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Supplementary Material

1. Datasets

To validate the effectiveness of the proposed method, we
conducted experiments on 15 publicly available datasets.
Descriptions of these datasets are provided below and re-
lated summary in Table S1.

1) SegTHOR: SegTHOR is a thoracic CT benchmark fo-
cused on four clinically critical OARs: the heart, trachea,
aorta, and esophagus. Each volume is 3D with an in-plane
spacing of 0.90x0.90-1.37x1.37 mm?2, a slice thickness of
2.0-2.5 mm, and a matrix size of 512x512 with 147-284
axial slices. Voxel-wise annotations are provided for all four
structures. In our experiments, we use all 40 publicly avail-
able labeled cases. The dataset presents notable challenges,
heterogeneous appearance across organs, class imbalance,
and low-contrast boundaries (especially for the esophagus),
making it a strong testbed for robust 3D medical image seg-
mentation methods.

2) FLARE 2022: FLARE 2022 is a multi-center bench-
mark for 3D abdominal organ segmentation from CT, cov-
ering 13 anatomies, including Liver, Right Kidney, Spleen,
Pancreas, Aorta, Inferior Vena Cava, Right Adrenal Gland,
Gall Bladder, Esophagus, Stomach, Duodenum and Left
Kidney, designed to stress-test robustness under strong class
imbalance and fuzzy boundaries. The volumes exhibit real-
istic clinical heterogeneity, with in-plane resolution span-
ning 0.64x0.64-0.77x0.77 mm?, slice thickness of 2.5-5.0
mm, and a matrix of 512x512 with 71-113 axial slices
per scan. Our experiments adopt all 50 publicly released,
expert-annotated cases for training and validation, enabling
fair comparison while reflecting the challenge’s empha-
sis on accurate small-structure delineation (e.g., adrenal
glands, duodenum) alongside large parenchymal organs.

3) SKI10: SKI10 is a public 3D knee MRI benchmark
for joint tissue segmentation, providing 100 fully anno-
tated volumes with voxel-wise labels for four structures:
femur bone, femoral cartilage, tibia bone, and tibial car-
tilage. The scans feature anisotropic spacing with an in-
plane resolution of 0.4x0.4 mm and 1.0 mm slice thickness
(0.4%x0.4x1.0 mm?3). In our experiments, we use all 100 pub-
licly labeled cases to enable a fair and statistically robust
evaluation of segmentation methods on clinically relevant
bone—cartilage delineation.

4) FeTA 2021: FeTA 2021 is a curated 3D fetal brain
MRI segmentation benchmark targeting tissue-level parcel-
lation under real-world fetal imaging conditions. It pro-
vides voxel-wise labels for seven anatomies about exter-
nal cerebrospinal fluid, gray matter, white matter, ventri-

cles, cerebellum, deep gray matter, and brainstem—on vol-
umes standardized to 256x256x256. Image spacing spans
0.43%0.43-1.00x1.00 mm? in-plane with 0.43-1.00 mm
through-plane thickness, exposing models to clinically re-
alistic resolution variability. In our experiments, we use all
80 publicly available labeled subjects.

5) OIMHS: OIMHS is a 3D optical coherence to-
mography (OCT) segmentation dataset targeting macu-
lar pathology, with voxel-wise annotations for four clin-
ically relevant structures: retina, macular hole, macular
edema, and choroid. Volumes are sized 512x512x{19-79}
with anisotropic spacing, spanning in-plane resolutions of
10.07x10.07 pm2-14.0x14.0 pm? and slice thicknesses of
7.0-40.0 pm, offering substantial diversity in sampling den-
sity and morphology. The benchmark uses all 125 publicly
released, expert-labeled cases, enabling rigorous evaluation
of 3D segmentation methods under real-world variability in
pathology, scale, and contrast.

6) MSD BRATS Tumour: MSD Brain Tumour (TaskO1
of the Medical Segmentation Decathlon) is a multi-
parametric MRI benchmark for 3D glioma segmenta-
tion, requiring delineation of three subregions: en-
hancing tumour (ET), peritumoral oedema (ED), and
necrotic core (NC). Each subject includes co-registered
native T1-weighted, post-Gadolinium TI-weighted (T1-
Gd), T2-weighted, and T2-FLAIR volumes, standardized to
1.0x1.0x1.0 mm3 voxel spacing with a canonical matrix of
240x240x155. Our experiments use all 484 publicly avail-
able cases.

7) MSD Lung Tumour: The MSD Lung Tumour dataset
(Task06 of the Medical Segmentation Decathlon) targets
automatic delineation of lung tumors in thoracic CT. It
provides volumetric scans with a single anatomical label
about Lung Tumour, covering in-plane resolutions from
0.60%x0.60 to 0.98x0.98 mm? and slice thicknesses from
0.63 to 2.5 mm. Volumes are 512x512 with axial depth
varying from 112 to 636 slices. In our experiments, we use
all 63 publicly available cases.

8) MSD Pancreas Tumour: MSD Pancreas Tumour
(TaskO7 of the Medical Segmentation Decathlon) targets
fully supervised segmentation of the pancreas and associ-
ated lesions in contrast-enhanced abdominal CT, with two
anatomical labels: Pancreas and PancreasTumour. The co-
hort exhibits substantial acquisition heterogeneity, its in-
plane resolution spans 0.61x0.61-0.98x0.98 mm?, slice
thickness ranges 0.70-7.5 mm, and volumes are standard-
ized to 512x512x%{37-751} voxels, posing strong chal-



lenges for scale robustness and small, low-contrast tumour
delineation. We utilize all 281 publicly available annotated
volumes for experimentation.

9) MSD Spleen: The MSD Spleen dataset (Task09 of the
Medical Segmentation Decathlon) is a 3D abdominal CT
benchmark for single-organ segmentation, providing anno-
tations for the spleen alone (label set: Spleen). It comprises
41 publicly available labeled volumes with pronounced ac-
quisition heterogeneity: in-plane spacing ranges from 0.61
x 0.61mm?2- 0.98 x 0.98mm?, slice thickness from 1.5-8.0
mm, and spatial dimensions of 512x512x{31-168}. We
utilize all 41 publicly available annotated volumes for ex-
perimentation.

10) MSD Colon Cancer: MSD Colon Cancer (Task 10
of the Medical Segmentation Decathlon) targets delineation
of colon tumors from abdominal CT volumes. The dataset
contains 126 publicly available cases with a single anatom-
ical label about Colon Cancer. Images have a fixed in-plane
matrix of 512x512 with variable depth (37-729 slices), in-
plane spacing ranging from 0.54x0.54 mm? to 0.98x0.98
mm?, and slice thickness from 1.3—7.5 mm, introducing no-
table anisotropy and inter-scan heterogeneity. In our exper-
iments, we utilize all 126 labeled cases.

11) HOCMvalvesSeg: HOCMvalvesSeg is a 3D car-
diac CT dataset tailored for multi-class segmentation in
hypertrophic obstructive cardiomyopathy (HOCM) surgi-
cal planning, providing expert voxel-level labels for seven
anatomies: aortic valve (AV), mitral valve (MV), aorta
(AO), left atrium (LA), left ventricle (LV), myocardium,
and excised myocardium. It comprises 27 patient volumes
(512x512x{275-571} voxels) with a typical voxel size of
0.25%0.25%0.5 mm3, enabling precise modeling of small,
clinically critical valve structures and their anatomical con-
text. We utilize all 27 publicly available annotated volumes
for experimentation.

12) CrossMoDA2021: CrossMoDA2021 is a 3D brain
MRI segmentation dataset targeting two anatomies about
vestibular schwannoma and the cochlea, using 105 pub-
licly available, expertly annotated T1-contrast—enhanced
(T1-CE) volumes with corresponding masks. Each
study exhibits in-plane resolution (0.41x0.41 mm?2) with
1.0-1.5 mm slice thickness and a canonical volume size
of 512x512x{120-160}, yielding realistic through-plane
anisotropy. The combination of small, clinically critical tar-
gets and heterogeneous spacing imposes strict boundary-
precision and robustness requirements, making Cross-
MoDA2021 a compact yet demanding benchmark for high-
fidelity 3D medical image segmentation across modern ar-
chitectures.

