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Abstract

Medical image segmentation plays a crucial role in clinical diagnosis and treatment plan-
ning. However, existing segmentation frameworks frequently exhibit high computational
complexity and often fail to retain fine-grained structural details—especially along intricate
anatomical boundaries such as blood vessels and tumor margins. To overcome these limita-
tions, we propose VMMedSAM-X, an efficient and computationally economical medical
image segmentation framework that incorporates structured state space modeling into
the Medical Segment Anything Model (MedSAM) architecture. The proposed method
adopts a state-enhanced encoder that combines extended long short-term memory (xL-
STM) with two-dimensional selective scanning (SS2D) and a dual-path cross-attention
mechanism to enhance long-range dependency modeling while maintaining linear com-
putational complexity. Experiments conducted on the 1024 × 1024 ACDC cardiac MRI
dataset show that the proposed encoder reduces floating-point operations from 369.44 G to
17.36 G and achieves a 2.4× improvement in inference speed compared with the Vision
Transformer (ViT)-based encoder. Additional evaluations on the SegTHOR and MSD-Lung
datasets demonstrate consistent improvements in Dice Similarity Coefficient (DSC) and
Intersection over Union (IoU) metrics over MedSAM and Vision Mamba U-Net (VM-UNet)
baselines. These results indicate that the proposed framework provides an effective and
computationally efficient solution for high-resolution medical image segmentation.

Keywords: medical image segmentation; MedSAM; VM-UNet; state space model; xLSTM;
Mamba; computational efficiency

1. Introduction
Medical image segmentation plays a crucial role in computer-aided diagnosis, treat-

ment planning, and disease monitoring, as it enables precise delineation of anatomical
structures and pathological regions [1,2]. Thanks to the rapid development of deep learn-
ing, convolutional neural networks (CNNs)—particularly the U-shaped convolutional
network (U-Net) and its variants—have achieved remarkable success in a wide range of
medical imaging tasks by leveraging their strong local feature extraction capability and
encoder–decoder design [3–5]. However, the inherently limited receptive field of convo-
lutional operations restricted their ability to model long-range dependencies, which are
essential for capturing global anatomical context in high-resolution medical images.

To address this limitation, vision transformers (ViT) were introduced to medical
image segmentation, leveraging self-attention mechanisms to model global relationships
among image tokens [6–9]. Recently, promptable segmentation frameworks such as the
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Segment Anything Model (SAM) and its medical adaptation Medical Segment Anything
Model (MedSAM) further advanced this paradigm by enabling flexible segmentation
through prompt guidance [10–14]. Despite their strong performance and generalization
ability, transformer-based encoders suffered from quadratic computational complexity with
respect to the number of tokens, leading to high memory consumption and computational
cost, especially when processing high-resolution medical images.

In parallel, state space models (SSM) recently emerged as an efficient alternative for
long-sequence modeling. Architectures such as Mamba introduced selective scanning
mechanisms that achieved linear computational complexity while preserving the capability
to capture long-range dependencies [15–18]. In addition, recurrent memory-based archi-
tectures, such as visual long short-term memory (xLSTM), demonstrated effectiveness in
modeling sequential spatial context through gated state transitions [19]. These develop-
ments provided new opportunities to design lightweight vision encoders that retain global
context modeling without relying on computationally expensive self-attention.

However, directly replacing the transformer encoder in promptable segmentation
frameworks with a single alternative backbone may result in insufficient feature diver-
sity [20]. Convolutional and state space models excelled at capturing structural and local
spatial patterns, while recurrent memory mechanisms were more suitable for modeling
long-range contextual dynamics. Effectively integrating these complementary representa-
tions into a unified architecture remains an open problem in efficient medical segmentation.

To address these challenges, we propose VMMedSAM-X, a state-enhanced promptable
segmentation framework that redesigns the MedSAM encoder using a dual-branch archi-
tecture. As illustrated in Figure 1, the proposed encoder consists of a Two-Dimensional
Selective Scanning (SS2D) branch for efficient spatial structure modeling and an xLSTM
branch for long-range contextual aggregation. To enable deep interaction between the two
branches, we introduce a bidirectional cross-attention mechanism that allows each branch
to dynamically refine its representation based on complementary features from the other
branch. The fused features are then projected back to the original embedding space and
combined with a residual connection to ensure compatibility with the prompt encoder and
mask decoder of MedSAM.

Figure 1. Overall architecture of the proposed VMMedSAM-X framework. The framework consists
of three main components: a multi-scale state-enhanced encoder, a prompt encoder, and a mask
decoder. The input image is first processed by the proposed encoder, which integrates SS2D and
xLSTM to capture long-range dependencies with linear computational complexity. The prompt
encoder accepts user-provided prompts (e.g., boxes or points) to provide positional guidance. The
mask decoder then fuses the encoded image features with the prompt information to generate the
final segmentation mask.
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The main contributions of this work are summarized as follows:

1. A state-enhanced encoder for MedSAM: We redesign the MedSAM image encoder
using a dual-branch architecture that integrates selective state space modeling and
visual long-short-term memory (LSTM), enabling efficient modeling of long-range
dependencies while reducing the computational burden compared to standard ViT-
based encoders.

2. A bidirectional cross-attention fusion mechanism: We propose a cross-attention
module that facilitates mutual refinement of structural and contextual representa-
tions, thereby enabling dynamic alignment and synergistic fusion of complementary
information across the two branches.

3. Superior efficiency and competitive accuracy: Experimental results on five public
datasets show that the proposed framework cuts the computational cost by 95.3%
(from 369.44 GB to 17.36 GB) compared to the ViT-based MedSAM encoder. This
is achieved while maintaining or improving segmentation accuracy across different
modalities and anatomical structures.

2. Related Work
2.1. CNN-Based Medical Image Segmentation

CNNs were the dominant approach for medical image segmentation due to their strong
local feature extraction capability and computational efficiency [21]. U-Net established a
widely adopted encoder–decoder architecture with skip connections, enabling precise local-
ization by combining low-level spatial features with high-level semantic representations [3].
Subsequent variants such as U-Net++ and Attention U-Net further improved feature fusion
and region focus through dense skip connections and attention mechanisms [22,23].

