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Abstract

Deep neural networks trained with Empirical Risk Mini-
mization (ERM) often fail under distribution shifts because
they exploit spurious correlations between object labels and
background context. Recent generative approaches address
this issue by creating counterfactual images with altered
contexts, but typically use these samples as standard data
augmentation, leaving the model free to retain background-
sensitive representations. We propose a two-stage frame-
work that uses generative intervention to explicitly learn
background-invariant visual representations.  First, we
isolate the foreground object using zero-shot segmenta-
tion and generate context-shifted variants with a structure-
preserving diffusion model, preserving object identity while
varying the surrounding environment. We then introduce
Cross-Variant Self-Supervised Learning, where variants of
the same object under different backgrounds form posi-
tive pairs in a contrastive objective. This encourages the
encoder to align object-centric representations while sup-
pressing background-specific cues. Then, we fine-tune the
pretrained encoder using an ERM warm-up followed by
GroupDRO with layer-wise learning rates. Experiments on
distribution-shift benchmarks demonstrate best worst-group
performance, achieving 92.5% on Waterbirds, 81.7% on
MetaShift, and 87.4% on NICO++.

1. Introduction

Deep neural networks trained with Empirical Risk Mini-
mization (ERM) achieve strong performance when training
and test data are drawn from similar distributions, but of-
ten degrade under distribution shift [1, 6]. A major cause
of this failure is the reliance on spurious correlations: pre-
dictive but non-causal associations between labels and vi-
sual attributes such as background, texture, or scene context
[4]. For instance, in the Waterbirds benchmark, waterbirds
are frequently associated with water backgrounds and land-
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birds with land backgrounds. An ERM-trained classifier
can therefore learn to rely on the background rather than
bird-specific features, leading to poor performance when
the same bird categories appear in atypical contexts [2, 17].

Prior work addresses this problem through either
training-time reweighting or data augmentation. Methods
such as GroupDRO [17] and JTT [12] improve robustness
by emphasizing difficult or underperforming groups. How-
ever, these methods can be sensitive to the quality of group
supervision and to early optimization dynamics, especially
when minority groups are small or noisy. More recent
generative approaches synthesize counterfactual samples to
reduce group imbalance and weaken spurious correlations
[15]. While effective, these methods typically treat gen-
erated images as additional supervised training samples.
This can improve dataset coverage, but it does not explicitly
force the encoder to represent the same object consistently
across different contexts.

We argue that counterfactual generation is most useful
when paired with an objective that directly learns invari-
ance across generated context shifts. To this end, we pro-
pose a two-stage framework that combines generative inter-
vention with representation-level invariance learning. In the
first stage, we isolate the foreground causal object using a
zero-shot segmentation pipeline based on Grounding DINO
[13] and Segment Anything Model (SAM) [8]. We then use
a structure-preserving diffusion inpainting model to gener-
ate context-shifted variants by modifying the background
while preserving the object identity.

Rather than using these generated images only as inde-
pendent augmentations, we introduce Cross-Variant Self-
Supervised Learning. For each image, generated variants
that share the same foreground object but differ in back-
ground context are treated as positive pairs in a contrastive
objective. This encourages the encoder to retain object-
relevant information while suppressing background-specific
cues. Then, we fine-tune the SSL-pretrained encoder with
an ERM warm-up followed by GroupDRO. We use layer-
wise learning rates to preserve invariant features learned
during pretraining while adapting the classifier to the target
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Figure 1. Examples of generated variants produced by replacing the background while preserving the foreground object identity.

task.
Our contributions are summarized as follows:

e We introduce a high-fidelity generative intervention
pipeline that isolates foreground causal objects and pro-
duces diverse context-shifted variants using structure-
preserving diffusion.

* We propose Cross-Variant Self-Supervised Learning, a
contrastive pretraining strategy that aligns representations
of the same object across generated backgrounds to re-
duce background reliance, followed by ERM warm-up,
layer-wise fine-tuning, and GroupDRO for robust opti-
mization.

