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Abstract

Intraoral scan (1oS) provides high-resolution data on the
tooth crown, but does not contain information on the tooth
root and thus has limitations in applications requiring 3D
models of the whole tooth, e.g., virtual dental simula-
tors. In this paper, we consider a diffusion-based model
for root completion from IoS crowns. A key challenge
is the lack of ground truth, i.e., the scan data of roots
are typically unavailable. To train our model, we instead
use the Cone-Beam CT (CBCT) data matched to 1oS im-
ages, and use its crown as input and root as the pseudo-
ground truth. Due to the difference in input data between
training (CBCT crown) and inference (IoS crown), there
is an issue of domain shift. To address the issue, we
take a coarse-to-fine approach: we make a coarse pre-
diction of roots using Coarse Estimator; introduce Per-
turbed Patch Generator (PPG) which generates patches
from coarse points and perturbs them with noise for a ro-
bust prediction against the domain shift; and use Trans-
former denoiser for refined reconstruction. We also pro-
pose loss functions designed to facilitate the training of the
denoiser with perturbed patches. Experiments show that
our method outperforms prior techniques in various bench-
mark evaluations, demonstrating its robust performance in
generating high-quality root data. Our code is available at
https://github.com/yhJang94/RootCompletion. git.

1. Introduction

Intraoral scan (IoS) has become a standard practice in mod-
ern dentistry due to its ability to capture high-resolution de-
tails of the tooth crown in a non-invasive manner [15][1].
Unlike traditional impression-taking methods, oS provides
a digital representation of dental structures without causing
discomfort or tissue damage. However, a major limitation
of IoS is that it lacks information on the tooth root, which
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Figure 1. Generation of root structures from Intraoral scans (IoS)
of crowns without ground-truth root data.

is essential for many applications [17][12][6]. For instance,
VR/AR-based tooth extraction planning necessitates an ac-
curate root structure to ensure safe and effective extraction
procedures [20].

In this paper, we consider the problem of completing
the root from IoS crowns based on diffusion models (see
Fig. 1). The main difficulty is that the root scan data are
hardly available, which implies the absence of ground truths
to train diffusion models. To overcome the difficulty, we
instead utilize Cone-Beam CT (CBCT) imaging which pro-
vides a 3D voxelized information on maxillofacial regions
[5]. We prepare CBCT data of the subject matched to given
IoS data, and segment the CBCT images to extract crown
and root parts. CBCT crowns are used as input and CBCT
roots are used as ground truth during training. IoS crowns
are used during inference (completion). However, there ex-
ists a domain gap between input data for training and infer-
ence. For example, the crown from CT segmentation (train-
ing data) has imprecise boundaries, and mesh conversion
from CT voxels for surface extraction causes point location
errors relative to IoS crown meshes (inference data). In ad-
dition, we separate the crown and root of CT data to prepare
the training data. The separation is based on the mesh reg-
istration to crown reference provided by IoS data, which is
subject to registration error. Those factors of inaccuracies
cause a domain shift, hampering the generalization capabil-



ity of the model.

In this study, we propose a novel framework for root
completion using a Transformer-based diffusion model. We
take a coarse-to-fine approach: a coarse prediction of roots
is made from input crown, from which noisy patches are
generated and refined with a denoiser. To make the model
robust to domain shift, we propose the Perturbed Patch Gen-
erator (PPG). The PPG applies perturbations to the coarse
estimate of roots, and the model is trained to reconstruct
roots in the presence of perturbation. This makes our
model resilient to estimation errors. Moreover, we intro-
duce Patch-wise Denoising Loss (PDL) which concerns de-
noising patches of output point cloud selected to represent
the overall geometric structure of the root. By focusing on
denoising representative patches, PDL facilitates the opti-
mization of our diffusion model, leading to improved qual-
ity of generation. Experiments show that our method out-
performs the baseline models in both quantitative and qual-
itative aspects. Our contributions are summarized as fol-
lows: (i) we propose a novel framework for high-quality
root completion from IoS crowns using Transformer-based
diffusion; (ii) we develop Perturbed Patch Generator to
make the model robust against the estimation errors caused
by domain shift; (iii) we propose Patch-wise Denoising
Loss which enhances structural consistency of generated
roots by denoising patchified outputs.

