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CopepaHue

1. ABontoLUA noaxonoB B 06paboTKe ecCTeCTBEHHOro fAA3blKa
— OT «CTeKa TEXHONMOMMmmn» K BEKTOPHbIM MOAEJIAM CEMaHTUKU



JBOoNOLMA NOoAX0oA0B B 00paboTKe eCTeCTBEHHOro fA3blKa

Jekomno3snuma 3agay no yposBHAM «nupammabl NLP» . o
*  MOPPONOrMYECKNN aHANN3, NEMMATU3ALUMA, ONEYaTKM,... m

* CUMHTaKCU4YeCKUM aHanus, sbiaeneHne tTepmmHos, NER,...
v Mopdonaorus
*  CeMaHTMYECKMI aHanu3, BblgeneHne GaKkToB, TEM,... —

Mogaenun BeKTOpPHbIX NpeacTtaB/iieHnit cnos (3ambeanHros)

*  MoAenn AUCTPUOYTUBHOM CEMAHTUKMN: - /WOML,
word2vec [Mikolov, 2013], FastText [Bojanowski, 2016],... UNCLE

e Tematmnyeckme mogenu LDA [Blei, 2003], ARTM [2014],...

AUNT

QUEEN

KING

HenpoceTteBble BEKTOPHbIE MOAEIN TOKANbHbIX KOHTEKCTOB
* pEeKYyppeHTHble HeEUPOHHbIe ceTn: LSTM, GRU,...
softmax "
vd

e «end-to-end» mogenn BHUMaHUA U TpaHCHOPMEPDI:
MallMHHbIM nepeBog, BERT [2018], GPT-3 [2020],...




CopepaHue

2. NpoekT «MacTepckasa 3HaHUN»
— COCT1aBJieHne N aHalJind TeMaTtn4eCKmnx I'IO,EI,60pOK HaY4YHbIX cTaTeu



KoHuenuua «Mactepckon 3HaHUN»

«OrpomHoe 1 Bce Bo3pacTatoulee boratcTBo 3HaHUU pa3bpocaHo ceroaHA No
BCEMY MUPY. ITUX 3HAHUN, BEPOATHO, Bb110 Obl AOCTATOYHO ANA PELLEeHUSA
BCEro rpomMaHoro Konn4yecrtaa TpyaHOCTEN HaWLMX AHEW, HO OHU PacCesHbl U
HeopraHmM3oBaHbl. Ham Heobxoamma O4YNCTKA MbILLIEHNA B cCBOeObpa3sHOM
MaCTEepPCKOU, rae MOXKHO NoJly4aTtb, COPTUPOBATb, CYMMMUPOBATb, YCBAaUBATD,
Pa3bACHATb U CPAaBHMBATb 3HAHUA U naen.» — lepbepm Yansc, 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)

CeroaHa TexHonoruu IR/ML/NLP no3BonaloT pewatb Takue 3agaumn



PyHKUMn «Macrepckon 3HaHUN»

[ToabopKa — AONTOCPOYHbIN MOUCKOBbBIN MHTEPEC NOAb30BaTENA UAU TPYMNbI

[MonckoBo-pekomeHaaTesibHble GYHKLUUN:

*  MNOUCK TEMATUYECKU BAU3KNX AOKYMEHTOB NO NoabopkKe
*  MOHMWTOPUHI HOBbIX AOKYMEHTOB NO TEMATUKE NMOADO0PKM
* BblAB/E€HUE HOBbIX HAay4YHbIX TPEHAOB MO TEMATUKE NOADOOPKMU

* KOHTEKCTHaA peKoMeHAaLUUsA CCbIJIOK «CM.TaKXe» B JOKYMeEHTax noabopKu

AHanuntnyeckme pyHKUuUN:

* MoJlyaBTOMaTM4YeCcKaa cymmapusaumna noadopku
* peKoMeHAaUuMA NopAAKA YTEHUA AOKYMEHTOB BHYTPU NoabO0pKM
* cucTematusauua noarem, uaen, moaenen, peleHnm, MHEHUN BHYTPU NoabopKu

KommyHUKaTuBHbIEe PYHKLUM:

* COBMECTHOEe COoCTaBneHune, obcyKaeHne, UCnosib3oBaHMe NoadopokK
*  WNHTEepaKTUBHAA BM3yanm3auma n niporpaduKka no noabopke
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One of the hardest prablems in the area of Natural Language Processing and Artificial Intelligence is automatically generating language that is coherent anc

[Fa)

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

unprecedented growth in the number of research articles published on this subject in conferences and journals both by academic and industry researchers. There have...
_.-i_ r
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Capturing "attrition intensifying” structural traits from didactic interaction sequences of MOOC learners
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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...
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[TlonyaBTOMaTU4eckKkas cymmapusaumsa nogoopKn

Q. Search in collection

Most quoted

Most recent

Collection of papers

BanditSum: Extractive Summarization as a Contectu...

