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Problem Statement: The Safety Challenge

Text-to-Image models (e.g., Stable Diffusion and 
Flux) have demonstrated remarkable performance 
in generating photorealistic images.

Generative Capabilities Critical Risks

⚠ Copyright Infringement : 
Mimicking specific artistic styles or IP.

⚠ NSFW / Harmful Content : 
Generating nudity, violence, or 
sexually explicit material

Goal : Remove specific concepts without retraining the entire model.

⚠ Privacy Violations : Reproducing 
private individuals’ likenesses



Current methods still have challenges
U-net Fine-Tuning
(e.g., Mace, Salun)

Text Encoder Editing
(e.g., Diff-QuickFix)

Pros: 
• Effective erasure

Cons: 
• Computationally expensive
• Often degrades non-target images

Pros: Fast (modifies early layer)

Cons: 
• Challenging to erase concepts more 

abstract than artistic styles or objects 
(e.g., nudity)

Achieving both precision and efficiency in concept erasure 
without degrading non-target outputs remains a key challenge.



Key Insight : Concept Localization & Semantic Integration



Method: High-Level Representation Misdirection (HiRM)
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Method: High-Level Representation Misdirection (HiRM)

HiRM-R 
(Random)

🎲
• Steers target concept 

toward a random vector
• Concept-agnostic vectors

HiRM-S 
(Semantic)

• Steer target concept toward
a “Super-category” (e.g., 
“Van Gogh” to “Painting”)

Erasure strategies: HiRM-R and HiRM-S

||    − 𝑐 ⋅ ||ℒ =

Representation 
Misdirection

Loss Function

Misdirecting 
Vectors



Erasing vs. Utility balanceTraining time vs. Performance

Experiments : Concept Erasing Performance across Diverse Categories

• HiRM demonstrates the ”Pareto Optimal” trade-off: High Erasing Performance, High Utility Performance, 
and Strong robustness against adversarial attacks.  



Experiments

• Qualitative comparison of concept erasure methods on the removal of the Ink Art style from the 
UnlearnCanvas benchmark.

Qualitative results: objects & styles



Transferability in Flux1.dev

Experiments: Transferability in State-of-Art Diffusion Transformer Model

• Qualitative & Quantitative comparison of concept erasure methods on Flux1.dev using the Adversarial 
benchmark



Synergistic eEects with other methods

Experiments: Synergistic Effects 

• Synergistic effects of combining HiRM with denoiser-based concept erasing methods on the Flux1.dev 
architecture



Synergistic eEects with other methods

Experiments: Synergistic Effects 

• Synergistic effects of combining HiRM (text encoder) and SPEED (U-Net) for adversarial robustness and 
multi-concept erasure



Summary & Contributions

HiRM offers a lightweight, effective ‘Safety Patch’ for 
Text-to-Image Diffusion models

Performance 
• Demonstrates a strong trade-off between erasure effectiveness and generation quality on 

UnlearnCanvas, NSFW, and adversarial attack settings across diverse targets.

Synergistic EEect
• Exhibits synergistic effects as a complementary module.

EEiciency 
• Performing concept erasure within the text encoder offers significant advantages in terms of 

efficiency. (using only 1.6s per a concept)


