Tt Ba dovupue onuepa

=  Alovuopatikn avarnoapaotoon Ae€swv (word
embeddings)
" Meplkeg mTANPodOopLEC yLa TNV Epyacia

TSNE Visualization of Book Embeddings Genre

.o & loe ICrime novel
60 s -
¥ .

Science fiction novel
Fantasy novel

)
Ch:ldren's novel

TSNE 2
=)

—60 —40 -20 0 20 40 60
TSNE 1

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



Word embeddings



MNpoBANUA: ALAVUCUOTIKN aVartopaotaon
(representation) opwv

0pOgG

—>

embedding

/

dlavuopa

2t0)0¢: OpoloL opot -> opola dtavuopata



Napadeypa: 2-6tdotata embeddings

1.0 T T T T T T T
Qe
O oven (O microwave
@) refrigerator
Oee
0.5 1
) bulb
@ fn @ 'ed charger
Q kitchen ® iaht o battery
. g
.\..*alr(ﬂty .table
sin saw
0.0 © @) bathroomt ot ® @ dewalt
Tl ore bosch |
Q bathtub © 0 kit [ ) tool ®
@) faucet @) shower o drill
O valve
o) finish o deck
_05L @ color _ O garden Q) hose © sprinkler §
. paint
() concrete . grass
_10 | | | | | | |
-0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6

http://suriyadeepan.github.io

0.8


http://suriyadeepan.github.io/

Apple: ppouUTO KaL eTOLPEia

MICROSOFT

IEM

MAMGT

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



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

Embeddings: why?

Machine learning lifecycle

Raw Structured R Learning |
Data / Data M Algorithm |
L_______(_ __________________________ _) _____ [

Feature Engineering Downstream
prediction task

For words: document

occurrences, k-grams. etc e .
Classification

Learning to rank

2 graphs: degree, PageRank, Clustering
motifs, degrees of neighbors,
Pagerank of neighbors, etc

For documents: length, words,



Embeddings: why?

Machine learning lifecycle

Structured Learning

Data Algorithm

Feature Engineering Downstream
prediction task

ength, words, Automatically learn the features (embeddings)

, degrees of neighbors,
Pagerank of neighbors, etc



One-hot vectors

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

" 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 0 1
0 1 0
waardvark _ 0 wé = 0 wat=|0 oo o wzerba _
0 L 0

= Kopia mAnpodopia yia opolotnta
= [MoAAEC SLOOTAOELG

o O




Term-Document co-occurrence matrix

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

gyypada

= Kataokevalovpe eva |V |xM mivoka pe tic epdavioslc twv Ae€swv ota

gyypoda

= AvamnoplotoUpe kaBe Aén pe éva RIMIXT

Nopadeypa:

dl:abc
d2:adab

d3: acdecaf
dd: beab
d5: abdc a

V| =6, |[M]| =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

MNapadelypa: dl d2 d3 dd 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 2 0 1 —
d4d: be ab
d5: abdc a d 0 1 1 0 1

= [MoAAEC SLOOTAOELG
" [pOBANUa KALUAKWONG UE TOV aplOuo Twv eyypadwv

10



dl
d2

d3:

d4

d5:

Window-based co-occurrence matrix

Kataokevalouvpue eva [V/[x[V] affinity-matrix yla tic A&€eLc: yua Suo
AEEELC, LETPALE TOV OPLOUO TWV PopwWV TIOU AUTEC SUO0 AEEELC
eudavidovrtal pall o eyypada

JUYKEKPLUEVQ, LETPAVE TOV apLOUO TwV Ppopwv rou KaBe A&€n
eudaviletol pEoa og eva Tapadupo CUYKEKPLUEVOU peyEBoUC yUpw Ao
N A&€n evdladEpovtog

Nopddetypa: a b C d € f

a 0 4 3 1 1 1

rabc b 4 0 1 1 1 o0
radab

acdecaf C 3 1 0 2 1 0

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 nov duo Agelc epdavilovral peca og eva tapadupo
OUYKEKPLUEVOU HEVEOBOUC

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: ke |2 0 0 1 0 10 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 |

