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T Oo akovceTe orjuepOL

Avatpopoootovueva veupwvikd oiktva (RNNs).

2tofayueva (stacked) ko o1mAng katevbovvonc
(bidirectional) RNN:Ss.

RNNs pe kead GRU 11 LSTM.

RNNs e avto-npocoyn (self-attention).
Global max pooling.

Katnyoplromoinon AéCewv kot kelwEvav ue RNNSs.
Nevpaovikd YAOGGIKA LOVTELQ.



Emotpo@n otnv eCoymyn TANPOQOpILOV

THIS AGREEMENT is made the 15th day of October 2009
(The “Effective Date”) BETWEEN:

ARTICLE III - PAYMENT - FEES

During the service period monthly payments should occur. The

(1) Sugar 13 Inc., a corporation whose office is at James House, estimated fees for the Initial Term are £154,800.

42-50 Bond Street, London, EW2H TL (“Sugar”);
ARTICLE IV - GOVERNING LAW
(2) E2 UK Limited, a limited company whose registered office is

at 260 Bathurst Road, Yorkshire, SL3 4SA (“Provider”). This agreement shall be governed and construed in accordance with

the Laws of England & Wales. Each party hereby irrevocably
submits to the exclusive jurisdiction of the courts sitting in Northern

RECITALS:

A. The Parties wish to enter into a framework agreement which

will enable Sugar, from time to time, to [...]
B.[...]

NO THEREFORE IT IS AGREED AS FOLLOWS:

ARTICLE I - DEFINITIONS

London.

IN WITNESS WHEREOF, the parties have caused their
respective duly authorized officers to execute this Agreement.

BY: George Fake
Authorized Officer
Sugar 13 Inc.

BY: Olivier Giroux

CEO
“Sugar” shall mean: Sugar 13 Inc. E2 UK LIMITED
“Provider” shall mean: E2 UK Limited = || e e i o i o o i o i i -
1933 Act” shall mean: Securities Act of 1933

EvtomiCovtal nuepounvia

EvapEnc/Miéne, owapkera,
cvufairépevol, Toco,

ARTICLE II - TERMINATION
(The “Initial Term”). The agreement is considered to be terminated

in October 16, 2014.

TOPOTOUTES GE VOUOVG,
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The Service Period will be for five (5) years from the Effective Date :
1
1
1
1
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1
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H. XoAxiong, I. Avdpovtoomovrog, A. Miyog, «Extracting Contract Elements», ICAIL
2017, http://nlp.cs.aueb.gr/pubs/icail2017.pdf. 3
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Koatnyoptromoinon keisoov ue RNN (recurrent NN)
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RNN «ZeotmAmpevo» otov xpovo
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lleprocotepa yio tao RNNs

* Exmowdedovior ue avastpo@n RETAO0061 («EEOMADUEVOY).

o T k@0e mpotaon (M TuNUA TPOTAGNC WC KATOLO0 UNKOC), TNV
otvoupe 6to RNN, vtoroyiCovue tic TpoPfréyerg tov RNN,
vToAoYiCovue T0 GVVOMKO o@aina (loss) Kol gvnuep@vovue
toug wivakee papdv (1.y. W M) ne avaorpoon peradoon.

o 2uvvnbwc kemd GRU 1 LSTM (BA. mapakdtm) 00vAgvovY
KOADTEPO.

o Mmnopovue va pad@ovue kot t1c evOEoergs AéCewv (mivakog E)
KOTAQ TNV OVAGTPOPT LETAOOGT), OV £YOVLE TAPA TTOAAN
TOPUOETYLOTOL EKTTOLOEVGTC.

e To 1010 poviého umopet va ypnowonoindet yio emonueioon
LEPMOV TOV AOYOL, OVOLYVOPLIGT] OVOLLATOV OVTIOTNTOV,
eCaymyn otoryeimv cuopforaimv K.AT.

o T'evikOtepa emonuei®on akKoAovOL@V (.. YOVIOi®V).



RNN language model

Cross-entropy loss

for the prediction of

the next word.

i W contains ~
i alternative (output) :
: word embeddings. :

9

i,

tiv1 Correct prediction for next

word (|V|x1, 1-hot).

