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AHHOTALUA

JlaHHBIA KypC IIPEJICTABISIET c000i BBeIeHNE B 001aCTh 00pa0OTKH €CTECTBEHHOTO
sa3pika (NLP). B pamkax Kypca pacCMaTpHUBAIOTCS  pasjMYHBIE  3aJayd U
npuiaokenust B oOmacty  NLP, Takue kak  MOpPGhOJIOTMYECKHN  aHaIu3,
pacro3HaBaHUE MMCHOBAHHBIX CYIIHOCTEHM M YCTpaHEHHE HEOJHO3HAYHOCTU
cMbIciia cioB. Kypc B 3HAUMTEIbHOM CTEIIEHU OCHOBAH HA KJIACCUYECKOM YUEOHHKE
Jurafsky&Martin, HO TaK)K€ COAEPKUT MaTEPHUAJIBI 110 TpadoBbIM MoiesaM Juist NLP
M QaHHOTAIIMH JAaHHBIX/KPayACOPCUHIY JIMHIBUCTUYECKUX JaHHBIX.

Kypc «Deep Learning for Natural Language Processing» B CKoJITEXE AOIOJHSIET
MaTepHaJl U3 JaHHOI'0 Kypca U B OOJbIIIEH cTeIEHN (POKYCUPYETCS HAa COBPEMEHHBIX
HEUPOHHBIX MOJECISIX M HOAXoJaM, Takmx Kak Transformer M He IOKpBIBAET
pa3JIUYHbBIE NPIJIOKEHHUS U CMEKHBIE TEMBI, TAKHE KaK KPayJICOPCHHT, rpadoBEIE
METOJIbl I CHHTAKCUYECKHUM MApCHHT.

1. OcHoBHast uHpopMan U

. Marwucrtparypa
AxaneMudeckuil ypoBeHb Kypca
AcnupanTypa
KonnuectBo kpeauToB 3

[IpenBapurenpHble TPEOOBAHUSA K KYPCY / PEKOMEHIAIIAHN

HeoOxoanMele 3HaHMS

- O01ue KOMIBIOTEPHBIE HAYKU Ha YPOBHE OakaiaBpa
- A3b1k nporpammupoBanus Python

KemareabHble 3HAHUS .

- HayaJbHbIEC 3HAHUS B 00JIaCTH MAIIMHHOTO O6y‘l€HI/I$I
- HaYaJbHbIEC 3HAHUA B 00JIACTH CTAaTUCTUKH

Tun onenku - nuddepeHpoBaHHast

OToOpakeHue OLEHOK B MPOIIEHTaX
A: 86
B: 76
C: 66



https://translate.yandex.ru/dictionary/%D0%90%D0%BD%D0%B3%D0%BB%D0%B8%D0%B9%D1%81%D0%BA%D0%B8%D0%B9-%D0%A0%D1%83%D1%81%D1%81%D0%BA%D0%B8%D0%B9/%21%21
https://translate.yandex.ru/dictionary/%D0%90%D0%BD%D0%B3%D0%BB%D0%B8%D0%B9%D1%81%D0%BA%D0%B8%D0%B9-%D0%A0%D1%83%D1%81%D1%81%D0%BA%D0%B8%D0%B9/%21%21

