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This paper presents a neural network model to improve sentiment classification in dynamically
updated text collections in natural language. As social networks are constantly updated by users there
is essential to take into account new jargons, crucial discussed topics while solving classification task.
Therefore neural network modelfor solutionthis problem is suggested along with supervised machine
learning method and unsupervised machine learning method all of them were used for sentiment
analysis. It was shown in the paper that the quality of text classification by sentiment is reduced
up to 15 % according to F-measure over one and a half year. Therefore the aim of the approach
is to minimise the decrease according toF-measure while classifying text collections that are spaced
over time. Experiments were made on sufficiently representative text collections, which were briefly
described in the paper.

Automatic sentiment classification is rather a topical subject. The great amount of information
contained in social networks is represented as text in natural language. Therefore it is requires
computational linguistics methods to proceed all this information. Over the about past ten years,
a lot of researcher worldwide were involved in the task of automatically extracting and analysing the
texts of social media. Moreover as one of the main tasks was consideredthe problem of sentiment
classification of texts in natural language.

Researches and experiments on automatic text classification show that the final results of
classification highly depend on the training text set and also the subjectare that the training collection
corresponds to. Great amount of projects centred onfeature engineering and the involvement of
additional data, such as externaltext collections (that do not overlap with the training collection)
or sentimentvocabulary. Additional information can reduce the reliance on the training collectionand
improve classification results. In order to successfully classify texts by sentiment, it is necessary
to havetagged by sentiment text collections. Moreover, in order to improve sentimentclassification
in dynamically updated text collections, it is necessary to have severalcollections identical by their
properties, compiled in different periods of time.

The prepared text collections formed the basis for training and test collections of Twitter posts used
to assess the sentiments of tweets towards a given subject at classifier competition at SentiRuEvalin
2015 and 2016. It was shown that the collections are complete and sufficiently representative

Previously author showsquite good results of the models builded on feature space for training
the classifier based on the training collection and is therefore highly dependent on the quality
andcompleteness of this collection. Describedabove, there are no semantic relationships between the
terms, and the addition of new terms leads to an increase in the dimension of feature vectorspace.
Another way to overcome the obsolescence of a lexicon is the use of thedistributed word representations
as features to train the classifier. So this paper was focused on distributed word representations.

In the basis of this approach is the concept of a distributed word representation and the Skip-gram
neural language model. External resources were used here. The distributed word representationspace
was built on an untagged collection of tweets gathered in 2013 that was many times largerthan the
automatically tagged training collection. It is important to mention that the length of thevector space
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was only 300 this is the first advantage of the approach. A second advantage of this approach is the
classification results: the difference between

Collection of 2013 and of 2015 years is 0.26 % according to F-measure.

In summary, proposed approached can reduce the deterioration of sentiment classification results
for collections staggered over time.

Key words: natural language processing, sentiment analysis, sentiment classification, machine
learning.
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B manmoit pabore ommcaH aJrOpuTM MOCTPOEHUS KJIACCH(PUKATOPA TEKCTOB IO TOHAJIBHOCTH, WC-
TTOJTBL3V IO TPOCTPAHCTBO PACIIPEIETEHHBIX TPEJCTABICHNN CJIOB N HEHPOHHYIO S3BIKOBYIO MOJIEND
Skip-gram. DKCIIepUMEHTAIBHO TOKA3aHO, UTO TOCTPOEHHAS MOJIETb KIACCH(PUKATOPA TEKCTOB MO-
KeT ObITh TepeHeceHa Ha KOJUIEKIINN, COOpaHHbIE B JIPYIOil BPEMEHHON MPOMEXKYTOK 0Oe3 moTepu
KadecTBa KJaacCuUKAINN.

Korouesbie ciioBa: anann3 TOHAIBHOCTH, KJIACCH(DUKAIMS TEKCTOB, MAITUHHOE 00ydeHme.

