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Abstract

The Segment Anything Model (SAM) is a widely used vi-
sion foundation model with diverse applications, including
image segmentation, detection, and tracking. Given SAM’s
wide applications, understanding its robustness against adver-
sarial attacks is crucial for real-world deployment. However,
research on SAM’s robustness is still in its early stages. Ex-
isting attacks often overlook the role of prompts in evaluating
SAM’s robustness, and there has been insufficient exploration
of defense methods to balance the robustness and accuracy.
To address these gaps, this paper proposes an adversarial ro-
bustness framework designed to evaluate and enhance the ro-
bustness of SAM. Specifically, we introduce a cross-prompt
attack method to enhance the attack transferability across dif-
ferent prompt types. Besides attacking, we propose a few-
parameter adaptation strategy to defend SAM against various
adversarial attacks. To balance robustness and accuracy, we
use the singular value decomposition (SVD) to constrain the
space of trainable parameters, where only singular values are
adaptable. Experiments demonstrate that our cross-prompt at-
tack method outperforms previous approaches in terms of at-
tack success rate on both SAM and SAM 2. By adapting only
512 parameters, we achieve at least a 15% improvement in
mean intersection over union (mIoU) against various adver-
sarial attacks. Compared to previous defense methods, our
approach enhances the robustness of SAM while maximally
maintaining its original performance.

Introduction
SAM is a popular vision foundation model for image seg-
mentation (Kirillov et al. 2023). It predicts the object mask
of an image based on box or point prompts provided by the
user. SAM has been successful in this area, leading to ef-
forts to use it for more complex tasks beyond segmentation,
such as tracking and detection (Yang et al. 2023; Ren et al.
2024; Yu et al. 2023). Recently, Meta pushed the bound-
aries further with the introduction of an even more capable
and versatile successor to SAM, known as Segment Any-
thing Model 2 (SAM 2), designed specifically for video seg-
mentation (Ravi et al. 2024). However, existing studies have
revealed that SAM is vulnerable to attacks by adversarial
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Figure 1: A comparison of the adversarial robustness of the
original SAM and the proposed Robust SAM. When imple-
menting attacks, the original SAM predicts a segmentation
mask with severely compromised precision (i.e. 0.26 mIoU
with the ground truth), whereas our Robust SAM maximally
preserves the quality of the segmentation mask (i.e. 0.98
mIoU with the ground truth) via modified noise distribution.

examples (Zhang et al. 2023; Qiao et al. 2023; Zheng and
Zhang 2023; Wang, Zhao, and Petzold 2024), which are sub-
tle perturbations added to a benign image. These adversar-
ial examples significantly degrade the segmentation perfor-
mance of SAM. Since SAM has a wide range of applica-
tions, it is crucial to examine its adversarial robustness.

Recent studies have pointed out that the effectiveness of
adversarial attacks against SAM is closely related to the type
of input prompts (Dai et al. 2023; Huang et al. 2023). Indeed,
our preliminary experiments indicate that existing attacks
exhibit poor transferability across different types of prompts.
For example, the PGD attack (Madry et al. 2017) can disrupt
the segmentation mask created by a point prompt but not the
one generated from a box prompt. Therefore, exploring ad-
versarial attacks against SAM that simultaneously work on
different prompt types will offer further insights into SAM’s
robustness.

Beyond attack methods, it is crucial to investigate the de-
fense mechanisms of the SAM. Previous studies have pro-
posed different approaches to defend against adversarial ex-
amples (Dziugaite, Ghahramani, and Roy 2016; Osadchy
et al. 2017; Guo et al. 2020; Ross and Doshi-Velez 2018).
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Among these defense, full-parameter adversarial training is
a commonly researched and proven effective method (Ganin
et al. 2016; Bai et al. 2021) to increase a model’s robustness.
However, performing full-parameter adversarial training on
large pretrained model like SAM is not only computationally
expensive and prone to catastrophic forgetting (Luo et al.
2023; Zhai et al. 2023). Therefore, exploring few-parameter
adaptation methods to bolster the robustness of large models
is both meaningful and necessary.

