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Abstract

Weakly supervised semantic segmentation offers a label-efficient solution to train segmen-
tation models for volumetric medical imaging. However, existing approaches often rely
on 2D encoders that neglect the inherent volumetric nature of the data. We propose
TranSamba, a hybrid Transformer-Mamba architecture designed to capture 3D context
for weakly supervised volumetric medical segmentation. TranSamba augments a standard
Vision Transformer backbone with Cross-Plane Mamba blocks, which leverage the lin-
ear complexity of state space models for efficient information exchange across neighboring
slices. The information exchange enhances the pairwise self-attention within slices com-
puted by the Transformer blocks, directly contributing to the attention maps for object
localization. TranSamba achieves effective volumetric modeling with time complexity that
scales linearly with the input volume depth and maintains constant memory usage for
batch processing. Extensive experiments on three datasets demonstrate that TranSamba
establishes new state-of-the-art performance, consistently outperforming existing methods
across diverse modalities and pathologies. Our source code and trained models are openly
accessible at: https://github.com/YihengLyu/TranSamba.

Keywords: Computed tomography, magnetic resonance imaging, Mamba, medical seg-
mentation, state space model, weakly supervised learning.

1. Introduction

Volumetric medical imaging including computed tomography (CT) and magnetic resonance
imaging (MRI) is acquired by volumetric reconstruction of 3D space, enabling non-invasive
anatomical examination. Image segmentation is important for image-guided intervention
and can be automated with deep learning (Ronneberger et al., 2015). However, model train-
ing generally relies on pixel-level labels, which are labor-intensive to obtain at scale. Weakly
supervised semantic segmentation (WSSS) offers a label-efficient alternative by training seg-
mentation models with weak labels that are less expensive to obtain. A common WSSS
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strategy uses class activation maps (CAMs) (Zhou et al., 2016), which are extracted from
trained classification models and encode the localization information of discriminative re-
gions that drive model decision-making. WSSS is crucial for volumetric medical imaging, as
obtaining voxel-level labels requires significant expertise and is exceptionally costly. Mean-
while, obtaining slice-level labels for an anatomical object can be simplified to identifying
only its first and last slices, which is highly cost-effective.

However, CT and MRI have domain-specific characteristics that make CAM-based ob-
ject localization challenging. Research in weakly supervised medical segmentation' has
sought to address these challenges, for example, through multi-scale fusion to improve low-
resolution CAMs (Ma et al., 2020; Chen et al., 2023b; Fu et al., 2023), using self-supervision
to bridge the slice-to-voxel gap (Tang et al., 2021a; Kuang et al., 2023; Lyu et al., 2024), and
leveraging domain-prior constraints (Chen et al., 2022; Li et al., 2022; Chen et al., 2023a).
Nevertheless, the volumetric nature, which makes CT and MRI fundamentally distinct from
natural images, remains largely underexplored in WSSS based on slice-level labels.

With voxel-level labels, volumetric modeling can be achieved with 3D encoders (Milletari
et al., 2016) in a fully supervised manner. However, two factors favor 2D encoders in weakly
supervised settings. First, only 2D encoders can make predictions from individual slices
that align directly with slice-level labels. Second, 2D encoders like the Vision Transformer
(ViT) (Dosovitskiy, 2020) show strong transferability when pre-trained. Specifically, class-
to-patch (C2P) attention, the pairwise self-attention (SA) (Vaswani et al., 2017) between
class and patch tokens, has proven effective for object localization in WSSS (Xu et al., 2022,
2024). Here, we term the SA between the class and patch tokens from a single 2D image
or slice as in-plane SA. Only in-plane SA can be learned using a 2D ViT encoder. The
interactions between tokens across multiple neighboring planes, which we term cross-plane
interactions, complement in-plane SA. To achieve volumetric modeling with a 2D encoder,
cross-plane interactions must be integrated with in-plane SA.

However, the quadratic-time computation of SA makes it inefficient for cross-plane mod-
eling. The time complexity of cross-plane SA across N planes is N? times its in-plane coun-
terpart. With limited computational resources, computing cross-plane SA can easily lead
to out-of-memory issues. Built on a structured state space model (SSM), the Mamba ar-
chitecture (Gu and Dao, 2024) achieves linear-time scaling with respect to sequence length
by incorporating a selective mechanism that dynamically filters input tokens based on their
relevance. Because of its computational efficiency, Mamba has been introduced to computer
vision (Zhu et al., 2024; Liu et al., 2024c). In medical imaging, the applications of Mamba?
have proven successful for medical segmentation (Ma et al., 2024; Xing et al., 2024), in-
cluding under weakly supervised settings (Fan et al., 2024). The balanced efficiency and
effectiveness of Mamba make it a promising solution for cross-plane modeling.

