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Abstract

Multimodal 3D segmentation involves a significant number
of 3D convolution operations, which requires substantial
computational resources and high-performance computing
devices in MRI multimodal brain tumor segmentation. The
key challenge in multimodal 3D segmentation is how to min-
imize network computational load while maintaining high
accuracy. To address the issue, a novel lightweight param-
eter aggregation network (SuperLightNet) is proposed to re-
alize the efficient encoder and decoder for the high accurate
and low computation. A random multiview drop encoder
is designed to learn the spatial structure of multimodal
images through a random multi-view approach for solv-
ing the high computational time complexity that has arisen
in recent years with methods relying on transformers and
Mamba. A learnable residual skip decoder is designed to
incorporate learnable residual and group skip weights for
addressing the reduced computational efficiency caused by
the use of overly heavy convolution and deconvolution de-
coders. Experimental results demonstrate that the proposed
method achieves a leading reduction in parameter count
by 95.59%, the 96.78% improvement in computational ef-
ficiency, the 96.86% enhancement in memory access per-
formance, and the average performance gain of 0.21%
on the BraTS2019 and BraTS2021 datasets in compari-
son with the state-of-the-art methods. Code is available at
https://github.com/WTU-MIS-Laboratory/SuperLightNet.

1. Introduction

Brain tumors are a serious type of neurological disease that
can lead to severe neurological dysfunction and even be life-
threatening. The choice of treatment varies depending on
the type, size, and location of the tumor. Accurate diagno-
sis and segmentation are crucial for developing an effective
treatment plan. Traditional brain tumor segmentation typi-
cally relies on manual annotation by radiologists, which is
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both time-consuming and labor-intensive. It is also prone to
subjective factors, leading to inconsistent segmentation re-
sults. Therefore, automated MRI brain tumor segmentation
methods have garnered widespread attention.
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Figure 1. (a) and (b) illustrate the statistical results of lightweight
and segmentation performance for BraTS2019 and BraTS2021,
respectively. The X-axis represents the number of parameters
(smaller is better), and the Y-axis represents the DSC (higher is
better). The color depth gradient from light to dark indicates the
TFlops(lighter is better).

Deep learning methods have achieved significant success
in the field of brain tumor segmentation. The Convolutional
Neural Networks (CNNss) are widely used in medical image
segmentation, such as UNet [23], UNet++ [33], V-Net [21],
DeepMedic [15], HighRes3DNet [16], and nnUnet [14].
These networks are capable of efficiently extracting and
processing complex features from medical images. Re-
searchers have progressed from using 2D convolutions to
3D convolutions and from shallow to deep multimodal fu-
sion methods, and there is increasing focus on network ar-
chitectures that emphasize automated processing and adap-
tive fusion.

To enhance UNet’s ability to grasp global information,
researches have explored incorporating Transformer [27]
architectures, utilizing self-attention mechanisms to cap-
ture global context by treating images as sequences of ad-
jacent patches. While this approach has proven effective,
Transformer-based methods introduce quadratic complexity



with respect to image size due to the self-attention mech-
anism. This results in significant computational overhead,
especially for tasks requiring dense predictions like medical
image segmentation. Consequently, these methods [4, 22]
often fail to meet the critical need for computational ef-
ficiency in real-world medical applications, where mod-
els with low parameter counts and minimal computational
demands are essential for mobile healthcare segmentation
tasks. In addition, State Space Models (SSMs) [7] have at-
tracted significant attention in the research community re-
cently. Building on the foundations of traditional SSM re-
search, such as Mamba, these models not only establish
long-range dependencies but also demonstrate linear com-
plexity with respect to input size. It makes Mamba as
a strong contender alongside CNNs and Transformers in
the quest for lightweight UNet models. Some recent ap-
proaches, like U-Mamba [19], have introduced a hybrid
CNN-SSM block that combines the local feature extrac-
tion capabilities of convolutional layers with the ability of
SSMs to capture long-range dependencies. However, U-
Mamba comes with a considerable increase in parameters
and computational demands, making it difficult to deploy in
lightweight environments for medical segmentation tasks.

