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Weight matrices in a single-hidden layer RNN

zhtih = Whxx
hti +Whhh

ht�1i + bh
<latexit sha1_base64="3XV0mGhvc3x8Roet0VNL2652jNw="></latexit>

Net input:

Activation:
hhti = �h

�
zhtih

�
<latexit sha1_base64="c0za36vP2jjpNw1BhpBy6yDCoco="></latexit>
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Weight matrices in a single-hidden layer RNN

zhtih = Whxx
hti +Whhh

ht�1i + bh
<latexit sha1_base64="3XV0mGhvc3x8Roet0VNL2652jNw="></latexit>

Net input:

Activation:
hhti = �h

�
zhtih

�
<latexit sha1_base64="c0za36vP2jjpNw1BhpBy6yDCoco="></latexit>

Output:
yhti = �y

�
zhtiy

�
<latexit sha1_base64="VZLBo3Vq0UK/d3CPFwKrpcX15ss="></latexit>

Net input:
zhtiy = Wyhh

hti + by
<latexit sha1_base64="NMu0OseOc376w9HTtRiwx8IbBBM="></latexit>



Sebastian Raschka           STAT 479: Deep Learning            SS 2019 !7

WhxWhx Whx

Wyh
Wyh

Whh

y<t>

x<t>

y<t-1>

x<t-1>

h<t>

y<t>

x<t>

h<t+1>

y<t+1>

Unfold
Whh

Whx

Wyh

Wh=  Whh ; Whx 

Wyh

h<t-1>
Whh

x<t+1>

[         ]

h<t>

Backpropagation through time

Lht�1i
<latexit sha1_base64="OB2QLD8pEc1qhWA+7IjeMpEwfDA=">AAACAXicbZDLSsNAFIZPvNZ6i7oR3AwWwY0lqYIui25cuKhgL9DEMplO2qGTSZiZCCXUja/ixoUibn0Ld76NSZqFtv4w8PGfc2bm/F7EmdKW9W0sLC4tr6yW1srrG5tb2+bObkuFsSS0SUIeyo6HFeVM0KZmmtNOJCkOPE7b3ugqq7cfqFQsFHd6HFE3wAPBfEawTq2euX9znzgciwGnSJ/YyJE5T8o9s2JVrVxoHuwCKlCo0TO/nH5I4oAKTThWqmtbkXYTLDUj2YVOrGiEyQgPaDdFgQOq3CTfYIKOUqeP/FCmR2iUu78nEhwoNQ68tDPAeqhma5n5X60ba//CTZiIYk0FmT7kxxzpEGVxoD6TlGg+TgETydK/IjLEEhOdhpaFYM+uPA+tWtU+rdZuzyr1yyKOEhzAIRyDDedQh2toQBMIPMIzvMKb8WS8GO/Gx7R1wShm9uCPjM8fFaeWAQ==</latexit>

Lhti
<latexit sha1_base64="59Mty+xww2zmBUetZB+ROhyozfU=">AAAB/3icbZC7TsMwFIZPyq2UWwCJhcWiQmKqkoIEYwULA0OR6EVqQuW4TmvVcSLbQapCB16FhQGEWHkNNt6GJM0ALUey9On/z7GPfy/iTGnL+jZKS8srq2vl9crG5tb2jrm711ZhLAltkZCHsuthRTkTtKWZ5rQbSYoDj9OON77K/M4DlYqF4k5PIuoGeCiYzwjWqdQ3D27uE4djMeQUaeTInKaVvlm1alZeaBHsAqpQVLNvfjmDkMQBFZpwrFTPtiLtJlhqRrILnVjRCJMxHtJeigIHVLlJvv8UHafKAPmhTI/QKFd/TyQ4UGoSeGlngPVIzXuZ+J/Xi7V/4SZMRLGmgswe8mOOdIiyMNCASUo0n6SAiWTproiMsMREp5FlIdjzX16Edr1mn9bqt2fVxmURRxkO4QhOwIZzaMA1NKEFBB7hGV7hzXgyXox342PWWjKKmX34U8bnDy/blY8=</latexit>

