2 NUooLoAoyLKn Avaktnon
[MAnpodoploc



Word embeddings



Tt Ba dovupue onuepa

=  Alovuopatikn avarnoapaotoon Ae€swv (word
embeddings)

TSNE Visualization of Book Embeddings Genre
° 0 ¢ oo ICrime novel
60 = . o
o % b . ‘Soence fiction novel
. " 2% . b
40 . eoey

Fantasy novel

Children's novel

20
~ Fantasy
Z2 o
10 Historical novel
B
-20 Fiction
Non-fiction
-40
Novel

Science fiction

Books on Wikipedia colored by genre in two
dimensions. Source: Koehrsen 2018



2TOXOC: ALOWVUOUATIKN VO paotoor)
(representation) Aé€swv — kataveunpusvn (distributed)
avanopaoTaon

embedding

/
AEEN m—) dlavuopa

2TOXOC: TIAPOUOLEC AEEELC -> TapopoLa Slavuopata



Napadeyua: 2-6tdotata embeddings

1.0
Q9
oven (O microwave
O refrigerator
Q9%
0.5
) bulb
@ fn @ 'ed charger
kitchen . batte
. O O light o y
O‘_‘fa:'ty Otable
sin saw
0.0 © @) b:;!throomt ot ® @ dewalt
Tl ore bosch
@ bathtub © Okt @ too! o
@) faucet ~ chower drill
@) @i
O valve
finish deck
@ o
_05. @ color _ © garden O hose © sprinkler
. paint
() concrete . grass
_10 I I I I I I I
-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6

T-SNE plot

http://suriyadeepan.github.io

0.8


http://suriyadeepan.github.io/

Embeddings: why?

Machine learning lifecycle

1 1
1 1
I I
Raw Structured W Learning |
Data Data M Algorithm |
1
; a
i
Feature Engineering Downstream
For words: document occurrences, prediction task

k-grams, etc o
Classification

For documents: length, words, etc Learning to rank
Clustering

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

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)

hs: degree, PaB@Rank,
motifs, degrees of neighbors,
Pagerank of neighbors, etc 7



Nwc Ba napoupe avta ta StovUuouaTa;



One-hot vectors

Eotw otL umtapyouv | 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 ovo €va 1 otn 6€on mou avtiotolyel otn 6€on tNC A€ENGc otn
dataén

1 -0 7 1
0 1 0

aardvark _ 0 wa = 0 wat =10 ce s wZerba _
0 L0 - 0

= KaBe A&€n éva 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 |

eyypado

= Kataokevalovpue eva |V|x M mtivaka pe tic epdavioslg twv Ae€swyv ota
eyypada

= AvamnoplotoUpe kaBe Aén pe éva RIMIXT

dl d2 d3 d4 d5

Nopadeypa: a 1 1 1 1 1

dl:abc b 1 1 0 1 1 Word vector
d2:adab forc

d3: acdecaf C 1 0 1 0 1 —

dd: beab

d5: abdc a d 0 1 1 0 1

V| =6, M| =5 e 0 0 1 1 0

10



Term-Document co-occurrence matrix

Mropoupue avti yia 0-1 va €xoupe to tf ) ko to tf-
idf Bapog

" [ToAAEC SLoOTAOELC
" [poBANUA KALLAKWONC LE TOV apLOUO TWV
geyypadwv

11



Window-based co-occurrence matrix

»  Kataokevaloupe eva |V |x|V| affinity-matrix yio tig Ae€eLg: yia dU0 AE€eLg,
LETPALE TOV apLlOpo Twv dopwv 1ou auTéC ol Vo Agtelc epdavilovtal
nall oe eyypada

" JUYKEKPLUEVQ, LETPAUE TOV apLlOUO TwV dopwvV Ttou KABE AEEN
endaviletal péoa og eva mapadupo cLUYKEKPLUEVOU peyEBouc W yupw
arto th A&€n evdladEpovtog

Napddeypa: a b ¢ d e f
a 0 4 3 1 1 1
di:abc b 4 0 1 1 1 0
d2:adab
d3: acdecaf C 3 1 0 2 1 0
d4d: be ab d 1 1 2 0 1 0
d5: abdc a
e 1 1 1 1 0 0
f 1 0 0 0 0 0

