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Abstract

U-Net is a widely used model for medical image segmenta-
tion, renowned for its strong feature extraction capabilities
and U-shaped design, which incorporates skip connections to
preserve critical information. However, its decoders exhibit
information-specific preferences for the supplementary con-
tent provided by skip connections, instead of adhering to a
strict one-to-one correspondence, which limits its flexibility
across diverse tasks. To address this limitation, we propose
the Task-Adaptive Mixture of Skip Connections (TA-MoSC)
module, inspired by the Mixture of Experts (MoE) frame-
work. TA-MoSC innovatively reinterprets skip connections
as a task allocation problem, employing a routing mechanism
to adaptively select expert combinations at different decoding
stages. By introducing MoE, our approach enhances the spar-
sity of the model, and lightweight convolutional experts are
shared across all skip connection stages, with a Balanced Ex-
pert Utilization (BEU) strategy ensuring that all experts are
effectively trained, maintaining training balance and preserv-
ing computational efficiency. Our approach introduces min-
imal additional parameters to the original U-Net but signifi-
cantly enhances its performance and stability. Experiments on
GlaS, MoNuSeg, Synapse, and ISIC16 datasets demonstrate
state-of-the-art accuracy and better generalization across di-
verse tasks. Moreover, while this work focuses on medical
image segmentation, the proposed method can be seamlessly
extended to other segmentation tasks, offering a flexible and
efficient solution for diverse applications.

Code — https://github.com/AshleyLuo001/UTANet

Introduction

Medical image segmentation is essential for analyzing and
interpreting medical data, aiding healthcare professionals in
diagnosing diseases, formulating treatment strategies, and
tracking disease progression. Over the years, numerous seg-
mentation models have been developed, such as convolu-
tional Neural Networks (CNNs) are tailored for volumet-
ric tasks, and Fully Convolutional Networks (FCNs) (Long,
Shelhamer, and Darrell 2015) address specific challenges
through multi-scale and skip connections. With U-Net (Ron-
neberger, Fischer, and Brox 2015) being one of the most
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Figure 1: Different types of skip connections and the sparse
skip connection we proposed.

widely adopted architectures due to its robust feature ex-
traction capabilities and U-shaped structure. More and more
variants(Peng, Sonka, and Chen 2023; Yu et al. 2023; Zhu
et al. 2024) were developed. The skip connections in U-
Net help recover spatial information lost during pooling op-
erations. However, they fail to address the semantic gap
between encoder and decoder, which becomes more pro-
nounced with diverse datasets (Wang et al. 2022b). Different
medical imaging tasks often require varying levels of seman-
tic feature focus, which the simple skip connection mecha-
nism in the original U-Net may fail to address adequately,
leading to performance limitations. As a result, the direct
transfer of features between the encoder and decoder with-
out considering these differences can exacerbate the seman-
tic gap, ultimately limiting the model’s performance. Recent
advancements in medical image segmentation have sought
to overcome these limitations by refining the skip connection
strategy to better align the semantic information between
the encoder and decoder stages. For instance, UNet++(Zhou
et al. 2018) employs nested and dense skip pathways to mit-
igate the semantic gap, but this comes at the cost of in-
creased architectural complexity. Other approaches incor-
porate attention mechanisms(Oktay et al. 2018) or replace
convolutional operations with transformers (Vaswani 2017;
Chen et al. 2021; Zhang, Liu, and Hu 2021; Zheng et al.



2021), which capture global context but often introduce sub-
stantial computational overhead. UCTransNet (Wang et al.
2022b) and UDTransNet (Wang et al. 2024) integrate atten-
tion mechanisms directly into skip connections to enhance
feature weighting. While effective, these methods still adopt
one-to-one connections and overlook the decoder’s stage-
specific preferences for semantic information, limiting their
ability to generalize across datasets.

