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Abstract
Recent advances in 3D medical image segmentation have been driven by hybrid CNN-Transformer
architectures that capture long-range dependencies at the cost of heavy parameters. This pa-
per introduces Capsule-Expert Routing UNet (CER-UNet), a novel encoder–decoder model that
achieves strong global context modeling with substantially lower computational parameters. CER-
UNet integrates two complementary contributions: (1) a statistical attention module that performs
computationally efficient long-range interaction via low-rank covariance pooling and channel-wise
statistics, coupled with a 2.5D hybrid convolutional design featuring Inception-style multi-scale
depthwise-separable kernels. (2) a Capsule-Expert Mixture-of-Experts (CapMoE) routing mech-
anism that introduces dynamic feature routing across hierarchical scales, enabling lightweight
multi-scale fusion and expert specialization while avoiding the instability of full attention-based
routing mechanism. CER-UNet preserves the strong context modeling of recent UNet-like CNN-
Transformer hybrids but surpasses them in accuracy-efficiency trade-off.CER-UNet achieves an
average Dice of 92.52% on ACDC, 84.94% on BTCV, and 86.64% on Synapse, while using
nearly only 32M parameters. Across all three benchmarks, it consistently outperforms com-
petitive Transformer-based methods and conventional 2D/2.5D and 3D segmentation networks,
highlighting a strong accuracy-efficiency trade-off. Extensive experiments across multiple 3D
medical segmentation benchmarks demonstrate that CER-UNet delivers robust state-of-the-art per-
formance with significantly lower computational overhead. The implementation of CER-UNet is
available at https://anonymous.4open.science/r/CER-Unet-BC53.
Keywords: 3D Image Segmentation, Inception-style 2.5D convolutions, Capsule Routing, Mixture-
of-experts.

1. Introduction

3D medical image segmentation is fundamental to clinical decision-making, yet remains chal-
lenging due to the high resolution and anatomical complexity of volumetric CT and MRI data.
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While CNN-based architectures such as U-Net (Ronneberger et al., 2015a) effectively capture lo-
cal spatial patterns, they struggle with long-range dependencies essential for accurate delineation.
Transformer-based and hybrid CNN–attention models address this limitation by introducing global
context modeling (Azad et al., 2023; Hatamizadeh et al., 2021), but their quadratic attention cost
often limits scalability in real-world deployments (Hatamizadeh et al., 2022). Recent efforts to im-
prove efficiency, such as factorized convolutions (Roy et al., 2022), multi-scale aggregation (Zhou
et al., 2018), and deformable operations (Dai et al., 2017) highlight the need for architectures
that balance accuracy, capacity, and computational practicality. This work addresses this gap by
introducing an efficient, scalable approach for high-resolution 3D medical segmentation.

Despite these advances, achieving a balance between model expressiveness and computational
cost remains a persistent challenge in 3D medical image analysis. Skip connections, play a crucial
role in maintaining spatial detail during the reconstruction phase of segmentation. Traditional
U-Net implementations use direct concatenation between encoder and decoder features, but these
naive skip connections may inadequately bridge the semantic gap between low-level and high-level
feature representations. To address this limitation, recent studies have proposed more advanced skip
connection strategies. For instance, gated mechanisms have been employed between encoder and
decoder stages (Rahman et al., 2024), while others have incorporated cross-attention mechanisms
across the network (Xu et al., 2023). More recently, UTANet (Luo et al., 2025) introduces a Task-
Adaptive Mixture of Skip Connections (TA-MoSC), reframing skip fusion as an MoE-style routing
problem that dynamically redistributes multi-level encoder features to decoder stages to reduce
semantic disparity across tasks and datasets. Nonetheless, the semantic misalignment between
encoder and decoder features becomes particularly problematic when dealing with heterogeneous
datasets, where variations in data distribution and structure are common. As noted by Wang
et al. (Wang et al., 2022), directly transferring features through basic skip connections can lead
to suboptimal generalization, especially when semantic information differs significantly between
encoding and decoding stages. This mismatch can degrade the model’s performance, highlights
the need for more semantically aware feature fusion strategies in medical image segmentation
frameworks.

