Word embeddings



Tt Ba doupue onuepa

=  Alovuopatikn avarnoapaotoon Ae€swv (word
embeddings)

TSNE Visualization of Book Embeddings Genre
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2TOXOC: ALOWVUOUOTIKN VOt paotoor)
(representation) Aé€swv — kataveunusvn (distributed)
avanopaoTaon

embedding

/
AEEN m—) dtavuopa

dense, low dimension

2TOXOC: TIAPOUOLEC AEEELC -> TtapOopoLa Slavuopata



Napadeypa: 2-6tdotata embeddings
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Embeddings: why?

Machine learning lifecycle
S \QQ@!JM(:

|
1
1
1
Raw Structured M Learning
Data Data M Algorithm
|
1
L e e e e e
<€ >
Feature Engineering Dowhstream
For words: document predlctlon task
occurrences, k-grams. etc Classification
For documents: length, words, Learning to rank
etc Clustering

For graphs: degree, PageRank,
motifs, degrees of neighbors,
Pagerank of neighbors, etc c

Query answering, machine translation



Embeddings: why?

Machine learning lifecycle

Structured Learning

Data Algorithm

Feature Engineering Downstream
prediction task

For docum ength, words, Automatically learn the features (embeddings)

phs: degree, Pag@Rank,
motifs, degrees of neighbors,
Pagerank of neighbors, etc 6



Nwc Ba napoupe avta ta SlovUoUATO;



One-hot vectors

Eotw otLumtapyouv | V| dtadopetikéc Ae€elc (0pot) oto AeELKO paC

w

" Alatdooou e TS AE€elc addaBntika

= AvanoplotoUpe K&Be Aé€n pe éva RIVI¥1 §idvuopa mou éxetl mavtou 0
Kol Lovo €vav 1 otn B€on mou avtiotolxel otn B€on tNg Ag€Nc otn
dlataén

1 0 1
0 1 0

aardvark _ 0 wa = 0 wat=|0 . wZerba _
0 L0 0

= KaBe A&€n €va dladopetikd cUBoAo
" [loAAEc Slaotaoelg (|V| 6oec ol Ag€eLg)
= Kopia mAnpodopia yia opolotnta

o O




Term-Document co-occurrence matrix

Eotw otLumtapyouv |V| dtadopetikeg Ae€elc (0pot) oto Ae€ko pog ko |M |

gyypoda

= Kataokevalovpue eva |V| x M ritvaka pe TG epdavioelc twv Aeéswv ota

gyypoda

= AvamnoplotoUpe kaBe Aén pe éva RIMIXT

Nopadeypa:

dl:abc
d2:adab

d3: acdecaf
dd: beab
d5: abdc a

V] =6, IM] =5

dl d2 d3 d4 d5

1 1 1 1 1

1 1 0 1 1 Word vector
for c

1 0 1 0 1 —

0 1 1 0 1

0 0 1 1 0

0 0 1 0 0



Term-Document co-occurrence matrix

MrmopoUpue avti yia 0-1 va €xoupe to tf i kat to tf-idf Bapog

MNapadeyua: dl d2 d3 d4 d5
a 1 2 2 1 2
dl:abc b 1 1 0 2 1 Word vector
d2:adab for c
d3: acdecaf C 1 0 ) 0 1 -
d4d: be ab
d5: abdc a d 0 1 1 0 1

= [MoAAEC SLOOTAOELG
" [poBANHA KALULAKWONG UE TOV aplOuo Twv eyypadwv
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dl
d2

d3:

d4

d5:

Window-based co-occurrence matrix

Kataokevalouvpe eva [V/[x[V/[ affinity-matrix yia tic Aé€elc: yia S0o
AEEELC, LETPALE TOV APLOUO TwV POPWV TTOU AUTEC oL SUO AEEELC
eudavidovrtal pall o eyypada

JUYKEKPLUEVA, LETPAUE TOV aPLOUO TwV dopwV Ttou KABE AEEN
eudaviletol peoa og eva tapadupo CUYKEKPLUEVOU peyEBoUC yUpw arto
N A&€n evdladEpovtog

Napddetypa: a b ¢ d = f

a 0 4 3 1 1 1

rabc b 4 0 1 1 1 o0
radab

acdecaf C 3 1 O 2 1 O

beab d 1 1 2 0 1 o0

abdc a
e 1 1 1 1 0 0
f 1 0 0 0 0 0

W =1 (o€ anootaon 1)

11



Window-based co-occurrence matrix

=  Kataokevalovpe eva [V[x[V] affinity-matrix yia Tic A€€eLc: petpapLe Tov
apLlOuo twv popwv ntou duo Agelc epdavilovral peca og eva tapadupo
OUYKEKPLUEVOU EVEOBOUC

NE€elc onwce apple, orange, mango, KAt padll pe Aé€elc Onwg eat, grow, cultivate, slice,
KATT KalL TO avamnodo

I like enjoy deep learning NLP flying .