In this work, we explore different combinations of skip
connection arrangements in U-Net through extensive exper-
iments. As shown in Fig. 2, the optimal skip connection
order consistently deviates from the original configuration.
For example, on the GlaS dataset, U-Net achieves the high-
est accuracy when the skip connection order is 3f or 3421.
We hypothesize that the information required by each de-
coder stage is not strictly one-to-one with the skip connec-
tions. Instead, the supplementary information for a particu-
lar decoding stage may need to originate from multiple skip
connections. In other words, the decoder in U-Net exhibits
specific information preferences for skip connections, which
vary across different tasks or datasets. To tackle this issue,
we propose a novel Task-Adaptive Mixture of Skip Connec-
tions (TA-MoSC) module that dynamically distributes the
features passed through skip connections during the decod-
ing phase. Inspired by the Mixture of Experts (MoE) frame-
work (Jacobs et al. 1991), our approach introduces a task-
adaptive mechanism that learns to combine encoder features
from multiple stages to create optimal skip connections for
each decoder stage. Unlike prior methods, our module con-
siders the skip connections as a whole, leveraging the task
allocation mechanism to respond to dataset-specific require-
ments of the decoder adaptively. We integrate the TA-MoSC
module into the U-Net architecture, resulting in UTANet,
which improves segmentation performance without signifi-
cantly increasing model complexity. By employing a rout-
ing mechanism, UTANet generates task-specific skip con-
nections, enabling the effective use of multi-scale features
while minimizing information loss. This modular design is
easily adaptable to various U-shaped architectures, making
it suitable for diverse medical image segmentation tasks.
Extensive experiments on public datasets demonstrate that
UTANet achieves consistent improvements over baseline
models, including absolute Dice score gains of 2.65% on
GlaS, 6.55% on MoNuSeg, 3.82% on Synapse, and 1.35%
on ISIC16. Additionally, we conduct an in-depth analysis
of how feature interactions work. We summarize our main
contributions as follows:

* We analyze skip connection configurations across diverse
datasets and reveal that different tasks have different in-
formation preferences. Based on this, we redefine skip
connections as a task allocation problem, using a dy-
namic scheduling mechanism to adaptively align multi-
scale semantic features.

* We are the first to integrate the convolutional MoE frame-
work into U-Net, introducing BEU to balance expert
training, which achieves significant segmentation im-
provements with minimal parameters and high efficiency.

e Our method UTANet outperforms state-of-the-art meth-
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Figure 2: The effect of skip-connection using different
combinations(permutations of 1234-4321) across different
datasets.

ods on four datasets, with design principles generaliz-
ing to other domains and introducing a task-adaptive
paradigm for segmentation.

Related Works
Advancements of U-Net Architectures

U-Net with its U-shaped structure and skip connections, re-
mains foundational for segmentation tasks, facilitating the
merging of high-resolution and context-rich features (Ron-
neberger, Fischer, and Brox 2015). Variants like Re-
sUNet (Diakogiannis et al. 2020) and DenseUNet (Cai et al.
2020) introduced residual and dense connections to enhance
feature reuse and flow. Attention mechanisms, as seen in At-
tention ResUNet (Li et al. 2021) and Attention U-Net (Ok-
tay et al. 2018), improved focus on relevant features, while
UNet++(Zhou et al. 2018) and UNet3+(Huang et al. 2020)
tackled the semantic gap through nested skip pathways and
multi-scale fusion, respectively. SelfReg-UNet (Zhu et al.
2024) improves the existing U-Net model by introducing
two regularization mechanisms, SCR and IFD. Recently,
Transformer-based architectures, such as TransUNet (Chen
et al. 2021), Swin-UNet (Cao et al. 2022), and MC-
Trans (Ji et al. 2021), have leveraged the Vision Transformer
(ViT)(Dosovitskiy et al. 2020) and its derivatives to enhance
global context understanding. Techniques like gated axial at-
tention (MedT(Valanarasu et al. 2021)) and cross-scale de-
pendencies (MCTrans) further refined these models. How-
ever, despite their advancements, many analyses attribute the
performance bottlenecks to the skip connections (Wang et al.
2022b). Methods such as UDTransNet (Wang et al. 2024)
and EIU-Net (Yu et al. 2023) improved skip connections
with attention-based recalibration, yet these approaches of-
ten lack the flexibility to adapt to diverse dataset require-
ments, emphasizing the need for task-adaptive mechanisms
to align encoder and decoder features effectively.
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Figure 3: Illustration of the proposed UTANet. We replaced the original skip connections with our proposed TA-MoSC module,
which uses a routing mechanism to deliver different feature information to each stage of the encoder. This approach helps

bridge the semantic gap between the encoder and decoder.