To this end, we propose TranSamba, a hybrid TranSformer-Mamba architecture for
cross-plane modeling to enhance weakly supervised volumetric medical segmentation. TranSamba
is built on a ViT encoder and features an intuitive design: each layer of the encoder is aug-
mented with a Cross-Plane Mamba (CPM) block, placed in series with the Transformer
block. The CPM blocks leverage SSM for efficient cross-plane modeling, while the Trans-
former blocks learn in-plane SA. Cross-plane modeling improves the quality of in-plane C2P

1. Related work on weakly supervised medical segmentation is presented in Appendix A.1
2. Related work on Mamba in medical imaging is presented in Appendix A.2
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attention by enriching the information encoded in each token. With the simple addition of
a CPM block per layer, TranSamba achieves accurate object localization via single-stage
training. The main contributions of this paper can be summarized as follows: 1.
We propose TranSamba, a hybrid architecture that combines Transformer for powerful in-
plane SA with Mamba for efficient cross-plane modeling via SSM. 2. The time complexity
of TranSamba scales linearly with the number of planes; for batch processing, the memory
usage remains constant with respect to the number of planes. 3. TranSamba establishes
new state-of-the-art (SOTA) performance on three datasets covering distinct pathologies
and modalities, underscoring the effectiveness of cross-plane modeling for weakly super-
vised volumetric medical segmentation.

2. Methodology

2.1. Overview

An overview of TranSamba is shown in Figure 1. The encoder comprises L hybrid layers;
each layer consists of a CPM block (Section 2.2) in series with a vanilla Transformer block,
with a residual connection applied after the CPM block.

An input volume comprises N planes; each plane is transformed into a sequence of tokens
T/0 e RIXU+M)xD ysing the ViT image-to-sequence transformation, where M denotes the
number of patch tokens per sequence and D denotes the embedding dimension.

In the [-th layer of the encoder, the input to the CPM block is obtained by stacking the
output sequences from the (I — 1)-th layer:

Vi=[[T1)s- - [Tiogw]] (1)
The CPM block performs cross-plane modeling via SSM:
V, = CPM(V)) +V, (2)
The CPM output is reshaped back into N sequences:
len:V;[n,:,:], n=1,...,N (3)
The Transformer block computes in-plane SA via parallelization:
T;vn, A, = Transformer(T;,), n=1,...,N (4)

where A;,, € RUFM)XI+M) denotes the pairwise SA.

During training, the output sequence T’L consists of a class token T%“SS € R™P and M
patch tokens Ti‘mh € RM*D_mdass and TﬁatCh are separately fed into two parallel class
prediction branches of the classification head. The first branch processes the class token
using a global average pooling (GAP) layer:

gclass — GAP(Tcilass) (5)

The second branch processes the patch tokens using a convolutional layer followed by a
global weighted ranking pooling (GWRP) (Kolesnikov and Lampert, 2016) layer:

gPetet = GWRP (Conv(T)"")) (6)
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Figure 1: An overview of TranSamba. The encoder consists of L hybrid layers of CPM
and Transformer blocks. An input volume consists of N planes, each transformed
into a sequence of 1+ M tokens; different shapes represent tokens from different
planes. Upon entering a CPM block, the N sequences are reshaped into a single
sequence and fed into a Mamba block. After cross-plane modeling, the Mamba
output is reshaped back to N sequences, and the Transformer block computes
in-plane SA via parallelization. During training, class scores are computed from
the encoder output. For inference, attention maps are generated from the class-
to-patch attention of the L Transformer blocks.

The binary cross-entropy (BCE) loss between the class scores and the slice-level label is
computed as

L= BCE(QCZGSS, y) + BCE(QPaiEch7 y) (7)

For inference, attention maps are generated by extracting and summing C2P attention
maps from all L Transformer blocks

L
ACP =N A[1,2] (8)
I=1
then reshaping and interpolating them to the original spatial resolution.

2.2. Cross-Plane Mamba

The proposed CPM block, illustrated in Figure 2, comprises a vanilla Mamba (Gu and Dao,
2024) block and two reshaping functions. It accepts an input V € RV X(AH+M)XD comprising
N sequences. Each sequence contains one class token, serving as the global representation
of its corresponding plane, and M patch tokens representing local patches. Cross-plane
modeling is achieved by learning interactions between the M x N patch tokens via the
Mamba block.

The N class tokens are first separated from the N x M patch tokens and excluded
from the Mamba block. The N x M patch tokens are reshaped into a single sequence
x € RIMxN)XD - Mamba employs a selection mechanism for data-dependent, non-pairwise
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Figure 2: The CPM block comprises a vanilla Mamba block and two reshaping functions.
The N x M patch tokens are separated from class tokens and reshaped into a
single sequence of length M x N, arranged such that neighboring tokens originate
from different planes. Consequently, cross-plane modeling is achieved by learning
interactions between the M x N tokens via SSM. The Mamba output is reshaped
back into N sequences, each concatenated with its corresponding class token.

computation. This reshaping ensures that neighboring patch tokens originate from different
planes, thereby prioritizing their interactions during cross-plane modeling:

x = Mamba(x) 9)

The sequence x exiting the Mamba block is reshaped back into N parallel sequences, each
consisting of M patch tokens and concatenated with its corresponding class token to form
the input for the subsequent Transformer block.

The linear-time computation of Mamba ensures efficient learning of interactions between
M x N tokens. Replacing SSM with SA for cross-plane modeling would significantly increase
computational complexity, as detailed in Section 2.3.

Table 1: Batch size, sequence length, and computational complexity of in-plane and cross-
plane modeling with SA or SSM. TranSamba settings are marked in [gray .