BBenenue. B ceru VlnTepHer colepKUTCsa OrpOMHOE KOJIMYECTBO TEKCTOBOH MHMOPMAIINH.
Boubmag gacth nHMoOpMaIUU MpejcTaBieHa B HECTPYKTYPHPOBAHHOM BHJIE HA €CTECTBEHHOM
SI3BIKE, UTO YCJIOKHsIET ee 00paboTKy. [IombITKM cTpyKTypupoBaTh HHMOPMAINIO U H3BJICYDL
U3 Hee 110Jb3Y MHTEPECHbl KaK KOMMEPUYECKOMY CEeKTOPY, TaK u uccjiegoBaressim. [losromy 3a
MOCJIE/IHHE HECKOJIBKO JIET YBeJUIHI0Ch KOJHIECTBO UCCIE0BAHN, MMOCBSIIEHHBIX JTUHTBUCTH-
JecKuM 3ajiadaM. Takzke BO3POC/IO YUC/I0 IPOrPAMMHBIX CUCTEM, KOTOPBIE U3BJIeKAIOT (DAKTHI 13
HECTPYKTYPUPOBAHHBIX MACCUBOB TEKCTOBON HHMOPMAINH, KJIACCUDHUIUPYIOT U KIACTEPUIUPY-
10T napopMmaImio. PaspadbarsiBaioTcst cHCTeMBI, HalleIeHHbIe KaK Ha aHaJIu3 CAMHX COODIIeHM
B CETH, TAK U Ha BBISIBJIEHUE UCTOYHUKOB PACIPOCTPaHsieMOil nHMOpMAIu 1 JIiePOB MHEHHUIA.
B nacrosiee Bpemsa 3ajiadeii aBTOMaTHYeCKOTO M3BJICYEHNS W aHAJJIN3a OT3bIBOB U MHEHHiT 13
COIMATIBHBIX MeIna 3aHUMAeTCs JTOCTATOYHO OOJIBIIOE KOJWYIECTBO YUEHBIX W HCCJeI0BaTe el
1o Bcemy Mupy. OIHOM U3 IMIABHBIX PeIIaeMbIX 3a/Ia4 paccMaTpUBaeTCs 3aa4a KIacCuDUKAIIH
TEKCTOB 110 TOHAJIBHOCTH.

Tema apromaruyeckoil kJjaccuduKanuy TEKCTOB 110 TOHAJLHOCTU akTyaJibHa B Poccuu un
3a pybOexkom. FkerosHo mpoBOSITCSI COPEBHOBAHUS CUCTEM U ITPOTPAMMHBIX KOMILIEKCOB 110
ABTOMATHYECKON KJIACCHPUKAIMN TeKCTOB M0 ToHaJIbHOCTH [1-§].

Knaccudukanusg TeKCTOBBIX JOKYMEHTOB 10 TOHAJLHOCTH Ha PA3HBIX YPOBHAX HCCJIEILYETCS
B TPYJAX POCCHMCKHUX U 3apyOeKHBIX ydeHbIX. Kitaccudukaius Ha yPOBHE BCETO TOKYMEHTA
IEJIMKOM OMHUCBIBaeTcst B padorax [9, 10]. UyTh mozxke KiaaccuduKaImMio Ha yPOBHE KOPOTKUX
¢dpa3 u BbIpakeHwuii, a He Ha YPOBHe ab3aleB WK IEJbIX J0KYMeHTOB, npoBojauaun Wilson,
Wiebe n Hoffmann [11]. Erme onun Bun k1accudukanmm TeKCTOB — 3T0 KaacCudUKANNsS OTHO-
CUTEJIbHO 33/IaHHOTO 00bekTa. B o/iHoM TekcTe MOKeT OBITH YIIOMAHYTO HECKOJIBKO CYIHOCTEH,
U aBTOP COODIIEHNA MOYXKET BBICKA3BIBATH PA3JIUYHbIE MHEHUSI OTHOCUTEILHO KazK A0 U3 yIOMSI-
HYTBIX CYITHOCTEi, MO3TOMY CTaja aKTyaJabHOU 3ajada aHaJIH3a TOHAJIBHOCTH IO OTHONIEHUIO
K 33JJaHHBIM O0'beKTaM, YIOMSIHYTBIM B TekcTe |2, 5, 7, 12-14].
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OHako, MPAKTUIECKH BCE UCCIEI0BAHUSA CBOIATCA K TIOCTPOCHNUIO U OIEHKE KJIACCHPUKATO-
POB Ha TEKCTOBBLIX KOJIJIEKIIUAX, COOPAHHBIX B OJUH BPEMEHHOI IIPOMEXKYTOK, He paccMaTpuBa-
I0TCH Ha TEKCTOBBIX KOJLIEKIINAX, COOPAHHBIX B pa3Hble BpeMeHHbIe HHTepBaJIbl. B 1ot padore
HPUBOJATCA AJITOPUTM U Pe3YIbTaThl pabOTHl KJIacCU(PHUKATOPA, KOTOPHIH ObLI 00yYeH Ha TeK-
cTOBOH KoJLIeKnuu, coopannoit B 2013 rojy, 1 HpOTeCTUPOBAHHBIN Ha KOJJIEKIIUAX, COOPAHHBIX
B 2014 u 2015 roxax. [Ipemoxken MeTo1 BbIIe/IeHIs IPU3HAKOB, OCHOBAHHBIH HA HEHIDOHHOI ce-
TH, KOTOPBIl TOKa3aJl CTabMIbHbIE PE3YIbTAThl Ha BCEX TEKCTOBBIX KOJLIEKIMSAX, PA3HECEHHBIX
BO BpeMeHH.

