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Abstract—The ever-growing aging population has led to
an increasing need for removable partial dentures (RPDs)
since they are typically the least expensive treatment op-
tions for partial edentulism. However, the digital design of
RPDs remains challenging for dental technicians due to the
variety of partially edentulous scenarios and complex com-
binations of denture components. To accelerate the design
of RPDs, we propose a U-shape network incorporated with
Transformer blocks to automatically generate RPD clasps,
one of the most frequently used RPD components. Unlike
existing dental restoration design algorithms, we introduce
the voxel-based truncated signed distance field (TSDF) as
an intermediate representation, which reduces the sen-
sitivity of the network to resolution and contributes to
more smooth reconstruction. Besides, a selective insertion
scheme is proposed for solving the memory issue caused
by Transformer blocks and enables the algorithm to work
well in scenarios with insufficient data. We further design
two weighted loss functions to filter out the noisy signals
generated from the zero-gradient areas in TSDF. Ablation
and comparison studies demonstrate that our algorithm
outperforms state-of-the-art reconstruction methods by a
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large margin and can serve as an intelligent auxiliary in
denture design.

Index Terms—Partial edentulism, RPD clasp design,
transformer, deep learning, truncated signed distance field.

I. INTRODUCTION

D ENTAL diseases have become a global concern [1]. Partial
edentulism [2], or partial tooth loss, is one of the most

prevalent oral diseases and continuously imposes an enormous
financial burden on society [3]. In 2015, the costs of dental dis-
eases worldwide were estimated at $544.41 billion. Meanwhile,
67% of productivity losses were attributable to severe tooth
loss [4]. With the growth of the economy, the global prevalence
of severe tooth loss has declined for decades [5]. However,
a simultaneous increase in the actual number of edentulous
people has arisen as a result of population growth and aging [6].
Additionally, there is a clear socioeconomic gradient in dental
resources available between and within countries, restricting
the application of advanced but expensive therapies such as
fixed partial denture (FPD) treatment [7]. Compared with FPDs,
removable partial dentures (RPDs) provide a minimally invasive
and cost-effective option for subjects with partial edentulism,
and they are widely used in clinical practice [8].

Despite its popularity, the digital design of complicated RPD
frameworks is difficult for most junior dental technicians, even
with the help of advanced dental software [9]. For example, the
clasp (see Fig. 1) is a part of RPD that serves as a retainer by
engaging a portion of the abutment tooth surface [10]. In popular
digital design workflows, technicians need to manually complete
the following steps: 1) drawing skeleton lines of the clasp arms,
2) brushing the coverage of the rest and minor connectors, and 3)
smoothing the junction between components. The shape, size,
and pose of the clasp need to be carefully matched with the
abutment to provide adequate retentive force and ensure the suc-
cessful insertion of the denture. Due to the lack of perception and
comprehension of the residual dentition, traditional computer
graphics algorithms cannot accomplish the design of personal-
ized RPDs without manual intervention. Meanwhile, the com-
plex components of RPD also remain challenging for traditional
computer-aided design methods. The design principles vary with
different RPD components and partially edentulous scenarios,

2168-2194 © 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on December 21,2024 at 12:33:08 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-6750-6159
https://orcid.org/0000-0003-1888-1814
https://orcid.org/0000-0002-9879-9855
https://orcid.org/0000-0002-6906-8017
https://orcid.org/0000-0001-8289-5968
https://orcid.org/0000-0002-3424-5028
mailto:sxz@njust.edu.cn
mailto:sxz@njust.edu.cn
mailto:zcd@njust.edu.cn
mailto:ldw@njust.edu.cn
mailto:liutingting@mail.njust.edu.cn
mailto:liutingting@mail.njust.edu.cn
mailto:cnwho@mail.njust.edu.cn
mailto:jiaxy@njust.edu.cn
mailto:sukhum169@hotmail.com
mailto:kqsyc@bjmu.edu.cn
mailto:willwill@netease.com


SHEN et al.: TRANSDFNET: TRANSFORMER-BASED TRUNCATED SIGNED DISTANCE FIELDS FOR THE SHAPE DESIGN OF RPDS CLASPS 4951

Fig. 1. Basic components of a removable partial denture with clasps
highlighted. (a) and (d) are three-arm clasps. (b) and (c) are combined
clasps.

which requires technicians to have high professional skills and
software proficiency. The quality of RPD products thus strongly
depends on the experience and level of technicians. It should
be noted that several studies have reported automatic design
methods for RPDs (Meada [11], MacRPD [12], RaPiD [13],
and Chen [14]), but they are limited to generating 2D diagrams,
which are far from end products. Therefore, a data-driven work-
flow of automatic RPD design, in which the experience of senior
technicians is embedded, should be developed to reduce the
burden on dental technicians.

