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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.
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Want to have dense vectors

• Short vectors are easier to use as features in ML systems 
• Dense vectors may generalize better than storing explicit counts 
• They do better at capturing synonymy 

•  co-occurs with “car”,  co-occurs with “automobile”w1 w2

• Different methods for getting dense vectors: 
• Singular value decomposition (SVD) 
• word2vec and friends: “learn” the vectors!
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Count based method 

(known since the 1990s)



How are these embeddings learned?

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”
Use as context:  other words that appear in a span around the target word

Get embeddings by counting or by 
predicting (i.e. training a classifier)!



bottle likes before make corn

tejuino 1 1 1 1 1

loud 0 0 0 0 0

motor-oil 1 0 0 0 0

tortillas 0 1 0 1 1

choices 0 1 0 0 0

wine 1 1 1 0 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”
Use as context:  other words that appear in a span around the target word

How are these embeddings learned?

Learn predictor to fill in the blank!

• Represent each word as a vector 
• Train classifier to predict word using 

context words.

• During training, the word vector is 
updated so that it is possible to predict 
the center word using the context words 



Many different ways to learn the representations

• From context words, predict target word (Masked LM) 

      A bottle of ___ is on the table. 

• From target word, predict other context words. 

      What words go with “tejuino”? 

• From previous words, predict next (target) word (Traditional LM) 

      A bottle of ___ 

      A bottle of tejuino is on the ___
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Many different ways to learn the representations

• Different architectures and models to learn the representations 

• Get sentence embeddings by combining word embeddings 

• Two types of word embeddings 

• Static - mapping of word to embedding 

• Contextual - embedding of word changes based on the context

7



Word2vec and friends
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Download pretrained word embeddings

Word2vec (Mikolov et al.)
https://code.google.com/archive/p/word2vec/
Fasttext http://www.fasttext.cc/

Glove (Pennington, Socher, Manning)
http://nlp.stanford.edu/projects/glove/
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Word2Vec

• Popular embedding method 
• Very fast to train 
• Idea: predict rather than count

Original word2vec formulation: Efficient Estimation of Word Representations in Vector Space (Mikolov et al, 2013a) 

Negative sampling: Distributed Representations of Words and Phrases and their Compositionality (Mikolov et al, 2013b)
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Word2Vec

• Instead of counting how often each word  occurs near “apricot” 
• Train a classifier on a prediction task: 

• Is  likely to show up near “apricot”? 
• There are different ways to formulate this prediction task 
• We will look at “Skip-gram with negative sampling” 

• We don’t actually care about this task (pretext task) 
• But we’ll take the learned classifier weights as the word embeddings

w

w
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(Bengio et al, 2003): A Neural Probabilistic Language Model

Word2Vec

Insight: use running text as implicitly supervised training data! 

• A word  near apricot 

• Act as gold “correct answer” to the question “Is word w likely to show up 
near apricot?” 

• No need for hand-labeled supervision 

• The idea comes from neural language modeling 

• Bengio et al (2003) 

• Collobert et al (2011)

s
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Word2vec

• Input: a large text corpora V, d

• Output:

• : a pre-defined vocabulary 

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

• Text corpora (words  ) 

• Wikipedia + Gigaword 5: 6B 

• Twitter: 27B 

• Common Crawl: 840B

V
d

w1, …, wT

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
<latexit sha1_base64="v4LU3fRnmQUVApJPSDxJstTKueI=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgqiQiKK6KblxWsQ9oYplMJu3QyUyYmSgldOXGX3HjQhG3foM7/8ZJm4W2HrhwOOde7r0nSBhV2nG+rdLC4tLySnm1sra+sbllb++0lEglJk0smJCdACnCKCdNTTUjnUQSFAeMtIPhZe6374lUVPBbPUqIH6M+pxHFSBupZ+9H57AFPUn7A42kFA/Qi5EeBEF2M74Le3bVqTkTwHniFqQKCjR69pcXCpzGhGvMkFJd10m0nyGpKWZkXPFSRRKEh6hPuoZyFBPlZ5M3xvDQKCGMhDTFNZyovycyFCs1igPTmd+oZr1c/M/rpjo68zPKk1QTjqeLopRBLWCeCQypJFizkSEIS2puhXiAJMLaJFcxIbizL8+T1nHNdWru9Um1flHEUQZ74AAcARecgjq4Ag3QBBg8gmfwCt6sJ+vFerc+pq0lq5jZBX9gff4AqouYng==</latexit><latexit sha1_base64="v4LU3fRnmQUVApJPSDxJstTKueI=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgqiQiKK6KblxWsQ9oYplMJu3QyUyYmSgldOXGX3HjQhG3foM7/8ZJm4W2HrhwOOde7r0nSBhV2nG+rdLC4tLySnm1sra+sbllb++0lEglJk0smJCdACnCKCdNTTUjnUQSFAeMtIPhZe6374lUVPBbPUqIH6M+pxHFSBupZ+9H57AFPUn7A42kFA/Qi5EeBEF2M74Le3bVqTkTwHniFqQKCjR69pcXCpzGhGvMkFJd10m0nyGpKWZkXPFSRRKEh6hPuoZyFBPlZ5M3xvDQKCGMhDTFNZyovycyFCs1igPTmd+oZr1c/M/rpjo68zPKk1QTjqeLopRBLWCeCQypJFizkSEIS2puhXiAJMLaJFcxIbizL8+T1nHNdWru9Um1flHEUQZ74AAcARecgjq4Ag3QBBg8gmfwCt6sJ+vFerc+pq0lq5jZBX9gff4AqouYng==</latexit><latexit sha1_base64="v4LU3fRnmQUVApJPSDxJstTKueI=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgqiQiKK6KblxWsQ9oYplMJu3QyUyYmSgldOXGX3HjQhG3foM7/8ZJm4W2HrhwOOde7r0nSBhV2nG+rdLC4tLySnm1sra+sbllb++0lEglJk0smJCdACnCKCdNTTUjnUQSFAeMtIPhZe6374lUVPBbPUqIH6M+pxHFSBupZ+9H57AFPUn7A42kFA/Qi5EeBEF2M74Le3bVqTkTwHniFqQKCjR69pcXCpzGhGvMkFJd10m0nyGpKWZkXPFSRRKEh6hPuoZyFBPlZ5M3xvDQKCGMhDTFNZyovycyFCs1igPTmd+oZr1c/M/rpjo68zPKk1QTjqeLopRBLWCeCQypJFizkSEIS2puhXiAJMLaJFcxIbizL8+T1nHNdWru9Um1flHEUQZ74AAcARecgjq4Ag3QBBg8gmfwCt6sJ+vFerc+pq0lq5jZBX9gff4AqouYng==</latexit><latexit sha1_base64="v4LU3fRnmQUVApJPSDxJstTKueI=">AAACBnicbVDLSsNAFJ3UV62vqEsRBovgqiQiKK6KblxWsQ9oYplMJu3QyUyYmSgldOXGX3HjQhG3foM7/8ZJm4W2HrhwOOde7r0nSBhV2nG+rdLC4tLySnm1sra+sbllb++0lEglJk0smJCdACnCKCdNTTUjnUQSFAeMtIPhZe6374lUVPBbPUqIH6M+pxHFSBupZ+9H57AFPUn7A42kFA/Qi5EeBEF2M74Le3bVqTkTwHniFqQKCjR69pcXCpzGhGvMkFJd10m0nyGpKWZkXPFSRRKEh6hPuoZyFBPlZ5M3xvDQKCGMhDTFNZyovycyFCs1igPTmd+oZr1c/M/rpjo68zPKk1QTjqeLopRBLWCeCQypJFizkSEIS2puhXiAJMLaJFcxIbizL8+T1nHNdWru9Um1flHEUQZ74AAcARecgjq4Ag3QBBg8gmfwCt6sJ+vFerc+pq0lq5jZBX9gff4AqouYng==</latexit>
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Learn  by training classifiers to predict words and take learned weights as word vectors.f



Word2vec

Continuous Bag of Words (CBOW) Skip-grams
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Predict center word from context words Predict context words from center word



Skip-gram

• The idea: we want to use words to predict their context words 
• Context: a fixed window of size 2m (m = 2 in this example)
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Skip-gram: Basic Setup

 Let's represent words as vectors of some length (say 300), randomly iniEalized. 

