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Attention: MnNxaviouoc TTPOCOXNG

H mpoooyxn eivat n cuumepupopilkn Kat yvwoTikn dtadikacia tng

ETUAEKTIKNG

TAnpowopiag, eite BewPELTAL UTIOKELPEVLKI ELTE AVTLKELYEVLKI), EVW
ayvoouvTtal AAAEG avTIANTITEG TIANPOPOPLEG.

m Frontiers | Attention in Psychology, Neuroscience, and Machine Learning
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H eAetBepn syxoxhonaieia

Cognitive psychology

Perception
Visual perception - Object recognition -
Face recognition - Pattern recognition
Attention
Memory
Aging and memory - Emotional memory -
Learning - Long-term memory
Metacognition
Language
Metalanguage
Thinking
Cognition
Concept - Reasoning - Decision making -
Problem solving
Numerical cognition
Numerosity adaptation effect -

Approximate number system -
Parallel individuation system


https://www.frontiersin.org/articles/10.3389/fncom.2020.00029/full
https://plato.stanford.edu/entries/attention/

Mnxaviouog tpoooxng : Attention

- O mupnva TNG ApPXLTEKTOVIKAG Tou Transformer

- EpmveeTtal ano tnv mpoooxr oTov avepwrilvo EYKEPAAO.

€ davrtaoteite TOV €AUTO 0QG va BploKEOTE O €va TAPTL.
e Mmopeite va avayvwpioeTe To OVOUA 6ag IOV AKOVYETAL TNV AAAN TAELPA TOL dwpaTtiov,
akopa KL av xabei oe 0Ao Tov dAAo BOpuo.
O 0 eyKEWPAAOG 0QG UTIOPEL VA EMUKEVTIPWOEL o€ ipdypata mov Bewpei onuavtika kat va

PLATPAPEL OAEG TIG TEPLTTEG MANPOYPOPIEG.

Endogenous Attention (dorsal system)
Cognitive control

Frontal eye field (FEF)

Intraparietal sulcus (1PS) Dorsolateral prefrontal cortex

(DLPFC)

Visual cortex

Ventral frontal cortex )

Angular gyrus (A

Exogenous Attention (ventral system)* ?
Stimulus control

/—/ Endogenous (dorsal) versus exogenous (ventral) attention systems....



https://www.researchgate.net/figure/Endogenous-dorsal-versus-exogenous-ventral-attention-systems-Dorsal-blue-and_fig4_345768852

Attention: kivntpo

-

“The cat likes to eat cheese.”

» “Die Katze isst gerne Kase.”

-  Mnxavikn getagpaon
€ [wotav Kupiwg pe xpnon enavalapBavopevwy
VELPWVIKWY SIKTOWYV Ontwg To LSTM 1) To GRU.

e AuokoAia oto va pdBouv e€apTAOELQ

HeTAEL Ae€ewy, oL oToieg BpiokovTal

TIOAU PJaKPLa O€ pla poTaon



Attention: dLaloBNTIKA

“The cat likes to eat cheese.” Machlr.\e » “Die Katze isst gerne Kase.”
translation

‘Evag
UETAPPAOTAG

XWPELC
Attention:

dlapadet To ayyAlko KELPEVO Ao TNV apxr €wWg To TEAOG,
HOALG TEAELWOEL, apyilel va peTappalel ota yeppavikd, Ae€n mpog AeEn.

Eivat mBavo oTtL edv n mpotaon ivat moAv pyeydAn, va exet Eexaoel TL €xetL dtaBdoel mptv

‘Evac
UETADPAOTNAG
ue Attention:

dlaBadel To ayyALlko Keipevo evw ypagel TIg Ae€eLg-KAELOLA amo Tnv apxr Ewg To TEAOG,
HETA apXiel va peTaPpalel 0TA YEPHUAVLKA, XPNOLUOTIOIWVTAG TIG AEEELG-KAELDLA IOV
EXEL YPAYEL.



Attention: kivntpo

“The cat likes to eat cheese.” MaCh”.’e » “Die Katze isst gerne Kase.”
translation

H petagppaon Ae€n npog Ae€n dev amnodidel.
¢ [lpEMEL YE KATIOLO TPOTIO VA TPOPOOOTACOVE TIANPOYPOPLES OXETIKA HE ONOKANPN TNV ELOAYOUEVN
TPOTACHN OTO HOVTEAO AUTOPATNG PETAPPAONG, WOTE VA PTIOPEL VA KATAVONOEL TO TIAALOLO TWV AEEEWV.
e AeboPEVOL OTL TA TIEPLOCOTEPA HOVTEAQ ALTOPATNG HETAPPAONG EEAYOLV pia - pia Ae€n TN Yopa,

TPEMEL VA SWOOVE OTO HOVTENO ETLONG TTANPOPOPIEG OXETIKA PE TA PEPN TIOV EXEL NON HETAPPAOTEL.

Ot transformers €Loxbnoav yla va avtJeETWICOUV auTo TO MPOPRANUA apalpwvTag Tnv

enavdaAnyn (recurrence) Kat avTiKaBLoOTWVTAG TNV HE Evav PNXAvIOHO TIPOCOXNG.



Transformers

Attention is All you Need, Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N.
Gomez, Lukasz Kaiser, lllia Polosukhin, NiPS 2017

“The Transformer is the first transduction model relying entirely on self-attention to compute
representations of its input and output without using sequence-aligned RNNs or
convolution.”

“transduction”: peTaywyn =PeTATPOTI TWV AKOAOLBLWYV €10000V o€ aKOAOLOIEG

- xelpidetal mMANpweg TIG €€apTnoeLg HETAEL €L00O0L Kal €€060vL Pe punxaviouo attention kat
enavaanyn.

- xpnotlgorolel To attention yla va av€noet Tnv TaXLTNTA Y€ TNV OTOLA AVTA TA JOVTEAQ PUTIOPOLV va
eKTaLdELTOLV.

- mnpoogepeTal yla parallel processing

-> 10 Google Colab xpnotpotolei to transformer peocw tou Cloud TPU


https://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf

To povtélo tou transformer pmopei va

A pX L TEKTOVLK r’] Tro N Sfo rmers / TIPOBAEWEL pia AEEN/KOLTIOVL KABE Popd.

XelpLlopog dedopévwy KeLluEvou Tou eival eyyevwg Stadoxika. Die Katze trinkt
(German)

I

Encoder — Decoder

Input (English A 5 - - ,
sentence) v
translated

* The cat drink milk. Die Katze . (German)

/ \
To ndn petagppacpevo pepog divetal oto
H npdtaon €10660v diveTal oTov KWOLKOTIOLNTAH TUAPA TOU amoKw&IKOToLNTH




Transformers

H Aettovpyia Twv Transformers Baciletal o€ apXITEKTOVIKEC KwOLKOTIOLNTH -
arokwolkomotnth (encoder - decoder) kat og attention pnxaviopoug.

OUTPUT[I am a studentJ

:

(¢ \)

[ ENCODER ] » [ DECODER ] SEcebi
) 4

( ENCODER ] [ DECODER ] e % EeediEarwarc )
4 7 1

( ENCODER J ( DECODER J ( Feed Forward J ( Encoder-Decoder Attentio )
) ) L)

( ENCODER J [ DECODER J ( Self-Attention Self-Attentio )
T T T

[ ENCODER J [ DECODER J
@ @

[ ENCODER ] [ DECODER )

= 7y =,

INPUT

Je  suis étudiant

http://jalammar.qithub.io/illustrated-transformer/



http://jalammar.github.io/illustrated-transformer/

ApxLtektovikn Transformers

Output ' '
2 Tov Tupnva tou transformer, epLexetal:

/ 0 \ e Miua otoifa anod enineda kKwdikomoNTA KAl pia
L Gonaraia DU J otoifa ano emnineda anokwdikomoLNTA.

A

o HotoiBa kwdikomointr (encoder) kat n otoipa

Encoder Decoder arokwdlkomotntn (decoder) €xouv Ta avtiotolya

- 4 : ~ enineda evowpatwong (embedding layers) yia tig
Encoder ] Decoder

- i i avVTIOTOLXEC ELGOO0ULG TOUG.
Encoder ] Decoder o OAol ol KwdLKOTIOLNTEG €lval TIavouoLlOTUTIOL.

A A

o 'OAol oL aroOKWOLKOTIOLNTEG €lval TTAVOUOLOTUTIOL.

E’Eﬁiﬂﬁiﬁg& J { Ergt:‘iggiigg y e Telog, uttapyxel eva emninedo €€0dov yia
{J ﬁ dnutoupyia tng TEALKNG €€OSOUL.

Input - Target

Transformers Explained Visually (Part 1): Overview of Functionality | by Ketan Doshi


https://towardsdatascience.com/transformers-explained-visually-part-1-overview-of-functionality-95a6dd460452

ExkTtaideuon Transformer

5 d ;
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Word Probabilities:
Transformer }
[ Softmax ] °

[ Linear ]
R
 Dec20ut |
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[ Encoder-2 ]—Q‘“Encj‘Z Out Decoder-2 ]
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[ Encoder-1 ]
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- Word IDs f
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You are welcome :

Ta 6ebopeva eknaidevong anotelovvTal
amo 0o pePN:
e Hmnyn n akohouvBia elcaywyng
(r.X. "You are welcome" ota AyyAikd,
yla €va mpopAnua petagppacng)
e H aAAnAouyia pooplopol N 6TOX0G

(r.X. "De nada" ota lomtavikd)

21o)0¢ Tou transformer €ival va padet mwg
va e§aydyetl tnv akoAouvia oTtoyo,
XPNolPoTIoLwvTag TO00 TNV akoAoubia

€100d0L 000 Kal TNV akoAouBia otod)OoU.



E KTTO (6 cUoO n TrQ N Sfo rmer O transformer enefepydletal Ta dedopeva

_______________________ WG &&ng:
.._.D%N.as%a ........... e ’ ’ ’
/ Word Probabilties: \ 1. HaxkoAouBia el0060v peTaTpEMETAL O
Transformer . . , .
( Softmax ] ° embeddings (ue kwdlkomoinon 6€ong) kat
A
[ “":a’ ] TPOPOdOTEITAL OTOV KWOLKOTIOLNTH.
- Dec-2 Out '

| Encoderz > Enc20u | S ) 2. Hotoifa Twy KwdikomonTwy To

e Y enefepyddeTal Kal apayel yia
: Enc-10ut
""""" $ KwOLKOTOLNUEVN avanapactacn Tne
[ Encoder-1 ] , s
akoAouvBiag eloodov.
Pl e Ra ot e e S X . ’ r ’ ’
é..E'.‘?l‘?%f! ...... LPostre. é : : 3. HakoAouBia oTtOX0G poocapTaTal UE EvA
< Position : Positi I .
\t""’edd'"g ][ = [E'“bed"'"g J[ e ]/ SLAKPLTIKO EvapEng mpdTaong,
~ A

ST P . — 1 ' .

E;Wsard;lpﬁ ““““ % . Word IDs_: o petatpenetal oe embeddings (ue
SEER A Wi, ol
You are welcome wDeMada. KwoLlkoToinon Bgong) kat tpopodoteital

OTOV ATOKWOLKOTIOLNTH.



ExkTtaideuon Transformer

L ¢ | 4. Hotoifa Twv amoKwdIKOTIOINTWY TO

P , -
Transformer } eneepyadetal avto padl ge tnv
[ Softmax ] °

[ - ] KWOLKOTIOLNUEVN avanapactaocn Tng
inear
;--béé_-gbd{g oToiBag KwHLKOTIOLNTH yLa va Tiapayet
rrrrrrrrrrrrrr | g . | |
[ Eacotiond '—'5.5'?,‘??,2 M. Decoder:2 ] HLO KWOLKOTIOLNUEVN avanapaoctacn tng
o akoAouBiag GToXou.
e : Enc-1 Oqllm:
......... 'f
[ Eneode 4 ] 5. To eminedo ££060vL TO PETATPETEL OE
ToavoTNTeG AEENC KAl OTNV TEALKN
uEmbed. LRSS : f akoAouBia e€6dou.
\\[Embedding ] [ ;:’cﬂgzl"g J [ Embedding J [ ;&ﬂ:};:'“g J
1 T
 WordIDs -  WordiDs -
.......... sl e 8

You are welcome De Nada



ExkTtaideuon Transformer
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Word Probabilities:
Transformer }
[ Softmax ] °

A
[ Linear ]
R
 Dec20ut
VVVVVVVVVVVVVV —i"r
[ Encoder-2 ]—Q‘“Encj‘Z Out Decoder-2 ]
O o
[ Encoder-1 ]
Pl e Ra ot e e S X .
: Embed : : PosEnc : F E 3
e s i i
< Position - Position
\\[Embeddmg ] [ Encoding J [ L J [ Encoding ]/
4 [}
o ) RV P
. WordIDs i WordIDs
......... vl ot g ©

You are welcome De Nada

H Loss function tou Transformer
OLYKpPiVEL ALUTAV TNV akoAoubia
€€060ou pe TNV akoAouvBia oToOX0 Ao

Ta dedopeva ekmnaidbevong.

AuTn N anwAegla xpnolpotmoleital yia
TN dnuloupyia kAicewv (gradients) yla
TNV ekaidegvon Tov HETAOXNKATLOTA
Kata tn dtapkela touv back

propagation.



INnference

:De
A
S ! :
Word Probabiifies
Transformer 1

[ Softmax
A
[ Linear
S N
: Dec-2 Out
VVVVVVVVVVVVVVVVVVVVV —t
[ Encoder-2 }—’i_lE"CTZ Out Decoder-2
o . Enc-10ut - Dec-10ut
( Encoder-1 ]

: Position L Position
[ Embedding ] [ Encoding } [ Embeddmg‘] [ Encoding
) )
v  —— , T T ,
. WordIDs . WordIDs
R oy, e ©
You are welcome - <START>

Katd tn didpkela tou Inference €xovpe
HOVO TNV akoAouBia eLoc0dov kal dev

£XOUUE TNV akoAouBia-oToxo yia va

TEPACEL WG €10000¢ oTOV

arnokwdikomonTh.

O otoxog tou transformer eival va

Tapayet Tnv akoAovBia ctoxov HOVO amno

TNV akoAouBia eLcodov.

* Y& KaBe XpoviKo Bnua, TpopodoTtolpe
€K VEOU OAOKANPN TNV akoAouvbia e€660uv
TIOL €XEL OnuLoVPYNOEL HEXPL TWPA, KAl
OXL HOvo TNV TeAeuTaia AEEn.



INnference

SRS~ o , . . .
R Sa— e H por 6edopevwy kata tn dlapkeLla Tou
W?T’.’.’i’.‘?ﬁ?é’.{’!@ﬁs.. %
ﬁansformer } \ \ Inference eivat:
[ Softmax J e \
i \
[ L'“;"‘" ] ll| 1. HaxkolouBia e10060v peTaTpeNeETAL
‘Dec-2 Qut ' . .
e S “. oe embeddings (ue kwbdikomoinon
[ Encoder-2 5 Decoder-2 ] '. ' ,
: ; | B€ong) Kal TpopodoTeital oTov
.................... | ,
Enc 1 Out E i Dec-1 Out 1 ,
© : (4] .‘ KWSLKOTIONTH.
I
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' 2. HotoiBa tTwv KwdlKoToLNTWY TO
I
I I I
| enefepyddeTal Kal mapayet pia
|
|

| Embeadng || Fositon |

KWOLKOTIOLNUEVN avanapaoTaon Tng

Word IDs

!
g Position /
[ Embedding ] [ Encoding I/ //
: 0
o t s o [ :
: WordIDs :

akoAouvbBiag eloodov.