Deep learning (DL), as an essential branch of machine learn-
ing, has been widely used in health informatics and contributed
to more timely, effective, and objective treatment [15]. DL for
dentistry is one of the most impressive advances. Abundant
evidence shows that DL-based methods have tremendous advan-
tages in dental image analysis, such as tooth segmentation [16],
[17], [18], tooth detection [19], landmark localization [20], diag-
nosis of dental diseases [1], and so on. Besides, recent progress in
DL-based dental restoration is also encouraging. Based on con-
ditional generative adversarial networks (CGANs) [21], Hwang
et al. [22] presented an approach for the auto-design of per-
sonalized dental crowns, which can generate the target occlusal
surface directly from the crown-missing and the opposing depth
scan. To achieve more anatomically realistic results, Yuan [23]
and Tian [24] proposed new loss functions, enabling the gen-
erator to capture more functional features. A similar method
has proven its success in dental inlay restoration [25]. Apart
from depth map-based pipelines, competitive results can be
found in point cloud-based research. Lessard [26] and Zhu [27]
formulated the crown restoration as a point cloud completion
issue, which extends the crown design to a three-dimensional
analysis. However, high-quality RPDs designed by experienced
technicians are hard to access. The intricate topology of RPDs
poses a significant challenge for learning-based algorithms,
especially GAN-based models, particularly when working with
limited datasets.

Recently, implicit fields have gained popularity in 3D recon-
struction because of their continuity and smoothness. Dai [28]
represented partial scans as voxelized truncated signed distance
fields (TSDFs) and proposed a CNN-based architecture to in-
fer missing parts of objects. Chen [29] introduced an implicit
field decoder for shape generation, which predicts the binary
occupancy value based on the location of a query point and
the latent code of global shape. Mescheder [30] designed a
similar network combined with a multi-grid strategy to gen-
erate high-resolution meshes progressively. To reduce reliance
on training data, Park [31] described an auto-decoder pipeline
for learning signed distance fields (SDFs), named DeepSDF.
Amiranashvili [32] introduced the implicit auto-decoder scheme
into anatomical shape reconstruction and achieved excellent
performance even with sparse measurements. However, due to
the absence of an encoder, such networks can only be used
for self-reconstruction, which is based on observations from
the object itself, and cannot handle tasks where the input and
output come from different objects (e.g., RPD design). Based on
an encoder-decoder architecture [33], Ping [34] combined the
implicit representation with the transformer for a more detailed
reconstruction. However, their discussion did not include the
memory overhead issue that transformers may cause. Further-
more, as a truncated version of SDF, the TSDF is not globally
unit-gradient, and the zero-gradient areas contribute little to
the shape learning. The information imbalance arising from
gradients can even lead to a local optimum during training.

To tackle these issues, we develop a novel DL-based frame-
work, called TranSDFNet, to provide component-level acceler-
ation for digital RPD design. Given the importance of the clasps
for the retention and successful insertion of the personalized
RPDs, we evaluate our algorithm on a clinical RPD clasp
dataset. Since it is widely accepted that the orderless nature
of meshes and point clouds impedes the direct application of
efficient convolution, we instead adopt voxel-based TSDFs as
intermediate representations and formulate the design of RPD
clasps as the regression of an implicit field. Given the advan-
tage of the self-attention mechanism [35] in feature extraction,
we incorporate Transformer blocks into the pipeline for more
flexible information interaction, which is crucial for capturing
the topology of the abutment. Moreover, to ease the information
imbalance in TSDF, we propose two loss functions incorporated
with weighting schemes, which encourage the network to focus
on the near-surface areas.

The main contributions of our approach are summarized as
follows:

1) We develop an end-to-end learning-based framework that
can generate a realistic and smooth clasp directly from
a selective abutment. Voxelized TSDFs are adopted as
intermediate representations, and the mechanism of how
TSDFs reduce their sensitivity to resolution is explored.
To the best of our knowledge, this is the first work that
shows how to automate the design of RPD components
using 3D deep learning.

2) To facilitate the global feature capture and generation, we
introduce the self-attention mechanism into the frame-
work and achieve a balance between performance and
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Fig. 2. Pipeline of RPD clasp design is illustrated in (a). The selected abutment is first represented as a TSDF (Din) with the Fast Marching
algorithm and fed into the proposed TranSDFNet (b), which is composed of Convolution blocks (Convolution-InstanceNorm-LeakyReLU-MaxPool),
Up-Convolution blocks (Upsample-Convolution-InstanceNorm-LeakyReLU), Transformer encoders (c) and Transformer decoders (d). Then, the
TSDF of the target clasp (Dout) is generated from the network and finally converted back to a surface using Marching Cubes.

memory overhead simply by adjusting the number of in-
serted Transformer blocks, without introducing complex
Transformer structures or auxiliary operations. Besides,
to mitigate the negative impact of zero-gradient regions
on training and balance the information distribution, we
design two weighted loss functions to filter out useless
gradient information. Furthermore, we provide the first
systematic and comprehensive comparison of loss func-
tions for SDF/TSDF.

3) Ablation studies conducted on clinical data demonstrate
the effectiveness of our algorithm even with limited train-
ing data. Qualitative and quantitative comparisons indi-
cate that the design quality of TranSDFNet is significantly
higher than state-of-the-art reconstruction methods.

