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Abstract—Pretrained language models based on Trans-
former have defined new state-of-the-art result on a wide
range of tasks being finetuned or used as embedders.
Models with Multi-head Self-Attention mechanism have
defined a new standart of quality on text summarization
task in English, while Transformer based models potential
for extractive Russian text summarization has been barely
explored. We propose a new method for extractive Russian
text summarization, reducing the task to the selection of the
most probable sequence of sentences. The new method beats
ROUGE-1 and ROUGE-L scores of other models such as
SummaRuNNer, and mBART evaluated on Gazeta dataset
and is more preferred in human evaluation poll.

Keywords—Russian Text Summarization, Pretrained
Language Models, BERT, Sentence-BERT, Next Sentence
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I. Introduction

Text summarization is the task of creating a shorter
version of a document that captures essential information.
Automatic summarization approaches can be extractive
or abstractive.

Extractive methods form a summary as a combination
of the original text’s chunks. Extraction is usually re-
duced to classifying sentences of the initial document.
The resulting summary is grammatically correct, es-
pecially in the case of sentence copying. But extrac-
tive methods can’t produce generalized and paraphrased
text, which is essential for high-quality compression.
In addition, these algorithms usually don’t structurize
summaries.

Abstractive approaches generate a new text - a gener-
alization of the original one’s ideas. These models can
generate new words that are not from the original text,
which leads to better generalization abilities. It allows
them to compress text in a better way via sentence
fusion and paraphrasing, but overall complexity, errors
in generated texts’ grammar, unexpected results in some
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cases and weak interpretability still limit the use of these
methods in various projects.

We introduce a new extractive summarization
approach for Russian texts, which leverages pre-
trained BERT(Bidirectional Encoder Representations
from Transformers) [1] and Sentence-BERT [2]] models.
The proposed method forms a summary that has human-
natural storytelling order of sentences. The algorithm can
easily be adapted for other languages or be multilingual
provided that there are such BERT models.

II. Related works
A. Pretrained language models

Pretrained language models such as BERT [I]] are
now a key technology in NLP industry being extensively
used with finetuning, few-shot learning, or as embedders.
State-of-the-art approaches in most NLP tasks are based
on neural networks with Transformer [3] architecture.
The main building block of the Transformer model is
the Multi-head Self-Attention mechanism

MHA(Q, K, V) = Concat(heady, ..., head,, )W° (1)

head; = Attention(QW2, KWX, vwY) (2

(Q*KT
N

where V - values, K - keys, @ - queries, dy = dimK
In the case of self-attention @), K,V are from the same
source, so relations between tokens of the sequence are
estimated.

“Bidirectional Encoder Representations from Trans-
formers(BERT)” [[1]] is a new language model which is
trained with a masked language modeling and a “next

Attention(Q, K, V) = softmax )V 3)
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sentence prediction” tasks on large unstructured single
language or multilingual text corpora. BERT is a stack
of Transformer encoders.

Sentence-BERT [2] is a modification of the pre-trained
BERT model that uses siamese and triplet network struc-
tures to derive semantically meaningful sentence embed-
dings. These semantic vectors are meant for comparison
using cosine-similarity.

“Adaptation of Deep Bidirectional Multilingual Trans-
formers for Russian Language” [4] proved that
Transformer-based models are useful for Russian. The
authors of the paper also prepared pre-trained BERT
models’ weights for Russian.

B. Extractive Summarization

SummaRunNNer [5] is one of the first approaches,
using neural networks for extractive text summarization.
It leverages an RNN-based encoder on sentence and
document levels for semantic embeddings which are then
used for binary sentence classification.

Refresh [6]] model from “Ranking Sentences for Ex-
tractive Summarization with Reinforcement Learning”
[6]] uses CNN and RNN layers for sentence and document
embedding. Refresh is trained with the new algorithm
proposed in the paper, which globally optimizes ROUGE
[7] evaluation score through a reinforcement learning
objective.

