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Abstract. The precise fusion of Cone Beam Computed Tomography
(CBCT) and 3D Intraoral Scans (IOS) is essential for constructing digital
dental models in stomatology. Despite its importance, automated align-
ment remains challenging due to the scarcity and limited accessibility
of open-source datasets, discrepancies in cross-source resolution, and the
complex topology of dental structures. To address these limitations, we
introduce a newly curated multimodal dataset comprising 425 patients,
along with the Anatomy-Aware Geometric Transformers (AAGT)—a
novel registration framework specifically designed for dental imaging fu-
sion. Unlike conventional models, AAGT incorporates anatomy-aware
priors to effectively capture high-frequency anatomical features. By in-
tegrating surface topologies and spatial attributes through a topology-
enhanced attention mechanism, our framework emphasizes discrimina-
tive landmarks and robustly mitigates challenges posed by metal artifacts
and resolution inconsistencies. Extensive experiments demonstrate that
AAGT achieves state-of-the-art performance, and external validation
confirms its effectiveness in preserving distinct dental anatomy, enabling
reliable and fully automated clinical workflows. The data and code are
publicly available at https://github.com/AI4MyBUPT/DIgital-dental.

Keywords: Dental Registration · Multi-Modality Fusion · Geometric
Deep Learning.

1 Introduction

The construction of Digital Dental Models—entailing the precise reconstruc-
tion of patient anatomy—is fundamental to modern stomatology [14,19,20]. This
process relies on fusing multi-modal data: Cone Beam Computed Tomography
(CBCT) for internal volumetric structures (e.g., tooth roots) and 3D Intraoral
Scans (IOS) for high-precision surface details. Accurate alignment of these ge-
ometrically distinct datasets is a prerequisite for clinical safety; for instance, in
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implant surgery, registration errors can compromise surgical guide precision and
risk nerve damage [8]. However, current clinical workflows [15] are highly de-
pendent on manual operation or traditional algorithms, which suffer from ineffi-
ciency, operator variability, and sensitivity to initialization. Furthermore, current
methods [4,25] often fail to robustly handle the significant density discrepancies
and metal artifacts inherent in dental data, highlighting the urgent need for a
robust, automated solution capable of leveraging anatomical geometric priors.

Clinically, registration remains dominated by manual annotation and tradi-
tional geometric algorithms [1,5,23] like the Iterative Closest Point (ICP) [3].
However, ICP’s non-convex nature makes it highly sensitive to initial misalign-
ments and prone to local optima. Moreover, ICP lacks robustness against oc-
clusions, density variations, and topological artifacts common in IOS-CBCT
matching. Although Random Sample Consensus (RANSAC) [7] improves noise
tolerance, its computational cost is prohibitive for high-dimensional dental point
clouds. Recent AI-based methods [16,22] have attempted to automate this pro-
cess but often retain traditional algorithmic components for the core alignment
task, failing to fully resolve the bottlenecks of limited accuracy and efficiency.

To overcome these limitations, formulating registration as a point cloud prob-
lem allows leveraging deep learning advances. State-of-the-art methods [9,18,24,28]
have demonstrated success in generic scenes by modeling correspondences or en-
coding geometric structures. However, directly applying these generic models to
dentistry is suboptimal. Teeth exhibit unique topological structures character-
ized by specific curvature features and normal distributions. General-purpose
geometric encoders tend to prioritize low-frequency semantic information, inad-
vertently smoothing these critical high-frequency anatomical details. This under-
utilization of fine-grained geometry leads to insufficient accuracy in complex
occlusal scenarios, failing to meet the rigorous standards of clinical precision.

Addressing these gaps, we propose Anatomy-Aware Geometric Trans-
formers (AAGT), a fully automatic framework tailored for cross-source dental
registration. Diverging from methods [18,24,28] dependent on ambiguous low-
frequency semantics, AAGT explicitly exploits the rich surface topology. Specif-
ically, the lightweight Equivariant Saliency Weighting Module (ESWM)
encodes surface information to derive saliency weights. Subsequently, the Anatomy-
Aware Embedding (AAEmbedding) captures topological priors, while the
Anatomy-Aware Transformer (AATransformer) deeply fuses these with
spatial contexts. This anatomically guided strategy directs focus toward highly
discriminative anatomical features, ensuring robust alignment despite metal ar-
tifacts and resolution discrepancies. Our contributions are as follows:

1. We present the first end-to-end registration network for 3D IOS and CBCT
images that explicitly incorporates surface priors into the deep learning
pipeline.