1. TekcroBbie KommeKmuu. VceeoBanus M0 aBTOMATHIECKON KIacCU(DUKAIITN TEKCTOB
MOKa3bIBAIOT, YTO PE3Y/IbTaThl KJAACCU(PUKAIMU, KAK IPABUJIO, 3aBUCAT OT 00yd4aloiieil TeKcTo-
BOIl BBIOOPKH ¥ IIPeIMETHONH 00/1acTH, K KOTOPOH OTHOCUTC 00ydvarolias KoJ/uieKiusg. Kiraccu-
CbI/IKaTOp MOZKET IOKa3bIBaTh OTJUYHBIC PE3YJIbTaThl HA O,HHOIU/I KOJIJICKITUN TEKCTOB U COBEP-
IIeHHO He CIPaBUTbCA C TAKOK zKe 3alladyeidl Ha JPYTOd KOJLJICKIIUU.

J11st KauecTBEHHOTO pellleHusT 331a4U1 KJIaCCH(PUKAIIUT TEKCTOB 110 TOHAJIBHOCTU HEOOXOIMMO
UMETb Pa3MEY€HHbIC KOJUICKIUU TEKCTOB. BOﬂee TOro, AJjid pelmeHud 3a/ia4n yJaydlleHnd KJjiac-
CI/ICbI/IKaL[I/II/I II0 TOHaJbHOCTH B AMHAMHUYCCKH O6HOBJIH€MBIX KOJIJIEKITUAX, HeO6XO,ZLI/IMO NMETH
HECKOJIBKO TEKCTOBBIX KOJLJIEKINIA, KOTOpble ObLIN cOOpaHbl B pa3Hbie BPEMEHHBIE MPOMEZXKYT-
KH.

Co6op 1mepBOToO KOpIyca TeKCTOB npoxoamt B gekadpe 2013 roma — despage 2014 roaa, jjis
KpaTKoCcTu OyaeM Ha3biBaTh ee Kosmeknueir 2013 roga. B cooTBercTBHEM ¢ MHCHMEHHBIM 000-
3HAYCHUEM 3MOI.[I/II71 6BIJI IpoOu3BeACH ITOUCK ITO3UTUBHO W HETaTHUBHO OKPaIlI€HHBIX COO6]l[eHI/II7L
Takum obpazom, n3 kosutekmun 2013 roma copMUpPOBAHO JBE KOJJIEKINN: KOJJIEKIUS 00~
JKATEJbHBIX TBUTOB M KOJUIEKIMA HEraTUBHBIX TBUTOB. HeliTpasbhnasa KoJuieKiusg Oblia cdop-
MHPOBaHa U3 COODIIEHUI HOBOCTHBIX U O(HUIUAIBHBIX aKKayHTOB twitter. C moMoImbio MeToa
[15] u mpeyoxkennoit asropom dbuibrpanun [16] u3 rekcros 2013 roxa Gelia chopMupoBaHa
obydJatolasi KOJIJIEKITHSI.

C6op BTOPOro KOPIIyCa, KOTOPBIH COCTOUT M3 OKOJI0 10 MHIIHOHOB KOPOTKHX COOOIIEHMIT,
npoxoui B utosie-aprycre 2014 roga. Tperuit kopiryc, cocrosiuit 13 0ko0/10 20 MJIH. COOOIEHUH,
ObLI cobpaH B uioJie u HosiOpe 2015 roja.