In-Plane Cross-Plane
Sequence Length M MN
Batch Size B %
Time Complexity
SA 4MD? + 2M*D 4MND? +2M?*N?D
SSM 128M D 128M ND
Space Complexity
SA B(4MD? + 2M?D) %(4]\/]]\'D2 +2M2N%D)
SSM B(128MD) %(IQSMND)
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2.3. Computational Complexity Analysis

Given a sequence T € R XD “the time complexity of global modeling with SA is 4LD? +
2L2D; with SSM, when the expanded state dimension and the fixed parameter are set to
2D and 16 by default, the time complexity of global modeling is 128 LD (Zhu et al., 2024).
Time Complexity. For a volume comprising N planes, the effective sequence lengths
of in-plane and cross-plane modeling are M and M N (Table 1). With the series arrangement
of the CPM block and the Transformer block in a TranSamba layer, the time complexity

128M ND + 4M D? 4+ 2M?D (10)

scales linearly with N. Replacing SSM with SA for cross-plane modeling would increase the
time complexity, which scales quadratically with N:

AMND? + 2M*N?D + 4M D? + 2M*D (11)

Space Complexity. For a batch of B planes composed of % volumes with N planes
per volume, the effective batch sizes of in-plane and cross-plane modeling are B and %
(Table 1). The space complexity of TranSamba

B
B(4MD? +2M*D) + ~ (128MND) (12)

is independent of N. Replacing SSM with SA for cross-plane modeling would cause the
space complexity to increase with N:

B
B(4MD? +2M*D) + N(4MND2 + 2M?N?D) (13)

3. Experiments

3.1. Experimental Settings

Detailed experimental settings are presented in Appendix B.

Datasets. TranSamba is evaluated on three datasets: brain tumor segmentation (BraTs)
(Menze et al., 2014; Bakas et al., 2017, 2018), kidney tumor segmentation (KiTS) (Heller
et al., 2021), and left atrium segmentation challenge (LASC) (Xiong et al., 2021), compris-
ing 484, 489, and 154 volumetric images, respectively. For each dataset, 100 volumetric
images are held out for testing; the remaining images utilize an 80/20 training/validation
split.

Evaluation. The 3D mean Dice similarity coefficient (DSC), 3D mean 95th percentile
Hausdorff distance (HD), and 2D mean intersection-over-union (IoU) are used for evaluation.
Ablation study results are reported on the validation set, while comparison with SOTA is
reported on the test set.

Implementation. TranSamba is built on the DeiT-S (Touvron et al., 2021) pre-trained
on ImageNet (Deng et al., 2009); the CPM blocks employ randomly initialized vanilla
Mamba (Gu and Dao, 2024) blocks. Only slice-level labels are used for model training. For
inference, the attention maps are generated in a single-stage manner.
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Figure 3: Qualitative results of ablation study on the effect of cross-plane modeling.

3.2. Ablation Studies

Ablation studies are conducted on the 1. effect of cross-plane modeling, 2. number of
planes, 3. hybrid layer design (Appendix C.1), and 4. in-plane modeling methods (Ap-
pendix C.2).

Effect of Cross-Plane Modeling. We compare TranSamba with variants without
Mamba blocks for cross-plane modeling, presenting quantitative results in Table 2. V3,
representing TranSamba, achieves the highest performance across all datasets and evalua-
tion metrics. V3 outperforms V1, a ViT-only baseline, by margins of 13.9%, 3.5 ¢cm, and
9.7% in DSC, HD, and IoU averaged across datasets, respectively. To demonstrate that this

Table 2: Ablation study on the effect of cross-plane modeling. Variant performance is
reported in DSC (%, 1), HD (cm, |), and IoU (%, 1). The highest performance is
marked in bold, and the TranSamba variant is marked in [gray .

Variant Mamba Memory  #params. BraT$S KiTS LASC
(GB) (M) DSC HD 1IoU | DSC HD 1IoU | DSC HD IoU
Vi - 13.0 21.7 40.7 56 288 | 158 174 20.1 | 335 104 204
A\ in-plane 17.6 33.3 419 51 282 | 195 16.6 24.7 | 38.1 10.7 243
V3 cross-plane 17.3 33.3 60.7 4.6 44.2 | 25.1 15.2 24.9 45.9 3.2 293
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improvement does not result simply from scaling computational and model complexity, we
introduce V2, comprising alternating Mamba and Transformer blocks similar to TranSamba.
The Mamba blocks of V2 are equivalent to the forward branch in Vision Mamba (ViM) (Zhu
et al., 2024), performing in-plane modeling alongside the Transformer blocks. Compared to
V1, performance improves by incorporating additional Mamba blocks for in-plane modeling,
particularly on the KiTS and LASC datasets. However, compared to V3, which shares the
same model complexity but is marginally more efficient, the improvement attained by V2 is
significantly lower. This suggests that the performance improvement of V3 primarily stems
from information exchange between tokens from multiple neighboring planes rather than
merely adding Mamba blocks. Qualitative comparisons of V1, V2, and V3 are presented
in Figure 3. In the BraTS§S case, the tumor exhibits moderate contrast with normal brain
tissue; both V1 and V2 attend to the entire brain area. With cross-plane modeling, V3
significantly reduces attention to normal brain tissue, thereby decreasing the false positive
area. Similarly, in the LASC case, the contrast between the LA and other cardiac sub-
structures is moderate. V1 localizes a large area covering the whole heart with moderate
attention, while V2 attends more strongly to the LA but also to other substructures. In
comparison, V3 focuses on the LA with significantly lower attention to the aorta and right
ventricle, successfully avoiding most of them in the segmentation mask. In the KiTS case,
the tumor attached to the right kidney is small. V1 attends to large background areas,
including a section of the left kidney. Both V2 and V3 pinpoint the small tumor, with V3
yielding a marginally smaller false positive area. The superior quantitative and qualitative
performance of V3 validates the effectiveness of cross-plane modeling.

