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nepCHEKTVIBHbIe 3aAa4in NOHNMaHNA eCTeECTBEHHOIO A3biKa

nanoroBbi UHTENNEKT
OTBETbI Ha BOMPOCKLI, aBTOMaTN3aLmns yCryr n ooLeHnsa ¢ KNnMeHTamun

«MacTtepckasa 3HaHUW»
NMOWUCK NO CMbICIY, U YTO Aanblle genaTtb ¢ HaungeHHOU NMHJopMaLnen

AHTU-penK u aHTU-nocTnpaBOa
BblABJ1€HNE NMOTeHUNAJIbHbIX OMAaCHOCTEN B ONCKYpPCE
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KoHuenuua «Mactepckon 3HaHUN»

«OrpomHoe 1 Bce Bo3pacTatoulee boratcTBo 3HaHUU pa3bpocaHo ceroaHA No
BCEMY MUPY. ITUX 3HAHUN, BEPOATHO, Bbl10 Obl 4OCTATOYHO ANA PeLlEeHUsA
BCEro rpomMaaHoOro KosimyecTsa TpyaAHOCTEN HALLMX AHEN, HO OHM PacCesiHbl U
HeopraHM3oBaHbl. Ham HeEObXxoAMMa OYNCTKA MbILLNEHUA B cBOeobpa3Hon
MaCTEepPCKOU, rae MOXKHO NoJly4aTtb, COPTUPOBATb, CYMMMUPOBATb, YCBaUBATD,
Pa3bACHATb U CPABHMBATb 3HAHUA U naen.» — lepbepm Yansnc, 1940

(An immense and ever-increasing wealth of knowledge is scattered about the

world today; knowledge that would probably suffice to solve all the mighty

difficulties of our age, but it is dispersed and unorganized. We need a sort of

mental clearing house for the mind: a depot where knowledge and ideas are

received, sorted, summarized, digested, clarified and compared — Herbert Wells, 1940)

CerogHAa TexHonorum IR/ML/NLP no3sonaioT pelwaTtb Takue 3agaumn
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PyHKUMn «Macrtepckon 3HaHUN»

[MoabopKa — AONTOCPOYHbBIN NONCKOBbIN MHTEPEC MNOJ1b30BaTENA UM TPYNNbl
[TonckoBo-pekomeHaaTeibHble PYHKUUMN:

* MOWUCK TeEMATUYECKU B/IM3KMX AOKYMEHTOB NO noabopKe
* MOHWUTOPUHI HOBbIX IOKYMEHTOB MO TEMATUKE NOAOOPKM

AHanutnyeckme pyHKUUN:

* peKomMeHAauMua NnopaaKa YTeHUA JOKYMEHTOB BHYTPU NOAOO0PKM
* aBTOMAaTM3aumA pedepmnpoBaHnUa NOAOOPKK
* CcMUCTemaTU3aumna Tem, Uaeu, peeHmm, MHEHUU BHYTPU NoA00pPKM

KoMmMyHuKaTuBHble GYyHKLUUMN:

* COBMECTHOE COCTaB/ieHne, 0bcyKaeHne, NCNoJsib30BaHUe NoabopokK
*  WNHTEePaAKTMBHAA BU3yanm3auma n uHporpaduKa no nogbopke
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Munmn-cumnosnyM «TEOPUA N NMPAKTUKA UCKYCCTBEHHOI O UHTEJUTEKTA»

[Tonck n pekomeHgaumm B SciSearch.al

A O & https://scisearch.ai/

.
SEARCH COLLECTIONS

e

Topic Modeling for Opinion Mining

RECOMMENDED

FAFERS

Comparative Opinion Mining: A Review

12 use of natural language processing, text analysls and computational linguistics to identify and extr

Mowadays, internet has changed the world inta a 3l village. Social Media b gl
C IMIng and expensive ta | £ peap 3l Media has earned fame because it is a cheaper and faster communication provider. Beside i WCIE nedia i
1] guce T 3 I i noe tes and preser L amount of da | aa i l na 3 I
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[Tonck n pekomeHgaumm B SciSearch.al

é

7 O {n} 5y https://scisearch.ai/ = =

COLLECTIONS

MOOC (massive open online course

RECOMMENDED

i

A Survey of Natural Language Generation Technigues with a Focus on Dialogue Systems - Past, Present and Future Directions