2. We design ESWM, AAEmbedding and AATransformer to jointly learn
semantic and structural features. This mechanism significantly enhances ro-
bustness against metal artifacts and resolution discrepancies, outperforming
existing methods in accuracy and efficiency.
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Fig. 1. The architecture of AAGT. It consists of three parts: Feature Extracting, Fea-
ture Matching, and Transformation Estimation. The lower left shows the ESWM part
of the dual-stream strategy in Feature Extracting, and the lower right shows the AA-
Transformer part in Feature Matching.

3. We release a challenging multi-modal clinical dataset. This addresses the
critical scarcity and inaccessibility of open-source datasets caused by the pro-
hibitive cost of acquiring strictly paired IOS-CBCT data and labor-intensive
curation, with code and data publicly available.

2 Method

To ensure valid overlap, we isolate the dentition from CBCT via nnU-Net [11],
eliminating non-corresponding anatomy (e.g., jaws, soft tissue). The source point
cloud P = {pi ∈ R3}Ni=1 is then reconstructed using Marching Cubes [13]. We
aim to estimate a rigid transformation T = {R, t} (R ∈ SO(3), t ∈ R3) aligning
P to the IOS target Q = {qi ∈ R3}Mi=1. The transformation can be solved by:

min
R,t

∑
(p∗

xi
,q∗yi

)∈C∗

∥R·p∗xi
+ t− q∗yi

∥22. (1)

Here C∗ is the set of ground-truth correspondences composed of matched point
pairs (p∗xi

, q∗yi
). As depicted in Fig. 1, we adopt a coarse-to-fine framework

[18,26,27] where a dual-stream backbone PARE-Conv [24] and ESWM (Sec.
2.1) jointly encodes semantic and geometric features. To enhance discriminabil-
ity, AAEmbedding (Sec. 2.2) explicitly integrates anatomy aware priors into
the AATransformer (Sec. 2.3). Finally, the initial pose is generated via a Hy-
pothesis Proposer and refined by optional ICP refinement.
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2.1 Equivariant Saliency Weighting Module (ESWM)

To further suppress non-overlapping outliers and encode surface information, we
design the lightweight Equivariant Saliency Weighting Module (ESWM).
ESWM employs siamese architecture leveraging the Vector Neuron (VN) paradigm
[6] to ensure SO(3) robustness. Given input points P and normals Vin, the
rotation-equivariant embedding is computed via vector-space convolutions to
preserve directionality:

Feq = ΦRes (ΦBlock(P, Vin)) , (2)

where ΦBlock and ΦRes denote PARE-Conv Block and ResBlocks [24]. Subse-
quently, Feq is projected into a rotation-invariant space via a VN-Standardization
layer (Ψstd) to fully capitalize on the interplay between rotation equivariance and
invariance, and then concatenated with the explicit surface curvature κ:

Ffinal = Concat (Ψstd(Feq), κ) , (3)

Finally, a shared MLP [17] outputs a probability weight wi for each point:

wi = MLP(Ffinal). (4)

2.2 Anatomy-Aware Embedding (AAEmbedding)

Illustrated in Fig. 2, Anatomy-Aware Embedding (AAEmbedding) cap-
tures intrinsic dental topology by transcending the limitations of fixed-scale
approaches [18,24]. Specifically, it employs learnable sensitivity parameters to
adaptively fuse curvature and normal anatomically-aware details with spatial
contexts, thereby resolving structural scale discrepancies.

Given a set of superpoints P = {pi}Ni=1 with normals {ni} and curvature
{ci}, we compute three core primitives: Euclidean distance di,j = ∥pi − pj∥2,
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Fig. 2. Anatomy-Aware Embedding. Left is an illustration of the point pair feature
angles and curvature difference. Right is the computation graph of the Anatomy-Aware
Embedding.
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angles (αi,j , βi,j , γi,j), and curvature difference δci,j = |ci − cj |. Learnable log-
scale parameters σ = {σd, σa, σc} adaptively normalize these primitives, allowing
the network to automatically adjust sensitivity to spatial and shape variations:

rdi,j = ψ(di,j/e
σd), rci,j = ψ(δci,j/e

σc), (5)

where ψ(·) denotes the sinusoidal positional encoding function [21].
To preserve angular correlations within the local reference frame, we con-

catenate the embeddings of three angles prior to projection. Furthermore, a
deep MLP fuses the distance, angle, and curvature embeddings. This design en-
ables the distinction between close-range points with sharp edges and those on
flat surfaces. The final embedding raai,j is:

rfi,j = L ([ψ(αi,j/e
σa)⊕ ψ(βi,j/e

σa)⊕ ψ(γi,j/e
σa)]) , (6)

raai,j = MLP(rdi,jW
D ⊕ rci,jW

C ⊕ rfi,jW
F ). (7)

where ⊕ denotes concatenation, L represents a linear projection and WD, WC ,
WF are trainable weights. raai,j is subsequently fed into the AATransformer for
attention learning.

