Jlekumna 2.
Knaccupukaums TeKCToB




Knaccudpukauma TEKCTOB

* Mpumepbl KNaccMPUKaLMOHHbIX 33434

*  06wwun emna: OcobeHHocTn + KnaccudpukaTop

*  Mopaenun: reHepaTUBHbIE N ANCKPUMUNHATUBHDbIE
* Knaccnyeckme metoabl

*  HeunpoceTeBble meToAabl

*  Knaccndukauma c HECKONbKMMU METKaMM

* [lpaKTnyeckue coBseThbl

*  AHaNN3 N NHTEPNPETUPYEMOCTb




Knaccudpukauma TEKCTOB

* MHoroknaccoBaa Knaccudpurkauma (Multi-class) (mHoro meToK,
NPaBUIbHOW ABNAETCA TOJIbKO OAHA U3 HUX)

* BuHapHaa Knaccudwukaumsa (Binary) (aBe MeTKM, nNpaBUAbHOM
ABNAETCA TO/IbKO O4HA U3 HUX)

* MHoromeToyHaa kKnaccndpukaumsa (Multi-label) (mHoro metok, oamnH
TEKCT MOKET MMETb HECKO/IbKO NMPaBU/IbHbIX METOK)




[laTaceTbl ANA KNnacCudUKaLMM TEKCTOB

JlaTaceTbl CU/IbHO Pa3NNY4alOTCA MNO:

* Tnny
* Konn4yectesy meToK

* Pasmepy

* CpegHen ANMHe B TOKeHaX (4ncay, KoTopoe NoKasbiBaeT, CKObKO B
cpegHeM TOKeHOB CoAepXKUTCA B O4HOM TeKcTe JaTaceTa)

e




[laTaceTbl ANA KNnacCudUKaLMM TEKCTOB

Dakset T e Orainft)  Gokane)
SST sentiment Sor?2 8.5k / 11k 19
IMDb Review sentiment 2 25k / 25k 271
Yelp Review sentiment Bior2 650k / 50k 179
Amazon Review sentiment D.oré 3m / 650k 79
TREC question 6 5.5k / 0.5k 10
Yahoo! Answers  question 10 14m / 60k 131
AG's News topic 4 120k / 7.6k 44
Sogou News topic 6 54k / 6k 737
DBPedia topic 14 560k / 70k 67




[laTaceTbl ANA KNnacCudUKaLMM TEKCTOB

* SST
Stanford Sentiment Treebank — 3To Knaccuyeckmni
N OYeHb U3BECTHbIN AaTaceT ANA OLEeHKMU ©

TOHANbLHOCTU TEKCTa (sentiment analysis). Ultimately

MpeanoxeHnsa B3ATbl U3 KUHOKPUTUKMK
(canT Rotten Tomatoes).
NcxoaHas pasmeTKa ucnonb3yeTt 5 Knaccos:

0 — Very Negative ©) 3) 3)

feels 3 QX \
1 — Negative unsatisfying = 3 3

3) swallowmg{l, 1 without
v A L
2 — Neutral empty  and a /‘3 3 3
4 2 the wine
3 — Positive pabel: 1 €) ©)
Review: Communion wafer
.. Ultimately feels empty and unsatisfying , like swallowing a

4 - Vel’y POSItIVE Communion wafer without the wine .




[laTaceTbl ANA KNnaccudUKaLmmM TEKCTOB

IMDb Review
IMDb (Internet Movie Database) — 310 orpomHas oHnamH-6a3a AaHHbLIX O

dunobmax, Tenecepmanax mn smaeo urpax. Aaracer IMDb Review npeacrtasnsaer
cobon Konnekuuto oT3bIBOB 3puTenen Ha PuabmMbl, pa3MeELLLEHHbIX Ha 3TOM CanTe

3apgava: buHapHaa kKnaccmdukauma ToHasnbHOCTU (Sentiment Analysis)
NcxogHaa pasmeTKa ncnonb3yeT 2 Kaacca:

Negative (0) — oTpuuaTenbHbin OT3bIB (OLEHKa nonb3oBaTtena < 4 n3 10)

Positive (1) — nonoxxutenbHbiK 0T3bIB (OLEHKa nosb3oBatensa = 7 n3 10)




[laTaceTbl ANA KNnacCudUKaLMM TEKCTOB

* IMDb Review

Label: negative

Review
Hobgoblins .... Hobgoblins .... where do I begin?!?

This film gives Manos - The Hands of Fate and Future War a run
for their money as the worst film ever made . This one is fun to
laugh at , where as Manos was just painful to watch . Hobgoblins
will end up in a time capsule somewhere as the perfect movie to
describe the term : " 80 's cheeze " . The acting ( and I am
using this term loosely ) is atrocious , the Hobgoblins are some
of the worst puppets you will ever see , and the garden tool
fight has to be seen to be believed . The movie was the perfect
vehicle for MST3 K , and that version is the only way to watch
this mess . This movie gives Mike and the bots 1lots of
ammunition to pull some of the funniest one - liners they have
ever done . If you try to watch this without the help of Mike
and the bots ..... God help you ! |




[laTaceTbl ANA KNnaccudUKaLmmM TEKCTOB

Yelp Review
OcHOBaH Ha peanbHbiX 0T3bIBax ¢ nnatdpopmebl Yelp.
Yelp — 310 nnatdpopma, rae nonb3oBaTeNM OCTaBAAKOT OT3bIBbl O pecTtopaHax, Kade, marasmHax,

canoHax Kpacotbl U T.4. [ataceT Yelp Review npeactaBnaer cobom OrpomMHyr0 BblOOPKY 3TUX
OT3bIBOB, Ny6M4YHO npeaocTtaBaeHHyto Yelp ana nccnenosaTenbCKUX LeNen.
3apaya: MHorornaccosas Knaccudpurauma

