Jlekuma 5.

Transfer Learning (o6ydenue c
nepeHocom, TpaHcpepHoe obyyeHue)




Transfer Learning

* Wpes TpaHchdepHOro obyyeHms

* [lBe Ba*KHble naeu
* ELMO
* BERT




0630p KnaccnpuKaumm Tekctos: word

embeddings

—> Classify
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I liked the cat . <eos>

BxogHble BEKTOPHbIE MnpeacrtraBjaeHnA
CNnosB.

eObyyeHme ¢ HynS

e/lcnonb3oBaHMe npeaBapuUTeNbHO
oby4yeHHbIX gaHHbIX (Word2Vec, GloVe)

e MHMUMANMU3aUMA C MNCNONb30BAHNEM
npeaBapuTenbHO OOY4YEHHbIX [AaHHbIX,
3aTeéM TOHKaA HACTPOMKaA




O630p KnaccuduKauum Tekctos: word
embeddings

ObyuatoLme gaHHble AnA KnaccudmuKaumm TekcTa (c meTkamm):

Hebonbwoi 06bém, HepazHooObpa3Hblie
Tema cneundumyHan ANA KOHKPETHOW 3a4a4m

ObyuatoLime aaHHble ANA BEKTOPHbIX NpeacTaBaeHui cnos (6e3 meTok)
OrpomHbIf 1 pa3HOObpa3HbIN Kopnyc AaHHbIX (Hanpumep, Buknneaus)

Tema: obwas




O630p KnaccudmKaLmm TeEKCTOB: word
embeddings

O6yquv|e C HYNA: MOXET ObITb HeAJOCTaTO4HO, 4yTOObI U3Y4NTb B3aMUMMOCBA3U
mexay ChoBaMu.

MpepobyyeHHble mogenn (Word2Vec, GloVe): n3BecTHbl B3aMMOCBA3N MeXAay
CNoOBaMU, HO HeM3BecTHa cneundunKa 3aaadn.

NHUUmManmsauma ¢ NomoLlblo npeaobydyeHHbIX moaesen AaHHbIX, 3aTeM TOHKasnA
HaCTPOMKa: U3BECTHbl B3aMMOCBSI3M MEXKAYy CN0BaMM M MU3BECTHa cneunduka
3a/a4u.

[MpoucxoauT «nNepeHoc» 3HAHUM U3 OFTPOMHON0 HEMAPKMPOBAHHONO Koprnyca B
Bally cneumduyeckyto Ans 3a4a4um moaens.




Nnes TpaHchepHOro obyyeHun

Source task Kknowledge Target task
|..—;_;[_J . | Auxiliary | N Main . g%
—E55= Model Model =

“transfer”




O630p KnaccuduKauum Tekctos: word
embeddings

How does it look like on
the modeling side?

/

Source task knowledge Target task
Auxiliary Main ==
Model |~ | Model ==

Y,

What is here?

e




[pocTtenwnmn BapuaHT: word embeddings
(Word2Vec, GloVe)

In a model: Word Embeddings

/

Source task knowledge Target task

?;';E—f—_ | Word2vec| | Main ., [Em

=55 Glove | Model —
Any model

Representations of
individual words




Transfer Through Word Embedding

Before After
Task-specific | Modelis the same Task-specific
Model ‘ ' Model

et OBOLH o - BHH A
Embedd'\ngs saw a kitten . <eos> Embeddmgs saw a kitten . <eos>

Know nothing, trained from Word2Vec, GloVe, ...-saw a
scratch with the model lot of data, know a lot




[pocTtenwnmn BapuaHT: word embeddings
(Word2Vec, GloVe)

Npes: bnarogapa word embeddings mbl «<nepeHocMMm» 3HaHMA N3 UX 0OyYaOLWMX AaHHbIX B HaLLy
cneunduUYeckyto anda 3a4aum Moaensb.

