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Abstract

Machine unlearning methods aim to remove sen-
sitive or unwanted content from trained models,
but typically demand extensive model updates at
significant computational cost while potentially
degrading model performance on both related and
unrelated tasks. We propose Single Layer Un-
learning Gradient (SLUG) as an efficient method
to unlearn targeted information by updating a sin-
gle critical layer using a one-time gradient compu-
tation. SLUG uses layer importance and gradient
alignment metrics to identify the optimal layer for
targeted information removal while preserving
the model utility. We demonstrate the effective-
ness of SLUG for CLIP, Stable Diffusion, and
vision-language models (VLMs) in removing con-
crete (e.g., identities and objects) and abstract con-
cepts (e.g., artistic styles). On the UnlearnCanvas
benchmark, SLUG achieves comparable unlearn-
ing performance to existing methods while re-
quiring significantly less computational resources.
Our proposed approach offers a practical solution
for targeted unlearning that is computationally
efficient and precise. Our code is available at
https://github.com/CSIPlab/SLUG.

1 Introduction

Modern large foundation models, including large language
models (LLMs) (Leiter et al., 2024), text-to-image dif-
fusion (Salimans & Ho, 2022; Yang et al., 2023) , and
vision-language models (VLMs) (Zhang et al., 2024b; Liu
et al., 2024b) leverage vast amounts of data for training.
While these large scale datasets enhance performance, they
also raise serious data privacy and legal compliance (gdp,
2016; Thiel, 2023) concerns as unwanted data can influence
the trained models, resulting in harmful content genera-
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tion (Thiel, 2023) and demands for unlearning. Completely
abandoning trained large models and retraining them from
scratch using scrutinized dataset is prohibitively expensive
and wasteful. Machine unlearning (Cao & Yang, 2015;
Nguyen et al., 2022; Chakraborty et al., 2024) is an attractive
alternative, which refers to techniques designed to remove
targeted information from a trained model.

A good machine unlearning technique should achieve three
main objectives: (1) Computational efficiency. The naive
approach of re-training models achieves exact unlearning
but at an enormous computational cost. An effective solu-
tion must minimize the computational overhead. (2) Effec-
tive and robust unlearning. Recent studies have raised
concerns about the robustness of unlearning methods, show-
ing that unlearned concepts can often be recovered through
careful probing or adversarial techniques (Zhang et al., 2025;
Petsiuk & Saenko, 2025; Che et al., 2025). The unlearn-
ing process must be robust against such recovery attempts.
(3) Targeted removal with minimal side effects. The in-
terconnected nature of learned representations means that
removing one concept can lead to degraded performance on
(un)related concepts and overall model performance (Amara
et al., 2025). Unlearning should precisely target specific
information while preserving general model capabilities.

Current unlearning methods often fail to meet all three ob-
jectives simultaneously. Traditional approaches like fine-
tuning (FT) (Warnecke et al., 2023) and gradient ascent
(GA) (Thudi et al., 2022) struggle to balance between ef-
fective forgetting and utility preservation. More recent
techniques such as saliency unlearning (SalUn) (Fan et al.,
2024) and selective synaptic dampening (SSD) (Foster et al.,
2024) attempt to address this by identifying and updating
only salient parameters. While these methods represent the
state-of-the-art, they still face key challenges: (1) High
computational cost, as they typically involve iterative gra-
dient computation and parameter updates across the entire
model. (2) Limited generalizability and flexibility, as
they are often designed for single tasks (e.g. classification,
image generation). (3) Side effects, as parameter updates
spread over the entire model can cause unintended changes
to (un)related concepts and degrade overall model perfor-
mance. (4) Human engineering, as they require extensive
hyperparameter tuning for learning rate, number of itera-
tions, and thresholds for masking in parameter updates. We
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Figure 1: Overview of propose&ingle LayerUnlearningGradient (SLUG) framework. Given an unlearning request, we curate a forget

set and retain set, then compute gradients w.r.t corresponding loss for one-time. We then identify the most critical layer to update that has

larger importance for forgetting, and smaller gradient alignment between forget and retain. A binary search helps determine the step size
for model updating, ensuring targeted forgetting while retaining model utility.

present additional discussion on related work in Section Aforget set and low relevance to the retain set. (3) Update the
targeted layer along a linear path using the computed forget
gradient. Below we discuss details about the unlearning
daroblem formulation, layer identi cation, unlearning via
single gradient, and generalization to different models. We
Rave included a pseudocode for SLUG in Section B.

To address these challenges, we propSisgle Layer
Unlearning Gradient (SLUG) (see Figure 1 for illustra-
tion) to overcome the key challenges listed above. SLU
uses layer importance and gradient alignment metrics t
identify a single optimal layer for targeted information re-
moval while preserving the model utility. SLUG minimizes 2.1 Unlearning problem formulation

the computational cost by requiring a one-time gradient

computation and single layer updates. Furthermore, SLU®reliminaries. Suppose we are given a model(D) with
concentrates changes in a single layer and introduces strofg@rameters trained on datas@& with N samples. Our goal
exibility, making post-training large scale model updates is to remove the in uence of a speciforget setDs D,

more modular and ef cient compared to existing methods.consisting ofN+ samples, o (D). The challenge is to
make this process more ef cient than retraining the model

We demonstrate the effectiveness of SLUG across CLIF(‘Jn theretain setD, = D nD; with N, samples. We

Stable Diffusion, and vision-language models in removingg,q o develop an unlearning algorithirthat produces

concrete (e.g., identities and objects) and abstract concepls, nlearned moddt . = U(F (D):D:;D;), which is
f ) 1 H

(e.g., artistic styles). Our experiments demonstrate SLUG,ciona)ly equivalent to a modél (D, ) that is retrained
effectiveness across all three key objectives. For ef mencyomy onD, . We can formulate the unlearning problem as
r.

we achieve state-of-the-art results on the UnlearnCanvaginimizing some loss functions de ned on the retain and
benchmark while requiring only a fraction of the computa-forget sets:

tional resources and tiny storage. For precision, we show

minimal impact on related concepts and image quality. In mMin Lyetain( ;D 1) Ltorged ;D £); (2)
terms of robustness, we evaluate against recent vulnerabili-

ties identi ed by Zhang et al. (2025) and Petsiuk & Saenkowhere denotes a regularization parameters.

(2025), demonstrate the effectiveness of our method. . o . .
Loss functions for vision-language alignmentFor tradi-

2 Single Layer Unlearning Gradient tional image classi cation models, cross-entropy loss can be
directly used as both retain loss and forget loss. In this paper,
The core principles of SLUG can be summarized as followswe focus on large multi-modal foundation models such as
(1) Compute one-time gradients for the forget and retairCLIP (Radford et al., 2021), Stable Diffusion (Rombach
losses. (2) Identify a single layer with high importance to theet al., 2022), and vision-language models (Liu et al., 2024b)
that rely on vision-language alignment. CLIP, in particu-
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lar, is pivotal in advancing multi-modal models by aligning the ™, norm of the layet parameters;:
visual and textual representations through contrastive loss
P 9 kr ||—f0rget(;Df)k2_

(Chopra et al., 2005). In unlearning, one of our goals is Importancél) = K (5)
to break these learned alignments, so that one modality is 12
non-retrievable with the corresponding modality. This choice of importance is inspired by the use of Fisher

: L . information matrix to measure the in uence of model pa-
For the retain set, we use the original contrastive loss thf’ o
can be de ned as 9 rameters (Foster et al., 2024; Kay, 1993; Hassibi et al., 1993;

Kirkpatrick et al., 2017). Note that the Fisher information

1 R matrix for | can be de ned as
Lretain(;Dr): BN ( i2t(|)+ t2i(|)); (2) " #
Ny @ @ !
Io()=E —=L(;D) —=L(;D) ; (6)
where @ @
S Y= loge exp(cosf/i;ti)=) | whereL denotes the log-likelihood loss (i.e., score) function
i2(i) = logp N t)=) (which can be the forget loss in our case). The diagonal
j=1 exp(cosfi;tj)=) o -
o (3) elements re ect the sensitivity of the log-likelihood to the
“wi(i)=  logp exp(costi; vi)= ) parameter changes, and thenorm of the diagonal entries

szl exp(costi;vj)=) is identical to the , norm of the forget loss gradient.

