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Abstract. Reliable clinical deployment of deep medical image models
is hindered by distribution shifts across scanners, sites, and acquisition
protocols. Existing domain generalization (DG) methods often focus on
style or intensity diversification, but they can still leave networks depen-
dent on domain-specific texture correlations. Inspired by evidence that
Fourier phase encodes semantic structure, we introduce PhaseAT, a
phase-aware adversarial training framework for medical DG. PhaseAT
forms phase-perturbed training views in the Fourier domain by itera-
tively updating a bounded phase perturbation while keeping the am-
plitude spectrum unchanged, thereby stressing spatial organization un-
der matched appearance statistics. Perturbations are applied only to the
luminance channel in YCbCr color space to avoid chromatic artifacts.
Additionally, a simple phase-saliency mask concentrates updates on the
most influential frequencies. The model is trained with a weighted combi-
nation of losses on clean and phase-perturbed samples, supporting both
single-source and multi-source DG. We validate our method on two chal-
lenging medical datasets and demonstrate that PhaseAT achieves over
20% improvement in single-source domain generalization, outperforming
several state-of-the-art DG methods. The code implementation is avail-
able at: https://github.com/ahmed-sharshar/PhaseAT

Keywords: Domain Generalization · Adversarial Training · Phase-Aware
Perturbation.

1 Introduction

Deep learning has become the dominant paradigm for medical image analysis,
yet standard training pipelines still rely on an i.i.d. assumption that rarely holds
in clinical practice. In reality, medical imaging systems routinely experience dis-
tribution shifts induced by scanner vendors, acquisition protocols, reconstruction
pipelines, and diverse patient populations [17]. From a spectral viewpoint, such
shifts are often reflected in changes to the Fourier amplitude spectrum, which
captures low-level appearance statistics (e.g., intensity and texture), while the
Fourier phase largely preserves spatial organization and geometry [13]. Since
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standard CNNs are biased toward texture cues [8], they frequently overfit to
these unstable amplitude-driven correlations, causing brittle performance when
deployed outside the source environment.

Domain Generalization (DG) targets this challenge by learning predictors
that remain accurate on unseen target domains without requiring target data
during training. This distinction is crucial in medicine, where privacy constraints
and logistical silos limit multi-institutional data aggregation, often leaving prac-
titioners with only a small number of source environments [18]. Multi-center
benchmarks further underscore that such shifts are routine rather than excep-
tional in medical imaging, with substantial gaps under cross-hospital evalua-
tion [4]. The central DG question remains: how can we learn features that stay
stable when imaging style changes but clinical semantics do not?

Prior medical DG methods have made steady progress, though most tar-
get only subsets of shift factors. Existing approaches broadly fall into three
families. First, style/intensity diversification methods simulate scanner-driven
appearance variation, for example via adversarial style composition [5], content–
style augmentation [6], or monotonic adversarial intensity attacks [22]; others
use representation-driven objectives to regularize style/content separation [14].
Second, frequency-domain approaches exploit spectral structure through Fourier
mixing, amplitude synthesis, or reconstruction constraints to reduce scanner-
specific artifacts [16]. Third, structure-consistent methods that focus on anatomy-
aligned cues, such as via anatomy-consistent pseudo-modalities [10] or edge-
guided generalization [11]. Despite these advances, performance can remain sen-
sitive to hyperparameter choices, and carefully tuned baselines are often sur-
prisingly strong [19]. This motivates mechanisms that more directly reflect how
medical shifts arise in practice [23], especially in limited-source regimes where
the inductive bias of the training objective becomes paramount [20].

A promising route to robustness is Adversarial Training (AT), but the pertur-
bation model must reflect clinically relevant shifts. Standard pixel-space pertur-
bations tend to emphasize high-frequency noise, potentially reinforcing a model’s
texture bias [8]. A Fourier viewpoint enables more targeted control: the amplitude
spectrum is closely tied to low-level appearance statistics, while phase governs
spatial organization [13]. Indeed, phase is the primary carrier of recognizable
structure [24]. Recent work further shows that improving stability to phase ma-
nipulations can enhance structural robustness [24], and frequency-constrained
perturbations can effectively expose model vulnerabilities in medical tasks [21].
Together, these observations suggest that a phase-focused robustness objective
can better match clinical distribution shifts while discouraging shortcut learning.