2. Related Work
2.1. Point Cloud Completion.

Point completion aims to reconstruct the complete 3D shape
from partial point clouds. PointNet [18] employs MLP
independently on each point, achieving permutation in-
variance through global pooling. Building on this, PCN
[30] introduced the first learning-based completion method
with an encoder-decoder structure. Subsequent methods
[21][26][23] have introduced hierarchical decoding to en-
hance reconstruction quality. For instance, TopNet [21]
uses a tree-structured decoder to progressively expand point
sets from latent features, while GRNet [26] converts point
clouds into voxel grids, employing a coarse-to-fine strategy
with 3D CNN and Gridding Residual Modules. Recent ad-
vancements have shifted towards transformer-based frame-
works [24][28][31][27][29] to model long-range dependen-
cies in point cloud completion. The skip-attention network
[24] enhances feature transfer with skip connections be-
tween PointNet++ [19] encoders and decoders. PoinTr [28]
transforms points into patches and uses a geometry-aware
transformer for better structural capture, an idea extended
by SeedFormer [31], which gradually generates fine out-
put from patch seeds. AdaPoinTr [29] futher refines PoinTr
with adaptive denoising queries to select meaningful coarse
points. Point clouds from different methods can exhibit do-

main shifts, even with the same object. Our model focuses
on recovering fine geometric details under such conditions.

2.2. Point Cloud Generators.

The generation of 3D points facilitates the expansion of
point cloud processing into broader research domains. Ini-
tial generative models emerged from variational autoen-
coders (VAEs) [11] and generative adversarial networks
(GANs) [8]. VRCNet [16] aligns input data with the
ground-truth distribution using a shared encoder. Similarly,
MM-Completion [25] maps input data to the target distribu-
tion with a pretrained VAE and refines the output through
a GAN discriminator. Recently, diffusion-based models
[14][4][10][3] have demonstrated performance in produc-
ing high-quality point clouds. For instance, PDR [14] em-
ploys a PointNet-based diffusion model for both coarse and
fine stages. Other methods [4] introduce learnable rigid
transformations to preserve structural integrity. These diffu-
sion models are capable of generating high-quality data and
exhibit inherent randomness. Consequently, some studies
[25][3] propose distribution-based metrics for evaluation.
Our approach uses a transformer-based diffusion model at
the fine stage.

3. Preliminaries

3.1. Problem statement

Our goal is to complete the root part of the given oS crown,
for which we design a diffusion-based model. A key chal-
lenge is that the ground truth, the scanned root data, is typ-
ically unavailable. Alternatively, we prepare the matching
CBCT data of the same subject as the IoS data. Our model
is trained with the CBCT crown regarding the CBCT root
as the pseudo-ground truth. However, there exists a domain
gap in the input data between training (CBCT crown) and
inference (IoS crown). The gap is not simply due to the
difference in resolution; it arises mainly from the process-
ing steps required to generate crowns and roots from CBCT
data. Specifically, it results from (1) CT tooth segmenta-
tion errors, (2) mesh conversion errors for surface extrac-
tion, and (3) registration errors when separating CT teeth
into crowns and roots. To quantify this gap, we measured
the Fréchet point cloud distance between downsampled IoS
crowns and registered CT crowns, obtaining 0.51. This is
higher than the 2 x 10~* observed between random down-
samples of the same [0S crown, indicating a domain shift.
Also, our problem can be regarded as more ill-posed than
typical point completion problems. A significant part (root)
of the target for the completion (the whole tooth) is missing
from the target. Thus, our completion task can be positioned
in-between reconstruction and generation; but still our task
requires that the generated root be smoothly connected to,
and be anatomically consistent with, the input crown, which



poses a significant challenge.

