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0 MynbTurpammibie mogenu
@ TemaTnyeckas mogenb burpamm
@ Mogens temaTtuyeckux n-rpamm TNG
@ MynbTumopansHas MynstTurpammias ARTM

Q ABTOMaTMYeCKoe BblaeneHne TepMUHOB
o BoigeneHune konnokaumii n knto4esbix gpas
@ BoigeneHune cuHTakcMueckn KOppekTHeIX dhpas
o BoigeneHune TemaTudHbIx pas

© Temartnueckne mopenn aucTpubyTusHoii cemaHTMKm
@ [uctpubytueHas runotesa u word2vec
@ Mogenu butepmos (BitermTM) n cetn cnos (WNTM)
@ Perynapu3aTopbl KOrepeHTHOCTH



MynbTurpaMmmMHele Mmogenun TemaTuuec mopens 6urp
Mopgene TemaTtudeckux n-rpamm TNG
MynbeTumopanshas mynsturpammuass ARTM

BI/II'paMMbI pPaguKaabHO ynydLlakOT UHTEpNpeTupyemMmoCcTb TeM

Konnekyus 20Conf 3aronoekoB HayuHbix ctateii DBLP,
tema «Information Retrievaly

Terms Phrases

search information retrieval
web social networks
retrieval web search
information search engine

based support vector machine
model information extraction
document web page

query question answering
text text classification
social collaborative filtering
user topic model

Ahmed El-Kishky, Yanglei Song, Chi Wang, Clare R. Voss, Jiawei Han.
Scalable Topical Phrase Mining from Text Corpora // VLDB, 2015.

K. B. BopoHuos (vokov@forecsys.ru) BeposiTHOCTHbIe TemaTu4eckue mMopenu 3/48



MynbTurpaMmmMHele Mmogenun TemaTuyeckas mopens b6ur
Mopgene TemaTuyeckux n-rpa TNG
MynbeTumopanshas mynsturpammuass ARTM

EI/II'paMMbI pPaguKaabHO ynydLlakOT UHTEpNpeTupyemMmoCcTb TeM

Konnekuus 1000 crateli koHdpeperuymnii MMPO, MOW Ha pycckom

pacnosHaBaHune obpa3oe B buonHdopmaTuke TEOPUSi BbIYUCANTENBHOW CNOXKHOCTM
unigrams bigrams unigrams bigrams
06BbeKT 3aja4a pacnosHaBaHuUs 3afaya pasfensite MHOXeCTBa
3agaya MHO>XeCTBO MOTNBOB MHOXXECTBO KOHEYHOE MHOXXeCTBO
MHO>XXeCTBO cmcTemMa Macok NOAMHOXECTBO YCNOBME 3ajaqn
MOTNB BTOPUYHAsA CTPYKTypa ycnosune 3ajaya O NOKpbITUN
paspeLnmocTb CcTpyKkTypa benka Knacc NOKPbITNE MHOXECTBA
BbIbOpka pacnosHaBaHue BTOPUYHOI | pelueHne CUNbHBIA CMbICA
Macka cocTosiHne obbekTa KOHEeYHblIi paspensowmnii KomuTeT
pacnosHaBaHume obyuatowas BbIbopka 4ncno MUHUManbHbI addOUHHBIIG
NHPOPMATUBHOCTL OLEHKA NHGOPMATUBHOCTY |adpbrHHbIN acbdbuHHBbI KOMUTET
coCcTosAHNE MHO>XXeCTBO 00BeKTOB cny4aii adbpuHHbIG pasgenstownii
33KOHOMEPHOCTb  Pa3peLunMoCcTb 3a4aqmn nokpbITne obuiee nonoxexme
cmcrtema KPUTEPUIA pa3peimmMocTun |obnii MHOXECTBO TOYEK
CTPYKTYpa MH(OPMATNBHOCTL MOTIBA | MPOCTPAHCTBO  CJIyHaii 3apaqu
3Ha4eHne nepBnYHas CTPyKTypa cxema obwunii cnyyaii
perynsipHoCTb TYNUKOBOE MHOXECTBO KOMUTET 3apgayva MASC

Cepreii Cterun. MynbTurpammHblie aganTUBHO PErynsipu3oBaHHble
Tematudeckue mogenu // Marucrepckasi aucceprauyus, MPTHU, 2015.

K. B. BopoHuos (vokov@forecsys.ru) BeposiTHOCTHbIe TemaTu4eckue mMopenu 4/48



MynbTurpaMmmMHele Mmogenun TemaTuyeckas mMopens burpamm
Mopgene TemaTuyeckux n-rpa TNG
MynbeTumopanshas mynsturpammuass ARTM

CoBmMelleHne ANMHAMNYECKO U n-rpaMMHOR Mogenu

Mo konnekuun BoicTynneHnii npesngeHtos CLLIA

6000 TOT — Mexican War 3000 Our Model — Mexican War
|
4000 | 2000
2000 1000
0 0
1800 1850 1900 1950 2000 1800 1850 1900 1950 2000
1. mexico |[8. territory 1. east bank 8. military
2. texas 9. army 2. american coins 9. general herrera
3. war 10. peace 3. mexican flag 10. foreign coin
4. mexican 11. act 4. separate independent [11. military usurper
5. united 12. policy 5. american commonwealth|12. mexican treasury
6. country [13. foreign 6. mexican population 13. invaded texas
7. government|14. citizens 7. texan troops 14. veteran troops

Shoaib Jameel, Wai Lam. An N-Gram Topic Model for Time-Stamped
Documents. ECIR 2013.
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MynbsTurpammHbslie mopaenu TemaTuueckaa mopens burpamm

Mopgene TemaTuyeckux n-rpa TNG

MynbeTumopanshas mynsturpammuass ARTM

CoBmMelleHne ANMHAMNYECKO U n-rpaMMHOR Mogenu

Mo konnekuun BoicTynneHnii npesngeHtos CLLIA

TOT — Panama Canal

6000, Our Model — Panama Canal
6000
4000, 4000
2000 2000
0 oo 0
1800 1850 1900 1950 2000 1800 1850 1900 1950 2000

1. government 8. spanish 1. panama canal 8. united states senate
2. cuba 9. island 2. isthmian canal 9. french canal company
3. islands 10. act 3. isthmus panama 10. caribbean sea
4. international|11. commission 4. republic panama 11. panama canal bonds
5. powers 12. officers 5. united states government 12. panama
6. gold 13. spain 6. united states 13. american control
7. action 14. rico 7. state panama 14. canal

Shoaib Jameel, Wai Lam. An N-Gram Topic Model for Time-Stamped
Documents. ECIR 2013.

