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Today’s Question:
How to Represent a Word?

2

Computers don’t understand words — they see them as 
symbols.


But can we make a computer understand that ‘king’ and 
‘queen’ are related, or that ‘dog’ is similar to ‘cat’?
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A naive option: One-hot encoding

3

Each word in the vocabulary is assigned a unique index and is represented as a 
binary vector with a single 1 in the position corresponding to the word’s index and 
0s elsewhere. 

Index 0 1 2 3 4

Word cat dog the Language …

Lookup table:

High-dimensional & Sparse

Does not capture semantic meaning of the words (all words are equally distant)
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Need for word meaning
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• With words, a feature is a word identity (= string)

• Requires exact same word to be in the training and testing set

“terrible”  “horrible”≠

• If we can represent word meaning in vectors:

• The previous word was vector [35, 22, 17, …]

• Now in the test set we might see a similar vector [34, 21, 14, …]

• We can generalize to similar but unseen words!!!
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What do words mean?
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• Synonyms: couch/sofa, car/automobile, filbert/hazelnut 
• Antonyms:  dark/light, rise/fall, up/down

• Some words are not synonyms but they share some 

element of meaning

• cat/dog, car/bicycle, cow/horse


• Some words are not similar but they are related 
• coffee/cup, house/door, chef/menu


• Affective meanings or connotations:
SimLex-999

(Osgood et al., 1957)



Berkeley CS 288 

Lexical resources
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https://wordnet.princeton.edu/
(-) Huge amounts of human 
labor to create and maintain
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Distributional hypothesis
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A simple linguistic intuition
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“Words that occur in similar contexts tend to have similar 
meanings.”


Example:

• “The cat sat on the _____.”

• “The dog lay on the _____.”
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Distributional semantics
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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!

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

This idea turns semantics into a statistical problem over text.



Berkeley CS 288 

Distributional semantics
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Quick quiz: Word guessing!
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(Example from Eisenstein’s book)


Everybody likes tezg¨uino.


We make tezg¨uino out of corn.


A bottle of tezg¨uino is on the table.


Don’t have tezg¨uino before you drive.
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Distributional semantics
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How we can do the same thing computationally?

• Count the words in the context of a target word

• See what other words occur in those contexts

We can represent a word’s context using vectors!
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Word-word co-occurrence matrix
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Solution: Let’s use word-word co-occurrence counts to represent the meaning of words!

Each word is represented by the corresponding row vector

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

Very high-dimensional; Most entries are 0s  sparse vectors
⟹
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Measuring similarity
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A common similarity metric: cosine of the 
angle between the two vectors (the larger, 
the more similar the two vectors are)

<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
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Measuring similarity
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What is the range of  if u, v are count vectors?cos(u, v)

(A) [-1, 1]  

(B) [0, 1]

(C) (0, 1)

(D) (-1, 1)

(E) ( , )−∞ +∞

<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 general. In this model, 
all the values of ,  are non-negative. ui vi
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Sparse vs. dense vectors
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Sparse vs. dense vectors
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• The vectors in the word-word occurrence matrix are 

• Long: vocabulary size

• Sparse: most are 0’s


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

• This is the basis for modern NLP systems! 

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>
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Why dense vectors?
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• Short vectors are easier to use as features in ML systems

• Dense vectors may generalize better than explicit counts

• They 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
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How to get short dense vectors?
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• Count-based methods: Singular value decomposition (SVD) of count matrix

We can approximate the full 
matrix by only keeping the top 
k (e.g., 100) singular values!
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How to get short dense vectors?
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(Baroni et al., 2014)

Also called word embeddings!

• Count-based methods: Singular value decomposition (SVD) of count matrix


• Prediction-based methods:

• Vectors are created by training a classifier to predict whether a word c 

(“pie”) is likely to appear in the context of a word w (“cherry”)

• Examples: word2vec (Mikolov et al., 2013), Glove (Pennington et al., 

2014), FastText (Bojanowski et al., 2017)
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Word embeddings



Berkeley CS 288 

Word embeddings
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=  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
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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
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Trained word embeddings available
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• word2vec: https://code.google.com/archive/p/word2vec/ 

• GloVe: https://nlp.stanford.edu/projects/glove/ 

• FastText: https://fasttext.cc/

Differ in algorithms, text corpora, dimensions, cased/uncased…
Applied to many other languages

https://code.google.com/archive/p/word2vec/
https://nlp.stanford.edu/projects/glove/
https://fasttext.cc/
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Word embeddings
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• Basic property: similar words have similar vectors

word = “sweden”w*

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

<latexit sha1_base64="whecXymsAxiBTh1BBG+kUdMg08A=">AAACFXicbVBNSwMxEM3W7/q16tFLsAitSNmVoh5FLx4VbBW6tWTTaQ3NZpdkVi3L/gkv/hUvHhTxKnjz35jWHvx6kPB4b4aZeWEihUHP+3AKE5NT0zOzc8X5hcWlZXdltWHiVHOo81jG+iJkBqRQUEeBEi4SDSwKJZyH/aOhf34N2ohYneEggVbEekp0BWdopba7HSDcYsZ0Lw8idtvObmggFG3kWcBjU4byTWWb2v9yq1LJ227Jq3oj0L/EH5MSGeOk7b4HnZinESjkkhnT9L0EW3YaCi4hLwapgYTxPutB01LFIjCtbHRVTjet0qHdWNunkI7U7x0Zi4wZRKGtjBhemd/eUPzPa6bY3W9lQiUpguJfg7qppBjTYUS0IzRwlANLGNfC7kr5FdOMow2yaEPwf5/8lzR2qv5utXZaKx0cjuOYJetkg5SJT/bIATkmJ6ROOLkjD+SJPDv3zqPz4rx+lRaccc8a+QHn7RMOt54Q</latexit>

argmax
w2V

cos(e(w), e(w⇤))
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Word embeddings
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• They have some other nice properties too!

<latexit sha1_base64="yR+0hD4MjW0oc/F2RDddfqoBR28="></latexit>

b⇤ = argmax
w2V

cos(e(w), e(a⇤)� e(a) + e(b))

Word analogy test: a : a* :: b : b*<latexit sha1_base64="es0YwS886huHywvI34iQv96Vwjg="></latexit>vman � vwoman ⇡ vking � vqueen
<latexit sha1_base64="GBokkfJhp6nuZ2T7/U7T2ZSRLJI="></latexit>vParis � vFrance ⇡ vRome � vItaly
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Word embeddings
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• They have some other nice properties too!

