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CO60pHUK BKJIIOYAET 68 IOKIaZ0B MeXAYHAPOJHON KOHpEPEHITNH 110 KOM-
IIbIOTePHON IMHI'BUCTUKE U HUHTEJJIEKTYaIbHBIM TEXHOJIOIUAM «JJuanor 2016,
IIpe/ICTABIAIOIIUX IIUPOKUY CIIEKTP TeOpeTUYeCKUX U MPUKJIAJHBIX HCCIe/0-
BaHMI B 06JIaCTH ONIMCAHUA €CTECTBEHHOT'O I3bIKA, MOZIETMPOBAHUA A3BIKOBBIX
IIPOLIECCOB, CO3JaHUA NPAKTUUYECKU NPUMEHUMBIX KOMIIBIOTEDHBIX JIMHIBU-
CTUYECKUX TeXHOJIOTUH.
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1 UHTeJIIeKTyaIbHbIX TEXHOJIOTUH.
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IIpeaucaoBue

15-i1 BBIyCK exkerogHuka «KoMIbIOTEpHAs TUHTBUCTUKA U MHTE/JIEKTYah-
HBIE TEXHOJIOTUW» COAEPKUT M3OpaHHbIe MaTepuasbl 22-i MeXKAYHapOAHON KOHe-
peHnuu «/luanor». Ha ocHOBaHWM MHEHUU HAIllero pelneH3eHTCKOTro KOopIryca AJs
My6IUKaIUU B €XErofHUKE PeJCOBETOM OBLJIO OTOOpaHO 68 AOKIAaZ0OB M3 YKCIA
MIPUMEPHO cTa paboT, KOTOPHIE ObLIM PEKOMEH/IOBAHBI 110 pe3yJIbTaTaM peLeH3UpPo-
BaHWA )i IpeicTaBIeHus Ha KoHdepeHIuu B 2016 rogy.

PaboThl B cCOOpPHUKE OTPaKAIOT Te HallpaBJIeHUs UCCIEJOBAHUH B 06J1aCTH KOM-
MBIOTEPHOTO MO/JIETUPOBAHUS U aHAJIN3a ECTECTBEHHOT'O S3bIKa, KOTOPHIE 110 TPau-
LIWU TIPEJICTABISAIOTCS Ha KOHQEPEeHITUN:

* KOMIbIOTEPHBIE TUHIBUCTUYECKHE PECYPChI

* KOMMNbIOTEPHBIN aHAMNU3 IOKYMEHTOB (KJIaccupuKamus,

TOMCK, aHaJIN3 TOHAJbHOCTH U T. I.)
* KopmycHas JUHTBUCTUKA (CO3/jaHUE, pa3METKa,
METOJ VKU IIPUMEHEHU U OLIeHKa KOPITYCOB)

* JIMHIBUCTHUYECKHE OHTOJOTUN U aBTOMaTUYECKOe U3BJIeueHre 3HaHNU I

* JIMHrBUCTUYECKUIT aHamu3 Social media

* JIMHIBUCTUYECKUH aHAJIU3 Peyn

* MaIIMHHBIA IEPEBOJ TEKCTA U pEYU

* Mozenu U METO/IbI CEMaHTUYECKOTI'0 aHaln3a TeKCTa

e Mojeiu o0IeHUA

* TeopeTHYecKas U KOMIIbIOTEpPHAs JIEKCUKOTpadus

* THUIONOTUA ¥ KOMIIbIOTEPHASA IMHI'BUCTHKA

» ®dopmasnbHBIE MO/IETH A3bIKA U UX IPUMEHEHUE

B KOMITBIOTEPHOU JINHI'BUCTHUKE

B cooTBeTcTBUM € TpagunuaMmu «/luanora», ctapeiiieil u KpynHelniel KOH-
bepeHIY M0 KOMITBIOTEPHOM TUHTBUCTHKe B Poccuu, 0T6Op pabOT OCHOBHIBAETCS
Ha TIpeJCTaBIeHUN O HEOOXOAUMOCTH COeIMHEHMsI HOBbIX METO/0B U TeXHOJOTH
aHaJM3a A3bIKOBBIX ZJAHHBIX C CEPbE3HBIMH JTUHTBUCTUYECKUMHU UCCI€JOBAHUAMU.
OznHOM U3 Ba)KHEHIUX Iesell KoHGepeHIIuU Oblia U OCTaeTCs MoAAep)KKa co3za-
HUSA COBPEMEHHBIX KOMIIBIOTEPHBIX PECYPCOB, MO/IEIEN U TEXHOJIOT U /I PyCCKOT'O
SA3BIKA.

B pamkax rosoBOro IIUKJIA NPOBeJEHUSA KOH(EpeHIUH peanusyeTcs IIpo-
rpaMma crenuaabHoro HanpasieHus Dialogue Evaluation — TecTupoBaHUH Tex-
HOJIOTUU pelleHus OTAEJbHBIX 33/lad KOMIIBIOTEPHOI'0 aHaJM3a PYCCKOr'o fA3BbIKA.
Ha «/luasore» mo TpafWIUU TOABOAATCA WUTOT'U IPOBEJEHHBIX TECTUPOBAHUU,
a CTaTbU OPraHU3aTOPOB U HaMbOJIee YCIEIHbIX YYaCTHUKOB ITPEACTaBISIIOTCS B Ha-
cTosAIEeM COOPHUKE.

B aTOM rozy 6B1710 TPOBEAEHO TPU TAKUX MEPOTIPUSITHUS:

* TPOJOJIKUJICA ITUKJ TECTUPOBAHUI Pa3IUYHBIX IIOAX0/J0B K aHAIU3y TOHAJb-

HOCTH TEKCTOB;

° BIEpBbIE AJIs PyCCKOTO S3bIKa GBIJIO MPOBEJEHO CPAaBHEHUE CUCTEM aBTOMATH-

YEeCKOr'o UCIIPaBJIEHUA OlleYaTOK;

* TECTUPOBAJUCH METOABI aBTOMATHYECKOTO U3BJIEUEHU CYIIHOCTEN U paKTOB.



3HauuMocTh Zopoxxek Dialogue Evaluation oueHb Besnka: B pe3ysibTaTe
UX NIPOBEJIeHUA He TOJbKO BBIABJAETCA pealbHbIN YPOBEHb TEXHOJOTUH y4acTHU-
KOB, HO ¥ CO3/IaeTCs OCHOBA /IJISI CPAaBHUTEIBHOHN OlleHKY 29 PeKTHBHOCTH pe3yibTa-
TOB /IJI BCEro HaIlpaBjIeHNUs, IIpe’K/ie BCero B BU/E T. H. 30JI0ThIX CTaH/apTOB — OT-
KPBITBIX /IJI UCIIOJIb30BAHUA Pa3Me4eHHbIX KOPITYCOB.

[TporpaMMHEIN KOMUTET KOHGEPEHI[UH BEIpa)kaeT 0co6YI0 PHU3HATEIBHOCTD
Anekcero Copokuny, Haranbe Jlykamesuy, AHaTonuio CtapocTuy u Buktopy boua-
POBY, BHECIINM OCOOBIH BKJIaJ B OPraHU3AIUIO U IIPOBeJileHNe STUX TeCTUPOBAHUMN.

Cpezu 0coObIX HampaBleHUH «/luanora» B 3TOM I'OZY — MOZeNU JUCKypca.
CraJio yxe 60Jee NI MeHee OUeBU/IHO, YTO KJIFOY K PEIIeHN0 MHOTHX 3aZa4 NLP —
BBIXO/] B IMHI'BUCTHUYECKOM aHaIM3e 3 FPAHUIIBI OTAEIBHOIO IIpeJIoXKeHUA. B cbop-
HUKe [Ipe/icTaBlIeHbl PAOOTHI, HOCBAIeHHbIE TAKUM ABJIEHUAM, Kak pedepeHInab-
HBIU BBIOOD, puTopudeckue oTHomeHnus (RST) u T.1.

Kak 06BIYHO, BaXKHYI0 4acTh MPOrpaMMbl KOHGEpPEHIIUN U COOPHUKA COCTaB-
JIAIOT paboTHI 10 aHANIKU3Y 3Bydalllell pevuu U, LIupe, IpobieMaM MyIbTUMOAAIBHO-
CTH — BCETro TOT'0, UTO oAIIaZaeT 107 oIIpeZie/leHe BaXKHOT'0 ¥ TPaJULIMOHHOI0 1A
«/luanora» HanpasieHUus «Mogenu obuieHu"». OZHONU U3 caMbIX IPKUX JIUYHOCTeH
B 9TOH obsacTu Ha «/[uanore» U B pOCCUNCKON JIMHIBUCTHUKE B IlejioM Oblia Enena
AnekcangpoBHa I'pummHa. Ee pabora 6buta npuHsaTa Ha «/luanor 2016» mepBoii.
K BesmuKoMy coxasleHUIo, IIyOJHUKanusa B 3ToM cOOopHUKe OyzeT mmocaefiHel: Koraa
cOOpHUK y)Ke BepCTajCs, NPUILIA TOpPeCcTHAasA BECTh O TOM, 4TO JIeHbI OoJbIllle HET
C HaMU.

CraTbu B cOOpHUKe TyOINKYIOTCA Ha PyCCKOM U aHIVIMHMCKOM sI3bIKax. [Ipu BBI-
60pe sg3bIKa MyOIHUKAIH AEHCTBYET CIeyIOIIee IPaBUIIO:

* [OKJaZbl 10 KOMIIBIOTEPHOM JMHIBUCTUKE JO/DKHBI N0JaBaThCA Ha aHIVIMU-
CKOM fA3bIKe. DTO pacuIupseT UX ayZAUTOPUIO U NT03BOJIAET IPUBJIEKAaTh K pelleH-
3MPOBaHUIO MeX/YHapOAHBIX 9KCIIEPTOB.

* [OKJaZbl, HOCBALIEHHbIE JUHIBUCTUYECKOMY aHalIU3y PYCCKOro A3BIKA, IpeJ-
rojararoinye 3HaHUe 3TOro A3blKa y YHUTaTess, I0JaloTCA Ha PYCCKOM A3BbIKe
(c obs13aTeIbHOM aHHOTaIMel Ha aHTINHCKOM).

HecMmoTps Ha TpaZMIIMOHHYIO IIMPOTY TeMAaTUKU IpeZCTaBJeHHBIX Ha KOH-
depeHIMK U OTOOpPaHHBIX B COOPHUK /IOKJIaZIOB OHU He MOTYT AaTh HOJHOM Kap-
TUHBI HallpaBleHUi «/luanora». Ee MOXXHO IOJYyYUTh C IIOMOIIbIO caliTa KoHe-
pennuu www.dialog-21.ru, Ha KOTOPOM Ipe/CTaBJeHb OOIIKMPHBIE 3JEKTPOHHBIE
apXUBBI «/[1aIOroB» OCAeIHUX JIeT U BCe Pe3y/IbTaThl IPOBeIeHHBIX TeCTUPOBAHUHI
DialogueEvaluation.

Ms=I obpaiiaeM BHUMaHNE aBTOPOB U YUTaTeseli COOPHUKA, YTO €ro 6yMaKHBIH
BapUaHT, KOTOPBIH BHI ZIEPXKUTE B pyKaX, ABJAETCA BTOPUYHBIM II0 OTHOIIEHUIO K c60p-
HUKY, KOTOpBIl pasMelnjaeTcs Ha caliTe koHdepeHIUU U HHAeKcupyeTcsa SCOPUS.
ME!I pekOMeHZyeM IIpU TUTHPOBAHUU UCIIOIb30BaTh MMEHHO CETEBYIO BEPCUIO.

IIpozpammuulil komumem KoHpeperyuu «/Juanozs
Pedcosem cbopHuka «<KomnslomepHas auHz8ucmuka
U UHMeANeKMyaibHble MeXHOI02ULL»


http://www.dialog-21.ru

OpraHusaTopsl

E)KeI‘OL[HaH KOHq)epeHIII/IH <<,Z[I/Ia]101">> IIPpOBOAUTCA IO/ IIaTPpOHAaXEM Poccuii-
CKOTr'o q)OHZ[a (byHl[aMeHTa]ILHbIX I/ICC]IeZ[OBaHI/If/'I npu OpPaHHBaHHOHHOﬁ TIIoAAEPIKKE

komnaHuu ABBYY.

YupeauTensaiMu KoHGepeHINH ABIATCA:

¢ VMHCTUTYT TMHTBUCTUKU PITY

e UWHcTuTyT Npobiem nHpopmaTuku PAH

e UVHcTUTyT npobieM nepefauyu nHGopmanuu PAH

e Kommnanus ABBYY
¢ KommanHuda Yandex

* OQunosnoruyeckuil paxynsrer MI'Y
KondepeH1ua NpoBoAuUTCA IpU nojAep:kke Poccuiickoll acconyaluy UCKycC-

CTBEHHOI'O MHTEJIJIEKTA.

Me:xAyHapOAHBIHA IPOrPaMMHBIH KOMUTET

Baiitun Anekceil BraguMupoBud

Borycnasckuii iropp Muxaiinosuy
Byate Kpuctuan

Tenbbyx Anexcaugp ®PemukcoBuy
HNomaud Jleouuz JleiitboBuy
Ko6o3eBa Mpuua MuxaiiioBHa

Kosepenko Enena bopucosBHa
Kop6ertT I'peBu

Kponrays MakcuM AHUCUMOBUY
Jlykamesud Haranba BajieHTHHOBHA
MaxkxkapTtu /luana

Menbuyk Mrope Anekcan/poBud
Huspe Moakum

Hupenbypr Cepreii

Ocunos I'ennaguii CeMEHOBUY
Packun BukTop

Cenereii Bnagumup [TaBioBuy
XoBU DAyaph

[ITapoB Cepreii AnekcaHApPOBUY

Kommanus Yandex, Poccus

MHctuTyT npobiieM nepesadyu UHGOPMaLU
PAH uwm. A. A. XapkeBuua, Poccusa
Yuausepcurer /Ixxo3eda Pypbe, [peHoOTH 1,
Opannua

HarnoHa/JbHBIA IOJIUTEXHUYECKUNI
UHCTUTYT, MeKkcuka

VHCTUTYT npob6ieM nepefadyy HHGOpMAIUU
PAH um. A. A. XapkeBuua, Poccusa

MOCKOBCKUM roCyZJapCTBEHHBI YHUBEPCUTET
um. M.B. JlomoHocoBa, Poccusa

UHctuTyT npobaem nupopmatrku PAH, Poccust
Yuusepcurtet Cyppes, Berukobpuranus
HIY «BrIcmias 1mkojaa 5KOHOMUKU», Poccusa
HUBII MI'Y um. M. B. JlomoHOCOBa, Poccus

KeMOpuI)KCKUH YHUBEPCUTET,
BenukobpuTaHus

Monpeanbckuil yHuBepcureT, Kanaza
YumcanbcKuil yHuBepcureT, [lIBerus
YHuBepcurteT Mapunenza, baatumop, CIIA
WHctuTyT nporpaMMHbIX cucteM PAH, Poccusa
Yuausepcurert [lepzasio, CIITA

Kommnanusa ABBYY, Poccus

Yuusepcurer Kapueru — Mesios, CIIA
YHauepcurert Jluzaca, BerukobputaHus



OpI‘aHI/IBaHI/IOHHBIﬁ KOMUTET

Cenereii Bragumup ITaBioBuy,
npedcedameJiv

Batitun Anekceii Brazumuposuy

Benukos Brazumup ViBaHOBUY
BpacnaBckuii [1aBen McaakoBud

Zlo6poB Bopuc BukTopoBuy

HNomauH Jleouns JleitboBua
Kob6o3eBa VMpuua MuxaitjoBHa
Kosepenko Enena bopucosHa

Jlaydpep Hatanus NcaeBHa

Jlawesckasa Onbra HukonaesHa
CoxkoJioBa Enena I'puropbeBHa

Tongosa CBeTnaHa FOpbeBHaA

[Tapos Cepreii AnekcaHAPOBUY

Cekperapuar

ATscoBa AHacTtacus JIeOHU/IOBHA,
KOOpOUHamop opekomumema
Benkuna Anekcanzpa AHZpeeBHa,
cexkpemaps opzKomMumema

I'yceBa AHHaA AJleKCaHZAPOBHA,
koopouHamop Dialogue Evaluation

Cesepruna ExareprHa AjleKcaH/IpOBHa,

adMUHUCMPAMOp opeKoMumema

Kommanusa ABBYY

Kommnanusa Yandex

VIHCTUTYT pPyCCKOTO S3BbIKa
uMm. B. B. Bunorpazosa PAH

Ypanbckuii pesepanbHbIi
YHUBEPCUTET

HUBL MI'Y um. M. B. JlomoHOCOBa

VHCTUTYT Ipo6JieM niepesiadyu UHGOP-
manuu PAH uM. A. A. XapkeBruda

MocKoBCKUM rocyzapcTBeHHBIN
yHusepcuteT uM. M. B. JlomoHOCOBa

VHCTUTYT 1pobsieM HHGOPMAaTUKHU
PAH

Komnanusga Yandex

WHCTUTYT pyCCKOr'O A3bIKa
uM. B. B. Bunorpazosa PAH

Poccuiickuii rocyzapcTBeHHBIN
I'YMaHUTapHBIA YHUBEPCUTET

HINY «Briciias MIKkoJjia 5KOHOMUKU»

Yuausepcuret Jluzca

Komnanusa ABBYY

Komnanusa ABBYY

Komnanusa ABBYY

Komnanusa ABBYY



PenieH3eHTBI

ApryctusHosa TaHA

A3zaposa VMpuHa BragumupoBHa
AnppuaHoB AHpeii ViBaHOBUY
Anpecan BanentuHa IOpreBHa
Baiitun Anekceil BragnMupoBua
BapanoB AHaTonuit HukosmaeBud
besnukos Biragumup MiBaHOBUY
benko Biragumup

BorzaHoB Anekceit BragumupoBuy

BborpanoBa-bernapan Haranbsa
BukTopoBHa

BorycnaBckuii iropp MuxaitnoBug

Boru-OcmooBckasa AHacTacusa
AnexcaH/poBHA

bouapos BukTtop Biazuciasosuu
BpacnaBckuti [TaBen VicaakoBud
BacuibeB Butanuii [eHHaAbeBUY
Tanuikuit bopuc AnekcaHApoBUY
Tenpbyx Anekcanzap ®ennukcoBuy
I'pawenkos IlaBesn BanepreBuu
I'puiminina Enena AnekcaHApoBHA
I'ybun Makcum BaguMoBuy
Jannusnb Muxaui AJlekcaH/poBUY
Jlo6poB Boprc BUKTOpoBUY
Jlo6poBosbckuii imutpuii OneroBuy
3anusHAk AHHa AHZpeeBHaA
3axapos Bukrop IlaBioBrua
3axapos Jleonn MuxaiioBud
HNomayn bopuc JleoHn0BUY
Howmzau Jleouuns Jleitbosrua
Karunckaa Anucba IOpreBHa
Kubpux AHZpeit AeKcaHAPOBUY
Kob6o3eBa Mprna MuxaiiioBHa
KopoTaeB Hukomnaii AnekceeBud

KoTenbHukoB EBrenuti BsueciaBoBuy

KoToB Apremuii AnekcaHpOBUY
Kpetignuu I'puropuii Eumouy
Kponrays MakcuM AHUCUMOBUY
JleonTuHa Mpuna boprcoBHa
Jlo6anoB Bopuc MedboabeBuy
Jlykamesuy HaTanbpa BaseHTrHOBHA
JlrotukoBa ExkaTeprHa AHaTo/NbEeBHA
Makkapru /luaHa

Munnoc @ununn PobepToBud
Hakos [IpeciaB

Heponyxko AnHa IOpbreBHa
[TapgyueBa Enena BukTopoBHa
[Tasenbckada AHHa 'epMaHOBHA
ITanuenko Anekcanzp MiBaHOBUY
[TanepHo Jlennc ApoHOBUY
[Munepcku Anexkcanzp Yezosuy
[InyHran BnaguMmup AneKkcaHAPOBAY
INoanecckas Bepa McaakoBHa
Paxununa Exarepuna BragumupoBHa
Cenereii Bragumup ITaBnoBuy
CMmupHOB liBaH BaseHTHHOBUY
Coxonosa Enena I'puropbeBHa
CoMUH AHTOH AJleKCaHZpOBUY
CopokuH Anekcelt AHIpeeBUY
CrapoctuH AHartosnuit CepreeBud
CrenanoBa Mapusa EBrenbeBHa
Tecrtenern AkoB ['eopruesuy
Tuxomupos Uinba AnekcaHZpoBUY
Tongosa CBetsiaHa FOpbeBHaA
Ypricon Enena BiragumuposHa
®enoposa Onbra BukTopoBHa
Xopowmesckuit Bragumup ®ezopoBud
LuMMepauHT AHTOH BirajuMupoBuy
[ITapoB Cepreii AnekcaHApOBUY

fAnko TaTbsiHa EBreHbeBHA
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DEEP LEARNING AND STRUCTURAL
KERNELS FOR SEMANTIC INFERENCE:
QUESTION ANSWERING APPLICATIONS
TO FORMAL TEXT AND WEB FORUMS

Alessandro Moschitti (amoschitti@gmail.com)

Qatar Computing Research Institute, Hamad Bin Khalifa
University, Qatar

In very recent years, there has been a large body of research work dedi-
cated to deep learning: many recent articles report state-of-the-art results
obtained by neural networks on many different applications of Natural Lan-
guage Processing (NLP), e.g., Machine Translation, Speech processing, etc.

However, even the most optimist supporters of Neural Networks ac-
knowledge the fact that dealing with highly complex semantic tasks requires
new deep learning solutions. For example, no effective neural network
model has been proposed so far for accurately performing discourse and
dialog parsing or deep semantic inference, which is, for example, needed
in Question Answering, Textual Entailment and Paraphrasing Identification.

The main difficulty in designing effective Neural Networks for such NLP
tasksis the automatic learning of embeddings that can encode complex se-
mantic relations, e.g., whose arguments (i) can span more than few consec-
utive words and (ii) can be located at any arbitrary distance in the target text.
In other words, automatically learning semantic structures for language in-
ference is still an open problem.

In this talk, | will elaborate on the claim above by firstly introducing prop-
erties and challenges of automatic language inference as well as the latest
developments of the related advanced technology. The latter also includes
the use of structural kernels applied to syntactic and semantic structures,
which can easily encode complex text dependencies in learning algorithms.
For this purpose, | will also capitalize on my direct experience with the tech-
nigues and models used for engineering the famous IBM Watson system.

Then, | will introduce some simple networks, along with some of their suc-
cessful applications to simple NLP problems, e.g., sentiment analysis or named
entity recognition, highlighting the importance of pre-training the networks with
unsupervised models, e.g., using the famous toolkits, word2vec and GloVe.

Finally, | will present deep learning models for solving complex inference
on short text, i.e., the one required for solving Question Answering (QA) appli-
cations. In particular, | will focus on Community QA, which offers the possibility
of (i) utilizing a strict semantic correlation between questions and answers, i.e.,
user comments; (i) modeling the user interaction structure, which is implicitly
part of the question-comment treads; and (iii) dealing with a real-world applica-
tion, which also requires the use of robust methods to process noisy text.

The results of our comprehensive comparative study on the above-men-
tioned machine learning methods suggest that the combination of deep
learning and structural kernels applied to syntactic/semantic representations
achieves the state of the art in applications requiring highly complex seman-
tic inference. Therefore, although deep learning is greatly contributing to the
solution of several NLP tasks, it is stillimportant to combine it with traditional
approaches, e.g., kernel methods applied to syntactic/semantic structure.
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Linguists and computational linguists have come up with some quite useful
theories of the semantics of function words and the corresponding logical
elements such as generalized quantifiers and negation (Woods 1968; Mon-
tague, 1973; Steedman 2012). There has been much less progress in defin-
ing a usable semantics for content words.

The effects of this deficiency are very bad: linguists find themselves
in the embarrassing position of saying that the meaning of ,seek" is seek".
Computation lists find that their wide coverage parsers, which are now
fast and robust enough to parse billions of words of web text, have very
low precision as question answerers because, while the answers to ques-
tions like ,Who wrote ‘The Great Gatsby?’“ are out there on the web, they
are not stated in the form suggested by the question, ,X wrote ‘The Great
Gatsby’®, but in some other form that paraphrases or entails the answer,
such as ,X’s ‘The Great Gatsby’*.

Semantics as we know itis not provided in a form that supports practical
inference over the variety of expression we see in real text.

I’ll discuss recent work with Mike Lewis which seeks to define a novel
form of semantics for content words using semi-supervised machine
learning methods over unlabeled text. True paraphrases are represented
by the same semantic constant. Common-sense entailment is represented
directly in the lexicon, rather than delegated to meaning postulates and
theorem-proving. The method can be applied cross-linguistically, in sup-
port of machine translation. If | have time, | will discuss the relation of this
representation of content to the prelinguistic language of mind that must
underlie all natural language semantics, but which has so far proved resis-
tant to discovery.

Lewis and Steedman, (2013) ,,Combined Distributional and Logical Semantics®,
Transactions of the Association for Comptuational Linguistics, 1, 179-192.
Lewis and Steedman, (2014) ,Combining Formal and Distributional Models
of Temporal and Intensional Semantics®, Proceedings of the ACL Workshop
on Semantic Parsing, Baltimore, 28-32.
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The Penn Discourse Treebank 2.0 (PDTB2) was released to the public
in 2008 and remains the world‘s largest corpus of manually annotated dis-
course relations—both relations that are signaled explicitly (e.g., by a coor-
dinating or subordinating conjunction, or by a discourse adverbial or other
construction) and relations that otherwise appear implicit. Work is pro-
gressing on augmenting the PDTB2 in three ways: (1) by annotating many
more forms of sentence-internal discourse relations; (2) by annotating im-
plicit relations across paragraph boundaries; and (3) by identifying and an-
notating the presense of concurrent discourse relations. The new corpus
will be called the PDTB 3.0 (or PDTB3).

The Penn Discourse TreeBank differs from other discourse-annotated cor-
pora, notjustinits size or its grounding in lexical, syntactic and/or positional
evidence, but also in permitting more than one discourse relation to be an-
notated as holding concurrently.

In the PDTB2, annotators could indicate concurrent discourse relations
by assigning multiple sense labels to an explicit connective. In the ab-
sense of an explicit connective, annotators could indicate concurrent dis-
course relations either by annotating a single implicit connective that they
took to concurrently convey multiple senses or by annotating multiple im-
plicit connectives, each conveying one of the concurrent relation(s). In the
PDTB3, we have also had to allow for the possibility that a distinct implicit
discourse relation can be inferred alongside an explictly signalled one.

Evidence for such concurrent relations comes from linguist-generated mini-
mal pairs, from existing corpora, and from judgments elicited through crowd-
sourcing experiments that we have been carrying out for the past year.

There are different circumstances in which different concurrent discourse
relations are taken to hold. I will go through these, and conclude with what
| take the implications of this to be for various language technologies.
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In this paper we compare different models for measuring synonymy.
We consider methods based on monolingual text corpora and parallel texts.
We experiment with the features based on context similarity, translation
similarity, and similarity of neighbors in the parse trees. We provide an anal-
ysis of strong and weak points of different approaches and show that their
combination can improve the results. The considered methods can handle
large-scale vocabularies and be useful for automatic construction of hu-
man-oriented synonym dictionaries.

Keywords: synonyms, semantic similarity, synonym dictionary extraction,
vector models, translation models

1. Introduction

In this paper we compare different models for measuring synonymy. Such meth-
ods can be useful for automatic construction of synonym dictionaries (see Fig. 1).

We consider methods based either on plain monolingual texts, or on parallel
texts. Such corpora can be gathered from the Web and updated regularly with the
growing number of documents. The automatically constructed synonym diction-
aries can have the following advantages: coverage, variety, sensitivity to real oc-
currence in texts, and recent language changes. For this reason, it is interesting
to compare automatically extracted synonyms and the synonyms from a human-
built dictionary.

Many existing methods of automatic extraction of synonyms are based on the
similarity of contexts in monolingual texts (see 2.2). However, many of the reported
experiments are of a preliminary nature. The dependence between the quality of the
results and the amount of data and the word frequencies is not quite understood.
Context-based methods have some limitations, since the context similarity does not
always directly correspond to synonymy. Problems can arise in the case of polyse-
mous words. It is also difficult to collect reliable contextual information for rare
words.
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YM cywy
pﬂﬂ':."h'l : pﬂEC}",EI,DK * MHTEMNEKT - CMbICH - Z],.'J,pﬂElhI:i CMbiCcn - FE'HHﬁ . pﬂﬂ}"MEHME - TONK
ronoBa - Mo3ar - NaMmATE - FTONoBHOW Mo3ar
Dorageka - Mbeicne - MbllUNeHWEs - BarnAg - MHEHWE - HaMepeHWe - EDDSpﬂ'{’KEHHB
CMETKA - OOragnuBocTe - OCTROYMMKE - CMEKaNKa - EDDBpﬂHHTE‘J’IbHDETb - CMBILLINEHOCTL
paccygUTeNeHOCTE - TPE3BOCTE
MEICIMTENLHLIE cnocobHocTY - YMCTBEHHBIE cnocobHoCTY

WHTEMNEKTYANbHOCTE - MHTEMNMWIEHTHOCTL

Fig. 1. Example of synonym dictionary entry for
word «ym» (“mind, intellingence”)

Another useful source of information about synonymy can be found in parallel
corpora. Statistical translation models (phrase-tables) can serve as a source of syn-
onym candidate pairs. One can assume that if two words have common translations
in another language, they can be synonyms. Translation frequencies in the phrase-
tables can be used to estimate the distance between synonym candidates.

It seems that having the information about the syntactic relations between words
can also be useful [Dekang Lin 1997]. One could use the same context-based meth-
ods, but replace context words with syntactically related words, i.e. words adjacent
in the parse tree. Such data is likely to contain less noise.

The aim of the paper is to study the impact of different data sources (namely,
vector models, translation tables, syntax) on the quality of finding and ranking syn-
onyms. We are interested in obtaining large and accurate human-oriented dictionar-
ies. We are also interested in studying the dependence of the results on the size of the
corpora, the size of vocabulary and word frequencies. We report on the experiments
with combinations of different data sources for Russian.

The notion of synonymy is rather vague and subjective, which makes it difficult
to find a reliable formal metric. The evaluation metrics based on assessments of human
experts can be hard to reproduce. It is not clear how such metrics take into account the
specifics of possible areas of practical application. For the evaluation of automatically
extracted synonyms, we compare them to the synonyms from human-built dictionaries.

We restrict the pairs of words that can be considered candidates for synonyms,
to the words that have at least one common translation in an SMT phrase-table. It turns
out that part of manual synonym pairs cannot be found in this way [see Section 4.3].
On the other hand, the automatically extracted synonyms can be more relevant and
up-to-date, since they reflect the word usage in real texts.

We regard as reference all synonym candidate pairs that intersect with human-built
dictionary. The rest can contain both correct and not correct synonym pairs. A significant
portion of automatically generated correct synonym pairs may not appear in the refer-
ence. In this approach, the task of finding the right synonym pairs is similar to the prob-
lem of ranking. Different models of similarity estimation produce the ranked lists of can-
didate pairs, which then can be compared w.r.t. the ranks of reference pairs. We believe
that this experimental setup may be useful for the evaluation and analysis of different
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methods. On the one hand, we rely on publicly available dictionary and do not need any
further human assessment. On the other hand, the task has clear practical value.

The rest of the paper is organized as follows. In Section 2 we outline the related
work. In Section 3 we describe the models of similarity estimation, and the features
that we use. In Section 4 the experimental setup is described. The results of the exper-
iments are reported in Section 5. We conclude and discuss the applicability of overall
approach to building large-scale synonym dictionaries in Section 6.

2. Related work

The task of synonym extraction is closely related to the more general problem
of measuring semantic similarity of words and phrases. The existing approaches can
be roughly subdivided into three types according to the main source of information
about semantic similarity.

2.1. Knowledge-based approaches

Knowledge-based methods try to make use of existing lexical resources, such
as thesauri or knowledge graphs that represent a kind of a semantic network. The
similarity of two words can be estimated, taking into account the distance between
them in this network. Many approaches[Richardson 1994, Postma 2014] are based
on Wordnet[Miller 1995, Fenenbaum 1998], a manually created lexical resource for
English, but there also exist attempts to automatically induce semantic networks, e.g.
from Wikipedia. However, such methods are left beyond the scope of this paper, since
they require large-scale resources to be available for a particular language.

2.2. Monolingual context-based approaches

There exist different methods of measuring semantic similarity between two
words based on the lexical coocurrence in large monolingual corpora. A wide vari-
ety of measures were proposed [see Baroni 2014 for systematic comparison] from
simple scalar product of coocurrence frequency vectors, or Kullback-Leibler distance
between the context distributions to more complex methods, that overcome the data
sparsity problem, such as Latent Semantic Analysis (LSA) [Landauer and Dumais
19971, Distributional Memory [Baroni 2009] and neural network language models
[Mikolov 2013, Pennington 2014].

The application of different methods to Russian is discussed in detail in the ma-
terials of Russe-2015 [Panchenko et al. 2015] contest. Different approaches are pre-
sented, including distributional, and neural network-based models, trained on a wide
variety of monolingual corpora, as well as knowledge-based approaches.
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2.3. Translation-based approaches
There exist methods for the extraction of synonym candidate pairs from bilingual
parallel corpora. They use the alignment techniques from phrase-based statistical ma-

chine translation, and identify candidate synonyms using a phrase in another language
as a pivot. [Dolan 2004, Bannard 2005, Barzilay 2001, Zhao 2008, Bansal 2012].

3. Models for similarity estimation

3.1. Translation model and extraction of synonym candidate pairs

A translation model TM = (eni, TU;, count) is the set of translation equivalents
with their respective counts. The translation equivalents are extracted from a parallel
corpus with the help of SMT techniques and tools [Koehn 2003]. We also preprocess
parallel sentences by a morpho-syntactic analyzer [Antonova, Misyurev 2012]. This
allows us to sum over the counts the translations with the same lemmas, selecting
only one pair in the translation model as described in [Antonova, Misyurev 2014].

The set of Russian synonym candidate pairs can be defined as
Cand(t) = {(rug, rup) | Ien;, cg, cp, (eng, 11U, C4) €

€ TM, (en;, rup, cp) € TM,c, = t,cp =t} (1)

Eq. 1 describes the set of pairs of Russian words for which there exists at least one
common translation with a joint count above a given threshold t.
3.2. Translation similarity score

The similarity estimate for a pair of synonym candidate pair is calculated by Eq. 2.
TranslationSimilarity(rug, rup) = TranslationSimilarity (ruy,ru,) =

= Pr(rug|rup)Pr(ruylruy) (2)

Pr(rug|ruy) = Z Pr(rug|en;)Pr(en;|ruy) (©))

Pr(ruy|ruy) = Z Pr(ruy|en;)Pr(en;|ruy) (D)

Count(en;,ru,)

Pr(en;|ruy) =

(%)

Yen, Count(en;, rug)
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For all common English translations en; we calculate the probabilities of trans-
lating ru, to ru, through en;, and then marginalize over en; to get Pr(rug|ru,).
To get a single symmetrical similarity estimate we get a multiplication of Pr(ru,|ru,)
and Pr(rup|rug).

