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Motivation

• Generalization in deep learning linked to loss landscape geometry.

• SAM (Sharpness-Aware Minimization) helps by smoothing the loss 
landscape. [Foret et al, 2021.]

Sharp minima

Poor generalization, overfit

Flat minima

Robust generalization

[1] Foret et al, 2021. Sharpness-aware minimization for efficiently improving generalization, ICLR.



From SAM to Minimax Objectives

• Instead of directly descending the gradient at      , SAM updates 
using the gradient evaluated at the adversarial perturbed point: 

• SAM reformulates optimization as 

• Limitation: most sharpness-aware tasks target minimization, not minimax problems.

•  This motivates us to explore SAM to minimax objectives.

Perturbation:



Deep AUC Maximization

• AUC measures the probability that a randomly chosen positive sample is ranked 
higher than a negative one → crucial for imbalanced classification

• Optimizing AUC can be reformulated as a minimax problem: [Ying et al, 2016]

• In deep networks, this leads to a non-convex-strongly-concave minimax problem: 
[Liu et al, 2020]

[1] Ying et al, 2016. Stochastic online AUC maximization, NeurIPS.
[2] Liu et al, 2020. Stochastic auc maximization with deep neural networks, ICLR.



Objective and Challenges: Generalization

• Objective: Sharpness-aware AUC maximization 

•          primal variable

•          dual variable

•          perturbation bounded by 

•          non-convex in    , strongly concave in     

• Key challenges:
• Algorithmic gap: how to design perturbation updates for AUC loss to mitigate 

friendly adversary issue caused by stochastic gradients.

• Theoretical gap: analyzing convergence under minmax + perturbation is hard.

Difficult optimization landscape

Friendly adversary issue

Why no pertur-
bation on 𝑦 ?

Strong concavity ensures a 
unique optimal solution.



Proposed Idea

• VaSSO-SGDAM: Variance-Suppressed Sharpness-aware Optimization + 
Stochastic Gradient Decent Ascent Momentum
• Friendly Adversary: In stochastic SAM, adversary only reflects local minibatch 

sharpness → inconsistent global estimation → unstable training and weak 
generalization

• Solution: Introduce a variance suppression variable 

• Suppress stochastic variance, mitigates friendly adversary, aligns more closely 
with global sharpness.

Use moving-average 
to stabilize updates



Algorithm

Moving-average momentum 
for both primal-dual variables

Variance suppression variable 
for primal variable

Primal-dual update



Theoretical Analysis

• Assumption:
• (1) L-smoothness      (2) Bounded variance.       (3)     -strong concavity in 

• Auxiliary function: 

• Establish convergence bound:

• First 𝑂
1

𝑇
  rate for sharpness-aware non-convex-strongly-concave 

problems.



Experiments Setup

• Dataset: CatvsDog, CIFAR10, CIFAR100, STL10.

• Model: ResNet-20, for binary classification.

• Imbalance ratios:                               (0.1, 0.05, 0.01).

• Baselines: SGDM, SAM, VaSSO,

  SGDAM, VaSSO-SGDAM

• Hyperparameter: same learning rate and momentum setup 

Minimization Optimizers, standard CE loss

Minimax Optimizers, AUC loss



Experiments Results: Benchmark Datasets

• VaSSO-SGDAM consistently outperforms the baseline methods.



Experiments Results: Medical Dataset

• Dataset: Melanoma (.   = 0.0178) 

• Model: DenseNet-121

• Demonstrates strong generalization on real-world imbalanced medical data.

• Tuning hyperparameter     : indicating its robustness



Hessian Spectrum Analysis

• Compare eigenvalue spectral densities on CIFAR10.

• VaSSO-SGDAM: lower                

• Confirms theoretical link between sharpness suppression & generalization.

Flatter minima



• Conclusion:
• Bridge sharpness-aware optimization and AUC minimax framework.

• Proposed VaSSO-SGDAM achieving 𝑂
1

𝑇
 convergence and strong empirical 

gains.

• Future work:

• Extend to other minimax tasks (e.g., adversarial training, GANs).

• Adaptive selection of perturbation 

• Explore distributed(federated/decentralized) variants.

Conclusion & Future Work
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