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Seq2seq tasks
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- Metdgpaon
- Question answering
- Prompting

H akoAouBia Aé¢ewv oTnv £€¢0d0
(decoder) Aaupaver utown TNG
TNV akoAouBia oTnv €icodo
(encoder)

KaBe AéEn (token) w ecaprarail
atTo TIG AEEEIC TTOU TTPpOoNyROnkav
(conditional probabilities)



Embedding layer

‘Eva diKTUO pE €10000UG 600 TO PEYEBOC TOU AECIKOU Kal £€0O0UG 000 TO TTIBUUNTO PEYEBOC TOU
dlavUOoNaATOG avatrapdoTaong

Tpogodorteital atrd one-hot vector embeddings yia KGBe AEEN piIag TTpoTAONG

Aivel Tnv dense avatrapdoTacn TNG AéENG oTnv €000
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[TpoBAAMATA TWV ATTAWY VEUPWVIKWY OIKTUWV

m H apxITEKTOVIKN - (seq2seq) utropei va BewpnOcei Eva
YAWOOIKO povTéAo Baoiopévo o€ mBavotnTes P(v ..., | 17, ..,
X<Ty>)

m Ta atmAd veupwVviKa dikTua pabaivouv yvwpiouata yia ta tokens
avecapTtnTa aT1rd TN BE0N TOUC

m Oi1 akoAouBieg €10000uU Kal €000U £XOUV dIAPOPETIKO UAKOG

m Ta RNN cival yia Auon otnv kareuBuvon auth



Transformers
Eival oTnv ougia apxITEKTOVIKEC VEUPWVIKWY JIKTUWV TTOU TTPOO0TTaBouv va
AVATTIAPACTACOUV OCO0 TO dUVATOV TTEPICTOTEPN TTANPOPOPIa ATTO HIa TTPOTACN

Na avatrapaoTriioouV TTPOTACEIS JE TETOIO TPOTTO TTOU VA OIaKPiVoVTal 01 DIAPOPES
TOUG

O1 di1agop<c:

- O1 Aééeic Tou atraptidouv KABe TTpOTACN
- H @éon Twv AéCewv oTnv KABe TTpdTOCON
- O1 oxéosic PeTaCU TwV AECewv OTNV TTPOTACN



Word embeddings .. A&geig....

e Ta word embeddings cival n (static) avamrapdoTtaon KABe AéENG

e Mriropouv va avTikaraoTaBouv atrdé one-hot representations kai €va
embedding layer otnv €icodo (woTe va Ta pabaivoupe KaTd TNV eKTTaideuon)

e Ta word embeddings dev Aapdavouv uttown tn 6€on TNS AéENC oTnv TTPOTACN

'cat eats fish'

'fish eats cat'




Positional Encoding - OE0EI.... e

- XpnoigoTroloUue eVAAAAKTIKA NUiTOVa KAl el |1 !
ouVnuiTova SIaQOopPETIKAS GUXVOTNTAG 3":‘ \ j .

- Av 10 positional vector BéAoupe va £xel SlaoTooN i hal Lok &1 |
(600 Kkai To word vector) 8a XpNOIPMOTIOIACOUE | znd]§ N LI\
OUVAPTACEIC (NUITGVOU/GUVNITOVOU) e

- Mo k@Bt AéEN TN TTPOTOONC, avaAoya Pe Tn Béon TNng 1:][
K TTQipvOUNE TIG QVTIOTOIXEG TIMEG (METACU -1 Kai 1) 4 ' gl.f 1.
atTd TIC | CUVOPTACEIC ST -

- [NpoobBéToupue Ta positional vector oto word For even indices (i:

embedding yia va TTadpoupe 1o positional encoding

k
P(k,2i) =sin | ———
KABe AEENG (TTou dilagEpel avaloya pe Tn BEan TNG) ( )

100002:/d
For odd indices (i):

k

P(k,2i + 1) = cos —))
100002%/4



Contextual embeddings - Attention  ...oxéo=is....