13) SLIVERO7: SLIVERO7 is a classic benchmark for
3D liver segmentation in contrast-enhanced CT. It provides
20 publicly available volumes with manual liver annota-
tions, covering a wide range of acquisition settings: in-

plane spacing 0.58-0.81 mm, slice thickness 0.70-5.0 mm,
and volumes sized 512x512x{64-394}. The dataset’s het-
erogeneity (non-isotropic spacing, variable coverage, and
contrast differences) makes it a stringent testbed for cross-
scanner generalization and robust 3D modeling. Unless oth-
erwise stated, we follow the common protocol and use all
20 labeled cases for training and evaluation.

14) COVID-19 CT Seg: COVID-19 CT Seg is a 3D chest
CT dataset for semantic segmentation of COVID-19 pathol-
ogy, providing voxelwise annotations for three anatomical
labels: left lung, right lung, and infection (pneumonia) re-
gions. Volumes exhibit clinical heterogeneity, with in-plane
spacing ranging from 0.58-0.81 mm and slice thickness
from 1.0-6.0 mm, and image matrices spanning 512x512
to 630x630, covering an axial extent of 39—418 mm. In our
experiments, we used all 20 publicly available subjects to
enable reproducible benchmarking of lung and lesion seg-
mentation under varying acquisition protocols and resolu-
tions.

15) FLARE 2021: FLARE 2021 is a 3D abdominal
CT benchmark targeting automatic segmentation of four
key organs about liver, kidneys, spleen, and pancreas. It
provides axial volumes with a standardized in-plane ma-
trix of 512x512 and variable depth (37-751 slices), with
voxel spacings ranging from 0.61-0.98 mm in-plane and
0.5-7.5 mm through-plane, capturing real clinical variabil-
ity. Anatomical labels include liver, kidney, spleen, and
pancreas. In our experiments we used all 361 publicly avail-
able labeled cases.

2. Evaluation Metric

To validate the effectiveness and robustness of the proposed
method, we evaluate 3D segmentations using Intersection-
over-Union (IoU), Dice coefficient, Average Symmetric
Surface Distance (ASSD), the 95th-percentile Hausdorff
distance (HD95), and the Adjusted Rand Index (Adj-Rand).
All distances are computed in physical coordinates using
the dataset-specific voxel spacing; metrics are computed
per volume and summarized as mean =+ standard deviation.
For multi-class tasks, we report per-class scores and the un-
weighted macro-average over foreground classes.

For class ¢ on domain 2 with prediction P. C 2 and
ground truth G, C ), the overlap scores are

|P. NG|
IoU, = % 1
oU |P. UG, )

. 2|P. NG|
Dice, = ———=°. )

|Pe| + (Gl

Boundary distances. All distances are computed in physi-
cal units using voxel spacing s = (s, s,,5.)" € R2:

dists(z, S) =min || (z —y) ©s]|,. 3)
yeS



Table S1. Summary of dataset statistics and preprocessing for 15 public 3D benchmarks.

Dataset ‘ SegTHOR ‘ FLARE 2022 ‘ SKI10
Strength Cutting Range ‘ [-1000,300] ‘ [-1000,300] ‘ [0,3000]
Liver, Right/Left Kidney, Spleen,
Pancreas, Aorta, Inferior Vena Femur Bone. Femoral Cartilage
Anatomical Label Esophagus, Heart, Trachea, Aorta Cava, Right/Left Adrenal Gland, Tibia Boné Tibial Cartila eg ’
Gall Bladder, Esophagus, Stomach, ’ g
Duodenum
Dimensions 512 x 512 x {147-395} 512 % 512 x {71-113} -
. {0.90-1.37}mm x {0.90-1.37}mm {0.64-0.77 ymm x {0.64-0.77 ymm
Resolution % {2.0-2.5}mm « {2.5-5.0}mm 0.4mm x 0.4mm x 1.0mm
Sample Size 40 50 100
Train Set / Test Set 32/8 40/ 10 60 /40
Dataset \ FeTA 2021 \ OIMHS \ MSD BRATS Tumour
Strength Cutting Range ‘ [0,1000] ‘ [0,300] ‘ [0,3000]
External Cerebrospinal Fluid, Grey
Anatomical Label Matter, White Matter, Ventriculus, Macular Hole, Retina, Macular Enhancing Tumor, Peritumoral
Cerebellum, Deep Grey Matter, Edema, Choroid Edema, Necrotic Core
Brainstem
Dimensions 256 x 256 x 256 512 x 512 % {19-79} 240x240x155
. {0.43-1.00}mm x {0.43-1.00}mm | {10.7-14.0}pm x {10.7-14.0} pum X
Resolution « {0.43-1.00}mm {7.0-40.0} s 1.0mm x 1.0mm x 1.0mm
Sample Size 80 125 484
Train Set / Test Set 62/18 100 /25 411/73
Dataset ‘ MSD Lung Tumour ‘ MSD Pancreas Tumour ‘ MSD Spleen
Strength Cutting Range ‘ [-1000,1000] ‘ [-180,500] ‘ [-150,230]
Anatomical Label ‘ Lung Tumour ‘ Pancreas, Pancreas Tumour ‘ Spleen
Dimensions 512 x 512 x {112-636} 512 x 512 x {37-751} 512 %512 % {31-168}
Resolution {0.60-0.98}mm x {0.60-0.98}mm | {0.61-0.98}mm x {0.61-0.98}mm | {0.61-0.98}mm x {0.61-0.98 }mm
% {0.63-2.50}mm x {0.70-7.50}mm x {1.5-8.0}mm
Sample Size 63 281 41
Train Set / Test Set 50/13 243 /38 33/8
Dataset ‘ MSD Colon Cancer ‘ HOCMvalvesSeg ‘ CrossMoDA2021
Strength Cutting Range ‘ [-200,230] ‘ [0,255] ‘ [0,1800]
Aortic Valve, Mitral Valve, Aorta,
Anatomical Label Colon Cancer Left Atrium, Left Ventricle, Vestibular Schwannoma, Cochlea
Myocardium, Excised Myocardium
Dimensions 512 x 512 x {37-729} 512 % 512 x {275-571} 512 x 512 x {120-160}
Resolution {0.54-0.98}mm x {0.54-0.98}mm 0.25mm x 0.25mm x 0.5mm 0.41mm x 0.41mm x {1.0-1.5}mm
x {1.3-7.5}mm
Sample Size 126 27 105
Train Set / Test Set 106 /20 22/5 84/21
Dataset \ SLIVERO7 \ COVID-19 CT Seg \ FLARE 2021
Strength Cutting Range | [-200,400] \ [-1025,300] \ [-125,275]
Anatomical Label ‘ Liver ‘ Left Lung, Right Lung, Infections ‘ Liver, Kidneys, Spleen, Pancreas
Dimensions 512 x 512 x {64-394} {512-630}x{512-630}x{39-418} 512 x 512 x {37-151}
Resolution {0.58-0.81}mm x {0.58-0.81}mm {0.58-0.81}mm x {0.58-0.81}mm {0.61-0.98 }mm x {0.61-0.98 }mm
’ x {0.70-5.0}mm x {1.0-6.0}mm x {0.5-7.5}mm
Sample Size 20 20 361

Train Set / Test Set 16/4 16/4 342 /19




Let S(P.) and S(G.) denote the voxelized surfaces
of P, and G.. The average symmetric surface distance
(ASSD) and the 95th-percentile Hausdorff distance (HD95)
are
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where Qo.95() is the 95th percentile.
Adjusted Rand (Adj-Rand). Treating connected compo-
nents (or instance IDs) as clusters, let n;; = |P;NG,l, a; =
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3. Additional Ablation Experiment Results
3.1. Effectiveness of yPCAD

3.1.1. Stage-wise placement on the encoder

We compare inserting pPCAD at a single encoder stage
(tested stage by stage) versus deploying it at all encoder
stages on the MSD Lung Tumour datasets. As shown in
the Table S2.

Table S2. Stage-wise effect of fPCAD.

