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Motivation

Why this topic matters:

▶ Many real-world signals are sequential: text, speech, video, and time series.

▶ Standard CNNs and MLPs expect fixed-size inputs and have no memory
across time steps.

▶ RNNs process variable-length sequences while sharing weights across time.

▶ They are the foundation for sequence-to-sequence learning and the attention
mechanism.

▶ Their failure modes are what the architectures covered later are built to
avoid.
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⇒ Learning Outcomes

By the end of this session, you will be able to:

▶ Describe how an RNN processes sequential data with a recurrent hidden state.

▶ Explain the advantages and limitations of vanilla RNNs (e.g., vanishing/exploding
gradients).

▶ Understand how gated units (LSTM, GRU) mitigate long-term dependency problems.

▶ Apply RNNs to vision-language tasks such as image captioning.

▶ Describe the sequence-to-sequence framework and the motivation for attention.
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Advanced Computer Vision: Recurrent Neural
Networks (RNN)
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Recurrent Neural Networks (RNN)

What are RNNs?

▶ Neural networks designed for sequence data.

▶ Maintain a hidden state ht that carries information from previous time steps.

▶ Recurrent architecture: ht = f (ht−1, xt)

Use Cases:

▶ Language modeling

▶ Time series prediction

▶ Sequence classification
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Recurrent Neural Networks (RNN) (cont.)

Source: Stanford CS231n (2022), Lecture 10: Recurrent Neural
Networks Source: Stanford CS231n (2022), Lecture 10: Recurrent Neural Networks
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Recurrent Neural Networks (RNN) (cont.)

Source: Stanford CS231n (2022), Lecture 10: Recurrent Neural Networks
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Recurrent Neural Networks (RNN) (cont.)

Source: Stanford CS231n (2022), Lecture 10: Recurrent Neural Networks
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Recurrent Neural Networks (RNN) (cont.)

RNN Advantages:

▶ Can process any length input

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

▶ Model size doesn’t increase for longer input

▶ Same weights applied on every timestep, so there is symmetry in how inputs
are processed.
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Recurrent Neural Networks (RNN) (cont.)

RNN Disadvantages:

▶ Recurrent computation is slow, and cannot be parallelized across time steps

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

▶ Vanishing and exploding gradients on long sequences
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Recurrent Neural Networks: Gated Units: LSTM &
GRU
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The Problem: Long-Term Dependencies

The vanilla (Elman) RNN written out:

ht = tanh(Whhht−1 +Wxhxt + bh)

yt = Whyht + by

▶ The same Whh, Wxh, Why are reused
at every time step.

▶ Backpropagating from hT back to h1
multiplies by W⊤

hh once per step.

▶ That product of T − 1 copies of one matrix
decides whether the gradient survives:

• largest singular value of Whh > 1: exploding
gradients;

• largest singular value < 1: vanishing
gradients.

▶ Exploding gradients have a cheap fix,
gradient clipping: rescale the gradient
whenever its norm exceeds a threshold.

▶ Vanishing gradients do not, so plain RNNs
struggle to connect information across many
time steps.

▶ Idea: add gating mechanisms that let the
network choose what to keep, forget, and
output.
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Long Short-Term Memory (LSTM)

▶ Maintains a separate cell state ct that acts as
a memory “conveyor belt”.

▶ Three gates control the flow of information:
• Forget gate ft : what to erase from memory.
• Input gate it : what new information to store.
• Output gate ot : what to expose as the

hidden state.
▶ Additive cell updates create a gradient

“highway”, easing long-range learning.

ft = σ(Wf [ht−1, xt ] + bf )

it = σ(Wi [ht−1, xt ] + bi )

ot = σ(Wo [ht−1, xt ] + bo)

c̃t = tanh(Wc [ht−1, xt ] + bc)

ct = ft ⊙ ct−1 + it ⊙ c̃t

ht = ot ⊙ tanh(ct)
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Gated Recurrent Unit (GRU)

▶ A lighter alternative to the LSTM with two
gates and no separate cell state.

