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Abstract. Promptable foundation segmentation models exhibit impres-
sive capabilities across diverse tasks, yet their performance deteriorates
substantially on medical images due to domain and sub-domain shifts.
Online test-time adaptation (OTTA) helps alleviate these shifts, but ex-
isting methods remain limited in effectiveness and efficiency. To this
end, we introduce Semantic-Preserving Dual-Perturbation Adaptation
(SPDA), a resource-efficient OTTA framework tailored for promptable
medical segmentation. SPDA constructs diverse and robust learning sig-
nals by enforcing feature and prediction consistency across two semantic-
preserving perturbations: (i) a domain-adaptive low-frequency radial-
spectrum perturbation that simulates task-irrelevant intra-sub-domain
variations without out-of-domain distortions, and (ii) a prompt under-
sampling perturbation that reduces prompt density while preserving
target semantics. These consistency constraints drive the optimization
of a lightweight post-encoder adapter, facilitating efficient adaptation
with minimal computational overhead. Extensive experiments on varied
2D /3D medical data demonstrate that SPDA consistently outperforms
state-of-the-art OTTA baselines under box and point prompts, while
using substantially fewer resources. Ablation studies validate each com-
ponent and indicate the suitability for real-time clinical deployment.

Keywords: Medical Segmentation - Promptable Foundation Model -
Online Test-Time Adaptation

1 Introduction

Medical segmentation underpins essential clinical workflows, including diagnosis,
treatment planning, and surgical navigation [2,[37,/48]. Promptable foundation
models like SAM [23] and SAM2 [39] have demonstrated remarkable capabilities
in segmenting natural images and videos using interactive prompts. Domain-
adapted variants, such as MedSAM [28], MedSAM?2 [30], and Medical-SAM2 |60],
mitigate the natural-to-medical domain shift (Fig. via fine-tuning on large-
scale medical data. Nevertheless, their performance degrades on unseen medical
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Fig. 1: Challenges in transferring general promptable segmentation models to medical
image segmentation. (a) Models trained on natural images degrade on medical images
due to substantial domain shift between natural and medical domains. (b) Even after
fine-tuning on large-scale medical datasets, models are still sensitive to sub-domain
shifts arising from data heterogeneity (e.g., different organs, different MR sequences).

data due to sub-domain shifts (Fig. stemming from data heterogeneity across
imaging modalities, target organs, acquisition protocols, and clinical centers.

Test-time adaptation (TTA) [7./8,/12,/38}/51H53], which refines models on un-
labeled test data in a privacy-preserving manner, offers a solution to mitigate
domain and sub-domain shifts without source data access or extensive retraining.
Specifically, online test-time adaptation (OTTA) [78L53] is suited for adapting
promptable foundation segmentation models to clinical settings where data ar-
rives sequentially. OTTA adapts the model to each incoming data batch, accumu-
lating domain-specific knowledge while capturing instance-specific features [24].

Despite the rapid progress, existing OTTA methods face significant chal-
lenges in real-world clinical deployment. (i) Acquiring sufficient and reliable
learning signals at test time remains challenging. To address this, alignment-
based approaches |7] match source and target feature statistics but require source
statistics access, which raises privacy concerns |25] and prevents direct learn-
ing from valuable target domains [35]. Consistency-based methods instead en-
force agreement across semantic-preserving perturbations, which encourages the
model to learn invariance to task-irrelevant information and adapt to the current
sub-domain. Input-perturbation methods [8] use data augmentations to promote
invariance. However, intra-sub-domain variations in medical data predominantly
manifest within low-frequency components, whereas conventional augmentations
mainly modify high-frequency details (Fig.|3). This mismatch can introduce out-
of-domain distortions, violating semantic invariance and causing misaligned gra-
dients [45./55]. Inference-perturbation methods, such as student-teacher frame-
works [53], generate weak signals due to limited perturbation diversity [1}[27]
and amplify confirmation bias [43,/47], risking model collapse. (ii) Efficiency is
another major concern in resource-constrained settings such as hospital edge de-
vices. Many methods are impractical due to the substantial computational and
memory overhead from full-model optimization and backpropagation costs [8].

