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Abstract

Improving robustness under distributional shifts remains a central challenge in machine
learning. Although Sharpness-Aware Minimization (SAM) has proven effective in find-
ing flatter minima for better generalization, it overlooks the heterogeneity in sharpness
across different subpopulations, which can exacerbate performance gaps for minority
or vulnerable groups. To address this challenge, we propose Group-gap Guided SAM
(G2-SAM), a new optimization framework that promotes distributional robustness by
steering flatness-seeking directions according to intergroup loss disparities. Our method
estimates group-wise sharpness and adaptively refines perturbation strategies to minimize
the worst-group loss while preserving model consistency. Through comprehensive ex-
periments across various datasets, we show that G2-SAM achieves superior Worst-Group
Accuracy and robustness, outperforming previous baselines. These findings highlight the
importance of addressing group-specific geometry in the loss landscape to build more
reliable and equitable neural networks.

Keywords: distribution shift; spurious correlation; robust optimization; flat minima

MSC: 68T07; 65D15

1. Introduction
Deep neural networks trained using Empirical Risk Minimization (ERM) have

achieved remarkable success in various machine learning tasks, such as classification [1],
segmentation [2], speech recognition [3,4], 3D vision [5,6], and natural language process-
ing [7,8]. However, many of these advancements have faced challenges of trustworthiness,
which include issues such as explainability [9,10], fairness [11,12], and data imbalance [13].
Most importantly, many of these models frequently suffer from poor generalization perfor-
mance under distributional shift [14,15] due to their tendency to exploit spurious features.
Spurious features refer to features that correlate strongly with labels in the training data
but do not represent meaningful relationships in the true underlying distribution. Such
spurious correlations disproportionately degrade performance for minority or vulnerable
subgroups, exacerbating fairness [16] and reliability issues in critical real-world applications
like medical imaging and facial recognition [17,18]. In this work, we focus on validating
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our approach on vision classification tasks that contain clear subgroup structures, laying
the groundwork for potential future exploration in other domains.

Several approaches have been proposed to mitigate the adverse effects of spurious
correlations. Early research primarily relied on explicitly annotated bias attributes to iden-
tify and rectify biases during training. Methods such as Group Distributionally Robust
Optimization [15] (GDRO) explicitly optimize for worst-group performance. Recently, there
has been significant interest in developing techniques that avoid explicit bias labels. Meth-
ods like Disagreement Probability-based Resampling [19] (DPR) identify bias-conflicting
samples by measuring the disagreement between predictions from biased models and the
true labels, subsequently upsampling these samples to counteract bias. On the other hand,
some studies [20] have tried to utilize augmentation strategies to mitigate bias and enhance
fairness by balancing dataset distribution, effectively reducing the performance gap be-
tween groups. However, all these methods exhibit significantly diminished performance
when applied to scenarios where the spurious feature is more complex (non-binary).

Parallel to these debiasing efforts, optimization strategies such as Sharpness-Aware
Minimization [21] (SAM) have emerged as powerful methods for improving generalization.
By steering neural network training towards flat minima, where the parameter space
is characterized by low curvature, SAM achieves remarkably better robustness against
distributional shifts. Nevertheless, despite its effectiveness, SAM inherently neglects
the heterogeneity of sharpness across different data subgroups, potentially amplifying
performance disparities by disproportionately benefiting majority groups.

To bridge this gap, we propose Group-gap Guided Sharpness-Aware Minimization
(G2-SAM), a novel optimization framework that incorporates intergroup loss disparities
into sharpness-aware training. G2-SAM explicitly estimates group-wise sharpness and
adaptively adjusts optimization strategies to achieve group-wise flat minima. By doing
so, G2-SAM ensures that flat minima are achieved specifically in regions beneficial to the
minority, thus directly addressing the pitfalls of conventional SAM in biased scenarios.

Our contributions can be summarized as follows:

• We introduce a principled approach to incorporate group-wise sharpness consid-
erations into the SAM framework, promoting equitable optimization across di-
verse subpopulations.

• We empirically demonstrate that our proposed G2-SAM significantly enhances Worst-
Group Accuracy and robustness against distributional shifts, consistently outperform-
ing existing state-of-the-art methods across various benchmark datasets.

• Importantly, G2-SAM achieves these improvements without requiring group labels
during inference, thereby enhancing its practical applicability and scalability for vision
tasks with known subgroup structures.

Our results underscore the necessity and effectiveness of addressing subgroup-specific
geometric properties in the loss landscape, laying the foundation for building fairer, more
reliable, and more robust machine learning models.

2. Related Work
2.1. Mitigating Spurious Correlation

In the field of machine learning, a significant amount of effort is being dedicated
to mitigating spurious correlations. The goal is to make models more adaptable to dis-
tributional shifts. Group Distributionally Robust Optimization (GDRO) [15] enhances
the performance of the worst-performing group by explicitly minimizing the maximum
group risk. However, this approach can cause overfitting to the minority data. Moreover,
since it only optimizes for the worst-group loss, it tends to show significantly decreased
performance when there exists a large number of groups, making it challenging to apply
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in real-world scenarios. More recently, methods without explicit bias labels [19,22] have
been proposed. They usually adopt a bias-identifying strategy using biased models’ predic-
tions, and upweight bias-conflicting samples. Other strategies include using contrastive
learning [23] to debias neural networks or fine-tuning only the last layer [24] of a network
with a balanced validation dataset, which has been shown to be effective in mitigating
spurious correlations.

