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VnTeprpeTupyeMocTs, JIUHEHOe yBeINIeHNne CIIO?KHOCTH C POCTOM
JIAHHBIX, MAaCHITAOUPYeMOCTh CIETAJN TEeMATUIECKOe MOJETHPOBAHIE
OJTHIM W3 HanboJiee MOy IAPHBIX HHCTPYMEHTOB CTATUCTHIECKOTO aHa-
ju3a TekcToB. OIHAKO €CTh M P:AJ, HEIOCTATKOB, BLI3BAHHBIX 3aBHCH-
MOCTBIO DellleHHsI OT MHMIMam3anun. 3BecTHO, 4TO IOCTpOCHHUE Te-
MaTHYECKOIl MOJIEJIN CBOIUTCS K PEIICHUIO HEKOPPEKTHO I10CTABJICHHOI
3a/IaU HEOTPUIATEJIbHOIO MATPHYHOIO pa3JioxKeHns. MHoXecTBO eé
pereHuit B obmeM ciaydae GeckoHeuHO. Besxuil pas Mosens HaXOAuT
JIOKJIbHBIN SKCcTpeMyM. MHOTOKpaTHOe 00ydeHIe MOJIesN 10 OJHOMN 1
TOH K€ KOJUIEKIUH MOKET IPUBOJUTL K OOHAPYZKEHHIO BCE HOBBIX U
HOBBIX TeM. Ha npakTuke gacTo Tpebyercs OIpee/uTh BCe TeMbl KOp-
myca. [lj1a pemenus 3Tol 38,1841 B CTaThe IIPEJIJI0ZKEH U UCCIIe/I0BAH HO-
BbIiT aJITOPUTM HAXOXKJIEHHs IIOJTHOIO HabOoPpa TeM, KOTOPBI OCHOBaH Ha
IIOCTPOEHNH BBITYKJIOH 000TOUKH. DKCIEPUMEHTATBHO TTOKA3aHO, UTO
3a KOHEYHOE YUCJIO MOJeJiell MOZKHO HOCTpouTh Oasuc teM. IIpasmomo-
Jlobue 6a3mca TeM BbIIIE, YeM OJHOI MOJIEJN C aHAJOTMYHBIM YHCIIOM
rem. Cpasuenune 6asucos mozesieit LDA (latent Dirichlet allocation) n
ARTM (additive regularization for topic modeling) nossosser cuenars
BBIBOJI, YTO TeMBI HAOOPOB COBIIAIAIOT C BBICOKON TOYHOCTHIO.

KiroueBble cjioBa: BEpOATHOCTHOE TeMaTHYeCKOe MOJEIHNPOBa-
HU€, YCTONYNBOCTb TEeMATHIeCKUX MOJIejIeil, MOIHbIi Habop TeM TeMa-
TUYECKUX Mojesiell, jarentroe pasmertenue upuxie, LDA, perys-
puzarust, ARTM, BigARTM.

1. BBenenne

BepositHoCcTHBIE TEMaTHYEeCKHEe MOJETH SIBJISIOTCS CTATUCTUIECKUMU aJIrO-
pUTMaMU, TpeIHA3HAYEHHBIMU JJIsT OOHAPYKEeHUsT aOCTPAKTHBIX TE€M, KOTO-
pble cofiep:KaTcst B OOJIBIIIOM W HECTPYKTYPUPOBAHHOM HaOOpE JOKYMEHTOB.
TemaTndeckue Mojiesin HanboJiee M3BECTHBI KaK MHCTPYMEHT JIJIT MHTEIIEK-



TyaJIbHOIO aHajn3a Tekcta. OHU Tak>Ke MMEIOT NMPUJIOXKeHus B OuomHdop-
MaTHKe, aHaJIM3e N300parKeHuii U coluaabHbIX cereii [1].

[TocTpoenne TeMaTH4ueCcKOil MOJIEN CBOJUTCS K PEIICHUIO HEKOPPEKTHO
[IOCTABJIEHHOH 3a/1a9M HEOTPUIATEIbHOIO MATPUIHOIO pas3jioxkeHus. MHo-
2KeCTBO €€ peleHuil B obI1eM ciiydae 6ECKOHEYHO. DTO MPUBOIUT K HEYCTOM-
YUBOCTU BBIYUC/IMTEIbHBIX METOJIOB M 3aBUCUMOCTHU PEIIEHUsT OT CJIyIaitHOrO
Ha4YaJbHOTO HpubJKeHus. MHOroKpaTHoOe MOCTPOEHNE MOJIEJNH 110 OJHOU U
TOI K€ KOJJIEKIIMM MOXKET IPUBOJUTH K HAXOXKJIEHUIO BCE HOBBIX U HOBBIX
reMm. HecmoTpst Ha BaxKHOCTD TpeOOBAHUS YCTONYUBOCTHU B 33/[a9aX KOMIIbIO-
TEPHOI JIMHI'BUCTUKM U WH(MOPMAIMOHHOI'O MOWCKA, IIpobJjieMa 10 CUX IOP
OTHOCUTEJILHO MaJjio udydeHa. B jinreparype olpe/iesieHo OHATHE YCTOWIH-
BocTH 2|, mpemiaratorcst mepol ycroitunsoctu |3, 4, 5. Takxke B paborax
PaCCMaTPUBAIOTCsT MOJIEJIH, TIOBBINIAIOIINE YCTORIUBOCTS |6, 7).

B nannoii ctaTbe craBuTcst pobJieMa MOJTHOTHI: MOYKHO JI HAWTH BCE Te-
MBI KOPITyCa, CKOJIBKO 3aIlyCKOB MOJIEJTUPOBAHUsT HEOOXOMIMO JIJIsT HAXOXK e~
HUsl TIOJTHOTO HA0OPa TeM, BO3MOXKHO JIH COKPATUTD YUCJIO 3aIlyCKOB C IIOMO-
mpto peryispusanun. OnucarHasi TOCTAHOBKA B JINTEPAType He pacCMaTpH-
BaJIach. AKTYaJIbHOCTD IPOOIeMbI 00YCIOBIEH OOIBIIAM YUCIOM IPUKJIA-
HBIX 33/1a1 aHAJIN3a TEKCTOB, B KOTOPBIX TPeOyeTcsi Kak MOXKHO MOJTHEE OlIpe-
JIEJINTH TEMATUYIECKUI COCTAB KOJUIEKIINU JIOKYMEHTOB.

