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Abstract. Accurate white matter (WM) lesion segmentation is essential
for diagnosing and monitoring neurological disorders such as white mat-
ter hyperintensities and multiple sclerosis. However, this task remains
highly challenging owing to the small and spatially scattered nature of
lesions and their low contrast with surrounding tissues. Recently, the Seg-
ment Anything Model (SAM) and its medical variants, often augmented
with CNNs or Mamba, have shown promising potential for medical image
segmentation, yet they struggle to reliably capture subtle lesion patterns
and indistinct boundaries that demand fine-grained regional discrimina-
tion. In this work, we propose a novel Hierarchical Region-Aware Multi-
Granularity Mamba (HiRAM) incorporated into the SAM decoder. Hi-
RAM explicitly decomposes the features into region-specific represen-
tations (i.e., interior, boundary, and background regions) and performs
confidence-driven, non-causal state-space propagation. By incorporating
region-aware modeling that prioritizes semantically reliable features and
hierarchically integrates multi-granularity learning, our method enhances
boundary sensitivity and fine-grained lesion delineation while preserv-
ing global contextual consistency. Comprehensive evaluations across two
public challenge datasets reveal that HiRAM outperforms state-of-the-
art methods, achieving unmatched segmentation accuracy and robust-
ness. Code is available at https://github.com/deepnoid-ai/HiRAM.
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1 Introduction

White matter (WM) lesion segmentation, including white matter hyperintensi-
ties (WMH) and multiple sclerosis (MS), plays a crucial role in the assessment
of various neurological disorders [2, 4]. These lesions typically appear as small,
spatially scattered hyperintense regions on FLAIR MRI, often exhibiting hetero-
geneous morphology and indistinct boundaries. Advances in deep learning, par-
ticularly convolutional neural networks (CNNs) and Vision Transformers (ViTs),
have led to significant progress in WMH [8,28,31] and MS [24,25,34] segmenta-
tion. However, such data-driven approaches depend on large-scale, high-quality
annotations, which are labor-intensive and time-consuming to acquire.
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Segment Anything Model (SAM) [15], pre-trained on extensive datasets, has
recently demonstrated impressive generalization capability across diverse tasks
and domains [1,21,37]. As a prominent foundation model for segmentation, SAM
has attracted growing attention in the medical imaging community, with several
studies exploring its applicability to various medical images [21, 23]. However,
existing evaluations consistently report inferior performance of SAM in medical
domains compared with natural scenes, particularly when segmenting targets
characterized by low contrast, faint edges, and diffused lesions [9]. These limita-
tions are largely attributable to the loss of fine-grained local information owing
to SAM’s large token size [11]. To this end, recent SAM-variants [18,19,27] inte-
grate CNN-based subnetworks and employ self- or cross-attention for their fea-
ture fusion. Although these strategies enhance local awareness, attention-based
fusion primarily aggregates global features rather than performing contextual
propagation, limiting its ability to model subtle and spatially distributed tar-
gets. Besides, the quadratic computational complexity of attention, particularly
when applied across multi-scale features, imposes substantial overhead on MRI.

Mamba [5], built upon state-space models (SSMs) [14], has emerged as an
efficient alternative for modeling long-range dependencies. By leveraging struc-
tured state propagation, Mamba enables effective sequence modeling with linear
complexity and reduced memory usage, often outperforming attention-based ar-
chitectures and ViT [22,32,33]. Due to such favorable properties, SAM equipped
with Mamba has been explored for medical image segmentation [3,17,26,30,36].
However, most existing SAM-Mamba methods adopt a causal state-space formu-
lation, where 2D (or 3D) images are flattened into 1D token sequences according
to predefined scanning rules. Under this paradigm, each token interacts only
with previously scanned tokens via a compressed hidden state, creating an infor-
mation flow that is inherently misaligned with the non-causal spatial structure of
medical images. As a consequence, pixels cannot fully exploit spatially diffused
contextual cues, resulting in underutilization of lesion-related information. More-
over, causal state propagation is prone to long-range interaction decay, whereby
distant yet clinically relevant regions exert progressively weaker influence on the
current state. This limits effective modeling of spatially separated but semanti-
cally correlated lesion patterns, commonly observed in WMH and MS.