2.2. Optimization Techniques for Generalization

Beyond traditional approaches for mitigating spurious correlation, optimization
techniques aiming at improving generalization have also attracted significant attention.
Sharpness-Aware Minimization [21] (SAM) is a prominent method that encourages con-
vergence towards flat minima, which correlates with improved generalization capabilities.
SAM enhances generalization by minimizing the worst-case loss within a neighborhood
around the model parameters, thus favoring broader minima. However, SAM overlooks
group-specific sharpness variations, which may unintentionally intensify disparities among
subgroups. More recently, variations of SAM have been proposed. The authors of [25] pro-
posed adaptive-SAM methods, and in [26], additional steps were incorporated to minimize
the surrogate gap between original and perturbed losses explicitly, thereby enhancing the
sharpness-aware optimization process further. Nonetheless, these methods still lack direct
consideration of intergroup sharpness disparities, leaving a crucial gap in achieving true
distributional robustness across diverse populations.

In this paper, we address this limitation by proposing G2-SAM. Our method explicitly
guides sharpness-aware training to consider subgroup-specific geometry, which leads to
robust training against spurious correlations and a reduction in performance disparities.

3. Preliminary Information
We consider a supervised learning scenario where we are given a dataset consisting of

input–label pairs drawn independently and identically distributed (i.i.d.) from an unknown
joint training distribution Dtrain.

Here, x ∈ X denotes the input feature vector and y ∈ Y is the corresponding label.
The goal of Empirical Risk Minimization (ERM) is to learn a parameterized model fθ , which
minimizes the expected loss:

L(θ) = E(x,y)∼Dtrain
[ℓ( fθ(x), y)],

where ℓ(·, ·) denotes a suitable loss function, and θ represents the parameters of the model.
However, ERM-based models often suffer from poor generalization under distribu-

tional shifts, primarily because they tend to exploit spurious correlations. Spurious correla-
tions refer to non-causal features that correlate strongly with the labels in the training data
but do not generalize.

To express this formally, let us define the test data distribution as Dtest. The core
assumption in an environment with a distributional shift can be expressed as

Dtrain(x, y) ̸= Dtest(x, y).

This difference in distributions often arises because the conditional probability between
a spurious attribute a and the label y changes from training to testing, i.e., Dtrain(y|a) ̸=
Dtest(y|a).

Standard ERM only minimizes the expected loss over the training distribution Dtrain:

min
θ

E(x,y)∼Dtrain
[ℓ( fθ(x), y)]
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If the model learns to use the spurious attribute a as a shortcut, this shortcut is no
longer valid in the Dtest environment, leading to a sharp degradation in performance.
This phenomenon leads to significant performance degradation for minority or vulnerable
subgroups within the data.

Formally, we can express the dataset as a collection of subgroups {Dg}G
g=1, where each

subgroup represents different combinations of target and spurious attributes. The training
and test distributions can be seen as mixtures of these same underlying groups but with
different mixing proportions (πg):

Dtrain =
G

∑
g=1

πtrain
g P(x, y|g) and Dtest =

G

∑
g=1

πtest
g P(x, y|g), where πtrain ̸= πtest

The robustness of the model is then evaluated by its performance on the worst-
performing subgroup:

Lworst(θ) = max
g∈{1,...,G}

E(x,y)∼Dg [ℓ( fθ(x), y)]

A method like GDRO tries to achieve models with enhanced generalization perfor-
mance by directly optimizing Ltrain

worst(θ). This strategy intentionally improves performance
on minority groups during training to reduce the model’s reliance on spurious correlations.

On the other hand, another body of work has also tried to address the generalization
issue, which is called Sharpness-Aware Minimization (SAM). SAM aims to find parameters
θ located in flatter regions of the loss landscape, which are empirically linked to better
generalization. To achieve this, SAM seeks to minimize the loss in the worst-case scenario
within a neighborhood of the current parameters.

The core idea is encapsulated in the following min-max optimization problem:

min
θ
LSAM(θ) where LSAM(θ) = max

∥ϵ∥2≤ρ
L(θ + ϵ).

Here, L(θ) is the standard training loss (e.g., cross-entropy), and ρ defines the radius of
the ℓ2-norm ball around the current parameters θ. Solving the inner maximization problem
exactly is computationally expensive. Therefore, SAM approximates the solution by taking
a first-order Taylor expansion of the loss function with respect to ϵ:

L(θ + ϵ) ≈ L(θ) + ϵT∇θL(θ).

To maximize this approximated loss, the perturbation ϵ should be aligned with the
gradient. The solution that maximizes the inner objective is thus found by scaling the
gradient to the boundary of the neighborhood:

ϵ(θ) = ρ
∇θL(θ)
∥∇θL(θ)∥2

.

By substituting this ‘worst-case’ perturbation back into the objective, the final SAM
loss becomes:

LSAM(θ) = L(θ + ϵ(θ)).

Minimizing this objective encourages convergence towards flatter minima where the loss
remains low even after this gradient-based perturbation, thereby enhancing generalization.



Mathematics 2025, 13, 3343 5 of 18

4. Method: Group-Gap Guided Sharpness-Aware Minimization (G2-SAM)
We now propose a novel method, Group-gap Guided Sharpness-Aware Minimization

(G2-SAM), that extends the SAM framework by incorporating subgroup-specific considera-
tions into the optimization process using group-wise SAM loss gaps. By utilizing group
labels, G2-SAM explicitly addresses subgroup-specific sharpness disparities to improve
distributional robustness and fairness.

4.1. Step 1: Identification of Worst-Performing Subgroups

First, we calculate the standard Empirical Risk Minimization (ERM) loss for each
subgroup g:

Lg(θ) = E(x,y)∼Dg [ℓ( fθ(x), y)]. (1)

Based on these loss values, we identify the set of worst-performing subgroups, denoted
as Gworst, which contains the groups whose losses are in the top κth percentile.

