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For dense input vectors (e.g., 
embeddings), full dot product
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CNNs
• CNNs are limited to creating features scoped over 

a pre-defined width.

“Valentine’s Day is being marketed as a Date Movie. I think it’s more 
of a First-Date Movie. If your date likes it, do not date that person 
again. And if you like it, there may not be a second date.” 

                                                                                                        Roger Ebert, Valentine’s Day



If your date likes it, do not date that person again

if your date 
your date likes 
date like it 
like it , 
it , do 

, do not 
do not date  
not date that 
date that person 
that person again



Recurrent neural network

• RNN allow arbitarily-sized conditioning contexts; 
condition on the entire sequence history.



• Often used for sequential prediction tasks: 

• Language models—predicting the next symbol 
(word, character) in a sequence 

• Machine translation—-predicting a sequence of 
words (sentence) in language f conditioned on 
sentence in language e 

• Sequence labeling (POS tagging, NER)—we’ll 
cover that after spring break.

Recurrent neural network



Generation

Goldberg 2017



Character LM

http://karpathy.github.io/2015/05/21/rnn-effectiveness/



Character LM

http://karpathy.github.io/2015/05/21/rnn-effectiveness/



Character LM

http://karpathy.github.io/2015/05/21/rnn-effectiveness/



• Often used for sequential prediction tasks: 

• Language models—predicting the next symbol 
(word, character) in a sequence 

• Machine translation—-predicting a sequence of 
words (sentence) in language f conditioned on 
sentence in language e 

• Sequence labeling (POS tagging, NER)—we’ll 
cover that after spring break.

Recurrent neural network





Je suis heureux
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• Often used for sequential prediction tasks: 

• Language models—predicting the next symbol 
(word, character) in a sequence 

• Machine translation—-predicting a sequence of 
words (sentence) in language f conditioned on 
sentence in language e 

• Sequence labeling (POS tagging, NER)—we’ll 
cover that after spring break.

Recurrent neural network
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I

2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7

loved the

2.7 3.1 -1.4 -2.3 0.7

movie

2.7 3.1 -1.4 -2.3 0.7

!

2.7 3.1 -1.4 -2.3 0.7

PRP VBD DT NN .

For POS tagging, predict the tag from 𝓨 conditioned 
on the context



• We’ll use them today to generate a representation 
of a sequence of arbitrary length (sentence, 
document, etc.) optimized for some task. 

• We can then use that representation for e.g. text 
classification/regression.

Recurrent neural network



Goldberg 2017

Recurrent neural network



Goldberg 2017

Each x here is one token 
in a sequence

Each y is the output of the RNN at that time step; sometimes we use this 
information (POS tagging, LM); sometimes we only use the output for the final 

state (s5)



• Each time step has two inputs: 

• xi (the observation at time 
step i); one-hot vector, 
feature vector or word 
embedding. 

• si-1 (the output of the 
previous state); base case: 
s0 = 0 vector

Recurrent neural network



Recurrent neural network
si = R(xi, si�1)

yi = O(si)

R computes the output state as a 
function of the current input and 

previous state

O computes the output as a 
function of the current output 

state



“Simple” RNN

si = R(xi, si�1) = g(si�1Ws + xiWx + b)

yi = O(si) = si

Ws � RH�H

Wx � RD�H

b � RH

Different weight vectors W 
transform the previous state and 
current input before combining

g = tanh or relu

Elman 1990, Mikolov 2012



How do we use RNNs for document classification?
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I loved the movie !
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RNNs

• The final hidden state contains a representation 
informed by the entire sequence, including non-
linear interactions between the elements of that 
sequence.
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If your date likes it , do not date that person again

in conditional until comma, so downplay “likes”

The director said it was “ the best movie he ever made ”

quoted speech is in between quotation 
marks, so downplay “best”



RNNs

• Recurrent networks are deep in that they involve 
one “layer” for each time step (e.g., words in a 
sentence) 

• Vanishing gradient problem: as error is back 
propagated through the layers of a deep network, 
they tend toward 0.



