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Introducing the Task
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The task of Concept Unlearning enables the unlearned model to robustly refrain from generating images 
with erased concept while preserving the image generation ability of unerased concepts. 

Unlearning 
Algorithm

Forget ‘Van Gogh’

What Is The Task of Concept Unlearning?
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Method Overview
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Preliminaries
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Preliminaries
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Target for Concept Unlearning



Concept Unlearning Framework
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Overview of CURE



Evaluations
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Removing Artistic Styles/ Defending Against NSFW Concepts [1]

1
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Comparison for 
inappropriate content 
removal on the I2P dataset.

F: Female; M: Male.

(Left) Comparison on the 
Artist Concept Removal 
tasks using Famous and 
Modern artists. 

(Right) FID AND CLIP-
scores against SD-v1.4. 



Removing Artistic Styles/ Defending Against NSFW Concepts [2]
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Removing Objects/ Erasing Identities [1]
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Comparison on accuracy of erased and unerased object classes across different methods.



Removing Objects/ Erasing Identities [2]
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Robustness Against Red-Teaming [1]
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Robustness of all methods against red-teaming tools, measured by Attack Success Rate (%)



Robustness Against Red-Teaming [2]

Adversarial 
Prompting for 

‘Nudity’

Adversarial 
Prompting for the 

object ‘Car’

Adversarial 
Prompting for the 

style ‘Van Gogh’
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Investigating Unlearning Impact
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Ablating Insights
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Stress-Testing CURE
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Our method can erase up to 100 artists while performing similar to the original SD. 

Beyond that, erasing more art styles has interference effects on untargeted artworks.



Assessing the Impact of Spectral Expansion Strength
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Ablation of spectral suppression ⍺.
Larger ⍺ drives stronger forgetting (low Acce), but hurts unrelated concepts (higher 

LPIPSu, lower Accu). 

A moderate value balances both.



Efficiency of CURE
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Erasure efficiency comparison when removing the `nudity' concept. Evaluated on an A40 
GPU for 100 iterations.



Takeaways
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Concluding Statements
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• CURE: training-free, closed-form concept unlearning for T2I diffusion models.

• Spectral projection: controllable operators over discriminative subspaces; edit applied 
directly to cross-attention K-V weights using α provides a single, interpretable knob to 
balance forgetting strength and preservation.

• Plug-and-play: one-shot weight update ( <2s per concept ),  minimal model modification, 
no retraining or filters.

• Results: strong targeted erasure with minimal collateral damage; outperforms baselines 
across multiple benchmarks.

• Robustness: resists white-box and black-box red-teaming attacks.

• Impact: practical foundation for responsible, auditable deployment of generative models.
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