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[TPUMEHEHUE MAIINMHHOI'O ObYYEHHM
T ABTOMATHUYECKOI'O U3BJIEHEHU A META®OP

JlaHHO€ HCClIEeJOBaHUE HAIMpPaBJIEHO HA OLEHKY >(PPEKTUBHOCTH HEHPOHHBIX CETeH IS
3aauy OMHApHOW KiaccH(UKAlMU TEKCTa, B YACTHOCTH, JUIA BBISBICHUS HAINYHMS MeTadophl
B IIpeuIokeHusX. [l MpoBeeHHs CPaBHUTEIBHOIO aHain3a ObUIM pa3paboTaHbl U MPOTEC-
TUPOBaHbI IIECTh KJIACCU(PHUKATOPOB, MOJOBUHA U3 KOTOPBIX OCHOBBIBAJIACh HA KJIACCHYECKUX
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MOJICNIIX MAIIUHHOTO OOydeHHs (HauBHBIA OalleCOBCKUI KiIacCU(PUKATOP, JIOTUCTHYECKAs
perpeccusi, METO/l ONIOPHBIX BEKTOPOB), a JIpyras MOJOBHHA — HA HEHPOCETEBBIX apXUTEKTypax
(pexyppeHTHas HEHpOHHas CeTh, CBEPTOYHAs HEUPOHHAS CETh, INIyOOKas HEHpPOHHAsI CETh).
B kauecTtBe naracera mis oOydeHus M TECTUPOBaHUS KiIacCU(PUKATOPOB ObLI UCIIONIB30BAH KOP-
MyC pa3MEUYCHHBIX BPYYHYIO IPUMEPOB METaPOPUUECKON COUETaeMOCTH, conepkamuii 166 765
npenioxeHuil. s oleHKkH KadecTBa KJIacCU(pUKALUN TEKCTa UCIOIb30BAINCh TaKhe METPUKH,
Kak precision, recall, F1-score u accuracy, npu 3ToM IpuopUTEeTHOM OorieHKol sBisuics F1-score.
Pe3ynbTarel mokaszanu, 4YTO HEMPOHHBIE CETH JEMOHCTPUPYIOT 3HAUUTENBHOE MPEUMYIIECTBO
B BBIBJICHMM MeTa(op B NMPEIJIOKECHUAX 10 CPABHEHHMIO C METOJaMHM MAIIMHHOTO OOy4YeHHS.
OcobGenHo BwIzensieTcs: riryookass HeipoHHas ceTb (DNN), koTtopas gOoCTHraeT BBICOKHX 3Ha-
yeHu# precision, recall u Fl-score mis 06oux kimaccoB (HaMuue/OTCyTcTBHE MeTadopsl). ITO
MOKET OBITh CBSI3aHO C €€ CIHOCOOHOCTBIO HM3BJIEKATH CJIOXHBIE 3aBHCHUMOCTH M3 JaHHBIX
U CTPOUTH OoJiee rIyOOKHe UepapXHUuecKue MpeCcTaBiIeHus. TakKe CTOUT OTMETUTh, YTO METOJ
ONOpPHBIX BEKTOPOB (SVM) moOKa3bIBaeT HEIUIOXHE pEe3yNbTaThl, XOTA ero 3(QeKTuBHOCTH
HEMHOTO HMKE HEHpOHHBIX ceTeld. IIpoBeneHue umccrnemoBaHHii B 00JacTH aBTOMATHYECKOM
KJIaCCU(UKALUU TEKCTOB C HCIOJIb30BAaHUEM HEUPOHHBIX CETEH OTKPBIBAET JIOPOTY K YCOBEp-
[IEHCTBOBAaHUIO CIOCOOOB aBTOMAaTHYECKOI'O H3BJEUEHUsS MeTaop B TEKCTax, YTO MMEET
BaXHOE 3HAYEHUE [T 337a4 00pabOTKU €CTECTBEHHOT'O S3bIKA M IMHIBUCTUYECKOTO aHAN3A.

