iy

LS,
FKTHES

Are All Linear Regions Created Equal?
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Problem Measuring Nonlinearity Overparameterization & Nonlinearity Density & Variation
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Adaptive Linear Region Discover
b 5 J (1) Density is a noisy estimator of nonlinearity of large networks. (2) In model-wise double descent (Nakkiran et al., 2019),

past the noise interpolation threshold, local linearity increases, connecting reduced test error to reduced model nonlinearity.

Ranking Nonlinearity Capturing Effective Nonlinearity
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