There are some parameter adaptation schemes that aim to
improve the performance of SAM in various downstream ap-
plications like medical image segmentation (Zhang and Liu
2023; Ma et al. 2024) and camouflage detection (Chen et al.
2023). Yet, a direct adoption of these methods to enhance
adversarial robustness faces non-trivial challenges. One ma-
jor issue is that these adaptation schemes tend to prioritize
precision on adversarial examples at the expense of accu-
racy on clean datasets. This trade-off is especially apparent
in the case of the SA1B dataset (Kirillov et al. 2023), which
serves as SAM’s foundational training dataset. Therefore, it
is crucial to develop a few-parameter defense method that
can effectively balance SAM’s robustness and accuracy.

This work focuses on enhancing the robustness of SAM
against adversarial attacks while minimizing the impact on
its baseline performance. This is achieved by training a lim-
ited set of parameters. As shown in Figure 1, selectively
adapting a small portion of parameters results in a more ro-
bust SAM variant (i.e., RobustSAM), which outperforms the
original SAM in segmentation under attack. Initially, our ap-
proach begins with the design of a cross-prompt adversarial
attack to generate adversarial examples. These examples can
effectively attack SAM under both point and box prompts,
enabling a more comprehensive evaluation of SAM’s robust-
ness. To further enhance the robustness of SAM, we pro-
pose a few-parameter adversarial defense on the adversar-
ial examples. By adapting the convolutional layers within
SAM, we effectively alter the feature distribution, thereby
establishing an adversarial defense against various adversar-
ial attacks. To minimize the number of trainable parameters,
we employ Singular Value Decomposition (SVD) (Andrews
and Patterson 1976) to reconstruct the parameters space of
the convolution layers. By adapting only 512 singular val-
ues, we significantly improve the SAM’s robustness while
maximally maintaining its original segmentation ability.

• We design a cross-prompt adversarial attack that up-
dates noise to disrupt common key features of both point
and box prompts. Compared to previous SAM attacks, it
can achieve higher attack transferability across different
types of prompts.

• We develop a new SVD-based defense method for vi-
sion foundation models that enhances SAM’s robustness
while preserving its original performance by adapting
only a small fraction of the parameters.

• We validate the proposed attack and defense methods on
SAM for image segmentation, demonstrating their effec-
tiveness. Additionally, we extend the attack to SAM 2,
successfully compromising its video segmentation capa-
bilities.

Methods [1] [2] [3] [4] [5] [6] Ours

New attack method
√ √ √ √ √ √

New defense method
√ √

Attack transferability
√

SAM1 & 2
√

Computation efficiency
√ √

Robustness tradeoff
√

Table 1: A comparison of representative works on SAM’s
robustness. [1]-[6] represents the references (Zhang et al.
2023; Qiao et al. 2023; Zheng and Zhang 2023; Wang, Zhao,
and Petzold 2024; Jankowski et al. 2024; Chen et al. 2024),
respectively.

Related Work
Attacking SAM. As the Segment Anything Model (SAM)
becomes increasingly popular in the computer vision com-
munity, its robustness against adversarial attacks begins to
draw greater research attention (Zhang et al. 2023; Qiao
et al. 2023; Zheng and Zhang 2023; Wang, Zhao, and Pet-
zold 2024; Wang et al. 2023a; Jankowski et al. 2024). Zhang
et al. (Zhang et al. 2023) conduct the first investigation on
how to attack SAM with adversarial examples. After this
work, Qiao et al. (Qiao et al. 2023) conducted an exten-
sive study to evaluate the robustness of SAM, including
various corruptions, occlusions, and perturbations. Zheng
et al. (Zheng and Zhang 2023) achieve targeted adversar-
ial attacks on SAM with black-box settings. However, these
methods exhibit poor attack transferability under different
prompt types. In this paper, our method can impose effec-
tive attacks against SAM under either point or box prompts.

Adapting SAM. Existing parameter adaptation methods
for SAM (Wu et al. 2023; Chen et al. 2023; Zhang and
Liu 2023; Peng et al. 2024; Ma et al. 2024) mainly fo-
cus on improving its performance in downstream applica-
tions, such as medical image segmentation, camouflage de-
tection. For example, SAMed (Zhang and Liu 2023) cus-
tomize SAM to the medical image segmentation task using
a low-rank adaptation (LoRA) (Hu et al. 2021). Similarly,
SAM-Adapter (Chen et al. 2023) introduce new adapter lay-
ers into SAM’s transformer blocks for camouflage detec-
tion. However, applying these adaptation methods to im-
prove SAM’s robustness can result in overfitting on adver-
sarial datasets, which in turn may compromise its perfor-
mance on clean datasets.