N3 tekcros 2014 u 2015 rr. copMupoBaHbI JBe TecToBbIe Kosuaeknun. Tekctol 2014 u 2015
I'0JI0OB HMOJIBEPIVINCH UJICHTUYHON pusibrpanuu, uro u obyvamonias kojuiekimsg 2013 roga. Pop-
MHPOBaHNE TECTOBBIX KOJLIEKITNI 110 KJIacCaM TOHAJBHOCTH MPOUCXO/IMI0 aHAJOTTIHO 00y daro-
meit KoJsutekimn. Pacnpeesienne KoandecTBa COODIMEHNH 110 KJaccaM TOHAJIbHOCTH B KOJLIEK-
UAX [pejcTaBaeHo B Taba. 1. Bee Tpu KoJieKnum SBJIAIOTCS HMPEJIMETHO HEe3aBUCHMBIMHU, TO
eCTh He OTHOCSATCS HI K KaKoil 3apaHee OIpeIe/IeHHOH IpeaIMeTHO! 001aCTH.

Panee B paborax |17, 18] aBropoMm 6bLI0 HOKA3aHO, YTO COOPAHHBIE KOJIJICKIIUK SIBJISIOTCS
IMOJIHBIMHA 1 JOCTATOYHO IpeACTaBUTE/IbHBIMU.

2. Ncnoap30BaHme pacnpeaesIeHHbIX ITPeJICTABJEHUNA CJIOB B KadeCcTBe NMpPU3HA-
kOB. B mpeapiaymnux paborax [19, 20| ObL10 HOKa3aHO, YTO €CJU MPOCTPAHCTBO MPU3HAKOB
JIsE 00y deHus KJIaccudHUKATOPa CTPOUTCA Ha OCHOBE 0OyUalomeil KOJJIEKIINH, TO Pe3yJIbTaThI
paboThl K1accupuKaTOpa CUILHO 3aBUCIT OT KauecTBa U MOJHOTHI 9TOi Kosuteknun. boee To-
ro, MCIIOJb30BaHUHE B KadeCTBE NMPHU3HAKOB BCEX CJIOB, BXOJANINX B OOYYAOINIYI0 KOJJIEKITHIO,
IMIpUuBOAUT K TOMY, 9TO IPOCTPAHCTBO IIPHU3HAKOB UCYUCJIAETCA COTHAMU THICAY.

OiHEM C€IIOCOOOM TPEOJIOJIEHUs YCTapeBaHUs JIEKCUKOHA SABJISETCS HCIOJIb30BaHUEe IIPO-
CTPAHCTBA PaCIpe/IeJeHHBIX MPEJACTABICHUNE CJIOB B KauyecTBe MPU3HAKOB /I 0OydYeHHUs KJiac-
cuduKATOPa TEKCTOB O TOHAJILHOCTH.
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Tabauya 1
Pacmpenenenne coobuiennii B KOIEKNUIX 110 KJIACCaM TOHAJIBLHOCTH
IMosioxkurensubie | OTpunare/ibHbe Hefirpanbubie
coobIIeHnd Cco0DIIeHnd CoO00IIeHnST
2013 rox 114 911 111 922 107 990
2014 rox 5000 5 000 4 293
2015 rox 10 000 10 000 9 595

3. TIpocTpaHCTBO paclpeieJIeHHbIX MpeACcTaBJieHuil cjaoB. Pacnpedenertoe npeo-
cmasaenue caosa (anri. distributed word representation, word embedding) — 310 k-mepHbiit
BEKTOD MPU3HAKOB W = (W . . . ,wg ), TAe w;€R — 310 KOMIOHEHTH BeKTOpa [21]. KosmuecTso Ko-
OPAMHAT k TAKOIO BEKTOPA CYHEeCTBEHHO MeHbIe. OOBIYHO 9T0 YUC/I0 HE ITPEBOCXOAUT HECKOJIb-
KUX COTEH, COOTBETCTBEHHO, IPOCTPAHCTBO MPU3HAKOB HMEET CPABHUTEILHO HEOOJIBIILYIO pas-
MEPHOCTb.