 So we start with 300 * V random parameters

 Over the enEre training set, we’d like to adjust those word vectors such that we

• Predict the probability distribuEon for how likely a word c is to be a context 
word of a target word t

16

P(c | t)



Skip-gram
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 Training sentence:
 ... lemon, a tablespoon of apricot jam   a   pinch ... 
                          c1              c2     t        c3    c4
 
 Training data: input/output pairs centering on apricot 
 assume a +/- 2 word window

Training data

Goal

 Given a tuple   = target, context
(apricot, jam)
(apricot, aardvark)

 Return probability that  is a real context word:

 

(t, c)

c
P(c | t) Probability distribuEon  

over vocabulary



Skip-gram: objective function

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

t = 1,2,…T
m wj

L(✓) =
TY

t=1

Y

�mjm,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

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

J(✓) = � 1

T
logL(✓) = � 1

T

TX

t=1

X

�mjm,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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Subscript refer to position in corpus 
 refer to word in vocabulary Vwt+j



How to define ?P(wt+j ∣ wt; θ)

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

ui 2 Rd
<latexit sha1_base64="Qsgo7bHXmdt/5AAiowyqkJ/9E+0=">AAACBnicbVBNS8NAEJ3Ur1q/oh5FWCyCp5KIoMeiF49V7Ae0MWy2m3bpZhN2N0IJOXnxr3jxoIhXf4M3/42btgdtfTDweG+GmXlBwpnSjvNtlZaWV1bXyuuVjc2t7R17d6+l4lQS2iQxj2UnwIpyJmhTM81pJ5EURwGn7WB0VfjtByoVi8WdHifUi/BAsJARrI3k24e9COthEGZp7jPUYwJNhSC7ze/7vl11as4EaJG4M1KFGRq+/dXrxySNqNCEY6W6rpNoL8NSM8JpXumliiaYjPCAdg0VOKLKyyZv5OjYKH0UxtKU0Gii/p7IcKTUOApMZ3GjmvcK8T+vm+rwwsuYSFJNBZkuClOOdIyKTFCfSUo0HxuCiWTmVkSGWGKiTXIVE4I7//IiaZ3WXKfm3pxV65ezOMpwAEdwAi6cQx2uoQFNIPAIz/AKb9aT9WK9Wx/T1pI1m9mHP7A+fwB1FZkZ</latexit><latexit sha1_base64="Qsgo7bHXmdt/5AAiowyqkJ/9E+0=">AAACBnicbVBNS8NAEJ3Ur1q/oh5FWCyCp5KIoMeiF49V7Ae0MWy2m3bpZhN2N0IJOXnxr3jxoIhXf4M3/42btgdtfTDweG+GmXlBwpnSjvNtlZaWV1bXyuuVjc2t7R17d6+l4lQS2iQxj2UnwIpyJmhTM81pJ5EURwGn7WB0VfjtByoVi8WdHifUi/BAsJARrI3k24e9COthEGZp7jPUYwJNhSC7ze/7vl11as4EaJG4M1KFGRq+/dXrxySNqNCEY6W6rpNoL8NSM8JpXumliiaYjPCAdg0VOKLKyyZv5OjYKH0UxtKU0Gii/p7IcKTUOApMZ3GjmvcK8T+vm+rwwsuYSFJNBZkuClOOdIyKTFCfSUo0HxuCiWTmVkSGWGKiTXIVE4I7//IiaZ3WXKfm3pxV65ezOMpwAEdwAi6cQx2uoQFNIPAIz/AKb9aT9WK9Wx/T1pI1m9mHP7A+fwB1FZkZ</latexit><latexit sha1_base64="Qsgo7bHXmdt/5AAiowyqkJ/9E+0=">AAACBnicbVBNS8NAEJ3Ur1q/oh5FWCyCp5KIoMeiF49V7Ae0MWy2m3bpZhN2N0IJOXnxr3jxoIhXf4M3/42btgdtfTDweG+GmXlBwpnSjvNtlZaWV1bXyuuVjc2t7R17d6+l4lQS2iQxj2UnwIpyJmhTM81pJ5EURwGn7WB0VfjtByoVi8WdHifUi/BAsJARrI3k24e9COthEGZp7jPUYwJNhSC7ze/7vl11as4EaJG4M1KFGRq+/dXrxySNqNCEY6W6rpNoL8NSM8JpXumliiaYjPCAdg0VOKLKyyZv5OjYKH0UxtKU0Gii/p7IcKTUOApMZ3GjmvcK8T+vm+rwwsuYSFJNBZkuClOOdIyKTFCfSUo0HxuCiWTmVkSGWGKiTXIVE4I7//IiaZ3WXKfm3pxV65ezOMpwAEdwAi6cQx2uoQFNIPAIz/AKb9aT9WK9Wx/T1pI1m9mHP7A+fwB1FZkZ</latexit><latexit sha1_base64="Qsgo7bHXmdt/5AAiowyqkJ/9E+0=">AAACBnicbVBNS8NAEJ3Ur1q/oh5FWCyCp5KIoMeiF49V7Ae0MWy2m3bpZhN2N0IJOXnxr3jxoIhXf4M3/42btgdtfTDweG+GmXlBwpnSjvNtlZaWV1bXyuuVjc2t7R17d6+l4lQS2iQxj2UnwIpyJmhTM81pJ5EURwGn7WB0VfjtByoVi8WdHifUi/BAsJARrI3k24e9COthEGZp7jPUYwJNhSC7ze/7vl11as4EaJG4M1KFGRq+/dXrxySNqNCEY6W6rpNoL8NSM8JpXumliiaYjPCAdg0VOKLKyyZv5OjYKH0UxtKU0Gii/p7IcKTUOApMZ3GjmvcK8T+vm+rwwsuYSFJNBZkuClOOdIyKTFCfSUo0HxuCiWTmVkSGWGKiTXIVE4I7//IiaZ3WXKfm3pxV65ezOMpwAEdwAi6cQx2uoQFNIPAIz/AKb9aT9WK9Wx/T1pI1m9mHP7A+fwB1FZkZ</latexit>

: embedding for target word i

: embedding for context word i’

Q: Why two sets of vectors?

vi0 2 Rd
<latexit sha1_base64="jlnCkKyjEgmmzyrWVfCH8VFvPB4=">AAACCXicbVBNS8NAEJ34WetX1KOXxSJ6KokIeix68VjFfkAby2a7aZduNmF3UyghVy/+FS8eFPHqP/Dmv3HT5qCtDwYe780wM8+POVPacb6tpeWV1bX10kZ5c2t7Z9fe22+qKJGENkjEI9n2saKcCdrQTHPajiXFoc9pyx9d535rTKVikbjXk5h6IR4IFjCCtZF6NuqGWA/9IB1nvZSdZKjLRKH56V320O/ZFafqTIEWiVuQChSo9+yvbj8iSUiFJhwr1XGdWHsplpoRTrNyN1E0xmSEB7RjqMAhVV46/SRDx0bpoyCSpoRGU/X3RIpDpSahbzrzG9W8l4v/eZ1EB5deykScaCrIbFGQcKQjlMeC+kxSovnEEEwkM7ciMsQSE23CK5sQ3PmXF0nzrOo6Vff2vFK7KuIowSEcwSm4cAE1uIE6NIDAIzzDK7xZT9aL9W59zFqXrGLmAP7A+vwBvMiaVw==</latexit><latexit sha1_base64="jlnCkKyjEgmmzyrWVfCH8VFvPB4=">AAACCXicbVBNS8NAEJ34WetX1KOXxSJ6KokIeix68VjFfkAby2a7aZduNmF3UyghVy/+FS8eFPHqP/Dmv3HT5qCtDwYe780wM8+POVPacb6tpeWV1bX10kZ5c2t7Z9fe22+qKJGENkjEI9n2saKcCdrQTHPajiXFoc9pyx9d535rTKVikbjXk5h6IR4IFjCCtZF6NuqGWA/9IB1nvZSdZKjLRKH56V320O/ZFafqTIEWiVuQChSo9+yvbj8iSUiFJhwr1XGdWHsplpoRTrNyN1E0xmSEB7RjqMAhVV46/SRDx0bpoyCSpoRGU/X3RIpDpSahbzrzG9W8l4v/eZ1EB5deykScaCrIbFGQcKQjlMeC+kxSovnEEEwkM7ciMsQSE23CK5sQ3PmXF0nzrOo6Vff2vFK7KuIowSEcwSm4cAE1uIE6NIDAIzzDK7xZT9aL9W59zFqXrGLmAP7A+vwBvMiaVw==</latexit><latexit sha1_base64="jlnCkKyjEgmmzyrWVfCH8VFvPB4=">AAACCXicbVBNS8NAEJ34WetX1KOXxSJ6KokIeix68VjFfkAby2a7aZduNmF3UyghVy/+FS8eFPHqP/Dmv3HT5qCtDwYe780wM8+POVPacb6tpeWV1bX10kZ5c2t7Z9fe22+qKJGENkjEI9n2saKcCdrQTHPajiXFoc9pyx9d535rTKVikbjXk5h6IR4IFjCCtZF6NuqGWA/9IB1nvZSdZKjLRKH56V320O/ZFafqTIEWiVuQChSo9+yvbj8iSUiFJhwr1XGdWHsplpoRTrNyN1E0xmSEB7RjqMAhVV46/SRDx0bpoyCSpoRGU/X3RIpDpSahbzrzG9W8l4v/eZ1EB5deykScaCrIbFGQcKQjlMeC+kxSovnEEEwkM7ciMsQSE23CK5sQ3PmXF0nzrOo6Vff2vFK7KuIowSEcwSm4cAE1uIE6NIDAIzzDK7xZT9aL9W59zFqXrGLmAP7A+vwBvMiaVw==</latexit><latexit sha1_base64="jlnCkKyjEgmmzyrWVfCH8VFvPB4=">AAACCXicbVBNS8NAEJ34WetX1KOXxSJ6KokIeix68VjFfkAby2a7aZduNmF3UyghVy/+FS8eFPHqP/Dmv3HT5qCtDwYe780wM8+POVPacb6tpeWV1bX10kZ5c2t7Z9fe22+qKJGENkjEI9n2saKcCdrQTHPajiXFoc9pyx9d535rTKVikbjXk5h6IR4IFjCCtZF6NuqGWA/9IB1nvZSdZKjLRKH56V320O/ZFafqTIEWiVuQChSo9+yvbj8iSUiFJhwr1XGdWHsplpoRTrNyN1E0xmSEB7RjqMAhVV46/SRDx0bpoyCSpoRGU/X3RIpDpSahbzrzG9W8l4v/eZ1EB5deykScaCrIbFGQcKQjlMeC+kxSovnEEEwkM7ciMsQSE23CK5sQ3PmXF0nzrOo6Vff2vFK7KuIowSEcwSm4cAE1uIE6NIDAIzzDK7xZT9aL9W59zFqXrGLmAP7A+vwBvMiaVw==</latexit>