Typical mistakes observed when ranking synonym candidate pairs by translation
similarity score are the following:

* Mistakes of automatic word alignment may produce incorrect translations pairs.
Particularly, wrong pieces of multiword expressions can be found in the phrase
table with high counts.

* Mistakes introduced by the word sense ambiguity. For example, unrelated Rus-
sian words «6exaTtb» (“move quickly”) and «3anmyckartb» (“launch”) can be trans-
lated by a polysemous English word “run”. Such polysemous common transla-
tions can connect words that are not synonyms.

These two types of mistakes are specific for the phrase-table and one can expect that
a combined approach taking monolingual contexts into account can improve the ranking.
It is important to use a lemmatized phrase-table, otherwise the synonym candidate pairs
can contain many word forms of the same lemma and the counts can be much sparser.

3.3. Similarity scores by vector models

For measuring similarity in monolingual contexts we train vector models with
the help of two popular tools word2vec and glove. They represent each word as a vector
in a low-dimensional space. The similarity score between two words is given by the
scalar product of the corresponding vectors. Though vector models are widely popu-
lar and effective, this approach still has some weaknesses:

e It cannot divide separate meanings of polysemous words, since each word has
only one corresponding vector.

e Vectors for rare words can be unreliable, since they occur in a small number
of contexts in the corpus.

 Itisappropriate for single words, but requires special efforts to handle multiword
expressions.

3.4. Vector models with syntactically related words

We checked the possibility of using syntactic relations to construct vector models
of words. As is known, such models are based on the co-occurrence statistics of the
corpus. Instead of collecting all words within a predefined window, we collected syn-
tactic contexts, i.e. the words that are adjacent in the parse tree. Such data is likely
to contain less noise. We trained a glove vector model on the set of syntactic contexts.
In the rest of the paper this model is referred to as GloveSynt.
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3.5. Model combination

It seems that context similarity and translation similarity suffer from different
types of problems and that their combination can improve the results. Moreover, tak-
ing word frequencies into account can possibly lead to further improvement. We com-
bine the similarity scores by different models and word frequencies in a log-linear
model, and train the weights with logistic regression.

3.6. Quality metrics

The notion of synonymy is rather vague and subjective, which makes it difficult
to find a reliable formal metric. To assess the quality of a ranked list of automatically
extracted synonyms, we look at the ranks of the gold synonyms from a human-built
dictionary. We evaluate the importance of different features w.r.t. the ranking that
they produce on the list of all candidate pairs. To measure the ranking quality we use
the following metrics: average precision (AveP), average rank(AveRank), median
of ranks(Median). The average precision is defined as follows:

n
AveP = Yr=q1 P(r)xrel(r) 6)

T rel(r)

where r is the rank in the sequence of candidates, P(r) is the precision of top r can-
didates, rel(r) is an indicator function equaling 1 if r-th pair is relevant, n is the total
number of candidates.

4. Experiment

4.1. Reference synonym pairs

We downloaded Russian synonym dictionary from Wiktionary.org, taking only se-
mantic relation of type “Synonym”. The initial 58,715 synonym pairs were lowercased,
and symmetrized' (105,142 pairs after symmetrization). Considering only single-word
pairs for the described experiment we got a set of reference pairs, Gold = {(query, syn-
onym)}, which contained 99,394 single-word synonym pairs for 42,509 distinct queries.

Another dataset GoldAbr consisted of Abramov’s dictionary of Russian synonyms
and similar words, whose first edition was in 1915. After symmetrization it contained
34,930 pairs for 12,527 distinct queries. The intersection of Wiktionary and Abramov
dictionary is small: 6,616 pairs.

1 Though some synonym pairs (a, b) may be asymmetrical, most added pairs (b, a) are also relevant.
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4.2. Synonym candidate pairs

We built a lemmatized phrase-table with maximum phrase length of 3 words
on an English-to-Russian corpus drawn from the Web. The minimal joint translation
count is 2. The sum of all joint counts is about 2.91 billion. For the simplicity of the
experiment, we restricted the Russian side only to single words that had been recog-
nized as correct Russian lemmas by an in-house morphological dictionary.

We generated a set of synonym candidate pairs with the help of the phrase-table,
as described in 3.1. The set of positive examples consisted of the intersection of reference
and candidate pairs Pos = Gold N Cand. The set of negative examples consisted of those
pairs, whose query word occurred in Gold and had at least one positive example in Pos.

All query words were randomly divided into two parts. Then all positive and
negative examples were place into one of two sets according to their query word:

 training set: 26,281 positive, 2,657,507 negative examples.
* testset: 26,461 positive, 2,614,819 negative examples.

Fig. 2 represents the dependence between the number of candidate synonyms
and the query frequency.

500
|

nvar
50
I

10

1e-07 1e-06 1e-05 1e-04 1e-03
freq

Fig. 2. Dependence between the number of candidate synonyms
and the query frequency. Bottom line — reference synonyms,
upper line — all candidates by translation model, the middle
line — number of candidates per one reference pair
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Frequent words typically have more synonyms in human-built dictionaries, and
more synonym candidate pairs. The absolute number of candidate pairs is very big (log-
arithmic scale). On the one hand we have more data for more frequent words. On the
other hand the classification task is harder because they have more synonym candidates.

Concerning the task of synonym evaluation, there exists a problem of reference
sparsity. It means that the candidate list often contains many relevant synonym pairs
that are missing in the reference (see Table 1). For that reason, the use of standard
metrics such as recall/precision may be unconvincing.

Table 1. Top-34 synonym candidates for word «npoBopHbIi» (“agile”),
ranked by descending translation similarity. Reference synonyms
are bold (Wiktionary) and underlined (Abramov)

BEPTKUMI (~nimble) 1.8e2 GOMKMA (~spirited) 7.6e°
JIOBKH I (~agile) 9.4e 4 He3aMeIUTeNbHbI | (~immediate) | 7.2e°
nmoBopoTaUBHIN | (~agile) 8.7e CHODOBUCTHIN (~nimble) 5.2e¢
LIy CTPBIH (~nimble) 6.6e 4 IO BUXXHOMN (~mobile) 5.0e"°
IOpKUii (~nimble) 2.7e 4 noZckaseiBatomuil | (~prompting) | 3.4e°
TIPBITKUN (~nimble) 1.7e 4 JTVUHAMUYHBIA (~dynamic) 2.7e°
MaHeBpEeHHBIHN (~maneuvering) | 9.6e™° 0KMBJIEHHBIN (~brisk) 2.6e7°
OBICTPBIi (~fast) 5.4e° CBOEBpEMEeHHBIH (~timely) 2.3e7°
6BICTPO (~quickly) 5.3e™° HaXOJYUBBINA (~resourceful) | 1.7e ¢
pacToponHbIi (~agile) 5.2e° M3BOPOTIUBBIA (~quirky) 1.6e°
TUOKUI (~flexible) 4.7e° GesoTarategabHbIN | (~urgency) 1.4e°
BEPT/IABBIN (~fidgety) 3.6e7° IpOOY K A€ HHBII (~awakened) |8.2e”7
IO BUKHBIN (~mobile) 3.1e™8 AKTUBHBIN (~agile) 8.1e”7
OIIepaTUBHBII (~operational) |[1.8e° CKOPBIH (~fast) 8.0e”’7
CTpeMHUTeNbHbIH | (~rapid) 1.7e° coobpasutenbHbifl | (~witted) 8.0e”7
CKOpeH I (~early) 1.4e° pe3BbIi (~spirited) 6.3e”7
TMo/ICKa3aHHbBIHN (~prompted) 8.8e° 6oApHIi (~brisk) 6.2e77

Fig. 3 illustrates the problem of measuring the ranking quality with the average
precision when the reference is sparse. One can see that although some reference pair
are ranked high according to our similarity models, a considerable amount of refer-
ence pairs belong to the low-precision area. For that reason we used additional met-
rics, namely, average rank(AveRank), median of ranks(Median).
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Fig. 3. Precision vs rank. Solid line — translation
similarity, dashed line — word2vec

4.3. Missing synonym pairs

Only 58.9% of initial reference pairs were found among candidates generated
by the phrase-table. Among those missing pairs, 61.3% are the pairs in which one
or both words had not occurred in the phrase-table at all, 38.7% are the pairs in which
both words occurred in the phrase-table, but had no common translations.

We manually annotated 100 random missing pairs for Wiktionary (see Table 2).
Only 36% of them were actually good synonyms, though they also included words
with low frequencies.
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Table 2. Human annotation results for 100 random
reference pairs without common translations

% | Human judgement Example

36 | Good candidates psskeHka — BapeHer (~milk product),
mananBa — zietrBopa (~children)

25 | Both words are rare or unknown | ToHeMuKa — ToHoJOTUS (~tonology?)

21 | One word is rare or unknown rypToINpaB — I'ypToBIIUK (~—drover),
CKBOpeIll — KOKako (~starling)

6 | One word is slang or obscene 3alycKa — MajagBKa (~note)

5 | Words are not synonyms BakHBIN (~important: adjective) — nap-
ctBeHHO (~kingly: adverb)

4 | One word is not Russian rayjoreH — rasoiz (~halogen)

3 | Obsolete meaning CIIETHUK (~gossip) — Tpy6au

(~trumpeter), yrpapasaTh (~to control) —
pAauTh (~to dress?)

4.4. Features for model combination

We calculated the following features for each synonym candidate pair from test
set and training set.

1.
2.

Logarithm of translation similarity score (see Eq.2).

Scalar product of vectors by the word2vec model. The model was trained
with standard parameters, the vocabulary consisted of words occurring
at least 10 times in the corpus. The corpus consisted of 200 mln sentences,
disambiguated and lemmatized with a morpho-syntactic analyzer [Anton-
ova, Misyurev 2012].

Scalar product of vectors by the glove model. The training setting was the
same as previous.

Logarithms of the frequencies of the two synonyms in the monolingual
corpus.

Scalar product of vectors by the glove model trained on syntactic contexts.
The contexts include lemmas that are adjacent to the given word in the parse
trees.

We combined the combinations of the above features in a log-linear model, and
trained the weights with logistic regression.

5. Experiment results

We report the ranking quality given by different models and their combinations.
A summary of these can be seen in Table 3.
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Table 3. Ranking results for different feature combinations.
The metrics are average precision (AveP), average
rank (AveRank) and median of ranks (Median)

Feature combination AveP | AveRank | Median
Wiktionary dataset

Word2Vec 0.165 | 407,228 | 132,683
TranslationSimilarity 0.237 | 222,513 | 66,802
TranslationSimilarity + Frequencies 0.247 | 212,819 | 65,304
Word2Vec + TranslationSimilarity + Frequencies 0.303 | 181,381 | 50,232
Glove 0.117 | 560,219 | 219,061
Glove + TranslationSimilarity + Frequencies 0.299 | 182,327 | 50,338
GloveSynt 0.058 | 803,457 | 467,868
GloveSynt + TranslationSimilarity 0.274 | 204,993 | 57,393
GloveSynt + TranslationSimilarity + Frequencies 0.291 | 191,225 | 54,492
Abramov dataset

Word2Vec 0.025 | 516,313 | 244,381
Word2Vec + TranslationSimilarity + Frequencies 0.068 | 250,096 | 79,268
Glove 0.031 | 506,889 | 220,102
Glove + TranslationSimilarity + Frequencies 0.075 | 238,683 | 73,224
TranslationSimilarity 0.049 | 272,115 | 99,969

The vector model with syntactic contexts (GloveSynt) yields an improvement
in combination with translation similarity model. However, the vector models trained
on simple lemmatized text yield better results. Besides, using syntactic contexts re-
quires parsing the corpus, which makes the experiments more complex, time-con-
suming and difficult to reproduce.

The classification results with the single glove model turned to be lower than
those of word2vec model for Wiktionary dataset, but higher for Abramov dataset.
It is interesting that in combination with the translation similarity model, they are
almost equal in quality. The advantage of glove tool is that it allows us to parallelize
the context extraction, e. g. with map-reduce operations.

It seems that Abramov dictionary contains less straightforward synonyms and
more distant synonyms than Wiktionary. The absolute values of average precision for
Abramov dataset is much lower than that for Wiktionary dataset.

Fig. 4 demonstrates the advantages of combination of different models for classi-
fication and ranking. Though they correlate on many examples, using two dimensions
makes it possible to classify correctly some uncertain points.

Fig. 5 demonstrates the top-ranked pairs by different models depending on the
word frequencies. One can see that the vector models tend to rank higher frequent
words, while the translation similarity model ranks better rare words, but tends to pri-
oritize words with similar frequency.



The Impact of Different Data Sources on Finding and Ranking Synonyms

0.50
I

precision

0.01
I

I I I I I I
0 5000 10000 15000 20000 25000

rank

Fig. 4. Joint distribution of positive (0) and negative (x) examples
w.r.t. TranslationSimilarity score and word2vec distance
(Wiktionary dataset). Pt—is translation similarity score
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Conclusion

We compare the ranking of synonym candidate pairs given by different models.
We consider models based on syntactic relations, monolingual contexts, and models
based on parallel texts.

The set of synonym candidate pairs is generated with the help of the phrase-
table, which is extracted from parallel texts with SMT methods. The translation simi-
larity model based on the phrase-table statistics also proves to be useful for ranking
candidates. It can handle rare and polysemous words.

We show that the precision of different models depends on word frequencies. Our
experiments demonstrate that the combination of monolingual vector models and trans-
lation similarity model improves the ranking results, as well as taking word frequencies
into account. The general approach has a practical value, since it can handle large-scale
vocabularies and be useful for automatic construction of synonym dictionaries.
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N rNMPOMNACTb: MHOIO3HAYHOCTb
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HauuoHanbHbIM nccnenoBaTensCKin YHUBEpCUTET
BbicLluaa wkona akOHOMUKN; VIHCTUTYT PYCCKOro A3blka
nM. B. B. Bunorpapgosa PAH, MockBa, Poccng

B paboTe paccMaTpuBalTCH CUMHOHUMWYHBIE [Narofibl  UCYE3HYTh
W ponacTb 1 aHANM3NPYIOTCS Pasinyns B UX CEMAHTMKE, MOTUBMPYIOLLINE
MX Pasfnnyns B CUHTAKCUHECKNX, aCMeKTyasIbHbIX 1 COYETAEMOCTHbIX CBOM-
CTBax, a Takxe B CTPYKType ux nonucemun. CemaHTuyeckne napameTpbi,
pasnuyaloLLmne 3TU rIarosbl, 8 UMEHHO, TUM U AEHOTATUBHBIN CTaTyC 00b-
eKTa, NMpuyMHa NpekpalleHns CYLLECTBOBAHUS, OXWUOAHUS TOBOPSILLErO,
CKOPOCTb M MONHOTA NMpekpalleHns CyLLeCTBOBaHMWS, Hanmyne Habnwoaa-
Tensl, NPeacTaBAsiOTCS MPUMEHUMbBIMU K @HAJIM3Y BCErO F1arofibHOro nossi
KOHLLA CYLLLECTBOBAHMUS.

KnioueBblie cnoBa: cylLeCTBOBaHME, KOHEL,, MECTOHAxX0XAeHNe, Habmo-
[aemMocTb, HabnmoaaTenb, NOMCEMUS,, MHOFO3HAYHOCTb, CUHOHUMBI, Oe-
HOTaTUBHbLIN CTATyC, BAJIEHTHOCTb, acneKTyalbHbll, MPOLLECCHbIN, Pe3ysb-
TaTUBHbIN, CEMaHTHYecKas MoTUBaLnS

ISCHEZNUT’ ‘TO DISAPPEAR’ AND
PROPAST’ ‘TO VANISH’: POLYSEMY
AND SEMANTIC MOTIVATION

Apresjan V. Ju. (valentina.apresjan@gmail.com)

National Research University Higher School of Economics;
Vinogradov Russian Language Institute of the Russian Academy
of Sciences, Moscow, Russia

The paper considers Russian synonymic verbs ischeznut’ ‘to disappear’ and
propast’ ‘to vanish’ and analyzes their semantic differences which motivate
their differences in syntactic, aspectual and collocational properties, as well
asin their polysemies. Semantic oppositions that distinguish between these
two verbs, namely, type and referential status of the disappearing object,
cause of disappearance, speaker’s expectations, speed and completeness

! HccnemoBaHue BBHIIIONTHEHO 3a cuyeT rpaHTa Poccuiickoro Hay4yHoro ¢oHza (IpoekT
N216-18-02054, «VccieoBaHNE PYyCCKOTO A3BIKOBOTO CO3HAHU A HA OCHOBE CEMAaHTHYeCKOT0,
CTATUCTUYECKOT'O U IICUXOJIMHIBUCTUYECKOT0 aHAIN3a JIEKCUYeCKOW MHOTO3HAYHOCTH»).



Ischeznut’ ‘to disappear’ and propast’ ‘to vanish': polysemy and semantic motivation

of disappearance, presence of an observer can be applied to the analysis
of the entire semantic domain of the ‘end of existence’.

Key words: existence, end, location, observer, polysemy, synonyms, refer-
ential status, aspectual, process, result, semantic motivation

BBezeHue

B paboTe npeacTaBieHO CEMaHTUYECKOE TI0JIE ‘UCYE3HOBEHUS, B TIEPBYIO OYe-
pelb MHOTO3HAYHbBIE [VIATOJIBI UCUE3HYMb U NPONACMb, CO- U IIPOTUBOIOCTABIEHHE
KOTOPBIX, HACKOJBKO HAM M3BECTHO, €llle HE CTAHOBUJIOCH IIPEAMETOM OTZAENbHOTO
JIMHTBUCTUYECKOI'O UCCIEJOBAHNUSA.

[IpeacTaBisieTcss, YTO CEMAHTUYECKUN aHaJIW3 DTUX TJIAr0OJOB B MX MCXO/-
HBIX 3HAYEHUAX, B IIEPBYIO OYepesib, CEMAaHTUUECKUX KOMIIOHEHTOB ‘THUIl OOBEKTA),
‘IpUYMHA TpeKpalleHus CyIeCTBOBAaHUSA, ‘MECTOHAXOXK/AeHUE , ‘HabII01aeMOCTh
¥ ‘OKU/JaHUS TOBOPSIIET0, TIO3BOJISIET MOTUBUPOBATh UX PA3jIUYUS B CTPYKTYpE
MTOJIICEMUH, a TaK)Ke B CHHTAKCUYECKUX, aCIIEKTYyaJbHBIX U IPAarMaTU4eCKUX CBOM-
cTBax. KpoMme TOro, BeII€JIEHHBIE TTaPAMETPhI TPECTABISIOTCS PEJEBAHTHBIMU IS
BCETO I0JIsI KOHIIA CyIeCTBOBAHMUSA.

1. OcHoBHbBIE ceMaHTHYECKUE
MPOTHUBOINOCTABJIEHUS 10 ‘KOHIIA’

B pabote (KycroBa 2002:73-81) paccMaTpUBaIOTCA Pa3jInddsg MeXJY OCHOB-
HBIMU (Ha30BO-OBITUWHBIMU IJIATOIAMU (HAUAMBCSA/KOHUUMBCS, B03HUKHYMb/NO-
S68UMbCS/UCUe3HYMb) C TOYKU 3PEHUA UX COYETAEMOCTH C Pa3HBIMHU THUIIAMU He-
[IpeIMETHBIX CYIIHOCTEH, HalpUMep «TeMIOPaTbHEIMU CUTYalUAMU», «<MHPOpMa-
LHMOHHBIMU CUTYAI[UAMU», & TAKXKE C TOUYKU 3PEHUs X COOCTBEHHON CEMaHTUKU —
‘HavaJio/KOHEI] Ipoliecca’, ‘Havyajio/KOHell CyleCTBOBaHUA 06bekTa’. O60061as 3Tu
[IPOTUBOIIOCTABJIEHNUS, MOXXHO BBIIEJIUTH CJIeLyIOl[le OCHOBHBIE CEMaHTHYeCKUe
TUIIBI BHYTPU IJIaTOJIOB CO 3HAaYeHUEeM ‘KOHILIA™:

e IlpekpamieHue cOOCTBEHHBIX AeHCTBUI WM JeATEeNbHOCTH CyObeKTa: nepe-
cmame, npekpamumas, KOHUUMb, 6pOCUMb, 0CMABUMb, 3A8A3AMDb.

e TIpekpaleHue YyXKUX JeHCTBUHN UITH 1eATeIbHOCTU: NPeKpAmMums, NOKOHUUMD,
NpUKpLIMb.

e [IpexpalieHue IPOIECCOB: NPEKPAMUMbBCS, KOHUUMBCA.

e JIpekpalleHue CyIIeCTBOBAHUA OOBEKTOB (MaTepHajIbHBIX M HeMaTepHuasb-
HBIX): UCUe3HYMb, NPONACMYb; C2UHYMb; KAHYMb; NACMb; yMepemb; ommepems;
8blLMEpemMb, 8bLBECTNUCD; YNy UUMbCS, UCNAPUMbCSA, PACMAAMb; COUMU Ha Hem,;
KOHUUMbCSA, UCCAKHYMb, Nepesecmucy; yiimu, npoimu.

OTO 1oJIe YYBCTBUTENBHO K PA3JIUYHUAM MEXAY Pa3HBIMU TUIIAMU IIPEeNKATOB
[o dyHaameHTanbHON KiaccupuKanuu npeauKkaToB cM. AmpecsaH 2006:75-96],
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T.e. OTpPa)kaeT CYLIECTBYIOIIYIO B f3bIKe W MMEIOUTyI0 MHOT'OYUC/IeHHbIe JIMHTBU-
CTUYeCcKUe TPOsBIEHUA MepapXxyio areHTUBHOCTU. KpoMe TOro, oHO IpPOHU3aHO
U IPYTUMHU IIPOTUBOIIOCTABIEHUSIMY, 3aJaBa€MbIMU
* CUCTEMOOOPA3yIOIMMU CMBICTaMU — QYHJaMEHTATbHBIMU S3bIKOBBIMHU CMBIC-
JlaM¥, OpPraHU3yIOUIUMU CeMaHTUYECKYI0 CUCTeMY sI3bIKa B IjejoM [Amnpecsin
2001], TakuMHU KaK MpUYHHA, OIleHKa, HabJIlojaTeb,
® a Tak)e IPOTUBOIOCTABIEHUAMU MeX/y Pa3HBIMU TAKCOHOMUYECKUMU KJac-
caMU 00beKTOB (’KHMBBIE OPTaHU3MbI, CUTyal[U¥, MEHTAJIbHbIE COCTOSTHUSA, Pe-
CypCHI U TIp.).

2. CemaHTHKA IVIarojioB CO 3Ha4YeHHUEM
‘IpeKpalleHu cylecTBOBaHUsA’

OCHOBHEIE TJIaroybl ‘TpeKpalleHus CyLIeCTBOBAHUA — 3TO UCUE3HYMb, Npo-
nacmos; C2UHYMb; KAHYMb 8 8EUHOCMb; NACMb; YMePemb; 0mmepemb; 8bLMepembp, 8bl-
8€CMUCDH; YIeMYUUMbCSL, UCNAPUMbCSL, PACMASMb; COLUMU HA HemMm; KOHUUMbCSL, UCCSK-
Hymb, nepegecmucy; yiimu, npotimu.

['71aBHBIE CeMaHTHYeCKVe IIPOTHUBOIIOCTABIEHNA B I'PYIIIe IJIaroJIOB CO 3HaYe-
HUeM ‘TIpeKpallleHHUs CyLIeCTBOBaHUA KacaloTcs

* THIa 00BEKTA;

* JIeHOTAaTUBHOI'O CTaTyca 0OBEKTa;

* IIPUYMHBI IpeKpalleHUs CYIeCTBOBAHUA 00BEKTA;

* 0XHUJAHUM T'OBOPAIIETO;

* CKOPOCTH U CTEIIeHU NTpeKpallleHUs CyLlleCTBOBAHNU;
* HaJM4uA HabJroaTend.

Bce ryarosisl JaHHOM T'PYIIIIBEI OIMCHIBAIOT IIpeKpalleHue CyIecTBOBaHUA Ka-
KOro-mnu6o o6’bekTa. HEeKOTOpBIEe U3 HUX UMEIOT TaKKe Ipyrye 3HaYeHU s, HAlIPUMED,
ucye3Hyms U NpONACmMb, Y KOTOPHIX €CTh 3HAYEHU ‘TIepeCcTaTh HAXOAUTHCS Te-Tu60’
(Co cmonia ucuesnu deHveu) M ‘TiepectaThb 6bITH HabMIOAZaeMbIM (OH ucue3 8 mymate),
YTO ABJIAETCA CEMaHTHUYEeCKU MOTUBUPOBAHHBIM Pa3BUTHEM 3HAUEHUA.

B camoM gieste, KaxXAbI U3 9TUX ceMaHTHUYeCKUX KOMIIOHEHTOB B HOpMe IIpar-
MaTHUYeCKU UMILIUIUPYET APYTHe: eCU YTO-TO HAOJMI0aeMO, TO OHO CyIIeCTBYET
U I/le-TO HaXOAUTCS, eCJIU YTO-TO CYIIECTBYET, TO OHO HAbJII0aeMO U I/le-TO HaXo-
JIUTCS; €CJIU YTO-TO I/Ie-TO HAXOAUTCSA, TO 3TO CYILIECTBYET U HabIt0aeMo U T. 1. [cp.
[TazydeBa 2004: 110 o «IpaBAONOZO0OHOM NparMaTudeckoll HHGEpeHIIUN» KOMIIO-
HEHTa ‘TIepeMeCTUThCA U3 ‘TlepecTaThb OBITh BUAUMBIM ].

TakuM 06pa3oM, B MOJHUCEMUM HEKOTOPHIX IIar0JIOB CO 3HAUYEHUWEM IpeKpa-
MEHUS CYNUIeCTBOBaHUA 06BbeKTa 0OBACHIEMBIM 06pa3oM IIPUCYTCTBYIOT TaKKe
3HaYeHUs ‘M3MeHeHNe MeCTOHAXOKAeHUA U ‘yTpaTa HabogaeMocTy’. PeryasapHas
MHOT'03HAYHOCTh ‘HaXOAUTHCA', ‘CYyIECTBOBATE, ‘OBITh BUAUMBIM JJIS IJIaTOJIOB I10-
SIBJIEHUs W UCUYE3HOBEHUS U ee 00CY)KAeHNe B IMHTBUCTUYECKOHN JTUTEpAType TIO-
pobHo pasbupaeTcs B Toii e pabote [[lagyueBa 2004: 27, 110, 201, 242, 254, 439,
457, 481].
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OJHAaKO UMEeHHO ZJaHHAs CTPYKTypa MHOTO3HAYHOCTH fBJAETCA TeHJEeHIUeH,
a He IPaBUJIOM, U Y HEKOTOPBIX U3 IPUBOJUMBIX 371€Ch IVIaTr0JIOB OJIUCEMUS YCTPO-
eHa uHadve. Tak, y [ylaroja kanyms B coctaBe ¢ppa3eMsbl Kak 8 800y KAHYMb, y I7Iaro-
JIOB YJIeMyuumsCs ¥ UCNAPUMBbCS C ICXOAHBIM 3HaUYeHHEM ‘TIepeXxo/] B APYToe COCTOsA-
HUE' eCcTh 3HAUeHUE TIEPEMECTUTHCS, HO He ‘TIEPECTaTh ObITh BUAUMBIM'; Cp. OH Yoice
mpu OHs Kak 8 800y Kanysl, OH Ky0a-mo Yaemyuuncs/ucnapuncs, Ho He *OH KaHy
8 mymate, *OH yaemyuuncs/Ucnapuics 3a 08epuio.

Y HEKOTOPBIX ITIaroJIoB 3HaUYeHUe ‘TlepeMeCTUThCS ABJIAETCSA UCXOAHBIM, a 3Ha-
YeHHUe ‘TIpeKpalieHre CyIeCTBOBaHUS — MPOU3BOAHBIM (npolimu, yiimu).

Y HEKOTOpHIX IJIaroJIOB He Pa3BUBAeTCsA HU 3HadeHHe IIpeKpallleHUusd Me-
CTOHAXOXK/EHUA, HU 3HaUYeHHe IpeKpallleHusa HablJaeMOCTH; Cp., HallpuMep,
[JIaTOJIBl yMepemb, ommepems, 8blMepems, 8bl8eCMUCh, KOHUUMBCSA, UCCAKHYMb,
nepesecmucbo.

B nanHOM pasze’ie Bce IIarojIbl aHAIM3UPYIOTCA B 3HAUeHUH ‘TIpeKpalieHue Cy-
[IecTBOBAaHUA', KOTOPOE /I HEKOTOPHIX IVIaTr0JIOB fABJAETCA OCHOBHBIM (yMmepems,
8bLMepemsy, UCCAKHYMb U AP.), IJIs1 HEKOTOPBIX — OZHUM U3 OCHOBHBIX (UCUe3Hymb,
nponacms), a 711 HEKOTOPHIX — IPOU3BOAHBIM (Nacmb, yemyuumscs, UCnapumascs,
pacmasms U Ap.).

2.1. Tun U A€ HOTaTUBHBIH CTaTyc 00 bEeKTa

['J1aBHOE ceMaHTHYECKOe IIPOTHUBOIIOCTABIEHNE B 9TOH IPYIIIIe 3a1aeTCs TUIIOM
06'beKTa, KOTOPBIH IIEPECTAET CYIIECTBOBATD; 3TO MOXKET OBITH

* JKUBOU opraHusM (ymepems, 8blMepemb, 8bLBECTNUCY);

* YacTh KUBOT'O OpraHuaMa (ommepems);

* pecypc, yalle MaTepUaJbHBIM (KOHUUMbCA, UCCAKHYMb U OCOOEHHO nepesge-
CMUch);

* KpYIHOE collaabHOe obpa3oBaHue (nacme; cp. Mmnepus/yusunusayusi nana);

* COCTOfIHWe, HAIpUMeD, JenaHue (ysemyuumscs, UCNAPUMbCS, PACMASMb;
yimu, npotimu).

[Tpu 5TOM BHYTPH Ka)KJOU U3 I'PYIII ecTh 6ojiee MesnKye rpazanuu. Tak, ymu-
pams MOT'YT OTZeJbHBIE KUBBIE OPTaHU3MBI, a 8bLMUPAIOM U 8bl800SMCSL — TOJIBKO
TPYIIIBL, B CIy4ae 8blmepems — liesble BUApl. C 9TUM CBA3aH JeHOTaTUBHBIH cTaTyc
CyObEKTOB IIPU 3THUX IVIAaTOJaX — IIPU yMepemb OH MOXET OBITh KOHKPETHO-pede-
PEHTHBIM, IIPH 8bLMUPAMb U 8b1800UMbCS — TOJIBKO POJOBHIM; cp. JuH03aspbl 8bl-
Mepau MUNAUOHBL lem HA3a0; B Hawux siecax nonHocmbvio 8bl8eUCh 0CU, HO He *Bee
HaWU 10Waou 8bLMepal <8bl8eslch>.

Konuumbca MoxKeT IpaKTUYeCcKU TI000H UCTOIaeMbIH pecypc, Kak MaTepuab-
HBIW, TaK U HEe MaTepUalbHBIN: efa (MoJ10KO KOHUUNOCL, X/leb KOHUUCS), Ok 1A
(Qucmote pybawku KOHUUAUCH), APYrue MaTepUaslbHBle U He-MaTepUalbHbIE pe-
cypcenl (Cuzapemuwl/6oenpunacsl KOHUUNUCH, /leHb2U KOHUUAUCL, Hepmb koHUUNACD,
Bernsun koHuuncs; Paboma xonuundace); pusndeckue U He-Gr3uIecKre pecypchl de-
soBeka (Cunbl KOHUUNUCH, TepneHue KOHUUNOCD).
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YnoTtpebieHus c Ha3BaHUSAMU Pa3HOTO PO/ia MOJIOKEHUH ZieJT U ITpoleccoB (3uma
KOHUUack, [lepemupue KOHUUNOCL, Kpogonposiumue KOHUUNOCL) OTHOCATCSA K ZPY-
roMy 3HaYeHHUIO 3TOTO IJIaroJjia, MOCKOJbKY YKa3bIBalOT He Ha MpeKpalleHue cylie-
CTBOBaHUs pecypca B CHJIy ero UCUePIIaHHOCTH, a Ha MIPeKpallleHue CUTYalluH B CUITY
JIOCTV)KEHUS €€ eCTECTBEHHOI'O0 BPEMEHHOT'O 3aBepuieHus (3uma KoHUULacy), 1mbo
B CUJIY KAKUX-TO PYTUX NPUYUH ([Tocsie 08yx OHell 3amuulbs nepemupue KOHUUOCD).

HccsakHyms MOTYT TMO0 MaTepUaJbHBIE PECYPCHI, TOHUMaeMble KaK COBOKYII-
HOCTb (3anacst edvt u 800bL ObLCMPO UCCAKAU, JJeHb2U UCCAKAU), HO HE KaK OT/eTbHbIE
06beKThl (*X7e6 uccsk, TP HOPMaJbHOCTU 3andacst xaeba UcCCAKAU); UCTOYHUKU
BoZbl (PoOHuk uccsak, PoHmMaH uccsik), IpUYeM He TOJBKO NpupozHble (Cre3bl uc-
cAKJIU), a TaK)Ke He-pU3ndecKre pecypchl yenoBeka (Panmasus uccakaa, SHmysu-
asm uccsk, TepneHue uccsiko).

ITepesecmucsy MOTYT JIOAM, OOIaZaOIE OCOOBIMU MOJOKUTENBHO OlleHHBA-
€MBIMHU KayeCcTBaMH, U TI03TOMY BOCIIDpUHMMAaeMble KaK HEKUI TOJIE3HBIH pecypc:
Ilepesenucs 6ozamblpu Ha Pycu; PoManmuku/3Hmy3uacmsl HblHUe Nepedeucs.

Ynemyuumbucs, ucnapumscsi ¥ pacmasims ONUCHIBAIOT, KaK IIPABUJIO, BHYTPEH-
HUe, 0OBIYHO SMOITMOHABHBIE, COCTOSTHUS: 8€CeI0CMb, 3J10CMb, PEUUUMOCMb, CMPAX,
HO He TaKue, KOTOpPble UMEIOT CHJIbHbIE BHelllHUe nposaBieHus (‘Ee nanuka ucnapu-
Jach/yemyuunacs/ pacmasnid) Wi BOCIPUHUMAIOTCSA KaK TPYAHOIPEOJOIUMbIE
(cp. cTpaHHOCTD *E20 20pe ucnapuiocs,/yaemyuunocs,/pacmasio).

[Ipu 3TOM y/iemyuumscsi U UCNAPUMbCS, B OTJIUYUE OT pACMAsimb, MOTYT OIH-
CBIBATh HE TOJIBKO OIIYIIEHUs CaMOro CyO'beKTa, HO M BOCIIPUSATHE €r0 BHYTPEHHETO
cocTosiHUsA HabozaTeneM; cp. Ezo camodosonbecmao Ha 2nazax Kyoa-mo ynaemyuu-
JI0Cb/UCNAPUOCH, TIPU CTPAHHOCTH *E20 cam00080/16CMB0 HA 271a3aX pacmasio.

Yiimu n npotimu MoryT Kak ¢pusndeckue (60sb), TaK ¥ SMOLIMOHATIbHBIE (CMpPAX,
2Hes, 0buda, docada, mpegoza, 81100JIeHHOCMb) COCTOSHUS, TPUYEM PA3HOMU JAJTUTEb-
HOCTHU ¥ IIyOUHBI (1106085, 20pe VS. yeJieueHue, pa3opasicetue).