Gworst = {g | Lg(θ) is in the top κth percentile}. (2)

This initial step focuses our sharpness-aware optimization on the most vulnerable
subgroups. By selecting a set of the worst-performing groups (the top κth percentile) rather
than just the single worst group, our approach gains stability against outliers and can
address systemic biases that may affect multiple minority subgroups simultaneously.

4.2. Step 2: Focused Sharpness Calculation and Regularization

Next, for the worst-performing subgroups identified in the previous step (g ∈ Gworst),
we calculate the group-wise SAM loss gap, ∆g. This is defined as the difference between
the SAM-perturbed loss and the original loss for that subgroup:

∆g = E(x,y)∼Dg

[
ℓ( fθ+ϵg(x), y)− ℓ( fθ(x), y)

]
, (3)

where the perturbation ϵg is computed only for g ∈ Gworst as

ϵg = ρ ·
∇θLg(θ)∥∥∇θLg(θ)

∥∥
2

. (4)

We then formulate the intergroup gap regularization term, Rgap, by averaging the
sharpness gaps of these selected subgroups:

Rgap =
1

|Gworst| ∑
g∈Gworst

∆g. (5)

This approach directly targets the geometric instability of the groups that are em-
pirically struggling the most. The use of a percentile (κ) makes our method adaptive to
datasets with varying numbers of subgroups. Instead of relying on a single, potentially
noisy worst group, we focus on the tail of the performance distribution, ensuring the model
addresses systematic disparities. For all experiments in this paper, we set κ = 25, a value
that empirically provided a good balance between focusing on the most critical groups and
maintaining training stability across our benchmarks.

4.3. Step 3: Final Optimization Objective

The final optimization objective of our revised method integrates the average loss of
the worst-performing groups with the proposed focused regularization term. This results
in the following combined optimization problem:
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min
θ

[
1

|Gworst| ∑
g∈Gworst

Lg(θ) + λ · Rgap

]
, (6)

where λ is a hyperparameter controlling the strength of the regularization.
Through this method, our approach effectively reduces the performance disparity be-

tween subgroups by ensuring the model finds flat minima beneficial to the most vulnerable
groups, ultimately achieving improved robustness and fairness under distributional shifts.
The overall process is summarized in Algorithm 1.

Algorithm 1 G2-SAM training algorithm

Require: Training data D =
⋃G

g=1Dg, model with parameters θ, learning rate η, neighbor-
hood size ρ, regularization strength λ.

1: for each training step do
// 1. Calculate ERM loss for all groups in the minibatch to identify the worst-performing ones

2: for each group g ∈ {1, . . . , G} do
3: Lg(θ) = E(x,y)∼Dg [l( fθ(x), y)]
4: end for

// 2. Select top κ% groups based on their high ERM loss
5: Identify the set of groups with the highest losses:
6: Gworst ← {g | Lg(θ) is in the top κth percentile}

// 3. Calculate sharpness gaps only for the selected worst-performing groups
7: for each selected group g ∈ Gworst do

8: Calculate group-specific perturbation: ϵg ← ρ · ∇θLg(θ)

∥∇θLg(θ)∥2

9: Calculate group-wise SAM loss gap: ∆g ← Lg(θ + ϵg)−Lg(θ)
10: end for

// 4. Calculate the regularization term from the gaps of the selected groups
11: Calculate the intergroup gap regularization term:
12: Rgap ← 1

|Gworst| ∑g∈Gworst ∆g

// 5. Define the final objective using the losses and gaps of the selected groups
13: Define the final optimization objective:
14: Lfinal(θ)← 1

|Gworst| ∑g∈Gworst Lg(θ) + λ · Rgap

// 6. Update the model parameters
15: Update the model parameters:
16: θ ← θ − η∇θLfinal(θ)
17: end for

5. Experimental Results
We now validate the performance of G2-SAM. By experimenting on the various

benchmark datasets with spurious correlations, we show that promoting geometric flatness
across all subgroups via G2-SAM leads to superior distributional robustness. We structure
our validation across four key analyses. In Section 5.2, a controlled study on synthetic
data (CMNIST) is conducted to examine the effect of our approach across varying bias
strengths, including a qualitative visualization of the induced loss landscapes. We provide
an evaluation on standard binary spurious correlation benchmarks (Waterbirds and CelebA)
in Section 5.3. We also provide a more challenging evaluation using non-binary, multigroup
benchmarks like UTKFace and FairFace to test the scalability of our approach for real-
world applications Section 5.4. Finally, we conduct an ablation study on the regularization
strength to analyze the effect of G2-SAM’s regularization term Section 5.5.
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5.1. Experimental Setup
5.1.1. Implementation Details

All models were implemented using the PyTorch 3.10 framework and trained on a
single NVIDIA RTX 4090 GPU. For a fair and robust comparison, we used a ResNet-50
backbone pretrained on the ImageNet dataset for all experiments.

Training configurations: We used the SGD optimizer with a constant learning rate
of 1× 10−3 and a weight decay of 1× 10−4. All models were trained for 50 epochs with a
batch size of 64. For all sharpness-aware methods, the neighborhood size ρ was set to 0.05.
The regularization hyperparameter λ in the G2-SAM objective was set to 0.1 for all datasets.

Data augmentation: During training, we applied standard data augmentation, includ-
ing random resized cropping to 224 × 224 with random horizontal flipping. For validation
and testing, we only applied a center crop followed by normalization.

Evaluation protocol: All reported results are the mean and standard deviation com-
puted over three independent runs. Our primary evaluation metrics are Worst-Group
Accuracy, which directly measures robustness to distributional shifts, and Average Accu-
racy to assess overall performance.