Number of Planes. We evaluate the model performance when varying the number
of planes per input volume, NN, presenting quantitative results in Table 3. Regardless of
N, incorporating cross-plane modeling consistently improves performance compared to in-
plane-only baselines (Table 2). This demonstrates the robustness of cross-plane modeling
to varying plane counts. By default, a TranSamba input volume comprises 16 planes. This
default setting outperforms configurations with multiples of 16 planes across all datasets
and metrics, excluding IoU on KiTS. This indicates that information exchange across neigh-
boring planes is more beneficial than global information exchange.

Table 3: Ablation study on the number of planes. Performance is reported in DSC (%, 1),
HD (cm, }), and IoU (%, 1). The highest performance is marked in bold, and the
default setting for TranSamba is marked in [gray . NA: Number of planes exceeds
the minimal slice count of the dataset; implementation not applicable.

BraT$S KiTS LASC
DSC HD IoU | DSC HD IoU | DSC HD IoU
128 576 50 436 | NA NA NA | NA NA NA
64 55.1 5.1 41.8 | 200 174 248 | NA NA NA
32 53.7 53 40.8 | 223 16.1 27.7 | 40.8 3.7 249
16 60.7 4.6 44.2 | 25.1 15.2 249 45.9 3.2 29.3

#planes
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3.3. Comparison with State-of-the-Art

We compare TranSamba with SOTA methods for object localization and medical segmen-
tation using slice-level labels. The selected methods are commonly used for comparison in
related work and feature open implementation (Gildenblat and contributors, 2021). More-
over, these methods are not designed to model characteristics unique to a single type of
anatomical object, ensuring generalizability across different pathologies.

The quantitative comparison with SOTA methods is presented in Table 4. TranSamba
achieves the highest performance across all datasets and evaluation metrics, except for
HD on the BraTS and KiTS datasets, where it ranks second. TranSamba outperforms
the second-highest performer for each dataset by margins of 5.3% and 2.6% in DSC and
ToU, averaged across datasets, respectively. Overall, TranSamba achieves the highest mean
rank of 1.2 across datasets and metrics, demonstrating its superiority in weakly supervised
volumetric medical segmentation.

TranSamba also demonstrates robustness in generalizing across datasets, being the only
method consistently ranking in the top 50% across all datasets and metrics. All other
methods fail to do so on at least one dataset. Grad-CAM (Selvaraju et al., 2017), FullGrad
(Srinivas and Fleuret, 2019), and LayerCAM (Jiang et al., 2021) are general methods for
object localization. Grad-CAM and LayerCAM perform well only on the BraTS and KiTS
datasets, respectively, while FullGrad fails on the BraTS dataset despite performing well on
the other two. AME-CAM (Chen et al., 2023b) and IAT (Lyu et al., 2024) were proposed
for brain tumor segmentation. However, AME-CAM performs well only on the BraTS
dataset, while IAT fails on the KiTS dataset. This robustness indicates that TranSamba
successfully employs cross-plane modeling, a characteristic generalizable across pathologies
and modalities, whereas other SOTA methods fail.

For each dataset, the qualitative results of the methods achieving the top-3 IoU are
presented in Figure 4; a comprehensive qualitative comparison is provided in Appendix D.
In the BraTS case, IAT and AME-CAM underestimate and overestimate the tumor area,
respectively. In the KiTS case, FullGrad localizes a large area encompassing the tumor.

Table 4: Quantitative comparison with SOTA. Performance is reported in DSC (%, 1), HD
(cm, }), and IoU (%, 1). For each metric, results are reported as value (rank). The
mean rank of each method is averaged across all datasets and metrics. The highest,
second, and third highest performance is marked in bold, italic, and underlined,

respectively.
Mean BraTS KiTS LASC
Method Backbone  poke | Dsc HD ToU DSC HD ToU DSC HD IoU
XGrad-CAM (Fu ot al., 2020) DaT-S 93 [112(11) 65(10) 65 (11) | 32(10) 203 (8) 32(9) | 41(9) 18@® 23()
Score-CAM (Wang et al., 2020) DeiT-S 87 | 324(8) 58(9) 21.9(7) | 0.8(11) 21.8(10) 0.8(11) | 43(8) 9.6(5)  2.0(9)

Eigen-CAM (Muhammad and Yeasin, 2020) DeiT-S 7.1 | 25.3(10) 6.5 (10) 16.1(10) | 5.8 (7) 19.9 (6) 6.2 (7) 6.7 (5) 9.1 (4) 3.4 (5)
Grad-CAM++ (Chattopadhay et al., 2018) DeiT-S 71 459 (6) 5.4 (8) 283(6) | 3.8(8) 21.9(11) 5.6 (8) 8.8 (4) 120 (9) 59 (4)