Yue Dong, Yikang Shen, Eric Crawford, Herke van Hoof, Jacki¢

A Survey on Neural Network-Based Summarization...

Yue bong

SummaRuNNer: A Recurrent Neural Network based...

f

Ramesh Nallapati, Feifei Zhai, Bowen Zhou

Zhai, Bowen Z

A Deep Reinforced Model for Abstractive Summariz...

Romain Paulus, Caiming Xiong, Richard Socher

Neural Extractive Summarization with Side Informa...

Shashl Naravan, Nikos Papasarantopoulos, Shay B, Coher

Ranking Sentences for Extractive Summarization...

hashi Narayan, Shay B. Cohen, Mirella Lapata

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

Abigail See, Peter ). Liu, Christopher D. Manning

Recommended phrases

- = £ B @ g .
B I S 3 .8 = Sodree The aim of this literature review is to survey the recent
work on neural-based models in automatic text

summarizaton.

We examine in detail ten state-of-the-art neural-based
summarizers: five abstractive models and five extractive
models.

Neural-based models display superior performance on
automatically extracting these feature representations.
In addition, the current neural-based models have the
following limitations:

Prompters
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Annotate

Conclusion

AHOpel Bnacos. MeToabl NoayaBTOMaTU4ECKOM CYMMapm3aumMm noaodopok Hay4Hbix ctaten. MOTU, 2020

CeemnaHa KpbixcaHo8cKasA. TeXHONOrma nosyaBToOMaTUYECKON CyMMapu3aumm noabopoK Hay4yHbix ctaten. MTY, 2022



[TlonyaBTOMaTU4eckKkas cymmapusaumsa nogoopKn

KoHuenumna MAHS (Machine Aided Human Summarization)

1. Cuctema pekomeHayeT cueHapuul pegpepama, TO eCcTb
B KAKOM nopsagKe npoumnTupoBaTb CTaTbU U3 NOAOOPKHU

2. [onb3oBaTenb KOPPEKTUPYET NJ1aH B COOTBETCTBUU CO CBOMMMU LLEIAAIMU
3. B uuKkne no paHXMpoBaHHbIM CTaTbAM NOAOOOPKMN:

* MO/b30BaTeNb BbI3bIBAET (KNIMKAET KHOMKY) OAHOIo U3 cyghs1€pos8 No CTaTbe:
«KaK apyrme aBTopbl 0ObIYHO CCbIIAOTCA HA 3TY CTATblO», KOCHOBHAA NAEA CTaTbUY,
«MeToa», «K JOCTOMHCTBO», «KHeAOCTAaTOK», «pe3yabTaT», «BbIBOA» U T.A.

* CUCTEMA CTPOUT PAHKMPOBAHHbIN CNNCOK ppa3

* Monb3oBaTenb BbibMpaeT ppasy M3 PaHKUPOBAHHOIO CMIUCKA
* MO0/b30BaTeNb KOPPEKTUPYET PpPa3y N KOHTEKCT B COOTBETCTBMU CO CBOMMMU LENAMN

AHOpel Bnacos. MeToabl No/1lyaBTOMAaTUYECKOU CyMmMmapu3aumnm noabopok HayyHbix ctaten. MPTU, 2020



[TlonyaBTOMaTU4eckKkas cymmapusaumsa nogoopKn

OCHOBHbIe 334a41 MaLllUMHHOro obyyeHus:

 dopmupoBaHue obyyatollel BbiIbopku: paper =2 (refs, survey)
 PaH)XWpOBaHUe cTaTen ANA cueHapua pedepaTta

* Bblbop peneBaHTHbIX ppa3 U3 TEKCTA CTAaTbU ANA KaxKAoro cydnépa
* PaHXUpoBaHMe BbIOPaHHbIX ppa3 AN KaxKaoro cypaepa

* BblbOp peneBaHTHOro KOHTEKCTa No AaHHOMU CCbIZIKE, HanpuUmep:

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.

AHOpel Bnacos. MeToabl Nos1lyaBTOMAaTUYECKOU cyMmMmapu3aumnm noabopok HayyHbix ctaten. MOTU, 2020
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CopepaHue

3. O HeKkoTOpbIX 3aAavYax pa3Beao4vYHOro noucka

— MOMUCK OOKYMEHTOB MO AOKYMEHTam
— MHOrosi3bl4HbI NOUCK U KaTeropusauus

— BblABJ1IEHNE HAY4YHbLIX TPEHO0B



TexHonorna Tematu4yeckoro nomcka BIgARTM

Cxema aKkcnepumMeHTa: OueHKn KadyecTBa noucka:
* ANUWHHbIEe 3anpockl (1 cTp. A4) moyHocmb (precision@k) nonHoma (recall@Kk)
* 100 3anpocoB Ha KoJINeKUuto
» 3 aceccopa Ha Kaxxgbly 3anpoc 10} T assessors -on worddvec 10, T assessors -oe worddvec
» oT 10 go 60 MMHYT Ha 3anpoc e e
* pa3mMeTKka Ha AHaekc.Tonoka § | == e :
* [BE KOMMEKUMN TEXHO-HOBOCTEN: oo s~ Boo _—=Zic=” -
Tz TechCrunch R e e
(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

