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Outline for Today
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Sequence data is everywhere
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Music Stock prices WeatherText

Days
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Needs a “memory” of what came before! 



Limitations of neural networks for sequences
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Traditional feed-forward networks struggle with sequences because they
1. have no memory
2. can only process fixed-size inputs

“cat”

There were dark clouds in the         skynight



Recurrent Neural Networks (RNNs)
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Limitations of RNNs
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Standard RNNs struggle with long 
sequences 

Problem of exploding and 
vanishing gradients
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There were dark clouds in the night sky

Imagine 𝑊2 = 5, and sequence 
length 𝑙 = 𝑛

→ 5𝑛, e.g. 510 = 9765625



LSTM intuition
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LSTMs introduce a separate cell state instead of continuously 
overwriting the hidden state.

Long-term memory

Initial short-term 
memory

Updated short-term 
memory

1. What to forget from old memory?
2. What new information to store?
3. What to reveal as output now?



Anatomy of an LSTM cell
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Forget gate: % of long-term memory 
to remember
Input gate: % of candidate information 
from current input to remember
Candidate gate: candidate information 
from current input
Output gate: % of current memory to 
affect subsequent layers
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LSTM equations and step-by-step flow

9

Cell StateHidden State

x

ForgetInput
σ

Candidate

Input

+x

σ

𝑡𝑎𝑛ℎ

Output

σ

𝑡𝑎
𝑛
ℎ

x

ℎ𝑡−1 𝐶𝑡−1

𝑥𝑡
𝑓𝑡 = 𝜎 𝑊𝑓 ℎ𝑡−1, 𝑥𝑡 + 𝑏𝑓

𝑖𝑡 = 𝜎 𝑊𝑖 ℎ𝑡−1, 𝑥𝑡 + 𝑏𝑖

෩𝐶𝑡 = 𝑡𝑎𝑛ℎ 𝑊𝐶 ℎ𝑡−1, 𝑥𝑡 + 𝑏𝐶
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Example applications
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Sequence generation
One-to-Many

Image captioning

Many-to-One
Sequence classification

Sentiment analysis

Sequence translation
Many-to-Many

Machine translation
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Strengths and limitations
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Process various-lengths
sequences

Better long-term 
dependencies

Diverse and practical
tasks

Hard to parallelize

Struggle with very
long sequences

Complex tuning
TRANSFORMERS!



Summary
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Standard networks
unsuited for sequences

LSTMs support diverse
practical tasks

RNNs struggle with
long-term dependencies

__ __ __ __ __

LSTMs rely on cell state 
and gates to improve
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