Adaptive Methods through the Lens of SDEs:
Theoretical Insights on the Role of Noise
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The (simplified) SDE of SignSGD is Iterations Iterations | / ~A
2 2 . 1 2 |
dX; = —\ﬁz—%v FIXy)dt + \/ﬁ\/ I, — Zdiag (z AV, f(Xt)) AW;. (1) & A 2 D
m m : b P : N Q Q Q
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1. How do gradient noise and adaptivity interact? BLXe) = [(X)] < (f(Xo) = f(Xe))e " (1 ‘ ) i B ) = N, —e= PB1=0.95, f2=0.95
2. What is the role of decoupled weight decay? g
3. Are there any scaling laws involving weight decay? Theorem 3 (Adam on L?-Regularized Loss - Simplified). 4@ 21
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1. First SDE formulation for SignSGD and AdamW; Theorem 4 (AdamW - Simplified). .
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3. Decoupled weight decay brings extreme resilience to it; W VB + ot g & N <®/
4. New scaling rules for hyperparameter tuning of AdamW. \\@6 \\@é ,OQQ/
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