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Abstract

We introduce a novel uncertainty-aware multimodal seg-
mentation framework that leverages both radiological im-
ages and associated clinical text for precise medical diag-
nosis. We propose a Modality Decoding Attention Block
(MoDAB) with a lightweight State Space Mixer (SSMix)
to enable efficient cross-modal fusion and long-range de-
pendency modelling. To guide learning under ambigu-
ity, we propose the Spectral-Entropic Uncertainty (SEU)
Loss, which jointly captures spatial overlap, spectral con-
sistency, and predictive uncertainty in a unified objec-
tive. In complex clinical circumstances with poor image
quality, this formulation improves model reliability. Ex-
tensive experiments on various publicly available medical
datasets, QATA-COVID19, MosMed++, and Kvasir-SEG,
demonstrate that our method achieves superior segmenta-
tion performance while being significantly more computa-
tionally efficient than existing State-of-the-Art (SoTA) ap-
proaches. Our results highlight the importance of incorpo-
rating uncertainty modelling and structured modality align-
ment in vision-language medical segmentation tasks. Code:
https://github.com/arya-domain/UA-VLS

1. Introduction

Medical image segmentation is a foundational task in
computer-aided diagnosis, surgical planning, and clinical
research [1, 2]. Deep learning has enabled automated im-
age segmentation for assessing disease severity and guid-
ing treatment. However, various unimodal methods depend
heavily on extensive labelled data, which is often limited
in clinical settings [3, 4]. To overcome this, recent studies
have explored multimodal segmentation by integrating im-
age data with textual reports. Leveraging natural language
as auxiliary supervision offers rich contextual cues, enhanc-

*Equal Contribution

ing segmentation performance, especially when visual qual-
ity is poor or annotations are sparse.

Vision-language segmentation (VLS) aims to utilize nat-
ural language inputs, such as radiology reports or anatom-
ical queries, to guide the segmentation process [5]. This
multimodal paradigm offers several advantages: it miti-
gates the semantic disconnect between low-level visual cues
and high-level clinical concepts, reduces the need for task-
specific supervision, and enables more intuitive medical
workflows [2, 6, 7].

Despite progress in VLS, most existing methods neglect
the role of uncertainty modelling during training, which is
critical in clinical applications where predictions must be
both accurate and reliable. Uncertainty-aware guidance can
help models focus on ambiguous regions and reduce over-
confident errors, especially when dealing with noisy data.
However, uncertainty has largely been explored in unimodal
medical segmentation, with minimal adoption in multi-
modal vision-language frameworks. Furthermore, effec-
tive alignment between visual features and language cues
remains challenging, often limiting the benefits of cross-
modal learning with limited parameters in a model. To
address these issues, we incorporate an uncertainty-aware
optimization and propose a state-space-based modality [8]
integration strategy. This allows for efficient global de-
pendency modelling while keeping the computational cost
significantly lower than conventional transformer-based de-
signs. Our contributions can be summarized as follows:
• We propose Modality Decoding Attention Block

(MoDAB) and State Space Mixer (SSMix) to en-
able structured multimodal fusion with long-range
dependency modeling for medical vision-language tasks.

• We also introduce Spectral-Entropic Uncertainty (SEU)
Loss, a unified objective that integrates spatial, spectral,
and uncertainty guidance into a single optimization.

• Our computationally efficient model outperforms the
recent State-of-The-Art (SoTA) methods on multiple
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benchmarks.

2. Related Work
Unimodal Segmentation Models: Early deep learning-
based medical image segmentation models were largely
built on fully convolutional networks, with U-Net [1] being
the most influential. Enhanced variants like UNet++ [3],
Attention U-Net [2], and nnUNet [9] improved feature fu-
sion via skip connections, dense pathways, and attention
mechanisms. To capture global context, hybrid models
emerged: TransUNet [10] combined CNNs with Vision
Transformers (ViTs), and Swin-UNet [4] adopted hierarchi-
cal Swin Transformer blocks for multi-resolution process-
ing. UCTransNet [11] further improved semantic under-
standing by integrating cross-fusion transformers and multi-
head attention in skip connections. Sequence modelling ap-
proaches like U-Mamba [12] and Swin-UMamba [13] in-
troduced Mamba-based modules into the U-Net, enabling
long-range spatial dependency modelling through recurrent
dynamics as an alternative to attention mechanisms.