K. B. BopoHuos (vokov@forecsys.ru)
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MynbTurpaMmmMHele Mmogenun TemaTudeckas mMopens burpamm
Mopgene TemaTtudeckux n-rpamm TNG
MynbeTumopanshas mynsturpammuass ARTM

EI/II'paMMHaﬂ TemMmaTn4yeckasd moaesib

Ngyw — HaCTOTa Napbl CNOB «VW» B AOKYMeHTe d
ov, = p(w|v, t) — pacnpenenenue cnoe nocne cnoga v B Teme t

Mogenb BTM (Bigram Topic Model):
Z Z Ngyw IN Z GoiOtd — max
deD vwed teT

9To MyNbTUMOAANbHAS MOAENb:

M = W, kaxZoMmy CNOBYy vV COOTBETCTBYET OTAENbHAS MOAANLHOCTb,

WY = W — Bce cnoBa, KOTOpble MOTyT C/Ief0BaTh 3a V.

HepoctaTtkn burpammuoii mogenn BTM:
@ BCe napbl cocegHux cnos obpasytoT burpammsis;
@ MOAENb He ONUCHIBAET OTAENbHbIE CN0Ba (YHUrpaMMBbl);
@ obuwee uncno Tepmos-burpamm O(|W?).

Hanna Wallach. Topic modeling: beyond bag-of-words. ICML 2006
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MynbTurpaMmmMHele Mmogenun TemaTuyeckas mMopens burpamm
Mopgene TemaTtudeckux n-rpamm TNG
MynbeTumopanshas mynsturpammuass ARTM

O6beguHeHne yHUrpamMmm u Gurpamm B 04HOI mMogenm

Mogenb TNG (Topical n-grams):

Z Z Neyw 1N Z (Xthgbx./t + (]- - Xth)¢wt) Otg — rga@X

deD vwed teT ’
p(wl|v,t)

Xywt = P(napa cnoe «vw>» siBnsietcs burpammoii B Teme t).

YactHble cnyyan:
® Xywt = Xyt — MaTpuua napametpos B mogenu TNG.
® xywt =1 — mopgens BTM;

® Xywt = [napa cnos «vw» n3 cnosaps burpamm|;

Xuerui Wang, Andrew McCallum, Xing Wei. Topical N-Grams: Phrase and
Topic Discovery, with an Application to Information Retrieval. 2007.
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MynbTurpaMmmMHele Mmogenun TemaTuyeckas mMopens burpamm
Mopgene TemaTtudeckux n-rpamm TNG
MynbeTumogansHas mynsturpammuas ARTM

MynbTumoganeHas mynsturpammias ARTM

W* — cnosapu k-rpamm, nubo cocTaBneHHble sKcnepTamu, nubo
oTobpaHHbIE MO COBOKYMHOCTN CUHTAKCMYECKUMX, CTAaTUCTUYECKMX
N TEMATUYECKUX KPUTEPUEB.

Ces3b ¢ mogenbto TNG: npu X, = A[vw € W?]
MaKCUMU3NPYeM HUKHIOW oueHKy log-npasgonogobusa TNG:

Z Z Neyw 1N Z(Xth¢:vt + (1 - Xth)(bwt)etd =

deD vwed teT

> N n (A D b+ (1= ¢wt9td) >

deD vwed teT teT

A Z Ngyw IN Z Guibid + (1 — Z Ngw In Z OwitOid — max
d,vw teT teT
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BoigeneHune konnokauuii n kntoqeebix dppas
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcn4eckn KoppekTHbix dpas
Bbigenenne tematu4Hbix cdpas

33“3‘43 dBTOMATU4eCKOro BbigeneHmnsa TepMmumHOB

Tepmun — cpasa (n-rpamma) co cnegyrowmm Habopom CBONCTE:
© Bbicokas yactoTHocTs (frequency):

MHOrO pa3 BCTPEYAETCA B KOJUIEKLMAN;

coBcTpevaemocts cnos (collocation):

COCTOUT U3 CJI0B, HEC/TyHaliHO YaCTO BCTPEHAIOLLMXCS BMECTE;

nonxota (completeness):
SIBNISIETCS MAKCUMANbHOI MO BKJIOHEHNIO LEMOYKON CNOB;

CMHTaKCMYeCKasi CBA3HOCTH (syntactic connectedness):
ABNAETCA rPpaMMaTNHECKN KOPPEKTHLIM CNOBOCOYETAHUEM;

© 006 o o

TemaTu4HocTh (topicality):
4acTo BCTpeyaeTcs B HEBOMLLIOM YuCae Tem.

Cymma Ttexnonorunii gns ATE (Authomatic Term Extraction):
TopMine @ @ © + SyntaxNet @ + BigARTM @
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BbigeneHune konnokauuii n kniodeebix dppas
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcn4eckn KoppekTHbix cpas
Bbigenenne tematu4dHbix cdpas

Anroputm TopMine: onpeaeneHnsa u oCHOBHbie naeun

o C(a1,...,ak) — xaw-Tabanua vactoT k-rpamm.

® A4k — MHOXECTBO NO3ULNIA | B AOKyMeHTe d, C KOTOPbIX
Ha4YMHAIOTCS BCE YacTble k-rpammbl:

C(wd,is- . Wd j4k—1) = Ek-
@ CBOIICTBO aHTUMOHOTOHHOCTN:
C(al, c. ,ak) = C(al, cee Ak, ak+1).

@ OcHoBHoIl war anroputma: gnsi scex i = 1,..., ny
ecnun (i S Ad,k) n (i +1e€e Ad,k) TO ++C(Wd’,', ce Wd,i+k)-

Ahmed El-Kishky, Yanglei Song, Chi Wang, Clare R. Voss, Jiawei Han.
Scalable Topical Phrase Mining from Text Corpora. VLDB, 2015.
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BbigeneHune konnokauuii n kniodeebix dppas
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcn4eckn KoppekTHbix cpas
Bbigenenne tematu4dHbix cdpas

Anroputm TopMine: GbICTPbI NOUCK BCEX 4aCTbIX k-rpamMm

Bxopn: konnekuusi D, noporu &;
Bbixop: xaw-tabnnua vactor C(ay,...,ak), k =1,..., kmax:

C(w) := n,, pns scex w € W;

Ad70 = {i = 1, ey nd};

ana k :=1,..., knax

ana secex d € D
Agk =i € Agr-1| C(Wa,i, ..., Wa,itk—1) > ek}
Ansa Bcex i € Ag k
L ecnni+1e Ad,k TO ++C(Wd7,', ey Wd,i+k);

OCTaBNTb TONbKO HacTble k-rpammsbl: C(ay, ..., ak) = &x;

[MpenmyLLecTBO anropuTma: AMHeliHas NaMATb U CKOPOCTb.
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BbigeneHune konnokauuii n kniodeebix dppas
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcn4eckn KoppekTHbix cpas
Bbigenenne tematu4dHbix cdpas

Anroputm TopMine: otbop ¢dpa3 no coBCTpe4aeMoCTu 1 MOSHOTE

NTepaTueHoe cnusinne chpas C NOHMKEHMEM 3HAYUMOCTHU (.