Here,v; is the normalized image embedding from the vision Importance of layer alone is insuf cient for balancing un-
modelf, andt; is the normalized text embedding from the learning and utility retention. We also ensure that forget
text modelf ; . The temperature controls the sharpness of gradients are nearly orthogonal to the retain gradients by
the softmax probability distribution, while cosine similarity minimizing the gradient alignment:

is de ned ascosfvi;t;) = v; t;. Minimizing this con- : _ ] ) . )
trastive loss aligns the vision and language representatioré“gnmen(l) = cosr Lioge( ;D ¢);r  Lretain( ;D rz7j

In the embedding space. Small alignment between unlearn and retain gradients would
For the forget set, we use the cosine embedding loss: prevent unlearning updates from negatively affecting the
i retain set.

Ltorge( ;D 1) = N 1 coqvi;tj): (4)  To balance both objectives, we search for a Pareto-optimal
M= set across all layers (Marler & Arora, 2010), maximizing

This loss directly pushes the embeddings of positive pair'gnportance while minimizing alignment of forget and retain

away while not tampering with the embeddings of negativegradiems- Figure 2 illustrates the Pareto front for unlearning
pairs. Using the original contrastive loss as forget loss will@ target identity from CLIP ViT-B/32, where colored dots
result in ineffective unlearning. represent layers that achieve optimal trade-offs between

. . o these objectives—improving one metric necessarily worsens
2.2 Single layer identi cation the other. We aim to nd the optimal balance between

) ] o unlearning and retention among these selected layers.
Inspired by the ndings that reveal distinct layers learned

distinct features in deep networks from Zeiler & Fergus2-3 Unlearning in a single gradient direction

(2014); Olah et al. (2017); Ghiasi et al. (2022). We aimto _ . . ) .

identify and modify only the critical layers that contain fea- EXISting unlearning methods calculate gradients at each
tures related to the unlearning tasks while avoiding changederation to update model parameters, which signi cantly

to other layers, which capture abstract features unrelated #/¢"€as€s computational complexity. Inspired by task arith-
unlearning but essential for model utility. To minimize the Metic (llharco et al., 2023) and the linear nature of many

impact on utility when modifying the model, we propose optimization problems (LeCun et al., 2015), we observe that

updating parameters along the unlearning direction withirf€Peated gradient calculations can be redundant. Instead,

the “null space” of the retaining features. In other wordsW€ Propose calculating the gradient only once for the ini-

we focus on layers that minimally change retain set outputdi@! model and updating the parametersf any layer in

while maximally changing the forget set outputs. This ap& Weight-arithmetic fashion. Speci cally, the weights are
ated along a xed gradient direction:

proach balances the impact on retained data while precisef’ﬁ/pOI
targeting features for unlearning, enhancing the precision of ©) : :
model modi cation. ! ' M Loge(:D1) 8)

We quantify the importance of a layeto the forget seb; ~ Where | represents the parameters of layéor the un-
using the ratio of thé, norm of the forget loss gradients to learned model anq‘o) represents the initial parameters. The

3
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(a) Layers of vision model (b) Unlearn a vision layer (c) GA on whole model

(d) Layers of language model (e)Unlearn a language layer (f) GAFT on whole model

Figure 2: Layer identi cation (a,d) and unlearning with a single gradient (b,e). The rst column shows gradient alignment and importance
metrics for vision and language models from CLIP ViT-B-32, highlighting layers on the Pareto front for unlearning an identity. The
second column demonstrates effective unlearning by updating identi ed layers along a single gradient direction without signi cantly
impacting retain set performance. The third column shows that iterative methods (GA and GAFT) offer no advantage over a single
gradient and require early stopping to prevent over-unlearning.

gradientr | Ltorged ;D 1) o is calculated only once, is a time-dependent noise balance facterjs the guid-

based on the forget l0$5orge: evaluated on the forget set aNCE scaleg = fi(ixt ) is the text embedding, and
D;. The step size controls the update magnitude. r x logp(xje) is the gradient of the log-probability of the
noisy image conditioning over the text embedding (also

Updating weights of a layer along a xed gradient direction known as the conditional score function), guiding the de-
is equivalent to linearizing the unlearning trajectory. Thisnoising process. We achieve single-layer unlearning on SD
approach reduces computational complexity while ensuringyy applying SLUG to the text encoder (i.e., CLIP), enabling
effective unlearning. To select the appropriate step size a layer-level exible plug-in unlearner inspired by Zhang
we perform a binary search along the linearized path, haltingt a|. (2024c).

when the evaluation metric indicates satisfactory unlearnin .

without harming performance on the retain set. For example; nlearn V|S|o_n-Language_ Models.VLM§ enable L_LMS i
westopat  0:75in Figure 2b, where the forget accuracy t© Process visual modality by employing pretrained vi-

is near zero and test accuracy is high. This method strike&On encodefy (). LLaVA-1.5 uses a pretrained CLIP
a balance between computational ef ciency and precision‘,"s'on encoder to extract the visual feature from images

maintaining model utility while achieving unlearning goals.e = fv(img), which are then projected to visual tokens
H, = W ethrough an MLPN . These tokens are then con-

2.4 Generalization to Stable Diffusion and VLMs catenated with language tokes, as inputH = [H,;H 4]
] . o to the language model. Since VLMs rely solely on the vision
Following the effective unlearning in CLIP models, our encoder to understand images, similarly to unlearn SDs, we

technique can be further extended to foundation modelg,s1y SLUG on the vision encoder of VLMs to in uence
built on CLIP encoders, such as Stable Diffusion (SD) andne downstream text generation.

VLMs like LLaVA (Liu et al., 2024b;a).

Unlearn Stable Diffusion. Text-to-image (stable diffusion)
models use a pretrained text encofldr) to project text . . ) ) .
prompts into high-dimensional vectors, which serve as guidln this section, we rst provide a brief overview of the ex-

ance in the denoising process. A text-guided denoising steperimental setup for each experiment. We then present key

at timet is written as results demonstrating the effectiveness of SLUG in unlearn-
Xt 1= P (Xt i x log p(xije)) + P 1z (9) ing CLIP, Stable Diffusion, and vision-language models.

3 Experiments and Results

wherex; is the noisy imagez; is the random noise,;
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(a) Original cosine similarity matrix (b) Cosine similarity matrix after unlearning

Figure 3: Cosine similarity matrix of image-text pairs before & after unlearning “Elon Musk” as an example. (a) original CLIP correctly
associate images and text of distinct identities with high similarity. (b) after unlearning, the image-text pair of “Elon Musk” is no longer
matched, while other identities are only slightly affected.

