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Llenn n 3apgaymn uccnegosaHus

CO3JaHNEe TEXHOJIOTWN NOYaBTOMATNYECKOrO pecbeprpoBaHs
TeMaTMHeCKMX NoabopoK HayuHbIX CTaTell
(MAHS, Machine-Aided Human Summarization).

@ [lekomnosmpoBaTb 3ajady NOJyaBTOMaTUYECKOrO pedepmpoBaHus
Ha MOA33aAa4vM MaLIVHHOIO ODyYeHUs.

® CdopmuposaTs obyuvatollyto Bblibopky «nogbopka — pedepaT»
MO KOMNEKLMW HAy4YHbIX CTaTell.
© PaspaboTaTb anropuTmbl 0byyeHUs1 At OCHOBHbIX MOA3a4ayd:
@ reHepauus cueHapusi pedepara;
@ pPaHXupoBaHne CbpaS-KaHAI/I,D'aTOB ANA NPpOAOJIKEHNA ped)epaTa.

(4] OLI,eHVIHI/ITb Ka4eCTBO " Bbl60p Mogenn CcyMmmMapmnsaynn.
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Cncrema pasBenodHoro nomcka arxiv-search.mipt.ru
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HanucaHus pedepaTa

COLLECTIONS

PAPERS

Collection of papers

BanditSum: Extractive Summarization as a Contectu...

Yue Dong, Yikang Shen, Eric Crawford /an Hoof, Jacki

A Survey on Neural Network-Based Summarization...

Yue Dong

SummaRuNNer: A Recurrent Neural Network based...

Ramesh Nallapati, Feifel Zhai, Bowen Zhou

A Deep Reinforced Model for Abstractive Summari

Q search in collection

RECOMMENDED

Mostrecent  Most quoted

Summary

BI S = @@ B Soure

Anovel method for training neural networks to perform
singledocument extractive summarization without
heuristically-generated extractive labels.

We call our approach BANDITSUM s it treats extractive:
Summarization as a contextual bandit (CB) problem, where
the model receives a document to summarize (the context),
and chooses a sequence of sentences to include

n the summary (the action).

A policy gradient reinforcement learning algorithm is used
to train the model to select sequences of sentences that
maximize ROUGE score.

The aim of this literature review s to survey the recent work
on neural-based models in automatic text summarization.

We examine in detail ten state-of-the-art neural-based

Prompters

Conclusion

ukharenko

SUMMARIZATION

Recommended phrases

a Recurrent Neural
Sequence model for extractive summarization of
documents and show that it achieves performance better
than or comparable to state-of-the-art.

Our model has the additional advantage of being very
interpretable, since it allows visualization of its predictions.
broken up by abstract features such as information
content, salience and novelry.

Another novel contribution of our work is abstractive

need for sentence-level extractive labels.
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Hexkomnosnuus 3agaqun pedpepupoBaHus

@ PopmuposaHue obyyatoweii BoibopKu:

cbop maHHbIX, BblgeneHne ctaTei bubnunorpadun;

BbIAE/IEHNE BHYTPUTEKCTOBbIX CCbIIOK;

CBSI3blBAHNE BHYTPUTEKCTOBBIX CCbIJIOK CO CTaTbsiMu bubnnorpaduu;
BblAesieHne 0b630pHON HacTu cTaTby.

® Popmuposanme cueHapusi pedpepata (3agaqa paHXXMpoBaHNs).
© [MocTpoeHune pas-kaHANAATOB ANS NPOLOSKEHUsS pedbepaTa:
BblfeneHne KNtouesbix hpas B TEKCTe CTaTby;

BbleNeHne TeKCTa LnTaThbl;

BblgesieHne ppas 0ob OCHOBHbIX aCNeKTax AaHHOW CTaTbu;
paHXXupoBaHue dpas-KaHaNAaATOB.