3.2. Diffusion model

Recently, Denoising Diffusion Probabilistic Models
(DDPM) [9] have been widely used for the generation of
medical data. In this study, we use DiffPMAE [13] for root
completion. DiffPMAE integrates a masked autoencoder
(MAE) with diffusion processes, enabling the concurrent
learning of geometric information and detailed local
features of 3D objects. The MAE framework partitions the
point cloud into two regions: the visible region and the
masked region. Specifically, the crown region, denoted as
x¢, is considered visible, while the root region, denoted
as x”, is treated as masked. During the forward diffusion
process, Gaussian noise is incrementally applied solely to
the root region. The noisy representation of the root at
diffusion step ¢, denoted as xy, is given by

il?; = dth + v 1-— Qe (l)

where € ~ N(0,I) is standard Gaussian noise, and & is the
cumulative product of noise scaling factors up to step ¢.
The decoder within the DiffPMAE framework is trained
to predict the ground truth root data, enhancing the preci-
sion of generated root structures. The crown region remains
unchanged, serving as geometric guidance for denoising.
The decoder is trained to predict zj_; based on noisy root
«} and the encoded crown patches E(z§) where ¢ is the dif-
fusion time step. The sampling of z}_; from ] is given by
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where x,, denotes the root predicted by the decoder based
on zj and E(z§), and oy, B¢, oy are noise schedules at time

step ¢.

4. Method
4.1. Root Completion Module

Overview. An overview of our method is shown in Fig. 2.
We adopt a coarse-to-fine framework, where perturbations
are applied to coarse points, and the output point cloud is
refined based on the perturbed patches.

Coarse Estimator A set of patches is created from the input
point cloud of a crown. The center points of patches are first
sampled from input using Farthest Point Sampling (FPS),
and the K-Nearest Neighbors (KNN) of a center point is
set as the patch. We use this process to produce P patches
(P = 128) where the number of points in a patch is K
(K = 32). Next, a class embedding is computed based
on the standard tooth number of the input crown, which
identifies the tooth type. The patches and class embeddings
are processed by a Transformer encoder, and we obtain the

latent representation of P crown patches of dimension D
(D = 384). A coarse prediction of the points of the tooth
root is made based on the latent crown patches (Fig. 2)
where an MLP is used to generate an initial estimate of N
root points (IV = 384).

Perturbed Patch Generator. The coarse points are pro-
cessed by Perturbed Patch Generator (PPG) which we pro-
pose as a key module as follows. The coarse estimate of
root points is obtained from CBCT crown during training,
but will be from IoS crown during inference. Thus, the
model will see a different distribution of coarse estimate at
inference from that of training. We regard the estimate at
inference as a distributionally shifted version of those seen
during training. To make the model robust to distribution
shifts, we deliberately perturb a subset of coarse estimates
with random noise, and use the perturbed estimates to cre-
ate patches which are used for refined reconstruction.

With the proposed module, our model is expected to
learn to reconstruct the root in the presence of input per-
turbation. Note that the perturbation is applied only during
training as shown in Fig. 3. The PPG module is designed as
follows. Denote the points generated from the coarse esti-
mator by zg € RV*3. We apply FPS to x4 to extract a sub-
set of M points (M = 64) from x¢. The extracted points
are perturbed by Gaussian noise with variance p? where p
is a hyperparameter (p = 0.01). The M perturbed points
are merged with the original N, and an MLP is applied to
the merged points to compute the importance of each point.
The top-N ranked points in importance, which are denoted
by %y, are selected. These points will be used as center
points of patches. The rationale behind obtaining the per-
turbed points by applying FPS with Gaussian noise to the
coarse estimate is as follows. Those operations make the
perturbed points as a whole retain the shape of root from
the coarse estimate and do not deviate excessively from the
initial estimate. To guide the selection of points, we im-
pose a loss Leoarse Such that perturbed samples g are close
to a rough shape of the ground truth, or FPS samples of xj
denoted by FPS(x}), given by

ﬁcoarse = ‘CCD(fﬁ’a FPS(IS)) (3)

where Lcp is Chamfer Distance-L.2 loss [7]:

XY)= : _ 2 : o 2
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Fine Generator. Patches of noisy root points x; at diffusion
time step ¢ are generated using perturbed center points Zg.
Let KNN(z, y) denote the set of patches by applying KNN
to points in z with respect to the patch center points in y.
The patches are obtained by

Py = KNN(z}, Zp) (5)
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Figure 2. Overview of the proposed framework. The input partial points are divided into patches using Farthest Point Sampling (FPS) and
K-Nearest Neighbor (KNN), then processed by a Transformer Encoder to extract latent features. A coarse estimator predicts the coarse
points of roots based on latent features. We introduce Perturbed Patch Generator (PPG) to enhance model robustness and stability by
adding a small perturbation into the coarse estimate during training. The generated patches are refined with a Transformer Denoiser to

generate the fine details of the root.

