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Abstract—Medical image segmentation is a challenging task,
where U-shaped networks are widely used. In order to better
model long-range dependencies, many recent works integrate
Transformer or state-space model (SSM) into U-Net and claim
superior performance. However, such methods either suffer from
semantic redundancy and heavy computation in self-attention,
or require unnatural scanning routes in SSM. To validate their
limitations, we first conduct an empirical study to show that
existing Transformer- or SSM-based methods may actually fail
to outperform vanilla U-Net under fair comparison settings,
i.e., with the same pre-trained encoder and proper ablations.
Then, to mitigate the limitations of self-attention, we propose
Bldirectional Dynamic TransFormer (BIDFormer) to model spa-
tial relationships and semantic correlations separately. (i) spatial
relationships: to efficiently model global context, we replace self-
attention with Bidirectional Linear Attention (BLA) between image
patches and learnable class embeddings; (ii) semantic correla-
tions: to explicitly model the correlation among target classes, we
utilize class embeddings as Dynamic Low-rank Classifiers (DLC).
Extensive experiments on public datasets demonstrate that BID-
Former can be easily integrated into existing models, leading
to remarkable performance improvements. Code is available at
https://github.com/JingTongsh/UN-Segmentation.

Index Terms—computer vision, medical image analysis, seman-
tic segmentation, transformer

I. INTRODUCTION

Medical image segmentation is a challenging and important
task, which enables precise delineation of anatomical struc-
tures or pathological regions. Convolutional Neural Networks
(CNNs) like U-Net [1] have dominated the field with out-
standing performance, but they frequently struggle to model
global context [2], [3]. Consequently, abundant research [4],
[5], [6], [7] has focused on integrating Transformer [8] or state-
space model (SSM) Mamba [9], [10] modules into the U-Net
framework, claiming better performance than vanilla U-Net.

Nevertheless, these Transformer- or Mamba-based methods
still face notable drawbacks, i.e., semantic redundancy and
heavy computation in Transformers, and complex scanning
techniques in Mamba. Self-attention can successfully enlarge
receptive fields at the cost of semantic redundancy and heavy
computation. Considering that many neighboring pixels be-
long to the same tissue or structure, they actually provide
duplicated semantic information for the attention calcula-
tion [11], [12]. Mamba appears to be an efficient alternative
to Transformer modules, but when applied to computer vision
tasks, the core SSM operation inevitably requires complex
scanning techniques [13] that disrupt spatial relationships

among image patches [14], [15], leading to suboptimal per-
formance in some scenarios [16].

In this paper, we first conduct an empirical study to show
that Transformer- or Mamba-based methods are not neces-
sarily superior to CNN-based methods like U-Net. Specif-
ically, we identify two issues often overlooked in current
comparisons: discrepancy in encoder capacity and lack of
SSM ablation. While recent methods tend to employ stronger
encoders, the baseline U-Net is implemented with ResNet [17]
encoder, which is somewhat outdated. Hence, we ensure U-
Net is equipped with a comparable strong encoder, leading
to competitive performance against state-of-the-art (SOTA)
methods. The commonly used Visual State Space (VSS)
module consists of SSM operation within a gated CNN ar-
chitecture [18]. In natural image classification, removing the
SSM to retain a pure gated CNN structure has been shown
to improve performance [16]. Therefore, We do the same
in segmentation decoders, and extend the finding to medical
image segmentation.

To this end, we propose Bldirectional Dynamic
TransFormer (BIDFormer), a simple yet effective module
that enhances CNNs with both long-range context modeling
and deep semantic guidance. Within each layer, BIDFormer
utilizes Bidirectional Linear Attention (BLA) between the
image patches and learnable class embeddings, successfully
capturing global context with linear complexity relative to the
number of patches. Across layers, the class embeddings
serve as Dynamic Low-rank Classifiers (DLC) that
automatically adapt to the input and capture multi-scale
semantic relationships via a Transformer decoder. Extensive
experiments on public datasets demonstrate that BIDFormer
can be easily integrated into existing models, leading to
remarkable performance improvements.