To address the above research gaps, we propose a com-
prehensive robustness framework for SAM that integrates a
cross-prompt adversarial attack and an SVD-based defense
method. Unlike existing approaches, our attack not only tar-
gets image and video segmentation on SAM and SAM 2
but also demonstrates higher attack transferability across
different types of prompts. Additionally, our few-parameter
defense method effectively preserves SAM’s original per-
formance on clean datasets while enhancing its robustness
against adversarial datasets. A comparison of the features
and contributions of our method against prior works is pro-
vided in Table 1.
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Figure 2: The overall framework of our proposed adversarial attack and defense pipelines. (a) illustrates one iteration of the
cross-prompt adversarial attack. Original examples are perturbed by a noise generator, and these perturbed examples are then
input into SAM, disrupting key features for both box and point prompts. The effectiveness and progression of the attack are
demonstrated over multiple iterations. (b) depicts the adversarial defense process. Within the SAM model, the parameters of
the convolutional layer (Conv) are decomposed via the singular value decomposition (SVD). Only the matrix P in the new
parameter space is updated, while other parameters in the model remain frozen. After the parameter adaptation, the fine-tuned
SAM is validated using adversarial examples to evaluate its robustness.

Methodology
Cross-Prompt Adversarial Attack
Attack Define. Previous attacks on image segmentation
models have primarily aimed to alter the category labels of
predicted segmentation masks (Rossolini et al. 2023; Nesti
et al. 2022). However, SAM’s predicted masks do not in-
clude categorical labels; instead, they indicate only the shape
of plausible objects. As such, our attack is formulated with
the objective of disrupting the shape of the segmentation
masks generated by SAM. Moreover, as SAM works un-
der the guidance of two types of user-provided prompt (i.e.,
point and box prompts), the proposed attack shall generalize
to both types of prompts.

Consider a fixed set of images X = {X1,X2, . . . ,XN},
where N ∈ N is the total number of images. For any two
masks A and B corresponding to the same image Xi, their
mean Intersection over Union (mIoU) is defined as:

mIoU(A,B) =
|A ∩B|
|A ∪B|

(1)

The indicator function I(i) for image Xi is defined as:

I(i) =

{
1 qpoint(i) < 0.5 & qbox(i) < 0.5

0 otherwise
(2)

where

qpoint(i) = mIoU(Spoint(Xi
adv), S

point(Xi)), (3)

qbox(i) = mIoU(Sbox(Xi
adv), S

box(Xi)). (4)

Here, Xi
adv is the adversarial example for benign image

Xi; Spoint(Xi
adv) and Sbox(Xi

adv) denote SAM’s predicted
masks for Xi

adv under point and box prompts, respectively;
likewise, Spoint(Xi) and Sbox(Xi) denote SAM’s predicted
masks for Xi under point and box prompts, respectively. Es-
sentially, the indicator function defines an attack to be suc-
cessful only if the mIoU for the predicted masks of the orig-
inal image and its corresponding adversarial examples con-
currently fall below 0.5 under the point and box prompts.
Based on the indicator function, we define the attack suc-
cess rate (ASR) as ASR = 1

N

∑N
i=1 I(i).

Attack Motivation. Existing works (Wang et al. 2023b,
2021) indicate that disrupting the important features can dra-
matically reduce the model accuracy. Building on this in-
sight, our cross-prompt attack is designed to affect the
common key features of the model across both point and
box prompts, thereby enhancing the attack transferabil-
ity. To achieve this, we propose a novel key feature selection
algorithm, detailed as follows.
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(b) Box Prompt(a) Point Prompt

Feature channel Feature channel

Figure 3: Demonstrations of output differences for point and
box prompts. It illustrates the negative impact on SAM’s
output when the feature map of each individual channel is
set to zero (i.e., fi(X) = 0). Red boxes highlight the key
features that have the greatest impact on mIoU for the point
and box prompts.

Key Feature Selection. SAM employs a Vision Trans-
former as its encoder to extract global image features and
utilizes a decoder to convert these features into precise
segmentation masks. Given an image X, the SAM en-
coder outputs a set of features F = {fi(X)}, where i ∈
{1, 2, . . . , N}, with N representing the total number of chan-
nels. To evaluate the importance of each feature, we generate
modified feature sets {F̃i}, where each set F̃i is constructed
by setting feature fi(X) to 0 while keeping all other fea-
tures unchanged. For each channel i, we calculate the output
differences for the point prompt and box prompt:

∆ypoint,i = Decoderpoint(F)− Decoderpoint(F̃i), (5)

∆ybox,i = Decoderbox(F)− Decoderbox(F̃i), (6)
The channels of common key features are calculated by:

Cpoint = TopK(∆ypoint,i), Cbox = TopK(∆ybox,i), (7)

Ccommon = Cpoint ∩ Cbox, (8)
where the function TopK selects top K feature channels

with the largest output differences. Figure 3 provides a spe-
cific example, illustrating the output differences for both
point and box prompts when each feature channel is set to
zero.

