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Many materials from CS224n@Stanford and COS484@Princeton with special thanks!



A classification  
problem!

• Assume that we have a large corpus 


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

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

w1, w2, …, wT ∈ V

 = given the center word is 
, what is the probability that  is a 

context word?

P(b ∣ a)
a b

 is a probability distribution 
defined over V:  
P( ⋅ ∣ a)

∑
w∈V

P(w ∣ a) = 1

We are going to define 
this distribution soon!

Skip-gram



Our goal is to find parameters that can maximize 

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

Convert the training data into:

(into, problems)

(into, turning)

(into, banking)

(into, crises)

(banking, turning)

(banking, into)

(banking, crises)

(banking, as)

…

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

Skip-gram



• 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; ✓)
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all the parameters to be optimized

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

J(✓) = � 1

T
logL(✓) = � 1

T

TX

t=1

X

�mjm,j 6=0

logP (wt+j | wt; ✓)
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Skip-gram: objective function



How to define ?P(wt+j ∣ wt; θ)

• Use two sets of vectors for each word in the vocabulary

: vector for center word ,  ua ∈ ℝd a ∀a ∈ V

: vector for context word ,  vb ∈ ℝd b ∀b ∈ V

• Use inner product  to measure how likely word a appears with context word bua ⋅ vb

P (wt+j | wt) =
exp(uwt · vwt+j )P
k2V exp(uwt · vk)
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Recall that  is a probability 
distribution defined over V…

P( ⋅ ∣ a)

Softmax we have seen in multinomial logistic regression! 



Important note

• 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)!



How many parameters in this model?

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|

d = dimension of each vector

The answer is (b).  
Each word has two d-dimensional vectors, so it is .2 × |V | × d



word2vec formulation

Q:  Why do we need two vectors for each word instead of one?

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

A: 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 ..

P(dog ∣ dog)
udog ⋅ udog

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

uw



How to train this model?

• To train such a model, we need to compute 
the vector gradient r✓J(✓) =?
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• Again,  represents all  model 
parameters, in one vector.

θ 2d |V |

• To train such a model, we can use 
stochastic gradient descent to optimize θ



Vectorized gradients

@f

@x
=
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x,a 2 Rn
a
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@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



Vectorized gradients: exercises

(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 ?f = exp(w ⋅ x)
∂f
∂x

w, x ∈ ℝn



Let’s compute gradients for word2vec

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



Let’s compute gradients for word2vec

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>

<latexit sha1_base64="AQm8od66ADgsKLevvezUHUcuZU4=">AAACFXicbVDLSsNAFJ3UV62vqEs3g0VwISURUTdi0Y3LCvYBTQiT6aQdOpmEmYkQQn7Cjb/ixoUibgV3/o2TNqC2Hhg4nHPvnXuPHzMqlWV9GZWFxaXllepqbW19Y3PL3N7pyCgRmLRxxCLR85EkjHLSVlQx0osFQaHPSNcfXxd+954ISSN+p9KYuCEachpQjJSWPPPICQTCmRMjoShiMM1/uBMiNfKDLMk9lcMLeOmZdathTQDniV2SOijR8sxPZxDhJCRcYYak7NtWrNysmI8ZyWtOIkmM8BgNSV9TjkIi3WxyVQ4PtDKAQST04wpO1N8dGQqlTENfVxaLylmvEP/z+okKzt2M8jhRhOPpR0HCoIpgEREcUEGwYqkmCAuqd4V4hHRMSgdZ0yHYsyfPk85xwz5tWLcn9eZVGUcV7IF9cAhscAaa4Aa0QBtg8ACewAt4NR6NZ+PNeJ+WVoyyZxf8gfHxDSNGn2U=</latexit>

@y

@ut
=?

<latexit sha1_base64="5Zq7MIndM6taTMlfnwlJ4jxmYy8="></latexit>

y = � log(exp(ut · vc)) + log(
X

k2V

exp(ut · vk))

<latexit sha1_base64="sd4LYggtcQ5wNgZO1leuS7tR1vY="></latexit>

= �ut · vc + log(
X

k2V

exp(ut · vk))

<latexit sha1_base64="6C0jMZSDF++msrD5zr4kYCO+lvU="></latexit>

@y

@ut
=

@(�ut · vc)

@ut
+

@(log
P

k2V exp(ut · vk))

@ut
<latexit sha1_base64="i3rOSg6SZdyRhJwqht6CeMJq+qM="></latexit>

= �vc +

@
P

k2V exp(ut·vk)

@utP
k2V exp(ut · vk)

<latexit sha1_base64="BWbVk545z901fNKuy53iGxt+l9g="></latexit>

= �vc +

P
k2V exp(ut · vk) · vkP

k2V exp(ut · vk)

