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Tt Bo akovoeTE GrjUEPL

Metatpont) KEWEVOV GE OLAVOGLOTO YOPAKTNPIGTIKMV.
Katnyoplomoinon keWEVOV pe ammAonc aAyoplOpoug
eMPAETOUEVNC UNYOVIKNG Labnomnc.

Métpa aEloAdyNoNC aAyoplOumy Kot yoplomoinong
KEWWEVOV.

EvO¢oeic AéCemv (word embeddings).
2votadonoinon (clustering) kelwévav 1 AEEewv.



Example: spam filters

our highly successful mult1 — call for papers 9 th european
national company gives you an workshop on natural language
exclusive business that generation ... 1s a subfield of
generates an extra weekly natural language processing
income of up to $ 600 or more that generates texts in human
... anyone can easily make languages from non-linguistic
money ... if you wish to be data or knowledge ... for the
removed from our list ... systems to be successful ...

* Classifying messages in two classes.
— Spam (C = 1), ham (C = 0).
* More generally, n classes.

— Financial news, politics, sports news (possibly overlapping).
— Positive, negative, neutral sentiment (of tweets, reviews).



Spam filtering with supervised ML

examples of positive and negative
messages + correct classes

|

training phase

preprocessing *| learning algorithm
classification
______ function
preprocessing > classifier
Incoming message decision: positive or negative

use (or testing) phase



Text preprocessing

our highly successful mult1 —
national company gives you an
exclusive business that
generates an extra weekly
income of up to $ 600 or more
... anyone can easily make
money ... if you wish to be
removed from our list ...

call for papers 9 th european
workshop on natural language
generation ... 1s a subfield of
natural language processing
that generates texts in human
languages from non-linguistic
data or knowledge ... for the

<money:1, language:0,
natural:0, $:1, adult:0, call:0,
exclusive:1, successful:1,

systems to be successful ...

< money:0, language:1,
natural:1, $:0, adult:0, call:1,
exclusive:0, successful:1,

4

R -
removed:1, generatesil, ...> - rgmoved:O, generates:1, ...>

~ -
S~ N T ==
~~~~~~~~
-~ ’——

-

» Alternatively the features may be word (or n-gram) frequencies,
TF-IDF scores, non-textual information (e.g., attachments, colors).
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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. 6



EmAoyn 10tottov

e [0 woweg AEEeS (1 ppdoelc 1 ...) Ba Eyovue 1OLOTNTES;
— lo Bua: povo AEEelc mov epeaviCovtol TOVAAYLETOV kK QOPEC
oTO TaPOOELY LT EKTTaiogvoNC (TT.Y. k = 3).
— 2uvnlwg mopapEvouy raades AECels (1 ppdoelcn ...).
— Me yiAdoec 1010t TEC: TpOoPANuOTE TEXVTNTOS, 0POOTNTOS KOl
VITEPEPUPROYNS LLE TOAAOVC aAYOpiOLOVE unyavikhc uabnong.
* II6c0 adiCer ke vroynEa 1010TNTA X (T Ximoney);
— C=1 (avemBounto) 1 C = 0 (emBounto).
— I16c0 pewwvetar n afeparotnta pog (evrpomia) yio TNV LU NG
Toyotag petofintg C, av CEpovue TV TIUN TG X;
— Képoog IIAnpogopiag (Information Gain) IG(C, X). BA.
TPOUPETIKA Otapaveleg nadnuatog « Teyxvnt Nonuooovny.

— Yn(xpxouv Kot GAAOL TPpOTOL EMAOYNS/EEYMYNS LOLOTATOV (TT.Y.
x2, avalimon BértioTov vrocvvorov wiothtwv, PCA/SVD).



Example of 1G-selected Boolean features

Wordof X, | P(X;=1) P(X,=1|C=0) |P(X;=1|C=1)
| 0.484105 0.216129 0.828157
$ 0.257947 0.040322 0.538302
language 0.247956  <10.440322 0.002070
money 0.163487 <J0.001612 0372670 >
remove 0.146230 0.001612 0.333333
free 0.309718 0.104838 0.573498
university 0.219800 0.374193 0.022774




Text preprocessing

our highly successful mult1 —
national company gives you an
exclusive business that
generates an extra weekly
income of up to $ 600 or more
... anyone can easily make
money ... if you wish to be
removed from our list ...

call for papers 9 th european
workshop on natural language
generation ... 1s a subfield of
natural language processing
that generates texts in human
languages from non-linguistic
data or knowledge ... for the

<money:1, language:0,
natural:0, $:1, adult:0, call:0,
exclusive:1, successful:1,

systems to be successful ...

< money:0, language:1,
natural:1, $:0, adult:0, call:1,
exclusive:0, successful:1,

4

R -
removed:1, generatesil, ...> - rgmoved:O, generates:1, ...>

~ -
S~ N T ==
~~~~~~~~
-~ ’——

