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Logistic Regression

<latexit sha1_base64="Y1MfsLqoTt9iL03xQrfEyz0C1Wk="></latexit>x1

<latexit sha1_base64="+QD6lLYrlFcju7OsE+tVFe8fWe4="></latexit>x2

<latexit sha1_base64="0aMS+62nMB/pVmVWoZAvPgOQQf8="></latexit>

h1
<latexit sha1_base64="4UhpAX1AVR8YjJNAOx3goAoXdmg="></latexit>p1

<latexit sha1_base64="nsjx/2YQDDjEDEzW/d54j+h+MQQ="></latexit>

h1 = w1x1 + w2x2 + b

<latexit sha1_base64="/Gbl26h/eQpNHKJx0aq97lY8VFk="></latexit>

p1 := p(y = 1 | x1, x2)

<latexit sha1_base64="BrTycRZUCAsdXHJMQtfJPv0vXjM="></latexit>

p1 =
1

1 + exp (�h1)



Logistic Regression

<latexit sha1_base64="Y1MfsLqoTt9iL03xQrfEyz0C1Wk="></latexit>x1

<latexit sha1_base64="+QD6lLYrlFcju7OsE+tVFe8fWe4="></latexit>x2

<latexit sha1_base64="0aMS+62nMB/pVmVWoZAvPgOQQf8="></latexit>

h1

<latexit sha1_base64="nsjx/2YQDDjEDEzW/d54j+h+MQQ="></latexit>

h1 = w1x1 + w2x2 + b
<latexit sha1_base64="PdPkAzDXiY/cu/rXNDLRetcRj9A="></latexit>

p2 = 1� 1

1 + exp (�h1)
=

exp (�h1)

1 + exp (�h1)

<latexit sha1_base64="17pf7sl6FYcbed08j6a9qE8zAV4="></latexit>p2
<latexit sha1_base64="0fTBFe32HCggbA9vTFAQiYqBBn0="></latexit>

p2 := p(y = 0 | x1, x2)



Loss Function

<latexit sha1_base64="Y1MfsLqoTt9iL03xQrfEyz0C1Wk="></latexit>x1

<latexit sha1_base64="+QD6lLYrlFcju7OsE+tVFe8fWe4="></latexit>x2

<latexit sha1_base64="0aMS+62nMB/pVmVWoZAvPgOQQf8="></latexit>

h1
<latexit sha1_base64="4UhpAX1AVR8YjJNAOx3goAoXdmg="></latexit>p1

<latexit sha1_base64="/WnQCs7ketQzMhW2Yz5e6u/ygwU="></latexit>

loss

<latexit sha1_base64="bndwrjvF/SSKDckENS5bTLw39R8="></latexit>

case y = 1 :

<latexit sha1_base64="COapl/sdFPPJrahwwPVDqoV/7GU="></latexit>w1

<latexit sha1_base64="bS4yJRC3gCcytIHoJK4H5zT95/g="></latexit>w2

<latexit sha1_base64="ZEhmNtmWna9lR+bGQjd+LwCuntg="></latexit>⇥

<latexit sha1_base64="ZEhmNtmWna9lR+bGQjd+LwCuntg="></latexit>⇥
<latexit sha1_base64="hSo+8nFIIzdpadb5Q6VOnv+Q6mI="></latexit>

+

<latexit sha1_base64="D4FdYbbBfh/yXoNhfuguCRKIUvI="></latexit>

b

<latexit sha1_base64="lUzUAnzIFb5iwZmg1DHP9+oSaps="></latexit>

sigmoid
<latexit sha1_base64="Xyx7hozIAJqxe7UkbLyu9FAGh4k="></latexit>

� log



Computational Graphs

<latexit sha1_base64="Y1MfsLqoTt9iL03xQrfEyz0C1Wk="></latexit>x1

<latexit sha1_base64="+QD6lLYrlFcju7OsE+tVFe8fWe4="></latexit>x2

<latexit sha1_base64="0aMS+62nMB/pVmVWoZAvPgOQQf8="></latexit>

h1
<latexit sha1_base64="4UhpAX1AVR8YjJNAOx3goAoXdmg="></latexit>p1

<latexit sha1_base64="/WnQCs7ketQzMhW2Yz5e6u/ygwU="></latexit>

loss

<latexit sha1_base64="COapl/sdFPPJrahwwPVDqoV/7GU="></latexit>w1

<latexit sha1_base64="bS4yJRC3gCcytIHoJK4H5zT95/g="></latexit>w2

<latexit sha1_base64="ZEhmNtmWna9lR+bGQjd+LwCuntg="></latexit>⇥

<latexit sha1_base64="ZEhmNtmWna9lR+bGQjd+LwCuntg="></latexit>⇥
<latexit sha1_base64="hSo+8nFIIzdpadb5Q6VOnv+Q6mI="></latexit>

+

<latexit sha1_base64="D4FdYbbBfh/yXoNhfuguCRKIUvI="></latexit>

b

<latexit sha1_base64="lUzUAnzIFb5iwZmg1DHP9+oSaps="></latexit>

sigmoid
<latexit sha1_base64="Xyx7hozIAJqxe7UkbLyu9FAGh4k="></latexit>

� log

Input

Parameter

Expression

Operation

<latexit sha1_base64="Y1MfsLqoTt9iL03xQrfEyz0C1Wk="></latexit>x1
<latexit sha1_base64="+QD6lLYrlFcju7OsE+tVFe8fWe4="></latexit>x2

