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Abstract

Background and Objective: Transformer, which is notable for its ability of global context modeling, has been used to remedy
the shortcomings of Convolutional neural networks (CNN) and break its dominance in medical image segmentation. However,
the self-attention module is both memory and computational inefficient, so many methods have to build their Transformer branch
upon largely downsampled feature maps or adopt the tokenized image patches to fit their model into accessible GPUs. This patch-
wise operation restricts the network in extracting pixel-level intrinsic structural or dependencies inside each patch, hurting the
performance of pixel-level classification tasks.

Methods: To tackle these issues, we propose a memory- and computation-efficient self-attention module to enable reasoning
on relatively high-resolution features, promoting the efficiency of learning global information while effective grasping fine spatial
details. Furthermore, we design a novel Multi-Branch Transformer architecture to provide hierarchical features for handling objects
with variable shapes and sizes in medical images. By building four parallel Transformer branches on different levels of CNN, our
hybrid network aggregates both multi-scale global contexts and multi-scale local features.

Results: MultiTrans achieves the highest segmentation accuracy on three medical image datasets with different modalities:
Synapse, ACDC and M&Ms. Compared to the standard Self-Attention, the proposed efficient Self-Attention can largely reduce the
training memory and computational complexity while even slightly improve the accuracy. Specifically, the training memory cost,
FLOPs and Params of our efficient Self-Attention are 18.77%, 20.68% and 74.07% of the standard Self-Attention.

Conclusions: Experiments on three medical image datasets demonstrate the generality and robustness of our proposed net-
work. The ablation study shows the efficiency and effectiveness of our proposed efficient Self-Attention. Code is available at:
https://github.com/Yanhua-Zhang/MultiTrans-extension.

Keywords:
Medical Image Segmentation, Abdominal Multi-Organ Segmentation, Cardiac Segmentation, Deep Learning, Efficient
Self-Attention, Parallel Transformer Branches.

1. Introduction

Medical image segmentation has been successive used in a
wide range of medical applications based on various imaging
modalities [1, 2, 3, 4, 5]. However, visual inspection of these
images is often time-consuming, highly subjective and relays
on experienced operators [6, 7]. Convolutional neural networks
(CNN) are widely used in computer-aided medical image seg-
mentation and have shown remarkable progress [8, 9, 10, 11].
U-Net [10] proposes a symmetric encoder-decoder architecture
to recover detailed information and aggregate multi-level fea-
tures, becoming a paradigm for medical image segmentation.
A series of followers (e.g., U-Net++ [12], UNet3+ [13], Re-
sUNet [14], etc) also adopt this encoder-decoder frameworks,
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showing excellent representation ability. To further enhance the
performance of CNN, NAG-Net [15] proposes two UNet-based
nested sub-networks to focus on the clinician’s visually salient
region, and BDNet [16] adds a boundary refinement module to
learn accurate boundary locations.

However, CNN-based networks exhibit limitations in mod-
eling long-range dependency due to the intrinsic locality prop-
erties of convolution kernel [17, 18]. Transformer, which has
recently been exploited in computer vision, is notable for its
ability of modeling long-range dependence. Also, some ef-
forts have been made in medical image segmentation to use it
to compensate for the shortcomings of CNN [19, 20, 21, 22].
Among them, TransUNet [21] puts ViT on the top of CNN to
extract global context information, which is the first work to
leverage the power of Transformer to segment medical images.
TransFuse [20] combines the multi-level global information ex-
tracted by one single Transformer branch with the multi-level
local information provided by CNN branch at each individual
level. These methods prove the effectiveness of Transformer
in providing global context information to segment organs or
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tumors from a medical scan.
Despite the advances, Transformer are also known for their

memory and computational inefficient computation, which is
the square of the number of pixels. This makes it impossible to
directly apply standard self-attention in large spatial resolution
feature maps. To fit their model into easily accessible GPUs,
many methods choose to inference on largely downsampled
feature maps (e.g., the last stage feature of CNN) [23, 24, 25]
or adopt the tokenized image patches [26, 18, 20, 27]. This may
not maximize the advantages of the Transformer. The detailed
information is lost due to the downsampling operation (pool-
ing and stride layers) in CNN, and the patch-wise operation re-
stricts the network in obtaining pixel-level intrinsic structural
or dependencies inside each patch.

To reduce the model complexity of Transformer, several Effi-
cient Self-Attention (ESA) methods have been adopted in med-
ical image segmentation. Inspired by the low-rank theory in
Linformer [28], TransHRNet [29] uses the strided convolution
to reduce the sequence length of Key and Value to save memory
and computational costs. CoTr [30] adopts Deformable Self-
Attention [31] to select representative feature points from in-
put sequences to reduce computational complexity, while Vala-
narasu et al [32] employs the axial attention [33] as its ESA by
calculating affinity matrix independently along the height and
width axes of feature maps. However, the point-selection [34]
or various downsampling operations [35, 36, 37] in the low-
rank ESA pose a risk of losing important information, and the
receptive field of axial attention [38] is limited to a certain axis.
In addition, all the above methods do not consider the cost of
linear projection and value transformation operations of SSA,
which can be a big burden when the input features have large
channel dimensions. Transformer-based methods await a better
solution to promote the efficiency of learning global informa-
tion while holding an effective grasp of spatial details. To tackle
these problems, without following the above low-rank designs,
we propose a hybrid ESA to reduce memory and computational
complexities. Firstly, when computing the affinity matrix, we
change the multiplication order in adherence to the associativity
law of matrix product, reducing the quadratic complexity rela-
tive to input size to linear, which is mathematically equivalent
to standard self-attention [39]. Secondly, we further reduce the
memory usage by introducing the Head-Sharing operation, that
is, multiply heads use the same affinity matrix for transforma-
tion. Finally, by using the same linear layer for Key and Value,
we employ this sharing mechanism to reduce the cost of pro-
jection operations. Our main motivation for proposing ESA is
to enable the Transformer branch to reason on large-resolution
resolution feature maps to reduce the loss of fine spatial details
for precise segmentation.

In addition, medical images are characterized by high intra-
class and inter-class variation. For example, organs, tumors
and lesion regions appear in different shapes and sizes across
patients. Therefore, capturing multi-scale information is very
important for segmenting objects with multiply scales. How-
ever, most existing methods only use one Transformer branch
to extract the single-scale global feature while ignore the
multi-scale information, resulting in low segmentation accu-

racy [21, 40, 23]. For handling this problem, DS-TransUNet
[27] uses two swin Transformers with different patch size to ob-
tain both coarse and fine-grained feature representations. UT-
Net [37] applies low-rank efficient self-attention module to each
level of the encoder to obtain multi-scale global context infor-
mation. The above methods still leave space for improving the
effectiveness of capturing and fusing multi-scale features. DS-
TransUNet uses two pure Transformers to extract multi-scale
global representations without integrating local features from
CNN, and these two kinds of information are complementary
[20, 40, 22]. In addition, we point out that the UTNet architec-
tur designed for multi-scale global feature extraction is a sub-
optimal choice for two main reasons: firstly, the self-attention
layers used directly on the low-level layers of CNN are too shal-
low to effectively learn long-range dependence; Secondly, the
convolutional layers in the decoder part of UTNet may blur the
global features obtained from the Transformer, as the square
convolution kernels can merge information from the surround-
ing feature pixels.

