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Main finding: SAM improves with overparameterization and fails without it.

How: Enlarged solution space + stronger implicit regularization — find simpler and flatter minima.
Further: Benefits more under label noise and sparsity. However, sufficient regularization is necessary.
Theory: SAM finds flat minima and achieves much faster convergence at a linear rate.

Sharpness-Aware Minimization 2. Allows stronger implicit bias
= Foret et al. (2021): suggests SAM to explicitly minimize sharpness to improve

generalization SDE modeling by Compagnoni et al. (2023)
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= Drawn significant interest due to its practical effectiveness to improve general-
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tions of sharpness/flatness for SAM to exploit.
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= QOverparameterization is usually believed to provide such conditions — eludes

93 05 405 A AR o
o I . e . SR Th 0> 0T o240 SR T Th 0> 0T 020 SR T Th 0> 00240 SR Th 0> 0T o240 SR T Th 0> 00240 SENENEN A N
possibility of its critical influence S S R R R 4 of params

| —9— SAM

=— SAM

~

H
(o]
(e}

Fig. 4: Larger models prefer larger p

SAM needs overparameterization
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SAM escapes sharp minima with non-uniform Hessian

Definition 2. (Linear stability) A minimizer x* is linearly stable if there exists

How Overparameterlzatlon influences SAM a constant C such that El||z; — z*||*] < Cllzg — 2*||* for all t > 0 under

= - A * > *
1. Enlarged solution space allows finding simpler/flatter solutions T = & — VG(27) (% — 27),
Necessary condition of Linear stability
# of neurons: 5 / SGD # of neurons: 10 / SGD # of neurons: 100 / SGD # of neurons: 10;O/SGD 33* iS 3 |inear|y Stable minima Of SAM |f
2f 2f
| | \ 0 < a(l+ )<2 0< s2< 0<3<1 0< st <
> o > o | =« Pa) = > = %2 = (n —2p)’ =93> 9 0 =94 0 )
Y nn P n-p n-p
_17 N l bounded sharpness bounded Hessian non-uniformity
= 5 7 I 0 T e 0 7 T 0 7 I kK
x x x x where @ = Apax(H), Sk = Amax(IE;|[H'| — HY)'/7).
# of neurons: 5 / SAM # of neurons: 10 / SAM # of neurons: 100 / SAM # of neurons: 1000 / SAM
2 2f . . . .
1 | = This is stricter than SGD, i.e., 0 < a < 2/n (Wu et al., 2018)
> >
0 of
N N Stochastic SAM converges much faster with overparameterization
= 5 T I 0 T B 0 T T 5 7
X X X X
Fig. 2: Solutions found by SGD (top) and SAM (bottom) Theorem 6 (Linear convergence of Stochastic SAM under overparameterization)
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Fig. 3: Optimization trajectories of SGD and SAM
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