Cratbsi opraHm3oBaHa CJIeAyIOIMUM obpa3oM. B pasmese 2 Mbl BBOIUM
OCHOBHBIE 0003HAYEHNsI U TEPMUHOJIOIMIO, KPATKO OIMCHIBAEM TeMATHYECKIe
mogesn pLSA, LDA u monenu monxoma ARTM. B pasmene 3 ompenpesnser-
cs1 TIOHATHE Da3uca TeM MHOMXKECTBA MaTPHUIl TeMaTHIecKuX Mojeseit. Jlasee,
[PEeJIJIAraeTCsi AJITOPUTM JIJIst TIOCTPOEHUSI TOJIHOI'O Habopa TeM Ha OCHOBE
BBIMTYKJION OOOJIOYKY. DMIUPUIECKIE PE3YIbTAThl IOCTPOEHHS IOJTHOTO Ha-
6opa Tem obcy ) aat0Tcs B paseiie 4. Hakoner, B 3aK/II0U€HIN TPEICTABIICHBI
HAIIN BBIBOJIBI.

2. BeposiTHOCTHBIE TeMaTUYIEeCKNE MO/IeJIN

Beesiem creyromue obosnadenns: D = {di,...,d|p|} — Komieknus Tex-
cToBbIX Jokymentos, W = {wi,...,wy|} — cloBapb TePMOB, BCTPETHB-
mxess B mnx, T = {t1,...,t7|} — KoHewHOe MHOXKeCTBO TeM. B kadecTse

TEPMOB MOI'YT HCIIOJIB30BAaTLCA CJIOBa, M-I'paMMBbl, KOJIJIOKaIIuM, UMEHOBaH-
HbIEe CYyHNIHOCTH M T.JI. UHCJIO TeM sIBJISIETCsI TUIEPIAapaMeTpOM M 3aJaeTCst
zapanee (|T'| < |D|). Kaxmoe Bxoxaenue repma w € W B njokymenr d € D
CBSI3aHO € HEKOTOpOii Temoit ¢ € T. TepMbl U JOKYMEHTBI SIBJISIIOTCS Ha-
OIII0/IAeMBIMHE TIEPEMEHHBIMU, TeMbl — JIATeHTHBIMU (CKpBIThIME). Tpebyercs



OIIPEJIJINTD, K KAKUM TeMaM OTHOCUTCS KaKJbIil JIOKYMEHT U KaKue TePMbI
00pa3yIoT KaxKJIylo TEMY.

2.1. Mogaenp pLSA

[IycTh KOJIEKINS MOKYMEHTOB TPEICTABISET COOON TOC/IeI0BATEILHOCTD
nap «IoKyMeHT-c0Bo» (d,w). IToxxon pLSA (probabilistic latent semantic
analysis) [8] momemupyer BepositHOCTE p(w|d) HOSIBJICHHST TEPMOB W B JIO-
KyMeHTaX d KaK CMeCh YCJIOBHO HE3aBUCUMBIX MYJILTHUHOMUAIHLHBIX PACIIpe-
Jesiennii. KOMIIOHEHTBI CMecH MOXKHO PaccMaTpUBaATh KakK IPeJICTaBIeHUsI
«tem» t. Habmromaemble mapbl (d, w) BCTPEYAIOTCS] HE3aBUCHMO, YTO COOT-
BETCTBYET IIPEJICTABJIEHUIO JIOKYMEHTOB B BHJIE «MeIKa CJI0B». llosiBiieHue
TepMa W 3aBUCHAT TOJHKO OT TeMBI { U HE 3aBUCHUT OT JOKyMeHTa d. Kaxkmoe
CJIOBO T€HEPUPYETCsi U3 OJ[HOI TeMbl. B 3TOM ciydae TemMaTudeckasi MOJIE/Ib
TOSIBJICHUST CJIOB B JIOKYMEHTAX BBITJISJIAT CJIEIYIONIM 00pa3oM:

p(d, w) = p(d)p(w|d) = p(d) Y _ p(wlt)p(t|d),
teT
rje w — TepM, t — Tema, d — JOKYMEHT KOJUIEKIIUH.
ITpu nocTpoeHnn TeMaTuIecKoii MoJie/i TpedyeTcst OIEHUTD 110 U3BECTHOI
KoJITeKun D mapaMeTpsl MOJesn @y = p(w|t) u 0yg = p(t|d). Crasurcs
3aj1aua MAKCUMU3AIMH Jiorapudma mIpaBIonomnoomst:

L(®,0) =Y > ngwlogp(d,w) =Y Y ngwlog  duibrg — max

dED weW deD weW teT
(1)

Z Gwt = 1, Gut 2 0, Zatd =1,0i4 > 0,

weW teT
e ® = (Puwt)wxr, © = (01d)TxD, Naw — UUCIO BXOXKJEHUI TepMa w B
JIOKyMEHT d.

Sagaua pemaercs ¢ nomoupio EM-anmropurma. BeposTHOCTHBIE TeMa-
TUYIECKUE MOJEIN HAXOJAT JIOKAJBbHBI MaKCUMyM Jiorapudma mpaBIaonoao-
6ust (1). UsBectro, uro pLSA He MojempyeT mporecc BbI60pa JIOKYMEHTOB,
pactpegenerne p(d), 3T0 YACTUYHO T€HEPATUBHAS MOJETb. UTOOBI MOJIHO-
CTBIO Peaii30BaTh MeHepAaTUBHBIA POIECC Ha YPOBHE JOKYMEHTa U YCOBEp-
IMIEHCTBOBATD €0 JIJIsl TeM, ObLIO IIPEJJIOYKEHO CKPBITOEe pacupejesienne [lu-
puxie (latent Dirichlet allocation, LDA) [9].

Cnemyer ormeTuThb, 4TO MOjesb pLSA  jrlerko mepeobydaercst u3-
3a HEeOOXOIMMOCTH HACTPAWBATH OOJIBIIIOE UNCJIO ITapaMeTpoB. PereHnn-
eM JaHHOU mpobJjieMbl MOXKET CTaTh HeboJbIlas MomuduKalus E-mmara



EM-anropurma (Tempered EM) [8], koropasi Takzke MO3BOJISIET YCKOPHUTH
obyteHne MOIeIN.