State Space Models: State Space Models (SSMs) have
emerged as promising alternatives to transformer-based ar-
chitectures for long-sequence modeling due to their linear
time complexity and memory efficiency. Gu et al. [14]
proposed S4, a structured state-space sequence model ca-
pable of capturing long-range dependencies while remain-
ing computationally efficient. Subsequent advancements,
including Hyena [15] and FlashAttention-2 [16], further
demonstrated the effectiveness of structured memory mech-
anisms in sequence learning. Recently, Mamba [8] intro-
duced selective state-space updates, enabling linear-time in-
ference and training for long-range tasks with minimal com-
pute overhead. While SSMs have shown strong results in
language and vision domains, their application in multi-
modal and medical segmentation tasks remains limited.

Vision-Language Segmentation Models: VLS has
emerged as a transformative paradigm, enabling models to
integrate clinical semantics with spatial reasoning for more
interpretable and context-aware predictions. Foundational
works like ConVIRT [17], GLoRIA [18], CLIP [5], and
BiomedCLIP [19] leveraged contrastive learning on paired
medical images and textual reports, producing powerful
joint embeddings that served as a backbone for a variety
of downstream tasks. These models primarily focused on
aligning vision and language representations at a global or
hierarchical level, which laid the groundwork for segmen-
tation models that could benefit from such multimodal un-
derstanding. Building upon these pretrained foundations,
transformer-based models such as ViLT [6], LAVT [20],
and LViT-T [21] introduced mechanisms to directly inject
textual information into the visual encoding pipeline us-
ing cross-modal attention, enabling dense prediction mod-
els to utilize linguistic prompts describing lesions, anatom-

ical regions, or disease types. CMIRNet [22] advanced this
paradigm by introducing sophisticated cross-modal interac-
tive reasoning mechanisms specifically designed for refer-
ring image segmentation in medical contexts. Meanwhile,
architectures like Ariadne [7] and SLViT [23] leveraged
report-based supervision and multimodal attention to bridge
the semantic gap in segmentation settings, using text as sur-
rogate annotations to improve spatial localization.

More recent and specialized frameworks introduced
tighter coupling between the two modalities; for example,
TMCA [24] incorporated contrastive objectives at multi-
ple levels of the network to improve feature alignment and
semantic understanding across both modalities. Similarly,
RecLMIS [25] employed a training paradigm where each
modality helped reconstruct the other, encouraging shared
latent understanding of anatomical and contextual features.
MulModSeg [26] addressed the challenging problem of un-
paired multi-modal medical image segmentation by intro-
ducing modality-conditioned text embedding and alternat-
ing training strategies. Likewise, DMMI [27] introduced
dual-memory structures to separately capture and interact
with visual and textual cues, reinforcing consistency and
context awareness. Structured learning approaches such
as RefSegformer [28] and TGANet [29] incorporated ex-
ternal references and graph-based language guidance, us-
ing textual anchors or graph attention mechanisms to dis-
ambiguate complex visual regions. Models like LGA [30]
and TMC [31] pushed the limits of token-level and hierar-
chical language conditioning, embedding semantic mean-
ing directly into the encoding and decoding stages of seg-
mentation. Anatomical Structure-Guided Medical Vision-
Language Pre-training represents a significant advancement
in foundation model development by incorporating explicit
anatomical structure awareness into the pre-training pro-
cess. Finally, scalable models such as MAdapter [32] pro-
posed language-guided adapters that could be inserted into
vision transformers, enabling efficient multimodal learning
without retraining the entire backbone.

