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MacrepcKaa 3HaHUMU:
OT MOUCKA UHPOPMaALMUUN K MOHUMAHUIO
M CUCTEMATU3ALUU HAYYHbIX 3HAHUN

BopoHuos KoHcmaHmMuH BayecnasosuyY

/\,MT 0.¢.-Mm.H., npopeccop PAH, 3aB. Kadpeapon UHTeNNeKTyanbHbIX cuctem MOPTH,
~  3aB. Kadeapou MawmMHHOro obyvyeHuna n umdposon rymaHnTapucTnkn MOTH,

A 3aB. Kadeapon maTemaTU4eCcKnX metoaoB NporHo3nposaHna BMK MY,
I I pyKoBOAUTENb N1abopaTopmm MalMHHOIO 0by4YeHUA N CEMAHTUYECKOTo aHann3a
MI'Y MHCTUTYTa UCKYCCTBEHHOro uHTtennekta MIry um. M.B. JlomoHocoBa



MacTtepcKkasa 3HaHUU: OT NOUCKA MHPOPMaALUN
K MTOHMMAHUIO N CUCTEMATU3ALUM HAYYHbIX 3HAHUM

1. «MacTepckaa 3HaHUU» — KOHUENuUMAa 1 cepBuUChI
2. A3blkoBaa moaenb SciRus n 6eHumapk RuSciBench
3. TemaTnyeckoe moaenmpoBaHue

4. ABTOMaTMU3aUMA KapTUPOBAHNA 3HAHUN

5. ABTOMAaTM3aUMA KOHTEHT-aHa/1M13a



KoHuenuua «Mactepckon 3HaHUN»

«OrpomHoe 1 Bce Bo3pacTatoLlee boratcTso 3HaHMMN Pa3bpocaHo ceroaHA No
BCEMY MUPY. DTUX 3HAHUWN, BEpOATHO, O6b1s10 Bbl AOCTAaTOYHO ANA PELIEeHMA BCEro
rPOMaaHOro KoaimyecTsa TPYAHOCTEN HALWWKUX AHEN, HO OHU PACCESAHbI U
HeopraHn3oBaHbl. Ham HeobxoaMma O4YMUCTKA MblLLIEHNA B CBOEOOpa3HOM

MaCTepCKOM yMma, rae MOXKHO

noJsiyyatb, COPTMPOBATb, CYMMUPOBATb,

yCBauBaTb, Pa3bACHATb U CPAaBHUBATb 3HAHUA U naen.» — lepbepm Yannc, 1940

(An immense and ever-increasing wealt
world today; knowledge that would pro

n of knowledge is scattered about the
nably suffice to solve all the mighty

difficulties of our age, but it is dispersec

mental clearing house for the mind: a depot (cks100 ¢ macmepckoli)
where knowledge and ideas are received, sorted, summarized, digested,
clarified and compared — Herbert Wells, 1940)

Tenepb TexHonoruu IR/NLP/L

and unorganized. We need a sort of

LM no3BOANAIOT CTaBUTb U PellaTb TaKMe 3a4a4m

3



YTOo Takoe «3HaAHua»

KoHuenuwua DIKW

MYyZAPOCTb camMoe rnaBHoe.

%’ (Wisdom) CMbICAbIl, LEHHOCTW, LEenn, 3aga4yu

MHGOPMaLNA, CTPYKTYPUPOBaHHas

INFORMATION N @

3HaHMA ANA yaobcTBa NOHUMaHWNA U
(knowledge) NPakTUYeCcKoro NCNoab30BaHUA

nHbopmayns pe3ynbTaT 06paboTKN U
(information) aHa/In3a AaHHbIX

o

DATA =

AaHHble 3aperncTpupoBaHHble GakThbl
(data) OKpYy>XaroLLen peasbHOCTH

TexHonornm 6onblunx A3bIKOBbIX Moaenen (Large Language Model, LLM)

NMNO3BOJIAKOT BblAEe/1IATb SHAHUA U UOEU

U3 TEKCTA N CNCTEMATUSNPOBATDb UX



JBonOLUMA noaxoaoB B 00paboTKe eCTeCTBEHHOro A3blKa

AdeKkomno3unuuna 3agayv no yposHam «nupamuabl NLP» /\m
*  MOPPOSOrMYECKUN aHaAIN3, NeMMaTU3aLMA, ONeYvaTKuy,... ;”'m\\_

°* CUHTAKCUYECKUN aHanum3, BblaeneHme tepmmnHos, NER,... " “
v Mopdoaorus
e CEeMaHTMYECKuUi aHanus, BblgeneHve GaKkTos, Tem, ... AT

BekTOopHble npeactasneHun cnos (embeddings)

° Mmogenn gucTpubyTMBHOMN CEMAHTUKM: - /’WOML,
word2vec [Mikolov, 2013], FastText [Bojanowski, 2016],... UNCLE

e Tematudeckue moaenu LDA [Blei, 2003], ARTM [2014],... P

AUNT

KING

Bonbliue asbikosble moaenu (BAM, LLM)
* peKyppeHTHble HeENPOHHbIe ceTun: LSTM, GRU,...
softmax "
vd

e «end-to-end» mogenn BHUMaHUA, TPaHCHOPMeEPDI:
Google NMT [2016], BERT [2018], GPT-3 [2020], GPT-4 [2023],...




OT noucka nHpopmauum K «kMactepckon 3HaHUN»

HepoctaTku 06bIMHOrO NOMUCKA: (5o g|e

* KaK UCKaTb HOBble 3HaHUA?

* YTO AeNaTb C HAWAEHHbIM? Ya ndex Bai'&ﬁré

MacTtepckaa 3HaHUU — UHCTPYMEHTapPUM Ans paboTbl C TEKCTOBbIMMU
MCTOYHUKAMM Ha BCEM KMU3HEHHOM LIMK/Ie HAYYHOrO NpOoeKTa:

° LY TEKCTOBbIE AOKYMEHTbI — YTOObI COXPaHATb UX M HAKaN/IMBaTb

°* HaKanamMBalo — 4YTODObI X NEePeYnTbIBaTb, aHA/IM3NPOBATb, MOHMMATb

°* NOHMMAK —4YTODObI NONIY4aTb, 0bpabaTbiBaTb, CUCTEMATU3INPOBATL 3HAHUSA
°* CUCTEMATU3UNPYIO —YTODObI NPUMEHATb U NepeaaBaTb 3HAHUA U MyOpPOCMb

Tenepb TexHonoruu IR/NLP/LLM no3BonsaioT cTaBUTb U pellaTb Takue 3a4a4u



Hay4yHbIM nonck Ha ocHoBe LLM n UN-areHToB

[Eﬁ] perplexity * Consensus Paper2Agent — nHtepaktusHbIn NU-areHT
https://github.com/jmiao24/Paper2Agent

A\ NotebookLM ‘\i ' SEMANTIC SCHOLAR | |

Paper MCP servers Eibihita aatine
- i : . ' - o N ' » w~ H ing F
ot * YA ‘%ﬁm Input: papers i @ <Paper>_mcp.py : FREENIE T
€ Elicit @ ChotPDF :
4 —_— ' LLM without setup
v ResearchRabbit i

Chat with interactive and reliable paper agents

|
I "
I [ | ‘Y _paper> Agent
: Tool K : |
: User: Apply this paper's method to
Paper2MCP [ .. lnstruct ions for | my dataset
[ Manuscri pt scientific task 1 |

OTKpbITble npobnembl UN-cuctem: comor e | | | s o

link scientific task 2 ! results are presented below:

* KaK 3apUKCMPOBaTb A0TOCPOYHbIN T | TR
TEMATUYECKUI MOUCKOBbLIN MHTEpEeC? s, S SN ——
* KaK Bbl4e/IATb U KaK OOHOBAATb 3HAHUA?
* Kak obecneynTb SICHOCTb NPeACTaBAEHMUA ‘
3HAHUN — KNOCMOTPE U BCE MOHAN»? = \ Z‘%—- L e (D
* KaK BKJOYUTb KKONNEKTUBHbIN pasym»? :

Implemented tools


https://github.com/jmiao24/Paper2Agent

Al Scientist: Fully Automated Open-Ended Scientific Discovery (2024)

Q Idea Generation &@== Experiment Iteration —= Paper Write-Up 5
' Cnanapbl 8-12 n3 poknaaa

_ : ---------- X HOpua BaneHTMHOBKUYA
_ b[ LLM Idea/Plan J _>[ Experiment ] : Experlments '. Manuscript ] Bu3nabTepa

Innovation Template T lat
P > em: e Ha KoOHPpepeHunn KNN-2025
l l
[ Text A via ]
: : LLM & aider
Novelty Check Code &_vla : Update Plan :
Sem. Scholar LLM & aider + K L J
l l """ l T [ Manuscript ] MCTOUYHMK:
* The Al Scientist: Towards Fully
ldea scoring / Experiment Numerical LLM Paper Automated Open-Ended Scientific
archiving Exec Script Data/Plots Reviewing Discovery, 2024

Al Scientist — npouecc Hay4YHbIX OTKPbITUN, OCHOBAHHbIM Ha LLM.

[eHepauua naem n oueHmBaHMe NX HOBU3HbI.

OnpeaeneHne meToaoB NMPOBEPKU rMNOTe3, BK/IOYAA aBTOMATUYECKYIO reHepauuto Koaa.

ABTOMATUYECKOE BbINOJNHEHUE 3KCNEPMUMEHTOB ANA cbopa pe3ybTaToB, BKAOYAA AdHHbIE, TpaduKu, Tabaunubl.
Pe3ynbTaTtbl 060CHOBbLIBAOTCA, 0O BACHAOTCA M CYMMMPYIOTCA B oTyeTe LaTeX.

ABTOMATUYECKU reHepunpyeTcsa 0630p B COOTBETCTBMM C COBPEMEHHOU NPAKTUKOM Ha KOHdepeHumnax no ML.

Al N e



Al Coscientist: Multi-Agent Al System Built with Gemini 2.0 (2025)

BcnomoraTtenbHaa cuctema AN co3AaHuA HOBbIX
runoTes, uccaeaoBaTeNbCKMX NpeanoxKeHUm u
3KCNepuMeHTa/IbHbIX NPOTOKO/10B

[locTpoeHa Ha Gemini 2.0

Acnonb3yer:
* paclMPEHHbIe BO3SMOXKHOCTM pacCyXAeHUN N CUHTE3a

MO CNOXHbIM TEMAM;
° Ccneumnmanm3npoBaHHbIE areHThl,

BAOXHOBJ/IEHHbIE HayYHbIM meToaom: Generation,

Reflection, Ranking, Evolution, Proximity, Meta-review.

NTepaTUBHO reHEPUPYIOT, OLLEHUBAIOT U YTOUYHSAIOT TMNOTE3bI

C NOMOLLbIO aBTOMaTUYeCKOM 0bpaTHOM CBA3MW.
B3anmopencrame c cMCTeMOM OCYLLLECTB/IALTCA Ha eCTECTBEHHOM A3bIKE,

UCMNOJIb3YHOTCA Be6-MOUCK U cneunaansnpoBsaHHblIe Moadenun 1%
ANA 0b60CcHOBaHMA U yaydweHunAa reHepaunm runoTes.

MpunoxkeHna s buomeguuyuHe.
KayecTtBo paboTbl NnoATBEPHKAEHO PeaibHbIMU 1abOPATOPHbIMMU

KCNnepumeHTamm no nepenpoduInpoBaHmNIO NEKaPCTB,
OOHapYKeHUo uenen U N3y4eHUo YCTOMUYMBOCTHU K
MPOTMBOMMKPODOHbIM NMpenapaTam.

Scientist inputs The Al co-scientist multi-agent system
2k Research plan - Generation Agent -1
Research goal configuration AT
— Literature exploration
Scientist describes a Simulated scientific debate
Scientist research goal along with Al co-scientist
preferences, experiment Ranking Agent The Al co-scientist
. Reflection Agent H =
constraints, and other tournaments 9 continuously generates,
The scientist interacts attributes. Full review with web search reviews, debates, and
wuth the system by Research hypotheses Simulation review improves research
specifying a research Add idea comparison and ranking : hypotheses and
goal in natural language. A with scientific debate in Tournament review proposals toward the
They can also suggest b tournaments. Limitations Deep verification research goal provided
their own ideas and Discuss research and top win-loss patterns by the scientist.
proposals, provide are summarized and 11
feedback and reviews, provided as feedback to s
_and interact via a chat qther gge.nts. This enab[es Inspiration from other ideas Tool Use
interface to guide the Research proposals and iterative improvement in Simplificati L
co-scientist system. overview quality of research gl s Search
hypothesis generation Research extension .
i — Top'l'anked research creating a Additional M
Discuss via 7 hypotheses and proposals self-improving loop. Proximity Check Agent
chat interface are summarized into a
research overview and Meta-review Agent

shared with the scientist. Memory
-t Research overview formulation

The Al co-scientist system design

lllustration of the different components in the Al co-scientist multi-agent system and the interaction paradigm between

the system and the scientist.

Research overview

. . > Researchgoal — + Configuration — Supervisor Agent s with
Scientist *““\\ detailed hypotheses
\ l Assign agents to workers \
Y 1
Additional Worker
feedb?ck Generation Agent -— Proximity Agent Worker
| _—
‘\u
N l \ l Worker
T Reflection Agent .- Meta-review Agent Worker
Al
l >< l - Context
Ranking Agent -— Evolution Agent - A Memory

Al co-scientist
Al co-scientist specialized agents

Al co-scientist system overview. Specialized agents (red boxes, with unique roles and logic); scientist input and feedback

(blue boxes); system information flow (dark gray arrows); inter-agent feedback (red arrows within the agent section).

NcTouHuK: https://research.google/blog/accelerating-scientific-breakthroughs-with-an-ai-co-scientist



Al Scientist (2025)

OpenAl Plots Charging
$20,000 a Month For
PhD-Level Agents

By Stephanie Palazzolo and Cory Weinberg

openAl

UcTouHuK: https://www.theinformation.com/articles/openai-plots-
charging-20-000-a-month-for-phd-level-agents

Ctatba Al Scientist v2
rnpoLusia crienoe

Sa ko nNa.ga i peLeH3upoBaHue

Ha Bopkwon ICLR-2025

The Al Scientist Generates its First Peer-Reviewed Scientific

Publication

March 12,2025

NcTouHuK: https://sakana.ai/ai-scientist-first-publication/
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Al4Research (2025)

Al for Scientific
Comprehension

% Textual Scientific
Comprehension

& Table & Chart
Comprehension

. O

Al for Academic Survey

. 1P , .P £
=}= Related Work N 4% N I‘L’lﬂfl ¢y Significance
= Retrieval . = | 2253, Mining ‘- Assessment
- y e Z
1 ® Overview Report __ I?E Them}f &: = e
- Generation Analysis - Conduction
Fuﬂ -Automatic Discovery

---------------------------------------------------------

é Semi-Automatic
Academic Writing

Full-Automatic
Academic Writing

Reviewing

@ ,
D
Post-
Review

o o mm mm mm mm mm mm mm o o omm e mm o mm mm mm mm mm mm mm m mm mm o mm mm o O mm m mm m mm mm mmm mm mm mm mm mm mm mm mm wm mm o omm mm mm mm om

‘-----

Al for Scientific Comprehension Al for Scientific Discovery Al for Academic Peer Reviewing
() A () N Q)
v © v © v
Al for Academic Survey Al for Academic Writing

Al4Research: A Survey of Artificial Intelligence for Scientific Research (LARG, ntonb 2025)

-_— e e Ew o e

11

Al4Research
can be divided into
five key areas:

(1) Al for Scientific
Comprehension,

(2) Al for
Academic Survey,

(3) Al for
Scientific Discovery,

(4) Al for
Academic Writing

(5) Al for Academic
Peer Review.



Al4Research & Al4Science (2025)

[ Taxonomy ]

[ |

Al for Academic Al for Academic Al for Scientific Al for Academic Al for Scientific
Peer Reviewing (§7) Writing (§6) Discovery (§5) Survey (§4) Comprehension (§3)
I I | ] 1
Y m— 1 e W — — — 1 y — — — —
= 2> —
2 |2 A= g 2| |ggl |8
| s 3| |B=llBe| |o=| |o8| [E| [2E]| |2| |99 | =| |85| |83
o ' - SeE||2 2 E Sz 3 5 = & =gc R TR T3
P~ 3 % ==l|&2| |[§%| |&= = g < 5 2 ~ e S 5
@ < = = Z = T = = 1 g5 = 2 " o = == — =
. @ o = = 4 = ~ & D tn =. 5 = = 5 5 =J7
2120 (E] |ES||EE| (S8 |55] [E]| [2E| |f| |2®| [FE| |&2| |&%
= = : — = T
= o = 23| |&3 > g — 8 = = B — S 7 5 8. 5 5
Lon =] ~] P = —_ = Lon = —_ N E‘* LN = O = — D —_— .
N > = wn O wn O AL SR con Ny B 1 b o = -
) — N, o) o)) — o U = — — @ Lo = Lo
- & E - & 3 ~ = N
AlI4Science Al4Research
Scope = Scientific Discovery, il Data Analysis. ¢ Broader Research workflows.
Goal " Scientific Breakthroughs. ~/ Publications, “+ Methods, »~/ Overall Productivity.
Applications Material Discovery, ¢ Drug Design, </ Genomics, etc. | L.J Comprehension, Writing, 9 Peer Review, etc.
Target Users | ¥ Research Experts. Both ¥ Research Experts and 7 New Scientists.

Table 1: Comparison and discussion between Al4Science and Al4Research, especially in terms of scope, goal,
applications, and target users.