= [1oAAEC SLOOTAOELC

12



O0 UTTOPOVCAE VA XPNOLLOTIOINCOUE LA TEXVIKNA
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, - Tyl z V2
Onl [Vv,]
[nxn] [nxn] [*n]

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

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

[nxr][rxr] [rxn]

|
e

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 AA')

\71 , \72 77"y Vr: 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
= ApalLog Tivakog

" [ToAU peyaAec SLaOTACELG

Oa doU e pLo TexViKn ou Baoiletal og EMAVAANTITIKEC
nebodoug



word2vec



Basic Idea

* You can get a lot of value by representing a
word by means of its neighbors

“You shall know a word by the company it
keeps

e (J. R. Firth 1957: 11)
e One of the most successful ideas of modern

statistical NLP

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 4

18



Basic idea

Define a model that aims to predict between a center
word w, and context words in some window of length m
in terms of word vectors

P(We [Wem, s Weo1, Weg1 s Weam)

Loss function 1-P that we want to minimize



P(Nt-t‘wt)

"

'furm"'j .

1~

o P

“"“J chISes s ok

cen€ A e Lai fosl."\'oh  *
n we wh

e, wwindew
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Basic idea

Define a model that aims to predict between a center
word w, and context words in some window of length m
in terms of word vectors

P(We [Wem, s Weo1, Weg1 s Weam)
Loss function 1-P that we want to minimize
Pairwise probabilities
Independence assumption (bigram model)

P(wy, wy, .., wy) = 11_1:2 P(w;lw;_1)



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

22



|V| number of words

N size of embedding N Ote

m size of the window (context)

Each word is assigned a single N-dimensional vector
Learn embedding matrix Z: each column i is the embedding z; of
word i |V|

Dimension/size N—
of the embedding

23



Note

Encoder is an embedding lookup

ENC(i) = Z I,

One hot vector I;

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

24



|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

26



CBOW

Use a window of context words to predict the center word

Intuition
The W’-embedding of the center word should be similar
to 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(c—m)’ » x(c—l)’x(c+1)’ » x (c+tm)

2. Compute the embeddings of the context words
Vo = Wx(c—m)’ vy Vpq = Wx(c—l),vcﬂ — Wx(c+1), s Vo = W (c+m)

Average these vectors
Vo +17 — +"°U A
c—m c—m+1 c+m v E RN

3.
U
2m !

4. Generate a score vector
z=W'7D
dot product, (embedding of center word), similar vectors close to each other

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

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

28
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 Seftmays
Exponentiate to
make positive .
\ e u -

u “i
Normalize to e @,
give probability J
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 E.g. “The cat sat on floor”

— Window size = 2

the

cat

on

floor

INPUT PROJECTION QUTPUT

wit-2)

sat

31



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

32



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

33



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
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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
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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

36



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.

38



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

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

rd
e—-JHidden Ia:ru.'r_.-'r r_.-_':.
E T J
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Skipgram
e Foreachwordt=1..T, predict surrounding words in a
window of “radius” m of every word.

* Objective function: Maximize the probability of any
context word given the current center word:

.
J'(9) = tlll ~Ejsn plw,, J] We 9)
e
Ne&m{ ~ = log P (Weei|W
La)-k.“oo& 3(9) T g-' -Zssﬂ‘ J er t)

where 6 represents all variables we will optimize
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An example

ddecades

dviolence conflict

{crisis

@nation

dhistory
@religion
dliberal
@conservative
delections e
@ Gsocial @ apSlitician
{country spolitics P
® @partisan [ ] @media
@struggle &ctmsm dmainstream
@culture ai i
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Telection @campaigninglaffairs * : -
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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, Ilya Sutskever, Kai Chen, Gregory S. Corrado, Jeffrey Dean: Distributed Representations of Words and
Phrases and their Compositionality. NIPS 2013: 3111-3119 45



Training methods: hierarchical softmax

2T0X0G: Avti va paboupe eva dtavuopa ava Ae€n, 6nAadn |V| dtavuopata, va
uaboupe log, (|V]) Stavioparta