To this end, taking full advantage of CNN’s inherent feature
hierarchy, we build four parallel Transformer branches on dif-
ferent levels of the CNN to explicitly obtain multi-scale global
contexts and fuse them with local features extracted by convo-
lutional layers though long skip connections. Moreover, we de-
sign a top-down path to flow the high-level features extracted by
deep convolutional layers of CNN to lower levels to provide se-
mantic cues for Transformer branches, especially the low-level
branches. When fusing local and global features, as pointed by
[20, 41], the low-level CNN features could be noisy, so we mod-
ify the attention gate module [41] to use global features from
Transformer to guide the filtering of local features and enhance
local details. Finally, instead of using the U-shaped decoder,
we directly use large-scale upsampling to fuse features from
Transformer branches to avoid global features being blurred by
convolution kernels.

In a nutshell, we have four main contributions.

• We propose a hybrid ESA to reduce the memory and com-
putational complexity of the three main steps of SSA.
When computing the affinity matrix, we change the ma-
trix multiplication order to reduce the complexity from
quadratic to linear of the sequence length, which is math-
ematically equivalent to SSA, thus avoiding information
loss caused by the downsampling operations in low-rank
ESA. In addition, we propose two sharing mechanisms to
further reduce the cost of linear projection and value trans-
formation operations in SSA.

• To effectively learn the long-range dependence at each
scale, we build independent parallel Transformer branches
on different levels of the CNN to explicitly extract multi-
scale global features, and design a top-down path to pro-
vide high-level semantic features extracted by deep layers
of CNN to the learning of low-level Transformer branches.

• Without following the classical U-Net like architecture,
we use large-scale upsampling to fuse features from
multi-branch Transformers to avoid global contexts being
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blurred by convolutional kernels. Furthermore, the atten-
tion gated module is adopted to use global contextual in-
formation from Transformer to filter local features of CNN
and guide the local-global feature fusion on each individ-
ual branch.

• To boost network training, we add the In-deep Supervision
(IDS) customized for the parallel Transformer branches ar-
chitecture to improve gradient flow and enhance feature
representation.

2. Related Work

In this section, we mainly review Transformer-based net-
works and efficient self-attention methods in the field of medi-
cal image segmentation.

2.1. Pure/Hybrid Transformer Networks

Transformer-based segmentation networks can be roughly
divided into two categories: pure Transformers [42, 43, 44, 27]
and hybrid Transformers [21, 20, 22, 35, 37]. Swin-Unet [42],
which combines the Swin Transformer block with the classic
U-shaped architecture design, is the first 2D pure Transformer
model proposed in medical domain, achieving improved results
compared to CNN networks. D-Former [44] performs self-
attention within each patch to calculate local context represen-
tation, and proposes dilated self-attention inspired by dilated
convolution to learn long-range dependencies. Then, they ar-
range these two attention mechanisms alternately to build a pure
Transformer for 3D medical image segmentation.

However, due to the lack of spatial induction bias, pure
Transformers exhibit limited ability in extracting localized in-
formation [21] and cannot perform well on small-scale datasets
[37]. Similar to TransFuse, CTC-Net [22] also builds a dual en-
coding path, using parallel CNN and Transformer branches to
extract local context and global features respectively. MISS-
Former [35] injects locality into the Transformer by adding
depth-wise convolution layers in the feed-forward network
(FFN) of self-attention module, and uses repeated layer norm to
re-integrate the local and global features. These methods only
use one Transformer branch to extract the single-scale global
feature while ignore the multi-scale representations, leading to
low segmentation accuracy [21, 40, 23]. UTNet [37] follows
the standard design of UNet, but replace the last convolution
layer of each stage of the CNN encoder with Transformer mod-
ules to obtain multi-scale global context information. Here, we
point out that the UTNet architecture design leave space for
improvement for two main reasons: firstly, the shallow self-
attention layers cannot effectively learn long-range dependence
at each scale, especially at the low-level layers of CNN; Sec-
ondly, the convolution-based decoder part of UTNet is a sub-
optimal choice for fusing global features, as the square con-
volution kernels can merge information from the surrounding
feature pixels to re-extract local information, thereby blurring
the global features obtained from the Transformer.

To effectively learn the long-range dependence at each scale,
we build independent parallel Transformer branches on differ-
ent levels of the CNN to explicitly extract multiscale global fea-
tures, and design a top-down path to provide high-level seman-
tics to the learning of low-level Transformer branches. Instead
of using the classical U-Net like architecture to fuse features
from multi-branch Transformers, we use large-scale upsam-
pling to avoid global contexts being blurred by convolutional
kernels.

2.2. Efficient Self-Attention

Standard Self-Attention (SSA) suffers from quadratic com-
putational and spatial complexity in terms of image pixels,
making it unsuitable for high-resolution feature maps. Med-
ical image segmentation is a position-sensitive task, so high-
resolution features play an important role for segmenting
boundary and small objects, which are easily lost due to largely
downsampling or patch-wise operations. To solve the above
problem, a large number of Efficient Self-Attention (ESA) mod-
ules are adopted in medical image segmentation. From the
theory in Linformer [28], self-attention is low-rank for long
sequences, indicating that most information is highly redun-
dant. Inspired by this finding, most methods adopt various
down-sampling operations to reduce the feature spatial size of
Key and Value. These downsampling operations can be aver-
age/max pooling [35], linear projection [36], strided convolu-
tion [29], or bilinear interpolation [37]. CoTr [30] and MCTrans
[34] use Deformable mechanism proposed by [31] to select a
fixed number of elements from the sequence to reduce compu-
tational complexity. Without following the low-rank ESA de-
sign, Valanarasu et al. [32] and Wang et al. [38] applied the
axial attention [33] to perform self-attention independently on
the height and width axis of feature maps. The downsampling
operation in low-rank ESA and points selection operation of
Deformable attention could lead to information loss, while the
receptive field of axial attention is limited to a certain axis. In
addition, all the above methods only focus on saving the cost
of the affinity matrix calculation, while ignoring the burden of
linear projection and value transformation operations of SSA.

Different from these methods, as shown in Fig. 1(c), we pro-
pose a hybrid ESA module that combines the Order-Changing
operation with two types of sharing mechanisms to reduce the
costs of the three main steps of SSA (affinity matrix calcula-
tion, linear projections and value transformation), respectively.
In particular, the Order-Changing operation follows the asso-
ciativity law of matrix product, which is mathematically equiv-
alent to SSA, avoiding the risk of information loss caused by
the downsampling or point selection operations in other ESA
methods.