<latexit sha1_base64="COapl/sdFPPJrahwwPVDqoV/7GU="></latexit>w1
<latexit sha1_base64="bS4yJRC3gCcytIHoJK4H5zT95/g="></latexit>w2

<latexit sha1_base64="0aMS+62nMB/pVmVWoZAvPgOQQf8="></latexit>

h1
<latexit sha1_base64="4UhpAX1AVR8YjJNAOx3goAoXdmg="></latexit>p1

<latexit sha1_base64="/WnQCs7ketQzMhW2Yz5e6u/ygwU="></latexit>

loss
<latexit sha1_base64="ZEhmNtmWna9lR+bGQjd+LwCuntg="></latexit>⇥ <latexit sha1_base64="hSo+8nFIIzdpadb5Q6VOnv+Q6mI="></latexit>

+
<latexit sha1_base64="lUzUAnzIFb5iwZmg1DHP9+oSaps="></latexit>

sigmoid
<latexit sha1_base64="Xyx7hozIAJqxe7UkbLyu9FAGh4k="></latexit>

� log

Special



How to minimize? (Automatic Differentiation)

<latexit sha1_base64="C+JEy0i/mGSP1ACrQVI0dU4eCek="></latexit>

h = f(z)
<latexit sha1_base64="8r8R7LlOnESwMqyVzXt31ZGJXcI="></latexit>z

<latexit sha1_base64="w0y6IvRoNAJvnv0COAjMii6XFzU="></latexit>

h

<latexit sha1_base64="51r33id42qoQpOCb5sc2SQuMEtU="></latexit>

f

<latexit sha1_base64="5pp5Zj8sufCFxucogNzyV8Hn83I="></latexit>

@s

@h

Upstream 
Gradient

<latexit sha1_base64="pSbQF8Miw56tgZ5on8xVPlM0Wzc="></latexit>

@h

@z

Local 
Gradient

Downstream 
Gradient

<latexit sha1_base64="Qepk+stdO3Q91ukg46qZLK69qmA="></latexit>

@s

@z
=

@s

@h

@h

@z
Chain rule



<latexit sha1_base64="Y1MfsLqoTt9iL03xQrfEyz0C1Wk="></latexit>x1

<latexit sha1_base64="+QD6lLYrlFcju7OsE+tVFe8fWe4="></latexit>x2

<latexit sha1_base64="0aMS+62nMB/pVmVWoZAvPgOQQf8="></latexit>

h1
<latexit sha1_base64="4UhpAX1AVR8YjJNAOx3goAoXdmg="></latexit>p1

<latexit sha1_base64="/WnQCs7ketQzMhW2Yz5e6u/ygwU="></latexit>

loss

<latexit sha1_base64="COapl/sdFPPJrahwwPVDqoV/7GU="></latexit>w1

<latexit sha1_base64="bS4yJRC3gCcytIHoJK4H5zT95/g="></latexit>w2

<latexit sha1_base64="ZEhmNtmWna9lR+bGQjd+LwCuntg="></latexit>⇥

<latexit sha1_base64="ZEhmNtmWna9lR+bGQjd+LwCuntg="></latexit>⇥
<latexit sha1_base64="hSo+8nFIIzdpadb5Q6VOnv+Q6mI="></latexit>

+

<latexit sha1_base64="D4FdYbbBfh/yXoNhfuguCRKIUvI="></latexit>

b

<latexit sha1_base64="lUzUAnzIFb5iwZmg1DHP9+oSaps="></latexit>

sigmoid
<latexit sha1_base64="Xyx7hozIAJqxe7UkbLyu9FAGh4k="></latexit>

� log

How to minimize? (Automatic Differentiation)

Gradient Flow Direction



Review: Gradient Descent

fog in the mountains

<latexit sha1_base64="+xw1OTi8Yy82SVDtZuuVITq9bNI="></latexit>

✓t+1 = ✓t � ⌘tr✓L(✓)|✓t

step size 
(learning rate)

negative gradient (descent direction)



Other Loss Function?



“Deeper” Neural Network

<latexit sha1_base64="Y1MfsLqoTt9iL03xQrfEyz0C1Wk="></latexit>x1

<latexit sha1_base64="+QD6lLYrlFcju7OsE+tVFe8fWe4="></latexit>x2

<latexit sha1_base64="0aMS+62nMB/pVmVWoZAvPgOQQf8="></latexit>

h1

<latexit sha1_base64="V/hv0t0t0GKSDw2slDb3zGGzh1k="></latexit>

h2

<latexit sha1_base64="Y8u/Fl1DjvmMOeBgPYd5J8+mZgA="></latexit>

t1

<latexit sha1_base64="PVPwP00c46S5k8Cvq1jYXUfl4tY="></latexit>

t2

<latexit sha1_base64="46ym8EcIoeq/5i7hzXQcV0I4fTE="></latexit>m1

<latexit sha1_base64="8OC4zXWRu9gKqplJLCJ7GM0Bj1c="></latexit>m2

<latexit sha1_base64="/WnQCs7ketQzMhW2Yz5e6u/ygwU="></latexit>

loss

<latexit sha1_base64="u1GBkfVBpxgWobrPNY7pyyNDwRc="></latexit>

a�ne transform

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh

<latexit sha1_base64="ZoV7vArIVtUtEmpg1lCQXioNXfo="></latexit>

logsumexp

<latexit sha1_base64="SFrDSoX8yfh+Rf/h5mPVWAzwYi8="></latexit>

m1 = log(
exp(t1)

exp(t1) + exp(t2)
)



Softmax Function



Neuralize the dice!

