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Abstract. Although medical image registration is an effective tool for quantify-

ing organ motion, its application in assessing postoperative swallowing function 

in tongue cancer remains limited. Recognizing that existing methods often fail to 

fully exploit the semantic priors from segmentation tasks, we propose an end-to-

end joint learning framework for segmentation and registration on dynamic cine-

MRI sequences. By leveraging semantic priors from the Segment Anything 

Model to guide the registration, it becomes possible to precisely model the com-

plex post‑operative motion of the tongue. Our contributions can be generalized 

into three aspects:(1) We construct a deeply supervised SAM feature adaptor, 

where the U-Net encoder generates a multi-scale semantic feature pyramid to 

provide hierarchical anatomical priors for the registration task. (2) We design a 

novel convolutional unit combining DCNv3 and Swin-transformer to capture lo-

cal-to-global features; a bidirectional coordinate attention fusion module is fur-

ther introduced to adaptively fuse multi-scale features from both the SAM feature 

adaptor and registration encoder. (3) To directly enhance registration accuracy 

along anatomical boundaries, we propose an EdgeWeightedIoU loss that em-

ploys a Laplacian operator to extract and refine these boundaries from the seg-

mentation output. Ablation studies show that our SAM scheme achieves a 7.55% 

Dice improve-ment on the sagittal tongue MRI dataset. In SOTA experiments on 

the coronal tongue MRI dataset, VoxelMorph, TransMorph, and our Baseline 

gain 3.93%, 35.22%, and 3.32% in Dice respectively after integrating our SAM 

scheme. Con-sistent improvements are also observed on the ACDC cardiac MRI 

da-taset .  Our code is available at: https://github.com/FFigo/SwallowReg. 
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1 Introduction 

Medical image registration is essential to head and neck cancer patients in clinical prac-

tice, enabling precise anatomical alignment across scans [1] and supporting critical ap-

plications like postoperative evaluation, multimodal fusion, and disease tracking 

[2,3,4]. Rising tongue cancer incidence [5] often leads to swallowing disorders, with a 

40%–60% postoperative rate [6], severely compromising patients' quality of life [7]. 

Therefore, this study analyses swallowing function of such patients with registration. 

Quantification of tongue movement characteristics is critical for differentiating swal-

lowing function, assessing treatment efficacy, and monitoring rehabilitation outcomes 

[8,9]. Videofluoroscopic swallowing study (VFSS) is hampered by radiation exposure 

and inadequate coronal visualization [10], precluding repeated monitoring. In contrast, 

Cine-MRI emerges as an optimal alternative, featuring non-invasiveness, radiation-free 

imaging, and high spatiotemporal resolution [11,12]. Current tongue movement quan-

tification often relies on manual annotation of tongue structures and subsequent esti-

mation of movement parameters by clinicians, which is time-consuming, inefficient, 

and associated with inter-observer variability [13]. Semi-automatic random-walker 

methods [14] require manual seeds, causing observer variability; fully automatic con-

tour registration [15] fails under large deformations. Neither captures anatomical se-

mantics, limiting generalization in postoperative tongues. Existing methods also exhibit 

three inherent limitations: 

• The intricate head and neck anatomy is prone to non-target tissue interference [16]. 

Existing models sometimes lack tongue-specific perception, and especially for 

global consistency, they fail to maintain fine-grained alignment of the tongue region 

of interest, potentially degrading the accuracy of movement parameters [17]. 

• Mainstream registration methods, which rely on pixel-level intensity similarity, ne-

glect anatomical semantics, leading to misregistration and suboptimal boundary 

alignment in regions where the tongue and adjacent tissues share structural similar 

intensity profiles [18,19,20]. 

• Tongue movement involves both local deformation and global coordination. How-

ever, pure CNNs struggle with long-range dependencies, while pure Trans-formers 

tend to lose local details [21]. Current hybrid models, with their static fusion strate-

gies, fail to adaptively balance these features, hindering precise movement charac-

terization [22]. 