-

» Alternatively the features may be word (or n-gram) frequencies,
TF-IDF scores, non-textual information (e.g., attachments, colors).
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AlyoprBuot emPAenopevnc nabnong

* Auogoouévol ool aryoprOpor empiemopevng
padnong:
— Aopeleic talivountég Bayes, k-NN, Logistic Regression,
ID3, Random Forest, ...
— BA. mpoaupetikd orapaveleg padnuatoc « Teyvn
Nonuoostvn» (https://eclass.aueb.gr/courses/INF153/).
— "Etowueg viAomomoerg, m.y. https://scikit-learn.org/.

— Mmnopovv va ypnciporoinfovv yio KeTnyopLomoincn
KEWREVOV, 0POV HETATPEYOVUE T KELUEVE GE OLOVOGULATA
LOPOKTNPLOTIKAOV (T0.). YOPUKTNPLOTIKA GUYVOTNTOV
AeCewv N yapoktnplotikd TF-IDF).

10
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https://scikit-learn.org/

AEOOUEVH, EKTTOLOEVONC, AVATTTUENC, EAEYYOV

* AEOOUEVO EKTTOLOEVONG (training data):
— Agdouéva 6ta omoio EKTodevETAL 0 AAYOpOUO0C uabnong.

— 20YVA OOKIULACOVE VO EKTOOEVGOVE TOV OAYOP1LOLO GTO
x% TV ogoouEvmv exnaidogvong (x = 10%, ..., 100%).

o AgOOnEVE avVATTUENS/EAEYYOV (development/test data):

— Agdouéva 6ta omoia EAEYYOLUE TNV ETLOOCT TNG
GLVAPTNONG TOV UAOAE, KOTA TNV OVATTLEN/TEMKT] OOKIUY).

— AL0@OPETIKA 0O TOL OEOOUEVO EKTTATIOEVGTNC, OAANL OO TOV
1010 TANOVGUO (1. KPITIKEC 1010V €10V TPOIOVIMV).

* Ilopadctypoato nETPOV aSloroynoNG:

— 0600670 0pOOTNTOS (accuracy): TOGOGTO TEPUTTOCEDV Y1l
TIG OTTOLEC 1 ATTOKPIGT TOL TAEIVOUNTY Elvol GMOGTY).

— Ilocoot0 AGdOovg (error rate): 1 — accuracy.

— Mé60 TETPUy®OVIKO 1] 0TTOAVTO GOALND, OTOV TPOPAETOLLE
TIUN (TOAVOpOUNGN) aVTL Yo Kortnyopla.

11



Evaluating classifiers

* Accuracy (correct decisions/total decisions) 1s not always a
g00d evaluation measure!

o If we have two classes and one 1s much more frequent (e.g.,
80% of instances), a majority classifier that always classifies
in the most frequent class will have an accuracy of 80%!

e Precision of a class:

o How many of the instances classified in the class (true
positives + false positives) are true members of the class
(true positives).

- TP
Precision = Recall = P

IP+FP TP+ FN
 Recall of a class:

o How many of the true members of a class (true positives +
false negatives) are classified in the class (true positives).