Pu — OLIEHKA BEPOSATHOCTMN BCTpeTuTh dhpasy u
Puv — OLEHKa BEPOSITHOCTW BCTPETUTL ppasy uv

Puv — PuPv win PMI = |Og Puv

puv pupv

KpuTtepun: SignificanceScore =

(Markov Blanket) (Feature Selection) (for) (Support Vector Machines)
a=0
l a =5 threshold
a=0

Lo o
”

N
3

T Merging
Terminates

Iteration

a=6

™
0

Markov Blanket Feature Selection for Support Vector Machines
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BoigeneHune konnokauuii n kntoqeebix dppas
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcn4eckn KoppekTHbix dpas
Bbigenenne tematu4dHbix cdpas

CunTtakcnyeckue ananusatopbl (UDPipe, SyntaxNet)

Bxop: cnncok npepnoxeHuii

Bbixoa, Ansi KaX4Oro C/I0oBa B KaXKAOM MPELJOKEHNN:

e © ¢ ¢ ¢

id (nopsiaKoBbIfi HOMEp CNOBA B MPEAJIOKEHNN)
id poguTensckoro cnoea (0 gns KopHs)
NCXOAHOE CNOBO

HopManbHas dopma

yacTb peyn: NOUN, VERB, ADJ, ADV, ...

4yaeH npepnoxeHus: nsubj, dobj, conj, cc, nmod, ...

UDPipe (Universal Dependencies), 60 s3bikoB, BkItO4asi pycckuii

Google SyntaxNet — npenobydenHas HeiipoceTs nosepx
TensorFlow, nogaepxusaet 40 53bIKOB, BKItOYAs PYCCKUii.

D.Andor, C.Alberti, D.dWeiss, A.Severyn, A.Presta, K.Ganchev, S.Petrov,
M.Collins. Globally Normalized Transition-Based Neural Networks. 2016.
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BoigeneHune konnokauuii n kntoqeebix dppas
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcn4eckn KoppekTHbix dpas
Bbigenenne tematu4dHbix cdpas

Wcnonb3oBaHue gepesBa 3aBMCMMOCTe ans oTtbopa TepmMuHOB

Mpumep oepeea 3aBUCUMOCTEIR:

ROOT OBJ PMOD

e

ROOTy |Economic1 new52| hads |little4 effect5| ong |ﬁnancia17 marketss| .9

ADJ NOUN VERB ADJ NOUN ADP ADJ NOUN

BapuanTbl cTpaTeruii otbopa TepMMHOB-KaHANAATOB:
@ bpaTb BCE noaaepesbs
@ b6paTb BCe MMeHHbIe rpynnbl (kopeHs — NOUN)
@ He bpaTtb CONJ, SCONJ, DET, AUX, INTJ, PART, PUNCT, SYM

Announcing SyntaxNet: the world's most accurate parser goes open source.
https://research.googleblog.com/2016/05/announcing-syntaxnet-worlds-most.html

Aennc Kupbsinos. Wsydaem cnHtakcnyeckne napcepsl Afisi pycckoro sidsika. 2018.
https://habr.com/ru/company/sberbank/blog/418701
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BoigeneHune konnokauuii n kntoqeebix dppas
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcn4eckn KoppekTHbix dpas
Bbigenenne tematu4dHbix cdpas

Kputepun tematnyHoctu cpas

Hackonbko paneko p(t|w) = ¢uep- oT pasHomepHoro po(t) = Kk

OueepreHuyna Kynsbaka-Jleiibnepa:

T
KL(w) = KL(pol|p) = Z |T| |‘ ] — max
teT

Ouseprevuyus Mencena-LLenrona (meTpuka, He nmeet npobnem
¢ HynesbIMu BeposiTHocTamu), rae p(t|w) = S(p(tjw) + ﬁ)

1 1 _
I5(w) = SKL(polP) + 5 KL(p|P) — max

HopmupoBaHHasa cymma cteneHHbix yHKumi, v > 1:
Tematuunocts(w) = [T 71 Z p(t|w)” — max

teT
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BoigeneHune konnokauuii n kntoqeebix dppas
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcn4eckn KoppekTHbix dpas
Bbigenenne tematu4dHbix cdpas

G)pa3b| 4EéTKO pa3nendroTca Ha TeMaTU4Hble U HeTeMaTUu4Hble

|W| = 46000 cppasz n3 |D| = 600 gokymenTtor konnekyuu SyntagRus,
TemaTtudeckue mogenn LDA wHa 30 n 100 Ttem.

Pacnpegenetne cpas no HOpMUPOBAHHOR TEMATUYHOCTU:

0,098251720,21126 0,3293358 0,4620804 0,5950831 0,721703 0,83082 0,93294  0,21246031 0,320406  0,46474445 0,5940787 0,7128854 0,81735 0,90768
TemaTuyHOCTL TemaTuyHOCTL

nOFpaHVI‘-IHbIﬁ cnom Mexay TeMaTNnYHbIMA N HETEMATUYHbBIMN
cbpazamu oueHb y3KNil ~ % n cnabo 3aBMCMT OT 4nCna TeM.
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BbigeneHne Konnokaumnii U KaloHeBbIx
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcM4eckn KOppekTH
Bbigenenne tematu4dHbix cdpas

Yucno TemMm no4Tu He BAUSAET Ha TEMATUYHOCTb

|W| = 46000 cppasz n3 |D| = 600 gokymenTtor konnekyuu SyntagRus,

Yucno cpas, KoTopble NepexoAsT U3 TEMAaTUYHON B HETEMATUYHYIO
npu N3MeHeHNn Yncna TemM g crpoke — s cronbue

0 96 7 1 0
831 0 13 1 0
1119 390 0 10 0
1250 515 147 0 0
1320 585 208 71 0
1365 630 253 116 45

30 Tem BNOJIHE JOCTAaTOYHO A/t ONPELENIEHNS TEMAaTUYHOCTHU.

OTkpbiTas 3agada: OUEHUTb A0/ TEPMUHOB CPEAN TEMATUYHBIX
N HeTeMaTuyHbIX ppa3 (pyyHas pasmeTka + Tesaypyc).
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BoigeneHune konnokauuii n kntoqeebix dppas
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcn4eckn KoppekTHbix dpas
Bbigenenne tematu4dHbix cdpas

OcHoBHoii akcnepumeHT ATE: SyntaxNet + TopMine + BigARTM

)

Konnekuyust |D| = 3200 anHotauuii crateii NIPS (Neural
Information Processing Systems), n = 500000 cnos

Pyunas pasmeTka HEBOMBLLIOrO C/1y4aliHOr0 NOAMHOXECTBA
(2000 n-rpamm) Ha TepMuHbI / HEe-TEPMUHBbI

Train : Test = 1000 : 1000
7 cTaTucTuyeckux npusHakos us TopMine
2 cuHTakcm4eckux npusHaka u3 SyntaxNet

