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Abstract

Implicit 3D surface reconstruction of an object from its par-
tial and noisy 3D point cloud scan is the classical geometry
processing and 3D computer vision problem. In the literature,
various 3D shape representations have been developed, dif-
fering in memory efficiency and shape retrieval effectiveness,
such as volumetric, parametric, and implicit surfaces. Radial
basis functions provide memory-efficient parameterization of
the implicit surface. However, we show that training a neural
network using the mean squared error between the ground-
truth implicit surface and the linear basis-based implicit sur-
faces does not converge to the global solution. In this work,
we propose locally supported compact radial basis functions
for a linear representation of the implicit surface. This rep-
resentation enables us to generate 3D shapes with arbitrary
topologies at any resolution due to their continuous nature.
We then propose a neural network architecture for learning
the linear implicit shape representation of the 3D surface of
an object. We learn linear implicit shapes within a supervised
learning framework using ground truth Signed-Distance Field
(SDF) data for guidance. The classical strategies face diffi-
culties in finding linear implicit shapes from a given 3D point
cloud due to numerical issues (requires solving inverse of a
large matrix) in basis and query point selection. The proposed
approach achieves better Chamfer distance and comparable
F-score than the state-of-the-art approach on the benchmark
dataset. We also show the effectiveness of the proposed ap-
proach by using it for the 3D shape completion task.

Introduction

3D surface reconstruction of real-world objects is a funda-
mental research problem in 3D Computer Vision, Geome-
try Processing, and Computer Vision with multiple applica-
tions such as Gaming, Animation, AR/VR, simulation, etc
(Berger et al. 2017) (Huang et al. 2022). There exist various
variants of this problem like 3D Reconstruction from sin-
gle view images, multiple view images, single view/multiple
view partial 3D scans, etc. (Berger et al. 2017; Huang et al.
2022; Xiu et al. 2022; Tiwari et al. 2021). The 3D Recon-
struction problem can further be classified based on the rep-
resentation of the 3D shape, differing in their memory effi-
ciency and the effectiveness of shape retrieval. The represen-
tations can be broadly classified into four categories: point
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clouds, mesh-based representations, voxel-based representa-
tions, and implicit shape representations (Berger et al. 2017).
Implicit shape representation’s primary superiority lies in its
ability to generate arbitrary shapes and topologies at any res-
olution due to their continuous nature (Macédo, Gois, and
Velho 2011). They are modeled using parameterized func-
tions, and learning the shape involves predicting these pa-
rameters (Park et al. 2019). Parameterization of the implicit
representation defines the efficiency of the implicit surfaces.
There exist works in the literature that aim to parameter-
ize implicit surfaces (Park et al. 2019; Macédo, Gois, and
Velho 2011; Yavartanoo et al. 2021). One category of works
aims at modeling the implicit representation by a function
parameterized by the neural networks known as neural im-
plicit (Park et al. 2019; Saito et al. 2019; Michalkiewicz
et al. 2019b; Xu et al. 2022). Yavartanoo et al. represents
the implicit surface by a finite low-degree algebraic poly-
nomial and learns the co-efficient of the algebraic polyno-
mial (Yavartanoo et al. 2021). This suffers from the fact that
the low-degree polynomials fail to model the high curva-
ture region of the surface. The radial basis functions have
been used classically to model complex implicit surfaces
(Macédo, Gois, and Velho 2011; Liu et al. 2016; Xu et al.
2022).