Probability :
e 1 distribution (|V|X1)

........... : over the vocabulary. :

......... Shows which words :
01+1 = softmax(W(O)h ) the LM expects to see

next.

Some RNN LMs use
: ETas W), :

i State: vector actingasa

i memory (remembering
: things about the words
: of the input seen so far)

1 hot vector of the i~
: current word. '

>

o~

*
*
*
*
*
“
*

. ¥ The new state (memory) is a
Ex; 1 combination of the previous one
i and the new word embedding.

*
-----------------------------------------------------------------------
*
’0
*

Embedding of the
: current word. '



NevpmVviKQ YAOGOUKA LOVTEAQ
* Mmopovue vo EKTOLOEVGOVUE VEVPWOVIKA YAMGOIKA HOVTEAQ
o€ TEpaoTo copota keymEvoy (Wikipedia, Bipiia, ...).
o Ta YAwootkd HoviEL KTalocvovToL Vo TPoPAETOVY TOGO
mBavn givar | Ka0s AEEN Tov Aedrhoyiov @G emopevn AEC,
000£VTOC EVOC TPONYOUUEVOD (MULTEAODC) KEUEVOL.

O A&V UTUITEITUL YEIPOVUKTIKI] ETIGNUELMGT TOPAOELYUATOV
exmaiogvons. I'vopiCovue mavta t (cwotn) enduevn AEE...

o Mmnopovue va pdbovue Kot Tic evOEoers AE€emv.

o & YEVIKEG YPOUUUEC £TGL EXOVV EKTOLOEVTEL LEYAAN YAOGGIKA
unovtéra (LLMs), w.y. Chat-GPT, Claude, Gemini, Llama...
o Xpnowonoovv oumc Transformers, pio GAAN popen

VELPOVIKOV OIKTO®V, TPO0cOeTn ekmaidgvon (fine-tuning) ue
TOPUOELYNOTA EPOTINCEMV-EMOVUNTOV UTOKPLGEMV K.AT.

o BA. nabnuo «AAAnieriopoon AvOpomov-Ymoroyioti».
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NevpmVviKQ YAOGOUKA LOVTEAQ

* 'Eva ekma1dgupuévo YAMOGIKO HOVTELO UTOPEL VO EKTIUNGEL TOGO
mBavi) givar o okorov0ia AEEe@V/ ypauudtoy.

o ILy. mowo n TOAvOTEPN NETAPPOGT LETAED EVOALAKTIKDOV TOV
TOPAYEL EVOL GLGTNUOL UNYOVIKNG LETAPPOCTG.
o «H xvpépvnon yvapioe and tig evaplers tov 2009 ot n kotaotoon
OVTIUETWOTLIOE TO POOUO THS YPEOKOTIOG. »
o «H xvpépvnon yvapile ano tig evapleic tov 2009 ot n ywpo.
OVTLUETWOTICE TO POOUO THS YPEOKOTIOG. »
o «H xvpépvnon yvapile and tic apyéc tov 2009 ot n ywpo.
OVTIUETWOTICE TO POOUO THS YPEOKOTIOG. »
* IoAamraocralovpue Tic mOavoTNTES (TPpocHETovue Aoyapifovc)
OV O1VEL TO YAMGGIKO HOVTELD OTIC AEEEIS TNS VT00goNC.
P(wy, Wy, ..., Wy) =
P(w;|start) - P(wy|wy) « P(ws|lwy, wy) - P(Wy|wy, ..,wp_q) =
P(W1|l_l>0) -P(W2|ﬁl) - P(W3|E2) - P(ann_l)



NevpmVviKQ YAOGOUKA LOVTEAQ

Default (GPT-3.5)

‘Eva ekmardgvpévo

r 4 m I teach a12 week long Al course. Can you suggest what | should cover per week?
YAMGGLKO LOVTELD -
14 r
Hnopgl Snlcn g Va Designing a 12-week Al course is a great endeavor. Below is a week-by-week breakdown of
4 L4 L4 topics and concepts you could cover. Keep in mind that the course can be adjusted based on
vasxlcgl gva rl ulTS)\'gg the prior knowledge of your students and the depth you want to go into each topic. Here's a

general outline:

KEINEVO (TT.. MUITEAN
TPOTOCT N OLAAOYO).