3 temaTtunyeckux npusHaka n3 BigARTM, 30 tem

e © ¢ ¢ ¢

LBE MoZenn kiaccudukaumu:
NOrNCTUYECKAs PErpeccusi, rpagueHTHbIl bycTuHr

Bnagumup lMonywun. TemaTudeckne MOAenu Ansi paHXMPOBAaHNS PEKOMEHauuii
TEKCTOBOro KoHTeHTa. Bakanaepckas aucceptauyuss, BMK MIY, 2017.
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BoigeneHune konnokauuii n kntoqeebix dppas
ABTomaTu4eckoe BbifeneHne TepMUHOB BbigeneHne cnHTakcn4eckn KoppekTHbix dpas
Bbigenenne tematu4dHbix cdpas

CpaBHeH/e METOA0B aBTOMaTU4YeCKOro oTbopa TepMUHOB

Halitn kak moxHo bosbuue TEPMUWHOB — MOJIHOTA Ba>XHEE TOYHOCTN

'pynna npusHakos Jlnneiinas mogens paguneHTHbIA BycTunr
Cunt | CraTt| Tem |AUC| Tounocts |Monnota | AUC | TounocTs | [MonHoTa
+ 0.83 0.20 091 ]0.83 0.20 0.91

+ 0.71 0.09 094 |0.73 0.11 0.90

+ 10.92 0.32 1.00 |0.95 0.32 1.00

+ + 0.88 0.22 091 ]0.88 0.24 0.91
+ + 1091 0.36 091 |0.95 0.34 0.99
+ + 10.93 0.29 094 |0.98 0.34 1.00

+ + + 10.95| 0.38 0.91 |0.97| 0.41 0.99

|CTaT| < |C|/|H ‘ < |CI/|H+CTaT‘ < |TeM ‘ < E;i:—-i_TZTwM <

@ TemaTunueckue NMPU3HAKN CYLECTBEHHO MOBbLILLAKOT KAa4€CTBO

@ CunTakcmueckune NMPU3HAKN MOXXHO HE MCNONb30BATb
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AuctpubytnsHas runotesa u word2vec
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne moaenun AMcTpubyTMBHON ceMaHTUKK Perynsipnsatopbl korepeHTHocTMn

Mpob6nema KOPOTKMUX TEKCTOB

Kopotkue Tekctoi (short text):
o Twitter n apyrue mukpobnoru
@ coumanbHble Meana
@ 3aronoBKy CTaTeli 1 HOBOCTHbIX COODBLLEHNMIA
TpuBnanbHbie NOAXOAbI:
@ cuynTaTh KaXKAoe COoObLIEHNE OTAENbHBIM AOKYMEHTOM
@ paspexusatb p(t|d) BRAOTb [0 €ANHCTBEHHON TeMbI
® 0bbenMHNTL coobuyeHnsi no aBTopy/BpemeHun/pernony/u T. .
@ 00BEANHNTH NOCTbI C KOMMEHTapUAMU
@ JONOAHUTL KONNEKUMIO AnHHbIMU TekcTamu (Bukuneans un gp.)
Bonee nHtepecHas nges:

@ 1CMo/b30BaTh COBCTPEYAEMOCTb CNOB B COODLLEHNSAX
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AuctpubytnsHas runotesa u word2vec
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne mogenn ANCTpubYTUBHOI CeMaHTUKM Perynspnsatopbl korepeHTHoOCTH

AucTpnbyTnBHaga runoTesa n BuAbl ceMaHTU4eckoi 6a1M3ocTu cnos

@ Words that occur in the same contexts tend to have similar
meanings [Harris, 1954].

@ You shall know a word by the company it keeps [Firth, 1957].

CunTarmatudeckas 6aM30CcTb C0B:
CO-BCTPEYAEMOCTb C/OB B OJHOM KOHTEKCTE. e e

34aHNE—CTPOUTENb, KPaH—BOAA, (PYyHKLNSA—TOHKA

MNapagurmatudeckas 6au30cTb CHOB: =
- | |y |
B3aWMO3aMEeHSEMOCTb C/IOB B OHOM KOHTEKCTE.

342aHNE—[0M, KpaH—CMecnTenb, pyHKLnsi—oTobpaxkeHne

Z.Harris. Distributional structure. 1954,

J.R.Firth. A synopsis of linguistic theory 1930-1955. Oxford, 1957.
P.D.Turney, P.Pantel. From frequency to meaning: Vector space models of
semantics // Journal of Artificial Intelligence Research (JAIR). 2010.
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AuctpubytnsHas runotesa u word2vec
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne moaenun AMcTpubyTMBHON ceMaHTUKK Perynsipnsatopbl korepeHTHocTMn

33“3‘43 CeMaHTN4eCKOro BeKTopHoro npeacrasneHunsa cnos

3apaya: no HabnogaeMoil CuHTarMaTU4eckoin bansoctn cnos
nocTpouTh BeKTOpHbie npegcTasnexus cnos (word embedding)
xy € RT, w e W, tak, 4Tobbi napagurmatudeckn banskne cnosa
nmenn banskne BEKTOPSLI.

Cnocob npoBepkn — 3ajaya CEMaHTUYECKON aHanorum Cios:

no TpEM CNoBaM yrajaTb YETBEPTOE.

Spain

Italy sﬂadrid
Rome

Germany —

walked Berlin
[ ] Turkey —_
Ankara
swam .
o W ——— o
walking Canada ~—— Ottawa

Japan —— o
P Tokyo

Vietnam

Hanoi
swimming China ——— Beijing

Male-Female Verb tense Country-Capital
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AuctpubytnsHas runotesa u word2vec
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne moaenun AMcTpubyTMBHON ceMaHTUKK Perynsipnsatopbl korepeHTHocTMn

®opmanusaumsa gucTpubyTueHo runoTessl B nporpamme word2vec

OaHo: n,, — COBCTpe4yaemMoCTb CNOB U, W B OKHE £h cnoB
HailiTn: BekTOpHble NpeACTaBAEHNS CNOB X, U KOHTEKCTOB Y,
Mogenb: BepoATHOCTb CNOBa W B KOHTEKCTE CJI0Ba U:

= SoftM =
p(w|u) = SoftMax(xw, yu) = norm (exp(xw, yu))
Kputepuii makcumyma log-npasgonogobus:

> nuulnp(wlu) — max
w,uc W {xwyu}

n ero annpokcumaums SGNS (Skip-Gram Negative Sampling):

S (ol S Ino(—(a)) — max

w,ueW ve Vi (u) {xwoyu}

rae Vi(u) C W — cayuaiinble k C/0B He U3 KOHTEKCTa U.