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



Berkeley CS 288 

Embeddings as a window onto historical semantics
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Train embeddings on different decades of historical text to see meanings shift
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Embeddings reflect cultural bias!
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Word embeddings: the learning problem
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Learning vectors from text for representing words


• Input: 


- a large text corpus, 


- vocabulary  

-  vector dimension  (e.g., 300)


• Output: 

V

d

f : V → ℝd

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
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vthe =

0

BB@

0.234
0.266
0.239
�0.199

1

CCA
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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>
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Word2vec
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• (Mikolov et al 2013a): Efficient Estimation of Word Representations in Vector Space


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

Skip-gramContinuous Bag of Words (CBOW)

Tomáš Mikolov
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Skip-gram
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A classification  
problem!

 is a probability 
distribution defined over V: 

P( ⋅ ∣ a)

∑
w∈V

P(w ∣ a) = 1

• Key idea: Use each word to predict other words in its context


•  = given the center word is , what is the probability that 
 is a context word?


• Context: a fixed window of size 2m (m = 2 in the example)

P(b ∣ a) a
b

Key trick: We turn unlabeled text into supervised learning data
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Skip-gram: Intuition (1/2)
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Convert into training data:

(into, problems)

(into, turning)

(into, banking)

(into, crises)

Key trick: We turn unlabeled text into supervised learning data
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Skip-gram: Intuition (1/2)
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Convert into training data:

(into, problems)

(into, turning)

(into, banking)

(into, crises)


(banking, turning)

(banking, into)


(banking, crises)

(banking, as)


…

Key trick: We turn unlabeled text into supervised learning data
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Skip-gram: Intuition (2/2)
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Our goal is to find parameters that can maximize 

P(problems ∣ into) × P(turning ∣ into) × P(banking ∣ into) × P(crises ∣ into) ×

P(turning ∣ banking) × P(into ∣ banking) × P(crises ∣ banking) × P(as ∣ banking)…

Key trick: We turn unlabeled text into supervised learning data

Convert into training data:

(into, problems)

(into, turning)

(into, banking)

(into, crises)


(banking, turning)

(banking, into)


(banking, crises)

(banking, as)


…
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Skim-gram: Objective function
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• For each position , predict context words within context size m, given center word 

: 

t = 1,2,…T
wt

L(✓) =
TY

t=1

Y

�mjm,j 6=0

P (wt+j | wt; ✓)

<latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit>
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Skim-gram: Objective function
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• For each position , predict context words within context size m, given center word 

: 

t = 1,2,…T
wt

L(✓) =
TY

t=1

Y

�mjm,j 6=0

P (wt+j | wt; ✓)

<latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit>

all the parameters to 
be optimized
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Skim-gram: Objective function
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• For each position , predict context words within context size m, given center word 

: 


• It is equivalent to minimizing the (average) negative log likelihood:

t = 1,2,…T
wt

L(✓) =
TY

t=1

Y

�mjm,j 6=0

P (wt+j | wt; ✓)

<latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit>

all the parameters to 
be optimized

J(✓) = � 1

T
logL(✓) = � 1

T

TX

t=1

X

�mjm,j 6=0

logP (wt+j | wt; ✓)

<latexit sha1_base64="23utKwn7ZJE6urpMOKPMcw5eqOk="></latexit><latexit sha1_base64="23utKwn7ZJE6urpMOKPMcw5eqOk="></latexit><latexit sha1_base64="23utKwn7ZJE6urpMOKPMcw5eqOk="></latexit><latexit sha1_base64="23utKwn7ZJE6urpMOKPMcw5eqOk="></latexit>
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• Use two sets of vectors for each word in the vocabulary


   : vector for center word 


   : vector for context word 


• Use inner product  to measure how likely word a appears with context word b


   

ua ∈ ℝd a, ∀a ∈ V

vb ∈ ℝd b, ∀b ∈ V

ua ⋅ vb

P(wt+j |wt) =
exp (uwt

⋅ vwt+j)
∑k∈V exp (uwt

⋅ vk)
Does this term 
seem familiar? 
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• Essentially a |V|-way classification problem


• Recall: multinomial logistic regression:


P(y = c |x) =
exp(wc ⋅ x + bc)

∑m
j=1 exp(wj ⋅ x + bj)

P (wt+j | wt) =
exp(uwt · vwt+j )P
k2V exp(uwt · vk)

<latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="e+z+9fOroxs43UnXStWJ/Sb1g8o="></latexit><latexit sha1_base64="e+z+9fOroxs43UnXStWJ/Sb1g8o="></latexit><latexit sha1_base64="JwMv/sOfzaSR0cvFGLscrahs/c0="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit>

• If we fix  , it is reduced to a multinomial 
logistic regression problem.


• However, since we have to learn both  and  
together, the training objective is non-convex.

uwt

u v
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… vs multinominal logistic regression
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• It is hard to find a global minimum