MSD Lung Tumour
ToU Dice ASSD HD95 Adj-Rand

Stagel 60.35£17.53 73.26+£18.57 7.65£7.68 46.90+68.67 73.25£15.58
Stage2 59.52£18.70 72.21£20.86 5.51£7.58 23.08+47.96 72.20£20.86
Stage3 59.82£19.65 72.28+21.35 7.21+11.08 31.03+£57.77 72.27+£21.36
Stage4 59.01£17.70 72.15+£18.83 3.00£4.24 16.08+32.67 72.14+18.84
All  60.46+16.90 73.63£16.56 3.51£4.50 14.66+32.83 73.61£16.58

Method

3.1.2. Qualitative impact of 4 PCAD across backbones

Augmenting representative CNN, Transformer, ConvNeXt
and Mamba baselines with tPCAD consistently improves
overlap and boundary metrics across the MSD Pancreas

Tumour and FLARE2022 datasets (Table S3). Across
pancreatic-tumor and multi-organ CT examples, shown in
Figure S1, inserting pPCAD into classical backbone pro-
duces segmentations that more sharper, more continuous
boundaries with fewer leaks, holes and better preservation
of small structures.

Table S3. Qualitative effect of uPCAD across backbones.

Method ‘ MSD Pancreas ‘ FLARE2022
| ToU Dice ASSD HD95 | IoU Dice ASSD HD95

3D U-Net [2] ‘54,14 67.99 444 2636 | 80.17 87.87 240 1098
+uPCAD 5533 68.82 3.62 1597 | 81.82 8920 151 9.71

UNETR [4] ‘ 38.80 51.69 8.04 2563 | 73.74 8283 2.64 13.68
+uPCAD 5098 6448 3.38 11.85 | 79.85 87.66 234 9.71
3D UX-Net [5] ‘ 51.53 6421 1541 40.67 | 8044 8798  1.69 6.32
+uPCAD 5691 70.11 797 29.71 | 83.10 90.06 0.95 4.15

MedNeXt [11] ‘ 5359 6725 291 11.02 | 78.57 86.83 1.75 6.55
+PCAD 5635 69.84 230 8.16 | 7864 8693 1.87 8.33
UNesT [15] ‘ 5140 6504 373 14.17 | 80.58 8831 2.16 8.37
+uPCAD 5274 65.61 296 11.38 | 8225 8946 1.01 4.19
SwinSMT [10] ‘ 4929 62.67 10.84 3193 | 78.63 86.65 3.56 15.83
+uPCAD 5296 66.58 5.57 2350 | 79.14 87.14 3.27 16.30
SegMamba [12] ‘ 5485 67.69 522 17.67 | 81.58 88.86  1.89 9.21
+PCAD 56.96 69.92 4.56 18.81 | 82.72 89.71 091 4.02

3.1.3. Versus classic modules

Additional visual comparison as shown in Figure S2.

3.2. Effectiveness of OCF

3.2.1. Stage-wise placement on the skip connections

As shown in Table S4, applying OCF to a single skip (tested
per level) versus to all skips shows the latter is superior and
more stable.

Table S4. Stage-wise effect of OCF.

MSD Lung Tumour
IoU Dice ASSD HD95 Adj-Rand

Stagel 60.25£16.51 73.54+16.27 4.26+7.02 19.41+46.74 73.52+16.29
Stage2 59.84+19.08 72.394+21.06 5.66+8.04 17.67+35.38 72.38+21.06
Stage3 59.58+15.34 73.32+14.11 7.85+9.75 46.86+69.37 73.30+14.13
Stage4 58.57£19.14 71.354+21.26 6.04£9.32 29.97+45.29 71.34+21.26
All  60.46+16.90 73.631+16.56 3.514+4.50 14.66+32.83 73.614+16.58

Method

3.2.2. Qualitative impact of OCF across backbones

As show in Table S5 and Figure S3, adding OCF ablation on
MSD Pancreas Tumour and FLARE2022 to diverse base-
lines on consistently improves overlap and reduces bound-
ary errors.

3.2.3. Versus classic modules

Additional visual comparison as shown in Figure S4.

4. Efficiency Analysis

Table S6 compares model complexity and inference effi-
ciency in terms of parameter count, FLOPs, and through-
put, while Figures S5, S6, S7, and S8 further illustrate the
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Figure S1. Qualitative effect of yPCAD as a plug-in decimator across backbones. Adding uPCAD systematically sharpens boundaries,
suppresses alias-induced leakage and spurious fragments, and better preserves small structures under anisotropic sampling.
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Figure S2. Additional qualitative comparison of PCAD on the OIMHS dataset.

Table S5. Qualitative impact of OCF across backbones.

\ MSD Pancreas | FLARE2022
| IoU Dice ASSD HD95 | IoU Dice ASSD HD95

Method

3D U-Net [2] ‘ 54.14 6799 444 2636 | 80.17 87.87 240 10.98
+OCF 55.62 6894 397 19.30 | 81.64 8893 187 7.93
UNETR [4] ‘ 38.80 51.69 8.04 2563 | 73.74 8283  2.64 13.68
+OCF 4485 57.18 84l 2729 | 76.24 8478 250 9.78
3D UX-Net [5] ‘ 51.53 6421 1541 40.67 | 8044 8798  1.69 6.32
+OCF 53.86 67.53 391 17.21 | 81.63 88.93  1.09 4.45
MedNeXt [11] ‘ 5349 6725 291 11.02 | 7857 86.83 1.75 6.55
+OCF 5397 6753 325 1545 | 7893 87.17 161 7.50
UNesT [15] ‘ 51.40 65.04 3.73 14.17 | 80.58 88.31  2.16 8.37
+OCF 5439 67.77 291 1141 | 8225 8946 1.01 4.19
SwinSMT [10] ‘ 49.29 62.67 10.84 3193 | 78.63 86.65 3.56 15.83
+OCF 49.83 6291 10.82 3932 | 7895 86.88 3.63 19.57
SegMamba [12] ‘ 5485 67.69 522 17.67 | 81.58 88.86 1.89 9.21
+OCF 5547 6884 3.03 13.05 | 82.28 8945 1.14 4.49

accuracy—efficiency trade-offs on the FLARE2022 dataset.
FLOPs are computed with an input size of 96 x 96 x 96,
and throughput is measured on a single NVIDIA RTX 4090
GPU under the same input setting.

CROWn contains 23.78M parameters and requires
199.58G FLOPs, achieving an inference throughput of
27.70 samples/s. As shown in the four trade-off plots,
CROWn strikes a favorable balance between segmentation
accuracy and computational cost. In particular, CROWn
achieves state-of-the-art Dice and the lowest HD95 among
competing methods while maintaining a moderate model
size and computational budget.

Compared with recent Transformer- and SSM-based

methods, CROWn delivers substantially lower computa-
tional complexity while achieving better segmentation per-
formance. Compared with lightweight CNN-based models,
CROWn introduces only a moderate increase in computa-
tion but yields clear gains in accuracy and boundary qual-
ity. We attribute this favorable efficiency to the proposed
alias-aware decimation and coset-fibrated skip calibration,
which allocate computation more effectively to scale tran-
sitions and skip fusion, where accurate 3D boundary mod-
eling is most critical, rather than uniformly increasing the
backbone capacity.

5. Additional and Detailed Experiments Re-
sults

To facilitate reproducibility and fair cross-method compar-
ison, we report the complete numerical results on all 15
public 3D datasets. For each dataset we provide five met-
rics about IoU, Dice, ASSD, HD95, and Adj-Rand, and
scores are summarized as mean £ standard deviation over
volumes. Across all datasets, CROWn achieves leading
macro-averaged Dice and IoU, and attains the lowest or
tied-lowest HD95 and ASSD on most cohorts. This aligns
with the mechanism-level design: uPCAD performs alias-
aware downsampling that preserves boundary-relevant high
frequencies, while OCF phase-calibrates high-resolution
skips prior to decoder fusion, reducing cross-scale mis-
alignment. For ease of navigation, detailed Tables are
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Figure S3. Qualitative impact of OCF across backbones. All backbones yield sharper, leak-free borders, fewer holes and spurious frag-
ments, and better preservation of thin structures under with OCF, demonstrating anti-aliasing and phase-aligned cross-scale fusion.