“Single Document Summarization as Tree Induction”
[8] leverages structured attention to induce a multi-root
dependency tree representation of the document while
predicting the output summary.

This idea was further studied in “HIBERT: Document
Level Pre-training of Hierarchical Bidirectional Trans-
formers for Document Summarization” [9]].

Methods, proposed in the “Text Summarization with
Pretrained Encoders” [[10] made a big leap in ROUGE [[7]
metrics on the CNN/Daily Mail dataset. The extractive
model used pre-trained BERT model, finetuned with inter
sentence Transformers for sentence classification.

The current state-of-the-art extractive model on the
CNN/Daily Mail was introduced in ‘Extractive Sum-
marization as Text Matching” [11] work. Sentence ex-
traction task is reduced to semantic text matching with
Sentence-BERT embeddings.

III. Sentence-BERT for Text Centrality Ranking

The algorithm uses cased Sentence-BERT, which was
fine-tuned on SNLI [12] Google-translated to Russian
and on the Russian part of XNLI [[13] dev set.

Sentence embeddings from Sentence RuBERT are
being ranked by cosine-similarity

i A;B;

A-B i=1
= = )
[A[IB] n n
> AL X B?
=1 =1

sim = cos(6)

where A, B are the semantic representation vectors that

are compared. Cosine-similarity is considered a default

method f or semantic similarity comparison used for

similar tasks, such as NLI(Natural Language Inference).
This metric is human-interpretable.

sim € [0, 1] (5)

Higher cosine-similarity means that sentences are closer.

Central text embedding text-central is a selected
sentence semantic vector or mean pooled representation
from all sentences of the document. The experiments
have show that for news texts it’s better to use the first
sentence or mean pooling of all sentences and the last
option is better in terms of ROUGE [7] scores.

1 n
text-central = -~ z; sent-emb; (6)
P

where n is the number of sentences in text, sent-emb;
is the Sentence-BERT embedding of i-th sentence in the
text

Then for each i-th sentence r-score; is computed

r-score; = sim(s-emby;, text-center) @)
where ¢ = 1,2,....,n These scores are min-max normal-
ized
r-score; — Mmin * r-score;

T-Scote; = - (8)
max * r-score; — 1min * r-score;

r—scoreg is a normalized centrality measure, which is
used in a latter formula.

IV. Sequential Next Sentence Prediction
A. Next Sententence Prediction

BERT models are pre-trained on the task of Next
Sentence Prediction(NSP) as well as Masked Language
Modelling. In the BERT training process, the model
receives pairs of sentences as input and learns to predict
if the second sentence in the pair is the subsequent
sentence in the original document. During training, 50%
of the inputs are a pair in which the second sentence is
the subsequent sentence in the original document, while
the other part consists of random sentences from the
corpus. The assumption is that the random sentence will
be disconnected from the first sentence.

The following steps are needed to estimate a proba-
bility that the sentence B is a continuation of sentence
A:

1) A [CLS] token is inserted at the beginning of the
first sentence and a [SEP] token is inserted at the
end of each sentence.

2) A sentence embedding indicating Sentence A or
Sentence B is added to each token. Sentence em-
beddings are similar in concept to token embeddings
with a vocabulary of 2.
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3) A positional embedding is added to each token to
indicate its position in the sequence

4) The entire input sequence goes through the Trans-
former model.

5) The output of the [CLS] token is transformed into
a 2x1 shaped vector, using a simple classification
layer.

6) Calculating the probability with softmax.

Extractive summarization can be reduced to greedy

sequential sentence selection maximizing the probability
of each chosen sentence starting from the one that is
the best generalization of the text. With this approach
sentences are also ordered in a natural for human reading
way, forming a story.