• But can still use stochastic gradient descent to optimize :θ

✓(t+1) = ✓(t) � ⌘r✓J(✓)
<latexit sha1_base64="2xbrEJR+XVhUcysjVyGPSHic0HY=">AAACJnicbVDLSgNBEJz1GeMr6tHLYBAiYtgVQS+C6EU8RTBRyK5L72RihszOLjO9QljyNV78FS8eIiLe/BQnD/BZMFBd1U1PV5RKYdB1352p6ZnZufnCQnFxaXlltbS23jBJphmvs0Qm+iYCw6VQvI4CJb9JNYc4kvw66p4N/et7ro1I1BX2Uh7EcKdEWzBAK4WlYx87HOE2r+Cut9Onx/RLsOUe9W1BfQWRhDAfe/2LypjshKWyW3VHoH+JNyFlMkEtLA38VsKymCtkEoxpem6KQQ4aBZO8X/Qzw1NgXbjjTUsVxNwE+ejMPt22Sou2E22fQjpSv0/kEBvTiyPbGQN2zG9vKP7nNTNsHwW5UGmGXLHxonYmKSZ0mBltCc0Zyp4lwLSwf6WsAxoY2mSLNgTv98l/SWO/6rlV7/KgfHI6iaNANskWqRCPHJITck5qpE4YeSBPZEBenEfn2Xl13satU85kZoP8gPPxCRNypFM=</latexit><latexit sha1_base64="2xbrEJR+XVhUcysjVyGPSHic0HY=">AAACJnicbVDLSgNBEJz1GeMr6tHLYBAiYtgVQS+C6EU8RTBRyK5L72RihszOLjO9QljyNV78FS8eIiLe/BQnD/BZMFBd1U1PV5RKYdB1352p6ZnZufnCQnFxaXlltbS23jBJphmvs0Qm+iYCw6VQvI4CJb9JNYc4kvw66p4N/et7ro1I1BX2Uh7EcKdEWzBAK4WlYx87HOE2r+Cut9Onx/RLsOUe9W1BfQWRhDAfe/2LypjshKWyW3VHoH+JNyFlMkEtLA38VsKymCtkEoxpem6KQQ4aBZO8X/Qzw1NgXbjjTUsVxNwE+ejMPt22Sou2E22fQjpSv0/kEBvTiyPbGQN2zG9vKP7nNTNsHwW5UGmGXLHxonYmKSZ0mBltCc0Zyp4lwLSwf6WsAxoY2mSLNgTv98l/SWO/6rlV7/KgfHI6iaNANskWqRCPHJITck5qpE4YeSBPZEBenEfn2Xl13satU85kZoP8gPPxCRNypFM=</latexit><latexit sha1_base64="2xbrEJR+XVhUcysjVyGPSHic0HY=">AAACJnicbVDLSgNBEJz1GeMr6tHLYBAiYtgVQS+C6EU8RTBRyK5L72RihszOLjO9QljyNV78FS8eIiLe/BQnD/BZMFBd1U1PV5RKYdB1352p6ZnZufnCQnFxaXlltbS23jBJphmvs0Qm+iYCw6VQvI4CJb9JNYc4kvw66p4N/et7ro1I1BX2Uh7EcKdEWzBAK4WlYx87HOE2r+Cut9Onx/RLsOUe9W1BfQWRhDAfe/2LypjshKWyW3VHoH+JNyFlMkEtLA38VsKymCtkEoxpem6KQQ4aBZO8X/Qzw1NgXbjjTUsVxNwE+ejMPt22Sou2E22fQjpSv0/kEBvTiyPbGQN2zG9vKP7nNTNsHwW5UGmGXLHxonYmKSZ0mBltCc0Zyp4lwLSwf6WsAxoY2mSLNgTv98l/SWO/6rlV7/KgfHI6iaNANskWqRCPHJITck5qpE4YeSBPZEBenEfn2Xl13satU85kZoP8gPPxCRNypFM=</latexit><latexit sha1_base64="2xbrEJR+XVhUcysjVyGPSHic0HY=">AAACJnicbVDLSgNBEJz1GeMr6tHLYBAiYtgVQS+C6EU8RTBRyK5L72RihszOLjO9QljyNV78FS8eIiLe/BQnD/BZMFBd1U1PV5RKYdB1352p6ZnZufnCQnFxaXlltbS23jBJphmvs0Qm+iYCw6VQvI4CJb9JNYc4kvw66p4N/et7ro1I1BX2Uh7EcKdEWzBAK4WlYx87HOE2r+Cut9Onx/RLsOUe9W1BfQWRhDAfe/2LypjshKWyW3VHoH+JNyFlMkEtLA38VsKymCtkEoxpem6KQQ4aBZO8X/Qzw1NgXbjjTUsVxNwE+ejMPt22Sou2E22fQjpSv0/kEBvTiyPbGQN2zG9vKP7nNTNsHwW5UGmGXLHxonYmKSZ0mBltCc0Zyp4lwLSwf6WsAxoY2mSLNgTv98l/SWO/6rlV7/KgfHI6iaNANskWqRCPHJITck5qpE4YeSBPZEBenEfn2Xl13satU85kZoP8gPPxCRNypFM=</latexit>
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• In this formulation, we don’t care about the classification task itself like we do for the logistic 
regression model we saw previously.


• The key point is that the parameters used to optimize this training objective—when the training 
corpus is large enough—can give us very good representations of words (following the 
principle of distributional hypothesis)!
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How many parameters does this model have (i.e. what is size of  )?θ

(a) d|V|   
(b) 2d|V|   
(c) 2m|V| 
(d) 2md|V|






V := Vocabulary
d := dimension of embedding
m := size of context window

The answer is (b).  
Each word has two d-dimensional vectors, so it is .2 × |V | × d
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Word2vec formulation
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Q: Why do we need two vectors for each word? 


• Because one word is not likely to appear in its own context window, e.g.,  

should be low. If we use one set of vectors only, it essentially needs to minimize 


Q:  Which set of vectors are used as  word embeddings? 


• This is an empirical question. Typically just  but you can also concatenate the two vectors..

P(dog ∣ dog)
udog ⋅ udog

uw
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• To train such a model, we need to compute the 
vector gradient  


• Remember that  represents all  model 
parameters, in one vector.

∇θJ(θ) = ?