Original Ground 3D U-Net 3D U-Net 3D U-Net 3D U-Net 3D U-Net 3D U-Net
image Truth +SE +CBAM +Transformer  +UX-NetBlock  +MedNeXt Block +OCF
Figure S4. Additional qualitative comparison of OCF on the OIMHS dataset.
Table S6. Comparison of model complexity and inference effi-
ciency in terms of parameters, FLOPs, and throughput.
Method Source | Params | | FLOPs | | Throughput 1
3D U-Net MICCAI2016 | 575M | 135.88G | 75.29 samples/s
V-Net 3DV 2016 4561 M | 331.10G | 38.65 samples/s
3D UX-Net ICLR 2023 53.00M | 631.76 G | 18.83 samples/s
UNETR WACYV 2022 92.62M 82.58 G 58.96 samples/s Dice versus Params
SwinUNETR | MICCAI2022 | 61.99M | 329.46G | 20.35 samples/s 90+ *Ours
nnFormer TIP 2023 149.10M | 22436G 52.60 samples/s SeaMatnb
MedNeXt MICCAI2023 | 11.64M | 174.10G | 9.79 samples/s ghlainba
SegFormer3D | CVPR2024 | 449M | 497G | 231.09 samples/s . vsmtans NesT
@ 3D U-Net SWIinUNETR
SegMamba MICCAI 2024 | 6424 M 655.62 G 19.04 samples/s 3D UX-Net
UNesT MedIA 2023 | 84.88M | 258.11G | 39.78 samples/s MedNext
SwinSMT MICCAI2024 | 1551 M | 8371G | 28.91 samples/s ~ © SwinsMT
VSmTrans | MedIA 2024 | 49.86M | 358.89G | 15.92 samples/s € 86| SuperLighthet
SegTom JBHI 2025 3.85M 4971 G 35.40 samples/s g
nnWNet CVPR2025 | 52.23M | 64826G | 11.97 samples/s a
SuperLightNet CVPR 2025 2.75M 1952G 37.20 samples/s 84
DiffUNet MedIA 2025 | 178.12M | 6333.85G | 13.62 samples/s
HiPaSNet Nat.Com 2025 | 640M | 123.58G | 69.09 samples/s @ NETR
CROWn (Ours) - 2378 M 199.58 G 27.70 samples/s 24
nnFormer|
) 0 20 40 60 80 100 120 140
provided as SegTHOR (Table S7), FLARE2022 (Table Params (M)

(S8), SKI10 (Table S9), FeTA2021 (Table S10), OIMHS
(Table S11), MSD BRATS Tumour (Table S12), MSD
Lung Tumour (Table S13), MSD Pancreas Tumour (Table
S14), MSD Spleen (Table S15), MSD Colon Cancer (Ta-
ble S16), HOCMvalvesSeg (Table S17), CrossMoDA2021
(Table S18), SLIVERO7 (Table S19), COVID-19 CT Seg
(Table S20), FLARE2021 (Table S21).

Figure S5. Dice is plotted against model size (Params, M) for rep-
resentative 3D segmentation methods trained and evaluated under
the same protocol.



Table S7. Results on the SegTHOR dataset. The best performance is highlighted in red , and the second best is in blue.

Method ‘ Source ‘ Average

\ \ ToU Dice ASSD HD95 Adj-Rand

3D U-Net [2] MICCAI 2016 | 83.46+3.27 90.66+2.20 1.65+1.09 2.874+0.71 90.62+2.21
V-Net [7] 3DV 2016 82.35+£3.29 89.96+2.21 0.92+0.14 3.024+0.73 89.924+2.22
3D UX-Net [5] ICLR 2023 83.36+2.85 90.66+1.87 0.91+0.11 3.214+0.77 90.61+1.87
UNETR [4] WACYV 2022 | 80.25+3.48 88.594+2.42 1.11+0.23 3.83+1.16 88.54+2.42
SwinUNETR [3] MICCAI 2022 | 83.14+3.73 90.43£2.58 1.10+0.23 3.164+0.96 90.38+2.58
nnFormer [16] TIP 2023 77.90+4.36 86.95+3.35 1.24+0.23 4.25+1.16 86.89+3.35
MedNeXt [11] MICCAI 2023 | 81.824+3.38 89.594+2.36 1.08+0.29 3.90+1.73 89.54+2.36
SegFormer3D [9] CVPR 2024 78.66+4.22 87.514+3.15 1.1840.26 4.30+1.64 87.46+3.15
SegMamba [12] MICCAI 2024 | 83.644+3.14 90.784+2.09 1.20+0.57 2.97+0.91 90.74+2.09
UNesT [15] MedIA 2023 | 83.384+2.87 90.62+191 1.214+0.47 2.94+0.64 90.58+1.91
SwinSMT [10] MICCAI 2024 | 82.944+3.37 90.364+2.27 1.06+0.22 3.24+0.93 90.31+2.28
VSmTrans [6] MedIA 2024 | 82.854+3.26 90.34+2.12 0.96+0.12 3.09£0.81 90.30+2.12
SegTom|[8] JBHI 2025 81.77+£3.48 89.59+2.37 1.134+0.53 3.294+0.73 89.5442.38
nnWNet [17] CVPR 2025 82.73+2.92 90.25£1.93 0.90+0.12 3.03£0.62 90.20+1.93
SuperLightNet [14] CVPR 2025 82.68+3.82 90.15+2.57 1.034+0.23 3.03+0.77 90.114+2.57
DiffUNet [13] MedIA 2025 | 83.49+3.07 90.72+2.00 0.894+0.13 2.96+0.71 90.67+2.00
HiPaSNet [1] Nat.Com 2025 | 82.55+£3.23 90.154+2.16 0.96+0.22 3.244+1.15 90.11+2.16
Ours - 84.05£3.05 91.05£1.99 0.84+0.19 2.86+0.92 91.0041.99

Table S8. Results on the FLARE2022 dataset. The best performance is highlighted in red, and the second best is in blue.

Method Source ‘ Average
\ IoU Dice ASSD HD95 Adj-Rand

3D U-Net [2] MICCAI 2016 | 80.17+£8.88 87.87+6.79 2.40£1.71 10.98+12.35 87.81+6.81
V-Net [7] 3DV 2016 71.20+9.55 80.77+£8.37 8.00£2.80 45.664+17.83  80.69+8.39

3D UX-Net [5] ICLR 2023 80.4449.21 87.984+£6.94 1.69+1.05 6.32+5.55 87.924+6.97
UNETR [4] WACV 2022 | 73.74+10.58 82.83+£9.16 2.64+1.72 13.68+8.04 82.75+9.18
SwinUNETR [3] MICCAI 2022 | 80.5749.22 88.18+6.90 2.69+2.67 12.76+£13.00 88.12+6.93
nnFormer [16] TIP 2023 71.55+10.00 81.32+£8.68 3.39+1.32 18.804+10.18 81.23+8.71
MedNeXt [11] MICCAI 2023 | 78.57+9.49 86.83+7.20 1.75£0.99 6.554+6.02 86.76+7.22
SegFormer3D [9] CVPR 2024 71.51£11.84 80.99+10.59 3.65+£2.07 22.504+14.62 80.91£10.62
SegMamba [12] MICCAI 2024 | 81.58+8.79 88.86+6.57 1.89+1.71 9.21£10.46 88.80+6.59
UNesT [15] MedIA 2023 80.58+7.72 88.31+5.55 2.16+1.40 8.371+8.84 88.254+5.57
SwinSMT [10] MICCAI 2024 | 78.63+9.85 86.65+8.04 3.56+£1.58 15.83+11.76 86.59+£8.06
VSmTrans [6] MedIA 2024 80.66+7.93 88.17+6.07 2.21£1.25 6.77+6.87 88.114+6.09
SegTom[§] JBHI 2025 75.41+£10.53  84.29+8.54 2.50+1.54 10.134+7.54 84.224+8.56
nnWNet [17] CVPR 2025 69.60£16.37 78.69+15.73 - - 78.58+15.73
SuperLightNet [14] CVPR 2025 78.2549.58 86.51+7.58 2.72+£1.44 15.384+11.60 86.45+7.61
DiffUNet [13] MedIA 2025 81.4446.74 88.924+4.83 2.31£1.17 11.53£10.07 88.87+4.85
HiPaSNet [1] Nat.Com 2025 | 77.614+10.17  85.95£8.27 2.394+1.57 12.62+11.03 85.894+8.29
Ours - 82.65+7.20 89.764+5.03 1.17£096  4.30+4.93 89.7045.04




Table S9. Results on the SKI10 dataset. The best performance is highlighted in red, and the second best is in blue.

