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Recurrent Neural Networks



Recurrent Neural Network

• Variable input/output length (+)
• Memory functionality (+)
• Weight sharing (+)
• Sequential processing (-)
• Vanishing gradients (-)
• Hard to learn to preserve longer context 

in practice (-)



Recurrent Neural Network
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• Internal state (memory, historical information)



Recurrent Neural Networks

lecture_10.pdf (stanford.edu)

Image -> sequence of 
words Video -> action class Video -> sequence of 

words
Video -> action class 

per each frames

http://cs231n.stanford.edu/slides/2021/lecture_10.pdf
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Activation Functions of RNNs

• Tanh is often used in RNNs to avoid 
gradient vanishing and gradient 
explosion

• Shared weights multiplied repeatedly
• May avoid exploding gradient
• Zero mean activations may help 

faster convergence
• Better empirical evidence
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Backpropagation Through Time
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Vanishing or Exploding Gradient
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• The largest eigenvalue is less than 1, then vanishing gradient
• The largest eigenvalue is greater than 1, then exploding gradient

Why?



Vanishing or Exploding Gradient

Stanford CS 224N | Natural Language Processing with Deep Learning

http://web.stanford.edu/class/cs224n/


Backpropagation Through Time (BPTT)

Forward Pass

Backward Pass

• Spatial complexity increases proportional to the time steps



Truncated Backpropagation Through Time (TBPTT)

Forward Pass

Backward Pass

Forward Pass

Backward Pass

• Enabling training on longer sequence
• But, Biased on short-term influence rather than long-term consequences

• Help avoiding vanishing or exploding gradients



Gradient Clipping
• Another trick to increase numerical stability

∇𝐿𝐿 ← min(1,
𝑐𝑐
∇𝐿𝐿

)∇𝐿𝐿



Language Modeling

• Computing the joint probability of the sequence

• It is able to generate natural text, by drawing one token at a time

𝑝𝑝 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑇𝑇 = �
𝑡𝑡=1

𝑇𝑇

𝑝𝑝 𝑥𝑥𝑡𝑡|𝑥𝑥1, … , 𝑥𝑥𝑡𝑡−1 ≈ 𝑝𝑝(𝑥𝑥𝑡𝑡|ℎ𝑡𝑡−1)

𝑥𝑥𝑡𝑡 ∼ 𝑝𝑝 𝑥𝑥𝑡𝑡|𝑥𝑥𝑡𝑡−1, … , 𝑥𝑥1

Stores the sequence information 
up to time step t-1



Char-RNN (Character-Level Language Model)

http://cs231n.stanford.edu/

• Vocabulary – [h,e,l,o]
• Training sequence: “hello”

Teacher Forcing



Char-RNN (Character-Level Language Model)

http://cs231n.stanford.edu/

• Autoregressive model
• One character at a time, feed back 

to model



Example Implementation

8.5. Implementation of Recurrent Neural Networks from Scratch — Dive into Deep Learning 0.17.0 documentation (d2l.ai)

https://d2l.ai/chapter_recurrent-neural-networks/rnn-scratch.html
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Example Implementation

8.5. Implementation of Recurrent Neural Networks from Scratch — Dive into Deep Learning 0.17.0 documentation (d2l.ai)

https://d2l.ai/chapter_recurrent-neural-networks/rnn-scratch.html


PyTorch Library

8.5. Implementation of Recurrent Neural Networks from Scratch — Dive into Deep Learning 0.17.0 documentation (d2l.ai)

https://d2l.ai/chapter_recurrent-neural-networks/rnn-scratch.html


Modern RNNs



Gated Recurrent Units (GRU)

• Gating the information from the past
• An early observation is sometimes very crucial, but sometimes has no relevant 

information to current time steps.
• We might want to control whether a hidden state should be updated, or when a hidden 

state should be reset



Gated Recurrent Units (GRU)

