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Abstract. The vast heterogeneity of medical imaging demands devel-
oping universal and modality-transferable segmentation models that can
ideally work in low-data regimes. Although few-shot cross-domain, in-
context learning, and promptable foundational models have emerged as
promising data-efficient domain-agnostic solutions, they are all limited ei-
ther in dimensionality (2D only), scalability (interactive prompting being
too slow and iterative), or require re-training for each new task, limiting
their general applicability. In this work, we address these limitations and
propose a novel framework that harnesses the representational capabili-
ties of foundational models to generate spatial and semantic contextual
priors that holistically describe the target structure to be segmented. We
also propose a confidence-weighted dynamic gating scheme to fuse these
context maps into a single dense prompt, and re-purpose a frozen founda-
tional segmentation model, SAM-Med3D, to predict segmentations us-
ing this fused representation instead of sparse points. Our framework
is modality-agnostic, training-free, scalable, and enables rapid and ro-
bust universal segmentation. We validate our approach on two abdominal
CT and MRI datasets under cross-modal and intra-modal settings, and
show it outperforms existing state-of-the-art methods by significant mar-
gins. Source codes are available at: https://github.com /ucsdbiag/spatio-
semantic-in-context-segmentation.
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1 Introduction

Deep learning models often struggle when applied to data that differs signifi-
cantly from their training distribution [4,5,17,33]. This challenge is particularly
pronounced in medical imaging, a domain studded with distribution hetero-
geneity, where datasets, for example, vary with respect to modaility (e.g., MRI
vs. CT), sequence (Tlw vs. T2w vs. FLAIR), scanner protocols, and resolu-
tions [5, 17] even when imaging the same anatomical region. Expert annotations
of medical images is time-consuming and expensive, resulting in a scarcity of
high-quality labeled datasets. Although anatomical structures are shared across
different imaging modalities, models often fail to generalize effectively. Hence,
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developing methods that enable domain transfer of segmentation knowledge is
critical for medical imaging.

Recent work has explored three directions to enable segmentation knowledge
transfer across domains. The first direction includes few-shot [23,26] and cross-
domain segmentation [1,2,26,32,35], which relies on training with labeled source
and target domain datasets. Unsurprisingly, these approaches do not easily scale
in the face of medical data heterogeneity, and mostly require re-training for each
new domain pair. The second direction involves in-context learning [3, 28, 34|
where a support (or source) image provides contextual guidance for a target
region to be segmented. While these works have shown promise, they are cur-
rently limited to 2D and within-modality transfer only, hindering their adoption
for 3D multi-modal segmentation. The third direction encompasses interactively
promptable foundational models [6,9,12, 15,22, 31] that are trained over large
and diverse data distributions. However, although these models yield powerful
representations for various tasks, interactive prompting requires manual inter-
vention and therefore does not scale to large sample sizes; this is only feasible if
they can be faithfully prompted automatically.

Effective cross-domain segmentation relies on preserving structural and se-
mantic correspondence between the source and the target domains. Anatomical
structures maintain consistent geometric and (to a certain extent) appearance
properties across imaging modalities, enabling feature-based transfer. To val-
idate this assumption, we conducted a pilot study measuring cosine similarity
between SAM-Med3D [31] feature embeddings of abdominal volumes across three
conditions: (1) uni-modal same-organ pairs: 0.72 £ 0.11, (2) cross-modal same-
organ pairs: 0.65 + 0.14, and (3) different-organ pairs: 0.53 £ 0.17 (where organ-
specific features are extracted via masking the features). These numbers reveal
that same-organ pairs exhibit significantly higher similarity than different-organ
pairs, even across modalities. This confirms that (i) organs retain semantic con-
sistency across imaging domains, and (ii) SAM-Med3D features may be suitable
to provide semantic correspondence for cross-domain matching.

Hence, we propose a unified training-free framework that leverages both spa-
tial and semantic contextual features to enable universal multi-modal segmen-
tation of medical volumes. Our method leverages (i) support-to-query image
registration [8,29] to obtain a geometry-preserving contextual region-of-interest
(ROI) on the query image (i.e., the image to be segmented); as well as (i)
feature similarity with respect to an ROI to estimate a semantic-preserving con-
text of the target organ. To effectively fuse these ROIs into a unified dense esti-
mate, we formulate an (74¢) uncertainty-aware gating mechanism, which adap-
tively weights different regions of the estimated ROI. Finally, (iv) we re-purpose
sparse-prompted foundational models (SAM-Med3D [31] specifically) and use
our dense spatio-semantic fused map as prompt input, to segment the query
image. We comprehensively evaluate our approach on one/few-shot cross-modal
and uni-modal abdominal segmentation tasks [16, 18], significantly surpassing
prior state-of-the-art works in segmentation accuracy.