, I [0 2 1 0 0 0 0 0]
Mapadelypa: like 2.0 0 1 0 1 0 0
Em joy 1 0 0 0 0 0 1 0
d1: | enjoy flying. ¥ deep 0 1 0 0 1 0 0 0
d2: | like NLP. " dearming | O 0 0 1 0 0 0 1
d3: | like deep learning. NLP 0 1 0 0 0 0 0 1
flying 0o 0 1 0 0 0 0 1

W=1 0 0 0 0 1 1 1 0 |

= [MoAAEC SLOOTAOELG

12



Oo UTTOPOVCOE VA XPNOLLLOTIOICOUE LA TEXVLIKA
ylo va petwoou e tic dtaotaoelc (dimensionality
reduction) (rty PCA analysis)



Singular Value Decomposition

From dimension d to

dimension r
01 Vq
A=U ¥ VIi=[d, U, - Uyl 02 7:2
Onl [Vv,]
[nxn] [nxn] [*n]

°* 0,2 0,2...20,:singular values (square roots of eigenvals AA", ATA)
e  UyUp, -, Un: |eft singular vectors (eigenvectors of AAT)
e Vv, -V, :rightsingular vectors (eigenvectors of ATA)

= Cut the singular values at some index r (get the largest r such
values)

= Get the first r columns of U to get the r-dimensional vectors



Singular Value Decomposition

Ar best approximation of A

(Frobernius norm) B ar
0,

Q
)

<l
N

A=U T V'=[i, 0,

cl

[nxr][rxr] [rxn]

r : rank of matrix A

0,2 0,2 ... 20, : singular values (square roots of eigenvals AA", ATA)

Cll,ljz,- : -,Clr . left singular vectors (eigenvectors of AAT)

\71 , \72 77"y \7r: right singular vectors (eigenvectors of A'A)

A =0,0,V, +06,0,V, ++--+06,0.V




AN

= AUOKOAO va eVNUEPWOOUUE, TtY, AAAAlOUV OL SLOLOTACELC CUXVA
= Apalog mivako

" [oAU peyaAec SLa0TACELS

Oa doUpE pLa TeXVIKA o Baoiletol o€ EMAVOANTITLKEC
nebodoug



word2vec



2TOXOC: ALOWVUOUOTIKN VOt paotoor)
(representation) Aé€swv — kataveunusvn (distributed)
avanopaoTaon

embedding

/
AEEN m—) dtavuopa

dense, low dimension

2TOXOC: TIAPOUOLEC AEEELC -> TtapOopoLa Slavuopata



word2vec
Elooboc¢ keipeva,

TIPOTAOELC

oz

Google news

dog = (0.12,-0.32,0.92,0.43,-0.3 ...)
cat = (0.15,-0.29,0.90,0.39,-0.32 ...)

chair = (0.8,0.9,-0.76,0.29,0.52 ...)

get a |V|xd matrix W where each
row is a vector for a word




word2vec

= dog
0 cat, dogs, dachshund, rabbit, puppy, poodle, rottweiler, mixed-breed,
doberman, pig

= sheep

o cattle, goats, cows, chickens, sheeps, hogs, donkeys, herds, shorthorn,
livestock

B november

o october, december, april, june, february, july, september, january, august,
march

= jerusalem

o tiberias, jaffa, haifa, israel, palestine, hablus, damascus katamon, ramla,
safed

m teva

o pfizer, schering-plough, novartis, astrazeneca, glaxosmithkline,
sanofi-aventis, mylan, sanofi, genzyme, pharmacia

20



Napadeypa: 2-6tdotata embeddings
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Apple: ppouUTO KaL eTOLPEia

MICROSOFT

IEM

MAMGT

https://www.analyticsvidhya.com/blog/2017/06/word-embeddings-count-word2veec/
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Noapadetypa: EoTw OTL £XOULE TOV T[LVOLKOL W, ntw¢ Ba Bpoupe tnv moLo opota AéEn pe