e Qure Ta word embeddings, ouTe Ta positional encodings Aapdavouv utroywn 10
TTePIBAAANOV TNG ACNG

e H 10éa Tou attention aAAGlel TNV APXITEKTOVIKA TOU JIKTUOU WOTE VA AAPBAVEI
uUTTOWN Kal To TTEPIBAAAOV KABE AéENC oTnV avatrapdoTtact] Tn¢ = contextual
embeddings

The chicken didn't cross the road because it ..

was too tired



Attention kai Self-attention

- pa uEB0dOG yia va BpioKouuE
columns corresponding to input tokens Eva weighted sum 1wV word
embeddings TNG TTPOTAONG YIa
KaBe Aéén ornv mporaon
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Attention masking

- Ae AapBavoupe TTavToTE UTTOWN TO attention at1rd OAEC TIC AECEIC pIaC
TTPOTACNG. TT.X.
- Katd tnv mapaywyr yiag amavrnong AauBavoupe uttown 1o cross-attention atmé
TIG AEEEIC TNG EPWITNONG
- Katd tnv mapaywyr) yiag amradvrnong Aaupdavoupe utroyn povo 1o self-attention
atro TIC AECEIC TTOU TTPpONyoUVTal TOU TeAeuTaiou token oTnv atrdvrnon.

https://www.youtube.com/watch?v=zxQyTK8quyY&ab_channel=StatQuestwithJoshStarmer



https://www.youtube.com/watch?v=zxQyTK8quyY&ab_channel=StatQuestwithJoshStarmer

(Self-)similarity

AvaTtraploToupue KGBe AéEn we Query kal wg Key

Ytroloyiloupe 1o Dot Product (QKT) kaBe AéEng (query) Kai OAWV Twv AéEswv
(keys) TnG TTPOTACNG
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[TapdaAAnAol uttoAoyiouoi

Ta idla Q,K,V vectors trapdayovrtai yia KABe AEEN KATA TOV UTTOAOYIOHO TWV
self-attention
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Multi-head attention

EtravaAauBdavoupe 1n diadikaoia yia
OIA@POPETIKA BApN WOTE va TTapAyovTal
aAAa Q,V,K dpa kai eTTITTAéOV
self-attention values

13 110.5
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Word and
Position
Encoded
values E




Residual connections

[MpooBétoupe Ta word kai positional encodings atreuBeiag ota self-attention values
‘ETo1 diao@aliloupue o1 Ogv “xavovtal”’ Ta word Kai positional encodings
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Encoder-Decoder (translation)

A@ouU oAokAnpwaooupe pe 1o self-attention Tou encoder, ¢ekivape pe ta word
embeddings kal Ta position embeddings Tou TeAguTaiou token

Encoder 2.70/1-0.34
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Decoder’s Self-attention

XpNOoIUOTToIWVTAS dIAPOPETIKA BApn UTTOAOYI(OUE
ME Tov id10 TpoTTo Ta Q,K,V Kai To self-attention oTov

decoder yia 1o TTpwTO token

MpooBEToupue kal Ta residual connections
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Xprjon Tou encoded sequence otov decoder
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Encoder-Decoder (Cross-)Attention

YT1roAoyiloupue Ta Values (V)
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agou Ta Kavouue scale ye Tnv
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TeAIKN avaTtTapaoToon
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YTToAoyIouOC ToU eTTOUEVOU token

H £€¢0do¢ Tou decoder
TTael o€ €va dense network
(ME DlIaPOPETIKA BApn) TTOU
ME TN PonBeia piag
SoftMax petaTtpéTrel Tnv
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vector 010 AECIKO TwV
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Transformers, GPT-2, and BERT

1. O transformer xpnoiyoTtroigi pia oToifa
encoders kal decoders

2. GPT: Av d¢ev £xoupe KaTTola €i0000 Kal ATTAG
BEAOUPE VA HOVTEAOTTOINOOUME TNV “ETTOMEVN
AEEN” MTTOPOUME VO apaIpECOUNE TOV encoder Kal
Va TTAPAYOUME TNV “eTTOMEVN AEEN” HIa TTPOG Mid

