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KoHuenuua «Mactepckon 3HaHUN»

«OrpomHoe 1 Bce Bo3pacTatoulee boratcTBo 3HaHUU pa3bpocaHo ceroaHA No
BCEMY MUPY. ITUX 3HAHUN, BEPOATHO, Bb110 Obl AOCTATOYHO ANA PELLEeHUSA
BCEro rpomMagHoro Konn4yecraa TpyaHOCTEN HaWMX AHEN, HO OHU PaCCesHbl U
HeopraHM3oBaHbl. Ham HeEObXoAMMa OYUCTKA MbILIEHUA B cBOeobpa3Hon
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/NLU no3BonAaloT peluaTb TaKme 3a4aum



JBoNnOLUA NoAXoaA0B B 00paboTKe eCTeCTBEHHOro fAA3blKa

TTTTT

*  MOPPONOrMYECKNN aHAIN3, NEMMATU3ALLMA, OMEYaTKM,... /m N

A ™
* CUHTAKCMYeCKUU aHanums, sblaeneHmne tepmmnHos, NER,...
v Mopdoaorus
*  CEMAHTUYECKMIl aHaN3, BblAeNIeHNe aKTOB, TEM,.. ARSI

Mopaenn BeKTOpHbIX npeacTaBaeHumn cnos (3mbeanHros)

* MmoAdenn ANCTpnbyTMBHOMN CEMAHTUKM: - )OM>
word2vec [Mikolov, 2013], FastText [Bojanowski, 2016],... UNCLE

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

( )] Cumres
leKomno3nuua 3aaad no yposHAmM «nupamuabl NLP» Hm/_

AUNT

QUEEN

KING

HeﬁpOCETEBbIe BEKTOPHbIE MmOoAe/in IOKAJIbHbIX KOHTEKCTOB
* pEeKYppeHTHble HeUpPOHHbIe ceTu: LSTM, GRU,...
softmax :
vd

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




PyHKUMn «Macrepckon 3HaHUN»

MopbopKa TEKCTOB — NOUCKOBbLIN MHTEpEC U paboyee NPOCTPaAHCTBO NO/Ib30BaTENA AU TPYNNb

[TouckoBo-pekomeHpgaTe/ibHble CepBUCHI:

°*  MOUCK TeEMATUYECKU BIU3KMUX AOKYMEHTOB No noabopke
*  MOHMUTOPUHI HOBbIX JOKYMEHTOB NO TEMATUKE NMOADO0PKM
* BbIfiB/IEHUE HOBbIX HAaYyYHbIX TPEHA0B NO TeMmaTuKe noabopKu
* KOHTEKCTHble pEeKOMEHAaLUUN B TEKCTE AOKYMEHTA U3 NoA00pKU

AHannTnyeckKkme cepBuchl:

°*  nonyaBTOMaTUYeCKaa cymmapusauma noaodbopku
* cucTemaTM3auma n KaptupoBaHue ngen (mindmap) no nogbopke
* peKkomeHaaumnsa NopAaKa YTEHUA AOKYMEHTOB Noab0pKu

Prompters
{ it ointer-Gene...
Lo L) v J cracon J ouice | e | conicin |

KoMMyHUKaTUBHbIE CepBUCHI:

* COBMECTHOE coCTaBsieHne, obcyXaeHne, NCNonb3oBaHMe NoabopokK
*  UWHTEpPaKTUBHaA BU3yanm3auma n nHporpaduka no nogbopke




[Tonck n pekomeHgauum (nportotun SciSearch.ai)

[MopbopKa nUrpaeT po/sib NOMCKOBOro 3anpoca U NOUCKOBOM Bblaa4yn OAHOBPEMEHHO

< = O () &) https://scisearch.ai/
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Topic Modeling for Opinion Mining = MOOC (massive open online course

PAPERS RECOMMEMNDED PAFPERS RECOMMEMNDED
{ Add to collections X
: - N ; & Survey of Matural Language Generation T ast, Present and Future Directions
Comparative Opinion Mining: A Review ] _5' _ = "_ BUSE = Exploratory Search =
MOOC (massive open online
nining refers to the use of natural language processing, text analysis and computation guistics to Identify and extract subjective information in textua One of the hardest problems in th course) y generating language that is coherent and

. . : f Matural Language Generation. Recent years have seen
Opinion Miningkend Sentiment N E !

parative opinion mining is a subfield of opinion mining that deals with identifying and extracting information that is expressed in a unprecedented growg Analysis with Togic Modeling soth by academic and industry researchers. There have...