T0 “dog”?
o

I\//Z/

3 — Luovd thgdd’/% .L

\

61@\)05{31 K\D&T\D QLOC“S dod
rQ_ LCLD?_ Bigm W _9 ’9

zquNl CJ d) W o
cosine( 3 d ) =

23



Ouowotnta/amnootaocn
4
123 §
= Similarity is calculated using cosine similarity: 6

m( ddg, G dog - cat [1(1,2, 3]
sim(dog, cat) = — _
||dogl| || cat||

= For normalized vectors (||x|| = 1), this is equivalent to a dot product:

sim(dog, cat) = dog - cat

= Normalize the vectors when loading them.



TIP: Omou pnopoupe xpnolpomnoloV e MPAEsLe mvakwy. Mot

= Compute the similarity from word Vv to all other words.

= This is a single matrix-vector product: W -v'
d

dog
W V' = similarities
IVIXd dx1

V| x 1
= Result is a | V| sized vector of similarities.

= Take the indices of the k-highest values.

25



N€EN ToLo OpoLa o€ TTOAAEG AAAEG;

“Find me words most similar to cat, dog and cow”.

Calculate the pairwise similarities and sum them:
W-cat+ W-dog+ W - cBw

Now find the indices of the highest values as before.

Matrix-vector products are wasteful. Better option:

W - (cat + dog + cow)



Y€ tponyoupeva pabnpoata idape

Lemmatization
Stemming

N\EEELC ONUAOLOAOYLKA KOVTLVEC



NMwc Bo MAPOUE AUTOV TOV TTLVOLKAL;



Basic Idea

You can get a lot of value by representing a word by
means of its neighbors (distributional semantics)

“You shall know a word by the company it keeps”
(). R. Firth 1957: 11)

oo
One of the most successful ideas of modern
statistical NLP

Context: words that appear in a fixed length window

around the word

government debt problems turning into banking crises as has happened in
saying that Europe needs unified banking regulation to replace the hodgepodge

N These words will represent banking 77

Use the many contexts of w to represent a word
29



Basic idea

Center word
Context words

.. problems turning into banking crises as ..



Baowkn Woea

Mia A&€n mpoodlopiletal armod tic oupudpalopeveg tng AEeLs (context)

& » &
<« > <«

»
|

O kaBnyntng 61dAokeL To LB oToug poLtnTEC Tou otV aibouoa.

-
<

»
»

MNapdabupo (window) =3

Center word

Context word KaBe Ae€n bV avamapaotaoelg: (1) center (2) context
AnAadn, éxoupe 2 |V| x d mivakeg

To center-6lavuopa tnG center Aé€ng mpEMeL va eival opoto e ta context-

Stavuopata (dnAadn, To dbpolopa Twv context Stavuopdtwy) Twv context
AEEewV

Kat mpodavwe To CUUUETPLKO

31



Baowkn Woea

KaBe Ag€n dUo avamnapaotaoelc: (1) center (2) context
AnAadn, €xouvpe 2 |V| x d mivakeg

= To center-dlavuopa tng center A€ENC TIPEMEL va €lval ouoto Ye Ta context-
Stavuopata (6nAadn, to dBpolopa twv context Stavuopdtwy) Twv context
AEEewV

Learning: mopadeiypato KELWEVOU Kal TTpooTtaBoUuE va
«uaBoupe» avta ta dStavuopata (Bapn) — Toucg 2 TIVOKEC

Training examples — fix the matrices to work for them



Word2Vec

Predict between every word and its context words
Two algorithms
1. Skip-grams (SG)
Predict context words given the center word
2. Continuous Bag of Words (CBOW)
Predict center word from a bag-of-words context

Position independent (do not account for distance from center)

Two training methods
1. Hierarchical softmax
2. Negative sampling

Tomas Mikolov, llya Sutskever, Kai Chen, Gregory S. Corrado, Jeffrey Dean: Distributed Representations of Words and
Phrases and their Compositionality. NIPS 2013: 3111-3119

33



Baowkn Woea

Mia A&€n mpoodlopiletal armod tic oupudpalopeveg tng AEeLs (context)

& » & »
<« > <« >

O kaBnyntng 61dAokeL To LB oToug poLtnTEC Tou otV aibouoa.