Mixture of Experts (MoE)

Recently, sparse activation Mixture of Experts (MoE) (Ja-
cobs et al. 1991) models has achieved remarkable success
in scaling both visual (Cai, Gu, and Zhang 2018; Riquelme
etal. 2021; Lou et al. 2021) and text models (Lepikhin et al.
2020a; Zoph et al. 2022). The primary motivation for using
MOoE is to increase model capacity without raising compu-
tational complexity (Shazeer et al. 2017) while controlling
computational costs. Subsequently, the integration of MoE
with transformer architectures (Lepikhin et al. 2020b; Fedus,
Zoph, and Shazeer 2022) has further pushed the boundaries
of network capacity. Additionally, MoE has proven effective
in other challenging tasks. (Ma et al. 2018) addressed multi-
task problems by designing a multi-gate MoE. Mustafa et al.
(Zhai et al. 2022) utilized MoE to train a multi-modal ex-
pert mixture model based on contrastive learning. (Su et al.
2019) adopted each expert as an adapter, forming a task-
specific adapter mixture to fine-tune a general image fusion
framework. The sparsity of MoE reduces the risk of model
overfitting and enhances multi-task learning performance by
providing convenient inductive biases (Wang et al. 2022a).
However, MoE has shown promise in tasks like natural lan-
guage processing and vision but has yet to be explored in
depth for image segmentation, particularly in the context of
skip connections.

Method
Overview

In this paper, we propose UTANet, a UNet-based model
incorporating Task-Adaptive Mixture of Skip-Connections
(TA-MoSCQ), as illustrated in Fig. 3. This architecture com-
bines dynamic expert selection, sparsity regularization, and

5876

a multi-gate mechanism for efficient computation, balanced
resource use, and robust feature learning, making it ideal
for multi-task learning and specialized feature processing.
Given a medical image X € RT*WXC After being en-
coded through multiple layers of the encoder, the multi-level
encoder output features are fed into the TA-MoSC module
for channel-wise feature distribution. This module outputs
additional information features for the skip connections of
each level decoder.

Task-Adaptive Mixture of Skip Connections

To address the issue that different task datasets have vary-
ing requirements for feature levels, our Task-Adaptive Mix-
ture of Skip Connections(TA-MoSC) module leverages the
superiority of MoE in task distribution to allocate the re-
quired semantic features to each level of the decoder. As
shown in Fig. 4, the TA-MoSC consists of a router bank
{g1, 82, &3, 84}, Skip-Connection(SC) bank, and four dock-
ers.

Feature Aggregation Stripe To begin with, input im-
age X is processed through multiple layers of an encoder,

producing features at various levels, denoted as E; &
HxW

xC;
R = ,(i=1,2,34,5):
EN = POOL 4. (Conu(-)), (D
ReLU(BN(Conv(X)), ifi=1,
E; = o (2
EN,;_4 (Ei—l)a ifi > 1.

where, POOL,,.(-) presents the maxpooling operation,
where Conv(-) is the convolutional layer, BN(-) is the
batch normalization function that standardizes the input of
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Figure 4: Routing phase process. A routing plan is generated
for each decoder stage using shared expert models.

each mini-batch, mitigating issues like vanishing or explod-
ing gradients, Re LU () is the ReLU activation function that
introduces non-linearity. To ensure comEatlblhty, we first re-
size all feature maps to the same size (4 x %) using bilin-
ear interpolation fy;(-). Only the first four feature levels (i =
1,2,3,4) are utilized for subsequent operations, as higher-
level features (¢ = 5) typically capture overly abstract repre-
sentations that are less informative for detailed segmentation
tasks, we scale the encoder features {Eq, Eo, E5, E4} to the
same size{El7 EQ, Eg” E4}. Then, we concatenate these re-
sized features along the channel dimension to form a uni-
fied feature representation as feature aggregation stripe E
that contains complete information and use F(-) defined as
Eq. 4 to perform feature dimension reduction:

B, = fri(B;),i=1,2,3,4 3
E Ff(cat(El,Eg,E37E4))
Fi(-) = ReLU(BN(Convix1(+))), %)

where Clat(-) denotes the concatenation operation,
Convix1(+) is the 1 x 1 convolution operation used for
linear transformation of features while reducing the number
of channels.

