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Abstract. Accurate medical image segmentation requires simultaneous
modeling of robust global semantics and precise anatomical boundaries.
While Vision Transformers (ViTs) exhibit strong global representation
capability, they often struggle to capture fine-grained local structures
and boundary details, particularly in scenarios with low contrast and
blurred boundaries. To address this limitation, we propose Glasses, a
novel framework that equips pre-trained Transformers with a structure-
enhanced visual adaptation mechanism for medical image segmentation.
Specifically, Glasses employs a frozen DINOv3 as the backbone encoder,
with only the terminal layers fine-tuned. We introduce a Multi-Scale
Deformable Attention Adapter that performs cross-scale interaction be-
tween lightweight convolutional structural priors and Transformer to-
kens extracted from specific intermediate layers of DINOv3, thereby
transforming single-scale token embeddings into hierarchical represen-
tations enriched with both local structural cues and global context.
This design preserves the stability of pre-trained semantic representa-
tions while improving the modeling of local anatomical structures and
scale variations. Furthermore, we introduce an independent Edge-Aware
Convolutional Encoder that explicitly learns boundary-enriched multi-
scale representations under nested boundary supervision, providing a
strong source of fine-grained local structural information that comple-
ments the adapter-enhanced Transformer features during decoding. A U-
Net-style decoder then progressively fuses the adapter-enhanced Trans-
former features and the boundary-enriched convolutional representations
to recover high-resolution segmentation outputs. Extensive experiments
on the Synapse and ISIC datasets demonstrate that Glasses achieves
Dice coefficients of 83.52% and 91.60%, respectively, significantly out-
performing state-of-the-art (SOTA) methods. Source code is available at
https://github.com/friay/Glasses.
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1 Introduction

Medical image segmentation is a fundamental task in computer-assisted diag-
nosis and treatment planning [16]. Medical images often exhibit low contrast,
ambiguous boundaries, and subtle inter-class variations, making accurate de-
lineation of anatomical structures particularly challenging [19,13,21]. Effective
segmentation models must therefore jointly capture robust global semantic con-
sistency while preserving fine-grained structural details.

Convolutional neural networks (CNNs) have dominated medical image seg-
mentation owing to their strong spatial inductive bias and capability in modeling
local textures and boundaries [19,13,21,7]. However, their inherently local recep-
tive fields limit global context modeling. Vision Transformers (ViTs) [9], empow-
ered by self-attention mechanisms and large-scale self-supervised pre-training,
offer superior global representation capabilities. In particular, foundation mod-
els such as DINOv3 [20] provide powerful and transferable semantic features that
generalize across domains. Nevertheless, adapting such pre-trained Transformers
to medical image segmentation introduces a critical challenge: while their global
semantic representations are robust, their single-scale token embeddings lack ex-
plicit hierarchical structure and boundary-aware inductive bias. This limitation
becomes especially pronounced when the backbone is largely frozen to preserve
pre-trained semantics and avoid overfitting to limited medical data. Existing hy-
brid CNN-Transformer architectures typically rely on parallel feature extraction
or late-stage feature fusion [6,5,28,29]. However, such strategies often fail to ef-
fectively inject structural priors into frozen Transformer representations. Simply
fusing convolutional features does not fundamentally transform token embed-
dings into structure-aware hierarchical representations. Therefore, a principled
adaptation mechanism is required to enhance structural perception in frozen
foundation Transformers without disrupting their semantic stability.

To address this challenge, we propose Glasses, a structure-enhanced adap-
tation framework built upon a largely frozen DINOv3 backbone. Specifically, we
design a Multi-Scale Deformable Attention Adapter that performs cross-scale
interaction between lightweight convolutional structural priors and intermedi-
ate Transformer tokens, transforming single-scale embeddings into hierarchical
multi-scale representations enriched with both global semantics and local struc-
tural cues while preserving semantic stability [31]. In parallel, an independent
Edge-Aware Convolutional Encoder explicitly learns boundary-enriched multi-
scale convolutional features under nested boundary supervision, providing high-
resolution structural information complementary to the adapter-enhanced fea-
tures [23,26]. During decoding, the adapter-enhanced Transformer features and
boundary-enriched convolutional representations are progressively fused with-
in a U-Net-style decoder to produce high-resolution and structurally consistent
segmentation outputs [19].

