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POP: Adversarial Sample Detection Metric utilizing
Local Restoration Sensitivity of Diffusion Models
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(a) ROC Curves

(b) Score Distribution (FGSM)

(c) Score Distribution (PGD)
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Fig. 1. Detection performance and distribution of the POP metric. (a) ROC curves for FGSM and PGD attacks. (b,
c) POP score distributions between clean and adversarial images.
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Fig. 2. Performance across varying timesteps.
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