Lht+1i
<latexit sha1_base64="EMp6/HTOx9fJUNOxmVHersAjsAw=">AAACAXicbZDLSsNAFIZPvNZ6i7oR3AwWQRBKUgVdFt24cFHBXqCJZTKdtEMnkzAzEUqoG1/FjQtF3PoW7nwbkzQLbf1h4OM/58zM+b2IM6Ut69tYWFxaXlktrZXXNza3ts2d3ZYKY0lok4Q8lB0PK8qZoE3NNKedSFIceJy2vdFVVm8/UKlYKO70OKJugAeC+YxgnVo9c//mPnE4FgNOkT6xkSNznpR7ZsWqWrnQPNgFVKBQo2d+Of2QxAEVmnCsVNe2Iu0mWGpGsgudWNEIkxEe0G6KAgdUuUm+wQQdpU4f+aFMj9Aod39PJDhQahx4aWeA9VDN1jLzv1o31v6FmzARxZoKMn3IjznSIcriQH0mKdF8nAImkqV/RWSIJSY6DS0LwZ5deR5atap9Wq3dnlXql0UcJTiAQzgGG86hDtfQgCYQeIRneIU348l4Md6Nj2nrglHM7MEfGZ8/EomV/w==</latexit>

L =
TX

t=1

Lhti

<latexit sha1_base64="8wM3Qf5u+l3n4eMPNZD3NbvUcvM=">AAACEXicbZC7TsMwFIYdrqXcAowsFhVSpyopSLBUqmBh6FCk3qSmrRzXaa06TmSfIFVRX4GFV2FhACFWNjbehiTtAC2/ZOnTf86xfX43FFyDZX0ba+sbm1vbuZ387t7+waF5dNzSQaQoa9JABKrjEs0El6wJHATrhIoR3xWs7U5u03r7gSnNA9mAach6PhlJ7nFKILEGZjFfqzg68gcxVOxZP27McK0fO4LIkWAYsKMymuUHZsEqWZnwKtgLKKCF6gPzyxkGNPKZBCqI1l3bCqEXEwWcphc6kWYhoRMyYt0EJfGZ7sXZRjN8njhD7AUqORJw5v6eiImv9dR3k06fwFgv11Lzv1o3Au+6F3MZRsAknT/kRQJDgNN48JArRkFMEyBU8eSvmI6JIhSSENMQ7OWVV6FVLtkXpfL9ZaF6s4gjh07RGSoiG12hKrpDddREFD2iZ/SK3own48V4Nz7mrWvGYuYE/ZHx+QMPsJyK</latexit>
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Werbos, Paul J. "Backpropagation through time: what it does and how to do it." 
Proceedings of the IEEE 78, no. 10 (1990): 1550-1560.

The loss is computed as the 
sum over all time steps:

Backpropagation through time

L =
TX

t=1

Lhti

<latexit sha1_base64="8wM3Qf5u+l3n4eMPNZD3NbvUcvM=">AAACEXicbZC7TsMwFIYdrqXcAowsFhVSpyopSLBUqmBh6FCk3qSmrRzXaa06TmSfIFVRX4GFV2FhACFWNjbehiTtAC2/ZOnTf86xfX43FFyDZX0ba+sbm1vbuZ387t7+waF5dNzSQaQoa9JABKrjEs0El6wJHATrhIoR3xWs7U5u03r7gSnNA9mAach6PhlJ7nFKILEGZjFfqzg68gcxVOxZP27McK0fO4LIkWAYsKMymuUHZsEqWZnwKtgLKKCF6gPzyxkGNPKZBCqI1l3bCqEXEwWcphc6kWYhoRMyYt0EJfGZ7sXZRjN8njhD7AUqORJw5v6eiImv9dR3k06fwFgv11Lzv1o3Au+6F3MZRsAknT/kRQJDgNN48JArRkFMEyBU8eSvmI6JIhSSENMQ7OWVV6FVLtkXpfL9ZaF6s4gjh07RGSoiG12hKrpDddREFD2iZ/SK3own48V4Nz7mrWvGYuYE/ZHx+QMPsJyK</latexit>

http://axon.cs.byu.edu/Dan/678/papers/Recurrent/Werbos.pdf
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<latexit sha1_base64="Ejg2z7c4PpB/tLaYRnYpzPWaTcw="></latexit>

Werbos, Paul J. "Backpropagation through time: what it does and how to do it." 
Proceedings of the IEEE 78, no. 10 (1990): 1550-1560.

