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AND THE DUN\BEST THING ABouT
EMO KIDS ISTHAT... I .. -

YOU KWOW, I'M SICK OF EASY TARGETS.
ANYONE CAN MAKE FUN OF EMO KIDS.
You KNOW WHO'S HAD IT Too EASY' S

COMPUTATIONAL. [ INGUISTS.

7 "O0H LOOK AT ME!

S~ MY FIELD 1550 IW-DEFINED
| CAN SUBSCRIBE TO ANY OF
DOZENS oF ConTRADICTORY”
MODELS AND STILL BE
TAKEN SEROUsSLY!"




What is NLProc?

DISCLAIMER: ¢hbopmynupoeku criopHbl, MOXHO 00120 npudupamscs

Computational Linguistics (CompLing)

obnacTb JINHFBUCTUKN, B KOTOpOl7I MeTOoOdbl MaTeMaTUKn

(1 B 4aCTHOCTU, MH(POPMATUKN) NPUMEHSIOTCA AN aHanmsa u
CUHTE3Aa A3blKa U peYdn; NHTepecyeT yCTpOﬁCTBO n
MoAaenunpoBaHme eCteCTBeHHOrIo A3blKa

Natural Language Processing (NLP, NLProc)
Habop meToaoB Ans obecrnevyeHns MallMHHON 06paboTKN
(aHanus, CMHTE3, ...) TEKCTOB Ha €CTECTBEHHOM SA3bIKe

[MoxxanyincTa, BO34epXXUTECh OT LWYTOK O TOM, YTO
NLP = HelponuHag8ucmu4ecKkoe rpogpaMmmuposaHue
910 rnyno n Bcem Hagoeno A A




NLProc B Hawleun >Kn3Hu

Google

Translate

-

0 @

Turn off instant translation o

Mongolian Yiddish Russian -~

-
Y o
Siri. N
Your wish is o5 4
her command. tokhes
A~ - g
e -
You can utilize a shorter word in place of a purple one. Mouse
Lorem ipsum dolor sit amet, consecletur adipiscing over them for hints.

tempor vell ey eleifend vulputate Vivamus eget s¢

Q/cl. fausibus non nibh at. fnibus molls eral. Cra: Adverbs and weakening phrases are helpfully shown in blue. Get

vitae gral. Pellentesgue habitant morbi tistique sg

maximus. Donec dapibus |uctus ulameorper Efia rid of them and pick words with force, perhaps.

tincigunt Denec dianissm nibh uma. vel fingila
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3agaydn NLP (HenosnHbIn crnmcok)

Language modeling
Part-of-speech tagging
Named entity recognition
Text (topic) classification
Keyword extraction
Spelling checking

Syntax parsing
Dependency parsing
Machine translation
Stemming
Lemmatization
Wikification

QA systems, dialogue systems

Plagiarism detection

Morpheme analysis
Grammar check
Hyphenation

Relation extraction
Entity linking
Sentiment analysis
Topic modeling

Text summarization
Semantic role labeling
Distributional semantics
Text generation

Text clustering
Information retrieval

Speech Recognition / Synthesis



Kak OygeT nocTpoeH pacckas

Disclaimer 1: HMKakMx NpeTeH3un Ha NOJSTHOTY N3NOXEHUS
Disclaimer 2: HMKaknx npeTteH3un Ha yposeHb Advanced
Llenb: pacckasaTtb, 4TO ObiBaeT

HO: pacctpoto xuncrepos — 6e€3 HEMPOHHbLIX ceTeun

e KoHeuHo, Bce byneT ¢ ornaakon Ha Statistical NLP

e OT Hambonee NPocCTbIX N BaXXHbIX C NPaKTU4YECKOMn
TOYKUN 3pEHUA — K Boriee 330Tepmnyeckum 3agavyam

e (-2 nNpocTbIX/KNaccn4ecknx/M3BecTHbIX NOAX0O0B
Ha KaXkayto 3agady

e Bonpocbkl MOXXHO 3agaBaTth nocrie nwbdoro cnanga

Keyword
extraction

Duplicate
detection

Semantic
role labeling

Machine
translation




[TnaH

1. Kak npeBpalyatb TEKCT B yncna
2. 3apayn NLProc

Knaccudoumkaumns TekctoB
Knactepusaunsa TekctoB
TemaTtnyeckoe mogennpoBaHue
OnctpnbyTmBHas cemaHTuKa

[Monck onevaTok

BblaeneHme MeHoBaHHbIX CyLLHOCTEN
YactepeyHada pasmeTka
CuHTakcuyecknn pasbop

i.  MawwnHHbIN NepeBoa

3. KHurm, kypcbl, MUHCTPYMEHTbI
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Kak npeBpaljaTtb TekcT B yncna [0]

e Tekct = String
® ..a Mbl yMeeM paboTaTb TOSIbKO C YNCNaAMMU:
BEKTOpPaMU 1 MHoraa rnocrefoBaTeribHOCTAMU BEKTOPOB

Cnoco06 #1, Bag-of-words: one hot (BOW; mewwok cnoB)
~ one-hot-encoding / dummy coding: MHOro nHTEpPNpPeTUpyeMbIx dony
“Ha 6epeey rnycmbiHHbIX 80JIH...”

o e 2 e
0 0 0 0] 0 0 4l 1 0

Bag-of-words: word counts (sklearn: CountVectorizer)
BMECTO €QMHNL, — 4acTOTbl / OTHOCUTESbHbIE YaCTOThI



OTcTynneHue: HopMmanmsayms

Bbl 3amMeTunn? 310 pasHble oopMbl CroBa, U YMEHME NPUBOAUTL
K HOpManbHOW — OoTAernbHas 3agava

e CTeMMMHr: “OoTpe3aeM” OT CIiOB KyCKM (MCeBAOOKOHYaHUS,
nceBaoCcyPdUKChI) Tak, YTOObI “KOTUK” 1 “KOT” MalUnHa
BOCMNPUHAMNA Kak O4HO CNOBO

e JlemmaTnsaums: NpuBOAMM CIOBa K HOpMarnbHON dopme

BTW: “Oepery” MmoxeT ObITb 1 rnarosiom!

