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Minsky & Papert (1969) offered solution to XOR problem by
RIVNI'EN combining perceptron unit responses using a second layer of units
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An introduction to computing with neural nets (Lippmann, R. P. 1987)
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Neural Networks — An Introduction Dr. Andrew Hunter
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Gradient Descent .-

If slope Is negative = increase w
If slope Is positive = decrease w
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Class C;: fy (XIC,) = o exp(— = ||X_F‘1||2)
1

u, = mean vector =[0,0]'

o/ = variance =1
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