3Blue1Brown



Recurrent Neural Network

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh
<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="iCteJoXG2XVarc3QTnSciZoEvs0="></latexit>

ht
<latexit sha1_base64="Dpg4A5h/OyqHOrXGvQTH1K0B4Xg="></latexit>

ht�1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="nrkEd8t8hkoI/4c7l9PSpLwa7iI="></latexit>

ht+1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="x6yT+powiPzANGgKm18RcFeQf+k="></latexit>xt�1
<latexit sha1_base64="swEwItEFPj9KIPdwlEYzj9ErqPI="></latexit>xt

<latexit sha1_base64="OM7nXNLBGIOCvjRbmmfWlkpbQ84="></latexit>xt+1
<latexit sha1_base64="gZq+QxWH0KMiWOnFsfZkBYb5blQ="></latexit>

Word Embeddings



Word Embeddings

cat



Word Embeddings

wi
<latexit sha1_base64="7522EV0KewwQ8IyqVOIYwaRo1Eo=">AAACCHicbVBNS8NAEN3Urxq/oh49GCyCeChJPeix6MVjBfsBTQib7TRdutmE3Y1SQo9e/CtePCji1Z/gzX/jto2grQ8GHu/NMDMvTBmVynG+jNLS8srqWnnd3Njc2t6xdvdaMskEgSZJWCI6IZbAKIemoopBJxWA45BBOxxeTfz2HQhJE36rRin4MY447VOClZYC69ALIaI8x4xG/HRs3gfU9ID3foTAqjhVZwp7kbgFqaACjcD69HoJyWLgijAsZdd1UuXnWChKGIxNL5OQYjLEEXQ15TgG6efTR8b2sVZ6dj8Ruriyp+rviRzHUo7iUHfGWA3kvDcR//O6mepf+DnlaaaAk9mifsZsldiTVOweFUAUG2mCiaD6VpsMsMBE6exMHYI7//IiadWq7lm1dlOr1C+LOMroAB2hE+Sic1RH16iBmoigB/SEXtCr8Wg8G2/G+6y1ZBQz++gPjI9vUg+ZhA==</latexit>

wi+1
<latexit sha1_base64="N+uT02BAyB1u7H/mOAoi5qxflbg=">AAACDHicbVDLSgMxFM3UVx1fVZdugkUQhTJTF7osunFZwT6gHUomc6cNzWSGJKOUoR/gxl9x40IRt36AO//GtB1BWw8EDuecm+QeP+FMacf5sgpLyyura8V1e2Nza3untLvXVHEqKTRozGPZ9okCzgQ0NNMc2okEEvkcWv7wauK37kAqFotbPUrAi0hfsJBRoo3UK5W7PvSZyAhnfXEytu97GTt1x3YXRPAjmpRTcabAi8TNSRnlqPdKn90gpmkEQlNOlOq4TqK9jEjNKAdzeaogIXRI+tAxVJAIlJdNlxnjI6MEOIylOULjqfp7IiORUqPIN8mI6IGa9ybif14n1eGFlzGRpBoEnT0UphzrGE+awQGTQDUfGUKoZOavmA6IJFSb/mxTgju/8iJpVivuWaV6Uy3XLvM6iugAHaJj5KJzVEPXqI4aiKIH9IRe0Kv1aD1bb9b7LFqw8pl99AfWxzcZPpsA</latexit>

wi+2
<latexit sha1_base64="R+i3aQtY0BqS1py3OvTEC0K1D/8=">AAACDHicbVDLSsNAFJ3UV42vqks3wSKIQkniQpdFNy4r2Ae0oUwmN+nQySTMTJQS+gFu/BU3LhRx6we482+cthG09cDA4ZxzZ+YeP2VUKtv+MkpLyyura+V1c2Nza3unsrvXkkkmCDRJwhLR8bEERjk0FVUMOqkAHPsM2v7wauK370BImvBbNUrBi3HEaUgJVlrqV6o9HyLKc8xoxE/G5n0/p6fu2OwBD35EnbJr9hTWInEKUkUFGv3KZy9ISBYDV4RhKbuOnSovx0JRwkBfnklIMRniCLqachyD9PLpMmPrSCuBFSZCH66sqfp7IsexlKPY18kYq4Gc9ybif143U+GFl1OeZgo4mT0UZsxSiTVpxgqoAKLYSBNMBNV/tcgAC0yU7s/UJTjzKy+SlltzzmrujVutXxZ1lNEBOkTHyEHnqI6uUQM1EUEP6Am9oFfj0Xg23oz3WbRkFDP76A+Mj28a0JsB</latexit>

wi�1
<latexit sha1_base64="xnRxmj1/Dt9FZecWS7IFJ2Upk1w=">AAACDHicbVDLSgMxFM3UVx1fVZdugkUQwTJTF7osunFZwT6gHUomc6cNzWSGJKOUoR/gxl9x40IRt36AO//GtB1BWw8EDuecm+QeP+FMacf5sgpLyyura8V1e2Nza3untLvXVHEqKTRozGPZ9okCzgQ0NNMc2okEEvkcWv7wauK37kAqFotbPUrAi0hfsJBRoo3UK5W7PvSZyAhnfXEytu97GTt1x3YXRPAjmpRTcabAi8TNSRnlqPdKn90gpmkEQlNOlOq4TqK9jEjNKAdzeaogIXRI+tAxVJAIlJdNlxnjI6MEOIylOULjqfp7IiORUqPIN8mI6IGa9ybif14n1eGFlzGRpBoEnT0UphzrGE+awQGTQDUfGUKoZOavmA6IJFSb/mxTgju/8iJpVivuWaV6Uy3XLvM6iugAHaJj5KJzVEPXqI4aiKIH9IRe0Kv1aD1bb9b7LFqw8pl99AfWxzccZJsC</latexit>

