Loss function

fwlwz(x) = W, 6 (Wx)

Ly Wi W) = | fiv,w,(0) —y

Stochastic gradient descent update

Wl < Wl — aVng(X, Y, Wl’ Wz)
W2 < W2 — aVWzg(X, Y, Wl’ Wz)

How do we calculate the gradients?



Approach

Training loss
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Objective

W,,W, = arg min Z(W,;, W,)
WI’WZ

Optimal predictor
fWIVAVZ(X) = W,o(Wx)



Non-convexity

W,,W, = arg min L(W,, W,)
W19W2

Linear predictor loss Neural network loss
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Hypothesis
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Loss (Binary output): Z3,y) = — Z yOlog 39 + (1 — y?) log(1 — W)
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Gradient Descent Hypothesis
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What are the gradients?



What are the gradients?

L@y =— ) yPlog$? + (1 —y?) log(1 — $7)
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What are the gradients? Hypothesis
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common terms across gradients

Can we save the gradients to be reused
for computing other gradients?



Computation graphs




Chain rule




Backpropagation

L(x,y, W1, Ws) = [0(Wy0(W:1x)) - y|
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