Table 1: Performance comparison of different unlearning methods on CLIP zero-shot classi cation. FA@{1, 5} stands for top-{1, 5}
forget accuracy (%), i.e., accuracy of unlearned identity. TA_IN@1 and TA_CA@?1 stands for the top-1 test accuracy (%) on ImageNet
and CelebA dataset, respectively.andk denotes the number of epochs for training and iterations for unlearning, respedtivel\32

andk = 10 in our experiments)N is the training set size, which is much larger than our sampled forgellsgahd retain set, ).

METHOD FA@1L1(#) FA@5(#) TA_IN@1(") TA_CA@L(") CoMPUTE TIME (O)
ORIGINAL 73.05 9222 6012 6138 O(K N)
LEARNING RATE=10 °/10
FT (WARNECKE ET AL., 2023) 66:08/70.50 90:10/92.22 60:36/60.26 60:70/61.35 O(k Ng)
GA (THUDI ET AL., 2022) 0:00/0.00 0:00/4.91 35:88/60.03 24:92/53.86 O(k N¢)
GAFT ((1) 0:00/2.67  0:00/15.89  5552/60.13  2571/55.22 O(k (Ne+ Ng))
SALUN (FAN ET AL., 2024) 0:00/3.33 0:00/15.69  55:45/60.26 26:11/55.81 O(Ng)+ O(k (Ng+ Ng))
SSD (FOSTER ET AL, 2024) 0:00 0.00 5184 3596 O(Ne + Ng)
SLUG (OURS) 0:00 0:00 5996 5832 O(Ne + Ng)
3.1 Experiment setup Datasets.We used publicly-available datasets to construct

the forget, retain, and validation sets. For identity unlearn-
Unlearning scenarios.Considering practicality, we explore ing, we curated the forget set by Itering the LAION-400M
three key unlearning scenarios: (1) unlearning celebrityjataset to isolate 1,000 to 6,000 image-text pairs per iden-
identity information to address privacy concerns, (2) untity. The retain set consists of a single shard from LAION-
learning copyrighted content to comply with legal standards400M, containing approximately 7,900 images (due to ex-
and (3) unlearning artistic styles and object concepts irpiring URLS). To assess unlearning effectiveness, we used
UnlearnCanvas (Zhang et al., 2024d). Our focus is on largehe CelebA dataset (Liu et al., 2015), sampling 100 fre-
scale foundation models, including CLIP (Radford et al.,quently appearing celebrities from LAION-400M. The util-
2021), Stable Diffusion (Rombach et al., 2022), and VLM ity of post-unlearning models were evaluated with ImageNet
(Liu et al., 2024b). datasetUnlearnCanvasvas used to test unlearning of artis-

Models. We performed experiments on CLIP, Stable Dif- tiC Styles and objects in Stable Diffusion.

fuision (SD), and VLM to demonstrate the broad appli-Evaluation metrics. For CLIP, we measure unlearning per-
cability of our method. For CLIP, we used architecturesformance using Forget Accuracy, de ned as the zero-shot
ranging from ViT-B-32 to EVAO1-g-14, trained on LAION- classi cation accuracy on unlearned content. Following the
400M dataset (Schuhmann et al., 2021), and model weightstandard zero-shot paradigm (Radford et al., 2021), predic-
sourced from the OpenCLIP repository (Cherti et al., 2023)tions are based on the highest cosine similarity between
For SD, we used SDv1.5 and SDv2.1 from StabilityAl, image and text embeddings. Utility is assessed via zero-shot
which employs CLIP-ViT-H-14 as text encoder, trained onaccuracy on ImageNet and CelebA. For SD, we employ
the LAION-5B dataset. For VLM, we used the improved established metrics frotdnlearnCanvasFor VLM, we de-
LLaVA-v1.5-7B model from HuggingFace, which employs ne Forget Accuracy as ratio: number of currently predicted
a CLIP ViT-L/14-336px as vision encoder, from OpenAl. instances / total number of instance, detailed in Section 3.4.
We provide a summary of model sizes in Appendix F.
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Hyperparameters. Our SLUG framework requires no man- performing a binary search for a step size that minimizes
ual hyperparameter tuning. We use binary search to dderget accuracy, SLUG effectively preserves model utility,
termine the step size for the one-step unlearning update as demonstrated in Figures 2b and 2e.

(see Algorlthm 3) tr_lat optlmlzes the trade-off be.tween un?_S Unlearning for Stable Diffusion
learning and retention metrics on a small validation subset.

Across all experiments, we x the number of binary search|, g section, we rst present a qualitative evaluation on

s'geps té = 10. For validation at each search step, we US§qentity unlearning in SD, later, we present a comprehen-
5% of the test set for CLIP, 10 test-ime generated imagegj e quantitative evaluation of SLUG on the established
(not present in the forget training set) for SD, and a 1ObenchmarI»UnIearnCanvas

image subset per identity for VLM unlearning. We further o _ _
discuss the trade-off between validation size and unlearning/nlearning identity. We demonstrate the scenario of re-
performance in Appendix B.1. moving personal information on the latest SDv2.1. SLUG

. hod ith th fth ensures SD from generating content related to the erased
Comparing methods.We compare with the state-of-the-art identity when given prompts corresponding to that iden-

methods along with classical methods. For CLIP unlearningmy_ Figure 4 presents examples of images generated by
We compare with classical ne tuning (FT) (Warnecke et al"_SDs before and after unlearning with different methods.
2023), gradient ascent (GA) / negative gradient (NG) (Thudin, - ethod interestingly maps the targeted identity “Elon

et al., 2022), and recent salient parameters-based Sal\p, .~ 15 electronic circuits, consistently across various

(Fan et aI.,_ 2024), and SSD (Foster et al., 2024). We alsﬁrompts, without compromising the model image genera-
compare with a two-stage GAFT approach (Fan etal., 2024 ion on non-targeted concepts (suffering from ripple effects

which rst performs GA fork steps on the forget set, then (Amara et al., 2025)). In contrast, other methods not only

ne-tunes fork §teps on the retain set._For SD unlearnlng,Struggle with generating images of other identities (e.g.,
we compare witld methods reported inlearnCanvas 4 zckerberg) but also degrade the quality of generated
detailed in Section 3.3. images on non-targeted concepts. In Section D, we provide
3.2 Unlearning for CLIP additional results on unlearning more celebrity 1Ds, and
other scenarios, including copyright-protected and novel
We demonstrate that modifying a single layer suf ces to unconcepts erasure.
learn an identity or concept while preserving overall model
utility. Figure 3 shows an example of unlearning Elon Musk
from CLIP. Before unlearning (Figure 3a), image-text pairs

of Elon Musk exhibit high cosine similarity, while after markUnlearnCanvagZhang et al., 2024d), which focused

unlearning (Figure 3b), this similarity drops signi cantly, . - : :
leaving other identities unaffected. Additional results forf)n unlearning artistic style and object concepts in SDs. It

multiple identities and CLIP architectures in Section C (Ap'l(rg:](l)g:rfwe;cig?ar::]p)r?:rel:]rfllgzri?r: o;fr;r; itt:l/cesn;l];kd(lmg
pendix) further con rm the generalizability of our approach. y 9

domain Retain Accuracy) andRA (Cross-domain Retain

A key strength of SLUG is its ability to maintain perfor- Accuracy) for utility retention. The benchmark targets un-
mance on non-targeted tasks/data. Table 1 shows zero-sHefrning styles and objects on an SDv1.5 model ne-tuned
classi cation accuracy on ImageNet and CelebA, whereto generate 20 different objects in 60 distinct styles, and
our method outperforms alternatives in both unlearning effocuses on unlearning one object/style at a time, yielding
fectiveness and utility retention. Unlike iterative methods80 unlearned models for evaluation. For dataset generation,
requiring extensive hyperparameter tuning, SLUG performghe benchmark inputs the ne-tuned SD with the prompt:
a single gradient computatio®(N¢ + N;)), avoiding the “A[object name ]in[style name ]style,” to generate
trade-offs seen in gradient-based approaches, where hidt® images for each object-style pair, resulting in 24,000
learning rates compromise utility and low rates lead to inefimages in total (as there are 1,200 object-style pairs). We
fective unlearning. curate the forget set for unlearning each style/object using
the associated images from tbalearnCanvagi.e., 400
isrpages per style and 1200 images per object).

