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Abstract— Semantic instance completion aims to recover the
complete 3D shapes of foreground objects together with their
labels from a partial 2.5D scan of a scene. Previous works
have relied on full supervision, which requires ground-truth
annotations, in the form of bounding boxes and complete 3D
objects. This has greatly limited their real-world application
because the acquisition of ground-truth data is very costly
and time-consuming. To address this bottleneck, we propose
a Weakly-Supervised Semantic Instance Completion Network
(WSSIC-Net), which learns real-world partial point cloud object
completion without requiring the ground truth of complete 3D
objects. Instead, WSSIC-Net leverages 3D ground-truth bounding
boxes, partial objects of a raw scene, and unpaired synthetic 3D
point clouds. More specifically, a 3D detector is used to encode
partial point clouds into proposal features, which are then fed
into two branches. The first branch uses fully supervised box
prediction based on proposal features. The second branch, here-
inafter called instance completion, leverages the proposal features
as partial object features to achieve weakly-supervised instance
completion. A Generative Adversarial Network (GAN) completes
the partial features of the 2.5D foreground objects of real-world
scenes using only unpaired but semantically-consistent complete
synthetic point clouds. In our experiments, we demonstrate
that the fully-supervised 3D detection and the weakly-supervised
instance completion complement one another. The qualitative and
quantitative evaluations on the ScanNet v2 dataset demonstrate
that the proposed “weakly-supervised” approach consistently
achieves comparable performance to the state-of-the-art “fully
supervised” methods.
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I. INTRODUCTION

3D SCENE understanding from partial scans is a complex
problem due to occlusions, viewpoint constraints, and poor

lighting [1], [2], [3], [4], [5]. Based on partial observations
(e.g., depth images or point clouds) of the scene, semantic
instance completion aims to recover the semantic labels of
voxels/points, as well as the poses and 3D geometries of
objects (Fig. 1 (a)). Semantic scene completion is particularly
important in applications such as robot navigation, human-
robot interaction, and object grasping [6], [7], [8], [9], [10].

Several strategies have been explored in the literature
to recover missing 3D shapes: (1) Completion-from-scans:
A 3D convolutional encoder-decoder architecture utilizing
2.5D partially scanned surfaces is used to predict the voxel
occupancy and the object category of voxels of observed
partial objects and occluded regions [13], [14], [15], [16],
[17], [18]. However, due to their reliance on 3D convolutions
at the scene level, they can only recover the 3D scene
with a low resolution. (2) Completion-from-retrieval: Shape
retrieval methods search for CAD models that can match the
incomplete object [19], [20], [21], [22], [23]. The computation
efficiency and accuracy depend on the size of the model
dataset. (3) Completion-from-objects: In this category, the
scene is regarded as a collection of multiple objects, and
a reconstruction-from-detection strategy is used: 3D object
detection (where objects are labeled, and their poses and
positions are determined) and instance completion (where
the 3D models of the objects are fully reconstructed) [11],
[24]. By using 3D detection of objects, this class of methods
completes the partial scan and reconstructs the details of those
objects. As opposed to completion-from-scans, completion-
from-objects methods require ground truth for bounding boxes.
Additionally, most existing methods are fully supervised
approaches, which limits their use in real-world settings.

Rendering synthetic but highly realistic 3D structures is
much easier than capturing them in a real-world setting.
A widely accepted observation is that 3D objects with the
same category tend to have similar geometrical 3D shapes.
In addition, a labelling process requiring 3D bounding boxes
and semantic labels of objects is often simpler in practice
than producing a complete 3D point cloud of the scene for
ground truths. In this regard, we aim to construct “pseudo”
ground truths of 3D shapes using the same number of complete
synthetic objects of the same category as the real-world partial
scans to enable semantic scene completion only under the
supervision of partial objects, bounding boxes, and “pseudo”
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Fig. 1. Overview of semantic instance completion and existing supervision
strategies. (a) In semantic instance completion, the input is a partial 2.5D
point cloud with missing data points, and the output consists of fully
recovered 3D foreground objects with their labels, positions, and poses,
which can be observed from any viewpoint. (b) Existing methods like
RfD-Net [11] require both corresponding complete objects and ground-truth
bounding boxes, involving a complex and time-consuming labeling process.
(c) In contrast, our proposed WSSIC-Net introduces three supervision signals:
(1) ground-truth bounding boxes, representing a more reasonable labeling
process, are used for 3D box prediction and classification (with different
colors representing different categories); (2) “pseudo” ground truth, randomly
selected from a synthetic dataset based on the number and category of
ground-truth bounding boxes (e.g., two tables and four sofas), is employed
for coarse 3D shape completion; and (3) partial objects, segmented using
ground-truth bounding boxes, are incorporated in the Hausdorff distance loss
(HL) [12] for 3D shape refinement. Our WSSIC-Net alleviates the need for
the ground truth of complete 3D objects.

ground truth (Fig. 1 (c)). Thus, the proposed method does not
require the ground truth of complete 3D objects. In contrast,
existing state-of-the-art methods require complete RGB-D
scans as ground truth (RevealNet [24]) or use watertight
meshes as ground truth (RfDNet [11]) (Fig. 1 (b)).

