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Abstract

Multimodal 3D medical image segmentation remains challenging due to feature misalignment caused by
intrinsic differences among imaging modalities. To address this issue, we propose the Semantic-Guided
Mixture-of-Experts Network (SG-MoE-Net), a modality-aware framework built upon SwinUNETR. The
proposed model incorporates a modality-decoupled Mixture-of-Experts architecture, in which hetero-
geneous experts are selectively activated to process CT, MRI, and semantic representations, thereby
reducing cross-modality interference. Furthermore, a cross-level semantic guidance mechanism is intro-
duced to integrate anatomical priors and promote semantic consistency across modalities during feature
learning. Extensive experiments on three public multimodal benchmarks, namely CrossMoDA, MM-
WHS, and HaN-Seg, demonstrate that SG-MoE-Net consistently outperforms existing state-of-the-art
methods. In particular, the proposed approach achieves a Dice score of 84.3% on the CrossMoDA dataset.
On the HaN-Seg benchmark, it attains a Dice score of 86.2%, outperforming existing state-of-the-art
methods by 1.0% in Dice and 1.4% in Normalized Surface Dice.
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1 Introduction

Medical image segmentation forms the founda-
tion of precision medicine, where segmentation
accuracy directly determines the reliability of
diagnosis, the design of personalized treatment
strategies, and the advancement of biomedical
research. In clinical practice, precise delineation
of anatomical structures—covering their size, loca-
tion, and boundaries—serves as a critical basis
for decision-making and patient prognosis. How-
ever, the inherent complexity of human anatomy
makes segmentation highly challenging: abdominal
organs are spatially adjacent, and tumors often
exhibit only subtle intensity differences from sur-
rounding tissues. The heterogeneity across imag-
ing modalities further compounds the difficulty:
while CT excels at density resolution and MRI
offers superior soft-tissue contrast, their funda-
mental disparities pose significant obstacles for
multimodal fusion. Traditional approaches [1, 2]
based on handcrafted features often lack robust-
ness across diverse anatomical regions, while deep
learning–based methods, despite notable progress,

deep learning-based approaches still struggle to rec-
oncile modality-specific characteristics with shared
anatomical semantics, limiting their robustness in
complex multimodal settings.

Early work on medical image segmentation
predominantly relied on handcrafted features and
heuristic thresholding strategies [3, 4]. While these
methods achieved limited success in constrained
scenarios, their generalization ability was inher-
ently restricted. The emergence of deep learning
marked a fundamental shift toward data-driven
paradigms. Convolutional neural networks (CNNs),
represented by U-Net [5] and its numerous exten-
sions [6, 7], substantially improved segmentation
performance by effectively capturing local struc-
tural patterns and refining boundary delineation.
Nevertheless, the intrinsic locality of convolution
operations limited their capacity to model long-
range contextual dependencies.

To overcome this limitation, Transformer-based
architectures have been introduced into medical
image segmentation [8–10]. By leveraging global
self-attention mechanisms, these models enable
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direct interactions among distant spatial loca-
tions, leading to notable performance improvements
across a variety of benchmarks. Despite their suc-
cess, the application of Transformers does not fully
resolve the challenges posed by multimodal medical
image segmentation.

A central difficulty lies in the effective integra-
tion of heterogeneous imaging modalities. Existing
multimodal frameworks often adopt generic fusion
strategies, in which multimodal inputs are either
concatenated at early stages or processed through
unified encoding pipelines, as exemplified by Tran-
sUNet [8] and SwinUNETR [9]. Although such
designs can be effective under certain conditions,
they implicitly assume a high degree of compatibil-
ity across modalities. In practice, however, modal-
ities such as CT and MRI differ fundamentally in
imaging principles, intensity distributions, and dis-
criminative features. Forcing shared representations
without sufficient decoupling may introduce modal-
ity interference, weakening modality-specific cues,
including high-density structural information in CT
or soft-tissue contrast in MRI.

Beyond feature-level interference, many cur-
rent multimodal segmentation models lack explicit
mechanisms to enforce high-level semantic con-
sistency across modalities. Recent efforts, includ-
ing dynamic fusion strategies [11] and text-
driven approaches [12], attempt to incorporate
prior knowledge into the learning process. How-
ever, semantic interactions are often simplified or
restricted to late-stage decoding. Consequently,
semantic alignment across modalities remains
largely implicit during feature extraction, which
can be particularly problematic in low-contrast or
ambiguous regions where reliable semantic guidance
is crucial for distinguishing anatomically related
structures.