wi�2
<latexit sha1_base64="elzqyQeOeF4k1hlLCCE6hmupdaA=">AAACDHicbVDLSsNAFJ3UV42vqks3wSKIYEniQpdFNy4r2Ae0oUwmN+nQySTMTJQS+gFu/BU3LhRx6we482+cthG09cDA4ZxzZ+YeP2VUKtv+MkpLyyura+V1c2Nza3unsrvXkkkmCDRJwhLR8bEERjk0FVUMOqkAHPsM2v7wauK370BImvBbNUrBi3HEaUgJVlrqV6o9HyLKc8xoxE/G5n0/p6fu2OwBD35EnbJr9hTWInEKUkUFGv3KZy9ISBYDV4RhKbuOnSovx0JRwkBfnklIMRniCLqachyD9PLpMmPrSCuBFSZCH66sqfp7IsexlKPY18kYq4Gc9ybif143U+GFl1OeZgo4mT0UZsxSiTVpxgqoAKLYSBNMBNV/tcgAC0yU7s/UJTjzKy+SlltzzmrujVutXxZ1lNEBOkTHyEHnqI6uUQM1EUEP6Am9oFfj0Xg23oz3WbRkFDP76A+Mj28d9psD</latexit>

hi
<latexit sha1_base64="dRCukmJGIuTFV0w8Pm6kLB6V0lE=">AAACCnicbVDLSsNAFJ34rPEVdekmWgRxUZK60GXRjcsK9gFtCJPJTTp0MgkzE6GErt34K25cKOLWL3Dn3zhtI2jrgQuHc+6dufcEGaNSOc6XsbS8srq2XtkwN7e2d3atvf22THNBoEVSlopugCUwyqGlqGLQzQTgJGDQCYbXE79zD0LSlN+pUQZegmNOI0qw0pJvHfUDiCkvMKMxPxubA7+gY7MPPPyRfKvq1Jwp7EXilqSKSjR967MfpiRPgCvCsJQ918mUV2ChKGGgH88lZJgMcQw9TTlOQHrF9JSxfaKV0I5SoYsre6r+nihwIuUoCXRngtVAznsT8T+vl6vo0isoz3IFnMw+inJmq9Se5GKHVABRbKQJJoLqXW0ywAITpdMzdQju/MmLpF2vuee1+m292rgq46igQ3SMTpGLLlAD3aAmaiGCHtATekGvxqPxbLwZ77PWJaOcOUB/YHx8AxelmoE=</latexit>

What is “chicken” ?



Recurrent Neural Network (Language Model)

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh
<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="iCteJoXG2XVarc3QTnSciZoEvs0="></latexit>

ht
<latexit sha1_base64="Dpg4A5h/OyqHOrXGvQTH1K0B4Xg="></latexit>

ht�1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="nrkEd8t8hkoI/4c7l9PSpLwa7iI="></latexit>

ht+1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="+N3PiXeYOoVOLeuU3eoYIz6FOJk="></latexit>

losst�1
<latexit sha1_base64="KVOKgrPMdhRTK8oyiQWu0kjiYdk="></latexit>

losst
<latexit sha1_base64="4ORCgrwUUe/83bFuM9TIrB1oXAM="></latexit>

losst+1

<latexit sha1_base64="2Y7F4952XOQgPhruuFoIXsur5FE="></latexit>

loss

<latexit sha1_base64="NYO+iEZBIt/hwJiJbAZGnQegGVQ="></latexit>

� log softmax
<latexit sha1_base64="NYO+iEZBIt/hwJiJbAZGnQegGVQ="></latexit>

� log softmax
<latexit sha1_base64="NYO+iEZBIt/hwJiJbAZGnQegGVQ="></latexit>

� log softmax

<latexit sha1_base64="x6yT+powiPzANGgKm18RcFeQf+k="></latexit>xt�1
<latexit sha1_base64="swEwItEFPj9KIPdwlEYzj9ErqPI="></latexit>xt

<latexit sha1_base64="OM7nXNLBGIOCvjRbmmfWlkpbQ84="></latexit>xt+1



Flashback: Markov Models in Retrospect

Consider a sequence of random variables

The joint probability of a sentence is

<latexit sha1_base64="lUPOQUQ5cu2zTUNAlcjzPDLEp5A="></latexit>

X1, X2, . . . , Xn , each take any value in 
<latexit sha1_base64="28LYOx/PnKKsxefccuPKKgXCIDk="></latexit>

V

<latexit sha1_base64="Q9jv+q40peffEksZUJcm6dyOOmE="></latexit>

P (X1 = x1, X2 = x2, . . . , Xn = xn)
<latexit sha1_base64="Z/GAUVkfGgsWLJrtRYEIh4pRe2g="></latexit>

= P (X1 = x1)
nY

i=2

P (Xi = xi|X1 = x1, . . . , Xi�1 = xi�1)

<latexit sha1_base64="Pbu5gdmduAd8ma9zLPRc4KXAGIw="></latexit>

= P (X1 = x1)
nY

i=2

P (Xi = xi|Xi�1 = xi�1)

First-order Markov Assumption
<latexit sha1_base64="wj09MYDvCwmHA4HoIqNztJWmQVA="></latexit>

P (Xi = xi|X1 = x1, . . . , Xi�1 = xi�1)

Is it possible to directly model this probability?