D: 56

m

46

F: 0

2. Conep:kaHue Kypca

Jlabopa
Jlekuu | CeMuHapsl | TOpHBIE
Tema Kpatkoe conepxanue
(qac) (qac) 3aHATHUS
(dac)
Beenenue B 061acts 06paboTKH
Brenenue B
N ectecTBeHHOTO s3b1Kka (NLP).
€CTECTBEHHBIN S3bIK
00630p 3agau NLP. 3 3 0
O6paboTka
[unanorosslie CCTEMBI KaK BaKHOE
[Ipunoxenus
npumeHenue NLP.
BexTopHbIe mpocTpaHCTBa, OCHOBaHHBIE Ha
HuctpubyTtuBHas
paspekeHHOM TojicueTe. BecrpanBanue
CEMaHTHKA U CMBICI
cioB, Word2Vec, GloVe u cBsi3anHbIe
clioBa 3 3 0
¢ aumu Mozenu. WordNet, Ycrpanenne
Ycrpanenue
HEOJTHO3HAYHOCTH CMBICIIA CIIOB, MHTyKITHS
HEOJTHO3HAYHOCTH
CMBICTIa CJIOB.
3anaya co3gaHus METOK
MOCIIEIOBATEIEHOCTH U €€ TIPUIIOKEHYIS,
[locrmenoBaTenbHOCTh | TaKHWe KaK pacrlio3HaBaHWE MMEHOBAHHBIX 3 3 0
MapxkupoBka 00BEKTOB.
VYcnoBHOE ciydaliHOE MOJIE U CBSI3aHHBIE C
HUM MOJIEJIH.
SI3BIKOBBIE MOJEIIN:
YHHTpaMMa/OurpaMma/n-rpaMm, enovyxa
SI3b1KOBBIE MOJEIHN Mapxoga, 3akoH [lurda, ckpertas 3 3 0
Y MaIllMHHBINA TiepeBox | MapkoBckas mogenu. CTaTUCTHYECKUE U
HEHpOHHBIE MOJIENHU JIJIs1 MAIlTHHHOTO
nepeBoa.
0030p pa3MUYHBIX TUIIOB CHHTAKCUYECKOTO
. aHaliu3a, pacnpocTpaHeHHbIX B NLP:
CHHTaKCHYeCKHi
4360 pasbueHre Ha (parMeHThl, aHAIN3 3 3 0
p p 3aBUCHMOCTEH, aHAIIN3 TPYIIT yYaCTHUKOB
u apyrue. MeToJpl aHaIIM3a 3aBUCUMOCTEH
MoTuBanus Ist IpeicTaBiIeHus rpadoB B
I'padmkn ans NLP: NLP. Tuns! rpados B 3agagax NLP.
JIunrBucTHyeckue Huarpamma 3 3 0
CETH U Knacrepuzanus, Kuraiickuii menor,
KJIaCTepr3aIus MapKOBCKasl KJIACTEPU3aINs U CBSI3aHHBIE C
HUMU anropuTMEl. [IpunoxeHus.
BonpmmHCTBO yenemnsix Moaeneit NLP
OCHOBAaHbI Ha IMH'BUCTUYECKU
AHHOTHUPOBAHHBIX JAHHBIX B TOW WJIM UHOU
AHHOTHpOBaHUE ¢dopme. HacTo B IpaKTHUECKUX
JTaHHBIX U MIPUIOKEHUSX JIJISl TAHHOTO SI3bIKA U 3 3 0
KpayJICOPCUHT MPeAMETHON 00JIaCTH TaKOW Ha0Op JaHHBIX
st NLP HEJIOCTYIIEH, YTO HE MO3BOJISIET IPUMEHATD

KOHTpOJIMpyeMble MoJienu. B aToil nekiuu
BbI y3HaeTe, Kak HACTPOUTH CO3JIaHHe
HEOOXOIUMBIX JTAaHHBIX.

Bun 3aganus

Kpatkoe cojniepxaHue 3alaHus

JomarmHee 3amanue

Onpenenenne cmpicia ciosa (WSI). Llenb 3Toif 3agaun - NPUMEHUTH MOJETH
pacrpocTpaHeHusl, Takue Kak word2vec, aJisl pa3nuyeHus pa3inuyHbIX




3HAYCHHI OJTHOTO CJIOBA, HApUMeED, python Kak sI3bIK MPOrpaMMUPOBaHUS U
python kak 3mest. Jlyist TOCTHKEHUSI ATOH 1eu OyIeT u3ydeHa KilacTepu3alus
CEMaHTHYECKUX BEKTOPOB.