The main contributions are three-fold: (1) We propose a structure-enhanced
adaptation framework with largely frozen DINOv3 backbone for medical image
segmentation. (2) We design a Multi-Scale Deformable Attention Adapter that
enables cross-scale interaction between lightweight convolutional structural pri-
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Fig. 1. Overview of the Glasses framework, including a largely frozen DINOv3 back-
bone with a Multi-Scale Deformable Attention Adapter, an Edge-Aware Convolutional
Encoder with nested boundary supervision, and a feature fusion decoder for final seg-
mentation prediction.

ors and intermediate Transformer tokens, providing structure-aware adaptation
without modifying the frozen backbone. (3) We introduce an Edge-Aware Con-
volutional Encoder with nested boundary supervision to provide complementary
boundary-enriched multi-scale representations.

2 Methodology

2.1 Overall Framework

An overview of the proposed Glasses framework is illustrated in Fig. 1. Glasses
adopts a dual-encoder architecture built upon a largely frozen DINOv3 back-
bone, enhancing structural perception while preserving pre-trained semantic rep-
resentations. Given an input image I ∈ RH×W×C , the Transformer-based branch
first extracts intermediate token embeddings from a largely frozen DINOv3,
with only the final layers fine-tuned. Instead of directly using single-scale token
outputs, we introduce a Multi-Scale Deformable Attention Adapter to perfor-
m structure-aware representation adaptation [31]. Through cross-scale interac-
tion between lightweight convolutional structural priors and intermediate Trans-
former tokens, the Adapter transforms single-scale embeddings into hierarchical
multi-scale semantic features {x1, x2, x3, x4}, where lower-index features corre-
spond to higher spatial resolutions. These representations primarily preserve
global semantic consistency inherited from DINOv3, while incorporating moder-
ate structural cues to facilitate spatially aware adaptation. In parallel, an inde-
pendent Edge-Aware Convolutional Encoder processes the same input image to
produce boundary-enriched multi-scale structural representations {s1, s2, s3, s4}.
Unlike the lightweight structural priors used inside the adapter, this branch is
explicitly optimized for high-resolution structural modeling. Nested boundary
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Fig. 2. Architecture of the Multi-Scale Deformable Attention Adapter.

supervision is applied at multiple scales to encourage precise contour localiza-
tion and spatial continuity. This design ensures that structural representations
are learned in a dedicated manner rather than implicitly inferred from semantic
features. The two sets of features, {xi} and {si}, are progressively fused with-
in a U-Net-style hierarchical decoder. At each decoding stage, the scale-aligned
semantic feature xi and structural feature si are concatenated and refined to
recover higher spatial resolution.

2.2 Multi-Scale Deformable Attention Adapter

As illustrated in Fig. 2, the proposed Multi-Scale Deformable Attention Adapter
serves as a representation transformation mechanism that restructures flat Trans-
former token embeddings into hierarchical structure-aware features under a large-
ly frozen backbone constraint [31,20]. Instead of directly modifying the internal
layers of DINOv3, the adapter introduces an external structural token space that
progressively aligns with semantic representations across multiple Transformer
depths.

Given an input image I, a lightweight Spatial Prior Module (SPM) first
produces hierarchical convolutional features {c1, c2, c3, c4}. Features c2, c3, c4,
corresponding to resolutions of 1/8, 1/16 and 1/32, are projected to the Trans-
former embedding dimension and flattened into token sequences. Learnable level
embeddings ei are added to encode scale identity, and the resulting tokens are
concatenated to form the initial structural representation C(0), maintaining ex-
plicit multi-scale awareness during subsequent interactions.

