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NeuralTPS: Learning Signed Distance Functions
Without Priors From Single Sparse Point Clouds

Chao Chen , Yu-Shen Liu , Member, IEEE, and Zhizhong Han

Abstract—Surface reconstruction for point clouds is one of the
important tasks in 3D computer vision. The latest methods rely on
generalizing the priors learned from large scale supervision. How-
ever, the learned priors usually do not generalize well to various
geometric variations that are unseen during training, especially
for extremely sparse point clouds. To resolve this issue, we present
a neural network to directly infer SDFs from single sparse point
clouds without using signed distance supervision, learned priors or
even normals. Our insight here is to learn surface parameterization
and SDFs inference in an end-to-end manner. To make up the
sparsity, we leverage parameterized surfaces as a coarse surface
sampler to provide many coarse surface estimations in training it-
erations, according to which we mine supervision for our thin plate
splines (TPS) based network to infer smooth SDFs in a statistical
way. Our method significantly improves the generalization ability
and accuracy on unseen point clouds. Our experimental results
show our advantages over the state-of-the-art methods in surface
reconstruction for sparse point clouds under synthetic datasets and
real scans.

Index Terms—Scene reconstruction, signed distance functions,
sparse point clouds, surface reconstruction.

I. INTRODUCTION

S IGNED distance functions (SDFs) have been a popular
3D representation that shows impressive performance in

various tasks [1], [2], [3], [4], [5], [6], [7], [8], [9], [10], [11],
[12], [13], [14], [15], [16], [17], [18], [19], [20], [21], [22], [23],
[24], [25], [26], [27], [28], [29], [30], [31], [32], [33]. An SDF
describes a signed distance field as a mapping from a coordinate
to a signed distance, and represents a surface as a level set of
the field. We can learn SDFs from signed distance supervision
using coordinate-based neural networks. However, obtaining the
signed distance supervision requires continuous surfaces such as
water-tight manifolds, hence it is still challenging to infer signed
distance supervision from raw point clouds due to the discrete
character of points.
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Current methods [17], [18], [19], [20], [21], [22], [23], [34],
[35], [36], [37], [38], [39], [40], [41] mainly leverage priors to
infer SDFs for point clouds. They learn priors from well estab-
lished signed distance supervision around point clouds during
training, and then generalize the learned priors to infer SDFs
for unseen point clouds during testing. Although local priors
learned at a part level [8], [10], [42], [43], [44], [45] improve the
generalization of global priors learned at a shape level [17], [18],
[19], [20], [21], [22], [23], [46], the geometric variations that
local priors can cover are still limited. Hence, some methods [5],
[7], [9], [12], [13], [14], [15], [47] try to directly infer SDFs from
single point clouds using various strategies [5], [7], [9], [12],
[13], [16]. However, these methods require dense point clouds to
assure the inference performance, which drastically limits their
performance with sparse point clouds in real scans. Therefore,
how to achieve better generalization of inferring SDFs from
single sparse point clouds is still a challenge.

To overcome this challenge, we introduce a neural network to
infer SDFs from single sparse point clouds. Our novelty lies in
the way of inferring SDFs without signed distance supervision,
learned priors or even normals, which significantly improves
the generalization ability and accuracy on unseen point clouds.
We achieve this by learning surface parameterization and SDF
inference in an end-to-end manner using a neural network that
overfits a single sparse point cloud. To make up the sparsity,
the end-to-end learning turns parameterized surfaces into a
coarse surface sampler which produces many coarse surface
estimations on the fly to statistically infer the SDF. To target
extremely sparse point clouds, we parameterize the surface
of a point cloud as a single patch on a 2D plane, where 2D
samples can be mapped to 3D points that lead to a coarse surface
estimation. We further leverage the estimated coarse surface as a
reference to infer the SDF based on thin plate splines (TPS) [48]
in the feature space, which produces smooth signed distance
fields. Our method can statistically infer the SDFs from the
permutation of coarse surfaces in different iterations, which
reduces the effect of inaccuracy brought by each single coarse
surface.

We initially reported our results in our paper published at
CVPR 2023 [49], and presented more details, results and analy-
sis in this extension. Our method outperforms the latest methods
under the widely used benchmarks. Our contributions are listed
below.
� We introduce a neural network to infer SDFs from single

sparse point clouds without using signed distance super-
vision, learned priors or even normals. We propose the
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Structure-Aware Chamfer Distance for sparse point clouds
with large missing parts or structures.

� We justify the feasibility of learning surface parameteri-
zation and inferring SDFs from sparse point clouds in an
end-to-end manner. We provide a novel perspective to use
surface parameterization to mine supervision.

� Our method outperforms the state-of-the-art methods in
surface reconstruction for sparse point clouds under the
widely used benchmarks.

II. RELATED WORKS

Neural implicit representations have achieved promising per-
formance in various tasks [50], [51], [52], [53], [54], [55], [56],
[57], [58], [59], [60], [61], [62], [63], [64]. We can learn neural
implicit representations from different supervision including 3D
supervision [35], [36], [39], [65], [66], multi-view [1], [67], [68],
[69], [70], [71], [72], [73], [74], [75], [76], [77], [78], [79],
[80], [81], [82], and point clouds [17], [18], [42], [83]. Here,
we mainly focus on reviewing methods related to point clouds
below.

A. Data-Driven Based Methods

With 3D supervision, most methods adopted data-driven strat-
egy to learn priors, and generalized the learned priors to infer
implicit representations for unseen point clouds. Some methods
learned global priors [17], [18], [19], [20], [21], [22], [23], [84]
at a shape level. To improve the generalization of learned priors,
some methods learned local priors [8], [10], [42], [43], [44], [45],
[85], [86] at a part or patch level. With the learned priors, we
can infer implicit representations for unseen point clouds, and
then leverage the marching cubes algorithm [87] to reconstruct
surfaces.

These methods rely on a large scale dataset to learn priors
while they may not generalize well to unseen point clouds that
have large geometric variations from the samples in the large
scale dataset.

B. Overfitting Based Methods

For better generalization, some methods focus on learning
implicit functions by overfitting neural networks on single point
clouds. These methods introduce novel constraints [5], [7], [12],
[13], [14], [15], ways of leveraging gradients [9], [47], differ-
entiable poisson solver [11] or specially designed priors [45],
[88] to learn signed [5], [7], [9], [12], [13], [16], [49], [89],
[90] or unsigned distance functions [47], [91], [92], [93], [94],
[95]. Although these methods have made great progress without
learning priors, they require dense point clouds to infer the
distance or occupancy fields around point clouds.

