUNOB) NMpU YCMOBUK,
YTO pPacCTOsHWEe Mexay COCeOHWMM MOBTOpPaMW He MpeBbllaeT 3adaHHoro mopora r. WckaxeHue camux
nanvHOpPoOMOB He fonyckaetcs. ®parmeHT agagaagactagattcaagatcaga, Hanpumep, npu 3HadeHum r = 4
OTHOCUTCS K KaTeropum MHTEPECYHOLLMX Hac ppakTanonogobHbIX CTPYKTYP ¢ 6a30BLIM CUMMETPUYHBIM MOBTOPOM
"aga". ®akTnyecku peyb MAET O BblAeNeHUM KNacTepoB CrIOB ONPEAENEHHOro TUMa C YK1CNIOM CoB B KnacTepe He
MEHbLUMM 2 W pacCTOsIHMEM MeXay coceasamm He Bonbluem r Mbl BHOBb MCMOMb3yeM UOEONOrv CKOMb3SWEe20
OKHa, paamep kotoporo W orpaHuunBaeT cBepxy pasmepbl BblAeNseMbIX CTPYKTYP..

War 1 anroputma cBsizaH C MOCTPOEHMEM L-rpaMMHOrO Aepesa Ans dparMeHTa, BblgensieMoro okHom. OHo
(OUKCUPYET NOMHYK COBOKYMHOCTb L-rpamMm (CBSI3HbIX Lenoyek u3 L CUMBOMOB), NMpeacTaBeHHbIX B OkHe. Y L-
rpamm "cknensaiotcs" obwme Havana ("trie"-cTpykTypa). Pé0pa aepeBa nomeyeHbl CUMBONAMW U3 L-rpaMMHbIX
Lienovek. B yane gepesa coaepkuTCs MHGOPMaLMS 0 MECTaX BXOXOEHWUS B TEKCT L-rpamMMbl, MOMeYatoLen nyThb
W3 KOpHS B AaHHbIN y3en. [lepeBo CTpoUTCS AN HaYanbHOrO NOMOXeHUs okHa. [lanee, npu ABWXEHUN OKHA No
TEKCTY, OHO NnLwb KoppekTupyeTcs [Myces, 2001]. [epeso ucnonb3yetcs 415 ObICTPOro noucka nanuHgpoMoB B
npegenax okHa v NPOBEPKM YCNOBUI KnactepuayemocTu. MapameTp L npuMepHO COOTBETCTBYET CpeaHen AnnHe
nosTopoB (6—10 c1umBonoB).

Lar 2 anropuTma CBsi3aH C NOMbITKON OBHAPYXeHMs 3IEMEHTAPHOrO (MUHUMANBLHOTO MO ANMHE) NanuHApOMa B
Havane OKHa, KOTOPOEe paccMaTpuBaeTcsl Kak LEeHTP cummeTpuu. [polle BCero BOCMONb30BaThCs "HauBHBLIM"
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anropuTMOM, OCYLLECTBNSIOWMM NocrnefoBaTenbHOe (40 NEepBOrO HECOBMAAEHWs) CPaBHEHWE Map CUMMBOMOB
cnesa ¥ crpasa OT OCY CUMMETPUM, KOTOpasi MOXET NPOXOANUTb Yepe3 CUMBOS (ManNUHAPOM HEYETHON ANHbI)
WM MEXOy COCeaHUMW CMMBONAMM (ManMHAPOM UMK KOMMIEMEHTAPHbIA NAnMHAPOM YETHOM AnuHbl). Ecrm
nanvHapOM He HaiifeH, OKHO CABWraeTcs Ha CUMBOJ, KOPPEKTUpYeTcs L-rpammHoe aepeBo (war 1) w
noBTOpSIETCA LLar 2.

LWar 3. Ecnu Ha wware 2 nanvHapoM HaaeH, ¢ NOMOLLBH L-rpaMMHOro epesa NpoBepsieTcs Hanuuue apyrux ero
BXOXOEHUA B OKHO aHanwu3a. [1o uenoyke CUMBONOB, 0OpasyloLMX NanMHAPOM, ABUraeMcsi OT KOPHA [0
BEPLUMHbI, COOepXaLleil HyXHyt0 MHGopMaUmio (Mpu AnNWHe NanuHapoma 6onbluen L NpoaomKeHue Lenovek
OTCrexXuBaeTcs no TekcTy). ECnn CNMCOK BXOXOEHWA He MyCT, MPOBEPAIOTCS YCMOBWS Khactepusauum 1
MPUHUMAETCA PELLEHME O Hanuuun (OTCYTCTBUM) (hpakTanonogobHON CTPYKTYpbl. 3aTeM OKHO CABMraeTcs Ha
OOMH CUMBOI U OCYLIECTBASETCA MOUCK HOBOMO 9NEMEHTApHOr0 nanuHgpoma. B crnyyae ycnexa MoxeT 6biTb
BbISIBNEH HOBbII KNAcTep, HaNOXeHHbIR Ha npeablayLUuiA, HO C ApYrUM MOBTOPAKLLMMCS SAPOM (CM. pparMeHT
reHoma Bupyca dnwTeiHa-bapp):

- -

nos. 70490: ggccggggccgcagaggccggggcc

nos. 70491: gccggggccgcagaggccggggcecg

3peck 0gMH W TOT Xe (bparMeHT TekcTa (COBMr BCEro Ha CMMBOI) MPeACTaBIieH BBepxy KomOuHauuei
KOMMMEMEHTAPHbIX NAaNMHAPOMOB C SAPOM ggCC, @ BHU3Y - KOMOMHALMEN 0ObI4YHbIX NANMHAPOMOB C IAPOM gccg.

Tpyooemkoctb anroputma coctaensier O(N-L), ecru cuuTaTtb CpPegHio (MO BCEM MO3WUMAM)  AnWHY
BblAeNseMblX ManvMHOPOMOB, He 3aBucsdwen oT N, 4To, Kak npasBuno, BbinonHseTca Aans  [OHK-
MocrnegoBaTenbHOCTEN.

AKkcnepuMeHTanbHble pe3ynbTathl

Anpobauus anropuTMOB NPOBOAWNACH HA BMPYCHbIX W DakTepuanbHbIX reHoMax, OTAEmNbHbIX reHax 4YenoBeka
(kogupytowme nocregoBaTenibHOCTH) M XpoMocomax reHoma Arabidopsis thaliana (pactenne). PesynbTatol
MOXHO CyMMMPOBATb crieaytowmm obpasom:

— HeeblpoxOeHHble no HK-cocTaBy dhpaktanonogobHble CTPYKTYypbl BCTPEYAlTCS [[OBOMLHO  PEaKo.
XapaKkTepHble AMHbI MOBTOPAKLLMXCS NanMHAPoMoB — oT 4 o 10, KpaTHOCTb MOBTOPEHUS — OT 2 40 8 (ans
COBEPLUEHHBIX CTPYKTYP — A0 5). UcKmioueHne cocTaBnsioT yyacTku MukpocatennutHoin [HK ¢ anuHomn neproga
2 nnm 3 ((ta)",(aga)" m 1.0., n ~ 10 v BoIWeE), 06NagatoLmMe cneundnyeckumMy CBOMCTBaMM BBUAY BbIPOXAEHHOCTH
HK-cocTaBa (nerkonnaskoCTb U T.1.);

— HE CUMMETpUYHble TaHAEMHblE MOBTOPbI PaguKanbHO OTIMYAKOTCA OT MOKanbHbIX (DPaKTanoB HanMMuMeM
ANWHHBIX (OEeCATKM CUMBOIOB) NEPUOAOB (PEKopaHOe HabnioaaBLieecs HamMKu 3HaYEHWe ANS HECOBEPLUEHHbIX
tpakTanos — 14, ans coBepLueHHbIX — He 6onee 10);

— (bpakTanonofobHble CTPYKTYpbl CO BCTaBKaMW 4acTO BO3HMKAOT B OObIYHbIX TAaHAEMHbIX MOBTOpAX,

COAEPXaLLMX CUMMETPUYHBLIN (PparMeHT BHYTpW nepuoda (Hanpumep, (tggaggtggcta)  Ananormunblit
NpUMep, HO yKe C KOMMAEMEHTapHbIM NanuHAPOMOM, AEMOHCTPUpYeT dparmeHT reHa Ecodermal dysplasis 1y
yenoseka (accession number AF060999 B GenBank, no3. 599):
2 2
o1 1 1

..ca(ggaattcca)gggattcct(GgaattcCa)ggaa...
(Gly lle Pro) (Gly lle Pro) (Gly lle Pro)...
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3aecb KoMMnemMeHTapHbIn nanvHapoM (1) ArvHbl 8 BXOAMT B COCTaB TaHAEMHbIX MOBTOPOB AfMHbI 9 (CM.
Kpyrnble ckobku). MoBTopeHue (1) "ycunmBaeT" KOHCTPYKLMIO: BO3HWKAET CTPYKTYpa (2) wnuneyHoro tuna. Ham
Heu3BeCTHa €€ (PYHKUMOHanbHas Harpyska, HO WHTEPECHO OTMETWUTb, YTO WMEBLUME MECTO MyTauun B
BblOEMNEHHbIX 3arnaBHbIMM OykBamu no3uumsx (3ameHa G Ha a w C Ha t), ocnabnswowme CTPYKTypy W Ha
HYKNEeOTUAHOM U Ha aMUHOKUCIIOTHOM YPOBHE, MPUBOAMIN K HACTeACTBEHHbIM 3a60MeBaHUAM;

— Hapsgy C nposBNEHUSMK (PpaKTanbHOCTU BblhensieMble CTPYKTYpbl MOPOW  AEMOHCTPUPYIOT Apyrve
YHUKanbHble cBoiicTBa. OgHa U3 Takux CTPYKTYp obHapyxeHa B YeTBEPTONA XpomocomMe reHoma Arabidopsis th.
E€ sagpo cocTaBnsieT KomnnemeHTapHbln nanuHgpom tgtcgatcgaca. [ns (a,t)-Boratoir Xpomocombl 3TOT
noeansHo cbanaHcmpoBaHHbin no HK-coctaBy cparMeHT BCTpevaeTcs HeoxugaHHo vacto — 194 pasa. Ero
WHBEPTUPOBaHHAs Konus BCTpeyvaeTcs Bcero 1 pas (aHomanbHas acummetpus!). Bce  BxoxaeHus
cocpenoToyeHbl B auanasoHe ot 1816917-i po 5664586-1 nosuuyun, 4To NpW OMHE XPOMOCOMbI, PaBHOW
185850421k, credyeT OXapaKTepu3oBaTb KaK CUIbHYI0 MO3ULMOHHYKD aHomanuio. W, HakoHel, BHYTpM
YKa3aHHOro [yana3oHa noyTy NoI0BMHA BCEX BXOXAEHWUI ABNAIOTCSA CNapeHHbIMU, T.e. OTCTOAT APYr OT Apyra Ha
9-10 Hk, 0bpa3ys pakTanonogobHele CTPYKTYpbI C ranamu. [1Be U3 HWUX NpUBELEHbI ANS UNMIOCTPALMM HIKe
(n03.1999210 n. 3931735):

tgtcgatcgacatcaccatgagtgtcgatcgaca

tgtcgatcgacagaggtagtaa tgtcgatcgaca

HeTpyoHo BWaeTb, YTO NpW CTPOTOM KOHCEPBATUBHOCTM CaMWX NanMHOPOMOB U PAcCTOSHUA MeXZy HUMM
pasfensiolme UX BCTaBKW 3BOMIOLMOHMPYIOT OTHOCUTENBbHO CBOGOAHO. Borbluas YacTb CTPYKTYp CBsisaHa C
peTpoTpaHcno3oHamu ("gypsy-like retrotransposon family (Athila)", "non-LTR retrotransposon family (LINE)" u
T1.n.) Tockonbky MOOMMbHbIE SMEMEHTbI paccMaTpuBalOTCs Kak CBOEro poga "Oartapeun” perynsTopHbIX
9MEMEHTOB, MepeMellieHne KOTOPbIX MO reHOMY MEHSIeT 3KCTPeccuio reHOB, MOXHO npegrnonaratb, 4TO

BblAIENIeHHas CTPYKTYpa Takke UMEeT OTHOLLEHME K PerynsiLmm 3Toro npoLecca;

— MpOCMaTpMUBAETCH BO3MOXHOCTb MCMONMb30BaHUA (PpakTanonofobHbIX CTPYKTYp B KayecTBe MNPU3HAKOB
(MapkepoB), pa3aensroLWmMx Te UMK UHble Knaccbl 00bEKTOB. PaccmaTpuBanich 4Ba knacca 0ObEeKTOB — reHOMbI
BMPYCOB KneLwesoro sHuedanuta (BK3) n supycos lNMoeaccaH (BI1) — npeacTaButeny ogHOrO v TOro Xe poaa
(bnaBMBMPYCOB. OTW TEHOMbI MPeACTaBNeHbl Monekynon ogHouenoyeyHon PHK gnuuoin okono 11 Toic.
HYKNEeOTMAOB, COLEPXallel eaWNHCTBEHHYIO OTKPbITYI pamKy CYWTbIBAHMS, B KOTOPOWM MOCNeAoBaTeNbHO
3aKOAMpOBaHbl BCE CTPYKTYPHble M HECTPYKTypHble Oenkn. 3T (MHamBuayanbHble) Genkn obpasyotcs B
pesynbTaTe NOCTTPAHCMALMOHHOIO pPacLLenneHns eanHoro NoNUNpoTENHa, AMHA KOTOPOro Y pasHbIX WTaMMOB
NpakTMyeckn He MeHseTca (~ 3414  amMMHOKWCIOTHbIX — OCTaTKoB).  BbipaBHWBaHME  KOAWMPYIOLLMX
nocrneaoBaTenbHOCTEN Y pasHbIX LUTAMMOB MOKa3blBAET BbICOKUIA YpoBEHb roMonorum (cabie 90%).

Hac wHTepecoBanu gBa Bonpoca: 1) cywecTBywT nu Ha ypoeHe PHK dpaktanonopgobHble CTpyKTypsl,
pasgensitowme reHombl BKS n BIM7? 2) cywectBytoT nn pakTanonogobHble CTPYKTYpbI, pasnensiowine reHombl
ogHoro knacca (BK3Q) Ha aBe rpynnbl: MHANNapaHTHbIE WTamMMbl (BblOENEHHbIE OT JOAEN C AUArHO30M «yKyC
knewjay, Ho ¢ BECCHMNTOMHBIM TeYeHneM 3ab0NEBaHNS) 1 BbICOKO BUPYNEHTHbIE (60NE3HETBOPHBIE) LUTAMMbI?

OTBeT Ha MepBblii BOMPOC — MONOXWUTENbHBLIM. B KayecTBe npumepa MOXHO YKasaTb Ha COBEPLLEHHbIN
nokanbHbIA hpakTan ccatggccatgg, BoIsiBREHHbIN B M03. 440 B reHoMax Bupyca lNoeaccaH: wrammbl Nadezdinsk
(Homep goctyna EU670438 B EMBL/Genbank), Spassk-9 (EU770575), Partizansk (EU643649) n LB (LO6436).
[pyroi mapkep — tggccatggeca, nonyyaroLMncs LMKIMYECKUM COBUIOM M3 MEPBOrO, BbISIBIIEH B N03. 4223. Y
BMpYCa KreLeBoro sHuedanuta 3TM Mapkepbl OTCYTCTBYIOT. Pe3ynbTaTbl HOCAT npefBapuTEnbHbIA XapakTep
BBUAY OrPaHUYEHHOCTM UCXOAHbIX AaHHbIX
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OtBeT Ha BTOpOil BOMpoc Tpebyer Gonee AeTanbHOrO M3ydeHws. C OOHOW CTOPOHbI, MOXHO ykasaTb Ha
COBepLUeHHble hpakTanbl aggaaggaagga W gtggtggtggtg, nepsblil M3 KOTOPbLIX MNpencTaBfieH TOMbKO B
MHaNNapaHTHbIX LWTaMMax B no3. 5995 (Primorye-212: EU816450, Primorye-253: EU816451 u ap.), a BTopoi — B
BbICOKOBMPYNEHTHbIX B no3. 933 (Primorye-94: EU816454, Dalnegorsk: FJ402886). C opyroi cTopoHbl, BBUAY
B1M30CTM TEHOMOB Yallle MMeeT MeCTO CuTyauusi, korga pakranonofobHas CTpykTypa npucyTcTByeT B
BapbPOBAHHON (hOpPME KaK B MHAMMAPaHTHBIX, Tak U B BbICOKOBUPYNEHTHbIX LTaMMax 1 TpebyeTcs AeTanbHo
(bUKCMPOBATbL pasnMuna Mexay HumU. Huxe npuBeAeHO BblpaBHUBaHWE (HPaKTanonoLobHbIX CTPYKTYp,
BbISIBMIEHHbIX B ABYX BbICOKOBUPYNEHTHbIX WTammax Primorye-94 (anuHa cTpykTypbl [ = 26, no3. 439, 6a308bli
nosTop gttg) n Kavalerovo (FJ402885, | = 23, no3. 441, 6a3oBblit nosTop tggt). B kBagpaTHbIe CkOBKM 3aKniOYéH
Oonee KOpOTKMIA (bparMeHT, BbISBNEHHbIA Kak dpakTanonogobHas CTpyKTypa B WMHaNMapaHTHbIX LUTaMMax
Primorye-212, Primorye-253 u gp. BugHo, 4To 30Ha OTHOCUTENbBHOW HECTAOMMBHOCTM PacnoNoXeHa B KOHLE U
npasee 3T0ro parmMeHTa: 34ech UMEOTCS Pa3HOUTEHNS BO BCEX CPABHUBAEMbIX TEHOMAX Kak Ha HyKIeoTUOHOM,
TaK W Ha aMMHOKUCNOTHOM YPOBHE, NPOCIEXNBAETCH MHOXECTBEHHOCTb CTPYKTYp. B Wwramme Kavalerovo 4étko
NposiBNeHa NepuoanyHoCTb (ctggtt)® — noguépkHyTa, B Wramme Primorye-94 — cuMMeTpusi (CTPErKu CBEPXY).

v VvV L L

no3. 439 [gttggttgctggttgt tg]tclctgttg - Primprye-94

REIERI RO RN
nos. 441 tggttgctggttctgg ttctggt - Kavalerovo

w L L V L V L V.