To address these limitations, we propose CER-UNet: a Capsule-Enhanced Skip connections
for encoder-decoder architecture. Our contributions are as follows:

• We introduce SCBAM: a statistical, parameter-free CBAM variant that replaces MLP/conv
attention using second-order statistics, improving feature focus with negligible overhead.

• We propose a capsule-inspired MoE a skip mechanism for 3D medical segmentation,
combining structured expert design, balanced multi-gate routing, and Docker-based multi-
scale alignment

• We introduce a Unified architecture: we combine 2.5D multi-scale encoding, SCBAM,
CapMoE, and Docker-based scale alignment into a compact encoder–decoder that improves
accuracy while maintaining a favorable parameter–compute budget.
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2. Proposed Work

We propose CER-UNet, a parameter efficient yet expressive 3D segmentation architecture that
jointly optimizes efficiency, representation quality, and spatiotemporal modeling. To mitigate
the high computational cost of 3D convolutions, we introduce 2.5D Inception residual blocks
that factorize 3D kernels into a sequence of pointwise, spatial, and temporal depthwise operations,
preserving full 3D receptive fields while substantially reducing parameters. On top of this backbone,
we design SCBAM, a Statistical attention module that replaces learned MLP/convolutional attention
with SimAM-style, parameter-free channel and spatial energies, enabling the network to emphasize
salient responses without additional trainable weights. A lightweight transformer-based encoder
coupled with residual paths and hierarchical trilinear fusion produces multi-scale tokens (t1–t4),
which are further refined through Docker-based temporal alignment and CapMoE skip bridges that
adaptively route encoder features via capsule-style experts instead of static concatenation.

Figure 1: Architecture of the proposed CER-UNet. CER-UNet integrates an Inception-2.5D and
statistical attention enhanced (SCBAM) UNET with Docker-based spatio-temporal align-
ment and a CapMoE, followed by a decoder with multi-scale depthwise convolutions for
3D medical image segmentation.
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2.1. 2.5D Factorized Convolutions & Inception Modules

Standard 3D convolutions process all three spatial axes simultaneously, incurring high parameter
counts and FLOPs. A single 3D layer with kernel size kd×kh×kw hasP3D = Cin ·Cout ·kd ·kh ·kw..
We approximate a 3D conv by a pointwise 1×1×1 (channel mixing), a spatial depthwise 1×kh×kw,
and a temporal depthwise kd×1×1: X 1×1×1−−−−→X′ 1×kh×kw−−−−−−→Xs

kd×1×1−−−−−→Xt. The parameter count
becomes P2.5D = CinCout + Cout

(
khkw + kd

)
, instead of P3D = CinCoutkdkhkw. which helps

to retaining a 3D receptive field while substantially reducing computation and memory. These
Conv2.5D blocks form the backbone of each encoder and decoder stage.

2.2. SCBAM: Statistical Attention CBAM

Further each encoder and decoder stage equipped with SCBAM attention module. Earlier proposed
attention modules like CBAM (Woo et al., 2018) improve focus but typically rely on MLPs (channel)
and convolutions (spatial), adding parameters and compute. In contrast, SimAM (Yang et al., 2022)
formulates attention as an energy minimization using second-order statistics. Building on this idea,
we propose SCBAM, which applies SimAM-style energies to both channel and spatial dimensions
without learnable parameters as illustrated below. We apply SCBAM to 2D feature maps (per 2.5D
stack), X ∈ RB×C×H×W .
Channel attention via SimAM energy. For each channel c, the channel attention is computed as

µc =
1

HW

∑H
i=1

∑W
j=1Xcij , σ2

c = 1
HW−1

∑H
i=1

∑W
j=1(Xcij − µc)

2 + λ (1)

and the energy response as Ech
cij =

(Xcij−µc)2

4σ2
c

+ 1
2 , Xch

cij = Xcij · σ(Ech
cij

)
, where σ(·) is the

sigmoid and λ is a small constant ( 10−4) for stability. Higher-variance activations receive larger
emphasis, implicitly modeling saliency within each channel.
Spatial attention via Statistical Attention. At each spatial location (i, j), compute

µij =
1
C

∑C
c=1Xcij , σ2

ij =
1

C−1

∑C
c=1(Xcij − µij)

2 + λ, Esp
ij =

∑
c(X

ch
cij−µij)

2

4σ2
ij

+ 1
2 , X̂cij = Xch

cij · σ
(
Esp

ij

)
,

this yields a shared spatial attention map Eij that modulates all channels without any convolutional
filters, this helps the each encoder and decoder blocks to more attentive towards global features
without extra trainable params. Further we use the Multi depthwise convolutional block (Rahman
et al., 2024) (MSDC) to capture the multiscale features.