* We achieve strong worst-group performance across mul-
tiple distribution-shift benchmarks, reporting 92.5% on
Waterbirds, 81.7% on MetaShift, and 87.4% on NICO++,
while maintaining high average accuracies of 95.4%,
82.6%, and 94.0%, respectively.

2. Methodology

We formulate our approach as a two-stage framework for
mitigating spurious correlations. In Stage 1, we isolate the
foreground object and generate context-shifted variants by
randomizing the surrounding background. In Stage 2, we
use these variants for Cross-Variant Self-Supervised Learn-
ing to encourage background-invariant representations, fol-
lowed by ERM-warmup GroupDRO fine-tuning with layer-
wise learning rates to improve worst-group generalization.

2.1. Problem Formulation

Consider a training dataset D = {(z;,y;,e;)},, where
x; € X is an image, y; € ) is the target label, and
e; denotes the environment or context attribute. We de-
fine the class—environment group as g; = (y;,e;), where
g; € G, which is used for worst-group evaluation and
GroupDRO optimization. From a Structural Causal Model
(SCM) [16] perspective, each image x; is composed of
causal features ¢; (e.g., the bird) and spurious features s;
(e.g., the back%ound). Standard ERM minimizes the aver-
age loss + ;0 €(f(x;), i), which inadvertently allows
the model f to exploit dataset-specific correlations where
P(y|s) # P(y). Our objective is to learn a representation
that relies on ¢;, maximizing the worst-group accuracy over
all class—environment groups g € G.

2.2. Generative Environmental Randomization

To decouple the object ¢; from its spurious environment s;,
we employ a zero-shot detection and segmentation pipeline.
For a given image x; and class label y;, we query Grounding
DINO [13] to extract a bounding box B;. We then pass
B; to the Segment Anything Model (SAM) [8] to obtain a
pixel-level binary mask M; isolating the causal object.
Instead of merely swapping backgrounds between exist-
ing dataset classes, we inject semantic diversity. We in-
vert the mask to target the background region, M;, and
utilize FLUX.1-Fill [9, 10], a state-of-the-art structural dif-
fusion model, to generate a set of context-shifted variants
Vi = {xgl),ml(?), . ,xz(-K)}. Each variant xgk) is condi-
tioned on a distinct textual prompt p (e.g., “lake”, “moun-
tain”, “forest”). The forward diffusion and denoising pro-
cess alters only the masked region, preserving the pixel
structure of ¢; while completely resynthesizing s;.

2.3. Cross-Variant Self-Supervised Learning

Standard contrastive learning paradigms, such as SimCLR
[3], generate positive pairs (21, z2) by applying stochastic
data augmentations (e.g., color jitter, cropping) to the same
image. While effective for low-level invariances, this does
not explicitly enforce semantic background invariance.

We introduce Cross-Variant SSL. Let Fy be our encoder
and P4 be an MLP projector. During training, for a given
causal object 7, we sample two distinct generative variants
mgu), xEU) € V;, where u # v. After applying independent
light augmentations ¢,,, t,, ~ 7, we compute the projections
2 = Py(By(tu(a)). 2" = Py(Bo(tu(@(")).

Since the two views share the same foreground object but
contain different backgrounds, maximizing their similarity
encourages the encoder to focus on object-relevant features
and reduce reliance on background-specific cues. We opti-
mize the normalized temperature-scaled cross-entropy (N'T-
Xent) [3] loss:

r 1 % ! exp(sim(2m, Zp(m))/T)
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Figure 2. Stage 1 generates background-randomized variants using object detection, segmentation, and diffusion inpainting. Stage 2 learns
background-invariant representations through Cross-Variant SSL, then fine-tunes the encoder using ERM warmup followed by GroupDRO.

where B is the batch size, sim(+, -) is cosine similarity, 7 is
the temperature scalar, and (z,, z;) denotes a positive pair
sampled from two variants of the same causal object.

2.4. Fine-Tuning: ERM-Warmup GroupDRO

We discard the SSL projection head and initialise a linear
classification head H,. To map the background-invariant
features to class labels without destroying the representa-
tions learned in SSL, we employ layer-wise learning rates.

