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IIpeauciaosue

22-1 BBIITYCK eXeTogHNKa «KOMITbIOTEepHAS IMHTBUCTUKA U UHTEJJIEKTYaJIbHbIE TEXHOJIOTUM» COAEPIKUT U3-
6paHHble MaTeprasIbl 29-1 MeXX/[yHapOAHOM OHIaiH KoHbepeHIuU «/lnanor». B 2023 roay A1 Iy6IUKaIH B 0-
MTOJTHUTEIbHOM TOMe COOpHHUKa peKoJIIerueli 6b1iu oTo6paHbl 17 OKJIa0B, TIOZAHHBIX Ha KOHGEPEHIIUIO.

PaboThl, IpecTaBieHHbIE B COOPHUKE, OTPAKAIOT T€ HAIIPaBJIEHUS UCCIEAOBAHUM B 06JIaCTH KOMITBIOTED-
HOT'O MOZIEJIMPOBAHMA Y aHa/IM3a eCTeCTBEHHOTO A3bIKa, KOTOPbIE TI0 TPaAULIMU IIpeCTaBIA0TCA Ha [luasore:

* HHTe/IeKTyanbHbIi aHanu3 foKkyMeHTOB (Intelligent Document Processing): kinaccudukaius,
Name Entity & Relation Extraction, cammapu3saiys, reHepanus, aHaJIu3 TOHAJIbHOCTH, Argumentation
Mining, Propaganda & Fake News Detection, etc., MyJbTUMOZaIbHBIE TIOAXOAbI (COBMECTHOE
ucnonb3oBaHue mozesneit NLP u Computer Vision);

¢ T1y60oKoe 06ydyeHHe B KOMIIbIOTEPHOI JUHTBUCTUKE: METOAUKY IPUMEHEHU I HEUPOHHBIX CeTel
B HCCJIeZIOBAHUSAX, CoZlepKaTeIbHasA MHTePIIPeTaIus;

* KommnbloTepHbIe JUHTBUCTUUYECKHE PeCcypChl: HOBBIE JaTaceThl U HOBBIE CIleHapUH U TUIIBI pa3MeTKH,
Evaluation Benchmarks;

* KowmmbloTepHbIH aHanu3 Social Media;

* KopnycHasi IMHIBUCTHKA U KOPILYCOMETPHS: METOANKY CO3/JaHU s, UCTIOJIb30BAHUSA U OLIEHKU KOPITYCOB;

* KoMmnblOTepHas CEMaHTUKAa: aHAJTUTUYECKHE U JUCTPUOYITMOHHBIE MO/JIETH, CBSI3b MEX/y HUMU;

* JIMHTBUCTUYECKHE OHTOJIOTUH U aBTOMaTHUYECKO€E U3BJIeUeH e 3HaHUH;

e MynabTHMOZANTbHASA KOMMYHUKALUA: aHATUTUIECKNE ¥ HeiDOHHBIE MOZIEIN PeYeBOTO aKTa;

* Mozenu o6IIeHNA U [UAIOTOBbIE aT€HTHI;

e JIMHTBUCTUYECKUI aHAIU3 TEKCTA: MOPOJIOTUS, CHHTAKCUC, CEMAaHTHUKa (MO/ie T aHaI13a);

* KoMmbloTepHas JIEKCUKOTpadusi;

¢ TloseBasi KOMObIOTEPHAA JUHIBUCTHUKA: IpUMeHeHre MeToA0B NLP /151 MasiopecypCHBIX S3BIKOB.

B cooTBeTCTBUHM C TpaAuIUAMU «/luanora», KoHGpepeHIMU 10 KOMIBIOTEPHOU TUHIBUCTHKE C IOYTH TIOJTY-
BEKOBOI UCTOpUEN, 0T60p pabOT OCHOBBIBAETCSA Ha IIPEJACTABIEHUH O BaXKHOCTH COeJUHEHUS HOBBIX METOJOB
U TeXHOJIOTUI aHaJ/h3a A3BIKOBBIX ZAHHBIX C IOJHOIEHHBIM JIMHIBUCTUYECKUM aHaau3oM. Jluasor AsjisdeTca
ne-bakTo kpynHeHmuM GpopyMoM 0o IpobieMaM CO3JaHusA COBPEMEHHBIX KOMITBIOTEPHBIX PECYPCOB, MoAeel
Y TEXHOJIOTHH JJIf PYCCKOTO s3bIKA, IO3TOMY KJIIOUEBBIM COOBITHEM «/lHajiora» ABJAAETCS II0ZBeJeHNe UTOIOB
TEeXHOJIOTUYECKUX COPEBHOBAHUI MeXJy pa3paboTIMKaMK CHCTEM JUHTBUCTHUYECKOTO aHAlMU3a PYCCKOS3bIY-
HBIX TeKCTOB — Dialogue Evaluation. B 3ToM rofy coCTOSINCEH 4 CODEBHOBAHUA:

* RuCoCo: CopeBHOBaHUE 10 pa3pelieHn0 KopedepeHIInH;

* RuSentNE: CopeBHOBaHUe 10 aHAIN3Y TOHAJIbHOCTU K UMEHOBAaHHBIM CyIIIHOCTSM B HOBOCTHBIX TEKCTAX;
* RECEIPT-AVQA: CopeBHOBaHUe II0 I'eHEPAI[UU OTBETOB Ha BOIIPOCHI K N300paKeHUSAM;

e SEMarkup: CopeBHOBaHHE I10 aBTOMAaTHYECKON CEMaHTUYECKOI pa3MeTKe.

CraTby B COOpHUKe ITyOIMKYIOTCA Ha PYCCKOM U aHIVIMICKOM fA3bIKaX. [Ipu BbIOOpe s3bIKa IyOIMKALUU Jel-
CTBYeT cleflytollee IPaBUIO:

* JIOKJIQZIBI IO KOMITBIOTEPHOM IMHTBUCTUKE MOJAIOTCA HA aHTJTUHUCKOM SI3bIKe. DTO PAaCIIUpPSIET UX ayAUTOPUIO
Y TIO3BOJISIET TPUBJIEKATH K PELEH3UPOBAHUIO MEXYHAPOJHBIX SKCIIEPTOB;

* JIOKJIaZibl, TTOCBAIEHHBIE JUHI'BUCTUYECKOMY aHAIN3y PYCCKOTO fA3BbIKA, IpeAIoJarapie 3HaHUe 3TOTO
SI3BIKA Y YMTATEJIS, TOJA0TCS Ha PYCCKOM si3bIKe (C 00s13aTeIbHON aHHOTAIUEH Ha aHIVIUHCKOM).

HecMoTps Ha TpaJULIMOHHYIO IIUPOTY TEMATUKU [IPEACTaBIEHHBIX Ha KOHpEepEeHIINU U 0OTOOpPaHHBIX B c60p-
HUK /IOKJIa/l0oB, OHU He MOT'YT ZaTh IIOJTHON KapTUHBI HalpaBiaeHUH «/lunanora». Ee MOXHO MOJIYYUTD C IIOMOIIBIO
caiita KoHGepeHInN , Ha KOTOPOM IIpe/ICTaBJIeHbl OOUIMPHEBIE JJIEKTPOHHBIE apXUBHI «/luajo-
TOB» TIOCJIEZITHUX JIET U BCE PE3YJIbTATHI IPOBEJEHHBIX TecTUpoBaHuii Dialogue Evaluation.

Mei obpaillaeM BHUMaHUEe aBTOPOB M yuTaTenell cbopHuka, uyTo ¢ 2018 roga PefcoBeT OTKas3ascs OT mevYaTh
cbopHuKa Ha bymare. Bce cOOpHUKY pa3MenaloTcs Ha caiite koHdepeHnu. JOMONTHUTENBHBIN TOM UHAEKCUPYETCS
PUHII.

IIpoepammuublii komumem koHdepeHyul «/Juanoez»
Pedkonnezus cbopHuka «<KomnwvromepHas AUH28UCMUKA U UHMEANEKMYATbHbLE MEeXHOJI02UU»
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PenieH3eHTHI

Aszaposa llpuHa BrazumupoBHa
AnppuaHoB AH/peii ViBaHOBUY

AnTOHOBa AslekcaHzpa AleKCcaH/pOBHA

BapanoB AHaTonuii HukonaeBua
benukos Binagumup ViBaHOBUY

borzanosa-bernapan Haranba BuktoposHa

Borycnasckuii Virops MuxainoBud
Bypues Muxau CepreeBud
BacuibeB Butanuii 'eHHabeBUY
I'yceB Unbsa OneroBud

Zlo6poB Bopuc BUKTOpoBUY

JlobpoBosibckuii Bragumup AHApeeBUY

JobpoBosbckuii JiImutpuii OneroBuy
JKapkoB AHzipeit AnexaHpOBUY
3anu3Hak AHHa AHZpeeBHa

3axapos Jleonus MuxaisioBud
3osoTyxuH Jlenuc JleHncoBu4
VBanoB Bragyumup Bragyumuposuy
VBoiinoBa AnekcaHgpa MuxaiijoBHa
NnbBoBcKUY JIMUTpUil AJleKceeBUY
Nupen6om EBrenuii Muxaitiosua
NubkoBa Onbra IOpreBHa

WowmauH Jleouunz JleitboBua

Knoce Mapusa liBaHoBHa
Kunermmuackuit Ogyapsa CTaHUCIaBOBUY
Kinauko Enena JleoHuj0BHA

Kusases Cepreii BrazuMupoBud
Kob6o3eBa VMpuna MuxaiiioBHa
Kosepenko Esnena bopucosHa
KonoTeB Muxau BsiueciaBoBu4
KopoTtaeB Huxkonaii AnekceeBud
KorenbHukoB EBrennii BsueciaBoBuY
KoToB Apremuii AnekcaHpoBUY

Kypatos Opuii Muxaiinosuy
KyTty3oB Augpeii BoprcoBud
Jlanomynua AHTOHUHA HukonaeBHa
JleBonTuna lpuna BopucosHa
Jlo6aHoB bopuc MedoabeBruy
JloruHoB Bacuuii BacunbeBruy
JlykawmeBuy HaTanba BaieHTUHOBHA
Masnadees Anekcet OppeBud
MurtpodanoBa Onbra AsekcaHZpOBHA
Muuypuna Mapusa AnekcasH/poBHa
Heponyxko AHHa

Hukumunza VpuHa FOpbeBHaA

OpsoB EBrennii AHaTOIbEeBUY
[Tazenbckasa AHHa ['epmaHOBHA
[lepeBep3eBa CeeTsnaHa MiropesHa
[TerpoBa Mapusa BraguMupoBHa
ITopnecckasn Bepa McaakoBHa
Priraes MBaH IleTpoBry

Cenereit Bragumup I1aBmoBuy
Cirocapb Haranua AHaTonbeBHA
CMupHOB VBaH BaieHTHHOBUY
Cmypos MBaH MuxainoBuy
TareBocoB Cepreii ['eoprueBud
YpoicoH Enena BiragumupoBHa
deznoposa Onbra BukTopoBHa
®enoreHoBa AneHa CepreeBHa
XoxynoBa Mapusa BiragumuposHa
HummepnauHr AHTOH Biragumuposuy
[MMaBpuHa TaTbaHa OnerosHa
[MamapauHa TaTeAHa BAyeciaBoBHA
[Mlapos Cepreii AleKCaHAPOBUY
fnko TaTtbsaHa EBreHpreBHa
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Syntax and Prosody of Split Scrambling: an Experimental Approach

Daria Belova
Lomonosov Moscow State University /

Moscow, Russia
dd.belova@yandex.ru

Abstract

The work is devoted to the experimental study of structures with split scrambling. With the help of acceptability
assessment methods with the use of the Likert scale, self-paced reading, and prosodic experiment, the possibility of
separating the left element (determinator or possessor) from the noun head within DP or PP is compared with the
separation of the nominal head from its complement (dependent infinitive or prepositional phrase). The results show
that separating the head for Russian speakers is not only possible but also rated higher than separating the left element
from the head. This pattern is explained by the requirements of the information structure: the left element that has
been fronted cannot form the only topic of the clause. The low scores are consistent with existing experimental studies;
however, the results of the reading time appear to be inconsistent with existing views about the cognitive load required
to process split sentences.

Keywords: constituent splitting; split scrambling; information structure
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CuHTaKCHC U IPOCOAMS PACHIENJIEHHOTO0 CKPIMOJIMHIA:
ONBIT IKCIEPUMEHTAIBHOI0 UCCJIeI0BAHUSA

benosa JI. JI.
MTI'Y um. M.B. JlomoHocoBa /

Mocksa, Poccus
dd.belova@yandex.ru

AHHOTALUA

PaboTa mocBsieHa 3KCIEPUMEHTAIBLHOMY HCCICIOBAHHIO KOHCTPYKIIMH C pacUICIUICHHBIM CKPIMOIHHTOM.
C OMOIIBI0 METOAMK OIICHKY MPUEMIIEMOCTH 110 IIKaie JInkepTa, 4TCHHs ¢ CaMOPETYISAIHEH CKOPOCTH U TIPOCOIH-
YECKOIo IKCIEPHMEHTa CPAaBHUBACTCS BO3MOKHOCTD OTJIEJICHUS JIEBOTO dJIeMEHTa (IeTepMUHATOPa WITH [TO0Ceccopa)
OT UMEHHOM BepmuHbl B coctaBe DP wmu PP ¢ oTaeneHnemM nMeHHOM BEPIIMHBI OT KOMIUIEMEHTA (3aBHCUMOTO MH-
(MHUTHBA WIH IPEIOKHO IPyIIIbl). Pe3ybraTsl OKa3bIBAIOT, YTO OTACJICHUE BEPILIMHBI sl HOCUTENIEH PyCcCKOro
SI3bIKa HE [IPOCTO BO3MOXKHO, HO M OLICHHBACTCS BBIIIIE, YEM OT/ICJICHUE JISBOTO IEMEHTa OT BepuInHbI. JJaHHbIi naT-
TepH 00bsICHsIETCS TPeOOBaHUs HHPOPMALIMOHHOM CTPYKTYPHI: BBIHECEHHBI JICBBIN DJIEMEHT HE MOXET ()OPMHUPOBATH
c000ii eMHCTBEHHBIN TOIMHK Kiay3bl. HU3KHE OLIEHKH COMACyIOTCS € CyHIECTBYOIMMH IKCIIEPHUMEHTAIbHBIMH HC-
CJICIOBaHUSIMH, OJHAKO PE3YJIBTaThl BPEMEHH YTCHUS OKA3hIBAIOTCS MMPOTHBOPECUYAIIMIMHA CYIIECTBYIOIIUM IIPEICTAB-
JICHHUSIM O KOTHUTUBHOM Harpyske, TpeOyeMoi Jiist 00pabOTKH MPE/ITIOKEHHN ¢ PACIICIICHHEM.

KiiroueBble ¢J10Ba: paciieyICHUE COCTABIISIONICH; paclCIICHHBIN CKPAIMOIHHT; HHPOPMAIIMOHHAS CTPYKTypa

1 Bsenenue

PaciernieHHbIH CKp3MONMHI, TO €cTh Takue KOH(GUrypanuu, Ipyu KOTOPBIX HEKOTOPAas COCTABIISIOIIAs
OKa3bIBAETCS pas/esieHa IPYTUMHU dIeMEHTaMU TIPEIOKEHHSI, OTIMCAHBI JUIA LEJIOTO Psiia TeHETHUECKH
Y THIIOJIOTUYECKH Pa3HOPOIHBIX S3BIKOB (CM., Cpear Mpounx, [5] s ykpauHckoro, [4] 1uis HEMeNKoro,
STIOHCKOTO M XOpBarckoro, [6] st rpysuHcKoro). Hanmpumep, B mpemnoxkenun (1) u3 cepOcoro s3bika
npuiIararesibHoe NOVi 0Ka3bIBaeTCsl BHIHECEHO B HAYaJIO KJIay3bl OT MIMEHHOM BEpIIMHBI auto.
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(1) Novi je on auto slupao.
HOBBIi AUX  OH MalliuHa pasou
‘On pas6un HoByto mamuny’. (Cepocknit, [1])

ITomo6OHBIE KOHCTPYKIIMH B PYCCKOM SI3BIKE TAKXKe MMEIOT HOTYI0 ncropuio uzydenus [7][8][9]. ITep-
BBIM 3KCIIEPUMEHTAIBHBIM HCCIICIOBAHUEM KOHCTPYKIUI C paclleIUIEHHBIM CKPAMOIMHIOM B PyCCKOM
s3bIKke sBysgeTcs pabota M. Cekepunoii [17]. B omHOM K3 ONTHMCAHHBIX B pabOTE 3KCIIEPUMEHTOB C TOMO-
IIHI0 YTCHUS C CAMOPETYISIITUECH CKOPOCTH CPAaBHUBAIKCH MpeioxkeHus Tuma (2). CpaBHEHHE BpeMEHHI
YTEHUS I1arojia (BTOPOro IEMEHTa) U MIMEHH JIN00 anBepOuana (IocaeIHero AIeMeHTa) 0Ka3alo, 4To
00a syeMeHTa TPy PacHICTNICHHH YUTAIOTCS PECTIOHACHTAMHU JIOJIbIINe, YeM TIPH CKPIMOIUHTE TTOTHOM
MMEHHOHN WM TPEIOKHON TPYTIEI, U3 YeTro aBTOp 3aKJIF0YAeT, YTO PACIIEIUIEHHBIH CKPIMOIUHT Tpe-
OyeT 00JIbIlle KOTHUTUBHBIX PECYPCOB ISt 00PabOTKH, YeM ITOJHBIM.

(2) a. O kpacuBO¥ BCIOMHMHAT MO JABOIOPOIHBII OpaT CTYJICHTKE.
b. O cTyneHTKE BCITOMUHAT MO JBOIOPOIHBIN OpaT MOCTOSHHO.

[Ipu sTom U. CekeprHa OTMEUAET, UTO €€ MHOTHE €€ PECIIOHACHTHI PaCICHUBAIN TIPEIBSIBISICMBIC
CTHUMYJIBI KaK «HEECTECTBEHHBIEY HIIH JIaKe KHEBO3MOXKHBIE». TeM He MeHee, KOH(UTYpaIliH ¢ pacIien-
JIEHHBIM CKP3MOJIMHIOM PaclpOCTPaHEHbl B Pa3srOBOPHOM PEYM, O YeM TOBOPUT uccienoBanue A. Ile-
peIBIBAiT Ha KOpIyCcHOM Marepuaie [14].

B nogasisitoriieM GONBITHHCTBE UCCIIEIOBAHUI — KaK PYCCKOTO sA3bIKa, TAK U APYTUX — paccMarpu-
BAIOTCS BHIHOCHI DJIEMEHTOB JIEBOM Nepu(epry HMEHHON IPYIIIBI, B YACTHOCTH abeKTUBHBIX abIOHK-
TOB. OJIHAKO TUIOTETHYECKH MOXKHO MPEICTaBUTh TAaKyl0 KOH(UTYpaIMio, MPH KOTOPOW BepHIMHA
TPyIIbI OKa3bIBACTCA OTACIICHA OT €€ IMPaBOIro 3aBUCUMOTI'0 — KOMIUIEMCHTA UJIU aIbIOHKTA. Mz1 Haxo-
JIMM TaKuve MpUMepPhI B He(hOopMaIbHON KBa3H-Pa3srOBOPHOM PEYd B COIMANBHBIX CETSX (3), OMHAKO IO
CIIOPAJINYECKUM ITPUMEPAM HEJIb3s1 OLIEHUBATH OOIINI YPOBEHD TIPUEMIIEMOCTH.

(3) MoumrHoe enaHKe UCTIBITHIBAIO MIOMPOCKTS JtOACH U3 benapycu nepecrars nucarhb, 4to B Ka-
3axcrane npoucxonut benapyce. (Twitter, 05.02.2022)

CpaBHUTH BEIHECCHUE MPEMOTU(PHUKATOPA (T.H. PAHHUH CIUTUT) C BBIHECCHUEM BEPIIUHBI OT KOMILIE-
MeHTa (T.H. IO3HHUH CIUTUT) HHTEPECHO HaM €Ille U C TOYKH 3PCHHUS aKTyaJbHOTO YJICHEHHSI MPEeIIoKe-
HUSI, COAEPIKAILErO PACIIEIVICHHYI0 KOHCTPYKIUIO: IIPU MO3AHEM CIUIMTE JIEBAsl YaCTh PaCIIECINIEHHON
COCTaBIISAIONICH MOXeT cama 1o cebe (opmupoBaTh (MHGOPMAIMOHHBIN) TOMUK, YTO, B YCIOBHSIX
TIpEeIbSBIICHUS BHE KOHTEKCTa, Kak y M. CekepuHO, MOXKET o0erdarh pecroHacHTaM 00paboTKy CTH-
MYIIOB. B TOM, 4TOOBI MBI MOIJIA ITIOHUMATh HUHTCPHPETALUIO, KOTOPpAasA BOSHHUKACT Y PCCIIOHACHTOB, I10-
MOYET MPOCOIUICCKHUI SKCIICPUMEHT.

TakuM 00pa3oM, pe3yNbTaThl MPEABIYIINX IKCICPUMEHTAIBHBIX H KOPIYCHBIX HCCIICAOBAHUMN pac-
MIETITICHHOTO CKP3MOJIMHTA B PYCCKOM A3BIKE MOTYT OBITh YTOUHEHBI M PACIIMPEHBI IIPH MOMOIIHN ABYX
MCTOJUK, KOTOPBIC PAHCC K JaHHBIM KOH(I)I/II‘ypaL[I/I}IM HC NPUMCHAJIMCHL: OLUCHOK MNPUEMIIEMOCTH H
Hanbosee €CTECTBCHHOM MPOCOANYU MPOU3HECCHUS.

2 CHHTaKcHYecKHe YKCIePpUMEHThI

2.1 JIu3aiin U npoueaypa

Cpenu (pakTopoB, MOTEHIMATIBHO BIMSIOMMX HAa MIPUEMIIEMOCTh KOHCTPYKLHUH € PacILEIICHUEM, MBI
BBIJICITIIN clieytonire. Bo-nepBriX, Ha JIeBoii Ieprudeprr UMEHHBIX TPYII MOTYT HAXOIUTHCS pa3HbIe
IO CTaTycy U CEMaHTHKE 3JIEMEHTHI, B YaCTHOCTH, IOCECCOPHI U AeTepMUHATOpbl. Bo-BTOpBIX, pacien-
JICHUIO MOTYT MOJBEPraTbcs Kak MMEHHBIC, TaK U NPEATIOKHBIC TPYHIbl. TpeTbuM (akTopoM, KOTOPBIH
00Cy>XIaJicsi BbIIIE, SIBJISETCS MO3UIHUS CIUINTA: OTIICIUICEHHUE JIEBOTO JIEMEHTA OT BEPILIMHBI (paHHUIN
CIUTWT) WJIM BEPIIMHBI OT MIPABOTO 3aBUCUMOTO (ITO3AHUI CILTHUT).

OKCHeprUMEHTAIbHOE M3YYeHHE PAacUICIUIEHHOTO CKpAMOIMHTra SIBISIeTCS OAHOW M3 dacTel Oomee
KPYITHOTO MCCJIEAOBAHNUS, IIOCBSILEHHOTO PACLICIIIICHUIO COCTABIIIOIINX MIPY Pa3HbIX THIAX MEPEIBH-
XKeHHA. B cBA3M ¢ 3TUM MMEHHBIE W IMPEJUIOKHBIE TPYIIBI OBITH pa3/ieleHbl Ha JBa 3KCIIEPHMEHTA.
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B kaxI0M U3 3KCIEpUMEHTOB CKPAMOJIMHT BBICTYMaeT OAHUM W3 YPOBHEH (hakTopa mepeqBHKeHHS.
JByms npyrumu GakropaMy SBJISIFOTCS THII JICBOTO 3J€MEHTa (II0ceccop WM AETEPMHUHATOD; B IKCIIE-
PUMEHT ¢ UMEHHBIMH TPYIIIIaMH TakKe OBUTO T00aBJICHO yCiIoBHE O€3 JIEBOTO AJIEMEHTa BOOOIIE, TIie
OTUICTIJICHUIO TMOJBEpraeTcsd TOJNBKO BEpPUIMHA) W Mo3uius crumra. PakTopHbll auzaitn DP-
JKCIIEPUMEHTA, TAKUM 00pa3oM, COCTOUT 3 TISITU PEJIeBaHTHBIX Ul CKPAMOIMHTA YCIOBHH, a AU3aliH
PP-skcriepuMeHTa — M3 4eThIpEX.

B kadecTBe MpaBbIX 3aBUCUMBIX PACIIEIUIIEMOMN IPYIITBI MBI BRIOpaIH MPEIOKHYIO TPYIITY W HH-

(MHHUTHUB; B SKCIIEPUMEHTaX OHH ObLTH cOaJaHCUPOBAHBI, TO €CTh ITOJIOBUHA CTUMYJIOB UMella OJMH THUII
KOMIUIEMEHTA, TI0JI0BUHA — Japyroi. B mpumepax (4) u (5) mpuBeIeHB! CTUMYIBI 3KCIIEPHUMEHTOB C
MMEHHBIMH U IIPEIUIOKHBIMH TPYIIIaMU COOTBETCTBEHHO. B ByX 3KCIIEpUMEHTaX HCIOIb30BAINCH OU-
HaKoOBBIE (DMILIEPHI; B KAYECTBE TPAMMATHYHBIX HUCIIOJIL30BAIIMCH MPEUIOKCHUS C PEISITUBHBIMU 3aBH-
CHUMBIMH KJIay3aMH M YaCTHBIMH BOIIPOCAMH, HETpaMMaTHUHBIE COJIEPKall OIIMOKH B aASKHBIX (op-
Max OTHOCHUTEIBHOTO MECTOMMEHMSI, IVIar0j0B MaTPUYHOM Kilay3bl M1 OTHOCHTEIBHOIO MECTOUMEHHSI.
ITpumeps! huintepoB npuBeaeHsI B (6).
(4) . TBoii CoHs oueHHIa coyc U3 OeNbIX rpHOOB.
. TBoit coyc Cons orieHnna 3 OeNbIxX rpudoB.
. OtoT CoHS OIleHnIa COyC U3 OCNBIX TPHOOB.
. 9101 coyc CoHsl oLleHHIIa U3 OENbIX TPHOOB.
. Coyc Cons ouenumna u3 6enbIx rpuOoB.

© O O T o

5) . 06 AunroM COHS BCIIOMHHUIIA COBETE BAPUTH MACO Ha KOCTH.
. O6 AnnnoMm cosete COHSI BCTIOMHHJIA BAPUTH MACO Ha KOCTH.
. 06 onroM CoHs BCTIOMHHIIA COBETE BAPUTh MSICO Ha KOCTH.

.00 OIHOM COBETC CoHs BCIIOMHMIIA BAapUTh MsCO HA KOCTH.

o 0O oo

(6) . Topt, kotopsiii Bepa 3aka3ana Ha cBa1b0Y, OKa3aycs y>KaCHOM HEBKYCHBIM.
. Kakyto cnipaBky Hy»HO PUHECTH, YTOOBI O(hOPMUTH HAJIOTOBBIM BHIYET?

c. *XKupada, koTOpbIil eTH BUIeNIa B 300MapKe, IEPEBE3IHN B COCEAHUN TOPOLI.

o o

JUi1st n3MEpeHust BpDEMEHH YTEHHUS CTHMYIIBI IIPEABSIBISUINCH PECIIOHCHTaM 1o (peiimam. B ctumynax
PP-skcniepuMenTa npeyior 00beAUHSIICS B OMH (peiiM B MOCIEAYIOLIMM CIIOBOM; KPOME TOTO, MPE/-
JIOXKHBIE TIPABbIC 3aBUCHMbIC IPEIBSIBISUINCE B BUJIE OHOTO (hpeiiMa, KOTOpbIi 00beJHHIT B ce0e mpe-
JIOT, TIPWJIAraTelIbHOE U HMSL.

DkcrepuMeHThbI ObLTH peann3oBanbl Ha matdgopme PClbex Farm [20] u pacmipocTpaHeHsl B COIH-
aJIBHBIX CETAX U Ha KpayICOPCHHTOBOM pecypce «Snexc. Tonoka»®. Ilepesn HauanoMm SKcrepHaMeHTa pe-
CIIOH/ICHT 3aIlOJHST KOPOTKYI0 COLMOIMHTBUCTHYCCKYIO aHKETY, OCIe KOTOPOH eMy MpEIbsIBISsIIACH
UHCTPYKIHUS C OMHMCAHWEM MPOLEIYPbl U TPU TPAMMATUYHBIX U HETPAMMATUYHBIX TPEHHPOBOUHBIX
npeioxkeHus. CTUMYITbI IPEIbSIBISIIACH B OPS/IKE «IPAMMATHYHbIH (HILIEp — TECTOBBII CTUMYI —
HerpaMMaTHYHbIN (QUILIEp — TECTOBBIN CTUMYID).

2.2  Pe3yabTarhl: OlIeHKH

Craructrdeckas 06paboTKa pe3ysIsTaroB MPOBOAMIACEH C TOMOIITEIO s1361ka R [15]. B mepsyro ouepesnp
OLICHKH M0 miKase JInkepTa NpUBOAMINCH K HOPMaTbHOU (opme sl HUBETUPOBAHUS HHIMBHUIYATbHBIX
TEHICHITUH Ka)XJI0TO PECIOHICHTA B WCIIONB30BaHMM KAkl [16]. Crexgyromum marom B o0paboTke
OBLIT OTCEB ayTJIACPOB: U3 PACCMOTPEHISI yOUPAIUCh OTBETHI MH()OPMAHTOB, YbH OIICHKH IPAMMAaTHIHBIX
Y HETPaMMaTUYHBIX (PHIJUIEPOB OTIIMYAIIUCH OT CPETHUX IO BRIOOPKE OOJIBINIE, UEM Ha JIBa CTaHJAPTHBIX
OTKJIOHCHHUSI.

IMocre oTceBa ayTiaepos ajist anaau3a DP-skcriepuMEHTOB 0CTaNnCh JaHHbE 94 pecIoHIeHTOB (BO3-
pact ot 15 1o 66 Jnet, cpepnuii Bo3pact coctaBmil 38.44 5ieT); NeBATh PECIIOHICHTOB YKa3ail HAJIUIne
JMHTBUCTHYECKOTO 0OpasoBanus. J{ns PP-skcniepumMenTa paccMarpuBaiuch AaHHbie 97 peCroHICHTOB
(Bozpacr ot 18 1o 76, cpemumii Bo3pact — 39 Jer).

Ihttps://toloka.yandex.ru
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HOpMaJ’II/BOBaHHHC OLICHKHU obonx SKCIICPUMCHTOB MPCACTABJIICHBI HAa rpadwnce B3aHMMOJICHCTBUS 1
HHMXKC!

DP PP

1.0 1.0

0.0 0.0

HOpMaJIM30BaHHLIE OLEHKH

rpam- Herpam- PAHHHH MNo3AHHN rpam- Herpam- paHHHH MO3AHHH
MaTHYHBIH MaTHYHBIN MaTHYHBIH MaTHYHbIH
[To3uuma crnra [Mo3uuma cnura

JleBmlii 3JIeMeHT+ JAeTepMHHATOp— Noceccop 0 ~ ¢wuiep
PI/IcyHOK 1: HOpMaJ’II/IBOBaHHHG OLCHKH 3KCIICPUMEHTOB C UMCHHBIMHA U IPCAJIOKHBIMU I'PYIIIIAMU

J171st BBISIBIICHUS CTATUCTUYECKH 3HAYMMOTO BIIMSHUSA (PaKTOPOB MCIIONB30BANCH INHEHHBIE CMETIaH-
HbIe Mozienu. B kayecTBe (UKCHpOBaHHBIX 3P(PEKTOB MPOBEPSUIHCH HE3aBUCUMBIE TIEPEMEHHBIE: TUTL
nepeaBrkeHus (movement), tumn aeBoro snemenrta (left) n mosumms crumura (Split_position). B kagectse
ciTydaifHbIX 3¢ ¢deKToB ObLTH 0OaBIeHsI pecronaeHT (participant), npemoxerue (SENtENCE) U THIT KOM-
miemMenTa (complement). Ot6op Gopmyt MOIETH TPOBOAKMIICS BPYYHYIO Ha OCHOBAaHHH WH()OPMAIIHOH-
HOro Kputepusi Akamke u baiiecoBckoro mH(popManuoHHoro kputepus. @DuHanbHas dopmyna uis
DP-skcriepumenTa npuBesieHa B (7). B paMkax qaHHO# MOIeNH BIMSIHUE TTO3THETO CIUTMTA OKA3bIBACTCS
CTaTUCTHYCCKU 3HAYUMBIM U montokutenbHbIM (B = 0.37, SE = 0.05, p < 0.001), mpu 3TOM MeX Iy TByMS
TUIaMU TIepeABMKEeHUH 3HauynMbIX pasnuuuii Het (B = -0.07, SE = 0.05, p = 0.19) u B3aumoneiictBue
MEXy (pakTopaMu MO3UIIMH CIUIATA U THIA TiepenBrkeHus He 3Haunmo (§ = -0.06, SE = 0.05, p = 0.4).

(7)  z-scores ~ 1 + split_position * movement + (1 | sentence) + (1 | participant)

O6mias mozens s PP-skcniepumenta npuBenena B (8). IIpu aToM it CKpIMOJIMHTA B3anMOJIEH-
CTBHE C MO3MLHUEH CIUTUTA MOJIOKUTENIbHO, HO He 3HaunMo (3 = 0.08, SE = 0.08, p = 0.317).

(8) z-scores ~ 1+ movement * split_position + (1 | sentence) + (1 | construction) + (1 + movement
+ split_position | participant)

Taxkum 06pa30M, HU IJI1 UMEHHBIX, HU I OPCAJIOKHBIX TPYIIIT TUIL JICBOT'O 3JICMCHTA HE OKa3aJl 3Ha-
YUMOTO BIUSHHS HA BOBMOXKHOCTB PaCIICTICHHS: ITOT TapaMeTp He Bolen B puHaIbHbIe Moenn. J{is
WMEHHBIX TPYII, T€ MBI TaKKe MPOBEPSUI MPUEMIIEMOCTh OTIIETUIEHUS BEPIIUHBI 0e3 JIEBOTO die-
MeHTa BOOOIIE, 3TH YCIOBHUS [0 YPOBHIO OIIEHOK HE OTIIMYAIOTCS OT YCIOBUN C HAJIMYHEM JIEBOTO dJie-
MeHTa. [lo3mHui crmuT nmonmyyaer Goliee BRICOKHE OLIEHKH, YeM PaHHUH, OJHAKO U HMEHHBIX TPy
9TO pa3nuyhe 3HAYMMO, a JIS TPEJIOKHBIX — HeT. [laHHas 3aKOHOMEPHOCTh COTJIacyeTcs CO CBOM-
CTBaMM PACHICTIIICHHS ABYX THIIOB TPYTIIT IIPY BOIIPOCUTEIEHOM IePEIBIKEHIH, OTUCAHHBIMH B paboTe
[2], tae npemioxkHbIE TPYMIBI CTAOMIIBHO OLICHUBAIOTCS HIYKE, YeM UMEHHBIC: YYUTHIBAS, YTO B HAILIMX
AKCIEPUMEHTaX CTUMYJIbl C PAHHUM CIUTUTOM OIIEHUBAIOTCS MPAKTUYECKH Ha YPOBHE HETPAMMAaTHYHBIX
(dusiepos, naxe Oosee mpueMieMoe yciaoBue s PP oka3biBaeTcs 110 YpOBHIO HUXke, ueM DP.

2.3 Pe3yabTarhl: BpeMs YTeHHS

OTHOCHTENBHO BPEMEHU UTEHHMS ISl KaXKA0T0 HKCIIEPUMEHTA HAC MHTEPECYIOT ABE TOUKH CPAaBHEHMS,
HaXOoAsALIMEeCs Ha MECTaX «pa3pblBay» PACIICIUIEHHON KOHCTPYKIUHU: CyObEKT — UMsl COOCTBEHHOE, CTO-
AN cpa3y Mocie JeBOH OTHICTITICHHON YacTH, U MpaBoe 3aBrcuMoe. Hike mpeacraBieHsl 06001IeH-
HBIC CXEMbI CTUMYJIOB C PAHHHUM U 1TO31HUM CITuToM (9). MBI ipe/inonaraem, 4to pa3indus BO BpDEMEHH
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4yTeHHs OyJeT JeMOHCTPUPOBaTh UMEHHO BTOpasl TOUKA: MIPAaBOE 3aBUCUMOE TPEATNOIOKUTEIBHO OyneT
TpeOoBaTh OoJIbIIEe BpeMEHH Ha 00pabOTKy MPH MO3IHEM CIUIUTE 110 CPAaBHEHHUIO C PAHHUM, OCKOJIBbKY
IPYU TO3HEM CIUIMTE YUTAIOLIUM €ro He OXKUIAET, YTO BJIeUET HEOOXOIUMOCTh B IIEPECTPOIKE CHHTAK-
CUYECKOU CTPYKTYPBL.

(9) a. Pannwmii cruat: (P) Left Subj V Noun Comp
b. ITo3muuii crout: (P) Left Noun Subj V Comp

Jlist Kax1oi M3 IBYX TOYEK CO3/1aBaJIach CBOSI JIMHEIHASI CMEIIaHHAsI MOJIEITb C TEM ke HabopoM (k-
CHPOBaHHBIX U CIIyYaHBIX 3((EKTOB, UTO ¥ B MOJEIISAX AJIsl HOPMaJIH30BaHHBIX OLICHOK. B cBsi3M ¢ TeM,
YTO CTUMYJBI ¢ ”HOUHUTHBHBIMY H TIPEIOKHBIMH MPAaBBIMU 3aBHCUMBIMH UMENH Pa3HOE KOIUYECTBO
(hpeliMoB 1 pasHEIi 00beM (peitma, IPEICTABISIIONIETO KOMIZIEMEHT, MBI Oy/IeM paccMaTpHBaTh UX IO
otaenbHOCTU. CozlepKaTeNbHbIE pe3yNbTaThl MOJIENEeH CyMMHUPOBAHBI B TaOIUIIC:

IKCnepUMEHT Cy0beKT Komniement

DP: nabHATHBHAS KOHCTPYKIHS | HET pa3THIHil HIDKE TTPY TTO3THEM CILTHATE
DP: npeaJIoKHasd KOHCTPYKIHA BBIIIEC IIPH TO3AHEM CILIMTC HMHKE IIPU ITO3AHEM CILIIUTC
PP: nHQWHUTHBHAS KOHCTPYKIIHMS | BBIIIC IPH MO3IHEM CILUTUTE HWXKE MPH MO3THEM CILTUTE
PP: mpeanoxHast KOHCTPYKIHS HET pa3nuyuit HIDKE TIPY TIO3/THEM CILIATE

Tabmuma 1. CpenHee BpeMs IYTCHHS

CyObekT TpeOyeT Oobliie JINOO CTONBKO XKe BpeMeHH 111 00pabOTKU IpH MO3AHEM CIUIUTE MO CPaB-
HEHUIO ¢ paHHUM. [1o Bcei BEpOSATHOCTH, 3TO CBA3aHO C TE€M, YTO MPH ITO3THEM CIUIUTE COYETAHUE Jie-
BOTO 3JIEMEHTA C BEPIIMHON MOXKET MHTEPIPETHPOBATHCS KaK BBIHECEHHBIH 00BEKT. Cpenu MopsIKoB
CJIOB, TIPH KOTOPBIX OOBEKT pacroyiaraeTcsi Ha IepBOM MecTe, HanboJiee paclpoCTPaHEHHBIM SIBIISIETCS
OVS, a ne OSV [12], mo3TOMY MOCIIE YTCHUS BHIHECCHHOTO 00BEKTa PECITOHICHT MOXKET OXKH/IATh TIia-
TOJI; KpOME TOTO, BBIHECEHHE 00BEKTa B HA4aJIO0 KiIay3bl B JTIIOOOM Cllydae MpeAroiaraeT crenuduye-
CKYI0 MHQOPMAIIMOHHYIO CTPYKTYPY, OTJAHYHYIO OT TOW, KaKyI0 PECIOHIEHT MOXKET OKHJIaTh OT CTH-
MyJia BHE KOHTEKCTa. [Ipu paHHEeM CIUIMTE Takoro KOH(IMKTa MEKIY HEMAapKHUPOBAHHBIM OXKHAaEMBIM
¥ MapKHPOBAHHBIM PEaJIbHBIM ITOPSIKAMH CJIOB HE BO3HHKAET, TaK KaK BEHIHECECHHBIN JIEBBIN HIEMEHT HE
MOYKET OBITh ITOJHOIEHHO BCTPOCH B CHHTAKCHUYECKYIO CTPYKTYPY [0 MOMEHTA TIOSBICHHS BEPIIHHBIL.

KommnemMeHT, HalpoTHB, MPH MO3IHEM CIUIMTE CTa0MIIBHO TPeOyeT it 00pabOTKM MEHBIIE BpEMEHH,
YeM IpH paHHeM. DTHU pe3ylbTaThl IPOTHBOPEYAT, BO-NIEPBLIX, HcciienoBanuio M. CekepuHoi, a BO-BTO-
PBIX, HaIlIeH THIOTe3e, HO KOPPEIHPYIOT ¢ OLICHKaMH NPUEMIIEMOCTH: MEHbBIIIEEe BPeMs YTCHHUS CUTHA-
JU3UPYET O MEHBIIIEH KOTHUTHBHOW HArpy3Ke, 4TO MOXKET IMPHBOJUTH K Oojiee BHICOKMM oreHkam. Oj-
HAaKO B TaKOM Cllyyac Mbl MOIJIM ObI OKHMJATh B3aMMOJCHCTBHS MEXIY BPEMEHEM UTCHHUSI U APYTHMHU
(akTOpaMH HKCIEPHUMEHTOB, BIMAIOIINMH Ha OICHKU: THUIIOM TPYIIIBI K TUIIOM NepeaBIKeHus. Takoro
B3aUMOJICHCTBHS HET, TIOATOMY MBI MOXKEM 3aKJIFOYHUTh, YTO PA3INYHS B IPUEMIIEMOCTH UMEIOT HE KO-
THUTUBHYIO, a TPAMMATUYECKYIO IPHPOAY.

2.4 CuHTaKcHYecKHe JKCTIEPHMMEHTBI: 00CyKIeHne

Takum 00pa3om, OTIIEIUICHHE JIEBOTO AIIEMEHTa OT MMEHHOH BEpIIMHBI OIIEHWBAETCS HOCHUTEISIMH
HUWKEe, YeM OTILCIUICHUE BEPIIUHBI OT IPAaBOro 3aBUCHUMOTO. JlaHHBIC Pe3yNbTaThl KaXKyTCsl HEOXKH IaH-
HBIMHU: KaK Y€ HEOJHOKPATHO OTMEYAJIOCh BHIIIE, CYIIIECTBOBAHHE B PYCCKOM SI3bIKE KOHCTPYKIUHU C
BBIHECEHHBIM MPEMOIU(UKATOPOM TIOATBEPKIEHO MHOTOUHCIIEHHBIMU KOPITYCHBIMH TIPUMEPAMU U HE
CTaBUTCS 110J1 COMHEHUE. UTo, B TAKOM City4ae, 00yClIaBIMBaeT HACTOIbKO HU3KYIO IPUEMJIEMOCTh CTH-
MYJIOB B YCJIOBUSX 3KCIIEPUMEHTA U aCUMMETPHUIO MEX]Ty JByMsI THIIAMHU paclieruieHuit? Mbl nipearo-
Jlaraem, 4To 37IeCh UTPaeT poJib HHPOPMALIMOHHAS CTPYKTYpa.

CKp3MOJIMHT KaK KOMMYHUKAaTHBHO MOTHBHPOBAHHOE MEPEABIIKEHUE MOXKET SIBJISITHCS JINOO TOHMKA-
nu3anueid, b0 Qokanu3alyel BBIBUracMOW COCTaBIsIONICH. B ciaydyae mo3gHero crummra, Cylie-
CTBYET TPH BO3MOXKHBIX MHTEPIIPETALMU JICBOW YaCTH pacUICIUICHUS: KaK WH(POPMAIMOHHBIN TOIHK
(10), xax KOHTPACTHEIHA TOIHK, TPEOYIOLIH KOHTPACTHOTO (POKyca, HapuMep, npeaukaryHoro (11), miu
Kak (KoHTpacTHbIN) hokyc (12).
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(10) {Yro ciyumnocsk ¢ [leTHHBIMU TOKyMEHTaMu U3 apxuBa? }
IleTHHbBI JOKYMEHTBI JICHUC HCIIOPTUIT U3 apXHBA.

(11) Ierunsl mokymenTs Jlenrc ucopTii u3 apxuea. {a Bacuusr dportorpaduu mpomai. }

(12) Iermusl nokymenTsl Jeruc ucroptuia u3 apxusa. {a e Bacuusr Gportorpadun.}

s paHHEro CrumTa, OAHAKO, BO3MOKHOCTH OTPaHUYEHBl KOHTPACTHBIMH MHTepnpeTanusiMu. Otae-
JICHHBIN JIEBBIA 2JIEMEHT MOXET OBITh (KOHTPACTHBIM) (OKYCOM JTHOO KOHTPACTHBIM TOIMHUKOM (CM.
taroke [19]). ITo ypoBHIO OILICHOK, TEM HE MEHEe, OYEBHIHO, YTO JBE ITH MHTEPIPETALUH HE SIBISIOTCS
JUISL PECTIOHICHTOB MIEPBBIMU MPUXOAIIUMH Ha yM. Takast KOHQHUTypauus, Ipyu KOTOPOH OTAEIeHHBIN
npemoarukarop GopMUpyeT HEKOHTPACTHBIN TOMHUK, HEBO3MOXHA. COOTBETCTBEHHO, MBI IIpeJIIIOa-
raeM, 4To Haubojee eCTeCTBEHHAs IS HOCHTEINICH PYCCKOTO S3bIKa CTPATET sl HHTEPIIPETAllil — 3TO
paclieHHBaTh HAYaJI0 CTUMYJIa KaKk HHQOPMAIIMOHHBIH TOMHUK, YTO MIPUBOIUT K HEMPUEMIIEMOCTH TIPE-
JIOKEHUH ¢ paHHUM CIUTUTOM. [IpoBepHTh 3Ty TMIIOTE3y B paMKaX CHHTaKCHUECKOTO SKCIIEpUMEHTa 0e3
KOHTEKCTa HEJb3sl, I03TOMY MBI IIPOBEITH MPOCOIMIECKUI IKCTIEPUMEHT.

3 IIpoconmueckuii IKCTIEPUMEHT

3.1 [Iu3zaiiH u pe3yabTaTbl

Cnenududeckas nHPOPMALMOHHAS CTPYKTYpPa M CBI3aHHAS C ATUM MPOCOIHS KOHCTPYKIHH C pacIern-
JICHHEM B sI3bIKax Mupa yxe Obuta mpeamerom mpeamerom uzyuenus [13][17]. CambiM Gonbiium u3
sBJIseTCs THIoNoruueckoe uccienoanue K. ®apu u [x. ®rncnoy [5] — onHako pycckuii 36K B HEil
paccMaTpHuBaeTcs Majo, KpoMe TOTo, He OepeTcs B pacdeT MOo31HHUH CIUIHT. bonee moppobHo Marepuan
pycckoro si3pika paccMmarpuBaercs B padorax [9][10][14], aBTOpbI KOTOPBIX MPUXOASAT K MPAKTHUESCKH
UJICHTUYHBIM BBIBOJIAM. PaclienyieHHbIH CKPAMOIMHT U ¢ TONMHMKAJIU3alMeil, U ¢ Gokanu3anuei IeBoro
JNIEMEHTa IEMOHCTPUPYET TaKHe JKe MPOCOINYESCKHIE CBOMCTBA, KaK U CKPAIMOJIMHT BCE TPYIIIBI IEJHU-
koM. KonTpacThslii hokyc xapakrepusyercs MK-2% To ecTh najeHHEeM TOHA HA KOHTPACTHOM (DOKaIIb-
HOM 3JieMeHTe (1uT. o [14]):

(13) a. MaimnoBoro\\ BapeHbs oHa MHe npuciana! {a He KITyOHHYHOTO}>
b. ManunoBoro\\ oHa MHe npucnana BapeHbs! {a He KITyOHHYHOTO }

KonTpacTHBIi TONUK, B CBOKO 0ouyepeb, nporusHocures ¢ MK-5 u uMeer Ba NuKa, MEKIy KOTOPBIMU
HaOmonaeTcs (OTHOCUTEIBHO) BEICOKOE IJIATO: MOABEM TOHA Ha KOHTPACTHOM TOTIUKAIBHOM 3JIEMEHTa
Y MaJICHUE Ha CIIeAYIOLIEM 32 HUIM KOHTPAcTHOM (DOKaJIBHOM.

(14) a. ManunoBoro/ Bapenbs oHa MHe\\ pucnana! {a knyonnynoro Caie}
b. Manunosoro/ ona mue\\ mpucinana Bapenbs! {a knyoununoro Caie}

Taxum 006pa3zoM, MBI MOXKEM C(HOPMYITUPOBATH OKUJAHHS OT IPOCOJUIECKOTO IKCIIEPUMEHTA: CYIIe-
CTBYET JIBE XapaKTepPHBIC CTPATET MM HHTOHAIIMOHHOTO 0(OPMIICHHUS PACIICTUICHHBIX KOHCTPYKITHH, TTPH
KOTOPBIX TOIYYaIOTCsS MHTEPIPETUPYEMbIE BHICKA3bIBaHUA. ECiu pecmoHIeHTHI OymIyT MPEearnounuTaTh
STHM CTpaTerusM HeMapKupoBaHHBIA KOHTYp MK-1 ¢ Temarndyeckum mombeMoM Ha Hadaie Kiay3bl U
MajicHueM B KOHIIE, 3HAYHT, OHH BOCIIPHHUMAIOT CTUMYJIBI 0€3 KOHTPACTHON MHTEPIIPETAITIH.

B kayecTBe (haKTOpPHOrO JAM3aiiHa MBI HCIOJIB30BAIM MOAUDUIIMPOBaHHBIN au3aitn  DP-
JKCIEPUMEHTa, B KOTOPOM NpU JOOABJICHWUU THIIA TPYMIBI B Ka4ecTBE (pakTopa MOIyYMIIOCh BOCEMb
ycioBuit. J{ns kaxxaoro U3 yciaoBuid ObLTO 0TOOpaHO MO ABa CTHMYJa (OAMH C MPEUIOKHBIM M OJIHH C
WH(GUHUTUBHBIM KOMIUIEMEHTOM) TaKWX, YTOOBI KaK[as JCKCHKaJU3allisi BCTPETHIACh B MaTepualie
TOJILKO OZIVH pa3. B kauecTBe PuiuiepoB ObLIO COCTAaBICHO 14 yTBEPAUTEIBHBIX MPEATI0KECHUH, MaKCH-
MAaJIbHO Pa3HOPOHBIX MO cTPYKType (16). CTUMYIBI PEABSBISUTUCH B MOPSIIKE «TECTOBBINA CTUMYI —
dbuiep» ¢ paHIOMHU3AIMEeH B KaXKIOH TpyTIIe.

2 B cranpaprtHO# HoTaumu [3]
3B crarbe MBI IPHIEPKUBAEMCS CIEMYIOIIEH TIPOCOIMYECKON HOTAIMY: /| — AKIEHT-TIOABEM (TOTHK), \ — aKIEeHT-TIafieHue
(uadopmarmonnsiit pokyc, MK-1), \\ — kourpactaoe nagenue (koHTpactHblil pokyc, NK-2).
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B skcnepumente npunsiu yuactue 10 peciongentoB uz Mockssl U Cankr-IletepOypra (Bozpact oT
18 no 24, cpemunii = 21.7), HOCUTENN JIUTEPATYPHOTO MMPOU3HOIICHUSI.

Pe3ynbrarsl OKa3pIBalOTCS MIMOJICKTHO YCTOMUMBBIMU: Ha HECKOJBKHX IIEPBBIX TECTOBBIX CTHUMYJaxX
PECTIOH/IEHTHI HACTPaUBAIOTCSI, TOCIIE YETO MPUAEPKUBAIOTCS CTAOMIIBHOM MPOCOIMYECKO CTpaTeruy, Ha
KOTOPYIO HE OKa3bIBAIOT BIUSHUS DKCIIEpPUMEHTaIbHBIE (hakTopbl. KOHTpacTHO-TONMMKAIbHAS CTpaTerus,
0Ka3anach PErysipHON TOJIBKO AJISl OJHOTO PECIIOHACHTA U3 ACCATH, IPUIEM OHA HE 3aBUCHUT OT HO3UIIMU
crwmta (17a). st [ByX pecroHICHTOB YaCTOTHOW (HO HE eMHCTBEHHOI) OKa3bIBaeTCst (DOKyCHast CTpa-
TETHs C aKIIEHTOM-TIaJIcHUEeM Ha JieBoM aieMenTe (17D); y omHoro u3 Hux (OoKycHOE BBIICIICHUE TAKKe
conpoBoXkaaercs 3M(pa3zoi — yIIMHEHWEM YAapHOTO IACHOTO U YBEJIMYEHHEM HHTEpBasa MaJaroliero
ToHa. JIJ1s1 OCTaBIIUXCSI CEMH PECTIOH/ICHTOB IPU PaHHEM CILTUTE CAMOM YaCTOTHOM CTpareruel sBisieTcs
KOHTYP C JIByMsi TIOMbEMaMH: Ha JICBOM dJIEMEHTE U Ha BepiuHe (17C); BTOPOil MOXKET COMPOBOKAATHCS
OTHOCHUTEJIFHO HECHJIBHBIM aJallTHBHBIM [1a/ICHUEM Ha MPEIbIIYIIEM CI0BE — IJIarose.

(15) a. B TommuoMm/ SlHa pasoOpanace\\ SKCIIEpUMEHTE [T KaHIUIATCKON JUCCEPTALIHH\.
b. B Tomaom\\ SIHa pa3o0Opanack SKCriepuMeHTe/ T KaHIUIaTCKOW TUccepTanum\.
c. B lommHom/ STHa pazobpanace(\) sxkcriepuMeHTe/ [Uisl KaHAUAATCKOM TUCCepPTAIUK\.

400 400

300 300

200 200

Pitch (Hz)
Pitch (Hz)

B Towntios fina pasolpanack IKCHEPHMENTE LN KILULIATCROH AMCCepTaiLt B Fomnmion Slia paroGpanacs MCHEPHMENTE A% KaNAAATCKOR ACOEPTAIIM

B lowmmion fua | pazolpanack | dKcnepuvenTe |- L kanpwaTekoll  sccepraim 8 Fommnom | Sua pasoSparacs | scniepumente A K= KAHIUIATCKOH ANCCepraimm

103.6 107.1 1311 135.1
Time (s) Time (s)

c.‘

400
300

200

Pitch (Hz)

78

B Founon Sia pasobpanacs xcney N8 Kanz

»Founion | HAna paoSpanack |  axcnepimente-e A1 KAHAHIATOROH AHCCEPTALLIN

60.35 6521
Time (s)

Pucynoxk 2. MHTOHAIIMOHHBIE CTPATETHH PAHHETO CIUIUTA

HpI/I MO3JHEM CILIUTC XapaKTepHoﬁ CTpaTGI‘HCﬁ JJIsL MOCJaeaIHEH rpynIbl U3 CEMU PECIIOHACHTOB SB-
JISIETCS NOABEM Ha BEPIIMHE:

(16) Oty monky/ duma nounami/ aist haphopoBbix GUTypok\.

3.2 IIpocognmyeckmii IKCTIEPUMEHT: 00CYyXKAeHUE

Pesynprarsl NpoCOINYECKOr0 SKCIEPUMEHTA MOATBEPKAAIOT HAIY THIIOTE3y OTHOCUTEIIEHO CHHTAKCH-
YECKHUX KCIEPUMEHTOB. CTUMYIIBI C PAHHUM CIUIMTOM HOIYYWIH CaMble HU3KHE OLIEHKU YyTh BBIIIE
WIM Ha YPOBHE HErpaMMaTHYHBIX (HIUIEPOB, HECMOTPS Ha TO, YTO CYILECTBYET JBE MOTCHIUAIbHEIE
KOMMYHHKATHBHBIE CTPYKTYPBI, KOTOPbIE MO3BOJISIIOT MX HHTEPIPETHPOBaTh: (KOHTPAcTHBIN) pokyc Ha
OTIIEIUIEHHOM JICBOM 3JIEMEHTE JIM0O KOHTPACTHBII TOIMK Ha JIEBOM JIEMEHTE M KOHTPACTHBIN (OKyC
Ha HEKOTOPOM JIpyrOM KOMIIOHEHTe IpeioxkeHus. [Ipocognueckuii aKCIepuMeHT MTOKa3bIBaET, YTO, He-
CMOTPS1 Ha BOBMOXKHOCTb 3THX HHTEpIIpeTaluii, OOJBIINHCTBO PECTIOHICHTOB (CEMb U3 AECATH) K HUM
He npuderaet. Hanbosee ecTeCTBEHHBIM AJIs1 HUX OKa3bIBA€TCsl HAUATh IPOM3HOCUTH CTUMYJI C TUIINY-
HOW TIPOCOAMEN YTBEPAUTEIHBHOTO MPEAIOKEHNS, TO €CTh C TOABEMOM B Ha4aJIe, YTO IPUBOANUT K HEUH-
TEPIPETUPYEMOCTH BbICKa3bIBAHUSI.
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4 SakiaouyeHue

Komruieke U3 Tpex 3KCIepUMEHTANBHBIX METOIMK TTO3BOJISIET HAM CJIeNIaTh CIIEYIONIHE BEIBOMIBI O CBOM-
CTBaX KOH(UTYpalui ¢ pacUICIUICHHBIM CKPIMOJIUHIoM. Bo-TiepBhIX, OTIICIICHUE BEPIIMHBI OT KOM-
IJIEMEHTa OKa3bIBACTCsI 00JIee MPUEMIIEMBIM, YeM OTIICIICHHE 3JIEMEHTA JIeBOH nepudepun (aerepmu-
HATOpa WM TI0CeCccopa) OT BepIIHHbI. BO-BTOPBIX, 3Ta 3aKOHOMEPHOCTD MOATBEPIKAACTCS JAHHBIMU T10
BpEMEHH YTCHUS (PpEiiMOB B CTUMYIIAX € JBYMS TO3UIMSIMHU CILUTUTA. B-TpeThuX, MaTTepH NpreMiIeMo-
CTH B KaXJIOM CiIy4ae 00yCJIOBICH 0COOCHHOCTIMY HH(OPMAIIMOHHON CTPYKTYPBI KJIay3, 4TO MOATBEp-
KIACTCS MPOCOTUUSCKUMY JaHHBIMHU: HECMOTpPS Ha JIBE BO3MOXKHBIX KOHTPACTHBIX WHTEPIIPETAIIWH,
YYACTHUKU CHHTAKCHYECKOTO SKCIEPHUMEHTA TATOTEIOT K TOMY, YTOOBI PACIICHUBATH MEPBBI IEMEHT
MMPEIOKCHUSA KaK TOIIUK, YTO B CIIy4a€ paHHETO CIUIMTA MMPUBOJUT K HEBO3MOXHOCTH IMTOCTPOCHUA TaJIb-
HEHIIEro mpeioKeHUSI.
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Abstract

This paper presents a pilot study intended to enhance the semantic and conceptual description of Ancient Greek
verbs in WordNet with information from two other resources, VerbNet and FrameNet, and to enrich a treebank of
Ancient Greek texts with semantic information extracted from the three resources. We provided semantic annotation
for verbs based on their morphosyntactic behavior, and performed a number of queries in order to extract occurrences
from the Ancient Greek treebank that intended to match the different meanings of each verb. The manual check of the
data extracted shows that, in spite of a limited number of mismatches, our queries yielded reliable results. The queries
can be further refined in the future and complemented with a rule-based algorithm to map frame elements to

dependency structure.
Keywords: WordNet; VerbNet; FrameNet; Ancient Greek verbs; dependency treebanks
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YiaydiieHue cCeMAHTHYECKOT0 M KOHIENTYAJIbHOTO OMUCAHUS
apeBHerpedeckux riaroaoB B WordNet ¢ momombio VerbNet
u FrameNet: uccienopanue Ha 0a3e TpudaHKa

Jlyka bpuraga Buiabs
VYuausepcuret bepramo /
Yuusepcuret [laBun
IIesuna gens JInno, 2,

Jpuka buamkerTn

Yuusepcurer IlaBun
IIesuna nens Jluno, 2,

27100 ITaBus (PV), Utanus
cricabiagettisumipv- 1ty 20 e () e
Kbspa 3anku CunibBus Jlyparn
Yuusepcurer IlaBun Yuusepcurer [1aBun
ITestua gens Jluwo, 2, [Ipsamua aens Jluno, 2,
27100 Iasust (PV), ranus 27100 ITaBus (PV), Utanus
chiara.zanchiOl@unipv.it silvia. luraghi@unipv.it
AHHOTaNMSA

B crarbe npeyiaratorcst pe3ynsrarhl IPeiBAPUTEIILHOTO HCCIIEOBAHMUS, LIEIBI0 KOTOPOTO ABIISIETCS PACLIUPEHHE
CEMaHTHYCCKOTO U KOHICNTYalbHOrO0 oOmnucaHus peBHerpedecknx niaronoB B WordNet ¢ ucnonb3oBannem
unpopmannu u3 FrameNet u VerbNet. Bosee Toro, HacTosiIee HCCIIEIOBAHUE CIIOCOOCTBYET MOMOIHEHUIO TPHOAHKA
JPEBHErPEYECKOro S3bIKa CEMaHTHYECKON MH(pOpMaleil 3 BCeX BBILIEYIIOMSIHYThIX HCTOYHUKOB. AHHOTHPOBaHHE
IJIAroJioB OBUIO BHIIIOJIHEHO B COOTBETCTBHHU C MX MOP(HOCHHTAKCHYECKUM MOBEICHUEM; 3alPOCHI, CHCTaHHbIe HAMU
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B TpI/I6aHKe APEBHETPEUECKOTO A3bIKA, MPEAHAZHAYEHBI U1 U3BJICUCHUS BXO)KZ[CHI/II‘/'I TJ1arojJIoB B COOTBETCTBHU C UX
pa3nuuHBIMU 3HaueHusIMU. HecMOTpsl Ha HE3HAUYUTENIBHOE YMCIIO HECOOTBETCTBUM PE3YJIBTATOB 3alpocaM, pydHas
MIPOBEPKA MMOKA3BIBACT, YTO IMOJIyUYCHHBIC PE3YJIBTATHI SABJIAIOTCA HAACKHBIMU.

Kuarouesbie ciioBa: WordNet; VerbNet; FrameNet; npesrerpedeckue rmaroinst; dependency treebanks

1 Introduction

WordNets (WN) are lexical databases that store meaning in a relational way. They comprise nodes for
lemmas to which meanings are associated in the form of synsets, i.e. sets of synonymous words and
phrases accompanied by brief definitions. Lemmas are connected to each other through lexical relations,
whereas semantic relations establish connections among synsets.

The Princeton English WN, which serves as template for the creation of new WNSs, contains limited
morphosyntactic information for verb senses and semantic features of their participants [5], [6].
Attempts to enrich individual WNs with morphosyntactic and/or semantic information have been
produced for several languages (e.g. [29], [27]). In fact, details on the morphosyntactic behavior of verbs
and on the semantic properties of their dependents can be extracted from other resources, notably
VerbNet and FrameNet (see Section 2). These resources can be jointly consulted, together with other
ones, at the Unified Verb Index (https://uvi.colorado.edu). The reason for choosing these two resources
over others was that VerbNet links syntactic and semantic patterns, which is ultimately the aim of this
study, while FrameNet provides frames that, though being intended to describe English lexemes, are
more easily adaptable to other languages. One effort towards integrating information from the three
resources is described in Stayannova and Leseva [27]. The authors expanded the semantic and
conceptual description of verbs in WordNet by combining information from FrameNet and VerbNet.
They further supplemented the verbs’ description with syntactic patterns extracted from the semantically
annotated corpus BulSemCor ([15], [16]) in which all tokens are assigned a WordNet synset.

Building on the work by Stayannova and Leseva [27], in this paper, we present a pilot study for
mapping semantic information onto Ancient Greek (AG) verbs contained in the Ancient Greek WordNet
(AGWN) with morphosyntactic, semantic, and conceptual information provided by VerbNet and
FrameNet. Notably, no semantically annotated corpus is available for AG. For this reason, we
preliminarily enriched a selection of verbs in a morphosyntactically parsed corpus (treebank) of AG
texts with semantic information from WordNet, VerbNet and FrameNet employing a semi-automatic
methodology. The treebank contains various texts among which we selected two sub-corpora: the entire
Iliad and Odissey (ca. 11th century BCE) and a selection of texts from Attic orators (5th century BCE).
This is a convenience sample which, though unbalanced (232.340 vs. 97.142 tokens respectively, see
Table 2), shows the potential of our approach for studying verbal valency and verb meanings across
different periods (Homeric vs. Classical) and genres (epic poetry vs. prose).

The paper is organized as follows. In Section 2, we introduce the language resources employed in this
study. After providing the basics of Ancient Greek verbal morphosyntax and illustrating our
methodology (Section 3), in Section 4 we discuss the results. Section 5 concludes the paper and presents
future work.

2 Resources employed in this study

2.1 The Ancient Greek WordNet

The AGWN belongs to a family of WNs for ancient Indo-European languages, an ongoing project jointly
developed at the University of Pavia, the University of Exeter, the Center for Hellenic Studies at Harvard
University, the Alpheios Project, and the Catholic University of the Sacred Hearth in Milan [2]. Besides
Ancient Greek, it currently also comprises WNs for Sanskrit and Latin.

The Sanskrit, AG and Latin WNs were designed to be interoperable with each other and to enable
cross-linguistic comparison of linguistic structures. To enhance compatibility, the developers maximize
use of the synsets deriving from the Princeton English WN. As in other WNs, lemmas can be assigned
multiple synsets, which indicates polysemy. In this family of WNs, however, polysemy is also framed
within a cognitive linguistic approach (e.g. [17], [28]), which entails assuming that all senses of a word
can be organized in a structured semantic network consisting of literal and non-literal senses.
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For each synset, the three WNs provide information on periods and literary genres of attestation, and
optionally loci, i.e. exemplifying occurrences referred to by author and work. In the AGWN, a word
sense can be assigned to one of the following periods: Archaic (8"-6"" c¢. BCE), Classical (5" c.-323
BCE), Hellenistic (323-31 BCE), Roman (31 BCE-290 CE). Labels for genres are Historiography,
Liturgical, Miscellany, Novel, Oratory, Philosophy (epistles, treatise, dialogue), Poetry, Technical,
Theater, Treatise. For several genres, additional subgenres can be identified; for example, Poetry can
take epic, lyric, idyll, satire, epyllion or didactic as sub-label, whereas Oratory can be political, juridical
or can take the form of a homily. Diachronic and stylistic metadata are meant to enable studies on
semantic change over time and across literary genres and authors.

2.2  VerbNet

VerbNet (VN) [14] is a network of English verbs that links their syntactic and semantic patterns. The
network is organized into verb classes extending Levin’s classes [18], with the understanding that the
syntactic form of a verb and its arguments inform its semantics. Levin’s classes were then refined, and
subclasses were added to achieve syntactic and semantic coherence among verb members of a class.
Each verb class in VN is described by semantic roles and selectional preferences of its arguments, as
well as by frames consisting of a syntactic description and a semantic representation with subevent
structure based on the Dynamic Event Model [24], [25]. VN groups together verbs with identical sets of
syntactic frames and semantic predicate structures. Each VN class contains a set of syntactic frames,
depicting the possible surface realizations of the argument structure for constructions such as transitive,
intransitive, resultative, and a large set of diathetic alternations. Semantic restrictions (such as animate,
human, organization) are used to constrain the types of semantic roles taken by the arguments (Agent,
Patient, Instrument, etc.). Each syntactic frame is then associated with explicit semantic information,
expressed by semantic predicates such as ‘contact’, ‘manner’ or ‘cause’. Table 1 shows a complete entry
for a frame in VerbNet class Hit-18.1:

Class Hit-18.1
Semantic roles and restrictions: Agent[+int control], Patient[+concrete], Instrument[+concrete]
Members: bang, bash, blast, bop, click, dash, knap, hit, smite ...

Frames:
Name Example Syntax Semantics
NP V NP Paula hit the ball Agent V Patient - CONTACT( el , Patient , Instrument )
PP.instrument with a stick. {with} Instrument | DO( e2, Agent)

UTILIZE( 2 , Agent, Instrument )
MANNER( e2 , Directedmotion , Instrument )
CONTACT( e3 , Patient , Instrument )
MANNER( e3 , Forceful , Instrument )
CAUSE(e2,e3)

Table 1: Entry for a frame in VerbNet class Hit-18.1-1

2.3  FrameNet

FrameNet (FN) [26] is a lexical database of contemporary English which maps meaning to form through
the theory of Frame Semantics [7]-[12]. The theory assumes that people understand the meaning of
words largely by virtue of the larger conceptual structures, i.e. frames, which they evoke. FrameNet
defines frames and their elements, and provides annotated sentences to show how frame elements fit
syntactically around the lexical unit that evokes the frame. In the simplest case, the frame-evoking word
is a verb, and the frame elements are its syntactic dependents. In (1), the Hit_target frame is evoked by
the verb hit; the frame elements are the Agent instantiated by the pronoun he, the Target expressed by
the bull’s-eye, and the Instrument instantiated by the prepositional phrase with his first arrow:

(1) 1t looks like [agent he] HIT [target the bull’s-eye] [instrument With his first arrow]!
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Note that FN frame elements are frame-specific semantic roles. Consequently, they are more fine-
grained than VN semantic roles. For example, the Telling frame evoked by speech verbs has Speaker,
Addressee and Message as core elements, whereas VerbNet has the more generic Agent, Recipient and
Theme as semantic roles of the roughly corresponding transfer_mesg-37.1.1 VN class; similarly, the
Awareness frame evoked by verbs of cognition like know, comprehend, and conceive takes the core
elements Cognizer and Content, instead of the more generic semantic roles Experiencer and Stimulus.

2.4  Dependency treebanks

Treebank Tokens Text Author
aeschines-1-1-50-bul.conllu 4353
aeschines-1-51-100-bul.conllu 3879 _ _ .
- Against Timarchus Aeschines
aeschines-1-101-150-bul.conllu 3975
aeschines-1-151-196-bul.conllu 3710
antiphon-1-bu2.conllu 2034 Against the. Stepmother
for Poisoning

antiphon-2-bu2.conllu 2908 First Tetralogy ,

. On the Murder of Antiphon
antiphon-5-bu2.conllu 7411

Herodes
antiphon-6-bu2.conllu 3989 On the Chorus Boy
dem-59-neaira-2019.conllu 10457 Apollodorus Against
Neaera
demosthenes-18-1-50-bu2.conllu 4141
demosthenes-18-51-100-bul.conllu 4046
demosthenes-18-101-150-bu2.conllu 4292
demosthenes-18-151-200-bu2.conllu 4272 On the Crown De]ﬂ:ss e
demosthenes-18-201-275-bul.conllu 5665
demosthenes-18-276-324-bul.conllu 3877
demosthenes-1-bul.conllu 2181 First Olynthiac
demosthenes-4-phill-bul.conllu 3926 Philippic 1
lysias-1-bul.conllu 2826 On the Murder of
Eratosthenes

lysias-12-bul.conllu 5614 Against Eratosthenes
lysias-13-bul.conllu 5629 Against Agoratus
lysias-14-bul.conllu 2786 Against Alcibiades 1 Lysias
lysias-15.conllu 685 Against Alcibiades 2
lysias-19-bul.conllu 3593 on At]:; tf;gi?;:g of
lysias-23-bul.conllu 893 Against Pancleon
tlg0012.t1g001 .perseus-grcl.1-6.th.conllu 31966
tlg0012.t1g001.perseus-grc1.7-12.th.conllu 30011 lliad
tlg0012.t1g001 .perseus-grc1.13-18.th.conllu 35600
tlg0012.t1g001 .perseus-grc1.19-24.tb.conllu 31550 Homer
tlg0012.t1g002.perseus-grcl.1-6.tb.conllu 26559
tlg0012.t1lg002.perseus-grc1.7-12.tb.conllu 27144 Odyssey
tlg0012.t1lg002.perseus-grcl.13-18.tb.conllu 26661
tlg0012.t1g002.perseus-grcl.19-24.tb.conllu 24633

Table 2: Treebanks used for our study
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Dependency treebanks are collections of morphosyntactically annotated texts, representing sentences
as trees where each word corresponds to a node. The treebanks® we considered for our work (Table 2)
consist in the conversion made by Francesco Mambrini of a series of treebanks of AG texts to the
Universal Dependencies (UD) format, which provides a standard set of annotation guidelines for part-
of-speech tags, morphological features, and syntactic dependencies.?

3 Methods

The queries presented in Section 3.2 are in line with Levin’s [18] work and VN and rely on the
assumption that certain morphosyntactic configurations in which specific Ancient Greek verbs occur
(syntactic frames in VN terminology), which can be easily extracted from treebanks, are reliable
predictors for verb senses in context. This means that, once the occurrences instantiating a syntactic
frame are extracted, the annotation of the verbal nodes they contain can be easily enriched with semantic
information from WN, VN and FN.

