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Sto
hasti
 gradient des
ent
GD minimizes: Ein(w) =
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︸ ︷︷ ︸

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)�bat
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The sto
hasti
 aspe
t
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Bene�ts of SGD
PSfrag repla
ements
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Rule of thumb:
η = 0.1 works
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SGD in a
tion
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Biologi
al inspiration
biologi
al fun
tion −→ biologi
al stru
ture

1

2

1

2


© AM
L Creator: Yaser Abu-Mostafa - LFD Le
ture 10 8/21



Combining per
eptrons
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Creating layers
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The multilayer per
eptron
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A powerful model

−

−

−

+

+

+

−

+

− −

−−

+

+

+

+

− −

−

+

+

+

−

+

Target 8 per
eptrons 16 per
eptrons
2 red �ags for generalization and optimization


© AM
L Creator: Yaser Abu-Mostafa - LFD Le
ture 10 12/21



The neural network
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How the network operates

PSfrag repla
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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)
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for all i, j, l
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Computing ∂ e(w)
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δ for the �nal layer
δ
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j =

∂ e(w)
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For the �nal layer l = L and j = 1:
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θ′(s) = 1 − θ2(s) for the tanh
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Ba
k propagation of δ
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Ba
kpropagation algorithm
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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)
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i δ
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Final remark: hidden layers
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