To address the aforementioned challenges of manual annotation and registration lim-

itations, this paper proposes an end-to-end joint segmentation-and-registration frame-

work integrated with SAM semantic priors. By estimating the tongue deformation field, 

this framework offers a novel solution for tongue movement registration and quantifi-

cation, facilitating swallowing function evaluation in head and neck cancer patients. 

Section 2 elaborates on the model architecture and core methodologies. Section 3 pre-

sents experimental findings and Section 4 concludes the paper. 
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2 Methodology 

2.1 Network Architecture 

The proposed end-to-end joint learning framework (Fig. 1) comprises three collabora-

tive modules. (1) A deep supervision-based SAM [23] Feature Adaptor generates multi-

scale anatomical features, providing tongue-specific guidance for registration. (2) The 

Registration Network uses Swin-Intern blocks (integrating DCNv3 [24] and Swin 

Transformer [25]) for global-local balance, and a Bidirectional Coordinate Attention 

Fusion (BCAF) module [26] to adaptively fuse semantic and geometric features. (3) A 

Joint Training Strategy employs a multi-task coupled loss, enabling segmentation-de-

rived semantic information to guide the learning of the registration deformation field. 

2.2 SAM Feature Adaptor 

To enhance tongue region registration accuracy, we propose SAM Feature Adaptor that 

adapts high-dimensional anatomical semantic features from SAM to registration tasks, 

using segmentation-derived anatomical cues for precise guidance. This module inte-

grates SAM’s segmentation advantages with medical image registration requirements 

via lightweight structural adjustments and a selective freezing training strategy. 

 

Fig. 1. Architecture of the proposed end-to-end joint segmentation and registration framework. 

To mitigate the domain gap between medical images and the pre-training data of 

SAM, a learnable CNN is incorporated into the framework. It adjusts the channel and 

resolution of input images to ensure compatibility with the SAM image encoder. Spe-

cifically, the SAM image encoder parameters are fixed while the CNN and SAM mask 

decoder parameters are updated during training. This enables gradient sharing with the 

SAM Feature Adaptor, stabilizing its feature extraction capability for the subsequent 

registration task. This design helps the model adapt to medical anatomical feature learn-

ing. Processed images are fed into the frozen SAM image encoder, generating the fea-

ture 𝐹SAM ∈ 𝑅64×128×128. We then employ a learnable U-Net for hierarchical feature 
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reconstruction on 𝐹𝑆𝐴𝑀 . It converts 𝐹𝑆𝐴𝑀  into a multi-scale feature sequence {𝐹SAM
1−4}, 

which aligns well with the hierarchical structure of the subsequent registration network. 

This design preserves fine-grained anatomical semantics of the tongue while achieving 

scale matching. 

To ensure the learning quality of anatomical features at all levels, a deep supervision 

mechanism is embedded in the SAM Feature Adaptor. The U-Net outputs correspond-

ing tongue segmentation masks 𝑀𝑈𝑛𝑒𝑡
1−4  at each scale. The multi-scale segmentation loss 

is computed with the ground-truth segmentation mask 𝑀𝐺𝑇
𝑖  at the corresponding scale: 

 𝐿𝑆𝑒𝑔-𝑀𝑆 = ∑ 𝑤𝑖
4
𝑖 ⋅ 𝐷𝑖𝑐𝑒 − 𝐵𝐶𝐸(𝑀𝑈𝑛𝑒𝑡

𝑖 , 𝑀𝐺𝑇
𝑖 ), (1) 

where 𝑤𝑖  denotes the weight for each scale loss, and 𝐷𝑖𝑐𝑒 − 𝐵𝐶𝐸(⋅) denotes the com-

bination of Dice loss and binary cross-entropy loss. This loss constrains each hierar-

