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Key takeaways

Count-based approaches 

• Used since the 90s 

• Sparse word-context PPMI matrix 

• Decomposed with SVD

Prediction-based approaches  
(word embeddings) 

• Formulated as a machine learning problem 

• Word2vec (Mikolov et al., 2013) 

• GloVe (Pennington et al., 2014)

Underlying theory: The Distributional Hypothesis (Firth, '57) 
“Similar words occur in similar contexts”

• Count-based and prediction-based approaches perform comparably, if you tune the 
hyper-parameters extensively…

• The hyper-parameters used in word2vec/GloVe can be transferable to count-based approaches!

• Hyper-parameters have stronger effects than algorithms and more data.



Historical context :)

(Mikolov et al., NIPS’2013)

(Pennington et al., EMNLP’2014)

(Baroni et al., ACL’2014)



Historical context :)
(Levy and Goldberg, NIPS’2014)

SGNS (= skip-gram with negative-sampling)’s corpus-level achieves its optimal value when:

k = # of sampled negative examples and the analysis is based on unigram probability for negative sampling



Four types of word representations

• PPMI 

• PPMI + SVD 

• SGNS 

• GloVe
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GloVe: Global Vectors

(Pennington et al, 2014): GloVe: Global Vectors for Word Representation

• Key idea: let’s approximate           using their co-occurrence counts  directly. Xi,j
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If we take , , GloVe is also similar to 
factorizing the PMI matrix!

bi = log(Xi) b̃j = log(Xj)

<latexit sha1_base64="rCtVbjp02gGre7DJ+I/SdJxYZnw="></latexit>

PMI(word1,word2) = log2
P (word1,word2)

P (word1)P (word2)



The Big Impact of “Small” Hyperparameters
What are these hyperparameters?

win = window size (# words to the left/right)



The Big Impact of “Small” Hyperparameters
What are these hyperparameters?

Dyn = dynamic context window (different 
weighting for different positions of context words)

1/5 2/5 3/5 4/5 5/5 
vs. 

1/5 1/5 1/5 1/5 1/5



The Big Impact of “Small” Hyperparameters
What are these hyperparameters?

sub = sub-sampling (removing very frequent words, e.g., 
a, the)  

Each word  in the training set is discarded with 
probability:

wi

t = 10^{-5}, f = unigram prob.

dirty/clean: remove frequent words before and after 
collecting (word, context) pairs - perform similarly



The Big Impact of “Small” Hyperparameters
What are these hyperparameters?

neg= K in negative sampling
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The Big Impact of “Small” Hyperparameters
What are these hyperparameters?

In word2vec, they sample negative words according to the 
frequency:

α = 0.75



The Big Impact of “Small” Hyperparameters
What are these hyperparameters?

w+c: adding context vectors

“They appear in similar contexts” + 
“they appear in context of each other”



The Big Impact of “Small” Hyperparameters
What are these hyperparameters?



Main results
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Main results



3COSADD vs 3COSMUL

(Levy and Goldberg, 2014): Linguistic Regularities in Sparse and Explicit Word Representations



Main results

• (Baroni et al, 2014): “word2vec is better than count-based methods”   

• (Pennington et al, 2014): “GloVe is better than word2vec”

• Two things that made their SVD results much better 
than previously reported: 

• Use context distribution smoothing 

• Don’t use default SVD (eig = 1)

• Use many negative examples for SGNS but shifted 
PPMI doesn’t help.



Discussion

• Q2: Which claims in Levy et al., 2015 are most interesting or surprising to you? If 
you are going to construct a set of word embeddings on a new domain of text, 
what will be your choices (models and hyper-parameters)?