Nwc; Eva duadlko 6evipo

Eva pUAAo ava AEEn

MaBaivoupe tnv avarapaotaon TwY E0WTEPLKWY KOUBwWV

Avarapaotaon A&ENG: concat Twv avamapooTAcEWY TwWV KOUBWY 0TO LOVOTIATL
aro tn pila otn A&én

n(w,.1)

W, W, Wy o Wy Wi Wy

46



Training methods: negative sampling

2TOX0G: Not BEATLWOOUE TNV TTOLOTNTA TWV AVATIAPOACTACEWV UE
XPNON QLPVNTIKWY OELYLATWY

" [l KABe eva Betiko, K apvntika detypata
= Xpnon unigram ROVTEAOU YLA VO TOL KATOLOKEUQOOUUE

47



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

48



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

50



" YNV epyaoic, oog {NTELTE vaL XPNOLLOTIOLELOTE

word embeddings

= [p€mel va eTUAEEETE WG
= Qo afloAoynBel ko n
KaToAANAOTNTO/IpwToTUTia/XpnotlpotnTa

" 3tn ouvexelg Ba doupue
=" pretrained embeddings
" HEPLKEG EGAPHOVEG



YUvToun neplypodn tnc epyacioc

1. Oa ouAAeéete evav aplBuo ano Wikipedia apbpa
Avutn Ba gival n cuAloyn oac.

2. Oa vAortotnoete eva ovotnua avalntnong (ZAM) avtwyv
Twv apBpwv:

O xpnotnc Ba divel pia N meplocotepec Ae€elc KAELOLA Kall
To ovuotnua Ba enotpedeL Ta 1o ouvadn apbpa oe
dlataén pe Baon tn ouvadeELa TOUC OTNV EPWTNON

[Lot val UAOTTOLOETE TO cUCTNUO Ba XPNOLLOTIOLELOTE TN
Lucene. MNeplooOTeEPA TNV EMOUEVN WPAL.
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Global vs. local embedding

Mavw og ol cuAAoyn
(corpus) dtiaxvou e ta

MPOTACELC aTtO 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/

54


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

QVEKT1KA avaktnon: (1) emnéktoaon €pwtriupatoc n/kat (2)
context-dependent 616pBwon AdBouc, oOmou Oa pmopoucape va
XPNO1UOTIOTLACOUME KAl TO query log Kol YEV1KA query

suggestions
55



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

Eidape Sidragn pe gl d

MriopoU e va xpnotlpornotrjooupe embeddings;

[MoAAEC evaAAQKTLKEG, yia tapadetypa (aboutness)

Z wd'

WEq

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

= JTOXOG: 2X€0N EPWTNONC LE TO OAO TO TIEPLEXOLLEVO TOU gyypadou

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

= Y& ouvOUOOUO LE AAAD KpLTHpLAL
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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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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/

Extra slides

Hierarchical softmax and negative
sampling
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Hierarchical softmax

Instead of learning O(|V|) vectors, learn O(log(|V|) vectors
How?

= Build a binary tree with leaves the words, and learn one
vector for each internal node.

= The value for each word w is the product of the values of the
internal nodes in the path from the root to w.
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The probability of a word being the context word is defined as:

compares the similarity of
the input vector v,, to each

L(w)—1 int?arnalnodﬁ vector |
p(clw) = 1_[ J([{n(c,j +1) = ch(n(w,{))]] ' Un(c.j) v,)
j=1 Y
where: returns 1 if the path goes left,

- 1if it goes right n(w, 1) = root

— n(w,j) s the j-th node on the path from the root to w, "( L(w)) = parent of w

— L(w) —is the length of the path fromroottow. L(w,) =3

— ch(n) —is the left child of node n.

n(w,,1)

_ 1 if xistrue
1 = {—1 otherwise

1
1+e=X

- o(x) =
'H,r} “-"_j 11."3 “-"_‘! 1"-""'_‘1 11-":-
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Suppose we want to compute the probability of w,
being the output word.

n(w,,1)

 The probabilities of going right/left in a node n are: "2

n(w,.,3)
— p(n, left) = a(v, "vy)

-""-]] “-':_\ Wi “'_‘f ]FI ¥ w V

— p(n,right) = 1 —o(vy, va) = o(—wy, va)

p(WZ — C) = p(?’l(Wz, 1)! left) ’ p(n(Wz» 2)1 left) ’ p(n(Wz, 3),Tlght)

= U(Vn(WZ,l) va) . U(vn(WZ,Z) va) . U(_”n(WzB) T”w)

Complexity improved even further using a Huffman tree:

= Designed to compress binary code of a given text.