Uncertainty in Medical Segmentation: Uncertainty
estimation has emerged as a critical component in medi-
cal image segmentation, particularly for enhancing model
reliability in high-stakes clinical environments. Zeevi et
al. [33] introduced Monte-Carlo Frequency Dropout (MC-
FD), a technique that extends traditional MC-Dropout to
the frequency domain. Their method demonstrated im-
proved calibration and delineation of boundaries across di-
verse modalities, including MRI and CT. Similarly, Antico
et al. [34] performed a comprehensive evaluation of uncer-
tainty quantification techniques across multiple algorithms
and datasets, concluding that pixel-wise uncertainty estima-
tion, especially using MC-Dropout, significantly improves
the robustness and interpretability of segmentation mod-
els. Entropy is one of the most interpretable and compu-
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tationally efficient measures of uncertainty. Sedai et al. [35]
utilized pixel-wise entropy maps to estimate aleatoric un-
certainty in retinal vessel segmentation. Similarly, Roy et
al. [36] demonstrated the use of entropy from softmax out-
puts to capture both model and data uncertainty. These
works highlight how entropy-based uncertainty can im-
prove the interpretability of predictions and flag ambiguous
regions, which is essential for downstream tasks.

3. Methodology
3.1. Modalities Encoding
We utilize two pre-trained models to encode the input
modalities: ConvNeXt-Tiny [37] as the visual encoder and
BioViL CXR-BERT [38] as the text encoder. The visual en-
coder, denoted as VE , extracts hierarchical features from
four stages, capturing both fine-grained and abstract se-
mantic information. Given a batch of chest X-ray images
I ∈ RB×3×H×W where B is the batch size, H is height and
W is the width, the visual encoder outputs a set of multi-
scale feature maps:

I ′
i = VE (I ) (1)

where I ′
i ∈RB×Ci×Hi×Wi denotes the feature map extracted

at stage i ∈ {1,2,3,4}. These features are spatially aligned
and serve as inputs to subsequent modality decoding atten-
tion blocks.

For the textual input, we utilize a frozen text encoder,
denoted as TE , to extract contextualized token embed-
dings. Let the input token sequence be represented as
T = [t1, t2, . . . , tN ], where N denotes the sequence length.
The encoder outputs a sequence of semantic embeddings:

T ′ = TE (T ) (2)

where T ′ ∈ RB×N×D denotes the output feature matrix,
where each token is embedded in a D-dimensional space.
These embeddings capture rich contextual semantics essen-
tial for cross-modal alignment.

3.2. Modality Decoding Attention Block (MoDAB)
The Modality Decoding Attention Block (MoDAB) fuses
spatial visual representations with contextual textual em-
beddings through a series of operations: Multi-Head Self-
Attention (Sel f Attn), Cross-Attention (CrossAttn) with Si-
nusoidal Positional Encodings (SPE), and a State Space
Mixer (SSMix), which is a sequence mixer (detailed in Sec-
tion 3.3).

Let X ∈ I ′
i denote the visual input from the ith stage of

the visual encoder. The textual input T ′ is first projected
to match the visual space via a learnable transformation,
followed by a state-space-based mixer:

TSSMix = GELU
(
SSMix

(
LeakyReLU

(
Linear(T ′)

)))
(3)

where TSSMix ∈ RB×N×Yi , B is the batch size and Yi = Hi ×
Wi is the projected dimension.

Self-Attention: We apply Multi-Head Self Attention
(MHSA) to the visual sequence X to capture intra-modal de-
pendencies among spatial tokens. First, the input is normal-
ized (LN) and augmented with Sinusoidal Positional Encod-
ings (SPE):

X′ = SPE(LN(X)) (4)

where X′ ∈ RB×Ci×Yi is linearly projected into h attention
heads, each with dimension Dk, using learned weight ma-
trices:

QSA j =X′WQ
SA j

, KSA j =X′WK
SA j

, VSA j =X′WV
SA j

(5)

where WQ
SA j

,WK
SA j

,WV
SA j

∈ RCi×Dk for each head j ∈
{1, . . . ,h}.

The attention for each head is computed using the scaled
dot-product formulation:

head j = SoftMax

(
QSA j K

⊤
SA j√

Dk

)
VSA j (6)

All heads are concatenated and passed through a final
projection:

SelfAttn(X′) = Concat(head1, . . . ,headh)WO (7)

where WO ∈ Rh·Dk×C is a learned projection matrix. No
masking is applied since all spatial tokens attend to each
other. The MHSA output is normalized and added residu-
ally to form the self-attended feature:

XSA = X′+LN
(
SelfAttn(X′)

)
(8)

where XSA ∈ RB×Ci×Yi .
Cross-Attention: The Multi-Head Cross-Attention

(MHCA) extends MHSA by enabling cross-modal interac-
tion: the query (Q) is derived from one modality, while the
key (K) and value (V ) come from another. Here, the self-
attended visual features XSA act as the query, and the state-
space-enhanced textual embeddings TSSMix provide the key
and value. Similar to MHSA, both inputs are normalized
and augmented with SPE to retain spatial and sequential
structure.