One of the hardest problems in the area of Natural Language Processing and Artificial Intelligence is automatically generating language that is coherent anc

understandable to humans. Teaching machines how to converse as humans do falls under the broad umbrella of Natural Language Generation. Recent years have seen

srnd industry researchers. There have...

unprecedented growth in the number of research articles published on this subject in conferences and journals both by academic anc )

Capturing "attrition intensifying” structural traits from didactic interaction sequences of MOOC learners

=M= . nr=] =g = 2TTCE I=rMTia = =T = =
= = — = = L =N = = = = L~F = ALSLE

This work is an attempt to discover hidden structural configurations in learning activity sequences of students in Massive Open Online Courses (MOOCs). Leveraging
combined representations of video clickstream interactions and forum activities, we seek to fundamentally understand traits that are predictive of decreasing

engagement over time. Grounded in the interdisciplinary field of network science, we follow a graph based approach to successfully extract indicators of active and...

AN
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TexHonorna Tematu4vyeckoro nomcka BIgARTM

Cxema JKCNMepnmeHTa. OLI,EHKVI KadeCTBd MNOUNCKaA.
* OJINHHbIE 3allpOoChl (1 CTP. A4) mo4Hocms (precision@Kk) rnosiHoma (recall@Kk)
* 100 3anpocoB Ha KoJINeKUUto
» 3 aceccopa Ha Kaxabln 3anpoc 10| "= assessors  mon worddvec 10| T assessors - worddvec
» ot 10 go 60 MuHYT Ha 3anpoc e e
* pa3mMeTKka Ha AHaekc. Tonoka R e 5 ZE
* [BE KONMEKUMWN TEXHO-HOBOCTEW:  foo 7 T Besl el
Tk TechCrunch e jE======cccc=—cc
(170K Russian docs) (750K English docs) B N e T T

lanina A., Golitsyn L., Vorontsov K. Multi-objective topic modeling for exploratory search in tech news. AINL 2017.
lanina A., Vorontsov K. Reqularized multimodal hierarchical topic model for document-by-document exploratory search. 2019.



http://www.machinelearning.ru/wiki/images/3/34/Ianina17exploratory.pdf
https://fruct.org/publications/fruct25/files/Ian.pdf
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ABTOMaTu3auua pedepupoBaHus

OCHOBHbIe 334341 MallUHHOro obyyeHus:

 (dopmupoBaHue obyyatowen BbiIbopkn: paper =2 (refs, survey)
 PaHXupoBaHUe cTaTen ANA cueHapua pedepaTa

* Bblbop peneBaHTHbIX PPa3 N3 TEKCTA CTAaTbU AN KaXKAO0ro cyPnépa
* PaHXupoBaHue BblbpaHHbIX Ppa3 AnAa KaxKaoro cybpnépa

* Bblbop peneBaHTHOrO KOHTEKCTa NO AaHHOM CCbIIKEe, Hanpumep:

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.Yasunaga, J.Kasai, R.Zhang, A.Fabbri, I.Li, D.Friedman, D.Radev. ScisummNet: A Large Annotated
Corpus and Content-Impact Models for Scientific Paper Summarization with Citation Networks. 2019.
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Busyanusauua u guctaHtTHoe YyteHue (distant reading)
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OobnacTtb nccnegosaHuun «Fake News Detection»

FAKE NEWS DETECTION WITH NLP

-

Deception Detection

BblABNE€HME 0OMaHa B TEKCTE HOBOCTU

Automated Fact-Checking

aBTOMaTM4YecKasa nNpoBepKa PpaKTos

Stance Detection

BbifiBIeHMe no3numnn 3a/npoTus 3anpoca (claim)

Controversy Detection

BbliB/IEHME U KNacTepmu3laumsa pa3Hornacui

Polarization Detection

KnaccnduKkauma nosmumim no MHOrMmMm Temam

Clickbait Detection

BblABJ/IEHUNE I'IpOTI/IBOpe‘-II/Iljl 3dl0J/10BKa U TEKCTA4

Credibility Scores

OoueHKa A0CTOBepPHOCTN NCTOYHUKA NI HOBOCTHU

& 1

CLICKBAIT AUTOMATED
DETECTION FACT-CHECKING

STANCE
SN PoLARITY
-/

E.Saquete, D.Tomas, P.Moreda, P.Martinez-Barco,
M.Palomar. Fighting post-truth using natural
language processing: A review and open challenges.
Expert Systems With Applications, Elsevier, 2020.