In this work, we propose Phase-Aware Adversarial Training (PhaseAT) for
medical domain generalization, Figure 1. PhaseAT synthesizes training views by
adversarially perturbing the Fourier phase, thereby challenging anatomy-relevant
spatial organization, while fixing the Fourier amplitude to preserve per-frequency
energy statistics (appearance). To avoid unnecessary chromatic artifacts and tar-
get geometry directly, we apply perturbations only to the luminance channel in
YCbCr. The resulting phase-perturbed samples serve as hard training instances
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Fig. 1: PhaseAT Pipeline (a) Phase Perturbation Step (inner maximization):
Adversarial phase perturbations are applied in the Fourier domain by updat-
ing the phase component of the luminance channel, generating phase-perturbed
view x′. (b) Model Update Step (outer minimization): Model parameters are op-
timized using a joint objective that incorporates both clean and phase-perturbed
samples to improve robustness.

that complement recent appearance diversification and Fourier-based DG strate-
gies [22,16] by explicitly encouraging invariance to geometry-focused spectral
variations under comparable appearance statistics. Unlike Fourier-based DG that
varies the amplitude spectrum [16] or pixel-space augmentation, PhaseAT fixes
amplitude and perturbs only phase, isolating geometry from appearance.
Contributions. We propose PhaseAT, a phase-aware adversarial training for
medical image single-source and multi-source domain generalization, using ro-
bustness as a mechanism to improve out-of-domain performance. We introduce
a phase-constrained spectral perturbation scheme that perturbs Fourier phase
and applies perturbations in luminance to reduce artifacts under domain shift.
Finally, we provide a comprehensive evaluation across different datasets, demon-
strating consistent improvements over a range of recent DG baselines.

2 Methodology

To instantiate the phase-aware robustness objective described in Section 1, we
generate phase-perturbed samples in the Fourier domain while preserving the
amplitude spectrum, and incorporate these samples during training to enhance
domain generalization. Specifically, spectral perturbations are applied only to
the luminance channel in the YCbCr color space. This design choice is moti-
vated by three considerations. First, YCbCr allocates higher effective resolution
to luminance than to chrominance, reflecting the fact that fine spatial details are
primarily encoded in the (Y) channel. Second, human visual sensitivity to high-
frequency spatial structure is substantially greater for achromatic (luminance)
variations than for chromatic ones, meaning that edges and geometric informa-
tion are predominantly conveyed by luminance [15]. Third, prior studies have
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shown that gradient-based perturbations tend to concentrate in the (Y) channel
when images are represented in YCbCr, suggesting that restricting the inner
maximization to luminance is both effective and avoids unnecessary chromatic
distortions [15]. From an optimization perspective, operating on a single channel
(Y) rather than three (RGB) reduces the dimensionality of the inner maximiza-
tion problem. This not only improves computational efficiency but also produces
more structured perturbations with fewer color artifacts.

2.1 Phase-Constrained Spectral Perturbations

Consider an RGB image x ∈ [0, 1]H×W×3 and its corresponding label y, with
pixel values normalized to [0, 1] for each channel. The RGB image x is first
converted into the YCbCr color space, producing (xY,xCb,xCr) ∈ [0, 1]H×W×3,
where the xY is luminance channel. The luminance channel is transformed into
the Fourier domain, yielding the complex spectrum X = F(xY) ∈ CH×W , which
can be decomposed into amplitude and phase components as X = |X|e(j∠X).
To generate a phase-perturbed representation, we introduce a perturbation δ ∈
RH×W and define the modified spectrum as: X′ = |X|ej(∠X+δ), thereby preserv-
ing the original amplitude spectrum |X| while altering only the phase component.
Applying the inverse Fourier transform yields the perturbed luminance channel,
x′