Attack Pipeline. As shown in Figure 2(a), SAM ex-
tracts two types of features—point features and box fea-
tures—from an input image. Although these two types of
features are fundamentally similar, they contribute differ-
ently to SAM’s output depending on the prompt type. Next,
we use our key feature selection algorithm to extract the
common key features from both types. Subsequently, we de-
fine A as an attack feature that uses negative values to dis-
rupt the key features, leading to less effective feature repre-
sentations. Finally, we optimize the adversarial noise using
Ladv , which quantifies the discrepancy between the key fea-
tures and the attack features. Ladv is given by:

Ladv = MSE(Ai, fi(X+ δ)), i ∈ Ccommon (9)

where fi(X + δ) represents the feature map of the i-th
channel produced by SAM’s encoder given the adversarial
image X+ δ. The adversarial noise δ is updated in the next

iteration as δ∗ = ClipX,ϵ(δ+α · sign(∇δLadv)) with a step
size α. The function ClipX,ϵ(·) constrains the noise within
[−ϵ, ϵ] and ensures the adversarial image X + δ remains
within the valid range of [0, 255].

Few-Parameter Adversarial Defense
Defense Define. The objective of our defense method is to
enhance SAM’s robustness, enabling it to recover the cor-
rect masks for adversarial examples. We define a set of ad-
versarial examples X = {X1

adv,X
2
adv, . . . ,X

N
adv}, where

N ∈ N is the total number of adversarial examples in the
set. Our goal is to train a more robust version of SAM (de-
noted by RobustSAM) that maximizes mIoU(RSp(X ),GT )
under different types of prompts p, where p ∈ [point, box].
RSp(∗) is the output masks of the RobustSAM under prompt
p, and GT denotes the set of ground truth masks correspond-
ing to the adversarial examples in X .

Defense Motivation. Existing works (Xie et al. 2019;
Ilyas et al. 2019) indicate that adversarial noise, while al-
most imperceptible when added into the pixel space, induces
apparent perturbations in the feature space. As illustrated in
Figure 4, the feature map of a clean image (a) differs signif-
icantly from that of an image corrupted by adversarial noise
(b), where the texture features of the “dog” and “cat” are
obscured by the added noise. As such, the motivation be-
hind our defense method is to mitigate the noise impact
by altering the feature distribution of the adversarial ex-
ample, with minimal parameter adaptation. Figure 4 (c)
demonstrates that the proposed RobustSAM maintains the
segmentation quality of adversarial examples by adjusting
the feature distribution.

Trainable Parameters Selection. To achieve our goal of
improving SAM’s robustness with minimal parameter adap-
tations, selecting the appropriate trainable parameters is cru-
cial. The convolutional layers, as the final stage of SAM’s
feature extraction network (i.e., encoder), play a important
role to adjusting feature distribution. These layers not only
reduce the dimensionality of the feature space but also con-
tain relatively few parameters (≈ 600K), accounting for just
1/100th of SAM’s total parameters.

Additionally, we can further compress these trainable pa-
rameters using Singular Value Decomposition (SVD). In our
approach, the parameters of the convolutional layers are de-
composed into three matrices: U, P, and V. U and V are
orthogonal matrices that represent the bases for the input and
transformed spaces, respectively, with each column captur-
ing specific patterns or features in the input data. P is a diag-
onal matrix containing singular values that scale these bases.
The decomposition process can be formulated as:

W =
d∑

i=1

uipi (vi)
T
= UPVT , (10)

where W ∈ Rd×k denotes the parameter space of a con-
volutional layer with d input channels and k output chan-
nels. U ∈ Rd×d and V ∈ Rk×d are the basis matrices
while P = diag(p1, p2, . . . , pi, . . . , pd) is the diagonal ma-
trix adjusting these bases. To sum up, adjusting the matrix
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Figure 4: Effects of attack and defense on the intermediate
features in SAM. Top to bottom: feature maps of (a) a clean
image, (b) an image corrupted by adversarial noise, and (c)
an image corrupted by adversarial noise but defended by our
proposed defense method.