QCA j = SPE(LN(XSA)) (9)

KCA j = SPE(TSSMix) , VCA j = TSSMix (10)

The attention mechanism computes relevance between
the visual queries and textual keys, producing cross-
attended visual representations:

X̂CA = CrossAttn(QCA j ,KCA j ,VCA j) (11)
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Figure 1. Overview of the proposed architecture. The model integrates visual and frozen text encoders and the Modality Decoding Attention
Block (MoDAB), which incorporates Self-Attention and Cross-Attention along with a State Space Mixer (SSMix) for efficient multimodal
fusion. The decoder reconstructs segmentation masks from the fused features through a multi-stage upsampling pathway.

To enable adaptive integration of textual context, the
cross-attention output is normalized and added to the orig-
inal visual features, scaled by a learnable scalar parameter
α ∈ R:

F = X+α ·LN
(

X̂CA

)
(12)

where α ∈ R is randomly initialized and learned during
training. F ∈ RB×Ci×Yi captures both spatial visual depen-
dencies and semantically aligned textual cues. This en-
riched feature map is subsequently propagated to the de-
coder for segmentation mask reconstruction.

3.3. State Space Mixer (SSMix)
The State Space Mixer (SSMix) is designed to enhance long-
range dependency modelling in sequential data by combin-
ing learned temporal dynamics with convolutional opera-
tions and selective scanning mechanisms. Additionally, it
incorporates a gating technique, serving as an efficient and
lightweight module. Given the textual input T ′ ∈RB×N×D,
the module outputs a transformed feature matrix TSSMix ∈
RB×N×Yi . The input T ′ is first projected into an intermedi-
ate representation of size 2 ·dinner, where dinner = γD and γ

is the expansion factor:

TH = Linear(T ′) ∈ RB×N×2dinner (13)

The projected features are then transposed to prepare for
1D convolution and split along the channel dimension into
two parts:

P,Q = Split(Transpose(TH , [0,2,1])) , (14)

where P,Q ∈ RB×dinner×N .

After splitting the features, depthwise 1D convolutions
are applied to each component to extract localized temporal
features:

P̃ = tanh(Conv1Dx(P)), Q̃ = tanh(Conv1Dz(Q)) (15)

The output P̃ is passed through a linear projection to pro-
duce dynamic time-step parameters ∆ and state parameters
B,C:

[∆,B,C] = Split
(
Linear(P̃)

)
(16)

The stepping weights ∆ ∈ RB×dinner×L are further re-
fined through a softplus reparameterization of their log-
transformed initializations to ensure stability:

∆ = Softplus(∆+bias∆) (17)

A state-space update is then performed using the selec-
tive State Space Model (SSM), which models latent dynam-
ics across time steps with exponentially decaying memory
kernels. The state output SCAN is computed as:

SCAN = SSM(X̃,∆,A,B,C,E) (18)

where E is a learned gating vector applied to modulate the
scan dynamics and A is a diagonal state transition matrix.

Finally, the output SCAN is concatenated with the con-
volutional branch Q̃, and the result is projected back to the
output embedding dimension using a final linear transfor-
mation:

TSSMix = Linear
(

Concat(SCAN,Q̃)⊤
)

(19)

The resulting TSSMix captures both global and local
dependencies, facilitating effective multimodal fusion in
downstream decoding.
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3.4. Decoder
The decoder reconstructs the spatial segmentation layout by
first reshaping the fused multimodal feature F ∈ RB×Ci×Yi

into a spatial feature map F′ ∈ RB×Ci×Hi×Wi . It follows a
four-stage decoding pipeline that progressively restores the
spatial resolution. For each stage m ∈ {1,2,3}, an Upsam-
pling Block doubles the spatial resolution using a transposed
convolution operation:

F(m)
up = TransConv(F(m−1)), F(0) := F′ (20)

where TransConv(·) denotes a 2 × 2 transposed convolu-
tion with stride 2. The upsampled feature map F(m)

up ∈
RB×Cm×Hm×Wm captures progressively finer spatial struc-
ture, with Cm representing the output channels at stage m.

