This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

Learning Point Cloud Completion without Complete Point Clouds:
A Pose-Aware Approach

Jihun Kim, Hyeokjun Kwon, Yunseo Yang, and Kuk-Jin Yoon
Korea Advanced Institute of Science and Technology
{3ihunl1998, 0327june, acorn, kjyoon}Q@kaist.ac.kr

Abstract

Point cloud completion is to restore complete 3D scenes
and objects from incomplete observations or limited sen-
sor data. Existing fully-supervised methods rely on paired
datasets of incomplete and complete point clouds, which
are labor-intensive to obtain. Unpaired methods have been
proposed, but still require a set of complete point clouds
as a reference. As a remedy, in this paper, we propose a
novel point cloud completion framework without using any
complete point cloud at all. Our main idea is to generate
multiple incomplete point clouds of various poses and inte-
grate them into a complete point cloud. We train our frame-
work based on cycle consistency, to generate an incomplete
point cloud such that 1) shares the same object as the input
incomplete point cloud and 2) corresponds to an arbitrar-
ily given pose. In addition, we devise a novel projection
method conditioned by pose to gather visible features, from
a volumetric feature extracted by an encoder. Extensive ex-
periments demonstrate that the proposed method achieves
comparable or better results than existing unpaired meth-
ods. Further, we show that our method also can be applied
to real incomplete point clouds.

1. Introduction

A point cloud is a commonly used representation of 3D
scenes and objects in the fields of computer vision and
robotics [14, 20, 21, 22, 28, 9, 24, 2, 3, 7, 15]. However,
obtaining complete point clouds is often difficult due to the
lack of observation or the limitations of sensors. As a rem-
edy, the point cloud completion task has been spotlighted to
restore complete point clouds from incomplete ones.

The existing fully-supervised point cloud completion
methods [16, 17, 19, 38, 39, 40, 42, 43, 44] have shown
promising results; however, they typically rely on datasets
that include incomplete point clouds paired with complete
point clouds serving as ground truth (GT). Since obtain-
ing GT complete point clouds is labor-intensive, several
works [0, 36, 45, 4] have employed two sets of point clouds:
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Figure 1. Illustration of our main idea. We re-interpret the point
cloud completion task as generating multiple incomplete point

clouds that correspond to various poses and integrating them.

one with incomplete point clouds and the other with com-
plete point clouds, which are not directly paired with each
other. This unpaired setting could learn the mapping be-
tween the incomplete and complete point clouds, while re-
ducing the reliance on paired GT complete point clouds.
Nevertheless, the requirement of a set of complete point
clouds still remains a major limitation to the practical ap-
plication of point cloud completion.

In this paper, we propose a novel point cloud completion
framework that does not use any complete point clouds.
Our main novelty lies in how to learn a mapping from an
incomplete point cloud to a complete point cloud when the
latter is not available at all. For this, we present a simple yet
effective idea shown in Fig. 1. An incomplete point cloud
usually results from self-occlusion occurs when observing
an object from a certain viewpoint, as in (a). Therefore,
if we obtain multiple incomplete point clouds of the object
from various viewpoints, a union of them would be equiv-
alent to the complete point cloud of that object. Based on
this idea, we formulate the point cloud completion as gener-
ating multiple incomplete point clouds using a single input
incomplete point cloud and sampled poses. Here, the gen-
erated incomplete point clouds should 1) share the same ob-
ject as the input incomplete point cloud and 2) correspond

































