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Abstract—Medical image segmentation is fundamental for
clinical diagnosis, yet developing deep learning models remains
challenging due to the scarcity of pixel-level annotations. Few-
shot segmentation offers a promising solution by leveraging
only a few labeled examples, but existing methods struggle
with the support-query misalignment problem—a single support
image often fails to represent the diverse appearances of target
organs across patients. In this paper, we propose GenSAM, a
novel training-free framework that addresses this challenge by
leveraging diffusion models for test-time adaptation. Our key
insight is that query-guided style injection can synthesize support
views that are visually closer to the query domain while main-
taining anatomical consistency, effectively bridging the support-
query gap without additional annotations. GenSAM comprises
three components: (1) Generative Support Expansion (GSE),
which synthesizes diverse augmented views using query-guided
diffusion-based style transfer; (2) Multi-center Prompting, which
generates positive and negative point prompts from similarity
maps to guide SAM2; and (3) Consistency-Aware Ensemble,
which aggregates predictions weighted by confidence scores to
filter unreliable results. Experiments on three medical imaging
benchmarks demonstrate that GenSAM significantly outperforms
existing training-free methods and achieves competitive perfor-
mance with training-based approaches, highlighting the potential
of combining generative and discriminative foundation models for
medical image analysis.

Index Terms—medical image segmentation, few-shot learning,
diffusion models, SAM2, foundation models, test-time adaptation

I. INTRODUCTION

Medical image segmentation plays a fundamental role in
modern healthcare, enabling precise delineation of anatomical
structures for disease diagnosis and treatment planning [1].
However, the development of deep learning based segmen-
tation models heavily relies on extensive pixel-level anno-
tations, which are both costly and time-consuming to ac-
quire in medical imaging scenarios [2]. This challenge is
further compounded by the heterogeneity of medical scans,
encompassing diverse modalities (e.g., MRI, CT, X-Ray) and
anatomical structures, which leads to the difficulty of intra-
class generalization [3].

To address the annotation scarcity, few-shot medical image
segmentation (FSMIS) has emerged as a promising paradigm
that aims to segment target organs with only a few anno-
tated examples [4], [5]. Recently, foundation models such as
the Segment Anything Model (SAM) [6] have demonstrated
remarkable generalization capabilities, enabling training-free
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few-shot segmentation with appropriate prompting strate-
gies [7], [8]. However, these methods typically rely on a single
support exemplar (one-shot setting), which fails to capture
the high intra-class variance inherent in medical images. The
support image may exhibit different contrast phases, intensity
distributions, or patient-specific variations compared to the
query image, leading to the “support-query misalignment”
problem that severely degrades segmentation performance.

Existing approaches to mitigate this misalignment can be
categorized into two directions. The first direction involves
training-based methods [5], [9], [10] that learn to extract
domain-invariant features through extensive training on source
medical domains. However, these methods sacrifice the uni-
versality and ease of deployment, as they require substan-
tial labeled data and computational resources for each new
application scenario. The second direction employs retrieval-
based strategies that search for additional reference images
from external databases [11]. While effective, such methods
are constrained by the availability and quality of the retrieval
database, and may raise privacy concerns when accessing
patient data across institutions.

In this paper, we propose a novel perspective: instead of
retrieving real images, we leverage the powerful generative
capabilities of diffusion models to synthesize diverse support
exemplars guided by the query image. Our key insight is that
modern diffusion models can transfer the visual style of the
query to the support while preserving its structural integrity.
By applying query-guided style injection, we can expand
a single support image into multiple augmented views that
are visually closer to the query domain, effectively bridging
the support-query gap without requiring additional manual
annotations.

Based on this insight, we present GenSAM, a training-
free framework for one-shot medical image segmentation
via diffusion-based test-time adaptation. GenSAM consists
of three key components: (1) Generative Support Expansion
(GSE), which utilizes query-guided diffusion to synthesize
diverse augmented views that bridge the visual gap between
support and query; (2) Multi-center Prompting, which ex-
tracts DINOv3 features and generates positive/negative point
prompts to guide SAM2 for query segmentation; and (3)
Consistency-Aware Ensemble Inference, which aggregates pre-
dictions from multiple supports based on confidence scores,
effectively filtering out hallucinations from the generative
model.