Inspired by certain 2D lightweight networks [25], we
aim to achieve low latency and precise segmentation in mul-
timodal tasks through efficient lightweight strategies, which
is crucial for enhancing medical efficiency and ensuring pa-
tient safety. To achieve efficient medical image segmen-
tation, we propose a lightweight multimodal segmentation
algorithm. By designing a lightweight and robust random
multiview drop encoder and a learnable residual skip de-
coder, the algorithm achieves precise segmentation while
significantly reducing the complexity of the network model
and minimizing computational load. The comparison of
SuperLightNet’s lightweight performance with the state-of-
the-art methods is illustrated in Fig. 1

This paper makes the following contributions:

* We design a random multiview drop encoder with mini-
mal parameters (2.71M), which learns the spatial struc-
ture of multimodal images through a random multi-
view approach. Combined with proposed drop resid-
ual (dropRes) model, it enhances robustness, offering a
lightweight solution with improved performance com-
pared to other methods.

* We propose a learnable residual skip decoder with the
goal of extreme lightweight network. It incorporates
learnable residual and group skip weights, replacing fully
convolutional feature extraction. Additionally, the non-
linear layers are split using a specific channel separa-
tion approach to further reduce the number of parameters.
This design achieves extreme lightweighting of the multi-
modal decoder (0.26M) while maintaining commendable
performance.
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* We design a lightweight parameter aggregation net-
work for multimodal brain tumor segmentation, which
is an encoder-decoder architecture that combines ro-
bustness with extreme lightweight design. It enables
highly efficient 3D multimodal segmentation. Com-
pared to the state-of-the-art methods, our network demon-
strates a leading reduction in parameter count by 95.59%
(2.97M), the 96.78% improvement in computational effi-
ciency (0.282 TFlops), the 96.86% enhancement in mem-
ory access performance (45.8G), and an average perfor-
mance gain of 0.21% on the BraTS2019 and BraTS2021
datasets.

2. Related Work

2.1. Brain Tumor Segmentation

Brain tumor segmentation is a particularly challenging
task in medical imaging. Traditionally, many segmentation
frameworks are based on the UNet architecture, which fea-
tures a symmetrical design with a contracting path to cap-
ture contextual information and an expanding path for accu-
rate localization. nnUNet [14] is a highly effective method
for brain tumor segmentation, introducing improvements
such as postprocessing, region-based training, and robust
data augmentation. Transformer-based approaches have
also shown great potential in this area. For example, Trans-
BTS [29] combines Transformers with 3D CNNs, taking
advantage of the 3D CNN’s ability to model local context
while using Transformers to capture global semantic rela-
tionships. Furthermore, Swin Transformer blocks are inte-
grated into the UNETR [9] model, where features from the
Swin Transformer [8] encoder are connected to the FCNN-
based decoder at various resolutions via skip connections.

The above methods improve segmentation by using post-
processing, data augmentation, introducing Transformers to
capture global information, and employing shift-windows
for multi-scale [28] feature extraction. However, these
methods typically come with high computational or mem-
ory overhead. Our study focuses on enhancing computa-
tional efficiency while maintaining segmentation accuracy,
addressing computational efficiency limitations in previous
methods.

2.2. Lightweight 3D Segmentation Network

Lightweight 3D segmentation networks are pivotal in com-
puter vision and deep learning, with broad applications in
medical imaging, autonomous driving, and augmented re-
ality. In medical imaging, they enable real-time processing
by accelerating inference speed without compromising seg-
mentation accuracy.

The classic UNet architecture has been widely used in
3D image segmentation. The lightweight version of 3D
UNet [6] reduces computational cost by decreasing the
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Figure 2. The workflow of our proposed SuperLightNet. The lightweight RMD encoder stacks based on Ex, learning to align with the
latent space of 1.0 x 1.0 x 1.0mm? multimodal data while being highly computationally efficient. The untra-lightweight LRS decoder, with
only 0.27M parameters, reconstructs the latent space information, utilizing group-weighted skip connections to determine the appropriate
fusion ratio. The entire network without any unnecessary operations.

number of channels and employing more efficient convo-
lutional layers. VoxResNet [5] incorporates the concept
of residual networks and has been further designed for
lightweight efficiency. Mobile3DNet is optimized specifi-
cally for 3D data based on the lightweight principles of Mo-
bileNet [12]. ShuffleNet3D leverages grouped convolutions
and channel shuffling mechanisms from ShuffleNet [32] to
achieve a lightweight design. EGE-Unet [25] achieves ad-
vanced lightweight performance in 2D medical segmenta-
tion tasks by using a quarter-channel dot-product attention
mechanism. TransNuSeg [11] reduces model complexity
by replacing the Transformer bottleneck with a token Mul-
tilayer Perceptron (MLP) bottleneck, enabling lightweight
segmentation for 2D nuclei tasks. LETNet [26]’s stream-
lined encoder-decoder with a lightweight dilated bottle-
neck achieves efficient 2D segmentation with fewer param-
eters. LightM-Unet [17] utilizes the Mamba structure and
lightweight upsampling to achieve lightweight segmenta-
tion in a single modality.

