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SOFT M X
>>>b = np.array([25, 25, 25, 25]) (P?\,Q,g Sune

>>>b / b.sum() L
array([0.25, 0.25, 0.25, 0.25]) gA\/W;) ¢/ scatim
>>>be = np.exp(b)

>>> be / be.sum()

array([0.25, 0.25, 0.25, 0.25])
>>>

>>> a = np.array([25, 25, 24, 26])
>>>a / a.sum() \_?
array([0.25, 0.25, 0.24, 0.26])
>>> ae = np.exp(a) N
>>> ae / ae.sum()
array([0.2,0.2,0.07, 0.53])
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B ALK PROPAGATION

Algorithm 6 General backpropagation algorithm. In the computation graph G, every
node contains a function f; and a set of parent nodes m,; the inputs to the graph are z'").

1: procedure BACKPROP(G = {fr.m )] ,}.2'")

2 Vg(n) ¢ J-f,') for all n and associated computation nodes #(n).

3 forf € TOPOLOGICALSORT(G) do > Forward pass: compute value at each node
4 if |7;| > 0 then

5

vy & ft("m_.- UgyaseeesUs, N, )
6: Jobjective = 1 > Backward pass: compute gradients at each node
7: fort € REVERSE(TOPOLOGICALSORT(()) do
8: Gt — D piew, 9 % Vv &> Sum over all ¢’ that are children of ¢, propagating

the gradient gy, scaled by the local gradient ¥V, v/

b

return {g;.g2..... 9t}

oQ ’
o) -
https://google-developers.appspot.com/machine-learning/crash-course/backprop-scroll/
<J
Yes you should understand backprop by Andrej Karpathy
https://medium.com/@karpathy/yes-you-should-understand-backprop-e2f06eab496b
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