O OueHunBaHne Ka4eCcTBa CyMMapu3aLuu.
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@PopmMuposaHue obyqatouleit Boibopkn (1)

Obyyatouasi BbIOOPKa AN peLleHns 3a4a4m CyMMapu3auuu
D ={(zj,y;):i=1,...,n}
Z; — HEYrNopsiLOYEHHbIN CNUCOK cTaTell bubnnorpadum i-oii cTaTby,

Y; — KOHKaTEHaUunA O630prIX CErMEHTOB, U3BJNEYEHHbIX N3 -0l CTaTbMU.

4

-~

3apaya dhopmMurpoBaHus oby4atolueli BEIOOpKM MO KOAEKLUN CTaTeld

o [aHo: Kosnekuyns Hay4HbIX CTaTeid.
@ Hantu gna kaxpoli cTtatbu:

@ cnucok craTeii bubnuorpaduu;
@ BHYTPUTEKCTOBbIE CCbIIKM Ha CTaTbu bubanorpadun;
o 00630pHYI0 YacTb cTaTby.
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Habop panHbix S20RC (O)

OcHogHble xapakTepuctukm gataceta S20RC

@ OnpegeneHbl BHYTPUTEKCTOBbIE LUTAThI

® OnpegeneHbl cTaTbn bubanorpaduyeckoro cnmucka

© CoeanHeHbl BHYTPUTEKCTOBbIE LMTaThl U CTaTbl bubnnorpadun

@ Paspenenbl TekcTbl Ha naparpadbl, 4acTb U3 KOTOPLIX MMEET 3aro/IOBOK
© Hannune meTagaHHbIX 1 aHHOTaLWIA.

Cratba
Moneii Texer ] H Bcero crareii 81.1M H
(ABC, 2019)_ ABC
— c PDF 28.9M (35.6%)
~(GhT, 2018)_ N
. ¢ bubnuorpadcpueii 27.6M (34.1%)
Bubnorpadma ¢ nonHbim Tekctom u3 GROBID  8.1M (10.0%)
"3 oee, 2017 ¢ nonHeim TekcTom u3 LaTeX 1.5M (1.8%)
3. Gnr, 2018 C aHHOTALMAMU n3gaTens 73.4M (90.4%)
BHYTPHTEKCTOBBIE YHTATHI Cratem Gubnuorpadum ¢ PubMed Vl,ﬂ,eHTVleVlKaTOpaMI/I 21.5M (265%)
craTenmn Onbmmarpsn crerenman v sopycs ¢ ArXiv naeHtudbukatopamm 1.7M (2.0%)
¢ ACL ugenTuchukaTopamm 42k (0.1%)
CrpykTypa gaTacera Cratuctuka no cratesim S20RC

Kyle Lo. S20RC: The Semantic Scholar Open Research Corpus. 2020
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https://github.com/allenai/s2orc

Bbiaenerune ob3opHoii yactu ctaten (n)

[MocTaHoBka 3agaqn

@ [laHo: CTpYKTYpupOBaHHbIV TEKCT CTaTbW, NOAENEHHbLIA Ha cekuuu,
Ka)k[asi CeKLMs nofenieHa Ha absaubl.

e Haiitu: nogMmHoxecTBo ab3aues, obpasytowmx 0630pHYO 4acTb
cTaThu.

o Kputepuii:

@ KauecTtBo Knaccmcukaymm Ha pasMeYveHHOl BbIbopKe.
@ [lokpbiTne — pgons cratein ns Gubnmorpadmyeckoro cnucka,
MPOLNTUPOBAHHBIX B BbIAENEHHON 0D30pHOIA YacTu.

e Habop aaHHbix: S20RC.

Obyuatowas Bbibopka

MuoxecTBo ab3aues kiaccmuumpoBaHbl Ha ABa Kiacca:

@ ob3opHble pazgens! «Introductiony», «Related work», «Backgrounds.
@ ocTasnbHbIE.

