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Weak-Mamba-UNet: Visual Mamba Makes CNN
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Abstract— Medical image segmentation is increasingly
reliant on deep learning techniques, yet the promis-
ing performance often come with high annotation costs.
This paper introduces Weak-Mamba-UNet, an innovative
weakly-supervised learning (WSL) framework that lever-
ages the capabilities of Convolutional Neural Network
(CNN), Vision Transformer (ViT), and the cutting-edge Vi-
sual Mamba (VMamba) architecture for medical image seg-
mentation, especially when dealing with scribble-based
annotations. The proposed WSL strategy incorporates
three distinct architecture but same symmetrical encoder-
decoder networks: a CNN-based U-Net for detailed lo-
cal feature extraction, a Swin Transformer-based Swin-
UNet for comprehensive global context understanding,
and a VMamba-based Mamba-UNet for efficient long-range
dependency modeling. The key concept of this frame-
work is a collaborative and cross-supervisory mechanism
that employs pseudo labels to facilitate iterative learning
and refinement across the networks. The effectiveness
of Weak-Mamba-UNet is validated on two publicly avail-
able datasets with processed scribble annotations, where
it surpasses the performance of a similar WSL frame-
work utilizing only U-Net or Swin-UNet, as well as other
baseline methods. This paper highlights the potential of
Mamba for medical image segmentation in scenarios with
sparse or imprecise annotations. The source code, dataset,
and all baseline methods are made publicly accessible
https://github.com/ziyangwang007/Mamba-UNet.
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(a) MRI cardiac scans with corresponding segmentation ground truth and
scribble-based annotations.
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(b) Colon histology images with corresponding gland segmentation ground
truth and scribble-based annotations.

Fig. 1. Example images of different medical modalities: (a) MRI cardiac
scans and (b) colon histology images, each with segmentation ground
truth and scribble-based annotations.

[. INTRODUCTION

Medical image segmentation is important for medical im-
age analysis and effective treatment planning for healthcare
purpose, with deep learning-based networks i.e. U-Net [38].
The U-Net known for its symmetrical U-shape encoder-
decoder architecture and integral skip connections, has been
the foundational segmentation backbone network. These skip
connections effectively preserve essential spatial information,
merging features across the encoder and decoder layers to
enhance the network’s performance. The encoder reduces the
input to extract high-level features, which the decoder then
uses to reconstruct the image, thereby improving segmentation
performance. Advancements in U-Net have led to various
enhanced networks designed to tackle the segmentation of
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complex anatomical structures in Ultrasound, CT and MRI
scans [35], [51], [66], [73], [75].

Recent advancements have introduced innovative architec-
tures such as the Transformer and Mamba, both of which excel
in capturing global contextual information [13], [44]. The
Transformer achieves this through a multi-head self-attention
mechanism, while Mamba is noted for its computational
efficiency, grounded in the State Space Model (SSM) [12],
[13], [49]. These architectures have been applied to a range of
computer vision tasks, leading to developments like the Vision
Transformer [10], Swin Transformer [26], nnFormer [74],
ScribFormer [22], and UNetr [15] for Transformer, and Vision
Mamba [76], UMamba [33], Segmamba [62], MambaUNet
[52], VM-UNet [39], and Semi-MambaUNet [54] for Mamba-
based networks.

The effectiveness of deep learning methods often hinges
on the availability of large, accurately labeled datasets, which
can be challenging to acquire in the medical image analysis
domain. To address the high costs and time associated with
obtaining detailed annotations like pixel-level segmentation
masks, research has shifted towards Semi-Supervised Learning
(SSL) [51, [17], [29], [58] and Weakly-Supervised Learning
(WSL) [24], [31], [36], [59], [60]. SSL focuses on train-
ing networks with a small set of pixel-level labeled data,
whereas WSL employs simpler forms of annotations such as
bounding boxes, checkmarks, and points to provide a feasible
approach for training segmentation networks under limited-
signal supervision. Among these, scribble-based annotation
is particularly noted for its efficiency and convenience for
experts, streamlining the annotation process without signifi-
cantly compromising the quality of supervision. Examples of
MRI scans, conventional dense annotations, and scribble-based
annotations are illustrated in Figure 1.

