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Administration

‣ Homework 1: done

‣ Quiz 1: next class 



Recall: Feedforward NNs

V

n features

d hidden units

d x n matrix num_classes x d 
matrix

softmaxWf
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nonlinearity	
(tanh, relu, …)
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P (y|x) = softmax(Wg(V f(x)))
num_classes 
probs



Recall: Neural LM
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I visited SanYesterday

<latexit sha1_base64="b25+e5UtQp2BZFJbkkzkckB68ts=">AAACEnicbVDLSgMxFM3UV62vsS7dBIvgqsyIVJdFEVxWsQ/o1JJJ0zY0kwzJHbEM/QvXbvUb3Ilbf8BP8C/MtF1o9UDgcM693JMTxoIb8LxPJ7e0vLK6ll8vbGxube+4u8WGUYmmrE6VULoVEsMEl6wOHARrxZqRKBSsGY4uMr95z7ThSt7COGadiAwk73NKwEpdt3iJAy5xEBEYhmF6M7lrdN2SV/amwH+JPyclNEet634FPUWTiEmgghjT9r0YOinRwKlgk0KQGBYTOiID1rZUkoiZTjrNPsGHVunhvtL2ScBT9edGSiJjxlFoJ7OMZtHLxH+9TAGlhFkIAP2zTsplnACTdHa/nwgMCmf94B7XjIIYW0Ko5vYLmA6JJhRsiwXbjb/YxF/SOC77lXLl+qRUPZ+3lEf76AAdIR+doiq6QjVURxQ9oCf0jF6cR+fVeXPeZ6M5Z76zh37B+fgGPW6dxg==</latexit>

E 2 RV

nonlinearity
<latexit sha1_base64="hWBh7n6MqzSJYPW6CCYwYj/fFMI=">AAACI3icbVC7TgMxEPSFVwivACWNRYREFd0BCpQRNJQBkYeUC5HPcRIrPvtk7yFFp/sAPoSaFr6BDtFQ8AH8Bb4kBSSMtNJoZle7O0EkuAHX/XRyS8srq2v59cLG5tb2TnF3r2FUrCmrUyWUbgXEMMElqwMHwVqRZiQMBGsGo6vMbz4wbbiSdzCOWCckA8n7nBKwUrdYanYTLlPsc4n9kMAwCJLb9D45bWAfeMgM7qW2yy27E+BF4s1ICc1Q6xa//Z6iccgkUEGMaXtuBJ2EaOBUsLTgx4ZFhI7IgLUtlcTu6SSTZ1J8ZJUe7ittSwKeqL8nEhIaMw4D25nda+a9TPzXyxRQSpi5A6B/0bEZRDEwSaf7+7HAoHAWGO5xzSiIsSWEam5fwHRINKFgYy3YbLz5JBZJ46TsVcqVm7NS9XKWUh4doEN0jDx0jqroGtVQHVH0iJ7RC3p1npw35935mLbmnNnMPvoD5+sH6Fmk/Q==</latexit>

Win 2 R3V⇥d

<latexit sha1_base64="VdoE1CLEjg+yz6dAGnO6Etr8ghc=">AAACIXicbVDLSgNBEJyNrxhfUY9eRoPgKeyKqEfRi8co5gHZGGZnJ8mQ2ZllplcIy579EM9e9Ru8iTfxC/wLZ5McNLGgoajqprsriAU34LqfTmFhcWl5pbhaWlvf2Nwqb+80jEo0ZXWqhNKtgBgmuGR14CBYK9aMRIFgzWB4lfvNB6YNV/IORjHrRKQveY9TAlbqlveb3XSQYZ9L7EcEBkGQ3mb3aYh94BEzOMy65YpbdcfA88SbkgqaotYtf/uhoknEJFBBjGl7bgydlGjgVLCs5CeGxYQOSZ+1LZXE7umk41cyfGiVEPeUtiUBj9XfEymJjBlFge3MzzWzXi7+6+UKKCXMzAHQO++kXMYJMEkn+3uJwKBwHhcOuWYUxMgSQjW3L2A6IJpQsKGWbDbebBLzpHFc9U6rpzcnlYvLaUpFtIcO0BHy0Bm6QNeohuqIokf0jF7Qq/PkvDnvzsekteBMZ3bRHzhfP5dBpFU=</latexit>

