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Abstract. Segmentation foundation models such as SAM2 generalize
well to natural images, yet adapting them to heterogeneous medical
modalities remains challenging due to severe domain shifts and scarce
annotations. We propose BayesPrompt, a Bayesian prompt adaptation
framework for few-shot cross-modality medical segmentation. BayesPrompt
combines Bayesian Meta-Prior Adaptation (BMPA), which regularizes
lightweight decoder updates via source—target posterior alignment, with
a Probabilistic Prompt Module (PPM) that encodes class-wise feature
statistics and predictive uncertainty into attention-conditioned prompt
tokens. This design supports both gradient-free fast prompting and ef-
ficient Bayesian fine-tuning while mitigating overfitting and improving
calibration. We evaluate BayesPrompt on ultrasound and MRI rotator
cuff tear segmentation under single- and cross-modality transfer with
k € {1,3,5,10} labeled target samples. BayesPrompt consistently im-
proves Dice performance and robustness, demonstrating data-efficient
adaptation of segmentation foundation models for medical imaging.
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1 Introduction

Medical image segmentation is a core enabling technology for quantitative diag-
nosis, treatment planning, and longitudinal assessment. Despite strong progress
in task-specific supervised models, ranging from U-Net-style CNNs [20] to transformer-
based designs such as SegFormer [26], robust generalization remains difficult
when the test distribution deviates from the training distribution. In real-world
clinical deployment, such distribution shifts arise from variations in imaging de-
vices, acquisition protocols, patient populations, and, most prominently, imag-
ing modalities. This limitation is especially pronounced in cross-modality set-
tings (e.g., ultrasound (US) versus magnetic resonance imaging (MRI)), where
acquisition physics, intensity statistics, spatial resolution, and noise character-
istics differ substantially. Consequently, models trained on one modality often
fail catastrophically when deployed on another, motivating cross-modality adap-
tation, representation alignment, and modality-specific normalization strate-
gies [5,7,11,24,29|.
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Recently, foundation models have reshaped computer vision by enabling
promptable, general-purpose segmentation. Segment Anything Model (SAM) [13]
and its successor SAM2 [19] demonstrate remarkable generalization in natu-
ral imagery and provide a convenient interface for interactive/automatic seg-
mentation. Early attempts to transfer such models to medical imaging report
promising potential but also highlight non-trivial domain gaps and reliability
concerns [16]. Parameter-efficient adaptation modules (e.g., adapters) have there-
fore been explored to bridge performance gaps without full fine-tuning [3,25]. In
parallel, few-shot SAM adaptation for anatomical segmentation has been stud-
ied [27], and cross-modality SAM fine-tuning variants have been proposed for
multimodal MR settings [21]. Nevertheless, a critical challenge persists: few-shot
cross-modality adaptation must simultaneously avoid overfitting (due to scarce
labels) and remain reliable under severe modality shift. Test-time adaptation
(TTA) provides another practical direction by adapting models online at infer-
ence time, but medical-domain TTA methods can be sensitive to distribution
shift and optimization instability, particularly in cross-domain/cross-modality
scenarios [23,28]. Cache-driven and spatial TTA mechanisms further improve
stability, yet they do not directly address predictive uncertainty or calibration,
both of which are central to clinical trust [15]. Prior work in Bayesian deep learn-
ing and uncertainty quantification has established that separating epistemic and
aleatoric uncertainty is essential for trustworthy predictions [8]. Practical ap-
proaches include dropout-based Bayesian approximations [6] and Bayesian lay-
ers [22]. In medical image segmentation, calibration and uncertainty estimation
have been studied extensively [14,17], yet these ideas are not commonly inte-
grated into prompt-based adaptation of segmentation foundation models under
cross-modality few-shot constraints.

