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" Motivation: Why do diffusion models generate artifacts? = Empirical Studies = Quantitative Comparisons to Existing Methods

Experiments
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» Post-generation filtering via pretrained classifiers enables targeted correction,

> The frequency of abnormal scores at each time step " Qualitative Analysis of Correction Methods

whilst requiring extra steps and suffering from domain shift issues. (e.g., SARGD) /
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Visual Artifact (left): manifest as local irregularities or o : :

distortions in a generated image, such as blurred patches, x> ¥

unnatural textures, broken structures. 1” e

Hallucination (right): refer to semantically generating Denoising - Ablation Study o
incoherent content, such as extra limbs, misplaced objects ,, caomgres s * powy e

or counterfactuals. — £, % T /
Research Question: Can we design a training-free pipeline - f* """""""" = /
that seamlessly integrates artifact detection and correction Lo — Sl:&éw = - B

into the generation process?
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