OCHOBbI NPaKTUYeCcKoro
MCMNO/Ib30BAaHNA HEUPOHHbIX CETEN.

Nekumna 10. TpaHcdopmepbil.

OAmutpuin bypsk.

E
K.p.-M.H. g;:';@‘}.-‘
dyb04@yandex.ru ts-’ 1




3a,£|,aL|M dHAJ/IN3d eCTECTBEHHOIO A3blKd

O Natural Language Processing (NLP) — npumeHeHne meToA0B pacno3HaBaHUA
0b6pa3oB B C/10BaM, NPEANOKEHUAM, TEKCTAM.
O Buabl 3apa4 NLP:

= KnaccndumKkaums Tekcta (text classification)

» dunbTpauna KoHTeHTa (content filtering)

» Knaccudpukauma ot3biBoB (sentiment analysis)

* MoaennpoBaHue a3blka (language modeling)

" NNepeBogp, (translation)



[MpenobpaboTKa TEKCTOBbLIX AAHHbIX

Text The cat sat on the mat.
O Hopmanusaumsa: npmuseaeHue K
NPOMMUCHbIM CMMBOJIaM, yaaeHne 3HaKoB Standardizafion
|'|yH KTya L||M . Standardized text the cat sat on the mat
U BbigeneHne TOKeHOB: CUMBOJIOB, C/0B, kenization
rpynn CNhos (N_gram)' Tokens "the", "cat", "sat", "on", "the", "mat"
U BekTopusauua: npeobpasoBaHue
TOKeHa B BeKTOp (c1oBapb = MHAEKC naexng
cnoBa B CnOBape 9 6MHapr”‘;| Token indices 3, 26, 65, 9, 3, 133
BEKTO p/3M6e,£I,VI H I'). One-hot encoding or embedding
oj{ojjo||of]|oO|[1
Vector oj{oj|1||1(|of|0O
encoding Ol(of(oj|0f|oj|0
of indices THO(O] (1 ]]1]]°
o|(1]]1||0f|0O||0O
oj{ojjo||of]|of[1




[lpencTtaBieHNe TeKCTa

O Tekct — mHOoecTBO cnhos (N-gram) — bag-of-words.

" CETU NPAMOro PacnpPOCTPaAHEHUS, MEPCENTPOHDI.
0 TekcT — nochenoBaTenbHOCTb CNOB

= PekyppeHTHble ceTn (LSTM, GRU)

it 6
I 5
[ | I love this movie! It's sweet, : : the 4
Tpa H Cd)o p me p bl but with satirical humor. The ’ﬂ",V ah\fays': Imfelo it to 3
dialogue is great and the . whimsical it and 3
adventure scenes are fun... frie nﬁaseen . anyone seen 2
It manages to be whimsical ppy dialogue yet 1
and romantic while laughing adventure recgnﬂﬁr:il;nld would 1
at the conventions of the whoSweet of movie I whimsical 1
fairy tale genre. | would it !butt®romantic | ‘ times 1
recommend it to just about several Sy sweet 1
anyone. I've seen it several the again jt the I satirical 1
times, and I'm always happy to soesr?gg I Lol adventure 1
. ; the manage 1
to see it again whenever | i B (e genre
have a friend who hasn't I and efem and fairy 1
seen it yet! whenaver o while humor 1
conventions have 1
with great 1

lpedcmaesneHue muna bag-of-words
https://koushik1102.medium.com/nip-bag-of-words-and-tf-idf-explained-fd1f49dce7c4
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BekTopusauua. leCKpnuntopbl CNOB.

 BuHapHble BeKTOpa (0on-hot): .
He oTparkaloT CBOMCTB
" BbICOKAasi Pa3MeEpPHOCTb
eCTeCTBEHHOrO fA3blKa

" OPTOrOHa/bHbI

" pa3peXKeHbl.