In this work, we study few-shot cross-modality segmentation with SAM2,
where a model pretrained on a source modality is adapted to a target modal-
ity using only & labeled target images (k-shot), with optional unlabeled target
images used to form prompts. We propose BayesPrompt, a Bayesian prompt
adaptation framework that couples posterior-reqularized lightweight updating with
uncertainty-aware prompt conditioning. BayesPrompt makes three contributions.
First, Bayesian Meta-Prior Adaptation (BMPA) stabilizes few-shot adap-
tation by aligning the target posterior of lightweight decoder/head parameters
with a source-derived meta-prior, reducing overfitting under limited supervision.
Second, a Probabilistic Prompt Module (PPM) summarizes class-wise fea-
ture statistics and predictive uncertainty from the support set into attention-
conditioned prompt tokens, enabling modality-aware modulation of the SAM2
decoder. Third, BayesPrompt supports a dual-mode adaptation that can op-
erate either as gradient-free fast prompting or as efficient Bayesian fine-tuning,
providing a practical accuracy—efficiency trade-off. We evaluate BayesPrompt
on a rotator cuff tear dataset with US and MRI subjects under both intra- and
cross-modality transfer, using k& € {1,3,5,10} labeled target samples. The re-
sults show improved robustness under severe modality shifts and more reliable
behavior consistent with uncertainty-aware Bayesian regularization.
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2 Method

Problem Setup We consider few-shot cross-modality segmentation with a
SAM2-based model [19]. A labeled source dataset Dy = {(zf,y$)} s, from
modality s is available, while the target modality ¢ provides only a k-shot la-
beled support set S; = {(«4,%)}5_, and optionally unlabeled samples U;. Each
label y € {1,...,C}oxWo denotes pixel-wise classes. Our objective is to adapt
the source-trained model to modality ¢ using only S;, while ensuring stability,
parameter efficiency, and robustness under severe modality shift.

Model Formulation The model consists of a frozen SAM2 encoder E, and
a prompt-conditioned decoder with lightweight trainable parameters 6. Given
an image z, the encoder produces feature maps F = Ey(z) € RE*WxCs The
decoder outputs logits z(xz) = Dec(F; P,0) and pixel-wise probabilities 7(z) =
softmax(z(z)) € [0, 1]HoXWoxC where P is a set of prompt tokens generated by
the Probabilistic Prompt Module (PPM).

For supervised learning, we use a combined cross-entropy and Dice objective
lseg(x,y) = Lok + B Lbice, and define the support loss as
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Fig. 1. Overview of BayesPrompt for few-shot cross-modality segmentation with
SAM2. (a) BMPA: a source-stage Gaussian meta-prior p,(6) regularizes target adap-
tation via ELBO minimization with KL alignment KL(g||ps). (b) PPM: class-wise
feature statistics and predictive uncertainty are combined into prompt tokens injected
into the decoder via key—value augmentation. (¢) Dual-mode adaptation: supports
both training-free Fast Prompt (§ = p,) and few-step Bayesian fine-tuning for im-
proved accuracy and calibration.
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Bayesian Meta-Prior Adaptation (BMPA) In the k-shot regime, unre-
stricted fine-tuning leads to rapid overfitting. We therefore restrict adaptation
to lightweight parameters 6 and regularize them using a source-informed Gaus-
sian meta-prior. After source training, we approximate the posterior over 6 as

ps(0) = N(,Us, Xs).

This prior encodes source-domain knowledge in a compact parametric form. On
the target domain, we introduce a variational posterior [2] q;(0) = N (s, X%)
(diagonal covariance in practice) and minimize

Lempa = Egug, [Lseg(St; 0, P)] + AKL(g:(0)[ps(0))-

The first term enforces target supervision, while the KL term constrains the
adapted parameters toward the source posterior, reducing variance and pre-
serving useful inductive bias. Optimization is performed using reparameteriza-
tion [12] 8 = wy + 04 @ €, € ~ N(0,I). By updating only 6 and keeping the
encoder frozen, BMPA achieves stable few-shot adaptation with minimal risk of
catastrophic forgetting.

Probabilistic Prompt Module (PPM) While BMPA controls parameter
overfitting, it does not explicitly encode target-specific appearance statistics.
To address this, we construct prompts from support features and predictive
uncertainty. Given encoder features F' and downsampled masks M, for class c,
we compute class prototypes and variances

1 ) 1 )
e = [ag] LMBIF@) 0f = [ S MG)EG) -0

Predictive uncertainty is estimated via posterior sampling from ¢;(6) and sum-
marized as class-wise entropy .. Each class descriptor z. = [u.||o2||u.] is mapped
to a prompt token p. = ¢(z.), forming P = {p.}¢ ;. Prompt tokens are in-
jected into decoder attention via key—value augmentation, enabling modality-
aware conditioning. Intuitively, u. captures target-domain prototypes, o reflects
intra-class variability under modality shift, and u, modulates unreliable regions,
allowing the decoder to adapt its attention based on confidence.