3. Method

3.1. Overview

Fig. 1 shows the architecture of our multi-branch Trans-
former network, and illustrates the difference between the
SSA and the proposed ESA. The ensuing subsections will first
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Figure 1: Overview of our proposed hybrid network, and the comparison between the standard Self-Attention and the proposed efficient Self-Attention.

overview the theory of SSA, which consists of three main steps:
three linear projections, computing affinity matrix, and Value
transformation. Then, to reduce the memory or computational
cost of the above steps, we combine the Order-Changing with
Head- and Projection-Sharing operations to build our hybrid
ESA, and provide detailed complexity analysis of each oper-
ation. In the following Section. 3.4, we sequentially introduce
the detailed design of CNN part, parallel Transformer architec-
ture and the local-global feature fusion module. Furthermore,
we analyze the difference of our MultiTrans with a contempo-
rary work, and compare different architecture designs shown
in Fig. 3 to give a clear understanding of the motivations of
our network. Finally, we present a special In-deep Supervision
(IDS) to supervise the training of our hybrid network.

3.2. Standard Self-Attention
A standard multi-head self-attention (MSA) [39] can be ex-

pressed as a flattened feature map L ∈ RN×D (N means the
number of pixels and D expresses the feature dimension) passes
through H separate parallel self-attention heads. The h-th head
can be formally written as:

1. Uses three different linear projections to compute the
Query, Key, and Value:

Qh = wh
QNorm(L),

Kh = wh
KNorm(L),

Vh = wh
VNorm(L).

(1)

Here, Q,K,V ∈ RN×Dh , and we set the feature dimension of
them equal to Dh for simplicity. wQ,wK ,wv ∈ R

Dh×D are train-
able weights of linear layers. Norm means layer normalization.

2. Computes the affinity matrix Ah scaled by 1
√

Dh
and trans-

formed value SAh:

Ah = Softmax
(

Qh(Kh)T

√
Dh

)
, SAh = Ah · Vh. (2)

3. Concatenates the outputs of the H heads and reprojects
back ontoRD.

MSA = WProject

[
SA1; . . . ; SAH

]T
, (3)

where WProject ∈ R
D×DhH . Subsequent residual connections,

ReLU activations, layer normalization and the feed-forward
network are omitted for brevity.

3.3. Efficient Self-Attention

The dot-product in MSA (Eq. (2)) leads to O(HDhN2) com-
putational complexity and the resulting affinity matrix has
O(HN2) memory complexity. Normally, N is much larger than
Dh especially for feature maps from very shallow layers, thus
the number of pixels dominates the self-attention computation
and memory costs. Since Eq. (2) can be regarded as a series of
matrix multiplication, we change the order of computation to
reduce memory and computation [45, 46]. We also remove the
scaling factor 1

√
Dh

because we find from the results in Table 7
that it has a negative impact on our ESA. As shown in Fig. 1(c),
we can rewrite Eq. (2) as:

Ah = Softmax
(
Kh

)T
Vh,

SAh = Softmax
(
Qh

)
Ah.

(4)
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(a)

(b)

Figure 2: Detailed design of the multi-level feature fusion module in the Top-
down path of the CNN part and the Local-global feature fusion module.

This simple operation can largely reduce the memory and
computational complexity of the affinity matrix to O(HDh

2)
and O(HDh

2N). In order to further reduce the memory usage
of the affinity matrix, we introduced the Head-Sharing mech-
anism, that is, multiply heads use the same affinity matrix for
transformation, and can be formulated as:

AShare = Softmax
(
KT

)
V,

SAh = Softmax
(
Qh

)
AShare.

(5)

By combining with Order-Changing operation, this results in
O(Dh

2) memory complexity and O(Dh
2N) computational com-

plexity, further being reduced by 1/H.
In addition, the total memory and computation of the three

linear projections in Eq. (1) are 3HDhDN and 3HDhN, respec-
tively, which are non-negligible compared to the dot-product
in our efficient self-attention. Therefore, we also employ the
sharing mechanism for the projections, which has been proved
its effectiveness in NLP tasks [28]. As shown in Fig. 1(c),

this is easily achieved by using the same linear layer to go
from L to K and V , and a separate one for Q. By combining
with Head-Sharing mechanism, the memory and computation
are decreased to (H + 1)DhDN and (H + 1)DhN, which are
(H + 1)/(3H) of the original projections.

3.4. Network Architecture

As shown in Fig. 1(a), we use ResNet-50 as the backbone for
local feature extraction, which has the typical CNN structure
of four residual convolution stages. By stacked stride layers
and pooling layers, different stages of the backbone can pro-
vide multi-level local features (B1 ∼ B4) with different recep-
tive fields. Besides, the local inductive bias of convolutional
layers can speed up the training process and avoid using large-
scale pretraining [21, 25, 24].

In addition, upon multi-level features of the backbone, we
build a top-down path to flow the high-level features to the low-
level features. The CNN part of our network is similar to the
UNet architecture. Differently, we adopt the top-down path to
provide high-level semantic cues to the low-level Transformer
branches, while UNet aims to use high-resolution features to
progressively recover the spatial details of the topmost feature.
Instead of using deconvolution to restore spatial resolution, we
use simple bilinear upsampling followed by 3x3 convolution
to fuse multi-level features. The details of multi-level feature
fusion module are shown in Fig. 2(a), which can be expressed
mathematically as:

Ln = Conv3×3(Up2×(Conv1×1(Ln+1)) + Bn), n = 3, 2, 1, (6)

where L4 = B4 and Up2× represents 2× upsampling via bilinear
interpolation.

As for decoder, we use our proposed Efficient Self-attention
module to build four parallel Transformer branches on different
levels of CNN to acquire multi-scale global features (G1 ∼ G4).
Low-level features of CNN have larger spatial resolution with
retaining finer local information. Therefore, inferring on these
features to obtain high-resolution context information helps
segment small-scale objects and detailed architectures.

On each branch, we use a long skip connection to fuse the lo-
cal feature with the global representation, since these two kinds
of information are complementary [40]. If directly using the
sum operation for feature fusion, the i-th branch feature is as
follows:

Fi = Conv1×1(Li + Gi). (7)

However, as low-level CNN features could be noisy [20],
this simple sum operation brings noise or irrelevant informa-
tion into global features, reducing the effectiveness of feature
fusion. Thus, as shown in Fig. 2(b), we modify the attention
gate module proposed by [41] to enhance local details and sup-
press irrelevant regions in local features. By adopting the spa-
tial attention mechanism, we use global features Gi to guide the
filtering of local features Li, and Eq. (7) can be rewritten as:

Ai = σ2(Conv1×1(σ1(Conv1×1(Li) + Conv1×1(Gi)))),
Fi = Conv1×1(Ai ∗ Li + Gi),

(8)
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(a) (b) (c)

Figure 3: Comparison of different macro architecture designs. ”Aux Loss” denotes auxiliary loss. The dashed arrows indicate the location of the auxiliary losses.
(a) Our initial design and the deep supervision. (b) UNet-like architecture. (c) Our final design and the In-deep Supervision.

where σ1 and σ2 correspond to the ReLU activation function
and the sigmoid normalization respectively. Ai is attention maps
and * represents element-wise multiplication.

