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ABSTRACT

Convolutional Neural Networks (CNN) have been successful in processing data
signals that are uniformly sampled in the spatial domain (e.g., images). However,
most data signals do not natively exist on a grid, and in the process of being sampled
onto a uniform physical grid suffer significant aliasing error and information loss.
Moreover, signals can exist in different topological structures as, for example,
points, lines, surfaces and volumes. It has been challenging to analyze signals with
mixed topologies (for example, point cloud with surface mesh). To this end, we
develop mathematical formulations for Non-Uniform Fourier Transforms (NUFT)
to directly, and optimally, sample nonuniform data signals of different topologies
defined on a simplex mesh into the spectral domain with no spatial sampling
error. The spectral transform is performed in the Euclidean space, which removes
the translation ambiguity from works on the graph spectrum. Our representation
has four distinct advantages: (1) the process causes no spatial sampling error
during the initial sampling, (2) the generality of this approach provides a unified
framework for using CNNs to analyze signals of mixed topologies, (3) it allows
us to leverage state-of-the-art backbone CNN architectures for effective learning
without having to design a particular architecture for a particular data structure in
an ad-hoc fashion, and (4) the representation allows weighted meshes where each
element has a different weight (i.e., texture) indicating local properties. We achieve
results on par with the state-of-the-art for the 3D shape retrieval task, and a new
state-of-the-art for the point cloud to surface reconstruction task.

1 INTRODUCTION

We present a unifying and novel geometry representation for utilizing Convolutional Neural Networks
(CNNs) on geometries represented on weighted simplex meshes (including textured point clouds, line
meshes, polygonal meshes, and tetrahedral meshes) which preserve maximal shape information based
on the Fourier transformation. Most methods that leverage CNNs for shape learning preprocess these
shapes into uniform-grid based 2D images (rendered multiview images) or 3D images (binary voxel
or Signed Distance Function (SDF)). However, rendered 2D images do not preserve the 3D topologies
of the original shapes due to occlusions and the loss of the third spatial dimension. Binary voxels
and SDF representations under low resolution suffer big aliasing errors and under high resolution
become memory inefficient. Loss of information in the input bottlenecks the effectiveness of the
downstream learning process. Moreover, it is not clear how a weighted mesh where each element is
weighted by a different scalar or vector (i.e., texture) can be represented by binary voxels and SDF.
Mesh and graph based CNNs perform learning on the manifold physical space or graph spectrum, but
generality across topologies remains challenging.

In contrast to methods that operate on uniform sampling based representations such as voxel-based and
view-based models, which suffer significant representational errors, we use analytical integration to
precisely sample in the spectral domain to avoid sample aliasing errors. Unlike graph spectrum based






