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Abstract. Domain shifts induced by heterogeneous imaging artifacts
remain a major obstacle to deploying dermoscopic image classification
models in real-world clinical settings. Such artifacts introduce complex
domain-specific variations that are difficult to address using domain-
invariant representations alone. In this work, we propose an artifact-
aware prompt-based framework for domain generalization in dermoscopic
image classification, termed Artifact-aware Prompt Learning for Domain
Generalization (APDG). During training, common imaging artifacts are
explicitly modeled as multiple source domains, and domain-specific visual
prompts are introduced within a Vision Transformer to encode heteroge-
neous artifact patterns. To mitigate domain bias while preserving useful
domain knowledge, we further design a soft-mask-based feature disen-
tanglement module that separates domain-invariant semantic features
from domain-specific representations, together with a domain-specific
prototype learning mechanism that structurally constrains disentangled
features through joint domain supervision and auxiliary class guidance.
At inference time, a test-time prompt fusion strategy is proposed to
adaptively aggregate learned domain-specific knowledge without requir-
ing target domain labels or additional training. Experiments on multiple
unseen dermoscopic and clinical datasets demonstrate that the proposed
method achieves improved robustness and generalization performance
under severe artifact-induced domain shifts.

Keywords: Domain Generalization - Prompt Learning - Feature Disen-
tanglement - Dermoscopic Image Classification.

1 Introduction

Dermoscopic image analysis plays an important role in melanoma diagnosis [8,
7]. Despite recent advances in deep learning, models trained on curated datasets
often suffer from significant performance degradation in real-world clinical set-
tings due to domain shifts between training and testing data [22, 2].

A major source of such shifts stems from heterogeneous imaging artifacts,
including hairs, illumination variations, dark corners, and acquisition-related
noise [1, 12]. These artifacts introduce domain-specific variations that are largely
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irrelevant to lesion semantics but strongly influence feature distributions, causing
models to overfit artifact-induced spurious correlations and generalize poorly
across datasets.

Domain generalization (DG) seeks to learn models that generalize to un-
seen target domains without access to target data during training. Most existing
DG approaches focus on enforcing domain-invariant representations by aligning
features across source domains [24, 4, 16]. However, directly pursuing domain in-
variance in dermoscopic image classification faces two key challenges. First, skin
lesions exhibit substantial variability in shape, color, and texture, and excessive
alignment across heterogeneous domains may discard discriminative fine-grained
information, leading to degraded performance. Second, since target-domain data
are unavailable during training, domain-invariant features learned from source
domains are not guaranteed to remain stable when encountering unseen artifact
patterns at test time.

These limitations suggest that suppressing domain-specific information may
be suboptimal. Instead, it is desirable to explicitly model artifact-induced do-
main variations while preserving lesion-relevant semantics, and to flexibly exploit
learned domain knowledge under unknown target domains.

To this end, we propose a unified prompt-based framework for dermoscopic
image domain generalization. During training, domain-specific visual prompts
are introduced to encode heterogeneous artifact characteristics. A feature dis-
entanglement mechanism is further employed to separate domain-specific and
domain-invariant representations, while a prototype-guided learning strategy
structures class—-domain relationships and stabilizes the semantic space.

At inference time, we address the absence of domain labels by introducing
a test-time prompt fusion strategy that adaptively aggregates domain-specific
prompts based on prototype similarity, enabling robust generalization with-
out target-domain supervision. Extensive cross-dataset experiments demonstrate
that the proposed method consistently improves generalization performance on
multiple unseen target domains.

The main contributions of this work are as follows: (1) We formulate der-
moscopic image domain generalization from an artifact-aware perspective, ex-
plicitly modeling heterogeneous imaging artifacts as multiple source domains;
(2) we propose a unified prompt-based framework integrating domain-specific
prompts, feature disentanglement, and prototype-guided learning to preserve le-
sion semantics under artifact-induced shifts; (3) we introduce a test-time prompt
fusion strategy that adaptively exploits learned domain knowledge without re-
quiring target-domain labels; and (4) extensive experiments on multiple datasets
validate the effectiveness of the proposed method under severe domain shifts.