In this work, we propose a radial basis function-based
representation (Liu et al. 2016; Macédo, Gois, and Velho
2011) to model implicit representation and learn the pa-
rameter of this linear representation using a neural network.
The proposed Linear implicit shape model has significantly
less number of parameters when compared to neural im-
plicit (Park et al. 2019) and algebraic implicit representa-
tion (Yavartanoo et al. 2021) and is a great choice for a task
requiring memory efficiency due to less number of parame-
ters. We learn linear implicit surface representation (LISR)
from a partial point cloud using a based learning approach
which is supervised by the ground truth Signed-Distance
Field (SDF) of the underlying shape. In the methodology
section, we show that directly using the RBF framework for
training a neural network to predict the SDF does not work.
For the convergence to the optimal solution, We identify a
constraint on the choice of basis and the query points for
SDF evaluation to find the loss, which facilitates the learn-
ing of linear implicit surfaces. We show that the compactly-
supported RBF as basis functions, along with a strategical
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choice of query points at the time of training, satisfy the de-
sired constraint, thereby converging to the optimal solution.
We run an experiment to show the validity of the constraint
and train a neural network with the given constraint on the
task of shape prediction and completion from a raw point
cloud. We use the proposed approach for the shape comple-
tion task to show the application of the proposed approach.
In summary, our contributions are as follows:

* We parameterize the implicit 3D surface of an object us-
ing linear and compactly supported radial basis functions
and identify a constraint on the choice of basis and query
points for enabling efficient learning of linear implicit
shapes.

* We show that the proposed learning-based Compactly
Supported-RBF (CSRBF) representation along with the
proposed query point selection strategy satisfies the con-
straint on the choice of the basis functions.

* We propose a neural network to learn the coefficient of
linearity for CSRBF-based implicit surface representa-
tion.

* We experimentally validate that the proposed approach
can learn high-quality shape representations over distri-
bution of shapes and show its applicability for the shape
completion task.

The code for this paper is available at https://github.com/
Atharvap14/LISR.

Related Works

Volumetric Representation: Volumetric representation
models the surface surface using voxels in a unit cube.
The learning-based approaches learn voxel occupancy from
the given input point cloud/image of an object (Wu et al.
2015, 2016; Peng et al. 2020; Zhang, NieBner, and Wonka
2022; Wang et al. 2023; Chibane, Alldieck, and Pons-Moll
2020). The accuracy of the reconstructed surfaces depends
on the voxel size which is a cubic memory requirements
in terms of the levels in the tree-based representation (Dai,
Ruizhongtai Qi, and NieBner 2017; Riegler, Osman Ulu-
soy, and Geiger 2017). However, volumetric representation-
based methods still suffer in terms of huge memory require-
ments to represent high curvature regions of the surface.
Neural Implicit Representation: Recently, many algo-
rithms were proposed to predict the signed distance field
and the occupancy from a single point cloud using a neural
network (Park et al. 2019; Erler et al. 2020; Michalkiewicz
et al. 2019a,b; Mescheder et al. 2019; Niemeyer et al. 2020;
Chabra et al. 2020; Liu et al. 2021; Venkatesh et al. 2021;
Chen and Zhang 2019). These approaches use the contin-
uous representation of the implicit surface, which they pa-
rameterize using the neural networks as compared to the
volumetric representation, where the surface is represented
by voxels by discretizing the 3D unit cube. There exist ap-
proaches that reconstruct the implicit surface from the single
image of the object (Liu et al. 2019; Sitzmann, Zollhofer,
and Wetzstein 2019; Yavartanoo et al. 2021; Yu et al. 2022;
Saito et al. 2019; Xu et al. 2019). Recently, many methods
have decomposed the 3D surfaces into multiple primitives
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and learned implicit representation for each of the primi-
tives from the local point cloud patches (Genova et al. 2019,
2020; Deng et al. 2020b; Jiang et al. 2020; Darmon et al.
2022; Wu et al. 2022; Deng et al. 2020a; Nan and Wonka
2017). These approaches do not solve the point completion
problem and rely on a clean and complete point cloud of the
object, and may not generalize well to unseen categories as
they are trained in the global sense.