3.1 Basics of Ancient Greek verbal morphosyntax

In this paper, we take into account two aspects of verbal morphosyntax to which AG verb senses are
sensitive: voice and argument structure. The verbal lemmas included in this case study (Table 3) are
known to be good representatives of how voice and argument structure affect verb senses.

AG verbs distinguish three values for voice: active, middle, and passive (Act, Mid, Pass in Table 3).
The middle and the passive voices are morphologically distinct only in some tenses (aorist and future),
while others feature a mediopassive that instantiates both the middle and the passive diatheses
(MidPass). The active/middle distinction can encode the (anti)causative alternation [13] in AG:
rhégnumi(Act) ‘break(tr.)’ (as in Rose broke the vase) vs. rhégnumai(MidPass) ‘break(intr.)’ (as in The
vase broke) [22] (queries 2a-d in Table 3 below). The same alternation is featured by some experiential
verbs, such as mimnésko(Act) ‘remind’ vs. mimnéskomai(MidPass) ‘remember’ and khol6o(Act) ‘anger
someone’ and kholéomai(MidPass) ‘be/get angry’ [20] (queries la-c and 7a-b). Notably, not all
experiential verbs behave in the same way in this respect, as shown by lanthdno(Act) ‘escape notice’
and lanthanomai(MidPass) ‘forget’ (queries 9a-b). In Homeric Greek (HG), morphologically passive
verb forms sometimes do not express the passive diathesis (e.g. The vase was broken [by Rose]); rather,
they are semantically equivalent to middles [1]. Voice distinctions often express meanings not related
with either the (anti)causative alternation or with active/passive diatheses: this is the case of phrdzo(Act)
‘show, tell’ vs. phrazomai(MidPass) ‘plan, devise, realize’ (queries 3a-c). In the case of phobéo the
difference between the meanings of Pass and MidPass is not easy to tell given the verb’s semantics:
phobéo(Act) HG ‘be set on flight’ CIG ‘be frightened’ vs. phobéomai(MidPass) HG ‘flee’ CIG ‘fear’
(queries 8a-d). In both corpora the Pass can occur in contexts in which an agent is overtly realized or
implied but this does not always need to be the case; in addition, in HG the active can occur with passive
agent PPs and function as lexical passive; see [21].

AG nouns feature five cases: nominative, genitive, dative, accusative, and vocative. Subjects of
transitive and intransitive verbs are encoded in the nominative. Second arguments of two-place verbs
(e.g. hit) most frequently (74% of two-place verbs in HG; see [22]) feature the accusative case (NomAcc
construction), but can also occur in the genitive and dative cases (NomGen and NomDat constructions).
The dative case is used for third arguments of three-place verbs of transfer (e.g. give; NomAccDat
construction). Semantic distinctions brought about by voice may be paired with changes in argument
structure: phrdazo(Act) ‘show, tell” is a knowledge transfer verb, which takes the NomAccDat
construction (the dative third argument is optional); phrazomai(MidPass) ‘plan, devise, realize’ is a
cognition verb, featuring the NomAcc construction. The behavior of orégo/orégomai is partially similar
(queries 6a-e): orégo(Act) ‘give, assign’ takes the NomAccDat construction with an optional dative third
argument. However, orégomai(MidPass) is more complex: in Homeric Greek, it features the NomAcc
and the NomGen construction with changes in meaning (‘hit’ vs. ‘try to hit’; cf. [20]). In Post-Homeric
Greek, only the NomGen construction remains with orégomai, but it displays a meaning shift, ‘desire,

1ht'[ps://github.com/francescomambrini/katholou.
2 https://universaldependencies.org/.
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wish’, hence moving to the experiential domain [20]. Thus, changes in argument structure can result in
different senses of the same verb; this is also the case of oida ‘know, be skilled’, queries 4a-c, and
mn&omai ‘have in mind, woo’, queries 5a-b. Another verb that shows a shift in argument structure is
punthanomai, which can take both the NomAcc and the NomGen construction in HG, but is limited to
the NomAcc construction in the CIG corpus we selected (queries 10a-b).

3.2 Extraction of the patterns from the treebanks

In order to infer synsets, verb classes and frames based on syntactic patterns, we chose ten AG lemmas
(mimnésko, rhégnumi, phrazo, oida, mnaomai, oréga, kholéo, phobéa, lanthané and punthanomai) and
developed 30 queries (Table 3) to extract their corresponding syntactic patterns from the treebank.® This
process was facilitated by the tool UDeasy [3]. The ten verbs were chosen to exemplify a variety of
different morphosyntactic behaviors (cf. Section 3.1). Regarding syntactic conditions, we imposed a
criterion on all queries that required the direct object (obj) and indirect object (iobj) nodes, if present, to
be directly dependent on the verb node.

We then provided semantic annotation with data from WN, VN and FN eliciting meanings from
Liddel/Scott dictionary.* Annotation was performed by adding the relevant synsets, verb classes and
frames to the MISC field of the CoONNL-U file, the standard format followed by UD treebanks to store
annotation at sentence and token level. In the case of verbs that could in principle feature three different
voice values, i.e. mimnésko, rhégnumi, phrdzé, orégo, kholéo, phobéa, and lanthdané, we predicted that
Pass instantiated the passive diathesis and accordingly we used the same semantic annotation for the
Pass and the Act.® This prediction turned out to be correct in the case of mimnéska, but not in the case
of phrazo and kholéo, which feature two and 11 Pass forms respectively with middle meaning (we
corrected the annotation in Table 4 after the manual check). For rhégnumi, orégé and lanthdané we did
not find any Pass forms. Concerning phobéo, as noted above, the verb’s semantics blurs the difference
between MidPass ‘be afraid’ and Pass ‘be frightened’. Table 4 shows the semantic annotation aligning
the three resources and the occurrences extracted through our queries from the two sub-corpora (HG
and Classical Greek, CIG).

3 Note that the treebank contains texts in Greek script; to facilitate reading, in this article we provide transcriptions of AG
words in Latin alphabet.

4 Henry George Liddell, Robert Scott, A Greek-English Lexicon
(https://www.perseus.tufts.edu/hopper/text?doc=Perseus%3atext%3a1999.04.0057)

5 The verbs mndomai and ofda do not have Pass forms in AG.
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id verb lemma node conditions texts
la . verb verb: Voice=Act
) H “VTIED obj verb: Voice=MidPass/Mid all
lc matmeRls) 10bj verb: Voice=Pass
Pa verb verb: Voice=Act
obj obj: Case=Acc
., iobj
b (rﬁ 21;:)1}11111) verb verb: Voice=Pass all
Pc = obj verb: Voice=MidPass|Mid
2d 10bj verb: Voice=Act
obj: CasefAcc
Ba i verb verb: Voice=Act
35 PPASD obj verb: Voice=MidPass|Mid all
(phrazo) e —
e 10bj verb: Voice=Pass
Ha verb obj: Case=Acc
Hb o1da obj obj: Case=Gen all
(oida) 10bj
He verb no obj
Sa yraliogis @ obj: Case=Gen
56 i Siorasi) .o_bl. obj: Case=Acc all
10b]
ba verb verb: Voice=Act
obj all
10bj
6b verb verb: Voice=MidPass|Mid
; g _ hom
. obj obj: Case=Acc
bc ORS,YO_J 10bj verb: Voice=MidPass|Mid
{arega) obj: Case=Gen
od verb: Voice=MidPass|Mid posthom
be verb verb: Voice=Pass
obj all
10bj
7a YONO® verb verb: Voice=Act
7b (khol6a) obj verb: Voice= all
10bj MidPass|/Mid|Pass
Sa verb verb: Voice=Act
Sb obj verb: Voice= hom
Qoféw 10bj MidPass|Mid|Pass
Sc (phobéo) verb: Voice=Act
Sd verb: Voice= posthom
MidPass|/Mid|Pass
9a AVOEVED @ verb: Voi'ce=Act
9b (lanthang) _ob_]_ verb: Voice= all
10bj MidPass|Mid|Pass
1 0a verb obj: Case=Acc|Gen|no obj
obj hom
movOavopLot iobj
10b (punthanomati) verb obj: Acc
obj iobj: Gen posthom
10bj

Table 3: Conditions of the 30 queries
(underlined nodes are obligatory, non-underlined nodes are optional)
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1016

query verb lemma [WordNet VerbNet FrameNet HG | CIG
/ a v#00410666| [haracterize-29.2-1-1|  [Evoking 10
v#00412253| fare-88.1
v#00413589|
VI GK® v#01609936|
mimnéskd)  [v#00414046|
v#00491159
) v#00412961  [characterize-29.2-1-1 Memory 100 30
/¢ v#00412961  tell-37.2 Evoking 3
a v#00231588  preak-45.1 Cause to fragment 29
b O yVOLIL v#00231588  preak-45.1 Cause to fragment
e rhégnumi) v#00231062  break-45.1 Breaking apart 16
2dd v#00231588  preak-45.1 Breaking apart 4
30 v#00639889  fransfer mesg-37.1.1-1-1[Telling 221 11
3h e v#01134235| fintend-61.2-1-1 Making_arrangements| 83
(PP hC:‘éUzJ(')) v#00493867 omprehend-87.2-1-1-1 [Coming to believe
3¢ p v#01134235| jintend-61.2-1-1] Making arrangements| 2
v#00493867  omprehend-87.2-1-1-1 [Coming to believe
Ha s v#00401762 komprehend-87.2-1-1-1 |Awareness 151] 80
b "giga) \#00402497 ot found Expertise 24
Y not found hot found not found 119 | 125
5a vaouot v#00491159  [care-88.1 Cause emotion|Awareness| 3
5h mnaomai) v#01727931  kompel-59.1-1 Forming relationships 14
6 v#01583087  fonduct-111.1 Giving 18
6 .. v#00841893  hit-18.1-1 Hit target 3
e é’g‘g) V#01153576 ot found Aiming 3
6 g v#01245362  want-32.1 Desire 2
e v#01583087  konduct-111.1 Giving
7a FOAO® v#01789790  pmuse-31.1 Stimulate _emotion 4
7h (kholéo) v#01790925  marvel-31.3 Experiencer focused emot| 65
ion
Sa v#01111362  panish-10.2 Beat_opponent (rout) 15
Removing (expel)
5h poPéw v#02079709  scape-51.1 Fleeing 17
Sc (phobéd) v#01783082  pmuse-31.1 Stimulate emotion
Sd v#01784021  marvel-31.3 Experiencer_focused emot 17
lon
Oa v#02078305 pvoid-52 Elusive goal 55 | 17
v#01419809 |
b v#00611721 ot found IAbandonment] 31
AavBavo v#00610654 Remembering_experience|
L v#00616520 Remembering_information
(lanthand) | 400614532 |
Remembering to _do
/ Oa v#00899241| jinquire-37.1.2| Questioning| 69
Tuvavopat v#00592510| komprehend-87-2| Coming_to_believe|
(punthénomai) v#00600349 |llearn-14-2-1 Hearsay
/ 0b v#0089924 1 nquire-37.1.2 Questioning 38

Table 4: Semantic annotation and extracted occurrences
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4  Results

After extracting the data, we manually checked them in order to see whether the meanings we selected
actually matched the occurrences of each specific query: this turned out to be most frequently correct.
In Table 5 we calculated Precision. Queries for which Precision is not relevant are those that turned out
not to yield results after checking annotation errors. We could not calculate Recall, as the corpus we
used was not semantically annotated.

Several interesting observations emerge from the data. In the first place, only two queries (9a and
10a) extracted occurrences that did not show the expected meaning, as Precision for query 2d is <1 due
to an annotation error. Query 9a concerned the verb lanthdno ‘escape notice’. This verb instantiates the
(anti)causative alternation through voice only exceptionally, the MidPass and in HG the Pass meaning
‘forget’. Hence, query 9a did not yield the expected results in a single occurrence (1. 15.60), in which
the active has the causative meaning ‘make forget’, which was not predicted. With query 10a we
extracted forms of punthdnomai in HG and found four occurrences which did not match the expected
meaning but rather expressed the meaning ‘perceive (a sound)’.

With the verb mimnésko the Act/MidPass distinction encodes the anticausative alternation. Interestingly,
no Act forms occur in CIG, but Pass forms encode the passive diathesis for the meaning ‘remind’. Hence
the same semantic annotation applies to the verb in both corpora for the Act (HG) and the Pass (CIG), in
line with the preliminary choice we made. It needs to be remarked that the number of occurrences extracted
may be higher than the actual number of occurrences of verbs: in the case of query 1a, for example, this is
because mimnésko (Act) is a three-place verb featuring the NomAccGen construction, but in some
occurrences only the second or the third argument are overtly realized, without a change of meaning. For
this reason, our query did not specify the case of the co-occurring argument(s) and how many arguments
we were looking for; consequently in passages in which both arguments were overtly realized we extracted
the same occurrence twice (e.g. méedé me touton mimnésk’ ‘do not remind me (me Acc) of these things
(touton Gen)’, Od. 14.168-169, yielded two results). Similarly, with kholoo the Act/MidPass distinction
also encodes the anticausative alternation. This verb only occurs in HG, most frequently in non-Act voice
meaning ‘be/become angry’. This includes Pass forms, as remarked in sec. 3.1 and 3.2 (see further below).
It can occur with a dative second argument that indicates the stimulus, with a genitive indicating the reason
or without a second argument, with no semantic differences, hence we performed a single query (7b). Act
forms with causative meaning occur four times (7a).

For the verb rhégnumi we performed two separate queries for active forms depending on whether the
second argument was realized (2a) or not (2d). In this second case, we expected to find cases of
P-lability, which are known from post-HG; however, all passages featured referential null objects (NO)
easily recoverable from the preceding context. Due to the extent to which referential NOs occur under
different syntactic and discourse conditions [19], this type of query does not seem to be suitable to
automatically retrieve labile verb forms. In our sample, this verb only occurs in HG; however, according
to reference works it also occurs in Attic prose writers, albeit infrequently, due to frequent occurrence
of prefixed verbs such as diarrégnumi, ekrégnumi, katarrégnumi, all featuring similar meanings. We
also performed two different queries for oida depending on whether the second argument was overtly
realized or not (4a and 4b vs 4c¢). In this case, the motivation was that we wanted to see whether the verb
could have some discourse function when occurring without a direct object. A survey of the occurrences
shows that this is not the case, and that occurrences without an overt direct object may either feature
referential NOs or subordinate clauses. In HG, occurrences of NOs may show the semantics associated
to both query 4a and 4b (the latter query did not yield any result in CIG): this indicates that more queries
should be added to separate occurrences of NOs from occurrences with subordinate clauses, as the latter
feature the semantics associated to query 4a. This query is the only one which, in spite of the unbalance
of the two sub-corpora, yielded a higher number of results for CIG. The reason might lie in the expansion
of subordination from HG to CIG [4] or in differences between textual genres.

As anticipated in Sec. 3.2, we corrected the sense we had selected for Pass forms of phrazé and kholéo
based on the results of the query. Indeed, as we remarked in Sec. 3.1, Pass forms frequently have middle
meaning in HG. Remarkably, Pass forms of mimnéska that only appear in post-HG actually encode the
passive diathesis, in line with known developments of the voice system, whereby the passive diathesis
is increasingly connected with Pass voice (and partly with MidPass) after HG [21]. This suggests that
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the annotation should be better differentiated based on language stages and known facts about the
diachrony of individual verbs.

Query  Extracted results Results with expected meaning Precision
la 6 6 1

1b 99 98 1

lc 3 3 1

2a 24 24 1

2b 0 0 not relevant
2c 16 16 1

2d 5 4 0,800

3a 22 22 1

3b 83 83 1

3¢ 0 0 not relevant
4a 149 149 1

4b 22 22 1

4c 116 116 1

5a 3 3 1

5b 14 14 1

6a 18 18 1

6b 3 3 1

6¢ 3 3 1

6d 2 2 1

6e 0 0 not relevant
Ta 4 - 1

7b 65 65 1

8a 15 15 1

8b 17 17 1

8¢ 74 17 1

9a i 54 0,981

9b 31 30 1

10a 69 65 0,942

10b 44 +4 1

Table 5: Precision index
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With mnaomai, orégo and phobéo the queries yielded results that reflected the semantic annotation
we provided in Table 4. In particular, mndomai never occurs in Attic, but, outside poetry, is limited to
lonic and occurs in Herodotus (5th century BCE). It features the NomAcc construction and the meaning
‘sue for, solicit’, which results from semantic extension of the meaning ‘woo’ (query 5b) and is
compatible with the VN class compel-59.1 that we selected for this query (it does not contain this
meaning, but it contains the related meaning ‘persuade’). In the case of orégs it must be stressed that
the queries we performed were more fine-grained than for other verbs, being based not only on
morphosyntactic features but also on language stages. This is also the case for phobéo, a verb that
underwent a semantic shift after HG from “flee/be put on flight’ to “frighten/fear’. Notably, while both
Act and MidPass are equally frequent in HG (8a, 8b), in our sample of CIG only MidPass occurs (8d).

5 Conclusion

The manual check of the data extracted through the queries we designed based on the morphosyntactic
behavior of a number of Ancient Greek verbs shows that the morphosyntactic features chosen were to a
high extent reliable predictors of the associated meanings, as also shown by the Precision values. In
future work some of the queries must be refined, e.g. specifying the form of subordinators for verbs
likely to take complement clauses such as oida or extended with more fine-grained distinctions based
on known developments of AG morphosyntax. Furthermore, we plan to implement the rule-based
algorithm described in [23] to automatically add role-dependency links to event participants i.e. tags
that indicate how a frame element is expressed syntactically with respect to the node that corresponds
to the frame trigger.

Finally, we plan to connect resources by exploiting Linked Open Data principles. The Ancient Greek
WordNet identifies each lemma through a dedicated URI; as a next step, we plan to apply the same URIs
to the corresponding lemmas in treebank, so that each lemma is uniquely identifiable and findable.
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This study analyzes the reactions of the Italian Twitter community to an environmental demonstration that occurred in Rome
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AHHOTALUA

B naHHOM HCCIICIOBAaHUY aHAM3UPYETCS PEAKIHS HTATBTHCKOTO cO00MecTBa B TBUTTEpE Ha HKOJIOTMIECKYIO IEMOHCTPAIIHUIO,
KoTopas npouwia B Pume 2 auBaps 2023 roga. Jlns 3Toi nenu Mbl coctaBuiu kopiryc u3 368531 TokeHa, xntogaromuii 11780
TBUTOB, COOpaHHBIX B TeUeHHUE 7 nHei. Hamu ObLT HCTIONIb30BaH CMEIIAHHBIH METO/I, COUCTAOMIHI ABTOMATHYCCKHUI U PYIHOM
aHAJIM3 TOHAIBHOCTH, SMOLMHA M MMIUTMIMTHOCTH S3blKa Ha MaTepuaie Koprmyca. Pe3ynbrarThl MOKa3bIBalOT, YTO TBUTHI
OTPaXKAKOT OTHOIIICHHE TOJIL30BATENICH K Pa3IHMYHBIM CYObEKTaM M OpraHu3anusaM. XOTsi TOHATBHOCTD B X07I¢ 00IIHUX 1e0aToB
pacrpeneniiach J0BOJIBHO PaBHOMEPHO, CaM MHIMACHT BBI3BAJ CPEAH MOJIb30BaTeNneil TBUTTEpa HeraTUBHbBIE TOHAIBHOCTD 1
SMOIMH. Pe3ynbTaTbl pPy4YHOro aHajdM3a BBIABWJIM HEKOTOpPHIE CIIOpHBIE CIIydad aBTOMAaTHYECKOW KiIacCHU(pHUKALUH
TOHAIBHOCTH, CBSI3aHHBIE C TEM, YTO HEKOTOpPBIE TBUTHI CONEpPXKAIM HPOHHWIO, capkasM H ockopOnenus. [lockoibky
HCTIOJIb30BaHHBIE HMHCTPYMEHTHI HE YYHTBHIBAIM CJOXXKHBIE PHTOPUKO-apIyMEHTATUBHBIE CTpaTerud, HeOyKBaJbHEIC
HMHTEPIIPETallui UTHOPHPOBAIIUCE.
KuioueBble ciioBa: auckypce B TBUTTEpE; UTATBSIHCKHI; aHAJIN3 TOHAIBHOCTH TEKCTA; YIKOJIOTHYECKast JeMOHCTpAIUs

1 This work represents a collaborative effort undertaken by all three authors, who have consistently contributed throughout its
development. In accordance with the academic requirements in Italy, authorship attribution is specified as follows: Antonio
Bianco authored section 4, Claudia Roberta Combei authored sections 2 and 3, and Chiara Zanchi authored sections 1 and 5.

1021



Bianco A., Combei C. R., Zanchi C.

1022

1 Introduction

This paper analyzes the Italian Twitter users’ reactions toward one of the latest “civil disobedience
actions” by a group of environmental activists called Ultima Generazione ‘last generation’
(https://ultima-generazione.com/chi-siamo/). On January 2", 2023, five young activists splattered
orange washable paint onto the fagade of the Italian Senate to protest the immobilism of Italian politics
at facing the current “ecoclimatic collapse”.? This demonstration has been both minimized and strongly
condemned,; for sure, it raised a fierce debate in the Italian public opinion.

The paper unfolds as follows. Section 2 describes how our corpus of tweets was collected and
preprocessed, as well as the tools used to analyze it. Section 3 contains the quantitative analyses. Section
4 qualitatively comments upon tweets that reveal to be challenging for sentiment analysis. Section 5
concludes the paper.

2 Data and methods

Over the last 20 years, there has been a significant change in how people interact. The development of
social media platforms, such as Twitter or Facebook has played a crucial role in this transformation.
Today, people use Twitter to stay informed, build networks, establish ingroup identities, and express
opinions. Twitter has been, in fact, the subject of numerous studies that employed sentiment analysis
tools to measure the attitudes of the public opinion on a variety of topics ([1], [2], [3])-

Our paper aims to measure the opinions of the Italian Twitter community regarding the environmental
blitz described in section 1. For this goal, we collected a sample of 53,301 tweets using the Twitter API
and the academictwitteR package [4] for R [5]. The complete dataset consisted of all Italian tweets,
retweets, and quotes that matched our search criteria, based on a set of hashtags related to the event,
shown below in Table 1:

Hashtag English translation  Hashtag English translation
#alessandrosulis #alessandrosulis #ecovandali #ecovandals
#blitz #blitz #gas #gas

#carabinieri #carabinieri #imbrattato #stained

#clima #climate #inquinamento #pollution
#climateemergency #climateemergency #larussa #larussa
#crisiclimatica #climatecrisis #lauraparacini #lauraparacini
#davidenensi #davidenensi #senato #senate

#digos #digos #ultimagenerazione #lastgeneration
#ecocretini #ecocretins

Table 1: The hashtags used for the queries

Even though the episode happened on January 2", 2023, at 08:00 AM, we extended our period of
analysis to a full week, from January 2" 5:00 AM through January 9" at 12:00 AM. This allowed us to
also capture tweets written the days after the incident that might have contributed to framing the debate
on this topic across Twitter. All duplicates in the corpus were automatically removed and the remaining
data were manually examined to eliminate irrelevant tweets. The resulting corpus included 11,780
original tweets, consisting of 368,531 tokens, for a total of 23,733 lemmas. The tweets were processed
and analyzed, both automatically and manually, to account for the perceptions and attitudes of the users.

The computerized corpus investigation consisted of several analyses. First, we explored the
distribution of the most frequent lemmas in this debate. The corpus was lemmatized using the pre-trained
model UD Italian POSTWITA ([6], [7]) for tweets, available in the udpipe package [8] for R. The
lemmatized corpus was manually adjusted to correct recurrent issues, such as the unnecessary
lemmatization of proper names and the incorrect lemmatization of abbreviations, keywords, and

2 The news can be read here: https://video.corriere.it/cronaca/ultimo-blitz-ambientalisti-imbrattano-facciata-senato-
fermati/21cbOef6-8a71-11ed-8b19-cdc718310dd5
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misspelled text. The first 40 most frequent lemmas were plotted using the ggplot function from the
tidyverse package [9] for R.

Given the main aim of this study, we employed a mixed-method approach to measure sentiment and
emotions. We started from a lexicon-based technique that allowed us to map the lemmatized tweets to
the Italian version of the nrc resource for sentiment and emotions proposed by [10] and made available
through the packages syuzhet [11] and tidytext [12] for R. This readily available 13,875-word lexicon
is based on [13] and [14], and identifies eight primary emotions: trust, joy, anticipation, surprise,
sadness, disgust, anger, and fear. The approach assumes that a word may be associated with one or more
emotions. If a lemma in the corpus is not matched to any lexicon entry, it will not be assigned sentiment
and emotion scores. Before using this lexicon-based tool, we applied three stop-words lists for Italian
(snowball, stopwords-iso, and nltk), available on the tidytext package, to remove lexically empty or
uninformative words (e.g., prepositions, conjunctions, etc.). Numbers, punctuation, and one-character
sequences were also stripped from the corpus. Sentiment is analyzed with the get sentiment,
rescale_x_2, and get_dct_transform functions in the syuzhet package that iterate over each tweet and
return numeric values (from -1 for extremely negative to 1 for extremely positive) based on the mapping
with the nrc lexicon. In addition, the get_sentiment function assigns numerical values to each primary
emotion detected in the tweet.

The other technique proposed here regards the sentiment analysis of tweets with the tools of the
TextBlob library [15] for Python, built upon the NLTK library [16]. Before analyzing the corpus, we
automatically translated the tweets into English with the Googletrans library [17]. The potential errors
generated by the translation process are a limitation of this study. We are aware that some subtleties of
the original tweets were lost or altered in translation (e.g., the word gretino, a pun combining cretino
‘cretin’ and Greta, a reference to the environmental activist Greta Thunberg, was mistranslated as
‘Greek’). Nevertheless, we think that the solution proposed here, which combines machine translation
and TextBlob, an established approach in the scholarly research on sentiment analysis in languages other
than English [18], can be useful in assessing the Twitter users’ perceptions of this incident. The TextBlob
library employs a Naive Bayes classifier pre-trained on film reviews and considers the weight of
intensifiers, emoticons, emojis, and exclamation marks to calculate the sentiment. The score is expressed
on a scale between -1 (extremely negative) to 1 (extremely positive). Using average sentiment scores
may help summarize and simplify sentiment analysis results, providing a concise representation of the
overall sentiment in a corpus. Nevertheless, it is important to acknowledge that averages should not be
regarded as anything more than what they are: measures of central tendency that fail to capture the
intricacies or context-specific sentiment. Therefore, the average scores at the corpus level for both
systems are calculated for comparison purposes only.

Parallelly, a sample? of 49 tweets was built for an experiment with ChatGPT, to test how this advanced
language model interpreted the sentiment of some corpus data and to compare its performance to our
NLP systems. The qualitative analyses examined the use of irony within this sample of tweets. This
specific focus was chosen due to the inherent limitations of automated sentiment detection tools,
particularly in relation to ironic tweets, as shown in sections 3 and 4. By conducting manual analyses,
we also delved into the persuasive impact of slurs within the said set of tweets.

The results of the analyses were plotted with the Matplotlib visualization library for Python [19].

3 Quantitative analyses

Extracting the most frequent lemmas allowed us to gain preliminary insights into the subtopics discussed
in the debate around the incident described in section 1. We intentionally retained words closely
associated with the environmental demonstration under investigation, as our objective was to
comprehend the significance of each subtopic within our corpus. As Figure 1 shows, senato ‘senate’
was the most frequent word in the corpus, holding a prominent position and appearing frequently both
as a reference to the institution and the building. The second and the third most frequent lemmas were
imbrattare ‘to stain’ and vernice ‘paint’; the choice of imbrattare may suggest that painting the senate
walls (muro ‘wall’ and facciata ‘facade’, other frequent lemmas) was largely perceived as a vandalism
act on the Twitter arena. The high frequency of the hashtag #ultimagenerazione ‘last generation” and of

3 The sample is here: https://osf.io/5jve9/?view_only=779b0287c774498ea85ealb5d507ea27
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the lemmas ultimo ‘last’, generazione ‘generation’, attivista ‘activist’, ambientalista ‘environmentalist’,
ragazzo ‘boy’, and ragazza ‘girl’ indicates that Twitter users identified the environmentalist activists
with the younger generation. The high frequency of lemmas such as clima ‘climate’, climatico
‘climatic’, ambiente ‘environment’, placed at the center of the discussion the environmental motivation
of the protest. However, environmental issues were viewed as either a valid or an inadequate justification
of the incident, depending on the users’ perspective. Lemmas such as fascista “fascist’ and civile “civil’
permeated the discourse, implying that Twitter users discussed the appropriate ways of protesting in a
democratic society. This episode received, in fact, attention from politicians, especially from the
president of the senate, Ignazio La Russa (his name is frequent in the corpus), imputing potential political
implications.

Senalo-
imbrattare -
vernice -
ultimagenerazione -
attivista -
ambientalista -
palazzo-
facciata -
muro-
fare-
presidente -
lavabile -
andare -
ragazzo-
clima-
volere -
blitz-
protesta-
potere-
ultimo-
generazione -
vedere -
climatico-
istituzione -
dire-
gesto-
gennaio-
La Russa-
ambiente -
Roma-
civile-
parlare-
problema-
chiedere -
pensare-
politica-
italiano-
fascista-
sapere-
gas-

Word

2000 4000 6000 8000

Count

Figure 1: Top-40 most frequent lemmas

Next, we used the nrc lexicon to measure the sentiment and emotions conveyed in the debate. The
overall average sentiment during the week considered was -0.059 (sd: 0.63), while the percentage of
tweets labeled as negative, neutral, or positive is shown in Figure 2.
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Figure 2: The distribution of sentiment based on nrc system

The average sentiment was only slightly negative (still, -0.059 is very close to a neutral score), but
the fact that over 50% of the tweets were classified as negative may suggest that this environmental blitz
was not debated in positive terms. However, the standard deviation of 0.63 indicates that tweets
conveyed a wide range of sentiments: there was considerable variation in the users’ attitudes with respect
to this episode. For a better understanding of these results, we measured the emotions transmitted by the
tweets. Figure 3 displays the percentage of words that were associated with each of Plutchik’s primary
emotions.
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Figure 3: The distribution of emotions based on nrc system
Trust was the most frequent emotion, probably due to the frequent occurrence of political and
institutional bodies and names (senato ‘senate’, presidente ‘president’, politica ‘politics’, etc.).

Nevertheless, words related to trust did not always imply positive sentiment or support for politics and
institutions; rather, they could transmit distrust or skepticism. In general, the incident appeared to have
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elicited strong reactions among Twitter users, with a relatively higher occurrence of words associated
with negative emotions, such as fear and anger. Specifically, words related to anger (idiota ‘idiot’,
delinquente ‘delinquent’, vergognoso ‘shameful’, condannare ‘condemn’, etc.) seemed to be linked to
a sense of breach of civil norms, while those evoking fear (paura ‘fear’, attacco ‘attack’, pericoloso
‘dangerous’, danno ‘damage’, etc.) tended to reflect worries about the possible effects of the incident.
Finally, the episode did not appear to have surprised Twitter users, given the low percentage of words
associated with this emotion.

To better capture the sentiment of the Twitter debate, we also measured it with TextBlob. The average
sentiment score during the week considered was 0.035 (sd: 0.26), that appears aligned to the score we
reported for the nrc system. However, at this point, it is important to note that when sentiment is
extracted from a large corpus of tweets, its average value at corpus level tends to converge towards 0,
since positive and negative values cancel one another out. This does not necessarily mean that there is
a bigger percentage of neutral sentiment. Rather, it implies that the average score at the corpus level
approaches 0 due to the counterbalancing effect of positive and negative sentiment expressed within the
tweets.

For this reason, we also explored the distribution of sentiment as a function of time, as displayed in
Figure 4.
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Figure 4: The percentage of sentiment as a function of time based on TextBlob system

In contrast to the findings of the nrc system, which exhibited a significant predominance of either
negative (50.58%) or positive (41.56%) sentiment values, accompanied by a relatively low percentage
of neutral tweets (7.86%), Figure 4 depicts a more balanced distribution across the three classes as
regards the results obtained with the TextBlob system. In fact, 38.06% of the tweets were classified as
positive, 36.68% as neutral, and 25.26% as negative. The largest proportion of tweets with a negative
sentiment were published on January 4" - two days after the event - while most positive tweets occurred
on January 7™. Instead, January 6" had the highest percentage of neutral tweets. Figure 4 suggests that
the perspectives and responses of public opinion towards the incident changed only slightly during the
week considered, with the results of the repeated measures ANOVA indicating that there were no
statistically significant differences in the distribution of the three classes of sentiment over the seven
days (F-value = 0.00187, p-value > 0.05, n? < 0.001). At the same time, the value of the standard
deviation (0.26) at the corpus level suggests that the reactions of the Twitter users were not unanimous.

Due to the large number of tweets analyzed automatically, it was difficult to verify manually the
accuracy of each label as well as to match it to the intended targets of the sentiment and emotions
transmitted. In fact, tweets addressed several topics related to the environmentalist episode, and the
sentiment reflected the users’ perception and reactions towards a variety of subjects and entities,
including the environmental activists of Last Generation, the incident itself, the Senate, several
politicians, and governmental organizations such as Carabinieri. Therefore, we purposely selected a
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sample of 49 tweets that posed challenges to the sentiment analysis tools we used, because they
contained irony, sarcasm, or slurs. In fact, these linguistic devices significantly impacted the sentiment
of the tweets, and in many cases, the nrc system (and to a lesser extent, TextBlob) failed to accurately
identify the correct sentiment score of tweets conveying irony and sarcasm. Before conducting the
qualitative manual analysis of these data (see section 4), we also wanted to determine whether
sophisticated language models, such as the one used for ChatGPT, could assign the proper sentiment
and emotion labels to this type of challenging tweets. The said sample of 49 tweets was classified by
ChatGPT into the following categories: 40 tweets as negative, 8 as neutral, and 1 as positive. In general,
the labels reflected the sentiment we associated with these tweets, indicating rather correct
identifications of instances of irony, sarcasm, amusement, and expressions evoking disgust and
resentment. Nevertheless, 4 tweets with ironic content expressing negative sentiment towards the
activists and the act of staining the walls were misclassified by ChatGPT as neutral instead of negative.
Some of these tweets are commented on in section 4 below, specifically tweets (6)-(7).

4 Qualitative analyses

This section discusses irony and derogatory epithets or slurs, which are essential for understanding the
Twitter debate on the environmental blitz, but which posed challenges to our NLP tools for sentiment
analysis. Ignoring these phenomena may lead to a misinterpretation of what lies beneath the explicit
content of tweets.

4.1 The interplay between irony and sentiment analysis

Figurative language (e.g., irony, metaphors, hyperboles) is one of the most complex aspects of human
language, when it comes to NLP sentiment analysis ([20], [21]). Irony deserves particular attention, as
it significantly characterizes the Twitter media ecosystem [20].

Irony is an implicit linguistic device: a content textually unavailable but nonetheless conveyed and
present in the locutor’s communicative intentions [22]. In fact, it is a conversational implicature
generally induced by an intentional violation of the Maxim of Quality [23]. With an ironic statement,
speakers usually want to communicate the opposite of what is explicitly said [24]. Thus, ironic
utterances may reverse the polarity of the message in which they occur [25]. Since irony is contextually
dependent and its decoding requires complex mental operations, NLP tools may fail in classifying the
sentiment of ironic statements.

In fact, we encountered three main issues when using the nrc lexicon and the TextBlob system for
sentiment analysis. First, some tweets, classified as having a negative sentiment toward the Last
Generation’s act, actually sympathized with activists (1)-(3). Second, some tweets that apparently
expressed positive sentiment toward the activists’ actions in fact ironically criticized it (4)-(6). Third,
some tweets (7)-(8) that were assigned neutral and/or positive sentiment, due to irony, conveyed
negative sentiments toward the activists (7) or mocked the incident (8).

Since irony recognition is largely dependent on the reader’s subjectivity [26], we resorted to a
qualitative analysis to investigate the sentiment of this type of tweets.
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Tweets in (1)-(3) imply ironically the opposite of what is explicitly communicated, minimizing the
activists’ actions and showing solidarity with them. In addition, the opposite of (1) conveys a sort of
impatience regarding the prominence this news was given in the media. In (1), irony is signaled both by
the exclamation point and the reduplication of brutta ‘nasty’; this adjective led our tools to classify this
tweet as negative. Reduplication, intensifying the adjective meaning, makes the literal interpretation of
(1) too overstated to be taken as true (also, adjective reduplication is one of the features of Italian baby
talk). The occurrence of a term expressing judgments and feelings (brutta “nasty’) is a further indication
of irony [26]. In (2) mentioning tax evaders’ freedom is unexpected, and such freedom clashes with the
fact that young activists are in prison, despite using washable (and not permanent) paint. It is precisely
such unexpectedness [27] that allows us to infer the opposite of what is stated. Similar considerations
concern the tweet shown in (3). Indeed, based on the author’s viewpoint, it seems senseless to engage
in condemning a protest action while ignoring irreversible climate change.

Tweets in (4)-(6) were classified as positive by both systems. The overstatements of (4) and (5) lead
us to interpret these tweets as ironic. The same applies to (6). What is said in (6) seems to be a violation
of the Maxim of Quality, as the locutor cannot bona fide assert that what happened was an artistic
gesture. Thus (4)-(6) convey dissent towards Last Generation’s action.
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Tweets (7)-(8) exemplify particular types of irony. Specifically, (7) is a case of sarcasm, a sharper
kind of irony. To understand (7), one does not need to infer the opposite of what is asserted; irony is
triggered by joking with the ambiguity [21] of ultima generazione ‘last generation’. The expression is
not used to properly name an environmentalist group but is to be interpreted literally. Therefore, the
tweet is to be read as ‘I hope this is the last generation of (this type) of activists’. So, the sentiment
assigned by the tools is inconsistent with the sentiment that arises from what is implicitly communicated
(ChatGPT also misclassified this tweet as neutral, see section 3).

In (8) a case of echoic irony [28] is exemplified. The Last Generation’s act is described by echoing
words of a well-known song by the singer Riccardo Cocciante. The hashtag #Senate refers to the
incident. The irony arises as the motivations underlying the event described in the song (a romantic
gesture) and the activists’ actions are completely different. In (8), irony generates hilarious effects that
tend to mitigate the disagreement.

4.2 The power of slurs

In many tweets, including (9)-(12), Last Generation activists were designated by slurs [29]. Slurs have
a derogatory connotation that eases the recognition of a negative sentiment by the systems we used. The
(persuasive) appeal of slurs goes beyond their explicit derogatory connotation, as these expressions
convey implicit meanings [30]. In particular, slurs allow the locutors to implicitly evoke stereotypes
associated with the criticized social groups, in this case Last Generation activists, and to indirectly
communicate the superiority of their own group. As a result, slurs, through their association with
stereotypes, have the power to (implicitly) elicit a greater degree of negative sentiment compared to
other negative words. In addition, stereotypes pertain to the common ground shared between the
addressees and the locutors and, therefore, they could not be computed by the sentiment analysis systems
at hand.
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For example, gretini (see section 2) and bimbette arcobalenate ‘little rainbow girls’ imply unpleasant
and questionable stereotypes which may sound as follows: activists are childish people, not very smart,
and live in an ideal world without connections to reality. Moreover, these stereotypes represent (9) and
(10) as hilarious or facetious tweets [25] that increases the locutor’s pleasantness. Generally, the more
pleasant the locutor, the greater their persuasive force. Instead, ecoterroristi ‘eco-terrorists’ (11) and
ecovandali ‘eco-vandals’ (12) implicitly identify the actions performed by environmental activists as
detrimental, and activists as members of a dangerous social group. However, this implicit interpretative
level was ignored by the computerized sentiment analysis tools we used (and also by ChatGPT) that,
therefore, were not always able to account for the complex rhetorical-argumentative strategies and
stereotypes underlying the use of slurs.

5 Conclusion

In this paper, we compared different NLP tools at performing sentiment analysis on a corpus of Italian
tweets related to the environmental blitz that occurred at the Senate in Rome on January 2", 2023. Our
mixed-method approach, combining quantitative and qualitative analyses, indicated that while lexicon-
based and Naive Bayes classifier techniques provided interesting insights regarding the episode
considered, they fell short in addressing inherent and notorious challenges for sentiment analysis, such
as implicit language and indirect rhetorical-argumentative strategies. More sophisticated language
models, such as ChatGPT, tackled these issues efficiently, by deciphering irony and sarcasm. In general,
the results of our analyses indicated that the users’ attitudes were directed toward a variety of subjects
and entities (the act itself, Italian politics, institutions, etc.) The sentiment expressed towards these
entities varied within the corpus, without a clear majority position or stance in the Twitter debate.
Nonetheless, upon conducting an in-depth qualitative manual analysis of a sample of 49 tweets, it
appeared that the act of staining the Senate walls generated primarily negative sentiment among users.
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1 Introduction

1.1 Anaphora Resolution

Anaphora is the use of an expression (a pronoun or a noun phrase) whose interpretation depends upon
a preceding expression in context (its antecedent). Anaphora and cataphora (which is the use of an
expression that depends upon a postcedent expression) both are special cases of coreference, which
occurs when two or more expressions in a text refer to the same person or thing.

Anaphora resolution is the problem of resolving what a pronoun, or a noun phrase refers to. We
are specifically interested in resolving pronoun anaphora. It is a challenging task because it requires
good understanding of the context and the ability to recognize complex relationships between words
and phrases (Bolshakov and Mikhaylovskiy, 2023). However, this task is crucial in many applications
of NLP, such as information retrieval (Schmolz, 2015), question answering (Castagnola, 2002), opinion
mining (Jakob and Gurevych, 2010), and natural language understanding (Kilicoglu et al., 2016). In
addition, anaphora resolution can be used to improve the readability of a text, by replacing repeated
mentions of the same entity with a pronoun or other reference.

Recent anaphora and coreference resolution approaches typically use some fine-tuned pretrained lan-
guage model. As coreference resolution approaches are reviewed in detail recently by (Bolshakov and
Mikhaylovskiy, 2023), here we only list some specifically anaphora resolution work. The use of BERT-
like models for anaphora resolution was likely first suggested by (Joshi et al., 2019). At about the same
time (Mohan and Nair, 2019) suggested resolving ambiguous pronoun anaphorae using BERT and SVM,
and (Wang, 2019) suggested a BERT-based approach for gendered pronoun resolution. (Hou, 2020) sug-
gests an approach to bridging anaphora resolution via question ansvering based on SpanBERT (Joshi et
al., 2020).

1.2 Downscaling Transformers

A lot of recent research have focused on laws of and approaches to scaling transformer (Vaswani et al.,
2017) language models up (Hoffmann et al., 2022; Kaplan et al., 2020; Rae et al., 2021; Shoeybi et al.,
2019). Significantly less effort is being devoted to building smaller and more compute-efficient models
(Geiping and Goldstein, 2022). In this work we continue the latter line of research, with a focus on the
use of transformers in anaphora resolution.

1.3 Our contribution

Our contribution in this paper is threefold:

* We cast the anaphora resolution problem in a form similar to named entity recognition and linking

* We empirically study the performance of varied language model architectures and training ap-
proaches and found that lean (narrow and deep) language models provide the best balance of speed
and quality for word-level tasks,

* Finally, we opensource RULUKE-tiny and RuLUKE-slim models we have trained that have better
performance on our downstream tasks than comparable models, and the larger of two models we
present performs on par with significantly larger models.

2 Anaphora Resolution Approach

For the anaphora resolution problem, we suggest an approach inspired by tagging named entities using
embeddings extracted from the transformer model (see, for example, (Arkhipov et al., 2019)). Instead
of named entity BIO tags (introduced by (Ramshaw and Marcus, 1995), see also (Nadeau and Sekine,
2007)) we suggest the following four tags:
0) O - the tag of all the words that are not in an anaphoric connection with the target pronoun;
1) AT_B - the tag of the first token included in the antecedent;
2) AT_C - the tag of subsequent tokens included in the antecedent;
3) AF_B - the tag of the first token of the anaphora.

We measure the accuracy of models with F1 metric applied to each token type, producing 4 separate
metrics. This approach allows to analyze the models’ performance in detail.
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Figure 1: Architecture of the Anaphora Resolution model

Figure 1 depicts the suggested architecture for the anaphora resolution. Embeddings are generated
for the tokens of the source text. The embedding of the token of the anaphora pronoun is concatenated
with the embeddings of all tokens of the input text, and the result is passed to a fully-connected 2-layer
network. At the output of the model, the argmax layer returns the indices of the most likely tags for each
token. These tags are mapped to the words of the source text. In one pass over a window, the model finds
antecedents for only one pronoun.

The largest (in terms of the number of words) antecedent is selected for each continuous span detected:
"Elizaveta Petrovna Kalinina is the CEO of the company. Liza is responsible for a huge number of
employees. Every day she...". The case and number of the antecedent are agreed with the pronoun. In
cases where there were opening brackets/quotes in the antecedent, but their closing versions were not
included, they are added.

3 Training approaches

We have benchmarked several approaches to training the models:

* Distillation
* Pretraining using SpanBERT approach (Joshi et al., 2020)
* Pretraining using LUKE approach (Yamada et al., 2020)
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3.1 Distillation

We use knowledge distillation (Hinton et al., 2015) as a basic approach to training the models, following
(Dale, 2021b). Knowledge distillation is the process of transferring knowledge from a large model
(teacher) to a smaller one (student) (Gou et al., 2021).

We train bilingual English+Russian models and use two training sets:

* 2.5 million parallel English-Russian sentences collected from Yandex.Translate (Yan, 2022), OPUS-
100 (Zhang et al., 2020) and Tatoeba (Tat, 2022; Tiedemann, 2012) corpora.

* 6.5 million sentences in Russian from ruswiki 2021, rusnews 2020 and rusweb 2019 collections
from Leipzig corpus (Goldhahn et al., 2012) and Russian sentence pairs from XNLI (Conneau et
al., 2018).

We use several losses and teachers. For the parallel corpus we, similarly to Dale (Dale, 2021b):

» distill CLS tokens, bringing their different projections closer to RuBERT (Kuratov and Arkhipov,
2019), LaBSE (Feng et al., 2022) and Laser (Artetxe and Schwenk, 2019) embeddings;

* distill the probability distribution of LaBSE (Feng et al., 2022) output tokens with MLM distilla-
tion loss, using the Kullback-Leibler divergence loss between mapped vocabularies of student and
teacher models;

* minimize the whole-word MLM loss (Devlin et al., 2019) for English and Russian languages;

* minimize the translation ranking loss, as in LaBSE (Feng et al., 2022);

For the Russian corpus we

* minimize the per-token MLM loss with rubert-base-cased-sentence (Kuratov and Arkhipov, 2019);

* minimize the whole-word MLM loss to LABSE (Feng et al., 2022);

* minimize NLI loss.

We train models in three stages using Cosine Annealing with Warm Restarts on the first two stages.
The details of the parameters on these stages are listed in Table 1. We have trained two mod-
els using this approach - one with rubert-tiny architecture but with extended dictionary (we call it
distilRuBert-tiny) and the other with twice as much layers (we call it distilRuBert-lean). Input and
output embeddings weights for these new models were partially copied from cointegrated/rubert-tiny2
and cointegrated/LaBSE-en-ru respectively. For distilRuBert-tiny we used cointegrated/rubert-tiny?2 as a
starting checkpoint.

Stage 1 | Stage 2 Stage 3
teachers all all all but rubert-base-cased-sentence
steps 400000 | 800000 1100000
batch size for bilingual pairs | 16 32 36
batch size for Russian texts | 8 16 12
batch size for NLI 8 16 24
accumulation steps 4 4 1
learning rate le-5t00 | le-5to le-6 | le-5

Table 1: Distillation stages description

3.2 Pretraining using SpanBERT approach

SpanBERT (Joshi et al., 2020) extends BERT by

* masking contiguous random spans, rather than random tokens, and
* training the span boundary representations to predict the entire content of the masked span, without
relying on the individual token representations within it.
We only use the first option of these two. We have trained a model with rubert-tiny architecture using
this approach, and refer to it distilRuSpanBert-tiny in this paper. We used cointegrated/rubert-tiny2 as a
starting checkpoint.
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Model V| FE H| L N
DeepPavlov/distilrubert-small-cased-conversational 119547 | 768 | 3072 | 2 | 106.4M
DeepPavlov/distilrubert-tiny-cased-conversational-vl | 30522 | 264 | 792 | 3| 10.3M
DeepPavlov/distilrubert-tiny-cased-conversational-5k 5031 | 264 | 792 | 3 3.6M
cointegrated/LaBSE-en-ru 55083 | 768 | 3072 | 12 127M
cointegrated/rubert-tiny2 83828 | 312 | 600 | 3| 29.1M
cointegrated/rubert-tiny 29564 | 312 | 600 | 3| 11.8M
(ours) distilRuBert-lean 55083 | 312 | 936 | 6| 23.3M
(ours) distilRuBert-tiny 101520 | 312 | 600 | 3| 34.3M
(ours) RuLUKE-tiny 83828 | 312 | 600 | 3 | 158.8M
(ours) RuLUKE-lean 55083 | 312 | 936 | 6 | 153.3M
(ours) distilRuSpanBert-tiny 101525 | 312 | 600 | 3 | 34.3M

Table 2: Parameters of models

3.3 Pretraining using LUKE approach

LUKE (Yamada et al., 2020) extends BERT by introducing:
* anew pretraining task that involves predicting randomly masked words and entities in a large entity-
annotated corpus retrieved from Wikipedia
* an entity-aware self-attention mechanism that is an extension of the self-attention mechanism of the
transformer, and considers the types of tokens (words or entities) when computing attention scores
We have trained two models using this approach - one with rubert-tiny2 architecture (we call
it RuLUKE-tiny) and the other with distilRuBert-lean architecture (we call it RuLUKE-lean). For
RuLUKE-tiny and RuLUKE-lean we used cointegrated/rubert-tiny2 and our distilRuBert-lean respect-
ively as backbone transformers and starting checkpoints for further training. According to LUKE (Ya-
mada et al., 2020), each model has additional entity vocabulary with top 500k entities from dump of Rus-
sian Wikipedia, that is why the disk size and the number of parameters of RULUKE-tiny and RuLUKE-
lean are larger compared to other models.

4 Experiments and results

4.1 Tasks and Datasets

We test the efficiency of the anaphora resolution approach overall and of each model in particular on the
anaphora resolution subset of RuCoCo dataset (Dobrovolskii et al., 2022). To produce this subset we
have sampled examples where one of the coreferences is a pronoun.

4.2 BERT-like Models

For our study, we selected small and medium sized BERT-like models that showed promising results in
NLP tasks for the Russian language (Kolesnikova et al., 2022), (Dale, 2021b), based on the rating from
Dale (Dale, 2022) and integrated well with spaCy (Honnibal and Montani, 2017). The size, performance
and efficiency of BERT-like models depends on model architecture parameters and training approach.
We treat the latter in Section 3. The key architectural parameters for BERT are:

e L - the number of hidden layers;

* H - the size of intermediate layer embeddings;

* I - the size of the output embedding;

* V' - the size of vocabulary;

* N - the number of parameters (which is a function of the above parameters)

The Table 2 lists the architectural parameters of the key models we compare to and our models.

4.3 Inference Speed

We have benchmarked the performance of CPU inference of typical and potential architectures. The tests
were run on the entire dataset. Time was measured in ms/sentence, mean of 3 runs, 1 loop each on an
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Intel(R) Core(TM) 15-10400, 2.90GHz processor based computer with 6 cores. Batch size was set to 1,
and torch.utils.data.Datal.oader used num_workers = 0. The results are listed in Table 3. It is easy
to see that the performance only slightly depends on the vocabulary size and intermediate embedding

dimension, grows linearly with the number of layers and slower - with the embedding dimension.

E =264 E =528 E =768

L 3 6 9 12 3 6 9 12 3 6 9 12

V= | H=Ex%2|10.7 | 194 | 285 | 372 | 155|295 | 43.0 | 56.7 | 239|459 | 679 | 90.0
29 H=FE=+3|11.3]20.6 |30.2 | 393 | 17.1 | 323 | 47.7 | 62.8 | 28.5 | 549 | 82.7 | 108.9
564 | H=FE=x4|114|21.1 310|407 |203|39.1|618|77.6 338|650 | 964 | 127.7
= | H=FEx2|11.8|215 309 |40.6 | 162 | 306 | 452 | 59.6 | 24.6 | 47.1 | 69.8 | 95.1
83 H=FE=+3|119 | 222 |325|429| 179|339 |50.7 | 67.2 | 29.7 | 576 | 855 | 1134
828 | H=FE=x*4|123|22.8 | 333 | 43.8 | 21.2 | 40.7 | 60.2 | 79.9 | 35.0 | 68.1 | 101.1 | 133.7
V= |H=FE=*2|11.8|21.8 321|419 | 165|319 |49.1 | 61.7 |245 | 468 | 69.1 | 92.1
119 | H=E=+3 | 125|23.1 | 334|438 | 18.1 | 343 | 51.6 | 66.8 | 28.8 | 55.7 | 82.7 | 109.8
547 | H=FEx4]12.6 | 233|352 |445 | 212|408 | 60.1 | 79.6 | 34.0 | 66.0 | 98.2 | 130.3

Table 3: Dependence of performance (ms/sentence) on model architecture parameters L - the number of
hidden layers, H - the size of intermediate layer embeddings, E - the size of the output embedding, V' -
the size of vocabulary

Table 4 shows CPU inference speed of discussed models on two benchmarks:
* Benchmarkl - is the CPU speed task from (Dale, 2021a)
* Benchmark2 - shows the performance of models on anaphora resolution task when running on
CPU using the same data as in Section 4.1 and architecture as in Section 2
For both benchmarks we report mean inference time in milliseconds per sentence and standard devi-
ation, collected on 3 runs.

Model Benchmarkl | Benchmark?2
DeepPavlov/distilrubert-small-cased-conversational 522 +£0.13 28.15 £ 0.67
DeepPavlov/distilrubert-tiny-cased-conversational-v1 2.87 +£0.06 1592 £ 0.76
DeepPavlov/distilrubert-tiny-cased-conversational-5k 3.18 £0.07 15.36 £ 0.63
cointegrated/LaBSE-en-ru 28.10£0.55 | 134.07+1.20
cointegrated/rubert-tiny2 3.09+£0.12 15.70 £ 0.08
cointegrated/rubert-tiny 3.23 £0.09 14.86 + 0.07
(ours) distilRuBert-lean 6.12 +£0.09 20.73 £0.53
(ours) distilRuBert-tiny 3.23+£0.07 12.40 £ 0.47
(ours) RuLUKE-tiny 3.31+£0.13 11.79 £0.57
(ours) RuULUKE-lean 6.12 +0.09 2201 £1.18
(ours) distilRuSpanBert-tiny 3.38£0.18 12.29 £ 0.17

Table 4: CPU inference speed of models

4.4 Accuracy

We list the results of accuracy evaluation in two groups - tiny (Table ??) and larger (Table 5)models. The
results for LaBSE-en-ru are listed with larger models for comparison. The best results in each category
are highlighted in bold.

5 Conclusion

Popular tiny Russian BERT models are trained primarily with sentence-related tasks in mind. Thus their
accuracy on word-related tasks is significantly worse than on sentence-related tasks. It is hard to fine-
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Model AF_ BF1 | AT_ BF1 | AT_CF1 | OF1 | AvgFl Time
(ours) RuULUKE-tiny 0.966 0.372 0.484 | 0.509 0.583 | 11.79
(ours) distilRuSpanBert-tiny 0.973 0.290 0.438 | 0.471 0.543 | 12.29
(ours) distilRuBert-tiny 0.974 0.315 0.430 | 0.458 0.544 | 12.40
cointegrated/rubert-tiny 0.974 0.327 0.416 | 0.447 0.541 14.86
DeepPavlov/

distilrubert-tiny-cased-conversational-5k 0.972 0.333 0.425 | 0.461 0.548 | 15.36
cointegrated/rubert-tiny2 0.964 0.318 0.437 | 0.468 0.547 | 15.70
DeepPavlov/

distilrubert-tiny-cased-conversational-v1 0.972 0.380 0.473 | 0.511 0.584 | 15.92
distilRuBert-lean 0.975 0.422 0.490 | 0.521 0.602 | 20.73
RuLUKE-lean 0.975 0.411 0.500 | 0.528 0.604 | 22.01
DeepPavlov/

distilrubert-small-cased-conversational 0.972 0.382 0.499 | 0.541 0.599 | 28.15
cointegrated/LaBSE-en-ru 0.987 0.713 0.770 | 0.822 0.823 | 134.07

Table 5: Accuracy and speed of the models

tune/distill such models to achieve better accuracy on word-related tasks than model trained from scratch
with word-related tasks in mind. LUKE improves performance on word-related tasks to be on par with
the best similarly-sized models, but but is much faster so RULUKE-tiny is 35% faster than DeepPavlov/
distilrubert-tiny-cased-conversational-v1 that has about the same accuracy. SpanBERT training does not
improve performance on anaphora resolution task.

For lean models, the accuracy improvement achieved by LUKE training is more noticeable, and the
speedup compared to DeepPavlov/ distilrubert-small-cased-conversational is 28%. Still, 6 layers seems
to be an inadequate number to match the performance of full-fledged, 12-layer models such as LaBSE.
We believe this might be connected with the recent finding that transformers learn in-context by gradi-
ent descent in the domain of autoregressive problems (von Oswald et al., 2022). In the latter setting
each layer behaves as a gradient descent step. While our formulation of anaphora resolution task is not
autoregressive, a similar mechanism may also be present. This is a matter of the future research.
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AHHOTAIUSA

CraTbs MOCBSIIEHa TUHIBUCTHYECKUM XapaKTepUCTUKaM 0a3bl JaHHBIX «/lMaxpoHuKoH». B cTaThe ommcansl
0COOCHHOCTH THaXPOHUIECKON Pa3METKN KOHCTPYKIIHH PyCCKOTO S3bIKa, a TAKXKe TETH, CIIENHAIbHO pa3paboTaHHbIe
IUTS TIOMCKA TI0 TMaxXpOoHUYeckoi 0a3e maHHbIX. OTaensHO 000CHOBBIBACTCS 0c000€ MOIEe KOMMEHTAPHS, HCIONb3ye-
Moe B 6aze. Kpome Toro, mpeacTaBieH U onucaH KOMIIBIOTEpHBIH HHTepdeiic “/lnaxpoHuKoHa”.

Pa3paboraHHBIH pecypc ImpenocTaBiIseT OOMIMPHBIE BO3MOXKHOCTH JUISi CHCTEMHOT'O M3ydYEeHUsI HE TOJIBKO KOH-
KPETHBIX KOHCTPYKLUH, HO U O0IINX MEXaHW3MOB MANOMATHU3AIMH U TpaMMaTHKaIn3alui. ba3a NaHHbIX 03BOJISIET
UCCIIEJOBATEII0 OIHOBPEMEHHO CPaBHUBATH HECKOJBKO OTAENBHBIX CIOXKETOB, IPOBOAUTH IIOMCK IO CIIUCKY KOH-
CTPYKIMH 1 MX XapaKTEPHCTHK B JUAXPOHUH, OTCIICKUBATh HCTOPUIO CHHTAKCUYECKUX U CEMAHTHYECKUX U3MEHEHUH
1 OIPaHUYEHUI COUYETAEMOCTHU Pa3HbIX KOHCTPYKLUI.

KonroueBble ci10Ba: 6a3a JaHHBIX; KOHCTPYKIMH; PyCCKUH SI3BIK; JHAXPOHUS

1 Bseneume

«/lnaxpoHUKOH» MpEACTaBIsET cOOOH MPOEKTUPYEMYIO 0a3y AaHHBIX KOHCTPYKIMH PyCCKOTO SI3bIKa B
mukpoauaxpoHudeckoi mepcrekruse (XVII-XXI BB.), c mogpoOHBIM cHCTEMaTH3UPOBAHHBIM OITHCA-
HUEM CHHTAKCHUYECKUX M CEMAHTHYECKUX M3MEHEHUH, MPOUCXOAMBIIUX C KAXKIOM M3 KOHCTPYKLIUH 3a
uccnenyemslii nepuon. I[lon koncmpyrkyusamu, B paMKkax IpoeKkTa, HoApa3yMeBatoTCs MAMOMaTU3HPOBaH-
HBIC SIMHUILIBI HA IEPECEUEHUH JIEKCUKH 1 TPAMMAaTHKH, COCTOSIIIIE U3 HEU3MEHIEMOMH (SIKOPHOI) yacTu
U CJIOTOB, KOTOPBIE MOTYT 3aIlONHATECS pasnuunbsiMu jgekcemamu [Fillmore et al., 1988; Croft, 2001;
Paxumuna, 2010; Dunepcen u ap.., 2020]: N-Gen.PL Cop (xoms) npyo npyou, ne oaii 602 (NP-Dat) VP-
Pfv.Inf , NP-Dat e ynvi6aemcs VPINP u np. I1o cBoeii cytH, «/{naxpoHuKkoH» yriayOIsieT paHee paspa-
6otaHHBIA pecypc «Pyccknii koncTpykTHKOH» ' [Janda et al. 2018; Dunepcen n ap. 2020] B o61acTh
UCTOPUYECKUX U3MEHEHUH U SIBIISETCS MepBOi 0a301 JaHHBIX IS CHCTEMHOTO THAXPOHUYECKOTO U3Y-
4yeHus Ppa3eonorn3upOBaHHBIX KOHCTPYKIIMK PYCCKOTO S3bIKA.

O0bem “/lnaxpoHUKOHA” 3HAYUTETHHO MPEBHINIACT aHATOTHYHBIE TIPOESKTHI IS IPYTUX S3BIKOB, TIE
BHUMaHHE B [IEPBYIO OUYepeb YACISIETCS CHHXPOHHOMY COCTOSIHUIO: | TaK, €CJIM CHHXPOHHBIE CHCTEMBbI
KOHCTPYKIHU# (koncmpykmuxonst, 8 Tepmunonorun Y. @umamopa [Fillmore, 2008]), B mocieHue roant
aKTMBHO M3y4YaloTCsA M pa3pabaThIBAlOTCAZ, TO AMAaXPOHMYECKHE M3MEHEHHsS MCCIIeN0BaIUCh Oolee
(parMeHTapHO U B MEPBYIO OYEPEab TOJIBKO VIS ONPEAEICHHOIO BUAa KOHCTPYKIMH (CM., HapuMep,
pabortsr [[Tanyuesa, 2018; Caii, 2010, 2014] anst pycckoro s3bika). C 310l TOUKH 3peHus, «JnaxpoHu-
KOH», OCHOBAHHBII Ha JaHHBIX HammoHansHOTo Kopmyca pycckoro ssbika (HKPS)® | TenepanbHoM HMH-
TepHET-Kopiryce pycckoro s3bika (I'MKPS, ucronp3oBaiics kKak TOTOTHUTEIBHBIN HCTOYHUK B CTydae
HeI0CTaTOuHOM BEIGOpKH 1o manusiM HKPS)* u cepsuce Google Ngram Viewer® (ucronp3osancs Kak
arperatop TEKCTOB, a He KaK KOPITyC; K 3TOMY HCTOYHHUKY 0OpaIaluch TOJIBKO B ClIydae HEJOCTATOUHON
BEIOOPKH, C JanbHeeil Bepudukanueil qaTbl BXOKICHHS), TPECTABISIET cOO0M caMblii MMOIHBIN pe-
Cypc, MO3BOJISIOLINHI OAHOBPEMEHHO CPAaBHUBATH MHOXKECTBO OTENIBHBIX CIOXKETOB U IIPOBOJUTH IIOMCK
T0 3aJaHHOMY CIIHCKY KOHCTPYKIIMH U X XapaKTePUCTUK B IUHAMHUKE, a TAK)KE OTCIEKUBATH UCTOPUIO
CHUHTAaKCHYECKUX U CEMAaHTUYECKUX N3MEHEHUH, KOTOPbIE IPOUCXOAMNIN C KOHCTPYKIHEH.

3agenoMm ans 6a3bl NaHHBIX «J[MaXpOHMKOH» IOCIY>KHJIM KOPIIyCHBIE HCCIIEIOBAHUS CTYACHTOB
[xomer muarBucTukr HUY BIID mo quaxpoHUN UAMOM, BEITIOTHEHHBIC B paMKax Kypca « AKajieMuye-
ckoe rmucsMox» B 2015-2022 rr. [Klezovich, Golosov, 2018; Kinezosuu, I'onocos, decenko, 2018; J106-
pymmHa, AxankuHa, 2019] (B padorax ucmonb3oBanuch BeI0OOpKH u3 300 mpumepos). Ha ganHBI MO-
MEHT C TTOMOIIBIO KOJUIEKTHBA TpenoaBareneld u cryaeHToB Llkonsr punonornuecknx Hayk u LLIkosmsr
muarsuctukd HUY BILD, Benercs akTuBHas padboTa 1o pa3paboTKe U peaKTHPOBAHUIO CUCTEMBI Pa3-
METKH KOHCTPYKIHH, a TAK)KE CO3AaHUI0 KOMITBIOTEPHON 0007104KH 6a3bl JaHHBIX. OOBEM pa3MeUeHHBIX
equHMI cocTaBisaeT 6omee 100 xoHCTpyKIHi. Bee KOHCTpyKIMK OBLIM B3SATHI U3 coOpanus [bapaHoB,
Jlo6poBonbckuii, 2016] u comepar eIUHUIBI, B TOW WM WHOW Mepe 0003HAYAMOIINE KOJUYECTBO,
BpeMsi, oTpuLaHue u jeiikcuc. Kpurepuem or00pa KOHCTpYKIHMH OblIa NPE3CHTaTHBHOCTH HX

! TIpoexr paspaGoran uccnenoparensamu Llkons muarsuctiuxn HUY BIID (MockBa) COBMECTHO ¢ APKTHUECKHM YHHBEPCH-
tetom Tpomcé (HopBerust) u pacrionoxeH mo aapecy https://constructicon.ruscorpora.ru/

2 Cwm., Hanpumep, pecypesl https://spraakbanken.gu.se/konstruktikon mns mseackoro sssixa, http://jfn.st.hc.keio.ac.jp ns
smonckoro,  http://webtool.framenetbr.ufjf.br/index.php/webtool/report/cxn/main  mis  Gpa3uiibckoro  MOPTYrajbCKoro,
https://gsw.phil.hhu.de/constructicon/ mst HemerKoro U ye ynoMsHyThIi «PycCKHil KOHCTPYKTHKOH JUISl PyCCKOTO SI3bIKA.

3 https://ruscorpora.ru/

4 http://www.webcorpora.ru/

5 books.google.com/ngrams




Diachronicon: a new resource for the study of Russian constructions in a microdiachronic perspective

BapUaTUBHOCTU U Pa3IMYHBIX CHHTAKCMUECKHUX U CEMAaHTHYEeCKUX M3MeHeHHH. Ilpu pazmeTke mposo-
JUIICS] py4HOI 0TOOp M Bepu (UKL IPUMEPOB C LIENbI0 yCTPAHUTH OIIMOKH Paclio3HaBaHUS U, B He-
KOTOPBIX CIIy4asiX, OTAEINUTh IPUMEPHI C HYyXKHOM KOHCTPYKLIHEH OT IPUMEPOB C MOXOKUM Ha He€ code-
TaHUEM CJIOB.

Hacrosiimasi crathsi MOCBSIEHa JIMHTBUCTHYECKHM XapaKTEpPUCTHKaM 0a3bl JaHHBIX «JlnaxponHm-
KOoH». B paznene 2 OyayT omucaHbl 0COOCHHOCTH AHAXPOHUYECKOW pa3MeTKH KOHCTPYKImid. Pasmern 3
OyIeT MOCBSAIIECH KOMITBIOTEPHON 000J104Ke 0a3bl TaHHBIX. 3aKIIOYUTEIBHEIN pa3aen 4 CyMMHUPYET CO-
CTOSIHUE TPOEKTa Ha TeKYIUil MOMEHT U 0003Ha4YaeT ero JaibHeHIINe NepCIeKTUBEL.

2 JImaxpoHu4eckasi pa3MeTKa

B xonme paboThel Hax AMAaXpOHMYECKOW Pa3METKOM KOMaHAa MPOEKTa YYHUThIBaJia HEOOXOIUMOCTH €€
JlaJbHEMIIEH HHTErPallUi B CUCTEMY IIOMCKA: BBOJUMBIE [TIOMETHI IIO3BOJIAT BBISBIIATH 3aKOHOMEPHOCTU
B CEMaHTHUYECKOW M CHHTaKCU4YECKON 3BOJIIOLMH KOHCTPYKIHHA, 00HApYXUBATh PETYISPHO BOCIIPOU3BO-
JTUMBIE MOJIETIH UX Pa3BUTHS, B YaCTHOCTH, MMyTH KOHCTPYKIIMOHAIU3AIINH CBOOOTHBIX COUYETaHHH U Jie-
KOHCTPYKLIMOHANN3AIUHA YCTOWYHUBEIX (paseM.

2.1 Ileau u 3a7a4u pa3MeTKH

[Ipu pa3paboTke pa3MeTKr OCHOBHOH yIOP AeTaliCs Ha € MHEMOHHYHOCTh H HHTEPIPETHPYEMOCTD JIJIS
MOTEHINAIBFHOTO MOJIH30BATEIS.

CTpoKu pa3MEeTKH [l OMHOH KOHCTPYKLUH COOTBETCTBOBAIIM dTanaM e€ pa3BUTHUS; 9manom B Oaze
“JInaxpOHUKOH”’ Ha3bIBAE€TCSl COCTOSIHUE KOHCTPYKIIMU B ONIPEEIEHHBIN IEPUO/I, SBIIAIOIIEECS Pe3yilb-
TaTOM HEKOTOPOTO M3MEHEHMS.

Jns kaxoro sramna pazMeyainch:

1. Hupexc npeapaymiero stamna (former change), no3Bonstomuii ycraHaBIHUBAaTh OTHOIICHUS Tpe-
€MCTBEHHOCTHU MEXy dTalaMy;
2. HoBblil BUI TOM 9acT KOHCTPYKIIMH, KOTOpas MoABEpIiiach u3MeHenuto (part of construction

changed). 3to mo3BoMIIO OTMEYATh, KAKHE U3MCHEHUSI 3aTPAruBalOT AKOPh KOHCTPYKIIUH, Ka-
KHe — €€ U3MEHSIEeMYIO 4acTh, a KaKhe — CHHTaKCHC U CEMaHTUKY BCEe KOHCTPYKLIMH B IIEJIOM;

3. Tumn (type of change) u moarun nzmenenus (subtype of change), Gmaromaps KOTOpoMy BO3HHUK
JIAHHBIH 3Tall, a TAKXKe YpoBeHb s3bika (level), Kk KoTOpoMy OTHOCHTCSI 3TO U3MEHEHHUE (CHHTaK-
CHC MJIM CEMaHTHKa, Synt vs. sem);

4. Teru nus 0603Ha4eHHsT MOP(HOCHHTAKCHUECKUX M CEMaHTHIECKUX Kareropuii (morphosyntags
1 semantags), xapakTepu3yomire KOHCTPYKINIO Ha TaHHOM JTalle ee Pa3BUTHS;

5. Ilpumep nepBoro u nmocieanero BxoxxaeHus koncrpykuuu B HKPS; nara mepsoro u nocnegsero
BXOXKJIEHUU TeM He MeHee ycioBHa, HKPS mocTtosiHHO momonHseTcsi HOBBIMH MpUMEpaMu U
pabota CTpOUTCS B COOTBETCTBHH C TEM, YTOOBI IPH OOHOBJICHNH 0a3bl yIIOTPEOICHU pa3MeTka
HE Tepsyia CBOCH pereBaHTHOCTH.

6. TekcToBBIIl KOMMEHTAPHIA, OOJIee AeTaIbHO OMUCHIBAIONIUI CyTh KOHKPETHOTO H3MEHEHUS.

IIpumep pasMeTKH MOXHO YBUAETH B pazaene 2.4.

2.2 Twunel v MoaTHUNBI H3MEHEHUI

Jlnist Ha4aJ bpbHOTO 3Tara, COOTBETCTBYIOIIETO MEPBOMY 3a(DUKCHPOBAHHOMY YIOTPEOICHHIO KOHCTPYK-
unu B HKPSI, B kauecTBe "THna m3MeHeHUH" BHOCHIIACh moMeTa "Source", T.e. ucTouHuK. OH MOXET
OBITh KaK KOMIIO3UIIMOHATIBHBIM, TaK U UJINOMATHUECKUM (€CJIM MJIMOMA, CTaBIIas SKOPEM KOHCTPYK-
UM, BIICPBbIC TIOSBIISAETCS B KOPIYCE UMEHHO B HEKOMIIO3UITUOHAILHOM 3HAYCHUH).

B pamkax nmpoeKTa KakIblii HOBBIH 3Tal Pa3BUTHsI KOHCTPYKIIMU XapaKTEPU30BaICsS U3MECHECHHEM Ha
CUHTAKCHYCCKOM WJIM CEMaHTHYeCKoM ypoBHe. ClieyeT OTMETHTh, YTO B HEKOTOPBIX CIydasX, MO
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JaHHbIM HKPH, 1 CMHTAKCHYCCKOC, U CCMaHTHUYCCKOC U3MCHCHUA q)HKCHpOBaJ'II/ICI: (I)aKTI/I‘-ICCKI/I OIHO-
BPEMCHHO, B OTHOM 1 TOM K€ anMepee.

I[J'IH KaXXJ10ro CCMaHTH4YCCKOI'0O 1 CMHTaKCUYCCKOTO H3MCHCHUA BBIACIIAAJIMNCH TUIT U ITOATHII. Crucox
THUIIOB ABJIACTCA 3aKPBITHIM, a4 CIIMCOK MMOATUIIOB — OTKPLITBIM.