INnference

3. AvTti ywa tTnv akoAouvBia 6Tto)o,

i ST . XPNOLUOTIOLOUE Jla KEVH akoAovBia pe
s s =]
ot Froabiies B, HOVO €va SLaKpLTIKS apyrig TpdTaAoNG.
Transformer ? \ , ’ .
L i | @ AuTo petatpenetal oe embeddings (ue
[ Linear ] 6 ' ! 6 '
......... . Kwdlkotoinon 8€ong) Kat tpopodoteital
Dec-2 Ol.ll_m ,
| ey 9 OTOV ATIOKWOLKOTIONTA.
[ Encoder-2 i Decoder-2 ]
AAAAAAAAAA v

.......... o

\
\
\
|
|
|
|
|
|
|
|
|
|
|
% 4 . |
e Enc-10ut | - Dec-10ut o “
|
|
I
I
I
|
|
|
|
|
|
|
]

H otoiBa twv decoders 10 eneepyaletal

avTo padi pe TNV KWOLKOTIOLNUEVN

avarapaotaon tng otoifag encoders yia

va Tapayet gla KwdLkomonpevn

Embedding | | Position Embedding | | Position J avanapactacn TG akoAouvdbiag oTtoxou.
Encoding Encoding /
______ o . 0
| WordIDs 'Word IDs : oo tn s
S i i : B
You are welcome



INnference

5. Toemninedo €000V TO YETATPETIEL OF

_______ TlavotnTteqg Ae€ewy Kat mapayet ga
A \‘\\\ ) ’
iWiord Erobabiities: akoAouvBia e§6dov.
............................ .
Transformer 4 } \

[ T \‘ a. Aappavoupe tnv TeAevtaia Aegn tng
( Lin}ar J ‘l‘. akolouBiac e€660v we TNV
D“iO“‘ l“. nipoPAETOHEVN AEEN.
[ Efcidor 2 5 Yucnderd ] ",l b. Avutn nA&€n cuumMAnpwvETAL TWPA
© EncIOut "655-‘355{1? @) "‘ otn Se0tepn B€on TNC akoAouvBiag
; €L0000VL TOL ATOKWALKOTIOLNTN Pag, N
i oTola TWPA TEPLEXEL EVA OLAKPLTLKO
. ; i ] : ," evap&ng mpoTaong Kat TNV mpwTn
[Embedding ][ g;’ig;:'“g } [ Embedding ][ é’&ﬂg&"g ] / ,/I AEEN.
— 4 S—— 0
: WordIDs SAREEHIEICEEE = o ecscscasssescdiessssy
. el @ isvenDe.



INnference

6. Emotpeyte oto Brpa #3.

: Onwg kat mpLy, TPoPodOTNOTE TN VEA
: De e <

Transformer

[ Encoder-2
e . Enc-10ut
( Encoder-1

[ Embedding ] [ Position

)

\\\ akoAouBia anmoKwdLKOTOoLNTr) 0TO HOVTEAO.
\

\
Q@ |

>Tn ouveXeL, Tapte Tt 6e0TEPN AEEN TNG

€€060UL Kal pooBEaTE TNV 0TNV akoAouBia

Decoder-2

TOU amoKwdLKoToLNTH.

ot

EnavaAaBete auto pexpL va mpoBAEYEL eva

SLaKPLTIKO TEAOULC TIPOTAONG.

InUelwoTe OTL eMeldn n akoAouvbia Tou

=)

Position
Encoding
-
o t . v [ :
: Word IDs : Word IDs
......... S

You are welcome

]/ 1 Kwdikomotntn dev aAAddel yia kabe emavainyn, dev
Encoding ° /,’

Xpeladetal va enavalapBavoupe ta Bnpata #1 kat
<START>De . #2 KdBe popa

-



Transformers: look inside

Output
A
" 4 ™
Transformer [ SOﬂAmax ]
[ Linear ]
]
( Enc‘oder ﬁecoder \
ﬁincoder \
~ LayerNorm
\_ o4
EEED e

et




Encoder

e N=6

e All layer output size 512
e Embedding

e Positional Encoding

e Multi-head Attention

e Residual Connection

e Position wise feed
forward

r—

(

Nx | {"Add & Norm )

l D
~>{ Add & Norm |

Feed
Forward

]

A

Multi-Head
Attention
A+ 2
— Yy
Positional D
Encoding
Input
Embedding

T

Inputs



Decoder

e N=6

e All layer output size 512

e Embedding

e Positional Encoding

e Residual Connection:

e LayerNorm(x + Sublayer(x))
e Multi-head Attention

e Position wise feed forward
z.
j

QOutput

Probabilities

s

!

| Add & Norm |

Feed
Forward

I

Add & Norm

Multi-Head
Attention

I

Add & Norm

Masked
Multi-Head
Attention

softmax: €
’ o(2z);

Zf:l ek

\_

At
e —

J

e_

Output
Embedding

1

Outputs

(shifted right)

Positional
Encoding



Transformers : Embedding and Position Encoding

QOutput ) ) ’ ' '
- 3 ~, Omwg kaBe povtelo NLP, eToL kal evag Transformer
Transformer | S°ﬂ‘max ] ’ , ’ ’ o
[ T ] xpetaZetat SVo TpdAypaTa yia Kae AeEn:
[ Encoder o ] N\ e TN onuacia tng A&ENG
‘ —

i e Tn 0eon tng AEENG otnv mMpotTaon

- To emninedo evowpatwong (Embedding layer)

Kwodikomolei tn onpacia tng AEEng.

- To emninedo kwdikomoinong 6€ong (Position Encoding

layer) avtinpocwmnebel Tn 6€on TG AEENG.

_ A—

< » /

St
- O Transformer cuvoudlel AUTEG TIG VO KWOLKOTIOLNOELS
i : Position
Embedding | g‘f:g?:g | | Embe\ddmg |
\

TIPOCOETOVTAG TIG.

Input Target



Transformers : Embedding and Position Encoding

Embedding & Position Encoding Embedding & Position Encoding

(Input) (Output)
You . mre ! welcome PAD START  De ' nada  PAD
Input Sequence Target Sequence

O Transformer €xeL 600 OTPWHATA EVOWPATWONG.
- H akoAoubia elo6b0ou Tpopodoteital oto embedding layer eloddou.

- H akoloubia otoxou tpogodoteital oto embedding layer e€660v aoL PETATOMLOTOUV OL OTOXOL
0ef1d Kata pia B€on Kat eloaydyeTe €va SLAKPLTLIKO EvapEng otnv mpwtn B€on.



Transformers : Embedding

!

Embedding & Position Encoding ’

o gs ............................................. sy s l . .
Embedding Position Encoding
*
I
JTTTPTTIT PRSP POPRees pilaiiiiny s Text
NOLNE MOCHI T W Lo “The cat sat on the mat.”
Word IDs f J
You - are welcome | PAD P . S
............................................. the ” Cat 4 Sat . on 5 the 5 mat
Input Sequence ,L
Vector encoding of the tokens
0.0 0.0 0.4 0.0 0.0 1.0 0.0
0.5 1.0 0.5 ©.2 0.5 0.5 0.0
1.6 0.2 1.0 1.0 1.0 0.0 0.0
the cat sat o the mat .

H akoAouBia elc0b6ov avtiotolideTal
OE avayvwPLoTIKA aplOunTIKWVY
AEEEWY, XpNOLUOTIOLWVTAG TO
AEELAOYLO pag.

To Input Embedding and Position
Encoding, Tou encoder kat Tou decoder
Tpowodoteital pe ta word IDs kat
TIapAYEL PHla KwdLKoTotNUEVN
avanapdaoctaon yta kade A€€n otnv
akoAouBia e.oodov, ov Kataypaget
TO vOnpa Kat tn 0€on Kade AEENG.



e TapovtéAa Bablag pabnong

TI’O N SfO rmers. E m b ed d | N 9 enefepyalovral samples batch kabe @opa.

e Taemineda Embedding and Position

ncoder Input
Samples x Seq Len x Embedding size)

Encoding Aettoupyouv e TIivaKEG TIOL

T;..

avTLmpoowmelOLY €va sequence samples

Embedding & Position Encoding
batch.

Embeddings
Embed size = 3
(5x4x3)

Position Encodings

Soabse=d | To Embedding AapBavel pyla pitpa og oxnua

(6eiypata, ynkog akoAouvbiag) Twv word IDs

e Kwdikomolei kabe word IDs o€ €va diavuopa

Word IDs A€€NG Tou otoiou To pnKog givat ico pe To

(samples x seq len)

HEYEDOG EVOWPATWONG, UE ATIOTEAECHA PLa

g";‘;',‘“‘;f,e"s“;“ﬁg‘;jgg;’;) uNTPa e€6dou og oxnua (deiypata, pnkog

akoAoubiag, peyebog evowpatwong).



Transformers : Embedding

Encoder Input
(Samples x Seq Len x Embedding size)

T

Embedding & Position Encoding ,

Position Encodings
Encode size = 3
(5x4x3)

[ Position Encoding ]

Embeddings
Embed size = 3
(5x4x3)

f

Embedding ]

.
!

Word IDs
(samples x seq len)

Batch of Input Sequences
(5 samples x 4 seq length)

H kwoikotoinon 6€ong xpnotlpomolei eva
pueyeBog KwdlkoToinong mov eivatl ico pe

TO peyebog Touv Embedding.

‘Etol, mapdyel pyla gntpea mapopoLov
OXNHATOC TIOV PTOPEL va TpooTeDEl 0N

untea Embedding.

To oxnua (deiypata, ykog akoAoubiag,
peyebog embeddings) ou mapayetat anod
Ta enineda Embedding and Position
Encoding diatnpeital og 0Ao tov
transformer, kaBw¢ ta dedopeva peovv
HEOW TWV XZToiBwv Kwdlkomolntn Kat
ATtoKWwOLKOTIOLNTH PEXPL VA
avadlapgoppwBouv amno ta TeAKd

enineda e€odov.



Transformers : Position Encoding

LSTM (> LSTM > LSTM —~ Transformer

e 'EvaLSTM( 1 RNN i GRU) vhotolei eva Bpoyo OTou ﬁ H H H ﬁ H
KAaBe AEEN eloayeTal dLadoxIKa, OTIOTE YVWPILEL o e i SO M D
Olw“npd m eéon KaBe )\éﬁnq Timet=1 t=2 t=3 Time t =1

e Outransformers dev xpnotpomolovv RNN kat 0Aeg ot Ae€elg o€ pla akoAouvBia eloayovtal tapaAAnAa.

e OLTAnpoopieg BEONG xavovTal Kal TIPETEL va ipooTeBouy Eava EexwploTd.

=> H kwdiwkomnoinon 6€ong vmoAoyiletal ave€aptnta amno Tnv akoAouvbia eLcodov.
€ [leplexel oTabepeG TIPES TIOL EEAPTWVTAL HOVO ATIO TO PEYLOTO UNKOG TNG akoAoubiag.
€ [amapadelyya, To MPWTO OTOLXELO €lval Evag 0TABEPOG KWOLKOG TIOU LTIOOELIKVUEL TNV TIPWTN
B€on, To SELTEPO OTOLXELO €ival Evag oTabepOg KWALKOG Tov uttodelkvUeL TN delTeEPN BEoN Kal

oUTw KaBe&ng.



Transformers: Position Encoding

AUTEC OL 0TABEPEG TIPEG yLa TN KwdLKkoTtoinon 6€ong vmoAoyidovTal XpnoLHOTIoLWVTAg TOV TUTO:

PE (05 2i) = sin(pos/10000%"/ w1
PE (05 2i+1) = €05(pos /100007 dmer)

OToV:

e pos eival n Bgon tng Ae€ng otnv akoAouvbia
e d_model eival To pnKog¢ Tou dlavuopaTtog Kwdlkomoinong
(i6lo pe To embedding dtdvuopa)

e icivaln TN égiktn og auto To dlavuopa.

Index i
—
SEERE e
G| s My
o | five
81 ©i..i.. word
n sequence

Position Encoding
(Seq Len x Encoding size)



Transformers: Position Encoding

PE(p0s,2i) = Sin(pos/l()()()()?i/dn.m)
PE (05 2i+1) = c08(pos/10000%/ dmer)

e H nuitovoeldng ouvaptnon A€€L 0TO HOVTEAO va SWOEL TIPOCOXT OE £VA GUYKEKPLUEVO HNKOG KOPATOG A.
e Ta pnKN KLPATOG oxNUATIZOLV PLa YEWHETPLKN TIPoodo anod 21 ewg 10000 - 2

e EmAEXONKeE n nuiTovoeLldn cuvdApTNON YLATL UTIOPEL va ETILTPEYEL OTO HOVTEAO va TIPOEKTABEL O PNKN
akoAouBiag peyaAlTepa amo avTd oL CUVAVTWVTAL KATd TNV ekmaidevon.

AvaALTIKOTEPA: Aivetal éva ofpa y(x) = sin (kx)

e To pnkog kKvpatog Ba eival k = 2m/A
e JTnvmepintwon pag to A Ba e€aptatal ano tn 6€on otnv poTaAoh.
e Toixpnolpotmoleital yla tn dtakplon PeETAEL MEPLTTWY Kal {uywv BECEWV.

e Tod =512), eival n didotaon Twv embedding dtavuopdtwy.

model(



Transformers: Position Encoding

POSITIONAL |
ENCODING

e

EMBEDDINGS X1

INPUT Je

‘Eva mapadetypa kwdikomoinong 6€ong pe peyedog embedding ico pe

X2

(VX3 0.0001 . 1

+

SUIS

Xk 0.0002| -0.42 1

+
X3
étudiant
4 (dmodel=4)



ApxLtektovikn Transformers

A

(o 0 (e I N

Kabe kwdlkomolntng
KAl QroKwOLKOTIOLNTNG
€XEL TO OLKO TOU
oUVOAO Bapwv.

A

([ LayerNom |

ff—




ApxLltekTovikn Transformers: Self attention

Napddewypa: Ag Bewpnoovpe dVO MPOTACELG:
e The cat drank the milk because it was hungry.— 1o ‘it’ avagpépetat oto ‘cat’

e The cat drank the milk because it was sweet.— 10 ‘it’ avapépetal oto ‘milk’

The The The The

cat cat cat
drank drank drank drank
the the the the

milk milk milk

because because because because
it it it it

was was was was
hungry hungry sweet sweet

- Otav 1o povielo eneepyadletal Tn AEEN «it», To self-attention divel 0To povTEAO TIEPLOCOTEPERQ

TIANPOYPOPIEG OXETIKA PE TN Oonpacia Tng, WOTE va UTOPEL va CUOXETLOEL TO «it» Je TN owWoTh AEEN.



ApxLltekTovikn Transformers: Self attention

Layeri.5 + | Attention:| Input - Input ~ § "The a dn't cross the street because @S too
The_ The el
animal_ animal ) ) )
didn_ didn_ e To self-attention evowpatwvel Tnv «<katavonon» aAAwv
L s OXETLIKWYV AEEEWV HECW AUTNG TIOL EMEEEPYALOPAOTE AVTAV TN
Cross Cross :
= . OTlL .
the_ the_ YHN
street_ street_ e Mrmopel va e€etaoel AAAec Beoelg oTnV akoAouBia eloaywyng
because_ because_ , , , ,
it it yla evoeigelg ov pmopolv va 0dnyrnoouvv og KAADTEPN
was_ was_ , , , .
o o KwOlkomoinon tng A&EnN Tov Tdel va KwOLKOTOLROEL
tire tire
d_ d_ (oke@Teite MWG N dLATAPNON LG KPLYPNG KATAOTAONG ETULTPETEL OE €Va

RNN va evowpatwoel TRV avanapaotacn Twy TiponyoudevwyY AeEewy /
dlavuoPATWYV IOV EXEL EMEEEPYATTEL PUE TNV TPEXOLOA TIOL

enegepyaletal)



~ Output
A

To eninedo Self attention AapBdvel tTnv €ic0do

/Transformer | Softmax ] R .
T Self Attention
[ Enc‘oder ﬂ) q | \

TOU HE TN HOPYN TPLWV TIAPAUETPWV:

/ Encoder \

e Query-epwtnuaq,
e Key- kKAeldl
e Value- Tiun.

