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Ref: J. Patterson and A. Gibson, Deep Learning. O’REILLY, 2017.

Unsupervised Pretrained Networks
Convolutional Neural Networks

Recurrent Neural Networks
Recursive Neural Networks /
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* Autoencoder
* Deep Belief Networks

® Generative Adversarial Networks
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* Filters
* Activation maps
* Parameter sharing

. Layer—specific hyperparameters
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