To prioritize worst-group performance, we optimize the
network using Group Distributionally Robust Optimization
(GroupDRO) [17]. GroupDRO minimizes the loss over the
worst-case group g € G:

£DRO( = Inax ZQgE(x,y ~D, [E(Hw(Eg(I)),y)]

2)
where ¢ is an adversarially updated group weight vector pa-
rameterized by a step size 7,.

Because GroupDRO is highly sensitive to random initial-
ization and noisy minority samples early in training, we in-
troduce an ERM Warmup phase. For the first W epochs, we
fix ¢ = @1', which corresponds to group-balanced ERM
under our balanced sampler. Once the classifier head H,
has stabilized, we unlock the multiplicative weights update:

dg eXP(nqﬁg)
Zg’eg qq’ eXp(nqﬁg’)

3)

qg <

seamlessly transitioning into strict worst-group optimiza-
tion for the remainder of the training phase.

3. Experiments

We evaluate our proposed framework on standard vision
benchmarks designed to assess spurious correlations and
out-of-distribution (OOD) generalization. We compare our
performance against relevant baselines, both with and with-
out data augmentation, and conduct extensive ablation stud-
ies to isolate the impact of our proposed components.

3.1. Evaluation Settings

Datasets. We evaluate our method on three challeng-
ing benchmarks characterized by severe environmental dis-
tribution shifts: Waterbirds [17], MetaShift [11], and
NICO++ [19]. Extended dataset details and specific sub-
set definitions are provided in the Appendix C.

Implementation Details. @ We use an ImageNet-
pretrained ResNet-50 [5] backbone for all experiments.
Causal objects are localized with Grounding DINO [13]
using a box threshold of 0.25 and segmented with SAM
[8]. FLUX.1-Fill-dev [9, 10] generates four background-
randomized variants per training image at 1024 x 1024 res-
olution; validation and test images are kept unchanged.

For each generated variant, the class label is inherited
from the source image. The environment/context label
is assigned according to the generation prompt category,
and the GroupDRO group is defined as ¢ = (y,e). We
train the encoder with Cross-Variant SSL for 10 epochs
using an InfoNCE loss with temperature 7 = 0.2 and a
128-dimensional projection head. In Stage 2, we remove
the projection head and fine-tune for 6 epochs using a 2-
epoch ERM warmup followed by GroupDRO with step size

, = 0.01. Additional implementation and dataset settings



Table 1. Comparison of worst-group accuracy and average accuracy across three standard spurious correlation datasets. The “Group Info”
column indicates whether group labels are used during training and validation. We report the mean and standard deviation over three runs.

Best results are highlighted in bold.

i M hif 1

Method train/val Waterbirds etaShift NICO++

Worst Average Worst Average Worst Average
Group DRO [17] //s/ 91.641.3 93.4410.4 67.1435 72.9492.3 76.141 5 91.340.7
DFR [7] X /v 92.340.4 93.340.5 72.840.6 77.540.6 87.343.9 93.741.0
LISA [18] VIV 89.240.6 91.840.3 59.849.3 70.0407 81.9499 90.249.3
DaC [14] 4 924404 953404 783116 79.6401 84.94320 93.7110
DDB [1 5] X/\/ 88.37i1_8 94.2:|:(),5 78.212_2 79.3:|:0,1 809:|:4() 92.2:‘:0,7
ERM X /X 70.840.5 91.640.1 61.343.4 73.9415 74.941 8 90.940.3
Ours \//\/ 92-5i0.3 95-4i0.4 81.712_2 82.6i1.2 87-4i3.8 94~0i0.5

are provided in Appendix D.
3.2. Main Results

Table 1 reports worst-group and average accuracy on Water-
birds, MetaShift, and NICO++. Our method achieves strong
performance across all benchmarks, improving worst-group
robustness while maintaining high average accuracy. Un-
like prior augmentation-based methods that use generated
samples mainly as additional supervised data, our frame-
work uses generated context variants to learn background-
invariant representations through Cross-Variant SSL.