Kal ot Tpelg mapdueTpol

elval mapopoleg otn dopn,

pe Kabe AeEn oTnv akoAouvBia

vVa aVTLTPOCWTIEVETAL ATIO

—&—

- Embedding gg:?ng
A

Batch of 56 Samples.
(Samples x Seq Len x Embedding size)

gva dlavuopa.

- l'nput Ta.rget



Encoder - Decoder: Self Attention

[ Encoder-6

ﬁncodem

Input Embedding and Position

Encoding

ﬁecodem

Enc-6 Out

N

Output Seq

[ Output Embedding and Position

Encoding

|

O Encoder 1 (4 avtiotolxa o Decoder 1)
0T CUVEXELA TIAPAYEL ETILONG LA
KwOLKOoTIoINPEVN avanapdoTaon yla
KABe AEEn otnv akoAoubia eloaywyng,
N omoia MAEOV EVOWHATWVEL TOUG
BaBuoug poooxng touv encoder 1 yla

KABe AeEn emiong.

Yuvexioel Tnv idla dtadikaocia yia 6Aoug

Toug encoders (decoders) Tng otoifag



O Encoder-Decoder Attention AappBavet :

Encoder-Decoder Attention

{ Encoder-6

ﬁncodem

o  plaavamapactacn Ing

ﬁ S \ akoAoubiag otoyov (amo tnv Self
Attention amokwd&ikomolntn)

o  Jla avamapdotacn TG

akoAoubBiag elcodou (amod tn

s otoiBa Kwdikomotntwy).
Enc-6 Out

e O Encoder-Decoder Attention mapayet

pLa avarnapdotaon pe TI¢ Babuoloyieg

T(POCOXNC Yla KABe AEEN TNG

akoAouBiag oTdxoL TIOU KATaypaAPEL

TNV €MLPPON TwV BadpuoAoyLlwyv

Input Embedding and Position Output Embedding and Position T(POCOXNC amod TNV akoAouBbia eLcodou.
Encoding Encoding




Feature-based attention

e Ouevvoleq Key, Value, kat Query pogpyxovTatl arno Ta CUGTAPATA AVAKTNONG TANPOYPOPLWY
(information retrieval systems)

o Acg geklvnooupe pe eva napadelypa avalntnong Bivreo oto youtube.

Attention:

weighted mean

L == | similarity

I:>

Keys W

N

Map weight to
info (values)

Values W

Gained Previous Memory

AuTO €ival To BepeAlo TNG avadntnong mou Baciletal oe content/features

N

Stored

Information

———> Relevantinfo

Otav kavete avalntnon (query- epwWTNUA)
yla €£va GUYKEKPLUEVO BiVTEOD, N pnxavn
avaZntnong Ba avtiotolxiosl To epwTNUA
0ag e €va obvolo KAeldLwy (Tithog Bivieo,
Teplypan K.AT.) Tou oxetidovtal pe mbavd

arnobnkevpeva Bivteo.

3TN oLVEXELQ, 0 aAyoplOpog Ba oag
TIAPOLOLACEL TA KAAUTEPA AVTLOTOLXLOPEVA

Bivteo (TIHEQR).

https://theaisummer.com/transformer/



https://theaisummer.com/transformer/

Feature-based attention

Kopla dlagopd petagl tTwy attention cuOTNPATWY KAL TWV CUCTAPATWY AVAKTNONG €lval OTL ELOAYOULE

ULa TILO agnPnUEVN Katl OpaAn €vvola TNG «avdkTnong» eVOG AVTLKELPEVOU.

-  OpiCovtag evav Badud opoldTNTAG (BAPOG) HETALL TWV avanapactdoewy pag (Bivteo yia To youtube)

UTIopoUUE va oTadpicovye To epwTnUaA (query) pag:
o Xwpi¢ovpe nepattepw ta dedopeva oe Cevyn key-value.
m  Xpnowlorolovpe Ta keys yla va opicovpe ta attention weights yia va do0pe ta dedopeva

m  XpnotpomotoLpe Ta values w¢ TIg MAnpoPopieg ov 6a AdBouE TpayUaTLka.

(Keyl | Key2| Keys Keys

Mnyaviopoc Attention | | :

e 1 { e
OuolaoTika plgeital Tnv avaktnon values !
Tov BacideTal og query, XpnolPOTIOLWVTAG Value1 ’

keys og BA pe o fuzzy tpomo.

Value2 | Value3 | Valued

Source



Linear eTtilted o

Emb T
Multi-Head Attention Fresere A (R

& You

s welcome
PAD

e Ymapyouv Tpia Eexwplotd Linear emineda yia to Query, to Key, kat to Value.

e Kabe Linear emninedo €xel Ta d1ka tov Bapn.

e H eiocodog nmepva peca amno avtad ta Linear emineda yia va apaxbouv ot iivakeg Q, K, W



Linear layers: avaAUTIKOTEQ O

I'a kaBe 10080 X, 01 AEEEIC OTO X EVOMUATOVOVTAL 0TO S1AvVLoUd a wg €10060 oto Self-Attention

H £€o80¢ twv Linear Layers civai o1 Query, Key ka1 Value

° i(Query)=W4da'i EHE
q  (Query) ke -
e ki(Key)=Wkai é é 24
Embedding
e vi(Value)=Wvai é é & &

5SE is the best

o e | ve q: query (g‘iver)
ql =W ai

K k: key (receiver)
ki=Wkai

v: value (info extractor)

Vi =ani

Input: LSC is the best!

WL WE WY etvar ta Bapn mov Oa kaBoprotovv peow ekmaidevong



Multi-Head Attention

} - O Transformer kaAet kaBe Attention module kat
Linear TO eTAVAAAUBAVEL TIOANEC POPES TIAPAAANAQL
Concat € To Attention module dtayxwpidel TIC TAPAPETPOLG
P ¥ : Query, Key, kat Value N-gpopeg
Scaled Dot-Product | | A . , ,
Abtartion ‘U& h ¢ T[lepva Kabe TETOLOV dLaXwPLOPO avegaptnTa ano
1{ - p [ 11 . 1_{ L pLa EeXwPLoTN KEPAAN
Linear Pr{ Linear pJ{ Linear P~ € >uvdudZel OAOUG TOLC LTIOAOYLOPOUC attention padi

yla va rapayBel pla teAlkn BabuoAoyia

- Alivel otov Transformer peydAn duvapun yia va

KWOLKOTIOLEL TIOAAQTIAEC OXETELG.



ApxLtektovikn Transformers: multi-head

[la va umopeaoeL va XELPLOTOUV Tn onpactoAoyia tng
npotaong, ot Transformers neptAapBavouv
ToAAamnAEG BabpoAoyieg mpoooxn¢ yia KAbe AeEn .

LY.

- Kata tnv enefepyacia tng AeENG «it», N pwTN
BaBuoAoyia emonpaivel Tn AEEn «cat», evw n
devutepn Babuoloyia tovilel Tn AeEN «hungry».

- 'Etol, 0tav anokwdlkomolel Tn AEEN «ity,
HETAPPALOVTAG TNV o€ dLaPopPETIKN YAWOOQ,
0a eVOwPaTWOEL TO Score Tou «cat» Kal Tou
«hungry» otn petappacpevn Ae€n.

The

cat
drank
the

milk
because
it

was

hungry

Input

The

drank
the

milk
because
it

was

hungry

Score 1

The

cat
drank
the

milk
because
it

was

hungry



Self-Attention ye multi-head

Layer:| 5 | Attention: | Input - Input

Layer:| 5 4| Attention:| Input - Input 3|

The_ The_ - The_
g ! animal_ animal_
animal_ animal_ did did
didn_ didn_ I . _—
4 L t_
Cross._ Cross._ crct)hs? ::f:oss_
the_ the_ - R
et —— street_ street_
because 3 because_
because_ because_ - 2
it it B B >
= = was was_
was_ was
too_ too_
too_ too_ : :
. l tire tire
tire d 5
d b LA



Scaled Dot-Product Attention

Multi-Head Attention

t

! You

Linear

o oare
i | i
Concat f A
' : SoftM -
Scaled Dot-Product ‘UZ S 0 ax fitlontion:Score
Attention ’ Seq
L l b [Jl s
— ]J — . ‘ I Mask (Opt) | . 1 (T
[ Linear PH{ Linear PH{ Linear o Wi SRR 5 | I
¥ 7 v f Softmax T, e EL e * g
Scale s i Mask :
. v/ Embedding size
MatMul 1 5
. . You s vou P You
much faster and more 1 1 .. ©are o| SR o Tl St are
space-efficient in . Q K \/ *, v renired wgzlgome 05 | Miewiues  welcome By ientind welcome
AL A NN  PAD
practice, since it can ‘. K l == v ]
be implemented using ) )
. o For large values of dk (embedding size), the dot products
highly optimized ilari | ) itud hing the sof
matrix multiplication (S|m|.ar|t¥) grow_arge in magnltu e, pushing the softmax
code function into regions where it has extremely small

gradients. To counteract this effect, we scale the dot
i i~tz~s vy 7AAL



Scaled Dot-Product Attention e Todot product peTags

Hi how are you Query KGL Key

T ikifewa e SIEIEE]  oroloyicet
i ome|oas oo GIEIERERY  ouvageia peTagl kde
el ook Gake | ks GaKka Ze0youC AEEEWV
- Faak1{aaka | qaka' Q4K4E

e AuTn nouvagela
Xpnolyomoleital otn

V1 : + + + : '
Qv s anefal Qv atkava e e
» : ; ; ;4 L P o= 5, DRI QR QRO T )
A : : : : 2 vi | Q3K1V1 + Q3K2)2|+ Q3K3V3 + QaK4V4 | «Tiapayovtac» yia tov
MatMul ; : : V4 { Q4K1V1 + Q4K2Y2[+ Q4K3V3 + Q4K4V4 j UT[O)\OYLOUC') SVéC
L R et il Bteicsd S SRR
1 3 s B g : OTAOULOPEVOL
SoftMax - oz aBpoiopatog OAwY Twv
) 2 5 AéEswv Value
Mask (opt.) [ i J
f Fourth word Sc\ore Fourth )Ouery word * first Key word [ ] AUT(') TO GT(]e u [o’l_j évo
Scale dBpolopa eEAyETAL WG
t ' ' Attention Score
MatMul Zy = (QuEK1) Vi + (QsK2) Vo + (QuK3) Va + (QsKy) Vi
A
Q K V Fourth Query word *s/econd Key word Attenthn(Q K V) — SOftmaX( ) V

Vi



Scaled Dot-Product Attention

© _— )
) = S o e
The : .
MatMu | QIKIV1 + QUK2V2 + QIKIVS * QIKEVA & Qe wory e that
! | ball © Q2K1V1+Q2K2V2 + Q2K3V3 + Q2K4v4 © s paying attention
SOﬂ:Aa" s 1 Q3K1V1+Q3K2V2 + Q3K3V3 + Q3K4V4 : !
blue : Q4K1V1 + Q4K2V2 + Q4K3V3 + Q4K4V4 : <«——"
Mask (opt_) ..............................................................
A A A A
t \ \ \ \
Scale Mg e MW M
t B i e
MatMul Key and Value words
1 1 to which you are
Q K vV paying attention

Eav ta dtavoopata yia dvo Ae€elg ival o evbuypappLopeva, To attention score 8a eivat vpnAoTEPO
e Oghoupe n Babuoloyia mpoooxng va eivat upnAn yla dVo Ae€elg Tov oxeTidovTal JETAEL TOUG OTNV TIPOTAON.

e Kal Bglovpe n Babuoloyia va eivat xapnAn yia dvo Ae€elg o dev oxeTidovtal JeTAgL TOUG.



Attention Masks

PAD
De
nada
PAD
PAD

You
are
welcome

You

are

welcome

PAD

& — + —
| ) Rl L N
— | PAD ‘

; Encoder-Decoder Attention Scores
Encoder Self-Attention Scores

-> X710 Encoder Self-attention kat cto Encoder-Decoder-attention:
€ To masking e€uninpetei oe zero attention outputs omov vntdpxel padding 0TI MPOTACELG
gloaywyng, yta va dtacpaAiotei otL 1o padding dev cupBalAel oto self-attention.

Agdopgvou OTL 0L akoAouBieg £L00060L Ba pmopovoav va £XouV SLAPOPETLKA PNKN, ETEKTEIVOVTAL pE zero padding, onwg

OTIG tepLlocoTePES ePpappoyes NLP, wote wg diavuopata 6tabepou PnKoug va Propouyv va elocaxbouv otov transformer.



Outputs

Attention Masks

Inputs Mi nombre es Ketan

nomhre
es
Ketan

Mi

Ketan

Decoder Self-Attention Scores

>tov Decoder Self-attention:

- To masking xpnolueveL yla va anoTpEWPEL TOV ATIOKWOLKOTIOLNTH ATIO TO VA «KOLTAEEL» UMPOoTA
0TV LTIOAOLTIN TIPOTACN-0TOXO KATA TNV MPOBAEYN TNG EMOPEVNS AEENG.
- Katd tov urtoAoyLoPO TOU score epappoleTal KAAUyn oTov aplBpunthn akpLBwg TpLv ano to

Softmax.
€ TakaAvppéva otolxeia (Aevkd TeTpdywva) opidovTal 0TO ApVNTLKO ATELPO, ETOL WOTE TO

Softmax va pndevidel avTeg TIG TLYEG.



Decoder Self-Attention

6ecoder

Output Seq Output Seq Output Seq



Decoder Encoder-Decoder Attention

ﬁ)ecoder

Output Seq Input Seq Input Seq
from Encoder from Encoder



Encoder-Decoder Attention

= 5

< [=) 0w N

Encoder-6 ﬂcoder—Z \ o o v x
La :

...............................................................

Enc-6 Out

Decoder Self Attention
Target sentence paying attention to itself

@
@ =
¥= - =
i s ® ey

...............................................................

La © QIKIV1+Q1K2V2+Q1K3V3+ QIKAVA & Quen word “azul” that

...............................................................

bola : Q2K1V1+Q2K2V2 + Q2K3V3 + Q2K4V4 :  is pa};ing attention

...............................................................

es  Q3K1V1+Q3K2V2 + Q3K3V3 + Q3K4V4 i

Target sentence paying attention to source
sentence



Multi-head attention

ATTENTION HEAD #1

X
Thinking
Machines
ATTENTION HEAD #0
Qo ] Q1
[ 11 '
(0] IS 1
Ko K4
WK
Vo V4
WoV

w,Q

WK

W,V

BeAtiwon tou self-attention
layer — mpooBKN
punxaviopovu multi-head
attention

-> Alevplvel TNV
LKAvVOTNTA TOL
HOVTEAOL va
ETUKEVTPWVETAL OF
OLaPOPETIKEG BEDELG.

- Aivel oto attention
layer «umtoocvoThuata
avamnapdotacng».