The key contributions of our work are:
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1. We propose a training-free, multimodal 3D medical segmentation frame-
work that leverages rich spatial and semantic contextual priors, and an
uncertainty-aware fusion scheme to obtain high-quality domain transfer-
able dense visual prompts for segmentation.

2. Our method re-purposes manually prompted foundational segmentation mod-
els for auto-promptable one/few-shot cross-domain segmentation.

3. Our method outperforms prior universal segmentation methods by significant
margins for both cross-modal and uni-modal segmentation, establishing a
new state-of-the-art in generalizable 3D medical segmentation.

2 Methodology

Our framework synthesizes dense prompts for SAM-Med3D [31] by fusing spatial
and semantic priors from a single annotated support volume. We extract spa-
tial priors via deformable registration (Sec. 2.1) and semantic priors via cross-
modality feature matching (Sec. 2.2), then combine them through entropy-based
gating (Sec. 2.3) for segmentation prediction (Sec. 2.4). The overall framework
is depicted in Figure 1.

2.1 Spatial Context Generation

We leverage image registration [7,8,24,29] to capture cross-modal spatial inter-
actions between the labeled support volume and the unlabeled query volume.
Let X, € RP*XHXW denote the support image with its corresponding ground-
truth binary mask Y, and let X, denote the query image. In our training-free
framework, we employ MultiGradICON [8], a multimodal foundational registra-
tion model, to estimate a deformation map ®,_,, between X, and X,. Applying
this transformation, we warp the support mask into the query coordinate space
to obtain an initial pseudo-label: Y, = Y, o &, ,,. Since Y, is a binary map
and does not capture boundary uncertainty, we convolve it with a 3D Gaussian
kernel G, (0=2.0) and normalize the result to produce a soft spatial prior:

Go®Y 1 <13
Proy= 2220 where Gp(z)= ———exp [ — G
7 max(G, ®Y,) where (@) (2mo2)3/2 P ( 202 (1)

This smoothing operation injects boundary uncertainty into the spatial region-
of-interest context. To enable compatibility with the continuous dense prompt
representations expected by SAM-Med3D [31], we transform this soft spatial
prior into logit space, obtaining the spatial context prompt

Ly (0g) = lg(lfp(())) | @)
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Fig. 1: Proposed uncertainty-aware spatio-semantic prompt fusion framework. We ex-
tract spatial and semantic priors from the support set and fuse them via an entropy-
based dynamic gate, yielding a robust dense prompt for SAM-Med3D.

2.2 Semantic Context Generation

Complementary to the spatial prior, we extract semantic correspondences by
matching query voxel features against target-class prototypes derived from the
support volume. We use the frozen 3D ViT encoder &y(-) of SAM-Med3D [31]
to extract lo-normalized feature embeddings Z; = & (X;) and Z, = & (X,).

Next, we extract a set of foreground prototypes F via mask-pooling of sup-
port features: F = {Z;s(v) | Ys(v) > 0}. Let N, = |F| denote the number of
prototypes. For every query voxel feature v, € Z,, we compute the cosine sim-
ilarity sim;(vg) with each prototype f; € F, and aggregate them into a unified
semantic similarity map S via temperature-scaled softmax weighting

im;(vg)/T. oG
i(vg) = o PEIT) gy = 3 ) sime), (3)

Sy exp(simg(v) /7)

where 7, = 0.1 and the weights a; act as soft attention over prototypes. The

resulting map S € [—1, 1] is rescaled to [0, 1] via P g, (vq) = clamp {S(”;)H, 0,1

and converted to logit space using Equation 2 to form the semantic context L, .

2.3 Uncertainty-Aware Spatio-Semantic Contextual Fusion

Averaging of L., and Ly;,, may be suboptimal for anatomically homogeneous
regions where texturally similar structures yield ambiguous semantic matches.
We address this via an uncertainty-aware gating mechanism that dynamically
weights each prior according to its voxel-wise distributional confidence.