The above methods optimize 3D data by reducing the
number of channels, splitting channels, improving convo-
lutional layers, and using group convolutions to enhance
computational efficiency. In contrast, this paper further ex-
plores the overall architecture and feature extractors, re-
designing structures such as skip connections and drop
residual (dropRes), with a focus on how lightweight mul-
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timodal medical segmentation can achieve enhanced effi-
ciency through optimized feature extractors and overall ar-
chitecture.

3. Method

3.1. Overview

To enhance the overall lightweight efficiency of the net-
work, we propose an extremely lightweight Random Mul-
tiview Drop (RMD) encoder, combined with an efficient
Learnable Residual Skip (LRS) decoder featuring adap-
tive skip residual weights. The bottleneck layer utilizes
the same lightweight encoder. Our overall framework, as
shown in Fig.2, follows the encoder-decoder architecture
[10, 13, 24], which is highly effective in graphical process-
ing.

Given an input voxel shape of M x W x H x D, where
M, W, H, and D represent the dimensions, the input first
passes through a fully convolutional stem layer, generating
shallow feature map voxels of C x W x H x D, where C
is 24, representing a fixed number of filters. Next, we intro-
duce a lightweight encoder with a layer depth of E,, where
E, € (1,1,2,2), for random multi-view feature extrac-
tion. After each group of feature extraction layers, a down-
sampling layer is applied, doubling the number of channels
while halving the voxel resolution. Finally, we set the layer



depth of the bottleneck layer to 2, making a total of 5 feature
fusion blocks, including the bottleneck layer.

Instead of the traditional fully convolutional decoder in
UNETR [9], we introduce a super lightweight upsampling
decoder with layers of depth R, € (1, 1,1, 1), matching the
architecture depth 4. This decoder utilizes learnable group
skip weights, learnable scale residual weights, and employs
linear interpolation combined with fixed group MLP instead
of transposed convolutions, maintaining accuracy while en-
suring a lightweight design. Unlike the encoder, in the de-
coder, the operations of halving the channels and doubling
the voxel resolution are both completed within each block.

3.2. Random Multiview Drop Encoder

To achieve lightweight multimodal 3D segmentation, Ran-
dom Tri-view Hadamard Drop (RTHD) employs a random
axis drop residual mechanism, which focuses on extracting
the most relevant segmentation features with minimal pa-
rameters, while maintaining a lightweight design, as shown
in Fig.3. Given the input data X;,, € RMXWXHXD ‘it first
passes through the fully convolutional stem, followed by the
RTHD and DownSample modules, where RTHD consists of
R, layers, and DownSample is always 1 layer.

Specifically, given a voxel volume of X;,, where the
resolutions of the input channels C' are W x H x D , the
encoder first splits the input into 1/2C , with half of it
X undergoing InstanceNorm3d for normalization, followed
by RTHD. The other half X does not participate in the
gradient regression RTHD learning and is directly merged
into the subsequent non-linear layer. The MLP uses a
3D-convolution-GELU-3D-convolution structure, with the
MLP’s channel expansion ratio set to 2.

The RTHD encoder is the core operator, which uses a
random factor P(-) ~ Rand{0,1,2} to generate an in-
teger between 0-2. It then contains three branches corre-
sponding to the anatomical coronal, axial, and sagittal axes,
each serving as a lightweight interpreter (lightweight fea-
ture extractor) branch. These three branches transform the
X € RB.CW.H,D) data into

Xeoronal € R(HXB,C,W,D)
Xovial € RWXB,C.H,D)

Xsagittal € R(DXB7C’W7H)

(D

Along with their inverted forms X7 .. A7 . ..
Xsagitar» eXtracting features from three randomly assigned
axial and inverse axial views. Each randomly assigned ax-
ial view is fed into a 2D encoder Group Hadamard Product
Attention (Gppq). The G, splits the input data into four
groups, the first three performing Hadamard Product Atten-
tion (HPA) operations on the three axes, the other using
only Depthwise Separable Convolution (DW) on the fea-
ture map, and finally connecting them along the channel.

