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6. Evaluation Metrics

We evaluate our segmentation performance using overlap-
based, boundary-based, and classification-based metrics.
The Intersection over Union (IoU), also known as the Jac-
card index, calculates the ratio of the intersection between
the predicted and ground truth masks relative to their union.
The Dice similarity coefficient (DSC), which is equivalent
to the F1 score, emphasizes correct overlaps by giving twice
the weight to true positives. For boundary quality, we use
the 95th percentile Hausdorff Distance (HD95), which mea-
sures the alignment of lesion contours while reducing the in-
fluence of outliers. Additionally, we report Accuracy (AC),
Sensitivity (SE), and Specificity (SP) to reflect pixel-level
classification. The metrics are defined as follows:
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where TP, 'P, N, and T'N represent true positives, false
positives, false negatives, and true negatives, respectively.
G and P denote the ground-truth and predicted masks, and
d(-,-) is the Euclidean distance between boundary points.
HD95 corresponds to the 95th percentile of these distances,
providing a robust measure of boundary alignment.

7. Additional Experiments and Results

To complement the main paper, we present additional ex-
periments that further broaden the evaluation and justifica-
tion of our framework. These cover boundary-focused met-
rics such as HDO95, cross-dataset generalization, and tests
on non-dermoscopic datasets.

7.1. HD95 Evaluation across Four Datasets

To evaluate boundary accuracy, we present HD95 results
on ISIC2017 [6], ISIC2018 [5], HAM10000 [32], and PH2

HDO95 ()

Model ISIC2017 ISIC2018 HAMIO000  PH2
U-Net [26] 16.48T50 1967765 1535108 1840160
SCR-Net [35] 17.061-52 1582132 1390098  22.80!80
TransFuse [42] 15.04132 1677142 1476190 16.10'28
UTNetV2 [11] 17.22155 1723150 1850122 22,0075
ASwin U-Net [1] | 15.84148 1979168 1617115 18.1015°
C2SDG [15] 143015 1521128 16.00198  17.30!42
UNeXt-S [33] 1430118 1503120 1420095  16.85!28
MALUNet [28] 1466112 1472012 1370092 1510110
EGE-UNet [29] 1249102 1540135 1297086 1490102
VM-UNet [27] 1443108 1431118 1340090 1590120
VM-UNet2 [41] 1406108 1477120 1284086 1530L15
LightM-UNet [17] | 13.80%12 15,1012+ 1252080 1540112
LB-UNet [39] 12.05192 1461110 9.720.74 14.701:00
ULVM-UNet [36] | 12.93098 1506120 1223088 1240105
Ours 10.73992 1294102 8.650-62 9.880-90

Table 11. HD9S5 (in pixels) results on ISIC2017, ISIC2018,
HAM10000, and PH2. All results are averaged over five runs. Val-
ues are reported as mean®? (equivalent to mean+SD). All SOTA
baselines are reproduced using their publicly available implemen-
tations with identical train—val—test splits for fair comparison. ({)
indicates Lower is better. Best results are in bold.

[22], as shown in Table 1 1. The HD95 measures the bound-
ary accuracy, which is crucial in medical image segmenta-
tion, where precise lesion contours are as important as re-
gion overlap.

Traditional CNN-based models such as U-Net and SCR-
Net exhibit significant errors, indicating poor boundary lo-
calization. Transformer-based methods, including Trans-
Fuse, UTNetV2, and ASwin U-Net, reduce errors in some
cases but still face limitations in accuracy. More com-
pact CNN-MLP hybrid models, such as MALUNet, EGE-
UNet, LB-UNet, and ULVM-UNet, demonstrate better per-
formance, with LB-UNet achieving 9.72 on HAM10000
and ULVM-UNet achieving 12.40 on PH2. Recent Mamba-
based architectures (VM-UNet, VM-UNet2, LightM-UNet,
ULVM-UNet) show clear improvements in boundary detec-
tion over CNN and Transformer models, reducing HD95 to
the 12—15-pixel range, yet they still struggle to achieve con-
sistent accuracy across datasets.