5.1.2. Baselines

We compare G2-SAM against the following baselines to demonstrate its performance.

• ERM (Empirical Risk Minimization): The standard training paradigm that minimizes
the average loss over the training data. It is known to be highly susceptible to learning
spurious correlations.

• GDRO [15] (Group Distributionally Robust Optimization): A strong robust optimiza-
tion baseline that explicitly minimizes the loss of the worst-performing group.

• SUBG [27] (Subgroup Balancing): A resampling method that increases the loss contri-
bution of samples from minority groups to create a balanced training objective.

• DFR [24] (Deep Feature Reweighting): A two-stage method that first trains a model
with ERM and then fine-tunes the final linear classifier on a group-balanced dataset.

• SAM [21] (Sharpness-Aware Minimization): A key baseline that seeks flat minima in
the loss landscape to improve generalization.

• ASAM [25] (Adaptive Sharpness-Aware Minimization): A variant of SAM that intro-
duces an adaptive perturbation size, making the optimization process invariant to the
scaling of model weights and improving training stability.

• GSAM [26] (Surrogate-Gap Minimization): An extension of SAM that incorporates an
additional objective to explicitly minimize the surrogate gap, defined as the difference
between the original loss and the perturbed loss.

5.1.3. Datasets

We perform experiments with five datasets. Three of them are datasets with binary
spurious attributes, and two of them are more complex datasets with non-binary spuri-
ous attributes.

• CMNIST: We construct a variant of the MNIST dataset to create a controlled envi-
ronment for analyzing the impact of spurious correlations. The task is binary digit
classification (digits 0–4 vs. 5–9). We introduce a spurious color cue by correlating
digit color with the label. The bias ratio p ∈ {0.9, 0.95, 0.99} defines the strength of
this correlation; for a fraction p of the training data, digits < 5 are red and digits ≥ 5
are green. For the remaining 1− p fraction, this correlation is reversed. The test set
is synthetically balanced, with colors distributed equally across both label classes,
thereby removing the spurious cue and evaluating the model’s reliance on invariant
features (the digit’s shape).
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• Waterbirds: Waterbirds is a widely used benchmark designed specifically to test
robustness against spurious correlations. It was created by combining images of
birds from the CUB dataset with backgrounds from the Places dataset. The task is
to classify waterbirds vs. landbirds. The spurious correlation is the background:
most waterbirds are shown on water backgrounds, and most landbirds are on land
backgrounds. The minority groups, such as landbirds on water, are the primary
challenge for standard ERM models.

• CelebA: CelebA is a large-scale dataset of celebrity faces with various attribute anno-
tations. Following standard experimental protocols in the literature [15,19,22,24], we
select ‘Blond Hair’ as the target attribute and ‘Gender’ as the spurious (bias) attribute.
The dataset exhibits a strong natural correlation where the majority of individuals
with blond hair are female and the majority of individuals with non-blond hair are
male. The model must learn to classify hair color without relying on gender cues.

• UTKFace: UTKFace is a large-scale face dataset with annotations for age, gender,
and race. To evaluate performance in a non-binary bias setting, we use ‘Gender’
(binary) as the target attribute and ‘Age’ as the bias attribute. Age is categorized into
8 distinct groups (0–20, 11–20, 21–30, . . . , 71–80, 81+), resulting in 2× 8 = 16 distinct
subgroups. This setup tests the model’s ability to maintain fair gender classification
performance across a wide age distribution.

• FairFace: FairFace is a face attribute dataset specifically designed to be balanced across
seven racial categories (White, Black, Latino and Hispanic, East Asian, Southeast
Asian, Indian, Middle Eastern). This inherent balance makes it an ideal benchmark for
evaluating the effectiveness of bias mitigation methods. Unlike datasets that require
simple data balancing, FairFace allows us to isolate and measure whether an advanced
learning algorithm can successfully reduce a model’s reliance on spurious correlations.
We use Gender (binary) as the target attribute and Race as the bias attribute, creating
2× 7 = 14 subgroups. This benchmark directly tests a model’s ability to achieve
robust performance across all subgroups, demonstrating the efficacy of methods that
go beyond simple distribution balancing techniques.

5.2. Analysis in Controlled Bias Environments on CMNIST

In this section, we first perform experiments on the CMNIST dataset with varying bias
strength. This experiment serves as a controlled analysis to directly probe and visualize
the effect of G2-SAM’s core mechanism. By systematically increasing the bias ratio (the
proportion of the data that follows spurious correlation between color and digit), we
observe how different optimizers behave under increasing pressure to learn the spurious
color correlation. A visualized example for the CMNIST dataset is given in Figure 1.

Figure 1. Example for the CMNIST dataset. The digit ‘0’ is spuriously correlated with the color red,
and ‘9’ is spuriously correlated with the color green.
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5.2.1. Quantitative Analysis

Table 1 presents the performance of G2-SAM against key baselines on CMNIST. The re-
sults clearly show that as the bias ratio increases, the performance of group-agnostic
sharpness-aware methods deteriorates significantly. While SAM maintains a high Aver-
age Accuracy by successfully classifying the majority groups, its Worst-Group Accuracy
deteriorates significantly, indicating a complete reliance on the spurious feature color.
For instance, at a bias ratio of 0.99, SAM’s Worst-Group Accuracy drops to 38.0%, showing
lower accuracy than the random guess. In contrast, both GDRO and G2-SAM demonstrate
remarkable resilience to distributional shift. G2-SAM consistently achieves the highest
Worst-Group Accuracy across all bias levels, even surpassing the GDRO. This result pro-
vides strong initial evidence that regulating group-wise sharpness is a highly effective
strategy for mitigating the impact of strong spurious correlations. Moreover, the widening
performance gap between SAM and G2-SAM on Worst-Group Accuracy as bias intensifies
directly supports the central claim that group-agnostic flatness is insufficient for achieving
true distributional robustness.