bepeay |

|



Ctemmep lNopTepa

BC€e pacCKa3blBaloT, N A paCCKaxy

o BapuaHTbl Ans HECKONbKUX S3bIKOB
o [locnepgoBaTenbHO NPUMEHSS psa NpaBun,
OTCeKaeT OKOHYaHUA U cydPUKChl
o PaboTtaeT ObICTPO, AaneKko He Bcerga 6e30wmbovHo

— ATIONAL -> ATE relational -> relate

— TIONAL -> TION conditional -> condition
— ENCI  -> ENCE valenci -> valence

— ANCI -> ANCE hesitanci -> hesitance

—1ZER > IZE digitizer -> digitize

— ABLI  -> ABLE conformabli -> conformable
— ALLI -> AL radicalli -> radical

— ENTLI -> ENT differentli -> different

— ELI > E vileli -> vile

— OUSLI -> 0UsS analogousli -> analogous

C.J. van Rijsbergen, S.E. Robertson and M.F. Porter, 1980. New models in probabilistic information retrieval.
London: British Library. (British Library Research and Development Report, no. 5587).
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Kak npeBpaliaTtb TEKCT B Yncna [1]

He Bce crnoBa oanHaKoBo nomneaHbi! e

weighting scheme TF weight
[Mpumepsbl: cnyXebHble YacTn peyn, CIIMLLKOM peakue criosa... i 0.1
. . raw count ft,d
Bag-of-words: weird numbers (sklearn: TfldfVectorizer) RS T
“ ) t f bt t.d
BMecTO eauHuy, — TF-IDF unu dpyaue oueHKu “sHadumocmu | e v
Tepma t ans AaHHoro AokymeHta d n3 gaHHon konnekuum D log normalization 1+ log(f1.a)
double normalization 0.5 0.5 + 0.5 - L
df - B ckOnNbKUX AOKYMeHTax BCTpevaeTcsl Tepm maX(ycd) fr.a
fea

tf - ckonbko pa3 TepmMm BCTpeHaeTCcd B JaHHOM OOKYMEHTEe double normalization K K + (1 — K)—f
maxXsyedy Je d

OpgHako ecTb BapunaHTbl! N

idf(¢, D) = 1
1di(t, D) =log v e ay

tfidf(t, d, D) = tf(t, d) - idf(t, D)
11



TF-IDF: term frequency - inverse document frequency

TF-IDF(q,d) — mepa penesaHTHOCTM fOKymeHTa d 3anpocy g

ndw (term frequency) — 4ucno exoxpaenunii cnosa w B TekcT d;
N,, (document frequency) — 4uCNO QOKYMEHTOB, COAEPXKALLMX W,
N — 4ucno pokymenTos B Konanekuumn D;

N,,/N — oueHka BEPOATHOCTWU BCTPETUTL CNOBO W B IOKYMEHTE;
(Ny/N)" — oueHka BEpPOSTHOCTU BCTPETUTL €ro Ny, Pas;

P(q,d) = ]] (N /N)"¥ — oueHka BEpOSTHOCTW BCTPETUTL
weEqg

B AOoKymeHTe d cnosa 3anpoca q = {wy,..., Wk } 9MCcTO cayyaiiHo,

OueHrka peneBaHTHOCTW 3anNpoca q AOKYMEHTY d:

—log P(q,d) = )  ng, log(N/N,) — max.
WEQ ‘= N

TF(w,d) IDF(w)

TF(w,d) = ng, — term frequency;
IDF(w) = log(N/N,,) — inverted document frequency.

K. B. Boporuos (voron@forecsys.ru) Panmuposanmne




BM is for Best Match

Henb3a He ynomaHyTb Okapi BM25 — cemenctBo idf-nogobHbix doyHKUMI,
KOTOpble OO0 XU B NPOAaKLWEHOBbIX MOMCKOBUKaX

Q — 3anpoc
D — OOKYyMeHT
avgdl — cpeoHsaa onnHa goKyMeHTa

OcTanbHoe — cBOoOOAHbIE NapaMeTpbl

f(gi, D) - (k1 +1)

score(D, Q) = ZIDF(%‘) ' D|
i—1

avgdl)

f(gi,D)+k -(1—b+b-

please see https://en.wikipedia.org/wiki/Okapi_BM25

b}
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https://en.wikipedia.org/wiki/Okapi_BM25

Kak npeBpallatb TEKCT B yncna [2]

OuyeBnaHO, C NOPSIAKOM COB B TEKCTE Mbl TEPSIEM MHOIO MHGOPMaLWK (CM. p1C.), HO eCTb CPeaCTBO ANs
0egHbix!

Bag-of-ngrams (sklearn vectorizers nogaep>xuBator)
BMECTO OTAENbHbIX TEPMOB HAabopbl U3 N NOAPSA UAYLLMX B TEKCTE TEPMOB.

new

Google
new york times
new england patriots
new iphone
new dvd releases

Press Enter to search.

14



Kak npeBpallaTtb TEKCT B Yncna [3]

https://twitter.com/stanfordnlp/status/399551909595344896

Utorn no bag of words:

MHOrO paspexXeHHbIX onY, MOXEM CTOSIKHYTbCS ¢ Npobriemammn BonbLLINX
pa3MepHOCTEN, MOITOMY:

- yuyumcs punbTpoBaTbh U HaKa3biBaTb TePMbl BecaMy,;
YacTOTHble, peakMe 1 T. O.- 9TO eCTb U3 Kopobku ecTb B sklearn;
KpoMe Toro — domnbTpauus no crnoBapsam
(B T. 4. stopwords: croeapb “BpeHbIX Cnos”)

- Bblbvpaem mogenu gng paboTbl € 6ONLLUUM YUCIIOM
pa3pexeHHbIX NPU3HaKoB,

- obsi3aTenbHO aKcnepumeHTMpyem ¢ umcnom N B ngram-max u
Bapuauusmu one-hot/count/tf-idf/...