Parametric Implicit Surfaces : Another categories of
algorithms parameterize the implicit surface representation
and find optimal parameters either using classical optimiza-
tion approaches (Huang, Carr, and Ju 2019; Blane et al.
2000; Rouhani and Sappa 2010; Macédo, Gois, and Velho
2011; Zhao et al. 2021) or using learning-based approaches
(Yavartanoo et al. 2021; Xu et al. 2022). Yavartanoo et al.
represents the implicit surface by a finite low-degree alge-
braic polynomial and learns the co-efficient of the algebraic
polynomial (Yavartanoo et al. 2021). This approach suffers
from the fact that the low-degree polynomials fail to model
the high curvature region of the surface. The radial basis
functions have been used classically to model complex im-
plicit surfaces (Macédo, Gois, and Velho 2011; Liu et al.
2016; Xu et al. 2022) however have not been utilized for sur-
face reconstruction in a learning-based framework. In this
work, we propose an RBF-based representation to model
implicit representation and learn the parameters of this lin-
ear representation using a neural network. The proposed
Linear implicit shape models have significantly less num-
ber of parameters when compared to neural implicit (Park
et al. 2019) and algebraic implicit representation (Yavar-
tanoo et al. 2021).

Implicit Surfaces and Shape Completion: Recently,
learning-based approaches have been proposed to predict
the full 3D object from its partial 3D point cloud scan. The
3D surface completion algorithms differ based on the rep-
resentation of the 3D objects, e.g. triangle meshes, volu-
metric, 3D point clouds, and 3D implicit surface functions.
The approaches (Choy et al. 2016; Dai et al. 2017; Dai,
Ruizhongtai Qi, and NieB3ner 2017; Héne, Tulsiani, and Ma-
lik 2017; Sun et al. 2022) predict the completed 3D object
in terms of its volumetric representation. However, These al-
gorithms are computationally expensive for high-resolution
volumetric point cloud completion. The triangle mesh-based
3D shape completion methods fail in capturing complex ge-
ometric structures (Litany et al. 2018). Implicit surfaces are
well known for their interpolation property even in case of
incomplete point clouds (Keren, Cooper, and Subrahmonia
1994; Turk and O’brien 2002). We use this property to solve
the shape completion problem using implicit surface recon-
struction. There exist various works (Yuan et al. 2018; Yan
et al. 2022b; Yu et al. 2021; Xiang et al. 2022; Mittal et al.
2022; Yew and Lee 2022; Yan et al. 2022a) for shape com-
pletion task, but there is no work to solve these two prob-
lems simultaneously. The algorithm proposed in (Chibane,
Alldieck, and Pons-Moll 2020) addresses this problem but
mostly for human 3D shapes and also uses an occupancy
network to first learn the implicit representation and subse-
quently solve the completion problem.
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Methodology

In this work, we aim to solve the problem of implicit
3D surface reconstruction of an object S from a scene
from its partial and noisy 3D point cloud scan. Let M =
{x1,...,%n} C S be a 3D point cloud scan of an object.
Given M, our goal is to find an implicit representation of
the 3D surface of the underlying object represented by M.
We represent the implicit surface of an object by the signed
distance field f : R® — R. The value f(x) represents the
distance of the point x € R? from the surface of the object
M. The zero level set of the SDF f represents the surface of
the underlying object M, i.e., S = {x € R? | f(x) = 0}.In
this work, we propose a Linear Implicit Surface Representa-
tion (LISR) of f which we discuss in the following Sections.

Linear Implicit Surface Representation

In the proposed Linear Implicit Shape Representation
(LISR) framework, we represent the surface of a 3D object
as a zero-level set of a scalar field modeled using a linear
combination of basis functions. The LISR representation is
defined by a set of coefficients and a set of basis functions
which is defined in Equation (1).