~ Perturbed Patch Generator (PPG)

X
z

— [ =

MLP

—>

N x3

.
|

b
(N+M)x3

FPS + Noise

Coarse Root

Top-K
Selection

Inference (skip perturbation)

Figure 3. Illustration of the Perturbed Patch Generator (PPG), which mitigates domain shift between training and inference. During training,
perturbations are added to the coarse root to enhance robustness. Inference proceeds without perturbations, ensuring stable predictions.

Based on perturbed coarse points, we obtain /N patches
(N = 384), where each patch consists of K neighboring
points (K = 32). The root and crown patches are pro-
cessed and input to a Transformer denoiser. The denoiser
output denoted by ., is given by

gen
Igen = D(zgvtvE(Ig)vﬁG) (6)

For training, we use a denoising loss based on Chamfer
Distance-L2 given by

Leine = ACCD(-Tgem 56’6) ™
For inference, x}_ is estimated using Eq. (2) from ] and
Tgen in Eq. (6).

4.2. Optimization

Patch-wise Denoising Loss. We introduce a novel loss
function for patch-based denoising. The overall denoising

loss (7) focuses on the consistency of generated output in
a point-wise manner. We propose that if we use patches
which reflect the geometric features of the ground truth
well and impose consistency on those patches, the optimiza-
tion for denoising will be more focused and effective. The
Patch-wise Denoising Loss (PDL) is proposed as follows.
Given model output z., and ground truth 2y, we patchify
each of them where the patch centers are given by FPS of )
so that the patches uniformly cover the ground truth to re-
flect its original shape well due to the property of FPS. The
KNN is applied to the patch centers FPS(xj) to generate
patches, and the Chamfer Distance-L2 is used to evaluate
the consistency:

Lepr, = Lcp(KNN(zge,, FPS(2) ), KNN(2, FPS(27)))

®)
Experiments show that PDL significantly improves the
model performance.
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Figure 4. Qualitative comparison of generation of dental roots (red points) with the identical oS crown (black points). The baseline models
have issues with the generation (in green boxes) as follows: PoinTr and Geoformer generate roots along the crown’s boundary but fail to
maintain continuity. AdaPoinTr and Seedformer struggle to produce well-defined roots. The roots generated by PDR encroach on the

crown or appear disconnected.

Repulsion Loss. We observed that, when excessive per-
turbation is added to the predicted coarse points in PPG,
the overlapping regions between generated patches tend to
grow large. Such clustering of patches is undesirable, be-
cause the patches should be uniformly distributed to cover
and capture the overall shape. To address this issue, we
use Repulsion Loss [22] to prevent excessive clustering and
promote a more uniform distribution of points. The loss is
given by

N
1
[frepul = N E E (RCLU(O& — dij))Q (9)
i=1 jeN ()

where N is the number of points, Ny (z;) is k-nearest neigh-
bors of z; (k = 1), and « is a predefined repulsion threshold

(o« = 0.05). In conclusion, the overall loss is
Elotal = Ecoarse + Lﬁne + ACPDL + A Erepul (10)

where ) is a hyperparameter (A = 0.1) for balancing losses.

5. Experiment

5.1. Experimental Setup

Dataset. This study obtained 3,282 tooth samples from
143 anonymized pairs of CBCT and IoS scans from
(anonymized) institution. The samples were divided into
2,502 CBCT scans for training, 224 for validation, and 556
IoS scans for testing. Institutional Review Board approval
was obtained (IRB No. (anonymized)). The CBCT images
have a resolution of 768 x 768 x 576 with a voxel size of
0.3 x 0.3 x 0.3 mm?3. IoS scans were obtained using Medit
1500 scanner in an in-vivo resolution of 50 pm. Each tooth
was independently annotated by two experts and verified by
an oral and maxillofacial surgeon. We aligned the paired
CBCT and IoS data using the Iterative Closest Point (ICP)
algorithm [2] and split the CBCT teeth into crown and root
regions. The crown and root were downsampled to 4,096
and 12,288 points, respectively, via FPS.

