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Abstract

Learning to generate 3D point clouds without 3D super-
vision is an important but challenging problem. Current so-
lutions leverage various differentiable renderers to project
the generated 3D point clouds onto a 2D image plane, and
train deep neural networks using the per-pixel difference
with 2D ground truth images. However, these solution-
s are still struggling to fully recover fine structures of 3D
shapes, such as thin tubes or planes. To resolve this issue,
we propose an unsupervised approach for 3D point cloud
generation with fine structures. Specifically, we cast 3D
point cloud learning as a 2D projection matching problem.
Rather than using entire 2D silhouette images as a regular
pixel supervision, we introduce structure adaptive sampling
to randomly sample 2D points within the silhouettes as an
irregular point supervision, which alleviates the consisten-
cy issue of sampling from different view angles. Our method
pushes the neural network to generate a 3D point cloud
whose 2D projections match the irregular point supervision
from different view angles. Our 2D projection matching
approach enables the neural network to learn more accu-
rate structure information than using the per-pixel differ-
ence, especially for fine and thin 3D structures. Our method
can recover fine 3D structures from 2D silhouette images
at different resolutions, and is robust to different sampling
methods and point number in irregular point supervision.
Our method outperforms others under widely used bench-
marks. Our code, data and models are available at http-
s://github.com/chenchaol5/2D projection_matching.
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1. Introduction

It is important to learn to generate 3D point clouds in
different 3D computer vision applications, such as single
image reconstruction [34, 39, 57, 17, 83] and novel shape
generation [30, 6, 93, 63]. The latest supervised method-
s [12, 64, 65, 48, 30] leverage deep neural networks to learn
to generate 3D point clouds from latent codes using 3D
ground truth. However, it is expensive and tedious to obtain
large scale 3D ground truth data sets, which significantly
affects the supervised learning performance.

Unsupervised methods [34, 41, 39, 57, 83, 17] provide
a more promising solution for 3D point cloud generation.
Similar to unsupervised methods for other 3D representa-
tions, such as triangle meshes [42, 43, 36, 44, 9], voxel grid-
s [92, 13,79, 76], and implicit functions [69, 47, 35, 94, 45],
these methods also leverage various differentiable render-
ers to learn to generate 3D point clouds using 2D images as
supervision. In order to recover the 3D structure, the dif-
ferentiable renderers project the generated 3D point clouds
onto a 2D image plane with [34, 41, 39, 57, 83] or with-
out [17] rendering to compare with the 2D supervision to
obtain the per-pixel difference in training, such as densi-
ty [34, 41, 39, 17, 83] or color [34, 57, 83] error. But these
methods are still struggling to recover detailed 3D struc-
tures, especially for fine structures like thin tubes or planes.

To resolve this issue, we introduce a novel perspective
for unsupervised learning of 3D point cloud generation with
fine structure. Different from the current methods, which
transform the generated 3D point clouds onto a 2D image
plane to compare with regular pixel supervision, we dis-
cretize the area covered by the silhouette into discrete and
irregular 2D points to compare with the 2D projections of
the generated 3D point clouds. Without using the per-pixel
difference obtained by various differentiable renderers, we
cast the learning of 3D point cloud generation from silhou-
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