Y = F−1(X′). The perturbed luminance channel is combined with the original
chrominance channels to form (x′

Y;xCb;xCr), which is then transformed back
to RGB space, yielding the perturbed image x′. To obtain adversarial phase
perturbations, δ is optimized by maximizing the cross-entropy loss:

maximize
δ

Lce(fθ(x
′), y) s.t. ∥δ∥∞ ≤ ϵ, (1)

where ϵ specifies the maximum admissible phase deviation. Since X is complex-
valued, the phase update is computed directly in the Fourier domain. Specifically,
we derive the gradient of the loss with respect to the spectrum phase and use
the resulting phase-direction gradient as a proxy signal for updating δ. Using
Wirtinger calculus [12], phase-direction proxy gradient Gδ can be expressed as:

Gδ ≜ −2 · ℑ(GX ⊙X), (2)

where GX denotes the gradient of the loss w.r.t the complex spectrum X, ⊙ is
the Hadamard product and ℑ(·) denotes the imaginary part. To ensure a stable
and well-defined phase update, we compute a phase-saliency soft mask Wδ ∈
[0, 1]H×W by applying min–max normalization to the magnitude of the phase-
direction gradient, |Gδ|. This mask captures the loss sensitivity to phase pertur-
bations, upweighting frequency components that induce larger loss changes. It
thus focuses the phase update on structurally informative, adversarially relevant
frequencies. Phase perturbation is updated as follows:

δ 7→P[−ϵ,ϵ]

(
δ + η ·Wδ ⊙ sign(Gδ)

)
, (3)

where η denotes the update step size, Wδ ∈ [0, 1]H×W is the phase-saliency
weighting mask, P[−ϵ,ϵ](·) denotes element-wise projection onto the ℓ∞ ball of
radius ϵ, and sign(·) is the element-wise sign operator.
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Algorithm 1 PhaseAT: Phase-Adv. Training for Domain Generalization
1: Source Data Ds, Model fθ, Epochs N , Steps K, Step Size η, Budget ϵ, Loss Weight

λ, Learning Rate γ, FFT F , IFFT F−1, Projection P[−ϵ,ϵ], Imaginary Part ℑ

2: for epoch = 1, . . . , N do
3: (x, y) ∼ Ds ▷ Sample a mini-batch (single-source or pooled multi-source)
4: (xY,xCb,xCr)← RGB2YCbCr(x) ▷ Convert from RGB to YCbCr color space
5: X← F(xY) = |X|ej∠X ▷ Luminance channel spectrum
6: δ ← 0 ∈ RH×W ▷ Initialize phase perturbation
7: for k = 1, . . . ,K do
8: X′ 7→|X|ej(∠X+δ) ▷ Add perturbation to phase
9: F−1(X′)→ x′

Y → YCbCr2RGB([x′
Y,xCb,xCr])→ x′ ▷ Fourier-to-Spatial

10: Compute cross-entropy loss: Lce(fθ(x
′), y)

11: Gδ ≜ −2 · ℑ(∇X ⊙X) ▷ Phase-direction gradient (Eq. 2)
12: δ 7→P[−ϵ,ϵ]

(
δ + η ·Wδ ⊙ sign(Gδ)

)
▷ Update δ with gradient ascent (Eq. 3)

13: end for
14: ℓ 7→λLce(fθ(x), y) + (1− λ)Lce(fθ(x

′), y) ▷ Training loss (Eq. 4)
15: θ 7→θ − γ∇θℓ ▷ Update model parameters via gradient descent
16: end for

17: Return: Adversarially trained robust model fθ

2.2 Phase-Aware Adversarial Training

Given a clean sample x and its phase-perturbed counterpart x′, we update model
parameters by minimizing a convex combination of clean and perturbed losses:

minimize
θ

λ · Lce(fθ(x), y) + (1− λ) · Lce(fθ(x
′), y), (4)

where λ ∈ [0, 1] controls the trade-off between standard and robust accuracy.
Algorithm 1 summarizes the full training procedure; the same routine applies to
single-source and multi-source DG by defining Ds as the available source data.