Baselines. We compare our model with the following base-
line methods for point completion. PoinTr [28] uses a
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Figure 5. A visualization of crown-root pairs across different do-
mains. The discrepancy in modality and registration errors often
result in a mismatch between the CT root and the IoS, especially
near boundaries (center). In contrast, the predicted root forms a
more natural and anatomically plausible structure (right).

geometry-aware transformer with KNN-based relations and
DGCNN feature aggregation. AdaPoinTr [29] estimates
missing points through a dynamic query bank derived from
input points and encoder outputs. SeedFormer [31] intro-
duces Patch Seeds to encode positional and feature infor-
mation for local geometries. PDR [14] is a diffusion model
designed with a PointNet-based dual-path architecture. Ge-
oFormer [27] incorporates 2D multi-view images and par-
tial point clouds for prediction. DiffPMAE [13] is excluded
from the baseline, because it requires a coarse set of ground
truth points within the region of reconstruction; in our task,
the whole root region is missing.

Evaluation Metrics. We consider two types of metrics for
quantitative evaluation due to the mismatch between modal-
ities as follows. The inference output from our model is a
root completed naturally from the given IoS (right, Fig. 5).
However, the CT root which is used as a (pseudo-) ground
truth, does not have smooth boundaries with the IoS crown
due to the difference in modalities (center, Fig. 5). Thus, a
direct evaluation of the reconstruction accuracy of the gen-
erated roots against CT roots as a whole is inappropriate due
to the modality gap near the crown-root boundaries. We in-
stead consider two types of metrics: (i) distribution-based
metrics, comparing the distributions between generated and
CT roots, are utilized to assess the overall quality of gener-
ated outputs; (ii) reconstruction accuracy of generated roots
against CT roots is measured after removing the root points
near the crown-root boundaries to exclude the effect of in-
herent modality gap in the data. Below, we describe the
metrics in detail.

For distribution-based metrics, we use Maximum Mean
Discrepancy (MMD), Coverage (COV), and 1-Nearest
Neighbor Accuracy (1-NNA) based on Chamfer Distance
(CD) and Earth Mover’s Distance (EMD). MMD quanti-
fies distributional difference, COV measures the diversity

Method MMD () |JSD() | INNA() | COV (D)
CD EMD CD CD EMD
PoinTr 158 1722 | 420 9991 | 30.04 1565
SeedFormer | 022 12.67 | 3.90 3993 | 70.86 13.49
PDR 355 994 | 44.94 10000 | 3.60 4.14
AdaPoinTr | 022 1742 | 8.22 3624 | 76.08 1241
GeoFormer | 021 924 | 7.59 3750 | 7932 18.88
Ours 014 6.09 | 221 20.86 | 84.17 27.34

Table 1. Quantitative comparison of IOS generation results in
distribution-based metrics. MMD and JSD are scaled by 100; 1-
NNA and COV are reported in %. The best and second-best per-
formances are highlighted in bold and underline, respectively.

of reference matches, and 1-NNA assesses leave-one-out
accuracy. Additionally, Jenson-Shannon Divergence (JSD)
is utilized to evaluate differences between probability dis-
tribution, leveraging the Kullback-Leibler divergence. For
metrics of reconstruction accuracy, standard measures such
as CD, EMD, and the 95% Hausdorff Distance (HD95) are
adopted to evaluate point-wise and structural similarity. CD
calculates the average closest-point distance between two
point sets, EMD determines the minimal cost of transform-
ing one distribution into another, and HD95 assesses large
deviations while mitigating the influence of outliers.