Al4Research: A Survey of Artificial Intelligence for Scientific Research (LARG, utonb 2025)



KoHuenuusa cepBucoB «MacTtepckon 3HaHUN»

MoabopKa TeEKCTOB GPUKCUPYET TEMAaTUKY MOUCKOBOTO MHTEepeca N0/1b30BaTe ISl UAM rpynnbl
PacwunpeHHasa noabopKa: + pe3yabTaTbl NOMCKA CEMAHTUYECKU BIU3KUX TEKCTOB

[TouckoBo-pekomeHpaTeibHble CepBUCHI:

°* MNOUCK CEMAaHTUYECKU BAN3KUX AOKYMEHTOB NO noabopke
® KOHTEKCTHbIM NOUCK MO pparmeHTy JOKYMEHTA U3 NoaO0pPKM
®  MOHUTOPUHI HOBbIX AOKYMEHTOB NO TEMATUKE NMOoaO0pPKM

AHanuUTU4YeCKue cepBuUCHI:

°* NoayaBTOMATM4YeCKoe pedepupoBaHmne nogbopKu

* TemaTu3auma, KAPTUPOBAHME, OHTONIOIM3aAUUNA NOADOPKNU

* XPOHO/0OrM3auusa, BbiiBNEHME TPEHAO0B NO TEMATUKE NoAO0PKM

* KOHTEHT-aHa/u3, cbop U aHaNU3 PaKTOB U3 JOKYMEHTOB NOAOOPKMK

KoMMyHUKaTUBHbIE CepBUCHI:

e CcoBMecCTHOe obcyXaeHune, aHanmns, UCnosb3oBaHUe NoabopPoK
e CO3JaHMe HOBOIro KOHTEHTa B COaBTOPCTBE Ha OCHOBE NoAOOpPKMK




Heknapauusa npuHuunoB «MacTtepCcKon 3HaHNN»

TemaTtnyHocTb. Pabouana cpena nonb3osatena obpasyercs TemaTmyecKumm noabopKkamm
TeKcTyaslbHOCTb. 3HAaHMA COAEPKATCA B TEKCTAX, HANMCAHHbIX NOAbMU ANA Nt04EN
KonnernanbHoctb. Popmbl NnpeacTtaBAeHUA 3HAHUM CYHKAT B3aAUMONOHUMAHUIO B rpynne
KpeatuBHOCTb. [lonb3oBaTenn co3aatoT B cpeae CBON KOHTEHT, MUHPOPMALMOHHbIE MPOAYKTbI
JloBepeHHOCTb. MeHblue reHepaunmn, bonblue IKCTPAKLUUKU, UCTOYHMUKOB, CCbIIOK
AHTPOMNOLUEHTPUYHOCTb. MHTEHCUDUKALMA TBOpYECTBA NHOAEN — LLEeNb, a HE CPeacTBO
KorHUTMBHOCTD. MpeacrtasieHmne 3HaHUM Yy4UTbIBAaeT OCOOEHHOCTU BOCNPUATUA U MaMATH

MVI'IbTVIFBbI‘-IHOCTb. ABTOMATUYECKNI nepesos C A3blIKOB MCTOHYHHWMKA HaA A3blK MOJ/1Ib30BaTEJIA

0o NSO WM R WNR

PacwupsaemocTb. Mnatdopma M3 noagaep:KkmBaeT BO3MOXKHOCTb A40OaBieHUs cepBUCOB
10. OTKpbITOCTb. basoBble PyHKLMM 0OLWEeAO0CTYNHbI paau YCTpaHEeHUA LMbpPOBOro HEPaABEHCTBA
11. DSKOHOMUYHOCTb. YTOObI cAenaTb MUP YMHEe, cHavyana caenaTb MOHETU3UPYEMbIA MPOAYKT

12. CoumMoueHTPUYHOCTb. [IpoeKkTnpysa cuctemy, npeasmnaeTb CoOUunanbHble NPAKTUKU U 3P DEKTDI
14



Mwuccna Macrepckon 3HaHUN
— YCTPaHATb bapbepbl MeXAY Ye/JIOBEKOM N 3HAHUEM

I:EE_I:‘E 13-3a U3ObITOYHOCTWN, HECTPYKTYPMPOBAHHOCTH,
= TexHOonornyeckme ;
I—L HeHaAEXHOCTU MHbopMaLnK

N3-34d OIPadHUNHEHOCTW HalUWX BO3MOXHOCTEW

KOTHUNTWBHbIE
3dIOMWHAHWA, NOHWMJadHWA, dHd/IN 34
£33

N3-3a pa3VuYMA B MOTUBALMSAX, YPOBHE KOMMNETEHU U,
7= KOMMYHWKaTUBHbIE
A28 COLMaNbHOM N CY>XEeOHOM NONOXKEHUY



CepBMUC NOMCKA N paHXUPOBaHUA PpeKoMeHAaunn

Llenb: nomoyb Nosb3oBaTento bbICTPO cobpaTb TEMATUYECKYO NOADOPKY
no cBoem MHPOPMaLMOHHOM NOTPebHOCTH, berno 3HaKOMACb C AOKYMEHTAMMU

COLLECTIONS

Yy

Topic Modeling for Opinion Mining ~——”
RECOMMENDED PAPERS

Add to collections x

. - .. . A Survey M Sl | ame senerati Presa - . iracti
Comparative Opinion Mining: A Review urvey of Natural Language Generation Ti Exploratory Search 3st, Present and Future Directions

MOOC (massive open online
course) y generating language that is coherent and

f Matural Language Generation. Recent years have seen

One of the hardest problems in theg

understandable to humanggMaching machines how t

unprecedented grovg#in the number of research arti Analysis with Tolic Modeling noth by academic and industry researchers. There have_.

: Texwal Complexly and
ROT N (] Readability

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
combined representations of video clickstream intera rstand traits that are predictive of decreasing
NEW COLLECTION
engagement over time. Grounded in the interdisciplin 1ach to successfully extract indicators of active and...

_E]s. [ 5GP

lepacumeHko H.A., BamonuH A.C., AHUHa A.O., BopoHuos K.B. SciRus: nerkmm n MowHbIM MyNbTUA3bIYHbIM SHKOAEP ANA HAaYYHbIX TEKCTOB
// Doknaapl PAH, 2024, Tom 520

BamonuH A.C., lepacumeHko H.A., AHuHa A.O., BopoHuos K.B. RuSciBench: oTKpbITbIn BeEHYMAPK AN1A OUEHKN CEMAHTUYECKUX
BEKTOPHbIX NPeACcTaB/eHNIM Hay4YHbIX TEKCTOB Ha PYCCKOM U aHINMMCKOM a3biKax // Joknaabl PAH, 2024, Tom 520



CtpaTternn BeKTOPHOro nomcka AOKYMEHTOB

IEE 1. TloncK no cpegHemy BEKTOPY NoabopKu
(camas npocTas, HO He camasd yaayHaa cTpaTterva)
5[E|E 2. ToOMCK NO AOKYMEHTY U3 Noab6opKu unn
HECKOJIbKUM BIM3KUM K HEMY JOKYMEHTaM
3. PaszbueHune NnoabopKm Ha Knactepbl u

NMOUCK MO UEeHTPa/ZIbHbIM AOKYMEHTAM KJ/1aCTepoOoB

4. PazbueHne fOKYMEHTOB NoAO0PKM Ha CErMEHTbI
M MOUCK NO CerMeHTamM AOKYMEHTOB

1
TR RO
[ TN RO

TN

S|SIE 5. lMouCK N0 AOKYMEHTaM CMEXHON TEMATUKM
ONA JOKYMEHTA MM YacTU JOKYMEHTOB Noab0opKu
6. TouCcK No TemaTuKe, CMeXKHOM AnA Bcen noabopKu




CepBuc nosyaBToMaTu4yeckoro pecdepmpoBaHus

Llenb: aBTOMaTM3MpoBaTb HanMcaHue pedepata No noadbopKe, NOMNYyTHO NOMOras
NO/Ib30BaTe/N0 OCBEXKUTb U CUCTEMATM3NPOBATL CBOM 3HaHUSA (non-linear reading)

PAPERS RECOMMENMDED SUMMARIZATION
Collection of papers Summary Recommended phrases
BanditSum: Extractive Summarization as a Contectu B I &§=[& =% £ E @ B Source summaRuNNer, a Recurrent Neural Network (RMN) based
i A novel method for training neural networks to perform sequence r\“DdEI tor EeraClll\.'E s_ummarlzauc:-n of
Yue Dong, Yikang Shen, Eric Crawford, Herke van Hoof, Jackis singledocument extractive summarization without documents and show that it achieves perfarmance better
heuristically-generated extractive labels. than or comparable to state-of-the-art.
A Survey on Neural Network-Based Summarization... We call our approach BANDITSUM as it treats extractive Qur model has the additional advanitage of being very
summarization s a contextual bandit (CB) problem, where interpretable, since it allows visualization of its predictions
Yue Dong . p ' broken up by abstract features such as information
= the model receives a document to summarize (the context), content. salience and novelt
and chooses a sequence of sentences to include ' ¥

in the summary (the action). ) )
summaRuNNer: A Recurrent Neural Network based... Another novel contribution of our work is abstractive
training of our extractive model that can train an human

R h Mal ti, Feifei Zhai, B Zt A policy gradient reinforcement learning algorithm s used enerated reference summaries alone, eliminating the - °

d 5 dilapal e dil, IWEN [+ 5 -

ramesh Matiapati, Fellel chal, Bowen £hou to train the madel to select sequences of sentences that & . £ n e bl 3 K‘ I a K I O bl I I O
need for sentence-level extractive labels. ®

maximize ROUGE score.

irm of this literature review is to survey the recent work - n p O 6” e,V\y’ Mple I.O’

|-based models in automatic text summarization,

etail ten state-of-the-art neural-based -Teo p | |-O’ M eTOp” M O.ﬂlen b,
- AKCNepuMeHT, AaTacCeT,

A Deep Reinforced Model for Abstractive Summariz...
Romain Paulus, Caiming Xiong, Richard Soche
We examine

Meural Extractive Summarization with Side Informa...

Shashi Narayan, Nikos Papasarantopoulos, Shay B. Cohen

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

Abigal S, Pter ). Liv, Chrstopher . Manring m cxpermens | ses| - pe3yqibTaThbl, BbiIBOAbI,
- JOCTOMHCTBA, HEAOCTATKMN,

A. Brniacos. MeToabl nosiyaBTOMAaTUYECKOM CYMMapU3aumm noabopok Hay4Hbix ctaten. MPTU, 2020

C. KpbixcaHoscKaa. TexHONOrMsa noayaBToMaTU4ECKOM CyMMapu3aLumm noaob0poK Hay4yHbix ctaten. MIY, 2022 18



CepBUC TemaTusauum

Lenb: «pa3noxXnTb N0 NONOYKAM» NOADOPKY —
BbIABUTb TEMATUYECKYIO KNAaCTEPHYIO CTPYKTYPY,
0aTb NpeacTaBAeHUE O KaXKAou Teme

Temartunyeckaa mopgenb onpeaenaer

ANA KaXXA0U Tembl:

®* CNOBa, TEPMUHbI, Gpa3bl,

* Ha3BaHMWe, cymmapusauunto, 0b3op
ANA KaXXKA0ro AOKYMEHTaA:

® COCTaB TEM U CErMEHTALMIO NO TEMaM
ANA NnoabopKU B LLeOM:

° BU3YaNMN3ALUUNIO KNACTEPHOMU CTPYKTYPbI
°* TEeMATUYECKUUN CMEKTP, Nepapxuio

Data
ini Data -
00 Mining’ Appllcaﬂons ‘JLL‘)

Text documents

ccccccc

Mining %
Techniques

Software

Data
Mini

Topic
y /| Text 3 ing
~ Miningy & né"fa ’““‘5 ------ Sogky’/ -

Topics of documents

doct: [ |1 I

doc2: [ 1B

. ]

doct: EH[ NN 1IN

o+ 03c000
Q.
o
o
w

Topic
Modeling

L wo—To0o-

NEKLS, NPOYNTATh, NOCTHAYKA
. mmra. ABTOp, HANWCATD
ayka, YTobkI, YHEHbI ey, il Y
peme HWE, YTODLI, 3KOHOMWKA
o Bo.u I'IpOCTpaHCTBO rgponcr(r?m
. Tparia, SKOHOMMHECKIH, 1T
TpaHa, ropof, SKOHOMUHECKHUA
P . )" YP EDFJ Yp bTYPHE
weTo
JCKYCCTEO. TATEpATYDE, Wi
BEK. UCTOPUA, KynkTypa l-iKXbM KiHO, klﬁiemﬁ'orpa%

BOVHA, COBETGKMA, POGCKHA

paso. npasai.
; aBo, BEK, LEPKO
Npago, NONMTUHECKMA, BNACTh npabo, sekor Deaﬂ

KUMA
CTBO nonumqecmu I."LIJ,EHTHLIHOCTb

I'DCLﬂﬂgE
LMANLHIR, KHUra, Hayka BCI I"IOJ"IHTH‘-leCKHH GOLBﬂEJ"IbeIﬂ

root

pycdku oooooooooooooo

eMJ'IFI I'IJ'IaHETa CHCTEMa
BE3A, ranakTiia, BCENeHHaA
acTULA, 3BE3a, TeopiA GCEHLI,B IE)BE[}K Baamo,uenc‘rame

cycTema, 3anaa, A
oiibf. B H
NEpUO], BYNKaH, 3enns
marepnan, N, cTpykTypa p?anﬁau?unmka, WU3HE
pacTetiye, BUDYC, ToH
HK, Kneria, e ;
KneTia, Myselt, CTBONOBO
KNeTka, reH, opraHinam e aaon?ouun, Aol
pacTeHe, opex, MelllLia

BopoHyos K.B. BepoATHOCTHOEe TemaTnvyeckoe moaennposaHue: Teopua perynapusaumm ARTM u
bubnmnoteka c oTkpbiTbiMm Kogom BigARTM. — MockBa: URSS. — 2025. — 224 c..
http://www.machinelearning.ru/wiki/images/d/d5/Voron17survey-artm.pdf
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CepBUC noncka n aHanu3sa TpeHaoB

Llenb: aBTOMaTM3NPOBATb BblAB/IEHUE B NOAOOPKE
HOBbIX Hay4YHbIX TEM, MOMEHTa UX NOABJIEHUS,
TEPMUHONOIMNN, MHTEPBANA POCTA

TemnopanbHAa memMmamuyecKasa MoOes1b
nooby4yaetca 6e3 yuntens (bes paameyeHHbIX AaHHbIX)
nocneaoBaTe/IbHO Ha MECAYHbIX MHTEPBaNax

Ana Banvupauum moaenm sKkcneptamm otobpaHbl
87 TpeHaoBbIX Tem U3 obnactm Data Science

PesynbTaT: >60% Tem AeTeKTnpyroTCA
B TeYeHue roaa nocsie NoABJAeHNA TEMbI

[epacumeHKo H. A., YepHsasckul A. C., Hukugoposa M. A., Huxumux M. /1., BopoHuyos K. B.
MHKpemeHTanbHoe obyyeHne TemaTu4eckmx moaenen Aasa Noucka TPeHA0BbIX TEM B
Hay4HbIX nybamkauuax // Joknaabl PAH. 2022.
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CepBuUC XpoHosiornsauumm

Llenb: nokasaTb pa3BUTME BO BPpEMEHU OCHOBHbIX A0JTOCPOYHbIX TEM NOAO0PKN,
0603HauYMB KNtoYeBble BEXU, UOEN N UX aBTOPOB

TpexypoBHeBan
TemaTunyecKkaa nepapxua:

* HayyHble HanpaB/eHUA
* HayyHble Teopun
®* HayyHble WWKOAbI N y4YeHble

Ocu Ha Kapre:

° BpemfAl X CNeKTp Tem
* ypuTabenbHoOCTb,
°* pesIeBaHTHOCTb U Ap.
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CepBuUC KapTUpoBaHUA

Llenb: aBTOMaTU3MPOBATb CTPYKTYPUPOBaHME 3HAHUWM B BUAE mind-map, nyTém
BblAE/eHUA FMaBHbIX UAEN N Pa3aeneHnA NX Ha rMaBHble NoAblAeN NepPaAPXNYECKU

MEpapuHIECoE PESOHIpOEIIeE
NOIRANAET NN LICESTEIAM WECNEAORATH
HEPAEKID OTHOEMTENRHD HOPOTHIAR
PEI0ME, YTO IHIMATENEHO YT -IaeT
FORCEHHS WHEODMAL,

§UMMA npogeHoHC TEMPOBANa CBHD
HPOHTIRIOCTE B ERATHOHIM € APYTIAHIA
HETGOAMN, TOKHMHE KOH BDEHEHHDIE AHAK W
MNOCIHE PESIOHE, WT0 NOATBERNGAETCA
NPSANCHTEHWARN NONSI SRATENER |
PEIYNBTATAMMN CLpehath THAH A,

D HOBMDLE BDIBOILN,

——
Jaknouenue
B Synymen M INEMMpYeH KCCNRAoNATS

Heolno@amHDCTE JITOHATHINPONIIHGTD
PBESHHBOBAHIS

B yonossex pocTa odbera edaprale 8

WuTepseTe TpebyeTCR

AETOMATHIMP GRS MO K

B P
MOMMEKLMA oMY MENTON 10 CROWHBLA

Tesar,

CHLECTEIOWAE HETORE
MHOMSO 0K YA AHTHOD D820 MEPORRH A

ApsEMEcs il B Bop NpHHLNS

OPraHd I8N DA KAR 0000 FROBHRA

WEPAEIHA, & TAKME MACWTAlHPORATS

EHETEHY 110 ERIGOTHN BULE o

HOMMEKLAK OO0 yMEHTON. Lo

bl NPOBENM DUEHCY © HCNOMBIONANMEN
Amazan Mechanical Turk, rae
nomsaosaTens cpassmsana S TMMA c
TR CHOTEMAMM, TAKAHIA G

B HEHHbLE IHHAN M INGSHIAR PEIKME,

PESynETaTs! NOKAIANM, 4T MONEI0EITENM
npaanednm § TMMA Sonee ugm & TEW gaa
NG CRABHEHMIG C BREMHEHHDIMA M HREMH -
Bonee YoM 0 GECETE PA MO CPMEMEHN ©
TIGE KA M D3R8,

‘DgE ] NASANCUTEHISH NONEII0ATENEA

bl CLEHHAN, HOCEONERD MONEIIEITENN
WERAHRACT HHSIPMALIMD, WENONEIYR
METOOMKY, OCHOBAHHYIO HA HANWCAHMW
PEIOHE O TOM, HT0 OHH YIHANKA,

Fogat
ONICares, HAMKCIHI®AE NONEICEITENAMM, \ [Prp— S22 Ouenka apdextrenoctv 8 UMMA

MCNeNEIoRaRwmEK 8 UM MA, Bunn

npeanctTeTensbes Bonee s B Aba pass no
CRANMEMAID C DPEMEHHELHIA TANARME.

Bl COYEIEAE WIOD HATIABIOC T
AR N EWETEM, HENGNBIY
asTomaTHeec ko oy ROUGE n pyanyo
CUEHKY ANA ONPEARNEHIR BAMHOCTH
CBEbITHA,

PeoymeTams noxazany, uro § UMMA
OBRCTIE-HEANG BONEe AECOKYD STRNIHL
ONBATE OCHOBHBIX COBBITHR NG CHABHEHWIO ©
EEEHEHHEIME MHHMAH .

HHBOpHATHEHOC T pecame

SUMMA ncnonsIyeT sepaporeckyn

HIACTA PHIALM O NS0 A HAA N0 BEeHEHMN,
T OB GFAHIKIOBATE HHEOOMALLSO &
YNPARMACMBIE, COMANTHYECHH COS3aHHELD
Eadaee.

