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• Sto
hasti
 gradient des
ent
• Neural network model
• Ba
kpropagation algorithm
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Applying SGD
All the weights w = {w

(l)
ij } determine h(x)

Error on example (xn, yn) is
e (h(xn), yn

)
= e(w)

To implement SGD, we need the gradient
∇e(w): ∂ e(w)

∂ w
(l)
ij

for all i, j, l
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Computing ∂ e(w)
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θWe 
an evaluate ∂ e(w)

∂ w
(l)
ij

one by one: analyti
ally or numeri
ally
A tri
k for e�
ient 
omputation:

∂ e(w)

∂ w
(l)
ij

=
∂ e(w)

∂ s
(l)
j

×
∂ s

(l)
j

∂ w
(l)
ij

We have ∂ s
(l)
j

∂ w
(l)
ij

= x
(l−1)
i We only need: ∂ e(w)

∂ s
(l)
j

= δ
(l)
j
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δ for the �nal layer
δ

(l)
j =

∂ e(w)

∂ s
(l)
j

For the �nal layer l = L and j = 1:
δ

(L)
1 =

∂ e(w)

∂ s
(L)
1e(w) = ( x
(L)
1 − yn)

2

x
(L)
1 = θ(s

(L)
1 )

θ′(s) = 1 − θ2(s) for the tanh
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Ba
k propagation of δ
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∂ s
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∂ s
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j
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(l−1)
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d(l)
∑
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δ
(l)
j × w

(l)
ij × θ′(s

(l−1)
i )

δ
(l−1)
i = (1− (x

(l−1)
i )2)

d(l)
∑

j=1

w
(l)
ij δ

(l)
j
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Ba
kpropagation algorithm

w ij

(l)

δ j
(l)

x
(l−1)
i

top

bottom

1: Initialize all weights w
(l)
ij at random2: for t = 0, 1, 2, . . . do3: Pi
k n ∈ {1, 2, · · · , N}4: Forward: Compute all x(l)

j5: Ba
kward: Compute all δ(l)
j6: Update the weights: w

(l)
ij ← w

(l)
ij − η x

(l−1)
i δ

(l)
j7: Iterate to the next step until it is time to stop8: Return the �nal weights w

(l)
ij
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