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- How to process a sequence of events?
- How to process an input of variable length?
- Dense or Convolution networks are not well suited to this task.

- We need a model that is able to deal with them...
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Recurrent Neural Networks

- How to define a model that works with a sequences?
- The main property is a memory.
- A normal neural network is memory-less.

- The memory allows the network to remember the past to be able to
deal with the current situation.
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Recurrent Neural Networks

- The hidden state A is designed as h; and its formula is as follows:

h; :f(htfhxt)
- h¢_ is the previous state and x; is the current input.
- The RNN neuron uses a non-linear activation functions.

- The sigmoid, hyperbolic tangent (tanh), or ReLu is used.



Recurrent Neural Networks

- When an tanh activation is used then the formula is:
he = tanh(Whh;_ + Wyx¢)

- Wy is the weight of the recurrent neuron and W, is the weight of the
input neuron.

Ve = Wyht

- w, is the output weight and y; it the current output.



Recurrent Neural Networks - Training phase

- Training is called Backpropagation Through Time (BPTT).
- The loss function is computed over all time steps:

T

L= L) (1)

t=1

- Gradients are propagated backward through time using the chain rule.

- Challenges: Computational cost, memory usage, vanishing/exploding
gradients.

- Solutions: Truncated BPTT, gradient clipping, advanced architectures (LSTMs,
GRUSs).



Recurrent Neural Networks - Training phase

1. A single time step of the input is provided to the network.

2. The current state using set of current input and the previous state is
computed.

3. One can go as many time steps according to the problem and join the
information from all the previous states.

4. Once all the time steps are completed the final current state is used to
calculate the output.

5. The output is then compared to the actual output i.e the target output
and the error is generated.

6. The error is then back-propagated to the network to update the
weights and hence the network (RNN) is trained.



Recurrent Neural Networks - Training phase

1. Weights update for each single time-step is very problematic and
computation expensive.

2. We should evaluate the efficiency for the all time steps of a single
input.

3. The process is called Back Propagation Through Time (BPTT).

4. For longer sequences it requires huge amount of memory and
computations.

5. A Truncated version of BPTT is then used to split the time steps into
chunks and approximate the final error.



The Gradient Problem in BPTT

Backpropagation Through Time (BPTT) suffers from instability due to repeated
matrix multiplication over T steps.

Zﬂ%%
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- Vanishing Gradients: Gradients approach zero, making the network unable to
learn long-term dependencies.

- Exploding Gradients: Gradients grow too large, causing weight updates to
diverge.

- Solution - Gradient Clipping: If ||g|| > 7, then scale the gradient:

g
=
HgH



Advanced Training: Teacher Forcing

- Problem: During early training, an RNN’s own incorrect prediction att — 1 can
lead to a "divergence” at step t.

- Solution: Instead of using the model’s output §;_4 as input for the next step,
we use the actual ground truth y; 1.

- Benefit: Faster convergence during the BPTT process.

- Trade-off: Exposure bias (the model may struggle at test time when ground
truth isn’t available).
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Recurrent Neural Networks

1. Advantages of the RNNs:
- An RNN remembers each and every information through time.

- Recurrent neural network are even used with convolutional layers to extend the
effective pixel neighborhood.
2. Disadvantages of the RNNs:
- Gradient vanishing and exploding problems.
- Training an RNN is a very difficult task.

- It cannot process very long sequences if using tanh or RelLU as an activation
function.

1



Recurrent Neural Networks

1. Multilayer RNNs are also possible.
2. The RNNs are able to deal with more than single input.

3. More complex architecture were designed to solve the disadvantages.
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Sequence Modeling Paradigms

RNNs are flexible in how they map inputs to outputs:

One-to-Many: A single input produces a sequence (e.g., Image Captioning).
Many-to-One: A sequence produces a single output (e.g., Sentiment Analysis).
Many-to-Many (Synced): Video classification at the frame level.
Many-to-Many (Async): Encoder-Decoder models (e.g., Machine Translation).
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Bidirectional RNNs (Bi-RNN)

- Motivation: In many tasks, the current output depends on both past and
future context.