Following the recent success of the Transformer and Mamba
architectures in computer vision tasks, and concern with
limited annotated data, this paper introduces Weak-Mamba-
UNet. The proposed WSL framework integrates Convolution,
Transformer, and Mamba architectures within a multi-view
cross-supervised learning scheme tailored for scribble-based
supervised medical image segmentation. To the best of our
knowledge, this is the first effort to leverage the Mamba
architecture for medical image segmentation with scribble
annotations. The contributions of Weak-Mamba-UNet are
threefold:

1) We propose Weak-Mamba-UNet, a tri-view cross-
supervision framework that jointly trains three hetero-
geneous encoder—decoder backbones—U-Net (CNN),
Swin-UNet (ViT), and Mamba-UNet (state-space)—to
exploit complementary inductive biases under scribble
supervision.

2) We introduce a stochastic soft pseudo-label mixing
mechanism: at each iteration, dense targets are created
by Dirichlet-sampled mixing of peer probability maps
and optimized with partial cross-entropy (on scribbles)
+ soft Dice (on the dense soft targets). This converts
sparse scribbles into strong supervision without class
embeddings, CRFs, or additional priors.

3) We show that cross-supervising across architectures—

rather than duplicating a single backbone—yields con-
sistent gains on ACDC cardiac MRI (scribbles derived
from dense labels), with improvements over strong
scribble-WSL baselines and over tri-homogeneous vari-
ants (3xU-Net and 3 xMamba-UNet).

[l. RELATED WORK
A. Medical Image Segmentation

Medical image segmentation is a core task in medical image
analysis that aims to partition images into anatomical or patho-
logical regions of interest [1], [11], [16], [38], [51], [56], [66],
[72]. Early advances were driven by fully convolutional archi-
tectures such as FCN [27] and, especially, U-Net [38], whose
symmetric encoder—decoder with skip connections preserves
spatial detail critical for clinical structures. Numerous variants
further improve feature propagation, volumetric modeling, and
attention to relevant regions, e.g., U-Net++ [75], V-Net [35],
and attention-enhanced designs [37], [40]. These ideas have
been explored broadly across modalities including ultrasound,
CT, and MRI [35], [51], [66], [73], [75].

Transformer-based models have recently been adapted to
segmentation to better capture long-range dependencies and
global context [10], [26]. Integrations of Transformers with
U-shaped decoders—such as Mixed Transformer UNet [47],
Swin-UNet [3], and MCV-UNet [65]—combine convolutional
locality with attention-based global reasoning, and continue to
improve dense prediction quality in medical images [3], [55].

B. Weakly-Supervised Medical Image Segmentation

Obtaining dense pixel-level annotations is costly and time-
consuming in clinical practice; weakly supervised learning
(WSL) therefore leverages cheaper supervision such as boxes,
scribbles, image-level tags, text, and points [4], [6], [8],
[14], [19], [20], [24], [28], [31], [36], [50], [59], [60], [68].
Among these, scribbles are attractive because they provide
sparse yet informative cues with minimal effort. Effective
use of scribbles typically requires (i) turning sparse cues
into dense supervision via pseudo labels [31], [43], [60] and
(ii) regularizing predictions to align with annotated pixels
while maintaining spatial coherence, e.g., with partial cross-
entropy [41] and CRF-based smoothing [36]. In addition,
multi-view or multi-scale consistency encourages robustness
by requiring predictions to agree across different perturba-
tions or perspectives [9], [31], [53], [57]. Recent robustness
benchmarks such as RAOS (Rethinking Abdominal Organ
Segmentation) emphasize that clinically realistic ‘hard cases’
can substantially degrade performance, underscoring the need
for dedicated robustness evaluation before deployment [32].

Relation to cross-supervision.: Cross pseudo supervision
and cross-teaching enforce agreement between parallel learn-
ers trained under different perturbations or decoders [5],
[30]. ScribbleVC [21] builds a hybrid CNN-Transformer with
two decoders and a vision—class embedding module, while
dual-branch dynamic mixed pseudo-labeling methods operate
within a single architecture family [31]. Our framework is
related in spirit but differs in scope: we consider heterogeneous
CNN/ViT/Mamba backbones and use stochastic mixing of
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Fig. 2. Weak-Mamba-UNet framework overview (see Methodology for details).

peer predictions to obtain dense signals. Detailed algorithmic
choices are described in Methodology.

C. Visual Mamba for Medical Image Segmentation

State space models (SSMs) provide linear-time sequence
operators that have recently been adapted to vision as
Mamba/VMamba [13], [25], [76], offering efficient long-
range dependency modeling [63], [70]. Vision Mamba has
been instantiated in diverse architectures, including U-Mamba
[33], Segmamba [62], Polyp-Mamba [64], H-vmunet [61],
Swin-UMamba [23], LKM-UNet [48], and Mamba-UNet [52],
showing strong performance in classification, detection, and
segmentation [25], [76]. Given these advantages, applying
Mamba to medical segmentation is promising and has begun
to show benefits across tasks and modalities [54], [67], [69].