Wh 2 Rd⇥d
nonlinearity

<latexit sha1_base64="BvWRI34upSLG/XEw8Ux05IqIlXc=">AAACKnicbVBNS8NAEN3Ur1q/oh69LBZBPJREpHoUvXisYq1gYthst7p0sxt2J2IJ+Q/+EM9e9Td4K169+C/ctD1o9cHA470ZZubFqeAGPG/oVGZm5+YXqou1peWV1TV3fePKqExT1qZKKH0dE8MEl6wNHAS7TjUjSSxYJ+6fln7ngWnDlbyEQcrChNxJ3uOUgJUid68T5QGwR8hVBkWBAy5xkBC4j+P8orjNuzgAnjCDH4rIrXsNbwT8l/gTUkcTtCL3K+gqmiVMAhXEmBvfSyHMiQZOBStqQWZYSmif3LEbSyWxe8J89FOBd6zSxT2lbUnAI/XnRE4SYwZJbDvLc820V4r/eqUCSgkzdQD0jsKcyzQDJul4fy8TGBQuc8NdrhkFMbCEUM3tC5jeE00o2HRrNht/Oom/5Gq/4TcbzfOD+vHJJKUq2kLbaBf56BAdozPUQm1E0RN6Qa/ozXl23p2h8zFurTiTmU30C87nNxKtqMo=</latexit>

Wout 2 Rd⇥v

softmax over V items argmax

Francisco

What is this input??



This Lecture
‣ Word representations

‣ Skip-gram/word2vec

‣ Evaluating word embeddings

‣ GloVe

‣ Other word embedding methods



Static Word Representations



What did we do so far?
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‣ One-hot representation V-dimensional vectors: 
word 1: [1,0,0,…]
word 2: [0,1,0,…]
word 3: [0,0,1,…]

‣ What are some problems with this?

‣ 1. grows with V. More words = bigger 
dimensionality

‣ 2. What happens if we compute similarity?

cosine(word i, word j) = 0



Word Representations

‣ Continuous model <-> expects continuous semantics from input

‣ “You shall know a word by the company it keeps” Firth (1957)

‣ Neural networks work very well at continuous data, but words are discrete

slide credit: Dan Klein



good
enjoyable

bad

dog

great

is

‣ Want a vector space where similar words have similar embeddings

the movie was great

the movie was good
~~

Word Embeddings

‣ Goal: come up with a way to 
produce these embeddings

‣ For each word, want 
“medium” dimensional vector 
(50-300 dims) representing it



Skip-gram



Skip-Gram
‣ Input: a corpus of raw text. (Same as the input to “real” language 
modeling)

Mikolov et al. (2013)

‣ Output: a set of embeddings: a real-valued vector for each word in the 
vocabulary

‣ We are going to learn these by setting up a fake prediction problem: 
predict a word’s context from that word

the dog bit the man

(word = bit, context = dog)
(word = bit, context = the)



Skip-Gram

the dog bit the man‣ Predict one word of context from word

bit

softmaxMultiply	
by W

gold = dog

‣ Parameters: d x |V| vectors, |V| x d output parameters (W) (also 
usable as vectors!). d is a hyperparameter

‣ Another training example: bit -> the

P (w0|w) = softmax(We(w))

Mikolov et al. (2013)



Using Skip-Gram

Mikolov et al. (2013)

the dog bit the man
k=1: two words of context

k=2: four words of context

‣ Context window size: how many words around the “center” word do 
we look?

‣ Advantages/disadvantages of different sizes of k?

