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The Multilayer Perceptron Network

Input Units Hidden Units Output Units
The network computes its outputs, y1,...,yx,
from its inputs, z1,...,zy, using a layer of N
hidden units:

N
y(z) = b+ '21 vikhi(z)
]:
hs(z) = tanh(aj+2i2uz'j$i)
These networks can approximate any function

arbitrarily well, with enough hidden units, and
appropriate weights, w = {aj,u,-j,bj,vjk}.

Variations: More layers of hidden units
Direct input-to-output connections
Other activation functions