Hanbonblunit nHTEpEC, OAHAKO NpeacTaBnseT TOT (hakT, YTO 3TV PpaKTanonoaobHbIe CTPYKTYPbl HAXOAATCA Ha
cTbike kancuaHoro 6enka C u preM — nonunenTuaa, YTo MOXeT CBUAETENbCTBOBATL 00 NX (PYHKLMOHANBHON Unn
3BOMIOLIMOHHON 3HAYMMOCTW". B M3BECTHbIX Ham paboTax no CTpykType reHoma BK3 ponb mMexnpoTenHoBbIX
WHTEPBANOB HMKaK He ocseljeHa. [lo6aBMM Takke, 4TO Ha aMUHOKUCNIOTHOM YpPOBHe oOcyxaaemas
(hpakTanonogobHas CTPyKTypa MpeAcTaBneHa Hecny4aiHbIM - KnacTepoM  ruopodOobHbIX  aMUHOKWCIIOT,
BblAeNsembIM C MOMOLLbHO NO3WLMOHHOTO aHanmsa [[yces, 2002]

3aknoueHue

BBeaeHo noHATME nOKanbHOMO (ppakTana (COBEPLUEHHOr0 W HecoBepluieHHoro) Aans dparmentos [JHK,
XapaKTepuU3YHLLMXCS NPOSIBNIEHNAMU CTPYKTYPHOrO camonogobus. JlokanbHble dpakTanbl CoaepkaT MHOXECTBO
NanvHAPOMHO-LUNMIEYHbIX CTPYKTYP, Hanmaralwwmxcs Apyr Ha gpyra. Bo3amoxHo, oHu obnapatoT pasnuyHoM
(DYHKUMOHAMNBHON Harpysko ¥ B 3TOM CMbICIE MOXOXW HAa MHOTO3HAYHble CMOBA B €CTECTBEHHOM Si3bIKe.
PaspaboTaHbl 1 pean13oBaHbl anropuTMbl BbISIBMEHUS MOKanbHbIX dpakTanos B [HK-nocnenosatenb-HOCTSIX.
lMpoBegeHa ux xapakTepusauus no pesynstatam 06paboTkn psga reHoMoB. YkasaHbl Hauboree CyLlecTBEHHbIE
OTNINYMA OT NPOSIBAIEHUA OObIYHOW TaHAEMHOM NOBTOPHOCTU. [puBeAeHbI npumepbl Haubonee WHTEPECHbIX
hpakTanonofoBHbIX CTPYKTYP.

BnarogapHocTu

PaboTa BbinonHeHa B pamkax uHterpatnoHHoro npoekta CO PAH Ne 63

* Hanuune BbicokoperynsipHbIX oparMeHTOB OTHOCUTENIbHO HEGOMbLLOW ANMHBI Ha rpaHuLax Mexay KpyrnHbIMu
CTPYKTYPHBIMW €AMHMLAMU FTEHOMOB OTMEYarniocb HaMu 1 ApyruMn aBTopamu B CBS3M C aHanv3oM anropuTMoB
cermeHTaumun. Takve dparmeHTbl HecyT Ha cebe cregbl 3BPIIOLMOHHBLIX MEPECTPOEK U MOryT SIBNSITbCA
anemMeHTaMn perynsaTtopHbiXx CTPykTyp. B kayectBe TecToBOro o06bekTa 4acTo paccMaTpuBaeTcsl FeHOM
bakTepuodhara A C JOCTAaTOYHO XOPOLUO WM3YYEHHOW MOAYIMbHOW CTPYKTYpoWh (cM., Hanpumep, ['yces, 1989],
[Bopomosckuia, 1990], [Braun, 1998])
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Data Mining and Knowledge Discovery

STRUCTURING OF RANKED MODELS

Leon Bobrowski

Abstract: Prognostic procedures can be based on ranked linear models. Ranked regression type models are
designed on the basis of feature vectors combined with set of relations defined on selected pairs of these vectors.
Feature vectors are composed of numerical results of measurements on particular objects or events. Ranked
relations defined on selected pairs of feature vectors represent additional knowledge and can reflect experts'
opinion about considered objects. Ranked models have the form of linear transformations of feature vectors on a
line which preserve a given set of relations in the best manner possible. Ranked models can be designed through
the minimization of a special type of convex and piecewise linear (CPL) criterion functions. Some sets of ranked
relations cannot be well represented by one ranked model. Decomposition of global model into a family of local
ranked models could improve representation. A procedures of ranked models decomposition is described in this

paper.
Keywords: Ranked regression, CPL criterion function, prognostic models, decomposition of ranked models
ACM Classification Keywords: Computing classification systems,

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

Introduction

Linear regression models allow to predict the value of dependent variable as the weighted sum of the
independent variables [1]. Parameters (weights) of such models can be estimated in a standard way from a set of
feature vectors composed of independent variables values and accompanied by values of dependent variable.

Linear ranked models can also be used for the purpose of prognosis [2]. The ranked model is such a linear
transformation of feature vector on a line which preserves in the best possible manner a given set of ranked
relations defined on pairs of these vectors. Parameters (weights) of models are estimated on the basis of a set of
ranked pairs of feature vectors. For this purpose, a special convex and piecewise linear (CPL) criterion functions
is defined on a given family of ranked pairs of feature vectors. Parameters of the ranked line are found through
minimization of a such CPL criterion function [3].

Some families of ordering relations between feature vectors can be fully preserved during adequate linear
transformation of these vectors on the line. In such case, the ranked line represents all ordering relations between
feature vectors. It has been proven that the linear model can reflect all the ranking relations between feature
vectors if and only if the sets of positive and negative differences of these vectors, are linearly separable [4]. But
there exist such families of order relations which cannot be fully represented by one ranked model. More than
one ranked model could be needed for a satisfactory representation of ordering relations between feature
vectors. Such problems are discussed in the presented paper.
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Pairs of feature vectors with ranked relations

Let us take into consideration a set C of n-dimensional feature vectors x[n] = [X;,......,X]":
C={xlrl} (j = 1y ) (1)

Vectors x[n] can be considered as points in the feature space F[n] (x[n]<F[n]). The component x; of the vector
x[n] is a numerical result of the i-th examination (feature) (i = 1,.....,n) of a given object or event O, (j = 1,.....,m).
The feature vectors x|[n] can be of a mixed type, and represent different types of measurements (for example:
X; € {01} or (x; € R'). The symbol "x[n] < x[n]" means the ordering relation “follows”, which is fulfilled for a
pair of feature vectors {x;[n], x[n]} with the indices (j, k) from the set J,;

(V(j, k) € Jp) (x[n] < xi[n]) < (x[n] follows x[n]) (2)

The relation "<" between feature vectors xi[n] and x,[n] ((j,k)eJ,) means that the objects or events O, and O,
could be in some causal dependence. This relation is determined on the basis of additional knowledge about
some (not necessarily all) pairs of objects or events O; and O,. For example, a medical doctor who compares two
patients O; and O, with the same disease can declare that the patient O; is in a more serious condition than the
patient O,. A disease model can be designed on such basis and used for the purpose of prognosis. As another
example let us consider a causal sequence of k events O;:

Oj(1) v d Oj(2) i SN v d Oj(k) (3)
were the symbol "Oy,, = O,y.4)” means that the event Oy.,, is a consequence of the previous
(earlier) event O;,.

The causal sequence (2) of events O, results in the below ordering relation among feature vectors x[n]:

Xy [n] < Xjp)n] <.....olll < X[n] 4)

The ordering relation (4) forms the sequential pattern Jy(x) of feature vectors x[n] [2].
Let us consider a linear transformation y = w{n]"x[n] of n-dimensional feature vectors x{[n] (x[n]e R") on the points
y; of the line R' (y,eR"):

(Vje{l,..... m}) y; = wln]™x[n] (5)

where w[n] = [wy,.....,w,]T is the weight vector.

The problem of how to design such a linear transformation y = w[n]™x[n] (5) which preserves the relation " <" for
all or almost all pairs of indices (j,k) from some set J, (2) has been analyzed in the paper [2].

Definition 1: Feature vectors x[n] with indices j from the set J, (2) constitute the linear ranked pattern Jy(x[n]) if
and only if there exists such n-dimensional weight vector w,[n], that the below implication takes place for all
ordering relations (2) defined by the set J, (2):

(Awpn] € RY) (V(ik) € ) Xi[n] <xdn] = wp'ln]™xi[n] < wy'[n]™x«(n] (6)

In this case, the ordering relations "x[n]< x«[n]” are fully preserved on the ranked line y = w,[n]" x[n].

Differential sets R* and R-

The procedure of discovering the ranked linear patterns Jy(x[n]) (6) and the ranked line designing has been based
on the concept of the positively and negatively oriented dipoles {x[n], x; [n]}, where j<j" [2], [4].
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Definition 2: The ranked pair {x[n], x,[n]} of the feature vectors x[n] and x;[n] ((, j ') Jp*, where j < ')
constitutes the positively oriented dipole, if and only if x;{n] <x;[n].

(V(j, e Jpt, where j<j)  xi[n] < x[n] (7)

Definition 3: The ranked pair {x[n],x;[n]} of the feature vectors x[n] and x;[n] ((j, /') Jy, where j < ' constitutes
the negatively oriented dipole ((j, /') Jy), if and only if x,[n]< x[n].

(V(j,J) € Jp, wherej<j) x;[n] <x(n] (8)
Definition 4: The line y(w[n]) = w[n]™[n] (5) is fully ranked if and only if

(V(j, /)€ Jp*, where j< ) wn]™xi[n] < w[n]"x;[n], and )
(V(j./')e Jy, where j<[)  win]™x;[n] < w[n]"xi[n]

where Jp* U Jy = Jp.
Let us introduce the positive set R* and the negative set R of the differential vectors ry[n] = x;[n] - x[n] on
the basis of the sets of indices Jy* (7) and Jy~ (8).

R = {ryln] = (x[n] - x[nl): (i) € '}

R ={ry[n] = (x[n] - xn)): (ij) € I}
We examine a separation of the sets R* and R- (10) by such a hyperplane H(w[n],0) in the feature space F[n] that
passes through the point 0 (6 = 0), where:

Hwn], 8) = {x[n]: wn]™x[n] = 6} (11)

(10)

Definition 5: The differential sets R* and R- (10) are linearly separable in the feature space F[n] by the hyperplane
H(w[n], 0) with the threshold © equal to zero (6 = 0) if and only if the below inequalities hold:
@w'n) (Y (i, j) € J*) w[n]"ry[n] > 0, and (12)

(V(.j) e o) wln]Trln] <0

The hyperplane H(w’[n],0) (11) separates the sets R* and R-(10) if and only if all the above inequalities (12) with
the vector w'[n] are fulfilled.

Remark 1: All the implications (6) are fulfilled on the line y(w’[n]) = w'[n]™x[n] (5) if and only if the hyperplane
H(w’[n],0)) (11) separates (12) the sets R* and R-(10).

Convex and piecewise linear criterion function ®(w[n])

Designing the separating hyperplane H(w[n], 0) (11) could be carried out through the minimisation of the convex

and piecewise linear (CPL) criterion function ®(w[n]) similar to the perceptron criterion function [2]. Let us

introduce for this purpose the positive penalty function ¢ ;;*(w[n]) and the negative penalty function ¢;;(W[n]) :
1-win]Try[n]  if wWT[n]ry[n] <1

(V) € &) @ (wln)) = (13)

0 if w[n]™r[n] > 1

and
1+ wn]"ri[n] if wT[n]ry[n] > -1

14
00000000000000000 V() € Jy) @ j(wln]) = (9
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0 if w[n]'ri[n] < -1

The criterion function d(wf[n]) is the sum of the penalty functions ;" (w[n]) and oj-(w[n]):

OW[n]) == @i (WIn) + =y (Wn]) (15)
()<’ ()€

where 5 (j > 0) is a positive parameter (price) related to the dipole {x[n], x;[n]} ( < J').

d(w[n]) (14) is the convex and piecewise linear (CPL) criterion function as the sum of such type of penalty
functions as ¢;*(w[n]) and ¢;-(w[n]) The basis exchange algorithms, similarly to linear programming, allow one to
find the minimum of such function efficiently, even in the case of large multidimensional data sets R* and R- (9)
[3]:

@ = OW[n]) = min dw[n]) > 0 (16)

w

The optimal parameter vector w'n] and the minimal value @ of the criterion function ®(w[n]) (15) can be applied
to solving a variety of data mining tasks. In particular, the ranked line y = (w'[n])™x[n] (5) can be found in this way.
The below Lemma has been proved [2]:

Lemma 1: The minimal value d®(w[n]) (16) of the criterion function ®(w[n]) (15) is equal to zero if and only if all
the inequalities (9) are fulfilled on the line y(w'[n]) = (W'[n])™x[n] (5).

By taking into account Remark 1, we can prove that the minimal value ®(w’[n]) (16) of the nonnegative criterion
function ®(w[n]) (15) is equal to zero if and only if the differential sets R* and R- (10) are linearly separable (12).

Linear models based on ranked relations family

Family F, of ranked relations "xi(k)< x; (k)" can be defined by the sets J,* (7) and Jy(8) of pairs of indices (j, k).
Fp = {Xj[n] < Xk[n]: (/, k) S Jp}, where Jp = JpJr v Jp' (17)

Definition 6: The family Fy is transient if the ranked relations "xi(k)< x;(k)" from this family fulfill the following
implication:

If "xi(k) < x(k)" and "xi[n] < x([n]", then "x{[n] < x([n]" (18)

Definition 7: The family F, the ranked relations is complete for the set C (1) if the ranked relations "x[n] < x«[n]”
is defined for each pair {x[n],xx[n]} of elements of this set.

Theorem 1: The complete family F, (17) of relations "x[n] < x[n]” defines the linear ranked pattern Jy(x[n]) in the
feature space F[n] (Definition 1) if and only if this family is transient.

Proof. If the family F, defines the linear ranked pattern Jy(x[n]), then there exists such weight vector w,'[n] with
the length equal to one (||w,[n]|| = 1) that the below implication (6) takes place:

(V(.K) € do) xiln] <xdn] = yj< (19)

where ¥, = Wy [n]™i[n] (5) is the point on the line y = w, [n]™x[n] which is equal to the projection of the feature
vector xj[n] on this line. The transient relation is fulfilled among all the points y; on the line. Therefore, the transient
relation (18) has to be fulfilled also among feature vectors xj[n]. On the other hand, if the ranked relations
"x{[n] < x([n]" from the transient family F; are defined for each pair {x[n],x«[n]} of elements x[n] of the set C, then

the projection points y; fulfill the implication (6). [
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Linearly separable learning sets Ck

We assume that each learning set Cy is composed of my labeled feature vectors x;(k) assigned in accordance

with additional knowledge to the k-th category (class) wx (k= 1,.....,K):
Ck = {xj(k)} (e k) (20)

where J is the set of indices j of the feature vectors x;(k) belonging to the class wy.

Vectors Xj(k) can be treated as examples or prototypes for the category wk. The learning sets Ci (20) are
separable in the feature space F[n], if they are disjoined in this space. It means that the following rule is fuffilled:
ifk=K, then Cyx N Cygr = .

Definition 8: The learning sets Cy (20) are linearly separable in the n-dimensional feature space F[n] if each of the
sets Ci can be fully separated from the sum of the remaining sets Ci by some hyperplane H(wy,0) (11):
(Vk €{1,...K}) (3 wk,6k) (VxXi(k)€ Ck) (Wi)TXi(k) > O 1)
and (Vx(k)€ Ci, i # k) (wk)Txj(k) < Ok
In accordance with the relation (21), all the vectors xj(k) belonging to the learning set Ci are situated on the
positive side ((wk)™xj(k) > Ok) of the hyperplane H(wx,6x) (11) and all feature vectors xi(i) from the remaining sets

Ci are situated on the negative side ((wi)™j(k) < 6k) of this hyperplane. The linear separability (21) of the learning
sets Cx (20) exists among others in the case of the linearly independent feature vectors x;(k) [2].