𝑧𝑧𝑡𝑡 = 𝜎𝜎 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑧𝑧ℎ𝑡𝑡−1

𝑟𝑟𝑡𝑡 = 𝜎𝜎 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑟𝑟ℎ𝑡𝑡−1

9.1. Gated Recurrent Units (GRU) — Dive into Deep Learning 0.17.0 documentation (d2l.ai)

https://d2l.ai/chapter_recurrent-modern/gru.html
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Implementation

9.1. Gated Recurrent Units (GRU) — Dive into Deep Learning 0.17.0 documentation (d2l.ai)

https://d2l.ai/chapter_recurrent-modern/gru.html


Long Short-Term Memory (LSTM)

• Introducing “memory cell”
• Hidden states

• Output gate – to read from the memory cell
• Input gate – to write to the memory cell
• Forget gate – to reset the memory cell

9.2. Long Short-Term Memory (LSTM) — Dive into Deep Learning 0.17.0 documentation (d2l.ai)

https://d2l.ai/chapter_recurrent-modern/lstm.html
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• Gates

9.2. Long Short-Term Memory (LSTM) — Dive into Deep Learning 0.17.0 documentation (d2l.ai)
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𝑖𝑖𝑡𝑡 = 𝜎𝜎 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑖𝑖ℎ𝑡𝑡−1

𝑜𝑜𝑡𝑡 = 𝜎𝜎 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑜𝑜ℎ𝑡𝑡−1

• Candidate memory cell

�𝑐𝑐𝑡𝑡 = tanh 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑐𝑐ℎ𝑡𝑡−1
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Long Short-Term Memory (LSTM)

ℎ𝑡𝑡−1

𝑓𝑓𝑡𝑡 = 𝜎𝜎 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑓𝑓ℎ𝑡𝑡−1

𝑖𝑖𝑡𝑡 = 𝜎𝜎 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑖𝑖ℎ𝑡𝑡−1

𝑜𝑜𝑡𝑡 = 𝜎𝜎 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑜𝑜ℎ𝑡𝑡−1

• Memory cell
• If the forget gate is 1 and input gate is 0, then the memory will be saved over time
• May partly resolve vanishing gradient problem

�𝑐𝑐𝑡𝑡 = tanh 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑐𝑐ℎ𝑡𝑡−1

𝑐𝑐𝑡𝑡−1

𝑐𝑐𝑡𝑡 = 𝑓𝑓𝑡𝑡 ⊙ 𝑐𝑐𝑡𝑡−1 + 𝑖𝑖𝑡𝑡 ⊙ �𝑐𝑐𝑡𝑡
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ℎ𝑡𝑡−1

𝑓𝑓𝑡𝑡 = 𝜎𝜎 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑓𝑓ℎ𝑡𝑡−1

𝑖𝑖𝑡𝑡 = 𝜎𝜎 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑖𝑖ℎ𝑡𝑡−1

𝑜𝑜𝑡𝑡 = 𝜎𝜎 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑜𝑜ℎ𝑡𝑡−1

• Hidden states

�𝑐𝑐𝑡𝑡 = tanh 𝑊𝑊𝑥𝑥𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊ℎ𝑐𝑐ℎ𝑡𝑡−1

𝑐𝑐𝑡𝑡−1

𝑐𝑐𝑡𝑡 = 𝑓𝑓𝑡𝑡 ⊙ 𝑐𝑐𝑡𝑡−1 + 𝑖𝑖𝑡𝑡 ⊙ �𝑐𝑐𝑡𝑡

ℎ𝑡𝑡 = 𝑜𝑜𝑡𝑡 ⊙ tanh(𝑐𝑐𝑡𝑡)
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Implementation
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Deep RNNs

• Stacking up multiple rnn units
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Bidirectional RNNs

• We might need both past and future information to predict at current time 
steps

• E.g. I am ____ hungry and I can eat half a pig
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Bidirectional RNNs
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Sequence to Sequence

9.4. Bidirectional Recurrent Neural Networks — Dive into Deep Learning 0.17.0 documentation (d2l.ai)

• Variable-length input sequence and variable-length output sequence
• E.g. Machine Translation

• Encoder-decoder based architecture

https://d2l.ai/chapter_recurrent-modern/bi-rnn.html
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