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Abstract

Machine unlearning (MU) has emerged as a critical tool for
removing sensitive or personal information from machine
learning models, empowering individuals with the right to be
forgotten. While MU has achieved success in classification
and generative tasks, whether this technique can be effec-
tively applied to segmentation foundation models remains un-
certain. To address this issue, we propose an efficient method,
Selective Concept Unlearning (SCU), to unlearn the segmen-
tation capability of target concepts. SCU consists of several
key aspects: (1) The Multi-level Forgetting Module, designed
with a hierarchical three-level suppression strategy, including
(i) distillation-level: Negative distillation steers model’s out-
put distribution away from teacher’s correct outputs, erasing
its learned concept recognition. (ii) attention-level: Attention
suppression minimizes model’s attention to target regions.
(iii) output-level: Directly erases predictions for the target
by relabeling as background. (2) The Preservation Module
ensures maintaining segmentation quality for non-target con-
cepts. Additionally, we introduce a set of metrics to evaluate
segmentation unlearning methods. Experiments demonstrate
that SCU consistently outperforms existing baselines.

1 Introduction
Image segmentation foundation models, such as the Seg-
ment Anything Model (SAM) (Kirillov et al. 2023), have
achieved unprecedented success in recent years. SAM’s abil-
ity to precisely segment diverse objects with minimal to no
annotations has spurred its rapid adoption across different
scenarios, including medical imaging (Ma et al. 2024; Wu
et al. 2025), autonomous driving (Shan and Zhang 2023),
robotics (Wang et al. 2023), and environmental monitoring
(Huang et al. 2024; Osco et al. 2023). However, as these
systems become increasingly integrated into sensitive and
high-stakes environments, their powerful zero-shot capabil-
ities and inherent ability to process vast quantities of visual
data give rise to significant security, sensitivity, and privacy
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Figure 1: SCU selectively forgets sensitive concepts (fighter
jet) while preserving non-sensitive segmentation (bicycles).

concerns. Concurrently, the concept of machine unlearning
(MU) (Shintre, Roundy, and Dhaliwal 2019; Ginart et al.
2019) has emerged as a crucial paradigm for selectively re-
moving or suppressing knowledge from foundation models
while preserving the overall performance. Previous studies
have investigated the effectiveness of machine unlearning in
diverse tasks, ranging from image classification to genera-
tive scenarios (e.g. Large Language Models (Hu et al. 2024;
Chen and Yang 2023), text-to-image models (Lu et al. 2024;
Fan et al. 2023; Zhang et al. 2024), and Multimodal Large
Language Models (Li et al. 2024)).

However, whether MU can be effectively applied to seg-
mentation foundation models has not been thoroughly ex-
plored. Unlearning target concepts in segmentation foun-
dation models presents significant challenges. A primary
obstacle is high-difficulty region-wise forgetting. Unlike
classification tasks that only require predicting one or a few
labels and can achieve unlearning by substituting the tar-
get label, segmentation task requires dense pixel predictions,
with each concept represented by a specific region com-
posed of numerous pixels scattered throughout the image.
This presents a far more complex and large-scale unlearn-
ing target. Another challenge is model degradation. In the
Segmentation foundation model, target-specific features are
tightly entangled with background content and non-target
concepts, making it difficult to forget target features with-
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out disrupting the surrounding structure. Consequently, sup-
pressing the features for the target concept risks interfering
with those of others. Fig 1 illustrates what an ideal solu-
tion should accomplish: nullifying the model’s knowledge
of a target concept, without inflicting collateral damage on
its ability to segment other concepts.