The main contributions of this work are:

e We conduct an empirical study on U-shaped networks,
and find that CNN methods can actually outperform
Transformer- or Mamba-based methods.

e« We propose BIDFormer, a plug-and-play module that
effectively enhances CNNs with both long-range context
modeling and in-depth semantic guidance.

« Extensive experiments on multiple medical image seg-
mentation datasets demonstrate the superior performance
of BIDFormer over state-of-the-art (SOTA) methods.
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Fig. 1: The overall framework and components of the proposed BIDFormer model. Left: The model is composed of a pre-trained
encoder providing multi-scale features and a BIDFormer decoder for pixel classification. Note that each decoder stage has an
output for deep supervision. Right: Each BIDFormer stage encompasses 3 parts: a CNN module for local feature modeling,
BLA for long-range context processing, and DLC for semantic guidance.

II. RELATED WORK
A. Convolution-based Methods

Convolutional Neural Networks (CNNs) have laid the foun-
dation for both natural and medical semantic segmentation.
CNN encoders serve as strong backbones that can extract
multi-scale features efficiently, but their limited receptive fields
hinder the modeling of long-range dependencies [3]. CNN
decoders up-sample the low-resolution encoder features and
provide pixel-wise classification, with abundant research trying
to enlarge the receptive field [19], [20] or leverage multi-scale
features [21], [22].

B. Transformer-based Methods

There are mainly 3 ways to apply Transformers [8] in
semantic segmentation. Self-attention encoders like ViT [23]
and its multi-scale variants [24], [25] can be applied to
replace [26], [27] or enhance [4] CNN encoders, trading low
resolution for larger receptive fields and quadratic complexity
for better capacity [28]. Self-attention decoders can capture
long-range dependencies better than CNN decoders, but suffer
from low resolution [29], restricted local windows [5], and
quadratic complexity with respect to the number of input
tokens. Cross-attention decoders [30], [31] extract class em-
beddings from low-resolution encoder features as semantic
prototypes. Despite their success in natural images, these

methods do not leverage the multi-scale encoder features,
which are crucial for medical image segmentation [1].

C. Mamba-based Methods

State-space models including Mamba [9], [10] can ef-
ficiently scale up the context window through linear-time
inference and parallelized training, thus considered as promis-
ing alternatives to Transformers in long sequence modeling.
Although it is not trivial to apply such sequence models
to vision tasks, which require carefully designed scanning
techniques [14], several methods have adapted Mamba as
image encoders [32], [18], [33] to efficiently enlarge the
receptive fields. As for medical image segmentation, the
application of Mamba has become a topic of interest [13].
To be specific, most methods try to adapt Visual State Space
(VSS) modules from VMamba [18] into their encoders [34],
[35] or decoders [7].

TABLE I. Comparison between prevalent standard self-
attention with our BLA method. BLA is more efficient in all
three aspects.

Prevalent Methods Our Method Explanation
Self-attention Cross-attention 1II-B1

Softmax attention Linear attention 111-B2

Linear projection  Bottleneck MLP projection 111-B2
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Fig. 2: Comparison between Standard softmax attention with
Low-rank Linear Attention.

III. METHOD

In this section, we present our BIDFormer model for medi-
cal image segmentation, which enhances CNN-based methods
with Bidirectional Linear Attention for global context model-
ing, and Dynamic Low-rank Classifier for semantic correlation
modeling, as shown in Figure 1.