Finally, by using the bilinear interpolation upsampling and
pixel-wise sum fusion, the final output FMulti aggregated four
branches’ feature maps:

FMulti = Conv1×1(F1+Up2×(F2) + Up4×(F3)
+Up8×(F4)). (9)

3.5. Architecture Comparison and Analysis

The contemporary work TransHRNet [29] shares a similar
motivation with us, but we have several notable differences
with it: firstly, our Order-Changing operation is mathematically
equivalent to standard self-attention [45] and the sharing mech-
anisms help us further improve efficiency and reduce redundant
information, while TransHRNet uses strided convolution to re-
duce the spatial size of Key and Value, inevitably leading to
information loss; Secondly, TransHRNet directly applies paral-
lel interactive Transformer branches to each level of the CNN
backbone, while we build four independent parallel Trans-
former branches upon the top-down path which provides hierar-
chical represents for low-level Transformer branches; Thirdly,
TransHRNet follows the U-shaped architecture to use deconvo-
lution in the decoder to restore resolution, while we directly use
large-scale bilinear interpolation to upsample and fuse features
from Transformer branches.

To give a clear understanding of the motivations of our de-
sign, we compare different macro architecture designs in Fig. 3.
Our initial design aims to extract multi-scale global features
through direct inference on different levels of backbone. We
also illustrate a design of building the top-down path on the out-
put of multiple Transformer branches, which follows a UNet-
like architecture. The top-down path used in U-net architec-
ture mainly enables precise localization by combing high reso-
lution features from backbone [10]. Interestingly, we found that
this design had a negative impact on segmentation performance
compared to the initial design (Table 8). We attribute this to the

convolutional layers in the top-down path blurring the global
features obtained from the Transformer, as the square convolu-
tion kernels gathers information from the surrounding region,
inevitably introducing irrelevant information from neighboring
pixels. Differently, our final design uses the top-down path to
fuse multi-level features of backbone to provide hierarchical
feature cues for low-level Transformer branches, taking full ad-
vantage of CNN’s inherent feature hierarchy. Besides, instead
of using the U-shaped decoder, we directly use large-scale up-
sampling for fusing features from Transformer branches. Quan-
titative comparisons and corresponding analyses are given in
Section. 5.4.3.

3.6. Objective Functions

Following [21, 37], we combine the Dice loss and Cross-
Entropy loss to train the MultiTrans in an end-to-end manner,
as below:

L(G, S ) = φCE(G, S ) + φDICE(G, S ). (10)

Here, φCE is the Cross-Entropy loss function and φDICE denotes
the Dice loss function. G means ground-truth. S expresses the
predicted segmentation map generated from the segmentation
head with one 1 × 1 convolutional layer.

Furthermore, as shown in Fig. 3(c), we add additional seg-
mentation heads in front of the Transformer branches to com-
pute auxiliary losses to improve gradient flow and enhance fea-
ture representation. We name it In-deep Supervision (IDS) to
distinguish it from the deep supervision illustrated in Fig. 3(a).
The In-deep Supervision can be written as:

L=L (G, S Final) +

4∑
i=1

(λiL (G, S i)), (11)

where S Final and S i are segmentation maps calculated from
FMulti and Li. From λ1 to λ4 are hyperparameters that control
the weight of auxiliary losses, and we experimentally set them
to 0.4, 0.3, 0.2 and 0.1, respectively.
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Table 1: Comparison with the state-of-art methods on the Synapse dataset. The highest and second highest accuracy of each organ are bolded and underlined,
respectively. ’∗’ and ’†’: Corresponding methods are reproduced by [21] and us, respectively.

Name
DSC HD DSC for each organ Params
(%) ↑ (mm) ↓ Ao Ga Ki(L) Ki(R) Li Pa Sp St (M) ↓

CNN-based:
V-Net[9] 68.81 - 75.34 51.87 77.10 80.75 87.84 40.05 80.56 56.98 -

DARR[47] 69.77 - 74.74 53.77 72.31 73.24 94.08 54.18 89.90 45.96 -
R50+UNet∗ [10] 74.68 36.87 84.18 62.84 79.19 71.29 93.35 48.23 84.41 73.92 -

R50+Att-UNet∗ [41] 75.57 36.97 55.92 63.91 79.20 72.71 93.56 49.37 87.19 74.95 -
Transformer/Hybrid:

TransUNet[21] 77.48 31.69 87.23 63.13 81.87 77.02 94.08 55.86 85.08 75.62 105.3
UTNet† [37] 78.11 27.98 87.00 73.36 82.25 76.82 94.39 56.07 86.99 68.04 9.5

CTC–Net [22] 78.41 22.52 86.46 63.53 83.71 80.79 93.78 59.73 86.87 72.39 -
LeViT-UNet-384 [48] 78.53 16.84 87.33 62.23 84.61 80.25 93.11 59.07 88.86 72.76 52.2

SwinUnet [42] 79.13 21.55 85.47 66.53 83.28 79.61 94.29 56.58 90.66 76.60 62.8
TransFuse-L† [20] 80.48 19.88 88.16 66.85 82.97 80.00 94.54 62.14 90.23 78.94 102.4
HiFormer-L [49] 80.69 19.14 87.03 68.61 84.23 78.37 94.07 60.77 90.44 82.03 29.5
MISSFormer [35] 81.96 18.20 86.99 68.65 85.21 82.00 94.41 65.67 91.92 80.81 42.5

MultiTrans 84.82 12.66 88.66 76.50 86.48 84.34 94.79 69.81 93.11 84.89 39.4

Figure 4: Qualitative results on Synapse dataset. Compared with other recently proposed Transformer-based methods, our network exhibits more accurate contours,
higher intra-class consistency, and stronger inter-class discrimination ability.

4. Experiments

4.1. Dataset and Evaluation Metrics
4.1.1. Synapse

It is a widely used multi-organ segmentation dataset1, which
has 30 cases with 3779 axial abdominal clinical CT slices in to-

1https://www.synapse.org/#!Synapse:syn3193805/wiki/217789

tal. Following [21, 47], 18 training cases (2212 axial slices) are
random picked for training and 12 cases for validation. Each
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Table 2: Comparison with the state-of-art methods on the ACDC dataset. ’∗’ :
Corresponding methods are reproduced by [50], and their backbones are based
on ResNet-34 [51]. ’†’: Corresponding methods are based on 3D networks.

Name
DSC Cardiac Structures Params
(%) ↑ RV MYO LV (M)

CNN-Based:
DeepLabv3+∗ [52] 88.25 85.41 85.44 93.90 26.3

PSPNet∗ [53] 88.75 85.99 86.39 93.87 14.4
Att-UNet∗ [41] 89.01 87.3 85.07 94.66 23.7

UNet∗ [10] 89.41 87.77 85.88 94.67 23.6
UNet++∗ [12] 89.58 87.23 87.13 94.37 24.4

PraNet [54] 90.16 87.21 88.73 94.54 -
nnUNet† [55] 91.61 90.24 89.24 95.36 30.8

Transformer/Hybrid:
UNETR† [56] 88.61 85.29 86.52 94.02 92.5

TransUNet [21] 89.71 88.86 84.54 95.73 105.3
Swin-UNet [42] 90.00 88.55 85.62 95.83 62.8

LeViT-UNet-384 [48] 90.32 89.55 87.64 93.76 52.2
TransHRNet† [29] 91.00 90.29 86.88 95.82 36.8
MISSFormer [35] 91.19 89.85 88.38 95.34 42.5
nnFormer† [57] 92.06 90.94 89.58 95.65 149.6
D-Former† [44] 92.29 91.33 89.6 95.93 44.3
H2Former [50] 92.40 91.31 90.12 95.76 33.7

UNETR++† [36] 92.83 91.89 90.61 96.00 42.6
MultiTrans 92.88 91.33 90.84 96.48 39.4

CT slice has 512 × 512 pixels, which are resized to 224 × 224
for training our network. We use the Dice-Similarity coeffi-
cient (DSC) to measure the overlapping between predictions
and ground truth, and the 95% Hausdorff Distance (HD) to
evaluate the quality of segmentation boundaries by calculating
the maximum distance between the predicted boundaries and
its ground truth. We also reported the DSC accuracy for each
organ (Ao: Aorta, Ga: Gallbladder, Ki(L): Left Kidney, Ki(R):
Right Kidney, Li: Liver, Pa: Pancreas, Sp: Spleen, St: Stom-
ach).