3. BERT: Av pag evdiagépel va eKTTaIOEUCOUE Eva
YAWOOIKO POVTEAO VIO €va task, TOTE OE
xpelalopaoTe Tov decoder.

Output
Probabilities

| Add & Norm |
Feed
Forward
[ J
| Add & Norm H
S Multi-Head
Feed Attention
Forward ) ) Nx
—
N Add & Norm
* | ~{ Add & Norm ) Masked
Muiti-Head Multi-Head
Attention Attention
AZ==p=) A==Aces)
\_ J U= _JJ
Positional A @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



Exktraideuon evocg transformer encoder (LLM)

Output
Probabilities

e Ol transformers cuvABWGS XPNOIUOTTOIOUV NUI-ETTIBAETTOMEVN
Maenon Je:

o Mn emBAETTOMEVN TTPOEKTTAIOEUDT OE £vVa TTOAU HEYAAO OUVOAO

(@ Linear |

OedONEVWIV YEVIKOU KEINEVOU
o  AxkoAouBoupevn atro emBAeTTOMEVO fine-tuning o€ éva €0TIOOUEVO OUVOAO Feed
0edopEVWV E1I000WV Kal £COOWV YIA HIO OUYKEKPIPEVN EpyaTia Forvard
e Ol gpyaaoieg TTou oxeTiCOVTAI JE TNV TTPOEKTTAIOEUCN KAI TN " e
, , . , X | ~{(Add & Norm )
AETTTOMEPN EKTTAIOEUON TTEPIAQUPBAVOUV CUVHBWG: Mu,,i_H;';"
o  Movtehotroinon yA\wooag (language modeling) Altontion
o [pbéBAewn erdpevng TpdTaoNS (sentence completion) \ —— )
o  ATQVTAOEIG 0€ EPWTAOEIS (question answering) Positional
o  Karavonon kelpgévou (reading comprehension) Encoding D
o  AvaAuon ouvaioBiuaTog (sentiment analysis) 4 Input
o MNapagpdoeig (paraphrasing) I -
Inputs

https://www.youtube.com/watch?v=90mGPxR2GqgY&ab channel=UmarJamil



https://www.youtube.com/watch?v=90mGPxR2GgY&ab_channel=UmarJamil

Training a transformer

Target sequence (10 tokens) ~———> Before my bed lies a pool of moon bright [EOS]

}

Cross Entropy Loss ~————» Run backpropagation to update the weights

i - - o
Probabilities

Neural Network

(Transformer Encoder)

Inputissquence (10aekens] =+ [SOS] Before my bed lies a pool of moon bright



[Tpoyvwaoelc evog ektraideupévou transformer (LLM)

Output sequence Betoreiy bad i ~———> Before my bed lies a pool of moon bright [EOS]

et alNeon Neural Network

Transf Encod
(Transformer Encoder) (Transformer Encoder)

Input sequence ~——— [SOS] Before my bed

> [SOS] Before my bed lies a pool of moon bright

Next token prediction task



‘ETOIMO TTPOEKTTAIOEUMEVA HOVTEAD

e BERT: Bidirectional Encoder Representations from Transformers

e Eival évag transformer pe stacked transformer layers mrpogkTTaidcupévo o€
OuUo unsupervised tasks: masked language modeling (fill-in-the-blank) kal next
sentence prediction (binary classification), o€ keipeva atroé Tnv AyyAikn
Wikipedia (2.5B words) ka1 1o BooksCorpus (800M words)

e BERT,, .= 12 stacked transformer layers, 768 embedding vector, 12
attention heads

e BERT ,...= 12 stacked transformer layers, 1024 embedding vector, 16
attention heads

e Ta positional embeddings cival learnable

e Xpnoiuotrolei Tov WordPiece tokenizer (emTpétrel sub-word tokens)

e [IAatog AeCikou ~30.000 tokens



BERT masking tasks

A bidirectional training task

What is natural language processing ?

What is natural What is [mask] Who is natural
language [mask]? processing? language processing?

80% masking, 10% replacement, 10% nothing



Training BERT (Masked Language Model task)

Target (1 token): capital

¥

Loss =i Run backpropagation to update the weights

Output (14 tokens) il o . e e s e )il
[__Softmax_ ]

Input (14 tokens): Rome is the [mask] of Italy, which is why it hosts many government buildings.



BERT next sentence prediction task

What is natural language processing ?

Natural Language Processing (NLP) is a field The sun sets over
of AI that focuses on the interaction

between computers and human language. the calm ocean.