Method Source Average
IoU Dice ASSD HD95 Adj-Rand

3D U-Net [2] MICCAI 2016 | 78.46+4.29 86.73+3.23  0.94+0.40 3.5142.24 86.19+3.41
V-Net [7] 3DV 2016 38.184+29.99 46.62+33.26 - - 43.39434.88

3D UX-Net [5] ICLR 2023 78.05+8.49 86.31+£7.03  0.9540.68 3.42+2.58 85.74+7.47
UNETR [4] WACYV 2022 76.46+£6.45 85.25+5.06 1.20£1.25 4.721+6.05 84.61+5.46
SwinUNETR [3] MICCAI 2022 | 77.534+9.61 85.844+8.47 1.14+1.35 4.18+5.03 85.26+8.81
nnFormer [16] TIP 2023 76.524+4.71 85.2943.64  1.0840.67 4.13+4.15 84.67+3.91
MedNeXt [11] MICCAI 2023 | 78.67+4.75 86.87+3.50 0.93+0.46 3.41+1.88 86.34+3.71
SegFormer3D [9] CVPR 2024 69.54+£14.65 79.30+£15.12 - - 78.42415.21
SegMamba [12] MICCAI 2024 | 78.424+5.91 86.70+4.31  0.9940.74 3.43+2.73 86.131+4.74
UNesT [15] MedIA 2023 78.25+4.60 86.54+3.61 0.94+0.52 3.41+£2.21 85.9943.83
SwinSMT [10] MICCAI 2024 | 77.78+7.54 86.16+£5.95 1.03+0.84 3.8143.21 85.58+6.44
VSmTrans [6] MedIA 2024 | 73.494+12.58 82.53+11.47 2.96+4.79 12.06+18.97 81.77+12.19
SegTom[§] JBHI 2025 78.491+3.79 86.744+2.89  0.8940.26 3.26+1.28 86.234+3.01
nnWNet [17] CVPR 2025 43.29429.74 51.88+32.98 - - 50.38+33.04
SuperLightNet [14] CVPR 2025 78.26£6.53 86.58+4.89  0.96£0.75 3.4842.73 85.99+5.36
DiffUNet [13] MedIA 2025 79.03+4.45 87.13+£3.37  0.8740.38 3.11+1.83 86.6243.55
HiPaSNet [1] Nat.Com 2025 | 77.47+6.96 85.98+5.54  1.10£0.97 4.26+4.39 85.384+5.94
Ours - 79.16+4.24 87.264+3.15 0.8540.32 3.12+1.61 86.754+3.33

Table S10. Results on the FeTA2021 dataset. The best performance is highlighted in red, and the second best is in blue.

Method Source Average

ToU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 78.5443.12 87.794+2.04 093+0.12 2.41£0.34 87.39+1.96
V-Net [7] 3DV 2016 48.65+13.35 62.54+14.36 - - 61.63+14.75
3D UX-Net [5] ICLR 2023 78.70+£2.91 87.90+1.89 091£0.09 2.33+0.31 87.50+1.82
UNETR [4] WACYV 2022 77.414£3.59 86.99+2.50 0.9740.16 2.584+0.76  86.55+2.47
SwinUNETR [3] MICCAI 2022 | 78.25+£3.31 87.58+£2.20 0.93+0.12 2.474+0.64 87.16%+2.15
nnFormer [16] TIP 2023 78.38+2.71 87.70£1.75 0.92+0.08 2.384+0.34 87.30%+1.67
MedNeXt [11] MICCAI 2023 | 78.7842.77 87.954+1.79 0.90£0.07 2.32£0.25 87.55+1.70
SegFormer3D [9] CVPR 2024 76.38+2.54 86.384+1.72 1.01£0.06 2.58+£0.26 85.94+1.64
SegMamba [12] MICCAI 2024 | 78.96+2.85 88.08+£1.83 0.90+0.09 2.2940.28 87.67+1.76
UNesT [15] MedIA 2023 78.82+2.67 87.99+1.71 091£0.08 2.324+0.28 87.59+1.62
SwinSMT [10] MICCAI 2024 | 77.9543.53 87.36t£2.46 0.95+0.14 2.524+0.73 86.944+2.43
VSmTrans [6] MedIA 2024 75.90+3.13 86.064+2.10 1.12+£0.30 2.82£0.62 85.59+2.12
SegTom[§] JBHI 2025 78.71£2.55 87.924+1.64 091£0.07 2.36+£0.26 87.52+1.56
nnWNet [17] CVPR 2025 29.40+17.50 40.65422.26 - - 40.20+22.08
SuperLightNet [14] CVPR 2025 78.234+2.81 87.60+£1.83 0.93+0.08 2.414+0.26 87.194+1.75
DiffUNet [13] MedIA 2025 78.73+3.03 87.92+£198 091£0.08 2.324+0.30 87.52+1.89
HiPaSNet [1] Nat.Com 2025 | 78.71+2.55 87.924+1.64 091£0.07 2.36+£0.26 87.52+1.56
Ours - 79.0442.63 88.13£1.67 0.89£+0.08 2.304+0.29 87.74+1.59




Table S11. Results on the OIMHS dataset. The best performance is highlighted in red, and the second best is in blue.

Method ‘ Source ‘ Average

| | IoU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 87.69+2.79 93.18+1.75 0.54+0.57  291+545  92.64+1.80
V-Net [7] 3DV 2016 | 80.184591 88.26+4.36 1.43+0.65  6.32£5.07  87.18+4.63
3D UX-Net [5] ICLR 2023 | 88.3743.33 93.55+2.13 0.49+0.55 2874544  93.06+2.17
UNETR [4] WACV 2022 | 85.65+4.21 91.85+2.87 1.10£1.03  4.36+7.83  91.23+2.90
SwinUNETR [3] | MICCAI 2022 | 88.15+2.68 93.44+1.66 0.71£0.72  3.34£540  92.94+1.70
nnFormer [16] TIP 2023 | 73.03£6.94 82.274+6.92 322+43.76 19.25+24.63 81.234+6.94
MedNeXt[11] | MICCAI2023 | 87.19£3.81 92.78+2.63 0.45+£0.32  220+1.24  92.27+2.64
SegFormer3D [9] | CVPR2024 | 82.89+4.45 90.02+3.01 0.83+0.55  3.64+524  89.28+3.20
SegMamba [12] | MICCAI 2024 | 88.83+3.32 93.83+2.07 041£040  2.66+4.54  93.37+2.13
UNesT [15] MedIA 2023 | 88.69+2.83 93.76+1.77 0.45+047  2.7245.00  93.27+1.81
SwinSMT [10] | MICCAI 2024 | 88.13+3.39 93.40+2.18 0.7240.72  2.9245.35  92.89+2.23
VSmTrans [6] MedIA 2024 | 88.56+2.63 93.70£1.63 0.68+0.59  2.624+5.10  93.20+1.68
SegTom[8] JBHI 2025 | 85.074+3.64 91.49+246 1204098  5.19+£7.62  90.86+2.49
nnWNet [17] CVPR 2025 | 77.81+6.03 86.82+4.32 3.14+1.67 15.02+16.92 85.36+4.80
SuperLightNet [14] | CVPR2025 | 83.85+£4.43 90.62+3.23 0.66+£0.31  3.50+1.29  89.97+3.24
DiffUNet [13] MedIA 2025 | 88.80+3.04 93.824+1.91 0.55+£0.65 3.77+£7.23  93.34+1.95
HiPaSNet [1] Nat.Com 2025 | 87.50£3.23  93.00+2.15 0.44+0.33  2.83+3.72  92.49+2.17
Ours - 89.41£291 9420+1.79 0431049 255+5.15 93.74+1.84

Table S12. Results on the MSD BRATS Tumour dataset. The best performance is highlighted in red, and the second best is in blue.