DECEPTION
DETECTION
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Fake News u bnu3kue TeMbl UccrneaoBaHuUn
bubnnomerpuyeckmnim aHanuns no gaHHbim Google Scholar:

Uuncno nybnukayuin (no gaHHeiMm Google Scholar) HoBsble TpeHabl nocnegHunx 10 net
10 000 500 <
9 000 - 450 ¢
8 000 A 400 <
7 000 - 350 _
6 000 1 “ 300 }
5000 - 250 1}
] - /
4 000 A 200 ¢
3000 - 150 7§
2 000 — 100 _
1 000 50 } /
1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
—&— post-truth —&— information warfare — fake news  —— political polarization — fact checking — |anguage manipulation
—— deception detection — stance detection rumor detection — misinformation detection hoax detection

— propaganda detection — clickbait detection controversy detection deceptive opinion spam - virality prediction
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MuHu-cmmnosuyM «TEOPUA N TTIPAKTUKA MCKYCCTBEHHOIO MHTEJTUTEKTA» Q O v 4 O

Tunonorna noteHUuuanbHO ONACcHOro AUCKypca
n cuctema noasagady ML/NLP ans ero aetekuvn

BO3gencTeua =2 - nponaraHaa =2 uH¢.BOMHA
1. B MW petekuma npnémos MaHUNYANPOBaHUA

2. I BB pertekuuna 3amanymsaHuA

3. HE

4,

5.

6. ]

7. BB sbiasieHMe KOHCTPYKTOB KapTUHbI MUpa: ngeonorem, mmdonorem

8. I MM oueHnBaHMe BO3MOMKHbIX NCUXO-3MOLMOHANbHbIX peaKkunii

9. [/ MM BbiaBneHMe LeneBbIX ayauTopuUin BO34enCTBUA

10. HE

11. ]

12. B etekuua npamoit arpeccuu (yrposbl, NPU3bIBbI, MPOBOKaL MKW, BepbOBKa, IKCTPEMU3M)
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YeTbipe OCHOBHbIX TUNa noa3saaavy ML/NLP

1. Knaccndukauma tekcra (HOBOCTU Mau NpeanoXKeHUs) LeIMKom

2. Knaccudpukauma napbl TeKCTOB

* BblABNEHME NPOTUBOPEUYNMN, PA3HOI/IACUMN, 3aMANYNUBAHUSA
3. BbiaeneHune n Knaccudpukauma (termposaHme) pparmeHTOB TEKCTA

* neTekuusa NPMEMOB MAHUMYANPOBAHUSA
* BblAB/IEHME KOHCTPYKTOB KapTUHbI MUpPa: naeonorem, Mmponorem
* BbIAB/IEHNE NCUXO-IMOLMOHANbHbIX PEAKLMIN U LLeneBbiX ayauTopuin

4. Knactepusauuma uam tTematuyeckoe mogenmpoBaHue

* BblAABJIEHUE MHEHUWN KaK COYETAHUIN C/I0B, X CEMAHTUYECKUX PONEN N TOHANNIbHOCTEN
* BblABIEHUE KKAPTUH MMPA» — YCTOUUYMBBLIX COYETAHNUN MHEHUN N N0 10TeEM
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3agava BbigeneHnss MHeHUU B TeMe UM cCoobITUMN

P
... [pe3ungeHT MNeTp MopoLueHKo 3as8Bun, t—lTO[POCCMﬂ lqe-qaakro@ mcm@ykpamcme NPeAnpusTUSA, KOTOPbIE

Haxo4aTCcA Ha HenoAkoHTponbHOW Knesy Tepputopun. CerogHa AHP v JIHP "HaumoHannsmnposanu" ykpanHckume
npeaAnpuaTUA ... [1py 3TOM erm‘ﬁgaau.l,mmnpe,a,npmmmﬁ B JIAHP ... YkpanHa noTpebyeT paclumpuTb

CaHKLMM ... 3a BCe 3TV AeNCTBUS 0bA3aTeNIbHO HACTYNNT HakaszaHuWe. YkpanHa notpebyeT pacluMpeHns CaHKUUIA Ha TeX,
Loy

T
KT

KpanHckune npeanpusatus ... (Kiev opinion)

—

e —

... Mo cnoBam 3axapueHko, Knes BCTPeTUT CBO OHELL"... KneB BO3bMETCA 3a YM, U B Lenax cnaceHusa
—-—
CO6CTBEHHOW NPOMBbILLIEHHOCTV CHUMET 610Kagy ... O6CTaHOBKa, KOTOPYH MCKYCCTBEHHO CO34ana YKpavHa ¢ 6/10Kagou