Evaluation on UnlearnCanvas benchmark. To further
demonstrate the unlearning effectiveness and ef ciency of
SLUG, we also evaluate its performance on the latest bench

Localizing layers. SLUG ef ciently localizes critical layers
for updates, reducing the search space from hundreds to ju
a few Pareto-optimal layers. Figure 2 highlights the criticalln Table 2, we report the unlearning performance of SLUG
layers for unlearning within a CLIP model, these layerson benchmark metrics, along with other state-of-the-art un-
balance layer importance (sensitivity to forget loss) andearning methods reported nlearnCanvasOur method
gradient alignment (minimizing impact on retained data)minimizes storage and computational time by only requiring
Colored dots represent Pareto-optimal layers, exhibitinghe gradient values of a few layers on the Pareto front to be
high importance scores and low gradient alignment. Bystored, and performing a one-step update along the gradi-
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Figure 4: Images generated by different SDs using column captions as prompts. First row: images generated by the original pretrained
SD. Second row: outputs of the SD after unlearning “Elon Musk” using SLUG. Bottom two rows: outputs of the SDs after unlearning
“Elon Musk” using SalUn and ESD. While all methods unlearned the targeted identity, SLUG is superior on preserving the utility of the
original model.

Table 2: Performance overview of different unlearning methods on UnlearnCanvas. The best performance for each metric is highlighted
in green, and signi cantly underperforming results, in benchmark criteria, are marlred.i@ur method SLUG shows no signi cant
underperforming, and achieves the best trade-off among unlearning, retaining, and ef ciency.

EFFECTIVENESS EFFICIENCY GAP RATIO
METHOD STYLE UNLEARNING (%) OBJECT UNLEARNING (%) FID (J TIME MEMORY STORAGE MEAN
UA(") IRA(") CRA(") [ UA(") IRA(") CRA(Y 0O ©6B)O (6B (%) O
ESD (GANDIKOTA ET AL ., 2023) | 98.58 80.97 93.96 | 92.15 55.78 44.23 65.55 6163 17.8 4.3 18.17
FMN (ZHANG ET AL., 2024) 88.48 56.77 46.6 45.64 90.63 73.46 | 131.37 350 17.9 4.2 1.81
UCE (GANDIKOTAET AL ., 2024) | 98.4 60.22 47.71 94.31 39.35 34.67 182.01 434 5.1 1.7 1.72
CA (KUMARI ET AL ., 2023) 60.82 96.01 92.7 46.67 90.11 81.97 | 54.21 734 10.1 4.2 2.44
SALUN (FAN ET AL., 2024) 86.26 90.39 95.08 | 86.91 96.35 99.59 61.05 667 30.8 4.0 2.78
SEOT (L ET AL., 2024) 56.90 94.68 84.31 | 28.25 95.57 82.71 | 62.38 95 7.34 0.0 0.46
SPM (Lyu ET AL., 2024) 60.94 92.39 84.33 | 71.25 90.79 81.65 | 59.79 | 29700 6.90 0.0 84.73
EDIFF (WU ET AL., 2024) 92.42 73.91 98.93 86.67 94.03 48.48 81.42 1567 27.8 4.0 5.37
SHS (WU & HARANDI, 2024) 95.84 80.42 43.27 80.73 81.15 67.99 119.34 | 1223 31.2 4.0 4.62
SLUG (OuRS) 86.29 84.59 88.43 | 75.43 775 81.18 75.97 39 3.61 0.04 0.15
BEST(HYPOTHETICAL) 98.58 96.01 98.93 | 94.31 96.35 99.59 | 54.21 39 3.61 0.00 0.00

ent for unlearning. Despite being extremely ef cient, our represents the normalized distance of a method from the
method does not suffer from signi cant performance degrabest performing method; lower values indicate performance
dation in any metric or task ibhnlearnCanvagsas there is  closer to the best (hypothetical reference) method (see the
nored mark forSLUGrow in Table 2. Our method achieves BESTrow of Table 2). To provide the summary statistics for
excellent trade-off between unlearning and retaining accueach method (row) in Table 2, we compute the GR for UA,
racy. For qualitative evaluation, we provide visual exampledRA, CRA for both style and object unlearning, FID, Time,
of style and object unlearning in Appendix D. and the sum of memory and storage (which are strongly

Uni ed metric for UnlearnCanvas benchmarko summa- related resources in practical deployments). This provides
us a 9-dimensional GR vector for each method. We then

rize the different performance metrics of each method with

i . . report the mean of GR vector in tli@&\P RATIO column in
a single quantity, we rst de ne the Gap Ratio (GR) for o : <
: Table 2, which is proportional to the distance between the
metrics and methodn as

) _ GR vector of each method and tBEST (HYPOTHETICAL)
GR(s;m) = Sm__ Svest, (10) method. The results indicate that SLUG has the smallest
Sbest gap from the best reference method, further demonstrating
wheres,, andspes; represent the metric for methodland  the superior trade-off between effectiveness and ef ciency

the best performing method, respectively. Intuitively, GR

7
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Table 3: Quantitative evaluation of SLUG for identity unlearning in LLaVA-1.5-7B vision-language model. The table shows forget
accuracy and performance retention on standard VLM benchmarks across 10 celebrity identities. SLUG achieves effective unlearning
with average forget accuracy dropping from 99.50% to 2.8%, while maintaining competitive performance on utility benchmarks compared
to the original model, demonstrating targeted concept removal with minimal impact on general model capabilities.

