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(@) Sentence Pair Classification Tasks:
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Collection of papers Summary

B I & @& |- = 3 E (@ [ Source
BanditSum: Extractive Summarization as a Contectu...
A novel method for training neural networks to perform
singledocument extractive summarization without
heuristically-generated extractive labels.

Yue Dong, Yikang Shen, Eric Crawford, Herke van Hoof, Jackit

A Survey on Neural Network-Based Summarization... We call our approach BANDITSUM as 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

in the summary (the action).

Yue Dong

SummaRuNNer: A Recurrent Neural Network based...

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

Ramesh Nallapati, Feifei Zhai, Bowen Zhou

A Deep Reinforced Model for Abstractive Summariz... im of this literature review is to survey the recent work

, o . I-based models in automatic text summarization.
Romain Paulus, Caiming Xioeng, Richard Socher

We examine etail ten state-of-the-art neural-based

MNeural Extractive Summarization with Side Informa...

Shashi Narayan, Nikos Papasarantopoulos, Shay B. Cohen

Prompters
Get To The Point: Summarization with Pointer-Gene...

SUMMARIZATION

Recommended phrases

summakubMer, a Recurrent Meural Network (RNN) based
sequence model for extractive summarization of
docurnents and show that it achieves performance better
than or comparable to state-of-the-art.

Our madel 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 novelty.

Another novel contribution of our work is abstractive
training of our extractive model that can train an human
generated reference summaries alone, eliminating the
need for sentence-level extractive labels.

Abigail See, Peter ). Liu, Christopher D. Manning mm
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Few contextual citation graphs are publicly available. The ACL Anthology Network (AAN)
(Radev et al., 2009) is one such contextual citation graph built from the ACL Anthology
corpus (Bird et al., 2008), consisting of 24.6K papers manually augmented with citation
information. CiteSeer (Giles et al., 1998) provides a large corpus consisting of 1.0M
papers with full text and bibliography entries parsed from PDFs. Saier and Farber (2019)
introduces a contextual citation graph of approximately 1.0M arXiv papers with full text
LaTeX parses where citations are linked to papers in the Microsoft Academic Graph.

M.Yasunagald.KasaiR.ZhangA.Fabbrjl.Li D.FriedmanD.Radeyv ScisummNetA Large Annotated Corpus
and Contentimpact Modeldor Scientific Paper Summarization with Citation Netwo#] 9.
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t h TopMirie& SyntaxNe& BigARTM

(2000 n-rpamm) Ha TepMUHbI / HE-TEPMUHDI

Train : Test = 1000 : 1000

{ cTaTuctudeckux npusHakos n3 TopMine

2 CMHTaKcu4yecknx npusHaka us SyntaxNet

3 TemaTnyeckux npusHaka n3 BigARTM, 30 tem

NBE MOAENUN KNACCUMPUKALNN:

NOTNCTUYECKAsl PErPeCcCust, rpaAueHTHbIA OYCTUHT

VN IO

Konnekuyms |D| = 3200 anHoTtauwnii ctateir NIPS (Neural
nformation Processing Systems), n = 500000 cnos

Py4YyHas pa3meTka HEDONbLLIOrO CAyYalHOro NOAMHOXECTBA

[ pynna npu3Hakos JlnHeHas mopens [ pagneHTHbIW DyCTUHT
Cunt | Crat| Tem |AUC | Tounocts |[Tonnota | AUC | TouynocTs | [TonnoTa
+ 0.83 0.20 0.91 0.83 0.20 0.91

+ 0.71 0.09 0.94 |0.73 0.11 0.90

+ 10.92 0.32 1.00 |0.95 0.32 1.00

+ + 0.88 0.22 0.91 0.88 0.24 0.91

+ + 10.91 0.36 0.91 0.95 0.34 0.99

+ + 10.93 0.29 0.94 10.98 0.34 1.00

+ + + 10.95| 0.38 0.91 (0.97| 0.41 0.99
Crat | < |Cun| < |Cun+Crat| < | Tem | < Crat+ Tem < | Crat+Cun+Tem