Voxel-wise Entropy: We compute per-voxel uncertainty using normalized
Shannon Entropy [21] of the cosine similarity distribution. Specifically, we com-

pute a softmax over the semantic similarity values {sim;(v,)} using a lower

Np
j:17
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temperature 7. = 0.07 (7. < 75), followed by entropy computation () as

exp(sim;(vg)/7e) Hv,) = — Z;v:pl w;(vg) - logw;(vg) -

wj(vq)_ IOng

YN exp(simy(v) /)

A lower temperature 7. sharpens the predicted similarity distribution, suppressing
spurious uncertainty to ensure #(v,) selectively isolates genuine semantic ambi-
guity [10,13,20]. Consequently, while P;,, captures the magnitude of the match,
‘H provides a complementary measure of its distributional spread.
Uncertainty-Aware Gated Fusion: We synthesize the final dense context by
fusing the spatial (L;.y) and semantic (Lg;m) logits via the following adaptive
gating mechanism

Weim(vg) =1 =H(vg) s  Wreg(vg) = Preg(vg) - (Psim(vg) +€) , (5)

where € is a small stabilization constant. Functionally, W;,, actively suppresses
the semantic context in regions characterized by high predictive uncertainty (i.e.
where H(vq) — 1). Conversely, W,.., propagates the structural confidence of the
spatial context, but ensures that this propagation is strictly bounded by localized
semantic correspondence. This product form enforces a conservative policy: the
spatial logit receives full weight only when both priors concur, preventing the
registration prior from dominating in regions of semantic disagreement.

The final fused logit map is the spatially weighted linear combination

qused(vq) = Wreg (Uq) “Lireg (Uq) + Wsim(vq) : Lsim(vq) . (6)

2.4 Segmentation Prediction via SAM-Med3D

The fused dense map Lyyseqa (Eq. (6)) is encoded via SAM-Med3D’s prompt
encoder and decoded with query features Z, to produce Yq € RPXHXW e
leverage SAM-Med3D’s native support for dense mask inputs (used in its
interactive refinement mode [31]) to enable fully automatic prompting.

3 Experiments and Results

Datasets. Following prior works [2,23,37] we evaluate our proposed method on
two publicly available 3D medical imaging datasets spanning different modali-
ties and organs, namely Abdomen-MRI comprising 20 T2-SPIR, MR volumes
from the ISBI 2019 Combined Healthy Organ Segmentation challenge [16], and
Abdomen-CT comprising 30 3D CT images from the MICCAI 2015 Beyond
The Cranial Vault challenge [18].

Implementation. We implement our method in PyTorch [27] on a single NVIDIA
RTX A6000 GPU. We use the official SAM-Med3D [31] codebase and leverage
UniGradICON/MultiGradICON [8, 29] for unimodal/multimodal registration.
Segmentation is evaluated using the Dice Similarity Coefficient (DSC %).
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Table 1: Quantitative Comparison (DSC % 1) of cross-modal abdominal segmenta-
tion methods for both CT— MRI and MRI — CT settings. The best value is shown
in bold font, and the second-best value is underlined. nnUNet is trained on the target
modality (CT or MR). It is not cross-modal and provides an empirical in-domain upper
bound. “1” and “1” markers refer to 2D and 3D methods, respectively.

Abdomen CT — MRI Abdomen MRI — CT
Methods Reference
Liver LK RK Spleen Mean|Liver LK RK Spleen Mean
__"onUNet [[1] _| Nature2l | 92.02_92.00 92.74 89.38 0136 | 9557 8675 80.39 90.83 _90.64
fPANet [32] ICCV‘19 | 39.24 26.47 37.35 26.79 32.46 | 40.29 30.61 26.66 30.21 31.94
fSSL-ALP [20] TMI22 70.74 55.49 67.43 58.39 63.01 | 71.38 34.48 32.32 51.67 47.46
TRPT [30] MICCAI‘23 | 49.22 42.45 47.14 48.84 46.91 | 65.87 40.07 35.97 51.22 48.28
fPATNet [19] ECCV®22 | 57.01 50.23 53.01 51.63 52.97 | 75.94 46.62 42.68 63.94 57.29
TIFA [25] CVPR24 | 50.22 35.99 34.00 42.21 40.61 | 46.62 25.13 26.56 24.85 30.79
TAPM-M [30] | NeuwrIPS24| 70.85 55.41 58.68 53.11 59.51 | 74.48 56.01 49.83 64.12 61.11
fRobustEMD [35]| AIIM‘25 | 60.16 66.34 70.26 53.71 62.61 | 69.82 63.79 50.34 59.88  60.95
TFAMNet [2] AAAI25 | 73.01 57.28 74.68 58.21 65.79 | 73.57 57.79 61.89 65.78 64.75
fC-Graph [1] TMI25 70.92 73.69 8251 64.18 72.83 | 69.60 70.00 63.95 65.23 67.20
fQurs (DSCzp) = 7347 82.59 87.49 83.43 81.74 | 82.14 81.91 84.76 80.55 82.34
fQurs (DSCsp) = 79.82 90.77 89.81 85.75 86.54 |90.42 86.13 86.87 85.88 87.33

Data processing. We followed the exact input processing as in SAM-Med3D
[31]; all input volumes were resampled to 1.5mm x 1.5mm x 1.5mm space, with
ROI cropping dimensions of 128 x 128 x 128. Both CT and MR voxel intensities
undergo Z-score normalization before being fed into the model.