Jpyrast TpyIHOCTD 3aK/II09aeTCs B TOM, YTO ajJI'OPUTM HE pase/isieT Te-
MaTudeckne u (GPOHOBBIE KOMIIOHEHTBI CMECH TEM, HE YUUTHIBAET MOJAIbHO-
CTH JIAHHBIX (ABTODbI, TE€rW, KAPTUHKM, CChUIKK u T.1.). Kpome Toro, mo-
nenb pLSA He mo3BoJIsIeT yupaBsaaTh paspeskenHocThio. JeiicTBuTensno, ec-
JI B HavaJsie paboTsl aaroputMa ¢, = 0 mm 0y = 0, To 1 nocIe 3aBepIIeHns
paboThl aJIrOPUTMa 3HAYEHUSI STUX MApAMETPOB OcTaHeTcs paBHbIM (. DTn
npoBJIeMbl MOT'YT ObITH PEIEeHbI ¢ TIOMOINBIO peryispusanyun Mojgean pLSA,
npejicTaBjaeHHoit B oomeM moaxoge ARTM, KoToperit 6yaeT onucan HUKe.

2.2. Moaeas LDA

Jlarentnoe pasmemienne dupuxie (latent Dirichlet allocation, LDA) [9] —
IIUPOKO U3BECTHAS TeHEPATUBHAS BEPOSITHOCTHAS TeMATHIECKast MOJIEJIb JIJIsT
JCKPETHBIX JJAHHBIX, B 9aCTHOCTU T€KCTOB. 110706HbIi 110X0/1] ¢X0K ¢ pLSA
¢ Toit pasuueii, uro B LDA HaK/1a/1bIBalOTCs JIOMOJHUTEIbHBIE OIDAHUYEHNUST
Ha BUJ pacupenesenuit ¢y ~ Dir(5) u 04 ~ Dir(a). 910 npuBoauT K pas-
amaHbIM Mozudukanusim M-mara. Camasi pocrast U IOMyJIsipDHAsT U3 HUX
CJIE Iy IOIIAsE:
Gwt X Nt + Pus  Ora X Nyg + Qs

9TO COBIAJAET C peryssipuzaropoM criaaxkusanus (4) B mogxogze ARTM. B
pesyJsbTaTe mosydaercs 6osee 3(ppeKTUBHAS MOJAE/b, YTO IOATBEPXKIACTCS
VCIHEINTHBIM IPUMEHEHHEM B 3aJadax KJacCupUKaIuu U KOJ1abopaTuBHOM
duabTpaImm.

2.3. IToaxon ARTM

Pacnpenenenust ¢, u 0yq, monydenubie Mojeabio pLSA, cirabo pasperKeHsl,
9TO HEXKEJATEJHHO Ha MPAKTUKE. XOTEJOCh Obl, YTOOBI B MOMEIN KaXKJIbIi
JMOKYMEHT d TIPEJICTABJISAJICST HEDOJBIITUM YUCJIOM TeM t ¢ OOJbIIUMU BEpo-
srHOCTsIME P(t|d) 1 Kaxkaast TeMa ¢ coCcTosia U3 HEOOJIBIIOrO YUCJIa CJIOB C
BbICOKUMHE BepositHocTsiMU p(w|t). Takast crparerust MOBBIIAET HHTEPIIPETH-
PYeMOCTh MOJIENH, 0becrieunBaeT 60Jiee KOMITAKTHOE TIPEICTABICHNE TAHHBIX.
OpHako HUYTO B MojeupoBannu pLSA He moompsieT Takoil MexaHu3M 00y-
gerust. B mocienee BpeMst TPEANPUHIMAIOCH HEMAJIO TOTBITOK TTOCTPOUTH
boJiee paspekeHHbIe paclpeesieHnsi. PaccMOTpUM OMH U3 TPEJIOKEHHBIX
[OJIXOJIOB — AJINTUBHYIO PEryJIsIPU3AIMIo TeMaTnaeckux mosesneii (additive
regularization for topic modeling, ARTM) [10].
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OcnoBHas uaess ARTM 3akiogaercss B TOM, 9YTOOBI 00ECIIEYNTH MMOKUA
criocob 0baBjIeHNsT HEKOTOPOH IOMOJTHUTEIbHON HHMOpMAuu 0O 3ajade K
onTuMusupyemoii dpyukimn npasgonoaobust (1). demaercs 910 ¢ mOMONIBIO
B3BEIIIEHHO! CyMMBI KPUTEPUEB perysspusanun R;:

R(®,0) = Z 7iRi(®,0), L(®,0)+ R(®,0) — mas, (2)

rae 7; > 0 — Ko3pDUIUEHTHI PEryIsapU3alil, PEryJIUPYIOT CUIy deificTBUs
peryJisipu3aTopa U HaCTPAUBAIOTCS SKCIIEPUMEHTAIBLHO.

Jist obyuennst TeMaTudeckoit mMojenn npumensiercss EM-agropurm. Ha
E-mare, kak u B mozenu pLSA, onenusaerca mo dopmyie Bailieca Bepost-
HOCTh P(t|d, w) 1 BBIpAXKAETCH Nygyy — TUCIO TPOEK, B KOTOPBIX TEPM W J10-
KyMeHTa d CBsI3aH C TeMOoii t:

wtd
i = map(td ), pltld,w) = <o

Bsenem omepaTop norm, KOTOPBI MpeobpasyeT IPOM3BOIBHBIN BEK-
TOp (Z;)ic] B BEKTOP BEPOSITHOCTEN JIMCKPETHOI'O PACIIPEJICJIEHHUSI:

max(0, z;) ,
norm(x;) = ———— cex 1 €1
iel (:) > max(0, z;)’ LI BECE ’
jel

ecam x; < 0 jyist Beex @ € I, To norm(x) = 0.
Jnsa pemenns cpoOpMyIMPOBAHHON 3aJa49l MHOIOKPUTEPUAJIBLHON OITH-
musarmu (2) gocrarouno moauduimposarh M-mmar:

OR OR
= norm | ny: + —— |, Oy =norm | nyg + Og=—— 3
¢wt werW wt ¢wt P ¢wt td ppacs td td 89td ( )
Nwt = Z Ntdw, Ttd = Z Ntdw,
deD wed

riae R(®,0) — menpepoiBHO Juddepeniupyemast HyHKIHs.

Paszyinunble peryiasipus3aTopbl [MO3BOJIAIOT HE TOJBKO PaspeKUBaThb pac-
npejiejieHud, HO U IIOBBINMIATH COTVIaCOBAHHOCTDb, PA3JIMIYHOCTL TEM, OT6I/IpaT])
TeMbI, JOKYMEHTHI U TEPMbI, CIJIAXKUBATL PACIPeIesIeHNs, €CJIU 9TO Heo0-
XOJIMMO, BBIITOJIHATH TEMaTHIECKYI0 CErMEHTAIINIO, CTPOUTh UEPAPXUIECKHE
Mozaenu u T.7. Iomaxon ARTM naeT BO3MOXKHOCTH KOMOMHUPOBATHL CAMOCTO-
ATeJIbHbIE MOJEJIN B OJIHY OOIIYIO MOIEJb IIyTeM IipeobpasoBanusi M-1mara.
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B mannoit crarbe paccMaTrpuBaeTCs MUHAMAJIBHBIN HAOOD Pery/isipu3aTopoB,
KOTOPLIi MOKpbIBaeT TpeboBanus OOILIIMHCTBA, 381a9 TEMATHIECKOIO MOJIE-
JIMPOBAHMUST: PETY/ISIPU3ATOPDI CIVIaYKUBAHUS, PA3PEKUBAHNSA U JIEKOPPEIIPO-
BaHUI.