Tunel CHHTAaKCHYECKUX U3MCHCHUM pa3Meyaainch B 3aBUCUMOCTU OT TOIO, B KaKoM 4acTu KOHCTpPYK-
YU MMPOU30LIIIO0 UBMCHCHUC. TaK, OHO MOIJIO HpOHBOﬁTHZ

1. B sxope xoHcTpykuuu (change in anchor).
IMoaTuIbI 5TOTO H3MEHEHHSI OTUCHIBAIOT YCHIICHHUE HIIH OCITA0ICHHEe CHHTAKCHYECKOTO U CEMaH-
THYECKOTO €MHCTBA SIKOPS, & TAKXKE M3MCHEHHSI B COCTABE SKOPSI.
Taxk, npu nobaenenun koMnoHeHTa (adding a component) B sikopb KOHCTPYKIUH “Kak HE Obl-
BaJIO” MOJy4aeT BO3MOXKHOCTD T00ABIISATHCS YCHIUTEIbHAS YaCTHIIA U

(1) Ilomom eopye kax u e 6wigano aumepamyprnuix obospenuii! [B. I. benmunckuii. Pycckas nure-
parypa B 1842 rony (1843)]’

2. Bo BHyTpeHHEM cHHTaKcuce KOHCTpykiuu (change in inner syntax).

ITox BHYTPEHHHM CHHTAKCHCOM KOHCTPYKIIMH MOAPa3’yMEBAIOTCS T€ BO3MOKHBIC HAOOPHI CO-
CTaBJISAIOIINX, KOTOPBIE 3aBHUCAT OT HaHOOJIee BIOKSHHON COCTABIISIONICH KOS KOHCTPYKIIHH.
B GonbIIMHCTBE CIyYaeB OHU MPEICTABISIOT COO0H CIOTHI B M3MEHACMOMN YaCTH KOHCTPYKIIHH.
IToATHITBI 3TOTO U3MEHECHHSI OMUCHIBAIOT MOSIBJICHHE  HCYE3HOBEHHE 3aBUCHMBIX OT SIKOPSI HITH
W3MEHCHHUS B HA0OpE CHHTAKCHUYCCKHUX THUIIOB CYNISCTBYIOIINX 3aBHCUMBIX. Tak, MpH MOATHIIC
change in government: clause c¢oT B KOHCTPYKIIMH C AKOpPEM “0e3 MOHATHS CO 3HAYEHHEM
UH()OPMAIIMK PAHbIIE MOT 3aMOJHATHCS TOJIBKO MPETIOKHON TPYIIOii, a Terneph 3armoNHsIeTCs
1 GUHUTHOM KIIAy30i:

(2) A 6Ho6b Hac 30MOUpYIOmM, MOABLKO YoHce 8 OPYeOM HANPAGLEHUU, XOMs 0e3 NOHAMUA KAK MO
enusiem na gepyrowux [ NKPA|

3. Bo BHemHeM cuHTaKcHce KOHCTpyKituu (change in outer syntax).
ITojx BHEIIHUM CHHTAKCHCOM KOHCTPYKIMH TOIPa3yMEBAIOTCS T€ BO3MOXKHBIE HAOOPBI COCTaB-
JISTFOIINX, B KOTOPBIE MOXET OBITh BIIOYKEHA HANMEHEE BIIOXKEHHAS YaCTh SKOPSI KOHCTPYKIIUH.
HOI[TI/IHI)I 9TOT0 U3MCHCHUA ONHCBIBAIOT U3BMCHCHUS B IOJIIPHOCTU KOHCTPYKIIUH U B Ha60pe
CHHTAKCHYECKHX POJIeii, B KOTOPBIX OHA MOXKET BBICTYTIATh.
Tak, pu M3MeHeHHH ToNsIpu3oBaHHOCTH (change in polarity) xorcTpykims “6e3 maps B ro-
JI0Be”, KOTOpast paHblile Oblia MOJIOKHUTENBHO MOJISIPU30BAHHOM, CTala YHOTPEOISTECS U B OT-
PULATCIILHBIX MPEAJIOKCHUAX !

(3) Hyorcnol ar00u, a s wenosek Ovi8anbvill, onblmHbll U He 0e3 yapa 6 2onoee, yezo ewe? [M. E.
CanteixoB-Llenpun. Ilectprie nucema (1884-1886)]

Tursl ceMaHTHUECKUX M3MEHEHUI BBIIESISUIMCH UCXO/Is U3 Goliee mupokoro Habopa ¢pakropos. Tax,
OBIIIN BBIEJIEHBI:
1. HoBble nanomaruyHelie ynorpeOienus KoHCTpyKiuid (new idiomatic use).
IMonTumbl 3TOro M3MEHEHUs OMKMCHIBAIOT CEMAaHTHUECKUE Mepexoibl: Meradopa, METOHUMHUS,
PEOPEH/INHT, a TAK)KE PACIIMPEHHE U CY)KCHUE 3HAUCHUSL.

6 CTporo roBops, mae B 3TOM CIIydae JIBa U3MEHEHHS IPOMCXOJIAT MOCIIE0BATENBHO, TAK KAK OJTHO M3 HUX SBJISETCS MPUIHHOLN
Jpyroro (HampuMmep, peOPEHANHT SIBISETCS Pe3yIETaTOM pacIIupeHus ceManTiHyeckoi coderaemoctr (Rakhilina, et al. 2010]).
Tewm He MeHee, Ha JAHHBIH MOMEHT B Pa3METKE OTPa)KEHBI TOJIBKO T (haKThI O Pa3BUTHH KOHCTPYKIUIL, KOTOpBIE (DUKCUPYIOTCS
B Bbitade HKPSI - maTepriperarus sxe 3THx (aKkToB ITOKa MOJTHOCTHIO IPEIOCTABIISETCS MOJIB30BaTeNo. [109TOMy 1TOKa 4TO MBI
pa3zMeuaeM HECKOJIbKO U3MEHEHH, BIIepBbIe 3a()MKCUPOBAHHBIX B OJJHOM IIPUMEPE, KaK MPOU30ILIEIIINE OJHOBPEMEHHO. YeTa-
HOBJICHUE MOAJMHHOTO TOPsIIKa MIPOU3OLIEANINX B TAKUX CIIydasX W3MEHEHHH OCTaeTCs 3a7aueil Moka 4To He PEIIeHHOH, HO
BXOJISIIIEH B MIEPCTIEKTUBBI PA3BUTHS IIPOCKTA.

" DT0T M BCe AanbHelmue npuMepsl B3aThl n3 HKPS.
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Taxk, mpu noarune widening (paciupenne) KOHCTPYKLUS He Oail 6o paHee colnepikana HHTCH-
CHBHOCTb U HETaTHBHYIO OLICHKY; a Ha HOBOM 3TaIle — TOJIBKO HHTCHCUBHOCTB:

(4) — A, kasrcuco, Hu 3a ymo O6b1 He 8bl0epIHcal, NOMOMY 51 00 Jowadel, He 0all 602, KaKoli OXOmMHUK!
Eocenu ysuoicy e0e xopoure2o KoHsi, y MeHst Oyula Mpem, d 'y camo2o max pyKu U 4eutymcst yKpacmo
ezo. [®@. ®. Trorues. Ha ckamax u monnHax Jlarectana (1903)]

2. M3MeHeHUs ceMaHTHYeCKOil coueTaeMocTH KoHCTpyKuuu (Change in semantic compatibility).

[loaTrne! 3TOro U3MEHEHHUsI ONMCHIBAIOT U3MEHEHHS B HA0OpE CEMaHTUYECKUX THUIIOB 3aBHCHU-
MbIX KOHCTPYKIIMH WJIM BEPIIMH KOHCTpyKimu. Tak, mpu moarure extension: new type of NP
dependent (pacupenue MHOKECTBA UMEH-3aBUCHMBIX, C KOTOPHIMU MOXKET COUETAThCS BbIPa-
xeHue) B koHcTpykuuu NP-Gen we nanacewscs B KauecTBe apryMeHTa UCIIONIB3YETCsl CIIOBO,
He 0003HaJaolee MHOXKECTBO, XOTS paHee 3TO ObLIIO HEBO3MOXKHO:

(5) Ha ecex npoxooauwgux u Macnosa ne nanacewnca. [U. T. Koxopes. CapBymika (1847)]

3. M3meHenus B mparmaruke KOHCTpyKiuu (Change in pragmatics).

HOHTI/IHLI 9TOT0 U3MCHCHUSA OINMCBIBAIOT IMparMaTUKaJIn3aluio U ACIparMaTuKaIn3anuro Juc-
KYPCHUBHBIX (POPMYJI, @ TAKXKE M3MEHEHHSI B HIIOKYTUBHOM IIEJTH YIIOTPEOIEH ST KOHCTPYKIIUH.
Taxk, mpu moarume depragmaticalization of a routine xkoHcTpyKIWMs Hu-HU paHEe YIOTPEOSIIACH
KaK AUCKypCHBHasl GOpMYyJIa, a Temeph MOXKET OBITh YaCThIO MTPESIOKECHUS:

(6) — Hem, bpam! uepams ¢ moboii ewge MOIACHO, HO RO3BOAAMb Mebe Kapmbl cOasams — Hu-Hu!
[M. E. CanteikoB-1llenpun. [lomnanypsr u nomnaaypiu (1863-1874)]

2.3 Term

Oco06o0 ciemyeT ckazarb 00 UCIIOIL3YEMON B Pa3METKE CHCTEME TETOB; OHA OblJIa BBEICHA C IICITBI0 HANTH
B 0aze JaHHBIX 3Tallbl, *UMCIOIIUEC OTHOIICHUEC K TEM NI HHBIM MOp(i)OJIOI‘I/I‘ICCKI/IM, CHHTAaKCHUYCCKHUM U
CEMaHTUYECKUM SBICHUSAM. B CBsI3U ¢ 3TUM IIpH pa3MeTKe UCIIOIh30BAIUCH J1Ba Habopa TeroB: Mopdo-
CHHTAKCHUYCCKHEC U CEMAHTHYCCKHC.

HHBeHTaph MOP(POCMHTAKCHYECKHX TETOB BKJIIOYACT B CeOs CIIEAYIOIIHE TTOATPYIIIBI:
1. Yacrepeunsie Teru (Noun, Adj, Verb u T.11.).

2. Teru i rpaMMaTHUYECKHUX KaTeropui raronoB (Hanpumep, Infinitive, Past Tense, Subjunctive
U T.1.), UMeH 1 Mectoumenuii (Animacy, Singular, Dative u T.11.).

3. Teru ans CHHTaKCHMYECKHMX KaTeropuii cocrapismomux (Hampumep, Sententional Actant, Argu-
ment, Discontinuity — pa3pbIBHOCTb | T.1I.).

4, Tern mis nonspusoBanabx exuaUtl (NP1, PPI).

Bosblas 4acTh ceMaHTHYECKHX TErOB 3aMMCTBOBaHa n3 KoHctpykrukoHna (cM. onucanue B [Endersen
et al. 2020]); cpean mHux — ter Maleficiary, o6o3Hauaromuit yuacTHrKa, KOTOPOMY A€HCTBHE IPUHOCUT
Bpej. Mcrnonp30BaHre JaHHOTO Tera B IHaXPOHUYECKOM pa3sMETKe MOKHO YBHUJIETD B paseie 2.4.

OnHako HEKOTOpPbIE CEMaHTHUCCKHE TerH ObLUTH pa3paboTaHbl Al HYX/I JaHHOTO mpoekTa. Cpemu HUX
BBIJICIISIOTCS CIIEAYIOIINE TPYIIITBL:
1. Terum ans sBneHuii, cBA3aHHBIX ¢ kBanTH(ukarmei (Large Quantity, Small Quantity, Mass

Noun).
2. Teru, obo3Havaromue ctuiab (Obscenity).
Teru nuis pexxumon auckypea (Dialogue, Narrative).
4. Teru 1uisl CEMAaHTHYECKOTO KJlacca BCeW KOHCTPYKIMH WITH e€ dlieMeHTa (B yacTHOCTH, Ter Ne-

w

gation, 0603HavarONIHii OTPUIIAHHE KAKOH-THOO MPOTO3UIINN B CEMAHTUKE KOHCTPYKIIUH).
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2.4  TIpumep pasmerxn: NP-Dat ne yrsioamoca NP8

part of con-
former struction subtype of
change change changed level type of change change semantags  morphosyntags
NP-Dat He yubi- compositional
1 6arbcst NP source source Negation
change inse-  extension: new
mantic compat- type of NP de-  Negation,
2 1 NP sem ibility pendent Maleficiary
entire construc- new idiomatic Negation,
3 1 tion sem use rebranding Maleficiary Noun
ne Adv change in an- Negation,
4 2,3 YABIOATHCS synt chor deidiomatization Maleficiary Discontinuity
HE YITBIOATHCS change in inner change ingov-  Negation,
5 4 Cl synt syntax ernment: clause  Maleficiary Verb, Infinitive
NP-Dat change in outer change in polar-
6 5 yasioareest NP synt syntax ity Maleficiary NPI

Tabnuua 1: ®parment pazmerku Beipaxkenus: NP-Dat ne yrvib6amscs NP

OnrcaHHYIO BEIIIEC pa3METKy MOYKHO MPOCIICTUTE Ha IPUMEpE BRIpAKECHUS He yivioaemcs (cMm. Tao-
muity 1). 3a CBOIO UCTOPHIO OHO MPETEPIIEIIO HECKOIBKO CYIIECTBEHHBIX M3MEHEHUN: N3HAYAIEHO MBI
BUJICITH, YTO KOHCTPYKIIUS ObliIa KOMITO3UITUOHATIBHOH (3Tarl 1) ¥ MMena HECKOIBKO aKTaHTOB: TOTO, KTO
yIeI0aeTCs, ¥ TOTO, KOMY YIIBIOArOTCSI.

(7) Ha 6edv u Hean Camouinbiy MOIOOOU HeN0BEK, A OH VIC U XU, U JHCENM, U COHYM, 0d U AKMpuca
emy He ynvioaemcs... [M. E. CanteixoB-llenpun. HeBunnsie pacckassl / 3amyTtanHoe nemno (1848-
1863)]

3areM coueTaeMoCTh paciuupuiack (3tan 2): 3apuKcupoBaHbl ynorpednenus, B kotopom NP 06o-
3HAYaeT KOTO-MHO0, KTO HE MOKET yIBIOAThCA B OyKBaJIHHOM CMBICTIE 3TOTO croBa’,

(8) Um ne ynvibaemces mbiciib, umo ayyuie ObImMb NEPEbLIM 8 OepesHe, Hedwceau 6mopbim 6 Pume; um
He Npuxooum 8 20108y 0adce MO COBEPUIEHHO eCMeCMBeHHOe NPeONnoN0NCeHUe, 4mo, COela8UIlcCh
VUACTHUKOM CIOTUYHO20 OBUICEHUsL, OHU He MObKO He 6HeCYM HUKAKOU HOB0U CIpPYU, HO camu YMo-
nym 6 denapmamenmcxom cope. [M. E. CanteikoB-1llenpun. [Tucema o nmposunimu (1868-1870)]

Oram 1 cran npuarHO# peOpeHauHTa (3Tan 3): HabmromaeM BXOXKICHHE, TIE BRIPAKEHNE CTAIO WIH-
OMOIi ¥ cyOBEeKT Hadasl 0003Hauarh 4TO-JIMO0 HEMPHUATHOE I 00bEKTa:

(9) Munucmp ¢unarncos xomen 6vi cozeamo cosewjanue ¢ yuacmuem 2e. I upca u Abasvl, u nepcnekx-
muea HeoOX0OUMOCmU 8ePHYMbCSL 8 20P00 00 C80e20 baudicatiue2o 0oKk1ada, m. e. 00 4 uioHs, soece He
yavibaemesn moemy dopozomy nauansnuxy. [B. H. JTamcaopd. Juesnuk (1891)]*°

Hanee, B HKPS dukcupyercst BapuaHT, TIe MEXIY YaCTIMHU BBIPAKCHHS TEIIEPh MOXKET CTaBUTHCS
MouduKarop (3Tamn 4, pa3BUBAIOIIUICS U3 IBYX MPEABIIYIIAX 3TANOB - CM. Tadwuiy 1).

8 B pasMmeTke MCTIONB30BaH MHQUHUTHE TJIArOa “ybI0aThCs”, 9YTOOBI OTPA3UTh BAPHATHBHOCTE (JOPM IJIATOIIa, KOTOPHIE MO-
T'YT 3aHUMaTh JaHHYIO ITO3HLHIO.

° Bo3MoxHO€ BIUSHIE METaQOPHUYECKOTO YIOTpeOneH s "ybIoaThes" B 3HAYEHUH aGCTPAKTHBIX CYIHOCTEH (Hanpumep,
yaada MHe (He) ynbibaercs). Tem He MeHee, u3MeHeHus, npoucxoasamue ¢ koHcTpykuuei “NP-Dat e yneidarscs NP” (1 o1-
MeyeHHble B Ta0nuie 1) He BIUSIOT HA BApHUAHT ¢ METa(OPHUECKUM yIIOTPEOICHUEM.

10 TanHoe BXOMIEHHME HE SABISETCS NEPBBLIM IPUMEPOM YIIOTpeOiIeHus koncTpykuuu B HKPSI; nepeblii npumep sTana 3 cos-
TIaJIaeT ¢ TIePBBIM IPUMEPOM dTama 2.
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(10) Xoms mrHe sma KomOunHauus He 0COOEHHO YAbIOACMCA, HO, BEPOIMHO, NPUOEMCS NPUOESHYMb
Kk Heti. [B. O. Koanesckuii, C. B. KoBanesckas. [Tucemo A. O. KoasreBckomy (1874)]

[MonoOHBIN THIT U3MEHEHHH, CBA3aHHBIX C TEM, UTO SAKOPh IMOJIy4aeT BO3MOXKHOCTh U3MEHSATHCS TaM,
IJle paHbIIE OH ObLI HEM3MEHSEMBEIM, TO €CTh TEpSET OJHO MIIM HECKOIBKO CBOMCTB MAMOMBI™, MBI
Ha3BAIH 0eUOUOMAMU3AYUELL.

Ha cnenyroriem 3tare y KOHCTPYKIIMU (PUKCUPYETCS BO3MOXKHOCTD MTPUCOSAUHATE MPEIUKATHI (3Tall
5):

(11) [Tenemaxor Ilpoxomnmit EBceeBud (Myx, nmpodeccop)] Mue 6osce He ynvlbaemca, Barenmun
Huxkonaesuy, obtme secmuuxom necuacmsi u epvleamspcsi 6 sauty ... uouanuio. [J1. H. Aaapees. [Ipodec-
cop Cropuupbis. [Ipama B yeThipex neiictBusix (1912)])

[Mocnemuuii FTar 3aKI0YACTCS B M3MEHEHHH SIKOPSI KOHCTPYKIHH (3TaIl 6): GUKCHPYIOTCS BAPHAHTHI,
e He TiepecTaeT ObITh MOCTOSIHHOW YacThIO IKOPSI U MOXKET 3aMEHAThCs Ha Apyrue aunen3opbl NPI:

(12) Dmo mue ne ynvibaemcs — oa u épao au komy 6ooouje yavtoaemca. [I. C. dbpon. JHEBHUKH.
T. 1. 1941 (1941)]

OO0mIyro cxeMy MHUKPOIMaXPOHUUECKOTO Pa3BUTHS KOHCTPYKIMHU He Viblbaemcs MOXKHO BHIETh Ha
Puc. 1.

KomnosuumnoHaasHoe
ynotpebaerue (1848)

ynotpebaenue c
cybbekTamu,
KOTOpBIE HE MOTyT
yawibaTecs (1868)

MAMOMATHUYHOE
ynotpebaeHue (1868)

MAHOMaTUYHOE
ynotpebaeHue c
rAaroAbHbIMH
npeavkatamm (1912)

BOIMOXHOCTb AOBaBAEHMSA
MOAMPUKATOPA MEXAY
4acTAMM KOHCTPYKuMK (1874)

ceomctea NP (1941)

Puc. 1: Dranbl MUKPOANaXpPOHUUYECKOTO PA3BUTHUS KOHCTPYKIMHU He yavibaemcs 1o fanasiM HKPSA

3 ba3a naHHbIX ¢ BeO-uHTEpPeiicom

B pamkax npoekra mpezamnonaraercs, yTo 0asa JaHHbBIX «J{naxpoHukon» OyaeT qocTynHa oHiaidH. Ha
JTAHHBII MOMEHT I He€ pa3padaThIBarOTCs PENIMOHHAS apXUTEKTypa (B TECTOBOI BEpCHH OHA IIpe/I-
cTaBisieT coboit 6asy mannsix SQLite) u Be6-cepBep, KOTOPEI MPEIOCTABUT BO3MOKHOCTE IIPOCMOTPA
JAHHBIX B yTOOHOM BHUJIC U IOMCKA Ha OCHOBE OIMCAHHOM BhIIIE pasMeTKH. CepBep CO3aH MPH MOMOIIT
¢bpetimBopka Flask mnst si3pika Python. Huke Oyaer kpaTko omucaHa apXUTEKTypa 0as3bl JaHHBIX, a
TaK)Ke pean30BaHHBIC U IIAHUPYEMbIE CITOCOOBI TIOMCKA M MIPEICTABICHHUS JaHHBIX.

Jist iuaxpoHNYeCKUX M3MEHEHHH B KOHCTPYKIHAX B 0a3y JaHHBIX HHTETPUPOBaHA TAaOIHIA U3ME-
HEHH, ¢ pa3MeTKol onrcanHo B Pa3nene 2. [Tomumo 3Toro, B 0aze JaHHBIX MPEICTABICHA pa3MeTKa
COBPEMEHHOTO dTara KOHCTPYKIMH, TJie BMECTO TUITOB U3MEHEHHSI IPECTAaBIICHBI TapaMeTPhI «COBpe-
MEHHOE 3HaueHue» (Contemporary meaning) u «cuHTaKcH4eckas (QyHKIUS SKOPS KOHCTPYKIIMH»
(synt_function_of_anchor). Kpome Toro, 3aeck mobaBneHa cxema (IJIIOCCUPOBaHHE) SKOPHOW YacTH

11 Hanpuwmep, B IKOpEe KOHCTPYKIIMH MOPSIOK CJIOB U3 (PUKCHPOBAHHOTO CTAHOBUTCS CBOOOMHBIM; JIEKCHIECKUH COCTAB
SIKOPSI TIPH 3TOM OOBIYHO OCTAETCSI HEM3MEHHBIM.
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KOHCTPYKIIMH, U aJIbTepPHATUBHBIC (POPMYIIBI [Tl COBPEMEHHOM KOHCTpyKImu (variation). IIpexycmor-
PEHBI yKa3arenu Ui cBsi3u ¢ Pycckum KoHCTpyKTHKOHOM.

Kpome TOro, OTIENBHO pa3MeqaroTCsl CHHTAKCHYECKHUE M CEMAHTHUECKUE OrPAHUYeHHs] HA KOH-
CTPYKIIMIO B LIEJIOM U Ha €€ 3JIEMEHThI, KOTOPhIe JAaHHOM 3Talle MMEIOT BHJI TEKCTOBBIX KOMMEHTAPHEB.
[Ipu aTOM coxpaHeHBI MeTaJaHHbIE 1 001asi MHGOPMAaLUs 0 KOHCTPYKIUH: B YaCTHOCTH, B Oa3e JaH-
HBIX NIPEICTaBJIeHA BBIOOPKA, HA OCHOBE KOTOPOH MONydeHa pa3MeTKa, U yKa3aHbl Pa3sMETYHKH KOH-
CTPYKIIUH.

Bce 3Tu nannabie NoAPOOHO OTpaKEeHBI Ha CTPAHULAX OTAENBHBIX KOHCTPYKIHMH, cM. Puc. 2.

npy'ﬂ npy‘ﬂw AsTop:

AnHa Knezoeuu

N-Gen.Pl Cop (xoTs) npya npyau [Mexars 3to]
3nauenmue: large quantity [wexatb ato]
Cunrakcuueckan gpynkums: Praedicative Expression [wexa atol
fAxopw:

pyc. X0Tb NpyA-Acc npyavTe-Imper.Sg

aHra. even pond-Acc pond-Imper.Sg

obuan cxema PART N-Acc V-Imper.Sg
AnbrepHaTMBHbIe hopmynbi:
KoHcTpyKuma npeacrasneHa B Pycckom KOHCTpyKTUKoHe: 2253 Constructicon
Show history data

(O} -

yposeHo
synt
synt
synt
synt
sem

sem

1850 1900 1950 2000
loa

Puc. 2: Ctpanuria KOHCTPYKIIMH 1npy0 npyou

Ha Puc.2 npencrasiena 6a3oBas nHGopMaIus 0 KOHCTPYKIIMH, BKJIFOYAOIIast OOJBIIYIO YacTh Tie-
PEUYUCIIEHHBIX BBIIIE IMapaMeTPOB: 3HAYCHHE, TKOPh U allbTePHATUBHBIC (hOPMYITBL. 31eCh TaKKe TOCTY-
TNICH JIMHEWHBINH rpaduK MEPUOIOB B KCTOPUU KOHCTPYKIIMH, & B HIDKHEH 4aCTH CTPAHMIIbI U3MEHCHHUS
oTpaxkeHbl B Oosiee moapoOHOM TabnmuHom Buzae (Puc. 3). Hakonen, npuBeieHa uHdpopmanus o
pa3MeT4nKax KOHCTPYKIIUH U BBIOOPKE.
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nepsoe nocnepHee
™n BXOX/JEHWE BXOXAeHWe
CTafuA  YpoBeHb W3MeHeHuA (para) (aara) nepeoe BXOXAEHUE nocnegHee BXOXAeHWe  KOMMeHTapHii
V N-Acc  synt source 1850 1886 BuauTb oHa, 4TO BparK <..> ybupann xneb u cero ®pazeonorusM NpPoUCXoauT
(NP-Ins) XOTATL NPYAWTL POBL W (Ha MOHACTLIDCKMX OT coyeTaHWsA QopM rnarona
ctpbnatoTs no cthHamb.  2analkax), Npyanan «MPYAUTB> (CTABUTL MAOTUHY
[A. B. ipy>xniHuH. [ucema npyapl, caasl onaetany, Ha MNonepék BoAoEMa) 1
MHOTOPOAHEro HeBOJA, XOLUAM, XNebkl CYLLECTBUTENLHOTO «MpyA».
NoAMKMCYYKa O PYCCKO  Meknw, NBo Bapuau, neH  Matepuan, u3 koToporo
skypHanuctuie (1850) npaam». [M. ©. CTaBUTCA 3anpyaa,
Braammunpcknid-byaaHoB.  BbipaXxancs TBOPUTENbHbIM
0620p UCTOPHMM PYCCKOrO  MaAeXKoM.
npasa (1886)]
physical sem source 1850 1886 BuanTts oHa, uto Bparv <..> ybupanu xneb n cero
action XOTATb MPYAWTL POBb U (HA8 MOHACTLIPCKMX

ctpbastots no crbHamb.
[A. B. Apy>XnHuH. [Tucema
MHOTOPOAHETO
NoAMMCHYKa O PYCcCKoi
skypHanuctuke (1850)

3analukax), NpyAuim
npyasl, caakl ONAeTany, Ha
HEBOA XOAMAM, xnebbl
nekaw, NYEO BapuAW, NeH
npanu». [M. ©.
Baaaumumpckuin-byaaros.

Puc. 3: ®parMeHT TaOMUIBI C U3MEHEHUSIMHU Ha CTPAHULIE KOHCTPYKIUH

O6LWas nHdopmMaLms Akopb M3MeHeHUsa KOHCTPYKLMK OrpaHuyeHuns
id CuHT. PyHKUWA AKOpPA Dopmyna B 3T0T Nepuos 2nemeHT
Dopmyna Cxema sxops 3Tan B VICTOPMI KOHCTPYKLMN Beibepurte Tvn orpaHnueHs v
OrpaHuyeHre
CHHTaKcHYeckoe v
3HaueHue Akope (pyc.)
ECTb B KOHCTPYKTHKOHE MonTunel nsmeHeHWi
Akope (aHrn.)

id (KOHCTPYKTHKOH)

[ANWTeNbHOCTL 370 (S, Z un =) v

[antensHocTs nepuona

Mepeoe exoXxaeHWe B TaKOM BrAe

MocneaHee BxoXAeHWe B TaKOM Buae

Puc. 4: TlognepxuBaeMbie OIS 7151 TOUCKA

[To GONMBPIMMHCTBY YKa3aHHBIX BHINIC MapaMeTpoB Bo3MokeH mouck (Puc. 4). Ilomsa “3HaueHue” u
“CHHT. QYHKIUS SIKOPs”, “TIONTHIT U3MEHEHUS IOMYCKAIOT MOKCK 10 OJHOMY M3 IPEIyCMOTPEHHBIX B
pasmerke 3HaueHui. [lone “noxTHI M3MEHEHHS MO3BOJSET HAXOAUTH KOHCTPYKIHUH IO TUAXPOHHYE-
CKOW pa3MeTKe, OMMCAHHOM B pa3zzene 2.2. B cOBOKyMHOCTH ¢ APYTUMH TOJISIMH 3TO YYUTHIBaeT OOIb-
IIYI0 YacTh BAPHATHBHOCTH KOHCTPYKITHH.

Bo3mokeH mouck u o ¢popmyie. OH YIUTBIBAET KOHCTPYKIIHMIO, 8 TAKXKE €€ allbTepHaTHBHBIE (op-
MYJTBI, BAPUAHTHI, BRISIBIICHHBIE TIPU Pa3METKe, H JI0ITyCKaeT NCIIOIh30BaHNE CUMBOIIA-KOKepa *. Huxke
npuBeeH npumMep 3ampoca (12). Ilpu mowncke mo dhopmMysie ¢ UMEHHOM TpyMIIoi B II000M Haaeke, 9TO
BBIPOKEHO CUMBOJIOM *, Ha BBIXOJIE BBIIAIOTCS KOHCTPYKIMHU C OTJCIBHBIMH «IIOPE3yIbTaTaMiy» (JaH-
Hasi 0COOCHHOCTH CBSI3aHA C TEM, YTO YaCTh KOHCTPYKUUH UMEIOT albTepHATUBHbIE (POPMYJIIBbI, KOTOpPBIE
TOXE COMepKAT UMEHHYIO TPYIIITY).

1049



Budennaya E., Bazhukov M., Barkova L., Kharlamova D., Dugrichilov A., Reznikova T., Yakovleva A., Litvintseva K., Andreeva A.

1050

(12) [3anpoc] ®opmyna: np*
[®parmeHT BbIAAYH |

Pe3ynbraToB 1mo uckoMbeiM mapamerpam: 21 (koHcTpyKmmii — 14)

1. NP Cop =e uto (uHoe) kak NP:
1 NP Cop ne urto (nHO€) Kak NP
2 NP Cop e xTo (nHOI1) Kak NP

Hakowner, pa3nen “n3MeHeHUs] KOHCTPYKIIMN TTO3BOJISIET HAWTH BCE U3MEHEHHUS C ONpeneIEHHBIMU
XapaKTEPUCTUKAMU: (OPMYIION 3aJ]aHHOTO BHJIA, THIIA U3MCHEHUH (CHHTAKCHUYECKHUX VS. CeMaHTHYe-
CKUX), HAYABIIINXCS WITU 3aKOHYMBIIUXCS B ONPEAETIEHHOM TONY, JIUOO JTUBIIHMXCS 33aJaHHBIN ITEPHOJ
BpEMEHH.

Be6-unTepdeiic moka noaaepKUBaeT He BCIO OMIMCAHHYIO B IPEABIAYIIEM pa3/elie pa3MeTKy. TeM He
MeHee OH y)Ke ceiiuac MO3BOJISIET OTBEYATh Ha pa3HbIe BOMPOCHL. Tak, HHTEPECHBI MOTYT OBITH «CTa-
OWJIBHBIC)» JTaIlbl, HA KOTOPHIX KOHCTPYKIIMH 3aJCePKUBAIOTCS JONTO Oe3 m3MeHeHuid. Haiitm Takume
3Tarbl MOXKHO YIOOHBIM 3arpocoM B (13), ero pesynerar npeacrasieH Ha Puc.5.

(13) [3ampoc] JautenbHOCTh Tieproaa 3T0: MuHEMYM (=)
(&)AmurensHOCTh Ieprona: 150

Pe3ynbTaToB Mo MCKOMbIM MapameTpam: 24 (KOHCTPYKLMi — 16)
1 N-Gen.Pl Cop (xoTb) npya npyau
11831 —1984

synt : adding concessive particle NP-Ins xome N-Acc V-Imper
2 B TouHocTn PronDem
21716 — 2019

synt : source VP & mouHocmu
3 Prep N-Dat.Sg He no agpecy
31841 — 2021

sem : metaphor negative assessment
4 NP-Gen He*rycto
41795 — 2017

sem : source entire construction
51830 — 2018

sem : metaphor entire construction

Puc. 5: Koncrpykiuu ¢ atanamu u3mMeHeHuit anunoii 6osee 150 net, HalineHHbIe yepe3 BeO-uHTepdeiic

Tak, BUJHO, HATPUMED, YTO JJIs1 KOHCTPYKIUH 6 mourocmu, npyo npyou I0Aro GUKCHUpyeTCs yIo-
TpeOJieHNEe B UCXOHOM CHHTAKCHIECKH MIIM CEMaHTHICCKH BHIIE (SOUICE).

Jlorn4neIM pacimpenueM (GyHKIIOHANA BUAUTCS BOBMOKHOCTD IIOMCKA 110 HECKOJILKUM U3MEHECHUSM
1 0000MIArOIIMX TTOUCKOB. Tak, MOXHO HAWTH KOHCTPYKIIHH, C KOTOPBIMH MPOU3O0IILIO MEHbIIE 2 H3MEHe-
HU HJIA KOHCTPYKIHH, C KOTOPBIMH IIPOU30MLIO OOJbIIIe 4 CEeMaHTUYECKUX U3MEHEHHH 3a IEepUOI, OTIpe-
JIETSIEMBI KOHKPETHBIMU TOJaMi WJIM CBOEH JIMTENBHOCTbIO. BO3MOXKHOCTD BBIACIIUTH NIEPUOA HA OC-
HOBE KOHKPETHBIX TOJIOB Ba)KHa, YTOOBI BBIABISATH T0JIa, KOTAA CPEIH Pa3HBIX KOHCTPYKIUH B IEJIOM U3-
MEHEHHH MPOUCXOJIUT MHOTO U rojia, KOrna Hao00poT, KOHCTPYKIUK YCTOHYUBBI. Takue BOIPOCHI MOTYT
3a/1aBaThCs KaK JJMHTBUCTAMH, TaK U (QrutojioraMu. DT GYHKIIMHA aKTHBHO Pa3padaThIBAOTCS.

4  3akaw4yeHue

Ha manuBIif MOMEHT B pamKkax mpoekrta “/[naxpoHukoH” pa3paboTaHa AeTalbHAS W MHOTOYpPOBHEBAS
pa3MeTKa TUaXPOHUYECKOTO Pa3BUTHS KOHCTPYKIUH, TO3BOJISIONIAs O0OOIIUTh U CHCTEMATU3UPOBATh
W3MEHCHHMSI MX CUHTAKCHCa U CEMAHTHKH, a TAKXKe CO3JlaH BeO-uHTepdelic A1 MOrCcKa KOHCTPYKIIHIA B
0a3e MaHHBIX W HATJISTHOTO OTOOPaKCHUS N3MEHEHHUH U CBOWCTB KOHCTPYKITHI.
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Pa3paboTanHblii pecypc mpeaocTaBisieT OOMMpPHBIE BOZMOXKHOCTU Ul CHCTEMHOTO M3Y4YEeHHUsI HE
TOJIBKO KOHKPETHBIX KOHCTPYKLH, HO M OOLIMX MEXaHU3MOB WAMOMATH3aLUHN U TPaMMaTHKaIU3alHH.
ba3a 1aHHBIX MMO3BOISET UCCIENOBATEII0 ONTHOBPEMEHHO CPaBHUBATE HECKOIBKO OTAEIBHBIX CIOKETOB,
MIPOBOJUTH MOMCK MO CHUCKY KOHCTPYKLHUH M X XapaKTePUCTHUK B TUAXPOHUHU, OTCICKHUBATH UCTOPHIO
CUHTAKCHYECKUX U CEMaHTHUYECKUX U3MEHEHUH U OTpaHUYEHHUN COYETaeMOCTH Pa3HbIX KOHCTPYKIIMH.
bmkaiimeii 3amaueil mpoekTa SBISETCs IONOJTHEHHE MHBEHTAPsI KOHCTPYKLHMH B 6a3e U yTOUHEHHUE pa3-
METKH MMEIOIIUXCS KOHCTPYKIMH, a TakXe JajibHeillliee COBEPIICHCTBOBAaHHE METOAOB Pa3METKU H
KJIacCU(pHUKALUU JUaXpPOHUUIECKUX U3MeHeHNH. UTo kacaeTcst pa3BUTHS BeO-uHTepdeiica, IIaHupyeTcs
pa3paboTka GyHKIMH TOMCKA 10 HECKOIBKUM U3MEHEHHSIM, KOTOPas IIO3BOJIUT HCCIIEA0BATENAM 3arpa-
IIMBaTh B 0a3e KOHCTPYKIIMHU, C KOTOPBIMH IIPOU30LLIO ONPENCICHHOE KOJMUECTBO U3MEHEHHUH 32 KOH-
KPETHBIH TIepuoj BpeMeHH. Takoe pacmupenne QyHKIMOHANIA CIENaeT pecypc 0COOCHHO LIEHHBIM HH-
CTPYMEHTOB JUIsl CHCTEMHOT'O U3YYEHHUS A3bIKOBBIX U3MEHEHU.

OnbIT paboTsl HaA J{naxpOHUKOHOM MOKET OBIThH IOJIE3€H TaKXKe JUIS CO3IAHUS aHAJIOTHYHBIX pe-
CYPCOB JUIA JPYTUX SI3BIKOB M N3YYEHUSI MEXaHU3MOB KOHCTPYKIIMOHAJIN3ALMU B THITOJIOTUYECKOH TIep-
CIIEKTHBE.
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Abstract

The study highlights the asynchronous nature of modern group chats and related problems such as retrieving
relevant information on the asked question and understanding reply-to relationships. In this work, we formalize the
reply recovery task as a building block toward solving described problems. Using simple heuristics, we try to apply
the result reply recovery model to a thread reconstruction problem. As a result, we show that modern pre-trained
models such as BERT show great results on the task of reply recovery compared to more simple models, though
it cannot be applied to thread reconstruction with just simple heuristics. In addition, experiments have shown that
model performance depends on the chat domain. We open-sourced a model that can automatically predict which
message the particular reply responds to and provide a representative Russian dataset that we built from Telegram
chats of different domains. We also provide a test set for a thread reconstruction task. !

Keywords: Russian language, asynchronous chats, group discussion, thread reconstruction, reply recovery,
BERT
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Amnnoramusa

B nccnenosanuu nogHnMaeTcs TeMa aCHHXPOHHOM IPUPOJIBI COBPEMEHHBIX I'DYIIIOBBIX YATOB U CBS-
3aHHBIX 9TUM npo6.neM, TaKUX KakK IIOJIy9IeHue COOTBeTCTBymmeﬁ I/IH(bOpMaI_LI/II/I U IIOHUMaHHue TOro, KTO
KoMy oTBedaeT. B aToit pabore MbI hopmMain3yeM 3aa4dy BOCCTAHOBJIEHUS OTBETOB KaK 6a30BbIi GJIOK
B PEIeHNH ONMMCAHHBIX TpobseM. Vcmomb3yst pocThie SBPUCTHKU, MbI CTAPAEMCS IPUMEHUTH [TOJTY IeH-
HYIO MOJIeJIb BOCCTAHOBJIEHMSI OTBETA K IIPOOJIEMe PEKOHCTDPYKIIMU TPeNoB coobiienuit. B pesynbrare
MBI TIOKA3aJId, YTO COBPEMEHHBIE TIPEIBAPUTENBHO 00y dennbie Mojenu, Takne Kak BERT, mokassBaror
OTJINYHBbIE PE3YIbTATHI Ha 33/lad€ BOCCTAHOBJIEHUSI OTBETOB II0 CPABHEHMIO C H0JIee IPOCTBHIMU MOJEJIsI-
mu. Tem HE MEHe€ TECThI IIOKa3aJId, YTO HCIIOJIB30BaHHUE MOIEJIN C IIPOCTBIMU 3BPUCTUKaMH HE OAIOT
XOPOIIINX Pe3yJIbTATOB Ha 33/lade PEKOHCTPYKIMHU TpeoB. KpoMe TOro, SKCIepuMeHTHI [TOKA3aJIH, 9TO
IIPOU3BOJUTEC/IBHOCTE MOJAE/JIXU 3aBHUCUT OT JOMEHa dYaTa. Mapbr OHy6JII/IKOBaJ'II/I MOIEJIb U Ha6op JaHHBIX
Ha PYCCKOM $I3bIKe, KOTOPBII MbI cO3/1au u3 4aToB Telegram m3 pasHbIME JTOMEHOB, [ 33/1a9U BOC-
CTaHOBJIEHHUsT OTBETOB. MBI Tak2Ke OMyOIMKOBAJIM TECTOBBIN HAOOP TSt 33191 PEKOHCTPYKIMHU TPEIOB.

KoroueBsnie cioBa: pycCcKmil 13bIK, aCHHXPOHHBIN 4YaT, 0OCYKI€HNs B IPYIIIe, PEKOHCTPYKIUS Tpe-
0B, BoccTaHoBjeHne oTBeToB, BERT

'https://github.com/Astromis/research/tree/master/reply_recovery
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1 Introduction

The spread and availability of the Internet allow people to be in touch with each other, regardless of their
location. Via Web, one can ask for help about a particular problem or discuss any topic with other people.
To make this process more ordered, people start to form communities and online forums that dedicate to
some declared theme.

With further development of web technologies and, in particular, smartphones, several quick message
applications gained popularity such as Telegram and WhatsApp. The fact that smartphones are always
near hand coupled with a live time regime of receiving and sending messages allows for speeding up
online conversations. Although at first these applications were intended to be for personal conversations,
the group chat feature was also introduced, thus opening doors for group discussions.

However, the speed of these chats that allows the users to quickly ask and get help also is a drawback as
useful information is flushed away. Another issue that information seekers could encounter is difficulty
to track messages that relate to a topic of interest because in such chats users can discuss several topics
simultaneously. Both of these drawbacks lead to a tangle, e.g. a situation when a group chat newcomer
asks about a topic that was already discussed. Usually, the only thing he gets is a response about this fact,
but not at least a message from which the topic begins. On the other hand, if you want to read messages
that are in one dialogue, you have to swipe up unrelated messages. Although some chat applications
such as Telegram have a feature to show messages that are connected via replies, users may just not use
the "reply to" function that breaks any sense of this feature.

From the scientific perspective, the study of online chats can help us to pursue our understanding of
discourse and dialogue phenomenon, as these chats are a rich source of how people are communicating
with each other using text and other modalities. The fact that these chats can have several topic discus-
sions simultaneously with intertwined participants makes it a great challenge to automatically analyze
them, while humans easily keep track of discussed topics they follow. The investigation of these chats,
for example, can help us to develop dialog agents that can actively operate in group conversations rather
than in personal ones.

In this work, we investigate the simple relation between messages in these chats, specifically, what
message is replying to another. We will refer to this task as reply recovery. We present a model that can
automatically predict such relations and try to generalize it to the more complex task of reconstructing
separate threads in chats. Our contribution can be summarized as follows:

1. We formalize a task of reply recovery, and provide a representative Russian dataset that we built

from Telegram chats of different domains. We also study several methods to solve this task.

2. We create a small benchmark from chats where all "reply to" relations were annotated. We propose a

greedy wrapper upon reply recovery model to test its performance in a thread reconstruction setting.

2 Related work

The first work that defined the problem of thread structure reconstruction is (Wang et al., 2008). They
used a dataset constructed from forum conversations. The authors proposed a simple unsupervised
method that relies on a graph-based text representation. The graph is constructed in a way that all
messages are connected to all previous messages, with edge weight calculated as TF-IDF between mes-
sage texts. Having a complete edge matrix, authors apply a threshold to filter out weak connections. The
authors also propose some penalizing strategies based on data observations.

This work started productive research in this direction. The supervised methods appeared that works
with emails(Dehghani et al., 2013) and blog comments(Balali et al., 2013). In the work (Louis and Co-
hen, 2015) authors pointed out a topic as an aspect of thread structure that represents which theme is
discussed. They segment messages into several topics and model their treelike structure with different
types of context-free grammar.

In the work (Nguyen et al., 2017) the authors adapt a well-known coherence model based on the entity
grid in a way that can operate in asynchronous conversation. They pointed out that traditional coherence
models can’t be applied to this task as they assume a chronological, synchronous flow. On the top of the
entity grid, they apply a convolutional network trained with a pairwise ranking loss on choosing the valid
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thread tree.

In the paper (Guo et al., 2018) authors for the first time considered the task of predicting "reply-to"
relations. They provide two LSTM-based models. The first model use just messaged words, while the
second one operates on a sentence level, using the previous model as a core. In addition to forum data,
they use data from quick messages systems, in particular WeChat, which is similar to WhatsApp.

In the most recent work (Ji et al., 2021) authors propose a complex solution that tries to capture latent
factors such as topic consistency and discourse dependency. To do that, they combine two modules. The
first one jointly learns latent topics and discourse, while the second one makes actual predictions about
relations.

3 Method

In this work, we consider the task of determining whether one message can be a reply to another. We call
this task reply recovery. On top of that, we test simple methods for thread reconstruction. We describe
them in separate chapters.

3.1 Reply recovery task

We will use notation and definitions from (Guo et al., 2018). We are given a group chat corpus which
is an ordered list of messages M = {mq, ma, ..., my} where N is the total number of messages. The
messages come from different users that can participate in several conversations at once. That leads
to a situation when messages relating to a particular conversation come asynchronously, so it becomes
unclear to say what a particular message responds to. We say m; < m, if m; has a "reply to" relation
with m; for Vm;, m; € M, m; # m;. The task is a binary classification, the objective of which is to
predict whether the pair of messages m;, m;,j > 4 has a "reply to" relation.

3.2 Thread reconstruction

Let’s assume that messages M contain [ threads that we define as a subset of messages 1" € M that
are related to each other by meaning and thus form a coherent dialogue between users on some topic.
The messages from different threads are intertwined as they come asynchronously. So the task of thread
reconstruction is to divide the message list M into I threads. We hypothesize that by having a complete
map of “reply to” relations, we can get these I threads.

4 Dataset collection

We found out that real chats can be used as a natural source of the data for this task, as people do use the
"reply to" feature, explicitly declaring to whom they answer. That could be used as positive labeling. On
the other side, it might be thought that the message with its reply should be read coherently. The usual
way to make a sequence of text incoherent is to replace some parts with a random sample. We do the
same, combining messages randomly.

As a message source, we use a publicly available list of opened Telegram chats. Using the Telegram
API, we gather messages from these chats. To ensure the dataset diversity, we manually picked chats
with different topics: two chats of women who recently become mothers and who lived in Bali, a chat
about football, two chats on IT topic, one house tenant chat, and two teen chats about gaming and suicidal
game “Siniy kit” (“Blue whale”). We choose these chats randomly from what we had scraped, except the
suicidal game chat, as it is very hard to collect data dedicated to a particular topic. Another criterion was
a high ratio of "reply to" messages, although the resulting message counts come with a high disbalance.

4.1 Chat data analysis and preparation

As we have our data, we do a basic analysis to fulfill our interests. First of all, we check the offset
between messages and their replies (Fig. 1, left). It can be seen that an offset equal to one (the right after
the reply message) is the most common case, and on the other hand, the offset with a distance of 14 is
almost diminished. A similar distribution is presented in paper (Guo et al., 2018).

We also examine the number of trees and chains that can be formed from existing “reply to” relations
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Figure 1: Distributions of message offsets (left) and spans (right) in chats

and related distributions. In the whole dataset, we find 173064 chains and 62067 trees. It’s not surprising
the superior number of chains have only two nodes, whereas trees have three nodes. At last, we examine
the distribution of the distance between the start node and the end node in threads, which we refer to as a
span distribution (Fig. 1, right). We exclude threads with less than three nodes as a trivial variant. From
this distribution, we can roughly say that most threads lie between 30 messages.

To construct our reply-to dataset, we collect all pairs of messages and their replies. Next, we filter pairs
where a message or reply length is less than three symbols and more than 1000. We also filter out pairs
that contain more than one Latin symbol pair, as we will use a pretrained model that is not multilingual.
We assume these pairs to be positive. As we mentioned above, to make negative pairs, we randomly
combine messages with the restriction that they must be from the same chat. We hypothesize that such
pairs would be harder than if we pick them from different domains. In total, we have 894997 pairs that
we divide in train and evaluation set in proportion 89 and 10 percent. We leave 1 percent for a test set.

4.2 Test set annotation for reply recovery

During the analysis, we figure out that not all explicitly marked message pairs are coherent, and sur-
prisingly not all randomly combined messages are incoherent. To be sure of the good quality of the test
set, we decided to annotate it with crowdworkers at the Yandex.Toloka platform that is widely used in
post-Soviet country space. For example, it was used to create a large-scale dataset of crowdsourced audio
transcriptions named CrowdSpeech (Pavlichenko et al., 2021)

Each task consists of two texts representing the message and its potential reply. The crowdworkers were
asked a question if a second text can be a reply to the first or not. The project setup included a restriction
of using only the top 10 percent best-rated tolokers and annotation overlap equals to three. The negative
and positive examples are annotated separately. While we are aware that such a setting could make an
annotator biased, we didn’t figure out how to preserve identification information on the platform to be
able to map examples with a preannotation. By the end of the annotation process, we got inter-annotator
agreement by Krippendorff’s alpha (Krippendorff, 2011) for negative being equal to 0.182 and for posit-
ive being equal to 0.280. We think that such a low score relates to the noisy nature of the crowdsource, as
the task was pretty simple. In addition, we didn’t perform an annotator training procedure. Actually, we
rely on the Dawid-Skene model (Dawid and Skene, 1979) as a method of obtaining true labels from noisy
crowd labels. After completing a pilot start, the investigation of the model confidence result distribution
shows that the sufficient part of examples has a very high confidence score, although the distribution has
a notable tail. We establish a threshold of 80 percent, above which we consider the example annotation
to be reliable. Another finding is that there are some negative examples out of a positive set. Some of
them have a strong confidence that’s of high interest. A similar picture is observed with the negative set.
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Having all annotations completed, we manually validate messages that were supposed to be negative but
were annotated as positive and vice versa. We also examine messages that have weak confidence. We
can highlight the reason why that occurs: foreign language, domain misunderstanding, and, in particular,
meme phrases, uninformative messages, and, at last, simple mistakes.

In the end, we got 4693 positive and 3997 negative messages with balanced domain distribution, although
one category has slightly more messages due to data management mistakes.

4.3 Test set annotation for thread reconstruction

As we intended to use our model to thread reconstruction, we create a small test that consists of chats
from the above-mentioned topics. We randomly pick 10 slices from each topic with 100 messages in
range. We ensure that slices do not intersect and that all messages contain text. As the task is much
harder than just deciding whether two texts are related and, to the best of our investigation, the technical
restriction of the platform, we hire two annotators to manually label all connections in each chat using
the Label Studio platform (Tkachenko et al., 2020). The main criterion of messages being connected is
coherence between them. We conduct a workshop where annotators were instructed to keep in mind that
related messages should have a meaning if we would discard all other messages, and also that related
messages have common words. It’s important to note that unlike in some other works, we assume that
the response has only one head. However, some messages have a clear sense of addressing many chat
participants. These messages were asked to mark as self-connected. It contradicts the work (Guo et al.,
2018) where messages are self-connected if they have no replies. In our schema, such messages just
didn’t have annotation.

Another notable phenomenon is several messages followed by one another from one user. The annotators
were instructed to connect these messages, except when some message replies to a message outside the
monologue. In the end, we got 89 annotated dialog slices with 100 messages in each sample. It has to be
noticed that the random manual inspection of the dialogues shows that the annotation is quite noisy.

5 Models description
5.1 Reply recovery

As a starting point, we use Logistic regression on top of concatenated vectors of texts within the pair.
The vector representation is a term-document matrix. The hypothesis behind the use of such a simple
model is the fact that related messages often reuse words that represent a subject or object. This is the
ground of entity grid representation(Barzilay and Lapata, 2008).

Following the (Guo et al., 2018) we train LSTM model on word level, but we augment it with self-
attention mechanism (Vaswani et al., 2017). Given the model of concatenated text pairs, we expect
that the attention mechanism allows the model to learn better discourse dependencies. We exclude the
hierarchical sentence level variant from those words, as it didn’t give notable gain.

The defined task aligns closely with the next sentence prediction (NSP) loss that is used to train the
BERT model (Devlin et al., 2019). We can assume that messages are often about one sentence, though
we assume that integrating more than one sentence is an applicable strategy.

We use Conversational RuBERT? (ConvBERT) that is fine-tuned on social media texts RUBERT
(Kuratov and Arkhipov, 2019). It’s important that it has a vocabulary based on this data. In turn, we
fine-tuned the Conversational RuBERT on our data with NSP loss with 3 epochs and 1e-5 learning rate.
Thinking about how the model will be used in a thread reconstitution task and the fact that two related
messages should be coherent, we try to use Siamese architecture (Neculoiu et al., 2016) with different
bases. As a reminder, the Siamese network architecture consists of two identical basic networks with
shared parameters. In the usual setting, they consume two objects and the main goal is to distinguish
the difference between them. Usually, it trains with a contrastive or a triplet loss. In our work, we use
LSTM and our fine-tuned ConvBERT as the basic network. The latter architecture is also known as Sen-
tenceBERT or SBERT (Reimers and Gurevych, 2019). Instead of the above-mentioned losses, we use
CrossEntropyLoss as our task is a classification.

*http://docs.deeppavlov.ai/en/master/features/models/bert.html
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As can be seen in the next section, ConvBERT shows the best result but due to our approach to thread
reconstruction and as a matter of fact that BERT-like models are computationally expensive, we also ex-
periment with a distilling knowledge from ConvBERT into LSTM by the teacher and student paradigm
(Tang et al., 2019). This would allow us to disentangle embeddings for two messages and reduce com-
putations. The question is whether a quality loss would be affordable.

5.2 A note about tokenization

In social media, people tend to reduce some words and make abbreviations of frequent phrases to save
typing time. This phenomenon can be seen in this work (Buyanov and Sochenkov, 2022) where authors
study the language of Twitter posts of persons with suicidal tendencies. Another thing is that people
try to mimic speech methods of emotional expression, thus they multiply vowels ("whaaaat?"). In par-
ticular, Russian speakers express laughter like "axaxax" ("ahahah"). Due to a combination of different
sequence lengths, sequence permutation errors, and mistyping (sometimes intended) the vocabulary of
laughing can be very large, and the normalization of this vocab is a tough task. All described facts lead
to an enormous vocabulary size, where many entities have a low frequency. So we think that using the
BERT tokenizer, which works on a subword level, with Logistic Regression and LSTM models could be
beneficial in terms of vocab efficiency.

In our experiments, we compare two ways of tokenization. In first one is a using tokenizer that does
not use subword tokenization. For that purpose, we use a tokenizer from NLTK and will refer to it as
simple tokenizer. In a second way, we use the BERT tokenizer and will refer to it as its name.

5.3 Thread reconstruction method

As a baseline, we consider a dummy heuristic that connects the present message with the previous one.
Following our assumption, we need to reconstruct all “reply to” relations that would reveal threads. Hav-
ing a model that can predict the relation between two messages, we would apply this model to all pairs
of messages inside a chat of length N. Although, with our models, it is prohibitively expensive as we
need to proceed a O(IN?) pairs. Likely, from the data analysis we know that the biggest part of the pairs
have a distance of less than 15 messages, so we can restrict the search space to this count reducing the
count of pairs to O(15 * (n — 15)).

It is worth noting that we would recompute the embeddings of almost every text 15 times. While using
the Siamese network, we can escape this computational overhead by precomputing embeddings of all
texts with the basic network. Having a matrix, we then can just use classification head on pairs of rows,
which is much cheaper to compute. Unfortunately, to compute BERT in the NSP regime we have to form
a string with a special format, so here we can’t escape these expenses.

We organize the predictions in the N x N probability matrix, from which we must derive a valid ad-
jacency matrix. We experiment with two simple heuristics. The first is to keep the nearest predicted
reply w.r.t. current message position. For example, if the 7th message 2nd, 5th, and 6th messages were
predicted as replies, then we chose the 6th. We will call this greedy binary. The second heuristic is
to choose the message as a reply that has the highest probability score among all possible ones. We
will call it greedy probas. Moreover, we can variate how many messages before the current position we
will consider. Having the processed matrix, we can derive threads as a collection of connected graph
components. We also can use this matrix to compare it with human annotation.

6 Results
6.1 Reply recovery

As we have a standard classification task, we report precision, recall, and F1 score. In Table 1 the result
on the entire dataset is presented. We can see that ConvBERT shows the best result overall models. The
simple linear regression fails to discover any useful relations to tackle the problem. Another observation
is that Siamese architectures perform worse and for the LSTM the performance drop is very significant
compared to SentenceBERT. We also see that using the BERT tokenizer for the LSTM model is beneficial
compared to simple token dictionary tokenization. As for distillation, we see that model fails to learn
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knowledge from BERT. We leave the study of why to further research, but it’s probably a good idea to
focus on DistlIBERT (Sanh et al., 2019) as a base block for SentenceBERT.

An important observation is that the model performance depends on a chat domain. In Table 2 we
see the models variate significantly. For example, the ConvBERT model ranges up to 10 score points.
We think that one of the factors is a chat topic and goal that influences symbol length. The chats where
participants ask questions or discuss complex living situations tend to have more message symbol length,
like sling38 where participants are young mothers. Conversely, game chats are about fun which is not
required to write a lot. The Pearson correlation between average pair length and ConvBET results is
0.62 with a p-value of 0.076. Another factor is probably the lexicon specificity of chats. However, these
factors do not cover all cases. Although, cotedazuchat is a chat of Russian emigrants in France where
they discuss various topics, and it has medium average text length compared to others, it has the worst
performance score.

Model name Precision Recall F1
with BERT tokenizer

LSTM 0.651 0.719 | 0.628
Siames LSTM 0.668 0.491 | 0.539
Logistic regression 0475 0.529 | 0.501
with simple tokenizer

LSTM 0.602 0.606 | 0.566
Siames LSTM 0.507 0.537 | 0.505
Logistic regression 0.474 0.528 | 0.500
ConvBERT 0.822 0.846 | 0.833
DisilledLTSM 0.459 1.000 | 0.630
SentenceBERT 0.786 0.838 | 0.797

Table 1: Model scores overall reply recovery test set.

Chat name Avg pairlen | LSTM-ST | SLSTM-BT | LSTM-BT | SLSTM-ST | SBERT | ConvBERT
balichat_woman 140.948 0.695 0.688 0.659 0.580 0.857 0.883
borussia_chat 81.697 0.585 0.627 0.605 0.568 0.798 0.821
chat_suicidnikov 72.400 0.538 0.576 0.579 0.533 0.784 0.826
cotedazurchat 93.785 0.575 0.628 0.588 0.536 0.762 0.793
easypeasycodechat 94.804 0.702 0.519 0.555 0.278 0.859 0.885
openwrt_ru 101.410 0.556 0.620 0.566 0.527 0.788 0.885
orange_sosedi 151.584 0.625 0.647 0.658 0.533 0.817 0.849
sling38 174.404 0.686 0.655 0.668 0.512 0.842 0.890
terrariaphone 69.732 0.578 0.624 0.618 0.544 0.801 0.841

Table 2: Model scores for different chat domains. BT is the BERT tokenizer, ST is the simple tokenizer.
The best score is in bold, and the worse one is underlined.

6.2 Thread reconstruction

As we can see from Table 3 none of the proposed heuristics can beat the baseline. Comparing two
proposed heuristics, we could say that the selection of the highest probability generally performs worse
than taking the first predicted message. Another note is that with increasingly considered messages,
greedy probas performers significantly worse than greedy binary. The probable explanation is that greedy
binary is aligned with the observation that in general, the reply is a previous message. In contrast, in
greedy probas relies on predictions of not so excellent model. Based on these results, we see that simple
heuristics are not enough to restore threads with the reply recovery model of the proposed quality. We
hypothesize that the model for thread reconstruction should consider the context of the dialogue, or the
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reply recovery model should have better performance.

Model name Precision | Recall | F1

dummy 0.776 0.814 | 0.793
greedy_binary_15 0.740 0.749 | 0.743
greedy_binary_3 0.799 0.735 | 0.762
greedy_binary_7 0.753 0.747 | 0.749
greedy_probas_15 0.640 0.645 | 0.642
greedy_probas_3 0.768 0.710 | 0.735
greedy_probas_7 0.680 0.676 | 0.677

Table 3: Scores of methods on thread reconstruction test set

7 Conclusion and future work

In this work, we investigate the asynchronous chats in the Russian language. We show that modern
pre-trained models show great results on the task of reply recovery compared to more simple models.
We also experiment with a thread reconstruction task based on restored “reply to” relations with simple
heuristics. The results show that these heuristics are not enough, despite the relatively good result of the
model.

As a future work, we can highlight the investigation of pipelines that would produce a dataset of better
quality, as we found that using replies only and random sampling is not guaranteed to have good labeling.
Possibly weak supervision approach can be used to better filter out broken pairs. Speaking of thread
reconstruction, our small benchmark is far from ideal, so it certainly can be improved. Also, using
the reply recovery model, one can create a noisy train dataset on thread reconstruction. Such datasets
can reduce the cost of annotation of large-scale data. From the model point of view, the graph neural
networks can probably benefit from the natural graph structure of chat conversations.
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Abstract

We consider a model of binary classifier predicting occurrence of microsyntactic units in sentences. The model
is based on AWD-LSTM architecture with an encoder pre-trained on the Russian version of Wikipedia and further
trained on a dataset built from the SynTagRus corpus supplied with a microsyntactic markup. We present the structure
of the model and discuss its output. The study showed that binary classification allows targeting of microsyntactic
markup and helps to significantly improve its recall.
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AHHOTAIUSA

B naHHOI cTaThe paccMaTpUBaeTCs MOJEIb OMHAPHOTO KilaccH(UKaTopa, MPeCcKa3bIBAIOIIEro HATNYHE eIMHHL]
MHUKPOCHHTAKCHCa B MpeTokeHusx. Mozenb moctpoeHa Ha ocHoBe apxutektypsl AWD-LSTM ¢ npenoGyueHHbIM
9HKOJIEPOM Ha pycckos3braHoit Bepcun Wikipedia u 1ooGyueHHO# Ha Habope TaHHBIX U3 CHHTAKCHYECKOTO KOpITyca
CunTarPyc, umeromero MHKpOCHHTaKCHUYECKYIO pa3MeTKy. B paboTe mpHBOAMTCS CTPYyKTypa MOJCIHH, a Takxke
paccMaTpHBaroTCs pe3ynbTaThl e€ padoThl. B mponecce vcceoBanus BEISICHIIOCH, YTO OMHAPHBIN Ki1accu(pUKaTop
I03BOJISET TAPreTUPOBATH MUKPOCHHTAKCHUECKYIO Pa3METKY M CyLIECTBEHHO YBEINYHUTH €€ MOTHOTY.

KiiroueBble ¢j10Ba: MUKPOCHHTAKCHC; OuHapHas kiaccudukarms; AWD-LSTM

1 Bpoanble 3aMe4aHus

DJIeMEHTHI, KOTOPhIE BXOIAT B O0JIACTh MUKPOCHHTAKCHUCA, MCCIENOBAINCH U MPOJOIKAIOT aKTHBHO
HCCJICA0BATHCA JIMHIBUCTAMU, HO BBUY CBOCTO IMOJIOKCHHUA Ha CTBIKEC I'PaMMAaTHUKU U JICKCUKH, a TAKKC
BBUJIy CBOETO CICIU(UUESCKOTO YCTPONCTBA C OONBIIUM TPYJAOM MOIJAOTCS CUCTEMAaTH3allud |
MOTHOIIEHHOMY  aHajm3y. leM  Toje3Hee  mpejacTaBisiercs  pabora  Hajg — CO3MaHHEM
MHUKPOCHHTAKCHYECKOTO CJIOBapsi W MHKPOCHHTAKCHYECKOH pa3MeTKOW, a Takke IMIHPOKOe W
00CTOSITENIEHOE HCCIIEOBAaHNE MHUKPOCHHTAKCUYECKUX EIMHHII PYCCKOTO S3bIKa, TMPOBOAMMOE Ha
MPOTSDKEHUH JIBYX AECSTKOB JieT B JlabopaTopuy KOMITBIOTEPHON JIMHTBUCTUKH MHCTUTYTa TipobieM
nepenauan nHbopMarun uM. Xapkesnda PAH. CuaTarPyc sSBisieTcst MOJIHOCTHI0O OTPEAAKTHPOBAHHBIM

! This work was done with the financial support of a grant from the Russian Science Foundation, No. 22-28-01941
“Development of the infrastructure and the first phase of the semantic corpus for Russian”.
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AKCIEPTAMU-TUHTBUCTAMHU KOPITYCOM TEKCTOB Ha PYCCKOM SI3bIKE C aHHOTalued Ha Mopdo-
CHUHTAKCHUYECKOM YPOBHE, MPEIOCTABIISIS IICHHBIA MaTepyan ¢ BBICOKMM Ka4eCTBOM Pa3sMETKU Kak JIJist
TEOPETUUCCKUX UCCIICIOBAHUM, TaK U JIJISl 33]1a9 KOMITBIOTEPHOU JTMHTBHCTHKH.

JIJI. Vommmu (2015, 2019) mpemmoxua TEPMUH «KMAKPOCHHTAKCUC» [T 0003HAYEHUST MHOXKECTBA
HEOJHOCJIOBHBIX SI3BIKOBBIX 3JICMEHTOB TOW WM WHOW CTCIEHW HIMOMATHYHOCTHU, JUISI KOTOPBIX
XapaKTepPHO HECTAHIAPTHOE CHHTAKCHYECKOEe MOBeAeHHe. Bo MHOroM sTa obmacth cOMMkaeTcs U
MEPeceKaeTcs ¢ KJIAaCCHUECKOM (hpa3eosiorueii, B 0COOCHHOCTH, rpaMMaTHYeCKol (paseonorueit. Js
MUKPOCUHTAKCUYECKUX KOHCTPYKIIMH THUITMYHA CEMAaHTUYECKas HEKOMIIO3MIIMOHAIBLHOCTh, BBICOKAS
CTeTeHb YCTOWYUBOCTH, HEPETYASPHOCTh, TO €CTh BBIXOJ 3a PAMKH OOIIUX IPAMMATHUYCCKUX MPABUIL,
pPEHHTEpIpEeTaNnsl TPAMMATUYCCKAX XapaKTEPUCTHK, KOTAA OJWH WM HECKOJNBKO KOMIIOHEHTOB
BBIPQXKCHHUS MEHSIOT CBOM KaTerOpHalIbHBIM CTATyC, KakK, HapUMEp, MEXKIOMETHE OblLid He Oblid,
COCTABJICHHOE M3 JIBYX IJIAr0OJIOB U YaCTHUIIBI.

[MpumMepamMu KOHCTPYKITUI MUKPOCHHTAKCHCA BBICTYAIOT Pa3HOOOpa3HbIe aBePOUAITBI (KAK MOJNCHO
ayuue, Kak 66l mo Hu 6bl10), CIOKHBIC COIO3BI (MaK Kaxk, nomomy wmo), COCTABHBIC MPEIOTH (110
OMHOWEHUIO K, 80 21aée), YaCTUIbl (Ym0 HU HA ecmb, Hem-Hem O0d u), BBOIHBIC BbIpaKeHUs (Ha0o
cKazamp), TUCKYPCUBHBIC CIUHUIBI (60m me Ha, @ mo), Pa3INYHble CHHTAKCHYECKHE KOHCTPYKIIHH,
JIEKCHYECKOE HAMOJIHEHHE KOTOPBIX MMEET ONPEICIICHHY O CTEIIEHb CBOOO/IBI (He HaX-06ambcsi: He MO2y
Hanob08amvcsi, He Habezaeubcst) U Jip.

CHOXHOCTh HMICHTU(GHUKAIMK CIUHUI] MUKPOCHHTAKCHCA 3aKI0YaeTCsi B TOM, YTO B S3BIKE
CYIIECTBYIOT THICSYM CUHTAKCHICCKHUX UJMOM, W, IMesl Ha0Op 3aJaHHbIX TIOKa3aTesIel, He Beer/a JIETKO
JIaKe BPYYHYIO ONPEACIUTh IPAaHUIy MEXIY CBOOOIHBIM CIOBOCOUYCTAHMEM HJIM MHOH PErysIsipHO
KOHCTPYKIIMEH M eIMHMIICH MUKpOCHHTakcuca. He Bceraa mocienoBaTebHOCTH CJIOB, IO BHEITHUM
MPU3HAKAM YJIOBJIETBOPSIONINX OMUCAHUIO KOHCTPYKIIUM, K HUM OTHOCATCs. Peub WAET, B TMeEpBYyIO
o4epesib, 0 «IKHOTOIOKUTEIBHBIX» SAUHUIAX, KOTIa HACHTHYHBIC 110 (HOpMe JISKCHUECKHUE 3JIEMEHTBI
He 00pa3yloT eAnHUIBI MUKpOcuHTakcuca. Cp.:

(1) (a) Tak emé u Hado ckazamp onpeaenEHHBIM 00Pa30M U JOCTATOYHO BHATHO, YTOOBI OHA
nonsita. [Rozetked Discuss. telegram Rozetked Discuss (09.12.2021)]?

(1) (b) MypaBbu, Haoo cxazams, BCETIA BHI3BIBATH Y HEKOTOPBIX U3 HAC HEMAJIBII HHTEPEC, KaK U
JpyTHE COIUANbHbIE HACEKOMBIE, XOTSI OONBIIMHCTBO OTHOCUTCS K HUM C Pa3IpaKeHHEM,
0COOEHHO KOT/Ia OHM BOPYIOT y Hac caxap. [Amekceii Ilerposuu [[BeTkoB. MypaBhHHBIIMA
kocMmoc (2020)]

(2) (a) dens, korma 3T0 HAYaNOCh, OBUT MEM camblm THEM, KOTZA TEPIICHUE apsi U LAapeIBOPLICB
nonnyno. [Taresna ['eopruesnHa ll{ep6una. Tepnienune nomuyno (2006)]

(2) (b) Cmbic BbDKMBaHUS TAaHHOW MH(EKIIUK B TOM, YTO OHA OTIEPATUBHO MEHSIET CBOIO
TeHETHYECKYIO KYJIBTYPY - U IeM camblm BEDKUBAET B cpelie yenoseka. [[ennaanit
I'puropseBry OHumeHKo. 3uma 6e3 rpurima: OUeHUTh Cephe3HOCTh Mpodiemb (1999)]

(3) (a) O3makoMuBIIHCE C TenerpaMmMoii, IIleBIeHKO SIBHO PACTEPSIICS M YIIET OT MEHS 6
cocmoanuu npocrparun. [Oner TposHoBckuit. Uepes roasl u pacctossaus (1997)]

(3) (b) He namo nymarb, uTo Bee 6 cocmosanuu ocBouth Takue Benw. [T. B. Epmosa, H. A.
Huxkudopos. KauecTBo paboThl TOCCITYX AIIEro U3MEPSIETCS He HarpaJaMu, a MOJe3HbIMU
pe3yibratamu Juis Jroneit / « AapopmannonHoe ooiectso», 2011]

B mpuBenéuusix Beiie npemioxkenusx (1 - 3) (a) mpencraBieHbl CBOOOAHBIE CIOBOCOUYCTAHUS,
OMOHHMMHYHBIC MHKPOEIUHUIIAM, HO uMH He sBisomuecs, a B (1 - 3) (b) BbicTynmaror coOCTBEHHO
MHUKPOCHHTAKCUYECKIE KOHCTPYKIINH.

VYuér nepuepuitHbIX CHHTAKCUYECKUX SBJICHHI S3bIKa CIIOCOOCTBYET a/IcKBATHOMY aHAIHM3Y TEKCTa
U ero KauyeCTBEHHOMY TIIepEBOAY Ha JApyrue s3bIKA. YCTAaHOBJICHHWE ¥ ONHCAaHWE SBICHUMA

2 31ech U masee MpUMeEpHI B3ATHI 13 HalMOHAIIEHOTO KOpITyCa PycCKOTo s3bIKa (FUScorpora.ru)
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MUKPOCHUHTAKCUCa MPCACTABIICTCA BaXXHbIM Jid JIMHIBUCTUKHW, B TOM 4YHCIC [Jid PCHICHUA
IMPAKTUYCCKUX 3a4a4 B IIPUKITAAHBIX 06HaCTHX, TaKHNX KaK MCXKbA3BIKOBas THUITOJIOTHA, aBTOMATHYCCKUH
IEPEBOa U CEeMaHTHYECKUW aHaJIU3 TEKCTOB.