Cun+Tem

““#YleMuTthiueckne npguseakm Ty @lecTBEYHO NOBLILLAKT Ka4eCcTBO

0 __0 e & Cunerakciue@ue ppyBHRKT MPxHS HE ncnonbzosats P
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Topic modeling Speech recognition  Collaborative filtering Machine translation
latent variable prosodic feature web page word alignment
mixture model speech signal search result target language
topic model eye gaze recommender system bleu score
mixture component audio signal collaborative filtering parallel corpus
Gibbs sampling spontaneous speech word sense source sentence
multinomial distribution  topic segmentation ranking model translation model
Gibbs sampler acoustic feature web search machine translation
generative process ASR output user preference sentence pair
Dirichlet distribution switchboard corpus user profile source language

Dirichlet process audio data ranking score best list
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Style(AN
stylegan
latent code
mapping network
ablation study
text generation
generation quality
generator architecture
mask
encoder

gan model

dzO Iz ydz' ~

Meta Learning

meta model
meta train
meta optimization
meta update
meta testing
training task
continual learning
previous task
catastrophic forgetting

ablation study
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NERF

neural radiance field

accurate depth estimation

additional qualitative result

novel loss function

optical flow prediction

Image reconstruction loss
monocular depth prediction
geometric consistency loss

depth estimation method

optical flow network
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AnroputMmnyeckas pasmeTka JKcnepTHas pasMeTka 2
h—lepemm NoaW COBEPLLIAIOT NAoXMe MOCTYNKW, 3abbiBas O TOM, YTO, AaXe CKPbIB CBOW Hepenko noauW CoBeplIaloT nnoxue , 3a6bIBas O TOM, YTO, AaXe CKPbIB CBOW
MOCTYMNOK OT OPYruX, YeNoBeK He CKPOETCS OT CBOEU maecml |'-|Ta Xe Takoe OT ApYrux, YENOBEK HE CKPOETCH OT CBOEM COBECTU. YTO Xe Takoe
be3HpaBCTBEHHBIN nncwnm:‘?'| BesHpaBCcTBREHHBIW - - s'r-:- , HE beaHpaBaCTEE-HHI:IF‘ hncwnm{? hseaHpam:TBEHHblﬂ hocrynoni - 3T0 . He
COOTBETCTBYIOLWMIA MOpanbHBIM HOPMaM. COOTBETCTBYIOLWKMIA MOpanbHBIM HOPMaM.
MOXHO N onNpaenaTe 6&3HPaBCTBEHHBIM NOCTYNOK? MMEHHO 3Ty npobnemy B. . Hmmc: NK onpaeOaTh pe3HpaBCTBEHHbIA NOCTYNOK? MiMeHHo 3Ty npobnemy B. .
TeHOpAKOB NOAHWMAET B TekcTe. [JoKaxeM CKazaHHOEe NpuMepaMm ua TeHOPAKOR NOAHWUMAET B CBOEM TEKCTE‘| [loKaxeM CKasaHHOe NpyuMepaMi 13
NpencTaBneHHOro OTPbIBKA. NpencTaBneHHOro OTPbIBKA.
B TekcTe B. @. TeHOPAKOE rOBOPMT O TOM, YTO BO Bnaro cebe MOXeET Nerko E TekcTe B. ©. TeHOPAKOB rOBOPMT O TOM, YTO uennae@ BO Bnaro cebe MOXeT Nerko
COBEPIIMTE HASKWMIA NOCTYNOK, HE WUCMBITAB NPKU 3TOM YYBCTBO CThiAA. CMOXET COBEPLLUMTH HU3KWM IOCTYNOK, He UCNbITaB NPY 3TOM YYBCTBO CThida. HenoseK cMoXeT
onpaBaaTte CBOM nepen caMuMm coboi, 0bBACHUB NpU4YKHY. B npuMep agTop onpasOaTh CBOW [IOCTYNOK Nepen caMvM coboli, obbacHWB NpuynHyY. B NnpuMep asTop
NPUBOAMT NOBENEHME MEPOR, KOTOPBIA YaCTO B XW3HW COBEpLIan Be3HPaBCTBEHHbIE NPUBOAMT NOBENEHME MEPOA, KOTOPbIAM YacTO B XW3HKW COBEPLIan 6e3HPaBCTBEHHbIE
hﬂcrynm{. bH Bpari, Lupanc# 7 kpad M:I BAOMM, YTO A0 BOWMHBI FEpOo NPUBLIK nocwnxvi. OH Bpan, apancs 1 kpan. Mel BUOWM, YTO A0 BOMHBI FEpO NPUBLIK
coBeplUaTh Nnoxue nocTynku. OH Bcerfa onpaeabiBancs, MOTOMY YTO HE XOTeN HeCTH coBEpLUaTH nnoxwe NocTynk. OH Bcerga onpasibiBancs, NOTOMY YTO HE XOTEN HeCTK
OTBETCTBEHHOCTb 3a CBOM OEWCTBMSA, @ 3HaYMT He MCNbITbiBan My4YeHus maecnﬂ Mel OTBETCTBEHHOCTb 3a CBOM OEWCTBMS, @ 3HAYMT He MCMbITbIBAN MyYeHWsa coBecTK. Mbl
3HAEM, YTO MYKM @ — 3TO NepBOE K CaMOe CUNbHOE , KOTOpOe 3HaeM, UTO MyKW COBECTU — 3TO NEPBOE M CaMOe CMNbHOE HakasaHue, KoTopoe
YenoBek, COBEPLUMBLLMIA MNNOX0W NOCTYNOK. Ho Hall repoi He fony4a nony4aeT Yenosek, COBEPLUMBLLKMI NNOXOM NOCTYNOK. Ho Hall repoii He nony4an
HWKaKOro 1 MO3TOMY COBeplUaTh DEe3HPaBCTBEHHBIE m HWKaKOro HakasaHWa 1 NO3TOMY NPOAOMKaN CoBepllaTH H6e3HpaBCTBEHHbIE noc:rynxvﬂ
MpoaHanM3upoBaB NoBENEHWE MAaBHOMo repos, A yéeamMnach B TOM, UTO YENOBEK hpnananuanpcsae nosefeHWe rMaBHOMo repos, A ybeaunack B TOM, YTO YenoBek
0bs3aH HECTM OTBETCTBEHHOCTE 33 CBOU BCErna, M NO3ToMY A YTBEPXAAI0, o0bsA3aH HECTW OTBETCTBEHHOCTb 3a CBOM MOCTYNKK BCEraa, M NO3TOMY A yTBepXaalo,

