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Actual problem in nowadays is to efficiently process the large amount of data that pass through
our mind everyday. The object of study of this paper is automatic summarization algorithms.
The main goal is to implement and make comparison of different summarization techniques
on corpora of news articles parsed from the web. This research work contains the description
of three summarization techniques based on TextRank algorithm: General TextRank, BM25,
LongestCommonSubstring. It is specially noted the languages of used corpora: Russian and Kazakh
languages. The results of summarization processes and their comparison are provided. It should
be emphasized that used algorithms are well-known, but the way of their evaluation on defined
corpora is different from those which usually used in summary evaluation. The method of summary
evaluation proposed use the special dictionary of extracted key-words on the topic of corpora. As
the title implies the article describes applying statistical information. The semantic and syntactic
features of text are not examined.
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Bizgin KyHIEJIKTI aKbLI-ONBIMBI3IAH OTETIH KOINTEereH akKIapaTTapibl THIMII eHjey - Oyriari
KYHHIH 63eKTi Mocesieci. ABTOMATTAHIBIPBLIFAH pedepupiiey ajJrOpuTMIEp] KYMBICTBIH, 3epTTey
obbekTici 6oJbIT TabbLTaabI. Makaiasa cumaTTaaral MakcaT HHTEPHETTEH aJIbIHFAH YKaHAJIBIKTAD
MaKaJIAJIapPbIHBIH KOPIYChIHIa pedepupsey aaropuTMIEpiH Ky3ere achIpy »KoHe CaJIbICTBIPY.
Bepinren zeprrey xkymbichl TextRank asiropurmine Herizgesnren General TextRank, BM25,
LongestCommonSubstring pedepupseymis, yII ajropuTMIepiHiH CHIATTAMAJIAPBIH KAMTHJIBI.
Opbic KoHE Ka3ak Tiagepl KOJIIAHBLIFAH KOPIIYCTBIH, €peKIle Tijajgepi peTiHje arTam eTijreH.
Pedepupiieynep Men orapIabiH caabICTBIPYIAPBIHBIH HOTHKeC] 1e 6epinren. KommanbimaTein aaro-
pPUTMIED KAKCHI TAHBIMAJI €KEHJIITIH aTall OTyre OOJATHIHBIHA KAPAMACTAH, 3€PTTEY OAPBICHIHIAFHI
barajiay TOCLI 9meTTeri KbICKAllla Ma3MYHIArbl OarajaygaH epeKIe/IeHeTiHiH afiTa KeTy Kepek.
Y CBIHBLIBII OTHIPBLIFAH AHHOTAIUSIIAP/LI Oarajiay/IbIH 9J1iCi KOPIIyC TAaKbIPBIOBIHIAFbl apHAilbI
GeJtill aJIbIHFAH KUITTIK CO3/epii naiigaianaibl. TaKbIPBIIKA COffKeC MaKajaja CTATHCTHUKAJIBIK,
aKnapaTThl Naiijajlany cHmarTajaraH. MoOTiHHIH CeMaHTUKAJBIK YKOHE CHHTAKCUCTIK KacCHeTTepi
KapaCThIPbLIMAIbI.
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Ha ceromusammumuit 1emb akTyaabHON TpobaeMoit ocraercs adpdekTuBHass 06paboTKa 60IBITOr0 00b-
eMa mHMOpMAIMN, TPOXO/ISINEil Yepe3 Hallle CO3HAHWE KaXKIbli JeHb. OObeKTaMu JTaHHOTO WC-
CJIEJIOBAHUsI SIBJISIFOTCS aJITOPUTMbI aBTOMATHIECKOro pedepupoBanus. OnucaHHasi B cTaTbe IEJb
BAKJIFOYAETCS B PeaIM3allid U CPABHEHUU aJI'OPUTMOB pedepupoBaHUsi HA KOPILyCe HOBOCTHBIX
crareil, B3ATBIX W3 uWHTepHeTa. JlaHHAS WCCaemoBaTeNbCKas paboTa CONEPXKUT OIMUCAHUE TPEX
aJIropuTMOB pedeprupoBaHus OCHOBaHHBIX Ha ajropurme TextRank: General TextRank, BM25,
LongestCommonSubstring. OcobeHHO 0TMEYAIOTCS A3BIKHA UCIOIB3YyEeMOT0 KOPITYyCa: PYCCKU U Ka-
zaxckuii. [IpejiocraBiienbl pe3ysibrarsl pedpepupoBanust U ux cpaHenue. Cieiyer MoIUYepPKHYTh,
YTO UCIOJIB3YEMBbIE aJIFOPUTMBI XOPOIIIO W3BECTHBI, HO CIHOCOO UX OIEHKU HA M3y4YaeMOM KOpILyCe
OTJIMYAETCS OT T€X UTO OOBITHO WCIIOJB3YIOTCS IPU OIEHKE KPaTKoro cojepxkanus. IIpemiarae-
MBIl METOJI, OIIEHKN AHHOTAIIWN UCIOJIB3YET CIEeNUAIbHBIN N3BICICHHBIN CJIOBAPb KJIIOUYEBBIX CJIOB
mo Teme Kopiryca. CoriacHO HA3BAHWIO B CTATHE ONMCHIBAETCS MPUMEHEHHE CTATUCTUIECKON WH-
dopmaruu. CeMaHTHIECKHE U CUHTAKCHIECKIE CBONCTBA TEKCTa HE PACCMATPUBAIOTCS.
KimoueBbie cioBa: pedepupoBanne, aBTOMATHYECKOE M3BJIEUEHUE, KJIIOUeBbIe CIoBa, N-gram,
TextRank