To address the aforementioned challenges, we propose Semantic-Preserving
Dual-Perturbation Adaptation (SPDA), a novel OTTA method for efficiently
adapting promptable foundation models to medical segmentation. First, we con-
struct diverse and robust consistency-based learning signals via two semantic-
preserving perturbations. Driven by the observation that medical intra-sub-
domain variations predominantly manifest in low-frequency spectra, we design a
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domain-adaptive low-frequency radial-spectrum perturbation to simulate task-
irrelevant variations without out-of-domain distortions. Additionally, we intro-
duce a prompt under-sampling perturbation to yield diverse yet semantically
consistent views during inference. These dual perturbations provide strong su-
pervision via feature and prediction consistency losses. Second, we introduce
a lightweight learnable adapter after the image encoder, keeping all parame-
ters of the promptable foundation segmentation model frozen. This design mini-
mizes trainable parameters and computational cost by avoiding backpropagation
through the heavy encoder, enhancing the efficiency of the OTTA process.

To summarize, our main contributions are as follows: (1) We develop a highly
efficient online test-time adaptation framework that effectively enhances the
transferability of promptable foundation models across diverse medical segmen-
tation tasks. (2) We introduce novel techniques to overcome key challenges of
online test-time adaptation, specifically a domain-adaptive low-frequency radial-
spectrum perturbation and a prompt under-sampling perturbation to construct
reliable learning signals, alongside a lightweight post-encoder adapter to min-
imize computational overhead. (3) We extensively evaluate our approach on a
wide range of 2D and 3D medical data covering multiple imaging modalities,
demonstrating consistent state-of-the-art performance under the stringent re-
source constraints of real-world clinical environments.

2 Related Work

2.1 Promptable foundation models for medical segmentation

Promptable foundation segmentation models, exemplified by SAM [23], have sig-
nificantly advanced segmentation in 2D natural images, demonstrating strong
zero-shot capabilities. To address the suboptimal performance of SAM in medi-
cal image analysis [20,/32], researchers have fine-tuned it for 2D medical images,
yielding domain-adapted models such as MedSAM |28] and SAM-Med2D [9]. A
primary challenge, however, is that most real-world clinical data are inherently
volumetric. Efforts to extend promptable segmentation to 3D include training
full 3D encoders from scratch (e.g., SAM-Med3D [46]) or integrating 3D adapters
into the original SAM architecture (e.g., Med-SA [54], MA-SAM [3]). Other
works also design promptable 3D medical models [13}14,[22]. Despite these ad-
vancements, a unified model capable of seamlessly processing 2D images, 3D
volumes, and medical videos remained absent. The introduction of SAM2 [39],
a state-of-the-art promptable video segmentation model, presented a promising
direction. This led to models like Medical SAM2 [60] and MedSAM2 [30], which
were fine-tuned on large-scale medical image (2D and 3D) and video datasets.
Nevertheless, these methods incur substantial retraining costs, and their perfor-
mance can often degrade in real-world clinical settings due to severe data hetero-
geneity [53]. These gaps motivate the development of efficient online test-time
adaptation (OTTA) for promptable medical foundation models, which aims to
preserve their general object segmentation capabilities while improving robust-
ness to domain and sub-domain shifts under resource-constrained scenarios.
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2.2 Test-time adaptation

Test-time adaptation (TTA) refers to refining pre-trained models at test time
using unlabeled target-domain data to mitigate performance degradation due to
domain and sub-domain shifts, without accessing source-domain data [24]. Early
research on TTA focused on image classification [4L[5251341/361/41.59] and video
classification [19,26}/57,58|, primarily evaluating methods on corrupted bench-
marks [15[161/40,56] which are designed to simulate domain shifts. More recently,
TTA has been extended to medical imaging, addressing more realistic and clini-
cally relevant domain and sub-domain shifts across scanners, institutions, proto-
cols, and modalities. Beyond medical classification-oriented TTA [31)49], medical
segmentation-oriented TTA has also attracted increasing attention. These meth-
ods can be grouped by their adaptation strategy: (i) test-time domain adaptation
(TTDA) performs a one-shot adaptation on the entire unlabeled target dataset
prior to inference (e.g., UPL-SFDA [52], DeTTA [51]), capturing dataset-level
knowledge; (ii) test-time batch adaptation (TTBA) adapts on a per-batch basis
and immediately infers on that batch (e.g., InTEnt [12]), improving responsive-
ness. However, TTDA cannot handle sequential data arrival and may overlook
instance-specific features, while TTBA discards accumulated domain knowledge
across batches. Online test-time adaptation (OTTA) [50] addresses these limita-
tions by continually updating parameters across the input stream by aligning the
source and target feature statistics (e.g., VPTTA [7]) or enforcing consistency
across outputs from perturbations (e.g., GraTa [8], SAM-TTA [53]). Despite re-
cent advances, several challenges persist in clinically realistic settings, especially
for promptable foundation segmentation models (e.g., SAM-family variants and
their medical derivatives): (i) alignment-based methods access the source-domain
statistics, raising privacy concerns and failing to learn target-specific knowledge;
(ii) existing consistency-based methods often rely on non-semantic-preserving
perturbations that can lead to misleading supervision; (iii) many methods fail
to meet the requirement for resource efficiency in clinical scenarios. Motivated
by these gaps, we study efficient and consistency-based OTTA for promptable
medical segmentation. In contrast to existing OTTA methods, our approach
employs semantic-preserving dual perturbations and a lightweight adapter to
obtain robust and misinformation-resistant consistency-based learning signals
while substantially reducing computational and memory overhead.