• Use inner product                      to measure how likely word i 
appears with context word i’, the larger the better

“softmax” we learned before!

ui · vi0
<latexit sha1_base64="RzTZ0bVG1tX3m7GXesoGab/HjRI=">AAACC3icbVBNS8NAEN3Ur1q/oh69LC2ip5KIoMeiF48VbCu0IWw2m3bpZjfsbgol5O7Fv+LFgyJe/QPe/Ddu2gja+mDg8d4MM/OChFGlHefLqqysrq1vVDdrW9s7u3v2/kFXiVRi0sGCCXkfIEUY5aSjqWbkPpEExQEjvWB8Xfi9CZGKCn6npwnxYjTkNKIYaSP5dn0QIz0KoizNfQoHOBQa/kiT3M/oSe7bDafpzACXiVuSBijR9u3PQShwGhOuMUNK9V0n0V6GpKaYkbw2SBVJEB6jIekbylFMlJfNfsnhsVFCGAlpims4U39PZChWahoHprM4Uy16hfif1091dOlllCepJhzPF0Upg1rAIhgYUkmwZlNDEJbU3ArxCEmEtYmvZkJwF19eJt2zpus03dvzRuuqjKMKjkAdnAIXXIAWuAFt0AEYPIAn8AJerUfr2Xqz3uetFaucOQR/YH18A6ZPm2s=</latexit><latexit sha1_base64="RzTZ0bVG1tX3m7GXesoGab/HjRI=">AAACC3icbVBNS8NAEN3Ur1q/oh69LC2ip5KIoMeiF48VbCu0IWw2m3bpZjfsbgol5O7Fv+LFgyJe/QPe/Ddu2gja+mDg8d4MM/OChFGlHefLqqysrq1vVDdrW9s7u3v2/kFXiVRi0sGCCXkfIEUY5aSjqWbkPpEExQEjvWB8Xfi9CZGKCn6npwnxYjTkNKIYaSP5dn0QIz0KoizNfQoHOBQa/kiT3M/oSe7bDafpzACXiVuSBijR9u3PQShwGhOuMUNK9V0n0V6GpKaYkbw2SBVJEB6jIekbylFMlJfNfsnhsVFCGAlpims4U39PZChWahoHprM4Uy16hfif1091dOlllCepJhzPF0Upg1rAIhgYUkmwZlNDEJbU3ArxCEmEtYmvZkJwF19eJt2zpus03dvzRuuqjKMKjkAdnAIXXIAWuAFt0AEYPIAn8AJerUfr2Xqz3uetFaucOQR/YH18A6ZPm2s=</latexit><latexit sha1_base64="RzTZ0bVG1tX3m7GXesoGab/HjRI=">AAACC3icbVBNS8NAEN3Ur1q/oh69LC2ip5KIoMeiF48VbCu0IWw2m3bpZjfsbgol5O7Fv+LFgyJe/QPe/Ddu2gja+mDg8d4MM/OChFGlHefLqqysrq1vVDdrW9s7u3v2/kFXiVRi0sGCCXkfIEUY5aSjqWbkPpEExQEjvWB8Xfi9CZGKCn6npwnxYjTkNKIYaSP5dn0QIz0KoizNfQoHOBQa/kiT3M/oSe7bDafpzACXiVuSBijR9u3PQShwGhOuMUNK9V0n0V6GpKaYkbw2SBVJEB6jIekbylFMlJfNfsnhsVFCGAlpims4U39PZChWahoHprM4Uy16hfif1091dOlllCepJhzPF0Upg1rAIhgYUkmwZlNDEJbU3ArxCEmEtYmvZkJwF19eJt2zpus03dvzRuuqjKMKjkAdnAIXXIAWuAFt0AEYPIAn8AJerUfr2Xqz3uetFaucOQR/YH18A6ZPm2s=</latexit><latexit sha1_base64="RzTZ0bVG1tX3m7GXesoGab/HjRI=">AAACC3icbVBNS8NAEN3Ur1q/oh69LC2ip5KIoMeiF48VbCu0IWw2m3bpZjfsbgol5O7Fv+LFgyJe/QPe/Ddu2gja+mDg8d4MM/OChFGlHefLqqysrq1vVDdrW9s7u3v2/kFXiVRi0sGCCXkfIEUY5aSjqWbkPpEExQEjvWB8Xfi9CZGKCn6npwnxYjTkNKIYaSP5dn0QIz0KoizNfQoHOBQa/kiT3M/oSe7bDafpzACXiVuSBijR9u3PQShwGhOuMUNK9V0n0V6GpKaYkbw2SBVJEB6jIekbylFMlJfNfsnhsVFCGAlpims4U39PZChWahoHprM4Uy16hfif1091dOlllCepJhzPF0Upg1rAIhgYUkmwZlNDEJbU3ArxCEmEtYmvZkJwF19eJt2zpus03dvzRuuqjKMKjkAdnAIXXIAWuAFt0AEYPIAn8AJerUfr2Xqz3uetFaucOQR/YH18A6ZPm2s=</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>

are all the parameters in this model!✓ = {{uk}, {vk}}
<latexit sha1_base64="uE6wEg+cbVDNn7T6D276YV5+N9k=">AAACGHicbVDLSsNAFJ3UV62vqks3g0VwITURQTdC0Y3LCvYBTQiT6aQdOnkwc1MoIZ/hxl9x40IRt935N07TgNp6hoHDOfdy7z1eLLgC0/wySiura+sb5c3K1vbO7l51/6CtokRS1qKRiGTXI4oJHrIWcBCsG0tGAk+wjje6m/mdMZOKR+EjTGLmBGQQcp9TAlpyq+c2DBkQfIPtVL+AwNDz0yRzR3Z2hn+Uca7YmVutmXUzB14mVkFqqEDTrU7tfkSTgIVABVGqZ5kxOCmRwKlgWcVOFIsJHZEB62kakoApJ80Py/CJVvrYj6T+IeBc/d2RkkCpSeDpytmeatGbif95vQT8ayflYZwAC+l8kJ8IDBGepYT7XDIKYqIJoZLrXTEdEkko6CwrOgRr8eRl0r6oW2bderisNW6LOMroCB2jU2ShK9RA96iJWoiiJ/SC3tC78Wy8Gh/G57y0ZBQ9h+gPjOk3ue6g1w==</latexit><latexit sha1_base64="uE6wEg+cbVDNn7T6D276YV5+N9k=">AAACGHicbVDLSsNAFJ3UV62vqks3g0VwITURQTdC0Y3LCvYBTQiT6aQdOnkwc1MoIZ/hxl9x40IRt935N07TgNp6hoHDOfdy7z1eLLgC0/wySiura+sb5c3K1vbO7l51/6CtokRS1qKRiGTXI4oJHrIWcBCsG0tGAk+wjje6m/mdMZOKR+EjTGLmBGQQcp9TAlpyq+c2DBkQfIPtVL+AwNDz0yRzR3Z2hn+Uca7YmVutmXUzB14mVkFqqEDTrU7tfkSTgIVABVGqZ5kxOCmRwKlgWcVOFIsJHZEB62kakoApJ80Py/CJVvrYj6T+IeBc/d2RkkCpSeDpytmeatGbif95vQT8ayflYZwAC+l8kJ8IDBGepYT7XDIKYqIJoZLrXTEdEkko6CwrOgRr8eRl0r6oW2bderisNW6LOMroCB2jU2ShK9RA96iJWoiiJ/SC3tC78Wy8Gh/G57y0ZBQ9h+gPjOk3ue6g1w==</latexit><latexit sha1_base64="uE6wEg+cbVDNn7T6D276YV5+N9k=">AAACGHicbVDLSsNAFJ3UV62vqks3g0VwITURQTdC0Y3LCvYBTQiT6aQdOnkwc1MoIZ/hxl9x40IRt935N07TgNp6hoHDOfdy7z1eLLgC0/wySiura+sb5c3K1vbO7l51/6CtokRS1qKRiGTXI4oJHrIWcBCsG0tGAk+wjje6m/mdMZOKR+EjTGLmBGQQcp9TAlpyq+c2DBkQfIPtVL+AwNDz0yRzR3Z2hn+Uca7YmVutmXUzB14mVkFqqEDTrU7tfkSTgIVABVGqZ5kxOCmRwKlgWcVOFIsJHZEB62kakoApJ80Py/CJVvrYj6T+IeBc/d2RkkCpSeDpytmeatGbif95vQT8ayflYZwAC+l8kJ8IDBGepYT7XDIKYqIJoZLrXTEdEkko6CwrOgRr8eRl0r6oW2bderisNW6LOMroCB2jU2ShK9RA96iJWoiiJ/SC3tC78Wy8Gh/G57y0ZBQ9h+gPjOk3ue6g1w==</latexit><latexit sha1_base64="uE6wEg+cbVDNn7T6D276YV5+N9k=">AAACGHicbVDLSsNAFJ3UV62vqks3g0VwITURQTdC0Y3LCvYBTQiT6aQdOnkwc1MoIZ/hxl9x40IRt935N07TgNp6hoHDOfdy7z1eLLgC0/wySiura+sb5c3K1vbO7l51/6CtokRS1qKRiGTXI4oJHrIWcBCsG0tGAk+wjje6m/mdMZOKR+EjTGLmBGQQcp9TAlpyq+c2DBkQfIPtVL+AwNDz0yRzR3Z2hn+Uca7YmVutmXUzB14mVkFqqEDTrU7tfkSTgIVABVGqZ5kxOCmRwKlgWcVOFIsJHZEB62kakoApJ80Py/CJVvrYj6T+IeBc/d2RkkCpSeDpytmeatGbif95vQT8ayflYZwAC+l8kJ8IDBGepYT7XDIKYqIJoZLrXTEdEkko6CwrOgRr8eRl0r6oW2bderisNW6LOMroCB2jU2ShK9RA96iJWoiiJ/SC3tC78Wy8Gh/G57y0ZBQ9h+gPjOk3ue6g1w==</latexit>
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Normalized over entire vocabulary