50% actual next sentence, 50% random sentence



Next sentence prediction

MpooBEToupe Ta segment embeddings TTou
Aéve o€ TTOI0 TTPOTACH AVAKEI O OPOG

Special tokens

/ N /
Input [CLS] ] my || dog is [ cute ] [ [SEP] he ( likes H play ] ##ing ] [SEP]
Token
Embeddings E[CLS] Emy Edog EIs Ecute E[SEP] Ehe EIlkes Eplay E"lng E[SEP]
-+~ -+ -+~ -+ -+~ -+ - - -+- -+ -+-
Segment
Embeddings EA EA EA EA EA EA EB EB EB EB EB
- - -+ - - - - - - - -
Position
Embeddings Eo E1 E2 E3 E4 ES E6 E7 E8 E9 E10




Training BERT (Next sentence task)

Target (1 token): NotNext

¥

Loss == Run backpropagation to update the weights

I

Linear Layer (2 output features) + Softmax

!
oS BHHHHHEHEHEHHEHEHHEHEE

Movo 1o TTpwTo token
output pag BonBa va
KataAdBoupe av ol
@paoeig gival Ceuyapl

Before my bed lies a pool of moon bright

| could imagine that it's frost on the ground
I look up and see the bright shining moon
Bowing my head | am thinking of home

Sentence
embedding [

Positional
Encoding

Input (20 tokens): [CLS] Before my bed lies a pool of moon bright [SEP] | look up and see the bright shining moon

Sentence A Sentence B



CLS token: self attention

Xwpig causal masking

2UAAEYEI OAN TNV TTANpO@Opia Twv tokens TNC TTPWTNG TTPOTACNG Kal OEUTEPNG
TTPOTACNG

KarnyopioTtroli (classifies) To cuvOuaouo Twv dUO TTPOTACEWY WC AVAUEVOUEVO



BERT fine-tuning (171.x. classification)

My router’s led is not working, | tried changing the power socket but still nothing.

l

w

4
..
)
A 4

x',-

Hardware Software Billing



Text classification - fine-tuning

Target (1 token):

Output (16 tokens):

H avammapdotaon BERT tou
CLS token

Input (16 tokens):

Hardware

¥

Loss w=ir  Run backpropagation to update the weights

I

Forward

& Norm

-Head
Attention

Positional
Encoding ‘ D

Input
Embedding

Linear Layer (3 output features) + Softmax

[CLS] My router’s led is not working, | tried changing the power socket but still nothing.



BERT question answering /%o StrtEnd span
2090 —

1 BERT

LB L E ] LB [ Esen [ & [0

T . B g
G . . &
\_'_J |_|_I

Question Paragraph
‘ * e

¥
\ Question Answer Pair /

Sentence A Sentence B

Demo: https://rajpurkar.github.io/SQuAD-explorer/



https://rajpurkar.github.io/SQuAD-explorer/

Classify tokens as start and end positions

Target (1 token): start=TK10, end=TK10

Loss Run backpropagation to update the weights

Linear Layer (2 output features) + Softmax

A A A A

A A A A A A A A A
P HEHEHRHHHHRHEEEAERAAE
1E

Input (27 tokens): [CLS] What is the fashion capital of China? [SEP] Shanghai is a City in China, it is also a financial center, its fashion
capital and industrial city.



Hugging Face Transformers

https://hugqgingface.co/models

MeTdoppaon: Helsinki-NLP/opus-mt-en-el,
Helsinki-NLP/opus-mt-grk-en,
lighteternal/SSE-TUC-mt-el-en-cased

Etrwvupeg ovidtnTeG: spacy/el_core_news md
OepaTikéG kKaTnyopiec: cvecio/mediawatch-el-topics
N'vwun/Fact: lighteternal/fact-or-opinion-ximr-el

Mapaywyn keipévou: sberbank-ai/imGPT,
nikokons/gpt2-greek

Aidoyol ota AyyAikda: facebook/blenderbot _small-90M

Computer Vision
2 ImageClassification %4  Image Segmentation
B Image-to-lmage F9  Unconditional Image Generation

