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Abstract

Recent advances in 3D-aware generative models have en-
abled high-fidelity image synthesis of human identities.
However, this progress raises urgent questions around
user consent and the ability to remove specific individu-
als from a model’s output space. We address this by in-
troducing SUGAR, a framework for scalable generative un-
learning that enables the removal of many identities (si-
multaneously or sequentially) without retraining the en-
tire model. Rather than projecting unwanted identities
to unrealistic outputs or relying on static template faces,
SUGAR learns a personalized surrogate latent for each
identity, diverting reconstructions to visually coherent al-
ternatives while preserving the model’s quality and di-
versity. We further introduce a continual utility preser-
vation objective that guards against degradation as more
identities are forgotten. SUGAR achieves state-of-the-
art performance in removing up to 200 identities, while
delivering up to a 700% improvement in retention util-
ity compared to existing baselines. Our code is pub-
licly available at https://github.com/judydnguyen/SUGAR-
Generative-Unlearn.

1. Introduction

Despite the undeniable benefits of generative Al across
various domains such as image synthesis and content cre-
ation [20, 23, 40, 44], growing concerns have emerged
regarding their potential misuse and unintended conse-
quences [7, 45, 46]. In particular, generative models can
inadvertently memorize and reproduce identifiable faces or
proprietary images from their training data, posing signif-
icant risks to intellectual property rights and personal pri-
vacy [5, 15, 32].

These issues have urged the right to be forgotten [29, 41],
a movement supporting individuals’ ability to request the
removal of personal data (e.g., images of one’s face) from
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Figure 1. Results on forgetting multiple identities (left column).
Our method effectively removes the specified identities from the
generative model while maintaining the quality and distinctive-
ness of the retained identities. In contrast, the baseline (GUIDE)
method causes noticeable degradation in the retained identities.

digital systems like Al models. While possible to remove
requested images from training sets, retraining models from
scratch is computationally impractical, especially if there
are multiple requests over time [22, 38].

To address the growing need for post-hoc data removal,
recent work has explored generative unlearning—the task
of removing specific information from pretrained genera-
tive models without retraining from scratch [2, 13, 30, 42].
Approaches vary in how they suppress unwanted identities.
Selective Amnesia [13] targets diffusion and VAE-based
models, using continual learning techniques to push erased
concepts into noise-like outputs. GUIDE [30], the first to
address Generative Identity Unlearning (GUI) in GANS, in-
stead manipulates the latent space by redirecting target em-
beddings toward a fixed mean identity representation. As
illustrated in Figure 1, both methods demonstrate initial ef-
fectiveness for single-identity removal but face key limi-
tations: (a) they lack support for forgetting multiple iden-
tities at once or over time; (b) their suppression mecha-
nisms—mapping to noise or an average face—may leak in-
formation about the forgotten identity; and (c) they often
degrade unrelated generations, causing semantic drift in re-
tained identities. For example, in GUIDE, retained faces in



the Baseline row of Figure | begin to converge toward the

median face, reducing output diversity and model utility.
Toward this end, we present SUGAR, which is capable

of securely removing multiple identities while maintaining
the usability of the model. Unlike previous approaches that
introduce artifacts or distortions, SUGAR ensures that for-
gotten identities are effectively erased without compromis-
ing the fidelity, diversity, or usability of the model’s outputs.

The contributions of this work, therefore, are the following:

1. We introduce SUGAR, which—to the best of our
knowledge—is the first GUI method to address multiple-
identity unlearning and sequential unlearning within the
context of generative Al.

2. We demonstrate the effectiveness of our approach
over SOTA methods using Identity Similarity (ID) and
Fréchet Inception Distance (FID) quantitative metrics,
achieving up to a 700% improvement over baselines
in maintaining model utility. Furthermore, our qual-
itative analysis and human judgment study reinforce
these findings, showing that our method effectively un-
learns multiple target identities while preserving the vi-
sual quality of retained identities.

3. We conduct extensive ablation studies to evaluate con-
trollable unlearning, identity retention, utility preser-
vation, and privacy enhancement, highlighting our
method’s advantages: (i) effectiveness in forgetting and
retention; (ii) learnable and automatic determination of
new identities for each forgotten identity; and (iii) pri-
vacy preservation throughout the unlearning process.