Our main contributions can be summarized as follows:

e We propose GenSAM, a training-free framework that



combines generative diffusion models with discriminative
foundation models (DINOv3, SAM?2) for one-shot med-
ical image segmentation, requiring no domain-specific
training or external retrieval databases.
o We introduce Generative Support Expansion (GSE), a
query-guided synthesis strategy that effectively bridges
the visual gap between support and query images by
injecting query style into the support while preserving
anatomical structures.
o We design a Consistency-Aware Ensemble mechanism
that robustly aggregates predictions from synthesized sup-
ports while mitigating the hallucination effects inherent
in generative models.
« Extensive experiments on multiple medical segmenta-
tion benchmarks demonstrate that GenSAM significantly
outperforms existing training-free methods and achieves
competitive performance with training-based approaches.
The rest of this paper is organized as follows. Section II
reviews related work on few-shot medical image segmentation
and diffusion models. Section IV presents our proposed Gen-
SAM framework. Section V describes the experimental setup,
and Section VI presents and discusses the results. Finally,
Section VII concludes the paper.

Upon acceptance of this paper, we will make our code
publicly available to ensure reproducibility and facilitate future
research in this area.

II. RELATED WORK
A. Few-shot Medical Image Segmentation

Few-shot medical image segmentation aims to segment
target structures with only a few annotated examples [12].
Early approaches adopted prototype-based learning, where
PANet [13] and SSL-ALP [4] match support and query
features through prototype alignment. Recent works pro-
pose multi-prototype representations to capture complex organ
structures, such as GMRD [5] and RPT [14], demonstrating
that single prototype is insufficient for high intra-class variance
in medical images.

Cross-domain few-shot segmentation [15], [16] further ad-
dresses domain shift between training and testing. However,
these methods still require extensive training on source do-
mains, limiting their practical applicability.

B. Foundation Models for Medical Image Segmentation

The Segment Anything Model (SAM) [6] has revolutionized
image segmentation with remarkable zero-shot generalization.
While fine-tuning approaches [17], [18] adapt SAM for med-
ical domains, they sacrifice universal applicability and require
domain-specific data.

More relevant are training-free adaptations leveraging
SAM’s prompting mechanism. MAUP [8] introduces multi-
center prompting with DINOv2 features, and SynPo [19]
improves negative prompt quality. However, these methods
are fundamentally limited by the representativeness of the
single support image, which our GenSAM addresses through
generative expansion.

C. Diffusion Models and Test-Time Adaptation

Diffusion models have shown promise in medical imag-
ing for segmentation [20] and structure-preserving enhance-
ment [21]. For test-time adaptation, Valanarasu et al. [22]
adapt batch normalization statistics during inference, but still
require pre-trained segmentation models. Our GenSAM differs
by leveraging diffusion-based augmentation for test-time adap-
tation, combining generative priors with discriminative foun-
dation models without any domain-specific training. While the
multi-center prompting strategy builds upon MAUP [8], the
key contribution of GenSAM lies in the Generative Support
Expansion module, which addresses the fundamental limi-
tation of single support representativeness that all existing
prompting-based methods suffer from.

III. PRELIMINARY
A. Problem Formulation

We consider the one-shot medical image segmentation task,
where the goal is to segment a target anatomical structure in
a query image given only a single annotated support example.

Formally, let I, € RZXWXC denote the support image and
M, € {0,1}7*W denote its corresponding binary segmen-
tation mask, where the foreground pixels indicate the target
organ. Given a query image I, € RZ*WXC the objective is
to predict its segmentation mask M, for the same anatomical
structure.