3 Experimental Setup

Datasets. We evaluate on two medical benchmarks with strong cross-domain
variation. Camelyon17-WILDS [4] contains histopathology data from five med-
ical centers (domains). Diabetic Retinopathy (DR) combines Aptos [3], Eye-
PACS [2], Messidor [7], and Messidor-2 [1] as distinct domains for multi-class
severity prediction.
Evaluation Protocol. We follow the DomainBed methodology [9] which uses
training-domain validation for model selection. We report accuracy on unseen
domains in two regimes: (1) Single-domain generalization (SDG), where we train
on one source and evaluate on the rest, and (2) Multi-source generalization
(MSDG), using a leave-one-domain-out protocol.
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Table 1: Performance comparison in the Single Domain Generalization (SDG)
setting. Values are the accuracy(%) mean ± standard deviation. Best and second-
best per column are in bold and underline; † marks a significant gain over the
strongest baseline (paired t-test, p<0.05).

(a) Camelyon17-WILDS

Method C0 C1 C2 C3 C4 AVG.

Source Domain: C0

ERM – 67.29±1.2 65.89±2.1 67.73±1.5 56.50±2.8 64.35±1.9

AdverIN [22] – 70.17±1.4 69.30±2.3 69.92±1.7 60.26±2.5 67.41±2.0

ConDiSR [14] – 69.05±1.1 67.45±2.0 70.29±1.6 60.48±2.4 66.82±1.8

RAS4DG [16] – 71.15±1.3 70.34±2.2 76.28±1.8 58.46±2.6 69.06±1.9

Ours – 74.56±1.0 73.01±1.5 75.05±1.2 62.58±1.8 71.30†
±1.3

Source Domain: C1

ERM 61.87±2.1 – 59.45±2.5 63.01±1.9 50.67±2.7 58.75±2.3

AdverIN [22] 65.42±1.8 – 61.72±2.4 65.94±1.6 53.85±2.5 61.73±2.1

ConDiSR [14] 64.54±1.9 – 60.70±2.3 64.83±1.7 61.00±2.2 62.77±2.0

RAS4DG [16] 73.39±1.5 – 73.05±1.8 76.48±1.4 65.49±2.0 72.10±1.7

Ours 78.26±1.2 – 75.20±1.4 79.70±1.1 64.08±1.6 74.31†
±1.3

Source Domain: C2

ERM 55.12±2.6 47.46±2.9 – 51.09±2.4 54.65±2.2 52.08±2.5

AdverIN [22] 57.76±2.3 51.36±2.7 – 53.20±2.1 58.02±2.0 55.09±2.3

ConDiSR [14] 56.10±2.4 51.91±2.6 – 52.94±2.2 57.34±2.1 54.57±2.4

RAS4DG [16] 75.71±1.6 69.40±1.9 – 68.35±1.7 74.86±1.5 72.08±1.7

Ours 78.65±1.3 67.72±1.8 – 72.90±1.4 77.97±1.2 74.31†
±1.4

Source Domain: C3

ERM 53.49±2.5 46.45±2.8 54.41±2.3 – 38.25±2.9 48.15±2.6

AdverIN [22] 55.54±2.2 50.08±2.5 57.19±2.0 – 41.47±2.7 51.07±2.4

ConDiSR [14] 57.11±2.1 49.09±2.6 56.44±2.1 – 45.63±2.5 52.07±2.3

RAS4DG [16] 64.40±1.8 53.76±2.4 68.73±1.7 – 43.98±2.6 57.72±2.1