P is equivalent to adjusting the entire parameter space of
the convolutional layers in specific directions. Our defense
improves the adversarial robustness of SAM by training only
the diagonal matrix P.

Defense Pipeline. As illustrated in Figure 2(b), Robust-
SAM encompasses two key processes: parameter adaptation
and parameter decomposition. During parameter adaptation
process, SAM takes as input an adversarial example and out-
puts a prediction mask for it. To encourage correct mask pre-
diction by SAM, we create a defense matrix with positive
values that correspond to the pixel locations of the ground
truth masks. Based on the mean squared error (MSE), we
then calculate a loss Ldef between the predicted matrix
and the defense matrix. During the parameter decomposition
process, we focus on the convolutional layers in SAM’s fea-
ture extraction network. Rather than adapting all parameters,
we apply singular value decomposition (SVD) to decompose
the convolutional layer’s parameter space into three matrices
U, P, and V. Among them, we specifically set diagonal ma-
trix P as the trainable parameters while other parameters in
the model remain frozen. The optimization objective for the
proposed adversarial defense is given by:

Ldef = MSE (D,RSp (Xadv)) , (11)
P∗ = argmin

P
Ldef , (12)

where RSp(∗) represents the output masks of RobustSAM
under different types of prompts p, D is the defense matrix
with positive values according to the ground truth masks,
and P is a diagonal matrix in the new parameters space of
RobustSAM.

Our defense improves the adversarial robustness of SAM
by training only diagonal matrix P. We stress that this de-
sign enjoys the following three merits: (1) Varied feature
distribution. The matrix P acts as a coefficient matrix that
directly adjusts the feature space, allowing us to modify
the feature distribution and reduce the impact of adversarial
noise. (2) Balanced robustness and performance. By train-
ing only P and keeping the foundational matrices U and V)
unchanged, we maintain the core feature space while adapt-
ing the model’s response to adversarial examples, prevent-

ing overfitting to noise. (3) Reduced training cost. Training
only P significantly lowers the training cost, as we improve
SAM’s robustness with only 512 parameters, compared to
the 93735K parameters of the model or 600K of the convo-
lutional layers.

Experiments
Experimental Setup
Datasets and Metrics. To evaluate the robustness of
SAM under different types of prompts (i.e., point and
box prompts), we randomly sample 2000 images from the
SA1B (Kirillov et al. 2023), VOC (Everingham et al. 2010),
COCO (Lin et al. 2014), and DAVIS (Pont-Tuset et al. 2017)
datasets. Each image is paired with a ground truth segmen-
tation mask of a single object, along with corresponding
prompts. The VOC dataset is split into 70% for training
and 30 for evaluation. SA1B and VOC are used to assess
SAM’s robustness under independent and identically dis-
tributed (i.i.d.) conditions, while COCO, DAVIS is used for
out-of-distribution (o.o.d.) conditions. For attack, we use the
attack success rate (ASR) and the mean Intersection over
Union (mIoU) as the evaluation metric. For defense, mIoU
is used as the evaluation metric.

Baselines. We choose two victim models for our experi-
ments: SAM (Kirillov et al. 2023) and SAM 2 (Ravi et al.
2024). Existing attacks against SAM can be categorized
based on the type of prompt inputs: point prompt attack
(PPA) (Zhang et al. 2023; Wang et al. 2023a) and box
prompt attack (BPA) (Qiao et al. 2023). These methods
are variants of gradient-based adversarial attacks, such as
PGD (Madry et al. 2017) and FGSM (Goodfellow, Shlens,
and Szegedy 2014). For a fair comparison, PPA, BPA and
our cross-prompt attack are configured with the same attack
strength and number of iterations. For defense comparison,
we introduce various parameter adaptation schemes to im-
prove the robustness, including SAM-LoRA (Zhang and Liu
2023), SAM-Adapter (Wu et al. 2023), MedSAM (Ma et al.
2024) and SAM-COBOT (Peng et al. 2024). The main dif-
ference among these approaches is the selection of param-
eters within SAM for adaptation. For more details on these
attack and defense methods, please refer to the Appendix.