L =
TX

t=1

L(t)

<latexit sha1_base64="g+kKpMNE6Ubf+cazn3//5JxxMks=">AAACA3icbVDLSsNAFJ34rPVVdaebwSLUTUmqoJtC0Y2LLir0BX0xmU7aoZNJmLkRSgi48VfcuFDErT/hzr8xabPQ1gMXDufcy7332L7gGkzz21hZXVvf2MxsZbd3dvf2cweHTe0FirIG9YSn2jbRTHDJGsBBsLavGHFtwVr25DbxWw9Mae7JOkx91nPJSHKHUwKxNMgdZ6vlrg7cQQhlK+qH9QhX+2EBzqPsIJc3i+YMeJlYKcmjFLVB7qs79GjgMglUEK07lulDLyQKOBUsynYDzXxCJ2TEOjGVxGW6F85+iPBZrAyx46m4JOCZ+nsiJK7WU9eOO10CY73oJeJ/XicA57oXcukHwCSdL3ICgcHDSSB4yBWjIKYxIVTx+FZMx0QRCnFsSQjW4svLpFkqWhfF0v1lvnKTxpFBJ+gUFZCFrlAF3aEaaiCKHtEzekVvxpPxYrwbH/PWFSOdOUJ/YHz+AO3elms=</latexit>

http://axon.cs.byu.edu/Dan/678/papers/Recurrent/Werbos.pdf


Sebastian Raschka           STAT 479: Deep Learning            SS 2019 !10

WhxWhx Whx

Wyh
Wyh

Whh

y<t>

x<t>

y<t-1>

x<t-1>

h<t>

y<t>

x<t>

h<t+1>

y<t+1>

Unfold
Whh

Whx

Wyh

Wh=  Whh ; Whx 

Wyh

h<t-1>
Whh

x<t+1>

[         ]

h<t>

@L(t)

@Whh
=

@L(t)

@y(t)
· @y

(t)

@h(t)
·
 

tX

k=1

@h(t)

@h(k)
· @h(k)

@Whh

!

<latexit sha1_base64="Ejg2z7c4PpB/tLaYRnYpzPWaTcw="></latexit>

Werbos, Paul J. "Backpropagation through time: what it does and how to do it." 
Proceedings of the IEEE 78, no. 10 (1990): 1550-1560.

L =
TX

t=1

L(t)

<latexit sha1_base64="g+kKpMNE6Ubf+cazn3//5JxxMks=">AAACA3icbVDLSsNAFJ34rPVVdaebwSLUTUmqoJtC0Y2LLir0BX0xmU7aoZNJmLkRSgi48VfcuFDErT/hzr8xabPQ1gMXDufcy7332L7gGkzz21hZXVvf2MxsZbd3dvf2cweHTe0FirIG9YSn2jbRTHDJGsBBsLavGHFtwVr25DbxWw9Mae7JOkx91nPJSHKHUwKxNMgdZ6vlrg7cQQhlK+qH9QhX+2EBzqPsIJc3i+YMeJlYKcmjFLVB7qs79GjgMglUEK07lulDLyQKOBUsynYDzXxCJ2TEOjGVxGW6F85+iPBZrAyx46m4JOCZ+nsiJK7WU9eOO10CY73oJeJ/XicA57oXcukHwCSdL3ICgcHDSSB4yBWjIKYxIVTx+FZMx0QRCnFsSQjW4svLpFkqWhfF0v1lvnKTxpFBJ+gUFZCFrlAF3aEaaiCKHtEzekVvxpPxYrwbH/PWFSOdOUJ/YHz+AO3elms=</latexit>

computed as a multiplication of adjacent time steps:  

@h(t)

@h(k)
=

tY

i=k+1

@h(i)

@h(i�1)
<latexit sha1_base64="F3uFmixT/xq2W9PWESuOPYxapGM="></latexit>

Backpropagation through time

http://axon.cs.byu.edu/Dan/678/papers/Recurrent/Werbos.pdf
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<latexit sha1_base64="Ejg2z7c4PpB/tLaYRnYpzPWaTcw="></latexit>

Werbos, Paul J. "Backpropagation through time: what it does and how to do it." 
Proceedings of the IEEE 78, no. 10 (1990): 1550-1560.
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<latexit sha1_base64="g+kKpMNE6Ubf+cazn3//5JxxMks=">AAACA3icbVDLSsNAFJ34rPVVdaebwSLUTUmqoJtC0Y2LLir0BX0xmU7aoZNJmLkRSgi48VfcuFDErT/hzr8xabPQ1gMXDufcy7332L7gGkzz21hZXVvf2MxsZbd3dvf2cweHTe0FirIG9YSn2jbRTHDJGsBBsLavGHFtwVr25DbxWw9Mae7JOkx91nPJSHKHUwKxNMgdZ6vlrg7cQQhlK+qH9QhX+2EBzqPsIJc3i+YMeJlYKcmjFLVB7qs79GjgMglUEK07lulDLyQKOBUsynYDzXxCJ2TEOjGVxGW6F85+iPBZrAyx46m4JOCZ+nsiJK7WU9eOO10CY73oJeJ/XicA57oXcukHwCSdL3ICgcHDSSB4yBWjIKYxIVTx+FZMx0QRCnFsSQjW4svLpFkqWhfF0v1lvnKTxpFBJ+gUFZCFrlAF3aEaaiCKHtEzekVvxpPxYrwbH/PWFSOdOUJ/YHz+AO3elms=</latexit>

computed as a multiplication of adjacent time steps:  