Method Source Average

TIoU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 67.244+10.34  78.74+8.70  1.414+2.27 4.934+7.14 78.56+8.74
V-Net [7] 3DV 2016 32.834+27.81 40.71£32.80 - - 40.52+32.71
3D UX-Net [5] ICLR 2023 65.82+11.00 77.654+9.29 1.2440.70 4.73+3.69 77.46+9.34
UNETR [4] WACYV 2022 | 63.05£11.52  75.33+£9.99 1.69£1.55 7.1849.66 75.12+10.04
SwinUNETR [3] MICCAI 2022 | 66.08+t11.26  77.87£9.49 1.37£1.50 5.274+6.29 77.684+9.54
nnFormer [16] TIP 2023 61.65+11.61 74.28+10.47 1.80+1.71 6.69+7.80 74.06+£10.51
MedNeXt [11] MICCAI 2023 | 66.71+£10.63  78.39+£8.92 1.31+1.14 4.904543 78.21£8.96
SegFormer3D [9] CVPR 2024 52.944+16.65 65.44+17.57 - - 65.21+17.59
SegMamba [12] MICCAI 2024 | 67.24+10.79  78.75+£8.88  1.29£1.02 4914528 78.574+8.92
UNesT [15] MedIA 2023 65.41+11.01 77.33£9.52 1.334+0.95 5.18+6.27 77.14+9.56
SwinSMT [10] MICCAI 2024 | 65.044+11.03 77.05+9.41 1.334+0.86 5.254+5.93 76.85+9.45
VSmTrans [6] MedIA 2024 | 60.914+12.42 73.48+10.80 1.924+1.75 8.164+8.92 73.26+£10.86
SegTom[§] JBHI 2025 65.95+10.21  77.70+£8.89 1.42+1.09 5.3545.66 77.51£8.92
nnWNet [17] CVPR 2025 32.27428.66 39.964+33.92 - - 39.774+33.82
SuperLightNet [14] CVPR 2025 67.09+10.07 78.754£8.26  1.28+1.10 4.71+4.47  78.57+8.30
DiffUNet [13] MedIA 2025 67.294+10.33  78.77+8.53 1.414+2.23 4.744+6.87 78.59+8.56
HiPaSNet [1] Nat.Com 2025 | 67.35+£10.25 78.90+8.63 1.30+1.30 4.7945.79 78.72+8.66
Ours - 67.61+10.17 79.07£8.45 1.234+0.77 4.71£3.71 78.89+8.48




Table S13. Results on the MSD Lung Tumour dataset. The best performance is highlighted in red, and the second best is in blue.

Method ‘ Source Average

IoU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 58.93+13.43 73.20+11.41 11.36+14.30 79.68+116.90 73.18+11.43
V-Net [7] 3DV 2016 51.614+23.26 64.29425.07 13.854+35.13 30.44462.55 64.28+25.07
3D UX-Net [5] ICLR 2023 56.76+18.43 70.07+20.29 9.214+8.01 43.94460.34  70.06+20.30
UNETR [4] WACV 2022 | 44.434+22.85 57.72+24.38 28.85+40.47 129.544+121.21 57.71£2.44
SwinUNETR [3] MICCAI 2022 | 59.52+15.58 73.29+13.86 8.18£10.46 51.46+84.56  73.27+13.88
nnFormer [16] TIP 2023 50.01£20.41 63.63+£22.72 12.79+£13.36  49.72+60.00 63.62+22.72
MedNeXt [11] MICCAI2023 | 53.74+18.78 67.39+20.99 12.07+13.57 73.46+84.46 67.38+20.99
SegFormer3D [9] CVPR 2024 39.58+20.10 53.50+£22.58 27.69+28.81 127.71+£117.65 53.49422.58
SegMamba [12] MICCAI 2024 | 57.14+17.32 70.97+16.02 8.744+10.44 44.354+73.87 70.95+16.03
UNesT [15] MedIA 2023 | 57.44+19.21 70.41+21.24 5.0947.06 20.56+35.21 70.40421.24
SwinSMT [10] MICCAI 2024 | 58.88+14.12 73.06+11.96 11.15+11.78 51.99+69.84  73.04+11.98
VSmTrans [6] MedIA 2024 | 58.93+17.21 72.43+16.10 5.8345.68 29.96+£51.58 72.42416.12
SegTom[8] JBHI 2025 55.914+18.99 69.27420.42 8.25+10.88 42.23484.88 69.26+20.43
nnWNet [17] CVPR 2025 51.08+£20.35 64.67+£22.30 11.54+31.79 16.47+37.34 64.66+22.30
SuperLightNet [14] CVPR 2025 53.91+17.36 67.954+18.97 16.39421.55 74.95497.07 67.944+18.98
DiffUNet [13] MedIA 2025 | 57.67+17.45 71.35+16.46 5.06+7.30 20.56+47.81 71.33+16.47
HiPaSNet [1] Nat.Com 2025 | 53.88+19.54 67.33+21.60 11.68+14.22  46.58+66.73 67.32+21.59
Ours - 60.46+£16.90 73.63+16.56 3.514+4.50 14.66+32.83 73.61+16.58

Table S14. Results on the MSD Pancreas Tumour dataset. The best performance is highlighted in red, and the second best is in blue.

Method ‘ Source ‘ Average

| | IoU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 54.14£10.57  67.99+£10.20  4.44+7.15  26.36+66.14 67.94+10.21
V-Net [7] 3DV 2016 | 47.92+11.84 61.59+13.55 - - 61.54+13.56
3D UX-Net [5] ICLR 2023 | 51.53+12.14 642141322 15414+34.82 40.67+82.85 64.16+13.22
UNETR [4] WACV 2022 | 38.80+11.28 51.69+£13.83  8.04+8.09  25.63+23.39 51.63+13.83
SwinUNETR [3] | MICCAI 2022 | 50.39+12.93 63.43£13.73 10.27+14.37 44.79+68.06 63.38+13.73
nnFormer [16] TIP 2023 | 47.83+12.73 60.99+£14.08 9.03+£17.26  24.57+36.53  60.94+14.09
MedNeXt[11] | MICCAI2023 | 53.49+11.19 67.25+11.41 2914236  11.02+£11.57 67.21£11.41
SegFormer3D [9] | CVPR2024 | 46.15+12.05 59.48+13.88 - - 59.43+13.89
SegMamba [12] | MICCAI 2024 | 54.85+13.33 67.69+13.88 5224869  17.674£33.08 67.65+13.89
UNesT [15] MedIA 2023 | 51.40£10.56 65.04+11.47  3.73+4.41  14.17+14.80 64.99+11.47
SwinSMT [10] | MICCAI 2024 | 49.29+12.03  62.67+13.04 10.84+21.30 31.93+61.52 62.62+13.05
VSmTrans [6] MedIA 2024 | 55.094+11.52  68.53£11.36  8.23+10.21  42.56+50.14 68.48+11.36
SegTom[8] JBHI 2025 | 49.38£11.66 62.60+12.52 - - 62.55+12.53
nnWNet [17] CVPR 2025 | 47.78+13.35 60.49+15.19 - - 60.44£15.19
SuperLightNet [14] | CVPR2025 | 53.26+11.34 67.09+11.24  3.5442.96  15.20+21.32 67.04+11.24
DiffUNet [13] MedIA 2025 | 55.27+11.67 68.46+12.15 - - 68.41£12.15
HiPaSNet [ 1] Nat.Com 2025 | 53.09+11.73  66.57+12.62 - - 66.52+12.62
Ours - 56.68£10.95 70.20+10.53  2.86+231  11.72£1433 70.16£10.54




Table S15. Results on the MSD Spleen dataset. The best performance is highlighted in red, and the second best is in blue.

Method ‘ Source ‘ Average

| | IoU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 91.84+1.96 95.74+1.07 03940.17  1.05+0.14  95.71+1.08
V-Net [7] 3DV 2016 | 87.39+3.75 93.23+2.18 243+2.89 17.21£42.09 93.18+2.18
3D UX-Net [5] ICLR 2023 | 91.37+1.69 95.48+0.93 0.42+0.56  1.18+0.34  95.45+0.93
UNETR [4] WACV 2022 | 89.84+3.69 94.61+2.09 1.00£0.86  1.68+1.15  94.57+2.11
SwinUNETR [3] | MICCAI 2022 | 91.48+2.29 95.53£1.26 0.56+£0.41  1.13£0.33  95.50%1.27
nnFormer [16] TIP 2023 83.83+£2.36  91.19£1.38  9.40£7.75 68.29+£86.54 91.31+1.40
MedNeXt [11] | MICCAI2023 | 90.66+1.72  95.094+0.95 0.55+0.22 1234034  95.06+0.95
SegFormer3D [9] | CVPR2024 | 76.68+10.31 86.37+£7.33 1.56+1.56  4.67+5.54  86.2947.37
SegMamba [12] | MICCAI 2024 | 92.38+149 96.03+0.81 0.88+1.15  1.184034  96.00+0.82
UNesT [15] MedIA 2023 | 91.84£1.74  95.74£0.95 0.40£0.15  1.10£0.18  95.714+0.96
SwinSMT [10] | MICCAI 2024 | 90.73+2.07 95.13+1.15 0.64+043  1.14+£026  95.09£1.16
VSmTrans [6] MedIA 2024 | 91.96£2.71 95794149 0.94+1.19  5.79+£1229  95.76+1.51
SegTom|[8] JBHI2025 | 91.03+3.14 9528+1.74 243+3.79 17.65+43.14 9524+1.75
nnWNet [17] CVPR2025 | 90.31£5.19 95.12£1.99 0.49+0.33  1.66+£1.22  94.79+3.95
SuperLightNet [14] | CVPR2025 | 91.104247 9532+136 0544026 123+0.34  95.29+1.38
DiffUNet [13] MedIA 2025 | 92.09+£2.36  95.86+1.30 0.62+0.39  1.13£0.33  95.84+1.31
HiPaSNet [1] Nat.Com 2025 | 91.62+2.40 95.61+1.31 0.83+0.76  1.27+0.38  95.5841.32
Ours - 92.65£2.40 96.17+131 0434£030 1.184034  96.14+1.32

Table S16. Results on the MSD Colon Cancer dataset. The best performance is highlighted in red, and the second best is in blue.

