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Neupwvika AikTua Kal n avatrapaotaon Je apiOuouc

‘Eva Baciko xapaktnpPIoTIKO TwV NEUpWVIKWY
AIKTUWV TTOU Ta d1A@POPOTIOIE] OTTO AANEC TEXVIKEC e s
gival 011 ouvdualouv ypapuIKA GAyERpPa Kal

OTATIOTIKN.

AUTO Ta TTEPIOPICEl OTO va dEXOVTAl OTNV £&I0C000
TOUG MOVOo apiBunrtika dedouéva kai va divouv
ETTiIONG oTNV £€€000 APIBUNTIKA dEDOUEVA.

2 UVETTWG OI AECEIC TTPETTEI UE KATTOIO TPOTTO VA
METATPATTOUV O€ ApIBUOUG



Ap1BunTikA (dlavuopaTikn) avarrapacTaon kar embeddings

One hot vector
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Custom embedding (LSA)
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Embeddings = Nukvr) diavuopaTIK avatrTapaoToon

- ExkmTaidevoupe €va vEUPWVIKO TTAVW O€ TTOANG KEiJEVA ue OTOXO va PABel pia
TTUKVI] OIaVUOUATIKA avaTtrapdoTaon (ME Aiya undevika) yia KABe AéEn n
TTPOTOON

- Baoildpaote 01O YEYOVOC OTI pIa AéEN epgavideTal ouxva oTo idlo TTAdiolo
TTEPITPIYUPIOUEVN OTTO AAANEC AECEIC

- Word embeddings: Alavuouata otaBepou pikoug yia Kabe Aégn. Word2Vec:
Skip-gram, CBOW, GloVe, Fasttext

- Sentence Embeddings: AlavuopaTta otaBepou prkoug yia KGBe TTpdtacn o€
éva Keipevo. Doc2Vec
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[Mw¢ paBaivouue autd Ta embeddings
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CBOW (Continuous Bag of Words) model: To ) e W e v e
TTEPIEXOUEVO MIAG AECNG TTPETTEI VA JE A

“Teachers teach their students at school and it’s really cool”
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CBOW (continuous bag of words)

V 5 x 1, Oone hot vector of “Hope”

V : x 1, one hot vector of “Set”

Hope can setyou free.
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Skipgram

One hot vector in:

The probability of a predicted word occurring given a center word:

P (predictedW ord,,|centerWord)

Activation function:

softmazx (predictedW ord, ) =

HpuE sonl) lookup table of word
embeddings
D [word]
. [word]
N [word] e
- [word] — 1
1 \ [word]
0 These are the weights, they are
— randomly initialized.
V*1 V*N

~

N*1

Projection layer (transposed
embedding)

/

(,dat(pr('(li(‘t('dl Vord,,, centerWord)

epredicte dWord,,

l

N*V

Embedding/weight
vectors for each
corresponding word

output

V*1

Z epredictedWord,
]

P One hot vector out

predictedWord_(i-2)

predictedWord_(i-1)

predictedWord_(i+1)

predictedWord_(i+2)

rhe weight vector is actually w
V: # of words in the corpus, N: # of values in our vectors hecomes your word embedding!

*Backprop from here*

- Z edot(predictedWord,, centerWord)
i

The softmax
activation
normalizes the
outputs as a
probability
distribution. This
means a
percentage is
associated with
each predicted
word.



Skipgram
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We compare the
predictions and the
actual to find the loss.
We use this loss to
calculate the gradients
and conduct
backpropagation.