Object Detection

Natural Language Processing
%, Translation &) Fill-Mask &2 Token Classification
Sentence Similarity ~ §9  Question Answering
0  Summarization Zero-Shot Classification
#%  TextClassification 55  Text2Text Generation
[ TextGeneration &  Conversational

#  Table Question Answering

Audio
> Automatic Speech Recognition ~ f1  Audio Classification
Text-to-Speech it Audio-to-Audio

Y  Voice Activity Detection

Multimodal

B  Feature Extraction Text-to-Image
[  Image-to-Text

Structured

B Tabular Classification

Reinforcement Learning

£  Reinforcement Learning

41


https://huggingface.co/models
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TpeIC BATIKEC APXITEKTOVIKEC

>EQ
Decoders Encoders Encoder-decoders
GPT, Claude, BERT family, Flan-T5, Whisper

Llama HuUBERT
Mixtral



Encoders

® Apketa dnpoiAeic: Masked Language Models (MLMSs)
®* BERT family

ExmraidevovTtal va Bpiokouv TIG AECeIC TTou AsitTtouv (masked) pe Baon Tig
AECEIC TPIYUPW

2UvNBwc ektTaidevovTal (finetuned) yia classification tasks



Encoder-Decoders
>EQ

« ExtTaidevovTal va atreikovidouv pia akoAouBia o€ pia GAAN
* [1ToAU dnuoO®IAN vIa:
* machine translation (map from one language to another)

» speech recognition (map from acoustics to words)



Decoder-only models %

['VlOoTa Kal W¢

» Causal LLMs

* Autoregressive LLMs
 Left-to-right LLMs

* [TpoBAETTOUV A£EEIG ATTO APIOTEPA TTPOG TA OEGIA



Self-Attention kGBe token ouykpiveTal ue kB¢ token

T A
Attention(Q,K,V) = softmax (QL) 4 | \
Vi [ (50s] | Before | my | bed || les || a [ pool || of || moon [ bright

0.62 019 0.02 0.02 0.04 0.01 0.00 0.09 0.00 0.02

0.15 0.00 0.00 0.01 0.00 0.00 0.17 0.00 0.67 0.00
0.09 0.02 0.56 0.02 0.01 0.08 0.11 0.02 0.05 0.03
0.10 0.06 0.03 0.00 0.53 0.12 0.01 0.11 0.00 0.04
Q X K"
0.02 0.00 0.00 0.05 0.80 0.00 0.02 0.04 0.01 0.06
softmax =
(10, 768) (768, 10)

0.01 0.00 0.02 0.02 0.00 0.03 0.68 0.16 0.03 0.06
0.00 0.16 0.02 0.00 0.03 0.56 0.00 0.00 0.22 0.01
0.22 0.00 0.01 0.05 0.19 0.44 0.00 0.00 0.04 0.04

V768

0.00 0.67 0.01 0.00 0.02 0.03 0.23 0.01 0.00 0.03

0.06 0.00 0.03 0.03 0.43 0.21 0.03 0.06 0.13 0.03

(10, 10)



Causal masking

[Mwg diaoc@aAifoupe OT11 Ta tokens oT1o self-attention eTTnpealovral yévo arro Ta

TTponyoupeva tokens;
| [SOS] || Before | my | bed | lies | a | pool | of  moon  brght

5.45 -co oo 0o -o0 -00 oo 00 oo oo

4.28 2.46 -0 -00 -o0 -o0 -00 -00 -oo -0

P [ “China” | “Shanghai is a city in” ]
\ J \ J
|

408 622 500 420 572 535 746 355 4.70 -o

643 888 617 365 454 522 551 555 064 138

| 1s0s)-

 Bafore
Y B 17 35 558 - w0 w0 w0 00 .0 o
Next Token Prompt Bl 671 413 676 079 - 00 w0 w0 .0 e
B 543 759 391 614 903 w0 0 0 .0 0o
- s ; o ’ ; B 242 435 755 314 135 757 - 0 0 e

Shanghai is a city in China, it is also a financial center.
L v J \ J BB 33 600 456 052 313 678 900 -0 o e
1
BB 221 372 416 630 066 614 746 677 -0 e
Left context Right context
~ moon
| eright



