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1. Efficiency Analysis

The limited hardware environment restricts the application
of models in clinical practice. Therefore, we further com-
pared the FLOPs (T), inference memory (M), and infer-
ence speed (iterations/s) of VesMamba with advanced meth-
ods. As shown in Table 1, LKM-UNet exhibits the highest
computational complexity, with a value of 10.75 TFLOPs.
This is attributed to the employment of pixel-level SSM and
patch-level SSM in LKM-UNet, and a bidirectional scan-
ning strategy, which collectively leads to a significant surge
in computational overhead. 3D-UNet presents the high-
est inference memory (IM) requirements, reaching 11,132
MiB, due to its extensive use of convolutional operations
and the retention of numerous intermediate features. DSC-
Net shows the slowest inference speed (IS) at only 1.13 it-
erations /s. This is attributed to its integration of dynamic
snake convolution and a multi-view feature fusion strat-
egy, which are complex operations with low resource uti-
lization. Specifically, dynamic snake convolution requires
the adaptive adjustment of kernel shapes based on the char-
acteristics of tubular structures, thereby increasing com-
putational complexity. Meanwhile, multi-view feature fu-
sion involves the integration of more feature information,
which imposes heavier burdens and idle waits, resulting in
slow inference speed. Finally, Segformer3D exhibits min-
imal computational cost, inference memory, and inference
speed. By leveraging a hierarchical Transformer structure
combined with a lightweight MLP decoder, SegFormer3D
significantly reduces computational overhead. However,
such a simple decoder results in a significant loss of perfor-
mance. Our method is designed with a focus on lightweight
model requirements. Comparisons with other state-of-the-
art methods demonstrate that our method achieves optimal
performance while maintaining acceptable efficiency.

2. Addtional Albation Studies

To validate the effectiveness of our network architecture and
module design, we further perform the following ablation
studies on the Parse22 dataset. The ablation studies focus
on the number of network layers and the Mamba scanning
strategy in the SSP module.
Number of Network Layers: The default network ar-
chitecture of UMamba consists of six layers. To further
lightweight the model while maintaining performance, we
perform ablation studies on the number of layers. As shown
in Table 2, as the number of layers decreases, most evalua-

Table 1. Comparison of VesMamba with state-of-the-art methods
in terms of inference memory (IM) and inference speed (IS) on the
Parse22 dataset.

Method Dice ↑ FLOPs (T) ↓ IM (M) ↓ IS (iter/s) ↑

3D-UNet [1] 85.25 2.22 11132 6.15
nnUNet [3] 84.20 4.25 3705 32.11
DSCNet [9] 76.63 2.22 7862 1.13

SegFormer3D[8] 77.69 0.01 3508 128.8
UNETR++ [10] 85.27 0.25 5074 9.71

Swin-UNETR [12] 79.96 0.91 6869 8.82
UMamba [7] 85.94 2.69 4738 14.09

SegMamba [15] 85.23 1.81 3973 8.88
LKM-UNet [13] 86.21 10.75 10026 4.66

Ours 86.65 2.85 7538 9.35

Table 2. Ablation studies for the number of network layers of
VesMamba on the Parse22 dataset.

Method Dice↑ clDice↑ HD95↓ NSD↑

3 layers 84.21 85.11 6.65 89.91
4 layers 85.10 86.03 4.36 91.98
5 layers 85.88 86.60 3.72 92.69
6 layers 85.94 86.64 3.69 92.74
7 layers 85.96 86.60 3.55 92.83

Table 3. Ablation studies for the scanning strategy in SSP on the
Parse22 dataset.

Method Dice↑ clDice↑ HD95↓ NSD↑

Z-shape 86.27 87.19 3.43 92.81
S-shape 86.25 87.16 3.50 92.67
Diagonal 86.28 87.15 3.54 92.78

Bi-Z-shape 86.42 87.38 3.25 92.93
Bi-S-shape 86.35 87.23 3.30 92.88
Bi-diagonal 86.38 87.35 3.33 92.89

tion metrics progressively decrease. Too few layers fail to
adequately extract features, leading to significant drops in
all metrics. Conversely, excessive layers yield minimal per-
formance gains, while the five-layer architecture achieves



Figure 1. More visual comparison of challenging cases in the Parse2022 and Lung79 datasets with state-of-the-art methods. The green,
yellow, and red represent true positives, false positives, and false negatives, respectively.

Figure 2. More visual comparison of challenging cases in the Parse2022 and Lung79 datasets with state-of-the-art methods. The green,
yellow, and red represent true positives, false positives, and false negatives, respectively.

both lightweight design and guaranteed performance.
Mamba Scanning Strategy in SSP: Several studies [4,
5, 11] propose modified Mamba scanning strategies to en-
hance its suitability for visual tasks. As shown in Table 3,
we compare three unidirectional scanning strategies: Z-
shape, S-shape, and Diagonal, along with their correspond-
ing bidirectional variants: Bi-Z-shape, Bi-S-shape, and Bi-
diagonal, on the Parse22 dataset. The performance dif-
ferences among the three unidirectional scanning strategies
are not significant, as fixed preset scanning strategies can-
not guarantee the continuity of all adjacent spatial infor-

mation. Bidirectional scanning strategies demonstrate im-
provements over their corresponding unidirectional coun-
terparts, since Mamba is fundamentally a state space model
with unidirectional information flow. Bidirectional scan-
ning strategies can simultaneously integrate information
from both the front and back of the sequence, thereby alle-
viating the limitations of unidirectional modeling in Mamba
vision tasks. However, while the combined use of more
scanning methods can further enhance Mamba’s local per-
ception capabilities, it leads to a multiple increase in com-
putational complexity [2, 14, 16]. Among these, the Bi-Z-



shape scanning strategy is relatively superior to the other
two strategies and is simpler to implement. Therefore, in
SSP, we selected the simple and effective Bi-Z-shape scan-
ning method.

3. More Visual Results
As shown in Figure 1 and Figure 2, we provide more vi-
sual comparisons with different state-of-the-art methods on
the Parse2022 [6] and Lung79 datasets. For these two
datasets, we select challenging cases and display the seg-
mentation targets separately. Clearly, on these two datasets,
our method is better than other methods at focusing on seg-
mentation targets of different scales, with fewer false pos-
itives and false negatives, demonstrating the robustness of
our model.
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