4YTO HENbL3A ONpaBObliBaTe AaXe MENKKWE EEEH[}EIBETBEHHI:IE OCTYNKW. YTO Henb3d ONpaBObliBaTe AaXe MENKKWE EESHDBECTBEHHI:IE I'IDCT‘jﬂ'II{H|
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Gallia est omnis divisa in partes tres, quarum unam incolunt Belgae,
aliam Aquitani, tertiam qui ipsorum lingua Celtae, nostra Galli
appellantur. Hi omnes Iingua, institutis, |E'Qi|3lLJS inter se differunt. ; i
= Gallos ab Aquitanis Garumna flumen, a Belgis Matrona et Sequana Attack on RE!DLItatIDI“I. Smears
4 dividit. Horum omnium fortissimi sunt Belgae, propterea quod a cultu : : . :
J atque humanitate provinciae longissime absunt, minimegue ad eos MﬁmpU'ﬁ“’UE Wﬂrdlng. Exaggeration

mercatores saepe commeant atque ea guae ad effeminandos

Manipulative Wording: Loaded Language

animos pertinent important, proximique sunt Germanis, qui trans Justification: Appeal to Values
o Rhenum incolunt, quibuscum continenter bellum gerunt. Qua de
\ causa Helvetii quoque reliquos Gallos virtute praecedunt, quod fere
cotidianis proeliis cum Germanis contendunt, cum aut suis finibus
: eos prohibent aut ipsi in eorum finibus bellum gerunt. Eorum una ..
A Commissio

pars, quam Gallos obtinere dictum est, initium capit a flumine

Rhodano, continetur Garumna flumine, Oceano, finibus Belgarum, PUDUlUSQUE
attingit etiam ab Sequanis et Helvetiis flumen Rhenum, vergit ad
septentriones. Belgae ab extremis Galliae finibus oriuntur, pertinent Euro paea
~c¢c h o ™ e e ™ 7 c*h - a® “to ™ a t ~ " mm "™
>A Y @ < < — < V * < Z < — — r]
h o © e x t ™ 7 hh®*™ - aa te t™ a ’ e ’ a t ~ ™ mm ~
g . X, jaa te ey a 0 ¢ B2 ch

A SemEvaP023task 3.Detecting the genre, the framing, and the persuasion techniques in online news in dinguil
setup.https://propaganda.math.unipd.it/semeval2023task3

A G.Marting P.Nakowet al. A survey on computational propaganda detection. 2020.