Ours 66.63±1.5 57.86±1.9 67.78±1.4 – 47.65±2.2 59.98±1.8

Source Domain: C4

ERM 56.65±2.4 53.12±2.5 55.26±2.3 57.53±2.2 – 55.64±2.4

AdverIN [22] 59.56±2.1 56.18±2.2 57.73±2.0 61.42±1.9 – 58.72±2.0

ConDiSR [14] 59.35±2.2 56.74±2.3 56.76±2.1 60.98±1.9 – 58.46±2.1

RAS4DG [16] 56.18±2.3 57.10±2.1 56.17±2.2 56.28±2.3 – 56.43±2.2

Ours 59.70±1.7 55.98±1.9 58.24±1.8 60.64±1.6 – 58.64±1.8

(b) Diabetic Retinopathy

Method Aptos EyeP Mess Mess2 AVG.

Source: Aptos
ERM – 42.69±2.5 30.32±2.9 38.11±2.6 37.04±2.7

AdverIN [22] – 45.03±2.3 31.98±2.8 40.20±2.4 39.07±2.5

ConDiSR [14] – 45.26±2.2 32.14±2.7 40.40±2.3 39.27±2.4

RAS4DG [16] – 48.14±2.0 33.60±2.6 42.75±2.2 41.50±2.3

Ours – 51.85±1.8 36.82±2.1 46.28±1.9 44.99†
±1.9

Source: EyePACS
ERM 39.42±2.7 – 32.48±2.8 39.48±2.5 37.13±2.7

AdverIN [22] 41.58±2.5 – 34.26±2.6 41.65±2.3 39.16±2.5

ConDiSR [14] 41.79±2.4 – 34.43±2.7 41.86±2.4 39.36±2.5

RAS4DG [16] 44.29±2.2 – 36.14±2.5 44.37±2.1 41.60±2.3

Ours 47.87±1.9 – 39.44±2.2 47.95±1.8 45.09†
±2.0

Source: Messidor
ERM 41.91±2.4 27.50±3.0 – 39.03±2.6 36.15±2.7

AdverIN [22] 44.20±2.3 29.01±2.9 – 41.17±2.4 38.13±2.5

ConDiSR [14] 44.43±2.2 29.16±2.8 – 41.37±2.3 38.32±2.4

RAS4DG [16] 47.21±2.0 30.30±2.7 – 43.83±2.2 40.45±2.3

Ours 50.90±1.7 33.40±2.4 – 47.40±1.9 43.90†
±2.0

Source: Messidor-2
ERM 40.73±2.5 25.47±3.0 40.66±2.5 – 35.62±2.7

AdverIN [22] 42.96±2.3 26.87±2.9 42.89±2.4 – 37.57±2.5

ConDiSR [14] 43.18±2.2 27.00±2.9 43.11±2.3 – 37.76±2.5

RAS4DG [16] 45.83±2.1 27.91±2.8 45.75±2.2 – 39.83±2.4

Ours 49.47±1.8 30.94±2.5 49.39±1.9 – 43.26†
±2.1

Implementation Details. Backbones: We primarily use DenseNet-121 initial-
ized from scratch. For architectural ablation and stability analysis, we also re-
port results using ResNet-18, ViT-Base, and ImageNet-pretrained DenseNet-121,
where specified. Training: Models are trained for 30 epochs on a single NVIDIA
A6000 GPU, which is sufficient for convergence under our schedule (validation
accuracy typically plateaus by the final full-attack phase). We use a 5-epoch
clean warm-up, followed by a linear ramp-up of the adversarial strength/budget
until epoch 25, then 5 epochs of full attack. We use K=5 inner maximization
steps (Algorithm 1), Weighting (λ) = 0.5, and a step size of 0.2, and study their
sensitivity. Results are averaged over 5 fixed random seeds.

