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ВСТУП

Починаючи з 1950-х рокiв кiлькiсть i загальний обсяг текстових доку-
ментiв, якi використовуються у рiзних галузях людської дiяльностi неухиль-
но зростає. Це зростання виражається як у збiльшеннi загального обсягу
текстових колекцiй, так i в значному зростаннi кiлькостi документiв, що
вимагають обробки i сортування. Внаслiдок такого бурхливого зростання
обсягу текстових даних постала необхiднiсть попередньої систематизацiї
текстових масивiв в автоматичному режимi: в першу чергу, постала акту-
альна задача пошуку потрiбної iнформацiї у великих колекцiях текстових
даних (наприклад, що видаються пошуковими системами у вiдповiдь на
запити користувачiв). Крiм того, без систематизацiї текстiв неможливо
рiшення i ряду iнших завдань, зокрема:

• визначення взаємозв’язкiв мiж групами документiв;
• спрощення вiзуалiзацiї текстової iнформацiї;
• виявлення дублiкатiв або близьких за змiстом документiв;
• контент-аналiзу, тощо.

Вiдмiнною особливiстю методiв кластеризацiї є здатнiсть автоматично
видiляти групи в потоцi вхiдних даних. Найбiльш затребувана на сьогоднi i,
ймовiрно, в найближчому майбутньому є змiстова (або, по-iншому, темати-
чна) кластеризацiя текстових документiв. Цей вид кластеризацiї передбачає
подiл текстових колекцiй на групи текстiв (далi - кластери), такi, що тексти
в межах одного i того ж кластера максимально схожi мiж собою за змiстом,
в той час як тексти, що вiдносяться до рiзних кластерiв, мають рiзний
змiст. Саме змiстова кластеризацiя (далi просто кластеризацiя) текстiв
розглядається в цiй роботi.

Задачу кластеризацiї набору даних можна розглядати як задачу опти-
мiзацiї критерiю якостi отриманого розподiлу об’єктiв. Одними з методiв
розв’язання такої задачi можуть служити еволюцiйнi алгоритми, що вико-
ристовують i моделюють бiологiчну еволюцiю.

Минулого року ми дослiджували ефективнiсть застосування еволюцiй-
них алгоритмiв до задачi кластеризацiї [1] та розробили програмне забезпе-
чення, що, на основi методу диференцiальної еволюцiї, реалiзує автоматичну
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кластеризацiю об’єктiв, представлених числовими даними. Метою цiєї робо-
ти було застосування розробленого алгоритму автоматичної кластеризацiї
до практичної проблеми кластреризацiї колекцiї текстових документiв при-
родною мовою.

Мета роботи

Метою роботи є застосування методу автоматичної кластеризацiї на
основi диференцiальної еволюцiї до колекцiї текстових документiв.

Для досягнення зазначеної вище мети необхiдно вирiшити такi задачi:

1) провести аналiз методiв подання документiв у векторному просторi;
2) провести аналiз та удосконалити методи зменшення розмiрностi про-

стору для векторного подання документiв;
3) вибрати ефективну мiру подiбностi для вибраного подання документiв

у векторному просторi;
4) спроектувати програмне забезпечення для автоматичної кластеризацiї

текстових документiв;
5) дослiдити ефективнiсть отриманого методу.
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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:

• define relationships between groups of documents;
• simplify visualization of textual information;
• identify duplicate or content similar documents;
• 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.
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To achieve the above goal we should solve the following problems:

1) analyze methods of text document representation in vector space;
2) analyze and improve dimensionality reduction methods of the space vector

representation of documents;
3) choose effective measure of similarity for the selected representation of

documents in a vector space;
4) design software for automatic clustering of the text documents;
5) 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) Analyzed the problem of application area, formalized it and identified the
main stages of solving the problem.

2) Reviewed existing methods of text documents representation in vector
space and analyzeв their shortcomings.

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

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

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

6) 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) 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.

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

3) 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.
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APPENDIX A

PSEUDO-CODE FOR THE DE ALGORITHM

Algorithm A.1 Pseudo-code for the DE Algorithm
1: Read values of the control parameters of DE: scale factor 𝐹 , crossover rate

𝐶𝑟, and the population size 𝑁𝑃 from user.
2: Set the generation number 𝐺 = 0 and randomly initialize a population of 𝑁𝑃

individuals 𝑃𝐺 = {𝑋⃗1,𝐺, . . . ,𝑋⃗𝑁𝑃,𝐺} with 𝑋⃗𝑖,𝐺 = {𝑥1,𝑖,𝐺,𝑥2,𝑖,𝐺, . . . ,𝑥𝐷,𝑖,𝐺}
and each individual uniformly distributed in the range [𝑋⃗𝑚𝑖𝑛,𝑋⃗𝑚𝑎𝑥], where
𝑋⃗𝑚𝑖𝑛 = {𝑥1,𝑚𝑖𝑛,𝑥2,𝑚𝑖𝑛, . . . ,𝑥𝐷,𝑚𝑖𝑛} and 𝑋⃗𝑚𝑎𝑥 = {𝑥1,𝑚𝑎𝑥,𝑥2,𝑚𝑎𝑥, . . . ,𝑥𝐷,𝑚𝑎𝑥}
with 𝑖 = [1,2, . . . ,𝑁𝑃 ]

3: while the stopping criterion is not satisfied do
4: for 𝑖 = 1 to 𝑁𝑃 // for each individual sequentially // do
5: Mutation Step: Generate a donor vector as: 𝑉⃗𝑖,𝐺 = 𝑋⃗𝑟𝑖1,𝐺