The fundamental challenge lies in the support-query mis-
alignment: the single support image I; may exhibit signifi-
cantly different appearance characteristics compared to I, due
to inter-patient variations, imaging protocols, or acquisition
conditions. This distribution shift causes segmentation models
to fail when the support exemplar is not representative of the
query image.

B. Segment Anything Model 2

The Segment Anything Model 2 (SAM2) [23] is a foun-
dation model consisting of an image encoder &jy,4, a prompt
encoder Eprompt, and a mask decoder D, q4. Given an input
image I and point prompts P = {(zy,v:, L)}, where
l; € {0,1} indicates positive/negative labels, SAM2 produces
segmentation mask M = Diyask(Eimg (L), Eprompt (P)). In
training-free few-shot segmentation, the key challenge is to
automatically generate appropriate point prompts from the
support pair (I, M) to guide SAM?2 for query segmentation.

C. Diffusion Models for Image-to-Image Translation

Diffusion models learn to reverse a gradual noising process
through iterative denoising. For image-to-image translation,
instead of starting from pure noise, we add noise to the
input image zo at an intermediate timestep controlled by
the denoising strength T € [0,1]. A smaller T preserves
more structural information while allowing texture and style
variations. This property is crucial for our Generative Support
Expansion: we generate diverse appearances while maintaining
anatomical structure so that the original mask M, remains
valid for synthesized images.
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Fig. 1: Overview of the proposed GenSAM framework. Given a support image-mask pair and a query image, we first apply
Generative Support Expansion (GSE) to synthesize K diverse augmented views using query-guided style injection while
preserving anatomical structures. For each augmented support, we extract DINOv3 features and compute similarity maps
with the query image. Multi-center prompting generates positive and negative point prompts, which guide SAM2 to produce
segmentation predictions. Finally, consistency-aware ensemble aggregates all predictions weighted by their confidence scores.

IV. METHODOLOGY

A. Overall Framework

The overall framework of GenSAM is illustrated in Fig. 1.
Given a support image I with its mask M and a query image
1,, our goal is to segment the target organ in I, without
any training. GenSAM consists of four main stages: (1)
Generative Support Expansion synthesizes diverse augmented
views of the support image using query-guided diffusion-based
style transfer; (2) Feature extraction computes similarity maps
between query and each augmented support using DINOv3;
(3) Multi-center prompting generates positive and negative
point prompts from the similarity maps; (4) Consistency-aware
ensemble aggregates predictions from multiple supports based
on confidence scores.

B. Generative Support Expansion

The key insight of GenSAM is to expand the support
manifold through query-guided generative augmentation. In-
stead of relying on a single support image that may not
represent the diverse appearances of the target organ, we
synthesize multiple augmented views that bridge the visual gap
between support and query while preserving the anatomical
structure. This is motivated by the observation that medical
images from different patients or acquisition settings often
exhibit significant variations in texture, contrast, and intensity
distribution, even for the same anatomical structure.

We employ Stable Diffusion v1.5 with the standard img2img
pipeline, enhanced with IP-Adapter for image-conditioned
generation. Given the support image I, and query image I,, we
extract the style representation from the query using the CLIP
ViT-H/14 image encoder: z, = EcLip(l,). The IP-Adapter
injects z, into the U-Net’s cross-attention layers, replacing text

conditioning with image-based style guidance. We generate K
augmented images {Isk)},{K:1 through:

(1)

where z, conditions the generation via cross-attention, 7 €
[0,1] is the denoising strength, and e is the random noise
seed providing generation diversity.

The denoising strength 7 controls the trade-off between style
transfer and structure preservation. With 7 = 0.2, only 20% of
the diffusion steps are performed, meaning the process starts
from a lightly noised version of I rather than pure Gaussian
noise. This conservative setting constrains generation to local
texture and contrast adjustments while preserving the global
anatomical structure and organ boundaries from the original
support image.

