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JIeMOHCTPALMOHHBINH BAPHAHT U METOAMYECKHE PEKOMEHallul
110 HanpaBJeHHI0 «DUI0JI0TU»
Ipopuin:
«KoMmaparuBuCTHKA: pyCcCKasi IUTEPATYPa B KPOCC-KYJIbTYPHOI NEPCIEKTHBE»
«KoMnboTepHast TUHTBUCTHKA»

JEMOHCTPAIIMOHHBINA BAPUAHT
Bpems BoinosiHeHus 3aaganusi — 180 MuHyT

B coomeemcmeuu co ceoum 6v160pom npozpammovl MAaZucmepcKoil noo2omoseKu
evl0epume u 6bINOJIHUME MOJILKO 0OUH 010K 3A0aHUIL.

biaox «kKKOMIIAPATUBUCTHUKA: PYCCKAS IATEPATYPA B KPOCC-
KYJbTYPHOU NNEPCIIEKTUBE»

Bbi0epute oHy U3 NpPeAJI0KEHHBIX TeM I HATUCAHMS Jcce:
1. IlepeBoauma nu ol3us?
2. ToiHsAHOB 1 BaXTHH: ONBIT CBEPXKPATKOTO COMOCTABICHHUS.

3. Pacckaxure o Baiem m00MMOM POCCUICKOM UITH 3apyOEKHOM (PUIOIOTHUECKOM
XKypHaJe.

Baok «kKOMIIBIOTEPHASA TUHI'BUCTUKA»

3ananmue 1.

[lepen Bamu oH-JaiH cucTemMa ‘“KOMMYHMKATUBHBIN areHT”. Ee ¢yHKIMsA coCcTOUT B
TOM, YTOOBI OOIIAThCS C TOJB30BATEIEM Ha 3aJaHHYIO TEMYy Ha E€CTECTBEHHOM S3BIKE.
Cucrema MOXET OTBEYaThb Ha IIOCTABJIEHHBIE BOIPOCHl U TMOJAECPKUBATH pPa3roBop.
KoMMyHUKaTUBHBINA areHT HACTPOEH Ha ONpPEAETICHHYI 00JacTh: JOCYT B BalleM TOpPOJE.
AreHT TIOMOraeT TMOJb30BaTENIl0 COPUEHTUPOBATHCS B PACIHUCAHUU U pemnepryape
KUHOTEaTpPOB, T€aTPOB, KOHIIEPTOB, BEIOpATh pECTOPaH JUIsl BCTPEUH C JIpY3bsIMHU, MECTO, T]Ie
MOKHO MPOBECTU BpeMs C AeTbMU. OJHUM CJIOBOM, Pa3roBOp C areHTOM JIOJKEH MOMOYb
NOJIb30BATENIO BHIOPATh, KaK U TJ€ OH Oy/AeT IPOBOIUTH CBOE CBOOOIHOE BPEMS.

Bama 3amaua kak KOMIBIOTEPHOTO JIMHIBHCTa — pa3paboTaTb METO0JIOTHIO
TECTHPOBAHUS KaueCcTBa pabOThl TMHTBUCTUUYECKUX MOAYJIEH cucTeMbl. B onucanum Barei
METOOJIOTHH JJOJKHBI OBITh OTPAKEHBI OTBETHI Ha CIIEIYIOIINE BOTIPOCHI:

1) Kakue umeHHO (yHKIMH, CBSA3aHHBIE ¢ OOpPaOOTKOW €CTECTBEHHOIO S3bIKa,
BaYXHBI IS TIpejIaraeMoro cepsuca u nouemy? Kakue u3 HuX aGCOTIOTHO HEOOXOIMMEI, a
0€e3 KaKUuX MOKHO 00OWUTHUCH?

2) C noMOoIIbI0 KaKUX 3alPOCOB ATH PYHKIIUU MOTYT OBITh POTECTUPOBAHBI?



