
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 













Chain Rule Review

Scalar valued functions of scalars
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https://www.youtube.com/watch?v=wG_nF1awSSY













































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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Benefits of Forward Mode Auto. Diff. 
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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. 
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Reverse Mode Auto. Diff. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
http://deeplearning.cs.cmu.edu/S21/index.html 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



CŽŵƉƵƚiŶg deƌiǀaƚiǀeƐ

The derivative w.r.t the actual output of the 
final layer of the network is simply the derivative 
w.r.t to the output of the network
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CŽŵƉƵƚiŶg deƌiǀaƚiǀeƐ
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CŽŵƉƵƚiŶg deƌiǀaƚiǀeƐ
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CŽŵƉƵƚiŶg deƌiǀaƚiǀeƐ
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CŽŵƉƵƚiŶg deƌiǀaƚiǀeƐ
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GƌadieŶƚƐ͗ Backǁaƌd CŽŵƉƵƚaƚiŽŶ
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SƵbgƌadieŶƚƐ aŶd ƚhe RELU

• 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 Ϭ
– Typically, will use the equation given

ϭϬϰ
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Consider a network from 
 
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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Multivariate input output
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