Multi-head attention

X
Thinking
Machines
Calculating attention separately in
eight different attention heads
v
ATTENTION ATTENTION ATTENTION

HEAD #0 HEAD #1 HEAD #7




Multi-head attention

1) Concatenate all the attention heads 2) Multiply with a weight
matrix that was trained
jointly with the model

X

3) The result would be the ©~ matrix that captures information
from all the attention heads. We can send this forward to the FFNN




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 W* to
R with weight matrices = Q/K/V matrices produce the output of the layer
W@
K
Thinking Wo v Qo |
Machines Wo Ko ‘
Vo , Wo
W, Q
* In all encoders other than #0, WK Q1
we don’t need embedding. W,V ‘ =, K4
We start directly with the output i Vi

of the encoder right below this one

R

] @yﬁw o,

W7 e Ky

<
\‘

MultiHead(Q, K, V) = Concat(heady, ..., heady,) W©° ]
where head; = Attention(QW2, KWX, vw))




> UykpLon

To attention pelwvel TI¢ O1a00XIKEC AELTOUPYIES KAL TO PEYLOTO PNKOG O1adpopng, Yeyovog
TIOL OLEVKOAUVEL TIC EEAPTNOELG PHEYAANG EPPBEAELAG

Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, & is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations

Self-Attention O(n? - d) O(1) 0(1)

Recurrent O(n - d?) O(n) O(n)

Convolutional O(k-n-d?) O(1) O(logk(n))

Self-Attention (restricted) O(r-n-d) O(1) O(n/r)




Attention Hyperparameters

Embedding Size — nmAdatoc tou embedding dtavoopatog .

o Autnn diactaon petapepeTal oe OAO To povteAo Touv Transformer kat, wg €k TOUTOV,

HEPLKEG (POPEC AVAPEPETAL PE AAAQ OVOHATA, OTIWG «UEYEOOC HOVTEAOU» K.ATL

Query Size (ioo pe peyebog Key kat Value)

O  TO HEYEDBOC TWV Bapwyv TOL XpnotlPomoLovvTal ano Tpia Linear layers yia tTnv mapaywyn tTwy

Query, Key kal Value avtiotouxa

Ap1Bpuog Attention heads

Batch size, Staotaon yia Tov aplOpo twv delypdatwy €100d0u.



Residual Connection

4 4

C( Add & Normalize )\
4 4

LayerNorm(x + Sublayer(x))

B s e 4
AT [ 1 z: (]
A Add & Normalize A
o F(x) + x
* ,«»[ LayerNorm( + ) j F(X) &
(o' I
0 :
L . —
- ( Self-Attention )
: 3 3
POSITIONAL é é
ENCODING
x1 T T o[ L1177

Thinking Machines



Residual Connection

Softmax )
£
. Linear )
& 4
g DECODER #2
z : Y 7y - :»( Add & Normalize )
E ( Self-Attention ) Z '
k _______ S ——— yy J é ! ( Feed Forward ) ( Feed Forward )
(-»( Add & Normalize } E ,*( Add & Normalize )
|k ) R ) 3
i E ( Feed Forward ) ( Feed Forward ) :’( Encoder-Decoder Attention )
=1 ey w————— 2 RS EEEEE | L LEEE T
; »( Add & Normalize ) ,»( Add & Normalize )
= ) ) 5 ) )
E ( Self-Attention ; : ( Self-Attention )

Q -------- Bevceccicnaaanannn-- 4 R S
POSTIONAL 3 @ cg <T+>

Thinking Machines



#1

ER

f

=

ENCOD

L

P

Normalization & Position Wise Feed Forward

e H kavovikomoinon xpnotyomnolei Ta residual connections yla

p 4 4 9
8 Add & Normalize ) va KOLTAEEL iow TNV £(0060 TOU TIPONYOVHEVOUL ETITIESOUL KAl
' 4 ) )
' ( Feed Forward ) ( Feed Forward ) TNV €§060 TOL TAUTOXPOVA
REEEEEEE """"""':"'*
s ‘“? o KavovlKOTIOLROTE TIC TIPEG OE KABE eminedo wote va
gxouv 0 yeoo 6po kat dtakvpavon 1
> LayerNorm(||H|+HH_)
, , e . h: «Z(h:
A A o TaKaBe kpupn povada ki vrohoyiote hi « =(h; — p)
1] T o e
C . seliienggn . ) 6mou g eivat pla petaAnT, k=X hio = J =8 (hy — w)?
— . R2 CEEE o
POSITIONAL (_?) é =>  AuTo pewwvel tn “covariate shift” (6nhaén, ta gradient
xiLTTE x2l 1T dependencies petafd KABs EMIMESOL) KAL ETMOPEVWG
Thinking Machines

arnattouvtal Alyotepeg enavalnyelg eknaidevong



ENCODER #1

Normalization & Position Wise Feed Forward

4 4
(,( Add & Normalize ) \
: ( Feed Forward ) ( Feed Forward )
N i R 4
z: N z; [N
A Add & Normalize A
,—»( LayerNorm( H—H—‘ + H—H—‘) }
¥ N
' A A
' LI [EE]EE
E ( Self-Attention )
: 2 2
e X munn Y ANEEE Y
POSITIONAL é é
ENCODING
pog o I X111

Thinking Machines

>T0 povteAo pooTiBeTal eva pikpo fully connected
feed-forward network, To omoio epappdetal oe kaBe Beon

EeXwpLoTa KAl TTavopoLOTLTIA.

Y UYKEKPLUEVA, TO HOVTENO XpNoLUoToLEL €va Linear
MLP—ReLU—Linear MLP.

O MANPNG HETAOXNUATLOPOG ALTOL TOU TUNHATOC Tou residual

connection pmopel va ekppactel wWg:

FFN(z) = max(0,zW; + b, )W, + by
z = LayerNorm(z + FFN(z))



Transformer Output

Which word in our vocabulary

is associated with this index? aix)
Get the index of the cell
with the highest value >
(argmax)
log_probs |
912345 .. vocab_size
4
( Softmax )
4
logits =
912345 .. vocab_size
4
( Linear )
Decoder stack output

Ac vtoB€oovpE OTL TO HOVTEAO pag
yvwpilet 10.000 povadikeg
ayyAkeg Ae€elg (Ae€LAoylo e€6600)
TIOU €XEL HABeL and 1o oLVOAO

dedopevwy ekmnaidbevong.

To decoder stack output: 10.000
KeAlwV (kabe KeAl avtioTolxel 0TO

OKOp pLag povadikng AEENG).

> TO TEAOC ETULAEYETAL TO KEAL pE
TNV LYPNAOTEPN TUBAVOTNTA KAL N
AEEN oL oxeTi¢eTaL PE AUTO

rmapayetal wg €€060¢ yla avto To

XPOVLKO BApa.



AeLltoupyla transformer

Decoding time step: 1@3 456

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

OUTPUT

f

ENCODERS

Kencdec Vencdec

B &

C

Linear + Softmax

DECODERS

)

[ITT]

[ITTT1T]

CIIT]

Je

suis

étudiant

PREVIOUS
OUTPUTS

- Ta attention dtavoopata K kat V
TOu TeAevTaiov encoder
XpnoLyomolouvTal ano Kade
decoder oto emunedo
encoder-decoder attention.

- BonBouv Tov anokwoIKOoToLNTH)
Va E0TLACEL 0€ KATAAANAaQ
onueia otnv akoAouvBia
gLo0d0u.



Nap&delyua

Output Vocabulary

WORD

am

thanks

student

<eos>

INDEX

One-hot encoding of the word “am”

O.O O.O

Ac vtoBecovpe OTL TO AeELKO
e€0bouv meplExel 6 Ae€elg (“a”,
“am”, “i", “thanks”, “student”, kat
“<eo0s>".

MOALG opioovpe 10 AeELAOYLO
€000V pag, UTopoLE va
XPNOLHOTIOLNCOVPE Eva
dltavuopa pe to idlo mAaTog yla
va avtioTtolyioovpe KABe AEEN
0TO AEEIAOYLO

pag.(kwdikomoinon one-hot).



. e AecdopEVOL OTL OL TIAPAPETPOL TOL
Loss Function , , .
pHovtEAou (Bdpn) apxlkomololvTal
Tuxaia, To (Un ekmaldbevPEVo)

HOVTEAO TIAPAYEL HLA KATAVOUT)

Untrained Model Output

moavoTNTAg Ye aubaipeTEQ TIPEQ

yla kaee keAi/AEEN.

e MrmopoUpe va 1o cuykpivoupe (cross
Correct and desired output

entropy) pe tTnv mpaypatikn €€0do

KQl JETA va TPOTIOTIOL)COVE OAa Ta

BdApn TOL PHOVTEAOU

a am thanks student <eos>

xpnotgomnowwvtag backpropagation
yla va kavoupe tnv €€0do 1o Kovtd

otnv embvpuntn €€odo0.



Loss Function

Target Model Outputs

Output Vocabulary: a am I thanks student <eos>

position #1

position #2 [0 1.0 0.0 0.0 0.0 0.0

position #3

position #4

position #5

a am | thanks student <eos>

e OgAouvpe TO HOVTEAO pag va e€ayel dladoxLka TIg

KATAVOUEG TILBavoTNTAC OTIOU:

(@)

Y€ KABe Katavopr meavoTnTag avIloToLxEl
gva dlavuopa peygBov=vocab_size ((6 oto
napddelypa pag, aAAd os mpaypatika
npoBAnuata avriotolxei 3.000 4 10.000)

H mpwtn Katavoun mbavotntag €xeL TNV
VPNAOTEPN TOAVOTNTA OTO KEAL TIOL
ouoxeTideTal Pe tn Ae€n «i»

H 6gutepn kKatavopun mbavotnTag €XeL TNV
VPNAOTEPN TBAVOTNTA OTO KEAL TIOV
oxetidetal ye TN AEEN «amy.

Yuvexioovpe worov n €€odog va deixvel To
<e0s>, TO OTI0LO €XEL EMIONG €va KEAL IOV
oxeTideTal pe avto amo 1o Ae€IAOYLO TWV

10.000 otolxeiwv.



Loss Function

Trained Model Outputs

Output Vocabulary: a am [ thanks student <eos>

SCHCHENE 0.01 0.02 WOEEM 0.01 0.03 0.01

position #2 JEeNeN

position #3 | 0.99 KeXe[okiNeNe[okNeXe[okIRoNe[erANoNe[ok

SIefid[e1sE: 220 0.001 0.002 0.001 0.02 m 0.01

SCHILEE 0.01 0.01 0.001 0.001 0.001 peEel:

a am thanks student <eos>

e Mrtropouue va opicoupe Tov TPOTTO

TTOU TO MOVTEAO POG AEITOUPYEI

o  TI.X. MTTOPOUNE VO UTTOBECoOUE
OTI TO JOVTENO €TTIAEYEI TN AEEN
ME TNV uwnASTEPN TTIBaAVOTNTA
atrd QUTHV TNV KOTAVOUN
mOavATNTAG KAl ATTOPPITITEI TA
uttoAoITTa (ATTANOoTN

QTTOKWAIKOTTOINON).



Training

Data sets:

e WMT 2014 English-German:
e 4.5 million sentences pairs with 37K tokens.
e WMT 2014 English-French:

e 36M sentences, 32K tokens.

Hardware:

e 8 Nvidia P100 GPus (Base model 12 hours, big model 3.5 days)



Results - BLEU score (bilingual evaluation understudy)

BLEU Training Cost (FLOPs)

Model

EN-DE EN-FR EN-DE EN-FR
ByteNet [15] 23.75
Deep-Att + PosUnk [32] 39.2 1.0- 1020
GNMT + RL [31] 24.6 39.92 2:3-10"° 1.4-10%°
ConvS2S [8] 25.16  40.46 9.6-10"% 1.5.10%°
MoE [26] 26.03 40.56 2.0-10° 1.2:10%
Deep-Att + PosUnk Ensemble [32] 40.4 8.0 - 10%°
GNMT + RL Ensemble [31] 2630  41.16 1.8-10%0 1.1-104
ConvS2S Ensemble [8] 26.36  41.29 7710 1.2:10*
Transformer (base model) 27.3 38.1 3.3« 108

Transformer (big) 28.4 41.0 2:3+-10™




XpNoLoL cuvdea oL

Tutorial 6: Transformers and Multi-Head Attention — UvA DL Notebooks v1.1 documentation



https://uvadlc-notebooks.readthedocs.io/en/latest/tutorial_notebooks/tutorial6/Transformers_and_MHAttention.html

Transfer Learning

Computer Vision - Natural Language Processing



Elcaywyn

"Cambridge
Consultants

We need to turn a corner...

\ % Conventional
S deep learning
Even bigger
data™

C/aSSI‘C

« More [application-specific] data

ach;
hlne /ea/_n/.
ng

""“r.w "
T '{‘ "\.;\L\

Less data,

More intelligent More

intelligent

No way through!

Expert systems,
automata,...

“Normal software”
Gears & levers

START

*AGI = artificial general intelligence = handling novel tasks without explicit training



Elcaywyn

100% —f—
Human-Level Performance i\
Deep Neural Network szaév YpO(leLKﬁ] O'xéo'r]
Model o )
Performance Shallow Neural Network (0 EKPPATTIKOG XWPOG TOU HOVIEACY
TIPETIEL VA ELVAL AIPKETA EYAAOC YL
VO QVOKOAUEL TaL JOTLRBA )
Conventional Machine Learning
random — >

Amount of Labeled Data

r\ Aedopéva ekmaideuong

H cuMoyr kKat eTilonuelwon Sed0opEVWY HEYGANG
KALIOKGG Kol uPnAng TtoltotnTag elval TteplmmAokn
ko damavnen T Imagenet



Elcaywyn

Drivers of ML success in industry

RISIC eatniE - NIPS 2016 tutorial:

* Transfer learning "Nuts and bolts of

Commercial

success o building Al applications

using Deep Learning”

Unsupervised learning by Andrew Ng

____Reinforcement learning

- Andrew Ng, NIPS 2016 tutorial
Andrew Ng 2016 NIPS

“Transfer learning will be - after supervised learning - the

next driver of ML commercial success” Andrew Ng


https://www.youtube.com/watch?v=wjqaz6m42wU
https://www.youtube.com/watch?v=wjqaz6m42wU
https://www.youtube.com/watch?v=wjqaz6m42wU
https://www.youtube.com/watch?v=wjqaz6m42wU
https://www.youtube.com/watch?v=wjqaz6m42wU

e Emilvon BactkoL TPoBANPATOC AVETIAPK WYV

Baowkn I0€a

dedopevwy ekmnaidbevong

e [lpoomaBei va peTaPEPEL TIG YVWOELG ATO TOV

SourcelDomain , , , .
TOHEA npos)\suor]q OTOV TOHEA TIPOOPLOHOL

£ N

“ 1 PREP N XaAapwvovtag Tnv umobeon oTL Ta dedopeva

' R / ekmnaidbevong kat ta dedopeva SOKLUNG TPETIEL va
| Transfer eivat i.i.d. (independently and identically
Learning
| distributed)
farm— \ m,;,,;,,* | / (ta Sedopéva ekmaidevong Kat SOKLHAC EXOLV

\ ] !

O 3 dlapopeTIKA Katavoun)
TargetlDomain
(+) Meiwon Zntnong 6edopevwy ekmaidbevong pe
Tan C.,Sun F.,KongT., Zhang W., Yang C., Liu C. (2018) A Survey on Deep STlKéqu

Transfer Learning. Artificial Neural Networks and Machine Learning -
ICANN 2018 (+) Meiwon xpovou ekmnaibevong



https://arxiv.org/abs/1808.01974
https://arxiv.org/abs/1808.01974
https://arxiv.org/abs/1808.01974

Oplouol
X={x,,...X_}EX : METABANTEG 10060V TOL CLOTAHATOG (TL.X. TAPATNPIOELG)
Y={y,,...y } €¥: MeTaBAnteg €060V TOL CLUCTANATOG (TLX. ETIKETEQ)
X, Y: Xwpog XapaKTNPLOTIKWY KAl ETIKETWV
X,y : TlueEg anmo 1o X, ¥
P(X) :n oplakn katavoun mubavotntag(marginal probability distribution)

P(Y|X) : n umto ouvenkn katavour TubavétTntag(conditional probability distribution)



Oplouol

‘Evag topgag (Domain) amoteAeital and 2 otoixeia D={X, P(X)}, émouv X, o xwpog
XapaktnploTikwy Kat P(X) n optakn katavoun mbavotntag(marginal probability

distribution) TGvw 0TO XWPO TWV XAPAKTNPLOTIKWY, He X={X_,...X }EX.