3 Method

We study efficient online test-time adaptation (OTTA) for promptable medical
segmentation. Given a visual input x € RPXCXHXW (D — 1 for 2D, and D > 1
for 3D /video) with prompts p (e.g., points or boxes), a promptable model fp
predicts a binary mask y € {0,1}P*#*W_ The unlabeled target-domain data
Dr = {(x®,p®)}I_, arrives sequentially in mini-batches {B;}/_,(B; C Dy).
For B;, we adapt and infer online:

Vi = for (Bi), 09 = «4(9(1-71); Bi) ; (1)
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Fig. 2: Overview of our SPDA method, illustrated on the SAM2 architecture. Our
method optimizes a lightweight, post-encoder adapter using a dual-consistency objec-
tive derived from two perturbations: (1) a Domain-Adaptive Low-frequency Radial-
Spectrum Perturbation on the input, and (2) a Prompt Under-Sampling Perturbation
applied during promptable inference. Specifically, we enforce feature consistency (L)
between the features zg4 and z4 derived from the original and perturbed inputs, along-
side prediction consistency (L) that aligns the anchor prediction (yq) with predictions
from the input-perturbed (y4) and inference-perturbed (y4) views. The combined loss
only updates the adapter.

where A is an adaptation operator that accesses neither labels nor source data.
The objective is to minimize the expected segmentation error over the sequence:

Z Y fen(x,p), ¥), (2)

A Zz—1|6‘ i=1 (x,p)€B;

where ¥ is the latent ground-truth segmentation mask of the given input (x, p)
and ¢ represents a segmentation discrepancy.

To achieve this goal, our proposed Semantic-Preserving Dual-Perturbation
Adaptation (SPDA) concentrates on two key challenges: generating robust learn-
ing signals and ensuring resource efficiency. To construct robust learning sig-
nals, we devise two semantic-preserving perturbations: a Domain-Adaptive Low-
Frequency Radial-Spectrum Perturbation (detailed in Sec. and a Prompt
Under-Sampling Perturbation (detailed in Sec. . For resource efficiency, we
introduce a lightweight adapter positioned after the image encoder, which is the
only module to be updated during adaptation (detailed in Sec. . These com-
ponents are integrated via a dual-consistency objective, enabling stable, source-
free OTTA with minimal overhead (detailed in Sec. [3.4). An overview of our
SPDA method is illustrated in Fig.
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(a) RAPSD on different sub-tasks. (b) RAPSD on augmentations. (c) RAPSD on our perturbation.
Fig. 3: Analysis of Radially Averaged Power Spectral Density (RAPSD) motivating our
domain-adaptive perturbation. (a) Min-max bands of RAPSD across different CT sub-
tasks. Fluctuations are concentrated in the low-frequency region, and the magnitude of
variation differs between sub-tasks. (b) RAPSD plots for a CT Abdomen sample under
various traditional data augmentations. These augmentations primarily affect high-
frequency components. (c) RAPSD band for the same CT Abdomen sample under
our domain-adaptive low-frequency radial-spectrum perturbation. Our perturbation
effectively introduces diverse variations specifically in the low-frequency region.