3) Kakoit morna Obl ObITH cucTeMa pEeUTHHTOB (mTpadoB, OAMIOB W T.I.) IS
pa3HbIX  JIMHIBUCTHYECKMX  (QyHKIui? Kak  monyuutb W MHTEpIpPETHUPOBATH
PE3yIBTUPYIOIIYIO OLIEHKY KaueCTBa JIMHIBUCTUYECKOW CUCTEMBI B 11€JI0M?

4) Moryr naM HENOCTaTKM TOM WJIM HWHOW JIMHIBHUCTHUYECKOHM (QYHKIUHU OBITH
KOMITIEHCUPOBAHBI SKCTPATMHIBUCTUUECKUMU (BHESI3BIKOBBIMU) cpeAcTBaMu? Kakumu?

3ananue 2.

[Ipoutnte mOCT U3 Oiora, IOCBAIIEHHOIO AaBTOMATHYECKOW  00paboTke
ecrectBenHoro s3eika (http://nlpers.blogspot.com/). CocrtaBsTe KpaTKOe pe3fOME 3TOrO

1I0CTa Ha PYCCKOM s3bIke (00beMOM B ouH a03ail, HO He 6osee 1000 3HAaKOB), OTpa3uB B

HEM OCHOBHOM TE3HC aBTOpa I10CTa.

Seeding, transduction, out-of-sample error and the Microsoft approach...

My past master's student Adam Teichert (now at JHU) did some work on inducing
part of speech taggers using typological information. We wanted to compare the usefulness
of using small amounts of linguistic information with small amounts of lexical information
in the form of seeds. (Other papers give seeds different names, like initial dictionaries or
prototypes or whatever... it's all the same basic idea.)

The basic result was that if you don't use seeds, then typological information can
help a lot. If you do you seeds, then your baseline performance jumps from like 5% to
about 40% and then using typological information on top of this isn't really that beneficial.

This was a bit frustrating, and led us to think more about the problem. The way we
got seeds was to look at the wikipedia page about Portuguese (for instance) and use their
example list of words for each tag. An alternative popular way is to use labeled data and
extract the few most frequent words for each part of speech type. They're not identical, but
there is definitely quite a bit of overlap between the words that Wikipedia lists as examples
of determiners and the most frequent determiners (this correlation is especially strong for
closed-class words).

In terms of end performance, there are two reasons seeds can help. The first, which
is theinteresting case, is that knowing that “the™ is a determiner helps you find other
determiners (like "a") and perhaps also nouns (for instance, knowing the determiners often
precede nouns in Portuguese). The second, which is the uninteresting case, is that now
every time you see one of your seeds, you pretty much always get it right. In other words,
just by specifying seeds, especially by frequency (or approximately by frequency ala
Wikipedia), you're basically ensuring that you get 90% accuracy (due to ambiguity) on
some large fraction of the corpus (again, especially for closed-class words which have short
tails).

This phenomena is mentioned in the text (but not the tables :P), for instance, in
Haghighi & Klein's 2006 NAACL paper on prototype-driven POS tagging, wherein they
say: "Adding prototypes ... gave an accuracy of 68.8% on all tokens, but only 47.7% on
non-prototype occurrences, which is only a marginal improvement over [a baseline system
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with no prototypes.” Their improved system remedies this and achieves better accuracy on
non-prototypes as well as prototypes (aka seeds).

This is very similar to the idea of transductive learning in machine learning land.
Transduction is an alternative to semi-supervised learning. The setting is that you get a
bunch of data, some of which is labeled and some of which is unlabeled. Your goal is to
simply label the unlabeled data. You need not "induce" the labeling function (though many
approach do, in passing).