OcTaBUIMECS TJIaT0JIbI MOTYT, B TOW HUJIU HHOU CTEIIEHU, OTUCHIBATD IIPeKpalle-
HUeE CyI[eCTBOBAaHUSA PA3HBIX TUIIOB 0O'BEKTOB.

Hawubosee mupoKoi coueTaeMOCThI0 06IaZlaeT IJIarol Ucue3ams — ucue3ams
MOT'YT ¥ *KUBBIE OPTaHU3MBbI (QUH03a8pbL, Aowadu IIpycesansbckozo), U COlUaTbHBIE
ob6pa3oBaHus, KaK MaTepuajbHble, TAK U HEMaTepuasabHble (Yusuausayul, Hapoo-
HOCMU, 3MHOCbL, A3bIKU, 20p00a, 06blUAl), @ TAKXKe MEeHTaJbHbIE, SMOIOHATbHBIE
1 U3UYECKUE COCTOTHUA (COMHEHUS, CMpax, 60J1b), U HEKOTOPBIE BUABI U3UIECKUX
006BEKTOB (Npbliyu, namMHa, 60po0asKU, 8eCHYWKU, MOPULUHBL).

[Tpy 3TOM B IPUMEHEHUH K KUBBIM OpPraHHU3MaM UCUe3HYMb MOXKET 0003HaYaTh
TOJIBKO IPEKpallleHUe CyIeCTBOBAHUSA BU/IA, & HE OT/JIEIbHOTO OpraHu3Ma U, COOTBET-
CTBEHHO, YIIOTPeOJIAETCSA TOIBKO C POAOBBIMU CyObeKTaMHU: /J[UH03a8PbL LicUe3 U 8 KOHUe
Me108020 nepuodd, 803MOINICHO, N00 8o30elicmeuem noxoa00aHus, HO He *Hawu nowadu
ucuesnu nod sosodeticmsuem cana. CodetaHue Hawu sowadu ucuesnu, eCTeCTBEHHO,
BO3MOKHO B 3HAUEHUH ‘TIEPECTATN HAXOAUTHCS WU ‘TIeEpeCTaNu ObITh BUAMMBIMU .

OpHako He 060 00BEKT MOXKET UCHe3amb: HEKOTOPbIE BU/IbI HEMaTEPHUaIb-
HBIX 0O'BEKTOB, pa3 BOBHUKHYB, KaK OBl BEUHO MPO/OJIKAIOT CBOE CYILIECTBOBAHUE;
Cp. CTpaHHOCTD ‘HMoest ucuesna [oTMedaercsa B pabore Kycrosa 2002:75] u oTcyT-
cTBUE TI0ZI06HBIX TpUMepOB B kopryce HKPSI. BO3MOXKHBI TpY 9TOM COUYETaHUS TUIIA
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Mbicab ucuesna; cp. Moicib ucuesna, kak ucuezaem caed kanau Ha cmekse (I. Ilep-
6akoBa). Pazmuuus Mexzay udeell U MblC/IbHO TIOAPOOHO aHAMU3UPYIOTCA B paboTe
[Ko6o3eBa 1993], rze udes paccMaTpuBaeTcs KaK pa3HOBUHOCTD MBICJTH, & OCOOBII
cTaTyc udell Cpesivi IPOYUX MBICJIEH KaK pa3 «[IPOABJISAETCSA B UX OTHOCHUTEIBbHOM CcTa-
6unbHOCTH» [KobGo3eBa 1993:103].

Y nponacms co4eTaeMOCTh CyIIeCTBEHHO 6oJjiee y3Kas; B 3HAaUeHUH ITpeKpalle-
HUA CyIIeCTBOBAHKA HEBO3MOXKHBI JKUBbIE OPIraHU3MBbI U COIIaIbHbIe 06pa30BaHUA
(*Juno3aspsl nponaiu 8 KOHUe Mes108020 nepuoda, *IIpycckuil A3stk nponan 8 17 sexe),
HO BO3MOXXHBI COCTOAHUA (PKesiaHue nponanio) U HEKOTOPbIe BUABI GU3NUYECKUX 00B-
eKTOB (npblwyu, 60podasku u mp.).

Ceuryms B 3HAYeHUU NpeKpalleHUs CYLleCTBOBAHUA OOBIYHO KCIIONB3YeTCs
MPUMEHUTEIBHO K JIIOASAM; CP. ANeKCaHOp ApKadbeguu NONOJHUN yyce OAUHHDLIL Cnu-
COK POCCULICKUX YUEHBLX, C2UHYBULUX 8 NOCTIe0Hee 8PeMS OM PYK HAULUX OMMOPO3K08
(«KKpuMuHanbHaA XpoHUKa», 2003.07.08), HO BO3MOKHBI ¥ COYeTaHUSA C HA3BaHUAMU
¢dusmyeckux 06beKTOB Joxo0bl om si0epHblx 0mx0008 ceuHyau 8 bepmydckom mpe-
yeonvHuke («M3Bectus», 2002.01.21). Jlpyroe 4acToTHOe ynoTpebieHue c2uHyms,
OJHAKO y’Ke B 3HaYeHUH ‘TIepeMeCTUThCA — IIPUMEHUTEIbHO K PA3HOT'0 PoZia Heuu-
CTO¥ cuie, ocobeHHO B popMe uMmnepaTuba: CeuHs, ucuaoue ada, CeuHb, Heuucmatil.

Kanymoe 8 eeunocms MOXKeT 110001 MaTepHaIbHBIN U HeMaTepUalIbHBIN 00B-
€KT, KOTOPBbIM MMeeT KaKylo-TO COL[MAIbHYIO 3HAaYMMOCTb U B CHJIy 3TOI'0 XPaHUTCA
B TaMATH JI0Zieil; ero 6e3BO3BpaTHEIN yX0/ U3 3TOMH 06lIeCTBEHHOW TaMATH U CO3Ha-
HUs U 0bo3HaYaeTcs AaHHOU ¢paseMoii: 1 kaHyna 8 seuHOoCmb Gamunus ezo npeo-
koe (K. KoxxeBHUKOBA); Omnpasuswiuil 8 8eUHOCMb COMHU MblcAU 6e38UHHbBLX St00ell,
OH CaM KAHYJl 8 BeUHOCIMb, NepeMOIOmbLil penpeccusHbimu dcepHogamit (H. [IpUCIOHOB).

Cotimu Ha Hem MOTYT pa3Hble HeMaTepHaabHble 00bEKTHI, UMeIoIHe CTelleHb
WJIW UHTEHCUBHOCTb (MOMoK uHeecmuyuil, ypogeHs npooasi, pomau, 0608w, Jce-
JlaHue, unmepec); cp. OmuouweHus ux coscem coutnu Ha Hem (C. CnruBakoBa); Beput
8 CApPOM CMblCe Hem, 0OHAKO COCOOHOCMb 8epUMmb ewé He KOHUUAACL U He COWNd
Ha Hem (B. MakaHuH).

2.2.TIpu4yvHa IpeKpaljeHUs CyleCTBOBaHUA
M 03KU/JaHUS TOBOPSILETO

ITo npu3HaKy IPUYMHBI TpeKpalleHNs CyleCTBOBaHMUsA [VIaroJlbl AeJIATCA Ha clle-
ZYIOIYie TPYTIIEL: Te, I KOTOPBIX IPUYHHA 00s13aTesIbHa (KOHUUMbCS, UCCAKHYMDY); Te,
Y KOTOPBIX IIPUYMHBI Yallle HeT (nponacms, YemyuumsCcs, UcCnapumscsl) U OCTalbHBIE,
JUL5 KOTOPBIX [IPUYMHA B PA3HOH CTEIleH! BO3MOXKHA, HO He 00s13aresbHa. C OTCyTCTBHEM
WY HaJu4ueM IIPUYMHBI IPeKpalleHNs CylleCTBOBaHUA CBA3aHbI OKUJaHNA I'OBOD:-
IIIero: I7IaroJbl, KOTOpble OOBIYHO YKa3bIBAIOT Ha 6€CIIPUINHHOCTE IPEKpalle U CyIIe-
CTBOBaHU, OZIHOBPEMEHHO YKa3bIBalOT U Ha HapyllIeHNe OXKU/IaHUI FOBOPAILETO.

[To aTOMy IpU3HAaKy IPOTHUBOIIOCTABJIEHH! OJM3KHE CHUHOHUMEI UCUE3HYMb
U nponacms: UCUE3HYMb YaCTO yKa3blBaeT Ha BHeIIHee BO3JeMCTBUe WU IesieHa-
IpaBJieHHOe yCHIre KaK GpaKTop, IPUBOAALMININ K IIPeKpalleHUI0 CyIeCTBOBAHUA
00'BEKTa, XOTS MOKHO U MAUHCMBEHHO/3A2A00UHO UCUE3HY Mb.
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¥ aToro riarosa ecTh BaJ€HTHOCTh IPUYHUHBI, KOTOPAsA BBIpa)kaeTcs pasind-
HBIMU MIPEJIOXKHO-UMEHHBIMU TPYIIAMU; CP. UCUE3HYMb N00 HAMUCKOM YUBUNU3A-
yuu; UCHe3Hyms U3-3d U3MeHeHUs KAUMAMma; ucue3ams om HazpesaHusl; ucue3dms
npu cmpecce; ucue3Hyms ecaedcmaue HagooHeHus. Cp. Takxe mpumepsl u3 HKPS:
Sdogumocms [mbliwbsika] Moxcem ucueaHyms om pasnoxcerus: (H. AMocoB); Cmapuk
MeOIeHHO NoJcesa noumu ucueaHygwumu om cmapocmu gybamu (C. babasiH).

I'y1aros1 nponacms 4acTo yKasblBaeT Ha O6E€CIIPUYMHHOE, C TOYKU 3PEHUS F'OBO-
psllero, mpeKkpalleHye CylleCTBOBAaHUSA U Ha HapyllleHle ero 0XXUAaHUM; cp. ecTe-
CTBEHHOCTb — M dokazamesibcme HUKAKUX He mpebyemcsl, — omeemuJt npogeccop
U 3a2080pUJL HE2POMKO, NPUUEM e20 akyeHm nouemy-mo nponan (M. Bynarakos). Kon-
TPOJUPYyEMOe IieJleHalpaBjieHHOe YCHUINe B KayecTBe MPUYNHEBLI nponacms HeBO3-
MOXKHO: *Om MHO20UUCAEHHbLX (hOHeMUUeCKUX YNPAXCHEHULl e20 aKUyeHm HAKOHey
npona..

Cp. Takxe HaHecume Ha XCUPHOe NSIMHO Hepa3basieHHOoe cpedCcmae0, U NAMHO Uc-
ye3Hem 3a NAMHAOYAms MUHym, HO He *nponadem 3a namuadyams MuHym. [loaTomy
[JIaTOJI NPONAcmb He YKa3bIBAeT Ha IIPeKpalleHHe CYIeCTBOBAHUSA TAKUX 0O'bEKTOB,
KOTOpBIE B CHJTY IparMaTUKU HE MOTYT BOCIIPUHUMATBCA KaK Mcue3arnye 6e3 mpu-
yuHb: *[Jusunusayusa nponana, */[uHosaspst nponanu. OZHAKO B HEKOTOPHIX CIIY-
Yasax nponacms AONycKaeT YKa3aHUe IPUYNHBI, IPU YCIOBUU, YTO 3TO He Ybe-TO Iie-
JIeHaTpaByeHHOe ycuiue: [Tocjie 3mozo cayuas yxcesanue ¢ HUM 8U0embCsi Nponalo.

Oco6eHHOCTHIO TJIaT0JIa NPONACb IO CPABHEHUIO C UCUE3HYMb ABIAETCS YIIO-
TpebyeHre TPUMEHUTENBHO K pa3HbIM CO0SM B GpU3UOIOTHIECKOM GYHKIIMOHUPO-
BaHUU YeJoBeKa, IOCKOJIbKY OHHU IIpe/IosaraloT HapylleHlHe eCTeCTBEHHOr'0 Xo/a
Bellleli, HexapaKTepHoe /A ucue3Hyms; cp. Con nponan, Annemum npona., ['onoc
nponan, Monioko nponazno, MecsiuHble nponau, Ipu cTpaHHOCTHU *CoH/annemum,/20-
Jioc ucues, *‘Mosoko ucues.nio, *MecsuHble ucuesiu. B moloOHBIX KOHTEKCTAX JJIs NPO-
nacms ZOCTATOYHO XapaKTepHO yKa3aHWe IMPUYUHBI, KOTOPOU ABJIAIOTCSA Pa3ind-
HblE HEKOHTPOJIMPYeMbIe BO3/IEMCTBHUS, OOBIYHO AMOLMOHATbHBIE VTN PU3NIECKHE
coctosiHus; cp. npuMepsl u3 HKPA: Om 3nocmu y mens nponan dap pevu (A. Cypu-
KoBa). FOns uacamu nexcana nod kaneavHuyeil. Om nepexcusaHuil y meHs nponaso
mooko («ZlomoBoii», 2002.01.04).

KopnycHble mpuMephl 1o 3ampocy om S, Gen + nponacms (paccTosHUe
o 3 cioB) + S, Nom (paccTossHHE IO ABYX CJIOB) B KaueCcTBe CyOBEKTa nponacms
cozepxar 2osoc (9), dap peuu (2), monoko (1), cnesdst (1), a B KaueCTBE MPUIUHBI —
sosiHeHue (6), yrucac (1), HeoxncudanHocms (1), 31ocmsb (1), cmpax (1), nepercusarus
(1), yousnenue (1), cnabocms (1).

Ynemyuumscs ¥ ucnapumscs MOX0XKU Ha nponacms B TOM CMBICJIe, YTO JOIY-
CKaIOT TOJIbKO HelleJleHalpaBjleHHble BO3/IeCTBYA B KauecTBe IIPUYUHBL: cp. *B pe-
3ysbmame pabomsl ¢ NCUXOJI020M ee CMPAXU YAeMmydUaUucs/ UCNAPUIUC; TIPU BO3-
MOXXHOCTH [Ipu 00HOM 832J1510e HA e20 Jitobsujee AUYO ee CMPAXU YAeMYUUAUC/ UC-
napunucs. B cuTyanuax oTcyTCTBUA IPUUYMHEL BRIpakaeTcd HapyllleHre OXKUJaHu i
roBopsiero: Ee gecesiocms kyda-mo ysiemyuunacs,/ ucnapuadacs.

Pacmasimbs OOBIYHO TIpeAIIOsaraeT BHEIIHEE BO3/EHCTBHE KaK IPUYUHY:
Om e20 1aCKOBLIX €108 BCe ee COMHEHUS cpa3y pacmasau, HO He ’Ee comHeHus
nouemy-mo pacmasnu.
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Y I7IarosioB KOHUUMbCS Y UCCAKHYMb IPUINHON NTpeKpalleHus CyeCTBOBAHUA
ABJISIETCS UCYEPIaHHOCTh camoro pecypca [ak 2002:52]; y raarosa uccsikHyms J0-
[IOJIHUTEJIbHO BBIZeIAeTCA KaK IPUYMHA OTCYTCTBHE OXKUZAeMOH ITOAIUTKY, BO300-
HOBJIeHUA pecypca: PoOHuUK uccsik, HO He *KOHuuJics. B cuTyanum, Korza BO3MOXKHEL
oba riarosa, HanpumMmep, JeHbeu KOHUUNUCH/UCCAKAU MEXAY HUMH €CTh pas3iudue:
BTOpOE coYeTaHUe YKa3bIBaeT Ha TO, YTO UCTOYHUK JIeHer IlepecTasl UX IIOCTaBIATh.
[lepBoe coueTaHVe HUKAKUX HOBBIX JIeHEXXHBIX BJIMBAHUU He IIpejlojaraer: Tak,
MOXXHO CKa3aTh B MarasuHe Bce, y MeHs KOHUUIUCL OeHb2U, NOULIU 0OMOlL, HO He Bce,
¥ MeHs OeHball uccsaKAU. [10 TPU3HAKY IPUYUHBI KOHUUMbCS U UCCSKHY Mb IIPOTUBOIIO-
CTaBJIEHBI ITIar0JIaM Nepesecmuchb U colimu Ha Hem, KOTOPbIE YacTO yKa3bIBAIOT Ha TO,
YTO HEYTO, IOCTEIIEHHO COKPAIasAch, Kak ObI caMO COOOH ITPeBPaTUIOCh B HUUTO.

Ymepems, ommepems, 8blmepemsb, 8bl8eCMUCH, YACTO MPEAIONATAIOT HaIU4YNe
KaKUX-TO IPUYUH IIPeKpalleHN CyIeCTBOBAHUA: TNO0 BHYTPEHHUX IPUYMH B Op-
raHusme (ymepems, ommepems), TMO0 BHEIIHUX BO3/JEHCTBUN (8blMepemb, gblae-
cmucy). [lacms TaKKe 0ObIYHO IIPeANoJIaraeT AeicTBre BHEIHUX GaKTOPOB.

Bo dpaseme karnyms 8 8euHOCMb BATIEHTHOCTD IPUYMHEI THKOIIOPHPOBaHA — 3TO
BO3JeliCTBYe BpeMEeHU U X0Ja UCTOPUH, 3aCTaBIIAIINEe 0OBEKT UCIE3HYTh, & OKPY-
JKAOLINX — 3a0BITh 0 HeM. CeUHYMb TAKKE YACTO IPE/TIoNaraeT B KaueCTBE IPUINHEI
MpeKpalieHus CyILeCTBOBaHUA 00'bEKTa X0/, COOBITUM, OOBIYHO HEOIArOPUATHBIX,
HeKUH BOZOBOPOT KU3HU, UCTOPUU U CYABOBI: bulguiue 81adenvybl nepemeépau, cau-
Hyau kmo kyda (0. TpudoHoB); Tak u ceuHyn oH Hagcezda nod Mépmeotl Kauukolii: «Ho-
Mep cmo socemHadyamalil u3 nepgozo kopnyca» (M. Byarakos).

Yiimu u npoiimu IPOTUBOIIOCTABJIEHH! 110 IPU3HAKY IIPUYMHEL. Yiimu MOXeT
yKa3bIBaTh KaK Ha OeCIpHYMHHOE, TaK U Ha BBI3BAHHOE BHEIIHUM BO3JeHCTBHEM
npekpalieHye cylecTBoBaHUA: JI0608b nouemy-mo yund, u oaxce opyxrcowl He ocma-
J10¢b; Botnua mabaiemky — u 601b yuina, ofHaKo 0OBIYHO He YKa3bIBaeT Ha IIpeKpa-
IIeHHe CyI[eCTBOBAHUA KaK pe3y/IbTaT eCTeCTBEHHOT'O X0/a COOBITHI: "Yepes Hedesto
npocmyoda cama yxooum. JInst npoiimu, HAIPOTUB, 3TOT THUII YIIOTPeOIEHU, HAPALY
C yKa3aHUeM Ha BHEIHee BO3/eNCTBUe, OYE€Hb ecTecTBeHeH: Boinusn mabaemxky —
u 6osb npowna, Yepesz Hedenwo npocmyda cama npoxodum. IloaTomMy Ajs npoiimu
€CTeCTBEHHA COYETAEMOCTh C 0003HAUYEeHUSAMU O0Ie3HeH, B TOM YKC/Ie U MeTOHUMU-
yeckumu: I'punn npowten, I'opno npowso, Cnuna npowna. Cp. TakKe KOHTPaCTHEBIE
bpasel CmecHumenbHOCMb NOCMeENEeHHO yuwad vs. CmecHUMenbHOCMb NOCMeneHHo
npowna, TAe epBas ¢ppasa cKopee ONKCHIBAET NCUe3HOBEHNE CBOKCTBA, a BTOpas —
HCYe3HOBEHUE COCTOSHUA, pacCMaTpHBaeMoe KaK eCTeCTBEeHHOE Pa3BUTHeE COObITHH
C TeUeHNeM BpeMeHU.

2.3. CKOPOCTH U CTeNeHb MpeKpallleHus CyleCTBOBAaHUS

[To aTOMY IpU3HAKY OCHOBHBIE CHHOHHUMBI I'DYIIITBI — UCUE3HYMb U NPONACTb —
TaK)Ke MPOTHUBOIIOCTABJIEHBI. DTH ZIBA CHUHOHMMaA IMPEAINOoIaraloT BecbMa pasanya-
IOLHEeCs CTPYKTYPbI COOBITHSA, C YeM CBSI3aHO U pacCMaTpPHUBAEMOE HUIKE pasinyne
B ¢urype HabiogaTeNA, U UX IPaMMaTUYeCKHe — B TIEPBYIO OUYepe/b aCleKTyalb-
HbIE — CBOUCTBA.
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Hcuesnyms B 3HaU€HMHU IIpeKpallleHUsA CyIeCTBOBAaHUA MOXXET yKa3blBaTb
Ha MOCTeTeHHBIN MpesleIbHBIN IPOIlecc, IPUBOAAIINY K pe3ynbTaTy (B HEKOTOPBIX
JPYTUX 3Ha4eHUAX 9TOT IJIaroJl yCTPOEH COBEpIIeHHO MHaue); cp. Mantocmpupyem
amy ucmuny u cyovba Homo Erectus. E2o nonynayus nocmeneHHo ucue3nd, a apea
ee 06UMAHUSA 3ACeNUN AHAMOMUUECKU cO8PeMeHHbLi uesiogek (A. BOIKOB).

[Toatomy rinaron HECOB ucuezams nMeeT NpOLleCCHBIE 3HAYEHHUA, a ucue-
3amb-UcUe3Hymb IPeACTABIAIOT COOOH KJIACCHUYECKYIO IIPeZeNbHYI0 BH/OBYIO
napy. B o6oux Buzax 3TOT IJ1aros coyeTaeTcs ¢ afBepbuasaMy TUIIA NOCMeENneHHO,
Mano-nomasny, o0uH 3a opyzum. [Ipu 9TOM UcUe3HYMb MOXKET YKa3bIBaTh U HA MTHO-
BeHHOe IIpeKpallleHre CYyLlecTBOBAaHUA: Ho 8om MblL 8Bexanu 80 enadeHus epada
MoodeHa, u secénocmb Mosi MeHo8eHHO ucuedna (A. H. AnmyxtuH). Takum obpasom,
ucuye3Hyms MOZEJIUpPYeT pa3Hble acleKThl CUTyallud NpeKpallieHUs CyllecTBoBa-
HUA: U [IOCTENEeHHbIe IIPOIecCh, KOTOphle K 3TOMY IIPUBOJAT, U MOMEHTAIbHbIN
pesyJbTar.

Cam mporiecc MOXXeT OBITh KaK JAJIUTENbHBIM, TaK U KPAaTKUM, a pe3yabTaT Kak
IIOJIHBIM, TaK M YaCTUYHBIM; cp. IIpodoscumenvHocms 6bl8aem pa3auuHa; uHo20a
CbiNb UCHe3aem yoice uepe3 HeCKONbKO Uacos, uHo20da Jice OHA Ucue3dem MedleHHO 8 Me-
yeHuUe Heckobkux OHell (CKapiaTUHa U ee roMeonarudeckoe jsedeHue (1911)); Jleo-
napo nHa Kagkase nosHoOCmMulo ucues, NosA0CaAmalX 2lleH noumu He ocmanocs («Pycckuit
penopTep», N° 15 (143), 22-29 anpesna 2010, 2010).

I'maron nponacms UMeeT APYryl0 CeMaHTUYECKYIO CTPYKTYpPYy: OH ONMCHIBaeT
HCYe3HOBEHMeE KaK MOMEeHTaIbHOe coObITHE U GOKYyCUpYeT BHUMaHHE TOIbKO Ha pe-
3yabTaTe. [lIoaToMy st06as olleHKa CKOPOCTU HCYe3HOBEHU A HEBO3MOXKHA, T. K. IIPO-
1jecc, IpUBOJAIIUM K pe3ysbTaTy, OCTaeTcsA IOJHOCTBIO 3a KaZpOM; Cp. HeIIpaBUJIb-
HOCTb *Oblcmpo/medieHHo/ nocmeneHHo/nponacms. COOTBETCTBEHHO, I1apa npona-
damb-nponacms ycTpoeHa HHave: 06a I1aroja OMUCHIBAIOT Pe3yIbTaT, y nponadams
OTCYTCTBYIOT IIpOLleCCHBIE 3HAaUeHUs; CP. HEBO3MOXKHOCTB "’[1amH0 nocmeneHHo npo-
naoaso, Ipyu BO3MOXXHOCTH [IamHo nocmeneHHo ucue3ano. [l nponacms TaKkxe He-
BO3MOJKEH YaCTUYHBIH pe3ysbrat: “IISmHo noumu,/nosaHocmsio nponanio.

MoOMeHTaIBHOCTb NpoOnacms CEMAaHTHYECKU CBf3aHA € OeCHPUYMHHOCTHIO,
NIpeAIosaraeMoi 3TUM IJIAar0JIOM: €CJIU €CTh BO3MOXXHOCTh HaOJI0AATh NPUBOAA-
MU K 4eMy-1160 Ipoliecc, pe3yIbTaT dTOT0 IIPoliecca BOCIPUHUMAETCS Kak 060-
cHOBaHHBIH. Ecyiu mpoliecc ocTaeTcs 3a KaZpoM, TO pe3yIbTaT BOCIIpUHUMAaeTCs KaK
HEeOXXU/JaHHBIY 1 HEMOTUBUPOBAHHBIN.

[Tpouwe ryarojel TakXe AeAATCA Ha Te, KOTOPble KOHIENTYalIUu3yIoT COObITHE
HMCYe3HOBEHU KaK IIOCTeIleHHOe (CoTimu Ha Hem; KOHUUMbCS, yMepemb; ommepems;
8bLMepenb, 8blBeCMUCDH, UCCAKHYMb, Nepesecmucs; yiimu, npoiimu; y1emyuumscs, uc-
napumecs, pacmasms) U Kak MOMeHTalIbHOe (C2uHymb; KaHyms; nacms). Jlna nep-
BBIX XapakTepHo Hanmnuue ¢popmer HECOB ¢ mporjeccHbIM 3HaYE€HHUEM, /1151 BTOPBIX —
otcytcrBue popmbl HECOB.

ITpu aTOM /11 HEKOTOPBIX IJIaroJOB M3 MEPBOTO TUIIA IIPOIECCHOCTb Xapak-
TepHa B OOJIbIIeH cTelleHY, YeM JIs APYyTUX. Tak, y IJIaroyuoB cxo0ums Ha Hem, YMu-
pams, ommupams, esimupams dopma HECOB mMeeT ecTecTBEHHYIO MPOIECCHYIO
MHTepIIpeTalHIo, B TO BpeMsA KaK y UccAKams, nepesooumscs oHa 6ojiee eCTeCTBEHHO
WHTEePIPEeTUPyeTCsA pe3ylbTaTUBHO; B YAaCTHOCTHU IIO3TOMY JJiAd HUX XapaKTepHO
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ynorpebyieHre ¢ OTPULIAHUEM; CP. MEHBIIYIO €CTECTBEHHOCTH [Iomok Jcenarouux
npuexams nocmeneHHo uccsikaem, bozamoipu Ha Pycu, K coxcaieHulo, nepesoosmes,
TapaxaHbl yice 8b18005MCsL X €CTECTBEHHOCTD [IomoK Jcenarouilx npuexams He UcCs-
kaem, Boeamsipu Ha Pycu He nepesodsimcs, TapakaHsl HUKAK He 8bL800SIMCS.

['1aros koHuamucs BIOJIHE BO3MOXKEH B IIPOIIECCHON MHTEpIpeTalu, OJHaKO
bokycupyeT BHUMaHUe JIUIIb Ha CAMOM IOCIefHeM, KpaTKoM ¢pparmeHTe ImpeKpa-
IIeHHUsA CYLIeCTBOBAHUA: BO3MOXKHO XJie6 yice KoHUdemcs, HO MeHee eCTeCTBEHHO
Xneb nocmeneHnHo KoHuaemcs, Xseb6 mMeOJleHHO KOHUAemcs.

Yxodums 1 npoxodums MOT'YT UMeTh KaK pe3yJIbTaTUBHYIO, TaK U IPOLIECCHYIO
uHTepnperanuio: OHU, Cayuaemcs, ccopsamces u 6bl8am Hecnpagedussbl 8 Cnope,
U 8C€ Jice UX 83aUMHble 06UdbL yx00sim be3 caeda (B. 'poccman); /la, MOXCHO NOHAM,
nouemy 2080pam, umo Jt0608b npoxodum mozoa, koz0a He o uem zogopums (M. I'u-
roJIaliBUJIN) VS. Bosib npope3anacs. Bocmope npoxodun (. I'pexosa); ITocmeneHHO
cyema cmuxana, 80iHeHue yxo0uao (A. ApXxaHTeNbCKUM).

©®opmbl HECOB ynemyuusamscs, ucnapsimscsi BCTpe4daloTcs B JaHHOM 3Hade-
HUU CyIIECTBEHHO pe’ke, YeM MX KOPpeJATHl COBEPIIEHHOTO BU/a, U Yallle OIUCHI-
BaIOT MOMeHTaJbHbIe COOBITHA, YeM ITOCTeIIeHHBIE ITPOIlecCH (B OTINYNE OT OCHOB-
HOTO0, GU3NYECKOr0 3HAUEHU); CP. CTPAHHOCTD E20 cmpax yske NOMuUXOHbKY Yenty-
yusaemcs/ucnapsemcs, Ipu HOpMaJabHOCTH E20 cmpax meHO8eHHO yiemyuusaemcs/
ucnapsiemcs. ITnaroyx pacmasame-masams BooOlle peJoK B JaHHOM 3HAY€HUH, IIO-
STOMY 3aTPYAHUTENBHO c/le/laTh KaKue-To 0000IIeHN A B ero OTHOLIeHUH.

2.4. Hainuyue HaG/rogaTe s

B oTHOmEHWM HanMW4YuUs HaOGIIOZATENsT CHHOHUMBI UCUE3HYMb W NPONACcMb
TaK’Ke TPOTHUBOIOCTaBIEHb. BoobIIe ‘TipekpaleHnre HabII0JaeMOCTH — 3TO MPH-
3HAK, Pa3JIUTHIA IO BCEH TMOMMCEMHUH 3THUX [BYX IJIAar0JIOB, OHAKO HEOAMHAKOBO
¥ HepaBHOMEPHO. B 3HaUeHWH ‘TIpeKpalleHre CYIeCTBOBAHUM, KaK U B APYTHX,
OH OTYACTH CBsI3aH C T€M, KaK 3TO MpeKpalleHre KOHIENTyaJln3yeTcss — KakK Mpo-
1Iecc WM KaK pe3y/abTat. B 1iejom 06a riarosia mpezmnosaraioT IpeKpalieHue Cyle-
CTBOBaHUs, BJIEKyIIee 3a cO60i MpekpaleHre HabIr/ aeMOCTH.

OfHAaKO TIOCKOJBKY UCUE3HYMb MOMKET OIMUCHIBATh OYEeHb JIUTETbHBIE IIPO-
1IeCCHI, KOTOpble HEBO3MOYKHO OXBATUTb B OJWH payH/ HabJIIOJeHUsI, STOT IJIaroJ
9acTO yKa3blBaeT Ha IpeKpallleHue CYIIeCTBOBaHUSA OOBEKTOB MPHU OTCYTCTBUHU
BCAKOTO HabuogaTens; cp. Bee dpesHue yugunusayuu ucdednu; Kancowiil 200 ucue-
3aem kakoli-mo A3blk. B 9TUX IpUMepax peub UeT 0 TAKUX 00bEeKTax, MpeKpaIieHmne
CyIIeCTBOBAHUs KOTOPHIX B CHJIY TE€X WJIM MHBIX IIPUYUH HAGII0AaTh HEBO3MOXHO.
B aTOM cMBbIC/IE UCUE3HYMb MOYKET OMMCHIBATh YUCTOE MIpEKpaleHne CyecTBOBa-
HUsA, 6€3 KOMIIOHEHTA BU3yaIbHOI'0 HAOIIOIeHUA.

Jlns Tiaroa nponacms, KOTOPBIH GOKyCHpyeT BHUMaHMe Ha pe3y/bTaTe, Xa-
pakTepHo yrmoTpebieHre B KOHTEKCTaX, OMUCHIBAIONIUX MTPeKpallleHre CyIeCTBOBa-
HUSA BUAUMBIX 06HeKTOB. [Ipu aToM dpassl Tuna [Ipsiwu nponaau, Bechywku npo-
nanu; Kpachvle namua Ha auye Hauaau nponadams 3HavaT, YTO TOBOPAIIUI HEKO-
TOpOE BpeMsI Ha3a/ HabIrojal npblull, 8eCHYWKU U NAMHA, & B MOMEHT PeYU BUAUT
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UX OTCYTCTBUE, T. €. HAOII0ZAeT JINIIb YaCTh COOBITUSA — Pe3yJIbTaT, — HO He IIPUBO-
AN K HeMy IIpoliecc.

[Toz00HbIe KOHTEKCTHI XapaKTePHBI U /LI UCUe3HYMb; UCUe3ar0m NPbllil, MOD-
wuHwl, 6opodasku u np. OZHAKO B UcUe3HYMb HAOIIOLATENb MOXKET BUJETh KaK IIPo-
Llecc, TaK U pe3ysbTaT; B 9TOM CMBbICIe eMy OJM30K IIaros cxodums (IIsmua nocme-
nexHo cxodam, Ilamua noaHocmeto cownw). OZHAKO UCUe3HYMb IT03BOJIAET HAOIIIO-
JlaTh IIpollecc KakK Obl TMOZ elle GOJMbITUM YBeJIUYeHUEM, YeM cxX00ums; cp. CHez uc-
ue3an Ha enasax, [IAmHo ucue3no npsmMo HA 21a3ax, IPU MeHbIIel eCTeCTBEHHOCTH
CHee cxo0un Ha 2nadax, ITamHo coulno npsimo Ha 2na3ax.

Ob6a riarosa TakXe MOI'YT OIIMChIBATh BHYTPEHHNE, T. €. YaCTO He 3aMeTHbIe Ha-
6JII071aTe 0, COCTOSHUA, KOTOPEIE TEM He MeHee NMEIOT IIepIelI THBHBIN KOMIIOHEHT,
T.K. BOCIPHHHMAIOTCSA dKCIIepUeHIlepoM U3HyTpu: CTpax ucues, KenaHue ucuesno
vs. Cmpax nponan, Kenaxue nponasio. OZHAKO 3/1eCb CUMMETPUY MEX/y HUMU HeT:
JUIS UCHe3HY Mb TaKoe yIIoTpebiieHre ropaszio 6osiee xapakTepHo: Meumbl/Haodencobl/
nodo3peHus/gonpocsl ucuednu; Tpegoza/mocka ucuesna; PazdpasceHue ucvesJio, Npu
CTpaHHOCTH *Meumbl/Haodencobl/ N0003peHUs,/80NPOCL nponaau. Bipoyem, aTo pas-
JIF4ye CBA3aHO C IPU3HAKOM IIPUYHHEI U OXKUAAHUS TOBOPALIETO.

s nponacms XapakTepeH 6ojiee y3KUI KPYT KOHTEKCTOB, OIIMCHIBAIOIINX He-
OXKM/JAHHOE U 9aCTO HENIPUATHOE /I TOBOPALIETro IIpeKpalleHre COCTOHUA: HHme-
pec Kk yuebe y demetl nponan; Kenanue ¢ HUM 061ambCcs NOJIHOCMbI0 nponano. B atom
ynotpebieHUN MeXy HUMU TaKXKe COXPaHAeTCA pa3inyre B CTPYKTYpe COOBITHA:
SKCIIEPUEHIIep UCUe3HYMb MOKET OCO3HABATH IIOCTEIIeHHOE NCIe3HOBEHHe KaKoro-
1160 COCTOSIHUSA, B TO BpeMs KakK dKCIepUeHIlep nponacms GUKCUPYET JIUIIb BHe-
3aITHO HACTYNUBIINY U IO3TOMY HEOXKUIAHHBIN /I HET'O Pe3ysbTar.

