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[Tonck 61M3KMX TeKCTOB

Ona yero oH Hy>KeH?

* PekomeHAaaTeIbHble CUCTEeMb
* PaHXNpoOBaHUe

* [IOUCK B UHTEpHeTe

AKTyanbHble noaxoAabl:
* Word embeddings: word2vec, glove, fasttext

* Heipocetn: DSSM, LSTM/GRU, BERT, ELMO,
Transformer-XL, GPT-2

* Tematnyeckne mogenu: pLSA, LDA, ARTM
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Gary Marchionini. Exploratory Search: from finding to understanding. Communications of the
ACM. 2006, 49(4), p. 41-46.

R.W.White, R.A.Roth. Exploratory Search: beyond the Query-Response paradigm. San Rafael,
CA: Morgan and Claypool, 2009.




Pa3zBeao4YHbIM NOUCK

Iterative Search Exploratory Search
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O. Result sets (larger = more results, intersection = overlap, # = iteration)

3anpochbl A5 pa3BeAoyYHOro nomcKa

3anpoc: 1-2 cTpaHUYHbIN JOKYMEHT C ONMMCAaHNEM NMOUCKOBOM 3a4a4M

Pe3ynbtaTt noucka: Ha6op peneBaHTHbIX AOKYMEHTOB, MOoc/s1eé O3HAKOMJIEHUA C KOTOPbIMU Y

NONb30BaATENA [JO/IKHA CNOXUTBCA «KapTa» npeameTtHoM obnactn, cPopmmnpoBaTbCA
NMOHNUMaHWE OCHOBHOW TEPMUHONOTMU U MOHATUMN.



TemaTnyecknm pasBeJo4YHbIN NOUCK

* Konnekyna aokymeHtos D
* 3anpoc: g = (wi,...,wp,)
* TemaTnyeckum BekTop 3anpoca: 6, = p(t|q)

* TeMaTn4YeCKNn BEKTOP AOKYMEHTA: 0 = p(t|d)

3anpoc KocuHycHasa mepa AOKymeHT
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EBKANMAOBO paccToAHuMe
PaccTtosiHne MaxanaHobuca
MaHX3TTeHCKOoe paccToAHue

PacctoAaHne XennumHrepa

OnsepreHumns KynbbaKa-Slenbnepa
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I\/Iyn bTUMOAdJ/IbHAA TEMATUHECKAA MOAE/1b

* Konnekuna aokymeHtos D

* Haboptem T

* Habop mopganbHocTen M

- Wt .. .. WM - cnoBapu AnA Kaxkaom moaanbHOCTH

* [puMmepbl MOJANIbHOCTEN: CI0BA, aBTOPbI, TEMU, KATETOPUN, CCbINKW.

MaTpuua TEPMUHOB B TEMAX ANA Ka*KA0M MOAANbHOCTU:

Om = (Pue)wmxT Oy = p(w[t) VmeM

MaTpuua Tem B JOKYMEHTAX:

© = (0td) TxD- Ot = p(t|d)



I\/Iyn bTUMOAJd/IbHAA TEMATUNHECKAA MOAE/1b

D - pasamep Koanekuymn JOKYMeEHTOB, T — Konnyectso Tem, M — Ha6op MO,D,aI'IbHOCTEIZ

S = (Pur)wmxT Oy = p(w|t) Vme M
© = (0td)TxD,  Ora = p(t|d)
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I\/Iyn bTUMOAdJ/IbHAA TEMATUHECKAA MOAE/1b

MaKcmmnsnpyem cymmy norapmédma npasgononobma moaenm v B3seLiEHHOM
CYMMbI PEry/ISipU3aToOpOB:

> Amd o > ndWInZOwtOtd—i—R ($,0) —

meM

E-step:

M-step:

deD weWm
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OueHKa KayecTBa pa3Bel04HOr0 NOUCKa
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[1Ba 3agaHUA AN aceccopos:

1) HaWTu KaK MOXHO b6osblle peneBaHTHbIX AOKYMEHTOB, NOb3YSACb JIt0ObiMU
nouckosbiMuM cpeacteamu (Google/Yandex, nouck no kateropmsam, Teru)

2) Pa3smeTtntb SERP’bI HalLero NnOMCKoOBMKa NO TEM *Ke 3anpocam



JlaTaceTsl

XabpaXabp (habr.com)

e 175143 cTtateu

* 5 moganbHocTen: 10552 cnos, 742000 6urpamm, 524
asTopos, 10000 KommeHTaTOpOB, 2546 Teros, 123

KaTeropmm

— TechCrunch (techcrunch.com)
I h e 759324 cTtaTten
* 5 moganbHocTten: 11523 cnos, 1.2 maH.6urpamm, 605