Bnacos A. B. MeToap! nonyasTomaTuyeckoii cymmapusauun 8 / 20



Bbiaenerune ob3opHoii yactu ctaten (n)

[MpusHakn

KOJINHECTBO UNTAT

o [ycToTa ccbinok = ;
KOIMYECTBO CMMBOJIOB B ab3aue

@ Konunyecteo nocnenoBaTenbHbIX NPEAIOKEHWNIA, BKAKOHAOLLMX
He meHee 1 unTaThl;
NOpPsIAKOBbLI HOMEpP CEKLUU

(*] |_|03I/ILJ,I/|$| CeKUMNN B CTaTbE = =
KOJINYECTBO CEKLUWNN

] VCpe,quHHaﬂ no3numsa BHYTPUTEKCTOBLIX LUNTAT B K3)K,D,OI7I umTaTte
1 n . o
_ 3 E i—1 NO3NLNA 7 BHYTPUTEKCTOBON LINTaThI

KOJINYECTBO CMMBOJIOB CEKLIN

rne n — KOJINHECTBO BHYTPUTEKCTOBbLIX LNTAT a63a|_|.a.

Pe3yanaTb| BblHNCNNTENBHOIO 3KCNEPUMEHTA

Mogenb Accuracy | NokpbiTue
Basosasi Mogesb (koIMHeCTBO CCbIIOK) 61% 56.7%
Gradient Boosting 82% 59.6%
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PopmMurpoBaHue cueHapus pedepaTa (i)

[MocTaHoBka 3amauu

o [aHo: HeynopsinodeHHast nogbopka craTei
@ HaiTtun: nopsagok ynomuHaHus atux crtaTeii B pedepaTe

o Kputepuii: koacuumeHT paHrosoli koppensiumn Kenganna
Ha oby4atoulein Boibopke

e Habop aanubix: S20RC

4

DopmuposaHue obyvatoLeii BbIGOpKY

i-li OBBEKT reHepupyeTcs No i-i cTaTbe M3 KOJUIEKLMN:

@ I; — MHOXECTBO CTaTeld, MPOLUTNPOBAHHbIX B 0630pHON YacTu;

@ y; — MOPsIAOK YNMOMUHAHUSA STUX CTaTbeli B 0630pHON YacTu.
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PopmMurpoBaHue cueHapus pedepaTa (i)

[Mpun3Haku

@ roa nybankauum ctaTbu

@ KOJMYECTBO LUTUPOBaHWiA CTaTbn / aBTOPOB CTaTby
® LUTUPYEMOCTb >XXypHana uan KoHdepeHLn

o Hanuuue nnaekcaumn (ACL, Pibmed, DOI, arXiv)

)
MocTaHoBKa 3aga4n paHXXMpoBaHUs Ansi hOpMUPOBAHUS CLEHAPUS

o a(d,c,w) — MOAENb PaHXXMPOBaHUS CTaTeli ¢, LMTUPYEMbIX B d
@ W — BEKTOp MapameTpoB MOAENU
@ ¢ < ¢ — nopsaaok UMTMpoBaHMA «c paHblie ¢’» B cTaTbe d.

Qw) = Z Z log(1 + exp(a(d, ', w) — a(d, c,w))) — min

d c=c

Pe3yn bTaTbl BbIYNCINTENBHOIO 3KCNEPUMEHTA

Mogenb T
Basosast mogenb (rog eeixopa cratbu) | 0.10
CatBoost ¢ nonapHbiM nogxogom 0.48
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Pat>xnpoBaHue dpas ans npoaokeHns cymmapusaumm (v)

MycTb umeeTcsa cueHapwnii pedpepaTa — paHXMpoBaHHas NMogOOPKa.

Cyhnép — 370 hpyHKLMS HaLleli CMCTEMBI, KOTOpasi BbIBOGUT
NoJIb30BaTEIO PaHXXMPOBaHHbLIV CMUCOK dpa3 0 3aaHHON CTaTbe
U3 cueHapus 4Ns1 NPOAOKEHUs pedpepaTa.

Mpumepsbl cycdnépor
@ KnroyeBble dpasbl U3 aHHOTALMM 1 TEKCTA JAHHOW CTaTbu.