KnmoueBsie cio0Ba:kuaccuguxkayus mekcma, HeupoHHble cemu; MauuHHoe 0oye-
Hue, Natural Language Processing, agmomamuueckoe 8viseieHue Memagop.

APPLYING MACHINE LEARNING
FOR AUTOMATIC METAPHOR EXTRACTION

The objective of this study was to assess the efficacy of neural networks in the context of
binary text classification tasks, with a particular focus on the detection of metaphors in
sentences. A comparative analysis was conducted using six classifiers, with half based on
classical machine learning models (naive Bayesian classifier, logistic regression, support vector
machine) and the other half on neural network architectures (recurrent neural network,
convolutional neural network, deep neural network). A corpus of manually labelled examples of
metaphorical combinability containing 166,765 sentences was used as a dataset for training and
testing the classifiers. Metrics such as precision, recall, F1-score and accuracy were employed to
assess the quality of text classification, with Fl-score being the primary metric. The results
demonstrated that neural networks exhibited a pronounced advantage in detecting metaphors in
sentences relative to machine learning methods. The deep neural network (DNN) in particular
exhibited notable performance, achieving high precision, recall and Fl-score values for both
classes (presence/absence of metaphor). This may be attributed to its capacity to extract intricate
interdependencies from data and construct more profound hierarchical representations. It is also
noteworthy that the support vector machine (SVM) demonstrates commendable outcomes,
although its performance is slightly inferior to that of neural networks. Conducting research in
the domain of automatic text classification using neural networks paves the way for the
advancement of automated metaphor extraction techniques, which has significant implications
for natural language processing and linguistic analysis tasks.

Key words: text classification, neural networks; machine learning; natural language
processing, automatic metaphor detection.

[lenb maHHOTO HMCCIEAOBAHUA 3aKItoyanach B OLEHKE (P(EKTUBHOCTH HEM-
POHHBIX ceTed ans 3ahad OumHapHOM Kiaccupukanuu Tekcta. s mpoBeneHus
CPaBHUTEIBHOIO aHaIM3a ObUIM pa3pabOTaHbl U MPOTECTUPOBAHBI IIECTh KJIACCH-
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¢ukaTopos. [lojoBMHA U3 HUX OCHOBBIBAJIACH HA KJIACCUUECKUX MOJIEISAX MAIWH-
HOTO 00yueHMs: HauBHOM OaiiecoBckoM Kiaccudukatope (NBC), moructuyeckoi
perpeccun (LR) u metone omopHbix BekTopoB (SVM). Jlpyras ke moJioBUHA
onupanach Ha HEHMPOCETEBbIE APXUTEKTYPbI, KOTOPHIE BKJIIOYAIU B ce0si MOJIEIU
pekyppentHoit (RNN), cBeprounoit (CNN) u rimybokoii HelipornHoi cetu (DNN).

3amaueit OMHapHOW Kiaccu(UKaluMyu ObUIO BBISBICHUE HAIUYUs MeTadopsl
B IIpeNIOKeHUsIX. B kadecTBe paracera ajisi 00yuyeHus U TECTUPOBAHUS Kiaccupu-
KaTOpOB ObLI MCMOJIB30BAH KOPIYC Pa3MEUEHHBIX BPYUHYIO MPUMEPOB MeTadopu-
YECKOM coueraeMocTH, coaepxkammii 166 765 npepnoxenuil. Pydynas pa3zmeTka
IPOBOJIUJIACH B OCHOBHOM CTYJIeHTaMU (haKyJIbTeTa pOMaHO-TePMAHCKON (PHII0JI0-
rui  BOpPOHEXKCKOro ToCyJapCTBEHHOI'O YHHBEpPCUTETa, OOydaroluxcs Ha
HarpaBieHuu «DyHaamMeHTaabHas U MPUKJIaAHas JIUHTBUCTHKAY, B paMKaxX y4eo-
HOM mnpaktuku B nepuon 2016-2020 rr. [1; 2]. B manHOM Kopliyce Hald4due
MeTaopbl pazMeyasioch Kak «1», a OTCyTCTBHE METa(POPUUECKOTO YIOTPEOICHUS —
Kak «0» [3]. OTa MeTKa, MPUCBOCHHAS KAXKJIOMY MpPUMEPY, MPECTaBisiiaa coOon
KJIFOYEBYI0 MH(OPMAINIO, KOTOPYIO Mbl UCHOJB30BaJIM JUIsl OOYYEHUSI U OLIEHKU
3(PEKTUBHOCTH METOJIOB KJIaCcCU(DHUKAIIUH.