In parallel with these developments, Mixture-of-
Experts (MoE) architectures have gained increasing
attention as a means of scaling model capac-
ity through conditional computation. Originally
explored in natural language processing [13, 14] and
later extended to computer vision tasks [15], MoE
frameworks dynamically route inputs to specialized
expert networks. Preliminary studies in medical
imaging [16, 17] suggest that MoE-based designs
may offer advantages in both efficiency and repre-
sentation diversity. However, most existing imple-
mentations rely on homogeneous experts and rout-
ing strategies driven primarily by data distribution,
without explicitly accounting for modality-specific
characteristics or semantic alignment. As a result,
directly adopting standard MoE formulations may
be insufficient to address modality interference or
to ensure anatomically consistent representations in
multimodal segmentation.

Motivated by these observations, we pro-
pose Semantic-Guided Mixture-of-Experts Network

(SG-MoE-Net) for multimodal medical image seg-
mentation. The proposed framework aims to decou-
ple modality-specific representations while simul-
taneously promoting semantic consistency across
modalities. Rather than employing a fully shared
encoder, SG-MoE-Net introduces a modality-aware
Mixture-of-Experts mechanism, in which special-
ized experts are selectively activated to capture
distinct modality characteristics alongside shared
anatomical semantics. In addition, a cross-level
semantic guidance strategy is incorporated to inject
anatomical priors into the feature learning process,
facilitating semantic alignment across modalities
and improving robustness in challenging regions.
Through joint optimization, spatial representations
are not only effectively fused but also explicitly
constrained to remain semantically consistent.

The main contributions of this work are sum-
marized as follows:

• We propose a Mixture-of-Experts architec-
ture specifically designed for multimodal med-
ical image segmentation, enabling decoupled
modality-specific processing to alleviate feature
interference.

• A multi-level semantic guidance mechanism is
introduced to promote semantic alignment across
modalities beyond conventional decoder-level
fusion.

• A unified training objective is developed by inte-
grating cross-modal contrastive learning with
semantic consistency constraints, explicitly regu-
larizing feature alignment.

• Experiments conducted on three public multi-
modal datasets demonstrate that SG-MoE-Net
consistently outperforms state-of-the-art meth-
ods in terms of segmentation accuracy and gen-
eralization.

2 Related Work

2.1 Deep learning based medical
image segmentation

Early medical image segmentation methods were
primarily based on classical image processing tech-
niques, including handcrafted feature extraction
and rule-based modeling [18, 19]. The introduction
of convolutional neural networks (CNNs) marked
a major shift in the field. U-Net [5] established a
widely adopted encoder–decoder paradigm, which
was subsequently extended to volumetric segmen-
tation by V-Net [20] and further systematized
by nnU-Net [21]. These CNN-based architectures
significantly improved boundary delineation and
training stability. However, their reliance on local-
ized convolution operations inherently limits the
receptive field, making it difficult to capture long-
range contextual relationships that are critical for
complex anatomical structures [22, 23].
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To address this limitation, Vision Transformers
(ViT) [24–27] were introduced to model global con-
textual dependencies through self-attention mech-
anisms. Hybrid architectures such as TransUNet
[8] combined convolutional encoders with Trans-
former modules, enabling the integration of local
and global representations for 2D segmentation
tasks. This design philosophy was later extended
to 3D volumetric segmentation by models including
TransBTS [28] and SwinUNETR [9]. In particu-
lar, SwinUNETR [9] employs hierarchical shifted-
window attention to balance global context model-
ing and computational efficiency, achieving strong
performance on large-scale benchmarks such as
BraTS [29].

Despite these advances, important challenges
remain in multimodal medical image segmentation.
Most existing Transformer-based frameworks [8, 9,
28] adopt straightforward fusion strategies, com-
monly based on modality concatenation or shared
encoders, without explicitly accounting for the dis-
tributional heterogeneity across imaging modali-
ties. Such unified processing can lead to modality
interference, where modality-specific characteristics
are partially suppressed during feature learning.
Furthermore, while current architectures are effec-
tive at extracting spatial representations, they gen-
erally lack explicit mechanisms for modeling high-
level semantic consistency across modalities. As a
result, performance degradation is often observed
in low-contrast or ambiguous regions, where spa-
tial cues alone are insufficient to reliably distinguish
anatomically related structures.