Week 1: Introduction to Al
* What is Al? History and milestones.
* Types of Al: Narrow (Weak) vs. General (Strong) Al.

AwAEyovtog KdOe popa

* Alin popular culture and misconceptions.

Tnv TCIO nleavﬁ 8“6”8\’“ Week 2: Machine Learning Fundamentals
;\,égn (f] beam SearCh). * Introduction to Machine Learning (ML).

* Supervised, Unsupervised, and Reinforcement Learning.
Ml(l nleavﬁ G\)VéXl("] * Data preprocessing and feature engineering.
SVC,)Q 8pmrﬁua‘c0€ 8{\/(1[ Week 3: Supervised Learning

* Linear Regression.

n G(DGTﬁ andvrncn, * Loaistic Rearession.

o Xpedletor cuvndme Kot Mapdaderypo xpnong tov ChatGPT (https://chat.openai.com/).

. , To ChatGPT ko wapopoto LLMs ypnoipuonotodv
mpocOETN EKTAIOEVON e Transformers, avti yio RNNs. Ilegprocotepa oto pnddnuo

EPOTNNATU-ATOVTOELS. «AMMAeNidpaon AvOpOTOV—YTOLOYLOTI. 10
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RNN e KeM GRU (mpoarpeticn perén)

El. Candidate new history (o denotes pairwise multiplication). :
i For7; ~ 1, same as the Ei of a simple RNN cell. For 77} =~ 0,
: forgets h;_4 and considers only the current word embedding.
@ { New history. For Z; ~ 0, same |
t as h;. For Z; =~ 1, ignores h;
w6 = softmax(W(o)h ) i and maintains h;_4 as h;.
W | h “GRU cell:
i \ SN h = taflh(rl 0 W(h)h 1+ Ww®g, )
........ —>‘
w hi = Zj o hl 1+ (@ —=2Z)o hl
Rz a(WORy + UDE)
R iz oW Oy + UOG)
E ] ........ s _ .......................... . i LSTM cells are similar,
° ! Reset gate (o 18 the : 5 5 Update gate. i but with more gates. Sce :
xl . Slngld funCtlon) _ S asEssEsEEsEEEEsEEEEsEEEEEEEEEs http //COlah glthUb 10/p0StS/201 :
s EEEEsEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEES o E 5 08 Understandlng LSTMs/ E



Word sense embeddings

(produced by a method that produces dense, sense-specific word
embeddings, then projected to 2 dimensions)

invention conversation Réfiter
venti i
tioeri r magazine
attempt e ldﬁ&q ’
AtEMPL] peathod hrase meaning translatio
cense .\.hg roblem erm Rovels fantasy stars
. reason ?
desire fact man microsoft
relation
. m nals
role talk  glglevision
it video <
) Entry celebration
laundering camera venue calendar constellation
transaction
aftemoon DREe m sun
schedule gtart ars

finance |:|
banking

p%%%sal asterold alaxy moon
planet |9:|

A

money acting advance ,’.‘2".”.“.‘";' ..................................... F

stock cash s.upplyfarm car gear cragiveswitch everse retreat H E

In a context of

secret
curmrency

Most words have multiple &= . e gd financial discussion, '
senses. Word embeddings (a g oé3fns oY grecion i we would like the
single point per word) end up == ULy o embedding of “bank”

being in the middle of the S e, ! to move closer to its

. points that would correspond S St — i financial sense, away
.......r0 their multiple senses.  f = ™! from its river sense. :

Image source: http://www.socher.org/uploads/Main/MultipleVectorWordEmbedding.png
Huan et al. 2012, “Improving Word Representations via Global Context and Multiple Word Prototypes”.
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RNNs states as left-context-aware word embeddings

: Revised embedding of
: the 1% word. Knows
: we are at the beginning :

Rev1sed embedding of
. the 2" word. Knows

We can also treat the i_l)i

i vectors as the memory |
i of the RNN, but in recent :

of a sentence. : i NLP work, it’s easier to
............................................. : theleftCOIlteXt think of them as revised
W :  word embeddings.
“a L e
ho— Ry | h, N hy f—— — h,
‘el 82 ‘00. é>3 é>n
i i gisanactivation
Ebdd """"" fthlSt Embgd(gu}llg of the 2nd 5 : function (e.g., sigmoid). :
mbeddaing o1 the = E ord of the sentence : :
word of theg sentence | ool S More complex update :
............................................. A mechanisms in practice: |
N : LSTM or GRU cells.



