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Empirical observation: Evaluation

Over-parametrization helps generalization Comparing generalization measures:
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Current complexity measures I with over-parametrization ®
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A generalization bound that 1 with over-parametrization? ©
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Why is this important and useful? #hidden units
* One of the key mysteries behind success of deep learning .
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Properties of learned two layer RelLU networks: Comparing capacity bounds:
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Generalization Bound

Code available at https://github.com/bneyshabur/over-parametrization

Rademacher complexity bound:
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v" Matches both terms in the upper bound.
 UY%istheinitialization/ any fixed matrix.
o v" First lower boundthat is higher than Lipschitz of the network.
« Rademacher complexity: Rst%) = E e [ st

v Improves by a factor of v/h over Bartlett et al. 2017.
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e Marginramp loss: &, (f(x).y) {;v.‘x.:.- vl f(x).y) € [0, v \/h gap between linear vs non-linear networks.
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