YTo KacaeTcs OCTATIbHBIX IVIAr0JIOB, TO HAJW4YMe WJIU OTCYTCTBHE HabsIoza-
TeJIs B HUX OIIpeiesigeTcs, BO-IIEPBEIX, TUIIOM 00BbEKTa, BO-BTOPHIX, AJIUTEIBHO-
CTBIO WJIM MOMEHTAJbHOCTBIO COOBITHA. I'71arosel, ONKCHIBAONIYE [TOCTEIIEHHOE,
HO He CJIHIIKOM JJUTEeNIbHOe IIpeKpallleHHe CyIeCTBOBAHUA MaTepHUaTbHBIX
00BbEKTOB, MOI'YyT IpeAronaraTh HabaogaTensa: Ox ymep y MeHs Ha eaaszax; Cmo-
mpu, s6J10Ku KOHUUNUCL. Bce mpoyne riaroysl 0603Ha4YarT JUO0 HUCUYE3HOBEHHUE
HeMaTepUaIbHbIX 0O0BEKTOB, I1UO0 MOMEHTAaIbHEIE, TUOO CIUIIKOM JJIUTENbHBIE
COOBITHA, T.€. He IIpeANosaraloT Hablo4aeMOCTH epexosa OT CyIleCTBOBAaHUIO
K HEeCYI[eCTBOBAHUIO.
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B paboTte paccmartpuBaeTcs CUMCTEMa 3HAYeHWA npunaraTesibHoro ro-
cneaHwi. TlpepnaraeTcs CEMaHTUYECKUIA WMHBapUAHT npunaraTesnbHOro
rocaeaHWi ¢ ABYMSI CEMaHTUYECKUMU BalEHTHOCTSMU — 371eMeHTa U1 rno-
cnepoBaTeNlbHOCTU — M AeMOHCTPUpPYeTCs, Kaknum 06paszom moamnbukaumm
MHBapuvaHTa, Bko4yas fobaBneHne BaIeHTHOCTEM OpUeHTUpa 1 MOMeHTa
BpeMeHU, NpuBoaaT K ob6pa3oBaHUI0O HOBbIX 3Ha4yeHul. lNokasbiBaeTcs,
Kakum ob6pa3oM CeMaHTUYeCkue CBOMCTBA r10CeAHEro B Kaxa0M N3 ero
3HaYeHNt MOTUBUPYIOT Ero CUHTaKCUYECKME N COHETAaEMOCTHbIE CBOMCTBA.
Kpome Toro, obcyxaaeTcs posib nparMaTnku 1 nekcrukanmsaumm rpamma-
TUYeCKMx GOpPM 1 KOHCTPYKLUUIA B paspeLleHnn HeEOAHO3HAYHOCTN coYe-
TaHWA CO CNIOBOM r10CAE€AHUI, @ TakXe IEKCUYeCKNe COOTBETCTBUS 3TOr0
npunaraTtesibHOro B aHrMIACKOM A3bIKe.

KnioueBble cnoea: cemaHTvKa, NparmaTunka, BaJleHTHOCTb, KOHCTPYKLNS,
COYeTaemMocCTb, CTaTM4eckue MnocnenoBaTeslbHOCTW, AMHAMUYeckue Mo-
cnenoBaTeNibHOCTY, BPEMEHHO OTPE30K, NparMaTtmyeckas uMnankatypa
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The paper considers the senses of the Russian adjective poslednij ‘last’. Its
polysemy is analyzed as deriving from a certain core semantic structure that
is common to all its meanings. The core structure has two semantic valen-
cies — of a sequence and of a sequence element. Modifications of the core
structure, including additional valencies (point of reference and landmark)
account for its polysemy, as well as for diversity of its collocational and syn-
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1. CeMaHTHYeCKHI WHBApPUAHT NOC1e0HE20

B pabote mpejnaraeTcs TPaKTOBKAa PYCCKOT'O MPUJIATATEIbHOTO NOCaeOHUl,
MTO3BOJISAIONIAS ONMCATh PA3HBIE €0 3HAYEHUS KaK eJUHYI0 CUCTEMY, a TaK)Ke 00b-
SICHUTbH €r0 CHHTAaKCUYeCKUe U COYETAEMOCTHBIE CBOMCTBA B pa3HBIX 3HaYeHUAx. He-
KOTOpBIE U3 PACCMaTPUBAEMBIX B CTAaThe SI3bIKOBBIX GAKTOB 00CYK/AAIOTCSA B paboTe
[CnimpugonoBa 2002], ofHAKO B I[€JIOM HX IIPEJACTaBJIeHUE B JaHHON paboTe cyle-
CTBEHHBIM 00pa3oM OTIMYAETCsA. B MepByIo oyepesb 3TO KacaeTcs NpejaraeMomn
CTPYKTYPBI TOJINCEMUU ¥ CEMaHTHUYECKOT'O MHBapUaHTa NOCJie0He20, 8 TAKKe TOJIKO-
BaHWI 3HAYEHUH U aHA/IN3a MEXaHU3MOB CEMaHTUYECKON IepUBAIIUU. Y NOCaAeOHUTL
€CTh CEMaHTUYECKUH WHBapUAHT, KOTOPBIM MOBTOPSIETCA BO BCEX 3HAUYEHUAX. Ero
MOXXHO cpOPMYJIUPOBATH CIAEAYIOUIUM 06pa3oMm:

ITocnednuil X 6 Y = ‘OneMeHT X pacIoJOoKeH B ITOCIe[0BATENbHOCTU OZHOPO/-
HBIX 2JIEMEHTOB Y TAKUM 00pa3oM, 4YTO BCE OCTAJIbHbIE 3JIEMEHTHI Y UAYT /10 HETO .
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Kak BUZHO M3 3TOT'O TOJKOBAHUS, Y NOCNEOHULl €CTh JIBE BAJIEHTHOCTH — 3JIe-
MEeHTA U TI0CJIeZI0BAaTEIbHOCTH; CP. nocsiedHee cioso [X] 8 cmpoke [Y]. UHTepnpeTa-
LM Nocie0He20 3aBUCUT OT XapaKTepa MOCIeJ0BaTEIbHOCTH U €€ DJIEMEHTOB.

[To4TH A1 BCEX COUYETAaHUM C NOCIeOHUM BO3MOXKHA UHTEPIIPETALIUA ‘TaKOH X,
ocJjie KOTOPOTO yKe He OyZeT APyroro Takoro Xa’; cp. Imom pas3zoeop 0KaA3aJjcs
nocyiedHuUM.

B aT0i MHTEpIpeTanuu 106aBIAeTCs BaJEHTHOCTD IIpeJiesia Z, B paMKaxX KOTO-
poro He OyZieT MOBTOpPeHUs Xa, a BAJIEHTHOCTD T0CJIeZI0BATETbHOCTH, KaK IIPaBUIIO,
He peanusyetcs: Ha cezo0Hs [Z] amo nocneduss kongema [X], Ce200Ha nociedrnuil
cemuHap [X] 6 amom 200y [Z]. Eciu BaJleHTHOCTH TIpeZiesia He BhIpaKeHa, B JaHHOU
WHTEPIPETALINY 10/ IPEJEIOM IT0 YMOJTYaHUIO TIOHUMAETCS KOHEI )KU3HU (00 WH-
TepripeTanuu abCcoMOTHRIN KoHell’ cM. [CimpuzoHoBa 2002:174]).

[l uHTepnpeTauuy ‘TOCTIeHUN B )KU3HU XapaKTepHa peMaTHYHOCTh CJI0BA
nocjiedHUll; cp. aKIIeHTHOE BBIJEIEHNE: OMOo HAWld NOCNAeOH A ecmpeud.

[IparmaTuyeckasi HEOJHO3HAYHOCTh COUETAaHUH TUIIA NOC/IeOH S 6CMpeud U Ha-
JIMY¥e JJaKyHBI B PYCCKOM sI3bIKe, HE TO3BOJIAIOIIEe pa3pelnuTh HEOAHO3HAYHOCTh
JIEKCUYECKUZ, 0O'BSICHSIOT «CyeBEPHOE» UCTIOIb30BaHUE CJIOBA KpaliHUll C TIeJIbIO pas-
pellleHUsI HEOAHO3HAYHOCTH; CP. IIPOCTOPEYHbBIE BRICKA3bIBAHUS TUTIA KPAUHUL NPbl-
JICOK € Nnapawomom = ‘IOCAeHUN Ha JaHHBIN MOMEHT’.

B 3TOl MHTEpIpETAIUU NpednocaedHUll® IBASETCS BO3MOXKHBIM, XOTS U HE 4Ya-
CTBIM aHAJIOTOM NOCJie0He20, TOCKOJIbKY TIpeAINoIaraeT 3HaHUe TOro, YTO TTPOU3O0H-
JIET VI Tpou3ouuio: Mavs Hocugosuu, dasHo yaice 0c8060xc0EHHbLIL U3 npednocieo-
Hell, KaK 8bLACHUJIOCH 8nocaedcmauu, omcudku [...], pasenazonbcmeosan 0 matlHom
wugpe wcusuu ... (JI. Yruikasn).

2. Tunsi HOCJIE,Z[OBaTeJIbHOCTeﬁ ¥ 3HAYEHU S nocieoHezo

[MoceoBaTEIbHOCTH MOTYT OBITh CTaTUYECKUMH, T.€. 3aKOHUYEHHBIMU
(cmpoxa, mabauya, anasum) ¥ AUHAMUYECKUMHU, T.€. TPOAOIKAOMUMUCT (HO-
80CMU, CeMUHApbl, 8biNycKU eademvl). OAWUH THUII TMOCJIEJOBATENbHOCTA MOXKET
MepeXOAUTh B APYTroi — TakK, MOCJIEA0BATEIbHOCTh KHUZ TIUCATENS SABJISETCA Y-
HaMHWYECKOU B TEUEHUE €ro KU3HU U CTAHOBUTCS CTATUYECKOH MOCJIE €T0 CMEPTH.
Hukxe paccMaTpuBaroTCs pa3Hble YIIOTPEOIEHUs CI0Ba nociedHull, MOAUGUKATUN
CEMaHTHUYECKOT0 WHBAapHUAHTA €ro 3HAYeHUS M CUHTAKCHMYECKHX CIIOCOOOB BhIpa-
JKeHUS BaJEHTHOCTHU B 3aBUCHMMOCTH OT THIIA ITOCIeJ0BATENbHOCTH U CO3JaIOMINX
ee 0O'bEKTOB.

2 Cp. aHruiickoe last meeting (‘B *KU3HU WJIU B KaKOM-TO ee OTpe3ke’) vs. latest meeting
(‘Ha ;aHHBIN MOMEHT).

3 DTo ke KacaeTca u Gosee peAKOoro aHaJjsora npebnpeanocneanuﬁ M BCEX MMOTEHIHAJIbHBIX
AE€pUBaToOB, 06paSOBaHHbIX 10 3TOM MOZEIH.
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2.1. CraTu4deckue nocjaeoBaTeJbHOCTH

CrarryecKue I0C/IeI0BaTeIbHOCTH — 3TO TAKHe, B KOTOPHIX YHCJIO SI€EMEHTOB
He uaMmeHsiercss. OHU ensaTes Ha dacagHble U He dacagHble [0 cCeMaHTHUIECKOM IIPH-
3Hake ¢pacazuocTu cM. Fillmore 1969, Anpecsn 1974:111-112, Anpecsn 1995:40-42].
[Mox dbacasHBIMU [TOCTIELOBATENBHOCTAMY IOHUMAIOTCS TAKUE, Y KOTOPBIX MOPSI0K
PAaCIIOJIOKEHU S 3JIEMEHTOB GUKCHUPOBAH, T. €. HAYaJI0 ¥ KOHEI] [I0C/Ie0BaTEIbHOCTH
HE 3aBUCAT OT [OJIOKEeHUs HabIII0aTe s U APYTrUX 06beKTOB B IPOCTPAHCTBE.

2.1.1. dPacagHble cTaTUYECKHE IIOCIE€L0BAaTEIbHOCTH

[MpoToTunuyeckue dacagHble MOCAEAOBATETPHOCTH — 3TO TEKCTOBBIE 00B-
€KThI: ab3aubl, cmpouku, mabauyst. JIjas HUX B PYCCKOS3BIYHON Ky/NbType QUKCH-
POBaH MOPSZIOK CJIeBa HANPaBO U CBEPXY BHU3, B COOTBETCTBUU C ITpaBUJIaMU YTe-
HUA U uchbMa. TakuM 06pa3oM, nocaedOHsast cmpouka 8 ab3aye— 3TO caMasi HHXKHSAA
CTPOYKA, NocjedHee €080 HA CMpouke — caMoe ITpaBoe.

sl KHUe IPUHITUII YIIOPSZ0YMBAHUA HECKOJIBKO ApyToi. CKaXkeM, nocieOHss
CMpaHuya KHU2U — 3Ta Ta, KOTOpas UMeeT HaubOOoIbIINH MOPSAAKOBBIH HOMeD (TIpU
YCJIOBUHM, €CJIM OHHM BCE IPOHYMEPOBAaHbI) MJIU CaMas HW)KHAS MPU €CTECTBEHHOM
PAacIIOJIOKEHUN KHUTH B €€ HCIIOJIb30BaHUH, T.€. KOTZla KHUT'Aa HAaXOAUTCSA B FOpPU-
30HTAJILHOM TOJIO)KEHUU HAa HEKOTOPOH MOBEPXHOCTH U €€ NepegHsisA o6ioxkKa (Ta,
Ha KOTOpPOHM HalleyaTaHO Ha3BaHWe) obpaljeHa BBepX. JTa CTpaHHUIA OCTAHETCH
nocyedHell, fake eCcay KHUTY MEePEBEPHYTH WU €CIU HavyaThb YTEHUE C nocsedHell
CMPAHUYBL.

I[ToMHMO TEKCTOBBIX 0OBEKTOB, pacaZHbl TaK)Ke HEKOTOPHIE ITPOCTPAHCTBEH-
HBIE TIOCJIefoBaTeNbHOCTH. Hampumep, cudems Ha nocsiedHell napme OAHO3HAYHO
WHTEpPIpPETUPYETCA KaK ‘CUETh HAa TOU ITapTe, KOTOPas PAacIloIoKeHa Jajblile BCETO
oT focky’. Tak XKe YCTPOEeHbI COYETAHUSA TUIIA cU0eMb HA NocedHeMm psdy 8 meampe
(Ha caMOM yZiaJIeHHOM OT CILIeHBbI).

CoueTaHue HA NociedHeM amadce TOXe IIOHUMAaEeTCs OAHO3HAYHO — KaK ‘Ha ca-
MOM BBICOKOM 3TaKe ZIoMa’, IOTOMY YTO B PYCCKOSA3BIYHOM KYJIBTYPE 3TaXXU HyMepy-
IOTCsI, HAYMHAast OT CAaMOro O6JIM3KOI0 K 3eMJIe.

YTo KacaeTcs COYETAHUU TUIIA NOCAeOHUTl 00M, TO UX UHTEpIIpeTaIysa HEOAHO-
3HaYHAa: eCJIM UMeeTCs B BUZLY HyMepalus, TO peub UeT o pacagHOM CTaTUYeCKOU
[OCJIeIOBATENBbHOCTH, U NOCAe0HUTL 00M HA YAUle — 3TO UMEIOII NN HauOOIbIINH HO-
Mep; eCJIU TOBOPAIINI BOCTIPUHUMAET JoMa BU3yalbHO — 3TO HauboJiee yaaaeHHbIH
OT Hero ZioM. Kpome TOro, MBICJIEHHO pacriojiaras JoMa OTHOCUTEIbHO Habioza-
TeJisl, HAXOAAUIETOCA B CEPeZIMHE YIULIBI, MOXKHO TOBOPUTH O nocjiedHem 00Me Ce8d
u nociedHem dome cnpasd. Bo Bcex 3TUX caydaax pedb uzeT o HedacaZHOU ocaeso-
BaTesbHOCTH. TaKUM 06pa3oM, OUYEBU/HO, UTO iejieHue Ha dacaZHble U HedacaaHble
[IOCJIeJOBATENbHOCTH /10 HEKOTOPOM CTENeHH YCJIOBHO, T. K HEKOTOpbIe dacazHble
[I0CJIeJOBATENbHOCTH MOT'YT UHTEPIIPETUPOBATHCA Hedaca Ho.

[Ipu ymoTpebieHUN nocniedHez0 B KOHTEKCTe dacaJHbIX CTATUYECKUX IMOCTIe-
JIOBaTeJbHOCTEN BaJIEHTHOCTH IIOCTIE0BATENbHOCTH Y MOXKET BBIPAXKAThCA 3aBU-
CHMBIM IIPU CYIIECTBUTEJIbHOM, BBIPA’KAIOIIEM BaJE€HTHOCTD X: NOCJeOHUL Imaxic
(0oma), nocnednuii aman (KoHKYpca).
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B mof06GHBIX KOHTEKCTaX MOXKET YIOTPeOIAThCI M CJIOBO npednocjedHull.
[To gauHbiM pecypca Sketch Engine (kopmyc RuTenTen), MMEHHO CTaTUYECKUE IIO-
ceoBaTEIbHOCTH GOPMUPYIOT CAMBIH YaCThIN TUI YIIOTPeOIEHUH npednoc.iedHezo:
npednocnedHuil caoz, absay, cmpouka, cmpoka, cmoabey, amaxc, aman, payHo. DTO
BechbMa eCTECTBEHHO: B CTATUYECKOMU ITOC/IeJOBATETBHOCTH NPpednocieOHULl, KaK U JIF0-
60e ApyTroe 3aKpelieHHOe IPOHYMepPOBaHHOE MECTO B PSAZY, IETKO GUKCUPYETCs.

2.1.2. HedacagHsble cTaTUYeCcKUe I0CIeJ0BaTeIbHOCTH

HedacazHble nocie0BaTebHOCTH YIOPAZOUYUBAIOTCA B 3aBUCHMOCTH OT II0-
JIoKeHUs HabrofaTens uinu opueHTHpa. HedacazHble mociezoBaTeIbHOCTH MOT'Y T
CO3aBaThCA JIOOBIMU 0OBEKTAaMU, He MpeJIoaaraloiuMu GUKCUPOBAHHOTO II0-
pAAKa; Jallle BCero — 3TO CTOAILIME B PAJ IPOCTPAHCTBEHHbBIE 0O'bEKTHI UJIU JIOJU.
ITocnedHutl B moAOOHBIX KOHTEKCTAX YaCTO UCIOJNb3yeTCs i1 OObACHEHHUS, 0 KAKOM
U3 06BEKTOB UJET peub. [l yCcTpaHeHUsA HEeOJHO3HAYHOCTH BBOAUTCA yKa3aHUeE
Ha OpHEHTHp (MM MOXXeT OBITH HabJIOZaTeNb) U/WIN HalpaBjieHue yIIOpAL0IrBa-
HUA 00BbeKTOB: Ho 51 3amemut, 4mo 00HO KPecJo, camoe nocjiedHee Cnpasa om MeHs,
nycmyem (B. BepekkoB); JoMUK MOHMANCHUL, MOPUAJL UeME8epMbLM C1e8d HA NOCJLe0-
Hell om wmaba ynuue (B. KopHuios).

YrnoTpebienue nocsiedHezo B NOJAOOHBIX KOHTEKCTAX OPAHUYEHO HAIUIUEM
Yy HEro CWJIBHOTO KOHKypeHTa — cJIoBa kpaliHuil; cp. Kasapux cmoum kpaiiHum
cnpasa (/1. beikoB). Tak, B HKPS BcTpermioch 8 codeTaHWH nocsiedHuil cnpasa
u 28 coueTaHu kpaiiHuil cnpasa.

BripoueM, kpaiiHuil IPEUMEHUM TOJIBKO K TOPU30HTAIBHO PACIIONOXKEHHBIM I10-
CJIe0BaTeNbHOCTAM; €CJIU IT0C/IeZl0BaTeIbHOCTD PACIIOIoXKeHa BepTUKAIbHO, YIIO-
TpebiseTcs nocieOHUl: NocaeOHsS CMYNeHbKa, HO He *Kpaiinas cmyneHbka. CoueTa-
HUE NOCNeOHAs CyNneHbKa IPeCTaBIIseT cO60i NHTePECHBIH KOHTPACT COYETaHUIO
nocsiedHUll amagic: eCIU nocaedHUll amadc — 3TO BCer/ia CaMbli BEPXHUM, HHTepIIpe-
Talusd CMyneHbKU 3aBUCUT OT HallpaBJIeHU ABUKeHUA HabmoaTens; cp. Jobpancs
00 nocsiedHeli cmynexvku u ynépcs ai6om 8 nomosok [camas Bepxuss] (FO. Jlom6poB-
ckuit); OH cnycmuJics ¢ nociedHell Cmynexbku U 3awén 8 kabuxnem Hanpomus [camas
HxHAA] (FO. JoMOpOBCKUiA).

BajleHTHOCTD TOC/IEZIOBATENBHOCTH B 3TOM THUIlE YIOTpebieHui nociedHezo
JacTo He BhIpa)kaeTcs, TOCKOIbKY caMa MoCieZloBaTeTbHOCTb MOXXET He UMETh CIie-
[[MaJTbHOTO HAa3BaHUA; CP. U3OBITOYHOCTD NOCNeOHAs degyuika (8 psdy Jsirodeil), no-
caedHuil dom (8 pady domoa). Ilpu 3ToM AobGaBseTcsa obsA3aTenbHas BaJleHTHOCTD
OpHEHTHPA U/UJIU HallpaBJeHUs 0TCYeTa 06 BEKTOB: nociedHUll cnpasa om ueHmpa,/
om Jieca, nocaedHuUll caepxy/cHU3Y/ cnpasa/caesd.

B mog0o6HBIX KOHTEKCTaxX TaKyKe YIOTpebiseTcs npednocniedHuil; cp. npedno-
cnedHss cmyneHnbka, OH Ha homozpaduu npednociedHull cnpasa.

2.1.3. Cosparoinuecs cTaTU4YecKHe IocjaeA0BaTeIbHOCTH

[TpoMeXXyTOYHBIN CIy4Yai MeXAY CTATUYECKUMU U JUHAMUYECKUMU [TOCIe/[0-
BaTeJbHOCTAMU 06pa3yeT TUII CO3JAFOIIUXCS CTATUYECKUX MTOCIeA0BaTETbHOCTEH.
B KaXblli 3aZlaHHBII MOMEHT BpeMeHU OHU MPEACTaBJAIOT COO0H CTaTUYECKYIO
dacazHyIO MOCIe[0BAaTENbHOCTD, OHAKO BO BDEMEHH YUCJIO U MOPALOK 3JIEMEHTOB



Semantics and Pragmatics of the Russian Words ‘Poslednij’ and ‘Predposlednij’

MOT'yT MeHATbcsi. COOTBETCTBEHHO, CTATyC NociedHez0 Y 0ObEKTOB, 00pa3yOIINX
9THU IIOC/IeZIOBATENbHOCTH, ABJAETCA BpeMeHHbIM. Co3zialommuyecs cTaTHuIecKue Io-
CJIeJOBaTeJbHOCTH — 3TO OYepesH, a TAKKe NOPAZOK CIeJOBaHUA B PA3HOTO poja
COPEBHOBAHUSAX; CP. NOCIe0HUIL 8 ouepedu; nocsieOHUll 8 pelimuHze.

Y JaHHOrO TUIA YyIOTpebJIeHUl BaJeHTHOCTh deMeHTa X OOBIYHO He BEIpa-
JK€Ha, BaJIEHTHOCTD Y BBEIpakeHa IpPeoKHO-UMEHHOH T'PYNIION IIPU nocsiedHeM:
nocsaedHutl (cnopmcmeH) 8 mypHupHoll mabauye, nociedHull (wenosek) 8 ouepedu.
CaMo CJI0BO nocsieOHUll OGBIYHO YIIOTPEOISIETC KOIPEAUKATUBHO B TBOPUTETBHOM
naziexe, T.e. B IeUKTUBHON KOHCTPYKI[UY, YTO ITOAYepKUBAeT BpeMEeHHbIN U CH-
TYaTUBHBIN CTaTyC nociedHezo (0 IEMTUKTUBHOM KOHCTPYKIMU cM. [Ky3sHeloBa, Pa-
xunnHa 2010]): 8bicmynams nociedHUM, NOCAOHUM, Npullmu nocaedHUM, CMOSMb
NocseOHUM, 3aKOHUUMb NOCSIEOHUM.

CABHUHYTHIM TUII yIOTPeOJIeHUH B 5TOM 3HAYeHUU 00pa3yloT cOdeTaHUA Nno-
cledHe20 C KMECTOMMEHMEM U cocaraTe/bHBIM HaKJIOHeHueM BuAa OH nocnedHull,
K KoMy 0bL 1 06pamunacs 3a NOMOWbH0, Te odepeb BEICTpAUBaETCs JIUIIb B CO3HA-
HUY FOBOPAIIETO.

B 9TUX KOHTEKCTax TaK)Xe MOXET yIOTPebJIAThCA npednocniedHull: cmosmb
npeonociedHUM, udmu npeonocaieOHuUM 8 mypHupHoil mabauye. OMTHaKO B KOHCTPYK-
IIUU C KMeCTOUMeHHUEM CJIOBO npednocsiedHuil He yIOTpebsseTcsa; cp. HEBO3MOX-
HOCTB *OH npednocniedHuUll, K KOMY 6bL 1 06pamuaacs 3a NOMOULIO.

2.2, JrnHaMuuyeckue nocjae0BaTeIbHOCTU

JluHaMUYeCKUe TTOCIeZI0BATENbHOCTH JEIATCS Ha TaKKUE, B KOTOPBIX 0OBEKTHI
HUCYEe3al0T, U TAKWE, B KOTOPBIX 00bEKTHI ZI00aBIAIOTCS.

2.2.1. /luHaMuYecKUe M0CIe0BaTeIbHOCTH C HCUYE3aI0IUMH 00beKTaMuU
TUnUYHBIE TOC/IEA0BATEIBHOCTH C UCIE3A0NIUMU 00BEKTAMU — 3TO PA3HOTO
POZia pecypchl, KOTOPHIE IIOCTENEHHO UCYEPIBIBAIOTCS, TaK YTO OCTAETCS TOIBKO
OZIVH OO'BEKT HUJIN YaCTh — NOCAEOHULL U NOCNeOHAS; ¢p. OH cBes nocaedHee 16710K0;
OH Opyzy nocniedH00 pybawky omoacm; cpaicamscs U3 nocaedHux cui/ 00 nocueod-
Hell KanJju Kposu; nocedHue coki,/ kpoxu (TaKyue COYeTaHUs YacTO CKIOHHEI K U/U-
omaTtu3sanuu). K aToMmy ke TUIy ynoTpebaeHUi OTHOCATCS NOCIeOHUL WAHC, noced-
HS151 803MOXNCHOCMb, KOTOPHIE TaKKe BOCIIPUHUMAIOTCS KaK OrpaHUYeHHBIH pecypc.
BasieHTHOCTb IIOC/IEI0BATENbHOCTH B 3TOM 3HaYeHUU OOBIYHO HE BBIpaKaeTcs,
[IOCKOJIBKY Ha3BaHUEM JAMHAMHYECKOW II0C/Ie/[0BATEIbHOCTH SBJSETCS Ha3BaHUE
ee 00BbEKTOB BO MHOKECTBEHHOM 4IHCJIE; CP. HEBO3MOXKHOCTb TaBTOJIOTUYECKOTO
BBICKa3bIBaHUSA *OH cBel nocsiedHee 16710k0 u3 s160k. OFHAKO CyIIECTBYET BO3MOX-
HOCTb BBHIPA3UTh €€ IIPY IIOMOIIYU BbIJETUTENbHON KOHCTPYKIIUHU C IPEJIOTOM U3,
€CJIN He DKCILIUIIMPOBATh BaJEHTHOCTD 3JIEMEHTA; [IPAaB/a, ITO BO3MOXKHO He BCerza
u TpebyeT 00aBIeHUs IpUIaraTeabHOr0: OH ces NocaedHee U3 0cmaguuxcs 1610k,
HO He *OH coes nocaedHull u3 ocmasutezocs caxapd. Ytobs! yroTpebieHre 3Tol KOH-
CTPYKIIUU OBLIO BO3MOXKHO, HEOOXOANMO, YTOObI 37IeMEHThI AMHAMUYECKOI mmocJIe-
ZIOBaTEeIbHOCTHU OBLIN JUCKPETHBIMU U COCTABJIAIN HEKOTOPOE MHOXKECTBO.
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B aToM 3HaueHUUM npednocsedHull Takxke gonyctuM (OH csen npednociedHull
6aHaH), HO TONBKO B CUTYaIUAX, KOTZa 3JIEMEHTHI JUCKPETHBI U [I0JBEPralOTCs pe-
aJbHOMY CYETY; COOTBETCTBEHHO, COYETaHUS C HA3BaHUSIMU COBOKYITHOCTEH HEBO3-
MOXHBI: *npednocnedHuil caxap, *npednocnedHue 6aHaHbl. TakKe HEBO3MOXKHA 3a-
MeHa nocsieOHull Ha npednocieOHUll B UIMOMAaTU3UPOBAHHBIX COUETAHUSAX, I/I€ PEYb
HE WJET O peaJbHOM IIOCJIEe/0BATEIhHOM HCYE3HOBEHUM 00BEKTOB: *OH omdacm
0py2y npednociedHow pybawxy.

[Ipu 3TOM B COBOKYITHOCTH HUCYE3AM0IINX 06EKTOB HEKOTOPBIH 06BEKT MOKHO
Ha3BaTh NOCaeOHUM ellle 0 TOro, KakK OH ncue3 (Ha mapeske ocmanocs nocnedHee
56710K0), a npednocsieOHUM OOBEKT OKa3bIBA€TCS TOJIBKO IOCJIE CBOEr0 MCYE3HOBE-
HUs (U3 ABYX A6JIOK, JIeXKallX Ha TapeaKe, HU OZHO HE ABJSETCS NPeonociedHUM).

2.2.2. luHaMU4eCcKHUe M0CIel0BaTeIbHOCTH C MMOABIAIOIMMMUCS 06'beKTaMHU

DTOT KJacc NpeJCTaBlIeH PeryaipHO NOABIAIIINMUCA HHPOPMAIIOHHBIMU
00BbEKTAMU; CP. — BbLILYCKU 2a3eM, MY3blKaIbHble AIbOOMbL, PUNLMBL, KHU2UL, 8ePCULL
npoepamm ¥ np. IHBapuaHT 3HaUYEHUS nocie0He20 MOAUGUIINPYeTC B 9TON HHTep-
MpeTaluy Kak: ‘Ha MOMEHT PedYH IocJe JaHHOT0 00'beKTa APYrUx MoJ0OHBIX 00b-
€KTOB He ObLIO.

OtzenbHasA pasHOBUAHOCTh KOHTEKCTOB BHYTPU 9TON MHTEPIIpETALU — 3TO
[I0CJIeJOBAaTENbHOCTU CO CMEHAIMUMH APYT Apyra obbeKTaMHU, IZe II0c/ieZoBa-
TeJBHOCTh 00pa3yeTcs pasHbIMHU BapUaHTAMU 00beKTa, IpUueM KaKAbIH ITocIey-
IOIUH OTMeHAET OCTANbHBIE; CP. NocaedHee 3dseldHile — TaKoW BapUaHT 3aBellia-
HUS, [I0CJIe KOTOPOT'o Ha MOMEHT pedy HOBBle H3MeHeHHU s He BHOCUINCH U KOTOPBIH
ABJIAETCA HAa MOMEHT pedd aKTyaabHBIM. Cp. TakiKe nocsedHuil apuanm cmamou,
nocJiedHee peueHue NpasumMensbcmed, nocaeoHss pedakyus kHueu. CHHOHUMOM no-
cle0He20 B 3TOM 3HAYEHUU ABJAETCA AKMYAJIbHbLI, aHTOHUMaMU — npedsldywul,
npeonocyiedHull, npedulecmeyrowuil, aHIIUACKUN KOppeasaT — latest.

Ecsii M3BeCTHO, 4YTO HOBBIE BApPHAHTH 00'bEKTA 10 TOM MJIX MHOM NIPUYKHE 0~
ABIATHCA He OYAYT, AMHAMHUYECKas IO0C/Ie0BaTeIbHOCTh IIPEBPAIAaeTCs B CTaTHYe-
CKYI0: Imo moe nociedHee peuleHue [He Ha JAHHEI MOMEHT, a BOOOIIle — OHO 60JIbIIe
He 6yJeT MeHATbhCsA]. B 3T0l MHTEpIIpeTallii CHHOHUM NOCle0He20 — OKOHUAMelb-
Hblll, aHIVINUCKUN KoppenaT — final. K aToMy ke Tuny ynorpebieHUH oTHOCATCA
COYeTaHUs NOCNeOHASA UCMUHA, NOCJIeOHS NPSAMOMA, NOCNe0HAS npagoma.

Beibop MHTepIpeTaluu OMpeAesseTcss MparMaTukoit; cp. A el nucaa, umo
He 0CMasJiio eey 0omuyd, U OHA 3HAemn, Ymo 3Mmo Moe nociedHee ‘OKOHYATeIbHOE peule-
nue (A. K. lllennep-Muxaiinos) vs. Takum 06pasom, nociedHee ‘aKkTyaabHOE Ha JaH-
HBI MOMeHT’ peuleHue bazdada cHuicaem geposimHocms moeo, umo OIIEK Ha amoil
Hedesie npumem peueHite 06 yseauueHuu keom Ha 006ty Hepmu («duHaHCcOBasA Poc-
cus», 2002.09.19).

BasleHTHOCTb MTOCJI€ZIOBATENHHOCTHU B 3TOM 3HaYEHU U OOBITHO He BhIpaYKaeTcs,
3a UCKJII0YeHUEM BBIIETUTENbHON KOHCTPYKITUU C TPEAJIOTOM U3: NOCAeOHUL U3 8bl-
nyckoe «Tpouykozo sapuaHma». Kpome TOTO, BO3HUKAET BaJE€HTHOCTbH MOMEHTa
BpEMEeHH, KOTOpasl 4YacTO He BBIpakaeTcs SKCILUIUIUTHO; CP. NOCIeOHAs (Ha mom
MoMmeHm) KHuea Yauyxoil. B 1eiKTUYeCcKOM peXXUMe, eCJIM 3Ta BaJIEHTHOCTH He BhI-
pakeHa, BBICKa3bIBaHUE NHTEPIPETUPYETCSI OTHOCUTETPHO MOMEHTA PEYH.
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CoBO npednocnedHull ynmoTpebasieTcss B AUHAMUYECKOW UHTEPIIPETALIUN ‘K-
TyaJbHBIN, HO HE B CTATUYECKOU ‘OKOHYATEIbHBIN; cp. Ha e€ gonpoc: «Bedb M0é no-
csiedHee 3agelanue delicmeumesibHo, a npednocaedHee Hem?» — eé HOMapuyc omae-
uan: «Banenmuna MuxaiinosHa, 8 gautem cayude s 6bL cMagun Ha 0OKYMEHMAx uac»
(C. CiuBakoBa), HO HeJb3s: *Omo Moe npednociedHee peuleHue, 5 xowy 3Hams npeo-
NOCeOHI0I0 UCTUHY.