Intermediate Transformer tokens {T (1), T (2), T (3), T (4)} are extracted from
selected DINOv3 layers according to predefined interaction indices. At the k-
th interaction stage, the structural tokens C(k−1) serve as queries, while the
Transformer tokens T (k) provide semantic key-value representations. For each
query location q and attention head h,M sampling offsets ∆pk,h,m and attention
weights Ak,h,m are predicted relative to a normalized reference point pq. The



Adapter-Enhanced DINOv3 with Boundary-Aware Representations 5

deformable attention response is computed as:

MSDeformAttn(q, pq, T
(k)) = Proj

(
Concath

( M∑
m=1

Ak,h,m · T (k)(pq +∆pk,h,m)
))
.

(1)
The structural tokens are then updated in a residual manner:

C(k) = C(k−1) +MSDeformAttn
(
C(k−1), T (k)

)
. (2)

Through iterative deformable alignment, structural tokens progressively ab-
sorb semantic information from Transformer layers of increasing abstraction. The
originally convolutional structural tokens thus evolve into semantically enriched
yet spatially grounded hierarchical representations. After the final stage, C(k)

is reshaped back into multi-scale feature maps {x2, x3, x4}. A higher-resolution
feature x1 is obtained by upsampling x2 and integrating it with c1. The resulting
hierarchical representations {x1, x2, x3, x4} are forwarded to the decoder, pro-
viding scale-aware semantic features while preserving the stability of the largely
frozen DINOv3 backbone.

2.3 Edge-Aware Convolutional Encoder

Although the adapter branch leverages lightweight structural priors via the SP-
M, it primarily serves representation interaction rather than explicit structural
modeling. To provide complementary boundary-enriched multi-scale representa-
tions, we introduce an Edge-Aware Convolutional Encoder with nested boundary
supervision, as illustrated in Fig. 1(c).

The encoder comprises four downsampling stages that produce hierarchical
feature maps {s1, s2, s3, s4}. Due to convolutional locality and dense spatial con-
nectivity, these features preserve spatial continuity and fine-grained texture in-
formation, forming a complementary structural representation stream alongside
the adapter-enhanced semantic features {xi}.

Boundary prediction is formulated as a nested multi-scale projection gov-
erned by a shared predictor H1(·). The highest-resolution boundary response
is E1 = H1(s1). For deeper features, boundary maps are obtained through pro-
gressive alignment followed by projection into the same boundary representation
space: E2 = H1(H2(s2)), E3 = H1(H2(H3(s3))), E4 = H1(H2(H3(H4(s4)))).
Here, H2, H3, and H4 denote stage-specific alignment operators that progres-
sively restore spatial resolution and channel compatibility. Together with the
shared predictor H1, these operators form a recursive projection pathway ap-
plied consistently across hierarchical levels. This nested design enforces multi-
scale structural features to reside in a shared boundary representation manifold.
Consequently, structural representations across different depths are regularized
toward a consistent contour space, promoting cross-scale structural coherence
and stabilizing boundary learning.

The encoder outputs both structural features {si} and boundary responses
{Ei}. The former are fused with semantic features during decoding, while the
latter provide explicit supervision for contour refinement.
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2.4 Loss Function

Glasses is optimized under joint semantic and boundary supervision. Given an
input image I, the network produces a segmentation prediction Ŷ and multi-scale
boundary responses {Ei}4i=1. For semantic segmentation, we adopt a hybrid loss
combining cross-entropy (CE) and Dice losses:

Lseg = αLCE + βLDice, (3)

where α = 0.5 and β = 0.8. To regularize structural learning, boundary super-
vision is imposed on all hierarchical edge predictions. The ground-truth bound-
ary map is derived from the segmentation mask using gradient operators. Each
boundary response Ei is optimized with a BCE loss, with progressively smaller
weights assigned to deeper predictions to account for resolution differences:

Ledge =

4∑
i=1

wiLBCE(Ei). (4)

The overall loss is defined as:

L = Lseg + λ(t)Ledge, (5)

where λ(t) gradually decays during training, placing greater emphasis on bound-
ary learning at early stages while allowing semantic optimization to dominate
later. During inference, only the final segmentation prediction is used.