15



Kak npeBpallaTtb TEKCT B Yncna [3*]

Utorn no bag of words:
ePO Pa3peXeHHbIX ry, MOXXEM CTONKHYTbCSA ¢ npobnemMammn 60MbLNX
pa3MepHOCTEN, MOITOMY:

- yuyumcs punbTpoBaTbh U HaKa3biBaTb TePMbl BecaMy,;
YacTOTHble, peakMe 1 T. O.- 9TO eCTb U3 Kopobku ecTb B sklearn;

KpoMe Toro — domnbTpauus no crnoBapsam

(B T. 4. stopwords: crnoBapb “6eccMbICrIEHHbIX CIOB”)

BblOMpaem moaenu ang paboTbl ¢ 60NbLWUM YUCIIOM
pa3pexeHHbIX NPU3HaKoB,

obs3aTenbHO akcnepumeHTpyem ¢ umcnom N B ngram-max v
Bapuauusmu one-hot/count/tf-idf/...

https://twitter.com/stanfordnlp/status/399551909595344896

16



Kak npeBpalwiaTtb TEKCT B Yucna [4]

¥
-,ﬂ:‘-?
A

b

SAY word2vec ONE MORE TIME!



Kak npeBpallaTtb TEKCT B Yncna [9]

e (CnoBy MOXHO COMNOCTaBUTb BEKTOP, B KOTOPbLIN Kak-TO OyaeT 3alumT ero “cmbicn’,
MbICSib He HoBa (1950e)

e [nnoTesa: HEKOTOpPbIE “CeEMaHTUYECKne CBOMCTBA” CrioBa MOXHO MOMNy4YnTb U3 “KOHTEKCTOB”,
B KOTOPbIX OHO yNoTpebnsieTca B 4OCTAaTOYHO 60MbLIOM U penpe3eHTaTMBHOM Kopryce

e JOTWUM 3aHUMaeTcHa UCTpPMOYyTMBHAA ceMaHTUKa

Cnoco6 #2 B3aTb word vectors (Hanp., word2vec) Bcex CrioB KOPOTKOro TeKcTa - U

® CIOXMUTb?

e CIOXUTb C Becamu, nponopunoHansHeiMn TF-IDF?

e ‘“ckneumb” 8 Mampuuy u nodams Ha 8xo0 RNN V;git

e ‘“ckneumb” 8 Mampuuy, obpesamsb U V;gzo
rnodams Ha 8xo0 CNN a(;(;i

e Ball BapuaHT? n't

rent
it

n x k representation of Convolutional layer with Max-o




Kak npeBpalliatb TEKCT B Yncna [6]

Ctano mogHo npeacTaBnsaTb TEKCT HA “NOACIIOBHOM” YPOBHE —
Kak nocneaoBaTernibHOCTb CUMBOJSI0B, MOPAEM UIN NHBIX A3bIKOBbIX €OUHWUL]
YPOBHEM “HMXe” crnoBa

Input text: i

? j : |Matrix representation of input text
a cat is playing with a toy ' ' '

text
a_cat

I-!- i CII{‘I ] . . -
b 00000

[ o
d |0

max text length: 1014

100
000

-

t
dictionary u
v

Soa-
e oS

[-X-7- T
- @ea- -

oo -

| dict length:
] 69

=R-2-]

[=R--]
|
|
|

[=X-2-]
Rl
[=X-7-]

e.g. see: http://karpathy.github.io/2015/05/21/rnn-effectiveness/



http://karpathy.github.io/2015/05/21/rnn-effectiveness/

Knaccudunkauma TeKCcToB

dopmynupoBKa 3agadun Knaccuukaumm — ctaHgapTHas:
OaHbl 00bEKTbI (TEKCTLI) C NPOCTaBMEeHHbIMWU KnaccaMmn (MeTkamMn, KaTteropusimm)

X™"= [{:El:yl:':' ' '!{J‘Tm’ym}}

TpebyeTcs NOCTPOUTb (PYHKLMIO, KOTOPas CMOXET BEPHO KraccudpuunpoBaTb
NPOWN3BOSIbHbIN OOBEKT

a: X — Y

20



Knaccudukaumsa TekctoB, AedonTHbIM Nnoaxoa

Habpocok:

1. pas3dunn TEKCT Ha TOKEHbI, MPUBENWU CNoBa B . Y\
HOpMarsibHY0 doopmy “e?

2. nocTtpounu sBekTopsl ¢ tf-idf bag-of-ngrams (’,\L
pa3bunu Ha obydeHne, KOHTPOSIb N Banuaauuto

4. nogobpanu nydwure napameTpbl 418 npegobpaboTku

n ans Bawen nodumon moaenu
(He ntobmmon, a Ton, koTopada paboTaeT ¢ peaKkuMn udamm)

5. 2722777 GENIUS[

6. PROFITIN d

[la, Tak MOXXHO, TaK 1 genato :) 21



Knaccugpumkaumna tekctos, naive Bayes [0]

XOTUM OLIEHUTb

N3 onpeaeneHns yCnoBHOW BEPOSATHOCTH

»(Cy | x) = PO P C1)

p(x)
Chain rule
p(Cr, 21, .. 20) = (21, ..., T, Cr)

:p(ml |m2 ----- mka)P(ﬂ?z 11111 mmck)
=p(x1 | T2y..., T, Cr)p(zs | T3,. .., Tn, Cr)p(T3,s .. -, Ty, CL)
;P(ﬂfl | za, ..., T, C)p(e2 | 3, ..., Ty Cr) - P(Tn1 | T, C)p(Zn | Ci)p(C)

A p(Ck‘mls”'!mn)Ocp(okrmls"'smn)

Tenepb 4ONyCTnM, 4YTO BCe
pb Aoty o« p(Cr) p(z1 | Ck) p(z2 | Ck) p(xs | Ck) -+

cnoBa yCrnoBHO HE3aBUNCUMDbI n
o p(Ci) [[ p(z: | C).
i=1

22



Knaccudgoukaums Tekcto, “HamBHO™ [1]

YCcnoBHbIe U anpuopHbIE BEPOATHOCTM OLIEHMBAEM Kak YaCTOThbI B
obyyaroeM MHOXeCTBE, U Byans

§ = argmax p(Cy) [ [ p(z: | Ck).
ke{l,...,K} i=1

YAMBUTENBbHO, HO MHOrA4a Hennmoxo paboTano!