2.2.3. /luHaMHUYecKUe M0CIef0BaTeIbHOCTH C COOBITUAMYU M MEPONIPUATUIMHU

TUnuYHbIE TOC/IEA0BATENPHOCTH B 3TOM Kpyre yIOTpebiIeHn —peryisipHble
COOBITHUS ¥ MEPOTIPUATHSA: NociedHee 3eMaempsiceHue, NocaedHULl ceMUHap, nocied-
Huil pa3zo80op, nociedHss ecmpeud, nociedHull mamu (06 3TOM KpyTe yIoTpebieHu i
cM. [Cimpuzonosa 2002: 172]). [lns aToro Kpyra ynorpebjaeHuil BaykHa IIOBTOpsie-
MOCTb U OJKU/JAEMOCTh COOBITHUI; CP. ECTECTBEHHbIE COUETAHUS Nocae0Hee HaB0OHe-
Hue/ MopHado/ 3emyempsiceHue/CONHeUHOe 3ammeHue, NOCaeOHUll cHe2onad/00xcob
(0 IOTOIHBIX IBJIEHUAX, KOTOPBIE IIPE/ICKA3bIBAIOT METEOCTYKOBI), HO CTPAaHHO *’no-
cnedHull uHell, *’nocaedHsas poca.

Kak oTmeuasiocs BblIlle, BCe HOZOGHBIE COYETAHUSI MOTYT MHTEPIIPETUPOBATHCS
CTaTUYECKU — ‘TaKOe COOBITHE UM MEPOIIPUSATHE, KOTOPOE OOJIbIIE HE IOBTOPUTCS
B PaMKax 3a/JaHHOr0 OTpe3Ka BpeMeHH Wiu HuKorga' (Oma ecmpeud oka3andcs no-
caeOweir). YTo KacaeTcss JUHAMUYECKUX MHTEPIIPETALNii, TO 31eCh BO3MOXKHEIL /iBa
BapHaHTa.

PaccmoTpum ¢pasy Ha Hawem nociedHem ceMuHape mvl 06Cync0aniu Makcumbl
Ipatica. 3Ty dppasy MOKHO cKa3aTh KaK BO BpEMs IPOUCXO/ALIETO B JaHHBII MOMEHT
ceMUHapa, U TorZia nocsiedHull 6yeT 3HaUUTh ‘TIPeAbIAYIINN U OyJeT ABIATHC CHU-
HOHUMOM npeonocjiedHezo, npedbl0yuje20 U aHTOHUMOM HblHeUlHe20, ce200HAUHEe20
(MHBapHAHT 3HAYEHU NociedHez0 MOAUGUIUPYETCS B 3TOM MHTEPIPeTalNy KaK:
‘IocJie TOro COOBITHSA U 10 COOBITHS ceitdac He OBLIO APYTOro MoA06HOT0 COOBITHS).
OzHako OHa MOXKET OBITh CKa3aHa U /[0 TOro, KaK CJeAyIOUIHi ceMUHAp COCTOUTCS,
Hanpumep, 1o TejgedoHy UIHU B MUCbMe, TOTZA 3TO ‘TAKOe COOBITHE, IIOC/IE KOTOPOrO
Ha MOMEHT PevH elile He OBLIO IPYTOro TaKOro COOBITHS .

OTZenbHO B paMKax JaHHOTO yIoTpebieHUs HHTEPECHO PacCMOTPETh codeTa-
Hye (8) nocnedHutl pa3 [0 HEKOTOPBIX PA3NUYUAX IPEAJIOKHBIX U OeCIpeIoKHbIX
CHHTaKcH4YeCcKuX $paseM CO CJIOBOM pa3 U MpuJiaraTeiabHbIM cM. Vomzanz 2016].
XoTs BOOOIIIE PYCCKUIT A3bIK JIEKCUYECKU He pa3indyaeT 3HaUYeHHUA ‘Ha JaHHBIA MO-
MEHT CUTYyalus OoJbllle He MOBTOPsJIACH U ‘CUTyalus OOJIbIlle HUKOI/|a He ITOBTO-
pUTCs, HA OTZAENTBbHBIX COYETaHUIX Ta WM MHAsS UHTEPIPETAIUA MOXKeT ObITh JIeK-
cHKaau3oBaHa. [[pMepoM TaKo IeKCUKaIN3aIUU ABIAIOTCA COUETaHUA NOCAeOHU
pas u 8 nocieOHUll pa3: IepBoe 0OBIYHO 3alaeT NHTEPIIPETALINIO ‘Ha JAHHBIH MOMEHT
CHUTYyaIus 6oJiblle He TOBTOPSIACK, BTOPOE — ‘CUTYyalus 60JIbllle HUKOI/Ia He IOBTO-
putcs’ (3TO He TPaBUIIO, HOCKOJIBKY /151 KaXK0T'0 COYETAHUSA BO3SMOXKHBI IPOTHBOIIO-
JIO)KHbIe UHTepIpeTalyy, a TeHAeHINA). B cury aToro pasnuyus nociedHuil pas Ta-
roTeeT K yIIoTPeOJIeHUIO B TEME, a 8 nocedHull pa3 — B peMe: [TocnedHull pas mul 8u-
0eslUCh 8 NPOULILYI0 NAMHULY VS. B npowwnyto namuuyy mut udenucs 8 nociedHull pas.
C oTpuijaHueM Jj151 060X BapHaHTOB BO3MOXXHA TOJBKO MHTEPIIPETAIIUSA ‘CUTYAIUS
60JblIle HUKOT/IA He TIOBTOPUTCs: He nocaiednuil pas/He 8 nocaedHuil pas suoumcsi.
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BajleHTHOCTh II0C/IE/[OBATEIHHOCTH B 3TOM 3HAYeHUU OOGBIYHO He BBIpaKa-
€TCs1, BO3MOXKHA BBIIEIUTENbHAs KOHCTPYKIMSA: nocaeOHull usz mamueti ce3ona. Kak
y BCEX AMHAMHYECKUX II0C/Ie/[0BATEIbHOCTEH, eCTh GpaKyIbTaTUBHAS BaJT€HTHOCTD
MoMeHTa BpeMeHHU. Eciiv OHa He BbIpakeHa, TO BEICKA3bIBAHUE HHTEPIIPETUPYETCS
OTHOCHUTEJNbHO MOMEHTa pevu. [IpednocaedHull ynoTpebsieTcs B OZOOHBIX KOHTEK-
crax: [IpednocniedHuil mamu OHU nNpouzpau.

2.2.4. luHaMUUYeCcKUe 0CcJIeJ0BaTeILHOCTU C OTpe3KaMU BpeMeHU

EfBa i1 He caMBIMH XapaKTEPHBIMU JJI5 TPUJIATaTeTbHOTO NOC1e0HUTl OKa3bI-
BaIOTCS COUeTaHUsA ¢ 0003HAYEHUAMU OTPE3KOB BpEMEHU. B COOTBETCTBUU C MOJ-
pasgeneHueM, onucaHHbBIM B crartbe [[lIMeneB 2011]%, pa3rpaHUYMBAIOTCS TPU
KJlacca 0603HaUYEHUN OTPE3KOB BPEMEHH, KOTOPBIE YCJIOBHO HA3BAHBI «IJIUTEIb-
HOCTAMMN», «(1)I/IKCI/IpOBaHHbIMI/I IepUoZaMu» U «IUKJIAMU». «IJIUTEIBHOCTU» JAIOT
OTPe3Ky BpeMeHHU YUCTO KOJUYEeCTBEHHYIO XapaKTePUCTUKY: OHU XapaKTepU3yioT
€ro JIUIIb C TOYKU 3PEHUS €ro MPOAOIKUTENBHOCTH, 6E30THOCUTEIBHO K €0 I0-
JIOXKeHUIO Ha BpeMeHHoM ocu. K HUM oTHOCATCA TaKUe coBa, Kak muHyma 1, uac 1,
Oendb 1, cymku 1, Hedens 1, mecay 1, 200 1. «PuUKCUpPOBaHHBIE IEPUOBI» XapaKTepH-
3yIOT OTPe3KU BpeMeHU C TOYKU 3PEHU UX [TOJI0KeHU I Ha BpeMeHHOH 0CH, 9TO Ta-
KUe CJIOBA, KaK noHedesbHUK, 15 cenmabps, pespanb, 3uma, ympo, deHs 2. BOJIbIINH-
CTBO «PUKCUPOBAHHBIX MEPUOJOB» ITUKJIUIYECKU TTOBTOPSETCS, T. €. IIPEACTABIISIOT
c00010 YacTH «I[UKJIOB». K «ITUKJIaM» OTHOCATCA OeHb 3 (IIPOAOIKAFOIUICS OT I0-
JIVHOYU ZI0 TIOJIYHOUU), Mecsay 2, anamuiica ¢ 1ro no 28e, 29e, 30e uau 31e yucio,
Hedesisl 2, COCTOSAIIIAA U3 NOHedeNbHUKA, BMOPHUKA U T.J., 200 2, HAYUHAOIUICA
1 auBaps v 3aKkaHuyuBawuiicsa 31 gekabps. [J1aBHass 0COOEHHOCTD «ITUKJIa» 3aKJII0-
YaeTcsA B TOM, YTO, KaK TOJIbKO ITUKJI 3aKaHUYMBAETCSA, HAUMHAETCS HOBBIU IIUKJI.

O6paTuM BHHMaHHeE Ha TO, YTO BO MHOTHUX CIy4Yasx 0003HAYeHUS «/JIUTEIb-
HOCTeW» U 0603HAaYeHHU S «IIUKJIOB» BHEILTHE COBIAAAIOT. DTO CJIeyeT UMETh B BULY
pu 06CYKEHUU UHTEPIIPETALIMY TAKUX COYETAHUMN, KaK N0oc1edHUll 200, NOCNeOH UL
MecAU, NOCeOHAS HeOesl.

3aberas Brepes, 3aMETHUM, YTO MHOTHe 0003HaUYeHUs OTPE3KOB BPeMEHU 00-
JlaZlaloT NAUOCUHKPATHUYeCKUMU CBOMCTBaMU B OTHOILIIEHUY NHTepIIpeTaliy UX Co-
YeTaHUU CO CJIOBOM NociedHull. B 4acTHOCTH, B COYETAHUU CO MHOTMMHU CYLIECTBU-
TEeJbHBIMU IpUJIATaTeNbHOE NOCAeOHUL TONyYaeT Pa3TUYHYI HHTEPIpPETAINIO
B 3aBUCUMOCTH OT TOT'O, YIIOTPeOIeHO JIU CyIeCTBUTENbHOE B pOpMe eJMHCTBEH-
HOT'0 WJIM MHOXXeCTBEeHHOro yucia.OnuiieM HeKOTopble IIpaBuja NHTepIpeTaluu
COYeTaHUU IPUIAraTeJIbHOTO Nocae0HUll ¢ 0003HAYeHUAMU BPEMEHHBIX OTPE3KOB.

Jljist Bcex coYeTaHUM, BKIIOYAIOIIUX 0003HAYEHUE «/TUTETHHOCTH», BO3MOXKHA
UHTepIlpeTalysa ‘TIOCAeHAA YacTh LIeJI0ro’, T.e. OTPe30K yKa3aHHOU JAIUTEIbHO-
CTH, HENOCPE/CTBEHHO IPE/IIECTBYIONUA OKOHYAHHUIO 3TOTO ILIEJIOro: NoCaedHUll

4 B ykasaHHOI craTbhe JaHHasA KiaccudUKaIUs UCIOIb30BaNaCh /I OMMCAHUSA COUeTae-
MocCTH 0603HaUYEHUH OTPE3KOB BPEMEHHU C OIlepaTOpaMH, OTCHUIAIOMIMMU K OyAyLIEMY, T.
e. ¢ mpuaaraTeJbHeIMU 6yOywull, credytowull, 6auncatiwuil, npedcmoswuti. OfHaKo ode-
BU/THO, YTO OHA MMeET 3HaYUTENbHO OoJiee 001Nt XapaKTep U peieBaHTHA JJIsl OMUCAHUS
SI3bIKOBOTO TIOBE/IEHU S PACCMATPUBAEMBIX Pa3HBIX €JTUHUL], COUETAIOI[UXCS ¢ 0003HAYEHU-
SIMU OTPE3KOB BPEMEHU.
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200 MHOPEMHO20 3aKIHOUEHUS, NOCAEOHAS Hedeasl bepeMeHHOCMU, NoceOHUe MUHY MbL
Mmamua. IIpy 5TOM OKOHYAHUE LIeJIOT0 K MOMEHTY Pedd MOXKeT ObITh KaK COCTOSIB-
LIMMCS, TaK U 3aIUIAHUPOBAHHBIM. Pa3HOBUIHOCTHIO JAaHHON MHTEPIIPeTAlNH ABJISA-
eTcs MOHMMAaHUe PUIaraTeJbHOTO KaK ‘MOCHeJHUIH B :KU3HU : nocie0Hull 200 To-
cmoezo. JaHHas pa3HOBUAHOCTE B HOpMe BO3MOXKHA TOJIBKO [TOCJIE CMEPTH TOT'0, O KOM
WUJIET Peyb; TEM CaMbIM XapaKTEPUCTUKA nocnedHull paetcs post factum®. Croza xe
[IPUMBIKAeT HHTEPIIpeTalN ‘HelloCpeCTBEHHO IIpeIIeCTBY IO U KAaKOMY-TH60
COOBITHIO™: NoCaedHULl neped amuzpayuell 200, nociedHUll deHb neped 0omMse300M, No-
cle0Hss. MUHyma neped paccmasaHuem, KOoria B $HOKyce BHUMAHUSA OKAa3bIBAETCS
He TIepHOoZ, YaCThI0O KOTOPOI'O ABJIAETCA PACCMaTPUBAEMEIN OTPE3OK, a COOBITHE (KaK
MpaBUJIO, HAYMHAIOIIee HEKOTOPHIN HOBBIN 1epuo). OcoObI cayJail mpeacTaBiseT
cobo10 JeliKThyeckas WHTepIpeTanys, KOrka NMeeTcs B BUAY OTPe30K, Hellocpe/-
CTBEHHO Ipe/IleCTBYIONINHY MOMEHTY pedy WU UHOH JeKTUYeCcKol TOUKe oTcueTa:
ITocnednuil mecsiy s nuioxo cebs wyscmayto (mpuMepHo 30 JHeH epes MOMEHTOM pedH).

7151 «UKCHPOBAaHHBIX IEPUOJOB» CYIIECTBYIOT CXOAHBIE MHTEPIIPETAl[UN: ‘JacTh
LIeJIOT0, IT0CJIe KOTOPOH B IIpe/iesiaX 3TOT'O [[eJIoro He ObLJI0 aHATIOTUYHOT'0 GUKCUPOBAaH-
Horo nepuoga’ (nocedHuil uemeepe siHeaps); ‘mocnepnuii B xxusnu’ (Ta Ilacxa oxasa-
J1ack nocnedHell 8 wcu3Hu Pomanossix)®; ‘mocieAHUN iepe; KaKUM-1160 cobsiTreM’ (no-
cedHas cybboma neped 8blbopamit); feNKTUYeCKast MHTeprpeTanus (Bom 8 nocieOHee
80CKpeceHbe yK1a0bl8ato ee, d OHA npocum nocudems ¢ Hell ewje... [Muxawnn [InmkuH]).

Jl1s IUKJIOB COYETAaHUSA CO CJIOBOM NOCie0HUll He OYeHb XapaKTepHbIL. DTO CBS-
3aHO C TeM, YTO 0003HAYEHNU [[UKJIOB BHEIIHE COBIAZAIOT C 0003HAUYEHUAMH JJTH-
TEJIbHOCTEH ¥ B COYETAHUU CO CJIOBOM NOCIeOHULl OOBITHO UHTEPIIPETUPYIOTCS KaK
JIUTENBHOCTU. JI71 yKa3aHUsA Ha [UKJ IPeJIoYTUTeNIbHBIMU OKa3bIBAIOTCSA cove-
TaHUSA CO CJIOBOM NpOWLbLil (€C/IU UK yKe 3aBePIIIICA) WU npowledwuil, ucmex-
wuii (0oHY BO3MOKHBI ¥ B PAMKaX He3aBEPIIEHHOTO ITUKJIA).

Jlekcukanu3sanus GpopM YKciIa pa3audaeTcs A Pa3HbIX BpeEMEHHBIX OTPE3KOB.
Tak, Ay cIoBa OeHb JeHKTHYecKas NHTepIpeTalysa OKa3bIBAeTCA BEPOATHON JJIsd
dbopmbl MHOXKecTBeHHOTO yncia ([TocnedHue OHU S nJoXo cebsi uyscmeyio), HO Ma-
JIOBEPOATHOM /yiA GopMbl emHCTBeHHOTO yncia (PITocnedHutl deHb s naoxo cebs
yygcmeyto)’, a sl CJIOBa 4ac /IeJIo 0OCTOUT MPOTUBOIOJIOKHBIM o6pa3zoM (ITocsied-
HUTl uac s cuicy u cky4aro, Ho eABa iu “’IIociedHUe Uachl sL CUNCY U CKYUar0).

°  Brpouem, 3TO OIpeZieNAeTCss BHETMHIBUCTUIECKUMU COOOPaKeHUAMU: CMEPTh PEZIKO IIJIAHU-
pyetcs 3apaHee. OHAKO MO)KHO HAaHTH KOHTEKCTHI, B KOTOPBIX UHTEPIIPEeTAINA OKOHYAHUS
JKM3HU KaK 3aIlJIAaHMPOBAHHOT'O COOBITHS OKA3bIBAETCS BIIOJHE BO3MOXKHOM WJIH ZjaXke TIpeji-
noutuTeNbHOM. [Ipenokenue JIyusa Tanbom pewuia npogecmu nocieOHUL OeHb c8oell HCUHLL,
cuds 8 meHu 601bULO20 cuKOMOpa y 3abopuuka neped ee 0omom (BOJIBHBIN IEPEBOZ HAYaIbHOTO
TIpe/IIOKEHU IeTEKTUBHOI'O pOMaHa, INTHPOBAHHOIO B cTaThe [[ImeneB 1997: 472] mis -
JrocTpanuy nporusonocrapieHus de dicto vs. de re Ipu nepezave 4yXKUX MHEHUI WIN BBI-
CKa3bIBaHUI) HABOJUT Ha MBICJIb O 3aIIJTAHMPOBAaHHOM CMepTH. JIUIIb ITPOOIKEHNE, COO0IIa-
1o1ee, uTo JIyr3a He 3HaJIa, 9YTO € IIPe/ICTOUT YMepeTb, CHUMAET 3TO IIPeZIIOI0KeHNeE.

6 Drta Pa3sHOBUAHOCTD /I KaJI€EHAAPHBIX IEPHUOJ0B HE XapaKTEepHa.

7 DTO CBSI3aHO C TEM, YTO AJId CMBICJIA ‘AeHb HaKaHyHE MOMEHTa pe‘m’ HUCIIOJIB3YETCA CJIIOBO
suepa. TouHo Tak ke u CMBICII, COOTBeTCTByIOHlI/Iﬁ aHI‘]II/IIjICKOMy last evening HUCIIOJIBb3YyETCA
BBIpaX€HHUE suepa eeuepom.
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YMecTHO YyIOMAHYTb TaKXe CJIOBO 8pems. B eUHCTBEHHOM YHCJE JJI HEro
60Jee Bcero xapakTepHa AeHKTH4ecKas HHTEpIpeTalusa ‘HeolpeZieJleHHOe BpeMs,
HeNoCpe/ICTBEHHO Ipe/IIecTBYIollee MOMEHTY PeYl UIU UHOHM Touke oTcueTa’ (I1o-
cledHee 8peMsi 5L J10XO0 cebsi Ly8cmayio), a BO MHOKeCTBEHHOM YK CJIe CJIOBO OOBITHO
TIOHUMaeTcs KaK ‘BpeMs, HElOoCpeCTBEHHO IIpe/liecTByomlee KoHLy cBeta’ (Ha-
CcmaJu nocsiedHuUe 8peMeHa).

CyioBO npednocniedHuil B pacCMaTpUBaeMbIX KOHTEKCTaX UCIIOIb3YeTCsS BeECbMa
OrpaHUYEHHO; B YaCTHOCTH, /IS HETO He XapaKTepHO JeHKTUIecKoe yIIoTpebieHue.

3. OueHouHbIe yroTpebieHus nociedHezo. CoueTaeMOCTHbIE
0COO0EHHOCTH, CEMaHTHYeCKass MOTHBAaLUSA

CyImecTByeT yCcTOMYMBAsA KyJbTypHass KOHBEHLUA YIODPAZOYMBAHUA OOBEK-
TOB OT «BaXHBIX» K «HEBAXXHBIM» U OT «JIYUIINX» K «XYyAIIAM». C 3TO¥ KOHBeHUIMeH
CBfI3aHBI BO3HUKAIOIME V BBICKA3bIBAHUM CO CJIOBOM NocedHuUll TparMaTuiecKue
UMILUTUKATYPHI ‘TIIIOXON U ‘HeBaXKHBIN. KOHBeHIIMOHAMU3AUA STUX UMILIUKATYP
MPUBOJUT K IOSIBJIEHUIO y CJIOBA NocjedHull 3HaYEeHUH ‘caMblii HE3HAYUTETbHbIN’
U ‘O4eHb IIJIOXOH .

[TepBO€e WJIIIOCTPHUPYETCA COUETAHUAMHU He U3 NOCAeOHUX YOaIbl08, He Nocied-
Huil cneyuanucm e ceoetl obiacmu. OHO XapaKTepU3yeTCs OTPULIaTeIbHON MOIApU3a-
LIMel, TaK KaK pean3yeTcs TOIbKO B COUeTAHUY C YaCTHIIeH He 1 yallle Bcero c 0603Ha-
YeHUAMHU JIUL, 00JIa[al0IHX II0JI0KUTEIbHBIMY CBOMCTBAMY MU KOMIIETEHITUAMU.

Bropoe 3HaueHUe WUTIOCTPUPYETCSA COUETaHUAMU nociedHee 0eJi0, py2amscs no-
CACOHUMU C108AMU, NOCNEOHULL He2005ll, NOCAeOHAST CB80N0Ub, nocedHUll dypak. TIpu
COYETaHUH C HEUTpaJIbHBIMU CJI0BaMU (0es10, €108d) NOCNeOHUL B 9TOM 3HAUEHUH 3a-
JlaeT OTPULIATEIbHYIO OLIEHKY /IS BCErO COYeTaHUA; IPU COUYETAHUH CO CIOBAMH, YKe
BKJTIOUYAIOIIMMU OTPULIATENBHYIO OLIEHKY (He200il, c80.10ub, dypak), OHA yCUITUBAETCA.

B cnepytomem npuMepe u3 «[ [paBoii kucTH» AnekcaHzipa CoKeHUIBIHA MBI IMeeM
zeno ¢ 1uddysHbIM yrnoTpebieHreM, KOrja TPYAHO OZHO3HAYHO ONIpesiesIUTh, KaKoe
13 IByX 3HaUeHUH nMeeTCs B BUAY: [I0C1e0H A U3 IMUX HCEHWUH He Delil1dch 6bL npoti-
mucs co MHO10 psitdom! CII0BO npednocie0HuUTl He MeeT aHAJIOTMYHEIX 3HAYeHUH.
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Although there exist comprehensive morphologically annotated corpora for
many morphologically rich languages, there have been no such corpora for any
polysynthetic language so far. Developing a corpus of a polysynthetic language
poses a range of theoretical and practical challenges for corpus linguistics.
Some of these challenges have been partly addressed when developing corpora
for languages with extensive morphological inventories and numerous produc-
tive derivation models such as Turkic or Uralic, while others are unique for this
kind of languages. As we are currently working on a corpus of the polysynthetic
West Circassian language, we had to identify these challenges and propose the-
oretical and practical solutions. These include the tokenization problem, which
involves delimiting morphology from syntax, the problem with lemmatization
and part-of-speech tagging, and a number of glossing and search issues. The
solutions proposed in the paper are partly implemented and will be available for
public testing when the preliminary version of the corpus is released.

Keywords: polysynthesis, Adyghe, West Circassian, language corpora,
morphology
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KOTOPbIN Obl y4UTbIBaN HEOOXOANMYIO MOpdOIornieckyto nidpopmaumio. Pas-
paboTka kopryca 415 Takux S3bIKOB CTaBUT Nepen, KOPryCHbIM IMHFBUCTOM
psif HETPUBMANbHBIX TEOPETUHECKUX U MpakTUYeckmx 3apad. HekoTopble
N3 HUX B MEHbLLIEM 06bEME BCTPEYaANNCh M YaCTUYHO PeLLannch paHee npu
CO34aH1N KOPMYCOB A3bIKOB C 6OMbLLNMN MOPGDONOrMYECKUMIN CUCTEMAMI
1 06UIMemM NPOAYKTUBHBIX AePUBALIMOHHBLIX MOAENel, Hanpumep, TIOPKCKMUX
MM ypanbckux s3blkoB. OgHako MHOrMe 13 aTnx Npobnem yHuKasbHbl Ans
NMOJIMCUHTETUYECKNX A3bIKOB. B Xxoae paboTbl Haf co3faHnem kopryca no-
JINCYHTETUYECKOTO aAbireCKoro si3bika Mbl 0OPMCOBLIBAEM 3TW NPOOGNEMbI
1 npeanaraem psif, TEOPETUHECKMX 1 MPaKTUYeCKMX pelleHnin. OnmceliBaemMble
npo6aembl BKJIOHAIOT B ce6s1 TOKEHN3aUMIO (CBA3aHHYIO C HEYETKOM rpaHuLLen
MeXy CUHTaKCUCOM 1 MOdONormnen), nemmaTmaumio n Mopdonornieckyto
pa3meTKy, a TakXe psifi BOMPOCOB, CBSI3aHHbIX C MMI0CCUPOBAHMEM U MOUCKOM
B Kopnyce. Mpeanaraemble peLleHnss YaCTUYHO peanv3oBaHbl 1 OyayT [o-
CTYMHbI AN TECTUPOBAHUS B MUIIOTHOW BEPCUM KOpryca.

KniouyeBble cnoBa: noMCUHTETU3M, aablreNCKMA A3blK, A3bIKOBbIE KOP-
nyca, mopdonorusa

1. Introduction

The main feature that distinguishes a corpus of language from a mere collec-
tion of texts is its annotation. While it is possible to add various levels of annotation
to a corpus, including syntactic parsing, semantic labeling, anaphora resolution, etc.,
what is absolutely necessary for morphologically rich languages is morphological an-
notation. Traditionally, this kind of annotation is split into lemmatization and tag-
ging. Lemmatization means annotating words with their lemmata (dictionary forms).
The term tagging generally means annotating words with grammatical tags, such
as “noun” or “genitive case”. While tagsets of moderately morphologically complex
languages often only include part-of-speech tags, tagsets for more complex ones usu-
ally cover all morphological categories. The annotation is normally searchable with
the help of an online or offline search interface.

Since corpora of written languages are normally too large for manual annotation
to be feasible, their compilation includes developing an automatic tool for morpho-
logical annotation. Naturally, the more complex the morphology, the more difficult
it is to develop such a tool. However, that when the complexity reaches certain point,
we come face to face with completely new challenges beyond the increase in size
of the formalized description of the morphology. It turns out that the very concepts
of lemmatization and tagging have to be redefined to embrace the complexity of the
morphological system. While these problems appeared to a certain degree and were
partially addressed in corpora of such languages as Turkish, Tatar or Udmurt, they
primarily manifest themselves in polysynthetic languages. In this paper, we outline
these challenges, using the data from West Circassian (also known as Adyghe), a poly-
synthetic language belonging to the Circassian branch of the Northwest Caucasian
(Abkhaz-Adyghe) family. To the best of our knowledge, no publicly available morpho-
logically annotated corpora of polysynthetic languages have been developed to date,
which makes our corpus unique.
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Polysynthetic languages can be informally described as languages that may con-
vey morphologically much of the information that in standard synthetic languages
like Russian is conveyed by syntax. Consider the following West Circassian example:

(1) ...molesyncdblMU  BLUYIXIP KBblPbLlyUBINCHL2BIX
tos“aZo-m-jo 9-ce-xe-r go-fa-7"-jo-Be-psa-Be-x
wolf-OBL-ADD 3SG.PR-tooth-PL-ABS DIR-BEN-LOC-3SG.ERG-CAUS-shine-PST-PL
‘and the wolf made its teeth shine for him’

The verb in (1) simultaneously contains not only the causative and cross-refer-
ence affixes but also a locative preverb and the benefactive applicative, which here
introduces the null cross-reference affix of the beneficiary.

Not surprisingly, such languages differ from Standard Average European in many
respects. For example, much of their morphology is highly productive and shows syn-
tactic properties (e.g., recursion, semantically based variation in order, etc.); cf. de Re-
use (2009) who coined the term “productive non-inflectional concatenation” (PNC)
for this kind of morphology. In addition, polysynthetic morphology sometimes is not
at all selective and can attach to stems belonging to various lexical classes. For ex-
ample, in West Circassian, tense markers appear not only on verbs, but also on adjec-
tives, nouns and even postpositions. These properties of morphology pose multiple
problems for tagging polysynthetic texts, as will be shown below.

2. West Circassian corpus

Developing West Circassian corpus is an ongoing project that started in 2015.
As West Circassian is a written language with standard orthography based on the Cyril-
lic alphabet, the corpus will mostly consist of written texts, however, a certain number
of manually annotated spoken texts collected during fieldwork will also be added. The
corpus is being built in line with the general principles of medium-scale corpus design
developed within the framework of Russian Academy of Sciences Corpus Program which
was in effect in 2011-2014%. The workflow adapted in this program includes collecting
written texts in standard orthography, developing an automated morphological analysis
tool, annotating the texts with it and placing the corpus in the search engine with pub-
licly available search interface. Morphological tagging in this framework is usually rule-
based, being carried out with the help of a formalized description of the inflection and
productive derivation of a language together with a grammatical dictionary containing
the description of its lexis. The search engine which was used for most of these corpora
and which we are going to use in the West Circassian corpus, was originally developed
for the Eastern Armenian National Corpus and by default allows search by wordform,
lemma or stem, translation, a combination of grammatical tags, as well as complex
search involving a combination of the aforementioned properties (see Arkhangelskiy

2 Most middle-scale corpora developed within the framework of this program are available
at http://web-corpora.net.
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et al. 2012). However, the search capabilities which were sufficient for non-polysynthetic
languages, proved to be insufficient for the West Circassian data, and have to be en-
hanced. We replaced the “bag of tags” principle, according to which the morphological
tagger assigns each token grammatical tags without specifying relative order of tags
within the set, with a mechanism that allows specifying relative position of morphemes
in a search query. This enhancement is discussed in detail in section 3.4.

Currently, we are testing the solutions proposed below with a pilot version
of grammatical dictionary. A publicly available preliminary version of the corpus
is expected to be released in 2016.

3. Problems and solutions

For any West Circassian token, the following types of morphological and lexical
annotation are included in our corpus:

(i) lemmatization,

(ii) part-of-speech attribution,

(iii) the presence of productive morphemes,

(iv) the order of productive morphemes.

Here productive morphemes comprise both inflection and PNC but not non-regu-
lar derivation which should be covered by the lexicon. The discussion will cover these
topics in that order.

3.1. Tokenization: the subtle boundary between syntax and morphology

Tokenization, which is the first task in the text processing pipeline, already poses
a problem specific for West Circassian. There admittedly exist difficulties for tokeniza-
tion even in non-polysynthetic languages, e.g. annotation of multiword named enti-
ties (such as “New York”), contractions, hyphenated words or text-based emoticons,
as well as ways for dealing with these difficulties (cf. Grana et al. 2002, Bocharov et al.
2012). Most existing corpora assume for the sake of technical simplicity that a token
cannot contain a whitespace, thus disregarding named entities (or annotating them
at a separate level) and offering solutions for other problems within the limits of this
constraint. Indeed, splitting the text into pieces delimited by whitespaces before fur-
ther processing makes the tokenization step relatively fast and easy.

Although West Circassian normally does distinguish between syntactic relations
and relations between morphemes, there are certain problems in demarcating mor-
phology and syntax which lead to another kind of tokenization difficulties. Consider
the following Adyghe example (2):

(2) u0ncam3 wxwoHmIs 0axaxap
jo-3ene-Sy"ente-daxe-xe-r
POSS-dress-blue-beautiful-PL-ABS
‘her beautiful blue dresses’
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This example consists of three graphical tokens separated by whitespaces in stan-
dard orthography. Although it looks like an ordinary noun phrase, phonetic and mor-
phologic criteria (specifically the absence of e/a alternation in the nominal stem, see
Arkadiev, Testelets 2009) indicate that this nominal complex behaves as a single word-
form (see Lander, to appear (a) for details). The reason why this is so problematic for
corpus construction is the following. When attached to a nominal complex, prefixes and
suffixes normally go to the left and the right edges of the whole complex, respectively.
For instance, in the example (2) above, the plural marker modifies the whole complex
apparently headed by the noun ‘dress’. However, if only graphical tokens are taken into
account when performing morphological analysis, search queries like “dress in plural”
or “a combination of a possessive and a plural marker in one word” will miss this example.

The nominal complex problem has no simple solution. If we do not recur to machine
learning or other statistical methods which require a manually tagged golden standard
corpus, all rule-based methods will not provide accurate results, as most words do not
have alternations, and in most cases not having any prefixes or suffixes is perfectly normal
for a West Circassian word. Even if we can identify such complexes accurately enough,
annotating the whole complex as a single token has its drawbacks. For example, a simple
query like “the token daxexer” would not find this graphical token inside a complex. At the
current stage, we are not including nominal complexes recognition in our tokenization
module. However, in the process of morphological analysis we are tagging tokens with
no expected alternation, which can help in recognizing complexes in the future.

3.2. Lemmatization

The idea that a lemma can be attributed to every or almost every word is usually
taken for granted in contemporary corpus linguistics. While this statement undoubt-
edly holds for all major languages for which corpora have been created, the situa-
tion is much less clear for languages with productive derivational morphology. Turkic
or some of the Uralic languages provide “light” versions of such challenge which have
been addressed in corpora and in bilingual dictionaries. In these languages, multi-
ple derivational affixes, specifically, verbal markers such as causatives or iteratives,
or nominalizations, may attach to the stem. Although these affixes are very productive
and mostly semantically regular, in some cases they add to the meaning of the word
in a non-compositional way. One of the existing solutions to this problem is annotat-
ing roots instead of lemmata. Another option is providing two alternative variants
of tagging, which allows users to search for both derived and non-derived lemmata.
Although this leads to some morphological ambiguity, its scale is limited in these lan-
guages: for example, according to Khakimov et al. (2014), this kind of ambiguity ac-
counts for only 7.2% of all ambiguously tagged tokens in Tatar National Corpus.

