Supervised learning



Perceptron model
(Rosenblatt, ca. 1 960)
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Perceptron learning rule
(Rosenblatt 1962)
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Linear neuron learning rule

(Widrow & Hoff 1960)
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Gradient descent in weight space




Linear neuron with output non-linearity
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Single-layer network
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Two-layer network




Learning rule for output layer
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Learning rule for hidden layer

A I’Vk !

where 0,

OF
AWy = —
it L oW
B - (‘)Z@(X)
- 7N ZL: [Tt - Z.Z(X)] 6VVkl '
Ozi(x)  0Ozi(x) Oy
E) W’rk ] - (‘) WYk (‘) H’/rk.l

n Z T, — zi(x)] ' (1, )Vige 0 (11,.) 4
i

7 0y T

back-propagation
0’(“"yk) Z 62».»‘/7-& « of error



Second-order methods
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This approximation will be minimized when
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Momentum
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Momentum

without momentum



NetTalk
(Sejnowski & Rosenberg 1987)
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“LeNet”
(Yann LeCun et al,, 1989)
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1989

ALVINN, an autonomous land vehicle in a neural
network

Dean A. Pomerleau
Carnegie Mellon University
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Figure 1: ALVINN Architecture



Gain Fields
(Zipser & Anderson, 1987)
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Gain Fields

(Zipser & Anderson, 1987)
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Dendritic nonlinearities

(Hausser & Mel, 2003)
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Consider:

U = W1 X1+ W2 T2 T W12 T1 T2

y = o(u)