n
Fx) =) cigi(x) (1)
i=1
Here, f(x) represents the implicit function value at point x,
«;’s are the coefficients of linear combinations, and the func-
tions ¢; are the basis functions evaluated at x. Given a point
cloud M with its ground truth signed distance field sy (x),
we formulate an optimization problem where we minimize
the L2 loss between the predicted SDF and the ground truth
SDF. Formally, we define the optimization problem in Equa-

tion (2).
arg min D IF0) = sa(x)|3

x€Q

@

Here, & = [a1 2 ozn]—r € R™ contains the coeffi-
cients to be optimized, Q represents the domain of the opti-
mization problem, and || - |2 denotes the L2 norm. It is easy
to observe that the optimization problem defined in Equation
(2) can be rephrased as a solution to a linear system V' v =
gt using the condition f(x) = sy (x), Vx € Q. Here, sy
is the vector containing ground truth SDF values for query
points {X1,Xs,...,X,,} in the domain Q, VT € R™*" is
the matrix of basis functions evaluated at query points (n is
the number of basis functions, and m is the number of query

o1 (Xl) bn (Xl )

points) and defined as VT

¢1 (Xm) ¢n (Xm)
We first determine the condition where we can determine
the optimal solution to this linear system which we state
in the below result. Let a* represent the solution obtained
by solving the optimization problem defined in Equation (1)
(We use the gradient descent algorithm).

Theorem 1. The solution o* will be equal to the optimal

solution of the linear system V' a0 = Sg if and only ifVVT
is a full rank matrix.

4417

Proof. To prove this result, we first show that the gra-
dient of the SDF loss function concerning o is equal
VVT(a — (VVT)"'Vs,). Consider the the SDF Loss
function {(a) = Y, .o lf(x) — su(x)[|5 as defined
in Equation (1). Here, f(x) = V' (2)a and V(x) =
[p1(x)  ¢a(x) qbn(x)]T is the vector of values of
basis functions evaluated at query point x € Q. Now, us-
ing the chain rule, we can easily show that the gradient of
the SDF loss with respect to « can be defined as:

2> (VI (@)a = su4(x))Va(V (@)a) 3)
x€Q
vV T (a _ (VVT)*ngt)

Val

= “)

We observe that a* = (VV)~1Vsy represents the opti-

mal solution for the linear system Via = sgt. Hence, the

optimal solution of the gradient descent algorithm will be

o+ VV  ~* Here, v* = argmin|lag + VV ' v — a*||2.
v

Here, « is the initialized values and ag + VVT’y* rep-
resents that optimal « lies in the subspace of VV' cen-
tered at axg. We can easily deduce (using least square solu-
tion) that the optimal ~* is the solution to a linear system
VV ' iy = (a* — ap). Unique value of - exists if and only
if VV'T is a full-rank matrix and hence the gradient descent
algorithm will be able to converge if and only if VV ' is a
full-rank matrix. O

L{,<i,*\ha

n=10"° n=10"% n=10"%* n=10"2
Figure 1: Perturbation of HRBF coefficients: Noise was
added to each [ value and the noise was uniformly sam-
pled from the range [—,7]. We observe that the shape is
too sensitive to 3 as even for 7 = 10~° one of the wings of
the plane has been clipped.

Compactly Supported Radial Basis Functions

In the LISR, we experimentally observe that the basis func-
tions ¢;’s with global support, such as polynomials (Blane
et al. 2000; Rouhani and Sappa 2010) and Hermite-RBFs
(Macédo, Gois, and Velho 2011), do not meet the rank cri-
teria defined in Theorem 1 for all the query points x € Q.
The shapes generated using these basis functions are highly
sensitive to coefficients, as shown in Figure 1. This makes
it harder to learn the distribution of coefficients over a class
of shapes. In contrast, the use of compactly supported basis
functions reduced the sensitivity of the entire shape to coef-
ficient perturbations and enhanced the correlation between
coefficients and their respective basis functions. Intuitively,
this implies that only a specific subset of basis functions
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and their corresponding coefficients control the shape rep-
resentation in localized regions of the 3D space. Thereby
reducing the inter-dependence of coefficients and increasing
the matrix rank. Therefore, we propose to use the compactly
supported radial basis functions as our basis functions ¢;’s.
We define the local support for each basis function using
the Voronoi space partition of kernel points. We modify the
LISR defined in Equation (1) and define the modified linear
implicit surface representation in Equation (5).