Our model achieves the lowest HD95 scores on all four
datasets: 10.73 on ISIC2017, 12.94 on ISIC2018, 8.65 on
HAM10000, and 9.88 on PH2. These results reduce bound-
ary error by approximately 1.1-2.5 pixels compared to the
best-performing baselines, including recent Mamba-based
models. The consistent gains demonstrate that our frame-
work produces sharper lesion boundaries across all four



Model PODL FGL ISIC2017 ISIC2018

HAM10000 PH2 Ours—Model(Avg.) Cost vs Ours

ToUT DSCT HD95) | loUt DSCT HD95J

ToUT DSCT HD95] | IoUT DSCT HDY5J

ToU/DSC/HD95 | Paramsx/GFLOPs x

H-vmunet [37] 8.97 0.742 18422 9143 12.81 |81.78 89.98 14.67
WTCM-UNet [10] | 28.74 3.12 | 80.21 89.02 15.67 |80.90 89.44 1524

89.54 9448 947
86.31 92.65 12.75 |86.72 92.89 14.76 |+3.58/+2.09/-4.06

87.30 93.22 10.06 |+1.41/+0.81/-1.20 18.2x /23x%

58.2% /9.6

Table 12. Comparison with recent Mamba-based segmentation models. H-vmunet and WTCM-UNet are re-implemented and evaluated
under our unified training and evaluation protocol for fair comparison. IoU/DSC are reported in %, and HD9S5 is reported in pixels. Params

(M) and GFLOPs are denoted by P(M) and F(G), respectively.

benchmarks, ensuring reliable segmentation performance.

7.2. Additional Comparison with Recent Mamba-
based Segmentation Models

Table 12 provides an additional comparison with two recent
Mamba-Based segmentation models, H-vmunet [37], and
WTCM-UNet [10], evaluated under the same protocol. Al-
though both methods use substantially larger model capac-
ity, MambaLiteUNet remains more effective and efficient.
On average, our model surpasses H-vmunet by 1.41 points
in IoU and 0.81 points in DSC while reducing HD95 by
1.20 pixels. Compared with WTCM-UNet, our model im-
proves IoU and DSC by 3.58 and 2.09 points, respectively,
and reduces HD95 by 4.06 pixels, while using much fewer
parameters and GFLOPs.

7.3. Cross-Dataset Generalization Analysis

We evaluate cross-dataset generalization by training on
ISIC2018 (train split) and directly testing on PH2 (whole
dataset) without fine-tuning. This setting assesses whether
models can reliably segment images of the same modality
collected at different centers under varying acquisition con-
ditions, providing a rigorous measure of domain robustness
relevant to real-world applications.

As shown in Table 13, U-Net obtains 77.02% IoU,
87.02% DSC, and 22.95 HD95, showing limited trans-
ferability. TransFuse (80.56% IoU, 89.23% DSC, 18.70
HD95) and UTNetV2 (79.94% IoU, 88.85% DSC, and
18.82 HD95) improve overlap but remain inconsistent. Re-
cent methods EGE-UNet (81.11% IoU, 89.57% DSC, 17.36
HD95) and ULVM-UNet (81.35% IoU, 89.72% DSC, 17.07
HD95) narrow the gap but still suffer from boundary-
precision errors.

Our model achieves the best overall results with 81.71%
IoU, 89.93% DSC, 93.19% accuracy, and 15.58 HD95, out-
performing CNN-, Transformer-, and Mamba-based base-
lines. Compared with ULVM-UNet, we gain +0.36 IoU,
+0.21 DSC, and a reduction of 1.49 HD95. Compared with
EGE-UNet, the improvements are +0.60 IoU, +0.36 DSC,
and a reduction of 1.78 in HD95. Compared with LightM-
UNet, we reduce HD95 by 1.05 while maintaining IoU and
DSC. These improvements highlight stronger overlap accu-
racy and sharper boundaries under domain shift.