Paspexxupaomuii u CIVIayKUBAIONUI  PEryJIIpU3aTOPbl  IIPEIIIoIara-
0T, 9YTO MOJeJbHbIE pacupenenlennss ¢; u Oy OIU3KH 10 JUBEp-
reanun  Kynpbaka-Jleiibiepa K HEKOTOPBIM 3aaHHBIM —PaCIpeIe/IeHH-

a3 = (Bw)weW no= (at)t€T~

o PazpexkuBaromuit peryasgpuzaTop:

R(®,0) ==} > Bulndur—ao} D arlnf — max.

teT weW deD teT

ITo dopmynam (3) Bbipazkenue jyist M-11ara 3aucbBAETCs CJ1e 1Y FOIIIM
obpazom:

Guwt = Izluoervll]/n(nwt - Boﬁw), Ot = Ht%rjm(ntd - Oéoat)-

o CryiaXXuBaoImuii peryaspu3aTop:

R(‘I),@) :BOZ Z 5w1n¢wt+0é022atln0td —)Igaé(

teT weW deD teT

[Tpumenenne dhopmyr (3) maer Toke BbIpaxkenue Jyisi M-mmara, 9To n
caMag mpocTtas Mogudukanusa mogean LDA:

Guwt = Iboervgl(nwt + Boﬂw), Ora = norm (ntd + 0400%), (4)

€cJIM B KaveCTBe BEKTOPOB THUIEPIAPAMETPOB B3STh JUCKPETHBIE pac-
npeneaeHust o U 3, yMHOYKeHHbIe Ha KO3(DQPUIMEHTHI PEryIspu3allin:

(BoBuw)wew, (coou)ier.

e Jlexoppesnusa TeM KaK MUHAMA3aIldsl KOBapHAIldii MEXKIy CTOJIOIa-
MH ¢y U ¢pg MaTPUIBI D:

R((I)) = _TZ Z Z ¢wt¢ws — mg'X,

teT seT\t weW

e 7 > 0 — ko3duImeHT peryasspusaiun.

12



Dopmysbl (3) M-mara B JAaHHOM CJlydae MPUHUMAIOT BHI:

$wt = DOIM <nwt —Tut Y ¢ws)-

seT\t

Jexoppenupyonuit perysipu3aTop CTPEMUTC YMEHBIIUTh [epecede-
HUE MEXK/y PaCIpEeIeSTeHUTIMHI CJIOB 110 TeMaM (g, 9TO IOBBIIIAET Pa3-
JUYHOCTB TEM, YTO HOJIOXKHUTEIBLHO BJIHSAET HA HHTEPIPETHPYEMOCTD
mozenu [11].

3. Ilonnbrii HaOOP TEM

ITocTpoeHne BEpOSATHOCTHONW TEMaTHUYIECKON MOJIE/N SABJISETCsT HEKOPPEKTHO
ITOCTABJIEHHON 3a/1a9eil CTOXaCTHIECKOr0 MaTPUIHOTO Pas3yioKeHus . MHoxKe-
CTBO €e pelieHuii B obeM ciiydae 0eCKOHEYHO:

F ~ ®0 = (05)(S710),

rie S — Mpou3BOJIbHAS HEBBIPOXKJIEHHAS MATPUIlA, DU YCJIOBUU, UTO MAaT-
puter (©9), (S710) croxacrmeckue.

Kaxkprit pa3 Moje/ib HAXOMUT JOKAJIBHBIH 9KCTPEMYM, MOITOMY HeJIb-
351 TAPAHTUPOBaTh, YTO OBLIM HaieHbI BCce TeMbl Kopiyca. OJHAKO B 9TOM
IPOCTPAHCTBE MOYXKHO MOCTPOUTHL 0A3UMC BEKTOPOB TE€M TEMATHYECKUX MOJIE-
JIeH ¢y, COCTOAMMI U3 JIMHEHHO HE3ABUCUMBIX, XOPOIITO WHTEPIPETUPYEMbIX
TeM.

3.1. AaropuTM mOCTpPOEHHUS MOJIHOrO Habopa Tem

U3 meycroitaumBocTu TeM ciemyeT pobJieMa MOJHOTH Habopa TeM, HafileH-
HOT'O TEMaTHYeCKOI MOJIeJIblo. BO3HUKAIOT CJIeyoIue BOIIPOCHL:

° ,HefICTBI/ITGJH)HO JID T€Mbl HOBBIEC MJIN 3TO KOM6I/IH&HI/II/I OpeablLAy X,

® MOKHO JIM HAWTH BCe TEMBbI KOPILyCa, CKOJIbKO MOJesell A1 9TOTO Hy K-
HO TIOCTPOUTb.

Jljisi 0TBETOB Ha 5TH BOMPOCHI PACCMOTPUM aJrOPUTM IMOCTPOEHUs Oa-
3uca TeM MOjeJeil, OTJIMYAIONXCsl HHuInan3anueii. Bece onucannbie BbIine
mozenn — pLSA, ARTM u LDA — maxoasiT TeMbl B IIPOCTPAHCTBE pacipeie-
JieHn HaJj, cioBamu. KaxKjioe Takoe paclpeiesieHne MOYKHO pacCMaTpUBAThH
Kak TouKy B egunudHoM (|W| — 1)-cumiutekce cioB A.
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Oupepnenienne. Muoowcecmeo V- = {vy,..., vy} C A — 6asuc mem mmo-

orcecmea mampuy, memamudeckur modeset ®q,..., P, C A, ecau Vo € @;
BUIMONHACTCA:
min p(¢,v) <, (5)
vEconvV

m
coan:{U:Zaivl-’wEV, Z%‘:l, aiZO},
i=1 i

2de p(¢,v) — Pynruua paccmosnu.

s olpeaeJsjiecHus  cjaeayer, YTO bazuc V cocrour wus BEKTOPOB

TeM ¢ € ®;, j=1,n, JIa KOTOPBHIX e]nainv,o(gzﬁ,v) > &, UMEHHO OHU JIW-
veeconv

HellHO He3aBHCHMBI. Kpome Toro, perenne KaxXI0i#l OTIEIbHONW TeMaThde-
CKOI MOJIEJIN JIOKAJBHO OINTHUMAJIBHO, 8 3HAYUT €r0 MOXKHO Y/IYUIIUTh C I0-
MOIIBIO 3aMEHbl T€M Ha OJIM3KHE MM B CJIydae IMOBBIIMICHUS ITPABJIONO/I0-
6us (log-likelihood). Ha sToMm u ocHOBaH mpejyiaraeMblii »Ka HbIA aJrOPUTM
JIJIsT HAXOXKJIEHUS Da3nca TeM.