On Waterbirds, our method achieves 92.5 4 0.3% worst-
group accuracy and the highest average accuracy of 95.4 &
0.4%, improving over ERM by 21.7 percentage points
in worst-group accuracy. On MetaShift, it obtains the
strongest worst-group and average accuracies, reaching
81.742.2% and 82.641.2%, respectively. On NICO++, our
method also performs best, achieving 87.4 + 3.8% worst-
group accuracy and 94.0 4 0.5% average accuracy.

These results suggest that generative intervention is most
effective when paired with a representation-level invariance
objective. By aligning variants of the same causal object
across different backgrounds, Cross-Variant SSL reduces
reliance on spurious context and improves generalization
under distribution shift.

3.3. Ablation Study

To understand the contribution of each architectural com-
ponent, we conduct an ablation study on the Waterbirds
dataset. We systematically remove components from our
full framework and report the resulting worst-group accu-
racy (extended ablation results are in the Appendix E ).
Impact of Cross-Variant SSL. Bypassing the Stage
1 SSL pretraining and optimizing the ResNet-50 directly
on the generated variants using GroupDRO (“w/o Cross-

Variant SSL”) results in a substantial drop in worst-group
accuracy (from 92.5% to 89.6%). This confirms our hy-
pothesis that simply adding generative data is insufficient;
the model must be explicitly constrained via contrastive
positive pairs to ignore the randomized backgrounds.

Impact of ERM Warmup. GroupDRO is highly sen-
sitive to early gradient updates. When we disable the 2-
epoch ERM warmup (setting W = 0), the model overfits
to noisy, hard-to-learn minority samples before the classi-
fier head has mapped the baseline features. This leads to
performance degradation of roughly 4.8%.

4. Conclusion

We presented a two-stage framework for mitigating spu-
rious correlations by combining generative environmental
randomization with representation-level invariance learn-
ing. First, a zero-shot segmentation and diffusion inpaint-
ing pipeline isolates the foreground object and generates
context-shifted variants with diverse backgrounds. Sec-
ond, Cross-Variant SSL encourages object-centric represen-
tations, followed by ERM-warmed GroupDRO fine-tuning
with layer-wise learning rates to improve worst-group ro-
bustness.

Across Waterbirds, MetaShift, and NICO++, our method
achieves strong worst-group accuracies of 92.5%, 81.7%,
and 87.4%, respectively. It also obtains the best average ac-
curacies of 95.4%, 82.6%, and 94.0% on the same bench-
marks. These results show that generated variants are more
effective when used to learn invariant representations rather
than only as additional supervised samples.

A limitation of our approach is its sensitivity to the qual-
ity and diversity of generated variants, reflected in variance
across seeds. Future work will focus on more stable variant
selection and generation-quality filtering.
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Supplementary Material

A. Related Work

A.1. Group Robustness without Data Augmentation

ERM models are known to exploit spurious correlations,
achieving high average accuracy while failing on minor-
ity groups [, 17]. GroupDRO [17] directly minimizes the
worst-group loss but requires group labels during training.
JTT [12] avoids this by upweighting misclassified samples
from an initial ERM model. DFR [7] demonstrates that re-
training only the final classification layer on a balanced vali-
dation set is sufficient for group robustness. While effective,
these methods introduce no new samples and struggle when
minority groups are extremely sparse.

A.2. Data Augmentation for Group Robustness

To address minority group scarcity, augmentation-based
methods construct new training samples. LISA [18] inter-
polates samples and labels across domains. DaC [14] disen-
tangles causal and non-causal image components via ERM
attribution scores and recombines them to synthesize mi-
nority samples, but is constrained to existing image com-
ponents, limiting semantic diversity. DDB [15] extends
this with textual inversion and diffusion-based inpainting to
modify causal object regions, achieving improved semantic
control. However, both methods operate on the causal ob-
ject and preserve the original background, which can retain
dataset-specific spurious cues. Our approach instead targets
the background directly, synthesizing entirely novel envi-
ronments via structural inpainting to eliminate background
bias at its source.