A F.Alam P.Nakoet al. Overview of the WANLP 2022 shared task on propaganda detection in Arabic. 2022. 37
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fOL&BjSCO IsjCMmlsO:

MHE HayyHON DAHTACTMEM (4 COBETCKON, W 3anagHoi) npuwencs Ha 1960-1970-
e rogel. OpHako & 1970-x rogax 3TOT #aHp Ha4an NoCTENEHHO 33TYXaTh W
CXOQMTE Ha HeT, v & 1980-x Ha 3anage HaYMHAET HA0UPATE CHUMY #AHP
thaHTeaW. HOHEYHD e, 3T HECNYYaRHD. IMEHHD 1960-2 rogsl CTANK NMEOM
Hay4YHC-TEXHHYSCKOrO NPOrpecca 8 XX sexe. K TOMY SPEMEHM 3aK0HYMNack
NEpsan NONOSMHA YO CTONETHA, 33 3TH NCNCOTHY MeT Ouino waobpeTeHo

CTONGKD, YTO BCE KA3ANOCk BOIMOHHLIM, BEPUNOCE, YTO nporpect GygeT

HAPaCTATE N 3kcnoHeHTe | ISB05E = 310 MIlp DEayAEPRHOND COLMaNEHOro I
FRETYDHOSTEXHIYECROrD DRTMMASNE] Herosex NONIETEN & KOCMOC, 3aMyCTN 4 )

WCKYCCTEEHHEIE CYTHWEW W 330yManca of 0CBOEHUM pYTX NNaHET.

Ho 3707 NopHIE YeN08e4ecTES B Oy QyILes COZAAEAN ONPEAENEHHYD YIposy AnA
BNACTE MMYLLMX K3K HA 3anage, Tas v & Coeetckom Comse. M ywe B 1960-2
roge Nepes coTpYaHMEAMA TABUCTOLCKOTO MHCTHTYTA M3YYEHWA YEN0EEKa B
BenkoSpUTaHWM (MPUYE No MPOHWA CyaAs06! OH paCcNONaraeTcs B rpadoTee
JeEcHWHP, PAAOM © 4apTMYPCEAMA DONOTaMK, TAe paskrpEBanacs MpaYHas
gpama «Cofarw Backepenneits Koxad JoinA) Swna nocTaEneHa 3afada

NPHTOPMOSUTE HAYYHO-TEXHWHECKWA NPOTPECE NYTEM EHEAPEHWA ONPESENEHH 0
WHIDOPMALMOHHO-NCMXONONMSECKMX M OPraHu3aUMoHHLK Mogenel. B yactHooTu

CTapTOEANa patoTa No COSJAHWE MONOOEHHEX W HEHCEMX CyDKyNETYD W
OEMKEHWA (MMEHHO B 3T0 BPEMA KaK N0 33Kasy NoREMnick The Beatles, The
Rolling Stones, CcTan pa3sWMEaTLCA IKONOMTM3M).

(aHa W3 rNaBHslx 33034, NOCTAENEHHEN Nepel TABKCTOROM, 3By4ana Tak: to
stamp out the cultural opiimism of the 19605 (MCROpEHWTE, ERIPYOWTE, BRITDAEUTE
KYMBTYPHRIA onTUmMuas 1960-x rogos). A

HEI{CITIZIFII:IE MEHEE CNTHMWCTHYECKME HOTRI I:HE".- MOy MX Ha3BaTh
NECCHMUCTUYECENMM, HO OHKM ERIMMAZENN GONee CIOHHBMI, YEM NpOCTo