The process of RTHD can be expressed as
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RTHD (X) = P() ~{Gupa(Xi + X))}, @)
where P(-) represents feature extraction in the three direc-
tions of ¢ € {Coronal, Axial, Sagittal} , X; and X rep-
resent axial and inverse axial, respectively. Gy, denotes
performs a group multi-axis hadamard product attention op-
eration on both axes and adds the results. The whole en-
coder process can be expressed as

RMD(X)=MLP((RTHD(Norm(X)), X)ca:) (3)

where X’ and X indicate %C’ partitioning of input data by
channel, and Norm indicates instance normalization. Cat
represents splicing the split channels into the dimensions
of the input data, and MLP represents the nonlinear layer
containing the shrink process, using a full convolution 3D
and GELU structure with a channel expansion rate of 2.

The purpose of this design is that network overfitting
tends to increase with the number of convergence iterations,
often due to overly homogeneous feature extraction. There-
fore, this module is designed to prevent ineffective learning
while significantly reducing the number of parameters. The
parameter count for the feature extraction part including the
bottleneck layer is less than 2 million.
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Figure 3. Random multiview drop encoder. By applying a random
function to assign different lightweight perspectives to voxel fea-
tures without parallel computation, it enhances robustness while
reducing computational and parameter overhead. During infer-
ence, the computational load of this module is further halved.

3.3. Learnable Residual Skip Decoder

Both the lightweight 3D segmentation encoder and de-
coder are essential. Fully convolutional decoders (referenc-
ing UNETR and other similar structures like SwinUNETR)
have been proven to be effective, but the computational
cost and parameter count present significant challenges for
lightweight designs. In this paper, we propose a lightweight
interpreter for learnable residual skip upsampling.



Specifically, it accepts input from the bottleneck with di-
mensions Fp,, € R16Cx16Wx15Hx 16D and is designed ac-
cording to a combination of upsampling and interpretation.
Delving deeper, the input data F;,, first passes through a
fully convolutional layer for channel (hidden feature layer)
feature fusion, followed by a non-trainable linear upsam-
pling. We have discarded transposed convolutions due to
their high parameter and computational costs. The upsam-
pled data Up(-) is combined with a new feature data F,,,
through group-weighted Wy, shape in (1,C,...), skip S;
addition with learnable parameters. This process can be ex-
pressed as

Fupr = Up (Con*=1(F;)) + W, ©S; (D)

And a residual structure is introduced, followed by non-
linear mapping via an InstanceNorm and fixed-value group
convolutional MLP. Here, the group is set to 12 , and GELU
is used. This process can be expressed as

Repr(F) = Norm (MLDW (Fupr)) Q)

Finally, the result is merged with the scale residual
through learnable weighted scaling to complete the upsam-
pling, producing the output interpreter result.

Dec(]—') = MLDW (fupr) +WD2' © ]:upr (6)

4. Experiments

4.1. Datasets

We evaluate our proposed lightweight parameter ag-
gregation network on the BraTS2019 [1, 2, 20] and
BraTS2021 [3, 30] datasets, which are widely used in cur-
rent medical segmentation tasks. The BraTS datasets are
multimodal (T1, Tlce, T2, FLAIR) MRI datasets. For each
patient, the BraTS data is registered to a common spatial
resolution and undergoes skull stripping. The four raw
modality volumes for each dataset are uniformly sized at
240 x 240 x 155. Within each volume, the brain tumor
region is segmented into three primary sub-regions: the en-
hancing tumor (ET) region, the tumor core (TC) region (in-
cluding the enhancing tumor and necrotic areas), and the
whole tumor (WT) region (including the tumor core and
edema areas).

In the experiments on BraTS2019, we employ five-fold
cross-validation to ensure the stability and reliability of the
results. In each fold, 80% of the data is used for training,
while 20% is used for validation. In the experiments on
BraTS2021, the data is randomly divided into 7:1:2 ratio
for the training, validation, and test sets, with the validation
set not participating in gradient training.