KC TEPMIALAA CAYRHT BXO00H NS \ Hepapmisecan KnacTeprasLmm
ATORGrD ITANG = COXIAHIA POTOME Ha /

GEHOHE e

Misi HEAGRLIYEM &M RRTH PERYPEWE SR
KNCTEDMIIAM, KOTOPEUA JTOMITHUECKH
RBIGHPAST NOOKOOSERG HOMWSC TR

KNS TROGE HA KAKEIDH 31808,

¥ Meronenoris SUMMA

Hamae NpEnnoses e SEpE HEHHD \ NG KNacTapRIALIN

"

l'l Boepeue

g Hmst CYURECTEY RN HETOIOE

(MPO} cnocofuem obpabarmeaTs I0-15

ODEYHEHTON H COA0ABATE KOPOTRIE
MNSCKWE PRIIDME, HT0 HEAOCTATOMHD BNA
HACWTAGHOM DeamMHpaEasHM,

MPO-CCTOMEL 183 MOFY T SoITIm
ERAGATIEAT BN b LA b,

MTO NPMBOOMT K COA0AHKO

HESETAHHIOBANNEL X PES0HES, TEYAHLIE ana

TIEIHH M AL

HeoBMHo M MES CIHCTEMEL, KOTOPSLE

CEFAHMIYIET BHORHAUNIE

NOCNSA0 BATENBHG 1 NGSBOMmET
NOMBIOEATRMNAM BIAHMONEACTIONATS ©
PEIGME, ACENENYR PERIMHHDIE 35N Tl

HHOPHMaLMM

MblL NPRACTARNGAM WOEsIA NOAKOM K
MACIET AEHEOR AU BEIRMHPOBAHI,

HASDIEAE MEUA ME QDX EEC I

PRI PORAHIRM, B CNMCELAIGM NEREYa
peansoslHEY o cheTemy, § UMMA.

MpaANoMENI HOBOMD NOAXONA

HMepapxuuyeckoe
peslMMpoBaH1e:

MacwTrabupoeaH @
He
MHOIMoOoKyMeHT
HOro
pes3ioMMpoBaHusa

&5 Vepapxmseckoe p

S UMMA CoMET W papaHi

OTHOCHTENBHO KOPOT KHX DES0ME, F08
EEpKHIA YRoBeHs NRenocTannAeT obumh
0B3I0p, & NONS IORATENA HOTYT YEMyBIATECA
B OeTAM MO HHTERECYICUIHM TEHaM,

Hepapuuuec o peaoMiponame
MPRRCTARNSET OG0 HORLBUA NOANOR K

REYTIHOH AGUITABHOMY BEIGHIPO BN, FiE

IXOEOM AENAETCS HABOP CERIAMMEL
Ay RHTOR W GRELSET LW RAROATS
e

Hepapxuueckoe

PEIOHUPORAHWE:
MacwrabupogaHme
MHOMOQOKYMEHTHOTO
PEINMMPOBAHKA

B Bseneven

ONPECENEISE M CIPARTERICTIRK /

N\

EbLHONOM ARIAETCR HERAHMURCHDR
[EdEHE, COCTOMAlEE 3 HABOD OB PE3I0 e,
OPraA 30038 HELY B WEP3EHID.

Bepiywsa wepapxms npencTasnseT coboh
PRI, DX AATHIR KHLSE RCE AOKYMBHTE, &
KAME PESOME COCTONT W3 Bk L
PEICME, KOTORS € Y B4 DMOT Ma QoMERMAE

PRI,

CTPYKTYPA MEDADENECKOND DrSBoHE / Hampaoe gouepres pesorse aobannaet

noHe4aeToR, Wb wenonsayer SUTime ona

KA 108 Pagioms B Meageesechom pesome
OGNEHO NESELABATD HAHGoNEE THEIMING
I OPHALHID 13 KNACTEPA.

PR30S AGMHHD KIEEraTh HIGE TOUHESTH M
GBI IER T KOTE DEHTHOC Tis Kl BHY TR
KMACTEEA, TAK W HEMLY POOMTENSCKHM i
DR P PRI,

Cozaasime peaame

PO T EMbGH GH E3GE,

\ BONBLG [ETANR KM (OPHBEHN B

FIHSEMBLUL MPENCTABNEHE B KorNas THER
SOPME W PACTET TONBKD N0 HEPE
HEDEHODHMGETH, ST 8 NERST RYRAET
nOnLIoEaTen,

MPOWMYLLGCTI WIPAXHYACHOND
PRICHIEO AN

N\

Moneacsaten MoryT HCCNEasEa TS
HHTEROCYIUHAE MK ACNERTEL, ME
NPOCMATEHRE BE MHGORMALIME,

https://mapify.so/ Al Mind Map Summarizer — ognH U3 Ay4YLLNX CEPBUCOB MaMHAMIMNMUHIa Ha ocHose LLM

R eSS e—

Hepapuwsec
PEHCMADODIHHE:
Macurrabuposanme
MHOTOACKYMEHTHOMD
PEICMHPOBEHAA

[

o i ki

W Marnnsnerun S UMMA

o e

e racounmec sooe

[ e

Erracin e e
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[MoabiTOXMM. MacTepckaa 3HaHUN

MactepcKana 3HAaHUN — He NPOEKT, a aAanTUBHAA KOHLEeNuuna:
peann3aumim MoxKet 6biTb MHOIO M Pa3HbIX

Muccua: yctpaHaTb bapbepbl MeXay YeNNOBEKOM U 3HAHUEM,
aKTUBMPOBATb «KONNEKTUBHbIM Pa3ym» Ha BCEM }KU3HEHHOM LIMKNE HayYHOro NPoeKTa,
He CTPeMACb AeNnernpoBaTb BECb MHTENNEKTYaIbHbIN TPYA Ye/I0BEKA MaLLNHE

Peannsauma: B8 oCHOBHOM 3KCTPaKTUBHbIE METOAbI
(LLM-3HKOOEepbl, BEKTOPHbIN MOUCK, PaHXUPOBaHUE, TEMATUYECKUE MOdeNnn),
reHepaTuBHble LLM — no npuHUMny « MMHMMaNbHOWU AOCTAaTOYHOCTU»

KoHeu TexHOKpaTun? MNopa npoeKTnpoBaTb MHGOPMaLIMOHHbIE CUCTEMDbI

HEe NPOCTO KAaK UHKEHEPHO-TEXHNYECKNE — «CcaelaN MOTOMY, YTO MO,

a KaK coumanbHO-TeXxHun4Yeckue (Bo 61aro ntoaen n 4enoseyeckom UMBmUAN3aLNK),
npeaBmnasa BO3HMKAoLWMe coumanbHble NPAKTUKMU U AONTOCPOYHbIE 3 PEKTbI



MacTtepcKkasa 3HaHUU: OT NOUCKA MHPOPMaALUN
K MTOHMMAHUIO N CUCTEMATU3ALUM HAYYHbIX 3HAHUM

J

\‘ Ala a AV, A ANl A d f ATANDAY.
" / T LIV

L/ N L_J L/ y y W | .y »

2. A3blkoBaa moaenb SciRus n 6eHumapk RuSciBench
3. TemaTnyeckoe moaenmpoBaHue

4. ABTOMaTMU3aUMA KapTUPOBAHUA 3HAHUN

5. ABTOMAaTMU3aUMNA KOHTEHT-aHa/1M13a



bonbliuve A3bIKOBLIE MOAENN HAY4YHbIX TEKCTOB

* SciBERT (2019) Beltagy et al. o [ Tfmder ]
SciBERT: A pretrained language model for scientific text I I I i i i

.+ SPECTER (2020) Cohan et al. o, oo i i)
SPECTER: Document-level representation learning T T e U S U S S
using citation-informed transformers pratings 1B JiL B Ji( e 30w Ji o JH e )

e LaBSE (2020) Feng et al. gt Te | [movie] [Tis | [Tver | [rows] [0 )
Language agnostic BERT sentence embedding ] ] 1 [ I I

* MPNet (2020) Song et al coommeon e

MPNet: Masked and permuted pre-training for language understanding

e SPECTER-2 (2022) Singh et al.
SciRepEval: A multi-format benchmark for scientific document representations

 SciNCL (2022) Ostendorff et al.
Neighborhood contrastive learning for scientific document representations with citation embeddings

e mE5 (2024) Wang et al.
Multilingual E5 text embeddings: A technical report. 2024.
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Moaenb SciRUSs: moTuBauum nccneaoBaHus

Mopenb ponxxHa 6biTb NPUMEHMMA B PYCCKOA3bIYHbIX CEPBUCAX

NN SKCTPAKTUBHbIX 331a4: MOUCKA, peKoMeHaaunun, KnaccudmKkaumm,
aHa/In3a TEKCTOBbIX AOKYMEHTOB — B PA3/IMYHbIX CEPBUCAX N MPUTOKEHUAX
(«MactepcKada 3HaHun», elibrary.ru, Hay4YHble 3N1eKTPOHHble bUbAnoTeKkn)

TpeboBaHUA K mogenu:

°* MMHMMaAJbHbIN pa3mep (23M napameTpos)

° Mpu Kavyectse, conoctaBumom c aydwmmm (SOTA) mogenamm

* BO3MOXHOCTb BbluncneHna ambeanHros 6e3 GPU

* MYNbTUA3LIYHOCTb: aHIMUNCKNIN, PYCCKUUN, KUTAUCKUIA N AP.

* BO3MOXXHOCTb 400bOYy4YeHNA modenm Nno AaHHbIM O LUTUPOBAHUN

°* OUEeHMBaAHWE KayecTBa — MO CTaHAAPTHbIM + HOBbIM benchmark-am

lepacumeHko H.A., BamonuH A.C., AHuHa A.O., BopoHuyos K.B. SciRus: nerkmm n Mol HbIN MyAbTUA3bIYHbIM SHKOAEP
ANnAa Hay4yHbIX TeKcTos. [loknaabl PAH, 2024



HaHHble Ana oby4yeHnAa Moaenn Hay4YHbIX TEKCTOB

[laHHble gna obyyeHuna — title+abstract:

e S20RC — Semantic Scholar Open Research Corpus
30M (12B toKkeHoB), 85% en, 2% ru

* elibrary:
8.5M (2B TOKeHOB) ru ¢LIBRARY.RU

5.2M (1.2B TokeHoOB) ru+en

\\T\ SEMANTIC SCHOLAR

e ScienceChina (title+abstract): nceChina
5M aHHoTaumm (0.85 TokeHoB) en+zh X MRS R &

[laHHble ana poobyuyeHunsa: .

* S2AG — Semantic Scholar Academic Graph o R R

achejournal . Advanced Materials
i

ncrtodHukmn: Crossref, PubMed, Unpaywall n gp. E S . P
2.5B cBA3en untTnpoBaHmA e R |

Physicaliteview C

Space 5o Heviews
Intsrnational Ml of Thear
Physim@eview D 2 7




MeToaoukmn oueHuBaHua moageneum (benchmarks)

SciDocs: 6 3apauy

e Knaccudpukaumsa ctatemt no MeSH / no temaTtumke

* npepacKasaHue UNMTUPOBaHUSA / CO-LUUTUPOBAHUA

°* npeacKalaHue NoJib30BaTENIbCKOWM aKTUBHOCTU, PEKOMEHAaLUMM CTaTEN

SciRepEval: 24 3apaun, Bkn. SciDocs (Kpome peKomeHaaLUmnn):
* Knaccuoukauma, perpeccmsa, cxoactso, NOUCK,
¢ I'IO,£I,60p peueH3eHTa A/214 CTaTbWH, pa3pewieHne HeoagHO3HaA4YHOCTU dBTOPOB

RuSciBench: 14 3apau

* 63aa4y kKnaccndukaumm OECD/TPHTU no aHHoTaumm ru / en / ru+en

e 4 331a4M Kpocc-A3blYHOro noucka ru>en /en—2ru/zh—>en /en—>zh I A I
e 2 334a4u npeackasaHUs UMTUPOBaHUSA / couMTUPOBaHUA

e 2 3a/a4yu perpeccumn: npeackasaHme roaa U LMTUPYyemocTm nybamkaumm MI'Y

N.Gerasimenko, A.Vatolin. RuSciBench benchmark. 2023. https://github.com/mlsa-iai-msu-lab/ru\ sci\ bench/tree/main



https://github.com/mlsa-iai-msu-lab/ru/_sci/_bench/tree/main

Jtan 1: npenoodoy4vyeHue mogenu SciRus-tiny (MSU)

Apxutektypa RoBERTa (Y.Liu et al., 2019), chyyanHaa nHmumanmlauma:

tiny (sz=23M, dim=312), small (sz=61M, dim=768), base (sz=85M, dim=1024)
* KPUTEPUMN MACKMPOBAHHOIO AA3bIKOBOro mogennposaHma MLM

° NBe 3Moxm obyyeHuUn

e Avg — F1-mepa, ycpeaHEHHaA No Bcem 3aaa4yam beHYMapKa

80,00 60,00

75,00 5, 2200
®)) >
% 70.00 E 50,00
N 65,00 % 45,00
o
Q D 40,00
% 60,00 S 3500

55,00 30,00 -

0,5 1,0 1,5 2,0 0,5 1,0 1,9 2,0
epoch epoch

® tiny (23M) small (61M) base (85M)




JTan 2: nooby4yeHne Ha napax title-abstract

Kputepuii: conmkatb ambeanHru B KOHTPACTHbIX Napax Ha3BaHWe/aHHOTauUus, ru/en
e 30.6M nap n3 S2AG
e 17.8M nap u3 elibrary

87,50 62,950

85,00 o> 00,00
2 <
Z 82,50 = 5750
n @
S @
8 80,00 0 55,00
Q 0
B 77,50 N 5250

75,00 50,00

0,2 0,4 0,6 0,8 1,0 0,5 1.0 1,5 2.0
epoch epoch
® tiny (23\) small (61M) base (85M)

L.Wang et al. Text embeddings by weakly-supervised contrastive pretraining. 2022. 30



JTan 3: pooby4yeHne Ha napax cite-cocite

Kputepunit: cbnmxKatb ambeanHrn napbl 4oKymeHToB (A,B) npu UMTUPOBaAHUMN:
«cite» — ctaTtba A uUTUpPYeET CcTaTbio B

«co-cite» — TpeTba ctaTtbA C unuTnpyet ctatb An B

S2AG:

13.3M nap cite
62M nap co-cite

elLibrary:

40M nap cite
33.7M nap co-cite

SciDocs Avg

2,0

90,00 67,50
87,50 69,00
62,50
85,00
1t S
/ < 60,00
~
82,50 | o
s
5 97,50
3
80,00 =
55,00
77,50 52 50
75,00 ° 50,00 °
0,2 0,4 0,6 0,8 1,0 0,5 1,0 1,5
epoch epoch
@® tiny-t-a-cite @ tiny-t-a-cite-cocite tiny-t-a small-t-a base-t-a small-t-a-cite-cocite




CpaBHeHUe mogeneun no meTpukam rusciBench

<L SOTA

elibrary _oecd_full

translation_search

model name Model size macro f1 ru_en en_ru
— recall@1 recall@1

e5-mistral-7b-instruct 7.11B 67,28 3,65 18,11
scirus-tiny3.1 23M 65,40 97,40 98,80

multilingual-e5-large 560M 63,70 99,19 99,37
scirus-tiny2 23M 62,02 96,70 05,11
multilingual-e5-base 278M 62,00 97,00 98,00

LaBSE 471M 60,21 98,31 97,20

LaBSE-en-ru 128M 60,05 98,26 96,93
paraphrase-multilingual-mpnet-base-v2 118M 60,03 66,33 78,18
FRED-T5-large 360M 59,80 22,25 0,79
distiluse-base-multilingual-cased-v1 135M 58,69 92,04 90,83
paraphrase-multilingual-MiniLM-L12-v2 118M 56,48 72,87 77,49
mfaq 280M 54,84 86,75 90,11

scirus-tiny 23M 54,83 88,00 88,00

e CunbHee mogenu, Kotopaa B ~20 pa3 bosnbLie
 [lpnbnmnsmnuco BnaoTHYO K SOTA, KoTopyto AepXKuUT moaens B ~300 pa3 bonblue




CpaBHeHUue mopeneun no meTpukam SciRepEval

Model name Model SciDocs Out-of- In-Train
size Train

all-mpnet-base-v2 110M 91,03 50,2 53,12

scincl 110M 90,84 51,8 55,6

scirus-tiny3.1 23M 90,1 50,08 57,2

SPECTER 110M 89,10 50,6 54,7
e5-large-v2 335M 88,70
e5-base 109M 88,58
e5-base-v2 109M 88,43

multilingual-e5-large 560M 87,53 49,32 55,65
e5-small-v2 33.4M 86,99
multilingual-e5-base 278M 86,91
e5-mistral-7b-instruct 4byte 7.11B 86,03
scirus-tiny2 23M 84,21
sentence-transformers/LaBSE 471M 80,78
e5 pretrain_longer 240000 _similarity _step 5581 23M 80,51
cointegrated/rubert-tiny2 29.4M 71,60
allenai/scibert_scivocab uncased 110M 69,04
scirus-tiny 23M 67,92
nreimers/MiniLM-L6-H384-uncased (e5-small-v2 pretrain) 33.4M 65,68

< SOTA
(In-Train)

Ton-3 B SciDocs n Out-of-Train (KoHKypeHTbl B ~5 pa3 6osbue), SOTA B In-Train



BbiBOAbI NO pe3ynbTaTaM CpaBHEHUA MoAerneu

1. Pa3smep u KauectBo moaenu B cpaBHeHUU ¢ SCINCL
— MeHble napameTpos: 23M npoTtus 110M

— MeHbLUe pa3mepHOCTb ambeaunHros: 312 npotus 768 @i
— 6onblie KoHTeKcT: 1024 npotms 512 #}E -
— conocTtasmmoe KayectBo (SciDocs Avg): 90.10 npotus 91.03 it
2. KoHTpacTuBHOe foo6yyeHmne Ha napax title-abstract S ik
— yAy4yLaeT BCe METPUKU, 0COBEHHO KPOCC-A3bIKOBOM MOUCK 1 Elo,
@S

3. KoHTpactusHoe aoobyuyeHue Ha napax cite / cocite
— ROMMNeEeHCHnpyeT HeAOCTaTOYHOCTb KPOCC-A3blIKOBbIX AdHHDbIX

4. Open Source
— beHuymapk nuterpmposaH B MTEB (Multilingual Text Embedding Benchmark)

HaHHble Ha Huggingface | w

[epacumeHKo H.A., BamonuH A.C., AHuUHa A.O., BopoHuyos K.B. SciRus: nerkmm 1 MoLLHbIN MY/1bTUA3bIYHbIN SHKOAEP ANS
Hay4HbIX TeKcTtoB. [Joknagbl PAH, 2024

BamonuH A.C., lfepacumeHKo H.A., AHuHa A.O., BopoHuos K.B. RuSciBench: oTKpbITbi BeHYMapK A1A OLEHKM
CEeMaHTUYECKMNX BEKTOPHbIX NPeaACcTaBAEHMN HAYUYHbIX TEKCTOB Ha PYCCKOM U aHINMUCKOM A3biKax. [Joknagbl PAH, 2024.
K.Enevoldsen,..., A. Vatolin et.al. MMTEB: Massive Multilingual Text Embedding Benchmark. 2025. 34



[lepBoe BHeapeHue (2024) LIBRARY.RU

«Pa3paboTaHHaA B paMmKax AaHHOrMo NPOeKTa MOAENb YKe LUMPOKO UCNONb3YeTCH

B HayuyHOM 3neKTpOHHOU bubaunoteKe ana peweHna Lenoro pAaaa 3aaad, CBA3aHHbIX

C OLLEHKOM TeMaTU4YecKon 61IM30CTU HAYYHbIX AOKYMEHTOB. YKe NpoTecTMpPOBaH
cneunanmcTtamm nonesHbin cepBuc ANa y4eHblX, NO3BONAIOLWMNN 0719 3000HHOU cmamabu
usau noobopKu cmamel HAUMU memMamu4ecKu rnoxoxue 0OKymMmeHmel, Kak cpean BCero
maccmBa eLIBRARY.RU (6onee 55 mnH. Hay4yHbIX nyb6nMKaLKni), TaK 1 TONbKO cpean
HOBbIX MOCTYN/IEHNWN. BarKHOW Ansa HAac 0COOEHHOCTbIO AAHHOW MOdeNnun ABAAETCA ee
MYNbTUA3bIYHOCTb, NOCKO/IbKY HayuyHana aneKTpoHHaa bubanoteKka cooepxuT
NOKYMEHTbI Ha PA3/INYHbIX A3blKaX.»