In a model: Word Embeddings

/

Source task knowledge Target task
Word2Vec Main — ., | EE
Glove | | Model ==’
Any model

Representations of
individual words




[pocTtenwnmn BapuaHT: word embeddings
(Word2Vec, GloVe)

Npes: C nomouwbio Model mbl «nepeHocum» 3HaHUA UX 0ByYaroLWMX AaHHbIX B Haly cneuuduyeckyro

ANA 334341 MOAeENb.

Source task knowledge Target task
EREREE Main —
=== Model — |EE
—EE5E U T Model Sicy

Any model




[1Be BaXXHble naeu

GloVe, Word2Vec —> CoVe, ELMo —— BERT, GPT

Great idea 1
What is encoded Words ——  Words in context Words in context
Greatidea 2
How it is used for Input for task- Input for task- Instead of task-
downstream tasks specific models specific models specific models




NneAa 1: OT ChoB K ChOBamM B KOHTEKCTE

Before After

| Not justany “cat”!
ThIS is the cat that I saw, the

“cat”. Just “cat” el one who sat on the mat
use for your task
use for your task 4 A A/@ A bR
1866 T
Pt ttt Some model
I saw a cat on a mat <eos> T T T T T T T T

I saw a cat on a mat <eos>

e




NneAa 1: OT ChoB K ChOBamM B KOHTEKCTE

Before After
Task-specific | Modelis (almost) the same Task-specific
Model Model

Word i i i Representations of 0
Embeddings i! *kmn IR words in context E E E E E S

\ CoVe/ELMo
R

Word2Vec, GloVe, ... -saw a lot T saw a kitten . <eos>
of data, know a lot about words

Know not only about word in general, but
how it is used in each particular sentence




ELMoO: OT cnoB K CZ10BaM B KOHTEKCTe

2-layer backward

LSTM-LM
2_|ayer forward E(_E I saw a CGT on a mCl'l' <eo0s>
LSTM-LM ) . }
cat on a mat <eos>
N — — ri;.'\ vy e = — )
EE ° oli o]l ife ° iﬂ;_ai
ey et ey e ile)i ile)r ledi iled:
el el i el e i)l _iE)
i[;: el Tlo] io: flo) ‘;’E: a_}
o—) o—) [t g't:'.r‘?. Vo) (Rt [y [ et
"Tsawacat’ - Thisisthe cat that

I saw, the onewho
was on the mat

I saw a kl’r’ren . <eos>

char-CN N+H|ghway

A S T B B |
k i+ t t e n




ELMoO: OT cnoB K CZ10BaM B KOHTEKCTe

Learn specific 4y, 11, A, for each task

Layer O

saw a kitten . <e0s>

ELMo representations




ELMo: Kak ucnonb3osaTtb?

Before After
Task-specific | Vodelis (almost) the ~arme Task-specific
Model Model

Word i i i i ii Representations of
Embeddings saw a Kkitten <eo0s> WordSin ConteXt
\ ELMo
R

VVordZVeC, GlO\/e, ...~ SAdW a I saw a kitten . <eos>
lot of data, know a lot

We used huge unlabeled
dataset to learn not only words,
but how to process entire texts




Nnes 2: oT cneumanmn3mpoBaHHbIX
Mmoaenemn K YHUGMUMpOBaHHbIM

Npea: BmecTto 3ameHbl word embeddings, 3ameHnm BXogHY0 Moaens.