Since the organ boundaries remain unchanged, the original
support mask M, can be directly applied to all augmented
images {1 gk) }2(:1, eliminating the need for additional annota-
tions. The augmented support set is defined as:

I®) = SD-img2img (1, 24, 7, €1)

S = {(I, M)} U{(IP, M)}, (2)

C. Feature Extraction and Similarity Computation

We employ the pre-trained DINOv3 [24] as our feature
extractor due to its strong generalization capability across
diverse visual domains. For each support-query pair, we extract
dense feature maps:

Fs =&mo(ls), Fy=Epmolly) 3)

where F, F, € R *W'*C denote the extracted features with
spatial dimensions H' x W’ and C' channels.

Following [8], we partition the foreground region into Ny
sub-regions using Voronoi decomposition [25]. For each sub-



region R,, we compute a regional prototype via Masked
Average Pooling (MAP):

5o — 2 (i.j)eRn F
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where Fs(i’j ) denotes the feature vector at spatial location
(i. ).

These prototypes are then used to compute similarity maps
with the query features. For each prototype p,, we compute
the cosine similarity map:

(L9)
g — Fa = Pn

e 5)
ES 1Bl

The mean similarity map S = N%zﬁf;lsn aggregates
information from all regional prototypes, providing a ro-
bust estimate of foreground likelihood. The uncertainty map
U = Nif SN (S, — 8)? captures regions where different
prototypes disagree, which typically correspond to challenging
boundary areas.

D. Multi-center Prompting Strategy

Positive Prompts. We employ a two-path approach to
generate diverse positive prompts that cover the target or-
gan comprehensively. First, we select candidate pixels where
S§(3) > @, (high-similarity threshold) and apply K-means
clustering to obtain N, spatially diverse centroids. This en-
sures that positive prompts are distributed across the entire
organ region rather than concentrated in a single area. Second,
we sample additional points from high-uncertainty regions
where U(*7) > @, which typically correspond to challenging
boundary areas that benefit from explicit supervision.

Negative Prompts. Negative prompts are crucial for pre-
venting over-segmentation, especially when the target organ
has similar intensity to surrounding tissues. We extract the
periphery region M, = 8, (M,) — M, via morphological dila-
tion with radius 7, where §,.(-) denotes the dilation operation.
A periphery prototype py, is computed by averaging features
in this region. We then compute a periphery similarity map
Spg = cos(Fy, Prg) and select negative prompts from locations
with high periphery similarity, effectively marking regions that
should be excluded from the segmentation.

E. Consistency-Aware Ensemble Inference

For each augmented support (Iﬁk), My) in S, we follow the
feature extraction and prompting pipeline described above to
generate point prompts, which are then fed to SAM2 [23] to
obtain a segmentation prediction Mék). SAM2 also outputs a
predicted IoU score IoUy that estimates the quality of each
prediction, which we leverage as a confidence measure.

The final mask is computed through confidence-weighted
averaging:

K Touy, - M
M, = Zk=0] (©)
Zk:o IoUy
where £k = 0 corresponds to the original support and
k = 1,..., K correspond to the augmented supports. This

weighting scheme ensures that high-confidence predictions
contribute more to the final result, while unreliable predictions
(e.g., caused by diffusion hallucinations) are naturally down-
weighted.

The soft prediction is binarized with threshold § = 0.5 to
obtain the final binary mask. To further mitigate hallucinations,
we optionally filter out predictions with IoU scores below a
confidence threshold 7., before ensemble, ensuring that only
reliable predictions are aggregated.

V. EXPERIMENTS
A. Datasets

We evaluate GenSAM on three diverse medical imaging
datasets that represent different modalities and anatomical
structures. All experiments follow the 1-way 1-shot setting
to simulate the scarcity of labeled data in medical scenarios.

Abd-MRI [26] consists of 20 cases of abdominal MRI scans
from the ISBI 2019 Combined Healthy Organ Segmentation
challenge (CHAOS). The target organs include liver, left
kidney (LK), right kidney (RK), and spleen.

