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Most popular topics

• #1: Adversarial examples (63% chose “I love to”) 
• #2: Bias in Language (53%) 
• #3: Dialogue I (50%) 
• #4: Interpretability 
• #5: Generalization 
• #6: Reading Comprehension



Least popular topics

• #1: Coreference resolution (47% chose “I am not really interested”) 
• #2: Annotation artifacts (43%) 
• #3: Semantic parsing (43%)



Suggested topics



Overview

• (Mikolov et al, 2013) Distributed Representations of Words 
and Phrases and their Compositionality

• (Baroni et al, 2014) Don’t count, predict! A systematic comparison 
of context-counting vs. context-predicting semantic vectors
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 Linguistic regularities

(Mikolov et al, 2013) Linguistic Regularities in Continuous Space Word Representations



Distributional hypothesis

Distributional hypothesis: words that occur in similar contexts 
tend to have similar meanings

J.R.Firth 1957

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

• One of the most successful ideas of modern statistical 
NLP!

These context words will represent banking.



Latent Semantic Analysis 
(SVD-based methods)

“context-counting”  
vectors

(Deerwester et al, 1990): Indexing by latent semantic analysis



Collobert & Weston vectors

(Collobert et al, 2011) Natural Language Processing (Almost) from Scratch

Idea: a word and its context is a positive training sample; a random 
word in that sample context gives a negative training sample:

How do we formalize this idea? Ask that



Collobert & Weston vectors



(Mikolov et al, 2013): Main Contributions

• An improved version of skip-gram algorithm 
• Negative sampling (vs hierarchical softmax in the earlier paper) 
• Subsampling of frequent words 

• You can also learn good vector presentations for phrases!



The Skip-gram model

• The idea: we want to use words to predict their context words 
• Context: a fixed window of size 2m



The Skip-gram model

• The idea: we want to use words to predict their context words 
• Context: a fixed window of size 2m



Skip-gram: objective function

• For each position , predict context words within 
context size m, given center word : 

t = 1,2,…T
wj
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TY
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P (wt+j | wt; ✓)
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all the parameters to be optimized

• The objective function    is the (average) negative log likelihood:J(θ)

J(✓) = � 1

T
logL(✓) = � 1
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How to define ?P(wt+j ∣ wt; θ)

• We have two sets of vectors for each word in the vocabulary  

ui 2 Rd
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: embedding for center word i

: embedding for context word i’vi0 2 Rd
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• Use inner product                   to measure how likely word i 
appears with context word i’, the larger the better

ui · vi0
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P (wt+j | wt) =
exp(uwt · vwt+j )P
k2V exp(uwt · vk)
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are all the parameters in this model!✓ = {{uk}, {vk}}
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V is large: 10^5-10^7. Computing probabilities is very expensive!



Hierarchical softmax

(Morin and Bengio et al, 2005) Hierarchical probabilistic neural language model



Hierarchical softmax

• Huffman tree:



Negative sampling

• SGNS = Skip-gram with negative sampling 

• Intuition: for each  pair, we sample k negative pairs : 

                       

(w, c) (w, c′ )

P(D = 1 ∣ w, c) =
1

1 + exp(−uw ⋅ vc)

P(D = 0 ∣ w, c′ ) =
exp(−uw ⋅ vc′ )

1 + exp(−uw ⋅ vc′ )

Pn(w) =
U(w)3/4

Z



Noise Contrastive Estimation (NCE)

• Recommended reading: (Dyer, 2014) Notes on Noise 
Contrastive Estimation and Negative Sampling

• “They are superficially similar, NCE is a general parameter 
estimation technique that is asymptotically unbiased, while 
negative sampling is best understood as a family of binary 
classification models that are useful for learning word 
representations but not as a general-purpose estimator.”



Hierarchical softmax vs Negative sampling

• Pros and Cons



Subsampling of Frequent Words

• Probability of discarding a word:

• t = 10−5



Experimental setup

• Google dataset: 1 billion words 
• Vocabulary size: 692K 
• Context size: 5 
• Dimension: 300 
• “Our experiments indicate that values of k in the range 5–20 are useful for 

small training datasets, while for large datasets the k can be as small as 2–5.”