W =1 (oe anoéotaon 1)

12



Window-based co-occurrence matrix

NE€elc onwg apple, orange, mango, kATt padi pe Aé€elg Omwg eat, grow, cultivate, slice,

KATT KoL To avartodo

I

Napadetypa: ik

Em joy

d1: | enjoy flying. deep
d2: | like NLP. X = learning
d3: | like deep learning. wpl
flying

Ww=1

= [1oAAEC SLOOTAOELC

[
"0
2
1
0
0
0
0
0

like

2

== =y

enjoy  deep
1 0
0 1
0 0
0 0
0 1
0 0
1 0
0 0

learning

0

=R T s T - R e T ]

NLP

0

= N = T e T e TR e T

flying

0

= oo oo =0

o T T T T e e T s R s T

13



O0 UTTOPOVCAE VA XPNOLLOTIOINCOUE LA TEXVIKNA
ylo va petwoou e tic dtaotaoelc (dimensionality
reduction) (rty PCA analysis)



Singular Value Decomposition

From dimension n to

dimension r
01 Vq
A=U s VI=[d, ©, - Tl 02 V2
onl |7,
[nxn] [nxn] [nxn]

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

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



Singular Value Decomposition

A, best approximation of A

Frobernius norm m ” - I —
( ) Al :\/E E a;;* )
) ) 1 1
=1 Jj=1

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

<l

cl
—
Q
)
<l
N

[nxr][rxr] [rxn]

<l

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) (first r columns)

\71,\72,- ., Vr: right singular vectors (eigenvectors of A'A) (first r rows)



AN\OL

" AUOKOAO VO EVNUEPWOOUUE, T, aAAalouv ol
dLaoTAOELC cuYVA

= ApalloC Ttivakog

" [ToAU peyaAec OLAOTAOCELC

Oa SoUpE pLo TEXVLKN Ttou Baoiletal oe
ETIAVOANTITIKEC LEBOOOUC



word2vec



2TOXOC: ALOWVUOUATIKN VO paotoor)
(representation) Aé€swv — kataveunpusvn (distributed)
avanopaoTaon

embedding

/
AEEN m—) dtavuouo

dense, low dimension

2TOXOC: TIAPOUOLEC AEEELC -> apOpoLa Sltavuopata



word2vec
Elooboc¢ kelpeva,

T(POTAOELC

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

21



Napadeyua: 2-6tdotata embeddings

1.0
O'e
oven @) microwave
O refrigerator
O
0.5 F
) bulb
@ fn @ 'ed charger
kitchen . batt
. O . light . ery
O‘_‘fa:'ty Otable
sin saw
0.0 © @) b:;!throomt ot ® @ dewalt
0 F oile bosch
Q bathtub © 0 kit [ ] tool @ ™o5¢
Ofaucet shower drill
@) @i
O valve
.ﬁnish . deck
_05. @ color _ © garden O hose © sprinkler
. paint
. concrete . grass
_10 I I I I I I I
-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6
t-SNE plot http://suriyadeepan.github.io

0.8
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Apple: ppouUTO KaL eTOLPEia

MICROSOFT

IBM

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

23


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

Napadeypa: Eotw otTL €xoupe tov nivaka W, mwe Ba Bpoupue TNV
niolo opota Ag€n pe to “dog”?



Y€ ponyoupeva podnuata sidape

Lemmatization
Stemming

N\EEELC ONUAOLOAOYLKO KOVTLVEC



Ouowotnta/amnootaocn

4
123 5
. . . . . . " . . 6
= Similarity is calculated using cosine similarity:
L5 11(2,2,3)]]
L dog - cat
sim(dog, cat) = J

[|dog| ||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: Onou pnopoupe xpnopuonoloV e mpaEeLc mvakwy. Moti;

= Compute the similarity from word Vv to all other words.
= This is a single matrix-vector product: W-v'

T _ e .
v = similarities

IVIXd dx1
V| x1
= Result is a | V| sized vector of similarities.

