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Annotatsiya. Ushbu magqolada turli matn qisgartirish (summarization) algoritmlarining
samaradorligi tahlil gilinadi. Tadgigotda an ‘anaviy (MFMMR, Lead, TextRank, LexRank, SumBasic,
Gensim) hamda ilg ‘or transformer asosidagi (BART) modellar go ‘llaniladi. Har bir model matnni
gisqartirishda ganday natija bergani ROUGE (ROUGE-1, ROUGE-2, ROUGE-L) ko ‘rsatkichlari
orgali baholanadi. Eksperiment uchun bir nechta O ‘zbek tilidagi jumlalardan iborat hujjatlar
to ‘plami asosida gisgartirishlar amalga oshirildi. Vizualizatsiya yordamida modellar samaradorligi
grafik shaklida taqgoslandi. Natijalar shuni ko ‘rsatadiki, transformer asosidagi BART modeli yugori
aniglik ko ‘rsatkichlariga ega bo ‘lib, ROUGE metrikalarida ustunlik giladi. Birog, yengil va tez
ishlaydigan an ‘anaviy algoritmlar ham ba zi hollarda samarali xulosalar bera oladi. Ushbu tadgigot
matnni gisgartirish sohasida O ‘zbek tilida ilg ‘or yondashuvlar va baholash usullarini go ‘llash
imkoniyatlarini ochib beradi.

Kalit se‘zlar: matn gisqartirish, ROUGE, algoritm baholash, matematik model, NLP, BERT,
MFMMR, TextRank, LexRank.

Annomayua. B oannoii cmamve ananusupyemcs d¢pghexmusHocmy pasiuiuHbix anieopummos
cymmapuzayuu mexcma. B uccredosanuu ucnonsszyromes mpaouyuonnsie (MFMMR, Lead, TextRank,
LexRank, SumBasic, Gensim) u npodsunymeie mooeiu na ocnoee mpancgopmepos (BART).
Pe3yﬂbmambz Kaxcool mooenu 6 cymmapusayuu mexkecma OYyeHUuearonmcs ¢ noOMouibio noxazamesieii
ROUGE (ROUGE-1, ROUGE-2, ROUGE-L). /[ns sxcnepumenma cymmapusayus npogooulacs Ha
Ha60pe C)OKyMeHWZOG, cocmosawem U3 HeCKOJIbKUxX npedﬂoofcenuﬁ Ha y36€KCKOM A3bIKE.
Dhhexmusnocms mooenell cpasHuganacs epaguyecku ¢ noMowbio euszyanuzayuu. Pesynomamor
nokazviearom, umo mooeinv BART na ocnose mpancghopmepos obnadaem svicoxumu nokazamensamu
moynocmu u npegocxooum mempuxu ROUGE. Oonako mpaouyuonnvie ancopummol, xomopule
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HEKOmopbwvlx Ciydasix. ,ZZaimoe uccneoosamue omKpbvleaem 603MONCHOCMU UCNOSIb306AHUS nepedoebzx
Nn00X0008 U MEeMOO08 OYEHKU 8 0OIACMU CYMMAPUZAYUU MEKCMA HA Y30eKCKOM SA3bIKe.

Kniouesvte cnosa: coxpawenue mexcma, ROUGE, oyenxa anrcopumma, mamemamuyeckast
mooenv, HJITT, BERT, MFMMR, TextRank, LexRank.

Abstract. This article analyzes the effectiveness of various text summarization algorithms. The
study uses traditional (MFMMR, Lead, TextRank, LexRank, SumBasic, Gensim) and advanced
transformer-based (BART) models. The results of each model in text summarization are evaluated
using ROUGE (ROUGE-1, ROUGE-2, ROUGE-L) indicators. For the experiment, summarization
was performed on a set of documents consisting of several Uzbek language sentences. The
effectiveness of the models was compared graphically using visualization. The results show that the
transformer-based BART model has high accuracy indicators and dominates the ROUGE metrics.
However, traditional algorithms that are lightweight and fast can also provide effective conclusions
in some cases. This study opens up the possibilities of using advanced approaches and evaluation
methods in the field of text summarization in the Uzbek language.

Keywords: text reduction, ROUGE, algorithm evaluation, mathematical model, NLP, BERT,
MFMMR, TextRank, LexRank.