Routing Phase (RP) Now, we obtain the feature E aggre-
gate multi-level semantic information. Next, the routing for
skip connections at different stages will be specifically se-
lected to customize the routing scheme G for the same input
E, each gate g; generates a weight vector that assigns prob-
abilities to all N experts:

g; = Softmax(POOL 4. (E) - W), 5)

G:[gl]aZ:1727374 (6)

where G represents the selection probabilities for experts,
and W, is the learnable weight matrix for the gate. Next , we
perform a weighted sum of the outputs from the experts to
obtain the skip connections. Each router has a stage-specific
preference for customizing the appropriate combination of
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experts and expert in our method is designed as an inde-
pendent convolutional sub-network tasked with performing
specialized nonlinear transformations on the input features
allowing the model to adapt to diverse tasks or heteroge-
neous input distributions. Lightweight convolutional oper-
ations are used to maintain computational efficiency while
preserving expressive power:

EP(E) = [ReLU 0 BN o Convy,1]*(E), (D)

where, o represents the composition of operations, the
brackets denote the composition of functions, and the super-
script “2” indicates that the composite operation is applied
twice in succession.

After that, we obtain the router output O; for each routing
scheme:

q=[EP,(E)',n=1,2,---,N
0, = BN(G - TopK;(q)),i =1,2,3,4

where q denotes all experts, and as shown in Fig.4, TopK (-)
denotes top experts select operation while TopK () keeps
only the top K(K=2) values, with the lowest probabilities set
to 0. This sparse selection strategy ensures only a subset of
experts is activated, reducing computational overhead.

Before decoders stage, we have obtained the results from
various routing schemes. Next, we use the Docker module to
shape and process each skip connection and then transport
them to the corresponding decoders:

Doc(-) = ReLU (Convyx1(fui(+))), )
0, = Doc(0;), (10)

where (jz is the final skip connection sent to the decoder,
Doc(-) denotes the docker module.

®)

Balanced Expert Utilization

The Balanced Expert Utilization Module is designed to en-
hance the efficiency and effectiveness of MoE models by en-
suring that all experts are utilized during training. This mod-
ule incorporates two key mechanisms: Expert Variance(EV)
Loss and Unused Experts Handling.

Expert Variance Loss During training, the model may
tend to over-rely on certain experts while neglecting others.
This can lead to some experts being overworked while oth-
ers are left underutilized, preventing each expert from fully
contributing their capabilities. By calculating the variance
in expert usage across different gating networks, we utilize
Expert Variance(EV) Loss to encourage a more balanced uti-

lization of expertS'

Z NZz 1(£1*sz L %:)°
1| N 2
(N Zz 1Ti + 6)

L=p-Lgv+Lpp, (12)
where M is the number of routers, /V is the number of ex-
perts, and z; represents each individual expert. € is a small
constant added to avoid division by zero and ensure numer-
ical stability, set to 1 x 10719, 3 is a smoothing parameter,
which we set to 3 = 1 x 1073, L denotes the overall training

loss, and L p g represents the Dice-BCE Loss (Isensee et al.
2021), weighted by the Dice and the BCE losses.

Lpy = g (11)