In this paper, we adopt a reconstruction-from-detection
strategy to first locate the positions of objects using bounding
boxes (i.e., based on a supervised approach), then perform a
weakly-supervised mesh reconstruction of the objects. More
specifically, using a 3D detector backbone, we first extract
proposal features of partial objects from a raw point cloud of
the scene. The proposal features are then fed to two branches.
The first branch uses a dedicated detection module to detect
3D objects in a supervised manner. The second branch uses
a weakly-supervised approach to achieve instance completion.
In the instance completion branch, proposal features of partial
objects are completed under the supervision of “complete”
latent features that are learned by a pre-trained encoder on
synthetically complete point cloud objects using a Generative
Adversarial Network (GAN) and the unidirectional Hausdorff
distance loss (HL) [12]. The completed proposal features
are then fed to a pre-trained decoder in order to obtain a
complete meshes of objects. Additionally, we propose an
Objectness-aware Chamfer Distance (OCD) loss to jointly
optimize the 3D detection module and the instance completion
module. In the OCD loss, objectness scores are predicted in the
detection branch to identify the probability of having an object
in a proposal and the chamfer distance is widely used in point
cloud completion. Experiments on the ScanNet v2 Dataset [25]
demonstrate that the proposed weakly-supervised semantic
instance completion method achieves comparable performance
to the fully supervised state-of-the-art RfD-Net [11] both in

the case of 3D detection and instance reconstruction tasks on
raw point clouds.

The main contributions of this paper are as follows:
• We propose a Weakly-Supervised Semantic Instance

Completion Network (WSSIC-Net) for scene-level point
cloud completion. To minimize the reliance on manually
generated ground truth, we use synthetically completed
point clouds of objects as “pseudo” ground truth for
real-world partial point clouds of objects.

• We propose an OCD loss for joint task optimization of 3D
detection and point cloud instance completion. Our results
demonstrate that the instance completion task, supervised
by unpaired complete synthetic point clouds of objects,
can significantly boost object detection performance in
real-world environments.

The rest of this paper is organized as follows. We briefly
review related works in Section II. We describe the proposed
network in detail in Section III. Extensive experimental results
are presented in Section IV. We conclude this paper and
present future work in Section V.

II. RELATED WORKS

In this section, we provide a brief overview of the related
literature for 3D point cloud object detection, 3D object shape
completion, generative adversarial networks for 3D comple-
tion, and semantic 3D scene completion.

A. 3D Point Cloud Object Detection

The goal of 3D point cloud object detection is to detect
bounding boxes around objects and identify their classes. Due
to the unstructured and irregular nature of 3D point clouds,
early detection approaches [26], [27], [28], [29], [30], [31],
[32] first project the 3D point clouds onto regular 2D grids,
before applying mature 2D detection pipelines. The incorpo-
ration of associated RGB images was investigated as a way to
improve the detection performance [28], [33], [34]. However,
most of these approaches rely on predefined anchors and a
two-stage region proposal network, leading to high computa-
tional costs [35]. Without relying on anchors, PointRCNN [36]
can learn to detect objects via foreground point segmenta-
tion, while VoteNet [37] can detect objects via point feature
grouping, sampling, and voting. Shi et al. [38] combined voxel
representation and point representation for 3D object detection.
Zhang et al. [39] introduced an instance-aware downsampling
strategy for efficient 3D object detection. Yang et al. [40]
directly regressed 3D object bounding boxes from the compact
global features through a single forward pass. Feng et al.
[41] proposed a relation graph network that comprises a 3D
object proposal generation module and a 3D relation module,
making it an end-to-end trainable network for detecting 3D
objects in point clouds. More recently, Misra et al. [42] pro-
posed the end-to-end transformer (3DTR) with non-parametric
queries and Fourier positional embeddings. Liu et al. [43]
proposed the transformer-based detection framework Group-
free to group foreground points for object detection. Mao et al.
[44] proposed the Voxel Transformer to effectively capture
the long-range relationships between voxels for 3D object
detection. Cai et al. [45] proposed a cascade architecture,
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named 3D Cascade RCNN, that applies a completeness-
aware re-weighting strategy to multiple detectors based on the
voxelized point clouds in a cascade paradigm. Wang et al.
[46] proposed the Bridged Transformer (BrT) for 3D object
detection with both RGB images and point clouds as input.
Recently, 3D object detection with limited annotation is also
explored in [47], [48], [49], and [50].

In this paper, 3D object detection is an essential mod-
ule for extracting features from partial point cloud objects,
and instance completion is our ultimate goal. In order to
fairly compare with state-of-the-art RfD-Net [11], we used
VoteNet [37] (also used with RfD-Net) as our 3D detector.

