Neural Networks (Deep Learning)
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To learn the parameters of the NN, we use gradient descent!
How easy is it to compute gradients?
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1. Compute a's and z's from forward pass (store
them)

2. Ruwn backward pass using a’s and z’s from
forward pass (computes gradients)

To minimize tratning loss using gradient descent:
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this can be expensive when w is large

Stochastie Gradient Descent:
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