How to train the model

Objective function: average log likelihood

Q: How many parameters are in total?

J(✓) = � 1

T
logL(✓) = � 1

T

TX

t=1

X

�mjm,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>

J(✓) = � 1

T
logL(✓) = � 1

T

TX

t=1

X

�mjm,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>

We can apply stochastic gradient descent (SGD)!

Need to compute:

✓(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>

r✓J(✓) =?
<latexit sha1_base64="oFtCj5NE4VIa6vcNKQlly3hbvtM=">AAACA3icbZDLSsNAFIYnXmu9Vd3pJliEuimJCLoRi27EVQV7gSaUk+mkHTqZhJkToYSCG1/FjQtF3PoS7nwbp5eFtv4w8PGfczhz/iARXKPjfFsLi0vLK6u5tfz6xubWdmFnt67jVFFWo7GIVTMAzQSXrIYcBWsmikEUCNYI+tejeuOBKc1jeY+DhPkRdCUPOQU0Vruw70kIBLQzD3sMYXhbmsDxxWW7UHTKzlj2PLhTKJKpqu3Cl9eJaRoxiVSA1i3XSdDPQCGngg3zXqpZArQPXdYyKCFi2s/GNwztI+N07DBW5km0x+7viQwirQdRYDojwJ6erY3M/2qtFMNzP+MySZFJOlkUpsLG2B4FYne4YhTFwABQxc1fbdoDBRRNbHkTgjt78jzUT8quU3bvTouVq2kcOXJADkmJuOSMVMgNqZIaoeSRPJNX8mY9WS/Wu/UxaV2wpjN75I+szx9vapdb</latexit><latexit sha1_base64="oFtCj5NE4VIa6vcNKQlly3hbvtM=">AAACA3icbZDLSsNAFIYnXmu9Vd3pJliEuimJCLoRi27EVQV7gSaUk+mkHTqZhJkToYSCG1/FjQtF3PoS7nwbp5eFtv4w8PGfczhz/iARXKPjfFsLi0vLK6u5tfz6xubWdmFnt67jVFFWo7GIVTMAzQSXrIYcBWsmikEUCNYI+tejeuOBKc1jeY+DhPkRdCUPOQU0Vruw70kIBLQzD3sMYXhbmsDxxWW7UHTKzlj2PLhTKJKpqu3Cl9eJaRoxiVSA1i3XSdDPQCGngg3zXqpZArQPXdYyKCFi2s/GNwztI+N07DBW5km0x+7viQwirQdRYDojwJ6erY3M/2qtFMNzP+MySZFJOlkUpsLG2B4FYne4YhTFwABQxc1fbdoDBRRNbHkTgjt78jzUT8quU3bvTouVq2kcOXJADkmJuOSMVMgNqZIaoeSRPJNX8mY9WS/Wu/UxaV2wpjN75I+szx9vapdb</latexit><latexit sha1_base64="oFtCj5NE4VIa6vcNKQlly3hbvtM=">AAACA3icbZDLSsNAFIYnXmu9Vd3pJliEuimJCLoRi27EVQV7gSaUk+mkHTqZhJkToYSCG1/FjQtF3PoS7nwbp5eFtv4w8PGfczhz/iARXKPjfFsLi0vLK6u5tfz6xubWdmFnt67jVFFWo7GIVTMAzQSXrIYcBWsmikEUCNYI+tejeuOBKc1jeY+DhPkRdCUPOQU0Vruw70kIBLQzD3sMYXhbmsDxxWW7UHTKzlj2PLhTKJKpqu3Cl9eJaRoxiVSA1i3XSdDPQCGngg3zXqpZArQPXdYyKCFi2s/GNwztI+N07DBW5km0x+7viQwirQdRYDojwJ6erY3M/2qtFMNzP+MySZFJOlkUpsLG2B4FYne4YhTFwABQxc1fbdoDBRRNbHkTgjt78jzUT8quU3bvTouVq2kcOXJADkmJuOSMVMgNqZIaoeSRPJNX8mY9WS/Wu/UxaV2wpjN75I+szx9vapdb</latexit><latexit sha1_base64="oFtCj5NE4VIa6vcNKQlly3hbvtM=">AAACA3icbZDLSsNAFIYnXmu9Vd3pJliEuimJCLoRi27EVQV7gSaUk+mkHTqZhJkToYSCG1/FjQtF3PoS7nwbp5eFtv4w8PGfczhz/iARXKPjfFsLi0vLK6u5tfz6xubWdmFnt67jVFFWo7GIVTMAzQSXrIYcBWsmikEUCNYI+tejeuOBKc1jeY+DhPkRdCUPOQU0Vruw70kIBLQzD3sMYXhbmsDxxWW7UHTKzlj2PLhTKJKpqu3Cl9eJaRoxiVSA1i3XSdDPQCGngg3zXqpZArQPXdYyKCFi2s/GNwztI+N07DBW5km0x+7viQwirQdRYDojwJ6erY3M/2qtFMNzP+MySZFJOlkUpsLG2B4FYne4YhTFwABQxc1fbdoDBRRNbHkTgjt78jzUT8quU3bvTouVq2kcOXJADkmJuOSMVMgNqZIaoeSRPJNX8mY9WS/Wu/UxaV2wpjN75I+szx9vapdb</latexit>