Method Param FLOPs MoNuSeg GlaS ISIC16
M) (G) Dice(%) ToU(%) Dice(%) ToU(%) Dice(%) ToU(%)
U-Net 14.8 50.3 76.45+1.86 62.87+2.01 85.45+1.26 74.48+1.66 90.2840.41 83.72+0.46
UNet++ 36.33  212.32  78.65+1.45 65.10£1.73  89.75+1.08 82.38+1.55 90.80+0.23 84.36+0.31
Att-UNet 3488  105.28  77.95+1.95 64.72+2.13  90.654+0.31 83.694+0.51 90.744+0.24 84.45+0.26
Swin-Unet 41.38 17.38 76.69+0.96 62.43+1.23 88.274+1.63 75.38+1.68 90.631+0.17 84.04+0.15
TransUnet 105.28 49.34  7691+0.68 62.70+0.85 87.42+0.98 79.16+1.31 90.714+0.26 84.29+0.26
R34UNet 24.37 4782  78.944+1.73 65.56+1.62 91.14+0.32 84.41+0.48 90.43+0.15 84.01+0.22
Unet-v2 25.15 8.27 77.25£1.04 63.12+£1.18 88.86+1.23 80.86£1.94 91.32+0.15 84.63£0.24
SelfReg-UNet  41.38 17.39  76.65+3.09 62.85+3.09 86.01+2.49 74.71+2.49 90.734+0.20 84.21+0.29
UDTransNet  33.90 53.02  78.88+1.73 65.24+1.78 90.16+0.72 82.08+1.14 91.04+0.21 84.784+0.30
Ours 24.17 6441  79.10£0.49" 65.79+0.62 92.00+£0.30" 85.83+0.42 91.63+0.04 85.411+0.07

Table 1: Quantitative results: The 5-fold cross-validation results on GlaS, MoNuSeg, and ISIC16 datasets to evaluate both the
segmentation performance and stability of our model. The Dice and IOU are in ‘mean =+ std’, boldface indicates the best-

performing results, and * represents p < 0.05.

Unused Experts Handling This mechanism addresses the
problem of experts being completely ignored during train-
ing. When the gating network does not select certain ex-
perts, a random sample from the input data is processed by
these unused experts. This approach prevents experts from
being idle and ensures that every expert is trained, promot-
ing more balanced utilization and enhancing overall model
performance, we first confirm the unused experts:

Pun:{0717"'7N71}\{t0pk(gi7k)}7 (13)
where N is the number of experts, P, is the index set of
unused experts and topy(-) denotes the index of selected the
first k£ experts. Then, we use the random sample to calculate
the output of unused experts and update weightings:

y = Zgz‘ “q;(xr) + Zgi “qj(Xr), (14)
% J

where ¢ is the number of used experts, j is the number of un-
used experts, and x, is one random sample from the train-
ing dataset, y is the combined output from all experts. Fi-
nally, the redistributed skip connection information is sup-
plemented to the decoder, which progressively decodes it to
produce the final segmentation result:

DE;(Ejt1),i =4
i = A . (15)
DE,;(Cat(OH_l, DZ‘+1)), 1= 0, 1, 2, 3
Pred = Seg(Dy), (16)

where Pred denotes the final prediction after UTANet as
shown in Fig.3, DE;(-) represents the different decoders,
and Dj refers to the features at each decoder stage. Seg(-)
denotes the segmentation head.

Experiments
Datasets

We evaluate our model’s performance and generalization
ability using four medical image datasets, encompassing
both small and large-scale scenarios. For smaller datasets,
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Method Dice 1 HD95 |

U-Net 84.41+1.72 48.05+2.74
R34UNet 87.26+0.74 33.94+1.22
UNet++ 85.65+0.92 37.45+0.29
Sin-UNet 86.78+1.65 31.66+1.58
Att-UNet 86.62+1.69 37.85+1.31
TransUNet 86.45+0.93 31.284+0.87
UDTransnet | 86.93+1.17 37.83+0.31
Ours 88.23+0.87 28.13+0.21

Table 2: Quantitative results. The 5-fold cross-validation re-
sults on Synapse dataset. The Dice and 95% Hausdorff are
in ‘mean =+ std’, boldface indicates the best-performing re-
sults.

GlaS (Sirinukunwattana et al. 2017) contains 165 high-
resolution H&E-stained images (85 for training and 80 for
testing), while MoNuSeg (Kumar et al. 2017) comprises
44 images (30 for training and 14 for testing). For larger
datasets, Synapse (Landman et al. 2015) includes 30 abdom-
inal CT scans with 3,779 axial images covering 8 organs,
and ISIC16 (Gutman et al. 2016) features 1,279 dermo-
scopic images (379 in the test set) with ground truth anno-
tations for two disease categories. These datasets provide a
thorough evaluation of our model across varying data scales
and complexities.