MynbTuA3sbIYHbIM TEMAaTUYECKUU NMOUCK U KaTeropusauus

[1aHHbIE:

* Hay4yHble cTaTbu elibrary
n ctatbn Wikipedia (100 A3bikoB)

* pybpukun YK n TrPHTA
/1Be 3a4a4u, oAHa MmoAaenb:
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Pybpuka

* TeMaTUYECKUN MOUCK AOKYMEHTOB MO AOKYMEHTaM

* Kateropmn3daund AJOKyYMeHTOB

OcobeHHOCTU peLueHuUn:

* MOAA/IbHOCTU: A3bIKN, PYOPUKM

* peaykuus cnosapeu (BPE-TtokeHnsauma)
00 11 TbiC. TOKEHOB Ha KaxKAblN A3bIK

* COKpaweHune moaenn c 12816 no 4.816
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1000 2000 3000 4000 5000 6000
Konn4ecTtBo JOKYMEHTOB

Cpennsist | Cpeannit | Cpennsia | Cpejiauil
Hassanue mozesm | 4actora | NPOIEHT | 4YacTOTa | HPOIEHT
VIK VIK | I'PHTU | 'PHTU
XLM-RoBERTa 0.835 0.179 0.832 0.288
Temarnyeckas mouesn | 0.995 0.225 0.852 0.3606




[lOUCK Hay4YHbIX TPEeHO OB

* TemrmopasibHaa memamu4yeckasa Mmooesib NocneaoBaTeIbHO A00byYaeTca Ha CTaTbAX,
Bbliweawmx 3a 30 aHen

* YnaéTtca getektmpoBaTb >60% n3 87 TpeHaoBbIX Tem (M3 obnactn Data Science),
BblAe/IeHHbIX SKCNepTamun B TedeHUe roaa nocae NoABAeHnA TeMbl

Aona tembl

Tema /

TemMa 8

Tema 9
Tema 10




[louck Hay4HbIX TPEHAOB .

TpeHOoB8asA mema:
* HanMyne CEMaHTUYECKOoro AaApa

2010 2012 201’ 2016 2018 2020 2022

* Ha/lMyne aHOMaAJZIbHOIO POCTA

Mpumepbl: AMHAMUKA YNOMUHAHUN TPEHAOBbIX TEM ——

Adona tembl

"
2010 2012 2014 20% 2018 2020 2022

. /
e p
YnoMuHaemMocTb
800
Deep
Q-Network
Convolutional Depth
Neural Network Estimation 400
22W2014 26W2014 22W2016 26W2016 200
0
2010 2012 2014 2016 2018 2020 2022

- J




[ToucK Hay4YHbIX TPEHAOB: NPUMepbl TemM

Topic modeling
latent variable
mixture model
topic model
mixture component
Gibbs sampling
multinomial distribution
Gibbs sampler
generative process
Dirichlet distribution

Dirichlet process

Speech recognition
prosodic feature
speech signal
eye gaze
audio signal
spontaneous speech
topic segmentation
acoustic feature
ASR output
switchboard corpus

audio data

Collaborative filtering
web page
search result
recommender system
collaborative filtering
word sense
ranking model
web search
user preference
user profile

ranking score

Machine translation
word alignment
target language

bleu score
parallel corpus
source sentence
translation model
machine translation
sentence pair
source language

best list



[ToucK Hay4YHbIX TPEHAOB: NPUMepbl TemM

StyleGan
stylegan
latent code
mapping network
ablation study
text generation
generation quality
generator architecture
mask
encoder

gan model

Meta Learning

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

ablation study

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



Pe3rome

* [lucppossbie mexHonozuu (Al, ML, NLP, NLU) roToBbl 4na aBTomaTU3aLUU
LLUIMPOKOro cneKkTpa 3aaay «MactepcKon 3HaHUN»

* OCHOBHOE AOCTOMHCTBO TEMAaTUYECKUX MOAE/IEN — MOKOOPAMUHATHAHA
MHTEPNPETUPYEMOCTb BEKTOPHbIX NPEeACTAaBEHNN TEKCTA

* MexaHU3Mbl aBTOMATUYECKOro Bblae/ieHUA TEPMUHOB, perynapulaumu,
MOJa/IbHOCTEN MO3BONAIOT CYLLECTBEHHO Yay4yllaTb Ka4ecTBO NOMUCKA,
KaTeropmsauuu, BblaeseHnsa TpeHa0B



Cnacum6o 3a BHuUMaHue!

BopoHuoe KoHcmaHmuH Bs4yecrnasosuy

O.d0.-M.H., npod. PAH,

3aB. Nnab. MawmnHHOro oby4yeHnUa n ceMaHTUYECKOro aHanmsa
MHctutyTa ckycctBeHHoro NHTennekta MI'Y

K.v.vorontsov @ phystech.edu

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



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