This heatmap(T) is an example of matrix on 5 sentence

sample from the Gazeta [14] dataset. Each element is
computed with formula ()

P(s;|sj) — min*P(s;]s;)
max *P(s;|s;) — min «P(s;|s;)

P(Si|8]‘) = (9)

P(si|sj) : 17] € [O,TL),i,j € Nvl 7&] (10)

0.0
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Figure 1. Example of a min-max normalized NSP matrix heatmap

B. Contextualized Next Sentence Prediction

In original NSP it’s supposed that comparing a pair of
sentences is made without context. For extractive sum-
marization sentences which were already selected for the
summary can be used. Self-Attention mechanisms benefit
from additional context, so probabilities estimation is
more precise in terms of summary, not just the last
selected sentence.

k

P(si|s1, 81, ...,56) = NSP(C + 51+ > (sx) + S+ 5+ 5)

"~ (an
s; is the i-th sentence, C is a [CLS] token, S is a [SEP]
token, | € [2,k — 1],1 € N 1 is a skipping numerator,
k € [0,m — 1],k € N is a number of sentences in the
summary that were already chosen, except the first one,

m is a number of sentences that is expected to be in a
summary.

[ sentences between the start and the last selected are
skipped if the sequence of tokens exceeds the input size
of BERT. The first and the last ones are always in the
context for probability estimation, because the first one is
the most generalizing and the last is the one that should
be naturally continued.

The probabilites are also min max normalized

_ P(sil.... s1) — min*P(si]....
Plsils1, st .. (8il..., Sk) — min *P(s;]..., k)

8k) = max *P(s;]..., sx) — min *P(si|...,slk)
where min, max are selected from the probabilites of
one step. It’s generally better to normalize on the whole
matrix, but to reduce computational complexity and
memory usage only the list of next possible sentences
is used.

C. Extractive Summarization of News Texts

The summary is formed iteratively with the sentences
that locally maximise the SC(s1, ..., s — s;) score

SC(s1, ..., 55 — si) = P(si|s1, 51, ..., sx) +axT-5core; (13)

where « is a coefficient of central sorting importance,
by default o = 0.05,

The starting element is the first sentence of the text,
because in news texts, like the ones in the Gazeta [[14]
dataset, it’s the most important, generalizing the whole
text.

Using r-score] in the SC(s1, ..., s, — s;) formula with
a quite small o helps to control the semantic deviation
from the central topics of the text. It’s experimentally
proven that choises based on pure P(s;|s1, s, ..., 5k)’
especially the variant without left context P(s;|sy)’, are
less central to the main text topics in later iterations. It
happens because heads of self-attention mechanisms are
less useful with smaller context given as an input.

V. Results
A. Automatic Evaluation

In “Dataset for Automatic Summarization of Russian
News” [14] some popular and recent summarization
methods were evaluated on the test part of the dataset:

o TextRank [[15]

o LexRank [[16]

o LSA(Latent Semantic Analysis) [17]

o SumaRuNNer [5]]

o Pointer Generator [|18]]

« CopyNet [19]

There were also published results of mBART [20] fine-
tuned on the Gazeta dataset in the paper. mBART based
method is a current state-of-the-art in abstractive English
text summarization on the CNN/Daily Mail dataset.

The mean sentence number of human summaries in
the dataset is 3, so our method compressed the texts into
3 sentences.
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Here are the results on test part of the dataset
compared with other methods that were evaluation in
Gazeta’s work [[14]:

Approach ROUGE-1 | ROUGE-2 | ROUGE-L
Lead-1 27.6 12.9 20.2
Lead-2 30.6 13.7 25.6
Lead-3 31.0 134 26.3

Greedy Oracle 443 22.7 39.4
TextRank 21.4 6.3 16.4
LexRank 237 7.8 19.9

LSA 19.3 5.0 15.0
SumaRuNNer 31.6 13.7 27.1
Proposed method 35.6 14.2 324

CopyNet 214 6.3 16.4

PG small 23.7 7.8 19.9

PG words 19.3 5.0 15.0
PG big 29.6 12.8 24.6

PG small+coverage 30.2 12.9 26.0
Finetuned mBART 32.1 14.2 279

All these values are F-scores of ROUGE [7] metric.