TechCrunch aBTOpOB 1 184 KaTeropuit




[TpMepbl 3aNPOCOB 1A Pa3Bea0YHOro NOUCKa

Algorithms for coloring graphs
Netflix

Techniques for fast typing

Elon Musk space projects
Hadoop MapReduce

Self-driving Google car

Public-key cryptography
Platforms for online education
Data Science Meetups in Moscow
Educational projects mail.ru
Interplanetary station New horizons

Word2vec

Watson is a question answering computer system capable of answering questions
posed in natural language, developed in IBM's DeepQA project by a research team
led by principal investigator David Ferrucci. Watson was named after IBM’s first CEO,
industrialist Thomas J. Watson. The computer system was specifically developed to
answer questions on the quiz show Jeopardy! and, in 2011, the Watson computer
system competed on Jeopardy! against former winners Brad Rutter and Ken Jennings
winning the first place prize of $1 million.

The sources of information for Watson include encyclopedias, dictionaries, thesauri,
newswire articles, and literary works. Watson also used databases, taxonomies, and
ontologies. Specifically, DBPedia, WordNet, and Yago were used. The IBM team
provided Watson with millions of documents, including dictionaries, encyclopedias,
and other reference material that it could use to build its knowledge.

Relevant texts: exaples of services and applications which are based on IBM Watson
cognitive platform, QA systems, comparison between IBM Watson and Wolfram Alpha

Irrelevant texts: common facts about artificial intelligence, other commercial
solutions for solving business and analytic tasks.
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Xabp: TeMATUYECKNIN NOUC
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TechCrunch: TemaTUyeckMm NOUCK VS. aceccopsl
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TemaTU4ecKknin MOUCK: BbIMIPbILW MO BPEMEHM
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TemaTu4ecKmMm NoOnUCK VS. aceccopbl: NMpUMepbl
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MepapxmquKme Kak hARTM nomoraet uckatb
TeMmaTnyecKkume 6AN3KUE TEKCTbI?

Mmoaenu




TemaTnsauma 3anpoca
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Nepapxmnyeckne moaenm:
* bonee rMbKkne

e [loyepHAa Tema MoOXKeT umeTb bonee ogHoro poautensa (godvepHAA Tema
«CoumanbHblie ceTn» Hacneayetca ot «ObweHne» n «IT»).

* KackalHaA  cucTema  MOMUCKa  MO3BOAAET  OTCeMBaTb  OTKPOBEHHO
HepesieBaHTHble JOKYMEHTbl Ha MepBOM nNpoxoAae, Korgaa pasmep
MHBEPTUPOBAHHOIO MHAEKCA OYEHb MaleHbKUM

* B UTOroBOM TEMATUYECKOM BEKTOpPE ropasao MEHbLLUE MYCOPHbIX TEM



[Tomep TemMaTn3aLMKM 3anNpoca

LinkedIn is a|professional |[networking site|that allows its members to
create|business connections}[search for jobs| and find potential clients.

The site also enables its|users|to build and engage with their|professional

networks; access shared knowledge and insights; and find | business

opportunities.| It offers Linkedln | mobile applications! across various
platforms and languages such agi0S, Android, Blackberry, Nokia Asha, and
Windows Mobile] a public website that allows| developers|to integrate its
content and services into their|applications;|and a set of embeddable

widgets|to allow |web developers| to include content from thel company’s

network|into their|websites|and|applications.
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Xabp: TemaTUYeCcKMm NoOnCK vs. baselines
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TechCrunch: TemaTnyeckmum NonckK vs. baselines
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Pe3ynbTaThl

MpeanoxeHa TexHonors U pas3paboTaH TemaTUYeCKUit MOUCKOBUK AN
pa3BeaoYHOro MHGOPMALLMOHHOTO NOUCKA

[peanoxeHa TEXHONOMMA OLUEHKM KayecTBa pa3BefoyHOro noucka (B TepmMuHax
precision/recall) Ha ocHOBe aceccopcKkMx oLLEEHOK

ABTOMATUYECKMN TEMATUYECKUN MOUCK MPEBOCXOAUT NO KAaYeCcTBY aceCcCOPCKUMU
MOWUCK, a TaKKe AaeT 3HAYMNTENbHbIN BbIUTPbIL MO BPpEMEHU PaboTbl

Tematnyeckmm nouck paet sbivrpbilwl nepes TF-IDF 6ensnanHom Ha ~15%
(precision) n ~10% (recall)

Pa3paboTaHHanA KackagHaa cucTema MOUCKA 3MY/IMPYET NPUPoay pPa3Beao4YHOro
NOWUCKa, NO3BONASA n3baBmUTbCA oT NTEepPaTUBHOro YTOYHEHUA "
nepe@opmMy/IMPOBKK 3anNpoOCOB, YTO NPUBOAUT K POCTY precision noucka bonee,
yem Ha 7%
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