The rest of this article is organized as follows. Section II
describes the implicit pipeline, Transformer blocks, and loss
function design. Section III presents the acquisition and pre-
processing of RPD data, evaluation metrics, experimental setup,
and result analysis. We discuss the benefits and limitations of our
framework in Section IV.

II. METHODS

By engaging with the abutment surface, RPD clasps are
typically used to hold a removable dental prosthesis in place.
Although the shape and size vary with the selected abutment,
their topology remains statistically consistent for a specific type
of clasps. Therefore, we propose to capture the morphological
feature of the abutment and synthesize the clasp using deep
learning. As illustrated in Fig. 2, with TSDF as an intermediate
representation, our approach takes as input the selected abutment

and directly generates the matching clasp. To facilitate the
perception of global features, we introduce Transformer blocks
into the implicit design pipeline. In addition, we design two
weighted loss functions to narrow the region of interest, which
fit well with TSDF.

A. Deep Implicit RPD Clasp Design

The pipeline of generation tasks highly depends on the rep-
resentations of 3D objects. The point cloud is essentially the
simplest form of a 3D model and has been widely used in
3D shape reconstruction [36]. However, its lack of topological
adjacency leads to heavy time consumption in establishing the
neighborhood. The triangle mesh is a well-defined alternative
with edges providing adjacency information, yet it is hard to
integrate it into the learning methods since it is orderless in
nature. The depth map can only be used to represent a part of the
object due to the existence of self-occlusion. Besides, a majority
of learning-based approaches adopt voxelized representations,
such as binary occupancy grids (BOGs), where each grid point
stores an occupancy value, with zero indicating empty and one
indicating occupied. The boundary between empty cells and oc-
cupied cells is an approximation of the object’s surface. Despite
its excellent compatibility with convolution operations, vanilla
voxelization will result in irreversible loss of information and
poor reconstruction quality, especially when the object contains
small or thin features, such as the arms of clasps.

To achieve a balance between information integrity and struc-
tural regularity, we propose to use the voxel-based TSDF, with
each grid point saving the signed distance from itself to the
surface rather than a binary indicator. As defined in [37], given
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a watertight surface S ⊂ R3, which is the interface of domain
Ω, the unsigned distance field d(x) is:

d(x) = min
xI∈∂Ω

(|x− xI |), (1)

where x is a point in Ω and ∂Ω denotes the boundary of Ω, i.e.,
surfaceS . A signed distance field sdf(x) can thus be represented
as:

sdf(x) =

⎧⎨
⎩

d(x), x ∈ Ω+

0, x ∈ ∂Ω
−d(x), x ∈ Ω−

, (2)

where Ω+ and Ω− denote the exterior and interior of Ω, respec-
tively.

In practice, to reduce the redundancy of information, we often
use the variant of SDF (i.e., TSDF [38]), which is truncated to a
maximum distance δ. An excessively large truncation threshold
can cause TSDF inside the bounding box to degrade into SDF.
Conversely, an overly small truncation threshold will make most
regions in TSDF zero-gradient, which may impede the training
of the network (refer to Section II-C). Therefore, the truncation
threshold δ is empirically set to 0.5. The TSDF is defined as:

tsdf(x) =

⎧⎨
⎩

0.5, sdf(x) > 0.5
sdf(x), |sdf(x)| ≤ 0.5
−0.5, sdf(x) < −0.5

. (3)

In this article, we use the voxelized version of TSDF, denoted
asD ∈ RN×N×N . As depicted in Fig. 2, both the input abutment
and the output clasp are represented as voxelized TSDF, denoted
as Din and Dout. Then, the design of RPD clasps is converted
to learning a consistent mapping from Din to Dout, which is a
regression problem.

Concretely, given the closed surface of an abutment, we
have to represent it as a voxelized TSDF, which is a problem
of solving Eikonal equation on a discrete domain. The Fast
Marching algorithm [39] is an effective numerical method to
solve this kind of equation and is adopted in this article. We
first normalize the input surface to [−1, 1]3 and convert it to
a 1283 TSDF using the Fast Marching algorithm. Then, we
extract the geometric features of the abutment using successive
3D convolution blocks, which consist of Conv3D (kernel size
= 3), InstanceNorm, LeakyReLU, and MaxPooling (kernel size
= 2). The local-to-global encoder enables capturing both low-
level information (e.g., texture) and high-level information (e.g.,
shape and size), which is essential for RPD clasp design. During
the decoding, to reduce the memory footprint, we adopt the
combination of trilinear interpolation and convolution as the core
of up-convolution blocks, specifically including Upsampling
(scale factor = 2), Conv3D (kernel size = 3), InstanceNorm,
and LeakyReLU. The decoder takes as input the feature gen-
erated from the encoder, i.e., a 128-dimensional tensor with a
resolution of 43. After several upsampling layers, the decoder
outputs the TSDF of the desired clasp Dout with a resolution of
1283. Besides, skip connections are used to address vanishing
gradients. Finally, the mesh of the clasp can be extracted from
the voxel-based TSDF using Marching Cubes [40]. More details
about the network can be found in Section III.