- \ Textual Complexly and
n&Gee N cp Readabilicy

Topic modeling of genomic data

The survey of sentiment and opinion mining for behavior analysis of social media Capturing "attrition intensifying” structural t OC learners

This work is an atternpt to discover hidden structural ¢ Massive Open Online Courses (MOOCs). Leveraging

y ki e y y y y y combined representations of video clickstream intera rstand traits that are predictive of decreasing
) ) o MEW COLLECTIOMN o i )
allowed us to reduce the gaps of physical distance, it enerates and preserves huge amount of data. The data are very valuable and it presents association degres engagement over time. Grounded in the interdisciplin 1ach to successfully extract indicators of active and...
. pF
R 5GP AN



TexHONOrmAa TemMmaTnyecKoro nomcka

Cxema aKcnepmmeHTa: OLEeHKN Ka4yecTBa noucka:
* AMHHbIE 3anpockl (1 cTp. A4) moy4yHocmsb (precision@k) nonHoma (recall@k)
* 100 3anpocoB Ha KONMeKLUto
* 3 aceccopa Ha Kaxzabl 3anpoc Lol m— sssemsors = wondavec Lol == assessors  ——- wordvec
« oT 10 go 60 MMHYT Ha 3anpoc oA o wisa oA o pisa
+ pa3smeTka Ha AHgekc.Tonoka o T~ o
e [1BE KOMNMNEKLMN TEXHO-HOBOCTE: i, SSSEES I
E 0-8{7- ________________ 2 0.8
= 0.7] 0.7
T|_ TechCrunch e

(170K Russian docs) (750K English docs) E o s 20 s S 20

lanina A., Golitsyn L., Vorontsov K. Multi-objective topic modeling for exploratory search in tech news. AINL 2017.
lanina A., Vorontsov K. Reqgularized 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

[MonyaBTOMaTU4YecKoe pecepupoBaHMe NOoA0OPKN

KoHuenumna MAHS (Machine Aided Human Summarization)

1. Cuctema pekomeHayeT cueHapuul pegpepama, TO eCcTb
B KAKOM nopsaaKe npounuTupoBaTb CTaTbU U3 NOAOOPKU

2. [Monb3oBaTesib KOPPEKTMPYET NJ1aH B COOTBETCTBUM CO CBOMMMU LeIAMMU
3. B uumKne no paHKMPOBaHHbIM CTaTbAM NOADOOPKMU:

* MO/b30BaTeNb BbI3bIBAET (KNMKAET KHOMKY) 04HOro U3 cyghs1€pos8 No CTaTbe:
«KaK apyrme aBTopbl 0ObIYHO CCbIIAOTCA HA 3TY CTATblO», KOCHOBHAA NAEA CTaTbUY,
«MeToa», «K JOCTOMHCTBO», K HEAOCTAaTOKY, «pe3yabTaT», «BbIBOA» U T.A.

* CUCTEMA CTPOUT PAHKMPOBAHHbIN CNNCOK ppa3

* Mo/nb3oBaTenb BbiOMpPaeT ppa3y N3 PaHKUPOBAHHOIO CMUCKA
* MO0/Ib30BaTeNlb KOPPEKTUPYET PpPa3y N KOHTEKCT B COOTBETCTBMU CO CBOMMMU LENAMMN

AHOpel Bnacos. MeToabl No/1lyaBTOMAaTUYECKOU Cymmapu3aumnm noabopok HayyHbix ctaten. MOTU, 2020



[MonyaBTOMaTU4YecKoe pecepupoBaHMe NOoA0OPKN

PAPERS RECOMMENDED SUMMARIZATION

Collection of papers Summary Recommended phrases

B I & = = = ie E (= [ Source

BanditSum: Extractive Summarization as a Contectu... summaRuNNer, a Recurrent Neural 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.

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, Jacki¢

interpretable, since it allows visualization of its predictions
broken up by abstract features such as information
content, salience and novelty.

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... Anaother 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.

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

[-based madels in automatic text summarization,

tomain Paulus, Caiming Xiong, Richard Socher

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

MNeural Extractive Summarization with Side Informa...