5.2. Experimental Results

Quantitative Results. Table | presents a quantitative
comparison between the proposed and baseline models in
distribution-based metrics. Among the baseline methods,
Transformer-based models [29][31][27] without PoinTr
[28] demonstrate commendable performance on metrics
such as MMD, 1-NNA, JSD. In particular, AdaPoinTr [29]
achieves its performance through an adaptive mechanism.
SeedFormer [31] improves completion by progressively re-
fining local geometries from coarse points. GeoFormer
[27] appears to enhance completion by incorporating multi-
view 2D features extracted from canonicalized point clouds.
In contrast, CD-based COV metrics generally exhibit high
coverage, whereas EMD is more sensitive to misalignments,
resulting in lower scores. This discrepancy is likely due
to slight registration errors between the IoS and CT, which
may cause directional deviations in the generated roots.
Meanwhile, PoinTr [28] achieved favorable scores in MMD
and JSD, indicating effective maintenance of the overall
distribution. However, its low 1-NNA score reveals a de-
ficiency in accurately predicting root morphologies corre-
sponding to the crown input, often resulting in the gen-
eration of a single or averaged root shape. In another
case, PDR [14], employing a coarse-to-fine strategy with
a PointNet-based [18] diffusion model, showed poor per-
formance across all metrics. This may be due to the inde-
pendent processing of each point in PointNet [18] which
hinders its ability to capture fine-grained structures of IoS
data compared to Transformer-based models. Overall, the



Method CD-L1(}) | CD-L2(]) | EMD ({) | HD95 (})

PoinTr 0.171 0.0163 0.328 0.507
SeedFormer 0.099 0.0025 0.170 0.525
PDR 0.137 0.0493 0.440 0.589
AdaPoinTr 0.127 0.0025 0.224 0.454
GeoFormer 0.155 0.0024 0.186 0.594
Ours 0.022 0.0016 0.070 0.061

Table 2. Quantitative comparison of the reconstruction accuracy
of the root completion.

issue of domain shift may have negatively affected the per-
formance of the baseline models. Our results show that the
proposed model outperformed the baselines in all evalua-
tion metrics, demonstrating its robustness to domain gaps.
Table 2 shows the reconstruction accuracy of the gener-
ated roots against the ground truth (CT) roots. The compar-
isons of generated and CT roots were made after removing
the root points within a normalized distance of 0.03 from the
crown; this is to exclude the effect of modality gap near the
crown-root boundaries for a fair comparison. SeedFormer
[31], AdaPoinTr [29], and GeoFormer [27] generally exhib-
ited favorable performance. Conversely, PoinTr [28] and
PDR [14] scored below the average in CD-L1. The perfor-
mance disparity became more pronounced in CD-L2, which
is more sensitive to outliers. A similar decline was observed
in the EMD score, indicating potential issues with distortion
or point density, as reflected in the qualitative results. In the
HD95 metric, models demonstrated performance compara-
ble to other baselines due to the exclusion of the top 5%
outliers. Our model consistently outperformed others by
generating coarse predictions deterministically and refining
them stably through a transformer-based diffusion model,
showing its ability to generate root structures closely resem-
bling those of CT, despite the domain shift.
Qualitative Results. Figure 4 presents qualitative compar-
isons for dental root generation from identical IoS crown
inputs. Our model generates anatomically plausible root
structures across various tooth types, including incisors, ca-
nines, premolars, and molars. It produces smooth surfaces,
natural curvature, and clear bifurcations, especially in com-
plex multi-rooted molars. In contrast, PoinTr [28] gener-
ates sparse and unevenly distributed points, often resulting
in fragmented shapes with noticeable outliers. Despite us-
ing a geometry-aware transformer, it struggles with IoS in-
puts. PDR [14] exhibits discontinuities at the crown-root
boundary and occasionally intrudes into the crown. These
issues likely stem from its point-wise and stochastic train-
ing paradigm, which hinders robustness under domain shift.
AdaPoinTr [29], SeedFormer [31], and GeoFormer [27]
produce relatively cleaner structures with fewer artifacts.
However, they often fail to capture fine local geometry such
as subtle curvature and detailed bifurcations. This limitation
likely comes from the inherent constraints of transformer-

Method MMD(]) JSD() | 1-NNA() COV(1)
CD EMD CD CD EMD
Base 024 9.57 3.94 36.02 77.53 19.26
w/o perturb | 0.22  8.61 2.60 33.36 79.86 22.12
Ours 0.14 6.09 2.21 20.86 84.17 27.34

Table 3. Ablation study of network components. ‘Base’ indicates
training without a PPG, while ‘w/o perturb’ refers to training with-
out perturbation, but with patch generation.