Fig. 3. Illustration of differences between convolution models, Trans-
former models and mixed models in RPD clasp design. (a) Convolution
models capture local features through cascading convolution blocks,
however, they do not guarantee the effective generation of global fea-
tures. (b) Transformer models can capture both local and global features
through self-attention operations. (c) Mixed models obtain a balance of
feature extraction and memory overhead by replacing the self-attention
blocks in high-resolution layers with convolutional blocks.

B. Self-Attention Encoder and Decoder

Despite all the advantages, implicit representations describe
a family of iso-surfaces and commonly lead to more complex
data distributions compared with BOGs, which only represent
a single surface. It is hard for traditional convolution mod-
els (see Fig. 3(a)) to capture the underlying correspondences
between implicit inputs and outputs due to their weakness in
capturing global features. In comparison, Transformer models
(see Fig. 3(b)) can directly establish global correspondences via
self-attention operations [35]. More flexible information inter-
action enables Transformers to better extract high-level features
crucial for the design of RPD clasps, such as the abutment shape
and size. Therefore, we incorporate Transformer blocks into our
baseline for more reasonable results.

However, there is a trade-off between the benefits of self-
attention and the cost of memory footprint due to its quadratic
complexity with respect to the input size. It is usually unac-
ceptable to perform self-attention operations on high-resolution
inputs, especially 3D volume data, such as a grid with a resolu-
tion of 1283. Besides, the large number of learnable parameters
leads to the need for large amounts of training data, hampering its
clinical practice in prosthesis design, because high-quality RPDs
designed by experienced technicians are often difficult to obtain.
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Fig. 4. Relative frequency histogram of clasp TSDF and illustration
of the two proposed weighting schemes. (a) Most of the regions in
clasp TSDF have positive distances, with approximately 40% of the
values being greater than the truncation threshold (i.e., 0.5). (b) Trun-
cated Eikonal Loss filters out noisy signals generated from zero-gradient
areas in TSDF via a piecewise weighting function (i.e., the red line).
(c) Weighted Gradient Loss serves the same purpose, but with a contin-
uous function (i.e., the green line).

To tackle these issues, we recommend inserting self-attention
modules after the middle layers of the network (i.e., layers with
resolutions of 43 and 83), rather than all layers, as shown in
Fig. 3(c). In this way, the performance of the network can be
improved with the memory footprint remaining at a relatively
low level. In addition, we directly adopt the implementation of
Transformer encoders and decoders described in [35], which are
mainly composed of Multi-Head Attention (MHA) blocks, Feed
Forward Networks (FFN), and Layer Normalization (LN).

C. Loss Functions

For small-sample learning, prior constraints can help avoid
overfitting and improve generalization. The unit-gradient prop-
erty of SDF is a useful shape prior, which has proven its
advantages in 3D reconstruction [41], [42]. However, TSDF
is not globally unit-gradient. When the truncation threshold is
set to 0.5, only the area where the signed distance is between
−0.5 and 0.5 has a unit gradient, while the gradient in other
areas is zero (refer to the interval with blue background in
Fig. 4). For TSDF of thin structures like RPD clasps, most of the
regions have positive distances, with up to 40% of them being
zero-gradient (see Fig. 4(a)). The insufficient information inside
the zero iso-surface and the redundant information from the
zero-gradient regions result in a severe information imbalance,
which undermines the role of shape prior to some extent. To

tackle this issue, we use weighting strategies to filter out the
gradient signals generated from outside the truncation boundary.

Concretely, we formulate the loss functions as follows:

L = Lbase +WLTSDF , (4)

where Lbase is a basic regression loss for the global error
evaluation, and we adopt Smooth L1 Loss as the Lbase in
this article. LTSDF is a Gradient regularization item. W is a
weighting function tailored to fit the specific truncation threshold
of TSDF. Building upon the existing gradient loss functions, we
validate two weighting schemes, including a step form (Trun-
cated Eikonal Loss, LT−Eikonal) and a smooth form (Weighted
Gradient Loss, LW−Grad).

1) Truncated Eikonal Loss: The Eikonal regularization [41],
[42] has achieved success in SDF prediction by introducing
shape prior (i.e., the unit gradient of SDF) to the optimiza-
tion. However, as aforementioned, it cannot be directly used
to constrain the shape of TSDF because the gradient of most
areas in TSDF is zero. To reduce the negative influence of the
zero-gradient areas, we suggest using a piecewise weighting
function WEikonal (see Fig. 4(b)) that activates the Eikonal
regularization only when the gradient is non-zero. WEikonal is
defined as:

WEikonal =

{
λ, if |y| < δ
0, otherwise

, (5)

where λ is a scale factor. δ is used to adjust the region of
interest. To fully utilize the gradient information while avoiding
introducing noise from zero-gradient regions, δ is made to be
consistent with the truncation threshold of TSDF (i.e., 0.5)
Taking the Eikonal regularization as LTSDF , the Truncated
Eikonal Loss can be represented as:

LT−Eikonal =

{
Lbase + λ(‖∇ŷ‖2 − 1)2, if |y| < δ
Lbase, otherwise

, (6)

where y and ŷ denote the ground truth and predicted distance
value, respectively. (‖∇ŷ‖2 − 1)2 is the Eikonal item and ‖ · ‖2
denotes L2-norm. λ is used to balance the two parts of the loss
function and is empirically set to 0.005.