1. Kirish. Hozirgi kunda axborot hajmining keskin ortib borishi matnlarni avtomatik tarzda
gisqartirish masalasini dolzarb muammolardan biriga aylantirmoqda. Foydalanuvchilar katta
hajmdagi matnlarni tezkor tushunish, xulosa chigarish va gayta ishlashda avtomatlashtirilgan
tizimlarga muhtoj. Shu bois, tabiiy tilni gayta ishlash (Natural Language Processing— NLP) sohasida
matn qgisqartirish algoritmlari keng o‘rganilmoqda. Matn gisqgartirishning asosiy maqgsadi — berilgan
matndan muhim va asosiy ma’lumotlarni ajratib, gisqacha, mazmunan to‘liq xulosani
shakllantirishdir. Bu jarayonda matn mazmunini yo‘gotmagan holda, uni gisqa shaklda ifodalash
texnologiyalari go‘llaniladi. Ushbu magolada aynan shu maqgsadga xizmat qiluvchi bir nechta
algoritmlar tahlil gilinadi: MFMMR (Modified Feature-based Maximal Marginal Relevance), Lead,
TextRank, LexRank, Gensim, SumBasic va chuqur o‘rganishga asoslangan BERT.

Ushbu algoritmlar samaradorligini baholashda ROUGE (Recall-Oriented Understudy for
Gisting Evaluation) metrikasi asos gilib olinadi. Aynigsa, ROUGE-1, ROUGE-2 va ROUGE-L kabi
ko‘rsatkichlar model tomonidan yaratilgan xulosa matnning asl matn bilan ganchalik mos tushishini

baholashda ishlatiladi. Tadgigotda algoritmlarning chigish natijalari matematik formulalar asosida
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ROUGE metrikalari bilan ifodalanib, ularning afzallik va kamchiliklari tahlil gilinadi. Magola
doirasida barcha algoritmlar O<zbek tilidagi namunaviy jumlalar ustida sinovdan o‘tkazildi va
ularning samaradorligi grafik hamda jadval shaklida ko‘rsatildi. Mazkur maqola nafaqgat
algoritmlarning sifatini o‘lchash, balki ularni O‘zbek tilida qo‘llash bo‘yicha dastlabki eksperimental
bahoni tagdim etadi.

2. Usullar. Ushbu tadgiqotda avtomatik matn gisqartirish algoritmlarining samaradorligini
baholash quyidagi bosgichlar asosida amalga oshirildi. Ushbu tadgiqotda avtomatik matn qgisqartirish
algoritmlarining samaradorligini baholash quyidagi bosgichlar asosida amalga oshirildi:

1. Term Frequency — Inverse document Frequency (TF-1DF)

a) Term chastotasi:

f.

Ti,j :—ml'j ,
Zk:l fk,j
bu yerda:

Ti,j - i-so‘zning ] -hujjatdagi chastotasi,
fi,j -1 i-s0°z J -hujjatda necha marta uchragani,

M - hujjatdagi barcha noyob so‘zlar soni.

b) Teskari hujjat chastotasi:

n
l; :log[m},

bu yerda:

N - umumiy hujjatlar soni,

N.- 1-so‘z ishtirok etgan hujjatlar soni.
¢) TF-IDF giymati:

Xii=Ti- L.

2. Kosinus o‘xshashlik (vektorlar orasida):

= 5 Zilaibi
S(ab)=——=
\/Zi—lai2 ' \/Zi—lbiz
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bu yerda:
a,b e R - ikki vektor
d - o‘Icham
5. ROUGE metrikalari
a) ROUGE-N (n-gram asosida gamrov):
k .

> min(x,y;)

Rn — =1 - J
Zi:l Yi

bu yerda:

X, —i-gramning prediktsiya matndagi soni,
y; —i -gramning etalon matndagi soni,

k -mavjud n-gramlar soni.

3.Natijalar

Ushbu tadgiqgot doirasida bir nechta mashhur avtomatik matn gisqartirish algoritmlari ustida
tajribaviy sinovlar o‘tkazildi. Ularning samaradorligi ROUGE-1, ROUGE-2 va ROUGE-L
metrikalari orgali baholandi (1-jadval).

1-jadval
ROUGE Natijalari
Ne Algoritm ROUGE-1 ROUGE-2 ROUGE-L
1 MFMMR 25.00 0.00 25.00
2 Lead-3 28.00 16.67 28.00
3 TextRank 9.52 0.00 9.52
4 LexRank 26.42 15.69 26.42
5 BERTSum 36.84 22.22 36.84
6 Gensim 24.49 17.02 24.49
7 SumBasic 25.00 0.00 25.00
BERTSum modeli barcha metrikalar bo‘yicha eng yuqori natijalarga erishdi:
ROUGE-1 = 36.84, bu model tanlagan xulosalar asl matn bilan juda yaxshi mos tushishini
anglatadi;
ROUGE-2 = 22.22, ya’ni ikkilik n-gram (bi-gram) darajasida kontekst izchilligi yuqori;
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ROUGE-L = 36.84, bu model xulosasida uzun mos keluvchi substringlar ko‘pligini bildiradi
(asosiy xabarlarni aniglashda muvaffaqgiyatli).