B. 3D Object Shape Completion

In this task, the missing geometries of a specific object
are recovered from partial scans. Yuan et al. [51] proposed
an end-to-end PCNnet that directly operates on raw point
clouds without any structural assumption about the under-
lying shape. Currently, point-based object shape completion
works [52], [53], [54], [55], [56] focus on reconstructing fine-
detailed 3D geometry. Groueix et al. [57] proposed AtlasNet to
represent a 3D shape as a collection of parametric surface ele-
ments and to generate a shape of arbitrary resolution without
memory limitations. In encoder-decoder architectures, ASFM-
Net [58] and VRCNet [59] match encoded latent features
with completion shape priors, leading to good completion
results. To preserve the observed geometry of the partial
scan for the fine reconstruction, MSN [53] and VRCNet [59]
bypass the observed geometries by either using the Minimum
Density Sampling (MDS) or the Farthest Point Sampling (FPS)
from the observed surface and building skip connections.
By embedding a volumetric sub-architecture, GRNet [60]
preserves the discretized input geometries with the volumetric
U-connection without sampling in the point cloud space.
In more recent works, PMP-Net [61] reconstructs the entire
object from the observed partial object to the nearest occluded
regions in a gradual manner. By converting partial scan
proxies into a set of occluded proxies, PoinTr [62] is one
of the first transformer-based frameworks to achieve point
cloud completion and refine reconstructions by predicting
only occluded geometries. Subsequently, Wang et al. [63]
proposed an adaptive downsampling and upsampling approach
to achieve detailed point cloud completion.

Compared to other methods, AtlasNet [57] can produce
complete 3D shape of arbitrary resolution using a fixed
number of ground-truth point clouds. Besides, AtlasNet [57]
can achieve mesh reconstruction from point clouds without
the requirement of water-tight 3D meshes. Thus, we adopted
AtlasNet [57] for instance reconstruction to transform the
partial proposal features extracted from a partial point cloud
scan to generate a complete 3D shape of arbitrary resolution.

C. Generative Adversarial Network for 3D Completion

Yang et al. [64] and Wang et al. [65] combined 3D-CNN
and generative adversarial network to complete shapes in a
supervised manner. Gurumurthy and Agrawal [66] treated the
point cloud completion task as a denoising Auto-Encoder (AE)
problem. Adversarial training was used in order to optimize the

AE latent space. Wen et al. [67] proposed Cycle4Completion
which uses two synchronous cycle transformations between
the latent spaces of complete 3D shapes and incomplete 3D
shapes to learn from the complete shapes. Zhang et al. [68]
propose a new GAN inversion method called ShapeInversion
to integrate GANs into shape completion. By searching for a
latent code to reconstruct a partial scan input. ShapeInversion
uses a GAN that has been pre-trained on complete shapes
to reconstruct the best complete 3D shape for a given input.
Li and Baciu [69] proposed HSGAN that takes a random
code and hierarchically transforms it into a representation
graph by incorporating both Graph Convolution Network
(GCN) and self-attention. Li et al. [70] introduced PU-GAN,
an up-sampling network based on GAN, for learning point
distributions in latent space. Points can also be up-sampled
over patches on the surface of the object using PU-GAN [71].
Through hierarchical and interpretable sampling, PC-GAN
combines hierarchical Bayesian networks and implicit gener-
ative architectures. Cheng et al. [72] proposed an end-to-end
generative adversarial network-based dense point cloud com-
pletion architecture (DPCG-Net). Through the development
of two generative adversarial networks based modules, the
DPCG-Net translates point cloud completion into mapping
between global feature distributions obtained by encoding
partial point clouds and ground truth.

In this work, inspired by ShapeInversion [68], we leverage
an auto-encoder pre-trained on synthetically complete shapes
and a GAN by searching for a latent code to find the complete
shape that best reconstructs a given real-world 3D partial
scan input. As opposed to ShapeInversion [68], our proposed
method is designed to complete real-world point cloud scenes,
which entails significant challenges outlined in Section III-C.

D. Semantic 3D Scene Completion

The goal of this task is to recover a complete 3D repre-
sentation of volumetric occupancy/point clouds with semantic
labels for the objects in the scene. SSCNet [13] is a pioneering
work combining these two tasks in an end-to-end fashion.
ESSCNet [73] introduced Spatial Group Convolution (SGC) to
divide the input volume into different groups, prior to applying
3D sparse convolution. An efficient method for reducing
computational cost and extracting features from multi-channel
input is VVNet [74], which combines 2D and 3D CNNs with
a differentiable projection layer. The multi-branch architecture
of ForkNet [75] leverages the idea of generative models to
sample new pairs of training data, further alleviating the
problem of limited training samples of real-world scenes.
A self-cascaded context aggregation network called CCPNet
was proposed by Zhang et al. [76] to reduce semantic gaps
in multi-scale 3D contexts and incorporate local geometric
details. In [77], a geometric embedding mechanism based on
depth information was proposed for predicting 3D sketches
and guiding the reconstruction based on the embedded fea-
tures. Chen et al. [77] proposed SketchSSC to learn the 3D
boundary of all objects in the scene to quickly estimate the
resolution of the invariant features. Using joint color and
geometry feature learning, Hou et al. [24] propose RevealNet,
a 3D neural network architecture that detects individual object
instances and infers their full object geometry based on an
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Fig. 2. The framework for weakly-supervised point cloud instance completion, composed of (A) a detector module for identifying and generating proposal
features, followed by (B) a completion module that refines these features into complete instances. This method employs a pre-trained decoder, a discriminator
for GAN loss, and integrates “pseudo” ground truth during training. It aims to replicate the performance of fully supervised 3D object detection and completion
without extensive labeling.

incomplete RGB-D scan of the scene. In constrast to previous
volumetric semantic scene completion, Nie et al. [11] proposed
RfD-Net, which uses the VoteNet [37] to detect 3D objects and
utilizes implicit function to achieve per-instance reconstruction
from an incomplete point cloud of a scene.

