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Tt Bo akovoeTE GrjUEPL

[Tapdotaon kelwEvov o¢ cdkmv AéCemv (bags of words),
owavoouata TE-IDF.

EvO¢oeic AéCemv (word embeddings).
[Tapdotaon KEWEVOV LE KEVIPOELON EVOEGEMV AECEWV.

Katnyoplomoinon xkewévov ue MLPs kot owovoopoata. TF-IDF
N KEVTPOELON eVOEGEDV AECEMV.

Katnyoplomoinon Aé€emwv ue MLPs ko koAopevo mapdbvpo.

OuoAomoinon pe peimwon Bapov (weight decay), amdppyn
(dropout), oparomoinomn oéounc/emmnéoov (batch/layer
normalization).



Representing texts as bags of words

* Boolean vectors (contain 0, 1 values): which words of a
vocabulary occur or not in the text?

* Term frequency (7TF) vectors: how frequent 1s each
vocabulary word 1n the text?

o Possibly divided by the number of tokens of the text.
 TF-IDF vectors: for each vocabulary word w;, the
vector contains its TF; - IDF; score:

o We want frequent words of the text that are infrequent in
the language to have large values (they are 1mp0rtant)

ID F ] 0g ( ) - ‘ e anaNANRNNARANANRANNNANANAANNRA NN ANNNA N NRNRNRA N NRARNN N RN RN NS ........ :

DF; <. : Number of corpus documents containing w,.

o IDF; (1inverse document frequency) shows how rare w; 1s in
the language. 3



Word embeddings of business terms

(produced with word2vec, here projected to 2D using UMAP)
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Large image from Loukas et al., “EDGAR-CORPUS: Billions of Tokens Make The World Go Round”, EcoNLP
workshop, EMNLP 2021 (https://aclanthology.org/2021.econlp-1.2/). Small image from Mikolov et al., “Linguistic

Regularities in Continuous Space Word Representations”. NAACL 2013 (https://aclanthology.org/N13-1090/). For a
quick intro to UMAP (and t-SNE) check: https://www.youtube.com/watch?v=6BPI§ 1 wGGPS.
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Embeddings of biomedical terms

Table 1 Closest words to the 30 most frequent words of the BioASQ question answering task, using
the cosine similarity of the dense vectors to measure proximity. Relevant (closely related) words are
shown in bold, possibly relevant in normal font, and irrelevant (or misspelled) words in strikeout.
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See http://bioasqg.org/news/bioasg-releases-continuous-space-word-vectors-obtained-applying-word2vec-

pubmed-abstracts
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EvOécelg AeCewv (word embeddings)

 EvOéoerg AéCemv:
— XyeTIKEG AEEELS amekoviCovVTol GE KOVTIVA OLUVOGIOTO.

— Ta dwvdouata cuvnbmg etvor TVKvaA (eAGYIOTO UNOEVIKA), LLE
100-300 owwotaocerc.

— Evo o¢ 1-hot owavoopoata AEEE@V, £yovue TOGEC OLOOTAGELS
060 10 pnEyeog Tov AeCLhoyiov Kol HOvo Hio GUVIGTMOG (OVTH
OV AVTIGTOLYEL GTN CLYKEKPIUEVN AEEN) €lvar pun unoEVIKY.

* Kataokeun evOEéce®v AECEMV.

— Ymdapyoovv gpyareta mov mwapdyovv evOEGES AECE®Y Ao
neyailo copoto KeypuEvoy (m.y. Wikipedia).

— I1.x. Word2vec (https:/code.google.com/archive/p/word2vec/), GloVe
(https://nlp.stanford.edu/projects/glove/).

— EvaAloktikd pmopovue va pabovpe (1 vo TpOmOTOI|GOVLE)
evOEGEIC AECEMV LE OLKA NOS VEVPMVIKG OIKTVA (BA. Topakdtm).


https://code.google.com/archive/p/word2vec/
https://nlp.stanford.edu/projects/glove/

Kevipoeion evhecemv AECEMV

Mmnopovue va tapoactiicovue KaBe keipevo T (akorlovbia
AECEMV) W1, ... W4 (OC TO KEVTPOELIES TV EVOEGEMVY AEEEMV TOV
KEWEVOU:

'H happavoviog veoyn kou 1ic TinéES IDF tov AECemv:

> W; - TF(w;, T) - IDF (w;)

T =
> TF(w;, T) - IDF (w;)

Mmopodue va YPNCLULOTON)GOVUE TO KEVTPOELON MG
OLOVUGUUTO YOPUKTPLOTIKOV TOV KEWWEVOV.

Oa oovue KaAvTEPpOLC TPOTOVS (.. e RNNSs) apyotepa. ..