2) Weighted Gradient Loss: Inspired by the Gaussian func-
tion, we also evaluate a continuous weighting scheme for a
smoother convergence (see Fig. 4(c)). It should be noted that
we adopt a bilateral form of Gaussian function, defined as:

WGrad = α
(
e−βy2

+ e−βŷ2
)
, (7)

where α and β are respectively used to control the height and
width of the Gaussian function. Based on additional tests, when
α and β are set to 0.04 and 20, respectively, the loss function
can effectively amplify information in unit-gradient regions and
suppress noise in zero-gradient regions.

With higher weights assigned to the areas where ŷ or y is
close to zero, we encourage the network to focus on the near-
surface areas both in the prediction and the ground truth, which
can effectively facilitate shape learning. Taking the gradient loss
introduced by [43] as LTSDF , the Weighted Gradient Loss is
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defined as:

LW−Grad = Lbase + α
(
e−βy2

+ e−βŷ2
)
‖∇y −∇ŷ‖2, (8)

where ‖∇y −∇ŷ‖2 is the L2 distance between the gradient of
the ground truth and prediction.

III. EXPERIMENTS AND RESULTS

A. Dataset and Evaluation Metrics

We evaluate our algorithm on a realistic dataset, including
scanned models of defective dentitions and RPDs designed by
experienced technicians. The scanned dental data are acquired
from [44], which has been approved by the Bioethics Committee
of Peking University School and the Hospital of Stomatology,
P. R. China. According to existing reports, missing molars are
highly prevalent in clinical scenarios [45], and the adjacent
molars are often selected as abutment teeth in RPD treatment.
Therefore, we separate the molars (e.g., 2nd molars in this
article) and the corresponding clasps (e.g., three-arm clasps in
this article) from the original models to build a sub-dataset for
experiments. Our dataset contains 39 samples in total, some
of which were segmented from different positions in the same
dental arch. The database is further split into 30 samples for
training and 9 for validation. Besides, considering the symmetry
of a dentition model, we transform the teeth and clasps located
at the mandible (i.e., #37 and #47) and the right side of the
maxilla (i.e., #27) to the left side of the maxilla (i.e., #17)
using the horizontal and vertical mirror flipping. In this way,
the complexity of the problem can be significantly reduced.

To quantitatively evaluate our algorithm, we use the volumet-
ric Intersection over Union (IoU) [39], Chamfer-L2 Distance
(CD-L2) [46], Earth Mover’s Distance (EMD) [46] and F-
Score@1%[39] to measure the similarity between the predicted
clasps and ground truth. IoU measures the overall similarity of
topology, including functional features with clinical significance
such as the engagement angle and end position of the clasp arm.
CD-L2 and EMD provide a more fine-grained evaluation of sur-
face similarity on the point cloud, which can serve as important
morphological and aesthetic indicators of clasp surface quality
(such as smoothness). F-Score is calculated to reduce the bias
of the above metrics, as suggested by [47].

B. Training Details

We use the PyTorch framework to implement TranSDFNet.
All experiments are performed on a machine with two Intel(R)
Xeon(R) Gold 6226R CPUs (2.90 GHz), four GeForce RTX
3090 GPUs (24 GB), and 251 GB RAM. Adam, with an initial
learning rate of 0.001, is adopted to solve the optimization
problem. With the batch size set as 16, we empirically train
the network for 4000 epochs. The number of attention heads
in Transformer blocks is set to 8. During the evaluation, point-
based metrics (i.e., CD-L2, EMD, and F-Score) are computed
on 8192 points.

Besides, it should be noted that we do not use any data
augmentation tricks in the network training. It is widely ac-
cepted that data augmentation can improve the generalization
ability. However, the compatibility between data augmentation

TABLE I
EFFECT ANALYSIS ON TSDF AND SENSITIVITY ANALYSIS ON RESOLUTION

and specific tasks has received little attention, especially in
industrial or clinical scenarios. Different from general 3D shape
synthesis, the shape, size, pose, and location of RPD clasps have
stronger prior constraints. For instance, before the design of
clasps, the path of insertion has to be determined first, which
can highly affect the pose of clasps. Since the poses of clasps in
our dataset have been carefully predetermined, commonly-used
transformations (e.g., translation, rotation, and scale), even with
small amplitudes, may finally hinder the insertion of the denture.
Hence, we do not use data augmentation despite the relatively
small dataset.