Despite these advances, CNN-based models inherently relied on local convolution
operations, which limited their ability to capture long-range dependencies and global con-
textual information in high-resolution medical images [5,24,25]. This limitation motivated
the exploration of architectures with stronger global modeling capabilities.

2.2. Transformer-Based Segmentation Models

Transformer architectures addressed the limitation of CNNs by leveraging self-
attention mechanisms to model global dependencies. ViT demonstrated that image patches
can be treated as tokens to enable long-range interaction modeling [6]. Hybrid architec-
tures such as TransUNet combined CNN feature extraction with transformer-based global
modeling, achieving improved segmentation performance [7].

Hierarchical transformers such as Swin Transformer further improved efficiency by
restricting attention to local windows while enabling cross-window communication [26].
These models were successfully applied to medical segmentation tasks and extensively
analyzed in recent surveys [8,9].

However, the computational and memory complexity of self-attention grew quadrati-
cally with input resolution, which posed significant challenges for high-resolution medical
images [27,28]. This limitation became particularly critical in clinical scenarios requiring
real-time processing or deployment on resource-constrained hardware.

2.3. Foundation Models for Medical Image Segmentation

The emergence of foundation models introduced a new paradigm for medical image
segmentation. SAM enabled promptable segmentation across diverse visual domains
through large-scale pretraining [10]. MedSAM adapted this framework to medical imaging
by fine-tuning on a large multi-modal dataset, significantly improving performance on
medical benchmarks [11].
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Recent studies showed that while MedSAM demonstrated strong generalization capa-
bility, its performance varied significantly across tasks and anatomical structures [29,30].
In particular, its performance degraded on small or complex structures, and substantial
improvements often required task-specific fine-tuning [31,32].

However, most existing efforts focused on prompt design and fine-tuning strategies,
while the efficiency of the underlying transformer-based image encoder remained largely
underexplored. The high computational cost of the ViT backbone limited the practical
deployment of these models in real-world clinical environments.

2.4. State Space Models in Vision

SSMs recently emerged as an efficient alternative to attention-based architectures. The
structured state space model (S4) demonstrated that long-range dependencies could be
modeled with linear computational complexity [33]. Mamba further improved efficiency
by introducing selective state updates, enabling dynamic information flow control [15].

Recent extensions such as VMamba and Visual Mamba adapted SSMs to two-
dimensional visual data through multi-directional scanning mechanisms, achieving com-
petitive performance in vision tasks [34–36]. These approaches enabled efficient global
context aggregation while maintaining linear complexity.

Despite these advantages, existing SSM-based methods primarily focused on spatial
dependency modeling and often lacked explicit mechanisms for capturing high-level
semantic context, which is critical for accurate medical image segmentation.

2.5. Recurrent Memory Models in Medical Image Segmentation

Recurrent neural networks, particularly long short-term memory (LSTM), were widely
used to model sequential dependencies in medical image analysis [37]. By introducing
gating mechanisms, LSTM could selectively retain and update information over long
sequences, making it suitable for capturing contextual continuity.

The recently proposed xLSTM extended traditional LSTM by introducing matrix-
based memory and dual gating mechanisms, enabling richer representation and improved
long-range dependency modeling [19]. In medical imaging, xLSTM-based architectures
demonstrated promising results, particularly in scenarios with limited annotations and
complex anatomical structures [38–40].

Compared with state space models that focus on spatial propagation, xLSTM main-
tained gated memory states, enabling selective retention of high-level semantic information.
This made it particularly suitable for medical image segmentation tasks, where capturing
anatomical consistency and contextual continuity was essential.

2.6. Summary

In summary, CNN-based methods provided strong local feature extraction but strug-
gled with global context modeling, while transformer-based and foundation models of-
fered improved global representation at the cost of high computational complexity. State
space models provided efficient global dependency modeling but lacked explicit seman-
tic memory mechanisms, whereas recurrent models captured contextual continuity but
were limited in spatial modeling. These complementary characteristics motivate the pro-
posed VMMedSAM-X framework, which integrates SS2D-based spatial modeling with
xLSTM-based semantic memory through a unified dual-branch architecture [41,42].

3. Materials and Methods
To address the complementary limitations identified in Section 2—namely, the local

receptive fields of convolutional neural networks, the quadratic complexity of Transform,
and the lack of explicit semantic memory in existing SSM-based encoders—we introduce a
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multi-scale state-enhanced image encoder into the MedSAM architecture and incorporate
bidirectional cross-attention layers at the deep stages of feature extraction.

3.1. Overall Architecture

The overall architecture of VMMedSAM-X is based on MedSAM’s prompt-based
segmentation paradigm, as shown in Figure 1. While retaining MedSAM’s mask de-
coder and prompt encoder, it incorporates our newly designed multi-scale state-enhanced
image encoder.

Unlike conventional ViT-based image encoders, our proposed image encoder models
long-range dependencies in its core SS2D path with linear computational complexity and
restricts computationally intensive fusion operations to deep-layer low-resolution features.
Compared to transformer-based encoders, this approach achieves more efficient modeling
of global dependencies.

The prompt encoder is responsible for converting user-provided spatial prompts (such
as bounding boxes or points) into embedding representations aligned with image features.
The mask decoder is responsible for fusing the visual features output by the image encoder
with the prompt embeddings to ultimately generate a segmentation mask. In VMMedSAM-
X, both the prompt encoder and the mask decoder fully inherit the original architecture
and pre-trained weights of MedSAM; they are kept frozen during training without any
structural modifications.

3.2. Multi-Scale State-Enhanced Encoder

Medical images typically possess high spatial resolution and complex organizational
structures. In traditional convolutional neural networks, feature extraction relies primarily
on local convolution operations, whose receptive fields are limited by kernel size, making
it difficult to effectively model long-range spatial dependencies. Although Transformer-
based architectures with self-attention mechanisms can establish global correlations, their
computational complexity grows quadratically with image size, resulting in prohibitive
computational costs for high-resolution medical image segmentation tasks.