Table 1. Performance comparison on the CMNIST dataset under varying bias ratios. We report Aver-
age Accuracy (%) and Worst-Group Accuracy (%). G2-SAM consistently achieves the highest Worst-
Group Accuracy, demonstrating its superior robustness as the spurious correlation becomes stronger.
We use bold text to indicate the best results.

Method
Bias Ratio = 0.90 Bias Ratio = 0.95 Bias Ratio = 0.99

Worst Acc. Avg. Acc. Worst Acc. Avg. Acc. Worst Acc. Avg. Acc.

ERM 92.4 ± 1.5 96.5 ± 0.9 86.4 ± 2.1 94.0 ± 1.1 41.8 ± 1.3 71.9 ± 2.4
GDRO [15] 93.8 ± 1.2 96.1 ± 0.7 88.4 ± 2.3 93.5 ± 1.0 78.4 ± 1.6 82.5 ± 1.9
SAM [21] 91.0 ± 1.4 95.5 ± 0.8 86.0 ± 2.2 93.3 ± 0.6 38.0 ± 0.9 72.0 ± 1.8
G2-SAM (proposed) 95.6 ± 0.6 97.6 ± 0.5 93.4 ± 1.1 96.6 ± 0.7 86.4 ± 1.0 88.6 ± 1.3

5.2.2. Qualitative Analysis: Loss Landscape Visualization

To understand the geometric rationale behind our quantitative results, we visualize
the loss landscapes for ERM, SAM, GDRO, and G2-SAM under a high bias ratio (0.99) in
Figure 2. These visualizations provide a clear, intuitive explanation for the performance dis-
parities. For SAM, the training algorithm fails to find a flat basin because it does not account
for the geometric disparity between groups. Similarly, both ERM and GDRO converge
to solutions located in sharp, irregular minima. Although GDRO focuses on improving
worst-group performance, it does so without considering the solution’s geometric stability,
thus finding a precarious optimum sensitive to minor data perturbations.

Conversely, the landscape induced by G2-SAM demonstrates the effectiveness of its
regularization. TheRgap term penalizes the divergence in group-wise sharpness, forcing
the optimizer to find a solution that resides in a region that is simultaneously flat for both
the majority and minority groups. This shared flat minimum may not be the absolute
flattest point for the majority group alone, but it represents a far more robust and equitable
solution. This visual evidence validates the core premise of G2-SAM: enforcing group-wise
geometric similarity is the key to robust generalization. This analysis reframes G2-SAM
not merely as a debiasing algorithm that mitigates spurious correlation but as a more
fundamental geometric regularizer. Unlike reweighting schemes that only manipulate
the magnitude of group losses, G2-SAM directly shapes the curvature of the loss surface,
yielding solutions that are inherently more stable for all subgroups.
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(a) ERM. (b) GDRO.

(c) SAM. (d) G2-SAM.

Figure 2. Loss landscape of trained neural networks.

5.3. Robustness on Binary Spurious Correlation Benchmarks

Having established the mechanism of G2-SAM on synthetic data, we now evaluate
its efficacy on standard, real-world benchmarks. Success on CelebA and Waterbirds is
critical for demonstrating practical relevance in the field of fairness and robustness. For
these binary datasets, we adopt an approach of fine-tuning the last layer after the main
training with G2-SAM. Table 2 presents a comprehensive comparison of G2-SAM against
the full suite of baselines. On both datasets, G2-SAM achieves state-of-the-art Worst-
Group Accuracy, significantly outperforming all other methods. On CelebA, G2-SAM
achieves a Worst-Group Accuracy of 90.2%, surpassing the strong GDRO baseline by over
3 percentage points. On the challenging Waterbirds dataset, it achieves a Worst-Group
Accuracy of 92.9%, again establishing a new benchmark. These results powerfully illustrate
the limitations of group-agnostic flatness. As hypothesized, SAM improves Average
Accuracy over ERM but provides only marginal gains in Worst-Group Accuracy. This
demonstrates that seeking ‘general’ flatness without accounting for subgroup structure is
not a viable strategy for distributional robustness. G2-SAM successfully bridges this gap,
inheriting the generalization benefits of sharpness-aware optimization while incorporating
the group-specific focus required for robust performance. Its ability to outperform GDRO,
which directly optimizes the worst-group loss, suggests that optimizing for group-wise
geometric properties can be a more effective path to robustness than simply optimizing the
worst-group loss magnitude, potentially leading to better solutions with more favorable
optimization trade-offs.
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Table 2. Performance comparison on binary spurious correlation benchmarks. We report mean ± std
over 3 runs for Average Accuracy (%) and Worst-Group Accuracy (%). G2-SAM achieves the highest
Worst-Group Accuracy on both datasets. We use bold text to indicate the best results.

Dataset Method Waterbirds CelebA
Worst Acc. Average Acc. Worst Acc. Average Acc.