Train on ISIC2018 — Test on PH2

Model ToUT DSCT ACT SPT SET | HD95J
U-Net [26] 7702 87.02 9089 89.11 94.63 | 22.95
SCR-Net [35] 7893 8823 92.17 9276 90.94 | 19.54

ASwin U-Net [1] | 75.01 85.72 90.53 91.71 88.07 | 21.76
TransFuse [42] 80.56 89.23 9258 91.29 95.29 | 18.70
UTNetV2 [11] 79.94 88.85 92.69 93.86 90.23 | 18.82
C2SDG [15] 79.83 8879 9229 91.22 9454 | 21.53
UNeXt-S [33] 80.70 1 89.32 9271 91.85 94.52 | 18.42
MALUNeEet [28] 79.87 88.81 9246 9232 9274 | 19.62
EGE-UNet [29] 81.11 89.57 93.08 93.56 92.07 | 17.36
VM-UNet [27] 80.75 8935 9279 9234 9374 | 17.12
VM-UNet2 [41] 80.94 8947 9276 91.58 9525 | 17.76
LightM-UNet [17] | 81.10 89.56 9297 9271 93.52 | 16.63

LB-UNet [39] 81.17 89.61 9291 92.03 94.76 | 17.38
ULVM-UNet [36] | 81.35 89.72 9296 9190 95.18 | 17.07
Ours 81.71 89.93 93.19 92.68 94.26 | 15.58

Table 13. Cross-dataset generalization performance when train-
ing on ISIC2018 and testing on the full PH2 dataset without fine-
tuning. (1) indicates higher is better. () indicates lower is better.
Best results are in bold.

7.4. Generalization to Non-Dermoscopic Datasets

To evaluate generalization beyond dermoscopic images, we
extend our analysis to the BUS [2] and GlaS [31] datasets.
BUS contains breast ultrasound scans with heavy speckle
noise, low contrast, and irregular lesion boundaries, while
GlaS comprises colorectal histopathology images character-
ized by structural complexity and staining variability. Both
datasets present substantially different challenges compared
to dermoscopic benchmarks. Table 14 summarizes the
results. On BUS, U-Net achieves 67.03% IoU, 80.26%
DSC, and 22.72 HD95, while EGE-UNet records 65.81%
ToU, 79.38% DSC, and 19.29 HD95. Transformer-based
methods perform better but remain inconsistent. Trans-
Fuse obtains 70.16% IoU, 82.46% DSC, and 18.46 HD95
with sensitivity at 79.68, while UTNetV2 achieves 68.63%
IoU, 81.40% DSC, and 25.15 HD95 with sensitivity at
86.81. Mamba-based architectures improve boundary accu-
racy, with VM-UNet reaching 72.02% IoU, 83.74% DSC,
and 15.29 HD95, and LightM-UNet 71.44% IoU, 83.34%
DSC, and 15.37 HD95, but their overlap scores remain lim-
ited.

Our model achieves 77.68% IoU, 87.44% DSC, and
11.55 HD95 on BUS, improving over the strongest baseline
(C?SDG: 73.11 IoU, 84.47 DSC, 13.32 HD95) by +4.57
IoU, +2.97 DSC, and a reduction of 1.77 in HD95. This



Model BUS (Ultrasound) [2] GlaS (Histopathology) [31]