- Mechanism: Two independent RNN layers process the sequence in both
directions (forward and backward).

.. . — —
- Combination: The hidden states h¢ and h are concatenated for the final
output.

- Application: Essential for Natural Language Processing (NLP).
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Long Short Term-Memory (LS
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By fdeloche - Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=60149410
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https://commons.wikimedia.org/w/index.php?curid=60149410

Long Short Term-Memory (LSTM)

- Contains a set of recurrent

connected subnets - memory
blocks.

- Each block contains one or more

self-connected memory cells and
three multiplicative units -
represents write=input, read=output
and reset=forget operations.



Long Short-Term Memory (LSTM) - The Math

The LSTM uses a cell state ¢; to maintain long-term memory. Given input x; and
previous state hy_1:

- Forget Gate: f; = (W - [h—1,x¢] + br)

- Input Gate: it = o(W; - [ht—1,Xt] + bj)

- Candidate State: ¢; = tanh(W; - [ht—1, X¢] + b¢)
- Cell State Update: ¢; = f; * Ct_1 + It * C¢

- Output Gate: o; = (W, - [ht—1, X¢] + bo)

- Hidden State: h; = o; * tanh(ct)



Gate Recurrent Unit (GRU)

GRU unit
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Gate Recurrent Unit (GRU)

« Similar to LSTM.

- Merges cell state and hidden state

into one state.

- Combines the forget and input gate

into an update gate.

- Therefore, has less parameter and

less complex structure.
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Gated Recurrent Unit (GRU) - The Math

The GRU combines the forget and input gates into a single update gate z;.

- Update Gate: z; = o(W, - [ht—1, X¢] + b;)

- Reset Gate: r; = o(W, - [ht—1,Xt] + br)

- Candidate Hidden State: h; = tanh(W - [r¢ % hy_q, x;] + b)
- Final Hidden State: hy = (1 — z;) % hy_1 4z % hy

Note: This architecture has fewer parameters and is faster to train.
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Applications of Recurrent Neural Networks

- Speech Recognition: Google Voice, Siri

- Machine Translation: Google Translate

- Stock Market Prediction: Time-series forecasting
- Music Generation: Al-generated compositions

- Text Generation: Chatbots and text auto-completion
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Comparison of RNN, LSTM, and GRU

Model | Pros Cons

RNN Simple, fewer parameters Vanishing/exploding gradient
LSTM | Long-term memory, prevents van- | More parameters, slower training
ishing gradients
GRU Similar to LSTM, faster training Less expressive than LSTM
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- RNNs are powerful for sequential data but face training difficulties.

- Gradient clipping and advanced architectures (LSTMs, GRUs) help mitigate
issues.

- Applications include NLP, speech recognition, and time-series forecasting.
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Further reading

[1] Recurrent Neural Networks cheatsheet - Stanford

[2] Understanding RNN and LSTM - Towards Data Science

[3] Recurrent Neural Networks (RNN) with Keras

[4] Understanding LSTM Networks - Colah’s blog

[5] Recurrent Neural Networks Tutorial, Part 1 — Introduction to RNNs - WildML
[6] Recurrent Neural Network - Toronto University

[7] Sequence Modeling: Recurrent and Recursive Nets - Deep Learning Book

[8] Recurrent neural network - Wikipedia
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https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks
https://towardsdatascience.com/understanding-rnn-and-lstm-f7cdf6dfc14e
https://www.tensorflow.org/guide/keras/rnn
https://colah.github.io/posts/2015-08-Understanding-LSTMs/
http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-to-rnns/
https://www.cs.toronto.edu/~tingwuwang/rnn_tutorial.pdf
https://www.deeplearningbook.org/contents/rnn.html
https://en.wikipedia.org/wiki/Recurrent_neural_network

Questions?
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