Knaccbl: OT3biBbl  pa3meveHbl KoamdyectBom 3Be3q, (1-5), 4Tto ectectBeHHbIm 0b6pasom
COOTBETCTBYET TOHA/IbHOCTU:
1 3Be3aa — Very Negative (o4eHb HEraTMBHbIN)

2 3Be3abl — Negative (HeraTuBHbIN)

3 38e3abl — Neutral (HerTpanbHbIN)

4 3Be3abl — Positive (NO3UTMBHbLIN)

5 3Be3g, — Very Positive (o4eHb NO3UTMBHbIN)




[laTaceTbl ANA KNnacCudUKaLMM TEKCTOB

* Yelp Review

Label: 4

Review

I had a serious craving for Roti. So glad I found this place. A
very small menu selection but it had exactly what I wanted. The
serving for $8.20 after tax is enough for 2 meals. I know where
to go from now on for a great meal with leftovers. This is a
noteworthy place to bring my Uncle T.J. who's a Trini when he
comes to visit.




[laTaceTbl ANA KNnacCudUKaLMM TEKCTOB

Amazon Review
[daTtacetr Amazon Review — 370 0AMH M3 caMbiX MacWwTabHbIX M 3HaYMMBbIX pecypcoB B mupe NLP
n Data Science. OH npeacTasnaetT cobom KONOCCANbHYHO KONNEKLUIO OT3bIBOB NOAb30BaTeNEN Ha

TOBapbl, Npogasaemble Ha Amazon.com.

3agaua: MHoroknaccoana knaccudpuKkayma

Knaccbl: OT3biBbl  pa3meveHbl KoamdyectBom 3Be3q, (1-5), 4Tto ectectBeHHbIm 0b6pasom
COOTBETCTBYET TOHA/IbHOCTU:

1 3Be3aa — Very Negative (o4eHb HEraTMBHbIN)
2 3Be3abl — Negative (HeraTuBHbIN)

3 38e3abl — Neutral (HerTpanbHbIN)

4 3Be3abl — Positive (NO3UTMBHbLIN)

5 3Be3g, — Very Positive (o4eHb NO3UTMBHbIN)




[laTaceTbl ANA KNnacCudUKaLMM TEKCTOB

- Amazon Review

Label: 3

Review Title: Simple

Review Content:

This book was not anything special. Although I 1love
romances, it was too simple. The symbolism was spelled out
to the readers in a blunt manner. The less educated readers
may appreciate it. The wording was quite beautiful at times
and the plot was enchanting (perfect for a movie) but it is
not heart wrenching like the movie Titantic (which was a
must see!) ;)




[laTaceTbl ANA KNnacCudUKaLMM TEKCTOB

TREC QA Track
Text REtrieval Conference — knaccnédukaymsa Bonpocos nNo TMnam.
3apava: Onpenenntb TUN OXMAOAEMOro OTBETa Ha BOMNPOC

Knaccbl: MepapxmyecKkana cnctema meTtok (6 rpybbix Knaccos, 50 TOHKMX).
ABBR (abbreviation) — abbpeBuaTypbl 1 pacliMdpPOBKU.

DESC (description) — onucaHus, onpeaenenms, o6bACHEHUA.

ENTY (entity) — cywHocTn (nnua, opraHusauum, NnpoayKTbl U T.4.).

HUM (human) — ntoau.

LOC (location) — mectononoxkenwus.

NUM (numeric) — yncnosble 3Ha4yeHuMA (LeHa, HaceneHune, AaThbl).




[laTaceTbl ANA KnaccudUKaLMM TEKCTOB

Yahoo! Answers
Datacet Yahoo! Answers — KonneKkuma BONPOCOB MNo/sb30BaTeNEN, OTBETOB M NYYLLUMUX OTBETOB Ha
3TV BONPOCHI .

3apaua: Tematnyeckasa Knaccmodukauma (Topic Classification). Bonpocbl M oTBeTbl OTHOCATCA K
OAHOM U3 MHOECTBA TEMATUYECKMX KaTEropun

Knaccbi: 10 KpynHEMWmMX OCHOBHbIX KaTEroOpUM:

Society & Culture (O6uwecTtBo 1 KynbTypa), Science & Mathematics (Hayka n matemaTuka),
Health (3goposbe), Education & Reference (O6pa3soBaHue 1 cnpaBoYHble MaTepuanbl),
Computers & Internet (Komnbtotepbl u MHTepHeT), Sports (CnopT), Business & Finance (busHec
n dpunHaHcol), Entertainment & Music (PassneyeHna n mysbika), Family & Relationships (Cembsa 1
oTHoleHuns), Politics & Government (lMonnTrKa n NpaBUTENbCTBO).




[laTaceTbl ANA KNnacCudUKaLMM TEKCTOB

Label: Society & Culture

Question Title: Why do people have the bird, turkey for
thanksgiving?

Question Content: Why this bird? Any Significance?

Best Answer

It is believed that the pilgrims and indians shared wild turkey
and venison on the original Thanksgiving.

Turkey's "Americanness" was established by Benjamin Franklin,
who had advocated for the turkey, not the bald eagle, becoming
the national bird.