AME-CAM (Chen et al., 2023b) ResNet-18 7.0 | 57.0(2) 43 (4) 422(2) | 35(9) 193(5) 23(10) | 11(10) 14.0 (11) 0.6 (10)
Ablation-CAM (Ramaswamy et al., 2020) DeiT-S 6.0 525 (5) 4.4 (5) 348 (5) 7.4 (6) 20.2 (7) 9.4 (6) 5.6 (7) 10.5 (6) 2.6 (7)
LayerCAM (Jiang et al., 2021) DeiT-S 5.6 29.4(9) 2.5 (1) 178(9) | 21.4(2) 13.5(1) 173(3) | 0.3(11) 6.0(3) 0.2 (11)
Grad-CAM (Sclvaraju et al., 2017) DeiT-S 50 | 55.2(3) 4.1(3) 36.6(4) | 10.7(4) 21.1(9) 150(4) | 60(6) 105 (6) 238 (6)
IAT (Lyu et al., 2024) DeiT-S 47 | 528 (4) 45(6) 37.1(3) | 10.7(4) 166(4) 114 (5) | 36.1(3) 12.5(10) 21.9 (3)
FullGrad (Srinivas and Fleuret, 2019) DeiT-S 4.0 33.2(7) 5.1(7) 198(8) | 205 (3) 163 (3) 251 (2) | 37.7(2) 4.8(2) 23.1(2)
TranSamba (ours) TranSamba 1.2 64.1 (1) 3.9 (2) 46.8 (1) | 26.8 (1) 144 (2) 25.8 (1) 41.0 (1) 4.1 (1) 25.6 (1)
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Figure 4: Qualitative comparison of methods achieving the top-3 IoU for each dataset.
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Both LayerCAM and TranSamba pinpoint the small tumor, indicating their superiority
in localizing small objects. In the LASC case, IAT attends to significant areas of the
aorta and right ventricle, while FullGrad also includes a large area of the background in
its segmentation. TranSamba attends to smaller areas of other substructures compared to
IAT, resulting in a segmentation more conformal to the LA.

4. Conclusion

In this work, we introduce TranSamba, a hybrid architecture designed to bridge the gap be-
tween 2D WSSS and the volumetric nature of medical imaging. By integrating CPM blocks
within a ViT encoder, TranSamba achieves efficient cross-plane modeling, thereby improv-
ing the quality of in-plane C2P attention for object localization. Theoretical analysis and
empirical results confirm that our method maintains linear time complexity and constant
memory usage with respect to the input volume depth. Extensive evaluation demonstrates
that TranSamba significantly improves object localization accuracy compared to SOTA
approaches, highlighting the generalizability of cross-plane modeling across diverse segmen-
tation tasks. These findings underscore the efficacy of combining cross-plane SSM with
in-plane SA for weakly supervised volumetric medical segmentation. Future work could
extend TranSamba to multi-class scenarios as well as object localization in videos.
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Appendix A. Related Work
A.1. Weakly Supervised Medical Segmentation

Various forms of weak supervision have been explored for medical segmentation. Common
types include 1. point labels, marking single pixels per region (Laradji et al., 2021) or
boundary points (Dorent et al., 2021; Wickramasinghe et al., 2022; Zhong and Wang, 2023);
2. scribble labels, providing coarse contours (Zheng et al., 2020) or sparse labels (Gao et al.,
2022; Lei et al., 2023; Zhou et al., 2023); 3. bounding-box labels, encompassing targets
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either loosely (Zhu et al., 2023) or tightly (Wang and Xia, 2021; Zhang et al., 2021; Du
et al., 2023). Alternatively, clinical workflow metrics, such as diameter measurements from
tumor response criteria, can be repurposed for WSSS (Li and Xia, 2020; Tang et al., 2021b;
Wang et al., 2022). However, such metrics are typically restricted to malignant tumors,
limiting their applicability.

Compared to these forms, slice-level labels are highly cost-effective. However, they
present significant challenges for model training due to the sparsity of localization informa-
tion. Previous research has focused on distinct strategies to address the specific challenges
associated with slice-level supervision.

Multi-Scale Feature Aggregation. Feature maps in convolutional neural networks
undergo progressive down-sampling, producing low-resolution CAMSs that often fail to cap-
ture fine structural details. This issue is particularly critical in tasks requiring high preci-
sion, such as retinal optical coherence tomography (OCT) or brain MRI. To mitigate this,
several studies extract CAMs at multiple resolutions (Ma et al., 2020; Chen et al., 2023b;
Fu et al., 2023). Rather than simple summation, these methods employ sophisticated ag-
gregation strategies to effectively fuse information across scales, such as an attentional fully
connected layer (Ma et al., 2020), an unsupervised contrastive attention network (Chen
et al., 2023b), or uncertainty weighting (Fu et al., 2023).

Handling Challenging Object Characteristics. Anatomical objects often exhibit
challenging appearances. For instance, low contrast resolution leads to poorly defined
boundaries (Chang et al., 2021; Chen et al., 2022). Additionally, objects can be extremely
small relative to the image size; examples of such objects include breast tumors in ultra-
sound (Chang et al., 2021) or lesions in retinal OCT (Yang et al., 2024a). To address
this, Chang et al. (Chang et al., 2021) enforce consistency between co-attentive features
from ultrasound video frames and their corresponding CAMs. C-CAM (Chen et al., 2022)
introduces causal intervention to focus attention on foreground regions with ambiguous
boundaries. Yang et al. (Yang et al., 2024a) combines generative anomaly detection with
self-attention to capture global context for small-lesion segmentation.