IoUT DSCt ACT SPt SET HDO95] IoUT DSCt ACT SP1 SET HDO95]
U-Net [26] 67.03 80.26 9795 9831 90.46 22.72 72.69 84.19 8386 8375 83.96 25.30
TransFuse [42] 70.16 8246 9844 9934  79.68 18.46 7349 8472 8347 77.10 89.55 25.49
UTNetV2 [11] 68.63 81.40 98.17 98.72 86.81 25.15 67.67 80.72 81.52 87.74 75.59 25.12
C?8DG [15] 73.11 8447 9859 9933 83.30 13.32 7549  86.04 8549 8356 8734 24.28
UNeXt-S [33] 72.11 83.80 9851 99.23 83.67 15.88 7441 8533 85.00 84.71 85.27 25.17
MALUNet [28] 67.19  80.37 9829 9935 76.19 22.75 74.64 8548 8570 89.29 8227 24.17
EGE-UNet [29] 65.81 79.38 9835 99.77 68.95 19.29 7125 8321 83.70 88.69 78.93 25.06
VM-UNet [27] 72.02 83.74 9837 9872 9111 15.29 72.64  84.15 84.67 90.05 79.54 24.94
LightM-UNet [17] | 71.44  83.34 98.59 99.67 76.32 15.37 69.40 8194 81.72 8242 81.04 28.06
LB-UNet [39] 63.75 77.86 98.14 9945 71.07 14.49 7130  83.24 8423 9226 76.56 24.66
ULVM-UNet [36] 70.19 8249 9849 99.53  76.97 15.23 7333  84.61 84.24 83.80 84.67 26.66
Ours 77.68 87.44 9888 9951 8553 11.55 78.63 88.04 8791 8890 86.96 21.62

Table 14. Performance comparison of SOTA models on BUS and GlaS datasets. For BUS, 163 samples are split into 114 for training, 18
for validation, and 31 reserved for testing. For GlaS, 165 samples are split into 70 for training and 15 for validation, with 80 reserved for
testing. All models are trained and evaluated on the same partitions. (1) indicates higher is better. (].) indicates Lower is better. Best results

are in bold.

performance underlines the model’s ability to retain both
overlap accuracy and precise boundary localization under
heavy noise and low contrast. On GlaS, MALUNet de-
livers 74.64% 1oU, 85.48% DSC, and 24.17 HD95, while
our model achieves 78.63% IoU, 88.04% DSC, and 21.62
HDO95, improving by +3.99 IoU, +2.56 DSC, and a reduc-
tion of 2.55 in HD95. Here, the gains show that our ap-
proach adapts to structural irregularities and staining vari-
ations that cause other baselines, including Mamba-based
ones, to degrade. Therefore, our model demonstrates ro-
bustness across imaging modalities by maintaining consis-
tent improvements on BUS and GlaS.

7.5. Robustness to Reduced Training Data

To assess robustness under limited supervision, we train the
model with only {50, 70, 100}% of the original training
split on ISIC2017 and ISIC2018, while keeping the test
sets unchanged. As shown in Table 15, performance de-
grades steadily as the amount of training data decreases.
On ISIC2017, reducing the training data from 100% to 50%
lowers mloU from 85.55 to 83.30 and DSC from 92.21 to
90.89, while HD95 increases from 10.73 to 13.24. A similar
trend is observed on ISIC2018, where mloU and DSC de-
crease from 83.60/91.07 to 81.49/89.80, while HD95 rises
from 12.94 to 14.99. The performance drop remains mod-
est on both datasets, which suggests that the model can still
learn stable and discriminative representations even when
annotation is substantially reduced. This behavior is espe-
cially important in medical image segmentation, where col-
lecting dense pixel-level labels is costly and often limited.

8. Additional Ablation Study

This section presents additional ablation studies to evaluate
the impact of our design decisions further.

Table 15. Robustness to reduced training data on ISIC2017 and
ISIC2018. mloU and DSC are reported in %, and HD9S is re-
ported in pixels. Results are obtained by randomly subsampling
{50, 70, 100} % of the training split, while keeping the test set un-
changed. All metrics are computed on the full test set.

Training ISIC2017 ISIC2018
Data Size | mloUt DSCt HD95] | mloUt DSCtT HD95|
50% 83.30 90.89 13.24 | 81.49 89.80 14.99
70% 84.14 9139 12.06 | 8223 9025 13.61
100% 85.55 9221 10.73 | 83.60 91.07 12.94
Loss Performance Metrics
BCE Dice | IoUt DSCtT ACT SP1 SE1
v 86.95 93.02 9328 98.16 88.51
v 86.59 92.81 93.14 98.84 87.57
v v 88.54 9392 94.08 97.79 9045

Table 16. Results for different Loss functions on PH2. (1) indi-
cates higher is better. v indicates loss selection. Our results are
averaged over five independent runs, and the best are in bold.