2.2 Mixture-of-Experts

Mixture-of-Experts (MoE) models [30, 31] have
emerged as an effective paradigm for scaling model
capacity without incurring proportional computa-
tional overhead. This efficiency stems from condi-
tional computation with sparse activation, where
only a subset of experts is selectively engaged for
each input. Such a design has enabled substan-
tial advances in natural language processing (NLP),
underpinning the development of ultra-large mod-
els. Representative efforts include GShard [32],
Switch Transformer [13], GLaM [33], Mixtral [34],
and the DeepSeek family [14, 35–37], which scale
to the trillion-parameter regime while retaining
feasible training costs.

Building on these successes, MoE architectures
have been extended beyond NLP to computer
vision [15] and multimodal vision–language applica-
tions [38–40], achieving strong performance across
diverse benchmarks. The modularity of MoE natu-
rally accommodates heterogeneous data and multi-
task learning, allowing individual experts to spe-
cialize in domain-specific subtasks. This flexibility
has fueled applications in sentiment analysis [41],
domain adaptation [42], multilingual translation

[43], chart understanding [44], and multi-task vision
problems [45, 46].

Despite these advantages, MoE systems face
practical challenges, most notably expert load
imbalance [32, 47], which has motivated the design
of refined routing algorithms [13, 48] and theoret-
ical analyses of their efficiency and generalization
[49–51]. While the majority of research has con-
centrated on leveraging MoE’s sparsity for large-
scale representation learning in NLP, vision, and
vision–language domains, interest is now shifting
toward its application in medical image analysis
[16, 17]. In this setting, the combination of MoE
with semantic guidance holds particular promise.
However, how best to integrate semantic priors
with MoE’s dynamic routing for domain-specific
segmentation tasks—ranging from few-shot organ
delineation and weakly supervised tumor detection
to modality-aware multi-organ analysis—remains
an open and compelling question.

3 Methodology

3.1 The Overall Architecture

The proposed SG-MoE-Net follows an
encoder–decoder paradigm specifically designed for
multimodal medical image segmentation. Multi-
modal inputs are first partitioned into patches and
projected through modality-specific linear layers to
obtain encoded representations. These features are
then fed into the Multimodal Mixture-of-Experts
(MMoE) Block, which leverages the Mixture-of-
Experts (MoE) mechanism with dedicated CT,
MRI, and semantic experts. A dynamic routing
strategy selectively activates experts, enabling
cross-modal feature disentanglement and targeted
representation learning. Deeper within the encoder,
a Swin Transformer is employed, whose shifted-
window attention captures multi-scale contextual
dependencies. The resulting hierarchical feature
maps are passed to the decoder via skip connec-
tions. At each connection, a Semantic-Guided
Module (SGM) fuses high-level semantic embed-
dings from deeper layers with low-level spatial
features, while simultaneously aligning represen-
tations across modalities to reinforce semantic
consistency. The aggregated features are progres-
sively upsampled and refined in the decoder, and
a final 1 × 1 convolution produces the multi-class
segmentation probability map.

3.2 Multi-Modal MoE Block

Conventional multimodal segmentation models
often treat modalities as independent or simply con-
catenate their features, overlooking both their com-
plementary properties and inherent conflicts. Such
designs frequently introduce semantic ambiguity
and feature entanglement. To overcome these lim-
itations, SG-MoE-Net introduces the Multi-Modal
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Fig. 1 Illustration of the SG-MoE-Net model: (a) Overall UNet architecture, (b) Semantic-Guided Module, (c) Multi-Modal
MoE Block, and (d) Modality-Specific Expert Networks with Dynamic Gating Network.

Mixture-of-Experts (MMoE) Block, which employs
dynamic routing for adaptive feature decoupling
and semantic enhancement.

As shown in Figure 1, the MMoE block consists
of modality-specific expert networks and a dynamic
gating module.