Definition 8: The family Fi . of ordering relations "xj(k) <x;(k')" ((j, /) € Jp (2)) among labeled feature vectors
(17) from different learning sets Ci and Ci. (20) is consistent with these sets, if and only if all the pairs {x(k),x;(k)}
are ordered in the same manner. This means that:

Fi ke = { (K< x(k'): xi(k)eCi and x(k') € Ci,, where k = k'} (22)

Let us remark that the above definition excludes ordering relations "xi(k) < x;(k)” among labeled feature vectors
Xi(k) and x;(k) (17) from the same learning sets Ci.

Definition 8: Two learning sets C and Ci. are linearly separable (18) if there exists such hyperplane H(w,6x) (11)
which separates these sets:

(3 wi,6k) (VX(k)e Cr)  (wi)™xi(k) > O« 1)

and (Vxy(k') € Ce)  (Wi)™x;(k") < 6k

Lemma 2: If the learning sets Cx and Cy (20) are separated (23) by the hyperplane H(w[n],6) (11) in the feature
space Fn], then the line y(w[n]) = w{n]" x[n] is fully ranked (9) in respect to an arbitrary consistent family F .
(22) of ordering relations "xj(k) < x; (k)" between elements x;(k) and x; (k') of these sets.
Lemma 3: If the line y(w[n]) = w[n]" x[n] is fully ranked (9) in respect to the consistent family Fy . (22) of

ordering relations "x;(k) < x;(k’)" (which are constituted by all elements x;(k) and x;(k’) of the learning sets Cx
and Ci then these sets are linearly separable (23).

The above Lemmas point out the links between linear ranked models (9) and linear separability (23) of the
learning sets Ci and Cy (20).

Decomposition of linear ranked models

As it results from the Theorem 1, the transient property of the complete family F, (21) of ranked relations
"xi[n] < x[n]” assures that this family can be fully represented (6) on a line (5). The minimal value ®" (16) of the
criterion function ®(w[n]) (15) is equal to zero in this case.
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The minimal value @ (16) of the criterion function d(w[n]) (15) defined by arbitrary family F, (17) of ranked
relations allows to determine the degree of linearity of this family. The minimal value @ (16) is greater than zero if
the family F, (21) is not linear (6). It has been proved that the minimal value @ (16) of the criterion function
d(win]) (15) is monotonical in respect to reducing the relation family Fp (21) [4]. It means that:

(Foo Fp) = (D" 2Dp") (24)

where @, is the minimal value (16) of the criterion function ®p(w[n]) (15) defined by ranked relations from the
family F, (17).

We can infer on the basis of the implication (24) that neglecting sufficient number of ranked relations
"x[n] < x[n]" in the family F, (17) allows to reduce to zero the minimal value ®," (16) of the criterion function
Dp(w[n]) (15). The multistage procedure of decomposing a global ranked model based on ranked relations family
F,(21) into a family of local ranked models can be based on the implication (24). During the first stage a possibly
large subset F1 (F1 < F;) of ranked relations is discovered. which can be represented in a satisfactory manner on
some line (5) Then, the family F, (17) is reduced to F, by neglecting relations from the subset F1 (Fp = Fp - F1).
The reduced family F, is then used to enhance the second linear model representing relations from the subset
F». In this way the family F, (21) can be reduced to zero after finite number stages and global ranked model can
be replaced by a family of local ranked models.

Another procedure of decomposing the relations family F, (21) and a global ranked model can be based on
consistent subsets Fy k. (22) of ranked relations (2) between labeled feature vectors x(k) and x; (k') from selected
learning sets C¢ and Ci (20). In accordance with the Lemma 2, if the learning sets Cx and Ci are linearly
separable, then the subset Fy k. (22) of relations (2) is linear and can be fully represented on the ranked line.

Such conditions are shown on the Fig. 1.

Fa3

Fig. 1. An example of decomposition of nonlinear family F, (21) of ranked relations into two linear subsets F1 2 and
F> 3 defined by (25).

Three learning sets Cy, C, and Cs are represented on the above Figure. Each learning set Cx is composed of a
large number of two dimensional feature vectors x;(k) = [x1,x.2]" which can be visualized as points on the plane.
We can assume that the vectors xi(k) has been generated in accordance with an uniform distribution with a
specific rhombus shape for each learning set Cy.

Let us define the family F w1 (22) as a set of ranked relations “;(k) < x;(k+1)" between elements x(k) and
X;(k+1) of the learning sets Cx and Cy+1 (k= 1, 2):

Fio ke = {X(k) < x(k+1), where k=1 or k=2 (25)
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We can remark that the family F, (25) is not linear, but the subsets F12and F23(22) of this set F, are linear. As a
result, the global linear model cannot represent all ranked relations from the family F, (25), but two local models
based the subsets F12 and F 2 3allow to represent all ranked relations.

Concluding remarks

Linear ranked models can be applied for solving many problems of exploratory data analysis [2]. For example,
this approach has been used for designing survival analysis models or in modeling causal sequence of liver
diseases.

One of the important problems in ranked modeling is decomposing nonlinear family F, (17) of ranked relations
into linear subsets. The presented paper gives some theoretical insight into these problems where the family has
the structure Fi k. (22) based on some learning sets Ci (20).

There are still many unanswered questions concerning decomposition of ranked models. Some of them concern
the need for efficient and reliable procedures of local models enhancement when there is no specific assumption
about the structure of the relations family F, (17).
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CHAIN SPLIT AND COMPUTATIONS IN PRACTICAL RULE MINING

Levon Aslanyan, Hasmik Sahakyan

Abstract: A novel association rule mining algorithm is composed, using the unit cube chain decomposition
structures introduced in [HAN, 1966; TON, 1976]. [HAN, 1966] established the chain split theory. [TON, 1976]
invented an excellent chain computation framework which brings chain split into the practical domain. We
integrate these technologies around the rule mining procedures. Effectiveness is related to the intention of low
complexity of rules mined. Complexity of the procedure composed is complementary to the known Apriori
algorithm which is defacto standard in rule mining area.

Keywords: Data mining, unite cube.
ACM Classification Keywords: 1.5. Pattern recognition, H.2.8 Database applications, Data mining.

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

Introduction

Association rule mining (ARM) is a part of data mining theory. Data Mining is known as a non-trivial process of
identifying valid, novel, potentially useful, and ultimately understandable patterns or knowledge in data. Existing
algorithms are complex computationally, and efficency vs. accuracy issue of algorithms is still open. In
association rule mining rules are logical implications of the form X — Y . The mining problem is to generate all
implications that have several property estimates greater than the user specified minimum. One of the most used
algorithms is Apriori [KOT, 2006].

Let we are given a set / = {x,,...,x,} of n different items. X < I is itemset and X is k -itemset when
|X | =k . Given a database D with records (transaction, itemset), and we say that 7 € D supports X, if

X < T . We consider the standard concepts of support and confidence
supp(X)=[{T € D| X < T}{/|D|, and
conf(X =>Y)=supp(X OY)/supp(X).

As a rule ARM processes the rule mining in 2 tasks; first is to find frequent subsets (that have transaction support
above minimum) and second one is to generate association rules themselves. Several ARM construct the
frequent subsets by growing. Theoretically, while growing, it constructs not only the maximal elements of
hierarchy but may also construct all their subsets. An alternative approach to accelerate the rule mining is
considered in this paper, intending to implement the known research results on n-cube geomrtry and algorithmic
recognition of Monotone Boolean Functions to the rule mining area.

Constrained Monotone Boolean Reconstruction

ARM, and its frequent subsets generation (FSG) stage in particular can be described in terms of Monotone

Boolean functions. Consider unit cube B" of dimension n which consists of all binary 7 -vectors. We apply
ton -cube geometry terms - layer, neighbor vertices, chain, etc. [AS, 1979]. Each cube vertex
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a :(al,az,...,an) can be viewed as transaction, where o; =1 indicates that item 7, involved in the
transaction, otherwise o, = 0. Boolean Function, formed in this way, equals 0 if the vertex-subset is frequent,
and 1, if not.

Practically all frequent subsets in a typical application problem are placed on very low layers of B". We may
suppose that a value k is known so that all frequent subsets belong to layers lower than & . A different question
is how precise is the known boundary & , but being given &, FSG applies for effective solutions of reconstruction
of monotone Boolean functions with 0’ below the & -th layer. Regular ARM starts work from the 0 layer and

continues it till some £ -th layer. The alternative way of solving FSG uses chain split of B”. Itis that B" below
the k& -th layer can be split into the Cf disjoint chains providing some special characteristics [HAN, 1966].

Chains are related through the property of conditional complements and as consequence - if values of function
are knownon n-2p-1(0<p< [%]) chains then applying monotonity on n-2p+1 chains we receive on

them at most 2 new undetermined vertices of function. Second valuable component that enforced our algorithm is
that the chain system allows calculations in virtue without archiving and search over the chains [TON, 1976].
Being short we formulate a typical result and then explain the algorithm informally:

Theorem 1. Minimal number ¢(n) of “example” type operations required for recognizing arbitrary monotone
Boolean functions  f(x,, x,.,...,x, ) with O's only below the k -th layer, 0 < k <[], equals

ch+ci'.
The statement considers a specifically constrained set of Boolean functions achieving in this way more precise
and lower estimate for complexity of reconstructing algorithms. Theoretically, the use of this concept requires the
set of all C,f chains of considered area of B", which is computationally hard, requiring large memory areas and

recursions. Resolving this trade off we engage the [TON, 1976] approach which does not require to keep the
chains in memory and calculating, instead, the necessary information having the vertex given by its coordinates.

Chain Computation Algorithm

This part explains the FSG tasks of ARM by the chain technique. The memory and computational resource
reductions as mentioned are the results achieved. If the base algorithm - Apriori may require

C,f + C,f" +..+ Cf steps to restore the Constrained Monotone Boolean Function, then the steps required by
alternative algorithm will be not grater than C* + C~'.

Large data volumes which appear in data mining applications require low computaional algorithms for composite
optimisation problems where data mining is the recurrent task of the total algorithmic solution. Apriori alternative
algorithm by this work uses the specific theoretical know-how which reduces required computations. The system
is developed and applied in solving pratical problems — network intrusion detection by LOG records of application
software systems is an example of applications.

Now let us stay on description of chain computation framework. Imagine a set of vertical chains connected to
each other through the special set of horizontal passes through sets of vertices. These are the chains splitting

B" . The procedure working on this set of chains produces a knowledge system which finally becomes the result
of algorithm. In our case this will be partial values of function on chains. Vertices in which function is yet unknown
might occupy some middle intervals of chains because of monotonity. This structure in its size is smaller than the

considered area of B” with its chain split. We intend to generate the same resulting knowledge by computations
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which involve the chain split elements and their coordinates. The rules about chains and passes properties are
also simply applied. This work style guarantees the minimal possible memory use of algorithm. Chain

computation on considered area of B" is through the following set of procedures:
1) computation of the consecutive number of a given vertex on its chain;

2
3
4
5

) computation of consecutive numbers of all neighbor vertices for the given one;
)
)

)
6) enumeration of all minimal vertices of all chains of given length;
)

)

)

characterization of chain lengths adjoint to the neighbor vertices for the given one;
computation of consecutive number of the next upper vertex to the given one on its chain;
computation of consecutive number of the next vertex below to the given one on its chain;

7
8
9

enumeration of all maximal vertices of all chains of given length;
computation of conditional compliment and its parameters;

(
(
(
(
(
(
(
(
(

computation of all down neighbor vertices to the given one.

It is to mention that the set (1)-(9) is just one example set of chain computation style procedures. These are
simple computational tasks. The scenario of FSG we consider is not the unique and several modifications and
extensions are possible and useful concerning the application problem conditions. Discuss several characteristic
fragments of chain computation rule mining algorithm by procedures (1) - (9).

In our approach it is important that the Boolean function describing itemset frequencies equals 1 above the layer
k (the best estimate, given by applied problem). Consider all vertices of layer & . For each vertex compute the
chain length passing through this vertex and the consecutive number of this vertex on its chain. Working

instrument is (1) in this stage and let R, denotes the chain split of B". Firstly, procedure computes some values
K, (@) for each vertex & of k-th layer, and then (1) states that vertices & € L,L € R, are K, (&)-th

consecutive vertices on their chains L. After this, length of chain L is computed taking into consideration
properties of chain split. Described fragment is recursive part of total algorithm.

In a later stage, among the vertices of & -th layer we separate all those that are the last vertices of their chains.
The chain length of all these vertices equals n —k —k =n—2k = 1. Ask operator A, (*example” operator) for

the values of considered function on these vertices. After this we apply to the chains of length /+ 2 and extend
the results received from A to these chains. Determination of all last vertices of the chains of length /+ 2 is by

procedure (6), R(n,l+2,l+3)={x € B"

a||=(n—1-2/2)and & obeys a property C}, where C is a
simple checkable property. Next is to apply 5(+1) (down by the chains) /+2 times to each vertex

a € R(n,l+2,1+3) which constructs the first vertex ,5; ofan /+2 chain.

On the general step - a chain of length /+ m is considered. The first and last vertices of this chain are found
and, then the first vertex of a chain of length / + m — 2 is computed, and the same way the last vertex of this
chain, which is the compliment to the pre-final vertex of the chain of length / + m2 . All the values for vertices of
chains of length / + m — 2 are known at this stage, and extension by monotonity to the chains of length / + m
and computation on reminder vertices by the operator Af is to be applied.



International Book Series "Information Science and Computing" 135

Conclusion

Frequent subset generation is always based on computations on monotone Boolean functions. Monotone
function domain is known as complex although the optimal algorithms of recognition are known. Monotone
recognition in data mining appears with constrains, which helps to construct less complex tasks and the way to
this is through a set of simple computational tasks on the chains mentioned above. The concepts were effectively
implemented in intrusion detection analysis by the set of LOG files of applied software systems.
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METHODS OF REGULARITIES SEARCHING BASED ON OPTIMAL PARTITIONING

Oleg Senko, Anna Kuznetsova

Abstract: The purpose of discussed optimal valid partitioning (OVP) methods is uncovering of ordinal or
continuous explanatory variables effect on outcome variables of different types. The OVP approach is based on
searching partitions of explanatory variables space that in the best way separate observations with different levels
of outcomes. Partitions of single variables ranges or two-dimensional admissible areas for pairs of variables are
searched inside corresponding families. Statistical validity associated with revealed regularities is estimated with
the help of permutation test repeating search of optimal partition for each permuted dataset. Method for output
reqularities selection is discussed that is based on validity evaluating with the help of two types of permutation
tests.

Keywords: Optimal partitioning, statistical validity, permutation test, reqularities, explanatory variables effect,
complexity
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Introduction

In present paper the optimal valid partitioning (OVP) approach to data analysis is discussed. The OVP
procedures calculate the sets of optimal partitions of one-dimensional admissible intervals of single variables or
two-dimensional admissible areas of pairs of variables and evaluate statistical validity of regularities associated
with these partitions. It must be noted that applying standard techniques ( F-test, Chi-square and others) for
assessing validity by the same datasets which previously has been used for boundaries calculating come across
problem of multiple testing (‘see [Mazumdar, 2000]). So validity estimates appeared to be too optimistic. One of
the ways to calculate adequate estimate is randomized splitting of initial data on two subsets. The first one is
used for the boundaries calculating and the second one is used for evaluating of statistical validity. But such
approach leads to significant loss of both boundaries exactness and validity levels due to decrease of
observations numbers in two datasets. The another way to verify nonrandom character of differences between
dependent variable levels in groups of observations formed by partitions is using permutation tests. Discussed
below technique that is based on random permutations allows using the same dataset for both purposes:
boundaries search and evaluating statistical significance. One more advantage of permutation tests is absence of
necessity for any suppositions about variables distribution or any restrictions on groups sizes. Today rather many
examples of successful use of permutation technique in different types of tasks [O’Gorman, 2001], [Abdolell,
2002]. Variants of OVP methods using search of optimal partitions inside families of different complexity levels
was previously considered by [Senko,1998], [Kuznetsova,2000], [Senko,2003]. Suppose that we study

dependence of variable Y on explanatory variables X,..., X, by some empirical dataset 50 . Various types of
dependent variable are admissible: Y may be continuous variables that are directly observed, vectors of
probabilities of several types of events at points in X space, survival curves and so on. The observations from
data set 50 must include vectors of independent variables x and information ¥ related to dependent variable
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Y . Existence of some common procedure is supposed for evaluating mean values of Y by sets of observations .
In case Y is directly observed continuous variable 3 is simply value of ¥ and abovementioned evaluating

procedure is reduced to calculating of normal means, evaluating procedure is also reduced to calculating of
normal means ( fractions of events types ) when Y is probabilities vector and ¥ is binary vector indicating type

of events, in case Y is survival curve ¥ is pair including time of last observation and binary indicating if patient
is alive. In the last case the Kaplan-Mayer technique is the example of evaluating procedure. The variant of OVP
for this type of tasks will be referred to as standard OVP or simply OVP.

But sometimes tasks occur where training set does not contain direct ¥ -descriptions of single objects but
includes only mutual distances between ¥ -descriptions. However, OVP methods may be applied in such tasks
also with the help of special quality functional.. The variant of OVP using only mutual distances between ¥ -
descriptions will be referred to as OVP based on mutual distances or OVPMD.