1. METHODOLOGY

The framework of Weak-Mamba-UNet is illustrated in Fig-
ure 2. In this study, the pair (X, Yin) represents the scribble-
based labeled training dataset, whereas the pair (X, Y:)
denotes the dense labeled testing dataset. Here, X € R"*®
corresponds to a 2D grayscale image of height h and width
w. The scribble annotations Y. € {0,1,2,3,None} indi-
cate the regions corresponding to the right ventricle (RVC),
left ventricle (LVC), myocardium (MYO), background, and
unlabeled pixels, respectively.

Three segmentation networks are denoted as fon(X;0),
fuir(X;0), and  fiamba(X;6), and are highlighted in green,
blue, and yellow in Figure 2 as the complete framework,
and Figure 4 as each of network block, respectively. The
prediction of a segmentation network for an input X is denoted
as Y, = f(X;6), where 6 represents the network parameters.
The predictions from the three networks can be combined to
form a dense pseudo label Y pseudo-

The overall loss comprises the scribble-based partial cross-
entropy loss Lp. and the dense-signal pseudo label dice-
coefficient loss Lgie. The total training objective aims to
minimize the combined loss L1, Which is formulated as:

3
Liowal = Z(ﬁlz)ce + £Ziice)’ (1)
i=1
where ¢ indicates each of three networks. All mathematical
symbols are defined in Figure 2. The final evaluation assesses
the agreement between the predicted labels Y, and the true
dense labels Y; on the test set.

A. Preliminaries

State Space Models (SSMs) provide a principled frame-
work for sequence modeling by drawing inspiration from
continuous-time linear time-invariant (LTI) systems. These
systems map a 1D input sequence z(¢t) € R to an output
y(t) € R through an implicit latent state h(t) € RY, governed
by linear ordinary differential equations (ODEs):
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(a) Scan Expanding
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Fig. 3. The lllustration of the 2D Selective Scan (SS2D) on a cardiac image. We first apply a scan-expanding process to generate four feature
sequences. Each sequence is then processed through the S6 block, and the resulting outputs are merged (scan merging) to form the final 2D

feature map.

{h’(t) = Ah(t) + Bx(t), .

y(t) = Ch(t) + Da(t),

where N is the state size, A € RV*N ig the state transition
matrix, B € RY and C € R" are projection parameters,
D € R is the skip connection parameter.

State Space Models (SSMs), while theoretically grounded
in continuous-time dynamics, face significant implementation
challenges in deep learning due to their inherent continuous-
time nature. To model these dynamics in discrete time, a zero-
order hold is applied, resulting in the following system, where
A € RP represents the timescale parameter:

hi = Ahy—1 + By,
Yt = Cht +El’t,
(3)

AA

| b
[

€ 7
B= (e -T)A'B

In this formulation, B is approximated using a first-order
Taylor expansion, which simplifies the calculation as B ~
AB. This approximation maintains computational efficiency
while preserving the ability to capture complex temporal and
spatial dependencies in the data.

However, directly applying Mamba to visual tasks faces
inherent limitations due to the dimensional incompatibility
between language sequences and 2D visual data. While 1D
modeling efficiently captures long-range dependencies in text,
it fails to preserve spatial relationships critical for images,
resulting in limited receptive fields and neglected cross-region
correlations. To address this, the 2D Selective Scan (SS2D)
framework [25] extends Mamba through spatial adaptation. As
shown in Figure 3, the method unfolds input images into scan-
ning sequences along four diagonal directions. This directional
diversity ensures each feature element dynamically integrates
cross-orientation contextual information, constructing global
receptive fields while preserving linear computational scaling.

B. Visual Mamba-Based U-Net

The VMamba-Based block along with other version of
network block, as depicted in the Figure 4, represents a
novel adaptation to the conventional U-Net encoder-decoder

style segmentation network in Figure 2, incorporating various
types of network blocks specifically designed for medical
image analysis. Each of these architectures adheres to the
U-shaped encoder-decoder configuration, with distinct block
compositions that influence the network’s capability to capture
intricate medical image features. In particular, the original
U-Net employs a two-layer convolutional neural network
(CNN) with 3 x 3 convolutions, Swin-UNet utilizes two Swin
Transformer blocks, and Mamba-UNet integrates two Visual
Mamba blocks which is an advanced module introduced in
our previous work [52].