AJITOPUTM COCTOUT M3 UepeioBaHmst ABYX 3Tanos. Ha mepBom sTarme mpo-
HCXOJUT 3aMeHa TeM C IeJIbI0 PACIIUPEHUs UMEIONIEHCsl CUCTEMBI BEKTOPOB
TeM U MaKCHUMHU3AIUU [TPaBI0ONoA00ust. AJITOPUTM UTepaTUBHBIA, HA KarXK 0
UTEpaIuu JJjist TeM Habopa HAXOSATCS CXOXKHE ¢ HEKOTOPBIM OPOT'OM 7 U BbI-
MOJIHSIETCSl 3aMeHa, €CJIM OHA YJIydIlaeT IIPaBJIoNojo0ue Bcero Habopa TeMm.
Ha BropoMm sTalie mpoucxouT MOUCK TeMBbI Jijist J1o0aBjeHus B HAOOD:

® BKJIIOYAIOTCS JIMTHENHO HE3aBUCUMBbBIE TEMDI;

® HCKJIIOYAIOTCsT BBIOPOCH! (BBIOPOCAMH CUUTAJINCH TEMBI, KOTOPBIE MMe-
10T Gosiee jiByx Koabbuimentos «; > 0.15 B (5), uro coorBeTCTBOBAIO
HECOTJTACOBAHHBIM TeMaM, 3aBUCUMBIM HEJIMHEHHO OT TeM TOJTHOTO Ha-
6opa);

e BBLIOMpAETCs TeMa, MAKCUMAaJbHO ITOBBINIAIONIASA IPaBIoIoa00ne Habo-
pa TeM.

Takum 06pazoM, MBI JIOTIOJTHSAEM JIMHEHHO HE3aBUCUMYIO CUCTEMY BEKTOPOB
0 6asnca. OmmcaHHbIe MIATH TOBTOPSIIOTCS JI0 CXOAUMOCTH. Tak Kak aJ-
FOPUTM MTEPATUBHBIA, TO MOCE TOTO, KAK AJIOPUTM COIIEJICS, HY?KHO BbI-
HOJTHUTH [IPOIE/LyPY 3aMeHbl OJIM3KUX TeM, UCIOJIb3Ysl 00yIeHHbIe MOJIEN B
00paTHOM TOPSIJIKE.
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st pemenusi onTUMU3AIMOHHON 3ajadn  (5) HCIOJB30BAJICS AJTO-
purm SLSQP (Sequential Least SQuares Programming) [12], koropslii pe-
aJIM30BaH BO MHOIUX IOIYJISIPHBIX MaTEMAaTHIECCKUX [AKETaX, B TOM YHCJIE
u SciPy.

B pesynbprare sKcriepuMeHTOB OBLIO YCTAHOBJIEHO, YTO BCE TEMBI KOPITyCa
MOXKHO HaliTH 38 KOHEYHOE UUCJIO0 UTEPAIUI aJITOPUTMa, TOCTPOEHUST BBIITYK-
JIOI 0OOJIOUKM TeM TeMaTUYecKux Mmojeseil. PerysispusaTop jieKoppestsanuu,
[pUMeHsieMblit Tpu ocTpoernn Mojeseit ARTM, criocobeTByeT HaxXoXK IeHUIO
foJiee MEeJIKUX TE€M, ITI03TOMY B IIOJTHOM HADOPE COMEPKUTCs DOJIBIE TEM, IeM
B 6asuce momesteit LDA. Ha puc. 1, puc. 2 BuHO, 9TO HIpaBIOIOA00Ue I0JI-
HOTO HAOOpa TEM BBIIE, YeM OJIHOW MOJE/N C AHAJOTUYHBIM YUCJIOM TEM.
3aMeUeHO, UYTO YUCJIO TeM B IMOJTHOM HAOOpe 3aBUCHT OT CTEIEHU Pa3PerKeH-
vHoctu MmaTpull ®. Basuc Gosee pasperKeHHBIX MOIeIel COAEPKUT OOJIBIe
TEM.

4. dMnupudecKue pe3yabTaThbl

B srom paszmesie Mbl puBOAUM pe3y/IbTATHI PAOOTHI AJITOPUTMOB HA Peajib-
HBIX JTaHHBIX KOJIJIEKITIHI HOCTHayKal. Komnekmus ITocrHayka — me6osnb-
0¥ KopIryc TekcToB nnrepHer-kypuaJja [loctHayka, cocrosiuit u3 HayaHo-
MIOIYJIIPHBIX CTaTeil 0 coBpeMeHHO# dyHIaMeHTAJILHON HayKe U YIEHBIX, KO-
TOpBIE €€ CO3/IAI0T.

B skcrnepumMenTax, ONMMCAHHBIX HUYKE, MCIIOJB30BAJIMCH TETH K JIOKYMEH-
Tam kosutekiuu [loctHayka, pasmedenubie sxcriepramu. Beero 66110 930 Te-
OB, KOTOpbIe 0003HAYa N ODOIINe U YaCTHBIE TOHATHUsI, HAIIPUMED, ONOJIOTHs,
KJIETKA, 9BOJIIOIMOHHAsT OMOJIOT U, Te€H, 9YKAPUOTHI, KBaHTOBas (pusuka, Poc-
cust, JejoBeK U T.n. KaxKaplil JOKyYMEHT B CpeIHeM OIHUCHIBAJICA 6 Teramm.
Jlanmbie 66U CJIyYaiiHO pa31eseHbl Ha 00YYAIONLyI0 U KOHTPOJILHYIO BEIOOD-
ku B ornomenun 80% k 20%.