The goal of this work is also to achieve semantic instance
completion from raw point cloud scenes. As opposed to RfD-
Net [11], our proposed method is weakly-supervised since it
only requires bounding boxes to complete point cloud scenes.

III. PROPOSED WSSIC-NET FRAMEWORK

A. Overview

We propose a weakly-supervised instance completion
framework for raw point clouds (see Fig. 2) to alleviate the
need for the ground truth of partial scans. Given a partial
point cloud scan Pin ∈ RN×3 as input, a 3D detector
backbone is used to encode each partial point cloud scene into
proposal features, which are then fed to a fully supervised 3D
detection module (Detector) and a weakly-supervised instance
completion module (Completor). 1) For the 3D detection, the
MLPs are used to regress the parameters of bounding boxes
using a fully supervised approach (the details are presented in
Section III-B). 2) The point cloud completion of objects is
accomplished using the proposed weakly-supervised approach.
More specifically, an auto-encoder is first pre-trained on syn-
thetically complete point clouds of objects. We propose to
use the predicted objectness scores to achieve target filter to
reduce the influence of negative proposal features. To reduce
the influence of background points on positive proposal fea-
tures, the positive proposal features are concatenated with the
latent representations of segmented points from the positive
proposals. The concatenated proposal features are then trans-
formed into “complete” proposal features using a Generative
Adversarial Network (GAN) under the supervision of the GAN
loss and the unidirectional Hausdorff distance loss (HL) [12].

Finally, the generated complete proposal features are fed to
a pre-trained decoder to generate complete point clouds of
objects. 3) For the joint training of 3D detection and
instance completion, an Objectness-aware Chamfer Distance
(OCD) loss is proposed to jointly optimize the 3D detection
module and the instance completion module. The pre-trained
encoder and discriminator modules are only used here during
the training phase.

B. Fully Supervised Object Detection in 3D Point Clouds
We first train a 3D detector to detect 3D objects from partial

3D point clouds P ∈ RN×3. In particular, our framework uses
the raw point cloud scans to generate N proposal features
F ∈ RN×D . Next, the parameters of box candidates (center
c ∈ R3, scale s ∈ R3, orientation angle θ ∈ R, class label l,
and objectness score Os) are estimated based on F. Finally, the
target filter is used to remove redundant candidates to obtain
positive proposals in the training and inference processes,
respectively. More specifically, the features F ∈ RN×D are
learned by aggregating the local geometry around the partial
objects to capture the semantics and geometry information of
the local region. Then, the detector head composed of MLPs is
used to regress these parameters. Among them, the objectness
score is used to identify whether there is an object in the
predicted box according to the L1 distance between this box
and any ground truth center. Note that, we directly leverage
the ground-truth bounding boxes as the supervision signals for
this module.

C. Proposed Weakly-Supervised Instance Completion
The proposal features (partial representations of partial

objects) F ∈ RN×D are fed to the proposed weakly-supervised
coarse-to-fine instance completion module, which transforms
them into “complete” proposal features, as shown in Fig. 2.
To achieve this, an auto-encoder on the complete synthetic
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Fig. 3. Illustration of the impact of the HL loss. With a GAN loss, only
the general shape of a category can be predicted. The HL loss can adjust
the general shape of a category to a specific 3D shape that is as similar as
possible to the input partial object.

dataset is firstly pre-trained in a self-supervised manner.
We specifically used AtlasNet [57] as the auto-encoder frame-
work. This choice was made due to AtlasNet’s ability to
reconstruct full 3D mesh models without the prerequisite of
water-tight 3D input. The pre-training of AtlasNet was carried
out on the ShapeNetCore dataset [78]. The outputs of the
encoder and decoder are “complete” latent features C f ∈

RM×1024 and full-shape point clouds of objects Pc ∈ R2500×3,
respectively. After that, the encoder and decoder are used at
different stages of the pipeline.

1) General Shape Generation: In order to include more
geometric information into the proposal features and reduce
the influence of background points on the proposal features,
we propose to segment point clouds of partial objects Pp ∈

R2048×3 from the predicted positive proposals and encode
those point clouds of partial objects into latent features Obj f ∈

RM×1024 using the PointNet [79]. Then, the latent features
Obj f ∈ RM×1024 are concatenated with the positive proposal
features in order to form the refined proposal features. Sub-
sequently, the refined proposal features are fed to a generator,
which generates the generally “complete” proposal features
under the supervision of “pseudo” ground truth and the GAN
loss. Finally, the generated generally“complete” proposal fea-
tures Cg ∈ RM×1024 are fed to a pre-trained decoder to obtain
the complete point clouds of objects Pre ∈ RM×2500×3 of
corresponding categories.

2) Synthetic-to-Real-World Point Cloud Completion: As a
result of the GAN loss, the generated complete point clouds of
objects correspond to general 3D structures of each category
(see Fig. 3 of Section IV-E). The 3D general structures are
then adjusted to the unique shapes of the corresponding
objects in the partial scene. This is achieved by applying
the unidirectional Hausdorff distance loss (HL) [12] from
the partial input to its completion. The GAN loss and the
unidirectional Hausdorff distance loss are used to generate
generally and specifically latent representations, respectively.

Although this framework can greatly reduce dependence on
the ground truth of complete 3D objects, several challenges
remain.

• Geometrical alignment. Normally, synthetic objects
have fixed orientations and sizes, while real-world objects
have highly variable orientations and scales, as seen
in Fig. 2.