✓ = {{uk}, {vk}}
<latexit sha1_base64="uE6wEg+cbVDNn7T6D276YV5+N9k=">AAACGHicbVDLSsNAFJ3UV62vqks3g0VwITURQTdC0Y3LCvYBTQiT6aQdOnkwc1MoIZ/hxl9x40IRt935N07TgNp6hoHDOfdy7z1eLLgC0/wySiura+sb5c3K1vbO7l51/6CtokRS1qKRiGTXI4oJHrIWcBCsG0tGAk+wjje6m/mdMZOKR+EjTGLmBGQQcp9TAlpyq+c2DBkQfIPtVL+AwNDz0yRzR3Z2hn+Uca7YmVutmXUzB14mVkFqqEDTrU7tfkSTgIVABVGqZ5kxOCmRwKlgWcVOFIsJHZEB62kakoApJ80Py/CJVvrYj6T+IeBc/d2RkkCpSeDpytmeatGbif95vQT8ayflYZwAC+l8kJ8IDBGepYT7XDIKYqIJoZLrXTEdEkko6CwrOgRr8eRl0r6oW2bderisNW6LOMroCB2jU2ShK9RA96iJWoiiJ/SC3tC78Wy8Gh/G57y0ZBQ9h+gPjOk3ue6g1w==</latexit><latexit sha1_base64="uE6wEg+cbVDNn7T6D276YV5+N9k=">AAACGHicbVDLSsNAFJ3UV62vqks3g0VwITURQTdC0Y3LCvYBTQiT6aQdOnkwc1MoIZ/hxl9x40IRt935N07TgNp6hoHDOfdy7z1eLLgC0/wySiura+sb5c3K1vbO7l51/6CtokRS1qKRiGTXI4oJHrIWcBCsG0tGAk+wjje6m/mdMZOKR+EjTGLmBGQQcp9TAlpyq+c2DBkQfIPtVL+AwNDz0yRzR3Z2hn+Uca7YmVutmXUzB14mVkFqqEDTrU7tfkSTgIVABVGqZ5kxOCmRwKlgWcVOFIsJHZEB62kakoApJ80Py/CJVvrYj6T+IeBc/d2RkkCpSeDpytmeatGbif95vQT8ayflYZwAC+l8kJ8IDBGepYT7XDIKYqIJoZLrXTEdEkko6CwrOgRr8eRl0r6oW2bderisNW6LOMroCB2jU2ShK9RA96iJWoiiJ/SC3tC78Wy8Gh/G57y0ZBQ9h+gPjOk3ue6g1w==</latexit><latexit sha1_base64="uE6wEg+cbVDNn7T6D276YV5+N9k=">AAACGHicbVDLSsNAFJ3UV62vqks3g0VwITURQTdC0Y3LCvYBTQiT6aQdOnkwc1MoIZ/hxl9x40IRt935N07TgNp6hoHDOfdy7z1eLLgC0/wySiura+sb5c3K1vbO7l51/6CtokRS1qKRiGTXI4oJHrIWcBCsG0tGAk+wjje6m/mdMZOKR+EjTGLmBGQQcp9TAlpyq+c2DBkQfIPtVL+AwNDz0yRzR3Z2hn+Uca7YmVutmXUzB14mVkFqqEDTrU7tfkSTgIVABVGqZ5kxOCmRwKlgWcVOFIsJHZEB62kakoApJ80Py/CJVvrYj6T+IeBc/d2RkkCpSeDpytmeatGbif95vQT8ayflYZwAC+l8kJ8IDBGepYT7XDIKYqIJoZLrXTEdEkko6CwrOgRr8eRl0r6oW2bderisNW6LOMroCB2jU2ShK9RA96iJWoiiJ/SC3tC78Wy8Gh/G57y0ZBQ9h+gPjOk3ue6g1w==</latexit><latexit sha1_base64="uE6wEg+cbVDNn7T6D276YV5+N9k=">AAACGHicbVDLSsNAFJ3UV62vqks3g0VwITURQTdC0Y3LCvYBTQiT6aQdOnkwc1MoIZ/hxl9x40IRt935N07TgNp6hoHDOfdy7z1eLLgC0/wySiura+sb5c3K1vbO7l51/6CtokRS1qKRiGTXI4oJHrIWcBCsG0tGAk+wjje6m/mdMZOKR+EjTGLmBGQQcp9TAlpyq+c2DBkQfIPtVL+AwNDz0yRzR3Z2hn+Uca7YmVutmXUzB14mVkFqqEDTrU7tfkSTgIVABVGqZ5kxOCmRwKlgWcVOFIsJHZEB62kakoApJ80Py/CJVvrYj6T+IeBc/d2RkkCpSeDpytmeatGbif95vQT8ayflYZwAC+l8kJ8IDBGepYT7XDIKYqIJoZLrXTEdEkko6CwrOgRr8eRl0r6oW2bderisNW6LOMroCB2jU2ShK9RA96iJWoiiJ/SC3tC78Wy8Gh/G57y0ZBQ9h+gPjOk3ue6g1w==</latexit>
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Note: because we need to learn both set of 
parameters, this is a non-convex objective function

Parameters:



Computing the gradients
Consider one pair of target/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>

Make sure you know how to do this!21

<latexit sha1_base64="xcKiZA3gp2nlUvhgGOkuUNl/X00="></latexit>

@y

@ut
=

@(�ut · vc + log(
P

k2V exp(ut · vk)))

@ut

= �vc +

P
k2V

@ exp(ut·vk)
@utP

k2V exp(ut · vk)

= �vc +

P
k2V exp(ut · vk)vkP
k02V exp(ut · vk0)

= �vc +
X

k2V

exp(ut · vk)P
k02V exp(ut · vk0)

vk

= �vc +
X

k2V

P (k|t)vk

<latexit sha1_base64="19l+X5FqHnumfdbzDEn33AbGKl8=">AAACBXicbVA9SwNBEN3zM8avU0stFoNgFe5E1M6gjWUE8wG5EPY2c8mS3b1jd08IRxob/4qNhSK2/gc7f4qdm0sKTXww8Hhvhpl5YcKZNp735SwsLi2vrBbWiusbm1vb7s5uXcepolCjMY9VMyQaOJNQM8xwaCYKiAg5NMLB9dhv3IPSLJZ3ZphAW5CeZBGjxFip4x4EfZ0QCpkPYoSDKFaEczzAAZO43nFLXtnLgeeJPyWly+8oR7XjfgbdmKYCpKGcaN3yvcS0M6IMoxxGxSDVYLcNSA9alkoiQLez/IsRPrJKF9sLbEmDc/X3REaE1kMR2k5BTF/PemPxP6+VmuiinTGZpAYknSyKUo5NjMeR4C5TQA0fWkKoYvZWTPtEEWpscEUbgj/78jypn5T9s/LprVeqXKEJCmgfHaJj5KNzVEE3qIpqiKIH9IRe0Kvz6Dw7b877pHXBmc7soT9wPn4AUIebfw==</latexit>

8k 2 V

<latexit sha1_base64="s6TstAFBNS1o2yqwtB423l7cf+A="></latexit>

@y

@vk
=

@(�ut · vc + log(
P

k2V exp(ut · vk)))

@vk

= �1[k = c]ut + P (k|t)ut

<latexit sha1_base64="A+K1sAQYBRm16M7OleZoJAcFt2c="></latexit>

= �ut · vc + log

 
X

k2V

exp(ut · vk)

!

We can pull  out and push  
the denominator inside the sum

<latexit sha1_base64="jnRM2b8i3x70v4WtreJlmQ1bke4=">AAAB9XicbVC7TgMxENwLrxBeAUoaiwiJKrpDCCgDNCmDIA8pOSKf40us2L6T7QuKTuE7aChAiJZ/oeNXqHAeBSSMtNJoZle7O0HMmTau++VklpZXVtey67mNza3tnfzuXk1HiSK0SiIeqUaANeVM0qphhtNGrCgWAaf1oH899usDqjSL5J0ZxtQXuCtZyAg2Vrpv6US00z5qMYlqo3a+4BbdCdAi8WakUCo/+pffg9tKO//Z6kQkEVQawrHWTc+NjZ9iZRjhdJRrJZrGmPRxlzYtlVhQ7aeTq0foyCodFEbKljRoov6eSLHQeigC2ymw6el5byz+5zUTE174KZNxYqgk00VhwpGJ0DgC1GGKEsOHlmCimL0VkR5WmBgbVM6G4M2/vEhqJ0XvrHh6Y9O4gimycACHcAwenEMJylCBKhBQ8AQv8Oo8OM/Om/M+bc04s5l9+APn4we4OJWu</latexit>X

k2V

Note we defined  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>



Putting it together

• Input: text corpus, context size , embedding size , m d V

• Initialize  randomlyui, vi

• Walk through the training corpus and collect training data (t, c):