Pemenus OynyT npencrasneHs! Ha margopme Codalab ¢ oOmenoctymnHoi
Tabnmel muaepos. byaer npenocrasieHa 3amucHas KHIDKKa Jupyter ¢
KOJZIOM U pe3yJIbTaTaMH JKCIIEPUMEHTOB.

Oboramienue TakcOHOMUU. Llenpio 3TOro 3a1anus sIBISETCS aBTOMAaTHYEeCKOE
MOCTPOCHHUE JIepeBa 3arMoIHeHNs / TUHTBUCTUYECKOTO JiepeBa ¢
KCTIOJIb30BAaHUEM MOJIeJIeH pacnpeeseHrs 3HaYeHUN CII0B.

Pemenus Oymyt npencrasnens Ha atdopme Codalab ¢ obmenocTymHON
Tabnuuel muaepoB. Heo0Xxommmo npenocTaBuTh 3aMMCHYI0 KHIKKY Jupyter
C KOJIOM M PE3yNbTaTaMu 3KCIIEPUMEHTOB.

I[OM&HIHCC 3aJaHuC

CemanTudaeckas posieBas MapkupoBka (SRL). Llens aToif 3amaqn -
0003HaYUTh TEKCT CEMAaHTHYECKUMH POJISIMU, YKA3bIBAIOLIMMHU Ha 3HAUYCHHE
OTIeNnbHBIX YacTel. bosee koHkpeTHO, 3Ta 3a1a4a SRL Oyner npeacrasieHa
Kak mpodieMa ¢ MapKHPOBKOH IOCIeA0BATEIFHOCTH. MBI pacCMOTPHM
aHaJIN3 CPAaBHUTEIBHBIX apI'yMEHTOB B IIPEIMETHOI o0sacTu: pa3oop
TEKCTOB, B KOTOPBIX CPAaBHHBAIOTCS JIBA MPOAYKTA [0 KAKOMY-ITHOO acIeKTy,
HampuMep, CpaBHEHHE TOTO, 9TO Jy4ie - Python nmm Matlab ams NLP?
Pemenns OynyT npencrasneHs! Ha matgopme Codalab ¢ obmenoctymHo#
Tabyumiel muaepos. Heo0XoauMo npeocTaBUTh 3alMCHYIO KHIDKKY Jupyter
C KOJIOM M PE3yJbTaTaMHt SKCIICPUMEHTOB.

JomarmHee 3amanue

Tect/xBU3 OtBeyaliTe Ha BONPOCHI [0 MaTepuaIaM Kaxa0u JeKIUH.

3. Pe3yabTaTnl 00yueHust

PesynbTaTel 00yuenus B CKonTexe yKa3aHbl B COOTBETCTBUM CO CTPYKTYpPOM
pe3ynbTaToB 00yuenust B CKoaTexe

3Hanusa

MeTopl 00pabOTKH €CTECTBEHHOTO SI3BIKa

MeTo/IbI OIIEHKH CHCTEM 00pabOTKH €CTECTBEHHOTO SI3bIKA

Bubarorexku mporpamMmHOro obecriedeHus W (DPEHMBOPKH Ul HAIUCAHHS HPOTpaMM IS
00pabOTKH €CTECTBEHHOT'O SI3bIKA

Pecypchl Hcciie1oBaTeIbCKOW JINTEPATYPhI 110 00pa0OTKE €CTECTBEHHOTO SI3bIKa

Haspiku

BriOupaTth mOIXOAIINE SI3LIKOBBIE MOJIEIH W BBIYUCIUTEIBHBICE METOABI JUIS PA3IUYHBIX 3a7ad
NLP.

AHanM3upoBaTh U OIIEHUBAThH CcTaTUCTHYeCKHE MeTobl NLP B pa3inyHbIX MIPUIIOKEHUSX.
Pa3zpabareIBaTh CTATUCTHYCCKHE MOJEIIH U METOBI ISl Pa3IHIHbIX prtoxeHuit NLP.
[TpoBOAMTH METOIOJIOTHUECKUE UCCIISIOBAHUS B 00J1aCTH 00pa00OTKH €CTECTBEHHOTO s3bIKA.