1 Introduction

In this research work, our goal is to make research and comparison on summarization
algorithms. Automatic summarization is the process of generating a reduced text from
document, which will save the idea of original text. There is primarily three types of
automatic summarization: extraction-based, abstraction-based and aided. In this article
extraction-based approach used, it uses parts of the original text, sentences, and construct
the short paragraph summary, it does not make any modifications in text. (Automatic
summarization) Many text features can influence on summary, like semantic and syntactic
features, but we will concentrate on statistical data, which is a frequency statistics of N-
grams. Based on this we chose extraction-based summarization type. Most of the algorithms
that work based on statistical data build a summary text content by counting the similarity
of text units and units’ importance. Text unit could be a word, sentence or paragraph, in
our case as a unit was chosen a sentence. Similarity is considered the presence of key-words
in the sentences. Key-words are words that indicate the topic of the text.

2 Related works
During the search on related works were used next key-words: paragraph extraction from text,

sentence extraction, position in text of main information, sentence similarity, informative
sentence extraction. In the work (Chuleerat 2003: 9-16) presents an algorithm for extracting
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the most significant paragraphs from a text in Thai, where the significance of a paragraph
is considered based on the local and global properties of a paragraph. The main emphasis is
on the known correct distribution of paragraphs, since Thai language is very different from
European languages and is more like Chinese and Japanese in terms of fuzzy division of words
and sentences. In our case, we consider Russian and Kazakh languages, which have a clear
sentence structure. The (Mandar 1997: 39-46, Fukumoto 1997: 291-298) works propose that
each word in text can have weight and depending on this weight it is possible to denote the
important part of information. However, article (Fukumoto 1997: 291-298) uses words weight
among a paragraph and the extraction unit in this work is a paragraph. The works (Federico
2016: 65-72, Yacko 2002) mainly depict one view of summarization methods. Authors suppose
that each sentence has connection with other sentences and this connection is their similarity.
In work (Federico 2016: 65-72) TextRank algorithm presented with different variations of
similarity functions. The main feature is denoted in construction of a graph with sentences
as vertex(tops) and similarity connections as edges, where each edge has its value calculated
from similarity function. In work (Yacko 2002) similarity of sentences defined in common
words, sentence with more connections recognized as informative. The way of constructing
a graph seems the most preferable since it operates with sentences, and similarity functions
use statistical data as word frequency.

One of the most important stage described in the work (Page 1998), it is about PageRank
algorithm that proposed by Google. PageRank is an algorithm used in ranking of edges in
any graph. TextRank uses it when construct summary from a generated graph.

The summary evaluation process described in (Federico 2016: 65-72, Sandeep 2009: 521-529)
and they involve usage of ROUGE. Recall-Oriented Understudy for Gisting Evaluation (Chin-
Yew Lin 2004: 74-81) is a set of metrics used in automatically generated summary evaluation
and in machine translation. This kind of evaluation does not useful for us, because it assumes
comparison of automatically produced summary and human generated summary, “ideal
summary”. This project work does not assume interaction with human. The hypothesis from
work (Sandeep 2009: 521-529) stays that the summary must act as the full document, such
that their probability distributions are very close to each other. Authors propose application
of KL (Kullback-Leibler) Divergence, the calculation of entropy of summary, in evaluation
process.