Flashback: Supervised Learning

<latexit sha1_base64="BgU0eFgVMOgxPqyUDMnK9Y2KJaM="></latexit>

Dtrain = {(x(n),y(n))}Ntrain
n=1

How does this happen?

They all sampled from a distribution!

<latexit sha1_base64="4N7LhGf3pudrw23ZKEpaD0f3BiU="></latexit>

p(y | x,✓)

<latexit sha1_base64="l3FE3CbsXo0aGxecJyobBrRULzw="></latexit>

p(Dtrain | ✓)

<latexit sha1_base64="ovIFVK+mMZ+a/idGb34mmgn87h0="></latexit>

NtrainY

n=1

p(y(n) | x(n),✓)<latexit sha1_base64="dgq+ZtqPS6N72ahqRtd51k1e9oU="></latexit>=

Objective / Loss

Model / Function

<latexit sha1_base64="l6Bml8wwc4tnTS9kGUfMx3fWZ3A="></latexit>

✓̂Learning / Training



Recurrent Neural Networks (RNNs)

<latexit sha1_base64="RQZ0W3yAnmR3XbJf1CtL0FiKMK0="></latexit>

p(x(t) | x(t�1), . . . , x(1))



A RNN Language Model
output distribution

hidden states

word embeddings

words / one-hot vectors



A RNN Language Model
<latexit sha1_base64="RQZ0W3yAnmR3XbJf1CtL0FiKMK0="></latexit>

p(x(t) | x(t�1), . . . , x(1))

The recurrent function here, 
takes into consideration all 
the history!



Training a RNN Language Model

<latexit sha1_base64="nBFh8ZCAjM4y6EdmSiATrlE8oRw="></latexit>

ŷ(1)
<latexit sha1_base64="U0YktsgZddfoFWhuHsOkjr12bZs="></latexit>

ŷ(2)
<latexit sha1_base64="U8SbZaPYCfofR1ucb2LzA9bU6Y4="></latexit>

ŷ(3)
<latexit sha1_base64="Y/WK1sJ/2rBdYnkvv3GpBJQlp5s="></latexit>

ŷ(4)

<latexit sha1_base64="uWJ7XNrC0rdBmc2sCIkwnZzDV+0="></latexit>

J (1)(✓)
<latexit sha1_base64="qnKQMG3+gGKMMdbA40uvl6K6r4g="></latexit>

J (2)(✓)
<latexit sha1_base64="Yhu187tGdrHcvBym9+LfuvhKaPg="></latexit>

J (3)(✓)
<latexit sha1_base64="c+fm4FMtzlKDY97bf2VI0xVYNG8="></latexit>

J (4)(✓)Loss

Predicted probability 
distributions

Training Corpus

<latexit sha1_base64="0fe7h2Jqgl6iXIxn84RhaUx5FME="></latexit>. . .

negative log prob of “students”



Training a RNN Language Model

<latexit sha1_base64="nBFh8ZCAjM4y6EdmSiATrlE8oRw="></latexit>

ŷ(1)
<latexit sha1_base64="U0YktsgZddfoFWhuHsOkjr12bZs="></latexit>

ŷ(2)
<latexit sha1_base64="U8SbZaPYCfofR1ucb2LzA9bU6Y4="></latexit>

ŷ(3)
<latexit sha1_base64="Y/WK1sJ/2rBdYnkvv3GpBJQlp5s="></latexit>

ŷ(4)

<latexit sha1_base64="uWJ7XNrC0rdBmc2sCIkwnZzDV+0="></latexit>

J (1)(✓)
<latexit sha1_base64="qnKQMG3+gGKMMdbA40uvl6K6r4g="></latexit>

J (2)(✓)
<latexit sha1_base64="Yhu187tGdrHcvBym9+LfuvhKaPg="></latexit>

J (3)(✓)
<latexit sha1_base64="c+fm4FMtzlKDY97bf2VI0xVYNG8="></latexit>

J (4)(✓)Loss

Predicted probability 
distributions

Training Corpus

<latexit sha1_base64="0fe7h2Jqgl6iXIxn84RhaUx5FME="></latexit>. . .

negative log prob of “opened”



Training a RNN Language Model

<latexit sha1_base64="nBFh8ZCAjM4y6EdmSiATrlE8oRw="></latexit>

ŷ(1)
<latexit sha1_base64="U0YktsgZddfoFWhuHsOkjr12bZs="></latexit>

ŷ(2)
<latexit sha1_base64="U8SbZaPYCfofR1ucb2LzA9bU6Y4="></latexit>

ŷ(3)
<latexit sha1_base64="Y/WK1sJ/2rBdYnkvv3GpBJQlp5s="></latexit>

ŷ(4)

<latexit sha1_base64="uWJ7XNrC0rdBmc2sCIkwnZzDV+0="></latexit>

J (1)(✓)
<latexit sha1_base64="qnKQMG3+gGKMMdbA40uvl6K6r4g="></latexit>

J (2)(✓)
<latexit sha1_base64="Yhu187tGdrHcvBym9+LfuvhKaPg="></latexit>

J (3)(✓)
<latexit sha1_base64="c+fm4FMtzlKDY97bf2VI0xVYNG8="></latexit>

J (4)(✓)Loss

Predicted probability 
distributions

Training Corpus

<latexit sha1_base64="0fe7h2Jqgl6iXIxn84RhaUx5FME="></latexit>. . .