= Take the indices of the k-highest values.

27



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)



Mwc Ba MAPOUUE 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)

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
30



Baowkn Woea

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

& » & »
<« > <« >

O kaBnyntng ddAokel To LB oToug poLtnTEC Tou otnVv aibouoa.

P [
< »

MNapdbupo (window) =3

= Center word KaBe Ae§n 6uo avanapaoctacelg: (1) center (2) context
= Context word Anhasdr), éxoupe 2 |V| x d mivakeg

= To center-6lavuopa tng center A€ENC MpEMEL va lval OpoLo Ye Ta context-
Stavuopata (dnAadn, To dbpolopa Twv context Stavuopdtwy) Twv context
AE€swv

" Kot mpodpavwe T0 CUUUETPLKO

31



Baowkn Woea

KadBe Aé€n SUO HLAVUOUOTLKEC QLVATIAPOOTACELG:
(1) center (2) context
AnAadn, exoupe 2 |V] x d mivakeg

= To center-diavuono TNG AEENG TIPETEL VAL ELVOLL OLIOLO UE TO context-Olavuouato
(6nAadn, To aBpolopa Twv context Stavuopdtwy) Twv AéEewv Ttou epdavilovral

WG context Ttng
" To context-Oiavuouo TnG AEENG MPETEL va lvall OpoLo U Ta center-Olavuouota

TwV Aé€ewv mou epdavilovial wg KEVIPLKES TNG

Learning: mopadeiypato KELWEVOU Kal TTpooTtaBoUuE va
«uaBoupe» avta ta dtavuopata (Bapn), SnAadn toug 2
TIVOLKEC

32



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 ddAokel To LB oToug poLtnTEC Tou otnVv aibouoa.

P [
< »

MNapdbupo (window) =3

kaOnyntic 6tddoketto  oTtoug doLTNTEC TOU

Haonua

34



U BoAlopol



w

One-hot vectors

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

" 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
dataén

= Aka indicator vector

O =
o = o
o R

aardvark _ 0 a _ at _ | 0 e o errba —

o O

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 ¢ —
of the embedding

37



Look up

Encoder is an embedding lookup

ENC(i) = Z I,

Z One hot vector I;
i (0
Wy
1 =
W4
L () A
7. One-hot or indicator Embedding of
l vector, all Os but the i-th word
Embedding matrix position i
dx1

dx|V]| V]| x 1

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



Input

Output
1-hot vectors of context words
— -O ]
1 \ 1-hot vector of center word
ny
0 -
1
CBOW
2m :
—
0 /

Exrtaidevon (learning)

Atvoupe deboucva eknaibevonc: (kelpevo) SnAadn cupudpaldpeves AEEELS yLa TLC OTIOLEC
EEPOUE TNV KEVTPLKN

Kal paBaivoupe avta ta dStavoopata (Bapn) (6nAadn, Toug 2 mivakecg) wote va
elaytotortolovv to «Aadoc» ota dedopeva ekmaidbevong, SnAadn va «Bplokouv» TNV KEVTPLKN

41



CBOW

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

Center

word —> .

Context

42



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 ; /

i—»\

Embedding of
the i-th word
when context
word

VI

VI

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

43



CBOW

Intuition

The W’-embedding of the center word should be similar
to the (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 0O
for all other words

44



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(e=m) - ox (el x(erl) | pletm)

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

3. TAKE THE SUM these vectors (average)

_ Ve mtVc—m+1t" vc+m b e RN
2m

Qi)

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

45



ATIELKOVLON KOTAVOLLWY OTIOLOSATIOTE TIMWV O€ KATAVOUEC TILBAVOTATWY

e*i
softmax(x;) = <5

j=1€"

= EKOeTIKO yLa va eival BeTiko
= EvioyUeL tnv riiBavotnta tneg LeyaAutePNnC TIUAC (max)
= Karmolo miboavotnta Kol OTLC MKPOTEPEC TIMEC (soft)

>>> import numpy as np

>>>a=[1.0, 2.0, 3.0, 4.0, 1.0, 2.0, 3.0]

