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What is Word Embedding?

@ Word Embedding refers to low dimensional, real-valued dense vectors
encoding the semantic information of word.

@ Generally, the concepts Word Embeddings, Distributed Word
Representations and Dense Word Vectors can be used
interchangeably.

John Rupert Firth (linguist)

“You shall know a word by the company it keeps”.

Karl Marx (philosopher)

“The human essence is no abstraction inherent in each single individual.
In its reality it is the ensemble of the social relations”.
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What is Word Embedding?

Word Embedding is the by-product of neural language model.

@ Definition of language model:

T

p(wi.T) = H p(wWelwy.t—1)

t=1

@ Neural Language Model (NLM) is the language model where the
conditional probability is modeled by neural networks.
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Outline

© Neural Word Embeddings Revisit
@ Classifical NLM
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MLP-LM

Bengio et al., JMLR 2003

p(We|We_3, -, We_q) = softmax(Ph;_; + b)

Training objective is to
maximize the log-likelihood:

L = %Z log[p(w¢|Wi:t—nt1)]

| X3 = XW;_3 | X2 |xf—1

Wi-3 We-2 Wi

Figure: MLP-LM. n is set to 3.
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Conv-LM

Collobert and Weston., ICML 2008

pis) []]
safimax e Training objective is to minimize the
cono conzo rank-type loss:
L= Z Z max(0,1 — p(y = 1|S)+
X SeDx ey
Figure: Conv-LM. x; denotes the p(y = 1[S*))

middle word of S. S* is obtained by
replacing middle word of S with x
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RNN-LM

Mikolov et al., INTERSPEECH 2010

Training objective is same to MLP-LM (i.e., maximum likelihood).

p(wW¢ wy, -+, w_y) = softmax(Ph,_; + b)

SRES

lxt 3= XWe_3 Ixtz ]Xt—l

Wi-3 Wi-1

h;, = f(Wx;_4 + Uh,_, +b)

Figure: RNN-LM.
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© Neural Word Embeddings Revisit

@ Word2Vec
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Word2Vec

(Mikolov et al., ICLR 2013 & NIPS 2013)

Word2Vec involves two different models, namely, CBOW and SG:

@ CBOW (Continuous Bag-of-Words): Using context words to predict
the middle word.

@ SG (Skip-Gram): Using middle word to predict the context words.

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT

w(t-2)

w(t-2)

w(t-1) w(t-1)

w(t) w(t) —

w(t+1) w(t+1)

-

w(t+2) w(t+2)

CcBOW Skip-gram

‘uz‘ygv‘mﬂ
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Word2Vec

(Mikolov et al., ICLR 2013 & NIPS 2013)

The main feature of Word2Vec (IMO) is that it is a non-MLE framework,
i.e., its aim is not to model the joint probability of the input words.

.
1
CBOW: L= — log[p(we|we—cie-1,Wes1:erc)]

t=1

.
SG: L= %Z Y loglp(wiyjlwy)]

t=1 —c<j<c

Word2Vec is the first model for learning word embeddings from unlabeled
datalll
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Word2Vec

(Mikolov et al., ICLR 2013 & NIPS 2013)

Some extensions for improving Word2Vec:
e HSoftmax (Hierarchical Softmax)
@ Full softmax layer is too “fat” since it needs to evaluate |V| (generally
more than 1M in the large corpus) output nodes.
@ HSoftmax takes advantage of binary tree representation of output
layer and only needs to evaluate log,(]V|) nodes.

n(wy,1)

n(3.2) N

n0,3) /" \ /.\\\’b
W

SR RN gy DL
Figure: Binary Tree Figure: Huffman Tree example
3 Mikolov uses Huffman Tree to
p(wa|wi) = [ o(I(n(wa,j + 1) = construct the hierarchical structure.
j=1
ch(n(wa, /) sy ) Xi) 2
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Word2Vec

(Mikolov et al., ICLR 2013 & NIPS 2013)

@ NS (Negative Sampling) is another alternative for speeding up

training.
@ Formulating |V|-class classification problem as a binary classification
problem. (“word prediction” = “co-occurrence relation prediction”)

@ Training with k additional corrupted samples for each positive sample.

k
L=logo(xp x1)+ Y Eyemp wllogo(—x; x)]
i=1

@ Subsampling: Most frequent words usually provide less information
and randomly discarding them should speedup training and improve

performance.