— [eHHaOouu EpemeHKo, 2eHepasnbHbIU OupeKkmop H3b

Hay4Hada anekTpoHHasa bubnmnoteka, noptan eLIBRARY.RU. MNpecc-penns 24-04-2024: « OTKpbIT NOUCK BAN3KNX NO TEMATUKE
nybankaumm c npumeHeHmem Hepocetn MIY ana aHanm3a HayYHbIX TEKCTOB. »
https://elibrary.ru/projects/news/search\ similar\ publ.asp
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MacTtepcKkasa 3HaHUU: OT NOUCKA MHPOPMaALUN
K MTOHMMAHUIO N CUCTEMATU3ALUM HAYYHbIX 3HAHUM
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3. TemaTnyeckoe moaenmpoBaHue
4. ABTOMaTMU3aUMA KapTUPOBAHUA 3HAHUN
5. ABTOMAaTMU3aUMNA KOHTEHT-aHa/1M13a



TemaTnyeckoe mogenupoBaHue

Topics of documents

doct: [ | NI (O

Text documents

Tematnueckaa mogensb (TM) Konnekumm —
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* A3bIKM B MYABTUA3BIYHOM KOANEKLUN

e b
ST =8 e
etc P
. selition el Suct o all organizations. S
noural notacre o applications and k.
System '.
1.0 uction
L
i e
Bt Modeling
‘ atesanandresolution [1][2113]
-
% b N
%, 3 .
v ™ [;
A N
:

poo=
Ads Images  Links h
| % N

wo-—T o0

BopoHyos K. B. BepoATHOCTHOE TemMaTU4yecKoe moade/iIMpoBaHue: Teopua peryaapusauymnm
ARTM n 6nbnmnoteka c otKpbITbiM Kogom BigARTM. URSS. 2025. 224c.

http://www.machinelearning.ru/wiki/images/d/d5/Voron17survey-artm.pdf 37
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YTO paeT Tematnyeckoe mogenupoBaHue

ANA KaXKAO0N TeMbl — KaYecmeeHHbIU aHAsU3: e

°* CNOBa, h-rpamMmbl, TEPMUHbI, Gpa3bl A mwj parer D

® «paccKas o cebe»: Ha3zBaHWe, cymmapusaumna g, “

Data

.,
iiigaiiy

" d - -
% e Minin Data 1
seeed opc 01 82 # ety T ng Data Mining Sets_ J
NA Ka)KAoro A0KymMmeHTa: = 00l L s S
o e~ @ § - e o
: n}:.‘:;dm oy F% Text - Data A4 o Mining
Miningy 25 | Woehoniel o | i | | Bask

¢ COCTaB TEM

° TeN‘aTMLI eC Kaﬂ Ce rMe HTa LIIMH ‘Ji“' y i l NSi m(;\;]ito;; C;T:if Sigz&::jﬁij;er:c §n\i§:jfnor::natej f:: S:;el :eac: :Fl‘?tz)jo
ANA KONNEKUUU B LIe/IOM: & =
* 8U3yaaU3AYUU: N B
s W= NSA considers amnesty for Snowdenl—-' , .

AMHaMMKa) Mepa pXMH) CneKTp) Kd pTa % B Snowden declares: mission accomplished | NSA _anwden
* Kosu4YecmeeHHbIU aHAU3 B pa3pese

BpemeHn, ICTOYHHUKOB, aBTOPOB,

Teros, reo/I0KaL M, A3bIKOB U T.A.
BopoHuyos K.B. BepoATHOCTHOE TemaTU4yeCcKoe moaennpoBaHue: Teopua perynapmnsaumnm
ARTM n bubnunoteKa c oTKpbITbiM Kogom BigARTM. — MockBa: URSS. — 2025. — 224 c..

38
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ARTM — AaantuBHaa Perynapusauua TM

MaTemaTuyeckasa Teopusa, N03BOJIAKOLLLAA ONTUMU3NPOBATb CYMMY KPUTEPUEB
(perynapusatopoB) ANA NOCTPOEHUA modeneun ¢ 3a4aHHbIMM CBOUCTBaAMM.

[Mpoule, rnbye, TexHonornyHee, Yyem bamecoBckme moaenm Ha ocHose LDA.

I1aHO: KONNEeKUNA TEKCTOBbIX AOKYMEHTOB KaK « MELUKOB-C/0B»
@ ng, — 4YactoTa cnosa (Tepma) w € W B gokymenTe d € D

@ | T| — ckonbko TeM XOTUM OnpeaennTb B Koaaekymn D

Hantu: TemaTnueckyto s3bikoByto mMogenb (B.n. D x W x T)

o p(wld) = > p(w|&Kt)p(tld) = > dwilid

te’l te’l

o) p(vv t) = Qwt — W3 KaKUX C/IOB W COCTOMT Kaxkgass tTema t € T

@ p(t|d) = 0iy — N3 KakUx Tem t COCTONT KakAblii AOKYMEHT d

KpuTtepuii: npasgonogobue npeackasaHust CioB w B AOKYMeHTax d

n Inz'(j) +0:y — max
S5 oY s — ma

deD wed tel

Makcnmunsauyus norapudma npasaonoaobunsi ¢ peryasipu3aTopom:

D nawn ) dutbg+ R(S.0) = max; R($.0) =) 7R (.0)

d,w

te’l

$.0

i

EM-anropntm: meTon npocToii ntepaunn Ans CUCTEMbl YPaBHEHUN

E-war:

M-war:

9

( Praw = p(t|d, w) = ”t%rgﬁ (watetd)

OR
s

_ ] OR .
\ Ord = nt%rp ( Ntd + Hfd—f)ﬁm)’

Pwt = norw ( Nyt + Owtm); Nwt = Z Ndw Ptdw

deD

Ned = Y NdwPtdw
weEed

BopoHuyos K.B. BepoATHOCTHOE TemaTU4yeCcKoe moaennpoBaHue: Teopua perynapmnsaumnm
ARTM n bubnunoteKa c oTKpbITbiM Kogom BigARTM. — MockBa: URSS. — 2025. — 224 c..
http://www.machinelearning.ru/wiki/images/d/d5/Voron17survey-artm.pdf
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[lpumepbl perynapu3aTopoB

background

sparse

seed words

decorrelated

interpretable

CrnakmsaHune doHosbIx Tem B C T

R(®.©) =50 > Buwlndwe+ao) Y arlnby

tecB w d teB
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teS w d tes
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[lekoppenunpoBaHue Anst NOBbILLIEHUS PA3JINYHOCTA TEM:

R((D) — —g Z Z (,bwt(,bws
t,s w

Crna>xmBaHune + paspexnBaHue + OEKOPPENVPOBAHMNE
ANA YAYYWEHNSA NHTEPNPETUPYEMOCTN TEM

regression

=
| |

hierarchy

N

JlnneiiHasi mogens perpeccun yg = (v, 6y) LOKYMEHTOB:
2

R(©,v)=—71 Z (yd — Z vté?td)

deD te T

Ces3n coyetaemocTu cnos (n,, — 4actota bntepma):

R((D) =T S: S: Nyy In Z NeQuePut

uveW velW tel

CBA3M AW CCbIIKK MEXAY AOKYMEHTAMMWN.

R(@) =T Z Ndc Zetdé)tc

d,ceD tel

Cea3n POONTENBCKUX TEM t C AOYEPHNUMIK NOATEMAMN S.

ROV) =7 > nuelnd  dusthse

telT weW se$s

BopoHuyos K.B. BepoATHOCTHOE TemaTU4yeCcKoe moaennpoBaHue: Teopua perynapmnsaumnm
ARTM n bubnunoteKa c oTKpbITbiM Kogom BigARTM. — MockBa: URSS. — 2025. — 224 c..
http://www.machinelearning.ru/wiki/images/d/d5/Voron17survey-artm.pdf
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[lpumepbl perynapu3aTopoB

supervised

MoaanbHOCT METOK KJIaCCOB WAW KaTEropuin Ans

sentence

TemaTunueckune MOLEJIN, YHNTbIBAOWWE TPaHNLbI

+ + 00
f/*& 3a4a4 Kjaccudukaumm n KaTeropmsaumnm TEKCTOB. = npeanoxenuii, absaues n cekunii 4OKYMEHTOB
’ n-gram
multilanguage MofoanbHOCTb SI3bIKOB U PeErynsipn3ayns Co CJ0Bapem EZI IIEIEE Moaenn ¢ MoaanbHOCTAMMW N-rpaMm, KOJIOKaLWA,
Tuwt = p(u|w, t) nepeBogoB ¢ s3bika k Ha (: OooOm  WMEHOBaHHbIX cywHocTel (ncnonbsyem TopMine)
R(CI)}I'I):T ;J SJnut In E Tuwt Owt t
syntax
ue Wk teT we W Mogenu, yuntbiBatowme pesynbTaTbl aBTOMAaTUYECKOTO
t | , m cuHTakcmyeckoro pasbopa (ncnonssyem UDPipe)
empora TeMmnopanbHble MOAENN C MOAANIBHOCTBK BPEMEHN |-
/W / /
R(q)) = —T E E |(D;‘t — (D;'_l_t|. sentiment o o
/\ * * f o Moaenn BbigeneHnss MHEHUIA Ha OCHOBE TOHAJIbHOCTEN,
el teT ———= o <
== (PaKTOB, CEMaHTUYECKNX POJSIEi NMEHOBAHHbIX CYLLIHOCTEN

geospatial

i

MopaanbHoCTb reonokauuii g ¢ bansoctoto Sgpv:

T Dgt PR
R®)=—5 Y Sgngn%(n—i— £t)

/ ng’
g.g'eG te’l

segmentation

TemaTu4deckne MOAOE/IN CETMEHTAUNN C aBTOMATUNYECKUM
onpegenceHnNEmM rpaHmy CErMEHTOB

BopoHuyos K.B. BepoATHOCTHOE TemaTU4yeCcKoe moaennpoBaHue: Teopua perynapmnsaumnm
ARTM n bubnunoteKa c oTKpbITbiM Kogom BigARTM. — MockBa: URSS. — 2025. — 224 c..
http://www.machinelearning.ru/wiki/images/d/d5/Voron17survey-artm.pdf
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BIQARTM — TexHONnorusa TemMmatu4eckoro moaenmpoBaHuA

JTanbl MOAENNPOBaHUA Bayesian TM ARTM
. AHanus TpeboBaHuM AHanus TpeboBaHU
K nr4eBble BOSMOXHOCTA. @opmanusayua: BeposTHocTHasa moaenb CraHpapTHble Ceom
NOPOXAEeHWA AaHHbIX KpuTepmm KpuTepum
Qo B onbwune ,EI,a HHbIE. KONNE KL||V|}-‘| HE Xpa HATCA B NMaMATN Anzopummu3sayusa; BaltecoBckuii BbiBOA, A5 EanHBIN perynapmn3oBaHHbIi
[aHHOMW nopoxaatowein mogenm EM-anropmntm ans nobbix
@ OHnaltHoBLIW NapannensHblil MynbTuMoganbHbii ARTM (V1, GS, EP) _ Mogenei U ux KomnosHui
Peanuzayua: MccnepnoBaTenscKUin Kopa, lNMpombiwneHHbIN Ko BigARTM
B 6 6 (Matlab, Python, R) (C++, Python API)
o CTpOEH Ha A NONMNOTEKA pe ryﬂﬂ le3aTOpO B U Mep Ka4€CTBa OueHusaHue: UccnepoBatenbckre METPUKM, CraHpapTHble c
nccnenoBaTebCKUM Kog, MEeTPUKMU BOn METPHIRY
BHegpeHue BHegpeHKe
C 0 0 6 LL" e CT B 0 - -- HECmaHAapmu3yemsle 3marnsl, YHUKGAbHAA paspabomya 004 Karndol 3a0a4u
@ OTkpbiThili kog https://github.com/bigartm - cmanaapmuzyewee amans

(discussion group, issue tracker, pull requests)

3.7M craTeii Buknneguu, 100K cnos: |Bpems min (nepnaekcus)

LS

@ [lokymenTauusa http://bigartm.org BT, ok [TTT [ Geom [ Voweel | BgARTH | BeARTH
Wabbit aCUHXPOH

1 50 | 142m (4945) | 50m (5413) | 42m (5117) | 25m (5131)

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

.ﬂl/lLl,eH3l/IFI n cpeanqa pa3p860TKI/I: 1 200 ||637m [(3241) | 154m (3960) | 83m (3347) |[53m](3362)
2 50 | 89m (5056) 22m (5002) | 13m (5160)

2 | 100 | 143m (4012) 20m (4107) | 19m (4144)

@ CeobogHasa kommepyeckast nuueHsus (BSD 3-Clause) > | 200 | 390m (3207) e (3307 | 20m (3360
. . . 4 | 50 | 88m (5311) 12m (5216) | 7m (5353)

@ Kpocc-nnatdopmerHocts: Windows, Linux, MacOS (32/64 bit) 4| 100 | 104m (4338) 16m (4233) | 10m (4357)
4 | 200 | 315m (3583) 26m (3520) | 16m (3634)

e . : 8 | 50 | 88m (6344) m (5648) | 5m (6220)

@ VlHTeppeiicel APl command-line, C++4, and Python s | 100 | 107m (5380) Lom (4660) | 6m (5116)
8 | 200 |[288m]|(4263) 15m (3929) |[10m](4309)

Mypam Anuwes. 3ddeKTUBHanA peanmsaumsa aaropuTMoB TEMATUYECKOTO MOAENNPOBAHMNA C aAANTUBHOMU
perynapusaumnen. Aucceptauma K.17.H., PUL NY PAH. 2020.

Vorontsov K. V., Frei O. I., Apishev M. A., Romov P. A., Suvorova M. A. BigARTM: Open source library for regularized
multimodal topic modeling of large collections. AIST’2015
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Pa3zBego4yHbIM NOUCK B TeXHOSNOrMYEeCKnx onorax

Llenb: nonck fokymeHTOB —

1.0 -——-— 55E550rS === wordZvec

----= BM25 —.- TF-IDF
-— LDA PLSA

NOo AJTNHHBIM TEKCTOBbBIM 3d4MNMpPOCaM

>

— Habr.ru (175K gokymeHTOB), T |

— TechCrunch.com (760K nok.). p======cSSsessss

0.61

Perynapu3aTtopbi: ARNL MR M

PLSA hierarchy interpretable multimodal

Z| o|[e] ) TR RS | +R +R

Pe3ynbTaTthi:

Lo

0.7

0.6

m—— HARTM
- aESESE0rS
maen BM25
- DA

ARTM
=== word2vec
=== TF-IDF

PLSA

10

n-gram

ENpEEERE
O OO M
T O k™

15 20

— MaxXx

@ TounocTb n nonHota 93%, npeBOCXOANT aCECCOPOB U APYrue
meToabl (tf-idf, BM25, word2vec, PLSA, LDA, ARTM).

@ VBenm4yumnacb onTUMasnbHas PA3MEPHOCTb BEKTOPOB.

200 — 1400 (Habr.ru),

475 — 2800 (TechCrunch.com).

A.AHuHa. TemaTn4veckne n HenpoceTeBble MOAENN A3blKa ANSA Pa3BeAO4HOro

nHcpopmaymnoHHoro noncka // aucceptauyna k.dp.-m.H. MPTU, 2022.