To address the above challenges, we take the first step to
explore MU in segmentation foundation models by propos-
ing a novel method, SCU. We start by first introducing
a new task, namely segmentation concept unlearning, in
which a set of concepts can be safely removed from the
pretrained segmentation model. To realize this goal, we
design a framework comprising a Multi-level Forgetting
Module and a Preservation Module. Multi-level Forgetting
Module employs a hierarchical strategy across three levels:
(i)Distillation level reverses supervision from a pretrained
teacher model steers model’s output distribution away from
original predictions on the target. (ii)Attention level, atten-
tion suppression in the final attention layer reduces model’s
focus on the target concept, weakening attention responses
to the target region. (iii)Output level relabels the target re-
gion as background to unlearn the original concept, further
erasing the model’s ability to segment the target. Further-
more, the Representation Preservation Module imposes ex-
plicit constraints on non-target regions to maintain the seg-
mentation performance on unrelated concepts. Finally, to
provide a thorough evaluation of MU on the segmentation
task, we develop an evaluation schema including efficacy,
generality, and specificity. Efficacy and generality assess the
effectiveness of the unlearning methods, while specificity
evaluates the utility of the segmentation foundation model
post-unlearning. To validate the effectiveness of our method,
we compare it against 5 representative MU methods. The
experimental results reveal that our approach exceeds these
comparative methods. We summarize the main contributions
as follows:

• To the best of our knowledge, we are the first to in-
vestigate machine unlearning in segmentation foundation
models.

• We propose a method consisting of Multi-level Forget-
ting Module and Preservation Module, where Multi-level
Forgetting Module performs hierarchical unlearning at
the distillation, attention, and output level, each targeting
a different aspect of the unlearning process.

• We further design comprehensive evaluation metrics tai-
lored for segmentation unlearning, which assess both for-
getting effectiveness and performance retention. Exper-
imental results on multiple baselines and segmentation
backbones demonstrate our method consistently achieves
the best trade-off between forgetting and preservation.

2 Related Work
2.1 Machine Unlearning
Machine unlearning enables selective removal of data from
trained models to comply with privacy rights such as the
“right to be forgotten” (Cao and Yang 2015), correct data
errors (Goel et al. 2024), and mitigate bias (Steinhardt, Koh,

and Liang 2017), without full retraining. Existing methods
contain two main paradigms: exact unlearning (Bourtoule
et al. 2021), which seeks models statistically equivalent to
retraining from scratch via approaches such as SISA (Bour-
toule et al. 2021) or differential privacy mechanisms (Gupta
et al. 2021) but incurs substantial computational cost; and
approximate unlearning (Golatkar, Achille, and Soatto 2020;
Nguyen, Low, and Jaillet 2020), which improves efficiency
using influence functions (Koh and Liang 2017), gradient-
based updates (Neel, Roth, and Sharifi-Malvajerdi 2021),
or knowledge distillation (Tarun et al. 2023), typically at
the expense of formal guarantees of complete data removal
(Chen et al. 2025).

2.2 Segmentation Foundation Models

The foundation model paradigm has revolutionized image
segmentation, with Segment Anything Model (SAM) (Kir-
illov et al. 2023) as a cornerstone. Built on a Vision Trans-
former(Dosovitskiy et al. 2020), SAM provides remarkable
zero-shot segmentation capabilities. Subsequent works fo-
cus on open-vocabulary recognition (Liang et al. 2023), im-
proving efficiency (Zhao et al. 2023), and refining mask
quality (Xie et al. 2024; Lin et al. 2025). However, the in-
tersection of unlearning and large-scale models is underex-
plored. Their massive size makes exact unlearning methods
computationally infeasible, while the effectiveness of ap-
proximate methods in such complex, high-dimensional pa-
rameter spaces is an open question. Our work addresses this
crucial gap by proposing an efficient unlearning framework
tailored for large segmentation models.

3 Problem Definition

Let MT denote an image segmentation foundation model
with parameters T , originally trained on a dataset D =
{(xi,mi)}Ni=1. xi is an input image and mi is the corre-
sponding ground truth segmentation mask. We define the
forgetting set Df = {(xC

j ,m
C
j )}Kj=1 as a collection of K

image-mask pairs associated with the targeted unlearning
concepts C. Each image xC

j contains the target concept C,
and each mC

j is the segmentation mask of the target con-
cept C. To support the unlearning process and evaluate its
effectiveness, we divide the forgetting set Df into two dis-
joint subsets: a training subset Dtrain

f which contains a small
number of samples used to train the unlearned model, and a
testing subset Dtest

f , which is used to assess the generaliza-
tion and completeness of the forgetting effect.