Agdopevou evog topea, D={X P(X)}, yla epyacia (task) T anoteAeitat and evav xwpo
ETIKETWV YKal pla uto opoug mibavotnta katavopung P (Y | X) mou paBaivetal cuvnbwe
and ta dedopéva eknaidbevong {{(xi, yi) |i € {1,2,3, .., N}, 0rov xi € Xand yi € ¥} — T={V,
P(YIX)}



Transfer Learning: OpLouog

AapBavovtag pla epyaocia-task T, pe Baon tov topea mpooptopov ( target domain) D, ka
AapBavovtag tn BorBela amo tnv epyacia T, Tou Topea pogAevong (source domain) D,
n peTagopd padnong (transfer learning) otoxevel otn pAdNON TNG LTIO OPOLG KATAVOUNG
muBavotntag f =P (Y |X,) oto D, pe 11 mAnpogopieg mouv amnoktABnKav amo D, kat T,
omou D, # D, n/kat T_# T _katN_>>N,

Learning Process of Transfer Learning

@i} S0

11 1
o N LY

(a) Traditional Machine Learning (b) Transfer Learning

Leaming Process of Traditional Machine Leaming

Y TIG TIEPLOCOTEPEC TMEPLTITWOELG,
T0 peyeBog Twv D, eival moAL peyalitepo

aro To peyedog twv D, N >N.. l

| Tyl

.: A survey on transfer learning. IEEE Trans. Knowl. Data Eng. 22(10), 1



https://www.cse.ust.hk/~qyang/Docs/2009/tkde_transfer_learning.pdf

Domain Adaptation & Transfer Learning

Same Source and Target
Marginal Distributions on X

Same Tasks on Source
and Target Domains

Same Tasks on Source
and Target Domains

YES NO
—_— L — T T —
"Usual" ' Inductive Transductive Unsupervised |1
Learning Setting | 1| Transfer Learning Transfer Learning Transfer Learning |
' |
7/ -
' 2 Transfer Learning'

(Domain Hﬁaptation)

ATTO TO €I0IKO GTO YEVIKO
Emilie Morvant / CC BY-SA (https://creativecommons.org/licenses/by-sa/4.0)



Transfer Learning: KUpleg katnyopleg
AT —— S

{ No labeled data 1 a source doanain !

Pan, S.J., Yang, Q.: A

survey on transfer learning. Inductive Transfer
IEEE Trans. Knowl. Data ﬂ e S
Eng. 22(10). 1 =1 Labeled data are available i Labeled data are available in a source domai }
(m)- in a target domain \ S°“““_ md Multi-task
m]’ "”F‘I'e';;:’ M€ P> 1 eaming
simultaneonsly
Transfer Labeled data are 3 s :
Leamning waiibleontyina | [ Troneductive | — At |- Domein
| Transfer Leaming «—{ dmsimbit j— Adaptation
et A T sangle sk
No labeled data in
both source and Assumplion; smgle
tasget domain dowmain and single task
\ Unsupervised Sample Selection Bias
Transfer Learing Covariance Shift
Learning Strategy Related Areas Source & Target Domains Source Domain Labels Target Domain Labels Source & Target Tasks Tasks
Regression
Inductive Transfer Learnin
€ Multi-task Learning The Same Available Available Different but Related Classification
Regression
Self-taught Learning The Same Unavailable Available Different but Related Classification
Clustering
'Unsupervised Transfer Learning Different but Related Unavailable Unavailable Different but Related Dimensionality Reduction |
Domain Adaptation, Sample Regression
Transductive Transfer Learning  Selection Bias & Co-variate Shift Different but Related ‘Available ‘Unavailable ‘The Same Classification



https://www.cse.ust.hk/~qyang/Docs/2009/tkde_transfer_learning.pdf
https://www.cse.ust.hk/~qyang/Docs/2009/tkde_transfer_learning.pdf
https://www.cse.ust.hk/~qyang/Docs/2009/tkde_transfer_learning.pdf
https://www.cse.ust.hk/~qyang/Docs/2009/tkde_transfer_learning.pdf
https://www.cse.ust.hk/~qyang/Docs/2009/tkde_transfer_learning.pdf

TL Vo HETADEPETE OE QUTEG TIG KATNYOPLEG;

Inductive Transfer Learning | Transductive Transfer Learning | Unsupervised Transfer Learning
Instance-transfer v v
Feature-representation-transfer Vv Vv Vv
Parameter-transfer Vv
Relational-knowledge-transfer N

Instance-transfer
Aegiypata anod tov TopEa poeAeLONG enavaypnotponotovvtal gadi pe ta dedopeva otoxou yia Tn BEATIWON TW\
arnoteAeopATwy. (TLY. Kata Tnv enaywytkn (inductive) petagpopa pe xprion AdaBoost)

Feature-transfer
Evtonidovtag KaAEC avamapaoTACELS XAPAKTNPLOTLKWY ATO TOV TOUEA TIPOEAEVONG TIOU EAAXLOTOTOLOVV TO
OpAAPa OTAV XPNOLUOTIOLNBOLY OTOV TOPEQ TIPOOPLGHOV.

Parameter-transfer
Ta povteAa yla OXETIKEG epyacieg polpalovTal OPLOPEVES TIAPAPETPOUG ] TNV TIPONYOVUEVN KATAVOUN TWV
vnepnapapeTpwy. OL epyaciec MPoEAELONG OGO KAl OL EPYACIEC TIPOOPLOPOL pabaivovTtal TavToxpova.

Relational-knowledge transfer
Emuxelpel va xelplotei dedopeva nou dev givat iid (m.x. dedopeva Kovwvikwy SIKTOWV)



> EVAPLO HETAPOPAC

u&OnNonNGg

D, # D,
o XZX

LY. 1 AiyAwooo Keipevo —

cross-lingual adaptation.

T.X.2

555555
o

o P(X)zP(X,)

LY.  €yypaga Pe  dLapOopPETLKN

BepatoAloyia — domain adaptation

T

S

¥,

TX. Xpnon €vog dataset 1 pe kKatnyopieg
QVTIKELPEVWY YATA Kal oKOAOG yla tn BeAtiwon tng
Taglvounong avTLKELPHEVWY yla €va aAAo dataset pe
KaTnyopieg  KapekAq, ypageio kat avlpwrog.

P(Y IX )2P(Y,IX,)

X. H A&En "monitor" oe €vav Topea (TEXVLKEG
AvVaPOPER) UTIOPEL va XpnoLUOTIOLELTAL CLXVOTEPA WC
OULOLAOTIKO Kal o€ €vav dAAo Topea (avagpopeg
apakoAoudnong acbevwv), uTopet va
XPNolPoToLlEiTAL KUPLWE WE prua.




Boaolk& BANOTS yLa HETAHOPS YVWONG
TLva HETAPEPOUUSE;
[pETel va mpocOLlopioovE:
a) TIOLO THAHA TNG YVWONG Elval CUYKEKPLUEVO YyLa TOV TOPEA TIPOEAELONG KAl
B) Tt eivatl kowvo PeTAEL TOL TOPEA TIPOEAELONG KAL TOL TOUEA TIPOOPLOPOL TO OTtoio Kal Ba

UTIOPOLOE Va PeTAPEPOEL.

[MoTE va K&VOUNE TN METADOPQ;
[pEMEL VA EIPAOTE MPOCEKTLKOL OXETIKA PE TO TIOTE TIPETEL VA HETAPEPOLE KAL TIOTE OXL, HE

yvwpova tn BEATIWGN TwV anmoTEAECUATWY TOL GTOXOV.

Mwg vat KAVOUME TN NETADOPG;
[pemeL va KAvoupe aAAayeC OTOUG UTIAPXOVTEG AAYOPLOUOUG KAl VA EQAPHOCOUHE dLAPOPETIKEG

TEYVIKEC.



Transfer Learning ywa Deep Learning

Eknaidevon cvotripatog Badlag padnong akopn kat av dev diatibetal dataset pe
EKATOPHLPLA HESOPEVA PE ETIKETEG.

ANG TIWG ;
e Mabaivovtag avanapacTtdoelg ano dedopeva XwpIic ETIKETEG.

e Ekmatdevovtag KovTLlvoUG TOUEIC UE TOV TOUEA TIPOOPLOPOV, Ao TOLG OTOLoUG ival
€UKOAO va dnuLovpynboLV ETIKETEG.

e MeTagepovTag avanapacTacn TNG yVwon ano OXETLKEG EPYACIEG.



Transfer Learning ywa Deep Learning

OpLopog

Me debopevn pua gpyacia Transfer Learning mou opi¢etalr ano (D, T_, D, T, f.(-)),
N deTapopda pdabnong (transfer learning) otoxelel otTn pABNON TNG HN YPAUULKAG

ouvaptnong f. mov avtikatomntpilel eva BabL veupwviKo bikTuo.

[ Target |
Source labels = l;bels ,,_
Source - Target
model odel
" Sourcedata | Fesran |
____ Eg.ImageNet | g s

Tan C.,Sun F., Kong T., Zhang W., Yang C., Liu C. (2018) A Survey on Deep Transfer Learning. Artificial Neural Networks and Machine Learning - ICANN 2018



https://arxiv.org/abs/1808.01974

Transfer Learning ywa Deep Learning: Katnyopleg

Instances-based deep transfer learning
Xpnon delypdTwy TOL TOPEA TIPOEAEVONG HE KATAAANAO BApog

Mapping-based deep transfer learning
Xaptoypagnon detypatwy amno dVo TopElg o Evav VEO XWPO dEdOPEVWY PE KAAUTEPN
opoLotTNTA

Network-based deep transfer learning

Emtavaypnotpotoincn Tou THNPATOC Tou SLKTUOU TIoU €XEL 0N EKTIALOEVTEL OTOV TOUEQ
TPOEAELONG

Adversarial-based deep transfer learning
Xpnotlpomoinon tng texvoloyiag aviinapdbeong (adversarial) yia va Bpedolyv
HETABIBACLIUA XAPAKTNPLOTLKA TIOL Va €ival KatdAAnAa Kat yia Toug dVo TOpEILG.



Instances-based deep transfer learning

it et -
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AvagepeTal oTn XPNon PLag CUYKEKPLUEVNG OTPATNYLKNG TIPOCAPHOYNS BAPOLG:

- EmAeyovtal yePLKA delypata amno Tov ToPEA TIPOEAELONG WC GUUTIANPWHATA OTNV
ekmaibevon 1oV €XEL OPLOTEL OTOV TOPEA TIPOOPLOPOL , EKXWPWVTAG KATAAANAEC TIPEG
Bapoug o autd ta eruAeypeva deiypata.

Baoiletal otnv umobeon oTL «[MapOAo oL UTIAPXOLV SLAPOPES HETAEL TWV OVO TOPEWY, HEPLKES
EUPAVIOELC OTOV TOPEA TIPOEAEVONG UTIOPOLV VA XPNOLUOTIOLNB0LV anod ToV TOPEA TIPOOPLOHOL HE Ta
KataAAnAa Bapny.



Mapping-based deep transfer learning

\/ \
/ V\ o /

Ioooool
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- Avanapdotacn OElyPATwy ano ToV TOPEA TIPOEAEVONG KAl TOV TOUEQ TIPOOPLOUOL OE
eva veo xwpo dedopevwy Kal €icodo og eva Kowvo SikTuvo

Baoicetal otnv umobeon oTL «MapOAo oL UTIAPXOLY dLAYOPESG HETAEL TWV TOPEWV
TIPOEAELONG KAl T(POOPLoPOL, Ta deiypata umopoLv va eivat apopoLa o€ evav MEPLTAOKO
VEO XWPO OEOOUEVWVY.



Network-based deep transfer learning
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- Emavaxpnolgormoinon HEPOG TOU OIKTVOU TIOL TIPO-EKTIALOEVTNKE GTOV TOHUEQA
TPOEAELONG, cupTEPLAaPBavopevng TNG dSOPNG TOL SLIKTVOUL KAl TWV TIAPAPETPWY
oLvdeOoNG Kal HETAYOPAG AUTOL WOTE va AMOTEAECEL HEPOG EVOC OLKTLOU BaBLag
pHAbnong Tov XPNOLUOTIOLELTAL OTOV TOPEA TIPOOPLGHOV.

Baciletal otnv umoBeon OTL «To VELPWVLKO OIKTLO €lval TIAPOPOLO PE TO PNXAVIOHO
enefepyaciag Tou avepwTILVOL EYKEPAAOU, WG PLA ETIAVAANTITIKI KAl CUVEXNG APALPETIKN
dtadikaoia. Ta ympooTIva oTPWHATA TOL OIKTUOL PTIOPOLV va BewPNBoLY WC eEayWYELQ
APALPETIKWY XAPAKTNPLOTIKWV"



Adversarial-based deep transfer learning

Source Domain :;L.L:HEP Source label
o (o |o o\ °
o (o |o @ | Jonn gl omaintatel |
@
e o o @\ S el Layer

- Epmnvevopevo ano ta MevvnTtikd Avtaywviotikd Aiktua (GAN) BploKel HETAPEPOLPEG
avarnapaocTAcELG TIOL PTIOPOULV VA EQAPHOCTOUV TOCO GTOV TOPEA TIPOEAEVONG 00O Kal
OTOV TOHUEQ TIPOOPLOHOV.

Baoiletal otnv umoBeon OTL «[a anoTEAECUATIKN HETAPOPQ, N KAAN avanapactaaon
TIPETEL va €ival SLAKPLTLKNA yLa TO KUPLo 0TOX0 ekmaidevong Kat va dtakpivetal peTagv Tou
TOHPEQ TIPOEAELONG KAL TOU TOPEQ OTOXOULY.



>Tpatnylkec Deep Transfer Learning

= [1pOEKTIALOEUPEVA HOVTIEAD VLG EEQYWYN XX POAKTNPLOTIKWY

Off-the-shelf Pre-trained Models as fixed Feature Extractors

= AKpPBNAGC TPOCTUPHOYN TIPOEKTIALIEUNEVWY HOVTEAWV
Fine Tuning Off-the-shelf Pre-trained Models

awesome-transfer-learning#policy-transfer-for-rl



https://github.com/artix41/awesome-transfer-learning#policy-transfer-for-rl

[MTOOEKTIALOEUPEVD HOVTEAD VLA EECYWYI XKPAKTNPLOTIKWY

- H€&000 peTA amo KATOoLo ETNMESO £VOC OIKTUOL BabLag pdbnong, Tov eKTALOEVTNKE
oe dlapopeTikn gpyaciag (T, # T, ), XPNOLHUOTIOLEITAL WG YEVIKEUUEVOG QVIXVEUTNG

XAPAKTNPLOTLKWV.

- Eknaibevon veéou povteAou (TL.X. SVM) pe HETAPOPA QUTWY TWV XAPAKTNPLOTIKWV.

Assumes that Dg = Dy

l

| TRANSFER

[ Data and labels (e.g. ImageNet) |

Shallow classifier (¢.g. SVM)

=1 features

fc1

[

[

conv2 |

[

conv1 |

[

.
|

Torget data and lavels |

Transfer Learning with Pre-trained Deep Learning Models as Feature Extractors



[MTOOEKTIALOEUPEVD HOVTEAD VLA EECYWYI XKPAKTNPLOTIKWY

Ta MPO-eKTALOEVPEVA XAPAKTNPLOTIKA AELTOUPYOUV TIOAU KAAQ yLa SLaOpPETLKEG Epyacieq

[ﬂﬂ Best state of the art 00 CNN off-the-shelf 18 CNN off-the-shelf + augmentation 00 Specialized CNN I

80 .. = Bz Wz
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BeAtlwon tpoekmadeupevwy yovteAwy (Fine tuning)

Agv avTikadlotoupe anmAwe To TeALKO eminedo (yia Tagvopunon / maAwvdpopnon), aAAd
EMAVEKTIALOEVOVE ETIAEKTIKA OPLOPEVA ATIO TA TIPpOoNyoLpEeva emimeda.

