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• A variable size data where the order is important. 

• Each data point could depend on each other in complicated way

• Examples:
• Time Series Data: Weather Data, Stock Market

• DNA Sequence

• Natural Language: Text

• Music and Videos

Sequential Data
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• Sequence Prediction
• Weather Forecasting

• Stock Market Prediction

• Product Recommendation

• Sequence Classification
• DNA Sequence Classification

• Anomaly Detection

• Sentiment Analysis

• Sequence Generation
• Text Generation

• Music Generation

• Image Captioning

• Sequence-to-Sequence Prediction
• Multi-Step Time Series Forecasting

• Text Summarization

• Language Translation

Applications of Sequence Data

Different applications where the sequence data could be used 
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To handle sequence in Feed forward Network we could consider 
only fixed length sequence

Unable to model long term dependencies

• To model any sequence we need:
1. To deal with variable size input

2. Maintain sequence order

3. Keep track of long term dependencies

4. Share parameters across the sequences

Modelling Sequences
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Feedforward Network

Recurrent Neural Network (RNN)

Recurrent Network

RNNs have is updated as a sequence is processed
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• RNN uses states (ℎ𝑡) of the network units available at time 𝑡 as 
an input to the other units at time 𝑡 + 1, making it suitable for 
temporal data

Unrolled RNN
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• We can process a sequence of vectors x by applying a recurrence 
formula at every time step: 

Hidden state update: New state, ℎ𝑡 = 𝑓𝑊(ℎ𝑡−1 , 𝑥𝑡)

Output, 𝑦𝑡 = 𝑓𝑤ℎ𝑦
ℎ𝑡

• Same function and set of parameters are used at every time step 

Recurrent Neural Network
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•

(Vanilla) Recurrent Neural Network
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RNN: Computational Graph: Many to Many

Re-use the sameweight matrix at every time-step
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RNN: Computational Graph: Many to One
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RNN: Computational Graph: One to Many
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Recurrent Neural Networks: Process Sequence

Vanilla 
Neural 

Networks
> sequence 

Image Captioning 
image -

of words

Action prediction
sequence of video 
frames -> action 

class

Video Captioning
Sequence of video 
frames -> caption

Video 
classification on 

frame level
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• Many to one: Encode input 
sequence in a single vector

Sequence to Sequence

• One to many: Produce 
output sequence from 
single input vector
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Example training 

• Given a character 
what is the next 
character 

• Vocabulary: [h,e,l,o]

• Characters are 
encoded using one-hot 
encoding

Character-level Language Model

karpathy.github.io: Minimal character-level Vanilla RNN model
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Image Captioning
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A cat sitting on a 
suitcase on the floor

A cat is sitting on a 
tree branch

A dog is running in the 
grass with a frisbee

A white teddy bear 
sitting in the grass

Two people walking on 
the beach with 

surfboards

Two giraffes standing 
in a grassy field

A man riding a dirt bike 
on a dirt track

Image Captioning: Example Results

Captions generated using neuraltalk2 (https://github.com/karpathy/neuraltalk2) 

A tennis player in 
action on the court
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Image Captioning: Failure Cases

Captions generated using neuraltalk2 (https://github.com/karpathy/neuraltalk2) 

A bird is perched 
on a tree branch

A man in a baseball uniform 
throwing a ball

A woman is holding a 
cat in her hand

A person holding a 
computer mouse on a 

desk
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Visual Question Answering (VQA)

91

https://github.com/karpathy/neuraltalk2
https://github.com/karpathy/neuraltalk2
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Visual Question Answering (VQA)

Zhu et al, Visual 7W: Grounded Question Answering in Images , CVPR 2016
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• RNN Advantages:
• Can process any length of the input

• Computation for step t can (in theory) use information from many 
steps back

• Model size does not increase for longer input

• The same weights are applied on every timestep, so there is symmetry 
in how inputs are processed.

• RNN Disadvantages:
• Recurrent computation is slow

• In practice, difficult to access information from many steps back

RNN tradeoffs
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