We define the goal of MU in image segmentation founda-
tion models as follows:

Machine unlearning in segmentation foundation
models aims to eliminate the model’s ability to seg-
ment a specific set of target concepts, while preserv-
ing its segmentation performance on all non-target
contents.
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Figure 2: Overview of Unlearning Process in Segmentation Foundation Model using SCU. The yellow region shows Multi-level
Forgetting Module (”cat” as target), while Preservation Module maintains segmentation for non-target concepts (”bird”).
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Lseg (m̂T (xi) ,mi)

} (1)

4 Methodology

4.1 Overview

In this paper, we introduce a novel unlearning framework
SCU designed to selectively forget specific concepts in pre-
trained segmentation models, without degrading the seg-
mentation performance on other concepts. As illustrated
in Fig. 2, our framework consists of several components:
Multi-level Forgetting Module, and Preservation Module.
Multi-level Forgetting Module implements hierarchical un-
learning. At distillation level, negative distillation uses
teacher model guiding the segmentation predictions for tar-
get concepts via a negative distillation loss, forcing them to
diverge from the original segmentation, thus facilitating tar-
geted unlearning. At attention level, attention suppression
reduces the decoder’s focus on the target concept, weaken-
ing the model’s feature response in the target region. At out-
put level, we alter the supervision for the target region, guid-
ing model to suppress and eventually unlearn recognition of
the original concept region at the output stage. The Preserva-
tion Module imposes segmentation constraints on non-target
regions, helping prevent the model from performance degra-
dation and maintaining model’s segmentation effectiveness.

4.2 Multi-level Forgetting Module
Distillation-level: We introduce a negative distillation
strategy at the distillation level to enable effective unlearn-
ing. Unlike conventional distillation, which encourages the
student model to mimic the teacher, negative distillation ex-
plicitly drives the student’s predictions for the target concept
to diverge from those of the teacher model. This approach
encourages the model to respond differently from the orig-
inal model for the target concept, thereby achieving the de-
sired forgetting effect.

We designate the original pretrained SAM models as the
‘bad teacher’ MT , which provides an initial segmentation
baseline for target concepts. The goal is to make the student
model (the unlearning SAM model) MS to generate pre-
dictions that diverge from MT ’s output, thereby effectively
forgetting the target concept’s segmentation capability. For a
given input image x containing the target concept C, denote
the MT ’s output as yT = MT (x) and the MS’s output as
yS = MS(x). To rigorously quantify the discrepancy be-
tween yT and yS , we introduce a negative distillation loss
that inverts the conventional MSE objective. Specifically, the
negative distillation loss is defined as:

LDis = −λMSE (yT ,yS) = −λ
1

N

N∑
i=1

(yT,i − yS,i)
2

(2)
where λ is a hyperparameter that scales the unlearning force
and N is the number of elements in the output vectors. The
negative sign reverses the typical distillation objective, mini-
mizing LDis actually increases the discrepancy between yT

and yS . Furthermore, the gradient for the student output is
computed as:

∇yS
LDis = −2λ

N
(yT − yS) , (3)
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which explicitly drives the update in yS away from yT ,
quantifies how a small change in yS affects the negative dis-
tillation loss.

Attention-level: In transformer-based segmentation foun-
dation models, the decoder tends to retain high attention on
previously learned regions due to deep fitting during pre-
training. This persistent attention bias often leads to con-
tinued activation of the target region even after label mod-
ification, thus hindering effective unlearning (Chefer, Gur,
and Wolf 2021; Li et al. 2018). To address this issue, we
introduce an attention strategy that explicitly reduces the at-
tention weights assigned to the target region. By minimizing
the attention from the mask token to image tokens associated
with the target concept, the model is guided to reduce its in-
ternal reliance on target-related features, thereby promoting
effective unlearning.

