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McCulloch and Pitts 1943
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When an axon of cell A is near enough to excite a cell B and repeatedly or
persistently takes part in firing it, some growth process or metabolic change
takes place in one or both cells such that A’s efficiency, as one of the cells
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Widrow and his graduate student Hoff introduced
ADALINE network and learning rule which they called
the LMS(Least Mean Square) Algorithm.
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Widrow-Hoff Learning Rule

LMS(Least Mean Square)
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Single-Layer Linear Network
Layer of Linear
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Minsky & Papert (1969) offered solution to XOR problem by
combining perceptron unit responses using a second layer of units
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Multilayer Neural Perceptron( MLP)

cs)w) comlihys))



(c..slsl)sl) 3in uoc (SASMH -

Jiols (00} @ @bl Oy @ (B530)9
QMD.- 3

sul slasaly olad @ s sl il salg jo
(Cuw) Yo Yo 0)9) .Cuwl Juols (ssa
Ol JoANS (888 (Slasalg slae)

Cwl ola @ ) OD3) elss

AL bane (@B 2l ol @6




@l Ais uoc S
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