
Distributed Representations 
 of Words and Phrases and 

their Compositionality

Tomas Mikolov, Ilya Sutskever, Kai Chen, 
 Greg Corrado, Jeffrey Dean

2013b

Seminar “Selected Topics in Semantics and Discourse”,  
presenter Yauhen Klimovich, tutor Prof. Manfred Pinkal



We talk about “Distributed Representations of Words and Phrases and their Compositionality” (Mikolov et al)

What is the distributed representations of words?

2



We talk about “Distributed Representations of Words and Phrases and their Compositionality” (Mikolov et al)

What is the distributed representations of words?

a vector

3

e.g. 300-d vector 
(3.4, 0.45, …, 7.4, 5.63) 
(x1,     x2,  …  ,  x299,   x300)



We talk about “Distributed Representations of Words and Phrases and their Compositionality” (Mikolov et al)

What is the distributed representations of words?

a vector

4

e.g. 300-d vector 
(3.4, 0.45, …, 7.4, 5.63) 
(x1,     x2,  …  ,  x299,   x300)

word embeddings, word projections



We talk about “Distributed Representations of Words and Phrases and their Compositionality” (Mikolov et al)

What is the distributed representations of words?

a vector
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e.g. 300-d vector 
(3.4, 0.45, …, 7.4, 5.63) 
(x1,     x2,  …  ,  x299,   x300)

Good for similarity measure

word embeddings, word projections
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is not Toronto and a maple and leafs
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And phrases?

e.g. ‘Tesla Motors’ 
is neither Tesla nor Motors, 

‘Toronto Maple Leafs’  
is not Toronto and a maple and leafs

Good for accuracy
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vec(“Germany”) + vec(“capital”)  ≈ vec(“Berlin”)
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Math operations on word vectors

vec(“Germany”) + vec(“capital”)  ≈ vec(“Berlin”)

vec(“Steve Ballmer”) - vec(“Microsoft”) + vec(“Google”) ≈ vec(“Larry Page”)

Basic operations can give us better results
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Agenda

• Skip-gram in details 
• Improvements for skip-gram 
• Phrases 
• Evaluation
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Improvements for
vector quality and training speed

What is new?

• Negative sampling approach  
• Subsampling of frequent words 

• Phrases (Tesla Motors, Silicon Valley)
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Why is this paper important?

“Efficient Estimation 
 of Word Representations 

 in Vector Space” 
 [Mikolov et al, 2013]

No dense  
matrix multiplication!

Continuous skip-gram

Efficient!
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Skip-gram model
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inefficient, let’s approximate

Skip-gram model
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inefficient, let’s approximate

Hierarchical softmax
binary Huffmann tree 

 (short codes to frequent words)

Skip-gram model
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Hierarchical softmax

Efficient way to compute softmax
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Hierarchical softmax

better for infrequent words, fast training

for normalization

Efficient way to compute softmax
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Hierarchical softmax

for normalization Max logW  
for each word

Efficient way to compute softmax

better for infrequent words, fast training
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Hierarchical softmax

for normalization Max logW  
for each word

Structure of the tree is important

Efficient way to compute softmax

better for infrequent words, fast training
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Negative sampling

idea is based on Noise Contrastive Estimation (NCE)
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idea is based on Noise Contrastive Estimation (NCE)

noise distribution: 
best result is given by U( )^(¾)

Negative sampling

trained classifier
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idea is based on Noise Contrastive Estimation (NCE)

noise distribution: 
best result is given by U( )^(¾)

better for frequent words,
better with low dimensional vectors

Negative sampling

trained classifier
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Subsampling of frequent words
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Subsampling of frequent words

threshold 1/10^5

Frequency of wi

 improves the accuracy of the learned vectors 
 of the rare words



We talk about “Distributed Representations of Words and Phrases and their Compositionality” (Mikolov et al) 36

Subsampling of frequent words

threshold 1/10^5

 improves the accuracy of the learned vectors 
 of the rare words

cutting them off, context is larger

Frequency of wi
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Evaluation

Analogical reasoning task:
- syntactic analogy 
- semantic analogy

• Berlin Germany Bern Switzerland 
• boy girl brother sister 
• amazing amazingly apparent apparently 
• acceptable unacceptable certain uncertain 
• cold colder great greater 
• Europe euro Romania leu