C. Learning From Sparse Point Clouds

With sparsity, the gap between points on surfaces makes
it hard to accurately infer implicit functions. Some methods
learned priors [8], [45], and conducted test-stage optimization

Fig. 1. The overview of our method. (a) The upper branch learns parameter-
ization by covering 3D points S generated from 2D samples U onto the sparse
input P like a sheet. The lower branch generates denser 3D points G from 2D
samples U′ to guide SDF learning. And the two branches share parameters.
(b) We learn an SDF by sampling 3D queries Q and pulling them into Q′ to
cover the sparse input P , and constrains signed distances at points in P .

on unseen sparse point clouds [45]. Without priors, Needle-
Drop [96] was proposed to infer occupancy fields by learn-
ing whether a dropped needle goes across the surface or not.
However, this self-supervision is not accurate at any point on a
surface and heavily relies on the length of the needle. VIPSS [97]
learns an implicit function from an unoriented point set based on
Hermite interpolation, which is sensitive to parameter settings.

Our method falls in this category, but we aim to infer SDFs
without learning priors or supervision. We achieve this by
learning surface parameterization and SDFs inference in an
end-to-end manner for capture a better sense on surfaces.

D. Neural Splines

Splines have been widely used in image manipulation [98] or
generation [99]. NeuralSpline was proposed to fit point clouds
with normals using implicit functions [100]. With normals, it
simply infers occupancy of points on the normals, hence it
focuses on fitting rather than inference. Instead, we target a more
challenging scenario where we focus on inferring SDF without
normals or learned priors.

III. METHOD

A. Overview

We aim to infer an SDF fθ from a single sparse point cloud
P = {pi|i ∈ [1, I]}, where the SDF is parameterized by a net-
work with parameters θ. At any location q in 3D space, SDF fθ

predicts signed distance d = fθ(q). Our method learns surface
parameterization and SDF inference in an end-to-end manner,
where we aim to use surface parameterization as a coarse surface
estimation sampler to provide supervision for SDF inference, as
illustrated in Fig. 1.

During surface parameterization in Fig. 1(a), we randomly
sample two sets of 2D points U and U′ in a unit square in each
iteration. We map each 2D sample into a 3D point using a neural
network fφ. This mapping leads to two sets of 3D points S =
{sj |j ∈ [1, J ]} and G = {gk|k ∈ [1, K]}, each of which forms a
chart covering the whole shape. We use point cloud P to regulate
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{sj}, and use {gk|k ∈ [1, K]} to mine supervision to infer SDF
fθ in the following.

We leverage a thin plate splines (TPS) based network (Neu-
ralTPS) to infer SDF fθ in Fig. 1(b). Our network learns a feature
space, where we leverage TPS interpolation to produce features
of arbitrary queries q ∈ Q in 3D space based on the features
of sparse point cloud P . Our network predicts signed distances
fθ(q) at q from its interpolated feature. We infer SDF fθ by
minimizing the difference between the surface Q′ produced with
the current inferred signed distance field and the chart G from
the parameterized surface. Moreover, we also regulate fθ by
constraining sparse point cloud P to locate on the zero level of
the SDF fθ.

To remedy the inaccuracy in G, we regard G in each iteration
as a sample of coarse surface estimation, and infer fθ by min-
imizing the loss expectation in a statistical manner. Moreover,
we introduce a confidence weight to consider the confidence of
each point in G.

In short, our method is formed by two modules. The first
module is for surface parameterization, the second is for learning
SDF. One branch in the first module generates denser 3D points G
from 2D samples U′ to guide SDF learning and the other branch
learns parameterization by covering 3D points S generated from
2D samples U onto the sparse input P like a sheet. The second
module learns an SDF by sampling 3D queries Q and pulling
them into Q′ to cover the sparse input P , and constrains signed
distances at points in P .

B. Surface Parameterization

We learn to parameterize a surface represented by a sparse
point cloud P on a 2D plane in Fig. 1(a), which is a 2D-to-3D
mapping. We adopt this classic surface parameterization since
it is easy to do sampling on a 2D parameterization space and
transform 2D samples to points on a 3D surface. Specifically,
we leverage an MLP fφ with five layers to learn a mapping from
a 2D sample to a 3D point. This mapping produces a 3D chart
S using a set of randomly sampled 2D points U , i.e.

S = fφ(U). (1)

We regulate this mapping by covering S onto the ground truth
points P , which maximizes the overlapping between S and P
using a Chamfer Distance (CD) loss,

LCD =
1

J

�

s∈S
min
p∈P

||s − p||22 +
1

I

�

p∈P
min
s∈S

||p − s||22. (2)

Our surface parameterization is similar to previous methods such
as FoldingNet [101], AtlasNet [102], and PCN [103] that apply
the folding operation, i.e., mapping a 2D sample to a 3D point
via MLP. FoldingNet and PCN employ regularly sampled 2D
points on a grid as the start points, while AtlasNet uses randomly
sampled points. Our method also uses randomly sampled 2D
points as input to increase the point density, but we only leverage
one patch to cover the shape rather than multiple patches. so that
we can better fill the gaps between sparse points using generated
points.

Fig. 2. The effect of patch numbers. More patches means more gaps between
patches.

We visualize the effect of patch numbers in Fig. 2, where each
subfigure shows a point cloud with the same number of points
but different number of patches. The comparison indicates that
more patches can not fill the gaps among points, while our single
chart reveals a more compact surface.

With surface parameterization, we regard our MLP as a coarse
surface sampler which predicts an additional coarse surface
estimation G using another set of 2D samples U′, i.e.

G = fφ(U′). (3)

In each iteration during training, we leverage G to infer SDF fθ

in Fig. 1(b). We stop the gradients that can be back-propagated
from the loss on G, which avoids the impact of SDF inference on
surface parameterization. This is also the reason why we design a
two-branch structure for surface parameterization, which differs
our method from AtlasNet a lot. Notice that the two branches are
not separate since they share the same MLP. The branch below
with blue arrows in Fig. 1 does not work since gradients are
stopped during training.

C. Signed Distance Function Inference

We introduce NeuralTPS to infer SDF fθ from sparse point
cloud P . We sample 3D queries q using a Gaussian function
centered at each point in P . The inferred SDF predicts signed
distances fθ(pi) and fθ(q) at each point pi ∈ P and each sam-
pled query q. Here, we impose two different constraints to signed
distances fθ(pi) on the surface and signed distances fθ(q) in 3D
space.