In this work, we propose a novel Hierarchical Region-Aware Multi-Granularity
Mamba (HiRAM) and integrate it into a SAM-CNN hybrid framework to en-
hance the WM lesion segmentation (see Fig. 1). Compared to Mamba-equipped
SAM variants, HiRAM decomposes SAM and CNN features into region-specific
representations corresponding to interior, boundary, and background regions,
and performs confidence-driven, non-causal modeling to enable hierarchical fea-
ture modulation. To be specific, it comprises two key components: (1) a region-
tailored prior generator that constructs semantically coherent region-wise priors,
and (2) a multi-granularity Mamba that performs region-specific SSM condi-
tioned on these priors and then conducts holistic propagation to enforce global
context. By modeling region-level semantics and prioritizing high-confident in-
formation, this design enhances fine-grained discrimination, particularly for low-
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Fig. 1: Overall flowchart of the proposed framework with HiRAM.

contrast and diffuse lesions. Extensive experiments show that our method con-
sistently outperforms ten competitive baselines on two public challenge datasets.

2 Methodology

As shown in Fig. 1(a), our proposed framework derives two complementary rep-
resentations and refines them within a unified decoder using Region-Awareness
Enhancement (RAE) blocks for WM lesion segmentation. Given an input im-
age I ∈ RH×W×3, a CNN encoder–decoder (Ec,Dc) extracts multi-scale features
{Fk

c}Kk=1 = Ec(I) from K encoder stages and yields a coarse segmentation mask
Y′

c = Dc(F
1
c , ...,F

K
c ). In parallel, the SAM encoder Es generates a global seman-

tic features Fs = Es(I) ∈ RHs×Ws×C . To align these two representations, all CNN
features are resized into Hs × Ws, concatenated (∥), and fused via a learnable
projection ϕc as F′

c := ϕc(∥Kk=1 Resize(F
k
c )). Meanwhile, the mask Y′

c is down-
scaled via ϕs and merged into the SAM feature space through addition with Fs
as F′

s := ϕs(Y
′
c) + Fs. Both ϕc and ϕs are implemented as convolutional blocks

with LayerNorm and GELU activation. Subsequently, the decoder takes F′
c and

F′
s together with a learnable token t and processes them using two stacked RAE

blocks. The final segmentation mask Y′ is obtained via a lightweight integration
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head as
Y′ = F̂c ⊗MLP(t̂)[: C ′/2] + F̂s ⊗MLP(t̂)[C ′/2 :], (1)

where F̂c, F̂s, and t̂ denote the outputs of two stacked RAE blocks, ⊗ represents
matrix multiplication, and C ′ denotes the embedding dimension.

2.1 Mask Decoder with RAE Blocks

Our decoder follows the original SAM decoder paradigm [15], in which a learn-
able token iteratively interacts with image features via self-attention (SA) and
cross-attention (CA). However, this mechanism lacks explicit region-aware mod-
eling and treats spatial features uniformly. To alleviate this issue, we design the
RAE block, which retains the SAM token–feature interaction while incorporating
HiRAM for flexible and hierarchical region-tailored propagation.

Within the RAE block in Fig. 1(a), the token and branch-specific features are
updated bidirectionally. The learnable token t is first refined via the SA layer,
producing an updated token t̄. It is then split channel-wise into two branch
tokens, t̄c and t̄s, corresponding to the CNN and SAM branches, respectively.
For each branch b ∈ {c, s}, the branch token t̄b interacts with its corresponding
input branch features F′

b via CA layer, where t̄b serves as the query and F′
b

offers keys and values. The resulting tokens are subsequently refined by an MLP:
t̂b = MLP (CA(t̄b,F

′
b)). The branch features F′

b are further attended by another
CA layer, where F′

b acts as the query and the refined t̂b provides keys and values.
The resulting features are then processed by a transpose convolution (UpConv):
F̄b = UpConv

(
CA(F′

b, t̂b)
)
. The refined branch features F̄b ∈ {F̄c, F̄s} are fed

into HiRAM, and their outputs are finally projected through linear layers and
integrated with residual additions to yield output features. In parallel, the RAE
block’s output token is derived by concatenating the refined tokens t̂c and t̂s.

2.2 Hierarchical Region-Aware Multi-Granularity Mamba

Unlike conventional Mamba approaches that apply a predefined causal sequence
over the entire set of features, the proposed HiRAM reorganizes features into
region-specific sequences and performs confidence-driven, non-causal propaga-
tion. By prioritizing high-certainty features rather than relying solely on spatial
adjacency, this confidence-aware sequencing establishes more semantically reli-
able states while preserving structured state evolution, thereby improving ro-
bustness. In Fig. 1(b), HiRAM symmetrically operates on F̄c, F̄s, and consists
of two core components: a region-tailored prior generator (RPG) and multi-
granularity Mamba (MUG). For brevity, we denote F̄b∈{c,s} as F̄ hereafter.