To address these issues, this paper constructs a multi-scale state-enhanced image
encoder, as shown in Figure 2. The encoder adopts a pyramidal multi-scale architecture
that first converts the input image into a serialized feature representation through patch
embedding, followed by feature extraction and enhancement across multiple stages. For an
input feature map X ∈ RH×W×C, where H and W denote spatial resolution and C denotes
the number of channels, each stage in the encoding path first reduces spatial resolution
and increases channel count through patch merging operations, forming a hierarchical
feature pyramid: resolution progressively decreases from H/16 to H/128, corresponding
to channel counts increasing from C to 8C.

Specifically, Stage 1 and Stage 2 each consist of two VSS blocks based on SS2D, followed
by patch merging operations that halve the spatial resolution and double the channel
dimensions. Stage 3 incorporates nine cross-attention fusion blocks, each containing
parallel SS2D and xLSTM branches with a bidirectional cross-attention mechanism to
integrate structural and semantic features. Stage 4 includes two such blocks. The output
feature maps at the deepest stage have a resolution of H/128 × W/128 with 8C channels.

At each resolution level, multiple Visual State Space (VSS) modules are stacked to cap-
ture long-range dependencies while maintaining linear computational complexity. Specifi-
cally, the VSS module employs the SS2D, which unfolds the feature map into sequences
along both horizontal and vertical directions and performs state updates. The core idea
of SS2D is to model spatial dependencies by scanning the feature map sequentially along
both horizontal and vertical directions. At each step, the model updates a hidden state that
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aggregates information from previously scanned positions, allowing long-range context to
propagate efficiently across the entire image without the quadratic cost of self-attention.
Formally, the discrete state update process can be expressed as:

ht = Aht−1 + Bxt (1)

yt = Cht (2)

where xt ∈ Rd is the input feature sequence, ht ∈ Rn is the hidden state, yt ∈ Rd is
the output feature, and A, B, C are discretized state space parameters. Through this
state propagation mechanism, the model can capture long-range dependencies while
maintaining linear computational complexity.

Figure 2. Architecture of the multi-scale state-enhanced encoder. The encoder adopts a four-stage
pyramidal structure. Stage 1 and Stage 2 consist of SS2D blocks; Stage 3 and Stage 4 incorporate
cross-attention fusion blocks with SS2D and xLSTM branches. The numbers of blocks in each stage
are detailed in Section 3.2.

The encoder consists of multiple stages, with each stage progressively reducing spatial
resolution through downsampling operations while increasing feature channel counts,
thereby forming multi-level semantic representations. The feature representation at the l-th
stage can be expressed as:

Fl = El(Fl−1), El = SS2D ◦ PatchMerging (3)

Shallow features primarily retain fine-grained boundary and texture information,
while deep features contain more abstract semantic information. By introducing the SS2D
module at each encoding stage, the model enhances global information interaction across
different scales.

Through the multi-scale state-enhanced encoder, the model can obtain rich local
detail information and global semantic information while maintaining low computational
complexity, providing more stable feature representations for subsequent feature fusion
and decoder reconstruction.

3.3. Dual-Path Cross-Attention Mechanism

In the multi-scale state-enhanced encoder, the SS2D module can effectively model
long-range dependencies in image features. However, this structure primarily focuses
on the propagation of spatial structural information and has relatively limited expressive
power for high-level semantic information. Target regions in medical images often exhibit
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complex morphological characteristics, and relying solely on a single-path feature modeling
can easily lead to insufficient semantic expression, thereby affecting segmentation accuracy.

To further enhance the model’s ability to model global semantic information, this
paper introduces a semantic memory modeling branch in the encoding stage and designs
a dual-path cross-attention mechanism to achieve information fusion between structural
features and semantic features. As shown in Figure 3, the cross-fusion module consists of
two parallel branches: the SS2D-based spatial structure encoding branch and the xLSTM-
based semantic memory modeling branch, with information interaction between the two
paths achieved through bidirectional cross-attention.

Figure 3. Illustration of the proposed dual-path cross-attention fusion module. The module consists
of two parallel branches: an SS2D-based branch for spatial structural feature encoding and an
xLSTM-based branch for semantic memory modeling. High-level features are first projected into
sequence representations and processed by xLSTM to capture long-range semantic dependencies.
Bidirectional cross-attention is then employed to enable information interaction between the structural
and semantic feature streams, facilitating adaptive feature fusion and enhancing global context
modeling capability.

https://doi.org/10.3390/app16094199
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Specifically, in the deeper stages of the encoder, the high-level features output by the
multi-scale state-enhanced encoder are reshaped into sequence form and fed into xLSTM for
semantic modeling. Unlike SS2D, which focuses on spatial propagation, xLSTM maintains
a gated memory cell that selectively retains or forgets information over long sequences.
This mechanism is particularly effective for preserving high-level semantic context across
distant regions, such as the continuity of elongated organs or the global shape of anatomical
structures. For an input feature sequence X ∈ RL×d, the xLSTM state update process can
be expressed as:

it = σ(Wixt + Riht−1 + bi) (4)

ft = σ(W f xt + R f ht−1 + b f ) (5)

ot = σ(Woxt + Roht−1 + bo) (6)

ct = ft ⊙ ct−1 + it ⊙ tanh(Wcxt + Rcht−1 + bc) (7)

ht = ot ⊙ tanh(ct) (8)

where it, ft, and ot denote the input gate, forget gate, and output gate, respectively, and ct

is the memory cell state. Through this gating mechanism, the network can effectively retain
key semantic information in long sequences. In this paper, the high-level features output
by the encoder are first reshaped into sequence form and input to the xLSTM module for
semantic modeling. This process can capture cross-region semantic associations, forming
more stable global feature representations.

