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Inference-Time Robustness Enhancement (IRECE)

Diffusion models generate harmful or copyrighted content, and erasure Dataset Concept erasure fails because concepts persist in the latent space;
methods aim to suppress specific concepts. However, existing evaluations 1. SD-Normal: Generated from Stable Diffusion using five prompt templates, 150 prompts per class IRECE resolves this by surgically removing concept-bearing regions
assume text prompts only. Our benchmark tests concept erasure robustness 2. SD-AdvPrompt: Adversarial prompts produced using Ring-A-Bell during inference
under three modalities: 3. SD-TI: Textual Inversion embeddings trained for each reference image

basic & adversarial prompts. 4. SD-Latentlnv: DDIM-inverted latents from reference images, combined with various prompt strategies Extract cross-attention
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« Learned Embeddings: In white-box, ESD and UCE both exceed 90% CRR
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