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Abstract. Domain shift caused by heterogeneous scanners and imag-
ing protocols remains a major obstacle to deploying medical image seg-
mentation models across clinical centres. Source-free domain adaptation
(SFDA) addresses this challenge by adapting a source-trained model to
unlabeled target samples without accessing source data, thus comply-
ing with privacy constraints. While recent SFDA methods rely primarily
on pseudo-label refinement or entropy minimization, directly optimizing
large-scale foundation models under noisy self-training signals often leads
to limited generalization and unstable convergence. In this work, we pro-
pose a meta-spatial adaptation framework built upon the Segment Any-
thing Model (SAM) for prostate MRI segmentation, termed M-SFDA.
Instead of updating the entire model, we introduce meta networks into
the SAM’s image encoder to enable input-adaptive feature refinement.
These meta networks explicitly model bidirectional spatial interactions
along height and width axes, compensating for the limited spatial in-
ductive bias of patch-based transformers. To further stabilize adaptation
under unreliable pseudo supervision, we incorporate sharpness-aware op-
timization to encourage flatter minima and improve generalization. Ex-
tensive experiments on a six-domain prostate MRI benchmark demon-
strate that M-SFDA consistently outperforms state-of-the-art SFDA ap-
proaches and achieves superior average Dice scores across diverse cross-
domain scenarios. Our results highlight the potential of spatially adaptive
strategies for medical foundation models under source-free settings.

Keywords: Source-free domain adaptation - Segment anything model -
Prostate MRI segmentation
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Fig. 1. Overview of our proposed M-SFDA and the meta network. Our M-SFDA is
based on a traditional teacher-student framework with an exponential moving average
(EMA) strategy. By integrating meta networks with bidirectional spatial interactions
into SAM, we enable it to adaptively leverage input to perform feature refinement.

Deep learning has substantially advanced medical image segmentation [1],
particularly with the emergence of large-scale vision transformers and founda-
tion models. Nevertheless, segmentation models trained on labeled data from
a specific centre (source domain) often suffer notable performance degradation
when deployed to new hospitals (target domains). Such degradation is primarily
caused by domain shift arising from variations in scanners, acquisition protocols,
and patient populations [24,25,12].

Unsupervised domain adaptation (UDA) has been extensively studied to al-
leviate domain shift by leveraging both labeled source data and unlabeled target
data [27,8,16,5,4,13,9]. However, in real-world clinical scenarios, source data are
frequently inaccessible due to privacy regulations and institutional restrictions.
This limitation has motivated increasing attention toward source-free domain
adaptation (SFDA), where adaptation must be performed using only a pre-
trained source model and unlabeled target samples.

Existing SFDA approaches for medical image segmentation can be broadly
categorized into data-driven and model-driven paradigms. Data-driven methods
attempt to reconstruct or approximate the missing source distribution, for ex-
ample by separating target data into pseudo source/target subsets [23,6]. Their
effectiveness, however, heavily depends on the quality of the reconstructed dis-
tribution, which is difficult to guarantee in practice. Model-driven approaches
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instead rely on self-training strategies such as pseudo-label denoising [2,26], en-
tropy minimization [18], or prompt learning [14]. Although more practical, these
methods face two intrinsic challenges: (1) unreliable pseudo supervision may
bias optimization toward incorrect target structures, and (2) directly fine-tuning
large-scale foundation models can result in unstable training and convergence to
sharp minima, ultimately limiting cross-domain generalization.

Meanwhile, foundation models such as the Segment Anything Model [17]
(SAM) have demonstrated remarkable generalization across natural images and
have recently been adapted to medical segmentation tasks. However, SAM adopts
a patch-based transformer encoder with limited explicit spatial inductive bias.
When confronted with cross-centre MRI variations, naively adapting the entire
encoder in a source-free manner is prone to overfitting noisy pseudo-labels.

To address these challenges, we propose M-SFDA | a meta-spatial adapta-
tion framework for SAM under the source-free setting. Instead of updating the
full backbone, we introduce meta networks into selected blocks of the SAM’s
image encoder. These meta networks perform bidirectional spatial interaction
along both height and width axes, capturing long-range row—column depen-
dencies and enriching spatial representations that are otherwise weakened by
patch tokenization. Importantly, the meta networks act as input-adaptive fea-
ture modulators, enabling targeted adaptation to the target domain. To further
enhance adaptation stability, we incorporate sharpness-aware optimization [10]
during the training process of meta networks. By explicitly seeking flatter minima
in the parameter landscape, the model becomes less sensitive to noisy pseudo-
labels and better generalizes to the target distribution. We validate the proposed
method on a multi-centre prostate T2-weighted MRI benchmark comprising six
domains, covering diverse cross-domain adaptation scenarios. Extensive exper-
iments demonstrate that M-SFDA consistently achieves superior average Dice
scores compared with strong SFDA baselines.