negative log prob of “their”



Training a RNN Language Model

<latexit sha1_base64="nBFh8ZCAjM4y6EdmSiATrlE8oRw="></latexit>

ŷ(1)
<latexit sha1_base64="U0YktsgZddfoFWhuHsOkjr12bZs="></latexit>

ŷ(2)
<latexit sha1_base64="U8SbZaPYCfofR1ucb2LzA9bU6Y4="></latexit>

ŷ(3)
<latexit sha1_base64="Y/WK1sJ/2rBdYnkvv3GpBJQlp5s="></latexit>

ŷ(4)

<latexit sha1_base64="uWJ7XNrC0rdBmc2sCIkwnZzDV+0="></latexit>

J (1)(✓)
<latexit sha1_base64="qnKQMG3+gGKMMdbA40uvl6K6r4g="></latexit>

J (2)(✓)
<latexit sha1_base64="Yhu187tGdrHcvBym9+LfuvhKaPg="></latexit>

J (3)(✓)
<latexit sha1_base64="c+fm4FMtzlKDY97bf2VI0xVYNG8="></latexit>

J (4)(✓)Loss

Predicted probability 
distributions

Training Corpus

<latexit sha1_base64="0fe7h2Jqgl6iXIxn84RhaUx5FME="></latexit>. . .

negative log prob of “exams”



Training a RNN Language Model

<latexit sha1_base64="nBFh8ZCAjM4y6EdmSiATrlE8oRw="></latexit>

ŷ(1)
<latexit sha1_base64="U0YktsgZddfoFWhuHsOkjr12bZs="></latexit>

ŷ(2)
<latexit sha1_base64="U8SbZaPYCfofR1ucb2LzA9bU6Y4="></latexit>

ŷ(3)
<latexit sha1_base64="Y/WK1sJ/2rBdYnkvv3GpBJQlp5s="></latexit>

ŷ(4)

<latexit sha1_base64="uWJ7XNrC0rdBmc2sCIkwnZzDV+0="></latexit>

J (1)(✓)
<latexit sha1_base64="qnKQMG3+gGKMMdbA40uvl6K6r4g="></latexit>

J (2)(✓)
<latexit sha1_base64="Yhu187tGdrHcvBym9+LfuvhKaPg="></latexit>

J (3)(✓)
<latexit sha1_base64="c+fm4FMtzlKDY97bf2VI0xVYNG8="></latexit>

J (4)(✓)Loss

Predicted probability 
distributions

Training Corpus

<latexit sha1_base64="0fe7h2Jqgl6iXIxn84RhaUx5FME="></latexit>. . .

<latexit sha1_base64="xchPAkumwloaI16RtPCWDrZAWH0="></latexit>

J(✓) =
1

T

TX

t=1

J (t)(✓)

<latexit sha1_base64="NK4s66yvbs+wgYCU97OIOH4Zrv8="></latexit>

✓ Parameters in RNNs



GPT-3 Model

<latexit sha1_base64="nBFh8ZCAjM4y6EdmSiATrlE8oRw="></latexit>

ŷ(1)
<latexit sha1_base64="U0YktsgZddfoFWhuHsOkjr12bZs="></latexit>

ŷ(2)
<latexit sha1_base64="U8SbZaPYCfofR1ucb2LzA9bU6Y4="></latexit>

ŷ(3)
<latexit sha1_base64="Y/WK1sJ/2rBdYnkvv3GpBJQlp5s="></latexit>

ŷ(4)

<latexit sha1_base64="uWJ7XNrC0rdBmc2sCIkwnZzDV+0="></latexit>

J (1)(✓)
<latexit sha1_base64="qnKQMG3+gGKMMdbA40uvl6K6r4g="></latexit>

J (2)(✓)
<latexit sha1_base64="Yhu187tGdrHcvBym9+LfuvhKaPg="></latexit>

J (3)(✓)
<latexit sha1_base64="c+fm4FMtzlKDY97bf2VI0xVYNG8="></latexit>

J (4)(✓)Loss

Predicted probability 
distributions

<latexit sha1_base64="xchPAkumwloaI16RtPCWDrZAWH0="></latexit>

J(✓) =
1

T

TX

t=1

J (t)(✓)

<latexit sha1_base64="NK4s66yvbs+wgYCU97OIOH4Zrv8="></latexit>

✓ Parameters in Transformer



Softmax Function

“student”

“their”



Typical NLP Task: Predicting gross revenues of movies

Text (T): Movie Reviews (from only before the release date)

Models Mean Absolute Error ($)

Baseline:  Predict median from training data

(Smith, 2010) 

7,079

Metadata (D):  U.S. origin? , log budget, # screens, runtime
name, production house, genre(s), scriptwriter(s), 
director(s), country of origin, primary actors, release date, 
MPAA rating, and running time

7,313

6,729

Words, bigrams, 
trigrams, and 
dependency relations

Metadata (D) + Text (T) 6,725



Text (T): Movie Reviews (from only before the release date)

Models Mean Absolute Error ($)

Baseline:  Predict median from training data

(Smith, 2010) 

7,079

Metadata (D):  U.S. origin? , log budget, # screens, runtime
name, production house, genre(s), scriptwriter(s), 
director(s), country of origin, primary actors, release date, 
MPAA rating, and running time

7,313

6,729

Words, bigrams, 
trigrams, and 
dependency relations

Metadata (D) + Text (T) 6,725

8%
5%

Typical NLP Task: Predicting gross revenues of movies



Models

Linear Regression:

“elastic net” regularization  
(Zou and Hastie, 2005; Friedman et al., 2008)



Features
Jurassic Park lacks the emotional unity of Spielberg’s classics .