3.2.1 Modality-Specific Expert
Networks

Each expert is implemented as a two-layer MLP
with GELU activation:

Experti(x) = GELU(Wi1x+ bi1)Wi2 + bi2 (1)

where x is the input feature, Wi1,Wi2 are learnable
weights, and bi1, bi2 are bias terms. The CT expert
emphasizes high-density cues such as bone and
calcification, while the MRI expert captures soft-
tissue contrasts from T1/T2-weighted signals. The
semantic expert takes fused multimodal features
as input and produces cross-modality semantic
embeddings. Unlike conventional MoE with homo-
geneous experts, this heterogeneous expert design
simultaneously enables modality decoupling and
explicit semantic modeling.

3.2.2 Dynamic Gating Network

The gating module computes the contribution of
each expert through a single-layer MLP followed by
a softmax activation:

g(x) = softmax(Wgx+ bg) (2)

where Wg and bg are learnable parameters. The
MMoE output is the weighted combination of

expert responses:

MMoE(x) =

K∑
i=1

gi(x) · Experti(x) (3)

This mechanism adaptively selects modality-
appropriate experts, effectively reallocating compu-
tation compared to shared MLPs.

3.2.3 Semantic-Guided Expert
Collaboration

A key challenge in multimodal fusion is semantic
inconsistency, where the same structure exhibits
different representations across modalities. To
address this, the semantic expert enforces cross-
modal alignment via contrastive constraints. For
CT features xCT and MRI features xMRI , we
impose:

sim(Esem(xCT ), Esem(xMRI)) >

sim(Esem(xCT ), Esem(xother))
(4)

where sim(·) denotes cosine similarity and xother

refers to unrelated anatomical features. For exam-
ple, in liver segmentation, this encourages semantic
alignment of liver features across CT and MRI,
reducing confusion caused by direct fusion.

The semantic expert further modu-
lates modality-specific outputs through an
attention-based mechanism:

Expert′i(x) = Experti(x)⊗ σ(WaEsem(x) + ba)
(5)

where ⊗ denotes element-wise multiplication, σ
is the sigmoid function, and Wa, ba are learnable
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parameters. This design achieves effective disentan-
glement of modality-specific features while embed-
ding global semantic cues, yielding robust feature
representations for decoding.

3.3 Semantic-Guided Module

In standard encoder–decoder architectures, skip
connections primarily deliver low-level spatial
details but often lack high-level semantic context,
leading to semantic drift—particularly severe in
multimodal settings. To mitigate this, we intro-
duce the Semantic-Guided Module (SGM) within
each skip connection. The SGM bridges semantic
and spatial features, aligns representations across
modalities, and introduces domain priors to ensure
anatomically plausible predictions.

Semantic embeddings S are projected into two
complementary subspaces:

fsem1 = Linear1(S), fsem2 = Linear2(S) (6)

where Linear1 and Linear2 are learnable mappings.
For skip features fskip, semantic modulation is
performed as:

fguided = fskip ⊙ σ(fsem1) + fsem2 (7)

where ⊙ is the Hadamard product. This enriches
low-level features with task-relevant semantic guid-
ance while suppressing irrelevant responses.

To further address cross-modal inconsistency,
we enforce semantic alignment via a contrastive
loss:

Lmodality =− log
exp

(
sim(eCT

sem, eMRI
sem )/τ

)
exp (sim(eCT

sem, eMRI
sem )/τ)

+
∑
i̸=j

exp
(
sim(eisem, ejsem)/τ

) (8)

where eCT
sem and eMRI

sem are CT and MRI seman-
tic embeddings, τ is a temperature coefficient, and
sim(·) computes cosine similarity.

The SGM and MMoE interact bidirectionally:
modality-specific experts provide priors to the
SGM, while semantic modulation from the SGM
refines expert responses, forming a complemen-
tary interplay between anatomical knowledge and
modality-specific representation.

3.4 Loss Function

SG-MoE-Net is optimized with a joint objec-
tive balancing segmentation accuracy, cross-modal
alignment, and semantic consistency:

Ltotal = Lseg + αLmodality + βLsemantic (9)

3.4.1 Primary Segmentation Loss

We combine Dice, cross-entropy, and boundary
terms:

Lseg = λ1LDice + λ2LCE + λ3LBoundary (10)

Dice loss addresses class imbalance:

LDice = 1−
2
∑N

i=1 pigi + ε∑N
i=1 p

2
i +

∑N
i=1 g

2
i + ε

(11)

where pi and gi denote predictions and ground
truth. Cross-entropy loss enforces discriminative
class prediction:

LCE = − 1

N

N∑
i=1

C∑
c=1

gci logP
c
i (12)

and boundary loss sharpens region boundaries:

LBoundary = −
N∑
i=1

gi logPi · di (13)

where di is the distance to the ground-truth bound-
ary.