A. Overview

1) Image encoder: We apply a pre-trained image encoder
to effectively extract generalizable multi-scale representations.
First, the input image Xy is resized to height Hy and width
Wy, and the number of input channels Cj equals 1 for
grayscale images and 3 for RGB images. Then, the encoder
outputs hierarchical features at 4 different resolutions, all
utilized as input to the decoder:

X; = Encoder;(X;_;) € ROHXWi 11— 1234 (1)

where the spatial sizes H; x W, gradually decrease from I x

Wiof x ¥ ie, H=Hy-27""L, W, =W, 2711 )

2) BIDFormer decoder: We focus on designing the seg-
mentation decoder so as to better interpret the semantic
relationships from multi-scale encoder features. As a plug-
and-play module, BIDFormer can be easily integrated into
CNN-based decoders, brining benefits from two aspects: (i)
Bidirectional Linear Attention provides large receptive fields
similar to self-attention, but endure less semantic redundancy
and computational cost; (ii) Dynamic Low-rank Classifier
provides deep supervision that not only adapts to the input
automatically, but also pass on information across different
layers through class embeddings.

Note that we draw inspiration from natural image segmen-
tation methods like Segmenter [29] and Mask2Former [30],
which extract class embeddings from low-resolution (16 x 16
or 7 x 7) features that do not fit with the U-Net architecture.
The major difference is that we closely integrate the class
embeddings into multi-scale U-Net decoders for both global
context modeling and layer-wise deep supervision. Moreover,
we implement BLA as an efficient substitution for standard
self-attention, as summarized in Table 1.

Overall, we introduce learnable class embeddings Ey €
cls . . .
RPN in correspondence with N semantic classes to be
segmented, including the background. Formally, there are
two inputs for the [-th decoder stage: class embeddings
DX N : :
E_; eR as semantic prototypes, and image feature
map Yt € RPxHs—xWs—t from the previous stage:

(X, I=1,
Ypir=4" . )
Merge(Xs_;, UpSample(YP™)), (>1,

where Merge is implemented as addition to reduce channels,
and UpSample is implemented as patch expanding, unless
configured otherwise. Then, the [-th decoder stage has 3
outputs: the updated class embeddings E; € RP XN image
feature map Y{Uut € RP>HXWi and segmentation map
Z, € RN>*Hs—1xWs—1 for deep supervision

(B, Y Z;) = Decoder; (Y™, E;_). 3)
The inner details are explained in the following subsections.

B. Bidirectional Linear Attention

1) Bidirectional cross-attention: We find self-attention be-
tween all patch pairs unnecessary, and calculate attention
in a bidirectional manner between patch tokens and class
embeddings instead. For brevity, the patch tokens Y}n are
flattened from H; x W into a sequence of length T; = H;W;.
The overall time complexity is linear O(7;ND;) as opposed
to quadratic (inherent for self-attention) O(T7D,), since the
number of classes N is much smaller than the number of
patches 7;.

a) Class-patch (CP) attention: First, BLA aggregates
information from patch tokens that are most informative for
each class, so that all embeddings can get a global receptive
field with complexity O(NT;D;):

AFP = Attn(B_y, YR, YY),
ElCP = Norm(E;_1 + AICP).
b) Class-class (CC) interaction: Then, the class embed-
dings are further refined using self-attention with complexity
O(N2Dy), and a 2-layer fully-forward network (FFN) with
complexity O(N D?):
A = Aten(ECT, BCT,ECF),
E; = Norm(ECT + Aelh), ®)
E; = Norm(E;*f + FrN(E;T)).
c) Patch-class (PC) attention: Finally, BLA re-allocates

semantic information from the class embeddings back to patch
tokens:

4)

ATC = attn(Y", E, E),
YU = eNn(YIn) + AT

where CNN can be any convolutional decoder module, and the
time complexity for this step is O(NT;D;).

When put together, CP, CC and PC attention can achieve
global context modeling similar to self-attention. By compress-
ing global information into a few class tokens, BLA endures
less feature redundancy and computational cost.