Data 
- 1b words; 
- cut out infrequent words(<5t), 
- they got |Voc| = 692K

• bright brightest sharp sharpest 
• code coding jump jumping 
• Belarus Belorussian Germany German 
• flying flew enhancing enhanced 
• car cars cat cats 
• enhance enhances work works

about 19.5k samples
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Evaluation(results)

Analogical reasoning task:
- syntactic analogy 
- semantic analogy

Data 
- 1b words; 
- cut out infrequent words(<5t), 
- they got |Voc| = 692K

V
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Evaluation(results)

Analogical reasoning task:
- syntactic analogy 
- semantic analogy

Data 
- 1b words; 
- cut out infrequent words(<5t), 
- they got |Voc| = 692K
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Phrases

Data-driven approach to find the phrases 
(words that appear frequently together and infrequently in other contexts)

𝛿 is discounting coefficient

𝛿 prevents phrases made 
of infrequent words
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Phrases

𝛿 is discounting coefficient

Training
2-4 passes over data to form longer sequences

Data-driven approach to find the phrases 
(words that appear frequently together and infrequently in other contexts)

𝛿 prevents phrases made 
of infrequent words
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Demo for phrases 
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Evaluation of ‘Phrases’

New test set (3218, 5 categories only): 
- Boston Boston_Celtics Miami Miami_Heat 
- Werner_Vogels Amazon Samuel_J._Palmisano IBM 
- Germany Lufthansa Spain Spanair 
- Atlanta Atlanta_Thrashers Boston Boston_Bruins 
- Boston Boston_Globe Seattle Seattle_Times
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Evaluation of ‘Phrases’(result)
1 b, dim = 300, context= window-5 
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Evaluation of ‘Phrases’(result)
1 b, dim = 300, context= window-5 

6 b, dim = 1000, context = sentence  -> accuracy 66%

33 b, dim = 1000, context = sentence  -> accuracy 72%
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Evaluation of ‘Phrases’(result)

Hierarchical softmax and subsampling; amount of data is crucial

1 b, dim = 300, context= window-5 

6 b, dim = 1000, context = sentence  -> accuracy 66%

33 b, dim = 1000, context = sentence  -> accuracy 72%
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Additive compositionality
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Empirical comparison with previous results
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Distributed vector representation 
 can capture a large number of precise  

syntactic and semantic word relationships
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Conclusion

new approach called Negative sampling

more regular word representations

improved training speed
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new approach called Subsampling

Distributed vector representation 
 can capture a large number of precise  

syntactic and semantic word relationships
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The hyper-parameter choice is crucial for performance (both speed and 
accuracy) 

The main choices to make are: 

architecture: skip-gram (slower, better for infrequent words) vs CBOW (fast) 

the training algorithm: 
hierarchical softmax (better for infrequent words)  
vs 
negative sampling (better for frequent words, better with low dimensional vectors) 

sub-sampling of frequent words: can improve both accuracy and speed for 
large data sets (useful values are in range 1e-3 to 1e-5) 

dimensionality of the word vectors: usually more is better, but not always 

context (window) size: for skip-gram usually around 10, for CBOW around 5
https://code.google.com/p/word2vec/

Conclusion(in details)

https://code.google.com/p/word2vec/
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What was after the paper?

A lot!
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What was after the paper?

A lot!

Names to follow:  
Socher, Manning, Omer Levy, Yoav Goldberg…

Why does this produce good word representations? 
Good question. We don’t really know (Levy, Goldberg, 2014)
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Resourceful links

word2vec Explained: Deriving Mikolov et al.’s 
Negative-Sampling Word-Embedding Method
Richard Socher lecture and course

Hierarchical softmax in neural network language model

Linguistic Regularities in Sparse and Explicit Word 
Representations

Short tutorial about word2vec in Python

Distributed Representations of Sentences and 
Documents: Doc2vec(Paragraph2Vec)

http://arxiv.org/pdf/1402.3722v1.pdf
https://www.youtube.com/watch?v=T8tQZChniMk
https://yinwenpeng.wordpress.com/2013/09/26/hierarchical-softmax-in-neural-network-language-model/
https://levyomer.files.wordpress.com/2014/04/linguistic-regularities-in-sparse-and-explicit-word-representations-conll-2014.pdf
http://rare-technologies.com/word2vec-tutorial/
http://arxiv.org/pdf/1405.4053v2.pdf
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