4 Results

Table 1 reports the most stringent setting, where training is restricted to a
single source domain and evaluation spans all unseen domains. On Camelyon17-
WILDS, PhaseAT delivers large, consistent gains over ERM and recent DG base-
lines, with the strongest improvements arising when the source center encour-
ages the most pronounced center-specific shortcuts, for example, when trained
on C2, the average accuracy increases from 52.08 (ERM) to 74.31. Crucially, the
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Table 2: Performance comparison in the MSDG setting. Reported values are the
accuracy(%) mean ± standard deviation. Best and second-best per column are
in bold and underline; † marks a significant gain over the strongest baseline
(paired t-test, p<0.05).

(a) Camelyon17-WILDS

Method C0 C1 C2 C3 C4 AVG.

ERM 78.89±0.5 84.57±1.1 67.24±0.5 84.47±0.2 74.08±1.7 77.9
AdverIN [22] 81.52±0.6 87.78±1.0 68.97±0.7 88.17±0.4 76.19±1.6 80.5
ConDiSR [14] 81.67±0.4 87.90±0.7 72.12±0.2 86.79±0.3 80.06±0.3 81.7
RAS4DG [16] 83.62±0.5 89.10±0.8 69.31±0.4 88.24±0.6 77.60±0.5 81.6

Ours 90.49±0.5 87.97±0.7 76.86±0.3 94.61±0.5 78.58±0.4 85.7†

(b) Diabetic Retinopathy

Method Aptos EyePACS Messidor Messidor2 AVG.

ERM 55.7±1.2 43.4±0.8 54.3±1.6 53.8±0.4 51.8
AdverIN [22] 58.6±1.2 48.0±0.9 58.3±1.5 53.4±0.5 54.6
ConDiSR [14] 59.4±0.5 48.8±0.4 59.2±0.8 54.2±0.2 55.4
RAS4DG [16] 60.9±0.9 50.2±0.6 60.6±1.1 55.6±0.3 56.8

Ours 62.4±0.8 51.1±0.5 62.1±1.0 56.8±0.3 58.1†

gains are distributed across multiple target hospitals rather than concentrated
on one, indicating reduced reliance on stain/texture-specific correlations and
stronger sensitivity to morphology. On the Diabetic Retinopathy benchmark,
PhaseAT similarly improves transfer across all source datasets (e.g., Aptos as
source: 37.04 → 44.99 avg.), suggesting that enforcing stability to structured
phase variations provides a robust inductive bias across heterogeneous acquisi-
tion conditions (camera/sensor, illumination, and preprocessing). Over the five
shared seeds, gains marked † are significant against the strongest baseline (paired
t-test, p < 0.05; e.g., SDG C0: ∆=+2.24, 95% CI [0.3, 4.1]).

Following the SDG results in Table 1, Table 2 shows that the same phase-
aware robustness mechanism remains effective when multiple source domains
are available, albeit with a different gain regime. In SDG, improvements are of-
ten larger because single-source training amplifies center/dataset-specific short-
cuts. In MSDG, pooling multiple sources already exposes the model to broader
appearance variability, so the incremental gains are smaller but more stable.
On Camelyon17-WILDS, PhaseAT achieves the best overall average (85.7%),
substantially improving over ERM (77.9%) and surpassing recent DG methods
clustered around ∼ 81–82%, with powerful benefits on shift-sensitive held-out
hospitals (notably C2), thereby improving worst-case behavior across centers.
On Diabetic Retinopathy, PhaseAT likewise provides consistent improvements
across all held-out datasets, increasing the average from 51.8% to 58.1% and out-
performing the strongest baseline (RAS4DG at 56.8%), indicating that enforcing
stability to phase-driven structural perturbations complements multi-source su-
pervision by discouraging reliance on dataset-specific color/contrast statistics
and promoting geometry-aligned cues that transfer across acquisition pipelines.

Ablation Study. Figure 2 highlights both robustness and practicality. PhaseAT
is comparatively stable as the batch size increases, consistent with the phase-
perturbed supervision acting as an additional regularizer rather than relying on
fragile optimization conditions. Performance is also insensitive to small variations
in the loss weighting, with a broad optimum around λ ≈ 0.5, indicating that the
clean/phase-perturbed trade-off is not finely tuned. Moderate phase step sizes
are beneficial, while overly many inner steps eventually degrade performance,
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Fig. 2: Ablation studies for the main hyperparameters on the average accuracy
over the 5 centers in MSDG setting on Camelyon17-WILDS.