Shashi Marayan, Nikos Papasarantopoulos, Shay B. Cohen

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

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

AHOpel Bnacos. MeToabl NoayaBTOMaTU4ECKOM CYMMapm3aumMm noaodopok Hay4Hbix ctaten. MOTU, 2020
CeemnaHa KpbixtcaHoscKas. TeXHONorma noayaBToMaTUYEeCKOM Ccymmapu3saumm noabopoK Hay4yHbix ctaten. MIY, 2022



[MonyaBTOMaTU4YecKoe pecepupoBaHMe NOoA0OPKN

OCHOBHbIe 334a41 MallUMHHOro obyyeHus:

dopmupoBaHme obyydarolen BbiIbopku: paper =2 (refs, survey)
PaH»XnpoBaHue cTaTen Ana cueHapua pedpepara

Bbibop peneBaHTHbIX ppa3 U3 TEKCTa CTaTbM AN1A KaXKA0ro cybnépa
PaHXXnpoBaHue BblbpaHHbIX ppa3 Ana Kaxaoro cypaépa

Bbibop peneBaHTHOro KOHTEKCTa Mo AaHHOW CCbIJIKE, HAanpumep:

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.



[MonyaBTOMaTU4YecKoe pecepupoBaHMe NOoA0OPKN

C6op paHHBbIX BblaeneHne o630pHOIA CueHapui pedepara PaH)>xnposaHue cdpas cTtatbm OueHka pe3ynbTaTos
[Jao: cTaTss, YacTU CTAaTbW (PaH>xXnpoBaHWe cTaTen (O606weHne cycpnepos) cyMMapusauumm
OMONMOMPaCMECKUM CrIMCOK _|—> OaHO: TEKCT CTATHM B noabopke) OaHo: OaHo: TEKCT CTATEM W ero pedepart, codpaHHLIR
HaiTH: i » Oauo: 0530pHaA YacTe CcTaTeM, SUGnWorpadvyeckii ;; g:;ig W UATHDVIOLLAE CT3TaM W3 (hpas cyonepa
1) TEKCTHI ECEX CTATEN W3 reference Hg“T“' CMUCOK M3 0O30PHOI YACTM CTATEM J A W UHTHDYIOW,

2) TRKCTEI BCEY CTATEN, KOTOPRIE DO30PHYHO 4ACTE CTATEM L | Haitu:
UMTHDYHOT QaHHYH CTATEH KpHTepHit: HaiTh: E::\T{:EJUBHHHHE CTHCOK (hpa3 asMpyIOUMACA Ha CPaBHEeHWe aHHOTALMK CTaTbi (MnGo
- . = ; ! HEMWCAHHOTo pediepaTtoE) C CTeHEpPWUPOBEaHHLIM

Kputepmid: 1. kauecTBO KnaccuipukaLm Ha NOPAAOK YOMUHAHIA CTATLEW NOABOPKY B pedepare pezyneTaTax cychnépa ( MeTola cyMMapu3aLig ) pehepaTom pethepaToE) pup

. . pasMedsHHoi Buifopre .
T]D;E;J;T:Fi.mmeﬁ ] 2. NOKPLITHE - CKOMLKO CTaTed 13 gg::fgab;“}inppenwﬂ Kenganna @ 4 4 KpuTepui:
GuSnuorpaWIecKoro CriMcka co BCem ﬁnonmorpaa:muecmrn LMACES CO BLeM @ ' i MeTpuka Rouge ®
TEECTOM HaWOeHo (B cpegHem) TEKCTOM HEIAEHO (B CpenHem)
2 CKONGKD TEKCTOE LIMTHDYHLLMX
CTaTel HaloeHo (B cpeaHem)

Cydnep HaxoaeHUA NpenioXXeHuH,

OueHka Ka4dyecTBa pEIGDThI
r KOoTOopklie HCNONb3YHOTCAHA ONA HanMCaHWUA

COBOKYMNHOCTHU cydnepos

| % [aHo: 0TpaH#MpOEaHHLIE hpassl padoTsl

uuTaT

cynepos
Moaens ANSA npeacKkasaHWUA, 4YTo PaH)>XMpoBaHWe nNpeanoXXeHumn HaiTu: _
NOCMEen0EaTeNEHO BRGHPATE HAMMYYLLVID
R e ——! [laHO: KITIOYEBbIE NPEANOXKEHNS (pasy ANA HOPMAPOBaHIA petepaTa
npegnoxeHNa 13 ULMTHPYHWLWHUX CTaTEeMH
[aHo: CTaThA, UMTHDYIOLWNE CTATEHM HaitTu: Kpurepui: T
: : pytow PEH¥MPOEaHHLIA CTMCOK KMIOYEBLEX MpegnoeHui Bei00p (pasel (W3 (pa3 HeCKOMeKMX Cynepos)
. C Haumydwen meTprkod ROUGE (cpagHeHwe C
HanTu: aHHOTALWER / HaNWCAHHEIM pedhepaTom) @