(6)
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(f) BTCV with Swin v2 tiny encoders

—— ConvNeXt v2 base + U-Net

Fig. 3: Dice score per class for the empirical study. What the subfigures mean: We compare several decoders (Mamba-UNet [36],
EMCAD [37], Swin-UNet [5], U-Net [1], and MO-UNet by omitting the SSM in Mamba-UNet) across 6 different settings,
and each subfigure represents a specific setting. Left column: different tiny encoders; Middle column: different base encoders;
Right column: Swin v2 tiny encoder [25]. First row: AMOS dataset; Second row: BTCV dataset. What the axes mean: Each
axis represents a class, and is scaled according to dice scores of all methods for the corresponding class in the dataset.

2) Low-rank linear attention: Instead of linear-projected
softmax attention, we design low-rank linear attention with
bottleneck MLP projection to further reduce computation cost,
as shown in Figure 2. Denote the query input as Xq € RPexT
and key-value input as Xp,Xy € RPxvXS and their
position encodings as Pg € RPeXT and Py € RPxv*S,
The projections for H-head attention with d-dim per head can
be formulated as

Q= ngo.(wcéownxq +Pg) € RhXT,
K = WPo(Wi" Xk + Pg) € R"5, (7
V = WiPo(WiF"Xy) € R,
where the non-linearity o is GELU [38]. We apply the original
kernel function for linear attention [39] ¢(z) = elu(z) + 1:
Y Ve (K)6(Q)

8
S o(KT)o(Q) ©

Attn(Xq, Xk, Xy) = WO

C. Dynamic Low-rank Classifiers

To provide semantic guidance before the final output, we
apply deep supervision at each decoder stage. Instead of the
commonly used linear classifiers which are independent across
stages and kept static for all input images, we use the class
embeddings E; as dynamic classifiers, which automatically
adapt to the current input and propagate semantic information
across layers of different resolutions. Specifically, we linearly
project both the class embeddings and image features to the
same dimension D, and compute the segmentation map
Z; € RNV>*Hs—1xWs—1 with dot product followed by a softmax
normalization:

Z; = softmax((W{SE;) " . Wieatyout), )

cls cls cls
where W¢ls € RPXD™ and Wiat ¢ RPT>Di gre
learnable projection matrices.



TABLE II: Results comparing segmentation decoders using different image encoders. ResNet50 + U-Net is a common baseline.
"TF”: Transformer, "VM”: VMamba. Mean + std over 3 seeds. Bold: best in the group; underline: second best in the
group; green background : better than U-Net in the same group; yellow background : worse than U-Net in the same group;

red background : worse than ResNet50 + U-Net.

Encoder Enc. Type Decoder Dec. Type  Skip Con.  Params (M) FLOPs (G) AMOS BTCV

Group 0: ResNet 50 + U-Net as baseline

ResNet 50 CNN U-Net CNN concat 40.17 7.62 63.4440.30  73.77+0.50
Group 1: Tiny-scale encoder + decoder

ConvNeXt v2 tiny CNN U-Net CNN add 4153 7.48 65.454+0.20  74.01+0.36

PVT v2 b2 TF EMCAD CNN add 26.58 5.24 66.30£0.19  75.1940.18

Swin v1 tiny TF Swin-UNet TF add 39.74 7.41 66.08+0.26 ~ 73.22+0.35

VMamba tiny VM Mamba-UNet VM add 47.23 8.56 65.514+0.51  74.93+0.15

VMamba tiny VM MO-UNet CNN add 46.09 8.07 65.8340.23  75.02+0.17
Group 2: Base-scale encoder + decoder