12



Evaluating classifiers — continued

+ F-measure: . _ (8* +1)-Precision - Recall

#° B*-Precision + Recall
o Combination of precision and recall (weighted harmonic mean).

o For f# =1, equal importance to precision and recall. (But the
harmonic mean 1s closer to the min of the two values than the arithmetic mean.)

* Averaging precision or recall over n classes:
o Macro-averaging (equal weight assigned to all classes):

. ] & . ] &
MacroPrecision = — Z Precision, ~ MacroRecall = — Z Recall,
n -

n i
o Micro-averaging (frequent classes treated as more important):

7P 7P

— = MicroRecall = —*=

> TP +FP > TP +FN,
i=1

i=l

MicroPrecision =




Precision-recall diagrams

In many algorithms, we can opt for higher precision at the expense
of lower recall, or vice versa by tuning a threshold.

O
O

E.g., in Logistic Regression, classify as spam iff P(C = 1|x) >t

For different values of the threshold t, we obtain different pairs of
precision-recall scores (on test data).

The larger the area under the curve (AUC of Precision-Recall curve, a.k.a.
Average Precision) the better the system. (AP can be slightly different in IR.)

For multiple classes, we can average AP over classes, obtaining Mean
Average Precision (MAP).

Precision
Q Q Q Q
o o N P

Q
ES

e
w

o
S

i i i i i i i i i .
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Recall

(=]
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ROC curves

Instead of Precision-Recall curves, it 1s also common to
plot Receiver Operating Characteristic (ROC) curves.

o True Positive Rate = ——— — Sensitivity = Recall of
- TP+FN
positive class
.po FP TN ege o
o False Positive Rate = =1 - =1 — Specificity
FP+TN TN+FP

= 1 — Recall of negative class
o The larger the AUC (of ROC curve) the better the system.

2

£ 0.6

L

=3 —— NetChop C-term 3.0
= 0.4 —— TAP + ProteaSMM-i
[ - ProteaSMM-i

0.2

| l 1 l 1 l A l |
0 0.2 0.4 0.6 0.8 1
False positive rate 15

Image source: https://en.wikipedia.org/wiki/Receiver operating characteristic#/media/File:Roccurves.png
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https://en.wikipedia.org/wiki/Receiver_operating_characteristic

Word embeddings of business terms

(produced with word2vec, here projected to 2D using UMAP)

. 2011 2007 2000
Il location 2001‘ 1998
B Industry febr“a%vember June 1998
Vectors (points) mmm Company . 10 2
. B Year january 20
y n 2D: — Monith october 1
Number
o
<2’4) Bl Financial term
°(3,2)
nokia
@
singapore erox
X
longoft ebay
.Sydney toyota ype
for .qoogle
Lalifornia lyf®e¥ ® ‘microsoft
2D vector 8 uber  agricultural
mutual chemicals -
o :
.retall Cclectrical
“d firm lease Rachi
cnse , . achinery
" p=Wa commitment A ik technologies
layer . s %auantitative
Shares by dhess® o -
300D vector a liability @ o ter olatility

Word embeddings are
vectors (points), €.g., in
a 300D space.

They capture
relatedness, analogy, ...

WOMAN

MAN/ /

UNCLE

AUNT

QUEEN

KING

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.



https://aclanthology.org/2021.econlp-1.2/
https://aclanthology.org/N13-1090/
https://www.youtube.com/watch?v=6BPl81wGGP8

Word sense embeddings

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

invention conversation Réfiter
— varide idﬁgﬁr magazine
AUEMPL! psathod hrase meaning translatio
N, broblem — Rovels  fantasy stars
_ sense reason ’
desire fact man microsoft
relation m
- nals
role talk  glglevision
titl video )
) Entry celebration
Iaungenng camera venue calendar constellation
transaction cast tapeﬂash aftemoon oracle
schedule . mars  Sun
finance |:| string drygss lan start asteroid
banking . keyboar: Po

proposal alaxy moon
3 planet |9:|
A
ook MOV machine - dv§"°f gncount
stoc approach_| r
cas SUPPIYarm, car gear cragfliveswitch reyerse etrea altasky
.

secret
curmrency

Most words have multiple & _ : In a financial discussion, we
senses. Word embeddings (a i, s Wi - would like “bank” to move
sing.le ppint per word) end up e a ﬁ closer to its financial sense,

being in the middle of the W, Wi away from its river sense.
points that would correspond § @ "™ i \We’|] address this problem

to their multiple senses. | st i later (e.g., with RNNs)

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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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).