Optimal Partitioning

Let ¥ belongs to some set M y- It is supposed that distance function o defined on Cartesian product

M, xM, satisfies following conditions:

a) p(y,¥")20,b) p(»',y") = p(y",¥"), €) p(¥', ) =0 V', y"eM,,.

The OVP methods are based on optimal partitioning of independent variables admissible regions. The partitions
that provide for best separation of observations from dataset 50 with different levels of dependent variable are

searched inside apriori defined families by optimizing of quality functional.

Partitions families. The partition family is defined as the set of partitions with limited number of elements that are
constructed by the same procedure. The unidimensional and two-dimensional families are considered. The
unidimensional families includes partitions of admissible intervals of single variables. The simplest Family |
includes all partitions with two elements that are divided by one boundary point. The more complex Family Il
includes all partitions with no more than three elements that are divided by two boundary points. The two-
dimensional Family IIl includes all partitions of two-dimensional admissible areas with no more than four elements
that are separated by two boundary lines parallel to coordinate axes. Family IV includes all partitions of two-
dimensional admissible areas with no more than two elements that are separated by linear boundary with
arbitrary orientation relatively coordinate axes.

Quality functionals. Let consider at first standard OVP. Let O s partition of admissible region of independent

variables with elements g,....,q,.. The partiton O produces partition of dataset S, on subsets S....,S,.,

where S j (/=1...,r) is subset of observations with independent variables vectors belonging to ¢ Iz The

evaluated Y mean value of subsets S ; is denoted as H(S;). The integral quality functional F;(0,S,)is

r

defined as the sum: F,(Q,S,) = Zp[j/(SO),fz(Sj)]mj, where m ;- is number of observations in subset

J=1

§j. Besides integral functional F;(0,S,) local functional F;(0,S,) is possible that is defined as

FL(Q’S~O):jgll,z.l.)ir{p[j}(go)’ (8 ;)Jm ;} . Unlike integral functional F;(0,S,) local functional F (0, )

allows to pick out the most distant from remaining part of §0 subregion of partition. The optimal value of quality
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functional in dataset S will be further referred to as Fj’ (S) or FLO (S) . In case of OVP-MD The integral quality

functional F,(Q,S,) is defined as the sum:

F(0.5,) = Z {3 % pumn-0 S S s,

i=1 s eS s eS \S m(m—1) s; eS s; eS
where m - is number of observations in subset S Iz The local functional £, 0, 50) in case of OVP-MD is
defined as F, (Q SO)— max {Z Z py(s S; ) — Z Z py(sl,s )}
i=l,.. VseSseS\S m(m—1) seSseS

Regularities validation

For validation of found optimal partitions the permutation test (PT) is used. Advantage of permutation tests is
freedom from constraints on probability distribution and size of samples (Senko and Kuznetsova (2006)). The
initial variant (PT-1) is based on testing basic null hypothesis that variable Y is fully independent on involved

explanatory variables. The optimal value of quality functional £ (it may be FIO or FLO ) is used as PT-1

statistics. Let optimal partition of variable X' admissible interval was found inside families | or Il or optimal
partition of variables X', X"joint admissible area was found inside family [l for dataset

So ={(Y. X)) o, (VX)) - Lot EZ(S,) is the optimal value of used quality functional. To evaluate
statistical validity of discovered regularity set of random permutations {7, ,..., 7} is calculated with the help of
random numbers generator. Initial dataset {(Y;,x,), ..., (Y,;nX,, )} and permutations {72'1 ,e-» 7Ty} Qiverise to

permuted datasets {S/ ... SN} where S ={(Y, 7, (1),x1), ...,(Yﬂj(m)ﬁg(m)}. For each dataset S‘,r, from

J

{5{ 5]’\,} optimal partition is searched inside the same family for the same variable (variables) and by

optimizing the same quality functional that were previously used in case of SO .Let N t[F*O(SO )] is the number
g

of datasets in {S;,...,S}} forwhich F°(87) > F’(S,) . The ratio N t[F*"(§O)]/N is used as estimate of
g

PT-1 p-value for regularity discovered in 50 with the help of optimal partitioning. .

The second variant (PT-2) is based on testing more complicated null hypothesis that variable Y is independent
on involved explanatory variables only inside some apriori defined subregions of X -space. Let explanatory

variables admissible region in X -space is partitioned on subregions ql“,...,qg. This partition produces the
partition of dataset S’O on subsets 51“52 The following Monte-Carlo procedure of p -values estimating
was used in second PT variant. Datasets {S",...,S% } are generated from S, with the help of permutations
{ﬂf" ,...,z]”\’,r}. As in the first variant only 3 -components positions are permuted and the order of X -
components remains fixed. Unlike permutations {ﬁf ,...,ﬁ]r\,} from the first variant permutations

{7;1‘”,...,7;1‘\’;} do not include transpositions between ¥ -components of observations belonging to different
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subsets from {Sf,...,ﬁg}. The procedure of p-values calculating by generated datasets {S;"",..., Sy}
completely coincides with the procedure of p -values calculating in the first variant. The p -values evaluating the
independence of ¥ inside subregions ¢;',..., ¢}, and calculated by PT-2 will be referred to as p, (qy’,...,¢},) -

values.

Forming set of output regularities

The set of output regularities is selected from the set of found optimal partitions using calculated p -values. To

simplify the discussion we shall not differ further between regularity and describing it optimal partition. The first
and simplest way is selecting in output set only regularities with calculated p -values less than previously defined

threshold p,, .. The OVP procedures using this way of selecting will be referred to as OVP-CIS (complexity

independent selecting). But series of experiments at simulated data [Senko, 2006] demonstrated that OVP-CIS
procedure resuts to falling into output set of so called partially false "regularities” with high validity according PT-1.
But the cause of this validity actually is dependence of output only on one of variables describing found
"regularity”. So another variant of OVP procedure (OVP-CDS) will be discussed below. The basic idea underlying
this modification of OVP method is selecting to output set only those optimal partitions from more complicated
families Il , Il or IV where variations between induced groups of observations can not be explained from the
viewpoint of previously found regularities from simplest family I. In other words selecting of partitions from
complicated families in OVP-CDS (complexity dependent selecting) is based on testing if ¥ is independent on
explanatory variable (variables) inside subregions belonging to simple regularities involving these explanatory
variable (variables). So OVP-CDS includes different selecting modes for optimal partitions from family | and
optimal partitions from more complicated families. Selecting of partitions from family | in OVP-CDS always
precede selecting of optimal partitions from families Il and lll. Then the second variant of permutation test is used
to evaluate the validity of the last. Assume that uncovered regularities from family | involving variables X" and

X" are contained in the output set. The first from these simple regularities includes subregions ¢, ¢, and
second regularity includes subregions ¢/, ¢ . Then optimal partition from family Il involving variable X" is put to
the output set only if p, (ql’,q'z)-values is less than threshold p,, . Optimal partition from families Ill or IV

involving variables X' and X" is placed to the output set only if both inequality pz(ql',q’z) < p,, and

Py (q{', q;) < p,, are satisfied. In case output regularities from family | do not involve variables used in optimal

partitions from more complicated families Il and IIl the selecting procedure for the last partitions are the same as
in OPV-CIS.

Examples

Example 1 .The task of utera mioma relapse predicting from immunological parameters. The group of 6 patients
with relapse is compared with 15 patients for which relapse took place before 2 years after operation. Univariate
regularity with two boundary point is represented at Fig. 1.
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Fig. 1 - Optimal 1-dimensional regularity with two
f ' boundary points related to dependence of
relapse occurrence on variable. Var. 1
correspond to X, var. 2 correspond to Y,
.Quadrant | - number of patients without
relapse(+) -6, number of patients with relapse (0)
— 0;Quadrant | I- without relapse -2, with relapse
— 6;Quadrant Ill — without relapse -7, with relapse
0;It is seen from figure 1 that variable 1 values in
patients with relapse are concentrated inside
middle interval: 126.0 <var1<180.5.

66.00

L | 1 Loy
#6.80 126,00 180.50 27408

Figure 1
ANOVA | Kolmogorov-Smirnov Test | Mann-Whitney U Test OVP
p-value | 0.672450 >0.1 0.755497 0.013 (PF-Il,PT-1)

Example 2 . Group of 23 territorial units in Russian Federation with positive migration balance is compared with
group of 53 territorial units with negative migration balance. Two-variate regularity with two boundary point related
to Task 1.

¥

Fig. 2 - Optimal 2-dimensional regularity

+ related to dependence of migration balance
on variables 8 and 9 Var. 8 correspond to X,

| I var. 9 correspond to Y, .Quadrant | - number
of regions with positive balance (+) -6,

number of regions with negative balance(o) —

0; Quadrant | |- positive balance -7, negative

| balance - 24;Quadrant Il - positive balance -
F,oHe 6, negative balance - 10;Quadrant IV -

306 - B e

FE P Y AT e ; positive balance -4, negative balance - 19.

16826 +

. o
12918 n |

-15.9 T4 1.1

Figure 2

It is seen from figure 1 strong dependence of migration balance on variable 3 in case var2<-7.4, but in case
var2>-7.4 a distinct dependence of migration balance on variable 3 is not observed. Statistical validity of
regularity according PT-1 is p=0.014

Table 1. Validity according standard statistical tests and OVP technique

ANOVA | Kolmogorov-Smirnov Test | Mann-Whitney U Test OVP
p-value var 2 0.686 p>0.1 0.768 0.46 (PF-I, PT-1)
p-value var 3 0.0398 P>0.1 0.062889 0.17(PF-I, PT-1)

2- variate p-value | 0.109 - - 0.014(PF-Ill, PT-1)
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ANOVA F-test reveals valid (p=0.0398) difference between two groups of regions by variable 3 This difference
may be related to group of 4 regions in quadrant Il with positive balance and high values of variable 3. All
univariate tests did not discover any difference between groups of regions by variable 2. No difference was
indicated also by 2-variate ANOVA.

Conclusion

The new method for uncovering empirical regularities in data was represented. The method allows to find out
regularities related to effect of ordinal or continuous explanatory variables on outcome. Method may be used in
tasks with different types of dependent variables; binary scalar outcome, scalar or vector continuous variable,
survival curve. Besides method may be used when outcome is not described directly but data contains mutual
distances between outcome descriptions for different objects. Method is based on validity estimates with the help
of permutation tests. These estimates are free from constraints on probability distribution and sample size. Using
of permutation test modification (PT-2) allows to select only regularities with statistically founded inclusion of all
constituents (features or boundaries).
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OLIEHUBAHMWE PUCKA PETPECCUOHHOW MOLENN B CNTYYAE HEM3BECTHOIO
PACMNPEQENEHMA"

Tatbsina CtynuHa, Buktop Hegenbko

AHHOmauyus: B danHol pabome nodHumaemcss docmamoqHO akmyaribHasi npobriema OueHUsaHUs kayecmea
peweHus 8 ycrosusix omeymemeausi UHgpopmayuu o pacnpedeneHusix. [ns 3adayu peepeccuoHHo20 aHanusa
paccmampusaemcs anbmepHamueHas (PyHKUUsS pucka, NOCMPOeHHas paHeoebiM MemodoM. OmpaxeHbl
nonoxumerbHble U OmMpuyamesnsHbie CMOPOHbI mako2o nodxoda. Cmamucmuyeckum ModenuposaHueM
nony4eHbl MOYEYHble OUEHKU IMNUPUYECKOU (byHKUUU pucka, ompaxatoujue 060CHO8aHHOCMb NPUMEHEHUS
paH208020 Memoda 8 yCro8us «nofHoL HeonpedenéHHoCMUY.

Knroyesbie cnoea: ¢hyHkyus pucka, amnupuyeckas QyHKYUS pucka, paH208asi pe2peccusi, Knacc fUHEeUHbIX
pewarouwux pyHkyud.

ACM Classification Keywords: G3 BeposmHocme u Cmamucmuka — KoppenayuoHHbili u PeapecCuoHHb Il
aHanus.

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

BBepeHue

lMooxogd k 06paboTke KCMEPUMEHTANbBHBIX AAHHBIX 3aBUCUT OT CrEeLMdNKN KOHKPETHOWM 0BacTm M KOHEYHOM
Lienun, KoTopas CTaBuUTCS B 3agaye. B pasnuuHbix 06nacTsx 3HaHWi, LEenblo KOTOPbIX ABMSETCS 0BHapyxeHue
MPUYUHHO-CIIEACTBEHHBIX CBSA3EW, MOTYT ObiTb MCMONMb30BaHLI OAMHAKOBbIE METOAbI HE BCEraa npuBogsLume K
YAOBINETBOPUTENBHOMY PELLEHWI0. Yalle BCEro npuymHa KpoeTcs B HepocTaTke anpuopHOM MHopmauum 06
n3y4yaemoMm OObekTe (SBMEHUM) UMM B HEKOPPEKTHOW MPUMEHMMOCTM TOrO UM MHOTO MeToda (anroputma) k
0bpabaTbiBaeMbIM JaHHbIM. YTOUHEHWE Xe MOZENM, Kak MpaBunio, MpOMCXOAUT yxe B mpouecce obpaboTku
AaHHbIX 3KCepTamu WK B CRyYasix HanmWyus JOCTATOMHOM anpuopHON MHGOpMaumK, YTo He Bcerga bbiBaeT
BO3MOXHbIM B CIly4ae aBTOMaTU3MPOBaHHOM 06paboTku WHGopMaLMM u HeoOXOAMMOCTM BbICTPOrO NPUHATMS
peLLeHs.

Takum obpasom, Ha nepBom aTane apdekTnBHEN ObiN0 Obl NPEANOXUTL SKCMEPTY MOAEMb, MOMYYEHHYIO
Hanbonee yHuBepCasnbHbIM METOAOM, ANS €€ NocneayoLwero YTOYHeHUs unu BoobLue NpuHATUS pelieHns ob eé
KOHLienTyansHOM U3MeHeHWN. HeoTbeMeMbIM 3TanoM B MOCTPOEHUN MOZENW SBNSETCA €€ OLeHKa — OLeHKa
kayecTBa MOLENN. XOPOLIO M3BECTHbIM W LUMPOKO MPUMEHSIEMbIM CMOCOBOM OLIEHMBAHWS KavecTBa MOAENM
aBnsetca  yHkums  pucka [B.H. Banuuk, 1984]. HecmoTps Ha [OCTAaTOMHO LUMPOKOE MPUMEHEHWE
PErpecCyOHHOr0 aHanu3a BO MHOTUX MPUKNaAHbIX 0BracTsx 3HaHWM 3ajadva OLEHWBAHWS PUCKA perpecCUOHHOM
MOZENM W [0 HAaCTOSLLEro BPEMEH OCTaETCs akTyanbHON. OTO CBA3AHO C OTCYTCTBMEM YHUBEPCANBHOTO METOAA
OLEHMBaHMSA KayecTBa MOLENW, MOCTPOEHHOW MO BblGOpKaM OrpaHNYeHHOro oBbEMa B YCMOBUSX MOMHOM
HeonpeaenéHHOCTM (OTCYTCTBME Kakom-nnbo nHgopmauum o pacnpegenerusx) [Ix. Cebep 1980]. na 3agaum
pacnosHaBaHus 00pa30B NpeasfiokeH NOOXO4 K IMMMPUYECKOMY OLIEHMBAHMIO puUCKa METOAOM YMCMEHHOMO
MOZENMPOBaHMs, KOTOPbIA JaéT npakTuyecku npuemnemble oueHku [B.M. Hegenbko, 2008].

' PaboTa BbiNoNHeHa Npu rHaHCOBON nopaepxke rpaHTa PO®K 08-01-00944-a
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Ha npakTtuke ans oLeHnBaHus pucka 0bbI4HO NCMOMb3YHT OLEHKM CKOMb3ALLErO KOHTPOMS, Kak TOYEYHbIE OLIEHKM
0e3 ykasaHwst JOBEPUTENBHON BEPOSATHOCTU. [1p1 3TOM CKONMb3SALLMIA KOHTPOMb BO MHOMMX CRy4yasix nomnaraetcs
HammnyywM cnocoboM OLEHMBaHMS puCKa, XOTS K HACcTOSILLEMY BPEMEHM HEW3BECTHbI MMEHOLLME NPaKTUYECKN
MPMEMIEMY0 TOUHOCTb MHTEpBarbHbIE OLIEHKM pUCKa, OCHOBAHHLIE HA CKOMb3silleM KOoHTpone. B pabote [B.M.
Hepenbko, 2008] ansa 3agaun pacnosHaBaHus 4ByX 06pa3oB Obino MOKA3aHO, YTO B HEKOTOPLIX Cryyasx Ha
OCHOBE 3MMUPUYECKOro pucka MoryT BbiTb MonyyeHbl BGonee TOUHble WHTEPBANbHbIE OLEHKM pUCKa, YEM Ha
OCHOBE CKONMb3ALLEro ak3ameHa. bornee Toro, MeToa NOCTPOEHUS AMMUPUYECKMX [OBEPUTENbBHBIX WHTEPBANOB
NOTEHLMANbHO NO3BONSIET UCNOb30BATb HE TOMBKO PACCMOTPEHHBIE AMNMPUYECKIE (PYHKLIMOHAMbI Ka4eCTBa, HO
W Opyrue xapakTepucTikm BoIBOpKkM M MeToaa 0byyeHus.