The upsampled feature F(m)
up is concatenated with the cor-

responding encoder feature I ′
4−m at the same resolution

level. The resulting tensor is processed by a Convolutional
Refinement Block (CRB) CRBm, comprising two convolu-
tional layers, LeakyReLU activations, and batch normaliza-
tion:

Fm
CRB = CRBm

(
Concat(F(m)

up ,I ′
4−m)

)
(21)

The final stage applies a Subpixel Upsampling Network
(SUN), consisting of a convolutional layer followed by pixel
shuffling. The convolution increases the feature dimension-
ality:

Fpre = Conv2D(F3
CRB) (22)

Pixel shuffling Π(·) rearranges spatial elements to produce
a high-resolution output by a factor of r in each spatial di-
mension:

FSU = Π(Fpre) (23)

yielding FSU ∈ RB×C×rH×rW .
To improve local consistency and mitigate boundary ar-

tifacts, an average pooling operation with o× o kernel and
appropriate padding is applied:

Favg = AvgPool2D(Pad(FSU)) (24)

Finally, a 1× 1 convolutional output layer maps the re-
fined features into the desired number of prediction chan-
nels:

Ŷ = Conv1×1(Favg) ∈ RB×Co×H×W (25)

where Co is the number of output channels. This multi-
stage decoding process enables coarse-to-fine segmentation
reconstruction, preserving both semantic and spatial detail
through visual-textual alignment.

3.5. Objective Function
To guide the model toward anatomically precise, struc-
turally consistent, and uncertainty-aware predictions, we
introduce the Spectral-Entropic Uncertainty (SEU) Loss, a

unified objective designed for medical vision-language seg-
mentation. Rather than treating separate objectives inde-
pendently, SEU Loss holistically integrates spatial, spectral,
and probabilistic priors into a single formulation.

Let Ŷ ∈ RB×C×H×W denote the predicted segmentation
map and Ĝ∈RB×C×H×W the one-hot encoded ground truth.
The SEU loss is expressed as:

L SEU = L Dice(Ŷ,Ĝ)+λF ·RSpectral(Ŷ,Ĝ)

+λE ·REntropy(Ŷ)
(26)

where λF and λE are modulation weights for spectral align-
ment and uncertainty regularization, respectively. Each
component contributes to a different representational as-
pect, but collectively they form a single landscape.

Spatial Alignment: The core supervision comes from
a differentiable Dice loss, capturing the pixel-level overlap
between Ŷ and Ĝ:

LDice = 1− 2 ·∑(Ŷ · Ĝ)+ ε

∑ Ŷ+∑Ĝ+ ε
(27)

where the summation is over all spatial and channel dimen-
sions, and ε is a small constant for numerical stability.

Spectral Consistency: To enforce global structural fi-
delity, we align the magnitude of Fourier spectra between
the predicted and target masks:

RSpectral =
∣∣∣∣F (Ŷ)

∣∣− ∣∣F (Ĝ)
∣∣∣∣2

2 (28)

where F (·) denotes the 2D Fourier Transform and | · | is
the magnitude operation. This encourages preservation of
global anatomical topology, especially beneficial for diffuse
or subtle lesions.

Uncertainty Guidance: To penalize ambiguous pre-
dictions and promote confident outputs, we incorporate an
entropy-based regularization term defined as:

Rentropy =− 1
BHW ∑

b,c,h,w
Ŷb,c,h,w log(Ŷb,c,h,w +δ ) (29)

where the indices b, c, h, and w range over b ∈ {1, . . . ,B},
c ∈ {1, . . . ,C}, h ∈ {1, . . . ,H}, and w ∈ {1, . . . ,W}, corre-
sponding to the batch size, number of classes, and spatial
dimensions (height and width), respectively. The term δ is
a small constant added for numerical stability to prevent un-
defined values. This entropy-based regularization term acts
as a soft constraint, encouraging the model to reduce uncer-
tainty by promoting low-entropy, confident predictions.