▶ Reset gate rt : how much past state to ignore.
▶ Update gate zt : how much to blend old and

new state.
▶ Fewer parameters ⇒ faster to train, often with

comparable accuracy.

zt = σ(Wz [ht−1, xt ])

rt = σ(Wr [ht−1, xt ])

h̃t = tanh(W [rt ⊙ ht−1, xt ])

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t
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LSTM vs GRU

Source: Michael Phi, Illustrated Guide to LSTM’s and GRU’s: A step by step explanation
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LSTM vs GRU

Aspect LSTM GRU
Gates 3 (input, forget, output) 2 (reset, update)
Separate cell state Yes No
Parameters More Fewer
Training speed Slower Faster
Typical use Long, complex sequences Smaller data / faster models

▶ Both dramatically outperform vanilla RNNs on long-range dependencies.

▶ The choice is empirical: GRU is a strong, cheaper default, while LSTM can edge ahead on
hard tasks.
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Advanced Computer Vision: Image Captioning
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Image Captioning

▶ A computer vision task in which we generate captions for images

Source: Stanford CS231n (2022), Lecture 10: Recurrent Neural Networks
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Image Captioning (cont.)

▶ The task is to generate a natural language description of the content of an image

▶ It combines techniques from computer vision and natural language processing

▶ The process typically involves:

• Extracting features from the image using a convolutional neural network (CNN)

• Using these features to generate a sequence of words that describe the image, often with a
recurrent neural network (RNN) or transformer model
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Image Captioning (cont.)

Source: Stanford CS231n (2022), Lecture 10: Recurrent Neural Networks
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Advanced Computer Vision: Sequence-to-Sequence
with RNNs
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Sequence-to-Sequence with RNNs

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Sequence-to-Sequence with RNNs (cont.)

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Sequence-to-Sequence with RNNs (cont.)

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Introduction to Attention

▶ Problem: the encoder squeezes the whole input into one final hidden state, and the
decoder never sees anything else.

▶ Key idea: let the decoder look back at all of the encoder’s hidden states, and decide at
each step which ones matter.

Given encoder hidden states h1, . . . , hN and decoder state st−1:

et,i = fatt(st−1, hi ), at,i =
exp(et,i )∑︁N
j=1 exp(et,j)

, ct =
N∑︂
i=1

at,i hi

▶ et,i scores how well input i matches what the decoder needs now; fatt is a small trained
network.

▶ The weights at,i are positive and sum to 1, so the context vector ct is a weighted average
of encoder states.

▶ Introduced for machine translation by Bahdanau et al. (2015).
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Sequence-to-Sequence with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Sequence-to-Sequence with RNNs and Attention (cont.)

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Sequence-to-Sequence with RNNs and Attention (cont.)

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Sequence-to-Sequence with RNNs and Attention (cont.)

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Sequence-to-Sequence with RNNs and Attention (cont.)

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Sequence-to-Sequence with RNNs and Attention (cont.)

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Sequence-to-Sequence with RNNs and Attention (cont.)

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Sequence-to-Sequence with RNNs and Attention (cont.)

▶ Use a different context vector at each timestep of the decoder.

▶ The input sequence is not bottlenecked through a single vector.

▶ At each timestep of the decoder, the context vector “looks at” different parts of the input
sequence.

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Sequence-to-Sequence with RNNs and Attention (cont.)

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Advanced Computer Vision: Image Captioning with
RNNs and Attention
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Image Captioning with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Image Captioning with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Image Captioning with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Image Captioning with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Image Captioning with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers

KAUST Academy Recurrent Neural Networks 42



Image Captioning with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Image Captioning with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers

KAUST Academy Recurrent Neural Networks 44



Image Captioning with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Image Captioning with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers
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Image Captioning with RNNs and Attention

Source: Stanford CS231n (2022), Lecture 11: Attention and Transformers, after Xu et al., “Show, Attend and Tell: Neural Image Caption Generation with Visual Attention”,
ICML 2015
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Recurrent Neural Networks: Limitations and Future
Directions
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Limitations of RNNs

▶ Sequential computation: cannot be parallelized across time steps (slow to train).

▶ Long-range dependencies: even LSTMs/GRUs struggle on very long sequences.

▶ Limited memory: the entire context is squeezed into a fixed-size hidden state.

▶ Bottleneck in seq2seq: a single context vector limits the decoder.
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Future Directions

▶ Attention: let the decoder look at all encoder states (Bahdanau et al.; covered earlier).

▶ Transformers: drop recurrence entirely for full parallelism (Vaswani et al.).

▶ Efficient sequence models: e.g., state-space models (S4, Mamba).
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Recurrent Neural Networks: References
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