2.3. Efficient Multi-Scale Residual Encoder–Decoder

We encode the volumetric input using an SCBAM and Inception-guided UNETR++ (Shaker
et al., 2024) inspired encoder. The encoder yields four hierarchical feature representations,
enc1, enc2, enc3, enc4. To facilitate efficient cross-scale integration before expert routing, we align
these features to a shared spatiotemporal resolution through trilinear interpolation and lightweight
channel projections. Concretely, t1 is obtained from enc1 using a 1×1×1 3D projection. We
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upsample enc2 to the target resolution and apply a 1×1×1 projection to form t2. For t3, we
first perform a 1×1×1 projection and then trilinearly upsample. The deepest transformer token
representation enc4 is projected with a 1×1 1D convolution, expanded into volumetric form, and
trilinearly resized to produce t4. We concatenate t1, t2, t3, t4 along the channel dimension to con-
struct a unified multi-scale tensor called, fused(F ) which serves as a rich context representation
for routing and subsequent decoding. In our design, the CapMoE outputs are further organized
into scale-specific pathways and compressed by Docker blocks that uses 2D convolutions, adaptive
pooling, to generate aligned volumetric features y1, y2, y3, y4 for the decoder. To promote stable
optimization and support deeper hierarchies, we incorporate residual learning across all encoder and
decoder stages. Each block using 2.5D Inception modules, enabling efficient cross-slice aggrega-
tion. This yields an end-to-end multi-scale residual encoder-decoder, well suited for high-resolution
volumetric medical segmentation.

2.4. Docker for spatiotemporal features.

As we discussed above, the Docker module transforms each CapMoE output into a spatiotemporal
compressed representation that can be aligned with the decoder hierarchy. Given an expert feature
map, we reshape it into X ∈ RB×C×T×H×W , where T denotes the number of slices treated as a
pseudo-temporal axis. In our implementation, Docker performs lightweight slice-wise refinement
using a 1×1 2D projection on each slice, followed by spatiotemporal compression via adaptive av-
erage pooling. To obtain scale-specific tokens, Docker applies adaptive pooling with temporal and
spatial downscaling factors (st, ss): T ′ = max(1, ⌊T/st⌋) , H ′ = max(1, ⌊H/ss⌋) , W ′ =
max(1, ⌊W/ss⌋) , yielding a compressed feature volume Y ∈ RB×C′×T ′×H′×W ′ . We employ
four Docker blocks with progressively larger (st, ss) to form {y1,y2,y3,y4}. This hierarchi-
cal downscaling constitutes the main multi-scale mechanism in Docker, producing coarse-to-fine
spatiotemporal tokens that match successive decoder stages.

2.5. Capsule-experts for skip connections.

Building on the multi-scale features aligned by Docker, we use CapMoE to make skip connections
adaptive and spatially aware. In standard U-Net style models, skip connections are static con-
catenations, which can pass along low-level details that are not always helpful for the decoder at a
given stage. CapMoE instead allows the network to selectively refine and re-encode skip information
based on the input content, improving semantic alignment between encoder cues and decoder needs.
To keep the module lightweight while increasing expressiveness (see Appendix for proofs), each
expert is implemented as a simple capsule-inspired convolutional block. Given an input feature map
X ∈ RB×C×H×W , we compute K parallel capsule responses: Uk = Convk3×3(X), k = 1, . . . ,K,
concatenate them as, U = Concat(U1, . . . ,UK), apply a capsule-style squashing nonlinearity,
and project back to the original channel dimension using a 1×1 convolution:

E(X) = Conv1×1

(
Squash(U)

)
∈ RB×C×H×W .
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This design preserves spatial resolution but gives each expert a richer, capsule-like way to reshape
channel interactions. The CapMoE outputs are then used as adaptive skip features, which can be
further organized by Docker depending on the configuration and injected into the decoder.