4.1.2. ACDC
The Automated Cardiac Diagnosis Challenge2 dataset con-

sists of 100 cardiac MRI scans with manual annotations of the
left ventricle (LV), the right ventricle (RV) and the myocardium
(MYO). According to [21], 70, 10 and 20 scans are selected for
training, validation and testing, respectively. All MRI slices are
randomly croped to 224 × 224 for training. We provided the
DSC for each cardiac structure and their average accuracy for
comparison.

4.1.3. M&Ms
Multi-Centre, Multi-Vendor & Multi-Disease Cardiac Image

Segmentation Challenge [61] is another cardiac structure seg-
mentation dataset that, like ACDC, also includes annotations
for LV, RV, and MYO. Differently, we performed experiments
on this dataset to measure the model robustness of MultiTrans.

2https://www.creatis.insa-lyon.fr/Challenge/acdc/

Table 3: Comparison with the state-of-art methods on the M&Ms dataset. We
not only reported the performance of all models trained and tested only on
vendor A, but also provided the Dice accuracy of several networks trained on
vendor A and B and tested on extra unseen vendors. ’∗’ and ’†’: Corresponding
methods are reproduced by [37] and us, respectively.

Name Only Vendor A Seen Unseen Params
DSC ↑ HD ↓ A B C D (M)

CNN-Based:
UNet∗ [10] 86.4 13.9 - - - - 7.1

ResUNet∗ [58] 86.9 11.48 87.9 87.6 85.7 84.2 9.4
Dual-Attn∗ [59] 87.0 11.3 88.0 88.1 85.8 84.4 9.7

CBAM∗ [60] 87.3 10.8 88.5 88.4 85.5 85.3 9.4
Transformer/Hybrid:
TransUNet† [21] 87.65 11.22 87.7 87.7 84.9 86.0 105.3
SwinUNet† [42] 87.92 10.06 88.0 88.2 86.5 86.3 62.8

UTNet [37] 88.3 10.8 88.7 88.7 86.6 86.2 9.5
TransFuse-L† [20] 88.45 9.90 88.7 88.4 85.7 86.4 102.4

MultTrans 88.81 9.09 89.1 88.7 86.6 86.7 39.4

Following [37], first, 75 and 40 MRI scans from the same ven-
dor A are used for training and testing. Second, 150 scans from
vendors A (Siemens) and B (Philips) are used for training, and
200 scans from 4 different MRI vendors are used for testing,
including the other 2 unseen vendors (C: GE, D: Canon). We
randomly cropped each MRI slice to 256 × 256 for training and
reported the DSC and 95% HD for evaluation.

4.2. Implementation Details

We conduct experiments based on PyTorch 2.0.1. The
FLOPs and training memory are measured on one NVIDIA
A800 (80GB). During training, we adopt the “poly” learning
rate strategy by 1 −

(
iter

max iter

)0.9
and the network is optimized

using the Stochastic Gradient Descent (SGD) algorithm.
On the Synapse dataset, the initial learning rate, batch size

and the epochs are set to 0.1, 24 and 150, respectively. Fol-
lowing the prior protocol [21, 42, 48, 49], we only use random
rotation and flipping for data augmentation on Synapse. And,
we do not adopt time-consuming evaluation tricks (e.g., flip-
ping, gaussian noise and window sliding) to improve accuracy.
Instead, we directly use resized images as input to do infer-
ence. We employ above simple training or evaluation strate-
gies in Table 1 and Ablation Studies to show the performance
improvements come from our architecture design, not from so-
phisticated training or evaluation tricks.

For the ACDC dataset, we set the initial learning rate,
batch size and the epochs to 0.01, 24 and 200, respectively.
Besides, to maximum the performance of our method and
make a fair comparison with several 3D networks, following
[55, 57, 56, 44, 36], we additional add scaling, Gamma trans-
formation, Gaussian noise and mirroring in the data augmenta-
tion and adopt flipping, Gaussian noise and window sliding as
the evaluation strategy.

When evaluating our method on M&Ms, the batch size and
initial learning rate are 32 and 0.05 (0.1 when training with ven-
dor A only). Consistent with the previous method [37], we
also employ more data augmentation methods including scal-
ing, brightness, Gaussian noise and Gamma transformation.
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Table 4: Ablation experiments on the design of efficient self-attention. TM:
Training Memory. ’†’: Calculated by the branch 1 with 5 Transformer layers
and 8 heads.

OC HS PS DSC HD TM
(GB)

FLOPs†
(G)

Params†
(M)

X - - 84.0 ± 0.5 13.4 ± 2.0 14.10 8.02 2.7
X X - 84.1 ± 0.5 14.2 ± 3.8 12.40 6.23 2.1
X - X 83.9 ± 0.4 13.7 ± 1.7 13.65 7.05 2.3
X X X 84.3 ± 0.4 13.3 ± 1.6 12.34 6.11 2.0

SSA: 84.1 ± 0.2 14.7 ± 2.3 65.75 29.55 2.7

Figure 5: Comparison of computational complexity and memory cost between
Efficient Self-Attention (ESA) and Standard Self-Attention (SSA) with grad-
ually increased input feature resolution. The indicators are calculated from a
Transformer branch with 5 layers and 8 heads.

We reproduce several newly proposed methods on Synapse
or M&Ms based on their open-source codes and follow our
training or evaluation strategies on the corresponding datasets.
For all ablation experiments, we use the average accuracy ob-
tained from training with five different random seeds to give
more reliable conclusions.

5. Results

5.1. Comparison on the Synapse Dataset

We report comparison results with multiple previous state-
of-the-arts methods on Synapse in Table 1. From these quanti-
tative results, MultiTrans achieves leading performance on the
DSC and HD with the third smallest model parameters. Al-
though the models of UTNet and HiFormer-L are lighter than
MultiTrans, the segmentation accuracy of our method is statis-
tically significant higher than these two methods (statistically
significant tests: Table 9). Compared to all other models ex-
cept for the two mentioned above, we achieved higher accuracy
with fewer parameters. In particular, our method outperforms
the well-known TransUNet by 7.24% on DSC and 19.03 mm
on HD with only 37.42% parameters.