Single-label multi-class classification revisited

Centroid of word embeddings of the text : Correct output (t; = 1 means the

(X = T) or TF-IDF vector i i single correct class is the j-th one) !
i'::------------------------------------------------------------------------------: '--------------------------------------------------------------:‘-‘-'
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oD = tanh(W(l) 55) “Categorical” cross

oy
: entropy loss at the [ =— z tj log(oz,j)
0(2) = softmaX(W(z)B(l))i current training instance. :




Multi-label multi-class classification revisited

Centroid of word embeddings of the : | Correct output (t; = 1 means the j-th
text (x = T) or TF-IDF vector class is one of the correct ones) :
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0 2) = ) (W(z) 0 (1) ) j=1 i Sum of the binary cross entropy loss for each class. :

‘»
60 = tanh(WWZ) 1=~y 1 log(og) + (1~ t)log(1 ~ 0z))



Avoyvmpion OVOLATOV OVTOTITOV

C = person

C=location C= other C = other
VN AN
" AVTG

AOnva 3/12/2008 : O K TOVOTOLAOG AVEAUPE YEVIKOC
otevBuvtnc ™ General Company EALNGC ( http://www.gce.gr ) .
H GC meprhopfPavetor ST LEYRADTEPES ETOUPEIEC TOV YDPOV TWV
KOTOSKELOV , Le aKkygdapiota §oooa 4 o . to 2007 .

/

C = organization C = date

"

Epyoiero0nkn Python yio eMinvikd keipeva (avayvopion ovVoOUAT®V OVTOT TGOV,
LEPDV TOL AOYOV, LOPPOAOYIKT] KOl GLVTAKTIKT avdAvon, puetatponty Greeklish og
EAANvikd): https://www.arxiv.org/abs/

IHoAvylmooeg epyarerodnkes E®I': BA. m.y. https://spacy.io/,
http://www.nltk.org/, https://stanfordnlp.github.io/stanza/.

10


https://www.arxiv.org/abs/
https://spacy.io/
http://www.nltk.org/
https://stanfordnlp.github.io/stanza/

Kotnyoplomoinon AECEMV (token classification)

* AvVOyvmplion OVORAT®OV OVTOTITOV.

C = other (GAAN AEKTIKT) LOVAOQ)

C = person (AEKTIKT] LOVAOO OVOUOTOC TTPOGMTTOV)

C = organization (AEKTIKT] LOVAOO, OVOLATOC OPYOVIGLOVG)
C = location (AexTiKn] Lovaoa ovouotog tomofeciog)

C = date (AekTiKn povdoo nuepounviag)

O O O O O O

e Avayvopion HEPOV Tov Aoyov. o kdbe AEEN:
o Katnyopisc: C = apOpo, C = pnua, C = gnibero, ...

o Hopadsiynoto EKTALOEVONS: TEPITTOCELS EUPAVIOTG
apOpwv, pnuatwv, ETBETOV K.AT. UE TIC TIUES TOV 1O10TNTOV.

* TToAAEC GALES EQUPUOYES GE EMCTUEIMGT) OKOAOLOLWV:

o ILy. yoviolmv, evoeiiewv aronTipov.
11



ECaymyr oTolyeimv GUUEOVITIKOV

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

“Sugar” shall mean: Sugar 13 Inc.
“Provider” shall mean: E2 UK Limited
1933 Act” shall mean: Securities Act of 1933

ARTICLE II - TERMINATION

The Service Period will be for five (5) years from the Effective Date
(The “Initial Term”). The agreement is considered to be terminated
in October 16, 2014.

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
E2 UK LIMITED

EvtomiCovtal nuepounvia
Evapinc/mMmicne, owapkera,
ocvufariopevor, 0G0,
TOPOTOUTES GE VOUOVG,
aPUOOL0 OLKAGTI|PLO. K. AT

2017, http://nlp.cs.aueb.gr/pubs/icail2017.pdf .

H. XoAxiong, I. Avdpovtoomovrog, A. Miyog, «Extracting Contract Elements», ICAIL
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Katnyopiomoinon ké&soov LLE KLAOUEVO TTapABLPO

‘Q
‘$
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yesterdayl language announced 'that
----- :----“““--------_; 1-hot dravoepata (|V|x1) tov
"1 01 074" i AéEgav Tov mapadvpov. |V] 1o i
0 0 0 ueyebog tov Aerrhoyiov (m.y.
0 { 0 : V| =200.000).
Yi-1 =g K=o X1 = | e,
:  EvOécsaig (dX1) tov Aéemv
0 0 1 i 1oL mwapaBvpov. d 1o TAnbog
s it QLG TAGEQV TOV EVOESEOV
1.8 17 2aye 227 b ke 7 300).
23 —3 3.8 T
. _|-14] 5 193] . | 12| E:mwivakag (dX|V]) mov mepiéyst
Ci-1= 1 37 | T [51] €+t T |64 : T1g evBioeig Ohov Twv AéEewv Tov |
xgﬁlkoylov G c‘mksg Torte:
—1.1- -3.9- - 7.1 €i—1 = EX;_4, € = EX;,