® Dpasbl, ncnosib3yeMble B APYrUX CTaTbaX MNPU LATUPOBAHUN
OaHHOI CcTaTbn.

© Ppasbl U3 gaHHOK cTaTbu, Noxoxue Ha dpasbl
M3 UNTUPYIOWUNX CTaTe.

O Ppasbl 06 OCHOBHbBIX acNeKTax JaHHOW CTaTbu:
@ MeTOoJ, @ pe3y/bTaT @ Nest @ SKCNEPUMEHT @ BbIBOA @ 1 T.M.
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Pat>xnpoBaHue dpas ans npoaokeHns cymmapusaumm (v)

3apaya noctpoeHusn cydnépa, KoTopblii paHxupyeT cpasbl
U3 JaHHOI CTaTby, MOXOXWUE HA Ppasbl U3 LUTMPYIOLNX e CTaTeil.

[NocTaHoBka 3aga4u
o [aHo:

@ cratbs
@ MHOXECTBO LUTUPYIOLWMX eé cTaTell

@ HaiTun: paHxunpoBaHHbIiA cnncok cpas

o Kputepuii: kavectso cymmapusauun no metpuke ROUGE,
KOTOpasi CPaBHUBAET CreHEPUPOBaHHLINA pedepaT C HECKONLKUMU
pedbepaTaMu, HaNUCaHHBIMU JIOLEMM

e Habop aanHbix: CL-SciSumm
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Oby4atowasi Bbibopka CL-SciSumm (0)

Untupylowas crates Wcxopnan craten

o o DT

42 Global Features
Context from the whole document can be impor-
ant i C105Si Geppmoumat pamenyran PAIE alrcady
mentioned p hay appear in
abbreviated form when it is mentioned again later
Previous work deals with this problem by correcting
inconsistencies between the named entity classes
: assigned to different occurrences of the same entity
(Borthwick, 1999: Mikheev et al., 199). We of-
ten encounter sentences that are highly ambiguous
ious NER Sy ST TRV SXpIOTed FromaT T in themselves, without some prior knowledge of the
and reported their effectiveness. i (VAIOUT; 2002
Chicu and Ne, 2002), information about features as-
signed to other instances of the same token is uti-
| lized. (i and Grishman, 2005) uses the information
obtained from coreference analysis for NER. (Mohit
and Hwa, 2005) uses syntactic features in building a
semi-supervised NE tageer.

ontl

ntact

Uurata Cebinka
Mapkep ynratei:  Chieu and Ng, 2002 Cebinouniii npomexytok 1:Previous work deals with this
Teker yurater: In (Chieu and Ng, 2002), information problem by correcting inconsistencies between the

named entity classes assigned to different
occurrences of the same entity

about features assigned to other instances of the
same token is utilized
Vmeer ccounky:

Crpyktypa gaTtacera CL-SciSumm

CcbinouHbiii parmeHT (NPOMEXYTOK) — MPeSsIOKEHNE UCXOLHON CTaTbh, KOTOPOe UC-

NoNb3YyeTCA ONA COCTABNEHUA LUTAThbI.

Kokil Jaidka. Overview of the CL-SciSumm 2016 Shared Task, 2016
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http://ceur-ws.org/Vol-1610/paper11.pdf

Cymmapusauums Ha ocHoBe umTaT (v)

Cyhnép cTpoMT paHXMpOBaHHbLIA CNMCOK Ppa3 N3 JaHHOI CTaTbu,
NoXoXue Ha bpasbl U3 LUTUPYIOWMX €€ CTaTeii:

@ Bbiuncnenne Habopa Npu3HaKoOB:

@ KocunycHasi mepa 6a130CTU MeXAY BEKTOPHBLIMY MPELCTaBAEHUSMU:
o npegnoxeruii mogenn (TF-IDF, LDA, LSI, HDP)
o npepnoxenuii (ycpegHenHsix no cnosam) (W2V, WMD)

® CpasHetus Habopa N-rpamm:
@ KONMYECTBO ObLWMX bBurpamm
o ROUGE (-1, -2, -I f1)
e Sequence Matcher ratio