Since the SS2D encoder branch primarily extracts spatial structural information, while
the xLSTM branch focuses on semantic memory modeling, the two types of features exhibit
differences in representation. To achieve effective fusion, we design a bidirectional cross-
attention mechanism that enables mutual feature refinement between the two branches.
The intuition behind this design is that structural features can benefit from semantic
guidance to resolve ambiguities in low-contrast regions, while semantic features can be
grounded by structural details to improve boundary precision. The cross-attention oper-
ation allows each branch to query the other and adaptively incorporate complementary
information. Formally, let Fss2d ∈ RL×d denote the output features from the SS2D branch
and Fxlstm ∈ RL×d denote the output features from the xLSTM branch, where L = H ×W is
the sequence length and d is the feature dimension. Two separate cross-attention operations
are performed:

Fss2d→xlstm = CrossAttn(Fss2d, Fxlstm) (9)

Fxlstm→ss2d = CrossAttn(Fxlstm, Fss2d) (10)

Each cross-attention operation follows the standard formulation. Taking CrossAttn
(Fss2d, Fxlstm) as an example, the query Q is derived from Fss2d, while the key K and value
V are derived from Fxlstm:

Q = Fss2dWQ, K = FxlstmWK, V = FxlstmWV (11)

where WQ, WK, WV ∈ Rd×d are learnable projection matrices. The attention output is then:

Fss2d→xlstm = softmax

(
QK⊤
√

d

)
V (12)

The second operation CrossAttn(Fxlstm, Fss2d) is computed symmetrically, with Fxlstm

serving as the query and Fss2d as the key and value.
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The two cross-attention outputs are then concatenated along the channel dimension
and projected back to the original feature dimension:

Ffused = Wproj[Fss2d→xlstm ∥ Fxlstm→ss2d] (13)

where ∥ denotes concatenation and Wproj ∈ R2d×d is a learnable linear projection. Finally, a
residual connection is applied to preserve the original structural information:

Fout = Fss2d + Ffused (14)

This dual-path fusion strategy enables the model to simultaneously utilize the spa-
tial structural information provided by the SS2D encoder and the long-range semantic
memory provided by the xLSTM branch, resulting in more stable and accurate feature rep-
resentations for complex medical images. By introducing the bidirectional cross-attention
mechanism, the model achieves effective fusion of multi-source features while maintaining
low computational complexity, providing richer semantic information for fine-grained
segmentation in the subsequent decoding stage.

3.4. Experimental Setup and Data Preprocessing

To comprehensively evaluate the performance of the proposed method in medical
image segmentation tasks, experiments are conducted on multiple public medical imaging
datasets, with comparative analysis against various mainstream segmentation models. All
experiments are performed under unified data preprocessing and experimental conditions
to ensure fairness and reproducibility.

3.4.1. Datasets

Five representative datasets are selected, covering different modalities and anatomical
regions. These datasets encompass complex scenarios ranging from regular to irregular
boundaries and from single organs to multiple organs, facilitating validation of the model’s
generalization capability across different clinical tasks.

• segTHOR [43]: 120 thoracic CT scans (80 training, 40 testing) for organ segmentation
of five structures including trachea and esophagus.

• AMOS22 [44]: 800 abdominal CT/MRI cases with 15 annotated abdominal organs.
• ACDC [45]: 200 cardiac MRI images for cardiovascular structure segmentation.
• MSD-Lung [46]: 96 thin-slice CT scans of non-small cell lung cancer patients for lung

tumor segmentation.
• KiTS23 [47]: 599 CT cases of kidney and tumors for renal and tumor segmentation.

3.4.2. Data Preprocessing

To strictly prevent data leakage, all data preprocessing is performed after the data
has been split. Specifically, all cases are first randomly divided into training and test-
ing sets in an 8:1:1 ratio; subsequently, all preprocessing operations—including intensity
normalization, extraction of valid slices, and resolution standardization—are performed
independently for each case within their respective subsets. Operations that rely on an-
notation information for valid slice extraction are also performed after splitting, thereby
ensuring that all 2D slices generated from the same patient belong to the same data subset.

Significant differences exist across datasets in imaging quality, voxel intensity ranges,
and annotation granularity. To ensure training stability and improve data utilization, a
unified preprocessing pipeline is designed:

• Label cleaning and small structure removal: 3D connected component analysis is used
to remove artifact structures smaller than 1000 pixels, and small regions smaller than
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100 pixels are removed at the 2D slice level. Multi-tumor cases are independently
instance-labeled to ensure semantic consistency.

• Intensity normalization: For CT data, clinical window width and level (WL = 40,
WW = 400) are applied for intensity clipping, followed by unified normalization
to [0, 255]. For MRI data, non-background region windowing using the 0.5–99.5%
percentile range is applied to suppress extreme noise.

• Effective slice extraction: Slices containing organs/lesions are automatically cropped
by detecting non-zero voxel ranges in annotations, removing irrelevant empty slices
to improve training efficiency.

• Spatial resolution unification: All slices are interpolated to a unified resolution of
1024 × 1024 using nearest-neighbor interpolation to avoid label boundary smoothing.

• Sample expansion: Each 3D case is transformed into multiple 2D slices with clear
anatomical semantics after preprocessing, expanding the training sample scale from
case-level to slice-level, effectively alleviating the sample scarcity problem faced by
deep learning models in medical imaging scenarios.

All quantitative metrics reported in this paper are calculated at the level of two-
dimensional slices. For each slice in the test set, the Dice similarity coefficient, intersection
over union, 95% Hausdorff distance, and average surface distance are calculated indepen-
dently; the final results are obtained as the arithmetic mean over all test slices. It should be
noted that since the dataset is split at the case level, all slices from a single patient are fully
assigned to either the training set or the test set. Therefore, averaging at the slice level does
not introduce cross-case information leakage, and the evaluation results accurately reflect
the model’s generalization performance on independent cases.

3.4.3. Prompting Protocol

All experiments use bounding box prompts as spatial guidance to simulate user-
provided input in interactive segmentation scenarios. For each foreground object, the
prompt is defined as the tightest axis-aligned bounding box enclosing the corresponding
ground-truth mask.

During training, random perturbations are applied to the bounding box coordinates
to simulate the variability of user annotations. Specifically, each bounding box is inde-
pendently shifted by 0–10 pixels with a 50% probability, enhancing robustness against
imperfect prompts.