Tips:
- YMHO)X€EHMEe Ha HOJIb — 3TO CUNbHO; HAJO CriaXusBaTb!
- MHOr4a nyduwle cknagbiBaTb silorapudmMbl, YeM NepemMHoXaTb
camMun BEPOATHOCTH

23



Sentiment analysis (aHann3 ToHanNbHOCTU TEKCTA)

e Bcero nuiib ogvH 13 BapraHTOB 3aaa4 knaccudukaumm

TEeKCTOB?
e [la, HO eCTb HECKONbKO TPIHOKOB Y UHTEPECHbLIX

noaxonoB

é PekomeHayio

o  “cnoBapb NONOXMUTENbHbIX COB”, coObpaB TBUTbI C PaAOCTHLIMU
CMannukamu (aHanornyHo ¢ “oTpuuatensHOn OKpacKon”)

O  TMOHSATb, “NONOXUTENbLHOE” CII0BOCOYETaHNE UNN HET, caenas
3anpoc B altavista BmecTte co cnosamu Excellent u Poor; y koro
Bonblle pe3ynbLTaToB B Bblgaye, TOT U nobeaun

Peter D. Turney. Thumbs up or thumbs down?: semantic orientation applied to unsupervised classification of reviews

/I Proceeding ACL '02 Proceedings of the 40th Annual Meeting on Association for Computational Linguistics Pages 417-424

e A Belb eLl€ ecTb capkasm!
e CnoBom, cneundurka o4eHb BaXKHa




Knactepusauunsa TekctoB (~ tTemaTtmnkun?) [0]

Fpy60 1 cnopHO: AaHO MHOXECTBO OOBHLEKTOB,
Mbl YMEEM CUMTaTb PACCTOAHUS MEXOY HUMU, U
TpebyeTcs pa3duTb ero (HETKO/HEYETKO) Ha
NoAMHOXeCTBa-Knactepbl Tak, YTObbI rmoxoxue
0ObeKTbl OKa3anucb B 0QHOM KracTtepe, a
Hernoxo)xue — B pasHbIX.

Mpumep: Axpgekc.Hosoctn, Quora contest :)

- MeToAabl ObIBalOT pasHble
- MeTpUuKM BbLIBAOT pasHble

import-sklearn-nogxopn Toxe conger

25

Bce Buagenu aTy kKapTuHKY?



Knactepusaunsa TekCToB (~ TeMaTtukn?)[1]

- [Mpumep nogxoaa ans pabotel ¢ bag-of-words
a. [locuutatb MaTpuLy KOCMHYCHbIX PacCTOSAHUN Mexay -
COOTBETCTBYHOLUUMUN TEKCTAMU -

b. Kaxabln TEKCT n3HayanbHO cam cebe knacrtep
c. [locnepoBaTenbHO crnmBaem Hanbonee 61n3Ko

pacnonioXeHHble APYr K APYry KnacTepsl - o n e
d. [locTpoeHHOe AepeBO pa3pes3aeM, Kak Ham HY>KHO

cut

K-means clustering on the digits dataset (PCA-reduced data)
Centroids are marked with white cross

- Ecnmny Hac dense vectors (Hepa3pexXeHHble) —
cKkaxkxeMm, word2vec-u, MoOXHo nonpoboBaTb 1
KMeans; nHorna pabotaet




OTCcTynneHne: BaXkHble PpacCTOAHUS

e [lns BekTopoB 3wy

U .u.
s . . . . sim(\U,U; )=cos(U,,U, )= —L =
wiki: similarity and distance measures (00, ) =eos(6 1)
o Cosine distance

J - n n
|U:| -‘U.r" Jzui Jzu;
k=1 k=1

o Euclidean distance
o Euclidean distance ‘generalization’: Minkowski distance ’
o Manhattan distance PR
o V T
e [lnsa cTpok utuoe) "7

. Delete(l) | substitute(X) | Substitute(U)
paccTogHue JleBeHwTenHa

Longest common subsequence
Hamming distance
Jaro-Winkler distance « [EIX|E

L INITIED* IN[TTI [O]N

ClU|T|I |O|N

o O O O O



https://en.wikipedia.org/wiki/Category:Similarity_and_distance_measures
https://en.wikipedia.org/wiki/Cosine_similarity
https://en.wikipedia.org/wiki/Cosine_similarity
https://en.wikipedia.org/wiki/Euclidean_distance
https://en.wikipedia.org/wiki/Euclidean_distance
https://en.wikipedia.org/wiki/Minkowski_distance
https://en.wikipedia.org/wiki/Taxicab_geometry
https://en.wikipedia.org/wiki/Taxicab_geometry
https://en.wikipedia.org/wiki/Levenshtein_distance
https://en.wikipedia.org/wiki/Levenshtein_distance
https://en.wikipedia.org/wiki/Longest_common_subsequence_problem
https://en.wikipedia.org/wiki/Longest_common_subsequence_problem
https://en.wikipedia.org/wiki/Hamming_distance
https://en.wikipedia.org/wiki/Hamming_distance
https://en.wikipedia.org/wiki/Jaro%E2%80%93Winkler_distance
https://en.wikipedia.org/wiki/Jaro%E2%80%93Winkler_distance

Topic modeling (temaTtnyeckoe mogenunposaHue)[0]

e EcCTb HepasmeueHHada Konnekumsi TEKCTOB, BEPUM, YTO B HeN K TemaTuk
(3TO HeobA3aTeNbLHO, HO MYCTb Tak)

e XOTUM “BblAENnUTb’ 3TN TEMATUKU

o [Insa kaxgoro Tekcta — CTeneHb, C KOTOPOM OH YAOBIIETBOPSAET KaXXa0on TeMaTuke
o [nsa kaxgon TeMaTUKM — CTENeHb BaXXHOCTU KaXKOoro tTepma angd Heé

(Toxe 4OBONBHO CNOPHas NOCTaHOBKa 3a4auu)

Topic proportions and
assignments

Topics Documents




Topic modeling (temaTtnyeckoe mogenupoBaHue)[1]

3ayeM HYXHO?

e MHOro HepasmMe4veHHbIX TEKCTOB — YacTad CUTyauus :)
“Pa3Beo4HbIN NOUCK”: MOHATb O YEM U KaK YCTPOEeHa KOSNeKUMA TEKCTOB
Hanpumep, 4ToObl NPUHATL peLleHne, Kakme Knaccbl BBECTU ANS

nocnenyoLLero ody4eHns knaccudumkatopa

e OJT0 TOXe word vectors! I 0ObIYHO X MOXHO MHTepNpeTupoBaThb!