B npeacraBneHHon paboTe nonyveHbl SMMMPUYECKME OLIEHKM PaHTOBOW PErpeccMOHHON MoZenu W3 kracca
NMHENHbIX PYHKUMA. TTOCTPOEHWE peLleHWid B JaHHOM Kracce (YHKUMA He npeanonaraeT BbINOMHEHWE
Krnaccuyeckux TpebOBaHWA Kak MpU BOCCTAHOBINEHWUW TMHEMHBbIX PErPECcCUOHHBbIX (YHKUMA. W eweé opHum
NOMNOXMTENbHBIM MOMEHTOM SIBSIETCA BO3MOXHOCTb MOCTPOEHWUS PELUEHUS B Pa3HOTUMHOM MPOCTPaHCTBE
nepeMeHHbIX B Kracce noruyeckux pellarowmx dyHkumin [T.A. CtynuHa, 2006]. PesynbTathl npefcTaBneHbl
rpacuyeckun u TabmmuHo. [poBedeHa CPaBHUTENbHAS XapaKTEPUCTWKA SMMMPUYECKOrO pucka C PUCKOM,
MOCTPOEHHBIM MO KOHTPOMBHO BbIBOPKE.

OCHOBHbIe NOHATUA

Mycte D, — NpOCTPaHCTBO 3HAYEHUA NEPEMEHHbIX, UCMONb3yemblX ANA NporHosa, a [, — NpoCTPaHCTBO
3Ha4YeHUA NPOrHO3MPYEMbIX NEpeMEHHbIX, U MyCTb C — MHOXECTBO BCEX BEPOATHOCTHLIX MEP Ha 3afjaHHoN o -
anrebpe nogmHoxects MHoxectea D = D, x D, .

Mpu kaxaom ¢ € C Wveem BeposTHocTHoe npoctpakctso: (D, B, P, ), rae B - o -anrebpa, P.[D] -

BEPOSATHOCTHAst Mepa (B KBaapaTHbIX CKOOKaX Mbl YKa3blBaeM He apryMeHT GhyHKLMW, @ MHOXECTBO, Ha KOTOPOM
3afjaHa o -anrebpa). lMapametp ¢ Oygem HasbiBaTb cmpameauell npupoldbl. Pelwatowwen yHKUumen

HasblBaeTcs cooteeTcTBUe f : D, —> D, 13 HEKOTOPOrO Knacca peLuatoLmx dyHkumnin @ .

KayecTBO NPUHATOTO peLleHns OLeHMBaeTCs 3afaHHon dyHKumen noteps L : Y 2 [O,oo). OYHKUMS NoTepb
3a4a€eT LieHy OLWNOKM Kak Mepy HECOOTBETCTBMUS NMPUHATOrO peLeHns f (x) W UCTUHHOTO 3HAYeHus Y.

MMoa pucKkom 6yneM NOHMMaTb CpeEAHNE NOTEPN.

R(c, f)= [L(y, f(x))aP.[D].

D

3aMeTum, YTO 3HaueHne pucka 3aBUCUT OT CTpaTerMm npupoabl ¢ — pacnpeneneHnd, KoTtopoe B O6L|.leM chyyae
ABNAETCA HEN3BECTHbBIM.

Myctb v:{(xi,yi)eD\izLW} — CcrnyyailHas HesaBucuMas Bblbopka U3 pacnpeneneHus PC[D].

3MI'IVIpI/I‘-I€CKVIl71 puck onpeaenum Kak cpeaHne notepu Ha BbI60pKeI

N

Ro )= 204,

OLleHKa pucka Ha KOHTpOJ'IbHOI7I Bbl60pKe onpenendeTca Kak

o
R*(v*,f)= N‘ ;L(yf,f(xf))’
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e v = {(xl - )e D ‘ i=1,N } — «HOBas» CMyyaliHas HeaaBucUMas BiGopka U pacnpepenetus P [D].

Mycte QO {v}—> @ - anroput™ (MeTOA) MOCTPOEHWS pellaowmx yHKUMIA, a fQ,v € @ — yHKUMS K3
Knacca peLuatoLmx gyHkuuin D, nocTpoeHHas no BeIGOpKE v anroputmom Q.

DYHKLMOHAN CKOMb3ALLEro ak3aMeHa OnpeaenseTcs kak
D 1 y i i
R(va Q) =N ZlL(y ,fQ,v,'- (x ))!
i=

rae v; =v\ {(x’ ! )} — BblbOpKa, nonyyaemasi U3 v yganeHueMm i-ro HabnogeHus.

3agaya nocTpoeHns peluarolei dyHKLMM (Mogenu) 3akmnioyaeTcs B Bbibope nogxoasiero anroputma Q u B
OLIEHVMBAHNM PUCKA MPUHATOTO PELLEHNS.

[oseputencHbii HTepBan ans R 6yaem 3aaasath B BUae [O,R(v)].

34ecb Mbl OrpaH14MBaeMcsi OQHOCTOPOHHUMM OLeHKaMK, MOCKOMbKY Ha MpaKkTUke AN pucka BaxHbl MMEHHO
OLeHKM cBepxy. Takum 0bpa3om, B JaHHOM criyyae MOCTPOEHWE AOBEPUTENbHOrO WHTEpBana 3KBUBANEHTHO
BbIGOPY (hYHKLMM R(v), koTopyto Oygem HasblBaTb OLEHOYHON (hYHKLIMEN UMK NPOCTO OLLEHKOM (pucka).

I'Ile 9TOM AOJKHO BbINOMHATLCA YCNOBKE:
ve, P(R<R(v))27,
roe 77 —3afjaHHada noseputenbHaa BEPOATHOCTb.

13BeCTHbIE Ha AaHHbIA MOMEHT OLIEHKM pUCKa CTPOSTCA He Kak (hYHKLMM HenoCpeacTBEHHO BbIOOPKK, a Yepes
KOMMO3ULMIO R(v) =R, (R (v)) TO €CTb KaK (PYHKLMM 3HAYEHUN HEKOTOPOrO SMMMUPUYECKOro pyHKLMOHana

R(v), B KayecTBe KOTOpOro 0ObIYHO BbICTYMAET SMMMPUYECKUIA PUCK UMM CKOMb3ALWMIA 3k3ameH [B.H. BanHuk,
1984].

SMI'IVIpVI‘-IeCKVIVI (*)yHKU,I/IOHaJ'I 3A4eCb BbICTYNnaeT B posin TOYEYHOM OLUEHKN pUCKa, Ha OCHOBE KOT0p0|7| CTpouTCA
MHTEpBanbHada OLEHKa.

®yHKUMA p1CKa NOCTPOEHUS PAaHrOBOW perpeccuu

Mycte y= f (x) — peLuatoLas MYHKUUS, SBASKOLLAACA HEKOTOPOW annpoKCUMaLMen LeneBorn 3aBUCMMOCTH,
fed.

Onpeaenum puck cneayoLm 06pasom

Rlc,f)=max| Plxe 4.y > f(x))- Plve 4.y < (x))

rae Wy < A, — HekoTopoe nogMHOXecTBo Ay — o -anrebpbl nogMHOXecTB U3 D, .

Ecom W, =A,, 10

Rle,f)= [\B" ()~ @)dP(x),

rme B (x) =Py > f(0)|x), B (x)=Ply< f(x)|x).

Y10BbI pUCK MOXHO BbINO OLIEHNTL MO BbIBOPKE, HYXHO OrpaHnunTL Fy , HanpUMep, MHOXECTBOM MHTEPBANOB.
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Kak BapuaHT, B kauecTBe prcka MOXHO UCMOMb30BaTb paccTosHue Mokxa mexay BT (x) u B~ (x).Tak xe

MOXHO nonpo6oBaTb onpeaenuTs paccTosHe MoHxa 6e3 1cnonb3oBaHKs [OMONHUTENBHON MeTpukn B D, .

* ~
OuyeBugHO, 4TO BCEraa cylectsyer f (x) ANS KOTOPOW PUCK paBeH Hymo. JTO YCMOBHas MeduaHa,
ABNSAIOLLAACA ONTUMANbHON peLuatoLlen yHKLMen OTHOCUTENBHO 3aAaHHOro pucka.

Yuutbigag, uto S (x) =1— B (x) dyHKUMIO pUCKa NPEACTaBNM B CrieayHoLLEM Buae:
Re.f)= [, 2800 ~1dP().

roe f(x) - nopspok kBaHTMIM f(X) .

Be3 orpaHuyenns obwHoct Byaem paccmatpuBath f € ® - KnacC NWHERHbIX  GyHKUWMA. [propuTeTHON

CTOPOHOW paccMaTpuBaEMOro PaHroBOrO puUcka SBASETCA TO, YTO PELUEHUs, NOSyYeHHbIE OTHOCUTENBHO HEro
ABASIOTCA poBacTHbIMK, T.€. YCTOMUMBBIMKA K BOMbLUMM ChyvanHbiM Bbibpocam. OTMETUM Takke, 4TO npu
BbINOMHEHWM Knaccuyeckux TpebGoBaHWiA K BOCCTAHOBNEHMIO NIMHENHBIX PErPECCUOHHBIX 3aBUCUMOCTEN (OLLMOKM
HEe3aBMCUMbI 1 HOPMamnbHO pacrnpefeneHbl, Perpeccopbl He CryvanHbl) OnTUManbHas pellatowas dyHKUms,
NPeAcCTaBneHHas YCMOBHbIM MaTEMaTUYECKUM OXWOAHWEM, TaKKe SBNSETCS ONTUMaNbHOM OTHOCUTENBHO
PaHrOBOro KpUTEpUS.

Bb160poYHbIN (hyHKLMOHAN pUcka. ANrOpUTM NOCTPOEHUSA pPeLleHns

Anroputmom Q no Bbibopke v 06bEma N CTPOUM IMMUPUYECKYH0 PYHKUMIO f 13 Knacca NMHENHbIX OyHKLMIA
@ . KauecTBO NOCTPOEHHO! (PYHKLMM OyaemM OLEHMBATL MO AMNUPUYECKOMY PUCKY:

R, =% $128(0)-1]-p(),

i=lxeD}

1 |
D! ={x.y)eVy|y< f(x).xeDi,ye Dy}
Torga onTUManbHoOM peluatoLlen yHKLNEn B 3alaHHOM KNacce OTHOCUTENbHO PAHIOBOO Kputepist GyaeT

dyHKuma f(x) = arg r}leig Rf .

me p(x) =4, N, = D

B)=4, Nl = D]

« Bbibopka
y =-1.5772x + 0.7926

0.8 4 R? = 0.4483 - Panrosas perpeccus_1
06 | + PaHroBas perpeccus_2

ettt PaHrosas perpeccusi_3

— JInHeiiHbIi (BbiGopka)
0.2 4
0 T T T T T ]
0.1 0.2 0.3 0.4 0.5\ 0.6 0.7
0.2 4
0.4
0.6
*

-0.8 -

Puc. 1 [iuHeiHble perpeccun, NOCTPOEHHbIE paHroBbiM MeToaoM 1 no MHK-meToay
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B Lensx nayyeHus CBOACTB AMMUPUYECKOTO PAHIOBOrO pucka Bynem paccmaTpyBaTh MPOU3BOMbLHBIA anropuTM
MOCTPOEHMS NIUHEMHOM 3aBUCUMOCTY, MPOLIEAYPY U cnocob pasbueHnst UCXOOHOTO NPKU3HAKOBOTO NPOCTPaHCTBa
Dy =UDj) . Tem cambiM Mbl MpaKTMyeckd OXBaTbiBaeM BCEBOIMOXHble CMOCOBbI  (anropuTMbl)

BOCCTAHOBMEHWS NUHENHbIX 3aBUCUMOCTEN. OueHKVI SMIMUPUYECKOro pPUCKa, NOJTYYEHHbIE TaKUM cnocobom,
6y,EI,yT ABNATLCA NPAKTU4ECKM ONTUMalbHbIMN. CnepoBaTtenbHO, MOSBNSAETCS BO3MOXHOCTb MCCRefoBaHWs
KayecCTBa peLLeHnd, NOCTPOEHHOro HEKOTOPbIM HamnpaBi€HHbIM anropuTMOM OTHOCUTENTBHO PAHIOBOIro KpUTEPKA.

[lns NocTpoeHust OLieHKM IMNMPUYECKOro pucka ByLem paccMaTpuBaTh OLEHKY pucka Mo KOHTPOSbHON BbiGopke

R™ KaK HecMeLLEHHOI oueHku pucka [B.H. BanHuk, 1984], npeactaeneHHon B nepeoM naparpade. Puck no
KOHTPOMNbHOI BbIGOPKE 3a4aeTCs aHANOrMYHO IMNUPUYECKOMY PUCKY, HO 415 ANIEMEHTOB KOHTPOIBHON BbIBOPKM

= {(x:, y;)eD‘ i=1,N*}.

Ha pucyHke 1 Mbl NpuBegéM HeBOMbLLON NoKasaTesNbHbIi NPUMEp, LEMOHCTPUPYIOLLMIA NPUOPUTETHOE CBOMCTBO
NIMHENHOW perpeccu, NOCTPOEHHOW MO PaHrOBOMY MeTOAy B YCNOBMSX Manoro o6béma Bblbopkn, N =35,
PaBHOMEPHO pacnpefeneHHon CnyYailHoW COCTaBMAIOWEN CO CpegHEeKBagpaTUYeCKUM OTKIOHEHWEM PaBHbIM
0,1 n ¢ 20% Bblbpocamu. VIcTUHHAS NnHENHas (yHKUMOHarbHAs 3aBUCUMOCTb B MpUMEpPe NpeacTaBnseTcs
npocTbIM ypaBHeHWeM f(x)=0.5. HecMoTps Ha HEOOHO3HAYHOCTb peLeHUs, B NPUMEPe paHroBble

PErpeccMoHHble GhYHKLMW, O4EBUAHO, MEHEE OTNNYALOTCA OT UCTUHHOM. [0 KpalnHen Mepe, BOCCTaHOBEHHAs MO

BbIGOPKe PyHKLWS AOCTATOYHO Brn3Kasi, B MeTpUKe L> wnn B MeTpuke C , K UCTUHHOM SBNSETCS 3reMeHTOM
MHOXECTBa PeLUeHU, UMEIOWMX OWHAKOBLIE 3HAYEHWUS SMMMPUYECKOM (YHKUMM pucka. B npuHumne, npu
BBEJEHWW JOMNOSHUTENbHbIX YCIIOBUW, HAa OCHOBAHMM HEKOTOPOW anpuopHOA MHMOPMALMKM, MOXHO NOCTPOUTD
anropuTM, onpeaenstowmii €AMHCTBEHHOE PELLEHe U3 JaHHOTO MHOXECTBA. JTOT BOMPOC B JaHHOW paboTe Mbl
noka He paccMaTpuBaem.

MocTpoeHNe IMNUPUYECKOI OLIEHKM pUCKa

lMog aMNMpMYECcKon OLEHKON NOHUMAETCS BENWYMHA, NOSTyYeHHas OLEeHWBaHMEM MUHUMAMNbHON JOBEPUTENBHOM
BEPOSATHOCTM MO HEKOTOPOMY 3BPUCTUYECKM BbIOPAHHOMY MHOXECTBY pacnpedeneHuin. Ecnu aTo MHOXeCTBO
BbIOpaHO AOCTaTOMHO «LUMPOKMMY», TO €CTECTBEHHO OXWAaTb, YTO MOMyvyeHHas oueHka OyaeTr 6nuska K
WCTUHHOW. BO3MOXHOCTb JOBEPUS TaKM OLiEHKaM MOXET ObITb apryMeHTMpOBaHa Criedytowmm coobpaxeHmem.
Ecnu LeneHanpaBneHHbIM 3BPUCTUYECKAM MOWCKOM HEe YOanoch NOCTPOUTL pacrpedeneHus, npu KoTopom
[oBepuUTEnbHas BEpOATHOCTb Bbina Obl MeHbLE 3a4aHHON BEMINYMHBI, TO MOXHO OXWAaTh, YTO W B pearnbHOi
3afjaye pacnpefeneHue OKaxeTcs TakuM, YTO OLieHKa OCTaHeTCs crpaBenBo.