The interesting thing is that learning with seeds is very similar to transductive
learning, though perhaps with a bit stronger assumption of noise on the "labeled"” part. The
irony is that in machine learning land, you would never report “combined training and test
accuracy" -- this would be ridiculous. Yet this is what we seem to like to do in NLP land.
This is itself related to an old idea in machine learning wherein you rate yourself only on
test example that you didn'tsee at training time. This is your out-of-sample error, and is
obviously much harder than your standard generalization error. (The famous no-free-lunch
theorems are from an out-of-sample analysis.) The funny thing out of sample error is that
sometimes you prefer not to get more training examples, because you then know you won't
be tested on it! If you were getting it right already, this just hurts you. (Perhaps you should
be allowed to see x and say "no | don't want to see y"?)

| think the key question is: what are we trying to do. If we're trying to build good
taggers (i.e., we're engineers) then overall accuracy is what we care about and including
"seed" performance in our evaluations make sense. But when we're talking about 45%
tagging accuracy (like Adam and | were), then this is a pretty pathetic claim. In the case
that we're trying to understand learning algorithms and study their performance on real data
(i.e., we're scientists) then accuracy on non-seeds is perhaps more interesting. (Please don't
jump on me for the engineer/scientist distinction: it's obviously much more subtle than this.)

This also reminds me of something Eric Brill said to me when | was working with
him as a summer intern in MLAS at Microsoft (back when MLAS existed and back when
Eric was in MLAS....). We were working on web search stuff. His comment was that he
really didn't care about doing well on the 1000 most frequent queries. Microsoft could
always hire a couple annotators to manually do a good job on these queries. And in fact,
this is what is often done. What we care about is the heavy tail, where there are too many
somewhat common things to have humans annotate them all. This is precisely the same
situation here. | can easily get 1000 seeds for a new language. Do | actually care how well
| do on those, or do | care how well | do on the other 20000+ things?



METOJNYECKHUE PEKOMEHJIALIUUA

IMPOPUJIb « KOMITAPATUBUCTUKA: PYCCKASA JINTEPATYPA B KPOCC-
KYJbTYPHOH NEPCIIEKTUBE»

Occe mpeacTaBisieT €000l HEOOJIbIIOE COYMHEHHE TBOPUYECKOTO XapakTepa,
cojeprKallee pa3BepHyTOE, apryMEHTUPOBAHHOE M 3aKOHYEHHOE W3JIOKEHHWE OJHOTO WU
HECKOJIbKUX TE3UCOB, CAMOCTOSITENIbHO BBIJBUHYTBIX aBTOPOM B CBSI3U C BBIOPAHHOM UM
TEMOM. B kauecTBe TaKoro Te3uca MOXKET BBICTYNIUTh KakK THUIOTE3a Hay4dHO-
UCCIEA0BATENIbCKOIO XapakTepa, TaKk U KPUTHUYECKOE CYXKIEHHE O TOM WIH HHOM
auTepaTypHoOM (akTe. ABTOp MMEET MpaBO CY3UTh 3aJaHHYIO TEMY, MPUBEIS apryMEHThI
JUTSI KOHKPETU3AIMH B CAMOM TEKCTE ACCe U, TPH HEOOXOAMMOCTH, 100aBUB MO/13aTr0JIOBOK.

PaGoras Hanm scce, y4aCTHUK OJUMIOHUAAbI JOJKEH MPOJEMOHCTPUPOBATH 3HAHUE
XYJI0KECTBEHHBIX TEKCTOB M HAay4YyHOM JIUTEpaTypbl, B YaCTHOCTH, BKIIOUEHHOU
B PEKOMEH/IaTEJIbHBI  CIHCOK HUWXE. BplABUraeMble aprymMeHTbl JOJDKHBI  OBITh
MOJKPEIUIEHbl OTCBhUJIKAMU K MCTOYHHMKAM M HAay4dHOM JuTepaType, HE JOIMyCKaercs
OUTHpOBaHHE O0€3 KaBbIYEK M Iiepecka3 0e3 YyKa3aHHA KOHKPETHOIO aBTOpa U €ro
counHenus. [Ipu 3ToM He TpeOyercst moiaHoro odopmiieHus Oubinorpadguueckor CChUIKH,
JIOCTaTO4YHO B CAMOM TEKCTE 3CCE, BO BHYTPUTEKCTOBOW MJIM NOCTPAaHUYHOM CHOCKE yKa3aTh
dbaMuIMIo 1 MTHULIMAJIBI aBTOPA, Ha3BaHUE COYMHEHUS U, 10 BO3MOKHOCTH, IO/l BBIXO/1A.