• Update 

• Update 

ut  ut � ⌘
@y

@ut
<latexit sha1_base64="hfQBrPcT8kKJCvFStxNWjvVIVqA=">AAACPXicbVA9SwNBEN3z2/gVtbRZDIKN4U4ELUUbS4UkCrlwzG3mdHHvg905JRz3x2z8D3Z2NhaK2Nq6F4PfDxYeb97MzrwwU9KQ6947Y+MTk1PTM7O1ufmFxaX68krHpLkW2BapSvVZCAaVTLBNkhSeZRohDhWehpeHVf30CrWRadKiQYa9GM4TGUkBZKWg3vJjoIswKvIyIO4rjAi0Tq/5D32L+0jA/UiDKPwMNElQfFB+8U97QGUZ1Btu0x2C/yXeiDTYCMdB/c7vpyKPMSGhwJiu52bUK6rZQmFZ83ODGYhLOMeupQnEaHrF8PqSb1ilz6NU25cQH6rfOwqIjRnEoXVWS5rftUr8r9bNKdrrFTLJcsJEfHwU5YpTyqsoeV9qFKQGloDQ0u7KxQXYiMgGXrMheL9P/ks6203PbXonO439g1EcM2yNrbNN5rFdts+O2DFrM8Fu2AN7Ys/OrfPovDivH9YxZ9Szyn7AeXsH/8Sw5Q==</latexit><latexit sha1_base64="hfQBrPcT8kKJCvFStxNWjvVIVqA=">AAACPXicbVA9SwNBEN3z2/gVtbRZDIKN4U4ELUUbS4UkCrlwzG3mdHHvg905JRz3x2z8D3Z2NhaK2Nq6F4PfDxYeb97MzrwwU9KQ6947Y+MTk1PTM7O1ufmFxaX68krHpLkW2BapSvVZCAaVTLBNkhSeZRohDhWehpeHVf30CrWRadKiQYa9GM4TGUkBZKWg3vJjoIswKvIyIO4rjAi0Tq/5D32L+0jA/UiDKPwMNElQfFB+8U97QGUZ1Btu0x2C/yXeiDTYCMdB/c7vpyKPMSGhwJiu52bUK6rZQmFZ83ODGYhLOMeupQnEaHrF8PqSb1ilz6NU25cQH6rfOwqIjRnEoXVWS5rftUr8r9bNKdrrFTLJcsJEfHwU5YpTyqsoeV9qFKQGloDQ0u7KxQXYiMgGXrMheL9P/ks6203PbXonO439g1EcM2yNrbNN5rFdts+O2DFrM8Fu2AN7Ys/OrfPovDivH9YxZ9Szyn7AeXsH/8Sw5Q==</latexit><latexit sha1_base64="hfQBrPcT8kKJCvFStxNWjvVIVqA=">AAACPXicbVA9SwNBEN3z2/gVtbRZDIKN4U4ELUUbS4UkCrlwzG3mdHHvg905JRz3x2z8D3Z2NhaK2Nq6F4PfDxYeb97MzrwwU9KQ6947Y+MTk1PTM7O1ufmFxaX68krHpLkW2BapSvVZCAaVTLBNkhSeZRohDhWehpeHVf30CrWRadKiQYa9GM4TGUkBZKWg3vJjoIswKvIyIO4rjAi0Tq/5D32L+0jA/UiDKPwMNElQfFB+8U97QGUZ1Btu0x2C/yXeiDTYCMdB/c7vpyKPMSGhwJiu52bUK6rZQmFZ83ODGYhLOMeupQnEaHrF8PqSb1ilz6NU25cQH6rfOwqIjRnEoXVWS5rftUr8r9bNKdrrFTLJcsJEfHwU5YpTyqsoeV9qFKQGloDQ0u7KxQXYiMgGXrMheL9P/ks6203PbXonO439g1EcM2yNrbNN5rFdts+O2DFrM8Fu2AN7Ys/OrfPovDivH9YxZ9Szyn7AeXsH/8Sw5Q==</latexit><latexit sha1_base64="hfQBrPcT8kKJCvFStxNWjvVIVqA=">AAACPXicbVA9SwNBEN3z2/gVtbRZDIKN4U4ELUUbS4UkCrlwzG3mdHHvg905JRz3x2z8D3Z2NhaK2Nq6F4PfDxYeb97MzrwwU9KQ6947Y+MTk1PTM7O1ufmFxaX68krHpLkW2BapSvVZCAaVTLBNkhSeZRohDhWehpeHVf30CrWRadKiQYa9GM4TGUkBZKWg3vJjoIswKvIyIO4rjAi0Tq/5D32L+0jA/UiDKPwMNElQfFB+8U97QGUZ1Btu0x2C/yXeiDTYCMdB/c7vpyKPMSGhwJiu52bUK6rZQmFZ83ODGYhLOMeupQnEaHrF8PqSb1ilz6NU25cQH6rfOwqIjRnEoXVWS5rftUr8r9bNKdrrFTLJcsJEfHwU5YpTyqsoeV9qFKQGloDQ0u7KxQXYiMgGXrMheL9P/ks6203PbXonO439g1EcM2yNrbNN5rFdts+O2DFrM8Fu2AN7Ys/OrfPovDivH9YxZ9Szyn7AeXsH/8Sw5Q==</latexit>

vk  vk � ⌘
@y

@vk
, 8k 2 V

<latexit sha1_base64="mMKYQXExdRdMc9t7yzb43xvZOkM="></latexit><latexit sha1_base64="mMKYQXExdRdMc9t7yzb43xvZOkM="></latexit><latexit sha1_base64="mMKYQXExdRdMc9t7yzb43xvZOkM="></latexit><latexit sha1_base64="mMKYQXExdRdMc9t7yzb43xvZOkM="></latexit>

Any issues?

22



Problem with Naive softmax

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

ut vk
vk

Negative sampling: instead of considering all the words in V, let’s 
randomly sample K (5-20) negative examples.

softmax:

NS:

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>

23

<latexit sha1_base64="IV6v/YgZgNhR3Hzlt+uKE+197gk="></latexit>

y = � log(�(ut · vc))�
KX

i=1

Ej⇠P (w) log(�(�ut · vj))

<latexit sha1_base64="BRVnBNK2BH837qIR91ME+sjWQkc="></latexit>

@y

@ut
= �vc +

X

k2V

P (k|t)vk

<latexit sha1_base64="HwUHuHcOBR3QXMxXsQw6V8v6Nc8="></latexit>

@y

@vk
= �1[k = c]ut + P (k|t)ut 8k 2 V



Skip-gram with negative sampling (SGNS)

�(x) =
1

1 + exp(�x)
<latexit sha1_base64="Qv4DTd6P1Pmvw3zC7Y/cLIekIGA=">AAACC3icbVDLSgMxFM3UV62vUZduQovQIpaJCLoRim5cVrAP6Awlk2ba0GRmSDLSMnTvxl9x40IRt/6AO//GtJ2Fth64cDjnXu69x485U9pxvq3cyura+kZ+s7C1vbO7Z+8fNFWUSEIbJOKRbPtYUc5C2tBMc9qOJcXC57TlD2+mfuuBSsWi8F6PY+oJ3A9ZwAjWRuraRVexvsDlUQVeQTeQmKRokiJ4Al06isuno8qka5ecqjMDXCYoIyWQod61v9xeRBJBQ004VqqDnFh7KZaaEU4nBTdRNMZkiPu0Y2iIBVVeOvtlAo+N0oNBJE2FGs7U3xMpFkqNhW86BdYDtehNxf+8TqKDSy9lYZxoGpL5oiDhUEdwGgzsMUmJ5mNDMJHM3ArJAJtAtImvYEJAiy8vk+ZZFTlVdHdeql1nceTBESiCMkDgAtTALaiDBiDgETyDV/BmPVkv1rv1MW/NWdnMIfgD6/MH4cOZBg==</latexit><latexit sha1_base64="Qv4DTd6P1Pmvw3zC7Y/cLIekIGA=">AAACC3icbVDLSgMxFM3UV62vUZduQovQIpaJCLoRim5cVrAP6Awlk2ba0GRmSDLSMnTvxl9x40IRt/6AO//GtJ2Fth64cDjnXu69x485U9pxvq3cyura+kZ+s7C1vbO7Z+8fNFWUSEIbJOKRbPtYUc5C2tBMc9qOJcXC57TlD2+mfuuBSsWi8F6PY+oJ3A9ZwAjWRuraRVexvsDlUQVeQTeQmKRokiJ4Al06isuno8qka5ecqjMDXCYoIyWQod61v9xeRBJBQ004VqqDnFh7KZaaEU4nBTdRNMZkiPu0Y2iIBVVeOvtlAo+N0oNBJE2FGs7U3xMpFkqNhW86BdYDtehNxf+8TqKDSy9lYZxoGpL5oiDhUEdwGgzsMUmJ5mNDMJHM3ArJAJtAtImvYEJAiy8vk+ZZFTlVdHdeql1nceTBESiCMkDgAtTALaiDBiDgETyDV/BmPVkv1rv1MW/NWdnMIfgD6/MH4cOZBg==</latexit><latexit sha1_base64="Qv4DTd6P1Pmvw3zC7Y/cLIekIGA=">AAACC3icbVDLSgMxFM3UV62vUZduQovQIpaJCLoRim5cVrAP6Awlk2ba0GRmSDLSMnTvxl9x40IRt/6AO//GtJ2Fth64cDjnXu69x485U9pxvq3cyura+kZ+s7C1vbO7Z+8fNFWUSEIbJOKRbPtYUc5C2tBMc9qOJcXC57TlD2+mfuuBSsWi8F6PY+oJ3A9ZwAjWRuraRVexvsDlUQVeQTeQmKRokiJ4Al06isuno8qka5ecqjMDXCYoIyWQod61v9xeRBJBQ004VqqDnFh7KZaaEU4nBTdRNMZkiPu0Y2iIBVVeOvtlAo+N0oNBJE2FGs7U3xMpFkqNhW86BdYDtehNxf+8TqKDSy9lYZxoGpL5oiDhUEdwGgzsMUmJ5mNDMJHM3ArJAJtAtImvYEJAiy8vk+ZZFTlVdHdeql1nceTBESiCMkDgAtTALaiDBiDgETyDV/BmPVkv1rv1MW/NWdnMIfgD6/MH4cOZBg==</latexit><latexit sha1_base64="Qv4DTd6P1Pmvw3zC7Y/cLIekIGA=">AAACC3icbVDLSgMxFM3UV62vUZduQovQIpaJCLoRim5cVrAP6Awlk2ba0GRmSDLSMnTvxl9x40IRt/6AO//GtJ2Fth64cDjnXu69x485U9pxvq3cyura+kZ+s7C1vbO7Z+8fNFWUSEIbJOKRbPtYUc5C2tBMc9qOJcXC57TlD2+mfuuBSsWi8F6PY+oJ3A9ZwAjWRuraRVexvsDlUQVeQTeQmKRokiJ4Al06isuno8qka5ecqjMDXCYoIyWQod61v9xeRBJBQ004VqqDnFh7KZaaEU4nBTdRNMZkiPu0Y2iIBVVeOvtlAo+N0oNBJE2FGs7U3xMpFkqNhW86BdYDtehNxf+8TqKDSy9lYZxoGpL5oiDhUEdwGgzsMUmJ5mNDMJHM3ArJAJtAtImvYEJAiy8vk+ZZFTlVdHdeql1nceTBESiCMkDgAtTALaiDBiDgETyDV/BmPVkv1rv1MW/NWdnMIfgD6/MH4cOZBg==</latexit>