Method Source Average

TIoU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 42.90+23.74 55.69+26.44 25.71+31.55 96.14+81.80 55.65+26.44
V-Net [7] 3DV 2016 23.594+19.63 34.004+26.35 38.26424.18 145.65+63.06 33.96426.33
3D UX-Net [5] ICLR 2023 30.23+22.64 41.40+£28.96 26.48+32.22 88.661+93.75 41.37428.95
UNETR [4] WACYV 2022 18.91+£17.25 28.35423.94 38.09439.65 127.05+£70.47 28.31+23.93
SwinUNETR [3] MICCAI2022 | 33.84+21.32 46.41+26.36 31.69+37.44 130.484+120.22 46.38426.36
nnFormer [16] TIP 2023 19.31£15.06 29.95+19.35 72.48+£29.75 214.26+66.76 29.894+19.34
MedNeXt [11] MICCAI 2023 | 33.75420.92 46.35£26.53 21.50+35.71 63.54+69.98 46.33+£26.52
SegFormer3D [9] CVPR 2024 30.46+£21.18 42.43+£26.46 26.34+35.44 71.79+75.77 42.40426.46
SegMamba [12] MICCAI 2024 | 38.99420.36 52.61+24.08 22.93+29.98 95.38+81.48 52.57+24.07
UNesT [15] MedIA 2023 | 39.03£25.08 50.76+£30.01 19.44+24.82 63.78+69.03 50.74+30.00
SwinSMT [10] MICCAI 2024 | 35.034+23.68 46.94428.32 28.114+38.70 97.71£87.12 46.914+28.32
VSmTrans [6] MedIA 2024 | 41.26£22.21 54.56+£24.78 25.07+36.08 85.15+84.91 54.52+24.79
SegTom[8] JBHI 2025 36.60+£23.26 48.96+27.44 28.11£35.00 105.63+79.79 48.93427.43
nnWNet [17] CVPR 2025 27.04+22.84 37.81£26.81 31.77+49.46 99.94+85.01 37.78+26.80
SuperLightNet [14] CVPR 2025 35.64+20.68 48.774+25.03 22.23429.88 84.79+78.87 48.74+£25.03
DiffUNet [13] MedIA 2025 39.52+23.14 52.41+£25.77 23.63+26.46 91.94+80.88 52.38+25.76
HiPaSNet [1] Nat.Com 2025 | 35.33+22.89 47.584+27.62 32.14+34.13  134.454+69.48  47.55+27.62
Ours - 43.80425.25 55.89428.89 25.20437.15 75.99+78.37 55.86+28.89




Table S17. Results on the HOCMvalvesSeg dataset. The best performance is highlighted in red, and the second best is in blue.

Method ‘ Source ‘ Average

| | IoU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 7421+4.62 84.094327 2.77+1.88 11.98+10.19 83.9243.34
V-Net [7] 3DV 2016 | 58.494+894 71.90+£7.29 6.224255 29.67+£12.78 71.56+7.35
3D UX-Net [5] ICLR 2023 | 74.3044.96 84.19+£3.49 2.73+2.09 11.99+£10.49 84.01£3.56
UNETR [4] WACV 2022 | 70.89+5.61 81.63+4.14 3.08£1.99 13.41+10.13  81.42+4.20
SwinUNETR [3] | MICCAI2022 | 73.51+4.45 83.62+3.07 2.84+2.12 12.84+10.55 83.45£3.14
nnFormer [16] TIP2023 | 68.38+5.06 79.89+3.66 3.994£1.90 17.94£10.97 79.66-3.72
MedNeXt[11] | MICCAI2023 | 73.44+4.94 83.53+3.59 2.75£1.67 12.11+10.00 83.35+3.65
SegFormer3D [9] | CVPR2024 | 71.74+4.46 82.48+3.16 3.15+2.08 13.14+£1035 82.27+3.22
SegMamba [12] | MICCAI 2024 | 74.13+£4.70 84.09+3.26 2.66+1.90 11.96+10.23 83.92+3.33
UNesT [15] MedIA 2023 | 73.94+4.78 83.931330 294+2.08 12.48+10.32 83.74+3.38
SwinSMT [10] | MICCAI 2024 | 74.14+4.62 84.06+3.21 2.86+1.84 11.63+£10.01 83.89+3.28
VSmTrans [6] MedIA 2024 | 73.38+5.30 83.45+3.82 3.47+2.18 13.43+11.10 83.2743.89
SegTom[8] JBHI 2025 | 69.59+3.65 80.58+2.67 3.85+£220 14.75£11.03 80.38+2.72
nnWNet [17] CVPR 2025 | 60.94+9.61 73.5149.17 - - 73.1949.25
SuperLightNet [14] | CVPR2025 | 71.18+4.77 81.84+3.45 345+1.81 13.67+10.15 81.64+3.50
DiffUNet [13] MedIA 2025 | 73.96+5.06 83.96+3.55 3.05£2.16 12.48+10.63 83.78+3.62
HiPaSNet [ 1] Nat.Com 2025 | 71.93+£4.70 82.52+3.28 3.84£2.26 14.40+10.96 82.32+3.35
Ours - 74.8414.51 84.63+3.11 2.82+1.82 11.56+10.02 84.46+3.18

Table S18. Results on the CrossMoDA?2021 dataset. The best performance is highlighted in red,

and the second best is in blue.

Method ‘ Source Average

| IoU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 67.95+6.44  79.76+4.65 0574030 1.97+1.19  79.76+4.65
V-Net [7] 3DV 2016 | 68.08+8.40  79.65+7.08 0.69+£0.67  2.10+£2.01  79.64:7.09
3D UX-Net [5] ICLR 2023 | 66.79+£8.80  78.76+£6.61  0.77+0.53  2.60+2.78  78.75+6.62
UNETR [4] WACV 2022 | 61.29+846  7439+722 2344189 10.95+20.60 74.3847.22
SwinUNETR [3] | MICCAI2022 | 69.18£7.09  80.49+5.50 1424152 6.36+18.99  80.49+5.50
nnFormer [16] TIP2023 | 20.00+12.43 26.04:+14.48 - - 26.04+14.48
MedNeXt[11] | MICCAI 2023 | 67.25+822  7893+637 0.58+0.28  1.84+0.96  78.9246.37
SegFormer3D [9] | CVPR2024 | 53.54£9.32  68.00£9.20 1.48+124  3.80+2.66  68.00+9.20
SegMamba [12] | MICCAI 2024 | 67.65+7.02  79.294+5.04 2974801 10.46+36.41  79.28+5.04
UNesT [15] MedIA 2023 | 68.61+7.30  80.15+531 0574036  1.92+1.17  80.1545.32
SwinSMT [10] | MICCAL 2024 | 68.99+6.31  80.40+4.76  1.79+1.99 10.22427.02  80.40+4.77
VSmTrans [6] MedIA 2024 | 67324822  79.20+6.30 3.62+6.40 14.83423.70  79.1946.30
SegTom|[8] JBHI2025 | 67.58+7.36  79.42+531 0724052  1.95£1.16  79.4245.32
nnWNet [17] CVPR2025 | 64524878  76.994+7.54 2.18+3.04 8.65£15.15  76.99+7.55
SuperLightNet [14] | CVPR2025 | 64.09+7.78  76.38+6.28 5.054+4.64 23.96+36.43  76.38+6.28
DiffUNet [13] MedIA 2025 | 68.514+6.66  80.05+4.85 0.55+030  1.80+1.09  80.05+4.85
HiPaSNet [ 1] Nat.Com 2025 | 68.48+6.67  79.99+5.07 1.28+139 9.53+1631  79.994+5.07
Ours - 69.27+6.41  80.65t4.58 0.54+033  1.77£1.15  80.65+4.59




Table S19. Results on the SLIVERO7 dataset. The best performance is highlighted in red, and the second best is in blue.