= A full binary suffix tree that guarantees a minimal average weighted
path length when some words are frequently used.
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Negative Sampling

= For each positive example we draw K negative examples.

= The negative examples are drawn according to the unigram
distribution of the data

Pp(c) = ﬁ(ﬁ)
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p(D = 1|w, c) is the probability that (w, c) € D.
p(D =0|w,c) =1—p(D = 1|w,c) is the probability that (w, c) & D.

For negative samples: p(D = 1|w, ¢) must be low = p(D = 0|w, ¢) will be
high.

arg max H p(D = 1|c,w; 0)
(w,c)eD

:argmgx Z log 0 (V- Ve ) + Z log o (— V" Ve )
(w,e)eD (w,c)e D’

For one sample: y

log o (V- Ve ) + Z log o(— Vw* V)

1=1
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Extra slides

Neural nets (from our graduate class
with P. Tsaparas)
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INTRODUCTION TO NEURAL
NETWORKS



Classification

e Classification is the task of learning a target function f that maps attribute set x
to one of the predefined class labels y

Tid Refund Marital | Taxable One of the attributes is the class attribute
Status Income Cheat .
In this case: Cheat

1 |Yes Single 125K No
B N° B 100K I Two class labels (or classes): Yes (1), No (0)
3 |No Single 70K No
4 Yes Married |120K No

. Input Output
5 No Divorced | 95K Yes

) Classification

6 No Married 60K No Aﬂ”t}i‘)e set :D model |:> ClasFy)labeI
7 Yes Divorced | 220K No
8 No Single 85K Yes Figure 4.2. Classification as the task of mapping an input attribute set x into its class label y.
9 No Married |75K No
10 [No Single 90K Yes




Illustrating Classification Tas

Tid  Attribl Attrib2 Attrib3 | Class Lea rning

1 Yes Large 125K No a Igorith m

2 No Medium 100K No

3 No Small 70K No

4 Yes Medium 120K No Induction

5} No Large 95K Yes

6 No Medium 60K No

7 | Yes Large 220K No Learn

8 |[No Small 85K Yes Model

9 |No Medium | 75K No \

10 | No Small 90K Yes

Training Set Model

Apply

Tid Attribl | Attrib2  Attrib3 | Class Model

11 | No Small 55K ?

12 | Yes Medium 80K ?

13 |Yes |Large 110K |2 Deduction

14 | No Small 95K ?

15 | No Large 67K ?

Test Set



Example of a Model

> >
xS, Xe,
S S

) )
X x@
R ?

Tid Refund Marital

OO

Taxable

Status  Income Cheat
1 |Yes Single 125K No
2 No Married |100K No
3 |No Single 70K No
4 |Yes Married |120K No
5 |No Divorced |95K Yes
6 No Married |60K No
7 |Yes Divorced |220K No
8 No Single 85K Yes
9 |No Married | 75K No
10 [No Single 90K Yes
Training Data

Yi:%

NO

Refund

WAO

MarSt

Single, Diyorced

TaxInc

< sory
NO

> 80K

YES

\/I‘arried

NO

Model: Decision Tree



Classification in Networks

* There are various problems in network analysis that
can be mapped to a classification problem:

— Link prediction: Predict 0/1 for missing edges, whether
they will appear or not in the future.

— Node classification: Classify nodes as democrat-
republican/spammers-legitimate/other categories
* Use node features but also neighborhood and structural features
* Label propagation

— Edge classification: Classify edges according to type
(professional/family relationships), or according to
strength.

— More...
* Recently all of this is done using Neural Networks.



Linear Classification

A simple model for classification is to take a

of the feature values and compute a
score.