Selective
Scan

BN
Dropout

U "

L 3x3 CNN Convolutional Neural Network Block (CNN))
(b)
e N\
3 a & o
—rzHE KD EHE D — 20> KD S KD
= = X2

Swin Vision Transformer Block (ViT) )

(©

Fig. 4. The lllustration of Each Network Block Utilized for the Framework
of Weak-Mamba-UNet.

Given an input feature map X € REXCXHXW "3 11 pro-
jection first maps channels to C’ (keeping H X W unchanged).
The SS2D module then unfolds X into four directional scan
sequences corresponding to the diagonal orientations as illus-
trated in Fig. 3. Each directional sequence is processed by
the same S6 (Mamba) operator, producing four outputs that
are folded back to BxC'xHxW and merged by element-
wise averaging. A final 1x1 projection restores the channel
dimension to C, followed by a residual addition with the block
input. Skip connections and the down/up-sampling operations
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of U-Net remain unchanged. This drop-in design preserves
the U-shaped topology while enabling linear-time, directional
long-range aggregation inside each Mamba block. We share
the S6 (Mamba) parameters across the four directions to keep
the block lightweight and rotationally consistent; fusion is a
simple average (no extra gates), followed by a 1x1 projection
and residual addition.

C. Scribble-Supervised Learning

To address the challenges posed by sparse-signal scribble
supervision, we utilize a modified CrossEntropy (CE) function
that concentrates solely on the annotated pixels while ignoring
the unlabeled ones. This approach leads to a form of partially
supervised segmentation loss. Specifically, we introduce the
Partial Cross-Entropy (pCE) [41], which leverages only the
scribble annotations during the training of the networks, de-
noted as Lpye.. This is expressed in Equation 4 as follows:

Loce == > > usli, k] log(ypli, k]), €5
i€Qr k

where i denotes the index of a given pixel, and €2, repre-
sents the set of pixels annotated with scribbles. The variable
k indicates the class index(4 in this study), and ys[i, k] and
Ypli, k| denote the ground truth and predicted probability of a
network, respectively, of the i-th pixel belonging to the k-th
class. The Ly is utilized for all three networks fen(X;8),
fu(X; 6), and frampa(X; 60), and denoted as L‘fme where ¢ €

[1,2,3],

D. Multi-View Cross-Supervised Learning

Inspired by Cross Pseudo Supervision (CPS) [5], Cross
Teaching [30], and Multi-view Learning [57], which are
designed to facilitate consistency regularization under differ-
ent network perturbations, our proposed multi-view cross-
supervised learning framework integrates Mamba-UNet [52]
with the original U-Net [38] and Swin-UNet [3]. Each network
follows a U-shaped encoder-decoder architecture. Specifically,
U-Net employs a 2-layer CNN with 3 x 3 kernels [38] and
performs 4 levels of downsampling and upsampling. Swin-
UNet utilizes 2 Swin Transformer blocks [3], and Mamba-
UNet incorporates 2 Visual Mamba blocks [39], [52]. Both
Swin-UNet and Mamba-UNet perform 3 levels of downsam-
pling and upsampling and are pretrained on ImageNet [7].
This setup introduces three distinct architectural perspectives,
each initialized separately to ensure diversity in viewpoints. To
foster mutual enhancement among the networks, a composite
pseudo label Y euqo is formulated to convert sparse-label
information into dense signal labels, as shown in the equation
below:

Ypseudo = & Penn + B Pvit + Y Pmambas &)

where p. = softmax(f.(X)) are class-probability maps. This
architecturally heterogeneous mixing (CNN+ViT+Mamba)
serves as a view perturbation akin to mixup-style regular-
ization, but acts on model predictions rather than input pix-
els. Training minimizes a sum of (i) partial cross-entropy on

the scribbled index set €27, and (ii) a soft-Dice loss against
the soft pseudo label in Eq. 5:

Loce ==Y > ysli, k]logpli, k], 6)
1€Qr k
2%k pli k] gli, k]
i Pl K]+ 22, gli k] + €

where p is the prediction of the supervised backbone at
that step and § = Ypseudo. The total objective is L =
> j(ﬁéﬁg +A ngge), with A controlling the contribution of the
dense pseudo-label supervision. Unlike ScribbleVC, we do not
use a class-embedding module; all dense signals arise from
peer predictions.