- »
< »

MNapdabupo (window) =3

o ; , C oy
KaBnyntng 5L60LOI§E£ TO  OToug dpoLTtNTEG TOU

> 7 |
v - @9 22 Slkipge

34



YupBoAlopot



One-hot vectors

Eotw otLumtapyouv | V| dtadopetikéc Ae€elc (0pot) oto AeELKO paC

w

" Alatdooou e TS AE€elc addaBntika

= AvanoplotoUpe K&Be Aé€n pe éva RIVI¥1 §idvuopa mou éxetl mavtou 0
Kol Lovo €vav 1 otn B€on mou avtiotolxel otn B€on tNg Ag€Nc otn
dlataén

1 (0 ] 1 0
0 1 0 0
aardvark _ 0 wa = 0 wat=|0 ce e wZerba _ 0

36




|V| number of words

| | Look up
d size of embedding

m size of the window (context)

Each word is assigned a d-dimensional vector

Learn embedding matrix Z: each column i is the embedding z; of

word i |V|

Z

Dimension/size d —
of the embedding

37



Look up

Encoder is an embedding lookup

ENC() = Z I,

One hot vector I;

One-hot or indicator vector, all Os
but position i

38



CBOW



|V| number of words
d size of embedding
m size of the window (context)

Use a window of context words to predict the
center word

Input: 2m context words
Output: center word



CBOW

Use a window of context words to predict the center word

Learns two matrices (two embeddings per word, one when context,

one when center)
Embedding of the i-th word when

W d , center word
W ; /

i—»\

Embedding of
the i-th word
when context
word

VI

VI

dx |V| center embeddings
|V| x d context embeddings when output
when input

41



CBOW

Use a window of context words to predict the center word

Intuition
The W’-embedding of the center word should be similar
to (average of) the W-embeddings of its context words

= For similarity, we will use cosine (dot product)
= We will take the average of the W-embeddings of the context
word

We want similarity close to one for the center word and close to
O for all other words



CBOW
Given window size m

x(©) one hot vector for context words, y one hot vector for the center word

1. INPUT: the one hot vectors for the 2m context words
x(Ce=m) - ox (e x(erl) | yletm)

2. GET THE EMBEDDINGS of the context words
Ve = Wx©€™ v, =WxC€D y = WxCED v, = WxEtm

3. TAKE THE SUM these vectors (average)

vc mtVc—m+1t" vc+m = RN
2m

Q%)

4. COMPUTE SIMILARITY: dot produce W’ (all center vectors) and context ¥ (generate
score vector z)
z=W'7D

5. Turn the score vector to probabilities
y = softmax(z)

We want this to be close to 1 for the center word

43



ATIELKOVLON KOTOVOLLWV OTIOLOONTIOTE TIUWV OE KOTAVOUEC TILOAVOTATWY

e*i
softmax(x;) = o5
j=1€"

EkOeTIko yLa va eival BeTiko
EvioxVel tTnv miBavotnta tng HeyaAutepng TIUAG (max)
Kamota mBavotnta Kol OTLG ULKPOTEPEG TLUEC (soft)



v E CBOW
@§ ~
— / —
W vwé;( — il dw) \I/V SD—C“Lmay - cewder
d"d*;"‘ ouvrpui \ouyf
E nddun |y

ona - ha
coP\t vogrd

t}'\phk veehwn
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 E.g. “The cat sat on floor”

— Window size = 2

the

cat

on

floor

INPUT PROJECTION QUTPUT

wit-2)

sat

46



Index of cat in vocabulary

one-hot
vector

Input layer

cat

on

oflofofofoflofrfo

ofoflofofrfloflofo

Hidden layer

Output layer

of: [=fel=l=]ofe]<]-

sat

one-hot
vector

47



Input layer

cat

V-dim

on

V-dim

ofocfofjof=lofojoO ofl: Jojojjofofjjojoj=jo

of:

Hidden layer
Wyxa
1%
Wyxa d-dim

d will be the size of word vector

of: [=|=leolol=]=l<]-

Output layer

y = softmax(z)

48



We must learn W and W’

Input layer
0
1
0
0
Hidden layer

cat |2
0 WVXd
0
0

V-dim |0 — ,
H W' nxa

0 —
0
0
1 N-dim
o Wyxa

on
0
0
0

V-dim | o N will be the size of word vector

Output layer

oIE Iplololololololo

sat

V-dim

49



Wyxa
01/|24|16|18|05|09] .. 3.2 . ,
| Contain word’s vectors
Input layer |os|26{14|29/15/36] .. 6.1/
0
1
0
5 0.6|18|27)19|24]|20] .. 12
Xeat g Output layer
0 0
0 WVXd Z
- 0
V-dim |0 — W’ | 0
— 0
| Vxd = sat
0 - 0|
0 1
0 —
1 WVXd 0 V-dim
. Hidden layer
on 0 .
5 d-dim
0
V-dim | o

We can consider either W (context) or W’ (center) as the word’s representation.
Or even take the average.

