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PNNs in Practice

Idea: Constraining the Weights Approximation Power of PNNs
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Bad local minima may exist!
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❖ PNNs have good optimization landscapes:                                
(most) Local optima = Global optima

❖ PNNs have good approximation power
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Theorem: Local optima with 
at least d good lines are 

global optima.  

Generated data
unconstrained NN

Training PNN with 
random projection lines

v 10,000 samples
v Stochastic gradient decent
v Two-fold cross validations 

True unit norm vectors: ?=(u1,…,ur*)
PNN unit norm vectors: @?=(AB1,…, ABr)

C(K)= C @?D@? C @?D?
C ?D@? C ?D?

Unconstrained global loss=0

≤ f1(? , @?) ≤ f2(? , @?)

Theorem: f1(?,@?)=||C(K) /C(K11) ||
Similar (slightly worst) bound for f2
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Optimization Landscapes of PNNs

Asymptotic Analysis