chical feature to learn accurate anatomical structures. Meanwhile, the feature 𝐹𝑆𝐴𝑀 is 

fed into the learnable mask decoder to produce the segmentation mask 𝑀𝑆𝐴𝑀 , and 

𝐿𝑆𝑒𝑔−𝑆𝐴𝑀 is computed via Dice-BCE loss between 𝑀𝑆𝐴𝑀 and 𝑀𝐺𝑇 to maintain the seg-

mentation performance of the adapted model. The total loss of this module is obtained 

by weighted combination of the above two losses using hyperparameters 𝜆1 and 𝜆2 as 

follows 

 𝐿𝑆𝑒𝑔 = 𝜆1 ⋅ 𝐿𝑆eg-𝑀𝑆 + 𝜆2 ⋅ 𝐿𝑆eg-𝑆𝐴𝑀 . (2) 

2.3 Registration Network 

To jointly model fine-grained tongue deformations and global head-neck semantics, we 

propose the Swin-Intern Block (Fig. 2(a)) as the core innovation of our registration 

encoder. It employs a parallel architecture integrating Deformable Convolution DCNv3 

and Swin Transformer window attention, adaptively fusing features via learnable gating 

weights to balance local deformation and global semantic modeling.  

Given input feature 𝑋 ∈ 𝑅𝐵×2𝐶×𝐻×𝑊  (concatenated from fixed 𝐼𝐹  and moving 𝐼𝑀 

images along channels), the module extracts features via two parallel branches: deform-

able convolution (𝐹𝐷𝐶𝑁𝑣3) and window attention (𝐹𝐴𝑡𝑡𝑛). For adaptive fusion, a light-

weight gating network with learnable weight matrices 𝑊1 and 𝑊2 generates channel-

wise gating weights [𝑔𝐷𝐶𝑁𝑣3; 𝑔𝐴𝑡𝑡𝑛] as follows 

 [𝑔DCNv3; 𝑔Attn] = 𝒮(𝑊2 ⋅ ℛ(𝑊1 ⋅ [𝐹DCNv3; 𝐹Attn])), (3) 

where 𝒮 and ℛ denote the Softmax and the ReLU, respectively. These gating weights 

are further modulated by predefined, hierarchical specific weights 𝛾𝐷𝐶𝑁𝑣3 and 𝛾𝐴𝑡𝑡𝑛. 

Let 𝐹̂𝑘 = γ𝑘 ⋅ 𝑔𝑘 ⋅ 𝐹𝑘 (k ∈ {DCNv3, Attn}), the final output can be calculated by 

 

 Output = MLP (LayerNorm(𝐹̂DCNv3 + 𝐹̂Attn)). (4) 

To prioritize capturing fine-grained deformations within the tongue region, we set 

𝛾𝐷𝐶𝑁𝑣3 =0.7 and 𝛾𝐴𝑡𝑡𝑛 =0.3 in the shallow layers of the registration encoder. In the 
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deeper encoder layers, these values are reversed to enhance the global anatomical se-

mantic comprehension around the mouth. This hierarchical design enables the encoder 

to produce feature sequences encapsulating both local geometric deformation of the 

tongue and global semantic dependencies across the head and neck region. 

To effectively fuse the feature sequences from SAM and the registration encoder, 

we design the BCAF module. Leveraging the advantages of coordinate attention in in-

tegrating context and positional awareness. Its unidirectional fusion process is shown 

in Fig. 2(b). The module performs collaborative computation across channel and spatial 

dimensions to accurately capture spatial-directional features of the tongue contour.  