θ 2d |V |
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@f

@x
=

<latexit sha1_base64="ChLVskzOTZDfN1yqMFtqglj0AMY=">AAACEnicbVDLSsNAFL3xWesr6tLNYBF0UxIRdCMU3bisYB/QlDKZTtqhk0mYmYgl5Bvc+CtuXCji1pU7/8ZJG1BbDwwczrn3zr3HjzlT2nG+rIXFpeWV1dJaeX1jc2vb3tltqiiRhDZIxCPZ9rGinAna0Exz2o4lxaHPacsfXeV+645KxSJxq8cx7YZ4IFjACNZG6tnHXiAxSb0YS80wR0H2w70Q66EfpPdZhi5Qz644VWcCNE/cglSgQL1nf3r9iCQhFZpwrFTHdWLdTfPhhNOs7CWKxpiM8IB2DBU4pKqbTk7K0KFR+iiIpHlCo4n6uyPFoVLj0DeV+ZZq1svF/7xOooPzbspEnGgqyPSjIOFIRyjPB/WZpETzsSGYSGZ2RWSITUbapFg2IbizJ8+T5knVdaruzWmldlnEUYJ9OIAjcOEManANdWgAgQd4ghd4tR6tZ+vNep+WLlhFzx78gfXxDcXVniA=</latexit><latexit sha1_base64="ChLVskzOTZDfN1yqMFtqglj0AMY=">AAACEnicbVDLSsNAFL3xWesr6tLNYBF0UxIRdCMU3bisYB/QlDKZTtqhk0mYmYgl5Bvc+CtuXCji1pU7/8ZJG1BbDwwczrn3zr3HjzlT2nG+rIXFpeWV1dJaeX1jc2vb3tltqiiRhDZIxCPZ9rGinAna0Exz2o4lxaHPacsfXeV+645KxSJxq8cx7YZ4IFjACNZG6tnHXiAxSb0YS80wR0H2w70Q66EfpPdZhi5Qz644VWcCNE/cglSgQL1nf3r9iCQhFZpwrFTHdWLdTfPhhNOs7CWKxpiM8IB2DBU4pKqbTk7K0KFR+iiIpHlCo4n6uyPFoVLj0DeV+ZZq1svF/7xOooPzbspEnGgqyPSjIOFIRyjPB/WZpETzsSGYSGZ2RWSITUbapFg2IbizJ8+T5knVdaruzWmldlnEUYJ9OIAjcOEManANdWgAgQd4ghd4tR6tZ+vNep+WLlhFzx78gfXxDcXVniA=</latexit><latexit sha1_base64="ChLVskzOTZDfN1yqMFtqglj0AMY=">AAACEnicbVDLSsNAFL3xWesr6tLNYBF0UxIRdCMU3bisYB/QlDKZTtqhk0mYmYgl5Bvc+CtuXCji1pU7/8ZJG1BbDwwczrn3zr3HjzlT2nG+rIXFpeWV1dJaeX1jc2vb3tltqiiRhDZIxCPZ9rGinAna0Exz2o4lxaHPacsfXeV+645KxSJxq8cx7YZ4IFjACNZG6tnHXiAxSb0YS80wR0H2w70Q66EfpPdZhi5Qz644VWcCNE/cglSgQL1nf3r9iCQhFZpwrFTHdWLdTfPhhNOs7CWKxpiM8IB2DBU4pKqbTk7K0KFR+iiIpHlCo4n6uyPFoVLj0DeV+ZZq1svF/7xOooPzbspEnGgqyPSjIOFIRyjPB/WZpETzsSGYSGZ2RWSITUbapFg2IbizJ8+T5knVdaruzWmldlnEUYJ9OIAjcOEManANdWgAgQd4ghd4tR6tZ+vNep+WLlhFzx78gfXxDcXVniA=</latexit><latexit sha1_base64="ChLVskzOTZDfN1yqMFtqglj0AMY=">AAACEnicbVDLSsNAFL3xWesr6tLNYBF0UxIRdCMU3bisYB/QlDKZTtqhk0mYmYgl5Bvc+CtuXCji1pU7/8ZJG1BbDwwczrn3zr3HjzlT2nG+rIXFpeWV1dJaeX1jc2vb3tltqiiRhDZIxCPZ9rGinAna0Exz2o4lxaHPacsfXeV+645KxSJxq8cx7YZ4IFjACNZG6tnHXiAxSb0YS80wR0H2w70Q66EfpPdZhi5Qz644VWcCNE/cglSgQL1nf3r9iCQhFZpwrFTHdWLdTfPhhNOs7CWKxpiM8IB2DBU4pKqbTk7K0KFR+iiIpHlCo4n6uyPFoVLj0DeV+ZZq1svF/7xOooPzbspEnGgqyPSjIOFIRyjPB/WZpETzsSGYSGZ2RWSITUbapFg2IbizJ8+T5knVdaruzWmldlnEUYJ9OIAjcOEManANdWgAgQd4ghd4tR6tZ+vNep+WLlhFzx78gfXxDcXVniA=</latexit>

f(x) = x · a
<latexit sha1_base64="bbSHyazU/jOeOwDXwnpe5WIq6Ns=">AAACFHicbVDLSsNAFJ3UV62vqEs3g0WoCCURQTdC0Y3LCvYBTSiTyaQdOsmEmYlYQj7Cjb/ixoUibl2482+ctMFH64GBM+fcy733eDGjUlnWp1FaWFxaXimvVtbWNza3zO2dtuSJwKSFOeOi6yFJGI1IS1HFSDcWBIUeIx1vdJn7nVsiJOXRjRrHxA3RIKIBxUhpqW8eBTUnRGroBelddgjP4c8POtjn6ltAWd+sWnVrAjhP7IJUQYFm3/xwfI6TkEQKMyRlz7Zi5aZIKIoZySpOIkmM8AgNSE/TCIVEuunkqAweaMWHARf6RQpO1N8dKQqlHIeersw3lLNeLv7n9RIVnLkpjeJEkQhPBwUJg4rDPCHoU0GwYmNNEBZU7wrxEAmElc6xokOwZ0+eJ+3jum3V7euTauOiiKMM9sA+qAEbnIIGuAJN0AIY3INH8AxejAfjyXg13qalJaPo2QV/YLx/AXZ6nnY=</latexit><latexit sha1_base64="bbSHyazU/jOeOwDXwnpe5WIq6Ns=">AAACFHicbVDLSsNAFJ3UV62vqEs3g0WoCCURQTdC0Y3LCvYBTSiTyaQdOsmEmYlYQj7Cjb/ixoUibl2482+ctMFH64GBM+fcy733eDGjUlnWp1FaWFxaXimvVtbWNza3zO2dtuSJwKSFOeOi6yFJGI1IS1HFSDcWBIUeIx1vdJn7nVsiJOXRjRrHxA3RIKIBxUhpqW8eBTUnRGroBelddgjP4c8POtjn6ltAWd+sWnVrAjhP7IJUQYFm3/xwfI6TkEQKMyRlz7Zi5aZIKIoZySpOIkmM8AgNSE/TCIVEuunkqAweaMWHARf6RQpO1N8dKQqlHIeersw3lLNeLv7n9RIVnLkpjeJEkQhPBwUJg4rDPCHoU0GwYmNNEBZU7wrxEAmElc6xokOwZ0+eJ+3jum3V7euTauOiiKMM9sA+qAEbnIIGuAJN0AIY3INH8AxejAfjyXg13qalJaPo2QV/YLx/AXZ6nnY=</latexit><latexit sha1_base64="bbSHyazU/jOeOwDXwnpe5WIq6Ns=">AAACFHicbVDLSsNAFJ3UV62vqEs3g0WoCCURQTdC0Y3LCvYBTSiTyaQdOsmEmYlYQj7Cjb/ixoUibl2482+ctMFH64GBM+fcy733eDGjUlnWp1FaWFxaXimvVtbWNza3zO2dtuSJwKSFOeOi6yFJGI1IS1HFSDcWBIUeIx1vdJn7nVsiJOXRjRrHxA3RIKIBxUhpqW8eBTUnRGroBelddgjP4c8POtjn6ltAWd+sWnVrAjhP7IJUQYFm3/xwfI6TkEQKMyRlz7Zi5aZIKIoZySpOIkmM8AgNSE/TCIVEuunkqAweaMWHARf6RQpO1N8dKQqlHIeersw3lLNeLv7n9RIVnLkpjeJEkQhPBwUJg4rDPCHoU0GwYmNNEBZU7wrxEAmElc6xokOwZ0+eJ+3jum3V7euTauOiiKMM9sA+qAEbnIIGuAJN0AIY3INH8AxejAfjyXg13qalJaPo2QV/YLx/AXZ6nnY=</latexit><latexit sha1_base64="bbSHyazU/jOeOwDXwnpe5WIq6Ns=">AAACFHicbVDLSsNAFJ3UV62vqEs3g0WoCCURQTdC0Y3LCvYBTSiTyaQdOsmEmYlYQj7Cjb/ixoUibl2482+ctMFH64GBM+fcy733eDGjUlnWp1FaWFxaXimvVtbWNza3zO2dtuSJwKSFOeOi6yFJGI1IS1HFSDcWBIUeIx1vdJn7nVsiJOXRjRrHxA3RIKIBxUhpqW8eBTUnRGroBelddgjP4c8POtjn6ltAWd+sWnVrAjhP7IJUQYFm3/xwfI6TkEQKMyRlz7Zi5aZIKIoZySpOIkmM8AgNSE/TCIVEuunkqAweaMWHARf6RQpO1N8dKQqlHIeersw3lLNeLv7n9RIVnLkpjeJEkQhPBwUJg4rDPCHoU0GwYmNNEBZU7wrxEAmElc6xokOwZ0+eJ+3jum3V7euTauOiiKMM9sA+qAEbnIIGuAJN0AIY3INH8AxejAfjyXg13qalJaPo2QV/YLx/AXZ6nnY=</latexit>