Implementation Details

Experiment Settings We train our model using PyTorch
on a single NVIDIA 3090 GPU with 24GB of memory.
To prevent overfitting, we applied online data augmentation
techniques during training, such as horizontal and vertical
flips, along with random rotations. After thorough testing,
we determined that a batch size of 4 following (Valanarasu
et al. 2021) was optimal for both the GlaS and MoNuSeg
datasets. Similarly, for the Synapse dataset, we set the batch
size to 8, and for the ISIC16 dataset, we used a batch size
of 16. The input resolution for all datasets was standard-
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Figure 5: In the qualitative analysis across different datasets, the areas highlighted with red boxes indicate regions where our
UTANet model performs better in segmentation compared to other models. It is evident that our proposed model achieves

superior segmentation results.

Dataset TAM EVL UEH Dice(%) TIoU(%)
Baseline 85.45+1.26 74.48+1.66
v 89.77£2.59 82.40+3.56
Glas v v 91.91+£0.35 85.62+0.56
v v 90.96+£0.83 84.37+1.13
v v v 92.00£0.30 85.83+0.42
Baseline 76.45+1.86 62.87+2.01
v 77.81£0.98 64.02£1.30
MoNuSeg v v 78.61£1.05 65.16+£1.28
v v 78.78+£1.01 65.43+1.24
v v v 79.10+£0.49 65.79+0.62

Table 3: Ablation studies on UTANet. TAM presents the TA-
MoSC module which we proposed while EVL and UEH
present expert variance loss and unused experts handling.
The baseline model is U-Net.

ized to 224x224 pixels. The training was conducted with
the Adam optimizer, starting with an initial learning rate of
0.001. The number of iterations was not fixed, thanks to the
implementation of an early stopping strategy. We adjusted
the learning rate over time using a Cosine Annealing sched-
ule (Loshchilov and Hutter 2016). To further improve net-
work performance, we employed a hybrid loss function that
combines Cross-Entropy loss, Dice loss, and our custom-
designed EV loss. It is important to note that all baseline
models were trained using the same settings.

Training Strategy Our training process is divided into
two stages. In the first stage, we use the original skip connec-
tions to train both the encoder and decoder, allowing them
to become familiar with the dataset and acquire the basic en-
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coding and decoding capabilities required for it. Once this
is achieved, we freeze the encoder and decoder and focus
on training our proposed TC-MoSC module. This enables
each expert to fully learn the features they are specialized
in, while the router, with a better understanding of the se-
mantic requirements at each decoding stage, can effectively
allocate tasks. At different decoding stages, different combi-
nations of experts are weighted to provide the supplementary
information needed for that specific stage. The primary pur-
pose of freezing the encoder and decoder is to prevent their
parameters from changing during the full training process,
which would decrease the difficulty of training and make
convergence easier to achieve.

Evaluation

In this section, we compared nine methods for improving
U-Net, which can be categorized into two types: improve-
ments in the encoder-decoder structure, including R34-
UNet, R2UNet, UNet-v2, and SwinUNet, and improve-
ments in the skip connections, including Attention U-Net,
UNet++, SelfReg-UNet, and UDTransNet.

Quantitative Comparisons. We quantitatively assessed
the effectiveness of our model using the Dice coefficient
(Dice) and Intersection over Union (IoU) as performance
metrics on the GlaS, MoNuSeg, and ISIC16 datasets. For
the multi-label segmentation Synapse dataset, we used the
95% Hausdorff Distance metric. We evaluated model perfor-
mance using 5-fold cross-validation (Kohavi 1995). Statisti-
cal significance was assessed with independent Student’s t-
tests (Student 1908) at o = 0.05 (Fisher 1925). Our method



TopK MoNuSeg GlaS ISIC16 Synapse
Dice(%) Dice(%) Dice(%) Dice(%)

1 77.87+£0.83  89.05+0.77 78.89+6.64 45.41+7.49

2 78.97+0.61 91.85+0.13 90.41+0.73  82.13+7.60

3 79.10+0.49 92.00+0.20 91.87+0.07 86.831+0.65

4 78.90+0.63 91.184+0.65 91.63+0.14  88.09+0.92

Table 4: The settings for the TopK value in the inference
stage. The best setting is 3 for single-label segmentation
tasks, while for multi-label segmentation, 4 is the optimal
setting.

significantly outperformed baselines on GlaS (p=0.003, Co-
hen’s d=1.2) and MoNuSeg (p=0.002, Cohen’s d=1.5), with
large effect sizes (Cohen 1988). The Benjamini-Hochberg
correction (Benjamini and Hochberg 1995) confirmed the
robustness of these findings. As shown in Tab.1, the small
standard deviations observed in our experimental results in-
dicate that our model exhibits high stability and robustness,
consistently performing well across different data splits and
experimental conditions. Our method exceeds the perfor-
mance of general U-Net variants, demonstrating superior
compatibility across different datasets.

