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Gradient Descent for Training Neural Networks
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Notation
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xs
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Goal

B = B − αδBx

A B ŷxs

A = A − αδAs
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Deriving the gradient
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∂ŷk

∂fB(θk)
∂θk

∂θk

∂Bjk

A Bxs ŷ
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∂L(ŷk, yk)

∂ŷk
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∂ŷk

∂fB(θk)
∂θk

∂θk

∂Bjk

=
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An example of the gradient
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Activation:
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∂ŷk

∂fB(θk)
∂θk

∂θk

∂Bjk

=
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Deriving the gradient
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Deriving the gradient
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The backprop algorithm
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The backprop algorithm
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Summary
• The gradient can be used to update the parameters of a 

neural network with stochastic gradient descent 
• Backprop can save computation by computing gradients 

starting at the output of the network.


