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Goal: a distance between 
two documents

?



Applications
document classification multi-lingual document matching

song identification



Word Embedding
word2vec

trained on 100 
billion words

3 million different 
words embedded

[Mikolov et al., 2013]

Rd

different from  
[Collobert & Weston, 2008]  

[Mnih & Hinton, 2009] 
word2vec is not deep!

words



Word Embedding
word2vec

[Mikolov et al., 2013]
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X 2 Rd⇥n

distance between 
words i and j:

kxi � xjk2

is roughly their 
dissimilarity

xi
xj

words



Word Embedding
word2vec

[Mikolov et al., 2013]
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How can we leverage these high quality 
word embeddings 

to compute 
document distances?
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Remarks

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

an old optimal transport problem [Monge, 1781]
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How well does WMD perform on 
document classification via k-

nearest neighbors (k-NN)?



Classic Approaches
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Results: k-NN
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k-nearest neighbor error
BOW [Frakes & Baeza-Yates, 1992] 
TF-IDF [Jones, 1972]
Okapi BM25 [Robertson & Walker, 1994]

LSI [Deerwester et al., 1990]
LDA [Blei et al., 2003]
mSDA [Chen et al., 2012]
Componential Counting Grid [Perina et al., 2013]

Word Mover's Distance
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All hyper-parameters set with bayesopt.m 
[Gardner et al. 2014]
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LP with 2n constraints
O(n3 log n)

[Pele & Werman, 2009]

min
F�0

nX

i,j=1

Fijkxi � xjk2

nX

j=1

Fij = di

nX

i=1

Fij = d0
j

s.t. 8i

8j

WMD(d,d0) ,

Computational Complexity

8i

8j

s.t.

min
T�0

nX

i,j=1

Tijkxi � xjk2

nX

j=1

Tij = di

nX

i=1

Tij = d0
j



[Rubner et al., 1998]; [Levina & Bickel, 2001]; [Grauman & Darrell, 2004]; [Shirdhonkar & Jacobs, 2008]
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Approximation 1
[Rubner et al., 1998]
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Faster Approximations
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Relaxed Word Mover’s Distance

O(n2d)

Approximation 2
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Faster Approximations
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Other Embeddings



Conclusion

• Word Mover’s Distance:

• document distances from 
word embeddings 

• Very accurate as it leverages 
high quality word2vec 
embedding

• Fast through approximations
O(n2d)O(n3 log n) O(nd)
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Thank you. Questions?
Code: http://matthewkusner.com

http://matthewkusner.com