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

— EvaAloktikd pmopovue va pabovpe (1 vo TpOTOTOI|GOVLE)
evOEGEIC AECEMV IE OIKA NOS VEVPMVIKD OIKTV(.
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Kevipoegion evhecemv AECEMV

Mmnopovue va tapoactiicovue KaBe keipevo T (akorlovbia
AECEMV) W1, ... Wy (OC TO KEVTPOELDES TV EVOEGEMV AEEEMV
TOV KEWEVOU:

'H (kaAvtepa) AapupBdvovtog vmoyn tic Twuég IDF tov AéCewv:

S Wi - TF(w;, T) - IDF (w;)

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

Mmnopodue vo KOToTAEOVUE KELUEVO GE KUTIYOPLES
KOTOTAGGOVTOG TO KEVTPOELOT] TMV KELUEVOV.

Oa 00V UE KAADTEPOLE TPOTOVS APYOTEP. ..
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Clustering with k-means

o e
o o =) [ ] e
0 0 0 0 'é\
] [ ] .
o |@
®aa” " 8}'3 0o
step 1 step 2 step 3 step 4

vV Vv Vv °

A\

Start with £ random centroids (one per desired cluster).

Place each instance into the cluster with the closest centroid.
Re-compute the centroids. Repeat until convergence.
Unsupervised learning. Can be made semi-supervised (how?).
Produces hard clusters, unlike probabilistic clustering (e.g., EM).

Tries to minimize the sum of the distances of the instances to the
centroids of their clusters.

May find a local minimum. Sensitive to the initial random centroids.
Restart several times with different initial random centroids.

3uLIAISN[d  SUBIW-3/IIM /310 _IpadIyim ud//:dyy :woy sagew]



Clustering documents and/or words

* We can cluster documents (e.g., their TF-IDF vectors).
o For example, hoping to get a view of their topics.

o More elaborate topic modeling methods (e.g., LDA) exist.

* We can cluster word embeddings.

o For example, to replace words by their clusters in BOW
representations of documents (fewer features).
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BipAloypapio

* [ meprocOTEPEC TANPOPOPLES, OELTE TIC OLAPAVELES TMV
owAECewv 15 — 18 tov padnuatog «Texvnt Nonuooovny.
o https://eclass.aueb.gr/courses/INF153

* Av &yete amo to pddnua s TN 1o PiAio twv Russel &
Norvig «Texyvnmm Nonuocsvvn — Mia cOyypovn
TpocEYYIoT, 41 £kooon, KiewodpiOuoc, 2021, unopeite va
cvuPovievteite To kKePdAaio 19.

* Mmnopeite va cupPovievteite kot tnv 3" £KOOGT TOL
BiBAiov «Speech and Language Processing» twv Jurafsky &
Martin (V6 TpoeToacia), TOv oltifeTon dWPEDV.

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

* IIoAV koA elcaywyn otn Padid nadbnon yo erelepyacia
QLGIKNC YA®Goog eivan 1o PipAio «Deep Learning for
Natural Language Processing: A Gentle Introduction» tov

M. Surdeanu ka1 M.A. Valenzuela-Escarcega, Cambridge
Univ. Press, 2024.

o Ymdapyetl ko otn Piprodnkn tov OIIA.

o AwriBeton eAedOepa TPo-£KOOOT:
https://clulab.org/gentlenlp/text.html.

e Agite TPOAPETIKA KO TIC OLOPAVELEC TOV LUETOTTLYLIOKOV
nadnuatog «EmeCepyacio duvoikne I'Awccacy, mov
KOADTTTOVV TTEPIGGOTEPT) VAN

o https://eclass.aueb.gr/courses/INF210/.

o Metadd dAAmV eENYoLV TMOC dOVAEVEL TO wWord2vec.
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