3.1 Domain-adaptive low-frequency radial-spectrum perturbation

To generate diverse yet semantic-preserving consistency-based learning signals,
we propose a domain-adaptive low-frequency radial-spectrum perturbation on
the visual input. Our strategy is motivated by radially averaged power spectral
density (RAPSD) analysis [44] (see Fig.[3): medical intra-sub-domain variations
predominantly manifest in the low-frequency spectrum (Fig. , whereas tra-
ditional augmentations primarily perturb high-frequency details 35| (Fig. .
Additionally, minor high-frequency differences can induce substantial seman-
tic shifts in medical segmentation. Consequently, this mismatch of traditional
augmentations can introduce out-of-domain distortions, violating semantic in-
variance and leading to misaligned gradients [45]/55]. To generate diverse and
sub-domain-aligned perturbations while preserving semantics, our approach ex-
clusively perturbs the low-frequency components, dynamically adapting to the
characteristics of the target sub-domain. By enforcing consistency under our
semantic-preserving domain-adaptive low-frequency radial-spectrum perturba-
tion, models learn invariance to task-irrelevant intra-sub-domain variations while
enhancing their sensitivity to task-discriminative features, thereby effectively

mitigating the performance degradation caused by inter-sub-domain shifts.

)

Formally, for a given input x*), we compute its 2D Fourier transform ch €

CH*W and associated power PE{?; for each slice-channel pair (d, ¢). The frequency

plane is then partitioned into K radial bands {2} :

a={03) (") <stin<(g) '} ®)

where p(i,7) is the normalized distance from the center, K is the number of
bands, and hyperparameter + controls band resolution.
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We calculate the average log-radial power Rg)c b= ﬁ Z(i e, log chtz (4, 4)

(t) (t)
intra,b intra,b* To Capture

sub-domain characteristics, we update inter-sample statistics (,ui(flier‘b, vi(ﬁzer b)

using exponentially weighted moving average (EWMA) and variance (EWVar)
with momentum hyperparameter 7:

(®) (®) (t=1)

for each band and intra-sample mean g and variance v

517 = p‘intra,b - luintenb’ (4)

—1
Mi(riz;er,b = 'ui(riter?b + 776£t)’ (5)
Uiters = (L= )i, +0(57)%. (6)

We compute the combined variance vlgt) = )‘intravi(ﬁzra p T )\mterv(t)

inter.pe bHEN Sam-

ple a perturbation factor a}(f) from an adaptive log-normal distribution:

o~ N (0.0, (7

1
ozl(f) = exp <el()t) - 21},@) . (8)

Critically, this perturbation is applied only to the low-frequency bands (b < Koy,
where K)oy is a hyperparameter defining the low-frequency threshold) by scaling

the real part of the Fourier coefficients Ag?c = %(Xg’) ):

AP (i,5) « ol AL, 5) (i, j) € . ()

The perturbed input x(*) is reconstructed by applying the inverse Fourier trans-
form shift, followed by the 2D inverse Fourier transform (F, *).

The variations introduced by our domain-adaptive perturbation (Fig.
closely align with the authentic data diversity observed in real-world clinical
settings (the Abdomen sub-task in Fig. . This alignment ensures the gener-
ation of semantically consistent and domain-relevant views, thereby providing
highly reliable consistency-based learning signals for OTTA.

3.2 Prompt under-sampling perturbation

We introduce a lightweight perturbation to provide diverse yet semantically con-
sistent views during inference. This approach perturbs the prompting process,
preserving semantic invariance by maintaining the original target semantics, as
the under-sampled prompts continue to reference the same anatomical or patho-
logical regions with reduced specificity.

The prompt under-sampling procedure varies depending on the prompt type
to yield the under-sampled prompt p for the target object:

— Box Prompts: Given a box prompt p, we generate p by isotropically scaling
its area by a factor ( > 1, which creates a less specific prompt that still fully
encompasses the same target object.

— Point Prompts: Given a set of N > 2 point prompts p, the perturbed prompt
subset p C p is generated by randomly sampling N’ < N points.
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3.3 Resource-efficient adapter

Resource efficiency is critical for OTTA in clinical settings. The primary bot-
tleneck in backpropagation-based OTTA is the backward pass of the large im-
age encoder, which incurs substantial computational latency for gradient com-
putation and memory overhead for storing intermediate activations [6]. While
Parameter-Efficient Fine-Tuning (PEFT) strategies [17,[18] reduce trainable pa-
rameters and gradient computation, modules inserted within the encoder still
require a full backward pass, failing to address this bottleneck.