Janee ObuIO HEOOXOAMMO YTBEPAMTH METOJIbI OILICHKM KadecTBa Kiaccugu-
Kauuu Tekcta. CyliecTBYeT HECKOJIBKO METPUK, KOTOpbIE HCHOJB3YIOTCS IS
OIICHKHM KauecTBa Kiaccu(pUKauu TekcTa [4]:

Precision (TOYHOCTB) — MOKa3aTeNb TOTO, KaKasi JOJS MPEACKa3aHHBIX TOJIO-
KUTEIBHBIX (MeTahOPUUECKUX) KJIACCOB JEUCTBUTEIHHO SIBISETCS TOJIOXKUTETh-
HBIMHU.

Recall (monnora) — mokaszaTenb TOro, Kakas JOJSi BCEX IOJIOKHUTEIbHBIX
(MeTadoprUUECKHX ) TEKCTOB ObLJIa IPABMIIBHO MIPEICKA3aHAa.

Fl-score — cpetHee TapMOHMYECKOE MEK1y TOYHOCTBIO U MOJIHOTOW. JlaHHas
METPHUKA YYHUTHIBAET M TOYHOCTb, U TMOJHOTY, YTO TO3BOJISIET OLEHUTH OanaHc
MEXy HUMH.

Accuracy (TOYHOCTHh Kiaccu(PMKaIlMu) — MoKa3aTeidb TOTO, Kakas JO0JIs BCEX
Mpe/cKa3aHHbIX KJaccoB (Kak MeTadopHUUecKHX, Tak M HET) Oblaa MpeacKa3aHa
MPABUIIBHO.

B kauecTBe NpHOPHUTETHOM OLEHKH HCHoJib30oBanach merpuka F1-Score,
KOTOpasi Jy4uie, yeM Accuracy, OTpayKaeT pe3yJbTaThl IPU CHUILHOM II€pEBECE
B Kjaccax [5; 6].

JataceT Obu1 pa3zeneH Ha OOy4Yarollyt0 U TECTOBYIO BHIOOPKHM B MPOMOPLIMH
70 % Ha 30 %, 4TO OKa3zaJoCh HamOOJIee ONTUMAIbHBIM MPOIEHTHBIM COOTHOIE-
HHEM JIJIs1 UMEIOIIETocs 00beMa JTaHHBIX [7].

[IpenobpaboTka BKiItOYasa B ce0sl TOKEHH3ALUIO, JIEMMAaTU3alUI0, IPUBEC-
HUE CJIOB K HHKHEMY PETUCTPYy M YHAJICHHUIO CTOM-CIOB C HCIOJIb30BAaHUEM
Python-6ubmuotex pandas, numpy u NLTK [8; 9].

Pe3ynbraThl paboThl KilacCU(PUKATOPOB OTOOPAXKEHBI B TAOJIHIIE HUKE.
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CpaBHEHHE METOJOB MAIIMHHOTO O0y4YEHHUS

precision recall f1-score
HauHpIit
OaiiecoBckuil 0 0.83 0.89 0.86
KJ1acCupuKaTop
HauHpbrit
OaiitecoBckuil 1 0.80 0.72 0.76
KJ1acCU(PUKATOP
Jloructuyeckas 0 0.86 0.88 0.87
perpeccust
Jloructuueckas 1 0.80 0.77 0.79
perpeccust
Metoxa onopHbIX 0 0.86 0.90 0.88
BEKTOPOB
Metox oropHbIX 1 0.83 0.78 0.80
BEKTOPOB
PelfyppeHTHaﬁ 0 0.88 091 0.89
HEHWpPOHHAs CETh
PercyppeHTHa;I 1 0.84 0.81 0.82
HEHWpPOHHAs CETh
CBSpTO‘{HaSI 0 0.86 091 0.88
HEHWpOHHAs CETh
CB?pTO‘IHaH 1 0.84 0.76 0.80
HEHWpOHHAs CETh
I'nyGoxkas HelipoHHas 0 0.95 0.95 0.95
CeTh
['myOokas HelipoHHas 1 0.92 0.92 0.92
CeTh