In this article we will not describe the process of dictionary extraction, since it is fully
examined in our previous work (Mussina 2017:). The corpora used in previous work (Mussina
2017:) and in this work is the same.

3 Source and methods

The corpora, which was used, consists of news articles that were parsed by web-crawler from
government and news portals. Texts are in Russian and Kazakh languages. Most of the texts
about some notification situations, like floods, earthquakes and storms, also may contain not
necessary information, for example, long requisites about department or region. Summary
can help people to concentrate only on necessary facts without information noise.
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3.1 Summarization techniques

In the work (Federico 2016: 65-72) described TextRank algorithm for automated
summarization with author’s modifications. It represents document as graph with sentences
as nodes. Edges between nodes show the similarity between sentences. Work (Federico 2016:
65-72) compare original way of similarity calculation with different modification proposed by
authors. In this project work we have implemented three variations of similarity functions:
original, BM25 and Longest common substring. The summary size is equal to the 30% of the
original text size.

Sim(S;, 5;) = 1
(5:53) = " 151 + o (15, @

Formula 1 shows the similarity calculation by the original TextRank version.
Algorithm 1. Original TextRank

1. Extract list of sentences from text. Proceed to step 2.
2. For each sentence i € [0, sentence list size — 1|

3. Extract N-grams of sentenceli]

4. For each sentence j € [i+1, sentence list size]

5. Extract N-grams of sentencelj]

6. Count the number of similar N-grams by formula 1

7. If similarity is greater than 0, add edge between sentences with weight equal to their
similarity.

As an example we will show the work of algorithm on “NOTIFICATION” message.
Example 1. The original text shown below.

2Kumeau Ilvimxenma u Tapasa nowyscmeosasu demaempacernue 6 Ageanucmane, co-
obwaem xoppecnondenm Tengrinews.kz co ccowkot na I'V "Ceticmonrozuveckas onvimmo-
memoduneckasn axeneduyus Komumema nayxu Munucmepemea obpadosanus u nayxu Pec-
nybauru Kazaxcman". Ilodzemmnvie moruku 6wy 3agdurcuposansve 10 anpess 6 16.28 no epe-
MeHu Acmanvl. Inuyenmp 3emMAemPACEHUS PACNOAA2AACA Ha meppumopuu Ageanucmana, 6
787 xunromempax wa r20-3anad om Aamamo,. Inepzemuveckut kaacc semaempacenus 14,5.
Maenumyda - 6,8, eayouna zanezanus - 20 xusomempos. Toruku owyusanrucy 6 vmrenme
u Tapase - 3 basnra. Ceedenuti o nocmpadaswur u padpyuwenuar wem. Hanomnum, 9 anpess
demaempacenue maznumyadot 4,9 npouzow.no 6 141-m xusomempe om Aamamaoi. [lodsemmwie
moauky 6wy 3adurcuposans, 6 23.31 no epemenu Acmarvl. INUUEHmp 3eMAeMPACEHUA Ha-
xoduacs 6 141-m xusomempe na 1020-60cmor om Aamamor na meppumopuu Kvipevidcmana.
Inepeemuneckutl KAacc NOO3ZEMHBT Moaukos - 10,2, eaybuna 3aie2aHUA - 5 KUAOMEMPOS.

All N-grams are counted, for example, in sentence 9 we have phrase “Ilodzemnvie monu-
Ku Oviau 3agurcuposanw’” and it contains 6 N-grams: “Ilodzemmwie”; “ [lodzemmvie moauku”,
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PY AN PR

“Ilodzemnvie moruxu 3apurcuposanvt”, “moruku”, “mosuru 3apurcuposansv”, “sapurcupo-
earn”. The word “Owau” is a stop-word.
The BM25 variation based on the below formulas:

f(Si, R) * (k1 +1)
F(Si,R) + kL% (1 —b+bx

BM25(R, S) = En: IDF(S;) * T (2)

angL>

where IDF — inverse document frequency, f(S;, R) — occurrence frequency of a words
i from sentence S in sentence R, |R| - a length of sentence R, avgDL — average length of
sentences in the document; k; and b are parameters, we used the same that author of (Federico
2016: 65-72) work used, k; = 1.2, b = 0.75 This formula states that if a word appears in more
than half of sentences it will cause negative result value. To avoid problems caused by negative
value in future work of an algorithm next calculation of I DF was proposed:

log(N —n(s;) + 0.5) — log(n(s;) + 0.5) ,if n(s;)