Our contributions are three-fold. (1) We propose a meta-spatial adaptation
strategy for SAM that introduces meta networks with bidirectional spatial in-
teractions for input-adaptive feature refinement under SFDA. (2) We integrate
sharpness-aware optimization into the source-free self-training process to pro-
mote flatter minima and stabilize adaptation. (3) We demonstrate state-of-the-
art performance on multi-domain prostate MRI segmentation, validating the
effectiveness of spatially adaptive and stability-aware adaptation for medical
foundation models.

2 Methodology

2.1 Overview

We define the source domain D* = {(acf,yf)}f\]:17 where 2 is the i-th image

in the source domain, y; is its corresponding label, and N, is the number of
samples. Given a model f° : x° — y° pre-trained on D?, source-free domain
adaptation aims at acquiring a target-adapted model f!: z* — y* by leveraging
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the source-trained model f* in conjunction with unlabeled target data D! =
{xf}f\il without accessing any source data.

An overview of our M-SFDA is illustrated in Fig. 1. Our M-SFDA is based
on a traditional teacher-student framework using a consistency loss Laiign =
Loeg(flin(@?), fl.q(x")) with an exponential moving average (EMA) strategy con-
trolled by momentum 7, where ff,, and f} , denote the student model and
teacher model, respectively. The meta networks are incorporated into the blocks
of the SAM’s image encoder. Additionally, we introduce the original pre-trained
model f* to construct an anchor 10ss Lanchor = Lseg(fl(2!), f5(2")), preventing
catastrophic forgetting during the adaptation process. The basic segmentation
loss Lseq is the combination of Dice loss and cross-entropy loss. We construct
a multi-task loss £ = Lg1ign + Lanchor and introduce the sharpness-aware opti-
mization to update the parameters of our meta networks. We utilize image-sized
bounding boxes as prompts, omitting the SAM’s prompt encoder for simplicity.

‘We now delve into the details.

2.2 Meta Network

Algorithm 1 PyTorch-like pseudo-code of the meta network.

# x: input feature (B, H, W, C)

# MLP1, MLP2, MLP3, MLPj: four MLPs (Linear - ReLU - Linear - LayerNorm)
# g(): sigmoid function; interpolate(): interpolation operator

# «, P: learnable parameters initialized with g(-5) (1, 1, 1, C)

# 1. Obtain latent features
x1 = MLP1(x) # (B, H, W, C)
x2 = MLP2(x) # (B, H, W, C)
x3 = MLP3(x) # (B, H, W, C)
x4 = MLP4(x) # (B, H, W, ()

# 2. Perform bidirectional spatial interactions

x1 = x1.permute(0, 3, 1, 2) # (B, C, H, W)

x2 = x2.permute(0, 3, 2, 1) # (B, C, W, H)

h = torch.matmul (x1, x2).permute(0, 2, 3, 1) # (B, H, H, ()

x3 = x3.permute(0, 3, 2, 1) # (B, C, W, H)
x4 = x4.permute(0, 3, 1, 2) # (B, C, H, W)
w = torch.matmul (x3, x4).permute(0, 2, 3, 1) # (B, W, W, C)

# 3. Supplement spatial information adaptively
return x + g(a) * interpolate(h) + g(B) * interpolate(w)

As shown in Algorithm 1, we represent input features as o € REXH*xWxC,
where B, C, H and W denote the batch size, the feature dimension, the height
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and width of the features, respectively. We first pass x through four multi-
layer perceptrons (MLP) to obtain latent features. Then, we perform matrix
multiplication along the height and width directions. The interaction matrices
h € REXHXHXC and 4y € REXWXWXC can capture the spatial correlation be-
tween row and column feature vectors, respectively. Subsequently, we introduce
learnable adaptive weights « and (3, which assist in supplementing the spatial
interaction information to the original input. To adapt to the input, we apply
interpolation on h and w to obtain the output. We incorporate the meta network
into the SAM’s image encoder, specifically before the first M blocks.