To overcome this, we introduce a lightweight adapter positioned solely after
the image encoder. This adapter, implemented as a simple bottleneck convolu-
tion for each output feature map (supporting hierarchical encoders), is the only
component updated. This post-encoder design completely bypasses backpropa-
gation through the heavy image encoder, which yields significant efficiency gains:
(i) it dramatically reduces computational latency by computing gradients only
for the lightweight adapter, and (ii) it substantially saves memory by obviating
the need to store the encoder’s intermediate activations for the backward pass.

3.4 Overall Objective

During adaptation for an incoming batch, we update only the lightweight adapter
(described in Sec. using a dual-consistency objective. This objective provides
robust and misinformation-free consistency-based learning signals by leveraging
our semantic-preserving perturbations (described in Sec. and Sec. .

Let z4 and z4 be the set of features for the d-th slice extracted by the encoder
and processed by our adapter from the original input x and the perturbed input
x, respectively. We formally define the anchor prediction y,4, the input-perturbed
prediction y4 (Sec. , and the inference-perturbed prediction y, (Sec.
as the outputs generated from the feature-prompt pairs (zq4, p4), (Zd4, pa), and
(z4, Pa), respectively. Our optimization objective consists of a feature consistency
loss and a prediction consistency loss.

Feature consistency loss. We define the feature consistency loss to encourage
the robustness of adapter-produced representations against the domain-adaptive
input perturbation. Since our adapter supports hierarchical encoders, we enforce
feature consistency by minimizing the cosine dissimilarity at all feature levels:

Ly= % EL (1 — oS (Z((il)fzvg))) , (10)
=1
(

where z dl) and Zg) are the features at the I-th level.

Prediction consistency loss. We impose a prediction consistency loss that
aligns the anchor prediction with those derived from each perturbation, using
the Dice loss Lgice [33] to encourage agreement:

1 _ ~
Ly = 5 (Laice (Ya:¥a) + Laice (Y, ¥a)) (1D
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Final loss. We form the final loss as a weighted sum of these terms:
L=XLs+NLp (12)

where Ay and A\, are hyperparameters that balance each term. By optimizing this
combined objective £ via backpropagation, gradients are computed and applied
only to the adapter parameters, thereby achieving efficient and effective OTTA.

4 Experiments

4.1 Experimental setup

Datasets. We conduct extensive experiments on a large-scale dataset collected
by the CVPR 2024 Segment Anything in Medical Images Challenge, covering 11
imaging modalities (CT, Dermoscopy, Endoscopy, Fundus, Mammography, Mi-
croscopy, MR, OCT, PET, Ultrasound, and XRay) |29]. Each modality comprises
diverse sub-tasks, such as segmenting different anatomical regions or pathologies,
which inevitably introduce significant sub-domain shifts. The dataset is curated
and pre-processed following established methodologies [2128].

Evaluation metric. We report the Dice Similarity Coefficient (DSC) as the
primary evaluation metric [11,42]. The DSC quantitatively measures the spatial
overlap between the model’s prediction and the ground truth mask, providing a
robust measure of overall segmentation accuracy.

Baseline. We evaluate our proposed SPDA approach against four recent state-
of-the-art test-time adaptation methods for medical segmentation (including
both OTTA and TTBA methods) by applying them to adapt the promptable
foundation segmentation models:

— InTEnt [12]: InTEnt is a TTBA method that generates an ensemble of mod-
els by interpolating the normalization layer statistics. The final segmentation
prediction is then constructed by weighting the ensemble outputs based on
their respective prediction entropy.

— VPTTA [7]: VPTTA is an OTTA method that optimizes a trainable low-
frequency prompt. The learning objective is to align the feature map statis-
tics of the target domain with those of the source domain.

— GraTa [8]: GraTa is an OTTA method that optimizes model parameters
by implicitly aligning the gradients from an entropy minimization objective
and a consistency-based objective.

— SAM-TTA [53]: SAM-TTA is an OTTA method that employs a student-
teacher framework. The method mainly enforces dual-scale prediction con-
sistency to optimize the model and a learnable input transformation.