Topic 1

term

weight

Topic 2

term

weight

game
team

hockey
play

games

0.014
0.011
0.009
0.008
0.007

space
nasa

earth
henry

launch

0.021
0.006
0.006
0.005
0.004

Topic 3
term weight
drive 0.021
card 0.015
system 0.013

scsi 0.012
hard 0.011

29



Topic modeling (temaTnyeckoe mogennpoBaHue)[2]

o BGpOFlTHOCTHbIVI noaxon:. OTHOCUMCA K TEKCTY KaK K BbIBOAY reHepaTtuBHOro

npouecca
@) ONA KaxXaoro AoKyMeHTa CoMnJimpyemMm TemMaTuky n3 pacnpeneneHmnsda tTeMaTtuk
O 3aTeM CoMIJimpyem CrioBo 13 pacripeaesieHnd crnoB B TEMaTUKeE

e 3apgava oby4yeHus: nogobpatb NnapameTpbl pacnpegeneHn Tak, Ytoobl
MakcumMmmnsuposaTs likelihood reHepauun 3agaHHOW KOnnekunm

e pLSA, LDA, Tag-LDA, LDA-*, ARTM, Pachinko allocation ... - MHOro nx

e [ ? ®
0510 | a o=
= N "
ey i e 2 () () () vaivts
.7 () . (a)1(e ) —(2) { »éa R
NS o Ko (@] Y /%
d z W E E = N O U () Nt
M [ Figure 1: LDA model “




Topic modeling: pLSA [3]

PLSA: T — tematukn, W — tepmbl, D — JOKyMeHTHI
HdonyuweHue: reHepauma crioBa 3aBUCUT TOSMBbKO OT TEMbI, HO HE OT KOHKPETHOro
OOKyMeHTa
plw|d,t) =plw]|t)
Ecnn pacnucatb p(w, d), nony4um

plw|d) =Y p(t|d) pw]t)

teT
BbixoguT, 4To 3TO pasnoXxeHne HopmanusosaHHoU term-document-maTtpuubl D X

T
B npounseeneHne ctoxactunyeckmx matpuy P(w|t) n P(t|d)!

EcTb cBOM Npobniembl, eCTb CBOM METOAbI, ECTb CNOCOObLI perynspusaumm. ..
B obuwem, goto K. Vorontsov 3a nHtymumnen n EM-anropmutmom
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OuctpnoytuBHas cemanTuka (distributional semantics) [0]

Distributional Hypothesis [Firth, 1957]: words with similar distributional properties (i.e. that co-occur
regularly) tend to share some aspect of semantic meaning

e He word2vec-om eanHbim! Hanpumep, pLSA (kak n LSA, LDA, etc.) Toxe gaeT BeKkTopHoe
npeacraBreHne cnoea (Kak pacnpegeneHns Hag temamm)
e [IpocTton ctapbin BapmaHT: HAL (hyperspace analogue to language)

C. Burgess, K. Livesay, K. Lund. Explorations in context space: Words, sentences, discourse. Discourse Processes 25 (2-3), 211-257

oém no TekcTy ¢ “OkKHOM” K 1 HanonHsiem TpEXMepPHbIN MaccuB h

The HAL weighting for a term ¢ and any other term ¢’ is
given by:
K
HAL(t'|t) = Z w(k)n(t, k, &) (1)

k=1
w(k}:K-—k-l—]

Torga HAL(t'|t) 3apgaét uto-TO Bpoae “cemaHTnyeckon 6nmsocTtu’.
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OuctpnoyTtuBHas cemanTuka (distributional semantics) [1]

word2vec HEMHOIO NOXOX, HO CTPOUT ApPYroe NPOCTPAHCTBO
n “pabotaet ny4ywe”

OTO CEMENCTBO anropnuTMoB (2-CITONHbIX HEMPOHHbLIX CeTeN):

° NO KOHTEKCTY BOCCTaHaBJINBaeM CIrioBO
° no CJ10By BOCCTaHaBJIMBAE€M KOHTEKCT

KOHTEKCT — OKHO cocefiHuX crioB 6e3 y4éTa nx nopsagka.

INPUT PROJECTION ouTPUT INPUT PROJECTION OUTPUT

|
|wit-2)

wit-1) wit-1)
_\smc / L
| — wit) me-—hl_'
7 M

w(t-2)

wit+1)

w(t+2) iw(vz)

cBow Skip-gram

CekpeT ycnexa word2vec B TOM YMCe B TPHOKAxX, KOTOPbIE UCMOSb3YHTCA NpU 00yYeHNN:

- Negative sampling: o6HoBNsiem Beca faneko He y BCeX “HenpaBuibHbIX KOHTEKCTOB”
- Sub-sampling cnoB ¢ BbICOKOW 4YaCTOTOW BCTpe4YaeMocCTu (4eM BblLle YacToTa, TeM bonbLle

LaHcCbl, 4TO BbIKI/IHeM)

MHOro xopoLumnx peneBaHTHbIX CCbISTOK Ha CTaTby 1 pa3bopbl MOXHO HanTK Ha BuKK: https://en.wikipedia.org/wiki/\Word2vec He Hago CTECHSTLCS. 33



https://en.wikipedia.org/wiki/Word2vec

Output Layer
Softmax Classifier

Hidden Layer
Linear Neurons

Probability that the word at a
——= randomly chosen, nearby
position is “abandon”

Input Vector

X

——~ ... “ability”

v

A ‘1" in the position ——= .."“able
corresponding to the —
word “ants”

o[oE=lo[=[s[c]=]o]

10,000
positions

- u ”
300 neurons —— .. 'zone

10,000
neurons

http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/
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OuctpnoyTtuBHas cemaHTuka (distributional semantics) [2]

Tak a 4To BCe TaK WyMAT?