UNLEARN FORGET VLM B ENCHMARK SCORE (%)
IDENTITY AccURAcCY () MME MME GOA MMB ENCH
COGNITION PERCEPTION (%)
- 99.50 323.57 1481.21 61.28 62.97
ELON Musk 3.0 298.57 1354.61 60.70 61.34
TAYLOR SWIFT 2.0 334.64 1336.09 60.72 60.14
MARK ZUCKERBERG 7.0 343.57 1209.55 58.21 56.01
JEFFBEZOS 3.0 314.64 1315.32 60.40 61.43
KANYE WEST 4.0 314.64 1365.53 61.17 61.68
Tom CRUISE 0.0 351.79 1413.04 61.13 61.86
KiM KARDASHIAN 6.0 286.43 1249.54 60.42 60.14
BARACK OBAMA 0.0 288.57 1269.45 60.68 61.08
LADY GAGA 3.0 270.36 1178.45 58.55 55.58
BRUCELEE 0.0 323.57 1266.21 60.44 60.22
AVERAGE 2.8+2.44 312.68+26.57 1295.78+73.7860.24+1.02| 59.95+2.28

2024e; Chin et al., 2024) in Section D.2.
3.4 Unlearning for VLMs

In this section, we present the results for SLUG on remov-
ing celebrity identity from VLMs. As there is a lack of an
established VLM unlearning benchmark, we sanidelif-
ferent targeted identities from the CelebA, witB0images

per identity, resulting in 1000 images in total, to create a
comprehensive validation set. We individually unlearn each
identity from the original LLaVA-1.5-7B (Liu et al., 2024a),
and evaluate thEorget Accuracy (FA) as

Figure 5: Unlearning “Elon Musk” on LLaVA-1.5 with SLUG. o ] ]
After unlearning, the model fails to identify “Elon Musk”, whereas A = number of misidenti ed images 1
other identities/concepts remain unaffected. - total number of images (11)

that SLUG achieves. In Appendix D.4, we provide a de_For identi cation criteria, we input images associated with

tailed breakdown in terms of the effectiveness and ef cienc the targeted identity combined with the question prompt

aspects. alona with GR evaluation usingand” » norms YWhat is the name of the person in the image®’the model,
P ’ 9 ngand 2 ’ and check whether the model answer matches the corre-

Robust evaluation.Our results demonstrate that SLUG is sponding celebrity name. To evaluate the utility retention
robust to key unlearning vulnerabilities revealed in Petsiukof unlearned models, we employ established VLM utility
& Saenko (2025); Zhang et al. (2025), which include black-benchmarks: MME (Fu et al., 2023) GQA (Hudson & Man-
box attacks that utilize the prompt arithmetic property ofning, 2019), and MMBench (Liu et al., 2025b). These
Stable Diffusion and model weight quantization. SLUG ef-VLM benchmarks quantify performance of vision-language
fectively resists concept arithmetic attacks, causes minimahbsks, which cover a broad set of coarse-to- ne-grained
ripple effects on related concepts (Amara et al., 2025), anduestions on visual recognition and visual reasoning, char-
maintains performance even under 8-bit weight quantizaacterizing the utility of a VLM. The results in Table 3 high-
tion. The precise modi cation of a single layer allows for light that SLUG achieves effective unlearning while main-
targeted concept removal, ensuring controlled downstreartaining performance comparable to the original pretrained
text-guided generation tasks while preserving model utilitymodel, validating its effectiveness in the VLM context. Fig-
Detailed experiment setup and results are provided in Seafe 5 provides a qualitative evaluation of our method. Our
tion D.1. Additionally, we provide robustness evaluationsresults demonstrate that SLUG successfully unlearned tar-
for SLUG against whitebox prompt attacks (Zhang et al.geted identities from the VLM, while preserving utility.
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Table 4: Ablation studies on parameter selection strategies for CLIP unlearning. Both layer importance and gradient alignment are

essential for selecting layer to perform effective unlearning and utility retention under the one-step unlearning update framework.

PARAMETER SELECTION | FA@1() FA@5() TA_IN@1(") TA_CA@1()
“SALUN” (DISTRIBUTED WEIGHTS IMPORTANCE ONLY) 4.44 11.33 48.23 37.38
SINGLE LAYER IMPORTANCE ONLY 0.0 0.0 21.04 42.00
SINGLE LAYER ALIGNMENT ONLY 0.0 5.56 31.08 54.16
SINGLE LAYER AT RANDOM 0.0 6.91 33.38 52.90
ALL PARETO FRONT LAYERS 0.0 0.0 59.92 51.64
ALL LAYERS 0.0 0.0 59.70 53.74
SLUG (TABLE 1) 0.0 0.0 59.96 58.32
4 Ablation studies paper does not provide a rigorous theoretical explanation

for the success of single-layer updates for unlearning, and a
We conduct ablation studies to evaluate different parameteformal understanding of when and why SLUG is effective
selection strategies and the effect of updating multiple layergemains an open question. This paper primarily focused
under our one-step unlearning framework. Following theon vision-language models; we did not explore the applica-
setupin Table 1, we target ve identities for unlearning CLIP bility of SLUG to large language models (LLMs), which
and assess forget accuracy (FA) for unlearning effectivenesgperate purely in the language modality. While our experi-
as well as zero-shot test accuracy on ImageNet (TA_INjnents demonstrate that the models seem to forget/unlearn
and CelebA (TA_CA,) for utility retention assessment. Thetargeted identities and concepts with simple and ef cient ma-
results are summarized in Table 4. nipulation by SLUG; we cannot claim that those identities
f’;_\nd concepts are completely erased/removed from the mod-
els by SLUG. Adversarial attacks and prompts can poten-
tially retrieve theunlearnedinformation. SLUG (like many
other unlearning methods) lacks robustness against white-
box adversarial attacks and its susceptibility to (whitebox
and blackbox) relearning attacks needs further examination.

SalUnrow shows that selecting weights across the entire ne
work using only importance (SalUn-like strategy) performs
worse than SLUG, with higher FA and lower TAINGLE
LAYER IMPORTANCE row shows that selecting a single layer
based on gradient importance alone reduces HB, taut
signi cantly lowersTA _IN andTA _CA, revealing utility
loss. SINGLE LAYER ALIGNMENT row shows that using g Conclusion

alignment alone yields FA@%:56%, with notable util-

ity degradation, indicating ineffective unlearnif§NGLE ~ SL.UG demonstrates that effective machine unlearning can
LAYER AT RANDOM row, where we randomly select a layer pe achieved through targeted single-layer modi cations,
without guidance, performs the worst overall. These resultgffering a practical solution to the computational bottle-
highlight that both gradient importance and alignment areecks that have hindered large-scale model deployment and
crucial for balancing unlearning effectiveness and utilityediting. Our results across CLIP, Stable Diffusion, and
retention, further justifying that SLUG achieves the bestyision-language models reveal that the distributed nature of
trade-off under the one-step unlearning framework. Beyondearned representations does not preclude precise, localized
single layer, we also explore updating all Pareto-optimainterventions—a nding that challenges conventional as-
layers and all model layers, as reportedNnL PARETO  sumptions about the necessity of whole-model retraining or
FRONT LAYERSandALL LAYERS rows. While multi-layer  extensive parameter updates. The ef ciency of SLUG opens
updates improve FA by 2-3%, they signi cantly increase new possibilities for dynamic model adaptation, where rapid
computational cost. Furthermore, Figure 8 shows that selecfesponse to removal requests is critical. The robustness of
ing and updating a single layer per concept enables modulainlearning methods remains underexplored:; in particular,
unlearning of multiple identities simultaneously, without their resilience against sophisticated prompting strategies or
requiring multi-layer updates for every concept. recovery attacks and their stability across different model ar-
chitectures and deployment conditions. Future work should
prioritize investigating these robustness challenges to estab-
lish unlearning as a reliable model editing technology.