OcHOBHas H1est BEKTOPHOTO PACIpeIeIeHHOIO IPeJICTaBIEHHS CJI0B 3aKII0YaeTCd B HAX0XK-
JIEHUY CBsI3€il MKy KOHTEKCTaMU CJIOB. VMes 3akjrodaeTcd B TOM, YTO HAXOISIIUECHI B II0-
XOXKHX KOHTEKCTaX CJIOBA, CKOPEe BCEro, 03HAYAIOT WM ONUCHIBAIOT IOXO:KHE HPEeJIMeTHl HIN
SIBJICHUS, T. €. ABJISIOTCA CEMaHTUUCCKHU CXOKUMU. [IJIs1 3TOr0o KarKAblii TePMUH HPEACTABIACTCH
B BHJIe BEKTOPA U3 k KOOPJMHAT, B KOTOPBIX 3aKOAUPOBAHBI MOJIE3HBIE TPU3HAKH, XapaKTepU3y-
IOIIKE YTOT TEPMUH U IIO3BOJILIOIINE OIPEILIATH CXOACTBO STONO0 TEPMEIHA € MOXOXKUMHU TEPMHU-
HaMU B KoJuteKnuu. PopMasibHO MpecTaBJIeHHe TEPMUHOB SBJIAETCS 3aJadeil MaKCHAMU3AIAI
KOCHHYCHO# OJIN30CTH MEXK/Iy BEKTOPAMH CJIOB, KOTOPBIE MOABILIOTCS PAIOM JIPYT ¢ JIPYTOM B
OJM3KUX KOHTEKCTaX, U MUHUMU3AIHSA KOCHHYCHON OJIN30CTH MEXKLY BEKTOPAMH CJIOB, KOTOPHIE
He TIOSIBJISIIOTCS B OJIM3KUX KOHTeKcTaX. KocuHycHast Mepa 6JH30CTH MeK 1ty BeKTopamu, cos(d),
MOKeT OBITh MpejcTaBIeHa caemyomuM obpasom (dopmyrta 1):

rie A; u B; — KoopauHaThl BeKTOpoB A 1 B cooTBeTCTBEHHO.

[Tomumo cokpalieHusi pa3MepHOCTH BEKTOpa MPU3HAKOB, PaclpejieleHHOe TTPeIcTaBIeHne
CJIOB YUMTBIBAET CMbICJI CJIOBa B KOHTeKcTe. 1O ecrb pacipejie/leHHOe 1Pe/ICTaBIeHUue CJIOB
03BOJIsIeT 0000IUThL, HapuMep, ,,ObICTPHIE aBTOMOOMJIL® HA OTCYTCTBYIOIEE B 00ydaroriei
BBIOOPKE ,,IITyCTpasd MaIiuHa“, 4TO MO3BOJISAET CHU3UTH 3aBUCHMOCTH OT 00y4aroleil BLIOGOPKH.

Pesyabrarsl nccsiegoBanuii mokaspiBaoT [22], uTo HelipoHHAsI A3bIKOBasg MOJe b Skip-gram
IPEBOCXOIUT JPYTHe MOJETN IO KadecTBY MOIyYaeMbIX BEKTOPHBIX HpejcTapienuii. [losromy
B JaHHO# paboTe Mcmnoab3yercs moaeab Skip-Gram.

4. Mognens Skip-Gram. Mogens Skip-Gram 6br1a npegnoxena Tomacom MukosioBbiMm ¢
coapropamu B 2013 roay [23]|. Ha Bxom Momesn nomaercs HepasMedeHHbIH KOPIYC TeKCTOB, JJIs
KaKJIOTO CJIOBA PACCUUTHIBAETCS KOJIUIECTBO BCTPEYAEMOCTH 3TOTO CJIOBa B Kopmyce. Maccus
CJIOB COPTUPYeTCs MO YacToTe, PeJKhe CJOBa yAaladioTcd. Kak mpaBmio, MOKHO yCTaHABJIM-
BaTh MOPOT BCTPEYAEMOCTH CJIOBA, ITPU KOTOPOM CJIOBO MOYKHO CYUTATH PEJIKUM U JIO KOTOPOTO
BCE PEJIKO BCTpevalolrecs cjaoBa OyyT yiaajuenbl. [[ag Toro 4rodbl CHU3UTh BHIYUCIATEIbHYIO
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INPUT PROJECTION OUTPUT

w(t-2)

w(t-1)

wit)) ——»

w(t+1)