Input: Feature vector x = (x, ..., Xy,)

Model: Weights w = (wq, ..., wy,)

Output: score(w, x) = ),; w;X;

Make a decision depending on the output score.

— E.g.: Decide “Yes” if score(w, x) > 0 and “No” if
score(w,x) < 0



Linear Classification

 We can represent this as a network

Edges correspond to weights

X1
Input nodes 27
correspond to features Xa
X4
" “Output” node with incoming
> edges computes the score
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Linear models

* Linear models partition the space according to a
hyperplane

e But they cannot model everything
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Multiple layers

* We can add more
— Each arrow has a weight

— Nodes compute scores from incoming edges and give input to
outgoing edges

....O Did we gain anything?




Non-linearity

* Instead of computing a linear combination
score(w,x) = z W;X;
* Apply a non-linear function on top:

score(w,x) = g Ewixi
i
e Popular functions:

1
14+e™*

-t~ _ _I~

(sigmoid is also called the "logistic function™)

tanh(x) sigmoid(x) = relu(z) = max(0,x)

These functions play the role of a soft “switch” (threshold function)
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Side note

* Logistic regression classifier:

— Single layer with a logistic function
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Deep learning

e Networks with

* Each layer can be thought of as a processing step

* Multiple layers allow for the computation of more
complex functions



Example

* A network that implements XOR

Hidden node hy is OR

\ Output node h; — hy

Hidden node h; is AND

Bias term
Input zy Input z; | Hidden hy Hidden h; | Output yg
0 0 0.12 0.02 0.18 - 0
0 1 0.88 0.27 074 - 1
1 0 0.73 0.12 074 - 1
1 1 0.99 0.73 0.33 — 0




Error

* The computed value is 0.76 but the correct value
s 1

— There is an error in the computation

— How do we set the weights so as to minimize this
error?



Gradient Descent

The error is a function of the weights

We want to find the weights that minimize the
error

Compute gradient: gives the direction to the
minimum

Adjust weights, moving at the direction of the
gradient.
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Gradient Descent

A

error(\)

>
:A/@; A

optimal X current A




Gradient Descent

radieat har W rrent Point

—kd radi® ¢
Omb\



Backpropagation

* How can we compute the gradients?
Backpropagation!
 Main idea:

— Start from the final layer: compute the gradients for
the weights of the final layer.

— Use these gradients to compute the gradients of
previous layers using the chain rule

— Propagate the error backwards

* Backpropagation essentially is an application of
the chain rule for differentiation.



0E _ 0E ayl

=2(y; — t1)g'(sy,)

Y1~ 6sy1_ 0y 0sy,

Notation:
Activation function: g 0E OF

Sy, = b11hy + biphy , y1 = g(syl) db,q = Oy, 1 02" 05y, 20z ~ £2)g (sy,)
Syz — b21h1 + b22h2 Y2 = g(syz)

Sh1 = aAq11X1 + aAi2Xy , h’l = g(shl) aE _ : aE _ 5 h
Sh, = A21X1 + A2X2, hy = g(sp,) db,, Y1 b, y2't2
OF _ OF Osu, _ 08 _O0F 0y _ o 0E 0w
= = - — — X =
(')all ashl aall hlxl aazz aSh2 aazz 2 aa21 h,{42 aalz hle

0FE 0E Oh 0E 0s 0E 0s
- < e y2> g,(shl) = (5y1b11 + 5y2b21)g’(5h1)

5 = = =
"7 sy, Ohyds,, \dsy, Ohy  0s, Ohy

Op, = (5y1b12 + 5y2b22)g’(5h2)
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Backpropagation

For the sigmoid function:
1

14+e*

g(x) =

The derivative is:

g'(x) =g)(1-gk)

This makes it easy to compute it. We have:
g'(sn,) = hi(1 = hy)
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Stochastic gradient descent

ldeally the loss should be the average loss over all
training data.

We would need to compute the loss for all
training data every time we update the gradients.

— However, this is expensive.

Stochastic gradient descent: Consider one input

point at the time. Each point is considered only
once.

Intermediate solution: Use mini-batches of data
points.



End of extra slides