4.1. MoaeaupoBaHue JTOKYyMEHTOB

Jlnst moctpoenust mosHoro Habopa paccMmarpubasuch mogenn LDA Gibbs

sampling 1 ARTM ¢ 20 Temamu. LDA? ¢ napamerpamu 7 = 0.01, a = %

obyuanack 3500 mrepamnmuit. [Ipu nocrpoennn momeneit ARTM mcnonnzoBa-
JIACh CJIeJIyIONasl CTPAaTErnusl Perysspu3aluu: cHadaJa BKJIOYaJICs JeKoppe-

JUPYIOMNI PETYSIPU3aTOP JI0 CXOMMMOCTH MO/IEIN O EPIJIEKCUN, 3aTEM OH

"https://postnauka.ru/
2https://github.com/lda-project/lda
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OTKJIIOYAJICSI, ¥ IPUMEHSIIUCH PEryJIsipu3aTOpbl pa3peKUBaHusa MATPUIL O
u criaxkupanust marpuibl ©. Bo Beex ciydasix marpunpsl O, ¢ — ciryuaiiabie
croxacrudeckre Marpunnl. Momenu ARTM crpoumiuchk ¢ noMoriso 6ub/imo-
tekn BigARTM?.

4.2. IlonHoTa 1 MHTEPNPETUPYEMOCTh TEMATUYECKUX MO/IeJieit

TemaTuueckue MOIEIN HAXOIAT JIOKAJIBHO SKCTPEMAJIBHOE PellleHrne, KOTOPOoe
He SIBJIAETCA MOJTHBIM. [[pr 9TOM Ha IpaKTUKe YacTO BO3HUKAET 33189 HANTH
Bce TeMbl Kopityca. Jljisi perenust JaHHOM 329U B CTATHE OBbLI IIPEJJIOKEH
aJITOPUTM HAXOXKJIEHUsT OA3UCA TEM.

B Tabu1. 3, Tabs. 4 npuBOaATCA HEKOTOPBIE TEMBI, HANIEHHBIE C TIOMOIIIBIO
aJITOPUTMa TIOCTPOEHUSI IMOJTHOTO HAbOpa TeM. AJITOPUTM MPUMEHSIICS ISt
mogesteit LDA u ARTM. Ilponecc HakomeHust TeM 6a3uca MpOULIIOCTPUPO-
BaH Ha puc. 1 u puc. 2. Ha rpadukax BumHO, 9T0 HpaBonogobue dazuca
TeM BBIIIE, €M IPaBIOIoaobme oaHoi Momenn. KpoMe Toro, OBLIO TpoBeIe-
HO CpaBHEHME OJIHOM MOJIe/ i U Oa3uca TeM I10 JIOMOJHUTETbHBIM KPUTEPUIM
KadecTBa TeMarndeckux mogeseii (cm. tabi. 1, rabi. 2): kpurepuio P. Apy-
Ha [13], koreperTHOCTH (aBTOMATHYECKOI MepbI HHTEpIpeTUpyeMocTh) 14| u
kpurepuio [{ao Xyana [15]. Ha o6yuenun nosubiii Habop tem mozeseit LDA
JIy4Ille 1I0 BCEM KPHUTEpUsM, 9eM OJHa MOIejb. Ha KOHTpoJe yXyJlleHue
TOJIBKO 110 KorepeHTHOCTH. basuc mopeneit ARTM wummeer GoJiee BbICOKOE
IpaBIoIIo[00ne Ha 00yYEeHUN U KOHTPOJIE, 9€M OTHA MOJIEb.

[Monusrit Habop Tem ARTM moszBossier 6oJtee Mo IpoOHO OMHMCATEH KOPITYC,
geM 6asuc mozeneii LDA. Hampumep, TeMa 0 reHeruke B IIOJHOM Habope
mogesteii LDA comepzkuT TepMbl OMOJIOTHsI, T€H, IHK, P€HETHKA, a y MOZIe-
sgeii ARTM — wmoJsiekysisipHasi OHOJIOTHUsI, KJIETOUHAs OMOJIOrUsI, NeHETUKA,
rerHas umxkerepusi. Ogaako He Bce TeMbl ARTM corytacoBanHble, gazke B TO-
e COIEPKATCST CJIOBA, HE OTHOCSIINECS K JAHHOU Teme, HAllpUMep, PyCcCKast
dumocodust, bakrepun, HAPOAHAS KYyJIbTypa, Pych. Eme omun mHemocTaToK
6azuca ARTM szakjrouaercst B TOM, YTO MOT'YT ObITH TEMBI, KOTOPAasi HE BbI-
JIeJINJIACH B OTIEJIbHBIE, 8 OBLIN Pa3MBITHI 10 HECKOJIBKIM TeMaM Da3uca. DTh
HEJIOCTATKU MOXKHO HUCIPABUTH C MOMOIIBIO JAJBHEHIIEH PeryIsspu3allin.

B skcmepumenTax OBIJIO ITOCTPOEHO JBa IIOJHBIX HabOpa TeM MOoje-
seit LDA. B niepBom citydae MozeIn Cjie0Bad B IPSIMOM IOPSIIKE, BO BTO-
pom — B obparHOM. Tembl 6a3MCOB COOTHOCUJIUCH MEXKy CODO# C TIOMOIIBIO
BEHIE€PCKOI'O aJINOPUTMa. TeMbI COBITAIN C BBICOKOI TOUHOCTHIO. OIHAKO OJI-
HA TeMa B IepBOM Oasuce ObLja pasJe/ieHa Ha JBe BO BTOPOM: aCTPOHOMUS,

3https://github.com/bigartm /bigartm
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acTpodn3nKa, KOCMOJIOTHS, IPABATAIIASA Ha aCTPOHOMUIO, KOCMOC U (DUBUKY,
acrpodusuky. basuc mozmeneit ARTM Toxke paszessier 9T JIBe TEMBbI.

Ha puc. 3 u puc. 4 uzobpazkens! mwiockue npoexiun® 6azucos ARTM n
LDA. Bunno, aro B 6asuce mopeneit LDA Bce TeMbl KpyIIHBIE U pa3ieiv-
JINCh HA CJIEJYIOIIe KJlacTepbl: 6uosorus, GU3NKa, XUMUS, JTUHIBUCTUKA,
9KOHOMMUKA, TICUXOJIOTHSI, MaTEMATUKa, UCTOPHs, dpuytocodusi, KyJIbTypa, Co-
rmoJtorusi. B momrom mHabope Tem ARTM comepakaTcst Kak KpPYITHBIE TEMBI,
TaK U MeJIKUe, HallpUMeDP, pycckas (puiocodust, CyTOITPON3BOICTBO U UCKYC-
CTBOBEJIEHUE.