ConvNeXt v2 base CNN U-Net CNN add 110.20 19.68 67.194+0.28  75.0140.97

PVT v2 b5 TF EMCAD CNN add 80.55 12.21 66.2840.17  74.56+0.43

Swin v1 base TF Swin-UNet TF add 106.68 19.52 67.36+0.33 = 73.64+0.23

VMamba base VM Mamba-UNet VM add 116.93 20.62 66.97+0.16 ~ 75.87+0.27

VMamba base VM MO-UNet CNN add 115.07 19.87 66.8340.13  76.06-+0.13

Group 3: Swin v2 tiny + decoder

Swin v2 tiny TF U-Net CNN add 41.25 10.56 68.5240.20  76.73+0.21

Swin v2 tiny TF EMCAD CNN add 31.57 9.63 68.85+t0.29 76.48+0.14

Swin v2 tiny TF Swin-UNet TF add 39.80 10.46 67.764+0.35  75.5840.33

Swin v2 tiny TF Mamba-UNet VM add 45.42 11.52 68.024+0.34  76.30+0.31

Swin v2 tiny TF MO-UNet CNN add 4428 10.87 68.254+0.19  76.85+0.15

IV. EXPERIMENTS

We conduct experiments to answer the following research
questions:
e RQ1: Do current Transformer- or Mamba-based methods
really outperform CNNs in medical image segmentation?
e RQ2: Can the proposed BIDFormer effectively enhance
CNN-based decoders?
e RQ3: Do the components in BIDFormer
contribute to its performance gain?

A. Experiment Settings

1) Datasets: We conduct experiments using datasets of
different modalities: ACDC [40] for cardiac MRI, AMOS [41]
for abdomen MRI and BTCV [42] for abdomen CT. For
AMOS, we keep only the axial images, and use the extended
test set from U-Mamba [34].

2) Baselines: For both the U-Net empirical study and com-
parison with our method, we choose representative baselines
of different types:

e CNN: U-Net [1] as a classical baseline, and EMCAD [37]

as SOTA;

o Transformer: Swin-UNet [5] using shifted window atten-
tion [24], MISSFormer [43] using efficient attention [44],
and MCADS [45] as SOTA combining CNN and standard
attention;

o« Mamba: Mamba-UNet [36] applying VSS, and Polyp-
Mamba [7] combining CNN and VSS.

3) Implementation details: We implement and train all
methods with PyTorch 2.6.0 + CUDA 12.6 in an NVIDIA
GeForce RTX 4090 GPU with 24G memory, and replicate
results using 3 different random seeds. For all datasets in-
volved, we cut the 3D volumes into 2D slices along the axial

direction, and resize them according to the input resolution of
the pre-trained image encoder (256 x 256 for Swin v2 tiny,
and 224 x 224 for others). For deep supervision, the decoder
features from all stages are up-sampled to the original input
size Hy x Wy for pixel-wise classification.

We conduct all experiments with batch size 8, using the
AdamW optimizer [46] as an enhanced version of Adam [47],
with momentum coefficients 5; = 0.9, 85 = 0.999. Weight
decay is set to 2 x 1075 for AMOS and 1 x 107° for
other datasets. As for learning rate, we first use 5 epochs
for warmup, where the learning rate linearly increases from
2 x 107° to the initial learning rate 1 x 10~%. For the
195 epochs left, the learning rate is scheduled with cosine
annealing [48].

As a common practice, we use a combination of Dice
loss [49] and cross entropy loss:

L= Ldice + Lce~ (10)

4) Evaluation metrics: We evaluate the methods using final
Dice Similarity Coefficient (DSC) for each class, as well as
the mean DSC (mDSC) across all classes except background.

B. U-Net Empirical Study (RQI)

First, we conduct extensive experiments in AMOS and
BTCV to show that current Transformer-based or Mamba-
based methods do not necessarity surpass CNN-based methods
under fair circumstances. Note that although nnUNet Revis-
ited [50] made similar claims for auto-configuring 3D meth-
ods, we focus on comparing 2D methods using pre-trained
image encoders. The mDSC results are listed in Table II, and
the per-class DSC results are shown in Figure 3.
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Fig. 4: Qualitative results for AMOS and BTCV. Differences among results from ACDC are barely recognizable, so they are
not shown here. Best viewed in color, and zoom in for more details. From left to right, the columns correspond to the input
images, ground truth masks, and results from different methods. The first two rows are from AMOS, and the last two rows
are from BTCV. Note the differences marked with red boxes.
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Fig. 5: Dice score per class for comparison with our proposed BIDFormer. What the subfigures mean: We compare segmentation
decoders with our proposed BIDFormer, all using Swin v2 tiny as the encoder. From left to right are results for 3 datasets:
ACDC, AMOS, and BTCV. What the axes mean: Each axis represents a class, and is scaled according to dice scores of all
methods for the corresponding class in the dataset.