Training and Adaptation Strategy We first train 6 on D, to estimate the
meta-prior ps(6). On the target domain, prompts are computed from S;, and
adaptation proceeds in two modes: (i) Fast Prompt, which fixes § = pu, for
training-free inference, and (ii) Bayesian Fine-tuning, which optimizes ¢;(0) un-
der Lpmpa. In both cases, only lightweight parameters and the prompt MLP
are updated, while the large SAM2 encoder remains frozen, ensuring parameter
efficiency and computational practicality.
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Inference and Uncertainty Estimation BayesPrompt supports both deter-
ministic and probabilistic inference, depending on the adaptation mode. In Fast
Prompt mode, the lightweight parameters are fixed to the source posterior mean,
i.e., 8 = ps, and inference is performed with prompt-conditioned decoding. The
prediction is obtained as §(z) = argmax.m.(z) from a single forward pass.
This mode prioritizes computational efficiency and enables rapid deployment
without gradient updates. In Bayesian Fine-tuning mode, the adapted poste-
rior ¢:(0) = N (pe, Xt) is used at inference. A deterministic prediction can be
obtained using the posterior mean 6 = u,;. Alternatively, predictive uncertainty
is estimated via Monte Carlo sampling 0(") ~ ¢;() for r = 1,..., R, yielding
predictive distributions W(r)(x). The final prediction is computed as the mean
probability 7(z) = % Zle 7(")(z), and uncertainty is quantified using pixel-
wise predictive entropy H(p) = — Zil 7e(p)log Te(p). This uncertainty map
reflects epistemic uncertainty arising from limited target supervision and modal-
ity shift. By integrating posterior regularization (BMPA) and uncertainty-aware
prompting (PPM), BayesPrompt improves segmentation accuracy and provides
calibrated confidence estimates under few-shot cross-modality conditions.

3 Experiments

Datasets and Experimental Setup We evaluate BayesPrompt on both public
multi-modality benchmarks and an internally collected rotator cuff tear dataset
to assess generalization across modalities. For public evaluation, we adopt multi-
modality medical segmentation benchmarks constructed from BraTS [1,18] (multi-
sequence MRI for brain tumor segmentation) and AMOS [10] (abdominal multi-
organ segmentation with CT and MRI). Cross-modality transfer is simulated
by training on one modality as the source domain and adapting to another
modality as the target domain under a k-shot setting. All splits are performed
at the patient level to prevent data leakage. In addition, we evaluate a rotator
cuff tear dataset acquired from an Daegu Catholic University Hospital under
institutional approval. The dataset comprises 50 ultrasound (US) subjects and
50 magnetic resonance imaging (MRI) subjects, each with pixel-wise annota-
tions of supraspinatus tendon tear regions provided by experienced clinicians.
Cross-modality experiments are conducted in both directions (US—MRI and
MRI—US) using identical few-shot protocols. All data were anonymized prior
to model training and evaluation.

We follow a k-shot adaptation protocol with k € {1,3,5,10}. For each tar-
get modality, k labeled subjects are randomly selected as the support set, and
the remaining subjects are used for evaluation. Experiments are repeated across
five random seeds, and mean + 95% confidence intervals are reported. All ex-
periments are conducted on four NVIDIA RTX A6000 GPUs. Source training
is performed with distributed training, while few-shot adaptation is conducted
on a single GPU. Input images are resized to 512 x 512 and normalized per
modality. The SAM2 encoder remains frozen, and only the segmentation head
and final decoder block are updated (less than 6% of total parameters). Opti-
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Table 1. Cross-modality Dice (%, mean + 95% CI). Top row: External (Public) bidi-
rectional transfer. External evaluation is conducted on the AMOS (CT) and BraTS
(MRI) datasets under CT—MRI and MRI—CT transfer. Bottom row: Internal rotator
cuff bidirectional transfer.