Method ‘ Source Average

| ToU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 87.46+8.10 93.10£4.70  7.56+7.33  48.23+51.25 92.33+4.99
V-Net [7] 3DV 2016 | 83.03£8.99 90.46+5.42 9.24+7.87 71.60+75.46 89.38+5.71
3D UX-Net [5] ICLR 2023 | 90.62+4.00 95.03+220 4.18+3.13  26.23+23.27 94.42+237
UNETR [4] WACV 2022 | 87.1245.58  93.02+3.22 11.834+8.80 76.41+74.28 92.18+3.37
SwinUNETR [3] | MICCAI 2022 | 91314376 95.4242.07 3.404228 25.15421.77 94.8042.40
nnFormer [16] TIP 2023 86.81+£4.96  92.86+2.89 9.28+7.66  72.59+74.93 92.01+2.93
MedNeXt[11] | MICCAI2023 | 89.88+6.28 94.554+3.60 7.97+9.61 51.30+79.70 93.94+3.74
SegFormer3D [9] | CVPR2024 | 84.40+13.62 90.894+873 7.24+7.94 43.97+£47.23 90.10+9.03
SegMamba [12] | MICCAI 2024 | 91.18+4.46 95334249 3.18+3.40 13.90+16.89 94.80+2.54
UNesT [15] MedIA 2023 | 89.35+5.65 94.28+3.19  4.3443.06 343543442 93.6143.35
SwinSMT [10] | MICCAI 2024 | 89.89+4.38 94.624+2.45 4.14£3.12 282242537 93.9742.56
VSmTrans [6] MedIA 2024 | 91354285 95.46+1.56 4.8442.14 27.07420.48 94.86+1.75
SegTom[8] JBHI2025 | 83.524£12.92 90.43+8.29 9.29+10.00 58.13+65.36 89.51+8.59
nnWNet [17] CVPR 2025 | 82914842 90.42+5.04 11.23£6.67 90.69+66.17 89.28+5.44
SuperLightNet [14] | CVPR2025 | 89.87+420 94.614£2.32 3.95+270 16.95+17.27 93.95+2.48
DiffUNet [13] MedIA 2025 | 90.24+4.63  94.81£2.58 5244504 41.17446.41 94.1942.70
HiPaSNet [1] Nat.Com 2025 | 89.55+6.60 94.35+£3.78  4.3344.20 35.93+38.75 93.744+3.93
Ours - 91.68+322 95.63+1.76 3.78+£2.47 26.45+23.45 95.09+1.85

Table S20. Results on the COVID-19 CT Seg dataset. The best performance is highlighted in red, and the second best is in blue.

Method ‘ Source Average

| IoU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 71.50+15.38 81.92£11.09  8.03+5.99  51.96+46.95 80.60+11.73
V-Net [7] 3DV 2016 8.78+7.95  13.68+11.34 - - 12.29410.68
3D UX-Net [5] ICLR 2023 | 71.44+16.52 81.75+11.98  83946.17  57.31+£4843 80.42+12.67
UNETR [4] WACV 2022 | 62.38+19.78 74.20£15.65  12.06+9.38  61.26+44.32 72.44+16.54
SwinUNETR [3] | MICCAI 2022 | 70.29+15.99 80.97+11.42 14.10+12.10 81.29+64.52 79.51+12.28
nnFormer [16] TIP2023 | 67.52415.95 79.07+£11.38  9.61£8.20  50.66+49.58 77.44+12.33
MedNeXt[11] | MICCAI2023 | 70.06+17.69 80.55+13.38  7.51+5.72  34.54429.85 79.15+14.03
SegFormer3D [9] | CVPR2024 | 49.0743327 57.82431.83  9.42+7.55  36.17+35.53 56.194+32.85
SegMamba [12] | MICCAI 2024 | 71.73+17.34 81.84+12.74  7.05+5.74  49.95+46.51 80.53+13.40
UNesT [15] MedIA 2023 | 69.81+17.42 80.39+£13.03  8.35+6.39  45.62+45.24 79.00+13.72
SwinSMT [10] | MICCAI 2024 | 68.81£17.64 79.55+13.25  8.09+6.37  46.39+46.13 78.13+13.97
VSmTrans [6] MedIA 2024 | 64.31+18.80 75.53£15.00 13.64+6.70  81.06+54.27 74.02+15.73
SegTom(8] JBHI 2025 | 62.88+17.83 74.49+14.08 14.07£11.28 67.64+61.43 72.91+14.88
nnWNet [17] CVPR 2025 | 12.23£12.23 17.98+17.99 - - 16.49416.51
SuperLightNet [14] | CVPR2025 | 72.62+13.88 82.87+9.94 5714251  36.32£17.91 81.64+10.44
DiffUNet [13] MedIA 2025 | 71.09+£15.31 81.63+11.02  9.46+5.94  60.21+39.48 80.27+11.71
HiPaSNet [1] Nat.Com 2025 | 70.54+1338  81.4349.65  6.24+4.44  37.47+34.50 80.09+10.18
Ours - 73.91£15.05 83.75+10.61 6394510 325042922 82.51£11.22




Table S21. Results on the FLARE2021 dataset. The best performance is highlighted in red, and the second best is in blue.

Method | Source | Average

| | IoU Dice ASSD HD95 Adj-Rand
3D U-Net [2] MICCAI 2016 | 88.67+2.68  93.50+1.86 127+1.84 581+1400  93.39+1.88
V-Net [7] 3DV 2016 | 77.00£10.28 ~ 85.124+8.59  3.5242.99 14.59+13.82  84.87+8.72
3D UX-Net [5] ICLR2023 | 88.97+297  93.66+2.11 1.21£125 4.47+820  93.55+2.13
UNETR [4] WACV 2022 | 85.88+3.67  91.52+2.80 1574145 6.24+8.69  91.3942.82
SwinUNETR [3] | MICCAI2022 | 88.84+2.73  93.61+£1.85 127+121 5224675  93.50+1.88
nnFormer [16] TIP 2023 79.86+£7.05  86.50+£6.70 3.99+7.69 11.61+£9.83  86.32+6.78
MedNeXt[11] | MICCAI 2023 | 89.274+2.44  9391+1.63 0.89+0.55  2.33+0.94  93.81+1.65
SegFormer3D [9] | CVPR2024 | 85.87£3.17  91.83+£2.28 1.86+2.22 893+17.30  91.68+2.30
SegMamba [12] | MICCAI 2024 | 89.024+2.65  93.73+1.80 1514197 8.53+£1547  93.6241.82
UNesT [15] MedIA 2023 | 89.28+2.57  93.90+1.74 0.7740.44 250131  93.80%1.76
SwinSMT [10] | MICCAL 2024 | 88.66+2.37  93.56+1.51 1.12+0.85 3254238  93.44+1.55
VSmTrans [6] MedIA 2024 | 88.25+3.55  93.17+2.52 4.46+827 19.65+3421 93.054+2.57
SegTom([8] JBHI 2025 | 87.66+2.72  92.88+1.89  0.87+0.39  2.94+1.30  92.75+1.91
nnWNet [17] CVPR 2025 | 69.50+12.97 77.53+11.87 6.98+4.99 29.30+18.63 77.24+12.01
SuperLightNet [14] | CVPR2025 | 86.91+3.06  9230+2.19 1.70£1.67 8.34+20.88  92.1742.22
DiffUNet [13] MedIA 2025 | 88714238  93.59+1.49 126+1.01  4.8049.01  93.48+1.53
HiPaSNet [1] Nat.Com 2025 | 88.85+3.09  93.59+2.20 0.90+0.41 2444114 93494223
Ours - 89.33£1.70  94.00+£1.06 130+1.79 5354952  93.90+1.08
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Figure S6. Dice is plotted against model compute (FLOPs, G)
for representative 3D segmentation methods trained and evaluated

under the same protocol.
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Figure S7. HD9S is plotted against model size (Params, M) for
representative 3D segmentation methods trained and evaluated un-

der the same protocol.
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