RPG. In Fig. 1(d), the RPG aims to decompose the input features into in-
terior (in), boundary (bd), and background (bg) regions and generate region-
tailored priors that capture semantically coherent region groups to guide a sub-
sequent MUG module. For each region r ∈ {in,bd,bg}, we construct a prior bank
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br ∈ R1×n. Instead of learning each prior independently, we adopt a semantic
decoupling strategy to improve interpretability and parameter efficiency:

br = e⊗Er, e ∈ R1×m, Er ∈ Rm×n. (2)

Here, e is a region-shared embedding that establishes a common latent seman-
tic basis, while Er offers region-specific transformation coefficients. This ensures
that all regions reside in a unified semantic space while allowing region-aware
specialization. We next decompose the input F̄ through a linear projection fol-
lowed by the LogSoftmax to obtain a log-probability Mr ∈ RH′×W ′

. To enable
differentiable region assignment, we apply the Gumbel-Softmax [13] along the
region dimension of Mr, yielding a one-hot routing map M̄r. For each region r,
we flatten the Mr and identify the set of pixel indices assigned to that region:

Sr = {i ∈ {1, . . . , N} | m̄r,i = 1}, m̄r,i ∈ {0, 1}, (3)

where N = H ′W ′ and m̄r = vec(M̄r). Using this index set Sr, we retrieve the
corresponding log-probability values from the flattened map mr = vec(Mr) to
construct the region-specific confidence sequence as cr = {mr,i | i ∈ Sr}. This
cr is then sorted in descending order. We define a permutation as

πr : {1, . . . , |Sr|} → Sr, s.t. mr,πr(1) ≥ mr,πr(2) ≥ · · · ≥ mr,πr(|Sr|). (4)

Accordingly, the ordered cr is represented as c↓r =
[
mr,πr(1), . . . ,mr,πr(|Sr|)

]
,

and the c↓r is combined with the prior bank br defined in Eq. (2) through matrix
multiplication (⊗) to produce the final region-tailored priors:

Pr := c↓r ⊗ br. (5)

MUG. In Fig. 1(c), our MUG first flattens the input features as f̄ = vec(F̄),
and partitions it into region-specific subsets according to πr from Eq. (4). This
ordering ensures that high-certainty features are processed earlier in the state-
space propagation. As SSMs accumulate information recurrently over time steps,
prioritizing reliable patterns stabilizes early hidden states. For multi-granularity
propagation, each ordered regional sequence f̄↓r is then fed into a region-adaptive
SSM (RA-SSM) after 1D convolution. We briefly recall that a discretized SSM [5,
20] evolves as ht = Āht−1 + B̄xt, yt = Cht + Dxt, where xt, ht, and yt are
the input, hidden state, and output at time step t, respectively. Here, Ā =
exp(∆A) and B̄ = ∆B arise from discretization, while C and D correspond
to the output matrix and residual connection. Building on this formulation, the
RA-SSM adequately injects the Pr from Eq. (5) into the output projection:

ht = Āht−1 + B̄xt, yt = (C+ Pr)ht +Dxt. (6)

Inspired by [7, 35], the Pr functions as a region-conditioned readout bias that
adaptively modulates the contribution of latent states according to semantic
region-aware priors without altering the underlying state transition dynamics.
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Table 1: Quantitative results (%) on the MWSC and MSLesSeg. Best results are
boldfaced, while the best results among comparative methods are underlined.

Methods Venues
MWSC MSLesSeg

DSC↑ AVD↓ TPR↑ PPV↑ DSC↑ AVD↓ TPR↑ PPV↑

nnUNet Nat.Methods’21 74.9±6.5 23.3±15.2 70.0±8.6 80.3±5.2 68.7±5.7 30.1±16.7 69.3±6.2 70.7±8.2
SwinUNETR CVPR’22 69.7±5.7 26.6±14.0 69.5±9.8 72.3±5.2 67.5±5.9 29.4±16.5 68.8±6.3 69.5±8.7

SAM ICCV’23 35.8±9.2 68.5±16.8 35.5±6.3 53.8±5.3 27.6±5.7 69.8±16.1 49.3±6.2 49.1±8.7
MedSAM Nat.Commun’24 56.9±7.1 57.1±15.6 39.7±6.7 65.7±4.6 45.1±9.6 42.4±11.4 50.7±7.2 54.6±8.9
SAMUS MICCAI’24 74.0±5.9 18.9±12.4 75.5±7.0 74.6±6.5 63.8±7.1 33.2±17.9 63.4±7.8 68.7±9.0
SAMCT IEEE TMI’25 75.8±5.7 21.5±14.3 79.6±6.7 74.4±6.5 66.5±7.2 25.3±13.2 66.0±7.8 70.3±8.3