Self-Supervised Regularization. Self-supervised learning is frequently integrated
with WSSS to bridge the gap between slice-level supervision and voxel-level segmenta-
tion. Inspired by its success in natural images, the SEAM framework has been adapted
for medical segmentation, often with additional regularization such as neighborhood affin-
ity constraints (Tang et al., 2021a) or weighted in-plane and cross-plane importance (Lyu
et al., 2024). Kuang et al. (Kuang et al., 2023) leverage inter-channel reconstruction via
random masking for self-supervision, complemented by unsupervised clustering to generate
pixel-level constraints from slice-level labels.

Incorporating Domain-Specific Priors. Another line of research incorporates domain-
specific constraints. For instance, C-CAM (Chen et al., 2022) applies anatomical priors to
manage co-occurring foreground objects of different classes. Li et al. (Li et al., 2022)
constrain breast tumor activations to specific tissue layers and introduce a deep level-set
loss to encourage smooth boundaries and homogeneous intensities. For brain tumor sub-
regions, WS-MTST (Chen et al., 2023a) proposes aggregation and overlap losses to promote
clustered activations and preserve sub-region relationships.

Other approaches explore different supervision levels or backbone architectures. ToONNO
(Schmidt-Mengin et al., 2024) generates 3D localization maps from a 2D encoder via volu-

19



Lyu Xu BENNAMOUN BoussaiD ARROW DWIVEDI

metric reconstruction using volume-level labels. However, volume-level supervision is gen-
erally inapplicable to normal structures where negative samples, for example, cardiac CT
studies that entirely lack a cardiac chamber, do not naturally exist. Other notable ef-
forts employ diffusion models (Hu et al., 2023) or foundation models (Wang et al., 2025b)
for slice-level WSSS. While image-level supervision has shown utility in multiple instance
learning for histopathology segmentation (Lerousseau et al., 2020; Li et al., 2023; Fan et al.,
2024), the fundamental differences between histopathology and volumetric imaging place it
beyond the scope of this work.

A.2. Mamba in Medical Imaging

Originally proposed for sequence modeling in domains such as audio, genomics, and natural
language processing, Mamba (Gu and Dao, 2024) has been adapted to computer vision,
pioneered by ViM (Zhu et al., 2024) and VMamba (Liu et al., 2024c). Following the plain
design of ViT (Dosovitskiy, 2020), ViM replaces Transformer layers with bidirectional SSM
layers that scan tokens in forward and backward directions to mitigate the unidirectional
nature of SSM. Conversely, VMamba features a hierarchical design with decreasing resolu-
tion and increasing channel dimension, utilizing a quadridirectional cross-scan mechanism
to integrate information from spatially neighboring patches. Recently, hybrid architectures
have emerged to leverage both the linear-time complexity of SSM and the powerful atten-
tion mechanism. Jamba (Lieber et al., 2024) validates this synergy for language modeling,
prompting similar advances in computer vision. MambaVision (Hatamizadeh and Kautz,
2025) introduces a hierarchical architecture leveraging convolutional blocks in early high-
resolution stages and hybrid Mamba-Transformer blocks in deeper stages. These hybrid
blocks feature a redesigned MambaVision mixer and SA for enhanced long-range model-
ing. Complementing architectural innovation, MAP (Liu and Yi, 2025) proposes a masked
autoregressive pretraining strategy tailored for hybrid models, effectively unifying the next-
token prediction of Mamba with the masked signal reconstruction of Transformer.

In medical imaging, Mamba has been applied to diverse tasks including image super-
resolution (Ji et al., 2024) and reconstruction (Huang et al., 2025b; Korkmaz and Patel,
2025). Another important application of Mamba is computer-aided diagnosis (Yang et al.,
2024b; Zhou et al., 2024; Kannan et al., 2025). For instance, BI-Mamba (Yang et al., 2024b)
proposes a bidirectional SSM-based model for cardiovascular disease detection from chest
X-ray. Notably, BrainMT (Kannan et al., 2025) proposes a hybrid Mamba-Transformer
architecture for long-range modeling in functional MRI phenotyping.

Segmentation remains the most common application of Mamba in medical imaging, pri-
marily in a fully supervised manner. Following the success of U-Net (Ronneberger et al.,
2015), numerous Mamba-based medical segmentation methods (Ma et al., 2024; Xing et al.,
2024; Liu et al., 2024b; Wang et al., 2024b; Liu et al., 2024a) adopt a U-shaped design. U-
Mamba (Ma et al., 2024) integrates convolutional blocks with Mamba blocks; convolutional
layers extract feature maps while Mamba models long-range dependency, addressing the
limited local receptive field of convolutional kernels. SegMamba (Xing et al., 2024) com-
bines 3D convolutional kernels with a novel tri-oriented Mamba block that captures both
cross-plane and bidirectional in-plane interactions within 3D feature maps. Swin-UMamba
(Liu et al., 2024b) and MambaMIM (Tang et al., 2025) further demonstrate the benefits
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of pre-training on large-scale natural or medical datasets, achieving strong downstream
segmentation performance.