• Negative Proposals. Instance completion is based on
the object detection output. When training a 3D object
detector in an end-to-end manner, it is preferable to use
a fixed and larger number of estimated objects from a

partial point cloud scene. This, however, leads to negative
proposals, which have a negative impact on the instance
completion.

• Synthetic-to-real Domain Alignment. Synthetic point
clouds of objects may differ greatly from real-world point
clouds of objects in terms of data distribution.

• Semantic Alignment. Without the ground truth of com-
plete point cloud scenes, how to build correspondences
between partial objects of input scenes and synthetic
objects is an important but challenging task.

In the following part of this section, we present the detailed
strategies used to overcome the aforementioned challenges.
We will demonstrate the effectiveness of these strategies in
the experimental part (see Section IV).

• Geometrical Alignment. Two data augmentation strate-
gies are proposed to train the auto-encoder when partial
point clouds are not geometrically aligned with complete
synthetic point clouds. 1) A data augmentation system is
proposed for each category based on the orientation and
size of objects in partial scenes according to ground-truth
bounding boxes. 2) To better mimic the distribution of
real-world 3D scans, we then randomly select synthet-
ically complete point clouds of objects with the same
number and category as the input of the 3D detection
for the training of the auto-encoder. In this case, when a
partial point cloud scene and its “pseudo” ground truth
are fed to the network, the pre-trained encoder with data
augmentation can better capture the orientation and size
information of objects. Thus, the pre-trained decoder can
decode complete objects with similar orientations and
sizes to the partial objects. To further achieve geometrical
alignment, the unidirectional Hausdorff distance Loss
(HL) [12] (from the partial input to its completion ) was
adopted here to transform the general 3D structures in the
bounding boxes into unique shapes of the corresponding
objects in the partial scene.

• Negative Proposals. We propose to leverage both the
training and inference processes to reduce the impact of
negative proposals. During training, the negative proposal
features F ∈ RN×D are filtered using the prediction of
objectness score. By integrating the predicted objectness
score of each box proposal into the Chamfer Distance
(CD) [80], an OCD loss function was proposed to
globally regularize the distance between the predicted
complete scene and the partial input (see Section III-E).
At inference, the 3D NMS (Non-Maximum Suppression)
[37] was used to remove the redundant box proposals and
points in these redundant boxes.

• Synthetic-to-real Domain Alignment. In order to
tackle the synthetic-to-real domain alignment challenge,
we propose a GAN-based approach. Firstly, the latent
representations Obj f ∈ RM×1024 of point clouds of
objects segmented from positive proposals are learned
using PointNet [79], which has the same structure as
that of the pre-trained encoder. The latent representations
Obj f ∈ RM×1024 of point clouds of objects are combined
with the positive proposal features Fp ∈ RM×D to form
the refined proposal features Rp ∈ RM×(D+1024). In this
way, the object-level geometric information is explicitly
integrated into the positive proposal features Fp ∈ RM×D .
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Next, the refined proposal features Rp ∈ RM×(D+1024)

are fed to the generator to obtain “complete” proposal
features Cg ∈ RM×1024. Subsequently, Cg ∈ RM×1024

and the “complete” latent features C f ∈ RM×1024 were
fed to the discriminator to predict “false” and “true”
“complete” features, respectively. In this way, the domain
gap between the positive proposal features Fp ∈ RM×D

of partial point clouds and the “complete” latent features
C f of “pseudo” ground truth is narrowed.

• Semantic Alignment. The semantic alignment between
the partial point clouds of objects and their ground
truth of complete 3D objects are aligned. However, the
semantic alignment between the partial point clouds of
objects and the synthetic complete objects needs to be
carefully designed. In this part, we build a “pseudo”
ground truth from the synthetic dataset for each partial
point cloud scan by randomly selecting complete point
clouds of objects with the same number and category
as the detection ground truth of each partial point cloud
scan. In this way, the pre-trained decoder can decode
complete objects, which have semantic correspondence
to the partial objects.

D. Joint Task Learning
The dedicated 3D detector aims to locate the positions of

partial objects while the instance completor aims to recover the
full-shapes of the corresponding partial objects. A more com-
plete partial object is more likely to show better performance
in 3D object detection. Similarly, the estimated orientations
and sizes of the bounding boxes that are generated by the
3D detection algorithm significantly affect the performance of
the point cloud completion branch. In this paper, we propose
an Objectness-aware Chamfer Distance (OCD) loss to jointly
optimize 3D detection and point cloud completion. The details
of the proposed OCD loss are given in Section III-E.