T1 80 100 120
T2 300 350 500 550 600 700 750
T3 1500 1700 | 2500 2600 | 2600 2800 3000 | 3000 3200 | 4500 4700
Pr@5 |0.6556 0.707 |0.751 0.792|0.887 0.893 0.890 |0.789 0.722|0.703 0.678
Pr@10 | 0.678 0.712|0.773 0.823|0.895 0.922 0.905 |0.805 0.741|0.722 0.692
Pr@15|0.692 0.715|0.775 0.831|0.902 0.921 0.907 | 0.821 0.743|0.725 0.703
Pr@20 | 0.687 0.709 |0.761 0.819|0.889 0.885 0.898 |0.809 0.736|0.719 0.683
R®@5 0.751 0.795(0.802 0.856|0.871 0.877 0.863 |0.852 0.8331|0.738 0.705
R®10 |0.767 0.812|0.825 0.875|0.892 0.908 0.879 |0.871 0.842|0.751 0.711
R®@15 |0.772 0.824 |0.841 0.887|0.912 0.927 0.901 |0.893 0.854 |0.772 0.721
R®20 |0.783 0.830|0.854 0.892|0.931 0.949 0.935|0.905 0.871|0.790 0.732
Habrahabr TechCrunch
acecc W Com WEB WBTH All |acecc W C WEB WBC Al
Pr@5 |0.821 0.621 0.558 0.673 0.871 0.872|0.822 0.718 0.569 0.795 0.891 0.893
Pr@10|0.869 0.645 0.567 0.712 0.911 0.915|0.851 0.729 0.592 0.807 0.919 0.922
Pr@15|0.875 0.631 0.532 0.693 0.894 0.895|0.835 0.737 0.603 0.803 0.920 0.921
Pr@20|0.863 0.628 0.531 0.688 0.877 0.877|0.813 0.729 0.594 0.792 0.883 0.885
R@5 |0.780 0.725 0.645 0.797 0.888 0.889|0.762 0.754 0.659 0.775 0.874 0.877
R@10 |0.817 0.748 0.652 0.812 0.921 0.922|0.792 0.778 0.671 0.808 0.908 0.908
R@15 |0.850 0.782 0.679 0.842 0.941 0.942|0.835 0.783 0.679 0.825 0.927 0.927
R@20 |0.873 0.789 0.672 0.852 0.960 0.961|0.867 0.785 0.711 0.837 0.949 0.949
Habrahabr TechCrunch
HeT D De Ded® DePH| Her D De Ded DedH
Pr@5 |0.628 0.772 0.771 0.865 0.872 |0.652 0.777 0.779 0.879 0.893
Pr@10| 0653 0.781 0812 0.883 0.915 |0.679 0.788 0.819 0.895 0.922
Pr@15| 0642 0.785 0.792 0.891 0.895 |0.669 0.791 0.798 0901 0.921
Pr@20| 0643 0.771 0783 0875 0.877 |0.673 0775 0.792 0.892 0.885
R@5 |0.692 0.820 0.805 0.875 0.389 |0.673 0.825 0.812 0.869 0.877
R@10 | 0.714 0.831 0.834 0905 0.922 |0.685 0.856 0.845 0.881 0.908
R@15 | 0.725 0.847 0.867 0.921 0.942 |0.712 0.877 0.869 0912 0.927
R®@20 |0.735 0.873 0.891 0.943 0.961 |0.723 0.892 0.895 0.934 0.949
Habrahabr TechCrunch
Eu cos Ma He KL Eu cos Ma He KL
Pr@5 | 0652 0.872 0772 0.725 0.741 | 0.647 0.893 0.752 0.742 0.735
Pr@10 | 0.693 0.915 0.798 0.749 0.772 | 0.658 0.922 0.794 0758 0.751
Pr@15 | 0695 0.895 0.803 0.737 0.751 [ 0.672 0.921 0.801 0.745 0.742
Pr@20 | 0.671 0.877 0.789 0.731 0.738 | 0.652 0.885 0.793 0.739 0.738
R®5 0693 0.889 0721 0.742 0833|0688 0.877 0708 0733 0.858
R@10 | 0.715 0.922 0732 0.775 0868|0692 0.908 0715 0753 0872
R@15 | 0.732 0.942 0.739 0.791 0.892 | 0.724 0.927 0.719 0.785 0.895
R@20 | 0.741 0.961 0.721 0.812 0.902|0.732 0.949 0.711 0.808 0.901

4
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«Mounck n Kknaccudukauma Uronok B CTore ceHa»

- (ANOHLBLI): ANOHCKWA, ANOHWA, KOPEA, KUTaACKWE, MuaKwa, apapua, dykycumy
eJ-I b B b I H BJ-I e H I/I e Ka K M ON( H O OJ-I b I I I e ro UyHaMe, coobWaTs, OKE3H, CTAHUNS, XaTWKO, PAR0OH, NPABMTENLCTEO, ATOMHBIR,
u (HopBexue). gaTa, peDeHOK, POONTRCA, NETCKMA, CEMBA_. BOCMATIH ML, Npaso,
BOIPACT, OTEL, BOCANTAHWME, HOPEEMCKWA, POOVMTEALCKWA, DOONTE, MANEHNK,
B3PCCABIA, Oneka, ChiH,
(BEHECYINbLL): KyDa, KACTPO, BEHECY3IN3, Y3ABEC, NPEIWABHT, Yro, Maaypo, Goaneuwa
rnaens, rNaea, NATHHCKWA, BEHECYSALCKNA, Anaep, Bonneapwanckof
NPE3VASHTCKWA, anseHOe, resapy,
{Hnraﬁu,u} KUTIACKWA, poCCWA, APOMIBOACTED, KWTZW, APOAYKLWA, CTPaHA,
NPEANPUATVE, KOMMNIAHWA, TEXHONOrWA, BOEHHBIA, PErMOH, NPOW3BOANTb,
NPoW3BOICTEEHH A, NPOMBILLASHHOCTE, POCCHACKAA, IKOHOMUYECKMA, KHD,
(azepbafpmanym ) pyccrni, azepbafagman, azepbafgmaney, poccws,
azepbafawancknd, TAKCWCT, AWACNOpPa, aHana, Hapog, MOCKBa, CTPaHa, apMAHNH,

(3aTpaBka — cnoBapb 300 STHOHUMOB). G e seus s s s

CMEWHA30BEL, MUPOTEBOPEY, ONEPALMA, PYMBIH, OpWraga, MupoTBopHeckuid, abxazna,
rpynna, BORCKa, pYCCRMA, LXMHBANE,

HNCJZId TEM O HAUWMNOHA/IBHOCTAX
N MEXHAUNOHAJIbHBIX OTHOLUEHWNAX

(DCEeTHHLI): KOHCTHTYLUWA, OCETHA, AMWHAT, PYCCKWA, OCETHHCKWA, HMHEA, CepepHBI,
pOCCHA, BORHZ, pecny0nueka, sONpoC, anaxai, POCCHACKNEA, HaceneHne, KOMDAMKT,
{u,hlr':‘lHE}: HAPKOTWE, UEIT3aH, UEIFAHK3, X0pOWKM A, MECTO, CTPaHa, QeHera, BpemMa,
paboTaTe, MW3He, #UTh, PYKA, O0M, UsiFAHCKMA, HADKOMAHKD,

Perynapun3aTtopbi:

PLSA seed words interpretable multimodal

Z| |o|[e]) T R |'||||||||| +R(IFT] +R

temporal geospatial sentiment
- 7R’ p—

+ R TN ) T R0 )|+ R = | = max

PesynbTathl: yncno penesanTtHbix Tem: 45 (LDA) — 83 (ARTM).

M.Apishev, 5.Koltcov, O.Koltsova, S.Nikolenko, K.Vorontsov. Additive regularization
for topic modeling in sociological studies of user-generated text content. MICAI, 2016.

-, —, —, — —. Mining ethnic content online with additively regularized topic models. 2016.

OCMAHCKUNA
BOCTOYHOEBPOMNENCKUNNA
3BEHK
LUBENLLAPCKAS
aNaHCKNNA
CaaMCKunu

naThbiLw

NNTOBEL,

LbIFAaHKa
XaHTbl-MaHCUNCKUNIA
Kapa4daeBCKNN
KyOunHka

raray3ckum

pyCcn4
CMHIranypey

NnepyaHcKnm
C/IOBEHCKUN W
BEMCCKNM
HUIrep
agbirn
comanney,
abxas
TEMHOKOXXWIA
HUrepuneL,
NATYLWATHNK

KambogyxueLwy,
44



[Touck obcyxaeHnm bonesHen n nx nevYyeHus1 B colceTax

L',EJ'II:): KAONCK N KAdCCMPUKAUNA NTON0K

B CTOre CeHa» — CoobLeHunii B

0 bonesHsix, cMuMnTOMax, cnocobax

NEHEHINA, noboyHbIX ahhekTax

Perynapun3aTtopbi:

g(@b e ) T R( )

+R( £

witter

interpretable
|
—|— R ||||| BEERS
|

)+

temporal

T

Article ]

Hfﬁl
[]ne

"""'Mﬁ?mém e

5 oubStances wm

)+

Preszrib

it Reactuns Cometimes g Touched
B dhallli SOMELIMES Buth bures
u '|: .’Hr-

[ ]

oet || Bactoal 1 Aifects

m[jpecm IPEF

<Gor ”“'""junctlwtla

n | e EDHTS

+R(HO) +

uuuuuu

Clear Preve

geospanal
o] — max

Mogens ATAM (Ailment Topic Aspect Model) noxoxa Ha nowuck
3THO-pPEeNIeBAaHTHbIX TeEM U ferko peanndyema B BIgARTM

M.J.Paul, M.Dredze. Discovering Health Topics in Social Media Using Topic Models, 2014
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[Tonck nonsipm3aumm MHEHUN B NOJINTUYECKNX HOBOCTAX

Llenb: HaWTym npru3Haky, NO KOTOPbIM
cobbITHIiHAA Tema pa3aenseTcs
Ha KnacTepbl-MHEHUS

PerynapusaTtopbi:

PLSA

Z\ |o|[o

interpretable multimodal

+R ||||||

+R

Pe3ynbTaThl:

@ BblgeseHne MHeHuin BHyTpu Tem: Fl-mepa = 0.86%

+R

Modalities Pr Rec F1

TF-IDF 0.51 | 0.95 | 0.67

SPO 0.59 | 0.7 | 0.64

FR 0.86 | 0.49 | 0.65

Sent 0.69 | 0.57 | 0.66

SPO+FR | 0.86 | 0.68 | 0.76

SPO+Sent | 0.83 | 0.78 | 0.81

FR+Sent 0.9 | 0.52 | 0.67

All 0.77 | 0.97 | 0.86

n-gram syntax
1 01 O
O OO O I R éﬁ — Max

1O O ™

@ COBMECTHOE NCNONb30BAHNE TpéX MO,D,aJ'IbHOCTeF'I:
e SPO — dakTtbl Kak TpunneTbl «CyObekT—NpeankaT—o0bEKT »
e FR — cemaHTnyeckme ponn cnoe no Punnmopy
@ Sent — TOHAJILHOCTN MMEHOBAHHbIX CYLLHOCTEN

D.Feldman, T.S5adekova, K.Vorontsov. Combining facts, semantic roles and sentiment

lexicon in a generative model for opinion mining. Dialogue 2020.

... NpeaugenT MNetp Mopowekko 3asBun, uToé-ankm’@@Ej}ykpauncme NpeANPUATHA, KOTOPLIE
HaXOAATCA Ha HENOAKOHTPONBHON Kuesy 1€_p_pb4‘1(.m£empﬁﬂ AHP v /IHP "Haunoranu3nposanu” yKpauHckine
NpeanpUaTUS ... put 3ToM Kpeniis 3aLuTAnEOHUCKaLMIINpeANpUATII & NIAHP ... Ykpauka noTpeByer pacuupiTs
CAHKUWM ... 3 BCE 3TW AelCTBIR 00A3ATENBHO HACTYNWT HakasaHue. YkpauHa noTpebyeT pacLuvpeHiiA CaHKLUMA Ha Tex,
krt@cpe@jkpamncmé npeAnpusTAs .. (Kiev opinion)

.. Mo cnoam 3axapueko, Kues BerperuT csoﬁ@cnbm oHel"... Kue Bo3LMETCA 33 YM, W B LIRNAX CAceHA

COBCTBEHHON NPOMBILINEHHOCTA CHUMET Bokagy ... OBCTaHOBKa, KOTOPYIO MCKYCCTBEHHO CO34ana YkpanHa ¢ bnokagoa
e "

AoH6acca, BuIHYAMNa ...C omma[@caon HapoA ... eCAK B Kieae Bbini MPUHATE KaKOe-MBO NOCTAHOBNEHME ...

MONOXKMTENLHBIE Pe3yAbTaThl, Kak B pecnybankax, Tak v s.,. Ecnu vm yacTca cmecTus MopoLuenko| npy 3Tom
He pasBanute YKpEMHy] TO BCE BEPHETCA Ha CBOM MecTa ... (Moscow opinion)

Subject | Object | [ Agent ] [ Locative ]

/F.._— _-‘\_"\ Y
(_Negative lexicon > Dependent word

Cnosa «[lopoweHko», «Poccnay, « Ykpannay scTpeyarotcs
B TekCTe-1 1 TekcTe-2 0ANHAKOBO YacTo, OAHAKO:

o «[Mopowerko» — cybwekr B Texkcre-1 n 0bbeKT B TekcTe-2;
@ «Poccnsiy — areHc B TekcTe-1 1 nokauus B TeKCTe-2;

@ HeraTueHas ToHanbHocTb: «Poccusy, «Kpemaby B Tekcte-1,
«KueBy, «VYkpauHay B TekcTe-2.
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[lpmepbl TeMaTU4YeCcKoro mogenupoBaHus
B NICTOPUYECKMNX uccneaoBaHUsX (raseTHble apXuBbl)

[1] Kopnyc Pennsylvania Gazette 1728--1800, 25M cnos:

--- BblAgeneHue nocneaoBaTe/IbHOCTU COObITUMHBIX TEM, U3YYEHUE CUHXPOHHOCTU CODOLITUI
--- KOMBUHMpPOBaHME aBTOMATUYECKOro aHa/In3a N PY4YHOTO.

[2] Ma3emebil Texaca oT rpa*aAaHCKOU BOMHbDbI A0 HALUUX AHEWN:
--- BblaeNeHne AMHAMUKU BCEX TEM, CBA3AHHbIX C XJIOMKOM;

[3] Ma3eTbl U nepuoanka PmHaaHauM (1854--1917):
--- BblAe/1IEHNE TEM O LLEPKBU, penmrnmn, obpasoBaHUW;
--- TPEHAbl MOAEPHU3ALUNN N CEKYNAPM3aLMM PUHCKOro obLiecTBa.

1. D.Newman, S.Block. Probabilistic topic decomposition of an eighteenth-century American newspaper. 2006.
2. Tze-1 Yang, A.J.Torget, R.Mihalcea. Topic modeling on historical newspapers. 2011.

3. J.Marjanen et al. Topic modelling discourse dynamics in historical newspapers. 47



[lpmepbl TeMaTU4YeCcKoro mogenupoBaHus
B UICTOPUYECKMUX uccnenoBaHUAX (nNetTonucm u oHeBHUKWN)

[4] A BYA3bIYHbIM KOPNYC KHUT Ha AHI/IMUCKOM U HEMELLKOM A3blKe:
--- BCE TeMbl, CBA3aHHbIE C 3NMNUCTEMO/IOTMEN

[5] Kopnyc TekcTtoB Ha KUTauckom A3sbike (1644--1912):
--- BCE€ TéMbI, CBA3aHHbIe C DaHANTUIMOM, NPECTYN/IEHNAMMU;
--- aHaNIN3 KOHTEKCTa AN YCTAHOB/IEHMA TUNA NMPECTYNJ/IEHUA.

[6] AHeBHMK Martha Ballard (1735-1812), oxBaTtbiBaeT 27 ner:
--- BblAaeneHne Tem CobbITUNHDBIX U MEPMAHEHTHbIX, NEPCOHANbHbIX U UCTOPUYECKUX
--- cneundunyHbin aHrnnncknm XVIll seka.

4. M.Erlin. Topic modeling, epistemology, and the English and German novel. 2017.
5. lan Matthew Miller. Rebellion, crime and violence in Qing China, 2013.

6. Cameron Blevins. http://www.cameronblevins.org/posts/topic-modeling-martha-ballards-diary. 48



http://www.cameronblevins.org/posts/topic-modeling-martha-ballards-diary

[lpmepbl TeMaTU4YeCcKoro mogenupoBaHus
B UICTOPUYECKMX uccneaoBaHUAX (XKypHanbHasa nepuoauka)

CtaTtbun Konnekumnmn JSTOR AOCTYNHbI B BUAE «MeLlKOB CN0BY.

[7] HayuHble »KypHanbl XX BeKa:
--- PA3N1NYMNA TEMATUKU HA aHI/TUMCKOM U HEMELLKOM A3blKaX;
--- 0COOEHHO nccnenoBannChb pa3nnyma, ceasaHHble co 2MB;
--- AN 06 begUHEHMNA TEM MCNONBb30BANNUCL MHTEPBUKK Bnknneammn.

[8] Bonee 100 net AnTepaTypHO-XyA0XKECTBEHHON NEePUOANKMN:
--- KaK MEHANCb TEMbI;
--- KaK MEHANNCb 3HAYEHNA C/I0B BHYTPU KaXKA0M TEMbI;
--- KaK MeHANnacb Tema Hacunma (violence, power, fear, blood, death, murder, act, guilt).

7. D.Mimno. Computational historiography: Data mining in a century of classics journals. 2012.

8. A.Goldstone, T.Underwood. The quiet transformations of literary studies:
What thirteen thousand scholars could tell us. 2014.



[lpmepbl TeMaTU4YeCcKoro mogenupoBaHus
B nonutonormu (aHanu3 nyonumyHbIX BbICTYNNEeHUN)

[9] Bbictynnenua (210K) B EBponapnameHTe, 1999--2014:
--- BbliBJIEHUE COObITUMHbBIX TEM M 3BOIIOLUUU NEPMAHEHTHbIX TEM;
--- KaK yneHbl n KomuteTbl EM1 BANAKOT Ha dopMmnMpoBaHUE TEM

[10] Mopenb KoHTpacTHbIX MHeHUU (Contrastive Opinion Modeling):
--- BbicTynieHua B CeHaTte CLUA (www.votesmart.org);
--- CMW: New York Times, Xinhua News, The Hindu, 2009—2010

[11] BbictynneHusa B Cosbese OOH no AdraHucrany, 2001--2017:
--- IMHAMMKA OTHOLLUEHUSA Pa3HbIX CTPaH K npobaemam ApraHmcrtaHa

9. D.Greene, J.P.Cross. Unveiling the political agenda of the European Parliament plenary: a topical analysis. 2015.
10. Fang Y. et al. Mining contrastive opinions on political texts using cross-perspective topic model. 2012.

11. M.Schonfeld. Discursive landscapes and unsupervised topic modeling in IR: a validation of text-as-data
approaches through a new corpus of UN Security Council speeches on Afghanistan. 2018.
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[lpmepbl TeMaTU4YeCcKoro mogenupoBaHus
B nonutonoruu (aHanus CMU v counanbHbIX megna)

[12] TemaTuka nsmeHeHua kammara 8 CMWU NMakucrana, 2010--2021

--- BblAB/1eHWne, rpynnmpoBaHmne " JMHaMmMKa TemM

[13] BbiaBneHue nonapusaumm Hosocteun (AYLIEN COVID-19):
--- 1,5M HoBocTeun, 440 ncroyHnkos CMMHW, 11.2019--07.2020

[14] BbiaBneHUe NoOAUTUUYECKUX B3rNAAO0B noab3osBatenen Twitter

[15] Y10 nnweTt NYT o agepHbIXx TexHonoruax ¢ 1945 no H/B

12. W.Ejaz et al. Politics triumphs: A topic modeling approach for analyzing news media coverage of climate change
in Pakistan. 2023

13. Zihao He. Detecting polarized topics using partisanship-aware contextualized topic embeddings. 2021
14. R.Cohen, D.Ruths. Classifying Political Orientation on Twitter: It’s Not Easy! 2013.
15. C.Jacobi. Quantitative analysis of large amounts of journalistic texts using topic modelling. 2015.