Specialized methods have also been developed to address specific challenges. EM-Net
(Chang et al., 2024) leverages Mamba to enhance feature learning in both spatial and
frequency domains, capturing complementary representations. CAMS-Net (Khan et al.,
2025) removes the convolutional operation in the vanilla Mamba block, reducing complexity
without compromising segmentation accuracy. S>-Mamba (Wang et al., 2025a) introduces a
size-aware model design coupled with a tailored training strategy to address the localization
of small lesions. Furthermore, Mamba-based blocks have been integrated with foundation
models to improve adaptation to the medical domain (Wang et al., 2024a; Huang et al.,
2025a; Liang et al., 2025). In weakly supervised settings, PathMamba (Fan et al., 2024)
leverages Mamba-based blocks to capture patch-level dependency, which is used to construct
a self-supervised contrastive loss enforcing consistency between patch-level representations
and pixel-level feature maps.

Appendix B. Supplementary Experimental Settings
B.1. Datasets

TranSamba is evaluated on three public datasets covering distinct pathologies and imaging
modalities to demonstrate the generalizability of cross-plane modeling. All volumetric im-
ages are processed from the axial view, with axial slices extracted as 2D planes. Following
nnU-Net (Isensee et al., 2021) we pre-process the volumetric images, including cropping or
padding to an in-plane spatial resolution of (224,224). Table 5 summarizes dataset char-
acteristics after pre-processing. Slice-level labels are set to positive if the slice contains the
segmentation target, regardless of size.

Brain Tumor Segmentation. We use the training set of the Medical Segmentation
Decathlon (Simpson et al., 2019; Antonelli et al., 2022) BraTS dataset (Menze et al., 2014;
Bakas et al., 2017, 2018), comprising 484 multiparametric MRI studies of patients with
glioma. The T2 fluid-attenuated inversion recovery (FLAIR) sequence is utilized, with
the segmentation target defined as the whole tumor, encompassing edema, enhancing, and
non-enhancing regions. Intensity normalization is performed using z-scoring.

Kidney Tumor Segmentation. We use the training set of the 2023 KiTS (Heller
et al., 2021) dataset, containing 489 contrast-enhanced CT studies of patients with suspected
kidney tumors. The segmentation target is the kidney tumor. All volumetric images are
1. clipped to an abdominal CT window of [-150, 250] Hounsfield units, 2. resampled to
an isotropic voxel size of 2 mm?, and 3. normalized using the global foreground mean
and standard deviation. Compared to the abdominal cavity, the kidney tumor volume is

Table 5: Key characteristics of the BraTS, the KiTS, and the LASC datasets.

Dataset BraTS KiTS LASC
Target Whole Tumor | Tumor | LA Cavity
Modality T2-FLAIR MRI CT LGE-MRI
#studies 484 489 154
min. #slices 155 71 44
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typically small, causing severe slice-level imbalance. To mitigate this, slices located at least
3.2 cm away from both the kidney and the tumor are discarded, provided that the number
of remaining slices in each study was no fewer than 71, the minimum slice count of the
dataset.

Left Atrium Segmentation Challenge. We use both the training and testing sets
of the 2018 LASC (Xiong et al., 2021) dataset, comprising 154 late gadolinium-enhanced
(LGE) MRI studies of patients with atrial fibrillation. The segmentation target is the LA
cavity. All volumetric images are resampled to an isotropic voxel size of 1.25 mm? and
normalized using z-scoring.

These datasets validate TranSamba under diverse and challenging scenarios. BraTS
presents complex, heterogeneously located gliomas. KiTS includes both small tumors em-
bedded within a large abdominal cavity and extremely large tumors, posing scale imbalance
and model bias challenges. LASC spans a wide range of image quality; additionally, only
43 volumetric studies are assigned to the training set, corresponding to fewer than 2,000
2D images.

By fusing sub-regions in BraTS and targeting only the tumor in KiTS, we formulate the
task as binary WSSS. While multi-class WSSS is important, we argue that such tasks require
methods orthogonal to cross-plane modeling, such as learning inter-class (Xu et al., 2022,
2024) or inter-channel (Kuang et al., 2023) correlation, addressing object co-occurrence
(Chen et al., 2022), or using customized loss functions (Chen et al., 2023a).

B.2. Implementation

During training, we randomly sample volumes containing 16 contiguous planes from the
input volumetric images. Each batch comprises 16 volumes, resulting in a batch size of
256 planes. All models are trained for 100 epochs without early stopping. The BCE loss
is weighted to address the imbalance between positive and negative planes. We follow
MCTformer+ (Xu et al., 2024) for data augmentation and other training hyperparameters.
For inference, volumes comprising 16 continuous planes are sampled sequentially from the
input volumetric images. Final segmentation masks are obtained by applying a binary
threshold of 0.5 to attention maps generated directly on the validation and testing sets.
No post-processing is applied, demonstrating the intrinsic quality of object localization.

Table 6: Ablation study on the hybrid layer design. Performance is reported in DSC (%, 1),
HD (cm, }), and IoU (%, 1). For each metric, results are reported as value (rank).
The mean rank of each method is averaged across all datasets and metrics. The
highest performance is marked in bold, and the default design for TranSamba is
marked in gray .