<latexit sha1_base64="mDnDBhF7Drk/Nxt0tlzIFayEHvs="></latexit>

= �vc +
X

k2V

exp(ut · vk)P
k02V exp(ut · vk0)

vk

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>

Recall that

= �vc +
X

k2V

P (k | t)vk

<latexit sha1_base64="8XTrHHuSY4PyKpFCoOahdwSrXuY=">AAACH3icbVDLSgMxFM3UV62vUZdugkWoiGVG6mMjFN24rGAf0ClDJs20YTKZIckUyth+iRt/xY0LRcRd/8b0saitBwKHc84l9x4vZlQqyxoZmZXVtfWN7GZua3tnd8/cP6jJKBGYVHHEItHwkCSMclJVVDHSiAVBocdI3Qvux369R4SkEX9S/Zi0QtTh1KcYKS255tUtPHdCpLqen/YGLoZn0JFJ6KYBdCiHtQGsFILh81CdwrlY4Jp5q2hNAJeJPSN5MEPFNX+cdoSTkHCFGZKyaVuxaqVIKIoZGeScRJIY4QB1SFNTjkIiW+nkvgE80Uob+pHQjys4UecnUhRK2Q89nRzvKBe9sfif10yUf9NKKY8TRTiefuQnDKoIjsuCbSoIVqyvCcKC6l0h7iKBsNKV5nQJ9uLJy6R2UbRLxcvHUr58N6sjC47AMSgAG1yDMngAFVAFGLyAN/ABPo1X4934Mr6n0YwxmzkEf2CMfgHAnaI8</latexit>



Gradients for word2vec

What about context vectors?
<latexit sha1_base64="1pVVFZCx00Cx9Dx0bUhfbQtpU2Q=">AAACE3icbVDLSsNAFJ3UV62vqEs3g0UQFyURUTdC0Y3LCvYBTQiT6aQdOpmEmUkhhPyDG3/FjQtF3Lpx5984aQNq64GBwzn33rn3+DGjUlnWl1FZWl5ZXauu1zY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98U3hdydESBrxe5XGxA3RkNOAYqS05JknTiAQzpwYCUURg2n+w50QqZEfZJPcG+fwyjPrVsOaAi4SuyR1UKLlmZ/OIMJJSLjCDEnZt61YuVkxHTOS15xEkhjhMRqSvqYchUS62fSmHB5pZQCDSOjHFZyqvzsyFEqZhr6uLNaU814h/uf1ExVcuhnlcaIIx7OPgoRBFcEiIDiggmDFUk0QFlTvCvEI6ZCUjrGmQ7DnT14kndOGfd6w7s7qzesyjio4AIfgGNjgAjTBLWiBNsDgATyBF/BqPBrPxpvxPiutGGXPPvgD4+MbGv6e6g==</latexit>

@y

@vk
=

Do it yourself :) 

<latexit sha1_base64="EpcWQRa7HLjfwnO0sIQw3wcWFd8="></latexit>(
(P (k | t)� 1)ut k = c

P (k | t)ut k 6= 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>



Overall algorithm

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

• Initialize  randomly ui, vi ∀i ∈ V

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

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

• 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>

<latexit sha1_base64="AQm8od66ADgsKLevvezUHUcuZU4=">AAACFXicbVDLSsNAFJ3UV62vqEs3g0VwISURUTdi0Y3LCvYBTQiT6aQdOpmEmYkQQn7Cjb/ixoUibgV3/o2TNqC2Hhg4nHPvnXuPHzMqlWV9GZWFxaXllepqbW19Y3PL3N7pyCgRmLRxxCLR85EkjHLSVlQx0osFQaHPSNcfXxd+954ISSN+p9KYuCEachpQjJSWPPPICQTCmRMjoShiMM1/uBMiNfKDLMk9lcMLeOmZdathTQDniV2SOijR8sxPZxDhJCRcYYak7NtWrNysmI8ZyWtOIkmM8BgNSV9TjkIi3WxyVQ4PtDKAQST04wpO1N8dGQqlTENfVxaLylmvEP/z+okKzt2M8jhRhOPpR0HCoIpgEREcUEGwYqkmCAuqd4V4hHRMSgdZ0yHYsyfPk85xwz5tWLcn9eZVGUcV7IF9cAhscAaa4Aa0QBtg8ACewAt4NR6NZ+PNeJ+WVoyyZxf8gfHxDSNGn2U=</latexit>