2. Related Works

Mitigating Misuse of Generative Models. As genera-
tive models continue to advance in their ability to synthe-
size and manipulate highly realistic images, concerns about
ethical misuse have intensified. The integration of pow-
erful image editing techniques—such as latent space ma-
nipulation [31], language-guided editing [26], and photore-
alistic face retouching [39]—has made it increasingly ac-
cessible for users to modify images of real individuals or
apply stylistic transformations [33]. More alarmingly, re-
cent studies have shown that these models can be exploited
to extract memorized, copyrighted training data [3], often
without the consent of the individuals or content owners in-
volved. One of the most pressing risks is the unauthorized
synthesis of a person’s likeness in misleading or harmful
contexts, such as deepfakes or defamatory media [1, 24, 28].
To counter this, Thanh et al. [36] developed an adversar-
ial attack against UNet, effectively corrupting generated
images. Other works in the concept erasure domain fo-
cus on eliminating certain visual concepts. For example,
Gandikota et al. [8] were among the first to introduce re-
moving specific concepts from diffusion models using neg-
ative guidance. This is still an ongoing research direction

with follow-up works such as [8, 25, 27] to better improve
the balancing between unlearning efficiency and maintain-
ing model utility on remaining concepts. Previous methods
are identity-specific, requiring tailoring for each individ-
ual, which makes them non-scalable for protecting multi-
ple identities and introduces substantial computational over-
head. Moreover, these approaches primarily focus on asso-
ciations between concepts, such as the “Van Gogh style,”
and generated images, a focus more relevant to multi-modal
learning, like text-to-image models. In contrast, our study
centers on image-to-image models.

Generative Unlearning. Machine unlearning is a tech-
nique that enables a machine learning model to “forget” or
remove the influence of specific data points from its training
data, without needing to be retrained from scratch [2, 35,
42]. The usage of approximate unlearning is more prefer-
able in the context of GenAl because these models are often
trained on large corpora and datasets, making the retraining
approach infeasible [21, 37]. The interest in machine un-
learning with generative models has grown recently, where
the field was dominated by supervised unlearning before,
i.e., classification tasks [4, 9-12, 34]. Seo et al. [30] were
the first to address GIU for GAN-based models in an ap-
proach called GUIDE. However, their method does not ac-
count for practical scenarios involving (i) simultaneous un-
learning requests—an essential requirement in real-world
applications where multiple individuals may request data
removal at once—or (ii) sequential unlearning, where re-
quests arrive at different times [43]. Our empirical results
also demonstrate that while GUIDE is effective for unlearn-
ing, it hampers the model’s ability to maintain overall gen-
eration quality on retained identities.

Recent studies have also addressed generative unlearn-
ing by mapping forgotten identities to a Gaussian distribu-
tion N (0; ) while preserving the original distribution for
remaining data in an approach called Selective Amnesia
(SA) [6, 13]. However, using Gaussian noise to replace for-
gotten identities is suboptimal, as it fails to accurately repre-
sent certain training data distributions, potentially corrupt-
ing other identities. Furthermore, SA, as well as GUIDE,
(iii) raise security concerns, as the association between a
forgotten identity and its output (noise or average face) can
still be detected. To this end, we introduce SUGAR to ad-
dress each of these concerns (i, ii, and iii).

3. SUGAR: Architecture and Components

3.1. Problem Formulation

Problem formulation (multi-identity unlearning). We
build on the GUI setup from Seo et al. [30] and extend it
to handle multiple identity unlearning. We consider a pre-
trained EG3D-style pipeline (E ;G ;R) and aim to ob-
tain an unlearned generator GY that forgets a set of K tar-



Figure 3. Our de-identi cation process, denoted

as , de nes the target latent cods; for un-

learning by linearly subtracting the average iden-
Figure 2. The overall pipeline SUGARonsists of two phases: (i) ID-speci c De-  tity vector w from the counterfactual identity
Identi cation and (ii) Forgetting in a Continual Learning Fashion. Inthe rstphase, ( Wia) produced by the model. This approach
a mapping function, , is trained to determine how a forgetting identity should be contrasts with GUIDE, which sets the new tar-
mapped using the forgetting st and the pre-trained modés. In the second get vector by extrapolating from the source latent
phase, the generatorof the generative model is updated such that the forgotten code along the direction towass, maintaining
identities are mapped to new, targeted identities generated by a xed distance along that direction.

get identities while retaining performance on others. Let surrogate target to each identity W, and guidesG" to-

D = Dy [ D ; denote the full dataset, wheby, contains ward these substitutes while explicitly enforcing the retain
images of th&K identities to remove anD, the remainder  constraint on\, .