5 Limitations

While SLUG represents the rst endeavor to achieve un
learning through single-layer updates, it presents a ”ade‘oﬁcknowledgments

between ef ciency and effectiveness. SLUG demonstrates

competitive performance with signi cant computational ad-This work is supported in part by an NSF grant (CCF-
vantages, but does not achieve state-of-the-art results simgl946293) and a UC SoCal HUB seed award.

taneously across all metrics, tasks, and benchmarks. This
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Appendix A Related work

Machine unlearning (Cao & Yang, 2015; Nguyen et al., 2022) has recently emerged as a critical area of research, driven
by privacy concerns and regulatory requirements (gdp, 2016). Existing approaches mainly focus on a single task, like
image classi cation(Liu et al., 2024c; neu, 2023; Guo et al., 2020; Goel et al., 2022; Chien et al., 2022; Golatkar et al.,
2020b;a; Chundawat et al., 2023; Kurmaniji et al., 2023; Jia et al., 2023; Shaik et al., 2024; Fan et al., 2024; Foster et al.,
2024),image generatio(Li et al., 2024a; Gandikota et al., 2023; Zhang et al., 2024a; Gandikota et al., 2024; Kumari et al.,
2023; Li et al., 2024b; Lyu et al., 2024; Wu et al., 2024; Wu & Harandi, 2024) Lads text generatior{Yao et al., 2024;

Liu et al., 2025a). In this work, we propose a generic approach that is applicable to a wide range of multi-modal models
including CLIP (Radford et al., 2021) for zero-shot image classi cation, stable diffusion models (Rombach et al., 2022) for
text-to-image generation, and vision-language models (Liu et al., 2024b) for visual question answering.

For text-to-image diffusion models, particularly Stable Diffusion (SD), the evolution of unlearning approaches reveals
increasing sophistication. Early methods such as ESD (Gandikota et al., 2023) and CA (Kumatri et al., 2023) focused
on modifying the UNet architecture through ne-tuning with negative guidance, but these approaches often resulted in
widespread parameter updates across multiple layers, potentially compromising generation delity. More recent work
has explored more targeted and ef cient interventions. UCE (Gandikota et al., 2024) introduced a training-free uni ed
approach using closed-form solutions for simultaneous debiasing, style erasure, and content moderation. FMN (Zhang et al.,
2024a) achieved rapid concept removal through attention re-steering loss, redirecting generation from unwanted concepts
to pretrained alternatives. SPM (Lyu et al., 2024) proposed an adapter-based approach using "concept-SemiPermeable
Membranes" that can be exibly transferred across different models without re-tuning. Other approaches include EDiff (Wu
et al., 2024), which formulates unlearning as a constrained optimization problem to preserve model utility, and SEOT (Li
et al., 2024b), which focuses on content suppression through text embedding manipulation and inference-time optimization.
Despite these advances, existing methods still face challenges in balancing computational ef ciency, generalization ability,
and preservation of model utility, which our work aims to address through a principled single-layer approach.

Saliency-based methodsRecent advances in machine unlearning have seen the emergence of saliency-based approaches,
which aim to identify and modify only the most relevant parameters for concept removal. In image classi cation, methods
like SSD (Foster et al., 2024) employ synaptic importance measures to selectively dampen connections, while SalUn
(Fan et al., 2024) takes a simple and heuristic threshold-based approach. In text-to-image generation, SalUn (Fan et al.,
2024) extend its framework by replacing cross-entropy loss in the unlearning objective to diffusion loss, requiring careful
tuning of a gradient threshold for parameter selection. Diff-quick x (Basu et al., 2024) utilizes causal inference with
CLIPSscore (Hessel et al., 2021) as a metric to pinpoint concept-salient model parameters. MACE (Lu et al., 2024) proposes
tuning the prompt-related projection matrices of the cross-attention blocks in the UNet architecture using LORA modules (Hu
et al., 2022). Similarly, CRE (Dong et al., 2024) identi es concept-speci ¢ causal denoising time steps in UNet layers and
performs representation editing on selected layer outputs.

While these saliency-based methods represent the existing efforts in improving the ef ciency of unlearning, their scope
remains con ned to speci c tasks, such as image classi cation or text-to-image generation. Moreover, their parameter
modi cations often span multiple layers, which limits interpretability and exibility in practical scenario. In contrast, our
approach aims to extend ef cient unlearning to foundation models that cover a diverse range of tasks (e.g., CLIP, Stable
Diffusion, and vision-language models). By restricting model edits to a layer-speci ¢ scope, our framework introduces
modularity to machine unlearning, abstracting the process into distinct layer updates along gradient vectors for tailored
unlearning requests.

Appendix B Algorithm pseudocode

In this section, we present the pseudocode for our method, SLUG, in Algorithm 1, the search process for Pareto-optimal
layers in Algorithm 2, and the binary search for the optimal unlearning step size in Algorithm 3. In Appendix B.1, we
discuss the relation between validation size, binary search time cost and unlearning effectiveness.

Our implementation for the corresponding experimental models (i.e., CLIP, Stable Diffusion, and VLM) and benchmarks
(i.e., UnlearnCanvas) has been made publicly available at the anonimized repository: https://github.com/CSIPlab/SLUG.

14



Targeted Unlearning with Single Layer Unlearning Gradient

Algorithm 1 SLUG : Single Layer Unlearning Gradient
Require:

Forget seD; and retain seb, ;

Original modelF with model weights ;

The set of all layers in the model, bs

Forget loss functiof forget and retain loss functiob retain;

Evaluation metrics forget accuraB and test accuracyA.
Ensure: Unlearned model parameters

1: Calculate and store Liorged ;D )i Lretain( ;D r) . Single gradient calculation
2: for each layet in L do

3:  Importancél) = kr | Liorged ;D £)ka=K ko . Calculate layer importance
4:  Alignmen{(l) = cosr | Lorge ;D ¢);r | Lretair( ;D ) . Calculate layer alignment
5: end for

6: P = ParetoOpt(L; ImportanceAlignmeni . Pareto optimal algorithm 2
7. Q ; . Set of layers and their performances
8: for each layet in P do

9: o = Importancél)=10 . Initialize step size
10:  (; FA; TA) = BinarySearch( o;1) . Binary search algorithm 3
11: Q QI[f (I;; FATAg

12: end for

13: FAnin =min ;.. rata20 FA . Identify minimum FA
14: Qmin = f(I; ; FA;TA) 2 QjFA= FAming . Filter sets with minimum FA
15: (I 5 ;FATA)=argmax . paTA2Qm (TA) . Select set with highest TA
16: return ¢ = I, Lforged ;D ¢)

Algorithm 2 Pareto OptimalP = ParetoOpt(L; ImportanceAlignmeni)

Require:
The set of all layers in the model, bs
Layer importance and gradient alignment of all layers
Ensure: The set of Pareto optimal layers
1: Initialize P ; . Set of layers on the Pareto front is empty
2: for each layet in L do
3: ParetoDominant true

4. for each layet®in L nl do

5: if (Importancél® > Importancé¢l) and Alignmeni1%9 < Alignmen{l)) then

6: ParetoDominant false

7: break

8: end if

9: end for
10: if ParetoDominanthen
11: P PJflg . Identi ed a Pareto optimal layer
12:  endif
13: end for
14: return P . Return the set of Pareto optimal layers

B.1 Relation of validation size, runtime, and unlearning effectiveness

The runtime of a singleval()  function, in Algorithm 3, increases linearly with the validation set size. In Table 5, we
provide the eval runtime and effectiveness of SLUG versus different validation set sizes, following the setup of Table 1 on
CLIP unlearning. Note that our original choice of 5% validation size already provides a good test accuracy on ImageNet,
close to that of the original model (which achieves 60.12%). While increasing the validation size slightly improves utility
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retention after unlearning, it also increases evaluation time proportionally. Furthermore, a smaller validation size (1%)
reduces the eval time to 3 seconds at the expense of slightly reduced TA.