We make some necessary modifications to the evaluated baseline methods to
ensure compatibility with promptable segmentation models. All further imple-
mentation details are provided in the supplementary materials.
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Implementation details. For all experiments, we set the batch size to 1 and
adapt the model for a single iteration per batch, which aligns with the protocols
of the evaluated OTTA baselines [7,8./53|. Following the MedSAM?2 protocol, the
initial prompts inherently contain realistic noise (e.g., up to a 10% box offset).
To mitigate catastrophic forgetting during continuous adaptation, we stochasti-
cally restore 1% of the adapter parameters to their initial pre-adaptation weights
during the adaptation of each sample. We employ the AdamW optimizer for our
SPDA and the recommended optimizer for each baseline method. The optimal
learning rate for each method (if applicable) on the whole dataset is determined
via a grid search on its sampled subset (20 samples per sub-task). For SPDA, we
set the remaining hyperparameters as follows: the number of radial frequency
bands K = 24, the number of perturbed low-frequency bands K., = 8, the
band resolution controller v = 1.7, the EWMA momentum n = 0.1, the vari-
ance aggregation weights Aintra = 0.3 and Ajpter = 0.7, the box scaling factor
¢ = 1.005, the number of under-sampled points N’ = 1, and the consistency loss
weights Ay = 0.1 and A\, = 1.0. Notably, this unified configuration consistently
yields competitive performance across all evaluated medical modalities. Sensi-
tivity analysis provided in the supplementary materials demonstrates that our
method exhibits adequate robustness to hyperparameter variations.

4.2 Experimental results

SPDA and the other TTA methods are evaluated on the SAM2 architecture,
initialized with pre-trained parameters of either SAM2 or MedSAM?2. We also
report the baseline performance of the original pretrained model without any
TTA method as a comparison reference (Source-Only).

Performance with general foundation model (SAM2). We first assess
the model’s ability to adapt from natural to medical domains using SAM2 pre-
trained weights. We present results for both box prompts and 3-click point
prompts. For 3D samples, prompts are provided for the key slice (defined as
the slice with the largest mask area) and up to four adjacent slices, with the
remaining slices segmented using SAM2’s object tracking capability. As shown
in Tab. [T, SPDA consistently outperforms the source-only model and baselines
across modalities. It achieves average DSC improvements of 7.07% and 9.96%
for box and point prompts, respectively. This demonstrates SPDA’s effectiveness
in mitigating the natural-to-medical domain shift without source data access.

Performance with medical foundation model (MedSAM?2). We adopt a
more challenging and realistic segmentation setup where prompts are provided
exclusively for the key slice in 3D samples. The results, presented in Tab. [2]
confirm the superiority of our method. SPDA achieves state-of-the-art average
performance, improving upon the strongest baseline (GraTa) by 1.79% for box
prompts and 2.06% for point prompts. This highlights SPDA’s robustness and
effectiveness in refining models that are already fine-tuned for the medical do-
main but still struggle with sub-domain shifts from data heterogeneity.
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Table 1: Quantitative comparison of our SPDA against SOTA methods using the
general SAM2 foundation model. Evaluation metric is DSC (%). The best results are
highlighted in bold and the second-best results are underlined.

Prompt Method DSC (%) 1

CT Derm. Endo. Fundus Mammo. Micro. MR OCT PET US XRay Avg. DSC

Source-Only ~ 47.04 86.39 84.59 82.02 66.36 74.56 56.82 62.86 17.36 86.38 73.87  67.11
InTEnt (12| 49.72 88.33 85.96 82.59  66.28 74.42 57.53 59.80 19.25 84.62 73.92  67.49

box VPTTA [7] 52.36 89.63 87.98 82.73  66.84 78.37 69.75 80.11 22.82 88.99 77.81  72.49
GraTa [8] 49.90 89.74 87.93 82.49  67.62 77.92 69.58 81.92 22.91 90.11 80.49  72.78
SAM-TTA 53] 50.59 89.75 87.94 82.62 66.98 80.14 67.05 80.56 17.01 90.16 80.93 72.16

SPDA (ours)  54.39 90.84 88.72 83.33 69.19 80.25 70.27 82.18 24.65 90.77 81.41 74.18
Source-Only  36.65 63.42 65.78 55.86 31.76 67.55 43.90 68.14 10.22 65.35 57.68  51.48
InTEnt [12] 34.26 63.33 66.33 54.55  20.80 66.48 44.57 71.37 9.95 66.78 58.08  51.41

. VPTTA [7] 37.56 69.33 75.63 60.95 36.14 67.83 45.04 71.75 17.79 70.42 59.25  55.61
points o oma g 36.47 63.83 73.04 60.19 34.18 68.16 46.20 68.70 11.68 60.42 58.76  52.88

SAM-TTA [53] 35.74 68.90 81.31 58.59 32.16 67.74 48.85 71.43 15.64 73.95 60.93 55.93
SPDA (ours) 47.13 78.69 82.94 62.39 38.91 70.53 55.39 73.77 23.18 75.05 67.85 61.44

Table 2: Quantitative comparison of our SPDA against SOTA methods using the
domain-adapted MedSAM2 foundation model. Evaluation metric is DSC (%). The
best results are highlighted in bold and the second-best results are underlined.