3 Experiments and Results

3.1 Datasets and Implementation Details

We evaluate Glasses on two public benchmarks: the Synapse multi-organ CT
dataset [6] and the ISIC 2018 skin lesion segmentation dataset [8]. For Synapse,
abdominal CT volumes are sliced into 2D axial images following the standard
protocol. The official train-test split is adopted to ensure fair comparison with
existing SOTA methods. All slices are resized to 224×224 with random rotation
and flipping applied for augmentation. For ISIC 2018, the task is binary lesion
segmentation. Images are resized to 256 × 256 and normalized with ImageNet
statistics. All experiments are implemented in PyTorch. DINOv3 ViT-B/16 is
initialized with publicly released self-supervised weights and kept frozen except
for the last two Transformer blocks and normalization layers. Optimization is
performed with AdamW. The fine-tuned backbone layers use an initial learning
rate of 1 × 10−5, while newly introduced modules use 1 × 10−4. A polynomial
decay schedule is applied. The batch size is 20 for Synapse and 16 for ISIC 2018.
Training is conducted for 400 and 200 epochs, respectively. Evaluation metrics
include Dice and Hausdorff Distance (HD) for Synapse, and Dice, Sensitivity,
Specificity, and Accuracy for ISIC 2018.
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Table 1. Quantitative comparison of Dice (%) and HD (mm) on the Synapse dataset.
The best and second-best results are highlighted in bold and underline.

Method Dice↑ HD↓ Aorta Gallbladder Kidney(L) Kidney(R) Liver Pancreas Spleen Stomach
U-Net [19] 76.85 39.70 89.07 69.72 77.77 68.60 93.43 53.98 86.67 75.58
nnUNet [13] 79.40 14.57 90.24 44.23 87.30 87.94 90.10 70.10 85.45 79.82
TransUNet [6] 77.48 31.69 87.23 63.13 81.87 77.02 94.08 55.86 85.08 75.62
Swin-Unet [5] 79.13 21.55 85.47 66.53 83.28 79.61 94.29 56.58 90.66 76.60
Mamba-Unet [24] 80.58 21.95 87.23 68.25 84.66 80.41 94.03 58.92 90.12 81.05
HiFormer [11] 80.39 14.70 86.21 65.69 85.23 79.77 94.61 59.52 90.99 81.08
MISSFormer [12] 81.96 18.20 86.99 68.65 85.21 82.00 94.41 65.67 91.92 80.81
Effformer [14] 80.79 17.00 85.81 66.89 84.10 81.81 94.80 62.25 91.05 79.58
DAE-Former [3] 82.63 16.39 87.84 71.65 87.66 82.39 95.08 63.93 91.82 80.77
GLoG-GSUnet [10] 83.36 23.02 88.43 73.20 84.50 80.98 95.14 71.02 91.51 82.10
CASTformer [27] 82.55 22.73 89.05 67.48 86.05 82.17 95.61 67.49 91.00 81.55
PVT-CASCADE [18] 81.06 20.23 83.01 70.59 82.23 80.37 94.08 64.43 90.10 83.69
Rskd [15] 82.33 17.21 87.11 68.56 86.68 84.54 93.51 65.40 90.06 82.81
Ours 83.52 12.28 88.34 70.59 88.38 86.24 95.12 63.25 91.66 84.60

Fig. 3. Visual comparison of segmentation results on the Synapse dataset. Glasses
generates spatially coherent boundaries, particularly for anatomically complex regions.

3.2 Comparison with SOTA Methods

We compare Glasses with representative convolution-based, Transformer-based,
and hybrid methods on the Synapse and ISIC 2018 datasets. All results follow
standard evaluation protocols.