EEPOATHOCTE Y4TO JaHHOE NpeanoxeHne Gy0eT CNONL3088H0 AMNA
HEMWCAHWA UWMTaTk

KpuTepuii: @ Cydcdnep HaxoaeHWA UMTaT O CTaTbe U3
METDWUEM KNacCUDUEaLMM nar nr
P kel 0630pHbIX YacTel UMTUPYHOLLUMX CTaTer

CBA3blBaHWe BHYTPHUTEKCTOBbLIX BhlﬂEﬂEHHE TEKCTa FEHH{HPDBEHHE
uMTaT co ctaTbAMMU bubnuorpadumn UMTaThbI dpas-uuTar
[laHo: TEKCT CTATEM [laHo: pacnono¥eHWe EHYTPUTEKCTOBLIX LIMTAT B — 3/ [laHo: CTaTLA,

TEKCTE CTATEM TEKCTH! LIMTAT LMTURYHOLMY CTATER
Haiu: HaiTH: .
1. BCE BHYTPMTEKCTOBLIE UMTaTH (inline) _|—> aUTH: ) — Ha“T“i
2. BEIOENWTL CTATLM OnBnuerpadmyeckoro cnncka (RP) TEKCTOBLIN (DPATMEHT 1aHHOW LMTATE! NpopaHAMpOEaHLle DParMedTs! uMTaT

3. CBAZATL Meway CcoDol BHYTPWTEKCTOBRIE UMTETH CO .
. , Kputepun:
CTaTeAMK BWONMorpaMyeckoro cnMcka

- AHOpeu Bnacos. MeToapl
e acoxbma ® . D NoJlyaBTOMaTUYECKOW CyMMapu3aunm

Cydcdnep Haxo»aeHUa K4YeBbIX

G T noabopoK Hay4HbIX cTaten. MPTU, 2020

METDHEM KNaccuukaLmm

Buinenenve dpas Parwcnposanme dpas || CeemsaHa KpbixaHo8cKaA. TexHonorma

no COOTEETCTBMHO aHHOTaLU WK
[aHo: TEKCT CTATEM

> Bawo: care NONYaBTOMAaTUYECKON CYMMapU3aLmnm
Dpas3bl, KOTOPRIE HaWdonee NonHo oNWCLIEAT dHHOTaUWHD dWTH: @ I-I Opl60 po K H ayq H bIX CTaTe ﬁ . |v| I_y’ 202 2

NpopaH#K\poBEaHble DPAarMeHTel UMTaT

Kputepui:
Rouge c aHHOTaUWeR @



MynbTUA3bIYHbLIN TEMAaTUYECKUU NMOUCK U KaTeropusauus

AaHHble: g
* HayuHble cTaTby elibrary H—
1 ctatbm Wikipedia (100 s3bikos) H—

+ py6puKM TPHTM, BAK, Y/IK, O3CP - I ]

00000000

[1Be 33434, oaHa moaenb:
° Y, i A
TemMaTnyeCKkn nNONCK AOKyMeHTOB MO AOKYMEHTaAM
94%

* KaTeropmsaumsa 4OKYMEHTOB

TOYHOCTb
OcobeHHOCTH pelueHuUn: SN
* MOAANbHOCTU: A3bIKU, PYOPUKHK
* peaykuma cnosapeu (BPE-TokeHusauma) Knaccubmkatop PHTM BAK YOK O3CP

00 11 TbIC. TOKEHOB Ha KaXKAbl A3bIK

* COKpaweHune moaenn c 12816 po 4.876 TOUYHOCTb 31% 70% 86% 80%



[loUCK Hay4YHbIX TPEeHO OB

* TemmnopasibHad memamu4yecKkasa mooesib NocseaoBaTeIbHO A400DyYaeTcs Ha
CTaTbsAX, BbiweAawunx 3a 30 aHen

* Ynaétca aetektnpoBatb >60% 13 87 TpeHaoBbIX Tem (13 obnactu Data Science),
BblAEeNEeHHbIX 3KCNEePTAaMM B TeYEHME roda Nocae NoABAEHUA TEMDbI