Words:

Jurassic 
Park 
lacks  
the 

emotional 
unity 

of 
Spielberg’s 

classics 
.

Bigrams:

Jurassic Park 
Park lacks 
Lacks the  

the emotional 
emotional unity 

unity of 
of Spielberg’s  

Spielberg’s classics 
classics . 
. <eos>

Part-of-speech tags:

JJ 
NNP 
VBZ 
DT 
JJ 

NN 
IN 

NNP 
POS 
NNS 

.

Named Entities:

Jurassic 
Park

Movie:

Person: Spielberg

Dependencies (Syntax Parsing):



Bag-of-words Models
Jurassic Park lacks the emotional unity of Spielberg’s classics .

Words:

Jurassic 
Park 
lacks  
the 

emotional 
unity 

of 
Spielberg’s 

classics 
.

featurized

…… …… ……

lacks  Park classics …… ……

Full Vocabulary

…… …… …… Weights Vector 
(learned)



Natural Language Processing (NLP) Pipeline
General-purpose linguistic modules:

Words Bigrams

Part-of-speech tags: word classes

Named Entities: words of interests

Dependencies (Syntax Parsing): Internal structures

Supervised learning from linguistic data 
(CoreNLP pipeline)

Light preprocessing (mostly rule-based)



Feature Engineering

training set 

development (dev) set 

test set 
(real product) 

features 

Words
Bigrams
POS tags
Named Entities
Dependencies
Meta-data
BYOF
……



RNNs for Tagging

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh
<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="iCteJoXG2XVarc3QTnSciZoEvs0="></latexit>

ht
<latexit sha1_base64="Dpg4A5h/OyqHOrXGvQTH1K0B4Xg="></latexit>

ht�1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="nrkEd8t8hkoI/4c7l9PSpLwa7iI="></latexit>

ht+1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="+N3PiXeYOoVOLeuU3eoYIz6FOJk="></latexit>

losst�1
<latexit sha1_base64="KVOKgrPMdhRTK8oyiQWu0kjiYdk="></latexit>

losst
<latexit sha1_base64="4ORCgrwUUe/83bFuM9TIrB1oXAM="></latexit>

losst+1

<latexit sha1_base64="2Y7F4952XOQgPhruuFoIXsur5FE="></latexit>

loss

<latexit sha1_base64="NYO+iEZBIt/hwJiJbAZGnQegGVQ="></latexit>

� log softmax
<latexit sha1_base64="NYO+iEZBIt/hwJiJbAZGnQegGVQ="></latexit>

� log softmax
<latexit sha1_base64="NYO+iEZBIt/hwJiJbAZGnQegGVQ="></latexit>

� log softmax

<latexit sha1_base64="x6yT+powiPzANGgKm18RcFeQf+k="></latexit>xt�1
<latexit sha1_base64="swEwItEFPj9KIPdwlEYzj9ErqPI="></latexit>xt

<latexit sha1_base64="OM7nXNLBGIOCvjRbmmfWlkpbQ84="></latexit>xt+1

<latexit sha1_base64="iJkDQcjNvBQVU0iqYXOzInrIh78="></latexit>yt�1
<latexit sha1_base64="b/vZjsrRWs9l/BZ7s/IVTaNGYHU="></latexit>yt

<latexit sha1_base64="2uHOIe7qc5RmCN6pKIhDFGqaooM="></latexit>yt+1



Part-of-Speech Tagging



Named Entity Recognition (NER)



Named Entity Recognition (NER)



RNNs for Tagging

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh
<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="iCteJoXG2XVarc3QTnSciZoEvs0="></latexit>

ht
<latexit sha1_base64="Dpg4A5h/OyqHOrXGvQTH1K0B4Xg="></latexit>

ht�1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="nrkEd8t8hkoI/4c7l9PSpLwa7iI="></latexit>

ht+1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="+N3PiXeYOoVOLeuU3eoYIz6FOJk="></latexit>

losst�1
<latexit sha1_base64="KVOKgrPMdhRTK8oyiQWu0kjiYdk="></latexit>

losst
<latexit sha1_base64="4ORCgrwUUe/83bFuM9TIrB1oXAM="></latexit>

losst+1

<latexit sha1_base64="2Y7F4952XOQgPhruuFoIXsur5FE="></latexit>

loss

<latexit sha1_base64="NYO+iEZBIt/hwJiJbAZGnQegGVQ="></latexit>

� log softmax
<latexit sha1_base64="NYO+iEZBIt/hwJiJbAZGnQegGVQ="></latexit>

� log softmax
<latexit sha1_base64="NYO+iEZBIt/hwJiJbAZGnQegGVQ="></latexit>

� log softmax

<latexit sha1_base64="x6yT+powiPzANGgKm18RcFeQf+k="></latexit>xt�1
<latexit sha1_base64="swEwItEFPj9KIPdwlEYzj9ErqPI="></latexit>xt

<latexit sha1_base64="OM7nXNLBGIOCvjRbmmfWlkpbQ84="></latexit>xt+1

<latexit sha1_base64="iJkDQcjNvBQVU0iqYXOzInrIh78="></latexit>yt�1
<latexit sha1_base64="b/vZjsrRWs9l/BZ7s/IVTaNGYHU="></latexit>yt