ER | ER* | o’
012 | 036 | 0.1
016 | 029 | 02
047 | 025 | 03
021 | 027 | 04

Tab. 1 OueHka aMNMPUYECKOro pucka B 3aBUCMMOCTM OT YPOBHS LLIyMa

B Ta6nmu,e 1 npueeaeHbl 3Ha4eHNA TOYEYHbBIX OLEHOK amnmpmquKoM quHKLI'MM, NOCTPOEHHbIE CTATUCTUYECKUM
MoaennpoBaHuem. Pe3y1'IbTaTbI I'IO)J‘-IépKVIBaIOT [0CTaTOMHO I/IHTepeCHbIVI anKT. I'IpM NNoXuX pacnpegeneHnax
OLUEHKa «paHroBoro» pucka npakTn4eCkn paBHa 3HAYEHUO PUCKa, MNONYYEHHOr0 Ha KOHTPOMe, Kak Ha
pacnpeneneHun. aTot pesynbTat AAET HaM OCHOBaHue NPUMEHATbL 3MNUPUYECKYIO OLEHKY pUCKa Kak
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[O0CTaTOMHO XOPOLLYI0 MW NOCTPOEHUM PaHTOBOM perpeccuit B Cyyae HeM3BECTHOro pacnpeaeneHus. Mposeas
[ONONHUTENbHOE OOBLEMHOE MOZENUPOBAHME MO BCEBO3MOXHLIM —pacnpefenieHnsM, MOXHO MOCTPOUTb
SMMUPUYECKNE [OBEPUTENbHbIE MHTEPBAMbI AN (DYHKUMM pUcCKa, aHanornyHo Tomy, Kak B 310 6bino caenaHo
O015 3ajayv pacnosHasaHus gsyx obpasos [B.M. Hegenbko 2008].

3aknioyeHue

HecMoTps Ha JOCTATOMHO XOPOLLO M3Y4YEHHbIE M LUMPOKO NMPUMEHSIEMbIE METOLb! PErPECCMOHHOMO aHanmsa, B
[aHHOM paboTe NOAHMMAETCS JOCTATOMHO aKTyanbHasi npobrema OLEHMBaHWS KayecTBa PELLEHMS B YCIOBUSIX
OTCYTCTBUSI MHCpOPMaLMK O pacnpeaeneHusx. bbina paccmoTpeHa W UCCNeaoBaHa anbTepHaTUMBHAS (DYHKLMS
pucka, NOCTPOEHHAs PaHroBbIM METOOOM ANS 33adayu BOCCTAHOBNEHWSI PErPECCUMOHHOM  3aBMCHUMOCTMU.
OTpaxeHbl MONOXWTENbHbIE 1 OTpULATENbHbIE CTOPOHBI Takoro nogxoda. CTaTUCTUYECKMM MOAENMPOBaHNEM
noMyYeHbl TOYEYHbIE OLIEHKM 3MMMPUYECKOM (DYHKUMM puUCKa, OTpaxarowme 060CHOBAHHOCTb MPUMEHEHMUS
[AaHHOr0 MeTofda B YCIOBUS «MONHOWM HeonpedenéHHOCTUY. HeTpuBuanbHON 1 HTEPeCHON 3adadeil 0CcTaétcs
CO3[aHNe HanpaBMeHHOro0 anroputMa MOCTPOEHUS SMMUPUYECKON PaAHrOBOW PEerpeccut  OTHOCMTENLHO
ucenegyemoro pucka. Hekotopele Maem nexat npsiMo Ha NOBEPXHOCTH M JOCTAaTO4HO CKopo ByayT peann3oBaHbl
aBTopamu paboTsl.
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METOA BbIAENEHUA 3HAYUMbIX OAHHbIX HA UI30BPAXEHUAX
M30XPOMHbIX JIMHUA ONA CUCTEM BECKOHTAKTHOIO U3MEPEHKSA
BHYTPUINA3HOIO AABJIEHUA

Haranua benoyc, Buktop bopucenko, Buktop JleBbIkuH,
Omutpuint MakmBckuin, AHHa 3anueBa

AHHOmauyus: [naykoma — amo 60sesHb 2ras3a, NPUYUHOU Komopol A81Semcsl NosbILEHUEe 8HYympuanasHo2o
OaeneHusi. Ecnu anasHoe OasneHue npu anaykome 08peMsl He CHU3UMb 00 HOPMbI, MOXem no2ubHymb
3pumenbHbili  Heps, Ymo npugedem Kk Heobpamumol crnenome. Ha ce200HsAwWHUlG OeHb  npednoxeH
NPUHUUNUaIbHO HOBbIL CnOCOb UBMeEpeHUs 8Hympuarna3Ho2o daeneHus, b6asupyroujulica Ha ob6credosaHuu
po208UUBI 2n1a3a Yerogeka 8 NOSAPU308aHHOM ceeme, Ymo no3gorsem sudemb Ha Hell cneyuhuyeckyto
UHMepPEPEHUUOHHY KapmuHy. B pabome aemopamu npednazaemcs memod, no3gonsowuli npogecmu
pacno3HasaHue U300paXeHUs 2a3a yYenoseka, OMCHAMO20 8 NOSPU30BaHHOM ceeme, U BbIOeUmb Ha
Ucxo0HoM u30bpaxeHuU OaHHble, Heobxodumble O0ns pa3pabomku cucmeMb! 6ECKOHMAaKMHO20 — U3MEPEHUSs
gHympuanasHo2o 0asneHus. [lposedeHHbIli aHanu3 nokasasn, Ymo Ha Ce200HsWHUU OeHb He cyuecmeyem
aHanozo8 peanusayuu dAaHHo20 memola. [lpozpammHas peanusauuss memoda no3eonum paspabomams
npo2pammHo-annapamHbIl KOMNIeKc, Ha NopsdoK npesocxodawull cywecmsyoujue aHanoau no cmouMocmu u
npocmome UCNOHEHUS], @ makxe 6eCKOHMakmHOo, 6bICMPO U MOYHO UBMEPSIMb 8Hympuana3Hoe dasneHue.

Knrouesble cnoea: BHympuenasHoe OaeneHue, enaykoma, OuaegHOCMUKa, pPacno3HagaHue U306paxeHus,
0bpabomka u30bpaxeHus, U30XPOMa, U3OKIIUHA.

ACM Classification Keywords: .5 Pattern Recognition, 1.5.2 Design Methodology - Feature evaluation and
selection.

Conference: The paper is selected from International Conference "Classification, Forecasting, Data Mining" CFDM 2009,
Varna, Bulgaria, June-July 2009

BBeaeHue

CeroaHs npy HEM3MEHHBIX TEMMaX POCTa HayKK N TEXHWKM OOLLECTBO HE MOXET 006XxoanTCs 63 KOMMBIOTEPHOM
TEXHWKM. CornacHo faHHbIM MypOoBOI opraHn3aLmy 34paBOOXPaHEHUS], Harpy3ka Ha rnasa YenoBeka Bbipocrna B
100 pas B 2000 rogy no cpaeHeHuo ¢ 1900 rogom. B Byaywem ata uudpa 6yoeT Tonbko yBenuumnsarbes. Tak
Kak no4TV BCE BPeMsi AeATENbHOCTM YernoBeka OyaeT cBszaHo ¢ IBM, a 310 03Ha4aeT NOCTOSHHOE HanpsKeHne
MbILUL, rna3, YTo B 95 npoueHTax 6yaeT npuBoaNUTb K HAapYLUEHWIO BHYTPEHHErO faBneHus rna3. CneaoBaTtenbHo,
MOXHO KOHCTaTUPOBaThb, YTO 6OME3HN, CBA3aHHbIE C 3a60NeBaHNAMM rMas, CTAHOBATCA KpUTUYECKON Npobnemo
COBPEMEHHON MEeANLMHbI.

Kaxgas knetka XWBOro OpraHWaMa WMMEET OnpefeNieHHbI TOHYC, T.6. HEKOTOPbIi YPOBEHb BHYTPEHHEro
[aBneHus. ABnascb CneactBueM OMOXMMMUYECKMX MPOLECCOB, BHYTPEHHWM TOHYC 0OycnosmvBaeT opmy
KaXJoro JK1BOro aNeMeHTa 1 B KOHEUHON cTeneHu ero dyHkumio [http://mv_vizion.ru, 2008].

BHyTpUrnasHas XuaKocTb BbINOMHAET BaXHble (hyHKLMM NO 0BecneyveHmto rnasa nuTaTenbHbIMM BELLECTBAMM U
hOpMUPYET BHYTPUINA3HOE AaBreHue. BHyTpuUrnasHoe AaBreHue BhIMOMHSET Creaylolme usnonornyeckme
(YHKUMW: pacnpaBnsieT BCe BHYTpUrMasHble 060M0uYKM, CO3AAET B HWX TYprop, NPUAAET MpaBUNbHYH
cthepryeckyto hopmy rnasHomy s6roky, UTo HeobXoaMMO Anst PYHKLUMOHMPOBAHKS ONTUYECKOHA CUCTEMBI rMasa.
Mpn HapyweHun paboTbl MEXaHM3MOB MPUTOKA W OTTOKA BHYTPWUINA3HOM XMAKOCTU BO3HMKAKOT 3aboneBaHus
rnasa, CBi3aHHble C BHyTpUrnasHbIM AasneHuem. Haubonee onacHoit GonesHblo, CBS3AHHOW C HapyLieHuem
0TTOKa BHYTpUrnasHou XugkocTu, sBnseTcs rmaykoma KoCTM, sBnseTcs rnaykoma
[http://www.glaukoma.info/#anathomy,2008].
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[maykoma — 370 BonesHb rnasa, NPUYUHON KOTOPOM SIBMSIETCS MOBLILLEHWE BHYTPUIMA3HOrO gaBneHus. Ecnm
rnasHoe AaBfieHWe Mpu rmaykoMe BOBPEMSI HE CHU3WUTb 4O HOPMbl, MOXET MOrMOHYTb 3pUTENbHbIA HEPB, YTO
npueedeT k Heobpatumon cnenote. Mpu rmaykome cTpagaeT 3puTenbHas yHKUMS rnasa. B Havane yenosek
NPOCTO HAYMHAET Xy)Xe BUAETb, 3aTEM HapyLLAEeTCs nepucepuyeckoe 3peHne, orpaHNI1BaeTCs 30Ha BUAUMOCTY
W B UTOre MOXET HacTynuTb cnenota. [puyeM U3MeHeHus 3T HeoBpaTWUMbl, MOSTOMY TaK BaXHO, BOBPEMS
HauaTb neyeHue rnaykombl (puc.1).

PucyHok 1 — MoTeps 30HbI BUAMMOCTY Npu rmaykome

Ha paHHoe Bpemsi ans neveHust aToil GonesHn paspaboTaHo 6OMbLIOE KOMMYECTBO MEAMKAMEHTO3HbIX
npenapaTtoB, PasnMuHbIX (HU3MONOMNYECKNX METOLAMK CHKEHUS| BHYTPUINA3HOrO AABMEHWS U KOMMNEKCOB
ynpaxHeHuit Ans rnas, KoTopble MOMOraloT MOMHOCTbIO OCTAHOBWTL Nporpecc 60nesHn, ogHako AMarHoCTHKa
AaHHOro 3aboneBaHNs He UMEET ONTUMANbHOIO pelleHus. MeToabl AUarHOCTUKM NOBbILIEHWS BHYTPUINA3HOMO
AaBnexus, paspaboTaHHble 1 UCMONb3YeMble Ha CETOAHALLHMIA eHb, UMEIOT PasnnyHble HeOCTaTKN, Takme Kak
CNOXHOCTb MPOBEAEHUS MpoLeaypbl, Bonblume 3aTpaThl BPEMEHU Ha NMPOBEAEHWE NPOLEAYpbI, LOPOroBU3HA
060pyA0BaHNS, HETOYHOCTb M3MEPEHMSI, HEBO3MOXHOCTb aBTOMATM3aLMmn BCneacTame 0CoOEHHOCTEN npovecca
namepeHms v npovee [http://www.glaukoma.info/#anathomy, 2008].

HoBbIi MeauuUMHCKMI Nnoaxoa K N3MEePEeHUI0 BHYTPUINIa3HOro aaBreHUs

B coepemeHHON megunumHe paspabotaH u 3anateHTuposaH [KounH O.B., 2008] npuHumMnunansHO HOBbIA crnocob
N3MepeHns BHYTpUrnasHoro aasnexus. ObcrenoBaHne porouLbl B NONSPU30BAHHOM CBETE MO3BONSET YBUAETb
Ha Hel cneunduyeckylo WHTepdEepeHUMOHHY0 KapTuHy. [aHHas KapTuHa npeacTaBnseT cobon urypy
nopobHyo pomby. 3Ta MHTEpPEPEHLMOHHAs KapTHa (hOPMUPYETCA LIBETHBIMU KOMIMHEAPHBIMA KOHTYpaMMm,
Ha3blBaEMbIMM  M30XpOMamu. LIBET M30XPOMHOrO puUCyHKa 3aBMCWUT OT LBeTa pafyKku Yeroseka, Ha ooHe
koTopoi Habntogaetcs WHTepdEPEHUMOHHOE n3obpaxeHue. Takke Ha PUCYHKE MOXHO BbILENNTb SMEMEHT B
BMAE ManbTUACKOrO KpecTa, KOTOPbI MONOXEH Ha BEPTUKANbHYIO 1 FOPU3OHTANbHYIO AMaroHanb M30XPOMHOMO
pomba, OH MMeeT HasBaHue U3oKnuHa. [Ing AMarHOCTUKN BHYTPEHHEro 4aBreHns rnasa Heobxoaumo U3MepsTb
napameTpbl M30XPOMHON (hurypbl. [puBeAEHHBIN NOAX04 UMeeT psf NPeUMyLLECTB, N0 CPABHEHWIO C APYTUMM
noaxodamu, K U3MepeHuio BHyTPUrNa3HOTO AaBneHus:

- BbICOKas TOYHOCTb VI3MepeHVIl7|;

- BbICOKasi CKOPOCTb Mpouecca MomnyyYeHnst AaHHblX, HeoOXOAMMbIX AN AWArHOCTUKM BHYTPUIMa3sHOro
[aBnexus;

- aBnseTca BECKOHTAKTHbIM, a 3HAuUMT W 6€300Me3HEHHBIM ANS MauneHTa U He TPebyWwmum NpUMEHEHNS
[ONONHNTENBHBIX MEAWULMHCKUX NPenapaTos;

- NpUMEHUM ANs Nofel, U3MepeHne BHYTPUINA3HOTO AABMEHUS Y KOTOPbIX CTAHAAPTHbIMKA MeTofamu
3aTpyAHEHo, Hanpumep, y MNageHLeB Npy AUArHOCTUKE BPOXAEHHON rMayKoMbI;
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- BO3MOXHOCTb NpUMeHeHns IBM ans asTomaTumsauum npoecca;

- Gonee fpelweBas peanusauus aBTOMaTU4ecKoro 0GOpYAOBaHMSt MO LAHHOMY MOAXody, MO CPaBHEHMKO C
APYTMMM NOAXOAAMM K MU3MEPEHMIO BHYTPUTIIA3HOO AaBNEHNS;

- MPOCTOTa MCMOMb30BaHWSA OMArHOCTUYECKOrO 000pYyA0BaHMS, KOTOPOE MOXET OblTb MOCTPOEHO HAa OCHOBE
AaHHoro cnocoba [KounH O.B., 2008, Kounna M.J1., 2008].

,U.J'IFI aBToMatu3aymMm OonucaHHOro Bbllle noaxoAa K M3MEPEHUK BHYTPUIMMA3HOro AaBfieHUA akTyanbHO
pa3pa60TaTb MeToA Anda pacno3HaBaHUA U BblIAENEHUA ANArHOCTUYECKNX AaHHbIX Ha MCXOAHbIX M306pa)KGHVIFIX.
McxoaHbIMm M306pa)KeHM9IMVI Ana  OaHHOro nogxoda ABNAKTCA CHUMKW [fa3a 4YEenoBeka, nonyyaemble B
nonapn3oBaHHOM CBETE.

PaspaboTka MeToAa 1 nporpamMMHOro 0becneyeHus, NpeaHasHaYeHHOro aBTOMAaTU3MPOBaTh NOAXOL U3MEPEHMS
BHYTPUITIA3HOMO AABMEHMSI MO W300OPaXeHNsIM W30XPOMHbIX JIMHWA, MPOM3BOMAWTCS BrepBble M He UMeeT
aHaroros B Mupe. Pa3paboTka METOJ0B pacro3HaBaHus M306paxeHuid Ans peLleHns JaHHON NpoGneMbl Takke
paHee He NPOM3BOAMNAC.

BbigeneHue paboyen 06nacTu Ha M300paxeHnM rnasa YyenoBeka

M3obpaxeHne rnasa 4emoBeka B MONSPU30BAHHOM CBeTe HeceT OOMblIOe  KONMMYECTBO — MOMEX,
MPeuMyLLECTBEHHO TOYEYHOrO BUAA. KOHTYpbI 3MEMEHTOB M300paXeHusi, BCreacTBne 0COBEHHOCTEN CheMKM,
crnerka pasmbiTbl. MIHopMaLms, KOTOPY HEOOXOANMO CHSITb C U30BPaXKeHUs ANst U3MEPEHNS BHYTPUIMA3HOTO
[ABMEHMS, 3aKMOYeHa HE B YaCTHbIX 3HAYEHUSIX SPKOCTU WU300paXeHWs, a B NONMOXEHUN KOHTYpa W30XPOMbI
nepeoro nopsigka. Takum o6pasoM, K UCXOAHbIM W3006paXeHUsM LenecoobpasHo NPUMEHUTb MeAMaHHbIN
UNbTP ANS OYNCTKM M30BpaxeHUst OT nomex. [aHHblil MpUem CriaguT SKCTPEMyMbl SIPKOCTM, BOSHUKLINE B
pesynbTaTe NOMEX Npu CbeMKE, U He MPUBELET K NoTepe NHAOPMATUBHOCTH U30BpaXeHus.

