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To «Transformer» Layer kat Attention
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Self attention
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Tokens



Self-supervision + cwHA KEIPHEVWYV

Masked Language Modeling: 1. 15%: emiAeyoupe Tuxaia 15% twv «tokens»
2. 80%: avtikaBiotovpe 80% pe [MASK]
3. 10%: avtikaBiotovpe 10% pe tuxaia ettAeypevn Aeén
4.10%: ta utoAowrta 10% Twyv tokens mapapevouy idla
X = Keilpevo, Y = cwotd (apxlka) tokens

Next Sentence Prediction: 1. EtAéyoupe dvo potdaoslc (S1,S2) ano 1o cwpa
KELHEVWV. 2TIC ULIOECG TIEPITITWOELG, N TTpOTACcn S2

akoAouBei tnv S1 oto Keipevo

X=(S1,S2),Y =1 or 0 (ak6Aoubn mpotaon)
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Self-supervision + cwpA KEIPHEVWYV

e e

TASK: Masked Language Modeling (MLM)

X1: My current-interests focus on
—decision-making in large-scale
complex systems, with a focus on-

anqaccordion.

Y,: {research, autonomous, learning, computation}

1. 15% twyv tokens emiAeyovtal

2. 80% twyv eTiAeypEVWY token
avtikaBiotavratl pe [MASK]

3. 10% twyv eTiAeypevwY token
QvTIKaBlotavTat TUXGI'.O. Xo: lam interested |n-and adaptable

optimization, high dimensiona
, andlearning, reinforcement
4. 10% twyv eiiAeypevwy token learning and

TIAPAPEVOLV attapAAAaxta Y,: {robust, statistics, machine, agents}
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Residual Connection Residual Connection

BERT Family:
APXLTEKTOVLIKN
TOU LLOVTEAOU

!

Elpeve

)
)
)
)
)
)
)
)
D,
>
D

!

S —

!

aaaaaaa

Kwvotavtivog Kapapavrg |END




Evowpatwoelg pe to BERT
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Keipeva

Avadntnon o€ Baon Nhvwoewv
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Texts

Avadntnon o€ Baon Nhvwoewv
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Query: Q — @ = Vg
v Katataoooupe ta

[ @9 ] ) . . .
PN . KeEpeva oe pBivovoa
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Texts

Avadntnon o€ Baon Nhvwoewv
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[Mwcg kavoupe «Fine Tune»

gva povteAo ota OLlka pag
KEPEVAQ, VIO KAAUTEPN
avadntnon;
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Texts

Avadntnon o€ Baon Nhvwoewv
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'ATACCOUE TA
eva o ¢pBivovoa

Mwc BeAtlwvoupe To BERT aeowtepikou

HEVOU

(1ﬁc;t%2>

ylwa avadntnon;

- KwvaoTtavtivog Kapapavrig



Texts

Avadntnon o€ Baon Nhvwoewv
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Katataoooupe ta
Keipeva oe ¢pBivouoa
OELPA ECWTEPLKOU

VIVOUEVOU

(UK, vQ)



Texts

Avadntnon o€ Baon Nhvwoewv
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Mwcg ektadevoupe AANO
BERT yiwa evowpatwon twyv
guery, Kat EVvowpatwon Twy
KEIMEVWV;

AuTO Aeyetal «bi-encoder»

YLV\JHCJVUU

(UK, vQ)




Fine Tuning: Muwa rtpwtn 10€a
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MLM Fine-tuning: to BERT €xel ekmtatdevtel pye tnv dladikaoia
«Masked Language Modeling».

Oa yrtopovoaApE va cuvexicovpe autnVv tnv dladlkacia, aAAa ota

dlKa pag dedopeva. Omtwe 6a dovpe pe mepapata oto GPT2 /
Llama, to MLM pag emutpemnel va EELOIKEVCOUE TIG
EVOWMPATWOELG VLA TO CUYKEKPLHUEVO AEEIAOYLO (KAl OTATIOTIKEG
Ae&AOYIOU) TWV KELUEVWYV PAC.

KwvaoTtavtivog Kapapavrig



Fine Tuning: Muwa rtpwtn 10€a

e e

MLM Fine-tuning: to BERT €xel ekmtatdevtel pye tnv dladikaoia
«Masked Language Modeling».
To MLM eival epyaAeio ekmaideuong tou dnNULIOUPYEL EVA VEUPWVLKO
OIKTUO PE TTIOAAEC LKAVOTNTEC, OTIWCE EXOUVHE 1ndN OEL.