Furthermore, MultiTrans achieves the highest segmentation
accuracy on all organs. Fig. 4 shows the visualization compar-

Table 5: Comparison between different Efficient Self-Attention methods by
adopting them on our proposed network architecture. All Transformers are
built with the same number of heads, layers, and input feature channel dimen-
sions to ensure a fair comparison. Low-Rank: refers to similar methods that
adopt different downsampling operations to reduce the sequence length of Key
and Value [35, 36, 37], and we use the one proposed in MissFormer [35] as a
representation. DeLighT: The ESA proposed by TransHRNet [29]. FLOPs are
calculated with an input resolution of 224 × 224.

Name DSC ↑ HD ↓ TM
(GB↓)

FLOPs
(G↓)

Params
(M↓)

Low-Rank [35] 83.9 ± 0.3 15.0 ± 2.1 25.44 24.40 47.1
DeLighT [29] 83.8 ± 0.4 16.3 ± 0.0 32.61 23.07 44.2
Axial [38, 32] 84.0 ± 0.4 15.0 ± 1.9 15.83 25.14 47.1

Deformable [30, 34] 84.0 ± 0.3 14.4 ± 1.2 12.69 17.34 39.7
MultiTrans 84.3 ± 0.4 13.3 ± 1.6 12.34 17.14 39.4
SSA [39] 84.1 ± 0.2 14.7 ± 2.3 65.75 42.30 41.9

isons of MulitTrans with several newly proposed Transformer-
based methods. From small-scale (e.g. Aorta, Kidney) to
large-scale organs (Stomach and Liver), our network has clearer
boundaries and helps reduce intra- and inter-class confusion.
Combined with the quantitative results in Table 1, this strongly
demonstrates the effectiveness of our architecture for handling
different organs with variable shapes and sizes.

5.2. Comparison on the ACDC Dataset

The experimental results in Table 2 show that our method
can also reach state-of-the-arts results on the ACDC dataset,
and achieves the highest segmentation accuracy on all cardiac
structures except the right ventricle. This demonstrate the supe-
riority and generality of our network on different image modal-
ities. In addition, we compared with several recently proposed
3D medical segmentation networks on this dataset. From the
comparison in Table 2, the accuracy of 3D networks is gener-
ally higher than that of 2D networks because they can extract
3D spatial information. It is worth noting that our proposed 2D
network structure with fewer parameters can still outperform
these Transformer-based 3D networks.

5.3. Comparison on the M&Ms Dataset

We conducted experiments on this dataset mainly to mea-
sure the cross-vendor robustness of MultiTrans. Consistent
with the results on Synapse and ACDC datasets, MultiTrans
also achieves the highest accuracy in one of the experiments in
Table 3, which was trained and tested with only vendor A. As
for the other cross-vendor experiment, we trained all models
with data from vendor A and B, and tested on vendor A, B, C,
and D. From the results in Table 3, our network not only ob-
tains the best performance on seen vendor A and B, but also
on the unseen vendor C and D, demonstrating the effectiveness
in handling vendor differences. We attribute this to the design
of multi-branch Transformers on different levels of CNN, en-
abling MultiTrans to be focused on global and local information
at multiple scales.
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Table 6: Experimental results of using a single Transformer branch on each
individual level feature of CNN and the results of removing one of the four
branches. Branch 1 to 4: refer to the Transformer branches built on the highest
resolution L1 (the lowest-level) to the lowest resolution L4 (the highest-level)
in Fig. 1(a) respectively. The performance degradation compared to our final
model is shown in parentheses.

Operation DSC ↑ HD ↓
None 84.3 ± 0.4 13.3 ± 1.6

Single Branch:
Branch 1 83.5 ± 0.6 (0.8↓) 19.6 ± 3.7 (6.3↑)
Branch 2 80.8 ± 0.2 (3.5↓) 20.4 ± 1.2 (7.1↑)
Branch 3 68.9 ± 0.2 (15.4↓) 19.8 ± 1.0 (6.5↑)
Branch 4 58.6 ± 0.4 (25.7↓) 26.5 ± 3.8 (13.2↑)
Removed Branch:
Branch 1 80.9 ± 0.7 (3.4↓) 15.3 ± 3.4 (2.0↑)
Branch 2 83.4 ± 0.7 (0.9↓) 16.6 ± 1.7 (3.3↑)
Branch 3 84.0 ± 0.3 (0.3↓) 15.6 ± 1.2 (2.3↑)
Branch 4 83.9 ± 0.3 (0.4↓) 15.2 ± 1.2 (1.9↑)

Figure 6: Comparison of accuracy and model complexity under different hyper-
parameter choice of our Transformer branches. Depth: The number of layers
in a Transformer branch. Width: The channel dimension of the Key-value in
Self-attenion.

5.4. Ablation Studies

5.4.1. Ablation experiments with Efficient self-attention
Table 4 gives the ablation experiments on the design of effi-

cient Self-Attention. It shows that the combination of Order-
Changing (OC), Head-Sharing (HS) and Projection-Sharing
(PS) can largely reduce the computation and training memory
while maintain the accuracy or even slightly improve the ac-
curacy. We attribute the accuracy improvement of HS and PS
to the reduction of redundant features. Specifically, the train-
ing memory cost, FLOPs and Params of our Efficient Self-
Attention (ESA) are 18.77%, 20.68% and 74.07% of the Stan-
dard Self-Attention (SSA).

Fig. 5 compared the computational complexity and memory
cost between ESA and SSA under different input feature res-
olutions. With the increasing of spatial resolution, the train-
ing memory and computational complexity of the Transformer
branch built with SSA exhibit a sharp exponential growth (the
green and red lines), while our ESA has a moderate and ap-
proximately linear increase (the purple lines). Furthermore,

Table 7: Ablation experiments on design details in local-global feature fusion
module and self-attention module. LS: long-skip connections. PE: sinusoid
position embedding

Detailed Design DSC ↑ HD ↓
Attention-Gated 84.3 ± 0.4 13.3 ± 1.6

w/o LS 83.7 ± 0.3 (0.6↓) 16.4 ± 1.2 (3.1↑)
Sum Fusion 83.9 ± 0.4 (0.4↓) 14.9 ± 1.1 (1.6↑)

w/o PE 84.1 ± 0.2 (0.2↓) 14.9 ± 2.3 (1.6↑)
w Scaling Factor 84.2 ± 0.2 (0.1↓) 15.2 ± 1.0 (1.9↑)

Table 8: Ablation experiments on the position of the Top-down path and the
In-deep Supervision (IDS). The illustrations are given in Fig. 3.

SupervisionTop-down
Path Deep IDS

DSC ↑ HD ↓

- - 82.9 ± 0.5 22.1 ± 5.0
X - 83.6 ± 0.3 16.7 ± 2.7w/o
- X 82.5 ± 0.4 21.8 ± 3.5
- - 82.6 ± 0.4 20.5 ± 1.9
X - 82.9 ± 0.6 15.7 ± 1.7UNet-like
- X 82.3 ± 0.5 17.8 ± 2.0
- - 82.5 ± 0.4 23.8 ± 1.9
X - 83.9 ± 0.3 14.9 ± 1.9In-Deep
- X 84.3 ± 0.4 13.3 ± 1.6

when the input resolution increases from 28 × 28 to 56 × 56,
the gap between ESA and SSA will significantly widen, with
the difference of FLOPs increasing from 2.23× to 5.11× and
the difference of memory cost increasing from 2.62× to 9.4×.
This is why most existing methods choose to build Transformer
branch on low-resolution features or adopt the tokenized im-
age patches to reduce memory consumption and computation
cost. Overall, our ESA can provide a more flexible design space
for Transformer-based architectures, without being limited to
building Transformer branches upon top-level feature maps of
CNN or employing the tokenization technology.