ERM 77.1 ± 2.4 89.2 ± 0.8 46.5 ± 3.1 95.8 ± 0.1
SubG [27] 83.0 ± 1.0 91.6 ± 0.6 85.7 ± 0.8 93.0 ± 0.4
GDRO [15] 91.4 93.5 88.9 92.4
DFR [24] 89.7 ± 2.6 92.2 ± 1.1 88.8 ± 0.5 91.5 ± 0.3
SAM [21] 78.5 ± 1.0 89.6 ± 0.4 50.2 ± 5.8 95.8 ± 0.2
ASAM [25] 63.2 ± 1.1 93.6 ± 0.7 48.8 ± 5.6 95.6 ± 0.2
GSAM [26] 75.4 ± 1.4 91.6 ± 0.6 45.0 ± 7.3 95.6 ± 0.3
G2-SAM (proposed) 91.9 ± 0.9 94.1 ± 0.5 89.7 ± 0.7 91.8 ± 0.4

5.4. Robustness on Non-Binary Spurious Correlation Benchmarks

Real-world biases are often complex and non-binary. Spurious correlations can exist
across numerous attributes like age and race, which are non-binary attributes. We omit
the last-layer fine-tuning step for multigroup benchmarks, as ensuring sufficient samples
from all 14–16 subgroups per minibatch would require a prohibitively large batch size,
making the training process computationally infeasible. This set of experiments tests the
scalability and generalizability of G2-SAM’s core mechanism, minimizing the gap between
the maximum and minimum group sharpness in more complex, multigroup settings.

The results on UTKFace (16 groups) and FairFace (14 groups) are presented in Table 3.
Once again, G2-SAM demonstrates superior performance, achieving the highest Worst-
Group Accuracy on both datasets. This is particularly significant because methods that
perform well in a simple majority–minority binary case may struggle when balancing
performance across many groups. The formulation of G2-SAM’s regularizer, which focuses
on the minor groups in terms of sharpness, proves to be highly scalable. It does not depend
on the total number of groups, making it computationally efficient and stable.

Table 3. Performance comparison on non-binary spurious correlation benchmarks. We report
mean ± std over 3 runs for Average Accuracy (%) and Worst-Group Accuracy (%). G2-SAM demon-
strates superior scalability and robustness in multigroup scenarios. We use bold text to indicate the
best results.

Dataset Method UTKFace FairFace
Worst Acc. Average Acc. Worst Acc. Average Acc.

ERM 75.5 ± 0.6 91.1 ± 0.2 93.0 ± 0.3 94.6 ± 0.2
SubG [27] 77.1 ± 0.5 91.3 ± 0.4 93.2 ± 0.3 95.5 ± 0.1
GDRO [15] 66.1 ± 4.1 82.4 ± 3.9 91.0 ± 1.4 94.1 ± 0.5
DFR [24] 63.8 ± 4.3 90.6 ± 0.5 92.8 ± 0.3 95.7 ± 0.1
SAM [21] 76.2 ± 0.4 90.9 ± 0.3 93.2 ± 0.4 95.6 ± 0.2
ASAM [25] 76.7 ± 0.9 91.6 ± 0.7 92.4 ± 0.4 95.4 ± 0.6
GSAM [26] 78.0 ± 0.7 91.3 ± 0.4 93.5 ± 0.8 95.7 ± 0.4
G2-SAM (proposed) 78.1 ± 0.9 91.8 ± 0.3 93.6 ± 0.5 95.8 ± 0.1

The strong performance in these multigroup scenarios suggests that G2-SAM is not a
specialized solution for binary bias but rather a general principle for robust optimization.
While GDRO must actively balance the losses of all 10 or 7 groups, G2-SAM’s focus on
the sharpness spectrum may provide a more stable optimization target, preventing the
optimizer from being pulled in too many conflicting directions. This success hints at the
potential for G2-SAM to address even more complex intersectional fairness challenges,
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where groups are defined by the intersection of multiple sensitive attributes and the total
number of subgroups can become very large.

5.5. Ablation Study: Impact of the Regularization Hyperparameter λ

To isolate and understand the contribution of our proposed intergroup gap regulariza-
tion, we conduct an ablation study on the hyperparameter λ. This coefficient, as defined in
our final objective function (6), controls the strength of the regularization termRgap, which
is designed to minimize the disparity in sharpness across subgroups.

5.5.1. Quantitative Analysis

We evaluate the performance of G2-SAM on the CMNIST datasets while varying
λ across the set {0, 0.1, 1.0, 10.0, 100.0}. The case where λ = 0 removes our proposed
intergroup gap regularizer,Rgap. Consequently, the objective is reduced to minimizing the
average loss of the groups belonging to the top κth percentile with the highest ERM loss
(Lg(θ)). This approach is fundamentally different from GDRO, which targets the single
group with the highest loss value, whereas our λ = 0 baseline targets a set of groups with
the highest loss. The results are presented in Figure 3.

(a) Major and minor group accuracy. (b) Group accuracy gap.

Figure 3. Performance of CMNIST dataset with varying λ values.

As shown, setting λ = 0 results in a 5.2% drop in Worst-Group Accuracy compared
to the optimized G2-SAM (when λ = 0.1), confirming that simply minimizing the worst-
group perturbed loss is insufficient. As we increase λ from 0 to 0.1, we observe a steady
decrease in the performance gap between major and minor groups, which is indicated in
Figure 3b. This demonstrates the direct positive impact of theRgap term. However, when
λ is increased further to 100.0, the performance begins to degrade. This suggests that an
excessively large regularization term can over-constrain the optimization, lowering the
performance for both minor and major groups. This study validates that our intergroup
gap regularization is a critical component of G2-SAM’s success and that its influence can be
effectively tuned.

5.5.2. Impact on the Loss Landscape

We now provide the quantitative results to analyze the effect of λ on the geometry of
the loss landscape and indicate in Figure 4.

• Low λ (e.g., 0): With little to no regularization, the optimizer is not strongly incen-
tivized to close the sharpness gap between groups. The resulting landscape resembles
that of standard GDRO, where the solution may be flat for the majority group but
remains sharp and precarious for the minority group. The optimizer finds a region
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of low loss for the worst group, but this region lacks the geometric stability that
ensures robustness.