In polysynthetic languages, however, this problem is much more pervasive and
profound. In West Circassian, there are plenty of PNC affixes which are so productive
that it is infeasible to include any new item derived with them into the lexicon. Never-
theless, the derived items often have non-compositional meanings, with the meanings
themselves being often far less predictable than in Turkic languages.
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Consider, for example, the applicative derivation, which adds an indirect object
to the subcategorization frame of a word (see Smeets 1984; Lander, to appear (b);
Lander & Letuchiy, to appear for details). West Circassian possesses a dozen of ap-
plicative affixes which may be added to roots and stems in a straightforward manner,
as in (3) where the benefactive complex translates in English as ‘for them’

3) agsmulbiiym
[a-fe]-t-50-8’t
3PL.IO-BEN-1PL.ERG-do-FUT
‘We will do this for them.

Since the applicative fe- is highly productive, its semantic contribution is purely
compositional here, and it can easily be omitted (resulting in the form t$as’t ‘we will
do this’), it makes no sense to lemmatize the form with this prefix.

The situation is different in (4), though.

4) Pambiutlvless
fe-moa-So-ve
BEN-NEG-do-PST
‘not prosperous’

In this negative form of the word fe-$a-se BEN-do-PST ‘prosperous’, only the nega-
tive prefix is used compositionally. The contribution of the benefactive applicative pre-
fix and the past tense suffix is, on the other hand, idiomatic, despite the fact that both
affixes are fully productive and are usually not likely to construct new lexemes. In lan-
guages like West Circassian, this kind of idiomatic lexicalization of morpheme combi-
nations is quite widespread. It is evident that this situation requires consistent treat-
ment that would go beyond the ambiguous analysis solution discussed above. Apart
from search-related concerns, treating such combinations as having multiple ambigu-
ous analyses with different stems or lemmata leads to difficulties during morphologi-
cal tagging, as in West Circassian combinations of the root and derivational affixes can
be split by inflectional morphemes. This would necessarily require adding disjointed
stems to the dictionary and dealing with non-concatenative morphology, which makes
morphological tagging a much more difficult task, although not completely impossible.

To address this problem, we use two different levels of annotation which are filled one
after the other. During the main stage of tagging, the tokens are split into morphemes and
glossed. Thus, every successfully analyzed token is assigned a lemma coinciding with its
root, the description of which is stored at the first level. Then, the annotated token is passed
to the second-level annotation module. This module loads a YAML file with rules that look
like “if a token has root X together with affixes X, Y and Z, it should be assigned secondary
lemma I”. After applying the rules to the first level of annotation, all possible lemmata are
written to the second level. For the word in the example (4), the first level will contain only
information about the primary lemma $an ‘do’. At the second level, it will be also associated
with the lemma feSose ‘prosperous’. The search interface, correspondingly, was adapted
to perform queries on both primary and secondary lemma at the same time.
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3.3. Parts-of-speech (POS) tagging

The same kind of problems we face in lemmatization leads to challenges for POS-
tagging as well. As with lemmatization, these challenges are present in Turkic and
Uralic languages, to a much lesser extent. Specifically, these languages often have
productive nominalization suffixes which can be used to derive a noun from virtu-
ally any verbal stem. Within the ambiguous analyses framework described above, the
problem can be solved by assigning different POS tags to different analyses: the analy-
sis that has the bare stem as its lemma will be assigned the tag “Verb”, and the one
where lemma includes the nominalization affix, the tag “Noun”. Another way of ad-
dressing this issue, offered, for example, by Sak et al. (2008) for Turkish, is treating
POS tags just like ordinary morpheme tags. In this approach, the stem and every POS-
changing morpheme is annotated with the corresponding POS tag and, consequently,
the analysis of one token can have more than one POS tag.

The situation is much more difficult in polysynthetic languages. Because of low
selectivity of many affixes, the word class distinction itself is a serious problem for
such languages®. In West Circassian, for example, tense affixes may attach to clearly
nominal stems. The question is, then, whether this tense marker derives a new verb
(see Lander and Testelets 2006 for some evidence) or it is simply not associated with
any specific POS. Since both decisions are not theoretically fully justified in this case,
we prefer to abstain from attempting to determine the POS tag of the word as a whole
and rather only specify the POS of its primary lemma.

Note that many wordforms with derivational affixes still are likely to be ana-
lyzed as belonging to one of the parts of speech, due to the presence of affixes that
may be considered as clearly defining the class of the derived item. Examples of such
affixes include the causative prefix and the agentive nominalization illustrated in (5):

(5) yaesawlywym keexloklaklo
w-a-ge-5%a-8't g-je-k"e-¢-akve
2PL.ABS-3PL.ERG-CAUS-good-FUT DIR-DAT-go-go.out-AG

‘they will humour you (lit. make you good)’ ‘vagrant’

Nevertheless, even in the presence of such morphemes it is not always possible to un-
ambiguously assign one of the POS tags to the token. For instance, when both the caus-
ative prefix and the nominalization suffix are present, it is not clear what applies the first
and what applies the second. For example, in (6a) the causative clearly applies to the nom-
inalization, but in (6b) the nominalization applies to the causative, as shown by brackets:

(6) a. 3wiucwvy2s3banakly!
z9-2"-ve-[ben-ak"]
RFL.ABS-2PL.ERG-CAUS-[fight-AG]
‘Make yourselves fighters!’

3 For different views on the issue see, for example, Baker 2004 and several papers in Rijkhoff

and van Lier (eds.) 2013. For Circassian see Lander and Testelets 2006.
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b. A 2wapaxvamaxlop capwi!
a [Be-sx]-ak%e-r se-ro
that [CAUS-console]-AG-ABS I-PRED
‘That consoler is me!’

In order to enable searching for tokens for which it is possible to define a single
POS tag, we suggest tagging affixes which clearly indicate the part of speech with ad-
ditional labels such as NOMINAL or VERBAL. Such tagging will allow searching for
e. g. all tokens which can be safely analyzed as nominal, by automatically transform-
ing the query into “find all tokens which have a stem or a derivational affix marked
as nominal and no derivational affixes marked as verbal”. At the same time, the deci-
sion will make it possible to look for any roots with any derivational suffixes, without
specifying the final, resulting POS attribution.

3.4. Glossing and search capabilities

In nearly all large automatically tagged corpora each token is annotated with
what is called ‘a bag of tags’, without specifying number of occurrences of each tag
or their relative order. This approach is fully justified for Standard Average European
languages, however it is hardly appropriate for West Circassian. One of the obstacles
is recursion, whereby one affix or group of affixes may be used more than once during
derivation (cf. Lander and Letuchiy 2010), as in example (7) below, which contains
two benefactive applicative prefixes. The first of them introduces the argument corre-
sponding to the phrase ‘for them’ in the English translation, and the second introduces
the recipient argument translated as ‘to him/her’:

(7) cagwigpamxa
s-a-fo-@-f-e-txe
1SG.ABS-3PL.IO-BEN-3SG.IO-BEN-DYN-write
‘Twrite to him/her for them’

Another obstacle is variable morpheme order. While in some cases order may
be irrelevant, in some others it affects the meaning because of the morpheme scope
hierarchies. Finally, it is often important whether two morphemes border each other:
e. g. when searching for a combination of an indirect object personal affix with an ap-
plicative, like in (7).

In order to address these problems, full glossing rather than a mere set of tags
is stored for each token in the database of the corpus engine. We use abstract glosses,
which are commonly used by typologists (see Lehmann 1982; Haspelmath 2002:
34-36) and present in the examples above. The query interface, still allowing for
the ‘bag-of-tag’-style queries, has been enhanced with a “glossing” search field which
works with a glossing query language. When designing such a language, we consid-
ered the tradeoff between expressive power of the query language and the speed,
as overly complex queries are usually hard to implement efficiently.
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The query language we propose allows for any number of elementary queries
joined by Boolean operators. Each elementary query can include grammatical tags and
wildcard characters ? and *, the former standing for exactly one morpheme and the lat-
ter standing for any number of morphemes. Left and right word boundaries are marked
by #. Morpheme adjacency is indicated by hyphens and their order is taken into ac-
count. For example, the query “#DIR-*-PST-?-ADV” will find all words starting with the
directive prefix, following any number of morphemes, then a past tense marker, then
another morpheme, and then and adverbial case marker. The language also allows us-
ing umbrella tags that unite several grammatical tags, e. g. the tag “APP” matches any
applicative derivation affix such as BEN in (3), (4) and (7). Such elementary queries are
currently transformed to SQL-queries containing regular expressions.

4. Conclusion

Corpus linguists dealing with polysynthetic language data face new kinds
of challenges which are characteristic and often unique for these languages. It turns
out that for such languages, many traditional techniques and concepts are not directly
applicable to the data, and novel ways of text processing and corpus design should
be developed.

We identified some of the problems which arise in the course of development of West
Circassian language corpus, and offered possible solutions for them. The most important
challenges, from our point of view, include somewhat vague boundary between mor-
phology and syntax (hence tokenization problems), not well defined concepts of alemma
and a part of speech, and annotating the texts in such a way to enable search queries
that could take into account phenomena like recursion and relative order of morphemes.

It should be noted that in this paper we only focused on a limited number of is-
sues raised during the elaboration of the corpora. Some others include:

(i) morphophonological rules, which are by no means numerous but still should
be accounted because of their high relevance for the analysis of the West
Circassian word,

(ii) classes of morphemes: as we noted in Section 3.4, there is a need to group
morphemes into classes, but the criteria of such grouping remain obscure,

(iii) the “translation” of our system into the conceptual system which is tradition-
ally used in the descriptions of Circassian languages and in textbooks and
hence should be considered for practical reasons.
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Comparison of Neural Network Architectures for Sentiment Analysis of Russian Tweets

The paper presents evaluation of three neural network based approaches
to Twitter sentiment analysis task performed at SentiRuEval-2016. The task
focuses on sentiment classification of tweets about banks and telecommu-
nication companies.

Our team submitted three solutions which are based on different super-
vised classifiers: Gated Recurrent Unit neural network (GRU), convolutional
neural network (CNN), and SVM classifier with domain adaptation combined
with previous two classifiers. We used vector representations of words ob-
tained with word2vec model as features for classifiers. These classifiers
were trained on labeled data provided by organizers of the evaluation. Ad-
ditionally, we collected several million posts and comments from social net-
works for training word2vec model.

According to evaluation results, GRU-based solution shows the best
macro-averaged F1-score for both domains (banks and telecommunication
companies) and also has the best micro-averaged F1-score for banks do-
main among all solutions submitted to SentiRuEval.

Key words: sentiment analysis, opinion mining, recurrent neural network,
convolutional neural network

Introduction

The paper describes participation in SentiRuEval-2016 competition. The task of the
competition focuses on object-oriented sentiment analysis of Russian messages posted
by Twitter users. The messages are about banks and telecommunication companies.

The goal of the task is detection of sentiment (negative, neutral or positive) with
respect to organizations (banks or telecommunication companies) mentioned in Twit-
ter message. Thus it can be viewed as three-class classification task. The organizers
of the evaluation provided labeled training datasets along with unlabeled test datas-
ets for both banks and telecommunication companies. Training datasets contain about
9,000 Twitter messages each, while test datasets contain about 19,000 messages each.

In this paper, we focus on detection of overall sentiment of messages. Object-
oriented sentiment classification with algorithms used in this paper is a part of our
further research.

All variants of our sentiment analysis system use supervised machine learning
algorithms. One of our main goals is evaluation of artificial neural networks (ANNs)
for sentiment analysis task. In this paper, we evaluate algorithms based on recurrent
neural network (RNN) and convolutional neural network (CNN) along with shallow
machine learning approach—SVM with domain adaptation. In each of these three
cases we use word2vec (Mikolov et al., 2013a) vectors as features for the algorithms.

We have submitted three solutions to SentiRuEval-2016. The first two are based
on recurrent neural network and convolutional neural network, respectively. The last
solution is an ensemble solution consisting of three classifiers. It uses SVM with do-
main adaptation along with RNN and CNN.

The paper is organized as follows: Section 1 provides overview of the related
work; Section 2 presents full description of our methods and features that we used;
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Section 3 provides evaluation results for different methods; in the final section we make
conclusion for this work.

1. Related work

Artificial neural networks have become very popular in recent years. They have
been shown to achieve state-of-the-art results in various NLP tasks, outperforming
shallow machine learning algorithms like support vector machines (SVMs), hidden
Markov models and conditional random fields (CRFs).

Recurrent neural networks (RNNs) are considered to be one of the most power-
ful models for sequence modeling. The success of RNNs in the area of sentence classi-
fication was reported by many researchers (Irsoy & Cardie, 2014) (Adamson & Turan,
2015) (Tang et al., 2015).

Convolutional neural networks (CNNs) are another class of neural networks ini-
tially designed for image processing. However, CNNs have been shown in recent years
to perform very well in NLP tasks, including sentiment analysis and sentence model-
ing tasks (Kalchbrenner et al., 2014) (Kim, 2014) (dos Santos et al., 2014).

It has been shown that neural network based models for NLP become especially
powerful when they are pre-trained with some vector space model (Collobert et al.,
2011). The most common way to do this is to use distributed representations of words.
The most popular such model now is word2vec (Mikolov et al., 2013a), which im-
proves many NLP tasks.

2. Method description

2.1. Word2vec

Word2vec (Mikolov et al., 2013a) (Mikolov et al., 2013b) is a popular model for
computationally efficient learning vector representations of words. Vectors learned
using word2vec have been shown to capture semantic information between words
(Mikolov et al., 2013c), and pre-training using word2vec leads to major improvements
in many NLP tasks.

We used original word2vec toolkit! for obtaining vector representations of Rus-
sian words. The model was trained on 3.3 GB of user-submitted posts from VK, Live-
Journal, echo.msk.ru and svpressa.ru. All the text was lowercased, and punctuation
was removed. The following parameters were used for learning:

1. Continuous Bag-of-Words (CBOW) architecture with negative sampling

(10 negative samples for every prediction);

2. vector size of 200;

3. maximum context window size of 5;

1 https://code.google.com/archive/p/word2vec/
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4. 5 training iterations over corpus;
5. words occurring in the corpus less than 25 times were discarded from the
vocabulary; the resulting vocabulary size was 249,014.

2.2. Recurrent neural network

Recurrent neural networks (RNNs) are a class of neural networks that have re-
current connections between units. This makes RNNs well-suited to classify and pre-
dict sequence data, including short documents.

Long Short-Term Memory (LSTM) (Hochreiter & Schmidhuber, 1997) is a popu-
lar RNN architecture designed to cope with long-term dependency problem. LSTM
has been shown to achieve state-of-the-art or comparable to state-of-the-art results
in many text sequence processing tasks (Sutskever et al., 2014) (Palangi et al., 2015).

Gated Recurrent Unit (GRU) (Cho et al., 2014) is a simplified version of LSTM
that has been shown to outperform LSTM in some tasks (Chung et al., 2014), although
according to (Jozefowicz et al., 2015) the gap between LSTM and GRU can often
be closed by changing initialization of LSTM cells.

Our RNN-based model is composed of LSTM/GRU network regularized by drop-
out with probability of 0.5 and succeeded by fully connected layer with 3 neurons
that predict probabilities of each class—negative, neutral and positive. The input
sample is lowercased and converted to sequence of corresponding word2vec vectors
described in section 2.1. Punctuation and words that are not in word2vec vocabulary
are discarded. The resulting sequence of vectors is input to the network. Like word-
2vec vectors, the size of input and output of LSTM/GRU cells is 200.

We tried several variations of recurrent networks: shallow LSTM/GRU, bidi-
rectional GRU and two-layer GRU. We also tried to revert the order of input vector
sequences.

We used Keras library? to implement the model®. In case of LSTM initialization
of cells recommended in (Jozefowicz et al., 2015) was used. Sigmoid and hard sig-
moid were used for recurrent network as output activation and hidden activation, re-
spectively; softmax was used as activation of fully connected layer.

Adam optimizer (Kingma & Ba, 2014) and batch size of 8 were used for training;
the number of training epochs was set to 20.

2.3. Convolutional neural network
Due to widely reported success of CNNs (convolutional neural networks) (Kal-

chbrenner et al., 2014) (Kim, 2014) (dos Santos et al., 2014) in the area of sentiment
analysis we have conducted some experiments with CNN as well.

2 https://github.com/fchollet/keras
3 Source code is available on https://github.com/arkhipenko-ispras/SentiRuEval-2016-RNN
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We used word2vec word vectors described in section 2.1 as features. For each
tweet the matrix S is constructed where s, (i-th row) is a word vector for the i-th word
in tweet. Then we calculate two vectors t®¢ and t™** as follows:

1
avg __ - .
4= ) S M
1<ism
max _ N
G = maxs;; @)

Concatenation of these two vectors is input to our CNN. The network is com-
posed of convolutional layer with 8 kernels of width 10 which is succeeded by dense
layer with 3 neurons (with softmax activation) that predict probabilities of each class.
scikit-neuralnetwork library* was used for implementing the network. The number
of training epochs was set to 10.

The roadmap for further survey includes experiments not only with different
kinds of features but also with architecture of the CNN as well. Feature extraction
with word2vec seems to be the most promising one. Since CNNs are not as power-
ful in sequence processing as RNNs the technique of Dynamic k-Max Pooling (Kal-
chbrenner et al., 2014) can be used to address the problem of variable sentence
length.

2.4. Domain adaptation and ensemble solution

2.4.1. Domain adaptation
In most cases we assume that source domain (train data) and target domain (test
data) are driven from the same probability distribution:

P(X,y) = P(X,y) 3)

Consequently this means that it is impossible to build classifier that would be able
to distinguish target domain sample from source domain sample. But in many real
world problems assumption (3) does not hold and

P(X,y) # P.(X,y) @

How one can detect that P (X,y) # P.(X,y)?

1. Quality of the model, measured on source domain (e.g. with cross-validation)
is much higher than on the target domain. Some participants of SentiRuEval-2015
faced this problem.

2. Consequence of assumption (3) is impossibility to build classifier which
can distinguish target domain from source domain. The ability to build

4 https://github.com/aigamedev/scikit-neuralnetwork
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such classifier indicates that assumption (3) does not hold. We were able
to achieve F1-score on source vs target domain classification above 0.85.

One can improve quality of algorithm in target domain with different method
of domain adaptation. Some methods can be found in (Jiang, 2008).

In this work we use a simple method of domain adaptation—sample reweighting.
Let I(x,y, 8) be a loss function. In order to obtain § we want to minimize following
function:

L(o) = Z .y, )P (x,y) - min 5)

X, YEXXY

We can write function L in the equivalent form:

Pt(x! }’)
P(x,y)

LO)= ). 3.0

X, YEXXY

P(x,y) ©)

Now replace true loss function with empirical estimation:

P (x;, y:)
l Z(‘xl’yl' 9) P (xu yl) (7)

As one can see that algorithm leads as to the feature reweighting with

;= %, Finally we assume that P;(y|x) = P;(y|x), thus weight w, can be found
S\ALL
asw; = ;’gl:g With Bayes’ theorem one can estimate weight as:
L

_P(t)P(s) . P(tlx)
YT BGslP@ - PGsixy)

®

We estimate weight with the logistic regression, and it slightly increases the
quality.

2.4.2. Our ensemble solution

Our ensemble classifier consists of three classifiers; each of them votes with
equal weight. The first two are GRU neural network and convolutional neural network
described in sections 2.2 and 2.3, respectively.

The third classifier is SVM with sample reweighting described in 2.4.1. We used
polynomial kernel with degree of 3. For every tweet, the average of word2vec vectors (de-
scribed in section 2.1) of all words in the tweet is used as features for the SVM classifier.
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3. Evaluation

Tables 1-2 present results of the evalution on sentiment classification. Both ta-
bles show macro-averaged F1-score of negative and positive classes, used as quality
measure on SentiRuEval-2016 competition.

For recurrent neural network based model, we performed 5-fold cross-valida-
tion on training data provided by organizers of SentiRuEval. The results are showed
in Table 1. We found that GRU network slightly outperforms LSTM network, and that
reversing the order of words in tweets improves the quality. Adding an extra recurrent
layer also slightly increases the quality.

In addition, we found that using word2vec vectors as features for recurrent net-
work is crucial. Using randomly initialized embedding layer and one-hot features in-
stead of word2vec features gives macro-averaged F1-score of only 0.45 for banks and
0.47 for telecommunication companies.

Table 1. Macro-averaged F1-score, evaluated with RNN models
using 5-fold cross-validation on SentiRuEval training data

Domain

Telecommunication
RNN Architecture Banks companies
LSTM 0.6026 0.6410
GRU 0.6129 0.6428
GRU, reversed sequences 0.6211 0.6570
Bidirectional GRU 0.6207 0.6521
Two-layer GRU, reversed sequences 0.6243 0.6597

Table 2. F1-score and ranks among all solutions, evaluated on
SentiRuEval test data (according to SentiRuEval results)

Domain
Telecommunication
Banks companies
Macro Micro Macro Micro
Classifier (score/rank) | (score/rank) | (score/rank) | (score/rank)
CNN 0.4832 / 21 0.5253 /21 0.4704 / 41 0.6060 / 36

Two-layer GRU, 0.5517 /1 0.5881 /1 0.5594 /1 0.6569 / 21
reversed sequences
Ensemble classifier | 0.5352 / 2 0.5749 / 2 0.5403 / 9 0.6525 / 23
Best solution not 0.5252 /3 0.5653 /3 0.5493 / 2 0.6822 /1

from our team
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Table 2 shows results on SentiRuEval test datasets for solutions described in sec-
tions 2.2-2.4. It also shows micro-averaged version of F1-score and includes solutions’
ranks among all 58 solutions submitted to SentiRuEval by 10 teams. For test data clas-
sification with GRU network, the model was trained on whole train data 5 times and
correspondingly gave 5 predictions for test data. Then the leading class over all pre-
dictions was chosen for each sample. Other models were trained and predicted once.

The Gated Recurrent Unit based solution got the best macro-averaged score
on both domains, significantly outperforming solutions from other teams on banks
domain, and also has the best micro-averaged F1-score on banks domain.

Conclusion

We have described all variants of our sentiment analysis system. The GRU net-
work based solution performed well and won the SentiRuEval-2016 competition
on both domains (banks and telecommunication companies).

Using word2vec vectors as features has made a major contribution to the result.
However, we believe that parameters of our classifiers were not optimal, even for
GRU network. After publication of labeled test data by organizers of the competition,
we were able to achieve macro-averaged F1-score above 0.6 on test data for both do-
mains using GRU network. One of the parts of our future work is to find optimal ar-
chitectures and learning parameters for RNN and CNN. It is also possible to combine
RNN and CNN into one compound network.

In addition, our future research includes adapting our neural network based ap-
proaches to object-oriented sentiment analysis, as well as developing methods of do-
main adaptation within these approaches.
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The paper deals with linguistic disfluencies (hesitations, repetitions, revi-
sions, false starts, and incomplete utterances) in Russian-speaking lan-
guage-impaired (N=12) vs. typically-developing (N=12) preschoolers. The
corpus-based study aimed at evaluation and comparison of linguistic disflu-
ency in narrative vs. dialogue discourse within and between the groups. Fol-
lowing the Russian Assessment Instrument for Narrative (RAIN) methodo-
logy, each subject performed two tasks, i.e. storytelling and story retelling
according wordless picture sequences; each of the tasks was followed
byastructured dialogue based ontencomprehension questions. Bothnarra-
tives and dialogues were transcribed and annotated for automatized linguis-
ticanalysis. Finally, individualmeasures (anumber of each category of disflu-
encies per utterance) were estimated and submitted for statistical analysis.

Results of our study evidenced that mainly linguistic disfluencies are
caused by distinct strategies of speech production due to a level of the sub-
ject’s language competence, cognitive resource, and the circumstances
of narrative and dialogue production.
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1. Introduction

Speech disfluency can generally be distinguished as being either stutter-
ing or linguistic disfluency. The second one contains hesitations, repetitions, revi-
sions, false starts, incomplete utterances, etc. (Loban, 1976; MacLachlan, Chap-
man, 1988). Linguistic disfluencies seem to be quite natural elements of spontane-
ous speech in adults (Akxutina, 1989; Fromkin, 1971; Garrett, 1980; Bock, Levelt,
1994; Kibrik, Podlesskaya, 2007) and typically developing (TD) children (Culatta,
Leeper, 1989-1990). Some data evidenced that the age might influence a number
of disfluencies: its amount increases along the speaker’s age (Evans, 1985; Bortfeld
et al., 2001; Gyarmathy, Neuberger, 2013) and growing linguistic skills (Fiestas et al.,
2005). As Starkweather (1987) has stated, with developing syntax and increasing vo-
cabulary, utterances become longer and linguistically (structurally and semantically)
more complex, theoretically making it more difficult to plan a speech. However, here
are some opposite observations that child discourse might be more disfluent than the
adult one (Garmash, 1999; McDaniel et al., 2010a; 2010b).

Linguistic disfluency has been investigated in various atypically-developing (Cu-
latta, Leeper, 1989-1990; Redmond, 2004; Sieff, Hooyman, 2006; Engelhardt et al.,
2010; Steinberg et al., 2013) and specifically language-impaired (SLI)! populations
(Boscolo et al., 2002; Madon, 2007; Gou et al., 2008). Results of the studies have high-
lighted that children with language and learning difficulties tend to use more linguis-
tic disfluencies than do their TD peers (Guo et al., 2008). To sum up, a great number
of linguistic disfluencies might be a symptom of atypical language acquisition; on the
other hand, production of linguistic disfluencies might be treated as natural compo-
nent of non-prepared, spontaneous discourse (Schegloff et al., 1977; Akxutina, 1989;
Fromkin, 1971; Garrett, 1980; Levelt, 1983; 1984; Bock, Levelt, 1994; Postma, 2000;
Pillai 2002; Bekenstein, Simpson, 2003; Fox Tree, 2007a; Kibrik, Podlesskaya, 2007;
Hennemann, 2015), where a self-monitoring performs a crucial role.

Despite numerous studies, substantially a nature and mechanisms of linguis-
tic disfluency however remain unclear both in children and adults. According psy-
cholinguistic approach, linguistic disfluency might be recognized as a concordance
problem between utterance programming, related speech production and on-line
self-monitoring (Gyarmathy, Neuberger, 2013), different underlying production prob-
lems or strategies for correcting problems. In some studies, a correlation between lin-
guistic disfluency production, individual intelligence, and executive function (Engel-
hardt et al., 2010; 2013) has been revealed. A number of studies in child language
(MacLachlan, Chapman, 1988; Leadholm, Miller, 1992; Wagner et al., 2000; Madon
2007) have confirmed that linguistics disfluencies are more numerous in a narrative
than in a conversation, because the narrative context is usually more demanding than
the conversational one.

It should be noted that the majority of studies have been focused on just particu-
lar type of linguistic disfluencies, e.g. hesitations (Fox Tree, 2007a; 2007b; Corley,

L In Russian logopaedics, specific language impairment (SLI) in children usually is named as
the primary speech and language disorder.
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Stewart, 2008) or revisions and self-repairs (Levelt, 1983; 1984; Evans 1985; Beken-
stein, Simpson, 2003). In this paper, we aim at discussing linguistic disfluencies as the
entity of various kinds of disruptions of linguistically fluent speech. In some studies,
an influence of the discourse genre on a frequency of dysfluencies has been found.
A narrative might be recognized as a high cognitive loading type of discourse, while
a dialog seems less planning demanded. In our corpus-based study, these discourse
types were compared from the perspective of disfluency production.

Research questions addressed in the paper:

1. How does a frequency and distribution of linguistic disfluencies distinct be-
tween typically developing (TD) and specifically language-impaired (SLI)
children?

2. How does a frequency and distribution of linguistic disfluencies distinct be-
tween different discourse genres, i.e. child narrative vs. structured dialogue
with an adult?

2. Types of Linguistic Disfluencies

In our data, disfluencies were grouped into hesitations, repeats, revisions, false
starts, and incomplete utterances; all disfluencies were coded with special symbols
according internationally accepted principles of discourse annotation (MacWhinney,
2010), as exemplified below.

2.1. Hesitations

Hesitations can be described as silent (unfilled) or filled pauses (fillers) invol-
ving an articulation of some sound(s) during the delay (Watanabe, Rose, 2012). Silent
pauses (1, 2) can be defined as periods of silence longer than the pauses in an equiva-
lent fluent utterance (Fraundorf, Watson, 2013), e.g.:

(1) Ilisa () uvidela i zaxvatila za lapu.
‘And the fox [PAUSE] saw [it] and grabbed [his] foot.

(2) Malen’kij kozleno()k zaxotel po(Jkupats’a.
‘The baby-goat-[ PAUSE within the word] wanted to swim-[PAUSE within the
word].’

Fillers can be defined as verbal interruptions that do not relate to the proposition
of the main message (Fraundorf, Watson, 2013), and they can be further classified into
(3, 4) nonlexical formations (such as uh and um in English) and (5, 6) semantically
insignificant words and constructions (such as well, like, you know in English), e.g.:

(3) Potom sobaka () mmm (.) prognala koshku.
‘Then the dog [PAUSE-FILLER-PAUSE] chased the cat away.’
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(4) Tuvidela, chto kot () aaa () xochet skushat’ ptenchikov.
‘And [the dog] saw that the cat [PAUSE-FILLER-PAUSE] wanted to eat the
baby-birds.’

(5) Sobaka za nej poshla. To est’, pobezhala.
‘The dog went to her. I mean, [it] run.’

(6) Ptica uletela za cherv’achkami. Za cherv’achkami. Vobshchem, kormit’.
‘The mother-bird flied [to look] for worms. For worms. Like, to feed
[the baby-birds].’

2.2.Repeats

Repeats (i.e., unmodified repetitions) can be grouped into repeated (7, 8) parts
of a word, (9, 10) words, and (11, 12) strings of words, e.g.:

(7) Maly— () malyshi ptency ostalis’ odni.
‘Baby:INCOMPLETE-PAUSE-baby-birds were left alone.’

(8) Alisa xotela by s’e— (.) sest’.
‘And the fox would want to eat: INCOMPLETE-PAUSE-to eat.

(9) L()ionauvidela, chto ptency spaseny.
‘And [PAUSE] and she saw that the baby-birds were saved.’

(10) Ona (.) ona zalezla na derevo i nachala podbirats’a k () k ptenchikam.
‘She [PAUSE] she climbed up the tree and started sneaking to [PAUSE] to the
chicks.’

(11) Iskazali () iskazaliéto (.) svojej mame.
‘Then [they] told [PAUSE] then [they] told this [PAUSE] to their mother.’

(12) A lisa smotrela za koglenkom za koglenkom.
‘And the fox was looking at the baby-goat at the baby-goat.’

2.3. Revisions

Revision (or repairs) are self-corrections of material already spoken (Fraundorf,
Watson, 2013) and they can be classified into (13, 14) phonological, (15, 16) lexical,
and (17, 18) grammatical modifications of speech.

(13) Prinesla odnogo cherv’aka dra (.) dl'a vsex ptenchikov.
‘[She] brought just one worm for:INCORRECT for all the chicks.’
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(14) Esli by ne xvatila (.) ne sxatila ee za xvost.
‘If [she] [did] not grab [PAUSE] [did] not grab her tail’

(15) A ptica, kotoraja na suku lezhala nu (.) sidela, éto vse zametila.

‘And the bird who [was] laying [FILLER-PAUSE] [was] sitting on the branch saw
all this.’

(16) Xotela s’est’ pti— nu (.) lisu.
‘[The bird] wanted to eat the bird:INCOMPLETE-FILLER the fox.’

(17) Byli () bylo mama ptica i tri ptenca.
‘[There] were-PAUSE-was a mother-bird and three chicks.’

(18) Ona ej skazala: nikogda (.) uxodi i nikogda ne prixodi®.
‘She said to her: never-PAUSE-go away and never come back.

A process of revision presumes that a speaker repairs previously uttered some-
thing erroneous (Fraundorf, Watson, 2013); however, sometimes an incorrect utter-
ance might be replaced by another incorrect utterance (19), also, a correct utterance
might be reformulated into (20) another correct utterance and even into (21) an er-
roneous utterance (Balcitiniené, 2013), e.g.:

(19) A potom prishel lis i sxvatil baran-- nu jagnenka?®.
‘And then the fox came and grabbed the sheep:INCOMPLETE-FILLER the lamb.’

(20) Ona poletela z— eshche za edoj.
‘She flied [to look] for-INCOMPLETE again for food.’

(21) A lisichka ubexhala () uletela.
‘And the fox run [PAUSE] flied away.’

2.4. False starts

False starts (22, 23) can be equaled to crossings out in writing, i.e. a speaker
starts producing an utterance and drops it after just a few words, e.g.:

(22) Kogda na beregu... Oj, ne znaju dazhe, kak étot malysh nazyvaets’a.
‘When ashore... Oh, I do not know even how to call this baby.’

2 Syntactic reformulation. More on this see Kilani-Schoch et al. (2008), Kazakovskaya,
Balcitiniené (2012a, 2012b).

3 There is a baby-goat but not a lamb on the picture.
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(23) I potom mama prishla i pomogla emu vybratsa. Aon mmm... I lisa uvidela
i zaxvatila za lapku.
‘And then the mother came and helped him to get out. But he [FILLER]... And
the fox saw [him] and grabbed [his] foot.’

We recognize false starts as separate type of linguistic disfluencies, which,
in contrast to the revisions and repetitions, are neither revised nor repeated after
dropping them.

2.5. Incomplete (abandoned) utterances

Incomplete (abandoned) utterances (24, 25) considered any utterances where
the obligatory ending is missing, e.g.:

(24) Ona zalegzla na derevo i... Zalegla na derevo i obliznulas’.
‘She climbed up the tree and... [She] climbed up the tree and licked [her lips].’

(25) Oni by skazali, chto koshka za nimi... A sobaka ix spasla.
‘They would tell, that the cat... But the dog saved them.’

3. Research Method

3.1. Participants

The data contains a part of the Corpus of Russian TD and SLI children language
(Kornev et al., 2015) available online at http://rclc.iling.spb.ru/corp/*. The subjects
of the study were 12 clinically-referred monolingual 6-year old (mean age 76 months)
SLI children who received 2 years course of speech therapy and 12 TD peers. SLI
children were recruited from those who attended remedial treatment unit for speech
and language disordered kindergartens. Exclusion criterion was non-verbal IQ on Ra-
ven’s matrix below 24. In all cases, morphosyntactic backwardness (below 5 year
level) was coupled with articulation/phonological disorders. TD children were re-
cruited from day care center for kindergartens. For both the TD and SLI group, in-
formed consent was obtained from parent before the experiment.

4 The Corpus was developed in the framework of a national project Development of linguistic
sub-systems in typically-developing and language-impaired children: Corpus-based and exper-
imental study [Formirovanie jazykovyh podsistem u detej s normoj i otstavaniem v razvitii
rechi: korpusnoe i eksperimental’noe issledovanie tekstov] carried out with the financial
support of the Russian Foundation for Humanities, grant No. 14-04-00509.
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3.2. Task Administration

The subjects were assessed by means of the Russian Assessment Instrument for
Narratives—RAIN (Kornev, Bal¢itiniené, 2014; 2015). After warming up, each subject
performed two tasks, i.e. storytelling and story retelling according wordless picture
sequences the Baby-Birds and the Baby-Goats (see Figure 1); each of the tasks was fol-

lowed by ten comprehension questions (CQ) (see Table 1).