For points p on surface of P , we expect them on the zero level
set of SDF fθ, hence we leverage a MSE loss,

LSurf =
�

p∈P
(fθ(p))2. (4)

For points q ∈ Q in 3D space, we expect the signed distance
field could provide the correct signed distances and gradients
which can be used to pull q onto the nearest points on the coarse
surface G. Here, we use a pulling operation introduced in [9] to
pull q to q′,

q′ = q − fθ(q)∇fθ(q)/||∇fθ(q)||2. (5)

Different from [9], we introduce a novel confidence-weighted
loss to optimize the set Q′ = {q′} to cover the coarse surface G
with considering the confidence of each point in G,

LP ull(Q′, G) =
�

q′∈Q′,g∈G
w||q′ − g||22, (6)

where g is the nearest point of q on G. In practice, we find the
nearest point from the union of G and sparse points P . We use
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Fig. 3. The illustration of NeuralTPS with one query, such as (a) a surface
point or (b) a sampled point.

w to model the confidence of each point g ∈ G to remedy the
inaccuracy in G. g has higher confidence if it is nearer to sparse
point cloud P and vice versa. Hence, we formulate w as,

w = exp
�−δ ∗ ||g − p||22

�
, (7)

where p is the nearest point of g on the sparse point cloud P and
the decay parameter δ is set to 50 in our experiments.

To further reduce the impact of inaccuracy in G, we minimize
LP ull(Q′, G) in a statistical manner over {G} obtained in differ-
ent iterations rather than G in a single iteration. Hence, we aim
to find an optimal Q′ that has the smallest average deviation over
{G}. We reformulate LP ull(Q′, G) into E{G}{LP ull(Q′, G)}.

D. Loss Function

We optimize surface parameterization and SDF inference in
an end-to-end manner by adjusting parameters θ and φ using the
following objective function,

min
θ,φ

�
LCD + αLSurf + βE{G}{LP ull(Q′, G)}�

, (8)

where α and β are balance weights, and we set α = 0.1 and
β = 0.1 in our experiments.

E. Neural Thin Plate Splines

We introduce NeuralTPS to infer SDF as a smooth function.
Our key idea is to learn an optimal feature space that can be
further mapped to signed distances, where we regress signed
distances at queries using features of surface points by TPS
interpolation.

We illustrate NeuralTPS in Fig. 3(a). We start from concate-
nating surface point pi ∈ {P} with sampled queries q ∈ Q in
each iteration. This aims to extract point features e(pi) and e(q)
using the same parameters for TPS interpolation. So, we leverage
an MLP (denoted as MLP1) to learn features of points pi and
query q, i.e., e(pi) = MLP (pi) and e(q) = MLP (q). Then, we
regard the features of surface points as control nodes to regress
signed distances dT P S at queries q using TPS interpolation
below,

dT P S =

I�

i=1

ciψ
�||e(pi) − e(q)||22

�
, (9)

and

ψ(r) = r2log(r), (10)

where ψ(r) is known as the thin plate radial basis function,
and we will report results with other basis functions in our
experiments. {ci} are weights for integrating basis functions,
which are learnable parameters in another MLP (denoted as
MLP2).

To complement the potential interpolation error in the linear
summation, we predict a displacement dF EA for signed dis-
tances at queries using point features e(q) through an MLP
(denoted as MLP3). In summary, we formulate signed distances
at queries q as,

fθ(q) = dT P S + dF EA. (11)

We use the same way to predict signed distance fθ(p) of surface
points p ∈ {P}, as illustrated in Fig. 3(b).

F. Structure-Aware Chamfer Distance

In this paper, we extend our original method to handle large
missing parts or structures. Without learned priors, reconstruc-
tion from point clouds with missing parts remains a challenge for
most previous overfitting-based surface reconstruction methods,
such as NeuralPull [9], SAP [11], and NeuralSplines [100]. To
address this issue, we additionally propose the Structure-Aware
Chamfer Distance (SACD). The core concept behind SACD is
to capture as much structural information as possible during
surface parameterization. By considering the point density, we
are able to better align the parameter space with the surface
represented by the sparse points. Hence, we can use LSACD to
replace the Chamfer Distance LCD used in (8).

Structure-Aware Constraint: We learn a mapping from a set of
2D samples U to a 3D chart S through surface parameterization,
as shown in Fig. 1.

Similar to the original CD, our SACD constrains the surface
parameterization through a bi-directional distance loss that in-
cludes the distances from the 3D chart S to the ground truth
points P , and vice versa. The difference lies in the design of
capturing as much structural information as possible. To this
end, it is not enough for each point in S to be only related to
its nearest point in P . Instead, we connected each point to its r
nearest points, weighted according to their proximity,

LS2P =
1

Jr

�

s∈S

r�

i=1

ws
i ∗ ||s − Ni(s, P)||22, (12)

where Ni(s, P) denotes the ith nearest points of s in P . r is a
perceptual parameter which is set to 3. We use ws

i to model the
correlation between Ni(s, P) and s. If Ni(s, P) is nearer to s,
it has a higher correlation, and vice versa. Thus, ws

i is denoted
as,

ws
i = exp

�−ε ∗ ||Ni (s, P) − s||22
�

, (13)

where the decay parameter ε is set to 10in our experiments.
Under LS2P , s will be matched to a location near the point with
the highest correlation. As it is not feasible to reconstruct the
original structure directly from the sparse ground truth points P ,
we approximate the original structure by enhancing the points
in P with structural information through LS2P .
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Similarly, for any point p ∈ P , we approximate its density
using the sum of distances to its k-nearest neighbors, that is,

ρp = exp

�

−η ∗
k�

i=1

||p − Ni(p, P)||22
�

, (14)

where η is another decay parameter and k is another perceptual
parameter. We set η to 10 and k to 3 in our experiments. A larger
sum of these distances indicates a lower density at that point.
We aim to pay more attention to these low-density points within
P . Hence, we formulate LP2S as,

LP2S =
1

I

�

p∈P
exp(−ρp) ∗ mins∈S||p − s||22. (15)

We adopt this approach because we observed that sparse point
clouds, particularly those with large missing parts or structures,
usually get ignored by the neural network in some area with
extremely low density points, leading to degraded results. As
previously mentioned, these points lose their structural infor-
mation because they are too far away from their neighboring
points. Therefore, we increase the weight of these points in the
loss function to make the network focus more on the extremely
sparse points. Ultimately, our structure-aware constraint is a
summation of losses calculated in both directions,

LSACD = LP2S + LS2P . (16)

Training Strategy: We also modified the training strategy of
NeuralTPS with LSACD. Our goal is for the surface parameter-
ization to map a set of 2D samples U to a 3D chart S , capturing
the coarse structure as quickly as possible. This early structuring
provides a roughly correct basis for inferring the signed distance
function. At the beginning stage of training, we use a higher
value for r to capture more structural information for each point,
despite the risk of accumulating redundant or incorrect data. As
training progresses, we gradually reduce r to refine the learning
process, allowing for convergence and optimization of results.