C. Ablation Study

Three ablation experiments are conducted to validate the
effectiveness of our network and loss functions. To ensure that
the proposed component causes any changes in the results, we
take the architecture described in Section II as the standard
model and replace only the component of interest in each exper-
iment. Other variables that are not of interest but may affect
the outcomes remain the same, such as the training epochs,
batch size, optimizer parameters, et al. Details about the ablation
experiments are described in the following sections.

1) Truncated Signed Distance Field: Voxelized TSDF is an
augmented version of voxelized representation, which embeds
the abutment/clasp into an implicit field. The signed distances
saved in the grid points enable a more fine-grained shape repre-
sentation. To validate its benefits, we compare TSDF against
vanilla voxelized representation (i.e., BOG) with resolution
kept the same. Besides, different from continuous TSDF [31],
voxelized TSDF cannot avoid the issue of resolution. Although
implicit representations have many advantages, low resolution
means inadequate information input and output, which can
seriously affect the quality of shape generation, especially for
thin structures (e.g., clasp arms). To explore the sensitivity of
voxelized TSDF to resolution, we evaluate the network at three
different resolutions, i.e., 323, 643, and 1283.

Table I proves the existence of a resolution issue. Both BOG
and TSDF have poor performance when the resolution is 323,
and the accuracy improves significantly as the resolution in-
creases. Besides, as mentioned above, despite the information
integrity of TSDF, its more complex data distribution makes
training difficult and finally leads to the similar precision of BOG
and TSDF in the high-resolution groups (i.e., 1283). The benefits
of TSDF can be more clearly observed in the visual results. As
illustrated in Fig. 5, the result generated from the BOG-based
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Fig. 5. Visual comparison between BOG and TSDF with grid reso-
lutions of 323, 643, and 1283. The local appearances of clasps are
highlighted by dashed boxes.

model has obvious stepwise textures, which arise from the
information loss during voxelization and cannot be effectively
suppressed by further subdivision. In contrast, voxelized TSDF
eradicates these pleats when the resolution is increased to 1283,
indicating its relatively low sensitivity to resolution. The high-
quality surface generated by voxelized TSDF can be attributed
to its richer information embedded in grid points. Specifically,
vanilla voxelization directly pushes/pulls surface points to their
nearest grid points which leads to irreversible deformation, while
voxelized TSDF saves the distances between points which serve
as more accurate localization information. The network can
thus capture more fine-grained geometric features and finally
generate a realistic RPD clasp with a more natural appearance.

2) Self-Attention Block: Since the development of Trans-
former models, it has been a common and effective trick to
apply self-attention blocks to various tasks, such as dental image
analysis [48], [49], [50]. Section II-B theoretically analyzes the
mechanism of self-attention blocks for the PRD clasp design and
introduces a selective insertion strategy to achieve a balance
between precision and memory costs without modifying the
attention structure. In this section, we provide detailed exper-
iments to support the design of TranSDFNet.

Concretely, we insert self-attention encoders and decoders
into different stages of the pipeline and measure the performance
differences caused by the added blocks. As shown in the left part
of Fig. 6, four structures are compared, including zero (T0), one
(T1), three (T3), and five (T5) Transformer blocks, respectively.
Limited by available computing resources, the evaluation of
larger models, such as T7, is not discussed here. It should be
noted that we do not display all skip connections in Fig. 6,
most of which are built up symmetrically. Instead, only the
skip connections between Transformer blocks are highlighted
for clarity.

The performance differences between the four structures are
depicted in the right part of Fig. 6. There is a clear trend of
increasing IoU (T0: 37.08% → T1: 41.10% → T3: 41.75%)
as we use more Transformer blocks, which proves the benefits
of self-attention mechanisms. However, the design accuracy
declines significantly when the number of self-attention layers
exceeds three (T5: 36.62%). This special case arises because the
available data cannot support the training of a network with a
progressively increasing number of parameters. Compared with
shape accuracy, the growing trend of memory overhead is more
apparent. When the number of self-attention layers increases

TABLE II
PERFORMANCE COMPARISON OF DIFFERENT LOSS FUNCTIONS

from zero to five, the GPU memory usage keeps rising from
420.49 MB to 5,677.28 MB (more than 10×), indicating the
relatively high complexity of the algorithm. Among the four
structures, T3 achieves the highest shape precision with the
memory cost remaining acceptable and is adopted as the basic
architecture for RPD clasp design.

3) T-Eikonalloss and W-Gradloss: In Section II-C, we in-
troduce two weighting strategies to filter out the noisy signals
generated from zero-gradient areas in TSDF. To validate the
efficacy of the proposed weighting schemes in RPD clasp design,
we combine them with two existing loss functions (denoted as
EikonalLoss [42] and GradLoss [43]) and derive two new loss
functions (named as T-EikonalLoss and W-GradLoss). Their
performances are measured on the same dataset. Furthermore,
two other weighting loss functions (denoted as WeightLoss1 [46]
and WeightLoss2 [41]) are included for a more comprehensive
comparison. The main difference between our loss functions
and WeightLoss1/WeightLoss2 is that we consider both value
errors and weighted gradient errors of TSDF, while they only
measure the weighted value errors of SDF without introducing
shape prior. The definitions of all the above functions are listed
in Appendix A “Details of loss functions for comparison”.