A.3. Contrastive Learning for Invariant Represen-
tations

Contrastive learning frameworks such as SimCLR [3] learn
invariant representations by aligning positive pairs con-
structed from stochastic augmentations of the same image.
While effective for low-level perturbations, standard aug-
mentations such as cropping and color jitter cannot sup-
press semantic background correlations, as both views still
share the same background context. Our Cross-Variant
SSL addresses this directly by constructing positive pairs
from diffusion-generated variants of the same causal object
placed in entirely different synthesized backgrounds, ex-
plicitly forcing the encoder to discard background-specific
features.

A.4. Robust Fine-Tuning

Recent work shows that fine-tuning strategy critically af-
fects OOD robustness. LP-FT [7] demonstrates that linear
probing before full fine-tuning preserves pretrained repre-
sentations and improves generalization. Motivated by this,
our Stage 2 employs layer-wise learning rates to protect the
background- invariant features learned in Stage 1, combined
with an ERM warmup before activating GroupDRO to pre-
vent adversarial group weights from amplifying noisy gra-
dients early in training.

B. Diffusion Generation Prompts

For each dataset, we condition the FLUX.1-Fill [9, 10] in-
painting model on a fixed set of textual prompts to synthe-
size diverse, photorealistic background environments. For
each training image, the background region (identified by
the inverted causal object mask) is independently inpainted
once per prompt, yielding four context-shifted variants per
sample. The prompts are designed to cover the full range of
spurious environments present in each benchmark, as well
as novel contexts unseen during training.

B.1. Waterbirds

For Waterbirds, the prompts target two semantically distinct
background categories: water backgrounds and land back-
grounds , directly targeting the spurious correlation in the
dataset.

Table 2. Generation prompts for Waterbirds.

Cat. Prompt

Water “A highly detailed, photorealistic wide shot of a
calm blue ocean with gentle rolling waves, bright
sunny sky, natural lighting, 4k”

Water “A serene, misty freshwater lake at sunrise, calm
water reflecting the golden hour light, tranquil
nature photography”

Land “A rugged mountain landscape with rocky peaks,
sparse alpine vegetation, and a clear blue sky,
crisp daylight, high resolution”

Land “A dense, lush green forest floor with dappled
sunlight filtering through the trees, mossy envi-
ronment, cinematic lighting, highly detailed”




B.2. MetaShift

For MetaShift, prompts cover indoor contexts and outdoor
contexts. Each majority-group image is inpainted with
prompts from the opposite class context to generate cross-
context minority samples.

Table 3. Generation prompts for MetaShift.

Cat. Prompt

Indoor “A highly detailed, photorealistic cozy bed-
room interior with a soft bed, natural indoor
lighting, realistic home scene, 4k”

Indoor “A modern living room with a comfortable
sofa, warm daylight, realistic interior photog-
raphy, highly detailed”

Outdoor “A realistic outdoor park scene with a wooden
bench, natural daylight, green surroundings,
photorealistic, high resolution”

Outdoor “A realistic urban outdoor setting featuring a
bicycle nearby, natural daylight, photorealistic
street scene, highly detailed”

B.3. NICO++

For our NICO++ subset, prompts correspond to the four
spurious training contexts (grass, outdoor, rock, water).
The two OOD test contexts (autumn and dim) are deliber-
ately excluded from the prompt set to prevent any leakage
of test-time distribution information into training.

Table 4. Generation prompts for NICO++.

Context Prompt

Grass  “A dense grassy field, endless bright green
blades of grass, vibrant lush meadow vegeta-
tion, 4k”

Outdoor “An empty asphalt highway, cracked gray
pavement, urban road landscape with painted
lane lines, highly detailed photography, 4k”

Rock  “A solid rock formation, massive smooth gray
boulders and harsh stone surfaces, earthy
tones, 4k”

Water  “Clear water filling a deep water pond, gentle
water ripples moving across the water surface.
Highly detailed water photography, 4k”

The deliberate exclusion of autumn and dim prompts
from the NICO++ generation set is a key design choice: by
never exposing the generative pipeline to the test contexts,
any improvement in worst-group accuracy on the OOD test
set reflects genuine background invariance learned by the
encoder, rather than memorization of test-time appearances.