O dopmuposaHmne geckpmntopos cnos (3mbeaunHr)
" BeKTOpa A1 6/IM3KUX NO CMbICNY CNOB A0/1XKHbI ObITb
6/nKe, YeM Te, KOTOPbIe UMEIOT pa3HOe 3HaYyeHue

" NOJIy4YeHbl B pe3ybTaTte obyyeHus
= word2vec |
" GLoVe [

One-hot word vectors: Word embeddings:
- Sparse - Dense
- High-dimensional - Lower-dimensional
I - Hardcoded - Learned from data

https://habr.com/ru/post/446530/



TpaHcpopmepbl Ansa 06paboTKM
TEKCTOB

U Vaswani et al. Attention is all you need, 2017

U CeTb npAmoro pacnpoctpaHeHuns, 4aCTUYHO CBA3aHHAA, HECKO/IbKO
napannenbHbix BeTBEN, 6e3 CBEPTOYHbIX CNOEB.

U UN3HayanbHO npegHa3HavyeHa ana NLP, celituac agantmpoBaHa Ansa Apyrux
33134, Hanpumep, aHanmn3 N30bparkeHun.

THE
—_— —» | | am a student

O’ TRANSFORMER




CTpyKTYypa TpaHchopmepa

D 3HKO,£I,ep - ,ﬂ,eKO,CI,ep | am a student

x

([ ENCODER ) > [ DECODER T

( ENC:)DER J ( DEC:DER )
) )

( ENCODER J ( DECODER J
) )

( ENCODER J ( DECODER )
) )

[ ENCODER J [ DECODER ]
) )

udiar I ENCiJDER J ( DECODER ])

Je  suis étudiant



[To3MUMOHHOEe KoagnpoBaHue

L Heobxoaumo yunTbiBaTb NOPAAOK C/10B B NOC/NEA0BaTE/IbHOCTY.
U K BekTOpy ambeaunHr cnosa gobaBaseTca BeKTop, onpeaenstolmnin ero
NO3ULNIO B NPEAIOKEHUN.

( ENCODER #1 ' ' ' DECODER #1

i i i

( ENCODER #0 ' . ' DECODER #0
t T

EMBEDDING
WITH TIME

SIGNAL x| [ [ ] X2 Xs 1]

Pencoing 1T t 1] t T

EMBEDDINGS i [T [T x: [

INPUT Je SL étudiant

lMpumep No3uyuoHHO20 KoOuposaHus 01 20
cnos. [nuHa eeKkmopa - 512



JHKoAep

O Cnoit BHMMaHMSA: OLLEeHUTb B3aMMOCBA3b C/I0B BO BXOAALLEM
nocnenoBaTe/IbHOCTH.

0 CeTb npaAamoro pacnpocTpaHeHua A1a oTobpaxKeHua pesynbraTta c10s
BHUMaHUA

Feed Forward Neural Network

Self-Attention

Y )
—_J
}




U Llenb — coopmmnpoBaTb HOBOE NPM3HAKOBOE NpecTaBieHne
B 3aBMCUMOCTW OT APYrnX C/1I0B B NOC/N€A0BaTe/IbHOCTM.

MexaHu3am « BHUMaHna»

O Chosa MOTYyT UMeTb Pa3HOE 3HaA4YEHUE B 3aBUCMMOCTN OT KOHTEKCTA
Q BbligeneHue NMPN3HAaKOB, 3aBUCALLNX OT KOHTEKCTA.

Input
sequence
the', 'train’', 'left', 'the', 'station', 'on', 'time’
Token
vectors
c
s o -..'..Eu @ Scoresf?r
t 852§ s £ “saton
the 0.1 04
Softmax,
frain B8 0.1| 0.2 08 scaling, and
multiplication
left 0.1( 01 0.6
the 3(01]|02| mmp |03 )
station il 0.2 m
on 0.2
time | 0. 0.2

Attention scores

Weighted

token vectors

%

Context-aware
vector

y

%

[
station

Sum

Original
representation

New
representation

Attention
mechanism

Attention scores

Udes peanusayuu mexaHu3ma «HUMAHUA»
8 2n1ybokom obyyeHue
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Moaenb “Query-Key-Value”

0 3anpoc (query) cpaBHMBAETCA C U3BECTHLIMU 3N1eMeHTaMK AaHHbIX (key) >
KO3PDULMNEHT CXOXKECTH.