ONTHMWSM) NPOCNEXWEANACE ¥ PAOA NWCATENER B COUNATepe, B YACTHOCTH B Mepesi aoknan Puwceowy knySy (od cosgan 2 1068
rogy} HazmeancA allpeaens pocTas. B Hem
YTEE[HOAN0CE, YTO UENOEEYSCTED B CEOEM
WHIYCTPWENEHOM DSEEHTHN AGCTUING NPEISnoE,
¥3EHITOUHD SEENT H3 NDRPOSHYR CPELY, HAA0 TOPMOIMTE
MEOMEILNEHHO-3KOHOMWYECE0S PRIENTHE, NEPERIA &
aHyNEBOMY POCTYe. To 2Tk 50 NpoYEHTOE BL2Y CPROCTE
LOMEHD BOTH H3 HEATRANHIELRD He hpkiA

HECET MHOYCSTPWANEHOE DAEEWT, o

tHMrax Ctanucnasa lNema (QocTaTouHo NoYnTaTs ero eACTPOHaEToE: M
«Marennadoso ofnaros). OgHako oBlWWA HACTPOA COBETCKOM (DAHTACTUEN 40
cepegudal 1960-x rogoe Sein NPERMYLWECTEEHHD ONTHMWCTHYHEIM — 3TO BUZHO
W No TEOp4ecTsSy GpaThes CTpyraymx, v no pomadam Heada Edpemosa.

\\

NPUTOPMOSATE HAYYHO-TEXHWUECKWA NPOrPece NYTEM BHEAPEHWA OnNpenensH
WHDOPMALMOHHO-NCHXONOMAYECKME M OpraHM3aluoHHB MOgENEN.
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(C) relation relation classifier width
classification —— i candidate pair embed-
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(b) span X E = ;
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filtering S S S i — :
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M.Eberts A.UlgesSpanbased joint entity and relation extraction with transformer graining. 2020.
L.Anisiutin T.Batura N.Shvartsinformation extraction from news texts using a joint deep learning model. 2021.
Wayne Xin Zhao et @\ Survey of Large Language ModAlxiv 29 Jun 2023.
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Projection Layer Projection Layer
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Pretrained Encoder | Pretrained Encoder

Xiaoyall et al.A Unified MRC Framework for Named Entity Recognition. 2022.

S.Toshniwe

2t al. A CrosslTask Analysis of Text Span Representations. 2020.
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SoparKhosla et alLTlatCMUat SemEva2020 Task 1lncorporating MultiLevel Features for Mutti
Granular Propaganda Span Identification. 2020. Al
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[ononHWTEenLHbLIE BCTpEe4Yn C
pasMeT4mKamMH
! ! NoABneHwe HoBOroO HeJoNoHUMaHue
KaHOWOoaTa B Terv JanaHuAa 1N
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TemaTnueckoe Mogenu poBaHue )

3apaum,
Moaenn,

METOAbI, BXOA
aNropuTMel

aHanuia

AaHHBIX

BLIXOA

NOCTPOEHKE TeMaTUHECKIX
BEKTOPHBIX NpeACcTaBNeHnn
(3mBegnHros)

KONNEKUMA TEKCTOBBIX AOKYMEHTOB (06bekToB)
TPaH3aKUMOHHEIE AaHHble 06 obbekTax

MYNLTAMOAANBHEIE AaHHEIe 00 oBbekTax

W3 KaKHX TEM COCTOWT KaxAblA AOKYMEHT (0BbeKT)
W3 KaKWx TEpMOB (TOKEHOB, CNOB) COCTOMT KaXA3A Tema

CKONBKO PaZNMyHLIX TEM BCTE B KONNEKLMW

TEKCTOBBIX AOKYMEHTOB

€NOB, CACBOCOYETaHMY, hpas, dparMeHToB

k pb. , MYNLTHI AaHHBIX

MCKYCCTBEHHOTO WHTennekTa (Al) / MawurHHoro oBydenuns (ML)

pasgen
Hayku 0
AaHHBIX

obyueHnem Ge3 yuutens
(Gez pa3merkm aaHHEIX)

FIE!PE'(EKEK]IJ.LVI;I(R
C APYTUMK pa3genamm ananuzom Tekctos (NLP, NLU)

(DS)

nprMbIKaeT

k MHPOPMAUMOHHBIM NOWCKOM (IR)

MATKOW Knactepusaumn
K MeTogam (soft clustering)

Kknactepwsaumm (clustering)