[laTaceTbl ANA KNnaccudUKaLmmM TEKCTOB

DBpedia
Dartacer DBpedia — 3T0 robanbHbin 06WEAO0CTYNHbIN MNPOEKT, LENbI0 KOTOPOro SIBASIETCA
n3BsieYeHME CTPYKTYpupoBaHHON nHpopmaumm ns Wikipedia n npegocraBneHme K Hen goctyna B
BUAE CBAA3aHHbIX AaHHbIX (Linked Data)..
UctouHuK: Wikipedia (MHPOOOKCHI, KaTeropmm, reokoopAnHaTbI, CCbIKKU U T.4.)
Onsa ML-coobuectBa Hambonee u3BecTeH MMEHHO pAartacer ana Knaccudpumkaumm (DBpedia
Classification).

Yucno Knaccos: 14

[laHHble anAa KaXXa0ro npumepa:
HasBaHue cywHoctu (Ha3BaHue ctatbn Wikipedia).

A6cTpaKT (aHHOTaLMA) — KOPOTKOE TEKCTOBOE OMMCAHWE CYyLHOCTU, U3BJIEYEHHOE M3 NepBoro absaua
cooTBeTcTBYytowWwen ctatbmn Wikipedia.

Knacc — ogHa n3 14 kateropumn DBpedia.




[laTaceTbl ANA KNnacCudUKaLMM TEKCTOB

Label: Artist
Title: Esfandiar Monfaredzadeh

Abstract

Esfandiar Monfaredzadeh (Persian : o5l joj aie jlowisw!) is an
Iranian composer and director. He was born in 1941 in Tehran His
major works are Gheisar Dash Akol Tangna Gavaznha. He has 2
daughters Bibinaz Monfaredzadeh and Sanam Monfaredzadeh Woods

(by marriage).

e




[MonyyeHue npeacrtaBNeHU NPU3HAKOB U
KnaccnpukaumA

N3BneyeHmne NpMU3HaAKOB:

*Knaccuueckne meTtobl — MPU3HAKM U3B/IEKAIOTCA BPYUHYIO P(class = kI liked..<e0s>)

4e0BEKOM T —
*HeWipoceTeBble MeToAbl — MPU3HAKMN U3BNEKAIOTCA CETbIO! assification| = |
CeTb 3aNOMMHAET, YTO BaXKHO method —

MeTtoabl Knaccmbukaymm:
° reHepaTMBHbIe
* ANCKPUMMHATUBHDbIE

N: feature representation of
the text I liked the cat <eos>

R

Feature extractor
(e.g., hand-crafted
or neural network)

i

I liked the cat <eos>‘ <— Input text




[ eHepaTUBHbIE MOAENN

Learn: data distribution
p(x,y) = p(x|y)-p(y)

How predict:

y = argmaxp(x,y)=argmaxp(x[y) - p(y)




INCKpUMUMHATUBHbIE MOaeNn

Discriminative

b models
\ Learn: boundary between

classes p(y|x)

How predict:

y = argmaxp(y[x)




Knaccuyeckne metoapl

* HansHbIN banec
* Jlornctnyeckasa perpeccuma
* SVM




HausHbIX Banec

Pixly=k)-P(y=k) _
P(x)

y" = argmax P(y = k|x) = argmax

= arg méixP(x|y =k)-P(y =k)

y* = arg mj?xP(y = k|x) = arg max Plxly=k)-P(y=k) = arg max P(x,y = k)

N(y = k)
§(=1N(y = 1)

P(y =k) =

e




Boiuncnenne P(x|y = k)

P(x|ly = k) = P(xq,x5, ..., Xxp|ly = k)

HausHble banecoscKune npeanonoXXeHus:

MpeanonoxeHne o mewke cnosB (Bag of Words assumption) —
NoOpsA0K C/IOB HE UMEET 3HAYEHUA

MpeanonoxeHne o6 ycnosHoM HezaBucumoctn (Conditional
Independence assumption) - npu3Haku (cnoBa) He3aBUCUMbI AN
NAQHHOTrO Knacca.

P(x|y =k) = P(xq,X2, ..., xn|ly = k) = HP(JC ly = k)




Bblumcnenune P(x|y = k)

P(This film is awesome || y = +) =

- P(Thisly = +)

- P(filmly = +)

- P(is|y = +)

- P(awesome |y = +)
- P(lly = +)

e




Boluncnenne P(x|y = k)

MNcnonb3ya HauBHbIe NpeanonoXKeHUa, NoAYYUIN:

n
P(x|ly = k) =P(xy,xy, ..., x|y = k) = HP(xdy = k)
i=1

Bbluncnsiem otaenbHble BEPOATHOCTU «BPYUHYION:

N(xp,y = k)
P(xily =k) = Zm B
=1 N(xp, y = k)

e




Bo3amoxHas npobnema

Bbluncnaem otaenbHbie BEPOATHOCTU «BPYUHYIO»:

N(xpy = k)
P(xily =k) = Zm —
=1 N(xp,y = k)

A 4TO €C/In YNCINTENDb PaBEH HYNIO? (TO ecTb Npn 0byyeHNn TOKeHa X;
He bbl10 B AOKYMEHTax Knacca k)

N(x;,y = k)
P(xily = k) = V| :

t=

=0
NG,y = k)

e




PeweHune npobnemol

CrnaxxuBaHue Jlannaca (Laplace Smoothing).
PewaeTt npobnemy HyneBow BEPOATHOCTH

(S Is — 5 I —
Pty by = OFNGY=R 54Ny =h)

|V \4
21(5 + N,y =k) o-|V[+ El N,y = k)