3.4.2 Cross-Modal Alignment Loss

This term enforces alignment of modality-specific
embeddings using the contrastive form in Eq.8.

3.4.3 Semantic Consistency Loss

To stabilize semantic learning, we introduce a
classification-based constraint:

Lsemantic = − 1

M

M∑
m=1

C∑
c=1

ycm log(fsemantic(xm))

(14)
where xm is the input, ycm the semantic class, and
fsemantic the classifier output.

4 Experiences

4.1 Dataset

To validate our method’s effectiveness, we con-
ducted volumetric segmentation experiments on
three publicly available multimodal dataset: Cross-
MoDA2021 [58], MM-WHS [59], and HaN-Seg [60].

4.1.1 CrossMoDA2021 Dataset

The CrossMoDA2021 dataset provides brain MRI
scans across two modalities: T1-CE and T2-HR. It
includes expert annotations for vestibular schwan-
noma and cochlea masks. The training set consists
of 105 T1-CE brain images with their correspond-
ing segmentation masks, along with 105 unlabeled
T2-HR brain images. The validation set contains 32
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Table 1 Quantitative Comparisons of Segmentation Performance in CrossMoDA, MM-WHS and HaN-Seg dataset. Our
method is compared against current state-the-art models. The best result of each column is highlighted in bold.

Method
CrossMoDA MM-WHS HaN-Seg

DSC NSD HD95 MASD DSC NSD HD95 MASD DSC NSD HD95 MASD

3D UNet [52] 0.642 0.597 1.050 0.605 0.709 0.700 1.903 1.416 0.574 0.571 18.035 20.512

Swin-UNet [10] 0.671 0.620 0.827 0.620 0.720 0.694 1.871 0.942 0.665 0.620 21.531 24.542

TransUNet [8] 0.680 0.626 0.603 0.503 0.796 0.702 1.890 1.241 0.696 0.648 15.456 12.346

CoTr [53] 0.723 0.775 0.529 0.424 0.876 0.794 1.752 0.801 0.741 0.746 10.735 9.238

MISSFormer [54] 0.735 0.760 0.513 0.416 0.872 0.772 1.705 0.780 0.784 0.761 9.376 9.804

nnUNet [21] 0.791 0.794 0.472 0.225 0.887 0.790 1.684 0.761 0.819 0.790 8.280 8.790

TransBTS [28] 0.769 0.808 0.420 0.247 0.870 0.791 1.749 0.762 0.801 0.808 8.372 8.803

SwinUNETR [9] 0.832 0.824 0.339 0.174 0.905 0.850 1.317 0.754 0.852 0.836 7.241 7.483

SAM-Med3D [55] 0.817 0.816 0.358 0.201 0.867 0.842 1.452 0.748 0.823 0.831 7.801 7.035

SegMamba [56] 0.835 0.829 0.332 0.173 0.895 0.848 1.315 0.759 0.855 0.821 7.471 6.950

D-LKA Net [57] 0.837 0.821 0.339 0.151 0.875 0.839 1.310 0.765 0.857 0.842 7.410 7.028

Ours 0.843 0.823 0.326 0.142 0.893 0.854 1.209 0.752 0.862 0.850 7.585 6.815

T2-HR brain MRI scans, and the test set includes
107 T2-HR brain MRI scans.

4.1.2 MM-WHS Dataset

The MM-WHS dataset comprises 120 multimodal
cardiac images, specifically 60 cardiac CT/CTA
and 60 cardiac MRI scans. All images, encompass-
ing the entire heart and its critical substructures,
were acquired in real clinical settings and used for
diagnostic purposes. The dataset is divided into a
training set, consisting of 20 CT and 20 MRI sam-
ples, and a test set, which includes 40 CT and 40
MRI samples. For the training set, detailed manual
annotations are provided for seven major cardiac
substructures: the left and right ventricular blood
pools, left and right atrial blood pools, left ventric-
ular myocardium, ascending aorta, and pulmonary
artery.

4.1.3 HaN-Seg Dataset

HaN-Seg is a publicly accessible dataset for head
and neck organ at risk(OAR) image segmentation.
It features CT and MRI images from 42 patients.
This dataset provides binary segmentation masks
for 30 individual organs at risk.