Table 3: Ablation Study on Camelyon17-WILDS in MSDG setting.

(a) Backbone Performance

C0 C1 C2 C3 C4 Avg.

ERM_ResNet 78.83 83.56 79.00 90.66 60.39 78.49
Ours_ResNet 91.20 86.16 81.53 91.66 62.77 82.66
ERM_ViT 74.20 78.40 62.10 86.50 45.30 69.30
Ours_ViT 84.10 81.20 66.50 89.10 50.40 74.26

Densenet Imagenet Pretrained

ERM 94.48 90.45 82.56 93.43 92.55 90.69
Ours 95.39 91.52 88.80 95.68 86.90 91.66

(b) Component Ablation

C0 C1 C2 C3 C4 Avg.

Amplitude-only 79.13 84.73 65.95 84.40 75.23 77.89
Phase+Amplitude 80.30 85.46 66.12 84.52 76.12 78.50
No Mask 60.01 81.68 55.82 49.93 34.92 56.47
RGB 85.61 85.65 61.21 86.01 74.62 78.62
YCbCr-all 79.86 86.14 73.18 90.54 77.64 81.47
Random Phase 89.57 87.87 64.01 91.82 76.22 81.90

consistent with perturbations becoming too strong and drifting away from the
desired “style-controlled” stress test. Overall, the method exhibits a wide sta-
ble operating region and achieves its best results with moderate perturbation
strength and a small number of steps.

Table 3(a) demonstrates architectural generality: PhaseAT improves ResNet-
18 (78.49 → 82.66 avg.) and ViT-Base (69.30 → 74.26 avg.), indicating that the
benefit is not tied to convolutional texture priors and persists for transformer
backbones. With ImageNet-pretrained DenseNet, gains are smaller (90.69 →
91.66), suggesting that generic pretraining already contributes partial robust-
ness, while PhaseAT still adds complementary invariances.

Table 3 (b) clarifies which choices matter. PhaseAT perturbs phase while
fixing amplitude; when we instead (i) fix phase and update amplitude only or
(ii) update both phase and amplitude (no amplitude fixing), performance drops,
consistent with the intended “structure under matched style” shift. The saliency
mask is particularly important: without it, performance degrades sharply, indi-
cating that concentrating updates on phase-sensitive frequencies stabilizes train-
ing. Operating on luminance is consistently advantageous: RGB-space pertur-
bations degrade performance, and perturbing all YCbCr channels recovers only
partially, reinforcing the choice to emphasize geometry and avoid unnecessary
chromatic distortions. The “Random Phase” variant (sampling a bounded ran-
dom phase offset within the same ℓ∞ budget, instead of gradient-based inner
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maximization) remains strong, showing that phase jitter is a useful regularizer,
but the gradient-guided procedure provides the best overall generalization.

5 Conclusion & Future Work

We introduce PhaseAT, a phase-aware adversarial training framework that per-
turbs the Fourier phase of the luminance channel while fixing amplitude, generat-
ing structure-stressing views with matched appearance and reducing reliance on
domain-specific texture shortcuts. PhaseAT improves transfer on Camelyon17-
WILDS and diabetic retinopathy, achieving up to +22% accuracy gains over
ERM in single-source settings and +9% multi-source. Our evaluation is cur-
rently limited to 2D classification and color medical images (YCbCr); investi-
gating performance on grayscale modalities remains an important limitation.
Future work will extend phase-constrained adversarial views to dense predic-
tion, 3D modalities, and broader acquisition shifts, and study more adaptive fre-
quency masking/selection, combinations with complementary amplitude-/style-
based DG objectives, and efficiency improvements that reduce training overhead
while preserving robustness.

Disclosure of Interests. The authors have no competing interests to declare
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