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INTRODUCTION

Objective: Enhancing the generalization of neural networks especially under Models can only achieve satistactory generalization performance when the
training data is subjected to augmentation similar to that of the testing data.
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EXPERIMENTS

(Q1) Does PDE+ improve generalization compared to SOTA methods on various benchmarks?
(Q2) Does PDE+ learns appropriate diffusion distribution coverage?
(Q3) Does PDE+ improve generalization beyond observed (training) distributions?
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