Lead-N as in the “Dataset for Automatic Summariza-
tion of Russian News” paper is just N first sentences
taken.

Greedy Oracle is a method that uses human-written
summaries, choosing sentences which are maximizing
ROUGE-2 score. It’s useful for training classifiers
sentence classfiers and as a target value for extractive
summarization algorithms, defining a max reachable
score.

Our algorithm is better than other ones at ROUGE-1
and ROUGE-L scores. In ROUGE-2 it’s equal
to SummaRuNNer and fine-tuned mBART methods. So,
our method is the new state of the art on Gazeta, as there
are no other results published on this dataset

B. Human Evaluation

Current summarization automatic evaluation methods
do not score in any way the improvements in sentence
order. We organized an anonymous opinion poll among
students from other departments, most of whose are not
related to natural language processing, machine learning
and didn’t have advanced algorithms courses.

We had involved 63 students to participate in the poll.

Each pole got an example from the test part of the
used dataset. In both forms were given a headline, text,
human-made summary, and the ones of our algorithm
marked as "Summary 1" and "Summary 2".

Students answered the question "Which summary do
you like more?" with the following possible options:

e Summary 1
e Summary 2
o Both great
« Both poor

Summary 1 and Summary 2 options are randomly mixed
options Algorithm and Human.

The results are shown in the following table and are
visualized(Z)).

Preferred | Count | Percentage
Algorithm 21 33.3%
Human 17 26.98%
Both great 16 25.4%
Both poor 9 14.29%

Wihich summary do you like more?