SAM’s mask decoder receives a sequence of input tokens
composed of a prompt embedding {pi}

Np

i=1 and a learnable
mask token q. This sequence attends to the image patch em-
bedding {vj}Mj=1 through prompt-to-image cross-attention,
where each query token (prompt or mask) retrieves infor-
mation from the image tokens. The cross-attention matrix
A ∈ R(Np+1)×M represents the attention from each in-
put token(prompt tokens and a learnable mask token) to the
image patch tokens. We extract the attention vector corre-
sponding to the mask token and reshape it into a spatial map
As ∈ RHp×Wp , where each element indicates the attention
assigned to a specific image patch region. We construct a
binary mask mattn ∈ {0, 1}Hp×Wp , where patches over-
lapping with the target region are assigned 0 and the oth-
ers 1. This mask is generated by downsampling the origi-
nal ground truth mask to the patch resolution (Hp,Wp). The
attention-level suppression loss is then defined as:

Lattn =
1

HpWp

Hp∑
i=1

Wp∑
j=1

mattn(i, j) · (As(i, j))
2
, (4)

This formulation penalizes attention in spatial regions cor-
responding to the target concept and encourages the model
to reallocate focus to non-target regions, thereby facilitating
selective unlearning at the attention level.

Output-level: Although distillation and attention level re-
duce model’s reliance on target information, they may not
fully remove the model’s ability to segment the target con-
cept. Thus, an explicit output-level intervention is neces-
sary to directly constrain segmentation results and ensure
thorough erasure of the target from predictions. To address
this, we introduce an output-level supervision mechanism.
This approach directly constrains the predicted segmenta-
tion mask for the target region, guiding the model toward
an occlusion pattern and further weakening its segmentation
of the target concept. Let the ground truth mask for the tar-
get concept C in the input image be mo. Then construct an
occlusion mask mc of the same dimensions, where each el-
ement is defined as

mc(i) = 0, ∀i ∈ {1, . . . , N}, (5)

where N represents the total number of pixels in the region
corresponding to C.

The unlearning (student) model MS produces a predicted
segmentation mask ms for the target concept. We enforce
the output align with mc via a loss function based on binary
cross-entropy between ms and mc:

Lout = − 1

N

N∑
i=1

[mc(i) log (ms(i))

+ (1−mc(i)) log (1−ms(i))] ,

(6)

This loss penalizes any positive prediction in the masked re-
gion, despite the presence of a prompt, thereby forcing the
model to unlearn association with the target concept.

4.3 Preservation Module
To preserve segmentation performance on non-target ob-
jects during selective unlearning, we introduce the Preser-
vation Module (PM). The main challenge arises from the
shared network backbone, which encodes features common
to both target and non-target regions. Suppressing target-
specific features may inadvertently disturb the representa-
tions of non-target concepts, leading to degraded segmenta-
tion. To address this, the PM enforces feature invariance in
non-target regions using a dual loss strategy. Given an input
image x, the ground truth mask mnon

gt for non-target objects,
along with the corresponding prediction mnon

pred is used to
compute an output-level preservation loss. In the non-target
regions, BCE loss is computed as:

Lnon
BCE =− 1

N

N∑
i=1

[
mnon

gt (i) log
(
mnon

pred(i)
)

+
(
1−mnon

gt (i)
)
log

(
1−mnon

pred(i)
)]

,

(7)

Alongside Lnon
BCE for pixel-level precision, Lnon

Dice en-
hances region-level consistency and class imbalance by
maximizing the overlap between predicted and true masks.
Lnon
Dice is defined as:

Lnon
Dice = 1−

2
∑N

i=1 m
non
gt (i)m

non
pred (i) + ϵ∑N

i=1 m
non
gt (i) +

∑N
i=1 m

non
pred (i) + ϵ

, (8)

where ϵ is a small constant to ensure numerical stability.
Thus, the combined loss for maintaining accurate seg-

mentation on non-target regions in PM is expressed as:

LPM = Lnon
BCE + Lnon

Dice (9)