@h(t)

@h(k)
=

tY

i=k+1
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<latexit sha1_base64="F3uFmixT/xq2W9PWESuOPYxapGM="></latexit>

Backpropagation through time

This is very problematic: 
Vanishing/Exploding gradient problem! 

http://axon.cs.byu.edu/Dan/678/papers/Recurrent/Werbos.pdf
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Boden, Mikael. "A guide to recurrent neural networks and backpropagation." the 
Dallas project (2002).

A good resource that explains backpropation through time nicely:

https://www.researchgate.net/profile/Mikael_Boden/publication/2903062_A_Guide_to_Recurrent_Neural_Networks_and_Backpropagation/links/53edd2c90cf23733e80b091f/A-Guide-to-Recurrent-Neural-Networks-and-Backpropagation.pdf
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Solutions to the vanishing/exploding  
gradient problems

1) Gradient Clipping: set a max value for gradients if they grow 
to large (solves only exploding gradient problem) 

2) Truncated backpropagation through time (TBPTT)  
- simply limits the number of time steps the signal can backpropagate after 
each forward pass. E.g., even if the 
sequence has 100 elements/steps, we may only backpropagate 
through 20 or so 

3) Long short-term memory (LSTM) -- uses a memory cell for  
modeling long-range dependencies and avoid vanishing gradient  
problems
Hochreiter, Sepp, and Jürgen Schmidhuber. "Long short-term memory." 
Neural computation 9, no. 8 (1997): 1735-1780.

https://www.mitpressjournals.org/doi/abs/10.1162/neco.1997.9.8.1735?casa_token=vRk-8IGcavsAAAAA:x4-lr64opq32GD_gVNgtGQtRD58x5ipJafRbotD35B2wm9l4xmzAdg8c0nP7H-SdL1dqHYuVnw
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Long-short term memory (LSTM)

LSTM cell:
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!16

Long-short term memory (LSTM)

Cell state at current time stepCell state at previous time step
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!17

Long-short term memory (LSTM)
activation from  

previous time step
activation for next time step
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!18

Long-short term memory (LSTM)
element-wise  

multiplication operator element-wise addition operator

logistic sigmoid activation functions
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!19

Long-short term memory (LSTM)

"Forget Gate": controls which information is remembered, and which is forgotten;  
can reset the cell state

Gers, Felix A., Jürgen Schmidhuber, and Fred Cummins. "Learning to forget: Continual prediction with LSTM." (1999): 850-855.

ft = �
⇣
Wfxx

hti +Wfhh
ht�1i + bf

⌘

<latexit sha1_base64="sJ3l5er3vcIJBTSOejEbTXz8w+8="></latexit>

https://digital-library.theiet.org/content/conferences/10.1049/cp_19991218
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σ
Wfx  Wfh  bf

x<t>

h<t-1>

C<t-1>

h<t>

f

σ
Wox  Woh  bo

oTanh
Wgx Wgh  bg

g

σ
Wix  Wih  bi

i Tanh

To next 
layer

To next 
time step

C<t>

!20

Long-short term memory (LSTM)
"Input Gate":

"Input Node":

it = �
⇣
Wixx

hti +Wihh
ht�1i + bi

⌘

<latexit sha1_base64="YIBvtcQUJ0Wokw4T7p1nOPRhstc="></latexit>

gt = tanh
⇣
Wgxx

hti +Wghh
ht�1i + bg

⌘

<latexit sha1_base64="fvcp5gZZlUn1zgPb29eUeqrBUeg="></latexit>
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σ
Wfx  Wfh  bf

x<t>

h<t-1>

C<t-1>

h<t>

f

σ
Wox  Woh  bo

oTanh
Wgx Wgh  bg

g

σ
Wix  Wih  bi

i Tanh

To next 
layer

To next 
time step

C<t>

!21

Long-short term memory (LSTM)

Brief summary of the gates so far ...

