Lecture 2: How to train a neural net
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https://distill.pub/2017/momentum/
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Gradient clipping: exploding gradientE 9t7| ¢ 8t ‘hack’
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e Linear layer : forward= x_out =W x_in
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1 Thomas G. Dietterich P
' . . DL is essentially a new style of
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Optimizing parameters versus optimizing inputs Unit visualization

Make an image that maximizes the “cat”
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Code: https://colab.research.google.com/drive/1_4PQqzM_0KKytCzWtn-ZPidcCaSbwK2F?usp=sharing
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