C. Extended Dataset Details

We evaluate our framework on three widely used distribu-

tion shift benchmarks:

* Waterbirds [17]: This dataset combines bird pho-
tographs with backgrounds from the Places dataset. The
training set is spuriously correlated such that waterbirds
frequently appear on water backgrounds and landbirds on
land. The test set evaluates generalization to the minor-
ity groups (waterbirds on land, landbirds on water). We
adopt the standard splits and evaluation protocol identical
to our baseline [15].

» MetaShift [11]: We utilize a targeted subset where the
training distribution establishes a spurious correlation be-
tween the “dog” class and outdoor contexts (benches,
bikes), and the “cat” class with indoor contexts (beds, so-
fas). The OOD test set evaluates both classes within a
completely novel context (“shelf””). We adopt the stan-
dard splits and evaluation protocol identical to our base-
line [15].

* NICO++[19]: A comprehensive benchmark designed for
OOD generalization in image classification. We construct
a targeted binary classification subset using the fox and
wolf classes. In the training set, both fox and wolf images
appear across four spurious background contexts: grass,
outdoor, rock, and water. The OOD evaluation split uses
entirely novel contexts, autumn and dim, which are absent
from training. These OOD images are partitioned into
validation (15%) and test (85%) sets via random splitting,
following the same protocol as MetaShift. Worst-group
accuracy is computed as the lowest per class—background
combination accuracy, following the same evaluation pro-
tocol as MetaShift.

C.1. Dataset Split Statistics

Tables 5-7 report the original sample counts per group
across training, validation, and test splits for all three bench-
marks.

Table 5. Original group sample counts for Waterbirds.

Group Train Val Test
Landbird, land 3,498 467 2,255
Landbird, water 184 466 2,255
Waterbird, land 56 133 642
Waterbird, water 1,018 133 642
Total 4,756 1,199 5,794




Table 6. Original group sample counts for MetaShift.

Table 8. Original + Generated sample counts for Waterbirds.

Group Train Val Test Class, Background Original + Generated
Cat, sofa 231 0 0 Landbird, land 17490
Cat, bed 380 O 0 Landbird, water 920
Dog, bench 145 0O 0 Waterbird, land 280
Dog, bike 367 0 0 Waterbird, water 5090
Cat, shelf 0 34 201 Total 23780
Dog, shelf 0 47 259

Total 1,123 81 460

Table 7. Original group sample counts for our NICO++ subset
(fox and wolf). Training contexts are grass, outdoor, rock, and
water. OOD contexts (autumn, dim) are split randomly into 15%
validation and 85% test.

Group Train Val Test
Fox, grass 401 O 0
Fox, outdoor 161 0 0
Fox, rock 152 0 0
Fox, water 186 0 0
Wolf, grass 239 0 0
Wolf, outdoor 325 0 0
Wolf, rock 265 0 0
Wolf, water 277 0 0
Fox, autumn 0 33 184
Fox, dim 0 20 113
Wolf, autumn 0 35 200
Wolf, dim 0 27 152
Total 2,006 115 649

C.2. Diffusion-Generated Sample Counts

For each training image, the causal object is first isolated
via zero-shot segmentation. Images where the object is not
detected are skipped and excluded from training. For all
successfully segmented images, four context-shifted vari-
ants are produced by inpainting the background region with
four distinct prompts. Any generated sample in which the
object is no longer detectable in the output is subsequently
discarded. Generation is applied only to the training split;
validation and test splits remain unmodified. Tables 8—10
report the original and final training set sizes per class after
generation.

Table 9. Original + Generated sample counts for MetaShift.

Class, Context Original + Generated

Cat, sofa 1708
Cat, bed 751
Dog, bench 533
Dog, bike 1011
Total 4003

Table 10. Original + Generated counts for our NICO++ subset
(fox and wolf).