A—B B—A
Method k=1 k=3 k=5 k=10 k=1 k=3 k=5 k=10
External (Public)
U-Net 48.6£3.9 59.4+3.2 65.1+2.8 70.3+2.4 50.8£3.6 62.1£3.0 67.5+2.6 72.842.3
nnU-Net 55.3£3.4 66.842.9 72.4+2.4 77.64+2.1 58.1+3.1 69.3+2.6 74.9+2.2 79.7£1.9
SegFormer 57.943.1 69.242.6 74.6£2.2 79.1+£1.9 60.3+2.9 71.54+2.4 76.8+£2.0 81.2+1.8
CDUN 60.7£2.9 721424 77.3+£2.0 81.5+1.7 63.5+2.6 74.6+2.1 79.8+1.8 83.9+1.6
MedSAM 61.3+£2.8 70.442.4 74.84£2.1 79.2£1.8 63.7£2.6 72.5+2.2 77.1£19 81.3£1.6

SAM-Adapter  64.5+2.6 73.9£2.2 78.6+1.9 82.1+1.6 67.1+£2.4 76.3+2.0 80.8+£1.7 84.5+1.5
BayesPrompt 74.8+1.9 84.5+1.5 88.7+1.2 91.24+1.0 78.6+1.6 87.2+1.3 90.5+1.1 92.8+0.9
Internal (Rotator Cuff)

U-Net 44.24£4.1 55.84£3.5 61.7+£3.0 66.9+2.6 52.6+£3.8 63.9£3.1 69.4+2.7 74.14+2.3
nnU-Net 50.1+£3.7 62.943.1 68.5£2.7 73.8£2.3 58.3+£3.2 70.44+2.6 75.6+2.2 80.2£1.9
SegFormer 52.4+3.4 64.5+2.9 70.3£2.5 75.6£2.1 60.7£2.8 72.942.3 77.8£2.0 82.0£1.7
CDUN 55.6+£3.2 67.9+2.7 73.6£2.3 78.2+2.0 63.8+2.6 754%2.1 80.1£1.8 83.9£1.5
MedSAM 57.6+£3.1 66.3+2.7 71.5£2.3 76.4£2.0 65.2+2.7 74.842.2 79.3+1.9 83.1£1.6

SAM-Adapter  60.2+2.9 69.842.4 74.9+2.1 79.8+£1.7 68.7+2.4 77.6+2.0 82.2+1.7 85.6+1.4
BayesPrompt 64.2+2.1 76.8+1.7 82.5+1.4 85.9+1.2 72.4+1.9 84.1+1.5 88.3+1.2 90.6+1.0

mization uses AdamW with a learning rate of 1 x 10™%. Source training runs for
100 epochs, and target adaptation is limited to 20 iterations to avoid overfitting.
Bayesian Fine-tuning uses R = 4 samples during adaptation and R = 8 at infer-
ence. We compare BayesPrompt with U-Net [20], nnU-Net [9], SegFormer [26],
SAM2 zero-shot [19], MedSAM [16], Medical SAM Adapter [25], SAM Few-shot
Finetuning [27], CDUN [11], VP-SFDA [4], MAUP [31], and MedSAM-U [30].
All methods use identical preprocessing and splits. Performance is evaluated us-
ing Dice and IoU, and calibration is measured using Expected Calibration Error
(ECE).

Cross-Modality Results on Public and Internal Datasets Table 1 reports
quantitative results under cross-modality transfer, with representative examples
shown in Fig. 2. We evaluate both directions (US—MRI and MRI—-US), which
exhibit substantial differences in intensity distribution, noise, and anatomical
appearance. On the public benchmark, BayesPrompt achieves the highest Dice
scores across all shot settings, with the largest gains in the low-shot regime:
+4.4% at k = 1 and +4.3% at k = 3 over MedSAM-U. Confidence intervals
are consistently narrower than those of SAM2 Fine-tune, MedSAM-Adapter,
and Prompt-only, indicating improved adaptation stability. On the internal ro-
tator cuff dataset, similar trends hold. In US—MRI, BayesPrompt improves
over MedSAM-U by 4+0.4% (k = 1) and +0.9% (k = 3), and yields substan-
tially larger gains over deterministic SAM2 Fine-tuning (+6.1% at £ = 1). In
MRI—US, improvements are even more pronounced, highlighting robustness un-
der heterogeneous acquisition conditions. As k increases, the performance gap
narrows, consistent with reduced epistemic uncertainty under supervision.
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Fig. 2. Qualitative analysis of our models compared to other SotA models.