>
e*xavglDF Jf n(s) <

IDF(S;) = {

izl
©

where € - between 0.3 and 0.5, we use 0.5
Algorithm 2. BM25

1. Extract list of sentences from text. Proceed to step 2.

2. Calculate IDF for all N-grams and the average length of document sentences.
3. For each sentence i € [0, sentence list size — 1]

4. Extract N-grams of sentenceli

5. For each sentence j € [i+1, sentence list size]

6. Extract N-grams of sentencelj

7. Count the sentence similarity by formula 2

8. If similarity is greater than 0, add edge between sentences with weight equal to their
similarity

The Longest common substring is the easiest in implementation algorithm, but it also
can show sufficient results. For similarity value used length of the longest common substring.
Algorithm 3. Longest common substring

1. Extract list of sentences from text. Proceed to step 2.
2. For each sentence i € [0, sentence list size — 1]
3. Extract N-grams of sentenceli

4. For each sentence j € [i+1, sentence list size]

ISSN 1563-0285 Journal of Mathematics, Mechanics, Computer Science Ne4(96)2017



Automatic document summarization 81

5. Extract N-grams of sentencelj]
6. Find out longest common substring. Set its length as similarity value.
7. If similarity is greater than 0, add edge between sentences with weight equal to their

similarity.

Table 1 - Algorithms’ results for example 1

General  TextRank, | BM25, BM25(S;,S;) | Longest Common
Sim(S;, S;) Substring,
LCS(S;,5;)

Sy and S 0.377 1.133 6

Sy and Sy 0.326 1.225 6

Sy and Sy 3.239 13.663 30

Sz and Sy 0.384 1.234 13

Sg and Sg 0.313 0.814 6

Sz and Sig 1.848 6.168 22

Sy and Si 0.378 0.769 13

S, and Sip 1.211 4.11 20

S5 and S 1.439 5.48 17

Se and Sy 0.403 1.048 6

Sg and Sig 1.855 6.556 15

After the graph construction we need to go to the next stage, summary construction.
We have graph with sentences as nodes and edges as similarity value between sentences.
The PageRank based on the assumption that the amount of connections and the source
of connection play role in the “importance” of the connected object. Consider data from
example 1 for general TextRank similarity function. Generally, in our graph we have sentences
connected with each other. However, usually we have such a situation when some sentences
do not have any common word. In this case we have graph presented in figure 1(a). We can see
that sentence with number 7 does not have any connection with other sentences, this means
it has no common word with others. To reduce number of edges we define a threshold, which
is equal to the average value of all edges weights, figure 1(b). The average value of all edges
weights will be equal to 1.0045. More sentences now rejected, like sentences with numbers 1,
6 and 7. The pairs that have passed through the threshold are (52, S9) Sim = 3.239, (S3,
S10) Sim = 1.848, (S4, S11) Sim = 1.211, (S5, S11) Sim = 1.439, (S8, S10) Sim = 1.855.
We have reduced 7 pairs. Now we will rank each sentences with similarities that they have
with other sentences, figure 1(c).

1. S2 rank = 3.239 value, since it has only one link with S9
2. S3 rank = 1.848

3. S4 rank = 1.211
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4. S5 rank = 1.439

5. S8 rank = 1.855

6. S9 rank = 3.239

7. S10 has two links with sentences S3 and S8, its rank is equal to 3.703

8. S11 also has two links with sentences S4 and S5, its rank is equal to 2.65

In the ascending order we will get sentences array: S10, S2, S9, S11, S8, S3, S5, S4. The size
of original text is equal to 11 sentences, the 30% of this is 3.3, we round value up and finally
get size of summary of 4 sentences. Sentences with high rank will construct the summary, we
get first 4 from ascending array: S10, S2, S9, S11. Then we permute sentences in the order
of original text and save summary. Finally, we get the summary depicted below.

Iodzemmvie moauru 6wy 3agurcuposanvt 10 anpess 6 16.28 no epemenu Acmarwi. Iloo-
3eMHBLE MOAUKU ObiAY 3adurcuposarv, 6 23.31 no epemernu Acmarovi. Inuuenmp 3emae-
mpacenus Haroduacs 6 141-m Kusomempe wa 1020-60CMOK 0m AaMamovl Ha MePPUMOPUL
Kupevizcmana. nepeemuveckuti xaacc nodsemuvir moaukos - 10,2, eayouna 3areeanus - 5
KUNOMEMPOS.

