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Abstract

We introduce the Lennard-Jones layer (LJL) for the equalization of the density of 2D and
3D point clouds through systematically rearranging points without destroying their overall
structure (distribution normalization). LJL simulates a dissipative process of repulsive and
weakly attractive interactions between individual points by considering the nearest neighbor
of each point at a given moment in time. This pushes the particles into a potential valley,
reaching a well-defined stable configuration that approximates an equidistant sampling after
the stabilization process. We apply LJLs to redistribute randomly generated point clouds
into a randomized uniform distribution. Moreover, LJLs are embedded in the generation
process of point cloud networks by adding them at later stages of the inference process. The
improvements in 3D point cloud generation utilizing LJLs are evaluated qualitatively and
quantitatively. Finally, we apply LJLs to improve the point distribution of a score-based
3D point cloud denoising network. In general, we demonstrate that LJLs are effective for
distribution normalization which can be applied at negligible cost without retraining the
given neural network.

Source Code: Upon request, we are happy to share the source code to generate the results
presented in this paper. Please contact the first or the last author of this manuscript.
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Figure 1: An overview of the integration of LJLs into the inference process of well-trained generative models.
A well-trained model generates a meaningful point cloud from random noise in a sequential way (bottom
row). LJLs are inserted after certain intermediate-generation steps with damping step size t, and LJ
potential parameters and (top row). Embedding LJLs in generative models can improve the generation
results by normalizing the point distribution.

1 Introduction

Next to triangle meshes, point clouds are one of the most commonly used representations of 3D shapes.
They consist of an unordered set of 3D points without connections and are the native output format of
3D scanners. They also map well to the structure of neural networks, either in generative or processing
(e.g. denoising) tasks. A major problem with point clouds is, that their entropy heavily depends on the
distribution of the points. In areas with holes, not enough information about the shape is expressed, while
clustered areas waste storage without adding additional details. We introduce a so-calleidennard-Jones layer
(LJL) for distribution normalization of point clouds. We use the term distribution normalization to describe
the process of systematically rearranging the points' positions in order to equalize their density across the
surface without changing the overall shape. More formallydistribution normalization describes the property

of maintaining a global structure while maximizing minimum distances between points. The Lennard-
Jones (LJ) potential is widely considered an archetype model describing repulsive and weakly attractive
interactions of atoms or molecules. It was originally introduced by John Lennard-Jones (Jones, 1924a;b;
Lennard-Jones, 1931) who is nowadays recognized as one of the founding fathers of computational chemistry.
Applications of LJ-based numerical simulations can be found in dierent scientic communities ranging
from molecular modelling (Jorgensen et al., 1996) and soft-matter physics (Al-Raeei & El-Daher, 2019)
to computational biology (Hart & Istrail, 1997). For a given point cloud, we aim for a transformation
from the initial distribution into a blue noise-type arrangement by simulating the temporal evolution of the
associated dynamical system. Each point of the point cloud is interpreted as a particle in a dynamic scene
to which the LJ potential is applied as a moving force. In each iteration of the temporal integration process,
the point cloud is decomposed into a new set of independent subsystems, each containing a single pair of
particles. Each of these subsystems is then simulated individually, which greatly increases stability. As we
also include dissipation into our system, the point con guration of the particle system will be stabilized and
form randomized uniform point distribution after a su cient number of iterations. Learning-based point
clouds related research has been explored for years, especially in the elds of generation and denoising.
Existing models are solely trained to generate and denoise the point cloud without considering the overall
point distribution and therefore exhibit the common problems of holes and clusters. By embedding LJLs
into well-trained architectures, we are able to signi cantly improve their results in terms of point distribution
while at the same time introducing minimal distortion of the shape as shown in Fig. 1. We also circumvent
resource- and time-intensive retraining of these models, as LJLs are solely embedded in the inference process.
This way, LILs are a ready-to-use plug-in solution for point cloud distribution optimization.

2 Related Work

2.1 Molecular Dynamics

Simulating molecular dynamics is an essential tool for applications such as understanding protein fold-
ing (Creighton, 1990) or designing modern drugs (Durrant & McCammon, 2011) as well as state-of-the-art
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