TP-Mamba MICCAI’24 74.6±5.9 20.6±13.9 74.8±7.8 77.4±6.0 66.9±5.3 26.0±9.7 67.3±6.6 69.6±8.4
MaGuP MICCAI’25 72.0±6.8 21.8±12.9 71.9±8.7 75.6±5.6 63.8±7.3 29.9±11.0 63.1±7.8 67.6±9.6

WMH-seg NeuroImage’25 77.0±5.6 18.1±14.2 81.8±6.9 76.1±5.8 65.4±6.9 34.4±19.2 65.4±7.1 69.5±9.3
Deep-MS ICCVW’25 75.1±5.9 20.8±13.5 79.2±7.4 73.3±6.1 70.2±5.0 25.8±16.3 72.5±6.2 70.4±7.6

OursSAM This Paper 82.1±4.5 13.1±6.8 82.5±6.3 82.5±4.4 73.5±2.4 16.5±6.3 75.3±6.7 73.1±4.2
OursMedSAM This Paper 82.7±2.1 13.8±7.5 87.0±4.3 80.9±4.2 72.1±4.9 19.1±7.9 72.8±3.5 71.1±5.0

After RA-SSM propagation, the enhanced regional sequences are remapped
to their original flattened positions using the inverse permutation π−1

r , and re-
composed into a unified feature map aligned with the dimension of F̄b. To further
enforce spatial coherence, the recomposed feature map is processed by SS2D [20],
which performs holistic SSM over the full spatial domain. Following the MUG,
the resulting features from each branch are finally modulated by the cross-branch
embeddings Zc and Zs (see Fig. 1(b)), enabling adaptive feature interaction.

Loss Functions. For segmentation supervision, we adopt the combination of
dice (Dice) and binary cross-entropy (BCE) losses for both the final prediction Y′

and CNN backbone prediction Y′
c. To further promote structured region-aware

representation learning, we introduce an auxiliary region-decomposition loss.
For the l-th RPG and each branch b, the log-probability Ml

b,r is optimized by a
region-separated mask Yr, which is derived from ground-truth (GT) Y via region
parcellation. As the spatial resolution of Yr does not necessarily match that of
Ml

b,r, we resize Yr to (Hl,Wl) using an interpolation function g(·, l). We then
compute the KL divergence between g(Yr, l) and Ml

b,r. To emphasize foreground
structural learning, the loss is evaluated only over interior and boundary regions:

Ldec =
∑
l

∑
b

∑
r∈{in,bd}

1

|Ωl
r|

∑
i∈Ωl

r

KL
(
g(Yr(i), l)||Ml

b,r(i)
)
, (7)

where Ωl
r is the set of spatial positions belonging to region r at layer l. The overall

training objective is defined as: L = LDiceBCE(Y′,Y)+LDiceBCE(Y′
c,Y)+Ldec.

3 Experiments and Results

3.1 Experimental Settings

Datasets and Evaluation Metrics. We assess the performance of all methods
on WMH and MS segmentation. For WMH segmentation, we use the 2017 MIC-
CAI WMH Segmentation Challenge (MWSC) dataset [16]. The dataset consists
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Fig. 2: Qualitative comparison on the MWSC and MSLesSeg datasets.

Fig. 3: Analysis of (a) computational cost and (b) module-wise output quality.

of 170 subjects, with 60 for training and 110 for testing. MS segmentation is eval-
uated on the publicly available MSLesSeg [6] dataset, which comprises 115 MRI
scans acquired from 75 patients. The dataset is divided into 93 for training and
22 for testing. Among the multiple modalities in both datasets, we utilize only
the FLAIR modality for both tasks. For quantitative evaluation, we employ the
Dice Similarity Coefficient (DSC) and the Absolute Volume Difference (AVD),
while voxel-wise True Positive Rate (TPR) and Positive Predictive Value (PPV)
are additionally reported to measure voxel-level classification accuracy.