Table 5: Forget accuracy, test accuracy on ImageNet, and runtime of unlearned CLIP models under various validation sizes.

VALIDATION SIZE | NUMBER OF IMAGES EVAL FUN(CS;mN cost FA@1 () TA_IN@1®)
1% 500 3.05 0.0 58.83
5 % (ORIGINAL) 2500 6.62 0.0 59.96
20% 10000 24.83 0.0 59.94
50 % 25000 59.69 0.0 59.98
100 % 50000 119.04 0.0 60.04
Algorithm 3 Binary Search for Optimal Step Sizé: ; FA ; TA ) = BinarySearch( o;l)
Require:
Initial step size o;
Maximum number of search stefis
Model parameters;
Forget gradient of layer IG; = 1 Ltorged ;D 1)
Ensure: Optimal , forget accuracyA, test accuracyfA
1 jow 0
2. nigh 1
3: 0
4:s O
5: Initialize P ; . Performance set
6: whiles<S do
7. FATA= eval ( G))
8 P PI[f (; FATAg . Store results
9: if FA> Othen
10: low . Should increase step size to unlearn
11:  else
12: high . Should reduce step size to avoid over-unlearning
13:  endif
14:  if high == 1 then
15: 2
16: else
17 (low™ high)=2
18: endif
190 s s+1
20: end while
21: FAqin =min (. pata2p FA . Identify minimum FA
22: Pmin = f(; FA,TA) 2 P jJFA= FAWng . Filter sets with minimum FA
23: ( ;FA TA)=argmax . pata)2pm, (TA) . Select set with highest TA
24: return FA S TA . Select the set with lowest FA which has the highest TA
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Appendix C  More evaluations on unlearning CLIP
C.1 More examples on unlearning identities

Building on the experiment with the target identity "Elon Musk" in Section 3.2, we provide a more comprehensive evaluation
across a broader set of sampled identities. These names, selected from the CelebA dataset, represent a diverse range of
ethnicities and genders. Our method effectively identi es the key layers associated with each identity, enabling ef cient
unlearning from the CLIP model. Figure 6 shows that our approach successfully removes the target identities, as evidenced
by a signi cant decrease in image-text alignment (cosine similarity). We defer the corresponding pareto-front plots, which
indicating the identi ed layer with SLUG in Section G.

(a) Original cosine similarity matrix (b) Cosine similarity matrix after unlearning

Figure 6: Cosine similarity matrix of image and text pairs before and after unlearning Elon Musk. After unlearning, the image
and text pair of Elon Musk are not matched, while other persons are only slightly affected. Hersidheattention out

projection layer at the 9n resblock (associate witl®.attn.out_proj in the pareto front legend) is unlearned. CLIP
model:ViT-B-16

C.2 Joint update for unlearning multiple identities

We extend SLUG to unlearn multiple identities simultaneously by computing gradients for each identity's forget set and
identifying the most signi cant layers for joint updates. Following the update scheme in Section 2, we initialize step sizes
separately for each identity and re ne them via binary search based on unlearning effectiveness. Figure 7 demonstrates
successful unlearning of (&lon Musk, Mark Zuckerberg and (b)Elon Musk, Taylor Swift , showcasing

SLUG's ability to handle multiple unlearning tasks ef ciently.

(a) Cosine similarity matrix after unlearning (b) Cosine similarity matrix after unlearning Elon
Elon Musk and Mark Zuckerberg Musk and Taylor Swift

Figure 7: Cosine similarity matrix of image-text pairs after unlearning multiple identities (see Figure 6a for the original model). (a)
Unlearning Elon Musk and Mark Zuckerberg. (b) Unlearning Elon Musk and Taylor Swift. In both cases, the selected identities show
disrupted alignment, while other identities remain largely unaffected. Based on the Pareto fronts in Figures 22a and 22e, we updated the
vision layers9.attn.out_proj for Elon Musk andl1.attn.out_proj for the second identity. Experiments were conducted on

CLIP ViT-B-32
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We further analyze SLUG's performance as the number of identities to be unlearned increases. The identi ed layers are
updated in parallel to achieve unlearning foridentities. Figure 8 demonstrates effective unlearning across different values
of N. The corresponding Pareto-front is detailed in Section G.

(@N =1 ()N =2
()N =3 (N =4
(e)N =5 HN =6

Figure 8: Cosine similarity matrices as we unled¥nidentities, wherdN 2 f 1;2;:::; 6g. (a)—(f) Unlearn Elon Musk, Mark Zuckerberg,

Jeff Bezos, Taylor Swift, Kim Kardashian, and Kanye West in a joint manner. To uri\eadentities, our method (SLUG) identi es up

to N layers in the model using the single gradient calculated with the original network weights. The identi ed layers are then updated in
parallel to achieve unlearning bF identities.
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C.3 More CLIP architectures

We performed experiments using an expanded set of model architectures. The resili§Br}{6 are discussed

above in Figure 6. The results f9iT-L-14, EVA01-g-14  } are discussed in Figures 9,10, respectively. These results
demonstrate our method offers scalability and effectiveness across a range of model siz&49f8@million parameters
(ViT-B-16 )to1:136billion parametersEVAO1-g-14 ). This underscores the exibility of our approach to accommodate
models of different scales. The Pareto-front of this experiment is included in Section G, where shows the metrics for
different layers that our method uses to identify signi cant layers.

(a) Original cosine similarity matrix (b) Cosine similarity matrix after unlearning

Figure 9: Cosine similarity matrix of image and text pairs before and after unlearning Elon Musk. After unlearning, the image and text
pair of Elon Musk are not matched, while other persons are only slightly affected. Here, based on the pareto front in Fig. 23c, we select
and update the vision lay@B.mlp.c_fc  for unlearning. CLIP modeliT-L-14

(a) Original cosine similarity matrix (b) Cosine similarity matrix after unlearning

Figure 10: Cosine similarity matrix of image and text pairs before and after unlearning Elon Musk. After unlearning, the image and text
pair of Elon Musk are not matched, while other persons are only affected. Here, based on the pareto front in Fig. 23f, we select and update
the language layetl.attn.out_proj for unlearning. CLIP modelEVAO1-g-14 .

C.4 Unlearning object concepts in CLIP

In addition to unlearning identities from CLIP, we also saniptdasses {Basketball, Beach, Castle, Revolver, Ri e, School

bus, Sunglasses} from ImageNet to evaluate the unlearning performance of our method on object concepts. For this
experiment, we usk0k ImageNet validation images and sample images associated with target classes to create forget sets
and compute gradients to unlearning different classes from the CLIP model. For evaluation, we use zero-shot accuracy
reduction as the metric of effective unlearning target classes from the CLIP. The results, presented in Table. 6, show the
CLIP zero-shot accuracy evaluations for both the forgetting of sampled classes and the retention of other ImageNet classes
after unlearning. Our ndings indicate that our method effectively reduces the CLIP zero-shot accuracy for the targeted
classes t®:0%, while the accuracy for remaining classes remains high, experiencing only minimal degradation (ranging
from 0:03%to 2:03%) compared to the original pre-trained model, which indicates that the model's original functions are
highly preserved after our unlearning.
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Table 6: Unlearning performance of our method on common object concepts. FA@1 and FA@?5 represents the top-1 and top-5 forget
accuracy (%) of each forget class (i.e., zero-shot classi cation accuracy of unlearned class). TA@1 and TA@5 represents the top-1 and
top-5 accuracy (%) of all classes of ImageNet except the corresponding Forget class. Each row shows the forget class accuracy and
average accuracy over all classes of ImageNet before and after unlearning a class. Our method can reduce the forget accuracy of Forget
classes t®:0% while keeping the accuracy of the remaining classes close to original model (@iflin 2:03% difference). CLIP
model:ViT-B-32 . TA@1 and TA@5 for the original model remains almost the same for all rows; therefore, we list it once in the table.