In the end we calculate the sum of all similarities that sentence have with other sentences.
The final value we use in the summary construction. Sentence with the higher value goes to
the summary.

3.2 Summary evaluation

The evaluation of the summary based on the idea, proposed in work (Sandeep 2009: 521-529),
that summary probability distribution model must be very close to the original document
probability distribution model. Applying to our conditions we can suppose that the key-words
distribution in the summary must be bigger than in the original text, because summary reduce
amount of general words and save number of key-words. In (Sandeep 2009: 521-529) work
authors use uni-gram model, but we will use model from 1 up to 5 N-grams. The algorithm
of summary key-words distribution calculation described below.

Algorithm 4. Key-words distribution.

1. Get document from array of documents. Proceed to step 2.
2. Extract N-grams from text. Proceed to step 3.

3. For each N-gram check if it is in key-words dictionary. Count the sum of matches.
Proceed to step 4.

4. Calculate key-words distribution by dividing sum of matches by the amount of N-gram
extracted from the text. Proceed to step 5.

5. If there are one more document go to step 1, else calculate average key-words
distribution which will describe the summary evaluation for the given TextRank
variation function.
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(c) Graph with ranked sentences
Figure 1 - Graphs
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The original text with underlined key-words:

“2Kumenu HTvmxernma U Tapasa Nno“YSCMBOBAAL 3emaempacenue
8 Ageanucmane, coobwaem Koppecnondenm Tengrinews.kz co
cevnkoti wa I'Y "Ceticmonozumeckas ONBIMHO-MEMOIUUECKAA aKcneduUUA
Komumema nayxu Munucmepcemea obpadosarus u nayku Pecnybiuru Kasaxcman".

Iodsemmvie moruxu  Oviau  3apurcuposanv. 10 anpeas 6 16.28 no epemenu Acma-
Hbl.  DNUUEHMP 3EMAEMPACEHUS  PACTOAA2AACA HA meppumoput,  Adeanucmana, 6 787
KusoMempax na 1020-3anad om  Aamamo. Inepzemuveckutl xaace semaempacenus  14,9.
Maenwumyda - 6,8, eaybouna 3arezanus - 20 xusomempos. Tosuwku owyuasucy 6 Lvimxrernme
u Tapase - 3 6asnra. Ceederuti 0 nocmpadaswur u padpywenusr Hem. Hanommum, 9 anpers
semaempacerue maznumydot 4,9 npouszow.no 6 141-m xusromempe om Asmamoi. ITodzemmwie
moauku 6wl 3adurcuposanv, 6 23.31 no epemenu, Acmanvt. Inuuenmp semaempacerus Ha-
xoduacs 6 141-m wusomempe wa 1020-6ocmok om Aamamor na meppumopuy Koipevizcmana.
Inepeemuveckuli KAGCC NOOZEMHBLT Moaukos - 10,2, eaybouna 3aseeanus - 5 xKusomempos.”

The body evaluation = 0.124

The below summary is identical to all three TextRank techniques: General, BM25,
LongestCommonSubstring. As we can see the key-words distribution increased in summary.

"I[lodzemmvie mosurxu  bviau  3agurcuposansv, 10 anpess 6 16.28 no epemenu
Acmanwv.  Todszemmnwvie moaurxu 6viau  3adurcuposanv. 6 23.31 no epemenu Acma-
Hol.  INUUEHMDP 3eMACMPACEHUA HATOOUACA 6 141-M Kusomempe HaG 1020-80CMOK  0OM
Aamamo, na meppumopuu Koipewzcmana. Inepzemuseckuts KAaCC NOOZEMHLLT MOANKOE -
10,2, eaybuna 3arezarus - 5 Kuasomempos."

The summary evaluation = 0.12

The results from each TextRank variation function then compared with each other. The
distribution value is normalized and it is between 0 and 1. Probably it could be not equal
to 1, because document could not contain only key-words. The described evaluation could
be applied only to “NOTIFICATION” classified messages. Even the N-gram with negative
“emergency” state that it is belonging more to “NEWS” messages, it could be not correct to
say that we can use inverse “emergency” to evaluate general news articles. This assumption
could be explained by the biased articles in “NEWS”, since they are about very different
topics.

