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BCTVYII

[Tounnaroun 3 1950-x PoKiB KIJIBbKICTB 1 3arajbHUil 00CAT TEKCTOBUX JIOKY-
MEHTIB, sIKI BUKOPUCTOBYIOTHCS Y PI3HUX TaJIy3dX JIFOJICHKOI JIisJIbHOCTI HEYXUJIb-
Ho 3poctae. Ile 3pocTanus BUparKaeThCA siK Y 301bIIEHH] 3araJbHOr0 00CATY
TEKCTOBUX KOJIEKIIil, TaK 1 B 3HAUHOMY 3POCTaHHI KIJIbKOCTI JOKYMEHTIB, 1110
BUMAaraloThb 0OpoOKM 1 copTyBanHsd. BHAC/IIIOK TaKOro OypXIUBOIO 3PpOCTAHHST
00CATy TEKCTOBHUX JIAHUX I10CTaJ/1a HeOOXIIHICTh IOoIepeHbOI CrucTeMaTu3allil
TEKCTOBUX MACHUBIB B aBTOMATUYHOMY PEKUMI: B IIEPIILy 4Yepry, rnocraja akTy-
aJIbHa 3a/iavda MoNIyKy HoTpioHol indopMallil y BeJIMKIX KOJIEKIIIX TeKCTOBUX
JMaHuX (HAIPUKJIAJ, [0 BUJIAIOTHCS MONTYKOBUMHU CHCTEMAaME y BiJIIOBiIb Ha
sanuTu KopuctysadiB). Kpim Toro, 6e3 cucreMarusaliil TeKCTIB HEMOYKJTITBO

plIlIeHH 1 psi/ly IHIINX 3aBJaHb, 30KpeMa:

® BI3HAYCHHS B3AEMO3B SI3KiB MizK I'pyllaMu JOKYMEHTIB;
® CIIPOIIEHHY Bi3yaJiizallil TeKcToBol iHdopMallii;
e BUABJIEHHS JyOJIIKATIB ab0 OJM3HKUX 38 3MICTOM JOKYMEHTIB;

® KOHTEHT-aHaJIi3y, TOIIIO.

BigMiHHOIO 0COO/IMBICTIO METO/IIB KJIacTepu3aliil € 3JaTHICTh aBTOMaTITHO
BUJIJISITH I'PYIIM B TIOTOII BXiIHUX JdaHux. Haitbiibin 3arpedyBaHa Ha ChOIOJIHI 1,
fIMOBIpHO, B Hafib/IIKIOMY MaifOyTHHOMY € 3MicToBa (260, MO-IHITIOMY, TeMaTH-
“Ha) KJIACTePU3allisi TEKCTOBUX JOKyMeHTiB. [leit BuJ| KiiacTepusallii nepeabadae
I1O/ILJT TEKCTOBUX KOJIEKIIii Ha TPYIN TEKCTIB (a1l - KJacrepn), Taki, 1o TeKCTH
B MeyKaxX OJTHOT'O 1 TOro K KJilacTepa MaKCHMAaJIbHO CX0XKi MizK cODOTO 3a 3MICTOM,
B TOil Jac SIK TEKCTH, IO BIAHOCATLCS JI0 PI3HUX KJacTepiB, MalOTh PI3HMIA
sumict. Came 3micToBa Kjactepusallis (Jaji MpoCTO KJIaCcTepu3allis) TeKCTiB

PO3TISIIAE€ThCS B 111t POOOTI.

3ajiady KJjaacTepusaliil Habopy JaHuX MOXKHA PO3IJISJIATH SIK 3a/a9y OITH-
Mizallil KpUTepito sIKOCTI OTPUMAHOr0 po31o/1ity 00’ ekTiB. OHIMEI 3 METO/IiB
PO3B’sI3aHHS TaKol 3aJiadl MOXKYTh CJIYKUTH €BOJIIOIIHI aJIrOPUTMHE, 1110 BUKO-

PUCTOBYIOTH i MOJIE/TIOIOTH HIOJIOTIYHY €BOJIIOIIIO.