[Tapaywyr utro TTPoUTTOBE0EIC (OTI TTPONYEITAI)
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XpNoeig
predicted next token(s)

- Sentiment analysis
- The sentiment of the sentence "I like their customer service" is: = Positive <EOS>

- Question answering
- Who wrote the book “lluminati” : = Dan Brown <EQS> <«

- Summarization

_ The only thing crazier than a guy in snowbound Massachusetts boxing up the powdery white stufi = Kyle Waring will Shlp you 6 pOllIldS of Boston-area snow in an insulated Styrofoam box - enough
and offering it for sale online? People are actually buying it. For $89, self-styled entrepreneut for 10to 15 balls. he s: B i live in New Eneland d&i
Kyle Waring will ship you 6 pounds of Boston-area snow in an insulated Styrofoam box — enough or to snowballs, he says. But not 1f vou live in New England or surrounding states.

for 10 to 15 snowballs, he says

But not if you live in New England or surrounding states. “We will not ship snow to any states
in the northeast!” says Waring’s website, ShipSnowYo.com. “We’re in the business of expunging
snow!”

His website and social media accounts claim to have filled more than 133 orders for snow — more
than 30 on Tuesday alone, his busiest day yet. With more than 45 total inches, Boston has set ¢
record this winter for the snowiest month in its history. Most residents see the huge piles of snow
choking their yards and sidewalks as a nuisance, but Waring saw an opportunity.

According to Boston.com, it all started a few weeks ago, when Waring and his wife were shov-
eling deep snow from their yard in Manchester-by-the-Sea, a coastal suburb north of Boston. He
joked about shipping the stuff to friends and family in warmer states, and an idea was born. [...]



EkTraideuon - cwuata KEIPEVOU

2.€ JeyaAa cwpaTta Keipévou OtTTwe To common crawl (386Tb), To refined web
(2.8TDb), 1o pile (886Gb) TTOU TTPOEPXOVTAI OE PEYAAO BaBud atrd 1o web.

* Academic * Internet = Prose * Dialogue * Misc

predict the
next word

USPTO | Phil NIH |OpenWebText2


https://commoncrawl.org/
https://kili-technology.com/datasets/refinedweb
https://pile.eleuther.ai/

Perplexity

MeTpa TTO0O KAAG £va YAWOOIKO HOVTEAO TTPORAETTEI TNV ETTOPEVN AECN O€ HIa
akoAouBia. XaunAoTepeg TIMEC UTTOONAWVOUYV OTI TO JOVTENO €ival TTIO OiyoupO Kal
QKPIBEC OTIC TTPORAEWEIC TOU, EVW UWPNAOTEPEG TIMEC UTTOONAWVOUV PEYAAUTEPN
apeBaidtTnTa Kai XeIipoTePn amrédoaon.

S [

Perplexitye(w1;n) — PG(WI:n>_
1

perplexity range is [1,] Py (len)



[leplexoueva

o Transformers, Attention

e Encoders/decoders

o Pretrained transformers (BERT) kai fine tuning

o LLM overview

o Retrieval Augmented Generation kai Vector
databases



XapakTtnpIioTIKa Twv LLMs oTtnv Tapaywyn Kelpévou

+

MT1TOpOUV va TTapACoUV ATTAVTHOEIC OE UIa €pwTnOon (prompt)
XPNOILOTTOIWVTAG TO CUVOAO TOU KEIPEVOU TNG £pwTNONG (attention)

‘EXOouV eKTTAIOEUTEI O€ £va NEYAAO OCWHPA KEIMEVWYV OTTOTE KABE ATTAVTNON TTOU

TTaPAyYouV gival KAAOYpPAUPEVN

ExtraidevuovTal pia opa o€ €va apXIko dataset kal utropei va pnv £xouv
ouyxpovn yvwon

Mapdayouv weudry aAAG aAnBogavry yvwon (hallucinations)

Xpeialovtal fine-tuning yia va TTpoocapuocTouv o€ KATTolo task, aAAG TOTE
MTTOPEI va ¢exdoouv OTI yvwplidav



Few shot prompting

e 2710 idI0 pag 1o prompt Tpog 10 LLM divoupe TTapadeiyuata yia TIG ATTAVTIHOEIG
TTOU TTEPINEVOUE

174 Classify the sentiment of the following sentences:
1. "l love this product!" => Positive
2. "This is the worst movie I've seen.” => Negative
3. "The restaurant service was amazing." => Positive
4. "l will never buy this again." => Negative

Now, classify the sentiment of: “The vacation was beautiful.”