B menoM Mopenb HMMEET AOBOJBHO BBICOKYIO TOYHOCTh B OIpEAeNICHUU
TekcToB 0e3 metadop (Merka (), OJHAKO OHA MEHEE TOYHO PACIO3HAET TEKCThI
¢ metadopamu (MeTka 1). IT0 MOXKET OBITH CBS3aHO C TE€M, YTO Kjacc | Moxer
cozepxaTth 0oJjiee pa3HOOOpa3HbIE BBIPAKEHUSI U CTPYKTYpPbl, KOTOPbIE CIOXKHEE
oOHapyxuTh Mmozenu [10].

[IpoBensi cpaBHUTENbHBIN aHAIN3 PE3YyJIbTATOB KIACCU(UKAIIUU TEKCTOB, MbI
MPUIUIA K BBIBOJY, YTO HEMPOHHBIE CETU JEMOHCTPUPYIOT 3HAYUTEIBHOE MPEUMY-
HIECTBO B BBISIBIICHUU META(POp B MPEJIOKEHUAX 10 CPABHEHHUIO C KJIACCUYECKUMU
METOJJaMU MAIIMHHOTO OOYYEHHMsI, YTO MOATBEPKIAET UX CIIOCOOHOCTh M3BIIEKATH
KOJIMYECTBEHHBIM CMBICIT W3 CJIOXKHBIX WM HETOYHBIX AaHHBIX [11]. Cyms mo
3HaueHusM Fl-score, KOTOpBIM SBJSETCS KIIOYEBBIM IIOKa3aTelieM B 3ajadax
OuHapHOW Kiaccubukanymy, HelpoHHble ceTH, BkiIrodas RNN, CNN u DNN,
JIOCTUTAIOT 0oJiee BHICOKMX 3HaUYeHHH Kak Jiis kiaacca 0 (orcyTcTtBue metadopsl),
TaK " JJ1s Kacca 1 (Hanumaue Metadopsl).
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Ocobenno BeiIenseTcs riryookas HeliponHas cetb (DNN), kotopast 1eMOH-
CTpUPYET BbICOKHE 3HauUeHus precision, recall u fl—score a1 06oux Ki1accoB. ITo
MOET OBITh CBSI3aHO C €€ CIOCOOHOCTBIO U3BJIEKATh CIIOKHBIE 3aBUCUMOCTH W3
JTAHHBIX U CTPOUTH OoJsiee IiIyOoKkue umepapxuueckue npeacrapieHus [12]. Taxxke
CTOUT OTMETHUTH, UTO U METOA SVM MNOKa3bIBaET HEMJIOXUE PE3YIIBTATHI, XOTS €ro
3 PEKTUBHOCTh HEMHOTO HIKE HEHPOHHBIX CeTel. DTO MOXET OBbITh CBS3aHO
¢ TeM, 4To SVM XO0poumo moaxXOoAuT Jis BbISIBICHUS HEJIMHEUHBIX 3aBUCUMOCTEN
B JIaHHBIX M pPAacCMaTPUBACTCS KaK OJIMH W3 JIYUYIIUX KOHTPOJUPYEMBIX aJIro-
PUTMOB MalIMHHOTO OOY4Y€HHUs 11l TOCTPOEHUsI OMHapHOro Kinaccudukaropa [13]

[IpoBenenune wuccienoBaHuii B 00JIACTH aBTOMATUYECKOW KiaCCHU(PUKALUU
TEKCTOB C HCIIOJIb30BaHUEM HEWPOHHBIX CETEH OTKPBIBAET JOPOTY K yCOBEPIICH-
CTBOBAHHUIO CIIOCOOOB aBTOMATHUYECKOTO U3BJICYEHUS MeTadop B TEKCTaX.
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