Kpurepun Ha o6y4uenun Ha xonTpoJie

Opna mozens | Basuc rem | Omna mojens | Basuc Tem
[leprutexcust 13132.6 12227.45 | 12835.1 12534.36
Kpurepuii Apyna | 52.15 56.90 9.95 12.96
KorepenTnocTn -7.89 -9.01 -13.50 -12.75
Kpurepnit Xyana | 0.01 0.02 0.01 0.02

Tabumma 1. CpaBaenue pesyibraros padborsl oguoil momesn ARTM ¢ 24 te-
Mamu (6paJioch cpejiHee 3HAYECHNUE T10 MSITH MOJIECJISIM) U [OJTHOTO Habopa TeM
ARTM. Mogenmn nabopa comepxkaju 20 Tem, B pe3yabraTe paboThl ajJropuT-
Ma 0110 0TOOpano 24 Tembl. 2KUPHBIM BBIIEIEHBI ONTUMAJILHBIE 3HATCHUST
B CPaBHEHWH.

Kpurepun Ha oby4uenun Ha xonTpoJie

Onna mouens | Basuc rem | Oana monens | Basuc rem
[Teprnekcust 37.36 36.39 44.91 43.55
Kpurepuit Apyna | 100.93 95.18 31.84 28.88
KorepenTnoctnb -3.01 -2.91 -5.70 -6.44
Kpurepnit Xyana | 0.07 0.06 0.07 0.06

Tabnuma 2. CpaBHeHre pe3yabTaToB paboThl oHON Mojenn LDA ¢ 23 Temamu
(6paJsiock cpejiHee 3HAUEHHME 110 TISITH MO/IeIsIM) U 110JHOro Habopa Tem LDA
¢ npumenennem Gibbs sampling.

“https://github.com/bmabey /pyLDAvis
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Puc. 3. Tlnockas mpoexnust mosrHoro Habopa tem mojeseir ARTM,
IOCTPOEHHOTo Ha Terax Kojuteknnu [loctHayka.

16

a7 1

Puc. 4. [lnockast npoexiust moHOro Habopa Tem mogeseit LDA,
IocTpoeHHoro Ha terax koJseknuu I[ToctHayxka.
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Basuc Tem, mosryueHnnsiiit B mopsiake

{®:}0_x

Baszuc Tem, mosyueHHblil B IOPSIIKe

{1,

HACTOPHUA, KYJIbTypa, PEJIUTUS, XPU-
CTHAHCTBO, BOCTOKOBeJEHHE, KUTa,
ncaaM

UCTOPHsI, KyJIbTypa, PEJIUTus, XPU-
CTHAHCTBO, BOCTOKOBE/IEHIEe, NCJIaM,
apxeoJIoTud

KyJIBTYpa, OOIIECTBO, KYyJIBTYPOJIO-
TUsl, MAacCoBasl KyJbTypa, (PUI0CO-
dusi, KHHO, UCKYCCTBO

KYJIbTYypa, KYJILTYPOJIOTUs, MacCO-
Basl KyJbTypa, dumocodus, KUHO,
00ITIeCTBO, UCKYCCTBO

OuoJiorusi, TeH, JTHK, T€HOM, KJIeTKA,

OuoJiorusi, reH, JIHK, TeHOM, TeHEeTHU-

I'eHeTuka, MI/IKpO6I/IOJIOFI/IH Ka, KJIeTKa, OeIKn

dusnka, KBaHTOBasi (pusmka, Tex- | PUIUKA, KBaHTOBAsI duznka,
HOJIOTHM, aTOM, KBAHTOBasl MEXaHU- | TEXHOJOIUM, OITHKA, KBAHTOBBIE
Ka, CBEPXIIPOBOJINUMOCTL, KBaAaHTOBbBIE TEXHOJIOTUMU, KBaHTOBasd MeEXaHHKa,
TEXHOJIOIU CBEPXIIPOBOIUMOCTD

MeIuIMHa, OWOJIOTHsI, TEeHETUKa, | MEIUIMHA, OHOJOTUs, TIEeHETUKA,
OmoMeUIIHa, OHKOJIOIUsI, KJEeTKa, | OMOMeIuIInHa, OHKOJIOTHSI, KJIETKA,
TEeXHOJIOI'nn CTBOJIOBBIE KJIETKHN

Tabauna 3. CpaBHeHHe IBYX IIOJHBIX HAOOpOB TeM Mojesieit LDA | mocTpoen-
HBIX Ha Terax Kosutekimu [loctHayka. B mepsom ciydae Mojenu ciemoBain
B 00OpATHOM IOPSIJIKE, BO BTOPOM — B IIPSIMOM.

5. 3akJrroueHue

ﬂaHHaH pa60Ta IIOCBAIIECHA U3YyY€HUIO BOIIPOCa ITOJIHOTBI TEMATUYICCKHUX MO-
nesteit. IIpoBemen cpapHUTENbHBIA aHaan3 momeeil pLSA, LDA u mome-
Jsteit mogxoma ARTM 110 kpurepusiM, CBSI3aHHBIM C UCCJIEIYEMOIl TTPODJIEMOIA.
Bo Bcex Mozensix TOJIBKO YacTh TeM OKasajach ycroiunpoit. Ilokazano, 1aTo
JEKOPPEIUPYIOMMI PEry/Isipu3aTop yXYAIIAaeT YCTONIMBOCTh MOJIEN U CIIO-
cOOCTBYeT HAXO0XKJICHHUIO 00JIee MEJIKUX TEM.

HeycroitunBocTh TeMaTUIeCKuX MOJIe/Iel sABISIETCS U3BECTHBIM (DaKTOM,
OJIHAKO CBA3aHHAas C Hell mpobjieMa MOJHOTHI J0 CHX IIOp B JINTEPAType He
nsydaJsiach. Jljist pereHust 3Toil 3aJa9u B CTAThe IPEII0XKEH HOBBIM aJIro-
PUTM HaXOXKJIEHUsI IIOJTHOTO HabOpa TeM, OCHOBAHHBIN Ha TOCTPOEHUN BBIILY K-
JIOM 0D0JIOUKHU BEKTOPOB TEM TEMATHUYIECKUX MOJIEeH, OTIMYIAIOIINXCS TOJTBKO
uHAnrar3anueii MaTpuibl ®. AJropuTM COCTOUT U3 ABYX IPOILEAYP — 3a-
MEHBI OJIM3KMX TeM M J00aBJIEHUs] HOBOH TEMbI — KOTOPbBIE BBIIOJIHSIIOTCS
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Basuc Tem, mosrydennsiii B mopsake

{2},

Baszuc Tem, mosyueHnblit B MOPsIKe

{30y

HUCTOpHsl, KyJIbTypa, PEeJIUTusi, Xpu-
CTHAHCTBO, BOCTOKOBEJIEHUE, UCIIaM,
apXeoJIoTns