2.3 Anatomy-Aware Transformer (AATransformer)

We introduce the Anatomy-Aware Transformer (AATransformer) to ex-
plicitly encode both rotation-invariant and equivariant surface geometry. Given
input H ∈ RN×dt , the output Z is computed via weighted aggregation:

zi =

N∑
j=1

αi,j(hjWV ), (8)

where attention weights αi,j are derived via a row-wise Softmax on the align-
ment scores ei,j . We inject geometric priors to resolve ambiguity in feature-poor
regions, defining the alignment score ei,j as:

ei,j =
(hiWQ)(hjWK + rpi,jWP + raai,jWAAwi)

T

√
dt

. (9)

Here, WQ,WK ,WV ,WP ,WAA ∈ Rdt×dt represent the learnable projection
matrices for Query, Key, Value [21], point-wise structure embedding [24], and
anatomy-aware prior embedding, respectively. The terms wi, raai,j , and rpi,j inte-
grate features from ESWM, AAEmbedding, and GeometricEmbedding [18],
respectively, ensuring robustness against complex dental topology. Finally, to
bridge local descriptor isolation, we employ Cross-Attention [18] to facilitate
interaction between source P and target Q.
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2.4 Loss Functions

To supervise the ESWM, we employ a weighted Binary Cross-Entropy (BCE)
loss. Ground-truth labels yi ∈ {0, 1} are generated by transforming the source
P via Tgt, where points within distance τdist are labeled positive. The loss is
defined as:

Lweight =
∑
X∈P

1

|X|

|X|∑
i=1

− [αiyi log(si) + (1− yi) log(1− si)] (10)

where si denotes the predicted saliency and αi = λpos · yi + (1 − yi) applies a
penalty factor λpos to upweight positive samples, compelling the network to focus
on overlapping structures. The overall objective is then formulated as Ltotal =
Lc + Lf + Lr + Lweight, where the first three terms follow PARE-Net [24].

3 Experiment

3.1 Experiment setup

Tasks and Datasets To address the challenges of registration in complex clini-
cal scenarios, we construct and release a large-scale, challenging dataset for den-
tal multi-modality registration. The de-identified dataset was collected at Peking
University School and Hospital of Stomatology with IRB approval (PKUSSIRB-
2025115199). This dataset comprises 425 subjects, consisting of paired maxillary
and mandibular models, totaling 850 pairs of intraoral scans. Facilitating the fu-
sion of Digital Dental Models, our dataset consists of paired CBCT and IOS
scans acquired from the same patients. This configuration establishes a rigorous
benchmark for cross-modality registration, challenging algorithms to resolve the
metal artifacts and inherent resolution between volumetric reconstruction and
optical surface acquisition. Following the standard protocols established in Geo
[18], we partition the 425 subjects into training, validation, and testing sets with
a ratio of 315 (630 pairs), 55 (110 pairs), and 55 (110 pairs), respectively.

Implementation Details Our framework was implemented in PyTorch and
trained on a NVIDIA RTX 4090 GPU. The network parameters were optimized
using the Adam optimizer [12] for 250 epochs. The weight decay was set to
1× 10−4. To comprehensively assess point cloud registration quality, we report
standard geometric metrics: Inlier Ratio (IR), Relative Rotation Error (RRE),
Relative Translation Error (RTE), Root Mean Square Error (RMSE), and Regis-
tration Recall (RR) [10]. Beyond geometric metrics, we also conducted a rigorous
external validation to verify the potential of our method in clinical workflows.

3.2 Results

Quantitative Comparison. Table 1 presents the quantitative comparison
against state-of-the-art methods. Our proposed AAGT demonstrates superior
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Table 1. Quantitative results on our dataset. We compare the IR, RRE, RTE, RMSE,
and RR with different methods. Bold text indicates the best results, and our method
outperforms state-of-the-art baseline methods.