8.1. Loss Function Analysis on PH2

Table 16 compares three loss variants on the PH2 dataset
[22]. Using binary cross-entropy (BCE) [3] alone, we
achieve 86.95% IoU and 93.02% DSC, while Dice loss
(Dice) [3] alone gives 86.59% IoU and 92.81% DSC. Com-
bining BCE and Dice loss, MambaLiteUNet produces the
best results (88.54% IoU, 93.92% DSC) and increases sen-
sitivity to 90.45%, representing an absolute sensitivity gain
of 1.94 points over BCE loss alone and 2.88 points over
Dice loss alone. Therefore, our findings suggest that the hy-
brid loss stabilizes training and improves both overlap and
boundary alignment.



Modules w/o Mamba Complexity IS1C2017 ISIC2018
AMF LGFM CGA | Params (M)| GFLOPs/| | IoUt DSCtT ACt SPt SE? | IoUt DSCtT ACt SPt SEt
v 0.321 0.237 83.80 91.18 96.57 98.02 90.59 | 81.96 90.09 95.81 98.39 86.66
v 0.194 0.332 82.82 90.60 96.27 97.38 91.72 | 81.20 89.62 95.50 97.52 88.33
v 0.664 0.383 83.70 91.13 96.53 9791 90.87 | 82.17 90.21 95.79 97.87 88.38
v v 0.420 0.352 83.15 90.80 96.44 98.07 89.75 | 82.02 90.12 95.72 97.62 88.95
v v 0.559 0.359 84.03 91.32 96.71 98.77 8828 | 8248 90.40 95.81 97.55 89.66
v v 0.420 0.344 83.94 9127 96.60 98.03 90.74 | 82.50 90.41 95.89 98.07 88.16
v v v 0.658 0.374 84.26 9146 96.70 9834 90.01 | 82.66 90.51 9591 97.90 88.83

Table 17. Ablation study of AMF, LGFM, and CGA modules under the Mamba-off/Mamba-free control settings on ISIC2017 and ISIC2018

datasets. Complexity is measured by Params (M) and GFLOPs. (1) indicates higher is better, while (|.) indicates lower is better.

Module Design Goal Our Mechanism Closest Prior Key Distinction — Expected Benefit
AMF Scale—adaptive multi- Channels are split into parallel ResNeXt (grouped  Fixed partitions in ResNeXt vs. dy-
branch feature fusion under =~ Mamba SSM branches, then merged  conv with fixed car-  namic gating with Mamba branches
tight compute. through a two-stage DW—PW gat-  dinality). + dual gates — Content-aware alloca-
ing pipeline that adapts routing to the tion of capacity, sharper interiors, and
input. Residual reweighting ensures reduced under-/over-emphasis struc-

stability. tures at similar cost.

LGFM Fuse local detail with long- A dual-path block: DWConv(3x3) TransFuse (CNN  Separate encoders + late fusion vs.
range context inside a sin-  for textures and edges, + MHA for and Transformer In-block local-global mixing. —
gle block. global dependencies. Features are  encoders fused by Less redundancy, balanced paths, and

concatenated and projected back in a  external BiFusion).  stronger boundary retention (lower
single residual unit (no external fu- HD95).
sion head).

CGA Denoise or reduce back-  Cross-gated  skip aggregation:  Attention  U-Net  One-way decoder gating vs. Bidirec-

ground information and  encoder—decoder  pairs  refined (decoder-driven, tional pre-fusion gating. — Cleaner

regulate skip connections  with Mamba,
before decoder fusion.

rectionally before fusion.

projected through
DWConv+sigmoid, and gated bidi-

one-way gating of
encoder skips).

skips, suppressed background noises,
and sharpens edges with minimal
overhead.

