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Outline
• Stohasti gradient desent
• Neural network model
• Bakpropagation algorithm
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Stohasti gradient desent
GD minimizes: Ein(w) =

1

N

N∑

n=1

e (h(xn), yn

)

︸ ︷︷ ︸

ln(1+e−ynw
T
xn) ←− in logisti regression

by iterative steps along −∇Ein:
∆w = − η ∇Ein(w)

∇Ein is based on all examples (xn, yn)�bath� GD© AM
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The stohasti aspet
Pik one (xn, yn) at a time. Apply GD to e (h(xn), yn

)

�Average� diretion: En

[
−∇e (h(xn), yn

)]
=
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N
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)

= −∇ Ein
randomized version of GDstohasti gradient desent (SGD)
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Bene�ts of SGD
PSfrag replaements

Weights, w
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randomization helps

1. heaper omputation
2. randomization
3. simple

Rule of thumb:
η = 0.1 works
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SGD in ation
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Outline
• Stohasti gradient desent
• Neural network model
• Bakpropagation algorithm
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Biologial inspiration
biologial funtion −→ biologial struture
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Combining pereptrons
−

−

+

x1

x2

+

−

h1

x1

x2

+

+
−

h2

x1

x2

OR(x1, x2)

1

x1

x2

1

1

1.5 −1.5

1

x1

x2

AND(x1, x2)
1

1

© AM
L Creator: Yaser Abu-Mostafa - LFD Leture 10 9/21



Creating layers
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The multilayer pereptron
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A powerful model
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2 red �ags for generalization and optimization
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The neural network
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How the network operates

PSfrag replaements
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1 ≤ l ≤ L layers

0 ≤ i ≤ d(l−1) inputs

1 ≤ j ≤ d(l) outputs

x
(l)
j = θ(s

(l)
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Apply x to x
(0)
1 · · · x

(0)

d(0) →→ x
(L)
1 = h(x)
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Outline
• Stohasti gradient desent
• Neural network model
• Bakpropagation 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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one by one: analytially or numerially
A trik for e�ient omputation:
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We have ∂ s
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j
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(l−1)
i We only need: ∂ e(w)

∂ s
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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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Bak propagation of δ
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Bakpropagation algorithm
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1: Initialize all weights w
(l)
ij at random2: for t = 0, 1, 2, . . . do3: Pik n ∈ {1, 2, · · · , N}4: Forward: Compute all x(l)

j5: Bakward: 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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Final remark: hidden layers
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learned nonlinear transform
interpretation?
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