[1peacKasaHne moaenu

Data: x = This film is awesome |
X{ Xy X3 X4  Xs

y* = arg mfo(x,y = k) = arg mi.?xP(y = k) - P(x|y = k)




[lonydyeHune nporHosa

Positive class Negative class
P(x,y = +) P(x,y = —)
=P(y=+) -P(x|y = +) =Py =) -Plx|ly =)
=[Py = D)} 0.5 =PO = )}
- P(This|y = +) - P(This|y = —)
- P(film|y = +) HelTpa/ibHble cNoBa -P(ilm|y = —)
- P(is|y = +) - P(s|y = —)
- P(awesome | — ) « BawHoecnoso —— P(awesome |- )
- P(lly = +) P(ly = —)
P(awesome|y = +) > P(awesome|) )

e




HaunsHbin banec: B3rnag, B pamkax obuuen
Mmoaenv

P(class =k, I liked..<eos>)

= =
Classifier ——
—

n: feature o
representation N
Q

of the text

Feature
extractor

i

I liked the cat on the mat <eos>| <« |, 1ot




HaunsHbin banec: B3rnag, B pamkax obuuen
Mmoaenv

P(class =k, I liked..<eos>)

 —
Naive Bayes | = =
[ O
n: feature o
representation
of the text -
Bag of Words
(BOW)
I liked the cat on the mat <eos> < |/ o0




[Mpobnembl HanBHoOro baneca

This is rather good: This is rather bad:
not bad at all not good at alll

\ /

this, is, good, bad,

rather, not, at, all, !

e




Jlornctunyeckan perpeccus

h = (f1, f2, -, [zy) — BEKTOP NPU3HAKOB BXOAHOIO TEKCTA

w () = (wl(k),wz(k), ...,W,S")) — Beca NPU3HAKOB

WO =W . fi 4o w2 f,, k=1,...,K

exp(Ww® 1)
K
2, exp(w? )

i=1

P(class = k|h) =

e




ObyuyeHne: MakcuMmU3auua BEPOATHOCTU

EcTb HEKOTOPbIN TEKCT. TEKCT MMeeT MeTKY K.

Makcnummsauma norapmdmuyeckoro npasaonoaobma npaBuUAbHOIO
Knacca log P(y = k|x) = max

MuHMMMN3auUmA oTpuuaTenbHOro norapndmMmnyecKoro
npaBaonogobua npaBmMAbHOro Knacca —logP(y = k|x) - min

MWHUMKU3aUMA NOTEPU KPOCC-IHTPONUMN:

K
—Z p; - log P(y = i|x) » min
i=1




CpaBHeHuMe HauBHOro baneca u
JIOTCTUYECKOU perpeccum

HausHbiK banec:
O4YeHb NMPOCTOU
OYeHb BbICTPbIN
MHTEPNPEeTUPYEMbIN
npeanonaraet, YTo NPU3HAKU YCNOBHO HE3aBUCUMDI

TEKCTOBOE nNpeAcTaBNAeHMe: onpeaenaeTca BPY4YHYH (M 4acTo
CNLWKOM NMPOCTO, Hanpumep, BOW)




CpaBHeHuMe HauBHOro baneca u
JIOTCTUYECKOU perpeccum

Jlornctuyeckasa perpeccua.

O4YeHb NpocTan

MHTEepnpeTupyemas

He npeanosaraeT, YTo NPU3HAKU YCNIOBHO HE3aBUCUMDbI

He TaKkaA ObicTpaa (MHOMEeCTBEHHble uTepauun TrPaAaNEHTHOro
CrycKa)

TEeKCTOBOe npeacTaB/ieHne: onpenenaeTca BPyUYHyLo




SVM

P(class =k, I liked..<eo0s>)

—
SVM , E—
@ <«— the Themostpopular h for SVM
0 .
. [1}e— cat is bag of words and
rep:]r.efses;g:on IE) 0 bigrams: number of times
= 0 i
of the text H 1|~ mat we met each token/bigram
[1]<— the cat <— thisis a bigram:
two words
Some manual
features (e.g., BOW)

f

I liked the cat on the mat <e0s>| «—— |1yt text




Knaccmpukauma ¢ NoMoOLLbIO
KNaccn4ecKkmx MeToaos

ObLan cxema: P(class = k [T liked. <eos>

-

—
Classification|  =——
method =

8 h: feature
o| representation
9]

of the text

Feature extractor
(e.g., hand-crafted
or neural network)

i

I liked the cat . <eos> «— npuex




KnaccudpuKkauma ¢ NOMOLLBIO HEMPOHHbIX
ceTeun

BMecTo npu3HaKoB, 3aJaHHbIX BPY4HYIO, KdaSSeS
NO3BO/IMM HEMPOHHOM CEeTU P(class=k] ..)
BbISIBUTb NONE3HblE MPU3HAKM d-sized Lmear softmax

vector aver o \

h- feature g Wy fiaturle welz(ights
: or class
representation —— |9 h(+b) ©
of the text © Wi €20 0)=WaN(+D) O Tenttmaxy =

W, Wyh (+by) ©
Ws w3h(+bs) ©

Neural Network Weigh features: take dot-

product of h with feature
weights foreach class
O O LN ]
O O
O o
0

NPUTIEXt T liked the ca1‘ . <eos>

-
(Go6o0)

ojelo]e]
(OO O O]

0000
[O00 O]




MpeacTaBneHWe TeKCTa U npeacTasaeHue
KNaccoB

our vectors w,, w,, Wy BeKTopbl TEKCTa yKa3bIBalOT B HAaNpaB/ieHUM
i COOTBETCTBYHOLLMX BEKTOPOB Kaacca:

.
Linear o' e D, o -
. T le > o

X layer | - el X e * (b, o of |Wilo
o ° b S

W A

. / \ 0 o

P

000
Q000

0000

N -vector W, W, W5 - Vector o0
representation  representations of
of the input text classes o oo""@ o ©
o O
© 5 o |
@
g] nfortextsof © o
ofclasses 1,2, 3 olws| 8




Oby4yeHue: Kpocc-aHTpOoNUA

EcTb HEKOTOPbIN TEKCT. TEKCT MMeeT MeTKY K.