Katnyoplomoinon AéEemv ue KOAOPEVO Tapabvpo

1 hot dwavdopoto ToV EvOéoeig tov Aélemv | i Tooth ££0d0g (katnyopio :

: MéEemv TOL TapadHPOL TOL TaPadvPOL i 1 A&&ng) g 1-hot dtdvucpo
II==I llllllllllllllllllllllllllllllllllllllllllll ‘;;:.‘ lllllllllllllllllllllllllllllllllllllllllll . .':::::::::::::::::::::::::::::::::::::::::::::::: llll :.l-l.

::_“‘ ---------------------------------------------------- CrOSS entropy lOSS .

AN E L ~ 7 =A1:2£/Ogv 8‘2&%”%;%’3&“ i l0odbvopa LeyioTonoino i

iXj—1—> €j_1X {§ =§ yial owoq)(xvewg

* €r1 6 =tanh(WDE) 3@ = softmax(W @sD)
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Katnyoplonoinon AéCewv e KUMO HeVo mapabvpo

: 1-hot Sravdopata oV i i EvBéoeig Tov keé‘asoov
: ACewv Tov Tapabvpov i : TOL TaPadvPOL '

*e
“ . -n
*
*
.
*
*
.
“
.

YmoT £€000¢ (Katnyopio, i

AEENC) ¢ 1-hot Swwucsuoc

Cross-entropy loss:
10081)\/(1 o HEeYLoTOTOINo
Tl (xv0(p(xvatag

€i_1 dLoss dLoss
AN 950 360

(2)
ow dLoss
ow (2)

—  €i+1 'H oc ypagpog vroroyiopnov:

dLoss dLoss
03® 95




Katnyoplomoinon AéEemv ue KOAOPEVO Tapabvpo

1 hot dwavdopoto ToV EvOéoeig tov Aélemv | i Tooth ££0d0g (katnyopio :

: MéEemv TOL TapadHPOL TOL TaPadvPOL i 1 A&&ng) g 1-hot dtdvucpo
--==- -------------------------------------------- ‘;;:.‘ ------------------------------------------- " .':::::::::::::::::::::::::::::::::::::::::::::::: ---- :.--l.

::_“‘ ---------------------------------------------------- CrOSS entropy lOSS .

AN E L » 5 :AT%Q,O(;V 8‘2&%”%;%’3&“ 11 10000V HEYIoTONTOINO

EXj_1— €j_1X _' : =§ il (xvocp(xvetag

> €41 oW =tanh(WPg) @ = softmax(W(z)o(l))

i MoBaivoope ta Bapn WD, W) 1ov vevpavikod diktdov pe avastpoen
netadoon. Av yovue Tapa TOAAE TOPASEIYIOTO EKTOIOEVONG, LTOPOVLE VO
udBovopue ko g evOéoelg AEEemv, onA. Tov mivaka E ue avastpoen :
neraooon! AALA cuyvd dev Exovue 1000 TOAAG TOPAOELYLLOTO, OTTOTE
uaBaivoovue Tic evBeoelc AeCewv e Eexywprotd epyaieio (m.y. Word2vec).

Mmnopodpe vo ypnoyoTocovpE Kot 6rhoveTepo TaStvounTh (TT.).
AOYIGTIKTC TTOAALVOPOUNGTC) LE OLAVVOUA YOPOUKTPLETIKOV TO €. P 16



Ouaromoinon Papwv (weight decay)

* Onmg otn AOYIGTIKN TOAIVOPOUNGT), AVTL Y10 TO GOAALOL
[(W) umopodpE Vo LEYIOTOTOGOVLE TO:

(W) — /1||W||2—l(w) }\ZWZ

L2 regularlzatlon ( ‘ridge regressmn ’)
OnA. emPBpafevovue voyNE W Le TOAAG pikpd Bapn.
* Ymdapyel £T01 MIKPOTEPOS KIVOUVOS VITEP-EQAPUOYTC.

o ILy. av moA& Bépn W givar ToAd Hikpd, Ol OVTIGTOLYEC
1010TNTEG OVGLOGTIKA OEV ¥PNOLULOTOLOVVTOL. Me MYyOTEPES
LOLOTNTES EYOVUE MIKPOTEPO KIVOVVO VTTEP-EPUPLOYTS.

o 4> 0. H tiun emAéyetor pe 00KIUEC GE OEOOUEVA ETIKVPMOGCTG.

o M mapoariayn, to L1 regularization (“lasso regression”)
YPNOLOTOLEL TN vopua L1, onAadf mpoobiter —A Y1 q|wyl.
Odnyei o mo apord W (ue TolG pndevikad).