L2 Parameter Regularization: Additionally, we incorporate
an L2 parameter regularization constraint on the network pa-
rameters φ and θ during training. This constraint is commonly
employed to prevent overfitting, which in our case, helps avoid
overfitting both the 3D chart S in the surface parameterization
and the points pulled to the surface during signed distance func-
tion inference. This regularization promotes the development
of smooth and complete surfaces, even in cases of extreme
sparsity. We will validate this in our experiments. The constraint
is denoted as,

LReg =
1

||φ||
�

φ

φ2 +
1

||θ||
�

θ

θ2. (17)

In summary, to deal with sparse point clouds with large miss-
ing parts or structures, we optimize surface parameterization and
SDF inference using the following objective function,

min
θ,φ

�
LSACD +γLSurf + δE{G}{LP ull(Q′, G)}+�LReg

�
,

(18)
where γ, δ and � are balance weights, and we set γ = 0.1, δ =
0.1 and � = 1e − 4 in our experiments.

G. Motivation of NeuralTPS

One of the challenges for SDF inference from sparse point
clouds is to produce a smooth field. We adopt TPS [48] in the
learned feature space, since TPS is a unique solution to scattered
data interpolation with maximum smoothness evaluated by the
second order partial derivatives [104]. The smoothness is a
measurement of the aggregate curvature of fθ over the region of
the surface. Since the smoothness may filter out sharp edges, we
conduct TPS interpolation in the learned feature space rather
than 3D space. In the next subsection, we will specifically
describe the principles of TPS in higher dimensional spaces,
which is the theoretical basis that our NeuralTPS relies on.

H. The Principles of NeuralTPS

Let Ω ⊂ Rd, d ⊂ N, be a closed and bounded domain. Given
a set M = {pi}N

i=0 of scattered points in Ω and function values
at G as {zi}N

i=0, a TPS is a smooth function u : Ω → R which
minimises the loss function,

Jα(u) = J1(u) + αJ2(u), (19)

where J1(u) is a fitting term which measures the distances
between the corresponding point-sets {pi} and {zi}, and J2(u)
is a deformation term which measures the smooth variant. α is
a tuning parameter to control the rigidity of the deformation.
Small values of α will cause TPS to follow the data closely, but
may be sensitive to errors in the data, while large values of α
will give a smooth fit, but may not fully represent the data. The
definitions of J1(u) and J2(u) are formulated as,

J1(u) =
1

N

N�

i=1

(u(pi) − zi)
2, (20)

and

J2(u) =

�

�
L(u)dx, (21)

where L is a differential operator and it supervises the smooth-
ness of TPS. In 2D cases, L can be expressed as the square of
the Hessian matrix, thus J2(u) is,

J2(u)

=

�� �	
∂2u(x)

∂x2
1


2

+2

	
∂2u(x)

∂x1x2


2

+

	
∂2u(x)

∂x2
2


2
�

dx1dx2,

(22)

where x = (x1, x2) represents a general point in the domain Ω at
which the smoothness or deformation of the function u is being
evaluated. For cases in higher dimensional spaces, such as the
feature space applied in NeuralTPS, we can learn TPS in higher
dimensional spaces with the same fitting term J1(u). The only
adjustment needed is the deformation term J2(u). In general,
J2(u) is,

J2(u) =

�

�

� m!

t1! . . . td!

	
∂u(x)

∂xt1
1 . . . ∂xtd

d


2

dx, (23)

Authorized licensed use limited to: Tsinghua University. Downloaded on December 11,2024 at 23:54:17 UTC from IEEE Xplore.  Restrictions apply. 



570 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 47, NO. 1, JANUARY 2025

where m is the order of the derivatives we take and d is the
dimension of x. {ti}d

i=1 are nonnegative integer vectors which
satisfies

�
ti = m.

It can be shown that a unique minimizer u exists in (19). It
defines a spatial mapping that maps any location x in space to a
new location u(x), which can be defined as,

u(x) = Γ(x) + α
N�

i=1

wiU(pi, x), (24)

where {wi}N
i=1 is a set of mapping coefficients. U(pi, x) is

a suitable radial basis function centered at the point pi ∈ Ω,
represented by,

u(pi, x) = −||x − pi||2log(||x − pi||). (25)

Γ in (24) is a appropriate polynomial, which is formulated as,

Γ(x) =
M�

j=1

ajγj(x), (26)

where γj(x) are monomials of order up to 1. The coefficients
{aj}M

j=1 and {wi}N
i=1 can be solved by the following linear

system,



(K + nαI)w + P a = y,
P T w = 0,

(27)

where Kij = U(pi, pj), I is the identity matrix and Pij =
γj(pi). By solving the linear system, the targeted TPS can
smooth the scattered points in any dimension.

Unlike solving the above linear system to obtain the minimizer
u in classic methods, our NeuralTPS resolves this problem
from the excellent fitting ability of the neural network and
interpolates TPS in the high-dimensional feature space. Based
on the smoothing effect of TPS in the high-dimensional space,
we can reconstruct smoother and more complete surfaces from
sparse point clouds than other methods.

I. Details

Network and Training: In surface parameterization in Fig. 1,
our MLP is formed by 5 fully connected layers of size 128, 256,
512, 256, and 3. We have ReLU on the first two layers, leaky
ReLU on the third and fourth layers, and tanh on the final output
layer. In each iteration during training, we sample 2D points
to generate S with 2000 3D points to calculate LCD with the
ground truth P , and generate G with 5000 3D points to calculate
LP ull.

In Fig. 3, MLP1 is formed by 10 fully connected layers. All
of the first 9 layers have a dimension of 512, and the last layer
has a dimension of 128. We leverage the ReLU after each layer.
Both MLP2 and MLP3 are formed by 1 fully connected layer
with a size of 1, and do not leverage any activation function.
We establish Q by sampling queries around each point in S
with a Gaussian distribution, which gets more queries around
the surface.

For each shape, we train our network in 40 000 iterations on
an NVIDIA GTX 1080Ti GPU using an ADAM optimizer with
a batch size of 5,000 and an initial learning rate of 0.0001.

Initialization Scheme: We employ the same initialization
scheme as NeuralPull [9] to determine the inside and outside
of the surface. We initialize the parameters in our network using
Geometric Network Initialization (GNI) [7] to approximate the
signed distance function of a sphere. Here, the sign of the signed
distance outside of the shape is positive and negative inside. This
initialization scheme enables NeuralTPS to gradually refine the
implicit field from a standard sphere to the implicit field of the
target object without normals during training, preserving the
correct inside-outside relationship.

Sampling Ground Truth Points: We employ random sampling
to select 300 points on the mesh surface, creating a realisti-
cally sparse point cloud. Given the small sample size, random
sampling may result in denser concentrations of points in some
areas and sparser distributions in others. It is important to note
that we do not attempt to ensure a uniform distribution of
samples, mirroring the inherent non-uniformity of real-world
LIDAR-scanned point clouds. This approach allows us to assess
our method’s performance on sparse and non-uniform point
clouds.

Sampling 3D Queries: We leverage a method introduced by
NeuralPull [9] to sample queries around each point on the point
cloud. We use Gaussian distribution centered at each point and
set the standard deviation as the distance to the 51th nearest
neighbor in the point cloud. This allows queries to be not too
far from the surface. We sample 5000 queries around the point
cloud in each iteration.