Bidirectional RNN (biRNN)

}_ll — <}_12 — }(_13 — i — En — EO
€1 €, €3 en
hy — hy — b3 b— ~ — &,
€1 €, € en
h; = [Ei; Ei] (concatenation)
7{1 D EEEE— 7{2 D EE— (}_{3 —— i — (]_{Tl
€1 € és en

14



Stacked bidirectional RNN

7{&”4—» 7{%1‘) ——p Tl)gL)'_’ RN ‘}_{(L)

T f
L L] |

r@—d rol—J 70— .. 7@
7{&1) D EE— Tl)gl) D E— (]_{gl) D —— C——l (]_{511)
€1 €, €3 2

Each layer revises the word embeddings of the previous (lower) layer. The

embeddings become increasingly more context-aware and also increasingly
more appropriate for the particular task we address...



Token classification with stacked biRNN

Person 0.75
Location 0.05

Person 0.8
Location 0.05
Organization 0.1 Organization 0.1

Person 0.05
Location 0.05
Organization 0.1

Person 0.1
Location 0.8
Organization 0.05
Other 0.05

M

<>

(L)

Other 0.1 Other 0.05 Other 0.8
::E:a—; ' ' t = softmax h b)
Rl 7O f—f FOl——s
7{&1) — 7{;1) ——p 7{;1) —
3 &, &5




Text classification with stacked biRNN

i Compare (via categorical cross entropy) the predicted o to the correct 1-hot distribution
i and backpropagate to adjust all the weights, including the weights of the stacked biRNN.

N N i Global max-pooling creates a
= SOftmaX(Whmax +b ) i single vector containing the
: max per dimension of all the

o o o T (i_{( ) We pass it through a dense

max h( ))  max h( ) max ( A2 : 5

max — y eeey M : layer and softmax (or MLP) to :
obtain a probability per class. :

Qu

>

(]_{(L)<—> (}_{gl‘) — 7{?)‘—’ R ‘]_{(L)

bl !
[ L] |

(i_l)(l) ) ?{(1)4_} 7{(1) —— 1 — 7{(1)




Text classification example: comment moderation

Number of comments per day

8000

A moderation panel assists the

moderators to detect abusive comments, 6000

and leads to quicker publication of non-
abusive comments.

4000

2000

Highlighting suspicious
words using an RNN with

self-attention.

‘F - \ Moder;tion Panel

Go and hang yours;f - - Q o
You are ignorant ~ and vandal ! Stop it ! - Q o
Hello there  try to relax - Q o
Thanks . Please go - yourself . o - Q o

J. Pavlopoulos, P. Malakasiotis and I. Androutsopoulos,, “Deeper Attention to Abusive User Content Moderation”,
EMNLP 2017, http://nlp.cs.aueb.er/pubs/emnlp2017.pdf. 18
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RNN with deep self-attention

; The entire input text is now represented
by the weighted (by a; scores) sum of :
the revised embeddings of its words. | P P R RN

.
.
.
.
. »
---------------------------------------------------------------------------
.
.
s
.
.
.
.
s

We use an MLP (the same at all time-
dense W(*) steps) to obtain an attention score
& softmax

rejection (importance) a; for each word from its
ﬁz probabilty 2 revised embedding h;. We could also

N acceptance . .
2 povabilty i use a single dense layer: a; = W (®h;.
S ettt D S
-.qé.; [} ; — — — =
g H h:EL) th) th) L
reerateateerateateareeateateananeaeeanans : R | R Froverrannnnnnnnns Joeust
mw i Could be the top-level | | [
...."“-.,i I'eVised embeddings Of ‘H&l) 7{51) 'Hg” Q)
2 s “r. | astacked biRNN. | | |
Hello there relax ..."'., ._........................................................................................ i .e 1 P .e : - .é 3 ............ o