Algorithm 1: Capsule Mixture of Ex-
perts (CapMoE)

Input: x ∈ RB×C×H×W , number of experts E, top-k k
Output: y1,y2,y3,y4 ,LCapMoE

Initialize capsule experts {Ei}Ei=1

Initialize gating matrices G1, G2, G3, G4 ∈ RC×E (Xavier)
for j ← 1 to 4 do

z← GAP(x) ∈ RB×C

Pj ← softmax(zGj) ∈ RB×E // gate probs

uj ←
∑B

b=1 Pj [b, :] ∈ RE // usage

(wj , Ij)← TopK(Pj , k) // wj ∈RB×k

wj ← softmax(wj) // normalize over top-k

Expand x to xexp ∈ RBk×C×H×W

Initialize yexp ← 0 (same shape)
for i← 1 to E do

Mi ← {m | Ij [m] = i} // routed slots

ifMi ̸= ∅ then
xi ← xexp[Mi]
yexp[Mi]← Ei(xi)

end
end
Reshape yexp → RB×k×C×H×W

Reshape wj → RB×k×1×1×1

yj ←
∑k

t=1 wj [:, t]⊙ yexp[:, t]

ℓj ←
Var(uj)

Mean(uj)2 + ε

end
LCapMoE ←

∑4
j=1 ℓj

return y1,y2,y3,y4,LCapMoE

Algorithm 2: Concise Forward Pass with
CapMoE + Docker

Input: xin ∈ RB×Cin×D×H×W

Output: logits, LCapMoE

[enc1, enc2, enc3, enc4]← encoder(xin)
convBlock ← stem(xin)

Cross-scale alignment to a shared resolution
t1 ← Interpolate(enc1)
t2 ← Interpolate(enc2)
t3 ← Interpolate(enc3)

t4 ← Interp
(
unsq(enc4.permute(0, 2, 1))

)
Fused← cat(t1, t2, t3, t4; dim = 1)
(B,C, T,Hs,Ws)← shape(Fused) // pseudo-temporal T
(code uses T=16)

F2D ← F.permute(0, 2, 1, 3, 4).reshape(B ·T, C, Hs, Ws)
(o1, o2, o3, o4,LCapMoE)← CapMoE(F2D) // Alg. 1

Docker stage alignment (replacing skips)
y1 ← docker1(o1)
y2 ← docker2(o2)
y3 ← docker3(o3)
y4 ← docker4(o4)
y4 ← TokenProj(y4) // flatten + 1D conv + linear resize

Decoder with Docker skips
dec4 ← proj feat(y4)
dec3 ← decoder5(dec4, y3)
dec2 ← decoder4(dec3, y2)
dec1 ← decoder3(dec2, y1)
out← decoder2(dec1, convBlock)
if deep supervision then

logits← [ out1(out), out2(dec1), out3(dec2) ]
end
else

logits← out1(out)
end
return (logits, LCapMoE)

Capsule-MoE routing and load balancing. Following the capsule-expert design above, we use
a multi-gate CapMoE to adaptively route the fused skip tokens before scale-wise compression.
Let X ∈ RB×C×H×W denote the fused token tensor and let {Ee}Ee=1 be the capsule experts. We
use four independent gates {Gj}4j=1, with each Gj ∈ RC×E . For each gate, we first summarize
the global context using average pooling, z = GAP(X) ∈ RB×C , and compute expert scores
as Pj = softmax(zGj) ∈ RB×E . For every sample, we select the top-k experts according to
Pj , renormalize their scores, and route the corresponding features only to these experts. The
expert outputs are then combined using the normalized weights to produce a routed feature map
Yj ∈ RB×C×H×W . To avoid collapsed routing and encourage diverse expert usage, we include
a simple load-balancing term. Let uj ∈ RE be the batch-wise expert usage for gate j (sum of
selection probabilities over the batch). We define ℓj = CV2(uj) =

Var(uj)(
Mean(uj)

)2
+ε

, and aggregate

across gates to obtain LCapMoE =
∑4

j=1 ℓj , which is optimized jointly with the segmentation loss.
In our implementation, the four routed outputs {Yj}4j=1 are passed to the Docker modules with
stage-specific downscaling to form a multi-scale hierarchy for the decoder.
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2.6. Decoder Design and Integration with UNET.