Chti =
⇣
Cht�1i � ft

⌘
� (it � gt)

<latexit sha1_base64="A97MWklIk/5C/CfIWjxPMXDnU9U="></latexit>

Forget Gate Input Node Input Gate

For updating the cell state
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σ
Wfx  Wfh  bf

x<t>

h<t-1>

C<t-1>

h<t>

f

σ
Wox  Woh  bo

oTanh
Wgx Wgh  bg

g

σ
Wix  Wih  bi

i Tanh

To next 
layer

To next 
time step

C<t>

!22

Long-short term memory (LSTM)

Output gate for updating the values of hidden units:

ot = �
⇣
Woxx

hti +Wohh
ht�1i + bo

⌘

<latexit sha1_base64="8C/V3zmHVNyAb78wB9GVKa2R8v8="></latexit>
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Long-short term memory (LSTM)

h<t>

y<t>

x<t>

h<t-1>

y<t-1>

x<t-1>

h<t>

y<t>

x<t>

h(t+1)

y(t+1)

x(t+1)

Unfold

h<t>

y<t>

x<t>

h<t-1>

y<t-1>

x<t-1>

h<t>

y<t>

x<t>

h(t+1)

y(t+1)

x(t+1)

Unfold

h<t> h<t-1> h<t> h(t+1)

Multilayer RNN

Single layer RNN

1 1 1 1

2 2 2 2

σ
Wfx  Wfh  bf

x<t>

h<t-1>

C<t-1>

h<t>

f

σ
Wox  Woh  bo

oTanh
Wgx Wgh  bg

g

σ
Wix  Wih  bi

i Tanh

To next 
layer

To next 
time step

C<t>

hhti = ot � tanh
⇣
Chti

⌘

<latexit sha1_base64="1dACau9S6hE1StlYzeuAhCTUMQk="></latexit>
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Long-short term memory (LSTM)
• Still popular and widely used today 
• A recent, related approach is the Gated Recurrent Unit (GRU)  

Cho, Kyunghyun, Bart Van Merriënboer, Caglar Gulcehre, Dzmitry Bahdanau, Fethi 
Bougares, Holger Schwenk, and Yoshua Bengio. "Learning phrase representations using 
RNN encoder-decoder for statistical machine translation." arXiv preprint arXiv:1406.1078 
(2014). 

• Nice article exploring LSTMs and comparing them to GRUs  
Jozefowicz, Rafal, Wojciech Zaremba, and Ilya Sutskever.  
"An empirical exploration of recurrent network architectures." In International Conference 
on Machine Learning, pp. 2342-2350. 2015.

GRU image source: https://en.wikipedia.org/wiki/
Gated_recurrent_unit#/media/
File:Gated_Recurrent_Unit,_base_type.svg

https://arxiv.org/abs/1406.1078
https://arxiv.org/abs/1406.1078
https://arxiv.org/abs/1406.1078
http://proceedings.mlr.press/v37/jozefowicz15.pdf
https://en.wikipedia.org/wiki/Gated_recurrent_unit#/media/File:Gated_Recurrent_Unit,_base_type.svg
https://en.wikipedia.org/wiki/Gated_recurrent_unit#/media/File:Gated_Recurrent_Unit,_base_type.svg
https://en.wikipedia.org/wiki/Gated_recurrent_unit#/media/File:Gated_Recurrent_Unit,_base_type.svg
https://en.wikipedia.org/wiki/Gated_recurrent_unit#/media/File:Gated_Recurrent_Unit,_base_type.svg
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...
    self.rnn = torch.nn.LSTMCell(input_size, hidden_size)
...  

def forward(self, x):
    embedded = self.embedding(text)
    h = self.initial_hidden_state() 
    for input in x:  
        h = self.rnn(input, h)

...
    self.rnn = torch.nn.LSTM(input_size, hidden_size)
...  

def forward(self, x):
    h_0 = self.initial_hidden_state()
    output, h = self.rnn(x, h_0)

These two are 
equivalent, but 

the bottom one is 
substantially faster

RNNs with LSTMs in PyTorch
Conceptually simple, the (very) hard part is the data processing pipeline
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Different Types of Sequence Modeling Tasks

Figure based on: 

The Unreasonable Effectiveness of Recurrent Neural Networks by Andrej Karpathy (http://karpathy.github.io/2015/05/21/rnn-effectiveness/)  

many-to-one one-to-many

many-to-many many-to-many
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WhxWhx Whx

Wyh
Wyh

Whh

y<t>

x<t>

y<t-1>

x<t-1>

h<t>

y<t>

x<t>

h<t+1>

y<t+1>

Unfold
Whh

Whx

Wyh

Wh=  Whh ; Whx 

Wyh

h<t-1>
Whh

x<t+1>

[         ]

h<t>

Many-to-One
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1 - Simple Sentiment Analysis (Simple RNN) 
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/1%20-
%20Simple%20Sentiment%20Analysis.ipynb 