J. Pavlopoulos, P. Malakasiotis and I. Androutsopoulos, “Deeper Attention to Abusive User Content
Moderation”, EMNLP 2017, http://nlp.cs.aueb.gr/pubs/emnlp2017.pdf.
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RNN with deep self-attention

The entire mput text is now represented
the revised embeddings of its words. i We pass the weighted sum vector
(pomt) through another dense layer and :
softmax to obtain a probability score for :
""""" each class (here accept, reject). '

-----------------------------------------------------------------------

dense W (9 ettt
& softmax Compare to the correct predictions with a

ﬁz g’;fg:giﬂty i cross-entropy loss and backpropagate to

e adjust the weights of the entire neural
net, including the MLP and RNN(s).

The attention scores a; can also be used to highlight
rnv ¢ the words that influence the system’s decision most.

. You . are - and i vandal !

Hello there relax = =0z 2@ poSsisSeimnisisimnasss

' Thanks ! . ' Please ' go - yourself : . ! it j

Attention MLP

J. Pavlopoulos, P. Malakasiotis and I. Androutsopoulos, “Deeper Attention to Abusive User Content
Moderation”, EMNLP 2017, http://nlp.cs.aueb.gr/pubs/emnlp2017.pdf.
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RNN with deep self-attention

k
.......... hsum = Z athy
.............. =
.................... Pa_RNN(rejeCt|C) — O'(thsum e bp)
@@ @@+ @G-
al? = RELUWDh, + D)
ﬁz wovedity @l = RELUWUDg{!™?) 4 p(-1)
o acceptance
2 Logistic _ Probabilty agl) - W(l)agl_l) i p(1)
é Regression
2 ap = softmax(agl);agl),...,ag))
SR ilt = tanh(Whl’t T Uh(Tt ® ht_l) . iy bh)
........ he = (1—2)©hi—1+ 20 hy
Hello there relax L = O'(Wzilft + Uz ht—-l + bz)

ry = O'(er't -+ Urht—l -+ br)

J. Pavlopoulos, P. Malakasiotis and I. Androutsopoulos, “Deeper Attention to Abusive User Content
Moderation”, EMNLP 2017, http://nlp.cs.aueb.gr/pubs/emnlp2017.pdf.
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BipfAtoypaoio

* Russel & Norvig (4" £€k006T1), EAANVIKT] LETAPPAGCT]): EVOTNTEG
21.6,21.8.2,24.1, 24.2.

o Ta poviéla akorovBioc-ce-axorovbia (evotnta 24.3) ko ot
Transformers (evotnta 24.4) kaAdntoviol 6to padnua
«AMnAeniopaon AvBpawmov-Y moroyioTny.

o H evomra 24.4.1 meprypdoet o GAAN LOPOT) VTO-TPOGOYNG TOL
ypnouonoteital 6tovg Transformers.

o Ocot evolapEpovTol UTopovV va OLoPAGOVY TPOULPETIKA OAOKAN PO
AVTA TO KEPAAULAL.

* BloydPog k.d: evotnta 19.9.2.
o Agv vmdpyovv evOTNTEG Y10 OAN TNV VAN oG TS OdAeEns. T'a tig
e€etdoelc ypeldleTor va EEPETE 0,TL AVAPEPOVV O1 OLOLPAVELEC.

o Oocot evolnpépoval pmopovv vo O PAGoVV TPOOPETIKA OAOKAN PN
v evotnta 19.9.
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Recommended reading

M. Surdeanu and M.A. Valenzuela-Escarcega, Deep
Learning for Natural Language Processing: A Gentle
Introduction, Cambridge Univ. Press, 2024.

o Chapters 10—13. See https://clulab.org/gentlenlp/text.html
o Also available at AUEB’s library.

* Jurafsky and Martin’s, Speech and Language Processing 1s

being revised (3" edition) to include DL methods.

o http://web.stanford.edu/~jurafsky/slp3/

* F. Chollet, Deep Learning in Python, 15t edition, Manning
Publications, 2017.

o 1stedition freely available (but no Transformers):
https://www.manning.com/books/deep-learning-with-python

o 2 edition (2022) now available, requires payment. Highly
recommended. Includes Transformers (in Chapter 11).
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