The decoder progressively upsamples feature maps while fusing CapMoE-enhanced, scale-aligned
skip information, with deep supervision to stabilize training. Built on the latest UNET based
UNETR++ backbone, our design replaces static skip fusion with an adaptive pipeline that couples
CapMoE routing and Docker-based compression. Specifically, the encoder produces hierarchical
outputs {enc1, enc2, enc3, enc4}, which are projected and trilinearly resized to a shared interme-
diate resolution to form {t1, t2, t3, t4}. For the deepest tokenized representation enc4, we apply a
1×1 1D projection and reshape it into a volumetric form before alignment. We then concatenate
{t1, t2, t3, t4}, rearrange the fused tensor into per-slice 2D features, and route it through CapMoE to
obtain four expert-enhanced outputs. These outputs are compressed by Docker into multi-scale rep-
resentations that are injected into the decoder during progressive upsampling. The overall forward
pathway is summarized in Algo. 2 and illustrated in Fig. 1.

3. Experimental Settings, Results & Discussion

We implement CER-UNet in PyTorch with the MONAI (Cardoso et al., 2022) framework. For fair
comparison, we use the same input resolutions, preprocessing pipeline, and no additional training
data across all baselines (Zhou et al., 2023a), (Isensee et al., 2021), (Xie et al., 2021), (Zhou et al.,
2023b). All experiments are conducted on a single NVIDIA A100 GPU for 1,000 epochs with an
AdamW optimizer, an initial learning rate of 0.01, and weight decay of 3× 10−5. We evaluate on
three benchmarks. The Synapse multi-organ CT dataset (Landman et al., 2015) contains 30 scans
with 8 organs, using 18 cases for training and 12 for testing; models are trained with 3D patches
of size 128 × 128 × 64. Using patch size 96×96×96 on BTCV (Landman et al., 2015), dataset
includes 30 CT volumes across 13 abdominal organs. The ACDC (Bernard et al., 2018) cardiac
MRI dataset consists of 100 subjects split into 70/10/20 for train/val/test, and we use inputs of size
160× 160× 16 to match the 2.5D slice setting. All other training configurations follows baseline
those described in (Zhou et al., 2023a).

3.1. Loss Function

The total loss function is composed of segmentation loss Lseg and the balancing loss from CapMoE
(LCapMoE) as described in Algo. 2. Thus Ltotal = Lseg + λLCapMoE . The Lseg combines soft
Dice loss and cross-entropy loss:

Lseg(Y, P ) = 1−
∑I

i=1
2
∑V

v=1 Yv,iPv,i∑V
v=1(Y

2
v,i+P 2

v,i)
−
∑V

v=1

∑I
i=1 Yv,i log(Pv,i). (2)

where I is the number of classes, V is the total number of voxels, Yv,i and Pv,i are the ground
truth and predicted probabilities at voxel v for class i, respectively.
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Table 1: Quantitative comparison of segmentation performance using 2D, 2.5D and 3D segmen-
tation models on the Synapse multi-organ dataset. We report Dice Similarity Coefficient
(DSC, %) for each organ and HD95. Best results are depicted in BOLD.

Method Spleen Kidney (R) Kidney (L) Liver Gallbladder Aorta Pancreas Stomach DSC ↑ HD95 ↓ Params ↓

2D Models

U-Net (Ronneberger et al., 2015b) 86.67 68.60 77.77 93.43 69.72 89.07 53.98 75.58 76.85 39.70 14.8M
TransUNet (Chen et al., 2021) 85.08 77.02 81.87 94.08 63.16 87.23 55.86 75.62 77.49 31.69 96.07M
SwinUNet (Cao et al., 2021) 90.66 79.61 83.28 94.29 66.53 85.47 56.58 76.60 79.13 21.55 27.17M
MISSFormer (Huang et al., 2022) 91.92 82.00 85.21 94.41 68.65 86.99 65.67 80.81 81.96 18.20 42.46M
DAE-Former (Azad et al., 2023) 91.82 82.39 87.66 95.08 71.65 87.84 63.93 80.77 82.63 16.39 48.01M
Cascaded MERIT (Rahman, 2024) 92.01 84.85 87.79 95.26 74.40 87.71 71.81 85.38 84.90 13.22 147.86 M

