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Approaches for representing words

Count-based approaches


• Used since the 90s


• Sparse word-context PPMI matrix


• Decomposed with SVD

Prediction-based approaches  
(word embeddings)


• Formulated as a machine learning problem


• Word2vec (Mikolov et al., 2013)


• GloVe (Pennington et al., 2014)

Underlying theory: The Distributional Hypothesis (Firth, '57)

“Similar words occur in similar contexts”



Word embeddings

• Learned vectors 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 =
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<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 =
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<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
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<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>

• Text corpora:


• Wikipedia + Gigaword 5: 6B tokens


• Twitter: 27B tokens


• Common Crawl: 840B tokens

• Input: a large text corpus, vocabulary V, 
vector dimension d

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


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




Word embeddings

• Basic property: similar words have similar vectors

word = “sweden”

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



Word embeddings

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

• Basic property: similar words have similar vectors



Word embeddings

• They have some other nice properties too!

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



Word embeddings

• They have some other nice properties too!

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

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

v(cuatro) ⇡ Wv(four)



word2vec

• (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)



Skip-gram

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


• Assume that we have a large corpus 


• Context: a fixed window of size 2m (m = 2 in the example)
w1, w2, …, wT ∈ V

A classification problem!



Skip-gram

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)…



Skip-gram: objective function

• 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

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

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>



How to define ?P(wt+j ∣ wt; θ)

• Use 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 center word i,  ∀i ∈ V

: embedding for context word i’,  ∀i′￼∈ Vvi0 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>

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>• Use inner product                   to measure how likely word i appears with context 

word i’

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>

Softmax we learned in multinomial logistic regression! 



… vs multinominal logistic regression

• Essentially a |V|-way classification problem

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.

uwt

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

u v



… vs multinominal logistic regression

• 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>



Poll

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]



word2vec formulation

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

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



word2vec formulation

• 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 to train this model?

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

• Again,  represents all  model 
parameters, in one vector.

θ 2d |V |



Warmup: Vectorized gradients

@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



Vectorized gradients

<latexit sha1_base64="HLBwHROgrWifl472N6SRazXmXrs=">AAACFXicbVDLSsNAFJ3UV62vqEs3g0VwISURUXFVdOOyin1AE8tkOmmHTmbCzEQpoT/hxl9x40IRt4I7/8ZJm0VtPXDhcM693HtPEDOqtOP8WIWFxaXlleJqaW19Y3PL3t5pKJFITOpYMCFbAVKEUU7qmmpGWrEkKAoYaQaDq8xvPhCpqOB3ehgTP0I9TkOKkTZSxz4KL6AXId0PgvR2dM+hxwTvSdrraySleJw2o45ddirOGHCeuDkpgxy1jv3tdQVOIsI1ZkiptuvE2k+R1BQzMip5iSIxwgPUI21DOYqI8tPxVyN4YJQuDIU0xTUcq9MTKYqUGkaB6cxuVLNeJv7ntRMdnvsp5XGiCceTRWHCoBYwiwh2qSRYs6EhCEtqboW4jyTC2gRZMiG4sy/Pk8ZxxT2tODcn5eplHkcR7IF9cAhccAaq4BrUQB1g8ARewBt4t56tV+vD+py0Fqx8Zhf8gfX1Cy/Yn3w=</latexit>

f : Rn �! Rm

Next, we are going to compute gradients with respect to many variables together and 
write them in vector/matrix notations.

@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>

<latexit sha1_base64="hAgZOzrwE5eklBHaxtwmjnbLKgw=">AAACFHicbVDLSgMxFL1TX7W+qi7dBItQEcqMiLoRim5cVrEPaGvJpJk2NJMZkoxYhvkIN/6KGxeKuHXhzr8xbQfU1gOBc8+5l9x73JAzpW37y8rMzS8sLmWXcyura+sb+c2tmgoiSWiVBDyQDRcrypmgVc00p41QUuy7nNbdwcXIr99RqVggbvQwpG0f9wTzGMHaSJ38gVds+Vj3XS++T/bRGfqpUIuJtHTj6+TWdBfskj0GmiVOSgqQotLJf7a6AYl8KjThWKmmY4e6HWOpGeE0ybUiRUNMBrhHm4YK7FPVjsdHJWjPKF3kBdI8odFY/T0RY1+poe+aztGOatobif95zUh7p+2YiTDSVJDJR17EkQ7QKCHUZZISzYeGYCKZ2RWRPpaYaJNjzoTgTJ88S2qHJee4ZF8dFcrnaRxZ2IFdKIIDJ1CGS6hAFQg8wBO8wKv1aD1bb9b7pDVjpTPb8AfWxzdQCZ5h</latexit>

f(x) = x 2 Rn

<latexit sha1_base64="SMU6Jxt2LrwBmdrchUQH4rm2Idc="></latexit>

@fi
@xj

=

(
1 i = j

0 i 6= j

<latexit sha1_base64="5DikCHEIiHxczlfbPU/XFY1WUa8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi94q2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaHSPJaPZpygH9GB5CFn1Fjp4a4ne+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8MrPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt5F1b0/r9Su8ziKcATHcAoeXEINbqEODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QMiMI2z</latexit>

