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TURINGEN Normalization Layers Are.all that
Sharpness-Aware Minimization Needs
ResNets on CIFAR-100
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» Optimization method designed to implicitly maximize SAM-ON models are sharper, yet generalize better. Shown is
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» omitting the normalization layers in the perturbation (no-norm, dotted) can harm training Other sparse perturbation approaches

Other sparse perturbation approaches are less effective than

» Adaptive variant (ASAM) has objective:
g ( ) : Central Message SAM-ON, especially when probed at very high sparsity levels.
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» 7, is a normalization operator (diagonal matrix) making

the perturbation (partly) invariant to rescaling of the

Sarametors the normalization layers of a network typically
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€ = pTwsign(VE(w)) for p = o0 » For AdamW as base optimizer, SAM-ON improves strongly over the vanilla optimizer and For SAM-ON the distribution of v shifts towards larger values
either improves over SAM-all or performs on par Computational savings
» Justifications for empirical success of SAM and its
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» For ResNets with BatchNorm and VisionTransformers S 5, € = 0.50 5.47x0.18 17 71£0.61 99 792 £0.25 6.63t0-40 19 03+0-92 24 27 =134 normalization layers of selected blocks (B1-B3)

with Layernorm we observe that SAM-ON either 3 (e, e = 0.25/255 93 451080 4 1]£0-14 49 34 +0.08 95 31£0.08 4q 57£0.60 51 37 £0.99 Paper & code
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