OEeNCTBUTENBHO XOpoLUMe NpeacTaBneHns

(B CMbICIile ceMaHTU4YeCKOMN 65IN30CTU 1 aHaNorum)
“cMbicnoBast apupmeTnka’, KOTopomn cneumnarnbHo
BEKTOPbI HUKTO HE y4un (0gHaKo eCTb CBOU “HO”)
yCrneLwHOo UCNonb3yT Kak “BXoAHble AaHHbIe” ANns apyrnx
anropuTMOB MaLLUMHHOIO 06y4eHus

A KR QUEENS
MAN /
UNCLE KINGS \

QUEEN \ QUEEN
P o

KING KING

(Mikolov et al., NAACL HLT, 2013)
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OuctpnoyTtuBHas cemanTuka (distributional semantics) [3]

BCe axHyJ/iu, Korga y3Hanu, 4To Takoe Ha camom gene word2vec!!!

PekomeHgyembin BapmnaHT — skip-gram with negative sampling...

We later found out that SGNS is implicitly factorizing a word-context matrix, whose
cells are the pointwise mutual information (PMI) of the respective word and context
pairs, shifted by a global constant:

Neural Word Embeddings as Implicit Matrix Factorization

p(z,y) _1 p(z|y) _1 p(y|z)
—— =log = log

P ) =08 p(z)p(y) p(z) p(y)

To ecTb — Hu4ero HoBoro! NpocTo paboTaeT o4eHb XOPOLLO.

https://levyomer.wordpress.com/2014/09/10/neural-word-embeddings-as-implicit-matrix-factorization/
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OucTtpnbytneBHaa cemaHTuKa (distributional semantics) [4]

Tak BCcé-Takm — 4YTO Korga Ucrnonb3oBaTb?

T. Mikolov

Skip-gram: works well with small amount of the training
data, represents well even rare words or phrases.

CBOW: several times faster to train than the skip-gram,
slightly better accuracy for the frequent words
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Spellchecker (nonck oneyaTtok n owmnbok) [0]

e [EcCTb TeKkcT, HaaOo
O NPOBEPUTb, HET N onevyaTok/ownbok
O  UCMpaBUTb UX, ECININ BO3MOXHO

BapuaHTt 1 (quick-and-dirty) Go gle spel chejer yiddi|
OTCYTCTBMWE COBa B CroBape W paccTosiHne ;;cvi:.:lhish Spé" Forker
NeseHwTenHa (edit distance) no Gnvkaiero crnosa B e T
crioBape

Also see: Peter Norvig’s half-page of code
http://norvig.com/spell-correct.html
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Spellchecker (nonck oneyaTok n owmnbok) [1]

BapwuaHT 2: context-aware spell-checking

1. OB6Hapyxunu croBo, KOTOPOro HeT B crioBape
2. Haxogum B kopnyce crioBa, KOTOpble BCTpeyatoTcH
B OKPY>X€HMUU TaKUX XKe CNoB (pasmep OKHa HY>XHO nogobpaTb)
3. HangeHHble copTupyem no ntobrMoMy pacCTOSIHUIO AN CrIOB-Kak-
nocnegoBaTenbHOCTEN-CUMBOJSIOB;
Hanpumep, edit distance, n-gram Jaccard distance
4. bBepém Ton, ecnu Ham HpasuTcs pacctosHue (thresholding).

CChINKy Ha CTaTb HUKaK He Mory HanmTu :(

...A ellé MOXXHO NONbL30BaTbLCS CTOPOHHNMU cepBUCaM U TyJ1TaMi, Y KOTOPbIX
bonbwue cnosapmnu co6paHo MHOIO CTaTUCTUKKM MO oLmnbKam
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Named entity recognition, NER
(BbloefieHne MMeHOBaHHbLIX CYLLIHOCTEN)

Ha KapPTUHKE YKa3aHbl TUMbI
MMEHOBAHHbIX CyLLI,HOCTeIZ —
OHW 3alUNTbl B METKMW.

Buoos pPa3MeTK MHOrIO.

[nsa cywHOCTEN U3 HECKOMbKNX

in IERE. applied the general theory of relativity to model the large-scale structure of the
universe. He was visiting the e when came to power in [IEEE] and did not go
back to [eEwn. where he had been a professor at the il FeEes. He settled in

the BB, becoming an American citizen in [JEEL). On the eve of World War I, he endorsed a letter to
President B} [BREEER alerting him to the potential development of "extremely powerful
bombs of a new type" and recommending that the begin similar research. This eventually led to
what would become the [ENIEREI@Project. Einstein supported defending the Allied forces, but largely
denounced using the new discovery of nuclear fission as aweapon. Later, with the British

philosopher EITENE) EERH]. signed the [MERTII-ETE (ENHEERE, which highlighted the

danger of nuclear weapons. Einstein was affiliated with the [iEiGE 10 [llFrinceton
U (BT, until his death in [EEE.

Tag golours:
LoCATIONRTIMERPERSONORGANIZATION PERCENTIDATE

CITOB OTMeYaeM nepBoe CNoBO OTAESIbHON METKON:

KTo/O Takon/O AHgpen/B_NAME Anekcangposuy/l_NAME ®unbyeHkos/I_NAME? 4o



Part-of-Speech (POS) tagging (yactepe4dHas pa3ameTka)

WORDS TAGS

the q
waiter

— T ——
o

Sup.erffisg UnsL-l;_ervised

e II st - N

cleared | > = T e B T
the | Rule Basadl | Stochastic | | Meural | | Rule Based | | Stochastic | | Meural |
I_.’r // P "-\_ . I.
plates ] o [em)
frO m MN-gram | | Maximum | | Hidden Markoy Baum-Welch
the based Likelihood Model Algarithm

Viterbi
Algorithm
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POS tagging, NER

e 3ayeM HyxeH NER — ob6bsAcHATL He Hado :)

o POS tagging nomoraet, Hanpumep, crinaxmneaTtbe UYKM (CNOBO MOXHO
3aMEHUTb Ha METKY), BblAENATb onpeaeneHHble YacTn peyn (nonesHo angd
sentiment analysis n BoobLie ounbTpauum cnos), ...