In



Poll

Let                    ,                              , what is the value of       ? 

(a)  


(b) 

(c) 

(d) 

W
W⊺

<latexit sha1_base64="8+GaWn8MWQgcYkj5A72v2BRwIXM=">AAACD3icbVDLSsNAFL3xWesr6tLNYFFclUREXRbduKxgH9CUMplO2qGTSZiZiCXkD9z4K25cKOLWrTv/xkkbUFsPDBzOuffOvcePOVPacb6shcWl5ZXV0lp5fWNza9ve2W2qKJGENkjEI9n2saKcCdrQTHPajiXFoc9pyx9d5X7rjkrFInGrxzHthnggWMAI1kbq2UdeIDFJvRhLzTBHQfbDvRDroR+k91nWsytO1ZkAzRO3IBUoUO/Zn14/IklIhSYcK9VxnVh303wy4TQre4miMSYjPKAdQwUOqeqmk3sydGiUPgoiaZ7QaKL+7khxqNQ49E1lvqKa9XLxP6+T6OCimzIRJ5oKMv0oSDjSEcrDQX0mKdF8bAgmkpldERliE5A2EZZNCO7syfOkeVJ1z6rOzWmldlnEUYJ9OIBjcOEcanANdWgAgQd4ghd4tR6tZ+vNep+WLlhFzx78gfXxDWt0nYo=</latexit>

@f

@x

<latexit sha1_base64="HaK/rwtLlw9tnqCdnioq3jPXjjY=">AAACUnicbVJdS8MwFE3r15xTpz76EhzCBBmtiPoiDH3xcYr7gLWONEtnWJqWJJWN0t8oiC/+EF98UNOt4ty8EDj33HO5NyfxIkalsqw3w1xaXlldK6wXN0qbW9vlnd2WDGOBSROHLBQdD0nCKCdNRRUjnUgQFHiMtL3hdVZvPxEhacjv1TgiboAGnPoUI6WpXpn6VSdA6tHzk1F6BC/hT9ZOf/njGRY6lOepl9ylD0kAHUUDIiGf0Y0WdHpWxapZk4CLwM5BBeTR6JVfnH6I44BwhRmSsmtbkXITJBTFjKRFJ5YkQniIBqSrIUd6CTeZWJLCQ830oR8KfbiCE3a2I0GBlOPA08psRzlfy8j/at1Y+RduQnkUK8LxdJAfM6hCmPkL+1QQrNhYA4QF1btC/IgEwkq/QlGbYM9feRG0Tmr2Wc26Pa3Ur3I7CmAfHIAqsME5qIMb0ABNgMEzeAef4Mt4NT5M/UumUtPIe/bAnzBL339stVY=</latexit>

f(x) = Wx,W 2 Rm⇥n,x 2 Rn
<latexit sha1_base64="HaK/rwtLlw9tnqCdnioq3jPXjjY=">AAACUnicbVJdS8MwFE3r15xTpz76EhzCBBmtiPoiDH3xcYr7gLWONEtnWJqWJJWN0t8oiC/+EF98UNOt4ty8EDj33HO5NyfxIkalsqw3w1xaXlldK6wXN0qbW9vlnd2WDGOBSROHLBQdD0nCKCdNRRUjnUgQFHiMtL3hdVZvPxEhacjv1TgiboAGnPoUI6WpXpn6VSdA6tHzk1F6BC/hT9ZOf/njGRY6lOepl9ylD0kAHUUDIiGf0Y0WdHpWxapZk4CLwM5BBeTR6JVfnH6I44BwhRmSsmtbkXITJBTFjKRFJ5YkQniIBqSrIUd6CTeZWJLCQ830oR8KfbiCE3a2I0GBlOPA08psRzlfy8j/at1Y+RduQnkUK8LxdJAfM6hCmPkL+1QQrNhYA4QF1btC/IgEwkq/QlGbYM9feRG0Tmr2Wc26Pa3Ur3I7CmAfHIAqsME5qIMb0ABNgMEzeAef4Mt4NT5M/UumUtPIe/bAnzBL339stVY=</latexit>

f(x) = Wx,W 2 Rm⇥n,x 2 Rn

<latexit sha1_base64="/uolw8bO9HYZd9ZCmupHYTPZevs=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F1X37rxSu87rKMIRHMMpeHAJNbiFOjSAgYRneIU3RzsvzrvzMR8tOPnOIfyB8/kD/t+RIQ==</latexit>x