Mean BraT$S KiTS LASC

Rank DSC HD IoU DSC HD IoU DSC HD IoU
Parallel 2.2 | 608 (2) 48 (3) 420 (3) | 239 (3) 155 (3) 244 (3) | 47.6 (1) 3.1 (1) 30.9 (1)
In-Cross 1.9 |64.4 (1) 3.8 (1) 442(2) | 246(2) 15.4 (1) 25.2 (1) | 420 (3) 3.6 (3) 262 (3)
CrossTn 1.8  60.7(3) 46(2) 44.2 (1) 25.1 (1) 152 (1) 249(2) | 45.9(2) 32(2) 293 (2)

Design
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Figure 5: Different designs of the hybrid layer. Design A: Parallel, cross-plane block in
parallel with the in-plane block. Design B: In-Cross, in-plane block in series before
the cross-plane block. Design C: Cross-In, cross-plane block in series before the
in-plane block. All designs use vanilla Transformer and CPM blocks for in-plane
and cross-plane blocks, respectively. Residual connections are embedded within
the in-plane Transformer blocks.

Training and inference are conducted on a single NVIDIA A100-SXM4 GPU with 40 GB

of memory.

Appendix C. Supplementary Ablation Studies
C.1. Hybrid Layer Design

We compare model performance with three different hybrid layer designs, as shown in
Figure 5. In Design A, each hybrid layer comprises a pair of parallel in-plane and cross-
plane blocks. For Designs B and C, each layer consists of a pair of in-plane and cross-plane
blocks in series, with a residual connection placed between the two blocks. The cross-plane
block is placed after the in-plane block in Design B and before the in-plane block in Design
C. For all designs, the cross-plane block is a CPM block, while the in-plane block is a vanilla
Transformer block with an embedded residual connection.

The quantitative comparison of hybrid layer designs is presented in Table 6. Regardless
of the layer design, incorporating cross-plane modeling consistently improves performance

Table 7: Ablation study on the in-plane modeling method. Variant performance is reported
in DSC (%, 1), HD (cm, |), and IoU (%, 7). The highest performance is marked
in bold, and the TranSamba variant is marked in [gray . The memory usage of
V5 is empirically estimated rather than experimentally measured.

. . Memory  #params. BraTS KiTS LASC
Variant | Cross-Plane - In-Plane | = ) I(M) DSC HD IoU |DSC HD IoU | DSC HD IoU
Vi B SA 13.0 217 | 407 56 288 | 158 17.4 201 | 335 104 204
V2 - Bi-SSM | 9.2 236 | 326 57 183 | 58 159 53 | 03 128 0.1
V3 SSM SA 17.3 333 | 60.7 4.6 44.2 251 152 24.9|459 3.2 29.3
\ SSM Bi-SSM | 135 352|367 50 195| 60 158 55 | 14 125 06
V5 SA B 52.6 217 - - B B . B B
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compared to in-plane-only baselines (Table 2). This demonstrates the robustness of cross-
plane modeling to different layer designs. By default, TranSamba employs Design C, which
marginally outperforms Design B, followed by Design A. Compared to its counterparts,
Design C computes in-plane SA following cross-plane modeling via SSM. This design en-
sures that in each layer, C2P attention is extracted following information exchange across
neighboring planes, thereby maximizing the quality improvement of the attention maps.

C.2. In-Plane Modeling Methods

We compare variants employing different methods for in-plane modeling, with and without
SSM-based cross-plane modeling, presenting quantitative results in Table 7. V1 and V3
represent a ViT-only baseline and TranSamba, respectively. For V2 and V4, we replace the
Transformer block in each hybrid layer with a ViM-like bidirectional SSM block. In the
absence of pairwise SA, localization maps are generated from patch token-based CAMs (Xu
et al., 2022).

Compared to V1 and V3, using bidirectional SSM blocks for in-plane modeling results
in significantly inferior performance across all datasets and evaluation metrics. Notably,
V2 and V4 fail on the more challenging KiTS and LASC datasets. The performance drop
observed justifies the hybrid design of TranSamba. Nevertheless, incorporating cross-plane
modeling consistently improves performance regardless of the in-plane modeling method.

For completeness, we also provide the memory usage for V5, which employs SA for
cross-plane modeling. Memory usage is estimated from the space complexity of cross-plane
modeling with SA detailed in Table 1, assuming 16 planes per input volume. The estimated
memory exceeds available computational resources and would continue to grow as the input
volume depth increases.

Appendix D. Qualitative Comparison with State-of-the-Art

The comprehensive qualitative comparison with SOTA methods is presented in Figure 6
and Figure 7. In the BraTS case, most methods successfully localize the tumor; exceptions
include XGrad-CAM (Fu et al., 2020), which primarily activates the background, and Eigen-
CAM (Muhammad and Yeasin, 2020), which activates the entire brain area. Similarly, in
the KiTS case, Eigen-CAM activates the entire body area. Only four methods, Grad-
CAM++ (Chattopadhay et al., 2018), LayerCAM (Jiang et al., 2021), FullGrad (Srinivas
and Fleuret, 2019), and TranSamba, successfully localize the small tumor attached to the
left kidney. The LASC case also presents a significant challenge, with only Grad-CAM++,
IAT (Lyu et al., 2024), FullGrad, and TranSamba successfully localizing the LA.
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Figure 6: Comprehensive qualitative comparison with SOTA, part A.
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Figure 7: Comprehensive qualitative comparison with SOTA, part B.
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