o Kak pewartb, 4TO 1 Ha YEM 0bBy4aTbL?
o  OBPUCTMYECKME NOAXOonbl
o MopgHblie HenpoHHbIE ceTun
o  CTpyKTypHble mogenu mawmHHoro obyyenma: HMM, StructPerceptron, ...
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Hidden Markov Models [0O]

OaHbl: nocrnenoBaTenbHOCTU CNOB C COOTBETCTBYOLMMN METKaMMU
e Mopgenb: cocTOAHUSA = METKU, HabnaeHUs = CIioB

BekTop BepoATHOCTEN HaYaribHbIX COCTOAHUN N 2 MaTpULbI:

O  BEpPOATHOCTU Nepexoda N3 COCTOAHUSA B cocTosiHMe p(s_ils_i-1)

O  BEPOATHOCTU reHepaumn HabnrogeHus p(o_ils i)
e 3agaum

O  OUeHNTb BEPOATHOCTb MNMocreaoBaTesibHOCTHU HabngeHumn

O BOCCTaHOBUTb Haunborsiee BEpPOATHYIO NOCNeAoBaTeNIbHOCTbL COCTOAHUMN (MeTOK!)

Observe yi y2 y3 y4 ¥5

DR
HlddenUUU‘UU

Markov chain

L. R. Rabiner, "A tutorial on hidden Markov models and selected applications in speech recognition,"
Proceedings of the IEEE, vol. 77, no. 2, pp. 257-286, Feb 1989.
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Hidden Markov Models [1]

Anroputm Butepbu: aMHaMmu4eckun, naes

[aHbl HabnogeHus o_1,...,0_N coctosiHua s_1,...,s_N

Maém nocnegoBaTenibHO No “BpeMeHn” —— OT nepBbIX LWaroB K nocnegHmum
2.  Hat-m ware nwem camyto 605bLLY0 BEPOATHOCTb OKa3aTbCA B COCTOAHUN S_t

(cpeau Bcex LenoyYek —— HO TYT Mbl )XaHO CMOTPUM Ha npeablayLLmia war).

Muwem B maTtpuuy M.
3. Takxe B oTAerbHbIM MaccuB ByeM COXpaHsATb yKasaTernn Ha COCTOAHNS
Ha npeablayLieM ware, Ha KOTopbIX 6blfT JOCTUTHYT MakCUMyM

M 010+ = p(0¢|state) * Taxp(&tate]k) * My ;1
i)

Korga matpuubl 6yaeT 3anofnHeHbl, Mbl CMOXEM BOCCTAaHOBUTL MO yKa3aTensim
Hanboree BepOATHYIO NocriefoBaTesfIbHOCTb COCTOSIHUN!

50 = (sl

QY
833) = (max [

¥3(1) = arg}

21 = (il

¥3(2) = arg;

1s<i<3

Y3(3) = arg!
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Syntax parsing (cuHTakcuyeckumn pasoop)[0]

I~ A A N V Adv
NT) o] . | .
=/ Colorless green ideas sleep furiously.
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Syntax parsing (cuHTakcmdecknmn pasoop)[1]

A3bIK - 3TO cnoBapb M rPaMMaTmKa, To eCTb npasuna, rno KOTopbIM
Mbl OTAeNnAeM “npaBusibHbIA” TEKCT OT “HenpaBuIibHOro”

Subj

Re PP POb]
EcTb HeCkonbKO NOAXOA0B, COrfTaCHO KOTOPbIM “CBA3N” MeXay &@ %\A\

CnOBaMM ﬂon)KHbl O6pasoBb|BaTb Onpeﬂ,eneHHb|e CprKTypr the/D man/N that/IN cm;;?woatsfv bananas/H with/IN a/D fork/N
o o man/N eats/V
e rpammatuvka c opa3oBOMN CTPYKTypoOM AT TR i e
~ ~ /\
(PSG; XOMCKMit; CM. KapTUHKY Ha npea. cnanae) B TN camery s e wml,mm
~ rpamMmmMaTmKa HeENoCpPeaCTBEHHbLIX COCTaBMAAOLLNX et oo e ”l{%“m
a fork

g rpaMMaTMKa 3aBMCMMOCTeI7I (DG) https://bop.unibe.ch/linguistik-online/article/view/789/1357

CTpOV NpeanoXeHns B BUOe nepapxum crioB

(kaK B LUKOME CTpenoykaMu nokasbiBasnu, YTO OT Yero 3aBUCKT)
noxoxas BeLp - link grammar, Ho TaMm MOXET He ObITb HanpaBneHNsa 3aBUCMMOCTH

EcTb Heckonbko goopmMaToB 1 BUAOB PasMeTKMU. 46



Syntax parsing (cuHTakcmdecknn pasoop)[2]

Kak I'IapCI/ITb? rOBOpFlT, HE BCelra AOCTaTO4YHO KC-FpaMMaTI/IK, HO OA1Ad npumMepa

Anroputm Koka-AHrepa-Kacamu (CYK):

KC-rpammaTtuka pasmepa G

(npoaykuun a. 6.0aHbl B HOpManbHOW doopme XOMCKOro:
cneBa TOJIbKO OAWH nuTepar, cnpaBa He bonee ABYyX)
TEKCT ANUHbI N

Torpa pasbupaeT cTpoky ans 3agaHHon PSG 3a O(n”3 * G)
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Syntax parsing (CMHTakcuyeckum pasoop)[3]

[Mpnmep 13 Buknneoum

VP
VP
VP
PP
NP

B =2 9 <

et

d bbb ddddddd

NP VP
VP PP
V NP
eats

P NP
Det N
she
eats
with
fish
fork

a

S

VP
S

VP
S

CYK table

PP
NP NP

NP V,VP Det. N P Det N

she | eats

a fish with | a

fork
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MalunHHBLIN NepeBoA

e C 3TOM 3agaym HavYanacb KOMMNbTEPHAdA
NMUHIBUCTUKA, U 3Ta 3aava OCTaeTcsd no
NpeXXHEMY OQHOW N3 CaMbIX CITOXHbIX

e MHoro nogxogoB — B TOM Yucne

aaaaaaa

HeCTaTnuctnyeckme
° ,D,J'IFl CTaTUCTNHECKNX — HYXEH
napansienbHbIN Kopnyc Paccka3sblBaTb, kak AenaeTcs
OueHb KDVThI B NOCHeaHee BDeMs CTaTUCTUYECKMA MALLNHHBIN NEpeBos,
¢ Py H P S, KOHEYHO, He bydy; HO BCE He TaK
HelpoHHbIe CeTn, ryri BOT BblKaTull B CMNOXHO, KaK MOXeT Ka3aTbcs!