5 Experiments
5.1 Experimental Settings
Baselines. In our experiments, we compare our method
with five representative unlearning approaches. These in-
clude three established baselines: Random Labeling (RL)
(Golatkar, Achille, and Soatto 2020), Gradient Ascent (GA)
(Thudi et al. 2022), and L1-Sparse (L1-Sparse) (Jia et al.
2023). Additionally, we introduce two new boundary-based
baselines derived from decision boundary manipulation
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Model Method Efficacy (↓) Generality (↓) Specificity (↑) Normalized
Score (↑)IOU AP IOU AP IOU AP

SAM1

Gradient Ascent 18.6 21.8 22.8 25.4 16.1 18.2 0.637
Boundary Shrink 68.0 72.6 63.5 66.1 75.5 76.4 0.333
Random Labeling 63.4 68.5 57.5 59.2 71.5 72.4 0.389
Boundary Expand 64.1 65.4 57.9 60.7 71.3 73.9 0.393

L1-sparse 21.0 26.9 24.1 29.5 37.4 42.9 0.723
SCU(ours) 16.3 18.8 21.5 23.4 61.3 63.5 0.923

SAM2

Gradient Ascent 23.2 25.1 27.3 30.6 23.9 26.7 0.617
Boundary Shrink 72.8 73.0 65.8 69.6 78.4 84.9 0.347
Random Labeling 69.5 71.8 67.5 70.1 76.6 79.8 0.332
Boundary Expand 71.9 74.5 64.7 67.3 76.5 81.9 0.343

L1-sparse 25.3 28.1 27.4 31.5 40.9 46.8 0.706
SCU(ours) 19.4 21.0 24.6 26.7 68.6 70.6 0.929

Table 1: Comparison with existing machine unlearning methods. Complete per-concept results are in the appendix.

techniques (Chen et al. 2023), namely Boundary Shrink
(BS) and Boundary Expand (BE).
Model and Training. We conduct our experiments on two
widely adopted versions of the Segment Anything Model:
SAM1 (ViT-L) and SAM2 (sam2 hiera large). During train-
ing, the image encoder is frozen, and only the mask decoder
is trained. All models are trained for 50 steps using the pro-
posed unlearning framework. We adopt the AdamW opti-
mizer with a learning rate 1e-4, a batch size of 4. All exper-
iments are conducted on NVIDIA A100 GPUs (40 GB).
Dataset. To evaluate machine unlearning within segmenta-
tion foundation models, we curate a dataset by collecting
image-mask pairs from the PASCAL VOC and COCO seg-
mentation datasets. The PASCAL VOC dataset contains an-
notations for 20 object categories, from which we select 8
representative classes: aeroplane, monitor, bicycle, bottle,
cat, sheep, bird, and chair, as target concepts for unlearning
experiments. Due to limited number of annotated concepts
per class in VOC, we supplement each category with addi-
tional samples from the COCO dataset. To enable effective
unlearning, we filter and retain only those samples where
target concepts can be successfully segmented by SAM. For
each selected category, we collect 15 image-mask pairs as
the training subset seen during unlearning. The remaining
images containing the same concept, drawn from VOC and
COCO, form the unseen testing subset Dtest

f , which is used
to evaluate the generalization of forgetting. Across 8 cate-
gories, the test set contains 773 images, yielding a total of
893 segmentation pairs used in experiments.

5.2 Evaluation Metrics
To comprehensively evaluate the forgetting behavior of seg-
mentation foundation models, we adopt four metrics from
different dimensions:

Efficacy examines how effectively the unlearned model
MS has unlearned the seen examples. This metric is evalu-
ated on forgotten training set Dtrain

f and unlearned model’s
predictions are consistent unlearning objective.