Quyidagi asosiy kuzatuvlar amalga oshirildi:

MFMMR va SumBasic algoritmlari fagat ROUGE-1 va ROUGE-L bo‘yicha o‘rtacha
natijalarni ko‘rsatdi, ammo ROUGE-2 = 0.00, ya’ni ularning xulosalari ichki kontekst izchilligini
saglay olmadi.

TextRank eng past samaradorlikni ko‘rsatdi (ROUGE-1 ~ 9.5), bu uning kichik matnlarda
yoki noaniq og‘irliklar bilan ishlaganda zaiflashishini ko‘rsatadi.

LexRank va Gensim algoritmlari bargaror natijalarga ega bo‘lib, ROUGE-1 va ROUGE-2
orasida muvozanat saglagan, lekin BERTSum bilan solishtirganda samaradorlik past bo‘lgan.

Lead-3 — har doim dastlabki 3 ta jumlani tanlaydigan oddiy bazaviy model bo‘lsa-da,
ROUGE-2 = 16.67 ko‘rsatkichi bilan ba’zi ilg‘or modellar bilan ragobatlasha olgan.

Agar ushbu natijalarni grafik shaklida aks ettirsak, quyidagi xulosalar olinadi:

Performance of Summarization Algorithms by ROUGE Scores

EEN ROUGE-1
BN ROUGE-2
5 - = ROUGE-L
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Algorithms

BERTSum boshga barcha modellarni barcha metrikalarda ustunlik bilan ortda goldirgan.

TextRank, SumBasic va MFMMR modellarida ROUGE-2 = 0 bo‘lib, ularning natijalari
kontent izchilligidan yiroq bo‘lganini ko‘rsatadi.

Gensim modeli ROUGE-2 = 17.02 natija bilan Lead-3 modelidan biroz ustun chiqdi.
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Tajriba natijalari shuni ko‘rsatmogdaki, zamonaviy pre-trained modelga asoslangan
yondashuvlar (aynigsa BERTSum) klassik ekstraktiv modellar (TextRank, LexRank, Gensim,
SumBasic)ga nisbatan sezilarli ustunlikka ega. Xususan, ularning semantik aniqligi va kontekstni
tushunish qobiliyati matn gisqgartirish sifatini oshiradi.

4.Xulosa. Ushbu tadgiqgotda matn gisqartirish algoritmlarining samaradorligi ROUGE-1,
ROUGE-2 va ROUGE-L ko‘rsatkichlari asosida baholandi. Turli metodlarning (MFMMR, Lead,
TextRank, LexRank, BERT, Gensim, SumBasic) natijalari tahlil gilinar ekan, ularning asosiy afzallik
va kamchiliklari aniglandi. Aynigsa, BERT asosidagi model barcha ROUGE ko‘rsatkichlari bo‘yicha
eng yugori natijalarga erishib, semantik axborotni chuqurroq tushunish imkonini bergani tasdiglandi.
An’anaviy statistik yondashuvlar (TextRank, SumBasic) esa sintaktik asosga tayanganligi sababli
murakkab matn kontekstini to‘liq aks ettirishda cheklangan bo‘lib chigdi. Matematik formulalar
yordamida algoritmlarning baholash mezonlari aniq ifodalandi, bu esa metodlararo adolatli
tagqoslashni ta’minladi. Shuningdek, ROUGE-L metrikasining LCS (eng uzun umumiy subsequence)
asosidagi baholash modeli real matn kontekstini yanada yaqqolroq aks ettirishi ko‘rsatildi. Tadgigot
matnlarni avtomatik gisqartirishda ilg‘or yondashuvlar samaradorligini ko‘rsatib, tabiiy tilni gayta
ishlash (NLP) sohasida amaliy va nazariy jihatdan muhim natijalarni tagdim etdi. Kelgusida neyron
tarmoglar asosidagi modellarga go‘shimcha optimallashtirish va ko‘p tilli korpuslar asosida testlar
o‘tkazish rejalashtirilmoqgda.
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