Tt Ba dovpe onuepa

" Ta faowka otoyeia twv word embeddings
" EpWwTNOELC, OOKNOELG
" JTOTLOTIKA cUAAOYNC (Kol lowc oupurieon)



Word embeddings Il (basics)



Alavuopatikn avartapcotaon (representation)
Ae€ewv — kataveunuevn (distributed) avartapaoctaon

embedding

/
AEEN m—) dlavuopa

dense, low dimension

2TOXOC: OMOLEC AEEELC -> Opola Slavuopata



word2vec , ,
Eloodoc 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




Ouowotnta/amnootaocn

4
123 5

= Similarity is calculated using cosine similarity: 6

5 dog - cat 11,2, 3]

Sim d5 ,cat) =
(dog, cat) Z s e

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

sim(dog, cat) = dog - cat

= Normalize the vectors when loading them.



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



Mwc Ba BpoU e TIC TTOLO OHOLEC AE€eLC e To dog;



TIP: Omou pnopoupe xpnotpomoloV e MPAEsLS mvakwy. Mot

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

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

d
cat
chair
june -

sun = 09 -03 -01-09 03 . .. 02 |

M

O 0= w o: I ©
bark dog >S5’ @
£353

eat

. To cwoTo
W v similarities |V| x 1
IVIxd dx1 1XIVI

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

= Take the indices of the k-highest values.



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:

\(cat 4 dog + cow)



Y€ ponyoupeva podnuata sidape

Lemmatization
Stemming

N\EEELC ONUAOLOAOYLKO KOVTLVEC



Mwc Ba TAPOUE AUTOV TOV TIVAKQL,



Baowkn Woea

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

& » & »
<« > <« >

O kaBnyntng ddAokel To LB oToug poLtnTEC Tou otnv aibouoa.

-

»
<

»

MNapdbupo (window) =3

Center word
Context word Kabe Ag€n Vo avamapaotdoslc: (1) center (2) context
AnAadny, €xouvpe 2 |V| x d mivakeg

= To center-6lavuopa tn¢ 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

Learning: napadeiyuata KeLWUEVOU Kal TPOOTTAdoUUE va «UATOUUE» QUTA TA
dtavuouarta (Bapn)

Training examples — fix the matrices to work for them .



How does word2vec work?

While more text:

= Extract a word window:
A springer 1is|[ a cow or heifer close to calving ].

Cq Co C3 w Cy Cs Cs

W: center representation — c: context representation

= Try setting the vector values such that:
o(w-c)+o(w:-c)+o(w:c)+o(w-c)+o(w:-cs)+o(w: c)

is high



How does word2vec work?

While more text: w: center representation — c: context representation

= Extract a word window:
A springer 1is|[ a cow or heifer close to calving ].

Cq Co C3 w Cy Cs Cs

= Try setting the vector values such that:
o(w-c)+o(w:-c)+o(w:c)+o(w-c)+o(w:-cs)+o(w: c)
is high Negative sampling (apvntika napadeiypata)

= Create a corrupt example by choosing a random word w’ (negative

a Cco or comet close to calvin
sample) v ) ving |

Cq Co C3 w Cy Cs Ce
= Try setting the vector values such that:
O'(W/' C1)—|—O'(W/' Cg)+U(W/' C3)—|—O'(W/' C4)—|—O'(W/' 05)—|—O'(W/' 06)

IS low
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Word2Vec

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

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 15



Baowkn Woea

To okKUAL ___ tnVv oupad

H ydta _ To movtikt CBOW
O AAloc __ 1o mpwi

To dpeyyaplL __ kaBe vuyta

___Kouva
_ kuvnydet skipgram
___ovaTteMeL

__ bdver



Ac SoU e TIAAL KOl KATIOLEC AETITOEPELEC



One-hot vectors

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

w

" Alatdooou e TS AE€elc addaBntika
= AvanoplotoUpe K&Be Aé€n pe éva RIVI¥1 §idvuopa mou €xet mavtou 0

Kol Lovo €vav 1 otn B€on mou avtiotolxel otn B€on tNg Ag€Nc otn

dataén
1 7
0
aardvark _ 0 wé =
L0

_ O

at _

Kapia mAnpodopia yio opototnta

MoAAEC SLaoTACELC

-

zerba _

o O
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Given matrix W, nwc¢ naiipvoupe to embedding tng i-ootng A&énc;

Lookup/project

ENC() =W I,

One hot vector I;

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

19



|V| number of words
N 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 N , center word
W ; /

i—»\

Embedding of
the i-th word
when context
word

VI

VI

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

21



CBOW

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

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

22



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 (e x(erl) | ypletm)