TABLE III: Results comparing our BIDFormer with baseline methods across 3 datasets: ACDC, AMOS, and BTCV. We
implement all methods using Swin v2 tiny as the image encoder. Mean =+ std over 3 seeds. Bold: best; underline: second best;
green background : better than U-Net; yellow background : worse than U-Net.

Params FLOPs Mem. Time

Decoder Decoder Type Attn. Type Source M) G) (GiB)  (ms) AMOS BTCV ACDC
U-Net CNN - MICCAI'15 41.25 10.56 6.22 25.8 68.52+0.20 76.73+0.21  91.53+0.15
Swin-UNet TF Swin attn. ECCVW’22 39.80 10.46 6.77 31.0 67.764+0.35 75.5840.33  90.90+0.08
MISSFormer TF efficient attn. arxiv’21 52.12 21.07 8.14 422 68.2640.13 76.1840.47 91.5940.08
MCADS CNN + TF standard attn. CVPR’25 42.84 14.06 22.64 326 68.20+0.30 75.4240.27 91.1740.10
Mamba-UNet VM - arxiv’24 45.42 11.52 8.40 36.0 68.02+0.34 76.30+0.31  91.54+0.05
MO-UNet CNN - this paper 44.28 10.87 7.06 28.0 68.254+0.19 76.854+0.15 91.5340.10
Polyp-Mamba CNN + VM - MICCAI'24 50.43 12.12 8.68 48.6  66.94+0.16 76.73+0.48 91.57+0.11
EMCAD CNN - CVPR’24 31.57 9.63 6.67 31.0 = 68.854+0.29 76.484+0.14 91.51+0.12

EMCAD + ours CNN + TF BLA this paper 35.47 9.86 7.02 36.8 69.22+0.45  77.5840.41  91.84+0.08




TABLE 1V: Class names and visualization colors.

Class Name Color BTCV ID AMOS ID
Background | 0 0
Spleen [ ] 1 3
Right Kidney [ | 2 2
Left Kidney 3 13
Gallbladder L] 4 9
Esophagus ] 5 10
Liver 6 1
Stomach [ | 7 11
Aorta . 8 5
Inferior Vena Cava 9 6
Portal Vein and Splenic Vein 10 -
Pancreas 11 4
Right Adrenal Gland ] 12 7
Left Adrenal Gland 13 8
Duodenum - 12

1) Influence of image encoders: Empirically, we find that
image encoders contribute substantially to segmentation per-
formance, with consistent improvements for most decoders
in both datasets. Hence, we find it necessary to equip all
decoders with the same image encoder for fair comparison.
For that purpose, we recommend Swin v2 as an outstanding
option. Although scaling up from tiny-scale to base-scale
encoders results in notable performance gains (except PVT
v2 + EMCAD), they come at the cost of at least double
computation. Instead, using Swin v2 tiny brings even higher
Dice scores with limited computational overhead.

2) Ablation on SSM: MO-UNet removes the SSM from
Mamba-UNet decoder and keeps everything else the same;
we compare their performance together with other decoders
in Table II and Figure 3. Interestingly, removing SSMs from
the decoder (MO-UNet) does not necessarily degrade per-
formance; in fact, it improves mDSC in most cases. The
results suggest that for medical image segmentation, state-
space models are not really superior to CNN-based methods,
since the scanning routes in SSMs inevitably break the spatial
relationships among image patches.