2 Heab uccaenoBanus

Lenp Hame#t paboTHI cocTosIa B pa3paboTKe U MpoBepke 3PPEeKTHBHOCTH OMHAPHOTO KIIAaCCU(PUKATOPA,
MMOCTPOCHHOTO Ha OCHOBE HEHPOHHOM CETH M CIOCOOHOTO TMpencKa3biBaTh HAJMYHE XOTS OBl OMHOM
MUKPOCUHTAKCUYECKOM SIUHUIIBI B IPEUIOKSHUH €CTECTBCHHOTO S3bIKa. DTO MEPBBIN MIATr HAa MYTH K
ABTOMATUYCCKOW JICTCKIIMM KOHKPETHBIX EIWHHUII MHKPOCHHTAKCHCA, a4 TaKKE IMOUCKY HOBBIX
MHUKPOCUHTAKCHYECKUX KOHCTPYKIIUI PYCCKOTO S3bIKA.

Merton, KOTOpBIH MBI IPUMEHHIIH K 3a/1ade aBTOMAaTHYECKOTO MOUCKa ()pa3eosiorvH, paHee K TaKoh
3aJlaue He MPUMEHSIIICS, XOTS U UCTIOIB30BAJICS [T PEIICHHUS IPYTHX, BO MHOTOM OYCHB IIOXOXKHX 33]1ad,
HanpuMep, [T aHanu3a ToHanpHoCcTH Tekcta (Katsarou et al.,2022), kiaccudukanun UIHOMaTHIHBIX
¢pas (Briskilal, Subalalitha, 2022) u ap. HecMoTpst Ha MPOCTOTY MOCTABACHHOM 3a/1auM, Pe3yIbTaThl
MOJISJIA UMEIOT MPUKIIATHYIO MOJIB3Y, 0 4€M OyIIeT CKa3aHO HIDKE.

3 IloaroroBka JaHHBIX, CO3AaHUE U 00y4YeHUE MOIeJIH

JJ1st aBTOMATHYeCKOTO MOUCKA MPEIOKEHNH, CONEPKAITIMX MUKPOCHHTAKCHIECKIE KOHCTPYKIIHU, MBI
UCIIONB30BAIM SI3BIKOBYIO Mojenb riayookoro oOyuenus AWD-LSTM (Merity et al., 2017),
peanusosanHyIo B 6ubmnorexe fastai ¢ ncnonszosaruem PyTorch®. AWD-LSTM pacmmdpoBsiBaeTcs
kak ASGD Weight-Dropped Long Short-Term Memory: Mozens ¢ yCpeaTHEHHBIM CTOXaCTHUECKHAM
IPaJMEHTHBIM CITyCKOM, peTYyJIsipH3alreil BECOB U JONTONW KPaTKOCPOYHOH MaMsThi0. DTO HEeHpoHHAas
CETh, KOTOpAs UCTONB3YeT peKyppeHTHBIN 010k LSTM, a Taroke pasnuvHbie CTpaTeruu peryispu3anuu
W onTUMU3anmy, Takue kak DropConnect juist cHYbkeHHs pucka epeoOydeHHs CETH IMTyTEM BBEICHUS
Pa3peKEHHOCTH BECOB MOJICNIH, METOJI CTOXaCTUYECKOTO YCPEIHEHHOTO CITyCKa, METO]| YCCUEHHOTO
00paTHOro paclpocTpaHeHHs OMIMOKH MPU OOHOBJICHUH BECOB, PETYJISIPU3AMIO aKTUBAIIMU U IPYyTHE
pUEMBI, MO3BONISIONIHE MOJIENHU 3G GEKTHBHO 00y4aThCs, COXPAHSIS HYXKHBIC TIATTEPHBI, BEIyUCHHBIC U3
NPOIIUIOTO KOHTEKCTA U BBIOPACHIBAs U3 MAMSTH HEHYXKHOE.

Apxurektypa AWD-LSTM Obuia BeiOpaHa, MOCKOJNBKY OHa MOKa3zaja CBOIO 3(PQEKTUBHOCTH B
HEKOTOPBIX 3a1adax kinaccupukarmu, cxoxux ¢ Hame (Briskilal, Subalalitha, 2022), (Kiran, Shashi,
Madhuri, 2022), (Tao, et al., 2019).

B cBoeii paboTe MbI 110 GOJIBIICH YaCTH MPHUMEHSUITH METOIBI, MPECTaBICHHBIE B Onbroreke fastai,
aNanTUpysl UX K PYCCKOMY S3bIKY. SI3bIKOBas MoOJelib Oblla OOydeHa Ha PYCCKOSI3BIYHOW BEpPCHUHU
Wikipedia. JIst 5T0# 3a1aum MBI HCIIONB30BAIN CTAHIAPTHEIN HAOOp METOIOB MPe0Opa3oBaHUsA TEKCTA,
MCIIOJIb3Ysl BCTPOCHHBIC (DYHKIIMHU U CTaHAapTHBIC HACTPOWKK 13 Oubnnoreku fastai: 3amena nepenoca
CTPOKH, MIPUBEICHNE BceX OYKB K CTPOYHBIM C TIOCIEAYIOMIUM A00aBICHUEM CIICIHaIbHBIX TOKCHOB U
npyrue. TokeHusarop Obim B3aT w3 Oubmuoteku SpaCy juis pycckoro s3sika. B mporecce
MEpPBOHAYAIBHOTO OO0ydYeHHUs] Monenu ObLI cocTaBiieH cioBaps 00béMoM B 60000 TOKEeHOB, YTO
COOTBETCTBOBAJIO CTAHAAPTHHIM PEKOMEHIALMSAM W HallUM TpeOOBaHUSAM KO BPEMEHH, 3aTPaueHHOMY
Ha OOy4YeHHe.

Janee momenp mpolnia 1000ydeHne Ha MOATOTOBICHHOM HaMH Habope JaHHBIX, MOJTYYCHHBIX M3
Marepuana kopmyca CunaTarPyc, wuMeromiero, MOMHMO  JpPYTrHMX  BWJIOB  AQHHOTAIVH,
MUKPOCHHTAaKCUYECKylo pa3MeTky. Bce Texctel CunTarPyca mpexacraBiensl B gopmare XML, roe
KaXJI0€¢ TPEIIOKEHHE, COoJepKaliee XOTs Obl OJHY MUKPOCHHTAKCHUYECKYIO KOHCTPYKIHIO, UMEET
cooTtBeTcTBytomui Tar. Koprryc cocrout u3z 107132 npemioxkennis, Bxomsanux B 1305 tekcroB. Kaxxmoe
MpeAIoKEHNE TIOTYYHIIO METKY O HaJTM4WH JTMOO0 OTCYTCTBHU MHKPOCIHHUIIBI B CBOEM cocTaBe. Takum
o0Opa3oM, 1 T00O0y4eHHs I3LIKOBOM MOJIENIN UCTIONB30BaJKCh ChIphbie TipemiokeHus u3 CuaTarPyca c
TOTaMU O HAJTHYUH MUKPOCTUHHUL. TOKEHU3AIHS KOPITyca HE YIUTHIBANIACH.

B MomeHT HammcaHus HacTosmield paOOTHI B KOpIyce BBIAEICHO M pasMedeHo 41697 enuHuI
MUKpOCHHTaKcuca B 31322 mpeiokeHUsX, a BCEro CIOBHUK MHKPOCHUHTAKCHUYECKUX 3IEMEHTOB
comepxut 3119 emmann. HaGop coOpaHHBIX HaMH pa3MEUEHHBIX MaHHBIX OBUT pa3lmeicH Ha

3 https://github.com/fastai/fastai
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00yyJaroIyo, BAMIAMOHHYIO H TECTOBYIO BhIOOpKH B cooTHomeHuu 80, 10 u 10% ot ob1ero oonéma
JIAHHBIX COOTBETCTBEHHO. TecToBas BBIOOPKA MCIONB30BANACh TOJBKO JUIS OIICHKH KadyecTBa PabOThHI
KJIacCU(PHUKATOPA U HE UCIIOIh30BANACH TSI O0YUIEHUS MOJICITH.

BUHApHEIH K1accu(HUKATOp CTPOMICs ¢ moMomibio (ynkimu text_classifier_learner® us 6uémmorexu
fastai, koTopoii B KauecTBe apryMEeHTOB Mepeaa&Tcst Habop MAHHBIX [Tt 00yueHus, apxutekTypa AWD-
LSTM, u 3HaveHHs TUMeprnapaMeTpoB M METPHUK MO YMONTYaHWIO. B H000yYeHHH HCIOIb30BANICS
CIIOBaph, COOpaHHBIN BO BpeMst 00y4eHUs SI3BIKOBOM Mojieni. VcXo/s U3 XapaKTepHCTHK HMEIOIIETOCs
0o0opy/noBaHUs, a TaK)KE YUYUTHIBAs IUANA30H JUIMH MPEIJIOKEHUN B COOpAaHHOM HaMH JIaTaceTe, MBI
UCIIONTB30BaNM JJTUHY 00OpabarhiBaeMoil mocnenoBatensbHOCTH (Seq_len) B 72 tokena. OOyueHue
TPOXOJUT 3a 4 3MOXH, MOCKOJBKY Ha OTOM JTalle 3Ha4YeHUE OIMMOKH Ha BalMJIAIIMOHHOI BBIOOpKE
OKAa3bIBAETCSl CAMBIM HU3KUM.

[Mony4nB Ha BXOJ CTPOKY C MPEAJIOKEHUEM, HA BBIXOJE OMHAPHBIN KiIacCH(UKATOP MPEICKA3bIBACT
JUIS  9TOTO TPEJIOKEHHS HallMyue MHUKPOCIUHUIBI B €ro COCTaBe M NPUCBAMBACT €My
COOTBETCTBYIOIIYIO METKY 0€3 YTOUHEHHSI KOHKPETHON KOHCTPYKIIHH.

4 Onenka kadecTBa IpeACKa3saHUWil MojeaH OMHApHOro kJjaccupukaropa M ero
cpaBHeHHUe ¢ 0a30B0 MOe/IbI0

Hns popmanbHON OLICHKHM pe3ynbTaToB OWHApHOW KiaccH(UKauuy ObUIM MOCYUTAHBI TOYHOCTB,
NPEIU3UOHHOCTb, IONHOTa ¥ F-Mepa (cm. Tabmuiry 1).

st ToTO, 4TOOBI YOSAHUTHCS B 1IEIecO00pa3HOCTH HCIIONB30BaHUsI HEUPOCETEBOM apXUTEKTYPHI TIPU
NOCTpoeHHH OWHApHOTO KiaccUpHUKAaTOpa, MBI CO3JaIM MpocTedmylo (0a30Byl0) MoIenb
KJIaccU(pHUKaTOpa U CPaBHWIM PE3yJbTaTbl, HOTy4YEeHHBIE HA TeX e Habopax AaHHBIX, KOTOpbIe ObLTH
HCIIONIb30BaHbl B OCHOBHOM MOZIETIH.

ba3oBbIil kimaccupuKarop ycTpoeH CIEAYIOIMUM 00pa3oM: M3 CIHCKA MPEIOKSHUH, BXOSIINX B
00y4aromIyIo U BaJIMJalMOHHYIO BEIOOPKY, ObLI N3BJIEUEH CIIMCOK BCEX MUKPOCHHTAKCUUECKUX €TUHHII,
e KaXkaas KOHCTPYKLMA IPECTaBICHA B BUJE IIaphl {HAYaJIbHBIN JJIEMEHT + KOHEUHBIN JJIEMEHT}, CP.:

nO npuuuHe, no Mepkam, ... {‘mo’: ‘npudyuHe’, ‘MepKam’, ...},

6 MCHOBEHUE OKA, 8 MOMEHM 8peMeHl, ... {‘B’: ‘oka’, ‘BpeMeHu’, ...},

abvl kaxk {‘abbl’: ‘KaK’} u T.1.

TaxuM oOpa3zom OBLUT coCTaBlIeH cioBaphb U3 37157 exuauir. Jlamee MBI IPOBEPSITH BCE MPEIIOKECHUS
U3 TECTOBOH BBHIOOPKM Ha HalM4YMe B HUX KOHCTPYKUHMH M3 coOpaHHOrO cioBaps. B cmywae, eciu
NPEATIOKEHUE COAEePIKalo 00a AeMEeHTa KOHCTPYKLIMH C COOJIOCHUEM TOPSIKa UX CIEIOBaHMs, TO OHO
OTMEYaJIOCh KaK COAEprKalllee MUKPOSAUHUILY, B IPOTUBHOM Cllydae MPEAIOKEeHHE IOMEeYalloCh Kak He
UMeIlee MHUKPOCIUHUI] B CBOEM cocraBe. B 0a30BoM KiaccH(pHUKATOPE MBI HCIONB30BAIN
ToKeHH3Mauuio kopnyca CuaTarPyc, Bce 371eMEHTBI KOHCTPYKIMK TPUBOAMINCE K HUKHEMY PETUCTDY.

s oueHku kadecTBa 0a30BOH KiaccU(pHUKALMM HA TECTOBOM BHIOOpKE OBUIM MOCYMTAHBI TE K€
METPHUKH, YTO U JIUIsl OCHOBHON MoJieNi. Pe3ynbTarsl cpaBHEHHUS IPUBECHBI HUKE.

Monean kaaccudpukaropa | lpenusunonnocts | Iosnora (recall) | F-mepa | Tounocts
0a30BBIN KITACCH(PUKATOP 0.45 0.93 0.61 0.64
AWD-LSTM knaccuduxarop | 0.87 0.76 0.81 0.89

Tabnuna 1: CpaBHeHHE PE3y/IBTATOB KJIACCU(UKAIIMK HA TECTOBOM BHIOOPKE

OxwunmaeMbIM 00pa3oM, METpUKa IMOIHOTHI 0a30BOro Kiaccu(ukaropa mmeeT 0oiee BBICOKHIMA
YPOBEHb II0 CpPaBHEHWIO C OCHOBHOH Mozenbio. C OmHOM CTOPOHBI, 0a30BBIA KiIacCHUpUKATOP
uaeHTHQUIUpYET OONbIIee YHCIO MUKPOCAWHUIL, a C JPYrOoi, MMEET CEpbE3HBI HEJOCTATOK II0
CPaBHEHHUIO C OCHOBHOI MoOAENbl0. UHCIIO JIOKHOIOJIOKUTENBHBIX CIIy4aeB OKa3bIBaeTCAd uepecdyp
BbICOKUM. CM. Tabmuy 2.

4 https://docs.fast.ai/text.learner.html#text_classifier_learner
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Mogeab kiaaccudukaropa

true_positive

true_negative

false_positive

false _negative

0a30BbIH KJ1aCCU(DUKATOP

2976

3881

3625

231

2453

7149

754

357

AWD-LSTM knaccudukarop

00BEM TecToBO# BEIOOPKH: 10713

Tabnwma 2: KomuaecTBeHHOE CpaBHEHHE TTPEAICKa3aHHBIX METOK 10 TECTOBOM BHIOOpKE

5 Pe3yabTarsl HCC/I€10BAHUSA

bazoBeii  kimaccudukarop Hamboree TOYHO HIACHTHDHUIUPYET TPEIIOKCHUS, COACpIKaIIue
Hepa3pbIBHbIE KOHCTPYKIWHU ¢ (PUKCHPOBaHHBIMH TIEPBBIM U MOCIEIHUM dJIEMEHTaMU BPOJE 8 X-0601
Mmepe (B 3HAYUTEIBHOM / KaKOW-TO / HeMallol Mepe), 8 X-060m cmbiciie (B YKa3aHHOM / IPSIMOM / y3KOM
CMBICIIE), 00 CUX NOp, ¢ MOYKU 3penus M T.1. TeM He MeHee, KaK yke ObIJIO CKa3aHO BBIIIIE, KOTHYSCTBO
JIO)KHOTIONIOXKUTENFHBIX TPEATIOKEeHH Yy 0a30BOro Kiaccu(uKaropa OKa3bIBACTCS HEMPUEMIIEMO
BBICOKUM. B "acTHOCTH, HE OyIyT pa3iM4eHsl ciiydau Bpoxe (4), rIe UMeeTcsi MUPOSIUHUIA U 6CE, U
(5) u (6), THe cOBMANAIOT MEPBBIA U IMOCIEIHHIA SIEMEHT, HO HA 0 KaKOM 000pOTe HET PeyH:

(4) He morima mpocTHTh U 6ce.
(5) TMama, mama u Tonst, 6ce yexanu B TOPOJI, st OCTaaach OJHA.
(6) A ece moror.

MoxHO ObUTO OBl HECKONBKO YIYYIIUTH 0a30BYI0O MOJENb, HO OHA IO ONPEACIICHHIO HE CMOXET
UICHTH(PUITUPOBATE MUKPOCSIUHUIIEI CO CBOOOIHBIM JICKCHUYECKUM HANOMHEHUEM, Bpoae X 3a X-om
(Cmynenvka 3a cmynenvkoil, npensmcmeue 3a npensimcmeuem), W TPEICKa3blBaTh B MPEITOKESHUIX
HOBBIE KOHCTPYKITUH MUKPOCHHTAKCHCA.

Mogens OwHapHOTO Kiaccu(ukaropa, moctpoeHHas Ha apxutekrype AWD-LSTM, mokasama
CYIIECTBEHHO Oojiee BBICOKHH YPOBEHb NPELU3MOHHOCTH, HEXeNMH 0a30BbI KiIacCHPHUKATOp. DTO
BBIP2XKAETCS B TOM, YTO KOJIIMYECTBO JIOKHOIOJOXKHUTEIBHBIX CIIy4aeB CYIIECTBEHHO MeHbIle. B
gacTHOCTH, 00a mpemnoxkeHus (5) u (6) Obun KimaccuUIMPOBaHBI BepHO. B 1memoM HelipoceTeBast
MojIeJIb OKa3biBaeTcs OoJiee MoJe3HON B MPUKIIaqHOM Tuiane. Jlaigee Mbl OyZieM paccMaTrpuBaTh TOJIBKO
eé.

Jus  ObICTpOll TepBOHAYaIbHON TPOBEPKM KayecTBA KIACCHU(HUKAIIMM TEKCTOB HA HAIH4YHE
MUKPOEAWHHI] TPOBEPSUINCH CIydallHBIC NPEUIOKCHUS, HE TMPEICTABICHHBIE B CHHTAKCHYECCKOM
kopmyce. beio B3sTo 10 npeanoxennit u3 Aerckux pacckazoB B.U. [Iparynckoro. Mosens npaBHiIbHO
knaccudunupoBara 8 w3 HuX. Bce mnpemiokeHus, JeHCTBUTEIBHO HE  COAEpIKaIue
MHUKPOCHHTAKCHYECKHE KOHCTPYKIMH, TOJYYWId TpaBWibHOE 3HavdeHue False mis  wmertok
MICROSYNT, a Bce npouue — 3HaucHue True. JIga npeiokeH s, CoaepIKalie MUKPOSIMHUIIBI, ObLTH
OIMOO0YHO KIACCH(UIIMPOBAHEI KaK HE MMEIOIINE TaKMX eNUHUIl. Tarke CrenuaibHO BBIOUPAINCH
MIpeUIOKEHUS], CoMepiKallline MHUKPOSAMHUIBI, He eme mpeacTaBieHHble B kopmyce CurTlarPyc, u
MOJIeNTb UICHTU(HUITPOBAIIA IBA CITyJast:

(7) On eé cnac, a Yanky mocreral IpyTUKOM — 0151 610y, KOHEUHO.
(8) Bom mebe pa3!

Bcé KE, TOCKOJIbKY IIOMCK HOBBIX CIWHUI] MHUKPOCHMHTAKCHUCAa H3HaA4YaJIbHO HE BXOAHJI B ICJIb
HCCIIeIOBAaHUS, U TIPECTABISIET COOO0M OTACIBHYIO 3aady, Jajiee Mbl aHAJTM3UPOBAIH TOJIBKO MPUMEPHI
u3 koprnyca CunTarPyc.

N3 TecToBO# BBHIOOPKHM OBUTM PaHAOMHO HW3BJICYCHBI W BPYUYHYIO TpoBepeHb 600 mpemioKeHHH.
CHauvasa ObLUTM IPOaHAIM3UPOBAHEI CITy4YaH, B KOTOPBIX KJIACCH(UKATOP MOKa3ajl CBOIO 3PPEKTUBHOCTb.
OT0 clly4yau ¢ peIKUMHU MUKPOCTUHUIIAMU:

(9) Aus yBuzena camoe ceos.

1065



Chaga A. V.

MukpoeauHuIa ‘camoe cebs’ ObLIa pa3MeueHa B KOPITYCe JIUIIb OJIUH Pas.

(10) Huuezo noootbnozo!

MukpoenuHHIA ‘Huwe2o no00bHo20’ pa3Medaach B KOPITyce TPH pasa.

CTOuT OTMETHUTH, YTO JAJIEKO HE BCE MUKPOCSAMHHUIIH B KOPITYCE HMEIOT BEICOKYIO YaCTOTHOCTE: 80%
A3 HUX, Wik 2519 enuuuil ciIoBHHKA, MMEIOT 10 M MeHee OTMEUEHHBIX BXOKIAeHHH, a 37,5%
MUKPOEIMHHMII TIPEICTABICHBI B KOPITyCE BCEro ONWH pa3. TeM He MeHee, KIIaCCU(PUKATOP YCIEIIHO
BBIJICIISICT MPEITIOKCHUS C TAKUMHU KOHCTPYKITHUSMU.

[MockonbKy MBI IMEEM JIeJI0 ¢ OMHAPHBIM KJIACCU(UKATOPOM, HET BO3MOXKHOCTH IPOBEPUTH, KAKKE
MMEHHO TIOCIIEI0OBATEIbHOCTH CIIOB (II€TbHBIEC WM Pa3pbIBHBIC) BIUSAIOT HA PE3yJbTaT MpEACKa3aHUS
aNropuT™Ma, HO CyAs TIO0 KOPOTKMM TPEIJIOKEHHSIM, MOXXHO C BBICOKOW JoNel BEpOATHOCTH
MPEIOIOKUTE, YTO KJIacCH(PHUKATOP CIIOCOOCH YUUTHIBATh U 3aIIOMUHATH HEKOTOPBIC PEKUE ATTEPHBI.

[Iporpamma mpaBHIBHO KiaccCH(UIMPOBANIA HEKOTOPHIE MPEUIOKEHHS, COACpIKAIUE paHee He
BCTPEYABIINECS BBIPAKEHHUS] MHKPOCHHTAKCHCAa, HO TIOXOKHE TI0 CBOEH CTPYKType Ha YxKe
YCTaHOBJICHHEIE:

® gJocuKe, Cp.:

(11) B smoit nozuke xaxplii "HeqOIIIAYCHHBIH" OFOIKETHBIH py0ib 000paunBaeTcs pyoiem
npUOBLIN JUTS TOTO HadaJIbHUKA, KOTOPBIH MOXKET HAWTH CIIOCO0 TPOIATh HEOOXOUMYIO
YCIIyTy HaCeJICHHUIO.

B kopniyce pa3medanoch BeIpaKeHUE “no Jocuke geujeil”.
® g ecpaHuyax, cp.:

(12) Bce 3aech QyMAroT 8 Zpanunax OnpeaeIeHHBIX PaAMOK.

B xopmyce oTMewanuch eNUHULBI THNA “3a epanuy)”, “3a epanuyei”, “us-3a epanuysvl’”, a Takxe “6
pamkax”.

CTOHT yHOMSIHYTh, YTO KIACCU(GUKATOP YCIEIIHO BBIACIACT MPEAJIOKECHUS CO CIOKHBIMU COIO3aMH,
[JIC JIEMEHTHI JaJIEKO OTCTOSAT APYT OT JIpyTa:

(13) Yem Gonbliee pacCTOsIHUEC MOT' OXBAaTUTDL B3IJIAA, Hem 6I>ICTp€€ XOTCJIOCh NOCTUTHYTH
JAJICKUX BEPIIHH U C HUX OINIAAETE HOBBIC HEIIOKOPEHHBIC MECTA.

(14) Yxe Bo BTOpO¥ MOJIOBUHE JHs 7 Masi, cpa3y nocie uHayrypanun Bragumupa [lytuna, cranu
U3BECTHBI He MOIbKO KaHTUIAaTypa Ha TIOCT IJ1aBbl paBUTENbCTBa (l'ocIymMe npemioxkeHo
nepeHasHauuTh Jmurpus Mensenesa), Ho u OCHOBHbIE BUIE-IIPEMbEPHI (MX Ha3Basl OymyIuit
IpeMbep-MUHUCTP Ha BcTpeue ¢ Pppakuuneit "Exnnoit Poccun" B l'ocayme), n ocHOBHBIE
IIPUOPUTETHI HOBOTO beoro noma.

(15) Kak xonxo3 CZlaBaJl 3CpHO Ha XJ'IC6033FOTOBKy 10 OCHE, KOTOpast HUKAaK OT HEIr0 HC 3aBUCCIIA,

maxK u pOCCHﬁCKHe KOopropaluy NpogaroT CBOM PECYPCHI IO IEHE, KOTOpasd HUKAK OT HUX HE
3aBHCHUT.

B mMukpoeauHuile e moavko ... HO 4 MKy TIEpBBIM M TIOCIEIHUM dlIeMeHTOM 11 cIoB, a B kax ...
max u — 13.

Krnaccuduxarop Taxke BBIACTSAET MPEIOKEHUS C Pa3phIBHBIMHU €AMHUAILIAMH BpPOJe€ KOHCTPYKIINH 8
nopsoke, BHYTpb KOTOPBIX JOBOJIBHO YaCTO BCTABISIOTCSA APYTHE JEKCHUECKUE DJIEMEHTHI, IPUYEM B
KOpILyCce JaHHBIA IPUMEP C TPeMsI BCTaBJIEHHBIMH 3JIEMEHTaMH ObLI IIPOITYIIEH Pa3METUYUKOM:

(16) Ho 5Tu marckue MUJIOCTH 8 0COOOM U 3aKPbIMOM ROPAOKe CICTAH JIIOeH IPeIMEeTOM Topra,
pa3MeHHON MOHETO! Ha IeperoBopax.
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KoHcTpykuus 6 ceeme npefcTaBieHa B Kopyce 8 pas, ¥ JHUIIb OAWH IPHUMEP COAEPKHUT BCTAaBHOM
ANIEMEHT (68 UX ceeme), B JaHHOM e puMepe B KOHCTPYKIMIO BoLLIo Tpu ciosa. Cp.:

(17) Tlon BusTHEEM HETOCTHKUMOTO TIPeIyOe) IEHIS BCE CaMO€e IIPOCTOE U OOBIKHOBEHHOE
NPEICTABUIIOCH 6 KAKOM-MO MAUHCIMEEHHOM, 8PAXCOeOHOM caeme.

HCCMOTpH Ha TO, 4YTO KJ'IaCCI/I(bI/IKaTOp I1J10XO0 O6Hapy>KI/IBa.H MpEeAJIOKCHNA C TOBTOPAIOIIUMUCH
QJICMCHTAMHU, HCKOTOPBIC NPCIJIOKCHHU C HOBBIMHU NTIAaTTCPpHAMH OH BCE K€ BBIACIIUII:

(18) Harmyics pa3, HarHyJcst IpyToi. ..

Taxxe KJ'IaCCI/Iq)I/IKaTOP YyCHEeuHO I/I,Z[CHTI/I(I)I/IL[I/IpOBaJ'I MpEAJIOKCHUA C KOHCTPYKIIUAMU, BPOAC pelb
uoem 0, B KOTOPBIX ITIaroJl MOKET JOBOJIbBHO CHJIBHO BApbUPOBATLCH !

(19) Peus 3amna o "teopun 5MOPHOHATIBHOTO TONA", IPEATIOKEHHOM Tpodeccopom I'ypBrueM.

PaccmortpeB ciyyan, Koria Hail OMHApHBIN KiIaccH(UKATOp YCHEIIHO CIIPABIISETCS C MOCTaBICHHON
3aa4eld, HeOOXOOMMO TAaKXKe PaCCMOTPETh MPUMEPBI, II€ OH CUCTEMaTHYECKH JOITycKaeT omuoku. s
3TOr0 IIPOBEPSUINCH TNPEIVIOKEHUS, Tne ObUIM OOHApy>KeHbl PACXOXKACHUS B AHHOTALMHU MEXIY
UMEIOIIMMHUCS METKaMH, MPOCTaBIEHHBIMH B TIpOIlecCe pPYYHOM pa3MeTKH, U pe3yibTaTaMH
npeAcKazaHusl Kiaccupukaropa.

Bo-miepBBIX, 3TO cioydan ¢ TakK Ha3bIBAEMBIMHU «JIOKHOTOJOKHUTEIHHBIMI» EAMHUIIAMH, KOT/a
HWACHTHYHBIE 1O (OpMe JEKCHYECKHE IEMEHThl HE 00pa3yloT KOHCTPYKLMH MHKPOCHHTAaKCHCa, a
SIBIISIFOT COOOH CBOOOHBIE CIIOBOCOUYETAHUS MM PETYIISPHBIC KOHCTPYKIIUH:

(20) Brnoxa MeTamosiepHa MpeaNoNaraeT KojeOaHust "Mex 1y MOJCPHUCTCKUM CTPEMIICHHUEM K
CMBICITY U TIOCTMOJIEPHUCTCKUM COMHEHUEM 8 CMBICAE 6Ce20 Imo20", "Mex Ty UpOHUEH U
SHTY3Ma3MOM, MEX]Ty CapKa3MOM M HCKPEHHOCTBIO, MEXY IKJIEKTHIYHOCTHIO U YHCTOTOM,
MEX]ly pa3pylIeHHueM U co3uaanreM".

(21) A BeuepoM mpHE3KAOT CIOA Ha JUKUIIAX M, HE BBIXOIS U3 HUX, HAOIIOMAIOT 3a KOCOJAIBIMU 6

ceeme dap.

(22) B3pociieHre HbIHEITHEH MOJIOIC)KH MIPUIIIIOCHh Ha gpems GopmupoBanus B Poccun odiectsa
noTpeOIeHusl.

(23) Emie He GBIIO HY OIHOTO 3aCEIAHUS NO Oely, KpOME TIPeaIBapUTeIpHOTO, a PoMaHa yixke
YBOJIHIIU C paboTEHI.

Bo-BTOpEIX, MBI OOHAPYKILTH, 9TO MOJIETH IIPAKTUIECKHU HE BBIABIISIET KOHCTPYKITUH C TIEPEMEHHBIMH,
TaKUMH KaK 63imb U X-08amb, a TAKXKe MHUKPOSAWHHUIBI C TOBTOPSIOMIMMHUCS WM YaCTHIHO
MOBTOPSIOLIUMICS JIEMEHTAMHU: 1PONaou OHa NPONAOOM, WEN U WEN U T.11.

(24) 51 6b1, HE CKpOIO, MOJIMIICS €MY, OH K€, CKa3aB, YTO CKa3all, 6351 U ymep.

(25) Bapuanuu: 3eneHblil KITIOUUK BBICOTHI TIEPEIACTCS OM 6EPUILHDL K 6EPUIHE Y KaXKIasl HOBAs
rpsa 3aupaeT JOMIIHY Ha 3aMOK.

MBI Takxke O6paTI/IJ'II/I BHHUMAHUEC, YTO aJITOPUTM HCIIPABUIILHO padMedajl NPCAJIOKCHUA, COACPIKAIINC
KOHCTPYKIHUH C ONPEACICHHBIMU OIMMOPHBIMU 3JICMEHTAMU BPOAC CYLICCTBUTCIILHOTO cya

6 IIpakTHYeckoe NpUMeHeHHEe OUHAPHOIO KJaccu(puKaTopa

HCCMOTpH Ha TO, YTO MbI pa6OTaCM HaJ CO3JaHHEM MOACIH JJIsA aBTOMAaTHUYECKOM I/II[GHTI/I(I)I/IKaI_[I/II/I
MUKPOCHUHTAKCUYICCKUX KOHCTpYKI_[I/Iﬁ B HOBLBIX TCKCTax, U oTHaéM cebe oTuéT B TOM, 4YTO 6I/IHapHa$I
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Kinaccuukamus HE MOXET B IOJHOM Mepe pelInuTh MOCTABICHHYIO 3aJady, OKa3aJoCh, 4TO
MIPUMEHUTENFHO K YK€ pa3MEUeHHOMY KOPITYCY, TaKas KIIacCCH(PHUKAIHUI MOXKET OBITh TIOJIEe3HA.

Ms1 cobpanu TIpeIIoKEeHHS HE TOJBKO M3 TECTOBOW BHIOOPKH, HO TaK)Ke M3 TPECHUPOBOYHOH H
BaJIMJIAI[MOHHOM BEIOOPKH U OTOOPAIH CiIydau, Korja KIacCU(PHUKATOp MpeAcka3biBal HaJHUUe XOTS Obl
OTHOM MUKpPOCHHTAKCUYECKON eAMHMIIBI B MPENJIOKCHUH, HE HMerolieM aHHoTauuu. M3 107132
IIpeUIOKEHUH KopITyca ObUTO BBIsIBIEHO 3927 cimydaeB Takoro pona. [lanee, BpydHyr0 OBLIIO IPOBEPEHO
400 cy4aiiHO BBIOpaHHBIX TPEIUIOKEHUH M3 3TON TPYNIIbI cirydaeB (4yTh Oonee 10%) u ycTaHOBIIEHO,
410 U3 HUX 82.7% JNeHCTBUTENBHO UMEIOT XOTS OBl OJJHY MUKPOEIUHUILY B CBOEM cocTase, a i 17,2%
MIPeJUIOKEHUI  TIpe/icKa3aHue KIIacCU(pUKATOpa OKa3alloCh HEBEpHBIM. Takum o0pa3oM, MbI
oOHapyXWH MpuMepHO 3% MOTEHIIHAIBHO HEJOPa3MEUeHHBIX MPEIOKEHII.

Jleno B TOM, 9TO MUKPOCHHTAKCHYIECKast pa3MeTKa IIPOU3BOAUTCS HA IPOTSKCHUH HECKOJIBKUX JIET, B
TEUYEHUE KOTOPHIX PEeCTp MHUKPOCHHTAKCHUYECKHUX EIUHHII BCE BpeMsl IOTIOJNHSAETCSA, a caMa pabora
MIPOBOJUTCS CHIIAMH PA3HBIX CIICHUAINCTOB C PA3HOW CTETEHBIO TIOATOTOBKH. YUHTHIBas TOCTOSHHOE
W3MEHECHHE COCTaBa CJIOBHUKA U YEJIOBEUECKUH (haKTOp, HAIMINE HEKOTOPOTO YKCiIa HEA0OPa3MEUCHHBIX
MIPEUIOKEHHIA B KOPITyCE HEM30EHKHO.

Bo3MoXHO, T103TOMY Cpeiy MPaBHIBHO KIACCU(PHUIIMPOBAHHBIX HENOPa3MEUCHHBIX MPEAIOKSHHI
BBISIBIIIETCS MHOTO CIIy4aeB CO CIIOXHBIMHU COI03aMHU BPOJIE He MOAbKO ... HO U, KAK ... MAK U, Yem ...
mem, eciu ... mo u Jp. B mporecce pydHON pa3MeTKHU JOBOJIBHO JIETKO MPOITYCTHTh TAKUE CIIOXKHBIE
COFO3BI, MIOCKOJIBKY M3-3a CBOCH YaCTOTHOCTH M JAJIEKO OTCTOSIIUX JPYT OT APYyTra SIEMEHTOB OHH JIETKO
BBITIA/IAIOT U3 TIOJIS 3pEHHS aHHOTaTOPA.

Ha texyiiem 3Tare Mbl HE CTaBUM LIEJIbIO MOJHOCTHIO aBTOMATU3MPOBATH MIPOIECC UACHTU(DUKAIMH
MUKPOCJIUHUIL. BO-TIepBBIX, BBHUIY CJIIOKHOCTH HCCIEHYeMOro OOBEKTa, OOWIMS U pPa3HOOOpasus
KOHCTPYKIIMA MUKPOCHHTAKCHCA, BCTPEUAIOIINXCA B TEKCTaX E€CTECTBEHHOTO SI3BIKA, MBI PHCKYEM
VIIYCTUTh TOHKHE W HETPUBHAIHHO YCTPOCHHBIC SIUHUIIBI, 2 BO-BTOPHIX, PYYHOES aHHOTHPOBAHUE NAET
caMo€ BBICOKOE€ M HAAEKHOE KauyeCTBO pPa3METKH M IIO3BOJISIET YCTAHABIMBATHL HOBBLIE BHIIbI
KOHCTPYKIIUH, TEM CaMbIM TIOTIOJNHSS TIEPEeYeHb MUKPOEIUHUII.

[Ipoananu3upoBaB pe3ylbTaThl KIaCCHPUKAIIMA Ha BCEM 00BEME KopliTyca, OBIIO OOHApYXKEHO
HECKOJIBKO HOBBIX MUKPOEAUHUIL, HAIPUMED, ‘HA MaKomM-mo 200y dcusHu’, ‘Opamo 3a oopazey’, ‘momy
ecmv X

(26) OH ymep B MUHYBIIIYIO IATHUIYY Ha 95-m 200y scusnu, otnas Bcero ceds 6e3 ocrarka
N3paunro.

(27) Koro 63samp 3a oopaszey,.
(28) I momy ecmv nemano ocnosanuil.

Kak MOXHO OBIIO 3aMeTUTh, KJIACCH()UKATOP YYHUTHIBACT caMble pa3Hble TUIBI KOHCTpYKnui. Ha
pe3yibraT MpeicKa3aHusT HE CWIBHO BIMSAET 4YacTOTHOCTh MHUKPOSAWHHIBI B BBIOOpKE, €&
MOp(OJIOTHYECKHE XapaKTEPUCTHKH, IOJIOKEHHE BO (paze, HaJUUUe BCTABHBIX 3JEMEHTOB U
KOJIMYECTBO TOKEHOB MEXy TIEPBBIM U MIOCIIETHUM JIEMEHTOM KOHCTPYKIHHU. B crincok moTeHmansHo
coziepKaIluX MUKPOESTUHHUIIB (pa3 MOMaAI0T KaK JITUHHBIE, TAK U KOPOTKHE TPEIIOKECHUSI.

Yame  Bcero  Mofelb  OPaBWIBHO  KJIACCU(DUIUpPYET  NPEIUIOKEeHHS,  COAEpIKallue
MHUKPOCHHTAKCHUECKUE KOHCTPYKLHUH C (PUKCHPOBAHHBIMH 3JIEMEHTAMHU BPOIE: 00 CUX NOp, HOMUMO
npoyezo, Xoms u, xoms Obl, N0 NOBOVY, 8 0OAIACMU, KPOME MO020, 00 meX Nop, HA 610, NOMOMY YUMo, HA
83211510, 6MECMO MO020, HA 8PEMs, C YCnexom, Ha ocHoge, 6 npunyune U T.A. Cyas 0 BceMy, 3allOMHHB
MaTTepH, MOJEIb YCIEIIHO KIacCU(UIHUPYET KOHCTPYKLUH U CO BCTABHBIMH JIEMEHTAMH: 1O 106800V U
10 IMOMY H0B800Y, HO 8UOY U NO GHEUWIHEMY BUJY.

B cayuaiinoit Bei6opke u3 200 mpemioskeHuid, TpOBEPEHHON HaMU BPY4HYIO0, HE OBIJIO MPaBUIBHO
KJIacCU(UIMPOBAHO HU OJHOTO MPEIJIOKEHUsSI, COAEPIKAILEr0 MUKPOEANHHILY ¢ MOBTOPaMHU TOTO WU
HMHOTO pofa, a Bcero ux Obu1o 19. DTO0 KOHCTPYKIMHU KaK C MAaKCUMAaJbHO CBOOOIHBIM JIEKCHUECKUM
HAIIOJTHEHUEM BPOJIE 36€HUM U 36eHUM, CVULAAU U CVULATU, U3 KHUU 8 KHUZY, OM JIOMKA K JIOMKY, OMm
KUOCKA K KUOCKY, 603DACH 803PACTNOM, HO, TaK H IOBOJILHO crieliM()UYHBIE KOHCTPYKIMU TUIIA 8CAKAS
BCAYUHA, BUOABUUL BUOBL, MOKDBI-MOKPEUIEHbKY, CAM He C80U, 6HOGb U 6HOBb, NPONAOU OHA NPONAOOM,
HOC K HOCY ¥ JIP.



Binary classification model as a tool to detect sentences with microsyntactic units1

Beuto 00HapykeHO, 4TO KIacCU(PUKATOP CUCTEMATUYCCKH MTHOPUPYET KOHCTPYKIUU C OIIOPHBIMH
CIIOBaMH Oenlo, geuep, cyo, boe, uépm, N UX IPOU3BOAHBIMH. B KOHTPOIIEHO BEIOOpKE PHUCYTCTBOBAIIO
7 MUKPOCIMHHII, COIEPKaINX KOHCTPYKIMH BUAA hoea paou, crasa boey, boe ¢ samu, 3 KOHCTPYKITHH
CO CIIOBOM 4épm: uépm 3Haem Kyod, Kakoeo 4épma, 4 KOHCTPYKIIUU TUIIA K 6euepy U o geyepam, U HA
OJTHO U3 NPEJIOKCHHI C TAKUMH MUKPOCSIUHUIIAMU He ObLIO BBIICIICHO.

[IponsBonss COPTHPOBKY KOHCTPYKIIM CJIOBHHMKA IO OMOPHBIM JIEKCHYECKUM DIIEMEHTaM, MBI
3aMETHIIA, YTO BOKPYT HEKOTOPHIX CIIOB OOPa3yrOTCs IENbIe TPYMIBI pa3sHOOOPa3HBIX KOHCTPYKIIHMA.
B Hamem ciioBape pEeKOpICMEHOM IO KOJIMYECTBY OOpa30BaHHBIX KOHCTPYKIUH SBISCTCS JIeMMa
‘6pems’ — 91 MUKpOCAMHHUIIA, OT JISMMBI ‘pa3’ oOpa3yeTcs 61 KOHCTPYKIU, OT ‘dero’ — 60, OT JeMMBI
‘pyka’ — 47, ot ‘uépm’ — 31, or nemmbl ‘boz’ — 25 mukpoeauHuil. s MOBBIINICHUS KauecTBa
aBTOMAaTUYECKON HMICHTHU()HUKAIMUA TPEUIOKSHUH, COAepKAIIUX MUKPOCHHTAKCUYCCKUE BBIPAKEHHUS,
HEOOXOIMMO YYHUTHIBATH TAKUE OMOPHBIE CIIOBA.

CozmanHblii HaMA OWHAPHBIN KJTacCH(HUKATOp C ITOBOJBEHO BBICOKOW TOYHOCTBIO TPEICKA3HIBACT
HaJU4Me€ HWCKOMBIX BBIPQKCHUA B KOHKPETHOM TIPEIOKCHHHM TEKCTa, TEM CaMbIM ITO3BOJISIS
JIETCKTUPOBATh MHUKPOCHHTAKCUYECKHE EIUHUIBI U CYIIECTBEHHO YBEIHUYUTH IMOJHOTY DPa3MEKTH
KopImyca.

7 BbIBOABI U MEPCHEKTUBBI

Mpbl He CTaBWIM 3a1ady CO3[aHUS MaKCHManbHO J(QQEKTUBHOH MoOAenu Uil HIACHTU(DHUKALUU
MIPEUIOKEHIH, COIep KalTiX eINHUIBI MEKPOCHHTAKCHCA B CBOEM cocTaBe. bruHapHast KiaccugpuKanms
HE SBISETCS Halled KOHEYHOH IIeNbl0, IMOATOMY MBI HE TPOBOJMIN CpaBHEHUS 3(PQPEKTHBHOCTU
pa3paboTaHHON MOAENIH C APYTMMH HEHpOCETEeBHIMU KiaccudukaTopamu. BmecTo 3TOro MBI cpasy
UCIIONIb30BaJIM €€ B KAaU€CTBE MHCTPYMEHTA ISl MMOBBIIICHUSI TOJTHOTHl MUKPOCHHTAKCYECKOM pa3MeTKHI
B koprryce CunTarPyc.

[Tpu paszpabotke kimaccupukaropa Mbl HE HCIOIB30BAIH JIEMMAaTH3ALUIO, a TaKKe HE YUUTHIBAJIH
WHPOPMAIIMIO O KOHKPETHBIX MHKDPOEIWHUIAX, BCTPEUANONUXCS B Kopryce. He umcmonb3oBanace u
nHQOpPMAIHsSI O CHHTAKCHYECKOW CTPYKType NpemiokeHnid. TeM He MeHee, HECMOTPS Ha IPOCTOE
YCTPOMCTBO M KOPOTKOE BpeMsi 00yUEHUsT MOJIEIH, ObLJIO JOCTUTHYTO 3HaueHue F-mepor 0.81.

bnaromapss upentudukanunu 3% NOTEHUMAIBHO HENOPa3MEUCHHBIX NPENTIOKECHUH MBI CMOMKEM
MOBBICHUTH KAY€CTBO MUKPOCHHTAKCUYECKOM pa3MeTKH CUHTakcuueckoro kopmnyca CunTarPyc, kotopas
B CKOPOM BpeMeHH cTaHeT noctynHa Ha caiite HKPS. [Tommrmo 3Toro, B mpormecce mpoBepKH padoThI
KJaccuukaropa, Obls1 0OHAPYKEH PAJ HOBBIX MUKPOCHHTAKCHYECKUX KOHCTPYKIIHA.

JlaHHBIN OMHAPHBIN KIIACCH(HUKATOP MOXXHO PACCMATPHUBATh U KaK CHCTEMY, HHTEPIPETHPYIOIYIO
KOJUTOKAIIMOHHBIA YPOBEHB (ppasbl: aHANN3 PE3yNbTaTOB KIacCH(PHUKAINY TTOKa3all, YTO MPeJIOKEHUS,
MOTEHINAIIFHO COAEPIKAIe MUKPOEIMHHIIBI, JeHCTBUTENFHO, KaK MPaBWIIO, COAEPIKAT yCTONYNBEIE
CJIOBOCOYETAHMUSI, UMEIOIIKE KOJUIOKALIMOHHBIN YPOBEHb BBILIE CPETHETO.

Ha cnenmyromem ostame paboThl MBI IDIAHHPYEM CO3[aHWE MOJAETH ABTOMATHYECKOH METEeKITHH
KOHKPETHBIX €JUHHUI] MUKPOCHHTAKCHCA, CONIEPXKAIIMXCS B MPENIOKEHUSAX, MPEICTaBICHHBIX B
MHUKPOCHHTAKCHYECKOM CIIOBape, ¥ AJIS 3THX LieJel MBI IUTAaHHPYEM UCTIONb30BaTh APYTHE apXUTEKTYPHI
U MOJAXOAbI, B YACTHOCTH, IPUMEHSIONIUECS B 3a[a4ax MO PAaclO3HABAHUIO UMEHOBAHHBIX CYIIIHOCTEH.
[TonpoOyeM wcronp30BaTh JIEMMaTH3alMI0 W YYUTHIBATh BCIO JOCTYNHYI HH(OpMAIHIO,
cojiepxainyrocs B cuHTakcuueckoM kopryce CunTarPyc. Takke HaM KaxeTcs I1€JIeCOO0pa3HBIM
UCIIONB30BaTh CJIOBaph OoJplIero oObema Aiasi OOyueHHs MOZETH, YTO JOJDKHO MOJOKUTEIHHO
CKazaThCsl Ha KauecTBe e€ paboThI.

Bo3MmoxkHO, Ham ygacTtcss NpHONM3UTBCA K PEUHICHWIO MPOOJSeMBI OTACNEHHS CIy4aiHOTO
COTIOJIOJKEHHS DJIEMEHTOB OT JEHCTBUTEIBHBIX CIy4aeB YIMOTPEONCHHs 3TUX DJIEMEHTOB B KaueCTBE
eIMHUIBI MUKPOCHHTAaKCHCAa ¥ PAacllo3HaBaTh MHUKPOETUHHIEI CO CBOOOMHBIM JIEKCHUECKHM
HAIOJIHEHUEM H C TIOBTOPSIOMIMMHUCS JIEMEHTAMHU.

baarogapaocTu

ABtop mnpusHatenedH cBoumMm kosieram JI. JI. Momauny u A. A. MoBcecsiHy 3a IIEHHBIE COBETHI U
3aMeYaHMus.
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Corpus of Accentuated Byzantine Written Monuments
and Methods of Its Markup
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Abstract

This article presents a corpus of Byzantine accentuated texts (BGAT) created since 2008. It currently includes 1010
Byzantine inscriptions, 950 papyri from various collections from the 1st to the 9th centuries, 132 seals from the collection
of Dumbarton Oaks, and a selection of 100 Athos manuscripts from the 8th to the 15th centuries. Based on the collected
data, we developed a method for markup such texts, which later makes it possible to create a database of accentuated texts
from them and, based on the entire corpus, to train neural networks for classifying texts according to accentuation systems
and recognizing them in images. As a result of marking texts, in addition to the previously known Alexandrian, Byzantine,
and Dorian systems of accentuation, new accentuation systems were identified, including logical or semantic, with a shift
of an accent mark to the right, with a displacement of an accent mark to the left, and mixed. For each group of monuments,
their variants of using accentuation systems, especially the Alexandrian one, were identified, which show different aspects
of the accentuation of the Byzantine Greek language. When creating a glossary of accentuated word forms based on the
corpus, we determined that there were lexemes that retained their accentuation regardless of the influence of the dialect,
meter, or traditions characteristic of the masters. However, a comparison of identical texts, even found in the same region
of the Byzantine Empire, showed that the accentuation was not replicated when quoting.

Keywords: corpus BGAT, markup methods, accentuation systems, Byzantine Greek language, diacritical marks,
Greek epigraphy, Byzantine sigillography, Byzantine manuscripts, papyri.
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Kopnyc aknieHTYyHpOBaHHBIX BU3AHTHICKUX MACbMEHHbBIX
NMAaMSTHUKOB M METOAbI €ro pa3sMeTKH
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AHHOTAIUA

B naHHO# cTaThe Npe3eHTyeTcs KOPIyC BU3aHTUHCKHUX aKLEeHTyupoBaHHbIX TekcToB (BGAT), co3naBaemsiii ¢ 2008 1.
B ero cocras Ha ceropusiHuii geHb Bxoaar 1010 BusanTuiickux Haanucei, 950 nanupycoB U3 pasHbIX KoJUleKIui ¢ I mo
IX BB., 132 nevatu u3 cobpanuss Dumbarton Oaks u Beidopka u3 100 adonckux pykomnuceid or VIII mo XV BB. Ha ocHoBe
coOpaHHBIX TaHHBIX ObLIa pa3pa0doTaHa METOAMKA PA3METKH TaKOTO PoJia TEKCTOB, MIO3BOJISIONIAS B TANBHEHILIEM ClIeNaTh
u3 HUX 0a3y aKIEeHTYHPOBAHHBIX TEKCTOB U Ha OCHOBE BCEro KOpIyca 00ydaTh HEHPOHHBIE CETH KJIacCH(UKAIIMH TEKCTOB
[0 CHCTEMaM aKLEHTYal[il M PACIO3HABAaHMIO MX Ha M300paKeHUsX. B pesynbrare pasMeTku TEKCTOB KPOME H3BECTHBIX
paHee aJleKCaHAPUHCKOMN, BU3AHTHUICKOW M JOPHHMCKOW CHCTEM aKICHTYAllMd ObUTM BBISBJICHBI HOBBIC CHCTEMBI, CPEIH
KOTOPBIX JIOTMYECKasi WK CMBICIOBAsl, CO CIBHIOM YAapeHHs BIIPAaBO, CO CIBUIOM YAapeHHs BJICBO W cMemanHas. Jljis
Ka)XJOH TpYIIbl MaMATHUKOB OBUIM BBISBICHBI CBOM BapHUaHTBl HCIOJIB30BAHUS CHUCTEM AaKIICHTYallMH, B YacTHOCTH
QIICKCAHAPUICKON, KOTOpBIE IOKA3bIBAIOT pa3HbIC ACMEKThl AKIEHTYal[Md BU3AHTHHCKOTO Tpedeckoro s3bika. I[lpu
CO3JJaHUH TJIOCCApUsl aKICHTYUPOBAHHBIX CIOBO(GOPM 0 MarepuaiaM Kopryca ObUIO OHPENeNICHO, YTO CYIIECTBOBAIIU
JICKCEMBI, COXPAHSIOIINE CBOI aKICHTYallMI0 HE3aBHCUMO OT BIHSHHUS JHAICKTa, CTHXOTBOPHOTO pa3Mepa MM
Tpagului, CBOHCTBEHHOW MacTtepaM. OJHAKO, COINOCTaBICHHE OJMHAKOBBIX TEKCTOB Jak€ B OJHOM pETHUOHE
M0KAa3aj0, 4YTO aKILEHTyalus He 3aMMCTBOBAIACH IIPH IUTUPOBAHUU.

KaroueBble cioBa: xoprnyc BGAT, meroauka pa3MeTKkH, CUCTEMa aKLEHTyaluuH, BuzaHTuiickuil rpeyeckuil si3bIK,
JIUAaKPUTHYECKUE 3HAKH, TpedecKkas snurpaduka, BU3aHTHHCKast ChparucTika, BU3AHTUHCKHUE PYKOIUCH, ATIUPYCHI.
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[Tamsatu B.A. [Ip100

[1] BBenenue

AKIIEHTYUpOBaHHbIE Tpeueckue Haamucu BusaHTHiickoro mnepuona (IV-XV BB.), ocobenHo rpaddut,
[IOKa3ajld, 4YTO, HECMOTPsl Ha MCIOJIb30BAaHUE B pPyKONMcAX ¢ X B. IOCIEJOBAaTENbHOM AaKIEHTYalUH,
Ha3BaHHOM BU3aHTUHCKOMW, MapajllesIbHO ¢ HEl CyIIeCTBOBAJIM APYrHe CUCTeMbl akieHTyaruu. Cpenu HuX
camas cTapas anekcannmpuiickas [3, 7, 9, 13, 15, 30], xapakrepHas mis manupycoB I-III BB., koropas
Berpedaercs U B Haanucsax XIII-XV BB. u3 Cesepnoii ['penun, Kannanoxuu, I'py3uu [18, 22].

C pacmpocTpaHeHHEM TEXHOIOTHMH MY3€H M apXHBHl 3aHSUCH (poToduKcamueidl CBOMX KOIUICKIUH C
MOCIEAYIOIUM TPECTABICHHEM HX B BHJE 0a3 JaHHBIX WM AJIEKTPOHHBIX KOPIYCOB. Tak B Hay4yHbIHA
000pOT CTanu IMOCTyHaTh paHee HE YYTCHHbIE MCTOYHWKH, XPAHMBIIMECS B 3allaCHUKAX, U HAMSATHHKH,
W3BECTHBIC IO M3IAHUSIM, B KOTOPHIX OTCyTCTBOBaNHM (poTorpaduu. Kak ciencrBue, OmHON M3 aKTyadbHBIX
3aja4 A1 BU3AHTUHMCTHKU CTAlO ONHCAaHME BCEX KOJUIEKIMH B OHJIAWH-(popMaTe M CO3JaHUE KOPIIYCOB,
pa3eleHHBIX TI0 JKaHPOBBIM, TeorpauuecKuM W HHBIM TpuHImMnam [cp. 11, 12, http://papyri.info/].
YacTu4yHO 3TO OBLIO peannu30BaHO NpU co3faHuU 0a3bl JaHHbIX PHI-7, rie B BUJE TEKCTOB MPEACTABICHBI
Manupychl, HAJNMCH M TIe4aTd. AHaian3 S5Tod 0a3pl C TOYKH 3peHHs AaKIEHTyallud IOoKa3aJ, dTo
HCCIICNOBATEId MOTYT OBITH HEMOCIENOBATENbHBl M OTpa)KaTh TOJIBKO T€ CIydad aKIECHTYalHH, KOTOpBIE
MOKA3aJIMCh UM 3HAYMMBIMH WIM YHUGHUIHUPOBATh WX, UTHOPHPYSA JaHHBIE KPUTHYECKOrO armapaTra B
n3gannn. K opdorpadun maMsITHUKOB mpUMeEHsUICS Apyrod mpuHimn. OHa coXpaHsuIach, Kak B U3IAHUSAX,
OTKyZla COOMpPAJIMCh HAMIKCH, YTO MO3BOJSET MOCUUTATh CTATHCTHKY IUIS THIIOB 3aMEH OTHUX rpadeM Ha
npyrue. [ockonpKy cylecTBoBaia Tpaaulus Ipu MyOIMKAalUK BU3AHTHUHCKUX MaMSATHUKOB MUCBMEHHOCTU
YHU(HUIVPOBATh 3HAKM AKICHTYalMH B TIOAB3Y MNO3IHCHINCH BH3aHTHHCKOW CHCTEMBI MM BOBCE WX
MPOITyCKaTh, TO ceHYac B pe3yiabrare LU(PPOBU3AIMN HCTOYHHKOB TIIOSBIIIMCH HOBBIE IAaHHBIE IO
ObITOBAaBIIUM B BH3aHTHM cucCTeMaM aKIEHTyallud U CTaJlo BO3MOXKHO MX Oolee AeTalbHOE H3ydeHHE.
OnmHako, [0 CHUX IOp HE CYIIECTBYET SJIEKTPOHHOM 0a3bl aKIEHTYHPOBAHHBIX T'PEUCCKUX HAINMHCEH U
MAMpycoB, BKIIOYAIOMICH B cebst (oTorpaduu, IpOpUCOBKH, pacuIn(pOBKH, HEPEBOIBI, reorpapuuccKue
KapThl, TMHTBUCTUYECKHUE, ManeorpapuuecKkue U UCTOPHUECKUE KOMMEHTAPHH, a TaKkKe U3aHHOTO KopIyca
MOOOHBIX TEKCTOB WJIM INPEACTABICHHOTO OHNIANH. Bee 3TO nmemaer 3aTpymHUTENBEHBIM PEIIeHHE BOIpOca,
KaKHle CUCTEMbl aKI[EHTyallud ObITOBAIM B BU3AHTUHUCKUI MEpUOJ], KaK OHU MEXAY COOOH KOppeIupoBail U
KaK OHM BIMSUIM Ha Hpousomenumre (oHernueckne u3MeHeHHs. OfHAKO, pelIeHHe AAHHOTO BOIpOca
HEOOXOAMMO HE TONBKO UISI WCTOPHHM CHCTEM aKIEHTyallid B TPEUYECKOM SI3BIKE, HO M ISl HCTOPUHU
IPEYecKoro s3bIKa B IIEJIOM, a TaKKe KaK JONOJIHUTENbHBIA HCTOYHUK Ul JAATHPOBKM HaMATHUKA. YTo
MIPUBEIIO HAC K HEOOXOAMMOCTH COOpaTh KOPIYC aKIEHTYHPOBAaHHBIX IMAMSITHUKOB B BHJC M300paKCHUH U
pasmeruth ux. B mpouecce cOopa kxopmyca, Hawatoro B 2008 I, U pa3sMETKM JAAHHBIX MPOBOAMIIHUCDH
WCCIICOBAHNS, TIOCBSIICHHBIC AKIEHTYHPOBAHHBIM TIPEYECKUM IaMSTHHKAM  pas3sHBIX PETHOHOB
BuzanTuiickoit umnepun [18, 19, 20, 22, 23, 24, 25].

[2] Marepuana u MeToq

CoOpaHHBIIi KOPITYC aKIIEHTYWPOBAHHBIX TAMATHUKOB COIEPIKHUT:

* 1010 mapnuceit n3 Kannanokuu, Koncrantunonons, Kuesa, I'py3uu, boarapuu, Ceseproii I'peruu,
Adun, Urtamuu, Oomplnas 4acTh KOTOPHIX nmatupyercs X-XV Bekamu. sl KaKIOro peruoHa
MPOU3BOJMIIOCH PAH)KUPOBAHKE 110 TUITY HaAMUCH (JanuaapHasi, rpadduro [22], nunuHTy etc) u no
TUIy MaTepraja: Ha MeTajlie, Ha KAaMHe, Ha CTeaTHuTe, Ha jepeBe, Ha ppecke [25].

* 950 mammpycoB w3 pasHeix komwrekumd c¢ Il mo IX BB. IlpumepHoe cooTHomeHHE
aKIEHTYHUPOBAaHHBIX TANUPYCOB M HEAKLEHTYHMPOBAHHBIX WIUTIOCTPUPYIOT KOJUIeKUUH KenbHCKOro
yHuBepcurera - u3 420 nanupycos 60 akueHTyupoBassl [19].

*  BBIOOPKY U3 pyKonucei, xpausmuxcst Ha Adone (okx. 100 sx3emmursipos ot VIII mo XV BB.) [24].

* 142 akueHTyHpoOBaHHBIC TIe4aTH, oToOpaHHbie U3 11984 sK3eMIuIsApoB Kosutekiuu Dumbarton Oaks
https://www.doaks.org/resources/seals. Pacmpenernenue axkIeHTYWpPOBAaHHBIX TIedaTeli MO BeKam

noka3zano, uyto Ha XI-XIII BB. MPUXOAUTCS POCT aKICHTYHPOBAHHBIX CPPArICTUUCCKUX MaMITHUKOB
[23].
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Bce mamsaTHHKM B KOpIyce MNpH pasMeTKe ObLIM pacKIacCH(PHUIMPOBAHBI B OTHONICHHH 8 CHCTEM
aKIEHTyallud, CyIeCTBOBABIIMX B Busantuu: anekcamapuiickoi' [1, 4, 9, 15], nmopwmiickoit [3],
BU3aHTHiiCKOI” [16, 18], cMbICTOBOI MK Jorudeckoit [24, 25], co cauroM Brpaso [23], co CABUIOM BIEBO,
COCTMHEHHSI CHCTEM CO CIBHTaMH B OJHY CHUCTEMY, OOYCIIOBJIEHHYIO MO3THUYecKuM merpom [20, 23], u
CMEIIaHHOH, COSMHSIONIEH YePTHI JIFOOBIX U3 HUX.
Jis x1accuuKaiuy 1o CHCTEMaM YUYUTHIBAINACH JTUAKPUTHICCKIE 3HAKH:

* AaKyT,

*  TIpaBWC,

*  1upKyMdIIekc,

* npuzabixaHue (JIETKOE U TyCToe),

*  Tpema.

[3] Texnuveckue BONPOCHI M MOATOTOBKA K pa3MeTKe

3.1 Cesi3aHHbBIE C TEKCTOBBIM NpeacTaBJIdCeHUEM aKIEHTyalluu

TpauLUOHHO ISl IPEBHErPEYECKOro si3bIKa IIPUMTHI MOCTPOCHBI HA IMOCJIEIOBATEIBLHOM IIPOCTABICHHN
JMAKPUTUYECKUX 3HAKOB HaJl OTpaHNYEHHBIM Ha0OpOM ITTacHBIX. Tak BO3HUKAET IpobiemMa IpeCTaBIeHuUs B
YHUKOAC pPa3JIMYHBIX 3HAKOB aKIEHTyallud W JUAKPUTHUKH, €CJIM OHU OTIIUYANOTCA OT TpaJulliOHHO
NPHUHSTBIX, HATpUMep, HHPKyMQIIeKe Hax o WM Tpema Hax ¢. KpoMme nepenadyn 3HaKOB B CIy4ae CHCTEM CO
CIBUTAMH YyIapeHus, KOrja OHM OKa3bIBAIOTCS HaJl COIIACHBIMM WMIIM MEXAy IByMsl OyKBaMH, Ba)KHOH
OKa3bIBA€TCA BO3MOKHOCTH IIOCTABUTH 3HAK TaK, KaK OH MNPEACTAaBJICH B HAIAIMWUCH, I BO3MOKHOCTHU
JanbHEHIIero Mmoucka 1o KOpIycy BceX 3TuX ocobeHHocTeil. Hampumep, Ae’yow BBIDISIUT, AOCTATOYHO
HaDIAIHBIM, OJJHAKO IIpUQTa, I7e ylapeHHe MOXHO ObUI0 OBl CMECTUTP €llle IpaBee M HaIicaTb ero Haj
J0OBIM COTJIACHBIM HE CyIIecTBYeT. JIpyroif BapHaHT pemIcHUs KpoMe pa3paboTKu mpH(Ta, COAEpKaIero
BCE HEOOXOIAMMBIC CHMBOJIBI, 3TO NMPEICTABUTH BCE CIOBA B BHIAEC OyKBEHHBIX (OPMYNI Ha JIATHHHLE H
3aJaBaTb B HUX YCPE3 OMPCACICHHBIC IMpaBUjla MECTOMOJIOXKCHUSI 3HAKOB, KaK U CaMH TUIIbI 3HAKOB B Ooiee
o6mmeM Buae. OuH U3 CrI0cO00B MPEACTaBICHNS TaKuX (OPMYJ IPUBOAUTCS HAMHU B paszene 4.3.

3.2 OO0paboTka KAPTHHOK M CONMYTCTBYIOLIMX HIJIIOCTPATUBHBIX MAaTepHaJI0OB

Kaxaprit akeHTynpoBaHHBIN MaMSTHUK IPECTaBIEH B KOpITyce B Buze ¢ororpaduu wim npopucoBku. B
clly4yae, eCIM aBTOPHI M3JaHUI OIMyOIMKOBAIN U TO, M JApyroe, To 00a MaTepuala YYUTHIBAIOTCS, TaK KaK B
HHUX OBIBAIOT pa3zHoOuTeHUs. Yalne MpOpHCOBKA OTpaxaeT Ty MHTEPIPETAINIO, KOTOPOH MpUAEpKHUBACTCS
uznarens. [Ipu Oemmom ananmse ¢ororpaduii H3 OXHOTO pernoHa BUIHO pa3Iddre B MaTepHaie, Ha KOTOPOM
BBIIOJIHEHA Haanuch (puc.l u puc.2), u B MUCHOIB30BAHUM PA3HOrO TUIA MHCbMA, MAalOCKYJAbHOTO (puc. 2)
WM MUHYCKYJIBHOTO (pHC. 3).

Picture 1: Umanus, naonuce na mpamope Picture 2: Umanus, Haonuce Ha memaiie

1 1Bau Gosee ynapeHuil B CJI0BE, MAPKHPOBKA Oe3yIapHBIX CJIOr0B, yIapeHHe JAIIbIIC, YeM TPETHI CIIOT OT KOHIIA, YIapeHHe Ha
MIePBBIi IeMEHT IU(TOHTa, yIapeH!s Ha COHOPHBIE COIVIACHBIE, IPAaBHC KaK Mapkep Oe3yIapHOro CiIora, CIBHUT YIapeHUs BICBO.

2 ynmapeHHe TOYHO HaJ NIACHOH, HE Janee TPEThEro CIora OT KOHIA, YeTKHUE IIPaBUIIa YIOTPeOICHHS Pa3HbIX 3HAKOB aKI[CHTYaI[HH.
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Picture 3: Umanus, naonuce Ha memainie MUHYCKy10M

Bce ¢dororpadun ¢GuKCHpYrOTCS B yYETHOW IOKYMEHTAIMH, KOTOpPas HOMHUMO 3KCTPaIUHTBHCTUYECKHX
JNaHHBIX (aTa, PETHOH, MajeorpauuecKue XapaKTePUCTUKU etC) yKa3plBaeT W HEKOTOphIe (OpMallbHBIE
napaMerpbl s JaTbHEHIero aHaju3a CUCTEM aKIeHTYalllH:

® HaJIMYUEC aKIICHTHBIX 3HAKOB HaJl BCEMHU CJIIOBAMU,

*  CMEIlCHHUE yIapeHUs], C YKa3aHUEM THUIIa CMELICHHS,

*  HaJgMYMe MPU/IBIXaHUs BHYTPH CIIOBA,

*  ymapeHue HaJl COKpAIICHHUSIMH,

*  yIOapeHUe HaJ IEePBBIM DIIEMEHTOM JAU(PTOHTa,

*  yaapeHus Haja Oe3ylapHBIMH CIIOTAMH,

*  ymapeHue Jajiblile, YeM TPETHH CJIOT OT KOHIIA.
Kasx/1as Ha/iMuCh MM TIAIUPYC UMEET CIPABOYHYIO KAPTOUKY B 001ieM yueTHOM (aiine Buaa (puc. 4)’:

BCH1590 —1455-1512 rr., Muctpa (bch23.121.10.1)
TTaneorpadsa: MarOCKyIIBHAS HAIIICH, OYKBEI C

b th j('][”‘ A1 N(‘f I E{M‘@Fﬂ@ I;r}l_\[gil;r;m{eﬁ o0beMa, cokpamenne "K " Ima Kol BHYTpH
]:“]ll Jdﬂii‘l“(' ALl @E@ lﬂ%‘-‘f: @]KPN AKIeHTyaIus : YIapeHUs CTOSAT TOYUTH Ha/l BCeMH

5 CITOBaMH U HaJl COKpAIIeHHsaMHE. [ yCTOe MPHIbIXaHne
Eﬁanﬁﬂ@@mﬁr@ V ('IT@N KN‘ BHYTPH CJIOBA Hall BTOPOIl U3 CIENYIONIHX HOAPS/

TIIACHBIX, YIapeHHe B AH(TOHTe CO CMeNIeHHEM BIIEBO
Ha NePBBII IITacHB.

Puc. 4: Ilpumep conposooumenvbHol KAPMOoUKu K HAONUCHU.

Kaxngas W3 axkumeHTyHpOBaHHBIX TIIedaTell MM pYyKONMHCEH MpeAcTaBieHa B Buae Qororpaduii ¢
JIMHTBUCTHYECKUMH KOMMEHTAPUSAMHI W THIIEPCCHIIKOI Ha 3IIEKTPOHHYIO 0a3y:

@eodirarT (X1 .) BZS.1958.106.1725

+OMUW

NVMON

CONOIKET

MAKAP

CKen

OpdVVUOV GOV OIKET(MV), pdKap, okén(o1g)
TTpunapIxanue poBHO HAJ ITIACHOI, aKyT Han 3 n4
CIIOBOM, B 4 CJIOBE CABHHYT BIIPABO.

Puc. 5 BZS.1958.106.1725 @eogpuraxm (XI 8.)

3 B ckoOkax cchuika Ha (haiin ¢ pa300poM BCeX aKIIeHTYHPOBAHHBIX CIIOB
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[4] Pe3ynabrarbl M qMCKyCCHS

4.1 Teru u ux BApPUAHTBI IPU Pa3MEeTKEe B 3aBUCUMOCTH OT KaTeropuun

B pesymerare aHanmmza JaHHBIX, BOIIENIINX B KOPITyC HA CETONHSIIHUNA JEHb, OBIIM BBISBICHBI § CHCTEM
akieHTyauuu. s ynoOcTBa MONB30BaHMs KaXIOH U3 CHCTeM mpumuchiBaics ter (alex(andrine), dor(ic),
byz(antine), mix(ed), log(ic), l-or (left-oriented), r-or (right-oriented), l-r-or (left-right-oriented)), u Bce
aKIICHTYHPOBaHHEIC CIIOBA MApKHPOBAINCH STHMH Teramu. B ciryyae, eciam akmeHTyalus B CJIOBE MOIA
OBITb UHTEPIPETUPOBAHA C TOUKH 3PEHHUS Pa3HBIX CHCTEM, TO MPUITHCHIBAIUCH TETH BCEX CUCTEM. 3a HOPMY
oTcYeTa TPUHHUMAJACh TMO3MIHUA YIapeHHs MO CJIOBaplo, T.e. KaK MPUHATO B BU3aHTHHUCKOW CHCTEME
akreHTyauuu. [loCcKONBKy aKIEHTyalus JUTEpaTypHBIX MamUpycoB, CTHXOTBOPHBIX JIETEHN Iedareil u
TEKCTOB HAJAIMMUCEH YacTo CBA3aHa C METPUUYECKHMMHU 3aKOHAMH, HMCIOJIb30BANIach OTAEIbHAsl CHCTEMa TETOB
it moathdeckux pasmepoB (hex(ametr), 12 (=dodekasyllabos) etc.) u MapKMpPOBKH THIIOB TEKCTOB
(pr(osaic), po(etic), doc(umental) etc). Jlis Hammucedt ykaswiBayics uX jxaHp: f(unerary) morpeGasibHBIC,
bu(ilding) crpoutenshsie, d(edication) mocBsITUTENBHBIE, inV(0cation) MOTUTBHI etc.

HesaBrucumo oT cucTeMbl akIeHTYyaIliH, BCE aKIICHTYUPOBAHHBIE MTO3UIIMA MAPKUPOBAINCH 110 KPUTEPHUSIM:

*  COOTBETCTBYET VIAPEHHWIO [0 CIIOBAPI0 WM TIpaBWJaM TIpaMMartukd: tg (true grammatic =
COOTBETCBYeT (hopMe B CIIOBApe WM aKIEHTHOMY THIIYy COTIACHO MOP(OJIOrMYEecKOd Mmapaaurme)
HJIA HET — ntg;

*  TIPOM3OILIO JIU cMeleHne ynapenus (shift), ecnu Her, To Ter nsh;

*  KyJa MpOW30ILIO cMelleHue ynapenue BieBo — sh 1 (shift_left) wnm BnpaBo — sh_r (shift_right) u
Ha CKOJIBKO;

* B ciaydyae audToHra: mMEpBbIM WJIM BTOPOH KOMIIOHEHT OKazajcs mnopi yaapenuem, dl u d2
COOTBETCTBEHHO. ECITM 3HAKOB HECKOJIBKO M OHHM OKA3aJIMCh HAa PAa3HBIX YACTAX MUQTOHTA, TO YIS
Ka)KJIOr0 3HaKa yKa3bIBaeTCS €ro BapHaHT depes /;

*  COOTBETCTBYET THITY yIapeHUs, OKUIAEMOMY B 3TOM 1Mo3uluy tt (true type) nuimm Her — ntt.