Loss function;

Loss = — Z words; * In (targetWords;)



CBOW vs Skipgram

CBOW Skipgram
o [IpoBAétrel TNV evdiGueon AéEN ye BAon TIG o [IpoBAétTel TIG AEEEIC TTOU TTEPIBAAAOUV UIa
AECeIC TTOU TNV TTEPIBAAAOUV Soopévn A&En

e [priyopo oTnv eKkTTaideuaon Kal
Self-supervised

e Meiwvel onuavTika TIG dIACTACEIG TOU
XWPOU

e [Tio KaAd o€ oTTAvVIEC AECEIC

e Agv dlaTnpouv KaBoAIKr) TTAnpogopia
e Agcv dOUAEUOUV YIa AYVWOTEC AECEIC
e Agv AauBdavouv utréywn TO TTEPIEXOMEVO



Global Vectors (GloVe)

e XpnoiyoTroiei ws Baon €va term co-occurrence matrix TTou £xel TTPOEABEI ATTO YIA KEVTPIKI
oUAAoyn KEINEVWV

e [lavw og autd uttoAoyidel av pia Aégn ival o TBavo va egeavioTei oTo €va ) oTo GAAo context

e To eowTePIKO yIvOPevo Twy embeddings dU0 AECewy TTPETTEI VA €ival avTioToIXo Tou ratio

probability
Probability and Ratio | k = solid k = gas k = water k = fashion
P(klice) 19x107* 6.6x107° 3.0x107% 1.7x1073
P(k|steam) 22x10°5 78x107% 22x10"3 1.8x10°%
P(klice)] P(k|steam) 8.9 8.5x 1072 1.36 0.96

To solid €ival 1o oXeTIKO e TO ice TTapd ue To steam (ratio>>1)

To gas eival Mo OXETIKO pE To steam TTapd ye To ice (ratio<<1)

Ta water gival §ioou oxeTIKO PE TO ice Kal To steam (ratio~1 kai o1 eMPEPOUG TTIBAVAOTNTEG EiVal GNUAVTIKEG)
To fashion gival doxeTo kai pe Ta dUo (ratio~1 kai o1 emuépoug mOavoTnTeg <<0)



ExTraidsuon

[a va ekTTaideUO0OUPE XPNOIPMOTTOIOUUE Celyn AECEWVY aATTO TA Keipeva (QTTo To idlo
context), aAAG kal negative samples ({euyn AéCewv atTO SIOPOPETIKA KEIPEVA).

[MpooTraBoupe va eAaXIOTOTTOINOOUE TIC DIAPOPES JETACU vector embedding dot
product kai probability ratio.

A
min ZQ(VG' =M = C(j)

min Z (Vi Vj + by + by + log(Gj )

Word bias / \Context bias
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Sentence embedding

e Bpiokoupe éva diadvuopa yia pia TpoTaon (Sent2Vec) i yia Eva KeEigevo
(Doc2Vec)

e Oa pytTopouce atrAd va gival o JEooG 0pog OAwV Twv word embeddings TnG
TTPOTAONG

® 2¢& KAOE TTEPITITWON CEKIVANE PE Ta TTPO-eKTTaIdEUNEVA word embeddings
(Word2Vec j GloVe)

® 21N OUVEXEIQ XPNOIYOTTOIoOUNE Ta sentence embeddings yia va €TIAUCOUE
Katrolo task (classification, clustering kATT).



ExTraidsuon

KaBe trpoTaon (Trapaypa@og)
XPNOIMOTTOIEITAl WG EVAG ETTITTAEOV OPOG
MTTPOCTA ATTO TIG UTTOAOITTEG AEEEIC TNG
TTPOTAONG KAl ETTAVAAQUBAvouue To next
term prediction task (Distributed Memory
Model)

n
KaBe tTpdTOON XPpNOIKMOTIOIEITAI VI VO

TTpoBAEWouple TIC Aé€elg TNG (Distributed
BoW)

Classifier

Average/Concatenate 011Im
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Recurrent Neural Networks - Long Short Term Memory

t @ ® ® ®
® f 1
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drove my high speed vehicle 0.59
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- O1 TTponyoUuEeVEG (1] Ol ETTOUEVEG) AECEIC ETTNPEAZOUV TNV KABE AECn

timesteps

Hidden
state
vector

- Kartroleg AéEeIg Oev £xouv PHEYAAN €TTIPPON KAl UTTOPOUNE VA TIG EEXVAUE, KI £€TCI UTTOPOUNE VO

pMaBaivoupue atrod peyaAuTepeg akohouBicg (LSTM - learn to bypass and forget)