Zj x)B! V(|x - pil3)- 3)
=1
Here, B, = [Bi  Biy ﬁi,z] € R? is a vector formed by

three unknown parameters, p; is the kernel point and r;(x) is
the function defining the local support for basis with kernel
point p,,i.e, if the point x lies in the local support of p; then
r;(x) evaluates to one, zero otherwise.

Query Point Selection

Along with a proper choice of basis functions, the selection
of query points is a critical step to satisfy the full rank ma-
trix criteria, as all the query points do not satisfy the rank
criterion (Theorem 1). Our strategy for query point selection
is to select at least three linearly independent query points
from each local support. This strategy enables us to make
the submatrix of V' corresponding to the particular local
support a full rank matrix.

Theorem 2. The matrix VV ' is a full rank matrix for the
linear implicit surface representation using the proposed
compactly supported radial basis functions and the query
point selection strategy.

Proof. Consider the CSRBF formulation of linear implicit
surface as defined in Equation (5). We rewrite the SDF f(x)
by substituting the expanded gradients and coefficients as:

q

=) rilx

=1

0 0
+ B (I = Bl + B - mﬁﬁ ©)

(&x (% — pill?)

Now, the proposed CSRBF-based linear implicit surface rep-
resentation can be written as

N

3q
> aigi(x)
i=1

Where, ¢;’s and «;’s are defined as in Equations (8) and (9),
respectively.

rias G2 (I~ pell), i =3k 41
$i(x) =  risa () 5 (IIx — pell3), ifi=3k+2 ()
P2 (- pel),  ifi = 3k
{51-;2’%, ift=3k+1
Ozi(X) = ﬂigl,y ifi=3k+2 )

ﬂ%’z, if i = 3k.
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Algorithm 1: Faster-Convergence Query Point Selection

Input: Basis Kernel Points {p}7 ; and their 3D Voronoi

Cells {S;}L,
Output: Query Points set Q

1: Let Q = 0.

2: for Each basis kernel point p; do

3:  Determine € such that ¢ < radius(S;).

4 Q<+ QU{pi+ei,p; +ej,pi +ek}

5: end for

6: return Q
Now, with this modified definition of LISR, we
can rewrite the i-th row of the matrix V' as:
[01,%x3i—3 M Opy,x3q—3;] Wwhere m; represents

the number of query points present in local support
corresponding to p; and

Gzi—2(xin)  Pzi—1(xin)  @si(win)

M; = : : :
¢3i—2(Tim,)  D3i-1(Tim,)  3i(Tim,)

For VT to be a full-rank matrix, each of the M; has to
be full-rank. It is trivial to observe that M, is a full-rank
as the query points are selected along the m; linearly inde-
pendent directions (Algorithm 1). Since M; is a full-rank
linear transformation on query points, the query point ma-
trix must be full-rank (which is 3). Hence there must exist
at least three linearly independent points in the set of query
points belonging to each local support such that VV'isa
full-rank matrix. Hence, the proposed query point sampling
strategy is sufficient for learning the linear implicit shape
with a CSRBF basis. O

To improve the rate of convergence, we sample the points
{pi + 6%, pi + eﬁ', pi + el%} for local support of p; instead
of sampling any three linearly independent points in local
support. The value of € is common across local supports and
chosen such that all sampled query points lie in their respec-
tive local supports. The gradient of the SDF loss can be writ-
ten as follows:

<§jw

)|2> =2VV' (a—a)
xeQ

where a* = (VV ) ~1Vsy is the solution to the optimiza-
tion problem. The sampling strategy in Algorithm 1 ensures
that VV' T = cI where c is an arbitrary constant and I is the
identity matrix. This shows that gradient descent always oc-
curs in the direction of global optima. This ensures that all
dimensions are similarly scaled allowing the model to train
faster.