Fig. 2 qualitatively supports these findings. Compared with SAM2 Fine-tune,
Prompt-only, and MedSAM-U, BayesPrompt yields sharper, anatomically con-
sistent tear boundaries under severe modality shift. Deterministic fine-tuning
often yields fragmented or under-segmented regions, particularly in speckle-
dominated US images. In contrast, BayesPrompt preserves spatial continuity and
suppresses spurious predictions, demonstrating that uncertainty-aware prompt-
ing effectively mitigates cross-modality artifacts. Overall, BayesPrompt achieves
the strongest accuracy—stability trade-off across both datasets.

Reliability, Stability, and Component Analysis Table 2 analyzes the con-
tribution of each component on the internal RCT dataset. Removing BMPA
leads to the largest Dice degradation in both directions, confirming that source-

Table 2. Bidirectional ablation study (mean + 95% CI, k = 3).

US—MRI MRI—-US
Configuration Dice ECE Dice ECE
Full Model (BayesPrompt) 76.8+2.9 2.9% +0.6 83.8+2.6 2.4% +0.5
w/o BMPA 72.4+4.5 5.7%+1.0 79.6+3.9 4.8% +0.9
w/o PPM 73.6+4.1 4.8%+0.9 80.8+3.5 3.9% +0.8

w/o Uncertainty Weighting 76.2+3.2 5.1% +0.8 83.1+2.9 4.6% +0.7
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Medical SAM Adapter 739 =763 =) =716
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Fig. 3. Calibration and stability comparison on AMOS and the internal rotator cuff
tear (RCT) dataset. Dice is reported for k = 1,3, and ECE is reported for k = 3. Error
bars indicate 95% confidence intervals.

informed posterior regularization is critical for stable few-shot adaptation. Re-
moving PPM also reduces performance, showing that uncertainty-aware prompt
conditioning improves robustness under modality shift. In contrast, removing
uncertainty weighting causes only a small Dice drop but substantially increases
ECE, indicating that uncertainty modeling mainly improves calibration and pre-
dictive reliability. These results confirm that BMPA, PPM, and uncertainty-
aware prompting play complementary roles in improving accuracy and stability.

Fig. 3 summarizes calibration and low-shot stability on both AMOS and
the internal rotator cuff tear (RCT) dataset. Across all transfer directions,
BayesPrompt achieves higher Dice scores and lower ECE than SAM?2 fine-tuning,
MedSAM-U, and prompt-only adaptation. On AMOS, BayesPrompt reduces
ECE from 6.8% to 2.9% for CT—MRI and from 5.9% to 2.6% for MRI—-CT
compared with MedSAM-U at & = 3. On the internal RCT dataset, ECE is
similarly reduced from 6.8% to 2.9% for US—MRI and from 5.7% to 2.4% for
MRI—US. BayesPrompt also shows narrower confidence intervals in the k = 1
setting, indicating improved stability under extremely limited target supervision.

4 Conclusion

We presented BayesPrompt, a Bayesian prompt-adaptation framework for few-
shot cross-modality medical image segmentation based on SAM2. The method
enables stable adaptation under severe modality shifts with limited target super-
vision by combining posterior-regularized lightweight updates and uncertainty-
aware prompt conditioning. Specifically, Bayesian Meta-Prior Adaptation con-
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strains target parameters through source-informed posterior alignment, while the
Probabilistic Prompt Module encodes class-wise feature statistics and predictive
uncertainty into prompt tokens. Experiments on public benchmarks and an in-
ternal rotator cuff dataset show consistent improvements over strong baselines
across all shot settings, with the largest gains in low-shot regimes (k = 1,3). In
addition to higher Dice scores, the framework improves calibration and reduces
performance variance, while updating less than 6% of SAM2 parameters. These
results demonstrate that integrating Bayesian regularization with uncertainty-
aware prompting is an effective and efficient strategy for reliable cross-modality
adaptation of segmentation foundation models. The source code is publicly avail-
able at https://github.com/Macs-Laboratory /bayesprompt.
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