>>> np.exp (a) / np.sum (np.exp (a))

array([0.02364054, 0.06426166, 0.1746813, 0.474833,
0.02364054, 0.06426166, 0.17468131])

46



cat sat on window size =1

Input layer

0

1

0

Index of cat in vocabulary 0
cat L0

0

0

0

V-dim |0
0

0

0

1

on =
0

0

0

V-dim [ o

M/|V|><d

I/V|V|><d

We must learn W and W’

Hidden layer

N will be the size of word vector

!
W'\ v xa

Output layer

rlloflofoflofloflofio

olf:

y = softmax(z)

sat

V-dim

47



V' xXd
01|2a|16|18[05/09] .. 3.2 . ,
| Contain word’s vectors
Input layer |os|26|1.4[29]|15|36 6.1/
0 .
1
0
0 06|18[27|19|24(20 1.2
Xeat |
0
0
V-dim |0 — ’
| Wde
0 =
0
0
. Hidden layer
on 0 .
5 d-dim
0
V-dim | o

Output layer

oIE In-lololololololo

sat

48



T —
Wyxa X Xcat
01|24|16|18|05|09| .. | .| .. |32 [ 0 |
Input layer |o5|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 ar |-
" = 1'} — Veat + Von
— 2
0 L\ -
g z
0 \
1 +*‘0
0 Hidden layer
Xon = \!\ﬁ]+° y
5 N-dim
0
V-dim | o

Output layer

oIE In-lololololololo

sat

V-dim
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01|24|16|18|05|09| .. | .| .. |32
Input layer {4526/ 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 |-
" =1 5 = Veat + Von
— 2
0 L\ -
g z
0 \
1 +*‘0
0 Hidden layer
xon 0 N«q‘l‘d ¥
5 N-dim
0
V-dim | o

S
NS
Q
X
=
=l

Output layer

oIE In-lololololololo

sat

V-dim
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Input layer

0
1 We would prefer y close to Jsq:
0
0 .
cat [0 W Hidden layer Output layer
0 VXN . —
0 0.01
5 i
0.02
V-dim |0 — 0.00
!/ A~ -
: WVXN XV=2Z 0.02]
0 4y =softmax(z) 001
0 0.02
i w. 4 0.01
on B VXN N-dim 07}
o -
° oo
V-dim | o N will be the size of word vector ¥y



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

= Use the model to predict a missing word



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



Input

1-hot vector of center word

Skipgram

Exrtaibevon (learning)

Output

1-hot vectors of context words

e

N

0

1

Atvoupe dedopéva ekmaidbevonc (keipevo, SNAadn KeEVTPLIKES AEEELC YLl TIC OTTOLEG

EEPOUE TIC CUUDPALOUEVEC)

MaBaivoupe avtd ta dStavuopata (Bapn) (6nAadn, Toug 2 Ttivakecg) wote va
e\aylotomnololv to «AaBoc» ota dedopéva ekmaidbeuong, SnAadn va «Bplokouv» TIg

ocUUPpalOUEVEC
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Skipgram

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

1) 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

Input Lyer

Chutpeat layer
We st learn W and W'
Ly J

S Fi
.

/™

r
m--JHidden layery .-_':-
E -\._____\- = ___:r.__rr
| * %, ; '
i . Y | 3.
£ W @& __.:'x Wi i
i LN i

¥

= .
T
<IN 0 e “‘;g 1) n-:gﬁ
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Amote\eopata



These representations are very good at encoding
similarity and dimensions of similarity!