2.3 Sharpness-aware Optimization

The conventional objective optimizes the parameters of meta networks 6,, by
minimizing the loss £(6,,). However, in SFDA, unreliable training signals often
drive the optimization toward sharp minima, resulting in unstable adaptation
and suboptimal generalization performance. To mitigate this issue, we intro-
duce the sharpness-aware optimization, which seeks parameters 6,, that jointly
minimize both the loss value and the local curvature, thereby promoting flatter
minima and improving adaptation stability. It can be formulated as:

minﬁSharpness(em) _|_>\||9m||§’ EShar;rmess(em) A max E(Gm—i—e), (1)
Orm, llell=<p

where p denotes the neighborhood size, and A controls the strength of the reg-

ularization term. Following [10], we solve the inner optimization via first-order

Taylor expansion, obtaining

€*(0,,) = argmax L(6,, + €) ~ argmax L(0,,) + €' Vo, L(0,,)
llell2<p llell2<p
T (2)
=argmaxe Vg, L(0n).
llellz<p

Then, the value €(6,,) to solve this approximation is given by the solution to a
classical dual norm problem, defined as:
1/2

(3)

To further accelerate the computation, the second-order term is omitted, and
the final gradient approximation can be denoted as:

vem ESharpness (em) ~ Vemﬁ(t?m)

&(Om) = psign (Yo, £0m)) Vo, £0m)] / (I V0, L0 3)

O +E(0m) * (4)

3 Experiments

3.1 Datasets and Metrics

We evaluated M-SFDA on the prostate segmentation benchmark task. We used
T2-weighted MRI data collected from six different data sources: Domain A
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(RUNMC), Domain B (BMC), Domain C (HCRUDB), Domain D (UCL), Do-
main E (BIDMC), and Domain F (HK). Each domain possesses 30, 30, 19, 13,
12, and 12 3D volumes, respectively [22]. Following [15,3]|, we preprocessed all
the cases by retaining only the 2D slices containing the prostate region, ensuring
consistent and objective segmentation evaluation. These 2D slices were resized to
384 x 384 while maintaining the same voxel spacing. All datasets were randomly
divided into training and testing sets in a 4:1 ratio. We used the Dice similarity
coefficient (DSC) as the evaluation metric. Note that this task is formulated as
a 2D segmentation task, but the metric is calculated on 3D volumes. We adopt
each domain as the source domain and each of remaining domains as the target
domain to conduct diverse SFDA scenarios. The average performance across all
remaining domains is displayed for evaluation.

3.2 Implementation Details

Following [11], we obtained the source model by training the original SAM with
ViT-B [7] as the backbone using the Adam optimizer for 100 epochs. The initial
learning rate ng was set to 1E-4, and the learning rate for each epoch was com-
puted according to n; = no x (1 — %)0'9, where t is the current epoch and T is
the total number of epochs. The batch size was set to 16. During the source-free
domain adaptation process, we set the batch size and total epochs to 8 and 10.
The number of meta networks in the image encoder M, EMA coefficient 7, and
neighborhood size p in the optimizer were set to 12, 0.95 and 0.05, respectively.

Table 1. Performance of our M-SFDA, Source-Only, Target-Only, and five competing
methods on the prostate segmentation task. The best and second-best results in each
column are highlighted in bold and underline, respectively.

Domain A Domain B Domain C Domain D Domain E Domain F|Average
DSC DSC DSC DSsC DSC DSC |DSC?

Source-Only (Lower Bound)| 72.16 79.54 56.36 59.90 70.34 61.81 66.68

Target-Only (Upper Bound)| 90.51 87.91 83.86 88.26 87.14 86.15 87.31

Methods

DPL [2] 73.63 80.43 58.01 63.39 74.39 62.61 | 68.74
PETS [21] 74.53 80.35 63.41 63.52 76.16 62.30 | 70.04
UPL-SFDA [26] 76.86 74.57 64.08 58.24 77.85 68.14 | 69.96
PLPB [20] 73.21 80.43 59.64 58.08 71.88 66.26 | 68.25
AIF-SFDA [19] 77.95 77.71 60.84 63.79 71.65 65.24 | 69.53
M-SFDA (Ours) 77.78 83.04 60.41 60.86 78.76 67.33 | 71.36

3.3 Results

Comparison on the prostate segmentation task. We compared our M-
SFDA with Source-Only (the model is directly used for inference without adap-
tation), Target-Only (the model is trained with labeled target domain images),
and five competing SFDA methods, including: (1) A method based on denoised
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Table 2. Performance of different component combinations on the prostate segmen-
tation task. The best and second-best results in each column are highlighted in bold
and underline, respectively.

Combinations Domain A Domain B Domain C Domain D Domain E Domain F|Average
Meta Network|£5herPress| DSC DSC DSC DSC DSC DSC | DSC 1
72.16 79.54 56.36 59.90 70.34 61.81 66.68
v 79.21 81.94 58.63 59.29 78.47 65.48 70.50
v v 77.78 83.04 60.41 60.86 78.76 67.33 | 71.36

Table 3. Performance of different architectures of the meta network on the prostate
segmentation task. The best and second-best results in each column are highlighted in
bold and underline, respectively.