Generality assesses generalization of forgetting unseen
instances of target concept. We evaluate unlearning student

model MS on Dtest
f , which contains diverse samples of tar-

get concept not encountered during unlearning.
Specificity measures the preservation of segmentation

performance on non-target content.
All three evaluation dimensions above are quantified us-

ing two metrics: Intersection-over-Union (IoU) and Average
Precision (AP). In our setting, AP is computed under a sin-
gle IoU threshold of 0.3. Specifically, for each prediction, we
consider it correct if its IoU with the ground truth mask ex-
ceeds 0.3. The final AP score reflects the proportion of such
correct predictions across the dataset, thereby evaluating the
model’s ability to localize and delineate the target concept
under a relaxed matching criterion.

Normalized Score balances forgetting efficacy, general-
ization, and specificity. Since lower values are preferable for
Efficacy and Generality, we first reverse their direction via
x′ = xmax − x, and then apply Min-Max normalization to
scale all metrics to [0, 1] . The final score is obtained by com-
puting the average of the three normalized values, offering a
holistic view of each method’s overall performance.

Method Effi. (↓) Gene. (↓) Spec. (↑) Normalize
Score (↑)IOU AP IOU AP IOU AP

w/o PM 17.6 28.2 17.1 23.2 21.4 29.5 0.538
w/o Attn 26.5 25.4 26.7 27.1 36.5 38.7 0.421
w/o Dis 32.8 32.4 32.5 33.1 36.8 38.5 0.108
w/o Out 27.9 28.7 30.2 32.6 32.5 33.8 0.379

SCU(ours) 16.3 18.8 21.5 23.4 61.3 63.5 0.949

Table 2: Ablation study of different modules.

5.3 Main Results
Table 1 presents a comprehensive comparison of our SCU
method with multiple machine unlearning baselines on both
SAM1 and SAM2. The main observations are as follows:

Superior Unlearning Performance: SCU consistently
achieves the best unlearning performance in terms of both
Efficacy and Generality, where lower scores are better. On
SAM2, SCU achieves an Efficacy IOU of 19.4, and 16.3
on SAM1, significantly outperforming weak baselines like
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Figure 3: Results of unlearning 8 objects simultaneously using SAM1. The height of the bar chart denotes the mean of the two
metrics(IOU and AP)

BE (74.5) and BS (73.0), which largely fail to unlearn the
concept. This indicates that SCU most effectively unlearns
model’s knowledge of the target concept and reliably gener-
alizes forgetting to unseen samples.

Optimal balance between Unlearning and utility: An
ideal unlearning method should forget the target concept
while maintaining performance on non-target concepts, as
reflected by high Specificity. Baselines show a clear trade-
off between forgetting and model utility: conservative meth-
ods such as RL, BE, BS maintain high Specificity but fail to
forget the target concept (BE’s Efficacy AP remains at 74.5
on SAM2, with Normalized Score at 0.343, making its high
Specificity meaningless).In contrast, methods like GA and
L1-sparse achieve moderate forgetting but cause a drastic
drop in specificity (GA’s Specificity AP dropping to 18.2 on
SAM1 and 26.7 on SAM2).In comparison, SCU maintains
high Specificity (AP: 63.5 on SAM1, 70.6 on SAM2,and
the highest Normalized Score) while effectively erasing the
target concept, achieving unlearning without compromising
overall segmentation performance.

Robustness and scalability: Comparing SAM1 and
SAM2 demonstrates each method’s stability under architec-
tural upgrades. Many baselines, like BE, show degraded un-
learning on more powerful models (Efficacy AP increases
from 65.4 to 74.5). In contrast, SCU maintains consistently
high performance, with its Normalized Score improving
from 0.923 to 0.929 and Efficacy, Generality, and Specificity
nearly the same, highlighting SCU’s robustness and adapt-
ability to advanced model architectures.

In summary, SCU achieves thorough unlearning while
maximally preserving general segmentation capabilities,
showing remarkable stability on advanced architectures. The
highest Normalized Scores (0.923 and 0.929) show effec-
tiveness and superiority of SCU for selective concept un-
learning in segmentation foundation models.

