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Recent text-to-image diffusion models can synthesize high-quality and
diverse images but often inherit unsafe or undesirable concepts from
large-scale web data.

Traditional heuristic filtering mechanisms, can be easily bypassed by
prompt reformulation or adversarial manipulation.

Existing concept erasure methods define target concepts through textual
supervision. But text provide only coarse boundaries, difficult to precisely
distinguish harmful and benign regions.

The vague nature of textual guidance leads to over-erasure, excessive
parameter updates propagate through the diffusion network due to
strong parameter coupling, causing global semantic drift (Fig.~1).

Figure 1: Comparison of ESD, UCE, and SPEED after erasing “Nudity.” Each point represents another concept, with its radius indicating semantic similarity to “Nudity.” Right: Heatmaps of
impact, lower values indicate greater interference. Left: Areas with stronger influence.
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Figure 2: Overall framework of the proposed IP-Era.
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Paired-Image Distillation:

Input:

* A concept text

* A set of prompts related to the concept

Output:

* A collection of high-quality concept-present &
concept-absent image pairs

Teacher-Student Alignment:

Input:

* A concept text

« Concept-present & Concept-absent images
Output:

» Teacher and Student noise predictions

Loss for Teacher-Student Alignment:
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Table 1: Quantitative comparison with images generated by SD1.4 under identical conditions.
All models are evaluated on structural (SSIM), perceptual (LPIPS), semantic similarity (CLIP),
feature distribution (FID), exposure (NSg) and coverage scores (NS;) metrics after erasing the
concept “Nudity”. FID* denotes the comparison between generated and real images. 1: Higher

is better; |: Lower is better.

Figure 3: Visual comparison of multiple methods after erasing the concept “Cat.” All

models are tested under identical generation conditions. Each row represents a model, and

each column corresponds to the same prompt. The prompts include 5 directly related to

“Cat’, 4 indirectly related, and 4 completely unrelated to the concept. Results show that our
model achieves complete concept removal while avoiding global degradation.

Figure 4: Heatmaps of the impact on other concept after erasing the concept “Nudity.
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