2%

w(t+2)

Puc. 1. Apxurexrypa Mmomenu Skip-gram

CJIOZKHOCTD ajropuTma, crpources Jgepeso Xadbdmana (anri. Huffman Binary Tree). /Tasee ai-
TOPUTM TIPOXO/IUT 3apaHee 33JaHHBIM PA3MepOM OKHA M0 BEIODAHHOMY OTPe3Ky TekcTa. Pazmep
OKHA 3a/1aeTcs Kak ImapaMerp ajaropurMa. Llog okmnoM mojpasymeBaercd MakKCuMaJIbHasd JTUCTAH-
U MEXKJIY TeKYIIUM U IPeJICKAa3bIBAEMbIM CJIOBOM B IIpeIOKeHUU. 10 ecTh ec/ii OKHO PaBHO
TPeM, TO JJIsI TPeI0KeHnd ,, ¢l Buae1 Xopoinuit (puibM* mpuMenenue aaroputma Skip-gram 6y-
JIET HPOXOJIUT BHYTPHU 0JIOKA, COCTOAIIEr0 U3 TPeX CJIOB: ,, 1 Buie/1 Xopomuii®, | BUJe1 XOpOoIuit
dbuabm“. lanee mpuMensieTcst HeHPOHHAS ceTh MpsiMOro pactpoctpanenus (anria. Feedforward
Neural Network) ¢ MHOrO epeMeHHO# JTOrHCTHYECKOH (bDyHKIHEN.

CxemaTtuaecku Mojiesib SKkip-gramm mpecTaBisercst B Buje HelipoHHoil cetn (puc. 1):

N306parkeHHas Ha pUC. 1 HEHPOHHAS CeTh COCTOUT U3 TPeX CJIOEB: BXOAHOM (aHII. input),
BBIXOHOM (aHIVL. output) u cKpeITEIil (anrt. projection). CiroBo, HogaBaeMoe Ha BXOJ, 0003HATe-
HO W(t), B BBIXOZHOM CJ10€e cioBa W(t-2), w(t-1), w(t+1) u w(t+2) — coBa KOHTEKCTa, KOTOPbhIe
IBITAETCS MPEeJCKA3aTh HelipoHHAs ceTh. HbIMuU ciioBaMu, Mojes skip-gram mpecka3biBaeT
KOHTEKCT IIPU 3a/IAHHOM CJIOBE.

4.1. QPopmasvras 3anuco modesu Skip-gram TpeICcTaABASIETCS CJICAYVIONHM: IIYCTh 3aIaHa
TEKCTOBAs KOJLJIEKIUsI, COCTOSINAs U3 CJIOB W M UX KOHTEKCTOB €. 3aJia4a MOJE/JIH COCTOUT B
TOM, 9TOOBI TOA0OPATH BEKTOP MapaMeTpoB f MO TAKIM 00pa30M, 9T00bI MAKCHMHU3HPOBATD
YCJIOBHYIO BEPOSITHOCTH BCEH KOJUIEKITHH p(cfw) st BceX BO3MOYKHBIX Map KOHTEKCTOB U CJIOB

(bopmya 2):
argmaz ] plclw;6), (2)

(w,c)eD

rae D — MHOXKeCTBO BCEeX BO3MOMKHBIX COYETAHUN CJIOBA H KOHTEKCTA.
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Oauu u3 cmnocoboB mapamerpusanun  Mozeau (dopmyna 2) — 3T0 HCHOIb3OBAHHE
goructudeckoii dbynknun (anrit. Soft-max-function) mag ompemesrenns Bepogrnoctu p(w/c,0)
(bopmyaa 3):

Ve Vw

(&

plclw; 0) = 3 e (3)

deC

e v, u v, ERY — BekTOpHBIE pacupe/eNeHHble IpejcTaBIeHns KonTekera u ciaosa. C — 310
MHOZKECTBO BCEX KOHTEKCTOB. B umcjurese 3anucana ceMaHTHIECKast OJIM30CTh CJIOB KOHTEKCTA
(v.) ¥ BBIOGPAHHOTO IEJEBOTO CI0BA (U, ), B 3HAMeHaTes e — OJIM30CTh BCEX JPYIHX KOHTEKCTOR
KOJUTEKIUH (V) ¥ BBIOPAHHOTO TEJeBOr0O CJIoBa (vy,).