4.2. Evaluation Metrics

We utilize the Dice Similarity Coefficient (DSC) and Sur-
face Dice Coefficient (SDC) as evaluation metrics, which
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are commonly used to assess the accuracy of segmentation.
The DSC measures the overall segmentation quality, while
the SDC evaluates the accuracy of the segmented surface.

4.3. Implementation Details

All models are implemented using Python 3.8 and PyTorch
2.2, in combination with the MONAI 1.3 framework, and
parameter evaluation is conducted using calflops [31]. In
the experiments, the models are trained for about 40,000
iterations on four A100 GPUs, with a batch size of 2 per
GPU. We employ a cosine annealing learning rate scheduler
to dynamically adjust the optimizer’s learning rate, with an
initial learning rate set to le-3, a weight decay of le-2, and
use the AdamW optimizer along with the binary cross en-
tropy With DiceLoss function. The input 3D data is cropped
to a uniform size of 128 x 128 x 128. To increase data di-
versity, random flip augmentation is applied, and random
intensity shift is used to enhance the data.

4.4. Comparison with Others

Table.1 presents the experimental results of all models on
BraTS2019, conducted using the 5-CV mode. Our Su-
perLightNet achieves state-of-the-art (SOTA) segmentation
performance and model parameter efficiency on this dataset,
with comprehensive performance scores of 82.30% DSC
and 73.23% SDC, outperforming the previous SOTA perfor-
mance of Segmamba, which has 82.04% DSC and 72.95%
SDC, by 0.26% and 0.28%, respectively. Compared to
other models, our approach demonstrates even greater ad-
vantages. Most notably, our parameter count is reduced by
95.59% compared to Segmamba. Compared to the con-
temporaneous model LightM-Unet, which features a very
lightweight parameter count of 5.02M, our approach sur-
passes it in the multimodal segmentation task by achieving
0.81% higher DSC and 1.81% higher SDC, all while using
fewer parameters (2.97M) on the BraTS2019 task.

Table.2 presents the experimental results of all models on
BraTS2021, conducts with the TVE mode. Our network,
SuperLightNet, also achieves SOTA-level performance on
this relatively abundant dataset. Specifically, SuperLight-
Net outperforms the current SOTA, SwinUNETR, by 0.06%
in DSC and reaches a leading SDC of 82.99%. Notably, our
model’s parameter count is 95.22% smaller compared to the
SOTA.

Fig.4 shows a qualitative comparison of the results on
BraTS2019. In the figure, we present the segmentation re-
sults of two samples using the Flair modality as the back-
ground. From these results, it is evident that during the
40,000 iterations of training, our SuperLightNet exhibits a
more stable and rapid convergence performance. In case
A, our network shows minimal regional tissue segmentation
loss for the ED region and provides accurate predictions for
the NCR. In case B, our network demonstrates better coher-
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Figure 4. The visualized segmentation of BraTS datasets. The first and third rows correspond to case A, while the second and fourth rows
correspond to case B, with the Flair modality used as the background. The distinctions between different cases are clearly observable. The
blue and green regions represent the necrotic tumor core (NCR) and peritumoral edema (ED). The enhancing tumor (ET) is represented by
the red region. The tumor core (TC) includes the combination of the red and blue regions. The enhancing whole tumor (WT) comprises

the combination of the red, blue, and green regions.

Table 1. Quantitative evaluations on BraTS2019 validation set using 5-Cross-Validation(5-CV) Mode. The first 2 results are marked with

