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Word embeddings

• Representing words as vectors


• Distributional hypothesis


• PPMI vector models


• word2vec


• What is it?


• How does it work?


• More variants


• Evaluation

Wednesday 
lecture

Every modern NLP algorithm uses word embeddings as the representation of word meaning…



Before we get started…

• Zoom poll:
All the questions & answers will be on the slides

We will ask you to choose A/B/C/D in the poll 

We heard that people like having more polls :)

• In-lecture questions:

Q: What is the dimension of W?

Please type in chat if you have the answer!

• In the meantime, feel free to ask any question you may have in the chat

• Question from feedback: 484 and 584 will be graded on different curves



How should we represent the meaning of a word?



Recap

• n-gram models

• Naive Bayes

<latexit sha1_base64="SHc94MUjFBUuu2Tns4OFs7TvySc="></latexit>

P (the cat sat on the mat) ⇡ P (the | START)⇥P (cat | the)⇥P (sat | cat)⇥
P (on | sat)⇥ P (the | on)⇥ P (mat | the)



Recap

Q: What is the notion of “word representations” in these models?

• Logistic regression Whether the word “no” appears in the document or not



Representing words as discrete symbols

In traditional NLP, we regard words as discrete symbols:

hotel, conference, motel — a localist representation


Words can be represented by one-hot vectors:

one 1, the rest 0’s

Vector dimension = number of words in vocabulary (e.g., 500,000)

hotel  = [0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0]

motel = [0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0]

Q: Why is this representation not good?



Why is this representation not good?

If we use word identity as features,


 it requires exact same word to be in training and test ⟹

hotel  = [0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0]

motel = [0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0]

Training

Test

hotel  = [35, 22, 17, ..]

motel = [34, 21, 14, ..]

Training

Test

If we use word vectors as features,


 We can generalize to similar but unseen words at testing time!!!⟹



How do we know the meaning of a word?

• You can look up the word in a dictionary/thesaurus!

The meaning of words can be defined by other words!

http://wordnetweb.princeton.edu/

“tejuino”

Key idea: you can know the meaning of a word by looking at its context words

“Princeton”

1. a university town in central New Jersey

2. a university in New Jersey



Representing words by their context
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”.

When a word w appears in a text, its context is the set of words that appear nearby 
(within a fixed-size window).



Distributional hypothesis

“tejuino” C1: A bottle of ___ is on the table.

C2: Everybody likes ___.

C3: Don’t have ___ before you drive.

C4: We make ___ out of corn.

Q: Guess the meaning of tejuino now?



C1 C2 C3 C4

tejuino 1 1 1 1

loud 0 0 0 0

motor-oil 1 0 0 0

tortillas 0 1 0 1

choices 0 1 0 0

wine 1 1 1 0

C1: A bottle of ___ is on the table.

C2: Everybody likes ___.

C3: Don’t have ___ before you drive.

C4: We make ___ out of corn.

“words that occur in similar contexts tend to have similar meanings”

Distributional hypothesis

Q: Which word is closest to “tejuino”?



Words as vectors
We’ll build a new model of meaning focusing on similarity


• Each word is a vector


• Similar words are “nearby in space”


A first solution: we can just use word-word co-occurrence counts to represent the meaning of words!


context words:  
4 words to the left,  
4 words to the right

Q:  What is the dimension of these vectors?

Most entries are 0s  sparse vectors
⟹



Words as vectors
context words: 4 
words to the left, 4 
words to the right

C1 C2 C3 C4
tejuino 1 1 1 1
loud 0 0 0 0
motor-oil 1 0 0 0
tortillas 0 1 0 1
choices 0 1 0 0
wine 1 1 1 0

C1: A bottle of ___ is on the table.

C2: Everybody likes ___.

C3: Don’t have ___ before you drive.

C4: We make ___ out of corn.

vs.

Using  is too sparse.  
Word-word co-occurrence can be thought of as a simplification + frequency captures important information!

Ci



Measuring similarity

<latexit sha1_base64="y31rrPAo+I1V+TGKi/3m/PqV3XU="></latexit>
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<latexit sha1_base64="JMbUOvQBplAe8JCwsQJEixz8Dus="></latexit>

cos(u,v) =
u · v

kukkvk

Q: Why cosine similarity instead of dot product ?u ⋅ v

A common similarity metric: cosine of the angle 
between the two vectors (the larger, the more 
similar the two vectors are)




Zoom poll

What is the range of  in this model?cos(u, v)

(a) [-1, 1]  

(b) [0, 1]


(c) [0, ) 
(d) ( , )

+∞
−∞ +∞

<latexit sha1_base64="y31rrPAo+I1V+TGKi/3m/PqV3XU="></latexit>
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The answer is (b).  Cosine similarity ranges between -1 and 1. In this model, all the values of ,  are 
non-negative. 

ui vi



Any issues with this model?

Raw frequency count is a bad representation!