Baselines and Implementation Details. We compare our method against 10
state-of-the-art (SOTA) approaches: nnUNet [12], SwinUNETR [29], SAM [15],
MedSAM [21], SAMUS [19], SAMCT [18], TP-Mamba [30], MaGuP [3], WMH-
seg [8], and Deep-MS [24]. All experiments were implemented in PyTorch and
executed on a single NVIDIA Quadro RTX 8000 GPU with 48GB of memory.
Our model is trained for 100 epochs using the Adam optimizer with an initial
learning rate of 1 × 10−4 and a batch size of 4. We adopt nnUNet as the CNN
backbone, and data preprocessing follows its self-configuration pipeline [12]. The
LoRA [10] is applied to efficiently fine-tune the SAM encoder Es based on ViT-
B, initialized with pretrained weights from SAM (using default settings unless
otherwise specified) or MedSAM. The channel dimension C ′ in Eq. (1) is 64, and
the embedding dimensions m and n in Eq. (2) are set to 64 and 16, respectively.
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Fig. 4: Comparison for
Y′ and Y′

c DSC scores.

Table 2: Ablation results on key components.

Cases HiRAM RA-SSM Ldec πr Pr
MWSC MSLesSeg

DSC↑ AVD↓ DSC↑ AVD↓

1 - - - - - 69.9 28.9 66.4 30.5
2 ✓ - - - - 70.2 26.4 66.3 31.4
3 ✓ ✓ - - - 74.6 20.1 68.5 27.9
4 ✓ ✓ ✓ - - 77.5 16.3 70.2 20.3
5 ✓ ✓ ✓ ✓ - 79.0 15.8 71.8 18.8
6 ✓ ✓ ✓ - ✓ 80.4 15.2 72.1 18.6

Ours ✓ ✓ ✓ ✓ ✓ 82.1 13.1 73.5 16.5

3.2 Quantitative and Qualitative Evaluations

As reported in Table 1, our method (i.e., OursSAM/MedSAM) outperforms all
SOTA models on both datasets. In particular, we observe a clear improvement
in DSC (approximately +4% over the best competing methods) and a notable
reduction in AVD, suggesting more accurate lesion delineation and volume es-
timation. The qualitative results in Fig. 2 further support these findings. The
SAM-CNN (SAMUS, SAMCT) and SAM-Mamba (TP-Mamba, MaGuP) meth-
ods tend to predict fragmented masks or mis-segmentation, where precise delin-
eation is difficult. In contrast, our method produces more coherent, structurally
sophisticated segmentation masks even with diluted or indistinct WM lesions.

Meanwhile, we investigate the computational complexity along with DSC
scores to baselines on MWSC (see Fig. 3(a)). Notably, compared to models of
similar size (e.g., SAMCT and TP-Mamba), our method achieves the best perfor-
mance while using FLOPs more efficiently. These indicate that HiRAM improves
representation quality without introducing excessive computational overhead.

Impact of HiRAM. In Fig. 3(b), we analyze the effect of HiRAM and the
quality for region-wise decomposition. We observe that Min and Mbd are elabo-
rately parcellated, with boundary responses concentrated around lesion contours.
A comparison between Y′ and Y′

c further verifies the benefit of incorporating Hi-
RAM, as Y′ exhibits improved lesion completeness and more accurate boundary
delineation. This qualitative gain is also corroborated in Fig. 4, where HiRAM
promotes the average DSC by +4.7% over Y′

c, highlighting its effectiveness.

Ablation Study. Table 2 summarizes the contribution of each key component
in our framework. The baseline without HiRAM (Case 1) exhibits relatively
limited performance. Simply introducing SS2D (Case 2) yields only a marginal
increase, suggesting that global SSM alone suffers from accurate lesion segmen-
tation. Inclusion of RA-SSM with region decomposition (Case 3) improves sub-
stantially, with DSC increasing by ≈2–4% and AVD decreasing by ≈2–8% com-
pared to Case 1. Further incorporating Ldec (Case 4) leads to additional gains
thanks to enhanced region discrimination and boundary refinement. Employing
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confidence-based permutation πr (Case 5) or region-tailored priors Pr (Case 6)
boosts the average DSC by +1.6% and +2.4%, respectively, compared to Case
4. Finally, the full model achieves the best performance, confirming that each
design choice contributes complementary benefits to segmentation accuracy.

4 Conclusion

In summary, HiRAM introduces a hierarchical region-aware framework for WM
lesion segmentation, combining region-tailored prior injection with multi-granularity
propagation. Through confidence-driven region decomposition and adaptive SSM,
our method effectively captures scattered and low-contrast lesions with indistinct
boundaries. Extensive evaluations verify the effectiveness of our approach, co-
herently achieving SOTA performance, thereby establishing new benchmarks.
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