Learning LISR
Now, we explain our approach for finding the optimal coef-

. T N
ficients & = [y agq] . As shown in Figure 1, the
final solution is too sensitive to the coefficients, and the fi-
nal reconstructed surfaces using the classical algorithms are
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Figure 2: The proposed framework consists of two interconnected networks: the Basis Prediction Network (top) and the Co-
efficient Prediction Network (bottom). The Basis Prediction Network predicts the kernel points of the Compactly Supported
Radial Basis Function (CSRBF) for partial shapes, while for complete shapes, the input point cloud can directly serve as the
kernel points for basis. The learned basis kernel points are then passed into the Coefficient Prediction Network, which estimates
the coefficients corresponding to each basis. Together, these predictions form a linear implicit shape representation for a given

input point cloud.

not robust to missing parts in the input point cloud. Hence,
we follow a learning-based approach to find optimal coeffi-
cients.

Predicting Kernel Centers: Our neural network architec-
ture consists of two sub-networks. The first network is
the Basis Prediction Network, which predicts the kernel
points of the Compactly Supported Radial Basis Function
(CSRBF) for partial shapes. For partial shapes, the net-
work learns to predict the optimal locations for these kernel
points. For complete shapes, however, an interesting opti-
mization comes into play: the input point cloud itself can
directly serve as the kernel points for the basis, as they pro-
vide the necessary information to encode the shape’s struc-
ture. The structure of the proposed basis prediction network
is the simple 3D auto-encoder which is inspired by the net-
work proposed by (Yuan et al. 2018). The input to this net-
work is the partial input point cloud M = {x1,...,x,}.
The output of this network is the set of kernel 3D points
P = {p1,...,Pq}- We use the Chamfer-L1 distance be-
tween the predicted kernel centers point cloud P and the
input point cloud M as the loss function to train the kernel
center prediction network defined as the below equation:

1 ) 1 .
Ml > minfx—pl + 7 > minx = plls
xeM PEP

b

Coefficient Prediction: Once we predict the kernel points
using the basis prediction network or obtained from the in-
put point cloud for complete shapes, we pass them into the
coefficient prediction network. This network is responsible

4419

for estimating the coefficients «; corresponding to each ba-
sis ¢; where i € {1,2,...,3q¢}.

By combining the kernel points and their corresponding co-
efficients, the linear implicit surface representation is con-
structed as f(x) 2?11 a;¢;(x). To train the proposed
coefficient prediction neural network, we use the following
loss between the predicted SDF f(x) = fil a;¢;(x) and
the ground-truth SDF sy (x):

3q
b= D 1D gi(x) —su(x)|3 (10)

x€eQ =1

In Figure 2, we present the structure of both the kernel
center prediction network and the coefficient prediction net-
work and the overall flow of the proposed approach.

Experiments and Results

In this section, we show the improvement in learning abil-
ity with our choice of basis and query points over other
basis functions such as Tri-harmonic, Mono-harmonic, and
Hermite-RBFs. We evaluate the ability of our model to gen-
eralize over a distribution of shapes by training it on vari-
ous classes of shapes in the ShapeNet dataset (Chang et al.
2015). We also evaluate the reconstruction of the shapes
from partial point clouds by coupling the model with the
Basis Prediction Network.
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(e

Figure 3: Single Shape optimization solution on the Point Cloud (shown (a)) for (b) Tri-harmonic radial basis, (¢) Mono-
harmonic radial basis, (d) Hermite-Radial basis with uniform query point selection strategy in the learning-based framework
and (e) LISR with query point selection strategy defined in Algorithm 1 over [—1, 1]® optimization domain and single shape
overfitting with only 1000 kernel points. LISR can capture the global shape properties.

Basis Functions Rank of VV'  Maximum rank
Tri-Harmonic 954 1000
Mono-Harmonic 997 1000
HRBF 13 3000
CSRBF (Proposed) 3000 3000

Table 1: Rank of the matrix V'V for different choices of
the basis functions. For the convergence of the optimization
algorithm to train a coefficient prediction network, the Vv’
has to be a full rank matrix as shown in Theorem 1. We ob-
serve that the proposed radial basis functions with compact
support achieve the full rank constraint.