Methods
IR

(%) ↑
RRE
(◦) ↓

RTE
(mm) ↓

RMSE
(mm) ↓

RR
(%) ↑

Predator [9] 0.470 29.055 2.633 7.403 0.319
Geo [18] 0.545 1.679 0.187 0.503 0.982
PARE [24] 0.604 0.256 0.095 0.118 0.991
AAGT(ours) 0.635 0.226 0.078 0.104 0.999

performance across most key metrics. Specifically, AAGT achieves the highest
IR of 0.635, indicating its exceptional capability in identifying reliable corre-
spondences even in dental scans with limited overlapping regions. Crucially, for
clinical applications where precision is paramount, our method significantly re-
duces registration errors. Compared to the second-best method (PARE), AAGT
reduces the RRE by 11.7% and RTE by 17.9%. The RMSE of 0.104 and RR
of 0.999 suggest that our registration accuracy reaches the sub-millimeter level,
which satisfies the strict requirements for orthodontic treatment planning.

Qualitative Visualization and Error Distribution Due to the scarcity
of deep learning methods specifically designed for IOS-CBCT registration, we
benchmark our proposed method against the current SOTA models in generic
3D point cloud registration, namely Geo [18] and PARE [24]. To comprehen-
sively assess registration fidelity, we present a multi-view visualization analysis
in Fig. 3 comparing AAGT against these strong baselines. We first visualize the
spatial distribution of RMSE and KD-Tree [2] distance weighted error on both
maxillary and mandibular models (a-b). The deviation error is color-coded, with
blue representing negligible error (< 0.06 mm) and red indicating significant
misalignment (> 0.24 mm). As illustrated, baseline methods exhibit consider-
able errors, particularly around the gingival margins and molar cusps, where
curvature changes sharply. In contrast, AAGT achieves a uniformly low-error
alignment across the entire dental arch. Clinically, this high precision on the oc-
clusal surfaces is critical, as it guarantees the accurate fabrication of orthodontic
appliances and ensures proper bite function post-treatment.

To verify internal anatomical correspondence, we projected the registered
IOS contours back onto the CBCT slices (c-d) as rigorous external validation.
We performed external validation using data containing orthodontic brackets. As
evident in the CBCT slices, the presence of high-density metal brackets induces
severe metal artifacts, which obscure distinct tooth boundaries and introduce sig-
nificant noise. Meanwhile, we selected two challenging Regions of Interest: the
Anterior Region (high aesthetic requirement) and the Molar Region (high occlu-
sion stability requirement). Visual inspection reveals that the contours generated
by AAGT tightly delineate the tooth boundaries in the CT images, achieving
near-perfect overlap with the anatomical structures. Conversely, Geo [18] and
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Table 2. Ablation study on our dataset. The table is split by study groups (ESWM
& AATransformer and Embedding module). Bold text indicates the best results.

Type IR(%) ↑ RRE(◦) ↓ RTE(mm) ↓ RMSE(mm) ↓

baseline 0.604 0.256 0.095 0.118
w/AATr, w/o ESWM 0.614 0.343 0.129 0.161
w/AATr, w/ ESWM 0.627 0.237 0.094 0.115

Extra_Points Ori_Points IR(%) ↑ RRE(◦) ↓ RTE(mm) ↓ RMSE(mm) ↓

w/ GeoEmbed w/ GeoEmbed 0.627 0.237 0.094 0.115
w/ AAEmbed w/ AAEmbed 0.601 0.257 0.090 0.120
w/ AAEmbed w/ GeoEmbed 0.635 0.226 0.078 0.104
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Fig. 3. Visual comparison between our method, Geo [18], and PARE [24]. (a)-(b) are
the heatmaps of RMSE and KD-Tree [2] distance weighted error for the maxillary and
mandibular dentition, respectively; (c)-(d) are the results of external validation. We
projected the registered IOS onto the CT image and compared the registration errors.

PARE [24] show visible gaps and drift, with deviations exceeding 0.6mm in some
areas. This further confirms that our method achieves sub-pixel level accuracy,
providing reliable data fusion for root-crown integration in stomatology.

Table 2 details our ablation studies. Removing individual components con-
sistently degrades performance, confirming their indispensability for robust reg-
istration. Notably, applying AAEmbedding directly to raw superpoints with re-
constructed curvature and normals yielded suboptimal results. We attribute this
to sparse superpoints lacking local manifold continuity; estimating differential
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geometry on such centroids introduces high-frequency noise and normal pertur-
bations, corrupting the embedding space and degrading registration fidelity.

4 Conclusion

This paper introduces AAGT, a geometry-guided framework for automated
dental image registration that facilitates the precise construction of digital den-
tal models. By explicitly embedding Anatomy Aware priors into a transformer
architecture, our method effectively preserves high-frequency anatomical details.
Experiments on a large-scale clinical dataset demonstrate that AAGT achieves
state-of-the-art performance and exhibits superior robustness against metal ar-
tifacts and resolution discrepancies compared to existing methods. Meanwhile,
a challenging multi-modal clinical dataset will be publicly available.
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