Model prediction: Target:

P(class =1L liked..<eos>) p Feed 3 text to the
B <« k —s [ Neural Network NEtwork
EII:I 0
— 0

Cross-entropy loss: S EREE
I liked the cat . <eos>

K
- > p; -logP(y = i|x) = min . =Lp; =0,i #k)

we want the model
i=1 Correct label: 4 <—

to predict this

For one-hot targets, this is equivalent to
—log P(y = k|x) = min




[poctenwmne mogenu: BOE v
B3BeLWweHHbIn BOE

Sum of embeddings Weighted sum of embeddings
(BOE: Bag of Embeddings) (e.g., using tf-idf weights)

tf-idf(w, d, D) =tf(w, d) - idf(w, D)

<« N:vectorrepresentation of the input text —— o ~,
N(w, d) lo Bl
- Sl1{deD: w e DJ|
term frequency inverse document
frequency

<« tf-idf(word w, text d, corpus D)
4

o
Token embeddings ; I
o

o] o

(Word2Vec, GloVe, etc)

I liked the cat . <€0s> <«— Inputtext —s I liked the cat . <eos>

[eleXexe]

[©o00lx O
0ooolx O
[0o00oIx ()
[Eo601x O




CBEpTOYHbIE HEUpPOCETM ANA 0BpaboTKU
n3obpaxeHnn u Translation Invariance

& S H
e g

Label: cat | abel: cat Label: cat | abel: cat Label: cat

* [lpuUMeHUTb Ty XKe onepaumio K
HEDOONbLLIMM YacTAM BXOAHbIX
AAHHbIX

* HANUTU «COBMAAEHUAN C
wabnoHamm

* CeTb Y3HaEeT, Kakue wabnoHbl
NONe3HbI

* wabnoHbl pa3BMBaAKOTCA OT
NPOCTOrO K C/IOXKHOMY




KaK 3TO MCNONb30BaTb B TEKCTAX?

Echn B TeKkcTe ecTb HeKoTopas ¢pas3a, M OHa OYeHb BarkHas, TO,
BO3MOMHO, HAM He O4YeHb BaXKHO, rge MMeHHO OHa HaxoAMUTCA.

An absolutely great moviel T watched the premiere with my friends.

The movie about cats was absolutely great, and the cats were cute.

The movie is about cats running around, and it is absolutely great.




TunnyHaa moaenb: cBepTKa +

obbeauHeHne

Standard part
(same for all NNs):
get probability
distribution

Specific to CNNs:
process text
(document)

— m-sized vector K classes
P(class=k]| ..)
n:vector o
_ softmax
representation —s g Lllnear ].—>
of the text ayer 1o
_ I Aggregate matches
| poomg ] <—pooling < over positions
A A A A
) [~ I;]T] ] [~] [~ [~] =<=——non-linearity (aka wedont;aﬂre
T 17 T 171 (ReLU) where the catis”)
9] Q Q o o @] Q
ol |e| |e o ol [e]| |o] |e
@ o @] 0] @ 0] @] Q
L] o Q o 0] @] O .
I T 0 I O I O I _ Find matches
<—— convolution «— with patterns
Al ol [el [el el el el el [l [ -
o O Q O O O O O O o
ol lol 1ol lo| lel lol lol ol lo|l lo] <=—— word (aka"find a cat’)
O O o O O O O O 9] @] .
- —J L . O ud u L embeddings
<pad> I like The cat on a mat<eos><pad>




PUNbTP CBEPTKU ANA TEKCTA

B OO0 OO I

<pad> I like the cat on a mat <eos> <pad>




CBepTKa — 3TO IMHENHaA onepaums,
NMPUMEHAEMaA K KaXKI0MY OKHY

Convolution is a linear layer

Result: S g mapping fromk-dtom
sl Bl () 6] (6 vector of sizem o)
ol ol o] o] |eo : o A
ol ol lo] o] o Convolution — S
°F e e e e with m filters - I like the °
_/_ v — @] (@] O Eoooloooolon oo X W k-d = © m
i . (®) 9] @
BememBe R Embeddings: > ol 1Bl I8 < > ®
J = L - i 9] e . .
ol lo|l lol lol lol ol lo vectors of sized o 1© k vectors of size d: v
ol lol lol ol lel el |o . _
ol lal el Bl el kBl e |I like Thel k-d —
— m filters

<pt'.'ld>| I like 'I'hce:I cat <eos> <pad>

Kernel size k (k=3)
(convolution window size)

* Xy, X, .., X, - INPUt vectors (e.g., word embeddings) Wi = [xi, ---r’_‘i+k—_1] € R_k ¢ - concatenate
representations in the i-th window