Hanee nenesas dbyuxuun jgorapudmupyercs (dopmyrna 2) U HOJACTABIAETCsSI 3HAYCHHE Be-
positrocTelt (popmyiia 3), B Pe3yJbTaTe HMEeM:

argmaz Z logp(clw) = Z (loge® “’—logZ@c w). (4)

(w,e)eD (w,c)eD ¢

IleneBast dynkuus (dbopMmysa 4) BBHIUKCINMA, OJHAKO OHA MPEJCTABISET CODOM BBITHC-
JUTEJIBHO CJIOXKHYIO 3aJady, TaK KaK JJId BeIYHCIeHus! p(w/c,f) TpeGyercs cyMMUpOBaHHE
Y wec €70 BeeM BO3MOXKHEIM KOHTEKCTaM TePMHHA, KOTOPBIX MOZKET OBITH OTPOMHOEe MHO-
JKECTBO.

C menpo onrumusanun GyHKIHA GOpMYIbl 4 mpeaaaraeTcs 3aMeHHTb OOBITHYI0 JTOTHCTH-
deckyto byuknuio (dhopmyna 3) wa mepapxuueckyio codrmarc (anrs. Hierarchical Softmax)
HJIH MCTIOJTh30BATh HeraTHBHOE coyMIuinpoBanne (anria. Negative Sampling).

JIst KazKI0T0 CJI0Ba MOKET CYIIECTBOBATEH OOJIBITOE KOJIUYECTBO KOHTEKCTOB. OIMH U3 CIIO-
cO0OB MPEOI0JIEHIS ITOM TTPOOJIEMBI — 3TO HEFATHUBHOE COIMILTUPOBaHUE. Firo NMPUHIATT 3aKJIIO-
qaeTcd B TOM, 4YTO AJId BbI6paHHOFO TepMHHa CUYUTAIOTCA HE BCE€ BO3MO2KHbBIE KOHTEKCTBLI, HO
cJydaiiHbiM 06pa3oM BbIOUPaeTCst HECKOJIBKO KOHTEKCTOB (v ). Hampumep, eciiu ¢ioBo ,,puibMm
HOSBJISIETCS B KOHTEKCTEe pa3BjedeHuil, TO BEKTOP CJI0BA ,, pa3Biedennsd” OyaeT OJiMzKe K BEKTO-
py cjioBa ,,bUIBM®, YeM BEKTOPBI HEKOTOPBIX JPYIHUX CJIYYalHO BHIODAHHBIX CJIOB (TAKHX KaK
CTBOJI, TBOPOI MJIM PAHEIL), ¥ He HY?KHO IIPOBEPSTH BCe CJI0Ba U3 00y datonieii Kojeknuu. Takoii
MOJIXOJT, CYTIECTBEHHO 00/IerdaeT moCTPOEHNe MOIE .

5. Ucnonn3zoBanme mozmenau Skip-Gramm ajid CHU>KeHUS 3aBUCUMOCTHU OT O0y-
qaroreii kosutekiuu. s obydenus mogenu Skip-Gramm npou3BOJIbHBIM 00pa3oM OBLIO
BBIOPAHO H MHJLTHOHOB TEKCTOB U3 IEePBOHAYAIBLHOM, HE pa3ieIeHHOM 110 KJIaccaM TOHAJIbHOCTH
kosiekiun 2013 roga. Kosutekiun 2014 u 2015 rogoB B 00ydeHun He y4acTBOBAJIN, TaK KAk Jie-
JIAETCST TPEIIO/IOKEeHNe, 9T0 00y YeHHasT MOJEb JOJIZKHA ObITH MepeHocnMa Ha Hojiee mMO3IHIe
KOJLTIEKITHH.

B kadecTBe nmporpaMMHOI peasn3anuu Mojen SKip-gram ObLI HCIOIB30BaH ITPOrPaAMMHBIi
uncrpyment Word2Vec [24].