(iDrj D u]). We operate in latent spac®/, = fw = . . . .

E (x)jx2DygandW, = fw=E (x)jx2D,g. 3.2. ID-speci ¢ De-indenti cation

We keep the mapping network and rendd®exed and up-  Unlike existing unlearning approaches with prede ned tar-

date onlyG. get concepts, we proposdearnable andsample-speci ¢
For brevity, we de ne the feature operatér(w) := procedure to determine where each forgotten sample should

G(w), which returns the tri-plane feature, and the recon- be mapped. We call thi®-speci ¢ De-identi cation

struction operatoR (w) := R(F (w); c), which renders the Following Seo et al. [30], we de ne the identity latent

nalimage. Accordingly, the objectives of multiple-identity  vectorwiq for an individual as the difference between their
unlearning can be formulated as follows. latent representatiow, and the average latent vectar,

» Forget: For everyw 2 W, the imageR! = Rgu(w) i.e., Wig = wy w. In our method, we train a mapping
should not resemble the identity associated with= modelT to produce a new identity vectevl, given any
Rg (w). input latent vectowv, 2 RY M W such that:

* Retain:For everyw 2 W,, ®" should remain close %
under standard perceptual/identity/photometric metrics. Wy =T (wg)2 R " ¥ (2

Remapping function. To disassociate image generation

from an identityl , with latent vectomw,, a straightforward ) -

and effective strategy—used BUIDE [30]—is to remap whu?h de_termlnes the_ t_arget latent code for the forgot-

W, to a surrogate target identity“9 (e.g., the median face) €N identitywy, by shifting the reference latemt along a

with latent vectom,y,g . With GUI, we adopt this idea and direction derived fromwiq . Speci cally, the operator sub-

denote the GUIDE loss as themapping objective Brazct;a l;ormallzed transformationwef; , scaled by a factor
, fromw:

Lmap (Wu; Wavg) = mse Lmse F(Wy); F (Wayg) T (wWq)
. — _ id

+ per Lper R(Wy);R(Wayg) + id Lig R(Wu)§R((\1V)avg) : (iwu)=w=w d m ©)

This couples an MSE term in feature space with percep-Here,d controls the displacement magnitude in latent space
tual and identity terms in image space, aligning intermedi- to ensure that the target code removes identi able traits
ate features and steering the generator toward the surrogatef the original identity.
identity | 29 rather than the origindl,, . The intuition is that we learn a mappifig that assigns

However, direct remapping can induce non-smooth be- each forgotten identitw, 2 W, a personalizedounterfac-
havior across multiple forgotten identities and trade off with tual w;: a different identity that (i) preserves coarse facial
retention. To enable scalable removal, we introdlide attributes ofw, while (ii) being recognizably distinct by fa-
speci ¢ De-ldenti cation, which assigns a personalized cial recognition metrics such as ID or LPIPS [30]. In latent

We then de ne thede-identi cation operator ( ;wy),



spacew; serves as the surrogate foy,; after unlearning,  Maintaining Model Utility. During unlearning, we ob-
G synthesizes faces consistent withrather tharw,. To serve that samples whose latent representations are close to
learn this identity replacement, we train a transformation those in the forgetting sé¥/, are more likely to experience
function that maps eactw, 2 W, to a replacement la- performance degradation, whereas samples farther away are
tent codew; = ( ;w,) that meets the above criteria. The typically unaffected'. To preserve the model's utility, we
transformation is supervised using the following objective: propose a strategy to protect these nearby samples from un-
. X h intended disruption.
mse Lmse F(Wy); F(( Wy)) Vicinity Sampling. Unlearn_mg a set of_lden_tl_tles can dl_s-
rupt nearby latents belonging to other identities; in particu-