50



T —
Wyxa X Xcat
01|24|16|18|05|09| .. | .| .. |32 [ 0 |
Input layer 45|26/ 14]20[15/36] .| .| . |61
0 x o] =
1 [ 0 |
0 [ 0 |
5 06|18|27|19|24|20] .. | | .. |22 o
Xeat fm %7’ o
0 /-l,. n
0 th >
V-dim [0 Car |-
" — 1,} — Vcat + Von
= 2
0 A\ -
g z
0 \
1 +*‘0
0 Hidden layer
Xon |= \!\ﬁ]+° y
5 N-dim
0
V-dim | o

Output layer

oIE IHIOIOIOIOIOIOIO

sat

V-dim

51



01|24|16|18|05|09| .. | .| .. |32
Input layer 45|56/ 14]20[15/36] . | .| . |61 g
0 X
1 | 0|
0 | 0|
5 06|18|27|19|24|20] .. | | .. |22 o
Xeat fm %7’ o
0 /-l,. n
0 th >
v-dim L2 Car |-
" m Veat + Von
= 2
0 A\ -
g z
0 \
1 +*‘0
0 Hidden layer
Xon 0 N«q‘l‘d ¥
5 N-dim
0
V-dim | o

S
3
Q
X
=
=l

Output layer

oIE IHIOIOIOIOIOIOIO

sat

V-dim
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Input layer

0
1 We would prefer y close to Vsq:
0
O .
cat o W Hidden layer Output layer
0 VXN _
0 [ 0] 0.01
0 0 |
— o ooz
V-dim |0 - 0 0.00
- ! 5 = 0 | —
— WVXN XVv=2Z — 0.02
0 - Yy =softmax(z)[c oo
0 = 0.02
i W 4 T 0.01
on 12 VXN N-dim - 07}
0 Vsat
5 | |
0 V-dim 0.00
V-dim | o N will be the size of word vector h%



Avpro , , ,
[VWPLOTE TIC ArOPOLTEG HaG

Ano ta Navveva otov Koopo

Hopaokevn 21 Maiov, TVt o
Navemotipto lwavvivwy
opp-8up =
Oa pag HACOUV YLa TNV CUVAPTIACTLKY) SOUAELA TOUG, T Stadpoun
TOUG, TG EMIAOYEG KOl TIG TTPOKANOELS AUTAG TG Stadpoung
zoom link

https://us02web.zoom.us/j/84437398146?pwd=cCtJemtCSDVTUEhOROICOVh4NFJgOT09

Meeting ID: 844 3739 8146
Passcode: cse-w-2021

54
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Word2vec (recap)



term

|V]| embeddings

Word embedding (distributed
representation)

—

| W4

d-dimensional vector

56



Baowkn Woea

Mia A&€n mpoodlopiletal armod tic oupudpalopeveg tng AEeLs (context)

&
<«

» &
> <«

»
|

O kaBnyntng 61dAokeL To LB oToug poLtnTEC Tou otV aibouoa.

-
<

»
»

MNapdabupo (window) =3
Center word

Context word , , , ,
KaBe Ae€n Lo avamapoaotaoslc: (1) center (2) context
window &n p G: (1) (2)

AnAadn, éxoupe 2 |V| x d mivakeg

To center-6lavuopa tnG center Aé€ng mpEMeL va eival opoto e ta context-

Stavuopata (dnAadn, To dbpolopa Twv context Stavuopdtwy) Twv context
AEEewV

= Kot mpodavwe To CUUUETPLKO

57



Baowkn Woea

KaBe Ae€n U0 avamnapaotaocels: (1) center (2) context
AnAadn, €xoupe dvo V] x d mivakeg

center

term ‘ V‘;d

W3 context

58



Baowkn Woea

Learning:
nopadeiypata Kelpevou (training examples) kat mpoonoBoupe

va «uaBoupe» auta ta Stavuopata (fapn) — Toug 2 TIVOKEC
woTe va SouAgUouV yla autad