NPOAAKLUEH yXe JaBHO YT06bI B 3TOM YOeauTbesi, CTOUT HavaTb

c IBM alignment models 1 n 2
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to be continued...

MO>XHO 6bINno 66l No6oNTaTh O ANANOroBbIX CUCTEMAX, NPUBECTN HECKONBKO
CreHepunpoOBaHHbIX “4UCTO CUMBOJSIBHON” PEKYPPEHTHON HENPOHHOW CETbIO
“nopoLLKOB”, NOroBOpUTbL O cekcname word2vec-a, cneTtb necHn “‘HemnpoHHon

O60pOHbI N 3a4nTaTb nepnbl ron-cron- 60Ta Ho-Fyr Llaxpasaay-3acrurno
ara
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FINAL REMARKS

Ha gene yacto mano 4To paboTaeT Tak, Kak BaM HYXHO,
“n3 KOPOBKK”; CTOUT NPOBEPSATL rMNasamun U ons

NpaKkTUYECKMX Lenen npnaymMmbolBaTb 3BPUCTUKN —
He Haodo cmecHSmMbcSs!

OcobeHHOCTb: B Npoae OblBalOT HYXHbl OYEHb
creyuguyHbie OaHHble N TPIOKK No paboTe ¢
MaribIMU/2ps3HbIMU OaHHbIMU
(crowdsourcing rules!)

O4yeHb MHOroe 3aBUCUT OT UCTOYHUKA U pa3mMepa TEKCTa

OcTopoXxHee ¢ NUuUeH3nsmu!
A Korga kerrnmte — ¢ nobbIMU BHELUHUMW AaHHBIMUA

CInoBaTo Kpacueble




Kak HayunTbcq, rae nckatb [0]

1.

Speech and Language Processing,
by Daniel Jurafsky, James H. Martin

. Foundations of Statistical Natural Language

Processing,
by Chris Manning, Hinrich Schitze

Introduction into Information Retrieval

by Manning, Schutze, Raghavan - FREE (and lovely)! + nepeBog “oT AHpgekca”
https://nlp.stanford.edu/IR-book/

. A Primer on Neural Network Models for

NLProc by Yoav Goldberg

http://u.cs.biu.ac.il/~yogo/nnlp.pdf

EcTb n gpyrue KHWXKW, MbICSYU UX:
kHxKa 06 NLTK, NLP Ha Xackene etc.

SPEECH AND
LANGUAGE PROCESSING

DANIEL JURAFSKY & JAMES H. MARTIN

Introduction to

Beepexue
B



https://nlp.stanford.edu/IR-book/
https://nlp.stanford.edu/IR-book/
http://u.cs.biu.ac.il/~yogo/nnlp.pdf
http://u.cs.biu.ac.il/~yogo/nnlp.pdf

Kak Hay4ynTbcq, roe nckatb [1] Eeseen)

verh & al
1. OHnamH-Kypcbl -- google it! feature g

Michael Collins; Manning-Jurafsky; Manning; Socher

(DL in NLProc)) Wur;

2. KoHdepeHUuun
ACL conf, EACL, EMNLP, ...
NIPS, ICLR u npoyasi HempoepyHaa
Russia: Dialog, AINL, AIST, ...

' 10m11 CEHTABPA

T

Data Fest®
3. XuncTtepckue mumansi

DataFest, SPbDSM, Al-whatever hackathon-bl, kaggle club

Mocksa

Open
Data

4. NLPub.Ru
KTo xo4eT cnpocuTb 06 MHCTPYMeHTax - BaM Tyaa! |
OTNUYHBLIN MHPOPMALMOHHLIN BUKU-pecypcC! NLPUb SCle Nnce
5. [labnuku, meummepsbl, MOOMUCKU u s gssiEon
HQUiELits 53

B

opendatascience.slack.com (!)


http://nlpub.ru/
http://nlpub.ru/

[ToncoBble MHCTPYMEHTLI anga Python

e scikit-learn: npegobpaboTka (BekTopmsaTopsbl), Knaccudukaums,

Knactepusauus

scipy: Krnactepusaums -

pystruct, seqlearn, hmmlearn: cTpykTypHble MOgENM e Wil

bigartm, Ida: TemaTnyeckoe mogenuposaHue

gensim: TemaTudeckoe MogennpoBaHue, AUCTpUOYyTUBHAA ceMaHTuKa, B

T.4. doc2vec

e nltk, spacy.io: “lWBenyapckme HOXM” akageMmn4eckoro u
MHOYCTPUAnbHOIo NPOUCXOXAEHUS COOTBETCTBEHHO; UaearbHO, Korga
Hago 4YTO-TO nonpoboBaTh;
obpamume sHumaHue Ha docmyrn k WordNet

e %Baw noumMbIn hpenMBOpK Ans HenpocetTen%

e Xxapian, pylucene: NHOPMaLNOHHbLIA MOUCK

® HUWKTO HEe OTMeHAn Bawuu nodumble 6ubnmnotekun ¢ edit distance, radix
trees, longest common substrings, regular expressions




a ewe NLProc n ComplLing npenogatot
B BbICLLUNX 0Bpa3oBaTenbHbIX YYPEXOEHUSAX
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Cnacwubo.
Bonpochi?
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Bonus

b. OpexoB
[TosTmnyecknin reHepaTop
o BekTopHble MoOenu n pycckag nureparypa +
o MoHorpadwums, HanncaHHas LSTM, o6y4eHHoN
Ha Tekctax B. A. lnyHraHa
word2vec 1 cekcusm (a NoTOM BCEPLES)
DopelLearning: noabop pan-CTpoyek n3 kopnyca
HEWPOHHOW CETbIO

HenpoHHaga obopoHa (Ha A.My3bike)
.2

Kakyio My3bIKy 1
Thbl cnymaemt." ”

src: ObpasoBay
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