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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
• Foret et al. (2021): suggests SAM to explicitly minimize sharpness to improve

generalization

min
x

max
∥ϵ∥2≤ρ

f (x + ϵ) → xt+1 = xt − η∇f

xt + ρ
∇f (xt)

∥∇f (xt)∥2



• Drawn significant interest due to its practical effectiveness to improve general-
ization (Bahri et al., 2022; Chen et al., 2022; Qu et al., 2022).

• Overlooked assumption: there exist sufficiently many solutions with large varia-
tions of sharpness/flatness for SAM to exploit.

• Overparameterization is usually believed to provide such conditions → eludes
possibility of its critical influence

SAM needs overparameterization
Workload # Domain Task Dataset Architecture Model

1 Synthetic Regression Synthetic MLP Two-layer MLP
2 Vision Image classification MNIST MLP LeNet-300-100
3 Vision Image classification CIFAR-10 CNN ResNet-18
4 Vision Image classification ImageNet CNN ResNet-50
5 Language PoS tagging Universal Dependencies Transformer Encoder-only Transformer
6 Language Sentiment classification SST-2 RNN LSTM
7 Chemistry Graph property prediction ogbg-molpcba GNN GCN
8 Game Proximal policy optimization Atari Breakout CNN Five-layer CNN
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• number of parameters ↑ =⇒ benefit of SAM ↑ : overparameterization helps SAM
• number of parameters ↓ =⇒ benefit of SAM ↓ ≈ 0 : SAM does not work without

overparameterization

How Overparameterization influences SAM
1. Enlarged solution space allows finding simpler/flatter solutions
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Fig. 2: Solutions found by SGD (top) and SAM (bottom)
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Fig. 3: Optimization trajectories of SGD and SAM

2. Allows stronger implicit bias

SDE modeling by Compagnoni et al. (2023)

f̃ (x) := f (x) + ρE∥∇fγ(x)∥2

: larger perturbation bound ρ ↑ → stronger implicit regularization
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Fig. 4: Larger models prefer larger ρ

Further merits and caveats
Effect of label noise, sparsity, and regularization
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Fig. 5: Label noise
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Fig. 6: Sparsity
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Fig. 7: w/o weight decay
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• (Fig. 5) The benefit of SAM is more pronounced with a higher noise level.
• (Fig. 6) The improvement by SAM tends to increase in large sparse models

compared to their small dense counterparts.
• (Fig. 7-9) SAM does not always benefit from overparameterization without

sufficient regularization.

Other effects of overparameterization:Theoretical aspects

Definition 1. (Interpolation) Let f (x) = ∑n
i=1 fi(x). There exists x⋆ s.t. fi(x⋆) = 0

and ∇fi(x⋆) = 0 for i = 1, . . . , n.

SAM escapes sharp minima with non-uniform Hessian

Definition 2. (Linear stability) A minimizer x⋆ is linearly stable if there exists
a constant C such that E[∥x̃t − x⋆∥2] ≤ C∥x̃0 − x⋆∥2 for all t > 0 under
x̃t+1 = x̃t − ∇G(x⋆)(x̃t − x⋆).

Necessary condition of Linear stability
x⋆ is a linearly stable minima of SAM if

0 ≤ a(1 + ρa) ≤ 2
η︸ ︷︷ ︸

bounded sharpness

, 0 ≤ s2
2 ≤ 1

η(η − 2ρ)
, 0 ≤ s3

3 ≤ 1
2η2ρ

, 0 ≤ s4
4 ≤ 1

η2ρ2
︸ ︷︷ ︸

bounded Hessian non-uniformity

where a = λmax(H), sk = λmax((Ei[Hk
i ] − Hk)1/k).

• This is stricter than SGD, i.e., 0 ≤ a ≤ 2/η (Wu et al., 2018)

Stochastic SAM converges much faster with overparameterization

Theorem 6 (Linear convergence of Stochastic SAM under overparameterization)

Suppose that fi is β-smooth, f is λ-smooth and α-PL, and interpolation holds.
For any ρ ≤ 1

(β/α+1/2)β , a stochastic SAM that runs for t iterations with step
size η⋆ def= α−(β+α/2)βρ

2λβ(βρ+1)2 gives the following convergence guarantee:

Ext
[f (xt)] ≤

1 − α − (β + α/2)βρ

2
η⋆


t

f (x0).


