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Training PNN with

Optimizing Two-layer ReLU Network

Bad local minima may exist! Generated data
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PNN’s number of neurons

LW) = E,[G(x; W) —y]?, x~N(0,1),y = G(x; W*)
Idea: Constraining the Weights

global optima.

Approximation Power of PNNs Asymptotic Analysis

L, True unit norm vectors: U=(uy,...,u.) High dimensional regime

PNN unit norm vectors: U=(1ly,..., ;) U and U uniformly random
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PNNs have good approximation power

Unconstrained global loss=0
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