T.Mikolov, K.Chen, G.Corrado, J.Dean. Efficient estimation of word
representations in vector space, 2013.
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AuctpubytnsHas runotesa u word2vec
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne moaenun AMcTpubyTMBHON ceMaHTUKK Perynsipnsatopbl korepeHTHocTMn

Cea3b word2vec ¢ MaTpUYHLIMU Pa3n0XEHUAMU

T — pa3MepHOCTb BEKTOPOB CJOB X,, U KOHTEKCTOB Y,
X = (Xw)wxT — MaTpuua BEKTOPOB CJIOB
Y = (Yu)wxT — MaTpuua BEKTOPOB KOHTEKCTOB

SGNS ctpout maTpuyHoe pasnoxerue P =~ XYT maTpuupbi

Shifted PMI (Point-wise Mutual Information):
Ny

—Ink

Py =1In ,

Ny Ny
Ny — CHETHMK COBCTPEHaeMoCTyn napsl cios (w, u),
Ny, Ny — YACNO Nap C y4acTMeM CNOBa W W U COOTBETCTBEHHO,
N — 4YUCNO COBCTPEYAIOLNXCA Nap C/IOB B KOJJIEKLMN.
B kauecTee 3spucTuku ucnonbsytoT Takxe Shifted Positive PMI:
Ny
Pt = (lnL—mk) .
ny Ny +

O.Levy, Y.Goldberg. Neural word embedding as implicit matrix factorization, 2014.
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AuctpubytnsHas runotesa u word2vec
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne moaenun AMcTpubyTMBHON ceMaHTUKK Perynsipnsatopbl korepeHTHocTMn

Mopgenu BeKTOpHbIX NpeacTaBAeHUii A1 TeKcTos u rpados

word2vec: smbeguHru (BeKTOpHbIE NPEACTaBNEHNS) OB

T.Mikolov et al. Efficient estimation of word representations in vector space. 2013.

paragraph2vec: ambegnHru pparMeHTOB N LJOKYMEHTOB

Q.Le, T.Mikolov. Distributed representations of sentences and documents. 2014.

sent2vec: smbefuHru nNpesnoXXeHnii

M.Pagliardini et al. Unsupervised learning of sentence embeddings using compositional n-gram features. 2017.

FastText: ambegnHr CUMBONbHBIX N-rpamMm
https://github.com/facebookresearch/fastText

node2vec: ambeauHru BepLnH rpada

A.Grover, J.Leskovec. Node2vec: scalable feature learning for networks. 2016.

graph2vec: 6onee obwmne smbeaunHrn Ha rpadpax

A.Narayanan et al. Graph2vec: learning distributed representations of graphs. 2017.

StarSpace: smbegunrn yero yrogHo ot Facebook Al Research
L.Wu, A.Fisch, S.Chopra, K.Adams, A.B.J.Weston. StarSpace: embed all the things! 2018.

HepocTaTok: KOOpAUHATHI BEKTOPOB HE UHTEPMNPETUPYEMBI
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AuctpubytnsHas runotesa u word2vec
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne moaenun AMcTpubyTMBHON ceMaHTUKK Perynsipnsatopbl korepeHTHocTMn

Mpenmyuwectsa n Hegoctatkm SGNS

@ YAMBUTENBHO BLICOKOE KAa4eCTBO Ha 3ajadvax CeMaHTUYeCKoi
aHanorun n 6AN30CTU CNoB.

@ BosmoxHocTb HelipoceTeBoii peanusauyun metogom SG.

5

Vimeetcs rotosas peannsauusi word2vec ot Google

@ WmetoTcs rotosble BEKTOPLI C/IOB, NpefobyyeHHble Mo
BONbLINM TEKCTOBBLIM KOJIIEKLMSIM Ha Pa3HbIX s3bIKax

© HeuHTepnpeTupyemble KOMNOHEHTBI BEKTOPOB

© He sacHo, noyemy XY7, a He XX (0bbi4HO Y nrHopupytoT)

Tematunyeckne mogenn BitermTM, WordNetwork TM, Word TM
obyualoTca no COBCTpeYaeMOCTsIM, aHanornyHo word2vec.
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OuctpnbyTusHasa runotesa n word2vec
Mogenun 6utepmos (BitermTM) u cetn cnos (WNTM)
TemaTuyeckne mMogenu AncTpubyTnBHON ceMaHTUKN PerynsipnsaTopbl KorepeHTHocTy

EI/ITeprI: Mogesib COBCTPE4YaeMOCT!U CJ/1I0B B KOPOTKUX TEKCTaxX

Butepm — napa CNnoB, BCTPEUAKOLMXCA PAAOM:
B OGHOM KOPOTKOM coobuienunn / npepnoxenun / okHe +h cnos.

TemaTtuyeckas mogens butepmos (Biterm Topic Model):

p(u, V) = Zp(u’t) (V’t t) = Z GutPuveTt,

teT teT
rae ¢owe = p(wlt), m = p(t) — napameTpsl mogenu.

Kputepuii makcumyma norapudpma npasgonogobus:

E nuvlnE ¢ut¢vt7rt — makx,
: [O%¢

u,v

dve = 0; Zv¢vt:1; T 2 0; thtzl

Xiaohui Yan, Jiafeng Guo, Yanyan Lan, Xueqi Cheng. A Biterm Topic Model
for Short Texts. WWW 2013.
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OuctpnbyTusHasa runotesa n word2vec
Mogenun 6utepmos (BitermTM) u cetn cnos (WNTM)
TemaTuyeckne mMogenu AncTpubyTnBHON ceMaHTUKN PerynsipnsaTopbl KorepeHTHocTy

Heobxoagumblie ycnoBus To4kM MakCuMyma npaBaonoaoous

Makcumusauus log npasgonogobus ¢ perynsipusatopom R:

Z Ny In Z butduems + R(P, 1) — max,

u,v

ny, — 4actota butepma (u, v) B LJOKYMEHTaxX KOJIEKLMN.

EM-anroputm: mMeTog npocToii utepauumu gasi CUCTEMbI YPaBHEH M
E-war: Pruv = p(t|u,v) = nt%rp (¢ut¢vt7Tt)

M-wwar: ¢vt = nOrm(nvt + @vt F)O ) Nyt = Z Nuy Ptuv
vew v ueWw

_ OR _
¢ = norm ( ng + Wta—ﬂ_t), ng = Z Nyv Ptuv
teT u,veWw
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AuctpubytusHas runotesa n word2vec

Mogenun 6utepmos (BitermTM) u cetn cnos (WNTM)

TemaTuyeckne moaenun AMcTpubyTMBHON ceMaHTUKK Perynsipnsatopbl korepeHTHocTMn

BuTtepmsbl kak perynspusatop gnas obbiuHoin PO-mopenm

1. PerynsipuzaTtop butepmor gns maTtpuusl O:
R(®)=r71 Z Ny In Z Neduedye — Max.
u,veWw teT
MopcTasnsiem B hopmyny M-wiara, nony4aem criakuBaHue:
Pwt = novsm (nwt +T Z nuwptuw>; Ptuw = ntoer'lm (nt(bwt(but)-
ueW

DT0 3KBUBaNEHTHO 0bpaboTke nceBho-4OKYMEHTOB d,;, TAe KaXAblii
d, 0bbeanNHAET BCE KOHTEKCTbI CAOBA U, NPUYEM Oy X Ny Pyt;
Nyw — YNCIO BXOXKAEHWUN CNOBa W B NCEBLO-AOKYMEHT d,,.

