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Intuition on why we need LSTMs

. Short recap of Recurrent Neural Networks (RNNs)

. Overview on LSTMs

LSTM flow and examples

. Strengths and limitations



Sequence data is everywhere
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Needs a “memory” of what came before!



Limitations of neural networks for sequences

Traditional feed-forward networks struggle with sequences because they
1. have no memory
2. can only process fixed-size inputs
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Recurrent Neural Networks (RNNs)
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Limitations of RNNs

There were dark clouds in the night sky

Standard RNNs struggle with long
seguences

Problem of exploding and
vanishing gradients
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LSTM Intuition

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

There

What to forget from old memory?
What new information to store?
What to reveal as output now?
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Anatomy of an LSTM cell

Short-term memory Long-term memory
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LSTM equations and step-by-step flow

Hidden State Cell State
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Example applications

Sequence generation  Sequence classification Sequence translation
One-to-Many Many-to-One Many-to-Many
Image cgtioning Sentiment analysis Machine translation
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Strengths and limitations

rocess various-lengths
sequences

Better long-
dependenc

Attention Is All You Need
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Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more llelizable and requiring si ly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.0 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature.
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Diverse and practical

tasks

Recurrent neural networks, long short-term memory [12] and gated recurrent [7] neural networks
in particular, have been firmly established as state of the art approaches in sequence modeling and
transduction problems such as language modeling and machine translation [29, 2, 5]. Numerous
efforts have since continued to push the boundaries of recurrent I; models and

architectures [31, 21, 13].
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Standard networks
unsuited for sequences

LSTMs rely on cell state
and gates to improve
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