bold and underlined.
Iteration:39783 BraTS2019

Model Params subsetl subset2 subset3 subsetd subset5 Avg.
DSC SDC | DSC SDC | DSC SDC | DSC SDC | DSC SDC | DSC SDC
3DUnet(MICCAI2016) 1632 | 69.20 58.40 | 70.71 59.40 | 76.64 63.80 | 77.96 63.87 | 69.35 57.64 | 72.77 60.62
TransBTS(MICCAIL2021) 3299 | 79.57 68.73 | 75.82 63.77 | 83.04 74.03 | 85.50 76.85 | 79.86 71.56 | 80.76 70.99
nnUnet(Nature Method,2021) | 31.19 | 79.70 69.18 | 79.35 68.90 | 82.34 73.78 | 85.68 76.89 | 79.98 71.26 | 81.41 72.00
SwinUNETR(MICCAL2021) | 62.19 | 79.48 69.41 | 80.01 70.07 | 82.66 74.20 | 8551 77.09 | 80.27 7191 | 81.59 72.54
TransUnet(MIA,2024) 31.20 | 77.60 6555 | 77.69 67.02 | 7893 69.11 | 8429 74.86 | 75.81 65.01 | 78.86 68.31
MedNeXt-M(MICCAIL2023) 17.55 | 8042 6639 | 7945 67.44 | 82.24 68.89 | 85.44 7395 | 81.17 70.64 | 81.74 69.46
SegMamba(MICCAI,2024) 6742 | 79.80 69.41 | 80.56 69.99 | 8294 74.82 | 86.19 78.07 | 80.70 72.46 | 82.04 72.95
LightM-Unet(Axriv,2024) 5.02 79.83 6855 | 78.79 67.12 | 83.22 74.57 | 85.61 76.59 | 80.00 70.25 | 81.49 71.42
Ours 2.97 80.72 70.78 | 80.26 68.95 | 83.78 75.49 | 85.65 77.76 | 81.11 73.19 | 82.30 73.23

ence in the ED region and superior boundary performance,
while avoiding redundant predictions for the NCR area.

We utilize 4 * 1283 voxel images as the benchmark
for performance evaluation. The metrics include Train-
ing Memory (TM), Inference Memory (IM), Training Time
(TT), Tflops for forward propagation, combined forward
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and backward propagation Tflops, Memory Access Cost per
second (MACs), and parameter count. As shown in Ta-
ble.3, when applying to volumes of identical dimensions,
SuperLightNet uses only 54.14% of the training memory
required by Segmamba, with training time reduced to less
than a quarter, while still achieving state-of-the-art seg-



Table 2. Quantitative evaluations on BraTS2021 validation set us-
ing Train-Valid-Eval (TVE) Mode. The best and second-best are
marked with bold and underlined. Notice, The * denotes data from
the training and validation processes, used to compare with evalu-
ation data to assess overfitting and generalization performance.

Iteration:40250 BraTS2021

Model Params *Trai-n *Valid Eval
soft-dice | DSC  SDC | DSC SDC
3DUnet 16.32 83.70 86.38 78.46 | 83.70 77.2
TransBTS 32.99 84.80 86.27 80.30 | 84.18 79.85
nnUnet 31.19 88.12 88.53 83.56 | 87.33 83.21
SwinUNETR 62.19 85.00 88.91 79.96 | 87.39 79.62
TransUnet 31.20 87.47 88.42 8339 [ 85.97 81.84
MedNeXt-M 17.55 89.09 87.09 8254 | 85.63 69.37
SegMamba 67.42 87.84 88.55 82.84 | 86.36 81.31
LightM-Unet 5.02 85.87 86.51 77.19 | 84.59 75.88
Ours 2.97 86.87 88.85 84.05 | 87.45 82.99

mentation performance. Due to the lightweight design of
our RMD encoder and LRS decoder, the forward propaga-
tion process requires only 0.094 Tflops, and the entire net-
work operates at an ultra-lightweight level of 0.282 Tflops.
This represents the 45.97% reduction in computational cost
compared to LightM-Unet for the same task. Additionally,
memory access cost is reduced by 45.34%, and the param-
eter is lowered by 40.83%, establishing SuperLightNet as
a leading solution for lightweight medical brain tumor seg-
mentation tasks.

4.5. Ablation Study

To achieve a balance between computational performance
and efficiency, we systematically explore and optimize the
multimodal brain tumor segmentation network structure to
enhance segmentation accuracy while optimizing compu-
tational efficiency. The ablation experiments are divided
into two stages: the first stage evaluates the performance
of mainstream methods on the task in this study, and
the second stage iteratively optimizes the encoder-decoder,
with each stage progressively assessing the performance-
efficiency effectiveness of the network structure.

In the first stage, we conduct experiments on mainstream
encoder-decoder configuration combinations to establish a
performance benchmark in Table 4. We integrate advanced
models such as MedNeXt, KAN [18], and Mamba, and ex-
plore single- and multi-modal parallel structure variants of
the KAN framework to assess its effectiveness in reduc-
ing parameter count. Results show that using the Med-
NeXt+KAN encoder achieves a high Dice score of 77.36%,
though using both encoder and decoder consume a large
amount of memory. Furthermore, Pe3 does not provide
higher accuracy than Pe2, possibly due to the difficulty of
learning in deeper networks. The Mamba+KAN combina-
tion scores 70.07%, indicating it could not effectively re-
place transformer and MLP structures and is highly depen-
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dent on floating-point precision. ("Pe” refers to the repeti-
tion of the encoder block structure, and "Pd” refers to the
repetition of the decoder structure.)