• Frequency is clearly useful; if “pie” appears a lot near “cherry”, 
that's useful information.

• But overly frequent words like “the”, “it", or “they” also appear a lot 
near “cherry”. They are not very informative about the context.

Solution: use a weighting function instead of raw counts!

Pointwise Mutual Information (PMI):
Do events x and y co-occur more or less than if they were independent?

<latexit sha1_base64="0tusD2XDzO40FlsKmJyJKaQ2f1k="></latexit>

PMI(x, y) = log2
P (x, y)

P (x)P (y)

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

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

P (word1)P (word2)

Q:  What is the range of PMI?



Positive Pointwise Mutual Information (PPMI)

• PMI ranges from  to 


• PMI( ) > 0   


• PMI( ) < 0   


• When one or both words are rare, there is high sampling error in their probabilities


• Negative values of PMI are frequently not reliable


• A simple fix: replace all the negative PMI values by 0s

−∞ +∞
w1, w2 ⟹ P(w1, w2) > P(w1)P(w2)
w1, w2 ⟹ P(w1, w2) < P(w1)P(w2)

Warning: negative PMI values may be statistically significant,  
and informative in practice, if both words are quite common.


<latexit sha1_base64="3uixNOLD7TwJ9GW6Wnc47ISqZqk="></latexit>

PPMI(word1,word2) = max

✓
log2

P (word1,word2)

P (word1)P (word2)
, 0

◆



PPMI - A running example



Zoom poll

Assume that we have a text corpus of 1M tokens, we use the left 4 words and the 
right 4 words as context words, what is N (the denominator for computing these 
probabilities) approximately?

(a) 1M   

(b) 4M  

(c) 8M 

(d) not enough information

The answer is (c). For every word  in the corpus, we need to collect ( ) pairs, j = -4, -3, -2, -1, 1, 2, 3, 4.wi wi, wi+j



Zoom poll

Which of the following statements is correct:

(a) PPMI(cherry, pie) > 0, PPMI(cherry, result) < 0, PPMI(digital, result) > 0

(b) PPMI(cherry, pie) > 0, PPMI(cherry, result) = 0, PPMI(digital, result) > 0

(c) PPMI(cherry, pie) > 0, PPMI(cherry, result) = 0, PPMI(digital, result) = 0

(d) PPMI(cherry, pie) > 0, PPMI(cherry, result) < 0, PPMI(digital, result) < 0

The answer is (c). PPMI never take negative values! See the next slide.



PPMI - A running example

<latexit sha1_base64="9ch7to3vmpOMuFlsnCDAK9aGXo0="></latexit>

PMI(cherry, pie) = log2(0.0377/0.0415/0.0437) = 4.38
<latexit sha1_base64="e+fEK0kHYUL5iHO/4P8VlW44n/A="></latexit>

PMI(cherry, result) = log2(0.0008/0.0415/0.0404) = �1.07
<latexit sha1_base64="DQKFvkWo54BRyQ/Ichg13Bmd6Kk="></latexit>

PMI(digital, result) = log2(0.0073/0.2942/0.0404) = �0.70



From sparse vectors to dense vectors
• Still, the vectors we get from word-word occurrence matrix are sparse 

(most are 0’s) & long (vocabulary size)


• Alternative: we want to represent words as short (50-300 dimensional) & 
dense (real-valued) vectors


• The basis of all the modern NLP systems


employees =

0

BBBBBBBBBBBB@

0.286
0.792
�0.177
�0.107
10.109
�0.542
0.349
0.271
0.487

1

CCCCCCCCCCCCA

<latexit sha1_base64="rlyV9z4BFdXN5ATSBwwve48t4Vs="></latexit><latexit sha1_base64="rlyV9z4BFdXN5ATSBwwve48t4Vs="></latexit><latexit sha1_base64="rlyV9z4BFdXN5ATSBwwve48t4Vs="></latexit><latexit sha1_base64="rlyV9z4BFdXN5ATSBwwve48t4Vs="></latexit>



Why dense vectors?

• Short vectors are easier to use as features in ML systems


• Dense vectors may generalize better than explicit counts


• Sparse vectors can’t capture high-order co-occurrence


•  co-occurs with “car”,  co-occurs with “automobile”


• They should be similar but they aren’t because “car” and “automobile” are 
distinct dimensions


• In practice, they work better!

w1 w2



How to get dense vectors?

Singular value decomposition (SVD) of PPMI weighted co-occurrence matrix

Only keep the top k (e.g., 100) singular values!



How to get dense vectors?