16. H.Jelodar et al. Latent Dirichlet allocation ({LDA}) and topic modeling: models, applications, a survey. 2019.



[ToabiTOXUM. TemaTuyeckoe moaenupoBaHue Ans
Information Retrieval u Digital Humanities

Mouemy TM He TepaeT aKTyaZIbHOCTU B 3NOXY 60nbLUMNX A3bIKOBbIX MOAENEMN:
— MNOZIHOTA TEMATUYECKOUN KNacTepu3aLumm TEKCTOBOU KONNEKLNM
— CKOPOCTb U AelleBU3HA BblYUCIEHUM

— NHTEePNPETUPYEMOCTb TEM

OTKpbITble Nnpobaembl U co3paHne HOBOro «CTaHaapTa ae-pakro» B TM:

— nepexoa OT rMnoTe3bl KMEeLLKa CN0B» K MOAENU TEMATUYECKOro BHUMAHUA

— KaK rapaHtunposaTtb 100% nHTepnpeTupyemocTn Tem?

— CBfI3aHbl /I KMYCOPHbIE TEMbI» U TEMbI-AYONNKATbI C AncbanaHcom Tem?

— KOorga Tema «paccKa3sblBaeT 0 cebe», KaK U3MepPUTb Ka4yeCTBO 3TOr0 paccKkasa?

— KaK aBTOMaTU3MpPOBaTb BbIOOP YMcaa TeEM N KOIPPULIMEHTOB perynapmsaumm?
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MacTtepcKkasa 3HaHUU: OT NOUCKA MHPOPMaALUN
K MTOHMMAHUIO N CUCTEMATU3ALUM HAYYHbIX 3HAHUM

ANV f [ AVYARE .V.FAWwWE f
v r \ 4 W AN 7 B J I VIARARIILIL,

4. ABTOMaTM3aLUMA KapTUPOBAHUA 3HAHUN
5. ABTOMAaTM3aUMA KOHTEHT-aHa/1M13a



OT MHTennekKkT-KapT (Mind-maps) K KapTam 3HaHUW

* IHTennekT-kapTtbl (mind maps)

TekcTorpadpuyeckoe otobpaxxeHue
TOro, Kak TeMbl (MbICAW, NAEN)
pa3bumBatoTCa Ha MNOATEMbI Mepapxmyeckm

MaKCMMaibHO BaKM3KOoe K TOMY, KakK
Mbl XPaHUM 3HAdHWNA Y cebs B ronoBax

“~ npeanoxeHbl B 70-e rogpi
< OpPUTaHCKMM MCUXOIOTOM
L TOHU bblo3eHOM




OT MHTennekKkT-KapT (Mind-maps) K KapTam 3HaHUW

KOHCNEKTUPOBaHWA
Hale/1eHbl Ha NMOHMMaHW9
@ NnoBbllUEeHKne
3P PeKTUBHOCTU 3aNOMWHaHNA
cncreMatmsalinm 6narofapa akTUBM3aLMU 0BOUX
noaywapuii Mosra, y4érta ocobeHHocTel
Mnoucka KOHCeHcyca BOCMNPUATUA, MbILLUNEHUA, NaMATU

NOCMOTPETb, MOHATb, 0OCYANTb, AOTOBOPUTLCA, MPUHSATH

TexXHMKa
=44 3aNnoOMWHaHUA
CaMOCTOATE/IbHO BOCMNPOU3BECTN Yepes
10 MUHYT = CYTKU — Heaeslilo —» Mecsl



OT MHTennekKkT-KapT (Mind-maps) K KapTam 3HaHUW

@ 16 NPMHLUMNOB NOCTPOEHNA NHTENNEKT-KapT

Q paduaHmMHoOCMeb: NNHUN PacxoaAaTca U3 LeHTpa
pasmep wpugdma oTpaxaeT BaXHOCTb TeM U NoATEM

roapunyeckoe

obpopMaeHune ysem BblaensaeT noaaepeBbs

KapmuHKU YCNJTNBAKOT 06[333HDCTI:
ANA aKTUBaL MM

SPHTE‘J'II:HDFI NamMmAaTK
donosiHeHue CBA3AMW, BBIHOCKaMW, CCbIZTIKaMW



OT uHTennekT-KapT (Mind-maps) K KapTam 3HaHUN

(16 NpMHUMNOB NOCTPOEHUA NHTENNEKT-KapPT)

BETBJ/IEHWNE

noATeMbl 0OpPa3yroT HappPaTUB, CKOXeET
00HOpOOHOCM®:!

nMbo oTBeYaroT Ha 00LW M BONpPOC
noJsIHoma: MOATEMbl OXBaTbIBAOT BCE aCNeKTbl TEMbI
mMo4yHoOCMb. CpeAiv NOATEM HEBO3MOXHO BbIAENNTb NINLLHKOH

KoMhakmHocme. y Tembl /2 noatem (4uncno ViHree-Mwunnepa)

SHA4YUMOCImob. NnoagremMbl GTE‘M[DBPDTCH N PAHXWPYHOTCA 110 BAXHOCTW



OT uHTennekT-KapT (Mind-maps) K KapTam 3HaHUN

(16 NpMHUMNOB NOCTPOEHUA NHTENNEKT-KapPT)

' Hazass0Hocmb: Gpasbl NOAKPENAAOTCA N306paxeHNAMM
3ProHOMMKaA NIGKOHUYHOCM®b: TeMbl GOPMYANPYHOTCA MaKCUMaabHO KPaTKo

0603pumocmb: Kapty NOHNMakT N 3alTOMWHAKT LE/IMKOM

-*'
x Kpacoma, Xueocms. 3MOLUK CNOCOBCTBYHOT 3aMOMUHAHMIO
X
3CTeTuKa 20PMOHUYHOCMb: BNeYvaTAeHne LLeNIOCTHOCTU, CKNaAHOCTU KapThl

CﬁﬂﬂﬂHCUPOBGHHGCmb.' BETBUN NPUMMEPHO PaBHbl N PAaBHOUEHHDI



OT MHTennekKkT-KapT (Mind-maps) K KapTam 3HaHUW

¢ NPUHLUWITOB, YCNTTINBAHOLWNX UHTENIJIEKT-KAdPTbl 40 KapT 3HaAHUN

Eafy
= yntabesbHOCTb

KOMMPOMMUCC C
NaKOHWYHOCTbHO
N 0603PUMOCTbIO

ntobon pparMeHT KapThbl
YnTaeTca Kak HappaTtus

B OT/InYMe 4
OT APYIrNX = i
cnoco6boB ' 4...,_ :~.=.€f.;_.-,}~: e
npeAcTaBneHus =5 ; = -
3HaHWUU =

nerko mn oaAHO3Ha4yHO

Adaxxe dBTOMaTU4YeCKHW

OHTONOINM

bpenmoB 1 ap.

59



OT uHTennekT-KapT (Mind-maps) K KapTam 3HaHUN

(6 NPUHUMNOB, YCUNUBAIOLNX NMHTENNEKT-KaPTbl 40 KapT 3HaHUWN)

YNTabEeNbHOCTH
ntoboun Tembl 6e3 yTparthl
cbanaHCMPOBAHHOCTHU
1= (2) nos ntobon popmat: okHa, Npe3eHTaunm, nocTepa, KHUM

& 4 CBOPaAYMBAEMOCTDb

[TO3BOJIAET J'II-ijYI-O AeTalnN3ayno «OTNOXKWNTb HA NMOTOM»

KOMOPOMWCC

ACHOCTM rMaBHONo B KaXXJ0u TemMme
C UNTabenbHOCTbIO

cnocobcTByer
MOHUMAHWIO M B3aVMOMOHWUMaHUIO



OT uHTennekT-KapT (Mind-maps) K KapTam 3HaHUN

(6 NPUHUMNOB, YCUNUBAIOLNX NMHTENNEKT-KaPTbl 40 KapT 3HaHUWN)

E (3)
OTTOPraemMocThb

KOMNpOMKUCC C NaKOHUYHOCTbHO

-
3

(4)
E‘“'ﬁ%“-_v KONNEeKTUBHOCTD,
I‘% Ha BCeX 3Tanax

AKN3HEHHOTIO UKMKJA

KOMOPOMWCCblI MeX 4y aBTOpaMK

KOMMEHTAPWKN aBTOPA HE HYXXHbI A/1A4 NTOHWMaHWA KapPTbl

KapTa cCNoCobHa «XXUTb CBOEW XU3HbHO»

CO34aHMNE peueH3npoBaHne, cCornacoBaHume
pasBunTue YTOYHEHWE, A€TaIN3alUnNA
nPpMMeHeHMe B KONNEKTUBHOW AEATe/IbHOCTU



OT uHTennekT-KapT (Mind-maps) K KapTam 3HaHUN

(6 NPUHUMNOB, YCUNUBAIOLNX NMHTENNEKT-KaPTbl 40 KapT 3HaHUWN)

(5)
BO3MOXHOCTb

Z =3 MAWWNHHOW
o0b6paboTku

KOMMOPOMWCC
CaHTPONOUEHTPUNHYHOCTBHO

Ha 3Tane
CO34aHNA KapT.

Ha 3Talle UTEHWA.
dBTOMATUNYECKOE

obyuyeHvne LLM
No KapTaM 3HaHWW

NMONCK MCTOHHWMKOB, CCbIJIOK, KAPTUHOK

CYyMMapunsauna TEKCTa B BUAE KapT

CBOpayMBaHMe KapTbl NO changam
npeobpa3oBaHMe B HappaTUB

nepeBo/ Ha APYron f3biK

«AYyMaroWnX» KakK akoaun

be3onacHbIX ANa noaen



OT uHTennekT-KapT (Mind-maps) K KapTam 3HaHUN

(6 NPUHUMNOB, YCUNUBAIOLNX NMHTENNEKT-KaPTbl 40 KapT 3HaHUWN)

BCEX KapT nocpeacrBoM KNHO4YeBbIX NOHATUM

(6)

ro6abHas B eAnHYyt0o CucteMmy 3HaHUM Yel0BeYecTBa
pagnaHTHasA
ecTeCcTBeEHHO-Hay4Hoe
CBA3HOCTb
B LEHTPEe HaxoAnTCA
CMbIC/IOBOEe AApPO UNBUAN3aUNOHHOE
KOMNOPOMWCC C DﬁUBPHMDCThH] HOHHTHHHOE

BopoHuoe K.B., Kypurnoe B.A. KapTbl 3HaHWW: HA NYTU K OBEPEHHbLIM S3bIKOBbIM MOAENAM
n cuctemam npeacrasneHnsa sHaHun. BIS Journal, Ne3 (54), 2024.



@ Kak dKTUBNPOBATb BU3YyaJIbHOE aHA/INTUHECKOE MbIlUJIEHUNE
(BBOHPOLI,HOHHO 06YCJ’IOBHEHHOE, HaMHOro bosee MOLIJ,HOE)

u MnopAaaKa COTHW KapT: NPOCMOTPETD, OﬁC}/ﬂ,HTb, NoCnNopwuTb, NPUHATDL
_— — — .

P2 zecatkun kapT: NOCTPOWTL camMoMmy, ceays 16+6 NpuHLMNam

«KpPpaCnBO CAOXKUWT1ACb»

B NCIMblITaTb «MOMEHTbI ACHOCTW», ? npvBesia K cornacuio
HHcaﬁTbl, KOraa KapTa L
Jerko U HPKO 3alOMHWANACh,

NMHAWNBWAYanbHaA NPakTUKa U ONbIT Nlerna B OCHOBY AeATeNbHOCTH

- f—
caenatb NOCTPOEHWEe KapT perynsapHou ""g NHAVBUAYaNLHO
NnpodeccroHaNbHOW NPaKTUKOW Nt

KOJINEKTUBHOW
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[MoabiTOXUM. KapTbl 3HaHUU

e [IpeacraBneHne 3HAHUN, YHUBEPCANbHOE ANA YEeNOBEKA U MALLUMHDbI
— 16+6 NnpMHUMNOB peanunsytoTca Yepes npomnTbl AnAa LLM

e [lepcneKTUBHbIN UHCTPYMEHT «KOJIIEKTUBHOIO pa3yma,
PA3BMBAIOLLMIN HaBblKM PaboOTbl C HAYYHOU MHPOPMALUEN:
— BO BCEM BblAeNATb rnaBHoe (712),
— AenaTb 3To 6bICTPO, POPMYINPOBATb TAKOHUYHO,
— NOCTUTasa B KOMaHAe eANHCTBA NOHUMaHMS uenen, naen, CMbiC/1108B

e ObyueHue UN no Tekcto-rpadpmyeckmum npeacrtaBieHUAM:
— CaMUM OCBOUTb KapTUPOBaHME 3HAaHUN (MHAUBUAYA/IBHO U B KOJIJIEKTUBE)
— pa3paboTaTb METPUKM ANA CPAaBHEHUA TEHEPUPYEMDbIX KAapT C IKCNEPTAMMU
— HaKanauBaTb oby4atowme BbIDOPKU U BEHUMAPKK

Sobolevsky FA., Vorontsov K.V. Text Tree Edit Distance: A Language Model-Based Metric for Text Hierarchies. 2025



MacTtepcKkasa 3HaHUU: OT NOUCKA MHPOPMaALUN
K MTOHMMAHUIO N CUCTEMATU3ALUM HAYYHbIX 3HAHUM
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Konkypc MPO//MTEHUE you . READ /
(http://ai.upgreat.one) techno 09y ABLE

contest

comprehension technology

3apauva: aBTomMaTU4Yeckas pa3meTKa CMbICN0BbIX OLUMOOK B coYMHeHuax EM
Mo PyCCKOMY 3., aMTepaType, MICTOpUU, obLLLecCTBO3HAHUIO, aHT/IMMCKOMY fA3.

NMepuopa: nekabpb 2019 — mtoHb 2022, TPU UUKNA UCNbITAHUMN.

Mpusosou poHa: P100M pycckmm a3biK + P100M aHIIMNCKUIN A3bIK

Tunos ownbokK: 152
(p:70 n:16 0:23 un:20 a:23) AKTMUECKAS OLUIMBKA

aBTOp BblCKa3biBaHUA A.DpaHL

MoaTnnos owunboOK: 236

B cBOoeM BbiCKa3blBaHUM «EC/M YenoBeK 3aBUCUT OT NMPUPOAbI,

(p112 Nn:19 o0:29 n:26 a 50) TO U OHa OT Hero 3aBUCUT» [1. MepexKoBCKMl FOBOPUT
0 HEOB6XOAMMOCTY 3aLLUMTbI NPUPOZbI.
[ToMmMMO BblaesieHUA OLLNOOK, \
 NOrMYECKAS OLLMEBKA

Haa0 AaBaTb UX OObACHEHMUS. TE3VC He 06OCHOBaH



http://ai.upgreat.one/participants/datasets/

KoHkypc NMPO//MTEHUE
(http://ai.upgreat.one)

CpaBHeHMe ABYX Pa3MeTOK:

ANroputMUYeckas pasmeTka

Hepenako noan cosepuiaioT nnoxue 3abbiBan O TOM, UTO, flaXe CKPbiB CBOM
@mm JEMOBEK HE CKPOETCA ot m@ cnae:'_m} YTo Xe Takoe
E_l_iﬁljp’;'lmirll.-!.plh ' BeaHpaBCTBEHHbINA @ - 3TO @ He
COOTBETCTBYIOWMA MOPanbHeIM HOPMaM.

MoxHo nu onpasgate He3HPaBCTREHHBIM NOCTYNOK? MMeHHO 3Ty npobnemy B. @.

TeHApAKOB NOAHUMAET B @ TekcTe. [loKaxeM CKasaHHOe NpuMepaMu u3

NpeAcTaBNeHHOro OTPLIBKA.

B Tekcte B. @. TeHOpAKoOB rOBOPHUT O TOM, YTO Bo Bnaro cebe MOXeT nerko

COBEPLMTL HU3KMA NOCTYNOK, HE MCNbITaB NPK 3TOM YYBCTBO CThia. II-'|EI'I'0:T.I@ CMOXET

OnNpasnath CBOW @ nepen caMuM cobomn, ob6BACHWB NpUYKHY. B npuMep asTop
NPWUBOAMT NOBEAEHWE Mepos, KOTOPbIKM YacTo B XU3HW cosepwan bGe3HpasCTBEHHbIS

hocryru-:vl bH Bpari hpancﬂ W iq:a.d Mbi BUAMM, YTO A0 BOMHbBI repoi NPUBLIK.

COBEPLLATH NNOXE NOCTYNKU. OH BCErna ONPaBabIBaNCs, NOTOMY YTO HE XOTeN HECTU

OTBETCTBEHHOCTD 33 CBOW AEMCTBS, @ 3HAYAT HE MCTIbITbIBA] MyueHs CoBECTI Mbi
3HaEM, UTO MyKii COBECT — 3TO NEPBOE U CAMOE CUBHOE HaKaaaHMe, KOTopoe

JYenoBex, COBEPILMBLLIMIA NNOXOKN NOCTYNoK. Ho Haw repoi He

HWKAKOro HakKa3aHus 1 No3aToMy npcnnn@ coBepluaTh 6e3HpaBCTBEHHbIE @
MNpoaHanuaupoBas NOBeAeHWE MaBHOro repon, 8 y6eaunace B TOM, YTO YENOBEK

06A3aH HECTW OTBETCTBEHHOCTb 3a CBOM @ BCErga, U NO3TOMY A YTEEPXOako,
UYTO HENBL3A ONpaB0biBaTh Jaxe Menkue EE‘BHF}EECTEEHHHE @

Up Great
technology

contest AB LE

comprehension technology

JKCnepTHasa pasMeTka 2

Hepenko nioaM coBeplanT Nnoxue @ 3abbiBan O TOM, YTO, flaxe CKPbIB CBOM
OT [PYrvX, YeNOBEK HE CKPOEBTCA OT CBOSI COBECTU. 4T Xe Takoe

Boorbseomvas Foaryrol Eaarpescremvin (e - o (e v

COOTBETCTBYIOWMIA MOPanbHbIM HOPMaM.

MoxHo nv onpaspats banpaocmel-n-ud necrqu? MMeHHO 3Ty Npobnemy B. .

TeHAPAKOB NOAHMMAET B CBOEM TekcTe, [lokaxeM CKasaHHOoE NpuMepamMn 13

NpeacTasNeHHoro OTpbiBKa.

