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Summary The Progressive Intensity Hypothesis Experimental Findings
The Progressive Intensity Hypothesis 1. The hypothesis holds across diverse scenarios
* TL;DR: Weaker perturbations should precede stronger ones for The Progressive Intensity Hypothesis. Neural networks compressed by multiple methods  Regardless of modality, model architecture, task, intensity, method, and technique
better performance in joint model compression perform better when weaker perturbations are applied first and stronger ones later. 2. Pruning granularity defines interference
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