2. Perynspusatop paspexuBaHusi gas matpuusl ©:

R(©) = -7 Z Zat In 6,y — max.

deDteT
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OuctpnbyTusHas ru 2 0
Mogenun 6utepmos (BitermTM) u cetn cnos (WNTM)

TemaTuyeckne moaenun AMcTpubyTMBHON ceMaHTUKK Perynsipnsatopbl korepeHTHocTMn

Mogenb cetu cnoB WNTM gnsa KOpoTKuUx TEKCTOB

I/Ip‘eﬂ: MOAENNPOBaTb HE NOKYMEHThbI, a CBA3N MeXAYy Cl0BaMu.

d, — nceBao-AOKYMEHT, 0bbeaMHEHNE BCEX KOHTEKCTOB CNOBa U.
Ny — YUCIO BXOXKAEHWI CNOBAa W B NCEBAO-LOKYMEHT d,.
KoHTekcT — kopoTkoe coobuienmne / npeanoxerne / okHo +h cnos.

word pseudo-document
doct Googl%gap for map google ios
google mapios
o apple develop ios
doc2 iOS is developed

iOS develop apple ios ios windows
doc3| environment for develop environment
Windows

environment ios windows develop

. google map apple windows
by Apple develop 108 environment develop develop
windows environment ios develop

Yuan Zuo, Jichang Zhao, Ke Xu. Word Network Topic Model: a simple but
general solution for short and imbalanced texts. 2014.
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OuctpnbyTusHasa runotesa n word2vec
Mogenun 6utepmos (BitermTM) u cetn cnos (WNTM)
TemaTuyeckue mopenu AncTpubyTUBHOW CeMaHTUKM Perynsipusatopbl korepeHTHocTH

Mopgenu WNTM (Word Network) 1 WTM (Word Topic Model)

TemaTnyeckasa Mofenb KOHTEKCTOB, pasnoxeHune W x W-matpuubi:

p(wldy) =" p(w|t)p(t]du) =Y Suebeu,

teT teT

rae d, — nceBfoO-AOKYMEHT CoBa U.

Makcumunsaumns norapudpma npasgonogobus:

Z Nuw |Og Z watetu — rgaex

u,weW teT

rae Ny, — COBCTPEHYAeMOCTb CNOB u, w (KCTaTh, Ny = Nyy)-

Yuan Zuo, Jichang Zhao, Ke Xu. Word Network Topic Model: a simple but
general solution for short and imbalanced texts. 2014.

Berlin Chen. Word Topic Models for spoken document retrieval and
transcription. ACM Trans., 2009.
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OuctpubyTueHasa ru A N W 2
Mogenun 6utepmos (BitermTM) u cetn cnos (WNTM)
TemaTuyeckue mopenu AncTpubyTUBHOW CeMaHTUKM Perynsipusatopbl korepeHTHocTH

PesynbtaTthl oueHuBaHusa mogenun WNTM

@ KorepeHTHOCTb Ha KOPOTKMX TeKCTax aydwe, Yem y LDA
n BitermTM; Ha BAUHHBIX TEKCTax NPEnMYLLECTB HET.

o (CreBa: oueHnBaHme cemaHTMyeckoin bamsoctu cros no p(t|w),
koppensiumsi ¢ 10-6annbHbIMU SKCAEPTHLIMU OLEHKAMU.

@ Cnpasa: nonHOTa M TOYHOCTH PAaCcMO3HaBaHUSI HOBOWA TEMBbI
B 3aBUCMMOCTUN OT YUCNa AOKYMEHTOB.

1 1

0.6/[mm LDA
. BTM 0.95 00
N WNTM

o
@

o
©

0.8,

14
S
Precision
°
®
&
Recall

0.7,

o
W

0.8

075 2 WNTM 0s
-0-LDA

0.1 . D'78(‘)0 400 200 160 éO 40 U'EBOD 400 200 1(‘)0‘ éﬂ 40
IS Cosine Number of documents Number of documents

Ranked Correlation

e
i

Yuan Zuo, Jichang Zhao, Ke Xu. Word Network Topic Model: a simple but
general solution for short and imbalanced texts. 2014.
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OuctpnbyTusHasa runotesa n word2vec
Mogenun 6utepmos (BitermTM) u cetn cnos (WNTM)
TemaTuyeckue mopenu AncTpubyTUBHOW CeMaHTUKM Perynsipusatopbl korepeHTHocTH

WN-ARTM Ha 3aga4ax cemMaHTU4YeCcKOW aHanorum cioB

[Ba noaxofa K CUHTE3Y BEKTOPHbIX NPEACTAaBAEHMNIA CNOB:
o WN-ARTM: unHTepnpeTupyemble paspekeHHbleé KOMMOHEHTbI

@ word2vec: nHTepnpeTMpyeMbie BEKTOPHbIE OMepauum

Onepayus Pesynstat WN-ARTM | PesynbTtaT word2vec
. . ueen, princess, queen, princess,
king — bo irl 9 . .
& y+e lord, prince regnant, kings
. . madrid, barcelona, madrid, barcelona,
moscow — russia + spain . .
aires, buenos valladolid, malaga
. . rupee, birbhum, rupee, rupiah,
india — russia + ruble
+ pradesh, madhaya devalued, debased
computers, software, computers, software,
cars — car + computer servers, hardware,
implementations microcomputers

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilistic embeddings:
bridging the gap between topic models and neural networks. AINL-6, 2017.
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OuctpnbyTusHasa runotesa n word2vec
Mogenun 6utepmos (BitermTM) u cetn cnos (WNTM)
TemaTuyeckue mopenu AncTpubyTUBHOW CeMaHTUKM Perynsipusatopbl korepeHTHocTH

word2vec u WN-ARTM Ha 3aga4ax cemaHTu4eckoin 6113ocTu cnos

Hdamn Bukunegun 2016-01-13,

W| = 100K, paspexenHocts 93%.

KonkypeHToi: LDA, SVD-PPMI, SGNS (word2vec).
Bapuantel WN-ARTM: offline, online, online-with-sparsing.