Abd-CT [27] consists of 30 cases of abdominal CT scans
from the MICCAI 2015 Multi-Atlas Labeling Beyond The
Cranial Vault challenge (BTCV). The same four abdominal
organs are evaluated for segmentation.

Card-MRI [28] contains 45 cases of cardiac MRI scans
from the MICCAI 2019 Multi-Sequence Cardiac MRI Seg-
mentation Challenge. The target structures include left ventri-
cle blood pool (LV-BP), left ventricle myocardium (LV-MYO),
and right ventricle (RV).

B. Baseline Methods

We compare GenSAM against training-based methods
including PANet [13], SSL-ALP [4], RPT [14], PATNet [15],
IFA [11], and FAMNet [16], as well as training-free method
MAUP [8].

C. Evaluation Metrics
We adopt the Dice similarity coefficient (DSC) as the
primary evaluation metric, which is widely used in medical
image segmentation:
_ 2[PNG|
[Pl + |G
where P and G denote the predicted and ground truth segmen-

tation masks, respectively. Higher Dice scores indicate better
segmentation performance.

Dice (N

D. Implementation Details

We employ DINOv3 ViT-L/14 [24] as the feature ex-
tractor for computing similarity maps. For the segmentation
component, we utilize SAM2-Large [23] as the promptable
segmentation model. For Generative Support Expansion, we
use Stable Diffusion v1.5 with IP-Adapter (ViT-H/14) for
query-guided style injection, using the DDIM scheduler with
50 inference steps and guidance scale 7.5.

Key hyperparameters: K = 5 augmentations, denoising
strength 7 = 0.2, Ny = 30 regional prototypes, N, = 5



TABLE I: Quantitative comparison (Dice %) on Abd-MRI
and Abd-CT. Best in bold, second-best underlined. 1 denotes
training-free.

TABLE III: Ablation study (Dice %) on Card-MRI. GSE:
Generative Support Expansion, NP: Negative Prompts, UP:
Uncertainty Prompting, CE: Confidence Ensemble.

Abd-MRI ‘ Abd-CT

Method [ Ref. ‘

| Liver LK RK  Spleen Mean | Liver LK RK  Spleen Mean

PANet cev' 19 39.24 2647 3735 26.79 3246 | 4029 3061 26.66  30.21 31.94
SSL-ALP TMI'22 70.74 5549 6743 58.39 63.01 | 71.38 3448 3232 51.67 4746
RPT MICCAI'23 | 49.22 4245 47.14 48.84 4691 | 65.87 40.07 3597 5122 4828
PATNet ECCV’22 5701 5023 53.01 51.63 5297 | 7594 46.62 42.68 63.94 5729
TFA CVPR™24 5022 3599 3400 4221 40.61 | 46.62 25.13 2656  24.85 30.79
FAMNet AAAT'25 7301 5728 7512 5821 6590 | 73.57 5779 61.89  65.78 64.75
MAUP! MICCAI'25 | 78.16 5823 7234  59.65 67.09 | 8315 5941 71.80 60.38 68.68
GenSAM' Ours 80.13 6740 7480 6570 7197 | 8234 6383 79.60 6332 7227

TABLE II: Quantitative comparison (Dice %) on Card-MRI.
1 denotes training-free methods.

Method | Ref. | LV-BP LV-MYO RV Mean
PANet ICCV’19 51.42 25.75 25775  36.66
SSL-ALP T™MI'22 83.47 22.73 66.21  57.47

RPT MICCATI’23 60.84 42.28 5730 5347
PATNet ECCV’22 65.35 50.63 68.34  61.44

IFA CVPR’24 50.43 31.32 30.74  37.50
FAMNet AAATI’25 86.64 51.82 7626  71.58
MAUPT | MICCAI'25 | $8.36 5274 7829  73.13
GenSAM' Ours 87.40 65.63 8341 78.23

positive prompt centers, dilation radius r = 5, similarity

threshold 6, = 0.5, and confidence threshold 7¢onr = 0.7.
Following the standard few-shot medical segmentation pro-
tocol [4], [8], we ensure that support and query images
are from different patients (case-level separation) to prevent
information leakage.
All experiments are conducted on a workstation equipped
with an NVIDIA RTX 3090 GPU with 24GB memory.