E. Loss Functions
In this section, we summarize the learning targets and

corresponding loss functions.
1) Detection Loss: The 3D detector predicts the center

c ∈ R3, scale s ∈ R3, orientation angle θ ∈ R, class label l, and
objectness score Os . Following RfD-Net [11], we supervise
the objectness scores Os for votes that are located either close
to a ground truth object center (within 0.3 meters) or far from
any center (by more than 0.6 meters). We consider proposals
generated from those votes as positive and negative proposals,
respectively. Objectness predictions for other proposals are not
penalized. Objectness is supervised via a cross entropy loss
normalized by the number of non-ignored proposals in the
batch. In the case of positive proposals, we further supervise
the bounding box estimation and the class prediction based on
the closest ground truth bounding box. We supervise the box
center loss Lc using Smooth-L1 loss, and follow the works
in [37] and [81] to disentangle the scale loss Ls and the head-
ing angle loss Lθ into a hybrid of classification (cross entropy)
and regression (Smooth-L1) losses. The standard cross entropy
loss was used for semantic classification. We also require an
extra vote loss for using VoteNet as the backbone [37]. For the
weights of the 3D detection loss function, we set λcls = 0.1,

which is the hybrid ratio combining the classification and
regression losses, i.e., λclsLcls +Lreg . The box loss Ldet can
thus be denoted as:

Ldet = Lv + Lc + Ls + Lθ + λlLl + λobjLobj . (1)

where λobj = 0.5 and λl = 0.1. Lv , Lc, Ll and Lobj are the
vote loss, the box center loss, the classification loss and the
objectness loss, respectively.

2) Completion Loss: A GAN was used to train our proposed
weakly-supervised instance completion model. Given the input
of the GAN, including the “complete” latent features C f ∈

RM×1024 and the generated “complete” proposal features
Cg ∈ RM×1024, we seek to optimize the following completion
loss Lcom over the generator Gθ and a discriminator Dχ .

Lcom = min
θ

max
χ

E[log(Dχ (C f ))]

+E[log(1 − Dχ (Gθ (Cg)))]. (2)

In our experiments, we designed a GAN based on the
least square GAN [82], which is easier to train. We hence
minimized both the discriminator and generator losses defined
as:

LDχ = E[Dχ (C f ) − 1]
2
+ E[Dχ (Gθ (Cg))]

2. (3)

LGθ = E[Dχ (Gθ (Cg)) − 1]
2. (4)

LGθ can only guarantee that the point cloud predicted from
the pre-trained decoder is a complete object of a category.
However, it cannot guarantee that the complete prediction will
match the partial input in shape. Following [83], we used the
unidirectional Hausdorff distance Loss (HL) LH L

rec (from the
partial input to its matching complete object) to adjust the
complete prediction to be as close as possible to the input.
Thus, the generator loss can be reshaped as:

LGθ = αE[Dχ (Gθ (Cg)) − 1]
2
+ βLH L

rec (Spi , Dec(Cgi )). (5)

where Spi is the i-th partial point clouds of an object,
Cgi is the i-th refined latent feature and Dec is the pre-trained
decoder. In addition, we follow [83] to set the parameters α

and β as 0.25 and 0.75, respectively.
3) Objectness-Aware Chamfer Distance Loss: All points are

treated equally by the bidirectional distance and are assigned
the same weight [80]. In contrast, according to the predicted
objectness scores, we assigned different weights to points
belonging to different box proposals, as shown in Eq. 6.
Using this approach, we can optimize both object detection
and instance completion at the same time.

LOC D = Sobj CD(Pre, Pinobj ). (6)

where Sobj , Pre, Pinobj and CD(Pre, Pinobj ) are the objectness
score of points, predicted point clouds of objects, input partial
point clouds of objects and bidirectional CD loss. As a result
of this loss, we can jointly optimize the network.

4) Total Loss: Finally, the total loss Ltotal includes the
detection loss Ldet , the completion loss Lcom and the OCD
loss LOC D:

Ltotal = Ldet + Lcom + LOC D. (7)
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IV. EXPERIMENTS

A. Datasets

1) The ScanNet v2 Dataset [84]: ScanNet v2 [84] consists
of 1,513 real-world scans with point clouds labeled at the
instance level. Following RevealNet [24] and RfD-Net [11],
we also expect to achieve scene completion on the ScanNet v2
dataset. In contrast, in our experiments, only the ground-truth
bounding boxes are used in the training procedure.

2) The ShapeNetCore Dataset [78]: The ShapeNetCore
Dataset [78] was used as the synthetic dataset. It is a
subset of the full ShapeNet dataset with single clean 3D
models and manually verified category and alignment anno-
tations. It covers 55 common object categories with about
51,300 unique 3D models. In our experiments, we selected
8 categories out of the 55 (display, bathtub, trashbin, sofa,
chair, table, cabinet, and bookshelf) for the pre-training of the
auto-encoder. These categories are the same as the ones in the
ScanNet v2 dataset [84].

3) The Scan2CAD Dataset [19]: Scan2CAD [19] aligns the
ShapeNet [85] models with the object instances in ScanNet.
In our experiment, the Scan2CAD dataset is only used in
the testing stage to evaluate the performance of the proposed
method.

B. Evaluation Metrics

We evaluated our method on the proposed method, including
3D object detection and instance completion. Similar to RfD-
Net [11] and RevealNet [24], when evaluating 3D detection
and instance completion, the mean average precision at the
3D IoU threshold of 0.5 (mAP@0.5) was used.