Muny/ioro poky Mu JIOCTiKYBaIi e(heKTHBHICTD 3aCTOCYBAHHS €BOJIIONI-
HIX aJI'OPUTMIB JI0 3aja4i Kjaacrepusaril [1] Ta pospobuwin nporpaMue 3abesie-

YeHHsI, 1110, Ha OCHOBI MeTO/1y JudepeHIialbHol €BOJIIONIT, peaslizye aBTOMaTIHIHY



KJIacTepu3allito 00’ eKTIiB, MPeJICTaBIeHNX YUCJIOBUME JlaHuMu. MeToro 11iel podo-
T OYJIO 3aCTOCYBaHHSA PO3POOJICHOTO aJIFOPUTMY aBTOMATHYHOI KJacTepu3alil
JIO IIPAKTUYHOI IIPOOJIeMH KJlacTpepu3aliil KoJIeKIlil TeKCTOBUX JOKYMEHTIB IIPH-

POJIHOIO MOBOIO.
Merta poborn

MeToto poboTu € 3acTocyBaHHS METOJIy aBTOMATUYHOI KJIacTepU3allil Ha

OCHOBI JudepeHIiajlbHOl eBOJIIONII 10 KOJIEKIIl TeKCTOBUX JIOKYMEHTIB.
[11s1 TocsArHEeHHs 3a3HaveHOl BUIIE METH HeoOXiTHO BUPIIIMTU TaKi 3a/adi:

1) mpoBecTn aHaJi3 METOIB TOJAHHS JJOKYMEHTIB Y BEKTOPHOMY IIPOCTOPI;

2) TPOBECTH aHAJI3 Ta YIOCKOHAJUTH METON 3MEHIIeHHsT PO3MIPHOCTI PO~
CTOPY /Il BEKTOPHOI'O MOJIaHHS JIOKYMEHTIB;

3) Bubpartn eeKTUBHY Mipy MOMIOHOCTI J7TsT BEOPAHOTO TIOIAHHS JOKYMEHTIB
Yy BEKTOPHOMY IIPOCTOPI;

4) crIpoeKTyBaTH MporpaMHe 3a0e3medeHHs JIjist aBTOMATHIHOT KJIacTepu3aliil
TEKCTOBUX JIOKYMEHTIB;

5) nocyiauTu e(beKTUBHICTE OTPUMAHOTO METOJLY.



INRODUCTION

Since 1950 the number and total amount of text documents that are
used in various fields of human activity is steadily increasing. This increase
is reflected as an growth of total collections of text, and a significant increase
in the number of documents that require processing and sorting. Because of
the rapid growth of text data it was necessary to systematize text collections
automatically, primarily faced urgent task of finding relevant information in large
collections of text data (for example, produced by search engines in response to
user requests). Also, without systematization it is impossible to solve a number

of other problems, such as:

e define relationships between groups of documents;
e simplify visualization of textual information;
e identify duplicate or content similar documents;

e content analysis, etc.

A distinctive feature of clustering methods is the ability to automatically
allocate groups in a stream input. The most in demand today and probably
in the near future is the content (or, in other words, thematic) clustering of
text documents. This type of clustering involves separation of text collections
into groups of texts (hereinafter - clusters) such that the texts within the same
cluster most content similar to each other, while texts belonging to different
clusters have different content. This content clustering approach (hereinafter

simply clustering) of texts considered in this work.

The problem of clustering data set can be viewed as a problem of opti-
mization the quality criterion of the clustering result. To solve this problem we

can use evolutionary algorithms that model and use biological evolution.

Last year we investigated the efficacy of evolutionary algorithms in clus-
tering problems [1| and developed software, that, based on differential evolution
method, automatically implements clustering of objects presented as numerical
data. The purpose of this study was to use automatic clustering algorithm to

real-world problem, such as clustering of text documents in natural language.

The purpose of the work is to apply the automatic clustering method

based on differential evolution on the collection of text documents.



To achieve the above goal we should solve the following problems:

analyze methods of text document representation in vector space;
analyze and improve dimensionality reduction methods of the space vector
representation of documents;

choose effective measure of similarity for the selected representation of
documents in a vector space;

design software for automatic clustering of the text documents;

evaluate the efficiency of the obtained method.
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CONCLUSION

The project set out to develop document clustering technique based

on evolutionary computing. This has involved a broad investigation from

the underlying data models to various algorithms. Our main focus has been

investigating different text processing methods in order to enhance the clustering

results. Motivation has been on the one hand to reduce dimensionality in order

to keep running times low and on the other to enhance clustering results. We

have focused on topic modeling methods for dimensionality reduction. We

achieved the following results:

1)

2)

Analyzed the problem of application area, formalized it and identified the
main stages of solving the problem.

Reviewed existing methods of text documents representation in vector
space and analyzeB their shortcomings.

Suggested the use of topic modeling as a method of reducing the dimen-
sionality in order to improve clustering results.

Developed a method of finding the optimal number of topics for LDA
model.

Designed software for automatic clustering of text documents based on
the proposed algorithm.

Demonstrated efficiency of applying topic modeling to reduce dimension-

ality of vector space model.

Several most promising directions for future work are briefly described

below:

1)

2)

3)

Multiobjective clustering: it is important to consider multiple objectives
(different clustering validity criteria) when evaluating the fitness of an
individual representing a candidate clustering solution.