Obwem scce ompenensieTcs KelaHHEM aBTOpa M BPEMEHEM, OTBEJICHHBIM Ha €ro
Hanucanue. Paboty Tpebyercs caaTh o uctedeHuu 150 MUHYT mociie Havajga OJIMMIIHAIbI,

MMpOAJICHHUEC OTBCACHHOI'O BPCMCHHU HC IOITYCKACTCA.

Kpurepuu onenku
B xoze o1eHKH MUCbMEHHBIX paboT BO BHUMAaHHWE MPUHUMAIOTCS CIEAYIOUINE ACTIEKTHI:
1. ConepxaTelbHOCTh U OPUTUHATBHOCTH BBIIBUHYTHIX aBTOPOM TE3UCOB.
2. JlornyHOCTP W TIOCJIENOBATEIBHOCTh  HW3JOXKECHHS,  KOMIO3HIIMOHHAs |
cojiep)KaTeNbHasi 3aKOHYEHHOCTh TEKCTa.
3. CmocoGHOCTh aBTOpa YOETUTENHbHO HCIOIb30BAThH B XOJ€ apryMeHTaluu
COOCTBEHHBIE 3HAHMS B 00J1aCTH HAYKH O JIUTEPAType U APYTUX TYMAHUTAPHBIX HayK.

4. KoppeKkTHOe UCTI0Ib30BaHNE HAYYHOU TEPMUHOJIOTUH.



5. CnocoOHOCTh aBTOpa OOpalarbcs C «4YyKUM CIOBOM», TOYHOCTb IEperayd uaeu
JPYTUX aBTOPOB, COOJIOCHHSI TPaBHJI IUTUPOBAHUS.

6. I'pamoTHas pycckasi pedb, OTCYTCTBUE TPAMMATHYECKUX U CTUIIMCTUYECKUX OIIHOOK.

IIpumepHBIe TEMBI 3cce:

O MoeM caMOM HENIOOMMOM BEITMKOM PYCCKOM I03Te XX BeKa.

[lepeBoauma i no33us?

Penensus Ha 11060€ COBpEeMEHHOE MPO3aMYECKOE MPOU3BEICHHE.

AHanu3 mo00ro NO3TUYECKOT0 MPOU3BEACHHUS 110 BEIOOPY aBTOpA.

ToIHAHOB U BaXTHUH: ONBIT CBEPXKPATKOTO CONOCTABICHHUS.

Penien3us Ha mo0yro 3apy0exHYIO SKpaHU3AIUIO JIF0OOT0 PYCCKOTO MPOU3BEACHUS.

3aueM MOo3THI ¥ MPO3aUKH B CBOMX TEKCTaX BCE BpeMs LIUTUPYIOT IpyYT aApyra?

© N o gk~ WD PRE

3auem (umonory, 3aHUMAIOMIEMYCsl PYCCKON IUTepaTypod, 3HaTh WHOCTPAHHBIC
A3BIKU?

9. B yem rnaBusie 3acayru FO. M. Jlormana xak ¢umomnora?

10. Pacckaxkute o Bamrem 100MMOM pPOCCHUHCKOM WM 3apyOeKHOM (DHUIIOIOTHICCKOM

KypHaJe.

Cnmcok JiuTepaTypsl AJisl HOATOTOBKH K OJIMMITHA/E
CnHuCOK HOCUT PpEKOMEHAATENbHBIM XapakTEp MW SBIACTCA JIMIIb OPUEHTHUPOM IS
CaMOCTOSITEIbHOM IOAIOTOBKM K HalMcaHUIO dcce. IIpuBETCTBYETCS OCBEAOMIIEHHOCTH
YYaCTHUKOB OJIMMIMA/BI O paboTax KIIAaCCUKOB (PMIIONOTMYECKOW HAyKH U COBPEMEHHOM
COCTOSIHUM JINTEPATYPOBEACHUS.