Table 18. Comparative analysis of our AMF, LGFM, and CGA modules against their closest priors (ResNeXt [38], TransFuse [42],
and Attention U-Net [23]). The table highlights how architectural differences in design goals and mechanisms translate into measurable
segmentation gains. Abbreviations: DW: depthwise convolution; PW: pointwise convolution; SSM: state space model [12]; MHA: multi-

head self-attention [7].

8.2. Effect of Core Architectural Modules without
(w/o) Mamba Integration

To isolate the contributions of our Adaptive Multi-branch
Feature Fusion (AMF), Local-Global Feature Mixing
(LGFM), and Cross-Gated Attention (CGA) from SSM-
based long-range modeling, we design Mamba-off control
experiments. In this configuration, all Mamba layers are re-
placed with token-MLPs (two-layer feed-forward networks
with LayerNorm, GELU nonlinearity, and residual connec-
tion). In this substitution, we aim to preserve a similar pa-
rameter count and the same channel dimensionality while
removing Mamba’s structured recurrent dynamics.

Our originally proposed AMF, LGFM, and CGA mod-
ules are inspired by selective gating principles and incorpo-
rate Mamba layers in the full model. In the Mamba-off con-
trol, however, these modules adopt the same selective gating
principles but are implemented using convolutional layers,
multi-head self-attention, and token-MLPs, without invok-

ing Mamba kernels or SSM recurrence. Consequently, we
can disentangle the contribution of the Mamba-integrated
and Mamba-off approaches.

Table 17 shows the impact of AMF, LGFM, and CGA
under the Mamba-off setting. On ISIC2017, AMF alone
achieves the best single-module improvement (83.80% IoU,
91.18% DSC) with minimal cost, while LGFM improves
sensitivity (91.72%). CGA provides balanced gains but
requires higher complexity. Pairwise combinations fur-
ther enhance performance, with AMF+CGA achieving
the highest accuracy and specificity, and the full con-
figuration reaching the best overall results (84.26% IoU,
91.46% DSC). On ISIC2018, results trends are consis-
tent: AMF improves overlap, LGFM boosts sensitivity,
and CGA strengthens boundary quality. The full setup
(AMF+LGFM+CGA without Mamba) achieves 82.66%
IoU and 90.51% DSC, with 0.658M parameters and 0.374
GFLOPs.

However, when comparing with the Mamba-integrated



configuration (see Table 7 in the main manuscript), we
observe clear performance boosts. With Mamba, indi-
vidual modules improve their performance. The full de-
signh (AMF+LGFM+CGA with Mamba) achieves 85.55%
IoU and 92.21% DSC on ISIC2017 and 83.60% IoU and
91.07% DSC on ISIC2018, outperforming all Mamba-off
results while remaining lightweight (0.494M parameters,
0.326 GFLOPs). Therefore, Mamba integration with AMF,
LGFM, and CGA is critical, which demonstrates consistent
improvements across datasets with minimal overhead.

9. Comparative Analysis of Module Designs

To further clarify the novelty of our proposed AMF, LGFM,
and CGA, we provide a detailed comparison with their clos-
est prior designs. Table 18 summarizes each module’s de-
sign goal, mechanism, nearest prior, and the architectural
differences that lead to the expected improvements in lesion
segmentation.

10. Module-wise Feature Map Visualization

Figure 5 provides a qualitative comparison of representative
feature maps with and without the key modules in Mam-
baLiteUNet. The top row presents the feature responses
from the full model with AMF, LGFM, and CGA, while the
bottom row shows the corresponding feature responses af-
ter removing each module. This comparison highlights how
each component shapes the internal spatial representation.

