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Abstract
Neural operations that rely on neighborhood infor-
mation are much more expensive when deployed
on point clouds than on grid data due to the irreg-
ular distances between points in a point cloud. In
a grid, on the other hand, we can compute the ker-
nel only once and reuse it for all query positions.
As a result, operations that rely on neighborhood
information scale much worse for point clouds
than for grid data, specially for large inputs and
large neighborhoods.
In this work, we address the scalability issue of
point cloud methods by tackling its root cause:
the irregularity of the data. We propose learn-
able gridification as the first step in a point cloud
processing pipeline to transform the point cloud
into a compact, regular grid. Thanks to gridifi-
cation, subsequent layers can use operations de-
fined on regular grids, e.g., Conv3D, which scale
much better than native point cloud methods. We
then extend gridification to point cloud to point
cloud tasks, e.g., segmentation, by adding a learn-
able de-gridification step at the end of the point
cloud processing pipeline to map the compact,
regular grid back to its original point cloud form.
Through theoretical and empirical analysis, we
show that gridified networks scale better in terms
of memory and time than networks directly ap-
plied on raw point cloud data, while being able
to achieve competitive results. Code is avail-
able at https://github.com/computri/
gridifier.

1. Introduction
Point clouds provide sparse geometric representations of
objects or surfaces equipped with signals defined over their
structure, e.g., the surface normals of an underlying object
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Figure 1. Convolution on point clouds and grids. Due to the irregu-
lar nature of point clouds, convolutional kernels –and other opera-
tions based on neighborhood information– must be re-rendered for
every query point in the point cloud (left). In contrast, grid data is
regularly arranged, and thus pairwise distances are equal for any
query point in the grid (right). As a result, the convolutional kernel
can be computed once and reused for all query points.

(Wu et al., 2015; Qi et al., 2017a) or the chemical properties
of a molecule (Ramakrishnan et al., 2014; Schütt et al.,
2017). Several neural operators have been developed that
can be applied to such sparse representations provided by
point clouds. These methods can be broadly understood
as continuous generalizations of neural operators originally
defined over regular discrete grids, e.g., convolution (Wu
et al., 2019) and self-attention (Zhao et al., 2021).

The problem of learning on raw point clouds. Unfor-
tunately, the flexibility required from neural operators to
accommodate irregular sparse representations like point
clouds brings about important increases in time and mem-
ory consumption. This is especially prominent in neural
operations that construct feature representations based on
neighborhood information, e.g., convolution. In the case of
point clouds, the irregular distances between points make
these neural operations significantly more computationally
demanding compared to regular grid representations like
images or text. For instance, for convolution, the convolu-
tional kernel needs to be recalculated for each point in a
point cloud to account for irregular distances from the query
point to other points in its neighborhood (Fig. 1 left). In
contrast, grid representations standardize pairwise distances
following a grid structure (Fig. 1 right). As a result, the
distances from a point to all other points in its neighborhood
are fixed for all points queried in the grid. Therefore, it is
possible to compute the kernel once, and reuse it across all
query positions. This difference illustrates that operations
relying on neighborhood information scale much worse in
terms of memory and time for point clouds than for grid
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