Prompt Method DSC (%) T

CT Derm. Endo. Fundus Mammo. Micro. MR OCT PET US XRay Avg. DSC

Source-Only 70.89 94.62 92.24 94.09 80.56 79.72 76.21 82.00 68.71 89.00 88.87 83.36

InTEnt [12] 68.73 94.55 92.14 93.92  81.93 78.48 76.33 79.83 69.19 89.92 88.73  83.07
box VPTTA [7] 71.37 94.45 93.62 95.86 81.72 86.31 78.42 86.58 75.61 91.33 89.85  85.92
GraTa (8] 71.99 94.57 93.06 94.83  81.18 87.72 79.89 87.17 76.97 91.63 89.89  86.26
SAM-TTA [53] 69.80 93.42 93.02 94.68 82.14 87.63 78.02 85.59 75.45 93.75 89.14  85.69

SPDA (ours)  76.58 94.81 93.87 95.89 83.08 90.82 81.94 88.23 79.14 93.94 90.22 88.05
Source-Only ~ 68.79 86.44 88.46 80.84  63.67 81.80 72.89 74.36 73.57 83.69 83.74  78.02
InTEnt [12] 67.86 87.12 86.21 81.27  62.63 81.29 71.06 76.73 72.39 85.74 82.85 77.74

.. VPTTA [7] 67.47 90.21 86.88 82.77 65.76 81.73 71.11 76.65 72.11 85.45 85.74  78.72
points  q oma g 68.19 87.76 87.35 82.57 66.59 81.22 75.76 76.87 73.34 86.39 83.52  79.05

SAM-TTA |53] 68.61 87.63 88.07 81.08 65.43 81.86 76.33 77.32 73.24 86.44 83.14 79.01
SPDA (ours) 70.45 91.03 89.05 82.17 66.85 82.08 77.40 79.16 74.58 87.51 91.91 81.11

Table 3: Comparison between our method and baseline TTA methods in terms of
average computational cost per sample (TFLOPs) and the number of parameters (M).

Method Comput. Cost (TFLOPs)| #params (M)]
InTEnt [12] 204.56 38.97
VPTTA [7] 233.2 38.98
GraTa [§] 497.18 38.99
SAM-TTA [53] 63.65 78.04
SPDA (ours) 39.88 39.16

Computational cost and parameter efficiency. We quantify the per-sample
computational cost (TFLOPs) and parameter count (including model parame-
ters, memory bank variables, and statistics) for each method, measured under
the MedSAM?2 setup. As detailed in Tab. [3] SPDA maintains a competitive pa-
rameter count (39.16M) that is comparable to most baselines and significantly
more parameter-efficient than SAM-TTA (78.04M). Crucially, its computational
cost (39.88 TFLOPs) is substantially lower than that of other baselines. This
validates our design as a lightweight framework suitable for clinical deployment.
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Ground
Truth

Derm Endo Fundus Mammo. Micro. PET XRay
Fig. 4: Vlsuahzatlon of segmentation results when applylng our method and the SOTA
TTA methods to MedSAM2. Different colors denote distinct objects in a column and
the number of each predicted mask indicates the DSC (%).

Table 4: Ablation study with different promptable foundation segmentation models.

Method Avg. DSC (%)1
SAM 65.48
SAM + SPDA 70.16
MedSAM 71.64
MedSAM -+ SPDA 72.82

Visualization and comparisons. We visualize the segmentation results of
our method and the baselines when performing TTA on MedSAM2 in Fig.
Due to the capability of MedSAM?2, most approaches produce reasonable re-
sults. However, our proposed SPDA consistently yields more precise and robust
segmentation masks. Compared to other methods, the outputs of SPDA more
closely align with the target structures, particularly in challenging cases with am-
biguous edges or complex anatomies. These qualitative results confirm SPDA’s
superior capability in mitigating the subtle yet critical sub-domain shifts inher-
ent in heterogeneous medical data, thereby further validating its effectiveness.