Given the primary input feature 𝐹, height and width descriptors 𝑍ℎ and 𝑍𝑤 are first 

obtained via bidirectional global pooling. Such feature can be iteratively updated by  

𝐹′ = 𝐹 ⊕ (𝒜h ⊗ 𝒜w), and 𝒜ℎ/𝑤 = 𝜎 (𝑊ℎ/𝑤 ⋅ ℛ(𝐶𝑜𝑛𝑣1×1([𝑍ℎ, 𝑍𝑤]))),   (5) 

where 𝑊𝑤 and 𝑊ℎ are the weight matrices for width and height attention; 𝜎 is the sig-

moid function; ⊗ denotes element-wise multiplication, and ⊕ is for feature addition.  

The feature sequences of the registration encoder and SAM are mutually modulated 

by the BCAF module and decoded by the registration network to produce the displace-

ment field 𝜙 characterizing tongue motion. The registration loss 𝐿𝑅𝑒𝑔 comprises two 

components: a similarity loss 𝐿𝑆𝑖𝑚 between 𝐼𝐹  and the warped moving image 𝐼𝑀 ∘ 𝜙, 

and a regularization loss 𝐿𝑆𝑚𝑜𝑜𝑡ℎ that enforces the smoothness of 𝜙 by 

 𝐿Reg = 𝐿Sim(𝐼𝑀 ∘ 𝜙, 𝐼𝐹) + 𝜆𝐿Smooth(𝜙). (6) 

 

Fig. 2. Structural illustrations of core modules. (a) Architecture of the Swin-Intern Block; (b) 

Unidirectional fusion process of the Bidirectional Coordinate Attention module with 𝐹𝐸𝑛 as the 

main feature and 𝐹𝑆𝐴𝑀 as the auxiliary feature. 

2.4 Joint Training 

End-to-end joint segmentation and registration are realized via multi-loss supervision 

within a unified optimization framework, where bidirectional gradient propagation en-

ables information interaction between branches. This allows the segmentation network 
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to learn more targeted anatomical representations, providing high-quality semantic pri-

ors that enhance registration accuracy and boundary consistency.  

We propose an EdgeWeightedIoU loss to achieve coupled supervision for segmen-

tation and registration. This loss is calculated between the fixed image ground truth 𝑀𝐹 

and the warped SAM segmentation mask 𝑀𝑆𝐴𝑀 ∘ 𝜙, using the Laplacian operator ∇2 to 

extract edge responses and construct spatially adaptive weights. Such a design encour-

ages the model to pay more attention to the alignment accuracy of anatomical bounda-

ries. The loss function is defined as follows: 

𝐿𝐸𝑑𝑔𝑒𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝐼𝑜𝑈 = 1 −
∑ (𝑀SAM∘ϕ)(𝑖,𝑗)

𝑖,𝑗 ⋅𝑀𝐹
(𝑖,𝑗)

⋅(1+ω⋅|∇2𝑀𝐹
(𝑖,𝑗)

|)

∑ ((𝑀SAM∘ϕ)(𝑖,𝑗)+𝑀𝐹
(𝑖,𝑗)

−(𝑀SAM∘ϕ)(𝑖,𝑗)⋅𝑀𝐹
(𝑖,𝑗)

)𝑖,𝑗 ⋅(1+ω⋅|∇2𝑀𝐹
(𝑖,𝑗)

|)
, (7) 

where ω represents the edge weighting coefficient and is set to 2.0 in our experiments. 

This design enables the registration network to refine local boundary deformation while 

preserving global structure alignment. The total training loss is a weighted combination 

of segmentation loss, registration loss, and EdgeWeightedIoU loss, defined as: 

 𝐿𝑇𝑜𝑡𝑎𝑙 = 𝜇1 ⋅ 𝐿𝑆𝑒𝑔 + 𝜇2 ⋅ 𝐿𝑅𝑒𝑔 + 𝜇3 ⋅ 𝐿𝐸𝑑𝑔𝑒𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝐼𝑜𝑈. (8) 

We adaptively adjust 𝜇𝑖 according to different tasks to balance gradient contributions 

from various supervised objectives. In this way, the model maintains reliable anatomi-

cal semantic priors and improves registration accuracy and boundary consistency. 