© [losnumoHHbIE NpU3HaKN:

o [lo3uuusi npegnoXeHns B UCXOQHON cTaTbe =
ﬂOpﬂAKOBbIVI HOMEP NpeanoXXeHns
KOJINHECTBO npe,u,no»(eﬂmﬁ B MCXO,D,HOVI cTaTbe
o [lo3uuusa npesnoXkeHns B CEKLUN NCXOLHOWR CTaTbu

o [lo3nuymsa cekumm B NCXoAHOW CTaTbe

® Ob6yuenune knaccudmkaTopa, NpeackasbiBaloLWEro, SABASETCA NN
NPEASIOXKEHNE U3 UCXOAHON CTaTb CCbIIOYHBIM MPOMEXYTKOM:
@ Random Forest @ SVM @ XGBoost @ CatBoost @ MLP
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Cymmapusauus Ha ocHose unTaT (v)

©® Cymmapusaumna: PaH>xnpoBaHue no BeposiTHOCTU NPEAJIOKEHWN U3
NCXOOHOW CTaTbn
o TOn-1 pechepat (oTBOP HanNy4LWMX NpesnoxeHuii B pecepaT J0 JOCTUXKEHUS
orpaHny4eHust CoB)
o Ton-3 pecbepat (Hamny4wuii no ROUGE pedpepat u3 Tpex creHepupoBaHHbIX,
Kak Ton-1 pedpepar)
O OueHka pe3ynbTaToB CymMMapusauunm
e 7 - pecbepaT, HanucaHHbIl aHHoTaTOpoM gataceta CL-SciSumm
o s - pecbepaT, CreHepupoOBaHHbIA CUCTEMOI]
ROUGEx(s) = KOJINYECTBO nepekpbiBatownxcst N-rpamm(r, s)

konnyecto N-rpamm B 1

_LOS(X)Y) LCS(X,Y)

(1+ B?)RresPres Rics = s =
Ixr [Y]

Rros+ B?Pres
roe LCS(X,Y) pnvHa makcumanbHoii obLyeli NoAnociefoBaTeNbHOCTH
pecbepatos X n'Y, § = Lros

Rrcs”

ROUGE; =

Chin-Yew Lin. ROUGE: A Package for Automatic Evaluation of Summaries. 2004
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https://www.aclweb.org/anthology/W04-1013.pdf

Pesynbtatel ans ton-1 pedpepatos

System summaries vs. Human summaries
MLP_hdp_Ida
b&st 2018

catboost_hdp_lda
catboost_w2v_seq_rouge_f1
catboost_hdp

MLP_w2v_seq

catboost_all
xgboost_w2v_seq

catboosf_Ida
MLP_w2v_seq_rouge_fl Mowm mogenn
ML fidp o A
xgboost_jac
9 MLdea @ Haunyywan mogens 2018
xghoost_w2v_seq_rouge f1

xgboost_baseline
xgboost_hdp
MLP_baseline
catboost_w2v_seq
xgboost_Ida
xgboost_all
xgboost_hdp Tda
catboost_jac
xgboost_w2v
ac
svm_baseline : 4 I I
0.00 0.05 0.10 0.15 0.20

Rouge-2-f1

models

@ Hauny4lume MPU3HAKMN, KOTOPble AAOT YAy4lUeHne ANs BCEX
KJ1aCCMPUKATOPOB:
e w2v @ wmd e Ida @ hdp @ seq match

@ Haway4lwmne KnaccudunKaTopbl Ha Pas3inyHbIX Habopax NMPU3HaKOB:
@ MHOFOC/IONHBINA nepuenTpoH @ catboost
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Pesynbtatel ans ton-3 pedepatos

