
Results
We propose a learnable and sample-specific procedure to determine where each 

forgotten sample should be mapped.
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§ As generative models continue to advance in their ability to synthesize and
generate highly realistic images, concerns about ethical misuse have
intensified: personal image misuses1,2.

§ Generative Identity Unlearning (GUI3): removing identity information
from pretrained generative models without retraining from scratch,
ensuring the-right-to-be-forgotten5,6.

§ No method was designed for (i) batch unlearning requests and (ii)
sequential unlearning, i.e., often leading to retention corruption.

§ Security remains critical, as mapping forgotten identities to fixed outputs
(e.g., noise4 or an average face5) may introduce detectable signatures,
making the unlearning process vulnerable to erasure-detection or
membership-inference attacks.
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High-level Idea: 
- Instead of their suppression mechanisms mapping to noise or an average 

face, can we make this process learnable?
- We explicitly protect the nearby retaining space, which is often close to the 

identities being removed and therefore more likely to be affected.

Key innovation: ID-specific De-identification 𝒯%
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We propose using FIM-based regularization to protect nearby samples from 
unintended disruption, i.e., 6𝑊:= 7𝑤( ∣ 7𝑤( = 𝑤+( + 𝛼/ ;𝑑( (34
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This regularizer encourages parameters most critical for preserving behavior 
on the vicinity set to remain near their pre-unlearning values
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Human judgment result on selected forgetting 
(F#) and retaining (R#) identities.

Quantitative comparison of model utility in generating unforgotten identities
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Qualitative comparison of model utility in generating unforgotten identities

Controllable Unlearn. Larger 𝑑 values retain more original features, enabling 
adjustable control over the privacy–utility trade-off.
Continual Unlearn. GUIDE: Accumulates collateral damage, progressively 
degrading retained identities after each request; SUGAR: Continues forgetting 
target identities while consistently preserving retained ones.
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Baseline: Causes visible distortions 
and unintentionally removes key 
facial attributes.
Ours: Preserves facial structure, 
expression, and texture; achieving 
effective identity unlearning while 
maintaining visual consistency of 
retained identities.

On average, SUGAR can improve the 
retainability of the model by up to 
700%.
Maps each erased identity to a diverse 
counterfactual on the data manifold—
improving retention and limiting 
adaptive probe-and-collapse attacks.

Appendix: security analysis, ablation 
study, unlearning robustness, 
extension with diffusion models, etc.

Forgotten Identities: neither GUIDE nor 
SUGAR allowed consistent identification of the 
original identity after unlearning.
Retained Identities: Participants correctly 
identified SUGAR-generated identities 86% of 
the time, compared to only 1.9% for GUIDE.

Forgetting an identity does not require 
aggressively minimizing metrics like ID

60 participants; 579 responses

Sequential Unlearning. The resulting model of previous 
unlearning stage is used for the next unlearning stage.

Controllable Unlearning. Adapting forgetting strength 
controlled by parameter 𝑑 (Eq. 2).

ü Batch unlearning
ü Sequential unlearning
ü Controllable 

unlearning
ü Addresses forgetting–

retention trade-offs
ü Avoids unintended 

lateral collapse and 
unlearning signatures

Multi-Identity Forgetting Results. Our method 
effectively removes target identities while preserving 
the quality and distinctiveness of retained ones.

§ SUGAR, an approach for effectively unlearning 
multiple identities from a generative model, either 
simultaneously or sequentially.

§ Outperforms SOTA methods on ID similarity and FID, 
achieving up to 700% improvement in utility 
preservation (quantitatively and qualitatively)

§ TL;DR: (i) effective forgetting with better retention, 
(ii) learnable and automatic counterfactual identity 
selection (iii) privacy enhancement.
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