2 Related Work

Domain Generalization in Dermoscopic Image Analysis. Domain gener-
alization (DG) aims to learn models that generalize to unseen target domains
without accessing target-domain data during training [19]. Traditional DG ap-
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proaches include empirical risk minimization (ERM) [6], distributionally robust
optimization (DRO) [17], and other robust optimization methods that have been
systematically benchmarked in the DomainBed framework [6], as well as repre-
sentation learning strategies such as SelfReg [11] and MMLD [13]. These methods
have been widely adopted to improve robustness across different data distribu-
tions. However, in dermoscopic image analysis, DG is particularly challenging
due to large variations in acquisition devices, imaging protocols, and artifact
patterns across datasets [22]. A major yet under-explored challenge is artifact-
induced domain shifts caused by heterogeneous imaging conditions (e.g., hairs,
dark corners, gel bubbles) [1].

Prompt-based Domain Generalization. Prompt learning has recently
emerged as an effective mechanism for adapting Transformer-based models to
downstream tasks [9,25]. By introducing learnable prompt tokens into the in-
put sequence, prompt-based methods enable flexible task- or domain-specific
adaptation while preserving the generalization capability of pretrained back-
bones. Several recent works have explored prompt-based strategies for domain
generalization. DoPrompt introduces domain-specific prompts to encode domain
characteristics [23], while EPVT leverages environment-aware prompt generation
for improved cross-domain robustness [21]. More recently, PLDG further inves-
tigates prompt-driven learning by modeling latent domain variations through
adaptive prompt generation [20]. While these methods demonstrate promising
performance, they primarily rely on prompt adaptation mechanisms learned dur-
ing training and do not explicitly enforce a structured disentanglement between
domain-induced variations and lesion-relevant semantics, nor do they jointly
leverage domain-invariant and domain-specific representations at inference time.

Test-time Adaptation. Test-time adaptation (TTA) focuses on improving
model performance on unseen target domains by adapting model behavior dur-
ing inference. A representative approach is Tent [18], which minimizes prediction
entropy at test time without requiring target-domain labels. Although effective,
many TTA methods involve iterative optimization and may introduce instabil-
ity or additional computational overhead during deployment. Recently, prompt-
based adaptation has been explored as a lightweight alternative for test-time
robustness [5]. Instead of updating model parameters, prompt tuning or fusion
strategies adjust prompt representations conditioned on test samples, enabling
adaptive inference without explicit target-domain supervision. This perspective
motivates the development of prototype-guided prompt fusion mechanisms that
exploit learned domain knowledge while maintaining stable semantic represen-
tations.

3 Method

We study domain generalization for dermoscopic image classification. Let Ds =
{DF}E | denote K labeled source domains, where each D¥ = {(x¥,y¥)} is drawn
from a distribution P (X,Y). The goal is to learn a classifier f(-) that gener-
alizes to an unseen target domain D; ~ Pi(X,Y), without access to target
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data or domain labels during inference. An overview of the proposed Artifact-
aware Prompt Learning for Domain Generalization (APDG) framework is shown
in Fig. 1. APDG is built upon a Vision Transformer backbone and introduces
prompt-based modeling to facilitate robust generalization. The detailed design
of each component is presented in the following subsections.
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Fig. 1. The framework of APDG.

3.1 Domain-Specific Prompt Modeling

In multi-source dermoscopic image classification, heterogeneous imaging arti-
facts (e.g., hairs, dark corners, bubbles) introduce domain-specific variations that
significantly affect feature distributions. To explicitly model such variations, we
treat each artifact type as a distinct source domain and introduce domain-specific
visual prompts to encode domain characteristics during training.

Given an input image x; from the k-th source domain, the image is first tok-
enized and embedded into a sequence of visual tokens. For each source domain,
a learnable domain-specific prompt P, € RE*P is introduced, where P}, consists
of L prompt tokens and D is the embedding dimension. The prompt tokens are
concatenated with image tokens and jointly fed into a Vision Transformer (ViT)
encoder:

Zeaw = fvir ([Prixi]), (1)
where z,,, € R'*P denotes the encoded feature representation and [;-] repre-
sents token concatenation.

By injecting domain-specific prompts into the feature extraction process, the
ViT encoder is encouraged to adapt its attention patterns according to domain-
dependent artifact distributions, enabling the model to capture domain charac-
teristics while preserving lesion-relevant semantics.

3.2 Disentanglement and Domain-Specific Prototype Learning

Imaging artifacts in multi-source dermoscopic images are often entangled with
lesion semantics, hindering robust generalization. To address this issue, we intro-
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duce an explicit feature disentanglement module on top of domain prompt learn-
ing, aiming to separate domain-invariant semantic information from domain-
specific artifact variations.