Before After
Ves cspadiiic _ o Notask-specific
HIGEIE] models!
f
GPT/BERT
eg ELMo ' O O |
trrY Pt I saw a cat . <eos>

I saw a cat . <eos>

e




GPT(1-2-3): Nekoaep TpaHchopmepa

* TpaHchdopmep cneBa Hanpaso predict this

* GPT-1: pekoaep ¢ 12 cnoamm I

| several layers
' (Transformer's decoder) |

T ______________________________________________________ ;

<bos>

condition on this




TOHKas HacTpoWuKa: ucnonb3osaHne GPT
ANA HUCXoAALWMX 3a4aM

Fine-tuning 18ss: L = Lagps + 4 » Bygap

e = 2 z
@’ Classification Start Text Extract :|» Transformer > Linear
Entailment Start Premise Delim | Hypothesis | Extract | = Transformer > Linear
Eond Forward Start Text 1 Delim Text 2 Extract |~ Transformer
T Similarity = Linear
12x — 1
X Start Text 2 Delim Textl | Extract | Transformer
Start Context Delim | Answer 1l | Extract | Transformer (> Linear
Multiple Choice | Start Context Delim | Answer 2 | Extract |+ Transformer  Linear
Text & Position Embed Start Context | Delim | Answer N | Extract | Transformer [~ Linear




BERT: Transformer Encoder with Fancy
Training

ApXUTEKTypa moaenu:
* Kognposuwuk Transformer

* Uenn obyyeHma (MLM: mopennmpoBaHMe MACKMPOBAHHOIO A3blka, NSP:
NPOrHO3MPOBaHME CAeayIoLLLero NpeanoKeHus)

* bonblwon 06bEM AaHHbIX




BERT: Transformer Encoder with Fancy
Training

[SEP]: Special token-separator

N

[CLS] My dog is very cute [SEP] He likes playing in the garden with me [SEP]
| <

Segment A Segment B

Training on pairs of sentences: either
consecutive or random (50%/50%)




BERT: Transformer Encoder with Fancy
Training

Training time: MLM objective
[

Training time: predict if sentences
are consecutive (NSP objective) 1‘ ¢

Test time: classification ] E E """"""""""""""""""""""""""""
Model | !!!!!!!!!!
(Transformer i ) several layers
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Segment A Segment B




BERT: Llenb moaenmnpoBaHuAa
MACKUPOBAHHOIO A3blIKa

Ha Kaxaom aTane obyyeHums:

* c/ly4anHbIM obpa3om BbibpaTb 15% TOKeHOB

* 3aMEHUTb KaXabl U3 BbIOPaHHbIX TOKEHOB YemM-/Inbo

° NpeAcKasaTb Cay4alHO BblOpaHHble TOKEHbI




BERT: Llenb moaenmnpoBaHuAa
MACKUPOBAHHOIO A3blIKa

LO;»S Cross-entropy loss
4 $ $
Target saw  grey mat
! ¢ t t

Prediction  P(|..) P|..) P+ |.)

several layers
(Transformer’s encoder)

? T | I I | I
I saw grey cat on a ma¥ . <eos>
[MASK] tea mat

a v, .

o [MASK], o Random token, o Original token,
with p =80% with p=10% with p = 10%




Lienn obyyenmsa: LM nu MLM

. anguage Modeling Masked Language Modeling
Target: next token Target: current token (the true one)
Prediction: P(*|I saw) Prediction: p(x |I [MASK] a cat)
S"wal\l 'I a cat
O O O O O O
left-to-right,does O O 8 8 8 8 sees the whole text, but
not see future © O something is corrupted
O O 0000 2 2
O O O O OO
O O O O OO
I saw I [mAsk] a cat

N
)]




ToHKaA HacTpouKa BERT: knaccuomKkaums
OTAENbHbIX NPeaNI0KEHNN

Mpumepbl 3agaHUN:
e SST-2 — 6BMHapHaA KnaccupmKauma TOHA/IbHOCTHU
e CoLA (Kopnyc AMHIBUCTMYECKOM NPUEMIEMOCTIN) — ONPEeaennThb,

ABNAETCA TN NpeanoxXeHmne 1MHrsucCtn4eCKkn npnemaiemMmbim ! ! . ! ! !

several Iayers
(Transformer’s encoder)

éénéh

[CLS] I saw a caT _

class Iabel

No second sentence!




