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Table 1. Comparison of learnable parameters across different fine-
tuning strategies. Our method requires only one learnable token,
resulting in a significantly smaller parameter count.

Fine-tuning Strategy ‘ Parameters
Full fine-tuning (all Linear/Conv layers) 859 M
Cross-attention layers(attn2 modules) 43 M
KV projection (attn2.to_k, attn2.to_v) 1I9M
TokenErase (one learnable token) 0.000768 M

1. Comparison of Learnable Parameters

Existing concept erasure methods [1-5] typically require
fine-tuning large portions of the diffusion backbone, lead-
ing to substantial computational and storage costs. As sum-
marized in Tab. 1, full fine-tuning or cross-attention layers
tuning updates tens to hundreds of millions of parameters,
while even the KV-only tuning still involves nearly twenty
million parameters. In contrast, our approach optimizes
only a single learnable token (768 parameters) in the text
encoder. This design significantly reduces the parameter
scale by several orders of magnitude, offering a lightweight
alternative for parameter-efficient concept erasure.

2. Qualitative Results under Adversarial
Prompts

Fig. 1 shows qualitative comparisons under adversarial
prompts, where each column corresponds to a different
erasure method. Both STEREO and our approach effec-
tively suppress the reappearance of erased concepts, demon-
strating robustness against adversarial inputs. However,
when erasing the “Elon Musk” concept, our method per-
forms more precise and context-aware removal. It replaces
Elon Musk’s face with a visually consistent and natural-
looking alternative while maintaining the integrity of sur-
rounding regions such as background and lighting. In con-
trast, STEREO tends to generate irrelevant or meaningless
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Figure 1. Qualitative results under adversarial prompts.

content, often losing facial structure and semantic coher-
ence, which results in visually implausible outputs. These
results highlight our method’s superior ability to localize
and erase specific concepts while preserving overall image
realism.

3. Qualitative Results of Module Ablation Ex-
periments

Fig. 2 presents qualitative samples for each ablation set-
ting. Removing both modules (w/o both) leads to incom-
plete erasure and degraded visual quality. Adding VISA
(add VISA) improves robustness and reduces residual con-
cept traces. Adding TOCA (add TOCA) yields cleaner re-
moval with minimal parameter overhead. The full model
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Figure 2. Qualitative results of module ablation experiments.

(TokenErase) achieves the best erasure while preserving the
model’s general generative capability.

4. Visualization of Learnable Token Attention

Fig. 3 visualizes the attention patterns of the learnable to-
ken across three representative erasure tasks: face, nudity,
and style erasure (from top to bottom). In each image, the
top-left image shows the generated result, the bottom-left
map depicts the aggregated attention of the learnable token,
and the right column presents attention activations across
different U-Net layers (from O to 15).

For face and nudity erasure, the attention maps are highly
localised, focusing precisely on regions where the unde-
sired concepts appear (e.g., facial regions or clothing re-
gions). In contrast, for style erasure, which involves a
global and distributed concept, the attention becomes more
spatially diffuse, covering the entire image area rather than
specific regions. Moreover, we observe that layers 5-9 ex-
hibit stronger and more structured instance-level attention,
which aligns with our design choice of injecting and opti-
mizing instance tokens in these mid-level layers. This ob-
servation further guides our strategy for balancing instance-
and style-level erasure when multiple concepts coexist.
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(c) Visualization of the learnable token attention in the style erasure task.
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Figure 3. Visualization of the attention maps of the learnable token across different erasure tasks. Each row corresponds to a different
setting, with two representative examples per row.