• Singular value decomposition (SVD) of PPMI weighted co-occurrence matrix

• Each row of the matrix W is a -dimensional vector 
for each word 

k
w

• This idea originates from Latent Semantic Analysis (Deerwester 
et al., 1990) (applied on word-document matrix)

• Alternative approach: learning word vectors directly from text

• Popular methods: word2vec (Mikolov et al., 2013), Glove (Pennington et 
al., 2014), FastText (Bojanowski et al., 2017)

• Key idea: Instead of counting how often each word  co-occurs with another word 
 and perform matrix factorization, we use the dense vector of  to predict  (a 

machine learning problem!)

w
v w v



Count-based vs prediction-based word vectors

• Recommended reading: (Baroni et al., 2014)

These context-predicting word vectors are also called word embeddings…



Word2vec and other variants



Word embeddings

• = Learned representations from text for representing words

• Output:

vcat =

0

BB@

�0.224
0.130
�0.290
0.276

1

CCA

<latexit sha1_base64="ZS11t+SATcIQYaaJ4VZuEjXjz0Y="></latexit><latexit sha1_base64="X7JObiHYNXwbsISLOmkjXbSsJws="></latexit><latexit sha1_base64="X7JObiHYNXwbsISLOmkjXbSsJws="></latexit><latexit sha1_base64="yUhkDlYwUUEoQ+3MeiaCkTTY5/M="></latexit>

vdog =

0

BB@

�0.124
0.430
�0.200
0.329

1

CCA

<latexit sha1_base64="7A8Mq63LMTMc+l3UeNcP10h1a/Y="></latexit><latexit sha1_base64="uVvmVkONvo7ZgSwrHlzj6B+jPNQ="></latexit><latexit sha1_base64="uVvmVkONvo7ZgSwrHlzj6B+jPNQ="></latexit><latexit sha1_base64="QWAMEHLqCoErtEma6Wi/777uLqM="></latexit>

vthe =

0

BB@

0.234
0.266
0.239
�0.199

1

CCA

<latexit sha1_base64="odYGt+syjpaXyhzBR2lH0qeQ+vM="></latexit><latexit sha1_base64="kC++ZoeREatr7v57EgIo3XrJSss="></latexit><latexit sha1_base64="kC++ZoeREatr7v57EgIo3XrJSss="></latexit><latexit sha1_base64="nKGHRyDYykkoHfjg5UdytxCiaVE="></latexit>

vlanguage =

0

BB@

0.290
�0.441
0.762
0.982

1

CCA

<latexit sha1_base64="b4xc+Okp2p3fvc/1+aow+HYTGjA="></latexit><latexit sha1_base64="hZMi7uSxdZH/uZAh+zd/W8RR0ZM="></latexit><latexit sha1_base64="hZMi7uSxdZH/uZAh+zd/W8RR0ZM="></latexit><latexit sha1_base64="QL8ADr7tR9srk1Wpqs+QUhsdqR4="></latexit>

f : V ! Rd
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• V: a pre-defined vocabulary


• d: dimension of word vectors (e.g. 300)


• Text corpora:


• Wikipedia + Gigaword 5: 6B tokens


• Twitter: 27B tokens


• Common Crawl: 840B tokens

• Input: a large text corpora, V, d

Each word is represented by a low-dimensional (e.g., d = 300), real-valued vector


Each coordinate/dimension of the vector doesn’t have a particular interpretation




Word embeddings

• Basic property: similar words have similar vectors

word = “sweden”

 ranges between -1 and 1cos(u, v)



Word embeddings

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

• Basic property: similar words have similar vectors



Word embeddings

• They have some other nice properties too!

<latexit sha1_base64="es0YwS886huHywvI34iQv96Vwjg="></latexit>vman � vwoman ⇡ vking � vqueen



Word embeddings

• They have some other nice properties too!

(Mikolov et al, 2013): Exploiting Similarities among Languages for Machine Translation

<latexit sha1_base64="NBjnMjX2WTMYbZaOLaPgzLpJ6NY=">AAACEnicbVBNS8NAEN34WetX1KOXxSK0l5KIqMeiF48V7Ae0pWy2m3bpJht2J6Ul5Dd48a948aCIV0/e/Ddu2wja+mDg8d4MM/O8SHANjvNlrayurW9s5rby2zu7e/v2wWFdy1hRVqNSSNX0iGaCh6wGHARrRoqRwBOs4Q1vpn5jxJTmMryHScQ6AemH3OeUgJG6dmlUbAMbQ0JjAkqmJdwmUaTkGDfwj+WbZWmpaxecsjMDXiZuRgooQ7Vrf7Z7ksYBC4EKonXLdSLoJEQBp4Kl+XasWUTokPRZy9CQBEx3ktlLKT41Sg/7UpkKAc/U3xMJCbSeBJ7pDAgM9KI3Ff/zWjH4V52Eh1EMLKTzRX4sMEg8zQf3uGIUxMQQQhU3t2I6IIpQMCnmTQju4svLpH5Wdi/Kzt15oXKdxZFDx+gEFZGLLlEF3aIqqiGKHtATekGv1qP1bL1Z7/PWFSubOUJ/YH18A4VNngE=</latexit>

v(cuatro) ⇡ Wv(four)