Feature Disentanglement via Soft Masking. Given the raw representation z,.
extracted by the ViT encoder, a lightweight two-layer MLP serves as the Mask
Generator to produce a soft mask

m = 0(W3 p(W1Zraw)) , (2)

where p(-) and o(-) denote ReLU and Sigmoid functions, respectively. Two com-
plementary masks are constructed as m¢s = m and mg;s = 1 — m, yielding
disentangled features

Zinv = Zraw O Mcls, Zdis = Zraw O Mgjs- (3>
The invariant feature z;,, is used for disease classification with loss
»Cinv =CE (g(zinv)v yz)v (4)

while zq;s preserves artifact-related variations.

Domain-Specific Prototype Learning. To explicitly regulate domain-related in-
formation, we introduce a prototype matrix B € RCK*P where each prototype
corresponds to a class-domain pair. Two mapping matrices, My, € REKE*C
and Mgom € REEXE are employed to supervise class and domain information,
respectively. The domain classification loss is defined as

Ly =CE (ZdisBTMdorm dz) . (5)

To retain complementary class-discriminative cues, a prototype-based class loss
is introduced:

L. = CE(¢(zdis, B")Mais, yi) , (6)

where the affinity function is defined as
¢(2zais, B") = exp(— B(1 — zaisB")). (7)

Domain Confusion and Objective. To suppress residual domain information in
the invariant branch, a domain confusion loss is imposed:

N
1
Lonix = -~ ; KL(U || softmax(logits,)) , (8)
where logits; = ¢(Ziny, B" )Mdom- The overall objective is

Edp = l:inv + Lmix + £d + /\[_‘,c (9)



6 X. Jia et al.

The domain classification loss £4 and the domain confusion loss L,ix form
a push—pull mechanism in the feature space: the former encourages z4;s to ex-
plicitly capture inter-domain discrepancies, while the latter suppresses domain-
related information in z;,,, thereby stabilizing the disentanglement process. The
class loss L., introduced with a relatively small weight, prevents the domain-
specific features from degenerating into pure domain noise and provides comple-
mentary cues for final prediction.

At inference time, predictions from the invariant and domain-specific branches
are jointly considered. The invariant branch provides stable semantic discrim-
ination, while the domain-specific branch contributes controlled environment-
related cues, leading to improved robustness on unseen target domains.

3.3 Test-Time Prompt Fusion

At inference time, target-domain labels are unavailable, making direct prompt
selection infeasible. To address this, we adopt a prototype-guided prompt fusion
strategy that adaptively aggregates domain-specific prompts.

Given a test sample x;, we first obtain its raw feature representation z,,, =
f(x;) without introducing any domain prompt. The relevance of each source
domain is then estimated by projecting z,,, onto the learned class—domain pro-
totype space and aggregating responses at the domain level. Specifically, the
fusion weights are computed as

a= softmax(zraWBTMdom / T) , (10)

where 7 is a temperature parameter.
Based on the obtained weights a, the fused prompt is constructed as

K
Pfused = ZakPk~ (11)
k=1

The fused prompt is concatenated with the input image and fed into the
ViT encoder for final prediction. This prototype-guided fusion enables adaptive
utilization of source-domain knowledge without requiring target-domain infor-
mation, improving robustness to unseen domain shifts.

4 Experiments

4.1 Task Definition and Datasets

We study binary melanoma classification under artifact-induced domain shifts,
with the goal of distinguishing malignant melanoma from benign skin lesions
across heterogeneous imaging conditions. In clinical practice, dermoscopic im-
ages are often affected by diverse acquisition artifacts, which lead to severe dis-
tribution shifts and hinder cross-dataset generalization.
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Following prior artifact-aware dermoscopic studies, the training data are con-
structed from ISIC 2019 [3]. Instead of treating it as a single domain, we partition
the training set into five artifact-based source domains using the annotations
in [1]: dark corners, hair, gel bubbles, rulers, and vascular structures, with 4609,
8970, 3550, 1158, and 1862 images, respectively. This artifact-driven partition
introduces diverse domain shifts and better reflects real-world acquisition vari-
ability.

To evaluate cross-dataset generalization, models are tested on four unseen
target datasets collected from independent clinical sources, including Derm7pt-
Dermoscopic [10], Derm7pt-Clinical [10], PH2 [14], and PAD-UFES-20 [15].
These datasets differ substantially in acquisition devices and imaging protocols,
providing a comprehensive evaluation of out-of-distribution generalization. None
of the target datasets are observed during training, and no target-domain data
or domain labels are available at inference time.