2 - Updated Sentiment Analysis (LSTM) 
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/2%20-
%20Upgraded%20Sentiment%20Analysis.ipynb 

Optional: 

Using TorchText with Your Own Datasets 
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/A%20-
%20Using%20TorchText%20with%20Your%20Own%20Datasets.ipynb 

4 - Convolutional Sentiment Analysis 
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/4%20-
%20Convolutional%20Sentiment%20Analysis.ipynb

Many-to-One ("Word"-RNN)

https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/1%20-%20Simple%20Sentiment%20Analysis.ipynb
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/1%20-%20Simple%20Sentiment%20Analysis.ipynb
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/2%20-%20Upgraded%20Sentiment%20Analysis.ipynb
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/2%20-%20Upgraded%20Sentiment%20Analysis.ipynb
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/A%20-%20Using%20TorchText%20with%20Your%20Own%20Datasets.ipynb
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/A%20-%20Using%20TorchText%20with%20Your%20Own%20Datasets.ipynb
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/4%20-%20Convolutional%20Sentiment%20Analysis.ipynb
https://github.com/bentrevett/pytorch-sentiment-analysis/blob/master/4%20-%20Convolutional%20Sentiment%20Analysis.ipynb
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https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html

Many-to-One ("Character"-RNN)

Classifying Names with a Character-level RNN

https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html
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many-to-one one-to-many

many-to-many many-to-many

Generating Names with a Character-level RNN 
https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html


many-to-one one-to-many

many-to-many many-to-many
"one"

"training" "generating new text"

https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html
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many-to-one one-to-many

many-to-many many-to-many

Generating Names with a Character-level RNN 
https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html


"training"

At each time step 
Softmax output (probability)  
for each possible"next letter"

For next each input, 
ignore the prediction but use the 

"correct" next letter from the dataset

https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html
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Generating Names with a Character-level RNN 
https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html


many-to-one one-to-many

many-to-many many-to-many
"one"

"generating new text"

To generate new text, now,  
sample from the softmax 

outputs and provide the letter 
as input to the next time step

https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html
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Generating Names with a Character-level RNN 
https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html


many-to-one one-to-many

many-to-many many-to-many
"one"

"generating new text"

To generate new text, now,  
sample from the softmax 

outputs and provide the letter 
as input to the next time step

Note that this approach 
works with both Word- 
and Character-RNNs

https://pytorch.org/tutorials/intermediate/char_rnn_classification_tutorial.html
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https://github.com/bentrevett/pytorch-seq2seq
Additional Tutorials:

https://github.com/bentrevett/pytorch-seq2seq
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Translation with a Sequence to Sequence Network and Attention 
(English to French)

https://pytorch.org/tutorials/intermediate/seq2seq_translation_tutorial.html

Figure based on: 

The Unreasonable Effectiveness of Recurrent Neural Networks by Andrej Karpathy (http://karpathy.github.io/2015/05/21/rnn-effectiveness/)  

many-to-one one-to-many

many-to-many many-to-many

https://pytorch.org/tutorials/intermediate/seq2seq_translation_tutorial.html
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Data Processing for a Word RNN 
(e.g., for sentiment classification)
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One-hot encoded matrix

0 0

0 0

0 0

0 0

0 0

... ...

0 0

... ...

... 0

... 0

0 0

0 0

0 0

0 0

... 0

... ...

0 0

... ...

0 0

... ...

0 ...

0 ...

0 0

0 0

0 ...

0 ...

0 1

0 0

... 1

... 0

0 ...

0 ...

0 0

1 0

... 0

... 0

0 ...

1 ...

0 0

0 0

Text Corpus

21, 88, 15, 22
14, 56, 4, 6, 2, 11, 10, 33, 27, 38, 70, 76
39, 29, 28, 24, 11, 5, 78, 39
77, 63, 22, 78, 34, 25, 67, 4, 83, 17, 23
19, 14, 8, 61, 23, 24, 4
23, 42, 18
4, 8, 11, 25, 23, 42, 84, 76, 45, 24
45, 13, 68, 92, 33, 15, 16, 76, 25, 33, 89, 40, 16