<latexit sha1_base64="2uHOIe7qc5RmCN6pKIhDFGqaooM="></latexit>yt+1



RNNs for Sentence Classification

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh
<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="iCteJoXG2XVarc3QTnSciZoEvs0="></latexit>

ht
<latexit sha1_base64="Dpg4A5h/OyqHOrXGvQTH1K0B4Xg="></latexit>

ht�1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="nrkEd8t8hkoI/4c7l9PSpLwa7iI="></latexit>

ht+1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="2Y7F4952XOQgPhruuFoIXsur5FE="></latexit>

loss

<latexit sha1_base64="NYO+iEZBIt/hwJiJbAZGnQegGVQ="></latexit>

� log softmax

<latexit sha1_base64="x6yT+powiPzANGgKm18RcFeQf+k="></latexit>xt�1
<latexit sha1_base64="swEwItEFPj9KIPdwlEYzj9ErqPI="></latexit>xt

<latexit sha1_base64="OM7nXNLBGIOCvjRbmmfWlkpbQ84="></latexit>xt+1

“positive”



RNNs for Sentence Classification

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh
<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="iCteJoXG2XVarc3QTnSciZoEvs0="></latexit>

ht
<latexit sha1_base64="Dpg4A5h/OyqHOrXGvQTH1K0B4Xg="></latexit>

ht�1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="nrkEd8t8hkoI/4c7l9PSpLwa7iI="></latexit>

ht+1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="2Y7F4952XOQgPhruuFoIXsur5FE="></latexit>

loss

<latexit sha1_base64="x6yT+powiPzANGgKm18RcFeQf+k="></latexit>xt�1
<latexit sha1_base64="swEwItEFPj9KIPdwlEYzj9ErqPI="></latexit>xt

<latexit sha1_base64="OM7nXNLBGIOCvjRbmmfWlkpbQ84="></latexit>xt+1

“positive”

<latexit sha1_base64="iUylWqIj8CVao98zRZOyVI4bhKs="></latexit>

h̄



Vanishing Gradient in RNNs

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh
<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="iCteJoXG2XVarc3QTnSciZoEvs0="></latexit>

ht
<latexit sha1_base64="Dpg4A5h/OyqHOrXGvQTH1K0B4Xg="></latexit>

ht�1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="nrkEd8t8hkoI/4c7l9PSpLwa7iI="></latexit>

ht+1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="x6yT+powiPzANGgKm18RcFeQf+k="></latexit>xt�1
<latexit sha1_base64="swEwItEFPj9KIPdwlEYzj9ErqPI="></latexit>xt

<latexit sha1_base64="OM7nXNLBGIOCvjRbmmfWlkpbQ84="></latexit>xt+1

<latexit sha1_base64="C+JEy0i/mGSP1ACrQVI0dU4eCek="></latexit>

h = f(z)
<latexit sha1_base64="8r8R7LlOnESwMqyVzXt31ZGJXcI="></latexit>z

<latexit sha1_base64="w0y6IvRoNAJvnv0COAjMii6XFzU="></latexit>

h

<latexit sha1_base64="51r33id42qoQpOCb5sc2SQuMEtU="></latexit>

f

<latexit sha1_base64="5pp5Zj8sufCFxucogNzyV8Hn83I="></latexit>

@s

@h

<latexit sha1_base64="pSbQF8Miw56tgZ5on8xVPlM0Wzc="></latexit>

@h

@z

<latexit sha1_base64="Qepk+stdO3Q91ukg46qZLK69qmA="></latexit>

@s

@z
=

@s

@h

@h

@z

Gradient Flow Direction

In general, the longer the path, the smaller the gradient signal.



Long Short-Term Memory (LSTMs)

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="iCteJoXG2XVarc3QTnSciZoEvs0="></latexit>

ht
<latexit sha1_base64="Dpg4A5h/OyqHOrXGvQTH1K0B4Xg="></latexit>

ht�1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="nrkEd8t8hkoI/4c7l9PSpLwa7iI="></latexit>

ht+1

<latexit sha1_base64="yKta//3FQy1vQ31n+yNYJMH8Inw="></latexit>

A

<latexit sha1_base64="x6yT+powiPzANGgKm18RcFeQf+k="></latexit>xt�1
<latexit sha1_base64="swEwItEFPj9KIPdwlEYzj9ErqPI="></latexit>xt

<latexit sha1_base64="OM7nXNLBGIOCvjRbmmfWlkpbQ84="></latexit>xt+1

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh
<latexit sha1_base64="uTLdy61nVWw2F2UVOwAXFqnK2fM="></latexit>

�

<latexit sha1_base64="FjE0IZiAwBLs7MUkrErEUKoeB30="></latexit>⇥

<latexit sha1_base64="uTLdy61nVWw2F2UVOwAXFqnK2fM="></latexit>

�
<latexit sha1_base64="uTLdy61nVWw2F2UVOwAXFqnK2fM="></latexit>

�

<latexit sha1_base64="FjE0IZiAwBLs7MUkrErEUKoeB30="></latexit>⇥

<latexit sha1_base64="cRpdkCjE5Ul1YbwIyMvCjphBtiY="></latexit>

+

<latexit sha1_base64="FjE0IZiAwBLs7MUkrErEUKoeB30="></latexit>⇥

<latexit sha1_base64="jByA+zb9WT1Ivl4vryx5FGE7apM="></latexit>

tanh

http://demo.clab.cs.cmu.edu/cdyer/lstms.pdf  