B Texcre B. ©. TeHADSKOB rOBOPHT O TOM, 4TO HENOBEK BO 61ar0 Cebe MOXET N1ero
@HMH@ HE MCMbITas NPy 3TOM YYBCTBO CThiAA. -cr-imner
onpasfaTk CBOW @ nepea camum coboi, ﬂﬁ'beFICHHB APAYNHY. B npumep asTop

NPMBOAMT NOBEAESHWE repos, m::rrnpmu 1 YACTO B XM3HM :mepman 5&3ﬂpamHHue

nocTynki. OH Bpan, APancs 1 Kpan. Mbl BUAMM, YTO A0 BOViHbI repoii NPHBLIK
COBEpLUIATH Noxme hacvynni. OH BCerna onpasabiBancs, NOTOMY YTO He XOTen HecTV
OTBETCTBEHHOCTD 3a CBOM OEACTBMA, 3 3HAYMT He KCbiTeiBan MyuyeHusa cosecT. Mol
3HaeM, YTO MYKW COBECTU — 3ITO MepBoe M CaMoe CUMIbHOE HakalaHue, KoTopoe
nonyMaeT Yenosex, maepmnamﬁ MNOXOMH m Ho Haw repoi He ncmyuan
HMKaKOrO HaKa3aHua v NO3TOMY NpOACNXan m Ge3HpascTBEHHbIE @
npaaﬂanmupnsaammmamnmrepm A y6enunach B TOM, YTO YenoBex
06s3aH HECTV OTBETCTBEHHOCTD 3a CBOV @mm&,umwnm

YTO HENb3A ONPaBAbIBaTL faxe Menkue Eeaupascraem-lue m
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KOHKypCbl aHanun3a AaHHbIX
— ApanBepbl UM poBOro pasBUTUA OTpacrieu

MPOIMTEHHE
."'H.

Passenger Screaning Algorithm Challenge

Zitow Prize
Netflix Prize Deepfake Detection Challenge
Heritage Health Prize
Y
MPOSNTEHHE (rmomunayuy 2020 soda)
-
The Nature Conservancy Fisheries Monitoring
Fiu Forecasting Seversial: Steel Defect Detection

Home Credit Default Risk
Jigsaw Multiingual Toxic Comment Classification

Google QUEST, Q&A Labeling

Global Wheat Delection

Uber Movemen! SANRAL Cape Town Challenge

] | ] 1 | |

| |
f 1 1 1 I i i 1 1

2005 2007 2009 2011 2013 2015 2017 2019 2021



KoHKypcbl SemEval no geTekuun nponaraHibl

ba3zoBad pa3smeTKa: «pparmeHT, MeTKa Knacca

Gallia est omnis divisa in partes tres, quarum unam incolunt Belgae, . . .
- aliam Aquitan, tertiam qui ipsorum lingua Celtae, nostra Galli Manipulative Wording: Loaded Language
W appellantur. Hi omnes lingua, institutis, legibus inter se differunt. :

- GpaFl}Iﬂs ab Aquitanis Garu?"nna flumen, a E%Igiﬂ Matrona et Sequana Attack on HEpUtﬁtlDﬂ: Smears

A dividit. Horum omnium fortissimi sunt Belgae, propterea quod a cultu . . . :

J atque humanitate provinciae longissime absunt, minimeque ad eos Maﬂlpmﬁlwe Wﬂrdan: Exaggeration
mercatores saepe commeant atque ea guae ad effeminandos : :
animos pertinent important, proximigue sunt Germanis, qui trans Justification: AppEﬁl 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

) > pars, quam Gallos obtinere dictum est, initium capit a flumine Commissio
Rhodano, continetur Garumna flumine, Oceano, finibus Belgarum, PI‘J LI|LIS e
attingit etiam ab Sequanis et Helvetiis flumen Rhenum, vergit ad p Q
septentriones. Belgae ab extremis Galliae finibus oriuntur, pertinent Euro paea

YnpoweHHana pa3dmeTKa: «rnpeanoxKeHme, MeTka Knacca»
O606LEHHAA pa3meTKa: «PparMeHT—MULLEHb, METKa Kaaccay

e SemEval-2023 task 3. Detecting the genre, the framing, and the persuasion techniques in online news in a multi-lingual
setup. https://propaganda.math.unipd.it/semeval2023task3

e G.Martino, P.Nakov et al. A survey on computational propaganda detection. 2020.

 FAlam, P.Nakov et al. Overview of the WANLP 2022 shared task on propaganda detection in Arabic. 2022.
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KOHTeHT-aHanu3: ooooLweHne n asBToMmaTusauus

O606LWEHHDbIN KOHTEHT-aHaNU3 — YyeTbipe 6a30Bble onepaLnm C TEKCTOM:
1) BblgennTb pparmeHT
2) KnaccmdunumpoBaTb (TermposaTb) dparmeHT No pybpuKaTopy
3) cBA3aTb HECKO/IbKO GparmeHTOB
4) naTb KOMMEHTApPUK (3aTEKCT) K dparmMeHTy Uamn CBA3M

Llenb — aBTOMaTU3MPOBATb KOHTEHT-aHA/IN3 DONbLLUMX TEKCTOBbLIX MAaCCMBOB
No HeboONbLKMM pa3MedYeHHbIM Koprnycam, B 1t0bon npeameTtHon obnacTtu

Tpu 3a4aum NoCcTpoeHnsa obyyaemom moaenmn pasmeTKu:
1) pa3paboTka pybpuKaTopa, MHCTPYKLMN pa3MeT4YMKa, OpraHmM3aumna pasmeTKu
2) BblIbOP 6ONbLLUOV A3BIKOBOM Moaenn n eé (fo)oby4yeHmne no pasmeTke
3) oueHuBaHME KavyecTBa Pa3MeETKU, CPaBHEHUE N BbIOOp moaenemn



a3MeTKa TeKcTa: 0000LWEeHHbIN KOHTeHT-aHanums3

MHE HAyyHON DAHTACTHKM (1 COBETCKON, W 3anagHoi) npuwencs Ha 1960-1970-
e rogel. OpHako & 1970-x rogax 3ToT #aHp Ha4an NoCTENEHHD 3a3TYXaTh W
CXOOMTE HA HET, ye B 1980-x Ha 3anage HayMHAET HA0UPaTE CUNY #aHP
thaHTESW. KOHEYHOD #E, 3TO HECMy4aHo. IMeHHO 1960-8 rogsl CTANW NWEoM
HaY4YHO-TEXHWYECKOTD NPOTPEcca 8 XX Bexe. K TOMY SEPEMEHM 33K0HYMNACE
Nepsan NONOSHMHA XX CTONETHA, 33 3TU NCNCOTHY NeT Ouino waobpeTeno
CTONBED, YTO BCE KA3AN0Ch BOSMOAHLIM, BEPUNOCE, 4TO Nporpece Byaer
HApacTate no akcnoHedTe, 1960-e — 310 mMup DesyJepsHOr0 COLUMANEHOD W
KYNETYPHO-TEXHWHECKOrD DATHMMaME, Y=n0aes NoNeTan B KOCMOC, 3anycTin
HCEYCCTEEHHLIE CIYTHHEW U 334YManca o OCEOSHUM JPYIMX NNaHET.

Ho 3707 nophe Yenose4ecTsa & Oydylwes COGQaEAN ONPEASNEHHYK YTROsY AnA
BNACTE MMYLLMX 3K Ha 3anage, Tak u B Coeetckom Cormnze. M yxe e 1960-2
roge Nepes CoToYAHWEAMA TAEUCTORCKOO MHCTHTYTA M3YYEHWA YENOEEKE B
BennroCpUTaHWH (MPKYEM NO MPOHWA cyAs06] OH paCcNONaraseTes B rpadeTes
JEeE0HWMP, PALOM C J3PTMYPCEAMA DONOTaMK, MAS PasLIrpEBanacs MpaYHas
gpama «CoBarw backepenneits Koxad Joina) Gwna nocTaEneHa 3afaqa
NPUTOPMOSATE HAYSHO-TEXHWYECKWA NPOTPECE NYTEM BHEIPEHMA ONPEASNEHH
WHCD OPMALMOHHO-NCHXOMONM4ECKLN W OPraHW3aUMoHHER Mogenei. B YacTHooTy,
CTapTOEANa patoTa No CoSgaHWE MONOOEKHEE ¥ HEHCEMX CySKyNsTyp M
AEWFEHAA (WMEHHOD B 3TO BPEMA Kak N0 38Kasy NoAEMNUCE The Beatles, The
Rolling Sfones, cTan passWEaTLCA IEONOMM3M).

(aHa W3 rMaBHslx 33334, NOCTAENEHHL Nepen TAEUCTOROM, 3Byyana Tat: to
stamp out the cultural opfimism of the 1960s {(kckoperTe, BEaIpyOUTE, BRITPABNTE
KYMBTYPHRIA ONTIMM3s 1960-x rogos). A HayMHAR DAHTACTHES,

COBETCKEA, GesycnosHo, Geina ONTMMUCTUHECKDN N0 CBOEMY H o
HexoTopsIE MEHES ONTUMACTHYECKNE HOTEI (HE MOMY MX HA3EATh
NECCHMUCTHHECKAMM, HO OHM ERIMMAZENY CONEE CNOKHEMI, $&M NPOCTO
ONTHMKSM] NPOCNEXWEANACE ¥ PAAA NWCATENEH B COLNArepe, B YACTHOCTH B
¥HWrax CTaHucnasa Nema (QoCTATOMHO NOYHTaTs ero e ACTPOHEETOE: U
«Marennaqoso ofinakos). OgHako oblUWiA HACTPOA COBETCKOM thaHTACTUK A0
cepenudsl 1960-x rogoe SwN NPerMYLLECTEEHHD ONTHMWCTHYHEIM — 3TO EMIHO
W no Teop4ecTsy Spatees CTpyraurdy, U No poMadas HMeaqa Edpemoea.

O

O

Meperit goknan Pumcrowy knyy (ox cosnad 2 1055
rogy} HaseEancA allpenens pooTas. B Hem
YTEE[#A3N0Ck, UTD USNOESUSCTED B CROEM
WHIYCTRWANEHOM DE3EHTHH Z0CTUIND NPRISNE,
#EGEITOHO GEENT HA NPWPOOHYH CPELY, HAAO TOPMOINTE
NEOMEILLNEHHI-3KOHOMUYECEDS PRIENTHE, NEPEAA &
aHyneaoMy pacTys. To ecTe 30 npoyexToE Bo2x cpeqeTs

LOITHHD WOTH M3 HEATPEMHESLNT HErg bk
HECET MHIYCTRMANEHOE DE3EHT) a

PazmeTKa COCTOUT U3 3/1IeMeHTOB

d1eMEeHT Pa3sMeTKU — HEeCKOJIbKO B3aUMO-
CBA3aHHbIX PPAarMeHTOB, 3aTEKCTOB U TEros

Teru (knaccol) Bbibupatotca ns pybpmkaTopa

dparmeHT 3a4aETCA HAYA/IOM U KOHLOM,
MOXEeT MMeTb OAUNH NN HECKOZIbKO TEroB:

m SeiNa nocTaeneda sanada

NPUTOPMOSUTE HAYYHO-TEXHWYECKWA Nporpecc NYTEM BHEAPEHWA ONpeaeneH
WHDOPMALMOHHO-NCHUXONOMYEcEMY M OpraHW3aLMoHHBN MOgENSN. END

3aTeKcT — KOMMEHTapun, obbACHEHMUE,
NONONHUTENbHAA MHPOPMALMA M T.N.,
MOKEeT UMEeTb OANH UNU HECKO/IbKO TEros
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MHCTpyMeHT paameTkm  https://markup.mlsa-iai.ru

e 3apaHuA Teru NoKyMeHTBI NMocTobpaboTKa [Monb3soBaTens J:l @ @ E"'

> CrnuUcoK Teros PasmeTtka ot 09.02.2025: "23 deepans B BOMCKOBOM YacTK 5526.."

BeibpaHo obbekToe: 0 Buibpatb BCce  YOpaTb BCE

"

RIGA L . . L § -
okymeHT N21: "23 deppans B BOMCKOBOM YacT 5526...
L SR : | v (] 2nemeHT N22 X

23 deBpana B BOMCKOBOM YacTh 5526 npoLuio 4ecTBOBaHME

3nopoBbe X ToHaneHocTe: MonoxwurensHaa X
BEOCINMMTa@aHHHWUKOB EOEHHO-NAaTPHUOTHUHECKOTO r{nyﬁa {{KpE‘ﬂDCTb}L AP

BBMECTHTEﬂb HDMEIH,L'I,MDEI H4aCcTK No HﬂEDﬂOquE{:HOﬁ DH'ﬁDTE Maﬁ(}p | D "B CTpEMAEHMM K 300pOBOMY 00pasy MHU3HK" X
Oner Jlawyk oTMeTW, HTO BOCNUTaHME NOAPAaCTaloLLEero NOKo1IeHUS \
B NAaTPUOTMUYECKOM KJIHOYE, B CTPEMIIEHUN K BOM YU3HU 4 N
P , B CTpemne 300poBOMY 0bpasy u3 i v [ 3Snement N22 X
YBaXXEHUH K TPaAULMAM, KYIbTYPHBLIM LEHHOCTAM M MCTOPUHECKOW |
namAaTU rocyJapcTBa ABJAETCA M1aBHbIM MPOOUIAKTUYECKUM Yeaxenne Tpaguumin X ToHanbHoCTb: MonoxunTenshas X
daKToOpoM 6Ee3HpPaBCTBEHHOCTU M aMOpPasIbHOCTK. «BMecTe Mbl BHOCUM , .
(J "yBaeHWIo K TpaauLMAM X
OrpoOMHbIN BKNa4 B Byayuiee cTpaHbl U HPABCTBEHHOE 310POBLEe J
Hawero obwecTBa. Cnyx6a PoanHe Bo Bce BpeMmeHa bblla novYeTHa. s ~
Vv () 3nement N23 X
A CNY>XXUTb MOXXHO NO-pa3HOMY, U HE 0653aTe/IbHO C OPYXXUEM .
B pyKax. Cny>KUTb MOXKHO B II0OOM BO3pacTe, C/AYXKUTb MOXKHO Cnpaeegnmeocte X ToHaneHocTh: MonokuTensHaa X
WU NapHHo, 1 aesylke, CAYXKUTb MOXXHO M CZIOBOM, U AenoMm!» —
(J "eny>kuTb MOMHO NO-PasHOMY, U He OBA3ATENBHO € OPYMWUEM B PYKAX. X
noabIToxxnn Oner Jiawyk. CNY>KWUTb MOXHO B NHOBOM BO3PACTE, CAYKUTE MOXHO W NAPHIO, W AEBYLLKE.

CNy»uTb MOXHO W CNOBOM, W aenom!”

'

gt


https://markup.mlsa-iai.ru/

OueHnBaHMe anropuTMmMYeCKoON Pa3MeTKN v - READ //

technology

contest A B L E

comprehension technology

* B ocHoBe meToAMKU — MapHOe cpaBHeHMe pa3MeTOK TeKCTa:
«aNITOPUTM <= IKCNepPT», «IKcnepT-1 <= aKkcnepT-2»
Ha OCHOBEe ONTUMAJ/IbHOIoO CONOCTAaB/IEHUA UX 3/IeMEHTOB

e BBOAATCA Mepbl cOrMacoBaHHOCTU napbl pa3meTok Conl,...,5(A,B)
e BBoautca nx cpeaHes3BelleHHaA cornacoBaHHocTb Con(A,B)

e CTAP (CpeaHaa ToyHOCTb Anroputmmnyeckom PasmeTkn) — cpeaHan
no BbibopKe Con(A,E) paameToK anropntma A n akcnepta E

e CTIP (CpeaHaa ToyHOCTb dKcnepTHOU PasmeTkn) — cpeaHAn
no Bbibopke Con(E1,E2) pa3ameToK AByx aKcnepTos, E1 n E2

e OTAP = CTAP / CT3P, echn 6onbwe 100%, To moaensb niyylle sKcnepTos



Kputepumn cornacoBaHHOCTU pa3MeToK woes - READ //

technology

contest A B L E

comprehension technology
OnTumanbHoe conocTaBNeHne 31eMeHToB pasmeToK Aun B

A|\_ /| |

Kputepuu (uncnosblie seninumnHbl ot 0 Ao 1; yuem Bbille, TEM AyuLle):
Conl = gpona ¢parmeHToB, A8 KOTOPbIX HAUAEHO CONOCTaBAEHME
Con2 = TOYHOCTb HANOXEHUA CONOCTaBNEHHbIX PParmMeHTOB

Con3 = TOYHOCTb COBMaJeHMA TErOB CONOCTAaBAEHHbIX PPAarmMeHTOB
Con4 = TOYHOCTb cOBNageHMA CBA3EN CONOCTAaBNAEHHbIX ParmeHTOB
Con5 = TOYHOCTb cOBNAaAeHMA 3aTEKCTOB CONOCTAaBAEHHbIX PParmMmeHTOB



OpraHunsauusa npouecca pa3mMeTKu

MocTaHoBKA

3afaym

[locTpoeHue
pybpukaropa

[NononHUTENBHLIE BCTPEYM C

CocTtaeneHwune
WHCTPYKLINM
pasmeTymka

dopmmpoBaHue
> HepasMeyeHHOoro
Kopnyca

NoABneHWe HOBOIOD

KaHOWwoarta B Tern

—>»  PaameTka

—»

AHanua
pacxoXXgeHun

pasMeT4nKamMu

HegonoHMMaHue

3a0aHKUA UMK
MHECTPYKLMK

— lNMpw4KrHa pacxoXxaeHuA

ABHAA ownbka pasMeT4yKa

CNOMHOCTE
3afaqu

» MopenupoBaHue

KaXAblM JOKYMEHT pa3meyaeTcss HECKONbKUMUM aKkcnepTamm (2 nam 3)

NOKYMEHTbI PaHXUPYIOTCA NO cornacoBaHHOCTU aKkcnepTtos Con(E,E’)

HanbonblLUMe pacxoxKaeHUsa obcyKaatoTcsA, BblpabaTbiBAaeTCA KOHCEHCYC

NPOUCXOAUT A0PabOTKa UHCTPYKUUU /AN nepepasmeTKa JOKYMEHTOB



JeTekuna UeHHOCTEeUn COUMOKYINbLTYPHOro Koaa

Co3pgaHune pybpuKaTopa Ha OCHOBE KpocCc-AUCLMNAMHAPHOro noaxoaa

UcchepoBatenm MNpeamet uccnepoBaHum

MwunTtoH Pokny LleHHOCTHbIe OpUeHTaLnn NtoAEN - NCUXONO0TUA, COLMONO0INA

[epT XodPpcTene KynbTypHble XapaKTEPUCTUKU HAPOA0B - COLLMOI0TUS

LLlonom LLsapu, Teopua 6a30BbIX YENOBEYECKUX LLEHHOCTEW - coLManbHanA
ncmMxonorus

PoHanba UHrnxapT NccnepoBaHWe MUPOBbLIX LLEHHOCTENW - NONNTONOMNA, COLMONOINA

Camioan XaHTUHITOH ITHOKYNbTYPHOE ONUcaHmne UMBNAN3aLun - NOJIUTONOINA,
coumonorus