V1. RESULTS AND DISCUSSION
A. Main Results

Table I and Table II present quantitative comparisons on
abdominal and cardiac datasets.

GenSAM achieves the highest mean Dice scores on all three
datasets, outperforming both training-based and training-free
methods. Notably, GenSAM significantly outperforms existing
methods despite being completely training-free, highlighting
the potential of leveraging diffusion priors for medical image
segmentation. Compared to MAUP, the closest training-free
baseline, GenSAM achieves consistent improvements across
all organ categories, demonstrating the effectiveness of query-
guided generative support expansion.

B. Ablation Study

To understand the contribution of each component, we
conduct ablation studies on Card-MRI dataset. Table III shows
the results.

The results show that removing GSE leads to the most
significant performance degradation (5.91% drop in mean Dice
on Card-MRI), confirming the critical importance of diverse
support augmentation for bridging the support-query gap.
Negative prompts effectively prevent over-segmentation, espe-
cially for organs with similar intensity to surrounding tissues
such as the spleen. Uncertainty-aware prompting helps focus
on challenging boundary regions, and confidence-weighted

GSE NP UP CE | LV-BP LV-MYO RV Mean
v v v 82.15 58.42 7638  72.32

v v v 84.67 61.25 79.84 7525
v v v 85.93 63.18 81.26  76.79
v v v 86.52 64.37 82.15  77.68
v v v v 87.40 65.63 8341 78.23

Fig. 2: Qualitative comparison on Card-MRI dataset. GenSAM
produces more accurate segmentation boundaries compared to
baseline methods, particularly in challenging cases with high
appearance variation.

ensemble outperforms simple averaging by filtering out un-
reliable predictions from occasional diffusion hallucinations.

C. Qualitative Results

Fig. 2 presents qualitative comparisons between GenSAM
and baseline methods.

The visualization demonstrates that GenSAM effectively
captures organ boundaries even when the support and query
images exhibit significant appearance differences. In contrast,
baseline methods tend to produce incomplete or over-extended
segmentations due to the support-query misalignment problem.
GenSAM produces smoother boundaries and more complete
organ coverage, benefiting from the diverse perspectives pro-
vided by multiple augmented supports.

D. Parameter Sensitivity

We analyze the sensitivity of GenSAM to key hyperparame-
ters, including the number of augmentations K and denoising
strength 7.

Number of augmentations K: Performance improves as
K increases from 1 to 5, then stabilizes. This suggests that
5 augmented supports provide sufficient diversity to cover the
appearance variations in query images.

Denoising strength 7: Optimal performance is achieved at
7 = 0.2, which provides a good balance between style transfer
and structure preservation. Smaller values (e.g., 7 = 0.1)
preserve too much of the original support appearance, limiting



the diversity of augmented views. Larger values (e.g., 7 > 0.3)
may distort anatomical structures, causing the original mask
to become misaligned with the generated images.

E. Discussion

GenSAM offers training-free deployment, effective handling
of support-query misalignment, and robust predictions through
ensemble. However, limitations include occasional unrealistic
augmentations from the diffusion model, increased inference
time, and challenges on extremely low-contrast images.

VII. CONCLUSION

We presented GenSAM, a training-free framework for one-
shot medical image segmentation that addresses the support-
query misalignment problem through diffusion-based test-
time adaptation. By leveraging structure-preserving image-
to-image translation to expand the support manifold, Gen-
SAM effectively transforms the one-shot setting into a multi-
shot paradigm without additional annotations. Experiments
on three medical imaging benchmarks demonstrate that Gen-
SAM significantly outperforms existing training-free methods
while achieving competitive performance with training-based
approaches. Future work includes exploring more efficient
diffusion sampling strategies and extending GenSAM to 3D
volumetric segmentation.
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