Evaluations. We evaluate cross-domain segmentation transferability through:
(i) cross-modal transfer (Sec. 3.1); (4¢) uni-modal transfer (Sec. 3.2) and (44¢) ab-
lation studies (Sec. 3.3). Following prior work [1,2,37], we use 1-way-1-shot
evaluation (i.e., all organs are evaluated independently with only 1 support image
per query), except for support set ablations. For each query, we sample 5 random
support images (= |D| x 5 evaluations per organ per dataset D) and report mean
DSC per organ, both slice-based (DSCyp) and volumetric (DSCsp).

SOTA Competitors. We compare against methods spanning cross-domain seg-
mentation (IFA [25], RobustEMD [35], FAMNet [2], C-Graph [1], MAUP [37])
and in-context learning (UniverSeg [3], Tyche [28], AtlasSegFM [34]). Our work
addresses the intersection of these paradigms — cross-domain in-context learning,
which remains largely unexplored.

3.1 Cross-Modal Segmentation

We evaluate cross-modal transfer on abdominal organs (liver, left kidney, right
kidney, spleen) in both the CT—MRI and MRI—CT directions. Table 1 shows
that our method substantially outperforms all prior work, exceeding the second-
best method (C-Graph [1]) by +14% (CT—MRI) and +20% (MRI—CT) mean
DSC. These gains establish a new state-of-the-art for one-shot cross-modal seg-
mentation, demonstrating the effectiveness of our spatio-semantic prompt fusion
for cross-domain transfer. Note that our method shows average Dice scores not
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Table 2: Quantitative Comparison (DSC % 1) of uni-modal segmentation methods
on Abdomen-MRI and Abdomen-CT. The best value is shown in bold font, and
the second-best value is underlined. nnUNet is trained on the target modality (CT
or MR) and provides an empirical in-domain upper bound for all models. “{” and “{”
markers refer to 2D and 3D methods, respectively.

Methods Reference Abdomen-MRI Abdomen-CT

Liver LK RK Spleen Mean |Liver LK RK Spleen Mean

__'nUNet [1)] _| Nature2l 9202 92.00 9274 89.38 _9L56 | 95.57 8675 80.39 9053 _90.64
TSSL-ALP [26] TMI‘22 76.10 81.92 85.18 72.18 78.84 | 7829 7236 71.81 70.96 73.35
fADNet [11] MedIA‘22 | 82.11 73.86 85.80 72.29 7851 | 77.24 72.13 79.06 63.48 7297
fUniverSeg [3] ICCV*23 | 67.27 58.80 47.83 39.16 53.27 | 77.36 32.45 46.28 36.61 48.17
"Tyche [2] CVPR24 | 61.20 51.37 77.92 40.56 57.76 | 68.78 18.16 38.53 15.59  35.26
TCoWPro [23] ICPR24 | 75.77 75.30 80.45 71.51 75.56 | 73.11 62.66 58.99 67.97 65.83
TMAUP [37] MICCAI‘25 | 78.16 58.23 72.34 59.65 67.09 | 78.25 59.41 71.80 60.38 67.46
fFAMNet [2] AAAI25 | 80.77 71.20 87.21 67.14 76.58 | 74.29 71.14 66.13 70.08 70.41
fC-Graph [1] TMI25 74.95 83.48 88.34 73.44 80.05 | 75.89 77.51 67.64 71.35 73.10
fAtlasSegFM [34]| arXiv25 |83.77 81.11 83.54 77.83 81.22 | 90.06 63.27 62.50 75.79 72.91
fQurs (DSCap) = 7778 82.14 86.96 82.42 82.33 | 82.47 84.31 87.10 80.80 83.67
*Qurs (DSCsp) - 85.13 88.37 91.24 86.60 87.84 |90.63 89.54 88.42 86.99 88.90

too far from the empirical upper bound provided by an nnUNet model trained
specifically on the target modality demonstrating that our auto-prompting ap-
proach works effectively across modalities.