We also compare several representative ESA methods widely
used in medical image segmentation with our proposed ESA
by adopting them on our proposed network architecture. From
the results in Table 5, our proposed ESA achieves the high-
est accuracy with the lowest model complexity (training mem-
ory, computational complexity and Parameters) among all com-
pared methods, indicating that it can be an effective and efficient
alternative to the SSA or existing ESA methods. We attribute
the advance of our ESA to two main reasons: (1): According to
the three main steps of SSA (affinity matrix calculation, linear
projections and value transformation), we propose three oper-
ations to reduce their costs respectively, while other methods
only focus on saving the cost of computing the affinity matrix.
(2) When computing the affinity matrix, we change the matrix
multiplication order to reduce the complexity from quadratic to
linear of the sequence length, which is mathematically equiva-
lent to SSA. This operation avoids the information loss caused
by the downsampling or point selection operations in other ESA
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Figure 7: Visual analysis of the proposed network on Synapse dataset. We save feature maps from the critical stages of the trained network during inference, and
extract 5 or 6 channel feature maps from hundreds of channels at equal intervals for visualization. ’Average’: the average of all channels of the multi-branch fused
features (the feature maps from the final stage of the network). Branch 1 to 4: refer to the Transformer branches built on the highest resolution L1 (the lowest-level)
to the lowest resolution L4 (the highest-level) in Fig. 1(a) respectively.

methods, thus helping our ESA maintain competitive perfor-
mance with SSA.

5.4.2. Ablation on the Multi-branch and Detailed Designs
Firstly, in Table 6, we use a single Transformer branch to per-

form inference on each individual level feature of the CNN, and
Branch 1 to Branch 4 represent feature maps from the highest-
resolution L1 to the lowest-resolution L4. Experimental results
show that the segmentation performance of the Transformer
branch gradually improves with the increasing of input feature
resolution. This demonstrates the validity of our motivation that
reasoning on relatively large resolution feature maps can im-
prove segmentation accuracy by avoiding the loss of detailed
information. Secondly, Table 6 also shows experimental results
of removing one of the four branches. We can see that discard-
ing the branch with the highest resolution results in a maximum
decrease in segmentation accuracy (3.4%), consisting with our
observations in the first experiment in Table 6. Besides, re-

moving any of the four branches bring a minimum reduction
of 0.3% for DSC and 1.9mm for HD, respectively, proving that
each branch is complementary. We attribute the effectiveness of
our multi-branch design to the fact that each level of CNN has
a specific receptive field, which is more suitable for the seg-
mentation of objects of a specific size. For example, the low-
level features of CNN have a small receptive field required by
small-scale objects, while the high-level features have a large
receptive field required by large-scale objects.

Table 7 shows the effect of detailed design in local-global
feature fusion module and self-attention module. By using
long-skip connections (LS) to fuse local-global features, a sim-
ple ’Sum Fusion’ operation slightly improves DSC and HD by
0.2% and 1.5 mm, respectively. We believe that the noise con-
tained in different levels of CNN features (especially low-level
features) reduces the effectiveness of local-global feature fusion
operation [20]. After adding Attention-Gated to filter noise in
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Figure 8: Qualitative results of the ablation studies on Synapse dataset. Branch 1 to 4: refer to the Transformer branches built on the highest resolution L1 (the
lowest-level) to the lowest resolution L4 (the highest-level) in Fig. 1(a) respectively. L-G Sum Fusion: uses feature sum operation to replace the local-global feature
fusion module based on Attention-gated. Red boxes mark the false positive or false negative predictions after removing the corresponding critical architecture of
our MultiTrans.

local features, compared with without LS, DSC and HD are
improved by 0.6% and 3.1 mm respectively. As for the detailed
design of the self-attention module, the accuracy of DSC and
HD dropped slightly by 0.2% and 1.6 mm after removing the
position embedding, and we found that the Attention Scale op-
eration used by SSA had a negative impact on the performance
of our ESA.

Fig. 6 compares the accuracy and model complexity under
different hyperparameter choice (deeper or wider) of our Trans-
former branches. Apparently, the 5-layer Transformer branch
with Key-value of 32 channels achieves the best balance be-
tween performance and model complexity.

5.4.3. Ablation on the Top-down path and the Deep Supervi-
sion

The comparison results of top-down paths and the deep su-
pervision at different locations are shown in Table 8. The il-
lustrations of them are given in Fig. 3. Here, UNet-like de-
sign refers to building the top-down path upon the outputs of
multiple Transformer branches, while ”In-Deep” design means

Table 9: Statistically significant test and model complexity comparison on the
Synapse dataset. ’∗’: The case-level DSC of the corresponding methods is
provided by our replication. FLOPs are calculated with an input resolution of
224 × 224. The significant results (P-value < 0.05) are bolded.

Name Case-level DSC Params FLOPs P-valueMean ± SD (M) (G)
LeViT-UNet-384∗ [48] 76.57 ± 9.03 52.2 25.55 6.56E-04

TransUNet∗ [21] 77.87 ± 9.38 105.3 29.30 9.63E-03
UTNet∗ [37] 78.11 ± 9.45 9.5 13.52 3.69E-03

TransFuse-L∗ [20] 80.48 ± 8.70 143.6 62.04 1.74E-02
MISSFormer [35] 81.96 ± 7.93 42.5 9.89 5.38E-02

MultiTrans 84.82 ± 7.48 39.4 17.14 -

adding the top-down path at different levels of the CNN back-
bone, in front of the Transformer branches. The segmentation
accuracy of the UNet-like design is lower than our initial design
(w/o top-down path, Fig. 3(a)) in all three experimental scenar-
ios with different types of deep supervision. This demonstrates
that the top-down path has a negative effect on the fusion of
multi-scale global features, which we attribute to the convolu-
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tional layers of the top-down path blurring the global features
obtained by the Transformer. Furthermore, from the first and
third rows of results for our initial design and UNet-like archi-
tecture, the In-deep Supervision degrades segmentation perfor-
mance. The reason could be that the In-deep Supervision of
these two designs directly adds additional supervision to dif-
ferent level features of the CNN backbone, while the low-level
features are too shallow to learn semantic information.

Based on the above two observations, as shown in Fig. 3(c),
we use a top-down path upon the CNN backbone to flow the
topmost semantic features to low-level features. This design
has two advantages: firstly, the top-down path helps deepen the
backpropagation path of low-level features, benefitting In-deep
Supervision; Secondly, it integrates multi-level features of the
backbone to provide hierarchical features for low-level Trans-
former branches. In addition, we directly use large-scale bi-
linear upsampling to fuse features from Transformer branches
to avoid the obtained global features being blurred by convo-
lutional layers. Combined with In-deep Supervision, our final
design achieved the highest accuracy on both DSC and HD in
Table 8.