• Optimal λ (e.g., 0.1): In this regime, the regularization term is strong enough to
compel the optimizer to find a solution that is simultaneously flat for all subgroups.
It actively penalizes solutions where sharpness is high for any single group, even if
the loss magnitude is low. This leads to the desired outcome: a shared, wide, and flat
basin in the loss landscape that provides robust generalization for both majority and
minority groups.

• High λ (e.g., 10.0, 100.0): When the regularization is too dominant, the optimizer
prioritizes making the group-wise sharpness values identical above all else. This can
force the model into a suboptimal region of the parameter space. The search for perfect
geometric homogeneity overrides the primary goal of accurate classification, leading
to a big spike in the loss landscape.

This analysis confirms that theRgap regularizer directly and effectively manipulates
the loss landscape’s geometry to achieve distributional robustness, and its strength must
be appropriately tuned to achieve the best results.

(a) λ = 0.1. (b) λ = 1.0.

(c) λ = 10. (d) λ = 100.

Figure 4. Loss landscape of trained neural networks with G2-SAM with varying λ values.

5.6. Ablation Study: Impact of the Group Selection Strategy
5.6.1. Ablation on the Worst-Group Selection Percentile (κ)

To analyze the impact of our group selection strategy, we conducted an ablation study
on the hyperparameter κ, which defines the percentile of worst-performing groups to be
included in the regularization term Rgap. The choice of κ is critical: a value that is too
small may lead to noisy and unstable gradient estimates from focusing on too few samples,
while a value that is too large could dilute the optimizer’s focus on the most vulnerable
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subgroups. We evaluated the model’s performance on the FairFace dataset while varying κ

from 7% to 50%. The results are presented in Table 4.

Table 4. Performance on the CMNIST (bias = 0.99) dataset as a function of the Worst-Group Selection
percentile, κ. Both Worst-Group and Mean Accuracy improve as a more stable set of groups is selected.
We use bold text to indicate the best results.

Worst-Group Percentile (κ) Worst Accuracy Mean Accuracy

7.1% 76.6 85.9
14.2% 89.60 94.5
28.5% 93.6 95.8
50% 91.4 94.9

The results clearly demonstrate that performance improves as κ increases within this
range. A very small κ (7%) results in significantly lower accuracy, which confirms our
hypothesis that relying on too few groups can lead to unstable training. By increasing
the percentile, we average the sharpness gaps over a larger and more stable set of groups,
which provides a more reliable optimization signal and substantially boosts both Worst-
Group and Mean Accuracy. The performance peaked at 28% in this specific setting, so we
chose 25% for our main experiments as it provided a robust and effective balance across all
tested datasets.

5.6.2. Ablation on Group Selection Strategy

We conducted an additional ablation study to verify that the core mechanism of our
method, explicitly targeting the worst-performing subgroups, is essential for its success.
In this experiment, we compared our proposed strategy against a baseline where the
group-wise sharpness regularization is applied not to the worst-performing groups but to a
randomly selected subset of groups at each training step. This helps isolate the contribution
of our ‘guided’ approach. We performed this comparison on the FairFace dataset, and the
results are summarized in Table 5.

Table 5. Comparison of our proposed Worst-Group Selection strategy against a Random Group
Selection baseline on the FairFace dataset. We use bold text to indicate the best results.

Selection Strategy Worst Accuracy Mean Accuracy

Random Selection 92.5 95.1
Worst-Group Selection (ours) 93.6 95.8

The results clearly indicate that our targeted Worst-Group Selection strategy out-
performs the Random Selection baseline on both metrics. Specifically, by focusing the
sharpness-aware optimization on the most vulnerable groups, our method achieves a
higher worst accuracy (93.6 vs. 92.5) and a better Mean Accuracy (95.8 vs. 95.1). This
finding provides strong evidence that the ‘group-gap guided’ component of G2-SAM is the
primary driver of its improved performance. It confirms that merely applying group-wise
regularization is insufficient. The key is to direct the optimization toward the subgroups
that need it most, thereby effectively enhancing both robustness and fairness.

5.7. Further Analysis on Fairness Metrics

To provide a broader perspective on our model’s performance beyond robustness, we
evaluated it against several key fairness metrics. In addition to Worst-Group Accuracy,
we measured Equalized Odds and Equal Opportunity. These metrics are crucial for
assessing whether a model’s performance is equitable across different demographic groups.
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For these fairness metrics, a lower score indicates better performance, with a value of zero
representing perfect fairness. The experiments were conducted on the Waterbirds dataset.
The results, presented in Table 6, demonstrate that our proposed method not only excels
in robustness but also significantly improves fairness. Our model, G2-SAM, achieves the
lowest (best) scores for both Equalized Odds (0.0523) and Equal Opportunity (0.0155).
This indicates that our model provides more equitable predictions for both positive and
negative classes across the majority and minority groups. In contrast, standard baselines
like ERM and SAM exhibit very high values, highlighting their tendency to produce biased
outcomes. This analysis reinforces our central claim that by addressing group-specific
geometry in the loss landscape, our method achieves a solution that is not only robust but
also substantially fairer.

Table 6. Performance comparison on the Waterbirds dataset, focusing on fairness metrics. For Equal-
ized Odds and Equal Opportunity, lower values indicate better fairness. We use bold text to indicate
the best results.