[ lar, identities whose codes lie close to the forgotten set are
per Lper (Xu;Ru)  id Lia (Xu;Ru)  (4)  most prone to collateral degradation (cf. Appendix D.3). To
proactively guard against this effect, we construeicn-
where the rst termLmse, encourages the replacement la- i set\w of perturbation probes around each forgotten la-
tent code to re.tam S_'m'la_r tn-plang featuresitp, ensuring tent and use them as the retention objective. Formally, let
that the substitute identity remains structurally plau5|ble. d N (0;1) be a random direction andi := d =kd'k,

The last two terms-tper (perceptual loss) andiq (iden- 4 ¢orresponding unit vector. For a step radius 0, we
tity loss)—enforce dissimilarity inimage space between the 4 e the probe set:
reconstructed outpi®, = R(( wy)) and the original im-
agex,, promoting effective identity removal. v = n @ @ = w o+ 4 Ok ©)
As shown in Figure 3, compared to the baseline GUIDE, '_ - ' =1
our method introduces a more exible mapping function,
enabling the identi cation of a new target identity that better Intuitively, W samples points on a small spherical shell cen-

L =
de() W oW

facilitates the subsequent unlearning process. tered atv),. These probes are incorporated into the retention
o ) ) ) objective to prevent unlearningy; from inadvertently dis-
3.3. Forgetting in a Continual Learning Fashion torting neighboring latents and, in turn, degrading identities
In unlearning, there are always two objectives tied together,not intended to be forgotten. _
which are enforcing forgetting and retention. While one might preserve nearby samples by adding

Enforcing Identity Forgetting. Building on the remapping explicit reconstruction or retain losses (e.g., enforcing the
objective of Seo et al. [30] in Equation 1, we rep|ace the Ssame reconstruction qua“ty via Equation 5), this introduces
xed median-face target with &earnablede-identi cation ~ two drawbacks: (1) the computational cost grows linearly
target produced by our operatdr ); that is, the average  With the number of protected samples, becoming infeasible
facel 29 s replaced by( w). As noted in the GUIDE  at scale; and (2) directly constraining generation can inter-
baseline, successful unlearning must also suppress identitjere with effective unlearning.

information in the local neighborhood of each forgotten la- Elastic Weight Consolidation (EWCJo ef ciently pre-
tent. We therefore Samp|e a perturbed nmgh}ggﬁ for serve behavior in regions most Susceptible to collat-

each forgotten codey : eral damage, we adopt Elastic Weight Consolidation
- W (EWC_) [19]. W(_a treat the vici_nity probe sby as a proxy

Wya = Wy + p—o 2 n U (©0; max); for prior behavior to be retained and regularize parame-
Wra  Wu , ters that are important for agreement with the source model

wherew. is a randomly chosen reference latent that sup- /0und forgotten latents.

plies a direction; this produces marginal perturbations in the Let  denote the pre-ur_ﬂearmng generator para_meters.
vicinity of wy to ensure robustness across local variations. We de ne a reference (retain) loss that mefasures alignment
We apply the de-identi cation operator to both the anchor ~ With the source model on a probe 2 W: “rew; ) =
codew, and its latent-space neighbar. , producing the ~ Lmap (&@';w'); 8w' 2 #: We approximate the diagonal
learnable target w,) and ( wy.a). We then extend the  Fisher information ovelv at = by the average squared
remapping objective in Equation 1 to both targets, de ning gradient:
the overall forgetting loss:
1 X @pew; ) 2
L forget (Wy; )= Lmap Wu; ( wu) FIM; W T = ’ Y
(5) JW] w2 I

+ nei Lmap Wua; ( Wya) -
computed with a mini-batch estimator in practice. Given

For brevity and further ablation study, we denote the these importances, the EWC penalty constrains drift from

second term as the neighbor-remapping ldsgs =
nei Lmap Wusa; ( Wga) - 1See Appendix D.3 for further analysis.




proportionally toF;: ent and realistic reconstructions after unlearning, which is
1X a critical requirement in our setting.
Lewe = > Fi C (8) Evaluation Metrics. We use I(_jt_'-)ntity Similarity I(_D),
i computed with the face recognition network Curricular-