Combine of evolutionary approaches with traditional hierarchical cluster-
ing algorithms in order to combination of evolutionary approaches with
traditional hierarchical clustering algorithms.

Building complex topic models: the LDA model can be considered as a
base model, and more complex models can be build on top of it based on

the complex needs we have from the data at hand.



1]

2]

9]

[10]
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APPENDIX A

PSEUDO-CODE FOR THE DE ALGORITHM

Algorithm A.1 Pseudo-code for the DE Algorithm

1:

3:
4.
5:

o

8:
9:
10:
11:
12:
13:

Read values of the control parameters of DE: scale factor F', crossover rate
C'r, and the population size NP from user.

Set the generation number G = 0 and randomly initialize a population of N P
individuals Pg = {X1 G, - XNpg} with XZ ¢ =11, GG TDiGH
and each individual uniformly distributed in the range [Xmm,Xmax], where

—

Xmin = {xl,minaxlmin; cee 7xD,min} and X, = {xl,maﬂc;xlmaﬂc; cee 7xD,maa:}
with i = [1,2,... ,NP]

while the stopping criterion is not satisfied do

for i =1 to NP // for each individual sequentially // do

Mutation Step: Generate a donor vector as: Vg = Xr{,G + F-

(Xré,G - Xré,G)
Crossover Step: Generate a trial vectorU,; ¢ in the following way:

u 6jaiaG7 if Ta’ndi,j [071] < Crorj = jrand
1,2 G — - .
M Tjiq, otherwise

if f( ZG) < f( ) then

XZ,G+1 UZ,G
elS@Xﬁ,GH = X@,G
end if
end for
Increase the Generation Count G = G + 1
end while
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APPENDIX B

PSEUDO-CODE FOR THE JDE ALGORITHM

Algorithm B.1 Pseudo-code for the DE Algorithm

1: Read value the population size NP from user.
2: Set the generation number G = 0 and randomly initialize a population of NP individuals P =

{Xi1,6,.... Xnpa}t with X, ¢ = {z1,,,¢,%2,i,G, - - - ,&D,i,c} and each individual uniformly distributed in the
range [XmiYL?XTYL(mC]v where X5, = {xl,minaxlmhu e 71'D,min} and X4 = {Il,maxax&maa:» ce- a-TD,max}

with i = [1,2,...,NP]
3: Randomly initialize Fo = {Fi.¢,".Fnpc} and Cra = {Cri,¢,-.Crnpc} , where each F; ¢ uniformly dis-
tributed in the range [0.1,1] and each Cr; ¢ uniformly distributed in the range [0,1] with ¢ = [1,2,...,NP]
4: while the stopping criterion is not satisfied do

5: for i =1 to NP // for each individual sequentially // do
6: Generate new control parameters F; ¢41 and Cr; ¢41 in the following way:
0.1 + rand;1[0,1], if rand2[0,1] < 0.1
Fz G+1 — .
F; ¢, otherwise
rands[0,1], if rand4[0,1] < 0.1
Crigy1 = .
Criq, otherwise
Mutation Step: Generate a donor vector as: Vi g = Xr;",G + Figy1- (X};G - X,,§7G)
Crossover Step: Generate a trial vector U'ZG in the following way:
Ui, if rand; ;00,1] < Crigi1 or j = jrand
Uji,G = N .
Zj4,a, otherwise
9: if f( Uig) < f( ..) then
10: Xicr1 =Uic
11: else .
12: Xicr1=Xic
13: Fic1=Fic
14: Crig+1 =Cric
15: end if
16: end for

17: Increase the Generation Count G = G + 1
18: end while
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APPENDIX C

PSEUDO-CODE FOR THE ACDE ALGORITHM

Algorithm C.1 Pseudo-code for the ACDE Algorithm

1:

Initialize each search variable vector in jDE to contain K number of randomly

selected cluster centers and K (randomly chosen) activation thresholds in
[0, 1].

. Find out the active cluster centers in each chromosome with the help of the

rule described in Algorithm 2.1.

3. for iter =1 to MAXITFER do

For each data vector gp, calculate its distance metric d(gp, m; ;) from
all active cluster centers of the ith DE-vector )Z'Z

Assign S, to that particular cluster center 17 ; where d(S,, ;) =
miane{l,Q ..... K} d(Sp7 mi,b)

Change the population members according to the jDE algorithm proposed
in section 1.3. Use the fitness of the vectors to guide the evolution of the
population.
end for
Report as the final solution the cluster centers and the partition obtained
by the globally best vector (one yielding the highest value of the fitness
function)
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