5.4.4. Visual analysis of the proposed network architecture.
To validate the rationality of the network architecture, we

present feature maps from the critical stages of the trained net-
work during inference in Fig. 7, from which we have the fol-
lowing observations: (1) The convolutional features of CNN
or the Top-down path are focused in local and small regions,
while the features from Transformers are activated throughout
the entire field of view. This indicates that these two kinds of
representations are complementary, and the Local-Global fused
feature maps also show that the global features are enhanced
on the details and boundaries, especially on Branch 1. (2) The
comparison between local features from the CNN backbone and
the Top-down path demonstrates that this design helps provide
high-level semantics for low-level features (Branch 1 and 2).
(3) It is clear that the local and global feature maps on differ-
ent branches focus on the different regions, which proves that
the proposed multi-branch Transformer architecture can pro-
vide both multi-scale global and local clues for the final pre-
diction.

Furthermore, in Fig. 8, the qualitative results of the ablation
studies show that the entire network exhibits robustness to scale
variations, and the visualization results are consistent with the
quantitative results in Table 6, 7 and 8.

5.5. Model Complexity Comparison and Statistically Signifi-
cant Tests

In this section, we compare the complexity of the proposed
model with other methods in terms of parameters and FLOPs,
and FLOPs is calculated based on the input of 224 × 224. For
statistically significant tests, we reimplemented several meth-
ods to obtain the DSC for each case in the Synapse test dataset.
Then, we use paired samples t-test to calculate the p-value of
comparing the DSC of other methods with that of ours. From
the results in Table 9, our model obtains the highest average

DSC and the smallest SD among all methods, and the model
complexity of MultiTrans is lighter than most methods except
for UTNet and MISSFormer. Specifically, our model is sta-
tistically significant higher than TransFuse-L with 27.44% pa-
rameters and 27.54% FLOPs. As for UTNet, our MutliTrans is
statistically significant higher than it on DSC and has a smaller
standard deviation, proving our method is more effective and
robust than it. Although MISSFormer achieved the second best
performance on Synapse (Table 1), out model still outperform
it by a large margin on DSC (2.86%) with fewer parameters,
and has a p-value of 0.0538, which is slightly higher than 0.05.
Overall, our model achieves the best trade-off between per-
formance and model complexity in terms of parameters and
FLOPs.

6. Discussion

In this section, combined with the experimental results, we
mainly discuss and summarize the overall performance of Mul-
tiTrans, the motivation and substantiation of the parallel Trans-
former branches design and the ESA module. As for the dis-
cussion and substantiation of the Top-down path design and the
In-deep Supervision, we provide it in Section. 5.4.3.

The results in Table 1 and Table 2 show that our method can
achieve state-of-the-arts accuracy compared to 2D or 3D seg-
mentation networks on Synapse and ACDC datasets, demon-
strating the superiority and generality of our network on dif-
ferent image modalities. The model complexity comparison
and statistically significant tests in Table 9 further prove that
our model achieves the best trade-off between performance and
model complexity. Furthermore, from the results in Table 3,
our network not only obtains the best performance on seen ven-
dor A and B, but also on the unseen vendor C and D, showing
strong cross-vendor robustness. We attribute this to the design
of building parallel Transformer branches on different levels of
CNN, enabling MultiTrans to learn both global and local fea-
tures at multiple scales.

The purpose of designing the parallel Transformer branches
is to handle the high shape and size variation of objects in med-
ical images. Since different organs have different shapes and
sizes, we prove that our design can achieve this purpose by pro-
viding the quantitative and qualitative comparison on the seg-
mentation performance of various organs. In Table 1, Multi-
Trans achieves the highest segmentation accuracy on all organs
and greatly improves the performance on low-precision organs
(gallbladder and pancreas). Fig. 4 shows that, from small-scale
(e.g. Aorta, Kidney) to large-scale organs (Stomach and Liver),
our network clearly segments boundaries and reduces intra- and
inter-class confusion. Combined with the quantitative results
in Table 1, this strongly demonstrates the effectiveness of our
architecture for handling different organs with variable shapes
and sizes.

As for proposing the ESA module, our motivation is to re-
duce the computational complexity and train memory cost so
that the Transformer branch can reason on large spatial resolu-
tion features to reduce the loss of fine spatial details and thereby
improve segmentation accuracy. Fig. 5 explains that why most
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existing methods have to build Transformer on low-resolution
features or adopt the tokenized image patches to reduce mem-
ory consumption and computation complexity at the cost of sac-
rificing accuracy. When the input feature resolution increases
from 28 × 28 to 56 × 56, the memory cost of the SSA-built
Transformer rises sharply from 6.12 GB to 64.89 GB, exceed-
ing the available memory of most GPUs. With the increasing of
spatial resolution, the training memory and computational com-
plexity of the Transformer built with SSA exhibit a exponential
growth, while our ESA has a moderate and approximately lin-
ear increase. From Table 4, the MultiTrans built by our pro-
posed ESA can largely reduce the training memory and com-
putational complexity while even slightly improve the accuracy
compared to the same architecture built by SSA. In addition,
the experimental results in Table 6 indicate that as the input fea-
ture resolution increases, the single Transformer branch gradu-
ally improves the segmentation performance of the entire net-
work. This proves that inference on relatively high-resolution
feature maps indeed improves segmentation accuracy. Overall,
our ESA provides a more flexible design space for Transformer-
based networks, without being limited to building Transformer
branches upon low-resolution feature maps or employing the
tokenization technology.

Our network has some limitations that can be improved. Cur-
rently, we use four identical Transformer branches with the
same number of layers and channel dimensions on different lev-
els of backbone, which has achieved a good balance between
accuracy and model complexity. However, from the ’Wider or
Deeper’ design guidelines of CNN [62, 63], our multi-branch
Transformer network has the potential to achieve a better trade-
off by choosing different depths and feature dimensions for dif-
ferent branches. In addition, the purpose of proposing Head-
and Projection-Sharing is to reduce the cost of value transfor-
mation and linear projection operations in SSA, respectively.
Interestingly, we find from the experiments in Table 4 that the
combination of these two operations can also slightly improve
the accuracy, indicating that the three linear projections and the
multi-head affinity matrix may be redundant operations in SSA.
We believe that this observation deserves further study as it
could help us better understand the mechanisms of SSA and
revisit its design. Another limitation of the research is that our
network is a 2D network, which cannot extract 3D spatial infor-
mation. Therefore, one future work is to build a 3D MultiTrans
to see if our architecture design and the proposed ESA can ben-
efit 3D networks.

7. Conclusion

In this work, we propose a novel Multi-Branch Transformer
architecture for medical image segmentation. By building four
parallel Transformer branches on different levels of CNN, our
hybrid network aggregates both multi-scale global contexts and
multi-scale local clues to provide hierarchical features for final
prediction. To fit this architecture into accessible GPUs, we de-
sign a memory- and computation-efficient self-attention module
to make it feasible to handle large-resolution inputs efficiently.

The experiments on Synapse multi-organ segmentation dataset
show the prediction of MultiTrans can favor various organs.
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