@y

@ut
=?= �vc +

X

k2V

P (k | t)vk

<latexit sha1_base64="8XTrHHuSY4PyKpFCoOahdwSrXuY=">AAACH3icbVDLSgMxFM3UV62vUZdugkWoiGVG6mMjFN24rGAf0ClDJs20YTKZIckUyth+iRt/xY0LRcRd/8b0saitBwKHc84l9x4vZlQqyxoZmZXVtfWN7GZua3tnd8/cP6jJKBGYVHHEItHwkCSMclJVVDHSiAVBocdI3Qvux369R4SkEX9S/Zi0QtTh1KcYKS255tUtPHdCpLqen/YGLoZn0JFJ6KYBdCiHtQGsFILh81CdwrlY4Jp5q2hNAJeJPSN5MEPFNX+cdoSTkHCFGZKyaVuxaqVIKIoZGeScRJIY4QB1SFNTjkIiW+nkvgE80Uob+pHQjys4UecnUhRK2Q89nRzvKBe9sfif10yUf9NKKY8TRTiefuQnDKoIjsuCbSoIVqyvCcKC6l0h7iKBsNKV5nQJ9uLJy6R2UbRLxcvHUr58N6sjC47AMSgAG1yDMngAFVAFGLyAN/ABPo1X4934Mr6n0YwxmzkEf2CMfgHAnaI8</latexit>

Convert the training data into:

(into, problems)

(into, turning)

(into, banking)

(into, crises)

(banking, turning)

(banking, into)

(banking, crises)

(banking, as)

…

• Update 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>

<latexit sha1_base64="1pVVFZCx00Cx9Dx0bUhfbQtpU2Q=">AAACE3icbVDLSsNAFJ3UV62vqEs3g0UQFyURUTdC0Y3LCvYBTQiT6aQdOpmEmUkhhPyDG3/FjQtF3Lpx5984aQNq64GBwzn33rn3+DGjUlnWl1FZWl5ZXauu1zY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98U3hdydESBrxe5XGxA3RkNOAYqS05JknTiAQzpwYCUURg2n+w50QqZEfZJPcG+fwyjPrVsOaAi4SuyR1UKLlmZ/OIMJJSLjCDEnZt61YuVkxHTOS15xEkhjhMRqSvqYchUS62fSmHB5pZQCDSOjHFZyqvzsyFEqZhr6uLNaU814h/uf1ExVcuhnlcaIIx7OPgoRBFcEiIDiggmDFUk0QFlTvCvEI6ZCUjrGmQ7DnT14kndOGfd6w7s7qzesyjio4AIfgGNjgAjTBLWiBNsDgATyBF/BqPBrPxpvxPiutGGXPPvgD4+MbGv6e6g==</latexit>

@y

@vk
=

<latexit sha1_base64="EpcWQRa7HLjfwnO0sIQw3wcWFd8="></latexit>(
(P (k | t)� 1)ut k = c

P (k | t)ut k 6= c



Skip-gram with negative sampling (SGNS)

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

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

K

softmax:

Negative sampling:

y = � log

✓
exp(ut · vc)P

k2V exp(ut · vk)

◆
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(P (k | t)� 1)ut k = c

P (k | t)ut k 6= c

�(x) =
1

1 + exp(�x)
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Skip-gram with negative sampling (SGNS)

Key idea: Convert the -way classification into a set of binary classification tasks.|V |

Every time we get a pair of words (t, c), we don’t predict c among all the words in the 
vocabulary. Instead, we predict (t, c) is a positive pair, and (t, c’) is a negative pair for a 
small number of sampled c’.

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

P(w): sampling according to 
the frequency of words



Understanding SGNS

In skip-gram with negative sampling (SGNS), how many parameters need to be 
updated in  for every (t, c) pair?θ

(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



The intuition of SGNS



Continuous Bag of Words (CBOW) 

L(✓) =
TY

t=1

P (wt | {wt+j},�m  j  m, j 6= 0)
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v̄t =
1

2m

X

�mjm,j 6=0

vt+j
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Skip-gram Continuous Bag of Words (CBOW)



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…
Applied to many other languages

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


Easy to use!



Evaluating word embeddings



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 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 evaluation

A straightforward solution: given an input sentence 
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Instead of using a bag-of-words model, we can compute 
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vec(x) = e(x1) + e(x2) + . . .+ e(xn)

And then train a logistic regression classifier on  as we did before!vec(x)
There are much better ways to do this e.g., take word 
embeddings as input of neural networks



Intrinsic evaluation: word similarity
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

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


SG: Skip-gram

Intrinsic evaluation: word similarity



Intrinsic evaluation: word analogy

 

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*

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


 

Intrinsic evaluation: word analogy

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


 

Static embeddings: word2vec

word2vec: context-free word embeddings


open a bank account on the river bank 

[0.3, 0.2, -0.8, ...]

word2vec  


Mikolov et al., 2013

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


 

Contextual embeddings: BERT, GPT…

BERT: contextual word embeddings


open a bank account on the river bank 

BERT  


Devlin et al., 2018

[-1.9, -0.4, 0.1, ...][0.9, -0.2, 1.6, ...]

We will introduce BERT/GPT soon in this class!

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

