Feature learning

Key points:
e \What makes neural networks different from “classical” models

 What are message passing models, CNN and RNN?



Neural Networks: Perceptron ( “may eventually be able to learn,
make decisions, and translate languages”)
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Mulualayer Perceptron: Representation Learning
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Message Passing Neural Networks
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* Do not use highly engineered
features, like symmetry
function, but directly Z and r.

* Transtferable across Z
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Convolutional Neural Networks (CNN)

Weights shared in depth slice to reduce the number of parameters.
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Recurrent Neural Networks (RNN)

Weights shared between sequence points.
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Training of RNN for language modeling
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Feature learning

Key points:
 What makes neural networks different from “classical” models
* Feature learning: Learning a inner representation

* What are message passing models, CNN and RNN?
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