Extract indices 
of unique words

Each sentence becomes 
a matrix, where each row 

is a one-hot encoded 
vector

all-zero row 
vectors due to 

padding

pos. 21
pos. 88
pos. 15
pos. 15

Data Processing for Word-RNNs
Step 1): Create one-hot encoded matrix
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A trainable matrix of type real

r1,1 r1,2
r2,1 r2,2

r1,3 r1,4
r2,3 r2,4

r1,5 r1,6
r2,5 r2,6

r3,1 r3,2
r4,1 r4,2

r3,3 r3,4
r4,3 r4,4

r3,5 r3,6
r4,5 r4,6

r5,1 r5,2
r6,1 r6,2

r5,3 r5,4
r6,3 r6,4

r5,5 r5,6
r6,5 r6,6

r7,1 r7,2 r7,3 r7,4 r7,5 r7,6

rn-2,1 rn-2,2 rn-2,3 rn-2,4 rn-2,5 rn-2,6
rn-1,1 rn-1,2
rn,1 rn,2

rn-1,3 rn-1,4
rn,3 rn,4

rn-1,5 rn-1,6
rn,5 rn,6

Number 
of unique 

words
(or nwords)

Number of features
(or embedding size)

1

2

3

4

5

6

7

n-2

n-1

n

Vocabulary 
indices

One-hot encoded matrix

0 0

0 0

0 0

0 0

0 0

... ...

0 0

... ...

... 0

... 0

0 0

0 0

0 0

0 0

... 0

... ...

0 0

... ...

0 0

... ...

0 ...

0 ...

0 0

0 0

0 ...

0 ...

0 1

0 0

... 1

... 0

0 ...

0 ...

0 0

1 0

... 0

... 0

0 ...

1 ...

0 0

0 0

Text Corpus

21, 88, 15, 22
14, 56, 4, 6, 2, 11, 10, 33, 27, 38, 70, 76
39, 29, 28, 24, 11, 5, 78, 39
77, 63, 22, 78, 34, 25, 67, 4, 83, 17, 23
19, 14, 8, 61, 23, 24, 4
23, 42, 18
4, 8, 11, 25, 23, 42, 84, 76, 45, 24
45, 13, 68, 92, 33, 15, 16, 76, 25, 33, 89, 40, 16

Extract indices 
of unique words

Each sentence becomes 
a matrix, where each row 

is a one-hot encoded 
vector

all-zero row 
vectors due to 

padding

pos. 21
pos. 88
pos. 15
pos. 15

Step 2): Multiply with embedding matrix

Data Processing for Word-RNNs

Output is a  
matrix 2 Rnum words⇥vocab size

<latexit sha1_base64="gFtkKnxlVlNOEzUD4dFhpFQX17Q=">AAACJXicbVDLSgMxFM34tr6qLt0Ei+CqzKigCxeiG5dVrAqdOmTSWw1mkiG5U63D/Iwbf8WNC4sIrvwV08fC14HA4Zx7uTknTqWw6Psf3tj4xOTU9MxsaW5+YXGpvLxybnVmONS5ltpcxsyCFArqKFDCZWqAJbGEi/j2qO9fdMBYodUZdlNoJuxaibbgDJ0UlfdDoWiYMLyJ4/y0uMpDhHvMVZaE0Z02LVvQEEUClg6NjuYsDiMrHqAoonLFr/oD0L8kGJEKGaEWlXthS/MsAYVcMmsbgZ9iM2cGBZdQlMLMQsr4LbuGhqOKucPNfJCyoBtOadG2Nu4ppAP1+0bOEmu7Sewm+3nsb68v/uc1MmzvNXOh0gxB8eGhdiYpatqvjLaEAY6y6wjjRri/Un7DDOPoii25EoLfkf+S861qsF3dOtmpHByO6pgha2SdbJKA7JIDckxqpE44eSTP5JX0vCfvxXvz3oejY95oZ5X8gPf5BQJtp28=</latexit>
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The "huge" matrix multiplication is very inefficient, so we  
replace it with an embedding "look-up"
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A matrix of all zeros

Filling sequences from 
the right side

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

0 0

4 6

0 0

2 11

0 0

63 22

39 29

78 34

0 0

10 33

21 88

27 38

19 26

70 76

28 24

25 67

11 5

4 83

78 39

17 23

0 0

0 0

0 19

0 0

4 8

92 33

11 25

15 16

14 8

0 0

61 23

0 23

24 4

42 18

23 42

76 25

84 76

33 89

45 24

40 16

Text Corpus

21, 88, 19, 26
14, 56, 4, 6, 2, 11, 10, 33, 27, 38, 70, 76
39, 29, 28, 24, 11, 5, 78, 39
77, 63, 22, 78, 34, 25, 67, 4, 83, 17, 23
19, 14, 8, 61, 23, 24, 4
23, 42, 18
4, 8, 11, 25, 23, 42, 84, 76, 45, 24
45, 13, 68, 92, 33, 15, 16, 76, 25, 33, 89, 40, 16