Method MMD() ISD() | 1-NNA() COov(T)
CD EMD CD CD EMD
Base 0.17 8.11 5.10 29.95 80.40 18.90
w/oPDL | 0.15 7.12 4.95 28.24 80.76  19.78
w/oRepul | 0.15 6.32 2.69 20.93 8232 23.02
Ours 0.14  6.09 2.21 20.86 84.17 27.34

Table 4. Ablation study of loss terms. The ‘base’ model is trained
without PDL and repulsion loss. PDL preserves local geometric
details, while repulsion loss reduces point clustering, collectively
enhancing performance.

based architectures. In contrast, our approach facilitates
learning global features with coarse estimation followed by
the refinement of local details through patch-based diffusion
processing. Our approach enables producing continuous
tooth structures with clear and well-defined roots aligned
with the crown.

Ablation Study. Table 3 presents an ablation study eval-
uating the effectiveness of the Perturbed Patch Genera-
tor (PPG) within our coarse-to-fine framework. The base
model directly refines root structures without perturbation
or patch generation from coarse points. In patch-based set-
ting, coarse points are used to perform KNN-based group-
ing and also serve as positional encodings. Without this
alignment, the base model performs refinement and shows
low performance. Without perturbation, the model achieves
moderate performance, comparable to other baseline meth-
ods, but shows limited generalization under domain shifts.
Our full model integrates both perturbation and patch-based
alignment, enabling precise root completion and achieving
the best performance across all evaluation metrics. These
findings demonstrate that PPG contributes significantly to
robust completion under domain discrepancies.

Table 4 shows that both Patch-wise Denoising Loss
(PDL) and repulsion loss play important roles in achiev-
ing accurate and stable completion. The base model, which
excludes both PDL and repulsion loss, struggles to preserve
fine geometric details and tends to produce locally clustered
points. It yields the lowest performance across all evalua-
tion metrics. Without PDL, the model fails to capture fine-
grained geometry within each patch, causing overall perfor-
mance degradation. In the absence of repulsion loss, the
model generates locally clustered points due to perturbation
applied to coarse points. Since the perturbed coarse points
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Figure 6. Qualitative results of root generation across various IoS. The model predicts roots according to crown morphology. For incisors
and canines, it predicts a single root. Premolars typically have one root, except for the maxillary first premolar, where the model predicts
two. For molars, it predicts three roots for maxillary and two for mandibular molars. Fused roots are also observed in columns 2 and 7-

are used for patch generation, this can lead to overlapping
regions between neighboring patches. These overlaps cause
non-uniform point distributions, leading to noticeable per-
formance drops in COV. In contrast, MMD, JSD, and 1-
NNA remain relatively unaffected. The full model achieves
the best results across all evaluation metrics.

Anatomical Analysis. Figure 6 illustrates the qualita-
tive outcomes of root generation from various loS. Our
model effectively generates root structures that align with
the crowns of incisors and canines. For example, our model
generates a single root for the premolar, but produces two
distinct roots for maxillary teeth numbered 14 and 24. This
behavior indicates that the model recognizes the anatomical
difference in crown morphology specific to tooth position.
A similar pattern is observed in molars, where the model
generates three roots for maxillary and two for mandibu-
lar. Occasionally, it generates fused roots in the maxillary
molars. This suggests the model captures anatomical varia-
tions such as root fusion, observed in the training data. No-
tably, tooth fusion was confirmed in the ground truth of the
same case, offering valuable insights for clinical procedures
like root canal treatment. This observation underscores the
model’s ability to internalize anatomical priors from partial
3D inputs. While recent studies focus on recovering 3D

structures from 2D images, such as panoramic X-rays, few
address root reconstruction from partial crowns like IoS. By
incorporating insights from both modalities, future research
could enhance the accuracy and clinical relevance of 3D re-
constructions.

6. Conclusion

In this study, we propose a Transformer-based diffusion
model for the generation of dental roots from IoS crowns.
We introduce Perturbed Patch Generator (PPG) which
enhances the robustness of our model to the domain shift
problem caused by the modality gap. In addition, we
propose Patch-wise Denoising Loss (PDL) that performs a
patch-level optimization to facilitate the denoising process
and generate precise root details. Experimental results
show that our method generates naturally connected roots
with crowns compared to the baseline approaches. Our
future research includes integrating additional information,
such as 2D panoramic X-ray images, for 3D reconstruction
and generation of tooth models viable for clinical applica-
tions.
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