+ 𝐹 ·
(𝑋⃗𝑟𝑖2,𝐺

− 𝑋⃗𝑟𝑖3,𝐺
)

6: Crossover Step: Generate a trial vector𝑈⃗𝑖,𝐺 in the following way:

𝑢𝑗,𝑖,𝐺 =

{︂
𝑣⃗𝑗,𝑖,𝐺, 𝑖𝑓 𝑟𝑎𝑛𝑑𝑖,𝑗[0,1] ≤ 𝐶𝑟 𝑜𝑟 𝑗 = 𝑗𝑟𝑎𝑛𝑑
𝑥⃗𝑗,𝑖,𝐺, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

7: if 𝑓(𝑈⃗𝑖,𝐺) ≤ 𝑓(𝑋⃗𝑖,𝐺) then
8: 𝑋⃗𝑖,𝐺+1 = 𝑈⃗𝑖,𝐺

9: else𝑋⃗𝑖,𝐺+1 = 𝑋⃗𝑖,𝐺

10: end if
11: end for
12: Increase the Generation Count 𝐺 = 𝐺 + 1
13: 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 𝑃𝐺 =

{𝑋⃗1,𝐺, . . . ,𝑋⃗𝑁𝑃,𝐺} with 𝑋⃗𝑖,𝐺 = {𝑥1,𝑖,𝐺,𝑥2,𝑖,𝐺, . . . ,𝑥𝐷,𝑖,𝐺} and each individual uniformly distributed in the
range [𝑋⃗𝑚𝑖𝑛,𝑋⃗𝑚𝑎𝑥], where 𝑋⃗𝑚𝑖𝑛 = {𝑥1,𝑚𝑖𝑛,𝑥2,𝑚𝑖𝑛, . . . ,𝑥𝐷,𝑚𝑖𝑛} and 𝑋⃗𝑚𝑎𝑥 = {𝑥1,𝑚𝑎𝑥,𝑥2,𝑚𝑎𝑥, . . . ,𝑥𝐷,𝑚𝑎𝑥}
with 𝑖 = [1,2, . . . ,𝑁𝑃 ]

3: Randomly initialize 𝐹𝐺 = {𝐹1,𝐺, · ,𝐹𝑁𝑃,𝐺} and 𝐶𝑟𝐺 = {𝐶𝑟1,𝐺, · ,𝐶𝑟𝑁𝑃,𝐺} , where each 𝐹𝑖,𝐺 uniformly dis-
tributed in the range [0.1,1] and each 𝐶𝑟𝑖,𝐺 uniformly distributed in the range [0,1] with 𝑖 = [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 𝐹𝑖,𝐺+1 and 𝐶𝑟𝑖,𝐺+1 in the following way:

𝐹𝑖,𝐺+1 =

{︃
0.1 + 𝑟𝑎𝑛𝑑1[0,1], 𝑖𝑓 𝑟𝑎𝑛𝑑2[0,1] < 0.1

𝐹𝑖,𝐺, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝐶𝑟𝑖,𝐺+1 =

{︃
𝑟𝑎𝑛𝑑3[0,1], 𝑖𝑓 𝑟𝑎𝑛𝑑4[0,1] < 0.1

𝐶𝑟𝑖,𝐺, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

7: Mutation Step: Generate a donor vector as: 𝑉⃗𝑖,𝐺 = 𝑋⃗𝑟𝑖1,𝐺
+ 𝐹𝑖,𝐺+1 · (𝑋⃗𝑟𝑖2,𝐺

− 𝑋⃗𝑟𝑖3,𝐺
)

8: Crossover Step: Generate a trial vector 𝑈⃗𝑖,𝐺 in the following way:

𝑢𝑗,𝑖,𝐺 =

{︃
𝑣⃗𝑗,𝑖,𝐺, 𝑖𝑓 𝑟𝑎𝑛𝑑𝑖,𝑗 [0,1] ≤ 𝐶𝑟𝑖,𝐺+1 𝑜𝑟 𝑗 = 𝑗𝑟𝑎𝑛𝑑

𝑥⃗𝑗,𝑖,𝐺, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

9: if 𝑓(𝑈⃗𝑖,𝐺) ≤ 𝑓(𝑋⃗𝑖,𝐺) then
10: 𝑋⃗𝑖,𝐺+1 = 𝑈⃗𝑖,𝐺

11: else
12: 𝑋⃗𝑖,𝐺+1 = 𝑋⃗𝑖,𝐺

13: 𝐹𝑖,𝐺+1 = 𝐹𝑖,𝐺

14: 𝐶𝑟𝑖,𝐺+1 = 𝐶𝑟𝑖,𝐺
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].

2: 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 𝑀𝐴𝑋𝐼𝑇𝐸𝑅 do
4: For each data vector 𝑆⃗𝑝, calculate its distance metric 𝑑(𝑆⃗𝑝, 𝑚⃗𝑖,𝑗) from

all active cluster centers of the 𝑖th DE-vector 𝑋⃗𝑖

5: Assign 𝑆⃗𝑝 to that particular cluster center 𝑚⃗𝑖,𝑗 where 𝑑(𝑆⃗𝑝, 𝑚⃗𝑖,𝑗) =

min∀𝑏∈{1,2,...,𝐾} 𝑑(𝑆⃗𝑝, 𝑚⃗𝑖,𝑏)
6: 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.

7: end for
8: 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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