3D Models

UNETR (Hatamizadeh et al., 2022) 85.00 84.52 85.60 94.57 56.30 89.80 60.47 70.46 78.35 18.59 92.58M
CoTr (Xie et al., 2021) 94.93 86.80 87.67 96.37 62.90 92.43 78.84 80.46 85.05 9.04 46.51M
nnUNet (Isensee et al., 2021) 91.16 86.21 86.92 96.49 69.77 91.78 83.23 85.92 86.44 10.91 19.07M
nnFormer (Zhou et al., 2023a) 90.51 86.25 86.57 96.84 70.17 92.04 82.41 86.83 86.57 10.63 149.12M
CER-UNet Using 3D 90.21 87.41 87.13 96.86 66.28 92.06 82.20 85.70 85.98 11.02 53.37 M

2.5D Models

TransUNet-2.5D (Zhou et al., 2023b) 95.61 83.99 73.28 89.97 71.90 81.33 70.39 94.59 84.78 19.24 96.00 M
MOSFormer (Huang et al., 2025) 92.29 83.58 90.32 95.96 71.90 88.95 74.14 87.87 85.63 13.40 77.00M
CER-UNet(with Mixture Of Experts (Luo et al., 2025)) 87.80 87.37 87.52 96.38 70.81 91.97 76.62 80.90 84.92 11.10 49.12 M
CER-UNet(Ours) 91.37 87.37 87.61 96.71 73.49 92.93 79.64 84.44 86.64 9.57 31.83M

Table 2: Quantitative comparison on BTCV. We report Dice Similarity Coefficient (DSC, %) for
each organ and the mean across all organs. Bold indicates the best scores. RAG and LAG
refers to the Right Adrenal Gland and Left Adrenal Gland, respectively.

Method Spleen RKid LKid Gall Esoph Liver Stom Aorta IVC PSV Pan RAG LAG Avg

nnUNet (Isensee et al., 2021) 95.95 88.35 93.02 70.13 76.72 96.51 86.79 88.93 82.89 78.51 79.60 73.26 68.35 83.16
CoTr (Xie et al., 2021) 95.80 92.10 93.60 70.00 76.40 96.30 85.40 92.00 83.80 78.70 77.50 69.40 66.50 82.88
UNETR (Hatamizadeh et al., 2022) 90.48 82.51 86.05 58.23 71.21 94.64 72.06 86.57 76.51 70.37 66.06 66.25 63.04 76.00
SwinUNETR (Hatamizadeh et al., 2021) 94.59 88.97 92.39 65.37 75.43 95.61 75.57 88.28 81.61 76.30 74.52 68.23 66.02 80.44
nnFormer (Zhou et al., 2023a) 94.58 88.62 93.68 65.29 76.22 96.17 83.59 89.09 80.80 75.97 77.87 70.20 66.05 81.62
TransUNet (Chen et al., 2021) 95.20 92.70 92.20 66.20 75.70 96.90 88.90 92.00 83.30 79.10 77.50 69.60 66.60 82.76

CER-UNet (Ours) 96.06 95.24 95.23 65.68 75.93 97.19 90.00 88.28 88.02 79.70 86.48 73.63 72.83 84.94

3.2. Quantitative Results

We evaluate CER-UNet on three widely used benchmarks: Synapse, BTCV multi-organ CT, and
ACDC cardiac MRI, and compare against recent CNN, Transformer, and hybrid segmentation
models. Overall, CER-UNet consistently achieves the best or most competitive accuracy with a
compact footprint, highlighting an effective balance between representation and efficiency. On
Synapse, CER-UNet achieves an average Dice of 86.64% with only 31.83M parameters, outper-
forming strong baselines such as TransUNet, UNETR, SwinUNet, and nnFormer while remaining
substantially lighter than large Transformer counterparts (Table 1). On BTCV, CER-UNet attains
the highest mean Dice of 84.94%, delivering clear gains across multiple organs and confirming the
robustness of our capsule-expert routing and aligned multi-scale features for abdominal structures
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Table 3: ACDC Dataset: Quantitative Com-
parison using CER-UNet (Dice %).