- Hevdidueon avatrapdoTaon TTOU TTPOKUTITEI UTTOPEI VA XPNOIMOTTOINBEI yIa AAAEC aKOAOUBIEC

(yAwooecg 1 modalities), kai va aglotroinBei o ueTGPpacn
conduit mon véhicule a grande vitesse
0.93 ? Cf) Cfa @ @

0.61

IQEQ‘ R




https://jalammar.github.io/visualizing-neural-machine-translation-mechanics-of-seq2seq-models-with-attention/

22


http://www.youtube.com/watch?v=B1NKdd3Oj88
https://jalammar.github.io/visualizing-neural-machine-translation-mechanics-of-seq2seq-models-with-attention/

Seq2seq models

- Exmraidevovral pe TToAAG eUyn TTPOTACEWV

- TMapaAAnAeg TTpoTacelg o€ 2 YAwooeg: MeTappaoTng

-  Epwrtnoeig kail amraviioelg: Question Answering system, Chatbots

- Hxnmka/Bivreo kai uttdTITAOI: Speech recognition, image/video
captioning

- Keiyeva kal ol TrepIAWYEIG: Summarization Decoder

- Keipyeva kal TTapag@pacelc: Paraphrasing
20000

Encoder

> > >l + ‘ Encoded
Vector

23



Bi-directional sequence models (BILSTM)

He said , " bears|are on sale!"

not part of person name

He said%oosevelt was a great President "

part of person name

R N
‘4 A le+—ATle—I A« A le—5)

e




O1 mrepiopiopoi Twv RNN, LSTM & GRU

Agev utTOpOUYV Va XEIPIOTOUV (VO BuuouvTal) HEYAAEC akoAouBieg
Aev TTapaAAnAoTrolouvTal: TTPETTEI VO OAOKANPWOEI OAN N €ic0d0¢ WOTE Va

CEKIVIOEI N ££000C¢

Evw n ocipd pye TV otToia €pxovTal ol AECEIC €xel onuaacia, Ba BEAaE va TNV
KWOIKOTTOIOUME XWPIOTA yia KABe AEEn. Na kwdikoTtrolouue Tn B€on NG AEENG

oTnV TTPOTACN

Why

Transformers

are better than |LSTMs

70

Why

f)

LSTMs|are better than [Transformers |7

Encoder

0.61

0.59
0.46

0-93] Decoder | > They use self-attention .

|

0.16
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H €vvolia Tn¢ TTpoooxNnc - MNapdadeiyua

[The animal]didn’t cross the street because|it|was too tired.

The animal didn’t cross [the street|because it was too wide.
uaTd(ppacn@

L'animal n'a pas traversé la rue parce qu’

il était trop fatigué.
/
\

elle était trop large.
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H €vvolia Tn¢ TTpoooxNnc - MNapdadeiyua

The animal didn’t cross the street because it was too tired.

The animal didn’t cross the street because it was too wide.

@ [Mpoooxr o€ dIAPOPETIKEG AECEIC

The
was
too
tired
The
animal
didn’t
cross
the
was
too
wide

The
was
too
tired
h
didn't
cross
the
was
too
wide

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N, ... & Polosukhin, I. (2017). Attention is all you need.
Advances in neural information processing systems, 30. https://arxiv.org/pdf/1706.03762.pdf
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https://arxiv.org/pdf/1706.03762.pdf

Why Transformers are better than LSTMs ?

Why Transformers are better than LSTMs
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Word embeddings

KGBe dilaoTaon XPNOIMOTIOIEI TO NUITOVO

positional encoding

(1 ouvnuitovo) Tng Béong

They combine word embeddings with positional

encoding (meaning+position)
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