25
:-JrZU
"%:‘;15
10
5
o s

Algorithm Hath Great

Figure 2. Student Poll Results

VI. Examples
A. Gazeta Dataset

Title: ITouemMy MBI OCTBIBaeM: TeMIlepaTypa 4eJloBeKa
cHuzmack 3a 200 et

Original text: Temmeparypa  4eJIOBEYECKOrO
Tena cHu3uiaack 3a mnociiegnre 200 JeT, BBIACHUIN
uccnepopared w3 CTIH(OPOCKOTO  yYHUBEpPCHUTETA.
O cBOEM OTKpHITHM OHHM paccKa3ald B CTaTbe B
xypHane eLife. TemnepaTypa Tena 310poBOro yejioBeKa
KojeOseTcss B TEYeHWEe CYTOK B mpenenax 35,5-
37,2°C. Takas Ttemrieparypa CUYMTAeTCsl ONTUMAJIbHOI
JUISL TIOAJIepXKaHWsl HOPMAJbHON pabOTHl BHYTPEHHHX
OpPraHOB ¥ TPOTEKAHHS OUOXMMHMYECKMX pEaKiluii, a
TaKXe MO3BOJISIET ClepKUBaTh TPUOKOBbIE WH(EKIIUH.
Xorsa cpeaneil ¢ XIX Beka cumTanach Temmeparypa B
37°C, cerogHs OHa CYMUTAETCS MOBBIIMIEHHOH WM MHOTHUM
MpU TaKOM TOKas3aTelie HE3JIOpOBUTCA. PaHbime 3TO
CIHCHIBAJIOCH HA HETOYHOCTh MU3MEPEHUI TeMIepaTypsl B
MIPOLLIOM, HO TENepb OKa3ajaock, uyTo Jogu ¢ XIX Beka
JEUCTBUTEILHO «OCTBUIM». YUTOOBI BBIICHUTH, YTO Ha
caMoM JeJie npousonuio, mpodeccop xynmu [Tapconner
U ee KOMaHOa OOBCOVUHWIM TpH HaOOpa HaHHBIX.
[lepBrIii U3 HUX OXBATHIBAJI MOYTH 24 THIC. BETEPAHOB
Apvun Coro3a BpemeH ['paxkmanckoit BoitHel B CIIIA,
TeMIepaTypa KOTOPbIX M3MepsIach B MNEPUOA MEXIY
1860 u 1940 romamu. «MHe mNOTPeOOBATIOCH MHOTO
BpeMeHH, 4TOOB HaiiTh maHHele XIX Beka, rme ObDia
Obl MH(pOpMaNUA O TeMIepaTrype Tejla», — OTMedaeT
IMapconneT. OcTaybHble HAO0OpPBI JIAaHHBIX OXBATHIBAIM
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nepuoa ¢ 1971 mo 1975 rox u ¢ 2007 nmo 2017 rogn.
B ofmeil ciaokHOCTM KOMaHAa NpOaHAJIM3MpPOBaja
W3MEpeHusl TeMIlepaTypbl Tena 677,5 THIC. YelOBeK.
B cpeanem, Temmeparypa Tesna JIIOOEH CHUKalach Ha
0,03°C 3a gecatunete. Y MYXKUHH, POAMBIIUXCS
B Hauvase XIX Beka, Temmeparypa Tena Oblla Ha
0,59°C Bbllle, 4eM y MyXK4udH cerofgHs. [aHHble MO
JKEHIIMHAM CTald CcOOMpaThCsl HECKOJBbKO Mo3ke. Kax
BBISICHIUIOCH, TEMITepaTypa ux Teja cHusmnach Ha 0,32°C
¢ 1890-x romo. CpenHssi TemmepaTrypa Teja CETOfHs
coctapiysier okosio 36,6°C. TlapcoHHeT mpejuiaraet [Ba
JIOKa3aTesIbcTBA TOTO, YTO JIeJIO UMEHHO B CHIKCHHH
TeMmIlepaTypsl Tela, a HE B HEHAJEKHOCTH CTapbIX
TEpMOMETPOB. Bo-NepBbIX, TEHAEHLUS K CHIKEHUIO
TeMIlepaTypbl Teja MpOCIeKUBAETCS M B  TO3JHUX
WCCJIeJOBAHUSX, T/l UCTIONB30BAJIUChH YKe Oosee TOUHbIe
TepMOMETphl. «VI3MeHeHHsI, KOTOpble TPOUCXOAWIA B
1860-1960-x romax, Mbl HaOmOIAaeM TaKke B TEPUOJ
¢ 1960-x TOmOB MO CErOAHAIIHUIA AE€Hb, — TOBOPHUT
IMapconuer. — §I He jyMmaio, 4TO ecTh GoJblIasl pa3HUIIA
B TepMoMeTpax Mexay 1960-X ronqos u COBpeMEHHBIMI».
Bo-BTOpBIX, y MOXWIBIX JIOAEH TeMIeparypa Teja Oblia
BBIIIE, YeM H3MEepeHHas B TOM e Tromy y Oolee
MOJIOZBIX JHOAEH, TpHUYeM pasHHIa ObUla TPUMEPHO
OJVIHAKOBOM HE3aBHCHUMO OT roja. Takke, CpaBHUB
HECKOJILKO Tpynm IO  BO3pacTaM, MCClIeAoBaTeIu
YCTaHOBWJIM, 4YTO TeMIeparypa Teja CHHXalach WU Y
MOJIOIBIX, U Y TOKHJIBIX JHOAEH B OAMHAKOBOW CTETICHHU.
Eciu 6b1 mpoGiiema Oblla B TEpPMOMETpax, TO BBISBUTh
TaKWe TOYHbIE pa3iuuus ObUIO OBl CIIOKHO, CYUTAET
ITapconnet. B 1800-e roap! moau cTpajaiy OT MaJsApu,
TyOepKysie3a, IU3eHTepun, OOJe3Hel IoNOoCTH pTa U
MHOTHX JpPYTUX IPOJOJDKUTENBHBIX WM XPOHMYECKHX
3aboseBaHMil, oTMedaeT oHa. Ceifyac ¢ OOJBIIMHCTBOM
GoJie3Hell yaanoch CIIPABUTHCS, YTO M MOIVIO IIOBJUATH
Ha CHMDKGHHE TeMIepaTyphl Tejla: OpraHU3My He HY:KHO
Gosbllle TIOCTOSIHHO OOpoThCsl ¢ MH(pekumen. «Ha moii
B3I, JEJ0 B TOM, 4YTO, C MHKPOOHOJIOTHYECKON
TOYKM 3pEHHs, MBI OYEHb OTJIMYaeMCsl OT JHoJeH
IpouuIoro, — ropopur IlapconHer. — V¥V coBpeMeHHbIX
Jofeil MeHbllle WH(EKIMiA, Oyarogaps BaKIMHAM U
AQHTHOMOTHKAM, MO3TOMY Hallla UMMYHHasi cUCTeMa He
TaK aKTUBHA, a TKaHU OpraHM3Ma MeHee BOCIaJICHBI.
Ecim sto Tak, TO Temieparypa Tena IOJDKHA OblIa
Obl MOHM3UTBCSA W B JPYIHX CTpaHax, IJe 3J0pOBbe
Jofiell ynydimiock». Bpsn nu B Onmkaiiiiee Bpems
TemrepaTtypa Tejla 4eJOoBeKa 3aMEeTHO HOHU3UTCH,
cunrtaetr IlapconHer. «[lo HyNIs MBI HE OCTBIHEM, —
IIyTUT OHa. — ECTh Kakoi-TO Tpenes1, IpoCcTo s TMOKa
He 3Hao, rae OH». Kak M3MeHWIach TeMmIiepaTypa
Tela 4YeJoBeKa B OONBLIMHCTBE APYrHX CTpaH, ele
NpeACTONT y3HaTh. OpHAaKO, HanpuMep, pe3yJbTaThl
OpuraHckoro wuccienoBanus 2017 roma TOBTOPSIOT
BbiBozbl [lapconnetr. M3mepuB temneparypy Tena 35,5
THIC. 3[OPOBBIX OPUTAHIIEB, MCCJIEAOBATENN BBISICHUIIN,