Implementation Details. For the attack setting, we set the
total number of iteration steps to 20, and perturbation inten-
sity ϵ to 16/255 for PPA, BPA, and our cross-prompt attack.
The attack feature A are set to the negative values of the key
features, and K in TOPK function is set to 5. For all few-
parameter adaptation methods, we randomly sample 70% of
the adversarial examples in the VOC dataset for adapting
SAM. Our training employs the Adam optimizer (Kingma
and Ba 2014). The initial learning rate is set to 1.0 × 10−3,
and the weight decay is 5× 10−5 with one image per mini-
batch. The number of training epochs is set to 500.

Evaluation of Cross-Prompt Adversarial Attack
Figure 5 qualitatively evaluates the performance of the pro-
posed cross-prompt attack method. PPA (a) can effectively
disrupt the mask predicted by SAM under point prompts
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(c) Cross-prompt attack(a) Point prompt attackGTInput (b) Box prompt attack

Figure 5: Illustrations of various adversarial attacks against SAM by employing both point and box prompts. An attack is con-
sidered successful if it removes more than 50% of the ground truth masks for either point or box prompts. (a) illustrates that the
point prompt attacks effectively compromise the ground truth masks under point prompts but are ineffective when encountering
box prompts. (b) depicts the box prompt attacks that successfully disrupt the ground truth masks with point prompts but fail to
attack under point prompts. (c) showcases that our cross-prompt attack successfully degrades the performance for both point
and box prompts simultaneously.

COCO VOC
ϵ 4 8 16 4 8 16

PPA 1.4 2.8 11.4 2.6 5.4 8.3
BPA 1.9 12.8 35.7 2.4 19.1 44.4SA

M

CPA (Ours) 5.7 15.7 60.2 6.2 30.3 62.9
PPA 0 0.3 5.9 0.2 0.5 3.1
BPA 0 6.6 18.5 0 9.8 20.0

SA
M

2

CPA (Ours) 1.3 8.5 32.8 2.2 18.7 34.4

Table 2: Comparisons of ASR with point prompt attack
(PPA), box prompt attack (BPA), and our cross-prompt at-
tack (CPA) on multiple datasets. ϵ denotes the perturbation
intensity.

(i.e., the ground truth masks of “dog”, “cat” are removed un-
der point prompts). However, PPA fails to achieve the same
level of disruption under box prompts. BPA (b) effectively
removes more than 50% of the ground truth mask, but fails
to do so under a point prompt. In contrast, our cross-prompt
attack (c) successfully disrupts the ground truth masks under
both point and box prompts, outperforming PPA and BPA.
This indicates a significant improvement in adversarial at-
tacks against SAM.

Figure 6 illustrates our cross-prompt attack targeting
video segmentation on SAM 2 (Ravi et al. 2024). It demon-
strates that our attack can disrupt the temporal consistency
of video segmentation. For example, it misleads SAM 2
into incorrectly tracking the race car’s mask as its wheels
and causes the man’s mask to be tracked as the skateboard.
Therefore, our attack effectively compromises the expected
continuity and accuracy of video segmentation.

Table 2 quantitatively evaluate the performance of the
proposed cross-prompt attack method on SAM (Kirillov
et al. 2023) and SAM 2 (Ravi et al. 2024). Compared to

Figure 6: Illustration of our cross-prompt attack against the
video segmentation on SAM 2 (refer to Supplementary Ma-
terials for a video demo).

point prompt attack (PPA) and box prompt attack (BPA),
the cross-prompt attack exhibits a higher attack success
rate across all datasets and attack intensities (i.e., ϵ =
4/255, 8/255, 16/255).

Evaluation of Few-Parameter Adversarial Defense
Table 3 compares the effectiveness of various parameter
adaptation methods against adversarial attacks, including
BPA, PPA, and our cross-prompt attack (CPA). As shown,
RobustSAM achieves the highest mIoU, manifesting its
superiority over existing methods (i.e., MedSAM, SAM-
Adapter, SAM-LoRA, SAM-COBOT) across VOC, SA1B
and DAVIS datasets. We observe that under BPA and PPA
attacks on the SA1B dataset, the mIoU of RobustSAM is
slightly lower than that of SAM-LoRA. This may be at-
tributed to LoRA’s low-rank adaptations (Hu et al. 2021),
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VOC SA1B DAVIS
BPA PPA CPA(ours) BPA PPA CPA(ours) BPA PPA CPA(ours)

