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https://www.youtube.com/watch?v=wG_nF1awSSY

Finite differences
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Requires O(n) evaluations:
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What is Automatic Differentiation?

What are the benefits/challenges with computing gradients by finite
differences?
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Computational Graphs + Forward Mode Auto. Diff.
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What is Automatic Differentiation? 5;3
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Primals Tangents
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What is Automatic Differentiation?



Hx,x)

computea% anda% in a single forward pass
X X1

What is Automatic Differentiation?

Benefits of Forward Mode Auto. Diff.
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Forward pass Reverse Pass
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What is Automatic Differentiation?

In forward pass, calculate activation of all neurons. We store those activations. In the
backward pass, we will use these values to compute partial derivatives.



Reverse Mode Auto. Diff.
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Computing derivatives
yiN-2) —

Div(Y,d)

The derivative w.r.t the actual output of the

final layer of the network is simply the derivative aDiv(Y, d) aDiU(Y, d)
w.r.t to the output of the network ) —

ay; - dy;

52



Computing derivatives
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Computing derivatives

Div(Y,d)




Computing derivatives

Div(Y,d)

oDiv 0z’ aDiv
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Computing derivatives

Div(Y,d)

For the bias term yéN_l) =1
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Computing derivatives

Div(Y,d)
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Computing derivatives

Div(Y,d)




Gradients: Backward Computation
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Subgradients and the RELU

fi(z)=1

f2)=z

f'(z)=0 z

0, z<0
1, z=0

f’(Z)={

* The subderivative of a RELU is the slope of any line that lies entirely under it
— The subgradient is a generalization of the subderivative
— At the differentiable points on the curve, this is the same as the gradient

* Can use any subgradient at 0
— Typically, will use the equation given
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Consider a network from
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Would computing the gradient with respect to the network weights be orders
of magnitude slower than computing the gradient with respect to the input?

Must you computer the derivative wrt weights in order to compute derivative wrt the input?
No. The boxes in red below don’t need the values in the yellow box
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