3 Experiments 

3.1 Dataset & Criteria 

We validate our method on two datasets: a private dynamic tongue MRI dataset and the 

public ACDC cardiac MRI dataset [27]. The tongue dataset comprises coronal (90 

healthy + 90 patient frames) and sagittal (23 subjects: 14 healthy, 9 post-operative) 

dynamic head and neck scans. Each subject covers three swallowing cycles (8 

frames/cycle), with all images annotated by two professional physicians.  

Registration performance is evaluated using three metrics: Dice, GNCC, and SSIM. 

Dice measures anatomical overlap between warped moving and fixed masks, while 

GNCC and SSIM—both computed from warped moving and fixed images—quantify 

intensity similarity and structural consistency, respectively. 

3.2 Ablation Experiments 

Table 1. Ablation experiment results of different model variants on the sagittal and coronal 

tongue MRI dataset, values in parentheses corresponding to the results before registration. 

𝐅𝐄𝐧 𝐅𝐒𝐀𝐌 𝐁𝐂𝐀𝐅 𝐋𝐄𝐝𝐠𝐞𝐖𝐞𝐢𝐠𝐡𝐭𝐞𝐝𝐈𝐨𝐔 
𝐒𝐚𝐠𝐢𝐭𝐭𝐚𝐥 𝐓𝐨𝐧𝐠𝐮𝐞 𝐌𝐑𝐈 𝐂𝐨𝐫𝐨𝐧𝐚𝐥 𝐓𝐨𝐧𝐠𝐮𝐞 𝐌𝐑𝐈 

DICE (24.47) GNCC (83.89) SSIM (72.03) DICE (91.26) GNCC (80.41) SSIM (68.35) 

√    35.17 95.59 84.03 92.51 92.39 74.49 

 √   33.68 94.24 81.74 92.68 92.75 76.07 

√   √ 37.49 94.65 82.44 95.69 93.94 77.50 
 √  √ 37.92 93.58 83.89 95.71 94.06 77.41 

√ √  √ 39.74 94.90 82.65 95.79 94.13 77.34 

√ √ √ √ 42.72 94.73 82.19 96.21 94.16 77.54 
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Ablation results on tongue MRI datasets are shown in Table 1 and Fig. 3. Row 1 is our 

Baseline, which uses only the registration-encoder features 𝐹𝐸𝑛 without 𝐹𝑆𝐴𝑀, BCAF, 

and EdgeWeightedIoU loss. In single-feature decoding of Rows 1 and 2,𝐹𝐸𝑛 outper-

forms 𝐹𝑆𝐴𝑀 on sagittal data across all metrics, with DICE 35.17 versus 33.68 while 

𝐹𝑆𝐴𝑀excels on coronal data at DICE 92.68 versus 92.51, indicating that two feature 

types each suit a different view and are thus complementary. Adding EdgeWeightedIoU 

loss (Rows 3 and 4) consistently improves DICE on both views, with sagittal rising to 

37.49, 37.92 and coronal rising to 95.69, 95.71, confirming the loss's effectiveness in 

region alignment.  

Row 5, which fuses two features by simple concatenation, further enhances perfor-

mance (DICE: 39.74 sagittal, 95.79 coronal), verifying feature complementarity. Row 

6, the complete model that replaces concatenation with the BCAF module, achieves 

optimal DICE of 42.72 on sagittal and top performance across all metrics on coronal 

data. The slight GNCC/SSIM drop on sagittal data reflects a trade-off where larger de-

formations improve region overlap at a minor cost to global similarity, rather than a 

BCAF deficiency, as all three metrics improve on coronal data (DICE +0.42, GNCC 

+0.03, SSIM +0.2). Compared with concatenation, the BCAF module better exploits 

the two feature types, yielding the highest DICE on both views. 

 

Fig. 3. Visualization comparison of warped moving labels, fixed labels, and corresponding dif-

ference maps on sagittal and coronal views of tongue MRI in ablation experiments. 