Sampling 2D Points for Surface Parameterization: We use
uniform distribution in a range of [0, 1] to sample 2D points.
In each iteration, we sample 2,000 points to generate a 3D
point cloud to supervise the surface parameterization and sample
5,000 points to generate a coarse surface estimation for SDF
inference.

Number of Sparse Points: We sample only 300 points on each
shape as the input of our method for training and evaluation.
The reason why we sample extremely sparse points is that the
communication bandwidth is a critical resource for many read-
time and safety-related applications in the real world. Extremely
sparse points can reduce the communication burden, especially
among a group of units. Hence, these applications value more on
complete and correct structures than geometry details. We push
the sparsity limit in this paper and use points that are as sparse
as we know to reconstruct surfaces. Note that NeedleDrop [96]
also uses 300 points as input, but samples 300 different points in
each iteration. Moreover, our method is not only applicable to
extremely sparse point clouds but also to working with dense
point clouds. We perform well with both sparse and dense
point clouds. We will describe it in detail in the following
experiments.

IV. EXPERIMENTS

We evaluate our method in surface reconstruction from syn-
thetic point clouds and real scans. The point clouds represent
shapes and scenes. For each point cloud, we predict signed
distances at grid locations using the inferred SDF fθ, and then
run the marching cubes algorithm [87] to extract a surface.
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TABLE I
ACCURACY OF RECONSTRUCTION USING 300 POINTS UNDER SHAPENET IN TERMS OF CDL1 × 10, CDL2 × 100 AND NC

A. Surface Reconstruction for Shapes

Dataset and Metrics: We evaluate our method in sur-
face reconstruction for rigid shapes and non-rigid shapes in
ShapeNet [105], D-FAUST [106] and MGN [107]. We report
our evaluations under the test splitting of ShapeNet from Neu-
ralPull [9], the test set of D-FAUST, and the test set of MGN. We
do not learn priors, and train a neural network to overfit to each
single point cloud. For each shape, we follow NeedleDrop [96]
to randomly sample 300 points on each shape as the input to
each method in evaluations. Using the learned implicit functions,
we extract meshes as the reconstructed surfaces. We evaluate
the reconstructed surfaces using L1 Chamfer Distance (CDL1),
L2 Chamfer Distance (CDL2), and normal consistency (NC),
where we sample 100 k points on the reconstructed surfaces and
ground truth surfaces respectively to measure errors.

Evaluations under ShapeNet with Overfitting-Based Meth-
ods: We compare our methods with the state-of-the-art
overfitting-based methods including NeedleDrop (NDrop) [96],
NeuralPull (NPull) [9], SAP [11], ShapeGF (ShpGF) [108],
NeuralSplines (NSpline) [100], VIPSS [97]. Here, we do not
compare with SAL [7] or IGR [5], since NDrop and NPull
showed better performance over them. All methods do not
leverage priors during training, and we train all these methods
to overfit to the same sparse point clouds separately. To produce
the results of ShapeGF, we use PSR [109] to reconstruct meshes
from the predicted point clouds, since the code for reconstruction
using gradients is not available. For the normals required by
NeuralSplines as input, we provide the normals obtained on
the ground truth meshes. We also do not compare the results
of NDrop from its original paper, since its official code shows
that it samples 300 points from a mesh in each iteration during
training, which is equivalent to observing a much denser point

cloud rather than a single sparse point cloud with merely 300
during training.

We report numerical comparisons in Table I. The comparisons
indicate that we achieve the best results which show our supe-
rior performance over the latest overfitting-based methods. The
methods without learning priors like NDrop, SAP and NPull can
not learn implicit functions from merely 300 points. Our visual
comparisons in Fig. 4 highlight our advantages in reconstructing
more complete and smooth surfaces. It is worth mentioning that
the figures of the sparse points cloud are not clear enough when
the number of points is too small. Therefore, we replaced each
point in the sparse points as a mesh ball with an appropriate
radius to increase its size. In addition, the sparsity of the point
clouds results in figures that lack a sense of depth. These are the
reasons why some sparse points appear to be uniform.

Evaluations under ShapeNet with Prior-Based Methods:
We further compare our methods with the state-of-the-art
prior-based methods including OnSurf [45], Point2Skeleton
(P2Skeleton) [84] and NKSR [86]. Here, we do not include a
comparison with NKF [85], as NKF does not release its source
code, and NKSR, which is based on NKF, outperforms it. We
reproduce their results using the pre-trained models available in
their respective code repositories. Similarly, we provide NKSR
with the ground truth normals obtained from the meshes as input.

We report numerical comparison in Table I. The comparisons
indicate that we achieve the best results which show our supe-
rior performance over the latest prior-based methods including
OnSurf, P2Skeleton, and NKSR in surface reconstruction on
sparse point clouds. The visual comparisons in Fig. 5 highlight
our advantages in reconstructing more complete and smooth
surfaces. This is because, these prior-based methods do not
generalize well to unseen shapes, particularly on extremely
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Fig. 4. Visual comparison with the state-of-the-art overfitting-based methods under ShapeNet dataset.

sparse point clouds. For instance, P2Skeleton is designed to
handle sparse point clouds of 2000 points, which is significantly
more than our 300 points. It also notes that if the input points
are too sparse and some points on the convex hull are missing,
it struggles to recover the complete geometry. NKSR requires
dense point clouds and normal supervision and faces challenges
in generalizing to extremely sparse point clouds despite its
strong inductive bias toward solving general 3D reconstruction
problems.

Evaluations under D-FAUST: We report our evaluations under
D-FAUST in Table II. We follow NeedleDrop to report CDL2.
We report the 5%, 50%, and 95% percentiles of the CD between
the surface reconstructions and the ground truth. Our method
learns better SDFs which achieve better accuracy and smoother
surfaces. This is also justified by our visual comparisons in
Fig. 7. Since the ground truth points are sparse and non-uniform,
we can see that some cases have local parts containing few points
even missing. For example, the sparse points in the first and

TABLE II
ACCURACY OF RECONSTRUCTION WITH 300 POINTS UNDER D-FAUST IN

TERMS OF CDL2 AND NC

third rows of Fig. 7 have extremely sparse or missing points
in the chest and arms, which challenges other reconstruction
methods to recover these parts accurately. Thanks to the smooth
reconstruction capability of NeuralTPS, we can still success-
fully reconstruct reasonable shapes from most of the randomly
sampled sparse and non-uniform points.
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Fig. 5. Visual comparison with the state-of-the-art prior-based methods under
ShapeNet dataset.