<latexit sha1_base64="/m3xdlxtyTpKEe8H9bEtq8zkZqw=">AAACEHicbVDLSgMxFL1TX7W+qi7dBIvoQsqMiLosunFZxT6gHUsmzbShmcyQZMQyzCe48VfcuFDErUt3/o1pO4K2HgicnHMv997jRZwpbdtfVm5ufmFxKb9cWFldW98obm7VVRhLQmsk5KFselhRzgStaaY5bUaS4sDjtOENLkZ+445KxUJxo4cRdQPcE8xnBGsjdYr77QDrvucn9+kh+uE4RW0msq+XXKe3prJkl+0x0CxxMlKCDNVO8bPdDUkcUKEJx0q1HDvSboKlZoTTtNCOFY0wGeAebRkqcECVm4wPStGeUbrID6V5QqOx+rsjwYFSw8AzlaMd1bQ3Ev/zWrH2z9yEiSjWVJDJID/mSIdolA7qMkmJ5kNDMJHM7IpIH0tMtMmwYEJwpk+eJfWjsnNStq+OS5XzLI487MAuHIADp1CBS6hCDQg8wBO8wKv1aD1bb9b7pDRnZT3b8AfWxzcMn506</latexit>

x,a 2 Rn
a

<latexit sha1_base64="YWJIstkf+pdgisEWpHWEe8hMiDM=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhRmeDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AHaRpEF</latexit><latexit sha1_base64="YWJIstkf+pdgisEWpHWEe8hMiDM=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhRmeDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AHaRpEF</latexit><latexit sha1_base64="YWJIstkf+pdgisEWpHWEe8hMiDM=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhRmeDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AHaRpEF</latexit><latexit sha1_base64="YWJIstkf+pdgisEWpHWEe8hMiDM=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhRmeDas2tu3OQVeIVpAYFmoPqV38YszTiCpmkxvQ8N0E/oxoFk3xW6aeGJ5RN6Ij3LFU04sbP5oln5MwqQxLG2j6FZK7+3shoZMw0CuxkntAse7n4n9dLMbz2M6GSFLlii4/CVBKMSX4+GQrNGcqpJZRpYbMSNqaaMrQlVWwJ3vLJq6R9Uffcund/WWvcFHWU4QRO4Rw8uIIG3EETWsBAwTO8wptjnBfn3flYjJacYucY/sD5/AHaRpEF</latexit>

@f

@x
= [

@f

@x1
,
@f

@x2
, . . . ,

@f

@xn
]

<latexit sha1_base64="HZ3OPqfmGVCIiKXSn7LF8mBSaow="></latexit><latexit sha1_base64="HZ3OPqfmGVCIiKXSn7LF8mBSaow="></latexit><latexit sha1_base64="HZ3OPqfmGVCIiKXSn7LF8mBSaow="></latexit><latexit sha1_base64="HZ3OPqfmGVCIiKXSn7LF8mBSaow="></latexit>

<latexit sha1_base64="3NffHKYROZfJbFt+nqDPbEGdK3M=">AAACDnicbZDLSsNAFIYnXmu9VV26GSwFQShJEXUjFN24rGAv0IZwMpm0QyeTMDMRS+kTuPFV3LhQxK1rd76N0zQLbf1h4OM/53Dm/H7CmdK2/W0tLa+srq0XNoqbW9s7u6W9/ZaKU0lok8Q8lh0fFOVM0KZmmtNOIilEPqdtf3g9rbfvqVQsFnd6lFA3gr5gISOgjeWVKiG+xA+eA56DTwzUwKsZ6PEg1ipzBHimr2xX7Ux4EZwcyihXwyt99YKYpBEVmnBQquvYiXbHIDUjnE6KvVTRBMgQ+rRrUEBElTvOzpnginECHMbSPKFx5v6eGEOk1CjyTWcEeqDma1Pzv1o31eGFO2YiSTUVZLYoTDnWMZ5mgwMmKdF8ZACIZOavmAxAAtEmwaIJwZk/eRFatapzVrVvT8v1qzyOAjpER+gYOegc1dENaqAmIugRPaNX9GY9WS/Wu/Uxa12y8pkD9EfW5w9cMJkv</latexit>

f = x1a1 + x2a2 + . . .+ xnan
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Warm up:  Vectorized gradients exercises

46

(a)   

(b)  

(c)  

(d) 

w
exp(w ⋅ x)
exp(w ⋅ x)w
x

The answer is (c).