4.3 Ablation study

To validate the key components of SPDA, we conduct ablation studies on a sub-
set comprising 20 randomly selected samples from each sub-task. Unless specified
otherwise, we use MedSAM?2 as the backbone and evaluate using box prompts.
Hyperparameter selection analysis is provided in the supplementary materials.
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Table 5: Comparison between our adapter and other optimization strategies.

Opt. strategy Avg. DSC (%)7 TFLOPs]
LN Optimization 80.85 77.61
LoRA Optimization 85.11 78.90
Our Adapter 85.04 39.88

Table 6: Ablation studies for the key components of our SPDA.

_ Input Pert. Prompt Pert.  Avg. DSC (%)1
Trad. Ours
80.07
v 83.91
v 81.45
v v 83.78
v v 85.04

Effectiveness with different foundation segmentation models. To verify
the generalizability of our method, we apply SPDA to other promptable foun-
dation segmentation models, namely the original SAM [23| and MedSAM [2§].
As shown in Tab. ] SPDA consistently improves performance across different
models, demonstrating its model-agnostic benefits.

Comparison with other optimization strategies. We compare our efficient
adapter with alternative strategies, i.e., layer normalization (LN) and LoRA op-
timization. As shown in Tab. [5 our adapter (85.04% DSC) performs comparably
to the best alternative, LoRA (85.11% DSC). However, our computational cost
(39.88 TFLOPs) is substantially lower, at roughly half that of LoRA (78.90
TFLOPs) and LN (77.61 TFLOPs). This result validates the superior efficiency
of our post-encoder design, which avoids backpropagation through the heavy
encoder while maintaining high adaptation accuracy.

Analysis of component contributions. We analyze the contributions of our
domain-adaptive low-frequency radial-spectrum perturbation (Input Pert.) and
prompt under-sampling perturbation (Prompt Pert.), while comparing against
traditional augmentations (Trad.) [10]. In Tab. @ the baseline without adapta-
tion achieves 80.07% DSC. Introducing our Input Pert. alone boosts performance
to 83.91%, whereas Prompt Pert. yields a smaller gain (81.45%). Notably, replac-
ing our Input Pert. with traditional augmentations (83.78%) results in slightly
lower performance, confirming that traditional methods fail to adequately tar-
get the relevant sub-domain variations. Finally, the full SPDA model, combining
both our semantic-preserving input perturbation and the prompt perturbation,
achieves the highest accuracy (85.04%), demonstrating that the two components
are complementary and essential for optimal performance.
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Fig. 5: Modality-specific sensitivity of the frequency hyperparameters Ko and +.

Modality-specific sensitivity to hyperparameters. Although our unified
global hyperparameters establish a robust baseline across the dataset, relying
on a single configuration may not fully exploit the potential of modalities with
distinct spectral properties (e.g., Fundus). As illustrated in Fig. |5 we analyze
the frequency hyperparameter sensitivity of individual modalities by conduct-
ing a small-scale grid search (Ko € {4,8,12}, v € {1.5,1.7,2.0}) on three
representative modalities (US, MR, and Fundus). For example, MR exhibits
a strong preference for a narrower low-frequency band (Kjow = 4, v = 1.5),
achieving a substantial +5.05% DSC gain. Conversely, Fundus images benefit
from a broader perturbed spectrum (Ko = 12, v = 1.7) to better accommo-
date their unique frequency characteristics, yielding an additional +1.48% DSC
improvement. These findings indicate that while a global configuration suffices
for general deployment, a lightweight modality-specific grid search serves as an
effective strategy to address diverse spectral distributions and maximize adap-
tation potential for heterogeneous clinical data.

5 Discussion

In this paper, we presented Semantic-Preserving Dual-Perturbation Adaptation
(SPDA), an efficient and effective online test-time adaptation (OTTA) method
for promptable medical segmentation. It optimizes a lightweight post-encoder
adapter by enforcing dual consistency across two semantic-preserving perturba-
tions: a domain-adaptive low-frequency radial-spectrum perturbation targeting
sub-domain shifts, and a prompt under-sampling perturbation providing diverse
inference views. The resulting framework achieves strong performance with high
resource efficiency, demonstrating its suitability for clinical deployment.

One limitation is that SPDA is designed for architectures with distinct im-
age encoders, prompt encoders, and mask decoders. Its applicability to more
integrated, end-to-end models remains unexplored. Future work could investi-
gate extending the framework to be more architecture-agnostic, enhancing its
versatility across different foundation model designs.
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