Method RV Myo LV Avg

TransUNet (Chen et al., 2021) 88.86 84.54 95.73 89.71
Swin-UNet (Cao et al., 2021) 88.55 85.62 95.83 90.00
UNETR (Hatamizadeh et al., 2022) 85.29 86.52 94.02 88.61
MISSFormer (Huang et al., 2022) 86.36 85.75 91.59 87.90
CoTr (Xie et al., 2021) 89.13 88.64 95.16 91.04
nnUNet (Isensee et al., 2021) 90.96 90.34 95.92 92.41
nnFormer (Zhou et al., 2023a) 90.94 89.58 95.65 92.06
EMCAD (Rahman et al., 2024) 90.65 89.68 96.02 92.12
Parallel MERIT (Rahman, 2024) 90.87 90.00 96.08 92.32
CER-UNet (Ours) 90.66 90.75 96.15 92.52

Table 4: Ablation of CER-UNet variants on
ACDC (Dice %).

CER-UNet Variant Params. FLOPs RV Myo LV Avg

CER-UNet (skip connections) 27.22 16.87 90.37 90.66 95.99 92.34
CER-UNet (EPA as in UNETR++) 53.89 163.88 90.44 90.30 96.13 92.51
CER-UNet (MoE (Luo et al., 2025)) 30.79 128.16 89.70 90.20 95.99 91.96
CER-UNet (2-Experts) 30.00 154.48 90.63 90.68 96.03 92.44
CER-UNet (Ours) 31.31 154.58 90.66 90.75 96.15 92.52

(Table 2). On ACDC, CER-UNet reaches an average Dice of 92.52%, surpassing competitive
methods including Parallel MERIT, with consistent improvements across RV, myocardium, and LV
(Table 3). These results demonstrate that CER-UNet’s SCBAM-enhanced encoder-decoder, and
CapMoE skip routing collectively translate into superior accuracy across both multi-organ CT and
cardiac MRI settings.

Figure 2: Qualitative results on (left) Synapse and (right) ACDC. CER-UNet produces sharper
boundaries on Synapse and more accurately delineates ventricular cavities on ACDC.

3.3. Qualitative Results

Qualitative results in Fig. 2 illustrated the quantitative improvements of CER-UNet. On Synapse,
our method yields sharper boundaries and more consistent anatomy for small organs, whereas
competing models tend to over-smooth edges. On ACDC, CER-UNet more precisely delineates
the ventricular cavities and the thin myocardial wall, particularly in challenging basal slices. These
gains align with the role of CapMoE in preserving semantic consistency across scales.
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3.4. Ablation Studies on CER-UNet

We ablate CER-UNet on ACDC to isolate the impact of SCBAM and CapMoE (Table 4), comparing
(i) standard skips (NoExperts), (ii) SCBAM replaced by EPA, (iii) a fixed lightweight expert design
(2-Experts), and (iv) a conventional MoE (Luo et al., 2025). EPA improves over NoExperts but at
a higher parameter cost. 2-Experts further increases Dice, especially on thin structures such as the
myocardium, while conventional MoE underperforms 2-Experts and uses experts inefficiently in
this compact regime. CER-UNet achieves the best accuracy with only modest overhead, supporting
capsule-structured, balanced routing for adaptive skip fusion. 2.5D Inception vs. full 3D modeling.
On Synapse (Table 1), replacing our 2.5D Inception blocks with full 3D convolutions yields no
consistent gains and can degrade performance on small or deformable organs, while incurring
higher parameters. This confirms 2.5D Inception as the better accuracy–efficiency trade-off for
inter-slice context modeling.

3.5. Limitations and Future Work

While CER-UNet offers a strong accuracy-efficiency trade-off, some limitations remain. First, our
2.5D design is compute-efficient but may not fully capture long-range 3D anatomical continuity;
future work will explore hybrid 2.5D-3D designs for volumetric context to improve global reasoning.
Second, CapMoE introduces routing overhead that can limit real-time deployment; hardware-aware
routing, expert pruning could reduce latency. Third, we primarily evaluate on CT/MRI benchmarks;
extending to broader modalities (e.g., ultrasound, PET) and multi-modal settings is important for
clinical robustness. Finally, the current Docker pipeline may add system-level overhead; more
optimized fused kernels could better realize the model’s practical speedups.