Quantitative results are illustrated in Table II. Compared to
WeightLoss1 and WeightLoss2, our methods outperform them
on most metrics, indicating the effectiveness of introducing
gradient-based prior constraints into small-sample learning. It
should be noted that WeightLoss2 [41] has relatively lower
scores because it is designed to penalize points far from the
surface for creating SDF values close to zero, which is only a
biased approximation to SDF and can even lead to a local opti-
mum when used alone. The success of [41] is actually attributed
to the combination of WeightLoss2 and global shape constraints
(e.g., Eikonal regularization). Besides, T-EikonalLoss and
W-GradLoss achieved better performance than their baselines,
indicating that filtering out noise signals from zero-gradient
areas allows the network to focus on learning the gradient
shape near the iso-surface, which contributes to a more com-
pact shape prior. Considering the similar performance between
T-EikonalLoss and W-GradLoss, we only adopt W-GradLoss for
training in the rest of the article.

D. Comparison With State-of-the-art Methods

In this section, we compare the proposed method against
state-of-the-art reconstruction algorithms, including three point-
based methods (i.e., PCN [51], GRNet [52], and PoinTr [53]), a
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Fig. 6. Comparisons between different architectures incorporated with self-attention blocks. (a) presents four networks with self-attention blocks
inserted in different stages. Skip connections between Transformer blocks are displayed and the others are hidden for clarity. (b) is the comparison
in terms of design accuracy and GPU memory cost.

GAN-based method (i.e., 3D-RecGAN [54]) and an implicit
function-based method (i.e., IF-Net [33]). Based on the encoder-
decoder pipeline, PCN [51] proposes to extract geometric fea-
tures using PointNet [55] and generate the complete point
cloud in a coarse-to-fine fashion. GRNet [52] adopts 3D grids
as intermediate representations and introduces a differentiable
Gridding operation to convert unordered points to regular 3D
grids. In this way, efficient 3D CNN can be directly used to
process the features. PoinTr [53] aggregates local point features
using a lightweight graph CNN and predicts the missing point
cloud based on a transformer encoder-decoder architecture.
3D-RecGAN [54] uses adversarial learning to reconstruct the
complete object from an arbitrary depth view. In addition, the
proposed algorithm is compared with IF-Net [33], which pre-
dicts the occupancy field based on multi-scale features queried
at continuous positions in 3D feature maps. For a fair com-
parison, we train all the above networks on our dataset with
the same basic settings (i.e., batch size and training epochs).
The other hyperparameters remain consistent with the optimal
values mentioned in their papers. Besides, considering the small
size of our dataset, the transfer learning technique is utilized to
accelerate the training. However, to our best knowledge, there
are no large datasets built for mesh-to-mesh generation tasks
so far. Thus, we only pretrain PCN, GRNet, and PoinTr on a
point cloud reconstruction dataset (i.e., the ShapeNet55 dataset)
for 150 epochs and finetune them on our RPD clasp design
dataset. The pretrained models are denoted as PCN*, GRNet*,
and PoinTr*, respectively.

1) Quantitative Results: TranSDFNet is compared with
other methods in terms of CD-L2, EMD, and F-Score. (We
do not consider IoU because most of the results generated
from the point-based methods are so blurred that cannot be
reconstructed as meshes or voxels.) To avoid potential data bias
caused by limited data, we employ a four-fold cross-validation
as suggested by [56] and report the average performance in

TABLE III
QUANTITATIVE COMPARISON OF DIFFERENT ALGORITHMS

Table III. Furthermore, we also perform statistical testing on the
cross-validation results. In view of the limited size of our dataset,
the Kruskal-Wallis test is adopted, and the results (p < 0.05)
indicate a significant difference between our algorithm and
others. Compared with PoinTr, which achieves the best scores
among point-based algorithms, TranSDFNet leads to a 22.57%
improvement of F-Score and has significantly lower CD-L2 and
EMD. The accuracies of 3D-RecGAN and IF-Net are relatively
close to that of TranSDFNet due to the adversarial learning
mechanism and multi-scale feature fusion, respectively, which
greatly refine the reconstruction results. Lastly, it is observed
that the performances of some pretrained models (i.e., PCN* and
PoinTr*) are similar to or worse than their unpretrained versions,
implying that the transfer learning scheme does not always seem
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Fig. 7. Qualitative comparison of different algorithms. The first column presents four typical samples with abutments and clasps painted translucent
white and light green, respectively. The other columns are claps generated by eight algorithms, where * means the pretrained model.

Fig. 8. Bad cases with atrophic distortions in thin structures.

to work. The unintuitive result arises from the huge gap between
the source domain (general object completion) and the target
domain (RPD clasp design), which hampers the generalization
of domain knowledge.