UCTOPHUsI HAyKH, UCTOPUSI, PUMCKOe
IIpaBo, NIPaBO, PEJUTrHUsd, UCTOPUS

IIpaBa, COIMOJIOTHSI IIpaBa

KYJIbTYypa, KYJIbTYPOJIOTUs, MAaCCO-
Bas KyJbTypa, dumocodus, KUHO,
00ITeCTBO, UCKYCCTBO

KYyJbTypa, MaccoBasg KYJIbTypa,
KYJIBTYPOJIOTHSI, KWHO, HCKYCCTBO,

KuHeMaTorpad, dppeiis 3urMmyHI

6uoJiorusi, rel, JHK, PeHOM, PeHeTH-
Ka, KJIETKa, OEJIKI

MOJIEKYJISIPHAs OWOJIOTHUsI, KJITOU-
Hast 6uoJIorusi, OMOJIOTUsl, TEHETUKA,
PeHHasl MHXKEeHepUsl, TeH, JTHK

dusnka, KBaHTOBasi (PU3NKA, TEXHO-
JIOTWH, OITHKA, KBAHTOBBIE TEXHO-
JIOTMH, KBAHTOBAsI MEXAHUKA, CBEPX-
MIPOBOJINMOCTbD

pycckasi punocodus, bakTepuu, Ha-
pOIiHasI KyJIbTypa, KOpPEHHbIE HApO-
JIBI, MEPTOH POOEPT, PYCh, JTOKa3a-
TeJIbHAST MEeJIUITUHA

MeJIUIIMHA, OHOJIOTHS, T'eHEeTUKA,
OuoMeUITNHA, OHKOJIOTHUSI, KJIETKA,

CTBOJIOBBIE KJIETKHA

ME/IUIINHA, CTBOJIOBBIE KJIETKHU, OMO-
Jiorusi, OMOMEIWITNHA, MOJIEKYJIsIp-
Hast OHOJIOTWS, WHJIYIIUPOBAHHbBIE
ILUTIOPUIIOTEHTHBIE CTBOJIOBBIE KJIET-
KU, PEreHepaTuBHAS MeIUIIHA

Tabnumna 4. Cpasaenne mosinoro Habopa Tem mogeneit LDA u mosmoro na-
6opa tem mogesieit ARTM, nmoctpoennbix Ha Terax xosuteknuu [ToctHayka.

10 OYepear J0 CXOANMOCTH ajropuTMma. TakmMm oOpasoM, HPOMCXOIUT IIPH-
OJIMKEHHOE JIONOJIHEHNE JIMHEHHO He3aBUCUMOM cucTeMbl 10 6asuca. Ilo mo-
CTPOEHHIO B 6a3uc H00aBJISIIOTCA TOJIBKO T€ HOBBIE TEMBI, B 0-OKPECTHOCTH
KOTOPBIX HET BBIMYKJIBIX KOMOUHAII TeM Oas3uca.

3aMevueHO, UTO YUCI0 TeM U CKOPOCTb CXOJUMOCTU AJTOPUTMA 3aBUCHT
oT crerienn paspexkernnoctu marpuil ®. Bazuc 6osiee pazpexkeHHBIX MOjIeIel
cogiepkuT 6ostbitie TeMm. Cambrit MajieHbKui 6a3uc y mogeseit LDA. Ou comep-
KUT Hanbojiee KPYIHBIE U OOIHe TeMbI, YTO MOYKHO HAOIIOIATD Ha ILIOCKOIM
upoeknun 6asuca LDA.

[Ipasonoobue 6azuca Mojiesieil BBIIE, YeM OJIHON MOJIEN C aHAJIOTHY-
HBIM YUCJIOM TeM, Ha 0OydeHHN U KOHTpoJie. Kpome Toro, 6110 MPOBEIEHO
CpaBHEHUEe OJ[HOW MOJe/n 1 6a31ca TeM I10 JOTOTHUTEILHBIM KPUTEPUIM Ka-
YecTBa TEMATHIECKUX Mojeseit: kpureputo P. ApyHa, KOTepEeHTHOCTH U KPH-

21



repuio [{ao Xyana. Ha obyguernun mosubiit Habop Tem mogeneit LDA jydrine
10 BCEM KPUTEPHUIM, UeM OJIHa MOje/ib. Ha KOHTpoJIe yXy/llleHne TOJIbKO 110
KOI€PEHTHOCTH.

B skcmepuMmenTax Tak»ke OBLIO IIPOBEIEHO CpaBHEHNE IIOJHBIX HAOOpPOB
rem mojieieit LDA u ARTM. B 6asucax LDA, mocTpoeHHBIX B IIPSIMOM 1 00-
PATHOM IIOP$JIKE CJIEIOBAHUS MOJIEJIEN, TEMBI COBIIAJIH C BBICOKOW TOYHOCTHIO.
OpiHako ojiHa TeMa B IIepBoM Oasuce ObLIa pas3jieieHa Ha JIBE BO BTOPOM: acT-
pOHOMUSI, aCTPO(PU3UKA, KOCMOJIOTHs, TPABUTAIUS Ha ACTPOHOMHUIO, KOCMOC
n pusnky, acrpopusnky. bazuc mogenmett ARTM Takke pasmenui 3TH JBe
TEMBL.
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Building a complete set of topics of probabilistic topic models
Sukhareva A.V., Vorontsov K.V.

Interpretability, linear increase in complexity with data growth,
scalability made topic modeling one of the most popular tools for
statistical text analysis. However, there are a number of disadvantages
caused by the dependence of the solution on the initialization. It is
known that the building of a topic model is reduced to solving an ill-
posed problem of the non-negative matrix factorization. The set of its
solutions in the general case is infinite. Every time the model finds a
local extremum. Repeated training of the model for the same collection
can lead to detection of more and more new topics. In practice, it is
often necessary to define all the topics of the corpus. To solve this
problem, the article proposed and investigated a new algorithm for
finding the complete set of topics based on the construction of a convex
hull. It was shown experimentally that it is possible to construct a
basis for the finite number of models. The likelihood of the basis
is higher than for a single model with a similar number of topics.
Compare of the basis of LDA models (latent Dirichlet allocation) and
ARTM models (additive regularization for topic modeling) suggests
that the topics of the sets coincide with high accuracy.

Keywords: probabilistic topic modeling, stability of topic models,
complete set of topics of topic models, latent Dirichlet allocation, LDA,
regularization, ARTM, BigARTM.
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