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Analytic Gradient
W = [0.34, -1.11, 0.78, 0.12 ... 0.3, 0.77]

dw = f(X, W)
VX, W)=].]

Gradient
dW: [-2.5, 0.6, 4.3, 0.5 ...0, 0.3]
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Backpropogation

flr,y,2z) = (x+y)*z
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For these weights, in our forward pass,

the Car score was '7 .

The blrd score was '8.

So in our
classification, we
guess Car. That isn’t
what we want (i.e.,
it’s Bad).
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Weights  Gradient Weights + (-1 * Gradient)
For these weights, in our forward pass,
W1—1 -2 + ('1 : '3) = the Car score was '7.
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For these weights, in our forward pass,

the Car score was '7 .

The blrd score was '8.

Our IOSS was 2
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Summary

Computational Graphs
Gradients & Partial Derivatives
Backpropagation with a small example

Next time: Matrix and vectorized backpropogation
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