3.3 Performance Comparisons with SOTA and Representative SAM 

Variants 

Table 2. Registration performance of different models and their SAM-fused variants on coronal 

tongue MRI and ACDC cardiac MRI datasets (parentheses: pre-registration results) 

Model（params） 
𝐂𝐨𝐫𝐨𝐧𝐚𝐥 𝐓𝐨𝐧𝐠𝐮𝐞 𝐌𝐑𝐈 𝑨𝑪𝑫𝑪 

DICE (91.26) GNCC (80.41) SSIM (68.35) DICE (89.11) GNCC (94.72) SSIM (93.57) 

VoxelMorph （3.68M） 91.95 85.31 67.64 90.69 96.88 86.74 

TransMorph （34.62M） 56.21 71.52 43.98 94.06 98.01 88.21 

LDMMorph （35.11M） 92.11 92.59 73.61 94.52 98.79 90.76 

our Baseline （7.76M） 92.69 92.97 76.38 94.69 99.03 92.15 

VoxelMorph+SAM 95.88 92.68 74.56 94.54 98.11 87.42 

TransMorph+SAM 91.43 85.13 59.61 94.24 97.69 86.42 

our Baseline+SAM 96.01 94.48 77.32 95.06 98.88 91.72 

As shown in Table 2 and Fig. 4, we compare our method with VoxelMorph, Trans-

Morph [28], and LDM-Morph [29] on coronal tongue MRI and ACDC cardiac MRI 
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datasets and implement SAM-fused variants of these models and our Baseline. Here, 

each '+SAM' variant denotes a registration network equipped with our full SAM 

scheme: 𝐹𝑆𝐴𝑀, BCAF module, and the EdgeWeightedIoU loss.  Parameter counts are 

reported to evaluate efficiency. 

Without our SAM scheme, VoxelMorph (3.68M) shows moderate performance. 

TransMorph (34.62M) suffers from severe interference from complex head-neck tis-

sues, with tongue DICE dropping to 56.21 (GNCC:71.52, SSIM:43.98), while cardiac 

performance remains relatively stable, indicating pure attention networks easily lose 

target features in complex images. LDM-Morph (35.11M) outperforms VoxelMorph 

and TransMorph, but still falls short of our Baseline. In contrast, our Baseline (7.76M) 

surpasses all competing methods on both datasets with far fewer parameters, validating 

the efficiency of our Swin-Intern encoder. 

Integrating our SAM scheme consistently improves tongue MRI performance across 

all three registration networks. VoxelMorph+SAM shows steady improvements across 

metrics, confirming SAM’s generalization ability. TransMorph+SAM boosts tongue 

DICE to 91.43, but its GNCC (85.13) and SSIM (59.61) gains lag far behind, reflecting 

that pure attention networks struggle to balance detail preservation and multi-metric 

optimization. Our Baseline+SAM achieves the best overall performance, ranking first 

on all coronal tongue MRI metrics and attaining the highest DICE on ACDC, demon-

strating that our SAM scheme combines effectively with a well-designed registration 

encoder. 

 

Fig. 4. Qualitative registration results and displacement field visualizations of all com-pared 

models on Coronal Tongue MRI and ACDC cardiac MRI datasets. 

4 Conclusion 

This study presents a novel SwallowReg architecture for dynamic tongue cine-MRI to 

assess postoperative swallowing function in tongue cancer patients. It extracts global-
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local features by Swin-Intern blocks, and fuses them with SAM semantic priors through 

the BCAF module. It further adopts an EdgeWeightedIoU loss to refine anatomical 

boundary alignment. Experiments on a private tongue dataset and the public ACDC 

dataset demonstrate that it outperforms SOTA methods with efficient parameters, 

higher alignment accuracy and stronger motion field robustness, showing its practical 

value for clinical evaluation. 
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