Baseline† 16.9 29.5 6.4 17.2 23.7 8.1 18.3 30.1 7.5

MedSAM (Ma et al. 2024) 22.1 24.3 8.7 19.5 24.0 11.8 23.5 26.7 10.2
SAM-Adapter (Chen et al. 2023) 27.1 34.4 25.3 27.5 38.1 16.9 29.4 36.5 28.7

SAM-LoRA (Zhang and Liu 2023) 32.8 44.0 27.0 44.3 57.5 31.9 33.6 45.3 29.3
SAM-COBOT (Peng et al. 2024) 31.1 46.3 30.4 40.9 58.7 34.8 32.1 48.9 33.7

RobustSAM (Ours) 39.5 50.8 35.0 41.5 52.2 36.0 40.2 52.7 37.9

Table 3: Comparison of mIoU with different parameter adaptation methods on adversarial datasets. “Baseline†” denotes the
original performance of the undefended SAM.

VOC SA1B

Point Box Point Box

Baseline† 53.5 87.1 32.0 94.0

MedSAM 23.4 38.2 3.9 8.6
SAM-Adapter 62.7 57.9 13.1 49.4
SAM-LoRA 66.5 63.4 15.6 58.0

SAM-COMBOT 68.6 61.1 19.7 59.4
RobustSAM (Ours) 71.3 80.9 28.7 74.0

Table 4: Comparison of mIoU with different parameter
adaptation methods on clean datasets. “Baseline†” denotes
the original performance of SAM. “Point” and “Box” rep-
resent the model outputs under point prompts and box
prompts, respectively.

which might be more effective at capturing the feature char-
acteristics specific to the SA1B dataset. Nonetheless, Ro-
bustSAM surpasses SAM-LoRA by a significant margin on
the VOC and DAVIS datasets. Additionally, we found that
MedSAM underperforms compared to other methods, likely
due to its adaptation of both the encoder and decoder param-
eters in SAM, leading to severe overfitting. In conclusion,
experiments demonstrates that enhancing the robustness of
SAM does not depend on the number of trainable parame-
ters, but rather on which parameters are adapted. This find-
ing aligns with our previous defense theory, where we can
enhanced robustness by modifying the feature distribution
using a small fraction of the parameters.

Table 4 presents the fundamental performance compari-
son on the clean datasets after applying various parameter
adaptation methods. The results demonstrate that Robust-
SAM can maximally preserve its fundamental segmentation
ability on clean datasets. For instance, on the VOC dataset
under Box prompts, SAM-LoRA reduces the baseline mIoU
from 87.1 to 63.4 on the clean dataset, whereas our method
results in a smaller decrease, from 87.1 to 80.9. This indi-
cates that our defense successfully improves robustness on
adversarial datasets while preserving strong segmentation
performance on clean datasets.

Table 5 presents the computational comparison of differ-
ent parameter adaptation method. The results show that the

Method Params (K) Time (Fps)

Baseline† 93735 3.3

MedSAM (Ma et al. 2024) 93729 3.3
SAM-Adapter (Wu et al. 2023) 3550 6.2

SAM-LoRA (Zhang and Liu 2023) 147 5.2
SAM-COBOT (Peng et al. 2024) 1.3 10.8

RobustSAM (Ours) 0.5 11.5

Table 5: Computation efficiency analysis for different pa-
rameter adaptation methods. “Baseline†”: adapting SAM’s
all parameters.

complexity of our method is significantly lower than that
of other parameter adaptation methods. For example, the
parameters of RobustSAM are 600 times less than that of
SAM-Adapter. This significant reduction in overhead stems
from that our RobustSAM emphasizes adapting the core pa-
rameters, rather than adjusting a large number of parameters.

Conclusion
In this paper, we propose a comprehensive adversarial ro-
bustness framework for SAM including both adversarial at-
tack and defense methods. The proposed cross-prompt at-
tack effectively reveals the vulnerabilities of SAM and SAM
2 across different prompt types. To counter these vulnera-
bilities, we propose RobustSAM, a few-parameter defense
approach that involves training a small subset of parameters
in SAM’s feature extraction network. By applying SVD, we
further control the number of trainable parameters, ensuring
a balance between enhanced robustness and maintenance of
the baseline performance of SAM. Our experimental results
demonstrate that RobustSAM significantly boosts SAM’s
robustness against adversarial attacks by adapting only 512
parameters. We expect that this work bring new insights into
existing research on the robustness of SAM and serve as a
baseline that facilitates further research in this direction.
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