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Word Embedding & Document Vectors
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WMD Optimization

The Word Mover's Distance

Rd

words

different from [Collobert & Weston, 2008], 
[Mnih & Hinton, 2009] word2vec is not deep!

word2vec
[Mikolov et al., 2013]

3 million different words embedded
Embedded Google News Corpus

trained on 100 billion words

embeds billions of words / hour 
with a desktop computer

word2vec model

How can we leverage this high quality word 
embedding to compute document distances?

learns complex word relationships:
vec(Japan) - vec(sushi) + vec(Germany) ⇡ vec(bratwurst)
vec(Einstein) - vec(scientist) + vec(Picasso) ⇡ vec(painter)

Tij
'transport' between word i 
in d and word j in d'

xi word embedding for word i

di
normalized BOW (nBOW) weight 
for word i in first document 

nBOW weight for word j 
in second document d0

j

n number of words in dictionary

in CV this is the Earth Mover's Distance (EMD) 
[Rubner et al., 1998]

k-Nearest Neighbor Results
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[Salton & Buckley, 1988] [Deerwester et al., 1990] [Blei et al., 2003]
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Approximations

different word embeddingsaverage kNN error

HLBL: [Mnih & Hinton, 2009] 
CW: [Collobert & Weston, 2008] 

W2V: [Mikolov et al., 2013] 
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Approximation Results

2. The Relaxed Word Mover's Distance

1. The Word Centroid Distance
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dimensionality of word embeddings

matrix of all word embeddings (d,n)
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We tuned all hyperparameters 
for all methods with BO 

[Gardner et al., 2014]
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