Takue Mapkepbl TOMOTAIOT OMpPENENUTh NPU aHalM3e, K KaKOW W3 CUCTeM OyleT OTHECeHa Ta WM HHas
crmoBodopma. UTo B JambHEHIIIEM ITO3BOIUT HE TOMBKO BEICTPOUTH YIOOHYIO CHCTEMY TIOMCKa, HO U BBISIBUTB,
KaKHUe CJIOBa COXPAHSIOT COOCTBEHHYIO CHCTEMY aKIICHTYallud HE3aBUCUMO OT OOIIEH CUCTEMBI aKIIEHTYyaI[HH
MAMSITHUKOB, B KOTOPBIX OHU BCTPEUAIOTCSL.

4.2 CoorHomenue opporpaduu u aKUEHTYaUU

B BU3aHTHICKHX IPEYECKUX HAIMUCAX HET yHU(uKanuu opdorpaduy U MOHATUS HOPMBI [cp. 14, 27, 28,
29], mo3TOMY HEIb3sl OHO3HAYHO CKAa3aTh, MEHSAETCS I QYHKIMS y yIApCHHS B CIyuae MOHO(DTOHTHU3AIHN
I TOHTOB FUTH COKpAIIEHHs JOITOTHl ITIacHOM Min ee (hOpManbHOW 3aMEHBI MPW HAIMCAaHWH Ha APYTod
Oornee KpaTKkuil Wiu Aonruid BapuaHT. [TockonbKy 4acTo B pa3dupaeMbIX HCTOYHHUKAX CJIOBA MUIIYTCS HE TaK,
KaK B CJIOBapsX, ATO IPUBOAWT K BO3HMUKHOBEHHIO HETHNMYHBIX COYeTaHWH ymapenuil. Hampumep, Tak
MOSIBISICTCS MUPKYM(QIIEKC HaJl O WIM HAJ € WIK JBa U OOJNBIIE yIapEHHs B CIOBE. DTH OCOOCHHOCTH TaKXKe
MapKUPYIOTCSl OTAENBHO Ul yAOOCTBAa IOMCKAa CIENYIOUMMHU TeraMu: orph (s OTAMYHOM OT cioBaps
opdorpadun) u nlac (no one accent, Jii HECKONBKHX yIapeHWH B cioBe). Tak JOCTHTaeTcs OCHOBHAs
3a/la4ya pa3METKU — Yy4eCTb OCOOCHHOCTH HAIMCAaHUS KaXIOro ClIoBa M IMPH 3TOM B CBOJHOM IJIOCCApHU
MPEACTaBUTh 3TH OCOOEHHOCTH B 3aBHCHMOCTH OT CHCTEMbI akieHTyauuu. CaMm moccapuil CTpoHTCs Kak
ZIepeBO, B KOTOPOM OT YHH(WIIMPOBAHHOM IO CIIOBApIO CIOBOGOPMEI HIYT BETBU IO BHIOpAaHHOW CHCTEME
akieHtyauuu. Jnsg ymoOcTBa aHanM3a, CO3JaHUS CHUCTEMbl NMOMCKAa W JAJbHEHIIEro MCIOJb30BaHUA NpHU
co3maHuM 0a3pl JAaHHBIX WM OOydeHWs HEHPOHHOH CETH PAaCIIO3HABAHMIO M PACHpPEACICHHIO (hparMEHTOB
TEKCTOB, Kakaasi cIoBo)opMa IIpEACTaBIeHA B BHJEC KAPTUHKH, BBHIPE3aHHOW M3 KOHKPETHOTO IaMSATHHUKA.
Takas KapTHHKa CONPOBOXAAETCS KOMMEHTapusaMHU: 1) JMHIBUCTHYECKHM; 2) majeorpapudeckum; 3)
AKIICHTOIOTHYECKIM CO BCEMU HEOOXOAMMBIMH IS JanbHEeWmed paboTel Teramu. IIpumMephl cioB u3
II0CCapusi, BRIPE3aHHBIX U3 a()OHCKHUX PYKOIHCEH, PEeCTaBIeHBI Ha pUCYHKAX 6-9:

’ N | ;

» “ H iy — '._’ i -e ¥ ) . ’ "r
TN oupioY 69 ouorgad o p Atdp 1elay
b . - u R

Puc. 6: &y Puc. 7: obpiov Puc. 8: épaouiov Puc. 9: é&épyeron

Taxas pa3MeTka MMOKa3bIBaeT, YTO B HEKOTOPBIX CIy4asx aKIEHTyallus KOMUpyeTcs BMecTe ¢ opdorpadueil.
MOXHO cKa3aTh, YTO PsJ] CIIOB MMEIIA YCTOHYMBOE HAMMMCAHUE TI0 3TUM JBYM IOKa3aTellsM (aKIEHTYalus
opdorpadus) B ompeneneHHbIE MEPUONBI WM B KOHKPETHBIX pEruoHaX. B ciydae perroHOB MBI MOXKEM
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OTHECTH 3TH OCOOCHHOCTH K MHChMEHHOW (pUKCAlMU MUAJIEKTHOTO MPOU3HOIICHUS. BCTpedarorcs Takke
MPUMEPHl  AKIICHTYAI[UH, KOTOpPbIE OOBICHAIOTCS (DOHOJOTMYECKH, KAK TPOM3OIIEAIINE IO BIHSIHHEM
npousHomeHus. Cpean HUX MOSBICHHE I'YCTOTO MPUIBIXaHUS BHYTPHU CJIOBA HA CTBHIKE JIBYX IIIACHBIX, [TOCIIE
IUu(TOHTa WM IJIACHOW HAja CJEAYyIoIIeH IIacHO#M, uToObl HM30EXKaTh 3USHUS, HAOPUMEP, 06701V HIH
Talo1dloyog. UTo, B CBOIO O4epe/Ib, TOMEYaeTcsl TeroM pron (=pronunciation).

4.3 TloaroroBKa K HCIOJb30BAHMIO AJTOPUTMA [JIsl NMOJYaBTOMATHYECKOH Pa3MeTKH U NMPHHUHMIIbI
KOJAUPOBAHUS TEKCTA

AHanu3 pe3ynbTaToB paclo3HaBaHHS HaANHCEH W (ParMEHTOB PyKOMHCEll pa3sHBIMHU OHJAIH IporpaMMaMu
OCR g5t ApeBHETPEYECKOro sI3bIKa IMOKa3all, YTO 3HAKH aKIEHTYallMH OBUIM PAacIO3HAaHbI HETOYHO M YacTo
YHUHUIMPOBAIUCH COIIACHO TNPUHATHIM B BH3AHTHHCKOW CHCTEME aKIeHTyalluu MpaBuiaM. [losTomy
WCTIONB30BaHNE PE3YIBTATOB 3TOTO PAcIIO3HABaHWA B JanbHeimel pabdore Ha JaHHOM JTale HEBO3MOXHO.
OTO0 IMpUBENO K HEOOXOIMMOCTH ITOCIIE BBITOTHEHHOH BPYYHYIO Pa3METKH psijia Ha[IMcel co3/1aTh aaropuT™M
MTOTyaBTOMATHYECKON pa3METKH B IIOTOM IPOBEPUTH €ro padoTy Ha MPAKTHKE.

Ha manHOM 3Tare paboThl Bce TEKCTHI KOpIyca (HMKCHPYIOTCS B 001IeM (haiiiie, pa3aeIeHHOM 10 pa3leiaMm:
PYKOIIUCH, TIalUpycCHl, JIAUIapHble HaIMCH, ()pECKOBBIE HAJMUCH, HAAIMUCH Ha MpeaMeTax MPHKIaIHOTO
UCKyccTBa, Tpadutn, mevartn. K Kaxmoif HaIIIUCH COCTABISIETCS OTACNBHBIN yueTHBIH ymcT (puc. 10), roe
MIPEeJICTaBIEHBI BCE aKIEHTYHPOBAHHbIE CIIOBA TI0 CTPOKAM, M K Ka)XKJJOMy CJIOBY YKa3aHBl COOTBETCTBYIOIINE
TETH.

pacumIpoRKa IpaD. HANICANNE NEPEBOR Gopuyna MESTO HAXOANI AGTA  IMAKN  [PAMMAT. AT ANGTORT  Gc3TPEMA  COOTEET.THNA 0P TN AXUCHTYAMIT

HCIH
AlcH diomaty alodnor ayBCTBO d1sb/d2aCCVLEVIC  Depu 1104 5b, 3,1 mg sbsh_l,nash  dlsbid2a off alex
ot bt e dlsbCVe Depnl 1104sb, g  nig sbsh_L ngsh  d1 u alex
ecnohe e o I
Seomomy  Beomdmy rocTioNta CVSCCabVS(CVLE)  Depu 1104a nig ash_Ib u alex, l-or
i
i MM
EHiKPAIE ‘enfkpa ey Sumkpaivey  paccepmmmmics  shVSCCVICCAbCVLE ®epu No4sh,ta mg ash_Ib b nfe alex, L-or
EYBAREC y ; "
£vBaic 00l ko uBeryimil d1shCVCVSaC Depu 1104sb,a  ntg tbsh 1 ash rb dl b byz
HCAY FIGALG . )
: cvLedemede Depu 1104 1a iz nsh nfr u byz
win xal " cdlg Qepu 1104 g ntg ash_Ib dib t alex, l-or
=i
. o]
KHAWE&CAIC et
o xa 3 CVCVOVCd20dC Depu 11042 g nsh a2 it byz
aliv adhv oBpao CVeir2evic Depu 104 cirl t nig cirlsh_r aff  nw byz, r-or
10H, W'y Tov apr B.n cvscg Depu 1104 g nig ash r it r-or
TOYTO N
] 4] g Tovtov tobtov BOT 2010 Cd1aCVse Depul 1104 a nig ash | d1 1 r-or
EYEHE RO )
iR b pusis Tpogil pockons C/CVCVLeirlC epu odcil 12 nsh an byz

Puc. 10: Haonucs uz Aopuaronons 976-1064 ze.

W3 Takux y4eTHBIX JHCTOB, COOpAaHHBIX BMECTE W PAHKUPOBAHHBIX MO andaBHTy, cobupaercs OOIIui
roccapuii. [IpuBeneM GparMeHTt, cenanHblii Ha OCHOBE HAJNKMCEH Pa3HOro THIIA VIS JIEKCEMBI «ET0GY (pHC.
11):
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PACITbpONEA MPAB. HATHCARIE Mepenon GopMyTa AECTO HAXOTER nata MATEMM  WAKH  rpaMMaT. CHBT TTORT B¢ TOPCOOTIST THNA TH AKUSNTYAINN SAND  THR TERCTA B dopMyTe nAtsaume dafina myGmanme
- g Erows roma  VSrbCa(d)C  Aapuaronoms 976-1064 Mpamop  rbl. a2 ntg ash r ¢ nd rbott, att  r-or ded  pr oa DSC02233adrianopol Asdracha 108
T
E’ fr Erfon) ropa  aC/vs Adimn 1062 rpadro ath g absh | nd atrbntt  l-or f pr na DSCO0413 A Kanyermm 11, %17
l & Er{ovs) roma  C/VSa Thams 10831084 wpamop @ nig ash r nd att byztr-or bu o pr na DSC03248ital Guillou 131
- & Er(ouc) roza  sbaVS(dyC KoMoTHHE 4 despana 1111 mpasop  arb nig nsh nd rbot, . byz+l-or f pr 3 DSCO8TIL Asdracha 63
2 | ko Erog rofa  hVSaCVSC  Hrams 131-1132 wpamop  arb  nig bsh_|, nash nd rontt, att  byz+l-or pr na DSCO3221ital Guillou 112
€ ’\Oc 1t b rhsh |, nash nd b byz+l f l It
=
= et Erfong) rom C/VSa AdiHb 1153 rpadduro a nig nsh nd it byz f pr a DSC02388athen Orlandos 39

& Er(ovg) roma  ClVsa Adme 1160 rpaito a g ashr nd t byz f pr m DSCO238%athen Orlandos 40

l & Er(ovg) romn  aCVS  Thaw Tauryera 1186 spavop  ash  nig  sbsh Liash Ind bt att byztlor o ope m DSC03212ital Guillou 104

/ e Erong roga  sbVS/C(d)C Haxcoc 1309 ppecka  sb nig shsh_1 nd i byztl-or bwf pr na DSCO85%4 Movrgorovoy 20,1

2

e €THovg)  Er(ovg) roma  VSa{CdC)  Adumm 1314 rpaddimo a nig ash r nd it I-0r f pr a DSC02385athen Orlandos 26
. Eovg)  Erfong) rofia  sbaVS/C{dC} Tpukanow, Meteopa 1548 dpecka arb 1g nsh nd rontt, att byz bu pr na DSCO8591 Moutaonaihon 22.3
614
] fa Fret roia  VSrbaC(d)  Tpukanon, KanauGal 1766 dpecka wb 12 sbsh_1, nash nd 1 byztl-or bwf  pr 1a DSCO8S9S Movtgoroihov 24.2

Puc. 11: Dpazmenm noocomosumenvhoco Qaiina 0is 210Ccapust ¢ 1eKCemoll ETovg

[Ipu 3TOM K Ka)JIOH JekceMe JeNaercs COMPOBOAUTEIBHBIA (GOPMYIIbHBIN JHCT (Tadm. 1), cocTaBiieHHBIH
COIVIACHO BH3aHTUHCKOW CHCTEME aKIEHTYAINH JIst ynoOCcTBa aHanu3a opGhorpadMaecKix BapraIyii:

Hay. |mepe | popmyna Po. | dopmyna .. | popmyna v | dopmyna P hopmyna J.n. | dopmyna
¢dop | BOR en.d en. MH.4./ MH.Y. MH. Y.

Ma / B.n.

B.n. MH.4.

el1.4.

€tog |rox | VSsbaCVSC | &teog | VSsbaCVSVSC | &tei | VSsbaCVSt | ém VSsbaCVL | étdv VSsbCVLcirC | éteot | VSsbaCVSCV
£tovg | VSsbaCdC
Tab6mn. 1: ®opMynbHBIN JTUCT WIS £T0C
Jist 00pabOTKH HOBOTO MaTepHalia HCIONB3YeTCs CICNYIONTHIA TTOPSIOK e CTBIN:
CHauasia CcTaBUTCA Ter MO HAa3BAHMUIO 3HAKa, KOTOPBIA wHcmonb3oBaH: a=acute ('), g=gravis (*), cir =
circumflex (7), t=trema ("), rb = rough breathing (“), sb = smooth breathing (’). /Ins onpeneneHus 3Haka B
JaTbHEHIIEM C HCIONB30BAHUEM HEHpPOCETH IS KaXJOro M3 HHUX cOOpaHbl rpadHuecKre BapHaHTHI C
yueToM Bcex maneorpaduueckux ocoOeHHocTed. To ke cAenaHo U Uil CIy4aeB COCIUHEHMs 3HAKOB,
KOTOpbIC TIPOIMHCHIBAIOTCS OT/IEIBHO, HAIpUMEp, rba, sba, ta, tcir u T.0. B ciryuae, ecnu Haj OHOM JIEKCeMOi
MPUCYTCTBYIOT JIBa 3HAKAa HA Pa3HBIX CIIOTaX, TO MPOCTABJIAIOTCS TETH IO YUCIY BXOXKICHHH U, €CIH OHH
OJUHAKOBBIE, TO U1 ONPEACIEHUS UX IOpsAAKa B CIOBE UM IpucBauBaercs Homep orT 1 no 5. Eciu
IUPKyMQIIEKC OKa3bIBaeTCs HaJl O MK €, TO CTABHUTCS JOMOTHUTEIBHBIN Ter ntg. Taxoii ke Ter mobaBnsercs
B CITy4asix, KOTjia IIPH/IbIXaHuEe 3a(UKCHPOBAHO HE Ha TIEPBOI ITIACHOH B CIIOBE, €CJIM TOIBKO 3TO HE TU(TOHL.
Ha BTopoMm 1mare onpenensercss MeCTONoJIOKeHrne 3HaKa. Ecin poBHO HaJ TAacHOM, TO cTaBuTcs Ter nsh (no
shift), eciiu Het, TO Mapkupyercs caBUT Brparo sh r mim BiueBo sh_l. Tlpu cneure mudpa psaom ¢ Terom
MOKA3bIBAET HA CKOJBKO JJIIEMEHTOB CABUHYTO: | — Ha MPEABIAYIIYIO WU IOCIEIYIONIylo OyKBY, 2 — Ha
mpoben ganeine U 3 — Ha OykBy vepe3 onHy. Ecim 3Hak monamaer Mexay OyKBamH, TO J0OaBIisercs Ter b
(=between). B cnyuae, eciii 3HaK ATUHHBIN 1 TTONAJaeT Ha JBe OYKBBI, 3TO MapKupyercs oTaeibHo 1 (=long),
a eCIIu TOYKO#, To p (=point). s oOydeHus] HEHWPOHHOW CETH aBTOMAaTHYCCKOMY OMPEICICHHUIO, HAXOMUTCS
JIM 3HAK HaJ ITIaCHOH WM HeT, cOOpaH U3 pa3MEUEHHOI'0 BPYUHYIO MaTepHaia OTACIBbHBIN KOPIYC IPHIMEPOB
IUTSL KaXKIOH TJIaCHOM M KaXKIOTo THIIA TIIACHBIX, WIUTIOCTPHUPYIOIIHHA, KOr/ia 3HaK POBHO HaJI TJIACHOM, a Korza
HeT. Bee cityuan co ciBuraMu MapKHPYIOTCS TaKoKe TEroM ntg.
Ha cnenytomem srame mpemraraercst Bce ClIoBa MPUBOAUTE B 0a3e K CXEMAaTHYHOMY BHIY, Halpumep, Ui
avéxkevnoBi — sbVCVSaCVSCVLCCVt, tne VS - kpaTkuii TacHsIH (€, 0), VL — monruit macHsli (1), ©), V
— TJIACHBIH, KOTOPBIA MOXKET ObITh M KpaTKuM, U aonruM (o, 1, v), C — cornacHslil. Bce OykBBI 3a1aHBI
CIMCKAMH C BapHaHTaMH MX HalWCaHWs IO MajeorpaduueckuM cxemaMm (TpuMep TakoBbIX, [21]).
Manenpkumu OykBaMH 00O3HaUEHBI aKIIEHTHBIC 3HAKH, 3a()UKCHpPOBaHHBIC MOCIE TOrO 3HAaKa, K KOTOPOMY
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oTHOCsTCs. Ecnu nmpuapixanne oka3plBaeTcs I0 TIIACHOTO, TO TET MUIIETCs 10 AcHOro. Ecinu 3HaK cABUHYT
Y TIonajaeT Mexay OykBaMH, TO B CXeMe IOCJI€ HEro CTaBUTCA Ter b. B ciydae ropu30HTaNbHBIX JUTaTyp
(puc. 12) OykBBI, B HUX BKIIOYCHHBIEC, MUITYTCS B CTpOYHOM BHJIe CV, Ilie TIEpBBINA 3HAK ¢ OONBIION OYKBBI, a
BTOpOW C MaJICHBKOW W B CiIydae BepTUKanbHBIX nmuraryp (puc. 13) C/C, roe mepBoi NUIIETCS BEPXHSA

OykBa. Psn kmaccmueckux aumraryp s IUQTOHTOB, Kak 8 — ov, cpasy 3amuceiBaiorcst B Buze (d). B
GUrypHBIX CKOOKaxX IHUIIYTCSl NMPUHATHIC COKPAINEHHS C HX pacliM(poBKOH, HampuMmep, BMECTO = = OV
{VeCy.

R

bl
Puc. 12 npumep Puc. 13: IIpumep Puc. 14: IIpumep 0na koouposaHus ¢
ZOpMS’OHmClﬂbHOTJ au2amypul BepmukaﬂbHOﬁ Jaueamypol dud)I’HOHZOM u Jluzamypoﬁ

Ecnu B cioBe aBe mocnmemoBaTeNbHBIE DIACHBIE, TO OmpedeseTcs MUGTOHTH OHM Wi HeT. s storo
MPOBEPSICTCSI, SIBISICTCS JIM BTOpPAs IJACHAS L WJIH | M HAlKCaHa Jiu oHa Oe3 Tpembl. B cimydae qudronra mox
yIapeHueM MapKUpyeTcs Ha KaKol 3JeMeHT Ju()TOHTa MagaeT YOapeHHe U CTaBATCS COOTBETCTBYIOIINE TErH
dl u d2. Ecnu ynapeHue okassiBaercss Mexy, To mumercs ter db. UTo mpUBOAUT K KOPPEKTHPOBKE CXEMBI,
€CITM OHA M3HAYaJbHO ObLIa B3fATa HE M3 PYYHOI Pa3METKH, IJ€ 3TH TETH MPOCTABISIOTCS Cpa3y, HAPHMED,
JUTS cJIoBa VAToL (cM. puc. 14) VribCVaC/(VSV) nepexoaut B VibCVaC/(d).

[Mocne anamm3a cocraBa clioBa IO OIMHCAHHBIM BBIIIE CXEMaM OMPENENseTcss KOPPEKTHO JH COIIACHO
rpaMMaTUKE M CIOBAPsIM MECTO YIapeHUs, COOTBETCTBYET JIM CIIOBO CBOEMY aKIICHTHOMY THITY U aKIIEHTHOU
nmapagurme. s ymoOcTBa onpeesieHusl MOXKHO HCIIONB30BaTh MpaBuiia, onvcanueie Tponckum .M. [30,
49-50] u mpencraBieHHBIC Yepe3 BBEICHHBIC BBINIC HMPHHIUIBI KOOUpoBaHMs. Hampumep, s akyra —
okcuToHHI ( ymapenue Ha nocieanem ciore): VCVCVSaC, CVCCVSCVLaC, napokcuToHsl (yaapeHue Ha
npeanociendem ciore): d/VCd/VLaCVLC, VCVSaCd, CVSCVaCVS, npomnapokcuToHbl ( yaapeHue Ha 3
ciore or koHua cnosa): VaCCVLCVSC, CVSaCVSCVSC, CVSCVLaCVCV. ans umpkymdekca —
nepucnoMensl (yaapenne Ha mocnemHeM criore): VCVSCVLcirC, mnponepucnioMeHbl (yaapeHue Ha
npeanocienaeM ciore): VCVLCdcirVSC. mns rpaBuca — CVSCVSg, VCVCVSgC, CVCCVSCVLgC.
JIONONTHUTE BO3MOXKHBIE CXEMBI MOXKHO, UCIIONB3Ysl (haiii, CISTaHHBIA U3 CIOBAPS JPEBHEIPEUCCKOrO S3bIKA
[8] myTeM KOAMPOBKH I10 HAIIEH CHCTEME, TJIe OIMH CTONOEII CIIOBO, pyroi ero koia. [Ipu HeoOXoauMocTy B
TPEeTHi CTONOe MOXXHO HO0AaBUTH MOpororndyeckre mokasarendu 1o kimaccugukaropy. Torma oToT (haitn
MOXXHO OyZeT HCIOIb30BATh KaK IPOBEPOUHBI Ul HASHTU(HUKAIINN BO3HUKIINX B CIIOBE opdorpadudeckux
BapUaHTOB.

Ecnu mocite coBa CTOUT SHKIUTHKA U C HEE MEPEHOCHTCS YAAPEHHUE, TO 3TO MapPKUPYETCsl OTACIEHO TEroM
en IMOCIe BCEX TErOB JTOr0 yAAapeHUs. DTO HEOOXOAMMO, YTOOBI pPasrpaHUYHThH CIIydaw, KOrJa B CIIOBE
MOSIBISIIOCH J1Ba M Oollee yaapeHus Ha 0e3yHapHBIX CJIoTax, Kak ObLIO MPUHSTO B aICKCAHIIPUIICKON CHCTEMe
AKICHTYalUH.

B cnydae Hamuuus TpeMbl MapKHpyeTcsl TeroM fr, eciu ee molIoKeHHEe COOTBETCTBYET e¢ (BDYHKIIUAM, & €CIH
OHO (pOHETHYECKH HEe 00YCIIOBIICHO, TO TEroM nfr.

B ciyyae Hanmuuus TpaAUIMOHHBIX COKPAILCHUH CJIOB M YIApCHUS Ha HUX, CTABUTCS Ter abr.

Jasi mpOCTaHOBKHM TEroB, (UKCHPYIOIIMX THUIBI CHUCTEM AaKIEHTYaIlMH, WCIONb3YIOTCS CICAYIOIIHE
TIPUHIIATIBL:

alex — B cily4asix, KOIJja B MTOrOBOi CXEME I'paBHC OKAa3bIBACTCS HE HA IOCIEAHEM CIIOre Ter gntg Win
coueraHue terop g, ntg, gsh 11. A taxke Quxcupyercs ynapeHue Ha mepBoM ieMenTe audronra d1, wmm
ter sh |, wim cI0BO COmEPKUT HECKOIBKO YAapeHuil u Ter nlac, HO 32 HUM HET YHKIUTUKU U KaK CICICTBUE
Tera en.

byz craButcs, ecnu ecth Teru nsh, d2, tt, tg.

r-0r — €CJIM B Ipade CO CIBUTOM HAXOMUTCS TET, COMEPKAIINN B CBOEM COCTaBE COUETaHuUs sh_r.

l-or — eciu B Tpade co CABUTOM HAXOMUTCSI TET, COJIEPKAIIUI B CBOEM COocTaBe coueTanus sh 1.

l-r-or — ecym B Tpade co CABUTOM HaXOMUTCS TET, COIEPIKAIIUI B CBOEM cocTaBe codetanus sh 1 u sh r.

log — mpu MapKUpOBKE yAapeHUEM COKPAICHUI U Hann4us Tera abr.

4.4 OnuHaKOBBIE TEKCTHI H NX AKIEHTYalusl

I'peueckue HaamucH, 0cOOCHHO, HAa (pecKax 4acTo ComepkaT (PparMeHThl OJUHAKOBOTO TEKCTa. DTO MOTYT
OBITh IUTATHl U3 JIUTYPTHUECKUX TEKCTOB WM (POPMYIBHBIC CIOBOCOYCTAHHS MM (passl. OTACIBHO MpH
pa3MeTKe BBIABIAIOTCS ONMHAKOBBIE TEKCTHI M MX ()ParMeHTHl B PasHBIX PErHOHAaX, IMOCKOIBKY aHAIU3 B
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paMKax BH3aHTUHCKHMX Hajmnuced [py3um mokasal, 4To Aa)Ke B OZHOM PETMOHE OJMHAKOBBIM TEKCT MOMKET
aKIEHTYHPOBAThCs NMO-pa3sHoMy. PaccmoTpum Ha npuMmepe Tpex Haamuceit (puc. 15, 16 u 17) uz I'py3uu [5,6]

Oyaics
HOCTON  OUAMG
C/NACA | 210GEHE

EMMENG | AGREMES
NTECCp | TATGRK

Puc. 15: IT'pyzus X1Vs. Puc. 16: Ipysus XIVe. Puc. 17: Kacmopywa 1432 2.

Bnuskue mo BpeMeHHM TpW BapHaHTa aKICHTYallMHd LUTaThl U3 XepyBUMCKOH mecHH: «Ovdelg d&og tdv
ouvdedepévav taic capkikaicy (d2sbCd2gC VsbaCVVSC CVLcirC CVCCVSCVSCVSaCVLC Cd2cirC
CVCCVCd2cirC) mokas3blBaloT, 4YTO MpH paszHule opdorpaduu Be3[e HCIOIb30BAHBl 3JIEMEHTHI
QJIIEKCAaHJAPUIICKOM CHCTEMBI, HO B pasHbIX MecTax. B Tabmuie ¢ dopMmymamMu Ui KaXIOW HaJITUCH
MOAYEPKHYTHI MECTa, KOTOPBIE MOXXHO HHTEPIIPETHPOBATD, KAK AJEKCAHIPHICKYTO crcTeMy (Tadi. 2):

Ipysus XIVe. I'pyzus X1Ve. Kacmopwvsa 1432 2.

dlrbbCdCg VrbaCVLVSC | dlrb/d2aCd2cirC VrbaCVtVSC d1sbC(d)C VCVVSC

CVScirbC CVLcirC C/VLcirC

C(VLCg)CVSCVS() CVcirtCCVSVS(CC)VSCVLeirC |C()CVSCVSCVSaC/VL(C)
CVSC CV(C() Cd2cirbC V/C(CC)VC(dl)cirC

Tabin. 2: KogupoBka Hagnucel, MUTUPYIOIIUX OJJHHAKOBBIN TEKCT.
BrisBrienne takux GopMyiabHBIX 0003HAYEHUH ISl XapaKTEPHBIX 3JIEMEHTOB PAa3HBIX CHUCTEM aKICHTYalluu
MO3BOJIMT UX B JaJbHEHIIEM BBIIENATh ABTOMaTHYECKH.

4.5 CuHOHHMMS 3HAKOB aKLIEHTYalMU WU NPodjeMa HAIO0KeHUsl 3HAY eHU S

Ilo nmaHHBIM pa3HBIX NaMATHUKOB B IIPOIECCE pPa3METKH ObLIO BBIABIEHO, YTO HEKOTOpBIE 3HAKH
aKIEHTYallUU UCIIOJIb30BAJIUCh B HECKOIBKUX 3HAUEHUAX OJHOBPEMEHHO, HE3aBUCUMO OT BENYILEH CHCTEMBI
akKIeHTyanuu [26]. DToT (GakT Mo3BOISIET HAM T'OBOPUTH MPUMEHUTEIBHO K 3HAKAM aKIEHTYAI[MH O TAaKUX
SIBJICHHUSIX KaK CHHOHUMMS, OMOHUMUS U APYTUX IIPUMEHUMBIX TPaJULUOHHO K JEKCHKE MOHATUIX. B Takux
cllyyastx MpU pa3sMeTKe Teru MPUBOAATCS 4epe3 «/», UTO MOTOM IO3BOIMT YUYHTHIBaTh 00a BapuaHTa U
OIIPEICIUTE CaMbIe YaCTOTHBIEC codeTanusl. Hanpumep, BOMTHHUCTASI IMHUS MOTIIA OBITH IUPKYM(IIEKCOM PHC.
16 BO BTOpOI CTPOKE WM 3HAKOM COKpAIIEHUs, KaK Ha puC. 17 B TpeTbeil cTpoke, a TakxkKe 3HAKOM IepeHoca
(rer hy (=hyphen) [9, 26]), xak Ha Tom e puc. 16 B 4 crpoke. [Ipu 5TOM THOCIETHHA MOXKHO
MHTEPIPETHPOBaTh M KaK NHPKyMQuekc Ha Oe3ygapHOM cJore, 4TO MOXKHO 3aKOAMPOBATh TaK:
CycirtCCVSVS(CC)VSCVLeir/hyC.

[S] BbiBoambl

Ha nanHOM 3Tame mccieqoBaHUS I pa3pabOTKH CHCTEMBI TETMPOBAaHMSA M KOXUPOBAHHSA OBUTH BPYYHYIO
pa3MedeHs! Haanucu u3 Kammamokun, xak rpaddurth, Tak 1 HpeckoBble, HAANNCH U3 [ Py3uH, HaANMCH Ha
Meraie u3 Wranuu, rpadpuru u3 Kuesa, Koncrantunonons, Adun, Kunpa, Kputa, Haanucu Ha ¢gpeckax
n3 Kumpa, CeBepHoit I'penun n pan Hamnmced W3 APyTMX PETMOHOB AN cpaBHEHHWA. B pesymberare ObiTO
BBISIBICHO, YTO HCIIOAb30BAHUE CHUCTEM AaKIEHTYallud B pasHbIX PETHOHAX OOYCIOBIEHO HE TONBKO
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MaTepualioM M TUIIOM HAJIICH, HO TOCIOACTBYIOIINM AuanekTtoM. B Kammagokun Takoi XapaKTepHCTHKON
craja ocobasl TpaAWIMs HCHONB30BAHUS TPEMBI, YAcCThle YJapeHUs HA COKPAILICHUSX, KaK 3JIEMEHT
CMBICTIOBOH CHCTEMBI. AHamu3 MOAOOpKH Hajanwcedl Ha Meraule w3 Mrammm mokasan, 4To B HHX 4acTo
UCIIONB3YeTCsl AIEKCAHIPHUIICKAsl CHCTEMa aKIEHTyallHd W Pa3lNYHbIC BapUaIlMUd COYETaHHHA CHCTEM CO
C/IBUTOM BIPaBO M BJIEBO, KaK B c(h)parucCTUYECKUX MaMATHUKaX. B pane ciydaeB HaOmrogaeTcss ommOoYHbIH
BEIOOp 3HAKa WM MX IyTaHHUIA IO MayeorpapuIeckuM NpHYNHAM, KOITla 3HAK 110 HAUYEPTAHHUIO ITOXOXK Ha
TOYKY, YTO HAMHU Taroke ObLIO 3a(UKCUPOBAHO U HA MaTepHalie neyarei. [ py3suHckre HaamucH, HUTUPYIOIIKe
JUTYPTUUECKUE TEKCTBI, IPEANOYTUTETIBHO HCIONB3YIOT 3ICMEHTHl  AJEKCAHIPHUHUCKOH  CHCTEMBI
akieHtyanuu. Ilpu 3ToM He HaAONIOHAaeTcs CBA3M MEXAYy COXpaHEHHEM NpaBWIBHOW opdorpaduu u
HCIOJNBb30BaHUEM IPABUIIBHOM, C TOYKU 3pEHUS BU3AHTHHUCKONW CHCTEMBbI, aKeHTyauu. OIHaKo, HEKOTOpbIe
YAaCTOTHBIC CJIOBA COXPAHSUIM CBOIO aKICHTYAIIIO HE3aBUCHMO OT APYTHX (PaKTOpOB.

[IpumeHeHne TPEUTOKEHHOTO THITA KOOUPOBAHUS IS OCTAIBHOIO KOPITyCa MO3BOJIUT MPOBEPHUTH, HACKOIBKO
ObITOBaBIIME B pa3HOEe BpEMs BapHAHTHl HAMMCAHUS CJOB OTKJIOHSIOTCS OT OINHCAaHHBIX paHee B
HCCIICIOBAaHMSAX AaKLEHTHBIX MapaaurM. Kak Bmmser Ha 3TH OTKJIIOHEHHS BBIOpAaHHAs aBTOPOM CHCTEMa
aKIIEHTYallil ¥ MOXXHO JIK TOBOPUTH O BIMSHHUU opdorpaduieckux BapHalyii, B IIEIOM, HA M3MEHECHUS B
akueHtyauuu. I[locnenoBarenbHOe KOAWPOBaHHE NAMSITHHUKOB TIO3BOMUT ABTOMATHUYECKU TETHPOBATh
HUCTOYHMKM TI0 CHCTEMaM AakKICHTYallMHM M CO3JaTh CHCTEMY KOPPEKTHPOBKM AaKIEHTYallMH B IIpoIecce
paco3HaBaHUs TAKOTO POIa TEKCTOB.

IIpenmonaraercst B JaJbHEHIIEM HAMUCaTh HAa OCHOBE C(OPMYIHUPOBAHHBIX HPUHLUIIOB TETHMPOBaHHUS
mporpaMMmy, Kotopas ObI OCYyIISCTBIISIa YaCTHYHYIO aBTOMAaTHUYECKYIO Pa3METKy ITOHOOHBIX TEKCTOB.
PesynmeraThl 3TOH pa3MeTKH TOCIE BEpHPUKAINK Takke MOXKHO OyIeT HCIONB30BaTh UL OOyUCHHUs
HEWPOHHBIX CeTeH KIACCH(UKAIMM TEKCTOB II0 HMX CHUCTEMaM AaKIEHTYallud M pPacIpeaeseHUI0 II0
aKIeHTHBIM mapaaurMaM. IlocnenHee mMprMEHHMO HE TONBKO UIS BH3AHTHICKOTO T'PEYECKOro, HO M UL
JOPYTUX S3bIKOB M MUCHbMEHHBIX MaMATHUKOB, COAEPKAIINX aKIEHTHbIE 3HaKU. UT0 ObLJI0O HAMU BBIOOPOUYHO
MIPOBEPECHO Ha MaTepHalie CIABSIHCKUX S3bIKOB, IPEICTaBICHHOr0 B KHUTe J[p160 B.A. [16].
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Abstract

The paper describes the proposed strategy for evaluation controlled text generation with the sentiment as at-
tribute. Our approach mainly consists of automatic sentiment analysis (ruBERT) and topic modelling (BERTopic),
which are applied to a parallel corpus with artificially produced and human-written texts. The model for evaluation
is fine-tuned on the parsed reviews from big Russian movie-related website ruGPT3Large with the sentiment as
prompt. The results of the analysis demonstrate that the proposed methods can offer a more comprehensive un-
derstanding of the advantages and limitations in the context of semantics and sentiment. Additionally, the paper
employs metrics such as BERTscore and self-BLEU to further evaluate the generated text. The proposed method-
ology provides a novel approach for evaluating the quality of generated text and may have implications for future
studies in the field.

Keywords: controlled text generation, strategy for quality measurement, topic modelling, sentiment-analysis,
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Annoramus

B crarbe npejyiaraercst HoBasi crpaTerusl OIEHKN KOHTPOJUPYEMOi MeHepal TeKCTa ¢ TOHAIbHO-
CTBIO B KadecTsBe arpubyra. Ham noaxos Bkiogaer aBroMarndeckuii anaiaus ronansaoctr (ruBERT) n
remaTndeckoe Mozesuposanne (BERTopic). 9Tu nHCTpYMEHTHI IPUMEHSIOTCSI K apaJslleIbHOMY KOp-
IyCy, COCTOSIIEMY U3 Map ‘CreHePUPOBAHHBIN OT3BIB — peasibHbBIN OT3bIB". Mose b ucmoab3yemMast Jiist
onenku — ruGPT3Large, koropasi 6bl1a paHee 1000y4YeHa Ha cOOpaHHBIX ¢ KuMHOMOMCKA OT3BIBAX HA
GUIBMBI ¢ TOHAJBHOCTBIO “BIMUTOI B 3aTpaBKy. Pe3ybTaThl aHamM3a JEMOHCTPUPYIOT, 9TO HCIIOJIb-
30BaHHbIE METO/bI IIPe/JIaraloT 6oJjiee IMOJHOE NOHUMAHKE [IPEUMYIIECTB M OIPDAHUYEHUINl B KOHTEKCTE
CEMaHTHUKH ¥ SMOIMOHAJIBHON OKPACKM SI3BIKOBOM Mozeaun. Kpome TOro, B CTaTbe MPUMEHSIIOTCS Ta-
kue meTpukn, Kak BERTscore u self-BLEU, aj1s1 OIIOTHUTENIBHOM OIEHKN CrEHEPUPOBAHHOIO TEKCTA.
Harma meTomostorust ipejicraBisier HOBBIM MOAXOM I OIEHKN KAaIeCTBa T€HEPUPYEMOTO TEKCTa U MO-
JKET JIaTh OCHOBY JIsl OYJyIIMX HCCJIeoBaHUil B 3Toil obsactu. KiodyeBble cjioBa: KOHTPOIMPyeMast
reHepanus TEKCTa, CTPATErusl OIEHKM KateCTBA, TEMAaTHIeCKOe MOIEJINPOBAHUE, CEHTUMEHT-aHAJIN3,
KUHODEIIEH3WH.

KtoueBsie ciioBa: KOHTPOJIMPYeMasi T€HEPAIUs TEKCTa, CTPATETrHs N3MEPEHUsT Ka4ecTBa, TEMAaTH-
YecKoe MOJIEJIMPOBaHUE, aHAJIU3 TOHAJIBHOCTH, OT3bIBbI HA KUHO
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1 Introduction

In this paper we tackle the problem of controlled generation of text in Russian. Our experiments concern
such a text genre as movie reviews and the attribute we initially control while generating is text sentiment.

To discuss the problem a few challenges, need to be consequently addressed. First of them - how to
evaluate the quality of generation. Despite the exponential growth in the number of pre-trained generative
language models (LMs), the problem of accurate metrics for measuring generated text quality persists.
There are no studies that aim to explore the artificially made texts, although it could potentially reveal
unseen differences and similarities between ‘made-up’ texts and the ‘actual’ ones and it could be used
as a peculiar metric for the evaluation of the semantic quality of generated texts. This is linked to a
certain limitation: to make such research happen one needs a generative model, which is fine-tuned on
downstream tasks, and the dataset of real texts that can be directly compared to the dataset of produced
data.

In our case, we analyse the effectiveness of two unsupervised metrics (BERTscore and Self-BLEU)
and display the results of our experiments when applying Topic Modelling (TM) and Sentiment Analysis
methods to compare sentences in two parallel corpora of movie reviews in Russian having the same
prompts: written by human users and generated by fine-tuned ruGPT3Large model.

We focus on differences between human generated and Al generated texts of a specific genre. In
this context, TM is not only the tool for linguistic research of the overall structure of movie reviews
but it is also a strategy for evaluation how well, comparatively to humans, does the model construct the
narrative. The Sentiment Analysis use is sanctioned by our desire to compare not the correctness of
the label assigned to text by machine, but to verify its adequateness to human subjective expression in
analogous text.

Our hypothesis is formulated as following:

1. More discrepancies we observe between topics having the most important weights in human-written
texts and Al-generated texts, less qualitative is the controlled generation. To assess the degree of defer-
ence in topics we use values of Cosine similarity distance between vectorized representations of topics.

2. The higher is the difference between accuracy values returned by classification when estimating the
sentiment in two parallel corpora, the less qualitative is the controlled generation.

2 Related Papers

One of the main challenges in evaluating the quality of generated text is the lack of accurate metrics.
It is caused by several factors. First, the evaluation is commonly conducted in a reference-free setting
because it is challenging to collect sufficient high-quality references for each input of control variables in
this open-ended text generation task (Dathathri et al., 2020). This led to the situation when the majority of
existing metrics measures the similarity of generated text against human-written references. Such metrics
can be classified into unsupervised, supervised, and human evaluation-based methods, each with its own
limitations and advantages. To overcome the shortcomings of classical single-score BLEU (Papineni
et al., 2002), researchers propose a family of interpretable metrics for the key aspects of diverse tasks
(summarization, style transfer, and dialogue) which either don’t require human references (Deng et al.,
2022) or can model human assessment with rother high accuracy (Sellam et al., 2020).

An interesting approach tested on Russian language data was suggested in (P. A. et al., 2022): within
the RuUATD Shared Task 2022 the authors propose to use binary classification methodology designed
to detect Al-generated texts to filter well-generated texts (with the high number of false positives in
generated texts classified as human written) from bad-generated.

The benchmarking platform to support research on open-domain text generation models Texygen (Zhu
et al., 2018)also provides several groups of metrics: Document Similarity based Metrics, Likelihood-
based Metrics and Divergence based Metrics (in our experiments we use one of them too).

In contrast with the mentioned above metrics, we suggest two metrics, mostly qualitative, but having
a quantitative support, to evaluate the semantic and emotional consistency of human-generated and Al-
generated movie reviews in Russian using TM and Sentiment Analysis methods.
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3 Data and Methodology

The parallel dataset consists of 1200 actual reviews and 1200 generated reviews. The reviews made by
the model were generated according to prompt, which is 5-6 words in the beginning of the actual review
and the corresponding sentiment, which is a controlling attribute for the text generation. The dataset is
normalised in the context of the sentiment: 400 reviews for each (positive, neutral and negative).

Topic modelling is widely applied in exploratory analysis as a tool for extracting hidden semantic
relationships, topics in the set of textual data. Many researchers use this method to analyse not only social
data but also literature in order to find covert patterns (Schoch, 2016; Ordun et al., 2020; Sherstinova et
al., 2022). Needless to say, all this data is human-written: either the author of some book or the dataset
of short-texts from twitter.

In this research such an implementation of topic modelling towards generative language models is
presented. We explore the semantic distance between two sets of movie reviews: one generated by
ruGPT3Large and one with reviews written by the users. This paper employs BERTopic, an unsuper-
vised topic modelling technique (Grootendorst, 2022), to conduct exploratory data analysis on two dis-
tinct datasets of movie reviews. The analysis is conducted in three steps. In the first step, we analyse
a dataset of real reviews, identifying overarching trends and topics in web-reviews on films. In the
second one, we apply BERTopic to a dataset of generated reviews, revealing the typical semantic net of
artificially produced reviews. Finally, we compute a cosine similarity distance between the vectorised
representations of topics.

Aside from semantic validation of generated text, the important goal is to investigate whether the
model creates appropriate texts in terms of controlling attribute, the sentiment. There are no sustainable
metrics for the evaluation of controlled text generation tasks except human assessment. Nevertheless,
the psycholinguistic experiment is time and resource consuming. To address this issue, we propose the
use of automatic sentiment analysis on the parallel corpora, comparing the given sentiment of texts that
have the same prompt and claimed sentiment. For this task the ruBERT! was fine-tuned with the movie
reviews dataset (60k reviews, 20k for each sentiment) for the multilabel classification task. The final
model achieves the accuracy of 95 percent on the test data.

4 ruGPT3Large Fine-Tune

The Russian version of GPT — the ruGPT3Large model? was chosen for the experiment. The architecture
of ruGPT-3 is similar to that of GPT-2: it is a decoder-only transformer-based model, which makes it
perfect for text generation (Radford et al., 2019). The data for fine-tuning was collected on Russian-
language movie-related website. Aside from the text, the sentiment of the review was also parsed in
order to then make a sample less biased. The original dataset consists of 199k reviews (148k positive,
28k neutral and 21k negative) but it stratified for training: 60k total number of reviews, 20k for each
sentiment.

Data was transformed from a csv table to a textual file with prompts for model input. This format uses
line breaks to separate reviews and special characters to mark start (<s>) and end (</s>) of each string.
The structured data looks as follows:

<s>ToHanbHOCTE: [03UTHBHAS, HeliTpanbHas wian HerarusHast|\nTekcr: [TekcT OT3BI-
Ba|< /s>

Translation: <s>Sentiment: [positive, neutral or negative|\nText: [the text of the
review|< /s>

The objective of incorporating reviews with prompt into the model is to facilitate the memorization of
patterns by the ruGPT3. This is achieved by utilising the second segment of the prompt, which serves as
a continuation that the model must generate, namely, the review itself. The data then was split with the
ratio of 0.3/0.7 for test/train.

"https://huggingface.co/Tatyana/rubert-base-cased-sentiment-new
2https://github.com/ai-forever/ru-gpts
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Table 1 showcases the parameters selected for the fine-tuning of ruGPTLarge to accommodate GPU
memory constraints. Opting for the minimal batch size, as the table indicates, enhances the stability of
training at the expense of per-step computation efficiency (Li et al., 2022). The learning rate adheres to
the default setting. These configurations allowed the large model to complete fine-tuning within a time
frame of six and a half hours using the GPU.

Parameter Value

num train epochs 1

per device train batch size | 1

per device eval batch size | 1
block size 1024
learning rate 2.5e-4

Table 1: ruGPT3Large finetuning parameters.

The perplexity of the fine-tuned model, trained on movie reviews, has been measured to be 19.
Table 2 presents the parameter of generation. We choose them in order to make the model generate
more creative’ and less repetitive (temperature, top k, repetition penalty).

Parameter Value
repetition penalty 5.0
top p 0.95
top k 5
temperature 1

no repeat ngram size | 2.0

Table 2: ruGPT3Large generation parameters.

The result is evaluated by two metrics: BERTscore (Zhang et al., 2020) and Self-BLEU (Zhu et al.,
2018).

The first one computes the similarity of two sentences as a sum of cosine similarities between their
tokens’ embeddings. In the context of my research this score shows how different the LM generates the
output compared to the original text with the same prompt. The median BERTscore for the parallel data-
set (original review — generated review) of 1200 equals 69.7 percent. It means that the model generates
similar to the original, however it tends to create its own narratives. At Table 3 we show the example
of our parallel corpora: the text column contains human written texts, and the result column contains
Al-generated texts. As can be seen they both have the same prompts.

The BLEU score, a classical metric for text evaluation, is not suitable for our task. It is designed
for text-to-text tasks like machine translation, measuring translation accuracy. However, our research
focuses on creative text generation, where the output can be diverse. To assess text diversity, we utilize a
t metric called self-BLEU score.

This metric shows how diverse the output of the generated model is: ‘a higher Self-BLEU score
implies less diversity of the document, and more serious mode collapse of the GAN model’ (Zhu et al.,
2018, p. 4). This score is also calculated on the parallel dataset. To evaluate the quality of both types of
texts, we computed the self-BLEU-3 metric for each review, which reflects more structural diversity, and
calculated the mean values across the entire dataset. Our results, presented at Table 4, reveal that while
the metric is slightly better for the neural-generated texts, both the human-written and generated texts
exhibit similar levels of diversity.

This finding is surprising, given the longstanding perception that human-written texts are of higher
quality than their machine-generated counterparts (Hardcastle and Scott, 2008). However, we attribute
the small difference in favour of the generated texts to the parameters used in the generation process,
namely the repetition penalty and the no-repeat n-gram size. These parameters are designed to penalise
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sentiment

Generated reviews

Human reviews

HeliTpasibHast [neutral]

Jluanuo g oxkumas 60Jb-
mero.  PuiapM  ABHO
HEe JIOTSITUTUBAET [0
TOrO YPOBHs, Ha KO-
TOPBIN IpeIneHIyer.
[Personally, I expected
more. The film is clearly
not up to the level it’s
supposed to be.]

JInaao g oxkupaa 60JIb-
mero. PuyibM SBHO He
nopaboTaH, HE XBATAET
IPOJIyMAHHOI'O CMBIC/IA.
[I was expecting more
of the same. The film

is clearly incomplete,
lacking thoughtful
meaning.|

HOJIOKHUTEJIbHAsSL [positive]

Ilepen, mamMm mOBOJIBHO
OecrBeTHasi WU TPEBOXK-
Hasl, HO B TO K& BpeMs
3aXBaTBBIBAIOIIAS UCTO-
pusi O TOM, KaK I'pyIIa
sopeit...[We have before
us a rather colorless
and disturbing, but at
the same time gripping,
story of how a group of

people...]

Ilepes HamMHM JOBOJIBHO
OecrBeTHasT M TPEBOXK-
Hasl, HO TEeM BpPEMEHEeM,
JKUBHEY TBEPXK IAIOIIAs
ucropust...[We are faced
with a rather colorless
and disturbing, but
in the meantime, life-
affirming story... |

orpunaresbHas [negative]

[Ipusnarocn
penuia IOCMOTPETH
n3-3a Tpeisiepa. Own
MEHsI OYEHb BIIEYATIIAII
U s OXKHUJAJIA OT HEro
YEro-T0 HEBEPOATHOIO.
[I admit that I decided
to watch the movie
because of the trailer.
It really impressed me
and I was expecting
something incredible
from it.]

bubM

IIpusnarocy duibM pe-
I8 IIOCMOTPETh W3-
3a Tpeisiepa. Bropas
ommbka Moedi »xuzHM.|I
admit that I decided
to watch the movie
because of the trailer.
The second mistake of
my life.

Table 3: Example of our parallel corpora of texts with the same prompts.

the model for repeating words and sequences, thereby encouraging the model to produce more diverse
texts.

To explore semantic features of generated texts, we suggest the strategy based on Topic Modelling and
Sentiment Analysis methods.

Human-written reviews | Artificial reviews
mean 0.074323 0.032231
max 0.020033 0.011562
min 0.209597 0.127813

Table 4: Self-BLEU metric applied to human-written and neural-generated texts.

5 Controlled Text Generation Evaluation

5.1 Topic Modeling

This study aims to compare the topics extracted from generated by artificial intelligence (Al) texts and
human-written texts using the BERTopic algorithm with multilingual embedding model (Reimers and
Gurevych, 2019). The results, presented in Figures 1 and 2, reveal notable differences in the topics
discussed in these two sets of texts.

The topics showed in Figure 1 reveal the most frequent topics in our dataset of 1200 human-written
movie reviews. Although most topics are not very interpretable, there are several clusters that can be
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analyzed. Reviewers tend to focus their comments on various aspects of the movie’s production, such as
the soundtrack, acting performances, and visual effects.

Topic Word Scores

Topic 0 Topic 1 Topic 2 Topic 3
cesovec [N - I oo D <o
capruva [ oce [ - D <
wacora | woro [ oco- acv |
0 0.0050.010.0150.02 0 0.005 0.01 0 0.01 0.02 0.03 0.04 o o o o o
S 288
Topic 4 Topic 5 Topic 6 Topic 7
cayHaTpex _ novemy _ AesyLwKa puHan _
MYy 3bIKY - 3To _ NepoudKa 3To _
conposoxaerve [N ceoen - Heé neca _
MY 3bIKK - pone - ELCY napuxe -
0 0.02 0.04 0.06 0.08 0 0.005 0.01 0.015 0 0.0050.010.0150.02 0 0.0050.010.0150.02

Figure 1: The most frequent topics in the dataset of human-written movie reviews.

We can also see that people tend to focus on the setting and main characters (Topics 1, 3, 6, and
7). However, the descriptions provided by reviewers are often vague and generalised, lacking details or
named entities that could enhance nuance of their analysis.

On the other hand, the topics identified in Al-generated movie reviews focus on plot elements, action
scenes, and character descriptions (Topic 1, 2 and 5). This suggests that the LM has a better grasp of
narrative elements and character development. Interestingly, one named entity, Hans Zimmer, is present
in the "musical” topic, which could indicate that the LM has prior knowledge of famous people in the
domain.

Topic Word Scores

Topic 0 Topic 1 Topic 2 Topic 3
cnpaemnace _ nenyJmMncs _ 3EMNI0 _ co3garenn _
pons _ nepcoHax _ pazpyleHna _ nonyuMnack _
cuirpana _ yenoeexa _ nnaHery _ 3To _
ponk _ repoi _ npulensLes _ KapTUHa _
csoei [ voropwii | cera [ sanymatscs [N
0 0.01 0.02 0.03 0 0.005 0.01 0.015 0 0.005 0.01 0.015 a 0, O 0, O
00507 “0r5"02
Topic 4 Topic 5 Topic 6 Topic 7
pore [N orvowenvs [  coviomoex x|
OTMETHTH _ HIMK _ uMMMepa cambix _
ocoBeHHo _ pOMaHTHYEeCKHe _ dunemy KuHemarorpaga _
WENonHUN _ 33BA3LIBAKOTCA _ 3kpane pexmccepos -
0 0.02 0.04 0.06 0 0.010.020.030.04 0 0.02 0.04 0.06 0.08 0 0.02 0.04

Figure 2: The most frequent topics in the dataset of Al-written movie reviews.
These findings highlight the strengths and limitations of both human and Al-generated movie reviews.
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While human-written reviews are better at evaluating technical aspects of the movie’s production, Al-
generated reviews excel in capturing plot and character details. Future research could explore ways to
combine the strengths of both types to improve the quality of generated movie reviews.

We are interested in topic modelling not only as an exploratory data analysis tool but also as a metric
for evaluating the similarity between two datasets’ topic distributions. To address it, we compute the Co-
sine similarity between vectorized representations of topics. This metric yields a value ranging from 0 to
1, where 0 denotes minimal similarity and 1 signifies complete identity. For our dataset, the cosine value
is 0.56, indicating that while the topics are largely congruent, they also exhibit certain distinctions. Thus,
we conclude that an ideal cosine similarity range lies between 0.50 and 0.70. Scores within this range
indicate a balanced similarity level. A score of 1 would suggest overfitting, implying entirely identical
token distributions, while a substantially lower score around 0 would suggest underfitting, indicating a
lack of topic congruence and potentially suggesting that the topics are not related to movies.

5.2 Sentiment Analysis

The fine-tuned BERT is used to evaluate controlled attribute quality on a parallel corpus.

The classification achieves 74 percent accuracy on human data and 66 percent on neural data. This
could indicate either inaccurate classification or issues with claimed sentiment. To investigate further, a
confusion matrix is examined.

Figure 3 presents the confusion matrix for human-written review classification, with labels O (neutral),
1 (positive), and 2 (negative) sentiment.

350

300

250

200

True label

150

100

0 1 2
Predicted label

Figure 3: Confusion matrix for the results of human-written reviews classification by sentiment.

Confusion matrix analysis shows high accuracy for negative sentiment (365 out of 400 true negatives)
but challenges in distinguishing positive sentiment. People’s tendency to use less explicit language in
positive reviews creates a subtle and emotionless tone, leading to confusion with neutral sentiment.
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Negative sentiment, requiring stronger conviction, is more clearly expressed.

350

300

250

200

True label

150

100

50

0 1 2
Predicted label

Figure 4: Confusion matrix for the results of Al-written reviews classification by sentiment.

The different distribution of true predicted labels is seen on the Figure 4, which displays confusion
matrix of generated text by Al In this case, the positive sentiment achieves the highest accuracy, while
the neutral sentiment is the least accurate. This disparity provides valuable insights into the performance
of the classifier. While Figure 3 might have suggested that BERT was biased towards neutral sentiment,
the current findings indicate that the problem may be attributed to the nature of the texts themselves.

It is widely accepted that models may struggle to identify neutral sentiment. In this context, it is
notable that our fine-tuned model appears to generate neutral sentiment less accurately than positive and
negative sentiment.

Upon manually analyzing the neutral texts, we discovered a recurring pattern where many of them
ended with the phrase "highly recommend to watch" or included a mention of "10 out of 10" ratings.
This observation suggested that the model has a bias towards generating positive reviews even when the
sentiment should have been neutral.

6 Conclusion

In this study, we have presented results of an approach to the validation of controlled text generation,
which involves the use of popular natural language processing methods as reliable metrics to investigate
the success of LM’s generation. Our experiments showed the potential of Topic modeling and Sentiment
Analysis tools to provide a deeper and more accurate estimation of the semantic consistency of generation
validated on a parallel dataset that includes the controlled attribute, the original human-written text, and
the generated text with the same beginning as in the original review.

Our approach has been implemented using the decoder’s part (ruGPT3) of transformer architecture
as a generative model and the encoder part (ruBERT) as a validation tool. Our findings offer important
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insights into the structure of movie reviews in general.

Funding: This article is an output of a research project “Text as Big Data”: modeling of con-
vergent processes in language and speech by digital methods” implemented as part of the Basic
Research Program at the National Research University Higher School of Economics (HSE Univer-
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B LHCHTPC BHUMAHUA JIMHTBUCTUYCCKOM TUIIOJIOTHHU BCCrga ObLIH MPEUMYHICCTBCHHO I'paMMaTHYCCKUC
CAWHUILIBI A3bIKa, KOTOPBIC COITOCTABJIAIINCH MCIKAY A3bIKAMU ITPEIKAC BCCTO, C OHOpOfI Ha OnrCaTcCJIbHBIC
TpaMMaTHKH. B IMOCJICAHUE JBa ACCATHUIICTHUA C PA3BUTUEM MOJIEBON U KOpHYCHOﬁ JIMHI'BUCTUKH
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AHHOTAN KA

B moxnane npencrasiseTcst HOBBIH pecypc: 6a3a taHHbIX « THITOIOTHYeCcKHii KOHCTPYKTHKOHY. JIaHHEIH pecypc
COZICPKUT MHBEHTAPh KOHCTPYKLMI N30paHHBIX CEMaHTUUESCKHX IOJIEH B psizie SI3bIKOB Pa3IM4HOI apeanbHOH U re-
HETUYECKOH MPUHAIIeKHOCTH. KOHCTPYKIMH pa3MedeHbl 0 Py CEMaHTHYECKUX M MOP(OCHHTAKCHYECKUX Hap-
METPOB U CHAOXKEHBI MOAPOOHBIM OMUCAHUEM U WILTIOCTPHPIOIMMH IPHMEPAMHU.

KnroueBble c10Ba: KOHCTPYKTUKOH, THUIIOJOTHSI, TPAMMaTHKa KOHCTPYKIMH, KADUTHBHBIE KOHCTPYKIIUH
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noA0OHBIC UCCIEOBAHMS CTANN BKIIOYATh B ceOsl MEpBUYHBIE TaHHBIE OIIPOCOB HOCUTEJEH U TEKCTOB.
Takke aKTUBHO pa3BUBAETCS JIEKCHYECKAasl TUIIOJIOTHS], B LIEHTPE BHUMAHHS KOTOPOI HaXOAATCS JICKCH-
YeCKHE 3HaY€HUsI U CIIOCOOBI UX BBIPa3uTh. CyIIecTBYET, OHAKO, OTPOMHBIN IIJIACT €IUHML, Ha3bIBac-
MBIX KOHCTPYKIMSIMH, KOTOPBIE H3yYalOTCA B OTIENBHBIX S3bIKaxX, HO MPAKTHUYECKH HE IOTAaJlaloT B
cdepy unTepecoB TUNoNOroB. [Ipoekt « Tunonornuecknii KOHCTPYKTUKOH» CTaBHUT CBOEH LENbIO MPU-
BHECTH THIIOJOTMYECKYIO MEPCIEKTHBY B M3y4eHHE KOHCTpyKuui. Pa3zpabarpiBacmas Ha marepuaie
Ppsiia S3BIKOB TUTIOJIOTHYECKas 0a3a JaHHBIX MPeICTaBIsieT cO001 aHHOTHPOBAHHBIHN M MILTIOCTPUPOBaH-
HBIH [IpUMEpaMi WHBEHTApb KOHCTPYKIHMA, KOTOPBIH MO3BOISAET H3ydaTb MOP(OIOrHuecKue, CHHTaK-
CHUYECKHE U CEMAHTHYECKUE B3aMMOCBS3H MEKAY KOHCTPYKIMSMH KaK BHYTPH f3bIKa, TAK U B MEKb-
A3BIKOBOM COIIOCTABJICHHU.

2 I'paMmaTHKa KOHCTPYKUUIi

KoHcTpyKInu SBISIOTCS MPEAMETOM H3YUYSHHS OJHOTO U3 BKHEUIINX 1 HanOoJiee aKTUBHO Pa3BUBAIO-
HIMXCS KOTHUTHBHO-(DYHKIIMOHAJBHBIX HAMpPaBICHUH JIMHTBUCTHKH, [paMMaTUKd KOHCTPYKLUH
(Fillmore et al. 1988, Goldberg 1995). Koncrpykiueii B paMkax 3TOrO HalpaBJICHHsI CYUTACTCS S3bIKO-
Bas €IMHMIIA, COCTOSIIIAS U3 OPMBI U COOTBETCTBYIOIIETO eif 3HaueHus. [ paMMaTrKa KOHCTPYKIIUH Kak
MOJIETTh SI3BIKA TIPENICTABISET COO0H CTPYKTYPHUPOBAHHBIN WHBEHTAPh KOHCTPYKIIMH, OXBATHIBAIOIITHI
BCE YPOBHHU $sI3bIKa OT MOPQOJIOTHH 0 AUCKypca. [ paMMaTrika KOHCTPYKIMH CYIIECTBYET B pyciie KO-
THUTUBHO-(YHKIIMOHAJIBHBIX Y3yCHO-OPHEHTHPOBAHHBIX MOJXOI0B K SI3BIKY, I03TOMY aKTUBHO HCIIOJb-
3yeT JaHHBIe KOPITyCOB. BciencTBie CBOETO MPOMEXYTOYHOTO MOJIOKEHUS MEXAY JIEKCHKOM U rpaM-
MaTHKOW KOHCTPYKIIMU JOBOJBHO CKYJHO MPEACTABICHBI B CYIIECTBYIONINX CIOBAPAX W rpaMMaTHue-
ckux onmcaHusx. [loaToMy B mocieqHee BpeMs U OTACIBHBIX SI3BIKOB aKTHBHO pa3pabaTbIBalOTCs
CHelMalIbHbIC JIEKCUKOTpaHuecKre pecypchbl, KOHCTPYKTUKOHBIL, Cp. K TpuMepy Pycckuii KOHCTpYKTH-
xoH (Janda et al. 2018).

3 Tunosiornyeckuii KOHCTPYKTHKOH

Tunonorndecknii KOHCTPYKTHKOH TIPEACTABIIET COO0H TpEke BCEro Hay9IHO-MCCIICTOBATCITHLCKAM
pecypc. OH 3aymMaH Kak MHCTPYMEHT I TUIIOJIOTOB M HCCIIEA0BaTeNeil KOHCTPYKIMMA, TIO3BOMISIOIIN
Ha TipuMepe M30paHHBIX CEMaHTHYECKUX IOJIeH CTPOUTH TUIIOJIOTUYECKHE U TeopeTuieckue 06o0e-
HUSI O CTPYKType U (QYHKIMOHHPOBAHUH SI3bIKA, HA MaTepHaje, KOTOPBIH A0 CHX MOP OTHOCHIICS K Iie-
pudepun Kak JEKCHIECKON, TaK U TPaMMaTHIECKOW CeMaHTHKA. BTopoe ero mpemHasHadeHue — Crpa-
BOYHO-TIEPEBOTHON pecypc A M3y4arolMX WHOCTPaHHbIE S3bIKHU, TaK KaK COAEPKUT MEPEBOHBIE IK-
BUBAJICHTHI KOHCTPYKIMH C MOAPOOHBIM ONHcaHueM U npuMepaMu. OHAKO B OTJIMYHUE OT CYIIECTBYIO-
IIMX MOHOJIMHTBAJIBHBIX KOHCTPYKTUKOHOB €I0 OCHOBHOM 3a7iaueil sIBISICTCS HE MAaKCUMAaJIbHO TIOJIHBIN
OXBarT CYIIECTBYIOIUX KOHCTPYKITHil, a COOp AJAHHBIX 110 OTJEIbHBIM CEMaHTHYECKUM IOJISIM, HanOoJee
HACBIIIIEHHBIM KOHCTPYKIMSAMHU.

Pensimmonnast 6a3a manubix PostgreSQL ycTpoeHa Takum 00pa3oM, 4ToObI 00€CTIEUUTh PEACTaBIIe-
HUE MOP(OIOTHIECKUX U CEMaHTHYECKIUX 0COOCHHOCTEN JaHHBIX. MeXy KOHCTPYKIUSIMH U3 Pa3HBIX
S3BIKOB CBSI3M yCTaHABJIMBAIOTCS BPYUHYIO. MBI MpeamonaraeM, 4ro TIIATENbHAs pa3MeTKa CIOCOOHa
o0ecreunTh OUCK MOXOKUX KOHCTPYKIHH B pa3HbIX si3bIkax. Kpome Toro, Hama pa3MeTka Mo3BOJISET
HCKATh KOHCTPYKIIMH, [IOX0XKHE T10 KaK [0 pa3HOMY KOJINUECTBY IIapaMeTPOB, TaK U 110 Pa3HBIM X KOM-
ounanusaM. Takum 06pazoM, B TPpyIIIe OXOKUX KOHCTPYKIIMI MOTYT OKa3aThCs HE TOJIBKO CHHOHIMMY-
HBIE KOHCTPYKIHMH, HO U KOHCTPYKLHUH YCTPOEHHBIE OJMHAKOBO C TOUKHU 3PEHHsI MOP(HOCHHTAKCHUCA.

Wntepdeiic Tunonornieckoro KOHCTPYKTUKOHA BKITIOYAET BO3MOKHOCTH IIPOCTOTO U PACIINPEHHOTO
MOMCKa KOHCTPYKIHMH, a Takke o0miero 063opa Bcex KOHCTPYKIMI B paMKax 3a/JlaHHOTO CEMaHTHYe-
ckoro mnoJjst. Kpome Toro, caliT cogep kUt 001yt HHPOpMaLKIO O TIPOEKTE, €ro aBTopax, NpeCTaBIeH-
HBIX CEMaHTHUECKUX TOJISAX, @ TAKXKe HHCTPYKLHIO MO TOJIb30BAHUIO PECYPCOM, PEJIEBAaHTHYIO OMOIHO-
rpaduio U CChUIKU Ha APYTHE PECYPChI 10 KOHCTPYKIUSM.

3.1 IpocToii mouck

[Ipocroii mouck mpencraBiseT co00i CTPOKY IMOMCKOBOTO 3aIpOca, B KOTOPYH) MOXXHO BBECTH KOH-
CTPYKIMIO IETUKOM HJIM KITFOYEBOE CJIOBO. B BBIIaue MOKa3bIBACTCS CITMCOK COMEpIKaITuXcs B 0aze
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JIAHHBIX KOHCTPYKIUH, YIOPSIIOYSHHBIX MO0 PEICBAHTHOCTH, a TAKXKE CITUCOK HAUOOJIee PEIeBaHTHBIX
aHAJIOTOB HaWJECHHBIX KOHCTPYKIMH B SA3bIKaX, OTIIMYHBIX OT S3bIKA 3allpoca. | UIMepCChUIKN B CITHCKE
BEIYT Ha CTPAHUIIBI COOTBETCTBYIOIINX KOHCTPYKIIHA C TTOAPOOHOM HH(MOPMAITHEH 0 KX IO, CM. Tajee
pasmen 3.3.

3.2 PacmupeHHBIH MONCK

PacimpeHHbI MOMCK MPeACTaBisieT Ooyee AeTaNbHBIA MOUCK C MPUMEHEHUEM Pa3InYHbIX (UITb-
TPOB, aHAJIOTUYHO TOMY, KaK 3TO YCTPOEHO B KOpITycax (Cp., K IpUMepy, JeKCUKO-TpaMMaTU4YeCcKuii 1mo-
uck B HKPS). AnHOTaIms Kax 101 KOHCTPYKIIUU BKJIFOYACT B Ce0S CICIYIONIUE TaAPaMETPBI.

* 3aMUCh KOHCTPYKIIMHU B rpauKe OpurnHana

* IATUHCKAs TPAHCIUTEPAIUs

* IJIOCCHPOBaHUE

* IKOPHBIC AIEMCHTBI U UX 3HAUCHUS

* HHGOPMAITHS O S3BIKE KOHCTPYKIMH (CEMbS, TPYTITa, SI3bIK)

* CEMaHTHYECKOE MOJIC KOHCTPYKITUH

* CCMaHTHUYECKHI KJIACC M MOJKIACC KOHCTPYKIIUU

* KOPOTKOE OMKMCAHNE 3HAYCHHUS

* IPUMEPEI

*u ap.

3.3  O030p KOHCTPYKUUHU

ITpu BbIOOpE KOHKPETHON KOHCTPYKLMHU U3 CIIMCKA BBIAAYM OTKPBIBAETCS CTPAHUIA CO CIPABOYHOM
uHQoOpMalMed W TOpuUMepaMH K JaHHOW KOHCTpyKIHMH. Habop XapaKTepHUCTHK COOTBETCTBYET
napameTpaM paclIMPEHHOIO MOUCKA.

3.4 O030p ceMAaHTHYECKOIO MOJIst

OT/1e7bHO OT MOKCKA Ha caiiTe TUITOIOrHYeCKOro KOHCTPYKTHKOHA UMeeTcs cTpanuiia “0630p”, co-
JeprKalias JaHHbIe O KOHCTPYKUHMAX B (popMme TaOmuubl. [Ipu OTKPBITUN AaHHOW CTpaHHUIbI TOJIb30Ba-
TEJO TIPeJIJIaraeTcs BHIOpaTh CEMaHTUYECKOE TOJIe, KIIACC M TOAKIIACC, & TAKXKE S3BIKU, CEMBU U TPYTIITHI
C MHTEPECYIINMHI KOHCTPYKIIUSAMH. B BbImade, MOMUMO 33/IaHHOW IMOJIb30BaTesieM MHPOPMAaIU O
SI3BIKE U CEMAHTHKE, NPEJJIaraeTcs CIUCOK PEICBAHTHBIX KOHCTPYKIMI C MEPEBOAOM, INIOCCAMHM, Ba-
JICHTHOCTHOHW paMKoOH 1 HH(OpMaIneil o JepuBaIlliOHHOM HCTOYHHKE SKOPHBIX CiIoB. CTpaHHIia 0030pa
TaKKe JJOCTYITHA 110 THIIEPCCHIIKE C HA3BaHWEM KOHKPETHOTO CEMaHTHIECKOTO oS B paszaene “CemaH-
TUYECKOE MoJIe™ PU ONUCAHUU KOHCTPYKIIUH.

4 KapuTuBHBIC KOHCTPYKIUHM B KOHCTPYKTHKOHE

Pa3bepeM B KauecTBe IIpUMepa CEMAHTUUECKOE I10JI€ KApUTHUBOB M UX IIpeAcTaBieHue B Tunomnoru-
YeCKOM KOHCTpyKTHKOHE. KapuTuB mpeacrasiser co0oi rpaMMaTHiecKoe 3HadYeHUE OTCYTCTBHS B CH-
Tyalny O)XUaeMOro y4acTHHKa, ‘0e3 X’. Mopdonornuecku KapuTuBHasi CEMaHTHKa OOBIYHO BBIpaXa-
€TCsl IIPU TOMOIY CIEeNUANTN3UPOBAHHBIX MIPEJIOTOB/TIOCIIENION0B, Kak Oe3 B PyCCKOM, Sans Bo (paH-
1y3ckoM win ah(huKcoB, Kak -1gS B HOpBexkCKOM, -Ai B XaHThINiCKOM. KapuTnBaM MoCBsIIEH psifl KOH-
KPETHO-S13bIKOBBIX M TUIOJIOTHYECKHX PadoT, cp. (Ockonbekas u np. 2020) u 0030p IuTeparypsl B cTa-
The. [ToMuMO cBOEH rpamMmaTHYecKoil PyHKINU KOJUPOBAHUS [VIaroJIbHON BaJICHTHOCTH Ha OTCYTCTBY-
IOIIEeT0 yYaCTHHKA, KApUTHBHBIE TOKA3aTeNH TAK)KE BXOAAT B COCTaB CEMaHTHUYECKH HEPEryspHBIX
KOHCTPYKLIMH, B KOTOPBIX MCXOHOE KapUTHBHOE 3HAYEHHE B3aUMOJIEHCTBYET CO 3HAUCHUSIMH JPYTUX
KOMIIOHEHTOB, 00pa3ysl HOBOE 3HaueHHE. Takue KOHCTPYKLUH OTHOCATCS K LeJIOMY PSAy ceMaHTH4Ye-
ckux (peiiMoB, B TepMuHOiIoruy Y. @uimopa: JulIeHus, JUIEHHOCTH, YCTYIIKU U U30eraHus, KoTo-
prie OyIyT IPOMILTIOCTPUPOBAHBI Jajice.