Aona Tembl

Tema /

Tema 9
Tema 8

Tema 9 Tema 10
Tema 10 Tema 1




[loUCK Hay4YHbIX TPEeHO OB

TpeHOoB8aA mema:

* Ha/IMYMEe CEMAHTMYECKOro Aapa
* Hann4yme bbicTporo (0ObIYHO 3KCMNOHEHLMANIbHOIO) POCTa

Mpumepbl: AMHAMWUKA YNTOMUHAHUIN TPEHOO0BbLIX TEM

Adona tembl

\

Deep
Q-Network

Convolutional Depth \\

Neural Network Estimation ‘

22W2014 26W2014 22W2016 26W2016

2010 2012

201’ 2016 2018 2020 2022

2010 2012
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2014 20% 2018 2020 2022
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[loncK Hay4YHbIX TPEHAOB: NpUMepPbl TEM

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 alighment

target language
bleu score

parallel corpus
source sentence
translation model

machine translation

sentence pair

source language

best list



[loncK Hay4YHbIX TPEHAOB: NpUMepPbl TEM

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



TexHonorna temaTnyeckoro mogenumpoaHusa BigARTM

Knto4esble BO3MOXXHOCTW:
@ bonblwne paHHblE: KONNEKLNS HE XPAHUTCS B NaMATU
@ OHnaliHoBbIA NapannensHelii MynasTUMoganbHbln ARTM

@ BcTpoeHHaa bubnunoTteka perynaprusaTopoB U Mep KayecTBa

CoobuwiecTBo: 3.7M craTeit Bukunegun, 100K cnos: |Bpemsi min (nepnaekcusi)
@ OTkpbiThili kog https://github.com/bigartm npou. | [T] Gensim popal | BgARTH iifbiigo'\:
(discussion group, issue tracker, pull requests) 1 50 | 142m (4945) | 50m (5413) | 42m (5117) | 25m (5131)

| @ 1| 100 | 287m (3969) | 91m (4592) | 52m (4093) | 32m (4133)

(+) ,ﬂ,OKyMEHTa LA http://b|ga rtm.org ® A 1 200 |[637m [(3241) | 154m (3960) | 83m (3347) |[53m|(3362)

/ RT 2 50 | 89m (5056) 22m (5092) | 13m (5160)

> | 100 | 143m (4012) 29m (4107) | 19m (4144)

_}'||/||_||e|-|3m;| n cpega pa3p860TKM: 2 200 | 325m (3297) 47m (3347) 28m (3380)
3 50 | 88m (5311) 12m (5216) | 7m (5353)

@ CsobogHasi kommepyeckast nuueHsua (BSD 3-Clause) 4 | 100 | 104m (4338) 16m (4233) 10m (4357)

| | | 4 | 200 | 315m (3583) 26m (3520) 16m (3634)

@ Kpocc-nnatdpopmerHocts: Windows, Linux, MacOS (32/64 bit) 8 | 50 | 88m (6344) m (5648) | 5m (6220)

5 | 8 | 100 | 107m (5380) lOm (4660) 6m (5119)

@ VlHTepeiicel APl: command-line, C++, and Python 8 | 200 |[288m|(4263) 15m (3929) |[10m|(4309)

lanina A., Golitsyn L., Vorontsov K. Multi-objective topic modeling for exploratory search in tech news. AINL 2017.
Vorontsov K. Rethinking Probabilistic Topic Modeling from the Point of View of Classical Non-Bayesian Regularization. 2023.
http://www.machinelearning.ru/wiki/images/d/d5/Voron17survey-artm.pdf



http://www.machinelearning.ru/wiki/images/3/34/Ianina17exploratory.pdf
http://www.machinelearning.ru/wiki/images/d/d5/Voron17survey-artm.pdf

TexHoNnorna aBToMaTu4yecKkoro BbigerneHun TepMMNHOB

Ob6beanHeHune Tpéx TexHonormm: TopMine & SyntaxNet & BigARTM

nformation Processing Systems), n = 500000 cnos

(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 KnaCcCudpuKaLnu:
NOTNCTUYECKAsl PErPeCcCust, rpaAueHTHbIA OYCTUHT

Konnekuyms |D| = 3200 anHoTtauwnii ctateir NIPS (Neural

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

@ [emaTum4deckue NMPU3HAKN CYWECTBEHHO NOBbIWAKOT KAa4€CTBO

@ CuHTakcuyeckue MPU3HAKN MOXHO HE MCNOJIb30BATb
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