'€
AoHbacca, BblHyAMNa ...BOM Hapo4 ... ecn B Knese 6blnn NpUHATLI Kakoe-nMbo NocTaHOBNEHNE ...
NONOXUTeNbHbIE pe3yNbTaThl, Kak B pecrnybnmnkax, Tak v B Poccmm]... Ecnn um yaactca cMeCcTUTh [INopoLLIEeHKO| NpY 3TOM

He pa3BanuTb YKpaMHy,I TO BCe BepHeTCA Ha CBOU MecTa ... (Moscow opinion)

Subject Object Agent [ Locative ] @ativa Iex@ S_eﬁgndent word

CnoBa «[llopoweHKo», «Poccnar», «YKpanHa» BCTPeyarnTca 0AMHAKOBO 4YacTo
«[lopoLlEeHKO» — cybbeKT B NepBOM TEKCTE U 0OBEKT BO BTOPOM

«Poccmna» — areHc B nepBOM TeKCTe U 1I0KauuAa BO BTOPOM

HeraTBHaAa TOHaNbHOCTb: «Poccua», «kKpemnb» B 1-om, «Knes», «YKpanHa» BO 2-OM
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3agava BbigeneHnss MHeHUU B TeMe UM cCoobITUMN

Sentences Dependency trees Modalities

>PO extraction Subjects Modalities | Pr | Rec | F1 Modalities | Pr | Rec | F1
Y TF-IDF 0.51 | 0.95 | 0.67 TF-IDF 0.57 | 0.97 | 0.72
= _ Objecs SPO | 059 | 07 | 0.64 SPO | 0.56 | 0.99 | 0.72
_— > — extraction \ — FR 0.86 | 0.49 | 0.65 FR 0.67 | 0.97 | 0.79
| — roles Sent 0.69 | 0.57 | 0.66 Sent 0.56 | 0.55 | 0.55
News collection —r—— ——— SPO—I— FR 0.86 0.68 0.76 SPO—I—FR 0.72 0.99 0.83
analysis words SPO+Sent | 0.83 | 0.78 | 0.81 SPO+Sent | 057 | 099 | 0.72
‘ FR+Sent 0.9 0.52 | 0.67 FR+Sent 0.73 | 0.97 | 0.83
X —J negarie All 0.7? 0.97 | 0.86 All .0.77 0.94 | 0.85
= = LPR Business Paris Trump

Sentiment lexicon Enriched sentiment
lexicon

MHeHne popmanmnsyeTca Kak YCTOMYNBOE COMEeTaHUE C10B, TEPMUHOB, MMEHOBAHHDbIX
CYLLHOCTEN, UX CEMAHTUYECKMNX poaen No PUNAMOPY N NX TOHANbHbBIX OKPACOK.
Bce oHM MCNONb3YIOTCA B TEMAaTUYECKOU MOAENN KaK OTAe/IbHble MOAA/IbHOCTM.

Feldman D. G., Sadekova T. R., Vorontsov K. V. Combining Facts, Semantic Roles and Sentiment Lexicon in A
Generative Model for Opinion Mining. Computational Linguistics and Intellectual Technologies. Dialogue 2020.



http://www.dialog-21.ru/media/5089/feldmandgplusetal-060.pdf
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Pe3rome

* [lpOTUBOCTOAHME Yrpo3am NOAUTUKU NOCTNPaBAbl — COUMA/IbHO 3HAYMMaA
3a/,a4a, MUCCUA U1 BbI3OB ANA Hay4YyHO-TexHonornmyeckoro coobuwecrsa ML/NLP

* [lpobnematuka Fake News Detection pacwimpaeTca ANA BblABAEHMUA
BCEX BMAOB NOTEHLMANbHO OMACHOIro ANCKYpPCa
(MaHMnynauumn, nponaraHabl, MTHGOPMALMOHHOMN BOMHDbI)

* 3TKW 3a4a4u BNOJSHE pellaembl coBpemeHHbimKu cpeactsamu ML/NLP.
OpraHM3aumMOHHO 3TO MOXET OBbITb MPOEKT C OTKPbLITOMN KOHLUENUUEN N KOAOM

 PelweHune Tpebyetr mexXancumnanHapHoOro noaxona, ooveamHeHnA yCUNNn
Al-MHXXeHepoB, IMHIBUCTOB, NCUXOJ1I0OTOB, MOJIUTOZIOTOB, }KYPHA/TUCTOB
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