Opnnoit u3 ocodbennocteit Word2Vec sgBistercst To, 9TO aATOPUTM pa3AeaseT TePMUHBI MEXK Y
co0ofi, ecsi MeXKLy HUMHU CTOUT 1podet. g 3a/1aun KiaaccuduKammm TeKCTOB 110 TOHAJIbHOCTH
BayKHBI YACTHIBI HE W HU, TOSTOMY, YTOOHI ,,He + CJIOBO" He OBLIO pa3/e/eHO Ha JBa PA3JTHIHBIX
TepMUHA, TPOGEJ MeXKy YaCTUIIAMU He W HU ObLT 3aMeHeH HUKHWM IOJ4epKUBaHueM (Hamp.
LHI_pas3y®,  He xoren®).

Kazkaprit TekeT u3 obydaioneil 1 TeCTOBBIX KOJLIEKIUi ObLT IpeacTaBIeH B BUIE YCpeIHeH-
HOT'O BEKTODA BXOJSINHUX B Hero cjioB (dbopmyna 5):
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Tabauuya 2
Pesynbrarel Kiraccuukaliuy TeKCTOB IO TOHAJIBHOCTU C UCIIOJIH30BAHUEM BEKTOPOB CJIOB,
MOJTYUEHHBIX TTPU UCTIOJB30BAHUN PACTPEIETCHHBIX TPEICTABJCHNN CJI0B B KAUECTBe MPU3HAKOB

Acc. Pecision Recall F-mepa
2013 0,7206 0,7250 0,7221 0,7226
2014 0,7756 0,7763 0,7836 0,7787
2015 0,7289 0,7250 0,7317 0,7252

3 (5)

rJe w; — BEKTOPHOe MPeJCTaBIeHne i-ro CJI0Ba, BXOJAIIEro B Mccaemyemblii Teker, i=(1,..,n).
1 — YHUCJIO CJIOB U3 CJOBaPs, BXOJSAININX B UCCJETYEMbIH TEKCT.

Knaccudukarop 6p11 obyuen na xosutekiuu 2013 roga, jgajiee obydeHHas MOJAEIb KJIACCH-
duKaTopa NpuMeHsLIaCh A TecTupoBanus Ha Kojaekiugax 2014 u 2015 romos. Pesyiabrars
paboTbl KjlaccuduKkaropa npejcrasjienbl B Tad/1. 2. B kauecTBe MeTPUK OIEHKU Ka4eCTBa, KJiac-
cudpuKanuu BoIOpaHbl CTAHIAPTHBIE METPUKHU: MPABUJIBHOCTH — accuracy, noJaHoTsl — recall,
TOYHOCTH — Precision, rapMOHUYECKOTO cpejaaero — F-mepa.

SakJsrodyeHue. [Ipun mcnoab30BaHUuU pacupeieeHHOrO IpeJCTaBJIeHHs CJIOB B KadecTBe
HPU3HAKOB /I KJIACCH(PUKATOPA TEKCTOB 110 TOHAJIHHOCTU KA9eCTBO KJIACCH(MHUKAINKE HA TPH
KJacca He TOJbKO He CHUXKAETCS HA KOJLIEKIUSX, COOPpAHHBIX ¢ Pas3HUIE# B MOJIT0Ja—TO, HO
M JIEP’KUTCSL HA yPOBHE JIyYIINX 3HadeHuil, 3apuKcupoBaHHBIX B ucciaeqoBanusx [3|. Baxkuo
TaKzKe OTMETUTh, YTO YHUCJI0 KOOPANHAT B BEKTODe Ipu3HAKOB — poBHO 300 (3a1aBaeMblii mapa-
MeTp), & He HECKOJBKO COTEH ThICsIY, KaK B Oy/IeBOil MOJIeH Jjisl 9TOH 2Ke TeCTOBOH KOJITEeKIIUH.

JlaHHBIN MeTOJ/ XOPOIIO TOIXOAUT s HPUMeHeHWs NMPU HAJWINN BHEITHe# JOCTATOYHO
IpPEeJICTABUTEIbHON KOJIIEKIINE TEKCTOB, CXOXKeil Mo JIeKCuKe ¢ obydalolieil u TecToBOil KOJI-
gexrusmu. OJIHAKO, KaK i JPYyTUX HEHPOHHBIX cereil, B 3TOM cjydae Tpebyercss OOJbInas
oOyyarornias BBIOOpPKAa TEKCTOB. MeTos IMO3BOJISET TOJYYUTh YCTOHYUBBIE W CTAOUJIbHBIE
pe3yIbTaTHI.
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