5.4 Ablation Study
To evaluate the contribution of each component, we perform
ablation studies by removing individual levels of multi-level
forgetting module and preservation module. All experiments
are conducted on SAM1, and results are shown in Table 2.
For direct comparison, all metrics use IOU as the represen-
tative measure. For each ablation, all other modules are re-
tained to isolate the effect of the removed component.

0

10

20

30

40
Efficacy Generality Specificity

GA BS RL BE L1-sparse SCU

Figure 4: Results of unlearning 8 objects simultaneously us-
ing SAM. The height of the bar chart denotes the mean of
the two metrics(IOU and AP)

Impact of Distillation-Level: Ablating Distillation-Level
leads to a significant reduction in forgetting efficacy, with
Efficacy increasing from 16.3 to 32.8. Generality and Speci-
ficity also decline, indicating that Distillation-Level is cru-
cial for suppressing original segmentation behaviors and
achieving effective unlearning.
Impact of Attention-Level: Removing the Attention-Level
weakens forgetting and generalization (Efficacy and Gener-
ality rise to 26.5 and 26.7), underscoring its role in reducing
the model’s sensitivity to the target concept.
Impact of Output-Level: Excluding the Output-Level de-
creases specificity (IOU drops to 32.5), highlighting its im-
portance for maintaining non-target segmentation accuracy.
Impact of Preservation Module: Removing the Preser-
vation Module causes Specificity to drop sharply (61.3 to
21.4), highlighting its crucial role in maintaining non-target
segmentation performance during unlearning.
Overall, the full method achieves best performance, demon-
strating its effectiveness and reliability for unlearning.

5.5 Impacts of Training Steps
In this section, we analyze impact of training steps as shown
in Figure 3. SCU remains stable across all metrics as num-
ber of training steps increases, indicating low sensitivity to
training length. By contrast, GA and RL suffer a substan-
tial drop in specificity with more steps, reflecting increasing
disruption to non-target segmentation; their generality and
efficacy also degrade over time, revealing unstable unlearn-
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5.6 Results of Unlearning Multiple Objects

Figure 4 presents results from unlearning all 8 objects syn-
chronously. We concatenate all the forgetting sets of these
objects as fine-tuning data and train the model for 50 epochs.
Results show that fine-tuning with the GA method severely
degrades the SAM model’s performance, rendering it largely
unable to segment objects. Models fine-tuned with BS, RL,
and BE methods exhibit reduced performance across all
metrics but fail to achieve the desired unlearning effect. In
contrast, SCU enables SAM to maintain robust retention
performance while unlearning the target concepts.

5.7 Case Study on Unlearning

Figure 5 shows qualitative results of forgetting eight con-
cept categories using SCU on SAM1. After unlearning,
SAM fails to segment target concepts, with masks disap-
pearing or reassigned to background regions. For Airplane
and Monitor, masks are nearly absent, indicating success-
ful forgetting, while for Bird and Cat—often blending with
background—the model also loses attention to relevant re-
gions. SCU shows particularly strong forgetting on small
or less salient objects, likely due to weaker contextual cues
and fewer supporting features, which makes these categories
more vulnerable to targeted suppression. Overall, these re-
sults demonstrate that SCU effectively suppresses model’s
ability to segment forgotten concepts in visual segmentation.

Figure 6 illustrates unlearning of ’Bird’ concept in SAM.
GA and RL fail to forget the target concept. In particular,
RL retains almost entire bird region with accurate bound-
aries, indicating minimal forgetting, while GA suppresses
the bird but severely degrades segmentation of non-target
concepts. In contrast, SCU produces nearly no segmentation
for the bird, while simultaneously preserving the segmenta-
tion quality for unrelated concepts. This illustrates it’s abil-
ity to strike a balance between forgetting target concepts and
retaining segmentation utility for non-target categories.

6 Conclusion

We propose SCU, an efficient selective concept unlearning
method for segmentation foundation models. With a Multi-
level forgetting and a preservation module, SCU erases
target concepts while maintaining non-target segmentation
quality. We further introduce new unlearning metrics, and
experiments demonstrate that SCU achieves state-of-the-art
forgetting and preservation performance.
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