C. Implementation Details

We implemented our approaches with PyTorch, and per-
formed training with NVIDIA GeForce GTX 1080 Ti GPUs.
In this paper, we employ AtlasNet [57] as the auto-encoder
framework due to its ability to reconstruct complete 3D
meshes without the necessity for water-tight 3D data. Initially,
AtlasNet was pre-trained on the ShapeNetCore dataset [78]
for a total of 200 epochs, with the optimization process
being carried out by the Adam optimizer, with a learning
rate of 0.001. The input to AtlasNet consisted of 2500 points.
During the pre-training phase, we applied two types of data
augmentation: one that varied the orientations and sizes of
the objects, and another that involved randomly selecting
synthetically complete point clouds that correspond to the
same number and category of ground-truth bounding boxes
within each batch. For instance, if a batch contained a scene
with two partial chairs and three tables, we would randomly
choose two complete chairs and three complete tables from the
synthetic dataset to form a “pseudo” ground truth. Following
the pre-training of the auto-encoder, the encoder and decoder
parts of AtlasNet, with their weights now fixed, were utilized
in the weakly-supervised instance completion process. For the
segmentation of the point clouds from the positive proposals,
we grouped points located within a radius r of these box
centers using a group layer as in [86].

For the training of the 3D detection and instance completion,
we randomly sampled 80K points from a partial scanned

TABLE I
3D DETECTION COMPARISONS. THE MAP SCORES ARE

MEASURED WITH THE IOU THRESHOLD AT 0.5

scene of the ScanNet v2 dataset as input. Then, we followed
four steps to train the proposed WSSIC-Net. First, to make
fair comparison with RfD-Net [11], we adopted the same
3D object detection structure and training strategy to train the
3D detector as RfD-Net [11]. Further, the pre-trained 3D detec-
tion can provide object positions, which can be leveraged by
our proposed weakly-supervised instance completion model.
Second, we froze the weights of the detection module and used
the pre-trained encoder and decoder of AtlasNet to train the
generator (3-layer perceptrons) and the discriminator (3-layer
perceptrons). Third, we jointly trained the entire structure
without the proposed OCD loss. Forth, we jointly trained the
entire structure with the proposed OCD loss to further improve
its performance.

D. Comparison to the State-of-the-Art
1) Quantitative Evaluation of 3D Detection: This section

compares our 3D object detection with 3D-SIS [87],
MLCVNet [88], RevealNet [24], and RfD-Net [11] (as shown
in Table I). 3D-SIS [87] fuses the multi-view RGB images
into the TSDF grids. MLCVNet [88] extends VoteNet [37] by
considering contextual information between objects. Reveal-
Net [24] discretizes the input scans into a volumetric grid that
is preprocessed as a TSDF. In contrast to RevealNet [24],
we exploited the sparsity of the point clouds, as in RfD-
Net [14], to ignore empty regions, reducing computation
load and making reconstruction more efficient. The pro-
posed method outperforms RfD-Net [11] because the proposed
Objectness-aware Chamfer Distance loss introduces more geo-
metric constraints from the completion module to the detection
module. Note that, the 3D detection performance of the RfD-
Net [11] was obtained by directly testing the pretrained module
available at: https://github.com/yinyunie/RfDNet.

2) Quantitative Evaluation of the Semantic Instance Com-
pletion: To evaluate our semantic instance completion,
we measured how much the predicted object meshes overlay
the ground-truths (from the Scan2CAD dataset [19]) and
compared it to RevealNet [24] and RfD-Net [11]. In order
to assess its performance for the task of instance-level scene
completion, we followed the experimental protocols of Reveal-
Net [24] by sequentially combining the prior arts of instance
segmentation [87] with shape completion [78], or combining
scan completion [16] with instance segmentation [87]. Our
results show that our joint method largely outperforms the
decoupled method and is comparable or even better than RfD-
Net [11] and RevealNet [24]. The proposed method achieves
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TABLE II
SEMANTIC INSTANCE COMPLETION COMPARISON. THE RESULTS OF (INST SEG [87] + SHAPE COMP [78]) AND (SCAN COMP [16] + INST SEG [87])

ARE PROVIDED BY [24]. THE MAP SCORES ARE MEASURED WITH THE MESH IOU THRESHOLD AT 0.5

TABLE III
ABLATION STUDY ON SEMANTIC INSTANCE COMPLETION. THE MAP SCORES ARE MEASURED WITH THE MESH IOU THRESHOLD

AT 0.5. NOTE THAT, “W/O”, “AUG”, AND “OCD” REPRESENT “WITHOUT”, “DATA AUGMENTATION”,
AND “OBJECTNESS-AWARE CHAMFER DISTANCE”, RESPECTIVELY

slightly lower performance compared to RfD-Net [11]. The
reason is that RfD-Net [11] can learn more specific latent
representations than ours in a fully supervised manner.

3) Qualitative Comparisons: We compared our semantic
instance completion method with the state-of-the-art fully
supervised RfD-Net [11]. Based on the results in Fig 4,
the proposed method achieves a higher detection accuracy
than RfD-Net [14] in terms of box numbers and scales.
Furthermore, the proposed method achieves comparable or
even better instance completion performance than RfD-Net,
as shown in Fig. 4. The reason for this is that we used several
effective constraints to train our weakly supervised model, and
we can use more synthetic training data generated by the GAN.
As can be seen from the first, third, and fifth rows of Fig 4,
the proposed method produces more detailed tables and chairs
than RfD-Net [11]. This is due to the fact that our proposed
method reconstructs meshes from complete point clouds rather
than incomplete point sampling as in RfD-Net [11].