Based on the examples provided:

Classify the sentiment of: "The vacation was beautiful.”



QA pe xpnon LLM

124 who is the President of Syria?

< 4/4

@  The current President of Syria is Bashar al-Assad. He has been in office since July 17, 2000. <:| Xw plg CO nteXt

IO POy

asnwer the following question by also using the following content.

content:

Just weeks ago, Syrian rebels succeeded in overthrowing Bashar al-Assad's regime, putting an end to a
13-year-long war. The long-standing ruler of Syria fled to Moscow, where President Vladimir Putin
granted him asylum, marking a clear sign of .........| | for his horse-riding skills and his success with
women.

question:

who is the President of Syria?

ca nce' @

@  The current President of Syria is Bashar al-Assad. However, just weeks ago, his regime was
overthrown by Syrian rebels, ending a 13-year-long war. Bashar al-Assad fled to Moscow, where he IJ 8 CO ntext

was granted asylum by President Vladimir Putin.



QA with Retrieval Augmented Generation

EPWTNUC

.

e e | -
Context:

*(Context)®

Answer the following question: *(Query)*
Embeddings
Prompt
Template

Search

Store

Embeddings

Top-K
Vector DB Context

? TTEPIEXOUEVO

e

aTmrdvTnon



Sentence embeddings with BERT
Single vector with 768 dimensions

Mean-Pooling: take the average of all the vectors

e ettt

Output of the Self-Attention: matrix of shape (13, 768)  s——p>

Input of the Self-Attention: matrix of shape (13, 768)

Input (13 tokens): Our professor always gives us lots of assignments to do in the weekend.



Sentence BERT

Target (Cosine Similarity)
Eival éva 8ikTuo a1rd TO Loss \MSE) Mean pooling, max pooling 1j

OTTOIO TTEPVANE OTN OEIPA _ 1 10 embedding Tou CLS token
, , Cosine Similarity
TIG OUO TTPOTACEIG

Sentence Embedding A

Sentence Embedding B

Siamese Network

Pooling Pooling

Same architecture
*| Same parameters™=
Same weights

Sentence A

Sentence B

= Y

“My father plays with my me at the park”

“I play with my dad at the park”




Vector DBs

e ’'Evac tUTTOC Bdoncg dedouévwy TTou aTToOnKeUEl Kal diaxelpieTal dilavuoparta
(vectors) yia Tnv uTtTooTAPIEN avalnTroewy Kal avaAuoewy o€ dedopEva UWNARG
diaoTaong.

e EIOIKG oxedlaouEVN VIO EQAPPOYEC HNXAVIKAC HABNoNC Kal TEXVNTAS vonuoouvng,
OTTOU N avalnTnon TTAPOUOIWY OTOIXEIWV €ival KPIoIun.

e Emtpétrel ypriyopn avalntnon Kal avaktnon TTapouoiwy OTOIXEIWV JEOW
aAyopiBuwyv otTwg k-NN (k-nearest neighbors).

o Ecpapuoysg

Emeepyacia PuoikAg MNwooag: XpAon o€ JoVTEAa YAWOOOG yIa TRV avayvwpeion Kal
KATNYOPIOTTOINON KEIMEVWV.

o ZuoTtdoelg MNpoidviwv: XpnOoIUOTIoIEITalI 0€ CUCTANATA CUCTACEWYV YIa TNV TTPOTACT TTAPOUOIWYV
TTPOIOVTWYV OTOUG XPNOTEG.

o Eikdéveg kal MoAupéoa: AvaAuon Kal avayvwplion €IKOVWV HECW XAPOKTNPIOTIKWY TTOU attofnkeuovTal
w¢ dlavuouara.