WordSim WordSim | WordSim | Bruni et | Radinsky

similarity | relatedness joint al. MEN m.turk
LDA 0.530 0.455 0.474 0.583 0.483
SVD-PPMI 0.711 0.648 0.672 0.236 0.616
SGNS 0.752 0.632 0.666 0.745 0.661
ARTM off 0.701 0.615 0.647 0.707 0.613
ARTM on 0.718 0.673 0.685 0.669 0.639
ARTM on-sp 0.728 0.672 0.680 0.675 0.635

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilistic embeddings:
bridging the gap between topic models and neural networks. AINL-6, 2017.
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OuctpnbyTusHasa runotesa n word2vec
Mogenun 6utepmos (BitermTM) u cetn cnos (WNTM)
TemaTuyeckue mopenu AncTpubyTUBHOW CeMaHTUKM Perynsipusatopbl korepeHTHocTH

CpagHeHue word2vec 1 WN-ARTM no uHTepnpeTupyeMocTu Tem

SGNS (word2vec) — HeT uHTepnpeTupyemocTu:

@ avg hearth soc protector decomposition whip stochastic sewer splinter accessory
howie thief thermodynamic boltzmann equilibrium kingship unconscious

@ rainy miocene snowy horner cfb triassic eleventh amadeus dams tenth mesozoic
fourteenth thirteenth ninth diaries bight demographics seventh almanac eocene

@ gnis usda bloomberg usgs regulator nhk gerd magnetism capacitor fed classifies
capacitance stadt bipolar multilateral trpod kunst reciprocal smiths potassium

WN-ARTM — ecTb nHTEPNPETNPYEMOCTb:

@ scottish scotland edinburgh glasgow mps oxford educated cambridge college
aberdeen dundee royal uk scots fellows fife corpus kingdom thistle eton angus

@ game games video gameplay multiplayer puzzle mario nintendo player gaming
pok playable mortal super kombat adventure rpg ds puzzles online smash zelda

@ election party elected elections parliament assembly seats members minister
legislative electoral liberal council representatives parliamentary democratic

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilistic embeddings:
bridging the gap between topic models and neural networks. AINL-6, 2017.
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OuctpnbyTusHasa runotesa n word2vec
Mogenun 6utepmos (BitermTM) u cetn cnos (WNTM)
TemaTuyeckue mopenu AncTpubyTUBHOW CeMaHTUKM Perynsipusatopbl korepeHTHocTH

WN-ARTM Ha 3agadyax ceMaHTU4YeCKOi 6,1M30CTU JOKYMEHTOB

ArXiv triplets dataset [Dai et. al, 2015]: 20K Tpoek craTeii:
(craTbsa A, cxoxas ctaTbs B, Henoxoxas crates C)

-
o

@ obyuenune no 1M TekcTos cratein ArXiv

o
o

°
©
.
'
'

'

@ TecTupoBaHue Ha Tpunaetax ArXiv

°
3

@ Konkypent: DBOW paragraph2vec
[Dai et. al, 2015]

100 200 400
Dimension

Document similarity

°
o

o
@

WN-ARTM npesocxogut mogens DBOW (distributed bag-of-words)

Andrew Dai, Cristopher Olah, Quoc Le. Document Embedding with Paragraph
Vectors, CoRR, 2015

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilistic embeddings:
bridging the gap between topic models and neural networks. AINL-6, 2017.
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AuctpubytusHas runotesa n word2vec

Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)

TemaTudeckne mopenn ancTpubyTuBHON ceMaHTUKM Perynsipusatopbl korepeHTHocTU

NHTepnpeTupyemMocTy n KOrepeHTHOCTb

Tema nHTepnpeTupyemas, ecam no TOMOBLIM CIOBAM TEMbI SKCMEPT
MOXeT OMpefesnTb, O 4éM 3Ta TemMa, U AaTb eii Ha3BaHue.
@ DKCNEPTHbIE OLEHKN:
— WNHTEPNPETNPYEMOCTb TeMbI MO banNbHON LWKane;
— KaXKAylo TeMy OLEHUBAIOT HECKONIbKO SKCMEPTOB.
@ Metog nHTpy3nii (intrusion):
— B CMMCOK TOMOBbIX CJIOB BHEAPSIETCS JINLLHEE CIIOBO;
— n3mepsieTcs Jonsi owmnboK 3KCNEPTOB €ro npu onpeseneHnm

Hy>xHa aBTOMaTu4eckmn BblYUCAsieMasi Mepa UHTEPNPETUPYEMOCTH,
KOppenunpyoLLLas ¢ 3KCNepTHbIMIA OLLeHKaMU.

Eto okasanace korepeHTHoCTh (cornacosaHHocTb, coherence).

Newman D., Lau J.H., Grieser K., Baldwin T. Automatic evaluation of topic
coherence. Human Language Technologies, HLT-2010.
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OuctpubyTueHas runo y
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne mogenn ANCTpubYTUBHOI CeMaHTUKM Perynsipnsatopbl korepeHTHoCcTH

3KcnepmmeHT. Cgasb KOrepeHTHOCTU U nHTepnpeTupyemocTu

Vl3mep;|naCb paHroeas Resource Method Median Mean
C HSO 015 0.50
koppensuns CnupmeHa ICx 090 019
mexay 15 meTpukam LCH —031 =015
LESK 0.53 0.53
N 3KCNEPTHLIMU OLEHKAMU WordNet LIN 0.0 0.28
PATH 0.20 0.12
MHTEPNpeTUPYEMOCTMN. RES 05 066
VECTOR 008 0.27
PMI — ny4wasa metpuka. WuP 0.41 0.26
RACO 0.6 069
Gold-standard — cpegnsas Wikipedia MW 0.8 0.70
DocSim 0.59 0.60
Koppenaynsa CnmpmeHa EPMI 0.74 ()‘773
TITLES 0.51
MeXAy OLEeHKaMu Google LoGHTS o1
pa3HbIX 3KCMEPTOB. Gold-standard TAA (032 078 ]

BbiBOA: KOrepeHTHOCTL BaM3Ka K «30/10TOMY CTaHZAPTY .

Newman D., Lau J.H., Grieser K., Baldwin T. Automatic evaluation of topic
coherence // Human Language Technologies, HLT-2010.
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OunctpubyTueHaa runotesa n word2vec
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne mogenn ANCTpubYTUBHOI CeMaHTUKM Perynsipnsatopbl korepeHTHoCcTH

KorepeHTHOCTb Kak BHYTPEHHSIS Mepa UHTEepnpeTupyemMocTu

KorepeHTHOCTb (cOrnacoBaHHOCTb) Tembl t MO k TOMOBLIM ClOBaM:

) k—1 k
PMI; = mz > PMi(w;, w;)

i=1 j=i+1
rae w; — i-e CN0BO TeMbl, B NOpsaKe ybbiBaHUSt Py:.

DIN
PMI(u,v) =In |N|—N“V — NOTOYeYHast B3auMHasi MHoOpMaLms
u v
(pointwise mutual information),

N,, — 41CNO [OKYMEHTOB, B KOTOPbIX CNOBa U, V XOTA bbl OAMUH
pa3 BcTpeyatorcs psigom (B okHe 10 cnos),

N, — 4Mcno JOKYMEHTOB, B KOTOPbIX U BCTPeTMsCst XoTs bbl 1 pas.

Newman D., Lau J.H., Grieser K., Baldwin T. Automatic evaluation of topic
coherence // Human Language Technologies, HLT-2010.

K. B. BopoHuos (vokov@forecsys.ru) BeposiTHOCTHbIe TemaTu4eckue mMopenu 40 / 48



OunctpubyTueHaa runotesa n word2vec
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne mogenn ANCTpubYTUBHOI CeMaHTUKM Perynsipnsatopbl korepeHTHoCcTH

Perynﬂpm3aTop AN MaKCuMn3auum KorepeHTHoOCTu tem

FvwnoTesa: Tema Ay4lwe NHTEPNPETUPYETCS, ECAN OHA COAEPXKUT
KorepeHTHbie (4acTo BCTpevatowmecs pagom) cnoea u, w € W.