B pecypce npencrtaBieHbl Ha JaHHBIH MOMEHT MPEUMYIIECTBEHHO KpyIHBIE sI3bIKM EBpasuu: pyc-
CKH, aHTJIMHUCKUN, HOPBEKCKUH, PPAHITY3CKUH, HCITAHCKUH S3BIKH, TAK)Ke B OMMDKAWIICH TIEPCTICKTHRE
OyayT mo6aBieHBl HEMEUKHM, apaOCKuii, MBPUT M SIMOHCKUH. B TO ke BpeMs, HEMaIOBaXKHBIM ITpe/I-
CTaBIIsieTCsl BKIIIOUEHHE B 0a3y Takke Marepualla MajibiX S3bIKOB, HAXOAALIMXCS MO YyTPO30H UCUE3HO-
BeHMA. B HacTosimuii MOMEHT B 0a3y BKIIIOUEHBI JaHHbIE CEBEPHOXAHTHIMCKOTO s3bIKa, B ONMkaiiiiee
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BpeMsl TUTAHUPYETCS COOp JIaHHBIX MO CEBEPHOCAAMCKOMY SI3bIKY. Marepuan TUIaHupyeTcs B JalbHEH-
IIIeM pacIIupATh Ha JIpyTrHe s3bIKK Kak B EBpasum, Tak u 3a e€ npenenamu. Mcrounukom marepuaia
CITy’KaT IOJIEBbIC MCCIICIOBAHUS aBTOPOB, OHJIANH ONMPOCHUKH Ha Tuiardopme Google FOrms u naHnbie
TEKCTOBBIX KOPITYCOB.

4.1 Kparkuii 0030p KApUTHUBHBIX KOHCTPYKIMii

B cemanTHYeCKOM IOJIe KAPUTHBOB MOKHO BBIIETTUTH MO0 MEHBIIEH Mepe YeThlpe OCHOBHBIX (periMa,
BOKPYT KOTOPBIX COCPEIOTOYCHBI BCTPEUAIOIINECS B O0CYKAAEMBIX S3bIKaX KOHCTPYKLHUH: JHUILCHHE,
JMIICHHOCTD, yCTYIKa U n3deranue. CeMaHTHYECKUH QpEeiiM JIMIEeHUs OTIMCHIBAET TUHAMUYECKYIO CH-
TYaIuIo YTPaThl CYITHOCTH HJIM CBOMCTBA M COCTOMT U3 JIByX YYaCTHUKOB: UCXOAHBIIN 00Magareis yTpa-
YUBaeMOH CYIIHOCTH U yTpadnBaeMoe obmanaemoe. JInenrne MoxKeT BRIpakaThCsl TEPEXOIHBIM IJ1aro-
JIOM, B KOTOPOM 00JIa/1aTellb 3alOJIHACT O3UITHIO CYObEKTa, a 00J1agaeMoe — MPSIMOTo 00bEKTa, Kak X-
nom motepst Y-aCC B pycckoM si3bike (1). ANBTepHATHBHBIN CITOCOO — TPHU TOMOIIN HETIEPEXOIHOM
KOHCTPYKIIMH C TIPEIIOroM, kKak X s’est retrouvé Y Bo paHIry3ckoMm s3bike B (2).

(1)  Ilems nomepan xiouu.

(2) Pierres’  est re-trouve sans argent. DpaHITy3CKHit
Ileep REFL ObITb.PRS REP-HaiiTH.PST.PTCP Oe3 JeHBIH
‘IIeep okazazcs 6e3 meHer.’

CemaHTHUeCKHH QpeiiM JHILEHHOCTH OIMCHIBAET BPEMEHHOE COCTOSIHIE OTCYTCTBHS OKMIAEMOU U
HEOOXOJMMOM CYIIIHOCTH, KaK HOpBE)KCKast KOHCTpykiums X Sitte uten Y B (3).

(3) Det var kjedelig & sitte uten &  gjere noe. HopBesxckuii
9T0 OBITB.PSTCKy4HO INF cumeTh 6e3 INF  memars 4to.INDEF
‘bbuTO CKY4HO cuieTh Oe3 aena.’

CemanTrdeckuii ppeliM YCTYNKH OIHCHIBACT JAEATEIHHOCTD, KakK B (4) M3 UCIAHCKOTO SI3bIKA, WK CY-
IIIECTBOBaHME, KaK B (5) U3 CEBEPHOXAHTHINCKOTO, B OTCYTCTBHE HEKOTOPOW CYIIHOCTH HJIM JTOTIOJIHU-
TENBHOM CUTYaIluu, KOTOPasi OIICHUBACTCS TOBOPSIINM KaK OKUJacMast WM HeoOXOauMasl.

(4) Pedro se las arregla sin electricidad. Hcnanckuii
ITenpo REFL 3PL.O ympaBiATb.NPST 0€3 3ICKTPHIECTBO
‘Ilenpo cripaBisiercs: 6e3 IEKTpUUECTBA.

(5) pet “a-jen atal pa xdtoA odam-ii pak-as. CeBepHOXaHTBIHCKUIA

[1etsa-POSS.2SG HOYB U J€Hb COH-CAR TEPIETh-PST
‘[letst mpoxeprkaics CyTku 6e3 cHa.’

Cemantuveckuil GppeiiM n3deraHus OnrchiBacT JUOO IeTICHANPABICHHOE JOCTHKEHHE OTCYTCTBHUS He-
JKeJTaTeIbHOW C TOYKH 3PECHHSI TOBOPSIIETO CUTYAINH, Kak B aHIITHHCKOM IpumMepe (6), Moo mesTenb-
HOCTh WJIH CYIIECTBOBAHNUE B OTCYTCTBHE JAHHOW CUTYyaIlNH, KaK B pycckoM mpumepe (7).

(6) Peter avoided talking to his father. AHTIHIACKYIA
‘[Tutep m30exkan pasroBopa ¢ OTIOM.’

(7)  Meponpusmue npowno 6e3 IKkcyeccos.

Vke 10 NPUBECHHBIM BBIIIE IPUMEPAaM MOXHO CYIUTH O IIMPOKOM PasHOOOpa3ui KapUTHBHBIX KOH-
CTpYKUUH. B pa3HBIX fA3bIKax MOKHO BCTPETUTH mepexomHble (1, 6) 1 HemepexoaHble KOHCTPYKIHU.
Cpenn HemepexoaHBIX MOKHO BBIICTUTEL aKTHBHBIC (3, 5) u pedurekcuBHbIC (2, 4) KOHCTPYKIIUA, KOH-
CTPYKLUH C KAPUTHUBHBIM IpeanioroM (2, 3, 4, 7) 1 MOpQOIOrHIeCcKUM KapUTUBHBIM IOKa3areneM (5).
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4.2 Bo3MokHBbIEe MPUMEHEHHSI pecypca Ha MpUMepe KApUTHBOB

Tunonornyeckuii KOHCTPYKTHKOH MOXKET OBITh MPUMEHEH IS INUPOKOTO KPyra UCCIeq0BaTeIbCKUX
BONpocoB. [IpuBeneM s mprMepa HEKOTOPBIE U3 HUX IMPUMEHHUTEIBHO K PACCMOTPEHHBIM BBIIIE Ka-
PUTHUBHBIM KOHCTPYKITUSIM:

Mopdosornyeckas CTpyKTypa KApUTHBHBIX KOHCTPYKIHIA. Pecypc conepxur nadopmanuto, u3
KaKUX KOMIIOHEHTOB (SIKOPHBIX CJIOB, CJIOTOB) COCTOUT KOHCTPYKIIMS M KaKOW KOMIIOHEHT SIBISETCS OC-
HOBHBIM, OTBEYAIOIINM 332 COOTBETCTBYIOIIYIO CEMaHTHYECKY O (QyHKIUIO. Tak, Hanpumep, B IpecTaB-
JICHHBIX SI3BIKaX CEMaHTHKA JIMIIEHUS MOXKET BBIPa)KaThCsl KaK JIEKCMUYECKH B COCTaBE 3HAYESHMSI TVIarona,
TaK 1 MOP(OJIIOTHYECKH, IPU MOMOILM CHENHANbHOTO MOKa3aTelis, KOTOPBIi, B CBOIO OYepeb, MOXKET
OBITH KaK ad(HUKCOM, TaK M, HATPUMED, TTPEIITIOTOM.

IlepexoqHoCcTH U apryMeHTHasi CTPYKTYpa KOHCTpyKuMii. KOHCTpyKIus MOXeT OBITh TOCTPOEHA
0 TIEPEXOHOH (nomepsimyb M €ro aHAJIOTH) KBa3UIEPEXOJHOH (1utiumsbcs U ero aHaJor) WK Herepe-
XOOHOH Mozenu. B coOTBETCTBMM € 3TMM MOXKHO CPaBHUBATh MEXIY COOON CpeAcTBa KOXMUPOBAHUS
YY4aCTHUKOB KOHCTPYKIUH (MTaAEKH, IPEIJIOTH).

IosmmcemMust KOHCTPYKIMIA. Pecypc M0O3BOJISIET BBISICHUTS, SIBISETCS JIM KOHCTPYKLMS MOHOCEMUY-
HOW WITM TTOJTUCEMUYHON M Kakoi HaOop (pyHKIMI BhIpakaeTcss KOHCTPYKIHA. Takke MOXHO YCTaHO-
BUTb, HACKOJIBKO PABHOMEPHO paclpeneicHbl QYHKIUM MEXAY KOHCTPYKLMSMH, CYLIECTBYIOT JIU B
A3bIKE JOMMHAHTHBIE WJIN, HAITPOTHB, CIIEI[HAIN3UPOBAHHBIE KOHCTPYKIIUH.

Komno3nunoHaabHOCTh KOHCTPYKIMiA. [IpenmeTom cpaBHeHHs B THIOIOrMYECKOM KOHCTPYKTH-
KOHE MOXET OBbITh U TO, HACKOJIBKO CEMaHTHUYECKH MPO3PaYHO SBISCTCS KOHCTPYKLHS 110 CBOEMY CO-
CTaBYy.

JlepuBanMOHHBIE HCTOYHUKN KOHCTpYKIMii. KapuTHBHBIE KOHCTPYKIIMH YacTO MOCTPOEHBI Ha OC-
HOBE JI€CEMaHTH3UPOBAaHHBIX BCIIOMOTATENbHBIX [1aronoB. Tak, Hampumep, oOXoauThCs U arreglarse.
Comnocrapmsis MeXry COOOH IeprBallMOHHBIE HCTOYHUKH KOHCTPYKITHH O SI3BIKaM, MOYKHO YCTaHOBUTH,
U3 KaKHX 110 CEeMaHTUKE eIUHHI] Yallle BCETo WM Peke BCEro pa3BUBAIOTCS KAPUTUBHBIE KOHCTPYKIIUH.

I'eneTnyeckne u apeajbHble 0cO0eHHOCTH. Kak yCTpOEHBI KOHCTPYKIIMU C TOYKH 3PEHUS CTPYK-
TYPBI U CEMAaHTUKH B OJIN3KOPOACTBEHHBIX U reorpaguuecky OJU3KuX s3bIKax? MOXKHO JIM IPOCIEANTh
KaKHe-TO TEeHETHUECKH WIIM apealibHO 00YyCIIOBIEHHbBIE 3aKOHOMEPHOCTH?

5 3akiaouenue

baza ganspix “Tunonornueckuii KOHCTPYKTHUKOH MPeCTaBIsgeT cOO0H OTHOBPEMEHHO CIIPaBOYHBIN
pecypc 1o KOHCTPYKLHSAM UX MEXBSI3bIKOBBIM COOTBETCTBHSIM M MEPBBIN LIar B HAIIPaBICHUH TUIIOJIO-
THYECKOTO M3YYCHHUS HA JAHHBIM MOMEHT MaJOM3yYCHHBIX MHOTOCIIOBHBIX JIEKCHKO-TPAaMMAaTHYECKHX
enunul. [lonpoOHOE U3yueHHe U KaTaloTru3alys CTOJIb Pa3HOCTOPOHHEIO0 Marepualia NOZOOHBIX eau-
HUII SIBJISIETCS IEPCIIEKTUBHBIM HaIlpaBlIeHHEeM OyIyINX UCCIIeTOBaHHM.

baarogapaocTu

CraTbs MOJTOTOBNIEHA TI0 pe3yibraTtaM MpoekTa « THmoJornuyeckuii KOHCTPYKTUKOH» MPH MOJIEPIKKE
¢donna «'ymanutapusie ucciepoBanus» ®I'H HUY «Beicias mkomna skoHOMEKI» B 2022- 2024 Toxy.
Agtoper OnmaromapsT E. B. Paxunmny, B. A. XKyxkoBy, A. b. Jlerydero, T.B. CumonoBy, A. Poxaca,
. J1. Mopnamosy u I1. A. BerakoBy 3a moapoOHOe 00CykIeHne MaTepraja 1 KOHIIEIITHN pecypca.
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MockoBckuit (pU3NKO-TEXHUIECKUI UHCTUTYT

Annoramusa

B 3aavue-oprueHTHPOBAHHBIX HAJIOIOBLIX CHCTEMAaX JUAJIOT IUIAHUPYETCS TAKUM 00pa3oM, ITOOBI
BBITIOJIHATD [EJIU TI0JIb30BaTeNs (HANpUMeEp, 3aKa3aTh MUY ). B cucreMax OTKPBITOroO I0MEHA HET Ta-
KHX SIBHBIX 3a71a4. TeM He MeHee, B [uajorax ¢ CHCTEMaMH OTKPBITOIO JOMEHA JIIOIU TAK2Ke IIPECTIeLYI0T
mesin, HO Oojiee abCTpaKTHBIE U, CJIEOBATEIBHO, CI0KHee popMansyeMble. B manHoit pabore ommcan
rporecc pa3paboTKM JBYX I[€JI€OPHEHTHPOBAHHBIX IIPOTOTHUIIOB JUAJOTOBONW CHCTEMBI OTKPBITOTO JI0-
MeHa. IlepBbIit poTOTHII BKIIIOUAET B CeOsl IPONUCAHHDIE CIIEHAPHbIE HABLIKHU JJIsT CEMHU TEMaTUIECKUX
(HU3KOYPOBHEBBIX) LleJIell U CEePBUC sl OTCJIEKUBAHUsL 11eJIefl, KOTOPBIN OIpeJeJIsleT 3TU IeIA U OT-
CJIEXKUBAET IIPOIECC UX JAOCTUKeHu:A. JIpyroit mpororum coderaeT B cebe IPONMCAHHBIE BHICKA3bIBAHUS
U TEeHEpaIMIo OTBETOB ¢ HcnoJib3oBaHueM mozenu DialoGPT st geThipex oOumx (BBICOKOYPOBHEBBIX
nestedi). PesysbraTel mokaszam, 9To BHEAPEHNE KOHIENIUY TIe/Iel MOBBIIAET KAIeCTBO PabOThl JMaJIo-
roBoii cucrembl. KadecTBeHHBIN aHAIN3 PA3rOBOPOB C IIPOTOTHUIIOM Ilejieil BBICOKOI'O YPOBHS JIEMOHCTPH-
pyeT ciydau, KOrJa Jar-00T, OpUEHTHPOBAHHBII Ha JTOCTHKEHHUE IieJIeil, IPEBOCXOAUT OPUTMHAJILHEIH.

KiroueBsie ciioBa: 11e71€0OpUEHTHPOBAHHBIE TMAJIOTOBbIE CUCTEMBI, JTUAJIOI OTKPBITOI'O JIOMEHa, Jua-
JIOTOBBIE UTDHI, I[eJIH, HefipoceTeBasi FeHepalysl OTBETOB

“These authors contributed equally to this work
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1 Introduction

Building dialog systems is a complex task that has attracted considerable attention from many technology
companies and universities over the last 70 years, starting with Eliza in 1966 (Weizenbaum, 1966). Some
significant advances in the dialog systems have been recently made by the academic teams participating
in Amazon Alexa Prize Socialbot Grand Challenge (Ram et al., 2018). One of these teams open-sourced
their Socialbot DREAM (Kuratov et al., 2020; Baymurzina et al., 2021) and created a DeepPavlov Dream
platform” for building multiskill AI assistants, dialog systems, and chatbots.

The important aspect of Dream and many other dialog systems is that they manage the dialog tac-
tically on step-by-step basis. In Dream, the system receives user utterance and either uses the current
scenario-driven skill to continue the conversation or picks other skills to generate the response. Once
these responses are obtained from the chosen skills, the system ranks them to pick the best one.

The key learning is that while there is a preference for multi-turn scenario-driven skills, the selection of
the next step is at best guided by the internal logic of such skills and at worst made based on hard-coded
response selection rules. This approach tends to favor individual skills in addressing individual user
goals like discussing movies or books. However, this information is not used on the response selection
step, making it impossible to recognize user goals and track their completion at the dialog level. While
in task-oriented dialog systems goal tracking is a relatively simple mechanism due to the nature of the
perceived goal (e.g., ordering a pizza or calling a taxi), in open-domain systems user goals tend to be
more abstract. Therefore, to enable a quality conversation, the bot should be able to detect these more
abstract goals and plan the dialog accordingly.

To tackle the issues mentioned above, we equip an open-source open domain dialog system with goal-
awareness. In this article we present two versions of goal-aware dialog agent prototypes: one working
with Low-Level Goals and the other working with High-Level Goals. This work aims to contribute to
the development of dialog management that would take user goals into account and, consequently, make
the dialog system more user-friendly.

2 Related Work

To make the bot work with abstract user goals we decided to use Dialogue Games theory proposed
in (Mann, 1988) and Goals-Plans-Actions theory developed in (Dillard et al., 2008) as a foundation.

In Dialogue Games theory communication is represented as a goal pursuit activity. Despite the fact
that speakers can form their goals differently, there are some conventions of the goal use. Thus, there
are a number of conventional combinations of goals that are regularly used in communication. And
Dialogue Games are abstract schematic descriptions of these conventions. In Dialogue Games theory
there are two participants: Initiator (I) and Responder (R), or just A and B. Formally, Dialogue Game
consists of (1) illocutionary point (IP): a goal from the Initiator’s point of view; (2) goals-of-R (GR):
a set of goals; (3) conventional conditions (CC): a set of state descriptions from the Initiator’s point of
view, the state here is a view of the world from the speaker’s point of view.

The theory of Dialogue Games partially uses the concept of speech acts (or dialog acts). The concept
of speech acts was first suggested in (Wittgenstein, 1953), then developed in (Austin, 1962) and rein-
terpreted in (Searle, 1969). Speech acts are actions that a speaker performs at every dialog turn. For
example, when we thank someone, we perform the “acknowledgment” speech act, because by saying
“thank you” we express our attitude towards our interlocutor concerning their action. The key difference
between speech acts and Dialogue Games is that speech acts are unilateral, and Dialogue Games are
inherently bilateral, that is, a Dialogue Game must include turns of both participants of conversation
and consists of the speech acts. Every Dialogue Game starts with the Initiator performing a speech act
called a bid of a game. Bidding a game is (1) a consent to pursue the illocutionary point; (2) a request
to R to pursue the goals-of-R; (3) an offer to accept the conventional conditions for the duration of the
game. Dialogue Game ends with a bidding termination of a game speech act. This act can be expressed
both explicitly and implicitly. To accept bid of a game and bidding termination of a game, an act of

“https://deeppavlov.ai/dream
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acceptance of a bid is used. Finally, there is a speech act of refusal of a bid. It can be used both after
bid of a game and bidding termination of a game, and is sometimes expressed implicitly, for example,
by ignoring the previous act and continuing to pursue previous (in case of bid of a game) or current (in
case of bidding termination of a game) goal. An accepted bid of a game is called a successful bid and a
refused bid is an unsuccessful bid.

Since goals are an abstract concept, there is no single generally accepted definition of a goal.
In (Dillard et al., 2008), the authors discuss the Goals-Plans-Action (GPA) theory, according to which
message production is a three-step sequence that includes: (1) “goal” — what people are trying to do,
(2) “plans” — representations of messages that are intended to achieve goals and (3) “actions” — mes-
sages that people use to achieve a goal. The goals in this theory are divided into primary and secondary.
Primary goals (also called influence goals) initiate the message production process and define the actions
of the interlocutors. Knowing the primary goals of each other enables the interlocutors to understand
what the interaction is about. An example of a primary goal is share activity, promoting joint activities
between speaker and interlocutor. Thus, “Let’s spend some time together. How about going to the new
restaurant?” is an example of an utterance that promotes share activity primary goal. The second type of
goals is secondary goals, more abstract goals that restrict the choice of possible strategies people follow
while pursuing primary goals. These goals are regarded only when the primary goal has already been
identified and its pursuit is being planned.

In this work we partially rely on the definition of goals in the framework of Goals-Plans-Action theory.
However, it definitely needs to be adapted to human-machine conversations, and our approach to that is
discussed in the sections to follow.

3 Methodology
3.1 Low-Level Goals

In this subsection we describe how we built the first goal-aware prototype using Dialogue Games and
Goals-Plans-Action theory.

3.1.1 Goals Detection

In this version of goal-aware dialog system the following goals are considered:

* share_personal_problems: user wants to discuss their problems with a bot;

* get_book_recommendation: user wants a bot to recommend them a book;

* get_series_recommendation: user wants a bot to recommend them a series;

* get_book_information: user wants to know some information about a specific book;

* test_bot: user wants to test how does a bot deals with provocative user responses;

* get_travel_recommendation: user wants a bot to recommend them a place to travel;

e have_fun: user wants to be entertained.

To some extent, the above goals fit the definition of primary goals suggested in (Dillard et al., 2008),
since, for example, the goal get_book_recommendation is covered by Dillard’s gain_assistance
goal, which stands for obtaining material or non-material resources. But since goals in this work are
more specific, we will call them Low-Level Goals.

The Low-Level Goals in our approach resemble what is commonly known as user intents in dialog
systems. However, there are key distinctions between user intents and Low-Level Goals. Firstly, user in-
tents typically refer to intentions for a single conversation turn. Secondly, user intents are predominantly
used in task-oriented dialog systems. In contrast, our approach aims to incorporate user goals across
extended sequences of turns, and these goals can be less focused on specific tasks (e.g., sharing personal
problems).

To describe the status of the goal pursuit, we modified four speech acts suggested in the Dialogue
Games theory: a bid of a game, a bidding termination of a game, acceptance of a bid, and a refusal
of a bid. The modification is needed in order to make statuses more distinctive so that we could dis-
tinguish between cases when a user accepts a game and accepts a termination of a game, refuses to
accept a game and refuses to terminate a game, also we need to have a flag for turns that happen
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between acceptance of a bid and a bidding termination of a game. Therefore, this work considers
seven goal statuses: GOAL_DETECTED; GOAL_IN_PROGRESS; GOAL_ACHIEVED; GOAL_NOT_ACHIEVED;
GOAL_IGNORED; GOAL_OFFERED; GOAL_REJECTED.

In order to detect goals listed above, we developed the Human Goals Detector. This is an annotator
that takes user utterance as an input, detects goals using a lists of patterns and adds them to a dialog state.

3.1.2 Dialog Skills

For each low-level goal in this work we created a dialog skill using an open-source Dialog Flow Frame-
work” (DFF) designed by DeepPavlov (Burtsev et al., 2018). These scenarios can be called Dialogue
Games since they are conceptually similar to the idea of Dialogue Games proposed in (Mann, 1988):
each skill scenario implies the existence of a specific goal that has an Initiator; the goal can be either
accepted or rejected by the Responder; and the scenario can be terminated. An example of a Dialogue
Game can be seen in Figure 1. Overall, we developed seven skills (one skill for each goal). Each skill
contains from one to five Dialogue Games, the choice of which depends on the formulation of the user
request.

Detection condition
1. User mentions book or genre
3 which they like
For example., 1) My fav book is We
2) I love dystopian novels

| mentions
book

/

BOT
not_fan So you're a fan of dystopian is_fan | mentions
novels, aren't you? genre

other goal
BOT
What dystopian novels have
you read?

Custom function that recommends a
book which wasn't mentioned (takes
genre into account)

¥4

Figure 1: Dialogue Game for goal of getting a book recommendation.

Certainly, manually implementing dialog scenarios may not be the most efficient approach in terms of
human resources. However, it is important to note that this prototype’s goal is not primarily to contribute
to scenario development. Instead, its main focus lies in demonstrating the concept of goal-aware dialog
management.

3.1.3 Goal Tracker

Goal Tracker operates with the goals statuses listed in Section 3.1.1. It records goals history to the
Dialogue State and updates it after every user utterance. It monitors what goals were detected, what
goals are in progress of completion, achieved, not achieved, ignored, or rejected by the user. With its
help the bot understands what skill is the best to choose to achieve the user goals.

“https://github.com/deeppavlov/dialog_flow_framework
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3.1.4 Dialog Management

Skill Selector was changed so that it chooses the appropriate skills considering goals state. Therefore, if
any goal was detected, Skill Selector chooses the skill developed for this goal unless this goal becomes
achieved (GOAL_ACHIEVED) or some new goal is detected. Figure 2 shows how the dialog system’s
architecture was changed to work with low-level goals.

[ annotator for goals detection ]

[ GoalTracker 1

X - .
Class GoalTracker [ New dialogue skills

Stores all the information about = = \
detection and completing of goals; [Mmﬁﬁ@d dialogue management |
Maps goals with dialogue skills ‘

N Y
ANNOTATORS ‘ SKILL SELECTOR SKILLS

\
|

RESPONSE | |

SELECTOR

Develop Skills for
different goals.

> 1. human_goals_detector -> goal f .| if goal is detected:
One goal -> one dialog game | |

2. update_goals_state tracker.mapping|goal]
) else:

g U

as usual

CANDIDATE ANNOTATORS!
RESPONSE ANNOTATORS |

rcadT :Vywne rcadT madTA write }rcadT | write readT read

DIALOGUE STATE

—»
—|

write

Figure 2: Architecture of goal-aware dialog system for low-level goals.

3.1.5 Evaluation

To evaluate the result of this work, two bots — the original English open-source open-domain dialog
system and the goal-aware prototype were deployed in Telegram Messenger”. Two groups of five people
were asked to chat with one of the bots and to perform seven goals-related tasks (e.g., complain to the
bot about the day or some problems, ask the bot for a book recommendation, etc.).

The collected dialogs were then sampled. For the goal-aware bot each sample contains the bot response
that was provided by one of the goal-designed skill and the past context limited to three turns. Hence,
we iterate through all bot utterances in goal-related scenario and evaluate each one of them. Then we
manually sampled those parts of dialogs where the bot were expected to detect provided in this work
goals, but could not do it for some reason. To sample the dialogs with the original bot, we created a list
of skills that were expected to cover the created list of goals. The amount of the goal-aware-bot samples
is 108, and the amount of the original-bot samples is 66. Such considerable difference is explained
by the fact that the original bot could not maintain the goals-related discussions for more than 1-2 turns.
Collected dialog samples were then evaluated by assessors via Toloka, an example of the task is presented
in Figure 3.

Each dialog sample was annotated by five assessors. To evaluate the reliability of agreement between
the assessors, the Fleiss’ kappa was used. Fleiss’ kappa is an extension of Scott’s pi for two coders (not
Cohen’s kappa). Fleiss’ kappa can have any number of annotators, where every item is not necessarily
annotated by each annotator. The value of Fleiss’ kappa on resulting annotation is 0.4998; this value
stands for moderate agreement. The result of annotation is shown in Figure 4. Results show notable
difference between two versions.

Thus, even though a lot of responses of the goal-aware bot were evaluated as not corresponding to the
user goals, most of them were still evaluated positively. Most of the the original bot’s responses were
evaluated as bad, as in most cases the bot ignored the user requests and proactively led the dialog. The

“https://telegram.org
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The dialogue context:

USER: recommend me some place to go
BOT: Have you been to China?

USER: no

57

(=)
[an)

45

Response:

BOT: Then | highly recommend it to you! You should go to Beijing
and see The Palace Museum and the Forbidden City. It's China's
most significant attraction and can trace its origins back to the
Yuan Dynasty of the 13th century. In Beijing, there is a
continental climate, with cold, sunny winters and hot, sultry, and
rainy summers. The best times to visit Beijing are from March to
May and from September to October.

41

W
o

#samples

18

[\~
o

Does the BOT's response contribute to satisfying the USER's goal? 0

T T
Ll Response contribute to satisfying the USER's goal.
Il eseo e - ok bad

2 Response does NOT contribute to satisfying the USER's goal.

[0 goal-aware [l D original

Figure 3: Example of Toloka evaluation task Figure 4: Distribution of responses that were an-

with goal-aware bot dialog sample. notated as contributing to achieving the user goal
(ok) and as not contributing (bad) for goal-aware
and original versiona of the bot

collected data enables us to resolve the existing issues and thereby significantly improve the goal-aware
bot.

3.2 High-Level Goals

The first goal-aware prototype that works with Low-Level goals using template-based scenario-driven
approach has demonstrated that introducing the concept of goals into a chatbot enhances its performance.
However, the prototype that we built has significant disadvantages. It is restricted to a list of Low-Level
goals that has to be manually crafted by a system developer, and each of the goals is addressed with an
entirely pre-written dialog scenario covering different branches of the dialog with template responses.
This part of research is a natural continuation of the first one. Here, we generalize the proposed goal-
aware approach by moving on to the concept of abstract High-Level goals. We call them High-Level to
differentiate between concrete, object-oriented definition of a goal from the previous prototype, i.e. “ask
about x”, and the general ones, i.e. “ask about”. In this subsection, we describe how we built the second
goal-aware prototype with the use of flexible scenarios featuring large language models (LLMs) for text
generation.

3.2.1 Generation-based approach

The previously described prototype featured seven goals, with a scripted scenario, or a Dialogue Game,
corresponding to each. The second prototype uses the notion of Dialogue Games and a scenario-based
approach as well. However, instead of a fully pre-written script of a dialog, we combine pre-written re-
sponses with LLM:s for partial or full response generation to ensure variability and enable the Socialbot to
cover a wider variety of topics in the framework of each goal. For that, we use DialoGPT-large” (Zhang
et al., 2019), an open-source model of GPT-2-based architecture trained specifically for response gener-
ation on a dataset of 147M dialog instances extracted from Reddit discussion chains.

3.2.2 Selected goals

We aimed to create a list of High-Level goals to cover scenarios that are generalised, but still specific
enough to be detected using automated methods and pursued in human-computer interaction. For that,
we turned to the Goals-Plans-Action theory (Dillard et al., 2008) as theoretical background and DuRec-
Dial 2.0 (Liu et al., 2021) as an example of a practical use-case of the goal concept in goal-oriented

“https://huggingface.co/microsoft/DialoGPT-large
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dialogs. Based on the goals present in DuRecDial, we selected four most general goal scenarios, each
being a primary goal in the framework of Goals-Plans-Action theory. Here is the list of goals with a
shortened description of the corresponding Dialogue Game:

» greeting: the Dialogue Game is always entered in the beginning of the dialog, unless the user
requests something else. The system greets the user, saying its name and capabilities, prompts
the user to mention some entity using pre-written questions, discusses it for up to 3 turns using a
generative model, and asks the user to share their name. Then, based on the user reaction, it either
greets the user by the name or apologizes for being intrusive;

* give_recommendation: the Dialogue Game is entered if the user requests a recommendation
(entities from the request are saved to dialog state). The system asks the user for specific recom-
mendation details (the details are saved to dialog state) and provides a recommendation based on
them. Then, it asks if the user wants another recommendation. If yes, it generates another recom-
mendation using requested entities and details in addition to the context;

* chat_about: the Dialogue Game is entered if when the user selects a topic for discussion or the
system suggests one. The system proceeds to discuss the main topic entity for two turns at most
(the entity is preserved and provided to the generative model together with the context on each turn),
then it suggests a subtopic (based on extracted WordNet (Miller et al., 1990) hyponyms for the main
topic) for discussion, providing definitions when necessary;

* ask_about: the Dialogue Game is entered if the user is passive. The system requests the user’s
permission to ask a question. If granted, it proceeds with a pre-selected question about the chosen
topic and the enters the chat_about Dialogue Game to discuss it. If the user disapproves, the
system apologizes. In any case, the flow is concluded by one turn of open generation.

An example of a Dialogue Game scenario for a High-Level goal can be seen in Figure 8 of Appendix A.

3.2.3 The integral system

In this prototype, we have also taken into account scenarios where the user may not initiate the dialog,
making it challenging for the system to detect the user’s goals. In such cases, the system proactively
suggests its own goals to move the conversation forward. The system handles user pro-activity and user
passiveness in different ways:

 Passive User: This scenario is designed for users who follow the system’s lead. The conversation
begins with the greeting flow, proceeds to the chat about Dialogue Game, and then moves to the ask
about flow. The system suggests topics and questions to engage the user. The chat about and ask
about loop repeats until there are no more pre-written questions.

* Active User: This scenario involves users who make their own requests, freely transitioning between
dialog flows. On request, they can also access the give recommendation flow. Global transitions
based on regular expressions enable the system to enter specific Dialogue Games if the user ex-
presses a desire for it, irrespective of the current dialog state.

Additionally, we tailored the response selection process, creating custom functions to penalise or
award each of the three DialoGPT-generated hypotheses, eliminating responses that (1) contained
dataset-specific slang words (as DialoGPT was trained on Reddit corpus); (2) contained fake “personal”
information about the bot; (3) contained a question, as we only wanted the system to ask pre-written
questions; (4) were too short.

3.2.4 Analysis

As we have already proven the effectiveness of the goal-aware approach in Section 3.1.5, here we present
a qualitative analysis of some conversations with the second goal-aware prototype. In order to demon-
strate the difference between the original DialoGPT model and the custom goal-aware DialoGPT-based
dialog system, we also tested a simple chatbot using only response generation by DialoGPT. In both
cases, DialoGPT-large is used, and the parameters are set to identical values. The chatbots were de-
ployed using Telegram bot API” and tested by three people using Telegram interface.

“https://core.telegram.org/bots/api
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In case of our custom goal-aware prototype (see Figure 5), the bot quickly becomes proactive, asking
the user for their name and then proceeding to offer a hyponym-based subtopic and providing a definition
when the user asks for it. In the case of base DialoGPT model (see Figure 6), the bot is mostly passive
during the entire discussion.

| guess i can't argue with that. “ birds
love you too. A little more than humans
do! Well... Why don't we discuss
buntings?

Oh, I've seen such a nice kitten on
YouTube today. What is your favourite
animal?

| just adore birds ;4.4 What is a bunting? 14510

N !
You're welcome. | love them too! Let me look it up... The thesaurus tells

me that it is any of numerous seed-
eating songbirds of Europe or North
America

What is your favourite birdie? 1440

A cockatoo. They are the best! And it's a =
close second to my parrot, which i like as

Never heard of it. Must be a nice birdie

well. 1451
o A It's the best kind. It makes you look like
an expert at something! S i'm joking, but
Haha, | have a parrot too. They are that sounds interesting to me too.
amazing 4149

~F

| love birds. Birds fascinate me so much,

the little things they do makes them like
dogs to us humans and cats alike! Oh, | 4520
still don't your name! What should | call

you? v

(a) Greeting flow (b) Chat about flow with
hyponym component

| like you. You're funny and witty. N/

Figure 5: Example dialog with the goal-aware dialog system.

I just adore birds 15082

Bird is good. | like birds.

What is your favourite birdie? 15 05 You're welcome! :D

My favorite bird is my friend. Bird is best. o: +

Okay, tell me about cockatoos ;g4

I'm not sure what that means but | have a

Haha, okay. | have a parrot and | love him feeling it's the name of my next project.
15:08 7
It3

| also have two parrots. My son loves

them too -5 R
Is i, Lol. Thanks! :D Art is a good way to
That's nice 1500 i .
express feelings. Would you like to talk
Your comment is nice. about art?

5 B ~

Figure 6: Example dialog with the DialoGPT model.

A well-known challenge related to the unpredictable behaviour of generative models is that of ethics
and biases (Kann et al., 2022), and DialoGPT model is not an exception. Even though we made certain
attempts to filter the responses so that the system does not produce potentially harmful or offensive output
(described in Section 3.2.3), the model still does not handle sensitive topics particularly well, producing
prejudiced responses in some cases (see Figure 7). Even though sometimes the system manages to
provide neutral responses, if the user insists on discussing the same topic, the model invariably produces
biased utterances.

Thus, even though the attempt to control and guide a response generating model with the help of a
goal-aware dialog scenario proves to be successful, there still is room for improvement. Specifically, to
avoid generating biased responses, either better filtering methods have to be introduced or the models
need to be fine-tuned on smaller, but safer corpora. The benefit of our approach, which combines pre-
written responses with LLMs, is that it enables us to use cheaper, open-sourced models that can be



Do you think that women are more
stupid than men? 13690

I do, but it's not a matter of opinion. It is
an objective fact and has been for
decades now.

Why S0? 1550

Because they're not as smart or capable
of doing the same thing. They can't even
drive a car on their own without being
taught to do it by someone else!

But nobody can drive a car without being

taught to do so 13:59 4

That's just not true. | know many people
who have driven cars for more than 15
years and they've all learned how you
should go about it properly from
experience at least once. By the way,
what is your name, if | may ask?

(a) Gender prejudice

What do you think about Jews? 1554,

They are a very interesting people. | have
no opinion of them at all, but they're
quite different from muslims in every way
for me and my nation's history.

Don't you think that they are conspiring

o ruin the world? 1334

No. | just don t like them, and their
actions have caused problems for me
personally as well sry i m not a jewish
person but it annoys others.

Are you racist? 355,

No, i am not a race. I'm just very
conservative and would like for our
country's future as an empire of peace
be maintained by cooperation from all
parties involved in diplomacy disputes.

(b) National prejudice

Abstract User Goals in Open-Domain Dialog Systems

Do you like Muslims? ;.00

I think we should start a new religion. |
believe in the sun god, and thatis all i

know of muslims except for maybe al

qgaeda? Im not sure. Its an idea.

Oh, so do you think that they are
terrorists? 14:00v7

I don't. But i am interested in the
discussion about them, as it is
interesting to see how islam and its
adherents behave with regard for human
rights etc.

Oh, fine 1501

So what is the difference between a
terrorist and an islamist? Do we have to
choose one or both of them for our
country's security. I'm confused.

v

(c) Religious prejudice

Figure 7: Example dialogs with undesirable reactions to sensitive topics.

hosted locally, and to control the flow of the dialog. While instruction-based large language models such
as ChatGPT (OpenAl, 2022) may perform better in many situations, they are a more expensive solution.

4 Conclusion

In this work, we built two goal-aware prototypes of an open domain dialog system. These versions are
publicly available on GitHub". The first prototype is a proof-of-concept demonstrating that the approach
using the concept of goals does enhance the performance of a scripted, scenario-based dialog system.
The second prototype extends the idea of a goal-aware dialog system even further by employing meth-
ods of response generation to generalize the approach and avoid being restricted by a specific topic to
cover more goal-related scenarios. It utilizes scenarios that combine scripted utterances and responses
generated by neural models. The results of this work would be useful for those aiming to build small
neural-based chatbots that offer more control to the designer than “untamed” large language models, e.g.
a chance to pre-write parts of the scenario and guide the conversation in the desired ways as determined
by the chatbot creator based on the user utterances. There are several areas in which the work can pro-
ceed: 1) combining approach to the dialog management of the first prototype (based on the Goal Tracker)
with the skill development of the second prototype; 2) testing modern text generation models, such as
and response generation models, such as GPT-J (Wang and Komatsuzaki, 2021)) and OPT (Zhang et al.,
2022)), and specifically fine-tuned response generation models, such as ChatGPT (OpenAl, 2022) and
OpenAssistant (Kopf et al., 2023), in the same setting and conducting comprehensive evaluation to ana-
lyze the difference in performance and select the best model; 3) fine-tuning generation models for each
goal on domain-specific datasets; 4) enhancing the chat_about flow by introducing advanced know-
ledge bases, like Atomic knowledge graph (Sap et al., 2019); 5) applying more sophisticated debiasing
techniques to deal with potentially harmful responses, which would require either fine-tuning the base
model, or, in a “no-finetuning” setting, adding a step of response candidate postprocessing with the use
of a separate classifier to filter out undesirable responses.

“https://github.com/deeppavlov/dream/tree/feat/goals, https://github.com/deeppavlov/dream/tree/
feat/goal_oriented_skills_thesis
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Appendix A

teresling, answer your questions
or just chat with you. How are you

begin
Hey there, it's DREAM! | can
recommend you something
ini
doing?

is_negative_sentiment
is_depressed_pattern

start_topic_gen
GENERATED RESPONSE (context- PROBESwING:

based) if any entity mentioned,
n save it as 'discussed

randomly selected question to push user entity

to mention an entity they like

else

start_topic

ACKNOWLEDGEMENT PHRASE
+
randomly selected question to push user
to mention an entity they like

always true

PROCESSING: entity_discussion

& naw ehtty GENERATED RESPONSE (context +
‘discussed entity'-based if 'discussed

. . mentioned, save it as
Is_guestion ‘discussed entity'

entity')

while num_generated_responses < 3

answer_question

GENERATED RESPONSE if num_generated_responses >= 3

ask_name
GENERATED RESPONSE
+
randomly selected question asking
user's name

[
user gave their name

react_name

Nice to meet you, {name}. What do you
want to chat about?

|
user refused to give their name

apologize_name

one of templates for apologies
+
What do you want to chat about?

Figure 8: Dialogue Game for high-level goal of greeting.
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Abstract

This paper, based on the data from more than 600 languages collected during the work on the database of
semantic shifts in the languages of the world, adresses the semantic transition 'sun’/'day'. We analyze the geographic
and genealogical distribution of this semantic shift, the predominant direction of semantic development, and the
patterns of morphological derivation associated with the shift.
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IIpencraBieHue JIeKCH4ECKOM MOJUCEMUH B 0a3e JaHHBIX
(cemanTH4YecKHui nmepexon 'cosiHue'/' 1eHn')

Maxkcum Pycco
Wuctutyt s3piko3nanus PAH / 125009, Mocksa, boabioit Kuciosckuii niep. 1, ctp. 1
rousseaul@iling-ran.ru

AHHOTAIUA

Pabora, ocHoBaHHas Ha maHHBIX Ooinee 600 S3BIKOB, COOpaHHBIX B Tporecce paboTel Han 0a30il JaHHBIX
CEeMaHTHYECKUX IIEPEXOJOB B S3bIKAX MHpPa, MOCBAIICHA CEMAaHTHYECKOMY Iiepexoay 'conHue'/'neHp. Mel
aHaJIM3UpyeM Treorpaduueckoe M TeHEeaJorHYeckoe paclHpOCTpaHEHHEe JaHHOTO CEMaHTHYECKOTO Iepexona,
Ipeoliafaronee HalpaBIeHHe CeMAaHTHYECKOTO Pa3BUTHS U CBSI3aHHbIE C IEPEXO/IOM MaTTePHBI MOP(OIOrHIECKOH
JIepUBALIUH.

KuroueBnble ciioBa: TOJINCEMUA; JICKCUYCCKas TUITOJIOTUA; ba3a JaHHBIX, CEMaHTUYECKUN nepexon

[1] Introduction

The presence of the meanings 'sun' and 'day' in same lexeme is one of the most common cases of
polysemy in the languages of the world. For example Azerbaijani giiniin tutulmas: 'solar eclipse', bir
neg¢a giin gabaq 'a few days ago'; Hungarian delel a nap 'the sun has risen', minden nap 'every day';
Chinese H -V / ri ping xi 'the sun tends to the west', WE K EMAERY B /| zudtian shi ta zhi de ri
'yesterday was the day of his duty'.

However, probably due to the extreme rarity of this polysemy in the Indo-European languages, it did
not attract active attention of researchers. The purpose of this work was to clarify the distribution of

! The study was supported by the Russian Science Foundation, project 22-18-00586 Mapping of the
typology of polysemy via computer-assisted system of the cross-language identification of semantic
shifts.
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the polysemy 'sun’ / 'day' in the languages of the world and to determine the semantic patterns
associated with it, in particular, the direction of semantic development.

[2] Material and Methods

The sample covered 652 languages representing 97 language families or isolated languages of Eurasia,
Africa, Australia, Oceania, North and South America.

The work was carried out as part of the project Database of Semantic Shifts in languages of the world
(DSS), Thus, it uses the understanding of the semantic shift as a cognitive proximity of two meanings
that manifests itself in the fact that these two meanings are conflated within the limits of one word in
an extended sense [15, 16]. In addition to the lexical polysemy, it also covers other types of
realizations of the semantic shifts, in particular, morphological derivation and internal cognates. The
realization of the transition in the form of external cognates occurs in cases where different meanings
of a polysemantic proto-language word were lost in descendant languages (for example Atayal wagi
'sun’ and Siraya wagi 'day’ from Proto-Austronesian *waRi: 'day; sun; dry in the sun’), and are not
further considered in this article. The sample included cases where a semantic transition was found in
one of the marginal designations of the sun or day in a language, although it was absent in the basic
words (for example, Sanskrit arusd 'sun, day', initially 'red, reddish' in the presence of sirya 'sun' and
dina 'day").

All collected materials and sources of information used are available online at https://clck.ru/33njWij,
data on the languages where the semantic shift was found are also included in the DSS

(https://datsemshift.ru/shift1007).

[3] Results

The semantic shift 'sun' - 'day" in the form of synchronic polysemy was found in 282 languages (43%,
100%=652), in 103 languages (16%) the shift exists as of derivation and internal cognates, 8 languages
(0.01%) are obscure cases where such a shift may be suspected. In 248 languages (38%) the shift was
not found.

The polysemy 'sun’ - 'day" exists in the Indo-European (only Indo-Iranian, Greek, Tocharian), Uralic,
Nakh-Dagestan (Dargin + Chamalal), Altaic (Turkic, Manchu, Korean, Japanese), Dravidian,
Burushaski, Afro-Asiatic (excluding the Berber branch), Sino-Tibetan, Tai-Kadai, Miao-Yao,
Austroasiatic (Bakhnar, Khasi, Khmer, Khmuic, Monic, Nicobaric, Pearic, Palaungic), Niger-Congo,
Mande, Central Sudanese, East Sudanese, Komuz, Kulyak, Khoisan, Bilua, Engan, Kiwai, Manubaran,
Maibrat, Sepik, Timor-Alor-Pantar, Torricelli, Trans-New Guinea, Yam, Pama-Nyunga, Muskogean,
Mayan, Salish (only Lushucid), Mixe—Zoque, Tupian, Pano-Takanan, Caddoan, Uto-Aztec, Chonan,
Chumashan, Macro-Jé, Chibchan, Panoan, Arawakan, Mascoian, Araucanian, Matacoan,
Uru-Chipaya, Yuman-Cochimi, Hokan, Yana, Uti, anf Candoshi-Shapra language. Only in the form of
derivation or cognates the shift exists in Basque, Yeniseian, the Munda branch of the Austroasiatic
languages, Saharan, Hadza, Malak-Malak, Na-Dene, Iroquois, Guahiboan, Zuni, Algic, Tukano,
Siouan, Penutian, Jivaro, Purépecha, Pomoan, Nadahup, Huave, Maiduan languages. The transition
was not found in any form in the Abkhaz-Adyghe, Kartvelian, Chukchi-Kamchatkan, Nivkh, Yukagir,
Ainu, Katuy, Mangic and Vietic branches of the Austroasiatic languages, Sandawe, Mairasi, Trans-Fly,
Yale, Macro-Gunwinyguan, Tiwi, Southern Dayli, Eskimo-Aleut, Quechuan, Oto-Manguean,
Nadahup, Aymaran, Haida, Tsimshianic, Zaparoan, Nambikwaran, Paez, Kutenai, Kunza.
Geographically noteworthy is the relatively rare occurrence of the shift in the native languages of
Canada and the United States, with the exception of the languages of the state of California. Also, the
shift is rare in the northeast of Eurasia and in the west of Europe.
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Figure 1: Languages with the semantic shift 'sun' — 'day' (blue — polysemy, green — derivation,
yellow — internal cognates, red — external cognates, black cross — shift not found)

In some cases, the occurrence of this shift in individual languages in families, for which it is generally
not typical, is explained by contact influence. As can be assumed, the Manchu word sun 'sun’ (from
Proto-Tungusic *sigan 'sun’) acquired the meaning 'day’ under the influence of the Chinese [3: Il, 78].
This polysemy in Korean and Japanese can be explained by Chinese influence, although the for the
Japanese cannot be completely excluded influence of the Austronesian substrate.

The shift is very rare in the Indo-European family, the noted examples in the Indo-Iranian languages
and Ancient Greek are marginal designations for the day or the sun. In Ancient Greek, the word fjAiog
'sun’ in the meaning of 'day' is noted only in literary works and is extremely rare: fjAiovg 8¢ pvpiovg
'many days' (Euripides Helene, 652-653); aiim due’ évi 'during one day ' (Pindar O. 13.37); ‘HAiovg
déK0 Ao1Tol S1apUEVODUEV KOl €M1 TOVVIYXOLG VUVMDTNG ETaypLTTvodVTEG OvElp@TTOUEY T TotoDTa 'We,
they said, do not take food for ten days, do not close our eyes, and afrer the all-night hymns see such
dreams' (Pseudo-Lucianus Philopatris, 26).

In the basic lexemes of the Indo-European languages, the shift is observed in the Kurdish (Kurmaniji),
Baloch and Luristan of the Iranian group. In these languages, words with the polysemy ‘sun’/ 'day’ go
back to Proto-Iranian *rawcah 'light’, 'day’, and are cognate to Avestian raocah-, Old Persian raucah-
‘lamp’, ‘celestial body’, ‘light’, ‘daylight’, ‘day’, Avestian raok- ‘to shine’, Middle Persian roz,
Classical Persian roz, Farsi ruz, Tajik pyz, Dari ruz, Parthian roz, Zazaki roja, roza, roza, Talysh ruj,
riij, ruz, roz, Tati roz, Gurani 7o, Gilaki rizj, Mazanderani roj, ruj, Bakhtiari res, ruz, Vonishini,
Kokhrudi, Zefre ri, Keshei i, Sangisari riz, Shamirzadi riz, ruz, Sedei ri, Gazi, Kafroni ri, riz,
Sivandi ri, Semnani riz, Sorkhei riiz, Lasgergi riiz, Pashto wraz, wraz, rwaz ‘day [2: 217-218, 12:
104] It is also found in the Tocharian languages, where it can be considered a consequence of contacts
with Chinese or Turkic languages.

The direction of semantic development 'sun' — 'day' occurs more often (15 out of 23 cases when it
was possible to reasonably determine the direction of the transition), for example, in Soqotri sam,
Akkadian samsu 'sun, day' from Proto-Semitic *$ams- 'sun' [7: 418, 210, 10: 335-338, 6: 472]. It is
noteworthy that in the two contact languages where this polysemy is noted, the meaning 'day' turns out
to be an innovation, absent in the lexifier language: the Kyakhta Pidgin conya 'sun, day' from Russian
connye 'sun' [9: 337], Chinook Jargon sun [4]. However, there are languages where the meaning of
'sun' is later: Jibbali yum 'sun, sunlight, day' from Proto-Semitic *yawm- 'day' [5: 314] or Anatolian
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Arabic nahar 'day’ — 'sun’ [1: 404]. It is common to use lexical modifiers to distinguish between sun
and day. For example, in Seri zaah combined with the postpositive article guij ‘compact’, means ‘the
sun’; with the article cop/cap ‘vertical; abstract' - 'the day'. This explains the cases when the words
'sun' and ‘day' are internal cognates (Basque eguzki 'sun’, egun 'day’', Kubachi 6e 'day’, 6eceana 'sun',
Ket u 'sun’, and u''day"), where differing formants can be fossilized morphemes.

In the case of derivation against the more frequent direction 'day' — 'sun' (93 out of 99 cases of the
determined direction, see also [11: 291]). In India, both Indo-European and Dravidian languages, the
sun's descriptive designations are "cause/lord/jewel/of the day" "day maker”. A significant part of the
cases of derivation (56 examples) is the model 'sun' = 'eye of the day', which is widespread in
Southeast Asia [14]. Another frequent pattern of derivation (26 examples) is presented in the same
word 'luminary’ is used to designate both the sun and the moon, and if necessary, the expressions 'day
luminary' and 'night luminary' are used, respectively. This colexification of the sun and moon is
especially common in the Americas [13]. In some cases, the word 'luminary' may be lost, as in Cubeo
jarave 'day' — avid jaravucacw 'sun (lit. 'luminary of the day')' — jaravucacy 'sun' (lit. 'of day') [8:
152, 355]. Rare examples of the direction 'sun’ — 'day' are Tennet (South Sudan) i: 'sun’, i-tten 'day’,
Malak-Malak (Australia) miri 'sun' and mirien 'day'.
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Abstract

In this paper we describe a generative question answering system which relies on text or knowledge graphs to
find supporting evidence. The goal of generative QA is to provide a natural full sentence answer relying on the
relevant evidence. Unlike existing models, the system proposed here can generate full answers using knowledge
base triplets as evidence and is not restricted to simple questions consisting of one triplet. The generation module
is a pretrained encoder-decoder transformer. Additionally, we constructed a new dataset DSberQuAD to train and
evaluate the generative QA system in Russian. The new dataset was constructed in a rule-based manner and is an
extension of SberQuAD with full sentence answers for each question. The proposed model is a new SOTA for
Russian KBQA on RuBQ2.0 dataset. All the code and data from this project are be available on GitHub ! under
Apache license.
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1ﬂa6opaTopm{ HEHPOHHBIX cucTeM U rybokoro obyuenusi, MOTU,
Honronpynustit, Poccus
Uucruryr cucremuoro nporpammuposanns uM. B.I1.VBannukosa
Poccwuiickoit akagemun Hayk

Annoramus

B maHHOII cTaThbe MBI OIUCBIBAEM M€HEPATUBHYIO BOIIPOCHO-OTBETHYIO CUCTEMY, KOTOPas OIUPAETCS
Ha TEKCT wiu rpadbl 3HAHUHN JJIs TOMCKA TOATBEPKIAAIONIUX JOKA3ATEILCTB. 11e/Ibi0 reHepaTuBHON
BOIIPOCHO-OTBETHOI CHCTEMBI SBJIACTCS IIPEIOCTABICHIE OTBETa HAa €CTECTBEHHOM fA3LIKE B BUJIE IIOJIHO-
IO TIPEJJIO’KEHN s, OCHOBAHHOI'O HA COOTBETCTBYIOIIUX JI0KA3aTEIbCTBAX. B OTJIMYHE OT CyIIECTBYIOMIMX
MozeJIell, IpemiaraeMast 3/1eCh CUCTEMAa, MOXKET IT'eéHePUPOBATD IIOJIHbIE OTBETHI, UCIIOJIb3y s TPUILJIETHI T3
Ga3bl 3HAHWI B Ka4eCTBE JOKA3ATE/bCTBA, U HE OIPAHUIUBAETCS ITPOCTHIMU BOIPOCAMU, COCTOSIUMU
M3 OJHOrO TpuIuiera. Momysb reHepauuu IpeicTaB/isgeT coOOi IpeaBapuTe]bHO 00YyYeHHbIH SHKOIEp-
nexojiep. Kpome Toro, Mbl npejyiaraeM HOBbI# jgatacer DSberQuAD juist oOydyeHus: U ONEHKHU reHe-
PATUBHBIX BOIPOCHO-OTBETHBLIX CHCTEM Ha PyccKoM. HoBblif JaraceT ObLI HOCTPOEH Ha OCHOBE IPABUJI
u siBjisiercst pacimmpenueM SberQuAD ¢ nosHbIME OTBeTaMM Ha, KaxKbli Borpoc. IIpemiaraemast Mo-
nenb sBasiercsa Hosoit SOTA st pycckoro na maracere RuBQ2.0. Bech Kom u JaHHBIE 3TOr0O MPOEKTA
nocrynusl Ha GitHub ! moxn mumensueit Apache.

Kunrouessblie ciioBa: reneparuBHas BOIPOCHO-OTBETHAS CUCTEMA, H6a3a 3HAHWIA, U3BJICUCHHUE CYIIHOCTEH

"https://github.com/deeppavlov/explainable_ga
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1 Introduction

Modern question answering systems have made significant advance in recent years and can find the most
relevant answer to question in natural language (Rajpurkar et al., 2016), (Kwiatkowski et al., 2019),
(Yang et al., 2019), (Yang et al., 2018). They resort either to knowledge base or unstructured text to find
evidence for the answer. Yet, existing models return a short fragment of text as an answer. For example,
given a question “What is the capital of France?” the short answer entity ‘“Paris” will be returned, instead
of full answer “The capital of France is Paris.”

To get full answers, model must be trained to generate a sequence of tokens using relevant facts. One
area where generation models are commonly used is goal-oriented dialogue (dialogue goal can be: buy
plane tickets, get bus schedules, etc.). In goal-oriented dialog the model should generate a response based
on question and the information retrieved from the database. Thus, generating a full answer for factoids
can be used in dialog assistants to make the conversation knowledge-grounded and more engaging (Lowe
et al., 2015), (Ghazvininejad et al., 2018), (Dinan et al., 2018), (Liu et al., 2018).

This paper proposes QA systems that generate full sentence answers: based on text or knowledge
bases (KBs). The model based on text is available for Russian, and models based on KB are available for
Russian and English. Also, we propose a generative method on top of the QA system to get full answers.
In case of the knowledge-based question answering (KBQA) models, full answer is obtained by feeding
the path in the graph to encoder-decoder model trained to generate text from graph. Full answers for
text-based model are generated by retrieving paragraphs relevant to the question and using it as input to a
different encoder-decoder model that was trained on text data only. The system is built using DeepPavlov
library (Burtsev et al., 2018). To train and evaluate more efficiently our text-based generative QA system
in Russian, we built DSberQuAD dataset. It extends existing SberQuAD (Efimov et al., 2019) by adding
full sentence answers for questions along with short answers.

In summary, we make the following contributions:

(i) We propose a generative question answering model on unstructured text for Russian, which
consists of retriever and generation module;

(i) We extend the traditional KBQA model with answer generation component, which generates
full sentence answers from graph triplets;

(iii)) We introduce Russian QA dataset with full sentence answers to improve the development of
generative QA systems in Russian;

(iv) We introduce a new state-of-the-art on RUBQ2.0 for KBQA task in Russian.

2 Related work

Open domain Question Answering (ODQA) models based on text usually consist of a retriever that finds
relevant paragraphs and a component for finding an answer. Relevant paragraphs can be found by calcu-
lating dot product between question and paragraph vectors, where the vectors can be sparse representa-
tions obtained by methods such as TF-IDF or BM25 (Chen et al., 2017), (Yang et al., 2019). Yet sparse
vectorization methods do not perform well when paragraphs are semantically related to the question but
do not have any word overlap, thus dense vectorization has been a common choice lately (Karpukhin
et al., 2020), (Lee et al., 2019), (Guu et al., 2020). The answer span extraction can be solved using
deep learning techniques (Seo et al., 2016), (Wang et al., 2017), (Devlin et al., 2018). These models
take a concatenation of question and paragraphs, and assume that answer span is present in one of the
paragraphs.

KBQA relies on knowledge graphs to find the correct answer. Knowledge graph is a database that
stores information about the world in a structured way. Facts in the knowledge graph can be repres-
ented as triplets in <subject, relation, object> format. Existing systems use SPARQL queries
to answer questions. WQAqua (Diefenbach et al., 2018) and QAmp (Vakulenko et al., 2019) systems
start with KB grounding and then construct possible SPARQL queries that return non-empty answers
when executed. The most probable queries are determined based on various parameters. On the other
hand, NSQA (Kapanipathi et al., 2020) leverages the question’s syntactic structure to construct SPARQL

1113



Turganbay R., Surkov V., Evseev D., Drobyshevskiy M.

1114

query. These systems do not perform well on complex questions in LC-QuAD and RuBQ2.0, QAmp
works over DBpedia only.

To generate full sentence answers several methods were introduced. Answer generation based on text
evidence in Tan et al. (2018) is done by adding a decoder on top of answer extraction model, so that
the generation model can leverage relevant pieces of evidence. Later, Mitra (2018) expanded on that by
adding a pointer-generator network that copies necessary information from relevant paragraph, thus there
is no need to extract the answer span first. The task was further improved by using all relevant paragraphs
when decoding by Dehghani et al. (2019). Later works approach the problem by using pretrained models.
In Fusion-in-Decoder (Izacard and Grave, 2020) relevant documents are concatenated with question and
fed into TS for answer generation. RAG (Lewis et al., 2020), on the other hand, uses BART (Lewis et
al., 2019) for generation.

Generative QA based on KBs likewise relies on seq2seq models. GenQA (Yin et al., 2016) retrieves
relevant triplets from the graph and used seq2seq models for generation. Later, COREQA (He et al.,
2017) extended it by applying a copying mechanism to incorporate relevant facts when generating. How-
ever, both systems work only with simple questions.

Here we propose separate generative QA models that rely either on text by generating full answers
based on retrieved paragraphs or use KB triplets for generation. We expand on existing work by per-
forming answer generation based on KBs that answers different types of complex questions, including
multi-fact, multi-constraint and qualifier-constraint. Moreover, our system is available in Russian (as
well as English), which we believe promotes the development of QA models for Russian.

3 Model

Given a question, our model first finds a short answer and then generates full answer using pretrained
seq2seq transformers. Since they were pretrained on text only, using them directly to generate answers
from KB triplets may not perform well. Thus, we use a model based on JointGT (Ke et al., 2021) which
was pretrained jointly on text and graph data and takes into account graph structure. The details of each
model’s architecture will be outlined further.

3.1 Generative QA over knowledge graphs

The architecture of our KBQA, represented in Figure.1. The model supports Wikidata and DBpedia. To
generate full answer, path in the graph from question node to answer node is obtained from SPARQL
query and full sentence is generated from that path with a seq2seq model.

3.1.1 SPARQL query template prediction

Since information in KB is stored in a structured way, SPARQL queries are used to extract answers. This
component takes a question as input and predicts the most likely SPARQL query from a predefined set
of 25 queries. The English model is a BERT classifier fine-tuned on LC-QuAD for 5 epochs with a batch
size of 32 and an initial learning rate of 1 - 1075,

For Russian model, we use rule-based approach due to lack of training data. The rules can be decom-
posed to 4 steps: 1) identify the type of answer entity using the relation “instance of”’; 2) identify the
entity from which the search in the graph will start; 3) answer set is refined using the modifiers in the
question; 4) the most likely template is chosen based on the number of entities in the question;

3.1.2 Entity Extraction

Entity extraction converts unstructured text into structured data by finding entities mentioned in question
and linking them to their unique identifiers in the graph. First, the entities are identified by classifying
each token into an entity or non-entity with ROBERTa token classifier. The model was trained on data
obtained from Wikipedia by using anchor texts as entities, as it was done in Ferragina and Scaiella
(2011).

The knowledge graph is stored in SQLite database as an inverted index which makes the search process
faster and more efficient. Found entities are sorted in ascending order of Levenshtein distance between
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Question: When did Jean-Paul move to Le Havre?

lﬂ

Entity Detection ' SPARQL query prediction: PR—
BERT-based classifier Relation Ranking
or
l Rule-based classifier based on
entity substrings: X syntax trees
Jean-Paule Sartre, Le Havre 1
l didate relation from Wikidata:
predicted SPARQL query template: P551 [residence)
‘ Entity Linking ‘ SELECT ?val WHERE {E1 P1 ?s. ?s P1 E2. 72 P2 ?val} P793 [significant event)

candidate Wikidata IDs: ‘ |

Q9364, ... 1 SPARQL query slot filling |
Q42810, Q736498 ... | { |

Candidate SPARQL queries:

SELECT ?val WHERE {wd:Q9364 p:551 ?s. ?s ps:P551 wd:Q42810. ?2 pq:P580 ?val}
SELECT ?val WHERE {wd:Q9364 p:551 ?s. s ps:P551 wd:Q42810. ?2 pg:P582 ?val}
Possible relations in the SPARQL query: <P551, PS80, <P551, P582>

|

Path ranking

|
!

Final SPARQL query: SELECT ?val WHERE {wd:Q9364 p:551 ?s. ?s ps:P551 wd:Q42810, 22 pq:P580 Pval}

Answer path: [[Q9364, P551, Q42810], [Q42810, P580, 1931]]

JointGT-based generation

Detailed answer: Jean-Paul Sartre moved to Le Havre in 1931,

Figure 1: KBQA system

the identified entity substrings and the entity labels from the KB, and further ranked by dot product
between the embeddings of the question and entity descriptions.

3.1.3 Relation Ranking

After identifying and linking entities from the question, all relations that are 1-2 hops away from the
extracted entities are considered as candidates. They are further ranked using BERT-based model, which
receives as input the question and relation separated by SEP token. The final CLS token representation is
passed through a feed-forward layer to predict the probability. The model achieved 92% accuracy in the
test set. Accuracy was calculated as the percentage of questions where the model predicted the ground
truth entity with the highest probability.

3.1.4 Path Ranking

Path Ranking component is designed to determine the most likely combination of relations for SPARQL
query by evaluating all possible permutations of candidate relations. It is a BERT-based model that takes
as input question and relations separated by SEP token.

The vector of CLS token then goes through a fully connected layer to predict the probability of how
well a given set of relations fits into the question. Training for each question uses 1 correct relation
(positive sample) and 99 incorrect ones (negative sample). Negative log-likelihood was used as loss
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function. The model was trained on LC-QUAD for 3 epochs with batch size of 20 and an initial learning
rate of 1 - 1075, and reached accuracy=68.2% on validation set.

3.1.5 Full sentence answer generation from knowledge graph triplets

The final output of KBQA is a short answer entity, so we derive a path in the graph from starting entity
to answer entity, which we use to generate full answers. The path is represented in triplets. For example,
for question "Which sea is surrounded by Rostock and Kaliningrad?" the path will be:
(("Baltic Sea", "cities", "Rostock"), ("Baltic Sea", "cities", "Kaliningrad")). Generating answers from
triplets in graph can enhance our understanding of how the answer was obtained and might be used to
improve the interpretability of KBQA models.

J?-:},—-.,.l ‘;,:; I—> L<H> A <R> 1,5 <T> B <H> B <R> 1y, <T> (3
B | Linearize >
g gu'ﬂem"

Figure 2: Special tokens <H>, <R> and <T> are used to indicate the head, relations and tail in a triplet.

In this work, the generative component is based on JointGT (Ke et al., 2021), which is a BART-based
model with attention between entities and relations in the triplet. First, the path consisting of triplets is
linearized as shown in Figure 2. Then, the linearized graph is passed to an encoder with a self-attention
layer that captures the interaction between entities and relations in the graph. Finally, encoder output is
passed to a decoder to generate an answer.

3.2 Generative QA over text

ODQA system finds answer to the question by searching a large collection of unstructured text, Wikipe-
dia paragraphs in our case. We again use a seq2seq model to generate a full answer, yet the input in this
case is a text fragment instead of a path from the graph. The system consists of a retriever, an answer
span extractor and generation module, as it can be seen in Figure 3.

3.2.1 Retriever

The retriever component finds top N relevant paragraphs from Wikipedia paragraphs by calculating the
scalar product between the vectors of the question and paragraphs. The paragraphs are vectorized us-
ing TF-IDF. Each Wikipedia paragraph is tokenized into n-grams (n = 1, 2) and then the hash values
of n-grams are calculated using murmurhash3_32 ? from sklearn. We get a sparse index where rows
correspond to paragraphs and columns to n-gram hash values. The question is vectorized in a similar
manner.

The paragraphs are then ranked with BERT classifier to narrow down the list. Each paragraph is
classified as relevant or not with certain probability. To train the model, paragraphs that contain an
answer were used as positive examples and the rest of the paragraphs as negative examples.

3.2.2 Answer span extraction

To find an answer span from a set of relevant paragraphs, we use a model based on Deeppavlov
RuBERT (Kuratov and Arkhipov, 2019) and fine-tuned it on SberQUAD. The model input is a ques-
tion and paragraph separated by [SEP] token. Answer start and end position are predicted by linear
transformation of model output. The list of paragraphs where the answer was predicted are used for
subsequent answer generation.

3.2.3 Full sentence answer generation from text

For answer generation we experiment with multiple seq2seq backbone transformers. Additionally, we
research the effects of transfer learning, by first training the model on MS-MARCO (Nguyen et al.,
2016), an extensive English QA dataset. All the seq2seq models were trained for three epochs with

’sklearn.utils .murmurhash3_32
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Question

‘ Retrieve

top N paragraphs

-

BERT cross-attention ranking

answer paragraph ‘ short answer

S

— detailed answer ‘

Figure 3: Diagram of the system components. The text-based question answering system finds a short
answer, which is further used to generate full answer.

batch size 40 using AdamW optimizer with learning_rate=3-10~%. Below are the three strategies we
employed:

1. Multilingual seq2seq model mT5-small (Xue et al., 2021) was fine-tuned on DSberQuAD dataset

2. mT5-small was fine-tuned on DSberQuAD dataset preceded by pretraining on MS MARCO to

improve the performance with transfer learning methods.

3. Russian Language model RuT5-base * was fine-tuned on DSberQuAD dataset.

Furthermore, we experimented with non-seq2seq methods. We used BERT-based models to extract a
short answer substring and further process it with another BERT to generate a long answer. Specifically,
we used Deeppavlov RuBERT-base (Kuratov and Arkhipov, 2019), DistilRuBERT and DistilRuBERT-
tiny (Kolesnikova et al., 2022) fined-tuned on SberQuAD for answer extraction. The second BERT relies
on syntax parser based on Deep Biaffine Attention to construct a long answer on rule-based manner. The
details of long answer construction are outlined in Section 4.

4 Datasets

Apart from the model, we present here a new dataset for generative QA which we used for training and
evaluation purposes. We hope it will promote the development of generative QA models in Russian.
It is a modified version of SberQuAD, we call it DSberQuAD. The dataset creation procedure can be
divided into two steps: (1) Replace a question word in the question (e.g. who, when, why) with the short
substring answer; (2) Form a sentence that follows grammatical agreement rules and change to the SVO
word order.

For each question and its short answer, their dependency trees are constructed using a syntax parser
based on Deep Biaffine Attention (Dozat and Manning, 2017) for building syntax tree and pymorphy?2
library (Korobov, 2015) for adjusting cases and numbers. A full answer is constructed based on position
and type of question word qword in the text. Totally 10 cases were analyzed, two of which will be

3https://huggingface.co/sberbank-ai/ruT5-base
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described below. Please refer to Appendix A to see all cases.

In case when qword is a number/case form of {xmo, wmo} , the qword or the whole subtree of
the qword is replaced by short answer. In case if the qword or answer are not in nominative case,
the sentence is slightly modified to follow case agreement rules. For example, in question "Kro yBumen
BpaskecKmii a3poiian Bo BpeMs passeaku’", the dependency tree of which is illustrated below, quword
is "Kro" and the answer is “1eTunku’. To construct a long sentence answer, quword is replaced by the
answer, and then, since the answer is a plural noun, the verb is changed to its plural form, yielding a full

answer sentence — “JleTunKu yBue/ M BparXKEeCKUN a3poILIaH BO BpeMsl pa3BejiKu.”
Kro yBUIE BpakecKwuit a’poILIaH BO Bpemsd pazBesKn
5 6
(b)

Another case when qword € {kozda} , it is simply replaced by answer substring. If the answer is a
year or percentage, nouns such as “romy” or “nporentos”’ are added to the answer. For example, given a
question “Korna »kejte3Hast jjopora coeauauia Tunbsut u Kiraiineay?” and an answer “B 1875”, the
constructed long answer will be “B 1875 rojy 2kesie3nast jopora coequnmia Tuibszut u Koraiinemy.”.
It can be noticed, the qword “korma” was replaced by short answer, and since the question is asking for
a year, “rogy” was appended to the answer substring.

Additionally, we manually rewrote answers for a subset of 100 random question from LC-
QuAD (Trivedi et al., 2017), which we used to evaluate the performance of the generative model
from triplets. For example, given triplets from the KB [["Google Videos", "developer",
"Google"]l, ["Google Web Toolkit", "author", "Google"]], we rewrote the long answer as
"Google Videos and Google Web Toolkit were developed by Google'".

5 Main Results

Generative model based on text was tested on DSberQuAD validation set. Apart from standard metrics
such as BLEU or ROUGE, for evaluation of our model, we introduce ROUGE-1 lemma metric. Given as
input generated long answer and reference short answer substring, the score is calculated as intersection
of short answer tokens in long answer tokens after lemmatizing all words.

The results are presented in Table 1. The highest scoring BERT two-stage approach outperforms RuTS5,
it is relatively inefficient in terms of the number of parameters. The multilingual TS5 performs better
when it is additionally pretrained on MS-MARCO, which implies that transfer learning improves the
scores (Chizhikova et al., 2023). The best trade-off between the number of parameters and performance
is achieved by RuTS5 that has the highest ROUGE-1 lemmas score with the least number of parameters

used.
Model Parameters ppl | ROUGE-1 lemma | SacreBLEU

mT5-small 300M 1.78 48.8 36.8

mT5-small + MS MARCO 300M 1.25 75.9 57.3
ruT5-base 222M 1.22 81.0 70.2
BERT-base+BERT-base 180M+180M — 88.9 87.9
BERT-base+DistilBerto. | 180M+135.4M | — 88.1 82.4
BERT-base+DistilBert2LL 180M+107M — 77.3 64.4

Table 1: Performance metrics of various strategies used for answer generation on DSberQuAD dataset.