TABLE III
ACCURACY OF RECONSTRUCTION WITH 300 POINTS UNDER MGN IN TERMS

OF CDL1, CDL2 AND NC

Evaluations under MGN: We report our evaluations under
MGN to highlight our advantage in reconstructing open surfaces.
We compare our methods with the state-of-the-art methods, in-
cluding PSR [109], NeuralPull (NPull) [9] and CAP-UDF [92].
Notably, CAP-UDF specializes in reconstructing open surfaces.
We use PSR to reconstruct meshes from sparse points, and we
train NeuralPull and CAP-UDF to overfit the sparse points. As
shown in Table III, the result indicates that we achieve the
best results which show our superior performance over other
methods in handling open surfaces. Both PSR and NeuralPull
struggle to reconstruct reasonable surfaces from merely 300
points. Similarly, The performance of CAP-UDF degenerates
on open surfaces due to the extreme sparsity of the points.
The visual comparisons in Fig. 8 highlight our advantages in
reconstructing more complete and smoother surfaces.

Evaluations on SACD: We report our evaluations on the
Structure-Aware Chamfer Distance (SACD) under ShapeNet
with overfitting-based methods NDrop [96], ShpGF [108],
VIPSS [97], NSpline [100], and prior-based methods On-
Surf [45], P2Skeleton [84], NKSR [86]. As shown in Table I, the
result of “Ours+SACD” indicates that we achieve the best results
which show our superior performance over the latest prior-based
methods. This superiority stems from SACD’s ability to extract
more structure from sparse points, enabling the reconstruction
of more accurate and reasonable surfaces despite the points’
extreme non-uniformity and the presence of missing parts. This

is further evidenced by our visual comparisons in Fig. 6. We
choose some typical cases with missing parts such as chairs with
incomplete backrests, lamps lacking supports, and tables miss-
ing several legs. While overfitting-based methods like NDrop,
ShpGF and VIPSS struggle to learn implicit functions from
merely 300 points. NSpline exhibits artifacts in extremely sparse
regions. The prior-based methods like Onsurf, P2Skeleton, and
NKSR fail to reconstruct the missing parts effectively. Benefiting
from SACD, we achieve better accuracy and smoother surfaces
on sparse points with missing parts.

B. Surface Reconstruction for Scenes

Dataset and Metrics: We further evaluate our method in
surface reconstruction for scenes in 3D Scene [110] and
KITTI [111]. For results under 3D scene, we follow previous
methods [9], [10] to randomly sample 100 points per m2. For
results under KITTI dataset, we use point clouds in single
frames to conduct a comparison. Similarly, we evaluate the
reconstructed surfaces using L1 Chamfer Distance (CDL1),
L2 Chamfer Distance (CDL2), and normal consistency (NC),
where we sample 1000 k points on the reconstructed surfaces
and ground truth surfaces respectively to measure errors.

Evaluations: We compare our methods with the state-of-the-
art methods including PSR [109], NeedleDrop (NDrop) [96],
NeuralPull (NPull) [9], SAP [11], and NeuralSplines
(NSpline) [100]. We train each method to overfit each single
point cloud. Similarly, we provide NSpline the ground truth
normals as input. Our numerical comparisons in Table IV show
that our method can reveal more accurate geometry in a 3D
scene. Our reconstructed surfaces in Fig. 12 are smoother and
more complete than others, and do not have artifacts in empty
space as NSpline, which justifies our capability of handling
sparsity in point clouds.

We further show our reconstructed surfaces from KITTI
dataset. Since there are no ground truth meshes, we evaluate
our method in visual comparisons with screened possion recon-
struction (PSR) [109], NeedleDrop (NDrop) [96], NeuralPull
(NPull) [9], SAP [11], and OnSurf [45]. The visual comparisons
in reconstructing cars, pedestrians, and roads are shown in
Figs. 9, 10, and 11. Note that the cars, pedestrians, and roads
obtained from LiDAR scans in the KITTI dataset are repre-
sented as single-sided point clouds, i.e., open surfaces. Our
reconstructed surfaces yield more complete surfaces with more
geometry details, such as the walking poses of pedestrians, and
the windows of cars. The smooth roads we construct highlight
our ability to reconstruct thin structures, even when working with
sparse open surfaces. Our method does not use any learnable
priors, and performs much better than the methods without
learning priors, such as NeedleDrop and NeuralPull, and also
OnSurf which learns a prior for sparse points.

We also show our reconstructed surfaces from a large scale
scan of a road from KITTI [96] in Fig. 13. We separate the point
cloud into different sections, and use our method to reconstruct
a mesh from point clouds in each section. Our reconstruction
shows that we can handle sparse point clouds and reconstruct
smooth and complete surfaces.
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Fig. 6. Visual comparison with the state-of-the-art with large missing parts or structures under ShapeNet dataset.

TABLE IV
ACCURACY OF RECONSTRUCTION UNDER 3D SCENE IN TERMS OF L2CD, L1CD AND NC

Fig. 7. Visual comparison with the state-of-the-art under D-FAUST dataset.

C. Analysis

Level Sets: We first visualize the signed distance field that
our method learns in Fig. 14. To highlight our performance, we
conduct visual comparisons with SAP [11], NeedleDrop [96],
and NeuralSplines [100] on a 2D case. SAP and NeedleDrop
estimate occupancy fields, while NeuralSplines and ours learn
signed distance fields, and we also provide the ground truth
normals to NeuralSplines to produce its results. We use each

Fig. 8. Visual comparisons with the state-of-the-art under MGN dataset.

method to learn an SDF from a sparse 2D point cloud that is
nonuniformly sampled on a moon-like shape, where we show
these points as blue dots in Fig. 14(d). The visual comparisons
of level sets learned by each method indicate that our method
can employ TPS to reveal smoother level sets with the highest
accuracy among the counterparts. Specifically, SAP and Nee-
dleDrop do not deal with sparsity well. Although NeuralSplines
also use splines to fit signed distances, it uses the distances along
normals as the ground truth, which easily produces artifacts near
sharp areas.

Authorized licensed use limited to: Tsinghua University. Downloaded on December 11,2024 at 23:54:17 UTC from IEEE Xplore.  Restrictions apply. 



CHEN et al.: NEURALTPS: LEARNING SIGNED DISTANCE FUNCTIONS WITHOUT PRIORS FROM SINGLE SPARSE POINT CLOUDS 575

Fig. 9. Visual comparisons of pedestrians in KITTI.

Fig. 10. Visual comparisons of roads in KITTI.

Fig. 11. Visual comparisons of cars in KITTI.

Point numbers: Although we aim to reconstruct complete
surfaces from extremely sparse points, our method is insensitive
to point numbers and performs well with both sparse and dense
point clouds. As the points increase from 300 to 10 000, our
reconstruction results become more and more accurate, as shown
in Fig. 16.