O [Ans Kaxaoro M3BecTHOro 3/ieMeHTa CONoCTaB/IeH BEKTOP 3HaveHui (value).
 Pe3ynbtaT cymma 3/1eMeHTOB 3HaYeHU, 3aBeLlleHHbIX KoaddpuumneHTamm
CXOXKecCTu.

outputs = sum(values * pairwise_ scores (query, keys)) Keys Values

match: 0.5 LA
B
Beach e
/A
F II —— =
>

Trea

Query

Boat
[Q “dogs on the beach” ]

match: 1.0

Beach

L ¢ )
Dog AN 3
A

=
Trea 3 .

MpumeHeHue mogenun “query-key-value”

ANA PaHXMPOBaHUA N306parKeHN No nx maten: 0
Dog o 3

penieBaHTHOCTU TEKCTOBOMY 3anpocy |

11



Mpumep “Query-Key-Value” (1)

Input

Embedding LT (T TT]

L SnemeHTbl 3anpoc, KoY 1 3HaYeHne — pesynbtat
YMHOEHUA BXOAHOro ambeanHra Ha e Eam Enw

COOTBETCTBYIOLLYIO MATpULy
Keys D:I:‘ D:l]

Input

U BbluncneHune KoapoumumeHTa CXoxKecTu 1
B3BeLWMBaOWMX KOIOOULMNEHTOB
(neneHune Ha 8 — AnA gaHHOro Nnpumepa)

Embedding

Queries

Keys

Values

- BEE
BEf

Score

Divide by 8 ( vdx )

Softmax



Mpumep “Query-Key-Value” (2)

U MonyuyeHne npeacraBneHus c
YY4ETOM BHMUMaHUA ANA BXOAHOTIO
CN10Ba

Input

Embedding

Queries

Keys

Values

Score

Divide by 8 ( /

Softmax

Softmax
X

Sum

T

)
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MHoOMecTBeHHOe BHMMaHue

0 dopmunpoBaHmne HecKoNbKUX NpeacTaBAeHUi (NapannenbHo) Ana BXOAHOM
Nnocnea0BaTe/IbHOCTU C NoCeayoLe KOHKaTeHauuen

Output
]
I
s ™
Concatenate
Attention M~ Attention
head 1 — T head 2
= N - —= ~
Attention Attenti
7 Q K V\i 7 Q K V ‘<
[ D [ Dens ] Dense J [ Den [ Dense ]| Dense ‘
1 [
Query Key Val Query Key Val




[Mpmep MHOXKECTBEHHOINO BHUMaHMUSA

1) This is our 2) We embed 3) Split into 8 heads. 4) Calculate attention  5) Concatenate the resulting ©~ matrices,
input sentence* each word* We multiply X or using the resulting then multiply with weight matrix to
with weight matrices Q/K/V matrices produce the output of the layer
W@

Qo

W@
* |n all encoders other than #0, 01
we don't need embedding. e
We start directly with the output ﬁ'
of the encoder right below this one k

W-Q

Qy




ApPXUTEKTYpPa IHKoAepa

U SHKopep + KnaccndukaTop = pelieHue ana
KnaccuduKaumm TEKCTOB.
O SHKkopep + AeKoaep = mogenb anA 3agay
nocnenoBaTebHOCTb — NOCNeA0BaTEe/IbHOCTb
(sequence-to-sequence)

" nepeBos

" cocTaB/ieHUe abcTpaKkTa ANs TeKCTa

" OTBET Ha BOMNPOC

" reHepauua TeKcTa.