OnbIT

Peanmzamus psga BBIYUCIWTENBHBIX METOJOB W JIMHTBUCTHYECKHX MOJENEH I pemeHus
paznuuHblx NLP-3anau.

4. 3agaHus ¥ BBICTABJICHHE OL[CHOK

Twun Ha3HAYEHUS % OT UTOTOBOM OLIEHKH 3a KypC

TecT/KkBU3 25

JloMamaue 3aganus 75




5. Kpurtepuu oneHku

6. YueOHNKHU ¥ HUHTEPHET-PECYPChI

Heobxoaumbie yaeOHUKHT ISBN-13 (or ISBN-10)

Dan Jurafsky and James H. Martin. Speech and Language
Processing (3rd ed.). Online.
https://web.stanford.edu/~jurafsky/slp3/

PexomMengyembie yaueOHUKN

Manning, C. and Schiitze, H. (1999). Foundations of Statistical
Natural Language Processing. MIT Press, Cambridge, MA.
Manning, C. D., Raghavan, P., and Schiitze, H. (2008).
Introduction to Information Retrieval. Cambridge University
Press.

Beb-pecypchl (CChUIKH) Onucanue

https://web.stanford.edu/~jurafsky/slp3/ Textbook online

7. O6opynoBanue

[IporpammHuoe obecrieueHue

Python 3

O6opynoBaHue

JlocTyI K BRIYHUCIUTEILHOMY CEpPBEPY ¢ IpaduyeckumMu nporeccopamu (Hanpumep, Nvidia 2080 Ti
WM aHAJIOTHYHOMY) MOJKET OBITh I10JIe3eH, HO 00bIYHO AocTarouHo miargopmel Google CodaLab.

8. JlomosHuTEIbHBIE MPUMEYAHUS

I IpuMmepn! 3a1aHni:

How many parameters would have a 3-gram language model with a vocabulary of
100 characters?

- 300

- 10 thousand

- 1 million

- 1 billion

Which architecture for language models will probably consume more memory while
training with long sequences?

- n-gram language model

- convolutional neural network

- recurrent neural network

- transformer neural network



Which architecture for language models will probably be the slowest to train with
long sequences (if one has a GPU)?

- n-gram language model

- convolutional neural network

- recurrent neural network

- transformer neural network

Which loss function for language models is NOT equivalent to all the others?
- Cross-entropy

- mean squared error

- log likelihood

- perplexity

Which parameter was roughly the same for GPT, GPT-2 and GPT-3?
- number of layers

- size of the training corpus

- dimensionality of hidden state

- vocabulary size

With which task it would be difficult to create a prompt for GPT zero-shot
application?

- Filling gaps in a text with appropriate words or phrases

- Text classification (e.g. by sentiment)

- Reading comprehension (answering a question for a text)

- Machine translation

Which parameter is meaningful with greedy (non-probabilistic) text generation?
- temperature

- top k

- repetition penalty

- top P

Which statement is NOT a reason why generation with positive lexical constaints is
so difficult?

- Typically, a language model has not been trained to condition on anything except
the already generated text.

- By simply forcing the model to generate certain words, we may prevent it from
generating a fluent text.

- Because text generation is autoregressive, the model cannot naturally “plan” in
advance to generate a text with certain words.

- During training, the model may have never seen a text when the given words have
occured together.

Which approach to controllable text generation is the most resource-intensive during
training?

- Gradient-based prompt tuning

- Model fine-tuning with reinforcement learning

- PPLM (steerable lanugage models)

- Model fine-tuning conditional on control codes

Which approach to controllable text generation is the most resource-intensive during
inference?



- Gradient-based prompt tuning

- Model fine-tuning with reinforcement learning
- PPLM (steerable lanugage models)

- Model fine-tuning conditional on control codes

Which approach to controllable text generation does not require computing gradients
of the model?

- Prompt tuning

- PPLM (steerable lanugage models)

- GeDi (generative discriminators)

- Model fine-tuning conditional on control codes