AsronomoBa H.C. OtkpeiTas ctpykrypa: Sko6con — baxtun — Jlorman — ["acmiapos.
M., 2009

bapt P. U36pannsie padotel. Cemuotuka. [loatuka. M., 1994.
baxtun M.M. Dcretuka cioBecHOro TBopuectBa. M., 1979.

["acnapos b.M. Jluteparypubie 1eWTMOTHBBL. Ouepku Mo pycckoi autepatype XX Beka.
M., 1993.

I'acnapos M.JI. 3anucu u Bemmucku. M., 2000.
["acniapoB M.JI. 36pannsble Tpyasl: B 3 . M., 1997.

['un30ypr JI.A. 3anucusie kHmwkkn. Bocnomunanus. Jcce. CI16, 2002.



Hy6un b. B. CnoBo — nuceMo — nutepatypa: O4epKu 1O COLMOIOTHN COBPEMEHHOM
KyasTypsl. M., 2001.

Kenner K. @urypsl: B 2-x Tomax. M., 1998.

N3zep B. U3menenue ¢yuknuii turepatypsl; [Iporecc ureHus: GeHOMEHOIOTHYECKUN
nonaxon // CoBpeMeHHas tutepaTypHast Teopust: antosorus. M., 2004. C.3 — 45, 201 — 225.

Kanamnukosa E. Tlo-pyccku ¢ mo060Bbi0. becensl ¢ mepeBogunkamu. M., 2008
KomnanboH A. Jlemon teopuu. Jluteparypa u 3apaBbiii cMmbici. M., 2001.
Jlotman FO.M. Ananu3 noatuyeckoro tekcta: Ctpykrypa cruxa. JI., 1972.
Jlorman KO.M. U36pannsie ctathu: B 3 T. TammunaH, 1993.

Ceran J[.M. Ilytu u Bexu: Pycckoe nurepaTypoBeneHue B ABaauaToM Beke. [yt u Bexu:
Pycckoe nuteparypoBenenne B neaanaroM sexe. M., 2011.

Crapo6unckuii XK. [1o33us u 3nanue. Mcropus nurepatypsl U KyJIbTYphl: B 2-X TOMaXx.
M.,2002.

TeiasHoB FO.H. Tloatuka. Mctopus nurepatypsl. Kuno. M., 1977.

HuBesH FO. Ha moacTymnax k kapnajiucTUke. J[BUXKeHHE U )KECT B JIUTEPATYype, UCKYCCTBE,
kuHO. M., 2010.

UynakoBa M.O. M36pannbie pabotsl: ToM |. JInTeparypa coBerckoro nponuioro. M., 2001.
Otkuna E.I'. T1o33us u nepeBoa. M., 1963.

KO.M. JloT™MaH u TapTyCKO-MOCKOBCKasi CEMUOTHYECKasl 1mikona. M., 1994.

SIko0con P.O. PaboTtsl mo mostuke. M., 1987.

SAyce X.-P. Ucropus nuteparypbl Kak IpoBOKalus JuTepaTypoBeaeHus // Hosoe
muTepatypHoe obo3penue. 1995. Ne 12. C.34-84.
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PykoBoauTe/im MAarucTepcKou NporpaMmabi:

Ocnoeam Anexcandp Jlveosuu — tpodeccop dakynbreTa dunonorun HUY-BIID,
PYKOBOAUTEINb HampaBiaeHUs: «Duiionorus».