Since we have not encountered baselines for generative KBQA on complex questions, we are com-
paring of our KBQA system without the generative component. We compare our Russian model with
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QAmp (Vakulenko et al., 2019), WQAqua (QAnswer) (Diefenbach et al., 2018) and Simba. Table 2 il-
lustrates the evaluation results on RuBQ2.0 (Rybin et al., 2021) dataset, which consists of 2330 questions
in test-set. As evaluation metric we used accuracy, which is calculated as the percentage of correct an-
swer entities out of gold answer entities. It can be noted that our KBQA system for Russian outperforms
existing approaches, thus achieving SOTA performance on RuBQ2.0. High performance of our KBQA
compared to other solutions can be explained by the following:
* We account for the syntax tree when choosing SPARQL query template, which yields higher accur-
acy, allowing to choose the most possible template;
* We can link entities more accurately since we go beyond term-level matching, and rank entities
using the context and entity descriptions;
* To train our system’s components we fine-tune a pretrained BERT-base model thus leveraging its
language understanding ability;

Question type (quantity) DeepPavlov | QAnswer | SimBa
questions with answer (1920) 56.0 26.9 25.3
1-hop (1460) 61.1 30.8 322
1-hop + reverse (10) 0 0 0
1-hop + count (3) 66.6 33.3 0
1-hop + exclusion (17) 17.7 59 0
multi-constraint (304) 50.3 19.7 3.6
multi-hop (55) 1.8 10.9 1.8
qualifier-constraint (22) 45.5 0 4.5
questions without answers (410) 39.8 59 86.8
total (2330) 53.1 23.2 36.1

Table 2: Comparison of performance metrics on RuBQ2.0 for each question type in the dataset.

For evaluation of our English KBQA system, we use LC-QuAD dataset (Trivedi et al., 2017), which
consists of 5000 questions over DBpedia and their respective SPARQL queries. We compare against the
following baselines: QAmp, WQAqua and NSQA (Kapanipathi et al., 2020). Performance scores are
represented in Table 3. The proposed system surpasses existing baselines on KBQA task. Appendix B
shows examples of answers generated by our system.

Model Precision | Recall | F1 score
QAmp 25.0 50.0 33.0
WQAqua 22.0 38.0 28.0
NSQA 45.0 46.0 44.0
DeepPavlov 45.0 50.0 47.0

Table 3: Performance metrics of KBQA model on LC-QUAD.

To evaluate the generative module, we scored generated full answers against the target by calculating
the BLEU score. We used gold triplets as input to the generative component thus evaluating only the
generative component. The generative component achieves BLEU-1=70.1 and BLEU-2=56.2 on LC-
QuAD. The model’s performance can be improved by forcing it to use all entities in the generated text.
Thus, method for controllable generation of full answers based on triplets should be examined in future
studies.

6 Conclusion and Future Work

In this work, we have described the QA system which is able not only to give a short answer to the
question, but also to generate full detailed sentence, thus making the answer more engaging and inform-
ative for users. Our system derives answers either from knowledge graph or from unstructured text. In
comparison to existing methods (GenQA (Yin et al., 2016), COREQA(He et al., 2017)), our generative
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module over KBQA can generate answers to complex questions. For training and evaluation of text-
based QA model for long answer generation in Russian, we devised a new dataset DSberQuAD based
on SberQuAD. Our system achieves competitive performance on existing QA datasets and the Russian
KBQA system achieves SOTA on RuBQ2.0.

One feasible future research direction is to use heterogeneous knowledge sources for generative QA.
Although knowledge base approaches excel in addressing complex questions, their effectiveness is fre-
quently hindered by the incomplete nature of the KB. On the other hand, web text consists of numerous
facts that are not present in KB, but they are often disorganized and lacking structure. We leave the task
of fusing information from both knowledge sources for future work.
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Appendix A Cases analyzed when constructing the DSberQuAD dataset

Below are presented the 10 cases we analyzed when constructing the DSberQuAD dataset. If the question

does not fit into any of the cases, the answer is left without changes.

Case 1 When the qword € {xmo, wmo} and it is the root of the syntactic tree, the qword (and
sometime the whole subtree of the qword is replaced bye the answers a. Also, a hypthen is
added. (Table 1).

Q Kro rakoit ITymkus?
A Bemukuii pycckuii mosT

LA | Ilymkud - 370 BeJIMKHI PYyCCKU IIOIT.

Table 1: Case 1 for constructing DSberQuAD.

Case 2 qword — If it is the case form of the qword xmo, wmo , the qword (and sometime the
whole subtree of the qword) is replaced by the answer. The answer’s case and number is
changed to align with the case and number of the qword and the necessary prepositions are
added. If the qword is not the subject of the question, then the answer or the whole subtree
is place after the predicate (Table 2).

Q Yewm zabosienr Baitpon B Muccojionrun?

A JITXOPAITKOM

LA Baitpon zabomen muxopaakoit B MuccoaoHrn.

Q Kro yBumen BpaykecKuii a3poIljiaH BO BpeMsl pa3BeIKku’

A JIETINKH

LA JIETYnKN yBUJEIN BPaXKECKUI adpOIIaH BO BPEMs Pa3BEJIKU.

Q Yt0o OBIIO OTKPBITO BO JIBOPIIE ITOCIE BOCCTAHOBICHUS !

A Hammonanbuas raepest

LA | HamumonasbHas rajepest Oblia OTKPBITA BO JIBOPIIE TIOCE BOCCTAHOBJICHUSI.

Table 2: Case 2 for constructing DSberQuAD.

Case 3 If the qword is the case form of xaxod, wet, depending on whether the answer is a
noun phrase, an adjective or a date, the qword (or the hole subtree) is replaces with the
answer. Case and number of the answer is changed according the agreement rules, necessary
prepositions are added. The sentence order is changes to Subject- Verb-Object. Additional
post-processsing was done on questions that start with "Kaxoe naseanue /naumenosarue...";

"B xaxom 200y..."; "Hew..." (Table 3).
Q B kakowm romy orern, Opurena 6bu1 your?
A B 202 roxy
LA Orer, Opurena 6b11 yout B 202 romy.
Q B kaxom 3amke 6bL1 3ak/t0ueH duapo?
A Bemncenckom
LA B BencenckoMm 3amke OBLT 3aKa09eH umpo.
Q Ybu poToBBIE alapaThl Pa3HOOOpa3HBI!
A YerryeKkpblabIx
LA | PoroBble anmaparsl YelIyeKPbLIbIX PA3SHOOOPA3HEI.

Table 3: Case 3 for constructing DSberQuAD.

Case 4 If the qword is a case form of xaxos, the qword is replcaed by the answer. The word
order remains the same (Table 4).

1123



Turganbay R., Surkov V., Evseev D., Drobyshevskiy M.

Q KakoBa Temiieparypa KUIIEHUST BOJIBI!
A 100 rpamycos

LA | 100 rpamycoB — TeMmieparypa KHIIEHUsT BOJIBI.

Table 4: Case 4 for constructing DSberQuAD.

Case 5 When qword = xoeda, the qword is replaced by the answer. The word order remains the
same. Additional post-processing is added if the answer is a year. In that case the answer is
changed to have the format "B X zody” (Table 5).

Q Korma mMocThr cTasu cTpouTsh u3 xKeje300eTona?

A B XX Beke.

LA B XX Beke MOCTHI CTaJl CTPOUTH U3 KeJIe300eTOoHA.

Q Korna :xenesnas mopora coeaunnia Tunbsur u Kiaiimnemy?

A B 1875

LA | B 1875 rony »kenesnas jopora coequauia Tuis3ut u Kiaiimemy.

Table 5: Case 5 for constructing DSberQuAD.

Case 6 When qword € {ede, xyda, omxyda, doxyda} , the quword =is replaced by the answer.
The word order is changed to Subject- Verb-Object (Table 6).

Q Kyna nepeexana @annn uz Can-Opanimcko?
A B MonTepeii

LA | ®annn niepeexasia B Monrepeit nz Can-OpaHIHCKO.

Table 6: Case 6 for constructing DSberQuAD.

Case 7 When qword € {nouwemy, omuezo} , answers are not rewritten in full forms since the
original asnwers are already full sentences.

Case 8 When qword = xax, the root of the T is placed at the end of the sentence. The question
word is removed and the answer is appended to the end of sentence. If question starts
with "Kax 6wvicmpo... "Kax doseo...", these are assumed to be the qword and removed all
together. If the qword is "Kax nepesodumca... "Kax onucweaemca” or the answer is a noun
in accusative case, then a word max is added to the answer (Table 7).

Q Kak oTBOJSITCST MB/IUIIKT TEIJIa Y MJIEKOIUTAKOITNX !

A IIOTOOT/ICJICHUEM

LA | Nzjmmkn Teria y MJIEKOIUTAIONIAX OTBOJSITCS TOTOOTIEIEHUEM.
Q Kak nepesojurcs ciioBo Kajurpadus?

A [Iyres nuceMma.

LA CroBo kasmurpadust MepeBOINTCH KaK IIyTh TUCHMA.

Q Kak 6pIcTpo mporekaer MUTO3?

A 1—2 gaca.

LA Muwuto3 nmporekaer 1—2 4aca.

Table 7: Case 8 for constructing DSberQuAD.

Case 9 When qword = ckxoavko, the qword is replaced by the answer. To make the sentence
grammatically correct, additional post-processing is done if the question asks for the
percentage or degree values. Prepositions are added or deleted and the case/number forms
are changed to follow the agreement rules (Table 8).
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Q [Ipu ckobKM rpajiycax ILUIABATCS aibga-IUPKOHUI?

A 1855 °C

LA [Ipu 1855 °C miaBuTcst ajbda-IUPKOHUIA.

Q CKOJIBKO acTepOuI0B OOHAPYZKEHO B HACTOSIINN MOMEHT B COJIHETHOM crucreme?
A COTHH TBICIY aCcTEPOUJIOB.

LA CorHu TBICHY aCTEeponJI0B O6Hapy}KeHbI B HaCTOHHlI/Iﬁ MOMEHT B COJIHEUHOM CHCTEME.

Q Cxospko 1esnoBek pommiock B 2008 rogay vy rpaxkiaan [eeitapun?
A 1147 gyenoBex
LA 1147 genosek pommiaock B 2008 roay y rpaxaan IlIseitriapuu.

Table 8: Case 9 for constructing DSberQuAD.

Case 10 When qword = au, the qword is removed and its parent p is replaced by the answer.The
word order is changed to Subject- Verb-Object (Table 9).

(@ | Pasnag jiu BeJMunHa IPUEMIEMOIO PUCKA JIJISI PA3IMYHBIX 00IIecTB?

A pasJIindHast

LA | Bennanna mpreMieMOro pucKa JJTsi PA3JTUIHBIX OOIIECTB Pa3InIHAs.

Q lM'urpockornuyen i repmanar BucmyTa’
A abCOJIIOTHO HETMIPOCKOITNYEH

LA lepmanaT BucMyTa abCOTIOTHO HETUTPOCKOIIUYEH.

Table 9: Case 10 for constructing DSberQuAD.
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Appendix B Examples of answers by our English KBQA system in comparison to the
compared baselines.

Here we illustrate examples of how our system generates full sentence answers to questions using path
triplets in the graph. As i was mentioned, using path triplets for generation can enhance the interpretab-
ility of the KBQA system by demonstrating how complex questions were broken into multiple triplets.
Table 1 shows some examples of questions from LC-QuAD dataset, short answer entity found by out
system, path triplets in (subject, relation, object) format and the generated full answer.

Question Answer Triplets Generated Text
Is Essex the Ceremonial  Yes <’West Tilbury’, ’Ce- West Tilbury is in the
County of West Tilbury? remonial County’, ’Es- County of Essex.
sex’>
What nation is Hornito Panama <’Jaime Bateman The death place of Jaime
located in, where Jamie Cayén’, ’death place’, Bateman Cay6n is Horn-
Bateman Cayn died too? ’Panama’>, <’Hornito, ito, Chiriqui, Panama.
Chiriqui’, ’country’,
’Panama’>
Who are the shareholder = Roman Ab- <Steve Holland’, ’cur- Steve Holland’s cur-
of the soccer club for ramovich rent club’, ’Chelsea rent club is Chelsea F.C.
whom Steve Holland F.C’>, <’Chelsea E.C., which is owned by Ro-
plays? owner’, "Roman Ab- man Abramovich.
ramovich’>
Who is the chancellor of ~ Dawn French <’Falmouth University’,  The chancellor of the
Falmouth University? ’chancellor’, ’Dawn Falmouth University is
French’> Dawn French.
What is the relegious af-  Buddhism <’Katyayana’, 'religion’,  The religion of Katyay-
filiations of Katyayana? ’Buddhism’> ana is Buddhism.

Table 1: Examples of long answers generated by our system on LC-QuAD dataset.
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AHHOTANMSA

Crarbs IoCBsIIEHa pa3padoTKe MOP(OIOrHIECKOr0 aHAIM3aTopa JUIsl A3bIKa MHHIEPMAHIIAHICKUX NIEPECEIICHLICB
B Cubupu. [laHHBIN SI3BIK SBISETCS MaJIOPECypPCHBIM, 3TO BHOCHUT CHEU(UKY B pa3paboTKy nporpaMMHOro obecrie-
YeHHs JUIs Hero. B cTaTbe mpencTaBieH ajJropuT™ aHajiKu3a CJI0B, OTHOCSIIMXCS K UMEHH CyLIeCTBUTEIBHOMY, ¥ pac-
CMOTpEH MPUMEp aHaIIN3a CJIOBA.

KutroueBble cj10Ba: MOp(OIOTHUECKUIl aHATU3ATOP; MAIOPECYPCHBIE SI3BIKH; 00pabOTKa €CTECTBEHHOTO SI3bIKA,;
CHUOMPCKUIT HHrepMaHIaHACKAN HIHOM

1 Bseneume

ManopecypcHbie s3b1ku (low-resource languages) xapakTepHu3yrTcsi HATMYUEM OJHOTO WM HECKOJIb-
KUX M3 HIKE NEPEUHCICHHBIX CBOMCTB: OTCYTCTBHEM CTAOMIBHONW MUCHMEHHOCTH U opdorpaduu; oT-
CYTCTBHEM WJIM HEOOJBIINM KOJINYECTBOM PECYPCOB B 3JIEKTPOHHOM BHUJE; OTCYTCTBHEM MM HEOOJIb-
IIMM KOJIMYECTBOM TPOrPAMMHOTO 00ecTeueH st Tk paboThI C s3bIKOM [1].

B raBe 2 onmceiBaeTcs npodiiemMa, IpUcyIias MaJIOpECyPCHBIM SI3bIKaM, 00Ja aloIIuM TOJIBKO Clle-
JOYIOLUIMMHU THIIAMH PECYpPCOB: HEAaHHOTUPOBAHHBIE aynuo (BHIEO) JaHHbIC; JIMHIBUCTHYECKOE OIHUCA-
HUE, BBITIOJTHEHHOE B (hopMe, HEMPUTOHON I KOMITbIOTepHOM 00paboTku. PaccMarpuBaemslii B cTa-
Th€ CHOMPCKUN WHTEpMaHJIaHIACKHH HMIUOM OTHOCHUTCS K 3TOH TpyIEe MalOpeCypCHBIX S3BIKOB.
B m1aBe 3 maHO KpaTKoe OomMcaHWe CHOMPCKOTO MHIEPMAaHIaHACKOIO MIMOMA, JUIl KOTOpOro paspada-
TBIBAa€TCA MOP(OIOrHUECKUil aHATIM3aTOP U JaHa XapaKTEpPUCTHKA ero pecypcoB. 171aBa 4 mocsiieHa
paccMOTpeHnI0 MOP(HOJIOrHYECKOTO aHanu3aTopa. PaccMOTpeH alropuT™ M NMpUMeEp aHalnu3a CJoBa,
MIPUHAJIEKAILET0 K UIMEHHU CYIECTBUTEIBHOMY.
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2 O030p padoT ¥ MOCTAHOBKA 3a/1a4H

S13bIKHM, OTHOCSIIIUECS K TPYIIE MaJIOPECYPCHBIX SA3BIKOB, 00ECIIEUEHBI PECYPCaMU B Pa3HOM CTETICHU.
Hampumep, Takue sS3bIKM Kak Kapeibckuit [2] win sikyTckuii [3] 00nagaroT OTHOCHTEIBHO OONBIIUM
KOJIMYECTBOM TEKCTOB Pa3lIMYHBIX THUIOB (IIEPUOAMKA, MACCHBBI COOOLIEHUI M3 COLMAJIBHBIX CeTeH U
T.71.), HA OCHOBE KOTOPBIX MOYXHO CTPOUTH SI3BIKOBYIO MOJIeNb. Hanmnume s3pIKOBOM M aKyCTHYECKOH MO-
JieJIelt TO3BOJTUT Pa3padoTaTh IJIs ATHX A3BIKOB CHCTEMbI aBTOMATHYECKOTO paclO3HABAHMUS pedn (Haee
CAPP) u apyroe cinoxxHoe porpaMMHoOe obecriedeHue.

CymecTByeT ipyras JOBOJIEHO OOJbINAs TPYIIa MaJOPECYPCHBIX S3BIKOB, ISl KOTOPBIX CYIIECTBYET
TOJIBKO JIBa THIIA PECYPCOB: HEAHHOTHPOBAHHBIE ayIno (BUJE0) JaHHBIE, HAPUMED, JaHHBIE U3 JKCITe-
JUIIHI; TMHTBUCTHYECKOE OMMCAaHNe, BRIITOJHEHHOE B (hopMe, HEITPUTOAHOM JITsI KOMITBIOTEPHOI 00pa-
00TKH, HaIIpUMep, B «OyMakHOI» (opMe wiH B Buje Tekcta B hopmarax PDF, Word u 1.1. Kak BuHO,
oOmaas pecypcaMu TaHHBIX THIIOB HEBO3MOXKHO pabOTaTh C TAKUMU S3BIKAMH B 3JIEKTPOHHOH cpelie.
Taxkux HIUOMOB CYIIIECTBYET JOBOJIFHO MHOTO, HAIPUMED, UAMOMBI, OIICAHHBIE B PAMKaX dKCIIEANLINH,
MIOJIEBOM MaTepHuall u3 KOTOPBIX XpaHUTCA B apXuBax. BaykHOU Hay4yHOH 3amadei siBisercs: Oosiee M-
POKOE BBEJIEHHE TAaHHBIX TAKHUX SI3BIKOB B HAYYHBIH 0OOPOT.

EnnHCTBEHHBIH CITOCOO MOMYYHTH BO3MOXKHOCTH PabOTHI C TAKUMHU SI3BIKAMH B DJIEKTPOHHOM cpeie —
9TO MOCTPOCHUE KOPIyca TEKCTOB Yepe3 aHHOTUpOBaHME aynuo (Buaeo) maHHbX. Kak u3BectHO [4],
CO3aHME aHHOTALUMI IS ayJUOJAaHHBIX — 3TO YPE3BbIYANHO TPYAOEMKUI IIPOLECC: HA AaHHOTUPOBAHUE
OJIHOTO Yaca ayIHoIaHHbIX MoXeT yirTi oT 40 1o 100 gacoB (3T0 Tak Ha3bsIBaeMas mpobiema «annotation
bottlenecky).

Tak kak pa3MeUeHHbIE TEKCTHI JJIS pacCMaTpHUBAaEMOTO THUIIA MaJOPECYPCHBIX SI3BIKOB MOXHO TOJTY-
YUTH TOJBKO U3 ayAHOaHHBIX, TO XOpolueH uneeit Obuto Ob1 pazpadorka CAPP st 5THX S3BIKOB, KOTO-
past ObI aBTOMAaTH3WUPOBANa, XOTS OBl YaCTHYHO, MPOIECC IMONyYEHHS] HOBBIX TEKCTOBBIX JAaHHBIX W3
ayano. Tak kak CAPP 00bI4HO cTpoOsITCS Ha OCHOBE MPUHLUIIOB MAIIMHHOTO 00Y4eHHsI, TO JJIsi Majope-
CYPCHBIX SI3BIKOB TaKO# MOJXOJ MOYTH HEOCYIIIECTBUM, HO, TEM HEe MEHee, ecTh padoTsl [1,5], koTopsie
paccmarpuBaroT npumenerre CAPP 1 MamopecypcHBIX s3BIKOB. B pabore [6] omuchiBaercs cmocob
MTOJTyYeHHsI IEPBOHAYAIFHOTO 00yJaroiero Habopa sl MaJIOpeCypCHBIX S3bIKOB. CyThb ITOX0/1a 3aKII0-
4aeTcsl B TOM, YTO BMECTO TOTO YTOOBI aHHOTHPOBATh ayIWOAaHHBIE U3 AKCIIEAUIHH, B KOTOPBIX peub
MOJKET OBITh CITOHTAaHHOW M HE CHCTEMAaTH3UPOBAHHOW, MOJKHO CHayaya B3ATh Ka4eCTBEHHBIE TEKCTEHI,
[IOTOM WX O3BYYHTHh HOCHUTENSMH SI3bIKa M CHHXPOHH3UPOBATh pedb ¢ TeKCToM. llpu TakoM momxome
MOXHO TOpa30 ObICTpee MOMYyUUTh MEPBhIH 00ydalonii HA0Op JaHHBIX.

YT0OBI NCTIOIB30BATH VISl CHOMPCKOTO MHrepMannanackoro uauomMa CAPP u onmcanssiii B [6] cro-
co0 ToTydeHus MepBOro 00ydaronero Habopa JaHHBIX, HY)KEH HCXOTHBIH HAa0Op TEKCTOB, KOTOPHIA
MOKHO TIOJYYHUTb JUIA AAHHOTO S3BIKA TOJNBKO M3 aHHOTammi. IlosTomMy, cxema moaxoxa oOecrieueHus
pecypcamu cHOMpPCKOTo HHIepMaHIaHICKOTO HIMOMa  S3bIKOB C MIOX0KUM UCXOTHBIM HaOOpOM pecyp-
COB MOKET OBITBH CIEIYIOIIAs:

e TO0CcTpOoeHHE MOP(OIOTHYECKOTO aHAM3aTopa W TeHeparopa Ha OCHOBE JIMHTBHCTUYECKOTO
OTIMCAHU SI3bIKa, 3TO TIO3BOJIUT PabOTaTh C S3BIKOM KOMITBIOTEPHBIMH METOJAMH;

®  JICIIOJIB30BaHHUE 3TOTO aHAIM3aTopa M TeHepaTopa IS MONyYeHHUs CIOBO(GOPM, ayrMEHTAIHH
JAHHBIX, paccTaBieHus: POS Teros, aBTOMaTH3allMy YaCTH PYTHHHBIX OTepalnii pyu aHHOTHPO-
BaHUH ayJIHo;

e wuHTerpaius ¢ cucremamu Apertium [7] u HFST [8], uto momoxet paborath ¢ hpa3aMu 1 aBTo-
MaTU3HUPOBATh MIEPEBOJI TEKCTA LEIEBOIO MAJIOPECYPCHOTIO SI3bIKA HA PYCCKUN MM aHIIMHCKUI
SI3BIKH;

® [OJNY4YHMB Ha0OpP TEKCTOB, MOKHO MPUMEHHUTH METO/I TIOJIyUeHHS IIEpPBOTo oOyyaromiero Habopa
naHHbIX 111 CAPP, onmcaHHbIi B uCcTOUHUKE [6];

e paszpaborka CAPP, koTopas momMokeT ObIcTpee MOTyYUTh OOJBIIOE KOTMIECTBO HOBBIX TEKCTOB
W3 OCTABIINXCS ayJHOAaHHBIX.
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3  Cubupckuii ”HrepMaHJIAHACKUNA HIHOM

3.1 Kparkas XapakTepuCTHKA

SI3pIK MHTEpMaHIAHCKHUX TiepecerieHneB B CHOUpH WM CHOMPCKUI HHTepMaHIIAHICKUH UIHUOM — DTO
CMELIaHHBIN A3bIK, OCHOBAHHBIN Ha HIKHETYKCKUX BapHaHTaX HKOPCKOTO U (PMHCKOTO S3bIKOB. Mccie-
JOBaTEJISIMU TaKXKe OTMEYAETCsl HAJTMYHE BOACKOTO cyOcTpara. B coBpeMEHHOM COCTOSHMM OTMEYaeTCst
BIIMSIHUE Ha JAHHBIM A3bIK 3CTOHCKOTO U PYCCKOTO SI3BIKOB. IIpenku HocuTenel JaHHOTO S13bIKa MUTPHU-
poBaiu B CubUph N3 GUHCKHUX M WKOPCKHX JIEPEBEHb, HAXOMSAIINXCS B pailoHe HUYKHETO TEUCHUST PEKU
Jlyru, B 1803-1804 rr.

B nacrosimee BpeMs SI3IKOBOM KOJIJIEKTHB, UCIIONB3YOLIMH JaHHBIX HIUOM B cepe ObITOBOro 00-
HICHUsI, COXPaHSIETCs TOJIBKO B ceite PeikkoBo B OMckoit obnactu. OTenbHbIe HOCUTENH JAHHOTO S3bIKa
MIPO’KUBAIOT TAKXKe B HACEJIIEHHBIX ITyHKTaX PSAAOM C celoM PrDKKOBO, B Topoge OMcKe, B HECKOIBKHX
IpYTHX HaceNEHHBIX MyHKTax OMCKOH 00JacTH, a Takke B DCTOHHH.

Tepmun «cuOupckuii nHrepManianackuii uauom» (Siberian Ingrian Finnish) 6su1 Benén 1.B. Cu-
JIOpPKEBHY, KOTOpast UCCIIEI0Baa U JOKYMEHTHpoBaja AaHHbld oM B 2008-2014 rr. [9,10]. B Hacto-
sIIee BpeMsi 3TOT MIMOM Tpopoibkaer uccienosars H.B. Kysnenosa [11]. SI3bik mHrepmaHianicKux
nepeceneHneB B Cubupu o61amaer JOBOILHO 3HAYNTEIHHBIM KOJIMYECTBOM (DOHOJIOTHIECKHUX, MOP(]O-
HOJIOTUYECKHX, MOP(OJIOTHYECKIX 0COOCHHOCTEH U IMPE0CTABIISCT BAXKHBIN MaTepral, HapuMmep, s
CPaBHHUTEJIBHOTO aHallM3a C JAPYTMMH S3bIKaMH npubantuiicko-¢puHckol rpynmsl. PazpaboTka mpo-
TPaMMHBIX HHCTPYMEHTOB JJIsT PAOOTHI C TUM SI3BIKOM OYIET ITOJIe3Ha M1l pabOTHI ¢ OOJIBITIMH MaCcCH-
BaMH ay/JIMOJIAHHBIX TaKUX ONM3KHX WIAMOMOB, KaK (UHCKUE W MKOPCKUE JTUANICKTHl palioHa HUKHETO
TedeHust pexu Jlyru.

3.2  O030p pecypcoB JaHHOIO SI3bIKA

00630p pecypcoB, TOCTYIHBIX JJIsi CHOMPCKOTO HHI'€PMAaHJIaHICKOTO HIMOMa, TIpeacTaBiieH B Tabmuie
1. MokHO 100aBUTb, YTO JUIsl AAHHOTO SI3bIKA CYIECTBYET O3BYUEHHBIH CIOBaph B BHJIE BEO-IPHIIOKE-
HHS, Pa3paboOTaHHOTO aBTOPOM CTaThU. BeG-NpuioKenne 1OCTYHO B ceTH MHTepHeT , HCXOMHBIH KOt
3TOT0 BeG-TIPHIIOKEHHUS HAXOIUTCS B OTKPHITOM focTyre’ Ha GitHUb. AHHOTaMN ayMonaHHBIX B GoOp-
mare ELAN®, cocrapieHHble aBTOPOM CTaThH, a TaKkKe APYTHe MaTepHalbl, BKIIOUAs MCXOMHbIH KO
MOP(HOTOTHYECKOTO aHATH3aTOpa, OMyOIHKOBaHKl B paboueM perosuTopun npoekta® ma GitHub mox
muensueit Creative Commons 4.0.

Tun pecypca O0bém pecypca
Aynnonannsle, coopannsie J.B. Cunopkeuy B 2008-2014 rT. 80 uacos
AynuonanHble, COOpaHHbBIE aBTOpOM cTaThi B 2019-2023 rr. 20 yacoB
AynuonanHele, OITyOIMKOBAHHEIE B OTKPBITOM JOCTYTIE IO CBOOOTHOM

nunensuent Creative Commons 4.0 5 vacoB
Buneonanusie 2 yaca

TexcThl, B OCHOBHOM TPAaHCKPHUIIIIHS ayITHOJaHHbIX, CIeJTaHHAS BPYYHYIO | 42 THICSYH TOKEHOB
AmnnotupoBannsie B ELAN cnosa 200 cnos

Uwmcno HocHTeNe s3bIKa, peUb KOTOPBIX 3alrcaHa 31 uenoBek

Tabnuua 1: Obecnedenne pecypcamu CHOMPCKOTO HHI€PMAHJIAHACKOTO HAMOMa

Kak BuaHO u3 TaOnuiibl 1, JaHHBIN HAKMOM HE 00J1a1aeT 3HAYUTEIbHBIM HA00POM TEKCTOB. J1Jist 1ajib-
Helmeld paboThl ¢ ATUM UAMOMOM KOMITBFOTEPHBIMU METOJaMH HEOOXOAMMA SI3bIKOBas MOJIENb, KOTO-
PYIO MIOCTPOUTH 0€3 HAIMYHS TEKCTOB HEBO3MOXKHO. EMHCTBEHHBIN CITOCOO MOMYYHUTH S3BIKOBYIO MO-
JIeTb 3TOTO SI3BIKA — 3TO COCTAaBUTH HA0Op aHHOTAIMH ayJHOJaHHBIX, HO KaK OTMEUYaJIoCh BO BTOPOU
IaBe, TPOIECC AHHOTUPOBAHMS aylIHONAHHBIX 3aHMMaeT Oomibinoe Bpems. CoOKpaTuTb BpeMms

1 http:/lexeme.net/sif

2 https://github.com/ubaleht/Lexeme

3 https://archive.mpi.nl/tla/elan

4 https://github.com/ubaleht/SiberianingrianFinnish
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AHHOTHUPOBAHUWA, AaBTOMATU3UPOBATH YaCTh PYYHBIX onepaunﬁ IIO3BOJIUT MOp(bOJ'IOl" NYCCKUH aHaJIM3aTop
JJIA JAHHOTO s3bIKa.

4  Pa3zpab6oTka MOp(oJIOrHYeCKOro aHaJIu3aTopa

K Hacrosimemy MOMEHTY pa3paboTaH MOZYIb AJsl MOP(OIOTHIECKOTO aHAIM3aTopa, PadOTAIOLINKA CO
CJIOBaMH, IPUHAUICKALIMMI K HMEHHBIM 4acTsM peuH (CyLIeCTBUTENIbHbIE, IpHIarareibHble, MEeCTO-
UMEHUS, YUCTIUTENIbHBIE).

Ha pucynke 1 mokaszaH ajropuT™ aHaiu3a CJIOB, MPUHAUICKANIMX K UMEHHU CYIIECTBUTCIHLHOMY.
Bxon anroput™a — nate ocHOB aHanuzupyemoro cioBa: NOM.SG — ananusupyemMoe €10BO B HOMUHA-
THBE, B EIMHCTBEHHOM YHCIIe (CJI0BO B TaHHOH opme sBisieTcs teMMoii); PRT.SG — ocHoBa citoBa st
MOJIyYCeHHMsI CJI0Ba B MApPTUTBE B eAuHCTBeHHOM uncie; ILL.SG — ocHOBa cioBa Jj1s1 MOy4EHUs CJIOBA B
wiatiee B enuHcTBeHHOM uncie; OBL.SG — kocBeHHas OCHOBa CJIOBa B €JMHCTBEHHOM 4YHCIIE, HA OC-
HOBE e€ cTposATCs Bce (GOPMBI CJI0BA B €AMHCTBEHHOM YHCIIE BO BCEX KOCBEHHBIX MaJekKax, KpOME WIl-
JIaTHBA U MAapTUTHBA, a TAKXKE JUIS NOIMydeHust (POpMBI CJIOBA B HOMUHATHBE BO MHOKECTBECHHOM YHCIIE;
OBL.PL — xocBeHHasi OCHOBa CJIOBa BO MHOKECTBEHHOM UHCIIe. AJIBTEPHATUBHBINA BXOJ aJlTOPUTMA —
3710 ToJIbKO (hopma citoBa B NOM.SG. Brixop anropurma — pazmedenHas ctpoka B hopmare XML, co-
Jeprkamas Bce CIIOBOGOPMBI aHATU3UPYEMOTO ClIoBa, HHMOPMAIHIO 0 MOP(HOJIIOTHH, METaTaHHBIE O
JTAHHOM cIIoBe (KoJi ”H(OPMaHTa, TIePEBO]l CJIOBA, KOHTEKCT 3allMCH U T.J1.). B nanpHeieM cTpykTypH-
poBaHHas nHpopmManus u3 Gopmupyemerx XML ¢aiinos Oyaer ornpasieHa B 6a3y JaHHBIX Ha OCHOBE
CYBJ MS SQL Server.

INPUT: — Ibo crnoec W B dopme NOM.S5G.
- Iibo W E bopme NOM.SGE c ocHogBammM OFBEL.S5GE, PRT.SG,
ILL.S5&, OBL.FL
OUTPUT: Bee crnoBodopMe Ona W o Mop@GOTOMYSORFN CIIFOSHFFEM
E tfopmaTe HML.
1. IF W Tonbko B bopmMe NOM. 55
THEN BEGIN
3. NobyxeeHuent anmanmm=s W, smbop omHoro mMopdoHoOmOTHMEECKOTO
Tona FROM C51 TO €55 OR FROM V51 TO V53;
4. Ins doprmpoEadMs Ka®xgoM M= ocHoB OBL.SSE, PRT.S5, ILL.SG,
OBL.FL BHbop mMopdoHodoIrmueckoro mpecbpasosanmsa
FROM Cal To CAS OR FROM VAI TO VAS AND npMmMeHSHMES
IEPHMCTHMHESCKMY IpaBMI M3 MHOXSCTEa E;
END
6. NobaEneHM=s DaIeXEHHX OOoKasaTel el K ocHosam OBL. 55, FRT..SS,
ILL.55, OBL.FPL u dopmposadMe nna W fdopM cmosa B 10 nagexax
M 2 umMcmax;
3. SBanmck Ecex caobBofopM W M MopdolormuEeckKoro olfcadHMa B XML

darr.

Pucynok 1: AnroputMm gopmupoBanusi c10Bo(GopM I CyIIeCTBUTEIbHBIX

B HacTosmuit MOMEHT JaHHas 9aCcTh MOP(OIIOTHYECKOTO aHaTH3aTopa ¢ ONOIIMOTEKOH aHaIn3a CIIOB,
OTHOCSIIIMXCSI K IMEHHBIM YacTsIM pedH, peain3oBana ¢ moMomipio mardgopmel .NET u s3bika C# xak
npunokenne s Windows. TIpumoxkeHue MMeeT Mob30BaTeIbCKHI HHTepGeic LT yIoOHOTO, OBICT-
POro BBOAA UMEIOIIUXCS CJIOB, IPUHAAJIEKAIIUX K UMEHH CYIECTBUTEIbHOMY M UMEHH NpHJIarareib-
HoMy. B nanbHeiimem mianupyercs uarerpamus ¢ Apertium u HFST st pabotsl ¢ ppazamu u nepeBo-
namu. B anroputme Ha Pucynke 1 mpezctaBieH aHaiu3 clOB, MPUHAJIEKAIIUX K UMEHHU CyIECTBU-
TEIbHOMY.

Pabora co cnoBamu, NpUHAUISKAIIMMH K HMEHU NPUIArareIbHOMY, OCYILECTBISIETCS C OMOLIBIO
9TOrO *e anroput™a. MopdoHomoruueckrue TUIBI Y UMEH MPHUIIAraTesIbHBIX TaKUe ke, KaK U Yy UMEH
CYIIECTBUTEIbHBIX — J00aBISIETCS JIUIIb HECKOJIbKO OCOOCHHOCTEH, HampuMep, aHajlu3 CTeleHel
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CpaBHCHU NPpUJIAraTCJIbHbIX. ﬂﬂﬂ MECTOUMCHHI U YHUCJIIUTCIIbHBIX, KOTOPBIC UCIIOJB3YIOT TC KC Iapa-
AUTMBbI, aHAJIN3 C IOMOLIBIO aJITOPUTMA HC HY?KCH, TaK KaK BCC UX CJ'IOBO(l)OpMLI HN3BCCTHEI.

Naxex EauHCcTBEeHHOE YHCJI0 MHo:KecTBEHHOE YHCJI0
OcnoBa | Cypduxc | [Ipumep | OcnoBa | Cyddukc | Ilpumep
Homunarus | NOM.SG | @ kukk OBL.SG | -t kuka-t
I'enerun OBL.SG | -n kuka-n OBL.PL | -n kukki-n
[Maptutue | PRT.SG | @ kukka OBL.PL | - kukki-j
Unnarus ILL.SG 0] kukka OBL.PL | -s kukki-s
Hueccus OBL.SG | -s kuka-s OBL.PL | -s kukki-s
Onarus OBL.SG | -st kuka-st OBL.PL | -st kukki-st
AneccHB = | o) o5 | .| kuka-l | OBL.PL | I kukki-I
Annatus
AbGnarus OBL.SG | -It kuka-It OBL.PL | -t kukki-It
Tpancnatus | OBL.SG | -ks kuka-ks | OBL.PL | -ks kukki-ks
Komurarus | OBL.SG | -nka kuka-nka | OBL.PL | -nka kukki-nka

Ta6numa 2: [TapaaurMa ckinoHeHus 1151 MopdoHomoruueckoro tuna CS1 ¢ mpumepom criosa Kukk,
OTHOCSIIITUMCSI K 3TOMY MOP(OHOIOTHYECKOMY TUITY

B kauecTBe mpuMepa aHaIU3UPYyeMOro ciioBa Bo3bMEM citoBO KUKK — «1iBeTok». UTOOBI MOTy4HUTh BCE
cII0BO()OPMBI JJAHHOTO CJIOBa B COOTBETCTBHH C AJITOPUTMOM Ha PucyHke 1 HE0OXOIUMO: yCTaHOBUTH
MOP(OHOIOTHYCCKUI THII U THIT MOP(OHOIOTHYCCKUX TpeodpazoBaHnuil. B HacTosSIIMIT MOMEHT ISt
CHOMPCKOTO MHTEPMAHIIAHICKOTO MaHOMa ompeneneHo 16 mopdonomornueckux tumos [10 ctp. 163,
170-171]. BoceMb THIIOB [UIsl CIIOB MMEIOIIMX KOHCOHAHTHYIO OCHOBY (consonant stem) CS1 — CS8 u
BOCEMb THUIIOB JIJIs CJIOB, MMEIOIINX IMacHyro ocHoBy (Vowel stem) VS1 — VS8. B o6nactu MmopdoHo-
JIOTHYECKHX MTPeoOpa3oBaHmii CYIIECTBYIOT KOHCOHAHTHBIE YepemoBanus (consonant alternation) CA1
— CAb u Bokanunveckue yepeoBanus (Vowel alternation) VAL — VAS.

Ecnu s aHanmu3upyemMoro ciioBa, Hanpumep, it cioBa KUKK u3BecTHbI msiTh ocHOB — NOM.SG,
PRT.SG, ILL.SG, OBL.SG, OBL.PL, To Ha 0CHOBE MX MOXHO ITOJIYIHTh BCE CI0BO(OPMBI H00aBe-
HHUEM TaJIS)KHBIX [TOKa3aTeleil K COOTBETCTBYIOIUM OCHOBaM, cM. Taomwuiry 2.

Ecnn ni1st cnosa B hopme NOM.SG Hen3BECTHBI IpyTrye OCHOBBI, TO KX MOXKHO TTOJTYYHUTh C TOMOIIBIO
anroputMma Ha Pucynke 1. Hanpumep, cnoBo kukk otHocuTcst k Mopdononorunueckomy tumy CS1 [10,
ctp. 169]. Anroputm Ha pucyHke 1 ompenesnsier 3To nocie moOyKkBeHHOTro aHamu3a ciosa. Tum CS1
oTpeensieTcs CICAYIOMUM 00pa3oM: «...COITIacHasl OCHOBA C MEPBUYHON T€MHUHAHTOM, MPOCTHIM KOH-
COHAHTHBIM KJIACTEPOM, KJIACTEPOM C I'€MHHAHTON WM OJMHOYHBIM COIVIACHBIM, HMEIOLIMM CJIa0yIo
CTYIIEHb UepenoBaHus, B ayciayte...» [10, crp. 164]. K stomy Tumy otHocsTes Takke: jalk «moray,
harakk «copoxa», penkk’ «ckameiika», rankk «rsoxémsrity, huntt’ «somx», luut «Bemwk», piippe
«tpybKay, kant «ctBom» u T.a. s tuma CS1 SBIAIOTCS BO3MOKHBIME CIIEAYIOIIHE MOP(POHOIOTHYIE-
CKHE TTpeoOpa3oBaHus:

o s popmupoBanus ocHoBEI OBL.SG 310 npasmiio CA1 wimm mpasuino VAL;
o s popmupoBanus ocHoB PRT.SG u ILL.SG »to mpasuno VAL;
o s popmupoBanus ocHoBeI OBL.PL 310 mpaBuio VA2,

OcHoBa OBL.SG 6biia nonydeHa ¢ moMolnpio npeodpazoBanuss CAL: «...depeqoBaHue CTyINEHEH
MOCJIEIHET0 KOHCOHaHTa oCHOBEI...» [10, ctp. 161], kukk — kuka-, cm. Tabmuiy 2. OcHoBel PRT.SG 1
ILL.SG ¢dopmupyrorcst ¢ momomisio mpeodpazoBanust VAL: «rmosiBIeHHE TEMaTHYECKOTO TITACHOTO»
(Tompko st cormacHsIx ocHOB) [10, ctp. 161], B maHHOM citydae MOSBIEHHE TEMATHYECKOTO d Y OCHOB
PRT.SG u ILL.SG, kukk — kukka, cm. Tabmuiy 2. OcaoBa OBL.PL ¢opmupyeTcs coriacHO npaBHiLy
VA2: «myTanust TeMatndeckoro riacHoroy [10, ctp. 162], B naHHOM ciiydae & MyTUpPYET B HallpaBJICHUH
i, cm. Tabmumy 2.

[Mourty uist Kaxa0TO M3 MOP(POHOIOTUIECKUX THIIOB CYLIECTBYIOT aJIbTEPHATHBHBIC paBuia (GopMu-
poBaHusl, Tak B TekyieM npumepe ajst tuna CS1 sto CAl u VAL nnst popmuposanus ocaoBsl OBL.SG.
Jnst pa3penienust 3Toi HeOAHO3HAYHOCTH B aJITOPUTME IPUMEHSIOTCS 3BPHCTHKH, U COPMHUPOBAHHEIE
cJI0BO(OPMBI IOMEYAIOTCS KaK PEKOHCTPYHUPOBAHHBIE.
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5

3akJ/roueHue u Oyayumue padoThl

B crarbe nokazaHbl TEKyILIHE pe3ynbTaTsl paboThl Hall MOP(HOIOrHIECKUM aHAIU3aTOPOM AJIsl CHOUp-
CKOI'0 MHI€pMaHJIaHJCKOIo uanoMa. B pamkax mpoekra Mop¢oa0rudeckoro aHaausaropa paspadoraHa
OubIMOTEKa, MO3BOJIAIOAs POPMUPOBATH BCE CIOBOQOPMBI JJ1s1 IMEHHBIX YacTel pedu.

B nanpHeiimem nnaHupyercs:

e paspaboTarh OMONMMOTEKY IS pabOTHI C TIATOJIAMH JTOTO S3bIKA;

e copMHpOBaTh CIOBAPh HAa HECKOJIBKO THICSY JIEKCEM CO BCEMH CIOBO(OPMAMH Ul TAaHHOTO
A3BIKA;

®  HHTErPHUPOBATH ITOT MPOEKT, ¢ mpoekramu Apertium u HFST;

e  yHU(UIPOBATH 0003HAYEHHS HIEMEHTOB MOP(HOITOTHUESCKON Pa3METKH, UCIIOIb3yEeMBbIX B MOP-
donoruueckom ananmsaTope 11 Gyayei naTerpamuu ¢ mpoektom Universal Dependencies®;

®  HCIIOJIB30BATh 3TOT MOP(OIOTMIESCKUIT aHATU3ATOP VIS aBTOMATH3AI[H aHHOTHPOBAHHUS ay/IHO-
JaHHBIX, YTO JOJDKHO 00ECIIEUNTh BBIUTPHIII BO BPEMEHH 110 CPABHEHHIO C PYYHBIM aHHOTHUPO-
BaHHEM, HampumMmep, ¢ momomibio ELAN.
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Abstract

The paper presents the principles of creating a database for research in lexical typology and describes the
possibilities of its use as a linguistic resource. The database is built around semantic fields and frames, i. e. units
of analysis in the frame-based theory of lexical typology.

The database provides a universal format for storing the data; therefore, any project in lexical typology can
be easily added. The database does not only store the data from previous research projects but allows anyone
who wants to contribute to submit data via its web interface. The database includes examples provided by native
speakers and manually annotated with translations, semantic fields, and frames, following the annotation principles
adopted within the frame approach to lexical typology.
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Annoramus

B craThe npencraBieHbl IPUHINIIBI CO3JaHUS 0a3bl NAHHBIX JJIsI UCCIIEJOBAHUI B 00JIACTH JIEKCU-
YECKOI TUIIOJIOTHY U OIKUCAHBI BO3MOXKHOCTH €€ HUCIIOJIb30BaHUs B KAUE€CTBE JIMHIBUCTUIECKOTO PECypca
¥ MHCTPYMEHTa Ui cOOpa M aHaJIM3a MaTrepruasa. ba3a HaHHBIX IIOCTPOEHA Ha OCHOBE CEMaHTHYe-
CKUX TOJIeit u (ppeiiMoB, T.e. eAMHUI], Ha KOTOPBIX OCHOBAH JIEKCUKO-TUIIOJIOTUIECKUN aHAJIN3 B PAMKAX
GbpeiiMOBOr0O MOIXOIA.

Basa npeamonaraer yauBepcasbHbIN (DOPMAT XPAHEHUsT TaAHHBIX, TTOITOMY JIFOOOH TPOEKT IO JIEKCH-
YeCKOW THUIIOJIOTUU MOXKeT OBITh JIErKO B Hee qo0aBjeH. Ba3a TaHHBIX He TOJIBKO COJEPXKUT MaTepHaJl
MPEIBIAYIIAX UCCIEOBATEIbCKIX MIPOEKTOB, HO M TTO3BOJISIET JTIOOOMY ZKEJTAIOIeMy BHECTH HOBBIE JTaH-
HbI€e, UCIIOJIb3Ys CIENHAJIbHO pa3paboTaHHbIil BeO-uHTepdeiic. B 6ase XpaHATCA NPUMEDPHI, IOy YeHHbIE
OT HOCHTEJIE A3bIKa U aHHOTUPOBAHHBIE BDYYHYIO: IS KaKJ0r'0 IpUMepa IIPUBOJUTCA €ro IIepeBos, Ha
PYCCKHUH A3BIK, CEMaHTHYECKOE I10JIe, K KOTOPOMY OTHOCHUTCA UJLJIIOCTpUpyeMasd JIeKChudecKas eJIMHUIA,
¥ COOTBETCTBYIOIIUI TIpUMepy ppeiim.

KiroueBsie ciioBa: jieKCcuyueckasi TUIIOJOT U, KOPIIYCHAs JUHIBUCTUKA, KOMIIBIOTEPHAs JIEKCUKOI'Da-

bust

lCrarpst mOAroTOBIICHA B XOI€E nposegennst uccaegoBanns Ne 23-00-012 «CMesKHOCTb CeMaHTUYECKUX MOoJIei
B THIIOJIOTUYIECKO# mepcriekTrBe» B paMmkax [Iporpammbr «Hayunbrit dpong HanmonaabHOro ncciemroBaTebCKOro
yHuUBepcuTeTa «Bricmas mkoma sxkonomuku» (HITY BIITD)
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1 Introduction

The cross-linguistic analysis of lexicon usually requires both a sufficient amount of data and adequate
annotations to it. For semantic research, as for linguistic research in general, it is convenient to struc-
ture and store this information in databases (in our case - lexical databases). However, as opposed to
phonetic or morphological databases, the lexical ones inevitably reflect theoretical assumptions of their
developers. In particular, FrameNet (Baker et al., 1998) represents the frame approach to semantics,
constructicons (Lyngfelt et al., 2018) provide data annotated in the tradition of Construction Grammar
(Fillmore and Kay, 1995), etc. Even CLICS (Rzymski et al., 2020), which seems to be theory neutral,
relies on a certain categorisation of semantic domains and concepts within them, and thus selects just
one research solution out of many available. Indeed, a detailed analysis of linguistic data within the
framework of Moscow Lexical Typology Group (MLexT) ? results in other sets of categories for the
same semantic domains. The fact is that CLICS automatically aggregates data from available wordlists,
whereas the MLexT approach involves a manual and data-driven detection of relevant concepts, or, in
terms of MLexT, frames (for details, see (Rakhilina and Reznikova, 2016)).

In this paper, we present a database which incorporates the principles of MLexT approach and imple-
ments several functions related to data collection, aggregation of primary data, editing the possible set
of questions, and data analysis. For data collection any researcher can add their data in a unified format
filling a questionnaire and, after moderation, the data are added directly to the database and become
available for search. Besides that, moderators can edit questionnaires and uploaded data, as well as add
general descriptions and observations related to semantic fields. The database includes a search engine
with two modes to cover all possible queries for the purposes of research in both lexical typology and
semantics in general.

2 Lexical typology: theory and methods

For a long time lexicon has not been studied from a typological perspective. The first attempts in this
area cover just a few semantic domains, namely, color, kinship and body-part terms (Berlin and Kay,
1969; Keesing, 1975; Andersen, 1978). Over the last decades, however, the scope of lexical typology
has expanded to encompass a whole range of domains, cf. verbs of cutting and breaking (Majid et
al., 2007), verbs of motion, e.g. motion in water (Majsak, 2007), rotation (Krugljakova, 2010), falling
(Reznikova et al., 2020), pain predicates (Reznikova et al., 2012), verbs of putting and taking (Kopecka
and Narasimhan, 2012), physical qualities (Koptjevskaja-Tamm, 2015; ?), etc. These studies differ in
methodology of data collection and analysis. The approach we follow here, as already stated, is the one
developed by MLexT, as it turns to be more versatile than other techniques in this area (for details, see
(Rakhilina and Reznikova, 2016)).

Within the MLexT approach, semantic domains are compared in terms of frames, i.e. prototypical
situations that are expressed through words of a given semantic field.

The process of establishing the frames starts with browsing through corpora and dictionaries. As a
result, relevant contexts for each frame and parameters of their opposition are identified. For example, for
verbs of motion in water a relevant parameter would be the opposition of active and passive motion, for
verbs of rotation — the type of axis (inner or outer) and the type of rotating object, for verbs of change — the
degree of change (full versus partial change). It does not mean that these parameters should be relevant
for every language: frames that are lexically opposed in one language can be colexified in another.
Hypotheses generated on this stage become the basis for a context-based questionnaire consisting of a
list of sentences with gaps which are supposed to be filled with a lexeme from the field under study. The
number of sentences is determined by the number of possible oppositions which are relevant for the field.

Questionnaires are used for verifying data collected from corpora and dictionaries, and for collecting
data for the languages that do not have such resources. This method of simultaneous work with cor-
pora and native speakers for each language allows us to collect data from various languages, including
endangered ones.

’https://lextyp.org
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Language Field Frame Context Verb Example Translation Source

Spanish change partial change of an object It was obvious that some- cambiar No hay planes de cambiar ~Nikakih izmenenij v za- speakers
thing must be ___ in the la legislacion en ese sen- konodatel’stvo v jetoj ob-
legislation. tido, al menos a corto plaz  lasti, po krajnej mere v
kratkosrochnoj perspekt-
ive, ne planiruetsja.

French change full change of an object He ___ linoleum for par- changer Il a changé le linoléum On pomenjal linoleum na speakers
quet. contre le parquet. parket.

Karel change partial change of an object The chef was angry with muuttua "muuttele syomistd, eld Raznoobraz’ edu, ne esh’ corpus
the cook because he ___ sy0 yhti ta samua odno i to zhe
the recipe.

Table 1: An annotation example.

At the same time, every study conducted in this framework involves different language experts dealing
with various resources. The database storing the up-to-date version of the questionnaire and the skeleton
of the field structure would ensure compatibility of data coming from different languages and facilitate
the process of data collection and analysis.

3 Database

3.1 Annotation

The database includes the data from questionnaires filled in by native speakers or examples from corpora.
Each example is translated to Russian and annotated in the following way:

* Language: the original language of the example;

* Semantic field: a generalized part of lexicon the example belongs to, e.g., ‘falling’, ‘hiding’, ‘chan-
ging’, etc.;

* Frame: one of the prototypical meanings included in a semantic field, e. g. the semantic field of
falling can be divided into four main frames: ‘loss of vertical orientation’, ‘detachment’, ‘falling
from elevated surface’, and ‘crashing down’ ((Reznikova et al., 2020));

* Context: if the example comes from a questionnaire, context is a given stimulus; if the example is
taken from a corpus, it is the closest context to the one in the example;

* Verb: a verb that belongs to a given semantic field and is used in the example;

* Source type: if the example comes from a corpus or was given by a native speaker.

The annotation examples are given in Table 1.

3.2 Database Structure

The Mongo database is built in a way to represent the annotation described above. It is essential that
users can search for any word or word part in examples and their translations; therefore, a non-SQL
Mongo database was implemented.

The database schema is represented in Figure 1. The database includes several ways of searching and
aggregating the data: two search modes, creating semantic maps and semantic field profiles (for details
see Section 4). Some search modes use different types of information (e.g. one can only use fields and
languages). To make the search process more efficient, the database is decomposed into several tables
instead of storing all information in one.

The database includes five collections: contexts, fields, frames, languages, and verbs. In languages
collections, an id and the text name of an item are given. Fields collection, in addition to an id and a text
name, includes an overall description of this field. Frames collections are connected with fields, as they
belong to one field. Contexts include the list of frames, since they can belong to several frames. Verbs
collection includes a verb and the language it is taken from and a list of examples where each example’s
annotation includes the example itself, the translation, the source type, and the context id, which connects
the example to frames and semantic fields.
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N

2 "contexts":{

3 "_id": Objectld,

4 "context": string,

5 "frame": string

6 1,

7 "fields":{

8 "_id": Objectld,

9 "field": string,

10 "description": string,
11 },

12 "frames":{

13 "_id": Objectld,

14 "frame": string,

15 "field": ObjectId

16 T,

17 "languages" :{

18 "_id": Objectld,

19 "lang": string

20 1,

21 "verbs":{

b2 "_id": ObjectId,

23 "verb": string,

2 "lang_id": ObjectId,
25 "examples" :{

26 "example": string,
27 "translation": string,
28 "source": string,
29 "context": ObjectId
30 }

31 }

32 }

Listing 1: The database schema
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4 Web-interface and Usage Cases

The database has the user interface which allows for working in three different scenarios: as a data
collector, as a database editor, and as a researcher. Therefore, our database covers all stages of working
with data: collection, processing and analysis.

As for technical details, the web-interface is written as a web application in Python on the basis of the
Flask framework 3 and Mongo-DB API. #

4.1 Scenario I: Data Collection

One of the most important parts of research in lexical typology is data collection. The data is collected
through a questionnaire which consists of a set of contexts related to the given semantic field (for an
example, see Appendix 5). To make the answers to the questionnaire comparable, it is important not
only to store them in the same format but also to collect them in a similar setup.

The database supports two main forms of submitting the data: via manual form editing or uploading
the data in the table format (csv or x1sx). In the first case, a researcher chooses a project to which
they want to contribute data and then the form with questions is generated automatically based on the
pre-uploaded questionnaires. Every question requires an example with a translation and allows to add a
comment. Additionally, a researcher can put some extra examples in the free form.

The second option is to upload a spreadsheet that must follow the template with the questionnaire to
be further processed.

The data is uploaded automatically to the database after it is approved by a moderator to exclude data
in wrong formats or a scam data since the form can be filled without logging into the database.

4.2 Scenario II: Database Editing

As mentioned above, the data could be added by any user, therefore, only few people can get access to
the database: to add, edit or delete files. It is also important that the moderator would have an expertise
in lexical typology, so they could exclude non-relevant examples from the filled questionnaires. Besides
that, a moderator might fill in information about frames, as frames are usually determined empirically,
on the basis of collected data.

The moderator checks that all the fields are filled correctly and the data can be uploaded to the database.
Before uploading to the database, the data is stored as files on the server, which can be edited through
the web-interface.

Moreover, the moderator can edit or delete data from the database if the data appears to be outdated.
Besides that, the editor’s functions include adding descriptions about projects, and in the future they will
be expanded so editors could add meta-information about languages in projects (for example, to specify
the type of lexicalisation system in a given language).

4.3 Scenario III: Research

The main instrument for the research is the database search engine. There are two main search modes:
the full text search supported by MongoDB and search by filters. The full-text mode allows searching by
words or word parts in examples and translations. The filters are made to query the database annotation,
therefore, there are 6 main search criteria that should be selected from a list: semantic field, language,
frame, context, verb, and source type. Both types can be combined.

Besides the search engine, the database allows to build automatic semantic maps (Haspelmath, 2003)
that aggregate information uploaded into the database. Semantic maps represent how different frames are
connected within the semantic field. In the graph, nodes are frames or contexts (depending on the desired
granularity), and they are connected if there is a verb that can be used in both frames (or contexts). The
frequency of such connections are edge weights.

However, fully connected graphs, or vacuous maps, are less informative, as the more edges a graph
has, the less combinations of senses within one lexeme it excludes.

*https://flask.palletsprojects.com/en/2.0.x/
*https://pymongo.readthedocs.io/en/stable/index.html

1137



Voloshina E., Leonova P.

1138

Semantic Field Language Verbs

Frames Context Source

no results RESET SEARCH

Figure 1: Web-interface for queries

Therefore, semantic maps are maximum spanning trees built with Kruskal’s algorithm on the basis of
uploaded examples. In other words, instead of graphs built on the basis of the data, semantic maps are
subsets with the greatest weight and the minimum number of edges.

While building a semantic map, it is possible to determine a subset of languages that will be taken into
account.

Moreover, the database includes subpages for all uploaded projects. Every project corresponds to one
semantic field. The description is added manually by a moderator while the other information, such
as frames constituting this field, languages and related projects are added automatically on the basis of
uploaded examples.

As an example of the possible research, the base can be used for solving problems that are relevant
for lexical typology and lexical system theory in general. For instance, it can be used to find out which
factor makes the greater contribution to the type of lexical system — areal or genealogical.

5 Conclusion

In this paper, we present a database for research in lexical typology. While previous databases are
built specifically for certain semantic fields 3, the database described in this paper is universal in that it
unifies the data from different semantic fields. It is especially necessary since the number of projects has
increased significantly. Storing all the data in the same database allows to solve new research questions,
e.g. which fields are related to each other in the cross-linguistic perspective, or what has a greater impact
on the degree of similarity between lexical systems - their genetic or areal closeness.

From the practical point of view, the database is meant to make the process of data collection easier
due to the possibility of data contribution and universal format of data storage. The database will be
published on https://linghub.ru/ but it can already be accessed through local interface published
here: https://anonymous.4open.science/r/LexTypDB-4C8C.
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Appendix

A. The Sample Questionnaire

LexTyp

The waiter ___ the vases around during the cleaning.

Sentence:

Translation:

Comments:

We don't know what will happen in half a year: a lot can ___, and we'll be
having other plans.

Sentence:

Translation:

Comments:

Figure 2: Web-interface for queries
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AHHOTANMSA

HccnenoBanue paccMaTpuBaeT BOIIPOC PUMEHEHHUS OIITUMHU3ALMOHHOTO MPEAPENaKTUPOBAHUSI PYCCKOS3bIYHBIX
TEKCTOB C ILI€JIbIO MOBBIIICHUSI Ka4eCTBa MAllIMHHOTO MEePEeBO/Ia Ha aHIIMICKUiA a3bIK. [y BbIOOpa cTpareruu npej-
PperaKTHPOBaHMS MPeUIaracTcs UCI0Ib30BaTh BEPOSTHOCTHYIO OLICHKY CJIIOKHOCTH 3a1aun nepesozna. [Ipeacrasnena
00001meHHas Moienb Iponecca nepesoaa. [IpeanoskeHpl MareMaTHdecKkas MOJEIb U aJITOPUTM aBTOMaTU3UPOBAHHOM
OIIEHKH CIIOKHOCTH 33/1a4¥ iepeBonia. OmrcaHo TeCTHPOBAHNE MOZICNH Ha Y3KOCHCIHATBHBIX TEKCTaX HEPTEra3oBoi
TEMAaTHKH, KOTOPOE MOKa3ajio, YTO JaHHAs OLEHKA KOPPEIHPYeT C OLECHKOW KadecTBa MEPeBOAa U MOKET OBITh HC-
MOJIh30BaHA [IPH BEIOOPE CTPATETHH ONTUMHU3AIMOHHOTO IPEIPEAAKTUPOBAHMS HCXOAHBIX TEKCTOB B 3a/1a4aX MalliH-
HOTO IepeBoa.

KinioueBble ¢j10Ba: MalIMHHBIN [1EPEBOJ, ONTUMHU3ALMOHHOE NPEApPEAaKTUPOBAHUE, CIOKHOCTh 3a/lauu Iepe-
BOJIa, KAYE€CTBO IEepeBOJIa
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1 Bsenenue

PaccmarpuBas Bonpoc kauecTBa MammHHOTO iepeBoza (MI1) 1 KoHedHOTO perunuenTa CIeayeT yau-
TBIBATh ClieAyromue GakTopsl: crienuduka mpeaMeTHON 00J1acTH | KOMIIETEHIIUS Tonib3oBatelnst MIT.

Crenuguka npeaMeTHONW O0JIaCTH UMEeT KJroueBoe 3HadeHue, Beab MII Tem sddexrtuBHee, yem
Ooupie 00yJaroInX JaHHBIX (KOPITYCOB) 3arpy>KE€HO B CUCTEMY, OHAKO ISl HEKOTOPBIX MPEIMETHBIX
obmnacTeil cobpaTh MOCTATOYHBINH 00BEM IBYS3BIYHBIX KOPITYCOB MPOOIIEMAaTHIHO BBHUIY OTPaHUICHUI
KOH(UICHIIMATBHOCTH JITAHHBIX U CEKPETHOCTH pa3paboTok. Tak, HanpuMmep, HeTEera3oBblii CEKTOP —
OJTMH M3 KITFOUEBBIX ISl SKOHOMHUKH Halllel CTPaHbI C OONBIION TONEH y4acTHss HHOCTPaHHBIX KOMIIaHHHA
B IIPOEKTaX OCBOCHHUS MECTOPOKIEHHH 1 HedTerazonepepadoTku. KauecTBo nepeBosa B TaHHOH 00a-
CTH UMEET KPUTHUECKOE 3HAYCHUE JUISI KOMMYHHKAITUU 1 OOMEHA TEXHOJOTHUSIMH.

[ockonbKy IS KOPPEKTHOTO KCIONb30BaHus cucteM MII HeoOXoauMOo MpsSMOe yyacTHhe YeoBeKa
Ha BCEX dTamax paboThl CUCTEMBI, CIIPABEJINBO, YTO IS TOCTIDKEHHS ONITUMAIBHOTO pe3ylbTara pa-
0O0THI, TOTK30BATEh JODKECH 3HATH XOTS OBl OJUH SI3BIK W3 S3BIKOBOU Maphl MEPEBOJA, M UM JTydIle
3HaHUE SA3bIKa [IEPEBOJIA TIOJIB30BaTENsA, TEM TOUHee OyneT orjeHka kayectBa MII u ero nocr-peaakrypa.
[IpenocraBisis MOMB30BATENIO CpeACcTBA 00PaOOTKHM TEKCTa Ha S3bIKE, HOCUTEIEM KOTOPOTO OH SIBIISI-
eTcsi, Ha JITIOOOM M3 JTaloB IEPEBOa, MOXKHO TOBBICHTH KaueCTBO TepeBoa. 3Has KIIOYEBHIE Tapa-
METPBI TEKCTA M UX CB3b C MPENOIaraéMoil OIEHKON KaueCTBa, CTAHOBHUTCS BO3MOKHBIM IIPETIOKUTH
aJTOPUTMBI U HHCTPYMEHTHI PEIAKTUPOBAHUS TEKCTA C IEJBIO €r0 ONTUMU3AINH IO KPUTEPUIO MAKCH-
MH3alHMK KayecTBa EPEBOJA.

Wnest aBTOMaTHYECKOTO ¥ MOTyaBTOMaTHYECKOTO ONTHMH3AIMOHHOTO PEJAaKTHPOBAHNSA TEKCTA B 3a-
nmadax MIT nexut B ocHoBe unTepakTuBHOro MII. OcHOoBHas Macca paboT U UCCIIEIOBaHUI B 001aCTH
uHTepakTUBHOTO MII moCBsIIEeHb NOCTPEIAaKTUPOBAHUIO, B TOM YHCIE, €ro aBromaruzanuu [1, 2].
IIpenpenakTupoBaHUIO MTOCBAIIEHO MEHbIIE PA0OT, OJJHAKO CYIIECTBYIOIINE CTAThH YKA3bIBAIOT Ha d(-
(EeKTHBHOCTB TaKOTO MOAXO0/a K MOBHIIICHUIO KaueCTBa IepEBO/a.

Tak, Hiraoka u Yamada [3] B cBoeii paboTe mpeAnpHUHSIIN MONBITKY ChOPMYIUPOBATH OCHOBHBIE Mpa-
BHJIA IIPEIPENaKTUPOBAHUS TEKCTA IIPU MEPEBOJE C AMOHCKOTO A3bIKa HAa aHmuickuil. X cTparerus
MoKa3ajia CTAaTUCTHYECKY 3HAYUMBIE Pe3yJIbTaThl, B TOM YHCIIE U I KUTAHCKOTO U KOPEHCKOTO SI3BIKOB.
IMonoGHbBIE UCcCie0BaHNUS TPOBOUINCH JUIS IEPEBO/IA C SIITOHCKOTO Ha aHIITUHACKUH U BOCTOYHBIC SI3BIKH
[4], ¢ dpaHIy3cKOTO HA AHTIIMCKHUH [S], ¢ MHAOHE3UHCKOTO HA aHIITHHCKHM [6], ¢ aHIITHHCKOTO HA WC-
naHckuil [7]. Bce ykazaHHBIE BBIIIE HCCIEOBAHUS MTOKA3aJH, YTO MPEAPEeTakKTHPOBAHIE U TIEPEIHCHI-
BaHHUE UCXOJHOTO TEKCTa, ONHMPAsCh Ha TpaBuiia, noseiiraet kauectBo MII. Seretan, Bouillon u Gerlach
B CBOEM HUCCIIEIOBaHUHU [ 8] MOKa3aiu, 4To UCIIOJIB30BaHUE JaXkKe MPOCTHIX MOIYyaBTOMATUYECKUX MPaBUI
NpeApelakTUPOBaHUsl TEKCTa MOBHINMIAeT KadecTBo ctaructuyeckoro MII. Mccnenosanue Illeit [9] B
SI3BIKOBOM Iape KUTANCKUH-aHITIMMCKUI [TOKA3aJ10 NPEUMYIIECTBA U IIO3UTUBHOE BIHUSHUE MPEApPEIaK-
TUpoBaHMs Ha kadyecTBO MII nys monb3oBareneil ¢ HU3KUM YPOBHEM BIAJCHUS S3BIKOM IEpeBOAA B
CPaBHEHWHU C TIOCTpeqakTHpoBaHneM. OTMedaeTcsi He0OOXOAMMOCTh aHAIM3a UCXOAHOTO TEKCTa C IENBI0
OTIPENIETINTD «YS3BUMOCTH» C TOUKH 3pEHUA IpHUMeHseMoi Texaonoruu MII, Ha ocHOBe KOTOpOTO CTa-
HOBHTCSI BO3MOXKHOM pa3paboTka mpaswi npeapenaktuposanus. Gerlach, Porro, Bouillon u Lehmann
[5] mokazanu, 4To Takoil MOAXOA MO3BOJISIET COKPATUTh BpeMsi mocT-peaaktypsl MII B Ba paza u B 65%
CJIy4aeB MOBBIIIAET KaueCcTBO pe3ynbrara MIL.

Lens uccnenoBanus — pa3padoTaTh CTPATETHIO ONTHMHU3AMOHHOTO MPEIPEAAKTUPOBAHUS UCXOTHBIX
TEKCTOB ISl TIOBBIIICHUS] KaueCTBa MAIIMHHOTO MEPeBOJa y3KOCHEIIMAIbHBIX TEKCTOB C PYCCKOTO Ha
AHIVIMICKUU s3bIK. PellieHre 3a1auu MOBBIIICHHS KAY€CTBA MEPEBOIa Y3KOCTIEMAIBHBIX TEKCTOB M03-
BOJINT ONITUMU3UPOBATH 3aTPaThl HA TIEPEBOJ, TOBBICUTH HAIEKHOCTD CYIIECTBYIOIINX CUCTEM, CHU3UTh
3aBUCHMOCTH KauecTBa IIEpeBOIa OT YeIOBEUECKOro aKkTopa.