With AMEF, the feature response is more structured and
lesion-aware, which reflects its role in adaptive feature re-
finement. LGFM produces the clearest and most coherent
lesion-focused activation; when it is removed, the feature
map becomes weaker and less discriminative, indicating the
importance of local-global feature integration. CGA mainly
strengthens boundary-sensitive structure. With CGA, the
lesion contour is more clearly emphasized, whereas remov-
ing it yields a smoother and less selective response around
the lesion region. Therefore, these visualizations show that
the three modules contribute in complementary ways. AMF
improves adaptive refinement, LGFM strengthens lesion-
focused representation, and CGA enhances boundary-aware
filtering. Together, they produce more informative and spa-
tially coherent intermediate features.

11. Stage-wise Feature Map Visualization

This section provides stage-wise qualitative evidence of
how MambaLiteUNet processes lesion images throughout
its encoder—decoder pipeline, complementing the quantita-
tive results presented in the main manuscript. Figure 6 il-
lustrates how our proposed MambaLiteUNet progressively
transforms feature representations. We visualize interme-
diate feature maps using a model pre-trained on ISIC2018
[5] and tested on a held-out image. The top row shows the

with AMF with LGFM
- ‘ a - ‘ ‘"
' '
Image } ! ) !
ey el !
) w/o A_MF w/o LGFM w/o CGA

o %
bty

Figure 5. Qualitative visualization of module contributions. The
top row shows representative feature maps when each module is
enabled, while the bottom row shows the corresponding maps
when the module is removed. “with” denotes the full model con-
taining the module, and “w/0” denotes the variant where the mod-
ule is disabled.

£y

input image, followed by activation maps from each en-
coder stage (Encoderl-Encoder5) and the bottleneck. As
depth increases, the model learns progressively more ab-
stract and localized features that emphasize lesion bound-
aries and suppress background noise.

The bottom row (left—right) shows the ground-truth
mask, the model’s final output, and then decoder activa-
tions from Decoder5 through Decoderl. Early decoder
blocks (Decoder1 and Decoder2) recover coarse structure,
while later blocks (Decoder3—Decoder5) refine contours
and sharpen lesion boundaries. This validates our model’s
hierarchical encoding, skip-guided decoding, and recon-
struction. Arrows indicate the forward flow of information
through the network.

Model Sec/Image | Memory (MB) |
VM-UNet [27] 0.1718 582.5
VM-UNet2 [41] 0.1836 613.7
LightM-UNet [17] 0.0194 63.6
ULVM-UNet [36] 0.0058 174
Ours 0.0167 54.5

Table 19. Inference efficiency comparison among Mamba-based
models. Latency (Sec/Image) and peak GPU memory (MB) at
256 x 256 with batch size 1 evaluated on an NVIDIA RTX 3090
Ti (24 GB) using CUDA timing and PyTorch memory profiling.
({) indicates lower is better. Best results in bold.

12. Inference Time and Memory Usage

Table 19 presents a comparative analysis of inference
time and memory for Mamba-based models. VM-UNet
(0.1718 Sec/Image, 582.5 MB) and VM-UNet2 (0.1836
Sec/Image, 613.7 MB) are the most computationally ex-
pensive. LightM-UNet is considerably lighter (0.0194
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Figure 6. Feature map visualization in MambaLiteUNet. Top row (left—right): input image, Encoder1-Encoder5, Bottleneck—features
grow more abstract and emphasize lesion boundaries. Bottom row (left—right): ground-truth mask, model output, and Decoder5—Decoder1
activations. Decoding flows from Decoderl1 through Decoder5 to the output (arrows): early blocks (Decoder1/Decoder2) recover coarse
structure, while later blocks (Decoder4/Decoder5) refine and sharpen lesion contours. Arrows indicate the forward flow of information.

Sec/Image, 63.6 MB), and ULVM-UNet achieves the best
efficiency at 0.0058 Sec/Image and 17.4 MB. In compar-
ison, our MambaLiteUNet operates at 0.0167 Sec/Image
with 54.5 MB, slightly above ULVM-UNet in cost but of-
fering stronger representational power and higher segmen-
tation accuracy (see Sec. 7), making it a balanced choice for
accuracy and deployment efficiency.