During inference, bounding boxes are generated using the same strategy without per-
turbations, approximating ideal user-provided inputs. This protocol follows common prac-
tices in promptable segmentation and is consistently applied to all comparison methods.

3.4.4. Experimental Environment

During model training, the officially released pre-trained weights of MedSAM
V1(March 2024) are loaded for initialization. The prompt encoder and mask decoder
modules are retained and frozen, while the image encoder is redesigned as the proposed
state-enhanced encoder and trained on the target datasets. This setup constitutes a fine-
tuning procedure, where only the redesigned encoder parameters are updated, while the
prompt learning components remain fixed. This design choice serves two purposes: (1) it
isolates the contribution of the encoder redesign from the prompt learning capability of
MedSAM, ensuring that any observed performance improvement can be attributed to the
proposed encoder architecture; (2) it preserves the generalization ability inherited from
MedSAM, which is essential for fair comparison with baseline methods that also rely on
pre-trained weights.
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All experiments are conducted under the Linux Ubuntu 20.04 LTS operating system
with the following hardware configuration: NVIDIA GeForce RTX 3090 GPU (NVIDIA
Corporation, Santa Clara, CA, USA), Intel® Xeon® Gold 6226R CPU @ 2.90GHz (Intel
Corporation, Santa Clara, CA, USA), and 256 GB RAM. CUDA version 11.8 is used.

The model is implemented in PyTorch (version 2.1.0) and optimized using AdamW
with an initial learning rate of 1 × 10−4 and a weight decay of 0.01. A cosine annealing
scheduler is employed to gradually decrease the learning rate during training. The model
is trained for 300 epochs with a batch size of 4. Early stopping is applied based on the
validation Dice Similarity Coefficient (DSC) with a patience of 10 epochs, and the checkpoint
with the best validation performance is selected for final evaluation. The loss function is
defined as a combination of Dice loss and binary cross-entropy loss:

L = LDice + LBCE.

Automatic mixed precision (AMP) is used to accelerate training and reduce mem-
ory consumption.

To ensure reproducibility, all experiments are conducted with a fixed random seed
(2023). Each experiment is repeated three times with different random initializations, and
the reported results correspond to the mean performance across runs.

To ensure fair comparison, all experiments are conducted under the same hardware
and software environment. For baseline methods, results are either directly taken from the
original publications or reproduced under the same experimental settings when implemen-
tations are available. During inference, all test images are uniformly resized to 1024 × 1024
(or corresponding 3D patch sizes), with a batch size of 1 to avoid memory overflow and
ensure consistent evaluation across different models.

4. Results
This section presents the experimental evaluation of the proposed VMMedSAM-X

framework. The model was assessed on five publicly available medical image segmentation
datasets, including segTHOR (thoracic CT), MSD-Lung (lung tumor CT), KiTS23 (kidney
tumor CT), AMOS22 (abdominal CT/MRI), and ACDC (cardiac MRI). Details regarding
preprocessing, training protocols, and evaluation metrics are provided in Section 3.

4.1. Quantitative Evaluation on Multiple Datasets

To comprehensively assess segmentation performance, the proposed method was
compared with several representative convolutional, transformer-based, and foundation-
model-based approaches, including U-Net, VM-UNet, TransUNet, SwinUNet, MedSAM,
nnU-Net, UNETR, Swin-UNETR, and UX-Net. Performance was evaluated using Dice
similarity coefficient (DSC), intersection over union (IoU), 95% Hausdorff distance (HD95),
and average surface distance (ASD).

To assess the stability and reliability of the proposed method, all experiments for
VMMedSAM-X are repeated three times with different random initializations. The reported
results for our method in Tables 1–5 are therefore presented as means ± standard deviations.
For baseline methods, results are either cited from the original publications or reproduced
as single-run best values under the same experimental conditions. Detailed per-class
segmentation results for the multi-organ datasets (segTHOR, AMOS22, and ACDC) are
provided in the Appendix A.
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Table 1. Quantitative results on the segTHOR dataset.

Method DSC (%) IoU (%) HD95 (mm) ASD (mm)

U-Net 79.2 66.2 6.12 2.44
VM-UNet 86.1 75.9 4.85 1.91
TransUNet 80.7 67.6 5.78 2.18
SwinUNet 82.8 70.6 5.41 2.03
MedSAM 87.3 78.5 4.27 1.58
nnU-Net 88.9 80.1 4.02 1.47
UNETR 84.2 72.6 5.33 2.07
Swin-UNETR 89.6 81.2 3.94 1.41
UX-Net 90.1 82.1 3.88 1.39
Ours 90.8 ± 0.3 84.0 ± 0.4 3.87 ± 0.12 1.34 ± 0.06

Table 2. Quantitative results on the MSD-Lung dataset.

Method DSC (%) IoU (%) HD95 (mm) ASD (mm)

U-Net 74.2 61.2 7.92 3.71
VM-UNet 88.1 78.9 5.13 2.36
TransUNet 90.1 82.1 4.67 1.95
SwinUNet 89.2 80.6 4.98 2.01
MedSAM 92.5 87.2 4.52 2.82
nnU-Net 92.8 87.6 3.98 1.74
UNETR 87.4 77.7 5.91 2.65
Swin-UNETR 93.1 88.1 3.62 1.66
UX-Net 93.3 88.4 3.44 1.59
Ours 93.4 ± 0.4 88.5 ± 0.5 3.27 ± 0.15 1.64 ± 0.08

Table 3. Quantitative results on the KiTS23 dataset.

Method DSC (%) IoU (%) HD95 (mm) ASD (mm)

U-Net 88.6 79.7 8.02 3.46
VM-UNet 90.3 82.5 7.44 3.11
TransUNet 90.9 83.4 7.11 3.02
SwinUNet 91.5 84.3 6.83 2.92
MedSAM 92.4 86.7 8.37 3.52
nnU-Net 93.1 87.1 7.44 3.03
UNETR 90.4 82.6 8.33 3.61
Swin-UNETR 93.6 88.0 6.91 2.84
UX-Net 94.0 88.7 6.52 2.76
Ours 94.2 ± 0.3 89.5 ± 0.4 5.68 ± 0.20 2.83 ± 0.10

Table 4. Quantitative results on the AMOS22 dataset.