FOpui Cepreesuy CtenaHoB  KoHUENTbl PYCCKOW KYyAbTypbl - IMHIBUCTUKA

AnekcaHap AnekcaHgposud  KyabTypHble KOAbl 9KOHOMUKM - SKOHOMMUKA
Ay3aH

YKa3 npe3unaeHTa Poccunckom egepaumm Ne 400 ot 2-07-2021 «O cTpaTernm Haube3onacHOCTM»
YKa3 npe3unaeHTa Poccunckonm @egepaumm Ne 809 ot 9-11-2022 «Ob6 yTBEPKAEHUMN OCHOB rOCMNOJINTUKM
MO COXPaHEHMUIO N YKPENIEHUIO TPAANLMNOHHBIX POCCUUCKUX AYXOBHO-HPABCTBEHHbIX LLEHHOCTEN



Kakue ueHHoOCTU OpaTb Anga pyobpukartopa:
«akKcuomMmaTuuYecKun» nogxon
e O6bwecTBeHHasA 3HAYMMOCTb

UHEHHOCTb — 3TO TO, YUTO OKa3blBaeT B/iInMdAHNE Ha COUNA/IbHYIO KNU3HDb

* AHanBuAyanbHaAa 3HAYMMOCTDb
TO, YTO B/IMAET HA NPUHATUE PEeLlEHUN OTAE/IbHbIMU NHOAbMU

e CybbeKTnBHaa namepmmocTtb
TO, YTO YEJIOBEK MOXET NPUHMUMATb UM OTBEpPraTb

* MaHMNYyNATUBHOCTb
TO, Ha OTHOLUEHWUe K YeMy MOXKHO MOB/INATbL B Npouecce KOMMYHUKaUUKn

* TeKCTYyanbHOCTb
TO, YTO BO3MOKHO OMUCATb, BbIPa3nTb TEKCTOM, ppPa3on, NCTOPUEN

* ATOMApPHOCTb
TO, YTO HEe CBOAUTCA K Habopy ApPYrnx LeHHOCTEN



PyopukatTop ueHHocteu (1 us 2)

M. Pokny L. LWBapL,

. Xodcreqe

HO.C. CtenaHoB

P. UHrnxapt

b.C. Epacos

I'pyn Na COUMNANIbHDbIX LI,EHHOCTer‘l

CoumanbHble LEHHOCTH

AsTOopuUTET

ANbTpyunsm

BnaropoacTtso npoucxoxaeHus /
aPUCTOKPATU3IM

Ba)KHOCTb 06LIEeCTBEHHOrO MHEHUA
BocnutaHue

leHOoepHoe pa3Hoobpasune

[etu

[lonrocpo4Haa opueHTauma

Opyxba
N3b6eraHmne HeonpeaeneHHOCTHU

NMHansmnayanmsm
MHTEeNNUreHTHOCTb
Konnektnsusm

KynbTypa (Hopmbl) noseaeHuUn

JIn4HbIE TPaHULbI

MaTepuanbHble LEHHOCTH
[NaTpuapxanbHOCTb

[MaTpnoTnm

MNaundusm / mup Bo BCEM MuUpe
[MonesHocTb (co3naaTenbHbiv Tpya)
MpodeccrmoHanbHbIN ycnex
Penytaumnsa

Cembs

CouynanbHoe npusHaHue

Cyesepua

Tpyaontobue / npoayKTUBHOCTb
YyBCTBO NPUHAANENKHOCTU / €ANHCTBO
Hapo4 0B

ITHUYHOCTb

A3bIK

I'pyn Na BUTAJ/IbHbIX LEH HocTeun

ButanbHble (HeobxoaMmMblie) LEHHOCTU
BesonacHocTb (1MYHasA)

Bpems

Eaa

MN3Hb

Runuuie

340poBbe

[pupoaa

[MonuTUYECcKne LEHHOCTU

Bnactb

Bbl6opHOCTb BNacTu (AemoKpaTtms)
NHCTUTYUMOHaNbHOE AoBEpPUE
NcTopuyecKkana namaTb U
NPeemMCcTBEHHOCTb MOKO/IEHNM
Jinbepanusm

HaunoHanbHan 6e3onacHoOCTb
Npasa v ceoboabl
[MpaBoco3HaHMe (rpaxkaaHcKan
aKTUBHOCTb, MPa*KAaHCTBEHHOCTb)
CnpaseIMBOCTb

79



PyopukaTop ueHHocTeu (2 us 2)

M. Pokny L. Weapy,

[. XodcTene

HO.C. CtenaHoB P. UHrnxapT

b.C. Epacos

pynna pearmnosHbIX UeH HocTeun

* PenurnosHble LeHHOCTH
* bnaroyecTnMBOCTb

* bor

* PenurnosHocTb

* 330TepuKa

pynna 3K3ucTeHUuUuaibHbIX U

NMNo3HaBaTe/iIbHbIX LI,EHHOCTEﬁ

* 3JK3UCTEeHUWMa/bHblEe U
Nno3HaBaTe/lbHble LLEHHOCTU

*  WHTennekr

*  KpuTnyeckoe mbillneHue

Fpynna acTeTUYECKUX U

reaoHUCTUHECKMX ueH HocTeun

* JCTeTU4YeCKUe U re JOHUCTUYECKune
LLeHHOCTH

*  W3Hb, NO/IHAA BNeYaTAEHUN

* KpacoTa

* KyabTypa M UCKYCCTBO

* HachaxaoeHue XU3HbIo

* [lOoTBOPCTBO KesaHUAM

* TBOpYecTso

* 3CTeTUKa

*+ Jlvobosb
* Jltobo3HaTeNbHOCTb
* MynapocTtb

* (O6pa3osaHue

*  [lepdpeKkumoHnsm

* [lo3HaHue

*  [lpuHATUE XKU3HMU

* Passutue

« CamocToaTenbHoOCTb (BbIOOP
cobCcTBEHHbIX Lenen)

* Cmenoctb

*  CMbIC/ XXU3HHU

* Cnokouncteue (BHYTPEHHAA TAPMOHMUA)

* (Cyactbe

* TanaHt

« Tsépaasa BonA

* LUeneyctpemMnéHHOCTL

* llwupoTa B3rNs408

pynna mopanbHO-HPaBCTBEHHbIX

LeHHoCTeun

* MopanbHO-HPaBCTBEHHbIE LLIEHHOCTU

* AKKYpaTHOCTb

* becne4yHoOCTb

* BexnusocTb

* BepHocTb

* B3auvmonomollb M B3aMMOYBaXKeHUe

* [opaocTb

* [OCTenpUMUMCTBO

*  [ymaHuzm

*  uncumnnnHa

« JlocToMHCTBO (CamoyBaXeHue,
CaMOLLEHHOCTb)

* JlyXOBHOCTb (MPUOPUTET AYXOBHOIO Ha
MaTepmaibHbiM)

* 3aboTamsBoCTb

* WMcKpeHHOoCTb

* Mwunocepave

*  OTBETCTBEHHOCTb

* CKpPOMHOCTb

 CmupeHue (nocaywaHue, KpoToCTb)

 CoBecTb (HpaBCTBEHHbIW 3aKOH, MOpab)

* TepneHue

* YBa)XeHue Tpaguumnin

* LUenomyapue

* YecTHOCTb

*  YysCcTBO HOMOPA
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ue HHOCTHbI ﬁ naHaLl acb-r CaMble YaCTOTHbIE Teru 20%
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3aBUCUMOCTb TOYHOCTU, NONTHOTbLI U F1
OT 00bema BbIOOPKU, MO Knaccam

1.0 4
0.8 4
1.2 predicted dependancy
A ParentClasses classes 0.6 -
% ChildClasses classes :%
1.0 - o
o 0.4
% A
0.8 - & 0.2 -
o A
é SA 0.0 -
@ 0.6 -
0 b 4
0.4 - Lol
A
0.2 - 0.8 -
0.6 4
0.0 - -
200 300 400 500 600 0-41
number of annotated instances
0.2 1

Rink O.L., Maysuradze A.l., Fedorov A.M., Ischenko R.V., Korchagina A.V., 0.01

Tabachenkov A.M., Tsybanov I.A., Vorontsov K.V. Automated detection of
human values in texts: ML challenges and performance benchmarks. 2025.

predicted dependancy
A ParentClasses classes
¥ ChildClasses classes N
* A
A
~ A
X
X

A A

X
. X
0 100 200 300 400 500 600

number of annotated instances

xx X
XX
predicted dependancy
A ParentClasses classes
e 32 %  ChildClasses classes
0 100 200 300 400 500 600

number of annotated instances



Cnucok nyonukauuu

1. Rink O.L., Lobachev V.A., Vorontsov K.V. Detecting human values and sentiments in large text
collections with a context-dependent information markup: a methodology and math. HCII 2024.

2. Vorontsov K.V., Gladchenko I.A., Lobachev V.A., Mamontova A.V., Rink O.L., Shabelskaya N.K.
Methodology for detecting human values in large text collections // Bulletin of St. Petersburg
University. International relations. 2024.

3. Rink O. L., Vorontsov K. V., Shabelskaya N. K. Uncovering positivism, negativism, and conflict in large
text collections. Material values and the code of «noble maidens» // EDN ADEUQP, April 18-20, 2024.
—P.137-139.

4. Maysuradze A.l., Rink O.L., Fedorov A.M., Tabachenkov A.M., Vorontsov K.V. Does annotating multi-
spans improve classification in large text collections? 2024ICSAI (China & IEEE). Lecture Notes in
Computer Science series, 2024.

5. Vorontsov K.V., Gladchenko I.A., Lobachev V.A., Mamontova A.V., Rink O.L., Shabelskaya N.K.
Developing an Open Interdisciplinary Classifier of Human Values by means of Annotating Multi-
fragments // Bulletin of St. Petersburg University. International relations. 2025.

6. Rink O.L., Maysuradze A.l., Fedorov A.M., Ischenko R.V., Korchagina A.V., Tabachenkov A.M., Tsybanov
I.A., Vorontsov K.V. Automated detection of human values in texts: ML challenges and performance
benchmarks. 2025.



BbeHuYmapK AnA yHUBepcanbHbIX MoAenen pa3MeTku

CocTouT U3 gaTtaceToB C 3agavdaMm pa3MeTKM TEKCTOB C MaKCMMarnbHO LLUMPOKUM
MOKPbITUEM Pa3NNYHbIX JOMEHOB.

Bce paTtaceTtbl npuBeaeHbl K yHMBepcanbHoMy hopmaTty JaHHbIX pa3MeTKu AN
OEeMOHCTpaLMU YHUBEpPCcarbHOCTU nNoaxoa.

beHUYMapK coOepXUT:

. 21 paTtacert
. 17 Tnos 3apav

MynbTuaceccopHas pa3meTKa BCTpeyaeTcs B HEKOTOPbIX JaTaceTax, 0gHaKo
aBTOpbI NpeHebperalT pelieHMeM npoobriemMbl NPOTUBOPEYNBOCTU Pa3MeTOoK
M UCNOMNb3YIOT CTaHOdapTHble AN 06nacTy KpUTEPUM OLIEHMBAHUSA KadyecTBa.

A NUHCTUTYT
I\l vckyccTBenHoro
Mry UWHTenneKTa



[NaTtaceTbl ona 6eHYMapKa YHUBepCcanbHbIX Moaesien pa3MeTKH

Dataset Task Type Level Paper Count
Kaggle NER Corpus (Bos et al., 2017) P OSI\'ITEIg{ging ggi Iizzz}:i 255
MultiCoNER (Malmasi et al., 2022) NER Span Level-1 85
RuTermEval Dialogue
(Mamontova et al., 2%25) NER Span Level-1 8
SWDA (Stolcke et al., 2000) Dialogue Act Span Level-2 228
NER Span Level-1 5
RuSentNE (Golubev et al., 2023) Semantic analysis Span Level-2 5
Opinion tuple extraction Element Level 2
Text classification Span Level-1 10
: NER Span Level-1 150
ADE (Gurulingappa et al., 2012) RE Ellz:men Tevel 7%
Coreference resolution Element Level 1
NER Span Level-1 102
DDI corpus (Herrero-Zazo et al., 2013) RE Flement Level 30
Text classification Span Level-1 1
PcMSP (Yang et al., 2022) NER Span Level-1 5
RE Element Level 5
Text classification Span Level-1 1
ChemProt (Krallinger M., 2017) NER Span Level-1 3
RE Element Level 70
\ NER Span Level-1 10
NERRE (Dagdelen et al., 2024) RE Element Level 1
NER Span Level-1 9
NEREL (Loukachevitch et al., 2023) _RE Element Level 2
Extraction of multi-spans
: .. Element Level 1
with named entities
NER Span Level-1 3
RURED (Gordeeyv et al., 2020) RE Element Level 6
Entity linking Element Level 1

NER Span Level-1 137
Scierc (Luan et al., 2018) RE Element Level 134
Coreference resolution Element Level 113
CONLL 2012 Ontonotes NER Span Level-1 87
; 3 Semantic Role labeling Element Level 25
(Pradhan et al., 2013) .
Coreference resolution Element Level 15
RuSuperGLUE’s RWSD task : . .
(Shavrina et al., 2020) Relation classification Element Level 7
MERA’s RWSD task ) : )
(Fenogenova et al., 2024) Relation classification Element Level 5
MERA’s Ruethics task : : :
(Pradhan et al., 2013) Relation classification Element Level 1
SemEval 2010 Task 8 ) : )
(Hendrickx et al., 2019) Relation classification Element Level 8
NER Span Level-1 14
SemEval-2018 Task 7 RE Element Level 57
(Buscaldi et al., 2017) Relation classification Element Level 57
Knowledge Graph Construction Element Level 3
Extraction and -classuﬁcatlon Span Level-2 )
of spans with errors
UpGreat READ//ABLE Extraction of multi-spans El t Level 1
(READ/ABLE, 2017-2025) with errors ement Leve
Annotz‘mon of text spans Extended Level 1
with comments
Text classification Span Level-2 1
Extraction of spans
with human values Span Level-2 2
Human Values dataset Ext:[.'acuon of elements Element Level 2
o ] with human values
(Rink et al., 2024) . ,
Semantic analysis of elements
. Element Level 2
with human values
Annotation of text markups Extended Level )

with comments

A NUHCTUTYT
I\l vckyccTBenHoro
Mry UWHTenneKTa




[ToabiTOXMM. ABTOMaTU3aUnUA KOHTeHT-aHanum3a
ANnA uMdppoBbLIX 'YMaHUTaAPHbIX UCcregoBaHUU

TexHonorun LLM pgononHAloT cxemy uccneaoBaHUm B KOHTEHT-aHaAU3e:
1. OcTaerTca:

— pa3paboTKa pybpuKaTopa, MHCTPYKLMN PA3METYMKA, OPraHn3aLUma Pa3MeETKU
2. Ocraerca:

— BblOOp penpe3eHTaTUBHOIO Kopnyca, pyyHasa pa3meTKa

3. [lobasnAaercs:
— obyyeHune yHMBepCcabHOU MOAENN pa3MEeTKM NO Ppa3sMedyYeHHOMY Kopnycy,
— MacwTabupoBaHMe: aBToMaTYECKaa pa3meTKa 60nbLlnx (Bcex?) AaHHbIX,
— 0b0CHOBaHME KayecTBa aBTOMATUYECKOMN PA3METKN

4. Ocraertca:
— KayeCTBEHHbIN U KONNYECTBEHHbIN aHaIU3 Pa3MevYeHHOoro Koprnyca

36



MacTtepcKkasa 3HaHUU: OT NOUCKA MHPOPMaALUN
K MTOHMMAHUIO N CUCTEMATU3ALUM HAYYHbIX 3HAHUM

J
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HY, N1 YTO Tam eLEe?...



AHTpoOnoueHTpU4YHOe onpeaeneHune U

UcKyccmeeHHbIU UHmMennekKm —

BblYMUC/IUTE/IbHbIE TEXHONOTUMN,
co3JaBaemble ANA NOBbILLEHUS
NPOn3BOAUTENBHOCTU CO3MAATENBHOIO
MHTENINEeKTyaNbHOro Tpyaa noaemn

1

He 3aMeHa YenoBeKa
He «3arago4YHbi HOBbIX TUM pa3yma»

He noBoA ynoaobutbca bory, ytobbl
«TBOPUTb No 0b6pa3y n nogobuto Ceoemy»
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Anroputm HAP — Toxe npomnT Aana LLM?...

B uukne noBTopsaTb, B Nt0bom nopsigke, 7 BOoB padboThi:

YutaTb COBPEMEHHYIO HAY4YHYIO NUTEepaTypy, B OCHOBHOM aHIMOSA3bIYHYIO.
YnpouwaTb: pa3dbmpaTb NPOCTble, YaCTHblE, KpaHNE U 0cobble crny4yau,

OaXKe eCnun OHU KaXkyTcAa BbIPOXOEHHbIMMN.

MopouduunpoBaTb caMy NOCTAaHOBKY 3a4a4yun, HakannmMBaThb ONbIT peLleHnsa
CXOXXUX 3a4au.

OO0cyXxpaTb CBOM 3aa4u C PyKOBOAUTESNEM U KOSfieramMmm, y4actBoBaTb B HAY4YHbIX
ceMmnHapax n KoHpepeHUmnax.

TeopeTusanpoBaTb, AernaTb BblKNaaku, pa3dupaTtb goKa3aTenbCTBa

(Oaxe ecnun paboTta aKkcnepumMeHTarnbHasi, 3TO NONe3HOo AN NOHMMAaHUA METOO0B).
JKCnepumMeHTUMpPoOBaTb Ha CBOEM 3KCNEPUMEHTANBHOM CTeHAe (aaxe ecnu paboTa
TEeopeTnYeckas, 3To nonesHo Ana obHapyXeHuns HoBbIX 3 EKTOB M TMMNOTES).
[Tncatb OOribLLE TEKCTOB: 3TO CTPYKTYPUPYET MbILLSIEHUE, MOMOraeT He ynycKkaTb
BaXXHble MEeNo4n, CrocobCTBYET KOMMYHUKALIMN C KOSEramu.



Cnacun6o 3a BHUMaHue!

BopoHuoe KoHcmaHmuH Bs4yecnasoeuY
O.d.-M.H., npodreccop PAH,

3aB. kagpegpou MMI'1T BMK MIY,
3aB. nab. MOCA Nuctutyta A MI'Y,

3aB. kadpeapoun NC n kacdbegpon MOUI MPTI,
r.H.c. ULl «HopmaTnka un ynpasneHune» PAH
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Hay4yHbin cemunap UMY PAH h A1 L
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akagemuk PAH [.A.HoBwKog, IR >
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