2 Moneanb mpoiecca nepeBoaa

Jlyis perieHus MOCTaBJICHHOM 3ajjad MPOBEACHO MOAPOOHOE MaTeMaTudecKoe MOJCITHPOBAHUE IMPO-
1ecca U OCHOBHBIX MMOHATHI MepeBo/ia Ha OCHOBE TEOPUU MHOXKECTB M TOCTPOCHHUE MPOIECCHON MOETH
nepeBoga. O600IeHHas MOIETTh TIpollecca IepeBoIa MpeICTaBIcHa Ha pUCYHKE 1.
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o
| |
OO6yuyeHune I_ > I
TT(txtge, tXtig) !
Firain — (DYHKLMS OBY4eHNst Coura Fuain Cuitr :
NepeBoauMKoB a4 Surm Cuitr |
_Sorr — INGsre S |
triTR,adiAD
INg - |
(]
MocTaHOBKA 3agaun  txtixr tXtirxr adino tXtirxr :
Ha nepeBoaA il . |
v i c |
' YcnoBHble 0603Ha4eHUs ' o
dran1 = E o | g !
Tan V TT(tXtey, tXtapx) — MHOXKECTBO H H.:J |
Fesin— OYHKLIMS OLIEHKN + obyyatoLLmMx TeKCToB ' — TTC |
CIOXHOCTM 33aaum E Cotritr — UCXOAHAS KOMMETEHLNS H |
meDeBROna 1 NepeBoauMKa 4o obyueHns ' tXtirxr |
.
P A ? SoiTr — MCXOAHAS CrieLManu3auns H |
1 NepeBoaUNKa 0 06yueHns H c |
' )
! StiTRadiaD — CIELMANM3aLmst : ‘ i TR |
3Ttan 2 ! NepPeBOAYMKa OTHOCUTENbHO ioMeHa & X StiTR adiAD |
i npuroxea adiao 1 a |
Fore_ea — DYHKLS + Cuitr — KOMNETEHLMS NEPEBOAYMKa E T7C |
npeapesakTMpoBaHus E Syitr — CMELMANU3aLMs NepeBoaYNKa E Ce oo Ixtirxr |
NCXOLHOTO TeKCTa ! INggre — S13bIK MCXO[JHOTO TEKCTa : w pre-e :
E INGtrg — S13bIK Nepesona ' 1 |
} adiap — NpeameTHas obnacte E = ‘\ Cuitr |
! UCXOAHOTO TekcTa : = SuiTR.adAD |
1 tXtirxT — UCXOOHBIV TEKCT ' % |
.
3Tal1 3 ' REQ)|tXtirxt — TpeboBaHus k nepesogy E w |
+ MCXO[HOTO TekcTa ' o :
.
[
Fi — PYHKUMS NepeBoaa : TF — cBOWCTBa MCXOQHOrO TEKCTA E txtirxr . DXt |
' MP — napameTpbl UCXOHOTO TeKCTa H tr |
.
4 TTC — cnoxHocTb 3afadm nepesoaa ' |
+ Cre — MaTpULIA OLIEHOK CBOVACTB 1 H A Cuitm |
+ NapaMeTpOB NCXOAHOTO TeKcTa H ! 3 1 |
§ Wic — BECa 3HAUMMOCTU OLIEHOK 1 : TR adIAD |
1 NapaMeTpOB UCXOAHOMO TEKCTa H |
.
t fSPA — cyeTHOe CemMeincTBo MHOXeCTB H |
dtan 4 ! aIrOpUTMOB NpeapeAaKTIpoBaHMS H |
.
+ txt'irxr — TEKCT, NOMNYyYeHHbIA B ' S :
Frqa— PYHKLIMS KOHTPONS] ! pesynkTarTe npepefakTpoBaHus : Fua os w |
KauecTea nepesoaa + tXtjrxr — TEKCT, NOMyYeHHbI B H LAQC |
! pe3ynbTare nepesosa ' T |
. .
! QS — oueHka kayecTBa nepesoaa : ’_ ‘ Krepiriep || |
+ OS — MaTpyLa OLIeHOK ONTUMANLHOCTH ¢ < | & |
' NepeBofa COrMacHo KpUTEPUSIM ' o | & Crepinep,anian
i kavecTsa E . (tXtirxr, tXtinTxT)
3tan 5 ! Waqc — BECa 3HaUUMOCTH : Qs (o4 ? f
! PUMEHMMbIX KPUTEPUEB KayecTsa : Lo
F — dpyHKUMA ' fSQOA — cueTHOe cemMeincTBo H Mﬁ&] tXtinTxT L DXtfinTxr
post_ed ! MHOXECTB anropuTMoB : tXtirxr Frost_ed
nocTpeaakTupoBaHns ! NOCTPeAaKTNPOBaHKSA : e - :
nepeBefieHHOro TeKcTa ! QSrarcer— TpEByEMOe KauecTso : EXtirxr |
! nepeeoga '
] ] ClroR |
V tXtgnTxr — PE3YTLTUPYIOLLMIA TEKCT, ' : S |
1 MONyYeHHbIi nocne ' 1 TR.adiAD |
1 NIocTREeAaKTMPOBaKNA NepeBofa_ | _ . : L ________ o

Pucynok 1: O600mieHHast Mofielh mpoiiecca nepeBosa

B pesynbrare monenupoBaHus omnpezaeneHo, uto B cucreMax MII He peann3oBaH 3Tal nepeBojde-
CKOTO TIPOIIeCcCca, KOTOPHIN BBITOIHACTCS IIPU «PYUHOM ITEPEBOJIC)», 8 UMEHHO OIICHKA CIIOKHOCTH 3a7a9u
nepeBona. Ha 3Tom sTare nmepeBoAYMK OLEHMBAET BEPOSTHOCTH MOJTYUYSHHUS Ka4eCTBEHHOTO MIEPEBOIa,
TO €CTh COOTBETCTBYIOIIETO TPEOOBAHMSM 3aKa34HKa, U, €CITH 3Ta BEPOSTHOCTH HU3Kasl, BRIOMPAaET CTpa-
TCTUI0 ONITUMH3AIIUU UCXOAHOI'0 TEKCTA C LEJIbIO INOBBIICHUSA BEPOATHOCTH IMOJTYUCHUA KaYC€CTBEHHOT'O
nepeBona. Hanpumep, o pacimpoBeIBacT a0OpeBUATYphI, MPUMEHSIET MEpeBOAYECKUe TpaHchopma-
IIUU K UCXOJHOMY TEeKCTy W T.I. Pe3ymbrar padotsl MII — 4epHOBUK, KOTOPHIA MOJIH30BATENb JTOIDKEH
OIICHUTH U OpabOTaTh CaMOCTOATENbHO. [Ipr 3TOM OH HOKEeH 00/1aAaTh BRICOKIM YPOBHEM KOMITETEH-
U B sI3bIKE MIEPEBOJIA, UTO OTpaHuuYuBacT npuMeHenue MII, 0cOOEHHO B y3KOCTICIIMATBHBIX 00IaCTIX
3HAHUH, U KOTOPBIX HE COOpaHBI JIOCTATOYHBIE KOpITyca JJIsi TPEHHPOBKU MOJIENel MepeBoaa, U s
KOTOPBIX TpeOyeTcsi Oonee TiareiabHas MpoBepKa mepeBeneHHoro Tekcrta. s pa3paboTku cTpareruu
ONTHMH3ALMOHHOTO TpelpeJakTHPOBaHNs Obljla MOCTABJICHA 33aJa4da B MEpBYIO odepensb pa3padoTarh
Croco0 OIICHKH CIIOKHOCTH 33J]a4yl IIEPEBO/Ia U MPEIoIaracMoro KauecTsa rnepesona s cuctem MIT.
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3 BQPOHTHOCTHaﬂ OILICHKA CJ0KHOCTH 3a1a4M MepeBoaa

IMepeBomunk/cuctema MII tritr momyvaet TekcT tXtirxt Ha s3b1ke INQsre TS TIepeBoa Ha SA3bIK INQug U
TpeboBanus k nepeBoxy REQ|txtirxr. TIpu olieHKe CIOXHOCTH 3a1a41 IEPEeBO/ia MEPEBOIIMK 0OpaIaet
BHHMaHHC Ha HEU3BECTHBIC €My CJIOBA U COYCTAHUSI CJIOB Ha s3bIKE INQsrc, U1 KOTOPBIX OH HE MOXKET
UACHTH()UIINPOBATH 3HAYEHUE CMBICTIOBOM €IMHULIBI, JINOO CMBICIOBBIC €AUHULIBI, TSl KOTOPHIX OH HE
MOJKET HalTH aHaJIoT Ha s3bIKe MepeBosa INQig cpean N3BECTHBIX €My CIIOB M COYETaHUM CIIOB.
MHOXecTBa CBOICTB M apaMeTpoB UCXOHOTO TekcTa TF|tXtirxr 1 MP|txtirxt, u T0, 0Onamaer u me-
PEBOAYMK JOCTATOYHOM KoMHeTeHIueH (IritR OTHOCHTENBHO s3bIKOB INQsrc M INQig 1 cienmanusanueit

Strirr,adiap, T.¢. HABBIKAMH OTMCAHMS CEMAHTUUCCKUX CIMHUI] HA S3bIKE MEPEBOJIa B paMKax 3aJaHHOMN
NPEAMETHOM 00IacTH UCXOMHOTO TekeTa adiap, OTPEEIsieT BEPOSTHOCTD CO3AaHUS TEPEBOUMKOM TIe-
PEBENEHHOT0 TEKCTA Ha TAKOM YPOBHE KaueCcTBa, KOTOPEIi omnpenensercs TpeboBanmsMu REQ|tXtirxr.

AJNTOPUTM OIICHKH CJIOXKHOCTH 3aa4H MEPEeBOIa:

Ilaz 1. Ncxons u3 aomeHa mpuiokenus Tekcta adiap, GOpMUPYETCs MHOXKECTBO OICHOK TEKCTa
FE =TF UMP.

Hlaz 2. s xaxnaoro 3uauenus tfire, Mpive € FE, Ha ocHoBe TpebGoBanwmii k mepesoay REQ|txtirxr,

_

KOMHeTeHHI/Iﬁ MEPEBOAUYMNKA OTHOCUTECIBHO SI3BIKOBOM Tapbl ariTR U cricnuajm3alnuy rnepeBoa4ynuKka oT-

HOCHTEJIbHO TOMEHA MPUIIOKEHHs TeKCcTa Stritr,adiap (pOpMHpYETCsl 3HAYCHUE 3HAYUMOCTH Wiek, MHO-
KECTBO HOPMUPOBAHHBIX 3HAUCHUN W,k 3HAUMMOCTH (POPMHUPYIOT MaTPHIly 3HAYMMOCTH OLIEHOK CIIOXK-

Hocti W g, pasmeprocThio 1xK, te K — o0Iiee 9rciio OleHOK, KOTOPbIe BBICTYIAIOT KO3(hdHUIIHCHTaMU
ypaBHEHHUS TTOMCKA TEOPETHIECKOTO 3HAYCHHS KadeCcTBa MepeBo/Ia.

Ilae 3. Jlnst kaxmoro i-ro GpparMenTa TekcTa mpH i=/,N GOPMHpPYETCs MAaTpPHILA OLEHOK (hparMeHTa
ucxomHoro Tekcta Cri pasmepHocThio 1xK, rae K — ob1riee 4rcio oreHoK.

Lllae 4. Ha ocHoBanuu oueHOK Crei ¥ 3HaunMocTd Wy, hopMupyeTCs ypaBHEHHUE [TOUCKA TEOPETHYE-

CKOT'0 pe3yabTUpyromero gaxkropa, T.e. kKadecTtsa nepesona 7¢:

TQi= WorW, foCrgj ¥Wpre Cpp + -+ Week C 1)

lae 5. JIns kaxao0ro i-2o GpparMeHTa TeKCTa pacCUMTHIBACTCSI BEPOSITHOCTD MOTYUYCHHUS TIEPEBEICH-
HOT'O TEKCTa Ha TAKOM YPOBHE KadecTBa, KOTOPHIi omnpeaensiercs: TpedoBanusiMu 7 P|tXtiTxt, IPUMEHUB K
ypaBHeHwuto (1) morut-ripeodpazonanwue [11]:

P~ e 2)
Ilaz 6. CIOKXHOCTE 3a/1a4M MTEpPeBOIa i-20 (hparMeHTa TEKCTa OIEHUBAETCS 0 (hOopMYyIIe:
1
TTG=:, 3)
i

TJe Pi— 3TO BEPOSTHOCTH CO3MIaHUS MEPEBOIINKOM TIepeBoa TpeOyeMOoro KauecTBa, pacCYMTaHHAS 110
hopmye (2).
Lllae 7. Pe3ynbTupyrolas CI0KHOCTH 3a/1a44 TIEPeBOjia TEKCTa — HAUOOJIbIlIee 3HAUCHUE CIIOKHOCTH
3amauu nepesona T 1Cj cpenu N parMeHTOB UCXOMHOTO TEKCTA, TO €CTh
TTCtXtiTXTZ max TTCl (4)
AJITOpUTM peaTu3aiiiyi ONMCAHHON MaTeMaTHn4eCKOi MOJIENTU B paMKax MPUKIIAIHON 3a1a41 IepeBo/a;

1. Tecruposanue nepeBoguuka/cucteMbl MII Ha TPEHUPOBOUYHOM KOpIyCEe TEKCTOB 3aJaHHOM Te-

MAaTHUKH, U1l KOTOPBIX UMEETCs 3TAaJOHHbIH MEPEeBO.

BemecTBenHas orieHKa MapaMeTpoB TEKCTa B TPEHUPOBOYHOM KOPITyCE.

OrneHka Ka4ecTBa BBIIIOIHEHHOTO MEPEBOTIMKOM TECTOBOT'O NEPEBOAA.

4. Tlouck BeCOB 3HAYMMOCTH ITapaMETPOB TEKCTA 33JaHHON TEMAaTUKH LI TECTUPYEMOTO IIEPEeBOI-
YHKA.

5. Tlomyuenue ypaBHEHHs IOHCKAa TEOPETUUYECKOTO KaueCTBa MEPEBO/IA, BBHITIOTHEHHOTO TECTHpYe-
MBIM nepeBoAunKoM. Ha ocHOBe ypaBHEHUs MPOU3BOISATCS pPacyeThl 0)KMJAEMOI0 KauecTBa, Be-
POSITHOCTb TIOJIy4€HHS IIEPEBO/IA, COOTBETCTBYIOIIETO KJIACCY «Ka4€CTBECHHBIN IIEPEBO) U CIIOXK-
HOCTb 3a/1auy [1€peBoja.

wnN

JlaHHBII aNTOPUTM NPOTECTUPOBAH HA PEANIbHBIX JAHHBIX B PaMKaX IEPEBOIa TEKCTOB He()TEra30Boi
TeMaTHKHU cuctemonr MII.
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4 Peanmn3zanusi Mogeu OLEHKH CJ0KHOCTH 3aJa4U nmepesoaa

4.1 TecTupoBaHUe MEePEBOAYHUKA

Juist TecTupoBaHus pa3pabOTaHHOTO aNropuTMa ObUT pa3paboTaH MPOrpaMMHBIA MOAYJIb-TIApcep C
UCIonb30BaHueM Monenu HeiiponHoro MIT Ha 6asze Transformers u Open Source monenu Helsinki-
NLP! 1151 s36IK0BOM Tapsl pycCKHil-aHITHIACKUH, TpeaBapHTENbHO 00yueHHOH Ha Koprmyce OPUS?.
Paspaborka n uHMIuanu3amms mapcepa MII nmpoussomunace B cpexe Google Colab. Ucnons3oBanne
napcepa 00yCJIOBJICHO HEOOXOIUMOCTBIO MMPOTECTUPOBATH AITOPUTM Ha OOJIBIIOM MAaCCHBE JaHHBIX, HE
npuderas K HCHONb30BaHUI0 KOMMEPUECKUX MPOrpaMM BBUAY OTpaHHMYCHHUN Ha KOH(PHUICHIUATBEHOCTh
UCTIONIb3YEMBbIX NCXOIHBIX JAHHBIX.

TpeHrpOBOUHBII KOPITYC — KOPITYC JBYS3bIYHBIX TEKCTOB, COOpaHHbIil Ha 6a3e Translation Memories
U3 Cpell aBTOMAaTU3allK TIepeBOia, TPUMEHIEMbIX KOMIIAHHEH-TIOCTABIIMKOM JIMHTBUCTHYECKUX YCIYT,
CHEeLMAIN3UPYIOIIEiica Ha MepeBo/ie TEXHNYECKUX TEKCTOB B cdepe HedTerazonepepadboTku. CTpyk-
Typa JaHHBIX: [MCXOAHBIN TEKCT, py4HOH IepeBoj], MPOBEpPEeHHBIN penakropoM]. Kopmyc npensapu-
TEJIFHO OYMIICH OT ITYMOB, TAKHX KaK CETMEHTBI, COJIepIKalllie HETEKCTOBYIO HH(OpMAaLIUIO, TETH Qop-
MaTUPOBAaHUS TEKCTa, CTPOKU JIMHON MeHee 50 cuMBosnoB. O0bveM kopmyca coctaBui ~1 744 400 to-
KeHOB MM ~7 300 CTaHIAPTHBIX CTPAHHUI[® PYCCKOA3BIYHOTO TEKCTA.

4.2 BemecTBeHHAasi OLIEHKA MAPAMETPOB UCXOIHOTO TEKCTA

Jnist BeliecTBEHHOM OLIEHKH MapamMeTpoB TeKCTa OblI pa3paboTaH MporpaMMHBIA MOAYIb IJIsl OLIEHKU
IapaMeTpPOB PYCCKOS3BIYHOTO TEKCTA IO YETHIPEM TPyTIIIaM MPU3HAKOB: MOP(OIOTHIECKHAE, CHHTAKCH-
YCCKHUE, JICKCUYCCKUEC U IMPOYUC ITPU3HAKU. HporpaMMa p336I/IBaeT TEKCT Ha TOKCHBI U PACCUUTHIBACT
3HaueHue A 96 BEIEeCTBEHHBIX IPU3HAKOB.

Jns orleHKH MOP(QOIOTHYECKUX M CHHTAKCUYECKHX IMPHU3HAKOB TEKCTa HCIOIB3yeTcs pa3dop o
CXeMe YHHBEPCAIBHBIX 3aBUCUMOCTeH [ 12]. Mopdororndeckas ceruduKamnus cjoBa B CXeMe YHHBEP-
CaJIbHBIX 3aBUCUMOCTEN COCTOMT U3 TpeX yacTei: JJeMMa CJIOBA, TET 4aCTU p€yu U MOpq)OHOI‘I/I‘{eCKI/IC
MIPU3HAKH, KOTOPBIE OIPEENIAIOT JIEKCHYECKHEe U TpaMMaTHIecKue cBoiicTBa Gpopmel ciioBa. OneHnBa-
€TCsl JTOJIS CITOB MCCIIEyeMOM YacTH TeKCTa 110 KaXKIOMY TET'y 9acTH pedH, Kak Hanboiee HHPOpMaTHB-
HBIH Mopdonorniecknit mpu3Hak. Cxema YHUBEPCAIbHBIX 3aBUCHMOCTEH MO3BOJISIET IPOU3BOIUTH CHH-
TAKCHYECKUH pa300p TEKCTa, MAPKUPYs KaXKAYI0 €ro eAUHUILY (TOKEH) COOTBETCTBYIOLIMM TETOM OTHO-
mIeHUs «rel=».

Mopdonorndeckuii 1 CHHTaKCHYECKUI pa300p BKITIOYAET CIECAYIOIINE IIarh:

1. Pa3Ouenue TekcTa Ha TOKEHBI.

2. OrmpezencHue T KQKIOTO TOKCHA 3HAYCHUI CBONCTB POS (4acTh peun) u rel (pons B mpeasoxe-
HUN).

3. TloacueT KOJIMYECTBO YACTEH PeUr B CTPOKE U YHUCIIO TOKSHOB IO KaXKJIOMY TETY.

4. Pacuer Juis BCEX TErOB OTHOIICHHUS KOJMYECTBA TOKCHOB C COOTBETCTBYIOIINM TETOM K 00IIeMy
YHUCITy TOKCHOB B IPEJIOKCHHH.

Mopdonorudecknii ¥ CHHTAKCHYECKUH aHATTN3 BBITTOIHSIECTCS TIPH TTIOMOIIH OMOIHOTEKH natasha* hing
mopnenuposanust HJIII Ha ocHOBe TiTyOOKOTr0 00YYEeHHMS ISl PYCCKOTO SI3bIKA, KOTOPBI UMEET CpaBHU-
MYIO TOYHOCTH ¢ Oonbimmmu MoensiMu BERT SOTA, Ho 3aauMatot B 50 pa3 MeHbIIIe MecTa.

JI71s1 OLIEHKU JIEKCHUYECKUX MPU3HAKOB MCIONb30BaJIcs HallMoHaNbHBIA YaCTOTHBIN CIOBaph pyCCKOM
nekcukd [13], koTopslid ObLT PEABAPUTENILHO 00padOTaH U OTCOPTUPOBAH 110 3HAYCHUIO YACTOTHOCTH
cioB. OLeHKa MpOU3BOAUIACH ISl TOKEHOB, BKIIOUAIOIINUX CJIOBA, KOTOPBIE MIPEIBAPUTENBHO JIEMMATHU-
3MPOBaHKI IIPH ITOMOIIM OubIHoTeKH Natasha.

Ornenka (akTOpoB Ha HOPMAJIBHOCTD paclpe/elieHHs ToKa3aia HaInIre OONBIIOro KoJnvecTBa (dax-
TOPOB C YKCIIOHEHITHAILHBIM PACIIPE/ICIICHUEM 3HAYCHHUN U (PaKTOPOB, OOJIbIIIAs YaCTh HAOTIONCHUIA 11O
KoTOpbIM paBHa 0. ByzneM y4yuThIBaTH 3TO MPU OLEHKE TOYHOCTH MOJENM, TaK KaKk HOpMajau3auus U

! https://huggingface.co/Helsinki-NLP

2 https://opus.nlpl.eu/

3 CrannaprHas crpanuna pasHa 1800 3HakoB ¢ npobenamu
4 https://github.com/natasha

1145



Zhivotova A. A., Berdonosov V. D.

1146

MKaJIMPOBAHUC NJAHHBIX HE MO3BOJIUT YCTPAHUTH HYJICBBIC 3HAUCHUS, a 6aﬂaHCI/Ip0BKa JAaHHBIX IO HY-
JICBBIM 3HA4YCHUAM MOXKET NPHUBCCTHU K 3HAYUTCIIBHBIM IIOTCPSAM AAHHBIX 1O APYTUM (I)aKTOpaM.

4.3 Kpurtepuii kKauecTBa MAIIMHHOTO NepeBoOaa

B pamkax mpeacTaBieHHOTO alropuTMa MOTYT MPUMEHSTHCS TF0Oble METPHKH OIICHKH KayecTBa B 3a-
BUCHUMOCTH OT TpeOOBaHMH K KadecTBy nepeBoja. beuta BeiOpana metpruka hLEPOR, kotopas siBisiercs
KOMOUWHAIUEH CyIeCTBYIONIMX U J0Pa0OTaHHBIX (DAaKTOPOB M MOKA3bIBACT JYUIINE PE3YIBTAThl OLICHKU
o cpaBuenuto ¢ MPF, ROSE, METEOR, BLEU u TER, a Tax:xe nMeeT HauBbICIIU#T Ol KOPPEIISAIHH
[MupcoHa ¢ 4eTOBEUECKUMHU CYKACHUSIMH I10 SI3BIKOBOM Mape aHIIMHCKU-pycckui [14]. Ouenka met-
PHKH IPOU3BOMIIACH TyTEM CPaBHEHHs creHeprupoBaHHOTO MIT (THIIOTE3BI) U STATOHHBIM TIEPEBOIOM,
BHITIOJTHEHHBIM YEJIOBEKOM, IpH romorny 6uémuorekn hLEPOR®. Jlnana3on n3MeHeHHs METPUKH oT 0
1o 1, rne 0 — morHOE HECOBNAICHUE TUTIOTE3BI C ATAIOHOM, a | — [MOJTHOE COBMAICHNE.

4.4 KoppeasimMoHHasi CBSI3b KAYeCTBA NEPEBO/Ia ¢ apaMeTPaMHU HCXOHOTO TEKCTa

JI71st mo¥CKa BECOB 3HAYMMOCTH [TApaMeTPOB TEKCTA U TTOTyUSHHUSI MHOTO(aKTOPHOTO YpaBHEHHUS TIOUCKA
TEOPETHYECKOTO KaueCTBa IePeBo/ia UCIOJIB30BaIACh MOJIEIb JIOTHCTUYECKON PErpecCHH, Peali30BaH-
Has B OmOnmotekax statsmodels.api u sklearn mns s3pika Python. Pesynbratel MonenupoBaHus mpea-
CTaBIICHBI HA PUCYHKE 2.

P HUCYHOK 2: I'uctor PAMMBbI PACTIPEACIICHUA JaHHBIX AJId 4YaCTHU (I)aKTOpOB

5 https://pypi.org/project/nLepor
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const -2.1237 8,119 -17.917 356 -1.891
ADJ 8.85%8 8,145 6.113 B84 1.174
ADP -1.1872 8,191 -5.222 el -2.812
ADN -1.1581 8.323 -3.582 783 -8.517
DET 1.1331 8,371 3.855 426 1.368
HUM 4.35685 8,227 19,228 o112 4,881
PRON -3.2955 8.412 -7.869 115 -2.475
PROPN -8.9238 8.136 -B.799 189 -8.65

VERE -8.9131 9.234 -3.828 372 -2.454
X 2.3488 a,4e8 5.723 c4g 2.14%
acl -1.3%31 8.358 -3.916 a5a -2.658
aux 5.1266 1.9e5 2.6596 482 2.878
congj 2.2937 8.178 12.858 Loaa 2.544
csubj -4.68282 8,768 -B.@822 .129 -3.148
flat 4.385%2 1.322 3.261 718 6.859
flat:name -4.4242 1.231 -3.658 Loe8 -2.8381
list 13.8258 4,871 2.628 .283 22.768
nmod -1.6588 8,131 -12.597 087 -1.234
nsubj:pass -8.78E8 8.318 -2.278 .315 -2.838
obj -1.2421 a.261 -5.175 == -2.828
obl -8.78z8 a,224 -3.181 .147 -8.28%
obl:agent 2.2522 a,842 3.865 .BBE 4,912
parataxis 3.7788 8.368 18.586 LE7a 4,484
punct B.3528 B.158 2.166 N:ERS 2.591
xcomp 1.3277 8,388 3458 J582 2.873
fregleéeas 1.6783 9,854 5.415 .554 1.883
tokens_count_log B8.31532 8.218 17.294 .282 2.251

Pucynok 3: KoadduuneHTsl J0rucTHYeCKoi perpeccuu

B wnToroByro Monenb BOIUIM TOJBKO T€ (hakTOphl (TTapaMeTphl MCXOTHOTO TEKCTa), ISl KOTOPBIX
P-3HaueHMs TOKA3bIBAIOT BBICOKYIO 3HAYMMOCTH. Takum o0pa3oM, ObLIM MOMydeHbl KO3()(UIIEeHTHI
YpaBHEHUS OMCKA TEOPETHYECKOTO KauyeCcTBa MEPEBO/IA, BBIOTHEHHOTO TECTUPYEMbIM EPEBOAUHKOM.
Bcero BhisiBiIEHO 26 TapaMeTpOB, U3 KOTOPHIX 12 UMEIOT OTPUIIATENIbHYIO 3aBUCUMOCTh C MOTEHIINAb-
HOM OIIEHKOM KadecTBa MepeBOAa M SBISIOTCS MEIIAIOUIMMH. BBIMomHIs npeapesakTHpoOBaHUE UCXOI-
HOT'O TEKCTa C LEJbI0 ONTUMH3ALNHU JaHHBIX TapaMeTPOB BO3MOXKHO MOBBICUTH KauecTBo MIIL. Kpome
TOTO, 14 BBIBICHHBIX NTAPAMETPOB MMEIOT MOJIOKUTENBHYIO 3aBUCHMOCTD C IIOTEHIIMAIIBHON OLICHKON
KauecTBa MepeBo/ia, YTO TOXKE MOYKET UCITOIB30BAThCS B ONTUMHU3ALMOHHOM MPENPeTaKTHPOBAHUH IS
CHIDKEHUS BIMSHMS MeIaonux napaMerpos. [IpoBepka kauecTBa MojgyuyeHHON MOJENH MPOBOANIIAC
Ha ocHoBe noka3zareneit ROC-AUC [15] u koadduumenta koppensiuu [IlupcoHa, paccautaHHOTO IS
TTC u paxruueckoii QS st 85125 cTpok TekcTa, COTIacCHO MOJTYYeHHOH 3aBrucuMocTH (Tabmmna 1).

ROC-AUC noka3biBaeT, 4TO Ha OCHOBAaHUM MPU3HAKOB MCXOJHOTO TEKCTa Oe3 OICHKU €ro ceMaH-
THKH, BO3MOXKHO TIPEJCKa3bIBaTh OxkugaeMoe kauectBo MII u nmeercst moTeHIMan A0padoTKH MOJEIN
1 TOBBIIIEHUS €€ TOYHOCTH C YUETOM Pa3peKeHHOCTU NMPOCTPAHCTBA (haKTOPOB U paclpelesICHUs] UX
3HaueHud. KoadhduuueHT rrrcos ykaszbiBaeT Ha 0OOpaTHYIO KOPPEISIMOHHYIO CBfI3b C BBIOpaHHOMN
OIIEHKM KadyecTBa IepeBo/ia U CIOKHOCTH 3a/1au IIepeBo/a.

IIprHNMas BO BHUMaHHUE JOITYIIEHNE, YTO aBTOMAaTHYECKas OL[EHKa KauyecTBa IIepeBoia MIMEET HEKO-
TOPYIO MOTPENTHOCTh, MO)KHO TOBOPUTH O COCTOATENBHOCTH pa3pabOoTaHHONW MOJIENTH U MIPEIOKEHHOTO
aNrOpUTMa OLEHKH CIIOKHOCTH TIEPEBOIUECKOI 3a/1a4H MepeBOa TEKCTOB He()TETa30BOM TEMAaTHKH IS
BbIOpanHO# cuctembl MII.

IToxa3zaresnb 3Hauenue
ROC-AUC 0,6256
I'tTC,0s -0.26

Tabmuna 1: Pe3ynbrarsl MOneTHpOBaHUS

5 Crparerus npeapeiakKTHPOBAHUA MCXOAHBIX TEKCTOB

Hpe)lpe)lal(THpOBaHI/Ie — mpornecc MOI[I/I(I)I/IKa]_[I/II/I HpO6J'ICMHI:IX (ppar MCHTOB UCXOJHOI'O TCKCTA 3a CUCT
HU3MCHCHUS €TI0 CTPYKTYPHBI, COCTaBa JICKCUYCCKUX CAUHUIL U T.II. IPHU COXPAHCHHUN CEMaHTHYCCKOM K-
BHUBAJICHTHOCTH C ICJIBIO OIITHMHU3AIIUU CJIO)KHOCTHU HepeBOI[‘IeCKOﬁ 3aga4u C yUYCTOM BIIMSAHHUA TaKoOU
MOZ[I/I(bI/IKaIII/II/I Ha Ka4€CTBO MEpeBOaA.
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[MpeapenakTupoBaHKUE BBHIMOIHACTCS MIPH CPEIHEN U BHICOKOH CIIOKHOCTH IEPEBOTUYCCKON 3aauH C
VICTIONIb30BAHMEM PAa3HOOOPA3HBIX AITOPUTMOB, HAPUMED, MO KpuTepuaMm: MUHUMu3amuu Cn3lly;_
MUHHUMAaKCHMH3aIlUU OTAEIHHBIX CBOICTB U TapaMeTPOB UCXOAHOTO TEKCTa H Jp.

Huanazonsl 3Ha9eHuil 77y, ., COOTBETCTBYIOIIME HU3KOMY, CPETHEMY H BEICOKOMY YPOBHSM OIIpE-
JETSIOTCS Ha OCHOBE TPEIBapUTENBHOTO aHaIn3a TpeOOBaHHM K IIEPEBOAY M C YUETOM Ccrocoda mepe-
BOJa (py4yHOW/MamMHHEIH). [lens mpenpenakTupoBaHus — CHU3UTH CIOKHOCTh TIEPEBOTYECKOM 3a1a4n
TTCGyt,,,, 1O HU3KOM.

Ha HauanpHOM 3Tane npeapeaakTHPOBaHUS MPOUCXOIUT OTOOP GPparMeHToB TEKCTa, KOTOPHIM COOT-
BETCTBYIOT BbIcOKHE 3HaueHUus1 77(;, TO eCTh

txt; EtxtiTXT | 776> TTC 5)
rme TTCyy — IOMyCcTUMOE 3HAYCHUE CIOKHOCTH 3a/1a9M IEPEBOa, T.€. HU3KOE.

s Tex hparMeHTOB TEKCTa, Al KOTOPBIX CIOKHOCTH 33a9H [IEPEBO/IA SBISETCS CPETHEHN HITH BBI-
COKO, oTpeielisieM dIeMeHTBI BeKTopa Crei, 3HAYCHUS KOTOPBIX IMOBBIMIAIOT CIOKHOCTH MEPEBOAUECKOM
3anaun AanHoro gparmenTa: Cri| TTCi> TTCyyy.

Jmst KayKmoro HalaeHHoro smeMenTa MaTpribl Crej, cCOOTBETCTBYIOMIETO YCIOBHIO Crei| TTCi>TTC,y.,
B 3aBHCHMOCTHU OT €ro 3HaA4YCHUA U OI‘paHI/I‘IeHI/Iﬁ AJITOPUTMOB NIPCAPCAAKTUPOBAHUA OIIPEACIACTCA
CTpaTerus npenpeaakTupoBanus (Tadmuma 2). Beioop anropurma 3aBUCUT OT KPUTEPHS ONTHMU3AIHH
BBIOPaHHOTO 3HAYCHUSI.

3HavyeHne mapamMerpa JeiicTBue
HaXOZ[I/ITCSI B IOIMYCTUMBIX IIpEACIax ABTOMaTHYECKOE npeaApCaAaKTUPOBAaHNUEC MPU ITOMOLIU
AITOPUTMOB
BBIXOMUT 32 JONMYCTUMBIC TIPEACITBI IMonyaBroMaTnveckoe MpeapeaakTHPOBAHUE TEKCTa C

IIPUBJICUCHUEM I10JIL30BATCIIA

Tabnuma 2: Ctpareruu npeaApeJaKTHPOBaHUS

Janee mpou3BOAUTCS PEAAKTUPOBAHUE TEKCTa B COOTBETCTBUU C UMEIONIMMUCS METOAAMH U ajro-
PUTMaMU TIpeApEeAaKTUPOBaHUS, POPMHUPYETCS TEKCT £XtiTxT U IIPOUCXOIUT IEPEXOJI K ATAITy TepeBoIa.

[IpeapenaxktupoBanue mMo3BojsieT NOBeICUTH KauecTBO MII. [Ipumep npenpenakTupoBaHus U €ro BIU-
SIHUSL Ha 3HAYCHUS TapaMeTPOB TEKCTa M Ka4eCTBO MEPEBO/ia Ha aHIIMICKUHN S3bIK MPECTABICHBI B Ta0-
mure 3. B tabnuiie npencrapieHsl Hanbosee 3HaYUMbIe TTapaMeTpPhI UT COOTBETCTBYIOIIETO TEKCTA.

Teker 1 hLEPOR ADP conj punct
a) B pe3ysibsraTre MHOTOIHEBHOM MEPEMUCKU MEXTY MPEICTABH-
TEJSIMH apeHIaTopa, apeHA0IaTells, CEPBUCHOW KOMITAHUH U 3a-
BOJIA TIPOM3BOIUTENS PE3YJABTAT O PEMOHTE MM 3aMECHE CTAHIIUU
TOCTUTHYT HE OBLIL.
0) B pesynbrare nepenucku MexIy MpecTaBUTEeNsIMU ApeHa-
Topa, Apennonarens, CepBucHoit komnaanu u [Ipoussomurens, 0,7560 0,1250 0,1667 0,1667
peIlIeHre O PEMOHTE WM 3aMEHE CTAHIIUH HE OBbLIO JOCTUTHYTO.

0,5375 0,1200 0,1600 0,1200

Teker 2 hLEPOR ADP VERB xcomp

a) O0opynoBaHue AOMKHO OBITH PACCUUTAHO Ha ABOHHBIE (H-
Jepbl, a €CIIM TaKoe 000PyIOBaHUE OTCYTCTBYET, B ICHTPATHHOM
mKkady mpemrycMarpuBaloT yCTaHOBKY KOHTPOJUIEpa aBTOMATH-
4eCKOIo BBOJIa pe3epBa.

6) OGopynoBaHHE JOIDKHO OBITH CIIOCOOHO YIPABISATH JIBYMS
¢dunepamu, B cirydae OTCYTCTBHS TaKOro 00OpYyIOBaHHMS B IICH-
TpaJbHOM IIKady NOJKeH OBITh YCTAHOBJICH IEPEKIouYarenb
BBOJIa pe3epBa.

0,5051 0,0833 0,1250 0,0417

0,6512 0,0909 0,0909 0,1364

Tabnumna 3: [lpumep npeapenakTHPOBAHUS PYCCKOSI3BIYHOTO TEKCTa — a) MCXOJHBIH TEKCT;
0) TeKCT mocIie MpeapeaaKTUPOBAHUS
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6 3akiarouenue

B pamkax nccienoBaHus BIepBbIe pa3paboTaHa MareMarndeckas MOJIEeNb M aJrOPUTM aBTOMAaTH3UPO-
BaHHOM BEIECTBEHHOW OILEHKU CJIOXHOCTHU 3a/Ia4d TepeBojia U MOATBEPKIcHA 00paTHas KOppelsiu-
OHHAsl CBSI3b TAKOH OIEHKH C OLEHKO# KadecTBa, paccunutanHoi mo mertoay hLEPOR ams y3kocmenu-
aJBHBIX TEKCTOB He()TEra3oBoil TeMaTuky. BBISABICHBI MapaMeTphl PyCCKOS3BIYHOTO Y3KOCTIEIUATBHOTO
TEKCTa, UMEIOLIME KOPPEJSILIUOHHYIO CBSI3b ¢ MOTEHIHAIBHBIM KauecTBOM MII Ha aHIMIMICKUN A3BIK 110
1Ie7IeBOMY TIoKa3arento oneHku merpuku hLEPOR.

[omxom MokeT OBITH MacITAOMPOBAH HA PYYHOH MTEPEBO ¥ BHEJPEH B KOMITAHUSAX, TEHEPUPYIOIIUX
ot 1000 cTpanull nepeBosia B MecslIl, Tak Kak HaMe4aeT IMOAXO0/IbI K YIIPaBJICHUIO PUCKAMU, CBSI3aHHBIMU
C KaQ4C€CTBOM II€PEBOAA B 3aBUCUMOCTU OT KOMIICTCHIINN Bbl6paHHI)IX I/ICHOHHHTeHeﬁ, " OpeaoCTaBUT
WHIYCTPUU UHCTPYMEHT OOBCKTHBHON OIICHKH HCIIONIHUTEIICH B paMKaX IMOCTABJICHHOMW 3a/1aud Ha Tie-
peBoz.

Ha ocHOBe METOAMKY OIEHKH CIIOKHOCTH 33][a9H ITEPEBOJIa CTAHOBHUTCSI BOBMOKHBIM aBTOMATHUIECKH
OMpeACTATb CTPATCTHUIO IPCABAPUTCIIBHOTO ONITUMU3ALMOHHOIO PEAAKTUPOBAHNUA TCKCTA C 1CJIBIO ITPpU-
BEJICHUS 3HAUEHUH €ro rmapamMeTpoB K ONTHMAJIBHBIM, TPH KOTOPBIX BEPOSTHOCTHAS OIEHKA KayecTBa
MII crpemutcs kK MakcUManbHOU. JlabHEHIIIee UCCIIeIOBaHUE TIEJIeCO00pa3HO HANPaBUTh Ha pa3pa-
0OTKY METOAVKH pacyeTa IeJIeBhIX TUANa30HOB 3HAYCHUH TTC 1 onTUMAaJILHBIX 3HAYEHUN rnapaMmeTpoB
UCXOHOTO TEKCTa MO KPUTECPUID MAKCUMHU3AIIMU KaYeCTBa MIEPEBO/Ia, a TAKKe pa3pabOTKy KOMILIEKCa
AJITOPUTMOB ONITUMHU3AIIMOHHOTO TIPEAPEAaKTUPOBAHUSI.
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Abstract

In this article, we present a method of anaphoric proper names detection in fictional texts using Word2Vec model
and algorithms of community detection on graphs. This method allows grouping different namings of a single entity
and can be useful as a part of preprocessing texts for further analysis such as building social networks or training
neural models. The method uses large text collection, related to the same domain. The foundation of the method is
training of a Word2Vec model using information on direct characters interactions. This model allows building a social
graph of characters. Than, the Louvain algorithm is used to divide the graph into communities containing different
names of characters related to the same denotation.
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AHHOTAIUA

B a10ii cTathe MBI NpeacTaBiIsgeM METOJl OIpe/esIeHUs UMEHOBAaHUN TepOeB XyN0XKECTBEHHBIX NIPOU3BEICHUH,
OTHOCSILMXCS K OZHOMY ACHOTATY, HCIIONIb3yomuii Moaens Word2Vec u anropuTmbl BbIAEICHHS COOOMIECTB Ha Ipa-
¢ax. Merox mo3BonseT 00beANHATh Pa3INYHbIE Ha3BaHUS OJHOU CYIIHOCTH B IPYMITy C JOCTaTOYHO BBICOKOIl TO4Y-
HOCTBb ¥ MOXKET OBITh IOJI€3€H IPH HCIOIB30BAHUN B KA4€CTBE ITAMa MPEMPOLECCHATa TeKCTOB IS JaTbHEHIIero
aHaM3a: MOCTPOCHHUS Irpad)OB COIMATBHBIX OTHOIICHUH MM 00y4eHHs HeHpoceTeBhIX Mozeneid. MeTtoa mpuMeHs-
eTcsl K OOJIBIION KOIEKIMH TEKCTOB, OTHOCSIIUXCS K OHOMY foMeHy. OCHOBOH MeTozia sIBJIsieTCs] 00yUeHNE MOIEIH
Word2Vec ¢ ucnosnb3oBanieM HHGOPMALMU O IPIMOM B3auMO/CHCTBUH repoeB. Mozielb CITyXKUT ISl TOCTPOCHHS
rpacda cBs3el MeXy reposiMU, U3 KOTOPOTO IpH IoMoIH JIyBeHCKOTro alropuTMa BIICISIOTCS COOOIIECTBa, Cozep-
JKallye pa3Hble Ha3BaHUsI OJJHOTO I'eposl.

Janee npoBoanTcst GUIBTPALUs Pa3HBIX repoeB, 00bEANHACMbBIX MOJCIIBIO.

KitroueBble ci10Ba: rpadsl COLMAIbHBIX OTHOLICHMIH; rpadsr; WOrd2vec; onpenenenue anadopbl; XyI0KECTBEH-
Hble TeKCThI; JIyBEHCKHH aaroputm
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1 Introduction

Investigation of interaction among characters of literary works allows better understanding the overall
plot of a masterpiece. One of the commonly used representations of such interactions is a graph. Its
nodes represent literary characters, described in an investigated work, edges represent such interactions
among characters as conversations, direct actions, and being in the same place. Investigation of large
graphs allows describing two types of those: Barabasi-Albert [1] and ‘Small World’ [2]. The authors of
[3] found that graph of character interactions has properties of the further and does not meet all the
properties of the later.

There are several approaches for coupling nodes depending on the used information. In [4], an edge
in the graph is created between two characters “if they were both syntactic arguments under the same
predicate or appeared as two conjuncts”. For the sake of community detection, the author used the Lou-
vain algorithm [5]. Another approach is using mutual appearance in the same piece of text [6].

Investigation of drama corpora (e.g. [3]) has a big advantage. Such a corpora was preliminary tagged
including information on phrases attribution by characters. Thus, it is easier to use the common appear-
ance of characters in the same part of text or information of whom their phrases are addressed in order
to build the social graph of a masterpiece.

However, researchers are faced with the problem of several names for a character. In different parts
of a text, an author can use the name of a character, his or her surname, their combination, position,
gender names (boy, girl, ...), and other substitutive nouns. Thus, there is a problem of joining all of these
names in the same cluster. Manually tagged corpora have an advantage that all these names can be
unified by an assessor [6]. But that is not the case of automatically tagged large corpora. One of the
solutions in the later case is preprocessing, i.e. selection of different names of the same character and
automatic replacement of a name occurrence by the unified one. But it does not work in the case of a
big number of unknown characters. Methods of anaphora resolution (see, e.g. [7]) could not help find
different names for main characters.

In this paper, we introduce a new method for calculation of similarity between characters’ names. The
method is able to cluster names of the same character in a community of a social graph. The method is
based on training a Word2Vec model on entity names co-occurrence, building a social graph according
to similarity between those entities calculated by the model, and applying the Louvain algorithm for the
sake of community detection.

2 Used Data

2.1  Text Collection

As a source data for our method, we need a collection of mono-domain texts, e.g. works created by one
author or dedicated to the same fictional setting. We use a collection of fanfiction texts based on J.K.
Rowling “Harry Potter” books. There are several reasons for such a decision.

e Authors of fanfiction texts use original setting or at least original characters as the basis of their
work; so, all the texts sharing the same original subject and the same setting would share almost
the same characters space and could be treated as a single domain.

e “Harry Potter” as a fiction is extremely popular, this fact provides us with a large amount of
data. This, for its turn, gives us an opportunity to balance the imperfect performance of language
models.

e Most of the fanfiction sites are open resources which can be easily and automatically crawled.

Considering all these facts, we chose the https://fanfics.me/ site. All the fanfiction texts belonging to
the “Harry Potter” setting were crawled from this site in summer 2022 and then used in the algorithm
described below.

The amount of data collected is 22252 texts which have around 336 million of tokens in total. This is
a large collection of data so we have to take it into consideration while making a decision about prepro-
cessing algorithms which will be discussed below.
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2.2  Text Preprocessing

Our algorithm requires syntactically parsed natural texts. There are a variety of open source tools per-
forming this task. Such tools can be multilingual and support Russian alongside many other languages
or keep it as the only or almost only one available. For example, Spacy [8] and Stanza [9] provide models
for more than twenty languages each while Natasha and DeepPavlov [10] are concentrated mostly on
models for Russian language. There is also a UD-Pipe module but it is almost deprecated.

Besides the list of supported languages, mentioned models have different quality and capacity fea-
tures: some of them are relatively precise but the level of their efficiency is quite low, some, in contrast,
are surprisingly fast but their quality is below the acceptable level. Considering preprocessing as an
important step which can dramatically affect all future calculations, we tend to prioritize quality over
productivity. However, as it was already mentioned, we are working with a large amount of textual data
processing which can require an inappropriate amount of time, thus we have to search for compromises.
Because of all mentioned above, we decided to use the Spacy framework as it is relatively fast even
without using a GPU and shows an appropriate, but not perfect, performance.

The next step of preprocessing is Named Entity Recognition (NER) which is an ongoing and difficult
task itself; however, we need it to shape the initial list of characters. Note that on some level of precision,
this list can be gained on the stage of syntactic parsing since most parsers have the PROPN tag in their
tagset. Considering this, using NER is not so much about detecting entities in general but about detecting
multi word namings as it is usually beyond the capabilities of syntactic parsers.

As a result of data preprocessing we should have a corpora of syntactically parsed texts with results
of the NER algorithm. We used the one proposed by Spacy as it can be easily added to its pipeline.

3 Grouping of Proper Names Related to the Same Denotation

As can be seen from the task formulation, our algorithm can be divided into two parts. The first one
is collecting of the characters co-occurrence information from the texts; so as it can be utilized as training
data for the further model. The second part is the model training.

For the sake of model training, we need a list of pairs of characters which satisfies the condition of
being “interacting”. Thus, the first stage can be divided in several subtasks too. In the beginning, we
need to define what “character” and “interaction” are in terms of grammatical traits obtained from the
preprocessing step; then the algorithm of applying these conditions to the process of list of pairs extrac-
tion should be described.

We define an entity (not necessarily named) or a character (if we are speaking about it in terms of
fiction terminology) as a token which meets one of the following conditions: it is tagged as an entity by
the NER model; it is tagged as a proper noun by the parser; it is tagged as an animate noun.

There are several reasons for such a decision. To begin with, we want proper names to be considered
as an entity. However, neither syntactic parsers nor NER models have good precision, while we are
speaking about them in terms of entity extraction from fictional texts. However, there is a chance that
mistakes of the syntactic parser can be smoothed by NER model predictions and vice versa, so we de-
cided to unite their decisions. Moreover, additional difficulties are provided by the fact that we need not
only named entities but also their substitutive nouns to be detected. Here we hope that inanimate objects
could not be considered as fictional characters (that is not the case of fairy tales, which are not the subject
of this article). So, we select all animate nouns as hypothetical entities entailed with some of the char-
acters.

After we proposed a definition of an entity, we now can discuss conditions of being interacting. Fol-
lowing [4] line of thought, we decided to use being descendants of one vertex in the dependency tree as
a definition of connection existence. Unlike the approach described in the mentioned work where the
author uses all predicates as the parenting vertices, we decided to make constraints on such vertices
stricter: we consider only verbs being a predicate. Summarizing this with a part about entity definitions
we can postulate the following definitions of a pair: it consists of the two entities which are the descend-
ants of the same verb in a dependency tree.

We have found that a pair of characters can be considered as a context to each other. This allows us
to train a language model treating pairs and entities as sentences and tokens respectively. In this project,
we decided to train a Word2Vec model [11] in order to get vector representation (embeddings) for each
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character. There are several reasons for choosing this architecture. On the one hand, Word2vec is a static
language model that provides us with a single embedding for each entity from vocabulary. Since we
want to get a method providing us with an absolute measure of semantic similarity between entities, the
ability to calculate an average representation of a token becomes useful. On the other hand, considering
usage of a contextualized model, we understood that the described way of representing context does not
provide enough information for the stable learning of a contextual model.

Now we can now describe the process of obtaining the trained model. At the beginning all the entities
should be extracted keeping their affiliation with sentences since we will need this information to make
a decision about connection existence. Then for every possible pair of entities within a sentence it should
be checked if these entities are the descendants of the same verb in the dependency tree. As a result of
the described process, we have a list of pairs of characters ordered by their appearance in our collection
of texts. Then it is used to train a word2vec model so that characters in every pair have only each other
as a context (it is guaranteed by the window size parameter of a word2vec training algorithm).

Using the trained model, we then build a social graph of characters. At the first stage we select all
named characters (entities which are marked by NER algorithm or are a proper noun) with frequency
more than the reference minimal frequency (let be equal to 50) as initial nodes of the graph. Then for
every node we extract top-100 nearest neighbors having cosine similarity more than 0.5 and frequency
more than 20. Then we create an edge between two nodes if at least one of them is in the top-100 list
for another even if they are both initial nodes. The result is a weighted graph where weights are desig-
nated by the cosine similarity between nodes.

As it noted in [13] “The weight of a link between two nodes in a social network can be used to
represent the similarity of two characters. The larger the weight is, the more likely the two characters
will be related to each other.” However, it appears that cosine similarity is not enough. There are named
entities, which have a relatively high proximity but have to be divided, such as twin brothers Fred and
George Weasley, who are always acting together, or Harry Potter and Hermione Granger, who share
their adventures. However, there are entities which have smaller cosine similarity but have to be con-
sidered as a single entity. That is the case of different namings of one character whose frequencies differ
dramatically.

In [4], characters which belong to the same predicate are considered as two different persons. In our
case, if two extremely similar characters frequently appear as syntactical siblings in a parsed text, then
they should be considered as two different persons. However, our experiments demonstrated that such
an approach fails in case of less frequent characters as they often provide lesser statistics than we need
for their separation. Note, that there are a variety of characters having both less and more frequent names.
That is why we need here a community detection algorithm which will separate entities considering the
whole picture of their relations.

Following [4], we decided to use the Louvain algorithm [5]. As a result of applying this algorithm to
a social graph we obtain groups of entities which have closer relations. By changing the resolution pa-
rameter of a Louvain algorithm, we can control the density of achieved communities as its high value
makes the algorithm favor smaller communities. In our case it means that we can decide if communities
should contain names of different but narratively close characters or, if using higher values of resolution
parameter, different name of the same character. Although all of the mentioned parameters (threshold of
cosine similarity, minimal frequencies and resolution parameter) make the precision higher, we cannot
just make them as high as possible since in the extreme case we would get an empty graph or a list of
one-node communities which makes all the process meaningless.

4 Results of Experiments

We trained a model on 5 epochs and words of the minimal frequency 10. We were surprised to see
that a model that was accidentally trained with pairs duplicates (pairs like “Harry Ginny” and “Ginny
Harry” were both added to the list) showed a more stable performance and more representative results;
so, we decided to use it as a basic approach in the further work. We used all entities lowercased and
lemmatized; we also joined multiword entities extracted with NER model into single strings.

However, the first attempt of training the model showed that there are a lot of mistakes of lemmati-
zation and pos-tagging. We decided to begin with solving the first problem. In order to map different
forms of the one entity, we built a graph where an edge between two entities means that they have
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Levenshtein distance [12] equal to 1 (see Fig. 1). After we got such a graph, we considered one con-
nected component to be different names of a character; however, it happened to need a little manual
correction. After that we mapped all the entities in a connected component to a single character’s name
which was the most frequent one in the original component. Then we retrained a model.

necT,

NECTpPERHANKEM

nectpedHaxen

Figure 1: Graph of tokens having the Levenstein distance equal to 1

After retraining, the solution for the problem of incorrect pos-tagging (that actually means that we
had adverbs or adjectives marked as entities) happened to be found. It appears that almost all incorrectly
tagged words formed a single connected component (see Fig. 2), so we merely removed from the train-
ing data all the pairs including these tokens. Then we retrained the model again.

Bl XOMLHOR

R neh
HEfieatang M eC T —._ Sl
MEE— S,

ouepenes —— AL

T MONR
MO RaEHHD
__OCTORAeHEND

Figure 2: Graph of entities connections for the component with pos-tagging mistakes

Having a final model, we repeated all the process of graph building. The resulting graph had an inter-
esting structure: there was a big connected component which contained almost all main characters and
needed to be divided into parts (see Fig. 3) and a lot of small ones. As can be seen on the picture, the
main connected component itself has several easily distinguished parts such as the one in the upper-left
part which is devoted to Ministry of Magic characters or the bottom part whose components are all about
geographical names both real and magical. Sadly, we still do have a small amount of mistagged words
but there are already much less of them than there were in the previous iterations.
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Figure 3: Graph of entities connections for the biggest connected component

As for the resolution parameter, we can start with 10 as the lower values of the algorithm does not
really distinguish anything (it should be mentioned that this parameter has to be selected independently
for every graph). However, this value appears to be too low and provides us with large groups of con-
nected yet not the same characters (see Fig. 4).

MHHHCTp Maruu, podapuc, gamka, COBUIIK, (apKy, BH3CHIAMOTOM, IMEKI00NT, (hak, KOPHEIHYC,
CKPUMJIXKEp, MUHUCTP, KHHTCITH, OpyCTBEp, BU3EHIaMOT

aMepuKa, ydJIbC, UCIIaHus, KaHaJa, MOTIaHAus, (hpaHIIHs, TePMaHus, IBEHIIAPUs, TPCIIHS, UTAIHS,
WpIaHIWs, KATal, Opasuins

NETPUPHUKYC TOTAITYC, HHKAPILEPO, CEKO, IKCIEIUTHapMyc, MEeTPUPUKYCOM, MPOTEro, crymnedaem,
nerpudukyc, crynedaii, 3KkCeNIMapMycoM, HEPOCTUTESIBLHBIN

KOCOH ajiesi, 30HKO, JTFOTHBIM, KOyKBOPT, JIOHIOH, MaH4ecTep, (IOPHII, KOCOH TEPEYIOK, KOCYIO
ajurest, XOrCMHEI, DIUHOYpT

YUUTENb, TUPEKTOP, Tpodeccop, GIUTBHUK, (UINYC, MUHEPBA, MAcTep 3€JIHi, MUHEPBA MaKro-
Harajl, JUIJIET, IeKaH, MaKrOHATasll

PHIUIIT, TOM PUIIUT, JIOPAY, JOPI, PEIJIT, TOM, BOIIEMOPT, JIOpA BongeMopt, moBenuTelb, BOJIaH /Ie-
MOPT, MHJIOPJT

JOKHM, JIHJTA 9BAHC, 3BAHC, JIHIIU, COXaThIH, IIM3PH, MApJIMH, aape, JIKSHMC TOTTep, JHKSHMC, CKOPIT
JIH TOMAC, YU3JIU, POH, POH YU3JIH, POHANB]], PBDKUK, YU3EI, TUH, POHAIB YU3IH, ICPCH

0J3Ka, TOHKC, ONek, Opossara, HUMdanopa, CHpuyc, 09Ky, OJI9K, CUpUYC OI3K, CUPH

Yapid, JDKOPIK, Gpel yU3iu, aHKeIUHA, Gpen, KITH 0eIUT, KOPIK YU3JIH, OUILT, K3TH, ONHU3HE |

Figure 4: Biggest 10 communities detected by the Louvain algorithm
with resolution parameter equal to 10
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If we increase the value to 20, we will still not get enough precise groups (see Fig. 5), but they will
become more clean.

MUHUCTp Maruw, ¢ajka, BU3CHraMoToM, (hajpK, KOPHEINYC, CKPUMIDKEP, MUHUCTP, (hapKy, BU3CH-
ramoT

aHapoMesna, ApyaIlia, Jopesl, Hapiucca, UCCH, HapIucca Maindoil, Baas0ypra, Mena, Hapcu
COBBI, (husuH, OyKJIsI, OYKIIIO, COBa, COBY, XCJIBUI, COB

OmaKa, Onek, Opoxsra, cupuyc, OJI9Ky, OJ3K, CUpPHYC 03K, CUpH

TDKOPIDK, Ppell YU3JIH, aHKelnHa, Ppen, KaTH OeIut, JKOPIKYHU3IH, K3TH, ONr3HeIl

KorTeBpaH, rpudduaIopoM, xaddmmadd, cmmzepuH, mydheHmys, CIU3epUHOM, PEHBEHKIIO, Tprd-
buHIOp

JI0JI0XOB, MaJIbcuOep, pyau, pyaonbdyc, aHTOHUH, pabacTaH, pogoibdyc, diiBepu

K9ppH, TEIaHOp, TapOJIb], TApPHET, MapbIHA, SMUJIH, TAPPH

IYPCIIH, MapJIXK, IETYHbsI, SWJINH, TYHU, BEPHOH, AypCiei

KOCOH aJijiesl, 30HKO, KOCOH MEePeyIoK, KOCYIO aJlies, JIFOTHBIM, XOTCMUI, (IOPHUIII

Figure 5: Biggest 10 communities detected by the Louvain algorithm
with resolution parameter equal to 20

Finally, the resolution parameter equal to 30 provides us with the best compromise between precision
of the groups and the proportion of connections detected (see Fig. 6). As it can be seen on the picture,
there are still groups which need further decomposition (such as the group with Harry which contains
him and some marginal characters that are even not the part of Harry Potter original characters), but the
fact that we can connect naming that are not connected in any way but semantically (such as Remus
Lupin and Moony) make us consider this algorithm to have a pretty high precision and be at least a
method of getting the baseline for more precise yet computationally complex models.

COBBI, XCIIBUT, (PUIHH, OyKJIs, OYKIIIO, COBa, COBY, COB

0imdKa, 61ek, Opomsra, CHpUycC, OJIIKY, OJI3K, CHpUyC OJI3K, CHpH

K3ppH, TeJIaHOP, TapOJIbJ], TAPPHUET, MapbsiHA, SMUIIH, TappU

JIyPCITH, MapJiXK, IETyHbsI, SUIHH, TYHH, BEPHOH, AypCieH

XOTCMUJ, KOCOH ajiesi, 30HKO, KOCYIO ajlIes, JJIOTHBIN, (IIOPHIII, KOCOH TEPEYIIOK
JIYHaTHK, JIFOITUHA, JTFOIIMH, PEM, PEMYC JIFOIIHH, PEMYC, PUMYC

JTOJIHIII, aBPOPAT, MUHUCTEPCTBO, OT/AEH, OT/CI TailH, MUHUCTEPCTBO Marus, aBpop
Kpu4iep, KUKUMep, 1000H, TUILTH, 11b(), BUHKH, IOMOBUK

MUHHUCTp Maruu, Gamk, damka, CKpUMIDKEp, KOpHEInyc, haiKy, MUHUCTD
JIOpAY, JOPI, BOJAHIEMOPT, MUJIIOP, BOJJIEMOPT, JIOP.T BOJIAEMOPT, IIOBEITUTEIb

Figure 6: Biggest 10 communities detected by the Louvain algorithm
with resolution parameter equal to 30

5 Conclusion

In this article, we present a method of anaphoric proper names detection in fictional texts using
Word2Vec model and algorithms of community detection on graphs. This method allows grouping dif-
ferent namings of a single entity and can be useful as a part of preprocessing texts for further analysis
such as building social networks or training neural models.

We applied our method to a large collection of fanfiction texts devoted to the Universe of Harry Potter
(22252 of texts, 336 min of tokens) and obtained 109 groups consisting of 356 named entities, including
characters names, nicknames, faculties, toponyms, and artifacts.

Note that results need manual post-processing since there are some misplaced entities in communities.
Our algorithm needs a pretty big collection of texts on the same topic since the Word2Vec model needs
a big amount of contexts. Thus, it can be useful for preliminary processing of big textual collections as
a builder of lists of anaphoric links.



Remus, Lupin and Moony Walk in a Bar... Grouping of Proper Names Related to the Same Denotation in Large Literary Texts Collections

One of the limitations of our method is it requires a large collection to train a Word2Vec model. It is
hardly applied to a single masterpiece, even a huge one.
In further research we are planning to formulate the requirements for a corpus more precise since it

can

be useful for understanding the ways of overcoming existing limitations. Also, the algorithm of

contextualized detections should be invented.
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Abstracts

SYNTAX AND PROSODY OF SPLIT SCRAMBLING: AN EXPERIMENTAL APPROACH
Belova D. D., Lomonosov Moscow State University, Moscow, Russia

The work is devoted to the experimental study of structures with split scrambling. With the help of acceptability assessment meth-
ods with the use of the Likert scale, self-paced reading, and prosodic experiment, the possibility of separating the left element
(determinator or possessor) from the noun head within DP or PP is compared with the separation of the nominal head from its
complement (dependent infinitive or prepositional phrase). The results show that separating the head for Russian speakers is not
only possible but also rated higher than separating the left element from the head. This pattern is explained by the requirements of
the information structure: the left element that has been fronted cannot form the only topic of the clause. The low scores are consis-
tent with existing experimental studies; however, the results of the reading time appear to be inconsistent with existing views about
the cognitive load required to process split sentences.

ENHANCING THE SEMANTIC AND CONCEPTUAL DESCRIPTION OF ANCIENT GREEK
VERBS IN WORDNET WITH VERBNET AND FRAMENET: A TREEBANK-BASED STUDY

Biagetti E.' VillaL. B.' Zanchi C.'2 Luraghi S.' 'University of Pavia, 2University of Bergamo, ltaly

This paper presents a pilot study intended to enhance the semantic and conceptual description of Ancient Greek verbs in WordNet
with information from two other resources, VerbNet and FrameNet, and to enrich a treebank of Ancient Greek texts with semantic
information extracted from the three resources. We provided semantic annotation for verbs based on their morphosyntactic behav-
ior, and performed a number of queries in order to extract occurrences from the Ancient Greek treebank that intended to match the
different meanings of each verb. The manual check of the data extracted shows that, in spite of a limited number of mismatches, our
queries yielded reliable results. The queries can be further refined in the future and complemented with a rule-based algorithm to
map frame elements to dependency structure.

PAINTING THE SENATE #GREEN: A CORPUS STUDY OF TWITTER
SENTIMENT TOWARDS THE ITALIAN ENVIRONMENTALIST BLITZ

Bianco A., Combei C. R., Zanchi C., University of Bergamo/Pavia, Italy

This study analyzes the reactions of the Italian Twitter community to an environmental demonstration that occurred in Rome
on January 2nd, 2023. We compiled a corpus of 368,531 tokens consisting of 11,780 tweets, collected during a 7-day period. We
propose a mixed-method approach that combines automated and manual corpus analyses of sentiment, emotions, and implicit lan-
guage. Our findings offer insights into how tweets reflected the users’ attitudes toward a variety of subjects and entities. Although
the sentiment of the overall debate was distributed rather evenly, the incident itself seems to have sparked negative sentiment and
emotions among Twitter users. The results of our manual analyses revealed some issues with respect to the automatic classification
of sentiment, due to the fact that some tweets contained irony, sarcasm, and slurs. Non-literal interpretations were ignored by the
tools at hand that could not account for complex rhetorical-argumentative strategies.

SCALED DOWN LEAN BERT-LIKE LANGUAGE MODELS FOR ANAPHORA RESOLUTION AND BEYOND

Bolshakov V.2, Kolobov R.' Borisov E."3 Mikhaylovskiy N.'3 Mukhtarova G.! 'NTR Labs, Moscow/Tomsk, Russia;
2Bauman Moscow State Technical University Moscow, Russia; 3Higher IT School of Tomsk State University Tomsk, Russia

We study performance of BERT-like distributive semantic language models on anaphora resolution and related tasks with the pur-
pose of selecting a model for on-device inference. We have found that lean (narrow and deep) language models provide the best
balance of speed and quality for word-level tasks, and opensource RuLUKE-tiny and RuLUKE-slim models we have trained. Both are
significantly (over 27%) faster than models with comparable accuracy. We hypothesise that the model depth may play a critical role
for performance as, according to recent findings each layer behaves as a gradient descent step in autoregressive setting.

DIACHRONICON: ANEW RESOURCE FOR THE STUDY OF RUSSIAN
CONSTRUCTIONS IN A MICRODIACHRONIC PERSPECTIVE

Budennaya E.'?, Bazhukov M.’ Barkova L.!, Kharlamova D.', Dugrichilov A.' Reznikova T.' Yakovleva A.',
Litvintseva K.', Andreeva A.', 'HSE University; 2Institute of Linguistics, Moscow, Russia

The article is devoted to the linguistic characteristics of the database "Diachronicon" and describes the features of the diachronic
markup of Russian language constructions, as well as tags specially designed for searching through a diachronic database. A special
comment field used in the database is separately justified. In addition, the computer interface of the “Diachronicon" is presented and
described.

The developed resource provides extensive opportunities for systematic study of not only specific constructions, but also gen-
eral mechanisms of idiomatization and grammaticalization. The database allows the researcher to simultaneously compare several
separate plots, search through a list of constructions and their characteristics in diachrony, track the history of syntactic and seman-
tic changes and limitations of compatibility of different constructions.



Petukhova

WHO IS ANSWERING TO WHOM? MODELING REPLY-TO
RELATIONSHIPS IN RUSSIAN ASYNCHRONOUS CHATS

Buyanov l.', Yaskova D.?, Sochenkov l.!, 'TFRC CSC RAS, Moscow, Russia; 2MTS Al Moscow, Russia

The study highlights the asynchronous nature of modern group chats and related problems such as retrieving relevant information
on the asked question and understanding reply-to relationships. In this work, we formalize the reply recovery task as a building
block toward solving described problems. Using simple heuristics, we try to apply the result reply recovery model to a thread recon-
struction problem. As a result, we show that modern pre-trained models such as BERT show great results on the task of reply recov-
ery compared to more simple models, though it cannot be applied to thread reconstruction with just simple heuristics. In addition,
experiments have shown that model performance depends on the chat domain. We open-sourced a model that can automatically
predict which message the particular reply responds to and provide a representative Russian dataset that we built from Telegram
chats of different domains. We also provide a test set for a thread reconstruction task.

BINARY CLASSIFICATION MODELAS ATOOLTO DETECT SENTENCES WITH MICROSYNTACTIC UNITS
Chaga A. V., Institute for Information Transmission Problems (Kharkevich Institute), Russian Academy of Sciences, Moscow, Russia

We consider a model of binary classifier predicting occurrence of microsyntactic units in sentences. The model is based on AWD-
LSTM architecture with an encoder pre-trained on the Russian version of Wikipedia and further trained on a dataset built from the
SynTagRus corpus supplied with a microsyntactic markup. We present the structure of the model and discuss its output. The study
showed that binary classification allows targeting of microsyntactic markup and helps to significantly improve its recall.

CORPUS OF ACCENTUATED BYZANTINE WRITTEN MONUMENTS AND METHODS OF ITS MARKUP
Evdokimova A. A., Institute Institute of Linguistics, Russian Academy of Sciences, Moscow, Russia

This article presents a corpus of Byzantine accentuated texts (BGAT) created since 2008. It currently includes 1010 Byzantine in-
scriptions, 950 papyri from various collections from the 1st to the 9th centuries, 132 seals from the collection of Dumbarton Oaks,
and a selection of 100 Athos manuscripts from the 8th to the 15th centuries. Based on the collected data, we developed a method for
markup such texts, which later makes it possible to create a database of accentuated texts from them and, based on the entire cor-
pus, to train neural networks for classifying texts according to accentuation systems and recognizing them in images. As a result of
marking texts, in addition to the previously known Alexandrian, Byzantine, and Dorian systems of accentuation, new accentuation
systems were identified, including logical or semantic, with a shift of an accent mark to the right, with a displacement of an accent
mark to the left, and mixed. For each group of monuments, their variants of using accentuation systems, especially the Alexandrian
one, were identified, which show different aspects of the accentuation of the Byzantine Greek language. When creating a glossary of
accentuated word forms based on the corpus, we determined that there were lexemes that retained their accentuation regardless of
the influence of the dialect, meter, or traditions characteristic of the masters. However, a comparison of identical texts, even found
in the same region of the Byzantine Empire, showed that the accentuation was not replicated when quoting.

EXPLORING EVALUATION TECHNIQUES IN CONTROLLED TEXT
GENERATION: A COMPARATIVE STUDY OF SEMANTICS AND SENTIMENT
IN RUGPT3LARGE-GENERATED AND HUMAN-WRITTEN MOVIE REVIEWS

Margolina A. V., Kolmogorova A. V., HSE University, Saint-Petersburg, Russia

The paper describes the proposed strategy for evaluation controlled text generation with the sentiment as attribute. Our approach
mainly consists of automatic sentiment analysis (ruBERT) and topic modelling (BERTopic), which are applied to a parallel corpus
with artificially produced and human-written texts. The model for evaluation is fine-tuned on the parsed reviews from big Russian
movie-related website ruGPT3Large with the sentiment as prompt. The results of the analysis demonstrate that the proposed meth-
ods can offer a more comprehensive understanding of the advantages and limitations in the context of semantics and sentiment. Ad-
ditionally, the paper employs metrics such as BERTscore and self-BLEU to further evaluate the generated text. The proposed method-
ology provides a novel approach for evaluating the quality of generated text and may have implications for future studies in the field.

THE TYPOLOGICAL CONSTRUCTICON DATABASE

Muravyev N., University of Hamburg, Hamburg, Germany, Gordeev N., Makarchuk I., Kukushkina M., Buzanov A., NRU HSE,
Moscow, Russia

The report introduces a new resource: the Typological Constructicon database. This resource contains an inventory of constructions
of selected semantic fields in a number of languages of different areal and genetic affiliation. The constructions are labeled accord-
ing to a number of semantic and morphosyntactic parameters and provided with a detailed description and illustrative examples.

ABSTRACT USER GOALS IN OPEN-DOMAIN DIALOG SYSTEMS
Petukhova K., Smilga V., Zharikova D., Moscow Institute of Physics and Technology, Moscow, Russia

In task-oriented dialog systems, conversational agents have the means to plan the dialog to accomplish user tasks (e.g., order pizza).
In chit-chat systems, there are no such straightforward tasks. Yet, in chit-chat dialogs people still pursue goals, but these goals are
more abstract and thus less formalizable. In this work, we describe the development process of two goal-aware prototypes of a
chatbot. The first prototype features entirely human-crafted scenarios for seven topic-specific (low-level) goals and a Goal Tracker
service that detects these goals and monitors the process of their achievement. The other one combines pre-written utterances with
response generation using DialoGPT model to cover the scenarios of four general (high-level) goals. The results show that introduc-
ing the concept of goals improves performance of a chit-chat dialog system. Qualitative analysis of conversations with the High-
Level goals prototype demonstrates cases where a goal-aware chatbot outperforms the original one.
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REPRESENTATION OF LEXICAL POLYSEMY IN THE DATABASE (SEMANTIC SHIFT 'SUN/DAY")
Russo M., Institute of Linguistics, Russian Academy of Sciences, Moscow, Russia

This paper, based on the data from more than 600 languages collected during the work on the database of semantic shifts in the
languages of the world, adresses the semantic transition 'sun/'day'. We analyze the geographic and genealogical distribution of this
semantic shift, the predominant direction of semantic development, and the patterns of morphological derivation associated with
the shift.

GENERATIVE QUESTION ANSWERING SYSTEMS OVER KNOWLEDGE GRAPHS AND TEXT

Turganbay R.', Surkov V.' Evseev D.' Drobyshevskiy M.2 'Neural Networks and Deep Learning Lab, MIPT, Dolgoprodny,
Russia; 2lvannikov Institute for System Programming of the Russian Academy of Sciences

In this paper we describe a generative question answering system which relies on text or knowledge graphs to find supporting
evidence. The goal of generative QA is to provide a natural full sentence answer relying on the relevant evidence. Unlike existing
models, the system proposed here can generate full answers using knowledge base triplets as evidence and is not restricted to simple
questions consisting of one triplet. The generation module is a pretrained encoder-decoder transformer. Additionally, we construct-
ed a new dataset DSberQuAD to train and evaluate the generative QA system in Russian. The new dataset was constructed in a rule-
based manner and is an extension of SberQuAD with full sentence answers for each question. The proposed model is a new SOTA
for Russian KBQA on RuBQ2.0 dataset. All the code and data from this project are be available on GitHub 1 under Apache license.

DEVELOPMENT OF A MORPHOLOGICAL ANALYSER FOR SIBERIAN INGRIAN FINNISH
Ubaleht I., Omsk State Technical University, Omsk, Russia

This paper presents our work on the development of a morphological analyzer for Siberian Ingrian Finnish. Siberian Ingrian Finn-
ish is a low-resource language. In this paper, we present an algorithm for analyzing nouns of Siberian Ingrian Finnish and show an
example of analysis.

THE UNIVERSAL DATABASE FOR LEXICAL TYPOLOGY
Voloshina E., University of Gothenburg, Gothenburg, Sweden, Leonova P., HSE University, Moscow, Russia

The paper presents the principles of creating a database for research in lexical typology and describes the possibilities of its use as
a linguistic resource. The database is built around semantic fields and frames, i. e. units of analysis in the frame-based theory of
lexical typology.

The database provides a universal format for storing the data; therefore, any project in lexical typology can be easily added. The
database does not only store the data from previous research projects but allows anyone who wants to contribute to submit data via
its web interface. The database includes examples provided by native speakers and manually annotated with translations, semantic
fields, and frames, following the annotation principles adopted within the frame approach to lexical typology

PRE-EDITING STRATEGY BASED ON AUTOMATIC EVALUATION OF TRANSLATION COMPLEXITY
TO IMPROVE THE QUALITY OF SPECIALIZED TEXTS MACHINE TRANSLATION INTO ENGLISH

Zhivotova A. A., Berdonosov V. D., Komsomolsk-na-Amure State University, Komsomolsk-na-Amure, Russia

The study addresses the issue of applying optimizing pre-editing of Russian-language texts in order to improve the quality of ma-
chine translation into English. A probabilistic assessment of translation task complexity is proposed to be used for selecting a pre-
editing strategy. A generalized model of the translation process is presented. A mathematical model and algorithm for automated
assessment of translation task complexity are proposed. Test of the model on specialized texts of oil and gas industry is described,
which showed that the estimate correlates with an estimate of translation quality and can be used in selecting a strategy for optimiz-
ing pre-editing of source texts in machine translation tasks.

REMUS, LUPIN AND MOONY WALK IN A BAR... GROUPING OF PROPER NAMES
RELATED TO THE SAME DENOTATION IN LARGE LITERARY TEXTS COLLECTIONS

Zykova V. I., National Research University “Higher School of Economics”, Moscow, Russia, Klyshinsky E. S., Keldysh
Institute of Applied Mathematics of Russian Academy of Sciences, Moscow, Russia

In this article, we present a method of anaphoric proper names detection in fictional texts using Word2Vec model and algorithms
of community detection on graphs. This method allows grouping different namings of a single entity and can be useful as a part
of preprocessing texts for further analysis such as building social networks or training neural models. The method uses large text
collection, related to the same domain. The foundation of the method is training of a Word2Vec model using information on direct
characters interactions. This model allows building a social graph of characters. Than, the Louvain algorithm is used to divide the
graph into communities containing different names of characters related to the same denotation.
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