TABLE V
ACCURACY OF RECONSTRUCTION UNDER AIRPLANE CLASS OF SHAPENET

WITH 300 AND 2000 POINTS IN TERMS OF L2CD, L1CD AND NC

TABLE VI
ACCURACY OF RECONSTRUCTION WITH 2000 POINTS UNDER D-FAUST IN

TERMS OF CDL2 AND NC

We first evaluate our method in surface reconstruction
with 300 points and 2000 points in the airplane class under
ShapeNet [105]. We compare our methods with the state-of-
the-art methods including ConvOcc [22], Point2surf (P2S) [23],
OnSurf [45] and SAP [11]. For supervised methods including
ConvOcc, P2S, and OnSurf, we produce their results using
the parameters pre-trained they provide on airplane class of
ShapeNet. And for unsupervised method SAP, We train it to
overfit each single point cloud. We report numerical compar-
isons in Table V. The comparisons indicate that we achieve the
best results which show our superior performance over the latest
methods on both sparse and dense point clouds. The visual com-
parisons in Fig. 15 highlight our advantages in reconstructing
more complete and smooth surfaces in 300 and 2000 points.
Furthermore, we evaluate our method in surface reconstruction
in unseen classes with 2000 points under D-FAUST dataset.
For supervised methods including ConvOcc, P2S, and OnSurf,
we produce results using their official parameters pre-trained
on ShapeNet. The comparisons shown in Table VI indicate that
our method can achieve better performance in unseen classes.
Our reconstructed surfaces in Fig. 15 are smoother and more
complete than others, which justifies our generalization ability
with dense point clouds.

Double-Layer Structure: Surface reconstruction for double-
layer structures is challenging because the points of the two
layers are very close to each other, and sparsity in particular can
make reconstruction more difficult. So we conduct an experi-
ment to evaluate our performance in dense and sparse double-
layer structure curved surfaces. As shown in Fig. 17, we perform
effectively in handling both sparse and dense scenarios. The
comparisons indicate that NeuralTPS can robustly reconstruct
double-layer structure curved surfaces, accurately maintaining
the correct inside and outside.

TSNE: We also use TSNE [112] to visualize the feature space
learned for conducting TPS interpolation in Fig. 18. We can
see that the features we learned to conduct TPS interpolation
are compact, where features of queries (small dots) are closely
surrounding features of surface points (big dots). This makes it
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Fig. 12. Visual comparison with the state-of-the-art under 3D scene dataset.

Fig. 13. Visualization of our reconstruction from a large scale scan of a road
in KITTI.

Fig. 14. Visual comparison of learned fields with SAP, NeedleDrop, Neural-
Splines on a 2D case.

Fig. 15. Visual comparisons with 300 and 2000 points and unseen classes.

Fig. 16. Comparisons with different point numbers.

Fig. 17. Comparisons in dense and sparse double-layer structure curved
surfaces.
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Fig. 18. We use TSNE to visualize the feature space learned for conducting
TPS interpolation. Large dots indicate features of surface points, and small dots
indicate features of 3D queries.

TABLE VII
EFFECT OF SURFACE PARAMETERIZATION

easier to use surface points in basis functions for approximating
SDFs using TPS interpolation.

We visualize our optimization including learned level sets,
the feature space to perform TPS interpolation and more results
with real scans.

D. Ablation Studies

To justify each module of our method, we conduct our ab-
lation studies in airplane class that we used in Section IV-A
under ShapeNet. We report results in surface reconstruction with
different variations of our method.

Surface Parameterizations: We first highlight the benefits of
end-to-end training in Table VII. Hence, we optimize surface
parameterization and SDF inference separately, and merely use
the predicted 5000 points from surface parameterization to infer
SDF, as shown by the result of “Separate”. The degenerated
results show that we can infer more accurate SDFs by observ-
ing surface estimation in different iterations. Then, we replace
surface parameterization into the latest point cloud upsampling
method [113] to upsample the 300 point input to 5000 points.
The result of “Upsample” indicates that the upsampling method
can not generalize the learned prior to upsample 300 points into
a plausible shape with 5000 points. As shown in Fig. 19, the
upsampling method is sensitive to the density of input points,
resulting in distorted shapes after upsampling. In contrast, both
of our surface parameterization and the points pulled to the
surface fill the gaps of the sparse point cloud well, which leads
to a smooth and complete shape. Next, we show the effect of
gradient stop by turning it off. The result of “GradDiff” indicates
that the error backpropagated from the SDF inference brings too
much uncertainty to the surface parameterizations, which turns
to degenerate the SDF inference.

We conduct experiments to explore the effect of using more
patches for surface parameterizations. As shown in Fig. 2, we

Fig. 19. Visual comparisons of surface parameterizations.

TABLE VIII
EFFECT OF PATCH NUMBERS

TABLE IX
EFFECT OF THE SDF INFERENCE

Fig. 20. Visual comparisons of the SDF Inference.

use more branches like AtlasNet [102] to cover the surface by
generating more patches, such as {1, 3, 5}. The comparison in
Table VIII shows that more patches degenerate reconstruction
accuracy. Since more patches result in larger gaps between
patches as we pointed out in Fig. 2, which does not resolve
the sparsity on the surface.

SDF Inference: We further validate the effectiveness of our
SDF inference as shown in Table IX and Fig. 20. We first replace
the SDF inference with the classic method Poisson Surface
Reconstruction (PSR) [109]. We reconstruct the surface of shape
G from surface parameterization directly with PSR, as shown
by the result of “PSR”. The degenerated results and the swollen
surface indicate that PSR is unable to perform accurate surface
reconstruction for the coarse shape G. Then we removed the Neu-
ralTPS module and replaced it with MLPs, which are equivalent
to NeuralPull [9]. The result of “NP” indicates that NeuralPull
is unable to predict the accurate SDF from the coarse shape
G. Even though the shape G is denser compared to the ground
truth P (only 300 points), there are still large gaps between some
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TABLE X
EFFECT OF LOSSES

TABLE XI
EFFECT OF BALANCE WEIGHTS � AND �

Fig. 21. Comparisons with different weights � and �.

points. As shown in Fig. 20, NeuralPull is sensitive to the density
of input points, resulting in incomplete surfaces. In contrast, our
NeuralTPS module performs TPS interpolation in the feature
space to produce a smooth field, which somewhat fills the gaps
on the shape G and thus yields smooth and complete surfaces.

Loss: We conduct experiments to explore the importance of
each term in our loss function in (8). We remove each of them
respectively, and report results in Table X. Since we learn SDF,
we keep LP ull in all experiments. We first remove LCD and pull
queries directly on the sparse points rather than the output of
surface parameterization. The degenerated results of “No LCD”
show that the surface parameterization provides an important
surface estimation to infer SDFs. Then, we remove LSurf , and
get slightly worse results of “No LSurf ”. These results show
the effectiveness of each term, and surface parameterizations
supervised by LCD are the most important.