Long short-term memory  
network (LSTM)

• Designed to account for the vanishing gradient 
problem 

• Basic idea: split the s vector propagated between 
time steps into a memory component and a hidden 
state component



LSTMs

http://colah.github.io/posts/2015-08-Understanding-LSTMs/



memory

hidden state• LSTMs gates control 
the flow of 
information 

Gates

• A sigmoid squashes its input to between 0 and 1 
• By multiplying the output of a sigmoid elementwise 

with another vector, we forget information in the 
vector (if multiplied by a number close to 0) or allow 
it to pass (if multiplied by number close to 1) 



hidden state

3.7 1.4 -0.7 -1.4 7.8

0.01 0.99 0.5 0.98 0.01

Forget gate: as a function of the previous 
hidden state and current input, forget 

information in the memory

0.03 1.4 -0.35 -1.38 0.08 elementwise product

memory



hidden state

Input gate (but forget some information 
about the current observation)

0.03 1.4 -0.35 -1.38 0.08

elementwise product

memory



hidden state

Update the memory (but forget some 
information about the current observation)

0.03 1.4 -0.35 -1.38 0.08

elementwise product

memory



hidden state

The memory passes directly to the 
next state

0.8 0.4 -1.4 9.8 3.4

elementwise product

memory



hidden state

Output gate: forget some information 
to send to the hidden state

elementwise product

memory



hidden state

The hidden state is updated with the 
current observation and new context.

elementwise product

memory



How much context?

Khandelwal et al. (2018), “Sharp Nearby, Fuzzy Far Away: How Neural Language Models Use Context” (ACL)

• For language 
modeling, LSTMs are 
aware of about 200 
words of context  

• Ignores word order 
beyond 50 words



Context

• Encoding an entire sequence into a fixed 
dimensional vector at the end of the sequence can 
potentially lose a lot of information, especially for 
documents. 

• Rarely used in practice.
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I loved the movie !
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I loved the movie !

y

sum

2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7

2.7 3.1 -1.4 -2.3 0.7
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I loved the movie !

y

avg

2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7

2.7 3.1 -1.4 -2.3 0.7

Iyyer et al. (2015), “Deep Unordered Composition Rivals Syntactic Methods for Text Classification” (ACL)
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I loved the movie !

y

max

2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7

2.7 3.1 -1.4 -2.3 0.7
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RNN
• With an RNN, we can generate a representation of 

the sequence as seen through time t.  

• This encodes a representation of meaning specific 
to the local context a word is used in.
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➕
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We can then swap that 
RNN time step output 

for the embeddings we 
used earlier.
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What about the future context?



Bidirectional RNN
• A powerful alternative is make predictions 

conditioning both on the past and the future. 

• Two RNNs  

• One running left-to-right 
• One right-to-left 

• Each produces an output vector at each time step, 
which we concatenate



 47

I

0.7-1.1-5.4
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0.7-1.1-5.4 0.7-1.1-5.4 0.7-1.1-5.4 0.7-1.1-5.4

Bidirectional RNN
forward RNN
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2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7

I loved the movie !

0.7-1.1-5.4 0.7-1.1-5.4 0.7-1.1-5.4 0.7-1.1-5.4 0.7-1.1-5.4

Bidirectional RNN
backward RNN
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I loved the movie !
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Bidirectional RNN



Bidirectional RNN

• The forward RNN and backward RNN each output  
a vector of size H at each time step, which we 
concatenate into a vector of size 2H. 

• The forward and backward RNN each have 
separate parameters to be learned during training.



Training BiRNNs

• We have 8 sets of parameters to learn (3 for each 
RNN + 2 for the final layer)

• Given this definition of an BiRNN:

si
b = Rb(x

i, si+1
b ) = g(si+1

b W s
b + xiW x

b + bb)

si
f = Rf (xi, si�1

f ) = g(si�1
f W s

f + xiW x
f + bf )

yi = softmax
�
[si

f ; si
b]W

o + bo
�



Padding

• Many neural network libraries require each 
sequence within the same batch to be the same 
length. 

• We can make artificially make this so by padding 
shorter sequences with a special symbol not 
otherwise used (e.g. 0) 



the dog ran

he ran to the house

he stopped

he went inside



1 3 4

2 4 5 1 6

2 7

2 8 9

word embedding ids



1 3 4 0 0

2 4 5 1 6

2 7 0 0 0

2 8 9 0 0

word embedding ids
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I loved it 0 0

y

avg

2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 2.7 3.1 -1.4 -2.3 0.7 0 0 0 0 0 0 0 0 0 0

2.7 3.1 -1.4 -2.3 0.7

Padding can can 
problems unless you 

account for it.



Masking

• For sequences that have been padded, ignore all 
time steps with the padding symbol.



Activity

• Explore LSTMs with 8.neural/LSTM.ipynb


