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Natural Language Processing: Sequence Modeling with RNNs
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(Unrolled) Recurrent Neural Network
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How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems
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How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

my car works <<possessive>> <<noun>> <<verb>>

my dog ate the assignment <<possessive>> <<noun>> <<verb>> <<pronoun>> <<noun>>

my mother saved the day <<possessive>> <<noun>> <<verb>> <<pronoun>> <<noun>>

the smart kid solved the problem <<pronoun>> <<qualifier>> <<noun>> <<verb>> <<pronoun>> <<noun>>

Training examples don’t need to be the same length!

input output



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

L(my car works) = 3 L (<<possessive>> <<noun>> <<verb>>) = 3

L( my dog ate the assignment ) = 5 L (<<possessive>> <<noun>> <<verb>> <<pronoun>> <<noun>>) = 5

L( my mother saved the day ) = 5 L (<<possessive>> <<noun>> <<verb>> <<pronoun>> <<noun>>) = 5

L( the smart kid solved the problem ) = 6 L (<<pronoun>> <<qualifier>> <<noun>> <<verb>> <<pronoun>> <<noun>>) = 6

Training examples don’t need to be the same length!

input output



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

T: 1000 x 3 T: 20 x 3

T: 1000 x 5 T: 20 x 5

T: 1000 x 5 T: 20 x 5

T: 1000 x 6 T: 20 x 6

Training examples don’t need to be the same length!

input output

If we assume a vocabulary of a 1000 possible words and 20 possible output tags
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T: 1000 x 3 T: 20 x 3

T: 1000 x 5 T: 20 x 5

T: 1000 x 5 T: 20 x 5

T: 1000 x 6 T: 20 x 6

Training examples don’t need to be the same length!

input output

If we assume a vocabulary of a 1000 possible words and 20 possible output tags

How do we create batches if inputs and outputs have different shapes?



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

T: 1000 x 3 T: 20 x 3

T: 1000 x 5 T: 20 x 5

T: 1000 x 5 T: 20 x 5

T: 1000 x 6 T: 20 x 6

Training examples don’t need to be the same length!

input output

If we assume a vocabulary of a 1000 possible words and 20 possible output tags

How do we create batches if inputs and outputs have different shapes?

Solution 1:  Forget about batches, just process things one by one.



How can it be used? – e.g. Tagging a Text Sequence
One-to-one Sequence Mapping Problems

T: 1000 x 3 T: 20 x 3

T: 1000 x 5 T: 20 x 5

T: 1000 x 5 T: 20 x 5

T: 1000 x 6 T: 20 x 6

Training examples don’t need to be the same length!

input output

If we assume a vocabulary of a 1000 possible words and 20 possible output tags

How do we create batches if inputs and outputs have different shapes?

Solution 2:  Zero padding. We can put the above vectors in T: 4 x 1000 x 6
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How can it be used? – e.g. Scoring the Sentiment of a Text Sequence
Many-to-one Sequence to score problems
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How can it be used? – e.g. Sentiment Scoring
Many to one Mapping Problems

this restaurant has good food Positive

this restaurant is bad Negative

this restaurant is the worst Negative

this restaurant is well recommended Positive

Input training examples don’t need to be the same length!
In this case outputs can be.

input output



How can it be used? – e.g. Text Generation

Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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How can it be used? – e.g. Text Generation
Auto-regressive Models

<START> this restaurant has good food

<START> this restaurant is bad

<START> this restaurant is the worst

<START> this restaurant is well recommended

Input training examples don’t need to be the same length!
In this case outputs can be.

input output

this restaurant has good food <END>

this restaurant is bad <END>

this restaurant is the worst <END>

this restaurant is well recommended <END>



How can it be used? – e.g. Text Generation

Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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How can it be used? – e.g. Text Generation

Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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How can it be used? – e.g. Text Generation

Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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How can it be used? – e.g. Text Generation

Auto-regressive model – Sequence to Sequence during Training, Auto-regressive during test
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How can it be used? – e.g. Machine Translation

Sequence to Sequence – Encoding – Decoding – Many to Many mapping
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How can it be used? – e.g. Machine Translation
Sequence to Sequence Models

<START> este restaurante tiene buena comida 

Input training examples don’t need to be the same length!
In this case outputs can be.

input output

this restaurant has good food <END>

<START> this restaurant has good food

<START> el mundo no es suficiente the world is not enough <END>

<START> the world is not enough



How can it be used? – e.g. Machine Translation

Sequence to Sequence – Encoding – Decoding – Many to Many mapping
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DURING TRAINING – (Alternative)
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Problems 
• Long Sequences lead to vanishing

• Hidden states can not carry information in a long sequence 
(Telephone Game problem)

30



Solutions Proposed
• Use another hidden state variable and experiment with more 

complex transition functions than h = tanh(W1h + W2x).
• Read about LSTMs, GRUs, etc

31



LSTM Cell (Long Short-Term Memory)
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Solutions Proposed
• Use another hidden state variable and experiment with more 

complex transition functions than h = tanh(W1h + W2x).
• Read about LSTMs, GRUs, etc

• Encode the sentences both from left-to-right and right-to-left using 
two RNNs and combine the final hidden states from each direction.
• Read about Bidirectional RNNs (BiRNNs), BiLSTMs, BiGRUs
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Bidirectional Recurrent Neural Network
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Solutions Proposed
• Use another hidden state variable and experiment with more 

complex transition functions than h = tanh(W1h + W2x).
• Read about LSTMs, GRUs, etc

• Encode the sentences both from left-to-right and right-to-left using 
two RNNs and combine the final hidden states from each direction.
• Read about Bidirectional RNNs (BiRNNs), BiLSTMs, BiGRUs

• Stack RNNs, use an RNN that feeds its output states to another RNN 
and this second RNN outputs the final output states.
• Stacked RNNs, or Deep RNNs.
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Stacked Recurrent Neural Network
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Stacked Bidirectional Recurrent Neural Network
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Best Solution: Learning Attention Weights

38
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Questions?
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