YTOo B CpedHeM OHa cocTaBisgeT 36,6°C. OpHako
NOXWble OpHUTAHIB, B OTJIMYME OT AaMEPUKAHIIEB,
ObUTM  «IIPOXJIaJHEee» MOJIOIBIX. Takke TemIepaTypa
3aBHUCeNia U OT PAcOBOW MPUHAJJIEKHOCTU: TEMHOKOXHUE
PECTIOHICHTH OKA3NCh «TOpsUee».

Human summary: Temmepatypa 4YeloOBEYECKOTo
Tena cHu3miaack 3a mnociegnue 200 €T, BBISCHUIN
amepukaHckue wucciengosarem. B 1800-e roael oHa
coctamsuia 37°C, NpUYMHOH YeMy, BEpOSITHO, ObLIM
MIPONOJKUTENbHEIE W XpoHW4Yeckne Oose3Hdn. CeromHs
moau Gosiee 3A0poBbl — U GoJiee «IIPOXJIAIHBI».

Machine summary: TemmnepaTypa uYelIOBEYECKOro
Tena cHu3mwiach 3a mnociegHue 200 JieT, BBISCHUIN
uccnenoBaren u3 CTaH(OpACKOro yHHBepcuTeTa. Y
MY>K4YMH, poauBLUMXCs B Hadaje XIX Beka, TeMneparypa
tesna Obuta Ha 0,59°C BbIIe, 4eM Y MYXYHMH CErOJHS.
Panpizie 310 cruchBaJioch Ha HETOYHOCTb W3MEPEHUM
TEMIIEpaTypsl B MPOIIOM, HO Telepb OKa3aJioch, UYTO
moan ¢ XIX Beka JeHCTBUTENIBHO «OCTBUIN».