Method Equalized Odds Equal Opportunity

ERM 0.6091 0.3084
GDRO 0.1373 0.0561
SAM 1.0214 0.4143
DFR 0.0881 0.0327
G2-SAM (ours) 0.0523 0.0155

5.8. Ablation on the Last-Layer Retraining Method

To better isolate the contribution of our optimization strategy, we conducted an abla-
tion study to analyze the impact of the last-layer retraining technique. This study helps
to distinguish the performance gains from the main training phase versus the fine-tuning
phase. The results on the Waterbirds dataset are presented in Table 7.

The results show that applying DFR provides a significant performance boost to all
methods, underscoring its effectiveness as a fine-tuning strategy. Notably, when combined
with DFR, standard SAM achieves a very strong Worst-Group Accuracy, demonstrating
that a flat minima-seeking optimizer provides a good foundation for subsequent debiasing.
While the Worst-Group Accuracy of SAM + DFR is highly competitive and marginally
higher than our method, our G2-SAM achieves the best overall performance, evidenced by
its superior performance. This suggests that our G2-SAM optimizer learns a more robust
and generalizable feature representation during the initial training phase.

Table 7. Ablation study on the effect of last-layer retraining (DFR) combined with different optimiza-
tion methods on the Waterbirds dataset. We use bold text to indicate the best results.

Method Worst Accuracy Mean Accuracy

ERM + DFR 89.5 92.6
GDRO + DFR 89.9 90.2
SAM + DFR 92.8 93.5
G2-SAM (ours) 91.9 94.1

5.9. Ablation on the Gap Regularizer (Rgap)

To quantify the contribution of our core technical idea, we conducted a diagnostic
ablation study on the gap regularizer,Rgap. For this experiment, we created a variant of
our method that removes the Rgap term from the final objective function. This ablated
model only minimizes their standard loss without explicitly regularizing the sharpness
disparity between them.
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We compared the performance of our full G2-SAM method against this variant on
FairFace datasets. The results are presented in Table 8.

Table 8. Ablation study results on the effect of theRgap regularizer. Removing the regularizer leads
to a substantial drop in Worst-Group Accuracy on both datasets. We use bold text to indicate the
best results.

Method Worst Accuracy Mean Accuracy

G2-SAM 93.6 95.8
G2-SAM withoutRgap 90.6 94.9

The results demonstrate the critical importance of the Rgap term. Its removal leads
to a dramatic degradation in Worst-Group Accuracy. This confirms that simply targeting
the worst-performing groups with a standard loss objective is insufficient for achieving
distributional robustness. The explicit minimization of the intergroup sharpness gap is the
key mechanism driving the performance gains, validating the core hypothesis of our work.

6. Computational Cost Analysis
To provide a clear picture of the practical implications of our proposed method,

this section presents an analysis of its computational overhead. While G2-SAM requires
additional computations to assess group-wise sharpness, we empirically demonstrate that
this overhead is a reasonable trade-off for the substantial gains in distributional robustness.

Theoretically, standard training paradigms like ERM and GDRO require a single
forward and backward pass per optimization step. Sharpness-Aware Minimization (SAM)
performs an additional ascent step to find the worst-case perturbation, effectively doubling
the cost to two forward and two backward passes. Our method, G2-SAM, computes
gradients specifically for the set of worst-performing subgroups, Gworst, to calculate the
group-specific perturbations ϵg and the subsequent sharpness gaps ∆g. Consequently,
the computational cost scales with the number of selected worst groups, |Gworst|, rather
than the total number of groups, G. This design ensures that G2-SAM remains scalable even
in scenarios with a large number of subgroups. To quantify the actual cost, we measured
the single-epoch runtime and peak VRAM usage for each method on the Waterbirds dataset
using a single NVIDIA RTX 4090 GPU. The results are summarized in Table 9.

Table 9. Comparison of VRAM usage and training time per epoch. All experiments were conducted
on a single NVIDIA RTX 3090 GPU. Time is reported in seconds.

Method VRAM Usage (GB) Runtime (s)

ERM 5.62 87.52
GDRO 5.58 91.78
SAM 5.82 93.08
G2-SAM (ours) 8.48 111.96

As shown in Table 9, G2-SAM incurs a 51% increase in VRAM usage and a 26%
increase in runtime compared to the ERM training. This is an expected consequence of the
additional gradient computations required for the worst-performing groups. However,
we argue that this increase in computational cost is a worthwhile and justifiable trade-
off for the significant improvements in Worst-Group Accuracy demonstrated throughout
our experiments.
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7. Limitation and Future Work
Despite its strong performance, a practical limitation of our framework is its sensitivity

to the regularization hyperparameter, λ, which requires careful manual tuning to balance
the optimization objectives effectively. This highlights a valuable direction for future
research. Developing an adaptive method to automatically tune this hyperparameter would
enhance the framework’s usability and robustness. Further research could also explore the
application of G2-SAM to other domains such as natural language processing or medical
imaging, as well as extending the framework to automatically tune for hyperparameters
such as κ and λ and developing the theoretical justification of our proposed regularizer.

8. Conclusions
In this work, we introduced Group-gap Guided Sharpness-Aware Minimization

(G2-SAM), a novel optimization framework designed to achieve distributional robust-
ness by addressing the heterogeneity of sharpness across different data subgroups. We
identified that group-agnostic methods often fail to find flat minima that are flat for both
majority and minority groups, potentially exacerbating performance disparities. G2-SAM
remedies this by explicitly minimizing the disparity in group-wise sharpness, guiding the
optimizer towards solutions that are uniformly flat for all subgroups. Our comprehen-
sive experiments validated the superiority of this approach, with G2-SAM consistently
establishing a new state of the art in worst-group performance across synthetic, binary,
and challenging non-binary benchmarks. The success of G2-SAM underscores the critical
importance of considering group-specific geometry in the loss landscape for building fair
and reliable models.
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