‣ Vector size: controls capacity of model
‣ Initialization: need to randomly initialize in a reasonable way

‣ Training: maximize log likelihood of the examples derived given k, summed 
over a corpus (but we’ll never use the model as is, only its embeddings)



GloVe



GloVe (Global Vectors)

Pennington et al. (2014)

X

i,j

f(count(wi, cj))
�
w>

i cj + ai + bj � log count(wi, cj))
�2‣ Objective = 

‣ GloVe also operates on counts matrix, weighted 
regression on the log co-occurrence matrix

‣ Constant in the dataset size (just need counts), quadratic in voc size

‣ One of the most common word vectors used today (50000+ citations)

word pair	
counts

|V|

|V|

‣ Counts matrix: how often does word occur in 
context of another word (e.g. count(apple, iphone))



GloVe (Global Vectors): Example

Pennington et al. (2014)

X

i,j

f(count(wi, cj))
�
w>

i cj + ai + bj � log count(wi, cj))
�2‣ Objective = 

the

dog catthe ran

dog

cat

ran

0 200

200

200

200 0

0

0

0

015 15

15

150

0

(made up values — matrix will generally be	
symmetric, though)

Linear regression with 12 pairs:	
each element is plugged into the above	
equation

+ constant = log count of pair



Analogies

queen
king

woman
man

(king - man) + woman = queen

‣ Why would this be?

‣ woman - man captures the difference in	
the contexts that these occur in

king + (woman - man) = queen



GloVe Motivation

Pennington et al. (2014)

‣ GloVe objective is derived to preserve regularities in cooccurrence 
of words with other words



Problem?

19

‣ (at least) two problems with this approach

‣ 1. Word senses

‣ bat: (noun) baseball bat, (noun) bat (mammal), (verb) to hit, (verb) 
bat eyelashes, …

‣ All of this is squeezed into a single vector
‣ What about composition? How do we combine words?



Preview: Context-dependent Embeddings

Peters et al. (2018)

‣ Train a neural language model to predict the next word given previous 
words in the sentence, use its internal representations as word vectors

‣ Context-sensitive word embeddings: depend on rest of the sentence

‣ Huge improvements across nearly all NLP tasks over GloVe

they swing the batthey see the bat

‣ How to handle different word senses? One vector for bat



Evaluating Word Embeddings



Suggestions?
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Evaluating Word Embeddings
‣ What properties of language should word embeddings capture?

good
enjoyable

bad

dog

great

is

cat

wolf

tiger

was

‣ Similarity: similar words are close to 
each other

‣ Analogy:

Paris is to France as Tokyo is to ???

good is to best as smart is to ???



Similarity

Levy et al. (2015)

‣ SVD = singular value decomposition on PMI matrix

‣ GloVe does not appear to be the best when experiments are carefully 
controlled, but it depends on hyperparameters + these distinctions don’t 
matter in practice



Stability

‣ Stability: percent overlap 
between nearest 
neighbors in embedding 
space if you retrain 
embeddings from 
different initialization

Burdick et al. (2018)

‣ To what extent are the 
relationships captured 
by word embeddings 
consistent?



Stability: GloVe

‣ Left y-axis: bucketed corpus 
frequency

‣ Right y-axis: number of neighbors

‣ x-axis: percent of neighbors 
stable across samples

‣ Being all the way to the right is 
better (most neighbors are stable)

Burdick et al. (2018)



GloVe vs. word2vec: w2v much less stable!

Burdick et al. (2018)GloVe word2vec



What can go wrong with word embeddings?
‣ What’s wrong with learning a word’s “meaning” from its usage?

Ukraine's deputy defense minister resigns amid corruption allegations

Some claim Covid was hoax



What do we mean by bias?
‣ Identify she - he axis in 
word vector space, 
project words onto this 
axis

Bolukbasi et al. (2016)

Manzini et al. (2019)

‣ Nearest neighbor of 
(b - a + c)



Debiasing

Bolukbasi et al. (2016)

‣ Identify gender subspace with gendered 
words

she

he

homemaker

woman

man

‣ Project words onto this subspace

‣ Subtract those projections from 
the original word

homemaker’



Hardness of Debiasing

Gonen and Goldberg (2019)

‣ Not that effective…and the male 
and female words are still 
clustered together

‣ Bias pervades the word embedding 
space and isn’t just a local property 
of a few words



Takeaways
‣ Word vectors: learning word -> context mappings has given way to 
matrix factorization approaches (constant in dataset size)

‣ Next time: language modeling and Transformers

‣ Lots of pretrained embeddings work well in practice, they capture some 
desirable properties

‣ Even better: context-sensitive word embeddings (ELMo)