4.2 Implementation Details

Our SG-MoE-Net was implemented using PyTorch
1.10.1 and MONAI 1.3.0. All training was con-
ducted on a single NVIDIA RTX 4090 GPU. We
used the AdamW optimizer with a momentum of
0.99. The initial learning rate was set to 0.0001 and
was reduced to 80% of its current value every 100

epochs. Training proceeded for 500 epochs with a
batch size of 2. During training, we cropped random
128 × 128 × 128 patches from the 3D image vol-
umes. We applied random axis mirroring with a 0.5
probability along all three axes. Furthermore, we
implemented data augmentation transformations
on the input image channels, including random per-
channel intensity shifts within a range of (−0.1, 0.1)
and random intensity scaling within a range of
(0.9, 1.1). For inference, we employed a sliding
window approach with an overlap of 0.7 between
adjacent voxels.

4.3 Evaluation Metrics

We evaluate the performance of all models using for
complementary metrics: Dice Similarity Coefficient
(DSC) [61], Normalized Surface Dice(NSD) [62],
95% Hausdorff Distance (HD95) [63], and Mean
Average Surface Distance(MASD) [64].

The DSC quantifies the degree of overlap
between the volumetric segmentation predictions
and the ground truth voxels, defined as follows:

DSC (Y, P ) = 2 ∗ |Y ∩ P |
|Y | ∪ |P |

= 2 ∗ Y · P
Y 2 + P 2

(15)

here, Y and P denote the ground truth and the
output probabilities for all voxels, respectively.

NSD quantifies the overlap between the pre-
dicted and ground-truth boundaries within the
segmentation voxels, providing a normalized evalu-
ation of their alignment. This metric accounts for
both the boundaries and border regions, offering a
comprehensive assessment of how well the predicted
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Fig. 2 Qualitative comparison on the CrossMoDA and MM-WHS dataset. We compare our AgentUNETR with existing
methods.
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Fig. 3 On the HaN-Seg test set, a comparison of visual-
izations with SwinUNETR demonstrates the performance of
the segmentation results.

surface aligns with the reference. It is formally
defined as:

NSD(Y, P ) =
|SY ∩BP |+ |SP ∩BY |

|SY |+ |SP |
(16)

where SY and SP represent the boundary voxels
of the ground truth and prediction, respectively,
while BY and BP denote the corresponding border
regions around these boundaries.

HD95 is commonly used as boundary-based
metric to measure the 95th percentile of the dis-
tances between boundaries of the volumetric seg-
mentation predictions and the voxels of the ground
truths. It is defined as follows:

HD95(Y, P ) = max {d95(Y, P ), d95(P, Y )} (17)

where, d95(Y, P ) is the maximum 95th percentile
distance between the ground truth and predicted
voxels, and d95(P, Y ) is the maximum 95th per-
centile distance between the predicted and ground
truth voxels.

MASD evaluates the average spatial deviation
between the predicted and ground-truth surfaces
by computing the mean of distances from each
surface to the other. This bidirectional metric cap-
tures spatial dissimilarity and quantifies how far,
on average, the predicted voxels deviate from their
ground-truth counterparts. It is defined as:

MASD(Y, P ) =
1

2
(

∑
y∈Y d(y, P )

|Y |
+

∑
p∈P d(Y, p)

|P |
)

(18)
Here, d(y, P ) denotes the shortest distance from a
ground-truth voxel y ∈ Y to the predicted surface
P , and d(Y, p) represents the shortest distance from
a predicted voxel p ∈ P to the ground-truth surface
Y .

7



4.4 Comparison with state-of-the-art
methods

We evaluated the performance of our proposed
SG-MoE-Net against state-of-the-art methods on
the CrossMoDA, MM-WHS, and HaN-Seg dataset.
All reported results reflect single-model perfor-
mance without any pre-training, model ensembles,
or additional data.