Jlekmanoe Onez Andepuianosuu, 1oxTop (HUIOIOTUYECKUX HAYK, Ipodeccop (akynbrera

¢unonorun HUY-BIID

Marucrepckasi mporpaMmma Mo JIMTEPAaTypOBEAUYECKON KOMMIapaTUBUCTHUKE HalleJIeHa
Ha (yHAAMEHTAIBHYIO MOJITOTOBKY MarucTpoB-()HIONIOroB, CBOOOJHO OPUEHTUPYIOIIMXCS
B MpoOJeMaTHKe HE TOJILKO OTEYECTBEHHOW, HO M 3apyO0exHOU (PUIONIOTHH, CIIOCOOHBIX K
MEXJIUCIUIIIMHAPHBIM HCCIIEIOBAHUSM C YYETOM AaKTyaJlbHbIX HAyYHbIX TEHICHIMI B
Ipyrux o0JacTsIX TYMaHUTAPHOTO 3HAHUSI. HcTopusi pycckoii JInTepaTyphl U3ydaercs
B IIMPOKOM  KOHTEKCTE  B3aUMONPOHMKHOBEHHUS! M  B3aMMOOTTAJIKHMBAaHUS
HAIIMOHAJIbHBIX TPAAMUMH; B IEHTPE BHUMAHHUS OKa3bIBAIOTCS MEXAHU3MbI PEUEHLUN U
KYJIbTYpPHOTO 0OMEHa, CTaTyC TeKCTa B MHOHAIIMOHAIBHOM KaHOHE, UCTOPUS HAIlMOHAIBHBIX
MU (DOIIOTH, MTPOOIEMBI IEPEBO/IAa U KYJIbTYPHONH HENEPEBOJUMOCTH.

Marucrepckas nporpaMma OpUEHTUPOBAHA Ha byHIaMEeHTaIbHYIO
npodeccuoHaNbHYIO MOATOTOBKY BBIITYCKHUKOB B CJIEAYIOIIUX NMPeAMEeTHBIX 00/1aCTSX:

e DuIoNOrnyecKuii aHajau3 TEKCTOB Ha PYCCKOM M HMHOCTPAHHBIX S3bIKaXx B
HUCTOPUKO-KYJIBTYPHON U KOMIIAPATUBHOM NEPCIIEKTUBE;

e JluteparypHasi KOMIIAPATUBUCTHUKA;

e licropus pycckou auTepaTypsl;

e Ucropus puiionoruu U ryMaHUTapHbIE HAYKU;

OcHOBY MHpoOrpaMMbl COCTABIISIFOT aBTOPCKME KYpPChl BEAYIIUX CIELUUATUCTOB IO
JUTEPATYpPOBEAUYECKOW KOMITAPATUBUCTUKE. JIMCUUMIUIMHBI, CBSI3aHHbIE € H3y4YeHHEM
€eBpPONEHCKUX KYJbTYP M TEeKCTOB, YHMTAKTCA HA HHOCTPAHHBIX s3bIKaxX (Ha
aHTJIMICKOM — 00513aTeNbHO, Ha (PPaHITy3CKOM MJIM HEMELKOM - 10 BBIOOpPY). O0s3arensHOoe
ydacTde B HAy4YHO-HMCCJIEJOBAaTEIbCKOM CEMUHApe TMpearnojiaraeT BKJYeHUHe B
KOJIJIEKTHBHbIE HAY4YHO-HCCJIe10BaTeIbCKUe TMPOeKThl dakynbreTa (uiosoruu u

na60paT0p1/11/1 JJMHIBOCCEMHOTHUYCCKHUX I/ICCJIGI[OBaHI/II\/’I, COTPYAHNYCCTBO C BCAYIIMMH



Hay4HO-uccnegoBatenbckumu nenrpamu — UMJIN PAH, UPJIN PAH (Ilymikunckuii qom),
PT"AJIN.

BorinyckHUKH MporpaMMbl MPUOOPETAIOT HE TOJILKO HAYYHO-MCCJIe10BATEbCKUH
ONBIT, MTO3BOJISIIOIIMI YCIIEIIHO NPOJOJIKATh aKaAeMUYECKYI0 Kapbepy B acClUPaHTypeE, HO
Y ONBIT OPraHU3alMOHHON M NMPOEKTHOH PadoThl, KOTOPBIA B JaJbHEHIIIEM MOXKET OBITh
NPUMEHEH B pa3IMyHbIX podeccruoHanbHbIX chepax. OOydeHue no JaHHOW MarucTepcKon
IpOrpaMMe HalpaBJIEHO HA MOATOTOBKY K TaKUM BUIAaM (DPUIOJIOIMYECKON N1E€ATEIbHOCTH,
KaK MpPenojaBaTe/ibCKasi, PeIaKIHMOHHO-U31AaTeJbCKass (B TOM 4YHCJIE CBS3aHHAs C
MHOCTPaHHBIMHU S3BIKaAMHU), nepeBoa4ecKas, IKCHEPTHO-AHAJTUTHYCCKAS,
MEKAYHApPOAHasi NPOEKTHAasl AeATEeJbHOCTb B TYMaHUTAapHOM M 0Opa3oBaTENbHOU
chepax.