Balance Weights: We set α and β to balance the amplitude of
the three terms when the network converges and report the effect
of balance weights α and β in our loss function in Table XI. It
shows that α = 0.1 and β = 0.1 are the best. We reduce the
values of α and β, which results in the SDF inference module
being insufficiently trained to infer the accurate surface. When
we increase the values of α and β, this causes the SDF inference
module to optimize too fast, while the surface parameterization
module at the same time does not obtain an optimal shape S ,
making the additional coarse surface estimation G to be sparse
and incomplete, thus producing an incomplete surface. As shown
in Fig. 21, larger α and β highlight the effect of sparse input, and
produce incomplete surface, while smaller ones over smooth the
surface, even connect nearby surfaces for some shapes, which
is caused by the inaccurate SDF inference.

TABLE XII
EFFECT OF THE DECAY PARAMETER �

TABLE XIII
EFFECT OF THIN PLATE SPLINES

TABLE XIV
EFFECT OF STRUCTURE-AWARE CHAMFER DISTANCE

TABLE XV
EFFECT OF BALANCE WEIGHTS � AND � IN SACD

We further report the effect of the decay parameter δ in (7).
Table XII shows that both smaller and larger δ can degenerate
results.

Thin Plate Splines: We report ablation studies related to TPS
in Table XIII. We first replace TPS ψ(r) = r2log(r) into other
splines like ψ(r) = |r|3. The result of “|r|3” shows that the basis
function we use performs better. Then, we highlight the feature
space where we do TPS interpolation by removing the MLP1
in Fig. 3. Instead, we do TPS directly in the spatial space. The
result of “No Feature” drastically degenerates, which indicates
it is more effective to perform TPS interpolation in an optimized
feature space than in spatial space. Next, we explore the effect
of the displacement dF EA by removing the MLP3 in Fig. 3. The
result of “No Disp” shows that predicting SDFs directly from
the feature is a good remedy to the TPS prediction.

Structure-Aware Chamfer Distance: We report the ef-
fect of the Structure-Aware Chamfer Distance (SACD) in
Table XIV. We first replace LCD into LSACD. The result of
“Ours+LSACD” shows that LSACD can capture more structural
information from the sparse points than LCD. Then, we further
apply the training strategy introduced in SACD. The result of
“Ours+LSACD+Strategy” indicates that we can infer SDFs more
accurately with the help of training strategy. Next, we explore
the effect of the L2 parameter regularization. The result of
“Ours+All” has a slightly improvement.

We also explore the effect of the balance weights used in
SACD. We first report the effect of balance weights γ and δ
under the condition � = 1e − 4. As shown in Table XV, similar
to α and β, optimal results occur when both γ and δ are set to 0.1.
Deviations from this value, either increasing or decreasing, lead
to worse results. Subsequently, we report the effect of balance
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TABLE XVI
EFFECT OF BALANCE WEIGHTS � IN SACD

TABLE XVII
EFFECT OF DECAY PARAMETERS �, � IN SACD

TABLE XVIII
EFFECT OF PERCEPTUAL PARAMETERS r, k IN SACD

TABLE XIX
EFFECT OF DISTANCE FUNCTIONS FOR OPEN SURFACES

weight �, with γ and δ stayed to 0.1, as detailed in Table XVI.
Increasing the value of � enhances the L2 regularization term,
making the features too sparse to effectively model the sparse
point cloud. Conversely, decreasing � diminishes the influence
of the L2 regularization term, making it negligible.

We further explore the effect of decay parameters ε, η and
perceptual parameters r, k. As shown in Tables XVII and XVIII,
both excessively large and small values of these parameters lead
to a decline in performance.

UDFs: We further explore the effect of Unsigned Distance
Functions (UDFs) on open surfaces under the MGN datasets. To
do this, we extend NeuralTPS from Signed Distance Functions
(SDFs) to UDFs, renaming our signed distance function infer-
ence to unsigned distance function inference. Specifically, we
replace our pulling loss in UDF inference with the pulling loss
introduced for unsigned distances in CAP-UDF [92]. Addition-
ally, we employ the surface extraction algorithm from CAP-UDF
to extract surfaces from UDFs. An experimental comparison of
UDF-based NeuralTPS against SDF-based NeuralTPS reveals
that using UDFs to represent open surfaces does not yield
significant improvements, as shown in Table XIX.

Noise Levels: We report the effect of noises in our method in
Table XX. We add Gaussian noises with standard deviations in-
cluding {1%, 2%, 3%}. Our results slightly degenerate with 1%
and 2% noises and get much worse with 3% noises. Compared
to SAP, our method is more robust to noises, as shown in Fig. 22.

TABLE XX
EFFECT OF NOISE LEVELS

Fig. 22. Comparisons with noises.

TABLE XXI
COMPARISON OF TRAINING TIME AND NUMBER OF PARAMETERS

Complexity: We report the comparison with other methods in
terms of training time and number of parameters in Table XXI.
All methods are trained on an NVIDIA GTX 1080Ti GPU. Our
method has fewer parameters and a shorter training time than
other methods for learning SDFs from sparse points. While we
have one additional branch for surface parameterization, which
makes us have more parameters and a little longer training time
than NeuralPull [9].

V. CONCLUSION, LIMITATION AND FUTURE WORK

We present a method to infer SDFs from single sparse point
clouds without using signed distance supervision, learned priors
or even normals. We achieve this by learning surface param-
eterizations and SDF inference in an end-to-end manner. We
parameterize the surface as a single chart, which significantly
reduces the impact of the sparsity. By evaluating surface param-
eterization in different iterations, we provide a novel perspective
to mine supervision from multiple coarse surface estimations for
SDF inference. We also successfully leverage TPS interpolation
in feature space to impose smooth constraints on inferring SDF
from multiple coarse surface estimations in a statistical way. We
justify the effectiveness of key modules and report results that
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outperform the state-of-the-art methods under the widely used
benchmarks.

Our current method has some failure cases in some extremely
sparse and uneven cases. For example, some roads in KITTI
datasets have only a very few points on some segments, resulting
in poor reconstructions. To tackle this problem, we consider two
potential future works of our method. First, by introducing the
attention mechanism, points with the sparser neighbors have
higher weights, thus guiding the network to focus more on the
parts with fewer points and reconstructing a more complete and
smoother surface. Second, our current reconstruction results lack
details. On the one hand, the point cloud itself is extremely sparse
and lacks details, on the other hand, NeuralTPS learns a global
implicit field and lacks the ability to learn fine local features.
In order to improve the reconstruction accuracy on large-scale
scene datasets, learning a learning strategy on local regions is
more promising, and we will refer to some local reconstruction
algorithms [10], [16], [44] to introduce LocalNeuralTPS. It is
interesting to extend our method for reconstructing high-quality
surfaces on large-scale and extremely sparse point clouds with
complex geometry.
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