Method DSC (%) IoU (%) HD95 (mm) ASD (mm)

U-Net 84.8 73.5 6.02 2.41
VM-UNet 88.2 79.0 4.93 1.97
TransUNet 89.3 80.7 4.67 1.88
SwinUNet 90.9 83.5 4.12 1.69
MedSAM 86.9 77.8 5.50 1.86
nnU-Net 91.2 84.0 4.21 1.71
UNETR 88.4 79.4 5.83 2.03
Swin-UNETR 92.4 86.5 3.96 1.63
UX-Net 92.8 87.2 3.88 1.57
Ours 93.1 ± 0.4 87.5 ± 0.5 3.27 ± 0.15 1.38 ± 0.07
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Table 5. Quantitative results on the ACDC dataset.

Method DSC (%) IoU (%) HD95 (mm) ASD (mm)

U-Net 89.6 81.2 2.93 1.22
VM-UNet 88.5 79.5 4.33 1.49
TransUNet 91.2 83.9 2.21 0.91
SwinUNet 93.0 87.5 1.39 0.66
MedSAM 90.4 82.5 3.92 1.28
nnU-Net 92.8 86.9 1.52 0.71
UNETR 90.1 82.8 2.31 0.96
Swin-UNETR 93.9 88.4 1.36 0.63
UX-Net 93.3 87.7 1.41 0.69
Ours 95.7 ± 0.2 92.0 ± 0.3 1.18 ± 0.05 0.41 ± 0.03

4.1.1. segTHOR Thoracic Organ Segmentation

The segTHOR dataset contains small thoracic organs with ambiguous boundaries and
high anatomical variability, posing challenges for accurate segmentation. As shown in
Table 1, the proposed method achieved the highest DSC of 90.8% and IoU of 84.0%. In
addition, the method produced the lowest HD95 (3.87 mm) and ASD (1.34 mm), indicating
improved boundary localization compared with the competing approaches.

As shown in Figure 4, U-Net and TransUNet exhibit weak responses in small target
regions, with incomplete detection and noticeable boundary discontinuities. SwinUNet
improves overall localization but still shows boundary blurring and shrinkage in low-
contrast areas. Vision Mamba U-Net (VM-UNet) and MedSAM achieve relatively complete
coverage of target structures, yet under-segmentation remains observable in elongated or
low-contrast regions. In contrast, the proposed method consistently maintains complete
and continuous target contours across all test samples, with superior shape consistency
and boundary adherence to the ground truth. These qualitative observations align with
the quantitative results in Table 1, where the proposed method achieves the highest Dice
(90.8%) and lowest HD95 (3.87 mm).

Figure 4. Qualitative segmentation results on the segTHOR dataset. From left to right: input image,
ground truth, U-Net, TransUNet, SwinUNet, MedSAM, VM-UNet, and the proposed VMMedSAM-X.

4.1.2. MSD-Lung Lung Tumor Segmentation

The challenge of lung tumor segmentation in the MSD-Lung dataset stems from
irregular lesion shapes and heterogeneous intensities. The quantitative results in Table 2
demonstrate that the proposed framework achieved competitive performance, obtaining
the highest DSC (93.4%) and IoU (88.5%), as well as a reduced HD95 value of 3.27 mm.
These results suggest improved robustness in capturing fine tumor boundaries.

Figure 5 presents representative segmentation results. U-Net detects only partial tumor
regions with obvious shrinkage. SwinUNet and TransUNet produce relatively complete
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tumor coverage but exhibit over-smoothing or slight boundary shifts. MedSAM and VM-
UNet capture the main tumor structure but show subtle boundary offsets or incomplete
filling in some cases. The proposed method accurately delineates tumor boundaries with
consistent shape completeness, even in low-contrast or irregularly shaped regions. This is
consistent with the quantitative results in Table 2, where the proposed method achieves the
highest Dice (93.4%) and the lowest HD95 (3.27 mm).

Figure 5. Qualitative segmentation results on the MSD-Lung dataset. From left to right: input image,
ground truth, U-Net, TransUNet, SwinUNet, MedSAM, VM-UNet, and the proposed VMMedSAM-X.

4.1.3. KiTS23 Kidney Tumor Segmentation

The KiTS23 dataset includes cases with large inter-patient variability and complex
tumor morphology. As presented in Table 3, the proposed method achieved a DSC of 94.2%
and IoU of 89.5%, outperforming all compared methods. Notably, the HD95 was reduced
to 5.68 mm, indicating more stable boundary predictions on challenging structures.

Figure 6 visualizes the segmentation results. U-Net produces approximate localization
but suffers from shape distortion and rough boundaries. SwinUNet and TransUNet recover
the overall shape better but still exhibit over-smoothing or boundary expansion in complex
areas. MedSAM and VM-UNet maintain relatively consistent shape fidelity, though minor
boundary offsets or over-filling occur in some slices. The proposed method generates
segmentation masks that closely align with the ground truth, preserving fine structural
details while maintaining shape integrity. This is supported by the quantitative results
in Table 3, where the proposed method achieves the highest Dice (94.2%) and the lowest
HD95 (5.68 mm).

Figure 6. Qualitative segmentation results on the KiTS23 dataset. From left to right: input image,
ground truth, U-Net, TransUNet, SwinUNet, MedSAM, VM-UNet, and the proposed VMMedSAM-X.

4.1.4. AMOS22 Abdominal Multi-Organ Segmentation

The AMOS22 dataset involves multi-organ segmentation in abdominal CT and MRI,
where organs are often closely adjacent. Table 4 shows that the proposed model achieved
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a DSC of 93.1% and IoU of 87.5%, with lower HD95 and ASD values than the baseline
methods. This indicates that the proposed architecture is capable of handling complex
inter-organ boundaries.