4 Results and discussion

Table 2 shows the amount of news articles that we have used during summary extraction
tests. The average length of article presented in amount of symbols, since sentences and
words could be of different length.
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Table 2 - Source data for summary extraction

Amount
Articles 74770
Average article length (in symbols) 1619

Table 3 - TextRank variations evaluation results

Key-words distribution
Original documents 0.159
General TextRank 0.18
BM25 0.169
LongestCommonSubstring 0.175

From the table 3 we can see that all summarization techniques have reduced the number
of general words and the concentration of key-words increased. General TextRank stays as
the best technique according to summary evaluation described in the Section 3.2.

During this research work TextRank algorithm variations were tested and estimated. In
the (Federico 2016: 65-72) work tests show that BM25, with modification of IDF value by
formula (3), was the one with better results than general TextRank and Longest common
substring. Authors used the database of the 2002 Document Understanding Conference
(DUC) and for evaluation used version 1.5.5 of the ROUGE package. Our implementation
on corpora of news articles show another results and we have two main possible reasons for
that:

1. Corpora without “ideal summary”
2. Not clear dictionary

The ROUGE package evaluation metric use the reference summary, or “ideal summary”, and
has several techniques. The generation of such reference summary needs human interaction
and possibly not interaction of one human, but at least three persons summary, from which
will be chosen one ideal. The professional activity of each human candidate also play role.

The alternative way of evaluation process, as was mentioned in sub-section 3.2,
Summary evaluation, based on the hypothesis from (Sandeep 2009: 521-529). Authors used
KL (Kullback-Leibler) Divergence which denotes the difference between two probability
distributions by formula:

Dra(PIQ) = 3 Pl (G5 ) (@)

where P is probability distribution of original document and Q is a probability of summary.
The basic term that used in Kullback-Leibler Divergence is entropy and information gain,
but since information gain is an inverse value to entropy we will discuss on entropy.

1EW
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Another one alternative way of summary evaluation which was proposed by us is calculation
“emergency” of summary. The idea based on “emergency” value of N-grams from dictionary.
Since we have N-grams with, “emergency” < 0, we suppose that the summary with more not
important, not from dictionary, words will have low “emergency”’, when summary with less
not important words and more key-words will have high “emergency”. The main problem with
such method is in uncertainty of comparison of values, because we cannot properly normalize
values with certain upper and lower bounds.

In future we would like to continue research on completely different summary generation.
During tests it was noticed that sometimes not important N-grams repeated in several
sentences, which cause that those sentences were written to the summary. We propose the
possible idea to construct summary by sentences non similarity. The new algorithm is as
follows:

1. Group sentences that has common N-grams. Proceed to step 2.

2. Choose sentence with biggest amount of key-words among those that are in one group.
Proceed to step 3.

3. Generate summary from sentences that were chosen from previous step.

The attention also will be provided to numerical data. Such information will be very
helpful for emergency work specialists. The summary should contain such information and
presence of it will be used in evaluation process. Finally, the main and most meaningful
research should be done in synonyms. Since the basic similarity calculated by presence of
common words in two sentences, it is very important to add synonyms dictionary. The
sentence S_A may contain word “nojzemubie Tosuku’ and sentence S B “3emiterpsice-
une’, meaning of these N-grams mostly equal, but implemented algorithm will not recognize
similarity.

5 Conclusion

The research on already existent works about object of our study was made. The implemented
algorithms were compared and results of this comparison show the practical meaning of
this work. The results of summary evaluation mostly matched the comparison described in
(Federico 2016: 65-72). The General TextRank was the best one, which generates summary
with high distribution of key-words. Its average key-words distribution is equal to 0.18.
The LongestCommonSubstring, which is the easiest algorithm to implement has key-words
concentration equal to 0.17589730440957158. The lowest distribution 0.169 belongs to BM25.
In the (Federico 2016: 65-72) work authors make changes in parameters values, such that the
results of BM25 became better. In future work we will also make changes in parameters and
IDF function definition. More research would be done on dictionary extraction, synonyms
dictionary and summary evaluation. Dictionary extraction has more work to be done, since
it is very important in summary evaluation and all problems should be resolved: stop-words,
stemming. The summaries constructed by all three algorithms in most of cases cut off
not important information and leave the important part with key-words. The examples of
algorithm work and results of their tests presented in this research work.
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