Unlike dual-decoder consistency methods within a sin-
gle backbone, our supervision graph spans heterogeneous
CNN/ViT/Mamba learners. They are trained simultaneously
on the same mini-batch; their parameters are disjoint and no
gradients are shared. The soft target Y pseudo (Eq. 5) is obtained
by Dirichlet-sampled mixing of peer probability maps, which
acts as an architectural view perturbation and regularizer dur-
ing training. This differs from (i) test-time ensembling (which
averages final predictions but does not provide dense training
signals), and (ii) class-embedding or CRF-based densification
(which rely on external priors/graphs). Empirically (Table IV),
cross-architecture supervision outperforms tri-homogeneous
variants under the same scribble WSL protocol, suggesting
that the gains stem from complementary inductive biases rather
than stacking capacity.

Edice =1- (7)

IV. EXPERIMENTS
A. Datasets

The performance of Weak-Mamba-UNet, as well as various
baseline methods, were evaluated using a publicly available
MRI cardiac segmentation dataset [1] and PH2 [34]. Scribble
annotations were derived from the original dense annotations,
in line with previous studies [43]. All images were resized to
a uniform resolution of 224 x 224 pixels for consistency in
the evaluation process.

B. Implementation Details

The experiments were conducted on an Ubuntu 20.04 sys-
tem equipped with an Nvidia GeForce RTX 3090 GPU and
an Intel Core i9-10900K CPU, using PyTorch. The entire
experimental run took an average of 4 hours. We trained
Weak-Mamba-UNet with all other baseline methods for 30,000
iterations with a batch size of 24. Optimization was performed
using Stochastic Gradient Descent (SGD) [2], with an initial
learning rate of 0.01, momentum set to 0.9, and weight decay
at 0.0001. The networks were evaluated on the validation set
every 200 iterations, saving the network weights only when
the validation performance improved.

C. Baseline Methods

The framework of Weak-Mamba-UNet is depicted in Fig-
ure 2 with three segmentation backbone networks. To ensure
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Ground Truth pCE+UNet USTM+UNet Mumford+UNet

CRF+UNet

pCE+SwinUNet USTM+SwinUNet Mumford+SwinUNet CRF+SwinUNet Ours

(a) Example segmentation results of all baseline methods and Weak-Mamba-UNet on the ACDC test set.

Ground Truth pCE+UNet USTM+UNet Mumford+UNet

CRF+UNet

- A\d

pCE+SwinUNet USTM+SwinUNet Mumford+SwinUNet CRF+SwinUNet Ours

(b) Example segmentation results of all baseline methods and Weak-Mamba-UNet on the GlaS test set.

Fig. 5. Qualitative segmentation comparisons across datasets. (a) ACDC test set and (b) GlaS test set, showing the performance of baseline

methods and the proposed Weak-Mamba-UNet.

-
p

Ground Truth

Images

Aﬁention

Fig. 6. The visualization of the attention heat maps (blue) generated
by Weak-Mamba-UNet, along with the corresponding input images and
ground truth segmentation.

equitable comparisons, we also employed the CNN-based U-
Net [38] and the Swin ViT-based Swin-UNet [3] as segmen-
tation backbone networks for different WSL frameworks. The
WSL baseline frameworks evaluated includes partial Cross
Entropy (pCE) [42], Uncertainty-aware Self-ensembling and
Transformation-consistent Mean Teacher Model (USTM) [71],
Mumford [45], ScribFormer [22], ScribbleVC [21], Gated
Conditional Random Field (Gated CRF) [46]. Both Swin-UNet
[3] and U-Net [38] were employed as the segmentation back-

bone networks across these frameworks. All baseline methods
and our proposed methods are with the same hyperparameter
settings.

D. Metrics

To evaluate the performance of Weak-Mamba-UNet relative
to other WSL baseline methods, we employed a set of com-
prehensive evaluation metrics. For similarity measures, where
higher values indicate better performance (1), we included
the Dice Coefficient (Dice), Accuracy (Acc), Precision (Pre),
Sensitivity (Sen), and Specificity (Spe). For difference mea-
sures, where lower values are preferable (), we considered the
95% Hausdorff Distance (HD) and Average Surface Distance
(ASD). Given the dataset’s focus on 4-class segmentation
tasks, we report the mean values of these metrics across all
classes.

