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Recall Machine Learning Paradigms

| mmagi ne you have a certain expert
O whoho ho

A Supervised learningjiven the desiredoutputs 0 Fo Fo I8 I learn to
produce the correct output givena new set of input

A Unsupervisedearning exploit regularitiesn ‘O to build a representation
to be used for reasoning or prediction

A Reinforcemenlearning producing actionscd it héh i Ll B8y Qs
the environment, and receivingewardsi h h B h of it is it?

to maximizerewards in the longterm

This course focusemainly on Superviseh nd Unsuper vi se
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Neural Autoencoder Recall

Networktrained to output the input (i.e., to learn the identity functign
A Limited number of units inhidden layers (compressed representation)
A Constrain the representation tde sparse (sparse representation)
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Word Embedding Motivation

Naturallanguage processindreatswords as discrete atomisymbols

A ‘cat is encoded as Id537.,.

A 'dog' is encoded as 1d143 fers in ¢
dict i ona

A document becomes
a Bag of Words

Sparse and high
dimensional-> Curse
of Dimensionality!

Word, context, or
..' document vectors

DENSE DENSE SPARSE

Audio Spectrogram Image pixe
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Encoding Text is a Serious Thing

Performance ofreal world applications (e.g., chatbot, document
classifiers, information retrieval systems) depends on input encoding:

| ocal representations Determined(i 0 B h) ) in some domain ointerest
A N-grams __LanguageModel (i ) 00 s0 BR )
A Bag-of-words In traditionaln-gram language” 2 R S £ Jrobakilitg 6f a word
A 1-of-N coding depends only othe context2 ¥ Yy b M LINSQGA 2dza ¢ 2
0 ) 0(0 s B )

Continuousrepresentations
A L atent Semanti (Analysis TyplcaIML-smootrnr,]g I?arnlngvprcv),cess (e.lql., Katz@lﬁ987%:
A o _ A computet (0 sO B ) — ==
A LatentDirichletAllocation A smoothto avoid zergorobabilities
DistributedRepresentations
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N-gram Language Model: Curse of Dimensionality

Let 0s adl@gsamiinM on a corpus of 100.000 unique words
A The model lives in a 10Bypercube where each dimension has 100.000 slots

AModeItraining " assigning a pYslotbabi | i

AProbabiIitymassvanisheé more data I S nepadeed t o

AThemore data, the mdrse nwni guwa nwo rt s 'w
In practice:

A Corpuses can have 2Qinique words

A Contextsare typically limited to size 2 (trigrarmodel),
e.g., famous Katz (1987) smoothed trigram model

A With shortcontext lengtha lot of information is not captured
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N-gram Language Model: Word Similarity Ignorance

Let assume we observe the following similar sentences
A Obama speaks to the media in lllinois
A ThePresident addresses the press in Chicago

With classic onehot vector space representations

Aspeaks =00 1 0 0] 0 0 O
Aaddresses = 00 O O Oé— %?eak%addfms
Aobama =[00 O O Off 0 1 O
Apresident = [00 0 1 08 ampy pregent
Aillinois =[10 0 0 @ 0 0 O
Achicagp =[01 0 0 08 §notsg ergee

Word pairs share nasimilarity, and weneed word similarity togeneralize
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Embedding

Any techniqgue mapping a worddr phrase Y =’body part
fromit'soriginaln i gh- di men s onal_ :ryfggog)*ut
space (the bodyof all words) to a city | ?‘ '

| ower - di me n s ivecioraspacen Lj,m’ef i §al’e' R
so oneembedsthe word in a different space “«* e

- g
B 'y ¢ ¢ o
IIIII \Hadrid _
e — $ ¢ e
® & Icciil
. . e £ \
® Ankara & ™ ° %
29 e . swam o -
kin o . O SSSSS TT———————— Mosc "
; ‘e walking 1‘ Canada ottawa |
&» e ey, T T Tokyo ¥ o
/ O Vietnam ————— panoi .t Y o
swimming China = Beijing .
° N -
5 of . ® i
O »
Male-Female Verb tense é

relative

€

Closer points are closer in
meaning and they form
clusters
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Word Embedding: Distributed Representation

Each unique word) in a vocabulary V (typicaljlw|| p 1) ismapped
to a continuousm-dimensional space (typically T ma v M)

0N W > P

0 obama 0 Q Q
obama=[00..010..00] ®=» obama=[0.12.:0.25]
]

\ J \

\
\J
«one-hot» encading feature wector

Fightingthe curse of dimensionality with:
A Compression(dimensionalityreduction) Similar words should end
A Smoothing(discrete tccontinuous) up to be close to-each

A Densification(sparse to dense) ctiverir: the feature space -
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Neural Net Lanauaae Model (Benaio et al. 2003)

For each training sequence: input = (context, target) pair: (We_p4q ... Wi—1, We)

objective: minimize E = —log P(W, IW_p4q oo Wee1)
softmax. i output =P (W; = Wy | We_ptq - We—q)
oureur |V| probabilities
LAYER O ¢ O that sum to 1
tanh ><
HIDDEN 500 < h < 1000
LAYER O vt O (typically)
nonlinear
concatenation ><
PROJECTION
.. e o o ... n—1)-m
linear L - J ' b v '
C(We—n+1) C(wy_3) C(We—1) Projection layer
/i&}?!i%?ﬂ%}tl@_i_n__%l}ftf_e_@_?m._m_\ ________________ \ XX ) conteins the woed
VECLOrS iMg
INPUT LAYER 0000......0010 o o 0010......0000 0000...... :
. 0 1 0\
mput context: Win+1 Wi_o Wi_q

(n — 1) past words
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Neural Net Language Model (Bengio et al. 2003)

For each training sequence: input =

An example with a 4 m
two words context ... we_, 10000 0010 | cwy) |
OUTPUT e 1) :
LAYER w 0001......0000 ’ 1 C(W:t_Z) Vi
t—1| 0001..... 2 :
tanh >< Y T C(W:t =
HIDDEN :
LAYER O c e | C(wyy) | :
nonlinear [Vlm
concatenation >< Concatenate (1) and 2) — C(we—2) | Cwe—1)
PROJECTION
LAYER O - 0O
linear T
C(Wt—n+1)
/ table lookup in shared Cjy
INPUT LAYER 0000......0010 e oo 0010......0000 0000......1000 | (n—1)-]V|
. 0 0 0
mput context: Wi_n+1 Wi_» Wi_q

(n — 1) past words
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Neural Net Language Model (Bengio et al. 2003)
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Training by stochastic gradient
descent has complexity

¢ a & a Q| s

Softmax is used to output a multinomial distribution
., . ) Q
U(U U SV B ho ) W
Ao o YIOA{GE Otw
A wis the concatenatiom (0 ) of the context weight vectors
A ‘Qandware biases (respectivel@and Lselements)
A "Yis thegos "Omatrix with hiddento-output weights
A Histhe(Q (¢ p)id) projectionto-hidden
weights matrix