Word2Vec

Predict between every word and its context words
Two algorithms
1. Skip-grams (SG)
Predict context words given the center word
2. Continuous Bag of Words (CBOW)
Predict center word from a bag-of-words context

Position independent (do not account for distance from center)

Two training methods
1. Hierarchical softmax
2. Negative sampling

Tomas Mikolov, llya Sutskever, Kai Chen, Gregory S. Corrado, Jeffrey Dean: Distributed Representations of Words and
Phrases and their Compositionality. NIPS 2013: 3111-3119
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Baowkn Woea

Mia A&€n mpoodlopiletal armod tic oupudpalopeveg tng AEeLs (context)

& » & »
<« > <« >

O kaBnyntng 61dAokeL To LB oToug poLtnTEC Tou otV aibouoa.

- »
< »

MNapdabupo (window) =3

Ce VDZQF
%

| CBoww
kaOnyntng 616doketto  otoug $oLTNTEC TOU
%
S Y, )77 S ECPGrRAN

HaBnua

p—
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2m

Baown bea "

. —

D

Learning:
nopadeiypata Kelpevou (training examples) kat mpoonoBoupe

va «uaBoupe» auta ta Stavuopata (fapn) — Toug 2 TIVOKEC
woTe va SouAgUouV yla autad

— Weem

Wq_
c—m

— Weim

Werm —
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w

One-hot vectors

Eloobocg/e€odoc pe popdn one hot vectors

O =
_ O
S R

aardvark _ 0 0 wat = 0

zerba _

o O
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Look up

Encoder is an embedding lookup

ENC() = Z I,

One hot vector I;

One-hot or indicator vector, all Os
but position i

64



Use a window of context words to predict the
center word

Input: 2m context words
Output: center word



CBOW

Learns two matrices (two embeddings per word, one when context,

one when center)
Embedding of the i-th word when

W d , center word
W j /

i—»\

Embedding of
the i-th word
when context

word

VI

VI

dx |V| center embeddings
|V| x d context embeddings when oJi“?Qut
when input
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CBOW

Intuition
The W’-embedding of the center word should be similar
to (average of) the W-embeddings of its context words

= For similarity, we will use cosine (dot product)
= We will take the average of the W-embeddings of the context
word

We want similarity close to one for the center word and close to
O for all other words
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CBOW
Given window size m

x(©) one hot vector for context words, y one hot vector for the center word

1. INPUT: the one hot vectors for the 2m context words
x(c—m)’ » x(c—l),x(c+1)’ » x(c+tm)

2. GET THE EMBEDDINGS of the context words
Veem = Wx(c_m)l vy Vo1 = Wx(c_l); Veyr1 = Wx(c+1), vy Vegrm= WX(C+m)

TAKE THE SUM these vectors (average)
vc—m+vc—m+1+"'vc+m’ = RN
2m

3.
%

4. COMPUTE SIMILARITY: dot produce W’ (all center vectors) and context U (generate
score vector z)
z=W’' 1D

5. Turn the score vector to probabilities
y = softmax(z)

We want this to be close to 1 for the center word
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SKIPGRAM



Given the center word, predict (or, generate) the
context words

Input: center word
Output: 2m context word

Learn two matrices
. d x |V], input matrix, word representation as
word
. |V| x d, output matrix, word representation as
word



Skipgram

Given the center word, predict (or, generate) the context words

y(f) one hot vector for context words

1. Input: one hot vector of the center word
X

2. Get the embedding of the center word
=W x

3. Generate a score vector for each context word
z=W’v,

5. Turn the score vector into probabilities
y = softmax(z)

We want this to be close to 1 for the context words
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These representations are very good at encoding
similarity and dimensions of similarity!

* Analogies

Ais to B what C is to
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* Analogies testing dimensions of similarity can
be solved quite well just by doing vector
subtraction in the embedding space

Syntactically

— Xapple ~ Xapples

— Similarly for verb and adjective morphological
forms

= Xear ~ Xcars = Xfamily ~ Xfamilies

Semantically
= Xshirt = Xclothing = Xchair ~ Xfurniture

— Xking ~ Xman = Xqueen ~ Xwoman
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Test for linear relationships, examined by Mikolov et al.

a:b::c:?

man:woman :: king:?