∂
∂xi

=
exp(∑n

k=1 wixi)

∂xi
= exp(

n

∑
k=1

wixi)wi

Let , what is the value of ? (Assume  )f = exp(w ⋅ x)
∂f
∂x

w, x ∈ ℝn

Hints:

• The derivative of  is 

• The derivative of  with respect to  is 

exp(z) exp(z)
w ⋅ x x w
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Let’s compute gradients for word2vec

47

Consider one pair of center/context words :(t, c)

y = � log

✓
exp(ut · vc)P

k2V exp(ut · vk)

◆

<latexit sha1_base64="I2knH7Ic3NO14x5ahBCqS6KnOWM="></latexit><latexit sha1_base64="I2knH7Ic3NO14x5ahBCqS6KnOWM="></latexit><latexit sha1_base64="I2knH7Ic3NO14x5ahBCqS6KnOWM="></latexit><latexit sha1_base64="I2knH7Ic3NO14x5ahBCqS6KnOWM="></latexit>

We need to compute the gradient of  with respect toy

  and ut vk, ∀k ∈ V



Berkeley CS 288 

Overall algorithm

48

• Input: text corpus, embedding size , vocabulary , context size 


• Initialize  randomly  


• Run through the training corpus and for each training instance (t, c):


• Update   ;     


• Update   ;      

d V m

ui, vi ∀i ∈ V

ut ← ut − η
∂y
∂ut

∂y
∂ut

= − vc + ∑
k∈V

P(k | t)vk

vk ← vk − η
∂y
∂vk

, ∀k ∈ V
∂y
∂vk

= {(P(k | t) − 1)ut k = c
P(k | t)ut k ≠ c

Q:  Can you think of any issues with this algorithm?
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Overall algorithm: Problem

49

Problem: every time you get one pair of (t, c), you need to update  with all the words in the 
vocabulary! This is very expensive computationally.


    ;       


vk

∂y
∂ut

= − vc + ∑
k∈V

P(k | t)vk
∂y
∂vk

= {(P(k | t) − 1) ut k = c
P(k | t) ut k ≠ c

P(k | t) =
exp (ut ⋅ vk)

∑j∈V exp (ut ⋅ vj)
Key question: Do we really need to compare the center word against


every word in the vocabulary every time?



Jan 27 lecture starts from here



CS 288 Advanced Natural Language Processing
Course website: cal-cs288.github.io/sp26 

Ed: edstem.org/us/join/XvztdK 

• Class starts at 15:40!

https://cal-cs288.github.io/sp26/
https://edstem.org/us/join/XvztdK
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Announcements

52

• Enrollment:

• Batch 1 codes sent. Please use your code by tomorrow (Wednesday).

• Batch 2 will be sent on Thursday.


• Everyone (including students not enrolled yet) should now have access to Ed and Gradescope

• Assignment 1 is out! (Due in two weeks) 

• Part 1: n-gram LM (our previous lecture)

• Part 2: Text classification (today’s lecture) — involves hidden test set

• Submit on Gradescope (max 5 submissions)


• Please start thinking about the course project!

• Check out the descriptions on the course website.

• Team registration / match request is due 02/10. Teams must have 3 students.

• Feel free to use Ed to find teammates.


• Today’s lecture plan: Finish Word embeddings (20min)  Text classification (60min)→
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Recap: Representing a word

53

One-hot encoding Count vectors

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>

Dense vectors

In particular, learned dense vectors (through shallow neural networks) 
are called word embeddings!
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Recap: Distributional semantics
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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!



Berkeley CS 288 

Recap: Nice properties of word embeddings
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<latexit sha1_base64="yR+0hD4MjW0oc/F2RDddfqoBR28="></latexit>

b⇤ = argmax
w2V

cos(e(w), e(a⇤)� e(a) + e(b))

Word analogy test: a : a* :: b : b*<latexit sha1_base64="es0YwS886huHywvI34iQv96Vwjg="></latexit>vman � vwoman ⇡ vking � vqueen
<latexit sha1_base64="GBokkfJhp6nuZ2T7/U7T2ZSRLJI="></latexit>vParis � vFrance ⇡ vRome � vItaly
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Recap: Word2vec

56

• (Mikolov et al 2013a): Efficient Estimation of Word Representations in Vector Space


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

Skip-gramContinuous Bag of Words (CBOW)

Tomáš Mikolov
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Recap: Skip-gram

57

• Key idea: Use each word to predict other words in its context

Our goal is to find parameters that can maximize 

P(problems ∣ into) × P(turning ∣ into) × P(banking ∣ into) × P(crises ∣ into)
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Recap: Skip-gram

58

• Key idea: Use each word to predict other words in its context

Our goal is to find parameters that can maximize 

P(problems ∣ into) × P(turning ∣ into) × P(banking ∣ into) × P(crises ∣ into) ×

P(turning ∣ banking) × P(into ∣ banking) × P(crises ∣ banking) × P(as ∣ banking)…

Key tricks: 
• We turn unlabeled text into supervised learning data


• We train a model on a prediction task, not for the sake of the 
prediction, but to learn high-quality representations (word 
embeddings) — recurring themes in pre-training 
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• We maximize


• Alternatively, we minimize


• Here, the conditional probability is represented as

Skim-gram: Objective function

59

L(✓) =
TY

t=1

Y

�mjm,j 6=0

P (wt+j | wt; ✓)

<latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit><latexit sha1_base64="eVY3k2h9oFNi4RVzO+rdBhuftGs="></latexit>

J(✓) = � 1

T
logL(✓) = � 1

T

TX

t=1

X

�mjm,j 6=0

logP (wt+j | wt; ✓)

<latexit sha1_base64="23utKwn7ZJE6urpMOKPMcw5eqOk="></latexit><latexit sha1_base64="23utKwn7ZJE6urpMOKPMcw5eqOk="></latexit><latexit sha1_base64="23utKwn7ZJE6urpMOKPMcw5eqOk="></latexit><latexit sha1_base64="23utKwn7ZJE6urpMOKPMcw5eqOk="></latexit>

P (wt+j | wt) =
exp(uwt · vwt+j )P
k2V exp(uwt · vk)

<latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="e+z+9fOroxs43UnXStWJ/Sb1g8o="></latexit><latexit sha1_base64="e+z+9fOroxs43UnXStWJ/Sb1g8o="></latexit><latexit sha1_base64="JwMv/sOfzaSR0cvFGLscrahs/c0="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit><latexit sha1_base64="YxU1x4J5AlDT3J/Dp+p53Qpgi+U="></latexit>

Problem: We need to compute the gradient of  with respect toy   and ut vk, ∀k ∈ V

Why? Because we are essentially comparing the center word against

every word in the vocabulary  Is it necessary?→
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Skip-gram with negative sampling (SGNS): Intuition

60

Instead of doing -way classification, let’s do binary classification

• Previously: Given a pair of words <t, c>, where c is the true context word for t, let’s make sure the 

model predicts c from t among among all  possible candidates.