ToHKaA HacTpouKa BERT: knaccuomKkaums
nap NpeasoXeHun

Mpumepbl 3a4aHUN: class label
e MLNI — knaccmdukaums BbiBoaoB. [na napbl NpeasoXeHni onpeaennTs,

ABNSETCA M BTOPOE M3 HMX BbIBOAOM, MPOTUBOPEUYNEM NN HEUTPAbHBIM.

e QQP (Quora Question Pairs) — ans AByx BONPOCOB ONPeAennTb,
9KBMBANEHTHbI /1IN OHN CEMAHTUYECKMU. E E E E E E
e STS-B — ans aByx npeanoxKeHnn onpeaennte cteneHb cxoacrtea ot 1 ao 5. -

Se\/eral Iayers
(Transformer’s encoder)

00000

[CLS] ! [SEP] This .
l J ;l

sent. 1 sent. 2




ToHKas HacTpouKa BERT: oTseT Ha Bonpoc

Mpumepbl 3a4aHNIA: Labels: start or end
e SQUAD — Habop AaHHbIX C Napamn «BOMPOC-OTPbIBOKY; pog T K

OTPbIBOK COAEPKUT OTBET ! ! ! ! !! ! - - -

Several Iayers
(Transformer’s encoder)

109000990

[CLS] I [SEP] Thls ............

que5t|on passage




ELMo: Y10 nameHunocob?

Before

Task-specific
Model

Word i i i i ii
Embeddings saw a kitten . <eos>

Word2Vec, GloVe, ...-saw a

lot of data, know a lot

-

After

Modelis the same Task-specific

«

Model

Representations of
words in context

FLMo
R

I saw a kitten . <eos>

We used huge unlabeled
dataset to learn not only words,
but how to process entire texts




BERT: YTo uameHumnoco?

Before After

Task-specific No task-specific model at all!

Model

Representations of ﬁ * * * *¢ BERT
words in context
[%
I saw a kitten . <eos>

ELMo
rertrtt

saw kitte

e




MeTtoabl aHanu3a. BERT Self-Attention
Heads

TUNnnUYHblE MoaeNn CAMOBHUMAHMUA:

Vertical ~Diagonal . Vertical + diagonal ~ Block Heterogeneous
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BERT u Classical NLP Pipeline

Part of speech: I want to find more , [something] bigger or deeper .— NN (Noun)

Constituents: I want to find more , [something bigger or deeper] . — NP (Noun Phrase)
Dependencies: [I]; am not [surel, how reliable that is , though . — nsubj (nominal subject)

Entities: The most fascinating is the maze known as [Wind Cave] . — LOC

Semantic Role I want to [find]; [more , something bigger or deeper], . — Agr1 (Agent)
Labeling:

Coreference:  So [the followers]; waited to say anything about what [they], saw . — True




BERT u Classical NLP Pipeline

Part of speech:

Constituents:

Dependencies:
Entities:
Semantic Role

Labeling:

Coreference:

In classical NLP, to
solve a subsequent
task is was required to
solve the previous one

Entities Deps. Consts.

SRL

Coref.