System summaries vs. Human summaries
catboost_top_3_hdp_Ida
MLP_top_3_hdp_lda
MLP_hdp_Ida
MLP_top_3_all
xgboost_top_3 hdp_lda
catboost_top_3_all @ Mou Monenu Ton-3
best_2018
xgboost_top 3 all @ Mou mogenu Ton-1
catboost_hdp @ Haunyywias mopens 2018
MLP_all HannyuUas MONEs 2018

catboost_all

xgboost_all
xgboost_hdp_lda
0.00 0.05 0.10 0.15 0.20 0.25
Rouge-2-f1

models

@ Metpuka ROUGE gns ton-3 pedpepatos ny4dwe, Yem gns ton-1
pecbepaTtos Ha 15-19% B 3aBucumocTn ot knaccudukaTopa

o Jlyywnin knaccucbukatop gis reHepuposaHust Ton-3 pedepaTos
coBnagaet ¢ Ton-1 pedepatos
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BbiHocuTCcs Ha 3awuTy

@ [lpegnoxeHa AeKOMNO3MLMS 334341 MOJYaBTOMATNYECKOrO
pecbepnpoBaHnst Noabopok Hay4HbIx cTaTeli Ha 13 nogszagay
Knaccudrkaumm, paHXNpPoBaHNs 1 CyMMapu3aLnn TEKCTOB.

® CoszpaH NpoTOTWN CUCTEMBI MONYaBTOMATUYECKOTO pedheprpoBaHuUs.

© B skcnepumeHTax NokasaHO NPEUMYLLIECTBO NPESJIOXKEHHbIX
METOAOB MO CPAaBHEHUIO C N3BECTHBIMU PELLEHUSMU.

HanpaBneHus ganbHeiunx nccieqoBaHunii

@ PeannzosaTb nosHblii Habop cydnépos

@ [lpennoxunTb KpUTEpPUiA KayecTBa CyMMapu3auun ¢ y4€ToM BCeX
cychnépos n aeicTenii Nob30BaTENS

© BreapnTb nonyasTomMaTnyeckoe pedepnposaHme B
MOVNCKOBO-PeKOMEHAATENbHbIN cepBuc https://arxiv-search.mipt.ru/
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[Mpunoxxenue. MNpumeps! cpaBHuBaeMbix pedepaTos

CreHepupoBaHHbiii Ton-1 pecepar

News article headlines are a rich source of
paraphrases; they tend to describe the same event in
various different ways, and can easily be obtained
from the web. We compare two methods of aligning
headlines to construct such an aligned corpus of
paraphrases, one based on clustering, and the other
on pairwise similarity-based matching. We show that
the latter performs best on the task of aligning
paraphrastic headlines. In the study described in this
paper, we make an effort to collect Dutch paraphrases
from news article headlines in an unsupervised way to
be used in future paraphrase generation. News article
headlines are abundant on the web, and are already
grouped by news aggregators such as Google News.
We aim to build a high-quality paraphrase corpus.
Where previous work has focused on aligning
news-items at the paragraph and sentence level
(Barzilay and Elhadad, 2003), we choose to focus on
aligning the headlines of news articles. Part of the
data in the DAESO-corpus consists of headline
clusters crawled from Google News Netherlands in the
period April-August 2006. Using headlines of news
articles clustered by Google News, and finding good
paraphrases within these clusters is an effective route
for obtaining pairs of paraphrased sentences with
reasonable precision. We have shown that a cosine
similarity function comparing headlines and using a
back off strategy to compare context can be used to
extract paraphrase pairs at a precision of 0.76.

Bnacos A. B

PedepaT aHHoTaTOpa

This paper talks about Clustering and matching
headlines for automatic paraphrase acquisition. For
this purpose it is necessary to have a monolingual
corpus of aligned paraphrased sentences. We compare
two methods of aligning headlines to construct such
an aligned corpus of paraphrases, one based on
clustering, and the other on pair wise similarity-based
matching. News article headlines are abundant on the
web, and are already grouped by news aggregators
such as Google News. It is clear that k-means
clustering performs well when all unclustered
headlines are artificially ignored. In the more realistic
case when there are also items that cannot be
clustered, the pair wise calculation of similarity with a
back off strategy of using context performs better
when we aim for higher precision.
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