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THE PERCEPTRON \
_—

Frank Rosenblatt (1958), Marvin Minski & Seymour Papert (1969)
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Widrow-Hoff

Widrow and his graduate student Hoff introduced

ADALINE network and learning rule which they callea
the LMS(Least Mean Square) Algorithm.
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Single-Layer Linear Network .

Layer of Linear
Input Neurons Input  Layer of Linear Neurons
F N A\ f N A\
P a
W
Rx n Sx1
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R N Sx1 S Y,
a= purelin(Wp+b)
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