+ king [0.300.70]
- man [0.200.20]
+ woman [0.600.30]

queen [0.700.80]

d = arg max
T

(wb — Wy + wc)wa

||wb _wa‘|’w6||

0.75

0.5

0.25

x
% king
% Woman
4
man
0 0.25 0.5 0.75

78



Male-Female

walked

’ sSwam
O

walking -

o

swimming

Verb tense

Spain \
Italy \Madrid

Ge rma ny \ Rome
Berlin
Ankara
Russia
Moscow
Canada Ottawa
Japan
P Tokyo
China Beijing

Country-Capital
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Karmolec edpapoyEC



" YNV epyaoic, oog {NTELTE vaL XPNOLLOTIOLELOTE

word embeddings

= [p€mnel va eTUAEEETE WG
= Qo afloAoynBel ko n
KaTaAANAOTNTO/pwTtoTumia/Xpnotpotnta

" 3tn ouvexelg Ba doupue
" pretrained embeddings
" UEPLKEG EPAPUOYEG



Global vs. local embedding

Mavw og ol cuAAoyn
(corpus) dtiaxvoupe ta

MPOTACELC Ao TToLaL KELEVAL
B XpNOLLLOTIOL OOV LIE;

global local
cutting tax
squeeze deficit embeddings;
reduce vote
slash budget
reduction reduction
spend house
lower bill
halve plan
soften spend
freeze billion

[Diaz 2016]  Terms similar to ‘cut’ for a word2vec

model trained on a general news corpus and
another trained only on documents related to
‘gasoline tax’.



1. Train and create embeddings based on a local collection

Python implementation in gensim

https://radimrehurek.com/gensim/models/word2vec.html

Tensorflow

https://www.tensorflow.org/tutorials/text/word embeddings

2. Use pretrained embeddings

Pretrained embeddings for 157 languages

https://fasttext.cc/docs/en/crawl-vectors.html

Google
https://code.google.com/archive/p/word2vec/
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https://code.google.com/archive/p/word2vec/
https://radimrehurek.com/gensim/models/word2vec.html
https://fasttext.cc/docs/en/crawl-vectors.html
https://www.tensorflow.org/tutorials/text/word_embeddings

Finding the degree of similarity between two words.

model.similarity('woman', 'man"')
©.73723527

Finding odd one out.

model.doesnt _match('breakfast cereal dinner lunch';.split())
"cereal’

Amazing things like woman+king-man =queen

model.most similar(positive=['woman', 'king'],negative=["'man'],top
n=1)

queen: 0.508

Probability of a text under the model

model.score(['The fox jumped over the lazy dog'.split()])
0.21

AVEKT1KNA avaktnon: (1) emnéktoaon €pwtriupatoc r/kat (2)
context-dependent 616pBwon AdBouc, oOmou Oa pmopoucape va
XPNO1UMOMOTACOUUE KAl TO query log Kol YEV1iKA query

suggestions
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Improve language translation

bilingual embedding with chinese in green and english in yellow

By aligning the word embeddings for the two languages
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Xpnion otn dtataén tTwv eyypadpwv Tou ArmOTEAECUATOC

LLLOIC EpWTNONC
Etdape Sudraén pe gl d

MriopoU e va xpnotlpornotrjooupe embeddings;

[MoAAEC evaAAQKTLKEG, Yo tapadetypa (aboutness)

Z wd'

WEq

Ornov w to embedding twv Acéswv tnc epwtnonc ko d’ to embedding tou
eyypadou (m.x., To pEoo Twv embedding Twv Aé€ewv Tou gyypadou)

" JTOXOG: 2XEON EPWTNONC LE TO OAO TO TIEPLEXOLLEVO TOU £yypAPOoU

= |nput (center word) embedding r; output (context) word embedding; in-
guery, out-document

= Y& ouvOuOOUO LE AAAD KpLTHpLAL
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Kat aA\a embeddings

sentence2vec, doc2vec
node2vec

BERT (transformers)



End of lecture

XpnouomnotiOnke UALKO aro

= (CS276: Information Retrieval and Web Search, Christopher Manning and Pandu Nayak, Lecture 14:

Distributed Word Representations for Information Retrieval
=  https://www.analyticsvidhya.com/blog/2017/06/word-embeddings-count-word2veec/
Mua rteptypadr) tou skipgram:
Chris McCormick
http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/
Aeite kal to

https://www.analyticsvidhya.com/blog/2017/06/word-embeddings-count-word2veec/
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