* Analogies

Ais to B what C is to

60



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

61



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)T

||wb _wa‘|’w6||

Wy

0.75

0.5

0.25

x
% king
% Woman
4
man
0 0.25 0.5 0.75
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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 edpapUOYEC



Global vs. local embedding

global local Navw oe mota ocuAdoyn
cutting tax (corpus) dtiaxvoupe ta
squeeze deficit embeddings;

reduce vote Mpotdoelg amno nola

slash budget keipeva Ba ,

reduction reduction XPNOLHOTIOINOGOUHE,

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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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

QVEKT1KA avaktnon: (1) emnéktoaon €pwtriupatoc n/kat (2)
context-dependent 616pBwon AdBouc, oOmou Oa pmopoucape va
XPNO1UOTIOTACOUME KAl TO query log Kal YEV1KA 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
EiSape Sidtaln pe qu

MrmiopouU e va xpnotlpornotrjooupe embeddings;

[MoAAEC evaAAQKTLKEG, Yo tapadetypa (aboutness)

Z wd'

WEq

Ornouv w to embedding twv Acéswv tnc epwtnonc ko d’ to embedding tou
eyypadou (m.x., To p€oo Twv embedding Twv A&€swv Tou gyypadou)

= JTOXOG: 2XEON EPWTNONC LE TO OAO TO TIEPLEXOUEVO TOU gyypacdou

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

= Je ouvluaouo pE AAAA KpLTpLa
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Learning to rank



Learning to rank in IR

= Get the top-k

documents IFH
Results
(e.g., document User query page
Documents
that have at J' l T
least one of the . Ranking
Indexer Top-k retrieval = riadel
guery terms) )
Learning
algorithm

= Use the ranking

models to -
create the final

ranking the top-

k documents

Training
data

There may be multiple re-ranker modules



Learning to rank

Input: Documents, query
Learn some (partial) order of the documents based on the
relevance of each document for the query

= Document features (tf, embeddings, k-grams, etc)
= Query features
= How do we specify the ranking? (next)

Learn a ranking function f (a ranking model)

= by solving a minimization problem with respect to a /oss
function which is a measure of accuracy with respect to the

training data
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Ranking

Classical retrieval models
utilize exact matching signals to design a relevance scoring function (e.g.,
term frequency, document length, and inverse document frequency)

Learning to rank models
apply supervised machine learning techniques to solve ranking problems
using hand-crafted, manually-engineered features

Neural retrieval models
use as input the embeddings of g and d are usually trained in an end-to-end
manner with relevance labels.
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Learning to rank

1. Point-wise approach

Training data

For each query-document pair (g, d) there is a numerical, or ordinal
score

The learning-to-rank problem can be approximated by a regression
problem:

Given a (g, d) pair, predict its score

Existing supervised machine learning algorithms can be used for this

urpose.
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Learning to rank

2. Pair-wise approach

Training data
For each query g,
a pair of documents (d4, d,), where d; is better than d,

The learning-to-rank problem can be seen as a binary classification
problem:

Given a (dq, d,), pair output 1 of d; is better and 0 otherwise

Existing supervised machine learning algorithms such as probabilistic
classifiers (e.g., logistic regression) can be used for this purpose.
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Learning to rank

3. List-wise approach

= Training data not a single, or a couple of documents but an ordered list.
For example:
For each query g,
a list of documents d; associated with scores/judgements r;

= Learning-to-rank

LLN(T(Q);f(Q))

minimize the sum of the differences between the predicted 7(g) and the
actual score 7(q).



Neural models
o (F(q), F(d))

F: representation of g, d
@: similarity, relevance score

Representation-focused models learn dense vector representations of queries and
documents independently. Then metrics such as cosine similarity used to calculate the
“distance” between queries and documents to estimate the relevance score. (simple O,
complicated F)

Interaction-focused models models utilize a similarity matrix A in which each entry A;;
refers to the similarity between embedding of the i-th query term and the embedding
of the j-th document term. After constructing the similarity matrix, interaction-based

models apply different approaches to extract features to produce the query-document
relevance score.