• Now: Given a pair of words <t, c> where c may or may not be a true context word for t, let’s classify 
whether c is a correct context word or not.

|V |

|V |

Similar to binary logistic regression, but we need to optimize  and  together.u v
<latexit sha1_base64="1WPQF2BDkdmAQ1KJm1BjA8v5N04="></latexit>

P (y = 1 | t, c) = �(ut · vc)
<latexit sha1_base64="KFZkl7CJGgI65UwUdu0LABuRRQ8="></latexit>

p(y = 0 | t, c0) = 1� �(ut · vc0) = �(�ut · vc0)

y = − log (σ(ut ⋅ vc))
P(w): sampling according to 
the frequency of words

−
K

∑
i=1

𝔼j∼P(w) log (σ(−ut ⋅ vj))
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Understanding SGNS

61

In skip-gram with negative sampling (SGNS), how many parameters need to be updated in  

for every (t, c) pair? ( : # of negatives, : dimension)

θ
K d

(a)  

(b)  

(c)  

(d)  

Kd
2Kd
(K + 1)d
(K + 2)d

The answer is (d).  
We need to calculate gradients with respect to  and (K + 1)  
(one positive and K negatives).

ut vi

y = − log (σ(ut ⋅ vc)) −
K

∑
i=1

𝔼j∼P(w) log (σ(−ut ⋅ vj))
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Word2vec

62

• (Mikolov et al 2013a): Efficient Estimation of Word Representations in Vector Space


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

Skip-gramContinuous Bag of Words (CBOW)

Tomáš Mikolov
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Skip-gram vs. CBOW

63

Skip-gram: Trained to predict the 
context words given a target word.

CBOW: Trained to predict the target 
word given its context words.

The cat is on the mat . ……
(center 
word)

The cat is on the mat . ……
(center 
word)
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Skip-gram vs. CBOW

64

Skip-gram Continuous Bag of Words (CBOW)
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CBOW Objective

65

L(✓) =
TY

t=1

P (wt | {wt+j},�m  j  m, j 6= 0)
<latexit sha1_base64="3+l6Abc63xGDhSVFpwKTAlCK8fU="></latexit><latexit sha1_base64="3+l6Abc63xGDhSVFpwKTAlCK8fU="></latexit><latexit sha1_base64="3+l6Abc63xGDhSVFpwKTAlCK8fU="></latexit><latexit sha1_base64="3+l6Abc63xGDhSVFpwKTAlCK8fU="></latexit>

=

Skim-gram used:

where
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Other word embeddings?



Berkeley CS 288 

GloVe: Global Vectors

67

• Take the global co-occurrence statistics: 


• Key idea: let’s approximate  using their co-occurrence counts directly





• Formal objective:





•  : Weighting function, giving more importance to more common pairs, but capped at a certain point


Advantages: Training faster, Scalable to very large corpora

Xi,j

ui ⋅ vj

ui ⋅ vj ≈ log Xi,j

J(θ) = ∑
i,j∈V

f(Xi,j)(ui ⋅ vj + bi + b̃j − log Xi,j)
f

(Pennington et al, 2014): GloVe: Global Vectors for Word Representation
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• Why? Handle rare & out-of-vocabulary words better, captures morphology (plurals, tenses, 
derivations, misspellings)

FastText: Subword Embeddings

68(Bojanowski et al, 2017): Enriching Word Vectors with Subword Information

• Similar to Skip-gram, but break words into character-level n-grams with n = 3 to 6

3-grams: <wh, whe, her, ere, re>


4-grams: <whe, wher, here, ere>


5-grams: <wher, where, here>


6-grams: <where, where>

X

g2n-grams(wi)

ug · vj

<latexit sha1_base64="vjRr+MXndBS39D+Os22ZGPURTaY="></latexit><latexit sha1_base64="vjRr+MXndBS39D+Os22ZGPURTaY="></latexit><latexit sha1_base64="vjRr+MXndBS39D+Os22ZGPURTaY="></latexit><latexit sha1_base64="vjRr+MXndBS39D+Os22ZGPURTaY="></latexit>