E. Computational Analysis

To further substantiate the claim of efficiency, we compare
the computational cost of the three backbone networks in
Table VI. All experiments were conducted on an NVIDIA
RTX 3090 GPU under identical settings. Compared with the
Transformer-based Swin-UNet, the Mamba-UNet achieves a
59% reduction in FLOPs, 63% fewer parameters, and
requires 21% less GPU memory, while also reducing both
training and inference time. These results confirm that the
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TABLE |

DIRECT COMPARISON OF WEAK-SUPERVISED FRAMEWORKS ON MRI CARDIAC TEST SET.
Framework+Network Dice? Acct Pret Sent Spet HDgs5 | ASD/]
pCE [41] + U-Net 0.7620  0.9807 0.6799 09174 0.9823 | 151.0593  54.6531
USTM [24] + U-Net 0.8592 0.9917 0.8128 0.9257 0.9888 | 99.8293  26.0185
Mumford [18] + U-Net 0.8993  0.9950 0.8844 0.9200 0.9874 | 28.0604 7.3907
Gated CRF [36] + U-Net 0.9046  0.9955 0.8890 0.9304 0.9922 7.4340 2.0753
pCE [41] + Swin-UNet 0.8935 0.9950 0.8808 0.9129 0.9884 | 24.4750 6.9108
USTM [24] + Swin-UNet 0.9044  0.9957 0.8952 09187 0.9898 6.5172 2.2319
Mumford [18] + Swin-UNet 0.9051  0.9958 0.8996 0.9157 0.9889 6.0653 1.6482
Gated CRF [36] + Swin-UNet | 0.8995 0.9955 0.8920 09175 0.9904 6.6559 1.6222

ScribFormer [22] 0.8420

ScribbleVC [21] 0.895
‘Weak-Mamba-UNet 0.9171  0.9963  0.9095 0.9309 0.9920 [ 3.9597 0.8810

TABLE I

DIRECT COMPARISON OF WEAK-SUPERVISED FRAMEWORKS ON GLAS HISTOLOGICAL TEST SET.
Framework+Network Dicet AcctT Pret Sent SpetT HDgs5 | ASD]
pCE [41] + U-Net 0.8381 0.9837 0.7813 0.9038 0.9813 | 42.7315 10.3842
USTM [24] + U-Net 0.8791 0.9862 0.8541 0.9057 0.9849 | 33.2846 8.9431
Mumford [18] + U-Net 0.9031 09924 0.8897 09169 09872 | 26.9152 7.2864
Gated CRF [36] + U-Net 0.9095 0.9951 0.8965 0.9228 0.9896 | 21.7643 6.2049
pCE [41] + Swin-UNet 0.9023 0.9936 0.8902 09147 0.9880 | 24.5087 6.7825
USTM [24] + Swin-UNet 09136 09954 0.9063 09211 0.9891 20.9361 6.0137
Mumford [18] + Swin-UNet 0.9192 0.9957 09126 09258 0.9889 | 19.8742 5.7843
Gated CRF [36] + Swin-UNet | 09187 0.9961 0.9072 0.9305 0.9898 | 18.9526 5.4628

ScribFormer [22] 0.9103
ScribbleVC [21] 0.8942
Weak-Mamba-UNet 0.9360 0.9964 0.9273  0.9449  0.9907 [ 17.4368  4.9156
TABLE IlI
ABLATION STUDIES ON DIFFERENT COMBINATIONS OF SEGMENTATION BACKBONE NETWORKS WITH THE SAME WSL FRAMEWORK (ACDC
DATASET).
Network Dice? Acct Pret Sen? Spet HDJ ASDJ
3xU-Net 09141 09959 0.8958 0.9383  0.9927 8.0566 2.8806
3x Swin-UNet 0.7446 09791 0.6555 09142 09815 | 121.4224  51.4317
3 xMamba-UNet 09128 0.9958 0.8931 0.9395 0.9932 8.3386 2.7928
2 x Swin-UNet+U-Net 0.8349 09678 0.7527 0.9371 0.9707 12.4786 4.3784
2 x Mamba-UNet+U-Net 0.8646 0.9881 0.8018 0.9381 0.9902 10.6453 3.4873

2x Swin-UNet+Mamba-UNet 0.7646 09887  0.6452 09382 0.9897 | 70.6452  30.4387
2xMamba-UNet+Swin-UNet 0.8648 09724 0.8026 0.9375 09760 | 20.7894 10.3467
2xU-Net+Swin-UNet 0.8750 09769  0.8206 0.9371  0.9807 5.8374 3.7564
2xU-Net+Mamba-UNet 0.9054 09704 0.8759 0.9369 0.9764 4.7834 1.7480
U-Net+Swin-UNet+Mamba-UNet | 09171 0.9963  0.9095 0.9309  0.9920 3.9597 0.8810

TABLE IV
ABLATION STUDIES ON DIFFERENT COMBINATIONS OF SEGMENTATION BACKBONE NETWORKS WITH THE SAME WSL FRAMEWORK (GLAS

DATASET).