Mixed models combine the design of the representation-focused component and the
interaction-focused component,



Semantic or neural search

Classic (symbolic) search: dictionary and inverted
indexes

Semantic/neural search: map documents to vectors
(low dimensional dense representations)

Vector index

+ resilient to noise, scale
- needs lots of data to train, lack of explainability,
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Neural (semantic) search in Lucene
(solr)

Given a dense vector g that models the query (information need) calculate

the distance(Euclidean, cosine, dot product, etc.) between g and every vector

d that represents a document

DenseVectorField type
Knn Query Parser

Nearest Neighborhood Search
Proximity Neighborhood Graph

= Vertices (documents) are mapped to nodes
= Edges between “similar” vertices

Navigable small world graph

https://sease.io/2022/01/apache-solr-neural-search.html
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Transformers



Transformers

A class of deep learning models

An instance of the decoder-encoder model

First introduced in the “Attention is All you Need”
paper by Google researchers in 2017

Original designed for language translation,
particularly from English to German. But, generalized
to other language tasks

Many applications: example, question answering,
sentiment analysis, entity recognition
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Encoder/decoder architecture

Two models

" Encoder: maps an input sequence to a sequence of continuous
representations, which is then fed into a decoder.

" Decoder: receives the output of the encoder together with the decoder
output at the previous time step, to generate an output sequence

Jointly trained to minimize the conditional log-likelihood.

Once trained, the encoder/decoder can
= generate an output given an input sequence, or
= can score a pair of input/output sequences.
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Encoder/decoder architecture

Output
Probabilities
Initially, N = 6 layers —
the Encoder has two sub layers: p N
: : (CAdd & Norm J<
= 3 multi-head attention layer, ==
and Forward
= 3 simple feed forward - N
network Multi-Head
. . Feed Attention
The Decoder adds a third Eorward i) L
. —
sublayer: another multi-head "
: —{Add & Norm )
attention layer over the output e e
Of th e EnC o) d er. Atter:tion Attention
o J . _J)
= masked to prevent attention Paetiond D & Positional
o Encoding Encoding
to subsequent positions. input Output
. . Embeddi Embeddi
= positional encodings = eT — = e] -
Inputs Outputs
(shifted right)

https://jalammar.github.io/illustrated-transformer/



Family of Transformers

. i Swin
GC-VIT — VIT —
Transformer XML-RoBERTa BlenderBot3
s Trajectory
e | Transformer ALBERT RoBERTa
| ERNIE el
i Decision
Transformer DistiBERT
T5 Minerva
E BERT DQ-BART mBART
' BLOOM
Gato Alphafold
CM3 HTML —— BART GPT-Neo
Imagen
PatM GPT DialogGPT
ialogG DALL-E
Vanilla
Transformer GPT-2 Turing-NLG
CLIP —~ CTRL o
opher
GLaM TransformerXL | GPT-3 GPT-NeoX-20B
Big Bird
DALL-E2 LAMDA GopherCite Jurassic-1
-| Pegasus Anthropic Asst.
Diffusion SeeKer XLNet MT-NLG GPTInstruct
Chinchilla i
GPT-3.5
Wu Dao 2
Stable
GLIDE ., S Flami
Diffusion ELECTRA Megatron parrow e ChatGPT

https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/



Num. Parameters

GLaM

|

GC-ViT

17T
Megatron
-
1B
Pegasus F;BERTa
ELECTRA
BERT Swin
100M - Transformer
DistiBERT
; 1 . — Alphafold
2018 2019 2020 2021

-

2022

2023
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Transfer learning

Pretrained Transformer models can adapt to tasks they have not been
trained on

Re-use the pretrained model on a new task, by adapting it with a much
smaller data set (fine tuning)

Useful for other tasks, e.g., vision, audio and music applications

Integrated into the main Al frameworks (e.g., Pytorch)

Huggingface, a startup commercializing an open-source Transformers
library.

GPT-3 is a Transformer model introduced by OpenAl in May 2020 as a
follow up to their earlier GPT and GPT-2, commercialized through a
partnership between OpenAl and Microsoft. [dtadavelec 2022]
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Transformers for IR tasks

https://github.com/Albert-Ma/awesome-pretrained-models-for-information-retrieval



Pretrained transformer for Greek language

https://huggingface.co/nlpaueb/bert-base-greek-uncased-v1

Embeddings for Greek Language

http://archive.aueb.gr:7000/resources/
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[TpoaLPETLKN AoKNON

Ertektelvete tTn unyavn avalntnong Ke KamoLa
nopdn onuoctoAoyLkne avalntnong



End of lecture

XpnowomnotiOnke UALKSO 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/
Aelte koL TO

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