=
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© Neural Word Embeddings Revisit

@ GloVe

wz‘ygw‘mﬂ
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GloVe

Pennington et al., EMNLP 2014

Motivations of GloVe:

@ Global co-occurrence count is the primary information for generating
word embeddings. (\Word2Vec ignores this kind of information)

@ Only using co-occurrence information is not enough to distinguish
relevant words from irrelevant words.

Probability and Ratio | k =solid ~ k=gas  k=water k = fashion The appropriate Starting point for
ke LOX107 661072 30X 107 17x107 - |agrping word vectors should be ratios of

P(k|steam) 22x1075 7.8x 107 22x107% 1.8x 1073
P(klice)/P(Klsteam) | 89 85x 102 136 0.96 co-occurrence probabilities!!!
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GloVe

Pennington et al., EMNLP 2014

F(xi, %}, %k) = P/ Pji
= F(x; — xj,%) = Pik/Pjk (1)
=F((xi — Xj)T’A(k) = Pik/ij

The roles of word and context word should be exchangeable, thus:

F((xi = %)) &) = F(x] %)/ F(x] %) ()
According to (1) and (2): F(x; %) = pj =X; % = log(Cix) — log(C) 3)
—x; %k + b; + by = log(Cix)
v )
Training objective: J = Z f(Ca)(x;' %k + b; + by — log(Cik))? (4)
i k=1

where f(Cj) is a weight function to filter the noise from rare co-occurrences.
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© Bridging Skip-Gram and Matrix Factorization
@ SG-NS as Implicit Matrix Factorization

wig-v‘uﬂ
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SG-NS as Implicit Matrix Factorization

Levy and Goldberg, NIPS 2014 & TACL 2015

@ Skip-Gram with Negative Sampling (SG-NS) can be efficiently trained
and achieve state-of-the-art results.

@ The outputs of SG-NS are word embeddings X" and context word
embeddings X¢ (ignored).

XW € RIVVIxd M e RIV¥IIvel AcRmn U e Rmd 5 e RIxd VT e Rixn
I’

Figure: SG-NS Figure: SVD for d-rank factorization

w:‘»E.w‘mﬂ
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SG-NS as Implicit Matrix Factorization

Levy and Goldberg, NIPS 2014 & TACL 2015

Training objective of SG-NS:

k
((1,0) =logo(xp ' x/) + Y Euerp,wllog o(—x7 ' x/)]

=Y > Col(l,0)

leyw Oeye

The optimal value is attained at:

C/o * |D|

y_XOXI I (C C

) — log k

The first item is the point-wise mutual information (PMI) of word pair

(1, 0). 2
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SG-NS as Implicit Matrix Factorization

Levy and Goldberg, NIPS 2014 & TACL 2015

@ The matrix MPMl called “shifted PMI Matrix” emerges as the
optimal solution for SG-NS's objective. Each cell of the matrix is
defined below:

MM = X XS = x; - x7 = PMI(i,j) — log k

@ The objective of SG-NS can be regarded as a weighted matrix
factorization problem over MPMlk_

@ The matrices MOPMIk and MPPMlk can be better alternatives of MPM!k.

(MPN”k)’,, _ 0 if C,J =0 MZ'PMIk — PP'\/“(I',j) — log k
0 Y MEMIe Otherwise Co .
ij PPMI(i, j) = max(PMI(i, j),0)

=
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© Bridging Skip-Gram and Matrix Factorization

@ SVD over shifted PPMI matrix

‘uz‘ygv‘mﬂ

Xin Li Neural Word Embeddings from Scratch 2018-04-09 21 /24



SVD over shifted PPMI matrix

Levy and Goldberg, NIPS 2014 & TACL 2015

@ shifted PPMI matrix:
M3PPMIc — SPPMI (i, /), where SPPMI, (i, ) = max(PMI(i, j) — log k, 0)

@ Performing SVD over MSPPMic and U - VX is treated as word
representations X".

e This method outperforms SG-NS on word similarity task!!!

wz‘ygw‘mﬂ
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@ Advanced Techniques for Learning Word Representations
@ General-Purpose Word Representations—By Ziyi
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@ Advanced Techniques for Learning Word Representations

@ Task-Specific Word Representations—By Deng
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