3) Decoder comparison: When comparing different de-
coders, we find that CNN-based methods, including vanilla
U-Net, perform competitively or even better than Transformer-
based and Mamba-based methods. Although getting lower
scores under some circumstances, U-Net gains more advan-
tages as the encoder gets stronger. Across all “encoder +
decoder” settings in both datasets, Swin v2 tiny + U-Net con-
sistently ranks within top 2 (68.52% in AMOS, and 76.73%
in BTCV), only inferior to other CNN decoders (Swin v2 tiny
+ EMCAD in AMOS with 68.85%, and Swin v2 tiny + MO-
UNet in BTCV with 76.85%).

C. Influence of BIDFormer (RQ2)

1) Qualitative comparison: We present qualitative com-
parisons of segmentation results in Figure 4. Our proposed
BIDFormerintegrated into EMCAD demonstrates superior per-
formance in accurately delineating organ boundaries compared

to other methods. Corresponding class names and visualization
colors are listed in Table IV.

2) Quantitative comparison: To demonstrate the effective-
ness of our proposed BIDFormer, we integrate it into the
EMCAD decoder, forming a hybrid architecture that combines
CNN and Transformer components. We compare this modified
EMCAD with the original EMCAD and other baselines using
Swin v2 tiny as the encoder. As shown in Table III and
Figure 5, adding BIDFormer to EMCAD leads to consis-
tent performance improvements across all evaluated datasets.
Specifically, the mDSC increases from 68.85% to 69.22% on
AMOS, from 76.48% to 77.58% on BTCYV, and from 91.51%
to 91.84% on ACDC. These results highlight the capability
of BIDFormer to enhance segmentation performance, with
limited additional computational cost (approximately 3.9M
more parameters, 0.23G more FLOPs, 0.35GiB more memory,
and 5.8ms more inference time).

TABLE V: Ablation study on different components of BID-
Former using EMCAD as the baseline decoder. ”Lin. Attn.”:
Linear Attention. ”Bid.”: Bidirectional. Mean =+ std over 3
seeds in ACDC dataset.

NO. Lin. Attn. Bid. DLC Mem. (GiB) mDSC
0 - - - 6.67 91.51+0.12
1 X v X 6.97 91.55+0.22
2 X v v 7.04 91.77+0.19
3 v X Vv 7.00 91.76-0.08
4 v v X 6.90 91.61-+0.06
5 v v 7 7.02 91.84-+0.08

D. Ablation Study (RQ3)

We conduct ablation studies in ACDC to validate the effi-
cacy of our core components. From results shown in Table V,
we make several observations:

o Softmax attention (1,2) vs. linear attention (4,5): As an
efficient alternative to softmax attention, linear atten-
tion surprisingly gets higher mDSC in our setting. By
eliminating the softmax operation, our method get better
results using less computation.

o Unidirenctional attention (3) vs. bidirectional attention
(5): Using only unidirectional CP attention and dynamic
classifiers without PC attention gets 91.76 mDSC. It
shows that PC attention is important, since it reallocates
global context to patch tokens and enrich their infor-
mation, so our method functions more similar to self-
attention.

o Static classifiers (1,4) vs. Dynamic classifiers (2,5): Both
softmax attention and linear attention can insert useful
information into class embeddings, so they can serve as
better classifiers than static ones.

V. CONCLUSION

In summary, we have conducted an empirical study on
U-shaped networks for medical image segmentation, re-
vealing that CNN-based methods can actually outperform



Transformer- or Mamba-based methods under fair comparison
settings. To address the limitations of existing Transformer-
based methods, we have proposed BIDFormer, a plug-and-
play module that enhances CNNs with both long-range con-
text modeling and in-depth semantic guidance. Extensive
experiments on multiple public datasets have demonstrated
the superior performance of BIDFormer over state-of-the-art
methods.
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