4.4.1 Experiments of the CrossMoDA
dataset

Table 1 summarizes the quantitative evaluation
on the CrossMoDA dataset. Segmentation perfor-
mance is assessed using the Dice Similarity Coeffi-
cient (DSC), Normalized Surface Distance (NSD),
the 95th percentile Hausdorff Distance (HD95),
and Mean Average Surface Distance (MASD). SG-
MoE-Net achieves an average DSC of 84.3%, out-
performing SwinUNETR [9], SAM-Med3D [55], as
well as recent methods such as SegMamba [56] and
D-LKA Net [57]. In addition to improved region
overlap, SG-MoE-Net exhibits lower boundary-
related errors, achieving an HD95 of 0.326 and
a MASD of 0.142. These results indicate that
decoupling modality-specific representations con-
tributes to more accurate and stable surface delin-
eation, suggesting improved robustness against
cross-modality feature interference compared with
sequential or purely convolutional architectures.

The top rows of Figure 2 present a qualita-
tive comparison between SG-MoE-Net and existing
methods on different cases from the CrossMoDA
dataset. To facilitate a clearer inspection of sub-
tle differences in boundary delineation, magnified
views of the regions of interest (ROIs) are pro-
vided in the bottom-left corner of each sample and
highlighted by red dashed boxes. The first row
illustrates a relatively simple case, where existing
approaches show limited accuracy in delineating
tumor boundaries. In contrast, as observed in the
magnified ROIs, SG-MoE-Net achieves a more pre-
cise and sharper segmentation. The second row
presents a more challenging example: both Tran-
sUNet [8] and SAM-MED3D [55] exhibit under-
segmentation, failing to fully capture the vestibular
schwannoma(VS), while nnUNet [21] and Swin-
UNETR [9] tend to over-segment the VS region. By
comparison, SG-MoE-Net provides more accurate
delineations, achieving a better balance between
completeness and precision.

4.4.2 Experiments of the MM-WHS
dataset

The comparative evaluation on the MM-WHS
dataset is presented in Table 1. SG-MoE-Net
achieves competitive performance across all met-
rics, with particularly strong results on boundary-
sensitive measures, attaining an NSD of 85.4%
and an HD95 of 1.209. Although SegMamba [56]

and SwinUNETR [9] report comparable or slightly
higher DSC values, SG-MoE-Net consistently main-
tains lower boundary errors. This behavior is espe-
cially relevant for cardiac structure segmentation,
where accurate boundary delineation is critical.
The stable performance on boundary-related met-
rics suggests that the proposed semantic guidance
contributes to more coherent anatomical represen-
tations in regions with limited contrast.

The bottom two rows of Figure 2 illustrate the
performance of SG-MoE-Net in comparison with
state-of-the-art methods on representative cases
from the MM-WHS dataset. The magnified ROIs
provide a clearer view of regions with increased
structural complexity, facilitating a more detailed
visual assessment. In the third row, nnUNet [21]
and TransUNet [8] fail to accurately segment
the left atrial cavity (light blue), exhibiting clear
under-segmentation. Similarly, SAM-MED3D [55]
and SwinUNETR [9] underperform in delineat-
ing the pulmonary artery (yellow), also showing
signs of under-segmentation. The fourth row high-
lights further challenges: nnUNet [21] and Tran-
sUNet [8] capture excessive non-target regions in
the right ventricular cavity (red), resulting in over-
segmentation. While SAM-MED3D [55] performs
relatively well overall, it struggles to precisely define
the boundaries of the right ventricular cavity (pur-
ple). SwinUNETR [9] similarly fails to accurately
model the boundaries of the pulmonary artery. In
contrast, SG-MoE-Net consistently achieves higher
accuracy and robustness across cardiac structures,
demonstrating superior capability in segmenting
anatomically complex regions.

4.4.3 Experiments of the HaN-Seg

Table 1 summarizes the results on the HaN-Seg
dataset. SG-MoE-Net achieves the highest per-
formance on most evaluation metrics, including
DSC of 86.2%, NSD of 85.0%, and MASD of
6.815. These results represent a clear improvement
over recent methods such as D-LKA Net [57] and
SegMamba [56]. While SwinUNETR [9] and Seg-
Mamba [56] obtain slightly lower HD95 values,
qualitative inspection shows that SG-MoE-Net pro-
duces more anatomically complete segmentations
for complex head-and-neck structures, indicating a
favorable balance between boundary precision and
overall structural integrity.

Figure 3 presents a 3D visualization of the
segmentation results on the HaN-Seg dataset, pro-
viding an intuitive view of segmentation quality
that is particularly relevant for clinical assessment.
To enable a more detailed comparison of com-
plex anatomical structures, several representative
regions are highlighted using red dashed boxes,
where notable differences among methods can be
observed. As illustrated in Figure 3, SwinUNETR
[9] exhibits certain limitations in multi-organ seg-
mentation tasks, often producing blurry boundaries
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Table 2 Ablation experiments on CrossMoDA
dataset.