Similar to training a logistic regression for binary 
classification (but need to optimize u and v together)

24

Key idea: convert the |V|-way classification problem into a binary classification problem

Every time we get a pair of (t,c) words, predict if they co-occur together or not. 
(don’t try to predict the correct c from amongst all the words in the vocabulary)

<latexit sha1_base64="zOIVn7HXX4sI/B8Z4LldLs4ml0o="></latexit>

P (y = 1 | t, c) = �(ut · vc)

<latexit sha1_base64="IV6v/YgZgNhR3Hzlt+uKE+197gk="></latexit>

y = � log(�(ut · vc))�
KX

i=1

Ej⇠P (w) log(�(�ut · vj))



Skip-gram with negative sampling 
(SGNS)

Basic formula: 

1. Treat the target word and a neighboring context word as posiEve examples.

2. Randomly sample other words in the lexicon to get negaEve samples

3. Train a classifier to disEnguish those two cases

4. Use the weights as the embeddings

25



SGNS: Training the classifier

Itera*ve process 

Let's represent words as vectors of some length (say 300), randomly iniEalized. 

So we start with 300 * V random parameters

 Over the enEre training set,  adjust those word vectors  

• Maximize the similarity of the target word, context word pairs (t,c) drawn from 
the posiEve data

• Minimize the similarity of the (t,c) pairs drawn from the negaEve data. 

26



Skip-gram with negative sampling

27

 Training sentence:
 ... lemon, a tablespoon of apricot jam   a   pinch ... 
                          c1              c2     t        c3    c4
 
 Training data: input/output pairs centering on apricot 
 assume a +/- 2 word window

Training data

Goal

 Given a tuple   = target, context
(apricot, jam)
(apricot, aardvark)

 Return probability that  is a real context word:

 

(t, c)

c
P( + | t, c)
P( − | t, c) = 1 − P( + | t, c)



SGNS Training

6.7 • WORD2VEC 17

Equation 6.19 give us the probability for one word, but we need to take account
of the multiple context words in the window. Skip-gram makes the strong but very
useful simplifying assumption that all context words are independent, allowing us to
just multiply their probabilities:

P(+|t,c1:k) =
kY

i=1

1
1+ e�t·ci

(6.21)

logP(+|t,c1:k) =
kX

i=1

log
1

1+ e�t·ci
(6.22)

In summary, skip-gram trains a probabilistic classifier that, given a test target
word t and its context window of k words c1:k, assigns a probability based on how
similar this context window is to the target word. The probability is based on apply-
ing the logistic (sigmoid) function to the dot product of the embeddings of the target
word with each context word. We could thus compute this probability if only we
had embeddings for each word target and context word in the vocabulary. Let’s now
turn to learning these embeddings (which is the real goal of training this classifier in
the first place).

6.7.2 Learning skip-gram embeddings
Word2vec learns embeddings by starting with an initial set of embedding vectors
and then iteratively shifting the embedding of each word w to be more like the em-
beddings of words that occur nearby in texts, and less like the embeddings of words
that don’t occur nearby.

Let’s start by considering a single piece of the training data, from the sentence
above:

... lemon, a [tablespoon of apricot jam, a] pinch ...

c1 c2 t c3 c4

This example has a target word t (apricot), and 4 context words in the L = ±2
window, resulting in 4 positive training instances (on the left below):

positive examples +
t c
apricot tablespoon
apricot of
apricot preserves
apricot or

negative examples -
t c t c
apricot aardvark apricot twelve
apricot puddle apricot hello
apricot where apricot dear
apricot coaxial apricot forever

For training a binary classifier we also need negative examples, and in fact skip-
gram uses more negative examples than positive examples, the ratio set by a param-
eter k. So for each of these (t,c) training instances we’ll create k negative samples,
each consisting of the target t plus a ‘noise word’. A noise word is a random word
from the lexicon, constrained not to be the target word t. The right above shows the
setting where k = 2, so we’ll have 2 negative examples in the negative training set
� for each positive example t,c.

The noise words are chosen according to their weighted unigram frequency
pa(w), where a is a weight. If we were sampling according to unweighted fre-
quency p(w), it would mean that with unigram probability p(“the”) we would choose

• For each posiEve example, we'll create  negaEve examples.
• Using noise words
• Any random word that isn't 

K

t

 Training sentence:
 ... lemon, a tablespoon of apricot jam   a   pinch ... 
                          c1              c2     t        c3    c4
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Choosing noise words
Could pick  according to their unigram frequency   

More common to chose them according to 

 α= ¾ works well because it gives rare noise words slightly higher probability

 To show this, imagine two events  and :

w P(w)

Pα(w)
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the word the as a noise word, with unigram probability p(“aardvark”) we would
choose aardvark, and so on. But in practice it is common to set a = .75, i.e. use the
weighting p

3
4 (w):

Pa(w) =
count(w)a

P
w count(w)a (6.23)

Setting a = .75 gives better performance because it gives rare noise words
slightly higher probability: for rare words, Pa(w) > P(w). To visualize this intu-
ition, it might help to work out the probabilities for an example with two events,
P(a) = .99 and P(b) = .01:

Pa(a) =
.99.75

.99.75 + .01.75 = .97

Pa(b) =
.01.75

.99.75 + .01.75 = .03 (6.24)

Given the set of positive and negative training instances, and an initial set of
embeddings, the goal of the learning algorithm is to adjust those embeddings such
that we

• Maximize the similarity of the target word, context word pairs (t,c) drawn
from the positive examples

• Minimize the similarity of the (t,c) pairs drawn from the negative examples.

We can express this formally over the whole training set as:

L(q) =
X

(t,c)2+
logP(+|t,c)+

X

(t,c)2�
logP(�|t,c) (6.25)

Or, focusing in on one word/context pair (t,c) with its k noise words n1...nk, the
learning objective L is:

L(q) = logP(+|t,c)+
kX

i=1

logP(�|t,ni)

= logs(c · t)+
kX

i=1

logs(�ni · t)

= log
1

1+ e�c·t +
kX

i=1

log
1

1+ eni·t
(6.26)

That is, we want to maximize the dot product of the word with the actual context
words, and minimize the dot products of the word with the k negative sampled non-
neighbor words.

We can then use stochastic gradient descent to train to this objective, iteratively
modifying the parameters (the embeddings for each target word t and each context
word or noise word c in the vocabulary) to maximize the objective.

Note that the skip-gram model thus actually learns two separate embeddings
for each word w: the target embedding t and the context embedding c. Thesetarget

embedding
context

embedding embeddings are stored in two matrices, the target matrix T and the context matrix

p(a) = 0.99 p(b) = 0.01
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That is, we want to maximize the dot product of the word with the actual context
words, and minimize the dot products of the word with the k negative sampled non-
neighbor words.

We can then use stochastic gradient descent to train to this objective, iteratively
modifying the parameters (the embeddings for each target word t and each context
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Note that the skip-gram model thus actually learns two separate embeddings
for each word w: the target embedding t and the context embedding c. Thesetarget

embedding
context

embedding embeddings are stored in two matrices, the target matrix T and the context matrix
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SGNS: objective function

We want to maximize…
 

 

Maximize the + label for the pairs from the posiEve training data,  

and the – label for the pairs sample from the negaEve data.

X

(t,c)2+

logP (+|t, c) +
X

(t,c)2�

logP (�|t, c)
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Focusing on one target word t: 
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That is, we want to maximize the dot product of the word with the actual context
words, and minimize the dot products of the word with the k negative sampled non-
neighbor words.

We can then use stochastic gradient descent to train to this objective, iteratively
modifying the parameters (the embeddings for each target word t and each context
word or noise word c in the vocabulary) to maximize the objective.