« d (input channels) - input vector size
W e REDXm _conyolution

« k (kernel size) — conv. window length

F; = u;xW — convolution applied to the
i-th window

« m (output channels) — number of filters




PunbTp
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<pad> I like the cat <eos> <pad>

. S ol o e
Embeddings: 8 o b 8
i o O
vectorsof sized |5 a & b
J

.- 000

Filter: m W 0

<pad> I like the cat <eos> <pad>
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0000

Q000

. o O (] 8] O O ©
concatenate Embeddings: ___ o] o lo| |o| o 0 o
/ vectorsofsized 3| 15| 18] 19| |2 - -
e | ]
8 concatenate
o) / ofe]2] (@)
i O ] [o] [&] @
I like the o ole|lo| [e
0000J0000]0000 X o = @ ololo| |e DT
current window = result: I like the ole|o| |e 0
o= 3. @ . [CCCo[cc0o0[o00T] X |ele|e| - |e|] =
size = 3- © one feature - olelof e 0]
0 current window olelo P :
o size =3-d ejejo] @ )]
@ o|e|o @
iter- ) ) . ) result:
onefilter: mfilters: ~ Mfeatures

3-d parameters m x(3-d) parameters
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CBepTKa: NapameTpbl

Pasmep aapa: CKO/IbKO TOKEHOB 33 OAUH Pa3 Bbl CMOTPUTE

kernel size =2 kernel size=3 kernel size = 4
DEDDDOD D;DDDD DEDDD
O g8 B B ) 8 8 B B O 00 O
<pad> I like the cat . <eos><pad> <pad> I like the cat . <eos><pad> <pad> I like the cat . <eos><pad>

LLIar: HACKONbKO HYXHO NepemecTUTb PUNLTP Ha KaxKAoM Luare

stride="1 (default) stride=2 stride=3
00000 O (] O O O O O O
O00O00 00D O0000000O0 O0O0O000DO0O0 O

<pad> I like the cat . <eos»><pad> <pad> I like the cat . <eos> <pad><pad> <«pad> I like the cat . <eos><pad> <pad>




Pooling (max, mean, etc) (06beanHeHmne)

Max pooling: makcMumanbHoe 3HayeHWe ANA KaxKAoro U3mepeHwus

(Nnpu3Haka)
Mean pooling: cpegHee 3HadyeHWe AN KaxKOoro wm3smepeHus
(Nnpu3Haka)
Fiter: 1 (O] (@] (O] O (O] O M" O irs (o max (14
et D0 0B0 8 meweans Ol
Fiter:3 L) (10 (O |0 [0 =510 maximum for each ol 2l allo Al el max |
: : : : : i dimension (feature) O._z -.J..xﬂr ’I._S -.J..4 u.'”l u..’i —s (1.3
Filter: _Max_ AR N R
iter:m Q Q D D . D !J 0.5/10.1)10.1)10.3/ 1.1/ 0.2 % :1'1)




Pooling and Global Pooling

Pooling: arperauus npnsHakos B HEKOTOPOM obnactum
Global pooling: arperauma npn3sHakos No Bcem BXOAHbIM AAHHbIM

1.2] 0.9! 1.2)

0.4 1.4 1.4

1.3 0.5 1.3

_ 0.5 11 | 1.1

Pooling r:ﬂ_a:;: Global Pooling —
(pooling 3, s s (max-over-time P
stride 3) 0.1/ [1.2](0.4]10.9||0.3|(0.2 pooling) 1.2 0.9//0.3|[0.2
0.3/10.2|/0.4/11.4/11.3/|0.1 0.3//0.2//0.4|11.4 [1.3/ 0.1
0.2/|0.4|11.3/0.4/|0.1/|0.5 0.4|[1.3/0.4/[0.1/|0.5
| 0.5/l0101031.1l0.2 | 0.5/0.1)0.1/l0.3/ 1.1/ (0.2

Convolution —> Convolution —>
0000000 00 00 )
<pﬂd> I like the cat . <eos> <pad> <pﬂd> I like the cat . <eos> <pad>




CBepToYHble Moaenu AnA
KnaccMpumKaumm TEKCTOB

HecKonbKO CBEPTOK C pa3HbIMM pa3mepamm A4pa

> |o| =— Thisisour h: vector
concatenate © representation of the text
representations from D
different convolutions 8 <

max-over-time

|ooo}
(000}
(@ @]

e
pooling R — <_max
alE EE B eNEIEEE <X 5
ol 121 |©f (@ o ol 121 2] |o 5 E o
ol 1o |o| |o 6] ol | ol 1o o) e| |e
Convolution — / - o
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<pad> I like the cat <eos> <pad> <pad> T like the cat<eos><pad>  <pad> I like the cat <eos> <pad>
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kernel size=2 kernel size=3 kernel size=4




CBepToYHble Moaenu AnA

KnaccMpumKaumm TEKCTOB
CTeK 13 HeCKo/IbKMX 610KOB: CBEPTKa+MYANHT
Global Pooling ____ O The final is always global pooling:
(max-over-time) 0 0 0 0 you need it to get a single vector
Convolution —>
| O O O O O
Pooling e Block convolution+pooling

00000000 O You can stack several of them!
Convolution —> |
0000 0000 000O

<pad> I like the cat on the red mat - <eos> <pad>

e




PeKyppeHTHble HEMPOHHbIE CeTU

out Ha Kaxaom aTane peKyppeHTHasA HEMPOHHAA CeTb NOJyY4aeT HOBbIM
(optionally) BXOZAHOW BeKTOp (Hanpumep, ambeaanHr) u npeabiayllee
cocTosaHue cetu (KoTopoe, byaem HaaeaTbCA, COAEPKUT BCHO NpeablayLLyto
nHdopmaumio). icnonbsys 3Tu BXoAHbIE AaHHblE, AYENKA PEKYPPEHTHOMN