Model DSC MASD

baseline 0.832 0.174

baseline+SGM 0.836 0.155

baseline+MMoE 0.840 0.138

baseline+SGM+MMoE 0.843 0.142

and incomplete organ segmentations. Specifically,
in the regions indicated by the red boxes, it shows
a noticeable bulge at the edge of the right eye and
misses information for the oral mucosa. In contrast,
our SG-MoE-Net achieves clearer boundaries and
more complete organ segmentation.

4.5 Ablation Experiment

To evaluate the effectiveness of each core com-
ponent in SG-MoE-Net, we conducted a series of
ablation studies on the CrossMoDA dataset. By
comparing different model variants, we quantita-
tively assessed the individual contributions of each
module to the overall segmentation performance.

4.5.1 With SGM Module

As shown in Table 2, equipping the baseline model
with the SGM leads to a 0.4% improvement in DSC
(from 83.2% to 83.6%). This performance gain is
likely attributed to the SGM’s dual-branch seman-
tic transformation design, which injects high-level
anatomical priors into low-level feature representa-
tions, thereby enhancing the semantic separability
between target structures and background regions.

4.5.2 With MMoE Module

When the baseline is augmented with MMoE, DSC
increases by 0.8% (from 83.2% to 84.0%), and
MASD is reduced by 0.036 (from 0.174 to 0.138).
This improvement stems from the MMoE’s gated
expert mechanism, which assigns modality-specific
experts to CT and MRI inputs. This design enables
the model to dynamically capture modality-specific
representations and mitigates feature confusion
arising from inter-modal discrepancies.

4.5.3 With SGM and MMoE Module

Table 2 further demonstrates that our full SG-
MoE-Net achieves a DSC of 84.3% and a MASD of
0.142, outperforming all other model variants. The
fine-grained modality-specific feature extracted by
MMoE serve as a foundation for SGM’s semantic
guidance, while the anatomical priors introduced
by SGM help mitigate potential modality biases
from MMoE, leading to an overall improvement in
segmentation performance.

5 Discussion

The experimental results support the effectiveness
of SG-MoE-Net. Ablation studies indicate that the
proposed Mixture-of-Experts design reduces the
Mean Average Surface Distance (MASD) on the
CrossMoDA dataset from 0.174 to 0.142, suggest-
ing that decoupling modality-specific representa-
tions can effectively alleviate cross-modality inter-
ference. In addition, qualitative results demonstrate
improved delineation of anatomically ambiguous
boundaries, such as the oral mucosa, where inten-
sity contrast is limited. These observations indicate
that the proposed semantic guidance mechanism
contributes to more stable and semantically coher-
ent representations in low-contrast regions.

Despite these improvements, several limitations
remain. Incorporating a Mixture-of-Experts archi-
tecture introduces additional computational cost
and increases parameter complexity compared with
single-stream networks. Moreover, the effectiveness
of semantic guidance depends on the availabil-
ity and quality of anatomical annotations, which
may constrain performance in scenarios with lim-
ited labeled data. Future work will explore more
lightweight expert designs to improve computa-
tional efficiency and investigate weakly supervised
or semi-supervised strategies to reduce reliance on
dense annotations, thereby enhancing the practical
applicability of the proposed framework in clinical
settings.

6 Conclusion

This study tackles the issue of semantic inconsis-
tency caused by modality discrepancies in mul-
timodal medical image segmentation. We present
SG-MoE-Net, a novel framework that couples
a multimodal mixture-of-experts mechanism with
explicit semantic guidance. The architecture inte-
grates three key components: a Semantic Guidance
Module (SGM), a Multimodal Mixture-of-Experts
(MMoE) block, and a jointly optimized loss func-
tion, enabling accurate feature fusion across modal-
ities while enforcing semantic alignment. Compre-
hensive evaluations on three public benchmarks ver-
ify the effectiveness and robustness of our approach.
Looking ahead, we plan to investigate lightweight
architectural designs to facilitate clinical deploy-
ment and pursue fine-grained anatomical semantic
modeling to further enhance the clinical utility of
the framework.
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