Fig. 1. Stimulus material (based on Gagarina et al., 2012)

Table 1. Comprehension questions (based on Gagarina et al., 2012)

The Baby-Birds

The Baby-Goats

0. Did you like the story?

0. Did you like the story?

1. Why do the baby-birds open their
mouths?

1. Why does the baby-goat shout?

. Why did the mother-bird fly away?

2. Why did the mother-goat got to the water?

. Why did the cat climb the tree?

3. Why did the fox grab leap to the baby-goat?

. Why did the dog grab the cat’s tail?

4. Why did the bird grab the fox’s tail?

. Why did the dog chase the cat?

5. Why did the bird chase the cat?

Q| Ul |D (WM

. What was the dog thinking when
he was chasing the cat?

6. What was the bird thinking when she
was chasing the fox?

7. What was the cat thinking when she
was being chased by the cat?

7. What was the fox thinking when she was
being chased by the bird?

8. If the mother-bird was able to speak,
what would she say to the dog?

8. If the mother-goat was able to speak,
what would she say to the bird?

9. If the mother-bird was able to speak,
what would she say to the cat?

9. If the mother-goat was able to speak,
what would she say to the fox?

10. If the baby-birds were able to speak,
what would they say to their
mother when she came back?

10. If the second baby-goat was able
to speak, what would he say to his
mother when she came to him?
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The sessions of the 1% and the 2™ task were separated by a few minutes of free
talk between the interviewer and the child; the order of tasks was counterbalanced
(see Table 2) with regard to narrative mode (telling vs. retelling) and story com-
plexity (the Baby-Goats considered more complex than the Baby-Birds; see Kornev,
Balcitiniené, 2014; 2015).

Table 2. Counterbalancing scheme

Children No. | Session No. 1 Session No. 2

1,5,9 Telling Baby-Birds Retelling Baby-Goats
2, 6,10 Telling Baby-Goats Retelling Baby-Birds
3,7,11 Retelling Baby-Birds Telling Baby-Goats
4,8,12 Retelling Baby-Goats Telling Baby-Birds

3.3. Data Coding and Analysis

All the stories and dialogues were video-recorded and transcribed according
to the conventions of the Codes for the Human Analysis of Transcripts (CHAT;, Mac-
Whinney, 2010) by three graduate transcribers. They were blind to the diagnosis
of the participants. During discourse annotation, the main structural characteristics,
such as turn-takings, overlaps, pauses, repeats, revisions, etc., were encoded for the
analysis. Then, individual measures (a number of each category of disfluencies per
utterance) were estimated and submitted for statistical analysis by means of one way
ANOVA and paired-samples T-test.

4. Results

Due to our aim at comparing disfluencies in different discourse genres (narrative
and structured dialog), the data analysis was performed separately for storytelling
and for dialog based on the CQ. The total number of linguistic disfluencies per utter-
ance produced in the story-telling was the same both in the SLI and the TD groups
(see Table 3).

However, some forms of disfluencies discriminated the groups (see Table 3).
Among all hesitations, the filled hesitations (fillers) were more dominant (72%) in the
TD children, whereas the unfilled hesitations were numerous (54%) in the SLI peers.
The incomplete utterances were significantly more numerous in the SLI children.

The total number of repetitions was similar within both the groups, but, again,
some forms of repetitions discriminated the groups. The repeated parts of word were
significantly prevalent among all repeats in the SLI children while repeated words
were the most frequent in the TD peers. The total amount of revisions did not differ
between the groups but the phonological revisions were significantly more numerous
in the TD children than in the SLI peers (see Table 3).
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Table 3. Distribution of linguistic disfluencies in the
storytelling within the SLIvs. TD groups

SLI TD
N=12 N=12
Measures M o M o |df| F | Sig

1. A total number of disfluencies 0.88 |0.43 |0.63 [0.42 |1 [0.8 |0.40
per utterance

2. A number of false starts per 0.008|0.02 [0.064|0.086(1 |3.19 [0.092
utterance

3. A number of incomplete 0.09 |0.07 |0.027|0.054|1 |4.45 |0.05
utterances per utterance

4. A number of hesitations per 0.40 |0.26 |0.47 |0.26 |1 [0.12 [0.74
utterance

4.1. A percentage of filled 0.34 [0.33 |0.72 |0.20 |1 [9.34 |0.007
hesitations among all hesitations

4.2. A percentage of unfilled 0.64 [0.379/0.28 |0.20 |1 |[3.63 |0.07
hesitations among all hesitations

5. A number of repetitions per 0.12 |0.06 |0.36 |0.33 |1 |1.48 |0.27
utterance

5.1. A percentage of repeated parts |0.40 [(0.46 |0.01 [0.04 |1 |8.24 |0.01
of word among all repeats
5.2. A percentage of repeated words | 0.31 |0.44 |0.716|0.46 |1 |[3.74 |0.07
among all repeats

6. A number of revisions per 0.07 |0.06 |0.18 |0.24 |1 |0.56 |0.48
utterance
6.1. A percentage of phonetical 0.10 [{0.20 |0.48 |0.43 |1 |[5.09 [0.04

revisions among all revisions

Comparative paired-samples T-tests statistical analysis of disfluencies in story-
telling vs. dialogue discourse revealed significant differences in the SLI group (means
0.77 and 0.50 respectively; t =2.4; P <0.03) and in the TD group (0.82 and 0.45 re-
spectively; t =2.36; P < 0.05).

The children produced more filled hesitations in the narratives than in the dia-
logues (means 0.22 and 0.12 respectively; t = 1.93; P < 0.069); they also produced
more revisions (per utterance) in total (means 0.16 and 0.07 respectively; t = 2.48;
P <0.023); finally, the phonological revisions were produced in only narrative dis-
course (means 0.00 and 0.07 respectively; t = 3.29; P < 0.004).

Dynamic approach to narrative analysis elaborated in our previous studies (Ko-
rnev, Balcitiniené, 2014; 2015) for clinical practice evidenced that narrative produc-
tion process depended on variables such as task order, story complexity and mode.
However, the general linear model of statistical analysis did not reveal any significant
dynamic influence of the story cognitive complexity and task order on the production
of disfluencies.
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5. Discussion and Conclusions

Child language development might be treated from twofold perspective: from
the linguistic structural static dimension and from psycholinguistic on-line discourse
analysis dimension. The last one focuses on the process of planning, programming,
and self-monitoring. Linguistic disfluencies have close relations to all of these pro-
cesses and thus they should be appropriate basis for studying the processes of dis-
course production in children.

In our study, we addressed some questions permanently debated in many pre-
vious publications related to adult spontaneous (unprepared) discourse (e.g., Levelt,
1983; 1984; Kibrik, Podlesskaya, 2007). It is interesting to cite some assumptions that
fillers might play not the same functional role in the child speech as in the adult one
(Pepinsky et al., 2001; Taelman et al., 2009).

The main question addressed the nature of linguistic disfluency: is it some kind
of failure to concord speech programming and production processes, a manifestation
of child language immaturity or a complex of individual strategies related to speech
self-monitoring used by the narrator in a discourse production. The total number
of disfluencies was rather close in both groups and thus this did not support the “im-
maturity” hypothesis. But some qualitative differences between the groups were
observed. For example, when faced with some problems of the utterance program-
ming, the TD children tended to use filled hesitations, whereas the SLI children used
to explore silent pauses or to repeat part of a word. Besides that, language impaired
subjects tended to produce shorter utterances (MLU = 4.17; MLU, , = 5.62; F = 6.37,
P < 0.040) to reduce the cognitive loading in utterance programming.

The findings encourage discussing child speech disfluencies as the on-line strate-
gies to resolve complications in utterance programming in parallel with speech pro-
duction. It looks obvious that usually the SLI children start uttering before they fin-
ished elaborating the plan of the utterance and consequently perform its language
programming in parallel with speech execution. Their limited cognitive resources
overloading and thus prevent completing the utterance. In the case of child-adult
structural dialog cognitive loading is reduced and disfluencies appear less frequently.
To sum up, in childhood linguistic disfluencies represent the complex of distinct strat-
egies in discourse production due to a level of the subject’s language competence, cog-
nitive resource, and the circumstances of narrative production.
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The paper discusses different modes of evaluation in Russian. Evaluation
is considered as a speech act based on a cognitive procedure which has the
following form: (i) evaluation of an object X as possessing a feature g con-
sists of comparing of parameter Q with X and picking out of g as a function
of Q with an argument of X; (ii) the feature g presupposes recommendations
for decision making in connection with an object X. Cognitive procedure
of description of an object X as possessing of a feature g doesn’t presup-
poses any recommendation for decision making.

In some discursive modes semantics of evaluation lose its influence force
oratleastitgetting weaker. Discursive mode is defined as a sphere of function-
ing of speech forms in discourse, in which their meaning regularly changed.
Different discourses allow different kinds of discursive modes. In the paper
are discussed the following discursive modes, which modify evaluation force:
irony, language game, common nomination, indefinite reference.
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About Discursive Modes of Evaluation in Russian

1. OueHKa U OLIeHOYHOE CyX/JeHue

B JIMHI'BHCTHKE OLleHKa HCC/IeZI0BAIACh B IIEPBYIO OYepesb B JIEKCHYECKOH ce-
MaHTHKe U CTUJIHCTHKe. B mepBoM ciydae obpairanioch BHUMaHHE Ha CyIECTBO-
BaHUE CJIOB, B CEMAaHTHKe KOTOPBIX IPUCYTCTBYeT OLIEHOUYHBIH KOMIOHEHT (X0po-
wuii — naoxotl; npeciogymslil, 006psK, Hez00:1l), a TaK}Ke Ha OIlEHOYHbIE KOHHO-
Taluu JeKceM (Cp. JIEKCEMY C8UHbS C KOHHOTAIIUEH TPyObIH’ WU JIEKCEMY 8emep
¢ KOHHOTaInuel ‘nepemeHuYnBocTU — AnpecsaH 1995). Bo BTopoM — OlLleHOYHOCTH
paccMarprBaach KaK CBOMCTBO BEIPAa3UTEIbHOCTH PEYH B IIEJIOM, KaK 0COOEHHOCTh
CTUJIA, NIPUCYLIAA AAaHHOMY THUITY AMCKypCa WM ABJIAIIMIAACA UHAUBUYAJIbHOU
xapakTepuctukoil rosopsamero (Tenus 1991; IImene 1964). OTmevanoch, YTO
OLIEHOYHAs CeMaHTHKa CBOMCTBEHHA A3bIKOBBIM eJUHUIIAM DPa3INYHBIX YPOBHeEH
(Bosbd 1985: 5-7). INHIBUCTUYECKHE KIAaCCUPUKALIMU I3bIKOBOW OLIEHKY TaK UK
WHaJe, C TEMU WIX UHBIMU JeBUAIIMAMU IIOBTOPSAIN U3BeCTHbIE GpUIocoPpCKUe U JIO-
rudyeckye Kiuaccudukanuy, paszesaBlive OlleHKY Ha oOIIylo U JacTHYIO (ApyTio-
HoBa 1984). CoOTBETCTBEHHO, CJIOBA XOPOWLUll, NI0XO0U BEIPAXKAIOT OOLIYIO OIEHKY,
a mpuJarareyibHble Kpacuswlil, 6e306pasHblil, komg¢opmabenvbHblil, HEYOOOHBLU, Y M-
Hblll, 2/ynblil, eeHUANbHLLU, mynoll, 6ozamblil, 6eOHblll — YaCTHYIO. JIMHTBUCTHUYE-
CKas Teopu:d He ZaeT, OZHAKO, ICHOIO OTBeTa Ha BoIlpoc o6 oIleHKaX, IlepejiaBae-
MBIX B TEKCTe KOCBEHHO — 0e3 HCII0Ib30BaHUsA OL[eHOYHOH JeKcuku. Kpome Toro,
HeKOTOpble (peHOMEHBI OLIeHKHU, CYIIeCTBeHHBIE /I NPUIOKEHUHN JTUHI'BHUCTUKH,
He UMeIOT OYeBU/JHBIX KOPPEJATOB B IMHIBUCTUYECKOHN CeMaHTHKeE.

B JIMHTBUCTUYECKOH 5KCIIepTH3e MIMPOKO HCIIOAb3YEeTCs KaTeropus «OleHOoY-
HOTO CYX/IeHUs», IIpeJIcCTaB/IeHHas B 3aKOHOaTeIbCTBE KaK HeollpeesaeMbli Tep-
MUH. DTy KaTeropuIio MOXXHO ONpeJieIUTh KaK BUJ YTBEP)KJEHU:, B IIPOIO3UINHU
KOTOPOTO YCTaHABIUBAeTCA CBA3b MEXAY OOBEKTOM OLIEHWBAaHHA U 3HAYeHHUEM
mapameTrpa ob6Iei oueHKH (‘XOpOIIo — IJIOXO') WM 3HAaYEHHEM IMapaMeTpa TOu
WU WHOM YacTHOH oueHKU. OIleHOUHbIe CYX/JEeHUsS CyObeKTUBHB M B CHUJIY 3TOTO
UX HeJIb3s IIPOBEPUTH Ha COOTBETCTBUE JelcTBUTeIbHOCTH. HanpuMep, yTBepK/Ie-
HUe PoMaH — 83MouHUK MOXKET ObITh UCTUHHBIM HWJIN JIOXKHBIM, & OIleHOYHOE CYIK-
nenve Osbed Kpacuea — HET, MOCKOJIBKY KpacoTa YejoBeKa SBJISIETCS OIeHOYHOM
CyO'beKTUBHOM KaTeropuei.

HekoTopble YacTHbBIE OLIEHKU B Pa3HBIX TUTIAX JUCKYPCOB, 06YCIOBIEHHBIX KaK
HUCTOPUYECKHU, TAK U COLMATBHO, MOTYT MEHSTb CBOE COOTHOIIIEHUE C OOLIMMU OIeH-
kamu. Tak, OLIeHOYHOe TIpuIaraTeabHoe 602amulil B PEBOTIOIIMOHHOM AUCKYPCE CO-
BETCKOH 3MOXU COOTHOCHJIOCH C OIIEHKOU ‘TIIIOX0’, a 6e0Hblil — € OLIEHKOH ‘XOpo1Io’.
B ZIOPEBOJIOIIMOHHBIN TTEPUOJ, a TAaK)KE B IUCKYPCE COBPEMEHHO!N POCCUICKOH TIO-
JUTUKY 6o2amblil, HA060POT, ‘XOPOIIO’, a 6edHblll — ‘TI0X0’. TakoBa creluduka uc-
MOJIb30BAHUSA OLIEHOYHBIX CJIOB B M/IE0JOTU3UPOBAaHHBIX JUCKypcaX. B aToM oTHO-
LIIEHU U OIIeHOUHBIE CYXKAeHMUs OJU3KY U K KaTerOpUU MHEHU .

CrefiyeT OTMETHUTB, UTO CPeJIY YaCTHBIX €CTh OIIeHKH, GIM3KUe K AeCKPUTIITUAM
(YTBepKAEeHUAM O CBOMCTBAaX U MpHU3HaKaX). Tak, yTBep)KAE€HUS C MapaMeTpuye-
CKUMHU IpUJIaraTeJbHBIMU 8blCOKUIL Y HU3KUIL, WUPOKUIL U y3KUlL, ONUHHDLI 1 KOpOm-
Kuli BO MHOTMX CUTYal[HAX AONYCKAIOT UCTUHHOCTHYIO MHTEPIPETAINi0. DTO CBS-
3aHO C TeM, YTO IapaMeTpUUeCcKue IpuiaraTeIbHbe COAEPKAT B CBOEH CEMaHTHKE
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3HAYUTENbHBIHM €eCKPUIITUBHBINA KOMIIOHEHT. COOTBETCTBEHHO, ¢ppasbl Tumna Ilkag
CAUULKOM 8bLCOK, [Tomonok 8 komHame Hu3kull, Kopudoput 8 30anuu y3kue u OnUHHbLE
CylLleCTBEHHO OJIVKe II0 CBOMM CBOMCTBaM K YTBepXZeHUAM. Kpome Toro, npuia-
rareybHbIE YKa3aHHOT'O TUIIA HEJIB3S JIETKO COOTHECTH C OOIIIel O1leHKOM. BhICOKUMI
mKad XOpouI I OZHUX CUTyalui U IJIOX LI APYTUX. TeM caMbIM, YTBep:KAeHUH,
arneJIMpyIoOIIye K OlleHKaM C CyI[eCTBEHHOH ZIeCKPUIITUBHOMN YacTbl0 CEMaHTUKU,
He MOT'YT paccMaTpUBaThCA KaK OLleHOUHBIE Cy)K/IeHUA B TOYHOM CMBICJIE CJIOBA.
O1ueHKa, OZHAKO, MOXET BBIpa)KaTbCsA He TOJBKO B OLIEHOYHBIX CYX/EHUAX,
HO U B OLIEHOYHOM COCTaBJIAIOLIEH CJIOB, BXOAAIMNX B OObIYHBIE HEOLIEHOUHBIE yT-
BEPXK/EHUSA U APyTUe TUIBI peueBbIx akToB. Tak, E. M. Bosnbd oTMedaeT, 4TO He BCS-
KOe BBICKa3blBaHUE C CEMAaHTUKON OLIEHKU MOXKET pacCMaTpUBaThCA KaK peueBOH
akT oueHkH (Bonbd 1985). Kpome Toro, onieHKa (Kak MOJOKUTENbHASA, TAK M OTPUIIA-
TeJIbHasA) MOXKeT HaXOAUTHCA B Pa3HBIX 4aCTAX CEMAaHTUKU CJIOBA U BHICKA3bIBAHUA.

2. CeMaHTHKA OIleHKU U ee KOTHUTHUBHbIE KOppe/IATbI

B TUHTBUCTUYECKOH TeOpUU He cHOopMUPOBaAIaCh CKOMb-HUOYAD IieIbHAS TEO-
pus olleHKU. MOXKeT OBITh, 3-32 9TOT'0 KOTHUTUBHBIN aCMeKT OlleHUBaHUsA GpaKTU-
YeCKU OB UCKJTIOUEH U3 PacCMOTPeHUs. MeX Ay TeM, OlleHKa PsIMO CBsi3aHa C IIpo-
1lecCOM NMPUHATHUA pellleHui. B psage paboT 1o ceMaHTUKE U IIparMaTHKe OIEHKU
OBLJIO TOKA3aHO, YTO IIPOLE/yPa OLEHUBAHUSA SBJISETCS YaCThIO IIPollecca MPUHATHA
pemenuii (Xsap 1985; BapaHoB 1989). OuenuBaHue (TouHee pe3ysnbTaT OlleHUBa-
HUs) MO3BOJISIET BHIOpPATh Ty aJbTePHATUBY pEIIeHUs MPOOJIEeMHOU CUTYalluu, KO-
Topas B OOJIbIIEH CTEMEHU Y/ZOBJETBOPSET JKeJaHUSIM M HaMEpPEHUSM YeJOBeKa,
JIeJIA0IIEero TOT MU UHOU BBIOOP. C KOTHUTHUBHON M CEMaHTUYECKOW TOUKU 3pEHUS
OIleHKa HeceT B cebe Cye/ibl MPECKPUIIIUU: OI[eHKA Yero-To KaK XOPOIIero KakK Obl
PEKOMEeH/IyeT UCII0JIb30BaTh 3TO XOPOIIIee, a OIeHKA YeTr0-TO KaK IMJIOXOT'0, COOTBET-
CTBEHHO, BJIeYET PEKOMEH/JAIINIO OTKA3aThCs OT IJIOXOTO.

SI3BIKOBBIE CJIeZIbI MEHTAJbHOW MPOILEeAYPHl OLIEHWBAHUSA OOHAPYKHUBAIOTCS
B IIEPBYIO O04Yepesb B 00J1aCTH WIJIOKYTUBHOW CEMAaHTUKU U B chepe JeKCUIECKOTO
3Ha4YeHUs. B mepBoM ciiydae ciefyeT rOBOPUTH O PeYeBOM aKTe OIIEHKH, a BO BTO-
POM — O COOTHOIIEHUU OILEHOYHBIX U JIECKPUIITUBHBIX CMBICJIOB B IIJIAHE COZEp-
’)KaHUA cyioBa (MpobyeMaTuKa, TUIIUYHAS JJIA JUHTBUCTUYECKOTO Mmozaxoza). KoMm-
MMOHEHTHI COZIEPXKAHUS OIEHKHM KaK 0COOO0ro THUIIA PeYEBOTO aKTa OIpeAesTIOTCsA
CTPYKTYPO#M COOTBETCTBYIOILIEH MEHTaJbHOU IpoLeAypbl. [OBOPAIINIA, OlleHUBASA
HEKOTOpPBIM 00beKT X Kak q (kKak 006Jsaflafolnii XapaKTEePUCTUKOHN (), JesIaeT ciie-
AyIollee: ONpeZeIuB HEKOTOPHIN MpHU3HAaK Q [0OCHOBaHME OLIEHKH] U, COIOCTaBUB
Q c X [06BeKT OlleHKH], BRIOUpaeT 3HaueHue Tpru3Haka Q, paBHOE ¢, U IPUMUCHIBAET
g X, mosnarasi, 9To BeI6Op g 7151 X MOXKET BJiedb HEKOTOPOE IIPaKTHUUECKOE CIIe/[CTBHE
[aHasor akTa mpuHATHUA pemenusi]. [[pu3Hak Q B ciaydae oblieil OlleHKU COOTBET-
CTBYET OIIEeHOYHOMH IIKaJe «Xopoiro — [1710x0».

B cymecTByroIux KaaccuprKauax peueBbIX aKTOB OLleHKA He Ipe/CTaBlIeHa
ocoboit kaTeropueii. Haubosee 6;1M3KUMU K aKTy OIeHKU MOYKHO CUUTATh SKCIIpec-
cuBbl 1o kigaccupuranuu k. Cepiis, CYLUIHOCTb KOTOPBIX COCTOUT B TOM, YTOOBI
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«BBIPA3UTh [ICUXOJIOTHYECKOE COCTOSHUE, 3a/jlaBaeMoe YCJIOBHEM UCKPEHHOCTH OT-
HOCHTEJIBHOI'O IOJIOXKEeHU A Belllel, oIpezieJIeHHOr'0 B paMKaX IIPOIO3UIIMOHAIBHOTO
cozep:xaHusa» (Cepsnb 1986: 183). MokHO IpeANOIOKUTD, UTO K SKCIIpecCUBaM OT-
HOCSATCS BEIpa)KeHUA 0Z00peHN U HeoJ0OpeHU A, KOMIIJIMMEHTH], II0XBajla U MHO-
rye ApyTHe, BEIpakaloliye CyObeKTUBHYIO OLIEHKY.

B TeopeTuyeckoil Mozenu olleHUBaHUsA, NpejnoxkeHHoN B (Bapano 1989),
CMBICT ‘XapaKTepucTUKa' (g) BHICTyNaeT KaK MHBAPUAHT JECKPUIIIUU U OIEHKU.
BaprprpoBaHUe OLIEHOYHBIX U JIeCKPUIITHBHBIX CBOMCTB XapaKTEPUCTUKHU  OIlpeJie-
JfeTcs SKCIUIMITUTHOCTHIO OCHOBAHUA OLleHKH (Q), C KOTOPBIM CBA3aHa XapaKTepu-
CTUKA ¢, ¥ IPAKTUIECKOI'0 CJIeACTBUSI — aHajora npuHatua pemenus (V). [Ipea-
[IOJIOXKUTENbHASA CBA3b  C Y oTpakaeT IpeACTaBJeHUs IOBODAIIEro 06 ydacTuu
OLIEHKHU B aKTe IIPUHATUSA PEIIeHUs, TO eCTh O «PeKOMeH/[aTeIbHON» CUjle OlleH!U-
BaHHKA. YeM MeHee oIlpeZiesieH IPU3HAK Q, ero MKaja, BEIOOP g 1 OCHOBAHUSA 9TOTO
BEIOODA (TO €CTh 4YeM MeHee PeCTPUKTHBHA XapaKTePUCTHKA), YeM MeHbIIIe AICHOCTU
C IPUHATHEM pellleHUs Y, TeM MeHbllle COOCTBEHHO OIJeHOYHBIX CBOMCTB Y XapaKTe-
PUCTHKH . TeM caMBbIM, UCTHHHAA OIleHKa OTIMYaeTCs OT UCTUHHOHN JeCKPUIIIINU
npexze Bcero (i) kay3aJbHOCTBIO (TO eCTh HajJnyrneM OOOCHOBAHUA XapaKTepH-
CTUKU q — YCTaHOBJIEeHHEM IIpu3HakKa Q u comocTaByieHueM ero c X), (ii) pecTpuk-
THUBHBIM BBIGOPOM (BEI6OD 3HAUeHUA IpU3HAKa Q U3 yIIOPAZOYeHHOI'0 MHOXKeCTBa
JpyTuX 3HaueHUM Ha OCHOBaHUU ero comocrtasieHuda c X) u (iii) opueHTanmein
Ha aKT IPUHATHS pellleHus.

VYka3aHHbIe XapaKTePUCTUKH aKTa OLEHKU ITO3BOJISAIOT 0ObACHUTH HEKOTOPHIE
creruduryecKue 0co6eHHOCTH COYETAEMOCTH CJIOB OLIEHOYHOM CeMaHTUKH, IIPe/cKa-
3bIBasg UX COOCTBEHHO OLIEHOYHbIE U [IeCKPUIITHBHBIE yrnoTpebieHus. Tak, BOIpoc
C BOIIPOCUTEJBHBIM CJIOBOM nouemy Oojiee yMeCTeH IO OTHOIIEHUIO K OIleHKe, YeM
K ZIeCKpUIINHY. JleliCTBUTENBHO, OlleHKA J0/DKHA OBITh BHyTpeHHE 060CHOBaHa, ap-
T'yMEHTHPOBaHa, cp. — Bul yoe pabomanu panviie? — /la, Hedos120. — Imo naoxo. —
ITouemy? — Ilomomy umo Hed0.120, NECKPUINILIUA K€ B TOYHOM CMBIC/Ie CIOHTAaHHA
Y 4acTO HEKOHTpoaIupyeMma, cp. — KomHama 6bina coscem nycma, auuls 8 cepeduHe
cmosin kpyeawlil dy6oeblii cmoa. — *Ilouemy kpyeawtii? OTCIOfa JIETKOCTh MOTUBH-
POBKH OLIEHKU U 3aTPYAHUTEJbHOCTb MOTHBHPOBKU HCTHUHHOW AECKPUIILIUU, CD.
OH HeocmopodiceH,/8epoIoMeH, NOMOoMY UMmo ... U *CHez 6es, nomomy umo ... MOTHBU-
POBKa IeCKPUMNIUI BO3MOXXHA, OZHAKO JJIS1 3TOI'0 IIPUXOAUTCS IIPUBJIEKATh 3aKOHBI
OHTOJIOTHHY, 3aKOHOMEPHOCTH YCTPOMCTBA peajbHOro Mupa, cp. CHee 6es, nomomy
Umo max ycmpoeH Mup, Omom cmoJ. Kpy2Jiblil, NOMoMy Umo e2o max c0e/idnu U T.II.

OueHOYHbIe CI0BA U BBIpaXKeHUsA He QYHKIHOHUPYIOT B peYd aBTOHOMHO,
a BXOZAT B KOHTEKCTHI, [I0/IaBJIAIONINE NN, HA000POT, YCUINBAIOIINE OLEeHOYHYIO
CEMaHTHKY 3TUX pedeBbIX GpopM. Takre KOHTEKCThI MOXKHO YCJIOBHO Ha3BaTh JVIC-
KYPCHUBHBIMHU PeXUMaMH, OCKOIBKY OHU GOPMUPYIOTCS IIOC/Ie0BATEIbHOCTAMU
pedeBBIX aKTOB. JJUCKYPCUBHBIN PeXUM — 3TO TaKOH CII0cob HCIONIb30BAHUA pe-
YeBBIX BBICKA3BIBAHUI, KOTOPHIM NpeATIoNaraeT peryasapHylo MoguduKaIuo 3Ha-
YeHUH peuyeBBIX GOPM, BXOAAIIUX B COOTBETCTBYIOMUN PpparMeHT, IO CPaBHEHUIO
C HEKOTOPBIM cTaHZapToM. Tak, AUCKYPCHUBHBIN PeKUM UPOHUU IIpeAIionaraeT IIo-
HUMaHUe pevyeBbIX GOpM, MPOTUBOIIOIOKHOE OyKBaibHOMY 3HaueHU0. Chepa nze-
OJIOTM3UPOBAHHOI'O yIOTPebIeHNA A3bIKa IIpeIoiaraeT OpueHTaIlUI0 Ha CUCTEMY
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LIEHHOCTEH, 00'beIMHSAIONIYI0 HOCUTENIEH COOTBETCTBYIOIIEN UIE€0JIOT MU, YTO OIATh-
TaK¥ BJIEYET PETYISIPHOE U3MEHEHUE OLIEHOYHOM CEMaHTHUKU TaKUX CJIOB U BhIpake-
HUH, KaK pegositoyus, OUKmMamypa npojemapuama, coyudabHslil onmumudm, pabo-
yuil, 0bbl8ameb v p.

3a/laHHble TEOPETUYECKUE PAMKH OLIEHKM KaK PeYeBOr0 aKTa W IPOLEAypPHI
OlleHWBaHUS MMO3BOJIAIOT yKa3aTh HEKOTOPBIE TUIIBI IUCKYPCUBHBIX PEXXHUMOB, B KO-
TOPBIX OLIEHKAa MOXKET KaK 0CJIabIAThCS, TaK U yCUIUBATHCA.

BhIIBIEHHE OIIEHOYHBIX XapaKTEPUCTHUK OCOOEHHO CYIIECTBEHHO /JIS1 TUHTBU-
CTUYECKOU JKCIIEPTU3BI, MOCKOJIBKY 3TO HEOOXOAUMO MPHU IPOBEAEHUU DKCIIEPTU3
10 /leJIaM O 3allUTe YeCTH, JOCTOMHCTBA U [IeJIOBOM peryTaluu, a TaKKe 1o JeaM
06 ockopbJieHUH U 3KCTpeMu3My. OTpaHUYUMCS Jjajiee 1o OoIblIel YacTH OTPUIIa-
TeJIbHOU OLIEHKOH, IIOCKOJIbKY OHA B HAUOOJIbILEN CTENIEHU CYI[eCTBEHHA JJIs JIUHT-
BUCTUYECKOH SKCIIEPTU3HI TEKCTA.

3. IucKypCHUBHBIH peXUM UPOHUU

Kak u3BecTHO, UPOHUS — O3TO B CAMOM OOIEM CMBICJIE «TPOI, COCTOALINI
B ynoTpebJeHUn Cl0Ba B CMBICJIE 0OpaTHOM OyKBaJIbHOMY C I[€JIBI0 TOHKOW WU
CKPBITOM HacMemKku» (AxmaHoBa 1969). B page ciydyaeB UPOHUYECKUIN KOHTEKCT
MozuUINPYeT OIeHOYHYIO COCTABJIAIIIYIO BBICKA3bIBAaHUA. B oZHOM u3 6710r0B
6bL1a cZleaHa caefyIomas 3aIuch:

S npu3ssieaio scex k maccosvim becnopsokam Ha JIybsimke 1520!/ xoms 6bL/
xomb 6bL/ Xomb 6bl/ Hy nozpemucs Jce Hado 6ydem!!!/ PS a 8 umoze nomom
Mmenst o6eurum CK 8 npu3sstee))) I'bI I'bI T'HI. (14 nek B 9:08)

CioBO 6ecnopsadku MMeeT B JIEKCHYECKOM 3HAYeHHUU OL€HOYHYIO COCTABIIAIO-
myo':

BECIIOPA/JIOK <...> 1.1. 30. mH. MaccoBoe TIpOsIBJIEHHE IIPOTECTA, K-POE CO-

[IPOBOXK/IAeTCs HapyLIeHHeM OOLIeCTBEHHOro MopAAKa, YIud-
HBIMH CTOJIKHOBeHUAMU U T.11. (BYCPS)

B npuBeseHHOM TOJKOBAaHUU KOMIIOHEHT ‘HapylleHHe OOIIeCTBEHHOI'O II0-
pAAKa, YyIUYHBIE CTOJKHOBEHMSA B ABHOM BHJE YKa3blBaeT Ha OTPUILIATENbHYIO
OLleHKY. B KOHTeKcTe 6y10ra — OCOOEHHO C YYeTOM COBPeMEHHOU «OXpaHUTeJb-
HOW» BHYTPEHHEN MOJUTUKU — CJIOBO 6ecnopsi0KU HOCUT OTYETIUBbIN HETAaTUBHBIN
xapakTep?. Cp. XapakTepHbIli npuMep u3 [laycToBckoro, mpuBoauMbiii B MACe:
B Tazampoze 6bLu 6ecnopsaoku, moana 20700HbLX HCeHUUH ¢ 0embMU PA32POMUNA Ne-
KAPHU U NPO00B0IbCMBEHHble MA2A3UHDL, U KA3AKU OMKA3ANUCH CMPeSims N0 MoJne.
Pa3rpoM InexapeH W IIPOJOBOJBCTBEHHBIX Mara3uHOB HeJb3sl pacCMaTpUBaTh Kak
YTO-TO IIOJIOKUTENBHOE.

! 3xech u Jasee caoBapHas HHGOPMAIUA AAeTCsl B COKPAIIEHUH.

2 CoBceM HeZIlaBHO, CJI0BO 6ecnopsadku BEIPa)Kaso MOJOXKUTEIbHYIO OLIEHKY: «HapOJHbBIE BOJI-
5

HEHW, ABJIABIINECA BBIPaXKeHUEM IIPOTeCTa IPOTUB BIACTH 3KCILTyaTaTopoB» [MAC].
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B 6;10r0BOI KOMMYHUKaIMU $ppasa g npussbiear ecex K maccosbim becnopsiokam
He BIIOJIHE eCTeCTBEHHA I10 CIe[YIOMNUM IPUYMHAM. Bo-TIepBBIX, OHA COAEP)KUT IIUTa-
LUIO IOPUANYEeCKON TEPMUHOIOTUH. JleiCTBUTENIbHO, IOPUANIECKUI TEPMUH «IIPU3bIB
K MaccoBBIM OeCIopsAgKaM» OTHOCUTCS K THUCbMeHHOU peun (Cp. dpassl, He BIIOTHE KOpP-
PEKTHBIE B OOBIZIEHHON KOMMYHUKAIUU: A NPU3bLBAI0 8030Y0UMb 8paxcdy K 2pynne.iul,
8bl0e151eMOTL N0 PeNULUOZHOMY NPUHAKY; 5L NPU3LLEATI0 NOXUMUMb Wy oe UMY ULeCTNE0).

Bo-BTODBIX, IPU3EIB K JeHCTBUAM, KOTOpPBIE CaM I'OBOPAIINI OlleHUBAET, CKO-
pee, OTpUIIaTeNbHO, IParMaTUIecKy aHOMaJeH U3-3a ¢peHOMeHa «HJIIIOKYTHBHOI'O
camoybuiictBa» 1o 3.Benzanepy (Benzasep 1985). Cp. IpHU3BIBE, HEKOPPEKTHEIE
10 TOH ke mpuunHe: S npusslearo k oepabsieHuto mazasuHal; 4 npussiearo Kk 06Mamy
nokynameseii! mpu HopMe £ npu3swlgaio k 6opbbe 3a ceemoe 6ydyujee uenogeuecmea!