4. Experiments
4.1. Experimental Setup
All experiments were carried out on a high-performance
computing server equipped with an Intel Xeon Silver 4214R
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Figure 2. Comparison of Grad-CAM-Based Attention Visualizations Between the Proposed Model and Baseline methods

Figure 3. Qualitative Comparison of Predicted Segmentation Maps with Baseline Models

CPU running at 2.40 GHz, 128 GB of RAM, and NVIDIA
A30 GPUs. The system environment was configured with
CUDA version 12.2 to ensure GPU acceleration for training
and evaluation.

4.2. Datasets
We employ three publicly available datasets: QaTa-
COV19, MosMed++, and Kvasir-SEG to evaluate the pro-
posed model. These datasets, initially developed for uni-
modal segmentation purposes, have been augmented with
concise natural language descriptions by recent works such
as LViT [21] and MedVLSM [39], enabling vision-language
segmentation.

QaTa-COV19: The QaTa-COV19 dataset [40], com-
piled by researchers from Qatar University and Tampere
University, comprises 9,258 chest X-ray images of COVID-
19 cases. It is one of the first datasets to include manu-
ally annotated COVID-19 lesion regions. To support mul-
timodal training, this dataset was extended with textual de-
scriptions by LViT [21].

MosMed++: MosMed++ [41, 42] is a chest CT dataset
containing 2,729 axial slices from patients diagnosed with
COVID-19. Each slice is annotated with severity scores and
enriched with textual descriptions curated by LViT [21].

Kvasir-SEG: The Kvasir-SEG dataset [43] includes
1,000 high-resolution gastrointestinal endoscopy images
with pixel-wise polyp annotations. The image resolutions
vary from 332×487 to 1920×1072 pixels. MedVLSM [39]
introduced caption annotations describing polyp character-
istics. For consistency with other datasets, we selected a
single caption per image, prioritizing those that included
location-based descriptors.

4.3. Training Details
Experiments were conducted using a consistent training and
validation setup across all three datasets. Input images were
uniformly resized to a resolution of 224×224 pixels to en-
sure compatibility with the model architecture and to stan-
dardize training across datasets, thereby maintaining con-
sistency in spatial features. A batch size of 32 was used dur-
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Table 1. Comparison of Monomodal and Multimodal State-of-The-Art (SoTA) methods on medical image segmentation across three
datasets: QaTa-COV19, MosMed++, and Kvasir-SEG. Metrics include Dice score (%), mean Intersection over Union (mIoU, %), number
of Trainable Parameters (Millions), and Floating-Point Operations (FLOPs) per second (Billions). Black: best, Green: second best, Blue:
third best values.

Modality Method Trainable Params (M) Flops (G) QATA-COV19 MosMedData++ Kvasir-Seg

Dice (%) mIoU (%) Dice (%) mIoU (%) Dice (%) mIoU (%)