-
—
000O0]|

g N HEMPOHHOM CEeTU BbIMMC/IAET HOBOE COCTOAHME, KOTOPOE OHA BbIAAET B
ht—1 0 KayecTse pe3ynbrata. 3TO HOBOE COCTOSIHWE TeNepb COAEPKMUT
° MHPOPMALMIO KaK O TEKYLUMX BXOAHbIX AAHHBIX, TaK M 06 nHGopmauumu,
previous 11N Nosly4eHHOW Ha npeapblayLmx sTanax.
O
state ojcurrent
ol Input
Xt




PeKkyppeHTHble moaenu ana
KnaccMpumKaumm TEKCTOB

NPOCTO: NPOYNUTANTE TEKCT,

onpeaennTe KOHEYHOE COCTOAHME Thisis OL_“’ n:vector
representation of the text

nitial RNN e (e 12 (@] 129 (@] (2] [o] (o This final state
) o| o] o] o] lo] |of o] |eo e
state (e.a, oo lol o0l 10 rD—>D—>g k_no_wa everything —
zerovector) | [e] |e| o] || |o| |e]| |e]| Jle]l it“saw”all tokens
O O O ] )] O O o
@] O O O O O O @]
@] 0 O O o O O @]
@] E O O O O O @]
I like the cat on a mat<eos>

Ul
(6]




PeKkyppeHTHble moaenu ana
KnaccMpumKaumm TEKCTOB

This is our h: vector

HeckonbKo cnoes: nepeaayva COCTOAHUN :
PEA representation of the text

n3 ogHon RNN B apyryto

(2)
29 ayer [@.2@[E1.2 [ [.2[F 2
RNN o) hﬂho h1}o N, |e ha;o Ny |o|  Final state of
_—> g g 8 g g g the 2nd-layer
i - = RNN
ﬂﬁ- _|A_i1_: Ilm ﬂ“l -' T"]
laye = © i ot . o] Final state of
N O o Q 1O (@]
RNN 8 el lel ilel ilel T le the 1st-layer
> 9Jh %‘ f”fh ®fh- % h, 1@ RNN
O o O O O
0 o of |[o 0
N S — . o
I like the cat <eos»




PeKkyppeHTHble moaenu ana
KnaccMpumKaumm TEKCTOB

This is our n:vector
representation of the text

[lBa Hanpas/1€eHNA: UCMNOZIb30BATb

KOHEYHbl€ COCTOAHUA U3 NMPAMDBIX U T
obpaTtHbix RNN =
o}
Concatenate representations g
from forward and backward RNN g
o
[s] Initial RNN
_ state (e.g.,
Final state of |© 9] o] e /zemve ctor)
BaCkward RNN the backward g g g g
D — RNMN (] 0 o o
¥ *
(6} (o) o) tate (
. ) o o o)
Forward RNN *lo ol Tlel T e forw |-._I
—_— o o o RNN

Initial RNN 0

000
[©ooo}
[coo o0}
0000

<bos> I like the cat <cos>




MHOromeTo4yHana KnaccupmKaumA

NS 334241 C HECKO/IbKMMUM METKAaMM HaM HYKHO ,

Reviewed 10 papers over the

Y - |
M3MEHWUTb [Ba 9/1EMEHTA B CXeme C O4HOM gry| - Weekend - feel superhumant
METKOMW: , l l l
* moaenb (cnocob oueHKM BEpOATHOCTEN K/1acCoB);

#fun #science ... #weekend

* OPYHKUUIO NOTEPDL




MHOromeTo4yHana KnaccupmKaumA

d-sized vector Kclasses

Nn:vector o
. = Linear1©|— @ > —
representation — | Jf—= | Ol—= 0 —= 1 P(class=k]|..)
of the text o ayer lo|—-» g — [

A AN

element-wise class probabilities
sigmoid are independent
and do notsumto 1

Neural Network

This is the difference from
single-label classification

0000
[0 O O]
[000O0]
(00 00|
[00 QO]
[00OOQ]

I liked the cat . <eos>




PyHKUMA NnoTepb: BUHapHaA Kpocc-
SHTPOMUA ANA KaxKAoro Knacca

Training example: I liked the cat on the mat <eos> Labels: k, t
|
target

Model prediction: Target: Binary cross-entropy loss for each class:
P(y;=1].<e0s>),i=1..K pi,i=1.K K

P1—] 0 —Z[pé"-logP(yz = 1lx) + (1 — p;) - log P(y; = 0|x)] -» min,

Pr— <« k — [1] = ]

l |
p.?”g 8 where P(y; = 0|lx) =1-P(y; = 1|x)
Pe 1 <~ t —>
binary classifier loss for class |




[paKTnyeckme coseTbl. YTO Aenatb C
ambenanHramm?

BxoaHble BEKTOPHbIE NpeACcTaBAeHUA CNOB:

e ObyyeHune ¢ HyNS

e Alcnonb30BaHMe NpeaBapuUTenbHO 0by4YeHHbIX
AaHHbIX (Word2Vec, GloVe)

* lHMUMann3auma c UCNOAb30BaHUEM Neural Network
npeaBapuUTeNbHO 0OYYEHHbIX AaHHDbIX,
3aTeM TOHKaA HAaCTPOUKa

—> classify

(0000

3

HI[O 00 OH—

liked the cat . <eos>




KaKkune AaHHble Y Hac ecTb?