Single Shape Learning

We demonstrate the improved shape representation and
learning of our approach by comparing our choice of ba-
sis and query points against various choices of basis func-
tions with global support such as Tri-harmonic RBFs, mono-
harmonic, and HRBF(Liu et al. 2016) with uniformly sam-
pled query points from the optimization domain [—1, 1]3.
We formulate the shape representation as given in Equation
(7) and use ADAM optimizer to compute the optimal value
for a for the loss function given in Equation (10) for over-
fitting on a single shape. We compute the rank of the matrix
V'V " matrix for each choice of basis and their correspond-
ing query points as given in Table 1. We also perform qual-
itative analysis by comparing the shape extracted after zero-
level iso-surface extraction given in Figure 3. For the con-
vergence of the optimization algorithm to train a coefficient
prediction network, the V'V has to be a full rank matrix
as shown in Theorem 1. We observe that the proposed radial
basis functions with compact support achieve the full rank
constraint. We have used 1000 kernel centers for this experi-
ment. We observe that, in the learning-based framework, the
proposed LIRS can learn the approximate shape of the ac-
tual object even with 1000 kernel centers on over-fitting a
large network with a single step. Whereas, with other basis
functions, it is not able to capture any aspect of the object
surface.
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3D Surface Reconstruction Evaluation

To check the performance of the proposed approach
for the task of 3D implicit surface fitting, we compare
the performance of the proposed approach (LISR) with
the performance of the sate-of-the-art approaches OccNet
(Mescheder et al. 2019), ConvNet (Peng et al. 2020), IF-
Net (Chibane, Alldieck, and Pons-Moll 2020), and 3DILG
(Zhang, NieBner, and Wonka 2022). We use the standard
evaluation metrics for this task such as Chamfer-L1 dis-
tance (CD) and the F-Score (Zhang, Nieiner, and Wonka
2022; Tatarchenko et al. 2019). We use five classes (Chair,
Aeroplane, Lamp, Sofa, and Table) from the ShapeNet
dataset (Chang et al. 2015) to train our network and com-
pare the performance with that of the state-of-the-art ap-
proaches. We follow the (23023,575,1152) train-val-test
split on ShapeNet. Following the evaluation protocol of
(Zhang, NieBner, and Wonka 2022), we include two metrics,
the Chamfer-L.1 distance, and F-Score. In our experiment,
we set the threshold equal to 0.02. In Table 2, we present
the Chamfer Distance and the F-Score for the proposed ap-
proach and the state-of-the-art approaches. We observe that,
on average, the proposed approach achieves a marginally
better Chamfer distance and marginally lesser F-Score than
that of the 3DILG (Zhang, Niefiner, and Wonka 2022) and
IF-Net (Chibane, Alldieck, and Pons-Moll 2020). In Figure
4, we show the results of the proposed approach for three
objects along with the ground-truth 3D surfaces. We observe
that the reconstructed implicit surface captures topology in-
formation but in the case of the chair, it could not capture
one of the spikes in the support of the chair.