K(A) = 1.60 K(s) =0.19

K(A) = 1.57 K(s) = 0.83

-aljuun-—————

= = o=

K(A) =1.15 K(s) = 0.87
F‘L—-—-‘ﬂj—l_l — —

K(A) = 1.61 K(s) = 0.06
T I o e T e e £ ) ) e e e
= [ =N o B

mm K(A) =1.31 K(s) = 0.46
T i——
s

il K(A) = 0.60 K(s) = 0.50




A3blKoBble MOAEeNU KaK 6a3bl 3HaHUM

Memory Query Answer

(DANTE, born-in, X)
Y

Symbolic

DANTE = — —_—
KG Memory Access FLORENCE

born-in

FLORENCE

“Dante was born in [MASK].”
> A VY 2

Neural LM

— q
Memory Access Florence

LM

e.g. ELMo/BERT




A3blKoBble MOAEeNU KaK 6a3bl 3HaHUM

Relation Query Answer Generation
P19 Francesco Bartolomeo Conti was bornin . Florence Rome [-1.81, Florence [-1.81, Naples [-1.91, Milan [-2.41, Bologna [-2.5]
P20 Adolphe Adam diedin . Paris Paris [-0.5], London [-3.5], Vienna [-3.6] , Berlin [-3.8], Brussels [-4.0]
P279 English bulldog is a subclass of . dog dogs [-0.3], breeds [-2.2], dog [-2.4], cattle [-4.3], sheep [-4.5]
P37 The official language of Mauritius is . English English [-0.6], French [-0.9], Arabic [-6.2], Tamil [-6.7], Malayalam [-7.0]
P413 Patrick Oboya playsin __ position. midfielder centre [-2.0], center [-2.2] , midfielder [-2.4], forward [-2.4], midfield [-2.7]
P138 Hamburg Airport is named after . Hamburg Hess [-7.01, Hermann [-7.1], Schmidt [-7.1], Hamburg [-7.51, Ludwig [-7.5]
P364 The original language of Mon oncle Benjaminis .  French French [-0.2], Breton [-3.3], English [-3.8], Dutch [-4.2], German [-4.9]
P54 Dani Alves plays with . Barcelona  Santos [-2.4], Porto [-2.5], Sporting [-3.1], Brazil [-3.3], Portugal [-3.7]
P106 Paul Tounguiisa by profession . politician lawyer [-1.1], journalist [-2.4], teacher [-2.7], doctor [-3.0], physician [-3.7]
P527 Sodium sulfide consists of . sodium water [-1.2], sulfur [-1.7], sodium [-2.5], zinc [-2.8], salt [-2.9]
w P102 Gordon Scholes is a member of the political party. Labor Labour [-1.3], Conservative [-1.6], Green [-2.4], Liberal [-2.9], Labor [-2.9]
n? P530 Kenya maintains diplomatic relations with . Uganda India [-3.0], Uganda [-3.2], Tanzania [-3.5], China [-3.6], Pakistan [-3.6]
= P176 iPod Touch is produced by . Apple Apple [-1.6], Nokia [-1.7], Sony [-2.0],, Samsung [-2.6], Intel [-3.1]
P30 Bailey Peninsula is located in . Antarctica  Antarctica [-1.4], Bermuda [-2.2], Newfoundland [-2.5], Alaska [-2.7], Canada [-3.1]
P178 JDK is developed by . Oracle IBM [-2.0], Intel [-2.3], Microsoft [-2.5], HP [-3.4], Nokia [-3.5]
P1412 Carl IIT used to communicate in . Swedish German [-1.6], Latin [-1.9], French [-2.4], English [-3.01, Spanish [-3.01
P17 Sunshine Coast, British Columbia is locatedin . Canada Canada [-1.2], Alberta [-2.8], Yukon [-2.9], Labrador [-3.4], Victoria [-3.4]
P39 Pope Clement VII has the positionof . pope cardinal [-2.4], Pope [-2.5], pope [-2.6], President [-3.1], Chancellor [-3.2]
P264 Joe Cocker is represented by music label . Capitol EMI [-2.6], BMG [-2.6],, Universal [-2.8], Capitol [-3.21, Columbia [-3.3]
P276 London Jazz Festival is located in . London London [-0.3], Greenwich [-3.2], Chelsea [-4.0], Camden [-4.6], Stratford [-4.8]
P127 Border TV is owned by . TV Sky [-3.1], ITV [-3.3], Global [-3.4], Frontier [-4.1], Disney [-4.3]
P103 The native language of Mammootty is . Malayalam Malayalam [-0.2], Tamil [-2.1], Telugu [-4.8]1, English [-5.2], Hindi [-5.6]
P495 The Sharon Cuneta Show was created in . Philippines Manila [-3.2], Philippines [-3.6], February [-3.7], December [-3.8], Argentina [-4.0]
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