* obyyatolime p[OaHHble AN KhaccMduKauum TeKcTa (C MeTKOoW):
HebonblON 0OBEM; TEMA, crieunPmnyHan ANa KOHKPETHOM 3a4a4m

* obyyaowme AaHHble O/ BEKTOPHbIX npeactaBaeHun cnos (6es
METOK): OrpoOMHbIe U pa3HOObpPa3Hble AaHHble; HET cNeUNPUKU TEM




Y10 nenatb c ambeaaHramu?

obyyeHne c Hyna (OaHHbIX MOXKeT OblTb HeAoCTaToYHO, 4TOObI
N3y4UTb B3aMMOCBA3N MEXKIY C/I0BaMM)

npenobydyeHHble aaHHble (Word2Vec, GloVe) (3HatoT B3aMmocBsA3M
MeXKAy CN0BaMM, HO He 3HAIOT cneunduKy 3aaadumn)

MHUUMANN3ALUMA C NOoMOLWblo nNpeaobydyeHHbIX [AaHHbIX, 3aTem
TOHKas HACTPoMKa (3HAlOT B3aMMOCBA3W MeXKay CAOBaMM WU
aJanTUPYIOTCA K 3aaa4e)




[MonyyeHne AoNONHUTENbHbIX AaHHbIX
(Data Augmentation)

AyI'MEHTaLI,MFI AdHHbIX N3IMEHAET BAall Ha6op AdHHbIX Pa3/1IM4YHbIMHU

cnocobamu, yTobbl NONYYUTLb A/IbTEPHATUBHbIE BEPCUM OAHOIMO U TOTO
e obyyatoLwlero npumepa.

OHa MoXKeT yBeNnYunTb:
* 06BbeEM AaHHbIX

® pa3HOObOpas3me AaHHbIX




Data Augmentation gna nsobpaxkeHum

* NepeBopoT M30bpaxKeHUn
npeobpa3oBaHUS

(BpallleHMe, pacTsa)KeHue, yBenndyeHue/ymeHblueHune

* reomeTpuyeckume
MmacLuTaba)

“ CKpbITHNE OTAENTbHbBIX Y4AaCTKOB
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original image




Data Augmentation Ana TeKcra

* word dropout (uckntoyeHume cnos)

The movie about cats was absolutely great, and the cats were cute.

_ pick several words randomly _
replace with UNK replace with random words

The movie UNK cats was absolutely The movie me jorafe cats was absolutely
UNK, and the UNK were cute. fellows, and the mak were cute.




Data Augmentation Ana TeKcra

° UICMNO/Ib30BaHMeE BHELWHMX pecypcoB (Hanpumep, Te3aypyca)

The movie about cats was absolutely great, and the cats were cute.

pick words where you have
/ synonyms and use thesaurus \
The film about cats was certainly The video about cats was completely
great, and the cats were nice. great, and the cats were charming.




Data Augmentation Ana TeKcra

° UICMONb30BaHME OTAENbHbIX Moaenen ana nepedpasmpoBaHms

The movie about cats was absolutely great, and the cats were cute.

En-Ru l Yandex Translate En-Zh l Google Translate En-Ja l Google Translate
dunbm 0 KowKax 6bL1 3ameuaTesibHbIN, el i TR AU A I AU, SHOME AN [ ZFEE S L <,
M KOLWKU 6bINAU MUMbIE. 1y H AR Rl AE JHIL DbV,
Ru-En l Yandex Translate Zh-En l Google Translate Ja-En l Yandex Translate
The cat movie was just greaft, Movies about cats are absolutely The Cat movie is really nice and
and the cats were cute. great, and catfs are cute. the cat is cute.




AHann3 cBepToOYHbIX PUNBTPOB

[Mprmepbl NATTEPHOB, NOAYYEHHbIX C NOMOLLbIO GUNBTPOB CBEPTKU M300PaXKEHNIA:

Lower layers Middle layers Upper Iayers




AHann3 cBepToYHbIX PUNBLTPOB

[Mprmepbl NATTEPHOB, NOAYYEHHbIX C NOMOLLbIO GUNBTPOB CBEPTKU M300PaXKEHNIA:

2. When does this
filter activates most?

/ \ 3. Here! — 4. Trace back to the n-gram

1. Pick a filter — Filter:1 [0 (@O [@ ) ©
Filter: 2 D OO0 O 0 O
Filter:3 | D C] () O O
Filter: m D [:] D .

()
onvolution ﬁ
O 0000

<pad> I |Ike. the cat . <eos><pad>

1

5. This n-gram is a pattern a filter “captures”




AHann3 cBepToOYHbIX PUNBTPOB

filter Topn-gram Score
1 poorly designed junk 731 Top n-grams for filter4  Score
2 simply would not
'_DY 273 1 still working perfect 6.42
3 aminor drawback 6.11 2 works - perfect 5.78
: : 3 isolation proves invaluable 5.61
4 still k t Isola prov v
EWonking | perfec PRl 4 still near perfect 5.6
5 absolutely gorgeous. 536 > still working great 5.45
. : 6 k d 5.44
6 one little hitch el s 2l
272 /7 still holding strong 5.37
7 utterly useless . 6.33 i i
8 deserves four stars 5 56 A filter activates for a family of
: N-grams with similar meaning
9 amediocre product 6.9
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