E™ =
Deep neural
networks learn
hierarchical feature
representations

YEVIKA XOPAKTNPLOTLKA OUYKEKPLPEVA XUPAKTNPLOTIKA



BeAtlwon TtpoekTtaldeUPEVWY HOVTEAWY

YAoTmtolnon

- Naywvovtag (blopbwvovTtag Bapn) oplopeva emineda Tov SHIKTVOL KATA TNV
emnavekmnaidevon

- Telelonolwvtag ta vmoAotrna enineda avaloya Pe TIG avaykeg Uag.

AVOAUTIKOTEPQA, XPNOLHOTIOLOVHE TN YVWON TNG GUVOALKNG APXLTEKTOVIKIG TOU
OLKTUOU Kal XpNOLUOTIOLOVHE TIG KATAOTACELG TOL WG ONUELO EKKivNoNG yla To Bripa
NG enavekmnaidevong.

AUTO, e TN OELPA TOL, Pag Bonbd va ETUTUXOLPE KAAVTEPEG ETILOOCELG PE ALYOTEPO
XpOvo ekmaidevong.



BeAtiwon: ETBAeTtOMEVN TTOOC POV TOMED

Y16X06G: EuBuypapuuion D_pe to D,

i real loss ‘['
! i ]
- To biktuo ekmnatdeveTal pe 1o T, va givat Kovia Pe o
T, ano 1o omoio Kat AauBAavoupe TG ETIKETEG TOU | i
fc1
[.x. Imagenet classification
conv3
- “KoBoupe” ta teAevtaia enineda kat ta conv2
AVTLKABLOTOUHE PE TIANPWG ouvdedePEVO dikTLO. ot

Ta akpBng npocappoyng (fine-tuning) diktuva
Xpnotyomotovv backpropagation pe TI¢ €TIKETEG TOL Ttediov
TIPOOPLOHOD, HEXPLG OTOL va apyidel va avfavel to validation
loss.



Kavovec aElohoynong yia xpnon TL

higher slope higher asymptote

...........
............
_____
e
o
o
0

------ with transfer
— without transfer

performance

higher start

training
Ma va afloAoynooupe av eva JovTeAO Pmopel va petapepbei oe AAAN epyacia mpemeL va AdBoupe vropLy
Hag Ta e€NG:

Higher start: H apxtkn tkavotnta (rplv TEAELOTOLNOETE TO HOVTEAO) OTO JoVTEAO TIpOEAELONG eival
LYPNAOTEPN Ao O, TL dLapopeTika Ba nTav.

Higher slope: O puBpog BeATiwong TNG LkavoTnTag Kata tn dlapKela Tng eKMaidevong Tov HovIEAOL
TPoEAELONG lval TILO ATOTOHOG Ao OTL SLAYOPETIKA Ba rTav.

Higher asymptote : H cuykAivouoa tkavoTnTa Tou EKMALOEVPEVOU HOVTEAOL €lval KAAUTEPN ATO O, TL
dlapopeTika Ba ntav.



[MToOKTIKEC CUUBOUAEC

- [leploplopoi amno MPOKATACKEVACUEVA HOVTEAQ.

€ Hypnon evog npokaboplopevou dikTuov, evOEXETAL va €ival OEGUEVTIKI WG TPOG THV
APXLTEKTOVLKI TIOU UTIOPEITE VA XPNOLUOTIOLNOETE Yild TO VEO GUVOAO SedopEVwWY pag.

e TLYX. Oev umopeite va apalpeoete avbaipeta Conv emnineda anod To MPOKABOPLOPEVO SIKTLO.

€ Juvnbwg Xpnolpomolovpe HiKpoTepoO learning rate yia ta pubulopeva Bapn ConvNet, oe
olbykplon e ta (Tuxaia apyLkomotlnueva) Bapn mou Ba XpnNGoLUOTIOLOVCALE YLd TO VEO
YPAUULKO Taglvountr 1ov uttoAoyidel ta Bapn taglvounong Tou VEOL GUVOAOL OEQOUEVWV
Hag.

e  AuTO oupBaivel emeldn epLpevoupe OTL Ta pubuLlopeva Bapn ConvNet gival oxeTIKA KaAAQ,
eMoOPEVWG 6ev BEAOLPE va TA TIAPAPOPPWOOVIE TIOAD ypHyopa Kat Tapa ToA.



MNapadetypata Transfer Learning pe Deep Learning

Transfer Learning yla emegepyaoia eLkOVwWY

Mpo-eknaldevpeva povieAa Badldg pdbnong mavw o peyala kat dSuokoAa dedopeva (TLy.
ImageNet) anod epeuvvnTIKEG opaAdEeG e adela xpnong MapeXoVTaAL yla ETavaypnolyomnoinon

O€ €pYacieg Taglvounong LKOVWV.

Transfer Learning yLa emteEepyaoia pUTIKNG YAWOOTAG

Xpron mpo-eknatdevpPevwWY HoVTEAWY BabLag pabnong yla epyacieg emefepyaciag GUOLKNG
yYAwooag. Ta yovteAla autad eival EKALdELPEVA O TIOAD HEYANO APLOUO EYYPAPWY KELPJEVOU

KaL TIapEXOoVTAlL yla enavayxpnotlyomnoinon pe adela xpnong.



Transfer Learning ylta eteEepyaoia eLkOVWY



ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

e ILSVRC: eTt010¢ S1aywVIoPOG TIOL XPNOLUOTIOLEL LTIOCUVOAQ ATO TO CUVOAO
dedopevwy ImageNet yla avamtuén Kat cUYKPLTIKN afloAoynon akyopidpwy

TeAevTaiag texvoAloyiag.

e ImageNet: MOAL peydAn cuAAoyn xapaktnplopevwy (Amazon Mechanical Turk Worker)

PWTOYPAPLWY YLa TNV avamtu€n alyopiBuwy 6pacng UTIOAOYLOTH).

e O epyaoieg Tov ILSVRC odrynocav o€ cnUavTIKEG APXITEKTOVIKEG HOVTEAWY Kal
TEXVIKEG oLVOEDONG TNG OPaAONC LTIOAOYLOTN Kal TNS Badlag pabnong
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Classification Error

ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

0.3
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Classification Results (CLS)
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ImageNet Object Localization Challenge
ImageNet Object Detection Challenge
ImageNet Object Detection from Video Challenge



ImageNet Large Scale Visual Recognition Challenge (ILSVRC)

Top-5 accuracy [%]
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Operations [G-FLOPs]

25

Movtela- Opdonua
KaBoploTikoi mapdyovteg

e GPUs

e CNN (ConvNet)
‘Eva ouyxpovo ConvNets xpelaletal 2-3

eBdopadeg yia va eknatdevtei oe moAAeg GPU
oto ImageNet

https://arxiv.org/pdf/1810.00736.pdf



https://arxiv.org/pdf/1810.00736.pdf

ILSVRC-2012: AlexNet

ImageNet Classification with Deep Convolutional Neural Networks, 2012. 0623
Alex Krizhevsky, Ilya Sutskever, Geoffrey Hinton. Univ. of Toronto, Canada 015 -
0.1
0.05 - l
0
Q > O \g
& S
BN Q7 )
,_ & ol & &
! 4 1l ‘ t " N
.1 N
..... NI AlexNet
192 128 204 2048 dense
13 13
""~-.,. . :‘::‘f‘-"
.......... T T ks dense | kense|
192 128 Max |
Max 135 Max poaling 208 2048
pooling pooling

- Xpnon GPUs katd tn didpkela ekmnaidevong

- 8layers, 5 convolutional and 3 fully-connected, Rectified Linear Units (ReLUs), 60M parameters


https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks

ILSVRC-2012: AlexNet

\ I 27

7

Eicob0G: ouvoAo elkovwy RGB peyeboug 227x227x3

'E€060¢: dtavuopa mibavotntag 1000x1 (ImageNet, 1000 Katnyopieg avTIKEIPHEVWY)

A0ENon Twv dedopevwy (KATOTTPLOPO, TIEPLKOTI)— Peiwan overfitting

3x3 max pooling layer pe Brjpa 2, yeta amno to 10, To 20 Kat to 50 Conv layer

AvTipetwruon tou Vanishing Gradient (VG) pe ReLU (25% ocootd o@aipatog 25%, 6 PopES
ypnyopotepo amno to idlo diktuo pe tanh)

Xpnotyortotei enineda drop-out pe TuBavotnta p = 0.5, anogpevyovtag Ta TOTILKA EAAXLOTQ,
aAAd Suthaoctadetal o aplBpog TWV EMAVAANPEWY TIOV ATALTOLVTAL YLd Tn oLYKALON.

Elonyaye tnv opahotmoinon totikng anokpiong (LRN): mpaypatomolei yla opalomnoinon og
HLA YELTOVLA ELKOVOOTOLXELWYV TIOU EVIOYXVEL TOV OLEYEPPEVO VELPWVA EVW TAUTOXPOVA
uTtoBaBpidel TOLG YELTOVIKOUG VEVUPWVEG.



ILSVRC-2014: Inception (GooglLeNet)

C. Szegedy et al., "Going deeper with convolutions." 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Boston, MA, 2015, pp. 1-9. do
10.1109/CVPR.2015.7298594.

1 4
i
, , . 2 = g8 1
= Atadoyikd alld kat tapdAAnAa CNN 1 B g A MﬂMﬂEE“WﬂW”’
T T T AR ER Y I8 B
(error rate 6.7%) G Rl s R i E G o A E 1 B
gafgattaatgy OB g o
O B g,
- [loAAamAoi upnveg dLaPopPETIKWYV
, , , Convolution
peyebwv epappodovtal oto i6Lo Pooling
emninedo pe okomo TN aviyxvevon Other

OUYKEKPLUEVWY XAPAKTNPLOTIKWYV

Meploxng — katd Badog dtaxwpiowun ouvellEn (Depthwise separable convolution)

€ Meydhol TUPHVEG — KABOALKA XAPAKTNPLOTIKA TIOU KATAVEUOVTAL OE HEYAAN TIEPLOXN TNG ELKOVAG,
€ MiwKpol upRveg — avixveuon CUYKEKPLUEVWY XAPAKTNPLOTIKWY TIEPLOXNG TIOV KATAVEUOVTAL OE

OAOKANPO TO TTAQICLO ELKOVAG.


https://arxiv.org/abs/1409.4842
https://arxiv.org/abs/1409.4842

Filter

ILSVRC-2014: Inception

ﬂv
M OV('D(SO( I nce ptio N : 3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions [) [) [)
Kataypagel mpoegexovta XapaktnpLoTika xf i 3x3 max pooling
. 2 12 /
(salient features) oe dlapopeTikd mineda. —

Previous layer

Inception Module (source: original paper)

- 4 napdAAnAeg Aettoupyieg
€ 1x1 conv layer, peiwon Badoug (pointwise conv)
€ 3x3 conv layer, Katavepnueva xapakTnpLoTIKA
(distributed features)
€ 5x5 conv layer, levikd xapakTnpLoTIKA i i
L 4

(global features) : . :
max pooling, XapunAouL emMESOL XAPAKTNPLOTIKA
(low level features)

-  ®iktpo ouvevwong
TLX. EQV OL ELKOVEC 0TO GUVOAO SedoPEVWYV €XOUV TIOAAQ KABOALKA XAPAKTNPLOTLKA KAl eEAaxLota
XAPAKTNPLOTIKA XapnAou etumnedou, 101e 10 ekmtatdeupevo dikTuo Inception Ba £xel MOAD PLlkpd Bapn Tov
avTLoTOLXOLV OTOV Tupnva 3x3 o€ cLYKPLoN PE ToV Tupnva 5x5.



Error Rate in ILSVRC 2014 (%)

\Q"o

ILSVRC-2014: VGG :

14

12
Simonyan, K. and Zisserman, A. (2015) Very Deep Convolutional Networks for 10

Large-Scale Image Recognition. 3rd International Conference on Learning
Representations (ICLR2015).

ON PO R

13 ouveAlKTIKA Kat 3 MANPwg ocuvdedepeva emnineda, RelLU,

’ ) ) ' I L EEE & Q& > S F
@ikTpa PikpodTEPOUL PEYEBOULG (2 x 2 Kat 3 x 3) amo to AlexNet, & S &S e& Ry
: ¢ F S
138M napapetpovg, S00MB & & © ¢ L
& ¥ &
N ~
- Meiwon Tov aplBpoL Twv apapeTpwy ota enineda CONV
->  BeAtiwon tou xpovou eknaidbevong
- Xxebiaoav eniong Babutepeg napailiayeg, VGG-16, VGG-19.
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https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556

ILSVRC-2014: VGG-16

H 16€a niow amo tnv vmapén upnvwy otadbepol peyeBOLC ival OTL OAOL OL conv TIVPNVEG PETABANTOL
HeyEBoug oL Xpnotpotololvtat oto Alexnet (11x11, 5x5, 3x3) umopouv va avanapax8oiv
Xpnotpotmolwvtag oAAAnAoLg upnveg 3x3 wg dopLka oTolxeia.

T.X. Eotw eninedo e10066ov peygBoug 5x5x1

MNepintwon 1: To conv eninedo: evag uprvag 5x5 kat BApa 1 —'E€0dog: xApTng XapakTNPLoTIKWY 1X1
MARBo¢ petaBAnTwy 5x5x1=25 ((m*n+1)*k, k: TANB0G TLPARVWY)

MNepintwon 2: 1o conv eninedo: 6vo upnveg 3x3 kat Brpa 1T —'E€0d0G: XApTNS XapakTNPELOTIKWYV 1x1.

MANBo¢ petaBAntwy 3x3x2=18 — Meiwon 28%

AvtioTtolxa avtiywa xprion nupnvwy 7x7 (11x11) epappocouvpe 3 (5) 3x3 nuprnveg — peiwon aptdpol
ekmatdevopevwy petaBAntwy Kata 44,9% (62,8%)

%  TaxLTepn ekpadnon * Amoguyn overfitting



Error Rate in ILSVRC 2015 (%)

3.57%

ILSVRC-2015: ResNet (MSRA)

v
Kaiming He, Xiangyu Zhang, Shaoging Ren, Jian Sun Deep Residual Learning for Image Recognition, CVPR 2015 & @‘# & & & o & o°
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- 152 enineda, 11M napapetpol, upnveg, 3x3 (onwg 1o VGGNet), 2 pooling emnineda
YUvdeon tautotnTag (Identity connection) ava dvo etunedwyv CONV, didotaocn toddov idla pe tng €€6dou

YUvdeon mpoPoAng (Projection connection) o0mou ot dtactacelg eLcodou drapepouv pe NG €€0O0U.

YTiapxouv TIOAANEG EKOOOELG apXLTEKTOVIKWY ResNetXX omou 1o «XX» urtodnAwvel Tov aptdud twy etunédwyv (ResNet50, ResNet101)


https://arxiv.org/abs/1512.03385

ILSVRC-2015: ResNet (MSRA)

Avti va pdéel tnv avanapaotaon x — F (x), To diktuo pabaivel tnv x — F (x) + G (X)

- Otav x=F (x), n ouvdptnon G (x) = x €ival pyla cuvapTnon TAVTOTNTAC — OLVOEDN TALTOTNTAG
H avanapdotaon 6tav x=F (x) pabaivetal pe pndeviopd Twv Bapwy oTo EVOLAPECSO OTPWHUA KATA TN
dlapkela tng ekmnaidbevong

=>  Otav xzF (x) (stride> 1 ota petagv toug enineda CONV ) — clOvdeon poBoAng
H cuvdptnon G (x) aAAdZel TI¢ SlaoTAoeLg TNG €L0OSOUL X
o€ ekeivn NG €€0dou F (x)

| weight layer |
Eidn avtioToixiong residual F(x) _ Jrelu x
| weight layer | identi
block identity
e Non-trainable Mapping (Padding) F(x) +x

relu

H eicodo¢ x eival anAwg yepatn Ye pndevika yla va Tatplddel N OLAu vuui| pe enciviy tuu 1Ay,
e Trainable Mapping (Conv Layer)
1x1 Conv layer xpnotgomoleital yla tnv avtiotoixion touv x pye tnv G (x).