B-TpeThuX, B paccMaTpuBaeMoil ¢ppase nuTanus I0pUANIECKON TEPMIHOIOI MU
yKa3bIBaeT Ha TO, YTO aBTOP oOpaliaeT BHUMAaHKE Ha BO3MOXKHBIE IOpHUJUYECKUe
CaHKIIUH, KOTOPBIE MOT'YT JIJI HETO [TOCJIe0BaTh II0CJIe JAHHOTO aKTa pe4eBoro IIo-
BeZleHUd («MeTaTeKCTOBOe» yoTpebieHue). Ha MeTaTeKCTOBBIHM XapaKTep IpuMepa
yKa3bIBaeT U NMOCAeAYIOMUI KOMMeHTapuii 6sorepa: PS a 8 umoze nomom mexs 06-
eunum CK e npu3wiee))) I'bl I'bI I'BI.

B-4eTBepThIX, B HCCIeZyeMOU 3alNcH IIpe/icTaBleHa Takasd MOTHBAIMA «IIPU3BIBA
K MacCOBBIM GecriopsZiKam» (Xomb ObL/X0mb 6bl/Xxomb 6bL/Hy nozpembcsi dce Hado 6ydem!!!),
KOTOPYIO HeJIb3s1 pacCMaTpUBAaTh Kak cepbe3Hoe 000CHOBaHME TaKOH J1eATeTbHOCTH.

BeIsiB/IEHHBIE XapaKTEPUCTUKHU 06CyKAaeMoil Gppasbl — HCIIOIb30BaHUE OPU-
AUYecKol TepMHUHOJIOTUY B 6I0r0BOM KOMMYHUKAIIUY, IPU3LIB K AeHCTBUAM, KO-
TOpble caM aBTOp OLIEHUBAeT, CKOpee, OTPHUIlaTeIbHO, MeTaTeKCTOBbIM XapaKTep
ynoTpebyieHUs, Hecepbe3HOCTh 0O0CHOBAHMUS IIPU3bIBa K OecropsgkaM — Bce 3TO
yKa3bIBaeT Ha TO, YTO B pacCMaTpUBaeMOli 3allKcH B 6Jiore peanusyeTcs ceMaHTHKA
caMoupoHuU. VIpoHHUA CyllecTBEHHO CHUKAeT CUIy HeraTHBHOH OLleHKH, YKa3bIBast
Ha «Hecepbe3HOCTh», HADOUUTHIH XapaKTep pedeBoro oBeleHuA.

4. [IucKypCHUBHBIH pPeKUM SI3bIKOBOI UTPhI

Kak usBecTHO, urpa CHUMaeT MHOTHe couuanbHble Taby. B mureparype He-
OJHOKPATHO OTMeYasIoCh, YTO BO BpeMs KapHaBajla CHUMAIOTCsS MHOTHE KYJIbTyp-
HbIE U PEIUTUO3HBIE 3aMIPETHI, IOCKOJIBKY IT0 CBOEMY COZEPKAHUI0 U GYHKIIMY UTpa
[IPOTHBOIIOCTABIEHA PEAJBHOCTH U BHIBOAUT 32 PAMKH 3TUYECKUX OLIEHOK MHOTHE
¢$bopMBI 06BIYHO TaGYUPOBAHHOI'O MOBEAEHUA (CP. IO 3TOMY MOBOAY HCCIeI0OBaHUE
KapHaBaJa Kak ¢eHoMeHa Ky/nbTyphl B paborax M. M. BaxtuHa — BaxTus 1965).

KoHTeKCT A3bIKOBOI UTPhI 0C/IABJISAET, 8 B HEKOTOPHIX CIy4asiX ¥ BOBCE HUBEIUPYET
OLIEHOYHYO COCTABJIAIOIIY 0 MHOTHX SI3bIKOBBIX HOpM. Tak, OlleHOUHBIE CJIOBOCOYETAaHUS
OepbmoKpambt, 1ubepacmol, Moepacms. epejaloT HETaTUBHYO OLIEHKY B CYIECTBEHHO
6ostee ocabieHHON GOpMe, YeM COOTBETCTBYIOIHE TTIOJHbIE HEUTPOBBIE MTPEIUKAIUH:
Jlemoxpambt — depbmo, JTubepanst — nudopacst, TonepaHmHble 100U — NUOOPACHL.

CiefyeT OTMETUTb, YTO WUI'POBOI PEXHUM [JaleKO He BCerja CHIKAaeT Hera-
THUBHYIO OLEHKy. Tak, pupMoBaHME, UCIIONb30BAaHUE AIUTEPALMil 4acTO HUKaK
He 3aTparuBaeT OI[eHOYHOCTb KOHTEKCTA, 8 B HEKOTOPHIX CIyYasix JaXKe ee YCUINBaeT.
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Hanprmep, B JTMCTOBKE MPABOIKCTPEMUCTCKOrO TOJIKA, HAIIPABJIEHHON IPOTUB MU-
TPaHTOB, BO ¢pase noiimaeulb Mpasb — no mMopde — XpsiCb, COMPOBOXKIAIOIIEH COOT-
BETCTBYIOLIUM PUCYHOK, CJIOBO C OYEBUIHOU HETaTUBHOU OI[EHKOU Mpa3b HE MeHseT
CBOWX XapaKTEPUCTHK B CTOPOHY CHIKEHHUS OTPHUIATENbHON OLleHKU 0OBEeKTa oIle-
HuBaHUA. [IpryeM pudMoBaHUe Mpass — Xpsich, OYAydU IUCTO UTPOBBIM IIPHUEMOM,
B IaHHOM CJIy4ae, CKopee, yCUIMBAET HEraTUBHYIO OLIeHKY, 9YeM IIpeyMeHbIIaeT. DTO
CBSI3aHO C TeM, YTO CJIOBO XPsiCb, YKa3bIBas HA MHTEHCUBHOCTb GU3NYIECKOT0 BO3/e-
ctBUs (yAapa) U Aaxke HEKYIO YZAOBJIETBOPEHHOCTH OT IIPOM3BeIeHHOT0 e CTBU A, I1e-
peziaeT obIIyI0 MOJIOKUTENbHYIO OLeHKY aBTOPOM JINCTOBKHU (a TaKKe ee ZIeMOHCTpa-
TOpOM) CHUTYal[U W30HEeHUs HeyrogHoro Jjuna. HeraTuBHasA olleHKa M36MBaeMOro
B CJIOBE MpPA3b TIOAJEPKUBAETCA M YCUIUBAETCS OOIIEH MOJOKUTETbHOU OIeHKON
¢dusnyeckoro Bo3eHCTBYUSA Ha HEYTOAHBIX, TUIIUYHOM /IS pe4eBbIX IPAKTUK IIPaBO-
9KCTPEMUCTCKOro AucKypca. OcabieHre OLleHOYHOCTH B UTPOBBIX KOHTEKCTAX JKC-
TPEMUCTCKOTI'O IUCKYPCa Helb3sl pacCMaTpUBaTh KaK YHUBEPCAIbHOE [IPABUIIO.

5. /IMCKypCUBHBIN peXUM OOIIeNpUHATON HOMHUHALIUHU

B Ha3BaHUAX JOBOJBHO YACTO IPUCYTCTBYET OLleHOYHAs JIEKCUKa, OZHAKO B 00-
MIETPUHATON HOMUHAUWU (B ee BHYTpPeHHeH GOpMe) OlleHOUHBIE CMBICJIBI OCTabIs-
IOTCS WK TEPAIOT CBOIO crly. OIleHOYHAS COCTABIAOAA CTAHAAPTHHIX HOMUHAIINH
MPOSIBJISIETCS TOJIBKO KaK paKTOP CKPHITOro (MMILIMIIMTHOTO) Bo3AekcTBus. Hampu-
Mep, B odUIMaIbHON HOMUHAIMY «['0CylapCTBEHHBIN YHUBEPCUTET BhICIIAS ITKOJIA
9KOHOMUKU» ITIOYTH BCE CJIOBA — 3@ UCKJIIOYEHHEM CJIOBA IKOHOMUKA — UMEIOT I10-
JIOXKUTEIbHBIE KOHHOTAIIMN IIpAarMaTH4ecKOro XapakKTepa: IpuJaraTesibHOE 20Cy-
dapcmeeHHblil B pacCMaTPUBAEMOM KOHTEKCTE CBSI3BIBAETCS C HEel CTabUIbHOCTU
¥ OCHOBATEJBHOCTH (Cp. MOl pebeHOK nocmynu. 8 20Cy0apcmeeHHbLIl 8y3, a He 8 uacm-
Hblll), CJIIOBO yHUBepcumem — € BCeOObEMJIIOIINM 3HAHUEM U YHHBEPCATbHOCTHIO
00y4YeHUs, YTO TaKXKe BOCIPUHUMAETCA KaK YTO-TO IOJOKUTETBHOE; CII0BOCOYETa-
HUe 6blCULAS WKOLA YKA3bIBaeT Ha MaKCUMaIbHO BO3MOXKHYIO CTelleHb 06pa3oBa-
HUA U 00y4yeHUA. [IOHATHO, YTO JaHHOE HAa3BaHHE CKOHCTPYUPOBAHO COBEPLIEHHO
LieJIeHAIIPABIEHHO: KaK IpHeM UMIITUIIUTHOr'O HaBeIeHU II0JI0KUTEIbHOH OLIEHKU.
VHTEepecHO, 4TO A3BIKOBAsA IPAKTHUKA [TOLIIA IT0 HEO)XXKUAAHHOMY ITyTH, BEIOPAB JINIIb
OZIHO CJI0BO — Bblwka, — KOHHOTAIIU KOTOPOT'0 He 6eCCIIOPHO NOJIOKUTENbHbIE (CP.
JKaproHMU3M 8bllKA KaK 0003HaUYeHe «BBICIIEl Mephl HaKa3aHUsA» — paccTpesia).

To >Xe BEPHO U B OTHOLIEHNY HEraTHBHBIX OLIEHOK: HeraTHBHBIE OLIEHKU B CO-
CTaBe CTaHZapTHOM HOMUHAIIUY YacTo HUBenupyooTc. Tak, B (Yenenckuit 2000: 31)
pasbupaeTrcsa IpUMep HCIIONb30BaHUA CTAHZAPTHOM HOMHUHAIUU cobaxa Kanuw
[yapsb] («ITOCTOAHHOTO AUTETA») B PYCCKOM ¢osbkiaope. [IOHATHO, YTO B TAKOH HO-
MUHaUU QUKCUPYeTCa uzeosorudeckas (U MOJUTHYECKAA) TO3UIHA FOBOPAILErO:

T'osopun cobaka KanuH yaps da mo makossl c108a:
— Ail e cmapsta kazak 0a Unvsi Mypomey! <...>
— He cayxcu-mko mut KHA310 Baadumupy.

— Jla ciyncu-mko met cobake ILlapto Kanumy.
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B mociezHeM ciay4yae caMoMy Iapio KajauHy NpuyceiBaeTcss HOMUHAIWA, KO-
TOpas O4YeBUHO He MOIJIa 3By4aTh U3 ero yCT. Bo3zelicTBylomuii o deKT B tepesade
HEraTHUBHOH OLIEHKHU B TaKUX CJydYasax IIPU IIOCTOSSHHOM BOCIIPOM3BOZCTBE CyIIe-
CTBEHHO yMeHbIaeTcsa. DTO CBA3aHO C TeM, YTO Lieb HCIIOJb30BAHUA TAaKOU He-
OJIOTMYEeCKON HOMUHALIMY COCTOUT B CAMOOTOX/ECTBIEHUH I'OBOPSIIEro C OIpeze-
JIEHHOU pedepeHTHOU I'PyIIIOH, UCIIOIb3YIOlIeH 3Ty HOMUHAIIHNIO, 8 HE B TOM, YTOObI
BBIPA3UTh HETATUBHYIO OLIEHKY.

6. /[lucKypCUBHBIN pexXuM HeonpeeIeHHOU
U ompesiesieHHOM pedepeHI NN

JleHOTaTUBHBIY cTaTyC UMeHU (MMeHHOU rpyIbl) KaK YCUIUBAET, TAK U CHU-
’)KaeT HeraTUBHYIO OLIeHKY, KOTopas K HeMy OTHOCUTCA. OTHECEHHOCTh HeraTHB-
HOU OILIEHKM K KOHKPETHOM CYI[HOCTH, 00O3HAYeHHOU OmnpejieeHHON HMeH-
HOH TDYIIIOH, yCUJIMBaeT HeraTUBHYIO oueHKy. Tak, ¢pasa Ilempos — uduom
nepejaeT CUJIbHBIN BapUaHT HEraTHBHOM OLIEHKU. B TO ke BpeMs OTHECEHHOCTh
OLIeHKU K HeoIlpe/ileIeHHOMY MHOXXECTBY JIUI HEraTUBHYIO OLIEHKY CYILIeCTBEHHO
CHUIKaeT: Omo cdenanu kKakue-mo uouomst. HEBO3MOXHOCTb SCHOH aTpUOyIIUU
HeraTUBHOH OI[eHKU CHIKAeT ee KOHPJIUKTHOCTD, @ KOHKpeTHAasA pepepeHI U Cy-
[IeCTBEHHO IIOBHIIIAeT. VIMEHHO [T03TOMY, B IIPaKTHKe CYZeOHBIX Zlesl [0 3al[UTe
yecTH U ZilocTouHCcTBa (cT. 152 TK PD) dpasel Tuna lauwHuku 6epym ezsmku, B mu-
HuUcmepcmae 8ce yce Npo80po8aAUCH, Pyko800cmeo KOMNAHUU NO2PsA3N0 8 CKAHOA-
JaX U CKJI0KAX TIPY YCIOBUY OTCYTCTBUSA IIOTUTHIECKOH COCTABIAIOEN HE UMEIOT
Cepbe3HOU Cy/eOHOM MepCcrneKTUBhL. JJefiCTBUTENbHO, KOHKPETHBIE WA HE YKa-
3aHBI, HeraTUBHAsA OleHKA OTHOCUTCA IN60 K HeollpeeleHHONM NUMEeHHOH IpyIe
(cauwHuku), 16O K UMEHHBIM I'PyIIIIaM, 0603HaYaIOUUM MHOXKECTBa el (Mu-
Hucmepcmao, pykogoocmeo komnauuu). TeM caMbIM, KOHKPeTHBIe JIUIA ONATh-
TaK¥ He Ha3BaHBI.

CoBeplIeHHO WHAA CUTyalusa ¢ KOHTEKCTaMU, B KOTOPHIX pedepeHnNa UMeH!
olpeJiesieHHA:

HauanvHuk emopozo ynpasaenus TUB/[/] I1. Konnakog uzgecmHbtil
83simouHuk; 3ammunucmpa Ezopos 6bL1 ynuuen 8 goposcmae 6100xcemHuLx
cpedcme; CxaHOa 6bL1 UHUYUUPOBAH, KAK 8cez0d, 3amecmumeiem
IIpedcedamens HabarodamenvHozo cogema komnanuu Jasudosuuem.

CHIDKAIOT HETaTUBHYIO OIIEHKY U caboolpesieieHHble UMeHHbIe IPyTIbl (pe-
bepeHT U3BeCcTeH roBop:AIIEMY, HO HEM3BeCTeH ciyliaroieMy). Tak, dpasa Hekomo-
pble KoMnanuu Oelicmeosanil He 8NOJIHE 3AKOHHO U CYMeau NOSYHUms noopsodst 6e3
meHOdepa CyIeCTBEHHO MeHee KOHQIMKTHA, 4eM Komnanuu [Tapk-mpecm u Besocumu
dellcmeosanu He 8NoJIHe 3aKOHHO U CyMeJiu Noyuums noodpsiost 6e3 mexdepa. Pazyme-
eTcs, KOHQINKTHOCTD U CTEeNeHb HEraTUBHOCTHU OIIEHKHU HE OJHO U TO JKe, OJHAKO
B 0061IIeM ciry4yae CHM)KeHUE KOHGIMKTHOCTH KOHTEKCTA BIEUET U YMEHBIIEHNE «He-
TaTUBHOCTHU» OIIEHKH.
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JMCKYPCUBHBIE pEXXUMBI, 6yy41 Ba>KHOH XapaKTepUCTUKOHN OOIeH A Ha ecTe-
CTBEHHOM SI3BIKE, TIPEJCTABIIAIOT COO0M MHTErpajibHble peHOMEHBI, CPOPMUPOBAH-
HBIe KJIacTepaMU 0oJjiee YHUBEPCAJbHBIX CBOMCTB KOMMYHHUKAIIUN, KOTOPbIE BOC-
NIPOU3BOZASATCA BMECTE B COOTBETCTBUU C IPABUJIAMU IIOCTPOEeHUA, GOPMUPOBAHUA
1 GYHKIIMOHUPOBAHUSA TOTO WX MHOTO AUCKypca. K HUM ciieZiyeT OTHEeCTH MHOr'He
Ba)KHBIE OINIO3UILINY, y)Ke 00CYKJaBlIriecs B paMKaX TEOPUHU KOMMYHHKATHBHON
OpraHH3ali¥ BICKA3bIBAHUA U TEKCTA, B cdhepe NparMaTUKy U JOrUIecKor Tpaju-
WU «<MCTUHHOE — JIOKHOE», «PeaTbHOCTh — GUKTUBHOCTb», «<HACTOAIIee — KaXy-
jeeca», «<HEeOIIpeAeJ€eHHOCTb — OIIPeEJIEHHOCTb», <<(1)0H — c])nrypa», «KOHTpacCT —
OTCYTCTBHE KOHTpacTa» U Jp. Tak, AJd AUCKYPCUBHOTO PeXUMa OOLIeNpHUHATON
HOMUHAaIIH PeJIeBAaHTHBIMY OKa3bIBAIOTCA ZIBE IIOCIEJHUX OIIIO3UIINH, IIOCKOIbKY
Takye HOMHUHAIWU ABAAIOTCA GOHOBEIMHU M OHU B OOIeM ciIydae He CTAaHOBATCH
doxycoMm KoHTpacTa. [l AUCKYPCUBHOI'O peXXMMa HMPOHUM CyLIeCTBEHHOH OKa-
3BIBaeTCA IlepBas ONIO3ULNA, IOCKOJIbKY UPOHUSA IpPeAIoIaraeT, YTO TOBOPAIINI
UMeeT B BUZY POBHO IIPOTUBOIIOJNIOXKHOE. JJUCKYPCUBHBIM pEXUM A3BIKOBOM WUT'PHI
[I03BOJIIET IIPOTHBOIOCTABUTDL peajibHOe, HAacTosAllee U QUKTUBHOE, KaXKyleecs.
HeonpezenenHas pedepeHIUa cBA3aHa C KaTeropUil HeolpeseJeHHOCTH U 4acTo
peanusyercsa Kak GOH B OTCYTCTBHUU KOHTPACTA.

YkasaHHBIE ONINO3UIINHI MOTYT UCII0Ib30BaThCA KaK JUAarHOCTUYECKHE /I BBI-
ABJIEHUA AUCKYPCHBHOI'O PeXMMa: Tak, QOKyCHUpPOBaHMe aKTaHTa CUTYaLUU WU,
Hao60pOT, IepeMeleHue ero B GOHOBbIH KOMIIOHEHT COOBIEHU MOXKET CBUETEb-
CTBOBAaTh O CMeHe AMCKYPCHBHOI'O pe)XuMa. [IpoTHUBOpedusa B aBTOPCKOH OlLieHKe
TUNWYHBL A1 UPOHUU. VIMEHHO B 3TOM HalpaBJIeHUH MOKHO BHJETh BO3MOKHBIN
QJITOPUTM BBIABIEHUA JUCKYPCUBHOI'O PeXXMMa JJIs IPOrpaMM aBTOMAaTHYeCKOH
06paboTKU TeKCTa. BBejeHUe MO/ BHIABIEHUS JUCKYPCHUBHOIO peXyMa B Iep-
CIIEKTUBE MOIJIO OBl CyI[eCTBEHHO YTOUHUTH Pe3yabTaThl aBTOMATHYeCKOTr0 MOHU-
TOPHHTA TOHAJBHOCTHU JUCKYpPCa, OCHOBAHHOT'O Ha CJIOBapHON UHGOPMAIIUHU.

PaccMOTpeHHble JUCKYPCUBHBIE PEXXHMBI He HCYepIIBIBAIOT BeCh CIIHCOK Ta-
Kux peHoMeHOB. Tak, Ha CTaTyC JUCKYPCUBHOTO PeXXMUMa MOTYT MPETEH/0BATh 1U-
Tanus, pasaudHbie GopMbl pedheprupoBaHUA COEPKAHUA TEKCTA, METATEKCTOBBIE
ynoTpebieHus, chepa ueoa0ru3anpoBaHHOro GYHKIIMOHUPOBAHUS peUeBbiX GOpM.
BiusHue AUCKYPCUBHOTO pEXXMMa HMCILITHIBAET HE TOJbKO OLIEHKAa, HO U MHOTHE
Apyrue ceMaHTUYeCKre KaTeropuu — KakK pedeBble aKThl, TaK U Pa3JUYHBIE CIIO-
COOBI «yTTaKOBKH» MHOTOMEPHOT'O CMBICJ/Ia BHICKA3bIBAHUA U TEKCTA.
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Our paper deals with the rapidly developing area of corpus linguistics re-
ferred to as Web as Corpus (WaC), i.e., creation of very large corpora com-
posed of texts downloaded from the web. Some problems of compilation
and usage of such corpora are addressed, most notably the “language
quality” of web texts and the inadequate balance of web corpora, with the
latter being an obstacle both for corpus creators, and its users. We intro-
duce the Aranea family of web corpora, describe the various processing
procedures used during its compilation, and present an attempt to increase
the size of its Russian component by the order of magnitude. We also com-
pare its contents from the user’s perspective among the various sizes of the
Russian Aranea, as well as with the other large Russian corpora (RNC,
ruTenTen and GICR). We also intent to demonstrate the advantage of a very
large corpus in linguistic analysis of low-frequency language phenomena
in linguistics, such as usage of idioms and other types of fixed expressions.
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B cTaTbe 06CyX[aeTcsi OOHO M3 aKkTMBHO Pa3BMBAEMbIX HamnpaBfieHWi
B KOPMYCHOW NWHFBUCTMKE — CO34aHuMe KOoprycoB 6osblioro obbema
Ha ocHoBe TeKCTOB 13 Beba. MNMokasaHbl X BO3MOXHOCTM B UCCeL0BaHUN
N ONUCaHUW YCTONUYMBBLIX coveTaHuin. ONUCbIBAOTCS TEXHOMOMUS U NpPO-
6nembl nx co3panus. ObcyxaatTca NpobremMbl TakMx KOPrycoB, KOTOpble
CTaBAT BONPOCHI Kak nepe pa3paboTynkaMmm KOpnycoBs, Tak 1 nepep nosb-
30BaTeNAMU, a UMEHHO, NPo6aeMbl MOpPGONOrMyeckon pasmeTkn n cba-
JIAHCMPOBAHHOCTM KOPMYCOB.

KnioueBble cnoBa: BeG-kopnyckl, WaC TexHonorusi, penpeseHTaTuB-
HOCTb, C6anaHCUPOBAHHOCTb, OLlEHKa

0. Introduction

Quantitative assessment of language data has always been an area of great in-
terest for linguists. And not only for them: as early as in 1913, the Russian mathema-
tician A. A. Markov counted the frequencies of letters and their combinations in the
Pushkin’s Eugene Onegin novel, and calculated the lexical probabilities in the Russian
language [Markov, 1913]. With the advent of first computers, the usage of quantitative
methods in linguistic research has accelerated dramatically [Piotrovskiy 1968; Golovin
1970; Alekseev 1980; Arapov 1988], aiding in creation of frequency dictionaries' and
in other research activities of theoretical and applied nature [Frumkina 1964, 1973].

The next step in using quantitative methods in language research has been done
within an area of corpus linguistics. The results of corpus queries are usually accompa-
nied by the respective statistical information. Advanced corpus management systems
provide for obtaining all sorts of statistical data, including those of linguistic catego-
ries and metadata. Combination of quantitative methods, distributional analysis and
contrastive studies is becoming the basis of new corpus systems that could be referred
to as “intellectual”. Their functionalities include automatic extraction of collocations,
terms, named entities, lexico-semantic groups, etc. In fact, corpus linguistics based
on formal language models and quantitative methods is “learning” to solve intellec-
tual semantic tasks.

Assuming that one of the main features of a representative corpus is its size,
then a 100-million token corpus, considered a standard at the beginning of this cen-
tury, now appears in many cases to be insufficient to receive relevant statistical data.
To study and adequately describe multi-word expressions consisting of medium or low-
frequency words, it is necessary to apply large and even very large corpora. In the con-
text of this paper, we call a corpus “very large” if its size exceeds 10 billion tokens?.

! It should be noted, however, that first frequency dictionaries have been compiled well in the
pre-computer era, in the end of thel9th century [Kaeding 1897].

2 In Russian, we suggest the term “cBepx60JbI0it KOpITYC”.
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1. Web as Corpus

Nowadays, the “big data” paradigm became very popular. According to Wikipe-
dia, “Big data is a term for data sets that are so large or complex that traditional data
processing applications are inadequate”. This “big data” now seem to have approached
the corpus linguistics.

Compilation of traditional corpora is usually a laborious and rather slow process.
As soon as the need for larger corpora has been recognized, it became clear that the
requirements of the linguistic community cannot be easily satisfied by the traditional
resources of corpus linguistics. This is why many linguists in the process of their re-
search turned to Internet search services. But using search engines as corpus query
systems is associated with many problems (cf. [Kilgarriff 2007; Belikov et al. 2012])—
this is where the idea of Web as Corpus (WaC), i.e., creation of language corpora based
on the web-derived data has been born. It was apparently for the first time explicitly
articulated by Adam Kilgarriff [Kilgarriff 2001; Kilgarriff, Grefenstette 2003].

In early 2000s, a community called WaCky!* was established by a group of lin-
guists and IT specialists who were developing tools for creation of large-scale web
corpora. During the period of 2006-2009, several WaC corpora were created and
published, including the full documentation of the respective technology, with each
containing 1-2 billion tokens (deWaC, frWacC, itWaC, ukWaC) [Baroni et. al 2009].

In 2011, the COW® (COrpora from the Web) project started at the Freie Univer-
sitat in Berlin. Within its framework, English, German, French, Dutch, Spanish and
Swedish corpora have been created. In the 2014 edition (COW14) of the family, sizes
of some corpora reached almost 10 billion tokens, while the German corpus has 20 bil-
lion tokens [Schifer, Bildhauer 2012; Schéfer 2015]. These corpora are accessible (for
research purposes) via the project web portal®. The site also provides English, Ger-
man, Spanish and Swedish corpus-based frequency lists.

Large number of WaC corpora has been created and/or made available within
the framework of the CLARIN Project in Slovenia (Jozef Stefan Institute). Besides the
respective South Slavic languages (bsWaC, hrivaC, slWaC, sriwaC) [Ljubesi¢, Erjavec
2011; Ljubesi¢, Klubicka 2014], corpora for many other languages, including Japa-
nese, are available there. Their sizes vary between 400 million and 2 billion tokens.
Most of the corpora are accessible” under NoSketch Engine® without any restrictions.

None of the projects mentioned, however, includes the Russian language.

The largest number of WaC corpora was created by Lexical Computing Ltd.
(Brighton, UK & Brno, Czech Republic) company that made them available within

3 https://en.wikipedia.org/wiki/Big_data
4 http://wacky.sslmit.unibo.it/

5 http://hpsg.fu-berlin.de/cow/

5 https://webcorpora.org/

7 http://nl.ijs.si/noske/index-en.html

8 https://nlp.fi.muni.cz/trac/noske
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Sketch Engine® environment. At the time of writing this paper (April 2016), these cor-
pora covered almost 40 languages, including Russian, and their sizes varied between
2 million and 20 billion tokens. The size of the largest Russian ruTenTen corpus was
18.3 billion tokens [Jakubicek et al. 2013].

From today’s perspective, we can see that the WaC technology has succeeded.
Related set of application programs that represent effective implementation of this
technology has been published, including tools for web crawling, data cleaning and
deduplication, with many of them under free or open-source licenses (FLOSS) that
made the technology available also for underfunded research and educational institu-
tions in Central and Eastern Europe.

There are, however, also other approaches to creation of very large corpora. One
of them—Dbased on massive digitization of books from public libraries—has been at-
tempted by Google (available via Google Books Ngram Viewer!?) [Zakharov, Masevich
2014]. Another possibility is creating corpora based on the integral web collections,
such as the General Internet Corpus of Russian'' (GICR, 19.7 billion tokens) [Belikov
et al. 2013], that is composed of blogs, social media, and news.

2. WaC “How To”

To create a web corpus, we usually have to perform (in a certain sequence) opera-
tions as follows:
* Downloading large amounts of data from the Internet, extracting the textual
information, normalizing encoding
¢ Identification the language of the downloaded texts, removing the “incorrect”
documents
* Segmenting the text into paragraphs and sentences
* Removing duplicate content (identical or partially identical text segments)
* Tokenization—segmenting the text into words
* Linguistic (morphological, and possibly also syntactic) annotation—lemmatiza-
tion and tagging
¢ Uploading the resulting corpus into the corpus manager (i.e., generating the re-
spective index structures) that will make the corpus accessible for the users.
With the exception of first two, all other operations have been already included
(to a certain extent) in the process of building traditional corpora. It is therefore often
possible to use existing tools and methodology of corpus linguistics, most notably for
morphological and syntactic annotation.
Downloading data from the web is usually performed by one of two stan-
dard methodologies that differ in the way how the URL addresses of the web pages
to be downloaded are retrieved.

°  http://www.sketchengine.co.uk
19 https://books.google.com/ngrams

1 http://www.webcorpora.ru/en
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(1) Within the method described in [Sharoff 2006], a list of medium-frequency
words is used to generate random n-tuples that are subsequently iteratively
submitted to a search engine. Top URL addresses delivered within each search
are then used to download the data for the corpus. The process can be partially
automated by the BootCaT'? program [Baroni, Bernardini 2004].

(2) The second method is based on scanning (“crawling”) the web space by means
of a special program—crawler—that uses an initial list of web addresses
provided by the user and iteratively looks for new URLs by analysing the
hyperlinks at the already downloaded web pages. The program usually works
autonomously and may also perform encoding/language identification and/
or deduplication on the fly, which makes the whole process very efficient and
allows in a relatively short time (several hours or days) download textual data
containing several hundreds of millions tokens. Two most popular programs
used for crawling the web corpora are the general-purpose Heritrix'® and
a specialized “linguistic” crawler SpiderLing'* [Suchomel, Pomikalek 2012].

Each of the methods mentioned above has its pros and cons, with the former be-
ing more suitable for creation of smaller corpora (especially if the corpus is geared to-
wards a specific domain), while the latter is usually used to create very large corpora
of several billions of tokens in size.

3. The Aranea Web Corpora Project: Basic
Characteristics and Current State

The Aranea' family presently consists of (comparable) web corpora created by the
WacC technology for 14 languages in two basic sizes. The Maius (“larger”) series corpora
contain 1.2 billion tokens, i.e. approximately 1 billion words (tokens starting with alpha-
betic characters). Each Minus (“smaller”) corpus represents a 10% random sample of the
respective Maius corpus. For some languages, region-specific variants also exist that, e.g.,
increase the total number of Russian corpora to six. Araneum Russicum Maius & Minus in-
clude Russian texts downloaded from any internet domains, Araneum Russicum Russicum
Maius & Minus contain only texts extracted from the .ru and .p¢ domains, and Araneum
Russicum Externum Maius & Minus are based on texts from “non-Russian” domains, such
as.ua, .by, .kz, etc. For more details about the Aranea Project see [Benko 2014].

According to our experience, a Gigaword corpus can be created by means of FLOSS
tools in a relatively short time, even on a not very powerful computer. After the pro-
cessing pipeline had been standardized, we were able to create, annotate and publish

12 http://bootcat.sslmit.unibo.it/
13 https://webarchive.jira.com/wiki/display/Heritrix
4 http://corpus.tools/wiki/SpiderLing

15 http://ella.juls.savba.sk/aranea_about
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a corpus for a new language in some 2 weeks (provided that the respective tagger was
available).

The situation, however, has changed when we wanted to increase the corpus
size radically. We decided to create a corpus of a Maximum class, i.e., “as much as can
get”. Our attempt to create the Slovak and Czech Maximum corpora revealed that the
limiting factor was the availability of the sufficient amounts of texts for the respective
languages in Internet. With standard settings for SpiderLing and after several months
of crawling, we were able to gather only some 3 Gigawords for Slovak and approxi-
mately 5 Gigawords for Czech.

To verify the feasibility of building very large corpora within our computing en-
vironment, we decided to create Araneum Maximum for a language, where sufficient
amount of textual data in Internet is expected. The Russian language has been chosen
for this experiment, and the lower size limit was set to 12 billion tokens, i.e., ten times
the size of the respective Maius corpus.

It has to be noted that the work was not to be started from scratch, as the data
of existing Russian Aranea had been utilized. After joining all available Russian texts
and deduplicating them at the document level, we received approximately 6 billion
tokens, i.e., seemingly half of the target corpus size. It was, however, less than that,
as the data had not been dedulicated at the paragraph level yet.

The new data was crawled by the (at that time) newest version 0.81 of SpiderLing,
and the seed URLs were harvested by BootCaT as follows:

(1) Alist of 1,000 most frequent adverbs extracted from the existing Russian
corpus was sorted in random order (adverbs have been chosen as they do not
have many inflected forms and usually have rather general meaning).

(2) For each BootCat session, 20 adverbs were selected to generate 200 Bing queries
(three adverbs in each), and requesting to get the maximal amount of 50 URLSs
from each query. This procedure has been repeated five times, totalling in 1,000
Bing queries.

The number of URLs harvested by a single BootCaT session in this way was usually
close to the theoretical maximum of 50,000, but it decreased to some 40,000-45,000
after filtration and deduplicaction. The resulting list was sorted in random order and
iteratively used as seed for SpiderLing.

To create a Maius series corpus, we always tried to gather approximately 2 billion
tokens of data, so that the target 1.2 billion can be safely achieved after filtration and de-
duplication. For “large” languages, this could be reached during first two or three days
of crawling. As it turned out later, we were quite lucky not to reach the configuration
limits of our server, most notably the size of RAM (16 GB). As all data structures of Spi-
derLing are kept in main memory, when trying to prolong the crawling time for the Rus-
sian the memory limit has been reached only after approximately 80-90 hours of crawl-
ing. Though some memory savings tricks are described in the SpiderLing documenta-
tion, we, nonetheless, had to opt for a “brute force” method by restarting the crawling
several times from scratch, knowing that lots of duplicate data would be obtained.
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In total, 12 such crawling iterations (with some of them consisting of multiple
sessions) have been performed, during which we experimented with the number
of seed URLs ranging from 1,000 to 40,000.

To speed up the overall process, another available computer was used for clean-
ing, tokenization, partial deduplication and tagging of the already downloaded lots
of data. Moreover, the most computationally-intensive operations (tokenization and
tagging) have been performed in parallel, taking the advantage of the multiple-core
processor of our computer. The final deduplication has been performed only after all
data has been joined into one corpus.

Our standard processing pipeline contains the steps described in Tables 1 and 2.

Table 1. Processing of a typical new lot (one of 12)

Processing
time

Operation Output (hh:m