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Abstract

Point Cloud Interpolation confronts challenges from point sparsity, complex spa-
tiotemporal dynamics, and the difficulty of deriving complete 3D point clouds
from sparse temporal information. This paper presents NeuroGauss4D-PCI, which
excels at modeling complex non-rigid deformations across varied dynamic scenes.
The method begins with an iterative Gaussian cloud soft clustering module, offering
structured temporal point cloud representations. The proposed temporal radial basis
function Gaussian residual utilizes Gaussian parameter interpolation over time, en-
abling smooth parameter transitions and capturing temporal residuals of Gaussian
distributions. Additionally, a 4D Gaussian deformation field tracks the evolution
of these parameters, creating continuous spatiotemporal deformation fields. A
4D neural field transforms low-dimensional spatiotemporal coordinates (x, y, 2, t)
into a high-dimensional latent space. Finally, we adaptively and efficiently fuse
the latent features from neural fields and the geometric features from Gaussian
deformation fields. NeuroGauss4D-PCI outperforms existing methods in point
cloud frame interpolation, delivering leading performance on both object-level
(DHB) and large-scale autonomous driving datasets (NL-Drive), with scalability to
auto-labeling and point cloud densification tasks. The source code is released at
github.com/jiangchaokang/NeuroGauss4D-PCI.

1 Introduction

Point cloud frame interpolation (PCI) [l1; 2] aims to estimate intermediate frames given two or more
point cloud frames. This task enables the generation of temporally smooth and continuous point
cloud sequences at arbitrary timestamps, which is crucial for applications such as autonomous driving
[35 4] and virtual reality [55 165 [7]]. PCI can be expressed with the following formula:
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Training Data Inference Input

PCI faces several challenges due to the unique characteristics of point cloud data and the complexity
of modeling spatiotemporal dynamics: 1) Point clouds are inherently sparse and unordered, lacking
the regular structure of images. For instance, NeuralPCI [3] simply concatenates spatial and temporal
coordinates as inputs to an MLP, struggling to adequately represent the motion and correlation of
multiple unordered point clouds over time. 2) PCI involves modeling the spatiotemporal dynamics
of point clouds, requiring the interpolation model Fg to capture the spatial structure and temporal
evolution of the scene from 4D training data ({P € RY*3},_¢ 45..., Ty—0.4.s.-.), and model the
non-rigid deformations and non-linear trajectories of discrete 3D points. This leads to the linear
motion assumption of PointINet [8]], which uses bidirectional scene flow to warp input frames for
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Figure 1: NeuroGauss4D-PCI robustly outperforms existing methods [3; |9] across multiple
datasets, frame intervals, and point cloud densities, consistently achieving lower interpolation errors.
NeuroGauss4D-PCI robustly handles minute non-rigid deformations, large-scale unstructured scenes,
dynamic environments with non-uniform data, and extensive motions. The proposed method consis-
tently achieves precise local and global point cloud predictions.

estimating intermediate frames, failing to capture complex non-linear motion. Moreover, 3D scene
flow estimation methods, such as 3DSFLabelling [9]], PV-RAFT [10]], and NSFP [11]], can only
express the motion field between two frames but cannot robustly represent higher-order dynamic
scenes over longer time spans. 3) The inference process in PCI faces the challenge of generalizing
from sparse temporal samples. The model Fgo generates an accurate point cloud Pf:"jed € RV*3 for
time ¢ = j based on P;—; and time frame at T;_; and the time frame at T;—;. This demands strong
interpretability and 4D modeling capabilities from the model to accurately predict the interpolated
point cloud from minimal information. IDEA-Net [2] addresses the correlation between two input
frames by learning a one-to-one alignment matrix and refining the linear interpolation results using a
trajectory compensation module. However, for large-scale, occluded autonomous driving point cloud
scenes, IDEA-Net’s one-to-one correspondence assumption struggles to accurately predict the point
cloud at interpolated timestamps from sparse temporal samples.

For the challenges of point cloud frame interpolation, we propose a novel 4D spatio-temporal
modeling method based on Gaussian representations, NeuroGauss4D-PCI. It first captures the
geometric structure of point clouds through iterative Gaussian soft clustering, providing structured
representations for unordered data. Then, the temporal radial basis function Gaussian residual module
interpolates over discrete time steps, learning the continuous dynamics of Gaussian parameters to
capture the spatio-temporal evolution of point clouds. The 4D Gaussian Deformation Field further
models the spatio-temporal variation trends of Gaussian parameters, effectively overcoming the
limitations of linear interpolation. Finally, the attention fusion module adaptive fusion of latent
neural representations and explicit geometric representations, enhancing the modeling capability of
spatio-temporal correlations. As shown in Fig. [I] this compact and efficient method demonstrates
superior point cloud sequence generation performance on multiple datasets.

Contributions: e We propose NeuroGauss4D-PCI, a novel 4D spatio-temporal modeling method
for point cloud frame interpolation. It captures geometric structures through iterative Gaussian soft
clustering, providing structured representations for unordered point clouds, while adaptively fusing
the latent neural field features. ® A Temporal Radial Basis Function Gaussian Residual module is
designed to interpolate over discrete time steps, learning continuous Gaussian parameter dynamics
to effectively model the spatio-temporal evolution of point clouds. ¢ An innovative 4D Gaussian
deformation field is introduced to model the spatio-temporal variations of Gaussian parameters,
achieving smooth and realistic point cloud deformations through 4D Gaussian graph convolutions and
Gaussian representation pooling. ¢ Our method outperforms others on multiple datasets, generating
accurate point cloud sequences with minimal errors. It can be easily extended to tasks like lidar-
camera temporal synchronization and point cloud densification.

2 Related Work

Neural Field In computational geometry, latent neural fields [12; [115 [13]] encode complex 3D
scenes with the principle fo(¢(x)) = o. x denotes the input parameters, such as coordinates in a 3D
space. The function ¢ is a feature transformation applied to x, which enhances the neural network’s
ability to model complex patterns by providing a high-dimensional representation of the input space.
The neural network fg, parameterized by O, then maps these transformed features to the output o.
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