17



Dropout

R

SR
SRS
@@ \

Dropout at the input layer. : Dropout at the output of a hidden
; E.g. Parop = 0.2. layer. E.g., parop = 0.5.

021




Dropout

* For each training instance (or mini-batch), we drop
(remove) each neuron of the layer where dropout is applied
with probability pg,.op = 1 — Preep-

o Helps the neural net avoid relying too much on particular
neurons (or inputs). A form of regularization. Works well!
o Gradients also do not flow through dropped neurons.

o Alternative explanation: we train an ensemble of networks,
containing all the pruned networks that dropout creates.

* During testing, we multiply the output of each neuron (of
the layer where dropout was applied) by pgeep, S0 that the
neuron’s expected output value will be as in training.

o Or we divide the output by pgeep during training instead.

o We don’t drop neurons during testing (only during training).
19



Batch normalization

At each layer, instead of:
m
Sj = 2 Wi,j Xi
i=1
Wwe use:

_;
Sj :;]]_(Sj — ) + b;

* Wj,o; are the mean and std.
dev. of s; in the mini-batch.

* gj, bj are learned parameters
(constant after training).

* @ now applied to §;.



https://arxiv.org/pdf/1607.06450.pdf

Layer normalization

At each layer, instead of:
m
Sj = 2 Wi,j Xi
i=1

g
§=—(s— 1) +b

@ ®(s3) 0 are the mean and std.

* gj,bj arc learned parameters
(constant after training).

* @ applied to §;.

: With dropout, batch/layer normalization, residuals (to be discussed) and other :
: additions, strictly speaking we no longer have an “MLP”. Some people prefer “Feed :
Forward Neural Network” (FFNN), but “MLP” still often used as synonym. '

dev. of s4, ..., S 1n the layer.



BipAtoypaoio

Russel & Norvig (41 €k006T1), EAANVIKY] LETAPPOCT)): EVOTNTEC
21.4.2,21.5.3,21.5.4,24.1.

Blaydpog k.4.: 101eC eVOTNTEG UE TNV TPOTYOVUEVT] OLAAEEN.
Agite ka1 v tpdcOetn mpotevouevn Biproypapio tne 19m¢
OLdAeENC.

[Ieprocotepa yia TV enecepyacio puotknc YAmooac (EPIY) kot
TNV VToAoY16TIKN Opact (YO) uropeite va ndbete 6to nddnuo
«AMnAentiopacn AvOpomov — Yrorloyiot» (8° €dunvo).
A€EITE TPOUIPETIKA KO TIC OLOPAVELEC TOV LUETOTTLYLOKDV
noOnuatwv tov OIIA «EneCepyocio Duoikng I'Aowccacy (IIMX

«Emomun Ynoloyiotovy ko «Avaivtikn Keipévovy (IIMX
«Emommun Asoouévov» (PA. e-class).
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BipAloypagia — cuveyeia

* Ocot evolapépovtal Yo, TNV ETECEPYOSIO PLGIKNG YAMGGOS
(Kol @vng) acilel va peietnoovy otaotokd 1o Pipiio «Speech
and Language Processing» twv D. Jurafsky and J.H. Martin, 2"

gxooon), Prentice Hall, 2008.

— Yrapyer otn Biprodnkn tov OITA. )

— AwatiBetan eAev0epa N VO TpoegToacia 31 Ekooon. BA.
http://web.stanford.edu/~jurafsky/slp3/.

* Mo koA ewcaymyn otn ypnon Pabidc nddnong v
eneCepyncio PLOIKNC YA®Goog eivan To PipAio Tov Y.
Goldberg «Neural Network Models for Natural Language
Processing», Morgan & Claypool Publishers, 2017.

— Yrapyer otn Bipriodnin tov OITA.
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Other recommended resources

e M. Surdeanu and M.A. Valenzuela-Escarcega, Deep Learning

for Natural Language Processing: A Gentle Introduction,
Cambridge Univ. Press, 2024.

o Chapters 5-9.

o https://clulab.org/gentlenlp/text.html
o Also available at AUEB’s library.

 C. Manning’s (Stanford) NLP with Deep Learning course.

o Course material: http://web.stanford.edu/class/cs224n/

o Videos: available on YouTube.

* J. Johnson’s (U Michigan) Deep Learning for Computer
Vision course.

o See: https://www.youtube.com/playlist?list=PL.5-
TkQAfAZFbzxjBHtzdVCWEQZbhomg7r
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