\_  Khactepel = Tembl

HYKHO
ANs

NOHUMAHKA TEMaTHYECKOH CTPYKTYPbI KOANEKUMK

BM3YaNM3aLUMm

peleHna 3agay
TEeKCTOBOW aHaNUTHKW

pa3BeAoMHOre aHanu3a n

—
N UHTepnpeTaLlM
TEMATMYECKOro NOUCKa M GHALTPALNK
TEMaTUYECKOMN KAACTEPU3aLMM U BU3YaaU3aLmnm
Kna((mcbmauww W KaTeropuvsauum TeKcTos
TeMaTU4ecKon CerMeHTaynn TeKcToB
CyMMapM3aLmu TEKCTOB

CHHTE3a TeMaTHYeckmuX NPUIHAKOoB TeKcTa

NOHUMaHWA AaHHBIX

MCNOAb3yeTca B

COUNO TYMaHWUTaPHbLIX MCCAeA0BaAHWAX

( WHHOPMALWMOHHOM Noucke

PeKOMEHAATENbHBIX CHCTEMAX

aHaNK3e TEeKCTOBLIX AaHHbIX n3oBpaxeHUAMK
COBMECTHO C HETEKCTOBBIMH

\__ TP3H3AKUMAMK, NOTaMK, CHTHANMM

BEPOATHOCTHEIE MOAENW NOPOXAEHWA AaHHbIX

NPUHLMN MAKCUMYMa npasaonoaobus

Maremaruyeckue
OCHOBBI

perynapu3auma HEKOPPEKTHO MOCTaBAEHHBIX 38434

NpYBAMKEHHBIE MATPUUHEIE PA3NOKEHUA
EM-noao6ueie anroputmel

rpaduyeckie Mmodenn W Gakecosckoe obyyeHue

MaTemaThueckue
noAxoas! aqAMTVBHAR Teopema o
(MHOFOKpUTEPUaNLHaR) MakcuMAIaLAn
perynapusauma Ha cuMnaekcax
MynbTHMOAaNkHeIe (multimodal)
TemnopansHeie (dynamic, temporal)
OCHOBHbIE® nepapxu4eckue (hierarchical)
pasHOBMAHOCTA
Ao Moaenei TpaH3akuMoHHbIe (transactional)

rpagossie (graph, relational)

nocnejoBaTenbHele (sequential)

obyuaemble ¢ yunTenem (supervised)

peweHue npobnemsl HecGanaHCHPOBaHHOCTH TEM

Hay4HbIe
npo&aembl

OTKPLITLIE F aBTomaTHyeckmii nogbop runepnapamMeTpos

aBTOMaTUUECKan AETEKUMA HOBbIX Tem (TpeHAaos)

& WHTerpauyua HeilpoceTesbix Moaened NTM u LLM

TeMaTM4eckie MoAeNN BHMMaHWA

6ubnnotekn BigARTM

( METOANKN OUEHWBAHWA

OTKDBIThIE AaTACETh!

1) h had

h O*m;{mal_*“h’y*c‘o””'e’*'*o"vo X a

m t O

< — -

A h-

.

TemMaTnyeckoe
MoZeNnpoBaHue
MCroab3yeTcs
Ans

~\

ot o “hh**h’> 5 e ; m

< < % ) x < <

Y T mindniap C

MOHUMaHWA TEMaTUYECKOW CTPYKTYPbI BM3yaam3aymm
KONNEKLNN TEKCTOBbIX AOKYMEHTOB 4
4 \_ VWHTepnpeTauuu

TEMaTN4YeCKOro nomcka " q)MJ'IpraLI,MM
TeMaTn4yeckowu Knacrepns3aun n BnM3yaamsalnn

pPeWeHna 3ajau I(.:"IaCCMCIDMKaLLMH N Kateropusaunm TeKCToB
TEKCTOBOW aHaNUTUKU

TeMaTUYeCKOW CerMeHTauum TeKCToB
CYMMapu3aunnm TeKCTOB

CMHTE3a TEMATNYECKUX TTPUN3HaAKOB TEKCTA

\ pa3Bejo4yHOro aHajimsa  NOHMMaHWA AaHHbIX
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K.vorontsov@ial.msu.ru

http://www.MachinelLearning.ru/wiki?title=User:Vokov
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