• Pre-trained word vectors: 100 billion words, 300-dimensional 
vectors for 3 million words and phrases.



Evaluation: analogical reasoning

Word analogy 
man: woman  king: ? ≈
 argmax

i
(cos(ui,ub � ua + uc))

<latexit sha1_base64="JrpgXOIk2wxy6PeogrgqRj0rj24="></latexit><latexit sha1_base64="JrpgXOIk2wxy6PeogrgqRj0rj24="></latexit><latexit sha1_base64="JrpgXOIk2wxy6PeogrgqRj0rj24="></latexit><latexit sha1_base64="JrpgXOIk2wxy6PeogrgqRj0rj24="></latexit>

semantic

Chicago:Illinois Philadelphia: ? ≈ bad:worst  cool: ? ≈

syntactic

http://download.tensorflow.org/data/questions-words.txt
More examples at 

http://www.cs.technion.ac.il/~gabr/resources/data/wordsim353/


Evaluation: analogical reasoning

 

No word similarity evaluation!

http://www.cs.technion.ac.il/~gabr/resources/data/wordsim353/


Learning phrases

• “New York Times” != “New” + “York” + “Times” 
• “Air Canada” != “Air” + “Canada”

• A simple data-driven approach to select phrases:



Evaluation: analogical reasoning for phrases



Evaluation: analogical reasoning for phrases



Comparison to previous models

No quantitative evaluation!
No downstream evaluation



What is good about word2vec?

• Discussion

• .. vs Collobert & Weston?





Main contributions

• A systematic comparative evaluation of count and predict vectors.

Motivation: these silly deep learning people keep writing 
papers but don't compare to traditional distributional 
semantics models. So we will. 

Conclusion: okay, those people are actually right. 

• Main result: predict vectors >> count vectors.



Count vs predict models

• “Count” models: collect raw co-occurrence counts in a corpus, 
and transform them into vectors with dimensionality 
reduction (and reweighting)

• “Predict” models: estimate the word vectors directly by 
maximizing the probability of the contexts in which the word 
is observed in the corpus



Experimental setup

• Corpus: 2.8 billion tokens (ukWaC, English Wikipedia, British 
National Corpus) 

• Vocabulary: 300k most frequent words.

• Count models 
• Context size: 2 or 5 
• Two weighting schemes: positive Pointwise Mutual 

information (PPMI), Local Mutual Information 
• SVD, two other non-negative matrix factorization methods 
• Dimensions: 200, 300, 400, 500



Experimental setup

• Predict models: CBOW 
• Dimensions: 200, 300, 400, 500 
• Context size: 2, 5 
• Hierarchical softmax and negative sampling (k = 5 or 10) 

• Subsampling t = 1e−5

• Out-of-the-box models 
• (Baroni and Lenci, 2010): count models relying on syntactic 

information 
• Collobert & Weston vectors



Benchmarks



Semantic relatedness

• Compare the correlation between the average scores that human 
subjects assigned to the pairs and cosine similarity between 
corresponding vectors. 

• Similarity vs relatedness: “car” vs “vechicle” AND “car” vs “journey”

Metric: Spearman rank correlation



Synonym detection

TOEFL test 
• levied: imposed, believed, requested, correlated



Concept categorization

• “helicopters” “motorcycles” 
• “elaphants” “mammal”



Selectional preferences

• Verb-noun pairs
• People received a high average score as subject of to 

eat, and a low score as object of the same verb.



Final performance



Top count models



Top predict models



Recommended reading

• (Dyer, 2014) Notes on Noise Contrastive Estimation and 
Negative Sampling 

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

• (Levy et al, 2015): Improving Distributional Similarity with 
Lessons Learned from Word Embeddings 
• “We reveal that much of the performance gains of word embeddings 

are due to certain system design choices and hyperparameter 
optimizations, rather than the embedding algorithms themselves.”