Avadlntnon yia kNN

e 'EXx&I Tn YEYIOTN akpifela (precision)
e ATtraitei ouykpion pe OAa Ta dciyparta otn Bacn (0Ad. O(N*D) yia D diaoTaoeiq)
Kal UTTOAOYIOMO TT.X. TOU cosine similarity

e 2UVNOwWG Pag evolapEpel va Exoupe peyalo recall (va evrotriooupue OAS OAa Ta
OXETIKA OEiypaTa), KABWC PETA UTTOPOUME VO UTTOAOYIOOUUE TO cosine
similarity ye auta ka1 va atroppipoupue Ta false positives.



Hierarchical Navigable Small World (HNSW) Graphs

e Eival yia yéBodog avalntnong TTou XPNOIKOTIOIET IEPAPXIKA DIAXEIPIOIMA MIKPA
UTTO-YPAQPHAMOTA VIO TNV OTTOTEAECUATIKA EUPEDTN KOVTIVWYV YEITOVWY (nearest
neighbors) oe dedopéva upnAng didoTaong.

e Aoun I'pagriuaToc:
o Anuioupyei gia 1EpapPXIKA OOMN YPA@AMATOC JE TTOANATTAG €TTITTEDA, OTTOU KABE ETTITTEOO
TTEPIEXEI UTTOOUVOAQ TWV ATTOBNKEUUEVWV OTOIXEIWV.
o Kabe kéupocg £xel Aiyoug yeitoveg (topk-most similar o€ €va seed - otn Aoyik Twv small
worlds)
o H emAoyr Tou eITTEQOU YiveTal TuXaia pe BAon pia eKOETIKA KaTavoun moavoTnTac.
e Avalntnon:
O  ZEKIVA OTTO TO AVWTEPO ETTITTEDO KAl XPNOIMOTIOIEL TN dIAXWPEICHEVN KAIJOKAO VIO VA EVIOXUOEI
TNV ammdédoon.
o  XpnoiyoTroigi aAyopiBuoucg 61Twe k-NN yia yprjyopn avakTnon AamTOTEAECHATWV.



Navigable Small World (HNSW) Graphs

—EKIVAUE PE Eva TuXaio sentence Kal KIVOUUOOTE JOVO OTOUG YEITOVES TOU JEXP! VO
Bpouue ToV TTI0 KOVTIVO yeiTova. ETTavalauBdavoupe pe GANo Tuxaio kOupo

\ %o,

01
02
03
04
05
06
07
08
09
10
1
12
13
14
15

...] The Transformer is a model [...]

...] Diagnose cancer with Al [...] =

...] Atransformer-based model [...]

...] The Transformer has 6 layers [...]

...] An MRI machine that costs 1% [...] = “‘ Local best: stop search

[

[

[

[

[
[...] The dot-productis a[...]

[...] Big-Pharma is not so big [...]

[ ‘

[.--] To solve an ODE[...] \
[...] We are aging too fast|...] ] ‘
[...] Open-source models like [...]
[
[
[
[

...] MathBERT: a new model [...]

] Cross-Attention is a great [...]

...] Al to control aging [...]

...] Attention is all you need [...]

L https://www.youtube.com/watch?v=77QHO0Y2PYKg&ab_channel=DataMListic



https://www.youtube.com/watch?v=77QH0Y2PYKg&ab_channel=DataMListic

Skip Linked List

‘EO0Tw paxvouue 10 9. ZeKIvaue atro 1o 10 £TTITTEDO KAl KATERAIVOUNE WOTE VA PNV TTPOCTTEPACOUNE
auTO TTOU WAXVOUUE




Hierarchical Navigable Small World (HNSW) Graphs

> € KOOg eTTiTredO0 €ival

KQl TTIOo sparse o letssearcht @ .,
i . ) ) / Oy ”6907"“" e Layer 3 (sparse)

YPAPOG. ZeKIVAUE aTTd a E— |
TO QVWTEPO ETTITTEDO. .
Bpiokoupe Tov P -2 ‘O e Layei?
TTANCI£0TEPO KOURO (ME - _— g

Jd ‘/// i L;"m'b's'.—r-
™ )\oy||’<r] Tou NSW) Kkai S ¢ e — -
KateBaivoupe oTo — 7 ayer
eTTOUEVO TTITTESO OTOV PO
IO 0% %O o
id10 KOuPoO. —= — @9

Layer O (dense)