Mockonbky Ha M300paxeHu rnasa B MONSPU3OBAHHOM CBETE MOXET MPUCYTCTBOBAaTb A0 TPEX W30XPOM,
npucTynatb K MOMCKY CTOMb CNeuugU4eckoro 3neMeHTa He NpeacTaBnseTcs BO3MOXHBIM KakuM-nnbo w3
pa3paboTaHHbIX, HA TEeKYLUA MOMEHT, METOAOM Mnu anroputmom. MoaTomy B NepByto ovepedb Heobxoaumo
OrpaHM4NTL 30HY Moucka. B aaHHOW npeameTHO obrnacTu M30Xpoma NepBOro nopsiaka pacnonaraeTcst B
npeaenax pagyxKu rnasa Yernoseka, a rpaHuLamm BbICTYNAOT KOHTYP 3pavka 1 KOHTYp poroBubl. Moatomy ans
N3MEpEHNs BHYTPUINA3HOTO [LaBNEHUs B NepByl0 Oovepedb HeoOXOAMMO BblAENUTb 30HY padyxXki rnasa Ha
1300paxeHum.

B nepsyio ovepegb HeoOX0AMMO BbIAENMNTb Ha M30OPAXEHWN KOHTYP 3payka, MOCKOMbKY AAHHBIA SNEMEHT
fBnseTcAd Haubonee nerkoysHaBaeMbiM UM KpynHbIM 3neMeHTOM u3o0paxeHus, a obnactb 3padka
XapaKTepu3yeTCs HaMMEHbLLEN SPKOCTBI0 Ha M30OpaxeHnn. Bbigenus rpaHuLy 3padka, Haingem MUHUMarbHYH0
rpaHuLy KonbLieobpasHoit 06nactu pagyxku rnasa Yenoseka, B npegeniax KOTopon Heobxoaumo Npou3BOAUTbL
MOMCK M30XPOMbI MEPBOrO NopsiaKa.

[Ana HaxoxaeHust 3padka yuTem crneayrlowme ocobeHHOCTM M30BpakeHns rnasa OTCHATOro (poTokamepoit B
MOHOXPOMHOM LiBETE:

- Hambonee TemMHasi 0bracTb Ha n3obpaxeHum rasa — obnacTb 3pavka;

- 3payvoK UMeeT annuncounaHyro (bopMy Ha M306pa>|<eH|/||/|, I'IpVI6J'IVI)KeHHyPO K Kpyry. OTKrnoHeHne oT prFJ'IOI7I
(bOprI o6ycnosneHo TEM, YTO KPpMBU3HA POroBuLbl Gonblue KPMBU3HbI TNa3HOro abnoka, a 370 npmMBOANT K
HeBonbLIMM NOrpeLHoCTAM MNpn CbeMKe, eCcrnu HanpaslieHne B3rndaa 4YenioBeka B MOMEHT CbEMKU He
HanpaBneHo TO4YHO B obbekTnB Kamepbl,

- H606XO,D,VIMO Yy4uUTbIBaTb, YTO PECHULbI, NonasLlne Ha VI306pa)K€HVIe npu CbeMKe, NpueBeayT K NOABNEHNIO
nomex, AaHHble NOMEXU NO KOHTPaCTHOMY TOHY COMOCTaBUMbI C M306pa)KeHI/16M 3padka.

[ins pelueHus 3ajayn noucka 3padka B MepBYyl0 ouepeb HEOBXOAMMO OYMCTUTL M30BpaxeHue OT Momex,
CO30aHHbIX PecHULaMu W Bekamu rma3. PecHuubl pacronaraiotcs No KOHTYpy W3oGpaxeHus rmasa. [Ons
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YCTPaHEHNs AaHHbIX NOMeX aBTopaMu paspaboTtaHa paguancHas GunbTpauns. oes paguanbHoi unbTpaumm
3aKNK4YaeTcs B MOBBIWEHWM SPKOCTU MUKCENSt Ha OTHOCUTENbHYK BEMUYMHY PacCTosiHUS OT  LeHTpa
n3o0bpaxerus Jo atoro nukcens. Mpeobpasosanue Gygem NPOBOAUTL B NOMSIPHOM CUCTEME KOOPAMHAT. [laHHyt0
onepaumio MOXHO NpeacTaBnTb No dopmynam (1-4):

2 2
[= E—I’l + M—m —r,n=1.Nm=1.M 1
) > 0, : : (1)
O,npu [<0
o= 2)
l,npu [>0,
A]Fm,n = .fn(l),n +a’ (3)

| Af,onpu 0<Af,  <max f
S = max f,npu  Af,,>max f

rne [ — paccTosHue oT U306paXeHns 10 NUKCENs;

n,m — TeKyLue KOOPAMHaTbI MUKCENS Ha U30BpaxeHus;

N — WwrpunHa n3obpaxeHus;

M — BbIcoTa n3obpaxeHus.

Q — BeNnYMHa KOPPEKTUPOBKM 3HAYEHNS APKOCTU MUKCEns;

0
fm, » — NEepBOHa4arnbHOE 3Ha4YeHUe APKOCTU MUKCENS;

Afm,n— 3HaYeHNe ApKOCTM MUKCens nocne npeobpasoBaHUsi 1O BBEAEHWS OrpaHUYMBAIOLLETO nopora
max f*;

maxf - MakcumanbHoe 3Ha4yeHne ApKoCcTn Onq 3ajaHHON CUCTEMbI;

f ., — BbIXOJHOE 3Hau4eHue APKOCTI NUKCeNs, Nony4eHHoe nocne npeobpasoBanms;

lNocne npoBedeHHOW paguanbHO unbTpauum BCe Haubonee TEMHble TOYKM Ha u3obpaxeHun OyayT
pacrnonaratbCs BHyTpu obnacTtu 3payka. [ns npoBeaeHus ganbHerwero npolecca nomcka U3oxpomel NEPBOro
nopsiaka Ha n3obpaxeHnn BbIOMPAETCS HECKOMBKO TOYEK C MUHUMATIbHOW APKOCTbIO. [INs Kaxaon U3 aTUX Touek
CTPOWUTCS MPSIMOYTONbHBIA TPEYronbHUK, TaK, 4YTOBbl TOYKA MWHMMArbHOM SIPKOCTM MpUHAAnexana katety
TpeyronbHuka (puc.2a). nnoTeHysa TpeyronbHUka OGydeT SBMSTHCA AMAMETPOM Kpyra, B KOTOPbIA BrMCaH
TPEYroNbHUK, @, CreaoBaTeNbHO, AMaMETPOM 3payka. [ns Kaxmoi TOUYKM MUHUMANbHOM SPKOCTM MOCTPOUM
yeTbipe NPSIMOYTOMbHBIX TPEYronbHMKA, MPOBELs 4Yepes3 TOuKy ABe MepneHauKynsipHble Opyr Opyry Xopabl.
[MocKONbKy rpaHMUbl 3payka Ha MCCreayemMoM U3oBpaxeHun crerka pasmblTbl, TO MOWUCK MPOWU3BOAMTCA MO
HEeCKOMbKMM TOouKaM. [onyyeHHble pesynbTaThl, N0 KOOPAMHATAM LIEHTPOB, pa3obbeM Ha KnacTepbl MeTogom K-
CpedHuX, 3ajaB pajuyc Knactepa pasmepoM B OOHY YCMOBHY eauHuuly (nukcenb). Mo pesynbratam

Knactepusaunun BbI6VIpaeTCFI LIEHTP 3payka Kak LEeHTP CaMOoro MHOro4NCNeHHOro Knacrepa. Panmyc 3padka 7,

onpefensieTcs kak CpedaHee 3HaueHue paanyca no BceM obbektam knacTepa. Takum o6pa3om, BbiAenMny
MUHWAMANbHYHO FpaHULL KOnbLieobpa3Hoii 30HbI pafyXKi, B Npeaenax KoTopoi MPOBOAMTCS MOUCK U30XPOMbI.

[ins noucka MakcMManbHoi rpaHuLbl KombLieobpasHoi 06nacTi pagyxXki rmasa YenoBeka, B npeaenax koTopon
HeobX0AMMO MPOBOAMTL MOWCK W30XPOMbI MEPBOrO MOPsiAKa, BO3BPATUMCS K MCXOLHOMY M300paxeHuio W
npoeeaem 06paboTky M300paxeHUs rpafueHTHbIM MeToaoM. ABTopami Obin MOAMGMLMPOBAH TPAAMEHTHBIN
MeTod, NyTem 3ajaHWs HanpaBneHus rpajauuu OT LeHTpa 3payka K rpaHuuam u3obpaxeHus. [JaHHoe
HanpaBneHue rpaaupoBaHus 0OYCMOBMNEHO paauanbHOi (HOPMOM OCHOBHBIX 3NEMEHTOB  M300paxeHms
pOroBuLibl. PesynbTathl rpaaynpoBaHus NpUBeLeHs! Ha prUcyHKe 26.
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BrifpaHHaa Y
TOUKS
e \‘°

PucyHoK 2a) ncxogHoe n3obpaxeHne ¢ TOUKOi
MWHIMYMa ¥ TPEYronbHWUKOM, BIUCAHHBIM B KOHTYP
3pavka

PvicyHok 26) n3obpaxeHue rnasa nocne NpoBeaeHus
onepawuy rpagupoBaHKs, 1 HAXOXKOEHUS KOHTypa C
MaKCUMasbHOW SHeprm

VIckoMbI aneMeHT npefcTaBnseT cobon KpyroobpasHblidl KOHTYP Ha rpagvMpOBaHHOM M300PaKEHUN C LIEHTPOM B
TOYKE MPUOMMKEHHON K TOYKE LiEHTpa 3padka U MakcyManbHbIM pagumycoM, cpean nofobHbIX KpyroobpasHbix

CTPYKTYp. Momck nponssogmtcs no opmynam (5-6).

Qx,y,r - Z.f;c,y,Arﬂ A

Qmax = max Qx,y,Ar H

M

ro= rmin A (5)

5
(6)

roe f,,,— 3HaueHue SPKOCTM MUKCENs, NEeXaLLero Ha KOHype kpyra ¢ LEHTPOM B KOOpAMHaTax X,y

pagnycoMm r;
O, ., — SHEPIMA KOHTYpa Kpyra C LiEHTPOM B
KOOpAMHATAX X,y U PaauycoM T;

Cpeayn BCex KOHTYpoB C 3Hepruen QO

X,p,r?

HaOEeHHbIX

no copmyne (6), BbIGUPaAETCS KOHTYP C MaKCUMAaNbHOM

oHeprveit max(Q .~ [laHHbIi  KOHTYp  sBMsieTCs
KOHTYpOM poroBuubl. Paguyc KoHTypa C 3Hepruein
max(Q,  Oyner sBnaTbcS papuycom (r. ) kpyra,
OrpaHNyM1BaIoLLErO MaKCUMarnbHyo rpaHuly

konbLeobpasHoit 06nacTy pagyxKu rnasa Yernoseka.

Takum 06pasom, Bbinn onpeaeneHsl LUEHTP U pagunychbl
KOHTYPOB 3payka ¥ poroBuubl rmasa venoseka (puc. 3).
OTU [aHHble MO3BONSKT CYLECTBEHHO OrpaHWNyuUTb
obnactb noucka ¥ MPUCTYMUTL K Pacro3HaBaHWio
W3OKMMHHOM 1 M30XPOMHOM NIMHWI rna3a YenoBeka.

PuvcyHok 3 - nsobpaxeHwe ¢ BblAENEHHOM 06nacTbHo,
B npegenax KoTopor Npou3BOAMTCS
MOVCK M30XPOMbI NEPBOTO Mopsiaka

BbigeneHune nonoxeHus U3OKNUHbI U KOHTypa U30XPOMbI

W3oxpoma nepeoro nopsigka Ha wn3obpaxeHwu rna3 yenoeeka MMeeT pomboobpasHyto opMmy, a M30KMMHA
npeactasnseT coboit nepeceyeHne amaroHanen pomba M3oKnnHbI. Bbigenus Ha n3obpaxeHun KpaiiHne TOUKM, B
npegenax pagyxki, BETBEA M3OKMMHbI MOMYYMM TOYKW, YrNIOB W30XPOMHOTO pomba. [nsi moucka koopauHat
BETBE/ M30KMWHBI MOCTPOMM AMarpammy pacnpocTpaHeHuss o6nacTu SpkoCTW, N0 YPOBHK  3HEpPru
COMOCTaBMMO C SIPKOCTbIO 30HbI OKpYKatoLLen 3payok. inarpamma apkocTi cTpoutcs no dopmynam (7-10).
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lew =P(x+LAy), npu f(x+1,Ay)—-f,(x,y)>0, Ay=y.n, (7)
Rgl’y =P(x+1,Ay), npu f(x+LAy)-f;(x,y)>60, Ay=1.y, (8)
v = (Pl = Py ) 12, ©)
roe leﬂ,y— nepBas TOYKa MOBBILLEHNS SPKOCTU Ha 3afjaHHY BENMWYMHY @ npu Ay M3MEHSIOLLEMCS OT
yno n;
Rﬂl,y — NepBas TOYKa NMOBBILLEHUS SPKOCTY HA 3afjaHHYH BennuuHy € npu Ay uameHsiowemes ot 1 go
Y,

X,y — KOoOpauHaTbl TOUkK P;
P(x+1,Ay) - To4ka nepexona spkocTy;

f(x+1,Ay) - BennuuHa spkoctn Toukn P(x +1,Ay);

fr(x,y) - BenudMHa spkocTh Touk P, ;

PTy - TOYKa CEpeANHHOro 3Ha4yeHna anarpammsl, Ha npeablayLem Lware,

X

PT+1 - TOYKa CEPEANHHOro 3Ha4eHna anarpammbl, Ha TEKyLLEM Liare.

x+1,y

Takum 06pa3om, NPOABMrasick OT 3padka K KOHTYPY POrOBMLbI MO HaNpaBnEHMO PacrpoCTpaHEHWs BETBU
WN30KMMHbI, OyAeM CTPOMUTL Ha KaXOOM 3Tane OkHO C pasMepamu 1 X n, W BbiGMUpaTh TOUKy n/2. Pasmep okHa n
onpefensieTcs npeaenamu pacnpocTpaHeHust obnacT SPKOCTU M3OKMMHBI HA BEKTOPE MepneHAMKyNsipHOM
HanpaBMneHW0 PacnpoCTPaHEHUs BETBM W30KMMHbI. HauvamnbHoit BbiGMpaeTcst TOuka, nexalasi Ha KOHType
3pavka.

Ha 3akniouutenbHOM 3tane pacnosHaBaHus npeanaraeTcs
YCTaHOBUTb MONOXEHWE W30XPOMbl, MO HaWAEHHbIM paHee
TOYKaM YrfoB WM30XPOMHOTO pomba W MPOBECTW NOACTPOVKY
TOYEK, T.H. METOAOM «aKTuBHOro koHTypax [Cordpep B.A., 2003].
Ona npumeHeHWs MeToga aKTMBHOTO KOHTypa HeobXoaumo
3afatb NpUONM3MTENLHOE MOMOXEHWE TOYEeK M30XPOMbl W
HanpaBneHne noucka. 3Has HavanbHOE MONOXEHUE CTOPOHbI
pomba 130XpOMbl, 3aaauM HanpaeneHue paboTbl Ans MeToda
aKTMBHBIN KOHTYp OT TpaHuubl 3padka K rpaHule porosuubl
rnasa kak nokasaHo Ha pucyHke 4. [Insi NOBbILIEHUS TOYHOCTY W
CKOPOCTU BbIJENEHNs M30XPOMbI 33[adUM SPKOCTb UCkomol  PucyHoK 4 — MpenapuposaHue 3obpaxeHns

M30XPOMbI, KaK BeNMYnHy CpeaHeKkBaapaTUYHOro OTKMOHEHUA 1 NOUCK TOYEK N30XPOMbI
APKOCTU AN BCEX TOMEK, HalOeHHbIX B npouecce BblaeneHus
MN3OKINHBbI.

HaigeHHble Takum 06p830M TOYKM 6y,EI,yT Hax0AuUTbCA Ha rpaHuUe KOHTYypa W3OKMNWHbI NEpBOro nopsaka.
|_|0y‘-|eHHbIe TOYKM, @ TaKXKe TOUKN OKOHYaHUSI BETBEW W3OKMUHbI, 6y,El,yT npeacTaBnATb coboit M30XpOMy nepBoro
NnopsaKa rna3a 4YernoBeka, CHATOro B I'IOJ'IFIpVI3OBaHHOI7I CBeTe.