Domain A Domain B Domain C Domain D Domain E Domain F|Average
DSC DSC DSC DSC DSC DSC |DSCH?
Source-Only 72.16 79.54 56.36 59.90 70.34 61.81 66.68

Architecture

MLP 77.64 81.53 43.17 59.58 77.00 65.78 67.45
Convolution 75.48 79.10 58.23 59.96 77.26 65.10 69.19
Attention 75.47 77.46 59.63 59.24 77.12 65.66 69.10

M-SFDA (Ours)| 77.78 83.04 60.41 60.86 78.76 67.33 | 71.36

Table 4. Performance of different spatial interaction combinations on the prostate
segmentation task. The best and second-best results in each column are highlighted in
bold and underline, respectively.

Combinations Domain A Domain B Domain C Domain D Domain E Domain F|Average
height-axis width-axis| DSC DSC DSC DSsC DSC DSC | DSC?
72.16 79.54 56.36 59.90 70.34 61.81 66.68

v 76.97 81.83 58.55 60.33 75.69 64.65 69.67
v 77.01 81.29 58.59 61.28 75.96 64.92 69.84
v v 77.78 83.04 60.41 60.86 78.76 67.33 | 71.36
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Fig. 2. Overall performance of our M-SFDA with various 7, M, p, @ and 8 on the
prostate segmentation task.

pseudo-labeling (DPL [2]); (2) A method based on the periodically exchange
teacher-student framework (PETS [21]); (3) A method based on uncertainty-
aware pseudo labels (UPL-SFDA [26]); (4) A method based on robust pseudo-
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labels and pseudo-boundaries (PLPB [20]); (5) A method based on autonomous
information filter (AIF-SFDA [19]). As shown in Table 1, all methods outperform
the Source-Only setting in average DSC, and the Target-Only setting achieves
the upper bound of performance. Although our M-SFDA cannot achieve the best
performance on all domains, it obtains stable gains on each domain and attains
the best average performance, surpassing the second-best method (PETS) by
1.32%.

Ablation studies. We conducted ablation studies to validate the effectiveness
of each component in M-SFDA on the prostate segmentation task, as shown
in Table 2. The results reveal that (1) The meta network adaptively modu-
lates features based on the input, significantly enhancing the performance across
various domains. (2) The sharpness-aware optimization effectively prevents the
self-training process of meta networks from converging to a sharp minimum,
supporting the training process and improving average performance.

Comparison on different architectures of the meta network. In the de-
sign of the meta network, we compared several traditional architectures: (1) a
single MLP identical to that used in Algorithm 1 (MLP); (2) a sequential com-
bination of a convolutional layer, ReLU, and layer normalization (Convolution);
and (3) an 8-head self-attention module (Attention). All extracted features are
supplemented to the original input with adaptive weights. The results shown in
Table 3 demonstrate that our spatial-interaction-based meta network achieves
significant performance gains, validating its effectiveness of feature representa-
tion.

Comparison on different spatial interaction combinations. We performed
experiments on the prostate segmentation task to evaluate the impact of differ-
ent spatial interaction combinations. As shown in Table 4, it can be observed
that: Compared to using spatial interaction in a single direction, employing bidi-
rectional interactions integrates more spatial information, resulting in superior
performance.

Analysis of hyper-parameters (1, M, and p) and learnable weights
(o and ). We further discussed the effect of three hyper-parameters and two
learnable weights on the prostate segmentation task. As shown in Fig. 2, the
results indicate that: (1) The optimal hyper-parameters for 7 (EMA coefficient),
M (the number of meta networks in the image encoder), and p (neighborhood
size in the optimizer) are 0.95, 12, and 0.05, respectively; and (2) To compare
fixed and learnable strategies for o and 3, we repeated experiments using a series
of fixed weights. We observed that setting o and 5 to 0.01 can achieve the upper
bound of performance among the fixed weights (i.e. 70.41). In contrast, our M-
SFDA adaptively learns weights in a hyperparameter-free manner and achieves
a superior performance of 71.36, demonstrating the effectiveness of our adaptive
learnable weights.
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4 Conclusion

In this paper, we propose a meta-spatial adaptation framework designed to alle-
viate domain shifts for SAM, called M-SFDA. Recognizing that standard patch
tokenization can weaken spatial dependencies, we introduce meta networks into
the SAM’s image encoder. These meta networks facilitate bidirectional spatial
interactions across height and width axes, enabling input-adaptive feature mod-
ulation. To ensure stability during self-training, we integrate the sharpness-aware
optimization, which seeks for a flatter minima for model parameters, ensuring
both low loss and low sharpness around neighborhoods. Extensive experiment
results on the prostate MRI segmentation benchmark across multiple scenarios
verify the superiority of our M-SFDA over other state-of-the-art SFDA methods.
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