) ) N Face [16], to measure the similarity between images of
This regularizer encourages parameters most critical foraces generated from the same latent codes before and after
preserving behaV'Of on thecinity set to remain near their _ unlearning. Additionally, we use theé&thet Inception Dis-
pre-unlearning values, thereby avoiding per-sample retainggnce ID) score [14] to quantify the overall visual quality
losses during unl_earm_n_g and reducing collateral distortion 53,4 distribution alignment of the generated images. These
around forgotten identities. metrics are calculated on both the forgetting Bgt and

Final Objective. Combining the forgetting loss over the ne retaining seD;, whereD, is sampled from the same
identities inW, with the EWC regularization, the nalun-  g4atasets to whicB, belongs.

learning objective is:
4.2. Experimental Results

Funean B Loger (Wi ) ene Lo ,(9)). 4.2.1. Balancing Forgetting and Retaining

This formulation enables us to mitigate side effects on To evaluate the ability o0BUGARO balance the trade-off
samples near the forgetting set while preserving overall between forgetting and retaining in unlearning tasks, we
model utility, without incurring the high cost of sample- conducted experiments with an increasing number of for-
speci ¢ loss terms. gotten identities, wher 2 f 1;5; 10; 20; 50g, across three

Overall, SUGAReffectively forgets identities in a pre- categoriesin-domain Distribution OOD Distribution and
trained EG3D generator by (1) leveraging a new ID-speci ¢ Random We then compare our method with the baseline
Deldenti cation process that maps a target identity to forget both quantitatively and qualitatively, and incorporate human
to a new identity in the latent space, and (2) combining for- judgment.
getting and retaining loss function. This approach ensuresEnhancing Retained Model Utility. First, we report the
identities can be effectively removed while ensuring model improvement of our method in maintaining model utility

utility on other identities. in Table 1 in the generative identity unlearning task across
three categories. Our method consistently outperforms the
4. Experiments baseline (GUIDE) in maintaining highdD scores and

lower FID values for retained identities, even in scenarios
where only one identity is forgotten. As the number of for-
Datasets. Following the settings of Seo et al. [30], we gotten identities) increases, unlearning becomes more
evaluated GUIDE in three forgetting scenarios: Random, challenging, leading to lower identity similarity and higher
InD (in-domain), and OOD (out-of-domain). These sce- image distortion. However, our method still achieves bet-
narios represent different sources of identities to unlearn.ter performance, witiD scores improving by 50-150%
Speci cally, identities are sampled randomly from the latent over GUIDE, especially in the CelebAHQ dataset, where
space (Random), from the FFHQ dataset [18] used for pre-ID scores are roughly 2x higher fdf = 1 to N = 20.
training (InD), or from the CelebA-HQ dataset [17] as un- Additionally, our method demonstrates a substantial reduc
learning targets (OOD). For both in-distribution (InD) and tion in FID values, highlighting its ability to preserve image
out-of-distribution (OOD) settings, we use a GAN inversion quality while unlearning more identitie©n average, our
networkl to map each forgetting image, 2 D, to a latent method can improve the retainability of the model by up

4.1. Experimental Setup

codew!, = E (x},), forming the forget setv, = fw/, g\, ; to 700% across these scenariosThis observation is rep-
the retaining se#V, is sampled from the same datasets and resented clearly in the qualitative results in Figure 4. The
inverted analogously. images in the second row exhibit visually apparent distor-

Baselines. We select GUIDE [30] as our baseline for com- tions, suggesting that the baseline approach inadvertently
parison, as it aligns with our focus on identity-speci ¢ un- removes crucial facial attributes beyond the intended iden-
learning. GUIDE effectively removes identity-related fea- tity modi cation. In contrast, our method, shown in the
tures while preserving the overall structure and quality of third row, maintains a higher level of visual consistency,
the generated images. In contrast, other methods, such apreserving de ning characteristics such as facial structure,
Selective Amnesia (SA) [13] and Feng et al. [6], map for- expression, and texture. This indicates that the proposed
gotten identities to Gaussian noise. This approach often re-approach is more effective in unlearning forgotten identities
sults in unnatural artifacts and disrupts facial reconstruc- without dramatically affecting the retained identities.

tion, making it unsuitable for our task. Speci cally, map- Ensuring ldentity Forgetting. To evaluate the model's
ping to Gaussian noise prevents the generation of coherperformance in effectively unlearning identities, we present



Figure 4. Qualitative results comparing our method with the baseline for the unlearning multiple identities task. The rst block illustrates
identities targeted for forgetting, while the second block shows identities to be retained. Within each block, the rst row contains the
original images, while the second and third rows present the generated images corresponding to these identities.