3akniouyeHue

PesynbTaThl UCCNENOBaHMS AaHHOI PaboTbl, @ UMEHHO pa3paboTaHHblii MeTod, Obinu MCMorb3oBaHbl Mpy
pa3paboTke JKCNepUMEHTarbHOrO 06pasLa NporpaMmMHOro 06ecneyeHms, NO3BONSIOLLEro NPOBOANTL M3MEPEHNE
BHYTPUIMa3HOro AaBneHusi. McxofHbiM MaTepuanoMm [ans pa3paboTaHHOTO MpOrpaMMHOT0  oGecneyeHist
ABNAOTCA M300paXeHUs rnasa 4eroBeka B MONSPU30BaHHOM CBeTe. [Mpu MOMOWM SKCMEPUMEHTAMBHOIO
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obpasua nporpamMmmHoro obecrneveHnst BbINO NPOBEEHO TeCTUpOBaHWE pa3paboTaHHOrO MeToda BblOeNeHus
3HAYMMbIX [JaHHbIX Ha M300paxeHus rnasa YenoBeka B MONSPU3OBAHHOM CBETE. TeCTMpOBaHWe
aKcnepuMeHTanbHoro obpasya nporpaMMHOro o6ecreyeHns Ha CHUMKax rnasa YerioBeka nokasaro BbICOKYH
ahdekTMBHOCTE pa3paboTaHHOro MeTtoda. [aHHbIi MeTog MO3BONSET TOYHO OMPEAenuTb MOSIOKEHWe Touek
KOHTYpa W30XpOMbl nepBoro nopsgka Ha 96.6% wucxogHblx wm3obpaxennin. [Ons  octaswuxcs  3.4%
AMarHoCTMYeCcKnX Ccry4aeB noHagobunocb MPOBECTM MOBTOPHYIO CbeMKy rnasa yenoseka. [1o pesynbratam
TECTUPOBAHUS IKCMEPUMEHTamNbHOMO obpasla nporpaMMHOTO OBEecneveHnss MOXHO coenaTb BbIBOAbI, YTO
pa3paboTaHHbIn MeTog Mo3sonsieT ObICTPO ¥ APPEKTUBHO peliaTb 3agady Moucka W3OXPOMHBIX NIMHWA Ha
n3obpaxeHun rnasa 4enoBeka, OCBELYEHHOTO MONSpPU30BaHHbIM CBETOM ¥ B Byayliem NOCTPOWUTb CUCTEMY
BEeCKOHTaKTHON AMAarHOCTUKN BHYTPUTIIA3HOMO AaBMNEHUS.
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Abstract: In the article it is considered preconditions and main principles of creation of virtual laboratories for
computer-aided design, as tools for interdisciplinary researches. Virtual laboratory, what are offered, is worth to
be used on the stage of the requirements specification or EFT-stage, because it gives the possibility of fast
estimating of the project realization, certain characteristics and, as a result, expected benefit of its applications.
Using of these technologies already increase automation level of design stages of new devices for different
purposes. Proposed computer technology gives possibility to specialists from such scientific fields, as chemistry,
biology, biochemistry, physics etc, to check possibility of device creating on the basis of developed sensors. It lets
to reduce terms and costs of designing of computer devices and systems on the early stages of designing, for
example on the stage of requirements specification or EFT-stage. An important feature of this project is using the
advanced multi-dimensional access method for organizing the information base of the Virtual laboratory.

Keywords: Virtual Laboratory; Computer-Aided Design; Access Methods; Distributed System.
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Introduction

Fast spreading of market relations and competition between manufacturers of different (including scientific)
production and information services makes very actual the acceleration of development of theory and methods of
computer-aided design of computer devices and biosensors. Actual design of devices and systems, which is
often used, needs a lot of time, material and human resources. If one needs to make a small set of devices by
means of actual design, the price of final production becomes very high. Therefore, manufactures of computer
devices get very complicated issue, which consists in time and price reduction of new devices design. Only after
solving of this issue the new devices of own design will be able to become competitive on domestic and world
markets.

To minimize these design expenses to reach high level of competitive recently side by side with actual design it is
begun to use a virtual design. These methods realized by means of virtual laboratories of computer-aided design
(VLCAD), which are based on advanced access methods and worth to be used on the stage of the requirements
specification or EFT-stage, because it gives the possibility of fast estimating of the project realization, certain
characteristics and, as a result, expected benefit of its applications.

Market analysis and joint discussion confirm the acute necessity in the developing of new virtual design methods

and in the creating on their base open VLCAD, main feature of which is possibility to use such remote laboratory
by specialists in different science branches, without education in information technologies and instrumentation.
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Preconditions and Main Principles of Virtual Laboratory Creation

One of problems, which are met by developers of new devices for different fields of science and engineering, is
existence of more than 15 thousands of such fields or disciplines to date. Naturally to carry out researches or
create a new device developers must have knowledge from disciplines, which refer to developed device.
Therefore it is important to orientate new computer technology for interdisciplinary researches, which occur on
boundary of several science fields or disciplines.

Urgency of these researches is caused by absence of computer technology of smart devices designing for
interdisciplinary researches in Ukraine and Bulgaria. It does not allow to test on computer models the
performance of designed devices, which are created on the base of new effects or sensors. To date to develop
new device or to check the possibility of its creations and operation it is necessary to invite specialists in
information technology, electronics and circuit technology on the commercial base. Getting results in such way is
very expensive and, as usual, is not supported with necessary funds. This again confirms acute necessity of
design technology development and creating on their base the open virtual laboratories, the main feature of which
is possibility to use these virtual laboratories by specialists from different science fields, especially non-specialists
in the field of information technology and instrument making.

Good solution of this problem is to create on the base of information technologies the special hardware-software
tools [Palagin and Sergiyenko, 2003], which in convenient mode (for example, with help of dialogues) allows
sensor developer to check possibility of creating of new devices and the device model. Such tool has to give
possibility to create a model set of certain device (e.g. functional, electrical, operational etc.), including prior
parameters calculations, project of circuit board and set of design documentations (e.g. cost, performance,
validity, size, reliability etc.). Description of sensor or its model should be incoming data for such design system.

Now on the world market there are a lot of software for computer-aided design (CAD), which allow to automotive
design of new devices and systems and analyze them in different ways [Gavrilov, 2000]. But for skilled usage of
such CAD software it is necessary to have special skills in circuit technology, electronics and instrument
engineering, and also know this CAD software perfectly. It is clear, that sensor developers, who are mainly
chemists, biologists, biochemists, physicists etc, have no enough possibility and skills to use such complicated
CAD software for designing of new devices on basis of developed sensors. In such case they need help of CAD
specialists. But it is very expensive service. Therefore in most cases sensor developer leave sensor "in quiet" and
switch his attention to another tasks.

It is necessary to note, that only by paying attention to the design process of computer devices it will be possible
to reach a high level of competitiveness of scientific developments, what lets in the future to take up notable place
on the world market. It is easily to see, that most devices have the same structure, to be exact, they consist of
sensor, measuring channel, data processor, interface and additional subsystems. That's why process of
designing could be easily formalized.

To solve this problem within the bounds of international Ukrainian-Bulgarian project it is began developing of
virtual laboratory for computer-aided design for computer device designing [Palagin et al, 2007]. The VLCAD is
being created on the virtual methods of design [Galelyuka, 2008]. Offered virtual laboratory are created on the
base of formalized representation of theoretic knowledge, principles of organization, methods and facilities of
computer-aided design and testing information-measuring systems and devices, in particular on the base of
subject field ontology. For VLCAD creating it is used the methodology of system integration [Palagin and
Kurgaev, 2003] concerning base methods and tools, on which it is created. In the methodology basis it is putted
system approach to tasks of analysis and synthesis of both VLCAD component and object of designing, and, first
of all, forming knowledge system of interdisciplinary nature and its computer ontology. Proposed VLCAD is open
system.
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Mentioned VLCAD allows sensor developer to:

- check possibility of creating of devices and computer facilities (including portable devices) on basis of
developed sensors without involving specialists in circuit technology and instrument engineering at the
stage of EFT-project. It allows reducing terms and costs on this stage;

- avoid expensive actual tests on the stage of device creating by replacing with virtual methods of
designing and testing;

- prepare set of design documentations on designed device in the automotive mode without involving
corresponding specialists. Next stage is to send design documentations to contract production for
creating of test party of devices.

Terms "Virtual laboratory" and "Virtual design" appear lately, so, as usual, they are absent almost in all
dictionaries. The word "Virtual" appeared in word literature a long time ago. "Virtuality" has almost all features of
empirical reality with the exception of its direct presence. So, it is "reality, which is absence" or "present absence".
Also, "virtual" is one, which has no physical embodiment. "Virtual reality" is comprehended as a part of reality,
which is modeled by computer device. Since any laboratory is a part of reality, so taking into account above-
stated, there can be formulated next term of "virtual laboratory": virtual laboratory is imagined laboratory, which
has all features of real laboratory and is modeled by means of software and hardware.

In general, virtual laboratory is some information environment, which lets to conduct researches in the case, when
there is no direct access to test subject. Researches can be conducted by means of mathematical models and
with using of remote access to test object.

Somebody may work with physical objects in two ways:
- emulation of physical objects with defined level of approximation to reality;
- remote access to physical objects with defined capabilities of interacting.

The first method lets to get completely virtual analog of some environment, what is very practical. Disadvantage
of this method is complexity of model creating, which is very approximate to reality.

The second method provides maximal approximating to reality. But it requires creating and supporting of remote
access to test objects, but the number of access channels is limited. Server of laboratory setup, besides access
to equipments, is able to give background and methodological materials to researcher. Remote experiment in
most cases is conducted in such way. Researcher communicates laboratory setup server and send data for
experiment. Server software conducts experiment and sends results as tables, graphics to researcher.

For realization of VLCAD it is decided to use the first method. But the second method is not set aside and in
future it will be probably used as additional tool.

Virtual laboratories, in which experiments are conducting by means of mathematical models, differ from previous
one by using mathematical or other model instead of real test object. These laboratories have no laboratory
setup.

Creating of VLCAD

Before VLCAD creating, first of all, it is necessary to determine features of VLCAD as tool for interdisciplinary
researches and what functions it has to have.

In general, VLCAD is a system for computer-aided design, but with certain difference. This difference is that for
using any CAD system it is necessary to have deep knowledge in this software, instrument engineering, circuit
technology and electronics. It is expected, that for using VLCAD users need only experience in work with
computer. Design process by means of VLCAD is much regulated and is going on dialog mode with additional
help messages. So, the main feature of VLCAD as tool for interdisciplinary researches is orientation of this
system in the side of usual users, which are nospecialists in the field of information technology, instrument
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engineering and circuit technology. It make practicable to develop new device or verify possibility of such

development by such specialists, as biologists, ecologists, medics, biochemists at el.

For such VLCAD creating, first of all, it is necessary to execute next actions:

- improve design process on the base of using mathematical methods and computer tools [Palagin et al, 1993];

- automate process of searching, processing and issuing of information;

- use methods of optimal and variant designing, effective mathematical models of design object, components
and materials;

- create multi-dimensional hierarchical databases with integrated data of reference type, needed for computer-
aided design;

- improve quality of designed document execution;

- increase creative part of designer work at the expense of automation of noncreative routine work;

- unify and standardize design methods;

- train specialists, including students, masters etc.;

- implement interaction with automatic systems of different levels and purposes.

To define place of VLCAD in the design process it is necessary to take into account world experience of design
engineers of computer and portable devices. Integrated scheme of design process with proper outlet
documentation and the place of VLCAD in design process are shown on fig. 1. As one can see VLCAD covers

early stages of designing.
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Fig. 1. Integrated scheme of design process with proper outlet documentation

Since VLCAD has many features of CAD system it is rationally to use methodology of CAD system creating
during VLCAD developing, but taking into account features of VLCAD. It is necessary to note, that now there are
several conceptions of CAD system creating. Full-automatic and man-machine systems are the most widespread.
First systems are difficult to build and, in some cases, it is impossible to create such full-automatic system,
because design process is heterogeneous, has many internal and external connections and includes a lot of
undefined factors. To take into account these undefined factors it is necessary to use creative opinion of
designer.
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Taking into account described above we can state, that creating of VLCAD for computer device design is very
important scientific-technical problem, and implementation of such VLCAD needs certain investment. Received
experience and analysis of world literature let us to separate out next main principles of such virtual laboratories
creating:

1. Virtual laboratory is man-machine system. All design systems, which had been developed and now are being
developed, are computer-aided, and designer is the main part of these systems. Human in such systems has to
solve tasks, which cannot be well defined, and problem, which human by using own heuristic abilities may solve
better and more effective than computer. Close interaction between human and computer during design process
is one of principles of development and exploitation of any CAD systems for computer device designing.

2. Virtual laboratory is hierarchical system, which use comprehensive approach to automation of all design levels.
Level hierarchy is presented in system structure as hierarchy of subsystems.

3. Virtual laboratory is set of informational-concerted subsystems. This very important principle refers not only to
connections between large subsystems, but to connections between separate parts of subsystems. Informational
compliance means, that almost all possible sequences of design tasks are served by informational-concerted
programs. Two programs are informational-concerted if all data in these programs are part of numeric arrays and
do not need transformations during sending from one program to another and inversely. So, results of one
program can be incoming data for another program.

4. Virtual laboratory is open system, which are permanently expanding. Permanent progress of technology,
designed objects, computer technology and computational mathematics lead to appearance of new, more perfect
mathematical models and programs, which replace old analogs. So, VLCAD has to be open system and be able
to use new methods and tools.

5. Virtual laboratory is specialized system with maximum using of unified units. Requirements of high efficiency
and universality for any system are, as a rule, conflicting or competitive. It is reasonable to develop VLCAD on the
base of unified parts. Necessary condition of unification is searching of common principles in the modeling,
analysis and synthesis of technical objects.

Computer technology, what are offered by us, is hardware-software complex, what consist of personal computers
or work stations with set of necessary peripheral items, connected in local and worldwide networks, such as
Internet, and is supplied with all software. Using of these technologies already increase automation level of
design stages of new devices for different purposes, including devices for interdisciplinary researches.

Today such complex systems, as VLCAD and CAD, are developed as knowledge-oriented systems, main feature
of which is informational integration. Informational integration is the main application area of ontology using.
Ontology, as a rule, contains hierarchy of concepts of knowledge domain and describes important features of
every concept by means of mechanism "attribute—value". Connection between concepts may be described by
means of additional logical statements. Constants refer to one or several concepts. This and another ontology
features let to use ontology in different fields of knowledge, increasing effect from application of different methods
and modes of work with information or creating on their base new more effective methods [Palagin, 2005].
Especially efficiency of ontology application can be shown in such science intensive fields, as knowledge
engineering and knowledge management, objects and processes modeling, databases designing, informational
integration and data mining [Gladun, 1994].
Analysis of literature and certain application domain lets to specify requirements to ontology, on the base of which
VLCAD is developing [Palagin et al, 2007], [Galelyuka, 2008]:
- Ontology has to include conceptual knowledge, but not episodic ones.
- Ontology has to be specified and internal concerted with structure, names and content for all defined
conceptions.
- Ontology has to be structured and simple for understanding and searching of conceptions.
- Ontology has to be limited by certain application domain for defining of used conceptions. Ontology has
not to include all possible information about application domain.
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VLCAD storage space

As a storage space for VLCAD a multi-dimensional access method, called ArM32, property of FOI Creative Ltd.
may be used. It is built on the base of the Multi-Domain Information Model (MDIM) [Markov, 2004].

The ArM32 elements are organized in a hierarchy of numbered information spaces with variable ranges. There is
no limit for the ranges the spaces. Every element may be accessed by correspond multidimensional space
address given via a coordinate array.

The Multi-Domain Information Model (MDIM), presented in [Markov, 2004], is a step in the process of
development of tools for data-base organization. Its main idea is to permit practically unlimited access to multi-
dimensional information structures. In MDIM there exist two main constructs — numbered information spaces and
basic information elements.

The Basic information element is an arbitrary long string of machine codes (bytes). When it is necessary the
string may be parceled out by lines. The length of the lines may be variable. In ArM32 the length of the string may
vary from zero up to 1GB. There is no limit for the number of strings in an archive but theirs total length plus
internal indexes could not exceed the limit for the length of a single file of the operating system.

Basic information elements are united in numbered sets, called numbered information spaces of range 1.
The numbered information space of range n is a set, which elements are numerically ordered information spaces
of range n-1.

ArM32 allows using of information spaces with different ranges in the same archive (file).

The main ArM32 operations are reading, writing, appending, inserting, removing, replacing and deleting of a basic
information element or any it's part.

The ArM32 numbered information spaces are ordered and main operations within spaces take in account this
order. So, from given space point (element or subspace) we may search the previous or next empty or non empty
point (element or subspace). In is convenient to have operation for deleting the space as well as for count its
nonempty elements or subspaces.

ArM32 engine supports multithreaded concurrent access to the information base in real time.

Very important feature of ArM32 is the possibility not to occupy disk space for empty structures (elements or
spaces). Really, only non empty structures need to be saved on external memory.

Conclusion

For increasing of competitiveness of science products it is necessary to develop new hardware-software tools,
what is applicable for using in interdisciplinary researches. Virtual laboratory for computer-aided design can
serves as example of such tool. In the article it is considered preconditions and main principles of such virtual
laboratories creation, main purpose of which is to give possibility for sensor developers to verify ability of creating
new devices on the base of their sensors on the early stages of designing, particularly on the stage of
requirements specification or EFT-stage.

The features of ArM32 are appropriate for building the information base of VLCAD. The multi-dimensional
information spaces make possible the effective creating of complex information structures using small amount of
resources which is very important for VLCAD. At the first place the ontology’s’ representing and knowledge
formation processes as well as intelligent recognition and classification are realizable.
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