B. Artice Introduction

This is a summary of this article’s introduction section
with multilingual BERT and Sentence-BERT models:

Text summarization is the task of creating a shorter
version of a document that captures essential informa-
tion. Extractive methods form a summary as a combi-
nation of the original text’s chunks. These approaches
are usually reduced to classifying sentences of the ini-
tial document. We introduce a new extractive summa-
rization approach for Russian texts, which leverages
pre-trained BERT(Bidirectional Encoder Representations
from Transformers) [1] and Sentence-BERT [2]] models.
The proposed method forms a summary that has human-
natural storytelling order of sentences.

VII. Conclusion

Most modern extractive text summarization techniques
use pre-trained language models as a decent linguistic
feature aware foundation, that can be fine-tuned with ad-
ditional layers or used for embedding and next sentence
prediction probability estimation.

There are many works about English and other pop-
ular languages that leverage modern methods which
are significantly better than older approaches, but, as
for the Russian there are barely any works that use
attention-based models, which have been proved to work
better with longer sequences than RNNs, whereas text
summarization is all about sequences processing.

In this paper, we introduced a new approach to extrac-
tive text summarization, which uses pre-trained language
models and can easily be used for other languages.
The new algorithm orders sentences in a human-natural
way, making summaries easier to read. The proposed
summarization method achieved higher ROUGE-1 and
ROUGE-L [7] scores on the Gazeta dataset and was
preferred more in human evaluation.
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As for the future, we plan to go on with exploring
pre-trained language models’ possibilities in semantically
driven tasks, especially abstractive summarization.
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N3Baekarwiee agropedpepupoBanue
PYCCKOSI3BIYHBIX TEKCTOB € NMPHUMeEHEeHHEM
npeao0yUeHHBIX SI3bIKOBBIX MOjeJIel

ITonsxosa U.H., [Toropenbues C.A.

IpenoOydeeHble A3BIKOBBIE MOJEIM Ha OCHOBE apXu-
TekTypbl Transformer ycTaHOBWJIM HOBbIE PEKOpIbl Ha
MHOTHX 3aJjadax 0OpaOOTKH €CTECTBEHHBIX SI3BIKOB IIPH
UX 1000YYEeHUH UK UCTIOIb30BAHUH ISl TIOJy YeHHU T KOH-
TEKCTYaJM3UPOBAHHBIX CEMAaHTUYECKHUX BEKTOPOB. Mo-
JIeJI C MEXaHU3MOM MHOTOTOJIOBOTO BHYTPEHHErO BHH-
MaHHsl CTaqu Jy4IIUMU Ha 3ajiade aBTopedepupoBaHUS
AHIIOSI3BIYHBIX TEKCTOB, OJHAKO BO3MOXHOCTH IpUME-
HEHHUsI TMOJOOHBIX TOAXOIOB JIJISI PYCCKOTO SI3BIKA C1abo
M3y4eHbl. MBI TpeicTaBisieM HOBOE pelleHHWe 3aJaud
aBTOpebepupOBaHUsI TEKCTOB HAa PYCCKOM SI3BIKE, KO-
TOpOE JOCTUraeT JIyUlIUX pPe3yJbTaTOB MO HECKOJIbKUM
METpPUKaM OTHOCUTENIbHO JPYrux MoJesed, TakuX Kak
SummaRuNNer u moo6yuenasiii mBART s reHepu-
pylomiero aBTopedepupoBanus Ha garacere Gazeta. Pe-
3yJbTaThl paboTHl MPEJIaraeMoro ajaropuTMa sIBJIsIeTCs
OoJsiee TPEANOYTUTEIIHHBIM BapUAHTOM B OMPOCE Cpeau
CTY/IEHTOB.
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