Figure 7 shows representative segmentation results. U-Net detects target regions but
exhibits noticeable shrinkage and boundary deviation. SwinUNet and TransUNet improve
overall localization but still show boundary ambiguity in adjacent organ regions. MedSAM
and VM-UNet achieve relatively complete segmentation with good shape consistency,
though minor boundary expansion or detail loss can be observed in some slices. The
proposed method produces segmentation results that closely match the ground truth, with
accurate boundary delineation even in regions with close organ proximity. This is consistent
with the quantitative results in Table 4, where the proposed method achieves the highest
Dice (93.1%) and the lowest HD95 (3.27 mm).

Figure 7. Qualitative segmentation results on the AMOS22 dataset. From left to right: input image,
ground truth, U-Net, TransUNet, SwinUNet, MedSAM, VM-UNet, and the proposed VMMedSAM-X.

4.1.5. ACDC Cardiac MRI Segmentation

Cardiac MRI segmentation requires accurate delineation of highly deformable struc-
tures across cardiac phases. As shown in Table 5, the proposed approach achieved the
highest DSC (95.7%) and IoU (92.0%), while also obtaining the lowest HD95 (1.18 mm)
and ASD (0.41 mm). These results suggest that the model generalizes well to dynamic
anatomical structures.

Figure 8 presents segmentation results on the ACDC dataset. U-Net detects the approx-
imate cardiac region but exhibits boundary blurring, especially near the myocardium–blood
pool interface. SwinUNet and TransUNet achieve better overall shape recovery but still
show local boundary discontinuities. MedSAM and VM-UNet capture the main cardiac
structures with relatively stable boundaries, though minor boundary offset remains in
some slices. The proposed method generates segmentation masks with superior boundary
precision and shape consistency, closely matching the ground truth even in challenging
regions such as the right ventricular wall. This aligns with the quantitative results in
Table 5, where the proposed method achieves the highest Dice (95.7%) and the lowest
HD95 (1.18 mm).

4.2. Computational Complexity Analysis

In addition to segmentation accuracy, computational efficiency is an important consid-
eration for clinical deployment. Table 6 compares the proposed method with representative
models in terms of floating-point operations (FLOPs), number of parameters, and infer-
ence time. All complexity statistics are computed using the fvcore library with an input
resolution of 1024 × 1024 and a batch size of 1, which corresponds to the actual inference
setting used in our experiments. For encoder-based comparisons, FLOPs are measured on
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the encoder component only, excluding the prompt encoder and mask decoder, to isolate
the efficiency gain from the redesigned architecture.

Figure 8. Qualitative segmentation results on the ACDC dataset. From left to right: input image,
ground truth, U-Net, TransUNet, SwinUNet, MedSAM, VM-UNet, and the proposed VMMedSAM-X.

The proposed encoder requires 17.36 G FLOPs, which is substantially lower than the
ViT-based MedSAM encoder (369.44 G). Compared with VM-UNet (22.41 G), the proposed
model reduces FLOPs by approximately 22% while maintaining higher segmentation
accuracy. The total number of parameters of the proposed framework is 110.87 M, slightly
higher than VM-UNet but still lower than Swin-UNETR. Furthermore, the average inference
time on a single 1024 × 1024 image is 28.6 ms, which is 79.1% faster than MedSAM and
16.4% faster than VM-UNet, demonstrating improved computational efficiency suitable for
real-time clinical applications.

Table 6. Computational complexity comparison under 1024 × 1024 input resolution with batch size 1.
FLOPs are measured on the encoder component only.

Method FLOPs (G) Params (M) Inference Time (ms)

U-Net 28.54 31.04 18.6
TransUNet 124.67 105.32 52.3
SwinUNet 96.82 89.45 47.1
MedSAM (ViT-B) 369.44 89.67 136.8
VM-UNet 22.41 98.63 34.2
Swin-UNETR 218.53 112.36 78.5
Ours 17.36 110.87 28.6

4.3. Ablation Study

To investigate the contribution of each component in the proposed framework, ablation
experiments were conducted on the segTHOR dataset, as summarized in Table 7.

The baseline model achieved a DSC of 79.2%. By introducing the SS2D module, the
performance improved significantly to 86.8%, demonstrating the effectiveness of state space
modeling in capturing long-range spatial dependencies. Further incorporating the xLSTM
module led to additional improvement (88.9%), indicating that semantic memory enhances
feature representation. Finally, integrating the dual-path cross-attention module resulted in
the best performance of 90.8%.

Overall, each component contributes progressively to the final performance, and their
combination leads to the most effective representation.
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Table 7. Ablation study results on the segTHOR dataset.

Model SS2D xLSTM Cross-Attention DSC (%)

Baseline 79.2
#1 ✓ 86.8
#2 ✓ ✓ 88.9
VMMedSAM-X ✓ ✓ ✓ 90.8

4.4. Summary of Experimental Findings

Experimental evaluations on five datasets support three key conclusions regarding
the proposed VMMedSAM-X framework.

First, the dual-branch encoder design offers a favorable trade-off between segmenta-
tion accuracy and computational cost. Across all evaluated datasets—covering single-lesion
tasks and multi-organ scenarios, as well as CT and MRI modalities—VMMedSAM-X consis-
tently matches or exceeds the performance of competing baselines, while reducing encoder
FLOPs by over 95% compared to ViT-based MedSAM encoders. The ablation studies in
Table 7 confirm that this performance stems from the incremental contributions of the SS2D
pathway, the xLSTM branch, and the cross-attention mechanism.

Second, the complementary nature of the two encoder branches contributes to robust
performance across structures of varying size and morphology. The SS2D pathway effi-
ciently propagates spatial context, a property that benefits the delineation of elongated or
irregular structures, while the xLSTM branch preserves semantic continuity over extended
spatial ranges. The per-class results reported in the Appendix A support this observation:
the method performs reliably on large, well-defined organs and on smaller, more variable
structures where spatial ambiguity is often more pronounced.

Third, the consistency observed across datasets with different imaging characteristics
indicates that the state-enhanced encoder generalizes effectively across the evaluation
scope. The framework maintains stable performance on CT and MRI data as well as on
thoracic, abdominal, and cardiac anatomical structures, without requiring modality-specific
architectural adjustments.