Qualitative Comparisons. The qualitative results for all
four datasets are shown in Fig. 5. The red boxes highlight
areas where UTANet outperforms other models. It is ev-
ident that UTANet captures detailed information more ef-
fectively on the MoNuseg dataset, which benefits from the
detail-sensitive expert modules in our proposed TA-MoSC
module. These four expert modules extract features at dif-
ferent levels and provide supplementary information to each
stage of the encoder through task routing.

Ablation Studies

Ablation Studies on Proposed Modules As shown in
Tab. 3, Baseline+TA-MoSC+BEU consistently outperforms
other baselines. This indicates that incorporating our TA-
MoSC module significantly improves the model’s segmen-
tation performance. Additionally, applying our proposed
BEU optimization further enhances performance. Our re-
sults demonstrate that different datasets require varying lev-
els of supplementary information during the decoding stage.
By supplying the decoder with the appropriate supplemen-
tary information, the model’s segmentation performance can
be substantially improved.

Ablation Studies on TopK Settings As shown in Tab. 4,
in the inference phase, we experimented with different TopK
settings and found that setting TopK to 3 yielded the best
test results on single-label datasets, while setting TopK to 4
on the multi-label Synapse dataset. Because on single-label
datasets, when TopK is set to 1 or 2, the lack of supplemen-
tary information during the decoding stage leads to a decline
in model performance. Conversely, when TopK is set to 4, it
introduces unfavorable information that needs to be filtered
out, also resulting in decreased performance. Therefore, set-
ting TopK to 3 enables a weighted summation of outputs
from three experts, capturing more comprehensive and ben-
eficial information while filtering out harmful information.
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Figure 6: Visualize the operation mechanism of the expert
module on GlaS dataset. The red text part is the prioritization
of three different experts at every stage.

Howeyver, the multi-label dataset needs more channel infor-
mation to classify the different multi-channels. For multi-
label datasets, setting TopK to 4 allows for a weighted sum-
mation of outputs from all experts to obtain the full infor-
mation needed for classification. We visualized the experts
in the model trained on GlaS dataset. As shown in Fig. 6, the
features and semantics learned by each expert network dif-
fer, after passing through the TA-MoSC module, the high-
lighted regions of the skip connection features align closely
with those of the encoder’s third and fourth stages. This find-
ing resonates with our previous analysis of the UNet various
orders which revealed that the final output stage exhibits a
preference for semantic information predominantly derived
from the encoder’s third and fourth stages. This corrobo-
rates our initial finding that for different datasets or tasks,
the model exhibits specific preferences for the information
carried by skip connections. Therefore, our proposed TC-
MoSC module effectively addresses the initial issue of infor-
mation asymmetry in skip connections by precisely leverag-
ing different expert networks to learn various semantic in-
formation.

Conclusion

During the decoding process of U-Net, the need for sup-
plementary information varies across different datasets. This
work bridges the gap by integrating MoE into skip connec-
tions, enabling adaptive redistribution of multi-scale features
tailored to the decoder’s stage-specific preferences. Unlike
traditional fixed skip connection mechanisms, the proposed
Task-Adaptive Mixture of Skip Connections (TA-MoSC)
module dynamically aligns encoder and decoder features,
addressing dataset-specific segmentation challenges. While
this work focuses on medical image segmentation as a case
study, the proposed approach can be generalized to other
dense prediction tasks, such as natural image segmentation
and object detection. In future work, we will focus on op-
timizing the computational efficiency of the model, which
will allow the TA-MoSC module to be more scalable and
efficient, ensuring its practicality for real-time applications
and large-scale tasks across various domains.
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