MNapadeyua: ConvNet yia eEaywyr) XOEOKTNPELOTLKWY

- [lapte eva nmpokatackevacpevo ConvNet oto ImageNet

> A@aipeote 10 TEAELTAIO TIARPWG cuvdedepevo etinedo (ot €€odoL avToL Tou
eTumnedou eival ot Babpuoloyieg 1000 Tagewv Touv ImageNet)

- AvTtipetwriote To utoAoto Tov ConvNet wg e€aywyEa XapakTnNELOTIKOU yla TO VEO

oLVOAo dedopevwv

LY. 2€ eva AlexNet, urtoAoyicetal eva dtavuopa 4096-D yla kabe €1KOva oL TEPLEXEL TIG
EVEPYOTIOLNOELG TOU KPLPOUL ETUTIEOOV AUECWG TIPLV TOV TAELVOUNTH).

MOoALg e€axBouv ta dtavuopata 4096-D yia OAEG TIC ELKOVEG, UTIOPOVUE va EKTIALOEVCOLHE

gvav ypapptko tagvountn (r.x. Linear SVM r) Softmax classifier) yta to véo aOvolo
dedopevwv.



MNap&deyua:ConvNet yia eEaywyr) XGEOKTNPELOTLKWY

Donahue et al, "DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014

1 1 R I, "CNN Features Off-the-Shelf: An
Transfer Learning with CNNs R S o Resgmion” VPR s
1. Train on Imagenet 2. Small Dataset (C classes) 3. Bigger dataset
Reinitialize c406 | [+— Train these
FC-4096 b - FC-4096
N this and train
| MaxPool | | MaxPool |
|_Conv512_| | Conv512_| With bigger
] |_Convsiz | dataset, train
[ Waseoor | Cwaeas | more layers
W [ Comviiz ]
| conv-512 | | Conv512 |
|_MaxPool _| > Freeze these | MaxPool |
|_Conv-256 | |_Conv-256 Freeze these
|_Conv-256 | [ conv256 |
|__MaxPool | |_MaxPool | :
| Conv-128 | _ ] [ Conv-28 | Lower learning rate
[ Conv-128 | [ conv-128 | |_Conv-128 | when finetuning;
[fﬁax?ooi-ﬁ_ | MaxPool | | MaxPool | 1/10 of original LR
|_Conves | __Conv-64 | [_Conves | is good starting
|_Conves | [ Conves | J |_conves | ) point
[image ]
() Lecture 7: Training

Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 7 - April 24, 2018 RTINS

Part 2


http://cs231n.stanford.edu/slides/2018/cs231n_2018_lecture07.pdf
http://cs231n.stanford.edu/slides/2018/cs231n_2018_lecture07.pdf
http://cs231n.stanford.edu/slides/2018/cs231n_2018_lecture07.pdf

BeAtiwon tou ConvNet.

> [ldpte eva mpokataockevaopevo ConvNet oto ImageNet

> AvTiKataotnote Kal enaveknaltdevote Tov Talvountn avw amo to ConvNet 010
VEO GUVOAO OEOOUEVWY,

> BeAtiwoete ta BApn TOL TPOKATACKELACPEVOU SLKTVOL cuveyidovTag To
backpropagation

> Eival duvato va telelonotnoete OAa ta emnineda tov ConvNet ) eivat duvatov va
dlatnpnoeTe oploPEVaA amod Ta ponyoLpeva emineda otabepd (WOTE va AMOPUYETE

UTIEPPOPTWON) KAl HOVO va BEATLWOETE Ta LYPNAOTEPQ Miteda Tov SikTLOU.



[ToOKTIKEC OU

FC-4096
FC-4096

|_MaxPool _
|_Conv512_|
|__MaxPool _|
| Conv512 |
| Conv512 |
| MaxPool |
|_MaxPool _|
L—.Eonv-12”8-—
| Conv-128

| MaxPool |
|_Convs4 |
|_Conves |

N

More specific

More generic

L

UBOUAEG BeAtiwong

very similar very different
dataset dataset
very little data | Use Linear You're in
Classifier on trouble... Try
top layer linear classifier
from different
stages
quite a lot of Finetune a Finetune a
data few layers larger number
of layers

Fei-Fei Li & Justin Johnson & Serena Yeung

Lecture 7 -

April 24, 2018



Vision Transformer (ViT)

To Vision Transformer (ViT)

Vision Transformer (ViT) Transformer Encoder

MLP \
Head
Transformer Encoder ]
sz 6 ) 0 06) o]

* Extra learnable = 9 3
[class] embedding [ Linear Projection of Flattened Patches ]

tuy
! i
2 )
A g -
lifty ~ o

elvat €va povteAo Tou

epappolel to Transformer

oTnVv epyacia taglvopnong

ELKOVWYV Kal T(poTAbnKe Tov

Multi-Head '
Atieridon OkTwRpLo Tou 2020

(Dosovitskiy et al. 2020).

J

E?a?iﬁ;‘:" An Image is Worth 16x16 Words:

Treat each patch as a token Transformers for Image Recognition
(like a word) in NLP at Scale



https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2010.11929
https://arxiv.org/abs/2010.11929

Vision Transformer Architecture

Alaxwpliote pla elkova oe patches
MeTaTpEwTe Ta patches o€
MovodidoTarta diavuouaTa
(flattened patches)

Mapdacte lower-dimensional linear
embeddings arro Ta flattened
patches

[MpoobBéoTe positional embeddings
EiodyeTé TNV WG €icodo oTov
standard transformer encoder
[MpoekTTaidcuon Tou JOVTEAOU UE
ETIKETEG EIKOVAG (TTANPNG ETTIBAEYN
o€ £va TEPAOTIO OUVOAO
OedOUEVWV)

Finetune xpnoiyotroiwvTag KATTolo
dataset yia image classification



[MTOOEKTIALOEUNEVD UOVTEAD

e Jensor Flow Hub

e Pylorch Hub

e Model Zoo - BVLC/caffe Wiki - GitHub

o tensorflow/models: Models and examples built with TensorFlow

e Keras Applications


https://tfhub.dev/s?deployment-format=tfjs&fine-tunable=yes&module-type=image-classification&tf-version=tf2&q=tf2
https://pytorch.org/hub/
https://github.com/BVLC/caffe/wiki/Model-Zoo
https://github.com/tensorflow/models
https://keras.io/api/applications/

YAoTtotnoelg ywa CV

e https://keras.io/quides/transfer_learning/

e hands-on-transfer-learning-with-python/CIFARI0_VGG16_TLClassifier

e pvtorch/vision: Daotasets, Transforms and Models specific to Computer Vision

e Detecto — An object detection library for PyTorch - Pylorch

e https://pvytorch.org/tutorials/beqginner/transfer learning_tutorialhtml

e https://wwwitensorflow.org/tutorials/images/transfer learning_with_hub?hl=da

e https://wwwitensorflow.org/tutorials/images/transfer learning?hl=da

e GAN: https://www.tensorflow.org/tutorials/generative/style_transfer?hl=da

e 4. Transfer Learning with Your Own Imaoge Dataset — gluoncv 0.8.0



https://keras.io/guides/transfer_learning/
https://github.com/dipanjanS/hands-on-transfer-learning-with-python/blob/master/notebooks/Ch06%20-%20Image%20Recognition%20and%20Classification/CIFAR10_VGG16_Transfer_Learning_Classifier.ipynb
https://github.com/pytorch/vision
https://medium.com/pytorch/detecto-build-and-train-object-detection-models-with-pytorch-5f31b68a8109
https://pytorch.org/tutorials/beginner/transfer_learning_tutorial.html
https://www.tensorflow.org/tutorials/generative/style_transfer?hl=da
https://gluon-cv.mxnet.io/build/examples_classification/transfer_learning_minc.html

Transfer Learning ywa emteEepyaoia GUOLKNAG YAWOO G

Transfer Learning in Natural Language Processing NAACL-HLT 2019



https://docs.google.com/presentation/d/1fIhGikFPnb7G5kr58OvYC3GN4io7MznnM0aAgadvJfc/edit#slide=id.g5888218f39_59_11

Xpnon transfer learning oe NLP

AlapoLpacpog YAWOGOIKWY avanapaoTAcEwyV , SOPLKWY OJOLOTATWY, ouvTagn, onuactoloyia

To transfer learning o6riynoe 1o SOTA oto NLP (T.x. Tagvounon, e€aywyr mAnpogoplwy, Q&A,..)

CNN Large + fine-tune: 93.5
Flair embeddings: 93.09
93

BERT Large: 92.8
BiLSTM-CRF @ Cross-view
+ELM&2.22/ %+ Multi-Task:92.61
o TagLM: 91.93 BERT Base: 92.4

Y t al.:91.26
Lin and Wu. 2009 ﬂ?ﬂ’gﬁﬁi’m 91.21 o
Phrase & word clusters: 90.90 o ® LM-LSTM-CRF: 91.24
91

F1 'LSTM-CRF: 90.94
kS
Chiu and Nichols 2015: 90.69
90 —
Collobert et al. 2011: 89.59 Passos et al. 2014: 90.05
Ando and Zhang. 2005 ¢
89 co- and self-supervision: 89.31

Florian et al., 2003: 88.76
88 -+ S £ } 7 £ } 7 £ } } } } | } } } } } } } } } } } }
Jun 03 Jun 05 Jun 09 Jun 11 Jun 12 Jun13 Jun 14 Jun 15 Jun 16 Jun17 Jun 18 Jun 19

Performance on Named Entity Recognition (NER) on CoNLL-2003 (English)



Sequential transfer learning

- MabBaivel o€ pla epyacia / cuvoAlo dedopevwy
[TposTolpdZel TIG AvaTapacTACELG OE £Va UEYANO CWHA KELPEVWY XWPIG ETIKETA, ETIAEYOVTAG pia
pebodo.

- MeTtagepel og Yla aAAn epyacia / cuvolo dedopevwy
MNpoocappodel AVTEC TIC AVATIAPACTACELG OE JLa ETIOTITEVOUEVN £pyacia aTOXOU, XPNOLHOTIOLWVTAG
emnonuaocpeva dedopeva.

word2vec

.. GloVe Adaptation
Pretraining skip-thought g classification

_D InferSent sequence labeling

ULMFiT
GPT /
BERT o

OQOQO
(@ e [




Sequential transfer learning: KUpla Beuato

Words to words-in-context: Evowpdtwon avanapactdoewy o€ TIAaiolo

word2vec (Mikolov et al., 2013)

MaBaivel pla povadikn avanapaotaon yia kabe Ae€n aveEaptntn amno to nmePLBAAAOV TNG
e oe mpotdoelg kal keipeva (Le and Mikolov, 2014; Conneau et al., 2017).

e pabaivouv avamapactdoelg AeEewv ou aAAdlouv pe Bdon tn onuactoloyia tng AeEng
(McCann et al., 2017; Peters et al., 2018)

Language modelling pretraining
Ekpadnon AoylKwv HOVTEAWY YAWOOWYV Ao PeyaAla Kelpevika dedopeva
e EkpABnon Twv Mapactdacewy PACEWY KAl AEEEWV PE LA TIOLKIALQ QVTLIKELPEVLKWY AELTOLPYLWV.

Babwa diktua
n.x. BERT-Large, GPT-2 (24 Transformer block)



NLP

Statistical Machine Translation (SMT)
Kupiapxo HoVTEAO PETAPPAONG YLa XPOVLa,

Neural Machine Translation (NMT)
Anplovpyia Kal ekmaidevon eviaiov, HEYAAOL VEUPWVLKOUL OIKTOOU
Eicodog: keipevo 'E€060G: peTAPPACH KELUEVOU

(Kalchbrenner kat Blunsom (2013), Sutskever et. al (2014) kat Cho. k.d. al (2014b))

Sutskever et. al (2014) : Ekpaénon ané aAAnAovyia o€ aAAnAovyia (seq2seq)



Attention

XpNOLUOTIOLWVTAG TO PNXaviopo Tou attention, Eva cLOTNUA UTIOPEL VA ECTLACEL OE HEPOC EVOG
LTIOCLVOAOUL TWV TIANPOYOPLWYV TIOL TOUG divovTal.

H 18€a miow amd avto eivatl OTL Pmopel va udpxouV GXETLIKEG TANPOYOPLES yLa KABE AEEN oe pLa poTaon.
‘Etoy, yia va eivat akpifng n anokwdikomoinon, mpemeL va AapBavetat umown kade Ae€n tng eLoodov, pe To

pnxaviopo attention.
Edapuoyeg pe attention

machine translation, text summarization,
image captioning, dialogue generation,
sentiment analysis.

‘Exouv mpotabei S1apopeG HOPYPES

Kat TUTIOL PnXaviopwy attention

Kat e€akoAovBouv va anoteAovy
onNUavTlko epeuvnTiko Tiedio tou NLP

Neural Machine Translation
SEQUENCE TO SEQUENCE MODEL WITH ATTENTION

Encoding Stage Decoding Stage

Attention
E":::“ Decoder
RANN
—

Je suis etudiant

Visualizing machine learning one concept at a time.



http://jalammar.github.io/illustrated-transformer/

seq2seq + attention model

e Vector pe eVOWUATWHEVEG

T.X. [MpoBAnua question-answering Tic TANpPOpOpiES £106500.

e Acsttoupyei wg apyiko hidden

state ywa tov decoder

Encoder

h, = f(W(hh)ht—l A W(hx)xt)

10}08/\ Jopooug]

‘OAeg oL A£€eLg TTov amaptidouv TRV EpWTNON.

https://nlp.stanford.edu/~johnhew/public/14-seqg2seq.pdf

Anpovpyia evog Staviopatog
meavotntag mov 6a pag
BonOnosl va pocodlopicovpe
v teAKn €€060

yy = softmax(WS h;)
Y2

= fW"™h,_y)

Decoder

o o —
AIa@OPETIKO

MAKOG


https://nlp.stanford.edu/~johnhew/public/14-seq2seq.pdf

seq2seq+attention: Hidden states

decoder_hidden = [10, 5, 10]

encoder hidden

- AwaBeotpa encoder hidden
states (memory vector,
TPACLVO)

- 1o decoder hidden state
(KOKKLVO - n TeAevTaia
KwolkotoLlnuevn encoder
hidden state )

To RNN function, cuykpivel To
word vector pe Tnv mponyovuevn
state kat dnulovpyoLv TN vea state

Encoder

4 "word vectors” otnv €icodo: AtaBadet 1-1 T1g AEEELS £L00O60U https:/towardsdatascience.com/attn-illustrated-attention-5ec4ad276ee3



https://towardsdatascience.com/attn-illustrated-attention-5ec4ad276ee3

seqg2seq+attention: okop yla k&Be encoder hidden state

To attention layer eotiael SLapopeTIKA OF
pecoer 7 dLapopeTIikeG AEEELG, EKXWpPWVTAS pia
! BaBuoAoyia yla kdbe AEEN.

decoder_hidden = [10, 5, 10]

encoder_hidden score

[0, 1, 1] 15 (= 10x0 + 5x1 + 10x1, dot product)
decoder [5, 0, 1] 60 ( high attention score)
dden state [l 1’ 0] 15
OOO [0, 5, 1] 35

Wl ? O OO0 0]0]0, OO0
T T I




seqg2seqg+attention: eTtittedo softmax

Decoder —>

score

— O

|

score

— O

|

Attention layer

score

— O

|

OCI)O

OCI)O

O(I)O

Encoder —>

Me €va eninedo softmax kavoupe
KOVOVLKOTIO(NoN TWwV 0KOPG Kal ol
TIYUEG TIOL TIPOKUTITOLY ATIOTEAOUV
TNV Katavopn tou attention
(attention distribution)

encoder hidden score score”
[0, 1, 1] 15 0
[5, 0, 1] 60 1
(1, 1, O] 15 0
[0, 5, 1] 35 0

Y€ MPayPaTiko mapadelypa to scoret
UTIOPEL va TIAPEL OTIOLAONTIOTE TIWN
petagL 0 kat 1



seq2seqg+attention: MNMoAaTAaclaouOC K&Be encoder
hidden state Ue To KAVOVLKOTIOLNUEVO OKOP

xxxxxxxxxxxxxx

encoder score score” alignment

[0, 1, 1] 15 0 [0, 0, O]

[5, 0, 1] 60 1 [5, 0, 1]

eeeeeeeeeeeeeeeeeeeeee score [l’ l’ O] 15 O [O’ O’ O]
000 — .0 . ® .0 . ® [0, 5, 11 35 0 [0, 0, O]

| | T |

e OCI)O OCI)O OCI)O 9]0
|

1 i ! f



seqg2seqg+attention: Tapaywyn context vector

encoder score score” alignment

Decoder B
T [0, 1, 1] 15 0 [0, 0, O]
Attention layer (5, 0, 1] 60 1 (5, 0, 1]
[1, 1, 0] 15 0 [0, 0, O]
[0, 5, 1] 35 0 [0, 0, O]
context = [0+5+0+0, 0+0+0+0, 0+1+0+0] = [5, 0, 1]
multiplication multiplication multiplication multiplication
‘—‘ '_‘ ’T‘m ‘]
1 1

softmax softmax
1

decoder |

hidden state score score score score

¢ -6 —© —06 |[—0o
| | T |

nee QOO OO0 QOO OO0
hidden state

Encoder —> >




seq2seqg+attention: tpodpododTNON TOU context vector oto
decoder

addition

. ‘ . context vector

t
| I | |

multiplication multiplication multiplication multiplication

mmmmmmmmmmmmmmmmmm

I
score scoe |  score score

— O — O — O — ©

T | | |

ccccc
hidden state

T ! T T

1 i ! !