A _ N
Mycts C,y — OueHKa korepeHTHoOCTM, Hanpumep P(w|u) = e
Cornacyem ¢+ ¢ oueHkamn p(w|t) no KOrepeHTHbIM ClOBaM,

p(wlt) = 32, p(wlu)p(ult) = 5 3=, Cuwue;
R(®) = TZ ne Z p(w(t) In pye — max.

teT wew

Mogctasnsiem B popmyny M-wara, noaydaem craaxusaHue:

¢Wt = no‘;m (nwt + 7 Z C.uwnut> .

ueW

Mimno D., Wallach H. M., Talley E., Leenders M., McCallum A. Optimizing
semantic coherence in topic models. EMNLP-2011.
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OunctpubyTueHaa runotesa n word2vec
Mogenu 6utepmos (BitermTM) un cetun cnos (WNTM)
TemaTuyeckne mogenn ANCTpubYTUBHOI CeMaHTUKM Perynsipnsatopbl korepeHTHoCcTH

ANbTEepHATUBHBLIA Perynsipu3aTop KOrepeHTHOCTH

KeagpaTuunslii perynsipusatop Quad-Reg:

R((D) = TZ In Z Cuv¢ut¢vt — max,

teT uyveW

roe C,, = NUV[PMl(U, v) > 0} — OLEHKa COBCTPEYaEeMOCTMU.

Moactaensiem B chopmyny M-wara, CHOBa nonydaem CriakKmpaHume:

Z Cuw(but‘i‘ Z va(bvt
u,w)eQ (w,v)eQ

Z Cuv¢ut¢vt
(u,v)EQ

(
dwt = norm | Nuwe + TOwt

B nutepaType noka He BbipaboTaH OKOHYATENbHLIA BapUaHT
perynsipusatopa KOrepeHTHOCTHU.

Newman D., Bonilla E. V., Buntine W. L. Improving topic coherence with
regularized topic models. 2011.
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Pesome

PaznuyHbie cnocobel y4éTa COBCTpEYaemMocTu:
@ Bbigenenune cpas Ha sTane npegobpaboTku
@ BblOeneHune d)pa3 BMECTE C TEMATUYHECKUM MOAENNDPOBAHNEM

@ TemaTuyeckme Moaenn AUCTpubYTUBHONR CEMaHTUKM
(BitermTM, WTM, WNTM, korepeHTHOCTb)

Mogenun coscTpedaemocTu npeobpasytoT NCXOfHbIE AAHHbIE
O CMHTarmMaTu4eckol 6amsocTn Cnoe n,, B NapagnrmMaTuyeckne
6amsoctu cnos (u, v) kak pacnpegenenuii p(t|u) v p(t|v).

Cetun cnos (WNTM)
@ Ny4lwnii cnocob TemaTU3aLmMm KOPOTKINX TEKCTOB
@ nerko peanusoeats B BigARTM, nepepasbus konnekuyuto
Ha NCEBAO-AOKYMEHTbl — JIOKa/IbHbIE KOHTEKCTbI C/IOB

® [aéT BEKTOpHble NPeACTaBeHuUsl CNoB, aHanornyHo word2vect,
HO pa3peXXeHHble N UHTeprpeTUpyemMble



WNHTepnpeTtupyembie Tematuyeckue amMbeguHru cioB M JOKYMEHTOB

o Konnekums TekcToB — ABYAOJbHbIA rpad ¢ pébpamu (d, w)
o Tematuueckue ambepaunrn: p(t|d), p(t|w), p(t|d, w)
@ Tembl MHTEpNPeTUPYOTCs Yepe3 HacToTbl Tepmos p(w|t)

o Cnoso w BCTpevaeTcs B d, KOrAa y HUX ecTb obuime Tembl
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WNHTepnpeTtupyembie aMbeguHru cOBCTpe4aemMocTu CoB

o lNoctynaTt gucTpubyTMBHON CeMaHTMKN: «CMbICA COBa
OnpeAensieTcs pacnpefeneHneM CNoB BCEX ero KOHTEKCTOBY

@ [lpepgnonaraeTcsi, YTO KOHTEKCTbI CEMaHTNYECKN OZHOPOAHbI
@ CnoBo u NOpoXAaeT NCeBLO-LOKYMEHT BCEX €r0 KOHTEKCTOB

@ Cnoea w, U BCTPEYAEeTCs PsIfOM, KOrAa y HUX €CTb 0bLine TeMbl

P o pfelwW)  pltluw)  p lu)=By,
@( i ] T
} - B
Re=P@It) —> P < 1
N - ]S
hECs
| | U
sEg =¥ | 2 = | =
- -:I;: | ===
) —

WORD S (W) Wwornbg (W)



WHTepnpeTtupyembie ambeguHru MynbTUMOZaNbHbIX AOKYMEHTOB

@ JlokyMeHTbI cofepXaT TepMbl PasauYHbIX MOZa/bHOCTEN

o [lpumepbl MoganbHOCTeli: CNOBa, N-rpaMMbl, Ha3BaHUSA, Teru,
KaTeropuu, Kaacchl, aBTOPbl, BPEMS, NONb30BATENN, CChIIKA

@ Yepes TeMbl CMbIC/bI C/IOB NEPEAAOTCS APYrM MOAANbHOCTAM

@ Tepm w BCTpeuyaetcs B d, KOrga y HUX ecTb obwue Tembl

f pltiw) b (tldlyw) plEld) = 014
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WNHTepnpeTtupyembie aMbeguHru TpaH3aKLMOHHbLIX AAHHbIX

Tpan3akuus — B3aumMogeiicTene gByx mau bosee TepMoOB

Mpumepsi: (buyer, seller, item), (user, site, banner)

°
°

® [uneprpach — MHOXECTBO MOLMHOXECTE BEPLUNH-TEPMOB

@ TpaH3akuuoHHbIE AaHHble — 3TO Bhibopka pébep runeprpada
°

TpaH3aKuUs NPOUCXOANT, KOrAa €€ TepMbl UMEIOT 0bLne TeMbI

p(tlv) pltld,»)  pltid)=8u

TekeENs (v) DocOMENTS ()
X EDa&ES () (CONTAINE RR)



WHTepnpeTtupyembie ambeguHru npegnoxeHuii

@ Pebpo runeprpacha — cemaHTUYECKU CBSI3aHHbIE CJIOBA

o [Npumepbl: NpeanoXxeHne, CHTarmMa, NEKCUYECKas LENoYKa,
MMeHHasi rpynna, dpakT «obbekT, cybbekT, aelicTene»

@ Cnoea cemaHTuM4yeckn CBA3aHbl, KOrga OHN UMEKT 06|.u,v|e TEMbI
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