E. Ablation Study
ScanNet v2 [84] dataset was used in our ablation study.

We separately tested data augmentation of varying orientation
and size (w/o Aug1), data augmentation of mimicking the
distribution of real-world 3D scans (w/o Aug2), PointNet
module (w/o Obj f ), HL term (w/o HL), and Objectness-aware
Chamfer Distance (w/o OCD) from our entire unpaired struc-
ture in order to test the impact of geometrical alignment,
domain alignment, semantic alignment and negative proposals
on the semantic instance completion evaluation. We con-
ducted another ablation study to examine the relationship
between 3D detection and instance completion, which included
detection-only (det-only) model, detection with completion
model (det-com-joint) and detection with completion model
with OCD loss (det-com-OCD).

1) Semantic Instance Completion Ablation: Table III shows
how the performance of our method drops when certain

pipeline parts are removed. 1) The HL loss has the most impact
with a drop in performance of about 26%. This is because
without the HL term in the generator loss, our method can
only produce general 3D structures of each category, leading
to mis-alignment of geometry with the Scan2CAD dataset,
see Fig. 3. This is because the GAN loss can only generate a
general complete proposal feature for each category under the
supervision of semantically-consistent synthetic objects. It is
possible to adjust the generated “complete” proposal feature
to some degree with unidirectional Hausdorff distance loss
(HL) to produce complete objects as similar to their corre-
sponding partial objects as possible. 2) The data augmentation
of varying orientation and size of the synthetic objects (w/o
Aug1) also has a significant impact with a drop in performance
of about 20%. This is because the data augmentation has a
significant impact on the HL loss. More specifically, HL loss
requires the network to predict the correct orientation and
size of objects. 3) Comparing the com-only module and the
w/o OCD module demonstrates the benefits of a joint training
process for the detection and completion tasks. 4) The com-
parison between the w/o OCD module and our WSSIC-Net
demonstrates the effectiveness of the proposed OCD loss. This
is because this loss can add geometric constraints to the 3D
detection to predict more accurate orientations and scales,
resulting in fewer negative proposals. Having a large number
of accurate box proposals improves point cloud matching
performance, resulting in better semantic instance completion
performance. 5) Using data augmentation of distribution mim-
icking of 3D detection for auto-encoder pretraining (w/o Aug2)
is beneficial to the proposed method. This strategy can narrow
the domain gap between synthetic and real-world datasets.
6) Although the combination of the latent representations
Obj f ∈ RM×1024 of point clouds of objects and the filtered
proposal features has the least impact on the proposed method,
it still provides more geometric information to the filtered
proposal features, leading to better performance.
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Fig. 4. Qualitative comparison to RfD-Net in 3D detection and instance completion. Different colors represent different categories.

TABLE IV
ABLATION STUDY ON 3D DETECTION. THE MAP SCORES ARE MEASURED WITH THE MESH IOU THRESHOLD AT 0.5

2) Detection Ablation: We also examined the effect of
combining 3D detection and scene completion in Table IV.
More specifically, the det-only model represents the 3D detec-
tion model trained on the ScanNet v2 dataset [84], whereas

the det-com-joint and det-com-OCD models represent the
entire pipeline of 3D detection and instance completion jointly
trained on the ScanNet v2 dataset without/with the proposed
joint loss. The det-only is supervised by ground-truth 3D
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bounding boxes on the ScanNet v2 dataset, while the det-
com-joint and det-com-OCD are supervised by ground-truth
3D bounding boxes on the ScanNet v2 dataset and unpaired
complete objects on the ShapeNetCore dataset. Compared to
the det-only model, we can conclude that high-performance
scene completion can improve 3D detection performance.
Additionally, the proposed OCD loss can further enhance
the performance of 3D detection and instance completion.
This ablation study demonstrates that the 3D detection and
instance completion tasks can benefit from each other even
with unpaired complete objects of point clouds. A comparison
of the performance of RfD-Net [11] in Table I with that
of det-com-joint module in Table IV illustrates how ground
truth of complete objects can better benefit 3D detection than
synthetic complete point clouds of objects. This is because, the
ground truth of complete objects can provide more accurate
3D geometric information than synthetic complete objects.

V. CONCLUSION

A Weakly-Supervised Semantic Instance Completion Net-
work (WSSIC-Net) for point clouds is presented in this paper.
WSSIC-Net first maps each partial point cloud object into
a proposal feature using a dedicated 3D detection model.
Positive proposal features are then filtered from the proposal
features before being concatenated with the latent features of
partial objects segmented from the positive proposals. Next,
the concatenated positive proposal features are fed to a GAN
to learn from “complete” latent features represented by a
pre-trained encoder using “pseudo” ground truth. A pre-trained
decoder then extracts complete point clouds of the objects
from the generated “complete” proposal features. Moreover,
two data augmentations, “pseudo” ground truth, HL loss
and the OCD loss are introduced to handle the challenges
of geometrical alignment, semantic alignment, domain align-
ment and negative proposals. Experiments on the ScanNet
v2 dataset demonstrate that the proposed weakly-supervised
method achieves comparable or better results than the state-of-
the-art supervised methods. Moreover, reported experimental
results indicate that the 3D detection task can benefit from the
instance completion task even when supervised by unpaired
complete synthetic point clouds of objects. One limitation of
our proposed approach is the requirement for the “pseudo”
ground truth dataset to include the categories of every object
that exists in real-world scenes. In future research, we plan to
investigate the effects of incorporating additional modalities
like normals and colors into this approach.
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