Network and Training Detail, Run-time : Our architec-
ture consists of two sub-networks: Basis Prediction Network
(BPN) and Coefficient Prediction Network (CPN). It is es-
sential for the CPN to be permutation invariant since there
exists a correspondence between the basis and its coefficient.
We ensure this through the use of shared MLPs. CPN takes
kernel points as input and passes them through a shared-
MLP (6 layers with 3, 64,129, 256, 512, 1024 neurons, resp.)
with a max-pooling after the last layer to generate 1024
global latent which is then concatenated with each of the
kernel points and then passed through two shared MLPs (5
layers with 102443, 512, 512, 512, 512 neurons, resp.) and
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OccNet ConvNet IF-Net 3DILG LIRS
(Mescheder et al. 2019)  (Peng et al. 2020)  (Chibane et al. 2020)  (Zhang et al. 2023) (Proposed)
Class CDJ F-Scoref CD] F-ScoreT CDJ F-Scoref CD] F-Scoref CDJ] F-Scoref
Chair 0.058 0.890 0.044 0.934 0.031 0.990 0.029 0.992 0.027 0.993
Aeroplane  0.037 0.948 0.028 0.982 0.020 0.994 0.019 0.993 0.022 0.997
Lamp 0.090 0.820 0.050 0.945 0.038 0.970 0.036 0.971 0.028 0.980
Sofa 0.051 0.918 0.042 0.967 0.032 0.988 0.030 0.986 0.027 0.991
Table 0.041 0.961 0.036 0.982 0.029 0.998 0.026 0.999 0.033 0.974
Mean 0.046 0.907 0.040 0.962 0.030 0.988 0.028 0.988 0.027 0.987

Table 2: Comparison of the performance of the proposed approach (LISR) with the performance of the sate-of-the-art ap-
proaches OccNet (Mescheder et al. 2019), ConvNet (Peng et al. 2020), IF-Net (Chibane, Alldieck, and Pons-Moll 2020), and
3DILG (Zhang, NieBner, and Wonka 2022). We have used the standard evaluation metrics for this task Chamfer Distance (CD)
and the F-Score and five classes (Chair, Aeroplane, Lamp, Sofa, and Table) from the ShapeNet dataset (Chang et al. 2015).
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Figure 4: Visual results of 3D implicit surface reconstruction
on three input point clouds.

(5 layers with 1027+512, 512, 512, 512, 3 neurons, resp.)
with a skip connection between the two to generate the beta
values. The model contains 6670122 trainable parameters.
In essence, the basis kernel points provide a fixed founda-
tion, and the coefficients control the influence of each basis
function. The Voronoi cells of kernel points are used as their
local support for the basis functions while training. We use
ADAM with learning rate = le-8, weight_decay = le-7 along
with OneCycleLR scheduler with max_lr=1e-3. We train the
proposed network on a 4GB RAM GPU on a Linux ma-
chine and have used PyTorch (Paszke et al. 2019). The av-
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erage time for a forward pass on test point clouds having
10,000 points is around 0.0139 Seconds.

3D Shape Completion To show the effectiveness of the
proposed approach, we trained the proposed architecture for
the 3D shape completion task on the MVP dataset (Pan, Cai,
and Liu 2021; Pan et al. 2021) that consists of eight object
classes. To evaluate our approach, we find the Chamfer-L1
distance between the predicted 3D surface and the ground-
truth complete point clouds. The average Chamfer distance
for the proposed approach for all 8 classes is 0.039.

Conclusion

In this work, we have addressed the problem of reconstruct-
ing the implicit 3D surface of an object from its partial 3D
point cloud. We have proposed a radial basis functions-based
linear representation of the underlying implicit surface. We
further showed that the existing radial basis-based represen-
tation for implicit surface fail in a learning-based framework
as the SDF predicted by these methods does not satisfy the
full rank matrix criterion on the set of query points required
for finding the mean squared loss between the predicted and
the ground-truth SDFs. We have proposed an RBF-based
approach where we learn linear radial basis functions with
compact local supports. With this representation, along with
the proposed query point selection, we were able to learn the
coefficients of the proposed RBF-based representation. The
proposed parametrization of the implicit surface is linear in
the coefficients of RBF and has a compact surface represen-
tation. We achieved the best performance with respect to the
Chamfer distance metric and comparable performance with
the F-score metric.

Limitations and Future Scope: Our approach mostly sup-
ports single object-based tasks as it was trained on the
ShapeNet dataset, and also it requires supervision from the
ground-truth signed distance field. In future work, we would
like to extend the proposed framework for scene-level tasks
and solve it in semi-supervised or unsupervised approaches.
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