We use KAN to explore a similar 4-Parallel structure,
which significantly reduces computational resources by
splitting channels, thus further releasing memory. Using
KAN network structure still achieves a DSC of 75.64%.
The data also shows that the MedNeXt structure is not suit-
able for modal channel splitting after employing depthwise
convolution. Although the parallel structure demonstrates
excellent memory efficiency, its low performance led us to
abandon this approach.

Additionally, we test the performance of the Tri-view
Hadamard Product Attention (THPA) encoder and the UN-
ETR decoder on both Parallel and U structures. It is ob-
served that in the U-Pe3-Pd3 THPA+UNETR experiment,
a performance of 78.84% surpasses the second-best U-
Pe2-Pd2 MedNeXt+KAN MedNeXt structure in Table 4,
demonstrating that the multi-view Hadamard product is
highly effective in feature extraction for voxel data.

In Table 5, we present the network encoder-decoder im-
provement plans based on the results from Table 4. We use
the U structure and the widely-used UNETR decoder for
such tasks. The encoder uses the best-performing THPA
from Table 4, and a random path-guided strategy is em-
ployed to reduce two-thirds of the intra-block computa-
tion. Subsequently, inspired by the bidirectional Mamba
approach, we add bidirectional scanning to THPA, increas-
ing the random routing from the original 3 paths to 6 paths,
improving it to THPAFR without increasing the parameter
count, though the performance slightly declined. To address
this, we compress the routing back to 3 paths and assigned
corresponding reverse scanning for each path, resulting in
THPAFR2, achieving a DSC of 79.53% and an SDC of
69.32%, with a notable improvement in SDC.

The aim of this study is lightweight optimization, and the
reverse scanning significantly increases the computational
cost. In response, We maintain the original network struc-
ture of THPAFR2 while examining the performance satu-
ration achieved with a 384-dimensional hidden layer com-
pared to the 768-dimensional layer. The results show that
within the given epochs, DSC improved by 0.23%, while
SDC decreased by 0.09%. This modification reduces the
parameter count by 46%, while retaining the network’s per-
formance. Next, thanks to the very effective residual struc-
ture, we design THPAFR3 based on it, using a drop resid-
ual (dropRes) mode residual structure to retain half of the
channel data and apply feature extraction to the remaining
portion, thereby extending the continuity of contextual in-
formation. This change increases the DSC to 79.99%.

At this point, the network’s parameters are mainly con-
centrated in the decoder, and UNETR is mostly used for
transformer-based decoders. It is effective but parameter-



Table 3. Quantitative evaluations with 4 x 128% In Res, include training memory(TM), inference memory(IM), training time(TT), Tflops for
forward propagation, combined forward and backward propagation Tflops, memory access cost per second(MACS), and parameter count.

Model o Tﬂ;yz:; ~—— MACS(G)  Params(M) InRes | TM(M) IM(M) | TT(ms) | DSC
3DUnet(MICCAIL2016) 3.80 11.40 1899.4 16.32 4%128% | 28172 7013 448 72.77
TransBTS(MICCALZ2021) 0.51 1.54 256.7 32.99 4x128% | 22216 2799 386 80.76
nnUnet(Nature Method,2021) | 0.97 291 482.9 31.19 4%128% | 13973 3227 232 81.41
SwinUNETR(MICCAIL2021) | 1.48 4.45 743.0 62.19 4x128% | 35482 6621 667 81.59
MedNeXt M(MICCAIL2023) | 0.50 1.49 239.7 17.55 4x128% | 28037 5433 887 81.74
TransUnet(MIA,2024) 0.97 2.90 482.9 31.20 4x128% | 12944 3229 248 78.86
SegMamba(MICCAI2024) 2.92 8.76 1458.0 67.42 4x128% | 37140 5575 900 82.04
LightM-Unet(Axriv,2024) 0.174 0.522 83.8 5.02 4x128% | 38871 6159 1350 | 81.49
Ours 0.094 0.282 45.8 297 4x128% | 20108 3485 219 82.3