4. Conclusion

In this work, we proposed Capsule-Expert Routing UNet (CER-UNet), a compact hybrid 2.5D
encoder–decoder architecture for volumetric medical image segmentation that targets a stronger ac-
curacy–efficiency trade-off than heavy CNN, Transformer designs. CER-UNet combines three core
ideas: SCBAM, a statistical, parameter-free variant of CBAM to enhance feature selectivity with
negligible overhead; a capsule-inspired mixture-of-experts skip strategy (CapMoE) to replace static
skip connection with adaptive, semantically aligned routing. Extensive evaluations on Synapse,
BTCV, and ACDC demonstrated that CER-UNet consistently achieves highly competitive perfor-
mance with a streamlined parameter budget. In particular, CER-UNet reached 86.64% average Dice
on Synapse with 92.52% on ACDC, and delivered the highest mean Dice of 84.94% on BTCV, con-
firming the benefit of capsule-expert routing and aligned multi-scale features for complex abdominal
anatomy. Our findings highlight an emerging direction for volumetric segmentation:locality-aware
multi-scale modeling and structured dynamic routing can surpass large Transformer-heavy designs,
offering a principled and scalable backbone for future research in 3D medical image understanding.
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Theorem and Proofs
Theorem 1 (Spatial Expressivity of Capsule Experts) LetF1×1 denote the class of mappings imple-
mented by any finite composition of spatially shared 1× 1 convolutions, batch-normalization, and pointwise
nonlinearities (as in the baseline Expert (Luo et al., 2025)). Let Fcap denote the class of mappings imple-
mented by a CapsuleExpert consisting of a 3×3 convolution, capsule squashing, and a final 1×1 projection.
Then:

1. Every f ∈ F1×1 is pointwise in space, i.e., f(x):,h,w = g(x:,h,w) for some g : RC → RC .

2. There exists F ∈ Fcap and a location (h,w) such that F (x):,h,w depends on a neighbor x:,h′,w′ with
(h′, w′) ̸= (h,w).

Consequently, F1×1 ⊊ Fcap: CapsuleExperts are strictly more expressive for modeling local spatial
dependencies.

Proof A 1×1 convolution followed by batch-normalization and a pointwise nonlinearity acts independently
at each spatial location with shared parameters. Thus, any finite composition remains location-wise, yielding
f(x):,h,w = g(x:,h,w) for some g, and cannot incorporate information from neighboring pixels.

In contrast, a CapsuleExpert includes a k × k convolution where k > 1. For any location (h,w), the
pre-squash activation is a linear combination of {x:,h+i,w+j}(i,j)∈{−1,0,1}2 . Choosing a kernel with at least
one nonzero off-center coefficient ensures that the output at (h,w) depends on a neighbor (e.g., x:,h,w+1).
The subsequent squashing and final 1 × 1 projection are pointwise transformations of this locally mixed
signal and therefore do not eliminate the induced dependence. Hence, such an F cannot be represented
within F1×1, proving strict inclusion.

Theorem 2 (Stability of Capsule Squash) Define s : Rd → Rd by

s(x) =


∥x∥2

1 + ∥x∥2
x

∥x∥
, x ̸= 0,

0, x = 0.

then

1. ∥s(x)∥ =
∥x∥2

1 + ∥x∥2
< 1 for all x;

2. s is globally Lipschitz, i.e., there exists L > 0 such that ∥s(x)− s(y)∥ ≤ L∥x− y∥ for all x, y ∈ Rd.

Proof Let r = ∥x∥. For x ̸= 0, ∥s(x)∥ = r2

1+r2 ∈ [0, 1), and s(0) = 0, which proves boundedness. Write
s(x) = α(r)x with α(r) = r

1+r2 . Then α′(r) = 1−r2

(1+r2)2 , α(r) + rα′(r) = 2r
(1+r2)2 .

Both α(r) and α(r) + rα′(r) are uniformly bounded for r ≥ 0. For radial scaling maps of this
form, the operator norm of the Jacobian ∇s(x) is controlled by these two bounded quantities; hence
supx ∥∇s(x)∥ < ∞. By the mean-value theorem, this yields a global Lipschitz constant L for s.
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