IMocTtynarmum

CryneHTaMH MarucTepckod MporpaMMbl MOTYT CTaTh BBIITYCKHUKH OakajaBpuara
WIM  CIOCHHAINTETa, MWMEIINe TyMaHuTapHoe oOpa3oBaHue:  (UIOIOTHYECKOE,
dbunocodckoe, JIMHTBUCTUYECKOE, KYJIbTYpPOJIOTUYECKOE, HUCTOPHUUYECKOE. s
MarvucTPaHTOB, YCIICIIHO CAABIIUX BCTYMUTENbHBIE SK3aMEHBI, HO HE MMEIOIINX 0a30BOT0
¢dunongoruyeckoro oOpa3oBaHMs, MPEAYCMOTPEHbI aJaNTallMOHHbIE KYpPChI, MOMOTAIOIINe
OBICTPO TOCTUYH HEOOXOJUMOTO YPOBHS VISl YCIICITHOTO OCBOEHUS ITPOTPAMMBI.

OO6s13aTenbHBIM YCIOBUEM O0YUYEHHS [0 MarucTepCKoOW MporpaMMe sIBJIsieTCsl 3HaHUe
AHIJIMMCKOTO M €HI€ OJHOIO EBPOINEHUCKOro s3blKa. MarucrpaHtaMm C HEIOCTATOYHBIM
YPOBHEM 3HaHHUS BTOPOrO s3bIka OYIyT NPEASIOKEHbI 00s3aTeibHbIE JOMOJHUTEIbHBIC

3aHATHA.

MPOP®UJIb « KOMIIBIOTEPHASA JIMHI' BUCTUKA»

Onumnuana no HampaBiaeHU0 «KommbroTepHas JIMHIBUCTUKa» MPOBOAMUTCA C
LEJIbI0  KOHKYPCHOTO OTOOpa Ha  Marmcrepckyro mnporpamMmy  «KommbroTepHas
JUHTBUCTHKAY». (OCHOBHas 1L€Nb MPOrpaMMbl — MOATOTOBKA CHELUAIKMCTOB, BIJIAJCIOLIUX
0a30BbIMU TEOPETUUYECKMMH 3HAHUSIMU MO METOJlaM M alropuTMaM penieHus 3aaad B
o0iacTi aBTOMATHYECKOH 0OpabOTKH, CIIOCOOHBIX Y4acTBOBaTh B CaMBIX COBPEMEHHBIX
IIPOEKTaX, CBS3AaHHBIX C S3BIKOBBIMM TEXHOJIOTMAMM, a TaKKE€ CaMUM HX CO3/1aBarh,

(bOpMy.]'IPIpOBaTL HOBBIC 3a/1a4¥ U IIPpC/JIaraTb aJIrOpUTMbI UX PCIICHUS.



[Ipencenarenh KOHKYPCHOW KOMHCCHH — 3aMECTHTENh JIeKaHa (UIOJOTHIECKOTO
dakynbpTera mo HampaBieHuto ‘“‘JluHrBUCTHKA”, HOKTOp (umomornueckux Hayk E.B.
Paxununa.

Onumnuana mpeanoiaraeT ABa 3aJaHus: TBopUeckas paboTa B popMare Kenc-cTaau
Y KPaTKOE€ pE30OME HA PYCCKOM SI3bIKE TEKCTA IO CIIEHUAIIBHOCTH HAa PYCCKOM s3bIKke. Bpems
HamucaHusi paboThl — TPU Yaca.

