Context-Preserving Dermoscopic Editing: Mask-Guided Lesion-Aware Diffusion for Attribute Modification
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e Dermoscopic diagnosis relies on fine-grained lesion cues as well as global
structural information, including the lesion boundary and peri-lesional
context.

e Key pathological attributes are often long-tailed and under-sampled, which SR
limits model learning and interpretability and motivates controllable editing | | inversion T
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motivating lesion-aware editing that preserves background context.

e Controllable, clinically meaningful synthesis can alleviate long-tailed
Imbalance and improve diagnostic robustness on rare signs.

e High-quality counterfactuals reveal model-relevant pathological cues,
boosting interpretability and clinician trust.
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