Several limitations should be noted. The parameter count of VMMedSAM-X (110.87 M)
is slightly higher than that of some baselines; this suggests that efficiency gains are achieved
through reduced FLOPs and faster inference rather than through model compression.
Furthermore, the current framework operates on 2D slices and does not explicitly model
volumetric context. Extending the method to 3D data and further optimizing the parameter
budget remain important directions for future work.

5. Conclusions
In this study, we present VMMedSAM-X: an efficient medical image segmentation

framework incorporating structured state-space modelling into the MedSAM architecture.
The proposed design combines SS2D-based spatial propagation and xLSTM-based semantic
memory, integrating them via a dual-path cross-attention mechanism to enable effective
modelling of long-range dependencies and contextual consistency. Experimental results
on multiple public datasets demonstrate that the proposed method achieves competitive
segmentation performance while significantly reducing computational complexity. This
demonstrates its effectiveness for high-resolution medical image analysis with favorable
computational efficiency. Nevertheless, several limitations remain to be addressed. The
current study focuses on 2D slice-based segmentation and is primarily evaluated on CT and
MRI datasets. Generalization to volumetric data and other imaging modalities is left for
future exploration. Additionally, reliance on fully annotated datasets may limit applicability
in scenarios with scarce labels. Future work will investigate extensions to 3D architectures,
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semi-supervised learning strategies and further optimisation for efficient deployment, with
the aim of enhancing both scalability and practical applicability in clinical settings.
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Abbreviations
The following abbreviations are used in this manuscript:

ASD Average Surface Distance
CNN Convolutional Neural Network
CT Computed Tomography
DSC Dice Similarity Coefficient
HD95 95% Hausdorff Distance
IoU Intersection over Union
LSTM Long Short-Term Memory
MedSAM Medical Segment Anything Model
MRI Magnetic Resonance Imaging
MSD Medical Segmentation Decathlon
SAM Segment Anything Model
SS2D Two-Dimensional Selective Scanning
SSM State Space Model
U-Net U-shaped Convolutional Network
ViT Vision Transformer
VM-UNet Vision Mamba U-Net
xLSTM Extended Long Short-Term Memory

Appendix A. Per-Class Segmentation Results
To provide a more detailed evaluation of the proposed method, we report per-class

segmentation performance on the multi-organ datasets, including segTHOR, ACDC,
and AMOS22.

All values are reported as means ± standard deviations over three independent runs.
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All metrics are computed at the slice level. The per-class results are obtained by
grouping slices according to anatomical structures and averaging the corresponding
metric values.

Due to the different numbers of slices associated with each organ, the arithmetic mean
of the per-class results is not expected to be identical to the overall average computed
across all slices.

Table A1. Per-class segmentation results (mean ± standard deviation) of VMMedSAM-X on multi-
organ datasets.

Dataset Organ/Structure DSC (%) IoU (%) HD95 (mm) ASD (mm)

segTHOR

Heart 83.87 ± 7.59 72.89 ± 10.30 4.21 ± 1.52 1.78 ± 0.61
Aorta 95.32 ± 3.15 91.22 ± 5.51 2.48 ± 0.91 0.91 ± 0.33
Trachea 91.48 ± 4.30 84.57 ± 6.71 4.79 ± 1.68 1.63 ± 0.57
Esophagus 90.73 ± 4.52 84.25 ± 6.25 3.92 ± 1.41 1.28 ± 0.46

Average (slice-level, reported in Table 1) 90.8 ± 0.3 84.0 ± 0.4 3.87 ± 0.12 1.34 ± 0.06

ACDC

Left Ventricle (LV) 96.8 ± 1.5 93.8 ± 2.2 0.97 ± 0.35 0.32 ± 0.11
Right Ventricle (RV) 93.5 ± 2.0 87.8 ± 3.1 1.42 ± 0.51 0.51 ± 0.18
Myocardium (MYO) 96.2 ± 1.8 92.7 ± 2.8 1.15 ± 0.41 0.40 ± 0.14

Average (slice-level, reported in Table 4) 95.7 ± 0.2 92.0 ± 0.3 1.18 ± 0.05 0.41 ± 0.03

AMOS22

Spleen 93.91 ± 6.21 89.04 ± 9.03 2.45 ± 0.88 0.82 ± 0.29
Right Kidney 94.12 ± 4.11 89.14 ± 6.55 2.78 ± 1.02 0.95 ± 0.34
Left Kidney 94.25 ± 3.25 89.30 ± 5.53 2.82 ± 0.99 0.98 ± 0.33
Gallbladder 87.49 ± 8.11 77.57 ± 11.43 6.12 ± 2.21 2.15 ± 0.78
Esophagus 82.16 ± 10.06 70.81 ± 12.88 7.45 ± 2.63 2.72 ± 0.98
Liver 94.09 ± 5.08 89.21 ± 7.86 2.53 ± 0.91 0.88 ± 0.31
Stomach 89.22 ± 8.42 81.43 ± 11.94 4.72 ± 1.68 1.62 ± 0.58
Aorta 93.37 ± 4.64 87.88 ± 7.22 2.61 ± 0.94 0.91 ± 0.32
Inferior Vena Cava 87.30 ± 8.59 76.38 ± 12.21 3.48 ± 1.25 1.22 ± 0.44
Pancreas 80.60 ± 11.22 68.79 ± 13.84 7.18 ± 2.58 2.56 ± 0.92
Right Adrenal Gland 71.38 ± 14.68 57.35 ± 16.38 9.45 ± 3.40 3.38 ± 1.22
Left Adrenal Gland 77.20 ± 8.90 62.90 ± 11.20 8.92 ± 3.21 3.18 ± 1.15
Duodenum 79.03 ± 12.03 66.78 ± 14.84 8.78 ± 3.16 3.10 ± 1.12
Bladder 90.32 ± 8.88 83.33 ± 12.36 3.25 ± 1.17 1.14 ± 0.41
Prostate/Uterus 90.88 ± 5.98 83.79 ± 9.24 3.08 ± 1.11 1.08 ± 0.39

Average (slice-level, reported in Table 4) 93.1 ± 0.4 87.5 ± 0.5 3.27 ± 0.15 1.38 ± 0.07
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