Network Dicet AccT Pret Sent Spe?T HDgs5 | ASD/]

3xU-Net 0.9104 0.9956 0.8925 0.9342 0.9923 8.4127 2.9648

3xSwin-UNet 0.7438 09786 0.6521 09156 09812 | 122.3184  52.1049

3 xMamba-UNet 09133  0.9959 0.8941 0.9396 0.9931 8.2379 2.7863

2 x Swin-UNet+U-Net 0.8337 09673 0.7516 0.9360 0.9701 12.6574 4.4279

2xMamba-UNet+U-Net 0.8665 0.9884  0.8034 0.9388  0.9903 10.4876 3.5387

2x Swin-UNet+Mamba-UNet 0.7642 09879 0.6459 0.9378  0.9891 70.7815 30.2678

2 x Mamba-UNet+Swin-UNet 0.8651 0.9729 0.8038 0.9374 0.9763 20.6935 10.3281

2x U-Net+Swin-UNet 0.8762 09772  0.8217 0.9376  0.9809 5.9038 3.7684

2x U-Net+Mamba-UNet 0.9047 09709 0.8764 0.9368 0.9762 4.7589 1.7362

U-Net+Swin-UNet+Mamba-UNet (ours) | 0.9188 0.9964 0.9109 0.9318 0.9926 3.8945 0.8721

Mamba-based architecture provides a favorable balance be- F. Qualitative Results
tween performance and computational efficiency, making it

well suited for weakly supervised segmentation tasks where Figure 5 showcases the efficacy of our proposed method
training resources are limited. through three illustrative sample slices alongside their actual

labels. These examples demonstrate how conventional pCE
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Ground Truth

Images

Predictions

Fig. 7. The lllustration of two representative failure cases, showing the input images, ground truth segmentation, three corresponding attention

maps, and three final predictions produced by three models.

TABLE V
MIXING STRATEGY FOR PSEUDO LABELS (DICE ON ACDC).

Scheme Dice

Fixed ratio (5, %, 1) 0.8048
Fixed ratio (i, i, i) 0.7853
Fixed ratio (i, i, i) 0.7954
Fixed ratio (%, %, ;) 0.8736
Dirichlet sampling («, 8,7v)~Dir(1,1,1)  0.9171

TABLE VI
COMPUTATIONAL EFFICIENCY COMPARISON OF U-NET, SWIN-UNET,
AND MAMBA-UNET ON AN NVIDIA RTX 3090 GPU.

U-Net  Swin-UNet = Mamba-UNet
FLOPs (x 10%) 1.97 8.69 3.52
Parameters (X 106) 1.08 41.34 15.48
Memory (GB) 0.5 1.4 1.1
Training time (s/epoch) 42.8 88.3 57.9
Inference time (ms/image) 124 29.6 17.3

and USTM frameworks may lead to erroneous predictions,
whereas our novel multi-model combination approach effec-
tively addresses these issues, achieving superior segmentation
outcomes.

As shown in Fig. 6, the proposed Weak-Mamba-UNet
effectively highlights the most relevant anatomical regions
through its attention mechanisms. The Grad-CAM visualiza-
tions demonstrate that the network focuses accurately on lesion
boundaries and key structural areas, confirming its ability to
capture both local details and global contextual information
under weak supervision.

As depicted in Fig. 7, the identified failure cases typically
occur in regions with ambiguous boundaries, low contrast, or
overlapping anatomical structures. The attention maps indicate
that the network occasionally misfocuses on irrelevant regions
or fails to fully capture fine-grained contextual cues. These
observations suggest potential directions for further improve-
ment, such as incorporating uncertainty modeling or multi-
scale context refinement.

G. Quantitative Results

The results of our quantitative comparison on the ACDC and
GlaS dataset are detailed in Table I and Table II respectively,
highlighting several key observations with the best-performing

results underscored. Notably, WSL methods employing the
Swin-UNet architecture (pCE-Swin-UNet and USTM-Swin-
UNet) generally surpass those based on the U-Net framework
(pCE-U-Net and USTM-U-Net). For instance, pCE-Swin-
UNet exceeds pCE-U-Net in Dice and HD with scores of
0.7620 and 54.6531, respectively, underscoring the signifi-
cance of employing advanced algorithms within the WSL
framework. However, an optimized integration of multiple
independent algorithms, as exhibited by Weak-Mamba-UNet,
can yield even more impressive results.