Note that the skip-gram model thus actually learns two separate embeddings
for each word w: the target embedding t and the context embedding c. Thesetarget

embedding
context

embedding embeddings are stored in two matrices, the target matrix T and the context matrix
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Skip-gram with negative sampling (SGNS)

�(x) =
1

1 + exp(�x)
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Similar to training a logistic regression for binary 
classification (but need to optimize u and v together)
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Key idea: convert the |V|-way classification problem into a binary classification problem

Every time we get a pair of (t,c) words, predict if they co-occur together or not. 
(don’t try to predict the correct c from amongst all the words in the vocabulary)

<latexit sha1_base64="zOIVn7HXX4sI/B8Z4LldLs4ml0o="></latexit>

P (y = 1 | t, c) = �(ut · vc) http://jalammar.github.io/illustrated-word2vec/

<latexit sha1_base64="IV6v/YgZgNhR3Hzlt+uKE+197gk="></latexit>

y = � log(�(ut · vc))�
KX

i=1

Ej⇠P (w) log(�(�ut · vj))

http://jalammar.github.io/illustrated-word2vec/


Relationship of PMI and Word2Vec

• Word2Vec Skipgram with negative sampling (SGNS) implicitly factorizes word-context 
PMI matrix  

 
 

• Other differences in factorization 
• SGNS factorizes into two unconstrained matrices (vs two orthonormal and one diagonal 

matrix for SVD) 
• The loss used for the factorizing is different 

• SVD - Frobenius norm (Euclidean norm / entrywise L2) 
• Word2Vec SGNS - weighted logistic loss

<latexit sha1_base64="I3vrMH0NJl+mJ83YpE7WgohVXIw=">AAACAHicbVBNS8NAEN34WetX1IMHL8EieCqJKHosetFDoYL9gCaWzXbTLt1swu5ELCEX/4oXD4p49Wd489+4aXPQ1gcDj/dmmJnnx5wpsO1vY2FxaXlltbRWXt/Y3No2d3ZbKkokoU0S8Uh2fKwoZ4I2gQGnnVhSHPqctv3RVe63H6hULBJ3MI6pF+KBYAEjGLTUM/fdEMPQD9J6dp+6QB8hbdRvsqxnVuyqPYE1T5yCVFCBRs/8cvsRSUIqgHCsVNexY/BSLIERTrOymygaYzLCA9rVVOCQKi+dPJBZR1rpW0EkdQmwJurviRSHSo1DX3fm56pZLxf/87oJBBdeykScABVkuihIuAWRladh9ZmkBPhYE0wk07daZIglJqAzK+sQnNmX50nrpOqcVe3b00rtsoijhA7QITpGDjpHNXSNGqiJCMrQM3pFb8aT8WK8Gx/T1gWjmNlDf2B8/gCBjZb9</latexit>

MPMI

<latexit sha1_base64="GcwDLNWaiviiDehy1Rh/aiz5rgE="></latexit>

W ·CT ⇡ MPMI � log k
<latexit sha1_base64="mXeOiaMJrc1PGVkNozB4zpXWPgg="></latexit>�!w ·�!c ⇡ PMI(w, c)� log k
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 is the matrix of word embeddings 
 is the matrix of context embeddings 

 is the number of negative samples, 
and the samples follows the unigram distribution

W
C

k

[Neural Word Embedding as Implicit Matrix Factorization, Levy and Goldberg, 2014]
[Improving Distributional Similarity with Lessons Learned from Word Embeddings, Levy, Goldberg, and Dagan, 2015]



Continuous Bag of Words (CBOW) 

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>

v̄t =
1

2m

X

�mjm,j 6=0

vt+j

<latexit sha1_base64="u3qE2VmpSoWtPsbLZcSm88TLfQ4="></latexit><latexit sha1_base64="u3qE2VmpSoWtPsbLZcSm88TLfQ4="></latexit><latexit sha1_base64="u3qE2VmpSoWtPsbLZcSm88TLfQ4="></latexit><latexit sha1_base64="u3qE2VmpSoWtPsbLZcSm88TLfQ4="></latexit>
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Skip-gram vs CBOW

• CBOW is comparatively faster to train than skip-grams and better for 
frequently occurring words 

• Skip-gram is slower but works well for smaller amount of data and 
works well for less frequently occurring words 

• CBOW is a simpler problem than Skip-gram because in CBOW we 
just need to predict the one center word given many context words
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GloVe: Global Vectors

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

• Let’s take the global co-occurrence statistics:  

• Try to learn word vectors to predict the co-occurence counts (using L2 loss) 
• Function f  to weight loss by frequency of words (from 0 to 1)

Xi,j

• Final word vector:  

• Training faster 

• Scalable to very large corpora
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<latexit sha1_base64="x++hGVhAqJU9WzDmiXqtPwvv7Pg="></latexit>

J =

|V |X

i,j=1

f(Xij)(w
T
i w̃j + bi + b̃j � logXij)

2
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wi + w̃j



GloVe: Global Vectors

(Pennington et al, 2014): GloVe: Global Vectors for Word 
Representation
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FastText: Sub-Word Embeddings

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

• More to come! Contextualized word embeddings

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

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

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

5-grams: <wher, where, here> 

6-grams: <where, where>

• Replace                   byui · vj
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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>
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Note: All the embeddings that we have 
learned are also called “static word 
embeddings”: there is one fixed vector for 
every word in the vocabulary.



Trained word embeddings available

• 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…
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https://code.google.com/archive/p/word2vec/
https://nlp.stanford.edu/projects/glove/
https://fasttext.cc/


Evaluating Word Embeddings
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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

👎

Extrinsic vs intrinsic evaluation

Intrinsic evaluation 

• Evaluate on a specific/intermediate subtask 

• Fast to compute  

• Not clear if it really helps the downstream task
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Intrinsic evaluation

Word similarity 
Example dataset: wordsim-353 
353 pairs of words with human judgement 
http://www.cs.technion.ac.il/~gabr/resources/data/wordsim353/

Cosine similarity:

Metric: Spearman rank correlation
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(Pearson correlation of ranks)

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


Intrinsic evaluation

Word Similarity 
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• Spearman rank 
correlation of word 
vector similarities 
with different 
human judgements 
on different 
datasets 

• All vectors are 300-
dimensional

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



Analogy: Embeddings capture relational meaning! 
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vector(‘king’) - vector(‘man’) + vector(‘woman’)  ≈	vector(‘queen’)

vector(‘Paris’) - vector(‘France’) + vector(‘Italy’) ≈ vector(‘Rome’)

(slide credit: Stanford CS124, Dan Jurafsky)

Intrinsic evaluation

Word analogy 



Intrinsic evaluation

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


Hyperparameters and settings matter
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Word Similarity Analogies

[Improving Distributional Similarity with Lessons Learned from Word Embeddings, Levy, Goldberg, and Dagan, 2015]



Beyond Simple Word Embeddings
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Extensions to word vectors
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• Subword embeddings (FastText) 

• Phrases and multi-word expressions 

• Sense embeddings 

• Embeddings using other types of context, spaces 

• Cross-lingual and cross-modal embeddings 

• Context dependent embeddings (Elmo, BERT)



Simple sentence embeddings 
from word embeddings
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• Take average 

 

• Take weighted average  

 
Weight rare words more 

• Shift sentence embedding  
Let  be matrix whose columns are the sentence vectors , 
and  be the first singular vector of  

 
Basic idea: try to subtract out vector corresponding to syntax  
(assume it is vector associated with first singular value) 
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vs =
1

|s|
X

w2s

vw

<latexit sha1_base64="YViq0RBkXGRbgZQNljfeQ+ModDE="></latexit>

vs =
1

|s|
X

w2s

a

a+ p(w)
vw

Vs vs
u Vs
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v0s = vs � uu>vs

[A simple but tough-to-beat baseline for sentence embeddings, Arora, Liang and Ma, 2017]

All these are BOW models 
Later we will look at models (RNNs) 
that take order into account.



Sense Embeddings

Sense Embeddings
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Improving Word Representations via Global Context and Multiple Word Prototypes [Huang et al, 2012]



Poincaré Embeddings for Learning Hierarchical Representations 
[Nickel and Kiela, 2017]

Syntax as context
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Hyperbolic (Poincare) embeddings 
- Distances grow exponentially as 

points go toward the boundary 
- better for hierarchically organized 

Tree with equally spaced nodes 

Beyond Euclidean spaces

Use dependency parse neighbors as context

Dependency based word embeddings

 [Levy and Goldberg, 2014]



Cross-lingual word embeddings 
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See https://ruder.io/cross-lingual-embeddings/ Bilingual Word Representations with Monolingual Quality in Mind

 [Luong et al, 2015]



Cross-modal embeddings
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Unifying Visual-Semantic Embeddings with Multimodal Neural Language Models

 [Kiros, Salakhutdinov, and Zemel, TACL 2015]



Summary

• Word embeddings can be learned using Word2Vec and GloVe 

• You can also use SVD on PPMI co-occurrence matrix to obtain 
dense word vectors 

• There is connection between Word2Vec and PPMI co-
occurrence matrix 

• Evaluating embeddings 

• Bias in embeddings 

• Some ways to extend embeddings
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