4.2 Experimental Setup

All experiments are conducted using a ViT-Base/16 backbone pretrained on
ImageNet. The model is implemented in PyTorch and optimized with AdamW,
with a learning rate of 5 x 1076, weight decay 1 x 10~°, and batch size 40.

For domain modeling, four domain-specific visual prompts are introduced for
each source domain. The domain-specific visual prompts are randomly initialized
and jointly optimized during training. All images are resized to 224 x 224, and
standard data augmentation is applied. The model is trained for 50 epochs, and
the checkpoint with the best validation performance is selected for evaluation.
All experiments are conducted on a single NVIDIA RTX 4090D GPU. During
inference, test-time prompt fusion is applied to adaptively aggregate domain-
specific knowledge.

4.3 Comparison with State-of-the-Art Methods

We compare the proposed method with representative domain generalization
approaches, including ERM, DRO, SelfReg, MMLD, and recent prompt-based
methods such as DoPrompt, EPVT, and PLDG.

Table 1 reports the ROC-AUC results on four unseen target datasets. ERM
exhibits a clear performance degradation under cross-dataset evaluation, high-
lighting its limited robustness to severe distribution shifts. In contrast, the
proposed method achieves consistently strong performance across all unseen
datasets, obtaining the best results on Derm7pt-Dermoscopic, Derm7pt-Clinical,
and PAD-UFES-20, while remaining highly competitive on PH2. Overall, our
method achieves an average ROC-AUC of 85.77%, outperforming the second-
best method by 1.34%. These results demonstrate the effectiveness of explicitly
modeling domain-specific artifacts for robust cross-dataset dermoscopic image
classification.
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Table 1. Comparison with existing domain generalization methods on OOD datasets

(ROC-AUC, %).

Method DM7 D DM7 C PAD PH2 Average
ERM 81.42 69.81 77.96 91.50 80.17
DRO [17] 82.55 72.86 80.02 84.97 80.10
MMLD ([13] 79.60 69.00 88.80 81.30 79.68
DoPrompt [23] 82.38 71.61 83.81 91.33 82.06
SelfReg [11] 82.49 74.82  79.93 91.03 82.07
EPVT [21] 83.25 74.52  87.41 92.53 84.43
PLDG [20] 83.69 72.03 89.92 89.09 83.68
Ours 83.89 78.34 87.55 93.28 85.77

Table 2. Ablation study on different components (ROC-AUC, %).

Method DM7 D DM7 C PAD PH2 Average
Baseline 81.42 69.81  77.96 91.50 80.17
+DP 83.19 76.28  82.29 90.68 83.11
+DP+FD 83.21 75.73  81.02 90.28 82.56
+DP+FD-+PL 83.36 76.12  84.76 91.25 83.87

+DP+FD+PL+PF  83.89 78.34 87.5593.28 85.77

4.4 Ablation Study

We conduct ablation studies by progressively introducing domain-specific prompts
(DP), soft-mask-based feature disentanglement (FD), domain-specific prototype
learning (PL), and test-time prompt fusion (PF). The results are summarized in
Table 2.

Starting from the ERM baseline, incorporating domain-specific prompts yields
a clear improvement, validating the benefit of explicit domain modeling. Adding
feature disentanglement alone slightly degrades performance. This occurs be-
cause FD and PL are designed as a unified, synergistic mechanism; applying FD
alone without the auxiliary supervision signals from PL leads to unstable rep-
resentations. By further introducing prototype-guided learning, performance is
significantly improved, indicating that prototype-level supervision stabilizes the
disentanglement process. Combining all components achieves the best overall
performance.

5 Conclusion

In this work, we addressed the domain generalization challenge in dermoscopic
image classification from an artifact-aware perspective. By explicitly modeling
common imaging artifacts as multiple source domains, we proposed a unified
prompt-based framework that combines domain-specific prompts, soft-mask-
based feature disentanglement, and domain-specific prototype learning to jointly
capture domain-related variations while preserving lesion-relevant semantics.
Furthermore, a test-time prompt fusion strategy was introduced to enable
adaptive utilization of learned domain knowledge without requiring target do-
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main information. Extensive experiments on multiple dermoscopic and clinical
datasets demonstrated that the proposed method achieves improved robustness
and generalization under severe artifact-induced domain shifts.

These results suggest that explicitly modeling artifact-driven domain char-
acteristics, rather than enforcing strict domain invariance, provides a promising
direction for reliable deployment of dermoscopic image analysis models in real-
world clinical scenarios, and can readily extend to multi-center settings using
hospital indices as domain identifiers.
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