[ LayerMNomalization ]

Dense projection

[ LayerMNomalization

( MultiHe ad Attention

-~

-

~

A

Residual connection




Moaenb sequence-to-sequenqe

1 Jekoaep npeackasbiBaeT BbIXOAHOE
C/I0BO HAa OCHOBAHWM €ro B3anMoCBsA3U

Target offsat by one step

( MultiHeadAttention }

CO CNOBAaMM B UCXOAHOM T
nocneaoBaTeNbHOCTU: |
® BbIXOA4HOE C/Z1I0BO — 3aNpocC “”*““‘”;”""’“‘-‘"’”“ )
" CXOAHaA NocnefoBaTeIbHOCTb — (_;}
K/1t04, 3Ha4YeHne E i ]
E Dansa
3 :j
L LayarMNormalization J
f
f+‘\r.7
KF/
[ MultiHeadAttention
LN 1__* A

[ LayerNomalization J
O
T
Dense ]
Dense |

4

[ LayerNomalization J
O

|

t 44

[ LayerMormalization ]

.
G

y

MuliHeadAttention |

Lt

Target 17

TransformerDecoder



[eHepaLl A BbIXOAHOIO C/N0A

U InHenHbId cnon + softmax = BekTop (pasmep crosaps)

Which word in our vocabulary

is associated with this index? am
Get the index of the cell
with the highest value ’
(argmax)
log_probs [TTTTTIITTT T [
@ 12345 . Wocab_size
+
( Softmax )
+
logits 1 Y I O A I A B
@ 12345 . Vocab_size
*
( Linear )
+
Decoder stack output

18



Mpumep sequence-to-sequence(1)

1 KoaguposaHue BxoaHOM NocneaoBaTeIbHOCTU, NOJIyYeHMe NepBoro
BbIXOAHOIO CNOBa.

Decoding time step:(1)2 3 4 5 6 OUTPUT
( R
( Linear + Softmax )
ENCODER J [ DECODER )
L) )
ENCODER DECODER )
~ v,
EMBEDDING
WITH TIME [ITTT] [ITT] [ITT]
SIGNAL
EMBEDDINGS CITT] IT1] [T 1]
INPUT Je suis  étudiant

19



Mpumep sequence-to-sequence(2)

[ Bbi3oB AeKoaepa ¢ TEKYLW MM CreHepUPOBaHHbIM GParmMeHTOM MOKa He
noABUTCA ¢paar OKOHYAHUA reHepMpPyemMor Noc/ef0BaTeIbHOCTH.

Decoding time step: 1{(2)3 4 5 6

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

OuTPUT
' R
v ( Linear + Softmax )
ENCODERS DECODERS ]
\ /
U U t t
5 O 5 5 53 5 5 | EEEE
6 2 T R i ]
étudiant PREVIOUS |
OUTPUTS

20



TpaHchopmep AnAa n3obparkeHum

(1 KoHTeKcT ana cBepToYHOro cnosa — pasmep agpa CBepTKU

(1 KoHTeKcT ana TpaHchopmepa — BCA BXOAHAA NOC/Ie40BaTE/IbHOCTb

1 Kak npeacraButb M306parkeHue B BUAE nocaeaoBaTeIbHOCTHU:
= [lMKcenb ~ CNOBO —> BbICOKaA C/IOKHOCTb (BblUMCNEHMSA, MaMATb)
*" [nKcenb Ha NpomeXKyTo4yHom KapTe ~ cnoBo: DETR (ResNet)
= Paspenenne nsobparkeHns Ha NaTyu: NaTy ~ CN10OBO

i g

21



Bu3yanbHbIK TpaHCcHOpPMED

Vision Transformer (ViT) Transformer Encoder

]
|
1
MLP I
1
Transformer Encoder :
I
el I -
viag o+ G @) Qoo | | [
|
|
|
|
I
1

[class] embedding

SRR N I
o ——— 8 [ S S
e

* Extra learnable
[ Linear Projection of Flattened Patches ] L 4 4

.

Embedded
Patches



Jlntepatypa

O Francois Chollet. Deep Learning with Python, Second Edition, 2021
O Transformer B KaptuHKax (https://habr.com/ru/post/486358/)