2) Qualitative Results: Fig. 7 provides four examples for
the visual comparison. The first column is the ground truth,
including abutments (painted translucent white) and correspond-
ing clasps (painted light green). The other columns are results
designed by six algorithms. As mentioned above, we do not re-
construct surfaces for the results generated from the point-based
methods due to their blurred shapes, which can be observed
in Fig. 7. Although the pretraining strategy has alleviated the
training problem and improved the fidelity of the shapes to some
extent, there still exists a lot of noise signals. The underfitting
results generated by 3D-RecGAN also arise from insufficient
data. As an implicit shape generation algorithm, IF-Net produces
results with smoother surfaces compared to other comparative
algorithms. However, observable artifacts are present in the
generated thin structures. Among all the six networks, TranS-
DFNet produces the most realistic RPD clasps, indicating that
our method can be well trained even with a limited dataset.
The smooth surfaces and accurate topology demonstrate the
advantages of implicit representations and the proposed loss
functions. It is also worth noting that the poses of synthesized
clasps are consistent with the ground truth, which is crucial for
the insertion of the denture.

To comprehensively evaluate the TranSDFNet, we perform
an analysis of bad cases. As shown in Fig. 8, there are some

atrophic distortions in thin structures, e.g., clasp arms (high-
lighted by red dashed boxes). Although the voxelized TSDF
reduces the information loss during the data transformation, it
is still a discrete approximation depending on query points. The
limited grid points occupied by the thin structures cannot provide
enough information to represent and learn shapes effectively.
Recent continuous implicit representations [31] may be helpful
in solving this question.

IV. CONCLUSION AND DISCUSSION

In this work, we propose a novel end-to-end method for the
auto-design of RPD clasps and provide an in-depth theoretical
analysis of the critical issues in 3D reconstruction. With im-
plicit fields as intermediate representations, the clasps design is
formulated as a regression problem. Concretely, the algorithm
takes as input the selective abutment and embeds it into a voxel-
based TSDF. Then, a U-shaped architecture incorporated with
self-attention mechanisms is built to capture the input features
and predicts the TSDF of the target clasp. The Marching Cubes
algorithm is finally used to extract the surface from the implicit
field. We have evaluated our method on a realistic dataset
both quantitatively and qualitatively. The ablation studies and
comparisons with the state-of-the-art reconstruction algorithms
demonstrate the superiority of our overall architecture and the
proposed loss functions. Our study validates the utility and
efficacy of deep learning techniques in dentistry. The model
can be embedded in AI-driven laboratory design software and
contribute to more intelligent and personalized dental treatment.

Despite the outstanding performance of our framework, the
ablation studies and the bad case analysis have exposed some
limitations, which are summarized as follows:

A. Sensitivity to Resolution

As mentioned in Section III, voxel-based TSDF cannot avoid
resolution issues due to its voxelized nature. The global repre-
sentation leads to a data imbalance, which makes the training and
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inference more difficult, especially in those cases containing thin
structures. Simply increasing the resolution will not solve this
issue completely and will significantly increase time consump-
tion. The additional tests show that the mean time for calculating
a TSDF with a resolution of 1283 can be up to more than 10
seconds, while the network inference only takes 0.4 seconds. To
tackle these issues, continuous implicit learning methods that
are resolution-independent need to be developed and validated.

1) Limitations of the Experimental Subjects: Due to the lack
of available data, we only evaluate our algorithm on the three-
arm clasp. Despite its importance for the retention of dentures,
the clasp is only one of a variety of RPD components. The ex-
tremely complex topology of RPDs and interference constraints
in the oral cavity remain major challenges for deep learning. In
the future, we would combine the learning-based and rule-based
algorithms to develop a more intelligent and complete system
for auto-designing RPDs.

APPENDIX A
DETAILS OF LOSS FUNCTIONS FOR COMPARISON

With Smooth L1 Loss as the basic item Lbase, we compare
our T-EikonalLoss and W-GradLoss with four other loss func-
tions, which are defined as follows. The hyperparameters are
consistent with the optimal values in their papers.

1) WeightLoss1: By assigning higher weights for points
whose signed distance is below a certain threshold δ, Weight-
Loss1 [46] forces the network to concentrate on recovering the
details near the zero iso-surface.

LWeight1 =

{
m1Lbase, if |y| < δ
m2Lbase, otherwise

, (9)

where m1 = 4, m2 = 1, δ = 0.01.
2) WeightLoss2: WeightLoss2 [41] is designed to penalize

points outside the surface for creating SDF values close to zero.

LWeight2 = Lbase + λe−α|ŷ|, (10)

where λ = 3000, α = 100.
3) EikonalLoss: According to the unit-gradient nature of

SDF, EikonalLoss [41], [42] constrains the norm of field gra-
dients to be one.

LEikonal = Lbase + λ(‖∇ŷ‖ − 1)2, (11)

where λ = 0.005.
4) GradLoss: Different from EikonalLoss, GradLoss [43]

directly minimize the L2 distance between the predicted SDF
gradients and ground truth gradients. In this way, the magni-
tude and orientation of the gradients can be simultaneously
constrained.

LGrad = Lbase + λ‖∇y −∇ŷ‖, (12)

where λ = 0.005.
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