To verify the reliability of the improvements, we performed
a two-tailed paired t-test between our proposed Weak-Mamba-
UNet and each baseline method on both Dice and HDgs
metrics. All comparisons yielded p-values smaller than le-
6, indicating that the observed performance gains are sta-
tistically significant. We further report the 95% confidence
intervals (CIs) computed over five independent runs, which
show narrow ranges across both datasets (see Tables I and II).
These results confirm that the proposed framework consis-
tently outperforms existing weakly supervised methods with
high statistical confidence.

H. Ablation Study

The ablation studies presented in Table IV illustrate the
contributions of the proposed WSL framework with different
combinations of segmentation backbone networks. As can be
seen from Table IV, the WSL framework consisting solely of
Swin-UNet performs less well, which indicates that although
the performance of the independent Swin-UNet algorithm is
able to outperform that of U-Net, there is a lack of sufficient
feature differentiation between the Multi-Swin-UNet models
when combined within the same WSL framework. This re-
sult highlights that simply stacking similar architectures may
not always yield better performance, as the networks might
converge on similar feature representations, thereby limiting
diversity and overall improvements in segmentation accuracy.

In contrast, it is worth noting that the Mamba-UNet model
can significantly enhance the feature diversity among multiple
Mamba-UNet instances by learning feature dependencies over
longer distances. This allows Mamba-UNet to capture more
global contextual information, which contributes to its strong
performance across various metrics. This suggests that the
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Visual Mamba architecture offers a unique advantage in cap-
turing long-range dependencies that conventional CNN-based
models may miss.

Table V presents an ablation on the weighting strategy
used to combine predictions from the three heterogeneous
backbones. When fixed ratios are applied, the performance
varies depending on which model dominates, and the overall
Dice remains below 0.88. By contrast, introducing stochastic
perturbation through Dirichlet sampling—where (a, §8,7) ~
Dir(1,1,1) are randomly sampled weights satisfying o+ 3 +
v = l—yields a clear improvement (Dice = 0.9171). This
randomization acts as a model-side perturbation, encouraging
the network to maintain consistency under different mixtures
of teacher predictions. Such perturbation-driven consistency
regularization improves generalization and prevents the train-
ing from overfitting to any single backbone’s bias.

Finally, our proposed WSL framework, which inte-
grates different types of architectures—CNN, ViT, and
Mamba—achieves optimal results on most segmentation met-
rics. This demonstrates that using multiple independent algo-
rithms of distinct types, each with its own strengths, allows
the networks to complement each other with different levels
of feature information. By leveraging both local and global
feature representations, the networks in the Weak-Mamba-
UNet framework enhance overall segmentation performance,
particularly in challenging weakly-supervised learning tasks
where the available annotation signals are sparse or imprecise.

V. CONCLUSION

Weak-Mamba-UNet, by integrating the feature learning
capabilities of CNN, ViT, and VMamba within a scribble-
supervised learning framework, significantly reduces the costs
and resources required for annotations. The multi-view cross-
supervised learning approach enhances the adaptability of dif-
ferent network architectures, enabling them to mutually benefit
from each other. Crucially, this study demonstrates the effec-
tiveness of the novel Visual Mamba network architecture in
medical image segmentation under limited signal supervision.
The promising outcomes of this research not only highlight
the network’s high accuracy in segmentation tasks but also
underscore the potential for broader applications in medical
image analysis, particularly in settings where resources are
limited.

Looking ahead, future work could explore the application
of Weak-Mamba-UNet to a broader range of medical imaging
modalities, such as CT and ultrasound, where sparse anno-
tations are prevalent. Additionally, adapting this framework
to handle multi-modal data or volumetric 3D imaging could
further enhance its utility, particularly in complex medical
segmentation tasks. Another promising direction is to extend
the application of Weak-Mamba-UNet beyond medical image
analysis to other domains, such as remote sensing or industrial
monitoring, where weak annotations are also common. Explor-
ing how the model performs on these more diverse datasets
could unlock new opportunities for segmentation tasks across
various fields, providing a generalizable and efficient solution
where annotation resources are limited.

By refining and extending the use of Weak-Mamba-UNet,
this research lays the groundwork for future innovations in
both medical image segmentation and beyond, offering a
scalable approach to address the growing demands for efficient
annotation and segmentation in data-driven applications.
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