M
on

oM
od

el
s

U-Net [1] 14.8 50.3 78.91 69.32 64.30 50.50 82.33 74.26

UNet++ [3] 74.5 94.6 79.47 70.05 71.63 58.14 82.79 73.94

AttUNet [2] 34.9 101.9 79.11 69.83 66.07 52.68 82.94 74.17

nnUNet [9] 19.1 412.7 80.30 70.62 72.32 60.14 84.22 75.41

TransUNet [10] 105 56.7 78.44 68.84 71.13 58.28 90.53 85.94

Swin-Unet [4] 82.3 67.3 77.85 68.07 63.19 49.93 89.09 85.84

UCTransNet [11] 65.6 63.2 79.00 69.34 65.71 52.55 91.04 87.31

Swin-UMamba [13] 60 68 80.02 70.11 65.31 51.28 79.43 68.63

U-Mamba [12] 18.51 375.78 80.51 70.89 65.88 52.17 89.81 85.14

M
ul

tim
od

al

ConVIRT [17] 35.2 44.6 79.45 70.29 71.92 59.52 89.24 83.01

TGANet [29] 19.8 41.9 79.66 70.61 71.63 59.00 89.76 83.20

CLIP [5] 87 105.3 79.57 70.54 71.75 59.43 90.04 86.29

BiomedClip [19] 87 105.3 87.75 78.10 66.33 50.27 85.34 77.60

GLoRIA [18] 45.6 60.8 79.83 70.54 72.36 60.12 86.10 77.93

ViLT [6] 87.4 55.9 79.45 70.02 72.10 59.85 86.42 76.91

LAVT [20] 118.6 83.8 79.15 69.73 73.10 60.14 87.16 74.72

LViT [21] 29.7 54.1 83.40 74.89 74.32 61.03 87.59 75.16

Ariadne [7] 43.95 22.36 88.06 79.00 78.29 64.44 90.45 82.34

SLViT [23] 131.5 51.1 79.10 68.71 72.36 60.55 89.88 83.03

DMMI [27] 114.6 63.3 83.85 75.42 74.78 61.59 90.96 83.41

RefSegformer [28] 195 103.6 83.93 75.34 74.81 61.46 90.57 83.69

RecLMIS [25] 23.7 24.1 84.93 76.86 77.26 64.95 86.58 77.08

LGA [30] 8.24 382.17 84.40 76.05 62.30 75.43 89.82 83.25

MAdapter [32] - - 90.07 81.88 78.40 62.77 91.37 84.36

Our Model 39.9 17.87 92.24 84.9 79.67 66.38 93.83 87.62

ing both training and validation phases. The training pro-
cess was executed for a maximum of 200 epochs, with early
stopping implemented based on a patience of 20 epochs to
avoid overfitting and ensure generalizability. A minimum
training duration was enforced, requiring at least 20 epochs
to promote model stability during the initial learning phase.
The values of λF and λE are 0.3 and 0.1, respectively.

We also employed the AdamW optimizer [44], which
decouples weight decay from the gradient update process,
making it particularly effective for transformer-based archi-
tectures. The initial learning rate was set to 5×10−4 for the
MosMed++ dataset and 3×10−4 for the QaTa-COV19 and
Kvasir-SEG datasets, based on preliminary tuning and em-
pirical observations for optimal convergence. Additionally,
a cosine annealing learning rate scheduler [45] was utilized
to progressively reduce the learning rate over time, with a
maximum cycle length of 200 epochs and a minimum learn-
ing rate threshold of 1×10−6.

5. Results and Discussion

5.1. Qualitative and Quantitative Analysis

As shown in Figure 2, our model exhibits more focused and
semantically aligned attention compared to SoTAs. In Fig-
ure 3, we present qualitative segmentation results on three
datasets, highlighting only the main predicted regions for
clarity. Our model demonstrates superior precision in local-
izing and delineating the target areas compared to SoTAs.

Our proposed model demonstrates superior performance
across all datasets, achieving state-of-the-art results in both
Dice coefficient and mean Intersection over Union (mIoU)
metrics (Table 1). On the QATA-COV19 dataset, the
top-performing baselines include MAdapter (90.07% Dice,
81.88% mIoU), BiomedClip (87.75% Dice, 78.10% mIoU),
and RecLMIS (84.93% Dice, 76.86% mIoU) among multi-
modal approaches, while U-Mamba (80.51% Dice, 70.89%
mIoU) and nnUNet (80.30% Dice, 70.62% mIoU) repre-
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sent the best monomodal methods. Our model achieved
exceptional performance with a Dice score of 92.24% and
mIoU of 84.9%, demonstrating +2.17% improvement over
MAdapter, +4.49% over BiomedClip, and +11.73% over
the best monomodal approach, U-Mamba.

On the MosMedData++ dataset, the top-performing
baselines include MAdapter (78.40% Dice, 62.77% mIoU),
Ariadne (78.29% Dice, 64.44% mIoU), and RecLMIS
(77.26% Dice, 64.95% mIoU) among multimodal ap-
proaches, while nnUNet (72.32% Dice, 60.14% mIoU)
and UNet++ (71.63% Dice, 58.14% mIoU) represent the
best monomodal methods. Our model achieved a Dice
score of 79.67% and mIoU of 66.38%, establishing new
state-of-the-art results with +1.27% improvement over
MAdapter, +1.38% over Ariadne, and +7.35% over the best
monomodal method, nnUNet.