<latexit sha1_base64="bjEvOt9CpHm5VT+7ukxjPd1b6Ts=">AAAB/XicbVDLSsNAFL3xWesrPnZuBovgqiQi6rLoxmUF+4A2lMl00g6dTMLMRKwh+CtuXCji1v9w5984aSNo64GBwzn3cs8cP+ZMacf5shYWl5ZXVktr5fWNza1te2e3qaJEEtogEY9k28eKciZoQzPNaTuWFIc+py1/dJX7rTsqFYvErR7H1AvxQLCAEayN1LP3uyHWQz9IW9kPu896dsWpOhOgeeIWpAIF6j37s9uPSBJSoQnHSnVcJ9ZeiqVmhNOs3E0UjTEZ4QHtGCpwSJWXTtJn6MgofRRE0jyh0UT9vZHiUKlx6JvJPKGa9XLxP6+T6ODCS5mIE00FmR4KEo50hPIqUJ9JSjQfG4KJZCYrIkMsMdGmsLIpwZ398jxpnlTds6pzc1qpXRZ1lOAADuEYXDiHGlxDHRpA4AGe4AVerUfr2Xqz3qejC1axswd/YH18A2DUldM=</latexit>

Wx



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 to  and y 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="Yfl599kWuo7ES8HNXhjx7ZTQYZ8="></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?

See assignment 1 :) 



Overall algorithm

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

• Initialize  randomlyui, vi

• Run through the training corpus and for each training instance (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>

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

<latexit sha1_base64="NjjR7lqtgNnSkZpuZySbph308CI=">AAACJHicbVDLSgMxFM3UV62vqks3wSJUxDIjooIIRTcuK9gHdMqQSTNtmCQzJJlCGeZj3Pgrblz4wIUbv8X0saitBwKHc84l9x4/ZlRp2/62ckvLK6tr+fXCxubW9k5xd6+hokRiUscRi2TLR4owKkhdU81IK5YEcZ+Rph/ejfzmgEhFI/GohzHpcNQTNKAYaSN5xesbeApdjnTfD9JB5mF4Al2VcC8NoUsFbGRprWwop104OJ5NhplXLNkVewy4SJwpKYEpal7xw+1GOOFEaMyQUm3HjnUnRVJTzEhWcBNFYoRD1CNtQwXiRHXS8ZEZPDJKFwaRNE9oOFZnJ1LElRpy3yRHS6p5byT+57UTHVx1UiriRBOBJx8FCYM6gqPGYJdKgjUbGoKwpGZXiPtIIqxNrwVTgjN/8iJpnFWci4r9cF6q3k7ryIMDcAjKwAGXoAruQQ3UAQZP4AW8gXfr2Xq1Pq2vSTRnTWf2wR9YP7/V0KPD</latexit>

= �vc +
X

k2V

P (k | v)vk

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

@y

@ut
=?



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:

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>

<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)

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’.

�(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 binary logistic regression, but we need 
to optimize u and v together.

<latexit sha1_base64="1WPQF2BDkdmAQ1KJm1BjA8v5N04="></latexit>

P (y = 1 | t, c) = �(ut · vc) P (y = 0|t, c0) = �(ut · vc0)

<latexit sha1_base64="JkJTdEZm9qKe/M4NY+0CkIYMnWg="></latexit>



Poll

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



Skip-gram with negative sampling (SGNS)

• The gradients can be computed in a similar way but much cheaper!

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

In practice,  gives the best performance because it gives rare words 
slightly higher probability 

α ≈ 0.75



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

�mjm,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>



Poll

Let’s compare skip-gram with CBOW. Which of the following is correct?

(a) Skip-gram is a simpler task compared to CBOW

(b) Skip-gram is faster to train than CBOW

(c) Skip-gram handles frequent words better

(d) Skip-gram handles infrequent words better




Skip-gram vs CBOW

• CBOW is comparatively faster to train than skip-gram 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 an easier classification problem than Skip-gram because in CBOW 
we just need to predict the one center word given many context words.