Twpa opwe BeAovpe va BEATIWOOUE TO HOVTEAO HAC YA
OUYKEKPLUEVO OKOTIO: TNV onpactoAoyikn avalntnon

I\OHLI\UYLUU, LWV I\CJLHCJVWV pug.
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Fine Tuning: Mia feptoth e€edLIKeLEVN LOEA

—

-

Apxidoupe pe eva MLM-ekmtawdevpevo povteAo BERT:

r 3
ATIO TO CWHA KEPEVWV POC UTIOBETOUHE TTWCE £XOUHE (Q1, K1)
dedopeva ekntaidevonc (Q;,Ki): epwtnuata Q; kat < : .
kelpeva K mou taipialouyv (eival oXETIKA) UE TO EpWINUA
(QNJ KN)
. S
r N s N
Mepvape Q. K1) (U1, 1) Tt6a BéAape va
EPWTAOELC KAl (Q2,.K>) (U2, v2) LKavoTIolo LV Ta
PWTNOELG J 2182 ‘ ) 2 V2 g

Kelpeva amo to duaviopata

BERT @K JER. awn) | CEIARR
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Fine Tuning: Mia feptoth e€edLIKeLEVN LOEA
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Fine Tuning: Mia feptoth e€edLIKeLEVN LOEA
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(Qu K1) (uy,v1)
(Q2,K2) ' ' (uz,v2) Uy Uy Ug o UN
(QN; KN) (uN' 17N)
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INfoNCE kaiL Contrastive Loss

(Q1]K1) [
QK
( 2 2 ‘ @ ‘ ul, {vl, vz, ...JUN}
o  —
Cross Entropy
Q1 K eit
EQl Kl)) P17 5 ol P1 1
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o U1 VN MeyaAn anwAela eav dev
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INfoNCE kaiL Contrastive Loss

(Q1)K1) r
Q.lx
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Cross Entropy
i (Qli Kl)\ eu-ZFV1
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Couna Loso- IR , . )
E eu;rvz : VS
K P2= S 7, ' :
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PN = - EXOUHE PHEYAAO P, (KaL
dje 2 HIKPA TA UTTOAOLTIA)
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INfoNCE kaiL Contrastive Loss
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P2 VS 0
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MeyaAn anwAela eav dev

EXOUUE PHEYAAO py (KaL
HIKPA Ta uTtoAoura)




INfoNCE kaiL Contrastive Loss
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Step 1: {u;, v;}

Step 2: SU = (ui,vj), l,] €EB
exp(Sii)

Step 3: £; = —log —2XPGi)
CP S~ = OB SE e n (s

1
Step4: L = ;Ziﬁi

H amwAela eivat to d6polopa tng anmwAslag
cross entropy o€ KaBe oglpd ToOL Tivaka
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INfoNCE kaiL Contrastive Loss
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- D MNapauetpouc O - N
(Q1, K1) /p HETPOLE Bt (uq,v1)
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Data Loader [l (QZ. 2) > =) @—}< ( 2. 2) > )
(Qn, Kn) . (un, vN)
. S . S

|

!
S
e : =
(00 = —log 5p—_ o = £(8) =7 ) Li(6) = |
l

VEYNCAR => optimizer.step() == 0, 4
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INfoNCE kaiL Contrastive Loss
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Enektaoeilg tng pedodou

1. @eppokpaoia: S; = S/t
2. (Q;, Ky —» (Qi, Ki s Kij): MNavw amoé 1 oxeTIKO

apXELO
3. (Q;, Kp) = (Qi, K;, Kj): «apvnuka» apxeia
4. BaBpoc oxetkokntac: (Q, K;j) = (Qy, Ky, pi)
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INfoNCE kaiL Contrastive Loss

e e

EmteKTAoelC TN HEOOSOU Mwc dnuloupyoL e KaAa
oUVOAQ OEDOPEVWV

1. @eppokpaoia: S; = S/t 1(Qi, Ki)}

2. (Q,K) - (Qi, Ki, - Kij): MAvw amo 1 oXETKO
apXELO

3. (Q;, Ky = (Q;, K, K): «<apvnuika» apxeia

4. BaBpuocg oxetikoknrac: (Q;, K;) — (Q;, K;, pi)

KwvoTtavTivog Kapapavrig