Table 1. Quantitative comparison of model utility in generatindporgotten identities between our method and the baseline (GUIDE) in
the generative identity unlearning task, as the number of forgotten idenhitieim¢reases.

FFHQ CelebAHQ Random

#IDS  Methods (In-domain Distribution) (OOD Distribution)

\ ID (") FID (#) ID (") FID (#) ID (") FID (#)
N=1 GUIDE 0.3301 o0.0073 112.06 s5.1507 | 0.5118 o0.0027 133.16 4.9765| 0.6061 o0.0061 66.531 2.4249
- Ours 0.5730 o0.0103 94.873 o0.3855 | 0.7057 o0.0055 66.280 4.3198 | 0.6457 o0.0030 87.257 6.9018
N=5 GUIDE 0.2233 o0.0040 143.23 14068 | 0.3244 00202 116.47 20877 | 0.4346 o0.0019 144.40 0.1790
B Ours 0.5500 o0.0022 113.10 o0.0406 | 0.5766 o0.0070 101.78 2.6185| 0.6538 o0.017 115.53 0.5600
N=10 GUIDE 0.2132 o0.0063 181.66 25615 | 0.2893 o0.0024 165.37 o0.8487 | 0.2798 o0.0012 138.19 0.6920
- Ours 0.5001 o0.0030 140.86 23990 | 0.4791 o.0060 118.32 0.9936 | 0.4392 o0.0010 98.023 0.4619
N=20 GUIDE 0.1150 o0.0036 191.50 15908 | 0.1748 o.0116 168.34 25693 | 0.2281 o0.0007 155.08 o0.6582
- Ours 0.4515 oo0051 149.56 11429 | 0.4182 o0.0051 124.31 52634 | 0.4774 o0.0024 90.080 o0.1015
N=50 GUIDE 0.0115 o.0112 197.91 o5813 | 0.1339 o0.0054 174.96 3.2256 | 0.1569 o0.0005s 141.61 0.3855
- Ours 0.3583 0.0043 164.07 18977 | 0.3504 0.0043 137.41 1.9314| 0.4612 o0.0009 88.306 0.0092
Average Impr. (%)| + 96.424 + 19.568 | + 73218 + 27.780 | + 83.586 + 18.928

quantitative results in Table 2. On averag®,scores for Table 2. Quantitative comparison of the forgetting ability of the
forgotten identities are 54.7% lower than those for retained unieamed model, measured fargotten identities, between our
identities, indicating thaBUGAReffectively prevents the ~Method and the baseline (GUIDE) in the generative identity un-
generation of images from forgotten identities. We argue learning task, as the number of forgotten identitidg (ncreases.
that forgetting an identity does not require aggressively

Metric  Model Number of Forgetting IDs

minimizing metrics likeD, as this could harm utility, result- N=1 N=5 N=10 N=20 N=50
ing in the degraded performance demonstrated in Figure 4. | cupe %2773 = 00040 = 00095 — 00218 00881
This raises the question of when an identity can be consid- ows 076 02664 02580 02017 02433
ered suf ciently forgotten. Since there is no clear threshold 13390 17727 16383 14344 14643

H H H FID GUIDE 6.9372 2.2242 0.9667 0.8456 0.6706
for ID scores at which humans perceive an unlearned image o 115,98 12598 125.93 105.40 106,19

. . . . « . . . urs

as distinct rather than identical, determining suf ciency is 77846 06796 03963 06074 14283

inherently subjective. To address this, we conducted a hu-

man recognition study to assess (i) whether unlearned iden-of each model's effectiveness in identity unlearning beyond
tities are no longer identi able by humans and (ii) whether relying solely onlD scores.

retained identities remain recognizable. This evaluation Hyman Judgments' Results.  In this study, we sam-



(a) Accuracy of Selected Identities (b) Overall Accuracy

Figure 5. Human judgment result on selected forgettf#) @nd
retaining R#) identities.