On the Kvasir-Seg dataset for polyp segmentation,
the top-performing baselines include MAdapter (91.37%
Dice, 84.36% mIoU), UCTransNet (91.04% Dice, 87.31%
mIoU), and DMMI (90.96% Dice, 83.41% mIoU) among
multimodal approaches, while TransUNet (90.53% Dice,
85.94% mIoU) and U-Mamba (89.81% Dice, 85.14%
mIoU) represent the best monomodal methods. Our model
achieved outstanding performance with a Dice score of
93.83% and mIoU of 87.62%, demonstrating +2.46% im-
provement over MAdapter, +2.79% over UCTransNet, and
+3.3% over the best monomodal approach, TransUNet.

5.2. Computational Efficiency Analysis
Our proposed model demonstrates remarkable computa-
tional efficiency while maintaining superior performance,
as shown in Table 1. With only 39.9M trainable parameters,
our model is significantly more compact than many SoTAs,
such as RefSegformer (195M), SLViT (131.5M), and LAVT
(118.6M). Our model requires only 17.87G FLOPs, making
it the most efficient in the SoTAs. Despite being more effi-
cient than most baselines, our model consistently achieves
the highest performance across all datasets, demonstrating
an excellent performance-efficiency trade-off.

6. Ablation Studies
To assess the contributions of key components in our frame-
work, we conduct a detailed ablation study using the Kvasir-
SEG dataset. The experiments are categorized into three
aspects: Loss formulation, Textual Guidance, and Architec-
tural Components. Results in Table 2 highlight the perfor-
mance drop associated with the removal or replacement of
specific modules, thereby validating their necessity.

Loss Function Analysis: We evaluate the impact of
our proposed Spectral-Entropic Uncertainty (SEU) loss by
replacing it with commonly used alternatives. Replacing
SEU with Dice loss or binary cross-entropy (BCE) results
in noticeable performance degradation (Dice: 93.44% and

Table 2. Ablation results on the Kvasir-SEG dataset. Each condi-
tion evaluates the model after removing or replacing a key compo-
nent. Metrics reported are Dice score (%) and mIoU (%).

Method Dice (%) mIoU (%)

Loss Function
Dice loss 93.44 85.76
BCE loss 92.03 85.26

Textual Guidance
Inference w/o Text Prompts 87.28 81.32
Training w/o MoDAB 85.15 73.86

Architectural Replacements
SSMix with Linear layer 91.72 82.43
Cross-Attention with Addition 92.11 82.59

Complete Model (ours) 93.86 87.62

92.03%, respectively), confirming SEU’s advantage in cap-
turing both spatial and uncertainty-aware features.

Effect of Textual Guidance: The role of vision-
language alignment is examined by removing text prompts
during inference and training. Omitting textual inputs dur-
ing inference causes the Dice score to drop to 87.28%.
Eliminating textual supervision entirely by removing the
MoDAB module results in a more significant performance
drop (Dice: 85.15%), reinforcing the value of language-
driven guidance.

Architectural Component Evaluation: Substituting
the cross-attention with point-wise addition reduces seg-
mentation accuracy to 92.11%, and replacing the SSMix
with a linear projection yields 91.72%. These results high-
light the importance of structured attention and dynamic se-
quence modeling in multimodal integration.

7. Conclusion
In this research, we proposed a novel uncertainty-aware
vision-language segmentation model designed to enhance
medical image segmentation. Our model integrates vi-
sual and textual data through advanced cross-modal learn-
ing techniques, utilizing proposed key modules such as
the Modality Decoding Attention Block (MoDAB) and the
State Space Mixer (SSMix). These modules significantly
improve segmentation accuracy by capturing both spatial
and semantic information. Additionally, we proposed the
Spectral-Entropic Uncertainty (SEU) Loss function, which
guides the model to account for uncertainty during train-
ing, enhancing spatial precision and domain-specific visual-
linguistic alignment. Comprehensive experiments on multi-
ple medical datasets demonstrated that our model, equipped
with the SEU loss, outperforms existing state-of-the-art
methods in both accuracy and computational efficiency.
These results underscore the potential of our approach to
advance medical image analysis, offering more reliable and
interpretable segmentation for clinical decision-making.
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