Table 4. Analysis of networks, showing various structural perfor- blocks. LRSUp4 replaces grouped weighting and fully

mance results for this task. “OOM!” indicates out of memory, “*”
denotes validation at 1000 epochs, “41” means parallel structure

Structure Encoder Decoder DSC SDC
U-Pe2-Pd2 | MedNeXt+KAN MedNeXt 77.09 64.12
U-Pe2-Pd2 | MedNeXt+KAN MedNeXt 77.36* 64.78*
U-Pe3-Pd2 | MedNeXt+KAN MedNeXt 76.41 62.63
U-Pe3-Pd2 | MedNeXt+KAN MedNeXt+KAN | OOM! OOM!
U-Pe2-Pd2 Mamba+KAN Mamba+KAN 70.07 5322
U-Pe2-Pd2 KAN KAN 7730  63.78
U-Pe2-Pd2 KAN+SGD KAN+SGD 7393  57.53
41-Pe4-Pd4 KAN Parallel KAN Parallel 75.64 62.48
41-Pe4-Pd4 | no KAN Parallel no KAN Parallel 74.89 60.19
41-Pe4-Pd4 | MedNeXt Parallel MedNeXt Parallel | 69.95 48.77
41-Pe3-Pd3 THPA UNETR 76.53  64.23
U-Pe3-Pd3 THPA UNETR 78.84  68.48

Table 5. Ablation study of network configurations. Bold indicates
optimal data, underline denotes the second-best data.

Encoder  Decoder | Params | DSC | SDC | Dropr | Dimension
THPA UNETR | 15.8M | 78.84 | 68.48 0 768
THPAFR  UNETR | 15.8M | 77.58 | 66.43 0 768
THPAFR2 UNETR | 15.8M [ 76.83 | 65.75 0 768
THPAFR2 UNETR 8.6M | 78.63 | 67.75 0 384
THPAFR3 UNETR | 7.56M | 79.02 | 68.15 1 384
THPAFR3 LRSUp | 2.86M | 78.39 | 65.95 1 384
THPAFR3 LRSUp2 | 4.19M | 78.68 | 66.12 1 384
THPAFR3 LRSUp3 | 3.96M | 78.74 | 67.87 1 384
THPAFR3 LRSUp4 | 2.97M | 79.05 | 68.20 1 384

heavy. To address this, we redesign the LRSUp upsam-
pling structure. First, we use linear upsampling and grouped
MLP to learn features while employing weighted skip and
weighted residual structures to retain contextual informa-
tion. We achieve a network with 2.86M parameters while
maintaining segmentation performance. LRSUp2 uses a de-
convolution mode to replace linear upsampling, and LR-
SUp3 uses the THPAFR3 encoding blocks as decoding
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weighted residuals and skips, and also replaces the channel-
matching grouped MLP in LRSUp with a grouped MLP of
channel count C/12, aiming to retain more inter-slice do-
main relations while keeping it lightweight.

LRSUp4 demonstrates clear advantages over LRSUp in
rapid learning, achieving a 0.66% improvement in DSC and
a2.25% improvement in SDC at epoch 100. The significant
increase in SDC is highly correlated with the C/12 grouped
MLP improvement. Compared with THPAFR3+UNETR,
LRSUp4 achieves similar performance with a 60.71% re-
duction in parameter count. RMD encoder refers to the TH-
PAFR3 encoder, and LRS decoder refers to the LRSUp4
decoder.

5. Conclusion

This paper proposes a lightweight parameter aggregation
network for multimodal brain tumor segmentation, which
designs a random multiview drop encoder and a learnable
residual skip decoder. The random multiview drop encoder
is designed to learn the spatial structure of multimodal im-
ages through a random multi-view approach. The learn-
able residual skip decoder is designed to incorporate learn-
able residual and group skip weights. Experimental results
demonstrate that the proposed method achieves a leading re-
duction in parameter count by 95.59%, a 96.78% improve-
ment in computational efficiency, a 96.86% enhancement in
memory access performance, and an average performance
gain of 0.21% on the BraTS2019 and BraTS2021 datasets
in comparison with the state-of-the-art methods. The pro-
posed lightweight segmentation method with low computa-
tion can assist doctors in better and efficient planning surg-
eries and calculating radiation therapy doses. In the future
work, the lightweight network with more accuracy should
be further studied.
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