Figure 6. Visualization of our controllable unlearning. The effect
retaining identities produced by our unlearned model and of unlearning in 121 generative models is controlled dbyEqua-
GUIDE's unlearned model. We recruited 60 participants tion 2) for the vectors generated by our de-identi cation models.
and received 579 responses. Each participant was asked t@/ith our approach, the model vendor can selectively control the
select the image among ve sampled images that they be-forgetting level. The higher the value dfi.e., up to 30), the more
lieve depicts the same person given a set of ve random Original features of forgetting people are retained.
identities’ images. Interestingly, participants were unable Table 3. Ablation study on the effect ofcontrollable value in
to consistently identify the original identity among the un- balancing forgetting and retaining capabilities. We used FFHQ
learned images for either GUIDE 8)JGARdemonstrating  and Random datasets in this experiment.
comparable effectiveness in identity forgetting. As shown
in Figure 5, performance on the forgetting set is indistin-  metric Dataset Value ofd
guishable between the two methods. The individual break- d=5  d%5 d210  d=15  d=20  d=30  d=s0
down in Figure 5a reveals that 80-100% of participants ' ol ois0 o4s60 08107 ossée 0seR0 07078 05040
failed to match original images to any unlearned outputs.
However, for retained identities, Speci cally, participants with d = 30, the generated images are much different from
correctly identi ed SUGARyenerated identities 86% of the the original identities.
time, whereas for GUIDE, this rate is only 1.9%. These Dual Objective: Identity Removal and Global Utility
results highlight thaSUGAReffectively balances identity Preservation. We study the impact of our two loss terms:

forgetting while preserving overall model utility. forgetting neighbor los& ej for thorough identity forget-
ting and the global preservation lokg,, for utility reten-
5. Ablation Study tion. To evaluate identity removal, we conduct a multi-

image test on CelebAHQ identities, assessing whether our
In this section, we conduct ablation studies to evaluate con-method forgets other images of the same identity that are not
trollable unlearning, identity retention, global utility preser- explicitly included inW,. Figure 7 summarizes the results.
vation, and sequential unlearning. “Ours-v1” denotes the varianwithout the neighbor loss
d Controllable Unlearning. Our method can be used as L in Equation 5, so the forgetting objective applies only
a controllable unlearning solution in 12l generative models, to the anchor images of each target identity. Without this
whered is the control coef cient. In Equation 3, with a  term, residual attributes of the forgotten identity can persist,
well-trained model , the targeted identity for each identity even when the generated images depict distinct individuals.
Wjq is adjusted with a different coef cierd. As shown in Adding Lei enforces consistency across the local neigh-
Figure 6, the higher the value df the more features of the borhood in latent space, which is crucial for the ultimate
forgetting IDwiy are retained in the new mapping identity goal of removing an entire identity rather than only a single
w; . With our method, the model vendor can select this con- image. To analyzk ¢, Figure 8 compares reconstructions
trollable parameter to balance the trade-off and the forget-with (Ours) and without (Ours-v2) the global preservation
ting level that reaches a consensus between the vendor anlibss. The rst two retained identities come from the same
the requested unlearning party. However, there is a trade-offdistribution as the forgotten ones, while the last three (IDs
between forgetting and retaining utility, as discussed in pre- 3-5) are randomly sampled latents. Random identities re-
vious work [6, 42]. This relationship is presented in Table 3. main largely unaffected by unlearning (even under GUIDE),
While reducing the distance can make the model forget thewhereas closer identities (IDs 1-2) are more susceptible to
forgetting seD; more drastically (i.e., lowdD and higher  collateral forgetting. Ours-v2 already preserves these better
FID for the forgetting set), this leads to a greater impact on than GUIDE due to our de-identi cation, and addibgy,
the retaining set (i.e., lowdD). It is worth noting that even  further improves retention by preserving ne details (e.g.,
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