GloVe: Global Vectors

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

• Take the global co-occurrence statistics: Xi,j

• Training faster

• Scalable to very large corpora

• Key idea: let’s approximate           using their co-occurrence counts directly. <latexit sha1_base64="Ssw/epuzMjpq42+5YU9IG1zH6S4=">AAACCnicbVDLSsNAFJ3UV62vqEs3o0VwVRIRdVl047KCfUATwmQyacdOMmFmUighazf+ihsXirj1C9z5N07aCNp64MLhnHu59x4/YVQqy/oyKkvLK6tr1fXaxubW9o65u9eRPBWYtDFnXPR8JAmjMWkrqhjpJYKgyGek64+uC787JkJSHt+pSULcCA1iGlKMlJY889CJkBr6YZbmHoUODriCP9I497L73DPrVsOaAi4SuyR1UKLlmZ9OwHEakVhhhqTs21ai3AwJRTEjec1JJUkQHqEB6Wsao4hIN5u+ksNjrQQw5EJXrOBU/T2RoUjKSeTrzuJKOe8V4n9eP1XhpZvROEkVifFsUZgyqDgscoEBFQQrNtEEYUH1rRAPkUBY6fRqOgR7/uVF0jlt2OcN6/as3rwq46iCA3AEToANLkAT3IAWaAMMHsATeAGvxqPxbLwZ77PWilHO7IM/MD6+ATwsm0A=</latexit>ui · vj

<latexit sha1_base64="HJH+Jzilk92Mf7osjbJHNBnuRCA="></latexit>

J(✓) =
X

i,j2V

f(Xi,j)
⇣
ui · vj + bi + b̃j � logXi,j

⌘2

Q:  Why?



FastText: Sub-Word Embeddings

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

• More to come! Contextualized word embeddings

• Similar to 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>

All the embeddings that we have learned 
are also called “static word embeddings”: 
there is one fixed vector for every word in 
the vocabulary.

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



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 
<latexit sha1_base64="LaG/NajEkf6D6zdeRxSFhp337bY=">AAAB/nicbVDLSsNAFL3xWeurKq7cDBbBRSlJEXVZdOOygn1AG8JkMmmHTjJhZiItoeCvuHGhiFu/w51/47TNQlsPXDhzzr3MvcdPOFPatr+tldW19Y3NwlZxe2d3b790cNhSIpWENongQnZ8rChnMW1qpjntJJLiyOe07Q9vp377kUrFRPygxwl1I9yPWcgI1kbySscjz6mgkVeroB4PhFbTh9HLdtWeAS0TJydlyNHwSl+9QJA0orEmHCvVdexEuxmWmhFOJ8VeqmiCyRD3adfQGEdUudls/Qk6M0qAQiFNxRrN1N8TGY6UGke+6YywHqhFbyr+53VTHV67GYuTVNOYzD8KU460QNMsUMAkJZqPDcFEMrMrIgMsMdEmsaIJwVk8eZm0alXnsmrfX5TrN3kcBTiBUzgHB66gDnfQgCYQyOAZXuHNerJerHfrY966YuUzR/AH1ucPA16UPg==</latexit>x1, x2, . . . , xn

Instead of using a bag-of-words model, we can compute 
<latexit sha1_base64="UrQaxNyLqMPWkwyMjF1fekWSK/M=">AAACLnicbZBdSwJBFIZn+zT7srrsZkgCJZBdieomkCLo0iA/QEVmx7M6ODu7zMyKsviLuumv1EVQEd32MxpXL1I7MPDyvOcw57xuyJnStv1urayurW9sprbS2zu7e/uZg8OqCiJJoUIDHsi6SxRwJqCimeZQDyUQ3+VQc/u3E782AKlYIB71KISWT7qCeYwSbVA7czcAmhvm8TVu+kT3XC+GcW7YdvL4bJ4UE8I7gVaLlsi3M1m7YCeFl4UzE1k0q3I789rsBDTyQWjKiVINxw51KyZSM8phnG5GCkJC+6QLDSMF8UG14uTcMT41pIO9QJonNE7o34mY+EqNfNd0TtZUi94E/uc1Iu1dtWImwkiDoNOPvIhjHeBJdrjDJFDNR0YQKpnZFdMekYRqk3DahOAsnrwsqsWCc1GwH86zpZtZHCl0jE5QDjnoEpXQPSqjCqLoCb2gD/RpPVtv1pf1PW1dsWYzR2iurJ9fjACmcw==</latexit>

vec(x) = e(x1) + e(x2) + . . .+ e(xn)

And then train a logistic regression classifier on  as we did before!vec(x)



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

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


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


 

Intrinsic evaluation: word analogy

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