To backpropagation,
aA\adovtag ta Bapn ota RNN
Kal oTn ouvaptnon okop, 6a
ETNPEACEL TIG KPLYPEQ
KATAOTAOELC TOL
Kw&LKoTOoLNTH Kal Tou
ATIOKWOLKOTIOLNTH, Ol OTIOLEQ
HE TN og1pd TOoug eTnpedlovy
Ta anoteAEopata Tou attention



2018: NLP's ImageNet moment

B

THE

TRANSFORMER
o o
W,

C—

Nea emtoxy oto NLP

http://jalammar.github.io/illustrated-bert/



http://jalammar.github.io/illustrated-bert/

BERT: Bidirectional Encoder Representations from Transformers

To BERT eivat €va povteAo avanapaotaons YAWooag PE EVIUTIWOLAKI akpiBela o€ TTIOANES
epappoyeg NLP.

MEoBANu

e 0ppwva pe tnv Google To 15% Twv avadnThoewy TOL yivovTal Kabnuepva otn
punxavn avadntnong dev €xouv mpaypatormondei Eava.

e Emopevwg, To mpoBAnua mov eyeipetat 6ev apopd TG EPWTHOELS TIOL UTIOPEL va
KAVOULV OL XpNoTeS aAAd PE TOUG TIOOOLG dLAPOPETIKOLG TPOTIOUG UTIOPEL va yivel pla
avadntnon.

Auon

e [la Tnv avTigeTWILon avtoL n Google anmopakpuveTal ano tnv xpron Ae€ewv-kAeldla
yla TNV Katavonon Twv avalnTtrioswy Kal Tn Ipoxwedad oTtn Xpnon mo cuveeTwyv
HOVTEAWYV OTtw¢ 1o BERT



BERT: Bidirectional Encoder Representations from Transformers

1 - Semi-supervised training on large amounts
of text (books, wikipedia..etc).

The model is trained on a certain task that enables it to grasp
patterns in language. By the end of the training process,

BERT has language-processing abilities capable of empowering
many models we later need to build and train in a supervised way.

[

Semi-supervised Learning Step

S e e e e e e e
/ >
|
IModeI:
C— BERT | |
I
|
| ¥
& Nug
| Dataset: L O:}U‘ﬁ |
7 S I
Omecte: (1o e mosken v ]\
\ e — — e — — — —

Ta duo BripaTa yia Tov TPOTTo avaTtTugng Tou BERT. MTTopeite va KaTERAOCETE TO JOVTEAO TTOU €XEI TTPO-EKTTAIOEUTEI

/

Model:
(pre-trained
in step #1)

Dataset:

2 - Supervised training on a specific task with a
labeled dataset.

Supervised Learning Step

75%  Spam \
=2
: 25% | Not Spam I
»‘H’\
| [1810.04805] BERT:
Pre-training of Deep
| Bidirectional
Transformers for
BERT
<~ | Language
Understandin

Class

gooale-research/bert:

Buy these pills Spam [ TensorFlow code and
R = | pre-trained models for
BERT
Dear Mr. Atreides, please find attached... = Not Spam -

oT1o BApa 1 (ekTTadeUPEVO o€ dedOEVA XWPIGC OXOAIQ) KAl va TO BEATIOTOTTOINCETE OTO BAua 2.


https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805
https://github.com/google-research/bert
https://github.com/google-research/bert
https://github.com/google-research/bert
https://github.com/google-research/bert

Movteha BERT

24 ( ENCODER
12 [ ENCODER J
eeo e ( )
4 ENCODER
\ Y
2 ( ENCODER J ( )
3 ENCODER
L )
1 [ ENCODER J 2 i ENCODER |
\ )
(- )
BERTaast 1 . ENCODER )

BERTArGE

BERT BASE - Yuykpioipo og peyebog pe 1o OpenAl
Transformer yla cOykplon amodoong

BERT LARGE -'Eva T€pA0TLO HOVTEAO TIOU TIETUXE TA
anoteAEopATA TOL paper

Base Large
Version version
encoder 12 24
layers
(Transformer
Blocks)
feedforward- | 768 1024
networks hidden hidden
units units
attention 12 16
heads




BERT: Bidirectional Encoder Representations from Transformers

e To onpeio kAeldl otnVv TEXVLIKN KalvoTopia tov BERT eival n ikavotnta tou va
e@apPooel TNV auPidpoun eknaidevon twv Transformers kat evav dnPo@IAn

HNXAVLOWO TIPOCOXNG 0T HOVTEAOTIOINON TNG PUCLKNG YAWOOAG.

e AUTO €pxetal o€ avtiBeon pe mponyoLpeveg poomadeleg Tov e€eTalay pia

akoAouBia KeleEvou anod ta aplotepd pog ta deLd (kat avtioTpoPpwg).

e H texvikn Masked LM mou epappoce 1o BERT €0€l€e OTL £va JOVTEANO PUOLKNG
YAWOooag Tov eivat au@idpopa eKTatdEVUEVO UTIOPEL va ATOKTOEL KAAUTEPN
KaTavonon yla To TIEPLEXOPEVO EVOC KELPUEVOUL Kal TNV por Tou AOYoUu o€ GUYKPLON UE

€va JOVTEAO POVAC KaTteLBuvong



BERT: Bidirectional Encoder Representations from Transformers

85% Spam

15% Not Spam

[ Classifier J

BERT

1 2 3 4 see 512

[CLS] t

Input: sequence of words



MapaMMnAlouocg pe ta ConvNets

Input Output

Features Prediction

0.2%  Kit fox

VGG-16
- i 0.1%  English setter
ﬁﬁj:ﬁ?ﬁﬁ%é gﬁgf gggﬁ §§§§ 95% | Egyptian cat
g 8 = 5 v§ n§ |§ 8| = v§ = ) = = | o "‘. —_—
Mostly 1% Great Dane

Mostly Feature Extraction Classification

- J 0%  Hotdog




BERT: a1td toug Decoders otouc Encoders

YAotolel €va pyovteAo Baociopevo oe transformer, TOU OTIOLOV TO YAWOOLKO HOVTEANO BAETEL
TIPOG TA EUTIPOC Kal Tipog Ta miow( Texvika “is conditioned on both left and right context”)

Masked Language Model (MLM)

1. TMpw TNV TpopodoTnon Twv akoAovBilwv Ae€ewv oto BERT, 15%twv Ae€ewv 1OV
OLVBETOULV Pla akoAovBia avtikadiotavtal amno pia pdoka [MASK] anokpumtovtag
£TOL TNV APXLKI) TOUG TLUN.

2. XTn OLVEXELA TO HOVTEAO TipooTiabel va TIPOBAEWYEL TNV APXLKI TLHN TwV AEEEWV PE
HAOKA BACLOPEVO OTO TIEPLEXOHUEVO TWV LTIOAOLTIWY AEEEWV 0TNV akoAouBia Tov dev
£XOUV JAOoKA.



BERT: a1td toug Decoders otouc Encoders

Use the output of the 01% | Aardvark

masked word’s position
to predict the masked word

Possible classes:
All English words 10%  Improvisation

0% | Zyzzyva

i
[ FFNN + Softmax ]
2 3 4 51 ZT
BERT

Randomly mask A y Y .
15% of toykens ? T T T T T T T T

[CLS] Let's stick to [MASK] in this skit

Input rtTrtrtr ot

[CLS] lLets stick to improvisation in this skit

ATIO TEXVLKNG TAELPAG, N TIPOBAEYN
TwWV 0pwVv [MASK] mpoimoBETel TN
POCONKN €vOC eMIMEdOL Taglvounong
(classification layer) otnv €€060 TOUL
KwodlkotmonT.

H £€000¢ Tou emumedouv Taglvopnong
petTaoxnuatidetal oTig S1a0TACELG TOV
Ae€LAoyiov agpou MoAAarAaoLacTel Pe
ToV Tlivaka embedding

Epappdletal n ouvaptnon softmax oto
dlavuopa mouv £xeL apaxbei yla tov
LTIOAOYLOPO TNG TILBavoTnTag KABe AEEN
VA AVTLTPOCWTIEVEL TNV APXLKI] TLUI TOL
opouv [MASK]



BERT: a1td toug Decoders otouc Encoders
Next Sentence Prediction (NSP)

H emopevn otpatnylkn yla tnv ekmnaidgvon Tou govteAou eival n MpoBAeYn EMOPEVNG
akoAov8iag.

e OuolaoTIKA, TO YovTeAo TpoodoTeital pe {evyapla akoAoubLwy Kal Tipoomabel va poBAEYeL av N

devuTePN akoAoubia BplokeTal QUECWS YETA TNV TIPWTN OTO APXLKO KEIPEVO.

e Kata tnv dladikacia eknaidevong 1o 50%Twv Cevyaplwy anoteAeital anod dtadoxlkeg akoAovbieg oTo

Kelpevo, evw To uttoAotro 50% amoteAeital ano {evydpla TuXaAia ETUAEYHUEVWY AKOAOUBLWV.

Kat og autn tn otpatnylkn eva emninedo tavounong npootibetatl otnv €€060 TOL
Kwdlkotmotnth, mpoomnadwvtag va tatvopnoet TI¢ e€0doug otig kKAaoelg IsNext, NotNext
e@appodovtag aAL tn cuvaptnon softmax.



BERT: a1td toug Decoders otouc Encoders
Fine-tuning

e Telog, HOALC oAokAnpwOei n dladikacia tng mpoekmnaidbevong (pretraining) ynopei va mpootebei oTo
TEAOG TOU PHOVTEAOUL €vag anokwdikomolnTAG N €vag taglvountng (pnxo MARpwe ouvdedepevo diktuo)

yla TNV T(POCAPHOYH TOL OE KATIOLO CUYKEKPLUEVN EQAPOYT).

e Kata tnv dtadikacia tov fine-tuning povo ta eTuMPOcHETA EMIMEDdA AVAVEWVOULV TIC TIAPAPETPOLS TOUG
Kal (0W¢ PJEPLKA Ao Ta TeAevTaia emineda Tov dIKTVOU, EVW OL TIEPLOCOTEPEC ATIO TIG TIAPAPETPOUG TOL

ovoTtnuatog dev ennpeadlovTat.

e Ta 6edopeva eknaidevong ov cuvodevouy KABe epappoyr Ba xpnotpomnotnBouyv kata tnv dtadikacia

fine-tuning yLa tnv ekmaidbevon Twv TEAELTALWY ETUMPOCOETWYV ETUTIEOWV.

To BERT mapexel mpoeKkmaltdevpyeva JOVIEAA €TOLPA YLa XpNon, € povadilkn anaitnon to

fine-tuning.



Task specific-Models

Class
Label

BERT

EE- EEE-
e

. PED. o

Sentence 1 Sentence 2

(a) Sentence Pair Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC,
RTE, SWAG

Start/End Span

BERT

~ar W W a W
B M- @
Question Paragraph

(c) Question Answering Tasks:
SQuAD v1.1

Single Sentence

(b) Single Sentence Classification Tasks:
SST-2, ColLA

(o] B-PER o]
>
BERT

[::]ll!l .

Single Sentence

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER



YAoTtotryoetc yior NLP

e Sequence-to-Sequence Modeling with nn.Transformer and TorchText

e https://colab.research.google.com/qithub/tensorflow/tensor2tensor/

e chapter attention-mechanisms/transformer.ipynb

e http://jolammar.qithub.io/a-visual-quide-to-using-bert-for-the-first-time/

e NLP Tutorial Creating Question Answering System using BERT + SQUAD on Colab TPU

e Lit BERT: NLP Transfer Learning In 3 Steps

e BERT —transformers 220 documentation

e Question Answering with a Fine-Tuned BERT



https://pytorch.org/tutorials/beginner/transformer_tutorial.html
https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb
https://colab.research.google.com/github/d2l-ai/d2l-en-colab/blob/master/chapter_attention-mechanisms/transformer.ipynb
https://hackernoon.com/nlp-tutorial-creating-question-answering-system-using-bert-squad-on-colab-tpu-1utp3352
https://towardsdatascience.com/lit-bert-nlp-transfer-learning-in-3-steps-272a866570db
https://huggingface.co/transformers/model_doc/bert.html
https://mccormickml.com/2020/03/10/question-answering-with-a-fine-tuned-BERT/

YALKO yiae NLP

e http://web.stanford.edu/class/cs224n

e Attention is all you need: Attentional Neural Network Models | ukasz Kaiser

e https://ruder.io/a-review-of-the-recent-history-of-nlp

e dipanjanS/hands-on-transfer-learning-with-python - GitHub

e Deep learningFor NLP: Zero To Transformers & BERT

e Neural Transfer Learning for Natural Language Processing, S. Ruder thesis

e https://cs231In.qgithub.io/transfer-learning/#add

e |ecture /: Training Neural Networks, Part 2

o [1808.01974] A Survey on Deep Transfer Learning

e T[he Stanford Question Answering Dataset



http://web.stanford.edu/class/cs224n/index.html#schedule
https://www.youtube.com/watch?v=rBCqOTEfxvg
https://ruder.io/a-review-of-the-recent-history-of-nlp/index.html#2015attention
https://github.com/dipanjanS/hands-on-transfer-learning-with-python/tree/master/notebooks
https://www.kaggle.com/tanulsingh077/deep-learning-for-nlp-zero-to-transformers-bert
https://ruder.io/thesis/neural_transfer_learning_for_nlp.pdf
https://cs231n.github.io/transfer-learning/#add
http://cs231n.stanford.edu/slides/2018/cs231n_2018_lecture07.pdf
https://arxiv.org/abs/1808.01974
https://rajpurkar.github.io/SQuAD-explorer/