Class, Context Original + Generated

Fox, grass 1,822
Fox, outdoor 718
Fox, rock 639
Fox, water 852
Wolf, grass 959
Wolf, outdoor 1,208
Wolf, rock 1,065
Wolf, water 1,063
Total 8,326

D. Extended Implementation Details

Our pipeline utilizes Grounding DINO with a bounding box
threshold of 0.25, paired with the Segment Anything Model
(SAM) to generate precise binary masks of the causal ob-
jects. The background environments are inverted and resyn-
thesized using FLUX.1-Fill-dev. For each image, we condi-
tion the diffusion model on a set of diverse textual prompts
(e.g., “in a dense forest,” “on a busy urban street,” “in
a modern bedroom”) to generate four distinct variants at
a resolution of 1024 x 1024. We use FLUX.I-Fill-dev
with an inverted SAM background mask to fill only the
background while preserving the object, using 20 inference
steps and a classifier-free guidance scale of 30.0. After
background generation, we paste the original object back
onto the generated image using a shrunk and Gaussian-
blurred object mask, ensuring cleaner subject preservation
and proper blending with the new background. Generated



variants were automatically filtered using the same Ground-
ing DINO detection pipeline. A variant was retained only
if the target object was detected above the detection thresh-
old. For the feature extractor, we utilize a standard ResNet-
50 backbone initialized with ImageNet pretraining. Dur-
ing Stage 1 (Cross-Variant SSL), the projection head is a 2-
layer MLP mapping to a 128-dimensional space, trained for
10 epochs with an InfoNCE loss at temperature 7 = 0.2.
During Stage 2, we optimize using AdamW for 6 epochs
with an ERM warmup for the first 2 epochs before activat-
ing the GroupDRO adversarial weight update with step size
1 = 0.01. We apply layer-wise learning rates scaled from
abase of 1 x 107%: 0.1 x for early encoder layers, 0.5x for
the final residual block, and 1.0 x for the classifier head. All
results are reported as the mean and standard deviation over
three random initialization seeds.

All hyperparameters are shared across datasets except
the SSL projector hidden dimension used in the Stage 1 pro-
jection head, as reported in Table 11. All experiments were
conducted on an NVIDIA A100 GPU.

Table 11. Dataset-specific SSL projector hidden dimensions. All
other hyperparameters are shared across datasets: Stage 1 uses
10 epochs, 7=0.2, and projection dimension 128; Stage 2 uses
6 epochs, ERM warmup for 2 epochs, and 7,=0.01.

Waterbirds MetaShift NICO++

SSL projector hid- 2048 512 512
den dimension

Hyperparameter

E. Extended Ablation Study

Table 12 provides the comprehensive numerical results
of our component-wise ablation study on the Waterbirds
dataset. Removing any single component from our pro-
posed pipeline results in a distinct degradation of worst-
group accuracy, validating our tightly coupled two-stage ar-
chitecture.

Notably, the largest single drop comes from removing
layer-wise learning rates (92.5% — 85.8%), confirming
that preserving the background-invariant features learned
in Stage 1 is critical during fine-tuning. Bypassing Cross-
Variant SSL pretraining entirely (92.5% — 89.6%) demon-
strates that simply supplying generative data to GroupDRO
without the contrastive invariance objective is insufficient.
Finally, disabling the ERM warmup (92.5% — 87.7%)
highlights the sensitivity of GroupDRO to noisy early gra-
dient updates before the classifier head has stabilized.

Table 12. Component-wise ablation on Waterbirds. Mean worst-
group and average accuracy over 3 random seeds.

Configuration Worst Avg
Full Framework (Ours) 92.5 954
w/0 Cross-Variant SSL 89.6 93.9
w/o ERM Warmup 87.7 93.3
w/o Layer-wise LR 85.8 92.2
Baseline (ERM) 70.8 91.6

F. Qualitative Results

Figures 3-5 present qualitative examples of our generative
pipeline across all three benchmarks. For each sample,
we show the object detection output, the binary segmen-
tation mask produced by SAM, the original image, and four
context-shifted variants generated by FLUX.1-Fill. Across
diverse object categories and background types, the fore-
ground subject is consistently preserved while the back-
ground is fully resynthesized, demonstrating the fidelity and
contextual diversity of our generation pipeline.
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