3.2 Uni-Modal Segmentation

Following recent benchmarks [1,34,37], we evaluate within-dataset one-shot seg-
mentation. Table 2 shows our method achieves the best performance on both
CT and MRI, outperforming AtlasSegFM [34] and C-Graph [l] by +6% and
+15% mean DSC, respectively. As expected, all methods improve under uni-
modal transfer compared to the cross-modal setting (Table 1). Notably, while
our CT liver gains are modest relative to AtlasSegFM, performance improve-
ments on other organs are substantial, confirming robust generalization across
diverse anatomical structures with minimal supervision.

Comparison with in-domain specialist (upper bound). We compare against
a fully-supervised nnUNet [14] trained on the target domains (highlighted in

pink in Tables 1 and 2) to quantify the domain gap. Our method approaches

this upper bound within & 4% mean DSC (without being trained on these tar-
get domains), substantially closer than all prior work. Notably, we even surpass
nnUNet on CT left kidney segmentation (89.54% vs. 86.75%).

3.3 Ablation Study

Contribution of each component. We ablate individual components to vali-
date our design choices. Table 3 compares: (a) spatial prompt alone, (b) semantic
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Table 3: Ablation study on each component. We report mean 3D DSC % across all
organs.

Spatial  Semantic  Uncertainty- | \ip MRISMRI MRISCT — CT—CT

Branch Branch gated Fusion

v X X 79.27+5.87 80.30+5.40 64.43+9.82 84.51+6.38
X v X 80.78+7.64 84.67+3.19 83.60+7.62 84.45+5.92
v v X 84.48+5.53 86.40+3.08 86.08+2.36  87.68+1.65
v v v 86.54+498 87.84+263 87.33+2.11 88.90+1.56

prompt alone, (¢) naive mean fusion instead of our proposed dynamic gating, and
(d) our full method with uncertainty-aware gating. Spatial prompting alone ex-
hibits high variance in cross-modal settings due to registration challenges [8,29],
while semantic matching provides a stronger baseline leveraging SAM-Med3D’s
multi-modal encoder [31]. Fusing both priors improves mean performance and
reduces variance. Uncertainty-aware gating further enhances robustness, con-
firming that entropy-based modulation effectively resolves contextual ambiguity.

Liver Left Kidney Right Kidney Spleen
95 [ 1 95F 1 95F I T 9%5F f q
o 90r 1 90F -4 90| T¥-- I 1T 90 §
v 8| 1 85 1 8 -4 85
n
A sof 1 80 1 8o 4 sof 1
(6= 4 T5E I I L4 5B I I L4 75k E|
1 2 4 1 2 4 8
95 [ 94 95FT [ 4 95T f T T 95F 9
E\? 90 - 41 90 I 4 90 j 4 90 8
o 8 1 s5f J 1 sl J 1 ss5p .
> il
A 80 1 80 4 80|+ 4L 4 80 8
5L I I T B 653 | I I T B 65 ) | I I T B 5 ) ! I I 14
1 2 4 8 1 2 4 8 1 2 4 8 1 2 4 8
Support Set Size Support Set Size Support Set Size Support Set Size
—@— MRI — MRI -B- CT — MRI wbe CT — CT MRI — CT

Fig. 2: Performance variation with increasing support set size for each organ.

Increasing support set sizes. We evaluate performance across N € {1, 2,4, 8}
support images (Figure 2). While additional support images do not yield mono-
tonic improvement, performance remains stable with minor fluctuations. This
plateau may be attributable to SAM-Med3D’s fixed decoder capacity, which
cannot fully exploit richer prompts beyond its representational bottleneck. Crit-
ically, our method achieves strong performance in the one and two shot settings,
enabling rapid annotation scaling with minimal expert supervision.
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4 Conclusion

We proposed a training-free segmentation approach that generates spatial and
semantic correspondence-driven contextual prompts, and uses an uncertainty-
aware gating to fuse these prompts. This fusion approach yields a high quality
dense prompt which is then used to auto-prompt an interactive image segmen-
tation foundation model. We validated our approach across cross-modal and
uni-modal one-shot abdominal segmentation tasks, and showed that it outper-
forms all prior SOTA methods by large margins. Our approach reduces the gap
with respect to an in-domain specialist trained nnUnet model, and is robust in
ultra low-data regimes. Our work has immense potential to scale up data anno-
tation. While we do not yet achieve the same performance of the specialist model
our approach is generic: to segment a new structure we simply need to provide
example segmentations, even if they are not provided for the same modality.
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