ui · vj
<latexit sha1_base64="oX8M9O0Ff2ekfvBmSkoLpI7y8XY=">AAACCHicbVBNS8NAEN3Ur1q/oh49uFgETyURQY9FLx4r2FZoQ9hsNu3azW7Y3RRKyNGLf8WLB0W8+hO8+W/ctBG09cHA470ZZuYFCaNKO86XVVlaXlldq67XNja3tnfs3b2OEqnEpI0FE/IuQIowyklbU83IXSIJigNGusHoqvC7YyIVFfxWTxLixWjAaUQx0kby7cN+jPQwiLI09yns41Bo+CONc//et+tOw5kCLhK3JHVQouXbn/1Q4DQmXGOGlOq5TqK9DElNMSN5rZ8qkiA8QgPSM5SjmCgvmz6Sw2OjhDAS0hTXcKr+nshQrNQkDkxncaOa9wrxP6+X6ujCyyhPUk04ni2KUga1gEUqMKSSYM0mhiAsqbkV4iGSCGuTXc2E4M6/vEg6pw3Xabg3Z/XmZRlHFRyAI3ACXHAOmuAatEAbYPAAnsALeLUerWfrzXqftVascmYf/IH18Q1e4Jov</latexit><latexit sha1_base64="oX8M9O0Ff2ekfvBmSkoLpI7y8XY=">AAACCHicbVBNS8NAEN3Ur1q/oh49uFgETyURQY9FLx4r2FZoQ9hsNu3azW7Y3RRKyNGLf8WLB0W8+hO8+W/ctBG09cHA470ZZuYFCaNKO86XVVlaXlldq67XNja3tnfs3b2OEqnEpI0FE/IuQIowyklbU83IXSIJigNGusHoqvC7YyIVFfxWTxLixWjAaUQx0kby7cN+jPQwiLI09yns41Bo+CONc//et+tOw5kCLhK3JHVQouXbn/1Q4DQmXGOGlOq5TqK9DElNMSN5rZ8qkiA8QgPSM5SjmCgvmz6Sw2OjhDAS0hTXcKr+nshQrNQkDkxncaOa9wrxP6+X6ujCyyhPUk04ni2KUga1gEUqMKSSYM0mhiAsqbkV4iGSCGuTXc2E4M6/vEg6pw3Xabg3Z/XmZRlHFRyAI3ACXHAOmuAatEAbYPAAnsALeLUerWfrzXqftVascmYf/IH18Q1e4Jov</latexit><latexit sha1_base64="oX8M9O0Ff2ekfvBmSkoLpI7y8XY=">AAACCHicbVBNS8NAEN3Ur1q/oh49uFgETyURQY9FLx4r2FZoQ9hsNu3azW7Y3RRKyNGLf8WLB0W8+hO8+W/ctBG09cHA470ZZuYFCaNKO86XVVlaXlldq67XNja3tnfs3b2OEqnEpI0FE/IuQIowyklbU83IXSIJigNGusHoqvC7YyIVFfxWTxLixWjAaUQx0kby7cN+jPQwiLI09yns41Bo+CONc//et+tOw5kCLhK3JHVQouXbn/1Q4DQmXGOGlOq5TqK9DElNMSN5rZ8qkiA8QgPSM5SjmCgvmz6Sw2OjhDAS0hTXcKr+nshQrNQkDkxncaOa9wrxP6+X6ujCyyhPUk04ni2KUga1gEUqMKSSYM0mhiAsqbkV4iGSCGuTXc2E4M6/vEg6pw3Xabg3Z/XmZRlHFRyAI3ACXHAOmuAatEAbYPAAnsALeLUerWfrzXqftVascmYf/IH18Q1e4Jov</latexit><latexit sha1_base64="oX8M9O0Ff2ekfvBmSkoLpI7y8XY=">AAACCHicbVBNS8NAEN3Ur1q/oh49uFgETyURQY9FLx4r2FZoQ9hsNu3azW7Y3RRKyNGLf8WLB0W8+hO8+W/ctBG09cHA470ZZuYFCaNKO86XVVlaXlldq67XNja3tnfs3b2OEqnEpI0FE/IuQIowyklbU83IXSIJigNGusHoqvC7YyIVFfxWTxLixWjAaUQx0kby7cN+jPQwiLI09yns41Bo+CONc//et+tOw5kCLhK3JHVQouXbn/1Q4DQmXGOGlOq5TqK9DElNMSN5rZ8qkiA8QgPSM5SjmCgvmz6Sw2OjhDAS0hTXcKr+nshQrNQkDkxncaOa9wrxP6+X6ujCyyhPUk04ni2KUga1gEUqMKSSYM0mhiAsqbkV4iGSCGuTXc2E4M6/vEg6pw3Xabg3Z/XmZRlHFRyAI3ACXHAOmuAatEAbYPAAnsALeLUerWfrzXqftVascmYf/IH18Q1e4Jov</latexit>

• Replace                     by
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Trained word embeddings available

69

• word2vec: https://code.google.com/archive/p/word2vec/ 

• GloVe: https://nlp.stanford.edu/projects/glove/ 

• FastText: https://fasttext.cc/

Differ in algorithms, text corpora, dimensions, cased/uncased…
Applied to many other languages

https://code.google.com/archive/p/word2vec/
https://nlp.stanford.edu/projects/glove/
https://fasttext.cc/
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Evaluating word embeddings
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Extrinsic vs. intrinsic evaluation
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• Extrinsic evaluation 

• Let’s plug these word embeddings into a real NLP system and see 
whether this improves performance


• Could take a long time but still the most important evaluation 
metric I

( 0.31
−0.28) ( 0.01

−0.91) (1.87
0.03) (−3.17

−0.18) (1.23
1.59)

don’t like this movie

ML model

👎
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• Extrinsic evaluation 

• Let’s plug these word embeddings into a real NLP system and see 
whether this improves performance


• Could take a long time but still the most important evaluation 
metric


• Intrinsic evaluation 

• Evaluate on a specific/intermediate subtask


• Fast to compute 


• Not clear if it really helps downstream tasks 

I

( 0.31
−0.28) ( 0.01

−0.91) (1.87
0.03) (−3.17

−0.18) (1.23
1.59)

don’t like this movie

ML model

👎

Extrinsic vs. intrinsic evaluation
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Intrinsic evaluation: word similarity
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Word similarity 
Example dataset: wordsim-353: 353 pairs of words with human judgement 

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

Metric: Spearman rank correlation

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

cos(u,v) =

P|V |
i=1 uiviqP|V |

i=1 u
2
i

qP|V |
i=1 v

2
i

<latexit sha1_base64="JMbUOvQBplAe8JCwsQJEixz8Dus="></latexit>

cos(u,v) =
u · v

kukkvk

http://www.cs.technion.ac.il/~gabr/resources/data/wordsim353/
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Intrinsic evaluation: word similarity
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SG: Skip-gram
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Intrinsic evaluation: word analogy
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semantic

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

syntactic

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


Metric: accuracy

<latexit sha1_base64="yR+0hD4MjW0oc/F2RDddfqoBR28="></latexit>

b⇤ = argmax
w2V

cos(e(w), e(a⇤)� e(a) + e(b))

Word analogy test: a : a* :: b : b*
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We’ve covered

• What word embeddings are

• How to train them

• How to evaluate them intrinsically and extrinsically


Next question

• How do we actually use word embeddings inside modern NLP models?



Questions?
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• Enrollment related 
• I was already enrolled but got informed that I was removed because my enrollment was due to a 

system error. What happened? Sorry about that. We were informed that you did not meet the eligibility 
criteria and were enrolled due to a system error, and the system automatically corrected it. We do not 
have control over this process. Please join the waitlist via the Google Form on the website. Qualified 
students will be selected using the same criteria.


• Does the time I join the waitlist matter? It does not matter until the end of today. Students added to the 
waitlist starting tomorrow will not be considered.


• When will I hear back? What are my chances? Sorry, we do not know until the 5th class. The capacity 
increase is made by the department, not the course staff. Most students have not received enrollment 
codes yet—we only sent a few to test the system and found that the codes are currently not working. We 
are waiting for the department to resolve this.


• I received an enrollment code today, but I can only waitlist. Apologies for the confusion. The 
department needs to increase the course capacity before enrollment codes can be used. We will notify 
you once codes become active.


• Ed/Gradescope access related: Please contact our GSI, Zineng Tang (email address on the website).

• Slides/recording availability: Slides will be uploaded within 24 hours after each class. Recordings will be 

available starting next week—please stay tuned.