2. GET THE EMBEDDINGS of the context words
Vo = Wx©€™ v, =WxC€ Dy =WxCED, v, .= WxEtm

3. TAKE THE SUM these vectors

_ Ve mtVc—m+1t" vc+m b e RN
2m

Qi)

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

Turn the score vector to probabilities

5.
y = softmax(z)

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

23
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Index of cat in vocabulary

one-hot
vector

Input layer

cat

on

oflofofofoflofrfo

ofoflofoflrfloflofo

Hidden layer

Output layer

of: [~fel=l=]=]o]<]-

sat

one-hot
vector

25



We must learn W and W’

Input layer
0
1
0
0

Hidden layer

cat |2
0 WVXN
0
0

V-dim |0 — ,
H Winxy

0 —
0
0
1 N-dim
+  Wyxn

on
0
0
0

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

Output layer

oIE leololololololo

sat

V-dim

26



Wyxn X Xcat
0.1|24|16|18|05]|09 32 [ 0 |

Input layer |o5|26/1.4]290[15/36 6.1
0 x Lo
1 | 0|
0 | 0|
5 0.6|1.8|27|19]24]20 12 o

Xeat = WPT o
0 * n
0 CQt Q

V-dim |0 qr |
" — 1'} — Vcat + Von
— 2

0 S\ -
g 2
0 Vv
1 +’)(,0
0 Hidden layer

Xon 0 N“q+ﬂ . y
5 N-dim
0

V-dim | o

Output layer

oIE Iulololololololo

sat

V-dim

27



S
N
2
X
=
Q
3

Il
OQ!
3

01|24|16|18|05|09| .. | .| .. |32 [ 0 |

Input layer {4556/ 14]20[15/36] .. | .. | . |61 g
0 X =
1 | 0|
0 | 0|
5 06|18|27|19|24|20] .. | | .. |22 o

Xeat = WPT o
0 * n
0 CQt Q

V-dim |0 qr |
" m Veat T Von
— 2

0 S\ -
0 z
0 Vv
1 +’)(,0
0 Hidden layer

Xon 0 \quil"l‘ﬂ X y
5 N-dim
0

V-dim | o

Output layer

oIE Iulololololololo

sat

V-dim

28



Input layer

cat

V-dim

on

V-dim

ofocfjofjof=ofojoO ofl: Jojojjofjojjojoj=jo

of:

Hidden layer Output layer
Wyxn

N will be the size of word vector

y = softmax(z)

oIE II—'IOIOIOIOIOIOIO

29



Input layer

0
1 We would prefer y close to Jsu:
0
0 .
cat [0 W Hidden layer Output layer
0 VXN _
0 K 0.01
0 L |
- o oo
V-dim |0 — 0 0.00
- / 5 = 0 | —]
— WVXN XV=2Z — 0.02)
0 | § =softmax(z) [ 001
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 %



01f2af16|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|1.8[27[19)24]20] .. 1.2
Xeat g Output layer
0 0
0 WV)(N 0 |
— 0
V-dim |0 — W’ | 0
— 0
n VXN = sat
0 - 0|
0 1
0 —
1 WVxN 0 V-dim
. Hidden layer
on 0 X
5 N-dim
0
V-dim | o

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

31



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

Input: center word
Output: 2m context word

Learn two matrices
: N x | V|, input matrix, word representation as
word
. |[V| x N, output matrix, word representation as
word
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Skipgram

v ) 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

We miust lagrn W and W ,"'Ir

Input Lyer

Fedim

.Jr'ld-dLI'I Ia:rnzr

f’

1.:,.

Chutpeat layer

¥
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Evtunwotlaka amoteAsopotal



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

* Analogies testing dimensions of similarity can
be solved quite well just by doing vector
subtraction in the embedding space

Syntactically

— Xapple ~ Xapples = Xcar = Xcars = Xfamity ~ Xfamilies
— Similarly for verb and adjective morphological
forms

Semantically

= Xshirt = Xclothing = Xchair ~ Xfurniture

— Xking ~ Xman = Xqueen ~ Xwoman
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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

38



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
= Jordan Boyd-Graber, UMD course Natural Language Processing,
= https://www.analyticsvidhya.com/blog/2017/06/word-embeddings-count-word2veec/
Mua rtepypadr) 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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https://www.analyticsvidhya.com/blog/2017/06/word-embeddings-count-word2veec/
http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/
https://www.analyticsvidhya.com/blog/2017/06/word-embeddings-count-word2veec/