ORIGINAL UNLEARNED
FORGETCLASS r@1 FA@5 TA@1 TA@5| FA@1# FA@S5# TA@1" TA@5"
BASKETBALL  100.0 100.0 0.0 0.0 59.18 84.48
BEACH 54,55 72.73 | | 0.0 0.0 59.54 84.78
CASTLE 87.50 100.0 0.0 0.0 58.13 83.87
REVOLVER 100.0 100.0 60.16 85.52| 0.0 0.0 59.94 85.43
RIFLE 42.86 57.14 0.0 0.0 60.08 85.49
ScHOOLBUS  76.92 100.0 | | 0.0 0.0 59.50 89.18
SUNGLASSES  44.44 55.56 0.0 0.0 60.13 85.23

C.5 Impact of unlearning on semantically similar objects

Our method is designed to address precisely this concern by balancing unlearning effectiveness with utility preservation. We
identify the most critical layer to update using layer importance and gradient alignment metrics that minimize impact on
retained information while maximizing unlearning of targeted concepts. This approach allows for precise targeted removal
while preserving general model performance on both related and unrelated tasks. Our experimental results demonstrate this
balance. When unlearning speci c identities in CLIP, our approach achieves state-of-the-art results while maintaining high
accuracy on the CelebA dataset (containing many semantically similar identities) with only minimal degradation compared
to the original model%8:32%vs. 61:38%top-1 accuracy). This signi cantly outperforms other methods like SSD, which

drops to35:96%accuracy. SLUG shows minimal impact on related concepts and image quality across all our experiments,
demonstrating its effectiveness at avoiding over-unlearning of semantically similar objects.

To further quantify the impact of unlearning on semantically similar objects, we sampled the “Basketball,” “Revolver,”
and “School Bus” rows from Table 6 and conducted additional zero-shot classi cation evaluations on the unlearned CLIP
models. The semantically related classes were selected based on the ImageNet hierarchy and the top-5 most likely ranks in
the logits across all targeted instances. The results in Table 7 indicate that the zero-shot accuracy of unlearned CLIP on
both semantically related and top-5 most-likely classes remains high, comparable to its performance on the full ImageNet
zero-shot evaluation. This further demonstrates the strong utility retention of our approach.

Table 7: Additional evaluation of unlearned models on classes that are semantically close to the forget class, and top-5 most-likely classes
from the classi cation logit vectors. SLUG unlearned models maintain high test accuracy over classes that are closely related to the target.

FORGET FORGET TESTACC TESTACC SEMANTICALLY  TESTACC TOP-5 MOST-LIKELY
CLASS Acc () IMAGENET (") RELATED CLASSES(") SELECTED FROM LOGIT(")
BASKETBALL 0.0 59.18 73.63 58.33
REVOLVER 0.0 59.94 43.59 38.89
ScHooL Bus 0.0 59.50 86.21 78.85
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C.6 Linearity of unlearning trajectory of different layers

In addition to the layers presented in Figure 2 (c) and (d), we show in Figure 11 that different layers show similar unlearning
behaviors if we update them along their respective gradient direction (computed once for the original model). Nevertheless,
the utility performance may vary depending on the selected layer; thus, it is important to select the best layer from the Pareto
set for the overall best performance.

(a) Vision layervisual.proj (b) Language layetext_projection

(c) Vision layer11l.mip.c_fc (d) Language layet 1.attn.in_proj

Figure 11: More examples of unlearning different layers. Correspond to Figure 2. The performance changes monotonically with the step
size .

Appendix D More evaluations on unlearning Stable Diffusion

To demonstrate the performance and practical utility of our method, we further conduct a robustness study of SLUG in Sec-
tion D.1, providing additional qualitative evaluation on scenarios in Section D.3 (e.g., more identities, copyright characters,
novel concepts, artistic styles). Additionally, we provide experimental details for evaluating SLUBlearnCanvasn

Section D.5.

D.1 Blackbox adversarial and quantization robustness

Recent research has exposed aws in the robustness of foundation models unlearning. Notably, the Concept Arithmetic
Attack (CRA) (Petsiuk & Saenko, 2025) demonstrates an optimization-free method where attackers exploit concept
arithmetic properties of SD to reconstruct “unlearned” content through composite prompts. Zhang et al. (2025) show that
loading post-unlearning LLM weights at lower-bit precision (higher quantization) signi cantly weakens the unlearning
effect observed at higher-bit precision. These ndings highlight how simple manipulations can undermine unlearning,
raising serious concerns about the reliability of existing methods.

To verify effectiveness of SLUG, we applied both the Concept Arithmetic Attack and quantization to SD models unlearned
by SLUG. Figure 12 shows that SLUG remains robust to concept arithmetic, as it modi es the encoder component, disrupting
concept interoperability and effectively in uencing downstream text-guided image generation. In Figure 13, we test an
unlearned model trained in 16-bit oating point (fp16) by loading it in 8-bit unsigned integer (Uint8). The results demonstrate
that SLUG maintains its unlearning effect despite quantization.
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Figure 12: SLUG is robust to Concept Arithmetic Attacks. The rst row illustrates the concept arithmetic property of Stable Diffusion,
where distinct concept groups are added or subtracted from the source prompt. Each column presents the generated image using the
corresponding arithmetic prompt. The model unlearned by SLUG fails to generate the target ID consistently across different arithmetized
prompts.

Figure 13: SLUG is robust to model weight quantization. The rst row serves as a sanity check, showing that the original pretrained
SD model generates images consistently across different quantization levels. Post-unlearning models with SLUG exhibit negligible
differences, consistently failing to generate the targeted ID while preserving utility for other concepts.

D.2 Whitebox adversarial robustness.

In Table 8, we utilize the latest UnlearnDiffAtk (Zhang et al., 2024e) and P4D (Chin et al., 2024). Speci cally, we selected
the “Nudity” and “Church” from Table 2 and Table 4 of Zhang et al. (2024e) to provide a brief adversarial evaluation of
SLUG.

Following the same setup as Zhang et al. (2024e), we applied SLUG on SDv1.4 to unlearn “Nudity” concept and “Church”
object, then attack the SLUG-unlearned SDv1.4 using two attack methods: UnlearnDiffAtk and P4D that optimized 142 and
50 adversarial prompts for “Nudity” and “Church,” respectively.

Having robustness against whitebox attacks is challenging without corresponding adversarial design in the unlearning
process. The results indicate that SLUG (like other unlearning methods) is not immune to whitebox adversarial attacks, yet
SLUG demonstrates effectiveness on unlearning NSFW concepts and objects that are studied in existing literature.

D.3 More unlearning scenarios

More celebrity names.Beyond unlearning “Elon Musk” from Stable Diffusion, which is presented in Figure 4, here we
also provide additional qualitative evaluations on unlearning other celebrity ndarag{ Swift, Jeff Bezos }
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