On Synapse, quantitative results are summarized in Table 1. Glasses achieves
a mean Dice of 83.52% and a Hausdorff Distance of 12.28mm, outperforming
all SOTA methods. At the organ level, Glasses attains the highest Dice on mul-
tiple structures, including Kidney (L) and Stomach, and remains competitive
on other organs. Qualitative comparisons are shown in Fig. 3. Methods includ-
ing U-Net [19], TransUNet [6], HiFormer [11], and DAE-Former [3] occasionally
produce fragmented predictions or irregular contours, especially in low-contrast
regions and at organ interfaces. In contrast, Glasses generates continuous and
anatomically coherent boundaries with reduced leakage and improved structural
completeness. On ISIC 2018, results are presented in Table 2. Glasses achieves
the highest Dice of 91.60% and Sensitivity of 92.17%. Meanwhile, Specificity
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Table 2. Quantitative comparison of Dice (%), Sensitivity (%), Specificity (%) and Ac-
curacy (%) on the ISIC 2018 dataset. The best and second-best results are highlighted
in bold and underline.

Method Dice↑ Sensitivity↑ Specificity↑ Accuracy↑
U-Net [19] 85.45 88.00 96.97 94.04
nnUNet [13] 90.16 91.02 97.55 96.40
TransUNet [6] 84.99 85.78 96.53 94.52
Swin-Unet [5] 89.46 90.56 97.98 96.45
MedT [22] 83.89 82.52 96.37 93.58
FAT-Net [25] 89.03 91.00 96.99 95.78
TMU-Net [4] 90.59 90.38 97.46 96.03
VM-UNet [17] 89.71 91.12 96.13 94.91
TransNorm [2] 89.51 87.50 97.90 95.80
DAE-Former [3] 91.47 91.20 97.80 96.41
Effformer [14] 89.04 88.61 96.98 95.19
CCA [30] 89.16 90.98 95.94 94.77
MCGU-Net [1] 89.50 84.80 98.60 95.50
Ours 91.60 92.17 96.74 95.39

Table 3. Ablation study on the Synapse dataset. We progressively add the Adapter,
backbone fine-tuning, CNN branch, and two boundary supervision strategies (Indepen-
dent vs. Nested). Dice (%) and HD (mm) are reported.

No. DINOv3 Adapter Finetune CNN Boundary Dice↑ HD↓
1 X × 75.25 29.32
2 X X × 81.53 25.71
3 X X X × 81.83 25.11
4 X X X X × 82.49 23.32
5 X X X X Independent 82.99 19.49
6 X X X X Nested 83.52 12.28

and Accuracy remain competitive, demonstrating that our model improves re-
call without sacrificing precision.

3.3 Ablation Studies

To systematically evaluate the contribution of each component, we conduct ab-
lation experiments on the Synapse dataset, with results summarized in Table 3.
Starting from the frozen DINOv3 backbone (group 1), the model achieves limited
segmentation accuracy. After introducing the Multi-Scale Deformable Adapter
(group 2), performance improves substantially, indicating the importance of
structural feature interaction for medical segmentation. Allowing limited fine-
tuning (group 3) of the final Transformer blocks further enhances performance,
suggesting improved alignment between pre-trained representations and the tar-
get domain. Notably, introducing the parallel convolutional branch (group 4)
leads to consistent improvements in both Dice and HD, indicating enhanced s-
patial modeling capability. Adding independent boundary supervision (group 5)
further increases Dice and reduces HD. Replacing independent supervision with
the proposed nested multi-scale boundary modeling (group 6) achieves the best
overall performance, reaching 83.52% for Dice and 12.28mm for HD.
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4 Conclusion

In this work, we present Glasses, a structure-enhanced adaptation framework
for medical image segmentation built upon a largely frozen DINOv3 backbone.
By introducing a Multi-Scale Deformable Attention Adapter, Glasses augments
pre-trained Transformer tokens with convolutional structural priors, enabling im-
proved modeling of anatomical details while preserving global semantic represen-
tations. In parallel, an independent Edge-Aware Convolutional Encoder provides
boundary-enriched multi-scale features that complement the adapter-enhanced
Transformer representations during decoding, leading to more precise and s-
patially consistent segmentation results. Extensive experimental results on the
Synapse and ISIC 2018 datasets demonstrate the strong and consistent perfor-
mances of Glasses across different segmentation tasks. Ablation studies further
validate the effectiveness and necessity of the proposed components.
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