Marucrepckass  mporpaMma 0 KOMIOBIOTEPHOM  JIMHTBUCTUKE  HOCHUT
MEXIUCIUITMHAPHBIA XapakTep W WUMeEeT 1eNbl0 MPHUBJICYbh a0OUTYpUEHTOB, MMEIOIIMX
0a3zoBoe oOpa3oBaHMe B O00JacTH MaTeMaTHKH, JUHTBUCTHKA U HH(POPMAIIMOHHBIX
TEXHOJIOTHI U MHTEPECYIOLIUXCS COBPEMEHHBIMU METOJIaMH 00PaOOTKH SI3BIKOBBIX JIAHHBIX.
OCHOBHBIM MPEMETOM OLIEHKH JJISl IEPBOTO 3aJIaHus Oy/IET SABJIATHCS TBOPUYECKUHN MOAXOI,
MPOSIBJICHHBIN yYaCTHUKAMU OJIMMITUAIBI, YMEHHE (POPMYIUPOBATh 33a/1aud U HAXOJIUTh UX
pelIeHus, YMEHUE SICHO U apTYMEHTHPOBAHHO U3JI0KUTh CBOU MBICIIH, TIOCTPOUTH TEKCT, HE
coJIepKaluii BHYTPEHHUX MpoTuBopeunid. OOBeM MepBOro 3ajaHus HE orpanuydeH. Bo
BTOPOM 3aJlaHUU OyAET OIEHWBATHbCA TOYHOCTh M KOPPEKTHOCTh PE3IOME AaHTIMICKOTO
TEKCTa, UMEIONIETO CIEelUanbHyl0 mpobnemaTtuky. OO0beM BTOpOTO 3adaHusi — He Oosee

1000 3HaKOB.

OcHOBHbBIE KPUTEPUH OLEHKH

OnenuBaemMbie HAaBLIKH Kpurepum oueHku Bbanabl
3a0anue 1
AprymMEeHTUpOBaHHOCTb U ITonHoTA, 0-25
000CHOBAHHOCTH U3JI0KEHUS apryMEHTHPOBAaHHOCTb,
HEMPOTUBOPEYUBOCT,
CTPYKTYPUPOBAHHOCTH

W3JIOKEHUS, YMEHUE
KPUTHYCCKH MBICITUTH,
yOeTUTEeITbHOCTh
MIPUBEICHHBIX TTPHUMEPOB,
000CHOBAaHHOCTE BEIBOJIOB

[Tonumanue npobaemMaTuky, [Tonumanue kpyra npodiem 0-20
TBOPYECKUU MTOAXO Kelica, yMEHUe Ux
CTPYKTYPHUPOBATh,

OPUTHMHAJIBLHOCTD PELICHH,




MpEaACTaBJICHHUC O TPOLECCCC
ABTOMAaTH4YCCKOI'O aHaJli3a
A3BIKOBBIX JAHHBIX B IICJIOM

Conep;xaTenLHaﬂ IIOJIHOTAa
TCKCTa

[TonHOTa OTBETOB Ha
KJIOYEBbIE BOIIPOCHI, HAIMYHE
BHYTPEHHEH CBSI3U MEXIY
OTBETaMH Ha BOIIPOCHI,
yOeIuTENbHOCTh BHYTPEHHEN
CTPYKTYpPhI pabOoThI

0-20

CTUInCTUKA U I'paMOTHOCTb

OTtcyTcTBHE TPYOBIX
CTHJIUCTUYECKHX,
IrpaMMaTHYECKHUX U
opdorpadpuyeckux ommbdoK

0-10

3a0anue 2

ConepsxarenbHas TOYHOCTD

To4HOCTh U3JI0KEHUSI
coAepKaHUs TEKCTa

0-20

KauecTBo pe3rome

JIorn4HOCTB M KPaTKOCTh
U3JI0KEHHUs1, OTCYTCTBHE
rpyOBIX CTUIIMCTUYECKUX,
rpaMMaTHYeCKHUX U
opdorpaduyeckux ommudok

HUroro: makcumansao 100 0amios
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