14, 56,

77, 

45, 13, 68, 

Extract indices 
of unique words

Step 1: Read Sentences into a Word Matrix
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Step 2: "Look up" row that correspond to word index
A trainable matrix of type real

r1,1 r1,2
r2,1 r2,2

r1,3 r1,4
r2,3 r2,4

r1,5 r1,6
r2,5 r2,6

r3,1 r3,2
r4,1 r4,2

r3,3 r3,4
r4,3 r4,4

r3,5 r3,6
r4,5 r4,6

r5,1 r5,2
r6,1 r6,2

r5,3 r5,4
r6,3 r6,4

r5,5 r5,6
r6,5 r6,6

r7,1 r7,2 r7,3 r7,4 r7,5 r7,6

rn-2,1 rn-2,2 rn-2,3 rn-2,4 rn-2,5 rn-2,6
rn-1,1 rn-1,2
rn,1 rn,2

rn-1,3 rn-1,4
rn,3 rn,4

rn-1,5 rn-1,6
rn,5 rn,6

Number 
of unique 

words
(or nwords)

Number of features
(or embedding size)

1

2

3

4

5

6

7

n-2

n-1

n

Vocabulary 
indices
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Data Processing for a Character RNN 
(e.g., for text generation)
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‘H’ ‘e’ ‘l’ ‘l’ ‘o’ ‘ ‘

‘e’ ‘l’ ‘l’ ‘o’ ‘ ‘ ‘w’

‘w’ ‘o’ ‘r’ ‘l’ ‘d’ ‘!‘

‘o’ ‘r’ ‘l’ ‘d’ ‘!‘ EOS

Input 
Sequence: EOS

Predicting 
next 
character:

Data:   “Hello world!” Break it into a sequence of 
characters

Step 1: Break up text into characters
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Step 2: Define Mapping Dictionaries

‘H’

‘e’

‘l’

‘l’

‘o’

char2int

2

1

3

3

0

6

0

5

3

4

int2char

‘w’

‘o’

‘r’

‘l’

‘d’

Mapping characters to integers Mapping integers to characters
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Sequence x: 

Text Corpus

49, 29, 29, 29,  5, 19, 27,  0,  7,  3, 36, 65, 27, 
41, 31,  0, 26, 4, 31, 27, 86, 10, 27,  3, 84, 67, 
12,  0, 80, 31, 27, 58, 31,  0, 36, 28,  0, 75, 19, 
22, . . . , 52, 84, 19, 31,  0, 22

Convert text into a long 
sequence of integers

49, 29, 29, 29,  5, 19, 27,  0,  7,  3, 36, 65, 27, 
41, 31,  0, 26, 4, 31, 27, 86, 10, 27,  3, 84, 67, 
12,  0, 80, 31, 27, 58, 31,  0, 36, 28,  0, 75, 19, 
22, . . . , 52, 84, 19, 31,  0, 22

49, 29, 29, 29,  5, 19, 27,  0,  7,  3, 36, 65, 27, 
41, 31,  0, 26, 4, 31, 27, 86, 10, 27,  3, 84, 67, 
12,  0, 80, 31, 27, 58, 31,  0, 36, 28,  0, 75, 19, 
22, . . . , 52, 84, 19, 31,  0, 22

Sequence y: 

Create sequences x and y 
49, 29, 29, 29,   5, 19, . . . , 41, 31
73, 11, 56,   0, 36, 28, . . . , 72, 45
19, 22, 31, 67, 12,   0, . . . , 12,   0
 . . . 
22, 51, 51,   0, 51, 52, . . .  , 86, 42

29, 29, 29,   5, 19, 27, . . . , 31,  0
11, 56,   0, 36, 28,   0, . . . , 45,  4 
22, 31, 67, 12,   0, 48, . . . ,   0, 86
. . . 
51, 51,   0, 51, 52,   4, . . . , 42,   0

Number of batches ✕ Number of steps

Batch 
size

Batch 
size

Training data array x: 

Training data array y: 

Step 3: Define Inputs and Outputs

Outputs are the 
characters shifted by  

 1 position as we want 
to predict the next 

character
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More details for how this is specifically 
implement in PyTorch are shown in the 
excellent Jupyter Notebooks I linked 

in the earlier slides


